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Abstract

Large Language Models face fundamental deployment chal-
lenges due to the computational demands of auto-regressive
token-by-token generation. While speculative decoding has
emerged as a promising acceleration technique through its
draft-then-verify framework, current implementations suffer
from two critical limitations: (1) mutual waiting problem
caused by sequential dependencies between draft generation
and verification phases, and (2) constrained token acceptance
rates where retrieval-based drafting methods under-perform
in general domains while models-based drafting approaches
show reduced efficacy in knowledge-intensive scenarios. To
address these challenges, we propose Talon, a novel par-
allel inference architecture featuring two key innovations:
(1) a novel asynchronous execution paradigm that decou-
ples draft generation from verification, effectively eliminat-
ing synchronization bottlenecks, and (2) an adaptive hybrid
drafting strategy that dynamically combines model-based
and retrieval-based approaches to improve token acceptance
rates across diverse domains. Extensive evaluations across
standard benchmarks (MT-Bench, HumanEval, GSM8K, Al-
paca, CNN/DM) demonstrate Talon’s exceptional perfor-
mance, achieving 4.04x–6.52x acceleration across multiple
model families including Vicuna, Deepseek, and LLaMA se-
ries. These results represent a significant advancement over
existing speculative decoding methods (EAGLE 1-3, Hy-
dra, Medusa, Lookahead, SPS, and PLD), establishing a new
paradigm for speculative decoding.

Introduction
Large Language Models (LLMs) such as GPT, LLaMA, and
Deepseek (OpenAI et al. 2024; Bommasani et al. 2021; Tou-
vron et al. 2023; DeepSeek-AI et al. 2025) have been widely
adopted across various fields. Despite demonstrating near-
logarithmic performance gains with increased scale, the ac-
companying computational requirements create fundamen-
tal challenges for efficient deployment. The primary source
of their computational demands stems from auto-regressive
token-by-token decoding process, which not only creates
excessive inference latency but also necessitates quadratic
growth in resource requirements with model scale (Shazeer
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2019; Ivanov et al. 2020; Pope et al. 2023). This constraint
severely limits efficient deployment, particularly in latency-
sensitive scenarios where both time and costs become pro-
hibitive factors (Kaplan et al. 2020; Hoffmann et al. 2022).

Speculative decoding addresses this through a draft-then-
verify framework consisting of two coordinated phases: (1)
drafting phase where drafter generates multiple tokens in
parallel, followed by (2) verification phase where target
LLMs simultaneously validates these candidates. To guar-
antee lossless acceleration, the system employs strict accep-
tance criteria: all non-matching tokens are discarded while
only verified tokens identical to target model’s computations
are retained. By transforming sequential decoding into a
parallelization operation, this technique achieves substantial
improvements in speed while maintaining accuracy (Zhang,
Liu, and Song 2024; Hu et al. 2025; Ryu and Kim 2024).

Although speculative decoding provides significant ac-
celeration benefits, its practical implementation encounters
two fundamental limitations: (1) the mutual waiting prob-
lem and (2) the constrained token acceptance rate. First,
the mutual waiting problem arises from sequential depen-
dencies in the draft-verify paradigm. The target model re-
mains blocked during draft generation, while the draft model
cannot proceed during verification phases. This alternating
stall pattern introduces synchronization bottlenecks that de-
grade theoretical throughput improvements (Liu et al. 2025).
Second, current implementations face inherent trade-offs in
token acceptance rates. Current drafters primarily rely on
additional draft models or retrieve context from databases.
Retrieval-based approaches consistently demonstrate infe-
rior performance in general domains, while model-based
approaches exhibit reduced efficacy in knowledge-intensive
domains (Quan et al. 2025; Li et al. 2025a). Limited accep-
tance rates necessitate excessive drafting-verification cycles,
ultimately capping achievable acceleration.

