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Abstract

Speculative decoding (SPD) has emerged as a
promising technique to accelerate Large Lan-
guage Model (LLM) inference. However, cur-
rent approaches typically enforce a uniform
verification standard, neglecting the inherent
heterogeneity of natural language and failing
to distinguish between semantically-rich con-
tent and structurally-predictable syntax. In this
paper, we propose LinguaSpec, a training-free
framework that leverages linguistic priors to en-
able adaptive drafting and verification. Specit-
ically, we introduce: (1) a Static Linguistic
Probe (SLP) to categorize tokens with zero
latency; (2) Syntactic Normalized Surprisal
(SNS) to calibrate uncertainty against category-
specific entropy; and (3) a dual strategy of
Syntactically-Guided Elastic Expansion and
POS-Adaptive Deferred Verification to dynami-
cally adjust drafting depth and verification rigor.
By balancing semantic integrity with structural
efficiency, LinguaSpec significantly accelerates
inference without requiring additional training.
Experimental results demonstrate its superior
performance across diverse benchmarks.

1 Introduction

Large Language Models (LLMs) (Vaswani et al.,
2017) have demonstrated impressive capabilities
across diverse domains (Dubey et al., 2024; Anil
et al., 2023; DeepSeek-Al, 2025). However, their
reliance on autoregressive decoding entails sub-
stantial latency, which becomes increasingly pro-
nounced as model size scales. This sequential gen-
eration process requires accessing all model param-
eters for each token, creating a critical bottleneck
for practical deployment in latency-sensitive set-
tings.

The primary paradigm for mitigating the high
inference latency of LLMs is Speculative Decod-
ing(SPD), which partitions the decoding process
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into a cyclic draft-then-verify execution model. In
this framework, a lightweight draft model first gen-
erates a sequence of candidate tokens, which are
subsequently verified in parallel by a significantly
larger target model. While this mechanism enables
the potential for multiple-token acceptance per step,
its practical efficiency is heavily dictated by the
alignment between the draft and target models.

However, standard SPD is fundamentally con-
strained by its homogeneous verification standards,
which treat all tokens as functionally uniform re-
gardless of their linguistic properties. By relying
primarily on information-theoretic metrics, such
one-size-fits-all entropy-based strategies fail to ac-
count for the distinct functional roles that various
parts-of-speech (POS) play in sentence construc-
tion. For instance, high entropy in semantic core
words (e.g., nouns) often signifies benign linguis-
tic variety, whereas equivalent entropy levels in
structural tokens (e.g., punctuation) may indicate a
critical failure in syntactic logic. As draft models
encounter these heterogeneous linguistic units, the
lack of syntactic awareness becomes an increas-
ingly inefficient bottleneck, leading to either erro-
neous rejections of valid semantic variants or unpro-
ductive drafting of structural errors. This highlights
the necessity for a more nuanced, syntactically-
aware allocation of computational resources that
can distinguish between semantic flexibility and
syntactic integrity.

In this work, we present LinguaSpec, a training-
free framework that integrates linguistic priors into
the speculative decoding pipeline. Unlike existing
methods that rely solely on probability distribu-
tions, LinguaSpec explicitly leverages the syntactic
structure of language to guide both drafting and
verification. Our approach is driven by three core
innovations.

* First, we introduce the Static Linguistic
Probe (SLP), a zero-latency mechanism en-
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Figure 1: Motivation and Performance of LinguaSpec. (A) Vocabulary Heterogeneity: The POS distribution
reveals that the vocabulary is composed of distinct roles, with Content words (Noun, Propn) dominating the
distribution. (B) Syntactic Fair Start Line: We analogize verification to a race. Traditional methods (top)
disadvantage high-entropy Content words. SNS (bottom) normalizes expected entropy, establishing a fair baseline
where all tokens compete equally. (C) Performance: LinguaSpec achieves significant speedups over EAGLE-3
across multiple models.

abling O(1) access. As shown in Figure 1, an
analysis of the LLaMA vocabulary distribu-
tion reveals that the vocabulary is a heteroge-
neous entity composed of distinct roles rather
than a homogeneous collection: Content cat-
egories (e.g., Nouns 28.78%, Proper Nouns
25.72%) form the semantic core, while Func-
tion categories exhibit significant structural
characteristics, primarily consisting of Punc-
tuation (15.18%) and other guiding words in-
cluding particles and conjunctions (catego-
rized as Others, 4.74%). SLP lays a solid
foundation for subsequent differentiated pro-
cessing by instantaneously identifying the cat-
egory of each token.

