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Chapter |
Perceptrons

branch of AT ot focuws
tot \eom fom dote & make
unSeen dakn.
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PARADILMS OF ML ALLOS C(TRAINING)

g; “Su EIS@A model” * lcamwﬂ with \abetled date  (x. P
e email classifieation,  image classifi
o ": discover rdhms W wnlabeled dalr x
87_ Unsupesvised moda\ o -
eq duster Similos dolo  poinis, reduce imeasio:

(1,3

cation

¥ led & \abelled
93 S}ﬁ‘.‘_"&""“—mi‘ using Lot labelled ua

wnm A DATASET LookS LIKE

Training samples Test samples

X1 X2 X3 X4 0 Xn | X x5
o 1 0 1 --- 1|1 0.9
R¢ > Feature 0 0 1 1 s 0 1 1:1
101 0 -~ 1|1 01
Label y T - 1+ -7 ?

— each olumn is a dotm Foif\h n in tokl & eah with &

feshures

; “label veeckor”
- is +the
j. 8 <! @ +he test Samrlls whose labels need fo
- % s O
be rmd?c{-ed-
(we use ¥ to denote tt SGMF‘CS)

Q Define the

INNER PRODUCT: <X,W? . .
Y innes ?-odud- of o &k to be
¢a,b> = Jiﬂj"j )

wkutljb mﬁcj"“uﬁestﬁak\,.

LINEAR FUNCTION
9 We say a function £ s

flaxepr) = @) + pFR)

“hneor” if

A

; L)
81 E-‘uiva.\mHJ, £ is linear ff trese exisis we R
such  that

P = Lx,wd = ?‘j“’j-

Proof.  (3) et w= Lftey, ..., £Ce0)], wher @
" coordinate  vechor:  Thea

is *he

£ = Flr e e+ Rgedd
= x,fQ) + - + xafead
= LxwW.
(¢2) wote

.F(,y,u.';;) = (Ax+BET, W)
= dex,uwdt e w?
= vfa) » pfR). W
AFFINE FUNCTION
'9" we say £ is an “affine funchon ' f there axsikg
o weR? LeR such ot

&
i) = ex,W> +h VxeR .

SCORE : 3

Q Given weﬂ‘ beR, define the “Score at
some xer® b be

Our "rmATCHW\" for 9

s hen

so that "g=3" foc

we want fo dtune Wb
each x.




PERCEPTRONS
9| Mjonﬂnm for  4roining:

Algorithm 1 Training Perceptron

Input: Dataset = (x;,y;) € R x {£1} : i = 1,...,n, initialization w;, € R? and

Output: w and b (so a linear classifier sign({x, w} + b))

by e

fort=1,2,... do

receive index I; €

..

iy, (x1,. W) +5) <0

then

W Wy,

b bty
end

end

- we mrimllj set w,=0 % L,=0

we ol\lj urdﬂ"l after @
(aka “\tﬁv “rd“'h)

nofe we are 3n'm3

one.

In ParHWlArl we

for ol

is), .

'lnl

// I can be random
// a "mistake" happens

// update after a "mistake"

mistale

‘H""’“jl" e date one by

wanh do find weR’ be® such dhat

Note +hat if & wmishle harrms on (x._ij)'.

3(0\' W

W+l

>+ LM

= yLenwo+ \5<x,%>+‘° ety

= glexmo+ s ¢ ety & 9’

"

Q; Example: spam f-‘lhriv\j.

X1 X2 X3 X4 X5 Xg
and 1 0 0 1 1 1
vagra 1 0 1 0 0 O
the 0o 1 1 0 1 1
of 11 0 1 0 1
nigeria. 1 0 0 0 1 O
y + - + - + -

1= ylemw,+ yx>+lhy +y]

note: we con {
7 ose Tt

5(_4)(“]“)4- jllxll + oy * j]

3[4,, u’*“’ T+ llxll +

" y=1)

® Recall the update: w <— w+yx, b< b-+y (when a mistake happens on (x,y))
> wo = [0,0,0,0,0],

vyYyVYYY

w1 =[1,1,0,1,1],
=[1,1,-1,0,1],b, = 0
=[1,2,0,0,1],
=1[0,2,0,-1,1],b4 = 0
wy=[0,2,0,-1,1],b; =0

bp =0 = score(x1) =0 = y1 =
by =1 = score(xz) =2 = yp =
= score(x3) =0 = y3 =
b3 =1 = score(xy) =2 = y4 =
—> score(x5) =1 = y5 =
= score(xg) = —1 = ¥s

A TRIck To HIDE THE BIAS TERM

¥,

Note Hhat

This is e

calculations.

ex,w+h = ((T) &;}>

Rpad

“hack”

““rml
h ignoe b n Juture

91 Tous, dur new urdah. wule s

wﬂewr,"“!i"paq

X

X
X
X
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CONVERGENCE THEOREM (LINEARLY
SEPARABLE CASE)
9" Suppose  Hhere exisis o W' such 4hat
giex,w'>>0 Vizl,..., .
Assume lixill, €C Vi and  that w s
normalized  so et Owfily =0,
Define fhe  masgin % = miinlq;,w",‘_
Then e Po.ru.fhvv\ o Jo;d‘nm convesges
oftes  C*)y"  eishakes.
Tdea:

*
* s has lenghh lew’, x>\, Now, let wWo=0. We now know afler M updates:

* *
whe Wi, = Cwy, WS W, Wi+ Y
> <WM_,_,w'> ¥ g
2 > 4w°'w*>+"'\?
——
" - MY. =°
s
H: gy e x>0f Simiarly, note
* - . " g 2
— W' is our pefed” solution for w Cie the gl gy > & Sy, Wy > HC
cniteda is  setisfied). ) G g Loyt ne®
- Hus, we want +o show W °°"V€‘\‘J¢* L3 < me R =_,D ,
w* Sine
<w,w¥>
Troof- Recoll #he update is W& Wyx. ws (i) = ": : ¢ = eww’sgllwl
wi
Define
F + <w,w'> cw, ws ‘\'lnuv.fofc 2 e
s, w) = MR T el "y & v W € llwll ¢ Jme = .
(since we defined Uw™l=1). . 2
Consider on update and ifs effect on %‘fa"j‘“j, Wis tells ws  +that MS—\T’-' which
<w,.,.)’>'. fF'\iSkQS +he rmo‘: 2

*
cwws —s cwryx, W

i G e Separoll
91 In porticular, he larger ¥ is, the mo eparable
e W s the data is, and heae he faster the

positive - i

pesfeck a\swm\m converges !

= +
= ew w4 laxws)

*
* >
= Lw,wW >+ yex,w

> ew, w4+ Y-
This maans for each update, cwwhs  gows
\!\lj at least ¥>o.
Similarly, consider an “]"!‘h-s effet on ”W":-'

kS
fwll, = cw,w> —> <wityx, Wiyx>
S AW, W+ 2347(,7(71-
e

<o
37'4 X,%>

2
= 4.,\,,,,\,,*.2.\34-.\,7.>+IhxnL
S~
2 $c*
€ Cwwr+C .

This means for each update, <wyu>  grws

by ot most C™



ANOTHER PERSPECTIVE oOn PERLEPTRONS XoR DATASET

Q Our hjro{‘hl.ils is ﬂ'sﬁ“ few, ,o'i_ -g'. There is no line that can Sﬂ-rﬂf"h +

'g}_ We can define our  “logs {unc\-',on" as fom .
L0u; %gi Yg)= ~9,w, %> Tmistake on (x4,9,)) e
~g <wRy>, i mistake happens _ 00 1 1
= €= y, ewx,> <0 -+ * =
o ,  otherwise What if we cun Pemf?“‘"?
: -minéo, y.ewxpl Suppose Aw,b st 5[4x.‘4)>+L)><).
Then:
%000, gy~ D beo

93 The average of all Hhe loss funcions  of e dato o

ro‘mh is  then
" Ry o, , Yy= & D W,y 4l >0 ?0
Lew) = - -'—ni 3§<w,1(_>I[mishk¢ on %1, = Q) Yy= = D waw, 264 0.
ta Heace
0 (W, 4wy +2h ) = (W, +W to) = b >0,
8,1 Our jrad\'uﬁ descent update: NS ) VR
20 <o
- - \v) t =w i\
lweﬂ = W v)t 2L %1 9y) é+Y){_‘j+x{,IEM|shxh¢ or % d. whith  contradicks  our carlier  Statement
Yot  beO.

I we set the s{-ef size V), =% +hen
HARDNESS RESULT (NON-

' LINEARLY SEPARABLE CASE)

9 If there is o Pw-ftd- se.ramhn_g
hjruT\tmg for our datnm, ten the

Percaphvon algorithm cycles.

which is  our ul;dnd'e rule.
PERCEPTRONS ARE NOT UNIOVE

Q Note percephons are not unique as the q\jow\-hm
teminates o loag as dnee is o mistale.

- Azrends on intalizakion & our samplivg rule
of 1(:'
MAXIMIIE MARGIN

9 We want to choose w Such Hoat

W= max min ﬁ &5 Cxwrab.
Wi VG, Gigi>0  izheqn (Wl ¢ % v




Chapter 2:

Linear Regres

G Tdea Given bmining dala (0, Sk
a F:ADY sadh Hhat BN 2Yp,  where

(0] *ZE'X.SRJ= +he  festure vector  for  the

hu'...'mj examflt
® Y; € yemt: t responses

_ note we could hove t=l of evea +=00

Q,_ Note for any fnite hu;nind data (x;,’;), 12l ., e
such that  for

wish infiditely wany  funchons £
ot 5, fld)=Yi-
e

—

i
93 Moreover, our Fredidian §\=F0=) can  vacy

Sijm,fs':anﬂj on new daba x !
Qu To choose f, we can
(0] (zvuaje priot knowlulje of £; Kk
Cj if = L y come .fmn o reru\nhm which
follows “rules” ) _
@ choose the "SiMPIeS* funchion.
UNDERFITTING, GoOD FITTING,

OVERFITTING

Values + Values . Values -
. N v
. o2V B o A W v
Ty & 4 o T
.o o AT oV
PRI e 5 Y e
Time Time - e
Underfitted Good Fit/Robust Overfitted

'

[
STATISTIAL LEARNING
Y we assume tne Hraining g fest doha

ore  both iid samples from
e same ualinown dishibuion

LEAST SQUARES REGRESSIoN
Q We want o choosse £ so that

*
§ = gy ENFOO-YN, .

g is ouc feast cquaml
ervof:



REGRESSION FUNCTION : mlx)

'Q;' Our “regression function” i

8; However, coladaing m  requires us )
wnow e dishibution of P, e all

o pais (X))
93 We show HHat m is optimaly e

mix) = f';:“l ENFON-YIN,

Proof- First see that
Elgo0-Y, = E1£0X) - meX) + %)= 11
= (£ - mOOW, + Ellmo0-YIT,
* 2ELFON -mX), (X =Y>

Lusing Hatblly = fall) ¢ o+ 22a,b>)
“Then

Exwl [ <FX) -mlX), miX)-Y>]

7 By [y, (RO -mX), m)-Y>T)
(\x’ double q_xruhﬁon theorem, see STAT 330)

Ey [2£0%) -mex), elX) - ECyIxT]

m(X)
= E)([LF(X)-MLX), 0>J
= 0.
Hence
A6~ YN, = ENEO)-mbON, 4 Ellm0) -Y1)
\——\f\_j

noise Cvaviance) term
- indzrandu\l' wrt f.

Therefore, }o reduce E”R")"/lli we aced o only

Minimize E“F(X\—mtx)ll:l which is  minimal  (ie =0)

when  f=m !

'Qq Howeves, w is unaccessible

dishibubion IS wamown, So we need Yo by
o get close Yo m using the huining data.

since  Yhe conditional

gras- VARIANCE TRADEOFF
G et £ be e mgrssor leamned on Hhe
training dataset D. Then

2 2
By 10071, = EUELLR0T-mX,
tesk enor wias>

2
+ EM" gpcx)- EDG'DD\)]H 2
[N e———

vanance

* By Wm(X)-Y Iy

—_—
noise (varviance)

Proof- We  have  ghown
z
By WFol®) 715 & B NFL0X) -mOON,
kS
+ By, MmO =Y 11

e e
, Noise — ;ndqundu!-
Taumj Eb of both cides: wet £y

EpExy 16,00 -y = E Ey 11 §,¢K) - mOOW;
N
+ By Nwm(x) -V, -0
Define T = E LA(0)].
—.E*_A;a: we ean gamrle mulhf\e -F'S fwm
vavious  Samples D:

then we define

flx= avg f (n).

