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MepiAnyn
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ripooTtdBeteg BeATinong TG MO0 TAG TOV ITAPAYOHEVOV EIKOVOV 11€0G TPOTTOITO|CERDV Ot O1-
adikaoia derypatoAnyiag. Mia npoopatn pooeyylorn, yveootr og Kabobrynon Alaxepiotn,
erBIOKEL va YEQUPOOEL TO XAOPA METaSy TOU SCore ToU HOVIEAOU KAl TOU score tov He-
dopévav, evoopatm®voviag évav Bondntiko 0po, IoU IIPOEPXETAL ATTO £va SIKTUO Slax®plotr).
Agixvoupe 0Tt apd T ONUAVIIKY BEATIOON OTNV ITO0TNTA TOV SEYHATOV, 1] TEXVIKL] autr) dev
€xel ermAvoet 10 {npa g pepoAnyiag €kBeong. H pepoAnyia ékBeong avapepetat otnv
Slapopd petadu twv Sedopévev e10660u Katd ) QAo eknaibeuong Kat tn @Aor detypatoA-
nyiag kat odnyet oe pelwpévn mootnta deypdtov ota povieda diaxuong. Ilpoteivoupe 1o
SEDM-G++, 10 011010 £EVOQOUAT®VEL P1d TPOTIOIONEVE) ITPooeyylon detypatoAnyiag, ouvdud-
fovtag v KaBodnynon Ataxwpiotr) kat v KAipdakeon 'Eydov. H ipotevopevn) nipoogyyior)

pag germepvdet to tpexov state-of-the-art ot dnpiovpyia cuvBetikwv e1KOVGOV.

Atge1g KAeda

Movtéda Aldxuorng, Score-Based ITapayoyikd poviéda, Zroxaotukeg Atapopikeg ESion-

oeig, Ilapayayn ewkovev, 'Opaocn YoAoyiotov
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Abstract

Diffusion Models have demonstrated remarkable performance in image generation.
However, their demanding computational requirements for training have prompted on-
going efforts to enhance the quality of generated images through modifications in the
sampling process. A recent approach, known as Discriminator Guidance, seeks to bridge
the gap between the model score and the data score by incorporating an auxiliary term, de-
rived from a discriminator network. We show that despite significantly improving sample
quality, this technique has not resolved the persistent issue of Exposure Bias. Exposure
bias refers to the discrepancy between the input data during training and inference phases
and leads to diminished sample quality in diffusion models. We propose SEDM-G++,
which incorporates a modified sampling approach, combining Discriminator Guidance
and Epsilon Scaling. Our proposed framework outperforms the current state-of-the-art

in unconditional image generation.

Keywords

Diffusion Models, Score-Based Generative Models, Stochastic Differential Equations,

Generative Al, Image Generation, Computer Vision
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Chapter ﬂ

Ewcaywyn ota Movtéda Alaxuong

Ta poviéda daxuong (diffusion models), ta onoia mpotdOnkav apyikda armo toug Sohl-
Dickstein et al. 10 2015 [6], £xouv 6iakp1Bei oe dradopoug topeig, cuprneptiapBavopévng g
MapAy®yng OUVOETIKOV €1KOVOV, oUVOETIKOU nxou [7, 8] kat ouvBetikov Pivieo [9, 10, 11].
ZTov Top€a TG 0UVOEoNG EIKOVAV, Td PoVIEAd S14XU0Ng YV@P10av ONIAVTIKL) TIPO0050 Ta TeAEU-
Taia xpovia Peéow® g ouvelopopdg tov Song kat Ermon (2019) [4], Ho et al. (2020) [12],
xat Nichol xat Dhariwal (2021) [13]. To 2021, ot Song et al. mapouciacav pia véa rpooey-
ylon rou evortotei ta score-based poviéAa kat ta Denoising Diffusion Probabilistic Models
(DDPMSs) Xpnotporowwviag otoxactikég diapopikeg eglowoelg (SDEs) [3]. ErurAéov, o1 Kar-
ras et al. (2022) napouciacav pia 0AOKANPGOUEVE B1EPeUVNON TOU XMPOU OXeS1A0H0U TV
poviédav Sidxuong kat slonyayav to poviedo EDM [14], 1o oroio edpdppooe pia ogipd amo
BeAtiotoror)oeig 1000 ot Sadikacia detypatoAnyiag 6oo kat ot dadikaoia exknaidsuong,

odnyovtag oe onpaviukn PeAti®on g arodoong Kat g molotntag TV Setypdtov.

1.1 MovtéAa Awayxuong

Ta poviéda 61dxuong nMAapouclacInKayv yida mpotn @eopd to 2015 [6]. Eunveuopéva anod
) Seppoduvapikn pn 10opportiag, ta povieda Siaxuong eloayouv otadiakd 9opufo ota
b6edopéva, oe pa enavadnnuky Sadikaocia eudeiag didyuong (forward diffusion process). O
otoxog eival va padouvpe pa dadkaoia avtiorpopng diaxuong (reverse diffusion process),
n oroia avaipel v mpoodrkn Sopufou. 'Etol, 10 poviedo kadiotatatl ikavo va mapayet

pealiotikd detypata ano Sopufo.

1.1.1 Auwdiraoia sudeiag draxvong

Ag Sswprjooupe v katavopn dedopévav xy ~ q(xp). Zin 6wadikaocia g eubeiag
Siaxuong, 9opuPog mpootibetal otadiakd oe éva kabapd Sedopévo, péXptl va kataotpapet
n dopr) tou kat 1o dedopévo va petatparet oe kabapo S6pufo. Me dAAa Aoyia, n eubeia
diayuon yapakmpidetat and pa aAvoida Markov, n oroia mapdyet pia akodoubia tuxaiov
HETaBANTOV X, Xo, . . . X7 HE TTUpHva petapaong q(xlxi—1). Opidoupe éva mpoypappa Staku-
pavong {B; € (O, 1)}th0, €101 Oote 0 YopuPfog nou dlatapdooet ta dedopéva oe kAde dlaxkpito

Xpoviko PBrua t va eivat pia wotporn F'kaouowavr) pe dStakvpavon B¢. H aduociba Markov
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Chapter 1. Ewoaynyn ota Movtéda Ataxuong

opietal amo tov nuprnva petapaong:

q(xelxi—1) = N(x¢t; V1 = Bexie—1, BeI) (1.1)

O mnuprjvag petdfaong eivair ouxvd XEPOmoiNnTog yia va HETAoXNPatioel Ty apXiKn
katavopr] dedopévev oe pa mponyoupevn katavoprn. ‘Etoi, n Swadikaocia g eubeiag
draxuong propei va vdoroinBei eukoda. To poviédo Hiaxuong otoxeuel otnv eKpabnon
G KATAvourg tng aviiotpodng dradikaociag q(x—1|x¢), n omoia givat ayveortr.

"Eotw x; mou Setypatodnrueitat and 10 g(xglxg—1) oto xpovikd Prpa t. Amnodeikvietat
aro 1o Afjppa 6.1 kat v IIpdtraon 6.1, 611 10 X; propel va ekppactel APeoa OG YPAPIKOG

ouvduaopog Tou Xy Kat pag petaPAnthg Sopufou e:
Xt = \/atx0+ V1 — ase

OIou a; = HLI(I - Bi).
Ot katavopig N (xg; Varxi-1, (1 — a)l) kat N(x; Vaxo, (1 — al), orouv a; = 1 — By, eivat
1o0duvapeg. AuUTO eival onpaviiko, Kadmg erTPEel ) delypatoAnyia amo orotadfnote

evoldpeon katavoun g dadikaociag §1axuong mpog ta PPog o€ €va Jpovo PBrpa.

1.1.2 Auwadikaoia avtiotpopng diaxuong

H 6wadikaoia avtiotpodpng Sidyuong pnopet va xpnotporonOet yia tm dnuiovpyia véev
detypatev 6edopévev. Ta povigda diayuong Sexkivouy pe ) dnpioupyia evog apX1Kou YKAOU-
owavou betypatog xr ~ N(0,I). Zu ocuvéxewa, o SopuPog agalpeitat otadaka pe v
draoyion pag padnong (learnable) aduoidag Markov otnv avtiotpodrn Xpoviky Kateuduvor).
Ot Sohl-Dickstein et al. dsixvouv 6tt av 10 B eivatl apketd pikpo, tote 10 q(x—1|x;) Sa eivai
eriong pla ykaouotlavny katavopr] [6]. I'a va exktedéooupe aviiotpogpn Siaxuor, Sa mpérnet
VA J10VIEAOITO|0OUHE TOUG TTUPHVES TOV AVIIOTPOP®V XPOoVIKAV Bnudatev. H extipnon tou
q(xe-1]x¢) elvar avépiktn. Avt’ autou, xprnowornoteitat évag learnable nuprjvag petapfaong

DPs Y1a TV IIpooéyytlorn tev mbavotgtev. O rupnvag £xet v akoAoudn poper:
DPa(xi-11x) = N(xi-1; Ha(x, 1), a(xy, 1)) (1.2)

o1tou 1o & oupPBoAilel T TIAPAPETPOUG TOU POVIEAOU KAl 1] PEOT Tr Ue(X, t) Kat n Slaxu-
pavon Zs(x, t) mapapeTpOrolovvial and veupevika diktua.

To xAe1di yia va Asttoupyrjoet 1 Sadikaoia SerypatoAnyiag ivar n eknaidsvon g av-
tiotpodpng aAucibag Markov €101 dote va ppeitatl ) XPOVIKL aviiotpodr) g eubeiag aAuoi-
b6ag Markov. Me dAAa Adyia, n mapaperpog 8 mpérnet va pubpiotet dote va Staopaliotei 6t 1)
ouprneplpopda g avtiotpodpng aiuoidbag Markov poladet pe ekeivn tng eubeiag Sradikaoiag.
H nipooappoyr] autr) pérnet va €ivat T€101d MOTE 1] KOWVI) KATAVOT)] TG aviiotpopng aAuocibag
Markov ps(xo.r) = p(xr) HtT=1 DPs(xe—11x¢) (EE. 6.4) va mpooeyyiletl oteva ekeivr tng eubeiag
Srabikaotag q(xo:r) = G(x0) [Ty dxilxi-1)-

To q(x¢-1lx¢) eivatl urodoyiotpo, av 1o e§aptriooupe Oto Xy. AapBavoupe:

q(xe—11x¢, X0) = N (xe—1; fu(xe, X0), BeI) (1.3)
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1.1.3 Ztdxog exnaideuong

Mropoupe va avadiatdfoupe v ediowon oy [pdtaon 6.1, yia va Sei§oupe 6t 10 X

propel va ek@paotel pe v akoAoudn popen:

1
Xo = ﬁ(xt - V1 - ae) (1.4)

E@appolovtag tov kavova tou Bayes kat v ES. 1.4, mpokumtouy 1 pé€on Tyr] Kat 1

dtaxkvupavon:
3 1 ( 1-a ) (1.5
M= —F—= X~ —F7/—¢€ .
\/Et Vl — ag
- 1-a-
Bi=———""5 (1.6)
1- ag

1.1.3 Ztoxog exnaidesuong

IMa va eknaidsvooupie v avtiotpoern alucida Markov wote va taiptddet pe ) Xpovikn
avtiotpon) g eudeiag aAuoidag Markov, mpémnet va mpooappocoulie TV IIAPAPETPO 9, €101

WOTE 1] KOWI] avIioTpo@n Katavopn:
T
Po(xor) = p(xr) [ | po(xi-1lx) (1.7)
t=1

va Ipooeyyilel oteva v Kowvr) Katavopr g eudeiag dadikaoiag:
T
d(xo:r) = a(xo) | | atxilxi-1) (1.8)
t=1

Xpnotpornolove 10 POVIEAO PaAg Yid va IIPOooeyyiooupe v T fiy = \/—1(17 (xt -l et).

1-a;
Aedopévou ot €xoupe PooPaot) oto X; Katd tr) diapKrela tng eKnaideuong, eknaidbevoupe to

povtédo pag yla va rpofAEyoupe Tov 0po Tou yKaouolavou Sopufiou ano v £icodo x¢, oto
XPOViKO Brjpa t:
1 — At
pe(x¢, t) = — €a(xt, t)

1
Xt — ——
Va ( Vi-a;
To x¢—; yivetau

1 1-
Xe—1 = N(X¢-13 \/—a_t (Xt - \/1—__a;t€a(xt, t)),Ea(xt, 1))

OtHo et al. [12] mapapetportotovv tov 6po arnwAeiag (loss term) L; dote va eAayiotonotei-

tat n dradopd amno 1o fi:

(1 - a)?
2a/(1 — ap)l|Ze(x. t)lI3

L = Exo,e[ lle — ea( Vauxo + V1 — aye, t)||2]

Alaruot@vetatl ot 1 MapdAePn Tou O0pou otadpiong ano Tov otoxo eKmaidsuong eivat

EUKOAOTEPI) OTNV EPAPHOYT] KAl ®PEAEL TNV TTOLOTNTA TOV SEYPATOV:
il _ _
L = By e, |lle — ea( Vao + VT = acer, I
ortou to t givatl opowopopgo oto [1, T.
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Chapter 1. Ewoaynyn ota Movtéda Ataxuong

1.1.4 Denoising Diffusion Implicit Models

'Exoupe Srarmot®oet 0t ta Hovieda diaxuong rmapdyouv deiypata Xpnoionoioviag pia
aduoiba Markov mou Sexkwva ard éva Seiypa kabapou Jopufou kat to arobopuBortotei
nipoodeutika, dnuioupyoviag eva véo detypa. Autr) n aAvoida Markov AapBdvetat pe v
Katd mpoogyylon avuorpodn tng dwadikaociag eubeiag Sraxuong, n omoia arotedsital ano
€MG KAl PepkEg X1A1adeg Prjpata, yeyovog mou arattel moAAég enavadnyelg. Adoyo autou
TOU MEPLOPIOH0U, Ta POVIEAA S1axuong NIav moAu 1mo apyd, oe oUyKplon pe dAAa ouyxpova

Mapay®ylKd poviéda, oneg ta Generative Adversarial Networks (GANS).

@ — @ — @— @

2 3 q(x3|z2, o) T q(x2|T1, T0)

Figure 1.1. Zuykpion poviélov Siayxvong (apiotepa) kat un papkofiavov uoviéfov (6eia)
[1].

Ot Song et al. elonyayav ta Denoising Diffusion Implicit Models (DDIMs) [1], ta oroia
ntav 1a npwta implicit mYavotikd poviéAa rmou propoucav va rapdyouv deiypata vpning
mootntag. BeAtiwoav v taxvumta detypatoAnyiag enekteivoviag 1o apyXiko DDPM oe un
HapKOB1aveg EPITIOOETG.

Po
Qg /N‘l
®w o e—@
(L2 |0 )

q(xs|@y, zo) !

Figure 1.2. Enuayvuevn napaywyn detyuatov ue xprnon DDIM [1].

1.2 Score-Based IIapaywyika MovtéAa

'Eva dAAo onpaviko péAog g o1koyEvelag oV Poviedav diayxuong eivat ta Score-Based
MAPAy®yKA povieda (SGM) [4]. Aedopévng tng Katavopurng 6e80UEVOV Pyaata(X), opiloupe
11 OUVAPTNOL SCore WG TV KAiorn Tou Aoyapifpou tng ouvdptnong mukvotntag mbavotn-
10G, YVOOTL Kat @g ouvdptnon score (Stein). H Baowkn apxn twv SGMs eivat n ektipnon
g ouvdptnong score, Yprotporowmviag éva Padu veupovikd biktuo, kat n dnuoupyia
SElypATOV XPp1oono1®vIag IIPOoosyyioelg detypatoAnyiag faoiopéveg oto oKop.