Second, we propose Syntactic Normalized
Surprisal (SNS), a metric that calibrates un-
certainty based on the expected entropy of
syntactic roles. As illustrated in Figure 1, we
analogize the verification process to a race:
under traditional mechanisms, tokens of dif-
ferent categories do not start from the same
point. Content words, due to high information
entropy, are naturally positioned “behind the
starting line,” whereas Function words, with
extremely low entropy and high predictive cer-
tainty, are like runners with an inherent lead.
SNS establishes a “Syntactic Fair Start Line”
by normalizing the expected entropy of differ-
ent categories to offset this innate difficulty
disparity, allowing all tokens to compete on

the same baseline. This ensures the system
can accurately identify genuine model errors,
avoiding the false rejection of drafts due to
the inherent high-entropy nature of content
words.

* Finally, we design a Syntactically-Guided
Elastic Expansion and POS-Adaptive
Deferred Verification mechanism, which
achieves a synergistic optimization of genera-
tion depth and verification efficiency. When
the SNS is low, the system dynamically in-
creases the expansion depth of the Draft
Tree. This increase in depth directly provides
longer verifiable sequences on valid branches,
thereby significantly enhancing the utilization
of the deferred verification window during par-
allel processing. Simultaneously, the system
enforces strict verification for content words
to preserve semantic integrity, while apply-
ing relaxed verification for structural words to
maximize efficiency, ultimately achieving an
optimal balance between generation quality
and inference speed.

2 Related Work

The foundational paradigm of Speculative Decod-
ing (SPD) accelerates the autoregressive genera-
tion of Large Language Models (LLMs) by em-
ploying a lightweight drafter to propose candidate
sequences, which are then verified in parallel by
the target model (Xia et al., 2023; Chen et al., 2023;
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Leviathan et al., 2023). Building on this structural
foundation, existing research has branched into
specialized alignment training, adaptive inference
strategies, and architectural innovations.

2.1 Training-based SPD

A large body of research (Li et al., 2025a; Liu et al.,
2024; Xiao et al., 2024; Ankner et al., 2024) ex-
tends SPD by learning auxiliary predictors to better
align the drafter and target, thereby improving spec-
ulation accuracy. Typical strategies train additional
modules that imitate the target’s behavior to raise
acceptance rates and speedups. Gumiho (Li et al.,
2025a), Medusa (Cai et al., 2024), and Parallel-
Spec (Xiao et al., 2024) use hidden states from
the base LLM as inputs to multiple lightweight
MLP heads, each predicting a future token. EA-
GLE (Li et al., 2024b) generalizes this design
by employing lightweight Transformer predictors
and concatenated token—state pairs, while EAGLE-
2 (Li et al., 2024a) improves efficiency with a dy-
namic tree-based candidate selection mechanism.
EAGLE-3 (Li et al., 2025d) further leverages inter-
mediate hidden states to scale up decoding accel-
eration. Beyond architectural modifications, sev-
eral works incorporate trained modules for fine-
grained control: SpecDec++ (Huang et al., 2024)
and AdaEAGLE (Zhang et al., 2024b) predict early
stopping or draft length, C2T (Huo et al., 2025)
calibrates joint probability bias, and JudgeDecod-
ing (Bachmann et al., 2025) employs an auxiliary
classifier to determine contextual validity beyond
exact matches. Although effective, these learning-
based approaches typically rely on task-specific
supervision and significant training costs.

2.2 Training-free SPD

In contrast, training-free approaches dispense with
additional training by leveraging existing informa-
tion or sub-modules for drafting. Retrieval-based
strategies like REST (Fu et al., 2024) fetch tokens
from external datastores, while Prompt Lookup
Decoding exploits n-gram repetitions within the
context. Parallel to this, layer-skipping techniques
have evolved from static selection in Draft & Ver-
ify (Zhang et al., 2024a) to dynamic, context-aware
routing in LayerSkip (Elhoushi et al., 2024). Fur-
ther, FLy (Li et al., 2025b) and HeteroSpec (Liu
et al., 2025) utilize entropy-based gates to dynami-
cally adjust verification criteria or drafting depth.

