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Abstract

The autoregressive decoding paradigm endows large lan-
guage models (LLMs) with superior language generation ca-
pabilities; however, its step-by-step decoding process inher-
ently limits decoding speed. To mitigate these constraints, the
prevalent “draft and validation” strategy enables parallel val-
idation of candidate drafts, allowing LLMs to decode multi-
ple tokens simultaneously during one model forward propa-
gation. However, existing methodologies for obtaining drafts
often incur additional overhead in communication or training
process, or statistical biases from the corpus. To this end, we
propose an innovative draft generation and maintenance ap-
proach that leverages the capabilities of LLM itself. Specif-
ically, we extend the autoregressive decoding paradigm to a
multi-branch drafting procedure, which can efficiently gener-
ate draft sequences without any additional models or training
process, while preserving the quality of the generated content
by maintaining LLM parameters. Experiments across various
open-source benchmarks show that our method generates 2.0
to 3.2 tokens per forward step and achieves around 2 times
improvement of end-to-end throughput compared to the au-
toregressive decoding strategy.

Code — https://github.com/ZipECHO/Self-Draft

Introduction

Large Language Models (LLMs) have demonstrated their
outstanding capabilities in natural language understand-
ing and generation, rendering them indispensable tools
across a broad spectrum of disciplines, including linguis-
tics (Jipeng et al. 2023; Chen et al. 2024a), cognitive psy-
chology (Hagendorff 2023), social science (Lei et al. 2024),
and recommendation system (Zheng et al. 2024; Zhao et al.
2024c; Wu et al. 2024). Nonetheless, it is essential to note
that their auto-regressive decoding process, loading billion-
parameters of LLM from the memory to the on-chip cache
to merely generate one token, leading to a notable constraint
on decoding speed and a subsequent increase in the compu-
tational cost of inference in practice.

Many efforts are focusing on enhancing the efficiency
of LLM inference from various angles. Model compression
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techniques like model distillation (Liang et al. 2021; Wu,
Wu, and Huang 2021), pruning (Wang, Wohlwend, and Lei
2020; Ma, Fang, and Wang 2023), and quantization (Xiao
et al. 2023; Bai et al. 2022) aim to reduce the number of pa-
rameters loaded at each model forward step. Additionally,
optimizing resource management and utilization through
model and data parallelization (Cai et al. 2024; Chen et al.
2024b; Ghazvininejad et al. 2019), caching mechanisms (He
et al. 2023; Zhao et al. 2024b), and prefetching strategies
seeks to maximize the potential of different hardware re-
sources while minimizing redundant resource consumption.
Recently, there has been a surge of interest in the draft-and-
verify paradigm among researchers (He et al. 2023; Zhao
et al. 2024b; Zhang et al. 2023; Cai et al. 2024; Leviathan,
Kalman, and Matias 2023a; Chen et al. 2023; Sato et al.
2021). This paradigm typically consists of two components:
draft and verification modules. The draft module generates
draft sequences, and then LLMs verify them in parallel. This
pipeline allows LLMs to decode several tokens in a single
forward step, enhancing decoding speed while maintaining
the output quality.

Typically, draft sequences are produced using smaller,
more efficient LLMs as draft models to expedite the draft-
ing process (Sato et al. 2021; Zhao et al. 2024a; Zhang et al.
2023; Chen et al. 2023). However, despite LLMs being able
to verify and accept more tokens in one forward step, the
substantial computational and serial communication over-
head incurred by the draft model results in only a marginal
improvement in end-to-end decoding speed. Besides, the
alignment between the draft model and the LLM also re-
quires additional training. Certain studies have modified the
architecture of LLMs to enable the generation of multiple to-
kens in a single forward pass (Cai et al. 2024; Monea, Joulin,
and Grave 2023; Stern, Shazeer, and Uszkoreit 2018). How-
ever, these methods typically require additional fine-tuning
to mitigate the impact of such modifications on the quality
of the generated output.

In an effort to mitigate the computational demands at the
draft stage, some efforts have tried to extract candidate se-
quences from some pre-built caches, followed by verifi-
cation through larger models (He et al. 2023; Zhao et al.
2024b). This strategy is more cost-effective for acquiring
candidate sequences, and there is almost no additional com-
putational overhead in the reasoning process. Nevertheless,
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Figure 1: BLEU and ROUGE score for the different number
of padding tokens reference to the autoregressive decoding.

the adaptability of this method is limited due to discrepan-
cies between the datasets used for cache construction, model
preference, and the actual inference scenarios. For instance,
the throughput of the PIA (Zhao et al. 2024b) method will
decrease more than 30% if we utilize a GSM-8K cache
but perform inference on the Dolly-15K dataset. This result
demonstrates that the pre-built cache methods are not suit-
able for practical complex reasoning scenarios.

