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Abstract

Large reasoning language models such as
OpenAl-ol and Deepseek-R1 have recently at-
tracted widespread attention due to their im-
pressive task-solving abilities. However, the
enormous model size and the generation of
lengthy thought chains introduce significant
reasoning costs and response latency. Exist-
ing methods for efficient reasoning mainly fo-
cus on reducing the number of model parame-
ters or shortening the chain-of-thought length.
In this paper, we introduce Speculative Chain-
of-Thought (SCoT), which reduces reasoning
latency from another perspective by acceler-
ated average reasoning speed through large
and small model collaboration. SCoT con-
ducts thought-level drafting using a lightweight
draft model. Then it selects the best CoT draft
and corrects the error cases with the target
model. The proposed thinking behavior align-
ment improves the efficiency of drafting and
the draft selection strategy maintains the pre-
diction accuracy of the target model for com-
plex tasks. Experimental results on GSM8K,
MATH, GaoKao, CollegeMath and Olympiad
datasets show that SCoT reduces reasoning
latency by 48%~66% and 21%~49% for
Deepseek-R1-Distill-Qwen-32B and Deepseek-
R1-Distill-Llama-70B while achieving near-
target-model-level performance.

1 Introduction

Large-scale reasoning language models (e.g.,
OpenAl-ol (Jaech et al., 2024) and Deepseek-R1
(DeepSeek-Al et al., 2025)) have exhibited excep-
tional performance across a broad range of reason-
ing scenarios. Their superior performance stems
from two key factors: massive model scale (e.g.,
DeepSeek-R1 with 671B parameters) and long
chain-of-thought (CoT) (Wei et al., 2023) gener-
ation (reaching over 10,000 tokens for complex
tasks). However, both factors incur substantial
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computational overhead, resulting in huge infer-
ence costs. In reasoning systems where the model’s
reasoning process remains implicit, excessive rea-
soning time induces significant response latency.
Recent works (Paliotta et al., 2025; Liao et al.,
2025; Xu et al., 2025b; Zhang et al., 2025) mainly
tackle this challenge by developing smaller rea-
soning models or reducing the generation length
of CoTs. Distillation (Paliotta et al., 2025; Liao
et al., 2025) serves as a commonly used tech-
nique for transferring strong reasoning capabili-
ties from large reasoning models to small ones.
Representatively, Deepseek-R1-Distill-Qwen-1.5B
(DeepSeek-Al et al., 2025) exhibits robust perfor-
mance on diverse datasets. Approaches such as
StepSkip (Liu et al., 2024) and TokenSkip (Xia
et al., 2025) suggest training reasoning models on
compressed CoT data to shorten the CoT length
for inference. In practical applications, reasoning
models need to solve problems with widely vary-
ing complexity levels. Fundamentally, employing
large reasoning models to handle simple tasks is a
waste. On the other hand, using small models alone
or compressing the CoT length may compromise
performance on complex tasks. Now that we have
a powerful and efficient small model, why not pri-
oritize this lightweight alternative and only invoke
the large model for deeper thinking when the task
exceeds the capability threshold of the small one?
Based on this motivation, we propose Specula-
tive Chain-of-Thought (SCoT), a reasoning frame-
work that reduces reasoning latency through the
collaboration of large and small models. The core
idea of SCoT is to use a lightweight model to effi-
ciently generate multiple CoT drafts which are then
picked and used by the target model. SCoT is in-
spired by speculative decoding (Stern et al., 2018;
Xia et al., 2023; Leviathan et al., 2023), which
performs token-level speculation, whereas our ap-
proach conducts thought-level speculation. Unlike
shortening the length of CoT, SCoT accelerates the
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Figure 1: Average reasoning accuracy and efficiency of SCoT with Deepseek-R 1-Distill-Qwen-32B and Deepseek-
R1-Distill-Llama-B on GSM8K, MATH, GaoKao, CollegeMath and Olympiad. Graph (a): SCoT achieves near-
target-model performance level and outperforms TokenSkip on average generation accuracy on the 5 datasets.
Graph (b): SCoT demonstrates an average speed-up ratio of 2.3x and 1.6x for the two target models on reasoning
latency. Graph (c): Comparison of reasoning speed and accuracy for models of different sizes. Note that all the
experiments for testing the reasoning speed are conducted on H800-80G GPUs. SCoT exhibits a better reasoning
efficiency-accuracy trade-off through large and small model collaboration.

thinking process from another dimension, that is,
by increasing the speed of CoT generation.

In Section 3, we introduce thinking behavior
alignment to improve drafting efficiency. We also
design an error correction mechanism to preserve
accuracy in dealing with complex tasks. We con-
struct a training set by 500 samples from GSM8SK
to efficiently instruct-tuning the target model to
improve the capability of draft selection and er-
ror detection. We conduct comprehensive experi-
ments in Section 4 to evaluate the effectiveness of
SCoT. Figure 1 displays the overview reasoning
accuracy and efficiency of SCoT. SCoT reduces
reasoning latency by 48%~66% and 21%~49%
for Deepseek-R1-Distill-Qwen-32B and Deepseek-
R1-Distill-Llama-70B on 5 datasets (including the
Olympiad-level dataset (He et al., 2024)) while
maintaining near-target-model-level performance.
It achieves better reasoning accuracy compared
with TokenSkip (Xia et al., 2025) under similar
speed-up ratios. Adapting to task difficulty and
draft quality, the draft selection mechanism decides
when the target model should rethink. Simple tasks
mainly utilize the draft model for thought chain
generation, while complex problems engage the
target model more extensively in the reasoning pro-
cess. On the other hand, the single-pass drafting
and selection paradigm of SCoT significantly re-
duces the model reloading overhead between high-
bandwidth memory and on-chip cache inherent in
traditional speculative decoding methods, maintain-
ing high efficiency even in long-context scenarios.

