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“Definitions demand reduction and reduction demands going to a 
lower rung. ”

                      — Judea Pearl, “The book of why”.
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“The new form of game can be described in terms of a game which 
we call the ‘imitation game’ ”.

“Instead of trying to produce a programme to simulate the adult 
mind, why not rather try to produce one which simulates the child’s?

— Alan Turing, “Computing Machinery and Intelligence”, 1950.
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Missing from Current ML: 
Understanding & Generalization -
Beyond the Training Distribution

• Learning	theory only deals	with generalization
within the	same distribution
• Models learn but	do	not	generalize well (or	have	
high	sample complexity when adapting)	to	
modified distributions,	non-stationarities,	etc.
• Humans do	a	lot	better!!!

Yoshua Bengio, “From Conscious Processing to System 2 Deep Learning”
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SYSTEM 1 VS. SYSTEM 2 COGNITION
2 systems (and categories of cognitive tasks):

System 1
• Intuitive, fast, UNCONSCIOUS, 1-

step parallel, non-linguistic, habitual
• Implicit knowledge
• Current DL

System 2
• Slow, logical, sequential, CONSCIOUS, 

linguistic, algorithmic, planning, reasoning
• Explicit knowledge
• DL 2.0

Manipulates high-level / 
semantic concepts, which can 

be recombined 
combinatorially
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Model of the Environment
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state

Lecture 1: Introduction to Reinforcement Learning

The RL Problem

Environments

Agent and Environment

observation

reward

action

At

Rt

Ot At each step t the agent:
Executes action At

Receives observation Ot

Receives scalar reward Rt

The environment:
Receives action At

Emits observation Ot+1

Emits scalar reward Rt+1

t increments at env. step

action

agent environment
utility

To make decisions in the environment, the agent usually needs a model 
of the environment to know how the things go on.

Where does this model come from?
Given by the problem (external) or built by the agent? (internal)



Internal vs. External Model
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partial
state

action

agent
environment

(external model)utility

A decision-making agent can make use of external model when available,
or build its own internal model when unavailable.

internal model
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World	Model,	External Policy	&	Internal Policy

Exploratory/
reasoning
agent

World model

Real world

Experiment / actions / queries

Updated world model

Experimental results / data

Learning 
compositional
knowledge

Imagined
experiment

Imagined
outcome

Learns to imagine useful experiments

Model-based RL
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world model
a

predicts possible future world
states caused by imagined

actions proposed by the actor configurator short-term memory
a

keeps track of the current
and predicted world states

and associated intrinsic cost

perception
a

estimates the current state
of the world

actor
intrinsic cost critic

not trainable, 
hard-wired

trainable, 
predicts future
intrinsic cost

cost
Figure 1: The modular structure of an autonomous AI proposed by LeCun in Ref. [6].
Drawings generated by DALL-E 2 [12].

of Daniel Kahneman’s “System 2”2) takes into account an intent in contrary to feed-
forward subconscious computation (analogously to “System 1”). The possible approach
is designing reasoning and planning as energy minimization.

3. Learning to plan complex action sequences that require hierarchical representations
of action plans.

2.3 New paradigm to autonomous intelligence

In Ref. [6], LeCun proposed that such an autonomous AI may have a modular structure pre-
sented in Fig. 1. We refer there for the detailed description. Here, we start by giving an
overview of the main ideas behind the proposed architecture. Then we focus on its build-
ing blocks which are self-supervised learning (SSL), energy-based models (EBMs), and latent
variables, and we introduce them in detail in the following sections.

The proposed AI architecture consists of multiple interconnected modules. The perception
module estimates the current state of the world which then may be used by the actor proposing
optimal action sequences guided by the world model which predicts (or “imagines”) future pos-
sible world states given actions of the actor. We call those connections a “perception-planning-
action cycle”. While imagining possible consequences of the actor’s actions, the world model
uses the cost module for inference. Interestingly, this cost module is proposed to be divided
into two sub-modules: the immediately calculable intrinsic cost which is hard-wired into the
architecture (i.e., not trainable) and models basic needs like pain, pleasure, hunger, and the
critic, a trainable module that predicts future values of the intrinsic cost and is influenced by
the perception module. The changes of the critic module model the external influence that is
provided by culture, norms, and other people. Moreover, there is a short-term memory mod-
ule which stores state-cost episodes that can be used by the world model when predicting the

2Daniel Kahneman is a psychologist awarded with the Nobel Prize in Economic Sciences in 2002 for his con-
tributions to understanding the psychology of judgment and decision-making (in particular, he challenged the
assumption of human rationality prevailing in modern economic theory). In his book “Thinking, Fast and Slow”,
he describes a dichotomy between two modes of thought: “System 1” which is fast, instinctive, and emotional, and
“System 2” which is slower, more deliberative, and logical [34].

6
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To Achieve Higher-Level AI
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What is still missing 
in the current AI systems?

• Learning from small data: fast learning ability from few sample.

• Learning to model the world: the foundation of OOD 
generalization ability is the ability to “imagine” new things.

• Joint learning of perception and reasoning: learning both low-
level and high-level knowledge from data: more powerful 
internal model.
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Machine learning success usually rely on massive data
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Russakovsky et al. ‘14

Under the paradigm of supervised learning.

(+ large models)

Qs: slido.com/meta
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What if you want a general-purpose AI system in the real world?
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recommenda=onstransla=on for rare languages

What if your data has a long tail?

driving scenarios
words heard

objects encountered
Interac=ons with people

big data
small data

# 
of

 d
at

ap
oi

nt
s

These seXngs break the supervised learning paradigm.
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Suppose we want to solve a learning task:
— All classes are rare classes on the tail.
— Training data for each class is small.
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These seXngs break the supervised learning paradigm.

Learning each thing from scratch won’t cut it.
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We mean a learning task to be a given      P (x, y)
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These seXngs break the supervised learning paradigm.

Learning each thing from scratch won’t cut it.

y
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We mean a learning task to be a given      P (x, y)
<latexit sha1_base64="OBFPzM21ylKuTEqtIItAXu9mWuA=">AAAB7nicbVBNSwMxEJ31s9avqkcvwSJUkLJbBT0WvXisYD+gXUo2zbah2WRJsuKy9Ed48aCIV3+PN/+NabsHbX0w8Hhvhpl5QcyZNq777aysrq1vbBa2its7u3v7pYPDlpaJIrRJJJeqE2BNORO0aZjhtBMriqOA03Ywvp367UeqNJPiwaQx9SM8FCxkBBsrtRuVp3OUnvVLZbfqzoCWiZeTMuRo9EtfvYEkSUSFIRxr3fXc2PgZVoYRTifFXqJpjMkYD2nXUoEjqv1sdu4EnVplgEKpbAmDZurviQxHWqdRYDsjbEZ60ZuK/3ndxITXfsZEnBgqyHxRmHBkJJr+jgZMUWJ4agkmitlbERlhhYmxCRVtCN7iy8ukVat6F9Xa/WW5fpPHUYBjOIEKeHAFdbiDBjSBwBie4RXenNh5cd6dj3nripPPHMEfOJ8/6YeOog==</latexit>



The Power of Inductive Bias

18

• To reduce the dependence on data, a correct prior is necessary.

What is a good learning algorithm?
Inductive bias plus data-modeling mechanism

P (�|D) / P (�)P (D|�)
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• To reduce the dependence on data, a correct prior is necessary.

What is a good learning algorithm?
Inductive bias plus data-modeling mechanism

How might you get a machine to accomplish this task?

Fine-tuning from ImageNet features

SIFT features, HOG features + SVM

Modeling image forma=on

Geometry

???

Can we explicitly learn priors from previous experience 
that lead to efficient downstream learning?

Domain adapta=on from other painters

Fewer human priors, 
more data -driven priors

Greater success.

Can we learn to learn?Qs: slido.com/meta

Where to obtain the good inductive bias (prior)?

P (�|D) / P (�)P (D|�)
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Meta-learning is learning-to-learn:
Learn a inductive bias from previous learning experiences.
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• The objective is to solve new learning tasks with the learned 
inductive bias efficiently.

• For out tail classification problems, we expect to learn a good 
prior by solving many learning tasks during meta-training, in order 
to solve a new learning task during meta-testing.  

Meta-learning is learning-to-learn:
Learn a inductive bias from previous learning experiences.
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• The objective is to solve new learning tasks with the learned 
inductive bias efficiently.

• For out tail classification problems, we expect to learn a good 
prior by solving many learning tasks during meta-training, in order 
to solve a new learning task during meta-testing.  

Meta-learning is learning-to-learn:
Learn a inductive bias from previous learning experiences.

How to achieve this? 
Learn a good model initialization?

Learn a good feature representation?
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Problem definitions

What is wrong with this?

➢ The most powerful models typically require large amounts of labeled data 
➢ Labeled data for some tasks may be very limited

model parameters training data labelinput (e.g., image)

data likelihood regularizer (e.g., weight decay)

Qs: slido.com/meta

• Training data: 

• Learning objective:

Problem definitions

Image adapted from Ravi & LarochelleQs: slido.com/meta

Problem definitions

What is wrong with this?

➢ The most powerful models typically require large amounts of labeled data 
➢ Labeled data for some tasks may be very limited

model parameters training data labelinput (e.g., image)

data likelihood regularizer (e.g., weight decay)

Qs: slido.com/meta

If data is sufficient, we can totally ignore the prior and fully 
learn from data.

argmax
�

log p(D|�)
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Problem definitions

What is wrong with this?

➢ The most powerful models typically require large amounts of labeled data 
➢ Labeled data for some tasks may be very limited

model parameters training data labelinput (e.g., image)

data likelihood regularizer (e.g., weight decay)

Qs: slido.com/meta

Problem definitions

Image adapted from Ravi & LarochelleQs: slido.com/meta

argmax
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log p(�|D,Dmeta-train)
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What is wrong with this?

➢ The most powerful models typically require large amounts of labeled data 
➢ Labeled data for some tasks may be very limited

model parameters training data labelinput (e.g., image)

data likelihood regularizer (e.g., weight decay)

Qs: slido.com/meta
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= argmax
�

log{E�0 [p(�|D,�0)p(�0|Dmeta-train)]}
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argmax
�

log p(�|D,Dmeta-train)
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<latexit sha1_base64="CkdbT13m0RALprDehsxto1dKNvg=">AAACEXicbVA9SwNBEN3z2/gVtbRZDEIsDHcqaClqYalgVMiFY24zMYt7e8funBjO/AUb/4qNhSK2dnb+GzcxhV8PBh7vzTAzL86UtOT7H97I6Nj4xOTUdGlmdm5+oby4dGbT3Aisi1Sl5iIGi0pqrJMkhReZQUhihefx1UHfP79GY2WqT6mbYTOBSy3bUgA5KSpXs2qYdWTk34YJUEeA4odRERLeUJEgwQYZkLrXW4/KFb/mD8D/kmBIKmyI46j8HrZSkSeoSSiwthH4GTULMCSFwl4pzC1mIK7gEhuOakjQNovBRz2+5pQWb6fGlSY+UL9PFJBY201i19k/2/72+uJ/XiOn9m6zkDrLCbX4WtTOFaeU9+PhLWlQkOo6AsJIdysXHTAgyIVYciEEv1/+S842a8FWbfNku7K3P4xjiq2wVVZlAdthe+yIHbM6E+yOPbAn9uzde4/ei/f61TriDWeW2Q94b5/OIp2k</latexit>

Problem definitions

What is wrong with this?

➢ The most powerful models typically require large amounts of labeled data 
➢ Labeled data for some tasks may be very limited

model parameters training data labelinput (e.g., image)

data likelihood regularizer (e.g., weight decay)

Qs: slido.com/meta

Problem definitions

Image adapted from Ravi & LarochelleQs: slido.com/meta

⇡ argmax
�

log p(�|D,�0)
<latexit sha1_base64="DmKl2amem0/cOdsdv7+TYizNdfs=">AAACHnicbZDLSgMxFIYzXmu9VV26CRZBQcqMF3RZ1IXLCvYCnWE4k6ZtMDMJSUYsY5/Eja/ixoUigit9GzNtF95+CPx85xxyzh9JzrRx3U9nanpmdm6+sFBcXFpeWS2trTe0SBWhdSK4UK0INOUsoXXDDKctqSjEEafN6PosrzdvqNJMJFdmIGkQQy9hXUbAWBSWjnyQUolb7IPq+THchr7sM+xz0cNyJ/d3lpo+AY7P93AOQnc3LJXdijsS/mu8iSmjiWph6d3vCJLGNDGEg9Ztz5UmyEAZRjgdFv1UUwnkGnq0bW0CMdVBNjpviLct6eCuUPYlBo/o94kMYq0HcWQ781X171oO/6u1U9M9CTKWyNTQhIw/6qYcG4HzrHCHKUoMH1gDRDG7KyZ9UECMTbRoQ/B+n/zXNPYr3kFl//KwXD2dxFFAm2gL7SAPHaMqukA1VEcE3aNH9IxenAfnyXl13satU85kZgP9kPPxBSsEodU=</latexit>

= argmax
�

log{E�0 [p(�|D,�0)p(�0|Dmeta-train)]}
<latexit sha1_base64="KvnOScGiSIUMQnDWLD+3QogoKS4="></latexit>

Augment training data with meta-train data through a learned prior

argmax
�

log p(�|D,Dmeta-train)
<latexit sha1_base64="YFn4/5rvwQc6HTslHBLT0BwJkBA="></latexit>

Why prior from meta-train data can help?
Are there any further assumptions?
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• There is a task distribution    , such that any data distribution that 
defines a learning task is a sample from it:                  .    

