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History of Artificial Intelligence



Knowledge base approach: (computer can
reason automatically about statementsin
formal languages using logical inference rules)




Machine learning: Al systems acquire their own knowledge by extracting patterns
from raw data

The idea:

Build learning algorithms
that mimic the brain.

Most of human intelligence may
be due to one learning algorithm.

Recall Gromov’s conviction that there must be some simple unlvérsal prlnC|pIe y which
Ergosystems can extract structure & symmetries from inputs

Andrew Ng



Representation is critical




Distributed representations are
powerful (each input represented by
many features, each feature involved

in representation of many inputs)



Coarse coding of fine spatial detail

(argument due to Goeff Hinton)



Coarse coding of fine spatial detail
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(argument due to Goeff Hinton)



Coarse coding of fine spatial detail

(argument due to Goeff Hinton)



Perceptron

f(z):{l ifw-z4b6>0

0 otherwise

Perceptron
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We can now specify a solution to the XOR problem. Let
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Deep learning: learns representations that are expressed in terms of other, simpler
representations (or alternatively: sequence of steps with intermediate buffers).



Deep learning Example:
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Figure 1.4: A Venn diagram showing how deep learning is a kind of representation learning,
which is in turn a kind of machine learning. which is used for many but not all approaches
to Al Each section of the Venn diagram includes an example of an Al technology.



Why is deep learning so
successful?

* Large data sets
* Fast computers enabling training of large networks
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Figure 1.11: Since the introduction of hidden units, artilicial neural networks have doubloed
in size roughly every 2.4 vears. Biological nearal network sizes [rom W oilkipedio (20105).
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Typical types of tasks for machine
learning

e Classification (1...k)

* Regression (predict numerical value given some
input)

* Transcription (image -> text)

* Machine translation

 Structured output (e.g., segmentation map)
* Synthesis

* Denoising



Networks can perform complex
tasks

* Neural turing machine: can learn to read from
memory cells and write arbitrary content to
memory cells; can learn simple programs from
examples of desired behavior (e.g., learn to sort
lists given examples of scrambled and sorted lists).

* Reinforcement learning: Autonomous agent learns
to perform task by trial and error without any
guidance from human (DeepMind, Atari and Go).



Linear regression: A simple
example of machine learning
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To minimize MSE, ;.. we can simply solve for where its gradient is 0:

VaMSE in — 0 (5.6)
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The system of equations whose solution is given by equation 5.12 is known as
the normal equations. Evaluating equation 5.12 constitutes a simple learning
algorithm.



Capacity
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Figure 5.2: We lit three models to this example training set. The training data was
generated synthetically, by randomly sampling r values and choosing ¢ deterministically
by evaluating a quadratic function. (Left)A linear lunetion lit Lo the data sullers [rom
underfitting—it cannot capture the curvature that is present in the data. (Center)A
quadratic lunction [it 1o the data generalizes well to unseen points. It does not suller [rom
a significant amount of overfitting or underfitting. (Right )A polynomial of degree 9 1L to
the data sullers from overlitting. Here we used the Moore-Penrose pseudoinverse to solve
the underdetermined normal equations. The solution passes through all of the training
points exactly, but we have not been lucky enough for it to extract the correct structure.
It now has a deep valley in between two training points that does not appear in the true
underlying lunction. It also increases sharply on the left side of the data, while the true
[unction decreases in Lhis arca.



Regularization: modification to learning
algorithm to reduce generalization error but
not training error

= « lraining errox

——  (yeneralization error

Figure 5.3: Typical relationship between capacity and error. Training and Lest error
behave diflerently. At the left end of the graph. training error and generalization error
arc both high. This is the underfitting regime. As we inerease capacity, training crror
decreases, but the gap between training and generalization error increases. Eventually.,
the size of this gap outweighs the decrease in training error, and we enter the overfitting
regime. where capacity 1s too large, above the optimal capacity.



Cost function

6.2.1.1 Learning Conditional Distributions with Maximum Likelihood

Most modern neural networks are trained using maximum likelihood. This means
that the cost function is simply the negative log-likelihood. equivalently deseribed
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CHAPTER 6. DEEP FEEDFORWARD NETWORKS

as the cross-entropy between the training data and the model distribution. This
cost function is given by

I(GJ - _Ex.y~-;).|,“,. 10)2; pun)d(-l(y | IEI (612)

The specific form of the cost function changes from model to model. depending
on the specific form of log podaq- The expansion of the above equation typically
vields some terms that do not depend on the model parameters and may be dis-
carded. For example. as we saw in section 5.0.1. if proae(y | @) — Ny : flx:0).1).
then we recover the mean squared error cost.

