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Introduction
• History of Meta-Learning
• Meta-Learning in AI
• Teachable Machine 2.0: Making AI easier for everyone by Google
• Normal Deep Learning Vs Meta-Learning
• What is meta-learning trying to do?
• Meta learning and few-shot
• Advantages of Meta Learning 
• Application Example
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• Originally described by Donald B. Maudsley (1979) 

• "the process by which learners become aware of and 
increasingly in control of habits of perception, inquiry, learning, 
and growth that they have internalized".[1] 

• Maudsley sets the conceptual basis of his theory as synthesized 
under headings of assumptions, structures, change process, and 
facilitation.

• The idea of meta learning was later used by John Biggs 
(1985) to describe the state of "being aware of and 
taking control of one's own learning".[2] 

Introduction : History of Meta-Learning 4

https://en.wikipedia.org/wiki/Meta_learning
[1] Maudsley, D. B. (1979). A Theory of Meta-Learning and Principles of Facilitation: An Organismic Perspective. University of Toronto, 1979. (40, 8,4354-4355-A)
[2] Biggs, J. B. (1985). The role of meta-learning in study process. British Journal of Educational Psychology, 55, 185–212.

Meta-Learning is originally a concept of cognitive psychology

Meta learning can be defined as an awareness and understanding of the 
phenomenon of learning itself as opposed to subject knowledge. 

https://en.wikipedia.org/wiki/Meta_learning
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Introduction : Meta-Learning in AI 5

https://datascience.foundation/sciencewhitepaper/the-art-of-learning-to-learn-by-using-the-power-of-meta-learning-in-ai

The basic concept of "learning how to learn" is extended to AI systems for the machine learning 
component of meta-learning. 

• Meta-learning bridges the knowledge transfer 
gap among the learning models.

• Meta-learning models and techniques help the AI 
not only to learn fast but also how to generalize 
learning methods and gain new skills faster.

• Meta learning is an exhilarating research domain in 
the field of AI right now. 

• With plenty of research papers and advancements, 
meta learning is clearly making a major 
breakthrough in AI. 
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Teachable Machine 2.0: Making AI easier for everyone by Google 6
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• Deep learning has progressed rapidly in recent years 
with great algorithms such as generative adversarial 
networks and capsule networks. 

• But the problem with deep neural networks is that we 
need to have a large training set to train our model 
and it will fail abruptly when we have very few data 
points. 

Introduction : Normal Deep Learning Vs Meta-Learning 7

https://www.packtpub.com/product/hands-on-meta-learning-with-python/9781789534207

For example: We trained a deep learning model to perform task A. 
When we have a new task, B, that is closely related to A, we can't use the same 
model. 
We need to train the model from scratch for task B. 
So, for each task, we need to train the model from scratch although they might be 
related. 
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• Deep learning has progressed rapidly in recent years with great 
algorithms such as generative adversarial networks and capsule 
networks. 

• But the problem with deep neural networks is that we need to have a 
large training set to train our model and it will fail abruptly when we 
have very few data points. 

• For example: We trained a deep learning model to perform task A. 
• Now, when we have a new task, B, that is closely related to A, we can't use the 

same model. 

• We need to train the model from scratch for task B. 

• So, for each task, we need to train the model from scratch although they might be 
related. 

Introduction : Normal Deep Learning Vs Meta-Learning 8

https://www.packtpub.com/product/hands-on-meta-learning-with-python/9781789534207

How can we solve the aforementioned problems? 

How do we humans learn?
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• Children who have seen snakes and dogs just a 
few times can differentiate them quickly. 

• We can apply the same principles in machine 
learning area. 

• So, we can design machine learning models that 
will enable the machine to learn a skill quickly 
and with few training examples. 

What is meta-learning trying to do? 9

https://www.packtpub.com/product/hands-on-meta-learning-with-python/9781789534207

A good meta-learning model will adapt or generalize well to new tasks
and new environments that were never experienced during the training 
period.
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• Few-shot learning is a kind of meta learning.

• Learning from fewer data points (i.e., images) is called few-shot learning.

Introduction : Meta learning and few-shot 10

https://github.com/wangshusen/DeepLearning/blob/master/Slides/16_Meta_1.pdf

Armadillo Pangolin

Support Set for the training

Query for testing

Armadillo or Pangolin ?
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Introduction : Meta learning and few-shot 11

Meta Learning

Fox Squirrel Rabbit Hamster Otter Beaver

Give him the cards to compare

https://github.com/wangshusen/DeepLearning/blob/master/Slides/16_Meta_1.pdf

Normal Learning

Answer : Otter
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Introduction : Meta learning and few-shot 12

Fox Squirrel Rabbit Hamster Otter Beaver

Support Set

Query

You can answer which animal is the same one.