To conclude, we introduce an efficient reasoning
method in this paper. Our key contributions are:

* We propose a novel efficient reasoning approach
that employs a small reasoning model for CoT
drafting and the target model for CoT selection
and correction. It integrates the computational
efficiency of small draft models with the high
generation accuracy of large target models.

* The proposed framework demonstrates a
difficulty-aware adaptive mechanism where
thought chains are primarily generated by the
small model for simple tasks, while complex
problems trigger the allocation of more thought
chains to the target model for reliable outputs.

e Our approach exhibits a better reasoning
efficiency-accuracy trade-off in extensive exper-
iments across tasks with varying difficulty lev-
els. It also demonstrates superior acceleration
performance compared to standard speculative
decoding methods with the same draft models.

2 Related Works

Efficient Reasoning Reasoning LLMs (Jaech
et al., 2024; DeepSeek-Al et al., 2025) generate
lengthy CoTs to enhance performance, albeit at the
cost of increased latency. Some approaches (Ding
et al., 2024; Luo et al., 2025; Xia et al., 2025; Xu
et al., 2025b; Zhang et al., 2025) speed up the think-
ing process by reducing the length of the CoT at the
token level. Liu et al. (2024) and Xia et al. (2025)
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use compressed CoTs to fine-tune the reasoning
LMs. Hou et al. (2025) prunes long CoTs through
reinforcement learning. Xu et al. (2025a) and Aytes
et al. (2025) guide the model to think efficiently
through prompting. Soft CoT methods (Saunshi
et al., 2025; Xu et al., 2025b; Hao et al., 2024) use
latent space representations to replace reasoning to-
kens, thus reducing the excessive redundancy in the
reasoning process. Another mainstream approach
(Yu et al., 2024; Paliotta et al., 2025; Liao et al.,
2025) for efficient reasoning is to teach smaller
models to think. Paliotta et al. (2025) and Liao et al.
(2025) transfer reasoning ability from large models
to small ones by distillation. Liu et al. (2025) study
the impact of quantization for reasoning LLM:s.
Our approach leverages collaborative inference be-
tween large and small models, combining the small
model’s efficiency with the large model’s accuracy
to achieve an improved efficiency-accuracy trade-
off in reasoning LLMs.

Speculative Decoding Autoregressive lan-
guage models generate one token in one decoding
step, which greatly limits efficiency. Speculative
decoding (Stern et al., 2018; Xia et al., 2023; Chen
et al., 2023a) adopts lightweight models for draft-
ing and target models for parallel verification to
generate multiple tokens in one step, thus achiev-
ing lossless acceleration. The draft model can be an
independent small model (Leviathan et al., 2023;
Chen et al., 2023a; Spector and Re, 2023; Chen
et al., 2023b), a submodule of the target model (Cai
et al., 2024; Zhang et al., 2023; Li et al., 2024), or
an external corpus (He et al., 2023). Draft tokens
that match the original output of the target model
will be accepted under a strict verification strat-
egy. Most speculative decoding methods perform
token-level drafting, while we borrow the idea of
speculation to perform thought-level drafting to
improve the reasoning efficiency of LLMs.

3 Speculative CoT

This section introduces Speculative Chain-of-
Thought (SCoT), an algorithm for accelerating
LLM reasoning. SCoT employs a small model
to draft reasoning chains while utilizing the target
model to select the best draft for generating the
final answer. It requires only a minimal amount of
instruct tuning. The overview is shown in Figure 3.

3.1 Formulation

For question ¢ in question set Q, the reasoning
model M first enters the thinking stage after in-
putting g. Specifically, M will output a chain-of-
thought T" = (y1,y2,...,¥;) starting and ending
with pre-trained special tokens, where y; represents
the ¢-th output token and [ is length of T". Take
Deepseek-R1 (DeepSeek-Al et al., 2025) as an ex-
ample. The thinking process starts with “<think>"
and ends with “</think>". Next, the model gen-
erates the final answer A based on ¢ and T'. Our
goal is to reduce the inference overhead of 7" while
ensuring the quality of the final answer.

