Announcements

(D HW 2 now due Mondgy, 5[
Stndent holiday on Fri!

() $Hll doing proJECT meerings. .



Deep (enerative. Maodels

Degp learning s use fl for more. than
jusk superuised eaming

Main Question = (gn we learn 1o
generate redlishic new dafa’?

The usual setug is:

i _,,3\ \——% x’>6(%)

(ONSOM g DOEP NeF

Rut what does red\istic mean?

Goal: No deep netunrk can disCrimingte
verween owkpuwts of € and ced| samples



Goeod Fellow e al. defined o Min-may
Oy chie funciion
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@ Vg, e distribution on outpuds
o aenerator Gy Gnd W ane its pdrams

@ De 15 the _(\,LSC(((Y\I‘na’mF[ Had Frres
p oukpud A on edl dada O o.w

Then e dry o find on equildoraum e

It p aenerodor Gy s Fhar g discrin
can vedr oM guessing .t



Some things o worny anout-

(V) How do we sdlue s optimi eition
prblem?

As wsul we use S 6D or some prher
neursc

(2) what % we only have a finke
(polyre mial) $iws sef of samples>

(2) What i inskead of onverging,
Wl Ctgcw\g

Lok's come back o these later and firsk
S Hudg Hhe. properties at equilclorium

Lemina L T6 Dy is allowed 4o e gny
funcron fom R Ao o0} then +he ppfimal

chpie (S
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where Pt and B ore the éQ(\S\{—\ﬁ fnctns
o Vgl and D(,u. (es P@(;HK/QB

D\J C%B =

Tn parficdar, i€ Hhe suppocts o6 Deel and
De, 0re 88830ie  ¥hen +he optimal Dy
Lchieves D lo%s

The intuition behind the prook is simple.
| ot

H03 X came, from Dreal

\/\&: K ame Crom D@q

Then 4he optitna| Dy Computes fhe
op¥imal iy pothesis fest-



Our achual proot will use the, KiL-divergencQ,

dek: The sL-divergencd wetyseen discrete
dighl butons D and @ LS

A PO
O, (pllay = %PW o9 26
Or if D and @, are AT RIUS
PO
Dy (PlI2)= 5 PLA 103 gry X

We. will vse the Hilowt ny elementary tact

Fact U For distribytions p and @

Dy, (Plle) 2 0 and equal iy is achieved tH
- P= @, ol Mosksurelyg

Rearrangng Hoings we get
Corollary 1 o dshribudions P and ¢,
> Pl log D s MUIIMHS r p=¢




Now we can prove +he lemma,

Proot We can rewrire Ahe OpjecHve
fanchon in ) 0.5
S(me\ () log Dy (6 + P 0o [og( ~DVC»<>)BQLK

And we can Maxioniye Hnis (over Dy D
on an ¥-by-x basSisS ang Lrom Cocoll ary 1

vhe opfimal choice s
DVLVLBZ e [)4>

P(ea\LA ‘\/P(mu>
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Now letls plug in $he opfimal Dy and
Yoo what pe get for the optitel
Choico, of Fhe generatdr De,



Prea\ CS‘*B ? Lﬁ)
Vo S | R0 Loy
gpm\& ) 3?&4\ )+ P, (O +j - g Oigprea\c‘ﬁyr P&(g,(
- T N

— DKL( Pfeq\ u PQQ\:P&(> ¥ Dm(?eq (\ Frad :PG“
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Theoren [6eodfellow eral \ TF Dy is
Choely At ong afl funchions R Lo, Y
e ok oquilibrium Fhe optimal genehr
n inimnizes Dse (Dl [\ Doy



Main QuesHoN: whot happens & we
(hanae, 4he game> Charackeri® equitibrium?

Ariovska et al firsd (nsidered,:

mm max T LDy6| + ] 1- Dv(x%

\V X “’qu 7\/\)06 (EB

To understund s equilibriun, we il
need yet another disance on distabuhions

@g& The Wassersiein distane, petueen D

Ons @, VS ool
) ()
\U\QP,@ mp\H:);DL%} QE% D
Dis 1-lipsohity

Lodls See SoMme ex am ples 1o get Some
[0 uiToN



Suppose. P and ¢, are drseree ALStribuhons

. .
17 T\g
— 1 71

Hhe Wassecerein disronce ME&ASWEs
Cost & mass x diskunce,

of moving P in% @,

Thus i+ i o smoothe AsTaNce, e 1t
AisFinauaishes berween

1 5
& ) T

What can we say about equilibrum?

> VS. 4T




Thoorem L LAcjovsRy &% &\1 TE Dy is
chosen opritally all 1 -Lipschire funcirong,
en oprimal generator minNmoes

W, (Drea | D(m>

Now let's dig into some ot the thexetic]
SRS

Tssue 1 We an om@ estimato

E 1 log LDM)]) Dye (Doull D) Ui LR )

*~ D, 2.0\

fronm o polgromial # osumples

Q. does A\M(LP,Q\ being snall tmply
Prad W, (0,2 i's 400

Tt
empicical dsfobaiions



DQH(\H’Q\@ Not!

