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Abstract

Speculative decoding has emerged as a promis-
ing approach to accelerate Large Language
Model inference. However, existing research
has predominantly focused on 7B-70B param-
eters models, leaving a critical knowledge
gap for small language models (1-2B parame-
ters) that are increasingly important for edge
computing and agentic Al systems. This pa-
per presents the first comprehensive empirical
study of speculative decoding techniques for
small language models. We evaluate five dis-
tinct method categories across three represen-
tative model families and reveal that drafting
overhead, rather than draft quality, becomes
the primary bottleneck fundamentally limiting
acceleration of small models. We demonstrate
that traditional independent drafting fails com-
pletely due to the suboptimal architecture of
available drafters, while self-drafting methods
achieve meaningful acceleration only when em-
ploying sufficiently efficient draft modules. In
contrast, retrieval-based methods with negli-
gible computational overhead yield consistent
gains. Based on these insights, we establish
practical guidelines for effective small model
acceleration.

1 Introduction

Large Language Models (LLMs) generate text au-
toregressively. Each step requires a complete for-
ward pass through the model and the transfer of all
model parameters from the High-Bandwidth Mem-
ory to the on-chip cache of modern accelerators
like GPUs, creating a memory bandwidth bottle-
neck (Shazeer, 2019) where inference latency is
dominated by memory operations rather than com-
putation.

Speculative decoding addresses this limitation
through a draft-then-verify paradigm (Stern et al.,
2018; Leviathan et al., 2022; Chen et al., 2023):
an efficient draft model generates candidate tokens,
which the target model (LLM to be accelerated)

verifies in parallel via a single forward pass. When
the target model’s predictions align with the drafted
tokens, multiple tokens can be accepted simultane-
ously and added to the final generation; otherwise,
verification stops at the first mismatch, thus guar-
anteeing equivalent generation quality.

The speedup of speculative decoding can be ap-
proximated as:

1 + E[# accepted tokens]
1+ Cy/C,

Speedup = (D
where C}; is the drafting cost, C,, is the verification
cost (approximately one forward pass of the target
model), and accepted tokens refer to draft tokens
that pass verification per speculative decoding iter-
ation (one complete draft-then-verify cycle). This
formula reveals why speculative decoding has been
highly effective for large models (7B-70B param-
eters): the expensive memory transfers required
for large model inference create high C',, making
the Cy/C, ratio small and thus easily amortized by
accepting even a few draft tokens.

However, this success does not directly trans-
fer to small models (1-2B parameters). Despite
their increasing importance for edge computing
and resource-constrained environments—where on-
device inference provides energy efficiency, pre-
serves privacy, and operates without internet con-
nectivity (Zhang et al., 2024)—and their particu-
lar promise for agentic Al systems (Belcak et al.,
2025), small language models have received little
attention in speculative decoding research. This
creates a critical knowledge gap: existing tech-
niques, developed and optimized exclusively for
large models, may be fundamentally unsuitable for
small model acceleration. The fundamental chal-
lenge is that for small models, memory transfers
are already significantly faster and cheaper — C,
is small. Consequently, the C;;/C,, ratio in Equa-
tion 1 becomes dominant rather than negligible.
Even modest drafting overhead can eliminate po-
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tential speedups, shifting the optimization focus
from maximizing draft quality (the primary con-
cern for large models) to minimizing the drafting
overhead (Cy/C, ratio) while maintaining suffi-
cient number of accepted tokens.

To address this gap, we conduct a systematic em-
pirical study of speculative decoding techniques for
small language models (1-2B parameters), exam-
ining five distinct method categories across three
representative model families. Our work makes the
following contributions:

Failure of Independent Drafting : We are the
first to empirically demonstrate that independent
drafting with family-matched models slows down
small target model inference due to the lack of
sufficiently efficient draft models in the current
open-source ecosystem.

Framework for Small Language Model (SLM)
Acceleration : We move beyond the conven-
tional "draft quality" focus relevant for large mod-
els and establish a new framework for SLMs cen-
tered on the trade-off between drafting overhead
and draft quality. Through extensive experiments,
we reveal that effective small model acceleration
requires either negligible drafting costs or suffi-
ciently high drafting quality to justify overhead,
achievable only through model-specific training.

Practical Design Principles : We synthesize our
findings into practical design principles and a deci-
sion framework for engineers and researchers de-
ploying SLMs: (1) Avoid external drafters unless
they employ wide-shallow architectures designed
for low latency; (2) If training budget is available,
leverage model-specific training to achieve draft
quality sufficient to overcome computational over-
head; (3) Prioritize retrieval-based methods with
negligible computational cost when training is not
an option; (4) Integrate tree verification mecha-
nisms, when applicable, to enhance performance.

2 Related Work

The formal framework of speculative decoding
was established by two seminal works: Specula-
tive Sampling (Leviathan et al., 2022) and its con-
current development (Chen et al., 2023), which
demonstrated that smaller draft models can gen-
erate candidate tokens verified in parallel by the
target model while maintaining equivalence to stan-
dard autoregressive generation across diverse sam-
pling strategies. From these foundational works,

various methods and variants have been explored,
creating a rich landscape of techniques.

Building upon the taxonomy established by Xia
et al. (2024), we organize speculative decoding
methods into three primary categories based on
their drafting strategies, as illustrated in Figure 1.
We treat retrieval-based methods as a distinct cate-
gory due to their fundamentally different computa-
tional characteristics—they employ deterministic
lookup operations rather than parametric model
inference.

2.1 Independent Drafting

Independent drafting methods employ external
models separate from the target LLM for token
speculation. These methods either train special-
ized draft models (Xia et al., 2022; Miao et al.,
2023; Zhou et al., 2023) or employ existing small
language models from the same family as drafters
(Leviathan et al., 2022; Chen et al., 2023; Spector
and Re, 2023; Sun et al., 2023).

2.2 Self-Drafting

Self-Drafting techniques leverage components of
the target model itself for draft generation, elimi-
nating the need for external models. This category
encompasses three distinct approaches.

FFN Heads techniques extend the target model
with specialized prediction layers for draft gener-
ation (Stern et al., 2018; Cai et al., 2024; Li et al.,
2024b,a, 2025). EAGLE (Li et al., 2024b) intro-
duces feature-level autoregressive drafting, where
a lightweight transformer layer generates draft to-
kens based on target model features and arranges
them into a token tree for parallel verification.
EAGLE-2 (Li et al., 2024a) improves tree construc-
tion through dynamic adaptation based on draft
model confidence scores, while EAGLE-3 (Li et al.,
2025) performs direct token prediction with multi-
layer feature fusion, enabling better scaling with
increased training data.

