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fE & fnStable Diffusion 32Zfg, StabilityAlGE&RF L TSD3RHARS, HBEESDZATAIMRA, SD3
BLERARINGH, B, SDIZ— M ETRectified FlowkIAERAEER!; E)%, SD35|N T T5-XXLEMER
text encoder>RigAHEEIBIN AIRRERE S &fG, SDIXKA T — 1 ZESHIDI TS, #EH RESHE
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Prompt: A beautiful painting of flowing colors and styles forming the words "The SD3 research paper is here!",
the background is speckled with drops and splashes of paint

BOHBIRF

SD3#HEL Z BIAISD— R ATt 2 K FARectified Flow{E A RIER!, Rectified FlowfEFlow
Straight and Fast: Learning to Generate and Transfer Data with Rectified Flow#{&5tigti, {BHIL
B BHI T ELEANFlow Matching for Generative Modelingi2 7 £ MNAYAEE ., IXEBMSD3MIE—
¥, BEIEETFlow MatchingsRNM4ERF, REENBSDITERF LR KBUH

Flow Matching

Flow Matching (FM) Z#&1i77Econtinuous normalizing flowsHIERE b, XBIGE AERITE X H—
BMo75*E (ODE) :

dzy = v(z, t)dt
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XE te[0,1] , M v(z,t) Mz RMEEE (vector field) . HAIHEXEA— 1 ODERMZE—MRE
##12 (probability path) p; , ERIUASZIMM—TIRED T p BBH—TEEDH po BUFEE (AU
Mz Ra flow) , ERXERAVENE LEEMFMIEXXFRINEX ZHERN, XEXZEAN T EEMYT SRR
Gi—iek, XBENRESHERNRASHIZE, B pr =N(0,1) , T py RENEZENEES
q(zg) . —BENMHET v(z,t) , BAIIMATIAFBODERRAZEZLLABRAISE (Euler method) S
M—NIGERIESEUBNAEMN. XE, BITTUA—138R 0 NEWEME vo(z, t) REEEEH,
FMESIEAL B AR :

Ley = By p ) l[va(2,t) — uwe(2)]]3
XEBH u(z) REMAEE, EAMTEIREDE p1 BEIBIEDT q(xo) HERER p(z) . FA
MESFMH Bir R EERHEMaEE. BREINBERBERAIMHEE p1 ~ q(z) , BRREE
FHasi, w(z) 2RI, FMEEL Bt IETH,
—MRERBBEHMNSLAAWE— w(z) , FILEEBRIERNNBETERER p(2) . B, FM
WXHSINT EHERERER pi(z]zg) , XBNEGEREIHIE z) , XTEHHERBUTHSEH S
e

pi(z|zo) = N (2|aszo, be)

XN SEHO B ERN axy , MHER b , XBH a; T b, #EM ¢t BXRHNRE, HARTS
9. EIRY, %t =0 BHRE ap = 1,bp =0, X#f po(2|ze) = q(z0) s ML t =1 BHE
a; =0,bp =1, X# pi(z]zg) = p1 - XK, REEXWEUERRKRZ pi(2|zo) BEBRITIRE S
1 p1 BIEZEIED M q(zy) RIREE,
MOBRATRER R py(2|xo) ROV BUREIMY BUSEEHEREMNFRN . HX, SIAFGERER, M2
BETEMNEX T — TR FE:

2; = a;xg + bye  where € ~ N (0, I)
EEBEMNMESEIIFMEIZ I UERYT 8RR, REXRBTA—E0MMEER (FENMTFRATENloss
NE) .

BTk, BATEE— A B, 3 ZEConditional Flow Matching (CFM)B#x:
Lerv = Bt glon) puielen) [[v6(2, 1) — wi(z]20) ]
XENRMGAED u(2|To) FFERMBERRZ pi(2|T) - IFCMERMCFMERR, —MREEMNSE
LRMEZERBZE—1T558 0 TxNEE, XtUMEKE:
VoLrn(0) = VoLer(0)

®EIER, EACFMBREIIZL 0 EFIXRACMBRRIIL 0 EFMN. XERNMAARFIERT, &
HBAYFTUEFMIEXXRAIERR, — TEVNNAERE, HMRABCFMBRRIIZ 0 thEaEg81AZI I
B, BHREMEE S p1 BIEIEIEST q(zo) , RSTIXEHMNALEET —MERE w(z|zo)



mE. MEEAENSEINRRNEREENZESR T MECERZIMETEXNERE (FImiEiE) i
EZ%,
B u(z) BRI, BRESINEHEN u(z|zo) BRIITELRM:

us(2lz0) = 2 = ayzo + bie

HE—SIRBERIEERERNE: o = (2 — be)/ay , BATEERANLR, ATUABE:

