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ABSTRACT

Speculative decoding (SD) accelerates large language model
(LLM) inference through introducing a fast draft model to
propose candidate token sequences. However, conventional
draft models employ softmax-based attention for capturing
original transformers, incurring quadratic time and memory
complexity during prefilling. Given the limited resources
assigned to drafters, this design restricts their scalability
in long-context scenarios. To this end, we propose a new
drafter architecture built on linear attention, which achieves
linear computational complexity. Specifically, our method
maintains a fixed-size key-value cache during autoregres-
sive generation, enabling efficient, scalable inference with
minimal overhead. We evaluated the proposed approach
on multiple model scales and benchmarks, demonstrating
comparable token acceptance rates and downstream perfor-
mance to standard attention mechanisms, while achieving an
average 2.62x speed-up. The implementations are provided
in [1].

Index Terms— Speculative decoding, Linear attention,
Efficient inference

I. INTRODUCTION

Large generative pretrained transformer (GPT) language
models [2], [3], [4] have become central to modern nat-
ural language processing, driving performance in various
downstream tasks. However, their deployment in real-time
or resource-constrained applications is hindered by autore-
gressive generation, resulting in high inference latency and
memory overhead.

Speculative decoding [5], [6] therefore emerges to accel-
erate LLM inference. The process consists of two phases:
(1) the drafting phase, in which the draft models propose
future tokens given current context, and (2) the verification
phase, where the target models check the proposals through
a forward pass and accept or reject them based on the target
probabilities. Introducing parallelism across token proposals
and verifications, speculative decoding amortizes the cost
of expensive LLM decoding. Prior efforts fall into three
categories: (i) training compact draft models via knowledge
distillation, such as Eagle series [7], (ii) integrating auxiliary
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prediction heads (e.g. Medusa [8]) to forecast future tokens,

and (iii) leveraging model-free or structural variants such

as n-gram matching [9], lookahead decoding [10] and other

methods [11].

The overall efficiency of speculative decoding hinges
on token acceptance rates (model alignment) as well as
efficiency of draft model decoding. However, the latter is
largely overlooked: most draft models retain standard soft-
max attention, which thus incurs O(NN?) time and memory
cost during the prefilling phase for the length-N context.
In workloads with long inputs but short outputs, such as
summarization or retrieval-augmented generation, the extra
drafter prefilling computation can overshadow the latency
benefits of speculative decoding, as limited resources can be
assigned to token proposal on top of expensive target model
verification.

To overcome this limitation, we keep drawing inspiration
from mainstream works to adopt transformer architectures
for alignment with target transformer LLMs, while equipping
transformer blocks with linear attention [12], [13] to improve
alignment—efficiency trade-offs. Our design achieves O (V)
time and space complexity, enabling scalable and memory-
efficient processing of long sequences. Crucially, it supports
a fixed-size key-value (KV) cache during autoregressive
generation, eliminating dynamic cache growth and further
reducing memory footprint and access latency. We show that
linear attention can preserve strong alignment with target
transformer models, while maintaining high token accep-
tance rates. Our contributions are summarized as follows:

o We introduce linear attention into speculative decoding
and propose a new draft model architecture, achieving
linear complexity and a constant-size KV cache.

e« We provide comprehensive empirical validation (across
two model scales, five benchmarks, and two large-scale
datasets), showing that linear attention exhibits acceptance
rates and downstream performance similar to standard
attention, while achieving an average 2.62x speedup for
long sequence generation.

II. PRELIMINARIES AND BACKGROUND

Linear Attention. Various linear attention mechanisms have
been proposed to reduce the inference cost from O(N?) to
O(N). Among these, kernel-based approaches [14], [15],



[16] reformulate softmax operation by approximating atten-
tion score matrices with associative rules, thereby allowing
for linear-time sequence modeling.

In particular, after ignoring normalizing factors and the
activation functions, the simplified causal linear attention is
as follows:

O=(QK'loM)V. )

Here, Q, K,V are the query, key, and value matrices; M
is a causal lower-triangular mask that ensures autoregressive
generation. The intrinsic complexity of eq. (1) remains linear
even in the presence of M, and optimized GPU implemen-
tations have been developed to achieve efficient linear-time
execution [17], [18]. These advances have fostered the devel-
opment of scalable sequence models based on linear or hy-
brid attention architectures, such as TransNormerLLM [13],
and Minimax-M1 [19], which demonstrate competitive per-
formance with standard transformers while offering superior
efficiency for long-sequence modeling.