Therefore, we believe that the pre-built cache is better
suited for describing generalized linguistic expressions. To
bridge the gap between the cache and the context, more con-
textualized drafts should be used to update the cache dur-
ing the actual inference process. Fortunately, we observed
that even when the inputs contain some noise, the outputs of
the LLM still demonstrate a significant proportion of over-
lap with the content of normal decoding outputs. As shown
in Figure 1, we randomly pad several tokens to the end of
prompt, and use BLEU and ROUGE score to depict the over-
lap grams between the pad decoding result and vanilla result.
We can see that as the number of padding tokens increases,
both BLEU and ROUGE scores gradually decline. Never-
theless, these scores still remain above 0.2, indicating that at
least 20% of the grams in the padded decoding results are
consistent with those in the vanilla results..

Based on this, we extend the autoregressive decoding pro-
cess into multi-branch drafting, and develop our in-context
drafting method, Self-Draft. Self-Draft does not need ad-
ditional draft models to generate draft sequences but gen-
erates the draft sequences by LLM itself with additional
draft branches and could be executed in parallel with the
autoregressive decoding process. Furthermore, these addi-
tional draft branches leverage the robustness of the LLM
and thus do not require fine-tuning. By appropriately set-
ting the attention mask for each branch, they can produce
contextually relevant draft sequences. Finally, introducing
these branches does not change the structure or parameters
of the LLM and therefore do not have any effect on the
quality of the inference content. Compared with the ordi-
nary draft model methods, Self-Draft avoids the need to se-
lect and align the draft model with LLMs, thus eliminating
additional computational and communication overheads be-
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tween the draft model and the target model. Moreover, as the
draft sequences are produced by the LLM within the current
contextual setting, there is no need for additional training to
acquire draft sequences that conform to both the contextual
demands and the intrinsic preferences of LLM.

Overall, our contributions are as follows:

* We proposed a novel LLM decoding strategy, Self-Draft,
which could generate and verify the drafts by additional
training free draft branches that could execute with au-
toregressive decoding in parallel.

We achieved more comprehensive draft cache mainte-
nance by considering both the common and frequently
used expression drafts from the corpus and the contex-
tual drafts extracted from the drafting branches.

Experiments conducted on various open-source LLMs
and benchmarks demonstrated that Self-Draft could
achieve approximately a two-fold increase in end-to-end
speed and decode more than two tokens per forward step.

Related Works
Model Inference Acceleration

Numerous research efforts are focused on enhancing the in-
ference speed of autoregressive large language models dur-
ing deployment from various dimensions (Yuan et al. 2024).
These efforts include model compression, aimed at reduc-
ing the model parameter size, which involves decreasing the
precision of parameters (through model quantization) and
reducing the number of parameters (through model pruning
and distillation) to alleviate computational load during infer-
ence (Ma, Fang, and Wang 2023; Wu, Wu, and Huang 2021;
Bai et al. 2022). System scheduling optimization seeks more
effective allocation of system resources, covering strategies
like memory management (Kwon et al. 2023), operator fu-
sion (Aminabadi et al. 2022), and parallel services (Yu et al.
2022). Additionally, efficient decoding algorithms mainly
accelerate model inference in two ways: first, reducing the
amount of parameters needed for inferring each token, such
as Mixture of Experts (MoE) (Fedus, Dean, and Zoph 2022),
early exit (Chen et al. 2024b), and KV-cache; and sec-
ond, maximizing the number of tokens decoded during each
forward, such as parallel decoding and speculative decod-
ing (Sato et al. 2021; Song et al. 2021; Santilli et al. 2023;
Chen et al. 2023).

Speculative Decoding

Speculative decoding (Chen et al. 2023; Sato et al. 2021)
is widely employed in scenarios that demand low latency
and lossless inference due to its exceptional decoding speed.
It is primarily composed of two stages: draft and verifica-
tion. The draft stage aims to create high-quality preliminary
text drafts, while the verification stage involves extracting
relevant candidate sequences from the drafts and validating
them in parallel. Naturally, the superior quality of the draft
is intricately linked to the number of tokens that a large lan-
guage model can decode in a single forward pass. Thus, the
pursuit of crafting high-quality drafts is the focal point of
research.
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Figure 2: Overview of autoregressive decoding (left) and Self-Draft decoding (right).

