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Introduction: What is Few-shot Learning?

• An example from CUB-200 dataset: American goldfinch
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* source : https://en.wikipedia.org/wiki/American_goldfinch
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Introduction: What is Few-shot Learning?

• Which is American goldfinch?
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* source : http://www.vision.caltech.edu/visipedia/CUB-200.html
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Introduction: What is Few-shot Learning?

• Which is American goldfinch?

• Humans can quickly learn “unseen” classes with small number of examples
• Since we have learned prior knowledge about visual representations
• This kind of problem is called “1-shot/few-shot” classification problem
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* source : http://www.vision.caltech.edu/visipedia/CUB-200.html
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What is Meta-learning?

• Definition from Wikipedia:
Meta learning is a subfield of machine learning where automatic learning
algorithms are applied on metadata ..about machine learning experiments. As of
2017 the term had not found a standard interpretation, however the main goal is to
use such metadata to understand how automatic learning can become flexible in
solving learning problems, hence to improve the performance of existing learning
algorithms or to learn (induce) the learning algorithm itself, hence the alternative
term learning to learn..

• Meta learning = “Learning to learn”
• All kinds of learning algorithms that learns to improve the learning process itself
• Let’s see an example
Algorithmic Intelligence Lab
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What is Meta-learning?

• In meta-learning, we focus on learning the learning rules
• Consider each dataset as a data sample
• Learn patterns across tasks
• So that the the model can generalize well to possibly “unseen” tasks
Meta-train dataset

Meta-test dataset

Train dataset #1: Dogs
Target test dataset : Birds

Siberian husky

?

Akita inu

Utonagan dog

American
goldfinch

?

European
goldfinch
Hooded
Oriole

Train dataset #2: Cats
Siamese cat

?

Persian cat

Train
Test

Russian blue

…
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* source : https://lilianweng.github.io/lil-log/2018/11/30/meta-learning.html

9

Formulation of Meta-learning

• In contrast to regular deep learning whose a single training instance is a labeled
sample, that for meta-learning is a task episode (e,g., a set of samples).

“episode”

• First we need a training set
(a.k.a. support set) which consists of a couple
of samples belonging to a subset of classes (or tasks
).
• We also need to specify samples that we would like to evaluate; then form a test
set
(a.k.a. query) belonging to .
• Together,
and
episodes one by one.
Algorithmic Intelligence Lab

form a training episode. The model takes many
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Formulation of Meta-learning

•

-way, -shot learning task
•
•

classes per episode, that have not previously been trained upon.
labelled examples per class

( examples) *

classes

• In classification tasks, the objective of meta-learning is:
log-likelihood

• This can be replaced with any ML problems (e.g., regression, language generation,
skill learning)
• We will focus on classification tasks in meta-learning (i.e., few-shot classification)
Algorithmic Intelligence Lab
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Formulation of Meta-learning

• In test time, the model must be fast adapted to accommodate new classes not
seen in training, given only a few examples of each of the classes.

Meta-training
(with training classes)
Fast adaptation

Meta-testing
(with unseen classes)
Algorithmic Intelligence Lab
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Types of Meta-learning

• Recall the objective of few-shot classification:

How to compute?
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Types of Meta-learning

• Recall the objective of few-shot classification:

How to compute?

• Model-based Meta-learning
• The key idea is to build a model and training process designed for rapid generalization
across tasks.

• To compute the set representation of
Algorithmic Intelligence Lab

, RNN-based models are widely utilized.
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Types of Meta-learning

• Recall the objective of few-shot classification:

How to compute?

• Metric-based Meta-learning
• The key idea is to learn a metric or distance function on deep neural features over
objects.

Algorithmic Intelligence Lab
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Types of Meta-learning

• Recall the objective of few-shot classification:

How to compute?

• Optimization-based Meta-learning
• The key idea is to adjust the optimization algorithm with a few examples.
<Meta-train>

<Meta-test>
Meta-learner
(fix)

Meta-learner ( )
Cats

...

...
Dogs

Learner
( )
Trained on taskspecific loss

Learner
Birds

• Gradient-based optimization techniques (e.g. gradient descent) are utilized.
Algorithmic Intelligence Lab
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Meta-learning with External Memory

• [Graves et al. 14] propose a Neural Turing Machine (NTM), a neural networks
architecture which has external memory.
• With an explicit storage buffer, it is easier for the network to rapidly incorporate
new information and not to forget in the future.

Inputs

Write
Memory

Outputs

Read

• Read and write heads in a NTM external memory module are fully differentiable
and trained for rapid memory encoding and retrieval.
• There are some recent works on meta-learning using external memory units.
• Memory-Augmented Neural Network (MANN) [Santoro et al. 16]
• Meta Networks [Munkhdalai et. al., 17]
Algorithmic Intelligence Lab
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Meta-learning with External Memory

• [Santoro et al. 16] proposed Memory-Augmented Neural Network (MANN) to
rapidly assimilate new data, and to make accurate predictions with few samples.
• They train MANN to perform classification while presenting the data instance
and labels in a time-offset manner to prevent simple mapping from label to label.

LSTM

time-offset manner

• The loss function is the sum of classification loss at each time step.

Algorithmic Intelligence Lab
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Meta-learning with External Memory

• [Santoro et al. 16] proposed Memory-Augmented Neural Network (MANN) to
rapidly assimilate new data, and to make accurate predictions with few samples.
• They train MANN to perform classification while presenting the data instance
and labels in a time-offset manner to prevent simple mapping from label to label.

