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Text to Image Generation

* Prompt: An astronaut riding a horse in photorealistic style.

Source: https://openai.com/dall-e-2
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Text to Image Generation 7o

* VQGAN-based Methods
* DALLE

e Diffusion-based Methods
* GLIDE, DALEE2, Stable Diffusion

e GAN-based Methods
* GigaGAN

* Generation on Specialized data
* Text2ZHuman




NANYANG

M, TECHNOLOGICAL S-LAB
% UNIVERSITY

FOR ADVANCED
D A | | | SINGAPORE INTELLIGENCE

e Stage 1: Learning the Visual Codebook
@

CODEBOOK = vocabulary size = 8192 Stage 1
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Ramesh et al., Zero-Shot Text-to-Image Generation, 2021
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e Stage 2: Learning the Prior

A-X
CODEBOOK =k vocabulary size = 8192

256 x 256
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vocabulary size of 16384 256 tokens 1024 visual tokens
[Al[B][c][D] Al21E] ]2 ]5]6]5]7]

The well-known surrealist piece introduced
the image of the soft melting pocket watch.

BPE-Encoder

Totally 1280 tokens
_J
( Loss
token predicted visual tokens
— SPARSE TRANSFORMER —p HEEEEREEN

Ramesh et al., Zero-Shot Text-to-Image Generation, 2021
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e Diffusion Models

* Markov chain of latent variables by progressively adding Gaussian noise to samples
q(xi|Ti—1) = N(24; Vouxi—1, (1 — o) Z)

* Learn a model to approximate the true posterior
po(zi-1]zt) = N(po (), Lo(1))

* The model is trained to predict the added noise
Limple = Etuf1,7),20~q(z0),e~N(0,1) | |€ — €0(T¢,1)]]

e Guided Diffusion

fig(z¢|y) = po(xtly) + s - Lo(xt|y) Va, log pg (y|z:)

]

Nichol et al., GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models, 2022
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e Classifier-free guidance

€o(xt|y) = eg(xt]0) + s - (ea(xi|y) — €o(x¢]D))

e CLIP Guidance

flo(zi|c) = po(wilc) + s - Lo(xt|c) Vg, (f(x¢) - g(c))

* Conclusion: Classifier-free guidance is preferred by human evaluators for
both photorealism and caption similarity

Nichol et al., GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models, 2022
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* Two key components:
* Prior: produces CLIP Image Embeddings conditioned on captions
* Decoder: produces images conditioned on CLIP Image Embeddings

p— CLIP objective img
- encoder
“a corgi
playing a _ _
flame HEEE B | . Autor-egresswe-prlor ----------------------------------------------
throwing o
trumpet” SGO00
________________________________________ L O O
—O>»)~»
O O
prior

Ramesh et al., Hierarchical Text-Conditional Image

. . . iffusion m I
Generation with CLIP Latents, 2022 Diffusion prior diffusio odels
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Stable Diffusion S| e

* Encode the images into the latent space

@ \‘\ /= Latent Space ) (Conditioning)
E ~ Diffusion Process Eemantiq
Ma
P [ Denoising U-Net €y 2y Text

Repres
entations

o

eixel Space)

e T

denoising step crossattention  switch  skip connection concat \ J

Rombach et al., High-Resolution Image Synthesis with Latent Diffusion Models, 2022



NANYANG
m‘@* TECHNOLOGICAL S-LAB

. UNIVERSITY FOR ADVANCED
G I G T N o SINGAPORE INTELLIGENCE

Pretrained Learned
text encoder text encoder

[ Convolutional

m ‘1 tiocal [ Self-attention
an el Cross-attention
painting of a CLIP, — J [ | / l
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M — / \ J \ )
z~N(0,1) — [ 1T ] W Filter Selection Modulation
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y,
Our high-capacity text-to-image generator

Kang et al., Scaling up GANs for Text-to-Image Synthesis, 2023



TechnoLosicat . S-LAB
‘93;- UNIVERSITY FOR ADVANCED
TeXtZ H u m a n SINGAPORE INTELLIGENCE
Text for Clothes Shapes Text for Clothes Textures
A person with a short-sleeve T-shirt and long pants. A T-shirt with pure color and long pants with pure color.
[0, 1,0, 0] T £ [0, 0, 1,0] Codebook 1 Codebook 2 Codebook k
— shape
[1,0,:0, 0,0] |_ O p O —p . JIS 1 [1,0,:0, 0, 0] 1/2]3 n 1/2]3 n | d2]s n
[0, 0,0, 1] E— [0,0,0, 1]
one-hot one-hot

texture attributes

|

shape attributes Attribute Embedding Module

Texture-Aware Codebooks

|

Expert 1
1131618

Expert 2
9121417

router

LEl

Pose-to-Parsing Module

Expért k
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human pose :
P human parsing

