Deep Learning

10-715 Fall 2015

Alexander Smola
alex@smola.org

Office hours - after class in my office
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Outline

- Basics
» Perceptron (and convergence rule)
« Stochastic gradient descent
» Loss functions and objectives
Deep Networks

Layers and Invariances

» Advanced objectives

- State and Structure
Optimization
 Autoregressive Models & Hidden State
» Toolkits
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Biology and Learning

 Basic ldea

» Good behavior should be rewarded, bad behavior
punished (or not rewarded). This improves system fithess.

» Killing a sabertooth tiger should be rewarded ...
» Correlated events should be combined.
- Pavlov’s salivating dog.

» Training mechanisms

» Behavioral modification of individuals (learning)
Successful behavior is rewarded (e.g. food).

- Hard-coded behavior in the genes (instinct)
The wrongly coded animal does not reproduce.
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Neurons

- Soma (CPU)
Cell body - combines signalsa</g

- Dendrite (input bus) )
Combines the inputs from g
several other nerve cells :

- Synapse (interface)

Interface and parameter store between neurons

- Axon (cable)

May be up to 1m long and will transport the
activation signal to neurons at different locations

Nerve cell

v -~
\
1\

Axon

Dendrite
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Neurons

synaptic
weights

output

flx) = szivz = (w, z)
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» Weighted linear TL T2 T Tn
combination ’ ? g
w1 n
« Nonlinear

o _ synaptic
decision function  weights

 Linear offset (bias)

output

flz) = o ((w,z) + b)

 Linear separating hyperplanes
(spam/ham, novel/typical, click/no click)

» Learning - Estimating the parameters w and b
Marianas | abs Carnegie Mellon University
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The Perceptron

initialize w =0 and b =0
repeat
if y; [(w, x;) + b] <0 then
w4+ w—+ y;x; and b+ b+ y;
end if

until all classified correctly

- Nothing happens if classified correctly
- Weight vector is linear combination w=">» yx,

- Classifier is linear combination of vl
iInner products

f(@) =) yilzi,z)+b

A<y
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Convergence Theorem

» |If there exists some (w*,p*)With unit length and
yi (i, w™) + 0" > p for all
then the perceptron converges to a linear
separator after a number of steps bounded by

(b*2 + 1) (r* +1) p~° where [|a;|| <r

- Dimensionality independent
« Order independent (i.e. also worst case)
« Scales with ‘difficulty’ of problem
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Proof

Starting Point
We start from w; = 0 and b; = 0.
Step 1: Bound on the increase of alignment
Denote by w; the value of w at step i (analogously b;).

Alignment: ((w;, b;), (w™, b*))
For error in observation (x;, y;) we get
(wjt1, bjs1) - (W™, %))
— <[(wj7 b]) + yi(ziv 1)] ; (w*a b*)>
= ((wj, b)), (W™, %)) + yi{(@;, 1) - (W, 0%))
> ((wj, bj), (w*, %)) + p
> p.

Alignment increases with number of errors.
Marianas | abs Carnegie Mellon University



Proof

Step 2: Cauchy-Schwartz for the Dot Product

((wjy1,bj41) - (w™,07)) < |[(wir1, 0j51)]] [[(w?, 67)
— \/1 (%)% w]+1abj+1)‘

Step 3: Upper Bound on ||(w;, b;)||
f we make a mistake we have

H2 (wj7b )_I'yz(xz» )H2 ,
(w], b]) 20 (4, 12)7 (wjv bj)> (2, 1)]]
(wj, b) || + 11z, V)|

J(R* 4 1).

Step 4: Combination of first three steps

7o < V1+ (02w, b)) < VG (R2 4 1)((0)2 + 1)
Solving for j proves the theorem.
Marianas | abs Carnegie Mellon University

‘ (w]—|—17 ]+1)

IA Al




Consequences

* Only need to store errors.
This gives a compression bound for perceptron.

» This is stochastic gradient descent on hinge loss

[(x;,y;,w,b) = max (0,1 — y; [(w, x;) + b))

» Falls miserably with
noisy data

do NOT train your

avatar with perceptrons



Stochastic Gradient

with Hinge Loss

[(x;,y;,w,b) = max (0,1 — y; [{w, x;) + b))
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Hardness

hard easy
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» (Linear) Function
flx) = (w,z)+b
We need to define what to do with it
- Regression
Real valued y, goodness measured by y - f(x)

(y, f(z)) = |y — f(2)] absolute value
Iy, f(z)) = % () — (z))? least mean squares
[y, f(x)) =max (0, |y — f(z)|) e-insensitive

_Jly=f@)] =05 if |y — f(z)] > 1
Wy, J(2)) = {O.5(y — f(x))*  otherwise Huber
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Regression applications

- Stock market prediction
(often better to convert to log-price)

- Image Superresolution
(regress from lower dimensional to higher
dimensional image - Laplacian pyramid)

- Recommendation and rating
(Netflix, Spotify, Yelp, Amazon)

- Embeddings
Feature vectors for words, profiles, images

Marianas | abhe Carnegie Mellon University



- Classification
» Binary vy, e.g. {apples, oranges}
» Multiple categories, e.g. {red, green, blue}
 Ordinal relationship, e.g. {A, B, C, D, Fail}