D,~T — £o,

Dnov? — -CD
Thea "
By Ey 1 £ 0)-mOOW,
= € U600 -F0) +F00-mbx) "
= B0 £,00-FOON & Eo,x\@‘x)"""x)“lz.

t2E  H00-Fx), FOO-mOI>,
Similady,  see that
ED,XL?O()“FDQ(), mX)-Fx)>
= EXEDLMU\)—?(X), Tox) - £, >
~——
wshant wrt D
= B¢ mid) - F00), Fex) - ELE00T>
\:ﬂ/\/
=0 3R
E"F“""*"j 0] jidds the resulf desicd. A

Qz Ia anhf.ular, as the model mf“'H"j increases,

© the bias term decreases (e wodel is wofe
Qxyvesgive\j ?owufu\) i but
® +he voviance increases (ie model is less

Stable)-



SAMPLING > TRAINING

?I' In prachce, we can only caleulate the
sample  average, ie we find £ so that

. N n
- Mmn _ 2 . a2
N-F = gy ENFOO -, = 3 Z‘\m(xn_\/inl_

91 However, as Haining  date sre naw, E>€ &
horeful\
LINEAR REGRESSION

g In linear rejmssnm our r@jﬂ_gg,,n fvw-hons ace

ﬂ-ffmg ;e in the ‘FWM

£ex) = Wx+b,

our

arjm'm @ - arjm'm E.

t

+xd
We R be®R .

— 4+ = % of response mekeq we went b
rv{did‘ 4 ‘)m
— o =z # of input parameters

9‘1 ﬂjain, we Con use ?aMiv\s-.

4
i nfex) - gills = T flwx-y e

cd+dxn

Xelty,., ®nle # ,

Yo lyr gl e B

nAlg ©

mMin : 2
Em{xtdkn n I wx-yil £

- Szomeiv'\ca\\ , We

yeinng
the

Wwant Ty minmise
etween

sum os dls\lmu—s
‘e y\ru‘f E X \Vlmj doln
L the veSullant

hypecplane:

Q Once we hove 8olved W

Q We Con

SOLVING LINEAR REGRESSION

Y We defne our loss funchion as

Qz TalLinJ the dedvative wrt W %

Sething o e

-
<, Less (W) = Z (Wt-N) X (=0)

> ekt = YxT
-1
> e YX (XX

PREDICTION

on dhe

h'ummj set (X Y), we can r&dlc"

on unseen data X““

A

Y,

= X
test test

G The Ttest ecwr’ Cif Hrve lobels were

available) S
( ~
= =y . - *
+ost eodr | \/me\lp

"est test

" trining emor 1S

i 2
broiieg 20T = Luy- wxily
minimize the +ru‘m'm3 e vl

fo  ceduce “he test eno-

Iuw- cwoxmnma
?l Conside X = [
tnear least sa]uares rej:-esswm
ws 3X (xxH' = o —\\(\/: ;)

S (% D
So  shigu¥ P““Mrlmhon leads to

3-(\ =) Solv'\'\j

behavior !
whaa X is
ronk dcfiu'u\‘}-

chootic
This  occwss W= condibioned
ie close to

W@ - hwo eols in X e close +o

\ineou! do.(:uno\m\-!—
- lut w(‘rv_sromi\v\j Us
different
— Hus is & contradickion & w
unstakle.

afe

becomes



RIDGE REGRESSION
? Tdea: We instead +y o find

W= """‘[—-l\wx—yllF + Afwi 1

Why is this Lbetar?

LosstW)= \\wx-qu ~ 'M\W\\F .

Consider
5) VwLoss(w)= —"‘:wa—y);-r 23W (=0)
D wxxT_yxT+).nw =0
wxx’ - yx '+ wanI) = o
WXKT + W(nT) =
WER G SS T 4T "oy
Thea XK' +adI is foc  fom ank deficient  motices for
lorge A CProof uses SVD - See WATY 235).
9 A conhals our trade-off:
@ A=o ceduces to ordinary \ineas rgdussion'.
® Azon reduces o WEO0i %
® wtermediate A reshicts  output do be
‘;’_ rwrorﬁonai b input
Alternahvely, note

| 2 2 !
Lpwx-vi + 2wl s =iwix JoT] -y ,,]“:

9-

3

So we Can also

© ougmest X with NmAT: e X=(X AmT)
Y wifh 2emes: e ?:(\/ o)

@ ““j'““*

Cie datn auﬂmubﬁon) b achieve rejulavi%oehou.



Chapter 3:

Logistic Regression

W\OTIVRTION
Q(" This s for  linear classih‘eaﬁov\.

8,_ We can wse [¢xw>l (our morgin) as a

measure  of our confidence in the
fﬂ-did‘ion g

f,?z However, as #is is  un-normalized, it is
hard 4o in-}urvei'-

MNAXIMUM LILELIHOD) ESTIMATE

We woant to dicecHy leam our “confidence”

‘ f(x‘.w) iz Ply=t) X:x)’

W Twen, i Tue Y, Kiior, o @%@ indapendenty - hea

Y =Y, In=Yal K= %y oee, “n”"\\

s fﬁ"P(*/ﬁj;l X;=xi)
(=

n . \-y.
S I‘-[P“‘i"“')]s‘["l’“‘-'wﬂ * it Y=iond

like\iMood. «

83 Maximizing the

’ I -4
max T [Ptxi;w)] Q- plxiiwh]
w iz

¢ Min i C-v |°3 rcx;;w) - (1-y; ) logll- r(xasw))]
w I

. isfies the
G we tnus want  to Fink w uhich satisfies
Y

above OPHM‘I"W‘\'.I"" Pn\’\em .

THE LOGIT TRANSFORM
T, It we assume the log of odds o
is lineac: e
* we can only

lo _.————P(w'w) = Lx,W> P " legistic
9 |_r<x;w3 rn.jrv.ssm i we
assume  his!
Hhen
L s s also oolled MR

» “siqmoid m,\sf,,rma-)ien "\

82 Pluﬁ}n? this into the eaclier
ophiniization rnblem, we want to
,fimi
i n

min f_ \.,SEH exp (=%, W)+ (-y; ) <,
w o5
if 5;€§o,|'(,

93 If instead yeizi}  Hhen

. n
'm" ;?i log L1+ expl-y; <%, w>)]

L s s "loa.'ch loss”.

Sigmoid funchion togistic loss

~
| 4
oS
0 0
0



TRAINING LOGISTIC REGRESSION

Y our gradieat descent algonthm s

we w- YJV“, Loss(w)

PREDICTION

QI We take

g:l () P(‘l:llX:x)>';_ &) <x,wy >0

Qz Owr decigion boundary is skl

Hizix: ex,wW>=0}% ‘

93 So wWe Can Pﬂdid g:s[jnux,wﬂ as \,Qforq‘
ok now with  confidence F(x;w).

MULTI-CLASS EXTENSION

G Tdea: For o class  Yedil, 3, we wont

to lesen § W, W for each class.
Q:_ We consider the “Softmax’  funchion:

Rxp(L¥, wW,>)
P(Y=l lX:X, W=Ew,,-.., “"c]) B TL—
.:Z "F“"l“’n’)

=1

U et w Sa o e

Logits | (x,wy) I {x,w,) l {x, W)
Softmax
operation
Probability exp({x, wy)) exp({x, w2)) exp({x, we))
(confidence) %, exp({x, w) Xy exp({x, wi)) X exp({x, wi))

- we map o real-valued vedtor 4o a );n\m\;ildy
vector
- these ore (\on-r\eja-)'i\lz % sum b (.
Q; Taining: ogain, we use MLE:
. cxr( <X, wy>)
Mn -
W E[ loj c ]

Z expleX, wg?)
221

8‘; Predichon:

A
= arg:w.y PCY=UIX=x; W= Clw,e., we



Chapter 4:

Hard-Margin Support
Vector Machines

“T”DUCTION
Q\ We assume YTi-LH], and dont Use
?add'mj.

9?_ Percephon.  we find  ang wer?, beR
such hat

.‘ﬁl‘ﬂ\i >0 Vi,

Mmin st
w,% ©

§izex wird

< 3\'-:0 sho wgiz1 Vi

i'% However, the \u\"(r +he maaa-'n, the foster
Poaflwn converges.

fixin, £ <
rall  # mistaes, ME e

c?
?" v: M.'...|<t,-, w’>|.
.. (\u"‘IL‘_= 1.

?q So, +he aocl of M-mwd;,\ sum s do

Mmaxmite +He mu-jin (assumig debn s

\in seperable) -

DISTANCE FRom A POINT T A
ﬂ?PERPlANE

f' Let Hi=dx: tuw+bzof. Then

1 ex; -x, wol
R . s — xe H
distonce (xi, H) i,

1 Lk, wd -ex,wdl

il
Lwr+ bl

= PP M
wily

T

. Uy o

Hwlil,

Hais is the ciStance
fam x; o H

(.

X

-
EX%G, W L£Xi-X w>

—_—
ity (lwils

MARGIN
Y we define  +he “moamia’  as the  Smallect
dishince +t a Sepacating  hyperplane H

among  all scramklc hraining dala; i€

A
magin < min Y min [¢x{, w>+bl
(TN T,

H=éx: cxwr+bso]

4

X2
QJ_ Our 3a¢| is to wmaximize the mMJin among

all hjrurlanes: e aFinJ

P
Mmax mmn Ji% sh. Ygivo M
w, b i twil,




TRANSForMING To STANDARD

FoRM

T wote for the mamgin, (Wb) & (ew,cbd has
fhe same loss for c>o0-

8; So, we can fix +he numembr arbi+myi\3

b s
| . A
max | — 4 mn .y, =
e [nwn:_ st L ‘]

= v":‘[‘:[_'li\lw\\i ob. Y lexi, w+b) 21 Vi]

ComPARISON To PERCEPTRON

g Hocd -margin_ SuM Pectapivon
in L 2 . ~
o 2ttty s yyt [ | Mo sb g
'R Vi
- ’10;&@\%:. ‘)njmmm'mg - lineowr wjm"‘""wﬂg

- ;qu.'(-\-gL’ many solutions
- convergence ate depends
on max Moujhﬂ

= “Hiqud. Sold-‘Hon

- maximol mujin
SUPPORT VECTORS
QI Note +hot
S;Q‘ﬂ‘ Vi & g\i;-\-l Vi Yi= +l
_‘;;S—I Vi y=-1

Q; This j;a.\ds 3 ‘»rallel hjrurhms:

H= 4 x: ex,wrth =0}
WY = 4 xe oW *hon ] g e "Su”orl-inj"
R zdx:enmuwrrbsat ) hypecplanes

Q.; "SuProri’ vectors”  are those whese Foirﬂ-s
lie on the Suprof"v\g l“jf‘f]’“""es-




LAGRANGIAN DuUAL
95 Thus, our problem lecomes

Ql Erst, we sviow

w _X;—Lz“iid;ﬂ;ﬁi”: sd. ?‘Y;j;:o

e Ll st % ()2 Vi

m m L 2 - . Ly,Lex;, -
in qla: = Hewlly ?d. Lyslex; m>+b)-1)

-2« +,_22'¥ 919 K> s i oyi=

w, b
/
o= (%, e
a>0l ¥;%0 Wi wWHY VSE THE DUAL FormM?
! 1
Pogf. (et A be he Secand expession G Tdews Tf dak is rob lnewly Sepamble, we
T See  thet use a non-linear mapping ? to map the
A= r’l:' ::2 ,_‘\uull -iﬂf (y; Cexiw>4%) -1 data.
T i osh yilex 21 then if Min
£ Fi sh ylexiwrrb) <, ' w20 2*. E%‘\':jy,qﬁ(ﬂ $Cx>)
we seb W= o, it Aotlows that A= 402,
which i He moximol  value A aqan . Sory. = 0
fale. st §7iy=e
Otherwite, ie it Vi Yilexp,w ¥h)2 ),
+hen
A= %_\lwn:— 3 o; [ylexiow> 491 -1)
o
. . +ve +ve
£ Y \\w\l,_-

) v
=—1“u)“z B

zo Wi, we et A

Tp owe set i
wolue A can hale.

which s the max

Thuafnre,
C in | +o0, i ik
3.“"‘“_‘ ,  otharwise
= mw
w, b 2lluoll i yi(erywrtb) 2|

GS needed. H

92 We can swap +he min & max:

mMmax L - e
max e il - 3R 1)

Cbecause of Shong duality™)

93 Now, suppose we fix &, and consides

e inner minimizedion Frob\em.
Then W, & minimizes e function if
2 _2 .
w - 2b
lot LossCw,b) = ;_\lw\l: - 20(;[5;(41‘;, wy+l) 1],
'a- t
> qw- W Z"{F‘Jixi (=), %’ = - ;E"(;!’i (=0)

, S ws ZAYi%, T ¥y =0
9 F’M“j we  congider the  ouler
MAXiMiotion Fnb(em

Plugging i our volue of w above:

@ qus(o() =3 ||io{ 3!7‘1 “ - <E‘{(3|XI, E‘T"'K‘>
S LTkt E
i

-1 °
= —,_H?o(wl.x,sz + Ty s Z¥4iT0



Chapter 5:
Soft-Margin Support
Vector Mac

MOTIVATION

(J\ Ha.rd-magin SuMs assume e dale
Is Yineacly sepacabie, but  Hhis is wot

. qlwavs the  oase

D e want do adapt s b work o

. non- linearly sefamue daka.