Early Exiting methods generate draft tokens us-
ing only the initial layers of the target model (Yang
et al., 2023b; Zhang et al., 2023; Hooper et al.,
2025; Liu et al., 2024). These approaches are based
on the observation that language model representa-
tions often converge to correct predictions in early
layers for simple tokens, making deeper compu-
tation unnecessary. Kangaroo (Liu et al., 2024)
implements double early exiting by using a shallow
sub-network composed of the first few layers of the
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Speculative Sampling (SpS) (Leviathan et al., 2022; Chen et al., 2023),
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Figure 1: Taxonomy of speculative decoding methods categorized by drafting strategy. Methods evaluated in our

study are shown in bold.

target model followed by a trained adapter and by
stopping the drafting phase when confidence falls
below a threshold for each generated token.

Mask  Predict strategies employ  non-
autoregressive mechanisms for parallel token
prediction (Santilli et al., 2023; Fu et al., 2024;
Monea et al., 2023). Lookahead Decoding (Fu
et al., 2024) reformulates autoregressive decoding
as Jacobi iteration and employs an n-gram pool
that caches token sequences, enabling parallel
generation of multiple tokens and accelerating
future predictions when similar patterns recur.

2.3 Retrieval-Based Drafting

Retrieval-based methods employ lookup mecha-
nisms rather than model inference for draft gener-
ation (Saxena, 2023; He et al., 2023; Yang et al.,
2023a). Prompt Lookup Decoding (PLD) (Sax-
ena, 2023) matches n-grams within the generation
context itself, using subsequent tokens from con-
text matches as draft candidates. REST (He et al.,
2023) extends the retrieval concept by constructing
external datastores from large text corpora. During
inference, the system retrieves relevant text spans
that share common prefixes with the current gener-
ation, using the continuations as draft candidates.
The retrieved candidates are organized into tree
structures for efficient parallel verification.

3 Methodology

We evaluate speculative decoding methods from all
three primary categories of the taxonomy (Figure
1), examining their effectiveness across represen-
tative small models using established benchmarks

and evaluation protocols.

3.1 Models and Datasets

We select three small language models as tar-
gets: Qwen2.5-1.5B-Instruct (Yang et al., 2024a),
SmolLM2-1.7B-Instruct (Allal et al., 2025), and
Llama-3.2-1B-Instruct. For comparative context
with existing literature, we include Vicuna-7B-v1.3
(Zheng et al., 2023) as a reference baseline.

For independent drafting methods, we use
family-matched external drafters: Qwen2.5-
0.5B-Instruct as a drafter for Qwen2.5-1.5B-
Instruct, SmolLM2-135M-Instruct as a drafter for
SmolLM2-1.7B-Instruct, and Vicuna-68m (Yang
et al., 2024b) for Vicuna-7B-v1.3. These repre-
sent the smallest available instruction-tuned mod-
els from their respective families. Llama-3.2-1B-
Instruct was excluded from independent drafting
experiments due to the absence of smaller models
within the Llama-3.2 family.

We employ SpecBench (Xia et al., 2024) as
our evaluation framework, which encompasses
six tasks: multi-turn conversation, summarization,
retrieval-augmented generation, translation, ques-
tion answering, and mathematical reasoning. Each
task contains 80 instances, totaling 480 evaluation
samples. We extend the original framework, which
supports only Vicuna models, by integrating Kanga-
roo and adapting all evaluated methods to support
our target models (Qwen2.5-1.5B, SmolLM2-1.7B,
Llama-3.2-1B), and by adding fine-grained timing
instrumentation for component-level analysis.
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3.2 Evaluated Methods

Our evaluation covers all three primary categories
from the established taxonomy (Figure 1), with
specific representatives for each subcategory.

Independent Drafting is represented by Spec-
ulative Sampling (SpS) (Leviathan et al., 2022;
Chen et al., 2023) with the family-matched external
drafters described above.

Self-Drafting methods are evaluated through
three subcategories: EAGLE-2 (Li et al., 2024a)
for FFN Heads, Kangaroo (Liu et al., 2024) for
Early Exiting, and Lookahead Decoding (Fu et al.,
2024) for Mask Predict. We evaluate EAGLE-2 as
the publicly available implementation of EAGLE-3
(Li et al., 2025) was still under active development
at the time of our experiments.

Retrieval-Based methods include PLD (Saxena,
2023) and REST (He et al., 2023).

For the two methods requiring training (Kanga-
roo and EAGLE-2), we train model-specific com-
ponents using the ShareGPT dataset (Aeala, 2023)
following the training procedures and hyperparame-
ters specified in the original papers (Liu et al., 2024;
Li et al., 2024a). Training is conducted on a single
NVIDIA A5500 GPU. For REST, we construct two
datastores of different sizes: a large datastore using
UltraChat (Ding et al., 2023) and a small datastore
using the ShareGPT dataset (Aeala, 2023), follow-
ing the published methodology (He et al., 2023).
We evaluate REST with both datastore configura-
tions.

3.3 Experimental Configuration

All experiments use greedy sampling (I' = 0),
batch size of 1, and float16 precision, following
standard protocols established in speculative de-
coding evaluation (Xia et al., 2024). Experiments
are conducted on a single NVIDIA A5500 GPU
with 24GB memory.

Each method undergoes systematic hyperparam-
eter optimization to identify optimal configurations
for fair comparison. For Vicuna-7B, we use default
hyperparameters from SpecBench (Xia et al., 2024)
to maintain consistency with established bench-
marks. Detailed hyperparameter optimization re-
sults are provided in Appendix C.

We report mean performance across three inde-
pendent runs.

3.4 Evaluation Metrics

We measure two primary metrics that capture differ-
ent aspects of speculative decoding performance.

Speedup Ratio (Equation 1) compares wall-clock
inference time of speculative decoding against stan-
dard autoregressive generation, directly measuring
the actual acceleration achieved.

Mean Generated Length (MGL) measures the
average number of tokens generated per speculative
decoding iteration:

MGL = 1 + E[# accepted tokens] (2)

MGL quantifies draft quality and corresponds to
the numerator in Equation 1. It represents the upper
bound for speedup when drafting costs are negligi-
ble (He et al., 2023). Together, these metrics reveal
the fundamental trade-off for small model acceler-
ation: MGL captures draft quality, while the gap
between MGL and actual speedup exposes drafting
overhead (Cy/C, ratio).

