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Deep Generative Models

Variational Generative Normalizing Energy/Score-based Diffusion Models Flow-Matching
Auto-Encoders Adversarial Nets Flows generative models (2020) @ (2023)
(2013) (2014) (2014) (2019) p(z) =N p(2) > p(z) arbitrary
p(z) \ p(2) p(2)
q¢{le) x = fy(2) Pe(x,2) x po(eelz) '.‘ fi(felrjél)
! x = fo(2) i i exp(—Eq(x]2))
pe(x|2)y , invertible PL—Eg
po (X)) Po (x) pe (x)
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Diffusion Models

forward diffusion process

dx; = a;x; dt + g; dw; A 4
®. L SNE W el

A simple reverse process >
distribution dx; = —ap_gx; dt + g7_;Vlogpr_i(xg) df + gr_; dw;  Target distribution
2 T —_—
logpr(xr) + fOT V- (—aT_fo + %Vlog pT_f(Xf)) dt = logpe(xp)

g

S 7—i(Xg)



Diffusion Models
+ Training: min Ep,cey|lse, ) = Vlogp (x|
- Vlogpe(xe) = Epexolx) [ Vx, 10g P (x¢[%0)]
—

. 2
2> meln IEipt(xt)p(x0|xt)l”Se,t(xt) o vXt logp(XtIXO)” p(xtlxo) = N(atXO» Glle)'
Y t t g2 .
= Polxo)plxclxo); samples avatlable where a, = o %%, 2 = [[%; ds available.
X ~ P(X¢|Xo) & X¢ = arXo + o€, € ~ N (0,1)
2
: €
> mn Epoxo)p(e |[So,c(@eXo + O-tEQ
So,:(X¢) =1 —€g¢(X¢)/0;

2 . . .
> min Ep xo)po || €0,c(@cXo + 0.€) — €||": noise prediction

€9 ¢ (X¢) =: (Xt - atXOG,t(Xt)) /0%

> min Ep (xo)pco ||X00,c (@cXo + 01€) — x0||2: clean-data prediction (denoising)



Balancing Time Steps
. . _ 2
» Training: min Ep o) We Epy xo)p(e) [ Xo6.¢ (@eXo + 0:€) = Xo|

» The loss value does not reflect absolute fit to data!

S Epy (xo)pCeeine) [ Xoo,e Xe) = %o

for a given x;, x(g :(x;) minimizes Y, g‘)

? (i)
where x;,” ~p(Xq|X¢).

‘XOG,t(Xt) —X

= Optimal xgg . (X¢) = Ep(x,x,) [Xo]-

Training Loss of Various Diffusion Models on CIFAR-10

-=> Optlma| IOSS: tr COVp(Xolxt) [XO] > (0 and UnknOwn! 130] — VP-e (ODPM), FID=1.97

—— VE-F (EDM), FID=1.94

—— VE-£ (NCSN), FID=2.72

« Cannot compare data fitness at different time steps. | — rvw. -2

FM-v (SD3), FID=2.36

 Cannot diagnose training status from training loss.
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Balancing Time Steps
. . _ 2
» Training: min Ep o) We Epy xo)p(e) [ Xo6.¢ (@eXo + 0:€) = Xo|

» The loss value does not reflect absolute fit to data!

S Epy (xo)pCeeine) [ Xoo,e Xe) = %o

for a given x;, x(g :(x;) minimizes Y, g‘)

? (i)
where x;,” ~p(Xq|X¢).

‘XOG,t(Xt) —X

= Optimal xgg . (X¢) = Ep(x,x,) [Xo]-

Training Loss of Various Diffusion Models on CIFAR-10

-=> Optlma| IOSS: tr COVp(Xolxt) [XO] > (0 and UnknOwn! 130] — VP& (DDPM), FID=1.97

—— VE-F (EDM), FID=1.94

—— VE-£ (NCSN), FID=2.72
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FM-v (SD3), FID=2.36
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Estimating the Optimal Loss

Epy e %01 = B [Eptaen Bl ] A= T30 IR

:A ::Bt

J(XD) —

p(Xo|X¢)
p(Xo)

