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Abstract  Machine learning technology has been successfully applied in various fields. Nevertheless,
several challenges still need to be addressed. In classic machine learning paradigm, developing a
high-quality model for a new task from scratch requires a substantial amount of labeled data,
expertise, and computational resources, making the process difficult and costly. Moreover, although
source data is crucial for transferring and reusing existing efforts, concerns over data privacy and
proprietary generally hinder the sharing of experience among developers. Recently, the learnware
paradigm has been developed to systematically tackle these challenges. This paradigm enables users
to utilize the learnware dock system and leverage numerous existing high-performing models when
faced with new machine learning tasks, instead of building machine learning models from scratch.
For high-performing models of any structure from various tasks, a learnware consists of the model
itself and a specification which captures the model’s specialty, like its statistical properties. In
this paradigm, developers worldwide can submit their well-trained models spontaneously into a

learnware dock system (formerly known as learnware market). The system uniformly generates a
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specification for each model to form a learnware and accommodates it. The core of this paradigm
lies in the specification, which enables the learnware dock system to identify and assemble existing
helpful learnwares to solve new machine learning tasks according to the user requirement. Note
that the learnware dock system should be able to preserve the raw data of model developers and
users. Recent studies have demonstrated the efficacy of the learnware paradigm with reduced
kernel mean embedding (RKME) specification, which makes a good approximation for the distri-
bution of training data used by the model without revealing the raw data. In practice, the learnware
dock system comprises machine learning models from different domains and various data types,
whereas the traditional RKME specification faces curse of dimensionality, which makes it hard to
be applied in high dimensional scenarios like images. In order to broaden the scope of applicability
of RKME specification for all these scenarios, this paper explores the construction of RKME
specification based on neural tangent kernels (NTK), and improves its efficiency through neural
network Gaussian process (NNGP) and random feature approximation. This approach enables
the efficient and accurate generation of the RKME specification for various models in practice.
Finally, the experiments on real-world data in sales forecasting and image classification scenarios
validate the effectiveness of the proposed algorithm. Compared to traditional RKME specification,
our method has improved the identification accuracy by nearly 9% in image classification scenarios.
Benefiting from the random feature approximation, our method is even more efficient while
maintaining the accuracy improvement. And the experimental results show that the improved
specification has good privacy-preserving properties on image data, making it even impossible for
the human eye to discern any information about the original real data. Our proposed neural
tangent kernel-based specification is well suited as a specification implementation for image data,
which serves as a foundation for subsequent research on the learnware paradigm. Our method
implementation and experimental code have been open sourced and can be found here: https://
github. com/tanzh-lamda/RKME-NTK.
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Background

Machine learning has achieved significant success in
various real-world applications, including medicine. robotics.
and ecology. However, developing a well-performed model
necessitates several essential conditions, such as sufficient
labeled data, adequate computational resources, and proficient
training skills. Therefore, most ordinary users can hardly
produce high-quality models starting from scratch. Further-
more, it is difficult to identify and reuse beneficial models
among different users due to data privacy and proprietary
concerns. To tackle the above issues simultaneously, the
learnware paradigm was proposed and developed by Prof.
Zhi-Hua Zhou to establish a learnware dock system containing
numerous machine learning models, enabling users to build
models by reusing existing efforts instead of starting from
scratch. A learnware is a well-performed model with a speci-
fication representing its specialty and utility, enabling the
model to be adequately identified for subsequent user tasks.
Developers can spontaneously submit their trained models on
various tasks to the dock system, and the dock system
assigns specifications to accepted models. Given a new user
task, the dock system can identify helpful learnwares based
on the submitted user requirements. Note that the learnware
dock system has no access to the raw data of developers and
users.

The core of learnware paradigm lies in the specification.,

which plays a crucial role in model characterization and
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identification without leaking raw data. Recently the Reduced
Kernel Mean Embedding (RKME) specification was proposed,
which concisely represents the model’s training data distribution
without exposure of raw data. Based on this specification, a
recent line of studies about the learnware paradigm succeeded
in identifying helpful learnwares by measuring distribution
similarity between RKME specifications and user tasks.
However, in practice, the learnware dock system comprises
machine learning models from different domains and various
data types, whereas the RKME specification based on tradi-
tional kernel methods faces curse of dimensionality, which
makes it hard to be applied in high dimensional scenarios like
images. In this paper in order to alleviate the curse of dimen-
sionality, we make the first attempt to explore the construction
of RKME specification based on neural tangent kernels
(NTK) . and improves its efficiency through neural network
Gaussian process (NNGP) and random feature approximation.
This approach enables the efficient and accurate generation of
the RKME specification for various models. Compared to
traditional RKME specification, our method has improved
the identification accuracy significantly by nearly 9%.
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