T
<latexit sha1_base64="a44IyGS2qsEVidTEjnHzbE7mYnc=">AAAB8XicbVDLSgMxFL3js9ZX1aWbYBFclZkq6LLoxmWFvrAdyp0004ZmMkOSEUrpX7hxoYhb/8adf2OmnYW2HggczrmXnHuCRHBtXPfbWVvf2NzaLuwUd/f2Dw5LR8ctHaeKsiaNRaw6AWomuGRNw41gnUQxjALB2sH4LvPbT0xpHsuGmSTMj3AoecgpGis99iI0I4qCNPqlsltx5yCrxMtJGXLU+6Wv3iCmacSkoQK17npuYvwpKsOpYLNiL9UsQTrGIetaKjFi2p/OE8/IuVUGJIyVfdKQufp7Y4qR1pMosJNZQr3sZeJ/Xjc14Y0/5TJJDZN08VGYCmJikp1PBlwxasTEEqSK26yEjlAhNbakoi3BWz55lbSqFe+yUn24Ktdu8zoKcApncAEeXEMN7qEOTaAg4Rle4c3Rzovz7nwsRtecfOcE/sD5/AEdtpCM</latexit>

P (x, y) ⇠ T
<latexit sha1_base64="8gwBW+SM/6Mz+s+muIoIgwOmmjY=">AAACAHicbVDLSsNAFJ3UV62vqAsXbgaLUEFKUgVdFt24rNAXNKFMppN26MwkzEzEULrxV9y4UMStn+HOv3HSZqGtBy4czrmXe+8JYkaVdpxvq7Cyura+UdwsbW3v7O7Z+wdtFSUSkxaOWCS7AVKEUUFammpGurEkiAeMdILxbeZ3HohUNBJNncbE52goaEgx0kbq20eNyuM5TM+gpyiHHkd6hBGDzb5ddqrODHCZuDkpgxyNvv3lDSKccCI0ZkipnuvE2p8gqSlmZFryEkVihMdoSHqGCsSJ8iezB6bw1CgDGEbSlNBwpv6emCCuVMoD05ldqBa9TPzP6yU6vPYnVMSJJgLPF4UJgzqCWRpwQCXBmqWGICypuRXiEZIIa5NZyYTgLr68TNq1qntRrd1flus3eRxFcAxOQAW44ArUwR1ogBbAYAqewSt4s56sF+vd+pi3Fqx85hD8gfX5A2bAlQI=</latexit>
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• There is a task distribution    , such that any data distribution that 
defines a learning task is a sample from it:                  .    

• Any dataset is generated by sample          , and then sample

T
<latexit sha1_base64="a44IyGS2qsEVidTEjnHzbE7mYnc=">AAAB8XicbVDLSgMxFL3js9ZX1aWbYBFclZkq6LLoxmWFvrAdyp0004ZmMkOSEUrpX7hxoYhb/8adf2OmnYW2HggczrmXnHuCRHBtXPfbWVvf2NzaLuwUd/f2Dw5LR8ctHaeKsiaNRaw6AWomuGRNw41gnUQxjALB2sH4LvPbT0xpHsuGmSTMj3AoecgpGis99iI0I4qCNPqlsltx5yCrxMtJGXLU+6Wv3iCmacSkoQK17npuYvwpKsOpYLNiL9UsQTrGIetaKjFi2p/OE8/IuVUGJIyVfdKQufp7Y4qR1pMosJNZQr3sZeJ/Xjc14Y0/5TJJDZN08VGYCmJikp1PBlwxasTEEqSK26yEjlAhNbakoi3BWz55lbSqFe+yUn24Ktdu8zoKcApncAEeXEMN7qEOTaAg4Rle4c3Rzovz7nwsRtecfOcE/sD5/AEdtpCM</latexit>

P (x, y) ⇠ T
<latexit sha1_base64="8gwBW+SM/6Mz+s+muIoIgwOmmjY=">AAACAHicbVDLSsNAFJ3UV62vqAsXbgaLUEFKUgVdFt24rNAXNKFMppN26MwkzEzEULrxV9y4UMStn+HOv3HSZqGtBy4czrmXe+8JYkaVdpxvq7Cyura+UdwsbW3v7O7Z+wdtFSUSkxaOWCS7AVKEUUFammpGurEkiAeMdILxbeZ3HohUNBJNncbE52goaEgx0kbq20eNyuM5TM+gpyiHHkd6hBGDzb5ddqrODHCZuDkpgxyNvv3lDSKccCI0ZkipnuvE2p8gqSlmZFryEkVihMdoSHqGCsSJ8iezB6bw1CgDGEbSlNBwpv6emCCuVMoD05ldqBa9TPzP6yU6vPYnVMSJJgLPF4UJgzqCWRpwQCXBmqWGICypuRXiEZIIa5NZyYTgLr68TNq1qntRrd1flus3eRxFcAxOQAW44ArUwR1ogBbAYAqewSt4s56sF+vd+pi3Fqx85hD8gfX5A2bAlQI=</latexit>

P ⇠ T
<latexit sha1_base64="noHnS+zgLYcgk67EyVXRsTTWXuY=">AAAB+HicbVDLSsNAFL2pr1ofjbp0M1gEVyWpgi6LblxW6AuaUCbTSTt0JgkzE6GGfokbF4q49VPc+TdO2iy09cDA4Zx7uWdOkHCmtON8W6WNza3tnfJuZW//4LBqHx13VZxKQjsk5rHsB1hRziLa0Uxz2k8kxSLgtBdM73K/90ilYnHU1rOE+gKPIxYygrWRhna15SkmPIH1hGCO2kO75tSdBdA6cQtSgwKtof3ljWKSChppwrFSA9dJtJ9hqRnhdF7xUkUTTKZ4TAeGRlhQ5WeL4HN0bpQRCmNpXqTRQv29kWGh1EwEZjJPqFa9XPzPG6Q6vPEzFiWpphFZHgpTjnSM8hbQiElKNJ8ZgolkJisiEywx0aariinBXf3yOuk26u5lvfFwVWveFnWU4RTO4AJcuIYm3EMLOkAghWd4hTfryXqx3q2P5WjJKnZO4A+szx9dEpLk</latexit>

D ⇠ P
<latexit sha1_base64="XFo1WRsHqRUpH8AueUkG8TdWcw4=">AAAB+XicbVDLSgMxFL3js9bXqEs3wSK4KjNV0GVRFy4r2Ad0hpJJM21okhmSTKEM/RM3LhRx65+4829M21lo64HA4dxzuScnSjnTxvO+nbX1jc2t7dJOeXdv/+DQPTpu6SRThDZJwhPVibCmnEnaNMxw2kkVxSLitB2N7mbz9pgqzRL5ZCYpDQUeSBYzgo2Veq4bCGyGBHN0H2gmUKPnVryqNwdaJX5BKlDA+r+CfkIyQaUhHGvd9b3UhDlWhhFOp+Ug0zTFZIQHtGupxILqMJ8nn6Jzq/RRnCj7pEFz9fdGjoXWExFZ5yynXp7NxP9m3czEN2HOZJoZKsniUJxxZBI0qwH1maLE8IklmChmsyIyxAoTY8sq2xL85S+vklat6l9Wa49XlfptUUcJTuEMLsCHa6jDAzSgCQTG8Ayv8Obkzovz7nwsrGtOsXMCf+B8/gCepZL+</latexit>
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• There is a task distribution    , such that any data distribution that 
defines a learning task is a sample from it:                  .    

• Any dataset is generated by sample          , and then sample

T
<latexit sha1_base64="a44IyGS2qsEVidTEjnHzbE7mYnc=">AAAB8XicbVDLSgMxFL3js9ZX1aWbYBFclZkq6LLoxmWFvrAdyp0004ZmMkOSEUrpX7hxoYhb/8adf2OmnYW2HggczrmXnHuCRHBtXPfbWVvf2NzaLuwUd/f2Dw5LR8ctHaeKsiaNRaw6AWomuGRNw41gnUQxjALB2sH4LvPbT0xpHsuGmSTMj3AoecgpGis99iI0I4qCNPqlsltx5yCrxMtJGXLU+6Wv3iCmacSkoQK17npuYvwpKsOpYLNiL9UsQTrGIetaKjFi2p/OE8/IuVUGJIyVfdKQufp7Y4qR1pMosJNZQr3sZeJ/Xjc14Y0/5TJJDZN08VGYCmJikp1PBlwxasTEEqSK26yEjlAhNbakoi3BWz55lbSqFe+yUn24Ktdu8zoKcApncAEeXEMN7qEOTaAg4Rle4c3Rzovz7nwsRtecfOcE/sD5/AEdtpCM</latexit>

P (x, y) ⇠ T
<latexit sha1_base64="8gwBW+SM/6Mz+s+muIoIgwOmmjY=">AAACAHicbVDLSsNAFJ3UV62vqAsXbgaLUEFKUgVdFt24rNAXNKFMppN26MwkzEzEULrxV9y4UMStn+HOv3HSZqGtBy4czrmXe+8JYkaVdpxvq7Cyura+UdwsbW3v7O7Z+wdtFSUSkxaOWCS7AVKEUUFammpGurEkiAeMdILxbeZ3HohUNBJNncbE52goaEgx0kbq20eNyuM5TM+gpyiHHkd6hBGDzb5ddqrODHCZuDkpgxyNvv3lDSKccCI0ZkipnuvE2p8gqSlmZFryEkVihMdoSHqGCsSJ8iezB6bw1CgDGEbSlNBwpv6emCCuVMoD05ldqBa9TPzP6yU6vPYnVMSJJgLPF4UJgzqCWRpwQCXBmqWGICypuRXiEZIIa5NZyYTgLr68TNq1qntRrd1flus3eRxFcAxOQAW44ArUwR1ogBbAYAqewSt4s56sF+vd+pi3Fqx85hD8gfX5A2bAlQI=</latexit>

P ⇠ T
<latexit sha1_base64="noHnS+zgLYcgk67EyVXRsTTWXuY=">AAAB+HicbVDLSsNAFL2pr1ofjbp0M1gEVyWpgi6LblxW6AuaUCbTSTt0JgkzE6GGfokbF4q49VPc+TdO2iy09cDA4Zx7uWdOkHCmtON8W6WNza3tnfJuZW//4LBqHx13VZxKQjsk5rHsB1hRziLa0Uxz2k8kxSLgtBdM73K/90ilYnHU1rOE+gKPIxYygrWRhna15SkmPIH1hGCO2kO75tSdBdA6cQtSgwKtof3ljWKSChppwrFSA9dJtJ9hqRnhdF7xUkUTTKZ4TAeGRlhQ5WeL4HN0bpQRCmNpXqTRQv29kWGh1EwEZjJPqFa9XPzPG6Q6vPEzFiWpphFZHgpTjnSM8hbQiElKNJ8ZgolkJisiEywx0aariinBXf3yOuk26u5lvfFwVWveFnWU4RTO4AJcuIYm3EMLOkAghWd4hTfryXqx3q2P5WjJKnZO4A+szx9dEpLk</latexit>

D ⇠ P
<latexit sha1_base64="XFo1WRsHqRUpH8AueUkG8TdWcw4=">AAAB+XicbVDLSgMxFL3js9bXqEs3wSK4KjNV0GVRFy4r2Ad0hpJJM21okhmSTKEM/RM3LhRx65+4829M21lo64HA4dxzuScnSjnTxvO+nbX1jc2t7dJOeXdv/+DQPTpu6SRThDZJwhPVibCmnEnaNMxw2kkVxSLitB2N7mbz9pgqzRL5ZCYpDQUeSBYzgo2Veq4bCGyGBHN0H2gmUKPnVryqNwdaJX5BKlDA+r+CfkIyQaUhHGvd9b3UhDlWhhFOp+Ug0zTFZIQHtGupxILqMJ8nn6Jzq/RRnCj7pEFz9fdGjoXWExFZ5yynXp7NxP9m3czEN2HOZJoZKsniUJxxZBI0qwH1maLE8IklmChmsyIyxAoTY8sq2xL85S+vklat6l9Wa49XlfptUUcJTuEMLsCHa6jDAzSgCQTG8Ayv8Obkzovz7nwsrGtOsXMCf+B8/gCepZL+</latexit>

What is a task distribution? This is maybe the trickiest thing in meta-learning. 
After all, it defines the relationship among learning tasks.
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• There is a task distribution    , such that any data distribution that 
defines a learning task is a sample from it:                  .    

• Any dataset is generated by sample          , and then sample

• Given any dataset     and prior     ,  a learning algorithm               
exists to output    .   