_a a; b
ut(z|zo) = o 2t ebt(at b,
a? a U
REHRNENSREE A = log b—; , Wi N\, = 2(a—t — b—t) . FRLAE:
t t t
a’ bt /

ug(z|zy) = a—tzt — SN
¢

BATRE ENANCFMB RS, FeJIXFE:

a' bt

Lory = Et,q(xo),pt(z\xo),GNN(O,I)‘|v0(za t) - a_zz + EAQGH%

XEBHEAX vg(z,t) H—HEXR:

RACFMAfLft BARPI1SE!:

bt / ’ 2
—S X ) leo(z 1) el
RS E S TR A MR TR S, XY SUREDDPMITNIRE 2 — 0, BRMHBmNZ T —
Tt BRONERI, A, FMESSAIUER— T RATEINE R EAY 8RE,
GooglefJ T fEUnderstanding Diffusion Objectives as the ELBO with Simple Data Augmentation}g
BT —1ME—K0A, EITRNEREERSFEDDPM, SDE, EDMEIKRFMEMM ML BirE UFGE—R:
1 I 2
Ew(xo) = _EEtNL{(O,l),ewN(O,I) ['wt)‘tHeH(ztat) - €|| }
NEMEMARELFR BN BRAR, FMTFRARENNE w, . ITFODPMEREH Lsimple »

1
RE wy = —2/X, . TXNFFME Lopy , B wy = —5,\;1),% .

Loryr = Bt g(ao) pi(zlz0),e~N (0,1) (

BARMKR, RNERBENEMREZERETRRERENTNBMNES . FAENRIEEERBARE a:
M by , SHARERERZ, MANEREUAATNES ¢ (DDPM) , FNS% s (SDE) , MKk
filEEsn v (FM) F%5., ERElEAINSERA—AETMNIES ¢ NMNHLBER, RENE w, B9
%%—O
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Rectified Flow

FEFMAR, {EZLAIH T —METFBMER ( Optimal Transport) BFARIAIAITRE:
2= (1= t)zg + (1 — t)mim + t)e
% g = 0, BARETMEEIFRectified Flowrth—iER BT
2= (1 — t)zo + te

RFRIEERE— M RE 2t HEWE o MIRE ¢ LUBERD, SBERBMNALEXAOBREZE
—5FH%, BEEAN—THFLRRERBAIINS FER—R, ZHMBSTRNTUBRD RIFNSLL,
ATEIENO TP RAIRMNIER, BAXEBINEINERILEX.

Diffusion

Figure 3: Diffusion and OT
trajectories.

SIFRF, B 2, = —x9 + €, FIANERKERRERT:
Lrr = Et,q(mo),pt(z\mg),ewN(O,I)HUG(Z’ t) - (6 - wO)H%
AJAEE, RERFHIRKRBZIEEEEN, WRBRFER L, (zo) , EXIRAY
1 t

V) S
W=7y = 7

SDIIEX FR 7 SLIRFRRLS), EEEHERUS 7IILEL, XBOFERRENE—T.

B2 2 BERAHISDEf SR EI(LDM-)Linear, LDMEEFDDPM, {EFIDDPMERE T A [tInoise
schedule, DDPMEEFE&ETE ¢t =0,...,T — 1 B 8088, ATV BEAER By M Br ,

t
B: = Bo + m(ﬁT_l — Bo) (DDPMHinoise schedule4 /) . XIFLDM,

2
B = ( Bo + %(\/611_1 — \/E)) . BRI B , AIBAEE!:

t

a = ([J(1-B))2 b =/1—a}

s=0
[& T ZMnoise schedule, |-DDPMiTIRH T cosine noise schedule, EfjadfZa]IAEN N (REAE
4RT(8)) -
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EP‘.:IE

% = mﬁ[%t]mu + .=:in|:2

BRT b5, SDIAELIRTEDM, EBXEBHNABREAT.

