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ABSTRACT

Speculative decoding (SD) has become a popular technique to accelerate Large Language Model (LLM) inference,
yet its real-world effectiveness remains unclear as prior evaluations rely on research prototypes and unrealistically
small batch sizes. We present, to our knowledge, the first systematic study of SD on a production-grade and
widely deployed inference engine (vVLLM), covering multiple SD variants (n-gram, EAGLE/EAGLE-3, Draft-
Model, Multi-Token Prediction) across diverse workloads, model scales, and batch sizes. We analyze key
factors governing SD performance, and quantify a theoretical upper bound on SD speedup. Our results show
that verification by the target model dominates the execution, while acceptance length varies markedly across
output token positions, requests, and datasets. Comparing measured performance with theoretical bounds reveals
substantial gaps between observed and theoretical upper bounds, and we leverage this observation to highlight new
research opportunities that our study opens up in improving SD. Our code for profiling and simulator is available
at https://github.com/orgs/SpecDecode-Bench/repositories.

1 INTRODUCTION

Speculative decoding (SD) has emerged as a highly effec-
tive approach to speed up inference in large language mod-
els (LLMs). It has been widely used in real workloads,
ranging from chat completion (OpenAl, 2022), question
answering (Cobbe et al., 2021; Rein et al., 2023) to coding
tasks (Jimenez et al., 2024).

Despite the substantial progress in SD, there has not been
a systematic study on its effectiveness. Prior studies only
used prototype implementations rather than production-level
systems, which greatly undermines the validity of their con-
clusions. Worse yet, these evaluations are often conducted
with a batch size of one (Xia et al., 2024; Cai et al., 2024;
Leviathan et al., 2023; Li et al., 2024b;c; 2025)—an unreal-
istic configuration that fails to reflect real-world deployment.
Second, since the introduction of SD, numerous variants
have emerged, including draft-model-based (Miao et al.,
2023; Liu et al., 2023; Zhou et al., 2023; Ye et al., 2024;
Chen et al., 2024), n-gram-based (Saxena, 2023; Somasun-
daram et al., 2024), and tree-based (Cai et al., 2024; Li et al.,
2024b; Lin et al., 2024; Fu et al., 2024; Li et al., 2024c;
2025) approaches. Yet, we are unaware of any systematic
analysis comparing these variants and understanding their
respective use cases. This gap poses practical challenges:
when deploying SD in production, practitioners are often
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left without clear guidance on which variant to use for dif-
ferent model architectures or workload conditions.

We aim to study SD in actual deployment settings using
real-world workloads. Towards that end, we systematically
benchmark SD in vLLM (Kwon et al., 2023), a production-
ready inference system, and evaluate multiple SD variants
across diverse datasets. Although this setup may appear
straightforward, several subtle yet important caveats arise
in practice. First, while SD is theoretically guaranteed to
preserve the same token distribution as standard decoding,
we observe that the generated outputs are not always iden-
tical. This discrepancy stems from the inherent nondeter-
minism (He, 2025) in LLM inference—caused by factors
such as kernel parallelism and floating-point variation. Fur-
thermore, we study the SD performance on two increas-
ingly prominent setups: reasoning workloads, which in-
volve longer and more structured generations, and multi-
token prediction (MTP) (Liu et al., 2025; Zeng et al., 2025),
a recently emerging acceleration technique that comple-
ments SD. Across all workloads, every SD variant out-
performs the no-SD baseline. The speedup decreases as
the batch size increases, consistent with the reduced op-
portunities for SD on computation-bound scenarios (Liu
et al., 2024). Notably, reasoning workloads that require
long chains of thought—and therefore generate longer out-
puts—exhibit speedups comparable to those observed on
standard language-modeling tasks.

Next, we conduct a detailed analysis to understand the per-
formance of speculative decoding (SD) across different vari-
ants. The overall speedup of SD is governed by two key
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factors: the execution efficiency of its constituent stages and
the token acceptance rate.

We first examine the execution efficiency of the different SD
stages. In general, SD consists of three stages—proposing
tokens, verifying tokens, and system overhead such as
scheduling and rejection sampling. By examining the time
breakdown of the three stages, we find that the proposing
stage accounts for only a small portion of the total execution
time, and the execution of the large model during verifica-
tion remains the dominant cost. Thus, when the acceptance
rate is low, repeatedly running the large model on rejected
tokens incurs substantial runtime cost. As shown in prior
work (Liu et al., 2024), this extra cost becomes prohibitive
under high system load, and can even cause SD to be slower
than standard decoding.