3.2 Generating Drafts of Thoughts

First, we start with a question: “Can small
models generate high-quality chain-of-thoughts?”.
We sampled 500 samples in GSM8K (Cobbe
et al., 2021) to evaluate the reasoning accuracy
of Deepseek-R1-Distill-Qwen-1.5B and Deepseek-
R1-Distill-Qwen-32B (DeepSeek-Al et al., 2025).
Figure 2 displays the results. Under greedy sam-
pling, the performance of the 1.5B model is signifi-
cantly worse than that of the 32B model. However,
if we allow the 1.5B model to provide 5 answers un-
der nuclear sampling and select the best one among
the 5 replies for each sample, its overall accuracy
on GSMSK is close to that of the 32B model.
From the above experiments, we can conclude
that the small model has the potential to generate
high-quality thought chains, but a stronger verifier
is needed to control or select its generated results.
Therefore, in order to accelerate the thinking pro-
cess of reasoning LLMs, we first use a smaller
model M to draft n chains of thoughts in parallel:

[Td17Td27"'7TC’ln} :Md([Q7(I""’q)’ (1)

n

We use temperature sampling for the small model
thinking to enhance the diversity of drafts of CoTs.
Thanks to their smaller parameter size, smaller
models can draft reasoning chains significantly
faster than large models with the same CoT length,
thus speeding up the thinking process.

3.3 Thinking Behavior Alignment

Although small models have higher throughput
than large ones, differences in their reasoning pat-
terns may still result in limited, or even reduced,
reasoning speed. We observed in experiments that
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Figure 2: Comparison of reasoning accuracy for differ-
ent sampling methods on GSM8K.

even models of the same series can exhibit signif-
icant differences in thinking behavior. The infer-
ence speed of Deepseek-R1-Distill-Qwen-1.5B is
about 6 times that of Deepseek-R1-Distill-Qwen-
32B. However, the average CoT length of the 1.5B
model on the GSM8K dataset is more than 4 times
that of the 32B model. The CoT of the 1.5B model
contains more redundant tokens and repeated reflec-
tions. Therefore, it requires training in alignment
of thinking behavior to ensure drafting efficiency.

We adopt 1500 samples from the GSMSK
training set to make the target model generate
the corresponding CoT. The training data d =
(1,22, ey Tm, Y1, Y2, -, Y1) 1S @ combination of
the question and CoT, where m is the length of the
question and x<,, are input tokens. Then we use
LoRA modules (Hu et al., 2022) to instruct-tune
the draft model with the cross-entropy loss:

!
1
Lpraft = 7 ZlOgPMd(yz"-%’gm,yq), 2

=1

where pjr,(+|-) represents the output probability
distribution of My. The original parameters of
the draft model are frozen during training. The
LoRA modules are adapted to the Q@ and V' matri-
ces in the attention block of each layer. After train-
ing, we merge the LoORA module parameters into
the weight matrices of the draft model. Therefore,
there is no additional overhead during inference.

3.4 Draft Selection and Error Correction

After generating CoT drafts (17,75, ..., T},) by the
fine-tuned draft model, we design a prompt tem-
plate S for selecting these thought chains. Figure 3
displays the specific content of this template. For
particularly challenging problems where all CoT
drafts may be incorrect, we aim for the target model
to detect such cases to ensure the accuracy of the fi-
nal answer. For this purpose, we introduce a special

option 7}, 11, which indicates that all CoT drafts
are wrong. Through a single forward propagation,
we can efficiently obtain the CoT index with the
highest probability from the output distribution of
the next token by the target model:

index = argmax Py (i|S(q, T<n+1)), ()
%

where V = {1,2,...,n + 1}. To improve the ac-
curacy of the target model in selecting the correct
CoT drafts and detecting errors, we also use the
LoRA modules to fine-tune the target model. We
use 500 samples from the GSMS8K training set to
construct the training data. For each sample, we
use the draft model to generate n thought chains
and deploy template S as the input. We judge the
correctness of the CoT drafts based on the ground
truth and construct the label set Y, which is the set
of indices for all correct drafts. See Appendix for
examples. We design the following loss function
to fine-tune the target model:

»CTarget = min{_ IngM(y|S(q, T§n+1)) ’y € y}

“)
Likewise, the original model parameters are frozen,
and parameters in LORA modules are merged into
the weight matrices of () and V. The fine-tuned
target model is only used for CoT selection.

There are two situations when selecting CoT.
The first is that the output index < n + 1, that is,
the target model selects the best one 75, 4., among
the CoTs generated by the draft model. In this case,
we directly let the target model generate the final
answer based on ¢ and T}, 4... The second situa-
tion is the output index = n + 1, which indicates
that the problem is too hard and the draft model
failed to produce correct reasoning. To maintain
performance in the face of these complex problems,
we instruct the target model to rethink the question
and generate the final answer.

4 Experiments

4.1 Settings

We  adopt  Deepseek-R1-Distill-Qwen-32B
(DeepSeek-Al et al., 2025) and Deepseek-R1-
Distill-Llama-70B (abbreviated as D-Qwen-32B
and D-Llama-70B) as the target models. We
employ Deepseek-R1-Distill-Qwen-1.5B and
Deepseek-R1-Distill-Llama-8B as the draft models
for them, respectively. We conducte the two
groups of experiments under different hardware
environments. We use a single A100-PCIE-40GB
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Figure 3: Overview of Speculative Chain-of-Thought. Given a question (), SCoT first applies a lightweight draft
model to generate multiple CoT drafts in parallel. The draft model is fine-tuned with LoRA modules to align the
thinking behavior of the target model. It appends a special CoT option for the case where all drafts are wrong. The
target model for selecting the best CoT draft is also fine-tuned with LoRA modules for improved accuracy. With the
designed prompt template .S, only one forward propagation is needed to get the index of the best CoT. Once the best
CoT is picked, SCoT directly adopts it for the original target model to generate the final answer. Only if no draft is
selected, SCoT will rethink with the target model to ensure the quality of the generated answer.