(4, f(x)) = log (1 +e7#/() logistic
(y, f(z)) = max(0,1 — yf(x)) soft-margin
Iy, f(z,-)) =1log Y e/ V) — f(z,y) Multiclass
Y’ logistic
[(y, f(z,-)) = max [f(z,y") + Ay, y")] — f(z,y)

Yy
Marianas | abs Carnegie Mellon University
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Logistic Regression

B 1
o 1 4+ e—yf(z)

p(ylf(x))

o L L
-6 —4 —2 0 2 4 6
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0

_ max(0,1 — f(x)) SVM _
Binary Classification

_ Losses _

~ log (1 €_f(x)) | _

y : S ;

-6
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« |deal Case
Minimize expected risk

- Reality

We only have samples (x,y) drawn from
distribution. Hence minimize empirical risk

emp Zl yza xz

- Challenges
Overfitting (regularization), Redundancy (SGD)
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Recall ... Perceptron

initialize w =0and b =0
repeat
if y; [(w,z;) +b] <0 then
w < w~+ y;x; and b <+ b+ y;

end if
until all classified correctly ‘

Ham

Carnegie Mellon University



Stochastic gradient descent

» Empirical risk
emp Zl yz» xz

» Stochastic gradient descent (pick random X,y)
Wit < W — NeOf ()l yi, [(1:))0w f(24)

- Often we require that parameters are restricted
to some convex set X, hence we project on it

.\ Rate is O (t_%)

faster for strong convexity

Carnegie Mellon University



Convergence In Expectation

Initial loss

1(6) = By [y, (¢(x),0))] and I* = inf [(#) and § = o O

(z,y) Ie X tT:_ol N,
expected loss parameter average

* Proof
Show that parameters converge to minimum

0* € argminl(6) and set r; := ||0* — ;|
0cX

Nesterov and Vial 10.1016/j.automatica.2008.01.017

Carnegie Mellon University



* (12
Fiaq1 = ﬂx[9t—m9t]—9 H

hence E [rfﬂ — rf]

»  Summing over inequality for t proves claim

» This yields randomized algorithm for minimizing
objective functions (try log times and pick the
best / or average median trick)

Carnegie Mellon University



 (Guarantee

» |f we know R, L, T pick constant learning rate

_ K and hence Eg[l(0)] — I* RILY UTIL LR
=7 d hence E;[1(F)] — I* < T <7
» If we don’t know T pick », = O(t—2)

This costs us an additional log term

E[1(0)] - I* = O (1(;‘5;)

Carnegie Mellon University



Strong Convexity

15(6') > 14(6) + (001a(6), 0 — ) + S\ 0~ 0')

» Use this to bound the expected deviation
ric < i 7 lgell” — 2n (6 — 6%, gy)
< i+ np L% = 2n [1:(0:) — 1:(07)] — 2
hence E[ry, ] < (1 — Ah)E[r;] — 2n, [E[1(6;)] — U]
» Exponentially decaying averaging

B 1— o T—1
0 — Z O_T—l—té)t

1 —ot
t=0
and plugging this into the discrepancy yields
_ 212 | ART: 2 | ART:
[(0) — 1" < —log |1 - for n = —log |14
AT i 2L | )‘TCarnegie Mellog Jé’nivg Tsity




More variants

- Adversarial guarantees
Ory1 < Tz |08 — 10 (Y1, (D(24), 04)))
has low regret (average instantaneous cost) for
arbitrary orders (useful for game theory)

- Ratliff, Bagnell, Zinkevich
O(t~%)learning rate

- Shalev-Shwartz, Srebro, Singer (Pegasos)
O(t~')learning rate (but need constants)

- Bartlett, Rakhlin, Hazan
(add strong convexity penalty)

Carnegie Mellon University



In a Nutshell
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Key Components

- Data & distribution
(image, ‘cat’), (email, ‘spam’), ((user,movie), %% %)

« Loss Function
least mean squares, logistic, multiclass, ...

* Function class
linear, nonlinear, kernels, deep

» Optimization procedure
Stochastic gradient descent, batch, sampling

- Capacity control
Norm of coefficients, operator, dropout

Marianas | abs Carnegie Mellon University



Key Components

+ Data & distribution

., ‘cat’)

« Loss Function
log (1 + e_yf(x))

* Function class
flx) = (w,z)

- Optimization procedure
Yyx

W< W +71
- Capacity control
w < (1 —=gNw +n S

Marianas | abs Carnegie Mellon University




Model Selection

- Simple model
Linear function in R, n observations, no problem
(e.g. estimating voltage in sockets)

- High dimensional model
Linear function in RY, n < d observations
The problem is underdetermined

» Even for d = O(n) not enough data to handle noise
* Only small number of nonzeroes (sparsity)
»  Only small coefficients (norm)
» Insensitive to local changes (dropout)

Marianas | abs Carnegie Mellon University



Outline

Basics
» Perceptron (and convergence rule)
» Stochastic gradient descent
Loss functions and objectives

* Deep Networks
- Layers and Invariances
- Advanced objectives

- State and Structure
Optimization
 Autoregressive Models & Hidden State
» Toolkits
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3. Backprop



A brief history of computers

1970s 1980s 1990s 2000s 2010s
10"

