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Abstract

While reasoning-augmented large language
models (RLLMs) significantly enhance com-
plex task performance through extended reason-
ing chains, they inevitably introduce substantial
unnecessary token consumption—particularly
for simpler problems where Short Chain-of-
Thought (Short CoT) suffices. This “overthink-
ing” phenomenon leads to inefficient resource
usage without proportional accuracy gains. To
address this issue, we propose Self-Route, a
dynamic reasoning framework that automati-
cally selects between general and reasoning
modes based on model capability estimation.
Our approach introduces a lightweight pre-
inference stage to extract capability-aware em-
beddings from hidden layer representations, en-
abling real-time evaluation of the model’s abil-
ity to solve problems. We further construct
Gradient-10K, a model difficulty estimation-
based dataset with dense complexity sampling,
to train the router for precise capability bound-
ary detection. Extensive experiments demon-
strate that Self-Route achieves comparable ac-
curacy to reasoning models while reducing to-
ken consumption by 30-55% across diverse
benchmarks. The proposed framework demon-
strates consistent effectiveness across models
with different parameter scales and reasoning
paradigms, highlighting its general applicabil-
ity and practical value.

1 Introduction

Large language models (LLMs) have demonstrated
remarkable capabilities across a wide range of
natural language tasks. They have achieved ex-
cellent performance in open-ended conversations,
text summarization, code generation, and mathe-
matical reasoning (Achiam et al., 2023; Bubeck
et al., 2023). Recently, a new category of mod-
els—reasoning large language models (RLLMs),
such as OpenAl’s O1 (Jaech et al., 2024) and
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Figure 1: Illustration of the problem scenario addressed
by our method, highlighting the trade-offs between
Long CoT Reasoning, Short CoT, and the Self-Route
approach in balancing efficiency and accuracy.

DeepSeek’s R1 (Guo et al., 2025), has emerged and
significantly improved performance on complex
tasks like mathematical reasoning, programming,
and interdisciplinary knowledge reasoning (Team
et al., 2025; Chen et al., 2025a). These mod-
els leverage Long Chain-of-Thought (Long CoT)
through test-time scaling techniques, generating
more detailed intermediate steps during inference,
including multi-step thinking, iterative exploration,
and reflection (Chen et al., 2026). This approach
greatly enhances the System-2 reasoning capabili-
ties of LLMs (Zhang et al., 2025).

However, Long CoT also comes with certain
drawbacks. While they improve accuracy on com-
plex tasks, the multi-step iterative nature of such
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reasoning often results in extensive outputs, in-
creasing computational costs and inference time.
More importantly, for simple problems, Short CoT
are usually sufficient to achieve correct and effi-
cient solutions. In such cases, using Long CoT
reasoning may lead to “overthinking” (Chen et al.,
2025c), a phenomenon where the model gener-
ates thousands of tokens unnecessarily, performing
overly complex reasoning that is not proportionate
to the problem’s difficulty, as shown in Figure 1.

To address the issue of excessive and unneces-
sary token consumption caused by reasoning mod-
els, as well as the limited reasoning capabilities of
general models, we propose the Self-Route frame-
work. The core objective of this framework is to
utilize the Router to select the most efficient rea-
soning strategy while ensuring correctness. Our ap-
proach introduces a lightweight pre-inference stage
prior to formal reasoning. By collecting hidden
layer representations of the general model during
this phase, we construct a capability-aware embed-
ding that reflects the model’s capacity to solve the
given question. This representation serves as the
foundation for the subsequent router.

In order for the router to accurately perceive the
boundary of a model’s reasoning capability dur-
ing inference, we further construct a model dif-
ficulty estimation-based gradient dataset named
Gradient-10K to train the router, which contains
densely sampled question instances across a contin-
uous spectrum of complexity. The rationale behind
this approach stems from our experimental obser-
vation that datasets lacking a difficulty gradient
lead to the router’s inability to accurately detect the
model’s capability boundaries, resulting in a signif-
icant drop in accuracy. Training on Gradient-10K
enables the routing module to make reliable deci-
sions by precisely capturing the interplay between
question difficulty and model competence.

We conduct extensive experiments across mod-
els of varying scales and architectures to evaluate
the effectiveness of our Self-Route framework. The
results demonstrate that our method significantly
reduces token consumption by an average of
30% to 55% across all evaluated datasets com-
pared to reasoning models. Meanwhile, Self-Route
maintains a strong accuracy level, with less than a
2% accuracy loss compared to reasoning models,
while achieving significantly higher accuracy than
general models. Overall, our method achieves satis-
factory performance in estimating model reasoning
capability while greatly improving inference effi-

ciency.