Ta score-based poviéda €xouv emtuxel Kopugaia aroteAéopata oe tasks onwg n mapay-

@Y1 OUVOETIKGV e1kOVRV [4, 15, 14, 12], kat rixou [8, 7].

1.2.1 Zuvaptnon score Kat score matching yia tnv exktipnon tng
Ag urto9écoupie 411 0 oUVOA0 Sedopévev pag arnotedeital anod i.i.d. deiypata {x; € RP }Ii\i 1

amod pla ratavoyur SeboPeévev pgaa(X), 1 omoia sivat ayveotn. H ouvapinon score piag

m Diploma Thesis



1.2.1 Zuvapmnon score kat score matching yia wv ektipnon g

rukvotntag rmdavotntag p(x) opifetat wg Vi log p(x). Eivat ouciactuxkd éva Siavuopauxo
niedio, mou deixvel mpog v Kateuduvorn Orou o Aoydptdpog g ouvAapToNg ITUKVOTNTAS
mdavornrag av€avetat tayiota. To diktuo score sy : RP — RP givat éva veupwvikd dikruo

He mapdpetpo v §, 1o oroio Sa eknatbeutel yia va IPOCEYYIoEL TO SCore TOU Prgia(X).

To score matching xpnotponow)fnke apy1kd yla v eKpddnon Pn KavoviKOoIOIEVEV
OTATIOTIK®V POVIEA®V pe Paon ii.d. Setypata amo pla katavopr Sedopévev. Mrmopet
va enavaypnotporoindei oty exknaideuor evog Siktvou score Sg(x) yla v eKTiPNOL T0U

V4 10g Paata(x) X®pig va exkupnBel mpoTa 10 pyqta(Xx). O otoX0g £ivat n edaxiotonoinon

1
5 EPaara() [||Sa(X) - Vylog pdata(X)H%] (1.9)

1 ortoia givat 1ooduvapn pe v akoAoudn:

1
Epiaiat) [tr(VxSa(X)) + EIISa(X)IIS] (1.10)
orou V,ss(x) oupPoAilet i lakwpPiavr tou sg(x).

Evo 1 avapevopevn T yid 10 Paaia(X) Popel va ekupnOel yprjyopa Xprnotponolmv-
tag detypata 6edopévav, 1o score matching dev eivatl emektaoipo oe Babid diktua kat de-
Sopéva uywnAng dlaoctatikotnTag Ady® TOU UTOAOY10TIKOU KOotoug tou tr(Vyss(x)). Ta va
MAPAKAPYPOUHE auto 1o TPOPAnua, mapoucialoupie 6Uo Snpogideig pebodoug yla score

matching peyaAng kAipakag.

Denoising score matching To denoising score matching [16] Sopuforoiei to onpeio
bebopévav x pe pa npoxkadopiopévny katavopuny Sopufou g,(X|x) kat xpnowormnotei score
matching yia va ekuprjost 1o okop g Sopuforoinpévng katavopng dsdopévav, gu(x) =
f Qo (X|x) pdaata(x)dx. O oto)0g arnodeikvuetal 1006Uva0g He:

1

5 By @panato [[152(%) = Vi log go(xbo)ll (1.11)

To BéAtioto Giktuo score, ss+(x), wavorotel Sg-(x) = V,loggs(x) oxedov oilyoupa, eved
Sg+(x) = Vylogqys(x) = V,10g paata(x) 10x0el povo 6tav o 90pufog eival apketd HIKPOG,

£101 QOTE qu(X) ® Paata(X).

Sliced score matching 10 sliced score matching [17] xpnowponoietl tuxaieg pofoAég
yla va nipooeyyioet 1o tr(V,ss(x)) oto score matching. O otdxog yiverat:

Ep,E

'Pdata

1
VTV sp()v + Ellsa(x)llg (1.12)

0 6pog VTV, s9(x)v propei va urodoytotei anodotikd pe forward mode auto-differentiation.
Ze avtiBeon pe 1o denoising score matching, 1o oroio exktipd ) OUVAPTNOL SCOre TV
YopubBoroinpévev dedopévav, to sliced score matching ektupda ) ouvaptnon Babpoloyiag
g apykng katavopng. To sliced score matching anatel mepinou 1€00epis POPES TEPIO-

00tepoUg urtodoylopoug aro to denoising score matching.
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Chapter 1. Ewoaynyn ota Movtéda Ataxuong

1.2.2 AswypatoAnyia pe Langevin Dynamics

Ta Langevin Dynamics eival ikavd va rapagouv deiypata arno pia rukvotna rmbavotn-
1ag p(x), xprowornomvag Povo t ouvaptnon score V, log p(x). Autog eivat o Adyog yia tov
ortoio 1 eKTipNon NG CUVAPTNOLG Score ival TO00 ONIAVIIKI] ota score-based nmapayoyika
poviéda. Me éva apXiko onpeio dedopévav Xy ~ m(x) (T elval pia eK TV IPOTEPEV KATAVOUT)
Kat péyebog Brjpatog € > 0, ta Langevin Dynamics urntoAoyiouv avadpopiikd tnv akoAoudn
noootnta:

€
Xt = X1 + va log p(%-1) + Vez (1.13)

orou z; ~ N(0,I). 'Otav ¢ —» O xat T — oo, 1 KATAvVOWI TOU Xr tooutal pe p(x). Ymo
oplopéveg ouvdnkeg kavovikotntag [18], n Xr yivetat akpiBég deiypa amod myv p(x). Zuv
npdgn, 9étoupe 10 € og PIKPO apduo kat to T oe peyddo aptdpo.

H 6wbwkaoia g dertypatoAnyiag aro mv E§.  1.13 Baociletal o ouvdptnon score
Vi log p(x). Ermopéveg, yia va AdPoupe deiypata aro 10 Paata(X), HPIopoupe apXikda va
eknadevooupe 10 HIKTUO score ag Yl va MPOOEYYIoOUHE 10 Sg(x) & V. 10g paata(Xx). Z1n
OUVEYXELD, NITOPOULLE VA XP1N OO0 |00ULLE AUTY) THV ITPOOEYY10T) o€ ouviuaopod pe ta Langevin
dynamics yia v napaywyn detypdatev. Autr) 1 Sepedindng 1déa anotedel ) Paocikn) apxn

1V score-based MAPAYOYIKOV POVIEAGV.

1.2.3 Noise Conditional Score Networks (NCSNs)

O1 Song xat Ermon [4] napatfipnoav ot 1) SopuPornoinon tov 6e5011€vVav 1€ YKAoUo1avo
9d6pufo prnopet va Bondnoet onpaviuka ta score-based rapaywyikd povieda.

[TpoKe1€EVOU VA ETUTUXOUHE Ta 0QEAN TG dlatapayng pe 9opufo, xwpis va aldoidooupe
NV apX1KL Katavopr tov 6edo11€vev 11ag, XP1o1onioloUHe ia akoAoubia ano diatapayeg pe
96pufo, ot oroieg cuykAivouv otnv paypatiky katavopr) dedopévav. Autn n pédodog, epr-
VEUOHEV A0 TNV IIPOCOROIOPIEVT avorttnon [19], enageAeitatl anod tig eviidpeoeg KATAVOESG
Kat propet va Bedtiwoet ta Langevin Dynamics.

'Eote g—; == og—;‘ > 1 pa akoAoubia L pelovpeveov smrédov Sopufou. Alatapdo-
coupe ta 6edopéva pe yraouoiavo dopuPfo N(0, oI), xpnoporomwviag oAa ta {oi}le, pe
arotédsopa pia akodoubia dlatapaypévev Katavouav gq,(x) = f Pdata(ON(x, t, oizl)dt.

[Ipémetl va ektyprjooupe 1o score ka9e Sopuforomnpévng Katavourng. Autod propei va
emteuy Vel exnaidevoviag éva conditional score §1Ktuo yia 0Aeg TG evH1ANECEG KATAVOUEG:
Yo € {o}-,

(NCSN]) [4].

: ss(x, 0;) = Vi log qg,(x). To ss(x, 0) kadeitar Noise Conditional Score Network

1.2.4 Exrnaidésuon NCSNs péow score matching

Ta NCSNSs upropouv va exkrtatdeutouv pe denoising score matching, kaBog kat pe sliced
score matching. Ot Song xat Ermon [4] emAéyouv 10 denoising score matching, ka-
9wg elvatl 0x1 PoOvo TaxUtepo, adAd KAl QUOIKA KATAAANAO yia 10 £€pYO0 TG EKTINNONG TGV

score Katavopav dedopévav rou £xouv diatapayBetl aro Sopufo. Emdéyoupe v katavopr)
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1.3 AetypatoAnyia ard NCSN péowe annealed Langevin Dynamics

Sopupou va sivat:

2
qo(Xlx) = N(X|x, 0°1) = ! exp [l (x X) ] (1.14)
oV2m 2

'Etot, 1o score da sivat:

|

Vi log go(X|x) = Vi [log(

ovV2m

O otox0g tou denoising score matching oty e§iowon 1.11 yivetat

ss(X, 0) +

2
= 2] (1.16)

1
28,0) = ngdm(x)EbN(x,am [

Zuvdualoviag v ES. 1.16 yia 6da ta o € {oi}{.;l, AapBavoupe tov evoroinpévo otoxo:

L
L1
L. foliy) = ¢ Zl )8, 0 (1.17)
émou A(o;) > 0 eivat évag ouviedeotr|g otadpiong, ou ouxvd ermdéyetatl og A(o;) = o2 [4].

1.3 AswypatoAnyia ano NCSN péow annealed Langevin Dynamics

MoA1g exkrtadeutei 1o NCSN pag ss(x, 0), HmopoUpe va XpnotHoIIo)COULE H1d TPOTTOIOoN -
pévn €xdoon wwv Langevin Dynamics, rou ovopddetatr annealed Langevin Dynamics, yua
) SetypatoAnyia. H Swabikaoia Sexkva pe v apyikornoinorn deiypdtov arnd kanowa ota-
9epr &K OV POTEPOV Katavopr]. Metd amod kade emavdaAnyn, n pédodog petwvet 1o emirtedo

Yopufou o; kat 1o péyebog Prpatog a;. O mAnpng alyopdpog eivat o 7.1.

ANCTSSNNN NN PSS
NSNS N NNy A D e
IR S s e

N~

YT

PRIy
P

NNV A S
.

\\\\\\\\\\

P A A R RSN
[ AR ER R

Figure 1.3. Tuyaicg tpoxiéc detyparofnyiag mov mapayoviat pue Langevin dynamics [2].

Yo Xxnua 1.3 mmapouciadovial Tpelg tuxaieg tpoxiEg dertypatoAnyiag mou napdayoviat
pe Langevin dynamics, ya éva peitypa F'kaouolavev kat Eekivouv aro to 1610 onpeio ap-
Xwkortoinong. To apiotepd unodidypappa deixvel autég 1g tpoxiég oe 3D, evo 10 6e810
unodiaypappa g deiyvel oe 2D, oe oxéon pe v ground truth cuvdptnon score. Ilapa to
KO1VO ONPEI0 EKKIVNONG, 01 TPOX1EG TTapayouv detypata aro diapopetika modes, XApn otig
otoxaotikeg Slatapayxeg Jopufou ota Langevin dynamics. Awadopetikd, n dadikacia Sa

akoAouBouoe rdavia VIEEPUIVIOTIKA To score oto 1610 mode.
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Chapter 1. Ewoaynyn ota Movtéda Ataxuong

F

orward SDE (data — noise)
dx = f(x,t)dt + g(t)dw —)@
score function
i [8001) ~ #(0fF o)t + )i @

Reverse SDE (noise — data)

Figure 1.4. Ev9sia kat Avtiotpoen SDE [3].

1.4 Zrtoyxaotirég Aragopirég Efiomostg

Zta mponyoupeva Kepaaia, diepeuvrioape ta povieda diaxuong Siaxuong Kat ta score-
based napayoyika poviéda. Kat ot §Uo katnyopieg poviedwv Bacidovratl otn otadiakn i-
atapayxyt) v dedopévev pe audavopeva enineda Yopufou kat ot pddnon g avuotpoPng
avtg g dadikaoiag ya ) dnpovpyia véev detypdtev ano kabapo 9opufo, ta oroia
aroAouBouv v apXKn katavopr] tev dedopévev. Ta Denoising Diffusion Probabilistic
Models [6, 12] eival mBavotika poviedd, eknatdeupéva va avilotpeédouv kade Bripa g 61-
abdikaoiag Siatapaxng, eve ta Score-Based napayoyika poviéda [4] ektipouv ) ouvaptnon
score TV apXlkev dedopévav, TIou £xouv dratapayxBel oe Siadopeg KAipakeg Sopufou, kat
Xpnotpornotouv Annealed Langevin Dynamics yia ) 6npioupyia véev detypdtov dedopévav.
Ot Song et al. [3] anédeav ot kat o1 U0 Katnyopieg POVIEAGV PIopouVv va Jewpndouv wg
dlakplrornor)oelg oTOXaoTIKOV S1aPOPIKOV ESI0M0ERV, TTAPEXOVIAS £T01 P10 EVOITOUTIKI) OIT-
TIKI] OTIG ITPONYOUHEVEG IIPOOEYYIoELG.

To mAaioclo T®V OTOXACTIKAV S1aPOopIKAV £§1000L®V ATTOTEAEital amo évav ATEPo ap-
1Opo0 Katavop®v, ol Oroieg Xprolporiolouvial yia I dwaxuon tov dedopévev oe tuxaio
96pufo. 'Etot, n Sadikaocia eubeiag dayxuong divetar armo pia npodiayeypappévy oto-
Xaoukr) Stapopiky eioworn (SDE), ) ornoia eivat ave§aptnin aro ta Sedopéva kat dev £xet ex-
nadevoleg MapapETpoug. AeSoPEVOU TOU Score TV ITUKVOTHTOV Ibavotntag ®g ouvaptnon
TOU XpOVoU, Katl Xpnotporoiwviag v eubeia SDE, priopoupe va AdBoupe v SDE avtiotpo-
@ou ¥povou [20]. H SDE avtiotpodou Xpovou UIopel va MPOCEYYI0TEL XPNO1HOIIoIOVIAS Eva
VEUPOVIKO Hiktuo rmou e§aptdtatl amo 1o Xpovo, yia Vv ektipnon v score. 'Etot, priopoupe
va dnpioupyrooupe véa delypata debopévav, xprnotponoloviag aptdpntikoug emivteg SDE.

O1 16¢éeg autég ouvoyilovtat oto Zxrpa 1.4.

1.4.1 Oopufomnoinon dedopévev pe xprion SDEs

Ot mponyoupeveg pédodotl Paoifoviav otn Sopuforoinon wwv dedopévev pe dadopa
ertineda SopuPou. Enekteivoupe autn tnv 16€a evompatovoviag £vav Arelpo aplbpo emredwnv
SopuPou, pe anotédeopa va nuoupyoupe katavopég SopuBoroinpévay debopévav rou e§-

ellooovtatl cupgpweva pe pia SDE, kabwg o 9opufog evietvetat.

H 6wabikaoia Siaxuong, v onola s§etdoape oe mponyoupeva ke@dlaia, eivatl i Avon
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1.5 Variance Exploding kat Variance Preserving SDEs

g akoAoudng SDE:
dx = f(x, t)dt + g(t)dw (1.18)

érmou w etvat 1 turmkn Swadikacia Wiener, f(-,t) : RP — RP givat pia Savuopatkn
ouvdptnon 1nou ovopddetat drift coefficient tou x(t) kat g(-) : R — R eivar o diffusion
coefficient tou x(t). H Avon tng SDE, eivat pia Swadikaoia Siaxuong {x(t)}, orou t € [0, T,
tétota wote x(0) ~ po (n katavopr) v 6edopévav) kat x(T) ~ pr (1 IIPONYOUEVT KATAVOUL)).