To overcome the inherent limitations of speculative de-
coding, we propose Talon, a novel parallel inference archi-
tecture that integrates: (1) an asynchronous speculative de-
coding architecture eliminates the mutual waiting problem
by temporally decoupling the draft generation and verifi-
cation process. This design achieves full pipeline utiliza-
tion by eliminating computation stalls between the draft-
ing and verification phases. (2) a hybrid drafting strategy
that intelligently integrates model-based predictions with
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retrieval-based methods. This adaptive hybrid drafting ap-
proach maintains high token acceptance rates across general
tasks to knowledge-intensive domains. This dual optimiza-
tion simultaneously reduces drafting-verification overhead
while improving acceleration performance.

Extensive evaluations across standard benchmarks, in-
cluding MT-Bench for multi-turn dialogue, HumanEval for
code generation, GSM8K for mathematical reasoning, Al-
paca for instruction following, and CNN/DM for summa-
rization, demonstrating Talon’s exceptional performance,
achieving 4.04x to 6.52x acceleration across diverse model
families. These results not only significantly outperform ex-
isting speculative decoding methods by substantial margins,
but also establish a new paradigm for efficient LLM infer-
ence through its innovative architectural approach.

Related Works
Model-based Speculative Decoding
In the realm of speculative decoding research, model-
based methods have established themselves as the pre-
vailing framework for acceleration strategies, consistently
outperforming other approaches in empirical assessments.
The field has witnessed several notable advancements: SPS
(Chen et al. 2023a) pioneered this direction by employing a
4B parameter drafter to generate draft tokens, which are then
verified using a 70B parameter LLM. SpecInfer (Miao et al.
2024) introduces an innovative tree-based inference and ver-
ification system that organizes draft tokens into hierarchi-
cal structures, employing tree-based decoding to validate
all candidate sequences against the LLM. PASS (Monea,
Joulin, and Grave 2023) enhances parallel decoding capabil-
ities by introducing trainable token embeddings that are op-
timized through fine-tuning. Medusa (Cai et al. 2024a) pre-
sentes an efficient solution by maintaining the frozen state of
the backbone model while integrating lightweight auxiliary
heads, enabling simultaneous multi-token generation.

Notably, the EAGLE-Series method currently represents
the cutting edge in speculative decoding. The series has
evolved through three key iterations: EAGLE-1 (Li et al.
2024b) introduced a novel approach by combining the cur-
rent embedding input with previous target model features,
substantially boosting token acceptance rates. EAGLE-2 (Li
et al. 2024a) retained the same core design but replaced
static tree structures with dynamic drafting mechanisms
during decoding, leading to higher-quality candidate token
trees. EAGLE-3 (Li et al. 2025b) shifted from feature pre-
diction to direct token prediction and abandoned top-layer
feature dependence in favor of multi-layer feature fusion via
a training-time test technique. This enhancement not only
improved performance but also allowed the draft model to
fully leverage large-scale training data.

Although model-based speculative decoding demon-
strates strong performance in general domains, its effective-
ness remains limited in knowledge-intensive applications.

Retrieval-based Speculative Decoding
Retrieval-based approaches have emerged as an effective ap-
proach for accelerating LLMs in knowledge-intensive sce-

narios. This training-free paradigm enables seamless inte-
gration with existing language models while maintaining
computational efficiency, particularly excelling in domains
requiring specialized knowledge representation.

Among existing retrieval-based approaches, PLD (Prompt
Lookup Decoding) (Saxena 2023a) represents a lightweight
solution that retrieves candidate token sequences directly
from input prompts through string pattern matching, elim-
inating the need for dedicated draft models. Lookahead
(Zhao et al. 2024) introduces an innovative framework that
enables parallel generation of multiple n-grams within a sin-
gle forward pass, significantly reducing inference latency.

REST (Retrieval-based Speculative Sampling) (He et al.
2024) is a novel algorithm that extends retrieval tech-
niques for speculative execution. Departing from PLD’s
input-bound retrieval mechanism, REST operates on a pre-
constructed knowledge database, dynamically fetching con-
textually relevant tokens without draft model dependencies.
The approach converts existing corpora into structured re-
trieval libraries, organizes results into verifiable draft trees,
and operates without additional draft model parameters.
While Retrieval-based Speculative Decoding offers user-
friendly deployment advantages, its speculative accuracy
currently lags behind model-based approaches in general do-
mains due to limitations in static knowledge retrieval.

