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The Deep Learning
Revolution
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Two paradigms for Artificial Intelligence

The logic-inspired approach

The essence of intelligence is using symbolic rules
to manipulate symbolic expressions.

We should focus on reasoning.

The biologically-inspired approach

The essence of intelligence is learning the
strengths of the connections in a neural network.

We should focus on learning and perception.
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Two views of internal representations

« Internal representations are symbolic expressions.

— A programmer can give them to a computer using an
unambiguous language.

— New representations can be derived by applying rules
to existing representations.

 Internal representations are nothing like language.
— They are large vectors of neural activity.

— They have direct causal effects on other vectors of
neural activity.

— These vectors are learned from data.
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Two ways to make a computer
do what you want

 Intelligent design: Figure out consciously exactly how
you would manipulate symbolic representations to
perform the task and then tell the computer, in
excruciating detail, exactly what to do.

* Learning: Show the computer lots of examples of inputs
together with the desired outputs. Let the computer learn
how to map inputs to outputs.

— This requires a general purpose learning procedure
that only has to be programmed once.
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A close-up of a child
holding a stuffed animal.

Input is an image Output is a caption
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The central question

» Large neural networks containing millions of
weights and many layers of non-linear neurons
are very powerful computing devices.

» But can a neural network learn a difficult task
(like object recognition or machine translation)
by starting from random weights and acquiring
all of its knowledge from the training data?
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The obvious learning algorithm

» Early researchers like Turing and Selfridge
proposed that neural networks with initially
random connections could be trained by
reinforcement learning.

— This is extremely inefficient.
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Perceptrons

* ~1960: Rosenblatt introduced a simple, efficient learning
procedure that could figure out how to weight features of
the input in order to classify inputs correctly.

— But perceptrons could not learn the features.

* 1969: Minsky and Papert showed that perceptrons had
some very strong limitations on what they could do.

— Minsky and Papert also implied that having deeper
networks would not help.

* 1970s: The first neural net winter
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Back-propagation

» 1980s: The back-propagation procedure allows neural
networks to design their own features and to have multiple
layers of features.

— Back-propagation created a lot of excitement.

— It could learn vector embeddings that captured the

meanings of words just by trying to predict the next
word in a sequence.

— It looked as if it would solve tough problems like
speech recognition and shape recognition.
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What is an artificial neuron?

* We make a gross idealization of a real neuron so that we
can investigate how neurons can collaborate to do
computations that are too difficult to program such as:

— Convert the pixel intensity values of an image into a
string of words that describe the image.

A rectified linear neuron
output

weights

output >

inputs coming from other
neurons or sensors

weighted sum of inputs >
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What is an artificial neural network?

 If we connect the neurons in layers with no cycles we get
a feed-forward neural net.

<= Output neurons

== multiple layers of
- hidden” neurons

<= nput neurons
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How do we train artificial neural networks?

* Supervised training: Show the network an input vector
and tell it the correct output.
— Adjust the weights to reduce the discrepancy between
the correct output and the actual output.

* Unsupervised training: Only show the network the input.
— Adjust the weights to get better at reconstructing the
input (or parts of the input) from the activities of the
hidden neurons.

Supervised training: An inefficient “mutation”
method that is easy to understand

» Take a small random sample of the
training cases and measure how well
the network does on this sample.

» Pick one of the weights.

* Increase or decrease the weight
slightly and measure how well the
network now does.

» Ifthe change helped, keep it.
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The backpropagation algorithm

» Backpropagation is just an efficient way of computing
how a change in a weight will effect the output error.

* Instead of perturbing the weights one at a time and
measuring the effect, use calculus to compute the error
gradients for all of the weights at the same time. We can
do this because we know how changing a weight will
change the output.

— With a million weights, this is more efficient than the
mutation method by a factor of a million.
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How to learn many layers of features (~1985)
Compare outputs with
correct answer to get
error signal
4—‘ outputs
hidden
<« layers
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Stochastic gradient descent

» The main discovery of neural nets so far is that dumb
stochastic gradient descent (SGD) works much better
than anyone expected.

— You don’t need to get the gradient for a weight on the
whole training set in order to make progress. A small
“mini-batch” of data is sufficient.

— Local optima are not a problem in practice.

— Fancy second-order optimization methods are not
needed.

* Its sufficient to use momentum and to decrease
the learning rate for weights that have large
gradients.
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A big disappointment

* 1990s: Backpropagation plus SGD works pretty well, but
underperforms the expectations of its proponents.

— It is hard to train deep neural networks. But why?

* On modest-sized datasets some other machine learning
methods work better than backpropagation.