We next conduct a detailed analysis of acceptance behavior
in SD, examining when proposed tokens are accepted or
rejected. We observe that acceptance patterns exhibit three
levels of variability: within a request, across different re-
quests, and across different datasets. Furthermore, different
SD methods demonstrate entirely different behavior. For
example, learned SD methods such as EAGLE maintain
stable and consistently high acceptance across diverse work-
loads, whereas training-free method like n-gram produces
more variable but occasionally much longer accepted spans
in tasks like code-editing, where frequent local repetitions
allow it to reuse previously seen patterns.

Based on the above observations, we ask a fundamental
question: how far are current SD approaches from the op-
timal speedup, and what is the theoretical upper bound of
speculative decoding?

First, motivated by the observation that a large fraction
of proposed tokens are ultimately rejected, we identify a
promising direction for improving SD performance: veri-
fying only those tokens that are likely to be accepted. In
the ideal case, a proposal method that perfectly predicts the
large model’s outputs would eliminate the need to invoke
the large model altogether. To quantify the gap between
observed and theoretical speedups, we develop a simulator
grounded in real-world benchmarking data. This simulator
evaluates performance under an idealized setting in which
all proposed tokens are accepted, thereby minimizing verifi-
cation cost and achieving the optimal speedup.

Second, we observe that different SD methods achieve
higher acceptance at different token positions. This comple-
mentarity suggests that adaptively combining multiple SD
methods can unlock additional speedup beyond what any
single method can achieve in isolation. Our results show
that such adaptive combinations can improve end-to-end
speedup to 4.9 relative to standard (no-SD) decoding.

In summary, the paper makes the following contributions:

* Production-grade evaluation of speculative decoding.
We present the first systematic study of SD within a widely
adopted, highly optimized inference engine (VLLM),
thereby bridging the gap between research prototypes
and real-world deployments. We evaluate mainstream SD
variants across various real-world workloads.

* Decomposition of speedup and performance bottle-
necks. We analyze key factors that affect SD performance
and find that: (1) verification cost remains dominant, and
(2) acceptance behavior exhibits variability across posi-
tions, requests, and datasets. To the best of our knowl-
edge, this is the first work to thoroughly examine both the
time/memory breakdown and acceptance dynamics of SD
across diverse workloads.

* Theoretical upper bound of SD speedup. Based on
these observations, we analyze the gap between mea-
sured and maximum achievable speedup. By leveraging
position-specific acceptance statistics without modifying
the proposing method, we compute the theoretical upper
bound of SD performance, revealing an orthogonal and
promising direction for future optimization.

2 BACKGROUND AND MOTIVATION

Speculative Decoding. Large language models (LLMs) gen-
erate text auto-regressively: given a prompt (21, ...,2Zn),
they produce an output sequence (Zn+1,- .., Zn+s), One
token at a time. At each step, the model computes a prob-
ability distribution over the vocabulary and samples the
next token. However, while LLMs generate tokens se-
quentially, they can also evaluate the probabilities of a
given token sequence in parallel. That is, for candidate
tokens n+1, ..., Zn+s, an LLM can compute P(zn+1
T1,--,2n)y---, P(Tn+s ] T1,...,Zn+s_1) in a single
forward pass. Speculative decoding (Leviathan et al., 2023;
Chen et al., 2023) utilizes this property of LLMs as an eval-
uator on a string of candidate tokens in parallel, enabling
higher hardware utilization and potentially generating mul-
tiple tokens. For example, a smaller model may generate %
candidate tokens, and our target LLM model then predicts
k + 1 probability distributions for each token position in par-
allel. We then accept the first m tokens from the k candidate
tokens that satisfy the sampling method.