Moreover, our approach is not limited to routing
across distinct models, it also works well within hy-
brid reasoning models where Short- and Long-CoT
capabilities coexist. This versatility underscores
its broad applicability and practical potential in
real-world settings.

2 Methods

2.1 Overview

Existing approaches rely on either manually select-
ing a Short CoT or Long CoT strategy for ques-
tion answering, as shown in Figure 1. Short CoT
is efficient but struggles with complex questions,
while Long CoT reasoning is more accurate but
consumes more tokens. In this work, we propose
our Self-Route framework, which introduces a rout-
ing module to automatically select the most effi-
cient reasoning strategy while ensuring correctness.

Specifically, the Self-Route framework consists
of three components: the Router R, the general
model M, and the reasoning model M,. For
a given query ¢, the Self-Route framework first
performs a pre-inference step: the model rea-
sons about the query ¢ to extract intermediate hid-
den representations from various layers. Based on
these representations, the trained router estimates
the probability that the general model (i.e., M)
will generate a correct answer for g, denoted as
P(q). The routing function then dynamically se-
lects strategies as follows: when P(q) > 7 (indicat-
ing the model predicts the Short CoT strategy can
solve the query correctly), M is invoked; other-
wise, the system falls back to the Long CoT reason-
ing strategy My, thereby ensuring the correctness
of the output.

To effectively train a router that could accurately
detect the capability boundaries of different models,
we carefully constructed a densely graded difficulty
dataset, Gradient-10K, based on model difficulty
estimation from multiple data sources. Subsequent
experiments demonstrate that the dense difficulty
gradient plays a crucial role in maintaining high
accuracy in capability detection within the Self-
Route framework. Training the router on data with-
out the difficulty gradient characteristic leads to a
significant drop in inference accuracy due to incor-
rect capability boundary detection, demonstrating
the effectiveness of the constructed Gradient-10K
dataset with its dense difficulty gradient. The fol-
lowing sections provide a detailed introduction to
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Figure 2: Workflow from Gradient-10K dataset construction to Self-Route Inference. During capability boundary
detection, the pre-inference module collects the hidden layer vector of the last token as the capability representation.
The dense difficulty gradient of Gradient-10K ensures accurate reasoning mode selection, balancing correctness and

efficiency in Self-Route Inference.

each component of the method.

2.2 Dense Difficulty Gradient Dataset
Construction

To enable the model to fully understand the
boundaries of its own capabilities with internal
state (Chen et al., 2025b; Li et al., 2025), specifi-
cally to distinguish between problems it can solve
within its ability range and those that require deep
reasoning through multiple intermediate steps, it
is essential to test the model using a dataset with a
well-structured difficulty gradient.

A difficulty-gradient dataset refers to a collection
of problems that span various difficulty levels, from
the simplest to the most challenging. The denser
and more fine-grained the gradient is, the more ef-
fectively the model can explore and understand the
limits of its capabilities. In contrast, data lacking a
difficulty gradient can lead to issues such as incor-
rect detection of the model’s capability boundaries,
causing a significant drop in inference accuracy.

To construct such a dataset, we collected ques-
tions of varying difficulty from multiple sources.
To quantify the difficulty level of each question, we
employed the accuracy of a general Model on that
question as an empirical proxy. Specifically, we
define the following scoring function:

Din(q) =1 - An(q) (1)

where A,,(¢q) € [0, 1] denotes the accuracy of

Level Dq.7(q9) Doa2(9) Dqa-ss(g)
1 0.06 0.04 0.05
2 0.20 0.14 0.15
3 0.40 0.30 0.27
4 0.58 0.46 0.40
5 0.90 0.86 0.79

Table 1: Estimated average difficulty scores D,,(g) in
the Gradient-10K dataset across multiple models. Each
score is computed as D,,(¢) = 1 — A,,(q), where
A (q) denotes the accuracy of model m on question
q. Q-7B and Q-32B refer to models from the Qwen2.5
series, while Q3-8B corresponds to Qwen3-8B with
no_think mode.

model m on question ¢, and D,,(q) € [0, 1] rep-
resents the corresponding difficulty score for that
model-question pair. A higher value indicates a
more challenging question with respect to model
m’s reasoning capability. This formulation allows
us to categorize questions into different difficulty
levels in a principled manner, facilitating balanced
dataset construction across sources and complexi-
ties. We divided the difficulty range into five levels,
from easiest to hardest, and constructed the final
dataset, Gradient-10K, as presented in Table 1.

