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A discriminator D estimates the probability of a given sample coming from the real dataset or the synthesized
data

A generator G learns to capture the real data distribution so that it synthesizes samples as real as possible

D and G are playing a minimax game in which we wish to optimize the following loss function:

min max L(D,G) = E, pz)[log D(z)] + E,_p ) log(l — D(G(2)))]
e : L

= Eypo(z)log D()] + Eqpya)log(1 — D()]

Problems: hard to achieve Nash equilibrium, low dimensional supports, vanishing gradient, mode collapse
Improvements: feature matching, minibatch discrimination, historical averaging, label smoothing, virtual batch
normalization, adding noise, using better distribution similarity (WGAN)
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« In VAEs, the input data is sampled from a parametrized distribution and the encoder and decoder are jointly
trained such that the output minimizes a reconstruction error in the sense of KL divergence between the posterior
and its parametric approximation

* It minimizes the following lower bound (ELBO) with the reparameterization trick:

Lvag(0; ¢) = — 1og po(x) + Dict.(95(2[%) [po(z[x)) 7~ gy(zlx) = Nz p, a0
= _]Ez~{,r(j{z|xj log pa(x|z) + DkL(gs(2|x)||pe(Z)) Z — it + o €, where € ~ J'"h"‘{{]? TI) ; Reparameterization trick.

« Improvements: Beta-VAE (disentangled latent factors), VQ-VAE, TD-VAE (for sequential data)

Lpera(é, 8) = _]Erurm{z|xj log ps(x|z) + BDx1(q4(z[x)||pe(z))
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A flow-based model is constructed by a sequence of invertible transformations. It explicitly learns the data

distribution and therefore the loss function is simply the negative log-likelihood
« Flow-based models use the following process to calculate the data distribution:
x=zk = fko fk10---° fi(zo)
log p(x) = log i (zx) = log mx_1(zx 1) — log |det 4/ .
o . For function 7:
= log ks (mk2) ~ log fdet 51| —log|det 1 1) It is easily invertible
- 2) Its Jocobian determinant is easy to compute
= log mg(z0) — Zlog det d‘i:'c'l
« Implementations: [Farcion [ Reven Funcion | Log-dorminan =
E i IR R P - B
Yd+1:D = Xd+1:D @ exp(s(x1d)) + t(X1d) ——— e T o) o) 55 __ ,_
RealNVP Dinhetar, 2008 o el :f.tx“ epliog) ” o % fﬂ
I ) et —— o
V= concat(ya,ys) | x = concat(xaxs) Masked Autoregrassive Fiow (MAF) Inverse Autoregressive Fiow (1AF)

Glow MAF & IAF
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Intro to Diffusion Models

« GANSs suffer from unstable training and are bad at generating diverse results; VAEs rely on a surrogate loss; Flow-
based models have to use specified architectures to construct reversible transform

« Diffusion models slowly inject random noise to data and then learn to reverse the diffusion process to construct
desired data samples from the noise, at the benefits of a fixed procedure and high-dimensional latent variables

T
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Dive into Diffusion Models

« Forward diffusion : iteratively add small amount of Gaussian noise, producing a sequence of noisy samples

T
q(xsfxs 1) = N (x5 4/ 11— 31*& 1 Bd)  g(xir|xe) = HQ‘(Kt X¢ 1)

t=1

«  We can sample data at any time step #using reparameterization trick:

Xt — xf"ff—.tx.r, 1+ Uﬁl — (p€g ;where €;_1,€;_9,--- ~ N'{D:I]

= Voo Xy o+ /1 — gy 1€ 9 ;where €; s merges two Gaussians (*).

= Vaxo + V1 — ae
q(x¢|xg) = N (343 v/ @xg, (1 — a@;)I)

«  We can afford a larger update step when the sample gets noiser:

_,H] < o < -e. < .BT ¥ =« = Q0

Use variational lower bound

Po(Xy—1[%t) :
@H H@ @

X:|Xt 1) ,'

q(x:—1]x:) is unknown
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Reverse diffusion : recover the real data from Gaussian noise by learning a model to approximate the probability

po(xor) = p(xr) [ [ Po(xi-1xe)  polxe1lxe) = N (xe—15 po(x1, t), Bo(x, 1))

t=1

*Note: we cannot reversely use the reparameterization trick to sample x,_; from x, because a final probability value is needed to calculate the loss

 In order to make the reverse conditional probability tractable, we further condition it on x,:

Using Bayes'

q(xe—1x:,%0) = q(xe|xe1,%0)

Therefore we have:

rule, we have:

ocexp(—

|
2}
]
=
—
|

(x4,

g(x;1|x1,x0) = N(x; l;ﬁ(xiaxﬂj!-ﬂ:'l:]

q(xs-1|x0)
q(x¢|x0)

{(X; — Vaixi1)? (%1 — Var1xp)?