All speculative decoding methods maintain exact
output equivalence with standard autoregressive de-
coding. We therefore do not include output quality
measures in our evaluation.

4 Results

4.1 Independent Drafting Evaluation

Speculative Sampling, successful for large mod-
els, fails to accelerate small models due to draft-
ing overhead. Table 1 shows that while Specula-
tive Sampling achieves 1.69x average speedup for
Vicuna-7B, it experiences severe slowdowns for
small models (0.83x for Qwen2.5-1.5B, 0.67x for
SmolLM2-1.7B). The timing breakdown in Figure
2 reveals the underlying cause: to generate only
two draft tokens, Qwen2.5-0.5B-Instruct requires a
drafting time of 16.6ms, while verification time is
10.7ms.

This timing pattern has profound implications
for acceleration potential. Since Speedup =

Hl\éi% (Equation 1), achieving unit speedup

(Speedup = 1.0) requires MGL = 1 + % =
14 1686 = 255 Given that MGL = 1 +
E[# accepted tokens| (Equation 2), this translates
to requiring 1.55 out of 2 draft tokens (77.5%) to
be accepted—a difficult acceptance rate to achieve.
The situation becomes even more challenging for
SmolLM2-1.7B, where achieving unit speedup re-

quires an acceptance rate of 94%.
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Method Category Qwen2.5-1.5B SmolLM2-1.7B Llama-3.2-1B Vicuna-7B
Speedup MGL | Speedup MGL | Speedup MGL | Speedup MGL

SpS Independent Drafting | 0.83 +002  2.39 0.67 000  2.33 N/A N/A | 1.69% +000 2.82
Lookahead Self-Drafting 1.28 +001  1.85 1.15 000  1.80 1.21 000  1.99 1.26 000 1.75
REST (small) Retrieval-Based 1.19 001 141 1.17 000  1.55 1.01 001 142 1.35 000 1.62
REST (large) Retrieval-Based 1.08 +002  1.55 1.10 001 1.69 0.92 +000 1.59 1.43 001  1.87
PLD Retrieval-Based 1.52% 1002 1.70 | 1.34* +000 1.66 | 1.25% +000 1.54 1.61 +000 1.81
Kangaroo Self-Drafting 1.15 +003  1.93 1.16 +000 1.75 0.91 001 1.50 1.40 000 2.22
EAGLE-2 Self-Drafting 1.70 000  3.02 1.81 +001  3.54 1.44 000 3.06 2.32 o000 425

Table 1: Performance comparison of speculative decoding methods across evaluated language models. Methods
are organized by training requirements (above line: training-free; below line: requires training). Speedup ratios
and Mean Generated Length (MGL) are averaged across all SpecBench tasks. Standard deviations over three
independent runs are reported for speedup ratios; MGL values are identical across runs due to fixed random seeds.
Bold indicates best overall performance per model; asterisks mark best training-free performance.

To investigate the cause of elevated drafter over-
head, we analyzed the architectural characteris-
tics that determine inference speed for both tar-
get models and drafters in standard autoregres-
sive generation. Results are presented in Table
2. We observe that throughput inversely correlates
strongly with model depth rather than parameter
count. For instance, the Vicuna-68M drafter (only
2 layers deep) achieves 12x higher throughput than
SmolLM2-135M (30 layers), despite having half
the parameters. This finding aligns with recent
work that demonstrated through extensive experi-
ments that wide-shallow models enable effective
drafting while deep-narrow designs create latency
bottlenecks (Yan et al., 2024).

Model Parameters | Layers Tokens/
Second
Vicuna-7B-v1.3 7B 32 18
Vicuna-68M 68M 2 1259
Qwen2.5-1.5B 1.5B 28 66
Qwen2.5-0.5B 0.5B 24 120
SmolLM2-1.7B 1.7B 24 64
SmolLM2-135M 135M 30 99
Llama-3.2-1B 1B 16 90

Table 2: Model architecture specifications and inference
throughput comparison. Inference speed measured for
100-token sequence generation with 100-token input
prompts on a single NVIDIA A5500 GPU.

This reveals a fundamental challenge in applying
independent drafting to small model acceleration:
not only is the availability of smaller models from
the same family limited, but the available candi-
dates typically have deep-narrow architectures op-
timized for standalone language modeling perfor-
mance, creating high inference latency that renders
them unsuitable for speculative decoding applica-
tions.

Training specialized shallow drafters from
scratch could theoretically address this architec-
tural mismatch, though the significant resource re-
quirements and uncertain performance outcomes
make this approach impractical for immediate de-
ployment while remaining an interesting direction
for future research.

Key Insight 1

Architecture Determines Viability: When
target models are small, traditional indepen-
dent drafting fails due to the gap between
available deep-narrow and optimal wide-
shallow drafter architectures. As shown in
Table 2, model depth, not parameter count,
controls inference speed—making the archi-
tectural compatibility the primary constraint
for drafting success. Figure 2 demonstrates
how this creates prohibitive drafting over-
head for small models.

4.2 Self-Drafting Methods

4.2.1 Kangaroo Evaluation

Kangaroo, which employs early exit-based drafting
through shallow sub-networks, demonstrates mod-
est improvements compared to independent draft-
ing but fails to achieve meaningful acceleration,
with average speedup ratios of 1.15x for Qwen2.5-
1.5B, 1.16x for SmolLM2-1.7B, and 0.91x for
Llama-3.2-1B across SpecBench tasks (Table 1).

The core limitation stems again from drafting
overhead (Figure 2) that is not compensated by
sufficient draft quality, as evidenced by modest
MGL values of 1.50-1.93 in Table 1.

To understand the sources of this overhead, we
analyzed the timing components of individual draft-
ing steps, as illustrated in Figure 3. Despite using
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Figure 2: Timing breakdown of drafting and verification phases across methods and models. Drafting time (orange)
represents the total time to generate the complete draft sequence (length varies by method); verification time (blue)
covers target model forward pass and token acceptance. Values averaged over three independent runs. Lookahead
Decoding excluded due to non-sequential draft-verify structure; SpS not available for Llama-3.2-1B.

only two layers for drafting, the shared language
modeling head creates a substantial bottleneck, con-
suming 17.3% to 33% of total drafting time de-
pending on vocabulary size. This results in total
drafting step times of 2.2ms for Qwen2.5-1.5B and
Llama-3.2-1B (models with larger vocabularies),
approaching Vicuna-7B’s 2.5ms despite their veri-
fication times being 2.3x and 3.8x shorter respec-
tively (Figure 2), making the drafting overhead par-
ticularly significant for small models. Comprehen-
sive timing analysis and component breakdowns
for all methods are provided in Appendix D.