T
<latexit sha1_base64="a44IyGS2qsEVidTEjnHzbE7mYnc=">AAAB8XicbVDLSgMxFL3js9ZX1aWbYBFclZkq6LLoxmWFvrAdyp0004ZmMkOSEUrpX7hxoYhb/8adf2OmnYW2HggczrmXnHuCRHBtXPfbWVvf2NzaLuwUd/f2Dw5LR8ctHaeKsiaNRaw6AWomuGRNw41gnUQxjALB2sH4LvPbT0xpHsuGmSTMj3AoecgpGis99iI0I4qCNPqlsltx5yCrxMtJGXLU+6Wv3iCmacSkoQK17npuYvwpKsOpYLNiL9UsQTrGIetaKjFi2p/OE8/IuVUGJIyVfdKQufp7Y4qR1pMosJNZQr3sZeJ/Xjc14Y0/5TJJDZN08VGYCmJikp1PBlwxasTEEqSK26yEjlAhNbakoi3BWz55lbSqFe+yUn24Ktdu8zoKcApncAEeXEMN7qEOTaAg4Rle4c3Rzovz7nwsRtecfOcE/sD5/AEdtpCM</latexit>

P (x, y) ⇠ T
<latexit sha1_base64="8gwBW+SM/6Mz+s+muIoIgwOmmjY=">AAACAHicbVDLSsNAFJ3UV62vqAsXbgaLUEFKUgVdFt24rNAXNKFMppN26MwkzEzEULrxV9y4UMStn+HOv3HSZqGtBy4czrmXe+8JYkaVdpxvq7Cyura+UdwsbW3v7O7Z+wdtFSUSkxaOWCS7AVKEUUFammpGurEkiAeMdILxbeZ3HohUNBJNncbE52goaEgx0kbq20eNyuM5TM+gpyiHHkd6hBGDzb5ddqrODHCZuDkpgxyNvv3lDSKccCI0ZkipnuvE2p8gqSlmZFryEkVihMdoSHqGCsSJ8iezB6bw1CgDGEbSlNBwpv6emCCuVMoD05ldqBa9TPzP6yU6vPYnVMSJJgLPF4UJgzqCWRpwQCXBmqWGICypuRXiEZIIa5NZyYTgLr68TNq1qntRrd1flus3eRxFcAxOQAW44ArUwR1ogBbAYAqewSt4s56sF+vd+pi3Fqx85hD8gfX5A2bAlQI=</latexit>

P ⇠ T
<latexit sha1_base64="noHnS+zgLYcgk67EyVXRsTTWXuY=">AAAB+HicbVDLSsNAFL2pr1ofjbp0M1gEVyWpgi6LblxW6AuaUCbTSTt0JgkzE6GGfokbF4q49VPc+TdO2iy09cDA4Zx7uWdOkHCmtON8W6WNza3tnfJuZW//4LBqHx13VZxKQjsk5rHsB1hRziLa0Uxz2k8kxSLgtBdM73K/90ilYnHU1rOE+gKPIxYygrWRhna15SkmPIH1hGCO2kO75tSdBdA6cQtSgwKtof3ljWKSChppwrFSA9dJtJ9hqRnhdF7xUkUTTKZ4TAeGRlhQ5WeL4HN0bpQRCmNpXqTRQv29kWGh1EwEZjJPqFa9XPzPG6Q6vPEzFiWpphFZHgpTjnSM8hbQiElKNJ8ZgolkJisiEywx0aariinBXf3yOuk26u5lvfFwVWveFnWU4RTO4AJcuIYm3EMLOkAghWd4hTfryXqx3q2P5WjJKnZO4A+szx9dEpLk</latexit>

D ⇠ P
<latexit sha1_base64="XFo1WRsHqRUpH8AueUkG8TdWcw4=">AAAB+XicbVDLSgMxFL3js9bXqEs3wSK4KjNV0GVRFy4r2Ad0hpJJM21okhmSTKEM/RM3LhRx65+4829M21lo64HA4dxzuScnSjnTxvO+nbX1jc2t7dJOeXdv/+DQPTpu6SRThDZJwhPVibCmnEnaNMxw2kkVxSLitB2N7mbz9pgqzRL5ZCYpDQUeSBYzgo2Veq4bCGyGBHN0H2gmUKPnVryqNwdaJX5BKlDA+r+CfkIyQaUhHGvd9b3UhDlWhhFOp+Ug0zTFZIQHtGupxILqMJ8nn6Jzq/RRnCj7pEFz9fdGjoXWExFZ5yynXp7NxP9m3czEN2HOZJoZKsniUJxxZBI0qwH1maLE8IklmChmsyIyxAoTY8sq2xL85S+vklat6l9Wa49XlfptUUcJTuEMLsCHa6jDAzSgCQTG8Ayv8Obkzovz7nwsrGtOsXMCf+B8/gCepZL+</latexit>

What is a task distribution? This is maybe the trickiest thing in meta-learning. 
After all, it defines the relationship among learning tasks.

A(D,�0)
<latexit sha1_base64="8fQJn0eDC2VPgkeC/Wplal+YHR8=">AAACB3icbZDLSsNAFIYn9VbrLepSkMEiVJCSVEGX9bJwWcFeoAlhMp20QyeTMDMRSujOja/ixoUibn0Fd76NkzaItv4w8PGfc5hzfj9mVCrL+jIKC4tLyyvF1dLa+sbmlrm905JRIjBp4ohFouMjSRjlpKmoYqQTC4JCn5G2P7zK6u17IiSN+J0axcQNUZ/TgGKktOWZ+06I1AAjBi8qP3h9DJ14QD3ryDPLVtWaCM6DnUMZ5Gp45qfTi3ASEq4wQ1J2bStWboqEopiRcclJJIkRHqI+6WrkKCTSTSd3jOGhdnowiIR+XMGJ+3siRaGUo9DXndmqcraWmf/VuokKzt2U8jhRhOPpR0HCoIpgFgrsUUGwYiMNCAuqd4V4gATCSkdX0iHYsyfPQ6tWtU+qtdvTcv0yj6MI9sABqAAbnIE6uAEN0AQYPIAn8AJejUfj2Xgz3qetBSOf2QV/ZHx8A5U0l9U=</latexit>

D
<latexit sha1_base64="+CjgURKZledbUP1GmpUPE8PjH8s=">AAAB8XicbVDLSgMxFL3js9ZX1aWbYBFclZkq6LKoC5cV7APboWTSO21oJjMkGaGU/oUbF4q49W/c+Tdm2llo64HA4Zx7ybknSATXxnW/nZXVtfWNzcJWcXtnd2+/dHDY1HGqGDZYLGLVDqhGwSU2DDcC24lCGgUCW8HoJvNbT6g0j+WDGSfoR3QgecgZNVZ67EbUDBkV5LZXKrsVdwayTLyclCFHvVf66vZjlkYoDRNU647nJsafUGU4EzgtdlONCWUjOsCOpZJGqP3JLPGUnFqlT8JY2ScNmam/NyY00nocBXYyS6gXvUz8z+ukJrzyJ1wmqUHJ5h+FqSAmJtn5pM8VMiPGllCmuM1K2JAqyowtqWhL8BZPXibNasU7r1TvL8q167yOAhzDCZyBB5dQgzuoQwMYSHiGV3hztPPivDsf89EVJ985gj9wPn8ABXaQfA==</latexit>

�0
<latexit sha1_base64="3c4WabXFFyvYB5s1hjDOXrdfu/0=">AAAB7XicbVBNSwMxEJ3Ur1q/qh69BIvgqexWQY9FLx4r2A9ol5JNs21sNlmSrFCW/gcvHhTx6v/x5r8xbfegrQ8GHu/NMDMvTAQ31vO+UWFtfWNzq7hd2tnd2z8oHx61jEo1ZU2qhNKdkBgmuGRNy61gnUQzEoeCtcPx7cxvPzFtuJIPdpKwICZDySNOiXVSq5eMeN/rlyte1ZsDrxI/JxXI0eiXv3oDRdOYSUsFMabre4kNMqItp4JNS73UsITQMRmyrqOSxMwE2fzaKT5zygBHSruSFs/V3xMZiY2ZxKHrjIkdmWVvJv7ndVMbXQcZl0lqmaSLRVEqsFV49joecM2oFRNHCNXc3YrpiGhCrQuo5ELwl19eJa1a1b+o1u4vK/WbPI4inMApnIMPV1CHO2hAEyg8wjO8whtS6AW9o49FawHlM8fwB+jzBzsQjuY=</latexit>

�
<latexit sha1_base64="U7EeqmYiKeTo/r/N2HofpG7Xero=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0lqQY9FLx4r2A9oQ9lsN83S3U3Y3Qgl9C948aCIV/+QN/+NmzYHbX0w8Hhvhpl5QcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJV8epIrRDYh6rfoA15UzSjmGG036iKBYBp71gepf7vSeqNIvlo5kl1Bd4IlnICDa5NEwiNqrW3Lq7AFonXkFqUKA9qn4NxzFJBZWGcKz1wHMT42dYGUY4nVeGqaYJJlM8oQNLJRZU+9ni1jm6sMoYhbGyJQ1aqL8nMiy0nonAdgpsIr3q5eJ/3iA14Y2fMZmkhkqyXBSmHJkY5Y+jMVOUGD6zBBPF7K2IRFhhYmw8FRuCt/ryOuk26t5VvfHQrLVuizjKcAbncAkeXEML7qENHSAQwTO8wpsjnBfn3flYtpacYuYU/sD5/AEU1o5D</latexit>
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• There is a task distribution    , such that any data distribution that 
defines a learning task is a sample from it:                  .    

• Any dataset is generated by sample          , and then sample

• Given any dataset     and prior     ,  a learning algorithm               
exists to output    .   

• The meta-learning objective is to learn prior       to minimize the 
transfer risk:                           

T
<latexit sha1_base64="a44IyGS2qsEVidTEjnHzbE7mYnc=">AAAB8XicbVDLSgMxFL3js9ZX1aWbYBFclZkq6LLoxmWFvrAdyp0004ZmMkOSEUrpX7hxoYhb/8adf2OmnYW2HggczrmXnHuCRHBtXPfbWVvf2NzaLuwUd/f2Dw5LR8ctHaeKsiaNRaw6AWomuGRNw41gnUQxjALB2sH4LvPbT0xpHsuGmSTMj3AoecgpGis99iI0I4qCNPqlsltx5yCrxMtJGXLU+6Wv3iCmacSkoQK17npuYvwpKsOpYLNiL9UsQTrGIetaKjFi2p/OE8/IuVUGJIyVfdKQufp7Y4qR1pMosJNZQr3sZeJ/Xjc14Y0/5TJJDZN08VGYCmJikp1PBlwxasTEEqSK26yEjlAhNbakoi3BWz55lbSqFe+yUn24Ktdu8zoKcApncAEeXEMN7qEOTaAg4Rle4c3Rzovz7nwsRtecfOcE/sD5/AEdtpCM</latexit>

P (x, y) ⇠ T
<latexit sha1_base64="8gwBW+SM/6Mz+s+muIoIgwOmmjY=">AAACAHicbVDLSsNAFJ3UV62vqAsXbgaLUEFKUgVdFt24rNAXNKFMppN26MwkzEzEULrxV9y4UMStn+HOv3HSZqGtBy4czrmXe+8JYkaVdpxvq7Cyura+UdwsbW3v7O7Z+wdtFSUSkxaOWCS7AVKEUUFammpGurEkiAeMdILxbeZ3HohUNBJNncbE52goaEgx0kbq20eNyuM5TM+gpyiHHkd6hBGDzb5ddqrODHCZuDkpgxyNvv3lDSKccCI0ZkipnuvE2p8gqSlmZFryEkVihMdoSHqGCsSJ8iezB6bw1CgDGEbSlNBwpv6emCCuVMoD05ldqBa9TPzP6yU6vPYnVMSJJgLPF4UJgzqCWRpwQCXBmqWGICypuRXiEZIIa5NZyYTgLr68TNq1qntRrd1flus3eRxFcAxOQAW44ArUwR1ogBbAYAqewSt4s56sF+vd+pi3Fqx85hD8gfX5A2bAlQI=</latexit>

P ⇠ T
<latexit sha1_base64="noHnS+zgLYcgk67EyVXRsTTWXuY=">AAAB+HicbVDLSsNAFL2pr1ofjbp0M1gEVyWpgi6LblxW6AuaUCbTSTt0JgkzE6GGfokbF4q49VPc+TdO2iy09cDA4Zx7uWdOkHCmtON8W6WNza3tnfJuZW//4LBqHx13VZxKQjsk5rHsB1hRziLa0Uxz2k8kxSLgtBdM73K/90ilYnHU1rOE+gKPIxYygrWRhna15SkmPIH1hGCO2kO75tSdBdA6cQtSgwKtof3ljWKSChppwrFSA9dJtJ9hqRnhdF7xUkUTTKZ4TAeGRlhQ5WeL4HN0bpQRCmNpXqTRQv29kWGh1EwEZjJPqFa9XPzPG6Q6vPEzFiWpphFZHgpTjnSM8hbQiElKNJ8ZgolkJisiEywx0aariinBXf3yOuk26u5lvfFwVWveFnWU4RTO4AJcuIYm3EMLOkAghWd4hTfryXqx3q2P5WjJKnZO4A+szx9dEpLk</latexit>

D ⇠ P
<latexit sha1_base64="XFo1WRsHqRUpH8AueUkG8TdWcw4=">AAAB+XicbVDLSgMxFL3js9bXqEs3wSK4KjNV0GVRFy4r2Ad0hpJJM21okhmSTKEM/RM3LhRx65+4829M21lo64HA4dxzuScnSjnTxvO+nbX1jc2t7dJOeXdv/+DQPTpu6SRThDZJwhPVibCmnEnaNMxw2kkVxSLitB2N7mbz9pgqzRL5ZCYpDQUeSBYzgo2Veq4bCGyGBHN0H2gmUKPnVryqNwdaJX5BKlDA+r+CfkIyQaUhHGvd9b3UhDlWhhFOp+Ug0zTFZIQHtGupxILqMJ8nn6Jzq/RRnCj7pEFz9fdGjoXWExFZ5yynXp7NxP9m3czEN2HOZJoZKsniUJxxZBI0qwH1maLE8IklmChmsyIyxAoTY8sq2xL85S+vklat6l9Wa49XlfptUUcJTuEMLsCHa6jDAzSgCQTG8Ayv8Obkzovz7nwsrGtOsXMCf+B8/gCepZL+</latexit>

What is a task distribution? This is maybe the trickiest thing in meta-learning. 
After all, it defines the relationship among learning tasks.