LSTM
1 2

3

4

5

3 4

5

1

2

• Further, they shuffle labels, classes, and samples from episode to episode to
prevent the network from learning sample-class bindings in its weights.
Algorithmic Intelligence Lab
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Meta-learning with External Memory

• The network has an external memory module,
written to.

, that is both read from and

• The rows of
serve as memory ‘slots‘, with the row vectors themselves
constituting individual memories.
• For reading, a cosine distance measure is computed for the query key vector
(here notated as ) and each individual row in memory.
Query
Memory
Read

• A memory,
• Finally,

, is then retrieved using these read-weights:

is concatenated with the hidden state of the LSTM model.

Algorithmic Intelligence Lab
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Meta-learning with External Memory

• To write to memory, they implemented an access module called Least Recently
Used Access (LRUA) which writes to either the most recently read location, or
the least recently used location.

Write

Memory

• Usage weights
are computed each time-step to keep track of the locations
most recently read or written to:
• The least-used weights,

where
Algorithmic Intelligence Lab

is:

denotes the -th smallest element of the vector .
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Simple Neural AttentIve meta-Learner (SNAIL)

• Traditional RNN architectures propagate information by keeping it in their hidden
state from one time step to the next.
• This temporally-linear dependency bottlenecks their capacity.

• [Mishra et al. 18] propose a model architectures that addresses this shortcoming.
• They combine these two modules for simple neural attentive learner (SNAIL):
• Temporal convolutions, which enable the meta-learner to aggregate contextual
information from past experience
• Causal attention, which allow it to pinpoint specific pieces of information within that
context.

• These two components complement each other: while the former provide highbandwidth access at the expense of finite context size, the latter provide
pinpoint access over an infinitely large context.

Algorithmic Intelligence Lab
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Simple Neural AttentIve meta-Learner (SNAIL)

• Two of the building blocks that compose SNAIL architectures.
• A Dense block applies a causal 1D-convolution, and then concatenates the
output to its input. A Temporal Convolution (TC) block applies a series of dense
blocks with exponentially-increasing dilation rates.

[T, D]

Algorithmic Intelligence Lab
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Simple Neural AttentIve meta-Learner (SNAIL)

• Two of the building blocks that compose SNAIL architectures.
• A attention block performs a causal key-value lookup and also concatenates the
output to the input; they style this operation after the self-attention mechanism.

[T, V]
[T, V]

Self-attention relates different
positions of a single sequence in
order to compute a representation

Algorithmic Intelligence Lab

[T, T] (masked)
[T, K]

[T, K]
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Simple Neural AttentIve meta-Learner (SNAIL)

• Overview of the SNAIL for supervised learning:
classification loss (i.e., cross-entropy)

Algorithmic Intelligence Lab
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Simple Neural AttentIve meta-Learner (SNAIL)

• SNAIL outperforms state-of-the-art methods in few-shot classification tasks that
are extensively hand-designed, and/or domain-specific (e.g., Matching
networks [Vinyals et al. 16]).
• It significantly exceeds the performance of methods such as MANN that are
similarly simple and generic.

Algorithmic Intelligence Lab
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Matching Networks

• Matching Networks [Vinyals et al. 16] propose to learn a shared embedding
space over multiple subclassification problems.
• In this model, the neural attention mechanism (denoted as ) is used as a
metric function on deep features. The simplest form of is to use the softmax
over the cosine distance with embedding functions and .

Algorithmic Intelligence Lab
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Matching Networks

• Two issues of embedding functions:
• Each element
gets embedded by
independently of other elements in the
support set .
•
does not modify how we embed the test image through .

• To handle this issues, authors proposed full context embeddings:
become
,
respectively.
• The encoding function for the elements in the support set ,
bidirectional LSTM:

where
Algorithmic Intelligence Lab

and
, is a

be a convolutional neural network (e.g. VGG or Inception)
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Matching Networks

• Two issues of embedding functions:
• Each element
gets embedded by
independently of other elements in the
support set .
•
does not modify how we embed the test image through .

• To handle this issues, authors proposed full context embeddings:
become
,
respectively.
• The encoding function for the test sample,
over the whole set :

where
Algorithmic Intelligence Lab

and

, is a LSTM with read-attention

be a convolutional neural network (e.g. VGG or Inception)
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Matching Networks

• The overall architecture is as follows:

• The networks are trained by maximizing log-likelihood.

Algorithmic Intelligence Lab
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Matching Networks

• Matching Networks generalize well and thus outperforms baseline classifiers
and meta-learning models (MANN) on few-shot classification tasks.

• It also works well on harder dataset, such as miniImageNet.

Algorithmic Intelligence Lab
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Prototypical Networks

• Prototypical Networks [Snell et al. 17], is based on the idea that there exists an
embedding in which points cluster around a single prototype representation for
each class.
• They use meta-learning to learn a metric space that minimizes the distance
between the prototypes and each training instance.

Class
prototype
Embedded
instance

Prototype of the target class

: Embedding functions (i.e. CNN)
: Euclidean, or cosine distance
Algorithmic Intelligence Lab
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Prototypical Networks

• Prototypical networks are trained by minimizing the negative log-probability
via episodic training.
• The training procedure is:
• Select a subset of classes, then choosing support examples and query examples
within each class for an episode.