Additionally, Llama-3.2-1B faces a specific ar-
chitectural disadvantage: with only 16 layers total,
using 2 layers for drafting (12.5% of the model)
provides minimal computational savings compared
to deeper models where 2 layers represent only 6.7-
8.3% of the total architecture, making early exiting
less beneficial and resulting in slowdown rather
than speedup (Table 1).

4.2.2 EAGLE-2 Evaluation

EAGLE-2 demonstrates superior performance
among all methods (Table 1), achieving 1.44-1.81x
speedup across small models and tasks through
higher draft quality, attaining the highest MGL val-
ues across all evaluated methods.

This success stems from two key technical fea-
tures: feature-level autoregressive drafting using a
specialized draft model (a single transformer layer)
trained specifically for speculation, and token tree
verification that maximizes acceptance probability

mmm Early Layers Forward (K)
mmm Adapter Forward (K)
B | M Head Forward

[ Confidence Scoring (K)
mmm Draft Model Forward (E)

2.5

Time (ms)
= N
n o

oy
=]

o
w»

0.0

® ? ?

e 32 !
W \a«\?’ NS
A\

%0
A
6“1 >

QW o

Figure 3: Timing breakdown comparison between Kan-
garoo and EAGLE-2 autoregressive drafting methods
across all evaluated language models. Each bar shows
the time required for individual components during a
single forward pass of the drafter that generates one
draft token. K denotes Kangaroo and E denotes EA-
GLE. Values are averaged over three independent runs.
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through parallel candidate evaluation.

The component breakdown in Figure 3 reveals
that while the LM Head still represents a signifi-
cant portion of drafting time, EAGLE-2’s use of
only a trained transformer layer for drafting, com-
pared to Kangaroo’s combination of target model
layers plus trained adapter, makes it significantly
faster, achieving 1.0-1.4ms total drafting step time
compared to Kangaroo’s 1.7-2.2ms. This demon-
strates that EAGLE-2 succeeds in creating not only
a highly accurate drafter (high MGL) but also an
efficient one, thus achieving the high speedups ob-
served in our evaluation.

Hyperparameter tuning (see Appendix C) re-
vealed that small models favor shallow, wide tree
configurations (depth of 2-3, width of 20) rather
than the deep trees optimal for Vicuna-7B (depth
of 5, width of 10). Since each tree depth level re-
quires an additional forward pass of the draft model,
shallow configurations reduce the computational
cost of candidate generation, showing that even for
EAGLE-2, the best trade-off is achieved by mini-
mizing drafting overhead through reduced forward
passes.

Key Insight 2

Model-Specific Training of Efficient
Drafting Modules Can Justify Drafting
Overhead: EAGLE-2’s success demon-
strates that when drafters are specifically
trained and efficiently designed, the result-
ing draft quality can be high enough to over-
come the drafting overhead (Table 1). Us-
ing only a trained transformer layer that ef-
ficiently reuses computations already per-
formed by the target model for drafting en-
ables both high accuracy and computational
efficiency (Figure 3), while Kangaroo’s ap-
proach of combining target model layers
with a trained adapter creates bottlenecks
that prevent effective acceleration despite
model-specific training.

4.2.3 Lookahead Decoding Evaluation

Lookahead Decoding achieved modest but consis-
tent average speedup of 1.28x for Qwen2.5-1.5B,
1.15x for SmolLM2-1.7B, and 1.21x for Llama-
3.2-1B across SpecBench tasks (Table 1). The
method’s performance remained relatively stable
across model sizes, with Vicuna-7B achieving com-
parable 1.26x speedup.

Unlike traditional speculative decoding methods
that use external draft models, Lookahead employs
a reformulation of autoregressive decoding as Ja-
cobi iteration to generate multiple n-grams in par-
allel within the target model itself. The method
maintains a fixed-size 2D window characterized by
W (future token positions for parallel speculation),
N (lookback steps for n-gram collection), and G (n-
gram candidates verified in parallel). By increasing
these parameters, the method trades higher per-
step computation for reduced total decoding steps,
achieving higher Mean Generated Length (MGL).

The original Lookahead Decoding paper reports
that smaller models achieve higher speedups be-
cause they operate further from GPU computa-
tional limits, enabling larger W, N, and G configu-
rations. Our results confirm this pattern: hyperpa-
rameter optimization revealed substantially larger
optimal window sizes for small models compared
to Vicuna-7B (see Appendix C), which translate to
higher MGL values: 1.80-1.99 across small models
versus 1.75 for Vicuna-7B.

Model Time [ms] Overhead
Lookahead | Autoregressive Ratio
Llama-3.2-1B 9.4 6.4 1.47x
Qwen2.5-1.5B 13.1 9.9 1.33x
SmolLM2-1.7B 13.2 8.9 1.47x
Vicuna-7B 31.6 25.8 1.23%

Table 3: Per-iteration execution time comparison be-
tween Lookahead Decoding and standard autoregressive
generation. Overhead ratio indicates the relative cost of
Lookahead’s parallel speculation mechanism. Values
are averaged over three independent runs on SpecBench
dataset.

However, our timing analysis reveals a critical
counterbalancing factor. Table 3 shows that per-
iteration overhead is proportionally more signifi-
cant for small models (33-47% increase) than for
Vicuna-7B (23% increase). We hypothesize that
this overhead stems from fixed computational costs
in operations such as n-gram pool management and
attention mask construction. When baseline iter-
ation times are 6-10ms for small models versus
26ms for Vicuna-7B, these fixed costs become pro-
portionally more expensive, offsetting the computa-
tional advantages and resulting in similar speedups
across model scales.
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4.3 Retrieval-Based Methods
4.3.1 PLD Evaluation

Prompt Lookup Decoding achieves acceleration
across all evaluated small models (1.25-1.52%) with
negligible 0.3ms overhead (Figure 2), enabling ef-
fective speculation despite modest drafting qual-
ity (Table 1). Among all training-free methods
evaluated, PLD consistently emerges as the best
performer, achieving the highest average speedups
across tasks for all small models while maintain-
ing universal applicability without requiring model-
specific training or external resources.