(¢ — x-""ﬁ_'fxn}2 ))

1
E 3; + 1 —C_):L 1 B 1 _‘:-:kf.

1{ — 2/ x, 1+C¥t3'i; 1 X;“ ]—menxr 1—5'1-13(3 (x¢ — \f’"a—txo)z})
2 Bt 1—ap g 1—ay

1, oy 1 2 2,/ 24/ @4
Lo 2 +C(xt,%0)) )

3 (5, + 15, )% — (g X+ g X0 xe1+C(x, x0)

5 1 g — @+ By 11—y

—1)(2 —1/ - -f
P (5} e, '(BL(l 1) 1-a

foe; /& o 1
X[J)=(x,txt+ VT o) /(SR + ) — -
_;j; 1—(.‘“ 1 3 1—a 1

— /
Joey [ 1—-a
= (x X + v Xq) =1 .8, -
_H,f, 1-— ‘kg 1 1-— (‘t
Vol — a ) \/Ct‘; 15t
= p X+ Xo
11—y 1— oy

You can verify the expression in exp is a square number

Use variational lower bound

Po(Xe—1x)

—>4>

q(x¢—1]%¢) is unknown
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* The reparameterization trick implies xo = —=(x: —v1-a:) , we can plug it into the mean:

. Loy 1 oy —ay + B 1—ay ., |
By =1/(—+ — ) =1/ — = — - r
M — A1 — —a — — =
o tman A C”Il} b - Vear(l — ) L Ve 18 1 ( 11— ae)
. Vo W @ e Mf = — XI_ — Xi — "I._."' — ﬂ'fff
;Lt(Xf:X[]}f( 3.1 X+ 1—a, ]x[]}."’{laf + 1—ar 1} 1 — {-'tf 1 _ 'Ctr_ 1\{_}:!.
Vg V- 1—ayq
= -B
( B Xt I o ]X[l} 1 a Pt _
Vel —a-1) v @10
= — X + - X
1— oy 1— ay

« We can use the variational lower bound similar to VAEs to optimize the NLL:

—log pe(x0) < — log ps(x0) + DkL(g(x1.7|x%0)||ps(x1.7]%0))
) r q(m:ﬂxll}

= —log pe(x0) + Exprgxirixo) | 108 ———=——

( rr-q(x1{x0) | pa(xn;r}fpﬂ(x'l)]

q(x1.7[%0)

pa(xoT)

= — log pg(xq) + Eq[log + 10g-pe{x[1}]

q(x1.7|x0) ]
pa(Xo0.7)
q(x1:7|x0)
po(xor)

= E,[log

Let Lyvin = Egpxep [102; 2 —Ejxg) log pa(xa)

The right-hand side is the standard cross entropy loss
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g(x1:7(x%0) 7

pa(xp.r) = —Ey(xg) log po(x0)

Let Lyip = E g(xeT) [lﬂg

« The VLB can be further decomposed into a combination of several KL divergence losses:

q(x1r|x0) |

pa(xor) -

Hf:l qlxe|x 1)
pa(xr) [Try po(xe 1|xc)

_ T
= lEq_ — log pg(x1) + Z]og 7q{xilxt 1) ]

Lvie = Egxep {log

—E,|log

—1 Po(Xe—1[x¢)
= Eu| ~logpatoxr) + i o8 )
= lEq log pa(xT) é ( P):XIJTXT]U} . ;S:fiz}o} ) + log ;:(;: ull:j:]}}
= lEq log pa(xT) é p?xlg }:):[] + Z] x;ill ;C][J) + log ;:E:JE:I}):
o[ - lontar) + Zl T o S o]

[ xﬂxo g(xp1[x¢, %)
= log ——————— — log py(xo X1}}
q- Z Po(x—1|x)

= Eq[Dxw(g(xr|x0) || po(xr)) +ZDHL X¢ 11X, X0) || pa(x: 1|Xf]} log pg(xp|x1)]

=2
Lt Lga Lp

which leads to: Lvis — L 4 Lot 4 - + Lo

where Lt = Dy (q(xr|x0) || pa(x1))
Li = Dxr(g(xe|xt+1,x0) || po(xe|xes1)) for 1 <t < T —1
Ly = —log pa(xq[x1)
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Lvie=Lr+Lr1+---+ Lo
where Lt = Dgy(g(xr[x0) || pe(xT))
Lt = Dy (q(x¢|xe41,%0) || po(xt|xe1)) forl <t < T —1
Ly = —log pe(xo|x1)

» The next question is how to parameterize L,. We would like to train s to predict i: = — (x.r, — jl—%ef)
« Because x; is available during training, we can instead make the model to predict €; from x;:
”’E‘(x&!t} -
Thus x; | = N(x; 1; \L_; (xf — \..-1-1_—&.:;63(”?:])?23(}{3 t))
« Then, L; is parameterized to minimize the difference
. 1
L,= Ext]ﬁ[M' (%, %0) — polx,t ]
i} 1 1 1—a 1 1— oy 2]
:E"‘”-‘[mzslg |\/E (xi \/1—0,&) T Va (x"_ Vi-a eg(x“t})” ]
: (1—ay)
= Exn.f[:h (1—a)Zal2 |ler — €alxe, t)| 2]
a (1- Gt}z = -
= Exqe [2<1¢(1—Q¢}|Eg|2| Eg(v{l;}(o—vl—(.‘ktét,f”?]
« It can be simplified to make the diffusion model work better: _ _ _ ,
Algorithm 1 Training Algorithm 2 Sampling

: repeat

. r 1
Lsunp]o —E,_ Mles — enlx,. 1 ?:| 2 xp ~ q(xo)
¢ t~[1,T],x0,€¢ _” t o(x0,2)|| 3t Unifr;]rm([l ..... T})
. r — —— 2] 4 e~ N(0,1)
= Etu[l;T],x:Lq ller — €g(vV @xp + V' 1 — &, t)|| 5: Takchradicmdcmnl step on