o1 .
J(0) = SExysia |1y — flz: 8)|F + const. (6.13)



Classifier output

To generalize to the case of a discrete variable with n values., we now need
to produce a vector y. with y; — P(y — i | ). We require not only that cach
clement of 3; be between 0 and 1. but also that the entire vector sums to 1 so that
it represents a valid probability distribution. The same approach that worked for
the Bernoulli distribution generalizes to the multinonlli distribution. First. a lincar
layver predicts unnormalized log probabilities:

z—W h+b. (6.28)

where zi — log P(y — i | ®). The softmax function can then exponentiate and
normalize z to obtain the desired y. Formally. the softmax function is given by

explz;)

—_— - (6.29)
Zj exp( 5 )

softmax(z); —



Universal approximation theorem

* A feedforward network with a linear output layer
and at least one hidden layer with any “squashing”
activation function (such as logistic sigmoid) can
approximate any continuous function from one

finite-dim space to another with any desired
NONzero error.



One of the most striking facts about neural networks is that they
can compute any function at all. That is, suppose someone hands

you some complicated, wiggly function, f(z):

f(=)

No matter what the function, there is guaranteed to be a neural
network so that for every possible input, z, the value f(z) (or some

close approximation) is output from the network, e.g.:




h Output from top hidden neuron
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As we learnt earlier in the book, what's being computed by the
hidden neuron is o(wz + b), where o(z) = 1/(1 + e #) is the

sigmoid function.
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Universal approximation theorem

* In worse case, exponential number of hidden units
(possibly one for each input config that needs to be
distinguished) is required.

* In binary case, easy to see: number of possible
binary vectorson v in {0,1}" is 222”n, selecting one
such function requires 2”n bits.

* While single hidden layer is sufficient to represent
any function, the layer may be unfeasibly large and
may fail to learn and generalize correctly.



Exponential increase in efficiency with depth

There exist families of functions which can be approximated efficiently by an
architecture with depth greater than some value d. but which require a much larger
model if depth is restricted to be less than or equal to d. In many cases. the number
of hidden units required by the shallow model i1s exponential in n. Such results
were first proved for models that do not resemble the continnous. differentiable
neural networks used for machine learning. but have since been extended to these
models. The first results were for cirenits of logic gates (. . 19s0). Later
work extended these results to linear threshold units with non-negative weights
(Hast nd Goldmann, 1991: Hajna . 1995). and then to networks with
contimionus-valued activations (] . 1992 . 1994). Many modern
neural networks use rectified linear units.  Loshn (1995) demonstrated
that shallow networks with a broad family of non-polynomial activation functions.
including rectified linear units. have universal approximation properties, but these
results do not address the questions of depth or efficiency—they specify only that
a sufficiently wide rectifier network could represent any function.



2011) showed that functions representable with a deep rectifier net can require
an exponential number of hidden units with a shallow (one hidden layer) network.
More precisely, they showed that piecewise linear networks (which can be obtained
from rectifier nonlinearities or maxout units) can represent functions with a number
of regions that is exponential in the depth of the network. Figure 6.5 illustrates how
a network with absolute value rectification ereates mirror images of the funetion
computed on top of some hidden unit, with respect to the input of that hidden
unit. Each hidden unit specifies where to fold the input space in order to create
mirror responses (on both sides of the absolute value nonlinearity). By composing
these folding operations. we obtain an exponentially large number of piecewise
lincar regions which can capture all kinds of regular (e.g.. repeating) patterns.

> b>

Figure 6.5: An intuitive, geometric explanation of the exponential advantage ol deeper

rectifier networks formally by Montobor of ol (20010). (Left)An absolute value rectification
unit has the same output for every pair ol mirror points in its input. The mirror axis
of symmetry is given by the hyperplane deflined by the weights and bias of the unit. A
function computed on top of that unit (the green decision surface) will be a mirror image
of a sitpler pattern across that axis of svinmetry. (Cender/The unction can be obtained
by folding the space around the axis ol svimetry. (Right)Another repeating pattern can
he folded on top of the lirst (by another downstream unit) to obtain another symmetry
(which s now repeated four times, with two hidden layers). Figure reproduced with
permission from Montalar of ol (2004).