IMapatnpoupe pia avadoyia petady tov Stakpriev Pnpatev tng Siaxuong, ou oulnudnkav
oe TIponyoupeva Kepdlddla, Katl tng ouveyxoug didyuong mou mneptypadetatl aro v SDE.
Tuykekpiéva, ta Stakptd xpovikd Prpata i = 1,2, ..., L yevikeUovtal o Xpovikd PBrjpata
t € [0,T]. ErmrAéov, ta dwakpita emineda Sopupou o1, 09, ..., 0L, Ta oroia ermAExInkav
XEpoKivia oty Slakpit] mepiniwon, avtiotoixouv oty SDE ot ouvexr) mepinmioon, 1
orola eivat eriong xelpokivnta oxediaopévr). Me dAla Adyla, o tporog oxediaopou tng
SDE oyetidetat apeoa pe ta enineda Sopufou mou emdéyoupe yua ) diatapayn ot 61-
akptr| nepimoorn. Hapopola pe 1o g oty Sakpttr) nepintoon, ta enineda YopuPou sivat
XOPAKTNP1OTIKA TOU POVIEAOU, Ot OUVeEXT) Tepimi®or, 11 SDE givatl xapakinpiotik) 10U pov-
TeAOU.

TNV eMOPEVI UMOEVOTntd, Siepeuvoulie Tig diatapayxeg SopUou mou Xpnotonolouvial
ota Score-Based Generative Models kat ota Denoising Diffusion Probabilistic Models, ta
ortoia propouv va Sewpndovv wg drakpironojoelg wwv SDEs Variance Exploding (VE) xkat

Variance Preserving (VP), avtictotxa.

1.5 Variance Exploding kat Variance Preserving SDEs

O1 Swatapaxés Sopufou mou ypnotporiolouvial ota Score-Based Generative Models
kat ota Denoising Diffusion Probabilistic Models eivat diaxkpitornour)oeig 6U0 Siapopetikov
wneov SDEs [3].

Zinyv nepintoon tev Score-Based Generative Models, ka9e nuprvag dtatapaxng pe, (x|xo)

AVTIOTOLXEl OtV KAtavopr) Tou X;, otnv akodoudn aAuoida Markov:
X;i = Xi_1 + +J0F — 0% . 7 i=1 N (1.19)
i — Ai-1 i i1Zi-1, t=1,..., .

orou z;—; ~ N(0,I). @swpoupe drnelpeg KAipakeg dopufou (N — o0). Tnv nepimwon autr,
n {ol-}?i | Yivetat ouvaptnon o(t), n katavopr) Sopuou z; yiverat z(t) kat n aducida Markov
{xi}ll.i , Yivetat ouvexng otoxaotikn 6iadikacia. Xpnowornoloupe tov oupBoAlopo {x(t)}tlzo,

omou t eivat pa ouvexng Xpovikr petaPAnt) t € [0, 1]. H avtiotoxn SDE, g oroiag 1

1

(=0» Etvat

Auton eivat {x(t)}

d[o%(t)] duw
dt

dx = (1.20)

I'a Denoising Diffusion Probabilistic Models, pe rupnveg Siatapayov { pal,(xlxo)}ll.\i 1> N

Otakpitr) aduoiba Markov sivat:

xi= 41 — Bixi—1 + \/EZF], i=1,...,N (1.21)
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Chapter 1. Ewoaynyn ota Movtéda Ataxuong

‘Otav N — oo, n EE. 1.21 ouyxkAivel otnv akoAoudn SDE:
1
dx = —Eﬁ(t)xdt + VA(Hdw (1.22)

O1 Satapayxég Sopufou nou xpnoporoovuvial ota Score-Based Generative Models eivat
pa Swakptrroroinon g ES. 1.20 kat ot Swatapayég Yopufou mou xpnotporioovvial ota
Denoising Diffusion Probabilistic Models eivat pia Siakprroroinon g ES. 1.22.

Agbopévou ot n Avon g E§. 1.20 eivat mavia pa sadikaoia ekpryvuopevng Staku-
pavong, kabog t — oo, 1 e§lowon eival yvoot og Variance Exploding (VE) SDE. Opoiwg,
n Avon g ediowong 1.22 eivat dvra pa Sadikaoia otabeprig Siakvpavong g povadag,
eQOOOV 1] ApPXIKI Katavoprn éxer povadiaia diaxkupavon [3]. Zuvenwg, n ES. 1.22 eivat

yvwotr) og Variance Preserving (VP) SDE.

1.5.1 Avuiotpopn tng SDE yua tnv napaywyn detypateov

Egetdoape nwg oty Stakpit) nepineor), Propoupe va avuorpéyoupe ) Stadikaocia
eudeiag Sidxuong yia va apdafoupe véa deiypata, SEKIVOVIAG Ao IPONYOUHEVEG KATAVOLESG
radapou SopuBou. Opoing, otr ouvexr] nepineon, Sekwvaveag pe éva deiypa x(T) ~ pr kat
avuotpepoviag m Sadikaoia tng SDE, propoupe va napayoupe véa detypata x(0) ~ po.
O Anderson [20] arédeige ot n avuotpoer) pag dadikaociag didaxuong odnyetl oe pia dAAn
dradikaocia Sraxuong, n oroia TPEXEL TIPOG Ta TTiO® 01O XPOVo Kat divetatl anod v aviiotpoen
SDE:

dx = [f(x. 1) - g(t)°V log py(x) | dt + g(t)d> (1.23)

Aebopévou o1l aut) 1 SDE t1péxel mpog ta rmio® oto Xpovo, 10 dt avirpoo®revel &va
ATEIPOEAAX10TO APVITIKO XPOVIKO PBrijpa Kat to  sivatl n wrukn dwadikacia Wiener, ka-
Ywg 0 xpovog péet aro 1o T oto 0. T'a va apoupe delypa amo 10 pg, IIPEMEL va IIPOCOHOIR-
ooupe Vv avtiotpopn SDE, 1) oroia anattel v eKtipinorn g ouvaptnong score V, log p(x).
Znpewwote OTL I OUVAPTH O Score Tautidetatl pe autn nou pabaivouv ta score-based poviéla.

A@ou skniaideutel éva score-based poviédo yla v €KUPNOI g OUVAPTINONG SCOTE,
PIopoUpe va T0 XPNOIHOIIO|00UHE Yla TNV IIPOoopoinon g aviiotpogng SDE kat tnyv
emidvon g, ya va dnuioupynooupe deiypata mmou talpladouv pe v ap)lKi KATAVOUr)
debopévav, SnAadn po. EEetaloupe 6Uo npooeyyioeig oty eriduon g SDE, api9pntikoug
ermAuteg SDE yevikou okomou kat detypatoArmieg Predictor-Corrector (PC).

Api9pnuiroi emAutég SDE yevikou okonou H avtiotpogpn SDE propei va ermAubei
pe 1 Xpnon apdunukev ermdutov SDE, ot omoiot eivatl wkavoi va mpooeyyiouv tpoxieg
artd SDEs. Ormowodrnote ermAutrg SDE pmnopel va xpnowiornoinfel yla v mapayoyn
detypdtov. Ot o dnpogideig eptdapBavouv 1g pebodoug Euler-Maruyama xkat tg oto-
xaotikég pebodoug Runge-Kutta.

AgtypatoAnnteg npofAsyng-610pdwong Mriopouiie va adloroirjooulie to score-based
poviédo yia va Bedtidooupe tig Avoeig g aviiotpopng SDE. Ot etypatoAnniteg Predictor-
Corrector arotedouviat ano 6o kupla otoixeia. To poto eivat évag mpofAerntng (Predictor),
0 0T010g KAVEL pia eKTipnon yua to deiypa, eve 1o Seutepo eival évag 6topdatr|g (Corrector),

0 ortoiog 810pddvel vV Katavopr) tou npofAeniopevou delypatog. Autol ot SetypatoArteg
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1.5.1 Avuotpogr) tng SDE yia v napayoyr) detypatov

elvatl emavaAnmukoi, mapayeviag 1000 pia pdAsyn 6o kat pia 610p9won, oe kAde Xpovikod
Bripa. O mpoPAertiig eivat évag aptduntukog ermAutrg SDE, eve o 610p9wtng eivat piia score-
based nipoogyyion MCMC, onwg n Langevin MCMC.
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Chapter E

KadS086nynon anod Discriminator

Y& pa mpoogyylon mou eival gprnveucpévn and ta Generative Adversarial Networks,
ot Kim et al. [5] tporontolouv 1t Sadikacia derypatoAnyiag Si1dxuong Xp1ot10mo)vVIag
éva &iktuo daywpiotr) (discriminator) yla va yepupdoouv 1o Xdopa HETaiy 10U score Tou
PovViEAou Kal ToU mpaypatikou score tov dedopévav. Zin pédodo toug, KabBodnynon At-
axwpiotr) (Discriminator Guidance), 51atnpoUV 10 TPO-EKMAISEUPEVO 1IOVIEAO SCore Mg oTa-
9epd otoeio kat elodyouv éva diktuo discriminator yia v taivopnon mpaypaukov Kat
napayopevav dedopévav, oe dradopeg rAtpakeg Sopufou. H péSodog evoopatmvet évav 6po
616pBwong oto poviédo score, kabBodnyoupevo anod v avarpopodotnorn tou discrimina-
tor, o oroiog cupBaAletl otnv Kabodnynon g NAPAymyng Se1yPdt®v mPog Mo PEAAIOTIKESG

Sradpopeg.

2.1 Aw9p9won Tou score TOU POVIEAOU

Metd v eknaidsuon v score, mapdyoule Selypata Xpnoloroidviag IV Mapayody Ky

Sradikaoia mou meptypdgetat ano my aviiotpoern SDE:

dx = [f(x. ) - g(t)sp (x. )] dt + g(H)dD> 2.1)

OII0U Sg_, 0UHBO0A1e TO TTPO-eKITASEUNEVO HikTUOo score. Edv 1o Tormiko BEATIOT0 do ATTOKAIVEL
arnd 1o oAko BEATioto 8., N Mapaywyik:) dadikaoia propet va Srapépet amod v PAyHaATIKI)
Stadikaocia avtiotpopou xpovou. To Jewpnpa 9.1 anodeikvuet 611 1 TAPAYRY1KL dadikaocia
g EE. 2.1 propet va eubuypappiotet pe v nipaypatk) dadikaocia g EE. 1.23 nipooap-
podoviag to score tou poviedou. H Sadopd petady twv duo dadikaoiov yepupovetat anod

1oV 610pOWTIKO OPO, 0 O11010g eival Pr PNOEVIKOG OTIOTE Do # Os.

2.2 Kad08nynon ano Discriminator

t
O 610pBeTikdg 06p0og cg (X, t) = Viog ﬁ% etvatl yevikd anpoodiopiotog Aoy® ToU arpoo-
doo

t
810p10TOU AOYOU TTUKVOTNTAG E’f’—. IMa va 1o avupetenicovv autd, ot Kim et al. [5] mpooey-
doco

yidouv tov Adyo mukvotntag eknaidevoviag évav discriminator oe kaSe eminedo Sopufou t.
IMa v eknaibevon tou discriminator, Snuoupyouvial yevtika Seiypata ano ) Stadikaocia

rou nieptypagetat oty EE. 2.1, ioa og ap®pod pe ta npaypatka deiypata dedopéveov. Ta
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Chapter 2. KaSobdnynon ané Discriminator

npaypatika kat ta yeuuka dedopéva ta§ivopouviatl otr) ouvéxela pe ) Xprorn g duadikng

otaupoeiboug eviportiag (BCE):

Lo = [ AONEyol-10g dyix. 0]
+Ept_ol—log (1 = dy(x, t)])d,
OTIOU j1 aVTIITPOO®ITEVEL TO XPOVIKO BAPOG.

Ex@paopévog og mpog 1o BEATIOT0 S1aKPITIKG ¢, TTOU IPOoKUITIeL artd 10 Ly, 0 610p9@TIKOG

0pog sivat:

dp,(x, t)

Cg:)oo(X, t) = VlOg T(xt)
—dp, (x,

IMa v extipnon tou 610pYeTIKOU Gpou cy_, XPNOIHOIO0UE £vay veupaviko discriminator
Q:

dy(x, )

C@m(x, t) =~ c¢(x, t) = VlOg T(xt)
— dyp(x,

Me autr) tv euxpnotr ektipnon tou opou S1opdwong, n kadodnynon pe discriminator (DG)
opietal wg £Eng:

dx = [f(x, t) — g2(t)(Sa., + Cp)(x, )]dL + g(t)dib. (2.3)
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Chapter B

Exposure Bias

H enavaAnmuky aAuoida deiypatoAnyiag teov poviedev Sidxuong ouxva ekteivetal oe
XWA1ddeg Pripata Aoye g ykaouolavrg rapadoyxng g aviiotpopng diayxuong, n oroia
10XUEL yia pikpd peyedn Pnpdtev [6]. Qotoco, auto obnyel oto @atvopevo g pepoAnyiag
€kBeong (exposure bias), orwg katadsikvuetal amo toug Ning et al. [21]. To exposure
bias mpoxurel and ) Sadpopd petal v debopévav £10060u katd v ekraibeuon (x)
Kat v detypatodnyia (xt). Auth) n dapopd odnyet oe drapopetikeg poBAéwelg SopuPou,
€s(x¢) ral €s5(Xy), 0dNyOVIAg 0 CUCOWPEUOT OPAAPATOS YVROTH ©G 0Aio9non derypatoAnyiag
(sampling drift) [22]. Ot Ning et al. [23] nipoteivouv tv KAmdkwon 'Eyidov (Epsilon Scal-
ing), pa pédodo mou evoopatevetal areubeiag ot Sadikaoia detypatoAnyiag, xwpig va

anatteital emaveknaidbeuon 10U PoOviEAouU.

3.1 XI@aApa npoPAswrng Kat exposure bias

Ot Ning et al. [21] eviortidouv 1] cucowpevon opalpatog petady twv Prpdtwv infer-
ence AOy® tng acupgpeviag petadv v otadiov exknaidsuong kat detypatoAnyiag. Katd )
diapkela g exknaibeuong, to poviedo pabaiverl pe 1o ground truth Jeuyog (x¢, x¢—1), aAda
Katd m dapkewa g derypatodnyiag, Paociletal oto rapayopevo Xy, npokaioviag rmbavr)
OUOORPEUOT] OEAANAT®V. Autr) 11 acuppevia odnyel oto exposure bias rmou napatnpeitat oe
dAda apayeyikd poviéda [24, 25]. H katavopurn eknaibeuong eivat g(x¢|xp), Eve 1 Katavour)
SetypatoAnyiag sivat q(Xelxe+1, xé“). Auto odnyel oto poBAnpa tou exposure bias, kabog
10 €5(x¢) Katl 10 €5(X;) Hrapépouv.

Ot Xiao et al. [26] mapaperporolovv 10 py(x—1|xy) = q(xt_llxt,xat), orou xg sivatl to
IPOBAETIOPEVO Xg. Qotd00, Ta opdApata MPOBAeYPng KATd TV EKTIPNOI TOU Xy 08nyouv
oe q(x-1lx, xo) # q(xt_llxt,xé), npokaAoviag 1o exposure bias. Ot Ning et al. [23]
TTOCOTIKOTIO0UV aVAAUTIKA auty] v acupgevia ota DDPMs, armokaldurtoviag ot 1 61-
akupavorn g Katavopng detypatoAnyiag unepBaivel tr Siakupavon g KATAVOUNG €K-

naideuong, 0dNydvVIag oe CUCOWPEUOT] CPAAPATROV.

