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Abstract

Speculative decoding has emerged as a popular
technique for accelerating inference in Large
Language Models. However, most existing
approaches yield only modest improvements
in production serving systems. Methods that
achieve substantial speedups typically rely on
an additional trained draft model or auxiliary
model components, increasing deployment and
maintenance complexity. This added complex-
ity reduces flexibility, particularly when serv-
ing workloads shift to tasks, domains, or lan-
guages that are not well represented in the draft
model’s training data.
We introduce Simply-Scalable Speculative De-
coding (SSSD), a training-free method that
combines lightweight n-gram matching with
hardware-aware speculation. Relative to stan-
dard autoregressive decoding, SSSD reduces
latency by up to 2.9×. It achieves performance
on par with leading training-based approaches
across a broad range of benchmarks, while re-
quiring substantially lower adoption effort—no
data preparation, training or tuning are needed—
and exhibiting superior robustness under lan-
guage and domain shift, as well as in long-
context settings.

1 Introduction

Large Language Models (LLMs) have become
ubiquitous across a wide variety of applications,
yet their high memory and compute requirements
continue to pose substantial challenges for deliv-
ering low-latency, cost-efficient user experiences.
LLM inference consists of two main phases: the
prefill phase, where the input sequence is processed
in parallel to compute and store the KV-cache and
generate the first token, and the autoregressive de-
coding phase, where the model generates one token
at a time through a full pass over the model weights
(Yuan et al., 2024).

Speculative decoding (SD) (Xia et al., 2023;
Leviathan et al., 2023; Chen et al., 2023a) breaks

the autoregressive loop by using a smaller model to
“guess” future tokens (the drafting phase), which
are then verified in a single forward pass of the
target model. If some guesses are correct, a single
iteration produces multiple tokens and the overall
latency is reduced while maintaining the exact out-
put distribution of the original model. In practice,
real-world adoption has remained limited: suitable
drafting models are often unavailable and the cost
of training a well-aligned draft model can be pro-
hibitive (Li et al., 2024b). Despite the emergence
of numerous SD variants, many approaches fail
to deliver speedups at practical batch sizes, while
introducing substantial implementation and deploy-
ment complexity. In production systems, where
ease of integration and cost efficiency matter as
much as raw latency improvements, these limita-
tions often outweigh the gains.

In this paper, we present a new approach ex-
plicitly designed for practical deployment. Our
method uses a lightweight, custom-built n-gram
model that runs entirely on CPU. It keeps adop-
tion simple by avoiding the training or deploy-
ment of any additional models, enabling simpler
integration into existing systems and better gen-
eralization to new domains, tasks, or languages
without manual intervention or additional engineer-
ing effort. The source code is available at https:
//github.com/huawei-csl/sssd_speculator.

2 Background and Related Work

Since the introduction of SD, numerous variants
have been proposed. While a detailed overview
of all existing methods is beyond the scope of this
work, Xia et al. (2024) provide an extensive survey
of the field.

2.1 Main speculative decoding methods

The standard approach to SD uses a smaller, faster
draft model to autoregressively generate candidate
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tokens for verification. For this approach to be ef-
fective, the draft model must be closely aligned
with the target model, as generating candidates in-
curs nontrivial computational cost. Typically, effec-
tive draft models are drawn from the same model
family as the target model, sharing training data and
recipes. However, such models are often unavail-
able, and training new ones can be prohibitively ex-
pensive. To address this limitation, Spector and Re
(2023) propose tree-based speculation, which gen-
erates multiple possible continuations rather than
a single sequence, thereby increasing the number
of accepted tokens, as well as staged speculation,
which applies speculative decoding recursively to
the draft model itself. Medusa (Cai et al., 2024)
replaces the draft model with multiple decoding
heads attached to the target model’s final layer.
These heads can be trained through self-distillation
using substantially less data, preserving alignment
with the target distribution while reducing train-
ing costs. Similarly, EAGLE (Li et al., 2024b,a)
trains a single autoregressive head to generate can-
didate trees. EAGLE-3 (Li et al., 2025) further
advances this method by leveraging hidden states
from multiple layers of the target model as input
for the speculative head, achieving state-of-the-art
inference speedups.

All these methods require training draft models
or heads, deploying them on accelerators—which
can be challenging in distributed settings (Chen
et al., 2023a)—and retraining whenever the target
model or application domain changes (Hong et al.,
2025). Multi-token prediction (MTP) (Gloeckle
et al., 2024) introduces additional heads into the
target model at training time, modifying the classi-
cal next-token prediction (NTP) training objective.
Although MTP is primarily designed to improve
model quality, these auxiliary heads can also be
leveraged for SD. Nevertheless, aside from a few
notable examples (DeepSeek-AI et al., 2025), this
paradigm has not yet seen widespread adoption.

2.2 Multilinguality
Prior work has shown that the speculation accu-
racy of draft models varies substantially across lan-
guages. Sandler et al. (2025) propose a fine-tuning
strategy to mitigate speedup disparities across un-
derrepresented tasks and languages. Yi et al. (2024)
observe that small draft models, such as Medusa
and EAGLE, perform well in English but general-
ize poorly to other languages due to their limited
capacity, and propose training language-specific

drafters. While these approaches effectively ad-
dress important limitations of speculative decoding,
they do so at the cost of increased deployment and
maintenance complexity, which further motivates a
training-free, self-adaptable alternative.

2.3 Model-free methods
Model-free approaches eliminate the need for addi-
tional trainable parameters for drafting and focus in-
stead on lightweight, easily deployable alternatives.
Some approaches leverage the target model itself to
generate candidate tokens, such as by skipping in-
termediate layers during the drafting phase (Zhang
et al., 2024b) or by generating a pool of n-grams for
use in subsequent speculative iterations (Fu et al.,
2024). While simplifying deployment, these ap-
proaches come with major computational costs for
the drafting phase, which overshadow the speedups
given by accepting more tokens. Other model-free
methods generate candidate tokens through token-
level pattern matching or external retrieval, avoid-
ing reliance on the model itself. Prompt Lookup
Decoding (PLD) (Saxena, 2023), LLMA (Yang
et al., 2023), and Lookahead (Zhao et al., 2024b)
look for recent matches in the prompt or across pre-
vious generations to propose likely continuations.
REST (He et al., 2024) and ANPD (Ou et al., 2024)
use large external corpora to statistically estimate
probable next tokens.