Therefore, a hybrid drafting strategy that adaptively com-
bines model-based and retrieval-based drafting approaches
helps improve the acceptance rate of draft tokens in both
general and knowledge-intensive domains, further improv-
ing the inference speed of LLMs.

Synchronous and Asynchronous Architecture
Existing model-based speculative decoding methods pre-
dominantly employ synchronous architectures that require
alternating between draft generation and verification phases
(Chen et al. 2023a). This tight coupling creates inherent
pipeline inefficiencies, as each process must wait for the
other to complete. While recent advances like Medusa (Cai
et al. 2024a) and PASS (Monea, Joulin, and Grave 2023)
mitigate drafting latency through parallel multi-token gener-
ation, they still maintain sequential dependencies between
drafting and verification phases. Furthermore, their infer-
ence acceleration remains fundamentally constrained by the
drafter’s suboptimal token acceptance rates.

Retrieval-based methods (He et al. 2024), while capable
of rapid draft tokens generation, suffer from limited token
acceptance rates in general domains. This deficiency forces
multiple verification iterations, creating cumulative latency
that significantly offsets potential acceleration benefits. Con-
sequently, the practical efficiency gains often fall substan-
tially short of theoretical expectations.

To address these, we present an asynchronous architec-
ture that decouples drafting and verification phases, elimi-
nating their mutual blocking constraints. The framework in-
corporates a hybrid verification mechanism combining re-
trieval and model-based methods, which synergistically im-
proves token acceptance rates. This dual optimization re-
duces drafting-verification cycles overhead, achieving supe-
rior acceleration compared to existing methods.
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Figure 1: Schematic diagram of Talon. At T = 0, Md generates drafting tokens xd1, xd2, xd3 and Mr generates retriev-
ing tokens xr1, xr2, xr3..., Mq accepts xr1, xr2, rejects xd1, xr3 and resample y3 with the pre-retrieve and pre-verify strat-
egy. At T = 3t, Mp rejects the retrieving tokens xr4, xr5, xr6... and accepts the drafting tokens x4, and switches to the
pre-retrieve and post-verify strategy. At T = 6t, Mp rejects all retrieve tokens xr5, xr6, xr7... and accepts all draft tokens
xd4, xd5, xd6 in the last decoding step, while Md continues drafting xd7, xd8, xd9. At T = 9t, Mq accepts the retrieving tokens
xr8, xr9, rejects xd9, xr10, resample y10 and then switches to the pre-retrieve and pre-verify strategy. The final output tokens
are [x1, x2, y3, x4, x5, x6, x7, x8, x9, y10].

Talon
In this section, we provide a detailed description of the im-
plementation of Talon.

System Architecture Overview
Talon’s core architecture employs a multi-engine parallel de-
sign, as illustrated in Figure 1, which consists of three key
components working collaboratively:

• Model Drafter (Md): A lightweight neural network gen-
erating speculative tokens {xdi

}ni=1

• Retrieval Drafter (Mr): A retrieval module that gen-
erates contextually grounded tokens {xrj}mj=1 through
suffix-matching operations on datastore D

• Verification Decider (Mq): Implements speculative
sampling to verify and select tokens

Although Mr’s retrieval and Mq’s verification are inher-
ently sequential, we treat them as parallel operations due
to Mr’s high generation speed. These components imple-
ment the speculative execution algorithm through paral-
lelized drafting-verification workflow, with detailed coordi-
nation logic described in Algorithm 1.

Asynchronous Execution Paradigm
Talon architecture employs two complementary strategies to
maximize hardware utilization during speculative decoding
by parallelizing underutilized computational resources.