3.2 Related Work

Ia v avipetonon g pepoAnyiag £ékBeong, ot Ning et al. [21] poteivouv ) prtr) plov-

TeA0OTI01N 01 TOU 0PAAPatog TPOBAsYwng KAtd ) diapkela g eknaideuong, IIPOcoORoIHOVOVTAS
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Chapter 3. Exposure Bias

Vv acupevia apExoviag pia mo JopuPwdn ékdoorn tou x;. Ot Li et al. [22] petatonti{ouv
10 Xpoviko PBrpua derypatoAnyiag t pe Pdon ) Srakvpavon tou napayopevou deiypatog,
perpradoviag anoteAdeopatika to exposure bias xwpig enaveknaibevorn. Qotoco, o mPoo-

810p101106 1§ PETATOIONG TOU XPOVIKOU Brjpatog eivat 5UCKoA0G.

3.3 Epsilon Scaling

Ot Ning et al. [23] ewodyouv 10 Epsilon Scaling, peidvoviag ) pepoAnyia €ékOeong pe
Vv KAipdkeon tou ripoBAenopevou tapdyovia Sopufou €5 Katd tn diapkeia g derypatod-
nwiag. Me 1 peioorn) 10U UTEPEKTINOHIEVOU PeyEdoug Tou €5, 1 tepoAnyia ékBeong petpiade-
tat Xxwpig enaveknaidevon. H 1é8066g toug Paociletat otnv napatripnon ot 1600 10 €5 600
Kat To ecf) npogpyxovtat aro v idwa eioodo, xr ~ N(0,I), addd arnokAivouv Ady® o@aApdtov
otnv aAuoida Setypatodnyiag. H pédodog v mpoodétetl unodoyiotiky) emmPdpuvorn Kat eivat

pa plug-in Avon.
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Chapter

M£90o60g rat AmoteAéopata

4.1 Iloocotikomoiwvtag to Exposure Bias

Katda v eknaidevor), 10 diktuo AapBavetl €10060 x;, eved Katd ) SetypatoAnyia, Aap-
Bavet eicodo X; ([Tivakag 10.1). Autr) 1 acupu@peVvia £XE1 ®G ATIOTEAECUA TNV ATIOKAL0T PETASU
1oV rpoBAtyemv Jopufou kata 1) dapkela g eknaibeuong, eé, Kal Katda ) S1apkea g
detypatodnyiag, 5. Akodouboviag toug Ning et al. [23], petpdpe 1o sampling drift wg
Srapopd petadu eé Kat €. Aedopévou ot 1o ground truth tou € eival pn npooBdoipo katd
) detypatoAnyia, xpnotponolovpe v L2-voppa yla va IooOTIKOIo|00UE T0 eXposure
bias [23].

55 T & 99— IS4 ———e—e—s—s
t X
£
6 /,/
—_—— s, DG
*- ¢ “

50

45 /

16l l2
N
o

35
30

25

0 3 6 9 12 15 18 21
timestep

Figure 4.1. Mouvtéflo EDM, emiAutng Euler 1ng tang. L2-vdpua tou €s(-) kata m Siapkeia
beyuarofnyiag 21 Bnuatov, dsyuaroinyiag ue DG kat ekraibevong. H L2-vopua urtoAoyile-
tar ypnowonowviag 50k bciyuata os kade ypovuko Bripa. H dsiyuarofinyia yivetar ano ta
6efla mpog ta apiotepa.

Zta Zyfpata 4.1 kat 4.2, anewkovidoupe tyv L2-voppa tov el, € ka e5PC XP1OOITO10V-

3 3
tag toug ermAuteg ODE Euler kat Heun. eg’D G eivat 1 1ipoBAsyn Sopufou oto poviédo EDM-

Diploma Thesis m



Chapter 4. Mé9Yodog kat ArtioteAéopata

G++. Ta tov ermAvut) Euler, 10 eg'DG €Xel peyaldutepn L2-voppa amod 1o eg, TIOU OXedOV

Talpladet pe 10 €. Me tov emmduty Heun, n agopd eivar pikpotepn, adda to eg’DG €xel
Katl aAl peyadutepn L2-voppa, unodeikvioviag ot n kaBodrynorn tou discriminator dev

eCaleipel 10 exposure bias- ta opdaiparta rpoBieywng cucorpevoviat.

55 —°— & 0-0-9-9-0-0=0-0-0-0-0-0-0-0-0-6-0=4-0-4-¢
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€5 =&
/
—e— g5DG /‘»0
50 / 38.0
-

45

40

llell2

35
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25 \

20
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Figure 4.2. Movi¢flo EDM, smijiutng Heun 2n¢ tafng. L2-vdpua tou €s(-) kata m Sidpkeia
betyparoinyiag 35 Bnudrev, dctyuaroinyiag pe DG kat eknaibevong. H L2-vopua vrofoyile-
tatr xpnowonowwviag 50k bsiyuara os kade xpovwko Briua. H Ssryuaroinyia yivetar ano ta
6ela mpog ta aplotepa.

4.2 TIIpoteivopevo Framework

Xpnowporolovpe 1o poviedo EDM tov Karras et al. ©g ekupntr] score A0y® TOU Aert-
TOPEPOUG O0XED1AOI0U TOU, TIOU EMMITUYXAVEL ONPAVIIKI BEATI®ON NG mootntag Selypdtov
(FID score 1.97 oto CIFAR-10). Aegbopévng 1ng ocuoyEtong tou exposure bias pe 1o FID
score [23], untoBétoupe ot to EDM éxetl peiopévo exposure bias.

I'a tov discriminator, akoAouBaoviag toug Kim et al. [5], xpnotponolotpe 6U0 KOS1KOTIO1-
ntég U-Net, pe 1ov pwto mayopévo kat tov Sevtepo fine-tuned.

Ty evotnta 10.2, culntape pebodoug yia 1 peiworn ng pepoAnyiag ékBeong. EruAé-
youpe 1o Epsilon Scaling [23], pia plug-in péSobo, xeopig eknaidsuor, ou éxel arodeiyOet
arnotedeopatikn ot peiwon tou Exposure Bias kat ot BeAtioon tov anotedsopdtev (FID
score). [Tapouoiddoupe 1o Epsilon Scaling otnv evotnta 10.3.

Av xat to EDM &&dyet ) ouvaptnorn score Sy Kat 0X1 10 €, 10 € Propel va e§axdei oe k&de
Brpa detypatoAnyiag kat va xpnowporoindei yia 1o Epsilon Scaling [23].

IMa 1o mpoypappa scaling Ay, ot Ning et al. [23] npoteivouv pia ypappikr ouvaptinon
A = kt + b pe owadepég k kat b. Ilpoteivouv éva opotdpopeo mpoypappa A (k = 0)

yla Adyoug mpaxkukomtag. Ta mepapatd pag empPefaiwvouv mapopola 1 umno-REAtiota
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4.3 Arnotedéopata

anoteAéopata pe YPappKo jl; 0 OUYKPLon HE TO OPO0pop@o mpoypappa A; = b. 'Etot

POX®WPAE ot TEPALEP® dlepelivion ToU otadepoU TapAyovia KAAK®ONG.

4.3 AnotesAéopata

4.3.1 Euler Solver

e auty) Vv evotnta, niapouciafoupe arnoteAéopata pe ) xpnon tou ermduty) ODE 1ng
1a€ng Euler. Ta ) péSodo Discriminator Guidance (Kim et al. [5]), onuewwvetal pa
B1PAloypagikr mapdAelypn oty avagopd tov emdoocenv tou poviedou EDM-G++ pe xpnon
tou ermAut) ODE Euler. Ot Badpoloyieg FID tou EDM-G++ oto ouvolo debopévav CIFAR-
10 uroAoyifovtat e S1agopeTika Xpovikda Brjpata kat Bapog Discriminator Guidance (w?P®)

Kat tapouotadoviat oto Lxnua 4.3.

—e— EDM-G++, 13 step sampling °
18 —e:- SEDM-G++, 13 step sampling /
EDM-G++, 21 step sampling °
SEDM-G++, 21 step sampling /
16 —e— EDM-G++, 35 step sampling ®
—e:- SEDM-G++, 35 step sampling /
°
14 ./

/ B
3 -
—_ ./ I
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4 o—"° !
° —_ |
o———=—"" O m == ¢ —————— o———=—""" @
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Discriminator Guidance wP®

Figure 4.3. Mecaémn FID-50k oe oxéon ue Bapog DG kair mapayovia kiyaxkwong (Euler
Solver).

H nodtnta tou EDM-G++ peidvetatl pe v av€non tou wP pe tov Euler solver. To
pewwpévo FID score arodibetatl otnv arouoia Si0p9aetikol Brjpatog otov ermAvtn 1ng tagng,

avadeirviovtag ) onpacia tou §10p9nTikoU Bripatog ya v nowotnta detypatov (Zx. 4.3).

H 1é9060g epsilon scaling arodsikvietal anoteAeopatiky yia ta povieda diaxuong mou
kadodnyouvtat ano discriminator. To SEDM-G++ pewodvel g Badpoldoyieg FID oe dragopa
mAn9n xpovikov Bnpdtev kat tpés wPC ypnowonowdviag tov Aty Euler. Ta tuyaia
Selypata nmapouotalouv MoOOTIKEG BEATIOOELG OTNV EUKPIVELA KAl TOV OPIOHO TOU OXNHATOS
(Ewx. 4.4).
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Figure 4.4. Tuyaia 6ciyuata ano 1o EDM-G++ (apiotepa) kat 1o SEDM-G++ (6e&ia).

4.3.2 Heun Solver

Atepeuvatat ) anodoorn tou SEDM-G++ pe ) xprjon tou eruhutr) ODE 2ng taéng Heun.

DG
tls

éydov (A; = b), og rpog 1o FID-10k (Zxnpa 4.5). [poodiopiloviatl o1 BEATIoTEG TIHES wffst

Ae§ayetat pedén yua to Bapog tou discriminator (wp %) Kat tov mapayovia KAHAKOONG

Kat akoAoudel oAokAnpepévn peAétn ave oe autd, oG rpog to FID-50k (Zy. 4.6).

Model NFE(]) | FID()
VDM (Kingma et al., 2021 [27]) 1000 7.41
DDPM (Ho et al., 2020 [12]) 1000 3.17

iDDPM (Nichol & Dhariwal, 2021 [28]) 1000 2.90
Soft Truncation (Kim et al., 2022 [29]) 2000 2.47

INDM (Kim et al., 2022 [30]) 2000 2.28
CLD-SGM (Dockhorn et al., 2022 [31]) 312 2.25
NCSN++ (Song et al., 2020 [3]) 2000 2.20
LSGM (Vahdat et al., 2021 [32]) 138 2.10
EDM (Karras et al., 2022 [14]) 35 1.97
EDM-G++ (Kim et al., 2023 [5]) 35 1.77
SEDM-G++ (ours) 35 1.73

Table 4.1. Zvuykpion FID-50k omv ovv9son euxovag oto unconditional CIFAR-10.

To SEDM-G++ &emepvd ta umapyovia poviéda, ertuyydavoviag state-of-the-art FID
score 1.73, pe 11g PEATI0TEG UTIEPTIAPAPETPOUG, OV OUVOEDT) e1KOV@V artod to unconditional
CIFAR-10. H ouykpion tev emdooewv otov mivaka 4.1 beiyvel v unepoxr tou SEDM-
G++. Avagépoupe ot 1o képdog FID péowm tou Epsilon Scaling otov ermutry Euler eivat o
£€VIovo 0og oUYKptlorn pe tov ermAutr) Heun, yeyovog rou arodidetatl o pikpotepn CUCOHPEUOT)
opaApatav, ot ermAuteg ODE uynldtepng tadng. Ta amotedéopata avadelkvuouy tny UIep-
oxn] tTou Heun srmiAutr) ota poviéda diayxuong, n oroia anodidetatl oto xapnidtepo opaipa

nipoBAeyng kat ota Pripata 610p0wong rmou perptddouv 1o exposure bias [23].
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4.3.2 Heun Solver

SEDM-G++ FID-10k ( {)

3.87

1.0001 3.86068 3.82881 3.81564 3.83918
1.0002 3.86003 3.82798 3.81864 3.81022 3.83784
3.86
1.0003 3.85759 3.82646 3.81413 3.80879 3.83662
1.0004 3.85895 3.82719 3.80729 3.83575 -3.85
<
% 1.0005 EX:[ ) 3.82829 3.81467 .808 3.84115
1o
n -3.84
5
= 1.0006 3.86257 3.82931 3.81317 3.81311 3.84537
o
w
1.0007 3.86484 3.83624 3.81241 3.81574 3.84929 -3.83
1.0008 3.86178 3.83739 3.85146
3.82
1.0009 3.86424 3.84116 3.81788 3.85899
1.001 3.87191 3.84648 3.82706 3.83146 3.86368 3.81

|
1.33 1.67 2.0 2.33
wbé

t, 1st

Figure 4.5. Mejémn FID-10k ywa to Bapog tov DG kat tov mapayovta kAwudkoong (Heun
Solver).
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Figure 4.6. Mecsn FID-50k yia ta Bapn tou DG ue tig kaivtepeg emibooeis (Heun Solver).
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Chapter E

Introduction

Diffusion models, initially proposed by Sohl-Dickstein et al. in 2015 [6], have excelled
in various domains, including image generation, audio generation [7, 8], and video gener-
ation [9, 10, 11]. In the domain of image synthesis, diffusion models have seen significant
advancements in subsequent years through the work of Song and Ermon (2019) [4], Ho
et al. (2020) [12], and Nichol and Dhariwal (2021) [13]. In 2021, Song et al. presented
a novel approach that unifies score-based models and Denoising Diffusion Probabilis-
tic Models (DDPMs) by employing stochastic differential equations (SDEs) [3]. Moreover,
Karras et al. (2022) presented a comprehensive exploration of the diffusion model design
space and introduced the EDM model [14], which implemented a range of optimizations
to both the sampling and training processes, leading to a substantial enhancement in

performance and sample quality.

EDM model

for score (sg) estimation

A4

Epsilon Scaling Discriminator
(Scaling factor Guidance
M=k -t+0) estimate correction term (c4)
Joint Score

to be used in reverse
sampling process

l

dz = [f(z,t) — 6*(t) - 8joint(, )| dE + g(t)dw

Figure 5.1. Overview of our proposed SEDM-G++.

Diffusion models [6] have demonstrated exceptional performance across diverse do-
mains such as image, audio, and video generation [7, 8, 9, 10, 11]. In the realm of image
synthesis, substantial progress has been made in recent years through various contribu-
tions [1, 3, 4, 12, 13, 14, 33, 34, 35, 36]. Diffusion models find a wide range of applica-
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Chapter 5. Introduction

tions, including text to image generation [37, 38, 39], image inpainting [33, 40, 41, 42],
image editing [41, 43, 44, 45, 46, 47, 48], super-resolution [4 1, 49], point cloud generation
[50], 3D shape generation [51] and vision decoding [52].

The computational cost associated with training new score models from the ground
up has initiated research endeavors which employ pre-existing score models and enhance
the quality of generated samples via refinements in the sampling procedure.

In an effort loosely inspired by Generative Adversarial Networks (GANs), Kim et al.
[5] modify the diffusion sampling process by utilizing a discriminator network to bridge
the gap between the model score and the true data score. In their method, Discriminator
Guidance (DG), they maintain the pre-trained score model as a fixed component and
introduce a discriminator network to classify real and generated data across different
noise scales. The method incorporates a correction term into the model score, guided
by the discriminator’s feedback, which helps steer the sample generation towards more
realistic paths.