These retrieval-based methods are attractive due
to their ease of deployment; however, this simplic-
ity comes at a cost: they produce candidate tokens
with lower acceptance rates and often achieve good
speedups only on specific tasks.

2.4 Large-scale speculative decoding
Most work on SD focuses on accelerating inference
for single-prompt scenarios. However, in practi-
cal deployments, batching is the primary strategy
for reducing cost, which often outweighs latency
concerns. While batching limits the effectiveness
of speculative techniques due to shared resource
constraints (Su et al., 2023), it remains central to
LLM inference systems, which typically employ
continuous batching (Yu et al., 2022) to optimize
resource utilization and user experience. Liu et al.
(2025) show that, in this context, standard autore-
gressive decoding can outperform SD at moder-
ate request rates due to the overhead of running
the draft model. In contrast, lightweight meth-
ods like Prompt Lookup Decoding perform well at
high request rates in tasks where simple retrieval
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Figure 1: A representation of the system with the main steps of the SSSD method.

is effective. Nevertheless, a number of model-
based approaches report consistent speedups even
in batched settings (Miao et al., 2024; Zhong et al.,
2025; Li et al., 2025; Zhang et al., 2024a), in some
cases up to batch size 128 in long-context regimes
(Sadhukhan et al., 2025).

Contributions

1. We propose SSSD, an SD method that requires
no data preparation, training, or fine-tuning;

2. We evaluate and compare the end-to-end la-
tency–throughput trade-off in SGLang;

3. We demonstrate SSSD’s suitability for task, do-
main, and language adaptation, including in
cold-start settings;

4. We provide insights into parameter selection,
including datastore size, data sources, and
hardware-aware speculation length adjustments.

3 Method

Designing an efficient and scalable speculative de-
coding method involves several critical challenges.
Most existing work focuses on prediction quality,
but two additional aspects are crucial: standard
approaches introduce substantial overhead, as the
cost of drafting can offset the benefits of correct
predictions (Liu et al., 2025), and the verification
phase must be optimized to make effective use of
hardware resources.

3.1 Algorithm design

The first objective of SSSD is to remove the com-
plexity and cost of running the drafting phase on-
device (where device refers to the GPU or any al-
ternative accelerator). Although skipping model

identification, modification, training, and deploy-
ment is clearly attractive, existing parameter-free
approaches suffer from limited speculation quality.

The core idea of our method is to treat the prompt
and self-output as a unified n-gram source and to
integrate it with a large text datastore. This data-
store can be built from any available corpus or
populated automatically during serving by storing
outputs from past conversations. Our experiments
show that the two sources provide complementary
candidates, and that combining them substantially
improves draft-token quality. Figure 1 illustrates
the process: the final tokens of the input sequence
(the draft prefix) are matched against both sources,
and the continuations of the matches are used to
choose the candidates for tree-based verification,
as described in the following sections.

3.1.1 Prompt and self-output
We treat the prompt and the model’s previously
generated tokens (self-output) as a single sequence,
which we refer to as the input. This input is stored
in a trie-like structure that is continuously updated
as new tokens are generated, allowing efficient n-
gram retrieval.

To select candidate continuations for a prefix of
length P (we use P = 4), we examine the con-
tinuations of all prefix lengths from 1 to P (see
Algorithm 1 in the Appendix). Each of these trees
of continuations will be considered when choosing
the best tokens to verify.

3.1.2 Datastore
The large datastore is constructed as in REST (He
et al., 2024), using a set of suffix arrays over tok-
enized text to efficiently retrieve continuations of
a given prefix. Unlike REST, our datastore can be
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continuously updated with the model’s own out-
puts. This provides two advantages: (1) the data
is aligned with the model’s output distribution, im-
proving speculation quality, and (2) the system can
start from an empty datastore, eliminating any need
for precomputation. We also modify the datastore
query algorithm to improve speculation quality and
reduce retrieval time.

For each prefix, we locate its continuations using
binary search on each suffix array and then sample
a small, fixed number of them at regular intervals.
Because the suffix arrays are sorted, interval sam-
pling approximates the underlying distribution. We
then build a weighted tree of these continuations,
where edge weights represent occurrence counts.
If too few continuations are found, we progres-
sively shorten the prefix and repeat the search until
reaching a minimum threshold. Continuations are
merged at each iteration by summing edge weights
(see Algorithm 2 for details).

Lookahead (Zhao et al., 2024b) also combines
prompt information with continually updated statis-
tics of the model’s output, stored in a tree with
aggressive pruning to control memory and retrieval
latency. However, pruning degrades candidate qual-
ity: rare sequences, though infrequent, collectively
account for many useful n-grams. In our exper-
iments, all pruning strategies harmed acceptance
rates. Accordingly, for the live datastore we limit
size by discarding the oldest entries, avoiding in-
ternal pruning. By combining a suffix-array de-
sign with an efficient sampling strategy, our ap-
proach accommodates significantly more data than
previous speculative methods, resulting in higher
speculation accuracy while maintaining predictable
retrieval cost.

3.1.3 Datastore management

Figure 2: Retrieval cost at increasing datastore sizes and
varying batch sizes on x86-64 and aarch64 hosts. The
speculation length is fixed at 16 candidates, which is
higher than what is typically used at large batch sizes.