2.3 Capability Representation Acquisition
through Pre-inference

Language models can estimate both the difficulty
of a question and their own ability to answer it
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during the generation process (Ashok and May,
2025). This pre-inference stage enables the model
to perform such an assessment using only a small
number of tokens, allowing for an efficient capabil-
ity estimation before committing to a full reasoning
path.

For clarity, we provide an example to illustrate
the question and pre-inference process as follows:

Let z,y and z be positive real numbers that
satisfy:

lo 1 lo <i> _1
g2 yz - 27 g2 T2 - 37
lo KR

Find |log, (z%y%2%)| = 2 where m and n are

coprime positive integers. Compute m + n.

Pre-inference: Convert logarithmic equations
to exponential form to express x,y, and z
in terms of each other. Solve the system of
equations to find ratios of x,y, z. Calculate
log, (zy32?), simplify the expression, take
absolute value. Express result as 7 in simplest
form and find m + n.

Through the Pre-inference process, the model
attempts to solve the problem from a global per-
spective, adopting an abstract and generalized rea-
soning approach. This process essentially aligns
the problem’s actual difficulty with the model’s in-
ternal problem-solving capability, with the hidden
representations serving as a compact and informa-
tive capability-aware embedding.

Formally, given a question g, we first generate a
Short CoT trajectory r under a limited token bud-
get 7, using the general model m = M. The
generation is defined as:

r=Gm,(¢7) 2

G, (+; T) denotes the generation function of the
general model; 7 is the maximum number of tokens
allowed in the pre-inference step.

Based on this generated response r, we collect
the hidden representations from all intermediate
transformer layers at the final decoding timestep
T. Let L denote the number of layers. Under the
condition that r has been generated from ¢, the

capability-aware representation is defined as:

Hcap(Q) = {hg“l)(q | T)7 s

where hg,{) (q | r) € R? denotes the hidden state
at layer [, conditioned on the input question g and
derived under the context of the generated response
r, at the final timestep 7". This representation cap-
tures the model’s internal assessment of its own
capability to address the problem.

b0} ©)

2.4 Router Training

The role of the router is to decide whether to use
a reasoning model or a general model for the cur-
rent problem. The key is to enable the model to
fully assess whether it can solve the problem within
its Short CoT reasoning capability. Using linear
functions can effectively determine the model’s fu-
ture output behavior (Ashok and May, 2025). The
task of exploring the model’s capability boundaries
is made possible through the pre-inference vector
representations collected on the Gradient-10K dif-
ficulty gradient dataset.

We utilize the hidden layer vector representation
of the final output token from the Pre-inference
module to train the router, which estimates the
model’s ability to solve a given problem. The router
uses a linear function as follows:

gi=w h¥ +b )

where hgf) is the hidden vector of the last token

at layer [, w is the weight vector, b is the bias term,
1; is the predicted label for problem <.

The model is trained by minimizing the cross-
entropy loss:

N
L==" " [ylog(@)+ (1 —y:)log(l — )] ()
=1
where y; is the true solution correctness label,
and j; is the predicted label.

3 Experiments

3.1 Experimental Setup

We evaluate the effectiveness of the Self-Route
method on models with various parameter config-
urations and inference modes. The general mod-
els include Qwen2.5-7B-Instruct, Qwen2.5-32B-
Instruct (Yang et al., 2024), and the latest Qwen3-
8B model. For Long CoT reasoning, we select R1-
Distill-Qwen-7B, OpenR1-Qwen-7B (Guo et al.,
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GPQA ARC

