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Abstract

Recent developments have enabled advanced
reasoning in Large Language Models (LLMs)
via long Chain-of-Thought (CoT), trading effi-
ciency during inference for performance. Exist-
ing works focus on compressing generated CoT
in reasoning, which impairs the necessary infor-
mation for deriving the correct answer. In this
work, we propose post-reasoning, a reasoning
paradigm that takes CoT as a part of context
to simplify the reasoning task for LLMs. We
find that post-reasoning significantly reduces
the generation length of LLMs, but its effective-
ness hinges on the efficiency and the reliability
of the contextual CoT generation. Therefore,
we propose Upfront CoT (UCoT), an efficient
post-reasoning framework for CoT compres-
sion. UCoT trains a lightweight model (com-
pressor) to provide contextual CoT in form
of soft tokens and trains the LLM (executor)
to leverage this contextual CoT for producing
the final answer. Extensive experiments show
that UCoT maintains the powerful reasoning
ability of executor while significantly reduc-
ing the length of CoT. It is worth mentioning
that when applying UCoT to the Qwen2.5-7B-
Instruct model, the usage of tokens on GSM8K
dataset is reduced by 50%, while the perfor-
mance is 3.08% higher than that of the state-of-
the-art (SOTA) method. The code is available
at: https://github.com/czx-1i/UCoT.

1 Introduction

Chain-of-Thought (CoT) reasoning has emerged as
a pivotal paradigm for overcoming the bottleneck
of complex reasoning capabilities in large language
models (LLMs) (Wei et al., 2022; Sprague et al.,
2025). Recent advancements exemplified by mod-
els such as DeepSeek-R1 (Guo et al., 2025) and
OpenAl’s 03 (El-Kishky et al., 2025), demonstrate
that scaling test-time computation on reasoning is
a key path to advanced intelligence (Snell et al.,
2024). This technique strengthens the model’s abil-
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Figure 1: Comparison of reasoning paradigms. (a)
Vanilla Reasoning generates CoT autoregressively, caus-
ing high output latency. (b) Post-Reasoning uses ex-
plicit CoT as input, trading contextual CoT generation
for short output. (c) UCoT generates soft tokens via
a single forward pass, achieving low latency and high
performance.

ity to reason from scratch by decomposing com-
plex problems into sequential steps, but it brings
substantial computational overhead due to the au-
toregressive nature of current LLMs (Su et al,,
2025; Arora and Zanette, 2025). Existing works
about compressing the CoTs focus on simplify-
ing model output through prompting strategies (Xu
et al., 2025a; Aytes et al., 2025) or post-training
(Kang et al., 2025; Xia et al., 2025) without pro-
viding any complementary contextual information,
which leads to efficiency gains at the cost of signifi-
cant performance degradation (Zhang et al., 2025).

In this work, we revisit the role of CoT as the
premise for deriving the final answer. As illustrated
in Figure 1 (a), we point that CoT is not merely a se-
quence of outputs, but effectively a self-generated
input context that the LLM produces to bridge the
logical gap between the input query and the final
answer (Zhang et al., 2022; Kojima et al., 2022; Wu
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et al.). Motivated by this observation, we first inves-
tigate a critical research question to CoT reasoning:
“Can providing reasoning information as input re-
duce CoT generation in LLMs?" Toward this end,
we introduce the paradigm of post-reasoning as
illustrated in Figure 1 (b), where an LLM contin-
ues its reasoning based on contextual CoT (i.e.,
CoT generated by a lightweight external model and
provided as part of the LLM input). We further
validate the feasibility of this paradigm through a
pilot study (Section 3) and pose two critical factors
influencing the performance of post-reasoning:

F1: Post-reasoning trades contextual CoT gen-
eration for LLM shortened output.

F2: Post-reasoning performance hinges on the
quality of contextual CoTs.

The dependency of post-reasoning on efficiently
generating reliable contextual CoT motivates us
to propose Upfront Chain-of-Thought (UCoT) as
shown in Figure 1 (c), a post-reasoning framework
designed to achieve an optimal trade-off between
efficiency and effectiveness in reasoning. UCoT
follows the post-reasoning paradigm, alleviating
the need to generate lengthy reasoning paths by
supplying compressed contextual CoT. Specifically,
UCoT constructs contextual CoT as a sequence
of soft tokens produced by a lightweight model
(compressor), and performs post-reasoning using a
large model (executor). We first distill the reason-
ing capability of the large model into the compres-
sor, and train the compressor to encode reasoning
processes into soft tokens. The executor is then
trained to leverage this compressed contextual CoT
to generate concise yet accurate responses. Experi-
mental results demonstrate that UCoT compresses
CoT outputs while preserving LLM reasoning abil-
ity, and outperforms baselines and SOTA on mul-
tiple tasks. For instance, UCoT helps Qwen2.5-
7B-Instruct cut 50% of required tokens with only
a 5.62% performance drop on GSMS8K, obtaining
3.08% better than SOTA method Tokenskip (Xia
et al., 2025). Our contributions are as follows:

* Post-Reasoning. We propose post-reasoning
as a novel reasoning paradigm where the
model continues reasoning conditioned to con-
textual CoT. It reveals the feasibility of break-
ing the latency bottleneck in autoregressive
models by contextualizing the reasoning path.

* Efficient Reasoning Framework. We intro-

duce UCoT, a post-reasoning framework that
takes a sequence of soft tokens as contextual
CoT and reducing the generation length of
LLMs. Through two-stage training, UCoT en-
ables a lightweight compressor to inject high-
quality contextual CoT that guides efficient
and accurate reasoning.

* Outstanding Performance. Our method sig-
nificantly outperforms baseline and SOTA
methods on two open-source models and two
public datasets. Furthermore, we also demon-
strate its excellent generalization ability to
currently popular large reasoning models and
more challenging datasets.

2 Related Works

CoT Reasoning in LLMs. With the broader ap-
plication of LL.Ms in logistically-complex domain
such as mathematical study (Setlur et al., 2024),
code generation (Fakhoury et al., 2024), and sci-
entific question answering (Zhuang et al., 2023),
it becomes essential to enhance the reasoning abil-
ity of LLMs (Liu et al., 2024; Ramprasad et al.,
2024). Researchers have proposed the Chain-of-
Thought (CoT) reasoning method (Wei et al., 2022;
Wang et al., 2022), which enhances model perfor-
mance by explicitly generating intermediate rea-
soning steps through LLMs, to unlock the po-
tential of LLMs. Subsequent studies built upon
CoT by employing multi-step sampling (Yu et al.,
2023; Yao et al., 2023) or multi-path summariza-
tion (Chen et al., 2024; Sun et al., 2024) to aggre-
gate information from multiple reasoning trajecto-
ries, thereby further enhancing LLMs’ reasoning
capabilities in complex problem-solving. However,
since transformer-based LLLMs generate text autore-
gressively, their processing time for complex prob-
lems increases linearly with the length of the CoT
(Nayab et al., 2024). Therefore, our work focus
on reducing the length of CoT generated by LLMs
while maintaining their reasoning performance.

CoT Compression. CoT compression aims to re-
duce the output length of the modern reasoning
models while preserving reasoning accuracy. Nu-
merous studies employ carefully designed discrete
prompts to guide LLMs toward generating more
concise reasoning paths at the output stage (Xu
etal., 2025a; Han et al., 2024). However, due to the
discrete nature of text, the discrete prompts cannot
be directly optimized with gradient descent, neces-
sitating extensive manual design (Aytes et al., 2025)
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or complex gradient-free optimization methods (Li
et al., 2025). Another line of research focuses on
fine-tuning LLLMs on datasets with short but high-
quality CoT reasoning paths (Cui et al., 2025; Xia
et al., 2025). However, the cost-effective construc-
tion of high-quality concise CoT datasets remains
an outstanding challenge. In addition, Cheng and
Van Durme (2024); Saunshi et al. (2025); He et al.
(2025); Zhang et al. (2025) compress each CoT
step into continuous latent representations, thereby
limiting explicit generation by LLMs at the output
stage while incurring performance degradation. In
contrast, our work shifts the focus to the LLM in-
put, using contextual CoT to help LLMs shorten
reasoning before generation. This enables the spon-
taneous production of concise CoTs, avoiding in-
formation loss from external dataset construction
or limiting explicit generation. In Appendix B,
we also provide the formal definitions of Chain-of-
Thought Compression.

3 Preliminary

In this section, we formalize the post-reasoning
paradigm and conduct a pilot study to analyze the
impact of post-reasoning on the output length and
performance of LLM.

3.1 Paradigm Formulation

Vanilla Reasoning. Given an input query ) =
{@1,42, -, q)|} consisting of |Q] tokens, vanilla
reasoning process of the LLM is formulated as:

{C, A} = LLM(Q), (1

where C' = {c1, c2, ..., ¢¢) } is the CoT with length
|C| and A = {a1,az,...,a4)} is the final answer
with length | A|. The CoT C is generated first, fol-
lowed by the final answer A. Since |C| > |A|
in most cases, inference latency is primarily domi-
nated by the generation of the CoT rather than the
final answer (Pope et al., 2023).
Post-Reasoning. In post-reasoning paradigm, the
contextual CoT C’ generated by an external LLM
is treated as a part of the input, which is formulated
as:

{C, A} =LLM(Q & "), )

where C and A represents the model’s output CoT
and answer conditioned on the contextual CoT C’,
respectively. The & denote the concatenation of
query @ and contextual CoT C’. We compare the
length of |C| + |A| with |C| + |A| generated by

Accuracy =@= Num. Output Token == Num. Contextual CoT Tuken]
Accuracy == Num. Output Token == Num. Contextual CoT Token]
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Figure 2: The impact Post-reasoning on the output
length and performance. Post-reasoning facilitates rea-
soning tasks by trading upfront contextual CoT genera-
tion for a significant reduction in output tokens..