Sampler with Mixture-of-Experts

index
prediction i

coarse indices

Feed-Forward Refinement human image
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* Prompting for Appearance Generation

* Optimization-Based
e Textual Inversion
e DreamBooth

e Encoder-Based

* Tuning Encoder
* ELITE
* Taming Encoder

* Prompting for Relation Generation
* ReVersion
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* Prompting for Appearance Generation

* Optimization-Based
e Textual Inversion
e DreamBooth
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Textual Inversion

Input samples LN “Sy” “An oil painting of Si” “App icon of Si”

#

Input samples snuent, g “gas-lhll}gg% ggtl?:ag* “A S, backpack” “Banksy art of S”  “A S, themed lunchbox”

“Elmo sitting in . .
the same pose as S.” Crochet S

* Task: prompting for appearance generation (personalized generation)
* Method: optimize a text token: v« = argminE, g(z) 4 .con(0,1).1 [IItE — Ge(zt,t,ce(y))ﬂg]
>

An Image is Worth One Word: Personalizing Text-to-Image Generation using Textual Inversion (ICLR 2023)
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DreamBooth g5 IESH |

Reconstruction Loss

” A [\/] 0{0977

|

Text — 6Lx6s

Shared
Input images (~3-5) Weights

Text —— 6Lx 64

Input images worn by a bear at Mt. Fugt on top of enow gy
Class-Specific Prior Preservation Loss

* Task: prompting for appearance generation (personalized generation)
* Method: fine-tune to obtain a personalized text-to-image model

DreamBooth: Fine Tuning Text-to-Image Diffusion Models for Subject-Driven Generation (CVPR 2023)
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* Prompting for Appearance Generation

e Encoder-Based

* Tuning Encoder
* ELITE
* Taming Encoder



Encoder-Based

layer25  layerl2 layerl6
Multi-layer Embeddings o | O

ooo oo
o0 CO0 000
000 CO0 0od
Image Encoder Local Mapping

(a) Global Mapping Training

Tuning Encoder

e Fast: a few optimization steps

 Memory Efficient
* One-Shot

Encoder-based Domain Tuning for Fast Personalization of Text-to-Image Models (2023)

ELITE: Encoding Visual Concepts into Textual Embeddings for Customized Text-to-Image Generation (2023)
Taming encoder for zero fine-tuning image customization with text-to-image diffusion models (2023)
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Object
encoder

—
“A photo of a dog (]
riding scooter with Text Encoder

a few clouds in the sky”

Taming Encoder

Diffusion model

b 4o
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Tuning Encoder

Word Embeddtng Encoder Pretrained text-to-image Diffusion Model Weight Offsets

— i — — — — e o — — — —_o— | ———— — — ——————— oo - ———— —

c | T ; B I Learned Constants
1 — ] ‘
F Calscstia ®> . < o “5‘ w Linear Linear
: \/
[ Text J Matrix multiplication
Encoder f

W

Updated U-NET ! \L A

Columnwise Linear

Rowwise Linear

/k , | W, = (1+4w,) - W,
Pretrained U-NET i ? Update_attent'on é— W, = (1 +AW,) - W,
Encoder |\ Stable Diffusion = ) { s U ol ) Wi

 Domain-Specific Encoder
* Weight Offsets

Encoder-based Domain Tuning for Fast Personalization of Text-to-Image Models (2023)
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(b) Local Mapping Training

* Global Mapping Network — Text Embeddings

* Local Mapping Network — Details

ELITE: Encoding Visual Concepts into Textual Embeddings for Customized Text-to-Image Generation (2023)
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Taming Encoder

“A photo of a dog

a8
Text Encoder
a few clouds in the sky”

riding scooter with

e Background

Object
encoder

Diffusion model

oo |8
T

Removal + Encoder

* Triplet Preparation Scheme

Taming encoder for zero fine-tuning image customization with text-to-image diffusion models (2023)

Domain-specific
dataset

“A dog dressed up in a
police costume”