? 1MB 100MB 10GB 1TB

? 10MF 1GF 100GF 1PF GPU

deep kernel deep

- Data grows nets methods nets
at higher exponent

« Moore’s law (silicon) vs. Kryder’s law (disks)
- Early algorithms data bound, now CPU/RAM bound
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Perceptron

synaptic
weights

output

y(r) = o((w, )
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Nonlinearities via Layers

\

VORISR
N il

Y1 = k($z, CE)
y1i(z) = o({w1i, z))
y2(z) =0
optimize
all weights
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Multilayer Perceptron

- Layer Representation

y; = Wix;
Tit1 = 0(Yi) x4
» (typically) iterate between
linear mapping Wx and =

nonlinear function

- Loss function i(y, y;)
to measure quality of
estimate so far

x2

|a|a|a-H|

X

Marianas | abs Carnegie Mellon University



Multilayer Perceptron

- Layer Representation
= Wix;
Tiv1 = 0 (Yi)
- Change in Objective
g; = Ow. (Y, ¥s)
- Chain Rule

Oz |f2 0 1] (x) = [0y, f2 o f1] (x) [0 f1] ()

Marianas | abs Carnegie Mellon University



Multilayer Perceptron

- Layer Representation
yi = Wiz,
Tiv1 = o(y;)
» Gradients
Or,Yi = Wi
Ow, i = x;
Oy, Tit1 = 0 (Yi)

= O, ir1 = 0 (y))W,'

1

X

Marianas | abs Carnegie Mellon University



Backpropagation

- Layers & Gradients Oz, yi = Wi
Tiv1 = o(y;) Oy, Tiy1 = Ul(yz‘)

- Backpropagation

Oz, 1 (Y, yn)'fxiwiﬂ
=(Ds 1 Ly, yn o (g )W,
Ow, LY yn) = Oy, (Y, Yn)Ow, Y
=02, Ly, v o' (1)
Marianas | abs Carnegie Mellon University
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Backpropagation

- Layers & Gradients Oz, yi = Wi
= Wix; Ow, i = x;
Lit1 = U(yi) 3yz-55i+1 — Ul(yz')

- Backpropagation

Carnegie Mellon University



Optimization

- Layer Representation
y; = Wix;
Tit1 = 0(Ys)
- Gradient descent
Wi «— Wi — now, (Y, Yn)
« Second order method
(use higher derivatives)

« Stochastic gradient descent
(use only one sample)

- Minibatch (small subset)

x1

Marianas | abs Carnegie Mellon University



C3:f. maps 16@10x10
C1: feature maps S4: 1. maps 16@5x5

INPUT 6@28x28 ot
by o r C5 layer F6 layer OUTPUT

32x32
6@14)(14
- \\

Full conAecnon Gaussuan connections
Convolutions Subsampling Convolutions Subsamplmg Full oonnecnon

4. Layers &
Symmetries
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Fully Connected

» Forward mapping

yi = Wiz,
Ti+1 = o(Yi)
with subsequent nonlinearity
- Backprop gradients

O, Tiv1 = o (y))W;'

Ow, i1 = o (yi)x,

« General purpose layer

Marianas | abhe Carnegie Mellon University



Example - Word Vectors

 Full vocabulary (say 30k words)

* One-hot encoding for words
(0,0,0,0,1,0,0,0) (0,0,0,0,0,0,1,0)

caf m

- Map words into vector space via y = WXx

opior N

» Postprocess as normal.

Marianas | abs Carnegie Mellon University



Rectified Linear Unit (RelLu)

» Forward mapping

yi = Wiz,
Tit1 = 0(Yi)

with subsequent nonlinearity
 (Gradients vanish at tails
 Solution - replace by max(0,x)

» Derivative is in {0; 1}

» Sparsity of signal

(Nair & Hinton, machinelearning.wustl.edu/mlpapers/paper._files/icmli2010 NairH10.pdf)

Marianas | abs Carnegie Mellon University
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C3: . maps16@10x10

INPUT % 2featuremaps S4: f u 16@5x5
32x32 . APNTNEH8 S2:f. ma | C5: layer F6: laver OUTPUT
. 6@14x1 120 a4 Y 10

|
Full cmAmﬁon ' Gaussian connections

Convolutions Subsampling Convolutions  Subsampling Full connection

i

LeNet for OCR (1990s)

Carnegie Mellon University
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Convolutional Layers

» Images have translation invariance
(to some extent)

» Low level is mostly edge
and feature detectors

» Usually via convolution
(plus nonlinearity)

Marianas | abs Carnegie Mellon University



Convolutional Layers

» Feature Locality
Relevant information only in
neighborhood of pixel

E E Wzg abli+a ,7+0b
a=—A b=—A *

- Translation Invariance
Weights invariant relative to shift in point of view

Z Z W;bajz—l-a ,7+0b

a=—AN\ b=—

Marianas | abs Carnegie Mellon University



Convolutional Layers

» Images have translation invariance

- Forward (brute force BLAS beats convolution)
Y = x; 0 Wi
Tiv1 = 0(Yi)
- Backward gradients: convolve appropriately
(see homework)