The first approach, the pre-retrieve and pre-verify strat-
egy, addresses idleness in the target model (Mp) during draft
token generation. While the draft model Md sequentially
generates γ speculative tokens through γ forward passes, we
observe that the target model Mp remains idle despite having
access to the current prefix x. To leverage this opportunity,
we simultaneously execute three critical operations: (1) initi-
ate Mr(x) for suffix-matching token retrieval from datastore
D with near-zero latency (≤ 0.1t) due to optimized index-
ing, (2) maintain Md’s sequential generation of {xdi

}γi=1,
and (3) execute Mp(x) to pre-compute probability distribu-
tions for both speculative and retrieved candidates.

As illustrated in Figure 1, at the timestamp of T = 0, the
draft model Md generates draft tokens xd1, xd2, xd3 while
the retrieval model Mr simultaneously produces retrieved
tokens xr1, xr2, xr3... The target model Mp computes the
probability distribution p over the combined candidate to-
kens, rejects the draft token xd1 based on the acceptance cri-
terion p(xd1|x)

q(xd1|x) < τ , accepts retrieved tokens xr1, xr2 while
rejecting xr3, and samples an alternative token y3 through
the pre-retrieve and pre-verify strategy.

At the timestamp of T = 3t, the draft model Md generates
draft tokens xd4, xd5, xd6 while the retrieval model Mr pro-
duces retrieved tokens xr4, xr5, xr6.., and the target model
Mp rejects retrieved tokens xr4, xr5, xr6.. while accepting
the drafting token xd4, triggering a switch to the pre-retrieve
and post-verify strategy where xd5, xd6 undergo subsequent
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Figure 2: Schematic diagram of knowledge base construction. Green circles denote computed layers, dotted circles indicate
skipped layers, and yellow circles represent fused layers. We propose four distinct construction approaches: (1) Shallow layer
processing followed by direct output via LLM-Head, (2) Intermediate layer followed by direct output via LLM-Head, (3) Full-
layer processing followed by direct output via LLM-Head, and (4) Fusion of multiple intermediate layer hidden states before
final output through the LLM-Head module.

verification.
According to this strategy, if the first draft token xd1

is rejected, the subsequent draft tokens xd2, xd3 are dis-
carded due to their conditional dependency on xd1’s ac-
ceptance. The key distinction from conventional specula-
tive decoding lies in the handling of rejected initial tokens:
while standard approaches must fall back to generating just
one token per step in such cases, our method achieves pro-
gressive sequence expansion by incorporating both the ac-
cepted retrieved tokens xr1, xr2 and the newly sampled to-
ken y3, resulting in γeff = k + 1 effective tokens per
step (where k is the count of accepted retrieved tokens).
This approach circumvents redundant verification of invalid
draft tokens while maintaining decoding throughput through
retrieved token integration. The process then immediately
transitions to the next drafting phase using the updated prefix
x⊕ [xr1, xr2, y3], bypassing intermediate verification steps.

The second approach, the pre-retrieve and post-verify
strategy, eliminates draft model idleness during verification
phases. While the target model Mp verifies γ candidate to-
kens, we observe that the draft model Md would otherwise
remain idle awaiting verification completion. To exploit this
resource availability, we concurrently execute three critical
operations: (1) initiate Md(x⊕ [c]) to generate draft tokens
for the subsequent process, c is candidate tokens from pre-
retrieve and pre-verify strategy, (2) invoke Mr(x ⊕ [c]) for
suffix-matching token retrieval from datastore D, and (3)
compute verification probabilities for subsequent tokens us-
ing Mp(x⊕ [c]).

In Figure 1, at the timestamp of T = 6t, the draft model
Md generates speculative tokens xd7, xd8, xd9 while the re-
trieval model Mr produces retrieved tokens xr5, xr6, xr7...,
and the target model Mp completes verification of candi-
date tokens: it rejects all retrieved tokens xr5, xr6, xr7...
and accepts all drafting tokens xd7, xd8, xd9. Consequently,
the pre-generated draft tokens xd7, xd8, xd9 and retrieved
tokens xr5, xr6, xr7... immediately enter the verification
phase without an intermediate drafting phase.