Model GSMSK Math500 DianS)n d AIME-2024 Challenge AVG

Acc Token Acc Token Acc Token Acc Token Acc Token Acc Token

Reasoning Model Comparison
Marco-Ol 88.9 622.1 72.0 14055 26.3 1580.8 10.0 7229.1 88.1 516.5 57.1 825.9
OpenO1-Qwen-7B 90.0 5752 71.8 11574 273 1149.6 6.7 2046.7 88.4 513.0 56.8 692.0
Skywork-O1 91.1 3232 784 850.5 23.7 1632.3  16.7 2607.5 71.3 45277 562 557.1
Bespoke-Stratos-7B 93.1 1075.0 854 4169.1 38.9 44053 133  13176.7 913 928.0 64.4 1819.7
Self-Route on Qwen2.5-7B
Genaral Model
Qwen2.5-7B-Instruct 92.3 3084 778 6264 31.8 1470.6 133 1219.9 90.9 3612 61.2 457.0
Reasoning Model
R1-Distill-Qwen-7B 91.2 12258 950 39229 404 176540 56.7 200214 83.1 1328.8 733 2867.8
OpenR1-Qwen-7B 96.1 1282.6 934 3704.1 414 8759.7 533 11664.1 809 1862.7 73.0 2426.6
Gradient-7B 91.0 11969 832 54109 359 160048 563 17683.6 90.5 1833.5 62.8 2815.6
Self-Route Method
R1-Distill-Qwen-7Bseit-Route 92.3 3243 87.8 2513.8 374 172255 567 196222 89.2 648.2 727 2001.8 (130%)
OpenR 1-Qwen-7Bscif-Route 92.6 3193 872 22943 399 32074 533 11356.8 88.7 691.6 723 1353.8 (44%)
Gradient-7Bself-Route 92.3 326.8 80.8 3360.8 36.5 9642.1 563 17377.1 904 726.8 62.3  1669.5 (141%)
Self-Route on Qwen2.5-32B
Genaral Model
Qwen?2.5-32B-Instruct 96.3 3124 844 5832 505 10804 233 1020.8 95.3 337.5 700 417.4
Reasoning Model
R1-Distill-Qwen-32B 95.7 637.3  96.0 33443 63.1 64909 733 8770.6  96.1 599.3 84.8 1478.2
Self-Route Method
R1-Distill-Qwen-32Bscitroute ~ 96.4 316.6 93.6 1859.8 61.1 62424 733 8523.6 95.6 376.0 84.0 1018.9 ({31%)
Self-Route on Qwen3-8B

Genaral Model
Qwen3-8Bo_think 94.0 2782 85.6 10729 495 17757 233 50589 944 3945 694 580.7
Reasoning Model
Qwen3-8Binink 96.5 2049.5 97.0 51523 56.6 9473.6 767 14848.5 957 13464 845 2851.4
Self-Route Method
Qwen3-8Bseif-Route 94.3 3328 914 23764 53.6 8430.8 76.7 13857.7 944 4278 82.6 1309.0 ({54%)

Table 2: Accuracy and token consumption performance of reasoning models, general models, and Self-Route across
various problem types and difficulty levels, along with a comparison of reasoning model effects.

2025), and Gradient-7B as the reasoning mod-
els for Qwen2.5-7B-Instruct routing; R1-Distill-
Qwen-32B as the reasoning model for Qwen?2.5-
32B-Instruct routing; and Qwen3-8B (think mode)
as the reasoning model for Qwen3-8B (no_think
mode) routing. This experimental setup thoroughly
explores routing strategies across models with
different parameter scales and reasoning mecha-
nisms, as well as the feasibility and robustness of
the Self-Route method when using hybrid reason-
ing models (Qwen3-8B). Gradient-7B is based on
Qwen2.5-7B-Instruct and trained on the Gradient-
10K dataset by distilling reasoning trajectories
from DeepSeek-R1.

Training Dataset. In this experiment, all model
training—including all size of routers, was con-
ducted on our constructed Gradient-10K dataset.
Based on the principle of difficulty grading across
multiple data sources, we integrated a variety of
datasets with different levels of complexity, includ-
ing Orca Math (Mitra et al., 2024), AMC AIME,
Olympiads, GSM8K (Cobbe et al., 2021), and
slk (Muennighoff et al., 2025).

Evaluation Dataset. For the test datasets, we
selected a variety of commonly used mathematical
test datasets with different difficulty levels, domain-
specific knowledge QA datasets, and science
question-answering datasets. (1) GPQA (Rein
et al., 2024) is a PhD-level science multiple-choice
QA dataset. The questions are authored by do-
main experts in physics, chemistry, and biology. In
our main experiments, we use the highest qual-
ity diamond set containing 198 questions. (2)
Math benchmarks include GSM8K (Cobbe et al.,
2021), MATHSO00 (Lightman et al., 2024), AIME-
2024. MATHS00 consists of 500 questions from
the MATH test set. AIME-2024 are middle school
math competitions covering arithmetic, algebra,
geometry, etc., containing 30 questions. (3) ARC-
Challenge (Clark et al., 2018) is a subset of the
AI2-ARC dataset, featuring difficult science ques-
tions designed to challenge advanced question-
answering systems. In this paper, we test the ARC
dataset by treating the multiple-choice options as
part of the question, following the multiple-choice
question format (Borchmann, 2024).
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3.2 Main Results

The results in Table 2 provide a comprehensive
comparison between our Self-Route method and
various reasoning and baseline models. By ana-
lyzing datasets of different difficulty levels, we
observe a consistent pattern across models with
varying parameter scales and architectures:

(i) For relatively simple tasks where the general
model already performs well, such as on GSM8K
or ARC-Challenge, the routing mechanism tends
to favor Short CoT reasoning paths. As a result,
Self-Route solves the majority of such questions
by routing them to the general model for reason-
ing, thereby achieving strong answer performance
while significantly reducing token consumption
compared to Long CoT reasoning approaches.