Algorithmic Intelligence Lab

35

Prototypical Networks

• Prototypical networks are trained by minimizing the negative log-probability
via episodic training.
• The training procedure is:
• Select a subset of classes, then choosing support examples and query examples
within each class for an episode.
• Compute prototype from support examples for each class.
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Prototypical Networks

• Prototypical networks are trained by minimizing the negative log-probability
via episodic training.
• The training procedure is:
• Select a subset of classes, then choosing support examples and query examples
within each class for an episode.
• Compute prototype from support examples for each class.
• Compute negative likelihood loss from query examples and update networks.

Algorithmic Intelligence Lab
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Prototypical Networks

• Prototypical Networks outperform Matching Networks and MAML (to be
introduced) on few-shot classification tasks on Omniglot and miniImageNet
dataset.
• Note that metric-based methods are stronger than others in few-shot
classification tasks.

Omniglot

miniImageNet

Algorithmic Intelligence Lab

Relation Networks

• Relation Networks (RN) [Sung et al. 18] is able to classify images by computing
relation scores between query images and the few examples of each new class.
• The model consists of two modules: an embedding module
module
(both are CNNs).

and a relation

• The embedding module produces features maps of the support set.

element-wise sum over the embeddings
of all samples from each class
Algorithmic Intelligence Lab
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Relation Networks

• Relation Networks (RN) [Sung et al. 18] is able to classify images by computing
relation scores between query images and the few examples of each new class.
• The model consists of two modules: an embedding module
module
(both are CNNs).

and a relation

• The embedding module produces features maps of the support set.
• The relation module produces a scalar in range of 0 to 1 representing the similarity
between features, which is called relation score.

: concatenation of
feature maps in depth

Objective function

Algorithmic Intelligence Lab

40

Relation Networks

• Relation Networks outperforms Matching Networks, Prototypical Networks and
MAML on few-shot learning tasks.

Omniglot

miniImageNet

Algorithmic Intelligence Lab
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Metric-based meta-learning

• Development relationship between different metric-based meta-learning meth
ods.
• Many variants have been developed from the three representative works:
• Matching Networks
• Prototypical Networks
• Relation Networks

Algorithmic Intelligence Lab

Source: [Lu, et. Al., 20] Learning from Very Few Samples: a Survey, Arxiv, 2020 https://arxiv.org/abs/2009.02653
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Optimization-based Meta-learning in Formal Definition

• Optimization-based meta-learning algorithms consist of two levels of learning
(or loops)
• Inner loop: optimizes the base learner (e.g., classifier)
• Parameters
• Objective:

: parameters of the base learner
(e.g., cross entropy for classification)

Inner loop

Algorithmic Intelligence Lab
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Optimization-based Meta-learning in Formal Definition

• Optimization-based meta-learning algorithms consist of two levels of learning
(or loops)
• Inner loop: optimizes the base learner (e.g., classifier)
• Parameters
• Objective:

: parameters of the base learner
(e.g., cross entropy for classification)

• Outer loop (meta-training loop): optimizes the meta-learner
• Meta-parameters : parameters to learn the learning rule (e.g., how much to update )
• Meta-objective
: performance of the base learner on the new task
• Meta-optimization: adjusting so that the inner loop perform well on

Inner loop

Algorithmic Intelligence Lab
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Optimizers for Learning DNNs

• Learning DNNs is an optimization problem

✓⇤ = arg min L(✓)
<latexit sha1_base64="(null)">(null)</latexit>

✓

• ℒ be a task-specific objective (e.g., cross-entropy for classification)
• " be parameters of a neural network

• How to find the optimal " ∗ which minimize ℒ ?
• The parameters are updated iteratively by taking gradient

✓t+1 = ✓t
<latexit sha1_base64="(null)">(null)</latexit>

rL(✓t )

• DNNs are often trained via “hand-designed” gradient-based optimizers
• e.g., Nesterov momentum [Nesterov, 83], Adagrad [Duchi et al., 11],
RMSProp [Tieleman and Hinton, 12], ADAM [Kingma and Ba, 15]

Algorithmic Intelligence Lab
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An Example of Optimizers: SGD with Momentum

• Update rules of SGD with momentum:

✓t+1 = ✓t
<latexit sha1_base64="(null)">(null)</latexit>

mt

mt = µmt
<latexit sha1_base64="(null)">(null)</latexit>

1

+ r✓ L(✓t )

where ! is a learning rate and " is a momentum
• Unroll the update steps
Parameters #

Gradients

Optimizer

✓0

r✓ L(✓0 )

m0 = r✓ L(✓0 )

<latexit sha1_base64="(null)">(null)</latexit>

✓0

r✓ L(✓1 )

m1 = µm0 + r✓ L(✓1 )

✓2 = ✓1 +

✓1

r✓ L(✓2 )

m2 = µm1 + r✓ L(✓2 )

<latexit sha1_base64="(null)">(null)</latexit>
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<latexit sha1_base64="(null)">(null)</latexit>