M TechnoLosica. | S-LAB
%_‘ / UNIVERSITY FOR ADVANCED
_ SINGAPORE INTELLIGENCE
Object .
encoder _ Object
'l embedding

i General-domain
dataset

“Banff townsite and
g surrounding area ”J

\

Text

& a
[ Captioning H Text Encoder ]—> embedding
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* Prompting for Relation Generation
* ReVersion
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ReVersion

Input Application

Exemplar Images Relation-Specific

Text-to-Image Synthesis

Output

Relation Prompt

<R>

represent the co-existing
relation in exemplar images

J
“vegetltlidg is contained inside papé#ttiag”

“SStotaroblaitt <F> paplztt

.

ReVersion: Diffusion-Based Relation Inversion from Images (2023)
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Collaborative Diffusion

Molihbdal Collaborative Diffusion Overview

.............................

Image

Conditions ¢ Po (xt—l | X, C) Synthesized

This person is l'
in her forties. : 1
_ i . . . - ——
X Condition Collaborative Diffusion at t I Legend
.............................. N, gen
r[V’ask ——————————— = s A \’ E'-__E_f_'_d___-‘
I Mask-Driven L, ! o re-Traine I
Branch 1 S | 4 ! : | Diffusion Model 1
Diffusion Model @  HAZ#R & ¥ @ ¢ 0000 i _ _ .
[ e - - - ' 3' : ( D ic DIff )
k| - ynamic Diffuser
C Dynamic Diffuser 1 '—»: : :
mask i F iz (© Pixel-wise Multiplication :
Text [ 00 ~ % i @ Pixel-wise Addition
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X Branch text : Influence Function
~—— of Text Branch
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e Use model collaboration to simultaneously accept different types of prompt:

linguistic, visual

Collaborative Diffusion for Multi-Modal Face Generation and Editing (CVPR 2023)
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Text to Video Generation
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Text to Video Generation

* Auto-regressive methods
+ VideoGPT
- TATS
* Phenaki
 Diffusion models
* Imagen Video
+ Gen1

o Text2Performer
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Text to Video Generation

* Auto-regressive methods
* VideoGPT
 TATS
* Phenaki
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T2V: VideoGPT

 VQGAN: learn a set of discrete latent codes from raw pixels of the video frames.

* Transformer: learn a prior over the VQ-VAE latent codes.

-\\ﬂ_

ey

4 i Discrete Latents —
i Conv3D

Encoder

Codebook

Discrete Latents Flattened sequence

Yan et al. VideoGPT: Video Generation using VQ-VAE and Transformers
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T2V: TATS

* 3D VQGAN: replacing 2D convolution operations with 3D convolutions for modeling videos.
* Transformer: the hierarchical transformer can model longer time dependence and delay the

quality degradation.

s

SRS o AR e SR = S AR \
r;.v-" o M ol »”° L \

2 - Interpolation |
casual attention

4 . ?

. O T .= w? *
l
i
i
I

[
E Interpolation Transformer
[

P v~ iniatatet ot o e L PP

Autoregressive Transform

JE Sliding W 111(10\\
D D L L]}

Tokenizer | VQVAE
Text / Audio deeo tokens

\ Time-Agnostic VQGAN J \_ Time-Sensitive Transformer /

o,

Casual attention

Ge et al. Long Video Generation with Time-Agnostic VQGAN and Time-Sensitive Transformer
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* Encoder-decoder model: compress videos to discrete embeddings.
* Causal attention makes the C-ViViT encoder autoregressive and enables it to handle a
variable number of input frames.

* Transformer model: translate text embeddings to video tokens.

C-ViViT Encoder Training Transformer Video Generation
I 1 Po
1 1 "1st Prompt”
X0 Xp:2 | 777 | |xeeoa2e| p Y N 2
X . 7 s s s SN
¥ ¥ ; 1 rompt 1 w e v
\ Pach / \ Pach / \ Patch / 1 v : i 1 R — J
\ Emb / \ Emb / """ \Enb . CVIVIT / -
) 3 ’ 1 \  Encoder / = 1 g8 ¥
EN N [@j 1 g2 |~§§||A||IAIII---A||||
[
P— p— ——— 1 gé 1 S Zo Zi2 Z-1:2t
Transformer Transformer | *** Transformer 1 1 Stift Tame
¥ ¥ B Pt
LT1T] L] !_Iil_\ ! ! &g “Next Prompt”
T I (R 7 Y s R
' k %9 187 2o Zaax Z. 0\ )
I g I g Transformer ‘-\_—,/
T O
T v 1838 v
e [(TTICTT]---CIT 1] B LLIT]--[CITT7]---[CT1]
L L. 188 3, Bis Bawm 1885, % 2
Zo Z1:2 Zot—1:2¢ 1 & O o AR 2 “t2t B
[ Token [ Mas'}idk/eimpty Transformer Er#ér;?i%ring ||\ / FrozenModel [] Operation