2.3 Architectural and Structural Innovations

Beyond specific alignment strategies, another re-
search line focuses on structural efficiency and
resource reuse. To move beyond linear verifica-
tion, tree-based attention mechanisms have been
introduced to enable the simultaneous validation
of multiple candidate branches (Miao et al., 2024).
Furthermore, several studies maximize resource ef-
ficiency during the drafting stage: MoA (Zimmer
et al., 2024) reuses target model KV caches, while
other approaches leverage partial target model
weights (Yi et al., 2024; Liu et al., 2024; Sun et al.,
2024; Svirschevski et al., 2024) or share feature
representations to bypass the need for independent
draft models.

2.4 Linguistic Priors in Efficient Inference

The utilization of linguistic features, particularly
Part-of-Speech (POS) tagging and syntactic depen-
dencies, has long been a cornerstone in interpreting
and steering Large Language Models (LLMs) (Ten-
ney et al., 2019; Hewitt and Manning, 2019). While
extensive research in linguistic probing has estab-
lished that models implicitly encode rich hierarchi-
cal structures (Jawahar et al., 2019), these insights
have been predominantly applied to enhance gener-
ation quality or enforce controllability (Zhou et al.,
2023). Consequently, their potential utility in infer-
ence acceleration—a domain currently dominated
by speculative sampling approaches (Leviathan
et al., 2023; Chen et al., 2023)—remains largely
under-explored. Although prior works in con-
strained decoding have attempted to integrate syn-
tactic rules to guide generation (Shin et al., 2021;
Roy et al., 2023), these methods typically rely on
heavy auxiliary models or necessitate task-specific
fine-tuning, thereby introducing significant compu-
tational overheads that often negate the efficiency
gains sought in deployment scenarios.

3 Methodology

We propose LinguaSpec, a linguistically-adaptive
framework designed to robustly accelerate LLM
inference. The fundamental motivation of our work
stems from the observation that tokens in natu-
ral language are not created equal: different Part-
of-Speech (POS) categories play distinct roles in
syntactic structure and semantic expression, yet
existing speculative decoding methods treat them
uniformly. This "one-size-fits-all" approach often
leads to suboptimal verification, as it ignores the
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Figure 2: Overview of the LinguaSpec framework. The pipeline consists of: (1) Static Linguistic Probe (SLP)
which assigns POS tags to tokens; (2) Syntactic Normalized Surprisal (SNS) for syntax-aware uncertainty
estimation; (3) Syntactically-Guided Elastic Expansion that dynamically extends stable branches; and (4) POS-
Adaptive Deferred Verification which applies strict constraints to function words and relaxed constraints to content

words.

intrinsic linguistic properties that govern token gen-
eration. LinguaSpec addresses this by integrating
static linguistic priors into the speculative draft-
ing process. This section details the three core
components of our framework: the Static Linguis-
tic Probe for zero-latency syntactic tagging, the
Syntactic Normalized Surprisal for fair uncertainty
measurement, and the Syntactically-Guided Elastic
Expansion.

3.1 Static Linguistic Probe

To strictly satisfy the "Training-free" constraint, our
framework leverages the static nature of the LLM’s
vocabulary to embed linguistic priors. We construct
a Static Linguistic Probe (SLP), which functions as
a pre-computed mapping table M : ¥V — C. This
mapping categorizes each token in the vocabulary
V into one of four coarse-grained syntactic roles
C = {Function, Content, Special, Other}:

* Function: Structural tokens (e.g., determin-
ers, prepositions) that establish grammatical
structure.

* Content: Semantic tokens (e.g., nouns, verbs)
that carry the primary information.

* Special: Formatting tokens including punctu-
ation and code keywords.

¢ Other: Subwords or tokens outside standard
linguistic boundaries.

By pre-computing this mapping offline, SLP en-
ables O(1) access to linguistic features during in-
ference, incurring negligible latency.

3.2 Syntactic Normalized Surprisal

To distinguish between model confusion and natu-
ral semantic diversity, we introduce a normalized
metric that contextualizes uncertainty. We first de-
fine the raw surprisal of a token w; generated by
the draft model as the negative log-likelihood of its
probability:

Sraw(wt) =—In Pdraft(wt’w<t) (D

However, using raw logits or surprisal to measure
uncertainty across different POS categories is in-
herently unfair. Content words often have multiple
valid synonyms, leading to a naturally dispersed
probability distribution (higher entropy) without
necessarily indicating model error. In contrast,
function words are often syntactically constrained
with fewer valid alternatives, where high entropy
typically signals a structural error.