<latexit sha1_base64="(null)">(null)</latexit>

<latexit sha1_base64="(null)">(null)</latexit>

<latexit sha1_base64="(null)">(null)</latexit>

✓1 = ✓0 +
<latexit sha1_base64="(null)">(null)</latexit>

Updates

<latexit sha1_base64="(null)">(null)</latexit>

<latexit sha1_base64="(null)">(null)</latexit>

<latexit sha1_base64="(null)">(null)</latexit>

<latexit sha1_base64="(null)">(null)</latexit>

✓0 =

m0

✓1 =

m1

✓2 =

m2
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An Example of Optimizers: ADAM

• Update rules of ADAM [Kingma and Ba, 15]:

✓t+1 = ✓t

1 )r✓ L(✓t )

mt = 1 mt 1 + (1
vt = 2 vt 1 + (1

p mt
vt

<latexit sha1_base64="B1CSpI5Ab6LTJedqBB+mJl1eafk="></latexit>

2 )(r✓ L(✓t ))

<latexit sha1_base64="mOiETaNbpYUepKZHjqhH8UCwdG0="></latexit>

<latexit sha1_base64="PGgJdlWT2FoacgFp0fxM3axn2Rk=">AAACG3icbZDLSsNAFIYnXmu9RV26CRZBECUpgm4E0Y3LCrYKTQgn00k7OJPEmROhhLyHG1/FjQtFXAkufBunbRbefhj45j/nMHP+KBNco+t+WlPTM7Nz87WF+uLS8sqqvbbe0WmuKGvTVKTqOgLNBE9YGzkKdp0pBjIS7Cq6ORvVr+6Y0jxNLnGYsUBCP+Exp4DGCu2mjwOGEBa465XH1QX3/FgBLfw+SAll4etbhcVdiGUpQwzthrvvjuX8Ba+CBqnUCu13v5fSXLIEqQCtu56bYVCAQk4FK+t+rlkG9Ab6rGswAcl0UIx3K51t4/ScOFXmJOiM3e8TBUithzIynRJwoH/XRuZ/tW6O8VFQ8CTLkSV08lCcCwdTZxSU0+OKURRDA0AVN3916ABMLGjirJsQvN8r/4VOc98zfHHQODmt4qiRTbJFdohHDskJOSct0iaU3JNH8kxerAfryXq13iatU1Y1s0F+yPr4AkeJotU=</latexit>
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where ! is a learning rate and "# , "% are decay rates for the moments
• Unroll the update steps
Parameters &

Gradients

✓0

r✓ L(✓0 )

<latexit sha1_base64="(null)">(null)</latexit>

Optimizer
m0 = (1
1 )r✓ L(✓0 )

2 )(r✓ L(✓0 ))

v0 = (1

<latexit sha1_base64="(null)">(null)</latexit>

<latexit sha1_base64="sRIPR/YnmImOpnDKQxNXKKGFwq0="></latexit>

✓1 = ✓0 +
<latexit sha1_base64="(null)">(null)</latexit>

✓0

r✓ L(✓1 )
<latexit sha1_base64="(null)">(null)</latexit>

m1 =
v1 =
<latexit sha1_base64="vRlWhfXGv7gm1dx0+KATbus1DFM="></latexit>

✓2 = ✓1 +
<latexit sha1_base64="(null)">(null)</latexit>

✓1

r✓ L(✓2 )
<latexit sha1_base64="(null)">(null)</latexit>

m2 =
v2 =
<latexit sha1_base64="PAy13ezgS9cWxoVfxo1/kXT9K+s="></latexit>
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1 m0
2 v0

+ (1

1 m1
2 v1

+ (1

+ (1

+ (1

Updates
2

p

v0

✓1 =

p

v1

✓2 =

p

v2

m0

<latexit sha1_base64="Mc11Vtw6lZLW/jUSL2rIqw5qOpg="></latexit>

1 )r✓ L(✓1 )

2 )(r✓ L(✓1 ))

2

m1

<latexit sha1_base64="TGBdHDwI3uFcm6xbkvWMg1oDcro="></latexit>

1 )r✓ L(✓2 )

2 )(r✓ L(✓2 ))

✓0 =

2

m2

<latexit sha1_base64="f/7BuvRWastidScdWWi/0Dgl2e4="></latexit>
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Learning Optimizers for Learning DNNs

• Drawbacks of these hand-designed optimizers (or update rules)
• Potentially poor performance on some problems
• Difficult to hand-craft the optimizer for every specific class of functions to optimize

• Solution: Learning an optimizer in an automatic way [Andrychowicz et al., 16]

• Explicitly model optimizers using recurrent neural networks (RNNs)

✓t+1 = ✓t + g (rL(✓t ), ht )
<latexit sha1_base64="hXQ31T3ocUpXqRXuP18x3jDaT9s="></latexit>

Outputs of RNN

Inputs

Hidden states

• Cast an optimizer design as a learning problem
⇤
<latexit sha1_base64="OSXyJQJZ0+/Q1K8lMLM9wSyly7I="></latexit>

= arg min L(✓T ( ))

where !" # are the $-step updated parameters given the RNN optimizer #
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RNN Optimizer

• Update rules based on a RNN !" , $" parameterized by %

✓t+1 = ✓t + g (rL(✓t ), ht )
<latexit sha1_base64="hXQ31T3ocUpXqRXuP18x3jDaT9s="></latexit>

• Inner-loop: update the parameters & via the optimizer for ' times

Parameters &

Gradients

✓0

r✓ L(✓0 )

<latexit sha1_base64="(null)">(null)</latexit>

✓0

r✓ L(✓1 )