SD Variations. When SD was first introduced, the standard
approach was to use a smaller draft model with the same
vocabulary as the target model, since rejection sampling
must operate on a probability distribution in the same token
embedding space. Subsequent work has proposed various
ways to construct the draft model, such as quantization (Lin
et al., 2023; Frantar et al., 2023; Kim et al., 2024) or distil-
lation (Zhou et al., 2023) of the target LLM. However, in
practice, an off-the-shelf draft model is not always available,
requiring quantizing or pruning the original model, or even
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pretraining a smaller model from scratch. 3 END-TO-END PERFORMANCE OF

To overcome the limitations of requiring a separate draft SPECULATIVE DECODING
model, draft-model-free SD methods have been proposeg his section, we evaluate the performance of SD variants

One common approach is to add auxiliary prediction layers,cross various model sizes and datasets. The complete

on top of the nal transformer block (Li et al., 2024b;¢; ayperimental setup is summarized in Tab. 5 of the Appendix.
2025). These additional “head” layers take the hidden states

as input and directly propose toke_ns. However, practitioner%_1 Experiment Setup

still need to ne-tune these drafting heads separately. Re-

cently, a new line of work has removed the need for post-hodnference Engine and Hardware. All experiments are
training. Multi-Token Prediction (MTP) (Liu et al., 2025; conducted using VLLM v0.10.1.1 unless otherwise stated.
Zeng et al., 2025) co-trains auxiliary prediction heads jointlyTo closely approximate real-world serving scenarios, we
with the main model, rather than ne-tuning them afterward.enable all default vLLM optimizations, including KV cache
As a result, these auxiliary heads are available out of the bomnanagement, continuous batching, chunked pre ll, and
and achieve substantially higher token-acceptance rates. CUDA Graphs. We run all experiments on NVIDIA
H100 (NVIDIA, 2024b) with 80 GB of memory. For 8B
models, we use a single GPU, while for the 70B/106B mod-
els, we use four GPUs with a tensor parallel size of four.

Another line of draft-model-free SD methods utilize a non-
LLM proposer. A representative example is prompt lookup
decoding, on-gram (Saxena, 2023). The intuition is that
LLM outputs often contain recurring phrases; thereforeModels and SD variants We evaluate two models from
we can extrach-gram snippets from previously generated the Llama-3 family (Dubey et al., 2024): Llama3.1-8B-
text and reuse them as token proposals. This approach ksstruct and Llama3-70B-Instruct. We also include Qwen3-
particularly effective in workloads such as code or passag8B! (Yang et al., 2025) and GLM-4.5-Air-106B (Zeng et al.,
editing, where the input and output share substantial overla@025) for reasoning workloads. We benchmark the follow-
Another example is using retrieval-augmented generatioing SD variants:

(RAG) to retrieve candidate proposals from an external cor-

pus (He et al., 2024). These non-LLM approaches demon-* Draft-model-based (Leviathan et al., 2023; Chen et al.,
strate the potential for lightweight or task-speci ¢ drafting ~ 2023): Uses a smaller draft model to propose 3 draft
mechanisms. tokens per step, which are later veri ed by the target
model. Details of model pairing are in Appendix Tab. 6.

EAGLE (Li et al., 2024b) and EAGLE-3 (Li et al.,
2025): Draft-model-free methods with ne-tuned auxil-

Problems of Existing Benchmarks. Most prior works
evaluate SD by building proof-of-concept research proto- *
types, as integration into a production-grade inference sys- “ o -
tem is nontrivial and requires modi cations across multiple 121y prediction heads, predicting 3 draft tokens per step
components. However, this makes a fair comparison be- for chain-based settings

tween SD methods dif cult and the bene ts in real-world ¢ Multi-Token Prediction (MTP) (Liu et al., 2025): Co-
deployment impossible to predict, due to the following lim-  trained draft-model-free approach where auxiliary heads
itations. First, many prototype implementations lack key  are jointly trained with the target model; we use 3 draft
optimizations in production systems, such as the use of tokens per step.

CUDA graphs (NVIDIA, 2024a) to reduce system overhead, . n-gram (Saxena, 2023; Somasundaram et al., 2024):
a common feature in LLM serving systems (Kwon et al.,  Trajning-free method reusing recurringgram phrases
2023; Zheng et al., 2024). Second, the implementations from the prompt; we use 3 draft tokens per step with
are typically evaluated with a batch size of one, whichis  nromptlookup_max=7 and promptlookup_min=3
unrepresentative of large-scale batched deployments of the o |nstructCoder with Llama3.1-8B, Llama3-70B
real world. Finally, prior work lacks an in-depth analysis  and Qwen3-8B without reasoning, we additionally

of SD speedup, as they primarily focus on high-level met- evaluaten-gram with 5 draft tokens per step to study
rics such as average latency or dataset-level acceptance rate. the effect of a larger proposal length.