The iterative sampling chain in diffusion models is long, usually requiring thousands
of steps due to the Gaussian assumption of reverse diffusion, which only holds for small
step sizes [6]. This leads to the exposure bias problem, illustrated by Ning et al. [21].
Exposure bias refers to the discrepancy between the input data during training and in-
ference phases. During training, the model is consistently exposed to the ground truth
training sample x;. However, during inference, the model relies on the previously gener-
ated sample, X;. This distinction between x; and X; results in a difference between es(x;)
and es(X;), where €5 is the model’s noise prediction. This disparity between the two pre-
dictions results in error accumulation and deviations in the sampling process, known as
"sampling drift" [22]. Ning et al. [23] propose an effective method, Epsilon Scaling, for
alleviating exposure bias, which is incorporated directly into the sampling process and
requires no training or fine-tuning of the model.

The preceding research prompts us to inquire whether Discriminator Guidance is
effective in mitigating the accumulation of exposure bias in the sampling process. Our
findings indicate that, despite notable enhancements in sample quality, Discriminator
Guidance is ineffective in alleviating exposure bias in Diffusion Models. We propose
SEDM-G++, which incorporates a modified sampling approach, combining Discriminator
Guidance and Epsilon Scaling. We test our method on top of the pre-trained EDM model
[14] and show that the proposed sampling process achieves improved sample quality,
while reducing exposure bias.

Our contributions can be summarized as follows.
e We investigate exposure bias in discriminator guided diffusion models.

e We propose SEDM-G++, which incorporates a sampling approach combining Dis-

criminator Guidance and Epsilon Scaling.

e Our proposed method improves sample quality across the board and outperforms
the current state-of-the-art, by achieving an FID score of 1.73 on the unconditional
CIFAR-10 dataset.
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Chapter E

Diffusion Models

Diffusion models were first introduced by Sohl-Dickstein et al. in 2015 [6]. Inspired
by non-equilibrium thermodynamics, diffusion models gradually perturb data with noise,
in an iterative forward diffusion process. The aim is to learn a reverse diffusion process,
which removes the addition of noise. Thus, the model becomes capable of generating

realistic samples from noise.

6.1 Inspiration behind diffusion models

The theoretical underpinning of diffusion models resides in the notion that diffusion
processes can be strategically harnessed to disassemble the structural components inher-
ent in our data distribution. To elucidate this theoretical framework in a more concrete
manner, one may picture a hypothetical scenario involving a container filled with water
into which a small quantity of coloured dye is introduced. If we assume that the concen-
tration of dye molecules can be regarded as a representation of a probability distribution,
the central aim of a generative model is to acquire an in-depth comprehension of this
probabilistic structure. It is imperative to acknowledge that this endeavour is typically
quite challenging.

Nevertheless, even in situations where we cannot directly construct a model to elu-
cidate the intrinsic structure of our data distribution, there exists a viable alternative
strategy. This involves the transformation of our data distribution into a substantially
simplified distribution that can be readily modelled.

In the context of this physical analogy, if one permits the diffusion process to evolve
over a sufficiently protracted period, the dye molecules will eventually disperse uniformly
throughout the container, thereby yielding a state of equilibrium characterized by a uni-
form distribution. Initially, the usefulness of this transformation may not be readily
apparent. However, it is instructive to contemplate the hypothetical scenario of tem-
porally reversing this diffusion process. What if one could initiate this process with a
uniform distribution and thereby generate the original data distribution? Within the
framework of conventional physics, the spontaneous reversal of such diffusion processes
is exceedingly improbable—liquids do not spontaneously separate any more than shat-
tered glass spontaneously reconstitutes its original structure. It is at this juncture that

the paradigm of machine learning enters the discourse, offering a potential way to address
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Chapter 6. Diffusion Models

these challenges.

6.2 Forward diffusion process

Let’s consider the data distribution xy ~ q(x). In the forward diffusion process, noise
is gradually added to a clean datum, until its structure is destroyed and the datum
is transformed into pure noise. In other words, the forward process is characterised
by a Markov chain, which generates a sequence of random variables xi, Xz, .. .xr with
transition kernel q(x¢|x;—1). We define a variance schedule {B; € (O, 1)}tT:O, such that
the noise perturbing the data at each discrete timestep t is an isotropic Gaussian with

variance 3;. The Markov chain is defined by the transition kernel:

q(xelxe-1) = N(x; V1 = Bex-1, BeX) (6.1)
The joint distribution of x;, X, . . . Xr conditioned on X is:
T
q(x1:7|x0) = q(xtlxe-1) (6.2)

t=1

The transition kernel is often handcrafted to transform the initial data distribution
into a tractable prior distribution. Thus, the forward diffusion process can be easily
implemented. The diffusion model aims to learn the distribution of the reverse process

q(x¢-1|x¢), which is unknown.

tractable tractable
q(z1|z) a(@e1|zs) a(@e|ze) a(zr|zr-1)
—_— S 5 —_— R  —
Lo “ee -1 | | Ty Ti+1 “ee [
<
a(@e1|zs) a(@e|ze)
intractable intractable

Figure 6.1. Forward and Reverse Diffusion Processes [2].

Lemma 6.1 (Reparameterisation Trick). Let x be a random variable drawn from a normal

2

distribution with arbitrary mean u and variance 02, i.e. x ~ q(x|u) = N(x;u, 0%). Then, x

can be equivalently expressed in the form:
X=u+00e
where € ~ N(0, I) and © denotes element-wise multiplication.

Proposition 6.1. Let x; be drawn from q(x|x;—1) at timestep t. Then x; can be directly

expressed as a linear combination of xy and a noise variable €:

Xt = \/at)(o'l‘ V1 — ase
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6.2 Forward diffusion process

where a; = [1..,(1 — B)).

Proof. Lett €[0,1,2,...,T]. Then, by Eq. (6.1): x ~ qOx¢|xi—1) = N(x; V1 = Bexe—1, BeD).

Now, let a; = 1 — B; and &; = Hle a;.

According to Lemma 6.1, x; = N(x:; V1 = Bixi—1. Bd) = N(x¢; \Jarxi—1,(1 — as)I) can be
expressed as follows:

X; = \/Etxt_l + V1 — areq with ¢_1 ~ N(0,I)

and similarly, x;—1 ~ q(x¢—1|x¢—2) can be rewritten as:

Xi-1 = Va_1X—2 + V1 — ai_1€-2 with €9 ~ N(0,I)

As a result, x; becomes:

Xt = Vagx-1 + V1 — arerq
Vat[\/at—lxt—z + V1 - at—1€t—2] + V1 — arer
= Vara-1X-2 + Var — G162 + V1 — ar€—1

The underbraced quantity is the sum of two independent Gaussian random variables,
N(O, O%I) and N(O, agl). It remains a Gaussian with mean being the sum of the two
means, and variance being the sum of the two variances, i.e. N(0, (6? + 02)I). V1 — arei_
is a sample from Gaussian N(0, (1 -ay)I), and va; — ara;—1 €;—2 is a sample from Gaussian
N(O, (a;—azas—1)I). As aresult, we can treat their sum as a random variable sampled from
Gaussian N(0, (1 — a; + a; — ara;-1)I) = N(O, (1 — a;ar—1)I). Therefore, the last expression

can be rewritten, using the reparameterisation trick as:

xr = Varai_1xi—9 + V1 — aras_1€_9 where &_o ~ N(0,I)

By repeating the above process, x; takes this final form:

x = Vaxo + V1 — ae where € ~ N(0,I)
~ N(x; Vaxo. (1 — a)l)

According to proposition 6.1, the distributions N(x:; vax-1.(1 — a)I) and
N(x¢; Vagxo, (1 — @)I) are equivalent. This is significant, as it enables sampling from

any intermediate distribution of the forward diffusion process in a single step.
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Chapter 6. Diffusion Models

6.3 Reverse diffusion process

The reverse diffusion process can be utilised for the generation of new data samples.
Diffusion models start by generating an initial Gaussian sample xr ~ N(0,I). Noise is
then gradually removed by running a learnable Markov chain in the reverse time direction.
Sohl-Dickstein et al. show that if B; is small enough, then q(x.;|x;) will also be a Gaussian
distribution [6]. To perform reverse diffusion, one would have to model the kernels of the
reverse timesteps. Estimating q(x—1|x) is unfeasible, as it requires using the entire
training dataset. A learnable transition kernel py is utilised instead, to approximate the

conditional probabilities. The kernel takes the following form:

Pa(x—11x) = N(x-1; pa(x, 1), Zo(xt, 1)) (6.3)

8 denotes model parameters and the mean psy(x;, t) and variance Xg(x;, t) are parame-

terised by neural networks.

The joint distribution of the reverse Markov chain is:

DPo(x¢-11x¢) (6.4)

T
Ps(xo.1) = p(xT)

t=1

The key to making this sampling process work effectively is to train the reverse Markov
chain so that it mimics the time reversal of the forward Markov chain. In other words, the
& parameter must be adjusted to make sure that the reverse Markov chain’s behaviour
closely resembles that of the forward process. This adjustment should be such that the

joint distribution of the reverse Markov chain ps(xp.r) = p(xr) Hle pPa(x—1lx) (Eq. 6.4)
closely approximates that of the forward process q(xp.1) = q(x0) HtT: 1 q(xelxie—1).

Thus far, q(x:-1]x;) is not tractable, unless we condition it on x;. We get:

q(xe-11xt. X0) = N (-1 fe(Xt. Xo), BI) (6.5)
By applying Bayes’ rule, q(x;—1|x;, xo) becomes:

a(xelxi—1. X0)q(x¢-11x0)
q(x|xo)
_ NCxa; Vaxe-1, (1 = a)DN (xi-1; Vae-1x0, (1 = a-1)I)
N(xi; Vaxo, (1 = a)l)
- exp{ 1[G = Vaxi-0)? (o= Varix)® (o= \/&_txO)z]}

q(x¢-11x¢, X0) =

l—at l—C_Zt_l l—at

1 [(-2Vaxxi—1 + aix? ) (2, = 2Va1x-1x0)
=expq—— + - + C(xt, Xo)

2 | 1- ag 1- ai—1

1[ 2 VA X Xe—1 atxtz_l xtz_l 2Va-1x-1%0
xexpy——=|— + + — - -

2 l—at 1—at l—at_l 1—at_1

1 a ‘Va X \/El —
=exp{—— : + - )th—l -2 “ + t_IXO Xt-1

27 1—at 1—at_1 1—at l—at_l
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6.3 Reverse diffusion process

1a(l-a-)+1-a; , vaxi  ai1xo
=exp{—— — X, —2 + - Xt-1
2| (I1-a)d—ae-1) l-a 1-a-
1] ar—ar+1—-a; 9 VaiXe Vai—1Xo
=exp{—— — Xi,—2 + - Xt-1
2 [(1—a)(1-ae1) l-a 1-am
1| 1-a 9 vaxi  Vai1xo
=expq—— - Xi 4 —2 + — Xt—1
2|(1=a)(l—-a1) l—ar 1-a
Vaex: + Vai-1Xo
1 ( 1-a ) 2 _g\lma T 1-an
=eXpy—5 — Xe-1 ~ ~Z Xt-1
2\(1-a)(1 - a. _la
( ar)( ac-1) oand-aD)
Uoaea |, (B eER)a w0 -an)
= exp{—— — Xi_q— 2 — Xt—1
2\(1-a)(l-ax-1) 1-a

p) EEAE Xe-1 T 1-a
— Ut

{ 1[ 1 )[ s . Va(l - a)x + Va1l - a)xo ]}
=expi-—=|7—i=— 2 Xt-1

Vai(1 = ai-1)x + Vai1(1 —a)xo (1 - a)(1 - at—l)l

oc N(x¢-1;
(-1 1-a 1-a

)

(X, %0) Bt

where C(x;, xp) is a constant term with respect to x;_;, as it involves only x;, xp and a

values. The term is implicitly returned in the final line to complete the square [2].

We can rearrange the equation in Proposition 6.1, to show that xy can be expressed

in the following form:
1

Xo = \/_El_t(Xt - V1 - ae)

By plugging this quantity into our previous derivation of fi;(x¢, xp), we get:

\/Et(l—at—l)Xt_l_ vai-1(1 — ar) 1_ (x — VI =Gre)

1-a 1-a a

fie(x¢, Xo)

1( 1-a )
Xt — €t
Vat vl—&t

Therefore, we can set our approximate denoising transition mean as:

v l(x - ) 6.6)
= —|x - ——¢ .
He Vo t ,—1_att

and the transition variance as:
= (I —a)(l—-a1)
Bt = =
1-a;
_l—a

= - 6.7
—a ¢ (6.7)
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Figure 6.2. Swiss roll example

The proposed modeling framework applied to 2-dimensional Swiss roll data. The top row showcases
time slices from the forward trajectory, highlighting the transition from the original data distribution
to an identity-covariance Gaussian through Gaussian diffusion. The middle row illustrates the
reverse trajectory, while the bottom row depicts the drift term for the reverse diffusion process. [6]

6.4 Training objective

To train the reverse Markov chain to match the time reversal of the forward Markov

chain, we must adjust the & parameter, so that the joint reverse distribution:

DPa(Xi—11x¢) (6.8)

T
pa(xo.T) = p(xr)

t=1
closely approximates the joint distribution of the forward process:

T
a0a0.r) = a(xo0) | | aGabxr) 6.9)
t=1

We employ our model to approximate ji; = \/Laﬁ (xt - ‘}%et). Since we have access to
—Ut

X; at training time, we train our model to predict the Gaussian noise term from input x;,

at timestep t:

V(o l-a
po(x¢, ) = N (Xt vl_—(itea(xt, t)) (6.10)

X¢—1 becomes:

l1-a
Xe-1 = N(x¢-1; : €9(X¢, t)) , 2a(xt, 1)

1
va(x“vl——at
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6.4.1 Simplified training objective

Ho et al. [12] parameterise the loss term L; to minimise the difference from fi:

Lt = Bxy.e _m”ﬁt(xt,xo) — pa(X¢, t)||2]

1 1 1-a 1 1-q )
=Boe | St O var ("t - m) T Va ("t T o ”)” ]
_e | (1 -a) ller — es(xt, D)2

0 2a(1 - a)lSax DIZT 0
CByl| 1T (Vae + VT e t>||2]
|21 = @Sl OB ¥ e

6.4.1 Simplified training objective

Ho et al. [12] found that omitting the weighting term from the training objective is

easier to implement and benefits sample quality:

impl 2
L™ = By [llec — elxc, DI

= Eixe [||€t — es(Vaxo + V1 — ey, t)||2]

where t is uniform in [1, T].

6.5 Denoising Diffusion Implicit Models

We have established that diffusion models produce samples using a Markov chain
which starts from a pure noise sample and progressively denoises it into a new image.
This Markov chain is obtained by approximately reversing the forward diffusion process,
which consists of up to a few thousand steps, a task that requires many iterations. Due
to this limitation, diffusion models were much slower, compared to other state-of-the-art
generative models, such as Generative Adversarial Networks (GANSs).

Song et al. introduced Denoising Diffusion Implicit Models (DDIMs) [1], which were
the first implicit probabilistic models that could produce high quality samples. They

improved sampling speed by extending the original DDPM to non-Markovian cases.

OO =96 @99

q(zs|@2, To) T q(T2|T1, 20)

q(az))
Figure 6.3. Comparison of diffusion (left) and non-Markovian (right) inference models [1].
6.5.1 Updated sampler

We now reparameterise the reverse diffusion distributions g,, using Proposition 6.1.
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Chapter 6. Diffusion Models

Vai1x0 + V1 — @161

N 1 _ = 2
ai—1Xp + l—ai 1 — Oj €t + Ot€¢

X — =
= '\[a’t_lxo.i. l_a't—l _O'tz. t—‘\/at)co

Vi—-&
_ [ _ Xt — Vagxp
Qo(Xi-11X¢, Xo) = N(Xt—l; Vai1x0 + /1 - @-1 — 07 - ————, O?I)
\/1 — Qg

The degree of stochasticity in the forward process is determined by the magnitude of

Xt-1

+ Ot€t

0. As o approaches O, we reach an extreme scenario where, as long as we observe xy and
Xx; for some time t, the value of x;_; becomes deterministically known and fixed.