✓2 = ✓1 +

✓1

r✓ L(✓2 )

<latexit sha1_base64="(null)">(null)</latexit>

Updates

<latexit sha1_base64="(null)">(null)</latexit>

✓1 = ✓0 +
<latexit sha1_base64="(null)">(null)</latexit>

Optimizer
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<latexit sha1_base64="qZxLrB4P0Nwtln6EmWCVJw55C+8="></latexit>

✓1 = g (rL(✓1 ), h1 )

✓2 = g (rL(✓2 ), h2 )
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Objective for Learning RNN Optimizer

• Objective for the RNN optimizer ! on the entire training trajectory

Lmeta ( ) =
<latexit sha1_base64="1/BGGgyBhRa1BS1GCy58PBWzC1A="></latexit>

T
X
t=1

wt L(✓t )

Parameters "

Gradients

✓0

r✓ L(✓0 )

<latexit sha1_base64="(null)">(null)</latexit>

where #$ weights for each time-step

Optimizer

Updates

<latexit sha1_base64="(null)">(null)</latexit>

L(✓0 +
<latexit sha1_base64="I1SJzuSzASrK6RLk4teSZgfgEho="></latexit>

✓1 = ✓0 +
<latexit sha1_base64="(null)">(null)</latexit>

✓0

r✓ L(✓1 )
<latexit sha1_base64="(null)">(null)</latexit>

<latexit sha1_base64="0pMk6CniKdbEEQzKzqo/m8fYMZI="></latexit>

✓1 = g (rL(✓1 ), h1 )
L(✓1 +
<latexit sha1_base64="teku2SG7KRTpjkmPBTbj3sDw7ag="></latexit>

✓2 = ✓1 +
<latexit sha1_base64="(null)">(null)</latexit>

✓1
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r✓ L(✓2 )
<latexit sha1_base64="(null)">(null)</latexit>

<latexit sha1_base64="qZxLrB4P0Nwtln6EmWCVJw55C+8="></latexit>

✓0 )

✓1 )
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Learning RNN Optimizer by Gradient Descent

• Objective for the RNN optimizer ! on the entire training trajectory

Lmeta ( ) =
<latexit sha1_base64="1/BGGgyBhRa1BS1GCy58PBWzC1A="></latexit>

T
X
t=1

wt L(✓t )

where 1. weights for each time-step

• Outer-loop: minimize ℒ#$%&(() using gradient descent on !
• For simplicity, assume *+ *, ℒ -. = 0 (then, only requires first-order gradients)
Parameters -

Gradients

✓0

r✓ L(✓0 ) ⨉
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Optimizer

Updates
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✓1 = ✓0 +
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r✓ L(✓1 ) ⨉
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✓1 = g (rL(✓1 ), h1 )
backprop

✓2 = ✓1 +
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✓1
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Architecture of RNN Optimizer

• A challenge is optimizing (at least) tens of thousands of parameters
• Computationally not feasible with fully connected RNN architecture

• Use LSTM optimizer which operates coordinate-wise on the parameters
• By considering coordinate-wise optimizer
• Able to use small network for optimizer
• Share optimizer parameters across different parameters of the model
• Input: gradient for single coordinate and the hidden state
• Output: update for corresponding model parameter
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Effectiveness of a Learned Optimizer

• Learning models for
• Quadratic functions
L(✓) = kX✓
<latexit sha1_base64="Id2jpZPKbwBD/wQdKd3OunFpddI="></latexit>

yk22

• Optimizer is trained by optimizing random functions from this family
• Tested on newly sampled functions from the same distribution

• Neural network on MNIST dataset
• Trained for 100 steps with MLP (1 hidden layer of 20 units, using a sigmoid function)

• Outperform baseline optimizers
• Also perform well beyond the meta-trained steps (> 100 steps)
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Generalization of a Learned Optimizer

• Generalization to different datasets
• Learn LSTM optimizer on CIFAR-10
• Test on subset of CIFAR-10 (CIFAR-5 and CIFAR-2)

• Learn much faster than baseline optimizers
• Even for different (but similar) dataset
• Without additional tuning of the learned optimizer
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Meta-learner LSTM

• [Andrychowicz et al., 16] compute gradients using LSTM.

✓t+1 = ✓t + g (rL(✓t ), ht )
<latexit sha1_base64="hXQ31T3ocUpXqRXuP18x3jDaT9s="></latexit>

Inputs

Outputs of RNN

Hidden states

• [Ravi and Larochelle, 17] formulate the whole update sequences as LSTM:
Inputs

Hidden states

Input gate

Forget gate
LSTM
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Meta-learner LSTM

• Recall the objective for the RNN optimizer ! on the entire training trajectory

Lmeta ( ) =
<latexit sha1_base64="1/BGGgyBhRa1BS1GCy58PBWzC1A="></latexit>

T
X
t=1

wt L(✓t )

where "# weights for each time-step

• [Ravi and Larochelle, 17] only use the last loss. (i.e.,

Gradients
✓0
<latexit sha1_base64="(null)">(null)</latexit>

Optimizer

)

Updates

r✓ L(✓0 )
<latexit sha1_base64="(null)">(null)</latexit>

r✓ L(✓1 )
<latexit sha1_base64="(null)">(null)</latexit>

r✓ L(✓2 )
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Meta-learner LSTM

• They used the learnable optimizer for few-shot learning.
• The meta-learning with learnable optimizer can be done by training it over
multiple tasks.