As discussed above, the datastore update policy
operates over multiple suffix arrays (sub-indices)
rather than a single index. In the default configu-
ration, each sub-index stores 512M tokens, with 4
bytes for both the value and the index per token (≈4
GB per sub-index). Retrieval samples a fixed num-
ber of continuations (100 by default), independent
of datastore size, such that adding more sub-indices
reduces the number of samples drawn from each.
The number of sub-indices is capped at 8 (typically
4 in our experiments). In the live-datastore setting,
when incoming data exceeds this capacity, the old-
est sub-index is discarded and replaced with one
built from recent data. This design keeps specula-
tion cost bounded and preserves prediction quality
by adapting to distribution shifts.

Rebuilding proceeds at regular intervals. If the
accumulated data does not fill a sub-index, the last
sub-index is rebuilt using its previous content com-
bined with the new data. Otherwise, the last sub-
index is filled, a new one is created, and, if the total
capacity is exceeded, the oldest is removed once
the new one is ready. Rebuilding takes several min-
utes but runs asynchronously and does not affect
retrieval latency; memory pooling avoids allocation
and deallocation overhead.

Figure 2 shows that logarithmic search over the
suffix arrays keeps retrieval latency low even for
datastores larger than those typically deployed in
high-throughput settings. Despite substantial differ-
ences in raw CPU performance (x86-64: 96 cores /
192 threads @ 2.4 GHz; aarch64: 192 cores / 192
threads @ 2.6 GHz), retrieval cost remains low and
comparable across both architectures.

3.1.4 Fusing multiple data sources
After retrieving candidates from the two sources,
we must combine them to produce high-quality
next-token proposals. Each source provides an esti-
mate of the likelihood that a candidate will be ac-
cepted during verification, which we refer to as its
probability. This pseudo-probability is computed
as the number of occurrences of the full sequence
(prefix plus candidate tokens) divided by the num-
ber of occurrences of the prefix alone. However,
these estimates differ in reliability: probabilities
derived from the input are typically overconfident
compared to those from the datastore. To correct
this, we apply a scaling factor to input-based proba-
bilities. Within the input itself, we further dampen
probabilities based on the length of the prefix match
and the candidate’s depth in the tree. We select
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(a) Context length: 1000 (b) Context length: 100,000 (c) Context length: 1000

Figure 3: (a,b) Roofline-based forward-pass time vs. speculation length, with contributions from linear operations
and FlashAttention for Llama-3.1-8B at batch size 8 (same hardware as in Figure 6a). Curves correspond to single
operations from Table 2. (c) Accepted tokens, normalized cost, and theoretical speedup vs. speculation length.

these weights once via a simple grid search, and
they transfer well across models and tasks.

Appendix A provides pseudocode for building
the candidate trees and for merging data from mul-
tiple sources. From the merged tree, we then con-
struct the candidate vector for verification and the
corresponding attention mask.

3.2 Hardware-aware speculation

Having designed an algorithm that reduces draft-
ing costs and complexity while preserving high
speculation accuracy, the final optimization focus
is on minimizing the latency overhead of the ver-
ification forward pass of the last generated token
and the speculated tokens. While many speculative
decoding studies highlight the underuse of accel-
erator resources as an important factor enabling
SD, few explore how memory bandwidth and com-
pute resources interact during SD, especially under
batching. We propose a simple rule to dynamically
choose a near-optimal speculation length based
on the current batch size, significantly simplify-
ing serving with SD.

We define the speculation length sq as the total
number of nodes in the speculation tree, including
the root (the latest accepted token) and the candi-
date tokens to be verified. We denote batch size as
b and group size for GQA (Ainslie et al., 2023) as g.
Figure 3c illustrates the interaction between specu-
lation length and forward pass time in determining
end-to-end acceleration. The orange line repre-
sents the average number of tokens accepted by
the LLM as a function of sq. The blue line shows
the corresponding relative increase in forward step
time compared to standard autoregressive decoding
(sq = 1). Neglecting the drafting time overhead,
which remains low and near-constant in our lookup-

based approach, the optimal speculation length is
the one maximizing the ratio between the algorith-
mic acceleration (average accepted tokens) and the
relative increase in per-step latency.

Appendix B presents a detailed analysis of the
primary device-side operations during a decoding
step; here we provide only a simplified overview.
Figure 3a,b illustrates the cost of a forward pass,
where the orange region corresponds to the linear
layers and the blue region to the attention layers.
In plot (a), where the context is short, the forward-
pass cost is dominated by the linear layers. Their
cost remains nearly constant as sq increases, until
the computation reaches the compute-bound region
of the roofline model at approximately sq ≈ 22.
Up to this point, speculating 22 tokens per batch
element is almost free. In Figure 3b, where the
context is long, the dominant cost becomes loading
the KV-cache in the attention layers. Although the
linear layers follow the same trend as in the short-
context case, their relative contribution is smaller,
allowing even larger “free” speculation budgets.

As described in the appendix, all operations ex-
cept attention exhibit a FLOPs-to-IO ratio of ap-
proximately b× sq. Following the roofline perfor-
mance model (Williams et al., 2009), to operate
near the roofline ridge point (i.e., the transition
from memory- to compute-bound execution), we
set

sq =
Iknee
b

,

where Iknee denotes the arithmetic intensity at the
ridge point, defined as the ratio of the accelerator’s
peak FLOPS to its peak memory bandwidth.

For small batch sizes, the speculation budget im-
plied by this rule can become impractically large
for efficient kernel execution, while longer specu-
lation lengths yield diminishing returns. We there-
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(a) Decomposed components (b) MT-Bench (c) GSM8k

Figure 4: (a) Speculation quality of SSSD data sources on 160 MT-Bench and GSM8K prompts. (b,c) Comparison
with parameter-free baselines. REST and SSSD use the same datastore; the Lookahead cache is evaluated both
warm (identical data as SSSD) and cold. Solid lines show accepted tokens, dashed lines show candidate retrieval
and mask construction time. All experiments use Llama-3.1-8B.

fore cap the speculation length to fixed values (e.g.,
sq = 32 for b = 1). This also handles the case
where, for g > b, the attention operator becomes
compute-bound at smaller sq than the linear layers.