Recalling Eq. 6.5 and Eq. 6.7, we have q(x_1|x:. X0) = N(xe_1; fie(X¢. Xo). BI). Thus:

Bi=of = 1_—af_ld3t
1-a;

This setting corresponds to DDPMs

We set 02 = - B, n € R*. This formulation allows us to control the stohasticity of
the procedure, using the n hyperparameter. Denoising DIffusion Implicit Models (DDIMs)
correspond to setting n = 0. In this case, sampling becomes deterministic and samples
are generated from latent variables with a fixed procedure (from xr to xp). The DDIM name
derives from the fact that the model is is an implicit probabilistic model trained with the

DDPM obijective, even though the reverse process is no longer a diffusion.

Po
[0 %} /Nl
@~ 0 ) — @
Tf ///: T2|Z)

q(x3|T1, 20)
Figure 6.4. Accelerated generation using DDIM [1].

It has been empirically observed [1] that executing DDIM on a subset S = {11, ..., 15}
of the initial T training steps results in optimal performance. Thus, the inference process

becomes:

= - Xy — a X0 .
qa,r(xzi_l |in’-x0) = N(Xti_l; ag_,Xo + YV l-a; , - orzl- : %, O?il] Vie[S]
V1-a,

It is clear that the reason for DDIM’s significant speed improvement is its capability to
train the diffusion model on a large number of forward steps while generating samples
from a selected subset of steps. On the other hand, DDPM performs best when applied on
all initial T timesteps. Through DDIMs, an inherent trade-off emerges between sampling
quality and computational costs. Namely, one can increase the number of steps taken
during sampling, in order to increase sample quality, or decrease the number of steps to

achieve faster inference. This trade-off is evident in Fig. 6.5 and Fig. 6.6.
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6.5.1 Updated sampler

10 i
20 [
50

100

sample timesteps

sample timesteps sample timesteps

Figure 6.5. DDIM samples with the same random xr and different number of steps [1].

CIFAR10 Bedroom

20 1000
L B, o
S5 2 3 100
[} o
Tos T 30

0.2 10

10 30 100 300 1000 10 30 100 300 1000
# steps # steps

Figure 6.6. Hours to sample 50k images using DDIM [1].
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Chapter 6. Diffusion Models

6.6 Related Algorithms

Algorithms 6.1 and 6.2 are utilised to train and sample from a Denoising Diffusion
Probabilistic Model. Algorithm 6.2 uses the simplified training objective presented in

subsection 6.4.1.

AvrcoritiM 6.1. DDPM Training [12]

1: repeat

20 X0~ q(xo)

3: t ~ Uniform({1, ..., T})

4: e~ N(0,I)

5: Take gradient descent step on

Vs ||e - eg(Vaxo + V1 - age, t)“2

6: until converged

ALcoriTHM 6.2. DDPM Sampling [12].

1: xp ~ N(O, I)

2: fort="T,..., 1 do

3: z~N@O,Dift>1,elsez=0

4: Xt—1 = ﬁ (Xt - %Ga(xt, t)) + 0z
5: end for

6: return x
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Chapter

Score-Based Generative Models

Another important member in the family of diffusion models is score-based generative
models (SGMs) [4]. Given the data distribution pgq(x), we define the score function
as the gradient of the log probability density function, also known as the (Stein) score
function. The key principle of SGMs is to estimate the score function, using a deep neural

network, and generate samples using score-based sampling approaches.

Score-based models have achieved state-of-the-art results on tasks such as image
[4, 15, 14, 12], and audio [8, 7] generation.

7.1 Score function and score matching for score estimation

Suppose our dataset consists of i.i.d. samples {x; € RD}Ii\i , from a data distribu-
tion pgaia(x), which is unknown. The score of a probability density p(x) is defined as
Vi log p(x). It is essentially a vector field, pointing in the direction where the log data den-
sity grows the most. The score network sy : R — RP is a neural network parameterized

by 8, which will be trained to approximate the score of pggiq(X).

Score matching was initially utilised to learn non-normalised statistical models based
on ii.d. samples from a data distribution. It can be repurposed in training a score
network sg(x) to estimate V, 10g pgata(x) without estimating pgqtq(x) first. The objective is
to minimise

1
EEpdata(x) [HS@(X) - Vylog pdata(-")”%] (7.1)

which is equivalent to the following up to a constant:

1
B paia(x) [tr(VxSa(X)) + EIISa(X)H%] (7.2)

where V,sg(x) denotes the Jacobian of sg(x).

While the expectation over pgqia(x) can be quickly estimated using data samples,
score matching is not scalable to deep networks and high dimensional data due to the
computational cost of tr(Vyss(x)). To circumvent this problem, we present two popular

methods for large scale score matching.
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Chapter 7. Score-Based Generative Models

7.1.1 Denoising score matching

Denoising score matching [16] perturbs the data point x with a pre-specified noise
distribution g,(X|x) and employs score matching to estimate the score of the perturbed
data distribution, g,(X) = f qo(X|X)pdaata(x)dx. The objective was proved equivalent to:

1

5 o (&) Paasa 0 [lls5(%) = Vi log qo(x0)lI3 (7.3)

The optimal score network, sg(x), satisfies sg<(x) = V,loggs(x) almost surely, while
So+(x) = V,log go(x) = V108 paata(x) is true only when noise is small enough, such that

qo(X) * Pdata(X).

7.1.2 Sliced score matching

Sliced score matching [17] uses random projections to approximate tr(V,ss(x)) in score

matching. The objective becomes:

Ep.Epaa |07 VaSa(x)v + %nsa(x)ng (7.4)
where p, is a simple distribution of random vectors, e.g., the multivariate standard
normal. The term v!V,sy(x)v can be efficiently computed by forward mode auto-
differentiation. In contrast to denoising score matching, which estimates the score func-
tion of perturbed data, sliced score matching estimates the score function of the original
distribution. Due to the forward mode auto-differentiation, sliced score matching requires

around four times more computations than denoising score matching.

7.2 Sampling with Langevin Dynamics

Langevin Dynamics is capable of generating samples from a probability density p(x),
using only the score function V, log p(x). This is why estimating the score function is so
important in score-based modelling. With an initial data point X, ~ n(x) (7w being a prior

distribution) and step size € > 0, Langevin Dynamics recursively computes the following:
- - € -
Xt = X1 + EVX log p(%¢-1) + Vez (7.5)

where z; ~ N(0,I). When ¢ — 0 and T — oo, the distribution of Xr equals p(x). Under
some regularity conditions [18], Xy becomes an exact sample from p(x). On the other
hand, when € > 0 and T < o0, a Metropolis-Hastings update is needed to correct the error
of Eq. 7.5. In practice, we set € to a small number and T to a large number and safely
ignore this error.

The process of sampling from Eq. 7.5 relies on the the score function V, log p(x).
Therefore, to obtain samples from pgqiq(x), we can initially train our score network to
approximate sg(x) = V,10g paata(x). Subsequently, we can use this approximation in
conjunction with Langevin dynamics to generate samples. This fundamental concept

constitutes the core principle of score-based generative modeling.
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7.3 Challenges of score-based generative models

7.3 Challenges of score-based generative models

Score-based generative models face two major challenges, that prevent the naive ap-

plication of the ideas described in the previous sections.

7.3.1 The manifold hypothesis

Data in the real world, as well as in many datasets, tend to concentrate on on low
dimensional manifolds in a high dimensional space, the ambient space. This is a problem
for score-based modelling, as the score V, 10g pgata(x) is undefined, when x is confined to
a low dimensional manifold. Additionally, the score matching objective in Eq. 7.2 will be
inconsistent, because it depends on the support of the data distribution being the whole
space [4].

Perturbing the original data distribution with a small Gaussian noise, such that the
perturbed distribution will have full support over R, is an easy way to circumvent this
problem. This can be observed in Fig. 7.1, where the sliced score matching objective
fluctuates irregularly, when trained on the original data distribution, but converges if the

data has been perturbed with small Gaussian noise.

6.4e+6

0
6.6e+6

8 -le+9
S 6.8e+6

2
o 2et9 7e+6
-3e+9 -7.2e+6
0 10k 20k 30k 40k 50k 0 10k 20k 30k 40k 50k
# of lterations # of lterations

Figure 7.1. Sliced score matching objective: No noise added (left); Data perturbed with
N(0,107%) (right) [4].

7.3.2 Low data density regions

The lack of data samples in regions of low data density hinders the accurate estimation
of the score function. This is a problem for two reasons. Firstly, the objective in score
matching is to minimise %Ep data(X) [Ilsa(x) - V,log pdata(x)llg] (Eq. 7.1). The expectation
OVer Pgaia(X) is calculated using i.i.d. samples, thus score matching will not have sufficient
data to estimate V, 10g pgata(x), in low data density regions. Secondly, when two modes of
the data distribution are separated by low data density regions, Langevin Dynamics will
not be able to recover their relative weights (since the gradient and log operators in the

score function discard the weights), which could hinder convergence [4].

7.4 Noise Conditional Score Networks (NCSNs)

Song and Ermon [4] observed that perturbing the data with Gaussian noise can sig-

nificantly aid score-based generative modelling in circumventing these challenges. The
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Chapter 7. Score-Based Generative Models

SEERE SIS
Figure 7.2. Low data density example: V,10g paata(x) (left); ss(x) (right)

Orange colourmap denotes the data density pga.(x) with darker colour implying higher data density.
Within the red rectangles V, 10g paaia(x) = s5(x) [4].

i.i.d samples Langevin dynamics samples

\ Lo
L R R e U

)
& b A S o N 2 o o

0 0
(a) (b)

Figure 7.3. Samples from a mixture of Gaussian with different methods: Exact sampling
(left); Using Langevin dynamics (right)

Langevin dynamics estimate the relative weights between the two modes incorrectly [4].

perturbed data will not be confined to a low dimensional manifold, since the support of
the noise distribution is the entire space. Additionally, large Gaussian noise can fill the
low data density regions in the original distribution and thus improve score estimation.

Conversely, perturbing the data with large noise corrupts the distribution.

In order to attain the benefits of noise perturbation, without corrupting our original
data distribution, we use a sequence of noise perturbed distributions, which converge
to the true data distribution. This method, inspired by simulated annealing [19], ben-
efits from the intermediate distributions and can improve the mixing rate of Langevin
Dynamics.

Let g—; = ... = og—;l > 1 be a sequence of L decreasing noise levels. We perturb the
data with Gaussian noise N(O0, g;I), using all {ai}le, resulting in a sequence of perturbed
distributions g, (x) = f Pdata(ON(x; t, oizl)dt.

We need to estimate the score of each perturbed distribution. This can be achieved
by training a conditional score network for all intermediate distributions: Vo; € { oi}{.;l :

ss(x, 0;) = V log g5,(x). ss(x, o) is called a Noise Conditional Score Network (NCSN) [4].

7.5 Training NCSNs via score matching

NCSNs can be trained by denoising, as well as sliced score matching. As Song and
Ermon demonstrate [4], we opt for denoising score matching, as it is not only faster, but

also naturally fit for the task of estimating the scores of noise perturbed data distributions.
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7.6 NCSN inference via annealed Langevin Dynamics

We choose the noise distribution to be:

qs(X|x) = N(X|x. o’1) =

1
oV2n

Thus, the score will be:

_ 1 1 /(% —x\? Xx—-x
Vxlog qs(X|lx) = V, [log( )+ —( ) ]: -—
ovVarm) 2\ o
x 2]
2

By combining Eq. 7.8 for all o € {oi}le, we get the unified objective:

The denoising score matching objective in Eq. 7.3 becomes:

Sa()?, 0) +

L1
E(a, O) = EEpdata(X)E)?~N(X,U2I) |: o2

A 1 L
LMol = ¢ Zl A8, o)

where A(0;) > O is a weighting coefficient, often chosen as A(o;) = ai2 [4].

7.6 NCSN inference via annealed Langevin Dynamics

(7.8)

(7.9)

Once our NCSN sg(x, 0) has been trained, we can use a modified version of Langevin

Dynamics, called annealed Langevin Dynamics, for sampling. This method was inspired

by simulated annealing [53] and annealed importance sampling [54]. The process begins

by initialising samples from some fixed prior distribution. After each iteration, the method

decreases the noise level og; and the step size ;. The full algorithm is outlined below:

ALcoriTHM 7.1. Annealed Langevin Dynamics

Require: {o}{‘zl,e,T
1: Initialise Xg

2: fori«— 1toL do

3: a; « € 02 /ol% > a; is the step size.
4 fort<— 1to T do
5 Draw z; ~ N(0,I)
6: X ¢ X1 + 3Sa(Xi—1, 0) + \az
7 end for
8 Xo < Xr
9: end for
return xr

Fig. 7.4 shows three random sampling trajectories generated with Langevin dynamics,

for a Mixture of Gaussians and starting from the same initialisation point. The left sub-

plot shows these trajectories in 3D, while the right subplot shows them in 2D, against the

ground-truth score function. Despite sharing a common intialisation point, the trajecto-
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Figure 7.4. Random sampling trajectories generated with Langevin dynamics [2].

ries produce samples from different modes, thanks to the stochastic noise perturbations
in Langevin dynamics. Otherwise, the procedure would always follow the score to the

same mode deterministically.
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Chapter E

Stochastic Differential Equations

In the preceding chapters, we explored Denoising Diffusion Probabilistic Models and
Score-Based Generative Models. Both classes of models rely on gradually perturbing data
with increasing noise levels and learning to reverse this forward process to generate new
samples from pure noise, that follow the original data distribution. Denoising Diffusion
Probabilistic Models [6, 12] are probabilistic models, trained to reverse each step of the
perturbation process, while Score-Based Generative Models [4] estimate the score function
of the original data, perturbed at various noise scales, and utilise Annealed Langevin
Dynamics to generate new data samples. Song et al. [3] demonstrated that both classes
of models can be regarded as discretisations of stochastic differential equations, thus

providing a unifying perspective on previous approaches.

This framework is comprised of an infinite number of distributions, which are used
to diffuse the data into random noise. Thus, the forward diffusion process is given by a
prescribed stochastic differential equation (SDE), which is independent of the data and
has no trainable parameters. Given the score of the marginal probability densities as a
function of time, and using the forward SDE, we can obtain the reverse-time SDE [20].
The reverse-time SDE can be approximated using a time-dependant neural network, to
estimate the scores. Thus, we can generate new data samples, using numerical SDE

solvers. These ideas are summarised in Fig. 8.1.

Forward SDE (data — noise)
dx = f(x,t)dt + g(t)dw 4)@

score function
805, — (07 g () -+ (01t @

Reverse SDE (noise — data)

i 2
i

®

Figure 8.1. Forward and Reverse SDE [3].
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Chapter 8. Stochastic Differential Equations

8.1 Data perturbation using SDEs

Prior methods relied on perturbing data with various levels of noise. We expand on
this concept by incorporating an infinite number of noise levels, resulting in perturbed

data distributions that evolve according to an SDE, as the noise intensifies.

The diffusion process, which we examined in previous chapters, is the solution to the
following SDE:
dx = f(x, t)dt + g(t)dw (8.1)

where w is the standard Wiener process (Brownian motion), f(-, t) : RP — RP is a vector-
valued function called the drift coefficient of x(t) and g(-) : R — R is the diffusion coefficient
of x(t). The solution to the SDE, is a diffusion process {x(t)}, where t € [0, T], such that
x(0) ~ po (the data distribution) and x(T) ~ pr (the prior distribution).

