
CS 330

Black-Box Meta-Learning



Logistics

Homework 1 due Wednesday October 12

Project group form due Monday, October 10



Plan for Today
Meta-Learning 
- Problem formulation 
- General recipe of meta-learning algorithms 
- Black-box adaptation approaches 
- Case study of GPT-3 (time-permitting)

Goals for by the end of lecture: 
- Training set-up for few-shot meta-learning algorithms 
- How to implement black-box meta-learning techniques

Topic of Homework 1!}



Plan for Today
Meta-Learning 
- Problem formulation 
- General recipe of meta-learning algorithms 
- Black-box adaptation approaches 
- Case study of GPT-3 (time-permitting)



Key assumption: meta-training tasks and meta-test task drawn i.i.d. from same task distribution

What do the tasks correspond to?
- recognizing handwritten digits from different languages (see homework 1!)

- giving feedback to students on different exams

- classifying species in different regions of the world

- a robot performing different tasks

How many tasks do you need? The more the better.

Like before, tasks must share structure.

(analogous to more data in ML)

Meta-Learning Problem 
Transfer Learning with Many Source Tasks

Given data from  , solve new task  more quickly / proficiently / stably𝒯1, …, 𝒯n 𝒯test
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 , 𝒯1, …, 𝒯n ∼ p(𝒯) 𝒯test ∼ p(𝒯)



Two ways to view meta-learning algorithms

Mechanistic	view

➢ Deep	network	that	can	read	in	an	entire	
dataset	and	make	predictions	for	new	
datapoints	

➢ Training	this	network	uses	a	meta-dataset,	
which	itself	consists	of	many	datasets,	each	
for	a	different	task

Probabilistic	view

➢ Extract	prior	knowledge	from	a	set	of	tasks	
that	allows	efficient	learning	of	new	tasks	

➢ Learning	a	new	task	uses	this	prior	and	(small)	
training	set	to	infer	most	likely	posterior	
parameters



How does meta-learning work? An example.
Given 1 example of 5 classes: Classify new examples

training data test set



How does meta-learning work? An example.

meta-training
training 
classes

… …

meta-testing Ttest

Given 1 example of 5 classes: Classify new examples

training data test set

regression, language	generaCon, skill	learning,
any	ML	
problemCan replace image classifica8on with:



“support set”

Some terminology

“query set”

Dtest
itask test datasetDtr

itask training set

k-shot learning: learning with k examples per class N-way classification: choosing between N classes
(or k examples total for regression)

Question: What are k and N for the above example?



Plan for Today
Transfer Learning 
- Problem formulation 
- Fine-tuning 

Meta-Learning 
- Problem formulation 
- General recipe of meta-learning algorithms 
- Black-box adaptation approaches 
- Case study of GPT-3 (time-permitting)



One View on the Meta-Learning Problem

Inputs: Outputs:

Supervised Learning:

Meta Supervised Learning:

Inputs: Outputs:

Data:

Data:

Why is this view useful? 
Reduces the meta-learning problem to the design & optimization of .f

{

Finn. Learning to Learn with Gradients. PhD Thesis. 2018

Dtr
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General	recipe
How	to	design	a	meta-learning	algorithm 

1. Choose a form of  

2. Choose how to op8mize      w.r.t. max-likelihood objec8ve using meta-training data✓

meta-parameters



Plan for Today
Meta-Learning 
- Problem formulation 
- General recipe of meta-learning algorithms 
- Black-box adaptation approaches 
- Case study of GPT-3 (time-permitting)



Running	example

the “transpose” of MNIST

many	classes, few	examples
1623	characters from 50	different	alphabets

Omniglot	dataset Lake et al. Science 2015

…
sta8s8cs more reflec8ve 

of the	real	world
20	instances of each character

More few-shot	image	recogniCon	datasets: 8eredImageNet, CIFAR, CUB, CelebA, ORBIT, others

More benchmarks: molecular property predic8on (Ngyugen et al. ’20), object pose predic8on (Yin et al. ICLR ’20), channel coding (Li et al. ’21)

*whiteboard*



Dtr
i

�i

Key	idea:	Train a neural network to represent 

Train with standard supervised learning!

L(�i,Dtest
i )

Dtest
i

f✓

g�i

yts

xts

Black-Box	AdaptaCon

�i = f✓(Dtr
i )

Predict test points with yts = g�i(x
ts)

<latexit sha1_base64="ok4DF6KGiHohsukztFevDS2nAak="></latexit><latexit sha1_base64="ok4DF6KGiHohsukztFevDS2nAak="></latexit><latexit sha1_base64="ok4DF6KGiHohsukztFevDS2nAak="></latexit><latexit sha1_base64="ok4DF6KGiHohsukztFevDS2nAak="></latexit>

“learner"



Black-Box	AdaptaCon

1. Sample task Ti
2. Sample disjoint datasets Dtr

i ,Dtest
i from Di

(or mini batch of tasks)

Di

Dtr
i Dtest

i

Dtr
i

�i

Dtest
i

f✓

g�i

yts

xts

Key	idea:	Train a neural network to represent                           . �i = f✓(Dtr
i )



Black-Box	AdaptaCon

1. Sample task Ti
2. Sample disjoint datasets Dtr

i ,Dtest
i from Di

(or mini batch of tasks)

3. Compute �i  f✓(Dtr
i )

4. Update ✓ using r✓L(�i,Dtest
i )

Dtr
i Dtest

i

Dtr
i

�i

Dtest
i

f✓

g�i

yts

xts

Key	idea:	Train a neural network to represent                           . �i = f✓(Dtr
i )



Black-Box	AdaptaCon

Challenge
Outpu\ng all neural net parameters does not seem scalable?