A(D,�0)
<latexit sha1_base64="8fQJn0eDC2VPgkeC/Wplal+YHR8=">AAACB3icbZDLSsNAFIYn9VbrLepSkMEiVJCSVEGX9bJwWcFeoAlhMp20QyeTMDMRSujOja/ixoUibn0Fd76NkzaItv4w8PGfc5hzfj9mVCrL+jIKC4tLyyvF1dLa+sbmlrm905JRIjBp4ohFouMjSRjlpKmoYqQTC4JCn5G2P7zK6u17IiSN+J0axcQNUZ/TgGKktOWZ+06I1AAjBi8qP3h9DJ14QD3ryDPLVtWaCM6DnUMZ5Gp45qfTi3ASEq4wQ1J2bStWboqEopiRcclJJIkRHqI+6WrkKCTSTSd3jOGhdnowiIR+XMGJ+3siRaGUo9DXndmqcraWmf/VuokKzt2U8jhRhOPpR0HCoIpgFgrsUUGwYiMNCAuqd4V4gATCSkdX0iHYsyfPQ6tWtU+qtdvTcv0yj6MI9sABqAAbnIE6uAEN0AQYPIAn8AJejUfj2Xgz3qetBSOf2QV/ZHx8A5U0l9U=</latexit>

D
<latexit sha1_base64="+CjgURKZledbUP1GmpUPE8PjH8s=">AAAB8XicbVDLSgMxFL3js9ZX1aWbYBFclZkq6LKoC5cV7APboWTSO21oJjMkGaGU/oUbF4q49W/c+Tdm2llo64HA4Zx7ybknSATXxnW/nZXVtfWNzcJWcXtnd2+/dHDY1HGqGDZYLGLVDqhGwSU2DDcC24lCGgUCW8HoJvNbT6g0j+WDGSfoR3QgecgZNVZ67EbUDBkV5LZXKrsVdwayTLyclCFHvVf66vZjlkYoDRNU647nJsafUGU4EzgtdlONCWUjOsCOpZJGqP3JLPGUnFqlT8JY2ScNmam/NyY00nocBXYyS6gXvUz8z+ukJrzyJ1wmqUHJ5h+FqSAmJtn5pM8VMiPGllCmuM1K2JAqyowtqWhL8BZPXibNasU7r1TvL8q167yOAhzDCZyBB5dQgzuoQwMYSHiGV3hztPPivDsf89EVJ985gj9wPn8ABXaQfA==</latexit>

�0
<latexit sha1_base64="3c4WabXFFyvYB5s1hjDOXrdfu/0=">AAAB7XicbVBNSwMxEJ3Ur1q/qh69BIvgqexWQY9FLx4r2A9ol5JNs21sNlmSrFCW/gcvHhTx6v/x5r8xbfegrQ8GHu/NMDMvTAQ31vO+UWFtfWNzq7hd2tnd2z8oHx61jEo1ZU2qhNKdkBgmuGRNy61gnUQzEoeCtcPx7cxvPzFtuJIPdpKwICZDySNOiXVSq5eMeN/rlyte1ZsDrxI/JxXI0eiXv3oDRdOYSUsFMabre4kNMqItp4JNS73UsITQMRmyrqOSxMwE2fzaKT5zygBHSruSFs/V3xMZiY2ZxKHrjIkdmWVvJv7ndVMbXQcZl0lqmaSLRVEqsFV49joecM2oFRNHCNXc3YrpiGhCrQuo5ELwl19eJa1a1b+o1u4vK/WbPI4inMApnIMPV1CHO2hAEyg8wjO8whtS6AW9o49FawHlM8fwB+jzBzsQjuY=</latexit>

�
<latexit sha1_base64="U7EeqmYiKeTo/r/N2HofpG7Xero=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0lqQY9FLx4r2A9oQ9lsN83S3U3Y3Qgl9C948aCIV/+QN/+NmzYHbX0w8Hhvhpl5QcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJV8epIrRDYh6rfoA15UzSjmGG036iKBYBp71gepf7vSeqNIvlo5kl1Bd4IlnICDa5NEwiNqrW3Lq7AFonXkFqUKA9qn4NxzFJBZWGcKz1wHMT42dYGUY4nVeGqaYJJlM8oQNLJRZU+9ni1jm6sMoYhbGyJQ1aqL8nMiy0nonAdgpsIr3q5eJ/3iA14Y2fMZmkhkqyXBSmHJkY5Y+jMVOUGD6zBBPF7K2IRFhhYmw8FRuCt/ryOuk26t5VvfHQrLVuizjKcAbncAkeXEML7qENHSAQwTO8wpsjnBfn3flYtpacYuYU/sD5/AEU1o5D</latexit>

�0
<latexit sha1_base64="3c4WabXFFyvYB5s1hjDOXrdfu/0=">AAAB7XicbVBNSwMxEJ3Ur1q/qh69BIvgqexWQY9FLx4r2A9ol5JNs21sNlmSrFCW/gcvHhTx6v/x5r8xbfegrQ8GHu/NMDMvTAQ31vO+UWFtfWNzq7hd2tnd2z8oHx61jEo1ZU2qhNKdkBgmuGRNy61gnUQzEoeCtcPx7cxvPzFtuJIPdpKwICZDySNOiXVSq5eMeN/rlyte1ZsDrxI/JxXI0eiXv3oDRdOYSUsFMabre4kNMqItp4JNS73UsITQMRmyrqOSxMwE2fzaKT5zygBHSruSFs/V3xMZiY2ZxKHrjIkdmWVvJv7ndVMbXQcZl0lqmaSLRVEqsFV49joecM2oFRNHCNXc3YrpiGhCrQuo5ELwl19eJa1a1b+o1u4vK/WbPI4inMApnIMPV1CHO2hAEyg8wjO8whtS6AW9o49FawHlM8fwB+jzBzsQjuY=</latexit>

argmin
�0

EP⇠T ,D⇠P

n
E(x,y)⇠P

⇥
L
�
A(D,�0), (x, y)

�⇤o

<latexit sha1_base64="ZWVV7h3D8vYaY0QeiARc5+FermA="></latexit>
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• The formulation of transfer risk exactly shows how to train �0
<latexit sha1_base64="3c4WabXFFyvYB5s1hjDOXrdfu/0=">AAAB7XicbVBNSwMxEJ3Ur1q/qh69BIvgqexWQY9FLx4r2A9ol5JNs21sNlmSrFCW/gcvHhTx6v/x5r8xbfegrQ8GHu/NMDMvTAQ31vO+UWFtfWNzq7hd2tnd2z8oHx61jEo1ZU2qhNKdkBgmuGRNy61gnUQzEoeCtcPx7cxvPzFtuJIPdpKwICZDySNOiXVSq5eMeN/rlyte1ZsDrxI/JxXI0eiXv3oDRdOYSUsFMabre4kNMqItp4JNS73UsITQMRmyrqOSxMwE2fzaKT5zygBHSruSFs/V3xMZiY2ZxKHrjIkdmWVvJv7ndVMbXQcZl0lqmaSLRVEqsFV49joecM2oFRNHCNXc3YrpiGhCrQuo5ELwl19eJa1a1b+o1u4vK/WbPI4inMApnIMPV1CHO2hAEyg8wjO8whtS6AW9o49FawHlM8fwB+jzBzsQjuY=</latexit>

argmin
�0

EP⇠T ,D⇠P

n
E(x,y)⇠P

⇥
L
�
A(D,�0), (x, y)

�⇤o

<latexit sha1_base64="ZWVV7h3D8vYaY0QeiARc5+FermA="></latexit>
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• The formulation of transfer risk exactly shows how to train 

• Meta-train is a bi-level optimization problem:

• Sample a task     to obtain inner train and test data

• Do inner optimization                 to obtain     

• Do inner test for    on       to obtain

• Do outer optimization on                           to update    

�0
<latexit sha1_base64="3c4WabXFFyvYB5s1hjDOXrdfu/0=">AAAB7XicbVBNSwMxEJ3Ur1q/qh69BIvgqexWQY9FLx4r2A9ol5JNs21sNlmSrFCW/gcvHhTx6v/x5r8xbfegrQ8GHu/NMDMvTAQ31vO+UWFtfWNzq7hd2tnd2z8oHx61jEo1ZU2qhNKdkBgmuGRNy61gnUQzEoeCtcPx7cxvPzFtuJIPdpKwICZDySNOiXVSq5eMeN/rlyte1ZsDrxI/JxXI0eiXv3oDRdOYSUsFMabre4kNMqItp4JNS73UsITQMRmyrqOSxMwE2fzaKT5zygBHSruSFs/V3xMZiY2ZxKHrjIkdmWVvJv7ndVMbXQcZl0lqmaSLRVEqsFV49joecM2oFRNHCNXc3YrpiGhCrQuo5ELwl19eJa1a1b+o1u4vK/WbPI4inMApnIMPV1CHO2hAEyg8wjO8whtS6AW9o49FawHlM8fwB+jzBzsQjuY=</latexit>

argmin
�0

EP⇠T ,D⇠P

n
E(x,y)⇠P

⇥
L
�
A(D,�0), (x, y)

�⇤o

<latexit sha1_base64="ZWVV7h3D8vYaY0QeiARc5+FermA="></latexit>

P
<latexit sha1_base64="bzZbWfGTwOVHfOXRUHQsbNaA++g=">AAAB6HicbVDLSgMxFL1TX7W+qi7dBIvgqsxUQZdFNy5bsA9oB8mkd9rYTGZIMkIZ+gVuXCji1k9y59+YtrPQ1gOBwznnkntPkAiujet+O4W19Y3NreJ2aWd3b/+gfHjU1nGqGLZYLGLVDahGwSW2DDcCu4lCGgUCO8H4duZ3nlBpHst7M0nQj+hQ8pAzaqzUbDyUK27VnYOsEi8nFchh81/9QczSCKVhgmrd89zE+BlVhjOB01I/1ZhQNqZD7FkqaYTaz+aLTsmZVQYkjJV90pC5+nsio5HWkyiwyYiakV72ZuJ/Xi814bWfcZmkBiVbfBSmgpiYzK4mA66QGTGxhDLF7a6EjaiizNhuSrYEb/nkVdKuVb2Laq15Wanf5HUU4QRO4Rw8uII63EEDWsAA4Rle4c15dF6cd+djES04+cwx/IHz+QOq54zY</latexit>

Dtr,Dts
<latexit sha1_base64="QtHjRW/mxbyRjZgrbtaJ/N9EjtY=">AAACCXicbVBNS8NAEJ34WetX1KOXxSJ4kJJUQY9FPXisYD+gjWWz3bZLN5uwuxFKyNWLf8WLB0W8+g+8+W/ctDnY1gcDj/dmmJnnR5wp7Tg/1tLyyuraemGjuLm1vbNr7+03VBhLQusk5KFs+VhRzgSta6Y5bUWS4sDntOmPrjO/+UilYqG41+OIegEeCNZnBGsjdW3UCbAeEszRzUOiZXo6K6i0a5ecsjMBWiRuTkqQo9a1vzu9kMQBFZpwrFTbdSLtJVhqRjhNi51Y0QiTER7QtqECB1R5yeSTFB0bpYf6oTQlNJqofycSHCg1DnzTmZ2p5r1M/M9rx7p/6SVMRLGmgkwX9WOOdIiyWFCPSUo0HxuCiWTmVkSGWGKiTXhFE4I7//IiaVTK7lm5cndeql7lcRTgEI7gBFy4gCrcQg3qQOAJXuAN3q1n69X6sD6nrUtWPnMAM7C+fgEFOpno</latexit>

A(Dtr,�0)
<latexit sha1_base64="ETnbYlhID9huNZAl8lV17Z9FQuA=">AAACDHicbVDLSgMxFM3UV62vqks3wSJUkDJTBV3Wx8JlBfuAzlgyaaYNzTxI7ghl6Ae48VfcuFDErR/gzr8x0w6irQcCh3POJfceNxJcgWl+GbmFxaXllfxqYW19Y3OruL3TVGEsKWvQUISy7RLFBA9YAzgI1o4kI74rWMsdXqZ+655JxcPgFkYRc3zSD7jHKQEtdYsl2ycwoETg8/IPvbpLQI6PsB0NeNc81CmzYk6A54mVkRLKUO8WP+1eSGOfBUAFUapjmRE4CZHAqWDjgh0rFhE6JH3W0TQgPlNOMjlmjA+00sNeKPULAE/U3xMJ8ZUa+a5OpvuqWS8V//M6MXhnTsKDKAYW0OlHXiwwhDhtBve4ZBTESBNCJde7YjogklDQ/RV0CdbsyfOkWa1Yx5XqzUmpdpHVkUd7aB+VkYVOUQ1dozpqIIoe0BN6Qa/Go/FsvBnv02jOyGZ20R8YH9/vwZpD</latexit>

