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A Neuron

* |t you know Logistic

Regression, then you A single neuron

a|ready understand ) A computational unit with n (3) inputs
_ and 1 output

basic neural network and parameters W, b

neuron!

A
Inputs Activation Output
function

Bias unit corresponds to intercept term
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A Neuron

IS essentially a binary logistic regression unit

b: We can have an “always on”

hw,b (X) = f(W X + b) feature, whlf:h gives a clzf\ss prior,
or separate it out, as a bias term
1

0
" /
x I o) | |
2 -6 -4 =2 0 2 4 6
p—
hw,b(x)
X3™
1 w, b are the parameters of this neuron

i.e., this logistic regression model
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A Neural Network

= running several logistic regressions at the same time

If we feed a vector of inputs through a bunch of logistic regression
functions, then we get a vector of outputs ...
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A Neural Network

= running several logistic regressions at the same time

... which we can feed into another logistic regression function

It is the loss function
that will direct what
the intermediate
hidden variables should

m) be, so as to do a good
job at predicting the
targets for the next
layer, etc.

Layer L,

Layer L, Layer L,
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A Neural Network

= running several logistic regressions at the same time

Before we know it, we have a multilayer neural network....

l

hyo(X)

|

+1 Layer L,

Layer L,
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f: Activation Function

We have
a, = f(W,x, + W,x, + W;x; + b))

a, = f(W,,x, + W,x, + Wpx, +b,) a
etc.

In matrix notation a,
z=Wx+b ]
a=f(z)

where fis applied element-wise:

f([Zl’ZZ’Z3]) = [f(Zl)af(Zz),f(Z3)] Layer L, Layer L,
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Activation Function

logistic (“sigmoid”) tanh
1 | CZ . C—...
F(2) = 1 op(—2)" f(z) = tanh(z) = ey

tanh is just a rescaled and shifted sigmoid
tanh(z) = 2logistic(2z) -1
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Activation Function

hard tanh soft sign rectified linear (RelLu)
-1 ifx<-1 .
HardTanh(x) = { x if —1<=x<=1 SOftsign(z)= rect(z) = max(z,0)
1 ifx>1 I+|a
PR— 3
S N T N N
1
e .. i 0
- —Tanh B
05 —Sigmoid| |
Softsign | ‘ | |
2:5 5 32 4 o0 1 2 3

* hard tanh similar but computationally cheaper than tanh and saturates hard.
e Glorot and Bengio, AISTATS 2011 discuss softsign and rectifier
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Non-linearity

* [ogistic (Softmax) Regression only gives linear
decision boundaries
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Non-linearity

* Neural networks can learn much more complex
functions and nonlinear decision boundaries!
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Input

Non-linearity

Layer

% y =g(Wz +b)
z=¢g(Vg(Wx+Db) + c)

W_J
output of first layer

With no nonlinearity:
Zz=VWx+ Vb+c

Equivalentto z = Ux+d
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Non-linearity

Input  Hidden Qytput

Layer

Nodes in the hidden layer
@ can learn interactions or

»@ )/ conjunctions of features
NOSE N/ @
{ﬂb“’k' 0
NG N Ve

K "
[ [not] @i"&yf///f’

7

)
y = —2x1 — T2 + 2tanh(z; + x2)

not OR good
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What about Word2vec
(Skip-gram and CBOW)?
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S0, what about Word2vec
(Skip-gram and CBOW)?

It Is not deep learning — but “shallow™ neural networks.
't is — In fact — a log-linear model (softmax regression).

SO, it Is faster over larger dataset yielding better embeddings.

Wei Xu o socialmedia-class .0rg
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|_earning Neural Networks

Input Hidden Output __ change in output w.r.t. hidden
Layer dz dz dy
% de dy ' dzx "~
/ change in hidden w.r.t. input

change in output w.r.t. input

Computing these looks like running this
network in reverse (backpropagation)
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Strategy for Successtul NNs

e Select network structure appropriate for problem

- Structure: Single words, fixed windows, sentence
based, document level; bag of words, recursive vs.
recurrent, CNN, ...