Speculative Decoding (SD). Speculative decoding is a
technique for accelerating large language model (LLM)
inference. The key idea of speculative decoding is to em-
ploy a lightweight draft model to generate candidate token
sequences, which are verified in parallel by the large target
model within a single forward pass. The acceptance or
rejection of tokens is governed by the consistency between
the output distributions of the draft and the target models, en-
suring that the resulting generation process remains exactly
aligned with the one of the target model.

More concretely, rejection sampling is adopted for ver-
ification. For a token x generated from the drafter, we
let p(x) and g(x) denote the probabilities assigned by the
target and draft models, respectively, and let r» ~ U(0,1)
be a uniform random variable. Token & will be accepted
if » < p(x)/q(x), and rejected otherwise. In the case of
rejection, resampling is performed from an adjusted distri-
bution p’(z) «x max{0,p(x) — q(x)} for all tokens in the
vocabulary. The distribution p’ re-normalizes the difference
between target and draft probabilities, thereby preserving
exactness of the target distribution.

Overall, by amortizing the cost of verifying multiple draft
tokens within a single target model forward pass, specu-
lative decoding can substantially reduce inference latency,
achieving significant speedup when the draft model is both
computationally efficient and well-aligned with the large
target model.

II1. METHOD

In this section, we present our integration of linear atten-
tion into the Eagle3 model (Section III-A) and analyze its
time and space complexity in different stages of speculative
decoding (Sections III-B and III-C). We focus on the “draft”
phase of speculative decoding, and decompose draft model
attention computation in this phase into three parts:
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Fig. 1. Architecture of a draft model equipped with linear
attention. The right panel shows the Gated Linear Attention.

i Prefilling: Processes the entire input prompt to produce

the initial KV cache for subsequent generation.
ii Decoding: Generates tokens autoregressively using the

existing KV cache, updating it with the new token.
iii Post-Verification Prefilling: After the target model ver-

ifies and accepts the n tokens from the draft model,
these accepted tokens are fed back into the draft model
to update its KV cache in a single pass.
These stages share the same core attention formulation, but
differ in input length and KV cache state, directly affecting
their computational and memory characteristics.

III-A. Equip Draft Model with Linear Attention

For the draft model in speculative decoding, although
some preprints proposed to leverage exotic linear-time se-
quence modeling architectures [20], we adopt the classical
transformer-based design of Eagle3 [7], which aligns well
with the target transformer. Specifically, we introduce a
single-layer transformer block with Gated Linear Attention
(GLA) [21]. Its input combines the initial embeddings with
concatenated hidden states from the second, middle, and
second to last layers of the target model (see Figure 1). For
clarity, RMSNorm is omitted in the following descriptions,
as it does not affect the core mechanism or complexity.

Let the tensor X € REXNXD denote the input em-
beddings of the target model, where B, N, and D are
the batch size, the sequence length, and the embedding
(hidden) dimension, respectively, with D < N. For the
concatenated hidden states of the low, medium, and high
layers H € RBXN>3D e first compress them through a
fully connected linear layer:

, BxNxD
Hc = Llnearcompress(H) € R7~X * ’

and then further concatenate the compressed embedding H .
with the original X to obtain the intermediate output:

I = cat(H., X,dim = —1) € RBXNx2D, )



Unlike conventional attention mechanisms, our linear variant
projects I € REXNXD via two transformations:

Linearq, (I) € RP*N*2Da  Linear,, (I) € REXN*2Dv,

yields concatenated (Q,U) € RBXN*Pa and (K,V) €
RBXNxDuv where D, usually equals the embedding dimen-
sion D, D, is the hidden dimension of the key / value
matrices (they share the same dimension D, ), and the tensor
U will shortly serve as gated unit matrices.

We adopt the grouped query attention (GQA) mechanism,
allowing multiple attention heads to share the same key/value
matrices. Furthermore, we apply the SiLU activation to the
query and key projections to enhance the model’s expressive-
ness, and employ rotary position embedding (RoPE) [22] to
inject positional information into @ and K.

