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Abstract

Accelerating the inference of large language
models (LLMs) has been a critical challenge in
generative AI. Speculative decoding (SD) sub-
stantially improves LLM inference efficiency.
However, its utility is limited by a fundamental
constraint: the draft and target models must
share the same vocabulary, thus limiting the
herd of available draft models and often ne-
cessitating the training of a new model from
scratch. Inspired by Dynamic Time Warping
(DTW), a classic algorithm for aligning time
series, we propose the algorithm TokenTiming
for universal speculative decoding. It operates
by re-encoding the draft token sequence to get
a new target token sequence, and then uses
DTW to build a mapping to transfer the prob-
ability distributions for speculative sampling.
Benefiting from this, our method accommo-
dates mismatched vocabularies and works with
any off-the-shelf models without re-training
and modification. We conduct comprehensive
experiments on various tasks, demonstrating
1.57× speedup. This work enables a univer-
sal approach for draft model selection, making
SD a more versatile and practical tool for LLM
acceleration. The code is available at the link.

1 Introduction

Speculative decoding (SD) accelerates LLM infer-
ence using a small draft model to propose tokens
that are then verified by the larger target model
(Leviathan et al., 2023; Chen et al., 2023). The
effectiveness of SD depends on a draft model that
is both fast and accurate in approximating the tar-
get distribution (Timor et al., 2025b; Chen et al.,
2024). However, a fundamental assumption in cur-
rent verification methods—the requirement of a
shared vocabulary between the draft model and tar-
get model— prevents the widespread adoption of
SD (Miao et al., 2024; Sun et al., 2024). This single
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constraint leads to two significant practical barriers:
Limited Selection of Draft Models. SD requires
that the target and draft models share the same
vocabulary. Many target models are deployed inde-
pendently, possessing unique vocabularies that fun-
damentally preclude the choice of draft models. On
the other hand, even within the same model family
(e.g., GPT-OSS-120B/20B) (OpenAI, 2025), the
smallest variants often remain too large to provide
a substantial draft acceleration. An effective draft
model must possess a parameter scale significantly
smaller than the target model to ensure high in-
ference efficiency. This dual, stringent constraint
on both scale and vocabulary compatibility makes
finding the optimal draft model a major practical
hurdle.
Costly and Inflexible Training. For a selected
target model, obtaining a draft model with com-
plete word alignment usually requires starting from
the pre/post-training stage, e.g., Medusa (Cai et al.,
2024), EAGLE (Li et al., 2024a). Furthermore,
if switched to a new target model, the previously
trained model will no longer align. This is ex-
tremely inflexible in the current era where there are
numerous model types and model iterations occur
rapidly.

To address this, several alignment algorithms
for universal speculative decoding (Timor et al.,
2025a) have been proposed. These methods re-
solve the heterogeneity of model vocabularies by
operating at the linguistic level. SLEM (String-
level Exact Match) cannot perform probabilistic
sampling, while the performance of TLI (Token-
level Intersection) is constrained by the size of the
vocabulary intersection between the draft and target
models. In conclusion, these methods have only
partially alleviated the problem, but they cannot
fully meet all the requirements for implementing
lossless speculative decoding.

To overcome these challenges, we present To-
kenTiming, a novel universal speculative decoding
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Figure 1: Comparison of core points of TokenTiming with previous work. Previous methods (e.g., TLI) carry the
transfer of probability distribution in the vocabulary space of Vd ∩Vt. If the draft tokens fall outside the intersection,
they will be accepted unconditionally, which violates the integrity of losslessness. TokenTiming constructs intact
token mapping via DTW, ensuring lossless speculative sampling.

framework that enables lossless acceleration across
heterogeneous vocabularies. At the core of To-
kenTiming is Dynamic Token Warping (DTW),
a lightweight alignment mechanism inspired by
Dynamic Time Warping (Sakoe and Chiba, 1978)
from time series analysis. Given a sequence of
draft tokens, TokenTiming first converts it into a
string and then re-tokenizes it using the target to-
kenizer to obtain a proxy target token sequence.
DTW is then applied to construct a many-to-many
alignment between the draft and proxy target token
sequence, enabling accurate transfer of probability
distributions from the draft vocabulary to the target
vocabulary. This alignment is performed on-the-fly
during each decoding step, without requiring any
re-training or model modification.
Our Contributions:

• Universal Compatibility Without Shared Vo-
cabularies: TokenTiming allows any off-the-
shelf draft model to be plugged in without a
strict vocabulary match.

• Strong Empirical Performance Across Tasks:
On summarization, translation, code, and
math, TokenTiming attains up to 1.57×
speedup over autoregressive baselines and sur-
passes universal SD rivals.

• Approaching Homogeneous-Vocabulary SD
SOTA Performance: On 7B/33B Models, To-
kenTiming yields 2.27× speedup, closing in
on Medusa and EAGLE-1/2 while retaining
model flexibility.

2 Related Works

SD with Homogeneous Vocabularies Specula-
tive Decoding (SD) (Leviathan et al., 2023; Chen
et al., 2023) reduces inference latency by using a
fast draft model to propose tokens that are then ver-
ified in parallel by a larger target model. There are
different types of speculative decoding approaches.
Draft-head methods like Medusa (Cai et al., 2024),
Hydra (Ankner et al., 2024), and EAGLE (Li et al.,
2024b,a, 2025) integrate auxiliary heads into the
target model to propose sequences. In contrast,
Jacobi-based approaches such as Lookahead De-
coding (Fu et al., 2024) and CLLM (Kou et al.,
2024) enable parallel n-gram generation without
draft models. System-level efforts (Miao et al.,
2024; Liu et al., 2024) further optimize SD’s run-
time efficiency in serving systems.