Vanilla Reasoning to measure if the model’s output
can be reduced when given the contextual CoT C".
Based on this setup, we subsequently explore how
post-reasoning affects both output lengths and final
answer accuracy in the pilot study.

3.2 How Post-Reasoning Impacts Reasoning?

We conduct experiments with Qwen2.5-7B-Instruct
(Hui et al., 2024). The model takes the query and
CoT from external models of different scales as
context to derive the output. We measure the aver-
age output length and calculate the answer accuracy
for evaluating the paradigm performance.

As shown in Figure 2, our pilot study unveils
following insights: i) The post-reasoning paradigm
significantly reduces the LLM’s output length but
allocates more computation to contextual CoT gen-
eration. Across both datasets, output tokens are
reduced by over 80.00% relative to vanilla reason-
ing. However, this gain relies on generating contex-
tual CoT of comparable scale. ii) Post-Reasoning
performance varies with the quality of contextual
CoT. When CoTs generated by smaller models (e.g.,
Qwen2.5-1.5B) are used as context, model accu-
racy drops sharply by approximately 20.00%, high-
lighting the necessity of reliable and informative
contextual CoT. These findings validate the feasi-
bility of post-reasoning as an efficient reasoning
paradigm, and further reveal that the length and
quality of the contextual CoT are two critical fac-
tors governing its efficiency and performance.

'We employ Qwen2.5-1.5B, 3B, 7B, 14B-Instruct for con-
structing contextual CoT and test on the GSM8K (Cobbe et al.,
2021) and Math-500 (Hendrycks et al.) datasets.
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Figure 3: Overview of Upfront Chain-of-Thought. In contextual CoT generation stage (§4.1) compressor is trained
M. to generate soft tokens. In contextual CoT utilization stage (§4.2), the executor M, learns to give correct
responses with less CoT length based on the contextual soft tokens. In Efficient Post-Reasoning satge (§4.3), the
compressor M, and the executor M. cooperate under the post-reasoning paradigm to achieve efficient reasoning.

4 Efficient Reasoning with Upfront
Chain-of-Thought

Based on both insights, we propose the Upfront
Chain-of-Thought (UCoT) framework to eliminate
the autoregressive bottleneck of post-reasoning for
contextual CoT. By transforming explicit reason-
ing paths into soft tokens via a single forward pass,
UCoT achieves significant acceleration while main-
taining high-fidelity logic. As illustrated in Fig-
ure 3, our pipeline facilitates a cooperative work-
flow between a lightweight compressor (for gen-
erating soft tokens) and a powerful executor (for
deriving the final answer).

4.1 Contextual CoT Generation

The goal of this stage is to train a lightweight com-
pressor M. to efficiently condense complex con-
textual CoTs into a compact sequence of soft
tokens. Since lightweight models naturally lag be-
hind larger models in reasoning capabilities (Wu
et al., 2024), we distill the reasoning ability of
larger model into the compressor.
Data Construction. We derive high-quality train-
ing data from the executor itself to ensure the
reasoning style aligns with the downstream infer-
ence model. Given a dataset of query-answer pairs
{(Qn, n) n 0 , we employ the executor M, to
generate the ground-truth CoT C, for each ques-
tion Qp,:

Cn

= Me(Ze S Qn)7 (3)

where Z. is the system prompt for the executor,
and & denotes concatenation. This yields a training
corpus D = {(Qn, Cn, An) 0=

Contextual CoT Compression. To avoid the la-
tency of autoregressive decoding, we train the com-
pressor to encode the reasoning path into compact
soft tokens. We append a sequence of placeholder
tokens Sgpec = {[ucot],, %:01 of length M to the
input. Instead of generating text, the compressor
M. processes the input in a single forward pass,
and we extract the last hidden states corresponding
to these placeholders as the soft tokens:

XZL — (Zc @ Qn @ Sspec) (4)

Hy, = Mo(X7:00) = {hm 5)

where 6. represents the learnable adaptor param-
eters (e.g., LoORA (Hu et al., 2022)) injected into
the compressor, and H, is the resulting soft tokens.
Formally, H,, functions as the latent equivalent of

(" in Eq. 2, allowing the subsequent executor to in-
gest the reasoning context in a compressed format.

m07

Compressor Optimization. To ensure H,, cap-
tures the semantic essence of the reasoning path,
we train the adaptor 6, to reconstruct the original
high-quality CoT C,, from these embeddings. Fol-
lowing the prompt tuning paradigm (Lester et al.,
2021; Kuratov et al., 2025), we maximize the like-
lihood of the target CoT conditioned on the soft
tokens:

L. =Ep(—logPr, (Cn|Hy)). 6)
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By minimizing £., we force the compressor to
squeeze the extensive reasoning information of C,
into the dense representation H,,. We present the
pseudocode for training the compressor M., in Ap-
pendix A.6.

4.2 Contextual CoT Utilization

The soft tokens H,, need to be aligned with the em-
bedding space of the executor to enable effective
utilization by M, . Therefore, we use a projector
M,, a two-layer MLP that maps H,, into M.’s
embedding space. However, simple alignment is
insufficient for effective compression. As noted in
prior work (Xu et al., 2025b), LLMs before train-
ing often fail to directly leverage such compressed
priors to actually reduce generation length or guide
accurate reasoning. To address this, we introduce a
reward-guided utilization mechanism that compels
the executor to substitute explicit tokens with the
provided soft token priors. Specifically, we con-
strain the reasoning process by imposing a limited
decoding budget on the executor’s output. This
constraint yields a truncated residual CoT, denoted
as C,,, and is formulated as:

C_'n = Cutoff(Me(Mp(Hn) D Qn; 96))(17 (7

where Cutoff(-), truncates the explicit CoT to a
compression ratio o, compelling the model to rely
on [, for the missing logic.
Executor Optimization. The executor is opti-
mized towards ensuring both decoding complete
semantic information from the contextual CoT and
correctly answering the question. First, we design
the semantic loss L, to align the representation
of the whole reasoning path, i.e., soft tokens and
the executor’s generation C), before answer with
the original long CoT C,, in the executor’s final
hidden state:

Lsem = Ep(Dist(Hucot, Heot)),

HUCOT = f/\/le (Mp(Hn) @ Cn)a (8)

Heor = fMe (Cn)y

where faq (-) extracts the last hidden state and
Dist(-) is the standard Mean Absolute Error func-
tion. Second, to ensure the soft tokens guide the
model toward the correct answer, we introduce a
reward factor R. This factor penalizes discrepan-

cies in answer confidence between the compressed
and original inference:

R = Ep((rucer — rcot)?),
rucot = — log P/\/le (An‘Mp(Hn); Ch; 06)7 )
rcor = —log Py, (An|0n)a

The final objective L, = Lgem - R ensures that
the executor effectively decodes the soft tokens to
recover the full reasoning semantics while main-
taining high confidence in the correct answer. The
training pseudocode is provided in Appendix A.6.

4.3 Efficient Post-Reasoning

During inference, UCoT operates under the post-
reasoning paradigm via a two-stage collaborative
pipeline. First, the compressor M. distills the rea-
soning logic into a sequence of soft tokens. Next,
the executor M., ingests these tokens as contextual
CoT C’ in Section 3.1 combined with the query
to efficiently derive the answer. Formally, given a
query 0y, the inference process is formulated as:

C;L = Mp(Hn) = Mp(Mc(Zc S Qn 2] Sspec))v
{éna An} = Me(Qn S 07,1)7
(10)
where the executor’s output consists of a concise
reasoning path C;, and the final answer A,,.

S Experiments

To verify UCoT’s effectiveness, we conduct ex-
tensive experiments using Llama-3.1-8B-Instruct
(Grattafiori et al., 2024) and Qwen2.5-7B-Instruct
(Hui et al., 2024) as executors, and Qwen2.5-
1.5B-Instruct (Hui et al., 2024) as the compres-
sor with two mathematical reasoning benchmark
datasets: GSM8K (Cobbe et al., 2021) and Math-
500 (Hendrycks et al., 2021). For comprehensive
details on the datasets, the implementation of our
method, and the training and evaluation protocol,
please refer to Appendix A.1, A.4, and A.S.