Drafts are typically generated by a smaller model (Chen
et al. 2023; Leviathan, Kalman, and Matias 2023b), but since
the inference processes of the smaller and larger models
are often sequential, careful selection of the model—both in
terms of size and architecture is crucial to balance the qual-
ity of generation with speed. To reduce the time spent on
retrieving candidate sequences, some researchers (He et al.
2023; Zhao et al. 2024b) have attempted to extract suitable
candidates from a pre-built cache directly. However, this
approach requires appropriate data to construct the caches,
and due to potential disparities between the cache and ac-
tual inference scenarios—particularly in cross-domain situ-
ations—the effectiveness of this method is often suboptimal.

Parallel Decoding

Although there is some overlap between parallel decoding
and speculative decoding, the focus of parallel decoding is
not on efficiently generating high-quality drafts but on how
to utilize the LLM itself to generate drafts and avoid serial
communication between models. To achieve this, some stud-
ies have attempted to change the architecture of autoregres-
sive models during the training or SFT phase, transforming
them into non-autoregressive models to facilitate the paral-
lel generation of subsequent tokens (Cai et al. 2024; Stern,
Shazeer, and Uszkoreit 2018; Monea, Joulin, and Grave
2023). On the other hand, some researchers noticed that
LLMs are robust to noise, so they leverage a parallel de-
coding method such as Jacobi decoding to predict several
forthcoming tokens (Santilli et al. 2023; Song et al. 2021;
Fu et al. 2024; Zhang et al. 2023). These methods do not
require any modifications to the model or auxiliary model
which is similar to our method and we chose a SOTA work,
LADE (Fu et al. 2024) as the baseline.

Methods
Overview of Self-Draft

As illustrated in Figure 2, our decoding strategy comprises
two modules: the model parallel forward module and the
cache update and maintenance module. The former encom-
passes candidate drafts verification and contextual drafts
generation. Notably, these operations can be executed in par-
allel within a single model forward pass. The latter module

23944

Notations | Descriptions

X = [z1,22,...,2t—1] |Input prompt

T ={70,71,...TN } Draft branches

D = {D; | 0 < ¢ < N} |Draft results for each draft branch
C =[C,Cs,...] Candidate drafts

V=[W,Va,...] Verification results

Table 1: Notations

is responsible for managing a comprehensive n-grams cache,
housing statistical information derived from both general
corpus data and multi-branch draft sequences. In the rest of
this section, we will first introduce the cache initialization
by corpus; then, we will introduce the parallel drafting and
verification together with the context cache maintenance.

Draft Cache Initialization

The cache is constructed from two sources, the general cor-
pus data and the contextual drafts of the outputs from each
draft branch of the LLMs, which are employed to generate
general and frequent expression and contextual drafts, re-
spectively. In this section, we will explain how to initialize
a corpus cache by corpus data. In the following section, in
conjunction with model forwarding, we will describe how
to obtain and update this context cache based on multiple
parallel drafting branches.

We obtain common expressions through simple statistical
methods. Specifically, we chose an open-source general cor-
pus, OANC!, which includes both dialogues and writing sce-
narios, containing 14 million words. Based on OANC, we
extract the co-occurrence relationships among all grams in
the OANC dataset. To ensure comprehensive matching, we
assign different priorities to different prefix lengths and fre-
quencies, which means longer prefixes and higher frequen-
cies receive higher priority when retrieving.

Self-Draft Model Forward

The model forward procedure of Self-Draft decoding com-
prises two parts: multi-branch drafting and candidate drafts

"https://anc.org/data/oanc/
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(b) Attention masks for drafting branches and
draft verification.

Figure 3: Illustration of multi-branch drafting and attention mask setting.

verification. The former is employed to generate contextual
draft sequences that could be applied to update the con-
text cache, while the latter verifies candidate drafts retrieved
from the caches.