Q; T do this, we will penalite our loss
if the dotm AHalls too close o the
looundary, or if the

Misclassified - _ m}

wx+b=0

wx +b=-1

THE HINGE LOSS

9: We wost to penalize the ase where
Yler,wr+4b) ¢ 1,
rue  lakel,

. Fmdich& wnﬁmm.

91 Define +he “hinge foss funchion” Jo
be

whee yzqilf is owr

% g=<$,w>+\p is owl

yg<!

+ (~yd
2. C"):(u-"):{ 9.
hmﬂ( Y 99 o ., obherwise

penalty (loss) size

Z'hiado_“) < 1

0-1 loss

T ——— y
incorcly classifed  comectly classiied

distance from boundary

dola s misclassified .

wx+b=+1

* note: we define
-1
'

te)

o, t»>

«

€=,

whee o eC-,0]

92 This is e

Ines

SOFT-MARGIN sSvm
" e '“H"molsin svm”  \balamces belween

"‘"435'\ moximizakion & the hinge
(oss:
i + \
(\::.‘:\ -lsllwﬂ:+ C?(I-si{,}) , ‘?i: Lxi o+ b
"4
we penalize el

g Swall Muain

SOET VS HARD-MARGIN sum

G For hark-magin  SUM, we have o oot
conShaint  Hhat s;(u;,wwb\’—l Vi
gz For soft-margia SV,  we have o soft
onstraint ;  +Hie more you deviate  from

the  margin, fhe  heavier  the P“‘“E'
WHY THe HINGE LOSS?
9. Our 3»\ is 4o find

min
X, wW

Px,y (v+ sign(</\)) = P(Y¥Y< o)
Va /f

“rue label predicted
labe)

Yeion}, J=eXwrtb.
ivaleat 4o

where

min ECIYTeo)] = ;“\'j‘ ECL,., (Y )]"\

indicator  funchion, &
loss {:md-io/v

left ‘fof

s the

where T

Loy '8 the 0-1

- See ditgam 4o the o-l

loss .



BAYES RULE : nx)
9| Given an

cule” s

instance  x, the

defined +o be

“Bages

o = ?:r: ECR, V)] x= x]}

gl Note thak

’3""" EEI(‘/:, £0) | X= ‘]

Y)(x) =

- a:jmin Pr(y:"“éo”(:,:)

= “’3"'“ Pr (Y4 sign(3)) X=x)
Tem ignty

Thws, ques rule atHempts
inconsistency between the
k 4he 'md.cm\ regponses.

CLASSTIEILATION -CALTBRATED (Loss]
g| we Snj « loss 1(33 is
calibted” if for all

fo minimite the

achual  rRSPONSRS

‘hSSIF‘th'\ -
%,

argmin £ LRYG)( X=x]

jefk

 has the  same 7.

Qz In partieular, e comvex loss R s
classification - calibrated itf
® & is diffeertioble at

. ® 4g'toy<o.

8 Tous, the classifier +hat  minimizes
+e Qtfed'ed- hmge loss also  minimizes
the ¢xrc,c+p_d_ 0-

siy\ as

o; &

loss.-

LAGRANGIAN DUAL

?l(' Our  Soft-macgin SVM s

i L 2 < 4
ztllc Sl + € E.‘I_ Yi (e ws )

dwal*

Desi vivlj the

ax

Apply ¢yt = maxdct;, 0l = O'Z‘q L Xitis

and  set ;7 1oy (exi, W) b 30}
min  max  Ly,i?
w,b o0exsC *
ocaec ¢ 0£x &C W

We can min  with max,

+o aomlexilaz

SWAP
Ada(ﬂ-\j wolds  due

Max

\ { 2
0L w<C ::C Flwil; + ?—*;U-m(“nun\.)]_

We can solve the inner unconst @ined
problem Lj setting dedvative o O
L= w- THgix (=0) - 2 %iy: £=0)
3 ws ii“(;)j;x-l, L= ?N;j;:o.
SU‘\»&H"‘A"\'S rhese values  paock ink e outer
maximization Fn\.\e.m-
n
max "\l'?__‘* 5,%.“ + 2
=l

osv<c

n
- g, S digixes - Zbwis;
=t =y 15¢
\___\/———’_d

=
o
n Z""iji)‘; I\z1

owec 1“3‘* i ki ll +2i- Il Skl
~=h

= max iqf - "I\Z"(n\'j.i\\l
0EY<C ity
Thus, +re dual form is
n n
max 2-(;—'%_\l_i‘*ij.‘)‘i“: ot THYi=0
0 ¥eC izt = i

,_ii'(,  YiY; X - Ew s+

- o:q-gc
E."’;ﬂ.'ro
Note +hot if
O oo, we gt a hark -margin svm; &
® 20, we 3¢+ o constont classifes-

n
.+ _i"(i“'!ii“"i'w> +\n)),
i=1

sinca sMnj



COMPLEMENTARTITY SICKNESS

9; Lot ot = o,':::(: at, which we used

. in the dul rno;.

G Men note tnat
@ t> » a*=C,
@ tco > o*=0,

93 Tf we let  £=1-yGy, then

® |>:’;gi D) Q’;:C_’ Vi‘-:(,a lzn;gl.

\"=C 5t%0
o*sp  t<£0

Ge m in fwrong idea)
@ |<5;t_’1‘,m2> v;‘:ojl «'z0 > 14y

Cie  correcty clasgified  with 3°°‘\

wnfidence)

® I=5i§? 5 beaec, 0csi¢c D (=gl

Cie muHJ classifio.d on th
we con use « to
l'duHFn the,  (@giens
which Fninﬂ anr
(ocated.

\H+:{X:(w,x>+b: +1}

H={x:(w,x)+b=0}

€ “Ho= (o) +b=—1)

RECOVERING w % b FROM DuAL
g; We ean obhmin w & b via

wer ZAgX ’

82_ We also want Ho st C |643e enough

$o 1 point sikg on  one of Hyp

H A

Y=t

- ¥ C is to small, Hea «R0, so WRO;
thea classifier s twial

?3 Then we can feeoves b via

1 ylrwit) 3 b= g -ex,w>

Sine 3: £l

'i—?; we can +then Y.«Aid‘ new dam Via

§ = sign (ex,witb).



Chapter 6:
Reproducing Kernels

MOTIVATION THE KERNEL TRICK

9 A lot of dala are nof linea 9| The fealure map ¢ blows wp e
S«.?o.m\p\e , ond ryquires more  complex
classifiess.

QUADRATIC CLASSIFIER

dimension.
Qz Bub in the dual Aform
on(y need to  consider

of Svm, we

G The  qredabic chssifie” hos  score — =
28X, F(2)> = <(«ﬁ.‘x) (Ji‘z))
\ . \

Junction

- —_—D
S LK, 22T + xR

£OY = ¢ x, Qx>+ AT C¢x,p> b

+ 1

M, Ye?.d, beR are udshh ) .
= ¢ XX, 2Ty 4 ATk AT

where Q¢ m"
. be leamed.
(9)1 We can +hen f&dic\' via

LB BRYY T (yrv )t
|
{?3 Thus, +he inner FnAucl- in the highes

+1
22
(x"2) + 2(x%2) +1

THe POWER OF LIFTING _
8 We can  express dimensional space  can be oomrwk’). by
\ ..
s e, O7 JTanpy + b - % we can colmiate <XE> in OW)
= et B + 7 ex.p> +b Time .
= ', &7 :
2o T REPRODUCING KERNELS
= :fT : 5 9. We call k: AxX >R a lmfndudnj
1\:‘ \ Wemel” if 4ere  exisks  some feotu®@
hawsf\srm ¢'-7-"H. Such  +had
= CPlx), w>
L/ L), $ez)> = kixz).
—

*xT N gha FEU . L # 4 .
where  $(x) = ( Ji‘x)e‘g S ( ) )e oy 97_ Note that choosing  # uniquely
Aside: b ‘ determines L.

0 we de{-im e innac pruc\' of 2 mabvices

+ be. = (g L
for B (a‘J)dm, B o)y,
<A,B> = ZQ‘..L__
i 4
@ we define +he vectorizakion of o mahix
Az ()0
- an
Ao fea) ot
Q¢

s
91 Thus, +Hhe a,uadm.ﬁc clossifier is  linear wrt

PCx).



MERLERS THEOREM

E,?l' k: AxX >R is a Uemel & for

K ¥n €K,  Hhe
whese K;J.—_ u(\t;,xj),

any nefN  and
kermel  matix K
L., S symmetvic & PsD.
Ql Terms;
® Sjmmefv.'t.": K;J-: K_,'i
@ ™ positive sqmi“-&enfinih" /Psp:

Cor, K> = 2 2 % K. 20.
l—IJ:. J Y

e wixe) = (¢x, 2>+ ‘)F
t‘(i’::: ::P:j""'%“:_lr) ( Goussion liesna)
] PL-Mx-ql, /o) Claplace Lemel)
REPRODUCING. PROPERTIES
Ql T ki, ky ae Uernels, rhen
(0] Ak, & a kemet VY220 ;
® ktlhy, is @ uermel ; &
B ® kiky, is @
?1 IF (k) s & sequeak of hemek,
fhen e Geik W OF iHexists,

uernel.

(Folgnumia\ hener)

kemel;

iS also a

KERNEL SVvM

¢ The Uemer SVM'S  primol form is

R LY
\ rin L + ¢ Syt e epnes

ond e dual  form S

mn P oy .
0e¥<C 2mra % i yiy; klxuxyd

sh 2%Y% =0
)

where ¢ & L are rlated Via

Mercec's  Hheorem.

i lelxix;) = < Plxp), B>

PREDICTION
1 Suppose  that
kemel SVM.

Qz Then, we con

o<y sC oerius

vy

8_; R’I\A“‘\J, ouf Score funchon is

Fix) = ¢pix), w*>
T < B, zlx;':,i¢h<n>

= in(:_’i k(X,X'I)'
(&)

which we can
‘uj faling  +he

jd’ +He Pndicﬁon

sign.