— The second neural network winter begins
(in the Machine Learning community)

» Symbolic Al researchers claim that it is silly to expect to
learn difficult tasks in big deep neural nets that start with
random connections and no prior knowledge.

X—15

(M —15) ZDOFik%E ) ESHEESED-DICE, By /T =4ty hER&RF Y hT—
IPMETHDLZ Ea, YO BIEHE VML T RPoT-DTT, WhEhT—4
Ty MRNSRRy =T %o TWTIE, MOFHFELZBERET LI LILTEEEA,
B 2R LR hiE, Bz T 2 LN TE R -0 T, 80 N, fAzb
ITZ OB ZEREB IEDLZ LITTEERFATLE, Ry NTV—2 2 ML —=0 75700
DOV iT—428y b NRNT TN ar Ea—F R o7eDTT,

Za—I Ry FU—7 ORETZHIE, FEFEIZH LWEEZRR T L5 LR TEH L
INZIRDTEAD EFRLELEN, YREORLEBIZIZENNHWERFATLE, #ELWVM
AV NIRRT 2 EMTEELREDR, bFEVIHIE Vot FEAEHA, HBAR, ¥
YARY w7 Al OFEHEZHIX, BEehb T _XTE2EEIT L) L aFEsk LI-Ea%
FoTWnoanb 2 EL WP RWVWDIEEENWE L, FV X LRELREFFO =2 —F /LRy
PV —=Z 2T _XRTCaFEHIEL0THNE, iz 7077 I 7T 050ERHDL &,
LW Z RS LME—DFIEIX, MilE 7m0 35288, ROXH 7%
Za—INRy NU—T OWEFILEOL ) R TEREGFEUETATLER, TOERNH
HESOTWDHIEEAATLIZ L TEERATLE, ks, #LWIEEZMBRSED
ZENTE RN ETT,

11



Some really silly theories

* The continents used to be connected and drifted
apart! (geologists spent 40 years laughing)

 Great big neural nets that start with random
weights and no prior knowledge can learn to
perform machine translation.

* The more you dilute a natural remedy, the more
potent it gets. (this one really is silly)
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Continental Drift

In 1912, Alfred Wegener
proposed that the continents
had once been joined, and over
time had drifted apart.

He had corroborating evidence:
soil types, glacial scrapes,
fossils, coal deposits.

His theory was dismissed as
silly wishful thinking.
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jdi?'aw%ébbf INTE LB X DUIMNIZ OT —F EFHAT 5 HEIEH Y A, LL,
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What the Geology Establishment said

“If we are to believe Wegener’s hypothesis,
we must forget everything that has been
learned in the last 70 years of Geology and
start all over again.”

R. Thomas Chamberlain

“Further discussion of it merely incumbers the
literature and befogs the mind of fellow
students.”

Barry Willis
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What students were told in the 1940s

| once asked one of my lecturers why he was not
talking to us about continental drift and | was told,
sneeringly, that if | could prove there was a force
that could move continents, then he might think
about it. The idea was moonshine, | was informed.

David Attenborough
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“Further discussion of it merely incumbers the literature
and befogs the mind of fellow students.”

* 2007: NIPS program committee rejects a paper on deep
learning by al. et. Hinton because they already accepted
a paper on deep learning and two papers on the same
topic would be excessive.

* ~2009: A reviewer tells Yoshua Bengio that papers
about neural nets have no place in ICML.

* ~2010: A CVPR reviewer rejects Yann LeCun’s paper
even though it beats the state-of-the-art. The reviewer
says that it tells us nothing about computer vision
because everything is learned.
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The return of backpropagation

» Between 2005 and 2009 researchers (in Canada!) made
several technical advances that enabled backpropagation
to work better in feed-forward nets.

» The technical details of these advances are very important
to the researchers but they are not the main message.

* The main message is that backpropagation now works
amazingly well if you have two things:

— alot of labeled data
— a lot of convenient compute power (e.g. GPUs)
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Some of the technical tricks that made
deep neural nets work better

» Unsupervised pre-training
— Start by learning a layer of features that are good at
reconstructing the input. Then learn a second layer that
are good at reconstructing activities of the first layer etc.

— After designing the features using unsupervised pre-
training, use backpropagation to fine-tune them.

* Random dropout of units
— Make each feature detector more robust by not allowing
it to rely on other feature detectors to correct its
mistakes.
» Rectified linear units
— Rectified linear units are more powerful and easier to
train than sigmoid units.
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Acoustic modeling: The Killer App
(Mohamed, Dahl & Hinton 2009)

183 labels

[2000 hidden units

— After the standard
A post-processing this

|
[2000 hidden units | gets 23.0% phone
A error rate.
|
|

[2000 hidden units
L — The best previous
|2000 hidden units result on TIMIT was
24.4%

11 frames of

coefficients

describing the

sound wave
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What happened next

* As soon as Deep Neural Networks beat the previous
technology, leading speech groups at MSR, IBM & Google
developed them further.