SD with Pruned Vocabularies Zhao et al. (2025)
proposed a vocabulary pruning strategy to enhance
the efficiency of speculative decoding draft models.
The core rationale is the pronounced long-tailed
structure of token frequency distributions. An
empirical analysis of Llama-3-8B on the SlimPa-
jama dataset confirms this, showing that a vast
majority of the vocabulary (75%) accounts for a
small fraction (less than 5%) of token occurrences
(Grattafiori et al., 2024; Soboleva et al., 2023). The
proposed method operates by calculating token fre-
quencies on a dataset S and constructing a reduced
vocabulary comprising only the most frequent to-
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Draft Tokens: 
eg. S, cal, ing, law

Draft Model’s
Tokenizer

String IR
eg. “Scaling law”

Target Model’s
Tokenizer

Proxy Target Tokens: 
eg. Scale, ing, l, aw

TokenTiming
Draft-Verify iteration 
in Speculative Decoding

(a) (b) (c) (d)

Figure 2: Phase illustrations of TokenTiming. (a) illustrates the re-tokenization of Draft Tokens into Proxy Target
Tokens, which are used to construct the mapping in the DTW. (b) DTW calculation process (token distance matrix)
and aligned token mapping π∗ = [(S, Scale), (cal, Scale), (ing, ing), (Law,L), (Law, aw)]. The calculation
rules for this mapping are presented in Alg. 1. (c) Probability distribution of draft tokens is transferred based on the
mapping π∗. (d) Dynamic alignment in every Draft-Verify iteration of Speculative Decoding.

kens.

SD with Heterogeneous Vocabularies Token-
Level Intersection (TLI) for heterogeneous draft
models has been recently introduced by Timor et al.
(2025a), which normalizes the intersected distri-
bution by zeroing out all out-of-vocabulary mass.
Alternatively, Redistributing draft model Kernels
(RDK) (Timor et al., 2025c) uses a row-stochastic
matrix M to convert the draft distribution d to a
new distribution t′ via the operation t′ = MTd.
The resulting distribution t′ and the target distribu-
tion t are then used for native speculative sampling.

3 Preliminaries

Speculative Decoding (SD) Let Vd, Vt denote
the vocabularies of draft model Md and target
model Mt respectively. SD accelerates autoregres-
sive generation by letting Md propose K tokens
D = (d1, . . . , dK) in one shot; Mt then verifies
them in a single forward pass and rolls back at the
first rejection. The expected speed-up is E[γ + 1]
where γ ∈ [0,K] is the number of accepted tokens.
Crucially, standard verification assumes Vd = Vt
so that each draft token di can be directly verified
by Mt.

Standard Speculative Sampling Speculative
sampling enables lossless acceleration by verify-
ing multiple tokens in parallel. Let p(t) denote the
probability assigned by the draft model to token t,
and q(t) the corresponding probability under the
target model. A proposed token t is accepted with
probability min

(
1, q(t)

p(t)

)
, otherwise it is rejected

and a new token is sampled from the adjusted target
distribution. This acceptance rule guarantees that

the final output distribution remains identical to the
target model’s distribution.

Vocabulary Mismatch When Vd ̸= Vt1, the
draft token sequence D cannot be directly inter-
preted by Mt: the same surface form may be to-
kenised differently (e.g. “Scaling” → one token
in Vt but “Scal”+“ing” in Vd), and normalisation
rules make re-encoding non-invertible, so the proxy
target token sequence t can diverge sharply from
D, collapsing the accept rate.

4 Method

To address the fundamental challenges of vocab-
ulary mismatch in universal speculative decod-
ing, we propose TokenTiming, a novel algorithm
built upon our core integration of Dynamic To-
ken Warping (DTW). The complete algorithmic
procedure is formally presented in Fig. 2.

4.1 Core Component
Dynamic Token Warping (DTW) algorithm
serves as the core alignment component in our
framework, addressing the fundamental challenge
of vocabulary mismatch between heterogeneous
tokenizers. As formally presented in Alg. 1, DTW
establishes an optimal many-to-many mapping be-
tween draft token sequence D = (d1, . . . , dk) and
proxy target token sequence T = (t1, . . . , tm)
through dynamic programming.

The algorithm operates by constructing a cumu-
lative cost matrix C ∈ Rk×m, where each entry
Ci,j represents the minimum cumulative distance
to align the first i draft tokens with the first j target

1Tab. 1 demonstrates detailed statistics of Vocabulary Mis-
match by intersection ratio.
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Algorithm 1 Dynamic Token Warping (DTW)

Require: Token sequences X = (x1, . . . , xm),
Y = (y1, . . . , yn), edit distance metric d, win-
dow size w.

Ensure: Optimal path π∗ and total cost C∗.
1: Initialize C0..m,0..n: C0,0 ← 0; Ci,0, C0,j ←
∞ for i, j > 0.

2: for i← 1 to m do
3: for j ← max(1, i − w) to min(n, i + w)

do
4: Ci,j ← d(xi, yj)+
5: min{Ci−1,j , Ci,j−1, Ci−1,j−1}
6: end for
7: end for
8: C∗ ← Cm,n

9: π∗ ← [], (i, j)← (m,n)
10: while (i, j) ̸= (0, 0) do
11: Prepend (i, j) to π∗

12: (i, j)← argmin Ci′,j′

(i′,j′)∈{(i−1,j),(i,j−1),(i−1,j−1)}
13: end while
14: return π∗

tokens. The local dissimilarity d(xi, yj) between
tokens is computed using an appropriate distance
metric, with Levenshtein distance serving as our
primary choice due to its effectiveness in capturing
token-level edits.

To ensure computational efficiency while main-
taining alignment quality, we implement the Sakoe-
Chiba Band constraint: W = {(i, j) | |i − j| ≤
w} This restriction limits the search space to a di-
agonal band of width w, reducing computational
complexity from O(k ·m) to O(w · max(k,m)).
The window size w is carefully selected to balance
alignment accuracy and computational overhead,
with the additional constraint that ∆pos < w ∧
∆pos < k, where ∆pos denotes the sequence po-
sition deviation between matched tokens. The opti-
mal alignment path π∗ = [(i1, j1), . . . , (iL, jL)] is
obtained through backtracking from Ck,m to C1,1,
following the minimal cost path through the ac-
cumulated distance matrix. This path establishes
the crucial correspondence that enables subsequent
probability transfer between token sequences.

4.2 Pipeline

TokenTiming, as formally presented in Alg. 2,
integrates DTW alignment into a cohesive specu-
lative decoding pipeline, enabling efficient cross-
tokenizer acceleration while preserving output dis-

tribution losslessness.