Vga”l—: € (Varxo + /1 c\fge,t)H2
6: until converged

S B Wy

Xr ~ J\"(U, I)
fort=1T,...,1do
z~N(0,1)ift > l,elsez=0
Xp—1 = ﬁ (x:. - ﬁc"(x"’”) + o1z
end for
return x;
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 The variance matrix in q(x; 1/x:,x0) = N(x; 1; f2(x1, %0), 5,1) is found to be important for stable training. An effective
method is to interpolate between 5, and 5, by predicting a mixing vector v:

¥o(xs,t) = exp(viog By + (1 — v) logﬂi}

simple

- However, L™ does not depend on ,(x,,t). A feasible way is to combine L™ with Lvizg, leading to
Luybria = Lsimpie + ALvie With small 2. A time-averaging smoothed version of Lvis is leveraged to better optimize the
loss.

Lyvin=Lr+Lr1+---+ Lo

— _ —
N \'_a"ﬁg{]. — (k¢ 1} \/ (g ]_D]r 1  E—
e = 1—a T TS — (%t — V1 - ae) where Ly = Dy (q(xr|x0) || pa(xr))
— ay — Qy
Vi Lt = Dxu(g(xe|xe+1,%0) || po(xexe+1)) for1 <t < T —1
= Ly = —log pa(xo|x1)
simple _ 3 [ 2
- oy 1 oy — ay + 5 1 — &y L™ = Boprmxoe |16 — €0(xe, )] }
'lef =1(—+—)=1/ — ‘ "-ir . r — —— 2]
{ ,Lfr 1 t.Tt; 1 } ' E .ﬁ;l:l (:l.; 1} ] 1 Xy = Et»[liT]_,xn.q _||'EL - ES(V"‘-HX[] +/1- Ct'tft:f]” ]
Algorithm 1 Training Algorithm 2 Sampling
1: repeat I+ xp ~ N(O. T
2z X0~ g(xo) 2: ;'::rt - ;,'E N .),, 1 do
i: b~ [L?(lgmr?‘({l ----- )] % z~N(0,I)ift > 1,elsez =0
. €~ ’ a
5: Take gradient descent step on . 4 X = \,.I—,, (xl - ﬁﬂ:(xhi]) + o2
Vo ||E Gg(\/cu_gx(] } \/’]_ (\(!E‘t)”z 5: end for
6: until converged 6: return xp
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Advanced Topics of Diffusion Models

Speed up Diffusion Model Samping

It could be very slow to generate samples following the Markov chain of the reverse diffusion process as T can be
up to few thousands of steps.

One simple way is to use a strided sampling schedule, i.e., update every [7/5] steps to reduce the process from T
to S steps.

Another approach is to re-parameterize x, as:

X1 = Varixo+ V1 @& 1€
Y o
=V @ X0+ 1—a& | —o7€ + o€
- = - a9 1-— df. 1
— / X — X B, — g% —
/= / _ 9 Xt — W OXy A = of = . B
=vVarxo+y/1-ar1—o; + o€ Pt t 1-a

V91—

- — _ X — Vaxy
Qo (Xp 1], %0) = N (%15 v/ @1%0 + \Y1-—a 1—6?_7_47%

v1— g

Let o7 =n-5; such that we can control the sampling stochasticity. 7= 0 makes the model deterministic. Such a
model is called denoising diffusion implicit model/ (DDIM). It maps noise back to the original data samples.
During inference, we only sample S diffusion steps and the process becomes(*):

—
Xy — VX

,0;1)

QJ,TEK‘T-E ||XT£: J‘:(I..] — -'h""rr:xﬁ' 1 "\/.C_rf 1Xp + 1.'1 — 0y — G-E

\1 - 'ﬁt

(*) Currently | do not fully understand the mechanism behind DDIM. For readers who are interested in
DDIM, please refer to the original paper: https://arxiv.org/abs/2010.02502
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Advanced Topics of Diffusion Models

Speed up Diffusion Model Samping

« Latent diffusion model (LDM) runs the diffusion process in the latent space rather than pixel space, making
training cost lower and inference speed faster. It first trims off pixel-level redundancy with autoencoder and then
manipulate /generate semantic concepts with diffusion process on learned latent.

« More concretely, an encoder E is employed to compress the input image to a latent vector z = E(x). Then a
decoder D reconstructs the image from the latent vector x' = D(z). The diffusion and denoising processes happen
on the latent vector z.

Qli ) v
vd
where Q = W1 - ¢:(z:), K = W - 7y(y), V.= W - ry(y)

iV i i 1 ~ o Nxd e 3
and Wf_,;} e R de, WU WU ¢ pidr o, (z;) € RV*%, 14(y) € RM*

Attention(Q, K, V) = softmax(

Latent Space Conditioning
-I——— Diffusion Process ————— Ema““
a;
Denoising U-Net €4 ZT Text
(r=1) | - — Repres
ﬂ —L entations
D _[\_'_ QR | Q@ Q Q mages
o [REAYR ARG
Pixel Space, B
|
. o
bq £ 2 a -

denoising step crossattention switch  skip connection concat N

Memory-efficient array redistribution through portable collective communication, https://arxiv.org/abs/2112.01075
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Advanced Topics of Diffusion Models

Conditional Generation

« To explicitly incorporate class info into the diffusion process, we can train a classifier fs(v/x:,t) on noisy image x;
and use gradients V,,log g(x;) = — —eo(xi,1) tO guide the diffusion sampling process toward the conditioning
information y.

