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Hand crafted
feature
extraction

Trainable
classifier

» Perceptron (binary classifier). Mark 1 perceptron machine (1957) used
motors, potentiometers!
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Perceptron

» Simplest perceptron: set of inputs x; mapped to output g

Single Layer Perceptron

/l\ 1 if Zwix,. >0
Output layer (Y ) output=
¥ 0 otherwise
w1 o -
Input layer <)F> <)E]2> K)i?

» Each input has a weight w;
» Weights are trained using supervised learning

> Training sets of D = {xz; ;,y;} where j is the sample number and Y;
the desired output for that sample

> Prediction is 4 and weights are updated to minimise loss »  (y; — #;)’
j
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Perceptron

» The perceptron is only able to classify linearly separable training sets
> E.qg. if two features are size and domestication

» May admit solutions of different quality (general | R
problem for machine learning if training dataisnot . s -
representative) IR
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Shallow vs Deep

w‘_
\H/ H-g =

& M =
> A network is deep if it has '

more than one layer of non-
linear feature abstraction

» Hierarchy of representations
with increasing levels of
abstraction (e.g. pixel ->
edge -> eye -> face)

» Deep networks can store
more memory than
equivalent number of units in
a single layer




MultiLayer Perceptron

» Type of feedforward artificial neural
network

» Can distinguish data which is not
linearly separable

» Some neurons use non-linear
activation functions (functions which
map the weighted input to the output
of a neuron)

» The brain is thought to work in a
similar way when biological neurons
are fired

» MLPs use supervised learning to
update network weights using back-
propagation
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Qutput



> Weighted inputs v; = wj;X;

Input




> Weighted inputs v; = wj;X;
> Activation function @(v;)

Hidden
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> Weighted inputs v; = wj;X;
> Activation function @(v;)

(b(V,') — tanh(v,-)

Tanh function



> Weighted inputs v; = wj;X;
> Activation function @(v;)

¢(w)::tanh(w)

p(vi)=(1+e ")~

¢(vi)

A
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Sigmoid function



> Weighted inputs v; = wj;X;
> Activation function @(v;)

(b(V,') — tanh(v,-)
$(vi) = (1+e™)*

» Loss function
e; =y; — ¢(v;)

5226?
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> Weighted inputs v, = wj;x;
> Activation function ¢(v; )

@(v;) = tanh(v;) di —» Output

$(vi) =(1+e ") n

> Loss function
e; = y; — ¢(vy)
WUT
» Back-propagation
%2 Input
szg - Tlawlj ‘

£=2¢
J
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Back-propagation

» Can the cortex do back-propagation?
» Maybe or maybe not!
» Many neuroscientists think the brain can’t back-propagate
= Source of supervision signal?
= Neurons send all-or-nothing spikes
= Neurons must be able to send different signals forward and backward

» But see work of Geoffrey Hinton (e.g. Lillicrap et. al., Nature
Communications 7, 2016) who presents arguments how the brain can
back-propagate

» How much should we be led by the function of the brain when
developing deep learning algorithms?



The University of

Nottingham

UNITED KINGDOM =« CHINA « MALAYSIA

r

Gradient Descent (GD)

» Most supervised machine learning algorithms involve finding a set of
parameters © that minimise a cost/loss function

» Loss functions can be complicated non-convex functions with many local
minima

> Simplest algorithm that attempts to minimise the loss E(@) is gradient
descent

vi = Vo E(0:), n; = learning rate
9t+1 — Ht - Vt A E(6) B E(0)
T]<nopt n=nopt
» Requires careful choice of learning rate \\
» Can become stuck in local minima @ e
» Sensitive to initial conditions ¢ g O > g O
. . . N>Nopt N>2Nppt
> Learning rate is same for all gradients —_—
» Long time to escape saddle points —
0 0
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> Stochasticity is added by approximating the gradient on a subset of data
called a mini batch

» Size of mini batch is smaller than dataset - typically 10’s to 100’s of data
points