4.2.1 Draft Token Calculation
At each decoding iteration, the draft model Md

autoregressively generates a token sequence D =
(d1, . . . , dk) from the current prefix P. To bridge
the heterogeneous tokenizer gap, we employ
a dual-conversion pipeline: D is first encoded
into an intermediate string representation S using
Tokenizerd, then decoded into the target vocabu-
lary space using Tokenizert to yield Proxy Target
Tokens T = (t1, . . . , tm). Notably, the cardinal-
ity mismatch m ̸= k frequently arises due to fun-
damental tokenizer disparities, necessitating our
DTW alignment mechanism.

4.2.2 Verification via Speculative Sampling
Leveraging the mapped probability distribution
{p(tj)} derived from DTW alignment, the target
model Mt performs parallel verification through a
single forward pass over the proposed sequence
T , computing the true conditional probabilities
{q(tj)}. Tokens are sequentially accepted ac-
cording to the speculative decoding criterion:
Accept tj if r < min

(
1,

q(tj)
p(tj)

)
where r ∼

U(0, 1). This mechanism guarantees that the out-
put distribution exactly matches that of the tar-
get model, preserving generative quality while en-
abling acceleration. The verification process ter-
minates at the first rejection instance, yielding γ
accepted tokens where 0 ≤ γ ≤ m.

4.2.3 Prefix Update
Upon accepting γ tokens T ∗ = (t1, . . . , tγ), the
target model generates the subsequent token dis-
tribution PMt(· | P, t1, . . . , tγ). We sample tγ+1

from this distribution and update the decoding pre-
fix as P← P⊕ (t1, . . . , tγ , tγ+1). This completes
one decoding iteration, preparing the system for
the next draft generation and verification cycles.

5 Experiments

5.1 Experiment Settings
LLM Backbones To demonstrate our method’s
effectiveness, we conducted experiments on a
diverse set of LLM model pairs, detailed in
Tab. 4. Our selection spans various architec-
tures, sizes, and specializations to ensure a com-
prehensive evaluation. The target models include
common dense (e.g., Meta-Llama-3.1-70B, Phi-
4)(Dubey et al., 2024; Abdin et al., 2024), dis-
tilled (DeepSeek-R1-Distill-Llama-70B, Deepseek-
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Algorithm 2 TokenTiming

Require: Prefix P, draft Md, target Mt, length k
Ensure: Full sequence X

1: X← P
2: while last token of X ̸= <EOS> do
3: D ←Md.generate(X, k)
4: S← Tokenizerd.encode(D)
5: T ← Tokenizert.decode(S)
6: π∗ ← DTW(D,T )
7: γ ← 0
8: for j = 1 to |T | in parallel do
9: q(tj)← PMt(tj | X⊕ T1:j−1)

10: p(tj)← MapProbabilities(p(T ), π∗, j)
11: r ∼ U(0, 1)
12: if r < min (1, q(tj)/p(tj)) then
13: γ ← γ + 1
14: else
15: break
16: end if
17: end for
18: X← X⊕ T1:γ ▷ Accept γ tokens
19: tγ+1 ← Sample(PMt(· | X))
20: X← X⊕ tγ+1

21: end while
22: return X

R1-Distill-Qwen-1.5B)(DeepSeek-AI et al., 2025),
and Mixture-of-Experts (Qwen3-30B-A3B)(Yang
et al., 2025) architectures, with several being op-
timized for reasoning. Ranging from 14B to 70B
parameters, these models confirm our method’s
scalability. For draft models, we showcase the
framework’s portability by using small, hetero-
geneous, off-the-shelf models. These include
inchoate pre-trained (OPT-350M)(Zhang et al.,
2022), instruction-tuned (Qwen2.5-0.5B), and even
an extremely compact fine-tuned model (Vicuna-
68M)(Zheng et al., 2023). The vast size disparity
underscores the strong efficiency of our approach,
as draft models as small as 68M can effectively
accelerate 70B targets.

Generation Settings To evaluate our algorithm,
we employ Spec-Bench (Xia et al., 2024), a com-
prehensive benchmark designed for assessing Spec-
ulative Decoding across diverse scenarios, includ-
ing translation, summarization, question answering,
reasoning, and coding. Spec-Bench integrates CN-
N/Daily Mail (Nallapati et al., 2016), WMT14 DE-
EN, Natural Questions (Kwiatkowski et al., 2019),
and GSM8K (Cobbe et al., 2021) as the primary

datasets for these scenarios. Using this dataset,
we perform 480 generations for twenty-five model
pairs. All model hyperparameter settings (such as
temperature, top_p, etc.) adopt the default settings
from the Hugging Face model library. The detailed
hyperparameters for the models used in this experi-
ment are shown in Tab. 5.

Metrics We assess generation efficiency and
quality via: (1) Tokens Per Second (TPS)—tokens
per second, averaged over the full sequence; (2) Ac-
cept rate—fraction of draft tokens accepted by the
target model in one speculative step; (3) Speedup—
wall-clock time of autoregressive (AR) decoding
divided by that of speculative decoding; (4) Time
to First Token (TTFT)—time from prompt avail-
ability to first token emission; (5) Inter-Token La-
tency (ITL)—average latency between consecutive
tokens; (6) Rep-N (Repetition-N)—proportion of
duplicate n-grams among all n-grams in the output,
which measures diversity (Shao et al., 2019).

5.2 Experiment Results

5.2.1 Overall Results
Tab. 1 presents a comprehensive evaluation of
our proposed method, TokenTiming, against au-
toregressive (AR) decoding and a recent spec-
ulative decoding algorithm, TLI (Timor et al.,
2025a)2, which is designed for heterogeneous vo-
cabularies. The experiments span a diverse set of
large-scale target models, including DeepSeek-R1-
Distill-Llama-70B model, Llama-3.1-70B, Qwen3-
30B, Qwen3-32B, and Phi-4, paired with various
small draft models such as Deepseek-R1-Distill-
Qwen-1.5B (abbreviated as DQwen-1.5B in Tab.
1). Performance is primarily measured by the
speedup ratio relative to the AR baseline and the
absolute TPS.