GPU for the 1.5B model and 4 A100-PCIE-40GB
GPUs for the 32B model. While we deploy the
8B model on a single H800-80GB GPU and the
80B model on 4 H800-80GB GPUs. We evaluate
the efficiency and accuracy of Speculative CoT
on reasoning datasets of various difficulty levels,
including GSM8K (Cobbe et al., 2021), MATH
(Hendrycks et al., 2021), GaoKao-En-2023 (Liao
et al., 2024), CollegeMath (Tang et al., 2024) and
Olympiad (He et al., 2024). As stated in the last
section, we use data from GSMSK training set to
fine-tune the models with LoRA modules. Note
that there is no overlap in the data used for training
and evaluation.

For SCoT, we set the rank of LoORA modules to
8 for D-Qwen-1.5B/32B and D-Llama-8B, and we
set it to 16 for D-Llama-70B. Learning rate is set
to S5e-5 and le-4 for the draft models and target
models, respectively. The number of CoT drafts n
is set to 5. We set the temperature for sampling to
0.6 in CoT drafting process. To avoid running out
of memory when selecting the drafts, the maximum
draft length is set to 5000. We set the maximum
length of CoT to 20480, which is sufficient for
most samples in experiments. We compare the
reasoning latency and accuracy of SCoT with the
vanilla reasoning by the target models.

We also compare the performance of SCoT with
TokenSkip (Xia et al., 2025), which trains the tar-
get model with compressed CoT data to shorten

the mean CoT length. The original CoT data are
generated by the original target model. Then it com-
presses the thought chains through LLMLingua-2
(Pan et al., 2024). We adopt the training set of
GSMBSK to construct the training data. To compare
the accuracy of the two methods at similar accel-
eration ratios, we set the compression ratio to 0.5
for TokenSkip, which means that about half of the
tokens in thought chains are dropped.

4.2 Main Results

Lower Reasoning Latency Table 1 demon-
strates the average CoT length and the average CoT
latency of each sample on the 5 datasets. [j; and
[ a1, represent the numbers of tokens generated by
the target model and the draft model during the
thinking stage, respectively. Since the draft model
generates 5 draft chains in parallel, 5, refers to
the length of the longest draft CoT. The average la-
tency t is measured in seconds. For the 32B model,
[ps exhibits a wide range of 302 to 8431 across
different datasets. Except for MATH where the
average CoT length of SCoT (s + lpr,) is shorter
than that of the 32B model, the overall CoT lengths
of the two methods are close in the Qwen group.
However, SCoT generates more tokens during the
reasoning phase in the Llama group, where the
speed-up ratio is relatively lower. For SCoT, most
of the reasoning tokens are generated by the draft
model, and the CoT tokens generated by the target
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Method GSMSK MATH GaoKao CollegeMath Olympiad
LSV 7Y R 3 VR 7Y PR 3V SR § VPR 0 V) Iy Iy Iy,
D-Qwen-32B 302 - 2123 - 3230 - 1051 - 8431 -
SCoT(32B+1.5B) 45 265 151 1855 630 2767 110 1136 3553 4194
D-Llama-70B 326 - 1492 - 2521 - 920 - 5503 -
SCoT(70B+8B) 47 410 70 2395 501 2986 120 1913 2579 4319
t T t r t T t r t T
D-Qwen-32B 26.5 1.00 225.1 1.00 369.5 1.00 953 1.00 1092.2 1.00
SCoT(32B+1.5B) 11.7 226 77.0 292 160.1 231 43.7 218 5757 1.90
D-Llama-70B 21.6 1.00 1055 1.00 188.3 1.00 63.3 1.00 4436 1.00
SCoT(70B+8B) 11.0 196 578 183 1110 170 504 126 325.0 1.36

Table 1: Comparison of CoT length and reasoning efficiency. We report average CoT length of the target model
Ipr, average CoT length of the draft model [, and average CoT latency of each sample ¢(sec). Speed-up ratio 7 is
calculated by average thinking time compared with vanilla decoding.

Deepseek-R1-Distill-Qwen-1.5B TokenSkip(32B)(2.0x)
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Figure 4: Comparison of accuracy of the final answer with D-Qwen (top) and D-Llama (bottom). The compression
ratio for TokenSkip is set to 0.5. The ratio in the legends represents the latency speed-up for TokenSkip and SCoT.

model account for 2.8%~45.9% of the total CoT
tokens. As task difficulty increases, small models
exhibit higher error rates, thus necessitating greater
involvement from the target model in the reasoning
process. The draft selection mechanism dynami-
cally determines whether the target model should
reconsider its output, evaluating both problem com-
plexity and draft generation quality. For simpler
tasks, thought chains are predominantly produced
by the draft model. Conversely, the proposed mech-
anism allocates more thought chain generation to
the target model when handling complex problems.