�i

Dtr
i

f✓

represents contextual task informa8onhi

low-dimensional vector hi

general	form:

Dtest
i

yts

xts

g�i

yts = f✓(Dtr
i , x

ts)

(Santoro et al. MANN, Mishra et al. SNAIL)
Idea: Do not need to output all parameters of neural net, only sufficient sta8s8cs

�i = {hi, ✓g}

recall:

18

Key	idea:	Train a neural network to represent                           . �i = f✓(Dtr
i )



Black-Box	AdaptaCon	Architectures

19

Meta-Learning	with	Memory-Augmented	Neural	Networks 
Santoro, Bartunov, Botvinick, Wierstra, Lillicrap. ICML ‘16

LSTMs or Neural turing machine (NTM)

Feedforward + average

CondiConal	Neural	Processes. Garnelo, Rosenbaum, Maddison, 
Ramalho, Saxton, Shanahan, Teh, Rezende, Eslami. ICML ‘18

Other external 
memory mechanisms

Meta	Networks 
Munkhdalai, Yu. ICML ‘17

Convolu8ons & aien8on

A	Simple	Neural	ATenCve	Meta-Learner 
Mishra, Rohaninejad, Chen, Abbeel. ICLR ‘18

Question: Why might feedforward+average be better than a recurrent model?

HW 1: 
- implement data processing 
- implement simple black-box meta-learner 
- train few-shot Omniglot classifier



Black-Box	AdaptaCon

+ expressive 
+ easy to combine with variety	of	learning	
problems (e.g. SL, RL) 

- complex	model w/ complex	task: 
challenging	opAmizaAon problem 
- oken data-inefficientDtr

i

�i

Dtest
i

f✓

g�i

Next	&me	(Monday):	What if we treat it as an opAmizaAon procedure?

yts

xts

Key	idea:	Train a neural network to represent                           . �i = f✓(Dtr
i )

How else can we represent                         ? �i = f✓(Dtr
i )



Plan for Today
Meta-Learning 
- Problem formulation 
- General recipe of meta-learning algorithms 
- Black-box adaptation approaches 
- Case study of GPT-3 (time-permitting)



Case Study: GPT-3

May 2020

“emergent” few-shot learning



What is GPT-3?

black-box meta-learner trained on language generation tasks

architecture: giant “Transformer” network 175 billion parameters, 96 layers, 3.2M batch size

: sequence of characters𝒟tr
i : the following sequence of characters𝒟ts

i

[meta-training] dataset: crawled data from the internet, English-language Wikipedia, two books corpora

a language model

What do different tasks correspond to? spelling correction
simple math problems
translating between languages
a variety of other tasks

How can those tasks all be solved by a single architecture?



How can those tasks all be solved by a single architecture? Put them all in the form of text!

spelling correctionsimple math problems translating between languages

Why is that a good idea? Very easy to get a lot of meta-training data.



Some Results
One-shot learning from 
dictionary definitions:

Few-shot language 
editing:

Non-few-shot learning 
tasks:



General Notes & Takeaways
The results are extremely impressive.

The model fails in unintuitive ways.

Source: https://lacker.io/ai/2020/07/06/giving-gpt-3-a-turing-test.html

Source: https://github.com/shreyashankar/gpt3-sandbox/blob/master/docs/priming.md

The choice of  at test time is important. (“prompting”)𝒟tr
i

The model is far from perfect.



What is needed for few-shot learning to emerge?

Data: - temporal correlation 
- dynamic meaning of words

Model: - large capacity models

transformers > RNNs
large models > small models

An active research topic!

Chan, Santoro, Lampinen, Wang, Singh, Richemond, McClelland, Hill. Data Distributional Properties Drive Emergent In-Context Learning in Transformers. ‘22
Brown*, Mann*, Ryder*, Subbiah* et al. Language Models are Few-Shot Learners. ‘20



Plan for Today
Meta-Learning 
- Problem formulation 
- General recipe of meta-learning algorithms 
- Black-box adaptation approaches 
- Case study of GPT-3 (time-permitting)

Goals for by the end of lecture: 
- Training set-up for few-shot meta-learning algorithms 
- How to implement black-box meta-learning techniques

Topic of Homework 1!}



Reminders

Next time: Optimization-based meta-learning

Homework 1 due Wednesday October 12

Project group form due Monday, October 10