We compare our method UCoT to four baselines:
Prompt (Xia et al., 2025), Truncation (Xia et al.,
2025), CoD (Xu et al., 2025a), and Tokenskip (Xia
et al., 2025) under three different compression ra-
tios (0.9, 0.7, and 0.5) to verify the effectiveness
of our method. The specific introductions and im-
plementation processes of the comparison meth-
ods are in Appendices A.2 and A.3. At the same
time, we conduct a systematic evaluation for the
performance of each method in the field of CoT
compression from four key metrics: accuracy, the
number of compressed CoT tokens, end-to-end la-
tency, and actual compression ratio?, which have
also been proposed and utilized in prior work (Xia
et al., 2025). Among them, accuracy is used to
measure the ability of the method to maintain the

For simplicity, these key metrics are denoted as Acc, To-
kens, Latency, and ActRatio in the results tables, respectively.
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GSMSK

MATH-500

Methods Ratio Acc.(%)1 Tokens| Latency(s)| ActRatio] | Acc.(%)1T Tokens| Latency(s)| ActRatio ]
Owen2.5-7B Series

Original - ‘ 92']70-11(% 29863 3.83]_()()>< - ‘ 61.60()_()(”( 57164 6.351A()()>< -
Prompt 0.9 | 9147070,  281.65 3.741 00« 0.97 60.401,  553.27 6.271 01 0.97
Xiaetal 2005 07 | 9044175  287.32 3771 00% 0.99 59.901 7,  567.49 6.341 00 0.99
(Xiaetal., 2025) (5 89.69.45, 283.20 3.691 04x 0.98 60.30) 32, 577.07 6.371.00x 1.01
Truncation 0.9 | 79.681249, 272.32 3.47) 0% 0.91 42701500  514.48 5.72111% 0.90
Xiaetal 2005) 97 | 5242375, 21055 2.681 43 0.70 353023,  405.86 4.501 41« 0.71
(Xia etal., )05 | 1230505,  154.68 2.01,0;« 0.52 8.50s5312,  285.82 371171« 0.50
CoD 0.9 90989,  257.77 343 15 0.89 59.10,5,  508.76 5.661 12 0.89
Xu et al.. 2025 0.7 | 87.54465  223.02 2.97120x 0.77 56.6050o,  394.43 4.531 40% 0.69
(Xuetal,20252) 05 | 849675, 15061  1.99,0,. 052 | 5130505, 31440  3.61,7. 0.55
Tokenskip 0.9 |91.1314  277.21 3.621 06 0.93 584035, 52591 5.851 00 0.92
Xiaetal 2005 07 | 85695,  223.83 2.87) 33 0.75 5200062,  417.30 4.621 37« 0.73
Xiaetal., )05 | 834755,  157.58 2.07, 85+ 0.53 4710145,  297.25 3.301.02 0.52
0.9 | 91.72045,  244.88 3.321 15x 0.85 60.10;50,  491.61 5.621 13x 0.86
UCoT 0.7 | 8798419,  194.63 2.57) 49 0.65 58.80,5,  388.72 4.37) 45% 0.68
0.5 | 86.5550,  140.36 1.862 06 0.48 5370795,  280.10 3.172.00% 0.49

Llama3.1-8B Series

Original - | 87.26000, 212.13 2.441 g0 - | 42.700.00, 574.28 6.881.00x -
Prompt 0.9 | 8732006+  207.89 2.401 00« 0.98 4260010,  528.34 6.751 02 0.92
Xiaetal 2005 07 |867%ua7, 20588 2.331 05+ 0.97 423004,  534.08 6.920.99 0.93
(Xiaetal,2025) o5 | 87160,  189.32 151155 0.89 4250020,  533.79 6.891.00x 0.93
Truncation 0.9 | 625547, 19391 2.221 10x 0.91 373054,  S511.10 6.721 02 0.89
Xia et al., 2025) 0.7 27~4859.78L 148.49 1.721 42% 0.70 35.007_7% 413.48 4.521 50« 0.72
XKiaetal, 0.5 | 7.327904; 108.19 1.25 05 0.51 124053,  304.37 3.891 77« 0.53
CoD 0.9 | 858214  197.28 2.281 07 0.93 39.60510,  545.57 6.571 05% 0.95
X 1.. 2025 0.7 83-903,36v 154.85 1-841_33>< 0.73 36.70(,‘()(” 413.48 4.961,39>< 0.72
(Xuetal.20258) 5 | 734655, 11031 1270, 052 | 29.80,0, 32160  3.88,7. 0.56
Tokenskip 09 8579]_47v 19716 2~37I_1)3x 094 40.103_(,(& 51112 6.15].|2X 089
Xia et al., 2025) 0.7 | 8257460y  161.21 1.861 31« 0.76 3790450,  413.48 4.95 39 0.72
(Xia etal., 0.5 | 81.80s54 13576 1.56) 56 0.64 36.80s90,  327.34 4.01; 7 0.57
0.9 | 8632004  180.31 2,191 11 0.85 4050550,  499.62 6.071.13x 0.87
UCoT 0.7 | 84.17500;,  140.01 1731 41 % 0.66 3950500,  396.25 4.801 43 0.69
0.5 | 83.62361  101.82 1.261 04 0.48 38.00570,  298.63 3791 82 0.52

Table 1: Performance comparison of the CoT compression task under four compression ratio settings. For the
accuracy and end-to-end latency, we use color W and color B respectively to mark the performance changes after
compression compared with those of the original model. In addition, we mark the optimal performance indicators

under each compression ratio setting with color m.

reasoning performance of reasoning models; end-
to-end latency reflects the reasoning efficiency of
reasoning frameworks; the number of compressed
CoT tokens and the actual compression ratio reflect
the execution effect of the method under different
compression ratio settings.

5.1 Performance Comparison

We report the experiment results in Table 1. We find
that although current methods struggle to maintain
performance with shorter reasoning paths, UCoT
finds a balance between effectiveness and effi-
ciency. Specifically, the Prompt method fails to
faithfully compress the CoT to the specified com-
pression ratio, leading to good performance on
accuracy using a similar length with the original
CoT. The Truncation method exhibits the oppo-
site characteristics. Although it achieves the given
compression rate, the substantial information loss
during direct truncation causes a significant drop

in model performance. CoD and Tokenskip are
stronger competitors, however, they are still infe-
rior in terms of performance and efficiency to our
method. For example, when the compression ratio
is set to 0.5, UCoT reduces the average CoT length
of the model by 50.75%, while the average model
accuracy is improved by 5.63% and 3.23% com-
pared with CoD and Tokenskip, respectively. This
is because CoD and Tokenskip impair the model’s
reasoning by imposing rigid output constraints or
fine-tuning on external short CoT datasets with-
out information enrichment. In contrast, UCoT
provides high-quality contextual soft tokens at the
input stage, naturally guiding executor to reduce
generation by leveraging the reasoning priors. This
demonstrates the superiority of our compressor-
executor framework: the system achieves optimal
efficiency not by limiting the model, but by post-
reasoning paradigm where the compressor provides
the contextual CoT and the executor focuses on the
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GSMSK

MATH-500

Methods Types Acc.(%)1 Tokens] Latency(s)] ActRatio| | Acc.(%)1T Tokens] Latency(s)] ActRatio |
Owen2.5-7B Series

Original - ‘ 92.17(”)(“' 298.63 3.83 1.00x - ‘ 61.600_0()i 571.64 6.35 1.00x -
with all | 87.984 19, 194.63 2.571.49x 0.65 58.8025 388.72 4.371 45 0.68
UCoT w/o ST | 73231394,  220.99 2.97129x 0.74 47.5014.12) 390.84 4.40 44% 0.68
W/0 Lsem | 87.32455 274.74 3.741 02 0.92 59.701.92) 554.49 6.321 00x 0.97
wioR | 71.531573, 206.05 2.861 34 0.69 44901672,  417.30 4.73) 345 0.73

Llama3.1-8B Series

Original - | 87.260.00; 212.13 2.441 00« - | 42.700.00, 574.28 6.881 00 -
with all | 84.173 9 140.01 1.731 .40 0.66 39.503 50, 396.25 4.801 43 0.69
UCoT w/o ST 70.2017‘()@ 150.61 1.89]_39>< 0.71 25.70]7'()0v 407.74 4.871_4| % 0.71
W/0 Lsem | 86.490 77, 199.40 2.371 .03 0.94 40.30 .40, 522.59 6.42 07 0.91
w/o R 67.581()‘(,& 144.25 1.80|_4] X 0.68 22.80]9.9(]V 389.49 4.821_43 1% 0.69

Table 2: Performance comparison of ablation study.
GPQA HumanEval
Methods Types Acc.(%)T Tokens| Latency(s)] ActRatio] | Acc.(%)1 Tokens| Latency(s)] ActRatio ]
Owen3-8B

Original | 60.32000,  8252.18  542.70; g0« - | 51.830.00, 1967.30  142.67; 00 -
Tokenskip 0.9 | 58.72; 60, 7683.74  504.61; o3 0.93 48.753 03, 1845.66 144.830.99 0.93
Xi 1. 2025 0.7 | 577953, 6213.35  408.25) 33 0.75 46.135 79, 1462.13 108.91 31« 0.73
Xiaetal, )05 | 5423400 | 4388.54  294.63) 44 0.53 425295, 102500  78.18; 5 0.52
0.9 ] 59.301 0 7097.48  469.22; 16x 0.86 48.335 50, 1761.89 126.63 13 0.89
UCoT 0.7 | 58.272.05, 5647.24  374.03) 45« 0.68 48.12371 1523.82 112.861 26 % 0.77
0.5 | 56.86346] 4065.58  277.23196x 0.49 46.555 3 1021.93 78.84 31« 0.52

Deepseek-R1-Distill-Qwen-7B

Original ‘ 55'53”-00i 907619 323.631v()()>< - ‘ 49.16(”)% 1765.04 46.831v()()>< -
Tokenskip 0.9 | 53.79174; 8347.48  300.96; 3« 0.92 47.32 g4, 1589.36 45.92) 02 0.90
Xi 12025 0.7 | 52.88,65) 6626.87  242.99 33, 0.73 44.035 13| 1275.88 39.36 19« 0.72
(Xia et al., )05 | 515050,  5247.19 19054, . 0.58 4379537, 900.040  27.88) 45 0.51
0.9 | 54.62001, 7624.00  275.92 17« 0.84 48.940 2 1542.48 43.561 03 0.87
UCoT 0.7 | 5297556, 6361.32  232.54 39« 0.70 45.763 40, 1227.76 37.721 24 0.69
0.5 52.16337, 4635.69 172.13 ggx 0.51 43.9650, 870.68 25.121 86x 0.49

Table 3: Performance comparison of extra long CoT.

result. In Appendices C.1-C.3 and C.5-C.6, we
further analyze the impacts of compressor type,
executor scale and prompt robustness, alongside
investigations into UCoT case studies.