Observarion L [ Amora ef a\.} Consider

o= (0, 5T) . Then whp o poly. samples
Voo (P11P) =log2  (nob prob.)
W, (e l§) > Ll

Ja rious works have, proposed tsing e
Qliced Wassersiein disvanc, [nsead

Aroc  Ge  Liang Mo, Edang define
o Aistance based on nedral N Funks:

Aot Lot Fhe a dass of neural nets
Wi Nparameters. Lok § be lontavd

5 suf EE[CMD(XB)] + | 9(-Deo)
DF(%)P/[{» - DS:F XD Y\Aq[ 1

- 2905



Thed study generalitaion ang
[approgimate ) equililbria

Theorem > [ Aroa exal | Sup pose. That-

(1) @ 7s Gntave, Lo—Lipschits gnd
+akes values in E-[S/ A"&

@ The class of disatm rafors (¢
| -Lipsch itz wurt, Hhe parameters v

T we fake m samples {rom pard @ wihy
mn = Cn &2 \Og(l, L n/@)
€1.
WP 18,,(8,8) - & (pa)| = &




T nhudsion -« povin W, ansd d £y Were
lofined in fecms of tesk funcions, and

o the latker we tan bound Fhe compl
using the # of paramerers

Main QuestoN: what can ywe Sy
oot She oquilibrium?

Theotem [ &mra ¢t al , infbrrY\aQ TF +he
aeneratd has L) para mebers, +he
Fhe. generats (an win

T pacticular, we will construck an
@pﬁpm%i(\(\cﬂr@ equilibrium where +he

Liscrim ingkr ('t do berer rhan 2001




Frrst we will need +o introduce some
fools from game theory

def: A e sum game is defined, by

@ 0 b W of satredies b Alick

@ 0 sob \ of shradegies S Bob

@ A payotE unchon F (uy) $hat-
for any ueU ve dos roes how much
Adice wins [ Bab loses

Nofce Hhe Sum ot @&%O% 'S a\wa%
2 qual Yo ¥rD



\on Neumann$ minimax e cem (s
8 fndamental recult in the areq

Theorem [minimax b finike games |
TC Uoand \ pre flnike fhee s a
paic o€ disteibufins p and g on

L ond V' respockivey and o pamm
m called ¥he game va\ug, sb.

() o B LPuw] = 7 - s

S\ wwp of pontq

@ \V[ueu T EF(va}i &

Nv g

1n FBW\(LU% Alice and Bob tan each
Quarantee themselves =7



Finally we call (p,a) an equiliorium

Tt (s the Solutdn o a CoNNek [Concg Ve
mininax provlem like we had r

Hrodning &5 AN
min max B LFLu, Y\ (or ofher

e P g oround)

Moreaver & (D) and (D) hold only

wp H0 £ we call it an E-appmx.
pquildrium

Note: Thew, are versione of tha minimay

Fhoorem +hadk work with w0 stareay
SPA S you nee & g ddivopal CONATTINS




AN important result of Lipton,
Morkakis ane Mehta is:

TY\QOer 4 EL“O"’D(\ ot O‘l‘l" For&ﬂ%g
2em Sum game W \u\=m, [vi=7

A8 4 S&ﬁ&@g((\g

non
@ Y, Q@ (S U c-0.PPoyg . QQW‘)\FbﬂUW}

@ P has OUO%\} sTareaies i (i
Winey

C,%JV\&B DKLO’%\;)} [ (

The, prock is by subsampling
P@il Lot (p,a) be an Qqu(\(\om‘um



Then led

/X\) — empirica) ASTrUTION o f
OL‘EM .0 Qs fom P

and simdarly foc &

Then bg Srnd ard oncentradion lods
n vel/ witl do more Fhan ¢—\pHer on avg.
\DM%N\S a%cm\s%—@ (oM paf@é 0 P

ThE Same, holds for <1r\3 e U and
G ond Q. B



Now we wil| explain vhe main
ingredients Yk go info andly 04

(5 ANs

Firstk upd need the assumpior

U The Generator Can approXimate
ANy poiny Mass.™

Lo forang X, I generahr bu wih
FEx-uh (&€

W Do,
Now +he reasoning goes

@ There is o mixed stardgy

for ¥he agnecator fhak no discetm.
Can sucded 0gainSt



This is frue b (s you Can
(0 10SE0Y Dreg\

@ Theye s a0 set of /@(M qene@ i
where, e uniform distti bution fools
0Ny dvs ceiMinatoy