BURRIRER A

REMMRAREZROIGIRENNELS ¢ RS, BT ¢ FMEBRIESNRIERXRE, FRUBEMIRE
SISNREJREE, WFRF, HEIMERSISH t ~ U(0,1) HITRE, JUMBREINESL t 2E
FX R, EESDIIEXFINATRN ELZNESHER—F: MDENES, MPEZEREN, A
M, REZRITT —EMNRED ERRESPENESHINE, NERFND T, FNTHRENER
e

t
73"t
XEH w(t) BFRE ¢ FIERNMEST, HERYISH t ~U(0,1) B, «(t) =1 . TEEA]
M 4A— T SD3IC X PATSLRAY LI RIF I,

wy =

E— PR ERELogit-Normal Sampling, X2 XFLogit-Normala%n, FriBMILogit—-Normalyp iz
BT EMNIogitHRIESH M, ¥WFLogit-Normalnfh, HMIRRER:

1 1 (logit(t) — m)*
L Ly (o8O )
52w t(1— 1) 28

Ml (i; L, 5} =

t
XE logit(t) = log T HpZH m sIBUEH ¢ B9fmE (Hh m =08/, ¢t=05 29%
HIEE) , 28 s EH2MNRE (HEREHE) . TERTRENSH T mHNAAL:


https://arxiv.org/abs/2206.00364
https://en.wikipedia.org/wiki/Logit-normal_distribution

e e [, (tm=0.0,5=0.5)
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t

ERHIRE, BITPIUERTESHH v~ N(u;m, s) REEH— v, REBER t =

eu

1+ ev

o

E MRS EZEMode Sampling with Heavy Tails, Logit—-Normal 2 #a— NMalgi2fil ¢ = 0
t =1 MHAEARREARE, XPUERSNMHEE—ENFMN, MAXTEZNIRELFZRET —TEE
P, BREMNAENANTHIRE:

Joode(t;8) =1 1 — &+ (ooaz(%u} -1 +u)
2
RE —1<s < — , WHEHRPREN, RIANET v~ [0,1],t = fuote(u; 5) FRHEH
o =L ) . xenen
dt mode dt mode o 2

s EHISHREETE (>0) R2MAFD (<0) , 4 s =0 i, WEMEBLTFHIHHET, B
Tmode(t;0) =1 , FEEFRE s TSI,

B t , BIETETHRTEE, 5 Tnd(t; s) = 7(u)



https://en.wikipedia.org/wiki/Probability_density_function#Function_of_random_variables_and_change_of_variables_in_the_probability_density_function
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Mmode(t; s = — 0.54)
Mmode(t; s=0.0)
Mmode(t; s =0.81)
Mmodel(l; s =1.29
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t
Ra— TR FHE=ECosMap, XEHXZEE

RE 7N

ST FRF T Hcosine schedule , FA TR DAKAE— 1 BR &
fiur— f(u)=t, ue|0,1] , ILSNRHcosine schedule@—#$#Y, BN:

sin(Fu) f(u)
B ERERAE:
1

EHFREZETREE, BMTUSE ¢ ORRBE:

d ., 2
MCosMap (t) = Ef (t)' o — 27t + 272
XEF(TTMNELE XD, WTFAR, EHEFEMEZRES:
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STEESEIE

ATRIERFEEENEE L ZHAMA, SDIRXFM T —RIIANEELIN, LRNRBEXEIECTT, o
AlZ:
e XM e M v itk B4r, ERInoise scheduleX®Mlinearfllcosine, X4 MNECE: eps/linear,
v/linear, eps/cos, v/cos, EHeps/linearFiELDMFTRHANEE .,
o SRARFH Tmode(t; s) , XBILHArf/mode(s), HHEF s E—1~1.75Z @AM ME, S5
EEE— s =0 WEE, XEXMERERN, FIAXADHSTERE.
o RARFM 7, (t;m,s) , XEiSHrf/lognorm(m, s), BEHE m ~ [-1,1] fl s ~ [0.2,2.2] A
B EIRI0AH (m, s) .
o RARFH ToosMap(t) , XEiCHrf/cosmap,
* SRFEDM, igRedm( i{Hl TeX AR ), XM TSEREEDMIISNR, Hfz
P, ~[-1.2,1.2] #1 P, ~ [0.6,1.8] 195154,



RAEDM, {BRschedule? Bi& & NFIrfLARv/cosRISNRINTXITEE, XM MNECE 2 3iC Hedm/rf

Fledm/cos,

SMERNTRRENT:

WEREIEEE : ImageNetFICCI2MA N RS, HdImageNet#{E@id"a photo of a <class

name>"143& pl X - BT EIEE

EMFEAR: CLIP scoreflIFID (IXEAIFIDRACLIPHITHELSE, mAZEFinception V3) , FEY

W E Fvalidation lossiEiZER] ,

WEMEHESE : COCO-2014501EEE

R E: HWIEMEBRRBENIAE, HEEREstepsHICFG scalefI6 M BLE, 50 steps
(CFG scaley1.0, 2.5, 5.0) AKX CFG scale’y5.0895, 10, 25 steps,