However, task-specific analysis (Table 4) reveals
that PLD’s effectiveness varies significantly across
different scenarios, showing systematic patterns:
thanks to context reusability, the highest speedups
are achieved in input-grounded tasks like summa-
rization (1.28-2.52x) and RAG (1.51-1.60x), in
which PLD competes and in some cases even sur-
passes EAGLE-2, while translation (1.03-1.28x)
and short question answering (1.02-1.10x) show
limited gains due to the context containing mini-
mal information useful for generation.

4.3.2 REST Evaluation

REST evaluation reveals that retrieval overhead
has a greater impact on small models than large
ones. Our performance and timing analysis (Table
1 and Figure 2) demonstrates this disparity: while
Vicuna-7B tolerates 2.3ms external retrieval over-
head and actually benefits from larger datastores
(achieving 1.43x vs 1.35x speedup), small models’
reduced verification times (7.3-12.0ms) make any
additional latency prohibitively expensive. Con-
sequently, large datastore configurations achieve
only 0.92-1.10x average speedup for small models,
with Llama-3.2-1B experiencing slowdown. Ad-
ditionally, deploying large datastores (~12GB in
our evaluation) presents significant storage chal-
lenges for edge devices with limited memory ca-
pacity, making such configurations impractical for
resource-constrained environments where small
models are typically deployed. Using small datas-
tores reduces retrieval cost to negligible levels sim-
ilar to PLD (0.5-0.7ms), but the limited datastore
size results in fewer matches and lower MGL val-
ues, ultimately yielding performance still inferior
to PLD (1.01-1.19x vs PLD’s 1.25-1.52x).

Our evaluation uses general-purpose datastores
across all tasks, but task-specific datastores could
potentially improve retrieval quality and MGL val-

ues without requiring larger datastores. However,
we chose to use general-purpose datastores to en-
sure fair comparison across all methods, follow-
ing the established evaluation protocol used in
SpecBench (Xia et al., 2024).

Key Insight 3

Negligible-Cost Drafting Enables Consis-
tent Gains: When verification times are
short, drafting overhead becomes a critical
bottleneck. As shown in Figure 2, meth-
ods that minimize computational overhead
during speculation (like PLD) provide a re-
liable path to acceleration, as evidenced by
the consistent speedups (Table 1).

4.4 Tree Verification Impact

We conduct an ablation study examining EAGLE-
2’s performance with and without tree verification,
which determines whether the method verifies mul-
tiple candidate sequences in parallel or processes a
single candidate sequence.

EAGLE-2 w/o Tree

25 EAGLE-2 w/ Tree 2.32x
020 1.90x
E 1.70x% 1.81x

1.48x% 1.44 %

S15 1.32x
S 1.14x%
(9]
Q1.0
1%}

0.5

0.0 Qwen2.5-1.58 SmolLM2-1.78 Llama-3.2-1B _ Vicuna-7B

Figure 4: Ablation study comparing EAGLE-2 perfor-
mance with and without tree verification across all evalu-
ated models. Speedup ratios show average performance
across SpecBench tasks.

Our ablation study reveals consistent 22-29%
performance improvements from tree verification
across all small models (Figure 4), aligning with
prior findings on large models (Li et al., 2024b). Im-
portantly, we observe no additional computational
overhead in the verification phase when adding the
tree component. These results demonstrate that tree
verification constitutes an acceleration booster in-
dependent of model scale, suggesting that it could
be integrated with other drafting techniques to en-
hance their overall effectiveness.
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Key Insight 4

Tree Verification Boosts Acceleration:
Tree-based verification consistently im-
proves EAGLE-2 performance regardless
of model size (Figure 4), suggesting it may
be a valuable component for methods that
can incorporate tree structures.

5 Conclusion

In this work, we conduct a comprehensive study of
speculative decoding techniques for small language
models (1-2B parameters), revealing that effective
acceleration in this regime requires different ap-
proaches compared to those optimized for larger
models. Through systematic evaluation across five
method categories, we demonstrate that drafting
overhead becomes the primary bottleneck for small
model acceleration, fundamentally altering the cost-
benefit calculus that drives method selection. To
our knowledge, this is the first empirical analysis
dedicated to speculative decoding for small lan-
guage models. Our aim is to provide insights for
future research and practical guidance for small
model acceleration.

Limitations

This paper provides a comprehensive benchmark-
ing of speculative decoding methods across mul-
tiple categories to establish their effectiveness for
small language models. However, several limita-
tions should be acknowledged.

Our evaluation of independent drafting methods
relies exclusively on existing family-matched mod-
els, which limits the scope of our conclusions for
this category. We did not evaluate independent
drafting with purpose-built draft models that could
be fine-tuned or trained from scratch specifically
for speculative decoding tasks. Future work with
custom draft models optimized for efficient spec-
ulation rather than standalone language modeling
performance could potentially overcome the archi-
tectural incompatibilities and overhead limitations
we identified for independent drafting approaches.

The experimental analysis is conducted entirely
on a single GPU architecture (NVIDIA A5500)
with specific memory bandwidth and computa-
tional characteristics. Different hardware configu-
rations, including other GPU families or edge com-
puting devices, might produce different overhead-

performance trade-offs, potentially altering the rel-
ative rankings of methods.

Ethical Considerations

All datasets and scientific artifacts used in our
experiments are available for research use under
permissive licenses, and their use in this paper is
consistent with their intended purposes. Our re-
search focuses on inference efficiency optimiza-
tion for resource-constrained environments, which
could potentially democratize access to language
model capabilities by reducing computational re-
quirements. The acceleration techniques studied
preserve exact output equivalence with standard
generation methods, ensuring no degradation in
model behavior or introduction of unintended bi-
ases. We acknowledge that more efficient inference
could enable broader deployment of language mod-
els, including potential misuse scenarios. However,
our work does not modify model capabilities or
outputs, only the speed of generation. The responsi-
bility for appropriate use remains with downstream
deployers, consistent with the original model li-
censes and intended use policies.
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A Background

This section establishes the formal framework for
speculative decoding, covering notation, autore-
gressive decoding, and the speculative decoding
paradigm.

A.1 Notation

Let V denote the vocabulary of discrete tokens. We
represent a token sequence as X = (x1, xo, ..., Ty)
where each x; € V. For notational convenience,
we denote the prefix sequence up to and including
position t as x<; = (z1, ..., T¢).

A language model M : V* — AVI=! maps
a sequence of tokens to a probability distribution
over the vocabulary, where V* denotes the set of all
possible finite sequences over vocabulary V, and
AIVI=1 denotes the probability simplex over V. We
distinguish between the target model M, that we

aim to accelerate, and a draft model M), used for
speculation.