Marianas | abs Carnegie Mellon University



Subsampling & MaxPooling

- Multiple convolutions blow up dimensionality

C3:f. maps 16@10x10
INPUT C1: feature maps S4: f. maps 16@5x5

6@28x28
S2: 1. maps C5: layer .
6@14x14 120 ye F84§.layer

OUTPUT
10

|
I | Full conAection I Gaussian connections

Convolutions Subsampling Convolutions  Subsampling Full connection

» Subsampling - average over patches
(this works decently)

- MaxPooling - pick the maximum over patches
(often non overlapping ones)
Marianas | abs Carnegie Mellon University
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Subsampling & MaxPooling

- Multiple convolutions blow up dimensionality

C3:f. maps 16@10x10
INPUT C1: feature maps S4: f. maps 16@5x5

6@28x28
32x32 S2:f. maps C5: layer
6@14x14 120 | F8ilayer QUTPUT

— |

| Full cmAecﬁon | Gaussian connections

Convolutions Subsampling Convolutions  Subsampling Full connection
»  Subsampling .
Yij = 1 T2i25 + T2i+1.2; + T2i2j41 + T2i41.25+1)

» MaxPooling
Yi5 = Max [ﬂi‘zz‘,zj, L2i+1,25,L2¢,25+1, £U27;+1,2j+1]
Marianas | abs Carnegie Mellon University



Depth vs. Width

L f f t ConvNet Conﬁémation
® n r r n A A-LRN B C D E
O g e a g e e eC S 11 weight | 11 weight | 13 weight | 16 weight | 16 weight | 19 weight
layers layers layers layers layers layers
° m a ny n a rrOW input (224 x 224 RGB image)
. conv3-64 conv3-64 conv3-64 conv3-64 conv3-64 conv3-64
CO n VO I u t | O n S LRN conv3-64 conv3-64 conv3-64 conv3-64
maxpool
- conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128 | conv3-128
° feW WI d e conv3-128 | conv3-128 | conv3-128 | conv3-128
. maxpool
CO n VO I U t I O n S conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256 | conv3-256
- = convl-256 | conv3-256 | conv3-256
* More nonlinearities conv3.256
maxpool
WO r k b ette r conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
( same number of convl-512 | conv3-512 | conv3-512
conv3-512
maxpool
p a ra m ete rS) conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512 | conv3-512
Simonyan and Zisserman convi-S12 | com3-512 | conv3-312
arxiv.org/pdf/1409.1556v6.pdf maxpool
FC-4096
FC-4096
] FC-1000
Marianas | abs soft-max



http://arxiv.org/pdf/1409.1556v6.pdf

Fancy structures

Filt
Filter concatenation
concatenation
3x3 lut 5x5 convolutions 1x1 lut
1x1 convolutions 3x3 convolutions 5x5 convolutions 3x3 max pooling .
1x1 convolutions 4 4 [}
1x1 olutions 1x1 convolutions 3x3 max pooling
P lay Previous layer

« Compute different filters

« Compose one big vector from all of them
 Layer this iteratively

Szegedy et al. arxiv.org/pdi/1409.4842v1.pdf

Marianas | abs Carnegie Mellon University


http://arxiv.org/pdf/1409.4842v1.pdf

Fancy structures

« Compute different filters

« Compose one big vector from all of them
 Layer this iteratively

Szegedy et al. arxiv.org/pdi/1409.4842v1.pdf

Marianas | abs Carnegie Mellon University


http://arxiv.org/pdf/1409.4842v1.pdf

Fancy structures

def SimpleFactory(data, ch 1x1l, ch 3x3):

global concat cnt

= Filter
?I;ai;a{T { } concatenation
param|[ "kernel"] = (1, 1) ‘///////////m
param[ "num filter"] = ch 1x1
param[ "pad"] = (0, 0) 1x1 convolutions 3x3 convolutions
param[ "stride"] = (1, 1) ‘
param[ "act type"] = "relu"
param[ "data"] = data

convlxl = ConvFactory(**param)

Previous layer

# 3x3

param[ "kernel"] = (3, 3)
param[ "num filter"] = ch 3x3
param[ "pad"] = (1, 1)

conv3x3 = ConvFactory(**param)

#concat

concat = mx.symbol.Concat(*[convlxl, conv3x3], name="concat%d" % concat cnt)
concat cnt += 1

return concat

X

https://github.com/dmic/mxnet/blob/master/example/cifar10/cifar10.py

Marianas | abs Carnegie Mellon University
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= Convolutions alone cannot handle this!

scale

shift

rotation

color space

arianas | abs

Carnegie Mellon University



Marianas | abs



Convolutions on Text

- Embed words into vector space
dog N

» Nonlinear function based on inputs
- What to do about sequential structure of text?
- What about typpos, omisions?

... this just keeps on going ...

Marianas | abs Carnegie Mellon University




Outer Convolutions

~This § is J short
\‘L‘/
A J very flong | and ] sad ] story
NV <AV
HEE BN B

» Different length sequences lead to different size

of convolutions.
Marianas | abs Carnegie Mellon University




Outer Convolutions

: s :
A S P S e I

I BN BN BN B .
__A ] very ] long ] and | sad § story

ER P AP LA P AP A P g
I I BN BN B .