E: IFEMAFIEMALE,

BPILIRAEMANEE BRI ZstepsE T validation lossi/\EIATE RILAUEER, XEBE2MIZEEE
BN RERREB2ESHHTE24NMNAS, FRAEMERBSBRI24NMENER, BT IEEIRE2

AN
[

FAMRAZ B PIEXEHIFEE (B FParetomffl) R#H{THIF . B—HMEE (24%) I

HITHER, ARNTIYE. TRER T AERENrankER (XERRREARERop 2) -

rank averaged over

variant all Ssteps 50 steps

rf/lognorm(0.00, 1.00) 1.54 1.25 1.50
rf/lognorm(1.00, 0.60) 2.08 3.50 2.00
rf/lognorm(0.50, 0.60) 271 8.50 1.00

rf/mode(1.29) 275 3.25 3.00
rf/lognorm(0.50, 1.00) 2.83 1.50 2.50
eps/linear 2.88 4.25 2.75
rf/mode(1.75) 3.33 2.75 2.75
rf/cosmap 4.13 3.75 4.00
edm(0.00, 0.60) 5.63 13.25 3.25
rf 5.67 6.50 5.75
v/linear 6.83 5.75 1.75
edm(0.60, 1.20) 9.00 13.00 9.00
v/cos 9.17 1225 8.75
edm/cos 11.04 14.25 11.25
edm/rf 13.04 15.25 13.25
edm(-1.20, 1.20) 15.58 20.25 15.00

Table 1. Global ranking of variants. For this ranking, we apply
non-dominated sorting averaged over EMA and non-EMA weights,
two datasets and different sampling settings.

B] LAEZrf/lognorm(0.00, 1.00)2 4R &rankix =M, METES stepsF50 steps T A] ARSI EFHY
rank, XEFTFRMARIognorm(0.00, 1.00)RIAT B SREE S AR IRIT 2R E R EIRT BT R, XIS E)RT
BEINREEABENN . XEHAIABRIRSHIFRR ERMERUMLDMET R BHeps/linear, THE
K #peps/linearfrank (XX F J1 N BGH B,
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TRETT AEMEELIE25 steps FE{RAICLIP scorefIFID, rf/lognorm(0.00, 1.00)M MBI RIN
T, MEHNeps/linearEESTthRE,

ImageNet CCl12M
variant CLIP FID CLIP FID
rf 0.247 4970 0.217  94.90
edm(-1.20, 1.20) 0236 63.12 0200 116.60
eps/linear 0.245 4842 0222  90.34
v/cos 0244  50.74 0.209 97.87
v/linear 0246  51.68 0.217 100.76
rf/lognorm(0.50, 0.60)  0.256  80.41 0.233 120.84
rf/mode(1.75) 0.253 44.39 0.218 94.06

rf/lognorm(1.00, 0.60)  0.254 11426 0.234 147.69
rf/lognorm(-0.50, 1.00)  0.248  45.64 0.219 89.70

rf/lognorm(0.00, 1.00)  0.250 4578 0.224  89.91

Table 2. Metrics for different variants. FID and CLIP scores of
different variants with 25 sampling steps. We highlight the best,
second best, and third best entries.

BATRI AR —S AN R A Rsteps FEMERRRM, W TFEFIR:

—=— edm(-1.20, 1.20)
=== ang&/linear
=== rlognorm(0.00, 1.00)

== i

120

——v/Cos

100

== v/linear

FID

a0

G0

10 20 0 #) 50
number of sampling steps

Bl AERIrfiE R fEstepstb B/ BILLERBA B AU ES, IRBArfREY o] DURIMEIRIN ERRSRIF D2, X
stepst&ingY, rffRtlleps/linear, 1BRBUIAGHIF/lognorm(0.00, 1.00)#kABEIS B eps/linear,

B4 RFEIMBIESY, (BREISUHEIRESERENED MREH#H—TRANR, XBET
lognorm(0.00, 1.00)KIR# /5 iEM LB R R,

ZIESDIT

SD3R T REABUARIRF, ZSI—TEENRHEAMEREB T —1SETDIT, SESDITH— MO ER
#latent tokensFIX AstokensiigE—ic, HRAMEMIIAINELIE, B2 EattentionfTH—1bIE,
B LRMEN TR
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X

Figure 2. Our model architecture. Concatenation is indicated by & and element-wise multiplication by *. The RMS-Norm for @ and K
can be added to stabilize training runs. Best viewed zoomed in.