» Full iteration using all mini batches of a dataset is called an epoch
» Update rule is now just

» Decreases chance of becoming stuck in local minima
» Also has been shown to help alleviate over-fitting
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SGD with momentum

» SGD with momentum adds an inertia term that retains some memory of
the direction being moved in

v =yvi_1 + Vo E(0;)
9t+1 = 0; — Vi,

v = momentum parameter

» SGD helps parameter updates gain ‘speed’ in persistent smaller
gradients while suppressing oscillatory high gradients

Momentum update Nesterov momentum update

“lookahead” gradient
step (bit different than
original)

momentum
step

momentum

step
actual step

actual step

>

gradient
step
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Second order moments

» All methods so far require a schedule for the learning rate as a function
of time

» Optimal learning rate is actually inverse of the Hessian 7.,: = [0 E(0)] .

» Expensive to compute. Second order moment methods keep track of the
squared gradient

> Take large steps in shallow directions and small steps in steep directions

» Algorithms include RMSprop (Teileman and Hinton 2012), AdaDelta
(Zeiler, 2012) and ADAM (Kingma and Ba, 2014)

» E.g. RMSprop update rule

g: = VoFE(0) s; = E[g7]
s¢ = Bsi—1 + (1 — 5)%? 8 = averaging time
5t e = regularisation constant

Ht—|-1 — 075 — Tt m?



SGD
Momentum
NAG

Adagrad
Adadelta
Rmsprop
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Deep learning in practice

* Tensor

» Created by Google
» Math library used for machine learning and neural networks
» Supports Python and C++
» Pros
Documentation
Backed by large community
In built monitoring for training processes (Tensorboard)
» Cons
x Static computational graphs
x Higher learning curve than other libraries (low level, debugging harder)

x Some performance issues
https://www.tensorflow.org/
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Deep learning in practice

O PyTorch

» Created by Facebook
» Tensor computation (like numpy) with GPU acceleration
» Supports Python
» Pros
Dynamic computational graphs (useful for e.g. RNNs)
Lower learning curve (more pythonic, easier to debug)
Easy to write own layer types
» Cons
x Lacks in built monitoring
x Not yet production ready (at v0.4 but less of an issue for research)

x Documentation not as detailed
https://pytorch.org/



PyTorch Example

Input x
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autograd_example.py X
torch
matplotlib.pyplot plt

device - torch.device('cpu')

N, D_in, H, D_out

64, 3, 4, 2

X — torch.randn(N, D_in, device device)
y - torch.randn(N, D_out, device device)
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wl = torch.randn(D_in, H, device-device, requires_grad-True)
w2 = torch.randn(H, D_out, device-device, requires_grad-True)

learning_rate = le-5
loss_data -~ []

t rangei}*}%):

h  x.mm(wl)
phi - h.tanh()

500

y_pred - phi.mm(w2)

loss ~ (y_pred  y).pow(2).sum()
loss_data.append(loss.item())

loss.backward()

torch.no_grad():
wl learning_rate
w2 learning_rate
wl.grad.zero_()
w2.grad.zero_()

wl.grad
w2.grad

plt.plot(loss_data)
B 34 plt.show()




Deep learning in practice

» Keras is built on top of TensorFlow/Theano
» Supports Python
» Pros
Easiest learning curve
Very intuitive interface for building neural networks
Easy to write own layer types
» Cons
x High level and not always as customisable
x Not as many functionalities, less control
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https://keras.io/
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Loss Function

» The first thing to do to train a neural network is define a loss function

» For continuous outputs these include the mean squared error and mean
absolute error

B = 23— )P Ew) = 1 3 [~ Gi(w)

» Full loss function can include additional regularization terms

» For categorical outputs loss function is usually the categorical cross-
entropy

> Last layer typically has a soft-max activation (turns M outputs into
normalized probabilities)

B(w) == i Yim 108 Jim (W) + (1 = yim) 0g [1 = Jim (W)] yim = {17 ohervi

0, otherwise.