« The joint distribution g¢(x:.%) can be rewritten as follows:

Vi logq(xs, ) = Vi, log g(x;) + Vx, logg(y|x;)

1
e — €p(x, 1) + th log f@é[mxt}
v 1— @y
1 JE—
=— (es(xi;t) — V1 — eV log fo(y|x:))

v1— ag

« A new classifier-guided predictor € would take the following form:
€o(x,t) = €p(z4,t) — /1 — &y wVx, log fu(ylx:)

« The resulting model is called the ablated diffusion mode/ (ADM).

Algorithm 1 Classifier guided diffusion sampling, given a diffusion model (u9(z;), 2g(z,)), classi-  Algorithm 2 Classifier guided DDIM sampling, given a diffusion model €g(z¢), classifier fy(y|z),
fier f,(y|x:), and gradient scale s. and gradient scale s.

Input: class label ¥, gradient scale s

xp + sample from N(0,1)

for all ¢ from 7" to 1 do

Input: class label y, gradient scale s
xp + sample from N (0, 1)
for all £ from 7" to 1 do

1, % pg(x:), Lo(ze) € eg(ae) — v 1: ay IV_'”: togf¢{y\$n) ‘
x;1 4 sample from N (p + sX V, log fo (]2 ), ) Tio1 4 Va1 (--r e ) VT —a ¢
end for end for
return return

Diffusion Models Beat GANs on Image Synthesis, https://arxiv.org/abs/2105.05233



https://arxiv.org/abs/2105.05233

Advanced Topics of Diffusion Models

Conditional Generation

- The unconditional denoising diffusion model é(x) parameterized through a score estimator es(x:,t) and the
conditional model re(x[y) parameterized through es(x:.t,%). These two models can be learned via a single NN.
 Precisely, reo(x|y) is trained on paired data, where the label gets discarded periodically at random such that the

model knows how to generate images unconditionally, i.e., es(x:,t) = es(x:,t,y = 2).

« The gradient can be derived as:

Vx, logp(y|xt) = Vx, log p(xt|y) — Vx, log p(x:)

— 1 (G&{Xht:y] — EQ{Xf:t])

Vv 1— gy

€a(Xe,t,y) = €a(Xp, t,y) — /1 — & wVy, log p(y|x;)
= ea(xs,t,y) + w(es(xs, t,y) — €o(xs, 1))
= (w+ 1)eg(xy, t,y) — weg(xy, t)

« The gradient is represented with conditional and unconditional score estimates, which contain no dependency on
a separate classifier.

Classifier-Free Diffusion Guidance, https://openreview.net/pdf?id=gw8AKxfYbl
GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models, https://arxiv.org/abs/2112.10741



https://openreview.net/pdf?id=qw8AKxfYbI
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Scale up Generation Resolution and Quality

We can use a pipeline of multiple diffusion models at increasing resolutions to generate high-quality images.
Noise condlitioning augmentation between pipeline models is crucial to the final quality. It helps reduce
compounding error in the pipeline setup. U-net is a common choice of model architecture.

256 x256

32x32

Class ID = 213
“Irish Setter” - » ‘
* — C—
Model 1 gi Model 2]‘ i
#5757

The two-stage diffusion model unclip utilizes CLIP text encoder to produce text-guided images at high quality. It
learns two models in parallel:

« A prior model P(c¢'ly) outputs CLIP image embedding given the text

« A decoder P(x|c',[y]) generates the image given CLIP image embedding and optionally the original text

>
CLIP objective by 7
'_ "
"a corgi R
-

playing a
flame E ol 5
trumpet” 2 00000 E

O T 11

throwing

prior decoder

Cascaded Diffusion Models for High Fidelity Image Generation, https://arxiv.org/abs/2106.15282
Hierarchical Text-Conditional Image Generation with CLIP Latents, https://arxiv.org/abs/2204.06125
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Scale up Generation Resolution and Quality

Imagen uses a pretrained LM to encode text for image generation, such as T5-XXL
When applying classifier-free guidance, increasing w may lead to better image-text alignment but worse image
fidelity because of train-test mismatch
To mitigate this issue, two thresholding strategies are introduced:
« Static thresholding: clip x prediction to [-1, 1]
« Dynamic thresholding: at each step, compute s as a certain percentile absolute pixel value; if s > 1, clip the
prediction to [—s,s] and divide by s

Imagen modifies several designs in U-Net to make it efficient U-Net:
« Shift model parameters from high resolution blocks to low resolution by adding more residual locks for the
lower resolutions

« Scale the skip connections by %_2

« Reverse the order of downsampling (move it before convolutions) and upsampling operations (move it after
convoluions) in order to improve the speed of forward pass

Photorealistic Text-to-Image Diffusion Models with Deep Language Understanding, https://arxiv.org/abs/2205.11487
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Recent Al Art Generators

» AEEREFEIR, AlZERAFXEN—AR R, BETREFIERRE, AlzETREBRRERABANYX
ZN %%éﬂﬂl éﬁ(iﬁkﬂ#ﬁgﬁﬁ’lmﬁgml%

FRT AL, ALRM.