» Navdeep Jaitly, a grad student from U of T, implemented
our acoustic model at Google during an internship in 2011

— By 2012, its was being used for voice search on the
Android.

— It gave a big decrease in the word error rate.

* Now the best speech recognition systems all use some
form of neural net trained with backpropagation.
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Object Recognition

» The 2012 ImageNet object recognition challenge has
about a million high-resolution training images taken
from the web.

— There are 1000 different classes of object.

— The task is to get the “correct” class in your top 5
bets.

» Some of the best existing computer vision methods were
tried on this dataset by leading computer vision groups
from all over the world.
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ko T4 vaiZBMLELE, Zoar_XT 4 varyTiEEESICKRER M L—=
Yy RRHEIRTWEED, 190 =a—F xRy NV =V DEMZFRET L5 Z
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Error rates on the ImageNet-2012
competition

* 2017 very deep neural nets (beats people!) c 3%

* University of Toronto (Krizhevsky ef al, 2012) * 16%

* University of Tokyo . 26%
* Oxford University (Zisserman et al) * 27%
* INRIA (French national research institute in
CS) + XRCE (Xerox Research Center o« 27%
Europe)
* University of Amsterdam . 29%
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Some examples of the guesses
produced by AlexNet

: cheetah bullet trdin stinkhorn

leopard passenger car morel hand glass

snow leopard subway train bolete frying pan

Egyptian cat electric locomotive gyromitra stethoscope
—21
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The response of a symbolic Al believer

Hierarchies of features are less suited to challenges
such as language, inference, and high-level planning.
For example, as Noam Chomsky famously pointed out,
language is filled with sentences you haven't seen
before. Pure classifier systems don't know what to do
with such sentences. The talent of feature detectors --
in identifying which member of some category
something belongs to -- doesn't translate into
understanding novel sentences, in which each
sentence has its own unique meaning.

Gary Marcus (2015)
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A radically new way to do machine translation
(Suskever, Vinyals and Le, 2014)

» For each language we have an encoder neural
network and a decoder neural network.

» The encoder reads in the sequence of words in
the source sentence.
— Its final hidden state represents the thought that
the sentence expresses.
* The decoder expresses the thought in the target
language.
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An encoder recurrent neural network (RNN)
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A decoder RNN gl (2] |&

gl |2 g

* The French decoder RNN converts s| |s S
the thought vector into a French -
sentence. T 1t 1
— Each time we run the decoder we g g

get a new French sentence. & [ & |—
* The decoder RNN starts by outputting N

a probability distribution over possible
French words to go first.

— We pick a word from this
distribution and feed it back into the
RNN as an input.

¢ Given this first word, the RNN
specifies a distribution over possible
second words.

» Continue until you pick a full stop.
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How the encoder and decoder RNNs
are trained

» Given a sentence pair, use back-propagation through time
to maximize the probability of producing the specified
translation.

— We backpropagate through the decoder to train the
encoder.

— All we require is lots of pairs of an English sentence
and its French translation.

— There is no innate linguistic knowledge.

(M—=32) HLEHMNOHDOEFE~RT D7Dy 7T anNr—varzffid 2 i,
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Combining vision and language
(a simplified account of work by Vinyals et. al.)

» The activity vector in the last hidden layer of a deep
neural net trained on ImageNet is a “percept”.

— The percept encodes what is in the image in terms of
objects rather than pixels.

» Map this percept to the initial hidden state of an English
decoder RNN.

» Train the decoder RNN to say what it sees in the image.

— Use an additional set of 200,000 images that each
come with several captions (MS-COCO).
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Neural net machine translation

» |t has evolved a lot since 2014.

» Use soft attention to words in the source sentence when
producing the target sentence.

» Pre-train the word embeddings by trying to fill in the
blanks using transformer networks.

» Neural nets are now used by Google to do machine
translation.

— They are much better than the previous method.

— They learn everything from data using random initial
weights.
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The lesson of neural net machine translation

* This is the final nail in the coffin of pure symbolic Al.

— Machine translation is an ideal task for symbolic Al
because the input is symbols and the output is
symbols.

» But to make it work we need vectors inside.

» The insights of symbolic Al researchers need to be
used to design better architectures for neural nets.
— Let stochastic gradient descent learn how to make it
all work.
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