(i1) In contrast, for more complex tasks where
the general model struggles, such as GPQA Dia-
mond or AIME-2024, Self-Route predominantly
selects the Long CoT reasoning path. This leads
to a notable improvement in accuracy compared
to the general model, despite the increased token
consumption associated with extended reasoning
processes.

To provide an overall assessment across all
datasets, we compute the average accuracy and
a weighted average of token consumption based on
dataset size. As shown in the Table 2, Self-Route
consistently achieves performance on par with var-
ious Long CoT reasoning methods, suffering less
than 1% drop in average accuracy on Qwen2.5-
7B and Qwen2.5-32B, while reducing token
consumption by 30% to 55% across Qwen2.5-
7B, Qwen2.5-32B, and Qwen3-8B. These results
demonstrate that Self-Route can achieve substantial
efficiency gains at only a marginal cost to accuracy.

Furthermore, the applicability of Self-Route ex-
tends beyond cross-model routing (e.g., between
general and reasoning models). It also proves effec-
tive within a single hybrid reason model, such as
Qwen3, for dynamically switching between inter-
nal reasoning modes. This adaptability highlights
the potential of Self-Route for future deployment
in unified model architectures, enabling intelligent
and automated inference routing based on the prob-
lem complexity.

3.3 Exploring the Necessity of a Dense
Difficulty Gradient

In this section, we investigate the necessity of con-
structing a densely annotated difficulty gradient

Model Acc. Prec. F1
Router on Gradient
Qwen2.5-7BgGradient-Router ~ 0.81  0.83  0.86
Qwen2.5-32Bgradient-Router  0-84  0.89  0.89
Qwen3-8BGradient-Router 0.83 0.88 0.8
Router on GSMSK
Qwen2.5-7Bgsmsk-Router ~ 0.70  0.70  0.80
Qwen2.5-32Bgsmsk-Router 0.77  0.81  0.85
Qwen3-8BgsMsK Router 0.78 0.79 0.87

Table 3: Comparison of evaluation metrics on the Gra-
dient Test set between the router trained with a dense
difficulty gradient and the router trained on the gradient-
free GSM8K dataset.

dataset. We compare two approaches for character-
izing model capabilities and training routers: one
using our constructed Model Difficulty Estimation-
Based Gradient Dataset—Gradient-10K—and the
other relying on the GSMSK training set without
an explicit difficulty gradient. The overall perfor-
mance is summarized in Table 4. As shown, the
router trained on Gradient-10K achieves signifi-
cantly better accuracy across the majority of test
sets compared to its GSM8K-based counterpart.
The router trained on GSM8K may cause up to an
approximately 11% decrease in accuracy. This
indicates that the lack of a dense difficulty gradi-
ent leads to inaccurate estimation of the model’s
capability boundary, which in turn results in a sub-
stantial drop in routing accuracy.

Furthermore, by comparing the two routers on
the Gradient test set (as shown in the Table 3),
we observe that the Gradient-Router consistently
outperforms the GSM8K-Router in key evaluation
metrics. This result corroborates the findings from
Table 4, reinforcing the reliability of our experi-
mental outcomes and highlighting the importance
of a dense difficulty gradient in achieving accurate
model capability estimation.

3.4 Pre-inference Analysis
3.4.1 Token Consumption in Pre-inference

In this section, we explore whether the Pre-
inference module introduces unnecessary addi-
tional token consumption. The inference processes
tested here include pre-inference, Short CoT and
Long CoT reasoning. We quantitatively analyze
the additional computational cost introduced by the
pre-inference module by comparing its token con-
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GPQA AIME ARC