5.2 Ablation Study

To comprehensively investigate the influence of
individual components within UCoT on its final
performance, we conduct ablation experiments for
soft tokens, semantic loss Leem, and reward factor
‘R under the compression ratio of 0.7. We remove
each part separately during the executor training,
specifically: (1) w/o. ST removes soft tokens from
the input to the executor. (2) w/o. Lgem trains
the executor without semantic loss. (3) w/o. R
removes the reward factor R from L.

As shown in Table 2, incorporating soft tokens as
part of the input significantly improved the reason-
ing performance of executor during training. This
indicates that the contextual CoT output by the
compressor can provide effective reasoning guid-

ance for executor. Moreover, compared to the com-
plete version, w/o. Lgem achieve higher reasoning
performance for executor in some settings, but it
cannot effectively complete the compression task
for CoT, which is similar to the research results of
(Xu et al., 2025b). This reveals our speculation in
Section 4.2 about the importance of guiding large
language models to fully utilize soft tokens. Fur-
thermore, the reward factor R further enhances the
accuracy of the executor, which indicates that it
effectively promotes the retention of the original
executor’s reasoning ability.

5.3 Applicability to Extra Long CoT

Current large reasoning models are capable of gen-
erating reasoning paths spanning thousands of to-
kens to tackle complex tasks, which poses chal-
lenges to the effectiveness of CoT compression
methods. To evaluate whether UCoT still performs
well in compressing extra-long CoT, we test it on
Qwen3-8B (Yang et al., 2025) and Deepseek-R1-
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Distill-Qwen-7B (Guo et al., 2025) on two repre-
sentative datasets for cover complex commonsense
reasoning and code generation: GPQA (Rein et al.,
2024) and HumanEval (Chen et al., 2021).

Experimental results in Table 3 show that even
when dealing with complex data and in cases where
R1 models adopt ultra-long CoTs, UCoT can still
significantly improve their inference efficiency. For
instance, when UCoT is applied to the Deepseek-
R1-Distill-Qwen-7B model, the usage of inference
tokens on the HumanEval dataset is reduced by
50.67%, while the performance is improved by
0.17% compared with Tokenskip, the current SOTA
method. Similar improvements are observed in the
Qwen3-8B model: UCoT reduces the model’s in-
ference token usage on the dataset by 48.05% and
improves its performance by 4.03% compared with
SOTA method Tokenskip. This highlights UCoT’s
ability to balance efficiency and performance. Ad-
ditional evaluations on AIME2024 (Finkelstein
et al., 2024) and ASDiv (Miao et al., 2020), cover-
ing mathematical reasoning tasks, are presented in
Appendix C4.

5.4 Effectiveness of Contextual CoT

We look into the reasons for the effectiveness of
soft tokens from the perspective of information
volume with two metrics proposed in Kuratov
et al. (2025), namely Token Gain and Information
Gain. Specifically, Token Gain describes the dif-
ference in th number of tokens that can be correctly
decoded with and without the presence of contin-
uous embeddings. In UCoT, this can be described
as:

_ pM+H M
Ctok:ens - Ctokcens "= Ctokcens’ Y
M. Me+Hp,
where C; . and C;/,© " " represent the number

of tokens that can be correctly decoded by M,
before and after adding soft tokens H,,. Informa-
tion Gain measures the change in Cross-Entropy
of the target text by calculating the output uncer-
tainty eliminated by the language model before and
after the addition of soft tokens H,,. In our work,
Information Gain can be defined as:

Hee = HMe — pMetHn, (12)

where HtetHn and H! represent the Cross-
Entropy value before and after adding H,,.

We control the information in soft tokens by
early stopping compressor training at different
step, then measure both the information volume

Metrics Values Acc Tokens Latency Latency
Ol'igil’llll 92. 17()-0()L 298.63 3.83 1.00x
7235  70.6851 49, 218.00 2.83|35. 0.73
Token
Gain' 123.62  81.45i072, 200.08  2.62;46x 0.67
18245  86.55562, 20039  2.6147x 0.67
. 841.07 67.385579) 212.13  2.83135x 0.71
I“f"Gr:;i‘?"" 1077.82 7595162, 20605 27214  0.69
1863.45 85.555¢2, 197.10  2.65|45x 0.66

Table 4: Token gain and information gain of UCoT.
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Figure 4: Performance comparison between original
CoT and soft tokens of different lengths.

of contextual CoT and UCoT performance. The
results with the Qwen2.5-7b-Instrust model on the
GSMBSK dataset are reported in Table 4. The pos-
itive correlation between the information volume
in soft tokens and the performance of UCoT sug-
gests that our method compresses rich reasoning
information into the embedding space of LLMs,
allowing the model to maintain performance with
a shorter reasoning path.

5.5 Analysis of Length of Contextual CoT

Recent literature on prompt compression suggests
that the information density of compressed soft to-
kens is highly sensitive to their allocated length
(Mu et al., 2023). We explore the association be-
tween the length of soft tokens and the model per-
formance in this section. As shown in Figure 4 the
results indicate that as the length of the soft tokens
gradually increases, the accuracy of the executor on
various test datasets presents a significant upward
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trend. Using Qwen2.5-7B-Instruct as the executor
and inferencing the GSMS8K dataset, the model’s
accuracy improved by 4.75% when the soft tokens
length increased from 16 to 64, gradually approach-
ing that of the original CoT reasoning. This result
fully demonstrates that as the length of the soft to-
kens increases, the compressor can provide more
complete and accurate reasoning information for
the executor.

5.6 Comparison with Other Latent Reasoning
Methods

In this section, we present a comparative analy-
sis of UCoT and existing latent reasoning meth-
ods. Specifically, latent reasoning methods for
large models can be categorized into two types:
one is the continuous token method, which con-
verts CoT into continuous embedding vectors (Hao
et al., 2024); the other is the loop layer method,
which enables inputs to flow repeatedly through the
same layer within the model (Geiping et al., 2025).
We set three compression ratios (0.9, 0.7, and 0.5)

Methods AIME 2024 GPQA  HumanEval  ASDiv
Original 66.67) 004 60.32 004 51.83()}()(“ 93.74 00J
Depth—Recurrent 50.00|(,}7/ 51.329 004 34.36]7jl 87.314 43
Coconut 56.67100, 5542400, 4377506,  88.26545)
LightThinker 6333334,  57.92,40,  46.93.01, 934203,
UCoT-0.9 66.67000,  59.30102,  48.33350,  93.53021,
UCoT-0.7 63.333 34 58.2731)” 48.123,7“ 93.32.42)
UCOT-0.5 56.67100, 56.86346,  46.5550s, 9277097,

Table 5: Comparison with other potential reasoning
methods with Qwen3-8b backbone.

for UCoT, denoted as UCoT-0.9, UCoT-0.7, and
UCoT-0.5 for brevity. We then compare UCoT
with representative works of the three types of la-
tent reasoning methods, namely Depth-Recurrent
(Geiping et al., 2025), Coconut (Hao et al., 2024)
and LightThinker (Zhang et al., 2025).

The results are presented in Table 5. Experimen-
tal findings indicate that under most settings, the
performance of Depth-Recurrent and Coconut is
at most comparable to that of UCoT-0.5. For in-
stance, on the GPQA dataset, the accuracy rates
of UCo0T-0.5, Depth-Recurrent, and Coconut are
56.86%, 51.32%, and 55.42%, respectively. While
LightThinker represents a formidable competitor,
it nonetheless lags behind our method in maintain-
ing performance stability. UCoT-0.9 achieves an
average improvement of 1.56% over LightThinker
across the four datasets.

5.7 Case study for Contextual CoT

In this section, we explore what specific informa-
tion the soft token contains from original CoT. We
decode the contextual CoT in UCoT into text se-
quences with the compressor established in Section
4.1 to inspect the exact information it provides,
and present examples in Figure 5 and Figure 6
in Appendix C.5. Such an analysis allows us to
verify whether the compressor successfully distills
essential reasoning logic into the compressed repre-
sentations. We find the text decoded from the soft
tokens exhibits reasonable logical structure that
closely mirrors the original CoT.

For instance, in the case of Math-500, they both
follow a similar reasoning pattern: fractional quan-
tity derivation — total amount aggregation — re-
mainder calculation, with only specific numbers
and objects varied. These structural cues within the
soft tokens act as a cognitive template, guiding the
executor to maintain logical consistency. This ob-
servation suggests that compressed contextual CoT
in UCoT provides demonstration for how to orga-
nize reasoning, echoing the principles of in-context
learning and recent findings on the importance of
reasoning structure (Li et al., 2025).