More precisely. the main theorem in Montnfar of ol (2011) states that the
number of linear regions carved out by a deep rectifier network with d inputs,
depth 1. and n units per hidden layer. is

a\ A1)
() (d) nt ). (6.42)



Computational experiment demonstrating
increase in efficiency with depth
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Figure 6.7: Deeper maodels tend 1o perform better. This is not merely because the model is
larger. This experiment [rom ¢ el (200 40) shows that increasing the number
of parameters in layers of convolutional networks without inereasing their depth is not
nearly as ellective al increasing test set performance. The legend indicates the depth of
network used to make each curve and whether the curve represents variation in the size of
the convolutional or the Tully connected layers. We observe that shallow models in this
context overfit at around 20 million parameters while deep ones can benelit from having
over 60 million. This suggests that using a deep model expresses a uselul prelerence over
the space of lunctions the model can learn. Specilically. it expresses a beliel that the
function should consist of many simpler lunctions composed together. This could result
cither in learning a representation that is composad in turn of siipler representations (e.g..
corners delined in terms of edges) or in learning a program with sequentially dependent
steps (e.g.. lirst locate a set of objects, then segment them [rom cach other. then recognize
them).



Convolutional neural network (special
type of multilayer perceptron)



Linear convolution

A bank of “3D” linear filters

linear 3D filters

x—» (F b) —>y=F*xx+b

Linear, translation invariant, local:
» Inputx=H x W x K array
» Filterbank F=H x W x K x Q array
» Outputy=(H-H +1) x (W-W + 1) x Q array



Linear convolution

As a neural network

2-dimensional

input features a bank of 2 filters
output features




Linear convolution

Filter bank example

A bank of 256 filters (learned from data)
Each filter is 1D (it applies to a grayscale image)

Each filter is 16 x 16 pixels




Activation functions

Scalar non-linearity

I : 1
X ——P —_— Yy = m sigmoid

y = tanh(x) hyperb. tan
y = max{0, x} RelLU
y = log(1 + €%) Soft ReLU

y =ex+ (1 —€)max{0, x} Leaky ReLU

2
1.225
— Sigmoid
— Tanh
0.45 -- RelLU
— Leaky RelLU
= Smooth RelLU
-0.325
1.1

-3 -225-15-075 0 075 15 225 3



Multiple layers

Convolution, gating, convolution, ...

A/
I

Filters are followed by non-linear operators (e.g. gating, but see later)

() (=

N

Multiple such layers are chained together



Multiple layers

Multiple layers

Downsampling

]
%

() (=

Filters are often followed (or incorporate) downsampling
downsampling

This is often compensated by an increase X—> = —>Y

in the number of feature channels (not
L)




| ocal feature normalisation

Across feature channels rather than spatially

normalization

—B

- _ 2
X ——>! slidingl2 —>Y Yiik = Xijjk | K+« E Xiig

[ |
] |
| m
| |
| |
m G
| | |

Operates at each spatial location independently
Normalize groups G(k) of feature channels

Groups are usually defined in a sliding window manner



Spatial pooling

Reduce dependency on precise location

Pooling compute the average / max of the features in a neighbourhood.

It is applied channel-by-channel.

A YO pool »QO




Components summary

linear 3D filters downsampling
Xx—» (Fb) PYy=Fxx+b l —>Y
RelLU normalization

X—>] |£ —>y = max{0, x} x—>{ slidingl2 —>Y

|

I .

] }—}-

| |

] u

. |

. . | ] | |

spatial pooling

X—p max |y Vijk = mEEB(U Xpgk




Motivation from Visual Cortex

: Figure 1. The models of simple and complex cells proposed by Movshon,
n — _._/ . Thompson and Tolhurst (Movshon et al. 1978a,b)

A, linear model of simple cells. The first stage is linear filtering, i.e. aweighted sum

/ :
— Response . . oy X . . L
. : of the image intensities, with weights given by the receptive field. The second
. z .

stage isrectification: only the part of the responses that is larger than a threshold is
seen in the firing rate response. B, subunit model of complex cells. The first stage is

\ ; linear filtering by a number of receptive fields such asthose of simple cells (here we
A show four of them with spatial phases offset by 90 deg). The subsequent stages

involve rectification, and then summation.



Convolutional neural networks (CNNSs)

C1 Co C3 C4 Cs fs f7 fs code

X » CNN(x)

From left to right
» decreasing spatial resolution

» increasing feature dimensionality

Fully-connected layers

» same as convolutional, but with 1 x 1 spatial resolution

» contain most of the parameters



Convolutional layers

C2 C3 C4 C5 fs f7 fs code

AN

RELU -
(F, b) 1 max sliding 12
max(0,2)
linear down- non-linear spatial channel

filters sampling gating pooling normalisation



Learning a CNN

caPlcipPlcecspl fs P fr P fs P loss Perror

TTTT7 71

W1 W2 W3 W4 W5 We W7 Wsg

argmin E(wy, ws, ..., wg)

Stochastic gradient descent
(with momentum, dropout, ...)