• The meta-learning optimizer (Meta-learner LSTM) outperforms Matching
Networks for 5-shot cases.
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Learning Good Initialization for Few-Shot Learning

• Few-shot learning tackles limited-data scenario
• One way to overcome the lack of data is initialization

• Common initialization method: pre-train with ImageNet and fine-tune
(+) Generally works very well on various tasks
(-) Not work when one has only a small number of examples (1-shot, 5-shot, etc.)
(-) Cannot be used when target network architectures are different from source model
pre-trained parameters
(new) test task

• Learning initializations of a network that
• Adapt fast with a small number of examples (few-shot learning)
• Simple and easily generalized to various model architecture and tasks
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Model-Agnostic Meta-learning (MAML)

• Key idea
• Train over many tasks, to learn parameter ✓ that transfers well
• Use objective that encourage to fast adapt when fine-tuned with small data
• Assumption: some representations are more transferrable than others
<latexit sha1_base64="(null)">(null)</latexit>
<latexit

• Model find parameter ✓ that would reduce the validation loss on each task
<latexit sha1_base64="(null)">(null)</latexit>
<latexit

• To do that, find (one or more steps of) fine-tuned parameter from for each task
• And reduce the validation loss at fine-tuned parameter for each task
• Meta-update the to direction that would adapt faster on each new task
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Model-Agnostic Meta-learning (MAML)

• Notations and problem set-up
•
•
•
•
•

Task
Consider a distribution over tasks p(T )
Model is trained to learn new task Ti ⇠ p(T ) from only ! samples
Loss function for task Ti is LTi
Model " is learned by minimizing the test error on new samples from Ti
<latexit sha1_base64="(null)">(null)</latexit>
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Meta-train set
(! = 4 samples per class)

"
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Algorithms

• Consider a model

parameterized with

• Inner-loop
• Adapting model to a new task

Where is learning rate,
• We can compute
with one or more gradient descent update steps

• Outer-loop
• Model parameters are trained by optimizing the performance of
• With respect to across tasks sampled from

• So, the meta-optimization:

Where

is meta-learning rate
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Algorithms

• Consider a model

parameterized with

• Inner-loop
• Adapting model to a new task

Where is learning rate,
• We can compute
with one or more gradient descent
steps better than !
! thatupdate
would adapt

• Outer-loop

• Model parameters are trained by optimizing the performance of

• So, the meta-optimization:

Where

is meta-learning rate
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Meta-Gradients of MAML

• MAML computes 2nd gradients
• 1-step optimization example

Task-specificly optimized parameters
Meta-learned initial model parameters

• High computation cost
• Computation cost is increased with a number of inner-loop iterations !
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First Order Approximation of MAML

• MAML computes 2nd gradients
• 1-step optimization example

Task-specificly optimized parameters
Meta-learned initial model parameters

• High computation cost
• Computation cost is increased with a number of inner-loop iterations !

• Use 1st order approximation

• Ignore 2nd order terms
• Empirically show similar performance
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MAML

• Inner loop
• One (or more) step of SGD on training loss starting from a meta-learned network

• Outer loop
• Meta-parameters: initial weights of neural network
• Meta-objective Lmo : validation loss
• Meta-optimizer: SGD
<latexit sha1_base64="(null)">(null)</latexit>

• Learned model initial parameters adapt fast to new tasks

Inner loop
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Experiments on Few-Shot Learning Tasks

• Few-shot regression experiments
•
•
•
•

Regress the sine wave
Where
,
,
are randomly sampled
MAML with one gradient update inner loop
Evaluate performance by fine-tuning the model
• On !-samples, compared with simply pre-trained model
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Experiments on Few-Shot Learning Tasks

• Few-shot regression experiments
•
•
•
•

Regress the sine wave
Where
,
,
are randomly sampled
MAML with one gradient update inner loop
Evaluate performance by fine-tuning the model
• On !-samples, compared with simply pre-trained model

• Adapt much faster with small number of samples (purple triangle below)
• MAML regresses well in the region without data (learn periodic nature of sine well)
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Experiments on Few-Shot Learning Tasks

• Few-shot regression experiments
•
•
•
•

Regress the sine wave
Where
,
,
are randomly sampled
MAML with one gradient update inner loop
Evaluate performance by fine-tuning the model
• On !-samples, compared with simply pre-trained model

• Adapt much faster with small number of samples (purple triangle below)
• Continue to improve with additional gradient step
• Not overfitted to that only improves after one step
• Learn initialization that amenable to fast adaptation
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Experiments on Few-Shot Learning Tasks

• Few-shot classification experiments
• Omniglot

• Mini-ImageNet
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MAML

• MAML outperforms other baselines and generalizes well on unseen tasks
• It is model-agnostic
• No dependency on network architectures
• Can be used for another task not only few-shot learning (e.g., reinforcement learning)
• Easily applicable to many applications

• Many recent works on meta-learning based on MAML
•
•
•
•
•
•
•

Learning the learning rate as well [Li, et. al., 17]
First-order approximation of MAML [Nichol, et. al., 18]
Probabilistic MAML [Finn, et. al., 18]
Visual imitation learning [Finn, et. al., 17]
LEO [Rusu, et al., 18]
MT-NET [Lee, et al., 18]
CAVIA [Zintgraf, et al., 19]
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An Extension: Meta-SGD - Learning Initialization and Learning Rates