MiERYautoencoder

XEHMM-DITHIDIT—H#, KAZ{EHR—"autoencoder (VAE) RIGEGEE Nlatent, SREIElatent

#E R patches, EAtransformerfbI®, ZHIkRANHISDAT{EARIautoencoderE—1 H x W x 3 #
H

SIEEIEYS) 3 X % X d Blatent, XEBH d =4 , ITEHERLERIRN, FREOAFEZMES

SEENWRET (EEWAR, XF%) . FALASDI@EIIENN d KiRFtautoencoderfIEEFHR=E, THE

EAREN d WESITH:

Metric 4chn 8chn 16chn
FID ({) 2.41 1.56 1.06
Perceptual Similarity (J) 0.85 0.68 0.45
SSIM (1) 0.75 0.79 0.86
PSNR (1) 25.12 2640 28.62

Table 3. Improved Autoencoders. Reconstruction performance
metrics for different channel configurations. The downsampling
factor for all models is f = 8.
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% d = 16 BY, autoencoderfHEEMBLERY d = 4 B—TLEERAIEF, FRASD3{EA16@ERN

autoencoder, X E, RAEBMBEHASNEMER (UNetsEDIT) NSHHERANTM (REFE
EMEE—ENRE—ENBEL) , ERSEINMESIEE, JBEHMIEMENGE, NEEMEN
ABEMN T 4E, XLEREREZEZIENSECRRERBNEE. SDIIEIHIN— LRI LELE R T AT

e

oo
wn

—— SDXL VAE [ch=4]
—— VAE [ch=8]
VAE [ch=16]
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w [=]
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~
o

k

%

(=]
(=]

12 16 20 22
model depth

Figure 10. FID scores after training flow models with different sizes (parameterized via their depth) on the latent space of different
autoencoders (4 latent channels, 8 channels and 16 channels) as discussed in Section 5.2.1. As expected, the flow model trained on the
16-channel autoencoder space needs more model capacity to achieve similar performance. At depth d = 22, the gap between 8-chn and
16-chn becomes negligible. We opt for the 16-chn model as we ultimately aim to scale to much larger model sizes.

HIERSHUE, 16:@ERautoencoderdti& A Lb4iBi&RJautoencoder B1F, {BHIREISEUILINAT, 16
BiEAJautoencoderfI BB R RLR, HREURER228, 16i@1EJautoencoderff i F4@ER
autoencoder, FidiXE8@iEautoencoderfzFID_EthARETF16i@ & Jautoencoder, {BFIDR ZE/&
REN—NEEITNIER, HFAERNEGATHNESR, MEEMRLE, 16@Eautoencoder i1
BERE, MEAIRETKE, LRES.

EERZEBRIE, ZBiMetab X4 BERIEMuth R A163@ & Jautoencoder i A EIG AT .
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https://arxiv.org/abs/2309.15807

4 channel 8 channel 16 channel 32 channel

Figure 3. Autoencoder. The visual quality of the reconstructed
images for autoencoders with different channel sizes. While keep-
ing all other architecture layers the same, we only change the latent
channel size. We show that the original 4-channel autoencoder de-
sign [27] is unable to reconstruct fine details. Increasing channel
size leads to much better reconstructions. We choose to use a 16-
channel autoencoder in our latent diffusion model.

MDALLE-3NI 2@ TN — P EFV giEsIflatent decodersEfRiR41BEautoencoderfy|a) &4,

NEEXA16@Eautoencoder, BEIZEMIRLARRQ)ER

XA misa3

SD3#Jtext encoder& &3 Fllilll ZRiFAIFEEL :
e CLIP VIT-L: SHE4124M
e OpenCLIP ViT-bigG: S#&%4695M
e T5-XXL encoder: S =294.7B

BER
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https://github.com/openai/consistencydecoder
https://huggingface.co/openai/clip-vit-large-patch14
https://huggingface.co/laion/CLIP-ViT-bigG-14-laion2B-39B-b160k
https://huggingface.co/google/t5-v1_1-xxl

SD 1.x#E&text encoder{fEFCLIP ViT-L, SD 2.x#&#&text encodersXFHOpenCLIP ViT-H, T
SDXLAJtext encoder{fE8ACLIP ViT-L + OpenCLIP ViT-bigG, X/XSD3&E E—1&/M, LT —1&E
KHIT5-XXL encoder, BFMImageniz B{FATS5-XXL encoderfE XA E&E B ftext encoder, FHiF
BRFIINI SR AT RO LE X AR BY T DASEIN B 4RO AR AZRE D, FEEMIIE, WINVIDIAReDiff-IHIMetafIEmMuU
SRFT5-XXL encoder + CLIPEAytext encoder, OpenAlfIDALL-E 3thRAT5-XXL encoder, SD3
IIAT5-XXL encoderth @R EITE X AIBRREN ISR B X FER LIRAMN—DXE,

Bixith, SDISHIZENHTREEAVIFIE,

BRI N CLIP text encoderfipooled embedding, ENIEXAMNERIEXIFIE, AEANDFIZE
768%11024, - TembeddingBHEE—i215%12048Membedding, ABRIT—TMLPRLEE 2 5]
timestep embedding#81.