Chapter /:

Gradient Descent

MOTIVATION
g Many ML methods can  be classed

as orhm&a-hot\ ‘)m\.(ms, e

$F = MM £tn), # = Volue of x +hot
produces £*

g Assume § is differertiable  with
_ godient V?(x\.
Q; I‘i_“'- Choose an inifial r°'l"" Xw,él?.n and
'|+eraHve.lj caleulate
-0
*c W) _ xm ( _ 4. Tf(x k- \)
wsSt
l —nejan amdio.\l-
i is steepest decdasivg
¥ direckion at that
v ont
o - so if pfunnhon i<
., wnver, alﬁ wrackes
EXAMPLE: PERCOPTamm
PERCEPTRON

? for rUCQ{Mv\' our amAiMk desaant s

W e wa E[Ln Zl‘ii‘i]rcmis*uhg on )g]}
s
G Stocnashie  grdiend  desant opdete:

wWe w4 'ij%I_ICMl'ShW- oA "Ij,

I is rondom

SOFT-MARGIN SVM

EXAMPLE
T Godient desmat vpdate for  soft-momin
Sym:

w o)
we w- *[1"'\2 h,,agtgg‘)ng
be - t[,.in Cy9)9:)
hnge

91 So, we need h find

INTERPRETATION FRom TRAYWR

EXPANSTON
9: Note #Hab if we hle ihe Taylor

fxpansion  of £ of y we g¢

~ T
Lﬁj\ = £0) + Vftx) (g-x) + ﬁ\lg-xn:

82 Hence
" gy = M7 60 + TR (g + 3yl
w
L(:’)
; Then see

= 0+ V) + —(3—x\ (=0)

H y= %= t- Vf(x)

and s s exoctly e gadieat

descont hmrlah-
STep SIRE
U Note the step site  conmot  be
or 4o small.
- 4o larje:
- 400 smoall: alj

too la.fae

a\a divusas
is Joo slow
Such Hral  the

a\jo/iHnm converges niwla.



_(t.'ONVG% FuNCTION
9 wWe say £ is convex if for
ony %,y e®”

.{:(j) 2 f(x) + VF(x)T(U_;)] i U{

L-LIPSCHITR CoNTINUVOUS
gl We say s “L—Lirschﬂi ndinuous ™

if LL-Tf) i posifive Semi-definite,
denoted os LI Z V), ot all
xedom(f), where a1

Y, Here,
T Y
PR PR T
V) = AR

2 2% %
Iax, O¥aXy " kaT

g3 Tn other werds, we Soy f TS

“L 'smooHA"-



CONVERGENCE ANALYSIS PR

CONVEX CASE

@‘ let £ be cwonver differentioble & L-Lipschita
onbinuous  for some LER,  with
dom(tl = B,
Then f we do amdiu\(’ descant  with  fired
s+zf size t¢ ‘f_" we 32“‘

9:. We say 3fﬂah'uﬂ' daseent  has  convergene

et 0C7%)
&gof- fr dv}, y, WwWe aan rmfu""‘ Hhe T‘y'“' Tf we sob x+:7‘(i}1 x=x(i-|\ A Se‘\-
zxranmom . ‘ _ . o e s oo
Fly < 40+ VR (y-R) +3lg-x) V) ¢y-%) F(x )= Fix e RUH =X N, -l -x “1].
<0 + V(—‘(x)T(s—ﬂ+J5(3—K)T(L1)(3-a) TE we sum  over itesahions,
¢ E TR0 S -0 (L- TRy 20 ) $ k)=o) € RO -0
[}

= fR) + 9Ty« Syl
o o) % 9 W) +,2
1 L= "-x (LU [ W

Q|-

Subskitute y= x+ = x-+VUfx):

(0
i<

n
vi-

*. 1
-x1
= FIxty € o)+ V-F(x)T(x—t V&) - %) i o ta
L 2 which the.s
+ 3 1| x=tVfx) -x (I,

" © % 2
! S 3] X =%

2 Lt L x! ¢ b 1|
fo) - tWVERIN, + SEn vl e 2F0T) & K0 ——

2¢k
T - (- L > i '
£(x . ,HLV(—'M“Z Then, since F(xm) is  decmasing, it
€ P - SNV, — © follows  Haat
. 5 ‘
This tells  us each update decoases e ffWKHM F(xf“l) < lu_f_{i(*(-))
[}
valve \"J > _Iit 1l VF(X)U;'_ Thm‘fure
Tea, since is tonvex, ie -
£ o ; i o) ¢ gt + I -x Wy
-F(:j) 2 £(x) + VX (‘j'X) el

4= > £0M 3 fox)+ TR TOT-x)

3 £ £ £0x*) + T8 (x-x")
Subshtute. this into O

5 F6D € py - SWVRO N
£
£ Loy + TR (x-x") - ;\(VF(x\u’;_
2 +
> fx ) - £ty ¢ ',_I_e 26 V5 Tex-x*) - "f:“V‘F(x)l\:'_]
-
iy sz V5)TCx-x") - +1IIV{:()‘)|\’;_
S ket & Uxextul ]
[}
= (eI - ux- vk -]

I 2+’ 4+ 2
= ’J:'ef_ux-x‘*u1 S PAES 3 U I



™M-STRONG CONVEXITY
9 We say £ s "m-sfn'v anvex' s

for some me® if  fx)-mixl, i
Convex.

CONVERGENCE ANALYSIS FoR STRONG

CONVEXITY
gl' let £ be m-shongly convex % L-smooth

for L, ,meRr.

Then smd&u\‘l’ descant  with .ﬁm(,\ step tite
£e m_:_L sokisfies

) 'Y

13 -
£ - £ € LU, oewan

9; In rﬁfﬁ‘u‘ﬁ-", +He mnv«amu_ ot is

O(¥™), whidh is expomentially  fast-
GRADIENT DESCENT For NON-CONVEX
CASE
9, For fon—convex  funchons,

minimums  +that  are  not

there may exist Vool
jlv\m\

minimums.

E(L)

Q \ Local Minimum

91 So, we cannek  quamantee oPHmlib,A

and g0 we  will focus  on  NTFMN, LE.
CONVERGENCE ANALYSIS For NoN-
CONVEX CASE
G oLk £ be differestioble % L-lipschity  contieious.
descent  with  fixed  step
satisfies

Then gradieat
Site fs-t

. £0) ¥
min NTEGE ¢ [ 2E-€T)
i=0,...,k 2 +U41)

Q;_ In obher words, the wnderjw.; cate i
0(,\,"'5-), which s or\imol for  detorminiskic

ﬂ‘jn Athms.

£

STOCHASTIC GRADIENT
DESCENT

9. for demm?osa\.\e QFF)mihhml amdiud

descent  involves
' n
Wt e we b E R
where o is \uje, & t is Afxed.

g; Tdea: Tn SGD, our Siep becomes

wt = w- tVFl(x), T is & fondom

index,

e
The convergence  Mate is 0('.}7:).

Siace  randomness  leads o a  lame

Varane of 4ne estimakion of
3radiu\+ , SGb fequires more
feqakions, al{-houjh each  itesotion

wmrv\'u\-ioﬁs-

fu]uirzs less



Chapter 8:

Multilayer Percepton

MOTIVATION
g. We showed no linear  classifier
 Con sc.ramh the XOR dalasel
Qz Fixes:
© Use o quedrtic classifiers
® Fix +he classifie but use a Acher
input  representation.
MULTI-LAYER PERCEPTRON /MLP
g Idea: Use o neuwrs! network % learn
+he feature map simultaneously with  the

linear  classifier-
2-LAYER NN
Input Linear Hidden

layer z layer h

222
© 15" tinewr transformabion: 2= Ux+c, Ve
0

CeR
L e 7= Uk Y%+ g

Ty UKk UL X+ Cy
@ Then, we do an 2lement-wise nonlinesr
h=o6(2).

activakion:
O & s imrorhm\- o is  non-linead-
® 2" |incor “ronsformation: g: >+l

@ owput loyer: s‘isn(g) or si\’mo'ul(g).

ExampLe: XOR DATASET
e 0=(1). e (5)

ote max (+,,0)
Thea et olt) = € (maxu-,,o) CRELY)

ek w=(2), b=-t
Tuen see that

x,:(:), Y- %F(‘\ .|)(:) +(f|)
= (2).

7 e (3).
DGz Chw -
R I A Siﬂn(q) =
sian(j\)
We can do  Similor colcdotions  for
¥IIXLI X‘q
MULTI-CLASS CLASSIFICATION

Input
layer |inear Hidden
layer h Output

layer p

% leausning feodure h
leorning \ineos classifier
% Lnj Iojish'r. Nﬂﬂ’-ss'lﬂv\




ACTIVATION FUNCTIONS
'9 Choices for activetion function:

|
O sgmlt) = et
® tonhlt) = |- 2sqmet)

® relutt) = t*
® elute) = &) + (&) Cerptir-1)

MmuLTI-LAYER NN

Input Hidden
layer Hidden layer 2 Hidden

. layer 1
‘\

g| We need a loss R Yo measure  difference
' betlween  our predickion f &% dthoy
'gl We olse need a frining  Set = 4 txi i)t
o dmin  the weghs  w-
SGD For MLP
Ql To toin W, we can use gradieat
descent:

we w- 1w Z VRF Iy,

CRop T(xiyis w) = RLFCxisw), 4i]

9, We can alio just use a vandom minibakh

Bg‘.lll---, V\% :

Li(_ w- q~,7'{|EBVEﬂ-F]lx.-.9;;W) l

L 4rodeoff between varance %

mmruhHon-
93 We can also use a dﬁmj""j (earning
rate:
(- teto
e V), S € o/to, fetet,

l"]n/lal], et

COMPUTING THE GRADIENT OF
A 2-LAYER NN

91 Model:

X= \'npuf-

2= wWx+h
h = relu(?)
6= Un+ by
3= 4ne-yn}

92' We want +o learn the PGMQM W, Lll

Uk b
93 e gr adient of the network is  defired
by

23 3 27 237

Wi a2k, , U, 3k,

Q,; Next, since relulx) = max(x,0), it 'follwﬂs
+hat

t 4y x>0

relw (x) 2§ oyenvise

95 We will show that
23
W
27
b,
K2}
oW
23
b,

SNCENS

= 9'5
= (UT(e-y) O reldR)) x'

= UTte-y) @ ret'lz)

where AOR = (A)ij(B)a‘j s dne elemert-wise”
?nduc{-/ " Hadamard rmJud‘" of the mafwices
A % B

Pof- We use the chain rule rcrcﬁhwl\-j.
°7
Note 35 = ©-y-
Thusg
2F 28
23 9. .= - -
R TR VR
Then
93 A7 26
SL ° Sa S = -4)-1 = O-y.
6." 30 2k, = 09! v
Next
23 . 3 2@ T
o7 oseow - VO
Thus
23 23 2k, UTLG-\\j) 0 relu'(2)
32 ok 2%
and  so

W . AW 2w T l'te)) %
3 s 5 Weyo e
th\"{j.
2 _ 3 2% = UT(O’:’)@ rel'(z) - 1
w2 2N
' = 0Te-PN O mIE)

N ]
and were doue.



UNIVERSAL APPROXIMATION
THEOREM

9. for any  continueus funchion f: Résr
a kel

and an? €50, there exists
that

wer ™, Ler” & Ve R sueh

‘ Sup ILfo) - g, < €

where a(x): U (Wx+b)) X o is the

Celement-wise) RELY  opeation-
e '“F(")'ﬂf")“,fi Vx, s+ g is at least
€-close” 4  flx).

91 This  implies  +hat  as loag as @ 2-layer
mP is  “wide znoujln" Gie o farge k),
it can aPrmxima{g any continuous  function
urLihurilj c\oselu

WHY DEEP LEARNING?

Ql There  exist  functions  such  that o 2-layer
MLP  needs o be (xronmha(lj wide ‘o
°(>vaimu+z the  funchon, whemas & 3-laye
mL?  only aeeds o be Po‘jnmidlj
wide.

91 In particular, deep NNs a@ more  pafometes

efﬁdoﬁ--
PRoPOUT
g Tdea: For each hw'ninj minibalch, hu‘:
. eadh hidden wnit  with Pw\,a.\,il\'h 1
92 Essenh'allv, thee is  a  diffeent & random
network  for each  hrmining  minibateh-
93 In farh'cular, hidden  units are less likely
o collude o ovefit training data.
gq For testing,  we use the full aetwork-
BATCH NORMALIZATION

g' Tdea: Norwmalize +he input over the
— p
mintkalzh  dimenSions:



Chapter 9:

Convolutional Neural

Networks

MOTIVATION
8| In Mg, it is easy o ovefit
miniﬁj datn.
92 Tdea: To mitigate this, we can use
weight  Sharing % use a sparse
madvix-
CONVOLUTIONAL NEURAL NETWORK /
CNN

@ Feature Extraction Classification pobabisic

THE FORM OF IMAGL DATA

Orginalimage Red-Green Blue channels

- we can nfresu(-
an  greyceale
imadg ag a
malvix of volues

- for RuB images, we

volues .

m"‘j g from 0-265

can v!_frgsyﬂ- Hew  as
a densor (3D mohix)
with 2 channels, each
u:msrovd.‘ng 40 RG&B

COoNVOLVTION (oNE-cHANNEL
INPUT]

9 Tdea: Eadn entry in  the ou]-r\d- mabix

s the innes rwdur_\' of the msrondim_;
"Subga&' in  the iapuf mabix and the
convolubonal  filter

auttul-

€

1[1]170]0 - b3 u

of1 1j0 1[o]1]

olo[1l1]1 o[1]0 - 2 4 3

o0 10 1|01 3 3 u

ofaj1i0j0]| Convolutional

Input matrix 3x3 filter
- el cAB> = S Ay € B

|,J'

- this s like hl«.ina he  inner r-nllud‘
of the sliding “window” of the input
mabix & Hhe  flter/kemel  Suecess ively.

wHY CcoNVOLUTION?
T Note  +vaditional image  processing  algonthms

use  convolution.