�
<latexit sha1_base64="U7EeqmYiKeTo/r/N2HofpG7Xero=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0lqQY9FLx4r2A9oQ9lsN83S3U3Y3Qgl9C948aCIV/+QN/+NmzYHbX0w8Hhvhpl5QcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJV8epIrRDYh6rfoA15UzSjmGG036iKBYBp71gepf7vSeqNIvlo5kl1Bd4IlnICDa5NEwiNqrW3Lq7AFonXkFqUKA9qn4NxzFJBZWGcKz1wHMT42dYGUY4nVeGqaYJJlM8oQNLJRZU+9ni1jm6sMoYhbGyJQ1aqL8nMiy0nonAdgpsIr3q5eJ/3iA14Y2fMZmkhkqyXBSmHJkY5Y+jMVOUGD6zBBPF7K2IRFhhYmw8FRuCt/ryOuk26t5VvfHQrLVuizjKcAbncAkeXEML7qENHSAQwTO8wpsjnBfn3flYtpacYuYU/sD5/AEU1o5D</latexit>

�
<latexit sha1_base64="U7EeqmYiKeTo/r/N2HofpG7Xero=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0lqQY9FLx4r2A9oQ9lsN83S3U3Y3Qgl9C948aCIV/+QN/+NmzYHbX0w8Hhvhpl5QcKZNq777ZQ2Nre2d8q7lb39g8Oj6vFJV8epIrRDYh6rfoA15UzSjmGG036iKBYBp71gepf7vSeqNIvlo5kl1Bd4IlnICDa5NEwiNqrW3Lq7AFonXkFqUKA9qn4NxzFJBZWGcKz1wHMT42dYGUY4nVeGqaYJJlM8oQNLJRZU+9ni1jm6sMoYhbGyJQ1aqL8nMiy0nonAdgpsIr3q5eJ/3iA14Y2fMZmkhkqyXBSmHJkY5Y+jMVOUGD6zBBPF7K2IRFhhYmw8FRuCt/ryOuk26t5VvfHQrLVuizjKcAbncAkeXEML7qENHSAQwTO8wpsjnBfn3flYtpacYuYU/sD5/AEU1o5D</latexit>

Dts
<latexit sha1_base64="JcwlGyYS9+sGWE6WTJiKClKgnOo=">AAAB+HicbVDLSgNBEOz1GeMjqx69DAbBU9iNgh6DevAYwTwgWcPsZJIMmX0w0yvEJV/ixYMiXv0Ub/6Ns8keNLFgoKjqpmvKj6XQ6Djf1srq2vrGZmGruL2zu1ey9w+aOkoU4w0WyUi1faq5FCFvoEDJ27HiNPAlb/nj68xvPXKlRRTe4yTmXkCHoRgIRtFIPbvUDSiOGJXk5iFFPe3ZZafizECWiZuTMuSo9+yvbj9iScBDZJJq3XGdGL2UKhRM8mmxm2geUzamQ94xNKQB1146Cz4lJ0bpk0GkzAuRzNTfGykNtJ4EvpnMYupFLxP/8zoJDi69VIRxgjxk80ODRBKMSNYC6QvFGcqJIZQpYbISNqKKMjRdFU0J7uKXl0mzWnHPKtW783LtKq+jAEdwDKfgwgXU4Bbq0AAGCTzDK7xZT9aL9W59zEdXrHznEP7A+vwBsQOTHA==</latexit>

L(A(Dtr,�0),Dts)
<latexit sha1_base64="O2zAIH8H8kmGtibik+kwRiWusws=">AAACIHicbZDLSsNAFIYn9VbrLerSzWARWpCSVKEu62XhwkUFe4Emhsl02g6dXJiZCCXkUdz4Km5cKKI7fRonbcDaemDg4//PYc753ZBRIQ3jS8stLa+sruXXCxubW9s7+u5eSwQRx6SJAxbwjosEYdQnTUklI52QE+S5jLTd0WXqtx8IFzTw7+Q4JLaHBj7tU4ykkhy9dlOyPCSHGDF4/otX97HkyTG0wiF1jLKCWUckZUcvGhVjUnARzAyKIKuGo39avQBHHvElZkiIrmmE0o4RlxQzkhSsSJAQ4REakK5CH3lE2PHkwAQeKaUH+wFXz5dwos5OxMgTYuy5qjPdU8x7qfif141k/8yOqR9Gkvh4+lE/YlAGME0L9ignWLKxAoQ5VbtCPEQcYakyLagQzPmTF6FVrZgnlertabF+kcWRBwfgEJSACWqgDq5BAzQBBo/gGbyCN+1Je9HetY9pa07LZvbBn9K+fwA9gaHL</latexit>

L(A(Dtr,�0),Dts)
<latexit sha1_base64="O2zAIH8H8kmGtibik+kwRiWusws=">AAACIHicbZDLSsNAFIYn9VbrLerSzWARWpCSVKEu62XhwkUFe4Emhsl02g6dXJiZCCXkUdz4Km5cKKI7fRonbcDaemDg4//PYc753ZBRIQ3jS8stLa+sruXXCxubW9s7+u5eSwQRx6SJAxbwjosEYdQnTUklI52QE+S5jLTd0WXqtx8IFzTw7+Q4JLaHBj7tU4ykkhy9dlOyPCSHGDF4/otX97HkyTG0wiF1jLKCWUckZUcvGhVjUnARzAyKIKuGo39avQBHHvElZkiIrmmE0o4RlxQzkhSsSJAQ4REakK5CH3lE2PHkwAQeKaUH+wFXz5dwos5OxMgTYuy5qjPdU8x7qfif141k/8yOqR9Gkvh4+lE/YlAGME0L9ignWLKxAoQ5VbtCPEQcYakyLagQzPmTF6FVrZgnlertabF+kcWRBwfgEJSACWqgDq5BAzQBBo/gGbyCN+1Je9HetY9pa07LZvbBn9K+fwA9gaHL</latexit>

�0
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Inner optimization                 is usually assumed to have very low cost.
This shows that we can adapt to new task very fast using very few data.
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• Meta-learning includes inner update — inner test — outer update 

• It encodes the procedure of learning-to-learn: 

• Different from multi-task learning (learn model to solve multiple 
tasks simultaneously) and transfer learning (a more general notion):

• Meta-learning solves future tasks instead of existing ones.

• Meta-learning assumes that no single model can solve all tasks. 
Thus it learns how-to-learn instead of training a single model.
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General recipe
How to evaluate a meta-learning algorithm

Given 1 example of 5 classes: Classify new examples

meta-training
training classes

… …
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5-way, 1-shot image classificaaon (MiniImagenet)

regression, language generaaon, skill learning,
any ML 

problemQs: slido.com/metaCan replace image classifica=on with:

Held-out class 
meta-testing 
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• Background

• Learning Algorithms

• Methodologies

• Optimization-Based Approaches

• Non-Parametric Approaches

• Black-Box Approaches

Slides link:  

https://yaoxiangding.github.io/introML-2023/lec8-frontiers.pdf

https://yaoxiangding.github.io/introML-2023/lec8-frontiers.pdf
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You simulate the testing situation during testing, through inner update.

Reserve a test set for each task!

Key idea: 
“our training procedure is based on a simple machine learning principle: test and train conditions must match” 

Vinyals et al., Matching Networks for One-Shot Learning

(meta) training-time

Qs: slido.com/meta
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�0

EP⇠T ,D⇠P

n
E(x,y)⇠P

⇥
L
�
A(D,�0), (x, y)

�⇤o

<latexit sha1_base64="ZWVV7h3D8vYaY0QeiARc5+FermA="></latexit>

This is related to the choice of inner update algorithm 
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• What to learn as the prior?

•     can be several gradient updates of the model using    . Then     
can be an initialization of the model.   — Optimization View
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This is related to the choice of inner update algorithm 
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• What to learn as the prior?

•     can be several gradient updates of the model using    . Then     
can be an initialization of the model.   — Optimization View

•     can be a nearest neighbor classifier using     . Then     can be a 
good feature mapping.   — Nonparametric View
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• What to learn as the prior?

•     can be several gradient updates of the model using    . Then     
can be an initialization of the model.   — Optimization View

•     can be a nearest neighbor classifier using     . Then     can be a 
good feature mapping.   — Nonparametric View

•     can be a direct mapping from     to task classifier weights. 
Then     can be a network weight generator.  — Black-Box View 
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• Background

• Learning Algorithms

• Methodologies

• Optimization-Based Approaches

• Non-Parametric Approaches

• Black-Box Approaches

Slides link:  

https://yaoxiangding.github.io/introML-2023/lec8-frontiers.pdf

https://yaoxiangding.github.io/introML-2023/lec8-frontiers.pdf
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Finn et al., MAMLQs: slido.com/metaLearn a good model initialization, such that for a new task, the 
target classifier can be learned within a few gradient steps.
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Inner Task:
Given few-shot training data, use the model initialization, do a few gradient 

update to achieve small error on testing data.
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✓ Free to choose model 
and loss. Easy to apply 
on different tasks (e.g. 
reinforcement learning)

- Hard to tune. Not work 
well on large networks.
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• Background

• Learning Algorithms

• Methodologies

• Optimization-Based Approaches

• Non-Parametric Approaches

• Black-Box Approaches

Slides link:  

https://yaoxiangding.github.io/introML-2023/lec8-frontiers.pdf

https://yaoxiangding.github.io/introML-2023/lec8-frontiers.pdf


Non-Parametric Meta-Learning
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Learn a good feature representation, such that for a new task, the 
classifier is the nearest neighbor classifier constructed from the 

few-shot training data.

Non-parametric methods
Key Idea: Use non-parametric learner.

training data test datapoint

Compare test image with training images

In what space do you compare? With what distance metric?

pixel space, l2 distance?

Dtr
i

Learn to compare using data!
pixel space, l2 distance?

Qs: slido.com/meta
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Inner Task:
Given few-shot training data, use the feature mapping to construct the 

prototypes (class center), do KNN to achieve small error on testing data.

Snell et. al.  Prototypical Network.

Snell et al. Prototypical Networks, NeurIPS ‘17

Non-parametric methods

d: Euclidean, or cosine distance

Key Idea: Use non-parametric learner.

Qs: slido.com/meta

Algorithm 1 Training episode loss computation for prototypical networks. N is the number of
examples in the training set, K is the number of classes in the training set, NC  K is the number
of classes per episode, NS is the number of support examples per class, NQ is the number of query
examples per class. RANDOMSAMPLE(S,N) denotes a set of N elements chosen uniformly at
random from set S, without replacement.

Input: Training set D = {(x1, y1), . . . , (xN , yN )}, where each yi 2 {1, . . . ,K}. Dk denotes the
subset of D containing all elements (xi, yi) such that yi = k.

Output: The loss J for a randomly generated training episode.
V  RANDOMSAMPLE({1, . . . ,K}, NC) . Select class indices for episode
for k in {1, . . . , NC} do
Sk  RANDOMSAMPLE(DVk , NS) . Select support examples
Qk  RANDOMSAMPLE(DVk \ Sk, NQ) . Select query examples

ck  
1

NC

X

(xi,yi)2Sk

f�(xi) . Compute prototype from support examples

end for
J  0 . Initialize loss
for k in {1, . . . , NC} do

for (x, y) in Qk do

J  J +
1

NCNQ

"
d(f�(x), ck)) + log

X

k0

exp(�d(f�(x), ck))
#

. Update loss

end for
end for

2.3 Prototypical Networks as Mixture Density Estimation

For a particular class of distance functions, known as regular Bregman divergences [4], the prototypi-
cal networks algorithm is equivalent to performing mixture density estimation on the support set with
an exponential family density. A regular Bregman divergence d' is defined as:

d'(z, z
0) = '(z)� '(z0)� (z� z0)Tr'(z0), (3)

where ' is a differentiable, strictly convex function of the Legendre type. Examples of Bregman
divergences include squared Euclidean distance kz� z0k2 and Mahalanobis distance.

Prototype computation can be viewed in terms of hard clustering on the support set, with one cluster
per class and each support point assigned to its corresponding class cluster. It has been shown [4]
for Bregman divergences that the cluster representative achieving minimal distance to its assigned
points is the cluster mean. Thus the prototype computation in Equation (1) yields optimal cluster
representatives given the support set labels when a Bregman divergence is used.

Moreover, any regular exponential family distribution p (z|✓) with parameters ✓ and cumulant
function  can be written in terms of a uniquely determined regular Bregman divergence [4]:

p (z|✓) = exp{zT✓ �  (✓)� g (z)} = exp{�d'(z,µ(✓))� g'(z)} (4)

Consider now a regular exponential family mixture model with parameters � = {✓k,⇡k}Kk=1:

p(z|�) =
KX

k=1

⇡kp (z|✓k) =
KX

k=1

⇡k exp(�d'(z,µ(✓k))� g'(z)) (5)

Given �, inference of the cluster assignment y for an unlabeled point z becomes:

p(y = k|z) = ⇡k exp(�d'(z,µ(✓k)))P
k0 ⇡k0 exp(�d'(z,µ(✓k)))

(6)

For an equally-weighted mixture model with one cluster per class, cluster assignment inference (6) is
equivalent to query class prediction (2) with f�(x) = z and ck = µ(✓k). In this case, prototypical
networks are effectively performing mixture density estimation with an exponential family distribution
determined by d'. The choice of distance therefore specifies modeling assumptions about the class-
conditional data distribution in the embedding space.