- Nonlinearity
o Check for implementation bugs with gradient checks
o Parameter initialization
e Optimization tricks
o Check if the model is powertful enough to overfit
f not, change model structure or make model “larger”

f you can overfit: regularize
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Neural Machine Translation

suis étudiant -

1

Source Target
embeddings S I r 3 . 3 embeddings

I I I I I I I I
I am a student — Je suis étudiant
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Recurrent Neural Network
(RNN)

b
o0
LI

@—1>—®

Source: Colah’s Blog



http://socialmedia-class.org/

Recurrent Neural Network
(RNN)

Q ®
I

Source: Colah’s Blog
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| .ong Short-Term Memory
Networks (LSTM)

(Hochreiter & Schmidhuber, 1997)

O —>>->—<

Neural Network Pointwise

Layer Operation Tra nsfer Con

Source: Colah’s Blog
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| .ong Short-Term Memory
Networks (LSTM)

2t — 0 (Wz ' :ht—lamt:)
Tt = O (Wr ° :ht—laxt:)
he = tanh (W - [ry  hy_1, 24])

ht:(l—Zt)*ht_l—l—Zt*iLt

O —>>->—<

Neural Network Pointwise
Layer Operation Tra nsfer

Con

Source: Colah’s Blog
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Gated Recurrent Unit
(GRU)

(Cho et al., 2014)

it — 0 (Wz ' :ht—laajt:)
rt = U(Wr ' :ht—laxt:)

izt = tanh (W - [ry * hy_1, 2¢])

ht:(l—zt)*ht_l—l—zt*izt

Source: Colah’s Blog
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Twitter Conversation Data

Tesco Mobile < tescomobile 0 Nov
o @RiccardoEspaa7 She's clearly going through a rough

.....

time in life.
Details

Riccardo Esposito < RiccardoEspaa7 10 Nov
@tescomobile | know either that or shit is going insane!
There is nothing wrong with tesco mobile

Details

3

Tesco Mobile < tescomobile 0 Nov

o @RiccardoEspaa7 Together Riccardo, we'll make this

world a better place.
Details

Riccardo Esposito  RiccardoEspaa7 10 Nov
@tescomobile me and you against the world
Details

Tesco Mobile tescomobile 10 Nov

Q @RiccardoEspaa7 Yeah baby.

[‘\v\nn ¢
< OLAlS

Riccardo Esposito “RiccardoEspaa? 0 Nov
@tescomobile no one can stop us
Details
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Neural Conversation

ENCODER Reply
r Yes,— . what's __ up? —
S .' ] '
. - — -"E—"- e 8
1 Nwa:
T =Na -
o : LT 1‘: ; J LA cgr- LN A : ",
| £ 1 , |
Are you free tomorrow?
Incoming Email DECODER

Source: Google’s blog
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Neural Conversation

modeling speakers

Source Target T engl'md ' EOS

|0909}—+0900}_‘0099’_‘|0990 4UOUO_OOUOU UU&U UOUOl

1 1 1 Al A1 /] e

|
v~ .~ e~ R c e~ - PORS|I|oFee | (SREN ]| e SeeN|| e LA L ARR 1 11
L |
where do you live EOS !Rob ! in  Rob england Rob N Rob
- D_Gomes25 Jinnmeow3 \
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% TheCharlieZ england %
E Rob 712 ' great "
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E _ ‘ Kush 322 . k
5 kierongillen$ monday live Oxay
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Wei Xu o socialmedia-class.org Source: A Persona-Based Neural Conversation Model, Li et al. (ACL 2016)
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Neural Network ToolkIts

* PyTorch: http://pytorch.org/
- Facebook Al Research and many others

* Tensorflow: https://www.tensorflow.org/

- By Google, actively maintained, bindings for many languages
* DyNet: https://github.com/clab/dynet

- CMU and other individual researchers, dynamic structures
that change for every training instance

« Caffe: hitp://caffe.berkeleyvision.org/
- UC Berkeley, for vision

* Theano: http://deeplearning.net/software/theano

- University of Montreal, less and less maintained
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Happy lurkey Day!

STUFFING VS. N
DRESSING  wern i/

e——— ENORTH
MOUNTAIN CENTRAL CENTRAL MIDDLE

87% 68:’° 78%  ATLANTIC
B 13% M 32% B 22% 88%

NEW
| | LS

. i 100%

T W 0%

PACIFIC™ ‘
-

B 16%

y
=
l

-- soum
ATLANTIC
67%
WSOUTH - ESOUTH B 30%
CENTRAL CENTRAL

STUFFING 47% 38%
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*This survey was conducted online with a random sample 1,000 men and women in 9 regions - all members of the CyberPulseTM
Adv?gry Panel. Research was conducted in May 2007. The overall sampling error for the survey is +/-3% at the 95% level of
confidence.
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