CONVOLVUTION (MULTI-CHANNEL

INPUT]

g‘ Here, we Wave K input chonnel
mahices cnrns‘nm}inj v U Uemel channel input teaser

molvices.

T, Another explanation:

convolution

mohix 1

( Uernel 1 output

w -
Q Tdea: For each aniwy of the oubp x 3@ s
2 — “ (idin w;ndow *_3 # chonnels
maiy, we tuke the sidy s 3 3
. . honnel -
inmer  product”  for  each Uemel e
. s sum  Hhe w. nels
\'\V\A\' channel pair, and  +hen l, e —r chan @
fmduch hseﬂﬂu‘- sliding
+eagor heme!
& “sliding” eul-fml- mnhx
3 * +¢ll5w5
aml | Do uk mobix 2
e -,‘.,ﬂ keme) 2 outp
e ©
nput Channel L (Red) Toput Channel 2 (Green] — —Input Channel 3 Biue)
[2]=2]2] [1]o]e] :
BEn Bo6
< matv
Kernel Channel #1 Kernel Channel #2 Kernel Channel #3 Wemnel ¢ " md-fu\' amx Coup
ﬂ ﬂ J Output ou
308 ¥ —498 # 164 +1=-25 - “ _
1 E %
Blas =1
== [ (== === = R 3
o | 258|134 | 257 139 (139 | o [ 164|163 | 268 | 270 | 170 166 shcu
Ll =l | - - oukput
o jul 203 | 203 | 1as 358 | - | [ o |ass|ss |ass |ass|1es| - | | o {m{lu[mlnn | - "'E:‘;m’
Input Chlm}!l“l( e‘d] - Input Channel #2 (Green) \npukc’hunnelﬁt lue)
(1)1 1(ofo0
o1 ==
011 1(0f-1
Kernel Channel #1 Kernel Channel #2 Kernel Channel #3
I I I T # of outpub channels
25 [ s [ ass [ ars -C = 0 ou chann
148 + -8 + 646  +1=787 [m[m § out
sos=1 T We can view conwlubon ag  gsuccessive

“s(idinj innes rndw_h" on the inpat fencor
& the . Uemel ensort.



CONTROLLING THE CoNVOLUTION
g Hyperparametess:

1
® Filter/ Uernel  size:
- eg 3x3, SxS
- EH defnu"',
fitks is the same as input

# of chonnels on each

@ Number of kemels;
" Stvi g" — how wman ixels b wmove
Stvid y P
e fike each kme; %

- lorges shide > rlu'ahlwrinj outpufs (ess

similos

® “Paddinj" — add Zeves avound inpuf
boundany.

- leeps Lnundaqj information  lessless

Stide -2
oJoJoJo oo o o]0
ofoJofo[1]0]0 ofoloJofo]1]o[0]0
1[ofo[1[o]o[T oftloJo[1]ofo[1]0
ofof1fol1Tof0] p, g [o 0 0]t 0] 1 00 0
of1[1[ofo[1]o|——=[ofo[1[1[o]o[1]0]0
1lo[1]oo]1]0 ofto[t[ofo[1]o]0
ofo]1[o]o]1]0 ofofo[t[1[o]t[0]0
ofofo[1]1 o] ofolofo[1]1]o[1]0
Input oJofofofofofo[o]0

|
|
|
|
|
|
[(TTTTT
RN
EEEN

Lstrid 2stride 3-stride

SIIE CALLULATION

B sives:
@ Taput: mxnxc
@ Guar: axbxe

® stide: sxt

® Padding: pxe
91 We Fad P pixels on the +op/botom
. X q pixels on the  lef+/right:
93 We move S pixels Vorizgontally 3t

pixels  verkically.

iﬂ[’““‘ tensor Cfront slice)
a L
~~
f 3 .
Sliding : b o } P
window | ] s
a n

—— 15

S’q We can show Hat

o - | ME2e-a N+2q-%
oubput "“-l s +|J x[ et d)

WEILHT SHARING: CNN=MLP

'?;, Lt our Uemel Le W= (:‘oo No:) emzx?. &
0

Wy
our iaput  mabix o Xop Xoy *oa 3,
4 X= ("lo n X ) ER x;.
92 We can dafine %0 Xy Ry,
Vector s T e’
lechor(X) = (Xpp, Xou, Koy, Fio, ., %33) €M,
83 Thea note
—
WooXop + Wo, %o WooTor * Wo %oy
WHX = F WiXjot Wik, F Wy + WKy
WooXio + Wo Xy, Woo Xy + Wo, X,
F WX, ot WXy, * WXy, * WXy,

@)

LVu.h:r( wx X) = (cop, C.,..c“,,c‘,)-1r € IRY.

95 Next, if we define 4he “circulant matwix” as

Woy W, O W W, 0 © o ©
Wq.m = 0 Wop Wy D o W 0 o 0V e R‘K‘l
° 0 © Wy W

© o 0 b Wy Wa O W Wn

g: See Yhot

W Vechor (X) = Vector (W # X).
dare

8 Thus, we can Vew convolubion ag
? ‘ . -
mulhflyinj a wezjhf- mobix  with e nruf
O P,
% Henw, we can view CNN @ o ML
but  with wdjhl— sharing-
e ¢nN

\

C ) S

Ny
)\

YO OO (
W\ 4

S Wan

(

9x4 parameters to be leaned

4 parameters to be leaned

E])? Hence, we can Imin a NN foster

tan o MLP, cine thee are  less

rammehr; 4o be leamt-



POOLING
gu Tdea: ‘.Fooh'na" down-somples  the input
site o vreduce mewovy 2 Mfuhﬁoy\.
?1 To do this, we wuse He some
"sh'dinj window " hick as in eonvolution,
and  dnen  dole dhe max of avege of
. cadh window to get e owkput-
93 We also have a noton of size/shide.

Single depth slice

X 171,24
max pool with 2x2 filters
5|6 |7 | 8| andstide2 ‘ 8
3 | 2 |KIMG EIL
112|13]|4

y

g., Note that pooling by dnfuuH is Ferfbrmd
on  each  slice sq:arrh.lj, S0 the number
of  channelg IS the soame behwees e

. inru(' % ou‘.ru{..

95 Tf we set +he lernel site = inpub sive, this
s Wnown as "aloh\ Poolina".

DEEPER MODELS

?’ Note dc..ru models (i more la:,ers) ofe
wetter  but  are more  difficutt o troin.

RESIDVAL BLOCK

g, Tdea: Add a shorkut connection Har  ollows
[
“skin;.\j" one of More laaus.
X

weight layer

F(x) .
F(x) +x

relu

'gz This  allows more  direct Lackrnfaﬂahon
of ‘the smdiu\{- via  the  shockeud.

... 7 " . *
g3 85 --shckirv residual  blocks, we can 3@_ a

resi " Cor ResNet).

residual  network Cot
-y

O Je¢— NoFC layers

C besides FC
1000 to
output
— classes

m Global
] el average
Fix) +x pooling layer
! after last
¥ conv layer

X

F l relu identity o

X
Residual block —




Chapter 10:

¥

machine

*h el '\‘-
Jokens Yoo s G-

Transformers

rmes”  were designed for
tanslabion  tasks,
sonfeace X with  words /tolens

tomslabion Y with

G or e WM siep:
e aivu\ a
?Muu [

eneodS

INPUT & OVTPUT N

G oue taput 35 XTlx, KD Cie e prompt),

[

((Add & Norm )

ARCHITECTURE

Output
Probabilities

Linear

Add & Norm
Feed
Forward

Multi-Head

Pl

Embedding

Embedding

nd our oukput is Y2 (g, o) | .
Q;_ We want 4o find N Add & Norm
: Masked
Multi-Head Multi-Head
oY P == | S

¥ J| U y,

Positional Positional

Encoding Encoding
AUTO - RELRESSIVE / GREEDY METHOD

P(ﬂu\ﬁn---ﬂ‘ndu ey 3,,__‘\

_» dewodes

g Jdea: we repestedly compute

€
Step 0
Step 1
Step 2
Step 3
Step 4
Step 5
Step 6

“rjmx Pl‘ju‘ PR S I jk-l)'
Yu

X: Where is University of Waterloo?

Y: [START]; Pr(lt | X [START]) highest

Y: [START] It; Pr(is | X [START] It) highest

Y: [START] It is; Pr(at | X [START] It is) highest
Y: [START] It is at; Pr(Waterloo | X [START] It is at) highest
Y[
Y: [START] It is at Waterloo [END]

L CSTART] s o srgdo( start  dokten we

use at inHolizak¥ion-

START] It is at Waterloo; Pr([END] | X [START] It is at Waterloo) highest

9‘ We woat words of Similoc meaning

Outputs
(shifted right)

2 Giiey Yua
TOKENIZER
g: The “holenizes” divides +he 'mru& sentence
o the Yokens /words.
TOKEN EmMBEDDING
9| A “dohea o.m\udd'mj" s a Lil'ui"im Hom
4okens 4 vectors:
® we convert the input  holess o vechrs

individual

ond

oul-qud vechrs 4o

of dimension 4
® convert the decodes

Du{?u\— douens. .

close in the embedding Space
DE sy P
woudgg @
%o 8

20 - - -
o !\ea'rm.ms ° .

. rowese ®reh 3
';“'hag;,%:;& ¢
o 8ot

ot
SRi® o e
ofstomery 2 ‘i
y@vg
¢ B

.
uipoge ©°

-20

-30




POSITIONAL ENCODING

glll Tdea: +he order of dokens in the

. Senfence changes s meaning,

g;_ We use o rosuhonol encoding mahrix

when™:

P sinlm) e
w*m- sin ,oMIlIA We 2t s ( . zm)

izo,.. 4
2

i,

.. Lo rarnme‘hr h be \eoent!
% We  then '\wsf add W b e axd hhea
mh&div\ﬂ.

ki |||
||
gq ?u‘l’ﬁﬂj.“’. Jojc'i-hcr:

Tnput 1 am a Robot
sequence 1 l
vo = s v = vs =
Word boddi beddi beddi beddi
i 9 9 9
embedding vector(T) vector(am)  vector(a)  vector(Robot)
+
Positional .= Positional P: = Positional Ps = Positional Ps = Positional
Eneoding T ector(1) vector(am) vector(a)  vector(Robot)
Makrix
Output of "
= Posiki L
positional yo = Positional y: = Positional vz = Positional I° = 1% o
7 encoding(Robo
encoding ding(1) ( L B
Lnye\‘

100
075
050
025
000
025
050
075

ATTENTION LAYER

utpu
Probabilties
o
Ther
R Nom
Foed
Forward
7 o
s o —
Feed Attention Q|
Forvard
7 om
FoTE Mo —
Wt tead Mot Head
Atenton ‘Atrtion
—a LVLK-

Positional Positional
Encoding Encoding
ot Gutpt
Embeding Embodding
Inputs Outputs

. (shifted ight)
9- TInputs:
| nRd
© value VeR
nxd s
® ey KemrR ‘

®°(VU‘1 &ER
™A (m vow vechors of

(6):"__‘?-— "

dimension d).

-y du..
¥y Tdes
Value V:
(size nxd)
L ——

Key K-
(size nxd)

[CADT

o [ (V,'=) 6
Let Soﬂ-mnx(i;) = M

Then

Zj explep) for

W E <4k, W, = 29, le>.