3

inner testing data



Non-Parametric Meta-Learning

✓Easy to tune, capable to use large networks.

-Design for few-shot learning tasks only.

36

Snell et al. Prototypical Networks, NeurIPS ‘17

Non-parametric methods

d: Euclidean, or cosine distance

Key Idea: Use non-parametric learner.

Qs: slido.com/meta
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• Background

• Learning Algorithms

• Methodologies

• Optimization-Based Approaches

• Non-Parametric Approaches

• Black-Box Approaches

Slides link:  

https://yaoxiangding.github.io/introML-2023/lec8-frontiers.pdf

https://yaoxiangding.github.io/introML-2023/lec8-frontiers.pdf


Black-Box Meta-Learning
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Learn a network weight generator, such that for a new task, the 
classifier is directly constructed by the generator.

Dtr
i

�i

Key idea: Train a neural network to represent p(�i|Dtr
i , ✓)

Train with standard supervised learning!

For now: Use determinisac (point es=mate) �i = f✓(Dtr
i )

L(�i,Dtest
i )

(Bayes will come back later)

Dtest
i

f✓

g�i

yts

xts

Black-Box Adaptaaon

max
✓

X

Ti

L(f✓(Dtr
i ),Dtest

i )

max
✓

X

Ti

X

(x,y)⇠Dtest
i

log g�i(y|x)

Qs: slido.com/meta



Black-Box Meta-Learning
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Inner Task:
Given few-shot training data, use the weight generator, do classifier 

generation to achieve small error on testing data.

Santoro et. al. MANN, Munkhdalai & Yu, Meta-Network Black-Box Adaptaaon
Key idea: Train a neural network to represent p(�i|Dtr

i , ✓)

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

Qs: slido.com/meta
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Dtr
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Dtr
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�i
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f✓
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Qs: slido.com/meta

✓Strong representation power. May be applied on complex tasks.

-Seems to be an unnecessary solution for few-shot tasks.
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To Achieve Higher-Level AI
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• Background

• Learning from small data

• Learning to model the world

• Joint learning of perception and reasoning

• Take-home messages

Slides link:  

https://yaoxiangding.github.io/introML-2023/lec8-frontiers.pdf

https://yaoxiangding.github.io/introML-2023/lec8-frontiers.pdf
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Discriminative vs Generative Models

Lecture 19 - 17

Discriminative Model: 
Learn a probability 
distribution p(y|x)

Generative Model: 
Learn a probability 
distribution p(x)

Conditional Generative 
Model: Learn p(x|y) Cat

Data: x

Label: y
!
!
" # $# = 1

Probability Recap:

Density Function
p(x) assigns a positive 
number to each possible 
x; higher numbers mean 
x is more likely

Density functions are 
normalized:

Different values of x 
compete for density
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Discriminative vs Generative Models

Lecture 19 - 18

Discriminative Model: 
Learn a probability 
distribution p(y|x)

Generative Model: 
Learn a probability 
distribution p(x)

Conditional Generative 
Model: Learn p(x|y)

Data: x

!
!
" # $# = 1

Density Function
p(x) assigns a positive number 
to each possible x; higher 
numbers mean x is more likely

Density functions 
are normalized:

Different values of x 
compete for density 

P(cat|.      )

P(dog|.      )

Justin Johnson November 11, 2020

Discriminative vs Generative Models

Lecture 19 - 23

Discriminative Model: 
Learn a probability 
distribution p(y|x)

Generative Model: 
Learn a probability 
distribution p(x)

Conditional Generative 
Model: Learn p(x|y)

Generative model: All possible images compete 
with each other for probability mass

Requires deep image understanding! Is a dog more likely to 
sit or stand? How about 3-legged dog vs 3-armed monkey?

Cat image is CC0 public domain
Dog image is CC0 Public Domain
Monkey image is CC0 Public Domain
Abstract image is free to use under the Pixabay license

P(      )

P(      )

P(      )
P(      )

…
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• An autoencoder consists of both an encoder and a decoder:
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(Regular, non-variational) Autoencoders

Lecture 19 - 67

Encoder

Input data

Features

Loss: L2 distance between input and reconstructed data. 

Decoder

Reconstructed 
input data

Loss Function
'" − " !!

Input Data

Does not use any 
labels! Just raw data!



Autoencoder

• An autoencoder consists of both an encoder and a decoder:

• Encoder: transform input     into latent representation
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• An autoencoder consists of both an encoder and a decoder:

• Encoder: transform input     into latent representation

• Decoder: generate recovered input    from   

44

Justin Johnson November 11, 2020

(Regular, non-variational) Autoencoders

Lecture 19 - 67

Encoder

Input data

Features

Loss: L2 distance between input and reconstructed data. 

Decoder

Reconstructed 
input data

Loss Function
'" − " !!

Input Data

Does not use any 
labels! Just raw data!

<latexit sha1_base64="jqylwcxBagMhesCQ8VFOWEkScmo=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHYNUY9ELx4hkUcCGzI79MLI7OxmZtZICF/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmhdl77JcqVdK1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOknjQU=</latexit>x <latexit sha1_base64="VcduhImtG31xtIwCRH/3qEwy95Y=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHYNUY9ELx4hkUcCGzI79MLI7OxmZtYECV/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmhdl77JcqVdK1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOwvjQc=</latexit>z

Encoder

<latexit sha1_base64="VcduhImtG31xtIwCRH/3qEwy95Y=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHYNUY9ELx4hkUcCGzI79MLI7OxmZtYECV/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmhdl77JcqVdK1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOwvjQc=</latexit>z

<latexit sha1_base64="eDCbb1KTherAwnwT7/FzIc5u++w=">AAAB7XicbVBNS8NAEJ3Ur1q/qh69LBbBU0lE1GPRi8cK9gPaUDbbTbt2kw27E7GE/gcvHhTx6v/x5r9x2+agrQ8GHu/NMDMvSKQw6LrfTmFldW19o7hZ2tre2d0r7x80jUo14w2mpNLtgBouRcwbKFDydqI5jQLJW8HoZuq3Hrk2QsX3OE64H9FBLELBKFqp2R1SJE+9csWtujOQZeLlpAI56r3yV7evWBrxGJmkxnQ8N0E/oxoFk3xS6qaGJ5SN6IB3LI1pxI2fza6dkBOr9EmotK0YyUz9PZHRyJhxFNjOiOLQLHpT8T+vk2J45WciTlLkMZsvClNJUJHp66QvNGcox5ZQpoW9lbAh1ZShDahkQ/AWX14mzbOqd1E9vzuv1K7zOIpwBMdwCh5cQg1uoQ4NYPAAz/AKb45yXpx352PeWnDymUP4A+fzB0PmjvA=</latexit>

x̂ <latexit sha1_base64="VcduhImtG31xtIwCRH/3qEwy95Y=">AAAB6HicbVDLTgJBEOzFF+IL9ehlIjHxRHYNUY9ELx4hkUcCGzI79MLI7OxmZtYECV/gxYPGePWTvPk3DrAHBSvppFLVne6uIBFcG9f9dnJr6xubW/ntws7u3v5B8fCoqeNUMWywWMSqHVCNgktsGG4EthOFNAoEtoLR7cxvPaLSPJb3ZpygH9GB5CFn1Fip/tQrltyyOwdZJV5GSpCh1it+dfsxSyOUhgmqdcdzE+NPqDKcCZwWuqnGhLIRHWDHUkkj1P5kfuiUnFmlT8JY2ZKGzNXfExMaaT2OAtsZUTPUy95M/M/rpCa89idcJqlByRaLwlQQE5PZ16TPFTIjxpZQpri9lbAhVZQZm03BhuAtv7xKmhdl77JcqVdK1ZssjjycwCmcgwdXUIU7qEEDGCA8wyu8OQ/Oi/PufCxac042cwx/4Hz+AOwvjQc=</latexit>z

Decoder

Justin Johnson November 11, 2020

(Regular, non-variational) Autoencoders

Lecture 19 - 68

Encoder

Input data

Features

Loss: L2 distance between input and reconstructed data. 

Decoder

Reconstructed 
input data

Loss Function
'" − " !!

Input Data

Does not use any 
labels! Just raw data!

Reconstructed data

Decoder:
4 tconv layers
Encoder:
4 conv layers

Justin Johnson November 11, 2020

(Regular, non-variational) Autoencoders

Lecture 19 - 68

Encoder

Input data

Features

Loss: L2 distance between input and reconstructed data. 

Decoder

Reconstructed 
input data

Loss Function
'" − " !!

Input Data

Does not use any 
labels! Just raw data!

Reconstructed data

Decoder:
4 tconv layers
Encoder:
4 conv layers



Autoencoder

• An autoencoder consists of both an encoder and a decoder:

• Encoder: transform input     into latent representation

• Decoder: generate recovered input    from   
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Input data

Features

Loss: L2 distance between input and reconstructed data. 
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Reconstructed 
input data

Loss Function
'" − " !!

Input Data

Does not use any 
labels! Just raw data!

Reconstructed data

Decoder:
4 tconv layers
Encoder:
4 conv layers

The targets are two-fold:
learn good encoder to compress the information 
learn good decoder to recover the information



Vanilla Autoencoder

• Use NNs (Conv, MLP) to model encoder and decoder.

• Key: the dimension of    should be small for compressing 
information: ensure to learn useful information.

• Train with MSE loss (input-output gap) :  
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Features need to be 
lower dimensional
than the data
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Learned Result

46

Recover from original

Recover from noisy (should also train with noisy data)

https://www.tensorflow.org/tutorials/generative/autoencoder



Variational Autoencoder
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Does not use any 
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Why we need a model to recover the input?
Usually, we focus on learning a good encoder:

obtain good representation of data.
Vanilla AEs are not enough. We need better modeling of the generation process.

species, 
color, 

background, 
weather…

representation 
with semantics



Variational Autoencoder
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Variational Autoencoders

Lecture 19 - 76

Probabilistic spin on autoencoders: 
1. Learn latent features z from raw data
2. Sample from the model to generate new data

Sample z 
from prior

Sample from 
conditional

After training, sample new data like this: Intuition: x is an image, z is latent 
factors used to generate x:
attributes, orientation, etc. 

Assume training data ( &
&'%
(

is 
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Variational Autoencoders

Lecture 19 - 103

log "+ # ≥7,~.!(,|0)[log "+(#|:)] − =12 >3 : # , " :

Jointly train encoder q and decoder p to maximize 
the variational lower bound on the data likelihood

"" # | ( = -(/$|& , Σ$|&)+# ( | # = -(/&|$ , Σ&|$)
Encoder Network Decoder Network

Objective: to maximize
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Jointly train encoder q and decoder p to maximize 
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Objective: to maximize
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Variational Autoencoders: Generating Data

Lecture 20 - 26

32x32 CIFAR-10 Labeled Faces in the Wild

Figures from (L) Dirk Kingma et al. 2016; (R) Anders Larsen et al. 2017. 
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Variational Autoencoders: Image Editing

Lecture 20 - 34
Kulkarni et al, “Deep Convolutional Inverse Graphics Networks”, NeurIPS 2014
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Generative Adversarial Networks

Lecture 20 - 48

Goodfellow et al, “Generative Adversarial Nets”, NeurIPS 2014

Setup: Assume we have data xi drawn from distribution pdata(x). Want to sample from pdata.

Idea: Introduce a latent variable z with simple prior p(z).
Sample , ∼ "(,) and pass to a Generator Network x = G(z)
Then x is a sample from the Generator distribution pG. Want pG = pdata!

Sample 
z from pz

z

Generator 
Network

G

Generated 
Sample

Train Generator Network G to convert 
z into fake data x sampled from pG
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Goodfellow et al, “Generative Adversarial Nets”, NeurIPS 2014

Setup: Assume we have data xi drawn from distribution pdata(x). Want to sample from pdata.

