
PRE.SU#22:
,

ML t AET



IRE .

_⇒ 201 Jim Halverson (Northeastern ,

IAIFI ) jhh@neu.edu

CENTRIC THEORIE : WHAT IS ANN?

WHAT ARE DIFF
. TYPES OF ML?

C.ENTRALAPPLIEDQ.HU/ WHEN TO USE THEM ?

ACENTRIC EMPHASIS : ML IS APPLICATION A THEORY.

LECTUREOUTLINEDML THEORY FROM HET PERSPECTIVE ,
CLASSIC NN's

, TYPES OF ML

② APPLICATIONS IN MC/HET

OVERVIEW 01=1 : I' TOPOLOGICAL

GENETICAItHMrAEnE/_DATAA~AU
"

latinctmeri data)
-

(search /optimization) / 1- s
' ?

.ee?.?::.i:.!:::?f-ans..iru=sei:@SUPERVISE hmmmpredict
\

cluster / discover
-1

US death robot [ AUTO ENCODERS

- FFNN
- LIN.

REG
EX: ALPHA GO GENERATIVE

- RNN - LOG REG
-

CNN - sum
ALPHA ZERO M0D

- DEC .

TREE
- GAN

- NORMALIZING FLOWS

- VAE



Q : WHAT IS NN ?

AN ANSWER : NN -
- FT



*

" drawn from
"

EXAMPCÉ: • Fab , 6) = at/
b- occx)) o :(R→R a- Plat b- Pcb) c- PG)

hitÉ ( here : depth 2 width 1 FFNN
,

or -
activation)

•whfÉl ? ensemble of random functions
,

not a single draw .

NNT: NN- FT IS A FT DEFINED BY ARCH.

• N-t-u-n-EF.to :D-> R , pa ,
⊖- "⊖)

A- NN IS A Dw FROM THE

ENSEMBLEDEFINEDBYARCH.EMEI.IE0FF=oNf = FT ! [[g- 1 = JDF e- SÉLFI
+ /d.✗ THE -1×1

↳ statististics from e-
SÉLFI

• NNENSEMBLE-i.Z-LJI-fdo.PH) efd
"# 1=0-1×7 "

parameter spare formulation "

↳ statistics from architecture
,
NOT

• CORRELATION FUNCTIONS : G'"(×
, ,
.
. .,Xn)= (¥4

,) . .

.Éa⇒Z[D) ↳◦
- FICTION

- SPA: USUAL EXPRESSION FROM QFT

- PAR-AM-SPACE-i-L-TI-fdo.PH) Folk) .
. .to/xn))

• exalt, non
- perturbative ,

non
- Lagrangian

• Qi. ACTION ASSOC .
TO ARCH? Se= - log / fdopto) S(F(

×) - Foix))

• FAI : VERY OFTEN IN / Fix)= ¥ ?Éh:(×) , EG A- WIDTH

him e-
SÉF]

IS GAUSSIAN! FRE FT ⇒
interactions from You - corr .

independence breakingn→n

hi inder .
self] ._ ddxddy FIX)k"lkY) Fly)

• OIHEE ASPECTS : SYMMETRIES, CLASSICAL SOCKS
, DUALITY ,

FT
.
. .

. .

EXAM: FIX)= aicoslbijxjtci) P(a) =M°i%⇒ P( b) = No, %) plct-U-L-T.IT]

N -Yoo ,
FREE THY w/ P

-

space prop . G'
" Ip)= 2¥

,

e-:&:P
"



NÉURANETWORKS : expressive For
.

.

FEED FORWARD

LIN REI

NON-LINEARITY-N-t-RANETWORK~eo.io
-

i¥.

.