We write x ~ p to denote that x is sampled from
distribution p.

A.2 Autoregressive Decoding

Transformer-based language models generate text
through autoregressive decoding, where tokens are
produced sequentially, each conditioned on all pre-
vious tokens. Given an initial context x(©) =
(x1,...,2¢), the model generates the next token
by first computing the conditional probability dis-
tribution:

q(zer1|z<e) = My(x0) 3)

where ¢(x141]|7<¢) represents the probability dis-
tribution computed by the target model M, over
the vocabulary. The actual token ;41 is then ob-
tained by sampling from this distribution using var-
ious strategies such as greedy sampling (i.e., apply-
ing an argmax function on the distribution), top-k
sampling, or nucleus (top-p) sampling (Kool et al.,
2020; Holtzman et al., 2019).

This process continues autoregressively. The

newly generated token is appended to the sequence:
xV = xO 21) = (21, 2, 241) @)

and becomes part of the input for the next iteration.
The autoregressive chain continues as:

q(zpso|r<iin) = My(x) &)
Tiro ~ q(Te2|T<i11) (6)
x® = (xW) 2415) @)

until a termination condition is met (e.g., gener-
ating an end-of-sequence token or reaching maxi-
mum length).

A.3 Speculative Decoding

Speculative decoding adopts a draft-then-verify
paradigm where, at each decoding step, multiple
draft tokens are generated as speculation for fu-
ture positions and then verified in parallel using the
target model.

A.3.1 Drafting Phase

Given a prefix
ing phase

sequence x<;, the draft-
generates K candidate tokens
Tt41,Tt42,...,Tt+K. The procedure can be
formalized as:

Tyy1,Tey2, ..., Tk = DRAFT(2<y, Mp) (8)
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where DRAFT(-) represents the drafting strategy
and M), denotes the draft model.

The DRAFT(-) strategy can be autoregressive,
where tokens are generated sequentially and each
token depends on previously drafted tokens:

Topi ~ p(Tepi|Tat, Teg1, oo Tppio1) =
= Mp(T<t, Tt41s - - s Ttti1)
fori=1,..., K )]

Alternatively, DRAFT(-) can generate tokens in
parallel using non-autoregressive models:

ST K| T<t) =
(10)

o Tri) ~ p(Tesa, -
= Mp(z<i)
Finally, some methods (usually retrieval-based

methods) bypass parametric models entirely, using
a deterministic algorithm A that replaces M,,:

S Tyi) = A(z<t, D) (11)

where D represents auxiliary data such as genera-
tion context or external datastores.

A.3.2 Verification Phase

In the verification phase, the target model verifies
all drafted tokens in parallel by computing K + 1
probability distributions simultaneously:

(@t41, - -

(Fea1, -

Q(@pyilr<t, Tests oo, Tpgio1) =
= My(x<t, T4, - -

i=1,...,K+1

<y '%t+i—1)7
(12)

For notational convenience, we use the abbrevi-
ated form ¢;1; to denote these probability distri-
butions in the following discussion. Each drafted
token Z:y; is then verified according to a crite-
rion (e.g., greedy verification, speculative sam-
pling, approximate verification). For example, us-
ing greedy verification, we accept token T;; if
Tt4i = arg max g1, otherwise we reject it.

When a drafted token ;. fails verification, all
subsequent drafted tokens are discarded, and the
token at position ¢ + c is corrected as Ty4. =
arg max Q¢4 c.

In this way, a speculative decoding iteration gen-
erates ¢ tokens using only a single forward pass
of the target model (for verification). If all drafted
tokens are rejected (¢ = 1), only a single token
is generated (the corrected token from the target
model). Conversely, if all K drafted tokens pass
verification, K + 1 tokens are generated, as an addi-
tional token x4 1 = arg max gy 41 is added.

B Task-Specific Results

Table 4 presents detailed performance breakdowns
across all six SpecBench tasks, showing speedup
ratios and Mean Generated Length values for each
evaluated method and model combination.

C Hyperparameter Optimization

This section outlines the role of the key hyperpa-
rameters used for each method. When not specified
by the original implementation, values were tuned
using Optuna (Akiba et al., 2019), with the objec-
tive of maximizing speedup.

Table 5 summarizes the final values used in our
experiments. Descriptions of each hyperparameter
and its function are provided below.

* Speculative Sampling: Draft-Length denotes
the number of tokens generated by the draft
model before verification.

Lookahead Decoding: Window (W) defines
the number of future positions speculated in
parallel per step; Level (N) controls how
many past steps (lookback) are used to gener-
ate each n-gram; Guess (G) limits the number
of n-grams verified in parallel to reduce com-
putational cost.

* REST: Num-Draft is the number of candidate
nodes retained in the continuation tree after
pruning; Max-Token-Span is the maximum
suffix length that must match during retrieval.

* PLD: Matching-Window-Size specifies the
maximum n-gram length for matching con-
text; draft-length controls the length of the
speculative continuation generated by the
method.

* Kangaroo: Exit-Layer determines how shal-
low the self-draft model is (i.e., how many
layers are used for drafting); Threshold sets
the minimum token-level confidence required
for early exit; Step defines the maximum num-
ber of draft tokens generated per speculative
iteration.

* EAGLE-2: Total-Token is the maximum num-
ber of speculative tokens per draft attempt;
Depth is the number of levels in the token
tree; Top-k specifies the number of nodes se-
lected from each layer for expansion to the
next layer (i.e., the tree width at each level).
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Task Method Qwen2.5-1.5B SmolLM2-1.7B Llama-3.2-1B Vicuna-7B
Speedup MGL | Speedup MGL | Speedup MGL | Speedup MGL

SpS 0.83 £002 238 | 0.72+000 242 | N/A N/A | 1.81*% +000 2.74

Lookahead 1.34 +0.02 1.89 1.22 +0.00 1.87 1.35% xoo1  2.02 1.33 +0.00 1.74

REST (small) | 1.27 +0.02 1.48 1.33 £000 1.70 | 1.13 001 1.51 1.54 £ o001 1.79

Multi-Turn REST (large) | 1.14 +o01 1.63 | 1.21 000  1.83 | 1.01 £000 1.67 | 1.60 +0.00 2.02