6 Conclusion

In this work, we propose post-reasoning, a
paradigm which enables shorter LLM outputs by
providing CoT as context rather than generation.
We investigate the factors that affect the model
behavior in post-reasoning, and find the latency
in contextual CoT generation and the quality of
contextual CoT play critical roles in the efficiency
and performance of post-reasoning. To achieve
optimal efficiency-performance trade-off, we fur-
ther introduce UCoT inspired by the properties of
post-reasoning to enable efficient and informative
contextual CoT generation This method trains a
lightweight language model as the compressor to
produce compact contextual CoT in the form of
soft tokens, preserving essential reasoning struc-
ture within a limited length. The resulting contex-
tual CoT is then utilized by a large executor model
to generate accurate response with reduced output
length. Experiments demonstrate that our method
outperforms existing comparative CoT compres-
sion methods across a range of compression ratios,
and further analysis of the contextual CoT sheds
light on the underlying mechanism by which UCoT
preserves reasoning capability.
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Limitations

Despite the promising results achieved by UCoT
in the context of CoT compression, there are three
primary limitations to this study. First, our method
has only been evaluated on a limited set of open-
source inference models, and its applicability to
closed-source models remains unexplored. Sec-
ond, the method applies a uniform compression
ratio across all inputs and lacks the capability to
adaptively adjust compression strategies based on
the complexity or difficulty of individual reason-
ing problems. Third, due to computational re-
source constraints, we have not evaluated UCoT on
larger-scale LLMs (e.g.,Qwen2.5-32B series and
Qwen2.5-72B series). While our results are promis-
ing, evaluating UCoT on larger-scale models re-
mains an important next step. This would offer
a more comprehensive validation of our method’s
scalabiliy in real-world scenarios.

Ethics Statement

UCoT aims to help improve the reasoning effi-
ciency of existing LLMs. Our goal is to develop
a general reasoning method that can be applied to
current mainstream LL.Ms and to inspire progress
towards more efficient LLM reasoning frameworks.
We explicitly do not encourage any malicious use
of our work, especially attempts to circumvent
or compromise LL.M systems. The artifacts and
datasets in our work are all under the restriction of
the license and follow the intended use.
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Appendix

This paper’s appendices have three parts: Ap-
pendix A (experimental details), Appendix B (CoT
compression definitions), and Appendix C (perfor-
mance expansion analysis).

A Experiment Setting Details

A.1 Datasets

Table 6 provides an overview of the datasets used
in this work, including their domain categories and
the sizes of their training and test splits. These
datasets span three major task types: mathemati-
cal reasoning (GSM8K, MATH, AIME, ASDiv),
scientific question answering (GPQA), and code
generation (HumanEval). Following standard eval-
uation protocols from prior work (Xia et al., 2025),
we adopt task-specific settings for each dataset. For
the MATH dataset in particular, we report results
on the MATH-500 subset to reduce computational
overhead, as it has been shown to serve as a reliable
proxy for the full test set (Xia et al., 2025).

Datasets  Train Test Domain
GSM8K 7473 1319 Math Reasoning
Math 7500 500 Math Reasoning
AIME 2024 - 30  Math Reasoning
ASDiv - 2305 Math Reasoning
GPQA - 448 Scientific QA
HumanEval - 164  Code Generation

Table 6: Datasets in the main experiments.

A.2 Baselines

We conduct extensive experiments comparing four
major competitors, including representative CoT
compression methods based on discrete prompts
and compressed datasets.

Prompt (Xia et al., 2025): In this method, we
use prompts to guide the LLM to reduce a fixed
percentage of the output token in the CoT process.
For example, append a piece of text to the sample,
"Please reduce your thought process by 50 per-
cent." as input to the sample. Compared with CoT
compression methods based on discrete prompts
that require a large number of discrete prompts to
be designed or use small-shot learning, this method
only needs a single text instruction and does not
need to rely on example demonstration.

Truncation (Xia et al., 2025): In this method, the
CoT generated by the LLLM is forcibly truncated
according to the preset compression ratio to limit
the generation delay of the LLM.

CoD (Xu et al., 2025a): This method drafts the
concise intermediate reasoning of CoT through ex-
tensive manual design, capturing only the essential
information, and guides the LLM to produce a suc-
cinct reasoning process through few-shot learning.
Tokenskip (Xia et al., 2025): In this method, the
LLMLingua-2 (Pan et al., 2024) method with vari-
able compression ratio is used to construct a short
CoT dataset and perform supervised fine-tuning of
LLM to realize the compression of CoT by LLM
with different amplitudes.

A.3 Implementation Details

We provide experimental details for all baseline
methods in the main experiment here. For the
Prompt (Xia et al., 2025) and CoD (Xu et al.,
2025a) methods, we show detailed prompts of these
methods at different compression ratios in Table
7. In addition, for the few-shot part of the CoD
prompt, we used the original design and do not
change it. For Truncation (Xia et al., 2025), we
forcibly truncate the full CoT generated by the
LLM to the corresponding compression ratio, and
then tested the performance of the LLM. For To-
kenskip (Xia et al., 2025), we employed its pro-
vided short CoT dataset to fine-tune the LLM using
LoRA (Hu et al., 2022), an efficient and widely
validated method for LLLM adaptation. The LoRA
configuration used a rank » = 8 and scaling pa-
rameter « = 16. Training was conducted for
3 epochs with a minibatch size of 4, using the
AdamW (Loshchilov and Hutter, 2017) optimizer
and a learning rate of 5 x 107°. All experimental
results are the average results of 5 different random
seeds on a single NVIDIA A100 GPU.

A.4 Training Details

In this subsection, we provide additional details for
our method. To construct the training corpus for
both the compressor and executor, we use Llama-
3.1-8B-Instruct and Qwen2.5-7B-Instruct to di-
rectly generate the original CoTs by performing rea-
soning on the corresponding training datasets, with-
out the need for an additional short CoT dataset.
After preparing the training data, we train our
compressor and executor modules in two separate
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Prompt (Xia et al., 2025) Ratio:0.9

system-prompt: You are a helpful assistant. Think step by step, reduce your thought process by 10
percent.

Prompt (Xia et al., 2025) Ratio:0.7

system-prompt: You are a helpful assistant. Think step by step, reduce your thought process by 30
percent.

Prompt (Xia et al., 2025) Ratio:0.5

system-prompt: You are a helpful assistant. Think step by step, reduce your thought process by 50

percent.

CoD (Xu et al., 2025a) Ratio:0.9

system-prompt: You are a helpful assistant. Think step by step, but only keep a minor draft for

each thinking step, with 60 words at most.
separator.
<demostration>.

Return the answer at the end of the response after a
Put only the final answer inside \boxed{...}. format: Q:question A: answer few-shot:

CoD (Xu et al., 2025a) Ratio:0.7

system-prompt: You are a helpful assistant. Think step by step, but only keep a minor draft for
each thinking step, with 30 words at most. Return the answer at the end of the response after a

separator.
<demostration>.

Put only the final answer inside \boxed{...}. format: Q:question A: answer few-shot:

CoD (Xu et al., 2025a) Ratio:0.5

system-prompt: You are a helpful assistant. Think step by step, but only keep a minor draft for

each thinking step, with 5 words at most.
separator.
<demostration>.

Return the answer at the end of the response after a
Put only the final answer inside \boxed{...}. format: Q:question A: answer few-shot:

Table 7: Prompt details of the main experiment in §5.1.

stages. In the Contextual CoT Generation stage,
we use standard LoRA (Hu et al., 2022) to train
a compressor with the Qwen2.5-1.5B as the back-
bone, setting the rank r to 8 and the scaling param-
eter o to 16. We adopt the AdamW to optimize
both the compressor in 3 epochs of training, with
a learning rate of 8 x 10~° and a minibatch size
of 16. In the Contextual CoT Utilization stage, the
projector consists of two fully connected layers,
wll) e RIHcIX[Hmiddaell gnd wg c Rleiddel|><|He|’
where |H,| and |H,| are the dimensions of the hid-
den layer of the compressor and executor respec-
tively, and the size of the middle layer |H,,;qdei]
is uniformly set to 2048 in our experiment. We
also use standard LoRA (Hu et al., 2022) to add
learnable parameters to the executor, with the rank
r set to 16 and the scaling parameter « set to 32.
We adopt AdamW to optimize both the executor
and the projector in 3 epochs of training, with a
learning rate of 3 x 10~° and a minibatch size of 2.
During the inference phase, the max length of to-
kens is set to 512 for GSMS8K and 1024 for MATH,
and to preserve the diversity of the executor output,
we set the Temperature to 0.2 and Top - p to 0.9.
Regarding the experimental setup, all experimental
results are the average results of 5 different random
seeds, and the experiments are conducted on a sin-
gle NVIDIA A100 GPU. Moreover, in Table 8, we

show the prompts z. and z. used by the compressor
and executor respectively.

Compressor System Prompt .

prompt: You are a helpful assistant.
Analyze the question step-by-step, and
and output the complete analysis
process after the question.

Executor System Prompt 2,

prompt: You are a helpful assistant.
Analyze the question step-by-step, and
ensure your solution is highlighted
within \boxed{...}.

Table 8: Prompt details of the UCoT.

