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Abstract  Meta-learning has shown effectiveness in helping learning models quickly adapt to new
tasks by learning prior knowledge. In the process of adaptation to new tasks, the matching
degree between the geometric structure of space and the geometric structure of data plays an
important role in the generalization ability of the model. In many practical applications, data has
diverse non-Euclidean structures. For example, natural language has non-Euclidean hierarchical
structures, and face images have non-Euclidean cyclical structures. Existing research has shown
that the geometric structure of Riemannian manifolds matches the non-Euclidean structures of
real-world data, providing theoretical feasibility for modeling data using Riemannian manifolds.
In this paper, we propose a geometry-adaptive meta-learning method in mixed-curvature spaces,
which uses multiple mixed-curvature spaces to model data and produces matching Riemannian
geometry for non-Euclidean structures. We build a multi-mixed-curvature neural network that

represents the geometry of mixed-curvature space as curvature, number, and dimensionality of the
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curvature spaces, through which the geometry adaptation to non-Euclidean structures is achieved

via a gradient descent process. We further introduce a geometry initialization generation scheme

and geometry updating scheme. Through only a few optimization steps, the geometric structure

of the underlying space can quickly match non-Euclidean structures of data, accelerating the

gradient descent process. We conduct experiments on few-shot classification, few-shot regression,

and image completion to evaluate the effectiveness of our method. Compared with meta-learning

methods in Euclidean space, our method improves the accuracy by 3% in few-shot classification

tasks, and reduces mean square error by half in few-shot regression tasks, showing the effectiveness

of our method.
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Background

Meta-learning is a hot research topic in machine learning.
Its goal is to solve problems of deep learning methods that
require a lot of training data and long training time. The key
idea of meta-learning is learning prior knowledge from seen
tasks to achieve fast adaptation to new tasks. Most meta-learning
methods use the Euclidean space to represent data, where
adaptation is carried out in the Euclidean space. However,
much work has shown that various forms of data have non-
Euclidean structures. Modeling such data using the Euclidean
space will harm the non-Euclidean structures of data, causing
inferior generalization to new tasks in meta-learning. Recently,
some work focuses on this problem and proposes meta-learning
methods for non-Euclidean data by learning non-Euclidean
distance measures for new tasks. Although these methods
have shown impressive performance, they mainly target
classification applications, due to the dependency on distance
measures. In addition, they only focus on a specific type of
non-Euclidean structure and use a fixed Riemannian geometry
to represent data. A fixed Riemannian geometry still cannot
handle practical data that has diverse non-Euclidean structures.

In this paper, we propose a geometry-adaptive meta-
learning method by using multiple mixed-curvature spaces.
We build a multi-mixed-curvature neural network, capable
of obtaining discriminative representations for diverse non-
Euclidean structures by tuning the geometry. We use learnable

tangent spaces to generalize conventional neural network archi-

WU Yu-Wei, Ph. D., tenured associate professor, Ph. D.
supervisor. His research interests include computer vision
and machine learning.

JIA Yun-De, Ph. D., professor. His research interests
include computer vision, computational cognition, and intel-

ligent systems.

tectures (e. g. , convolutional block) to Riemannian manifolds.
Compared with fixed tangent spaces that are commonly used,
the learnable tangent spaces reduce approximation errors and
are more flexible to comply with the Riemannian geometry.
providing a new direction to develop Riemannian algorithms.
Then, we formulate meta-learning as initializing and optimizing
the geometry of mixed-curvature spaces. We assign different
weights to mixed-curvature spaces., through which we are
allowed to update the geometry in a differentiable way. The
geometry of the underlying space adapts to data of new tasks
via few optimization steps. In this case, we are able to adapt
a whole neural network to new tasks instead of only a
distance measure. As such, our method can be applied to
a wide set of applications (e. g. ,» regression) based on the
network design. The experimental results on multiple bench-
marks of the few-shot classification and few-shot regression
tasks show that our method can effectively improve the
performance of meta-learning.
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