What is this ?

https://github.com/wangshusen/DeepLearning/blob/master/Slides/16_Meta_1.pdf
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Introduction : Meta learning and few-shot 13

Training Set

Husky Elephant Tiger Macaw Car

Supervised Learning VS. Few-Shot Learning

• Traditional Supervised Learning:
• Test samples are never seen before.
• Test samples are from known classes.

Test Sample

https://github.com/wangshusen/DeepLearning/blob/master/Slides/16_Meta_1.pdf
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Introduction : Meta learning and few-shot 14

Supervised Learning VS. Few-Shot Learning

Examples

Husky Elephant Tiger Macaw Car

Husky

Elephant

Tiger

Macaw

Car

Labels

Test labels are used during training

Classifier

Training Phase

0

1

0

0

0

Husky

Elephant

Tiger

Macaw

Car

Classifier

Predicting Phase
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Introduction : Meta learning and few-shot 15

Supervised Learning VS. Few-Shot Learning

• Few-Shot Learning:
• Query samples are never seen before.
• Query samples are from unknown classes.

Query Sample

Training Set

Husky Elephant Tiger Macaw Car

https://github.com/wangshusen/DeepLearning/blob/master/Slides/16_Meta_1.pdf
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Introduction : Meta learning and few-shot 16

Training Set, Support Set, and Query

Query Sample

Fox Squirrel Rabbit Hamster Otter Beaver

Su
p

p
o

rt
 S

et

Training Set

Husky Elephant Tiger Macaw Car

https://github.com/wangshusen/DeepLearning/blob/master/Slides/16_Meta_1.pdf
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Introduction : Meta learning and few-shot 17

Supervised Learning VS. Few-Shot Learning

Examples

Husky Elephant Tiger Macaw Car

Husky

Elephant

Tiger

Macaw

Car

Labels

Classifier

Training Phase

0

1

0

0

0

airplane

rabbit

ship

frog

truck

Classifier

Predicting Phase

airplane

rabbit

ship

frog

truck

LabelsExamples

Test labels are not used during training. Disjoint label space.
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Introduction : Meta learning and few-shot 18

K-way n-shot Support Set

Fox Squirrel Rabbit Hamster Otter Beaver

Support Set

• K-way: the support set has k classes.
• n-shot: every class has n samples.

6-way

1
-s

h
o

t

https://github.com/wangshusen/DeepLearning/blob/master/Slides/16_Meta_1.pdf
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Introduction : Meta learning and few-shot 19

Squirrel Rabbit Hamster Otter

2-shot

4-way

Support Set

https://github.com/wangshusen/DeepLearning/blob/master/Slides/16_Meta_1.pdf
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Introduction : Meta learning and few-shot 20

Fox Squirrel Rabbit Hamster Otter Beaver

Fox Squirrel Rabbit

3-way is easier than 6-way

Prediction Accuracy VS. # of ways

https://github.com/wangshusen/DeepLearning/blob/master/Slides/16_Meta_1.pdf
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Introduction : Meta learning and few-shot 21

Squirrel Rabbit Hamster Otter

Squirrel Rabbit Hamster Otter

2-shot is easier than 1-shot

Prediction Accuracy VS. # of shots

https://github.com/wangshusen/DeepLearning/blob/master/Slides/16_Meta_1.pdf
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Introduction : Meta learning and few-shot 22

Are they the same kind of animal?

https://github.com/wangshusen/DeepLearning/blob/master/Slides/16_Meta_1.pdf
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Introduction : Meta learning and few-shot 23

Are they the same kind of animal?

https://github.com/wangshusen/DeepLearning/blob/master/Slides/16_Meta_1.pdf



NETWORKING 

INTELLIGENCE LAB

Basic Idea ( Learn a Similarity Function )

Introduction : Meta learning and few-shot 24

https://github.com/wangshusen/DeepLearning/blob/master/Slides/16_Meta_1.pdf
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• Basic Idea ( Learn a Similarity Function )

• Apply the similarity function for prediction.

• Compare the query with every sample in the support set.

• Find the sample with the highest similarity score.

Introduction : Meta learning and few-shot 25

Fox Squirrel Rabbit Hamster Otter Beaver

Support Set

https://github.com/wangshusen/DeepLearning/blob/master/Slides/16_Meta_1.pdf
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Introduction : Meta learning and few-shot 26

https://github.com/wangshusen/DeepLearning/blob/master/Slides/16_Meta_1.pdf

What is in the image?
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• Less data required to train: Meta Learning helps to build more general 
frameworks that can transfer information from one context to another. 
This reduces the amount of data you need in the new context to solve the 
problems.

• Speed: Meta-learning ways and method help in producing custom made 
models which perform better at a high speed.

• Scalable: Meta-Learning models help to increase the scalability of an AI 
application by automating the process and improving algorithms.

• Agile and adaptable to environmental changes like Reinforcement 
learning.