The results demonstrate the superior perfor-
mance of our proposed TokenTiming algorithm.
Across all tested target models, TokenTiming con-
sistently achieves a higher speedup than both the
AR baseline and the TLI method. For instance,
when accelerating the Qwen3-32B model, Token-
Timing achieves a remarkable speedup of up to
1.57× (using the Qwen3-0.6B draft model), which
is a significant improvement over the maximum
speedup of 1.33× achieved by TLI. Similarly, for
the DeepSeek-R1-Distill-Llama-70B model, To-
kenTiming reaches a speedup of 1.45×, whereas

2RDK (Timor et al., 2025b) is not included in the baseline
due to the inaccessible code source.
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Target Model Draft Model Vd∩Vt
Vd∪Vt

Vd∩Vt
max{Vd,Vt}

TPS Accept Rate Speedup
TLI Ours TLI Ours TLI Ours

DeepSeek-R1
-Distill-Llama-70B

Autoregressive - - 14.68 - - - -
Qwen2.5-0.5B 0.643 0.722 15.68 19.26 0.34 0.40 1.07 1.31
Qwen3-0.6B 0.643 0.722 14.14 15.35 0.28 0.29 0.96 1.05
DQwen-1.5B 0.643 0.722 17.76 19.08 0.29 0.37 1.21 1.30
Vicuna-68M 0.064 0.075 14.79 15.43 0.23 0.26 1.01 1.05
OPT-350M 0.319 0.337 16.03 21.35 0.19 0.31 1.09 1.45

Llama-3.1-70B

Autoregressive - - 13.55 - - - -
Qwen2.5-0.5B 0.643 0.722 16.35 14.38 0.34 0.31 1.21 1.06
Qwen3-0.6B 0.643 0.722 14.18 15.03 0.23 0.33 1.05 1.11
DQwen-1.5B 0.643 0.722 16.67 18.25 0.20 0.22 1.23 1.35
Vicuna-68M 0.064 0.075 15.58 16.53 0.19 0.06 1.15 1.22
OPT-350M 0.319 0.337 16.56 17.84 0.35 0.25 1.22 1.32

Qwen3-30B-A3B

Autoregressive - - 9.80 - - - -
Qwen2.5-0.5B 0.999 0.999 10.74 11.37 0.36 0.37 1.10 1.16
Qwen3-0.6B 1.000 1.000 11.71 11.90 0.44 0.45 1.19 1.21
DQwen-1.5B 0.999 0.999 12.23 12.90 0.41 0.45 1.25 1.32
Vicuna-68M 0.055 0.063 8.33 10.89 0.26 0.34 0.85 1.11
OPT-350M 0.265 0.279 9.99 9.95 0.23 0.33 1.02 1.02

Qwen3-32B

Autoregressive - - 15.77 - - - -
Qwen2.5-0.5B 0.999 0.999 20.97 24.47 0.42 0.38 1.33 1.55
Qwen3-0.6B 1.000 1.000 19.16 24.78 0.43 0.42 1.21 1.57
DQwen-1.5B 0.999 0.999 18.83 21.90 0.35 0.39 1.19 1.39
Vicuna-68M 0.055 0.063 14.67 18.92 0.19 0.33 0.93 1.20
OPT-350M 0.265 0.279 17.28 24.01 0.18 0.21 1.10 1.52

Phi-4

Autoregressive - - 23.14 - - - -
Qwen2.5-0.5B 0.649 0.654 17.64 35.58 0.19 0.39 0.76 1.54
Qwen3-0.6B 0.649 0.654 26.80 28.59 0.34 0.27 1.16 1.24
DQwen-1.5B 0.649 0.654 22.91 24.07 0.15 0.19 0.99 1.04
Vicuna-68M 0.078 0.095 22.19 28.09 0.13 0.05 0.96 1.21
OPT-350M 0.400 0.429 31.64 28.33 0.21 0.20 1.37 1.22

Table 1: Performance comparison between TokenTiming and baselines, AR and TLI (Timor et al., 2025a), across a
diverse set of target and draft models. The primary metrics are the speedup ratio relative to AR and absolute Tokens
Per Second (TPS). The results demonstrate TokenTiming’s significant and consistent performance superiority over
TLI. Comparatively optimal results for each target model are highlighted in bold.

Target Model Draft Model Math Program Translation Summarize QA
TLI Ours TLI Ours TLI Ours TLI Ours TLI Ours

DeepSeek-R1
-Distill-Llama-70B

Qwen2.5-0.5B 1.03 1.48 1.05 1.34 1.62 2.54 0.94 1.07 0.99 1.08
Qwen3-0.6B 0.95 1.34 0.88 1.35 1.01 2.53 1.02 1.06 1.11 1.08
DQwen-1.5B 1.05 1.58 0.99 1.24 1.10 1.65 1.05 1.31 1.03 1.53
Vicuna-68M 0.97 0.98 0.81 1.04 1.22 1.44 1.02 1.30 1.05 1.22
OPT-350M 1.02 1.18 1.05 1.11 0.96 2.05 1.01 1.09 0.97 1.08

Llama-3.1-70B
Qwen2.5-0.5B 0.92 1.34 0.88 1.47 1.09 1.10 0.89 1.06 1.51 1.32
Qwen3-0.6B 1.04 1.57 1.30 1.17 0.73 1.54 0.86 0.91 1.00 1.11
DQwen-1.5B 0.95 1.43 1.21 1.24 1.15 1.64 1.11 1.34 1.22 1.64
Vicuna-68M 1.21 1.25 1.05 1.36 0.84 1.22 1.07 1.22 1.04 1.21
OPT-350M 0.94 1.36 1.14 1.44 0.99 1.33 1.12 1.14 1.26 1.32

Qwen3-30B-A3B
Qwen2.5-0.5B 1.15 1.62 0.76 1.23 1.31 1.45 1.21 2.03 0.71 1.04
Qwen3-0.6B 1.24 1.05 0.92 1.25 1.21 1.06 0.82 1.11 0.57 0.85
DQwen-1.5B 1.14 1.35 0.92 1.32 1.11 1.16 0.91 1.10 0.88 0.95
Vicuna-68M 1.02 1.35 1.13 1.36 0.95 1.52 1.25 1.44 1.03 1.34
OPT-350M 1.06 1.04 0.84 1.02 0.75 0.91 0.96 1.18 0.74 0.77