Villegas et al. Phenaki: Variable Length Video Generation From Open Domain Textual Description
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Text to Video Generation

« Diffusion models

* Imagen Video
+ Gen1

 Text2Performer
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T2V: Imagen video

e (Cascaded Diffusion Models.

* 1 frozen text encoder, 1 base video diffusion model, 3 SSR (spatial super-resolution), and 3

TSR (temporal superresolution) models — for a total of 7 video diffusion models

Base (5.6B)
— - —_—
Input Text Prompt T5-XXL (4.6B) 16x40x24 3fps
SSR (1.2B) SSR (1.4B) TSR (1.7B)
32x320x192 6fps 32x80x48 6fps 32x40x24 6fps
TSR (780M) TSR (630M) SSR (340M)
64x320x192 12fps 128x320x192 24fps 128x1280x768 24fps
Frame 1 Frame 2 Frame 3 Frame N
[ Spatial Conv J [ Spatial Conv ] [ Spatial Conv ] [ Spatial Conv ]
| | | e |
[ Spatial Attention ] [ Spatial Attention ] [ Spatial Attention ] [ Spatial Attention ]
[ Temporal Attention / Convolution ]

Ho et al. IMAGEN VIDEO: HIGH DEFINITION VIDEO GENERATION WITH DIFFUSION MODELS




FOR ADVANCED
/ SINGAPORE INTELLIGENCE

M T ECHNOLOGICAL S-LAB
ﬁ UNIVERSITY

T2V: Genl

e Diffusion model: introduce temporal layers into a pre-trained image latent diffusion model
e Structure representation: utilize depth maps to provide control over structure and content fidelity.

» Content Representation: utilize CLIP to produce image (training) or text (inference) embeddings.

Training Inference
@ b 4 ™ e ™
Autoencoder ( Loss ) / / DDIM steps N \
9
& ¢ e | v~ P
A | 0 Zt & /M(-"..!'}' 2T \ / 20
;} & /'I \ j\ Y,
-
; . . ‘ _
o E e | (@ s
2

Esser et al. Structure and Content-Guided Video Synthesis with Diffusion Models
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| Legend
I
)
_ [ ~ ! Text
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La Alady wears afloral dress. = . ‘B B Text encoder
7] § debook €, Y—] 70 : g
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tn g - \P p fr = = : E VQ-VAE Decoder
________________________________________________________ : SEEER S 1
. Sampler
(b) Motion Sampling with Continuous VQ-Diffuser : P
] [] |
4 () . - I Text
O " . - | € embedding
em . « nearest . fa . |
- i - sear Q - - I
f% S neighbor search S : - £l contimons
. - ﬁ = - - 1 embedding
z 8 9 fll—> 1 g - - !
J = '_I) p R (=) R > : : | F
-/ 1 % Q ) ) 4 B g > D - B 1 ? Masked continuous
é = < = - ! A embedding
" o S : : @ - - 1
A — s::..'? - - ! Codebook
7/ — c z . . |
% A=\ : B
= — - - : Appearance-related
Fm i oo F - =
P Continuous VQ-Ditfuser p I
\ Q o I
I

Motion-related

Jiang et al. Text2Performer: Text-Driven Human Video Generation
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Text to 3D Generation




Overview

Object

Human

NANYANG
M TECHNOLOGICAL S-LAB
59% UNIVERSITY FOR ADVANCED
/ SINGAPORE INTELLIGENCE

Scene

Leveraging 2D

DreamFusion

AvatarCLIP

Text2Room

Prior from ﬁ
pretrained text-
2D models “@
Text2Light
Supervised

Training from
text-3D paired
data

A chair that looks An airplane that looks

like an avocado like a banana

"y

A birthday cupcake

A spaceship

¢ N

A chair that looks

. A green boot
like a tree g
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DreamFusion