(Li etal., 2024b; 2025; Xia et al., 2024) We believe that a

deeper understanding, such as execution time breakdowh|ess otherwise speci ed, the maximum generation length

and position-level acceptance behavior, is necessarytofully

explain and optimize the end-to-end performance of SD. ~ 'Throughout the paper, Qwen3-8B-Thinking denotes the same
model with thinking mode enabled, whereas Qwen3-8B refers to
its non-thinking mode.

20f cial EAGLE-3 weights are unavailable for Llama-3-70B,

EAGLE weights are likewise unavailable for Qwen3-8B and
EAGLE-3/EAGLE weights are also unavailable for GLM-4.5-
Air (Li et al., 2024b).
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is capped at 8192 tokens. For reasoning workloads AIME22eonfounding effect of varying generation lengths. Speedup
24 and GPQA-Main, we extend this limit to 32,768 tokensis then de ned as the ratio between the throughput with
to prevent early truncation. Decoding is performed withspeculative decoding (SD) and the throughput without it.
temperature set to 0 and no sampling truncattop (=1,

top _k=-1). 3.2 Results

Workloads. We evaluate six datasets representing diversgnd-to-end speedup. We rst present the end-to-end

real-world applications: CNN/DailyMail (Hermann et al., throughput comparison in Fig. 1. Due to page limits,
2015; See et al., 2017) (summarization), ShareGPT (shge present the results for tree-style veri cation in Ap-
2024) (multi-turn chad), InstructCoder (Li et al., 2024a) pendix A.2.2. Across most con gurations, SD improves
(code editting), GSM8K (Cobbe et al., 2021) (grade-schoofhroughput over the baseline without SD. The improvement
math), and two complex reasoning datasets: AIME22s most pronounced with small/medium batch sizes, when

24 (AoPS, 2024; Project Numina, 2024) and GPQAthe system is memory-bound, so lots of compute can be
Main (Rein et al., 2023). We detailed the dataset informationysed for proposing and veri cation.

in Appendix Sec. A.1. , ) o
Batch Size. Increasing batch size improves absolute

Generation Length and Evaluation Metrics. Although throughput but systematically reduces the relative
in theory SD should preserve the same token distribution  speedup of speculative decoding, an effect that is

as standard decoding, in practice we observe discrepancies ampli ed for larger models.
in the generated outputs—-even under greedy decodin% ] ) ] )
Tab. 1 illustrates this by showing variations in generationcOnsistent with prior work (Liu et al., 2024), larger batch

length when using the same set of prompts while changin§'Z€S yield higher absolute throughput but lower relative
the batch size and SD variant. For each con guration, we>P€edup. For example, for the Llama3.1-88 model on the
replicate each request multiple times to match the targep SM8K dataset, the speedup of EAGLE over the non-SD

batch size. This creates a steady-load setting by keepirfg@Seline decreases from 1.78 1.21 as the baich size
request lengths uniform within each batch, so requests nistncreases from1 to 128.

at similar times, and the effective batch size remains stablat a high level, SD trades additional computation for in-
To account for prompt heterogeneity, we repeat the procesgreased throughput or reduced latency. When the batch size
for 500 requests, average the results, and also record the small, the system has suf cient idle compute resources,
generation length for each request. so the extra computation-spent on proposing and verify-
Table 1.Average generation length (meanstandard deviation) of  jnq tokens that are ultimately rejected—has limited impact.
the baseline (w/o SD) and different SD variants on the ShareGP-ﬁowever, as the batch size grows, the system becomes in-

dataset using Llama3.1-8B across varying batch sizes. . .
Baich Size wio SD ngram Eagle Eagle3 creasingly compute-bound, making the overhead spent on

1 7371048 750 1100 7311010 736 1046 proposing and verifying rejected tokens more costly, and
16 708932 675818 686853 686853 thus leading to smaller speedups. As shown in Sec. 5, the
32 674784 697887 693857 706917 C : I

64 687852 696911 709924 709924 veri cation stage dominates the overall execution time under
128 714930 7391050 709924 709 924 such conditions.