Applications and Tools: Al Art Generator

Recent

Al Art Generators

—%"%“FHE’\JFF}?QA@%_IE:%

Dream by Wombo: — ZOZZE%JJZV:?EE’J&EJJMAPP F P o] U N\ X180 T F st #3225 B XAK,
APPLIRIE H A, 15[55%% IR simETE, BOoHRRIK, FEE

Disco Diffusion: #%. S KE. zﬂtlém\ THRARS] . oTfARHMEE, ERFEFHEEAER—T
RACRDERL, BxBENIUISTERA Y BREF, RN EE

Stable Diffusion: E/FKE. ThRIXPRH. FEERE, EAMN IR, B0 IR R ERIND
BARMEE, R

Midjourney: BEImAXMAIZE TE, SEFKE. RELEE. ThHRINES. figAE (fHEEnlE
7) ., BEIREEDiscord t, HUIFEE, HE

2 N2 MidjourneyFiStable Diffusion 4 F/ZBE J7 3% B3R

https://bytexd.com/get-started-with-disco-diffusion-to-created-ai-generated-art/
https://replicate.com/nightmareai/disco-diffusion
https://www.howtogeek.com/830179/how-to-run-stable-diffusion-on-your-pc-to-generate-ai-images/
https://www.howtogeek.com/832491/how-to-run-stable-diffusion-locally-with-a-gui-on-windows/
https://discord.com/app/invite-with-guild-onboarding/midjourney



https://bytexd.com/get-started-with-disco-diffusion-to-created-ai-generated-art/
https://replicate.com/nightmareai/disco-diffusion
https://www.howtogeek.com/830179/how-to-run-stable-diffusion-on-your-pc-to-generate-ai-images/
https://www.howtogeek.com/832491/how-to-run-stable-diffusion-locally-with-a-gui-on-windows/
https://discord.com/app/invite-with-guild-onboarding/midjourney

Applications and Tools: Al Art Generator

Usage of Midjourney

o 1) BB Mhttps://www.midjourney.com/home/, s dr]oin the beta

0 Getting Started d Community Showcase =

e 2) FABREAIRFR, fNADiscord, tNER{REHBdiscord, TJEEEERERTIM—, ZEFEARSEE

AP

Sulley

o | EBOFERENEES Discord B



https://www.midjourney.com/home/
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Usage of Midjourney

. 3) HEAN—DPU#newbiesTFSLBISE, tbil#newbies-117, AR N7 NIES i N/imagine, ILATHE
BB 7 58 ) SR AY promptffEEPiﬁ?}\M\*E%Eﬁklﬁ FIX AR T, tbanFiX Bl N\ ga white flower is crying,
%é SRZ, BEENREFERERNIKERT

a white flower is crying - @Sulley (fast)

. a %’é

newbies-147 'N% 2 ,' \ -
* Make Variations eb [4

, N
newbies-177 S = = g

prompt The prompt to imagine

N @ /imagine  prompt a white flower is crying
' Sulley =

P "
7 (1 O
t RSO TR! FAT: SASHIAaERNEA.




Applications and Tools: Al Art Generator

Usage of Midjourney

« 4) BRTEMMAKEIGRIN, TAHEREMITRE, 793@Ul/U2/U3/U4FIVI/N2/N3/NAG, 7 RlaRsIE K&K
B HER, UK AEKEEHREYE K
s ARTEADHERZE, WNAKESEHAEEMESY, THAUSEZEI/LNHRE, BFmX
o« HNHIKSOIAEHEEM25KE, Z/EReERMERFER, éﬁuﬁ MR
« Basic: ®H8107]. 20049 fhFast GPURY[E]. FRelax GPURY[E], & ﬁJZQ’JZOOﬂk. b fE WSS 4% B+ %%
e Standard: & 8307]. 15/\BfFast GPURT[E]). ToPRRelax GPUETIEﬂ, e BRIKE, REREBE A
« Corporate: &%6007] (&H507]) . 120/)\EfFast GPURJ[g]. %KERelax GPURYE], BERMNERNBECEL

a white flower is crying - @Sulley (fast) M T IHMBA £F1543 . . .
a white flower is crying - Upscaled by @Sulley (¢ Free trial Basic Standard Corporate

Price Free $10 / month $30 / month $600 / year
Fast GPU time 25 min*/ lifetime 200 min*/ month 15 hrs*/ month 120 hrs*/ year
Relax GPU time No No Unlimited Unlimited
Metered mode** No Yes Yes Yes
Personal Bot Chat No Yes Yes Yes
Private visibility No for +$20 / month for +$20 / month Yes

*1 generation job roughly takes 1 gpu minute, upscales are longer, variants are quicker
**Metered mode can be enabled to use additional fast time for $4 / gpu hour
***Corporate plan is required for employees of companies with revenues over $1Million / year

https://midjourney.gitbook.io/docs/billing



https://midjourney.gitbook.io/docs/billing
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Usage of Midjourney