> Loss increased when predicted probability further from actual label
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» Regularization helps ensure neural networks do not over-fit and

generalise well to unseen data

» L1 and L2 regularization apply penalties on a per layer basis during

optimization

» Dropout turns off random neurons with probability p for each mini batch

during training

Over-fitting

Model has too many free parameters
and data is over-fitted
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Under-fitting

Too many neurons either dropped out
or regularisation so high that weight
matrices close to zero - under-fitting!
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Training

» Data should first be separated into training, test and holdout datasets
= Training data is used to fit the parameters of the network

= Test data to to evaluate the performance of the trained model on
unseen data. It can be used to tune the various hyper parameters of
the network (e.g. number of layers, hidden units etc)

= Holdout data is used to assess the final performance of the tuned
model

» During training test loss can be monitoring, and training should be
stopped when this increases
A

> Early stopping can also be seenasa  ewor|, |
type of regularization and avoids over- \ e

f i t-t i n g Tran rqu ror \
AN

~_
|
~—
i >
I

Early . Training steps
stopping
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» MNIST is " Hello Word’ of deep learning

» Black and white images of integers from 0 to 9

> 28 x 28 pixel images

» 60,000 training images and 10,000 test images
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n_units n_units n_out

Input
MNIST image

Output
Classification result

[o' 0! 1' 0' 0! O' 0' 0' 0' 0]

I I |

11 12 13
Input layer Hidden layer Output layer



MNIST MLP (Keras)

» Very simple API!

» 2 hidden layers each with 512 units
» Relu activation functions

» Dropout with p=0.2

» Final layer has softmax activation

> Gets to 98.40% test accuracy after 20
epochs

» State of the art has 99.8% accuracy
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wras_nisi_mip. py

_ _future__ print_function

keras
keras.datasets pnist
keras.models Sequentinl
keras. lavers Densz, Dropout
keras.optieizers MEprop

batch size 128
num_classes 148
epochs ~ 20

(x train, y trzin), (x test, y test) - wnist.loac data()

x_train = x_train.reshap=(60020, 734)
K_test = X _test.roshape( 10000, 784)
x_train  x_train.astype('float32')
x_test - x test.astype('float32')
x_train 255

x_test 255

print(x_train.shapel®], ‘train samples')
print(x_test.shap=[@], 'test samples’')

y_train  keras.utils.to_categorica’(y_train, num_classes)
y_test = keras.utils.to categorical(y_test, num_classes)

nocddel — Sequential()

model.add(Dense(512, activation='relu’', input_shape=(/84,]))
model.add(Dropout(0.2))

model.add({Dense (512, activation-"'ralu'))
model.add{Dropout(8.2))

nocle L. add{Dense (num_classes, aclivaltion 'sofimax'))

model.surmary ()

model.compile(lass "categorical_crassentropy',
oplinizer=fMSprop(),
metrics-['accuracy']l)

history  wodel.fit(x_train, y_train,
patch_size-batch_size,
hs-wepochs,
verbose-1,
validation_cata (x_test, y_test))
score -~ model.evaluate(x_test, y_tast, verbose 0)
print('Test loss:', scare(d])
prant{'Test accuracy:', score[1])

2P0



MNIST MLP (pyTorch) ¥ g

# o] pzemade py berws_mnest_min o pyloechmnist_mlppy  x

*uture print_function
DEORDrse
Torch
tarch.nn nn
toarch.nn. functional F
tarch.aptin optin
torchvision datasets, transfoms

cless Netlow.Nodule):
def __init_ _(self):

super{Met, selrf). init ()
self.fcl = mn.Linsar{28.28, %12)
self.fcl drop = nn.Dropout(®.2)
selt.fcZ2 - rndlincar(512, 512)
self.fc2 drop ~ nn.DrapoutB.2)
self.fc3 - rnulincar(512, 512)

forvard{ssl?, x):