To quantify this distinction, we introduce the
Syntactic Expected Entropy (8.), which represents
the statistical average surprisal for a given Part-of-
Speech (POS) category c derived from a general
corpus. This baseline captures the intrinsic un-
certainty associated with different syntactic roles.
Leveraging these baselines, we define the Syntac-
tic Normalized Surprisal (SNS) as the ratio of the
raw surprisal to the expected entropy of the token’s
category:

Sraw (wt)

SNS(we) = BPos(u)
wi

2

This metric functions as a syntax-aware normaliza-
tion mechanism. By calibrating the raw surprisal
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against the expected entropy of the corresponding
POS category, SNS eliminates the inherent distribu-
tional bias between different linguistic roles. This
allows for a unified verification standard where
the uncertainty of a token is evaluated relative to
its syntactic norm, rather than its absolute proba-
bility. Consequently, it prevents the system from
being overly sensitive to the naturally high entropy
of content words while maintaining strictness for
structurally constrained function words.

3.3 Syntactically-Guided Elastic Expansion

We extend the static tree depth configuration of
EAGLE-3 (Li et al., 2025d) with a dynamic ex-
pansion mechanism to further optimize the draft-
ing process, particularly addressing the verification
under-utilization problem in high-entropy contexts.

Standard speculative decoding methods typically
rely on a fixed depth hyperparameter. This static
approach often leads to suboptimal resource uti-
lization: a shallow tree under-utilizes the target
model’s parallel verification bandwidth, while an
excessively deep tree wastes computation on low-
quality candidates. To address this trade-off, we
propose Syntactically-Guided Elastic Expansion, a
mechanism that dynamically adjusts the draft depth
based on real-time generation stability.

The drafting process initiates with a standard ex-
pansion up to a pre-defined base depth D. Upon
reaching this boundary, we introduce a Stability
Assessment step to determine if the generation mo-
mentum warrants continuation. We posit that if
the draft model maintains high confidence at the
boundary of the original depth, it indicates a stable
generation state—such as the production of a com-
mon idiom or a predictable syntactic structure. In
such cases, truncating the generation is premature.

To quantify this, we evaluate the syntactic sta-
bility of the current leaf nodes. If the maximum
normalized confidence score (derived from SNS,
denoted as S) among the active branches exceeds a
threshold -, the system triggers an Extension Phase.
During this phase, the draft model continues to ex-
pand for an additional K steps. This conditional
extension is formally defined as:

D _JD+K
final = D otherwise

if max(Sjeqves) > 3)

By elastically extending the depth only when the
model exhibits high syntactic confidence, Lin-
guaSpec captures longer valid sequences within

a single verification cycle. Crucially, because this
decision is guided by our normalized SNS met-
ric rather than raw probability, it avoids aggres-
sive exploration in genuinely uncertain contexts.
This strategy effectively amortizes the fixed cost of
target model verification, ensuring that additional
computational effort is invested only when it is
statistically likely to yield higher acceptance rates.

3.4 POS-Adaptive Deferred Verification

Standard verification mechanisms, such as exact
matching, enforce a rigid acceptance policy. This
often leads to inefficiency, as valid drafts convey-
ing the same semantic meaning but using differ-
ent tokens are rejected. To address this, recent
approaches (Li et al., 2025¢) have introduced de-
ferred verification, which tentatively accepts a mis-
matched token if its probability under the target
model exceeds a certain threshold. The verification
then continues for a subsequent window of tokens;
if consistency is regained, the initial deviation is
accepted.

However, these methods face a critical trade-off
between performance and accuracy. A lenient con-
figuration (e.g., low thresholds or short windows)
increases the acceptance rate but risks admitting
incorrect tokens, leading to significant generation
deviation. Conversely, strict settings preserve ac-
curacy but limit speedup gains. It is challenging
to find a single static configuration that optimizes
both metrics simultaneously.