Introduction : Advantages of Meta Learning 27

https://www.packtpub.com/product/hands-on-meta-learning-with-python/9781789534207
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Application Example 28

https://teachablemachine.withgoogle.com/
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Types of Meta-learning
• Metric-Based
• Model-Based
• Optimization-Based

29
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• Metric-Based
• Siamese network
• Prototypical Networks

30
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• In the metric-based meta learning setting, we will learn the 
appropriate metric space(i.e., learn the similarity between two 
images)

• The core idea in metric-based meta-learning is similar to nearest 
neighbors algorithms (i.e., k-NN classifier and k-means clustering) 

• In the metric-based setting, we use a simple neural network that 
extracts the features from two images and finds the similarity by 
computing the distance between features of these two images. 

• This approach is widely used in a few-shot learning setting where 
we do not have many data points. 

Learning the metric space 31

https://www.packtpub.com/product/hands-on-meta-learning-with-python/9781789534207

Euclidean distance
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Various Types of metric-based learning networks

• Siamese networks

• Prototypical networks

Learning the metric space 32

https://www.packtpub.com/product/hands-on-meta-learning-with-python/9781789534207
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• A Siamese neural network (sometimes called a twin neural network) is 
an artificial neural network that uses the same weights while working in 
two different input vectors to compute comparable output vectors.[1]

• Uses of similarity measures where a twin network might be used are 
such things as recognizing handwritten, automatic detection of faces in 
camera images, and matching queries with indexed documents. 

Siamese network - Introduction 33

Taigman, Y.; Yang, M.; Ranzato, M.; Wolf, L. (June 2014). "DeepFace: Closing the Gap to Human-Level Performance in Face Verification". 2014 
IEEE Conference on Computer Vision and Pattern Recognition: 1701–1708. doi:10.1109/CVPR.2014.220. ISBN 978-1-4799-5118-5.



NETWORKING 

INTELLIGENCE LAB

Siamese network – CNN for Feature Extraction 34

…
.

…
.

…..

𝑿𝟏
𝒇(𝑿𝟏)

Encoding of 𝑿𝟏

CNN CNN CNN

Dense

e.g., 128

https://github.com/wangshusen/DeepLearning/blob/master/Slides/16_Meta_2.pdf
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Siamese network – Overview Process 35

…
.

…
.

…..

𝑿𝟏
𝒇(𝑿𝟏)Encoding of 𝑿𝟏

…
.

…
.

…..

𝑿𝟐
𝒇(𝑿𝟐)Encoding of 𝑿𝟐

𝑑 𝑥1, 𝑥2 = ቛ𝒇(𝑿𝟏) − ԡ𝒇(𝑿2) 𝟐
𝟐

If 𝑥𝑖 , 𝑥𝑗 𝑎𝑟𝑒 𝑡ℎ𝑒 𝑠𝑎𝑚𝑒 𝑎𝑛𝑖𝑚𝑎𝑙, ฯ𝒇(𝑿𝒊) − ฮ𝒇(𝑿𝒋) 𝟐

𝟐
is small.

If 𝑥𝑖 , 𝑥𝑗 𝑎𝑟𝑒 𝑡ℎ𝑒 𝑑𝑖𝑓𝑓𝑒𝑟𝑒𝑛𝑡 𝑎𝑛𝑖𝑚𝑎𝑙𝑠, ฯ𝒇(𝑿𝒊) − ฮ𝒇(𝑿𝒋) 𝟐

𝟐
is large.

https://github.com/wangshusen/DeepLearning/blob/master/Slides/16_Meta_2.pdf
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Siamese network – Training Process 36

Preparing Training Data

Data Set

https://github.com/wangshusen/DeepLearning/blob/master/Slides/16_Meta_2.pdf
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Siamese network – Training Process 37

Back propagation for updating weights

https://github.com/wangshusen/DeepLearning/blob/master/Slides/16_Meta_2.pdf
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Siamese network – Triplet Loss 38

Training Set

Elephant Tiger Macaw Car

Anchor

Positive

Negative

https://github.com/wangshusen/DeepLearning/blob/master/Slides/16_Meta_2.pdf
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Siamese network – Triplet Loss 39

https://github.com/wangshusen/DeepLearning/blob/master/Slides/16_Meta_2.pdf
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Siamese network – Triplet Loss 40

https://github.com/wangshusen/DeepLearning/blob/master/Slides/16_Meta_2.pdf
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Siamese network – Triplet Loss 41

https://github.com/wangshusen/DeepLearning/blob/master/Slides/16_Meta_2.pdf
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• Training a prototype extractor

Prototypical Networks 42

Snell, Jake, Kevin Swersky, and Richard Zemel. "Prototypical networks for few-shot learning." Advances in neural 

information processing systems. 2017.

3- way 5-shot

𝒙𝟏 Model

𝒙𝟓 Model

…
…

.

𝒛𝟏

𝒛𝟓

…
…

.