• MAML uses the same learning rate for all the task
• Meta-SGD improves MAML by
• Learning the learning rates for each task
• Here the learning rates are vector, so that adjust the gradient direction as well

• Inner loop computation becomes: ✓0 = ✓
<latexit sha1_base64="(null)">(null)</latexit>

• Where ! is a vector of learning rates
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Experimental Results on Few-Shot Regression

• Same few-shot regression experiment settings with MAML
• By learning the hyperparameter (learning rates) Meta-SGD outperforms MAML
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Experimental Results on Few-Shot Classification

• Omniglot experiments

• Mini-Imagenet experiments

• Meta-SGD outperforms baselines with a large margin
• Especially, it works well with many number of classes (20-way)
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Meta-learning for Learning Various Learning Rules

• Meta-SGD outperforms MAML in many experiments
• Learning hyperparameter is useful as well
• Indicate simple hyperparameter learning also gives benefit

• In many meta-learning methods meta-networks learn also:
•
•
•
•

Optimizer parameters: Learning rates, momentum, or optimizer itself
Metric space for data distribution similarity comparison
Weights of loss for each sample for handling data imbalance
And many other learning rules
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Hallucination-based methods

• To combat with deficiency of labeled data, hallucination based methods learn
generators on base classes to augment the few shots
• It can be combined with other few-shot learning methods, e.g., metric-based one

• The basic assumption is that the intra-class cross-sample relationship learned
from seen (training) classes can be applied to unseen (test) classes
Seen class

Unseen class

Learning intra-class
relationship

Algorithmic Intelligence Lab
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Hallucination-based methods

• To combat with deficiency of labeled data, hallucination based methods learn
generators on base classes to augment the few shots
• It can be combined with other few-shot learning methods, e.g., metric-based one

• The basic assumption is that the intra-class cross-sample relationship learned
from seen (training) classes can be applied to unseen (test) classes
• In practice, a generator is trained to augment an example.
Train

Test

?
Generator
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Hallucinator

• [Wang et al., 18] proposed Hallucinator which generates synthetic samples,
trained end-to-end along with a classifier
• Hallucinator is built upon metric-based meta-learning methods, e.g., ProtoNet

• Given an initial support set
creates an augmented set

Algorithmic Intelligence Lab
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Hallucinator

• [Wang et al., 18] proposed Hallucinator which generates synthetic samples,
trained end-to-end along with a classifier
• Hallucinator is built upon metric-based meta-learning methods, e.g., ProtoNet

• Given an initial support set
creates an augmented set

, the hallucinator (generator) G
, where

• The hallucinator G and a classifier h are jointly trained with following loss:

Algorithmic Intelligence Lab

Any metric-based
meta-learning method

aug
G
= Strain [ Strain
, where Strain
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Delta-encoder

• [Schwartz et al., 18] proposed delta-encoder, which learns to synthesize new
samples based on a modified auto-encoder (AE)
• Standard AE learns to reconstruct a signal X by minimizing ||X X̂||1
• X̂ = D(E(X)) , where E , D are an encoder and a decoder, respectively
• Delta-encoder takes a pair of same-class examples

, and reconstructs

• X̂ s = D(E(X s , Y s ), Y s )
• Delta-encoder is trained by minimizing ||X s X̂ s ||1
• Delta-encoder learns to extract deformation, i.e., delta ( ), between pairs
X

X̂
Algorithmic Intelligence Lab
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Delta-encoder

• At training time,
• Delta-encoder is trained with a pair of same seen class examples
• X̂ s = D(E(X s , Y s ), Y s )

• At test time (sample synthesis phase),
• Delta-encoder applies learned deformation from seen class to augment unseen class
• It generates latent vector from
• Then it generates a new sample
unseen class example

Algorithmic Intelligence Lab

Training time

, i.e., Z = E(X s , Y s )
from the latent vector

Test time

and an
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Delta-encoder

• Generated samples of miniImageNet (12-way 1-shot task)

• Figure a.
• The red crosses mark the original 12 single-samples
• The generated points are colored according to their class

• Figure b.
• The real image seen at training is framed in blue
• All other images represent the synthesized samples
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Adversarial Feature Hallucination Networks (AFHN)

• AFHN [Li et al. 20] employ GAN to augment features of few-shot samples
• The main idea is to generate an augmented feature from a given feature
(i.e., condition) , using a conditional Wasserstein GAN (cWGAN)
z ⇠ N (0, 1)

z
augmented feature
feature

G

F
D

LGAN

• They use WGAN loss with gradient penalty [Gulrajani et al., 17]:

where
Algorithmic Intelligence Lab
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Adversarial Feature Hallucination Networks (AFHN)

• AFHN [Li et al. 20] employ GAN to augment features of few-shot samples
• The main idea is to generate an augmented feature from a given feature
(i.e., condition) , using a conditional Wasserstein GAN (cWGAN)
z ⇠ N (0, 1)

z
augmented feature
feature

G

F
D

LGAN

• However, naïve GAN training does not guarantee diversity and discriminability
of the generated features
Algorithmic Intelligence Lab
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Adversarial Feature Hallucination Networks (AFHN)