HHFERTEMR: https://midjourney.gitbook.io/docs/user-manual,

S8 TheE
/imagine It prompt, AR3ESCARHRIA A4 AY UKk & A
/info BEELRIEEETNES
/fast(/relax) Yl {E FAFast/Relax GPURT ]
/private Pl Aprivatet=Z,, HEMARTIIRAE R
/public P ApublictR=, EMATRIRNE R
--hd FABEE ERTHRAXNZE, BRPHEES
--ar<nin>  BRIEEEAMZESLL, b --ar 16:9
--w <n> EXIEERANFE, b --w 320
--h <n> EXEERANSE, a0 --h 256
--seed <n>  BRIEEMFE
--no <s> 4 B HIHEBRIZ <318, LbaN--no plants iy E I8 AR A9 plants”
—iw <f> WEpromptH I E F/XANELL, BR1A0.25
--s <n> EEAREROMEHER, B#X, BRF&HR
--q <f> BEERARRE, KA1, EEA AHHE EEEEK
--chaos <n> f5EEAFBIFEYVLME, BEEX, £REHFBEZHE, SEEI[0,100]
--fast ERESE R, EREFEM, IElT--q058--q0.25
--stop <n>  ZEnWEYBTE(S IF 22 1 4 AR
--uplight FeUpscale MR & Alight kA&, EIIEDHHET, SREERE

/imagine There

Q /imagine

* Promp

THHTTE RS
are endless possibilities...

prompt https://example/tulip.jpg https://example/tulip2.jpgia field of tulips in the style of Mary Blair|--no farms --iw .5 --ar 3:2

Parameters

Text Prompt

tE =& AHRK:

Image Prompt: Z/MNE F8EEAM, PrERMNERNREITIARTSREEIME
fitmimage prompt, FKEFBE X pngs.jpgERE, TINBE S --iwif#
image promptHytNE

« Text Prompt: —MNFEFFER, RERKE—Nimage promptz G
* Parameters: HTEMSE, WMARMT

a yellow flower with green thin leaves is blooming --no farms --iw .5 --w 1024 --h 768 --chaos 100

https://midjourney.gitbook.io/docs/imagine-parameters



https://midjourney.gitbook.io/docs/user-manual
https://midjourney.gitbook.io/docs/imagine-parameters
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Some Nice Examples of Midjourney

medium shot of an old woman, brown eyes, beautiful, detailed eyes, ci

ic epic angle, dy ic lighting, photo realistic, 8k post, cinematic colour

| tic lighting, —-test --

photorealistic, high details, ultra HD, hyperrealistic, highly detailed, scene hyper realistic, very detailed, high ion, ci
creative --upbeta --upbeta --upbeta --ar 10:16 - @Tenok (fast)

bius, Ghibli, Alejandro Burdisio, matte
exoskeleton power armor, and part of the chitinous’s limbs are added to the armor, 8k, detailed, intricate,
@yuhan163 (fast)

. A diesel powered bulky
k - Upscaled by

yemen in 2030, b ci tic epic angle, dy photo r
hyperrealistic, highly detailed, scene hyper realistic, very detailed, high I
- @AhmdBdr (fast)

8k post, ci

ic colour photorealistic, high details, ultra HD,
--test --creative --upbeta --upbeta --upbeta --ar 16:9

monster creepy organic body skeleton bones metal in gothic church , hyperrealistic, 8k, 4k, ultra detail, ultra realistic, vfx, epic, ray tracing, octane render,

unreal engine, 3dsmax + V-Ra, award winning photograph, --ar 2:3 --upbeta --test --creative --upbeta --upbeta - Upscaled (Beta) by @ydees (fast)

Tict: bt 1

epic anime fight, cinematic epic angle, dynamic lighting, photo r 8k post, ci

highly detailed, scene hyper realistic, very detailed, high C ic

tic colour p
- @Zedy Beny (fast)

high details, ultra HD, hyperrealistic,

TR

medium shot of an young man, brown eyes, b eyes, cil ic epic angle, dynamic lighting, photo realistic, 8k post, cinematic colour
photorealistic, high details, ultra HD, hyperrealistic, highly detailed, scene hyper realistic, very detailed, high luti ic lighting, - @Mayu bro
(fast)
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Some Nice Examples of Midjourney

Link is looking at the castle far at the top of the mountain, sun shining on the ground, clouds floating, the atmosphere of demon is hovering around the
castle --ar 16:9 - -q 1.5 - @Sulley (fast)

Y sM-

PrAE B B9 2 AR PETR R !
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Usage of Stable Diffusion
THE4BStable Diffusionf9ERE 7175 (68 1-8)

« 1) T%iPython 3.10.6: https://www.python.org/downloads/release/python-3106/, fE&EMNM{E—EE L
I RRERIEMAZFIETEF!

Files

Version Operating System Description

Gzipped source tarball Source release

*Z compressed source tarball Source release

macOS 64-bit universal2 installer mac0Ss for macOS 10.9 and latg
Windows embeddable package (32-bit) Windows

Windows embeddable package (64-bit) Windows

Windows help file

Windows installer (32-bit) Windows

Windows installer (64-bit) Windows Recommended



https://www.python.org/downloads/release/python-3106/

Applications and Tools: Al Art Generator

Usage of Stable Diffusion

o 2) THEIFZLIEGIt: https://git-scm.com/download/win, ER{E FHERIAE RN O]

Download for Windows

Click here to download fhe latest (2.37.3) 64-bit version of Git for Windows. This is the most

recent maintained build. It was released 20 days ago, on 2022-08-30.

Other Git for Windows downloads

Standalone Installer
22-bit Git for Windows Setup.