Query 0:
(size mxd)

22(3,.., 2,).

st - Wy, T w T
2 17 oubput vow = softmax ( = )v, + SuH-,...,(T';‘)Vl_

note

ow-

v,.r

contributes  moe by dne owhput

~ +his s "us" a ulu'JhM average -

Similarly, +he
i cul-rui' nw = Sofhw-x( )VI

W .
e w—

+ s.;hm( iz )\'; )



MATRTX FORM OF ATTENTION

g; Mabix foom: et v;', ;T & 1;"' be He ww vechrs
of +he value, ey % quey. Lot

T T

Vi L, 4

() ()
v,T ‘ 1T

o= ;‘T mrd
(z:,f)m '

Thea

Atkeation (V, 1,8)

o’
z Son( d?)v
< lad B kn> T
Softmax( Iy )V‘T-(-... +SDHMM(JI7T" A

Q> >
Soﬂmﬂx( Aa’ )VIT+'" + SDH-M”(_-J?_)V'\T
myd
e,

= Softmex s o “row-wise” ormhw

91 There s no  leamoble  parametes So for!
LEARNAGLE ATTENTION LAYER %
MULTI-HEAD ATTENTION

Y L Repace 20wl Kokt Vovw',

' d x6
where ‘(N", wY, vaelk 4 are learnable

L. linear loyers.
'9’2 Then our aHetion loyer becomes

Atbeabion (V, K" awl)

kT
= softeux( OWCkWHY ) v
T

Multi-Head Attention

.
Scaled Dot-Product
Attention

v
83" We can @dd W38 linear la:,m in

pacellel & concatenate  theie output later.

- output dimeasion = 64 x§ =51
MASKED MULTI-HEAD ATTENTION
T* Tdew: e mask fuhce words, and input

the mosked  sequence o the attertion

‘uau.

FEED -FORWARD LAYER
9\' This i ius\' a  2-layes mLP  witle
RelV ackvokion:

=
MLPLx) = max(o, A, tht) Wy + by

82 We use loyor normalitabon instead of
‘oalth  nofmalization.

OVERVIEW

9 A tansformer has  the following  tunable
hufuramme{wx:
© # of \layess, N=6;
@ output  dimension of all modules, d=S12;
® # of heads, k=%
TRRNSFORMGR LosS
Q We bain the bonsformer ":1 -Findl'ng

. ~
"":" EC- <Y, log¥>]

wherse

@ Y=0y,..9g) s our oulpwt Sequence; 1
- inis 1§ onme—hot Cie O or 1)

® 9:[5",_"' Gg) s the Pndidd
?Vb‘oa\:ili'ﬁes.



Chapter | I:
Large Language Models

ComPuTATIONA, COMPLEXLTY PRE- TRAINING TASKS

Y l-otertion: OlRatnaY) pur laye {F apT: predict maghed  uiords

ge ™, kfemdrn °) .
f . . i uddl ord
S ompiking QKT dmkec O(o4) Hime. ¥, BeaT: predict siddle worls  given
u'e ﬂ.“"l vep™d T confext.
E) amr..ﬁ,., soﬂwr(%);V dolies 0Cnd?) - i is hode +4o rvndid' 4ne
L. time . Sutwre  thon  Fhe past-
B ) )
G Frutopracts 0W) e GPT STRUCTURE
LABEL SMOOTHING N w
9 Tdea: Qt_r'dt( the lake) Y dishvibution Prediction | Classifier
o N
pluclx) = Sk'y with
:
Culx) = C(-€) 8 . * &<,
:
whese C is the W of classes. Feed Forward
12x —
vl o [+ | [ o ]
‘ Label Smoothing
Masked Multi
Self Attention
Al €5 c-1 €15
Y | & | -, I ......... | E | I
e T e
vs GPT
BeRt Vs OPT e PRETRAINING
ey i an encoder, i
gl BERT ey . * 'g' Goal: we want o find

oPT s solglj o decodes

~
- Bert ?'d'us rn"“"'“lﬂ's“mfh‘ Middle "\9‘-" ’E\[—lajﬁ;l’(lj\‘ﬁu---, *_j-li'e)]
g

word

- opT rﬂd\"k the next word \__\fTT’
PRETRAINING, FINETUNING, g it P
INFEQENCE previous tokens  Xi--, Xj-i

Fine-Tuning Fm €E- TUNING

Pre-Training

Smaler abelled catasets € . o Afind
istsos m e et m T 9‘ Goal: We wont £
ot A L

ific fine tuning . A ~ . ~ ~ .
pe win - E(ley _11_1:,;(,( X,.i1©)]-2E [log Te051X;;.001

Sl od
training (hours to days) (minutes to hours)
—

g_’v_/ ———
. 105U -awoure suforviszd F\'((’mininj loss
9; Tagks:  O5¢
(0} "ClassiEcaﬁoﬁ' - classify dext inbp o elass
@ ° Ebilment” - defumine if o ypothesis
controdicts o follows  fom o ,’MI'SC
® “Similanty” - predict i dwe sentences
are  semonheally ¢1viwlenl
® “mulliple Choice” - given o contert %
N fossiblc onswess, choose the worvect
answes

- Fn_-kuin’!nj toley  weals [monthg
- .ﬁv\e‘h"‘i'j Yales Junx o veels /months



TRASK - DEPENDENT ARCHITECTURE

H Linear ‘

l Extract H—-{ T

Classification ‘ Start ‘ Text
Entailment ‘ Start ‘ Premise [ Delim ‘ | Extract H—-l H Linear |
[san [ ot [ oom | Touz | e ||
Similarity [ Linear |
‘ Start ‘ Text 2 l Delim l Text 1 |Exlracl H——l Transformer
[ stan | context [ peim | Answer1 [ Extact H—-| }+{ Linear
Multiple Choice | st | Context | Delm | Answer2 | Extact ﬂ-—{ T F+{ Linear
[ st | context [ peim | AnswerN [ Exvact ”..{ T b/ Linear

BERT STRUCTURE

e s woskti O\ /w1 AR /Saus
[ & * * \ f / f
<)) =)

BERT
. EEE] &

E@

Start/End Span

| MaskedSentenceA _ Masked SentenceB | Lo Queston Paragraph
N Unasossononconanaspar N\ Queston Answer Pelr
Pre-training Fine-Tuning
PRE TRAIN ING.
P Tesw AT usmg o mackedlanguege
model;
© rondomy select 167 Iapst hless
change b CMask]; and
@ add softmax o r"dk* the Cmask]
tolieas.

Task B: next Senferce predichon (NSP) ;

given 2 senbences B & B goyl. of the
bme B is the achual  next Sendesce
that  follows A (IsNet’), ond &o.
of e fime it s just candom

(" NotNext™) .

The losses for Maskes tm & NSP  tasks
minimized.

¥
afe  weighted, summed &

RoBERTa

T Tden: Improve BERT by
© tmining  the model  longer;

® use Vigger bolchesi

@ use wmore datni

® remove NP &

® traiw on longy sentences.

~

aP1-3
W

8; The larger network  introduces

SENTENCE - BERT

g' Tdea: Use a Jwin  network 4o save

1 ——

e entations Aor “:.h.a use.

8 This desheally  reduces e

2 tofion
we do inference & the comps
aPT-2

§ corra we e
as  GPT, but inheoducts o

\ dotasef
Q} Tr a5 goed for

o
Zero-shot

# of -mes
dime .

same huin'mj method
new

" peso- shot U"ﬁ'ﬂ"-

Fine-tuning
The d
large corpus of example tasks.

description of the task. No gradient updates are performed.

Translate English to French task de a otter => loutre de mer mple #1

One-shat
I addition to the task description, the model sees a single.
example of the task. No gradient updates are performed.

Translate English to French

plush giraffe => girafe peluche

Few-shot
n addition o the task description, the model sees a few
examples of the task. No gradient updates are performed.

plush girafe => girafe peluche

the same Mining method
but Much

GPT-3  uses
as GPT/aP1-2,

larger tonsformes  C100% oe1-2)

uses o

@ In-context leamingi &

® Choin- of - Hhought:

IN-CONTEXT LEARNING
9 Tdea: Giving o fow examples in Ahe

?wmr{- hclrs lwminj 3

Translate English to French: task description

sea otter => loutre de mer examples
peppermint => menthe poivrée

plush girafe => girafe peluche

cheese => prompt

CHAIN-OF-THOUGHT

o 9",

Input

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: The answer is 11

Idea: G‘M“'j e  reasoning rm,us in
e rnmrt he\rs the \emina_

Standard Prompting Chain of Thought Prompting
Input

Q: Roger has 5 tennis balls. He buys 2 more cans of
tennis balls. Each can has 3 tennis balls. How many
tennis balls does he have now?

A: Roger started with 5 balls. 2 cans of 3 tennis balls
&ach is 6 tennis balls. 5 +6 = 11, The answer is 11

Q: The cafeteria had 23 apples. If they used 20 to

make lunch and bought 6 more, how many apples

Q: The cafeteria had 23 apples. If they used 20 to

do they have? make lunch and bought 6 more, how many apples
do they have?
Model Output Model Output

A:The answer is 27. 9§

A: The cafeteria had 23 apples originally. They used
20 to make lunch. So they had 23 - 20 = 3. They
bought 6 more apples, so they have 3 + 6= 9. The
answeris 9.



aPT-3.5+ REINFORCEMENT LEARNING
FRom HumaN FEEDBACK (RLHF)

state| | reward action

A
R
o )
seq €sugp noles fpc veinforemert
lzamins details

Stept step2 Step3
Collect demonstration data, Collect comparison data, Optimize a policy against
and train a supervised policy. and train a reward model. the reward model using

reinforcement learning.

Apromptis Apromptand Anew prompt
>
sampled from our several model is sampled from Witeasory
prompt dataset outputs are the dataset. oo
sampled
o o v
Alabeler = Z The policy o
demonstrates the - generates SA
desired output anoutput R
behavior. Y ’

Alabeler ranks.
the outputs from
best to worst .

0-0-0-0 The reward model

This data is used
tofine-tune GPT-3

with supervised calculates a
leaming This data is used :N [::ZT(;?‘
totrain our SA '
reward model, % Thvewardis
0-0-0-0 used to update T
the policy
using PPO.

§ T we
@ use Sufuvisd leacring  for LM
by BP/SAO;
@ freere the UM & Aroin  Hhe .@-.u)r;
model by a loss  obout ranling;
® freere e feward  mode), update e LM
USng  owr rowork model, % moXinite e
reund  qven by Hhe cowasd  model
as anvolators

o "ifofmb consistent

gz We use o fanking model
usualhj do not  give
scofes  (for +he  given sentences),  bui

give uni{omlj consistent ronu'mas-



Chapter [ 2:

Generative Adversarial

Networks

MoTIVATION

Ql In "Ju\uah‘ve modz(linj", we would like
4o hmin 0  networs ot modds o

_ dishibubon-

?1 Tdea: We want dzsijn o gereokive
madel 4o Gmuﬂ‘h im‘\jcs-

MoDEL

gl Given 'hui-\iuj dota X, Ky~ Pgote ) 3 the

. drue doha density;

91 Parametedze  Pytx), the dotn  dessily eshimated
\°j 4e model

9.5 Goal:  Estimate @ by  minimiziag Some
“Aighamee” behuean Py (unltown  date dossily)
% o

‘ wgn dist( Pdatm (i ro) (

8,; After taining, we an Jenetate  new
dala  x~py (x)-

PUSH - FORWARD MAPS

9| let ¢ be any continuous  dishibubion on mh_

RI, ther

For any  dishibukion pon

o ) LS
exist "Fuuh-fwwuat maps GRS
Such  Hot

Fn-r 3 GE)~P-

82 WLoG, we can take ¢ o be Coussian

GENERATING sAmMPLES

T Lt Smer by Sampliog e cole
vechr 2 /fiom ° simrle dishabuhion

. Ctj Gaussian). .