4 Evaluation

To evaluate SSSD in a realistic inference setting,
we integrate it into SGLang (Zheng et al., 2024), a
high-performance LLM inference system. SGLang
provides an efficient implementation of EAGLE-
2, EAGLE-3 and Lookahead. We further integrate
PLD and REST to enable comparisons with leading
model-free methods.

Our main experiments focus on models from the
Llama-3 family (Grattafiori et al., 2024), which are
widely used in speculative decoding research. For
other model families, our choice fell on those with
publicly available EAGLE-3 heads.

For EAGLE and Lookahead, we use SGLang’s
default parameters for speculation length and tree
structure. For other methods, we follow Section 3.2.
Using SSSD-tuned parameters for EAGLE meth-
ods often degrades performance, and exhaustive
tuning is computationally challenging and provided
limited benefit in preliminary experiments.

4.1 Algorithm effectiveness

First, we show why our method is particularly ef-
fective by breaking down the different components
that contribute to selecting candidates for specu-
lation. The method’s strength lies in the comple-
mentarity of candidates coming from the input and
the datastore. This can be seen in Figure 4a, where
the contribution of the two main components (the
input, which includes prompt and self-output, and
the datastore) almost adds up perfectly for large

enough sq, meaning that the algorithm balances
candidates from the two sources effectively.

We also compare our implementation with the
main alternative parameter-free methods, both in
terms of speculation quality and retrieval time (see
Figure 4b,c). We use the MT-Bench dataset used in
(He et al., 2024) (the first prompt of each conver-
sation), and the first 80 prompts from the GSM8k
dataset (Cobbe et al., 2021), used in (Zhao et al.,
2024b), showing that our method consistently out-
performs both methods on both datasets. For SSSD
and REST, we construct datastores using publicly
available data generated either by the same model
or models of the same family following the Mag-
pie procedure (Xu et al., 2025), and we use the
same data to simulate the Lookahead warm-start
scenario.

4.2 Datastore cold-start and multilinguality
As emphasized earlier, the key strengths of our
method lie in its ease of adoption and flexibility
across new domains and languages. Accordingly,
we investigate its behavior when applied directly
to an inference system in a cold-start setting (with-
out a pre-built datastore), examine the differences
between using model-generated data and general-
domain language data, and evaluate how rapidly
SSSD adapts to new languages.

To answer these questions, we use Qwen3-14B
(Yang et al., 2025), as it offers strong native multi-
lingual support. We evaluate end-to-end speedups
as a function of the total number of accumulated
tokens in the datastore. Data are generated by the
model using prompts from multilingual sources
(Xu et al., 2024; ShareGPT, 2023; Chen et al.,
2023b; Zhao et al., 2024a). This setup simulates
a deployment scenario in which user queries ar-
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(a) Cold start (b) Starting from English datastore (c) Acceptance lengths (cold start)

Figure 5: Experiments with Qwen3-14B on a 48 GB GPU (165.2 TFLOPS in bfloat16; 1008 GB/s memory
bandwidth) on MT-Bench (and translations). Temperature = 0.7, top-p = 0.8, top-k = 20; averages over five runs. (a,
b) Speedup over autoregressive decoding at batch size 1 versus datastore size (≈1,000 tokens per user conversation
on average). (c) Corresponding acceptance length, comparing model-generated and dataset-derived entries.

rive continuously and model outputs are incremen-
tally stored in the datastore. We measure speedups
across a typologically diverse set of languages, cho-
sen to span differences in script, morphological ty-
pology, and syntactic structure, including English
and three lower-resource languages. We consider
two initialization settings: an empty datastore and
a large English-only datastore, allowing us to as-
sess both within-language scaling and cross-lingual
adaptation.

Our results show that incorporating multiple
languages has a negligible negative impact: En-
glish performance remains essentially unchanged
even when the datastore contains large amounts
of non-English data. The method adapts rapidly:
after only 1,000 conversations, speedups already
reach 1.6×–1.8× for lower-resource languages and
approximately 1.4× for English. Importantly,
even in a cold-start setting, the model achieves
a 1.1×–1.23× speedup, enabling immediate de-
ployment without initial performance degradation.
Starting from an English datastore when speculat-
ing new languages gives an initial benefit, and tends
to converge to the behavior of the monolingual data-
store when enough data is generated. Increasing
the amount of data is consistently beneficial, yield-
ing approximately logarithmic gains. With suffi-
cient data, SSSD outperforms EAGLE-3 across all
evaluated languages, with especially pronounced
improvements for lower-resource languages.

In Figure 5c, we additionally compare a data-
store populated with the model’s own generated
answers to one built from the original dataset an-
swers, which follow a different distribution. We
observe up to a 35% increase in correct token pre-
dictions when using model-generated data.

The larger speedups observed for non-English
languages are encouraging, and we observe the
same pattern on the other tested models as well.
With current tokenizers, equivalent content often
requires fewer tokens in English than in many other
languages, making English generation cheaper and
faster (Petrov et al., 2023; Ahia et al., 2023). From
this perspective, the larger gains of SSSD for other
languages help mitigate tokenization-driven dispar-
ities and make generation latency more uniform
across languages. We do not find clear evidence
that morphological typology or other broad linguis-
tic properties are major drivers of cross-lingual
variation in speculation quality. We hypothesize
that this variation is driven primarily by language-
specific factors and their interaction with tokeniza-
tion, although a more systematic investigation is
left to future work.