Conversation PLD 1.46* +002 1.69 1.49% +000 1.69 1.31 +o.01 1.55 1.56 +0.00 1.64

Kangaroo 1.22 005 199 | 126 +000  1.89 | 0.97 +000 1.55 | 1.55+000  2.31

EAGLE-2 1.78 000  3.07 | 2.05 +o.01 3.81 1.55 000  3.19 | 2.75 +0.00 4.67

SpS 0.83 +002 212 | 0.55+000 1.74 | N/A N/A | 1.22 +o0.00 2.68

Lookahead 1.23* 001 1.45 1.08 +0.00 1.42 1.04 +0.00 1.71 1.15 +0.00 1.86

REST (small) | 1.16 002 1.26 | 1.06 000  1.28 | 0.90 +o.01 1.18 | 1.22 + 000 1.57

. REST (large) | 1.01 +o0.02 1.40 | 0.93 + o001 1.39 | 0.82 o001 1.27 1.26* +001  1.88
Translation

PLD 1.03 +0.02 1.10 1.17% £ 000 1.22 1.28% o001 1.22 1.19 +0.00 1.88

Kangaroo 0.96 +o01 135 | 1.05+001 134 | 0.80+001 1.17 | 1.15+000  2.09

EAGLE-2 1.55 t000 259 | 1.62+0m0 279 | 142 +001 2.83 | 1.98 +o.00 3.22

SpS 0.75 001 2.20 | 0.67 000 2.20 | N/A N/A | 1.88 +0.00 2.83

Lookahead 1.24 +o.01 1.77 | 114 000 1.74 | 1.19 2000 1.88 | 1.19 +0.00 1.51

REST (small) | 1.02 +o.01 1.24 | 1.07 000  1.32 | 0.98 +o.01 1.30 | 1.24 + o000 1.38

Summarization REST (large) | 0.95 +o0.02 1.43 1.05 +o.01 1.56 | 0.92 +0.00 1.52 1.35 001 1.65

PLD 2.52% too1 2.65 | 1.43* £o00 1.85 | 1.28% £000 1.63 | 2.20% £o000 2.51

Kangaroo 122 003 195 | 1.04+000 1.50 | 0.86+000 1.35 | 1.36 £o0.00 1.95

EAGLE-2 1.56 000 2.86 | 1.53 +000 3.07 | 1.30 000 2.87 | 2.15 +000 3.93

SpS 0.80 001 220 | 0.63 000 2.18 | N/A N/A | 1.76* £000 3.01

Lookahead 1.19 o001 1.66 1.05 +o0.00 1.60 1.14% £ 000 1.96 1.25 +0.00 1.82

REST (small) | 1.33* o001 1.45 1.23 +0.00 1.54 1.04 +o.01 1.40 1.40 +0.00 1.59

Question REST (large) | 1.29 +0.02 1.82 | 1.26* £o002 1.78 1.01 +o.01 1.66 | 1.64 +o002 1.98

Answering PLD 1.10 £002 138 | 1.02 000 1.31 1.06 + o0t 1.48 | 1.39 +0.00 1.73

Kangaroo 1.10 £o04  1.86 | 1.13 +000  1.68 | 0.90 +o0.01 1.54 | 1.40 + 000 2.20

EAGLE-2 1.64 o1 276 | 1.76 o1  3.18 | 1.41 too1  2.88 | 2.19 +0.00 3.53

SpS 0.96 o002 277 | 0.73 o000 2.47 | N/A N/A | 1.70% o001 2.77

Lookahead 1.54% o001 2.07 1.37 £000  2.06 1.37% £ 000 2.14 1.45 +0.00 1.95

REST (small) | 1.20 +o.01 1.36 | 1.19 000  1.53 | 1.02 £ o001 1.36 | 1.37 000 1.56

Mathematical REST (large) | 0.97 +o.01 1.40 | 0.97 +o01 1.49 | 0.83 +0.00 1.39 | 1.27 o001 1.66

Reasoning PLD 1.40 +002  1.65 | 1.38* 000 1.70 | 1.17 +o.01 1.51 1.66 +0.00 1.93

Kangaroo 1.19 +004 193 | 1.26 000 1.86 | 0.94+001  1.53 | 1.57 000  2.42

EAGLE-2 194 too1 328 | 219 +0m 398 | 1.66 t000 3.35 | 2.80 +o0.00 4.69

SpS 0.83 £002 226 | 0.76 t000 2.35 | N/A N/A | 1.80% o000 3.03

Lookahead 1.10 +o0.01 1.60 | 1.03 000 1.55 | 1.16 x000 1.98 | 1.14 +0.00 1.54

REST (small) | 1.12 +o.01 140 | 1.13+000 145 | 097 +000 1.33 | 1.29 + 000 1.51

RAG REST (large) | 1.10 +o0.03 1.68 1.18 +0.02 1.74 | 0.94 + 001 1.56 1.45 +o.01 1.83

PLD 1.51% 002 1.59 | 1.60* x000 1.79 | 1.52% +000 1.62 | 1.74 +0.00 1.89

Kangaroo 1.20 004  1.83 | 1.18 +ou01 1.70 | 0.97 +000  1.50 | 1.36 +0.00 2.04

EAGLE-2 1.55 000 292 | 1.63 001 339 | 131+000 298 | 1.91 +o00 3.84

Table 4: Task-specific performance breakdown showing speedup ratios and Mean Generated Length (MGL) for all
evaluated methods and models across six SpecBench tasks. Standard deviations over three independent runs are
reported for speedup ratios; MGL values are identical across runs due to fixed random seeds. Bold indicates best
overall performance per task and model; asterisks mark best training-free performance.
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Model
Method Hyperparameter == s 58 [ SmolLM2-1.7B | Liama-32-1B | Vicuna-7B
SpS Draft-Length 2 2 N/A 10
Level 4 4 6 5
Lookahead Window 20 20 10 7
Guess 20 20 10 7
Num-Draft 64 64 48 64
REST (small) Max-Token-Span 4 3 3 16
Num-Draft 64 48 64 64
REST (large) Max-Token-Span 5 10 5 16
PLD Matching-Window-Size 3 3 3 3
Draft-Length 20 15 15 10
Exit-Layer 2 2 2 2
Kangaroo Threshold 0.6 0.7 0.8 0.3
Step 7 7 4 6
Total-Token 48 48 48 60
EAGLE-2 Depth 2 3 2 5
Top-k 20 20 20 10

Table 5: Hyperparameter values used for each method across different models. When not provided by the original
implementation, parameters were tuned to maximize speedup.