Idea: Introduce a latent variable z with simple prior p(z).
Sample , ∼ "(,) and pass to a Generator Network x = G(z)
Then x is a sample from the Generator distribution pG. Want pG = pdata!
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The key idea is to train a discriminator to classify fake and real data.
A good generator should fool the discriminator to make its accuracy low:
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Generative Adversarial Networks: Training Objective

Lecture 20 - 52

Goodfellow et al, “Generative Adversarial Nets”, NeurIPS 2014
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Justin Johnson November 16, 2019

Generative Adversarial Networks: Training Objective

Lecture 20 - 52

Goodfellow et al, “Generative Adversarial Nets”, NeurIPS 2014

min
7
max
8

//~6-./. log? # + /9~6(9) log 1 − ? @ A

Sample 
z from pz

z

Generator 
Network

G

Generated 
Sample

D

Discriminator 
Network

Fake

Real

Jointly train generator G and discriminator D with a minimax game



Adversarial Training

54

Justin Johnson November 16, 2019

Generative Adversarial Networks: Training Objective
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Generative Adversarial Networks: Training Objective
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Generative Adversarial Networks: Training Objective
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Generative Adversarial Networks: Results

Lecture 20 - 91

Nearest neighbor from training set

Generated samples

Goodfellow et al, “Generative Adversarial Nets”, NeurIPS 2014

Justin Johnson November 16, 2019

Generative Adversarial Networks: Results

Lecture 20 - 91

Nearest neighbor from training set

Generated samples

Goodfellow et al, “Generative Adversarial Nets”, NeurIPS 2014



Generation Results

56
Justin Johnson November 16, 2019

Generative Adversarial Networks: DC-GAN

Lecture 20 - 92
Radford et al, “Unsupervised Representation Learning with Deep Convolutional Generative Adversarial Networks”, ICLR 2016

Generator
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Generative Adversarial Networks: DC-GAN

Lecture 20 - 93

Radford et al, 
ICLR 2016

Samples 
from the 
model 
look 
much 
better!
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Generative Adversarial Networks: Interpolation

Lecture 20 - 94

Radford et al, 
ICLR 2016

Interpolating 
between 
points in 
latent z 
space
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Generative Adversarial Networks: Vector Math
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Generative Adversarial Networks: Vector Math

Lecture 20 - 98
Radford et al, ICLR 2016

Man with 
glasses

Man w/o 
glasses

Woman 
w/o glasses

Samples 
from the 
model

Average Z 
vectors, do 
arithmetic



GAN’s Latent Space

60

Justin Johnson November 16, 2019

Generative Adversarial Networks: Vector Math

Lecture 20 - 95
Radford et al, ICLR 2016

Smiling 
woman

Neutral 
woman

Neutral 
man

Samples 
from the 
model

Justin Johnson November 16, 2019

Generative Adversarial Networks: Vector Math

Lecture 20 - 98
Radford et al, ICLR 2016

Man with 
glasses

Man w/o 
glasses

Woman 
w/o glasses

Samples 
from the 
model

Average Z 
vectors, do 
arithmetic

Justin Johnson November 16, 2019

Generative Adversarial Networks: Vector Math

Lecture 20 - 99
Radford et al, ICLR 2016

Man with 
glasses

Man w/o 
glasses

Woman 
w/o glasses

Woman with 
glassesSamples 

from the 
model

Average Z 
vectors, do 
arithmetic



High-Resolution Generation

61

Justin Johnson November 16, 2019

GAN Improvements: Higher Resolution

Lecture 20 - 102

256 x 256 bedrooms 1024 x 1024 faces

Karras et al, “Progressive Growing of GANs for Improved Quality, Stability, and Variation”, ICLR 2018 
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GAN Improvements: Higher Resolution

Lecture 20 - 103

512 x 384 cars 1024 x 1024 faces

Karras et al, “A Style-Based Generator Architecture for Generative Adversarial Networks”, CVPR 2019 Images are licensed under CC BY-NC 4.0
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Generative Adversarial Networks: DC-GAN

Lecture 20 - 92
Radford et al, “Unsupervised Representation Learning with Deep Convolutional Generative Adversarial Networks”, ICLR 2016

Generator

Justin Johnson November 16, 2019

Conditional GANs

Lecture 20 - 106

Recall: Conditional Generative Models learn p(x|y) instead of p(x)
Make generator and discriminator both take label y as an additional input!

z
y

Figure credit: Radford et al, “Unsupervised Representation Learning with Deep Convolutional Generative Adversarial Networks”, ICLR 2016

We can also make GAN to generate data under given context 
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Conditioning on more than labels! Text to Image

Lecture 20 - 112

Zhang et al, “StackGAN++: Realistic Image Synthesis with Stacked Generative Adversarial Networks.”, TPAMI 2018
Zhang et al, “StackGAN: Text to Photo-realistic Image Synthesis with Stacked Generative Adversarial Networks.”, ICCV 2017
Reed et al, “Generative Adversarial Text-to-Image Synthesis”, ICML 2016

Justin Johnson November 16, 2019

Conditioning on more than labels! Text to Image

Lecture 20 - 112

Zhang et al, “StackGAN++: Realistic Image Synthesis with Stacked Generative Adversarial Networks.”, TPAMI 2018
Zhang et al, “StackGAN: Text to Photo-realistic Image Synthesis with Stacked Generative Adversarial Networks.”, ICCV 2017
Reed et al, “Generative Adversarial Text-to-Image Synthesis”, ICML 2016

Justin Johnson November 16, 2019

Conditioning on more than labels! Text to Image

Lecture 20 - 112

Zhang et al, “StackGAN++: Realistic Image Synthesis with Stacked Generative Adversarial Networks.”, TPAMI 2018
Zhang et al, “StackGAN: Text to Photo-realistic Image Synthesis with Stacked Generative Adversarial Networks.”, ICCV 2017
Reed et al, “Generative Adversarial Text-to-Image Synthesis”, ICML 2016



Image-to-Image Translation

65

Justin Johnson November 16, 2019

Image-to-Image Translation: Pix2Pix

Lecture 20 - 114
Isola et al, “Image-to-Image Translation with Conditional Adversarial Nets”, CVPR 2017
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Unpaired Image-to-Image Translation: CycleGAN

Lecture 20 - 115
Zhu et al, “Unpaired Image-to-Image Translation using Cycle-Consistent Adversarial Networks”, ICCV 2017
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Label Map to Image

Lecture 20 - 118

Input: Label Map

Input: 
Style 
Image

Park et al, “Semantic Image Synthesis with Spatially-Adaptive Normalization”, CVPR 2019

Justin Johnson November 16, 2019

Label Map to Image

Lecture 20 - 118

Input: Label Map

Input: 
Style 
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Sprouts in the shape of text ‘Imagen’ coming out of a
fairytale book.

A photo of a Shiba Inu dog with a backpack riding a
bike. It is wearing sunglasses and a beach hat.

A high contrast portrait of a very happy fuzzy panda
dressed as a chef in a high end kitchen making dough.
There is a painting of flowers on the wall behind him.

Teddy bears swimming at the Olympics 400m Butter-
fly event.

A cute corgi lives in a house made out of sushi. A cute sloth holding a small treasure chest. A bright
golden glow is coming from the chest.

A brain riding a rocketship heading towards the moon. A dragon fruit wearing karate belt in the snow. A strawberry mug filled with white sesame seeds. The
mug is floating in a dark chocolate sea.

Figure 1: Select 1024⇥ 1024 Imagen samples for various text inputs. We only include photorealistic
images in this figure and leave artistic content to the Appendix, since generating photorealistic images
is more challenging from a technical point of view. Figs. A.1 to A.3 show more samples.

2

Photorealistic Text-to-Image Diffusion Models with Deep Language Understanding, NeurIPS'22.



To Achieve Higher-Level AI
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• Background

• Learning from small data

• Learning to model the world

• Joint learning of perception and reasoning

• Take-home messages

Slides link:  

https://yaoxiangding.github.io/introML-2023/lec8-frontiers.pdf

https://yaoxiangding.github.io/introML-2023/lec8-frontiers.pdf


Decision Making
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• Conduct action in any state of an environment.

state   utility

Lecture 1: Introduction to Reinforcement Learning

The RL Problem

Environments

Agent and Environment

observation

reward

action

At

Rt

Ot At each step t the agent:
Executes action At

Receives observation Ot

Receives scalar reward Rt

The environment:
Receives action At

Emits observation Ot+1

Emits scalar reward Rt+1

t increments at env. step

action

agent environment

In most problems, the agent needs to do a sequence of actions 
w.r.t. a sequence of states.
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Environments
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observation
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Internal vs. External Model
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partial
state

action

agent
environment

external modelutility

Since the agent cannot fully know the external model, 
it should build an internal model itself for decision making.

internal model



Knowledge in Pacman
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The search agent knows the external model, 
but it can make no changes or abstractions when the model is primitive.

The knowledge-based agents can benefit from the internal model
not just by covering the external model.

know only the positions
vs.

know the distance to the ghosts
vs. 

know the high-level strategy of the 
ghosts



Knowledge in AI Systems
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• Turn primitive external states into meaningful internal states.

• Reason about most useful states for decision making.

• Capture internal relationships among factors of decision making.

longitude and latitude ocean, land, mountain

ocean

land

mountain

country

population

These reasoning rules are called knowledges in an AI system.



Knowledge Reasoning Systems
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• Logic reasoning

• Probabilistic reasoning

• Causal reasoning

Currently we assume that the agents can access to 
a knowledge base (facts) and a reasoning rule system

but cannot change them.
In some sense, the agents just use knowledge but cannot obtain or increase.
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• Causal reasoning

Currently we assume that the agents can access to 
a knowledge base (facts) and a reasoning rule system

but cannot change them.
In some sense, the agents just use knowledge but cannot obtain or increase.



Logic Reasoning Systems
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• Handling decision problems (true/false arguments).

• Handling discrete and (not exactly) deterministic world.



Building Blocks of Logic Systems:  
Syntax & Semantics

80
Slide courtesy: Stuart Russell & Sergey Levine

Logic

 Syntax: What sentences are allowed?
 Semantics: 
 What are the possible worlds?
 Which sentences are true in which worlds? (i.e., definition of truth)

α1

α2 α3

Syntaxland Semanticsland
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Building Blocks of Logic Systems:  
Syntax & Semantics

80
Slide courtesy: Stuart Russell & Sergey Levine

Logic

 Syntax: What sentences are allowed?
 Semantics: 
 What are the possible worlds?
 Which sentences are true in which worlds? (i.e., definition of truth)

α1

α2 α3

Syntaxland Semanticsland

Example: 1+1=2

models



The Pacman Example
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Logic Inference: Entailment 

82

Inference: entailment

 Entailment: α |= β (“α entails β” or “β follows from α”) iff in 
every world where α is true, β is also true
 I.e., the  α-worlds are a subset of the β-worlds [models(α) ⊆models(β)]

 In the example, α2 |= α1

 (Say α2 is ¬Q ∧ R ∧ S ∧ W
α1 is ¬Q )

α1

α2

Slide courtesy: Stuart Russell & Sergey Levine
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Syntax vs. Semantics (Cont.)
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216 Chapter 7 Logical Agents

Follows

Sentences Sentence
Entails S

e
m

a
n

tic
s

S
e

m
a

n
tic

s

Representation

World

Aspects of the
    real world

Aspect of the
   real world

Figure 7.6 Sentences are physical configurations of the agent, and reasoning is a process of
constructing new physical configurations from old ones. Logical reasoning should ensure that
the new configurations represent aspects of the world that actually follow from the aspects
that the old configurations represent.

In understanding entailment and inference, it might help to think of the set of all conse-

quences of KB as a haystack and of α as a needle. Entailment is like the needle being in the

haystack; inference is like finding it. This distinction is embodied in some formal notation: if

an inference algorithm i can derive α from KB, we write

KB !i α ,

which is pronounced “α is derived from KB by i” or “i derives α from KB.”

An inference algorithm that derives only entailed sentences is called sound or truth-Sound

preserving. Soundness is a highly desirable property. An unsound inference procedure es-Truth-preserving

sentially makes things up as it goes along—it announces the discovery of nonexistent needles.

It is easy to see that model checking, when it is applicable,5 is a sound procedure.

The property of completeness is also desirable: an inference algorithm is complete ifCompleteness

it can derive any sentence that is entailed. For real haystacks, which are finite in extent,

it seems obvious that a systematic examination can always decide whether the needle is in

the haystack. For many knowledge bases, however, the haystack of consequences is infinite,

and completeness becomes an important issue.6 Fortunately, there are complete inference

procedures for logics that are sufficiently expressive to handle many knowledge bases.

We have described a reasoning process whose conclusions are guaranteed to be true in

any world in which the premises are true; in particular, if KB is true in the real world, then any!
sentence α derived from KB by a sound inference procedure is also true in the real world. So,

while an inference process operates on “syntax”—internal physical configurations such as

bits in registers or patterns of electrical blips in brains—the process corresponds to the real-

world relationship whereby some aspect of the real world is the case by virtue of other aspects

of the real world being the case.7 This correspondence between world and representation is

illustrated in Figure 7.6.

The final issue to consider is grounding—the connection between logical reasoning pro-Grounding

cesses and the real environment in which the agent exists. In particular, how do we know that!
5 Model checking works if the space of models is finite—for example, in wumpus worlds of fixed size. For

arithmetic, on the other hand, the space of models is infinite: even if we restrict ourselves to the integers, there

are infinitely many pairs of values for x and y in the sentence x+y = 4.
6 Compare with the case of infinite search spaces in Chapter 3, where depth-first search is not complete.
7 As Wittgenstein (1922) put it in his famous Tractatus: “The world is everything that is the case.”

Semantics need to have groundings in the real world.
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• Logic reasoning

• Probabilistic reasoning

• Causal reasoning

Currently we assume that the agents can access to 
a knowledge base (facts) and a reasoning rule system

but cannot change them.
In some sense, the agents just use knowledge but cannot obtain or increase.
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• In probabilistic reasoning, we try to model the joint distribution 
of a set of random variables                          and do: 

• Inference: answering queries about the marginal distributions.

• Conditional independence test: decide the conditional 
independence of a subset of random variables.

• Learning: obtain the structure of the joint distribution.
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P (X1, X2, ..., Xn)

Inference is to reasoning about the value of the variables.
The independence test and learning are to understand relationship 

among variables.
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• Graphical models represent the joint distribution over a set of 
random variables with directed or undirected graphs.