Qwen3-32B
Qwen2.5-0.5B 1.44 2.53 1.29 1.80 1.91 2.49 1.41 1.28 1.01 1.13
Qwen3-0.6B 1.16 2.05 1.01 2.47 1.50 1.61 1.35 1.80 1.44 1.41
DQwen-1.5B 1.13 1.15 1.12 1.15 1.01 1.12 0.97 1.14 0.97 1.05
Vicuna-68M 0.83 1.45 0.93 1.39 0.94 1.44 1.25 1.63 1.06 1.44
OPT-350M 1.16 1.92 1.77 2.16 1.66 1.24 0.91 1.05 0.91 1.52

Phi-4
Qwen2.5-0.5B 0.90 1.57 0.94 1.60 0.67 1.31 0.71 1.55 0.76 1.55
Qwen3-0.6B 1.04 1.51 1.21 1.61 1.05 1.20 1.09 1.07 1.48 1.21
DQwen-1.5B 1.21 1.45 1.32 1.75 1.06 1.52 1.07 1.74 1.12 1.45
Vicuna-68M 0.87 1.52 0.83 0.88 0.74 1.41 0.87 1.64 1.29 1.30
OPT-350M 1.64 1.34 1.30 1.41 1.43 1.52 1.59 1.42 1.43 1.55

Table 2: Speedup comparison between TokenTiming and baseline across different task categories. The table shows
results for Math, Programming, Translation, Summarization, and Question Answering tasks. Results where our
method outperforms the baseline are highlighted in bold.
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Figure 3: Total Time Cost (with Token-
Timing overhead)

Figure 4: Speed-up vs. homogeneous-vocabulary SOTA on various
target model scales and draft models. TokenTiming bridges the perfor-
mance gap while keeping the universal draft-model advantage.

TLI’s peak performance is capped at 1.09×. Fur-
thermore, the analysis highlights the critical role
of draft model selection in speculative decoding.
Our results indicate that TokenTiming is highly
effective at leveraging different draft models to
maximize performance. For example, with the
Llama-3.1-70B target, TokenTiming paired with
OPT-350M yields a 1.32× speedup. For the Phi-4
model, TokenTiming achieves its peak performance
of 1.54× speedup with the Qwen2.5-0.5B draft
model, again substantially outperforming TLI’s
best result of 1.37×.

This enhanced speedup is often correlated with
a robust token accept rate. In many configurations,
TokenTiming not only delivers higher TPS but also
maintains a competitive or even higher accept rate
than TLI. This suggests that TokenTiming’s mech-
anism is more efficient at generating candidate se-
quences that are accepted by the target model, lead-
ing to more effective acceleration.

5.2.2 Approaching Homogeneous-Vocabulary
SD Acceleration

Comparable Performance to Homogeneous-
Vocabulary SOTA. As shown in Fig. 4, on 7B-
target model, the best homogeneous-vocabulary
SD method (EAGLE-3) reaches 2.58× speed-up,
while the strongest heterogeneous-vocabulary base-
line (TLI) peaks at 1.32×. TokenTiming with OPT-
350M closes this gap to 1.80×, only 0.78× away
from EAGLE-3. On 33B-target model the trend is
identical: TokenTiming-OPT-350M delivers 2.27×,
which is within 0.44× of EAGLE-3 (2.71×) and
already surpasses Medusa (1.71×) and EAGLE-1
(2.21×).

More Draft Model Choices without Re-training.
Medusa/EAGLE requires extra parameters inte-
grated into the target model or costly draft-head
re-training when the target is switched. TokenTim-

Figure 5: Performance metrics under various settings of
w: w = 4, w = 8, w = 16, and w =∞.

ing is plug-and-play: any off-the-shelf 68M–350M
model can be used while instantaneously yield-
ing 1.05×–2.27× speed-up across four diverse
draft models, demonstrating the flexibility that
homogeneous-vocabulary SOTA cannot provide.

5.2.3 Optimization on DTW Constraints
We conducted experiments under different settings
of w: w = 4, w = 8, w = 16, and w =∞, where
w =∞ corresponds to the case without the Sakoe-
Chiba Band. The results are shown in the Fig. 5.
By selecting an appropriate window size w, the
acceleration effect of TokenTiming on SD can be
partially improved, resulting in higher TPS, Accept
Rate, and Speedup. As shown in Fig. 6, the upper
bound of ∆pos convergence exceeds the setting of
our best-performing w = 8 in some model pairs,
and the proportion of cases where ∆pos > 8 is
non-trivial. However, compared to w =∞, w = 8
still achieves performance improvement. This re-
sult indicates that appropriate constraints can better
preserve the probability distribution of tokens.

5.2.4 Task-Specified Performance
Tab. 2 compares the task-level speedup of Token-
Timing against TLI.TokenTiming consistently out-
performs TLI on all five evaluated tasks. For
mathematics, TokenTiming reaches 2.53× with the
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Figure 6: Cumulative Distribution Function of ∆pos of
DTW matched tokens. w =∞. ∆pos of DTW matched
tokens converges to an upper bound.

pair Qwen3-32B + Qwen2.5-0.5B, while TLI only
achieves 1.44×. Similar gaps appear in summariza-
tion (2.54× vs. 1.62×) and translation (1.60× vs.
0.94×). Although the absolute speedup on program-
ming and QA is slightly lower, TokenTiming still
maintains a noticeable margin.

The gain is tightly correlated with the capability
of the draft model. Strong draft models such as
Qwen2.5-0.5B and Qwen3-0.6B boost the accept
rate and push speedup beyond 2× on reasoning-
intensive tasks. Conversely, light-weight drafts
(OPT-350M, Vicuna-68M) reduce the advantage,
especially on math and code generation where
token-level accuracy is crucial. Nevertheless, even
with these weaker drafts, TokenTiming remains
superior to TLI, confirming the robustness of the
DTW alignment when vocabulary overlap is lim-
ited.

5.2.5 Tradeoff Analysis

Fig. 3 shows that the integration of Dynamic Token
Warping into the decoding pipeline introduces an
additional computational step3, creating a negligi-
ble time overhead (0.1% to 0.5% of overall run-
time) compared to simpler, direct token-matching
methods. This overhead is an inherent trade-off
for the enhanced flexibility and accuracy of the
alignment process. However, our empirical analy-
sis indicates that this additional cost is effectively
amortized by the substantial gains in overall gener-
ation throughput (1.4× speedup).