We address this dilemma by integrating linguis-
tic priors into the deferred verification framework.
We observe that the tolerance for deviation varies
significantly across different Part-of-Speech (POS)
categories. Consequently, we propose a POS-
Adaptive Deferred Verification strategy that as-
signs specific verification hyperparameters to dif-
ferent POS categories. While the configuration is
fine-grained, it generally follows these principles:

* Strict Constraints for Semantic Integrity:
For POS categories that carry core mean-
ing (e.g., content words), we enforce higher
thresholds and longer verification windows.
Given that these tokens are the primary ve-
hicles of information, any deviation requires
scrutiny over a broader context to prevent se-
mantic drift and ensure high generation accu-
racy.

* Relaxed Constraints for Structural Effi-
ciency: For categories that are syntactically
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localized (e.g., function words), we apply
lower thresholds and shorter verification
windows. Since structural errors typically
manifest immediately within a short scope,
a compact checking window is sufficient to
capture them, thereby maximizing inference
speed without redundant long-range verifica-
tion.

Exception for Logical Negations: While
function words generally receive relaxed ver-
ification, high-impact logical negations (e.g.,
“not”, “never”, “cannot”) represent a crit-
ical exception. Missing or hallucinating
these tokens can trigger catastrophic semantic
flips. Although such errors typically cause
a stark divergence in the subsequent proba-
bility distribution—naturally triggering rejec-
tion under our standard mechanism—we in-
troduce a deterministic failsafe. We explic-
itly hardcode this small, closed set of nega-
tions into the Strict Verification category. This
zero-overhead refinement provides an abso-
lute guarantee of semantic integrity in highly
sensitive applications without sacrificing in-
ference speed.

By dynamically adjusting the verification rigor
based on linguistic roles, our method achieves a
superior balance between inference acceleration
and generation quality.

4 Experiments

4.1 Experimental Setup

Tasks. To ensure a fair comparison with the state-
of-the-art baseline EAGLE-3, we aligned our task
and model settings accordingly, adopting identi-
cal weights for all tasks without performing task-
specific fine-tuning. Specifically, we evaluated
multi-turn dialogue, code generation, mathemat-
ical reasoning, and instruction following using the
public datasets MT-bench (Zheng et al., 2023), Hu-
manEval, GSM8K (Cobbe et al., 2021), and Al-
paca, respectively. Additionally, we incorporated
ACPBench (Kokel et al., 2025) as an out-of-domain
test set to assess the generalization capability of
our method.

Models. We  conduct experiments on
LLaMA-3.1-8B-Instruct, LLaMA-3.3-70B-
Instruct (Grattafiori et al., 2024), and DeepSeek-
R1-Distill-LLaMA 8B. For the 8B models,

experiments are conducted on 1 xNVIDIA A100
80G GPU. For the 70B model, we use 2xA100
GPUs due to memory limitations.

Metrics. We evaluate the performance using the
following metrics:

* Speedup Ratio: Actual acceleration com-
pared to vanilla autoregressive decoding, mea-
sured by wall-clock time.

* Average Acceptance Length (7): Mean to-
kens generated per drafting-verification cycle.

* Quality Metrics: Unlike standard specula-
tive decoding which enforces exact matching,
our LinguaSpec employs POS-Adaptive De-
ferred Verification which may introduce minor
token deviations. Therefore, we report task-
specific metrics (i.e., Accuracy for GSM8K
and Pass@1 for HumanEval) to ensure that
the semantic integrity is preserved.

Implementation Details. To construct the Static
Linguistic Probe (SLP), we adopt a hierarchical,
heuristic processing pipeline. For tokens that inher-
ently exist as complete words, we tag them with
their statistically dominant Part-of-Speech using
NLTK and WordNet. For tokens that do not form
complete words (e.g., BPE fragments), we inten-
tionally do not attempt to assign them traditional
semantic tags. If a long word is decomposed by
the tokenizer, assigning independent semantic prop-
erties to its individual affixes or fragments would
be linguistically inappropriate and introduce se-
vere semantic confusion. Instead, we heuristically
filter them using string formatting, such as the to-
kenizer’s leading space mechanism, and statically
categorize them as “Subword Fragments” under the
‘Other’ structural macro-category. In the context
of a complete sentence, these sub-words function
merely as structural continuations rather than inde-
pendent semantic units, which strictly aligns with
applying our relaxed verification strategy. This
zero-overhead, rule-based pipeline ensures precise
classification while maintaining O(1) access dur-
ing inference.