With these enhancements and as defined in eq. (1), linear
attention follows eq. (3), avoiding the full N x N attention
matrix in Prefilling via specialized O(N') methods [17], such
as the recurrence scan below:

D
0= Z diag(Q;) - cumsum (diag(K;)V), 3)
i=1
where Q;, K; denote the i-th rows of ¢(Q),(K), re-
spectively (¢(-) is a transform map specified by the linear
attention mechanism). Here, diag(X) constructs a diagonal
matrix from vector X, and cumsum(-) computes the cumu-
lative sum along the sequence dimension.

Lastly, we introduce a gating mechanism through the
aforementioned gated unit matrix U and output U ® O. This
design enhances non-linearity and enables adaptive feature
selection, further improving the capacity of the draft model
to generate candidates of high acceptance.

III-B. KV Cache Optimization in Decoding

In LLM inference, a standard transformer block stores the
entire sequence of keys and values (the so-called KV cache)
after the Prefilling stage to avoid repeated re-calculation of
K,V for recurring new queries Q;, leading to O(ND)
memory usage for context length N and hidden size D.
In contrast, the linear attention mechanism admits a more
memory-efficient representation: interactions between keys
and values can be summarized by a fixed-size cumulative
matrix kv = KTV € RP+*Pv which greatly reduces GPU
memory usage.

We showcase the space efficiency of the proposed draft
models with linear attention at different stages as follows.
First of all, in the initial Prefilling stage, the draft model
processes a full prompt of length NV and doesn’t utilize KV
cache (c.f. eq. (3)), while the model will store the D, x D,
product kv = K 'V as the KV cache for future use. During
Decoding, the draft model sets the temporary KV cache T' =
kv and tentatively generates n tokens O;’s via:

T:T+Kt‘/;—r7 Ot:Q:Tv (4)

Table I. Time Complexity of draft models equipped with
vanilla attention and linear attention in different stages. Here,
n represents the number of tokens in drafting accepted by
the target model, usually a small constant.

Stage Vanilla Attn. Linear Attn.
Prefilling O(N2D) O(ND?)
Decoding O(ND) O(D?)
Post-Verification Prefilling O(nND) O(n?D + nD?)

for any ¢t € [N+1, N +n]. In the Post-Verification Prefilling
stage, after the target model verifies and accepts n draft
tokens, these tokens are fed back into the draft model to
update its state in a single pass (eq. (5)).

O=QarKL O MVa+Qn kv, (5)

for the period A = [N : N + n]. In summary, the procedure
enables constant-memory inference in the asymptotic sense,
substantially reducing the memory footprint for generation
in long-context scenarios and improving the scalability of
the draft model within speculative decoding.

II-C. Time Complexity Analysis

We present a stage-wise time complexity comparison
in Table I between standard and linear attention in the
draft model, following the three stages in the “drafting”
phase. In the Prefilling stage, linear attention reduces the
computational complexity from O(N2?D) to O(ND?). In
the Decoding stage, the time cost decreases from O(ND)
to O(D?). Finally, in the Post-Verification Prefilling stage,
the complexity drops from O(nND) to O(n?D + nD?),
where we recall that n is the number of tokens accepted and
usually a small constant.

This quadratic-to-linear reduction yields considerable in-
ference speedup, especially for long contexts where the
overall speedup ratio scales proportionally with N. This
shows that linear attention not only offers significant mem-
ory savings (as shown in Section III-B) but also delivers
substantial end-to-end latency reduction for SD.

IV. EXPERIMENTS

To provide a comprehensive assessment, we first evaluate
our linear-attention drafters on benchmarks with short-to-
medium sequence lengths. Though linear attention is not
intended for these regimes due to overhead constraints, these
experiments establish that our method performs at par with
standard softmax alternatives even with limited sequence
length. We then turn to Section IV-B, where we investigate
long-context scenarios (our focus) and verify the significant
time and space efficiencies afforded by our proposals.