« Estimation by importance sampling: ]EP(X0|Xt) [Xo] = Epxy) [ XO] o< Epxo) [P (Xe]X0) Xo]
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Estimating the Optimal Loss

(x0)™ 2 2 .1 .
Jy IEpo( “XOHJ_EEP(XIE)HEP(XO|X1§)[XO]HJ A= N ZHG[MHXE} )||2

:A ::Bt

p(Xo|X¢)
p(Xo)

« Estimation by importance sampling: ]EP(X0|Xt) [Xo] = Epxy) [ XO] o< Epxo) [P (Xe]X0) Xo]

(n) m) _ (n) 2
1 X Ki(x,",x —
me [M] Z c[N ]Kt( » X0 ) 0y

« Scalable estimator: by dataset subsamplmg

¢ BSNIS 1 Z > lelL] xV K (x ™ x(f)) Large variance from rarely hitting
= — — ; > (m) (m) (l)
¢ M £ =l e Kt(xt ) x{")y x, ~ that makes a large Kt( X, ,Xg )
1 ey ¥ K™ ) || h f ke x,:
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Estimating the Optimal Loss

(Xo) 2 A 1
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Relative Training Loss Gap

Principled Diffusion Training and Analysis

. L 2
Tl‘alnlng. meln IEp(t)WtIEpo(xo)p(e)”XOH,t(atXO + O'tE) — XO”

* Principled training schedule:

1.04 1
1.02 -
1.00 A
0.98 A
0.96 -
0.94 1

0.92 1

Mainstream diffusion models

|
1
1
|
1
1

Wy = a min{%;, w*} + N (logo; t, 62) Iy s

J

normalizevthe scale
p(o) < ws(Js(0) — J7)

upweigﬁt the

POS. correl. region

Table 3: Comparison between existing training schedules and ours on ImageNet-256 dataset.

positively hegatively

correlated correlated
—— VE-F (EDM), FID=1.94 %
—— VP-£ (DDPM), FID=1.97 :
— FM-v (FM), FID=2.07 !
FM-v (SD3), FID=2.36 :

-3 -2 -1 0 logo R

logo

Method Generation w/o CFG Generation w/ CFG
FID(]) IS(T) Pre.t) Rec.(?) FID(]) IS(t) Pre(T) Rec.(D)
Pixel-space Diffusion Models
ADM (Dhariwal and Nichol, 2021) 10.94 — 0.69 0.63 394 2159 0.83 0.53
RIN (Jabri et al., 2022) 342 182.0 — — — — -
Simple Diffusion (Hoogeboom et al., 2023) 277 2118 - - 2,12 2563 - —
VDM++ (Kingma and Gao, 2023) 240 2253 - — 2,12 2677 — -
SiD2 (Hoogeboom et al., 2024) — — - — 1.38 — — -
Latent Diffusion Models
MaskDiT (Zheng et al., 2023) 569 1779 0.74 0.60 228 2766 0.80 0.61
DiT (Peebles and Xie, 2023) 9.62 1215 0.67 0.67 227 2782 0.83 0.57
SiT (Ma et al., 2024) 8.61 1317 0.68 0.67 206 2703 0.82 0.59
FasterDiT (Yao et al., 2024) 791 1313 0.67 0.69 2.03 2640 0.81 0.60
MDT (Gao et al., 2023a) 6.23  143.0 0.71 0.65 1.79 283.0 0.81 0.61
MDTv2 (Gao et al., 2023b) — — - — 1.58 314.7 0.79 0.65
REPA (Yu et al., 2024) 5.90 - - - 1.42  305.7 0.80 0.65
LightningDiT (Yao et al., 2025) 2.17  205.6 0.77 0.65 1.35 2953 0.79 0.65
+ reproduction 229  206.2 0.76 0.66 1.42 2929 0.79 0.65
+ our schedule 208 2208 0.77 0.66 1.30 3013 0.79 0.66




Principled Diffusion Training and Analysis

« Scaling-law analysis:

2.5925 x 107!

2.59 x 107!

2.5875 x 107!

2.585 x 1071

2.5825 x 1071

2.58x 107!

2.5775 x 107!

2.575 x 107}

J(F) = BF®

Training Loss Jo atlogo=4.38 (p=0.82)
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Thanks!

Check out our paper
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