64-bit Git for Windows Setup.


https://git-scm.com/download/win
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Usage of Stable Diffusion

3) THUIFREREENE: https: //Q|thub com/AUTOMATIC1111/stable-diffusion-webui,

JREX R BERIREENAR, LLNXERNE 7 EE

Clone @

HTTPS  GitHub CLI
nplates

nttps://github.com/AUTOMATIC1111/stable-d: | (D)

Use Git or checkout with SV using the web URL.

en ddim saMgpling

e not working - 3 Open with GitHub Desktop

saving styles wit

[}) Download ZIP
ut launcher

» stable-diffusion-webui »

v

stable-diff...

NS eSS

illage
]
L1
@

ersonal

.github

ESRGAN

javascript

maodels

maodules

scripts

.gitignore

artists.csv
environment-ws|2.yaml
launch.py
README.md
requirements.txt
requirements_versions.bd
screenshot.png
scriptjs

style.css

webui.bat

@

webui.py

webui.sh
webui-user.bat
webui-user.sh

EHEE

2022/9/20 1
2022{9/20 1
2022/9/20 1
2022/9/20 1
2022/9/20 1
2022/9/20 1
2022/9/20 1
2022/9/20 1
2022/9/20 1
2022/9/20 1
2022/9/20 1
2022/9/20 1
2022/9/20 1
2022/9/20 1
2022/9/20 1
2022/9/20 1
2022/9/20 1
2022/9/20 1
2022/9/20 1
2022{9/20 1
2022/9/20 1
2022/9/20 1

[ T T T o T O e T T R T I I I I )
e e e T o S T et}
(=TT = (O = VR U= P = s (= (R = N = = (O = (= s (O = D = O (O = (N = O = (= )

T

Microsoft Excel ...
Yaml Es{E
e‘thon B
Markdown B

JavaScript B4
EEStEdF=E
Windows 3
Python B
Shell Script
Windows #HHE..
Shell Script

£y

Fo

L
N

1KB

N
L

KB

1KB

oo

KB
KB

1KB
1KB

%)

KB

1KB

Beowe P

KB
KB
KB
KB

1KB

KB


https://github.com/AUTOMATIC1111/stable-diffusion-webui

Applications and Tools: Al Art Generator

Usage of Stable Diffusion

e 4) T #Stable Diffusionf®EI {4 https://huggingface.co/CompVis/stable-diffusion-v-1-4-original, {RT]
BEEE S EM—""HuggingFacelk 5. HTXHR AR, FriA THEE— L8]

Model card Files and versions Community

Stable Diffusion is a latent text-to-image diffusion model capable of generating photo-realistic images

given any text input.

The Stable-Diffusion-v-1-4 checkpoint was initialized with the weights of the Stable-Diffusion-v-1-2

checkpoint and subsequently fine-tuned on 225k steps at resolution 512x512 on "laion-aesthetics v2

5+" and 10% dropping of the text-conditioning to improve classifier-free guidance sampling.

Download the weights

sd-v1-4.ckpt <mm—

-4-full-ema.ckpt

These weights are intended to be used with the original CompVis Stable Diffusion codebase. If you are

looking for the model to use with the D P iffusers library, come here.



https://huggingface.co/CompVis/stable-diffusion-v-1-4-original

Applications and Tools: Al Art Generator

Usage of Stable Diffusion
* 5) EBTHFTZEXAME <8 PR MFEF, RIEE A% Amodel.ckpt

[ ] sd-wi1-d.ckpt 9/1/2022 3:26 PM CKPT File

uh| 8 Open 1AM Cascading Style 5.
Y B Share with Skype 41 AM Windows Batch File
ER ,d Open with Code K7 AM Pythan File

v 7-Zip s B1AM Windows Batch File

Ea Scan with Microsoft Defender...
|=¥ Share \‘o
m Add to archive...

B8 Add to "sd-v1-d.rar”

B8 Compress and email...

B8 Compress to "sd-v1-4.rar” and email

Restore previous versions

Send to p

Cut
Copy

Create shortcut
Delete

Rename h—.‘o

Properties
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Usage of Stable Diffusion

* 6) T#GFPGAN: https//qithub com/TencentARC/GFPGAN, V1.3FIV14&BT] I, TEH Tz /F{hoAIE N {4
AN Z X HEFRE, HiX TEEWR S