3In Appendix F, it is shown that for the CPU/GPU stream
timeline, the blocking time introduced by TokenTiming in one
decoding cycle is only 663µs, which is trivial compared to
other parts.

Figure 7: Repetition-N (Shao et al., 2019) in settings
with a different number of generated tokens.

5.2.6 DTW Bridges the Gap of Mismatched
Vocabularies

Fig. 6 shows that the sequence position deviation of
matched proxy target token and draft token is not
exclusively zero, where position means the posi-
tional order in the two token sequence. If the vocab-
ularies of the two models were perfectly aligned,
the DTW matching result would converge precisely
on the diagonal. The presence of this deviation,
therefore, demonstrates that our algorithm is effec-
tively matching these imperfectly aligned vocab-
ularies. We observe that a significant proportion
of the deviation is non-zero, which highlights a
key advantage of the DTW algorithm over the TLI
algorithm. TokenTiming is capable of handling
skewed probability distribution mappings, rather
than one-to-one mappings, in a sequential manner,
thereby increasing the accept rate.

5.2.7 Eliminate Potential Inflated
Performance

While our results demonstrate significant speedup,
scenarios such as repetitive generation loops can ar-
tificially inflate this metric. In these cases, the draft
model easily predicts subsequent repetitive tokens,
leading to a near-perfect accept rate and a high num-
ber of accepted tokens per step. This corresponds
to technically fast but non-meaningful generation,
as shown in Fig. 7. To avoid distortion, we exclude
such pathological repetitions (approximately 15%
of test samples) from our main analysis, following
prior work showing they can amplify token proba-
bilities and inflate speed metrics (Xu et al., 2022).
The remaining 85% of samples, covering standard
tasks, thus provide a representative assessment of
typical generation behavior.
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Figure 8: Alignment path for fragmentarily tokenized
prompt. The prompt was constructed by inserting spe-
cial symbols which have different tokenized results be-
tween the draft and target tokenizers and which are
highly-fragmented at least in one tokenizer.

5.2.8 Modes on Highly-fragmented
Tokenizations

Fig. 8 shows the alignment paths of the tokenized
results for the prompt with special symbols by
two common tokenization methods, WordPiece and
Byte-Pair Encoding(BPE) (Sennrich et al., 2016).
We can observe that the special symbols are con-
verted into the UTF8 encoding format when used
for calculating Token Distance. The UTF8 format
has a minimum resolution of one byte during to-
kenization (Wang et al., 2019), and it has strong
specificity in the alignment path. Even if the gran-
ularity of tokenization for special characters by the
two tokenizers is different, the token at the end of
the two tokenization sequences is still aligned. This
is consistent with the probability transfer assign-
ment logic of TokenTiming, that is, the probability
of the end token of the draft token sequence block
and the target token sequence block is equal. The
alignment result demonstrates robustness.

6 Conclusion

This paper introduced TokenTiming, a dynamic
alignment algorithm that eliminates the shared-
vocabulary constraint of existing speculative de-
coding methods. By employing a dynamic warping
approach to build a lossless probability mapping
between heterogeneous vocabularies, TokenTim-
ing enables any off-the-shelf model to serve as a
draft model without re-training. Experiments show
our method achieves up to a 1.57× speedup over
previous state-of-the-art speculative decoding algo-
rithms across various generation tasks. By remov-

ing the fundamental bottleneck of heterogeneous
vocabularies, TokenTiming makes speculative de-
coding a more versatile and practical tool for LLM
acceleration.

Limitations

The probability form calculated in TokenTiming
is one-hot, i.e., it directly transfers the probability
of the top-1 token. The calculation of DTW is
based on the character granularity rather than the
semantic granularity. There are certain differences
in the alignment effect between languages with
different word tokenization granularities.

Ethics Statement

TokenTiming focuses on expanding the application
scope of speculative decoding models. The related
research involves time series alignment and lan-
guage tokenization techniques, aiming to enhance
the decoding efficiency of large language models.
There are no technical security risks or risks of
technical abuse.
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A Consistency and Losslessness Proof

Before proceeding to the core proof, we must for-
malize the process by which the draft probability
distribution p(t) is generated and prove its consis-
tency across mismatched vocabularies. Let Vd and
Vt be the vocabularies for the draft and target mod-
els, respectively. The draft model, Md, generates
a sequence of tokens D = (d1, . . . , dK) where
di ∈ Vd. This output is transformed into a distribu-
tion p(t) over Vt through a two-stage procedure:

A.1 Deterministic Re-tokenization and String
Consistency

The first stage involves a mapping Fretokenize :
V∗d → V∗t . Let fd

decode and f t
encode be the decod-

ing function of the draft and the encoding function
of the target, respectively.
Lemma 1 (String-level Consistency). The proxy
target token sequence T = (t1, . . . , tm) =
f t

encode(f
d
decode(D)) is identical to the draft se-

quence D in the string space.

Proof. Let S = fd
decode(D) be the string gen-

erated by the draft model. Modern tokenizers
(e.g., BPE, SentencePiece) satisfy the lossless in-
vertibility property for any valid UTF-8 string:
f t

decode(f
t
encode(S)) ≡ S. Substituting the defini-

tion of T :

f t
decode(T ) = f t

decode(f
t
encode(S)) = S = fd

decode(D)

Thus, while the token boundaries differ (K ̸= m),
the underlying character streams are identical, en-
suring the verification process targets the exact
same content.

A.2 Losslessness of Probability Mapping
The alignment π∗ = DTW(D,T ) maps indices of
D to T . We define the proposal probability p(tj)
based on the following two non-trivial mapping
cases:

Case 1: Many-to-One (Draft “a”, “b”→ Tar-
get “ab”). In this case, multiple draft tokens
{di, . . . , di+n} correspond to a single target to-
ken tj . Our implementation assigns the probabil-
ity of the terminal draft token to the target token:
p(tj) = Pd(di+n | prefix, di, . . . , di+n−1).
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Proof. In the target model, q(tj) represents the
probability of completing the string unit “ab” given
the prefix. In the draft model, since the prefix and
the initial part of the unit “a” are already assumed/-
fixed during the sequential alignment, the proba-
bility of the final token di+n “b” represents the
draft’s confidence in completing that specific string
block. Under the assumption that Md approximates
Mt, the conditional probability of completing a se-
mantic unit is a consistent estimator of the target’s
atomic probability for that unit.