IV-A. Sanity Check: Evaluation on Standard Bench-
marks with Short to Medium-Length Sequences

Drafter Training. Adopting the training protocol from
Eagle3, we utilized a subset of the UltraChat dataset [23].
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Fig. 2. Comparison of drafters employing linear attention and classical softmax attention, trained on the full ShareGPT
dataset for Qwen3-8B. We track the drafter prediction accuracy at positions 0,2,4 and 6 (the Ist, the 3rd, the 5th and the
7th tokens generated by the drafter in autoregression) on both the training and evaluation sets of the ShareGPT dataset. The
linear-attention drafter exhibits stable training and lower loss. Besides, at the same training step, it achieves an even higher
acceptance rate on multi positions in both training set and evaluation set.

Specifically, we curated a training set of 20,916 dialogues,
selecting only those where the initial prompt exceeds 512
tokens. Training was conducted on four NVIDIA RTX 4090
GPUs. We trained drafters for Qwen2.5-0.5B-Instruct and
Qwen3-8B using a maximum sequence length of 2K tokens.
To assess the impact of the training set, we additionally
trained Qwen3-8B drafters with both standard and linear
attention on the full ShareGPT dataset [24].
Analysis. We compared the training and evaluation accuracy
of the Qwen3-8B draft model trained on the full ShareGPT
dataset, employing linear attention or standard softmax at-
tention at token positions 0, 2, 4, and 6, respectively. We also
analyzed the training loss at these corresponding positions.
The results, illustrated in Figure 2, demonstrate that the draft
model utilizing linear attention achieves a higher accuracy
than the softmax baseline for the same number of training
steps, on both training and evaluation sets. Furthermore,
similar to softmax attention, the training process using
linear attention remains highly stable and exhibits robust
convergence and achieves a lower training loss.
Evaluation. We first examined the run time and correspond-
ing accept length via an A800 GPU on five benchmarks: MT-
Bench [25], HumanEval [26], Alpaca [27], XSum [28], and
WikiQA [29] (over HumanEval we adopt 5-shot accuracy).
The performance of linear-attention drafters under short

to medium-length sequences is summarized in Table II.
(1) Overall speedup ratios for standard and linear attention
are comparable, despite their different average accept lengths
across datasets. For the Qwen3-8B model trained over Ultra-
Chat, both architectures produce identical speedup ratios in
HumanEval, despite the slightly reduced accept length of the
linear-attention drafter. In the case of the ShareGPT-trained
drafters, linear attention instead attains a higher speedup
ratio despite a shorter accept length. This dataset has a rel-
atively longer input length, and the linear-attention drafters
thus enjoy faster inference than the standard attention; we
can find a more significant efficiency improvement in the
next experiment on long sequences. (2) In addition, the
performance of using Qwen3-0.6B as the draft model for
Qwen3-8B (Sps) is even worse than the baseline due to the
insufficient depth gap between the draft and target models.

IV-B. Long-Context Scenarios

We continue to investigate long-context scenarios and
evaluate the computational efficiency of the draft model
equipped with standard softmax or linear attention trained
in the same setting as Section IV-A. Two complementary
evaluations are conducted on a single A800 GPU: (i) a
micro-benchmark measuring inference memory footprint and



Table I1. Speedup ratio (SR) and average accept length (Acc) for Qwen2.5-0.5B-Instruct and Qwen3-8B under autoregressive,
Eagle3 (softmax attention), and Eagle3 (linear attention) decoding. Sps denotes speculative decoding for Qwen3-8B using
Qwen3-0.6B as draft (not provided for Qwen2.5-0.5B-Instruct because it’s the smallest Qwen2.5 model). Full denotes the
draft model trained using the complete dataset. Although the performance of draft models whether based on linear or classic
softmax attention fluctuates across individual benchmarks in terms of accept length and speedup ratio, the linear attention
based drafter achieves a superior average performance, characterized by marginally higher accept lengths and speedup ratios.