?2 Then, the GAN comruhs a diff«w\hahle
function G mapping 2 % an x in
dotn space-

sample x = G(z)
X~p
generator | G Network |
code vector E
(Gaussian)

9

input

distribution
output

distribution

function
computed by
the network G




LEARNING THE G NETWORK

) true data distribution

p(x)

unit gaussian

generative
model
(neural net)

image space image space

.-9” Iﬂm To d‘ﬁ“ e (oss to d\'shn_’uish
e 2 dislvibubons, we can use a
discriminatoc

GENERATIVE ADVERSARIAL
NETWORKS

binary classifier
ak.a, discriminator

real image or

generator

code vector

Sy = |

Training setml Discriminator
@ — _Probof

Random IsReal
se

—=(]

Generator

—

Fake image

9 Ideo: This is a
between
O e Aisciminebor — dishnguish  real
images 4ﬁnm foke  imoges; 3
He genemter — genacate  images ot look
ke +he real ode b confuse e
distviminator,
D1SCRIMINATOR'S CoAL
9; Idea: For o fired Jel\uafbr G, minimize
(ou}fﬂ' Pnba\:i\i}’

“2am-Sum’ gome

o \oj loss over D

of isReal).
82 If x is feal, minimize —\03 D¢x);

it x is foke, minimize -loj(\—D(x)).
93 In Porh'culnf, we want

win -3€ (log ] -3 E(legll-Dictan) ]

*"'P“h T~ NCO,I)
—_ —
x is feal X is fake

GENERATOR'S GoAL
C Tder Rr o fired discimineor D,

monimize o log losg  oves G Cthe same

\oss a!'vr e  disciminator).

92 Hene we want P find

max -3€ [log px] -3 E[legCl-Dict=n)]

*"'Phh 000, I)
N —
x is feal % is fale

PUTTING IT TOLETHER
9\ Hence, we waat +o find

mex win L€ [ log D0 | -2 E [ logCl-Dtatan) ]

« o **Paotn 2~ NW©,TY
—_ \——V“—/
X is real x is folie

91 Qq_f\ua;,.j zKPuhHM with  the mr;.;m urcch'h'a»

Gie avemje)'-

. N ~
o Tex € Lleg(®0OM] + E ClogCi-deatz )
*Paatn NCo, 1)
NCG,0)
SOLVER

9{ Tdea: We can Solve His vio oltenabive  minimizotion -

MaKimizotion:

o0 c Shﬁ: Fx D,
Sru\iu\f deScent:

urda’h (A ‘:j one- Shr

"fd"h ) ""_‘1 one-step

@ D Sf&r: fix G,

3rad'|u|' ascent-

DEcONVOLUTION / TRANSPOSED
CoNVOLUTION

QI Tdea: Use “revese” convelution

/fwm a Swoller

L) Troduce

. one.
o lorﬂy mobix

We use 4 similar “gl.’A'mj window  Hick -

© Rr each entw in e 'mruf, mulHr(U it
with  the Uemel;

@ Sum all the results hjeﬂnu using

“3“9““5 windows ™,



SOLUTION oFf c*

SoWTION OF D*
g mm max V(D) is achieved Hf Py Pdaks -

?’ (ot ra(x) be the Ausii:’ of X
estimated by the Ju\mﬁor G.
for o fxea G, +Hhe optimal  ditcriminator
)
Pd‘h(x\
p* )z ———
Fd‘h(x) + Pa(x)

Pm; See that
VeG,0) = E Clogotx] + E L log C1-pCG(2)))]
“Pdakm VN, T)
= J Pagy (%) log PO dx +_J.!Pi(t) log £1-D(G(2))) d2
O Lt x:=G6&@)
= J_ Pdah(") Iaj D(x) dx + foﬂtx) log (1- D(x)) dx

FOx))
Thea e vrﬁmxl Solubion s

D*(x) =

Tn pacticular, we com write

Argmax £cp(x)) .
Dix)
FDUX)  as

£cs) :alujs + ‘o‘oj(l-s), $=bx)
This g maximizak of S ;l:—_L_

Thus p ;
) h[x
D*(x) - a
ﬂ(nh(xH fsfﬁ)
0S needd. B

TM orhmal o\,]uhw. value s ~log 4.

8 Twus, 4he GAN can leamt  Payp,

tkmﬂj if we can solve "2" M;x Ve, »)

QXRGHJ_
Proof.  See Hhat
vea, D ) = E Eloj o* o)+ EL 'nj(l D (AN |
N0, I,
Clet x2GkY)
= x~Ef [loj D (;()I + E"[ ['JC( D t"n]

z P a0 Py x)
x-Er (log e DL
dobe dah(’) + ?_,“" ) Pant () + Pgl%)

Por  dishibukong P,& we  define

e kLePney = E Ciog ;ﬁ:;;
\I(Q,D:\ = -log¥ + KL(P““\\ “"*+Y’)
* |<L(1>:1 I @)
= -log M o4 2 T30CPyllpy)
> —Iuj Y
where TSP is e Sessen- Shannon
diverju\ce" ( distance  behweea 2 dishibudions).

Equelihy  Woldg T Paoky =Py a5 neaded g

3 Thus, GAN  worls LJ minionizing  the

Jensen- Shannon divergence behween
JUeated & real data  dishibutions.



Chapter |3:

Self-Supervised

Learning

i?| “Sa.l(.‘—Squsu IEarninj" s a
subclass  of unsupenised  learning,
whee we  want b leam useful
rcfﬂzmn\ukons -anwjh rru-ra'mhj tasks
for  downsteam  tasks.

leuﬂ;'j with  unlabeled dodn

- unsu‘;ufged.:
g; Steps:
0] Pﬂfmininj'-
ledoa\ s fsudo L s
from e walabelled  daka.

build a2 tak  whee the
conghructed

® Downstreom:
- Fne-tuning:  all #rainable  pacametus
- Linear evaluation: fix +the mrns'u\k\')ion &
fine- buning hpr‘mg layers

prehoining:
% | nehuon ’ — [ |
4ok
G used +o leoen
downstam: nehwork
o | | et » [t
nebuor!

Fine.- buning: update network & clossifier
Lingor eveluakion: fix network, update lineos classifrs

wHY ?
§' dea: Creaking labelled  datasets for each
, L

task is  expensive,  but thee IS a

lob  of unlobefied
92' S‘-'F"“r”“‘“" leasning wifl
ovepit-

93 Challenges:
©® Select @ suitable rn"'vniuinj task;

® No golder rule for Compavison for
learned  faoture rep resentations

daka -

alte ot

TIMAGE ROTATION
9. Pretraining daln:  images

of 90° at random

rotated L_‘j mulhple

gz Puhninin: +4ask:  Yvoin  model Yo Fmdid'

rokakion degree rat  was  applied

Objecives:

w

X ComNet
> ﬁ > model F()

Rotated image: X*

> glx

Rotate 0 degrees
ConwNet

'% > model F()

Rotated image: X

ConvNet
= ﬂ > model F()
"

Rotated image: X*

e
> > model F()

Rotated image: X

»
2




gl-‘.muve PATCH POSITION

gl P"*ﬂﬁ"'ﬁ dafk:  mulliple paiches extracted

L o imoges

'91 Pretrining task: froin model o predict  celatioanp
belween the rakhes

Features Label (1-8)
[y Y e
‘i. > Bottom Center(7)
Center Random
Patch neighbor

Center Patch

&
¥

Random neighbor

Convolution Dense

Blocks*5 4096 Denes| (Dones

(4096)  (4096)

Convolution Dense
Blocks*5 4096

‘Shared weights(siamese)

IMRGE ITaSAw PURiLE
9' Pretraining dako:

.82 Pretroining task: predict positions
pateues

q rams extracted in im3es

of anl q

S - R

<R $s=iz =

Pamagtcniar g N IR EE ST
IS POTANEN | vt pammocnen — \‘\‘i ’ H wlias =
“ ae832817 ! PP =t -
: — ‘ P =Van -

TITTTTTTT
o~
~
<«
®

CONTEXT ENCODERS
? Pretraising dala:  remove candowm region in images
B Retaining fask: fiU in missing piee in e

im\,c

¥ random missing region

Encoder Decoder

B

\ﬂ ja{j >,LU { >
93 We can impreve  pesformance by adding
a “GAN"  branch.

IMAGE COLORTZATION
gl Prafvairing dola:  pairs of color & 3«35:&(:
imajes

Q. Protenining _tosk:

in amjsaxlz images

?ndkf clors  of the  objects

Predicted Actual
CNN CNN -
Encoder ___ Decoder i y

Loss



CROSS ~-CHANNEL PREDLCTION
g;' Pretraining dofa: remove Some of +he
.lmasa. color  channels " me
&_ Vn_{-m'minj task: rnd.d— missing chon

the other iMoj¢ chonvels

Predict color channel from grayscale channel

LGrayscale Channel X, Predicted Color Channels X;

: . '
nput image X . . predicted Image

abColor Channels X, Predicted Grayscale Channel

Predict grayscale channel from color channels

IMmAuE SUPER - RESOLUTION
G Pretruining _daka:
(ow- resolution  images
8-, Pre+mi¢\i!3 bask:  predict Wign cesolution  image
+hat wrrtSPoy\df o down -somrl«l

imaje

l Make 2x smaller
h

SRGAN L2 + Content Loss

- —— Generator _;,

Low resolution

Predicted Actual

Discriminator

v

fake(0) ~real(1)

paics of  reqular & Aownsampled

low-vesdlubion

CONTRASTIVE LEARNING: SimCLR

z = (1)
Maximize agreement
e .
.‘7(')} Projection head (2-layer MLP) Projection head Iﬂ(')

. Class
h; +— Representation — h;

h() linear classifier
F() | encoder network  (Reshet-50) Encoder newwork | f(-)

h;

£ encoder network

a) Training b) Testing

S" "\MSum\J nﬁrmmn\'

(—\ feature vectors Feature Space
- -

-e
closer
.

Machine Learning Further

— Model L d

o
L5 - —-—)
e \ )

€y loss  funchion:

(T I T

Image 1

» . x N ¥ .
Image 1 (t) Image 1 (t') Image 2 (t) Image 2 (t') Image n (t) Image n (t')
Image 1 (t') Image2(t) Image?2 (t') Image n (t’)
Image 1 (t) o | 2z | 7 [ [z |

We hope z, is the largest element

exp ()
jexp (7))

[ prob, [ prob, [ probs [ e | proba |

l

Loss: max prob, =

Softmax: z; -

2,

— X))
Ljexp (zj) (ak.a. InfoNCE loss)



Chapter 14:

Evasion Attacks

'g' Tdea: We want o modify  test
3maj<s b forl o ficeda ML

model.

WHITE VS BLACK-Box ATTACKS

Q" “white-box  abacks”  are  when He
b know Jull info

otodier needs
about the network, whereas His s
not e case v black -box  ahacks.

ONTARUETED VS TARGETED ATTACKS

@ Untometed _atiocke” are when dhe  gosl s
. ‘)rto\i‘-" a  wrag label-
92 "Tmzhd athacs”  ae  whea the  geel i

t Pvedld’ a +wa¢+¢A label-

PRINCIPLE OF GENERATING EVASION
ATTACKS

Input Space Feature Space

Deep Neural Network f

N\,
Reachableregion ® ®
N

max L aar))y)

C= hof

.
Adversarial reachable region
O A @) = (I —xlle < €}
(every pixel s allowed to
change by at most £)

.g‘- Tdea: We want Jo  solve

G, Differeat dgpes F  solvers:
0] Zeo -ordes order — only acess o NN oubput
® Fist-order —  @ceesy LS 3radm1’ info.

® Sewnd-ordy - access o Hessian moamix
= —

9) We ’F"“s on  first-order

solvers.

is the classifier.

FAST GRADIENT SIGN METHOD /

Fasm
9 Goal:

we wont o -F\"A

max
( kogy 5t
\I:.N—x\l__< €)

Llc(x

adve W) y).