𝒄𝟏

𝒄𝟐

𝒄𝟑

𝒙𝒒 Model 𝒛𝒒

−𝑑(𝑧𝑞 , 𝑐1)

−𝑑(𝑧𝑞 , 𝑐2)

−𝑑(𝑧𝑞, 𝑐3)

So
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• Model-Based
• Memory-Augmented Neural Networks

43

Types of Meta-learning
• Metric-Based
• Model-Based
• Optimization-Based
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• Model-based meta-learning models updates its parameters rapidly with a few 
training steps, which can be achieved by its internal architecture or controlled 
by another meta-learner model[8].

• Memory-Augmented Neural Networks

• User Recurrent Networks

• Add a memory

• Example

• Character Recognition

• 3 Labels

Model-Based 44

Lilian Weng(2018). Meta-Learning: Learning to Learn Fast. OpenAI Blog . November 2018
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• A family of model architectures use external memory storage to facilitate the 
learning process of neural networks, including Neural Turing Machines and Memory 
Networks. 

• With an explicit storage buffer, it is easier for the network to rapidly incorporate new 
information and not to forget in the future. 

• Such a model is known as MANN, short for “Memory-Augmented Neural Network”. 

• Note that recurrent neural networks with only internal memory such as vanilla RNN or 
LSTM are not MANNs.

Memory-Augmented Neural Networks 45
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• Optimization-Based
• Model Agnostic Meta Learning (MAML) 

46

Types of Meta-learning
• Metric-Based
• Model-Based
• Optimization-Based
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• Generally, we optimize neural network by training on a large dataset 
and minimize the loss using gradient descent. 

• However, the gradient-based optimization is neither designed to cope 
with a small number of training samples, nor to converge within a 
small number of optimization steps.

• Is there a way to adjust the optimization algorithm so that the model 
can be good at learning with a few examples? 

Optimization-Based 47

https://www.packtpub.com/product/hands-on-meta-learning-with-python/9781789534207
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• MAML is one of the recently introduced and most popularly used 
meta learning algorithms and it has created a major breakthrough in 
meta learning research. 

• The basic idea of MAML is to find a better initial parameter so that, with 
good initial parameters, the model can learn quickly on new tasks with 
fewer gradient steps.

Model Agnostic Meta Learning (MAML) 48

Finn, Chelsea, Pieter Abbeel, and Sergey Levine. "Model-agnostic meta-learning for fast adaptation of deep networks." arXiv preprint arXiv:1703.03400 
(2017).

Gradient of loss function 
for each task

DirectionDistance

Learning Rate

𝛻ℒ1 + 𝛻ℒ2 + 𝛻ℒ3𝛽
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𝜃 = 𝜃 − 𝛽𝛻𝜃 ෍

𝑇𝑖~𝑝(𝑇)

ℒ
𝐷𝑖
𝑣𝑎𝑙𝑖𝑑(𝜃𝑖)

𝜃𝑖 = 𝜃 − 𝛼𝛻𝜃ℒ𝐷𝑖
𝑡𝑟𝑎𝑖𝑛(𝜃)

Model Agnostic Meta Learning (MAML) 49

Step 1 

Outer Loop Learning Rate

Direction

Step 2 

Finn, Chelsea, Pieter Abbeel, and Sergey Levine. "Model-agnostic meta-learning for fast adaptation of deep networks." arXiv preprint arXiv:1703.03400 
(2017).

Inner Loop Learning Rate Train Data

Validation Data

Evaluates each task 𝑇𝑖 on 𝐷𝑖
𝑣𝑎𝑙𝑖𝑑 with 𝜃𝑖 and updates 𝜃

Trains from the initialization 𝜃 on 𝐷𝑖
𝑡𝑟𝑎𝑖𝑛 to get 𝜃𝑖
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Model Agnostic Meta Learning (MAML) 50

Finn, Chelsea, Pieter Abbeel, and Sergey Levine. "Model-agnostic meta-learning for fast adaptation of deep networks." arXiv preprint arXiv:1703.03400 
(2017).

Inner Loop

Outer Loop
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Use Case : Meta-Learning-Based Deep Learning Model 
Deployment Scheme for Edge Caching
• Main Components Needed for Architecture Search
• Search Strategry
• Meta-learning for Model Generation
• Type of meta learning for Model Generation
• System Model
• Problem Formulation
• Frame work
• Block Based Model Framework
• Reinforcement Meta Learning 
• Performance Evaluation

51
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Background and Motivation

Source: Cisco Visual Networking Index (VNI), Feb. 2019.

Novel bandwidth hungry applications:

• Real time HD streaming

• Online Gaming

• Ultra-reliable and low-latency communication

• Virtual reality services

• Enhanced mobile broadband

• Mobile hologram

• And so on

According to the Cisco Visual Networking Index, watching videos from wireless devices has been generating
most of the Internet traffic and is forecast to continue to grow exponentially.