Multi-branch drafting. As shown in Figure 2. The con-
ventional process of autoregressive decoding can be for-
mulated as follows. Given a prompt with ¢ — 1 tokens,
X = [x1,22,...,x¢—1] as input, LLM M will calculate the
distribution of the next token, denoted as Py (y|X). Then,
the next token z; will be obtained from the distribution P by
different sample strategies S (e.g., greedy, Top-K, and Top-
P). In the next iteration, x; will append to X as input and
continue the above processes. Generally, we can formulate
above processes as the following equation:

zy = S(Pu(ylX))

Evidently, the next token can only be determined after
all preceding tokens have been decoded, and the decoding
of each token requires loading all model parameters onto
the computational unit. This characteristic of sequential de-
coding necessitates frequent and substantial communication
between the computational unit and memory, which is pre-
cisely the bottleneck of decoding speed for autoregressive
models.

Thus, we propose a novel approach that enables the model
to generate draft sequences with random padding tokens.
This strategy is rooted in the robustness of the model, al-
lowing it to predict potential future draft sequences while
performing standard decoding operations.

Figure 3a illustrates the architecture of the draft branches.
We extend the autoregressive decoding process into a multi-
branch draft process that could decode and generate the draft
sequences in parallel. Specifically, for each branch ¢, we first
pad several random tokens 7; to the prompt as branch initial-
ization. As the model inference progresses, all continuous
sub-sequences in each branch will generate a draft token.
That is:

x1, Dij =8 (Pu(yl[X;7i,5-1]))
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where [.;.] means tensor concatenate. 7; .;_1 means the pre-
ceding pad tokens before j-th token in draft branch i. Lever-
aging the parallel character of transformers, we can integrate
all draft process of drafting branches and accomplish them
in a single forward step, which can formulate this process as
follows:

2, D = 8 (Py(Y[X; T]))

where, D = {D; |0 <i< N},and 7 = {71; | 0 <i < N},
and N denotes the number of draft branches.

It is crucial to recognize that tokens across different draft-
ing branches are independent. Consequently, it is necessary
to strategically design their attention mask matrix to ensure
the following restriction during a single forward pass: within
a branch, each token is only aware of its preceding tokens,
and across different branches, there is no inter-token aware-
ness. So, as shown in Figure 3b, when we initialize the draft-
ing branches with random tokens, each branch is set only
aware of its preceding tokens by the lower triangular atten-
tion masks, which is the same as ordinary LLM causal at-
tention masks. Tokens from distinct branches are set with
separate attention mask matrices to ensure they do not inter-
fere with each other, represented as several lower triangular
matrices distributed along the diagonal of the attention mask
matrix.

As model forwarding, the consecutive sub-sequences of
each draft branch will generate corresponding draft tokens
D based on the current context, and we can use these draft
tokens to fill and update draft branches and extract contex-
tual draft sequences.

Branch updating is similar to the standard decoding pro-
cess. We append the last draft tokens D; || of each branch
to its preceding tokens and then perform iterative forward
propagation. That is,

7 = 753 Dy |7,)]-

Notably, we only update the draft branch with the last
draft token of each branch rather all draft tokens. The in-
termediate draft tokens D; .|, 1 are not used for branch



updating. This is because frequent updates will reduce the
coherence of each draft branch and will compromise the se-
mantic coherence of contextual drafts.

It is evident that when the length of a branch exceeds a
certain limit, the draft result can deviate significantly from
the actual output. Consequently, we set the maximum length
of each branch to L. Once the length of each branch reaches
L, we discard the foremost token of each draft branch. We
will discuss how to strike a balance between the quality of
the draft and the efficiency by appropriately setting L and N
in the Experiments Section.

Besides branch updating, we can extract draft sequences
by the draft tokens. As shown in Figure 3a, every sub-
sequence of the draft branches produces draft tokens in the
current context. Thus, we compile all these sub-sequences
along with their respective successor draft tokens as draft
sequences and the first token of the sub-sequence as the key
to update our context cache, which can be formulated as:

d=[X; Tik—c:k; Dikl,

where G is the global gram length, we set the global gram
length to 4 based on the overall decoding efficiency dis-
cussed in the Experiments Section.

We propose an LRU (Least Recently Used) queue to
maintain the contextual draft sequences for each prefix to-
ken, which are designed to maintain information that closely
reflects the current contextual environment. Branch filling
and updating also follow the attention restrictions as we
mentioned before; thus we designed the attention mask as
shown in Figure 3b.

Candidate drafts verification. While performing normal
decoding and drafting, we can verify each draft sequences
C; in parallel:

r, Vi = S (Pu(Y|[X;C4))),

the accepted tokens of C; are the common prefix tokens be-
tween [z;; V;] and C;. Similarly, by setting the appropriate
attention masks for each candidate sequence that ensure the
sequences do not aware with each other, we can verify them
in parallel.