At the timestamp of T = 9t, the draft model Md gener-
ates draft tokens xd10, xd11, xd12 while the retrieval model
Mr produces retrieved tokens xr8, xr9, xr10..., and the tar-
get model Mp rejecting draft token xd9, accepting retrieved
tokens xr8 and xr9, and sampling new token y10 though the
pre-retrieve and post-verify strategy. The failure to accept
all draft tokens triggers a strategic shift to pre-retrieve and
post-verify strategy for subsequent draft. Finally, the prefix
x+[x1, x2, y3, x4, x5, x6, x7, x8, x9, y10] is input to the next
drafting phase.

Taking together the two strategies, our Talon architecture
consists of a draft model, a target model, a datastore, and
two strategies to decode tokens.

Adaptive Hybrid Drafting Strategy
The adaptive hybrid drafting strategy dynamically inte-
grates model-based token generation and retrieval-based to-
ken matching to maximize acceptance rates. This Strategy
leverages both the predictive capabilities of the draft model
Md and contextually relevant tokens from the knowledge-
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enhanced datastore D.
Model-based token generation employs the draft model

Md to autoregressively predict speculative tokens {xdi
}γi=1

conditioned on the current prefix x. Each token generation
requires a full forward pass of Md. The sequential depen-
dency chain necessitates that rejection of any xdk

invalidates
all subsequent tokens {xdj

}j>k, this constraint is mitigated
through the hybrid design’s retrieval augmentation.

For retrieval-based token generation, we employ a datas-
tore to enable efficient token retrieval, utilizing suffix match-
ing to rapidly identify relevant tokens from large-scale
knowledge sources. This approach accelerates candidate
draft token generation while enhancing draft tokens quality
through context-aware knowledge augmentation.

The datastore D is the set of pairs {(ci, ti)}, where ci de-
notes the prefix context and ti its corresponding continuation
token; its construction is driven by four key innovations:

(1) Tokenizer-based segmentation populates surface-level
token distributions; (2) Target model distribution alignment
injects tokens generated from Mp’s multi-layer outputs to
ensure distributional fidelity; (3) Layer-specific token injec-
tion generates tokens from distinct transformer layers of Mp:

t
(l)
i = argmax

V
(Wl · hl) ∀l ∈ {2, 16, 29} (1)

where {Wl} are layer-specific projection heads for low,
mid, and high-level representations. The low-layer captures
local syntactic patterns and positional relationships. The
mid-layer encodes semantic compositionality and medium-
range dependencies. The high-layer represents global dis-
course structure and long-range coherence. (4) Hierarchical
feature fusion integrates representations by concatenating
hidden states [h2;h16;h29] followed by a nonlinear trans-
formation, generating enriched tokens that capture cross-
layer semantic patterns. These fused tokens combine syntac-
tic precision from lower layers with semantic richness from
higher layers.

In this paper, we construct the knowledge-enriched data-
store D by systematically integrating multi-domain open-
source datasets spanning programming proficiency, math-
ematical reasoning, instruction adherence, and summariza-
tion quality.

Following datastore construction, retrieval operations ac-
tivate during decoding sequences. During decoding, given
current context s = (x1, . . . , xt), we extract its ℓ-token suf-
fix csuffix = (xt−ℓ+1, . . . , xt) for exact-match retrieval from
datastore D. The operation retrieves all context-continuation
pairs {(ci, ti) ∈ D | ci = csuffix}, then constructs a candi-
date set S = {(tj , fj)} where fj denotes occurrence count
of token tj across matched pairs. This procedure is formally
implemented in Algorithm 1.

Building upon these retrieved candidates, the adaptive hy-
brid drafting tree generation integrates retrieval-based and
model-based token candidates into a unified structure for
efficient speculative execution. This process comprises two
synergistic stages: retrieval tree construction with intelligent
pruning, followed by fusion with the draft model’s genera-
tion tree.