52



NETWORKING 

INTELLIGENCE LAB

Mobile data traffic growing (24% Compound Annual Growth Rate)

2/3 of the traffic is expected to be Internet Video

How to deal with increasing traffic demand, especially Video?

Background and Motivation

Ex
ab

yt
es

 (
1
0
1
8

b
yt

es
) 

p
er

 m
o

n
th

Source: Cisco Visual Networking Index (VNI), Feb. 2019.
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New architectures are proposed to utilize caching in 
network nodes, such as routers in the core network 
and base-stations in edge network [4]. 

Information Centric Networking (ICN) is one such 
architecture which shifts the network paradigm from 
location-based to information-based network.

Named Data Networking (NDN), the extension 
version of Content Centric Networking, is one of the 
most prominent ICN architecture [5]. 

Background and Motivation

Content Server

Content Delivery Network

Information Centric 
Networking

Edge Caching

Users

[5] C. S. Hong, S. M. A. Kazmi, S. Moon, and N. Van Mui, ‘‘SDN based wireless heterogeneous network management,’’ in Recent Advances in Electrical Engineering and Related Sciences—AETA, 2016, pp. 3–12. 
[6] Y. Wang, X. Tao, X. Zhang, and G. Mao, ‘‘Joint caching placement and user association for minimizing user download delay,’’ IEEE Access, vol. 4, pp. 8625–8633, 2016. 
[7] S.He, H.Tian, X.Lyu, G.Nie, and S.Fan,‘‘Distributed cache placement and user association in multicast-aided heterogeneous networks,’’ IEEE Access, vol. 5, pp. 25365–25376, 2017. 

Enabling caching at the edge nodes {the nodes 
located nearest to the users (i.e., MBS and SBSs) } 
can significantly reduce the amount of re-
downloading contents from the original content 
servers, which leads to lower backhaul load [6], [7]. 

54
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Related Works

Node: i.e., Router, Base Station, Small-cell Base Station

Reactive

• The node makes the cache decision 
(to store the requested content or 
not) only when the request for a 
particular content arrives [8] and 
[9].

Proactive

• The node proactively predicts a 
content’s popularity and makes the 
cache decision before requested by 
any user [10] and [11]. 

Cache decision can be classified into two main categories 

[8] K. Thar, N. H. Tran, S. Ullah, T. Z. Oo, and C. S. Hong, ‘‘Online caching and cooperative forwarding in information centric networking,’’ IEEE Access, vol. 6, pp. 59679–59694, Oct. 2018.
[9] A. Ndikumana, K. Thar, T. M. Ho, Nguyen H. Tran, Phuong L. Vo, Dusit Niyato, and Choong Seon Hong, ‘‘In-network caching for paid contents in content centric networking,’’ in Proc. 
GLOBECOM-IEEE Global Commun. Conf., Dec. 2017, pp. 1–6.
[10] E. Zeydan et al., ‘‘Big data caching for networking: Moving from cloud to edge,’’ IEEE Commun. Mag., vol. 54, no. 9, pp. 36–42, Sep. 2016.
[11] M. Chen, W. Saad, C. Yin, and M. Debbah, ‘‘Echo state networks for proactive caching in cloud-based radio access networks with mobile users,’’ IEEE Trans. Wireless Commun., vol. 16, 
no. 6, pp. 3520–3535, Jun. 2017.

55

Content popularity can be defined as the ratio of the number of requests for a particular content to the 
total number of requests, usually obtained for a certain region during a given period of time. 
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• Constructing an appropriate deep learning model is complicated and 
time-consuming process even for the human experts. 

• This is because human experts need to find out followings to solve the 
domain-specific problem with satisfactory performance. 
• Relevant deep learning architectures 

• Training procedures, and 

• Hyperparameters

• This process has to be repeated for every application.

• So, we proposed the Model Architecture search to construct the Deep 
Learning Models. 

Challenges of Utilizing Deep learning

LSTM
CNN

Layers

Neurons

56
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Main Components Needed for Architecture Search

Search Space Search Strategy Performance Estimation Strategy

Source: [21] https://www.automl.org/book/

LSTM = Long-Short Term Memory
CNN = Convolutional Neural Network

• Grid search
• Randomized search
• Reinforcement learning based 

search
• Meta-learning + Reinforcement

Reduce the computational burden

Performance can be estimated 
based on lower fidelities of the 
actual performance after full 
training [21]

• Shorter training times
• Training on a subset of the data 
• Training on lower-resolution 

images
• Training with less filters per layer

57

Search strategies find a deep
learning architecture to improve
the performance such as
validation accuracy.

Performance estimation strategy 
estimates the performance of an 
architecture to guide the search 
process.

https://www.automl.org/book/
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Search Strategy – Grid, Random 58

Grid-search 

• Finds the best model by 
increasing the hyperparameter
values in sequential 
combinations.