X - Xeviewl-1, Z8+28)
X - Ferelulzelr.?clix)]
X~ salr.rel_dropix)
H
x

F.relulzelr.?c2(x)]
sulf. fc2_dropix)
F.log_softmax(s=1f.fc3(x])

gef trainlarygs, sodel, device, traan loader, ocptundzer, opochl:
rockel traind)
hatch_idx, (data, target) enumerate(train loader):
data, target  cata.taldevice), target.tolcevice)
aptizizer.zera_orad()
autput  mocellcdata)
loss  F.nll_loss{autput, target)
\oss. back~ard( |
optirizer.stepl)
batch_idx< args.log_interval | H
printd'Train Epoch: 1) [E0/4) C4:.0f %)) tLass: {:.EFf|".fomat|
spoch, belch_idx © Lenidetal, lenltrain_loeder.cates=tl|,
130, betch_idx =~ LeniUrein_loader), loss.ilen()])

gef tet{args, nogel, device, test lowusr):

rockel.evall)

test _loss 0O

correct - B

torch.no_gradl):

data, target tast_loacer:
data, target cata.toldevice), target.tolcavica)
autput Toce{catal
test_loss F.nil_Loss lcutput, terget, recuction ‘sam')
pred - cutput.max(l, keepdie-Trued (11
correcl pred.egl lergel. vicw_aslpred) ) suol ], iten()

Lesl_liss Len(les!_loeder.dalesel)

printl*\nTest set: Aversge Loss: 4:.47), Accuracy: {374 I{
et loss, correct, lenltest loaver.datasel),
198 Cor et lenftest loeder.dataset|))
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gaf gain():

parser  argparse.ArgurentParser{description 'PyTorch MNIST Exanple')
parser.add_arqument ('—batch-siza', type-int, defauir-124, meravar-'N’',
helps "input batch size for training (defoult: €4]1°)
parser.add aroument ('—test-batch=size', type int, default 1099, metava N_
help-"input barch size far resting (defaulr: 184a) ')
parser.add_argument ('—epochs ', type-int, default 20, metavar'N’,
help-"nunber of epochs to trein (default: 10)')
parser.add_arqoument ('—1r", typostioar, dofault=0.81, meravar-'LR',
help "learning rate (default: 98.01)']
parser.add aroument ('—nomentun', type-rloet, odefsult-0.5, metavar-'N',
help- "SGR momentum (defaolt: 8.5)')
parser.add_argument ('=no-cuda‘, action 'store_true', default Fa.se,
help-'disables CUDA treining')
parser.add_argument ('—seed', fypesint, defaulit=1, metavar="'S"',
help ‘random seed {(default: 1)')
parser.add aroument('—log-interval', type-int, derfault-10, meraver-'N’,
heelp="how mony batches to wait before logging training status’)
args parser.parse args()
use_cuds args.no_cuca torch.cuda.is_aveilable()

torch.manua | seed(args.seed)

device  torch. devicel™cuda" use_cuda cpu")

kwargs - {'num_warkers': 1, 'pir_memory': True} use_ruda {}
Lrain_loader  torch.utils.data.Dataloader [
datesats.MNIST('../deta’', train=True, download-=1rue,
transform-transfams.Compose( |
transfaorms. TaTensar(),
trensforms.Nomalize((o
11),
batch_size args.batch_size, shuffle Irue, kwargs)
test_loader - torch.utils.data.DatalLozder(
dataset< . MNIST( .. /data’, frain=False, fromsform=transforms. Compose( |
transforms. lalensar(),
trensforms.Normalize((0.1327,), (9.38€1,))
1)),

batch size args.test_batch_size, shuffle 'rue, kwargs)

wodel - Net().to(device) _
aptimizer - optin.5GCh(radel.parzmeters(]), [r-args.lr, mosentus-args.manentun)

epoch range(1, args.epochs - 1):
rrainfargs, model, device, train_loader, optimizer, apach)
testlargs, model, device, test_loader)