4.3 End-to-end evaluations with batching

For the experiments on Llama-3.1-8B, we use the
same datastore for SSSD and REST, starting from
the same data as in Section 4.1. To test cross-
lingual adaptation, we add a small amount of Ger-
man data (not generated by the model), consisting
of translations of ShareGPT (Chen et al., 2023b)
and Synthia (Meyer and Nagler, 2021) samples.
We also add a subset of The Stack (Kocetkov et al.,
2023) to improve performance on coding bench-
marks. It is worth recalling that if all data were
generated directly from the target model, specula-
tion accuracy would be higher. The resulting data-
store has a total size of 14 GB. We use the same
datastore for all evaluated datasets, highlighting
SSSD’s ability to retrieve the relevant information
for each task when the datastore contains hetero-
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(a) Llama-3.1-8B - MT-Bench (b) Llama-3.1-8B - MATH-500 (c) Llama-3.1-8B - HumanEval (Code)

(d) Llama-3.1-8B - MT-Bench German (e) Llama-3.1-8B - SWE-Bench (f) DS-R1-Dist-Llama-8B - MATH-500

Figure 6: Evaluation of speculation methods on 8B models. (a–d) Llama-3.1-8B on a single GPU (same as in
Figure 5) across multiple datasets. (e) Llama-3.1-8B in disaggregated prefill–decode mode on 4 GPUs (1 for
decoding, 3 for prefill), each with 80 GB of VRAM, 989.5 TFLOPS, and 3.35 TB/s memory bandwidth. (f)
DeepSeek-R1-Distill-Llama-8B on MATH-500 using the same hardware as in (a), averaged over five runs.

geneous text. For Lookahead, we do not perform
cache warm-up, as it is not supported in SGLang
and does not consistently yield performance im-
provements (see Figure 4c).

Results are shown in Figure 6, while results for
Llama-3.3-70B are reported in Appendix C. We
present them in a latency–throughput plot to illus-
trate the relationship between these two key met-
rics across batch sizes. We omit time-to-first-token
(TTFT), as it is mostly determined by the prefill
stage and is therefore not affected by SSSD. In con-
trast to model-based methods that require construct-
ing (and potentially transmitting) a draft KV-cache,
SSSD builds the input tree in a background thread
during prefill and requires no additional KV-cache.

When running on a single device, we operate
in offline mode (all prompts are available at the
start). We measure the output-token throughput
(output tokens/total time) and compute the aver-
age latency (batch size/throughput). The total time
includes the prefill stage, which SD does not accel-
erate. Across all datasets and batch sizes, we find
that SSSD consistently outperforms every n-gram
method and EAGLE-2. It also surpasses EAGLE-3

on MATH-500 (Hendrycks et al., 2021) and on
German-language questions. For general short-
context conversational queries (MT-Bench (Zheng
et al., 2023)) and short-context coding tasks (Hu-
manEval (Chen et al., 2021)), EAGLE-3 maintains
a slight advantage. Nonetheless, the performance
gap remains small despite the simplicity of SSSD
compared to EAGLE.

We also report standard speculative decoding
results using Llama-3.2-1B as the draft model.
Trained under the same training regime as the target
model on 9 trillion tokens with 916k GPU hours
(Meta, 2024), it closely matches the target’s output
distribution and achieves the highest acceptance
rates. While informative, this setting is imprac-
tical when similarly aligned draft models are un-
available; nevertheless, SSSD achieves comparable
end-to-end speedups.

4.3.1 Long context

Long-context generation is increasingly impor-
tant for LLM applications such as agentic AI
and retrieval-augmented generation (RAG) (Lewis
et al., 2020). In this regime, SSSD has two key
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advantages over model-based speculative decoding
methods. First, SSSD eliminates the need for a
KV cache. Although draft models and heads are
smaller than the target model, their computational
cost still grows with context length. In contrast,
SSSD maintains an approximately constant draft-
ing cost as the context length increases. Second,
SSSD’s speculation quality remains stable indepen-
dently of input size. This is because the context
used for n-gram lookups consists of only a few
tokens, whereas speculative models require long-
context training to avoid accuracy degradation.

Speculative decoding is particularly beneficial
in the long-context regime due to the memory-
bandwidth bottleneck of attention layers (Sec-
tion 3.2). While current SGLang overheads limit
achievable gains in practice, SSSD still outper-
forms alternative methods on PG-19 (Rae et al.,
2020) (Table 1). On agentic workloads (Figures 6e
and 7f), SSSD achieves up to 1.9× throughput and
latency improvements over autoregressive decod-
ing and 1.66× over EAGLE-3.

Llama-3.1-8B Llama-3.3-70B

Lookahead 1.08× 1.15×
EAGLE-3 0.80× 1.09×
SSSD 1.23× 1.26×

Table 1: Speedup over autoregressive decoding in long-
context summarization on PG-19 (up to 40k tokens),
using PD disaggregation.

4.4 Reasoning and speculative sampling
Another important recent application of LLMs is
reasoning models: in order to answer more com-
plex questions the model is prompted (Wei et al.,
2022) or trained (Guo et al., 2025) to produce a
reasoning trace before giving a final answer. This
substantially increases generation length, making
speculative decoding particularly important.

We evaluate one of the distilled DeepSeek-R1
models (Guo et al., 2025) on a subset of medium-
and hard-difficulty questions from MATH-500, al-
lowing generation of up to 4096 tokens. The data-
store is constructed using publicly available rea-
soning traces from larger models within the same
family, resulting in an 18 GB datastore. We follow
the recommended generation settings (temperature
= 0.6, top-p = 0.95), demonstrating that our method
extends beyond greedy decoding. We adopt a sim-
plified speculative sampling procedure (Leviathan
et al., 2023), as implemented in SGLang, which

preserves the target distribution without requiring
draft probability estimates.

Results are shown in Figure 6f: SSSD achieves
a 2.29× speedup over autoregressive decoding at
batch size 1 and a 1.32× speedup over the strongest
alternative method. Notably, it is the only method
that achieves speedups at large batch sizes.