Random search 

• Finds the best model among 
random configurations in order 
to reduce search space. 
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Search Strategy – Reinforcement Meta Learning Based Search

Reinforcement

• Guide the random exploration in the 
likely direction of learning models with 
better performance

• Lack of feedback mechanism from the 
Edge nodes to search and construct the 
better model than the currently used 
models such as LSTM, CNN, etc.

Meta-learning + Reinforcement

• Meta-learning (learning to learn) is the 
approach to create learning models that 
can learn new abilities or acclimate to 
new circumstances rapidly from 
experience (meta-data). 
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Learning from Experience (meta-data) to learn new tasks much faster

What are Meta data for Model Generation?

Meta data comprise the exact algorithm configurations used to train the models

 Hyper parameters
 Deep Neural Network architectures, 
 Model evaluations (i.e., accuracy and training time) 
 Etc..
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System Model

Internet Contents

Content 

server

Master Meta-Learner

Slave Meta-Learners

BS-N

Data Center

BS-1 BS-2

……

Sending Best-suited 
model and meta 
information.

Base Stations

• Goal: Maximize the cache hit, in 
order to reduce access latency

• Input: Features information such as 
number of request

• Output: Content’s popularity score

• Dataset: MovieLens
(https://grouplens.org/datasets/mo
vielens/)

System Model
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Kyi Thar, Thant Zin Oo, Zhu Han, and Choong Seon Hong, "Meta-Learning-Based Deep Learning Model Deployment Scheme for Edge Caching," 15th International Conference on 
Network and Service Management (CNSM 2019), Oct 21-25, 2019, Halifax, Canada 

https://grouplens.org/datasets/movielens/
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Problem Formulation

Size  of content 𝑓 Content retrieving 
cost at base station 𝑏

Number of requests for 
content 𝑓 at base station 𝑏

Cache decision for content 𝑓 at 
base station 𝑏

Cache size of base 
station 𝑏

61

Content retrieval cost from Cloud 
to Edge node

T: 24 hours

Kyi Thar, Thant Zin Oo, Zhu Han, and Choong Seon Hong, "Meta-Learning-Based Deep Learning Model Deployment Scheme for Edge Caching," 15th International Conference on 
Network and Service Management (CNSM 2019), Oct 21-25, 2019, Halifax, Canada 
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Framework

Search Space

Explore

Exploit

𝑝

1 − 𝑝
Train

Validate

Q-Tables

Model

Model Management 
Module

Popularity Prediction 
Module

Model Deployment 
Module

Performance Checking 
Module

Master Meta-Learner
(Cloud Data Center)

Slave Meta-Learner 

Model Searching Module

Model 
Construction Module

Caching Module

Model Store

Content Store
Request Handling 

Module

Base Stations

𝑚

𝑚𝜎

𝑚𝑒𝑡𝑎 𝑑𝑎𝑡𝑎

𝑚∗

𝑚∗෠𝜙𝑓
𝑏

𝑓 𝑓

𝑤

CNN = Convolutional Neural Network
RNN = Recurrent Neural Network
CRNN = Convolutional Recurrent Neural Network

Kyi Thar, Thant Zin Oo, Zhu Han, and Choong Seon Hong, "Meta-Learning-Based Deep Learning Model Deployment Scheme for Edge Caching,
" 15th International Conference on Network and Service Management (CNSM 2019), Oct 21-25, 2019, Halifax, Canada 
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Model 
Dictionary

Cloud 
Server

𝑚∗ (𝑚𝑒𝑡𝑎 𝑑𝑎𝑡𝑎): Learning Model Configurations (i.e., model serial number, number 
of layers, weight, etc..)
𝜎 : reward value
𝑤 : weights parameter
෠𝜙𝑓
𝑏 : number of predicted requests

f : kind of contets
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Block Based Model Framework

Block Based Model Framework

RNN = Recurrent Neural Network
GRU = Gated Recurrent Unit
LSTM = Long-Short Term Memory
CNN = Convolutional Neural Network

Kyi Thar, Thant Zin Oo, Zhu Han, and Choong Seon Hong, "Meta-Learning-Based Deep Learning Model Deployment Scheme for Edge Caching," 15th International Conference on 
Network and Service Management (CNSM 2019), Oct 21-25, 2019, Halifax, Canada 
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Reinforcement Meta Learning Based Search

Neurons

Output layer

Choose Min Q(.) when the objective is to reduce the training loss

Reward = Validation Loss

𝐿𝑆𝑇𝑀 𝐶𝑁𝑁 𝑀𝑜𝑑𝑒𝑙…

2 3 n… Not explored yet
𝑄𝑛

𝑄𝑚𝑜𝑑𝑒𝑙

𝑄𝑛,𝑚

𝜎 2,2,2 ,[3,3]

Q-model Table

Q-layer Table

Q-cell Table

Reward

𝑄𝑛

𝑄𝑚𝑜𝑑𝑒𝑙

𝑄𝑥,𝑦

Choose the Model with 
Min Q(.)