 Pad with zeros

Marianas | abs Carnegie Mellon University



Outer Convolutions

AP AP A P o P

- m = B N N
BN =3 I TN E BT

IR P Pa A P A P A P gl

I BN BN BN BN .
 Now | for J o § very | long J and § cad | story f about | math

\JX@X#XJX@X@X@X#X@X@/

» Need to shorten sequence, e.g. max pooling. But
insufficient if only pick the largest from sequence.
Marianas | abs Carnegie Mellon University



K-max Pooling

IR P AP A P N P P e P
& B N B B N

v v v ¥ v

Il B BN e N
Intuition - pick out the most important tokens

N 71 1 I I T
AR P 2o Do 2o 2o P2 2o Vo Do Vg
T I B B e e

v v v ¥

Choose the k largest elements (length adjusted)
Marianas | abs Carnegie Mellon University




Fully connected

[ [ ]

The cat sat on the red mat

B W BSA R P S AL B VWA NS s SO NS V.

- Convolutions
K-Ma();=p:;))oling
/
Folding L///\I// Lr/////
L[ /] ] /\
| /\/ [ ][] 7L\7/ narrow
P il
B L1 /
_Dynamic /! / /
ittty . o o
////A\/ ////AK/
LT T TYAT LT TN A
ode TN L ALY h o
may | L L L LY ] [ [ [\ ] 1 s
[ [/ [ [ ] ) L[] [ [ [ [ ] ] _
— // wide
iy N/, ‘
(s=7) 1T Kalchbrenner, Grefenstette, Blunsom ‘14

Carnegie Mellon University



666009999

Approximate gymmgtries

o~

Marianas | abs
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Approximate Symmetrles

* Image rotation

| =
€ K_" '7 __ 'T : i

 Text

| like the flowers. Thanks. | like the flowers.
| like the red flowers.

« Audio
« Pitch and duration
- Background noise

Marianas | abs Carnegie Mellon University



Features from group theory

- Averaging

f(z) — flz):=)  flgou)

geg
Sums over all transformations due to group

flgox)=) flgog ox)= Y [flg"ox)=f(x)

geg g"’€g
- Maximum (puzzle - approximate by averaging)
f(z) — f(z) = max f(g o z)

gey
Again, invariance since gocg €

Marianas | abs Carnegie Mellon University



Features from group theory

- Averaging

f(z) — () =
For loss functions
(a,y, f) =) lgox,y f)— Alg)
g€y

- Maximum
f(z) — f(x) := max f(g o x)

gegyg

temper loss

[(z,y, f) :=maxl(goz,y, ) — Alg)

Marianas | abs g€y Carnegie Mellon University



Virtual Observations

. Summing over entire group is dangerous (6 vs 9)
l(z,y, [) =Y Ugowxy,[)— Alg)

» Generate transformed instances (virtual SVs)
only within ‘reasonable’ range

[(z,y, f) =Y pl9)llgoz,y, [)— Ag)

geg

- E.g. Baidu speech recognizer (background
noise), early Le Cun object classifier (clutter)

Marianas | abs Carnegie Mellon University



Backdrop for whole system training

FIO0X1W1) N~ |
X3
Input F3(X3,X4)
X5
z ~
NI o
.
X4 ’/ E

FO(X0)
| Fax2,w2)

X2

D

Le Cun, Bottou, Bengio, Haffner, 2001 Desired Outeut
yann.lecun.com/exdb/publis/pdf/lecun-01a.pdf

Marianac | abe Carnegie Mellon University



http://yann.lecun.com/exdb/publis/pdf/lecun-01a.pdf

Viterbi Penalty

Whole system

training

6 2%
- Layers need not be :

‘neural networks’ T

- Rankers
+ Segmenters G L o
* Finite state LN
automata )
. . Trec NN |I NN JI NN || NN || NN || NN 'Il?rea(;\osgfglrtrlr(\)gr
- Jointly train a full
OCR system

L ‘ @ Segmentation

a@®U oy

Le Cun, Bottou, Bengio, Haffner, 2001 Ggeq
yann.lecun.com/exdb/publis/pdf/lecun-01a.pdf
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http://yann.lecun.com/exdb/publis/pdf/lecun-01a.pdf

5. Advanced
Objectives
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Recall - Regression

» Real valued y, quality measured by y - f(x)

(y, f(z)) = |y — f(2)] absolute value
(y, f(z)) = % (- f(x))’ least mean squares
[y, f(x)) = max (0, |y — f(z)|) e-insensitive

_Jly=f@)] =05 if |y — f(z)] > 1
Wy, J{)) = {O.5(y — f(x))*  otherwise Huber

« Vectorial data

1y 1)) = 5 v~ F@)]3

Marianas | abs Carnegie Mellon University



Recall - Classification

- Binaryy, e.g. {apples, oranges}
» Multiple categories, e.g. {red, green, blue}
 Ordinal relationship, e.g. {A, B, C, D, Fail}

(y, f(x)) = log (1 + e Y/ <x>) logistic
(y, f(x)) = max(0,1 —yf(x))  soft-margin

[y, f(x,:)) = logzef(xay/) — f(z,y) multi.cle.lss
Y’ logistic

[(y, f(z,-)) = max [f(x,y) + Ay, y")] — f(z,y)

Y

[
[

Marianas | abs Carnegie Mellon University



Multiclass Classification

» Multiclass classification (softmax)
Multinomial exponential model

el (z,y)
py|x) = Z el @y
—~log p(yl) 1ogz 0D — f(z,y)

- Example - words, e.qg. to predict the next word.