Stochastic Gradient Descent
via Back propagation

layer 1 layer 2 layer 3

Summary: the equations of backpropagation

5L = V,C ® o' (2E) (BP1)
§ = (wHT8+1) @ o' (2) (BP2)
o =0l (BP3)

ocC __ 1-1¢%i
ot = i 0 (BP4)




Stochastic Gradient Descent
via Back propagation

1. Input a set of training examples

2. For each training example z: Set the corresponding input

activation a®!, and perform the following steps:

o Feedforward: Foreachl =2,3,..., L compute

2% = wa®! + b and a®' = o (2%Y).

o Output error §>: Compute the vector
6$,L = VaCx @ OJ (Zx’L).

o Backpropagate the error: For each
l=L—-1,L—2,...,2compute
é‘z,l - ((,wl+1)T(5z,l+1) ® O'I(Zm’l).

3. Gradient descent: Foreach! = L,L —1,...,2 update the
weights according to the rule w' — w' — % 3, 5%t (a®1)T,

and the biases according to the rule o' — b* — 2 3~ /.



|s back propagation biological?



Learning CNNs classifiers

Challenge

» many parameters, prone to overfitting

Key ingredients

» very large annotated data ®
» heavy regularisation (dropout)

» stochastic gradient descent

» GPU(s)

Training time
» ~ 90 epochs
» days—weeks of training

» requires processing ~150 images/sec

IMAGENET

1K classes
~ 1K training images per class
~ 1M training images



* Animals

* Bird

* Fish
Mammal
* Invertebrate

Plants

* Tree

*  Flower
Food
Materials

| MAG ENE T [Dengetal. 2009]

22K categories and 15M images

Structures
Artifact

Tools
Appliances
Structures

www.image-net.org

* Person
* Scenes

* Indoor

* Geological Formations
* Sport Activities




Human level performance

Slide credit: Joshua Bengio



CNNs as general purpose representations

C1

Step 1: pre-train a large CNN on a very large dataset

C2

C3

C4

Cs

fs

f7

fs

Step 2: reuse the CNN to tackle smaller problems

» chop off last layer

» the output is a code vector for the image

code



ImageNet
pre-training

Feature generality

Pre-trained features are quite general

Obiject classification (PASCAL VOC)

» [Chatifield et al. 2014, Razavian et al. 2014, Zeiler
et al. 2014]

Object detection (PASCAL VOC)
» R-CNN [Girshick et al. 2014]

< Fine-grained classification (UCSD birds)

» Part-R-CNN [Zhang et al. 2014]
MIT 67 scene classification
» [Razavin et al. 2014]




Qualitative results: text spotting
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Feature generality

ImageNet pre-trained features achieve state-of-the-art material recognition and
texture naming (but similar to Fisher Vector) [Cimpoi et al. 2014, 2015a, 2015b]
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Verbal descriptions of pictures

Wow | can’t believe that worked

a group of people standing  *® | St _
around a room with a young boy is holdinga @ cow is standing in the mlddle S street

—
remotes baseball bat logprob: -8.84
logprob: -9.17 logprob: -7.61 \

Karpathy & Fei-Fei, CVPR 201

Slide credit: Fei-Fei Li



Slide credit: Matthew Zeiler

Layer 1: Top-9 Patches
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Slide credit: Matthew Zeiler
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Do deep networks model the
brain?
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Adversarial examples

correct +distort ostrich correct +distort ostrich

Take a correctly classified image (left image in both columns), and add a tiny distortion (middie) to fool the ConvNet with the
resulting image (right).

In short, to create a fooling image we start from whatever image we want (an actual image, or even a noise
pattern), and then use backpropagation to compute the gradient of the image pixels on any class score, and
nudge it along.



Recurrent networks (RNN)

* Hopfield network
* Boltzmann machine
* Networks for sequence modeling
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y g between several states. As a concrete example we consider the network
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of Figure 27.3- If we assume reciprocal unit weights along ea

symmetric weight matrix

— -0 O
— -0 O

It
o
0 0}
00

—1). It then follows that gl =—s' and s3=—82=51 and we say
that this example captures the general result,

period greater than 2.