For the Syntactic Normalized Surprisal (SNS),
the expected entropy (. was calibrated on the
WikiText-2 dataset. The calculated baselines are
Bune = 2.04, Beontent = 3.77, and Bspecial =
2.34. Regarding hyperparameters, we set the base
draft tree depth to 6. For the Elastic Expansion,
the extension step K is set to 4, and the stability
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MT-bench HumanEval GSMS8K Alpaca Acp Mean

Model Method Speedup T Speedup T Speedup T Speedup T Speedup T Speedup T
131 8B EAGLE-3 3.55x 6.07 431x 6.49 4.03x 6.23 4.23x 6.91 3.71x 5.79 3.97x 6.30

LinguaSpec 3.93x 6.91 4.46x 7.72 4.39x 6.99 4.56x 797 3.95x 6.57 4.26x 7.23
1.33 70B EAGLE-3 4.13x 5.81 4.77x 6.39 4.55x 6.29 4.61x 6.88 3.72x 5.17 4.36x 6.11

LinguaSpec 4.43x 6.33 5.30x 7.52 4.73x 6.82 4.99x 8.02 3.88x 5.53 4.67x 6.84
DSL 8B EAGLE-3 3.72x 5.76 3.98x 6.34 4.46x 6.77 3.75x 5.53 3.47x 5.55 3.88x 5.99

LinguaSpec 3.81x 6.38 4.22x 7.02 4.90x 8.34 3.84x 5.87 3.61x 5.93 4.08x 6.71

Table 1: Speedup ratios and average acceptance lengths 7 of different methods. L31 represents LLaMA-Instruct 3.1,
L33 represents LLaMA-Instruct 3.3, and DSL represents DeepSeek-R1-Distill-LLaMA. LinguaSpec consistently

outperforms baselines across all tasks.

threshold ~ is set to -1.0. In the POS-Adaptive
Deferred Verification, we apply distinct configu-
rations based on syntax. For Content words, we
employ a probability threshold of 0.3 and a larger
verification window (W = 4). Given that these
tokens carry the core semantic meaning and are
susceptible to complex errors, this configuration
ensures robust verification with sufficient context.
Conversely, for Function and Special tokens which
are syntactically localized, we use a threshold of
0.2 and a smaller verification window (W = 2),
premised on the intuition that structural errors can
be rapidly identified within a short scope.

Model Method GSMSK (Acc.%) HumanEval (Pass@1)
LLaMASSB e s 6829
LLMAT0B [ilsee 9600 7958
DSLSB sy 7377 671

Table 2: Quality comparison between Vanilla autore-
gressive decoding and LinguaSpec. We report Accuracy
(%) for GSMS8K and Pass@1 (%) for HumanEval. The
results demonstrate that LinguaSpec maintains or even
slightly improves generation quality.

4.2 Main Results

We present the main experimental results in Table 1.
Across all evaluated models and tasks, LinguaSpec
consistently outperforms the baselines in terms of
inference speed while maintaining high generation
quality.

Speedup Performance. As shown in Table 1,
LinguaSpec achieves state-of-the-art speedups
across all models. On LLaMA-3.1-8B, it attains a
mean speedup of 4.26x, significantly outperform-
ing EAGLE-3 (3.97x). Notably, on code gener-
ation tasks (HumanEval), LinguaSpec reaches a
remarkable 4.46x speedup. This advantage ex-
tends to larger models; on LLaMA-3.3-70B, we

achieve a 4.67x mean speedup compared to 4.36 x
for EAGLE-3. Furthermore, on the out-of-domain
ACPBench, LinguaSpec demonstrates superior gen-
eralization (e.g., 3.95x vs. 3.71x on LLaMA-
3.1-8B), indicating that our linguistic priors re-
main effective even under distribution shifts where
trained drafters may falter. Even on the distilled
DeepSeek-R1 model, our method maintains a lead
with 4.08 x speedup, demonstrating the robustness
of our linguistic-guided approach across different
training paradigms.

Quality Preservation. Table 2 presents the de-
tailed performance comparison. LinguaSpec main-
tains high generation quality across all benchmarks.
Notably, in some instances, LinguaSpec yields
slightly higher scores than the vanilla baseline (e.g.,
+0.31% on GSMSK for 8B and +1.22% on Hu-
manEval for 70B). We attribute this to the flexibility
introduced by our POS-Adaptive Deferred Verifica-
tion. Unlike rigid exact matching, our approach per-
mits semantically equivalent but lexically distinct
content words. This controlled diversity potentially
allows the model to explore superior generation
paths that might be suppressed by standard con-
straints, effectively acting as a syntax-aware local
search that enhances expressivity without compro-
mising correctness.