Model GSMBK Math500 Diamond 2024 Challenge AVG
Acc Token Acc Token Acc Token Acc Token Acc Token Acc  Token
Router on Gradient
R1-Distill-Qwen-7BGradient-Router 923 3243 87.8 25138 374 172255 56.7 196222 89.2  648.2 72.7 2001.8
RI1-Distill-Qwen-32Bgrdient-Rouer 964 316.6  93.6 1859.8 61.1 62424 733 8523.6 95.6 376.0 84.0 1018.9
Qwen3-8BGradient-Router 943 3328 914 23764 53.6 8430.8 76.7 138577 944 42738 82.6 1309.0
Router on GSM8K
R1-Distill-Qwen-7BGsmsk-Router 91.8 3584 824 17465 36.4 8036.5 30.0 79239 908 362.6 6628 1118.3
RI1-Distill-Qwen-32Bgsmsk-Rouer ~ 96.3 3259 90.8 1625.0 52.0 32279 533 54479 952 3423 7752 759.9
Qwen3-8BgsmsK-Router 94.1 3122 874 1550.8 50.0 68169 333 6887.3 945 4922 71.86 1031.5

Table 4: Routing methods trained on the Gradient-10K dataset with a dense difficulty gradient versus routers trained
on GSMS8K without an explicit difficulty gradient: accuracy and token consumption across various test sets..

Dataset Short Long Pre Ratio (%)
ARC 361 1329 106 7.9
GSMSK 308 1226 67 5.5
Math500 626 3923 120 3.0
GPQA 1471 17654 172 1.0
AIME 1220 20021 136 0.7

Table 5: Token consumption of pre-inference, Short
CoT, and Long CoT on Qwen2.5-7B. Ratio is Pre di-
vided by Long.

sumption across datasets of varying difficulty levels
and domains, as well as the ratio of pre-inference
token usage relative to that of the reasoning model.
This analysis helps determine if pre-inference can
achieve good performance without causing exces-
sive token consumption for the system.

As shown in Table 5, the token consumption of
pre-inference is significantly lower compared to
that of formal reasoning. With most cases, the pre-
inference token consumption is less than 5% of
that of Long CoT reasoning. This demonstrates
that pre-inference is a highly cost-effective strategy,
enabling efficient routing decisions with minimal
resource overhead.

3.4.2 Analysis of Routing Effectiveness

This section investigates whether intermediate hid-
den layer vectors from the Pre-inference mod-
ule can effectively represent a model’s problem-
solving capability. We evaluate which layer pro-
vides the best features for routing by training
routers on all hidden layers of Qwen2.5-7B and
Qwen2.5-32B.

From the results depicted in Figure 3, we observe
two key patterns:

(i) Utilizing vector representations from appro-
priate intermediate hidden layers as indicators of
the model’s problem-solving capability achieves

84
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Figure 3: Routing accuracy of pre-inference vector rep-
resentations from different hidden layers for Qwen2.5-
7B and Qwen2.5-32B.

strong performance, enabling an accurate assess-
ment of whether the general model can effectively
address the given problem.

(i) Lower layers tend to capture more concrete
semantic features, while higher layers encode in-
creasingly abstract semantic information, such as
the model’s ability to solve the problem. Our ex-
periments show that hidden layers around the 60%
— 80% position in the network typically yield the
most effective estimation of model capability.

3.5 Analysis of the Impact of Self-Route

This section compares the performance of
Qwen2.5, R1-Distill-Qwen-7B, and the proposed
Self-Route method in terms of accuracy across
datasets of varying difficulty levels.

In addition to efficiency improvements, the radar
chart presented in Figure 4 offers a comprehensive
comparison of the accuracy achieved by three rea-
soning approaches across a diverse set of datasets.
The results clearly demonstrate that the Self-Route
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Figure 4: Radar chart comparing the accuracy of
Qwen2.5-7B, RI1-Distill-Qwen-7B, and Self-Route
across multiple datasets. Self-Route maintains high ac-
curacy while significantly reducing computational cost.

method not only significantly enhances the perfor-
mance of the Short Chain-of-Thought (Short CoT)
reasoning approach but also effectively compen-
sates for the limitations of reasoning models. On
the ARC-Challenge dataset, the general model out-
performs the reasoning model, whereas in complex
mathematical reasoning tasks such as those found
in AIME or GPQA, the reasoning model achieves
superior performance compared to general models.
The Self-Route approach dynamically selects the
most appropriate reasoning mode for each question
type, thereby optimizing overall performance.

Moreover, as illustrated by both Figure 4 and
Figure 6, Self-Route achieves a balance between
accuracy and efficiency by significantly reducing
token consumption without compromising answer
quality. The approach strategically avoids redun-
dant reasoning steps and excess token usage, result-
ing in substantial computational savings.

