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.1 Motivation
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1.2 Meta—learning overview
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1. Meta—learning Algorithms

1. Model-based methods
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2.1 A Model-Agnostic Meta—Learning Algorithm
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2.1 A Model-Agnostic Meta—Learning Algorithm
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Algorithm 1 Model-Agnostic Meta-Learning 1. st e g e

Require: p(7): distribution over tasks 2tz o 7iX| vts
Require: «, 3: step size hyperparameters

1: randomly initialize 6

2: while not done do

3:  Sample batch of tasks 7; ~ p(T)

4:  for all 7; do =

5 Evaluate VoL (fg) with respect to K examples => loss?| 7| =7|E T8t

6 Compute adapted parameters with gradient de- =
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2.2 MAML for Supervised Learning

D=3 yDlog f,(x)

x(3),y () ~T; (3)
+ (1= y@)log(1 — f,4(x1))

Algorithm 2 MAML for Few-Shot Supervised Learning

Require: p(7): distribution over tasks
Require: «, (3: step size hyperparameters

I:
2
3:

4:
3
6.

randomly initialize 0
while not done do
Sample batch of tasks 7; ~ p(7T)
for all 7; do
Sample K datapoints D = {x/), y9)} from T;
Evaluate Vo L7, (fo) using D and L7, in Equation (2)
or (3)
Compute adapted parameters with gradient descent:
9: =0 — aVQETi (fg)
Sample datapoints D) = {x), y()} from 7; for the
meta-update
end for
Update 0 < 0 — BV 3 -

and L7; in Equation 2 or 3

~p(T) L7, (fo:) using each D;

11: end while

Lr(fs)= > Nfsx9)—-yD3, @

x() ,y () ~T;
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3. Experimental Evaluation




3. Experimental Evaluation
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Can MAML be used for meta-learning in multiple different domains, including supervised regression,
classification, and reinforcement learning?
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3.1 Regression
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3.1 Regression

k-shot regression, k=10

—e— MAML (ours)
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3.2 Classification

Minilmagenet (Ravi & Larochelle, 2017)

S-way Accuracy

1 -shot

5-shot

fine-tuning baseline

28.86 £ 0.54%

49.79 + 0.79%

nearest neighbor baseline

41.08 + 0.70%

51.04 £+ 0.65%

matching nets (Vinyals et al., 2016)

43.56 £ 0.84%

55.31 + 0.73%

meta-learner LSTM (Ravi & Larochelle, 2017)

43.44 £ 0.77%

60.60 + 0.71%

MAML, first order approx. (ours)

48.07 + 1.75%

63.15 + 0.91%

MAML (ours)

48.70 + 1.84%

63.11 + 0.92%

]

[ N—way classification

S-way Accuracy 20-way Accuracy
Omniglot (Lake et al., 2011) 1-shot 5-shot 1-shot 5-shot
MANN, no conv (Santoro et al., 2016) 82.8% 94.9% — —
MAML, no conv (ours) 89.71+1.1% | 97.5 £ 0.6% = -
Siamese nets (Koch, 2015) 97.3% 98.4% 88.2% 97.0%
matching nets (Vinyals et al., 2016) 98.1% 98.9% 93.8% 98.5%
neural statistician (Edwards & Storkey, 2017) 98.1% 99.5% 93.2% 98.1%
memory mod. (Kaiser et al., 2017) 98.4% 99.6% 95.0% 98.6%
MAML (ours) 98.7+0.4% | 99.9+0.1% | 95.8+0.3% | 98.9 + 0.2%




4. Advanced researches




4. Advanced researches

> Meta-SGD: Learning to learn quickly for few-shot learning, Li et al, Sep 2017

> Recasting gradient-based meta-learning as hierarchical Bayes, Grant et al, ICLR

2018

> Gradient-based meta-learning with learned layerwise metric and and subspace, Lee

et al, ICML 2018
> Probabilistic Model-agnostic meta learning, Finn et al, Jun 2018

> Bayesian Model-Agnostic Meta-Learning, Kim et al, Jun 2018
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