First, given candidate set S = {(tj , fj)} where tj de-
notes token sequences, we construct retrieval tree Tr with

Algorithm 1: Retrieval-Based Token Generation Algorithm

1: Input: Draft model Md, target model Mp, input prefix
x, max tokens L, datastore D, suffix length ℓ

2: Output: Candidate set S = {(tj , fj)}
3: S ← ∅ {Initialize candidate set}
4: while ℓ > 0 do
5: csuffix ← s[max(1, t− ℓ+ 1) : t]
6: R ← SEARCH(D, csuffix) {Get all matched continua-

tion tokens}
7: ifR ̸= ∅ then
8: Tunique ← ∅ {Unique tokens}
9: F ← ∅ {Frequency counter}

10: for all ti ∈ R do
11: if ti /∈ Tunique then
12: Tunique ← Tunique ∪ {ti}
13: F [ti]← 1
14: else
15: F [ti]← F [ti] + 1
16: end if
17: end for
18: for all tj ∈ Tunique do
19: S ← S ∪ {(tj ,F [tj ])}
20: end for
21: break {Exit after first successful retrieval}
22: else
23: ℓ← ℓ− 1 {Decrease suffix length}
24: end if
25: end while
26: return S

each root-to-leaf path representing semantically coherent to-
ken sequences. Initialized with a root node, the tree sequen-
tially inserts tokens from candidate sequences {tj} along
the tree structure — updating the cumulative frequency fj
for existing paths or creating new branches with initial-
ized frequency counters. When the node count |Tr| exceeds
threshold m, frequency-based pruning activates: recursively
removing lowest-cumulative-frequency subtrees bottom-up
until |Tr| ≤ m. This preserves semantic integrity while
maintaining computational efficiency.

Second, we employ tree fusion to solve the quadratic
development of forward propagation time in large lan-
guage models (LLMs), which involves integrating the draft
model’s generation tree Tdraft with the pruned retrieval
tree Tr. This integration eliminates redundant computation
through prefix sharing and structural optimization. The core
mechanism employs longest prefix matching (LPM) to align
branches across both trees. During fusion, we recursively
traverse sibling nodes from the root downward, identify-
ing maximal common token sequences between correspond-
ing branches. When a shared prefix [t1, . . . , tk] is detected,
we consolidate the matching segment into a single pathway.
The terminal node tk of this common prefix becomes a uni-
fied parent node, from which divergent subtrees Tdraft and
Tr extend as children. This hierarchical merging bypasses
redundant attention computations for the shared prefix t1:k.
Through this process, we obtain final draft tree Tcombine.
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Figure 3: Speedup performance under deterministic decoding (temperature=0) across three representative model-task config-
urations: Vicuna-13B (multi-turn dialogue on MT-bench), LLaMA-Instruct-3.1-8B (instruction following on MT-bench), and
DeepSeek-R1-LLaMA-8B (math reasoning on GSM8K). This figure highlights representative results, complete results are
available in Table 1.

Draft Tree Verification
This work employs a recursive verification strategy based
on tree attention mechanisms, enabling single-forward-pass
computation of token probabilities across all nodes in the
draft tree Tcombine. The core implementation arranges tree
nodes in level-order traversal sequence, utilizing an atten-
tion mask matrix M that simultaneously encodes two critical
structural features: positional embeddings representing hier-
archical depth and explicit parent-child dependencies. For
each node xi, the SpecInfer acceptance criterion is applied:
a node is accepted if and only if Ptarget(xi|x<i)

Qdraft(xi|x<i)
≥ τ , where τ

denotes a predetermined acceptance threshold, while Ptarget
and Qdraft represent probability distributions from the target
and draft models respectively. Upon node rejection, imme-
diate pruning of the corresponding descendant subtree oc-
curs, with verification automatically transitioning to the next
unverified sibling node at the same tree level for continued
depth-first processing; when all sibling nodes at a given level
are rejected, the system initiates resampling of new tokens
from the last accepted ancestor node.