5 Conclusion

This work argues for a re-centering of speculative
decoding around deployability rather than spec-
ulation quality alone. SSSD demonstrates that
strong and reliable acceleration can be achieved
without auxiliary training, specialized draft mod-
els, or task-specific tuning, showing state-of-the-art
performance under distribution shift, multilingual
inputs, and long-context workloads. By framing
inference acceleration as a joint algorithm–system
problem, SSSD highlights a path toward simpler
and more scalable decoding strategies that better
align with the operational constraints of modern
LLM serving.

Limitations

In Mixture of Experts (MoE) models (Jiang et al.,
2024), increasing speculation length activates more
experts and thus requires loading more of them
from memory, unless all of them are already loaded
due to a large batch size. In this case, SSSD is
affected similarly to other speculative decoding
methods, yielding smaller gains for MoE models.
Speedups are also limited for models using MLA
attention (DeepSeek-AI et al., 2024), which is typ-
ically run using the efficient, but compute-bound,
FlashMLA kernels, which are less compatible for
speculative decoding than standard MHA/GQA. In
such scenarios, methods that prioritize higher spec-
ulation accuracy—at higher computational cost—
may be more effective, as achievable speculation
depth is inherently constrained.

Additionally, the drafting phase of SSSD de-
pends on the CPU performance and requires some
host memory capacity, which may limit its applica-
bility in some deployment environments.

Ethical considerations

Speculative decoding methods can introduce un-
even performance across languages, tasks, and user
populations. Prior work has shown that training-
based draft models often generalize poorly be-
yond the domains and languages represented in
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their training data, leading to substantially lower
speculation accuracy–and consequently lower in-
ference speedups–for underrepresented languages
and tasks. In production systems, such dispari-
ties translate into higher latency and cost for some
users, effectively creating unequal access to effi-
cient LLM services.

SSSD exhibits substantially more uniform
speedups across languages, including lower-
resource languages, without requiring language-
specific training, tuning, or maintenance. While
this does not address broader issues of linguistic
coverage or bias in the underlying language model,
it reduces a specific source of disparity introduced
by existing inference acceleration techniques.

Finally, as with other retrieval-based methods,
using prior model outputs as a source of specula-
tive candidates raises privacy considerations. In
practice, SSSD operates on transient data already
maintained by many serving systems, preserves
the target model’s output distribution, and does not
introduce additional information leakage in gener-
ated outputs.
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A Algorithms

This section describes the main algorithms used
for candidate retrieval. The algorithms presented

here are not exact replicas of the implementation
but are logically equivalent; minor differences are
introduced to improve clarity. We omit pseudocode
for constructing the underlying data structures and
denote the cardinality of data structures (e.g., the
total number of nodes in a tree or the number of
elements in a list) by | · |.

A.1 Input tree

To retrieve candidates from the prompt and self-
output, we maintain a trie data structure whose
nodes correspond to token prefixes. When a se-
quence of tokens is inserted into the trie, the count
of every node along the corresponding path is in-
cremented. Consequently, each node stores the
number of times its associated prefix has been ob-
served.

Based on these counts, each node is associated
with probability values conditioned on different
prefixes, denoted as node.prob. For a prefix rep-
resented by a node u and a longer sequence repre-
sented by a descendant node v, this probability is
defined as

node.prob =
count(v)
count(u)

.

This quantity represents the empirical probability
that the prefix corresponding to u is extended to the
sequence corresponding to v; the extension need
not be immediate.

When retrieving continuations for multiple pre-
fixes of varying lengths from the input trie, we
return references to the nodes corresponding to the
ends of those prefixes. Due to the recursive struc-
ture of the trie, each such node implicitly defines a
complete candidate tree, namely the subtree rooted
at that node.

The input trie, together with its node counts, is
constructed incrementally and reused across for-
ward passes for the same prompt. At each iteration,
the trees of candidates from the input are simply
subtrees of the input trie. In contrast, the datas-
tore tree is recomputed at each decoding step based
on the candidate continuations identified by Algo-
rithm 2.

A.2 Datastore

As explained in Section 3.1.3, the datastore con-
sists of multiple suffix arrays (capped at most at
8). The suffix arrays follow a standard implemen-
tation (Manber and Myers, 1990): given a prefix,
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Algorithm 1 Retrieving candidates from the input
tree for a given prefix. The tree typically has a
maximum depth below 10.

function MATCHINPUT(prefix)
Input: T: Tree of prompt + current output
results← [ ]
iter← 0
while iter < |prefix| do

p← prefix[iter..] ▷ sub-prefix
node← T.ROOT

i← 0
while i < |p| and p[i]∈ node.children do

node← node.children[p[i]]
i← i+ 1

end while
if i = |p| then ▷ sub-prefix found

results.APPEND(⟨node, |p|⟩)
end if
iter← iter+1

end while
return results

end function

Algorithm 2 Retrieving candidate continuations
for a given prefix from a suffix array.

function GETCANDS(prefix, branch_len)
tree← TREE(root_id←prefix[|prefix| − 1])
iter← 0
while iter < |prefix| − 1 and |tree| < 50 do

prefix← prefix[iter..]
conts← index.BINARYSEARCH(

prefix, branch_len)

step← max

(
1,

⌊ |conts|
100

⌋)

i← 0
while i < |conts| do

cont← conts[i]
tree.INSERT(cont)
i← i + step

end while
iter← iter+1

end while
return tree

end function

its possible continuations are obtained by perform-
ing two binary searches to locate the first and last
lexicographic occurrences of the prefix. Let P
be the prefix length and N the number of tokens
in a sub-index. For each sub-index, the cost of
the two binary searches is O(P logN). The total

Algorithm 3 Merging candidate tokens coming
from different sources. The method INSERTTOK

on the draft tree takes a token and a parent node,
adds the token as a child of the parent if it does not
exist yet, and returns the child node.