Finitially we excite cells 1 and 2 thens'=(11-1
that the network has an attractor of period 2. We shall see in Exercise 2
inthe sense that no undirected Hopfield net may have an attractor with
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(6)



Boltzmann machine

A Boltzmann machine, like a Hopfield network, is a network of units with an "energy" defined for the network_ It also has binary units, but unlike Hopfield nets, Boltzmann machine units ar
stochastic. The global energy, E, in a Boltzmann machine is identical in form to that of a Hopfield network:

E=— (Zwijs,- 8; +20,- 3,')

i<j i

Where:
« w;; is the connection strength between unit j and unit 2.
« s; isthe state, s; € {0,1}. of uniti.
« 6; is the bias of unit 4 in the global energy function. (—8; is the activation threshold for the unit.)

Often the weights are represented in matrix form with a symmetric matrix W with zeros along the diagonal.

The difference in the global energy that results from a single unit 4 being 0 (off) versus 1 (on), written A E;. assuming a symmetric matrix of weights, is given by:
AE; = Zw‘-j 8; + Zwﬁ 8; + 0;

i>i j<i
We can now finally solve for p;—op . the probability that the 4-th unit is on.
1

1+ exp(—%)

Pi=on =

There are two phases to Boltzmann machine training, and we switch iteratively between them. One is the "positive" phase where the visible units' states are clamped to a particular bin:
(according to P"). The other is the "negative" phase where the network is allowed to run freely, i.e. no units have their state determined by external data. Surprisingly enough, the grz
given by the very simple equation (proved in Ackley et al.[*l):

A
w,;, R i~ Pij)
where:

. p;;. is the probability of units / and j both being on when the machine is at equilibrium on the positive phase.

* Pj is the probability of units 7/ and j both being on when the machine is at equilibrium on the negative phase.
« R denotes the learning rate



RNNs for sequence modeling

Figure 10.3: The computational graph to compute the training loss of a recurrent network
that maps an input sequence of & values to a corresponding sequence of output © values.
A loss L measures how far cach 0 is from the corresponding training target . When using
softiax outputs, we assumne o is the unnormalized log probabilities. The loss L internally
computes g = soltmax( o) and compares this to the target . The RNN has input to hidden
connections parametrized by a weight matrix U, hidden-to-hidden recurrent connections
parametrized by a weight matrix W, and hidden-to-output connections parametrized by
a weight matrix V. Equation 10.8 defines [orward propagation in this model. (Left/The
RNN and its loss drawn with recurrent connections. (Right /The same seen as an Lime-
unfolded computational graph, where each node is now associated with one particular

Lime instance.



Autoencoder

* An autoencoder is a neural network that is trained to attempt to copy its input
to its output.

Figure 14.1: The general structure ol an autoencoder, mapping an input @ to an output
(called reconstruction) » through an internal representation or code h. The autoencoder
has two components: the encoder f (mapping 2 to i) and the decoder g (mapping R to
rl.

* Canlearn representations that are sparse, denoised, low-dimensional etc.



Generator Adversarial Networks
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Generator Adversarial Networks
(GANS)
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The adversarial modeling framework 1s most slraighlforward to apply when the models are both
mululdyer perceptrons. To learn the generator’s distribution p, over data x, we define a pnor on
input noise variables p.(z), then represent a mapping to data space as G(z;0,), where GG is a
differentiable function represented by a multilayer perceptron with parameters 6,. We also define a
second multilayer perceptron ID(x; 6,) that outputs a single scalar. D(x) represcnls the probability
that  came from the data rather than p,. We train D to maximize the probability of assigning the
correct label to both training examples and samples from G. We simultancously train GG to minimize

log(1 — D(G(z))). In other words, D and GG play the following two-player minimax game with
value function V (G, D):

m(in max V(D,G) = Egrpya(a)[10g D()] + E.p_ () [log(1 — D(G(2)))]- (1



Generator Adversarial Networks
(GANS)

Model: 3D-VAE-GAN
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Wu et al. NIPS 2016



Unsupervised Learning
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Figure 1: Predictive Coding Network (PredNet). Left: Illustration of information flow within two L - B -
layers. Each layer consists of representation neurons (2;), which output a layer-specific prediction at 0.
caf:h tim.e step (A;), which is compared against a‘targct‘(Al) | t.o produce an error term 1 5 20 40
(L.;), wh{ch is .lhcn pro;?aga(cd laterally and vertically in the network. Right: Module operations for # Training Examples per Face
case of video sequences.
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Lotter et al, ICLR 2017






What is the nature of the
representations learned by deep
networks?

“An essential ingredient of ergo-learning strategy is a search for symmetry--
repetitive patterns--in flows of signals. Even more signicantly, an ergo system

creates/identies such patterns by reducing/compressing "information" and by
structuralizing "redundancies” in these flows.” --Gromov

A connection between category theory & machine learning?