Jgithub 8/13/2022 10:41 AM File folder

ESRGAN 9/13/2022 2:39 PM File folder

modules 9/13/2022 10:41 AM File folder

P> Updates scripts 8/13/2022 10:41 AM File folder
=] .gitignore 8/13/2022 10:41 AM Text Docurment 1KB
. Add CodeFormer (CC BY-NC-SA 4.0 License) and Res rmer. £33 artists.csv 9/13/2022 10:41 AM Microsaft Excel C.. 115 KB
. Add V1.4 madel, which i more details and better identity than V1.3 |_environment-wsl2.yaml 9/13/2022 10:41 AM Vaml Source File 1 KB
. Add V1.3 model "#8Ich produces more natural restoration results, and better resul [l | GFPGANV1.3.pth 9/13/2022 11:51 AM PTH File 340,462 KB
high-quality inputs. See more in Model zoo, Comparisons.md [# launch.py 9/13/2022 10:41 AM Python File 5 KB
. Integrated to Huggingface Spaces with Gradio. See Gradio Web Demo. || model.ckpt 9/1/2022 3:26 PM CKPT File 4.165,411 KB
. Support enhancing non-face regions (background) with Real-ESRGAN. ¥ README.md 9/13/2022 10:41 AM Markdown Source... 16 KB
. We provide a clean version of GFPGAN, which does not require CUDA extensions. requirements.txt 9/13/2022 10:41 AM Text Source File 1KB
. We provide an updated model without colorizing faces. _ requirements_versions.txt 8/13/2022 10:41 AM Text Source File 1KE
|&| screenshot.png 9/13/2022 10:41 AM PMG File 513 KB
script.js 8/13/2022 10:41 AM JavaScript File 10 KB
| style.css 9/13/2022 10:41 AM Cascading 5Style 5... 4 KB
webui bat 8/13/2022 10:41 AM Windows Batch File 2 KB
[# webui.py 8/13/2022 10:41 AM Python File 4KE
webui-user.bat 9/13/2022 10:41 AM Windows Batch File 1 KB



https://github.com/TencentARC/GFPGAN
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Usage of Stable Diffusion

e 7) TEESRGANAEEY: https://upscale.wiki/wiki/Model Database, #RT]IUIRIE T L/ ESRGANIEEI T
Bz lE, EZRXHERRE—IFXHE (FXE) . B MHESRGAN, IR THEAIFTHESRGANIE
B (pth) XEMELXANTFXELERNT], tbanFixXETH 7 R MEE

7E: ESRGANIREYZE — KB RiRAY

. EERBRORENERERASHTHEE R, RS MREEE & BE RN

A C:HL.Isers‘\user‘gDesl-ct::up‘\stable-diﬁusion-webui‘\ESRGAN| ~
EFfR fERTHES =3 ]

E]
| dx-AnimeSharp.pth 202279720 1300 PTH 2% 65,44
| 4xESRGAN.pth 202279720 14:56 PTH 375 6

#%| Put ESRGAN models here.tut 2022/9/20 12:16


https://upscale.wiki/wiki/Model_Database
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Usage of Stable Diffusion

. 8) Wi BRI webui-userbat, ZESITF—AMGSTHEET, RRABESHETER
Bie] (MERIK) » SERONE, T LT
Running on local URL: http://127.0.0.1:7860
To create a public link, set 'share=True" in launch()’

IR HIMRPC failediRsE, MIEFHFTARIT]

Bl C:\Windows\system32\cmd.exe — O o

| style.css 2022/9/20 1216 ESETETE
| webui.bat 216 indaw = 3 KB
| webuipy 2022/9/20 12:16 ython JE3Z{% 3 KB
webui.sh ) 2022/9/20 12:16 Shell Script 4 KB
| il webui-user.bat 2022/9/20 12:16 Windows HHaHE.., 1 KB
] webul-user.sh 2022/9/20 12:16 Shell Script 2 KB

- K/g, fTAXREss, #wAMIhttp://127.0.0.1:7860R) o] H AU E
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Usage of Stable Diffusion
- THEHENE-LEESH

txt2img ij][]—/l\lzﬁ*ﬂ,mifﬁ

iz’gﬂﬁfﬁ Roll Generate

Apply style Create style
/_:I:_ﬁiiii Sampling Steps 20
e
Sampling method
/_j:l_ﬁkjﬁ;‘f © ctulera Euler LMS Heun DPM2 DPM2 a DDIM PLMS
TR o BB R Q Q
AH@{I%’E re faces ﬁﬁkﬁiﬂz_ﬁk )ﬂl-
. i Batch size i
RS e
'TE%_@/J\, EF_BZ;E__ CFG Scale ,
> o
BelgE MR s L
Width 512
X, mERtE | 2
oasssssss————
Seed
1 ® E
Save Send to img2img Send to inpaint Send to extras
Script
Mone hd

Interrupt
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Examples of Stable Diffusion

a highland cow in a magical forest, 35mm film photography, sharp Roll Generate

Apply style Create style

Sampling Steps
r g Step 100 4 Output

Sampling method

o Eulera Euler LMS Heun DPM2 DPM2 a DDIM PLMS

Restore faces Tiling Highres. fix

Batch count Batch size

|

CFG Scale

l

Width
e 512

|

Height

512

|

Seed

-1 S & Extra

Save Send to img2img Send to inpaint Send to extras

Script

None v
Interrupt
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Examples of Stable Diffusion

Link is looking at the castle far at the top of the mountain, sun shining on the ground, clouds floating, the atmosphere of demon is hovering around the Generate
castle, cartoon, anime Roll

Apply style Create style

Sampling Steps
P 8 100 A Output

Sampling method

o Eulera Euler LMS Heun DPM2 DPM2 a DDIM PLMS

Restore faces Tiling Highres. fix

Batch count Batch size

|

CFG Scale

l

Width

|

Height [ —

Seed E =

-1 @ . Extra

|

Save Send to img2img Send to inpaint Send to extras
Script

None v Interrupt

LB EMES, FNeEMHER
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Comparison

Stable Diffusion Midjourney
B &A% (ISR (GEAWN
Bk E BRARX RS
& R R E (FS BRIR
a5 % N
BETR oK EE T 16 7 P D i/ 5% T8 i 2R
BERK W W W WWWW
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