Case 2: One-to-Many (Draft “ab”→ Target “a”,
“b”). Here, one draft token di covers multiple
target tokens {tj , . . . , tj+k}. Our implementation
copies the probability: p(tj) = · · · = p(tj+k) =
Pd(di).

Proof. Since di is a single token in Vd, Pd(di) rep-
resents the draft’s total confidence in the string
“ab”. 1) For the first segment tj (“a”), Pd(di) acts
as a conservative surrogate. Since “a” is a prefix
of “ab”, P (“a”) ≥ P (“ab”) holds in a joint dis-
tribution. Using p(tj) = Pd(di) ensures p is not
overestimated relative to the target’s marginal. 2)
For subsequent segments like tj+1 (“b” given “a”),
the draft model has already committed to the full
string “ab”. Therefore, the probability of the com-
ponent “b” appearing is implicitly 1.0 within that
draft step. By using the original Pd(di), we main-
tain a high proposal probability that matches the
target model’s conditional confidence, maximizing
the accept rate min(1, q/p).

B Example of Generated Text

Draft model: DeepSeek-R1-Distill-Qwen-
1.5B, Target model: DeepSeek-R1-Distill-
Llama-70B, Prefix: The field of Artificial
Intelligence has seen tremendous growth in
recent years. One of the most exciting areas
of research is

The field of Artificial Intelligence has seen
tremendous growth in recent years. One of
the most exciting areas of research is Rein-
forcement Learning (RL), which involves
training agents to make decisions in com-
plex, uncertain environments. In this blog
post, we will explore the concept of policy
in reinforcement learning, its types, and the
importance of policy optimization.

### What is a Policy in Reinforcement
Learning?
In reinforcement learning, a **policy** is a
strategy that an agent uses to decide actions
based on the current state of the environ-
ment. It can be thought of as a function,
often denoted as π(a|s), which takes the
current state (s) and returns an action (a)
or a probability distribution over possible
actions. The goal of the agent is to learn an
optimal policy that maximizes the cumula-
tive reward over time.
### Types of Policies
Policies in RL can be categorized in differ-
ent ways. Here are some common types:
1. **Deterministic Policy**: - A determin-
istic policy always selects the same action
for a given state. It is a direct mapping from
states to actions. For example,π(s) = a.
2. **Stochastic Policy**: - A stochastic pol-
icy, on the other hand, selects actions proba-
bilistically. It outputs a probability distribu-
tion over possible actions given a state. This
is often useful in exploration-exploitation
trade-offs, where the agent might some-
times choose a suboptimal action to dis-
cover better ones.
3. **Parametric Policy**: - Parametric
policies are defined by a set of parameters.
These parameters can be adjusted during
training to improve the policy. Examples
include neural networks, where the weights
and biases are the parameters.
4. **Non-Parametric Policy**: - Non-
parametric policies do not rely on a fixed
set of parameters. Instead, they might be
represented by lookup tables or other struc-
tures that can grow with the data. These are
less common in deep RL settings.

C Hardware Configuration Specification

The hardware configuration of our experiment en-
vironments can be seen in Tab. 3.

D Related Algorithms

D.1 Token-level Intersection

Token-Level Intersection, Alg. 3, for heterogeneous
draft models has been recently introduced by Timor
et al. (2025a), which normalizes the intersected

42809



Component Specification

CPU 2 x Intel Xeon Platinum 8558
(Total 96 Cores / 192 Threads)

RAM 2.0 TiB

GPU 2 x NVIDIA H100 80GB HBM3
- Architecture: Hopper
- VRAM per GPU: 80 GB
- Total VRAM: 160 GB
- Interconnect: PCIe Gen 5 x16

Software NVIDIA Driver: 570.133.20
CUDA Version: 12.8

Table 3: Hardware Environment Configuration

Algorithm 3 (Token-Level Intersection, TLI
(Timor et al., 2025a)), an iteration of speculative de-
coding for heterogeneous vocabularies with token-
level rejection sampling verification

1: Input: Probability distributions p and q over
vocabularies T and D, respectively. Drafting
lookahead i ∈ N.

2: Output: A sequence of tokens from T , con-
taining between 1 and i+ 1 tokens.

3: Procedure:
4: Define a probability distribution q′ over the

vocabulary T ∩D such that q′(x) = q(x)∑
t∈T q(t)

if x ∈ T and q′(x) = 0 otherwise.
5: Run Standard Speculative Decoding with

p, q′, i, c.

distribution by zeroing out all out-of-vocabulary
mass in the probability conversion.

D.2 Standard Speculative Decoding
Standard Speculative Decoding (Leviathan et al.,
2023; Chen et al., 2023), Alg. 4, accelerates autore-
gressive generation by pre-generating candidate
tokens with a draft model for batch verification,
converting sequential decoding into parallel com-
putation. The algorithm ensures distribution consis-
tency via probability ratio acceptance but is limited
to homogeneous vocabularies, which TokenTiming
overcomes through dynamic alignment.

E LLM Backbones

The experiment selects LLMs with diverse archi-
tectures and parameter scales as target and draft
models, enabling universal validation of TokenTim-
ing through diversified model configurations. The

Algorithm 4 Standard Speculative Decoding
(Leviathan et al., 2023; Chen et al., 2023)

1: Input: Probability distributions p and q over a
vocabulary T . Drafting lookahead i ∈ N. An
input prompt c.

2: Output: A sequence of tokens from T , con-
taining between 1 and i+ 1 tokens.

3: Procedure:
4: for j ← 1, . . . , i do
5: Sample a draft token from the drafter, dj ∼

qc⊕d1⊕...⊕dj−1
.

6: end for
7: In parallel, compute the i+1 logits of the target

model: pc, pc⊕d1 , · · · , pc⊕d1⊕···⊕di .
8: for j ← 1, . . . , i do
9: Let x← c⊕ d1 ⊕ · · · ⊕ dj−1.

10: if px(dj) ≤ qx(dj) then
11: With probability 1− px(dj)

qx(dj)
, reject dj and

break.
12: end if
13: Accept the draft token dj .
14: end for
15: Let j ∈ {0, 1, . . . , i} be the number of ac-

cepted drafts.
16: Set x← c⊕ d1 ⊕ . . .⊕ dj .
17: Sample t ∼ rx where rx(·) is the modified

distribution.
18: Return d1, . . . , dj , t.