Choose the LSTM layer 
configurations with Min Q(.)

Choose the LSTM cell 
configurations  with Min Q(.)

[1],[1,1] [2],[2,2] [2],[1,1]…

Model Types

Number of Layers

Number of cells

Number of dense

11

10

9

12

6

7

8

5

3

2

1

4

(a) Exploration (b) Updating Q-values (C) Exploitation

Search space

Kyi Thar, Thant Zin Oo, Zhu Han, and Choong Seon Hong, "Meta-Learning-Based Deep Learning Model Deployment Scheme for Edge Caching," 15th International 
Conference on Network and Service Management (CNSM 2019), Oct 21-25, 2019, Halifax, Canada 

2 3 n…

2 3 n…

N dense
2 3 n…

LSTM LSTM

LSTM LSTM

LSTM LSTM

Flatten

Inputs
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n:number of layers for LSTM
m:number of cells for LSTM
x : number of layers for dense
Y: number of neurons for dense 

𝑄𝑥,𝑦 Q-dense Table 𝑄𝑥,𝑦
Choose the dense layer and 
neuron configurations with 
Min Q(.)

3 LSTM layers (each layer has 2 cells)

2 Dense layers (each layer has 3 neurons)

Hirarchical Q value update:

1 LSTM layer (LSTM layer and Dense Layer have 1 cell)
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Performance Evaluation

Average validation loss Average computing time

65

Kyi Thar, Thant Zin Oo, Zhu Han, and Choong Seon Hong, "Meta-Learning-Based Deep Learning Model Deployment Scheme for Edge Caching," 15th International Conference on Network and 
Service Management (CNSM 2019), Oct 21-25, 2019, Halifax, Canada 
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Performance Evaluation

Kyi Thar, Thant Zin Oo, Zhu Han, and Choong Seon Hong, "Meta-Learning-Based Deep Learning Model Deployment Scheme for Edge Caching," 15th International Conference on Network and 
Service Management (CNSM 2019), Oct 21-25, 2019, Halifax, Canada 

Retrieval cost Probability of cache hit

66
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Use Case : Edge Computing Resources Reservation in 
Vehicular Networks: A Meta-Learning Approach
• Introduction
• System Model
• Problem Formulation
• The proposed meta-learning framework
• Simulation Results

67
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• With the development of autonomous vehicular technologies, the 
execution tasks become more memory-consuming and computation-
intensive. 

• Simultaneously, a certain portion of tasks are latency-sensitive, such as 
collaborative perception, path planning, collaborative simultaneous 
localization and mapping, real-time pedestrian detection, etc. 

• Because of the limited computation resources inside vehicles and 
restricted transmission bandwidth, edge computing can be an 
effective way to assist with the tasks execution.

Introduction 68

Goal: To accurately predict the resource consumption in edge nodes.
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• Therefore, to predict the resource consumption in edge nodes accurately 
in different scenarios 

We propose a two-stage meta-learning based approach to adaptively choose 
the appropriate machine learning algorithms based on the meta-features
extracted on database. 

System Model 69

Dawei Chen, Yin-Chen Liu, BaekGyu Kim, Jiang Xie, Choong Seon Hong, Zhu Han, "Edge Computing Resources Reservation in Vehicular 
Networks: A Meta-Learning Approach," IEEE Transactions on Vehicular Technology, Vol.69, Issue 5, pp.5634-5646, May. 2020
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Problem Formulation 70

Dawei Chen, Yin-Chen Liu, BaekGyu Kim, Jiang Xie, Choong Seon Hong, Zhu Han, "Edge Computing Resources Reservation in Vehicular 
Networks: A Meta-Learning Approach," IEEE Transactions on Vehicular Technology, Vol.69, Issue 5, pp.5634-5646, May. 2020

Total cost of consuming edge services

Total waste

Objective function can be defined by mean-square-error (MSE)

Total amount of computing resources reserved by automotive company

Practical needed amount of computing resources 
for edge resources

price for reservation
price for real-time request

To minimize the waste
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• On the first stage, we utilize a deep neural network (named as Decider) to figure out 
which algorithm should be selected according to the experiences.

Problem Formulation 71

meta-feature vector suggested algorithm
(the best performance 
one according to previous experiences)

• On the second stage, the chosen machine learning model (named as Prognosticator) is 
implemented to perform the inference for edge resource consumption.

Training Testing

Parameters

Loss
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Meta-learning framework 72

Dawei Chen, Yin-Chen Liu, BaekGyu Kim, Jiang Xie, Choong Seon Hong, Zhu Han, "Edge Computing Resources Reservation in Vehicular 
Networks: A Meta-Learning Approach," IEEE Transactions on Vehicular Technology, Vol.69, Issue 5, pp.5634-5646, May. 2020

The proposed meta-learning framework.