• Diversity: intra-class variation of the generated features
• Discriminability: discriminative features among the classes
• AFHN consists of cWGAN and two regularizers which handle these issues
• Anti-collapse regularizer: encourage “diversity” of syntheiszed features
• Classification regularizer: encourage “dicriminability” of synthesized features

Anti-collapse
regularizer
Classification
regularizer
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Adversarial Feature Hallucination Networks (AFHN)

• Anti-collapse regularizer
• The loss term dispels the generated features from different noise vectors

• ST is a support set
• where the generated features s̃1 (s̃2 ) are from random noise z1 (z2 )

Anti-collapse
regularizer

Algorithmic Intelligence Lab
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Adversarial Feature Hallucination Networks (AFHN)

• Classification regularizer
• It adopts the loss term of ProtoNet for classification:

j
• where QT is a query set, and s̃i = G(sj , zi ) is the synthesized feature for the j-th class

• It encourages to learn discriminative features among classes

Classification
regularizer
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Adversarial Feature Hallucination Networks (AFHN)

• In overall, the total loss is computed by the three terms
•

and

are computed for two different random noise vectors

• The feature extractor
meta-learning stage

Algorithmic Intelligence Lab
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is pre-trained with all training samples, and fixed during

89

Adversarial Feature Hallucination Networks (AFHN)

• Experiments demonstrate the effectiveness of AFHN
• AFHN outperforms Delta-encoder on Mini-Imagenet

• With the proposed regularizers, the synthesized features exhibit clear clustering
structure, which helps train a discriminative classifier

t-SNE visualization of synthesized feature embeddings
Algorithmic Intelligence Lab
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Fine-tuning Baselines for Few-shot Classification

• Significant progress has been made in meta-learning approaches
• The complexity of meta-learning algorithms is also growing

• Recently, [Chen et al. 19] revisit a simple fine-tuning method in the few-shot
classification, and show that their performance has been underestimated
Algorithmic Intelligence Lab
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Fine-tuning Baselines for Few-shot Classification

• In the fine-tuning approach, they do not train the model over a collection of
tasks/episodes as in meta-learning
• Instead, a feature extractor is pre-trained with all classes of training data

• Then a classifier is trained on few samples with the fixed feature extractor
• Baseline method trains a linear classifier
• Baseline++ method uses cosine distances between the input feature and the
weight vector
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Fine-tuning Baselines for Few-shot Classification

• Surprisingly, those simple baselines achieve competitive performance
compared with the state-of-the-art meta-learning methods

• Moreover, some meta-learning methods are even beaten by Baseline++ with a
deeper backbone, e.g., ResNet-34, in mini-ImageNet 5-shot
• Fine-tuning methods are well generalized in a cross-domain evaluation setting
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Improved Fine-tuning Methods: Transductive Fine-tuning

• There are several strategies have been proposed for improving fine-tuning
baselines on few-shot classification
• Transductive fine-tuning [Dhillon et al. 19] uses information from the test
(query) data while meta-testing stage
• The labels of query data are still not accessible

• After the pre-training stage, transductive fine-tuning method minimizes:

Cross-entropy Loss

Support set
Algorithmic Intelligence Lab

Entropy of prediction
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Improved Fine-tuning Methods

• There are several strategies have been proposed for improving fine-tuning
baselines on few-shot classification
• Transductive fine-tuning [Dhillon et al. 19] uses information from the test
(query) data while meta-testing stage
• The labels of query data are still not accessible

• After the pre-training stage, transductive fine-tuning method minimizes:

• This regularizer for the unlabeled query sample improves few-shot classification
performance, especially in 1-shot regime
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Improved Pre-training Methods

• [Tian et al., 19] propose a pre-training method using self-distillation techniques
• Similar to Born Again Neural Networks [Furlanello et al. 18], they apply
knowledge distillation sequentially to improve the model gradually

Cross-entropy Loss

KD from previous model

• At fine-tuning stage, they perform logistic regression on the normalized
features, with augmentation strategies of random crop/flip, and color jitter
• These empirical choices are important for the classification performance
Algorithmic Intelligence Lab
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Improved Pre-training Methods

• This method significantly outperforms state-of-the-art meta-learning methods
• They also show that self-supervised learning (SSL) approaches could achieve
comparable performance to supervised pre-training

• Recent state-of-the-art SSL methods, e.g., [Chen et al., 20], also show their
superior performance on few-shot classification
• A good embedding plays the most important role in few-shot learning

• Q. Do these results negate recent progress in meta-learning?
• A. No. Meta-learning is much broader than just few-shot classification. They
may be suitable in other domains (e.g., reinforcement learning).
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Summary

• Meta-learning is a study about learning the learning rules

• Make learner which is fast adapted to unseen task with only few examples

• Metric-based meta-learning

• The key idea is to learn a metric or distance function on deep neural features over
objects

• Metric-based meta-learning
• The key idea is to learn a metric or distance function on deep neural features over
objects

• Optimization-based meta-learning
• The key idea is to adjust the optimization algorithm (e.g. gradient descent) with a few
examples

• It is applied for many other fields as well
• Hyperparameter optimization
• Neural network architecture search
• Reinforcement learning
Algorithmic Intelligence Lab
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Summary

• Hallucination-based methods
• The key idea is to augment few samples using learned intra-class relationship

• Fine-tuning methods
• The key idea is to transfer knowledge from a pre-trained model via fine-tuning
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