RERXAMRIESHE, XBHo FIRIMANCLIPER R EIENEE — BRISE, HiEE—RaAEE
77x20484EHICLIP text embeddings; Bt MT5-XXL encoderf@ Bl & /fa— BHIFFIETS text
embeddings, #EA/NE77x4096 (XEBER#HItokentkERT77) . ABEIICLIP text embeddingsfsifl
zero—paddingfSEIFITS text embeddingsEI4EFFIE, &/, 1Fpadding/FHICLIP text embeddings
FT5 text embeddingstEtokentE _FHHEE—EE, 15%154x4096 K/ )\BYSRE Stext embeddings, text
embeddingsi&i@id —Minear 2412 5 E{&latentipatch embeddingsEI4E A/, FHHpatch
embeddingsHEE—EIZAMM-DITH,

( Caption j

( cupci4s ( cup-L/14 ) TSXXL )

77 + 77 tokens ( Noised Latent )
e II( , ‘ 273
% -B ‘___J 1096 (_ Paching ]
g Jchannel ( T mear )
l I iti
ME D T ) [ g
D ©
e ) ) |
| ( MM-DiT-Block 1 )
(Sinusoidal Encodingj | |
| ¢ MM-DiT-Block 2 )
( Timestep ) ‘ ‘
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1 = def modulate(x, shift, scale):
2 return x *x (1 + scale.unsqueeze(1l)) + shift.unsqueeze(1)
3
4 = class DiTBlock(nn.Module):
5 non
6 A DiT block with adaptive layer norm zero (adalLN-Zero) conditioning.
7 non
8 = def __init__ (self, hidden_size, num_heads, mlp_ratio=4.0, xxblock_kwar
gs):
9 super().__init__ ()
10 self.norml = nn.LayerNorm(hidden_size, elementwise_affine=False, e
ps=1le-6)
11 self.attn = Attention(hidden_size, num_heads=num_heads, qkv_bias=T
rue, xxblock_kwargs)
12 self.norm2 = nn.LayerNorm(hidden_size, elementwise_affine=False, e
ps=1le-6)
13 mlp_hidden_dim = int(hidden_size * mlp_ratio)
14 approx_gelu = lambda: nn.GELU(approximate="tanh")
15 self.mlp = Mlp(in_features=hidden_size, hidden_features=mlp_hidden
_dim, act_layer=approx_gelu, drop=0)
16 self.adalLN_modulation = nn.Sequential(
17 nn.SiLU(),
18 nn.Linear(hidden_size, 6 * hidden_size, bias=True)
19 )
20
21 = def forward(self, x, c):
22 shift_msa, scale_msa, gate_msa, shift_mlp, scale_mlp, gate_mlp = s
elf.adalLN_modulation(c).chunk(6, dim=1)
23 X = X + gate_msa.unsqueeze(1l) * self.attn(modulate(self.norml(x),
shift_msa, scale_msa))
24 X = X + gate_mlp.unsqueeze(1l) * self.mlp(modulate(self.norm2(x), s
hift_mlp, scale_mlp))
25 return x
26

I FFFIRItext embeddings, EMAILMIES R B Mcross attention B3R AME, Htext embeddings
{EattentionfkeysHlvalues, ELEAISDAJUNetIAKRPIXART-a (EFDIiT) . {E2SD3EEZiGtext
embeddingsfllpatch embeddingsE—EAME, XHERFEEIMS| Across—-attention, HFtextfll
imageB TR T AEINES, XEXRAREMIINSECRAIE, BIFiFtransformerZMNZE I SHELRH
219, BEHA— T self-attentionsESLIVFIERIR E ., XFMTRAM T transformertR B K LME T AT
Ef&, {BfxattentionZE&EHE, AAUNRXE—TZEEEE, RZAMM-DIT,
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Figure 4. Training dynamics of model architectures. Compara-
tive analysis of DiT, CrossDiT, UViT, and MM-DiT on CC12M,
focusing on validation loss, CLIP score, and FID. Our proposed
MM-DiT performs favorably across all metrics.