Finally, we can formulate the Self-Draft decoding process
as follows:

z¢,D,V =8 (Py(Y|[X;T5C)))

where C represents all candidate drafts. The decoded tokens
for each model forward are the longest common prefix to-
kens for all ([x4; V;], C;) pairs.

Experiments
Settings

Models. We selected two different sizes of open source
LLMs: Llama-7B, Llama-13B, Codellama-7B, and
CodeLlama-13B (Touvron et al. 2023) to evaluate our
decoding strategy in different models and scenarios.
Evaluation benchmarks. We evaluated the Self-
Draft decoding strategy on different benchmarks. MT-
Bench (Zheng et al. 2023) is a diverse set of multi-turn
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Algorithm 1: Self-Draft Algorithm

Input: Prompt X = [z1, 2, ..., £;—1]; Maximum branch
length: L; Maximum number of branches:N; randomly
initialized draft branches 7 = {79, 71, ...7n };
output: O;
while True do
if size(O) < L then
z,D =8 (Py(y|[X;10; 715 -
for D; in D do
7 = [75; D |7,]
end for
04+ x
else
C ¢ retrieve from context and corpus cache
for D; in D do
fork=GtoL do
d = [X;Tik—G:k; Dik)
updating context cache using d
end for
T = [Ti,lz;Di,m\]
end for
o <« longest common prefix sequences between
[; V;] and C;
end if
O.append(o)
end while

1))

dialogue that covers 8 kinds of tasks and 10 questions for
each task. GSM-8K (Cobbe et al. 2021) is a high-quality
grade school math problems dataset. We randomly sam-
pled 100 questions from the test set and constructed GSM-
100. For code completion tasks, we apply the whole Hu-
manEval (Chen et al. 2021) dataset and randomly sample
100 questions from the test set of MBPP (Austin et al. 2021)
and constructed MBPP-100.

Metric. We applied two metrics to evaluate the decoding
strategies: throughput (TP) and decoding efficiency (DE).
The former is the average number of tokens generated per
second, and the latter is the average number of tokens per
forward step.

All of our experiments were conducted on an NVIDIA
A100 GPU, equipped with 40GB of RAM, and capitalized
on mixed precision (FP16) to enhance the computational ef-
ficiency. Throughout, the inference was carried out using a
batch size of one.

Results

Main results. Table 2 shows the main results of Self-Draft
compared with autoregressive decoding, speculative decod-
ing (Chen et al. 2023) (denoted as SpeDe) and LADE (Fu
et al. 2024). For speculative decoding, we employed the
assisted decoding strategy available in the Transformers li-
brary with Llama-68M (Miao et al. 2024) as the draft model
and all parameters set to default. For the LADE method, we
adopted the configuration described in their paper. For Self-
Draft, we set both the draft length and the number of draft



SpeDe Self-Draft LADE
Model Benchmark AR “1p 1" TP Imp. DE TP Imp. DE
llama-7b GSM-100 49.0 587 20% 88.2 80% 231 828 69% 223
llama-13b GSM-100 335 472 41% 57.2 71% 228 538 60% 2.05
llama-7b MT-bench 471 575 22% 73.6 56% 2.01 702 49% 1.97
llama-13b MT-bench 336 48.2 43% 48.7 45% 2.00 454 35% 1.82
code-llama-7b MBPP-100 423 803 90% 107.3 154% 298 98.8 134% 3.09
code-llama-13b MBPP-100 322 654 103% 715 122% 3.03 67.6 110% 295
code-llama-7b HumanEval 474 80.7 70% 111.2 135% 3.22 95.1 101% 2.90
code-llama-13b HumanEval 324 623 92% 733  126% 322 674 108% 2.86

Table 2: Self-Draft and LADE performance across models and benchmarks

branches to 6 across all models, and we will discuss the se-
lection of the length and number of draft branches in the next
section.

The experimental results show that our method outper-
forms the basic speculative decoding and the LADE method
across various models and datasets. On the MT-Bench
dataset, our approach achieved more than 56% times and
45% times speed-up for Llama-7b and 13b models, re-
spectively. In the mathematical problem-solving task on the
GSM-100 dataset, our approach achieved 80% and 71% de-
coding throughput improvements for Llama-7B and 13B
models, respectively. In the code completion tasks across
two datasets and models, our method achieved over 2 times
improvements in throughput across the board. Regarding de-
coding efficiency, our method has realized an improvement
that exceeds 2 tokens per forward step across all evaluation
datasets and models in general, and reaches up to 3.22 to-
kens per forward step on HumanEval, thus we established a
global gram length of 4.