Input: prefix (vector of integers), dec_len (max
final number of candidates), branch_len (max
depth of each draft)
Output: draft_tree (the merged tokens)
input_trees← input_cache.MATCHINPUT(

prefix)
datastore_tree← datastore.GETCANDS(

prefix, branch_len)
pq← ∅ ▷ priority queue
draft_tree← TREE(root_id←prefix[|prefix|−1])
all_trees← [⟨datastore_tree, 4⟩] ∥ input_trees
for each ⟨tree, match⟩ ∈ all_trees do

if tree ̸= ∅ then
node← tree.ROOT

for each child ∈ node.children do
if tree = datastore_tree then

discount← 1
else

discount← 0.6
end if
child_disc← 0.6 + 0.1 · match
prob← node.prob · discount
pq.PUSH(prob, ⟨node←child,

child_disc←child_disc,
parent←draft_tree.ROOT⟩)

end for
end if

end for
while pq ̸= ∅ and |draft_tree| < dec_len do

prob, el← pq.POP()
new_candidate← draft_tree.INSERTTOK(

el.node.token_id, el.parent)
for each child ∈ el.node.children do

p← child.prob · prob · el.child_disc
pq.PUSH(p, ⟨node←child,

child_disc←el.child_disc
parent←new_candidate⟩)

end for
end while
return draft_tree

search cost increases linearly with the number of
sub-indices, which is capped and small.

The remaining work (merging continuations and
selecting candidates) is independent of datastore
size because the number of sampled continuations
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is fixed. In practice, larger datastores often reduce
retries (e.g., fewer fallbacks to (P = 3)), partially
offsetting the cost increase.

The construction of the tree of candidates com-
ing from the datastore is straightforward: insert-
ing a selected continuation consists of adding any
missing nodes along its path (each initialized with
a count of 1) and incrementing the counts of all
nodes that already exist along that path.

A.3 Merging input and datastore candidates

After assigning weights to the candidate sources
as described in Section 3.1.4, we select the final
draft tokens using a priority queue, as detailed in
Algorithm 3. The cost of this step is independent
of the input and datastore size.

B Impact of the key variables of the
decoding phase

This section extends the analysis on the interactions
between speculative decoding and hardware utiliza-
tion, in particular under batching. Larger batch
sizes lead to resource competition between batch-
ing and speculation, limiting SD speedup. Some
studies (Su et al., 2023; Zhong et al., 2025) observe
a linear relationship between forward pass over-
head and speculation length, with steeper slopes at
higher batch sizes. However, this empirical trend
doesn’t align with theoretical hardware predictions,
likely due to unoptimized operator implementa-
tions. Sequoia (Chen et al., 2024) shows empir-
ically that the cost of the forward pass remains
almost constant up to sq < N , where N depends
on the hardware and the model. Understanding
these interactions in detail is crucial for deploying
SD in an inference system: it enables quantifying
the potential gains of SD and it simplifies determin-
ing optimal speculation parameters at deployment,
relying solely on hardware features.

Table 2 shows the compute and memory costs
of the main operations of an LLM, following Chen
(2023). The equations are based on the Llama fam-
ily (Grattafiori et al., 2024), but most dense models
have similar architectures. We integrate the spec-
ulation length (sq) into FLOP and memory usage
formulas for different transformer model compo-
nents. When sq = 1, the forward pass matches
standard autoregressive decoding.

Increasing the batch size b nearly proportionally
increases the compute-to-memory access ratio for
all terms except FlashAttention. Since memory

accesses for matrix multiplications only increases
slightly with b, the batch size can be scaled up with
minimal extra costs until reaching the compute-
bound region of the roofline model (Williams et al.,
2009). Similarly, increasing the speculation length
sq almost proportionally increases the compute-to-
memory access ratio for all matrix multiplications,
including FlashAttention. Here as well, memory
accesses only slightly rise with sq, so this term
can be increased with negligible cost until reaching
the compute-bound threshold. Most importantly,
for all matrix multiplications other than FlashAt-
tention, the batch size and the speculation length
have equivalent effects, always appearing as b× sq.
Therefore, the theoretical free speculation budget
can be computed from the hardware specifications
by pushing b× sq to the roofline model’s compute-
bound threshold. For instance, for the computation
of the Q matrix, assuming that there is no tensor
parallelism, the speculation budget can be derived
by solving

1

(1/h+ 1/bsq)
=

Peak TFLOPS
Memory Bandwidth (TB/s)

.

If we consider the Llama-3-8B (Grattafiori et al.,
2024) model (h = 4096) and GPU with a measured
computing power of 165 TFLOP/s and a measured
memory bandwidth of 0.95 TB/s, the (almost) free
speculation budget can be theoretically obtained
until bsq ≈ 174. This limit (sq = 22 for b = 8)
appears as a discontinuity in the slope of the green
and purple lines in Figure 3a, where the initial seg-
ment reflects memory-bandwidth limitations, and
the latter segment is determined by the available
FLOPS. In practice, the available operators often
under-utilize the hardware, making the empirical
gains smaller than what can be seen in Figure 3.
This is because of the complexity involved in creat-
ing efficient kernels, in particular for matrix mul-
tiplications where one matrix is “tall and skinny”
(Rivera et al., 2021).