Experiments
Models and Tasks
Our empirical assessment leverages three state-of-the-art
open-source language models: Vicuna-13B (Chiang et al.
2023), LLaMA-Instruct 3.3 (8B) (Dubey et al. 2024), and
DeepSeek-R1-Distill-LLaMA (8B) (Guo et al. 2025). Com-
prehensive evaluation employs five established benchmarks
spanning distinct capabilities domains: multi-turn conver-
sation (MT-bench (Zheng et al. 2024)), code generation
(HumanEval (Chen et al. 2021)), mathematical reasoning
(GSM8K (Cobbe et al. 2021)), instruction following (Al-
paca (Taori et al. 2023)), and summarization capacity (CN-
N/Daily Mail (Nallapati et al. 2016)).

Metrics
Falcon leaves the target model’s weights untouched and em-
ploys greedy decoding to guarantee lossless acceleration,
thereby preserving generation quality. Consequently, qual-
ity evaluation is unnecessary, and our assessment focuses
exclusively on latency-oriented metrics: average acceptance
length τ and speedup ratio (SR).

The average acceptance length (τ ) quantifies the aver-
age count of tokens validated per forward pass of the tar-
get LLM, excluding computational overhead from draft to-
ken generation. This metric establishes the theoretical up-
per bound for acceleration potential. Complementarily, the
speedup ratio (SR) benchmarks the reduction in real-time
latency against standard auto-regressive decoding.

Implementation Details
Our draft model employs the AdamW optimizer with hyper-
parameters (β1, β2) = (0.9, 0.95), implementing gradient
clipping at 0.5 and a constant learning rate of 5 × 10−5.
The training data combines SHAREGPT (68k samples)
and ULTRACHAT-200K (464k samples) datasets, where
responses are dynamically generated by the target model
rather than using static dataset entries. For the reasoning
model DEEPSEEK-R1-DISTILL-LLAMA-8B, we augment
the training with the OPENTHOUGHTS-114K-MATH dataset
to enhance mathematical reasoning capabilities. The target
model remains structurally unmodified throughout this pro-
cess, ensuring consistent generation quality.

Baseline
We establish vanilla autoregressive decoding as the refer-
ence baseline (1.00× speed), following standard practice
in speculative execution research (Chen et al. 2023b). Our
comprehensive evaluation benchmarks TALON against three
categories of state-of-the-art speculative decoding methods:
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Model Method MT-Bench HumanEval GSM8K Alpaca CNN/DM

Speedup τ Speedup τ Speedup τ Speedup τ Speedup τ

Vicuna-13B

SpS 1.93x 2.27 2.23x 2.57 1.77x 2.01 1.76x 2.03 1.93x 2.33
PLD 1.58x 1.63 1.85x 1.93 1.68x 1.73 1.16x 1.19 2.42x 2.50

Medusa 2.07x 2.59 2.50x 2.78 2.23x 2.64 2.08x 2.45 1.71x 2.09
Lookahead 1.65x 1.69 1.71x 1.75 1.81x 1.90 1.46x 1.51 1.46x 1.50

Hydra 2.88x 3.65 3.28x 3.87 2.93x 3.66 2.86x 3.53 2.05x 2.81
EAGLE 3.07x 3.98 3.58x 4.39 3.08x 3.97 3.03x 3.95 2.49x 3.52

EAGLE-2 4.26x 4.83 4.96x 5.41 4.22x 4.79 4.25x 4.89 3.40x 4.21
EAGLE-3 5.58x 6.65 6.47x 7.54 5.32x 6.29 5.16x 6.17 5.01x 6.47

Talon 5.84x 8.11 6.52x 8.58 6.23x 8.10 5.65x 7.43 4.67x 6.60

LlaMA-3.1 8B
EAGLE-2 3.16x 4.05 3.66x 4.71 3.39x 4.24 3.28x 4.12 2.65x 3.45
EAGLE-3 4.40x 6.13 4.85x 6.74 4.48x 6.23 4.82x 6.70 3.65x 5.34

Talon 4.99x 7.03 5.33x 7.83 5.04x 7.39 4.98x 7.10 4.04x 5.60

DeepSeek 8B
EAGLE-2 2.92x 3.80 3.42x 4.29 3.40x 4.40 3.01x 3.80 3.53x 3.33
EAGLE-3 4.05x 5.58 4.59x 6.38 5.01x 6.93 3.65x 5.37 3.52x 4.92

Talon 4.93x 6.80 5.36x 7.54 5.43x 7.37 4.21x 6.43 4.06x 5.34

Table 1: Comparison of speculative decoding methods showing speedup ratios and acceptance lengths (τ ). All measurements
obtained under greedy decoding (temperature=0).