4 Related Work

Recent studies on Model-based Efficient Reason-
ing have primarily focused on fine-tuning large
language models (LLMs) to improve their intrin-
sic ability to reason concisely and efficiently. Ex-
isting works leverage traditional RL optimization
techniques combined with explicit length-based re-
ward to control the length of CoT reasoning (Arora
and Zanette, 2025; Yang et al., 2025; Aggarwal
and Welleck, 2025). In contrast, supervised fine-
tuning (SFT) strategies aim to improve reasoning
efficiency by constructing variable-length CoT rea-
soning datasets. This includes techniques such as
post-reasoning CoT compression (Yu et al., 2024;

Kang et al., 2025; Xia et al., 2025) and obtaining
compressed CoT data during reasoning (Liu et al.,
2024; Munkhbat et al., 2025; Han et al., 2025).

Works center on estimating knowledge bound-
aries from internal model signals, aim to teach
LLMs to recognize and express their own knowl-
edge limits (Chen et al., 2025b). Closely related
efforts include more accurate knowledge percep-
tion (Liang et al., 2024), aligning response quality
with confidence through model calibration (Tao
et al., 2024), identifying the causes of hallucination
while balancing factual alignment and instruction
following (Lin et al., 2024), and leveraging diverse
methods for factuality alignment through internal
perception mechanisms (Tian et al., 2023).

Regarding the trade-off between model perfor-
mance and reasoning efficiency, recent studies have
proposed efficient routers that dynamically select
between stronger or weaker LLMs during infer-
ence (Ong et al., 2025). However, these methods
have not yet succeeded in utilizing the model’s
own internal signals to estimate task difficulty or
its capability boundaries during reasoning.

5 Conclusion

We propose Self-Route, a pre-inference paradigm
that leverages models’ internal capability repre-
sentations to optimize reasoning efficiency while
ensuring correctness. By constructing Gradient-
10K, a Model Difficulty Estimation-Based Gradient
Dataset, we enable precise detection of model ca-
pability boundaries. Experiments demonstrate that
Self-Route reduces token consumption by 30-55%
compared to reasoning models with <2% accuracy
loss, while outperforming general model baselines.
Remarkably, the framework works effectively both
for routing between distinct models and within uni-
fied hybrid reasoning architectures (e.g., Qwen3),
demonstrating broad practical applicability. Our
approach provides a lightweight, generalizable so-
lution for deploying efficient yet accurate reasoning
LLM:s.

Limitations

While Self-Route demonstrates promising results,
some constraints remain and deserve additional
study. First, our current routing mechanism relies
on linear functions to map hidden representations
to capability estimates. While this ensures compu-
tational efficiency, more sophisticated non-linear or
attention-based routing modules could better cap-
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ture nuanced relationships between model states
and problem-solving competence. The frame-
work currently operates in a binary mode (Short
CoT vs. Long CoT). Future work could extend
this to multi-expert routing, dynamically select-
ing from specialized models (e.g., math-focused,
code-generation, or logical-reasoning experts) to
achieve finer-grained optimization. These expan-
sions would better align with real-world scenarios
requiring cross-domain problem-solving while fur-
ther improving efficiency-accuracy trade-offs.
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A Appendix
A.1 Model Capability Estimation

As shown in Figure 5, it reveals that models with
stronger reasoning capabilities exhibit distinct be-
havior in estimating their own problem-solving
capacity. When applied to data of the same dif-
ficulty level, larger models (e.g., Qwen2.5-32B)
tend to classify a greater number of questions as
within their solvable range, compared to smaller
models such as Qwen2.5-7B. This suggests that
more powerful models possess a more confident
self-assessment mechanism, leading them to make
routing decisions that favor Short CoT or direct
answering over costly Long CoT reasoning paths.

A.2 Token Usage Analysis

As shown in Figure 6, Self-Route demonstrates
a more efficient inference strategy by adaptively
choosing between Short and Long CoT reasoning
paths based on problem complexity. In contrast,
Long CoT reasoning models such as R1-Distill-
Qwen-7B consistently consume more tokens across
all difficulty levels, even when simpler questions
could be resolved with minimal computation.

A.3 Pre-inference Prompt

The following prompt is used for pre-inference
reasoning path elicitation:

Please give a very brief primary plan
about how to solve the problem. Just
give a very very brief plan, no need
for details, calculations or final answer.
Just a very brief analysis. Less than 200
words.

