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Abstract: Federated meta-learning is a widely used few-shot learning method and has a very good development prospect.
Federated meta-learning combines the characteristics of federated learning and meta-learning. It can not only use the data of
each client while protecting its privacy to a certain extent, but also solve the problem of data volume that requires a large amount
of data for model training in machine learning. With the rise of big data technology and edge computing, federated meta-learning
technology has become a research hotspot in machine learning. In this paper, we provide an overview of the development of
federated meta-learning and point out the relationship between federated learning, meta-learning and federated learning. Finally,
some existing problems in federated meta-learning are pointed out, which provides ideas for the subsequent research on federated

meta-learning.
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1. Introduction

In recent years, machine learning has been extremely
widely used in many scientific fields with the continuous
development of artificial intelligence technology. Language
recognition, face recognition, and autonomous driving are all
used in daily life. And the development of machine learning
is driving the development of modern science and technology.
Some scholars have proposed that machine learning is playing
an increasingly important supporting role in People's Daily
life and scientific research[1]. AlphaGo[2], which is well
known for defeating the Go world champion, Lee Sedol, is
aGo artificial intelligence program developed by using deep
learning in machine learning. The University of Alberta
team's DeepStack beat the pros in a two-player no-limit Texas
Hold 'em game[3]. In everyday life, the development process
of machine learning provides convenience for people's daily
life. Devlin et al[4]. proposed a natural language processing
method that enables better interaction with machines. The
current self-driving technology was implemented by the
Waymo team[5] using machine learning and tested in a
variety of traffic conditions. These examples fully show that
the development process of machine learning has facilitated
people's lives and promoted the development of science and
technology.

Machine learning has achieved success in many fields, and
the foundation of these successes is the support of large
amounts of data. But with the development of society, people
pay more and more attention to their privacy. Since data often
contains individual or group privacy, people do not participate
in data sharing in most cases for privacy protection. At the
same time, due to the rise of the Internet of Things and edge
computing, data is distributed on different devices, resulting
in the problem of data island. To solve this problem, some
scholars have proposed a federated learning framework[6]. In
federated learning, each client trains a local model using local
data and sends the model parameters to the server. After the
server obtains the model parameters of each client, it averages
all the model parameters and sends the model parameters to
the client, and the client uses the averaged model parameters
for the next round of model update. This update method can
not only make better use of the large amount of distributed
data obtained by big data and cloud computing technology,
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but also protect the user's privacy to a certain extent while
using the user's local data. Since the characteristics of
federated learning meet the needs of actual production
environment, this method has received extensive attention
after being proposed.

2. Federated Learning

Federated learning is a framework first proposed by
Mcmahan et al. It mainly performs local updates on the client,
and then realizes a flexible and efficient training mode, but
does not provide convergence guarantees for federated
learning in the research. Since federated learning was
proposed, it has attracted the attention of many scholars, and
has been optimized in different aspects. Later, in the study of
federated learning, not only the analysis of convergence rate
is provided, but also the federated learning is optimized.
Wang et al[7]. improved the convergence rate of the model in
federated learning by adding momentum to the server.
Khanduri et al[8]. simultaneously added momentum to the
central agent and the edge agent to improve the convergence
speed. Gupta et al[9] improved the model generalization
ability of federated learning by combining federated learning
with game theory to learn causal features in the client to reach
Nash equilibrium at training time. On the other, hand, Yoon et
al[10]. proposed a FedMix federated learning framework to
improve the generalization ability of global models by using
mixup, a data augmentation technique, in federated learning.
We present the federated learning framework diagram in
Figure 1.
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Figure 1. Federated Learning Framework