A.5 Training and Evaluation Protocol

Since AIME, ASDiv, GPQA, and HumanEval do
not have officially compiled standardized train-
ing datasets, their core function is positioned
as model evaluation tools, we train the model
solely on GSM8K and directly evaluate it on these
four benchmarks without any domain-specific fine-
tuning. This protocol naturally reflects a zero-shot
generalization scenario and allows us to assess the
method’s effectiveness across diverse tasks and do-
mains. During inference, generation parameters are
adjusted based on task complexity. We set the max-
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imum output length to 512 for ASDiv and 20,480
for AIME, GPQA, and HumanEval. A temperature
of 0.8 and top-p of 0.9 is used across all tasks, and
all test results are based on pass@ 1, meaning that
each sample is tested only once, and if the sample
passes the test, the problem is considered solve.

A.6 Optimization Process

In the UCoT architecture, we meticulously design
two crucial training stages: Contextual CoT Gen-
eration and Contextual CoT Utilization, as com-
prehensively illustrated in Algorithms 1 and 2, re-
spectively. In addition, Algorithm 3 illustrates the
reasoning process of UCoT.

Algorithm 1 Contextual CoT Generation

1: Input: compressor M, with learnable

parameters 6., training dataset D =
{(Qn, Cn, Ay) 715:—01’ learning rate 7, system
prompt z., a sequence of placeholders sgpe.
2: Initialize learnable parameters 6. with random
values
while not converged do
for each sample (Q,,, C),, A,) in D do
Construct input sequence by Eq. (4)
Get the soft tokens by Eq. (5)
Compute loss L. by Eq. (6)

Compute gradients V., = %f

R A R AN AN

Update parameters 0, < 0. — nV0,
10 end for

11: end while

12: Output: compressor M with the trained pa-
rameters 6,

Algorithm 3 Efficient Post-Reasoning

1: Input: trained projector M, compressor M.
with the trained parameters 6., executor M,
with the trained parameters 6., testing dataset
D = {(Qn)}\), system prompt z. and z,
placeholders sgpec

2: for each question ¢, in D do

3: Construct input sequence (z. ® ¢n P Sspec)

4: Get the soft tokens by Eq. (5)

5: Get the output by Eq. (10)

6: end for

7: Output: the answer for every question

Algorithm 2 Contextual CoT Utilization
1: Input: projector M,, compressor M, with
the trained parameters 6., executor M, with
learnable parameters 6., training dataset D =
{(Qn, Cn, Ap) iV:_Ol, learning rate 7, system
prompt z. and z., a sequence of placeholders

Sspec

2: Initialize learnable parameters ¢, and M, with
random values

3: while not converged do

4 for each sample (¢, ¢,, a,) in D do

5: Construct input sequence by Eq. (4)

6: Get the soft tokens by Eq. (5)

7 Get the output C,, by Eq. (7)

8 Compute loss Lsem by Eq. (8)

9 Compute reward factor R by Eq. (9)

10: Compute loss L, = Lgem - R.

11: Compute gradients VO, = %—5: and
. _ 0L

12: VM, = 536

13: Update parameters 6, < 6, — nVé,

14: My — My —nVM,

15: end for

16: end while
17: Output: executor M, with the trained param-
eters 0. and M,

B Problem Formulation

This section briefly introduces definitions of Chain-
of-Thought Compression.
Chain-of-Thought Compression. The chain-of-
thought compression addresses the challenge posed
by long reasoning paths in chain-of-thought reason-
ing by reducing the length of the reasoning path
R while maintaining or even enhancing the rea-
soning performance. Specifically, given a ques-
tion @ = {q1, g2, ---, q)|} and compression ratio
a € (0, 1), chain-of-thought compression uses ad-
ditional training parameters or prompt 6 to guide
model LLM(-) in generating a shorter reasoning
path C = {51, Co,y ..., E|C«|}Z

¢it1 = LLM(C<;; Q5 0), (13)
while maintaining performance comparable to that
of the original reasoning path C"

LLM(Q: C:6) ~ LLM(Q; C),

clic] = . (1

Therefore, for a given dataset D = {Q,,, A, }2_;,
consisting of N question-answer pairs, the opti-
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mization objective of CoT compression with com-
pression ratio « can be expressed as:

0* = arg mein Ep [D(LLM(Q; C; ), LLM(Q; C))]

s.t.|C|/|C| = o
15)
where D(.) indicates the performance difference
function of LLM before and after cot compres-
sion. In a nutshell, Eq.15 searches for parameters
or prompt that minimize the difference in LLM
inference performance at compression ratio a.

C Additional Evaluation and Discussion
on UCoT Performance

C.1 Analysis of Compressor Type

We thoroughly explore the feasibility of applying
different types of language models as compressors
to the UCoT architecture. As shown in Table 9,
we present the experimental results of using the
Llama-3.2-1B-Instrust model as a compressor to
perform the CoT compression task. The experi-
mental result shows that under this setting, UCoT
can still effectively reduce the length of the CoT
output by the executor while maintaining the in-
ference accuracy of the executor. When compared
with the results of our main experiment (Table 1),
UCoT still demonstrates significant competitive
advantages over other comparative methods. The
above results fully verify the adaptability of the
compressor component in the UCoT architecture to
different types of language models, indicating that
this design has good generality and extensibility.

C.2 Analysis of Executor Scale

In the experiment of this section, we systematically
explored the performance of the UCoT method
when applied to executors of different scales. As
shown in Table 10, we select Qwen2.5 models with
four different parameter magnitudes of 1.5B, 3B,
7B, and 14B as executors and evaluated their perfor-
mance on the GSM8K dataset. The experimental re-
sults indicate that the UCoT method can efficiently
complete the compression of CoT for executors of
different scales. Specifically, as the scale of the
executor increases, the executor can better main-
tain its performance under the same compression
ratio condition. Taking the Qwen2.5-14B model as
an example, when the UCoT method reduces the
token output by 48%, the accuracy of the model
only decreases by 1.79%. This phenomenon fully
demonstrates that a larger-scale Large Language

Model (LLM) can more effectively extract and uti-
lize the key reasoning information in soft tokens,
thus still maintaining a high performance level after
compression.

C.3 Analysis of Prompt Robustness

Currently, the research on the robustness of the CoT
compression method is still limited. In this part,
we carry out two common perturbation attacks,
Paragraphing (Wang et al., 2024) and Character-
Substituted (Wang et al., 2024), on the input
prompts of Tokenskip and UCoT, aiming to ob-
serve whether they can still effectively perform the
CoT compression task *. As shown in Table 11
and Table 12, we conducted the experiment un-
der the experimental setting with a compression
ratio of 0.7. The experimental results indicate that
when facing Paragraphing (Wang et al., 2024) and
Character-Substituted (Wang et al., 2024) attacks,
both UCoT and Tokenskip can complete the CoT
compression task, but UCoT demonstrates better
robustness. This indicates that UCoT method, lever-
aging continuous embeddings, can more effectively
mitigate the impact of perturbation attacks, which
enhances its viability for real-world deployment.

C.4 Performance comparison on AIME2024
and ASDiv Datasets

This section provides additional evaluations of two
difficulty levels for mathematical reasoning tasks:
AIME 2024 (Finkelstein et al., 2024) and ASDiv
(Miao et al., 2020). Results in Table 13 show UCoT
exhibits excellent CoT compression performance,
whether on the complex AIME 2024 or simpler
ASDiv. For example, when UCoT is applied to the
deepseek-r1-distill-qwen-7b model, the usage of
inference tokens on the ASDiv dataset is reduced
by 45%, while the performance is improved by
2.25% over the SOTA method Tokenskip.

C.5 The Case Studies for Contextual CoT

We present a case study of soft tokens with
Qwen2.5-7B-Instruct as executors on the GSM8K
and Math in Figure 5 and Figure 6.

Paragraphing method uses the Pegasus encoder (Zhang
et al,, 2019) to restructure input prompts. Character-
Substituted method replaces part of the characters in the
prompt according to predetermined rules. For simplicity, the
initial settings of the two methods, as well as the perturbation
attacks Paragraphing and Character-Substituted, are referred
to and presented by I, P, and C in the relevant tables.
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GSMSK MATH-500
Methods Ratio Acc.(%)1 Tokens| Latency(s)] ActRatio| | Acc.(%)1T Tokens| Latency (s)| ActRatio ]
Owen2.5-7B Series

Original ‘ 92 170.()01 29863 3.83 1.00x - ‘ 61 .600.0(”, 571.64 6.35 1.00x -
0.9 | 90.58 59, 271.75 3.521.09x 0.91 59.80 80 48591 5.53115x 0.85
UCoT 0.7 | 87.62455, 206.05 27141« 0.69 58.403 50, 394.44 441 445 0.69
0.5 86.55562 155.29 2.04 g5« 0.52 53.205 40 285.82 3.182.00x 0.50
Llama3.1-8B Series
Original - ‘ 87'26('~00J« 212.13 2.441_()()>< - ‘ 42'7000'”« 574.28 6.881_()()><
0.9 | 86.32094 186.65 221 10x 0.88 40.305 40, 493.86 6.06] 14 0.86
UCoT 0.7 | 83.97319, 154.58 1.82 34 0.73 39.203 50, 384.77 4.731 45% 0.67
0.5 83.164.10, 114.52 1421 75« 0.54 37.305 .40, 287.16 3.74 g4 0.50
Table 9: Performance comparison of compressor type.
GSMSK
Methods Ratio Acc.(%)1 Tokens| Latency(s)] ActRatio| | Acc.(%)1T Tokens| Latency (s)| ActRatio ]
Owen2.5-1.5B Series \ Owen2.5-3B Series
Original ‘ 70.960.1)% 317.14 3.671_()()>< - ‘ 83.620,0% 316.83 3.71 1.00x -
0.9 | 68.775 19, 291.77 341 08 0.92 83.450.17, 275.64 3.40; 09 0.87
UCoT 0.7 | 64.15¢31, 228.34 2.751 33« 0.72 81.525 10 224.95 2.821 30« 0.71
0.5 | 61.58933) 155.40 1.832.01x 0.49 80.675.95, 164.75 2.071 79 0.52
Owen2.5-7B Series \ Owen2.5-14B Series
Original - ‘ 92. 170~00L 298.63 4.28 1.00x - ‘ 93.120,0(” 314.37 4.57 1.00x
0.9 | 91.72¢.45, 244.88 3721 15x 0.85 92.860.26 279.79 3.631 26 0.89
UCoT 0.7 | 87.98419, 194.63 2.831 51 0.65 91.721 49, 213.77 2.791 64 0.68
0.5 87.55462 140.36 2.25190x 0.48 91.331 79, 169.76 2.361 94 0.54

Table 10: Performance comparison of executor size.