4.3 Ablation Studies

To verify the contribution of each component in
LinguaSpec, we conduct ablation studies on the
LLaMA-3-8B model on the GSM8K dataset.

Effect of Syntactic Normalized Surprisal (SNS).
As shown in Table 3, replacing SNS with raw
probability-based confidence estimation—which
essentially simulates a uniform entropy threshold
akin to Typical Sampling or the Typical Acceptance
criteria used in pioneering works like Medusa (Cai
et al., 2024)—causes the speedup to drop from
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4.39% to 3.99x. While this uniform threshold still
surpasses the EAGLE-3 baseline (3.97 %), it strug-
gles to distinguish between naturally high-entropy
content words and actual model uncertainty. By
incorporating linguistic priors to establish category-
specific expected entropy baselines (5.), the full
SNS significantly boosts the speedup up to 4.39x.
This empirically demonstrates the distinct advan-
tage of syntax-aware thresholds over uniform en-
tropy criteria, effectively calibrating confidence to
avoid inefficient drafting and yield a higher accep-
tance rate.

Impact of Syntactically-Guided Elastic Expan-
sion. Removing the elastic expansion mechanism
reduces the speedup to 4.18x. This demonstrates
that dynamic tree depth is crucial for capitalizing
on stable generation phases. By extending the draft
tree only when syntactic confidence is high, our
method captures longer valid sequences (higher 7)
without wasting computation on unstable branches.

Efficacy of POS-Adaptive Deferred Verification.
Our adaptive verification strategy also plays a vi-
tal role. Reverting to a strict exact-matching stan-
dard (i.e., removing deferred verification) reduces
the speedup to 4.15x. This highlights that a rigid
"exact match" policy is a major bottleneck. Our
POS-adaptive approach unlocks this potential by al-
lowing flexible verification for content words while
maintaining structural integrity.

Method Variant Speedup T

EAGLE-3 (Baseline) 4.03x 6.23
LinguaSpec (Full) 4.39x 6.99
w/o SNS (Raw Prob.) 3.99x 6.46
w/o Elastic Expansion 4.18x 6.44
w/o Deferred Verif. (Exact Match) 4.15x 6.64

Table 3: Ablation analysis of LinguaSpec components
on LLaMA-3-8B (measured on GSM8K). Each com-
ponent contributes significantly to the overall inference
acceleration and acceptance length. Notably, all vari-
ants of LinguaSpec outperform the EAGLE-3 baseline
(3.97x).

4.4 Hyperparameter Sensitivity

We further investigate the impact of key hyperpa-
rameters on the performance of LinguaSpec.

Impact of Expansion Depth. The elastic expan-
sion step size K determines how aggressively the
draft tree grows when stability is detected. Table
4 shows that performance peaks at K = 4. While

Expansion Config.  Speedup T
Dynamic K = 2 4.17x 6.86
Dynamic K =4 4.39x 6.99
Dynamic K = 6 4.25x 7.06
Dynamic K =8 3.87x 7.07
Static (+4) 3.93x 7.44

Table 4: Impact of expansion strategy (measured
on GSMS8K). While statically increasing depth yields
longer drafts (7), our dynamic expansion (K = 4)
achieves better speedup by avoiding unnecessary la-
tency.

Stability Threshold v  Speedup T
-0.05 4.23x 6.51
-1.0 4.39x 6.99
-2.0 4.10x 7.01
-3.0 3.89x 7.03

Table 5: Impact of stability threshold v on speedup and
acceptance length (measured on GSM8K, with K = 4).
v = —1.0 offers the best trade-off.

larger K yields a higher average acceptance length
(1) by capturing longer valid sequences, it con-
currently imposes linear growth in drafting latency.
This increased overhead eventually negates the ben-
efits of additional token acceptance, resulting in di-
minished overall speedup. To isolate the benefit of
our dynamic mechanism, we compared it against a
static baseline where the draft tree depth is uncondi-
tionally increased by 4 (Static (+4)). Although this
static approach yields a higher acceptance length
(1t = 7.44), the overall speedup drops to 3.93x.
This is due to the uniformly higher drafting latency
(54.6ms vs. 46.7ms for K = 4), which outweighs
the benefits of longer drafts. LinguaSpec optimizes
this trade-off by investing computation only when
likely to be profitable.