A MEIMM-DITEMTHEREHN, HERIESHNIMM-DITIRIFTF2ESHHNIMM-DIT, HREEiE
EZHEFEDPINESHIMM-DIT, A, XENEERMNNLERSFRIETRSHA/N, SNSLIH

E/AERTAYFT.,

MM-DITHIER ST ERERRE d , Bltransformer blockf9%=, LAY B AYAEEL b B4 FERO4E
BANE 64-d . XREFREYEBNRE d 1BAR r-d, BENSHKEAIEK r° . LLIIRER24

HIMM-DiITS 8 & 7828, JmAKNMM-DIT;RE 38

QK-Normalization

HS¥ERN 2B * (38/24)* ~ 8B ,

y TRZR

NTERAESEEIGNAEM, MM-DiTHself-attention2E XA T QK-Normalization, HiERITS

X, MBESDHREIG LIIZE, attentionERJattention-logit (QFIKAIFEFESE)

REFTRE,

=
~F

18



BINGHTINAN, XERRIRSEEXARMSNorm (BEifthkLayerNorm) StattentionfIQFIK#H4T)A—
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Figure 5. Effects of QK-normalization. Normalizing the Q- and
K-embeddings before calculating the attention matrix prevents the
attention-logit growth instability (left), which causes the attention
entropy to collapse (right) and has been previously reported in the
discriminative ViT literature (Dehghani et al., 2023; Wortsman
et al., 2023). In contrast with these previous works, we observe
this instability in the last transformer blocks of our networks. Max-
imum attention logits and attention entropies are shown averaged
over the last 5 blocks of a 2B (d=24) model.
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Figure 2: Noised images (x; = \/yZo + /1 — 7€) with the same noise level (y = 0.7). We see that higher
resolution natural images tend to exhibit higher degree of redundancy in (nearby) pixels, therefore less
information is destroyed with the same level of independent noise.
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Figure 6. Timestep shifting at higher resolutions. Top right: Hu-
man quality preference rating when applying the shifting based
on Equation (23). Bottom row: A 5122 model trained and sam-

pled with /m /n = 1.0 (top) and \/m/n = 3.0 (bottom). See
Section 5.3.2.
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Figure 8. Quantitative effects of scaling. We analyze the impact of model size on performance, maintaining consistent training
hyperparameters throughout. An exception is depth=38, where learning rate adjustments at 3 x 10° steps were necessary to prevent
divergence. (Top) Validation loss smoothly decreases as a function of both model size and training steps for both image (columns 1 and 2)
and video models (columns 3 and 4). (Bottom) Validation loss is a strong predictor of overall model performance. There is a marked
correlation between validation loss and holistic image evaluation metrics, including GenEval (Ghosh et al., 2023), column 1, human
preference, column 2, and T2I-CompBench (Huang et al., 2023), column 3. For video models we observe a similar correlation between
validation loss and human preference, column 4. .
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“A raccoon wearing formal clothes, wearing a
tophat and holding a cane. The raccoon is
holding a garbage bag. Oil painting in the style

of abstract cubism."”

“Two cups of coffee, one with latte ant of a
heart. The other has latte art of stars.”

“A bowl of soup that looks like a monster made
out of plasticine™

RIFEY,

cowboy hat, a kilt and a bowtie, The sloth is
holding a quarterstaff and a big book. The sloth
is standing on grass a few feet in front of a
shiny VW van with flowers painted on it
wide-angle lens from below.”

Figure 12. Qualitative effects of scaling. Displayed are examples demonstrating the impact of scaling training steps (left to right: 50k,
200k, 350k, 500k) and model sizes (top to bottom: depth=15, 30, 38) on PartiPrompts, highlighting the influence of training duration and

model complexity.
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okt

relative CLIP score decrease [%]
5/50 steps 10/50 steps ~ 20/50 steps path length

depth=15 4.30 0.86 0.21 191.13
depth=30 3.59 0.70 0.24 187.96
depth=38 2,71 0.14 0.08 185.96

Table 6. Impact of model size on sampling efficiency. The table
shows the relative performance decrease relative to CLIP scores
evaluated using 50 sampling steps at a fixed seed. Larger models
can be sampled using fewer steps, which we attribute to increased
robustness and better fitting the straight-path objective of rectified
flow models, resulting in shorter path lengths. Path length is
calculated by summing up ||ve - dt|| over 50 steps.
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Original Captions 50/50 Mix

success rate [%]  success rate [%]