The throughput of the draft model is about 5
times that of the corresponding target model for
both groups in our experimental environment. The
CoT latency of SCoT is mainly composed of the
target model reasoning time, draft model reasoning
time, and draft selection time. For the GSM8K
dataset in the Qwen group, the proportions are ap-

proximately 33.9%, 60.2%, and 5.9% respectively.
With longer generated CoTs (e.g., on Olympiad),
draft selection incurs minimal overhead. Generally,
SCoT achieves greater speed-up ratios on simpler
tasks where the CoT drafts demonstrate higher qual-
ity. It achieves a speed-up ratio ranging from 1.26x
to 2.92x compared to vanilla reasoning.

Near-target-model Level Accuracy Figure
4 displays the accuracy of different methods
for Deepseek-R1-Distill-Qwen and Deepseek-R1-
Distill-Llama on these datasets. Comparative re-
sults indicate that SCoT maintains near-target-
model performance levels on all datasets (even for
the Olympiad-level task), with clearly superior ac-
curacy compared to standalone draft model reason-
ing. For CollegeMath, SCoT even achieves a better
accuracy compared to the target model. Moreover,
SCoT outperforms TokenSkip in generation accu-
racy on most groups except Olympiad with the
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Method GSMSK MATH GaoKao CollegeMath Olympiad
s r! r s r! r ‘ s r! r ‘ s r! r s r! r
Deepseek-R1-Distill- Qwen-32B (A100-PCIE-40GB)
ARD 114 100 100| 94 100 1.00| 87 100 1.00]| 11.0 1.00 1.00| 7.9 1.00 1.00
SD 185 163 1.87|134 142 141|121 138 132|156 142 134| 9.1 1.16 0.59
SCoT 239 210 226|254 269 292|191 218 231|279 253 218|112 142 190
Deepseek-R1-Distill- Liama-70B (H800-80GB)

ARD 145 1.00 1.00| 141 1.00 1.00| 134 1.00 1.00 | 14,5 1.00 1.00 | 12.7 1.00 1.00
SD 251 164 163|212 150 149|176 131 135|232 159 1.61| 126 0.99 0.58
SCoT 373 245 196 | 41.8 296 1.83|28.7 214 170|375 258 126|174 137 136

Table 2: Comparison of reasoning efficiency with auto-regressive decoding (ARD) and speculative decoding (SD)
on the five datasets with the two models. s represents the average throughput during the reasoning phase (including
the prefilling phase). For SCoT, only valid tokens (generated by either the draft model or the target model) are
included in the calculation of s. r’ represents the speed-up ratio of throughput. r stands for the speed-up ratio of

average reasoning latency of each sample.

Method

SCoT (32B+1.5B)
w Single Draft
w/o Tuning M
w/o Error Correction

GSM8K MATH GaoKao CollegeMath Olympiad

87.0 90.0 73.2 66.2 31.6
85.6 86.6 69.9 63.8 30.0
85.6 90.0 69.9 64.8 30.0
85.6 90.0 71.4 65.6 30.2

Table 3: Results for ablation study.

Qwen model, even with higher speed-up ratios, ex-
hibiting better accuracy-efficiency trade-off.

4.3 Ablation Studies

We conduct an ablation study in this section.
We carry out 3 sets of experiments to observe
the changes in accuracy on the 5 datasets with
Deepseek-R1-Distill-Qwen: 1) SCoT with Sin-
gle Draft: Only one CoT draft is generated for
each sample (except for the special draft 7;,41),
2) SCoT without Tuning M: We use the original
target model instead of the fine-tuned version to
select the drafts, 3) SCoT without Error Correc-
tion: We remove 7}, and the rethinking strategy.
Table 3 shows the results. SCoT exhibits the high-
est accuracy on all datasets, indicating that both
of the three proposed techniques contribute to the
reasoning performance. Drafting multiple thought
chains increases the upper limit of draft quality,
thus enhancing the potential for higher-quality out-
puts. In preliminary experiments, we found that
without fine-tuning, M never selects the “All rea-
soning paths are wrong.” option for any CoT draft
candidates. After training, the target model can
acquire error correction capability.

To verify the effectiveness of thinking behav-
ior alignment, we compare the average CoT draft
length generated by the original draft models and
the fine-tuned versions. Table 4 shows the mean

Method

D-Qwen-1.5B
+ TBA
D-Llama-8B
+ TBA

GSMS8K MATH GaoKao CollegeMath Olympiad

606 2092 2589 1355 4032
193 1183 1487 709 3554
585 1979 3223 1285 6474
258 1536 2253 1254 3783

Table 4: Comparative analysis of average CoT draft
length on D-Qwen-1.5B and D-Llama-8B with versus
without thinking behavior alignment training (TBA).

CoT length. The CoT length generated by the fine-
tuned model is significantly shorter than that of the
original model on all datasets for both the two draft
models, especially for GSM8K. Therefore, think-
ing behavior alignment improves the efficiency of
the drafting process.

4.4 Comparison with Speculative Decoding

We compare the reasoning efficiency of SCoT with
speculative decoding with large and small models
collaboration (Leviathan et al., 2023; Kim et al.,
2023). Speculative decoding generates several to-
kens with the draft model and then verifies the
candidates with the target model in each decoding
step. The maximum draft length is set to 5.