D Detailed Timing Breakdown

To provide deeper insights into the computational
overhead characteristics of different speculative de-
coding approaches, we present a timing breakdown
of the drafting phases for all evaluated methods.
All timing measurements are averaged over three
independent runs across the complete SpecBench
evaluation dataset, following the same experimen-
tal protocol used for speedup analysis. We distin-
guish between autoregressive methods (Speculative
Sampling, Kangaroo, and EAGLE-2) and retrieval-
based methods (PLD and REST).

D.1 Autoregressive Methods

For autoregressive drafting methods, we measure
the time required for individual components within
a single drafting step (i.e., the generation of one
draft token). Table 6 presents these measurements
across all evaluated models.

Speculative Sampling consists solely of the draft
model forward pass. The timing difference be-
tween small models’ drafters (8.3ms and 9.4ms for
Qwen2.5-1.5B and SmolLLM2-1.7B, respectively)
and the Vicuna drafter (1.0ms) confirms the sub-
stantial overhead identified in Section 4.1

Kangaroo presents a more complex architecture,
decomposing into four components: Early Lay-
ers Forward (first two layers of the target model),
Adapter Forward (the trained adapter component),
LM Head Forward (target model projection to vo-

cabulary space), and Confidence Scoring (early
stopping computation). The results reveal that draft-
ing overhead for small models (2.2ms for Qwen2.5-
1.5B/Llama-3.2-1B, 1.7ms for SmolLM2-1.7B) ap-
proaches that of Vicuna-7B (2.5ms). When com-
pared to the verification times shown in Figure 2,
this represents a much higher proportional cost for
small models, substantially reducing Kangaroo’s
effectiveness. Additionally, Qwen2.5-1.5B and
Llama-3.2-1B exhibit significant LM Head over-
head, consuming 32% of total drafting time (0.7ms
out of 2.2ms) compared to 18% for SmolLM?2-1.7B
and 16% for Vicuna, reflecting their larger vocab-
ulary sizes (152K and 128K tokens respectively,
versus 49K for SmollLM2 and 32K for Vicuna).

In contrast, EAGLE-2 requires only the trained
draft model forward pass and target model LM
Head projection. Despite sharing the same LM
Head overhead as Kangaroo, EAGLE-2 achieves
significantly lower total drafting time (57-70% re-
duction compared to Kangaroo across models) by
using a more efficient draft model architecture—a
single transformer layer versus Kangaroo’s two lay-
ers plus adapter.

D.2 Retrieval-Based Methods

For retrieval-based methods, we measure the entire
drafting process that produces complete specula-
tion candidates. This differs from autoregressive
methods as retrieval-based drafting generates full
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Time [ms]
Method Component Qwen2.5-1.5B | SmolLM2-1.7B | Llama-3.2-1B | Vicuna-7B
SpS Draft Model Forward 8.3 9.4 N/A 1.0
Early Layers Forward 1.0 1.0 1.0 1.7
Adapter Forward 0.4 0.4 0.4 0.4
Kangaroo | LM Head Forward 0.7 0.3 0.7 0.4
Confidence Scoring 0.1 <0.05 0.1 <0.05
Total 2.2 1.7 2.2 2.5
Draft Model Forward 0.7 0.7 0.7 1.1
EAGLE | LM Head Forward 0.7 0.3 0.7 0.4
Total 14 1.0 14 1.5

Table 6: Timing breakdown for autoregressive drafting methods. Measurements show the time required for each

component within a single drafting step that generates one

draft token and are averaged over three independent runs.

Time [ms]
Method Component Qwen2.5-1.5B SmolLM2-1.7B Llama-3.2-1B Vicuna-7B
Match No-match | Match No-match | Match No-match | Match  No-match

PLD Context Search 0.3 0.3 0.3 0.3 0.3 0.3 0.3 0.3
Datastore Search 0.4 0.4 0.6 0.6 0.3 0.3 1.1 1.1
REST | Tree Construction + Pruning 1.2 N/A 0.7 N/A 1.2 N/A 0.7 N/A
(Large) | Other Operations 0.5 0.3 0.4 0.3 0.4 0.3 0.5 0.4
Total 2.1 0.7 1.7 0.9 1.9 0.6 23 1.5
Datastore Search 0.1 0.1 0.1 0.1 0.1 0.1 0.2 0.2
REST | Tree Construction + Pruning 0.3 N/A 0.3 N/A 0.3 N/A 0.2 N/A
(Small) | Other Operations 0.2 0.1 0.3 0.1 0.3 0.1 0.3 0.2
Total 0.6 0.2 0.7 0.2 0.6 0.2 0.7 0.4

Table 7: Timing breakdown for retrieval-based methods. Measurements distinguish between iterations with
context/datastore matches versus no matches found and are averaged over three independent runs.

sequences (PLD) or token trees (REST) rather than
individual tokens. We distinguish between cases
where context matches are found versus cases with
no matches, as this significantly affects the compu-
tational requirements.

Table 7 presents the detailed breakdown. For
REST, "Other Operations" encompasses all prepa-
ration steps required for the verification phase, in-
cluding tree linearization, attention mask prepara-
tion, and KV cache management.

Despite managing a large datastore (~12GB),
REST’s search time for small models (0.3-0.6ms)
remains comparable to PLD’s context search,
likely benefiting from REST’s optimized multi-
threaded Rust implementation with suffix arrays
compared to PLD’s single-threaded Python-based
string matching approach. However, tree construc-
tion emerges as the primary bottleneck, consuming
41-63% of total drafting time for small models.

This large overhead can be explained by examin-
ing the relationship between the Max-Token-Span
hyperparameter (see Appendix C) and computa-
tional cost. Lower Max-Token-Span values find
matches with fewer search iterations but typically

retrieve more candidate continuations due to the
less restrictive matching criteria, while higher val-
ues require more iterations (decreasing token-span
until a match is found) before finding matches but
generally retrieve fewer continuations. Qwen?2.5-
1.5B and Llama-3.2-1B (Max-Token-Span=5) ex-
hibit similar behavior with substantial tree con-
struction costs (1.2ms) due to frequently retriev-
ing many candidate continuations that create large
pre-pruning trees. At the opposite extreme, Vicuna-
7B (Max-Token-Span=16) spends proportionally
more time on datastore search (1.1ms) and less
on tree management (0.7ms), as its higher initial
token-span requires more search iterations when
the current iteration fails to find matches, but this
configuration tends to result in smaller trees when
matches are eventually found. SmolLM2, with its
intermediate Max-Token-Span value (10 tokens),
exhibits behavior between these extremes.
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