(1) basic speculative frameworks including standard spec-
ulative sampling (Leviathan, Kalman, and Matias 2023;
Gante 2023) and Lookahead decoding (Fu et al. 2024); (2)
parallel drafting systems such as PLD (Saxena 2023b), HY-
DRA (Ankner et al. 2024), and MEDUSA (Cai et al. 2024b);
and (3) advanced tree-based methods including EAGLE (Li
et al. 2024b), EAGLE-2 (Li et al. 2024a), EAGLE-3 (Li et al.
2025b), and HASS (Zhang et al. 2024).

Our evaluation compares Talon with reproduced Eagle-3
results on NVIDIA A800 80GB GPUs, representing the cur-
rent state-of-the-art in speculative inference. Crucially, both
systems employ identical experimental parameters ensur-
ing direct comparability. Performance data for other base-
lines (Eagle, Medusa, Lookahead, etc.) are derived from
their original publications using A100 platforms. All meth-
ods are assessed under consistent evaluation protocols (tem-
perature=0, greedy decoding) with identical dataset versions
and batch size of 1.

Effectiveness
As quantitatively demonstrated in Figure 3 and Table 1,
Talon exhibits statistically significant improvements across
all evaluation scenarios. Talon achieves speedups ranging
from 4.04× to 6.52× compared to vanilla autoregressive
decoding. Talon significantly outperforms prior state-of-the-
art speculative decoding methods like EAGLE-3 across di-
verse tasks and model architectures. Our proposed method
demonstrates superior performance than traditional specula-
tive decoding methods, achieving exceptional speedup ratios
(4.04x–6.52x) and acceptance lengths (τ = 5.34–8.58).

On the Vicuna-13B architecture, the framework achieves
a notable 4.9% average improvement across comprehensive
benchmarks, with particularly impressive gains of 15.1% on
complex mathematical reasoning tasks (GSM8K). For the
LLaMA-3.1 8B model, Talon provides robust acceleration

with a consistent 9.0% average speedup, peaking at 11.8%
on MT-Bench. Most significantly, Talon achieves break-
through performance on the DeepSeek-R1 8B model, realiz-
ing an exceptional improvement that represents state-of-the-
art efficiency gains compared to EAGLE-3. This remarkable
advancement is highlighted by 13.0% speed enhancements
on Alpaca datasets.

These substantial gains are primarily attributed to Talon’s
synergistic integration of knowledge-enhanced drafting
and parallelized execution. The knowledge-aware retrieval
mechanism significantly boosts token acceptance rates in
knowledge-intensive domains, while the asynchronous ar-
chitecture eliminates sequential bottlenecks.

Conclusions
The paper presents Talon, a groundbreaking approach to the
speculative decoding community that addresses two criti-
cal limitations of existing speculative decoding methods:
the mutual waiting problem and constrained token accep-
tance rates. Talon redefines speculative decoding by intro-
ducing an asynchronous execution paradigm that decouples
draft from verification, eliminating synchronization bottle-
necks, and an adaptive hybrid drafting strategy that dy-
namically combines model-based predictions with retrieval-
based methods to maximize token acceptance rates across
diverse domains. Through its innovative architecture, Talon
achieves 4.04x–6.52x acceleration while maintaining gen-
eration quality, as demonstrated across benchmarks (MT-
Bench, HumanEval, GSM8K) and model families (Vicuna,
LLaMA, DeepSeek). The system’s dual optimization of
pipeline efficiency and knowledge-aware drafting sets a new
standard for efficient LLM inference, offering a scalable so-
lution for latency-sensitive deployments of LLMs without
compromising the inference accuracy.
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