Color Attribution 11.75 24.75
Colors 71.54 68.09
Position 6.50 18.00
Counting 33.44 41.56
Single Object 95.00 93.75
Two Objects 41.41 22.03
Overall score 43,27 49.78

Table 4. Improved Captions. Using a 50/50 mixing ratio of
synthetic (via CogVLM (Wang et al., 2023)) and original cap-
tions improves text-to-image performance. Assessed via the
GenEval (Ghosh et al., 2023) benchmark.

it B EHSH S AYFLE

U7 BMIGEIRRFRAERET, XEFSITEFEGZ autoencoderdwtdSEIflatent, AK SCASST N
Atext embedding, #53IET5, FIMATEREIAE20BMNER. ENTMLITEFEIE, heTE S oK
8],

Model Mem [GB] FP[ms] Storage [kB] Delta [%]
VAE (Enc) 0.14 245 65.5 13.8
CLIP-L 0.49 0.45 121.3 2.6
CLIP-G 2.78 2.77 202.2 15.6
T5 19.05 17.46 630.7 98.3

Table 7. Key figures for preencoding frozen input networks. Mem is the memory required to load the model on the GPU. FP [ms] is
the time per sample for the forward pass with per-device batch size of 32. Storage is the size to save a single sample. Delta [%] is how
much longer a training step takes, when adding this into the loop for the 2B MMDiT-Model (568 ms/it).
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XA EBREERE TR (HERN46%) , IMERABEXARTEIEESSEFHNISBARIAEXF,
A, MRBERXF, ERIMLTS, RBETSHMERE38%, FTHE—LEKIGIF:

All text-encoders w/o TS5 (Raffel et al., 2019)
I’.‘ :

| Aacorree

SCALING
S TRANSFORMER
MODELS 15 ' Tansformer,

AWESOME! Models s
AWESOME!

“A mischievous ferret with a playful grin squeezes itself into a large glass jar, surrounded by
colorful candy. The jar sits on a wooden table in a cozy kitchen, and warm sunlight filters
through a nearby window”

Figure 9. Impact of TS. We observe TS to be important for
complex prompts e.g. such involving a high degree of detail or
longer spelled text (rows 2 and 3). For most prompts, however, we

find that removing TS5 at inference time still achieves competitive
performance.
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“a peaceful lakeside landscape with “a book with the words ‘Don’t Panic],
migrating herd of sauropods” written on it”

2B base

2B w/ DPO

8b base

8b w/ DPO

Figure 13. Comparison between base models and DPO-finetuned models. DPO-finetuning generally results in more aesthetically pleasing
samples with better spelling.
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Objects

. Color
Model Overall Single Two Counting Colors Position Attribution
minDALL-E 023 0.73 0.11 0.2 037 0.02 0.01
SDvl.5 043 097 038 0.35 0.76  0.04 0.06
PixArt-alpha 048 098 0.50 044 0.80  0.08 0.07
SDv2.1 0.50 098 0.51 044 0.85 0.07 0.17
DALL-E 2 0.52 094 0.66 049 0.77  0.10 0.19
SDXL 0.55 098 0.74 0.39 0.85 0.15 0.23
SDXL Turbo 0.55 1.00 0.72 049 0.80 0.10 0.18
IF-XL 0.61 097 0.74 0.66 0.81 0.13 0.35
DALL-E 3 0.67 096 0.87 047 083 043 0.45
Ours (depth=18), 512* 058 097 072 0.52 078 0.16 0.34
Ours (depth=24), 5122 062 098 074 063 067 0.34 0.36
Ours (depth=30), 5122 0.64 096 0.80 0.65 073 033 0.37
Ours (depth=38), 512> 0.68 098 0.84 0.66 0.74 040 0.43

Ours (depth=38), 5122 w/DPO  0.71 098 0.89 0.73 083 034 047
Ours (depth=38), 10242 w/DPO 0.74 0.99 094 072 089 033  0.60

Table 5. GenEval comparisons. Our largest model (depth=38)
outperforms all current open models and DALLE-3 (Betker et al.,
2023) on GenEval (Ghosh et al., 2023). We highlight the best,
second best, and third best entries. For DPO, see Appendix C.
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ATEM
AT EE=AFE:

Prompt following: Which image looks more representative to the text shown above and
faithfully follows it?

Visual aesthetics: Given the prompt, which image is of higher—quality and aesthetically more
pleasing?

Typography: Which image more accurately shows/displays the text specified in the above

description? More accurate spelling is preferred! Ignore other aspects.
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