2020 £ TTEHZR Online

F IR FER
£ Vil Vg V2

DMK EHURIE S HAR B, S, 2150086)

B ' REEIERETIBS IR R, (BRAF A B E A AR, X L2y S AIE AR
MAESS, DM RS . TP Tese SRR EE S 5] LR e, J9fil vk L3R inl AR AL 130T B
o g 12— R A WA FE e il A RIEIR, AT PR 25 SR AR W RE I i —Fh S e e Jes
ST HARZM A ST HE S, RESERCR S HIHESS . X5 BB TR G B ARG, XMoo
> T PRI FU AR AR 3 AR R A AR A2 AL PR SR8 o I SEORBEE IR 22 S AR, 027 S R O3 Y
o, HETTCY WA KA AT ASCAIT ST BRI K, RGERI e ST R R I 2
ARG TCEE ST B HRANRAG E X, ARG 45 2RI es > AOIE AT E 3, TR A 45 2 A e > — 2 AN [ 7 [ B
TR, W TR Tk BTz P S H e 21 7% TR e
U5 ETANRCAZ T HIIe A Tk TR R A e A . B A I AR AR I e R
XF e S I LB ARREAT 02K, JFRURAFIREMEA N 5% . e iid 1 oo 10 7o i A e S A
PEHBRAE, JEMTC SR EERE . BEAE. FIARRETE. JEEE. AT RN R EH R K R .
KEEE Ul WRES) REMAMS; 2Tl BIEREET); ¥RERE

A Survey on Recent Advances in Meta-learning

LI Fan-Zhang”LIU Yang”WU Peng-Xiang"” DONG Fang"”CAI Qi"WANG Zhe"

(School of Computer Science and Technology, Soochow University, Suzhou, 215006)
Abstract With the substantial progress in parallel computing performance of computing devices
and the continuous great breakthroughs of deep neural networks in various fields in recent years,
several new fields of machine learning derived from deep neural network models have gradually
matured. In fact, in the process of combining machine learning with other fields, not all fields
have enough massive data for deep neural networks to fine-tune parameters to convergence, and in
quite a number of traditional deep learning models have the disadvantages of poor robustness and
poor generalization performance, which make it difficult to learn and adapt to unobserved tasks
quickly.The development of meta-learning on deep learning in the past two years has provided
new ideas to solve the above problems.Meta-learning is a learning stereotype that mimics the
ability of organisms to use prior knowledge and thus learn new unobserved things quickly. It is
commonly believed that a meta-learning model must contain a learning subsystem and use
previously learned meta-knowledge to extract the focus of a new task and dynamically select
learning biases.The goal of meta-learning is to maximize the use of learned information to quickly
adapt to new unlearned tasks, emphasizing the shortest possible adaptation time while pursuing
the use of minimal new training data to achieve rapid learning on multiple fronts. This fits with the
goal of achieving general artificial intelligence, and the study of meta-learning problems is also
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key to improving the robustness and generalization of models. The general meta-learning process
is as follows: initial network parameters with strong generalization performance are obtained on
training and validation datasets, and in the testing phase, the network model is subjected to a small
number of learning processes on the test data as the learning process of that model for a new task,
followed by testing the model's effectiveness after learning.With the development of deep learning
in recent years, meta-learning has once again become a new hot topic. At present, meta-learning
research has been introduced into the fields of data prediction, image classification, reinforcement
learning and autonomous robot control with a hundred schools of thought and flowers.In this
paper, we start from the origin of meta-learning, introduce the development history of
meta-learning systematically, including the origin and original definition of meta-learning, mainly
including the initial definition of meta-learning in the field of education science and the later
influence in physics education, and finally introduce the process of meta-learning into the
computer field, then give the current general definition of meta-learning and training test paradigm,
and also summarize some different directions of current meta-learning research results, including
metric-based meta-learning methods, meta-learning methods based on strong generalization of
new initialization parameters, gradient optimizer-based meta-learning methods, external memory
unit-based meta-learning methods, data augmentation-based meta-learning methods, etc., and
statistics on the effects and ideas of some representative meta-learning methods in the above
directions, and a classification summary of the methods to better compare the different methods'
In order to better compare the strengths and weaknesses of different methods and prepare the
foundation for further selection of research directions.On the basis of summarizing their common
ideas and problems, the research ideas of meta-learning are classified, and the different methods
and their corresponding algorithmic contents are described.Finally, the common datasets and
judging criteria in meta-learning research are discussed, and the future development trend of
meta-learning is prospected in terms of its adaptiveness, evolution, interpretability, continuity, and
scalability.
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Background

Meta-learning is currently a research hotspot
that aims to solve the problems of traditional neural
network model which requires a large amount of
training data and iterative steps, and performs poorly
on less sample training data tasks; cannot share the
experience gained from training between different
tasks; is poor to adapt to new types of tasks, and each
time have to start training from scratch. The training
and testing process of meta-learning can be
analogized to the fact that humans can quickly learn
and adapt to new tasks after mastering some basic
skills. For example, children can quickly recognize
the animal through one photo of an animal,
corresponding to Few-shot learning in machine
learning; Even without the need for image
photographs, humans can learn to recognize new types
just by description, corresponding to the Zero-shot
Learning in machine learning. The basic knowledge of
the world and the cognitive basis of behavior patterns
that humans have mastered in early childhood
correspond to the concept of "meta" in meta-learning,
that is, an initial network with strong generalization
performance and a rapid adaptive learning ability for
new tasks. The purpose of meta-learning is to design a
machine learning model that has a learning
characteristic similar to that mentioned above, that is,
using a small amount of sample data to quickly learn
new concepts or skills, and learn "Learning to learn".
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