As shown in Tab. 1, even without speculative decodingye f,rther observe that this trade-off between computa-

(the wio SD column), generation length differs across OIIf'tion and speedup becomes more obvious as the model size

ferent batch sizes, and similarly when SD is used. Impori, o ieages  For instance, with EAGLE, on the ShareGPT
tantly, these differences are not consistently longer or short

. i . dataset, increasing the batch size from 1 to 32 reduces
than the baseline, suggesting that they stem from numeric e speedup by 4.3% (1.680 1.61 ) for Llama3.1-8B

nondeterminism rather than implementation bugs. Recent, ..o« tor [ lama3-70B. the speedup drops by 14.0%
work (He, 2025) attributes such variability to kernel-level (1.96 to1.72 ). This trenc,JI arises because the 70B moael

nondeterminism and oating-point variation. is executed on four GPUs, so even with small or medium
To account for uctuations in output length, we use tokenbatch sizes, the system is already compute-bound, leaving
throughput, i.e., the number of generated tokens per seclimited spare compute to verify tokens that are ultimately
ond, as the performance metric. This measure removes thejected.

3ShareGPT is used here as a representative chat workload SD Variants and dataset. The-gram method is
rather than as a held-out benchmark. Because the LLaMA-based generally less effective than other SD approaches
EAGLE/EAGLE-3 weights used in our study are trained on train-  across most workloads, with the notable exception of
ing mixtures that include ShareGPT, results on ShareGPT may code-editing tasks. Moreover, the draft-model-based

be optimistic and should be interpreted primarily as end-to-end .
performance on a realistic chat workload rather than as a clean method achieves the best performance on the 70B

measure of generalization. target model; however, the effectiveness diminishes
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(a) Llama3.1-8B, GSM8K (b) Llama3.1-8B, CNN/DM (c) Llama3.1-8B, ShareGPT (d) Llama3.1-8B,
InstructCoder

(e) Llama3-70B, GSM8K  (f) Llama3-70B, CNN/DM (g) Llama3-70B, ShareGPT (h) Llama3-70B,
InstructCoder

(i) Qwen3-8B, GSM8K () Qwen3-8B, CNN/DM (k) Qwen3-8B, ShareGPT (I) Qwen3-8B, InstructCoder

Figure 1.End-to-end performance on non-reasoning workloads. Fonimm method, we report results for both three-token and
ve-token proposals.

as the target model size decreases (e.g., 8B). model, whereas for Qwen3-8B we use Qwen3-0.6B. Al-

GSM8K, CNN/DailyMail, and ShareGPT all show similar though acceptance rates can be similar across the 70B and

: . 8B setups on the same dataset—or even higher for the 8B
trends, with EAGLE-3 or draft-model-based method achiev- PS O g
. . . case sometimes—draft-model-based SD is nonetheless no-
ing the highest speedup across batch sizes. In contrast, gn .

X Iceably less effective on the smaller model. For example,
InstructCoder, the performance gap among SD variants nar-

i 0,
rows. For both Llama3.1-8B and Qwen3-8B, thgram on GSMB8K, the acceptance rate is around 76% for the 70B

0
method even outperforms EAGLE and EAGLE-3. This setup and arou'nd. 81% for the 88 setup, yet the overall
. . " erformance gain is substantially lower for Qwen3-8B.
behavior arises because code-editing workloads such &S
InstructCoder exhibit strong token reuse, which can be effhis discrepancy arises because the proposing overhead
fectively exploited by simple drafting methods likegram. is substantially larger for the 8B model. Speci cally, the
We further analyze the performance of n-gram in Sec. 7. execution-time ratio between the draft and target model's

; . 0 )
Next, we observe that draft-model-based methods outpeSF'-ngle forward pass is around 12.5% for the 708 setup, com

form EAGLE on the Llama3-70B model in most settings pared to an estimated 37.5% for the 8B setup. As a result,

As shown in Fig. 6, draft-model-based approaches achieV%raftmg:; becomes signi cantly more expensive relative to

. . ; : veri cation on smaller models, which diminishes the overall

higher token acceptance rates, while their proposing OVe[- o t of draft-model-based SD

head is comparable to that of EAGLE (see Fig. 3). This '

behavior is expected: draft models are pretrained on large- Reasoning Workloads. Models and drafting meth-
scale corpora, whereas the EAGLE head is only ne-tuned ods that sustain high acceptance rates over long
on arelatively limited dataset, which naturally constrainsits  contexts—such as EAGLE-3 and, in some cases,
acceptance rate. gram—derive the greatest bene t on reasoning tasks.
In contrast, MTP performance is limited by the reuse