GSMSK MATH-500
Methods Types Acc.(%)T Tokens | Latency(s)] ActRatio] | Acc.(%)T Tokens| Latency(s)] ActRatio ]
Owen2.5-7B Series

Original - ‘ 92 1 70-0(”, 29863 383 1.00x - ‘ 6] ‘60()1)[% 57] 64 635 1.00x -
Tokenskip I 85694 22397 289 4. 075 | 56.60500, 41729 472155, 0.73
ia et al. 2025 P | 789315, 21501 2.79) 37« 0.72 5270500,  402.76 4.531 40 0.70
(Xiaetal.2025) ¢ | 80111505  218.00  2.82) 3. 073 | 51305030, 39443 450, 0.69
1 87.984_19i 194.11 2.65]_45X 0.65 58.802Ax(]¢ 388.71 4.461_42>< 0.68
UCoT P 84.62755, 200.08 2.691 40 0.67 56.305 30, 405.86 4.531 40 0.71
C 85.39(,_731 203.17 2.71 1.41x 0.68 56'704~9(‘i 402.88 4.551_4()>< 0.70

Table 11: Performance comparison of prompt robustness in Qwen2.5-7B series.

GSMSK MATH-500
Methods Types Acc.(%)T Tokens | Latency(s)] ActRatio] | Acc.(%)T Tokens| Latency(s)] ActRatio ]
Llama3.1-8B Series

Original - ‘ 87.26()_()()L 212]3 2-44].(l()x - ‘ 42‘70()1)[% 57428 6.88],()(J>< -
Tokenski 1 | 825760, 16121 1863/, 076 [ 37905, 41348 495 5. 0.72
Xi . erllb 21825 P | 78320, 15062 179136 0.71 3470500, 43102 5235, 0.75
(Xiaetal., )| 79.687 55, 157.11 1.84) 33 0.74 36.70600,  442.26 532120 0.77
1 84.17}_()(“ 140.01 1.721_41X 0.66 39.5032(u 396.25 4.801_43>< 0.69
UCoT P 82.55,71, 144.25 1.741 40 0.68 37.804.90, 402.00 4.97 38 0.70
C 81.9759, 146.37 1.741 40 0.69 39.103.60, 413.49 5.19133x 0.72

Table 12: Performance comparison of prompt robustness in Llama3.1-8B series.
C.6 Case Studies for UCoT dataset. The experimental results are shown in

Figures 7 to 10 where UCoT preserves the logical
In this section, we present a case study of  semantics in the original CoT prompts while signif-
UCoT with Qwen2.5-7B-Instruct and Llama-3.1-  jcantly reducing the output length of the executor.
8B-Instruct as executors on the GSM8K and Math
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AIME 2024 ASDiv
Methods Types Acc.(%)7T Tokens| Latency(s)] ActRatio ] \ Acc. (%) 1 Tokens| Latency(s)] ActRatio |

Owen3-8B

Original - ‘ 66.67()_()(”( 63571 3 41 807 1.00x - ‘ 93.74()1)[% 47549 4.72] 00x -
Tokenski 0.9 | 66.67000;  5912.13  393.51; g6 0.93 92.55) 19, 446.96 4.44 o6« 0.94
Xi 1‘ 2825 0.7 | 60.00567,  4765.88  320.55; 30 0.75 93.480.26, 361.37 3.591 31« 0.76
(Kiaetal, 2025) o5 | 56670, 449999  307.49; . 070 | 91.57,,7,  294.83 2.93161x 0.62
0.9 | 66.67900,  5662.74  382.23; 9y 0.89 93.530.21 413.67 412 15% 0.87
UCoT 0.7 | 6333334 451379 298.97; 40 0.71 93.32)42 304.31 3.03 56x 0.64
05 | 5667100,  4132.18  281.55) 45 0.65 9277097, 25776 2.57 8% 0.54

Deepseek-R1-Distill-Qwen-7B

Original - ‘ 53.33()_()(& 128616 417.461,(;(” - ‘ 95.47().()[“ 46894 5.481‘1)(;>< -
Tokenski 0.9 | 46.67666, 1208.24 40241, 04 0.94 95.180.29 431.55 5.071 08 0.92
Xic '1‘ 2825 0.7 | 4333100, 977488  320.44 30, 0.76 94.760.71, 337.63 3.95) 39 0.72
(Xiaetal,2025) o5 43330, 926035  286.88; 4. 0.72 94.33,54, 30132 3.52 56x 0.64
0.9 | 50.003 33 1093.34  342.96) 2« 0.85 95.430.04; 384.61 4.52121% 0.82
UCoT 0.7 | 46.67¢66,  8875.30  307.05136x 0.69 96.01¢.541 300.12 3.52 56x 0.64
0.5 43.3310.0, 8231.43 274.181 50% 0.64 96.581 111 257.93 3.01182% 0.55

Table 13: Performance comparison of Qwen3-8B model and Deepseek-R1-Distill-Qwen-7B model on both AIME
2024 and AsDiv tasks.

Original CoT:

/{0 determine the total number of beetles consumed per day within tm

ecosystem's food chain, we can follow these systematic steps:Calculate the total
number of snakes eaten by the jaguars: There are 6 jaguars, and each jaguar
consumes 5 snakes per day. Therefore, the total number of snakes consumed is
calculated by: $5 \times 6 = 30$ snakes.Determine the total number of birds
consumed based on the snake count: The problem establishes a dietary ratio of 3
birds for every 1 snake consumed. Given the total of 30 snakes, the number of
birds consumed is: $30 \times 3 = 908 birds.Calculate the final total of beetles
consumed per day: For each bird identified in the previous step, there are 12
beetles consumed. The final quantity is determined by multiplying the bird count
by the beetle-per-unit rate: $90 \times 12 = 10803 beetles.Thus, the total number of

\Qetles eaten per day in the forest is $\boxed{1080}$. /

Decoded Soft Tokens:

Start by figuring out how many books each shelf holds: 12 books/row * S rows =
<<12*5=60>>60 books per shelfNext, calculate the total books in the section: 60
books/shelf * 7 shelves = <<60*7=420>>420 books totalFinally, determine how many
magazines there are, given they're a third of the book count: 420 books / 3 =
<<420/3=140>>140 magazines

Figure 5: A case study on GSMS8K dataset. Output using Qwen2.5-7B-Instruct as the executor and Qwen2.5-1.5B
as the compressor. The structural information about reasoning that appear simultaneously in both the original CoT
and the decoded soft tokens are highlighted in red
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Original CoT:

/{o determine the final number of fairies remaining in the forest after the sequen%
of events described, we can follow these systematic steps:Calculate the number of
fairies seen by Katelyn's friend:Katelyn initially saw 50 fairies. Her friend saw
half as many fairies as Katelyn did. Therefore, the number of fairies seen by the
friend is calculated by: $1/2 \times 50 = 25$ fairies.Determine the total number of
fairies currently in the forest:The total population is the sum of the fairies Katelyn
saw and those her friend spotted. The current total number of fairies flying above
the forest is: $50 + 25 = 758 fairies.Calculate the final count after some fairies flew
away:The problem states that thirty fairies subsequently left the area. The
number of remaining fairies is determined by subtracting those who left from the
previous total: $75 - 30 = 458 fairies.Thus, the total number of fairies that
emained in the forest is $\boxed{45}$. J

Decoded Soft Tokens:

Liam's brother found 1/100 = <<1/100=10>>10, a third as many fireflies as Liam
first spotted \n The total number of fireflies glowing in the garden now is 30 + 10 =
<<30+10=40>>40 \n If fifteen fireflies then dimmed their lights and left, there were
40 - 15 = <<40-15=25>>25 fireflies that stayed.

Figure 6: A case study on Math dataset. Output using Qwen2.5-7B-Instruct as the executor and Qwen2.5-1.5B as
the compressor. The structural information about reasoning that appear simultaneously in both the original CoT and
the decoded soft tokens are highlighted in red

Question

( Kalinda is working on a 360 piece puzzle with her mom. Kalinda can normally add 4 pieces per minute. )
Her mom can typically place half as many pieces per minute as Kalinda. How many hours will it take
them to complete this puzzle?