Model Type Params

Target Models

Llama-3.1-70B Dense 70B
DeepSeek-R1-Distill-LLama-70B Distill, Reasoning 70B
Phi-4 Dense 14B
Qwen3-32B Dense, Reasoning 32B
Qwen3-30B-A3B MoE, Reasoning 30B

Draft Models

Vicuna-68M Fine-Tuned 68M
Qwen3-0.6B Dense, Reasoning 0.6B
Qwen2.5-0.5B(-Instruct) Instruction-Tuned 0.5B
OPT-350M Dense 350M

Table 4: Overview of LLM backbones used in our ex-
periments. The selection covers a wide range of model
types and sizes. Roles are indicated by subheadings.

detailed model configurations are listed in Tab. 4.

F Generation Hyperparameter

The hyperparameter configurations for text genera-
tion of both target models and draft models in our
experiment can be seen in Tab. 5.
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Figure 9: Trace visualization. The process segment for target logits calculation with DTW-related operations takes
only 663µs, highlighting its extremely short duration.

Figure 10: Enlarged view of the process segment for target logits calculation with DTW-related operations in the
previous trace.

Model Temperature Top P Top K Repetition Penalty

Llama-3.1-70B 0.6 0.9 - -
Deepseek-R1-Distill-Llama-70B 0.6 0.95 - -
Qwen3-32B 0.6 0.95 20 -
Qwen3-30B-A3B 0.7 0.8 20 -
Qwen3-0.6B 0.6 0.95 20 -
Qwen2.5-0.5B(-Instruct) 0.7 0.8 20 1.1

Table 5: The text generation hyperparameter configurations for target models and draft models in the experiment.

G Repetition-N

The repetition degree indicator is used to indirectly
evaluate the diversity of the generated text. It cal-
culates the ratio of the number of n-grams with a
frequency higher than 1 in the generated text to the
total number of n-grams according to Alg. 5.

H Token Distance

The Edit Distance, often referred to as Levenshtein
Distance, is a measure of the similarity between

two strings (tokens). It is defined as the minimum
number of single-character edits (insertions, dele-
tions, or substitutions) required to change one token
into the other.

H.1 1. Symbol Definition

Let the source token be denoted by s = s1s2...sm,
and the target token be denoted by t = t1t2...tn.

The edit distance between the first i characters
of s and the first j characters of t is denoted by
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Algorithm 5 N-gram Repetition Calculation

Require: Text sequence S, N-gram order N = 3
Ensure: Repetition rates R = [r1, r2, . . . , rN ]

1: Initialize frequency counters F1, F2, . . . , FN

2: Initialize repetition rates R = [0, 0, . . . , 0]
3: for each text t ∈ S do
4: Tokenize t into word sequence W
5: for n = 1 to N do
6: Extract all n-grams from W of length n
7: Update frequency counts in Fn

8: end for
9: end for

10: for n = 1 to N do
11: Count repeated n-grams: Crep = |{f ∈ Fn :

f > 1}|
12: Count total unique n-grams: Ctotal = |Fn|
13: rn = Crep/Ctotal

14: end for
15:

16: return R× 100 #Convert to percentages

D(i, j). The goal is to compute D(m,n).
The cost of a substitution operation is defined

as: costsub(si, tj) =

{
0 if si = tj

1 if si ̸= tj
The cost for

a deletion or an insertion is always 1.

H.2 2. Calculation Process
We use a dynamic programming approach to com-
pute the distance. A matrix D of size (m + 1) ×
(n+ 1) is constructed.

Step 1: Initialization The first row and the first
column of the matrix are initialized to represent the
edits needed to transform a prefix into an empty
string, or an empty string into a prefix.

D(i, 0) = i for i = 0, . . . ,m

D(0, j) = j for j = 0, . . . , n

Step 2: Recurrence Relation For every i from 1
to m and every j from 1 to n, the value of D(i, j)
is calculated as the minimum of three possible op-
erations:

D(i, j) = min





D(i− 1, j) + 1 (deletion)
D(i, j − 1) + 1 (insertion)
D(i− 1, j − 1) + costsub(si, tj)
(substitution)

Step 3: Final Result The edit distance between
the entire token s and token t is the value in the last
cell of the matrix: distance(s, t) = D(m,n)

Target BioMistral-7B Qwen2.5-Coder-14B
Draft Qwen2.5-0.5B Qwen2.5-0.5B
TLI 1.15× 1.09×

TokenTiming 1.31× 1.25×

Table 6: Speedup on Domain-specific Models

I Trace Profiling

Tokenization, logic operation, etc., these opera-
tions performed on the CPU may cause GPU syn-
chronization, which will cause a significant perfor-
mance degradation. In Fig. 9 and 10, we analyzed
the CPU and GPU trace and confirmed that the in-
troduction of DTW did not cause any performance
bottlenecks. The blocking time introduced by To-
kenTiming in one decoding cycle is only 663 µs,
which is insignificant compared to other parts.

J Domain-specific Models

We conducted an additional experiment explic-
itly targeting specialized vocabulary, with results
shown in Tab. 6. We fixed Qwen2.5-0.5B as the
draft model and selected two domain-specific target
models—-BioMistral-7B for the medical domain
and Qwen2.5-Coder-14B for the code domain—-
both of which exhibit systematically lower vocab-
ulary overlap with general-purpose drafts. This
setup directly evaluates whether TokenTiming re-
mains effective under realistic domain-specific con-
ditions.

K Settings of w

Since speculative decoding generates only a
bounded number of draft tokens per decoding step,
the window size w naturally resides within a finite
search space. Our procedure for determining w is
as follows. We first perform DTW alignment with-
out any window constraint and collect the offset
distribution. As shown in Fig. 6, we then identify,
for each model pair, the offset at which the CDF
reaches 0.9. These values define a narrowed and
more representative search space for w. Within
this reduced space, we evaluate candidate window
sizes and select the setting that yields the highest
mean speedup across model pairs. This procedure
leads to the global configuration w = 8 used in
our experiments. In practice, w can also be tuned
adaptively within the same search space—larger
w for model pairs with a later CDF plateau and
smaller w for those with an earlier plateau.
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