In contrast, on Qwen3-8B, draft-model-based speculative of a single MTP head across drafted tokens,

decoding consistently underperforms EAGLE-3 and, in
some cases, even the training-fregram method. Specif- As reasoning workloads become increasingly prevalent,
ically, for Llama3-70B, we use Llama3.2-1B as the draftunderstanding the effectiveness of speculative decoding
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(a) Qwen3-8B-Thinking, GSM8K (b) Qwen3-8B-Thinking, CNN/DM  (c) Qwen3-8B-Thinking, ShareGPT

(d) Qwen3-8B-Thinking, InstructCoder(e) Qwen3-8B-Thinking, AIME22-24 (f) Qwen3-8B-Thinking, GPQA-Main
Figure 2. End-to-end performance on reasoning workloads.

(SD) in this regime becomes important. These work-others, and how these keep us from reaching the theoretical
loads feature short prompts but long generation sequencegpper bound. We then examine how acceptance patterns
We evaluate SD on two representative reasoning benchsthin a request, across requests, and across datasets.
marks, AIME22-24 (Project Numina, 2024) and GPQA-

Main (Rein et al., 2023). 4.1 End to End Speedup Formula

As shown in Fig. 2, we report the absolute generations pointed in the original SD paper (Leviathan et al., 2023),
throughput across different batch sizes. To ensure faif et ¢ denote the execution-time ratio of a single forward
and consistent comparisons, we restrict our evaluation tgass between the drafting method and the target modsl|,
medium batch sizes. Reasoning tasks typically involve longhe token acceptance rate ani the proposed length. The

generation sequences, which can trigger request preempti&xpected overall wall-time speedup achieved by speculative
once the KV cache becomes full. By avoiding such preempdecoding, can be expressed as folldws:

tion, the reported results more accurately re ect the inherent
ef ciency of speculative decoding rather than performance 1 k+1

i . E(speedup) = ————:
artifacts caused by memory pressure (sp p) @ ke + D)

For Qwen3-8B-Thinking, EAGLE-3 consistently leads

across datasets, achieving 1.64..80 speedup over on  As shown, the speedup depends on two factors: the proposed
GPQA-Main and AIME22-24, whereasgram performs  |ength ), the execution-time ratio between the drafting
comparably at 1.50-1.58 . This trend likely arises be- method and the target mode)(and the token acceptance
cause the model produces longer contexts and repetitiieite (). Importantly, the absolute execution time of the
symbolic patterns, increasing opportunities for reuse. Asirafting method is irrelevant; only its runtime relative to the

shown later in Sec. 6, the average acceptance length arget model affects the achievable speedup.
GPQA-Main generally grows with sequence length, with

n-gram'’s acceptance rising faster than EAGLE-3's.

)

Employing a more sophisticated drafting method can im-
_ _ ~ prove the token acceptance ratebut often at the cost
We defer the detailed MTP results to Appendix A.2.1, sinceof increased execution time, leading to a large€onse-

the currently measured performance is less representativiiently, optimal speedup is achieved by carefully choosing

of MTP's full potential. a drafting method that balances the trade-off betweand
. In the following sections, we evaluate these factors and
4 UNDERSTANDING THE PERFORMANCE additionally analyze the memory overhead of SD.

. . . . A : ;
In this section, we aim to have a better understanding of the This formulation assumes that tke- 1 simultaneous evalua-

i . ons of the target model take approximately the same amount of
end-to-end speedups reported in Sec. 3. We start by bre e as generating a single token in parallel. This assumption typi-

ing down where time and memory are spent on differentajly holds when the system is memory-bound, which is common
SD stages — drafting, veri cation, rejection sampling, andat small batch sizes, but may break down once the system becomes
compute-bound.
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5 EXECUTION TIME AND MEMORY | No SD/n-gram | EAGLE | EAGLE 3
BREAKDOWN Static (GiB) 14.96 15.43 15.75
Per-token (KiB) 128 132 132

5.1 Execution Time

(a) Memory breakdown on Llama3.1-8B
| No SD/n-gram| EAGLE | D-M (1B)

In Fig. 3, we present the execution time breakdown of dif-
ferent stages in the baseline LLM execution and SD settings