We find that our method performs better on smaller mod-
els in terms of throughput. That is because the overhead of
drafting and verification for smaller models is less than the
larger model, thus, the improvement of throughput brought
by draft sequences will be more pronounced. Furthermore,
the improvement in code generation tasks is greater than that
in open-ended generation tasks. This is due to the lower con-
tent diversity in code generation tasks. In such scenarios, our
method can effectively capture common expressions as draft
sequences.
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Draft efficiency. As we mentioned before, our approach
will update the draft tokens for each prefix sequence of the
draft branch during each model forward, allowing efficient
production of numerous draft sequences with less additional
computational overhead. We use the number of additional
draft tokens to represent the extra computational overhead
incurred during the draft phase. We removed the corpus
cache module from our method and also included the ran-
domly initialized tokens for fair comparison. Figure 4 shows
the throughput and decoding efficiency comparison between
our method and LADE with different additional drafting
overheads. We can see that the results of our method are
better than LADE overall, especially when the extra com-
putational overhead is small. In fact, owing to the paral-
lel computing capability of GPU, these additional computa-
tional overheads do not lead to a significant increase in GPU
computation time (from 0.023s to 0.024s for each step in the
Figure 4 conditions).
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Length and number of the draft branch for Self-Draft
performance. By adjusting the length of draft branches,
we get the curves of throughput and decoding efficiency



as shown in Figure 5. We can see that the decoding ef-
ficiency of Self-Draft increases as the branches become
longer, and the throughput decreases after the length of the
branches exceeds 6. This is because as the draft branch
length extends, the quantity of drafts escalates. Initially, an
increase in draft sequences correlates with a positive en-
hancement in throughput. However, an excessive number of
draft sequences incurs a significant overhead for the verifi-
cation process, ultimately resulting in a reduction of the final
throughput.

Similarly, we analyze how the number of draft branches
affects Self-Draft’s performance. As shown in Figure 6.
Similarly, it is observed that the decoding efficiency of the
model improves incrementally with an increase in the num-
ber of branches. For throughput, when the branch length
is small, specifically between 5 and 7, the throughput ini-
tially increases and then decreases. When the branch length
exceeds 7, the throughput exhibits a gradual decline. This
pattern is similar to the one previously observed: increasing
the number of short branches enable quick replenishment
of drafts, but the advantage diminishes with longer branches
due to increased draft overhead. After reviewing the two sce-
narios discussed above, we set both the length and the num-
ber of draft branches to 6.
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Figure 6: The effect of the number of draft branches.

In addition, we found that smaller models showed greater
adaptability to the draft branch setting. As shown in Fig-
ure 7, we tested the throughput in the extreme condition,
where both the length and number of draft branches range
from 2 to 20, and the Llama-7b model shows speedup in a
larger interval compared to the Llama-13b model.

Ablation study. To assess the impact of the corpus cache
and context cache for the decoding throughput, we conduct
several ablation experiments on the different sub-tasks of the
MT-Bench dataset. Specifically, we removed the drafts from
the corpus cache (denoted as w/o-Corpus) and the context
cache (denoted as w/o-Context) to evaluate the functions of
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Figure 8: Ablation study on different sub-tasks of MT-bench
of Llama-7B(left) and Llama-13B(right).

the corpus cache and draft branches, respectively. The re-
sults are shown in Figure 8.

We can see that removing drafts from the context brings
much more decline than the corpus cache drafts. In spe-
cialized domains such as code completion, mathematical
problem solving, and information extraction, the removal of
drafts from the context cache leads to a more significant de-
cline compared to more open-ending generation tasks like
writing, role-playing, and humanities.

Conclusion

In this study, we proposed a novel decoding strategy
that leveraged additional draft branches, achieving approxi-
mately a twofold increase in end-to-end throughput and de-
coding efficiency without any auxiliary models or additional
training. However, some issues remain for future work. First,
while string matching efficiently retrieves candidate drafts, it
fails to capture semantic information accurately. Optimizing
the use of semantic information from both decoded and draft
sentences to achieve better matches will be a key focus. Sec-
ond, although our approach improves decoding throughput,
the use of grid search to determine optimal branch lengths
and counts is inefficient. Future efforts will aim to better
align branch dimensions with GPU hardware features.
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