-

I

µ , .gg, , ,, µ, ,, ,
, , *

eg tanhlxl , Relate)=max( yo)

sigmoid = +

<""%;!!RIGOR FIR

MPILEFFNN-nic-Ni-Q.iqhj-R-IRV-kj.iq
Aj C- 112%7" bjc-knitj.IR

"

→ Rni Tj /× ) -

- Ajxtbj

then 4:42" -412% ni a feed formed need
network , def by :

IR " R
" -4>112" R

" -112 " -7 . .
_

¥1128#Rho

UNIVERSAL APIPROX THI

Q: How EXPRESSIVE?

A : ANY
"

SUFFICIENTLY
NICE

" f(×) CAN BE APPROX'D

TO ARB .

PRECISION W/ Nh,a=1 (orig sigmoid )

CAIEAT : precision depends on
width fahonld combine w/ depth)

OIHER ARCHITÉCTURES IE VERY DIFFFox
- stride } ✗Kern

:3 element -wise

•
Haim Dena HEATH

1 I O O O O

LOCAL INF
- """

;c!
* for ◦ =3 1

2
11 01 01 01 I

4 ° ii) KNN_
Yneri }

TIME SERIES



Typtsofrll



Reniforcemevt-Lam.ly
" search

" ( examples : AlphaGo & AlphaZero, Atari DQNJ

IDEA : ROBOT STARTS EXPLORING
,
UPDATES BEHAVIOR BASED ON REWARDS

LAGE : = state space A- = action space environment __ E

policy IT :$→ A reward r :S
'
-> IR discount 8-1-1911

fhti how to act) ( good or bad state)

girls) r(Sz)
end -_ natural endpoint

st=→→É¥d or truac . @ tmax

episodes : SAMPLE TRAJECTORIES THROUGH $ .

return ¥!
"

ran value function kill --E[GHs= sit

action value q-alsial-E-LC-H5-st.ci- att
function

optimality : ↳ ( s ) :
-

- max
,
Vals) of #

Is
, a) := max ,> falsie )

-11*7-11 UTI via Vals) ≥v*(S) Vs ⇒ IT > IT
'

E- MAZE reward = what ?
5- POSITION C- ZI

Best : -1 per stepn¥¥¥¥i#É→m
.

A """""
I Rewind engineering

Deep RL :

some comb of 48,1T are Nns
'

Algorithm : optimize v. of
→

"
value based methods

"

eg
DQN

optimize Ti →
"

policy gradient methods
"

eg
PPO

NN's for q
& IT →

"

actor antic methods
"

eg
A3C



ddeneratnvellfodels
"

generate
"

or

"

fake
"

~ { =

"

NOISE
"

=
"

PERSON
"

BOTHE { 0
, -1255}

""

= G
B w lgnayacale

T
IG / = 256

"

Q: HOW TO PRODUCE IEG?

;) N2 DRAWS 2-~Pfbt({ ◦ '

255 } )
⇒

Almost Always NOISEz 's = PIXELS

ii) zip → 1T¥_% G

FAIT ii) GIVES IMPLICIT DIST P
,=⊖

ON G
, to (z ) A SAMPLE

GIVEN Santa __ PEOPLE f- G SAMPLES OF Panta
,

TRAIN 80 ≈ Panta ?

IE SO FOIE) ≈ PERSON ≠ NOISE ?

⇒ GÉNERATIE MODELS ey .

GAN
, UAE

GENE-RATIVEADVERSAR-IALNETWORKSY-guarkyge.ae) ( ✗ = pictureSU_pEed learning DATA ✗ HAS LABELS y ( '" Jet
y= dog , cat ,

anteater,
. . _

① DATA ( Ky) = (✗test , 'Y+est)U( ✗train , Ytra:-)
② MODEL to :D-712

③ TRAIN : argminllyi-ra.in ,
Fo(✗+.":)) ( optimize eg Y SGD

,

ADAM; RMSPROP,
⊖ NATURAL GRADIENT .

- - )

: in light of NN=FT
,
what is supervised
learning ?

A flow in 1-pt function

E-initialization[ FOCHT → E-trained [ Folk )I
↑ predictions

of ensemble

of trained NNS