This relies on distretizing the
6%4%@.(53 spacd. of dscriminghors and

swosampling mixes stakegd os o fore,

@ (an Bl ¥he generatirs into a
Laraer deep ned- rat uses Hhe
ondoM ness in 10 select uniformly

fom Fhom



Applications

Deep genecative, models can be used
o downsiream applications as more
coaligric models for real wocld (Nputs

Let's STudy Compresses Sensing

Seduf: Unknown ¥ & R

b &

We @Qﬂ“ lingar massuraments Ax=b
Where ot A and b e bnown :

How many rows (i.e. measu.reme/\’s)
8o We need o recover X7



Claitn: TF % is arbifrary  then we
noed A have, fdl lumn ranz

But what happens € X is strudund
(Q.q Spars)?
SUQPOSQ « has af most & NONICros

Theorem [ Donoho - (andes Romberg /Tcw]

mxd
e & norm
Fr o rondom A with stanbard, rorfel

m= C R log f\kg
Mhety whp Can reCOer o k-Spurse X exaciy

T fock the following algorttm

U0 RS
min Lzl St Az=)



angd ¥ is stable o the presence of-
noise | model misspeci<tcaiiory

1.0 itll ocpproxemateld recover Hhe k& largest-
ConCRiNareS Ny

IW\@\I‘CO\H‘OV\SZ Can cutting o dlaton
Jou'fe @xposes 1 in on MRT by 070

\/:OD& Na TV\M%/N‘_ Ts s@arsﬂrg a.
(20.50NaPLO. QsSumphion ©or naturdl images?

T+ (s a @OC& %‘\’&P\’((\% POl {\&*l but
NS ok we can do mudh boten)



T an infuential work, Bory,
Jolal, Peice D MaRTS Skudied
(oM pressed Sensing wl generastv,
models

M3 Unkpwn X = 6(2), where 6

R*— R* ts an L-lager nefudr'e with RelU
OLCRVOSTON S

We onSerye Aﬂ( y,=b

M ain Ques TN How few Measunt men<
30 we, 1008 fo acturadely feover 7

Theg proves:

Theorem | Bore e o&\} hp pose. A
s o candom mxd makerk with




Fandard nocmag| endvies. Furthe -
SUpPose

M > C Lk logd
Then whp +he esrimator
2= oramin o ~A6E,
Sahihies 16E) —ll,+ 6 M6l «
Note ¥ can be anyshing —need no
be o val'd Ot put- of 6. ThuS we

Can oppaximdie Hhe best f1F fom few
Noisq linedr megsure ments

Mang of the usual nofions &rom
vanilla ComPreSSQé, Ser\St'n3
(arry over withh some +wi st



Vanillo. (om pressed $ensing

M n @U\QSHQ'(\: \}ﬂ\\ﬂ can't Fhere b
o sparse salukons X and x' fhat bolf!
fit ¥no oo’

The Red s fhat 0o, Mafri (€3 o
e right dimensns satts y the
fullowing cond NS wh p

_@\/@,\E We say Hak A satis€res vhe (@k5)-

(ostricked tsometny property i+ forall =
o Ui 0 MOSY 2z NONRIDS

ooy lxlE & (LA |72 (e

So F we have tuo sparse candidate,
solukions X+ ¥ they an't both fit
AUC Oser VdIToNns  (even &pme(MQRl5>



For the sake of mnkrodicTton  suppase
ey AD I L.
LWAY'S ——IAO(/\‘ Léé =%

Then we can choose z=x—x' and
Az, o snall

wh tdh vouls violare, ¥ne (2, ) -R\P

ok 20 A rupdom moxd matdlx A
Wi Consrent x STnSord, i Mal entrTes

Mz cklogS = @8 15)-RIRwhp

Toking a skep back:
com pattpriify biun
R\P £ madels B xs and
ConachoN NCOSUreMeNTS




T+ oS oud for more, Compley mb&gkg/
We n fweak. the nonion ot RIP/REC

det A makro A safrsfres bhe sef
cosiricked eigenyalue. (ondioN foca
cor SR with parame ters Fond §
LYy, ed wehve

LA =N, 2 8 \x-wll, =0
They set 5= 6LE (W)

vall 02 s R i bedimensIs
Now +he Main ideqs ore,

@ A randomy MATi% of o ppropridte,
giw safisties S-REC

This (S e analogque of Fad 2



@ S-REC guaranied tut 2
achieves the desice Gluracy

Bu¥ how do you &nd 27 56D

A pplicaionS = Tn (Mage. 0 paiting
You are Missig many of-4he pixels

7
P
A
Yw can model Hhg as obger\/((\g
AGL)

naiwd (mage

Where, £ho rows ot A Comres pond 4o
Observed plyRls




By finding 2, Can (ompute
% = N\P(L(Wﬂ'(\\fﬁ - 6(3)

This leads o sfate-of-the -ar&
results and Some amaing picures

Moral® Deep generative models can
we . powd bl replacement= for Simpler
(L SSUN) PHONS o P stuckung, of

coalis e, dafL