Table 2 displays the results. The throughput of
auto-regressive decoding is affected by the length
of the sequence. Speculative decoding performs
well when the sequence length is short. It achieves
a reasoning latency speed-up ratio of up to 1.87
and 1.63 for the Qwen model and the LLlama model,
respectively. However, for the Olympiad dataset,
where the average generation length exceeds 5000
tokens, the drafting overhead grows with sequence
length, ultimately causing deceleration for both
the target models. Note that speculative decoding
may produce outputs that deviate from the origi-
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nal model when using half-precision. In certain
cases (e.g., GSM8K dataset with the Qwen model),
the shorter generation lengths can lead to 7’ < r.
Employing the same draft models, SCoT achieves
a higher throughput on all datasets. It shows a
speed-up ratio of up to 2.96 for throughput. It
also exhibits a better acceleration for reasoning la-
tency (except for CollegeMath in the Llama group).
While speculative decoding requires multiple veri-
fications, SCoT’s single draft-verify cycle signifi-
cantly reduces the frequent model reloads between
GPU high-bandwidth memory (HBM) and on-chip
cache. Therefore, generation length exhibits a rela-
tively minor impact on SCoT’s efficiency (as stated
in main results section the speed-up ratio of SCoT
is mainly affected by the difficulty of the task),
reflecting its good adaptability to long sequence
generation scenarios.

4.5 Draft Selection Accuracy Analysis

We study the draft selection and error detection
accuracy of the fine-tuned Deepseek-R1-Distill-
Qwen-32B on the 500 samples in the test set of
GSMS8K. We divide these samples into two cate-
gories according to their labels. Samples for which
the draft model can generate the correct reasoning
chain form Class 1 (the label y # n + 1), while oth-
ers constitute Class 2 (the label y = n + 1). There
are 450 first-class samples out of the 500 samples.
The prediction accuracy of Class 1 is 85.1%, and
Class 2 is 52%. Since Class 2 samples are more dif-
ficult to predict and the training data is limited, the
target model demonstrates more accurate predic-
tion for Class 1 samples than Class 2 samples. Our
preliminary tests show that direct prediction by the
original target model on the second-class samples
yields zero accuracy. With a minimal amount of
training, the model can correctly predict the labels
for about half of the Class 2 samples.

4.6 Impact of Number of Chains

To explore the best number of CoT draft candidates,
we evaluate the reasoning accuracy and latency un-
der different numbers of draft thought chains in
this section. We conduct an experiment with the
Deepseek-R1-Distill-Qwen models on the GSM8K
dataset. We tested the performance when drafting
1 to 8 thought chains. Figure 5 displays the results.
The blue and green lines represent the accuracy
and reasoning latency, respectively. The two dot-
ted lines show the baseline accuracy and latency
of Deepseek-R1-Distill-Qwen-32B. Increasing the

26
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24
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©
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Figure 5: Impact of the number of draft chains.

number of chains increases the probability of in-
cluding high-quality reasoning paths in the set of
drafts. When using 2 draft chains, while the latency
reduction remains modest, SCoT surprisingly out-
performs the target model in accuracy, demonstrat-
ing the remarkable potential of collaborative model
generation. A higher speed-up ratio indicates that
SCoT accepts more reasoning chains generated by
the draft model. SCoT can reduce its reliance on
the target model due to the increase in the number
of candidates, thus achieving a higher speed-up ra-
tio. However, as the number of chains increases,
the difficulty of training the target model to select
the correct draft also increases. Meanwhile, due
to the inherent randomness in training procedures
and the limited scale of training data, it exhibits
fluctuations in reasoning accuracy. Moreover, an
oversupply of chains complicates error detection
for the target model, which may lead to accuracy
degradation despite the improved speed. Overall,
SCoT demonstrates optimal acceleration perfor-
mance with 5 thought chains while maintaining
acceptable accuracy degradation.

5 Conclusion

In this paper, we proposed a novel reasoning frame-
work called Speculative Chain-of-Thought to allevi-
ate the latency bottleneck of reasoning LLMs. The
proposed method leverages the efficiency of small
models for parallel CoT drafting and the higher ac-
curacy of the large model for drafting selection and
error correction. The draft selection mechanism
adaptively decides whether the target model needs
to rethink based on the difficulty of the problem and
the quality of the draft generation. Thought chains
are mostly generated by the draft model for simple
tasks. While more thought chains will be allocated
to the target model to generate for complex prob-
lems. Speculative Chain-of-Thought demonstrates
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a speed-up ratio of up to 2.92x for the reasoning
process while achieving near-target-model-level ac-
curacy on 5 datasets of different difficulties. It
exhibits the potential for future work to realize a
better accuracy-efficiency trade-off for reasoning
LLMs through model collaboration.

Limitations

* SCoT adopts existing pre-trained reasoning mod-
els as draft models. However, for some target
models, existing pre-trained models of the same
family may not be available. In addition, the
size of the draft model has a significant impact
on the efficiency of reasoning. For example, in
the experiments, the speedup ratio of SCoT on
the Llama group is lower than that on the Qwen
group. This is largely because the 8B draft model
is still a bit large for the 70B target model. An
overly large draft model may limit acceleration
performance or even slow down reasoning. Fu-
ture work can consider how to train a more effec-
tive draft model for any target model.

* SCoT needs to fine-tune the main model and
the target model. In this paper, due to resource
limitations, we only consider its performance
on mathematical reasoning tasks. We used only
limited training data. Its performance on other
types of reasoning tasks may vary, especially for
out-of-domain tasks.