We notice an analogy between the discrete steps of diffusion, discussed in previous
chapters, and the continuous diffusion described by the SDE. Specifically, the discrete
timesteps i = 1,2,...,L are generalised to timesteps t € [0, T]. Additionally, the discrete
noise levels o1, 09, . . ., or, which were hand picked in the discrete case, correspond to the
SDE in the continuous case, which is also hand-designed. In other words, the way the
SDE is designed is directly related to the noise levels we choose for perturbation in the
discrete case. Similar to how in the discrete case, the noise levels are characteristic of

the model, in the continuous case, the SDE is characteristic of the model.

In the following section, we explore the noise perturbations used in Score-Based Gen-
erative Models and Denoising Diffusion Probabilistic Models, which can be regarded as

discretisations of Variance Exploding (VE) and Variance Preserving (VP) SDEs, respectively.

8.2 Variance Exploding and Variance Preserving SDEs

The noise perturbations used in Score-Based Generative Models and Denoising Diffu-

sion Probabilistic Models are discretisations of two different types of SDEs [3].

In the case of Score-Based Generative Models, each perturbation kernel p,,(x|xp) cor-

responds to the distribution of x;, in the following Markov chain:

X=X+ yJof -0,z i=1.....N (8.2)

where z;_; ~ N(0,I). Consider infinite noise scales (N — o). In that case, {oi}lii , be-

comes a function o(t), the noise distribution z; becomes z(t) and the Markov chain {xi}lii 1

1
t=0"

continuous time variable t € [0, 1]. The corresponding SDE, whose solution is {x(t)}gzo,

becomes a continuous stochastic process. We use the notation {x(t)} where t is a

is:
d[o*®] ,
dt

dx = (8.3)

N

For Denoising Diffusion Probabilistic Models, with perturbation kernels {pg,(x|xo)};Z;
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8.3 Reversing the SDE to generate samples

the discrete Markov chain is:

xi= \J1-Bxi1+ Biziy, i=1,....N (8.4)

When N — oo, Eq. 8.4 converges to the following SDE:
1
dx = —Eﬁ(t)xdt + VBt dw (8.5)

The noise perturbations used in Score-Based Generative Models are a discretisation
of Eq. 8.3 and the noise perturbations used in Denoising Diffusion Probabilistic Models

are a discretisation of Eq. 8.5.

Since the solution of Eq. 8.3 is always a process of exploding variance, as t — oo, the
equation is known as the Variance Exploding (VE) SDE. Similarly, the solution of Eq. 8.5
is always a process of fixed variance of one, as long as the initial distribution has unit

variance [3]. Thus, Eq. 8.5 is known as the Variance Preserving (VP) SDE.

8.3 Reversing the SDE to generate samples

We examined how, in the finite case, we can reverse the forward diffusion process to
produce new samples, starting from prior distributions of pure noise. Likewise, in the
continuous case, beginning with a sample of x(T) ~ pr and reversing the process of the
SDE, we can generate new samples x(0) ~ pg. Anderson [20] proved that reversing a
diffusion process results in another diffusion process, which runs backwards in time and

is given by the reverse-time SDE:
dx = [f(x. 1) - g(t)*V log py(x)| dt + g(t)d> (8.6)

Since this SDE runs backwards in time, dt represents an infinitesimal negative timestep,
and o is the standard Wiener process, as time flows from T to 0. In order to sample
from py, we must simulate the reverse SDE, which requires estimating the score function

V. log pt(x). Note that the score function matches the one learned by score-based models.

Once a score-based model has been trained to estimate the score function, we can
utilise it to simulate the reverse SDE and solve it, to generate samples matching the
original data distribution, i.e. py. We examine two approaches in solving the SDE,

general purpose numerical SDE solvers and Predictor-Corrector (PC) samplers.

8.3.1 General purpose numerical SDE solvers

The reverse SDE can be solved using numerical SDE solvers, which are capable of
approximating trajectories from SDEs. Any SDE solver can be utilised to produce sam-
ples. The most popular ones include the Euler-Maruyama and stochastic Runge-Kutta

methods which correspond to discretisations of the stochastic dynamics.
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8.3.2 Predictor-Corrector samplers

We can utilise the score-based model to improve the solutions to the reverse SDE.
Predictor-Corrector samplers are comprised of two main components. The first is a pre-
dictor, which estimates the sample, while the second is a corrector, which corrects the
marginal distribution of the predicted sample. These samplers are iterative, estimating
both a prediction and a correction, at each timestep. The predictor is a numerical SDE

solver, while the corrector is a score-based MCMC approach, such as Langevin MCMC.
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Chapter E

Discriminator Guidance

In an effort loosely inspired by Generative Adversarial Networks, Kim et al. [5] modify
the diffusion sampling process by utilising a discriminator network to bridge the gap be-
tween the model score and the true data score. In their method, Discriminator Guidance,
they maintain the pre-trained score model as a fixed component and introduce a dis-
criminator network to classify real and generated data across different noise scales. The
method incorporates a correction term into the model score, guided by the discriminator’s

feedback, which helps steer the sample generation towards more realistic paths.

9.1 Correction of Model Scores

Following the training of scores, we generate samples using the time-reversal genera-

tive process described by the reverse time SDE:

dx = [f(x. ) - g(t)sp, (x. )] dt + g(H)dD> 9.1)

where sg_ denotes the pre-trained score network. If the local optimum 8., deviates
from the global optimum &,, the generative process may differ from the reverse-time data
process. Theorem 9.1 demonstrates that the generative process of Eq. 9.1 can align with
the data process of Eq. 8.6 by adjusting the model score. The difference between the two

processes is bridged by the correction term, which is nonzero whenever 8., # 8.

Theorem 9.1. Suppose py_ is the solution of the time-reversal generative process of
Eq. 9.1. Let pﬁ and pgw be the marginal densities (at t) of the forward-time SDE
dx = f(x, t)dt + g(t)dw starting from p, and ps_, respectively. If ss (x,T) = Vlogn(x),
where m is the prior distribution, and the log-likelihood log ps_ equals its evidence lower
bound Ls_, then the reverse-time SDE

dx = [f(x. 1) = g(t* Vi log pl()] dt + g(t)dd
coincides with a diffusion process with an adjusted score,

dx = [f(x ) = g(t)*(sa,, + ca.)(x, )] dt + g(H)di,

pi(x)
Py, (0"

Jorcs, (x,t) := Vlog
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9.2 Discriminator Guidance

t
The correction term cs_(x, t) = Vlog Fp% is generally intractable due to the inacces-
doo

t

sible density ratio I;ﬁ"—. To address this, Kim et al. [5] approximate the density ratio by
oo

training a discriminator at every noise level t. For discriminator training, fake samples

are generated from the process outlined in Eq. 9.1, equal in number to the actual data

instances. The real and fake data are then classified using Binary Cross Entropy (BCE):

Lq; = fﬂ(t)(E ﬁ(x)[_ log dq,(x, t)]

+ Epém(x)[— lOg (1 - d(p(x’ t))])dt’

(9.2)

where A represents the temporal weight.
Expressed in terms of the optimal discriminator ¢. derived from £,, the correction

term is given by:

dqz* (x. 1)

Cs, (%, t) =Vlog ————.
To estimate the correction term cg, we utilise a neural discriminator ¢:

dy(x, )

Cs., (X, t) =~ C¢(X, t) =V IOg T(xt)
— dg(x,

With this tractable estimate of the correction term, Discriminator Guidance (DG) is defined
by:

dx = [f(x. t) — GA()(Sa., + Cp)(x, t)]dE + g(t)dib. (9.3)

9.2.1 Theoretical Analysis

While Discriminator Guidance was initially introduced in the context of stochastic dif-
ferential equations, this section delves into the approach from the standpoint of statistical
divergence between the data and sample distributions. Specifically, let py_ , be the sam-
ple distribution guided by the discriminator, as defined in Eq. 9.3. The central question
becomes whether ps_ , is closer to the data distribution p, than ps_ . This question is

addressed in Theorem 9.2.

Theorem 9.2. If the assumptions of Theorem 9.1 hold, then

Di(prlips,.) = Diw(p; IIM) + Es,,.
Dk(PrlIPs...¢) < Dr(py M) + Ea,.

where Ey_, is the score error

1 T
Fa= f OB,V log pt — ss_[21d,
0
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and Es,, 4 is the discriminator-adjusted score error

1 T
Bas =3 | SOBGIVIogs o +collat

1 T
=3 fo G (OE[lles, — cpll51dt.

Table 9.1. Discriminator-adjusted score error Es_ , and corresponding Gain.

Discriminator Esy.0 Gain
Blind dy, (= 0.5) Es,, 0
_ Optimaldy, 0 _ _Fs, Maximum)
Untrained dy, (= 0.5) ~ Eg, ~
Trained dy,, < Ey,, /" Eg,

To assess the impact of discriminator training, we utilise Theorem 9.2 to compute the

gain by subtracting two KL divergences,

Dk1.(prllps.,.¢) < DkrL(prllps..) — Gain(8w. @),

where Gain(9«, @) = Eg,, — Es,, o represents the difference between the score error and the
discriminator-adjusted score error. While Theorem 9.2 doesn’t ensure a strictly positive
gain, Kim et al. demonstrate in their work [5] that the initialisation of the gain near zero
gradually increases during discriminator training, as outlined in Table 9.1. Specifically,
when the discriminator is untrained (d,, = 0.5), no signal is derived from the discrim-
inator gradient, and the discriminator-adjusted score error Eg_ 4, is equal to the score
error Ey_. Therefore, the gain is approximately zero when the discriminator is untrained
(dy, ~ 0.5), as depicted in Fig. 9.1. Conversely, at the optimal discriminator d,, the neu-
ral correction ¢,, aligns with the target correction ¢y, satisfying Es_ o, = O and allowing
for the maximization of Gain as discriminator parameters are updated. Refer to Fig. 9.2

for a schematic representation.

2.05 T

2.00

—— EDM (w/o Discriminator Guidance)
—o— EDM-G++ (w/ Discriminator Guidance)

1.95

FID

0 10 20 30 40 50 60
Discriminator Training Epochs

Figure 9.1. Discriminator Guidance training and FID on CIFAR-10. [5].

Essentially, Discriminator Guidance introduces an additional axial degree of freedom
¢, which reparameterises the score error Es_ into a discriminator-adjusted score error

Ey,p- Consequently, the score error Es  is no longer optimised with the denoising score
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loss Ly, but the reparameterised error Ey_ , can be further optimised with an alternative
loss L, as defined in Eq. 9.2.

D (prlipe.,)
~ Dy, (Prllpa”,%)

Egyy = Egy o Gain(0, Pos)

Iterations

(P0 > Pw)

v

Dt (Dr 116,01, ) =

Egeode0

D (pf |Im)

Figure 9.2. Schematic illustration of Gain, which increases as discriminator is trained [5].
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Exposure Bias

The iterative sampling chain in diffusion models is long, usually requiring thousands
of steps due to the Gaussian assumption of reverse diffusion, which only holds for small
step sizes [6]. This leads to the exposure bias problem, illustrated by Ning et al. [21].
Exposure bias refers to the discrepancy between the input data during training and in-
ference phases. During training, the model is consistently exposed to the ground truth
training sample x;. However, during inference, the model relies on the previously gener-
ated sample, X;. This distinction between x; and X; results in a difference between es(x;)
and es(X;), where €5 is the model’s noise prediction. This disparity between the two pre-
dictions results in error accumulation and deviations in the sampling process, known as
"sampling drift" [22]. Ning et al. [23] propose an effective method, Epsilon Scaling, for
alleviating exposure bias, which is incorporated directly into the sampling process and

requires no training or fine-tuning of the model.

10.1 Prediction Error leads to Exposure Bias

Ning et al. [21] identify a phenomenon associated with the sampling chain in diffusion
models, which involves the accumulation of errors across T inference sampling steps.
This accumulation is primarily attributed to the discrepancy between the training and
inference stages. During training, the diffusion model is trained with a ground truth
pair (x¢, x¢—1), learning to reconstruct x;_; given x;. However, during inference, the model
lacks access to the ground truth x; and relies on the previously generated X;, leading to a
potential accumulation of errors. This mismatch between the input used in training and
the input used in sampling resembles the exposure bias problem, originally observed in

other generative models [24, 25].

During training, the ground truth training sample x; is available to the model, with
the training distribution being q(x¢|xp). In the inference phase, the model can only rely
on the previously generated sample, X;. The sampling distribution can be denoted as
q(Xlxe1. x5T1), where x4
6.1, following notation by Ning et al. [23]. This results in a discrepancy between es(x;)

is the prediction the model makes for xp given x4, using Prop.

and ey(X).
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Xiao et al. [26] observed that the sampling distribution ps(x—1|x;) is parameterized as:
DPo(Xe—11x¢) = Q(Xt—1|xt,xgt)) (10.1)

where x(; represents the predicted xp. The sampling process involves predicting e using
€s(x¢, t) and deriving the estimation xg for xp using Prop. 6.1. Then, x_; is generated
based on the ground truth posterior q(xi|x:. xo), by replacing xp with xé. However,
q(xi-11x¢. Xo0) = q(xi—1|x;, x5) holds only if x) = xo. In practice, q(xi—1|x;. x0) # q(xi—1lx;, x5),
as the network makes prediction errors when estimating xg, and, as a result, q(x—1|x¢, xé)
does not have the same variance as q(x¢—1|x¢, Xo).

Ning et al. [23] analytically calculate the discrepancy between the training and sam-
pling distribution in DDPMs. They model xé as ps(xp|xt) and approximate it by a Gaussian
distribution, following Bao et al. [55, 56].

xé = Xxp + et€ep (10.2)

where e; is the standard deviation of xé, and ¢y ~ N(0,I). Their findings are summarized
in Table 10.1. It becomes clear that the sampling distribution’s variance is always larger
than that of the training distribution by a factor of ( Vab er+1)?. It must be noted that

1-ai+1

this is the prediction error produced in a single reverse diffusion step. During sampling,

the errors accumulate across steps, resulting in the Exposure Bias problem.

Mean Variance
q(x¢|xo) Vaxo (1-ayl

qRilxeer. X5 Vaxo  (1-a+ (Y2Le )1

Table 10.1. Mean and variance of q(xi|xo) and q(%|xi+1. x5)

10.2 Related Work

To address the exposure bias issue, Ning et al. [21] suggest explicitly modelling the
prediction error during training. During the training phase, they perturb x; as normal
and provide the network with a new, noisier version of x;. This simulates the training-
sampling discrepancy, fooling the learned network into considering potential prediction
errors during inference. Even though their method proves effective in reducing the expo-
sure bias phenomenon, it is cumbersome as it necessitates retraining the score network
entirely, a computationally expensive endeavour.

Li et al. [22] propose a different approach, which involves shifting the timestep t during
sampling. They observe that the time step t is directly linked to the corruption level of data
samples and demonstrate that adjusting the subsequent time step t — 1 during sampling,
based on the variance of the currently generated samples, can effectively mitigate exposure
bias. Despite the fact that their method circumvents the need for model retraining, tuning

the timestep shift is difficult to optimise.
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10.3 Epsilon Scaling

Ning et al. [23] propose scaling down the predicted noise factor €5 (where s denotes
the noise factor predicted in the sampling stage) by a factor ji; at time step t as a way to
reduce Exposure Bias. Their approach is based on the assumption that the accuracy of
the prediction €; can be enhanced if we are able to shift the input (%, t) away from the
unreliable vector field (depicted as the orange curve in Fig. 11.1 and 11.2) and towards
the dependable vector field (represented by the green curve in Fig. 11.1 and 11.2).