A.4 Router Training Parameters

The router used in this work is a linear function,
with its dimension set to the intermediate hidden
layer vector dimension of the model. To identify
the most representative hidden layer for model ca-
pability characterization, we train the router on all
layers of the model. The training parameters for
each layer are as follows:

- Number of epochs: 5

- Batch size: 32

- Learning rate: 1 x 10~*

A.5 Data Separation and Decoding

Gradient-10K is constructed exclusively from the
training partitions of its source datasets. In partic-
ular, only the GSMS8K training split is eligible for
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Figure 5: Model capability estimation across models at
different difficulty levels of the dataset

Token Length (log scale)

GSM8K ARC-Challenge Math500 GPQA Diamond AIME-2024

Figure 6: Comparison of average token consump-
tion across different reasoning methods (Qwen2.5, R1-
Distill-Qwen-7B, and Self-Route) on data with vary-
ing difficulty levels. The plot highlights that Self-
Route achieves significantly lower token usage com-
pared to reasoning models while maintaining competi-
tive problem-solving capability.

Gradient-10K construction, whereas every GSM8K
result in the paper is computed on the official test
split. Thus, no GSMS8K instance is shared between
router training and evaluation.

Table 6 reports the generation settings used in
our experiments. The same configuration is applied
across datasets for a given reasoning mode.

A.6 Additional Router Checks

Routing behavior. The learned allocation
changes with both benchmark difficulty and
short-mode capability.  Across the evaluated
backbones, 98-99% of GSMS8K queries are
assigned to Short CoT, whereas 81-88% of GPQA
queries and 83-93% of AIME queries are assigned
to Long CoT. On MATHS500 and ARC-Challenge,
a stronger short-mode model accepts a larger
fraction of queries. These patterns are consistent
with a model-specific solvability boundary rather
than a dataset-only difficulty score (Table 7).
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Setting Short CoT Long CoT
Temperature 0 0.1
top_p 1 1
top_k -1 -1
Repetition penalty 1 1
Max. generation tokens 8,000 80,000

Table 6: Decoding configuration for the general/Short-
CoT and reasoning/Long-CoT modes.

Qwen2.5 Qwen2.5 Qwen3-8B
Benchmark 7B 32B  no_think
GSMSK 0.99 0.99 0.98
MATHS500 0.73 0.78 0.85
GPQA 0.12 0.12 0.19
AIME 0.07 0.07 0.17
ARC-Challenge 0.81 0.88 0.98

Table 7: Fraction of evaluation queries routed to Short
CoT. Long-CoT proportions equal one minus the re-
ported values.

Cross-architecture check. To test whether the
benefit of a dense difficulty gradient extends be-
yond the Qwen family, we train the same router on
Llama3-8B representations. As shown in Table 8,
Gradient-10K improves accuracy, precision, and
F1 over GSM8K-only training for both Llama3-8B
and Qwen2.5-7B. This is a router-level generaliza-
tion check rather than an end-to-end Llama routing
experiment.

A.7 Out-of-Domain Logical Reasoning

We additionally evaluate Qwen2.5-7B Self-Route
on LogiQA 2.0 (Liu et al., 2023), which differs
from the predominantly mathematical sources in
Gradient-10K. Without domain augmentation, Self-
Route improves over fixed Long CoT by 6.1 accu-
racy points while using 49.9% fewer reasoning-
path tokens, although Short CoT remains the
strongest fixed mode. This result indicates that
extended reasoning can be counterproductive on
this distribution and that the original router only
partially recovers the appropriate allocation.

Adding the LogiQA 2.0 training split to
Gradient-10K raises test accuracy to 67.5, exceed-
ing both fixed modes, while reducing reasoning-
path tokens by 67.1% relative to Long CoT.
On MATHS500, however, the augmented router
matches Long-CoT accuracy by selecting Long
CoT throughout and therefore provides no token
reduction. Table 9 reports both sides of this trade-
off.

Backbone Training Acc. Prec. F1

Llama3-8B  G-10K 079 0.79 0.81
Llama3-8B  GSM8K 0.55 0.54 0.70
Qwen2.5-7B  G-10K 0.81 0.83 0.86
Qwen2.5-7B GSM8K 0.70 0.70 0.80

Table 8: Router metrics across model families and train-
ing data. G-10K denotes Gradient-10K.

(a) LogiQA 2.0

Method Acc. Tokens
Short CoT 64.7 601.1
Long CoT 55.1 10,780.5
Self-Route (G-10K) 61.2 5,403.3
Self-Route (+LogiQA)  67.5 3,546.9
(b) MATH500

Method Acc. Tokens
Short CoT 77.8 626.4
Long CoT 95.0 3,922.9
Self-Route (G-10K) 87.8 2,513.8
Self-Route (+LogiQA)  95.0 3,922.9

Table 9: Effect of domain augmentation. “+LogiQA”
adds only the LogiQA 2.0 training split; all LogiQA
results use its test split.
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