Impact of Stability Threshold. The threshold
~ controls the sensitivity of the elastic expan-
sion. As shown in Table 5, a strict threshold (e.g.,
v = —0.05) limits the frequency of expansion, re-
sulting in shorter acceptance lengths. Conversely,
an overly loose threshold (e.g., v = —3.0) trig-
gers expansion too frequently even for unstable
branches, increasing computational cost without
proportional gain. We find that v = —1.0 yields
the best speedup by effectively identifying stable
generation phases.

Impact of POS-Adaptive Configuration. We
compare our adaptive strategy against uniform ver-
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ification window settings. As illustrated in Table
6, increasing the uniform window size from 2 to
4 improves generation quality (Pass@1 rises from
65.1% to 68.4%) but comes at a significant cost
to inference speed (speedup drops from 4.65x to
4.15x). This highlights the inherent conflict in
static configurations. In contrast, our LinguaSpec
employs a differentiated approach—applying strict
verification (W = 4) only to semantic content
while relaxing constraints (W = 2) for struc-
tural tokens. This allows us to achieve a speedup
(4.46x) comparable to smaller windows while
maintaining the robustness (68.3%) of larger win-
dows, effectively resolving the trade-off.

Verification Strategy ~ Speedup  HumanEval Pass@1

Uniform W = 2 4.65x 65.1%
Uniform W = 3 4.40x 67.9%
Uniform W =4 4.15x 68.4%
Adaptive (Ours) 4.46x 68.3%

Table 6: Comparison between Uniform Verification
Windows and our POS-Adaptive Strategy. Bold indi-
cates the absolute best value in each column, while
underlines highlight the optimal trade-off achieved by
our method, bridging the quality of large windows with
the efficiency of small ones.

5 Conclusion

In this paper, we introduced LinguaSpec, a novel
training-free framework that bridges the gap be-
tween linguistic structure and speculative decoding.
By moving beyond rigid verification paradigms,
we demonstrated that incorporating linguistic pri-
ors can significantly enhance inference efficiency.
Our strategy dynamically adjusts drafting and ver-
ification rigor based on syntactic roles, ensuring
optimal resource allocation. Extensive experiments
confirm that LinguaSpec achieves state-of-the-art
performance, delivering up to 5.30x speedup on
LLaMA-3.3-70B-Instruct, while consistently pre-
serving generation quality. Crucially, as a plug-and-
play solution requiring no additional training, it
offers a practical path for deploying large language
models in latency-sensitive applications. Future
work will explore finer-grained linguistic features
to further refine the adaptive verification process.

6 Limitations

Despite the promising results, LinguaSpec has sev-
eral limitations. First, the effectiveness of our Static
Linguistic Probe (SLP) and Syntactic Normalized

Surprisal (SNS) relies on the quality of the underly-
ing linguistic priors. While we calibrated our met-
rics on general corpora (WikiText-2), these priors
may not optimally align with highly specialized do-
mains (e.g., biomedical text) or languages with sig-
nificantly different syntactic structures, potentially
requiring domain-specific recalibration. Second,
our current approach employs coarse-grained POS
categories to ensure zero-latency processing. This
simplification may overlook subtle syntactic depen-
dencies that could further refine the drafting pro-
cess. Future iterations could explore lightweight,
dynamic parsing to capture these finer-grained fea-
tures. Third, while POS-Adaptive Deferred Veri-
fication effectively balances speed and quality, it
introduces a non-zero risk of semantic drift, par-
ticularly in tasks demanding strict token-level ex-
actness. Although our experiments show this im-
pact is negligible, users with extreme precision
requirements may need to tune the verification win-
dow conservatively. Finally, we acknowledge that
quantitative metrics (e.g., Pass@1) might not fully
capture subtle stylistic nuances. However, follow-
ing the fundamental premise of speculative decod-
ing, the target model serves as the absolute ora-
cle. LinguaSpec aims solely to accelerate the tar-
get model’s inherent probability distribution, not
to alter its stylistic or semantic choices. In the
worst-case scenario where a stylistically plausible
draft is rejected, the system simply falls back to
the target model’s natural generation, guarantee-
ing zero degradation from the baseline capabilities
and preserving a clear boundary between inference
acceleration and stylistic alignment.
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