Oh wow, | found my ...
{cat, dog, car, laptop, dinosaur, theorem ...}

Marianas | abhe Carnegie Mellon University



Principal Component Analysis

» Regress from observation to itself
- Lower-dimensional layer is bottleneck
» Linear transfer function

T
minimize ) [lz; — WVaill;
2 W,V )
1

Y o= WV =tr XX T —2tr XMX T +tr XMMTXT
M é rianas< | abes Carnegie Mellon University



Principal Component Analysis

Z |z; — WVCI?@H; —tr XX —2tr XWVX' +tr XV'Wwvx'

—trQ —2trM'Q+tr M' QM
O l]=-2Q0+M'Q+QM

M symmetric
low rank constraint

Optimal M is projection. PCA!
Marianas | abhe Carnegie Mellon University



Autoencoder

+ Regress from observation to itself (yn = x1)
- Lower-dimensional layer

IS bottleneck

* Nonlinearity per layer

- Often trained iteratively
(one layer at a time)

» Extracts approximate
sufficient statistic of data
(reconstruct x from itself)

Marianas | abhe ellon University



 Encode x to code ¢
 Decode c to data x

« (Code ¢ has all information
needed about x

p(ylr) = p(ylz, c(z)) = p(y|z(c), c)

» We can synthesize more
data by finding new C’
(density model for code)

Marianas | abs
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Translator

 Encode x to code ¢
» Decode ctodatay

« (Code ¢ has all information
needed about x

p(ylr) = p(ylz, c(z)) = p(y|z(c), c)

» We can synthesize new
data y’ by encoding new
data x’ via c(Xx’)

Marianas | abs

X
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‘Synesthesia’

- Different data sources
- Images and captions

- Natural language
queries and SQL
queries

« Movies and actions

- Generative embedding
for both entities

« Minimize distance
between pairs

* Need to prevent
clumping all together

Marianas | abhe

L2 word embeddings g a g a

h

L2 sentence embedding m

contrastive estimation @

L1 sentence embedding (Q O O O)

/ J \
L1 word embeddings a 8 a




‘SyneStheS|a L2 word embeddings 8 a a a

- Different data sources
- Images and captions

- Natural language :
. L2 sentence embeddin
queries and SQL g m

gueries
* Movies and actions L1 sentence embedding (OO O O)

h

contrastive estimation @

max (0, margin 4+ d(a, b) — d(a,n))

/ 7 \
L1 word embeddings
Grefenstette et al, 2014, arxiv.org/abs/1404.7296
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http://arxiv.org/abs/1404.7296

In a Nutshell
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Key Components

- Backprop
Optimize whole system by propagating gradients

- Layers
Adapted to data type and invariance (+ macros)

* Nonlinearities (max pooling, k-max)
Select subset of attributes (algebraic IF)

« Loss Function
- Multiclass, large margin, regression
« Autoencoder, translator

Marianas | abs Carnegie Mellon University



Outline

Basics
Perceptron (and convergence rule)
» Stochastic gradient descent
Loss functions and objectives
Deep Networks
Layers and Invariances
» Advanced objectives
- State and Structure
« Optimization
» Autoregressive Models & Hidden State
» Toolkits
Marianas | abs Carnegie Mellon University



6. Optimization
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Recall - Stochastic Gradient Descent

 Update parameters according to
W1 < Wy — N0z (Yir [(24)) 0w f (1)
- Rate of decay for learning rate
» Adjust rate for each layer
» Adjust each parameter individually
« Minibatch size, momentum terms

» Lots of things that can (should) be adjusted
(Bayesian optimization, e.g. Spearmint, MOE)

Senior, Heigold, Ranzato and Yang, 2013

http://static.googleusercontent.com/media/research.google.com/en/us/pubs/archive/40808.pdf .
arnegie Mellon University



http://static.googleusercontent.com/media/research.google.com/en/us/pubs/archive/40808.pdf

Minibatch

» Aggregate gradients before applying them
Small number of instances (Xi, Vi) ... (Xi+b,Yi+b)

» Reduces variance in gradients

- Better for vectorization (GPUSs)
vector, vector < vector, matrix < matrix, matrix
(x,2"y < Mx < MX
» Large minibatch may need large memory
(and slow updates).

» Magic numbers are 64 to 256 on GPUs

Senior, Heigold, Ranzato and Yang, 2013

http://static.googleusercontent.com/media/research.google.com/en/us/pubs/archive/40808.pdf .
arnegie Mellon University



http://static.googleusercontent.com/media/research.google.com/en/us/pubs/archive/40808.pdf

Learning rate decay

« Constant

(requires schedule for piecewise constant, tricky)

Useful hack
Constant until no more improvement on validation set

* Polynomial decay

@7
"= G
Recall exponent of 0.5 for conventional SGD, 1 for
strong convexity. Bottou picks 0.75

- Exponential decay

n(t) = ae™
not recommended since quite aggressive

Carnegie Mellon University



AdaGrad

- Adaptive learning rate (preconditioner)

o

\/K+Ztgz]( )