For all experiments, we sample 500 requests from CNN/- _ Static (GiB) 131.4 ‘ 133.3 ‘ 133.7
DailyMail. All other runtime settings are the same as Tab. 5. _Per-token (KiB) 320 324 3852
For each con guration, we report the fraction of total exe- (b) Memory breakdown on Llama3-70B

cutiqn time attributable to four components.: (i) Drafting, | No SD/n-gram| EAGLES | D-M (0.6B)
the time to generate speculated tokens, which corresponds —

to the lookup operation far-gram and the autoregressive p ;t-?glge(r?éﬁi)s) 1154315 ‘ 1&%0 ‘ 1265'3(;7
generation of the EAGLE heads for EAGLE and EAGLE-

3; (ii) Veri cation, the time spent by the target model to (c) Memory breakdown on Qwen3-8B
validate proposed tokens; (iii) Rejection Sampling, time Table 2.Static and per-token memory usage of the baseline model
spent on generating nal tokens based on veri cation logits;execution and different speculative decoding methods. DM stands
and (iv) Other Overheads, all other overheads in the vLLM for Draft-Model-based method.

execution system.

Implication. Veri cation cost dominates the end-to-end ex-
ecution of speculative decoding, indicating that running the
large target model remains the primary computational bot-
tleneck. When the proposed tokens are ultimately accepted,
this cost is well justi ed. However, verifying tokens that
are later rejected can incur substantial wasted computation.
This observation motivates a natural question: how much of

We observe that the veri cation stage generally takes théhe veri cation compute is truly useful? Conversely, what
largest execution time, ranging from 42% to 95% in all Speedup could be achieved if veri cation were performed
execution methods, which increases with the model size an@inly on “correct” tokens, eliminating wasted work? These
batch size. guestions form the basis of Sec. 8, where we estimate the

. . theoretical upper bound for SD.
Drafting costs, however, vary substantially by proposal

mechanism. Fon-gram, drafting time accounts for less
than 2% across all executions, adding negligible overhea
to the baseline execution. Both EAGLE and EAGLE3 showlIn Tab. 2, we present the GPU memory usage of each SD
similar drafting overhead characteristics, accounting for azariant with Llama3.1-8B, Llama3-70B and Qwen3-8B. We
12% to 20% of the execution time at batch size 1, and 3%ise FP-16 precision and report the static memory overhead
to 7% at batch size of 512. Draft-model-based method$rom the model weights and per-token KV cache calculated
differ in that they must run a separate smaller model autoraising model specs. We do not report intermediate memory
gressively to propose tokens, leading to a larger draftingverheads, such as the activation tensors during execution.
overhead when the batch size is small. For Llama3-70BThe detailed calculations can be found in Appendix A.3.
drafting takes from 21% at batch size of 1 to 3% at batch
size of 512. For Qwen3-8B, drafting is about 47% at batch
size of 1 and decreases to 16% at batch size of 512. As
a result, the veri cation fraction is correspondingly lower
(roughly 72% for Llama3-70B and 42% for Qwen3-8B at
batch size of 1). We leave a ner-grained decomposition of
veri cation time to future work.

Execution Time. Veri cation time generally ac-
counts for the largest share of runtime across spec-
ulative decoding variants, while sampling time is
negligible. Drafting is negligible fon-gram, stays
below 20% for EAGLE/EAGLES3, and stays under
40% for draft-model methods acorss all batch sizes.

5.2 Memory

Memory. Speculative decoding generally incurs
minimal memory overhead, including both static pa-
rameters and KV cache: itis zero fargram, below
10% for EAGLE/EAGLE-3, while draft-model-based
methods incur overhead that depends on the chosen
draft model.

Furthermore. the samoling stage takes a negligible amou \We nd that the memory overhead of speculative decoding
' pling stag 9ig r|2§D) is minimal. Fom-gram SD, draft tokens are sampled

of time, accounting for less than 1.7% of total time across aIfrom CPU-resident aeneration history. incurring no GPU
executions. Lastly, vLLM overhead accounts for 3-12% of 9 Y 9
memory overhead.

total execution time. This fraction decreases as model an
batch size grow, since xed overheads—such as schedustatic Memory. Static memory corresponds to the memory

ing—are independent of model scale and therefore becomequired to store model weights. Certain SD variants add
amortized at larger batch size or model size. extra layers or even an independent model, thereby incur-