CoT (336)

To determine how long it will take Kalinda and her mom to complete the 360-piece puzzle, we need to
follow these steps: 1. **Calculate Kalinda's rate of placing pieces:**Kalinda can place 4 pieces per minute.
2. **Calculate her mom's rate of placing pieces:** Her mom can place half as many pieces per minute as
Kalinda. Therefore, her mom's rate is:\[\frac{4}{2} = 2 \text{ pieces per minute}\] 3. **Determine their
combined rate:** To find their combined rate, we add Kalinda's rate and her mom's rate: \[4 +2 =6
\text{ pieces per minute}\] 4. **Calculate the total time required to complete the puzzle:**The puzzle has
360 pieces. At a combined rate of 6 pieces per minute, the time \( t \) required to complete the puzzle is
given by: \[t = \frac{360 \text{ pieces}}{6 \text{ pieces per minute}} = 60 \text{ minutes}\] 5. **Convert the
time from minutes to hours:**Since there are 60 minutes in an hour, the time in hours is:\[\frac{60
\text{ minutes}} {60 \text{ minutes per hour}} = 1 \text{ hour}\|] Thus, it will take them \(\boxed{1}\) hour to
complete the puzzle.

UCoT (218)

determine hours for Kalinda and mom to complete 360-piece puzzle follow steps: 1. **Calculate rate
Kalinda adds pieces Kalinda adds 4 pieces per minute. 2. **Calculate rate mom adds pieces mom places
half as many pieces per minute as Kalinda.{Rate of mom} = {4}{2} =2 pieces per minute} 3. **Determine
combined rate adding pieces Add rates Kalinda and mom{Combined rate} ={4 + 2 = 6 pieces per minute}
4. **Calculate total time required complete puzzle find time divide total number pieces by combined
rate.{Total time (in minutes)} = {360 pieces}}{6 pieces per minute}} = 60 minutes} 5. **Convert total time
from minutes to hours 60 minutes in hour.{Total time (in hours)} = {60 minutes}}{60 minutes per hour}} =
1 hour} time for Kalinda and mom to complete puzzle is \(\boxed{1}\) hour. The final answer is:
$\boxed{1}$

Figure 7: A case study on GSM8K dataset. Output using Qwen2.5-7B-Instruct as the executor with the CoT
compression ratio of 0.7. We highlight the number of CoT tokens in red within parentheses.
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Question
(" Elliott is trying to walk 10,000 steps a day. He finished half of his steps on his walks to and from school R
and did another 1,000 steps going for a short walk with his friend. He also went for a short jog around
the block and realized that after he had finished his jog, he only had 2,000 steps left to take. How many
\_ steps did Elliott take during his jog? )
CoT (322)

Let's break down the problem step by step. 1. **Total Steps Goal**: Elliott aims to walk 10,000 steps a day.
2. **Steps Completed Before Jogging**: - He completed half of his steps on his walks to and from school. -

This means he walked \( \frac{10,000}{2} = 5,000 \) steps to and from school. - Additionally, he took
another 1,000 steps going for a short walk with his friend. - Therefore, the total steps taken before jogging
is \( 5,000 + 1,000 = 6,000 \) steps. 3. **Steps Left After Jogging**: - After his jog, he had 2,000 steps left to
reach his goal of 10,000 steps. - This means he had already taken \( 10,000 - 2,000 = 8,000 \) steps in total. 4.
**Steps Taken During Jogging**: - The number of steps taken during his jog can be found by subtracting
the steps taken before jogging from the total steps taken. - Thus, the steps taken during the jog is \( 8,000 -
6,000 = 2,000 ) steps. Therefore, the number of steps Elliott took during his jog is \(\boxed{2000}\).

UCoT (201)

determine steps Elliott took during jog follow information step by step. 1. **Total Steps Goal Elliott's goal
10,000 steps a day. 2. **Steps Completed Half Steps walked to and from school \( \frac{10,000}{2} = 5,000 \)
steps. Additional 1,000 steps short walk with friend. Total steps completed before jog 5,000 + 1,000 = 6,000
\text steps} 3. **Remaining Steps After Jog After jog Elliott has 2,000 steps left to take. 4. **Steps Taken
During Jog Subtract remaining steps from total steps goal find steps taken during jog: 10,000 - 2,000 =
8,000 \text{ steps} number of steps Elliott took during jog is \(\boxed{8000}\). The final answer is:
$\boxed{8000}$ The final answer is: $\boxed{8000}$ The final answer is: $\boxed{8000}$

Figure 8: A case study on GSM8K dataset. Output using Llama-3.1-8B-Instruct as the executor with the CoT
compression ratio of 0.7. We highlight the number of CoT tokens in red within parentheses.

Question
e N
I have a bag with yellow and blue marbles in it. At the moment, the ratio of blue marbles to yellow
marbles is 4:3. If I add 5 blue marbles and remove 3 yellow marbles, the ratio will be 7:3. How many blue

marbles were in the bag before I added more?
& J

CoT (448)

Let's denote the number of blue marbles initially as \( B\) and the number of yellow marbles initially as
\(Y ). Given that the initial ratio of blue to yellow marbles is 4:3, we can write: \[ \frac{B}{Y} = \frac{4}{3}
\] This implies: \[ 3B = 4Y \quad \text{(1)} \] Next, we are told that if we add S blue marbles and remove 3
yellow marbles, the new ratio becomes 7:3. So, the new number of blue marbles is \( B + 5\) and the new
number of yellow marbles is \(Y - 3\). The new ratio can be written as: \[ \frac{B + 5}{Y - 3} = \frac{7}{3}
\] This implies: \[ 3(B + 5) = 7(Y - 3) \] Expanding and simplifying this equation, we get: \[ 3B + 15=7Y -
21\] \[ 3B + 36 = 7Y \quad \text{(2)} \]| Now we have two equations: 1. \(3B=4Y)) 2. \(3B +36 =7Y\) We
can substitute \( 3B \) from equation (1) into equation (2): \[ 4Y + 36 = 7Y \] Subtracting \( 4Y \) from both
sides, we get: \[ 36 = 3Y \] Dividing both sides by 3, we find: \[ Y = 12 \] Now, substituting \( Y =12 ) back
into equation (1): \[ 3B = 4 \times 12 \] \[ 3B = 48 \] Dividing both sides by 3, we find: \[ B =16 \] Therefore,
the number of blue marbles initially in the bag is \(\boxed{16}\).

UCoT (287)

solve problem set equations based on given information define \( b \) number blue marbles \( y \) number
yellow marbles initial ratio blue to yellow marbles 4:3 write equation{b}{y} = \frac{4}{3} relationship
expressed as 3b = 4y after adding 5 blue marbles removing 3 yellow marbles new number blue marbles (b
+ 5) new number yellow marbles (y - 3). new ratio blue to yellow marbles 7:3 write equation{b + 5}{y - 3}
=\frac{7}{3} relationship expressed as 3(b + 5) = 7(y - 3) simplify equation 3b + 15=7y -21 3b+36="7Ty
solve system equations 3b = 4y 3b + 36 = 7y substitute \( 3b = 4y \) into second equation 4y + 36 =7y 36 =
3y y =12 substitute \( y = 12 \) back into first equation 3b =4(12) 3b =48 b = 16 number blue marbles
bag before adding more {16}\).The final answer is: $\boxed{16}$

Figure 9: A case study on Math dataset. Output using Qwen2.5-7B-Instruct as the executor with the CoT compression
ratio of 0.7. We highlight the number of CoT tokens in red within parentheses.
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Question
(" Yann and Camille go to a restaurant. If there are 10 items on the menu, and each orders one dish, how )
many different combinations of meals can Yann and Camille order if they refuse to order the same dish?
(It does matter who orders what---Yann ordering chicken and Camille ordering fish is different from
_ Yann ordering fish and Camille ordering chicken.) J

CoT (222)

To determine the number of different combinations of meals that Yann and Camille can order, given that
they do not order the same dish, we can follow these steps: 1. **Identify the total number of choices for
Yann:**- There are 10 items on the menu.- Therefore, Yann has 10 possible choices. 2. **Determine the
number of choices for Camille after Yann's choice:**- Since Camille cannot order the same dish as Yann,
Camille has 9 remaining choices. 3. **Calculate the total number of combinations:** - For each of Yann's
10 choices, Camille has 9 possible choices. - Therefore, the total number of combinations is calculated by
multiplying the number of choices for Yann by the number of choices for Camille:\[ 10 \times 9 = 90\] Thus,
the total number of different combinations of meals that Yann and Camille can order is \(\boxed{90}\).

UCoT (146)

determine number different combinations meals Yann Camille order follow steps: 1. **Identify choices for
Yann Yann has 10 options choose any dish from 10 items on menu. 2. **Determine choices for Camille
after Yann chosen dish Camille cannot order same dish as Yann left with remaining 9 dishes. 3.
**Calculate total number combinations multiply number choices Yann by number choices for Camille:
\text{Total combinations} = 10 \times 9 \] multiplication gives: \[ 10 \times 9 = 90 \] total number different
combinations meals Yann Camille order is \(\boxed{90}\). The final answer is: $\boxed{90}$ The final
answer is: $\boxed{90}$

Figure 10: A case study on Math dataset. Output using Llama-3.1-8B-Instruct as the executor with the CoT
compression ratio of 0.7. We highlight the number of CoT tokens in red within parentheses.
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