MT-Bench HumanEval Alpaca XSum WikiQA AVG

Model Method SR Acc SR Acc SR Acc SR Acc SR Acc SR Acc

Vanilla 1% - 1x - Ix - 1x - Ix - 1x -
Qwen2.5-0.5B Eagle3-SoftAttn 1.38x 1.75 1.17x 1.37 1.43% 1.61 1.38% 1.44 1.55% 1.57 1.38x 1.55
Eagle3-LinearAttn 1.28x 1.55 1.16x 1.34 1.51x 1.69 1.44 x 1.48 1.78 % 1.77 1.43x 1.57

Vanilla 1x - 1x - 1x - 1x - 1x - 1x -

Sps 0.48x - 0.50x - 0.42x - 0.40x - 0.45x - 0.46x -
Qwen3-8B Eagle3-SoftAttn 1.50x 2.01 1.58x 1.73 1.60x 1.89 1.61x 1.83 1.74x 1.84 1.61x 1.86
Eagle3-LinearAttn 1.42x 1.83 1.58x 1.71 1.67 x 1.91 1.66 x 1.83 1.79 x 1.85 1.62x 1.83

Eagle3-SoftAttn-Full 2.05% 2770 240 x 298 1.97x 2.45 1.89% 227 2.26% 270 2.11x 2.62
Eagle3-LinearAttn-Full  1.98 x 259 242 x 295 204 x 254 200 x 235 228 x 272 214 x 263

growth in both memory usage and latency, with an out-of-
memory (OOM) error occurring at 32K tokens. In contrast,
linear attention maintains a constant-size KV cache, with
overall memory and time scaling linearly with input length.
For example, at 16K length, linear attention reduces memory
usage from 73.09 GB to 10.38 GB and latency from 1.22s to
0.69s. We remark that the slightly higher memory usage at
1K length for linear attention is due to the additional gating

Table III. The run time and GPU memory cost for the
Qwen3-8B draft model to generate 5 tokens autoregressively,
which corresponds to the total time of the draft model’s
prefilling operation and 4 decoding operations using linear
attention and softmax attention under different input lengths.
The computational overhead of the linear attention drafter
exhibits near-linear scaling with respect to sequence length.

Softmax Attn. Linear Attn. SN :
arameter U in its formulation.

Input length —xrein@  Times)  Mem(G) _ Time(s) P ;
1024 434 0.06 4.41 0.06 For (ii) long-context, short-output workloads, we evaluate
iggg g;% 85 ;‘2(2) 8; the Qwen3-8B backbone model on two LongBench [30]
3192 21.79 047 720 037 tasks, HotpotQA and RepoBench, whose average sequer}ce
16384 73.09 1.22 10.38 0.69 lengths are over 4K. As shown in Table IV, the application
32768 ooM - 12.50 1.37 of linear attention reduces GPU memory usage from 77 GB

to 33 GB while delivering consistent speed improvements of
1.19 x in HotpotQA and 1.22 X in RepoBench. Notably,
in such scenarios, draft models employing softmax attention
may yield negative net gains, as the substantial computa-
tional overhead of the prefilling stage often outweighs the
latency benefits provided by speculative decoding.

Table IV. The GPU memory cost and speedup ratio tested
on LongBench for Qwen3-8B with draft models trained on
UltraChat and ShareGPT using linear attention and softmax
attention. Full denotes the draft model trained on the com-
plete ShareGPT dataset. Drafters with linear attention can
reduce GPU memory from 77G to 33G and gain 1.22X
speedup ratio at most.

Method HotpotQA Repobench V. CONCLUSION
Mem(G) SR Mem(G) SR
vanilla 31 Ix 31 Ix
SoftAttn 77 1.07x 71 0.95x We study linear attention as a drafting mechanism for
LinearAttn 33 1.09x 33 1.05% . . . S L
SoftAttn-Full 77 115 77 110x speculative decoding, addressing the scalability limitations
LinearAttn-Full 33 1.19 x 33 1.22x of softmax-based drafters in long-context scenarios. By using

linear attention, we reduce complexity from quadratic to

linear and enable a constant-size key-value cache. Integration

latency across various input lengths, and (ii) end-to-end  into the Eagle3 framework confirms substantial reductions

performance on long-context, short-output tasks. in memory and computational cost while maintaining high

In (i) the micro-benchmark, the draft models of Qwen3- token acceptance rates of standard softmax mechanism.

8B in Section I'V-A generate 5 tokens given input sequences  Achieving average speed-ups of 2.62x in text generation

ranging from 1K to 32K tokens, and we measure their  and 1.22X in long contexts, our work establishes a scalable

corresponding GPU memory footprint and inference latency.  paradigm for efficient large language model deployment in
As shown in Table III, softmax attention exhibits quadratic ~ real-time applications.
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