First satage

Second satage
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First Stage Meta Learning 73

Dawei Chen, Yin-Chen Liu, BaekGyu Kim, Jiang Xie, Choong Seon Hong, Zhu Han, "Edge Computing Resources Reservation in Vehicular 
Networks: A Meta-Learning Approach," IEEE Transactions on Vehicular Technology, Vol.69, Issue 5, pp.5634-5646, May. 2020

weights
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Second Stage Meta Learning 74

Dawei Chen, Yin-Chen Liu, BaekGyu Kim, Jiang Xie, Choong Seon Hong, Zhu Han, "Edge Computing Resources Reservation in Vehicular 
Networks: A Meta-Learning Approach," IEEE Transactions on Vehicular Technology, Vol.69, Issue 5, pp.5634-5646, May. 2020
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LSTM and BiLSTM 75

Dawei Chen, Yin-Chen Liu, BaekGyu Kim, Jiang Xie, Choong Seon Hong, Zhu Han, "Edge Computing Resources Reservation in Vehicular 
Networks: A Meta-Learning Approach," IEEE Transactions on Vehicular Technology, Vol.69, Issue 5, pp.5634-5646, May. 2020
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Stacked LSTM and Stacked BiLSTM 76

Dawei Chen, Yin-Chen Liu, BaekGyu Kim, Jiang Xie, Choong Seon Hong, Zhu Han, "Edge Computing Resources Reservation in Vehicular 
Networks: A Meta-Learning Approach," IEEE Transactions on Vehicular Technology, Vol.69, Issue 5, pp.5634-5646, May. 2020
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Simulation Results 77

Dawei Chen, Yin-Chen Liu, BaekGyu Kim, Jiang Xie, Choong Seon Hong, Zhu Han, "Edge Computing Resources Reservation in Vehicular 
Networks: A Meta-Learning Approach," IEEE Transactions on Vehicular Technology, Vol.69, Issue 5, pp.5634-5646, May. 2020
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Simulation Results 78

Dawei Chen, Yin-Chen Liu, BaekGyu Kim, Jiang Xie, Choong Seon Hong, Zhu Han, "Edge Computing Resources Reservation in Vehicular 
Networks: A Meta-Learning Approach," IEEE Transactions on Vehicular Technology, Vol.69, Issue 5, pp.5634-5646, May. 2020

RMSE: Root Mean Squared Error
MEPE: Mean Absolute Percentage Error
MEGH : indicating the effective measurement for variety of traffic analysis purpose. The smaller, the better regression

of observed flows
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Simulation Results 79

Dawei Chen, Yin-Chen Liu, BaekGyu Kim, Jiang Xie, Choong Seon Hong, Zhu Han, "Edge Computing Resources Reservation in Vehicular 
Networks: A Meta-Learning Approach," IEEE Transactions on Vehicular Technology, Vol.69, Issue 5, pp.5634-5646, May. 2020
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Simulation Results 80

Dawei Chen, Yin-Chen Liu, BaekGyu Kim, Jiang Xie, Choong Seon Hong, Zhu Han, "Edge Computing Resources Reservation in Vehicular 
Networks: A Meta-Learning Approach," IEEE Transactions on Vehicular Technology, Vol.69, Issue 5, pp.5634-5646, May. 2020
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Conclusion

81
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Transfer Learning VS Meta Learning 82

Transfer Learning

Meta Learning

Image Source: Gu, Jiatao, et al. "Meta-learning for low-resource neural machine translation." arXiv preprint arXiv:1808.08437 (2018).

Transfer Learning Meta Learning

Training Works by per training on 

large datasets at once

Meta-learning is trained as a multi-task problem.

Meta-Learning deals with creating models which either learn and 

optimize fast or models which generalize and adapt to different 

tasks easily.

Model-based Meta-Learning aims at designing architectures which 

are inherently capable of generalizing and learning with less data.

Fine-tuning Fine-tuning requires 

medium-size datasets 

(hundreds to thousands) 

and a lot of training steps

Fine-tuning works for small datasets (tens) and requires only a few 

training steps (usually 1-3)

Objective Pretrained weights are 

usually used as initial 

parameters for feature 

extraction during fine-

tuning

Meta-training finds initial parameters which requires less training 

steps for fine-tuning.

Memory Networks are mainly used for NLP based tasks. But it can 

be tuned for any sequence-based tasks. Memory Networks are 

shallow and compute friendly. 
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• Meta-learning is still a relatively young area of research and its 
applications

• Meta-learning can solve AI problem when dataset is small, non-
i.i.d., and uncertain 

 For example, 

 Content caching in edge and mobility-based edge (e.g., vehicle, UAV, etc) 
network

 Adaptive computational and communication resource management in wireless 
network

 AI-based mobility management for high speed vehicles (e.g., high-speed train, 
car etc.)

 Energy management for smart-grid and microgrid domain 

Concluding Remarks 83
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Thank You!
Q & A 