• nodes: random variables (can be hidden or observable)

• edges: the interaction between a pair of r. v. 

econo
mics

politics

huma
nity

war



Bayesian Networks & Markov Random Fields
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Equivalent representation power!
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• Logic reasoning

• Probabilistic reasoning

• Causal reasoning

Currently we assume that the agents can access to 
a knowledge base (facts) and a reasoning rule system

but cannot change them.
In some sense, the agents just use knowledge but cannot obtain or increase.
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• Bayesian networks encode joint distributions.

• Joint distributions can be factored in different ways.

• Arrows in BNs only determine one way of 
factoring. Cloudy

Sprinkler Rain

Wet
Grass

The directions of correlations can be 
represented in many ways.

The directions of causation is unique!
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The causal knowledge is robust against environmental changes

Cloudy

Sprinkler Rain

Wet
Grass

• Knowing whether the grass is wet 
changes the conditional probability

• But the causal relationship among 
sprinkler, cloudy, and rain should not 
change! 
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joint distributions
like BNs

causal diagrams
functional causal models
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Which treatment is better? Why?
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Which treatment is better? Why?

Large stones are harder, and treatment B is cheaper  



Simpson’s Paradox
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Discovering causal relationship should block those underlying effects on the causes!

Stone
Size

Treat
A

Treat
B

Recover

• Similar example: air conditioner on vs. feeling hot



Intervention
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Stone
Size

Treat
A

Treat
B

Recover

• The key idea is to consider the intervention                                    
instead of the association                              

• Common method: random controlled experiments!
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Stone
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Treat
A

Treat
B

Recover

• The key idea is to consider the intervention                                    
instead of the association                              

• Common method: random controlled experiments!
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We consider a changed BN!
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• Experiments are not always necessary. Can infer from observations!

• Just close the “back doors” by conditioning on parent variables.

• Many interesting algorithms.



Back-Door Criterion

95

Stone
Size

Treat
A

Treat
B

Recover

• Experiments are not always necessary. Can infer from observations!

• Just close the “back doors” by conditioning on parent variables.

• Many interesting algorithms.



Counterfactuals

96

• We can not even get data to estimate!

• But they lie at heart of human intelligence.

If the treatment was not given,
would the patient recover?



Functional Causal Models
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• We should know more than conditional probabilities: the 
underlying physical mechanism among causes and effects.

• Functional causal models:

• Example:

Finally, certain concepts that are ubiquitous in human discourse can be defined only
in the Laplacian framework. We shall see, for example, that such simple concepts as “the
probability that event B occured because of event A” and “the probability that event B
would have been different if it were not for event A” cannot be defined in terms of purely
stochastic models. These so-called counterfactual concepts will require a synthesis of
the deterministic and probabilistic components embodied in the Laplacian model.

1.4.1 Structural Equations
In its general form, a functional causal model consists of a set of equations of the form

(1.40)

where pai (connoting parents) stands for the set of variables that directly determine the
value of Xi and where the Ui represent errors (or “disturbances”) due to omitted fac-
tors. Equation (1.40) is a nonlinear, nonparametric generalization of the linear structural
equation models (SEMs)

(1.41)

which have become a standard tool in economics and social science (see Chapter 5 for a
detailed exposition of this enterprise). In linear models, pai corresponds to those vari-
ables on the r.h.s. of (1.41) that have nonzero coefficients.

The interpretation of the functional relationship in (1.40) is the standard interpreta-
tion that functions carry in physics and the natural sciences; it is a recipe, a strategy, or
a law specifying what value nature would assign to Xi in response to every possible value
combination that (PAi, Ui) might take on. A set of equations in the form of (1.40) and in
which each equation represents an autonomous mechanism is called a structural model;
if each variable has a distinct equation in which it appears on the left-hand side (called
the dependent variable), then the model is called a structural causal model or a causal
model for short.13 Mathematically, the distinction between structural and algebraic
equations is that any subset of structural equations is, in itself, a valid structural model –
one that represents conditions under some set of interventions.

To illustrate, Figure 1.5 depicts a canonical econometric model relating price and de-
mand through the equations

(1.42)

(1.43)

where Q is the quantity of household demand for a product A, P is the unit price of prod-
uct A, I is household income, W is the wage rate for producing product A, and U1 and

p ! b2q " d2w " u2,

q ! b1p " d1i " u1,

xi ! a
k#1

!ik xk " ui,   i ! 1, p , n,

xi ! fi (pai, ui),   i ! 1, p , n,

1.4 Functional Causal Models 27

cannot be ignored when the meaning of the concept is in question. Indeed, compliance with hu-
man intuition has been the ultimate criterion of adequacy in every philosophical study of causation,
and the proper incorporation of background information into statistical studies likewise relies on
accurate interpretation of causal judgment.

13 Formal treatment of causal models, structural equations, and error terms are given in Chapter 5
(Section 5.4.1) and Chapter 7 (Sections 7.1 and 7.2.5).
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Model 2 (Figure 1.6(c))
Let

(1.48)

where, as before, U1 and U2 are two independent binary variables.

Model 1 corresponds to treatment (X) that has no effect on any of the subjects; in model 2,
every subject is affected by treatment. The reason that the two models yield the same dis-
tribution is that model 2 describes a mixture of two subpopulations. In one (u2 ! 1), each
subject dies (y ! 1) if and only if treated; in the other (u2 ! 0), each subject recovers
(y ! 0) if and only if treated. The distributions P(x, y, u2) and P(x, y) corresponding
to these two models are shown in the tables of Figure 1.7.

The value of Q differs in these two models. In model 1, Q evaluates to zero, be-
cause subjects who died correspond to u2 ! 1 and, since the treatment has no effect on
y, changing X from 1 to 0 would still yield y ! 1. In model 2, however, Q evaluates to
unity, because subjects who died under treatment must correspond to u2 ! 1 (i.e., those
who die if treated), meaning they would recover if and only if not treated. 

The first lesson of this example is that stochastic causal models are insufficient for
computing probabilities of counterfactuals; knowledge of the actual process behind P(y ƒ
x) is needed for the computation.24 A second lesson is that a functional causal model
constitutes a mathematical object sufficient for the computation (and definition) of such
probabilities. Consider, for example, model 2 of (1.48). The way we concluded that a de-
ceased treated subject (y ! 1, x ! 1) would have recovered if not treated involved three
mental steps. First, we applied the evidence at hand, e : 5y ! 1, x ! 16, to the model and
concluded that e is compatible with only one realization of U1 and U2 – namely, 5u1 ! 1,

y ! xu2 " (1 # x)(1 # u2),

x ! u1,

36 Introduction to Probabilities, Graphs, and Causal Models

24 In the potential-outcome framework (Sections 3.6.3 and 7.4.4), such knowledge obtains stochastic
appearance by defining distributions over counterfactual variables Y1 and Y0, which stand for the
potential response of an individual to treatment and no treatment, respectively. These hypothetical
variables play a role similar to the functions fi(pai, ui) in our model; they represent the deter-
ministic assumption that every individual possesses a definite response to treatment, regardless of
whether that treatment was realized. 

Figure 1.7 Contingency tables showing the distributions P(x, y, u2) and P(x, y) for the two models
discussed in the text.

X: treatment
Y: death

Know: X=1, Y=1
Ask: whether

X=0, Y=0?

• Abduction:  put the evidence into the equations:

• Action:  set the new control variable:

• prediction:  get the new effect:
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Counterfactuals
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Model 2 (Figure 1.6(c))
Let

(1.48)

where, as before, U1 and U2 are two independent binary variables.

Model 1 corresponds to treatment (X) that has no effect on any of the subjects; in model 2,
every subject is affected by treatment. The reason that the two models yield the same dis-
tribution is that model 2 describes a mixture of two subpopulations. In one (u2 ! 1), each
subject dies (y ! 1) if and only if treated; in the other (u2 ! 0), each subject recovers
(y ! 0) if and only if treated. The distributions P(x, y, u2) and P(x, y) corresponding
to these two models are shown in the tables of Figure 1.7.

The value of Q differs in these two models. In model 1, Q evaluates to zero, be-
cause subjects who died correspond to u2 ! 1 and, since the treatment has no effect on
y, changing X from 1 to 0 would still yield y ! 1. In model 2, however, Q evaluates to
unity, because subjects who died under treatment must correspond to u2 ! 1 (i.e., those
who die if treated), meaning they would recover if and only if not treated. 

The first lesson of this example is that stochastic causal models are insufficient for
computing probabilities of counterfactuals; knowledge of the actual process behind P(y ƒ
x) is needed for the computation.24 A second lesson is that a functional causal model
constitutes a mathematical object sufficient for the computation (and definition) of such
probabilities. Consider, for example, model 2 of (1.48). The way we concluded that a de-
ceased treated subject (y ! 1, x ! 1) would have recovered if not treated involved three
mental steps. First, we applied the evidence at hand, e : 5y ! 1, x ! 16, to the model and
concluded that e is compatible with only one realization of U1 and U2 – namely, 5u1 ! 1,

y ! xu2 " (1 # x)(1 # u2),

x ! u1,

36 Introduction to Probabilities, Graphs, and Causal Models

24 In the potential-outcome framework (Sections 3.6.3 and 7.4.4), such knowledge obtains stochastic
appearance by defining distributions over counterfactual variables Y1 and Y0, which stand for the
potential response of an individual to treatment and no treatment, respectively. These hypothetical
variables play a role similar to the functions fi(pai, ui) in our model; they represent the deter-
ministic assumption that every individual possesses a definite response to treatment, regardless of
whether that treatment was realized. 

Figure 1.7 Contingency tables showing the distributions P(x, y, u2) and P(x, y) for the two models
discussed in the text.

X: treatment
Y: death

Know: X=1, Y=1
Ask: whether

X=0, Y=0?

• Abduction:  put the evidence into the equations:

• Action:  set the new control variable:

• prediction:  get the new effect:
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y = 0

Similar to traveling in parallel universe



Joint Perception-Reasoning Learning 
in Computer Graphics

• Graphics:  generate visual objects with semantic factors

• AI + Graphics:  generate visual objects with semantic factors 
based on understanding humans and the world

semantic factors
cat
blue
fat

sitting

visual objects



Towards Visual Object Generation with High-Level AI

Current Deep Learning Aided 
Visual Object Generation

Future AI-Based
Visual Object Generation

No AI
Human Programming

Low-Level AI
Learning from Data

High-level AI
Learning from Data & 

Symbolic Inference

human design learn from data Inference by knowledge

Previous Traditional 
Visual Object Generation

program

cat
blue
fat

sitting

DNN

symbolic
inference

DNN

DNN

cat blue male
sitting

cat yellow female
flying
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Bridging Simulated And Real World 

symbolic
inference

(how to be cuter?)

DNN

DNN

cat 
male
blue
…

cat 
female
yellow

…

I want a kitty like this but cuter

disentanglement

sim to real

real to sim



Learning Disentangled Representations with Semantic Guidance 

• Disentanglement: Learning semantic factors from visual objects

• Existing methods focus on unsupervised disentanglement, e.g. VAE

• Unsupervised disentanglement cannot learn complex semantic factors for 
symbolic inference

• Supervision is necessary for disentanglement [Locatello et al., 2019] 

• Make the semantic factors have symbolic groundings

symbolic
inference

(how to be cuter?)

DNN

DNN

cat 
male
blue
…

cat 
female
yellow

…

disentanglement

Knowledge
Database



To Achieve Higher-Level AI
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• Background

• Learning from small data

• Learning to model the world

• Joint learning of perception and reasoning

• Take-home messages

Slides link:  

https://yaoxiangding.github.io/introML-2023/lec8-frontiers.pdf

https://yaoxiangding.github.io/introML-2023/lec8-frontiers.pdf


Learning from Small Data

104

• Meta-learning is learning-to-learn, to minimize the transfer risk

• A meta-learning problem can be defined by its inner task:

• Optimization, non-parametric and black-box approaches can 
achieve good performance in few-shot learning tasks. However, 
the performance of fine-tune baseline is also strong.

argmin
�0

EP⇠T ,D⇠P

n
E(x,y)⇠P

⇥
L
�
A(D,�0), (x, y)

�⇤o
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Given (A), use (B) and do (C), to achieve (D)

Alternative ways for meta-learning/learning from small data?
Comparison to direct fine-tuning of large foundation models?



Learning to Model the World
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• Autoencoders compress information using an encoder and 
recover the information with a decoder. Their major advantage is 
to learn good representation of data from learning to compress 
and decompress information.

• GANs are based on the idea of adversarial training between 
generator and discriminator, leading to good generation quality.

• More powerful generative models: text-to-image diffusion models.



Joint Learning of Perception and Reasoning
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• Knowledge reasoning systems are used to build internal models of 
agents for modeling and representing the real world.

• Logic inference is the most classical method for knowledge 
reasoning, which deals with discrete and deterministic problems.

• Probabilistic reasoning models the real world with a joint probability 
distribution of random variables.

• The ladder of causal reasoning: association, intervention, and 
counterfactual.

• Central challenge: learn high-level reasoning knowledge and low-level 
perception model jointly.
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Thanks for your attention!
Discussions?

Acknowledgement: Many materials in this lecture are taken from
https://sites.google.com/view/icml19metalearning

https://inst.eecs.berkeley.edu/~cs188/sp19/
https://web.eecs.umich.edu/~justincj/teaching/eecs498/FA2020/schedule.html

https://sites.google.com/view/icml19metalearning
https://inst.eecs.berkeley.edu/~cs188/sp19/
https://web.eecs.umich.edu/~justincj/teaching/eecs498/FA2020/schedule.html