* SCoT changes the original output of the target
model, which has a certain impact on the original
security of the pre-trained model. In practical
applications, it may lead to harmful output. If
used in real-world scenarios, the security of the
inference framework needs to be reconsidered.
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A SCoT for Heterogeneous Draft Model

In some practical scenarios, it may be difficult to
obtain a small-scale model of the same structure
as a target model. Even if a small-scale model
is available, its parameter count may not be suit-
able for generating speculative cots. Therefore,
we explored the effects of adopting an alternative
heterogeneous draft model.

We tested on five datasets under the same set-
tings as the main experiment, using llama70b as
the target model and qwen1.5b as the draft model.
The experimental results are shown in Table 5.

Method GSM8K MATH GaoKao CollegeMath Olympiad
D-Qwen-1.5B 74.7 78.0 56.4 63.8 23.6
D-Llama-8B 72.6 87.2 67.8 61.0 30.2
D-Llama-70B 87.8 93.6 714 63.8 38.6
SCoT (70B+8B) 84.2 922 76.9 65.2 37.0
SCoT (70B+1.5B) 842 91.2 72.5 66.0 332

Table 5: Performance of SCoT with heterogeneous
draft model.

The experimental results suggest that the perfor-
mance of the draft model mainly affects the upper
limit of Scot. If the performance of the draft model
is limited, its performance on some more difficult
tasks (e.g., Olympiad) will be restricted. For sim-
pler tasks, the performance of the draft model has
minimal impact on SCOT’s effectiveness, where
smaller draft models prove more beneficial for
inference acceleration. Overall, SCoT performs
well even with a heterogeneous draft model, which
breaks through the reliance of standard speculative
decoding on model alignment.

B Impact on Length of the Final Answer

We study the impact of SCoT on the length of the
final answer. Table 6 displays the answer length
on the 5 datasets. In addition to reducing the la-
tency of the reasoning phase, SCoT also reduces
the length of the generated final answer compared
to the target model and even brings additional infer-
ence efficiency improvements in the Qwen group.
For the Llama group, SCoT generates final answers
with lengths comparable to those produced by the
original target model.

C Evaluation on Code Generation
Benchmark

To further validate the effectiveness of our method,
we conduct an additional evaluation on the Hu-
manEval benchmark, which focuses on code gener-

Method GSM8K MATH GaoKao CollegeMath Olympiad

D-Qwen-32B 314 632 948 416 2952
SCoT (32B+1.5B) 270 358 610 357 2179
D-Llama-70B 238 256 453 312 840
SCoT (70B+8B) 212 310 568 314 1068

Table 6: Average length of the final answer.

ation tasks and represents a substantially different
type of reasoning challenge.

The experimental results are summarized in Ta-
ble 7. As shown, SCoT maintains competitive
performance compared to the target model while
achieving significant inference acceleration.

Method pass@1 (%) Speedup
D-Qwen-32B 83.6 1.0x
SCoT (32B+1.5B) 80.2 2.1x

Table 7: Performance on HumanEval benchmark.

D Memory Overhead Analysis

In our experiments, the draft model is relatively
small compared to the target model. Therefore, the
additional memory overhead introduced by SCoT
remains moderate compared to directly perform-
ing autoregressive inference with the target model
alone.

Table 8 summarizes the peak GPU memory us-
age for each experimental setting. As shown, SCoT
introduces only a limited increase in memory con-
sumption while providing substantial speedup.

Method Peak Memory (GB)
D-Qwen-32B 74
SCoT (32B+1.5B) 84
D-Llama-70B 167
SCoT (70B+8B) 192

Table 8: Peak memory usage across different settings.

E Sample Presentation

We display two samples of constructed training
data for draft selection in Figure 6 and Figure 7.
The red text is the prompt template we designed,
and the blue text is the input question.
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Input: "l will provide several Reasons for the Question. Please choose the best reasoning path and give the serial
Number directly (you can only choose one). \n\nQuestion: The rug is 5 feet wider than the chair. The couch is 2
feet longer than twice the width of the rug. If the chair is 3 feet wide. How many feet long is the couch?\n\nHere
are the reasoning paths:\n\nReason 1: First, | determine the width of the rug. Since the rug is 5 feet wider than
the chair and the chair is 3 feet wide, the rug's width is 3 feet plus 5 feet, which equals 8 feet.\n\nNext, | calculate
the length of the couch. The couch is 2 feet longer than twice the rug's width. Twice the rug's width is 2 times 8
feet, which is<n>16 feet</n>. Adding 2 feet to this gives a total length of 18 feet for the couch.\n\nReason 2: First,
identify the given information. The chair is 3 feet wide, the rug is 5 feet wider than the chair, and the couch is 2
feet longer than twice the width of the rug.\n\nNext, calculate the width of the rug by adding 5 feet to the width
of the chair. Then, determine the length of the couch by taking twice the width of the rug and adding 2 feet to
it.\n\nFinally, perform the arithmetic operations to find the exact length of the couch.\n\nReason 3: First, | know
that the chair is 3 feetabcdefghijklmnop.\n\nNext, since the rug is 5 feet wider than the chair, | calculate the rug's
width by adding 5 feet to the chair's width.\n\nThen, the couch is 2 feet longer than twice the rug's width. | first
find twice the rug's width and then add 2 feet to it to determine the couch's length.\n\nFinally, by following these
steps, | can find the length of the couch.\n\nReason 4: First, I'll note the given information: the width of the chair
is 3 feet. The rug is 5 feet wider than the chair, so the width of the rug is 3 feet plus 5 feet, which equals 8
feet.\n\nNext, the couch is 2 feet longer than twice the width of the rug. Since the rug is 8 feet wide, twice that
width is 16 feet. Adding 2 feet to this gives a total length of 18 feet for the couch.\n\nTherefore, the couch is 18
feet long.\n\nReason 5: BPM: Read the problem and identify the given information and what is being asked. The
rug is 5 feet wider than the chair. The chair is 3 feet wide. The couch is 2 feet longer than twice the width of the
rug. We need to find the length of the couch.\n\nFirst, let's figure out the width of the rug. The rug is 5 feet wider
than the chair. Since the chair is 3 feet wide, the rug's width should be 3 + 5 = 8 feet.\n\nNext, the couch is 2 feet
longer than twice the width of the rug. So, twice the rug's width is 2 * 8 = 16 feet. Adding 2 feet to that gives 16 +
2 = 18 feet.\n\nTherefore, the couch is 18 feet long.\n\nReason 6: All reasoning paths above are wrong.\n\n< |