» For directions with large gradient, decrease
learning rate aggressively to avoid instability

- |If gradients start vanishing, learning rate
decrease reduces, too

 |Local variant / ur
77@]( )
\/K+Yt’ —t— ngj(t/)

Duchi, Hazan, Singer, 2010
http://www.magicbroom.info/Papers/DuchiHaSi10.pdf Carnegie Mellon University

Nij(t)



http://www.magicbroom.info/Papers/DuchiHaSi10.pdf

Momentum

» Average over recent gradients
» Helps with local minima
 Flat (noisy) gradients

my = (1 — A)mz_1 + Agy

Wy <— Wi — MGy — N1y

» Can lead to oscillations for large momentum
» Nesterov’s accelerated gradient

M1 = pmy + eg(wy — pmy)

Wi41 = Wy — Mg+1
Carnegie Mellon University



Capacity control

» Minimizing loss can lead to overfitting
- Weight decay
Wt < Wy — MG
wy < (1 — A wy — m.9¢
L revents parameters
- Parameter clipping P P
» Overheated GPU
» Numerical instabilities
» Hacky but necessary (e.g. deep architectures)

from diverging

Carnegie Mellon University



» Avoid parameter sensitivity
(small changes in value shouldn’t change result)

 Distributed representation
(information carried by more than 1 dimension)

- Randomized sparsification

Pr(&; =n 1)
Pr(&:; = 0)
« Same trick works for matrix W, too.

DropConnect gives slightly better performance.
http://cs.nyu.edu/~wanli/dropc/

Srivastava, Hinton, Krizhevski, Sutskever, Salakhutdinov
http://ijmlir.org/papers/v15/srivastavai4a.html Carnegie Mellon University

T

1l — 7

Yri = &+iYei Where {



http://jmlr.org/papers/v15/srivastava14a.html

Dropout & DropConnect

Reqular Dropout

Marianas | abs Carnegie Mellon University



Classification Error %
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With dropouf
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BESSSE
/. Memory & State
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) & ¢ w
B o <:| = Cl & D D CJ = D e G|
1 1 1 1 ] 1
1,077 1 127 1,177 kb
w w * w
DD _E B aa BP0 GBPDOBPD aa aea
| 1 1 ] 1 1 1 1 1 1 1
B 1,227 1,277 kb
) ¢ § w w
aa g aa B P B D a4 a ap P P a
| 1 | | 1 1 | | | | 1
1.2 1,327 1,377 kb
w w w w
B B oaEa <= » D D
1 1 1 1 1 1 k| 1 1 1 1
1,377 1,427 1,477 kb
w w w w
5) aaea =B < = & D P D O B
] 1 ] 1 1 || 1 1 || 1
1,477 1 u 1.577 kb
a a <=5
| 1 | 1
1:D70:F 1, 1 677 kb
La_%nt §’(Q_%> MOd e1F$7 ]
1 777 1,827 1,877 kb
D D am - | — D - <=
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1,877 1,927 1,977 kb
— — = — ) ¢
LRR Receptor-like TIR-NBS-LRR Retrotransposon Other STS
Kinase Disease resistance associated
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Prediction

Zoom: 1d 5d 1m 3m 6m YTD 1y 5y 10y Al

Jan 13, 2012 - Jan 11, 2013
O®NASDAQ:AMZN +46.72% @NASDAQ:FB-16.53% @ MSFT -4.54% @YHOO +24.32% @GOOG +13.36%

* stock prlc | o \N/N\N T

\ A vA‘J\ _ o / /_/\,\\_,/\ WA/W /\/‘ AN ‘ 0%

7 % gene finding
* speech recognitic o

o o o -40%
* activity segmentation
o 0 -60%
* named entities
12 | Aplr'12 | 2 | Oct'12 | |
2005 2006 2007 2008 2009 2010 2011 2012 20
£ T %
Settings | Plot feeds | Technicals | @ Link to this view Volume delayed by 15 mins.
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State and models

» |ID data
» Classification
» Regression
» Feature representation ...
» Most of the data isn’t lID
» Seqguence annotation (tagging, parsing)
» Sequence generation (translation)
« Summarization
» Image annotation (content extraction)
- Alternatives: dynamic programs / stepwise prediction

Carnegie Mellon University



Autoregressive Models / RNN

 Time series of observations
oo Xt-2, Xt-1, Xt, Xt+1, Xt+2 ...

- Estimate zi11 = f(x,...,7:—7) €.9. Via deep net

O®NASDAQ:AMZN +46.72% @NASDAQ:FB-16.53% @ MSFT -4.54% @YHOO +24.32% @GOOG +13.36%

bull or bear market? -sox

| | | | | | 1 | |
12 Apr'12 Jul'12 Oct'12

Carnegie Mellon Univers_ity



Autoregressive Models

 Time series of observations
oo Xt-2, Xt-1, Xt, Xt+1, Xt+2 ...