3. Meta-Learning

Meta-learning was introduced in 1998 by Thrun et al[11].
After meta-learning was proposed, it attracted the interest of
many scholars, who optimized meta-learning in different
aspects. Luke Metz et al[12]. investigate an unsupervised
update rule that can be used between different tasks, enabling
it to generalize to different neural network architectures,
datasets, and data modalities. Andrychowicz et al.[13]
proposed the use of gradient descent to enable the algorithm
to learn by exploiting the structure in the problem of interest
in an automatic way. Finn et al.[14] proposed model-agnostics
based meta-learning, which learns features to adapt to new
tasks more easily. At the same time, in order to solve the
problem of sparse data in some fields, such as rare diseases,
it is difficult to support federated learning to obtain a good
model. At the same time, in order to make the model have
better personalization ability, federated meta-learning
framework[15] has been proposed. This is an optimization
algorithm that incorporates meta-learning into federated
learning. This paper mainly considers that meta-learning only
needs to use a small number of samples to learn unknown
tasks quickly. Model-Agnostic Meta-Learning[16] (MAML)
is one of the most popular meta-learning methods, which can
match any model trained using gradient descent algorithms
and can be applied to a variety of different problems, such as
classification, regression, and reinforcement learning[14].

4. Federated Meta-Learning

Federated learning and meta-learning are both gaining
attention because their integration is an inevitable
development. Federated meta-learning, which combines
federated learning and meta-learning, was first proposed by
Chen et al[17]., to obtain faster convergence rate and higher
accuracy. Federated meta-learning uses MAML method to
train the local meta model on the client, and then passes the
meta model parameters to the server for model parameter
aggregation. The server aggregates the model parameters and
sends them to the client as the initial model parameters for the
next update. Federated meta-learning can make use of data
distributed on different clients while protecting its privacy,
and better train metamodels suitable for multiple tasks. It is
also possible to use the feature of meta-learning to quickly
adapt to new tasks to provide different models for different
users.
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Figure 2. Federated Meta-Learning Framework
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Since federated meta-learning was proposed, the
combination of federated learning framework and meta-
learning has received extensive attention. Khodak et al.[18]
proposed a meta-learning method with adaptive learning rate
and applied it to federated learning. Fallah et al.[19] proposed
a personalized federated meta-learning method, and they
proposed an algorithm for all agents to share the starting
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model. Kayaalp et al.[20] study a decentralized federated
meta-learning. This method can make the system more
extensible and flexible, and avoid the communication
bottleneck in the central processor. In figure 2, the structural
framework of federated meta-learning is shown.

In federated learning, especially federated meta-learning,
the generalization ability of models faces more challenges
than the generalization ability of models derived from
centralized algorithms. For example, the data heterogeneity
problem between different clients, the two-layer structure of
federated meta-learning leads to a more complex loss
landscape. Aiming at the generalization problem of federated
learning algorithms with semi-distributed structure, Mendieta
et al.[21] solved the problem of data heterogeneity by using
standard regularization techniques. Caldarola et al.[22] used
experiments to verify that sharpness aware minimization can
be used as a local optimizer to improve the generalization
ability of federated learning. Since it has been proved that
sharp minima will have a significant impact on the
generalization ability of the model. In order to avoid finding
sharp minima when the model converges, the generalization
ability of the model is improved by starting from the sharp
points of the model. Chaudhari et al.[23 ]proposed an Entropy-
SGD algorithm, which uses the local extremum in the loss
landscape in which a large proportion of eigenvalues in the
Hessian matrix are 0 and only a very small number of positive
and negative eigenvalues.

In this way, an objective function based on local entropy is
constructed, which can find the extreme value with good
generalization ability in the flat area of the loss landscape, and
avoid the extreme value with poor generalization ability
located in the sharp valley. Izmailov et al.[24] proposed
simple averaging of multiple points along the SGD trajectory,
which can find a flatter optimal value than SGD with almost
no additional computational overhead while improving the
generalization ability. And the sharpness-aware minimization
algorithm proposed by Foret et al.[25] proposes to find the
flat optimal value by calculating the sharpness in terms of loss
landscape. We present a diagram of machine learning,
federated learning, meta-learning, and federated meta-
learning in Figure 3.
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Figure 3. Logical graph

5. Summary

Federated meta-learning is an optimization algorithm
which aims to solve the problems existing in the actual
production. Federated meta-learning not only solves the
problem of data islands, but also can use the fast learning
ability of meta-learning to provide different models for
different users with a small amount of data. Despite the
success of federated meta-learning, it still has many
shortcomings, such as limited generalization ability,



communication bottleneck, vulnerability to adversarial
attacks, distribution shift and so on. This points out a certain
direction for the subsequent research on federated meta-
learning.
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