Wosd o Solve

noa- Lonvex

- thais IS
. - sime C
9; We can approximate

is

LLECx gy, @)y
2 LICCRWLY) + L%, =%, G LCetxw), y) >

C -‘-m(\nr r.x‘:u\gi an)

9; Hence, our problem reduces £

mex VL (Cx,w), y)>

Koaat Mx-%aay Vo€ €

9; Closed  Aorm Solubion®

ﬂ:AV = x+ £ s;sn(vxgcc(x,iﬂ

Wy - Holders inznpu\i#,: [<q,L>|£Ha\(PI(b\li,

vhee T3l Pyl
e, foe Y Xyt
°"'|‘*adu) FEIS SRR 3 , L cix,w), y)>

19 Lccoxwd, I

Coy Wolde's ineg)
. IV Lcoxw), Pl

<l xadv_x“un

n

note

Next,
oyl % + € sign{ Tl (CCx W), )

et _
05)()(“"') :
s <€ sijnlvxﬁ(cmm),\-j)),

UySleexw), 9 >

= g WUg&CConw), YW Iy

(since gijy.('n). a= lal, % .I‘ foren
s usk PATHDR
ist
HM“' Obi()t:w) i the  upper bound of Hhe
and So is the solubon of

. )
o»lnbhu ffW‘cHon,

e marimizahion rmlalzm. (7]



FACTS ABOUT FCSM
9‘ FSM s a  white-box,
aHack -

non —h(acfd

QvoSion

+.007 x

z sign(VL(C(x, W), ¥))
“panda”
57.7% confidence

?;_ dssue: ¢ meeds o be large for
be  Successful

g8AsIc ITERATIVE METHOD /BIM

repeaitedly odding

“gibbon”

FeSm

9| Tdea: Improve Fism by

noise o Hae imoge  x in  mulkiple
Yo cause mis classification:
+-1
\ <= xe—u, RE siﬁa(v,(;:cc(‘ L w), y))
1
1
step size
¥ o i Fasm:
97. Differences  with L
O sty sim it Aiffereat i .
® RIM uses on esative Pﬁd&m,
Fasm  uses o one- sho¥ FWCRA-WQ .

x+e- sign(VxL(C(x, w), y))

99.3 % confidence

iterations

¥

(d) Adv. image

(b) Clean image (c) Adv. image

P Distance 4 Distance 8
93 Tssue: For a pre-defined g, x* may
the conshaint  Mx'-xl cg iF € is lacge

v io\ﬁh

9; Jtesahions:

PROJECTED GRADIENT
DESCENT /PaGD

5’; Tdea: Im?nvg BIM by wusing a “runcation

DPWHW\:
. 41
o cip 87 4 ¥ sign( Tt W), y0)
(-¢,¢)
€.

- for pixels with rﬂrharbnﬁon size 2

"c\ir" fruncates  them h &

o

91 PuD  uses  “random iniHolization  for X

i iginol

by adding rondom  noise to e  odigind
-'mjg from Unif C-¢, ¢).

Adversarial image

Original image

Egyptian cat

Prediction: Egyptian cat

Prediction: baboon

Fewer artifacts

(*d than FGSM
g3 Note Pad needs o calewlate e
Srm\iuk mulh‘rle Fines.
TARUETED PadD
g: Tdea: We can manilwlch Pad 4o be
o targeted whita-box  oHade-
g’_ Dim in  objechive:
O Untoreted:
max  fccex, ), )
L X gy € A1) ‘adv’ Y e
® T“j(h".
min ceexu,
X gu€ 80¥) é adv 3+_,3¢+)

® Untugeted:

¢ - Ch'? c)‘*J
C-g,¢)

+ V- sign(GL 6T w),
Yte M

-

e (Y. Sign (T (08 ),

-¢,¢)
”“'043 (23 )))




K

LA

ULTI- TARGETED PaD

Tdea: Do tfameted attucks with PGD

for all +aljd' classes and  choose +he

one Hut can oo
This s an unhrsdd- atock.

+he  classifier



Chapter |5:
Robustness

DEFENSES AGAINST EvASTon ATTACKS:

AWeRSARIAL TRAINING

§ Lo

LA
miv ¢

outy min:

mimic behaviers

of oHacks

c rsy'vD"

max  LossCC(¥), ¥)
e A

(Anes mox:
updeate NC(JVI*'
of neunl nets

9";_ The odvessarial eramples atack +he  lofest

ilrete  of  he classifier
Fasm
Q’ Tdea: Use Fasm  +h  golve
the  inner maximization.
ENSEMBLE ADVERSARIAL TRAINING
T laew Use a st of advesarial examples
creater by seversl  fixed  classifies to
fain  the  model.
PaD
ey max.

Use PaD to  solve the

9,)_ Bub this is  computativaally expensive o

do -

ROBUSTNESS - ACCURALY  TRADE-OFP

9‘ Tdea: Pdversavial  hmining  suffers ,fwm
rduced  actusmey oA cean samples;
e Hhe robustress- accufacy frade -oft ™

robusiness, we can use He

?:_ To 1van+ilj

robugtness  ervov

R (F) = E CI[3x'edtn s+ £x)y<0]),
K:’—-D

Y=t F:X>R s our classifier

% e nolural esvof

R oy (P :=ﬂ:'E~D[ I[ecxy £oT]

T we wand b find

. R . ¢€?
min nb
Y R () + T

CLASSIFIcATION-CALIBRATED
SURROGATE LOSS

g Tdea: We wast dts‘jp\ a J(ffwﬁc\:\t
surroyate loss  for the -hode-off-
TRADES
9: Tdea: We want o find
mox F(x\F(x)

€
min E (FOYY + o
£ [ ¢ J ®y~D

& wr any  dishibubon P, £, MX) 2 230,

we  lhove

M
P‘an:) —RMd_é TeADES Loss (f) -

K for any A, thee exiss o Df &

A0 such Hrot

wa (‘F) _ R‘no+ > TRADES Loss € -

are e minimal  volues

‘F & R not £

of R,(ﬂ"»ﬂ‘ipww)g} over
(QSFQoHve(T



LIMITATIONS OF ADVERSARTM
TRAINING
9" Tdea: AT may ot conveIRR-

TIp FWe wT(x), the +raining dynamics

cycle.
of AT may lead +o & &Y



Chapter |6:

Differential Privacy

g We need o “"ﬂowledjq,
Concamg if we  fmin
PV'WA'('E data .

MCMBERSHIP INFERENCE

QI Cool: Datesmine whethes a dala  nstance

Fv‘rm&

ML models on

s part of the  taining  dohaset of o
hr‘cjo.ﬁ- model.
- we ossume we have black -box  ocss o
e  model-
G Attak temiques  Shodow Hraining

train()
Target Model

train()

Shadow Training Set 1 Shadow Model 1

train()

Shadow Training Set 2 Shadow Model 2

Shadow Training Set k

Shadow Model k

ML API Shokri et al. (20

- we can Hen use +hese shodow models
+o wplicate  the forget  wodel

&k ten use these fo form  Hhe oftack
mode !

9; Note:  Jhese  are

© not ceshictes to  spesific moddls; &

T we say Hhot o mechanism saHsfies
]

DATA SCIENCE (IFE cCYCLE

Data

) ) Data Analytics
/ Collection

Machine Learning

PRIVALY CONCERNS IN DATASCL
LIPt cycle
9" Tdea: Cloud Serices  requires shotishes
W =
(g browser w\f\‘jurohm) o  wmonitor
. (pecjemonce. o
(E?,_ However, uses do aot wont Gve o
theire  dahn it very idenkifiable.
gs Moreover,  offen ana(j:fs will  waont T
sensitive  datasets.

Data
Cleaning

Data

) Inference
// Management / ;

its

as i

am\jzt
DIFFERENTIAL PRIVACY / DP
pP / €-DP

X, X it in one

hat

adl differ

iﬁ- for
"M"B R

inru{s

have

we

€ '
< e pemex)es)

pe M) € S)

over ol amoddls M

- Pn\m\:i(ihj i
oubpuis S.

oll

for

- lowyg & ¢ ™Mo f':'v“j

Input Algorithm Output Adversary

o @)
@ is prone b overfithing . - . %% .
- {he mofe ?Mir—HW\ classes we Ve, m- -
He werse the fest accumy. I ©© . ” .

LOG PERPLEXITY X ©%
G oy peploi” s o et Note: , . . Hhis

ot '"°“'P “:‘1' o model  prodicts S KX differ by auld:lnjlﬂ-movmj an  enty,

o sample. is ecalled unkounded DP

KX differ by replacement of an eahy

Cie WWI=IXT),

ten this IS called bownded DP
Tntuitively, e  adversany should noF  be able
b ouse the oubput 8 b dishnﬂw’!"\ between
any X, X '
Thus, privacy s not violated if  ones
information i nof included  in  the input

datoset:



BaSIc ComPOSTION

G o1 ome=m,., M) s o squeae
of €-DP mechanisms, thea M i
K¢ -DP-

POST- PROCESSING

P 1¢ mog i €-0P,  then FMCX))  is  also
¢-DP, whee F is some funchon
Mformﬁon.

GROVP PRIVACY

G 3¢ moo is eDp & X, X diffar i

Kk enhies, then

ke \
plm(x)es) < e pemix')es) VS.

LAPLACE MECHANISM

9 Zdeq: To achieve DP we wn add
Larlu.iom noise o owl wmodel.

Query g

o
L 1 =

Laplace Distribution — Lap(h)
06

!
02 Laplacian Noise
0. e h

-x
n~ Laplace(l), Fd{: o exp( %)

mean =D, Variance = 222

SensLTIVITY ( S(t))

9‘ (ot %:I—)t{ be a 1‘,03_ Then
we  define  the “semsibiviby” of €. Seg),
Yo ‘e tHie omallest number  suh Hot Aor
any  Aeiqiboving  fobles D, D' Cie +hat diffe

by one vww),  we have

190y - 4D | € Sg)-

If the sensibivty of the query is S,
Hea f we use
in our Laflaa'an noise, we are

to jd‘ £ - differeatial Pvivu,j.

&

2

DP APPLICATION: DATA COLLECTION
pPp qwnﬁfj
methed.

9, Tdest: We can use

the  privacy of o dalm  colleckion

° (o]

Disease
(Y/N)

bt With probability p, Y
Report true value
¥ N
With probability 1-p,
N Report flipped value N
Y )
N N
N N
e
| L
O =

(-0;, peb= T
- no .P,,ivub-, ¥:z0
- complete  privacy

?1 SPujrq'caHy, if we have 2 neighboning

databases D, D', ¥hen for soma oulpst
o:

'Y'—",'_

P(MDIZ0) ¢
Fom=9) . .

P(M()= 0)

where M s our model-
BouNDING SENSITIVITY
9. Tdea: In Some cases, the sensifivly  of

6 quay moy be |°,—j¢ of ;/.fin'xh.

91 To mih'jah s, we con use

xeCa,b]  and  discord

®© clipping’ — enforce
dota out of the fange
bies b the outpert

- but this adds
® “subsample B mﬂ:h" - partition X ink
t
) ST O apply f oV toch  subse
o ’
cesults-

and oﬂﬂﬂ.ﬂ&h the

approxzmate P / (£-§)-DP
Ql We say o mechanism S “aFfmﬁ.Mlg(y

0P if fr some &8,
pmex)es) < eSp(mx)es) « §

{
&f atl ndahkw\v\’ data x % X.

- note § should be VoY small.

9:: To achieve Hhis, we con add Caussion

noise -



DP- APPLLCATION: DP- SaD
g met
©® Somple o "ot of points  of axpecied
Size L L\J sglggﬁnj each rpivﬂ' .
fo be in the ot  with f"*‘"im'ﬂ n
@ Por each ro;rﬂ' in wmruh
the  gedient
4 s A,
® ﬂ\lemj; the  clip
Coussian  NOKe
Toke a s\\—gr in
of  the mSu”'iﬂﬂ
® Pepaat w times
?-; Limitations:
©® Slower then SGD
® Hj‘;er‘?arnmew tuning

the ‘o,

Tale,, 59 g chp So

¢C
re& amdim{s &

norm

add

+he nejnﬁve Airechion

vector

¢-iocAL 0P
Yo sag M provides “g-loeal DP” if Pf
al  paiv of ¢ Yriva‘h) dote x & % L, we

have
€ .
p(Mmx eS) £ ¢ P(mM(x)eS)

for  all oul—ruh S
91 In ‘;nrHLul-r. M tekes in o Single
wsers  datn, whereas {pr normal ¢ -DP,

M toles in ol uses’ dotfe



Chapter 17:

Private Data Synthesis

SYNTHETIC 0OATASET

G A Csyatheic dataset” IS o standie
for +he  onginel dataset Huat has e
same  format & accudately  reflects e
stotistical Fn‘n.rﬁcs o 4o onginel
dotaset, \ut only  contating " falee”

Q" Note +hat o synthetic  datused does

recofds.

'Ej’ auumhc PVNMJ'
procéss 1S ¢-op, % o

93 The y.nerah'on
dataset

othes a‘uuiqs on  the ij\‘HMHC

is ]us(' ?osf—rmtssing.

9[' However, there afe 0o  accurody aua:mius.
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