- Estimate =11 = f(z¢,...,7:—7) €.9. via deep net
* Problem

- Hard to encode latent state (e.g. parity)

» Hard to encode long range context/knowledge
- Solution - latent state models

Li41 = f(mh coe gy bt—Ty Rty - - 7Zt—7')

also called Recurrent Neural Networks

Carnegie Mellon University



Autoregressive Models / RNN

Carnegie Mellon University



Autoregressive Models / RNN

« Sequence of observations
- Gradients need to propagate back through t

- Gradient may vanish. Makes model difficult to train.
Due to stability condition on gradients

cey Lt—Ty Rty e ey Zt—T)

Carnegie Mellon University



Autoregressive Models / RNN

» (@Gradients need to propagate back through time
Lt4+1 = f(mta s 7$t—7')

_f(f(xt 17“ xt—’T—l))xt—l)---,xt—T):...

O, T gradients may vanish / explode

Carnegie Mellon University



forget gate
self-recurrent

connection

---------------------

memory cell » memory cell
Input output

Input gate output gate

Long Short Term Memory

Marianas | abs Carnegie Mellon University



LSTM (Long Short Term Memory)

« Sequence of observations
Latent state has custom update (like FlipFlop)
Hochreiter & Schmidhuber, 1998

forget gate
| self-recurrent

: ..................... connection

memory cell - » memory cell
input T T output

| |
Input gate output gate

Carnegie Mellon University



LSTM (Long Short Term Memory)

« Sequence of observations
Latent state has custom update semantics
it = o(Wi(xy, he—1) + ;)
ft = c(Wy(x, he—1) + by)
2y = fi % 241 + i x tanh(W, (x4, he—1) + D)
o = o(Wo(x, he—1,21) + by)

— f t gat
ht O¢ * tanh z t orget gate self-recurrent

P selfrecurre

memory cell » » memory cell
input T T output

| |
Input gate output gate

_ie Mellon University



LSTM (Long Short Term Memory)

« Sequence of observations
Latent state has custom update semantics

7;75 — O'(W@'(xt, ht—l) + b@ inpr
fo = o(Wy(24, he—1) + by) forgetting

2y = fi % 241 + i x tanh(W, (x4, he—1) + D) m
0r = 0 (Wol®s, -1, 2:) + br } TN Mete 15

ht — Ot * tanh <t forget gate

self-recurrent
s connection
memory cell » h » memory cell
input T T output
| |
Input gate output gate

_ie Mellon University



LSTM (Long Short Term Memory)

« Sequence of observations
Latent state has custom update semantics

7;75 — O'(W@'(xt, ht—l) + b@ inpr
fo = o(Wy(24, he—1) + by) forgetting

2y = fi % 241 + i x tanh(W, (x4, he—1) + D) m
0r = 0 (Wol®s, -1, 2:) + br } TN Mete 15

ht — Ot * tanh <t forget gate

self-recurrent
s connection
memory cell » h » memory cell
input T T output
| |
Input gate output gate

_ie Mellon University



LSTM (Long Short Term Memory)

« Sequence of observations
Latent state has custom update semantics

Logistic regression
A

h

Mean pooling

ho hy / hy

LSTM ———>{LSTM LSTM LSTMF—>»{LSTM—> -+ —» LSTM

NN T T

sequence generation sequence classification

Carnegie Mellon University



LSTM (Long Short Term Memory)

» Group LSTM cells into layer
- Multiple layers
- Can model different scales of dynamics

Carnegie Mellon University



Example (Le, Sutskever, Vinyals, NIPS 2014)

Natural Language Translation

W X Y Z <EOS>
A A A A A
—> —> —> —> —> —> —>
A B C <EOS> W X Y Z
151 . .
al O | was given a card by her in the garden
3f OMary admires John 10+ O In the garden , she gave me a card
O She gave me a card in the garden
2r OMary is in love with John
5 -
1 -
Or OF
OMary respects John
L OJohn admires Mary
5 -5r O She was given a card by me in the garden
ol . :
John is in love with Mary O In the garden , | gave her a card
-3 -10+
_4 -
_5  OJohn respects Mary B O | gave her a card in the garden
_6 1 1 L 1 1 I 1 1 J _20 1 1 L 1 1 1 J

-8 -6 -4 -2 0 2 4 6 8 10 -15 -10 -5 0 5 10 15 20



‘Synesthesla L2 word embeddings g a g a

* Sequence embedding
via LSTM

« Enforce closeness
between LSTM state to L2 Sentence embedding m

obtain similarity contrastive estimation @
between sequences L1 sentence embedding (Q O O O)

/ J \
L1 word embeddings a a a

h




Much more

» Memory is area of active research

» Neural Turing Machine
http://arxiv.org/abs/1410.5401

» Memory Networks
http://arxiv.org/abs/1410.3916

- Attention models (Kyunghyun Cho)

Carnegie Mellon University


http://arxiv.org/abs/1410.5401
http://arxiv.org/abs/1410.3916
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Quick overview

- Caffe http://caffe.berkeleyvision.org/

Efficient for convolutional models / images

 Torch http://torch.ch/
Very efficient. But you must LIKE Lua ...
Google and Facebook love it

- Theano http://deeplearning.net/software/theano/
Compiled from Python. Not as efficient as Torch

» Minerva https://github.com/dmlic/minerva
Compiler layout of execution on machines

« CXXNet https://github.com/dmic/cxxnet
Simpler than Caffe. More efficient

- Parameter Server bindings to https://github.com/dmilc/
Minerva, Caffe, CXXNet, ...

Carnegie Mellon University
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