Assistant | >Number of the best reasoning path: "

Label: [1, 4, 5]

Figure 6: The selection template is in red and question is in blue.

Input: "I will provide several Reasons for the Question. Please choose the best reasoning path and give the serial Number directly
(you can only choose one). \n\nQuestion: Steve loves playing video games. His parents get him a console along with 5 games for his
birthday. He saves up enough money to buy 1 game per month for a year, and then the following year he starts buying 2 games a
month. For the third year he buys 4 games a month as he has a new part-time job that makes him more money. He also gets 5
games for Christmas every year. How many games does Steve have after 3 years?\n\nHere are the reasoning paths:\n\nReason 1: To
determine how many games Steve has after 3 years, I'll break down his monthly purchases and annual gifts separately.\n\nin the first
year, Steve buys 1 game per month, totaling 12 games.\n\nIn the second year, he increases his purchase rate to 2 games per month,
resulting in 24 games.\n\nin the third year, his purchase rate rises to 4 games per month, adding 48 games.\n\nAdditionally, Steve
receives 5 games at each Christmas, adding 5 games annually.\n\nBy the end of 3 years, Steve has accumulated a total of 108
games.\n\nReason 2: First, I'll determine how many games Steve buys in the first year. He saves enough to buy 1 game each month
for 12 months, totaling 12 games.\n\nNext, in the second year, he increases his monthly purchases to 2 games per month. Over 12
months, that amounts to 24 games.\n\nIn the third year, his buying rate increases to 4 games per month. Again, over 12 months,
that's 48 games.\n\nAdditionally, Steve receives 5 games as Christmas each year, so that's 5 games per year for 3 years, totaling 15
games.\n\nFinally, I'll add up all the games: 12 (first year) + 24 (second year) + 48 (third year) + 15 (Christmas gifts) to find the total
number of games Steve has after 3 years.\n\nReason 3: First, identify the initial number of games Steve has. He starts with 5 games
from his birthday.\n\nNext, in the first year, he buys 1 game each month. There are 12 months in a year, so he buys 12 games. Adding
this to his initial 5 games gives him 17 games after the first year.\n\nlIn the second year, he increases his purchase rate to 2 games per
month. Over 12 months, this results in 24 additional games, bringing the total to 41 games.\n\nIn the third year, his purchasing rate
doubles again to 4 games per month. This year, he buys 48 games, bringing the total to 89 games after three years.\n\nAdditionally,
Steve receives 5 games as Christmas each year. Over three years, this amounts to 15 more games.\n\nFinally, add the Christmas
games to the previous total to get the final number of games Steve has after 3 years.\n\nReason 4: First, | need to determine how
many games Steve buys each year.\n\nIn the first year, he buys 1 game per month for 12 months, totaling 12 games.\n\nIn the
second year, he increases his buying rate to 2 games per month, so that's 24 games.\n\nIn the third year, he increases his rate further
to 4 games per month, resulting in 48 games.\n\nAdditionally, Steve receives 5 new games at each Christmas, so that's 5 games
annually.\n\nAdding all these together, the total number of games Steve has after 3 yearsis 12 + 24 + 48 + 5 = 89 games.\n\nReason
5: First, Steve buys 1 game per month for the first year, which is 12 games. \n\nIn the second year, he increases his monthly game
purchases to 2 games, totaling 24 games.\n\nIn the third year, his purchasing rate doubles again to 4 games per month, totaling 48
games.\n\nAdditionally, Steve receives 5 games at the end of each year as Christmas gifts, adding 15 games over the three
years.\n\nFinally, by the end of the third year, Steve has a total of 84 games.\n\nReason 6: All reasoning paths above are
wrong.\n\n< | Assistant | >Number of the best reasoning path: "

Label: [6]

Figure 7: The selection template is in red and question is in blue.
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