Their approach is rooted in the following observation: €3

3
to the noise factor predicted in the training stage) both originate from the same input

and e) (where t denotes

xr ~ N(0,1) at time step t = T. However, starting from time step T — 1, X (the input for €;)
begins to deviate from x; (the input for eé) due to the es() error made in the previous time
step. This iterative process continues throughout the sampling chain, leading to exposure
bias. Therefore, we can bring X; closer to x; by reducing the overestimated magnitude of
€5. Their sampling method only differs from Eq. 6.10 in the ji; term and can be expressed

as:

b, ) = —— (x — —2 ea(xt’t)) (10.3)

\/at \/ 1- C_lt ﬂt
As a result, epsilon scaling is a plug-in method which requires no retraining or fine-

tuning of the original score model and adds no overhead computational cost.
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Our Method

11.1 Quantifying Exposure Bias

As Table 10.1 illustrates, the x; seen by the network during training differs from the %;
seen by the network during sampling. This discrepancy leads to a drift between the noise
prediction made during training, €/, and the noise prediction made during sampling, €5
Following Ning et al. [23], we choose to measure the sampling drift at each timestep as
the difference between eg and e;. However, since the ground truth of €; is intractable in

the sampling phase, we use the L2-norm to quantify the exposure bias [23].
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Figure 11.1. EDM model, Euler 1st order solver. L2-norm of €s(-) during 21-step sampling,

sampling with DG and training. Statistical L2-norm was calculated using 50k samples at
each timestep. Sampling is from right to left.

In Fig. 11.1 and Fig. 11.2 we plot the L2-norm of eé, €5 and e;’D G using the Euler, as

well as the Heun ODE solver. €5 and e;'D G refer to the noise prediction in the vanilla EDM
model and in the discriminator guided EDM-G++ model, respectively. We observe that

in the case of the Euler solver, the L2-norm of eSPG

5 is larger than that of eg and nearly
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coincides with the L2-norm of €. In the case of the Heun 2nd order solver, the difference
between the two norms is smaller, however, the L2-norm of eg'D G is, once again, larger
than that of eg and closer to that of €5. This means that the correction term offered by
discriminator guidance does not alleviate the sampling procedure of its collected exposure
bias. Instead, the prediction errors accumulate and the learnt vector field eg’D S deviates

from the desired sampling trajectory.

55
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40
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35

30

25

20
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Figure 11.2. EDM model, Heun 2nd order solver. L2-norm of e€s(+) during 35-step sampling,
sampling with DG and training. Statistical L2-norm was calculated using 50k samples at
each timestep. Sampling is_from right to left.

11.2 Proposed Framework

We use the EDM model, proposed by Karras et al. [14], as a score estimator due to
the detailed way in which it was designed. Through careful network design and fine-
tuning of hyperparameters, EDM achieves a substantial quality enhancement, reducing
the FID score on the CIFAR-10 dataset to 1.97, demonstrating notable progress at the
time. Moreover, seeing as Exposure Bias exhibits a strong correlation with FID score [23],
we assume that in comparison to other networks, the vanilla EDM model demonstrates a
reduced accumulation of exposure bias.

When it comes to the discriminator network, we follow the setup demonstrated by Kim
et al. [5]. The discriminator network is comprised of the encoders of two U-Net struc-
tures. The first U-Net encoder is frozen and the second one is fine-tuned, to accelerate
training. We leave the exploration of other discriminator architectures, such as Vision
Transformers, as future work.

In Sec. 10.2, we mention different approaches which seek to reduce the impact of

Exposure Bias on the sampling trajectory. Ning et al. [21] suggest introducing an extra

Diploma Thesis



11.2 Proposed Framework

noise factor at each step during the training to mitigate the discrepancy between training
and inference. However, this method proves cumbersome as it requires retraining the
model from scratch. Li et al. [22] explore how manipulation of the time step during
the reverse generation process can trick the model into reducing the Exposure Bias is-
sue. This method is also difficult to implement as exploring the entire space of possible
combinations is inconvenient as it requires costly experimentation to produce noteworthy
results. The latest method to reduce Exposure Bias, introduced by Ning et al. [23], known
as Epsilon Scaling, is our selected approach. It is a training free, plug-in method, which
has proven effective in reducing Exposure Bias and significantly improving the FID score
across a range of diffusion models (ADM [57], DDIM [1], EDM [14], LDM [33]). We present
the main notion of Epsilon Scaling in Sec. 10.3.

Although the network output of EDM is the score function s, not €, the noise factor
€ can easily be extracted at each sampling step and used to apply Epsilon Scaling [23].

When it comes to designing the scaling schedule j;, Ning et al. [23] propose that
the term j; should be a linear function A; = kt + b where k, b are constants. They
also observe that the longer the sampling step, the smaller the k that should be used.
Thus, they suggest a uniform schedule ji; (k = 0) to facilitate practicality and simplify the
exploration of the b parameter. In our experiments, we confirm that the use of a linear A
can provide similar or sub-optimal results, compared to the uniform schedule A; = b and

explore the constant scaling factor more extensively.

Diploma Thesis






Chapter m

Results

12.1 Euler Solver

We firstly present our results using the Euler 1st order ODE solver. When it comes to
the Discriminator Guidance method (Kim et al. [5]), we identify a noteworthy omission.
Namely, the authors do not report performance of the EDM-G++ model using the Euler
ODE solver. We have calculated the FID score of EDM-G++ on the CIFAR-10 dataset
using various numbers of timesteps and Discriminator Guidance weight, w”® and we

present our results in Fig. 12.1.

—eo— EDM-G++, 13 step sampling °
18 -e.- SEDM-G++, 13 step sampling /
EDM-G++, 21 step sampling o
SEDM-G++, 21 step sampling /
16 —e— EDM-G++, 35 step sampling s
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14 ./
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o——————" O——————— o ——————— o——————"" ®-—=
0.00 0.33 0.67 1.00 1.33 1.67 2.00

Discriminator Guidance wP¢

Figure 12.1. FID-50k ablation study on DG weight (Euler Solver).

Notably, the EDM-G++ model, which is guided by a discriminator, exhibits a notewor-
thy decrease in sample quality when compared to the baseline EDM model. This decline

DG, increases.

intensifies as the weight assigned to the discriminator’s correction term, w
This outcome is intriguing in light of the fact that the inclusion of discriminator guidance
led to a substantial reduction in the FID score using the Heun 2nd order ODE solver. It is

plausible to surmise that the reduced FID score in the case of the 1st order solver may be
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attributed to the absence of a corrective step in the sampling process. The enhancement
of sample quality in the EDM model [14] is markedly facilitated by the inclusion of a
corrective step in the ODE solver. This is a crucial factor contributing to the widespread
adoption of the Heun ODE solver in recent research, as it consistently delivers superior

performance [14].

Nevertheless, the epsilon scaling method demonstrates its efficacy in the context of
discriminator-guided diffusion models as well. SEDM-G++ successfully reduces the FID
score across different numbers of total timesteps and wP® values when utilising the Euler
ODE solver, as compared to the EDM-G++ and EDM baselines. Remarkably, SEDM-
G++ narrows the performance gap between EDM-G++ using a 21-step Euler solver and
a 35-step Euler solver, with the performance of SEDM-G++ using a 21-step Euler solver
closely approaching that of the baseline EDM-G++ model using a 35-step Euler solver.
This results in a significant reduction in computational and time requirements during

inference, without compromising sample quality to a considerable extent.

In Figure 12.2, we present uncoordinated samples derived from the EDM-G++ baseline
and our proposed SEDM-G++. Apart from the evident improvement in the FID score,
our method yields noticeable qualitative enhancements in the generated samples. For
example, the sample located in the third row and third column, as well as the sample in the
fifth row and fourth column, exhibit a substantial enhancement compared to the baseline.
In the left subfigure, the shapes appear blurry and obscure, making it challenging to
discern the content of the images. Conversely, in the right subfigure, SEDM-G++ produces
images with clear, well-defined shapes and vivid colors, rendering the identity of the

depicted objects readily discernible.

Figure 12.2. Uncoordinated samples from the EDM-G++ baseline (left) and our proposed
SEDM-G++ (right).
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12.2 Heun Solver

We further explore the performance of SEDM-G++ using the Heun 2nd order ODE
solver. We conducted an ablation study on the relation between the weight attributed
to discriminator guidance in the 1st order step of the Heun solver, namely wflet and
the epsilon scaling factor A; = b. Based on the work of Kim et al. [5], we set the 2nd
order discriminator guidance weight, namely wsznd equal to zero for all tests. This choice
offers optimal sample quality and requires fewer computational resources, as the number
of calls to the discriminator network is practically halved by omission in the 2nd order
corrective steps. In order to reduce the computational needs of our study, rather than
generating a total of 50k samples, we generate 10k samples for each setting and derive
the FID-10k score, which suffices for the purpose of parameter optimisation [23]. The

results are presented in Fig. 12.3.

SEDM-G++ FID-10k ( {)

3.87

1.0001 3.86068 3.82881 3.81564 3.83918
1.0002 3.86003 3.82798 3.81864 3.81022 3.83784
3.86
1.0003 3.85759 3.82646 3.81413 3.80879 3.83662
1.0004 3.85895 3.82719 3.81422 3.80729 3.83575 -3.85
<
% 1.0005 3.86057 3.82829 3.81467 3.80818 3.84115
1o
[l -3.84
5
Z 1.0006 3.86257 3.82931 3.81317 3.81311 3.84537
o
w
1.0007 3.86484 3.83624 3.81241 3.81574 3.84929 -3.83
1.0008 3.86178 3.83739 3.85146
3.82
1.0009 3.86424 3.84116 3.81788 3.82431 3.85899
1.001 3.87191 3.84648 3.82706 3.83146 3.86368 3.81
1 1 1
1.33 1.67 2.0 2.33
DG
Wi Tst

Figure 12.3. FID-10k ablation study on DG weight and scaling factor (Heun Solver).

Our observations indicate that the most effective discriminator guidance weight values
are 1.67 and 2. Notably, when comparing these two values, we also note that the optimal

epsilon scaling value j; decreases as the discriminator’s weight coefficient increases.

DG
t,1st

comprehensive study, by generating 50k samples for each setting and utilising the proper

We further delve into the performance of the best-performing w values through a

FID-50k score to compare. We present our results in Fig. 12.4.
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Our proposed SEDM-G++ outperforms the current state-of-the-art in unconditional
CIFAR-10 image generation, by achieving an FID score of 1.73. The optimal hyperparam-
eters used are j; = 1.0004, wEIGSt = 1.67, and wsznd = 0. A comprehensive comparison
between SEDM-G++ and other prominent diffusion models is provided in Table 12.1.
Given that our approach is based on the EDM model [14], it maintains a low Number of
Function Evaluations (NFE) at 35 network calls per batch. This figure is significant as it
directly relates to the computational cost associated with the sampling process.

1.7450 WoS,, = 1.67
DG _ 2
1.7425 ek
1.7400

1.7375
1.7350 -
1.7325 /

1.7300 n
\ /./

1.7275

SEDM-G++ FID-50k ( {)
u

1.0002 1.0004 1.0006 1.0008
Epsilon scale A;

Figure 12.4. FID-50k ablation study on best performing DG weight values (Heun Solver).

Model NFE(]) | FID(])
VDM (Kingma et al., 2021 [27]) 1000 7.41
DDPM (Ho et al., 2020 [12]) 1000 3.17

iDDPM (Nichol & Dhariwal, 2021 [28]) 1000 2.90
Soft Truncation (Kim et al., 2022 [29]) 2000 2.47

INDM (Kim et al., 2022 [30]) 2000 2.28
CLD-SGM (Dockhorn et al., 2022 [31]) 312 2.25
NCSN++ (Song et al., 2020 [3]) 2000 2.20
LSGM (Vahdat et al., 2021 [32]) 138 2.10
EDM (Karras et al., 2022 [14]) 35 1.97
EDM-G++ (Kim et al., 2023 [5]) 35 1.77
SEDM-G++ (ours) 35 1.73

Note: Following the work of Karras et al. [14], we calculate the FID for
different seeds and report the minimum. Kim et al. [5] use random seeds
for FID calculation. Manually calculating the FID of EDM-G++ results in
an FID of 1.75.

Table 12.1. FID-50k performance comparison on unconditional CIFAR-10 image genera-
tion.

An intriguing observation pertains to the fact that the FID gain achieved through
Epsilon Scaling in the Euler sampler is more pronounced compared to the case of the

Heun sampler. This is in line with the observations of Ning et al. [23], who attribute this
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phenomenon to two key factors. Firstly, higher-order ODE solvers, such as Heun solvers,
entail a lower level of truncation error in contrast to Euler 1st order solvers. Secondly,
the corrective steps integrated into the Heun solver serve to mitigate exposure bias by
readjusting the drifted sampling trajectory back to the precise vector field. This is also
evident in Fig. 11.1 and 11.2. In the case of the Heun solver, any prediction error (the root
cause of exposure bias) incurred during each Euler step is rectified during the subsequent
correction step (Fig. 11.2), leading to a reduction in exposure bias. This exposure bias
perspective offers a comprehensive explanation for the superior performance of the Heun

solver in diffusion models.
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Conclusion

Diffusion models have emerged as the dominant class of generative models, with
applications in a wide range of tasks. Many recent works have shifted focus to refining
sample quality through improvements in the sampling procedure using pre-trained score
models. Inspired by Generative Adversarial Networks (GANs), Kim et al. [5] introduced
the concept of Discriminator Guidance (DG), utilizing a discriminator network to bridge
the gap between model score and true data score.

We explore the effectiveness of Discriminator Guidance in addressing exposure bias
accumulation during the sampling process in diffusion models. Our findings reveal that,
despite notable improvements in sample quality, Discriminator Guidance falls short in
mitigating exposure bias. In response, we introduce SEDM-G++, a novel approach that in-
tegrates a modified sampling technique, incorporating both Discriminator Guidance and
Epsilon Scaling [23]. Applying this method to the pre-trained EDM model, we demon-
strate its consistent ability to enhance sample quality while reducing exposure bias. This
improvement is observed across various ODE solvers, a range of numbers of timesteps
employed, and different hyperparameter settings. Our proposed approach outperforms
the current state-of-the-art, achieving an FID score of 1.73 on the unconditional CIFAR-10

dataset.
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Appendix

Uncoordinated samples

Figure A.1. Uncoordinated samples using EDM-G++, no Epsilon Scaling, Discriminator
Guidance, Euler solver, 13 steps. FID: 17.08
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Figure A.2. Uncoordinated samples using SEDM-G++, Epsilon Scaling, Discriminator Guid-
ance, Euler solver, 13 steps. FID: 12.28
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Figure A.3. Uncoordinated samples using EDM-G++, no Epsilon Scaling, Discriminator
Guidance, Euler solver, 21 steps. FID: 9.03
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Figure A.4. Uncoordinated samples using SEDM-G++, Epsilon Scaling, Discriminator Guid-
ance, Euler solver, 21 steps. FID: 5.99
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Figure A.5. Uncoordinated samples using EDM-G++, no Epsilon Scaling, Discriminator
Guidance, Euler solver, 35 steps. FID: 5.39
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Figure A.6. Uncoordinated samples using SEDM-G++, Epsilon Scaling, Discriminator Guid-
ance, Euler solver, 35 steps. FID: 3.76
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Figure A.7. Uncoordinated samples using EDM-G++, no Epsilon Scaling, Discriminator
Guidance, Heun solver, 35 steps. FID: 1.77
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Figure A.8. Uncoordinated samples using SEDM-G++, Epsilon Scaling, Discriminator Guid-
ance, Heun solver, 35 steps. FID: 1.73
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List of Abbreviations

BCE Binary Cross Entropy

DDIM Denoising Diffusion Implicit Model
DDPM Denoising Diffusion Probabilistic Model
DG Discriminator Guidance

GAN Generative Adversarial Network

NCSN Noise Conditional Score Network

SDE Stochastic Differential Equation

SGM Score-based Generative Model

VE Variance Exploding

VP Variance Preserving
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