Finally, increasing the context length skv has the
main effect of increasing the FlashAttention’s time.
As a result, other matrix multiplications, unaffected
by skv, have a lower overall weight in the forward
pass (see Figure 3b). In this scenario, the cost of
loading the KV-cache comprises the highest share,
and is less impacted by a longer speculation length,
unlike large matrix multiplications: the FLOPs:IO
ratio (≈ gsq), where g denotes the group size in
grouped-query attention (GQA), i.e., the number of
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Table 2: Summary of FLOPs and memory IO for a speculative forward pass. We use b for batch size, sq for
speculation length, skv for KV-cache length, nq and nkv for query and key/value heads, g = nq/nkv , d for per-head
dimension, h for the model’s hidden dimension (h = nqd), hmlp for the MLP intermediate dimension, and p
for tensor parallelism. We assume fused scaled-dot-product attention (Dao et al., 2022; Dao, 2024). Input, local
KV-cache, and mask tensors have shapes X: (b, sq, h), Kcache, Vcache: (b, nkv/p, skv, d), and M : (b, sq, skv + sq).
Per-rank local weight shapes are Wq: (h, h/p), Wk,Wv: (h, h/(gp)), Wo: (h/p, h), W1: (h, 2hmlp/p), and W2:
(hmlp/p, h), with W1 denoting the concatenated SwiGLU input projections. The remaining tensor shapes are Q:
(b, nq/p, sq, d), Knew, Vnew: (b, nkv/p, sq, d), K,V : (b, nkv/p, skv + sq, d), Aout: (b, nq/p, sq, d), Y,Z: (b, sq, h),
and H: (b, sq, hmlp/p). Memory IO is in bytes, with 2 bytes per weight, activation, and KV-cache element, and 1
byte per mask element. We assume identical skv across sequences, count only GEMM FLOPs in attention, and
exclude tensor-parallel communication.

Op FLOPs Read (bytes) Write (bytes) FLOPs:IO FLOPs:IO appr.

Q = XWq
2bsqh2

p
2

(
bsqh+

h2

p

)
2
bsqh

p

1
p+ 1

h
+

1

bsq

bsq
if h ≫ (p+ 1)bsq

Knew = XWk
2bsqh2

gp
2

(
bsqh+

h2

gp

)
2
bsqh

gp

1
gp+ 1

h
+

1

bsq

bsq
if h ≫ (gp+ 1)bsq

Vnew = XWv same as Knew same same same same

Aout = softmax(
QKT
√
d

+M
)
V

4bsq(skv + sq)h

p

2

(
bh

gp

(
2(skv + sq) + gsq

))

+ bsq(skv + sq)
2
bsqh

p

1
1

gsq
+

1

skv + sq
+

p

4h

gsq
if h ≫ pgsq/4,
skv + sq ≫ gsq

Y = AoutWo
2bsqh2

p
2

(
bsqh

p
+

h2

p

)
2bsqh

1
p+ 1

h
+

1

bsq

bsq
if h ≫ (p+ 1)bsq

H =
SwiGLU(YW1)

4bsqhhmlp

p
2

(
bsqh+ 2

hhmlp

p

)
2
bsqhmlp

p

1
1

2h
+

p

2hmlp
+

1

bsq

bsq
if h ≫ bsq/2,

hmlp ≫ pbsq/2

Z = H W2
2bsqhhmlp

p
2

(
bsqhmlp

p
+

hhmlp

p

)
2bsqh

1
1

h
+

p

hmlp
+

1

bsq

bsq
if h ≫ bsq ,

hmlp ≫ pbsq

query heads sharing a single key–value head, does
not include the batch size, making the transition
from memory-bandwidth bound to compute bound
happen at much higher sq compared to the other
operations if g = 1. Otherwise, for b < g, the
attention layer gets in the compute-bound region
for shorter speculation lengths. Depending on the
dominating cost between linear layers and attention,
the “free” compute budget can be given by the
FLOPs:IO ratio divided by the batch size (for short
context), or by the group size (for long context). In
Figure 3b, you can see that for very long context,
although the orange region turns steeper already at
sq = 22, the overall increase in cost is negligible
until the attention becomes compute bound. Note
that in Figure 3b the batch size b = 8 is larger than
the group size g = 4.

For the tensor-parallel (TP) setting, we ignore
communication costs, which are difficult to model
accurately. Although this is a coarse simplification,

our empirical evaluations show that the simplified
speculation length selection remains effective in
practice. We leave a more detailed treatment of
communication costs to future work.

C Large model results

We additionally report results on a larger model to
demonstrate that our method effectively accelerates
inference even for large-scale models that require
tensor parallelism. To approximate a more realis-
tic deployment setting, we employ prefill/decode
disaggregation. For short-context tasks, we use
tensor parallelism with TP = 2 for both prefill and
decode. For long-context tasks, we introduce three
data-parallel replicas for prefill (also with TP = 2),
while the decode node remains unreplicated. We
further enforce a substantially larger total batch size
on the prefill workers than on the decode worker,
simulating a scenario in which the decode worker
never stalls after receiving the initial request. To
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(a) MT-Bench (b) MATH-500 (c) HumanEval (Code)

(d) MT-Bench French (e) MT-Bench Russian (f) SWE-Bench

Figure 7: Evaluation of SD methods on Llama-3.3-70B with prefill-decode disaggregation. Short context uses 2
GPUs for prefill and 2 for decode; long context uses DP=3 for prefill (6 GPUs). Prefill is overprovisioned to keep
the decode node busy, though at large batch sizes throughput can be limited by prefill waiting, especially for SD
methods. All GPUs: 141 GB VRAM; 989.5 TFLOPS; 4.8 TB/s. All experiments run in bfloat16 with temperature 0.

maximize throughput, we disable chunked prefill.
We report performance by plotting average inter-
token latency against output token throughput.

All experiments are conducted on Llama-3.3-
70B. For the SSSD datastore, we use several pub-
licly available datasets of model-generated data,
resulting in a total datastore size of 13 GB. One of
these datasets contains a small amount of French
and Russian data; we therefore select these two
languages to evaluate multilingual performance.

Our method achieves strong results across all
datasets, showing consistent speedups at any batch
size. On math and coding tasks, we observe
speedups of 2.8× and 2.9× at batch size 1, respec-
tively. Even in the long-context setting and for
languages with limited data coverage, the speedup
remains at least 2×.

Finally, we observe that on English data, for this
model, EAGLE-3 outperforms SSSD. This behav-
ior is primarily attributable to the exceptionally
high acceptance rate of EAGLE-3 on this model,
together with the relatively smaller size of its head
compared to the base model. Despite the excep-
tionally performant EAGLE-3 head, SSSD demon-

strates stronger adaptability to new languages and
better performance in long-context scenarios.
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