"a DSLR photo of a
peacock on a surfboard" Imagen

A
\ X
-
A 3
A\

P(light)

Z¢, t~ U(, ]-) Transformere 5&¢(Zt|y, t)

normals n shading

rendermg

o B

L & l:;_‘
-
albedo p color ¢ P (camera) ‘ Cire N 0,I)
NeRF MLP('; 9) Backpropagate onto NeRF weights

DreamFusion: Text-to-3D Using 2D Diffusion




Shap-E

1k point cloud

16k point
cloud

Implicit MLP

(=)

b

Latent projection

Transformer

t ¢ t t ft -t -1

Cross Attention

t 1 Lttt .1

Cross Attention

t ¢ [ S T N

Learned emb.

PointConv 16k-1k

® e O | o e | e

Patch emb.

! f
e .
k J

~

20 RGBA views with extra
XYZ coordinates per pixel

Step 1: Encode 3D Objects into Latent Space

Shap-E: Generating Conditional 3D Implicit Functions

NANYANG
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Predicted MLP weights

A

' )
Transformer
A A A N g y
t X,
CLIP

“a corgi”

Step 2: Latent Diffusion

S-LAB
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cp) |- Clov)= fo @c(p(t)) dt  =>|I'|=> Ly
Color Network -
H n(o,v) = fo w(t)Vll;(p(t))|dt =L, CELr:EOEZ):t E
(p) -
- work Coray(0,v) = A+ DXn(o,v) -l => Ig L'—:

o __ = |
EL w@®e.(p(®) dt => |] vy w
—[0 k ( T ) lii CLIP Image L‘q LS

li clip
Additional Encoder o
Color Network
a) Rendering the Implicit 3D Avatar N' = {f(p),c(p),c.(p)} b) Optimization Examples of Intermediate Results

AvatarCLIP: Zero-Shot Text-Driven Generation and Animation of 3D Avatars
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T |k

Base Diffusion 256x256 Conv

64x64 Volumetric

tri-plane MLP rendering
Text-cond. ] decoder
diffusion

=z
Latent >
zo ~ N(0,I) diffusion

“An old man with
glasses”

Rodin: A Generative Model for Sculpting 3D Digital Avatars Using Diffusion
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Text2Room: Extracting Textured 3D Meshes & siee
from 2D Text to Image Models

itchen"
}

_, text2image
inpainting

'

mono depth
inpainting

“Editorial Style Photo, Rustic
Farmhouse, Living Room, Stone
Fireplace Wood, Leather, Wool”

v
|, Depth
Alignment

—

Mesh Filter L
& Fusion <

Text Prompts -> 3D Scenes
Optimization based

“A living room with a lit furnace,
couch, and cozy curtains, bright lamps
that make the room look well-lit.”




Instruct-NeRF2NeRF: O [iihoen | STLAB
Editing 3D Scenes with Instructions

a w2 ¢ ST,

Edit 3D Scenes via Instructions Text Prompts + Instruction Tuning -> 3D Scenes
Optimization based




Text2Light: Zero-shot Text-driven HDR 5 e | S-LAB
Panorama Generation

‘ “Ocean waves crashing on shore under blue
Discrete N g - and white cloudy sky during daytime”

Representation g

Text-conditioned : e =

Continuous :> o as

o : Global Sampler - ) CLIP - <

Representation Text Embedding S g c O

Patch Global Codebook ﬂ = 5

Correspondence Holistic % o

= Condition LDR Panoramain 1K AL g

Local Codebook u ; =

S

Spherical Positional 1 2 n T P R — = g
T S () 5

Encoding (SPE) — — -

Local Sampler

ety

SPE

s
LDR Patch

!
e [
-

Structured Latent Codes SR-ITMO HDR Panoramain 4K+

II. Super-Resolution
Inverse Tone Mapping

Text Prompts -> Panoramic 3D Scenes
Feed Forward Generation

“Sunset by the Ocean”
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Future work T

* Faster Generation:
* Per-scene-optimization is time consuming.

* Higher Quality:
* The resolution is limited by the resolution of 2D model.
* Super high guidance weight leads to over-saturation, over-smoothing results.

* More Efficient 3D Representation
* Directly learning from 3D data is expensive.
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Text to 4D Generation




Text-to-4D Generation

Lot

Motion generation 4D scene generation



Human Motion Generation

2022.3~2022.5
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AE & VAE Diffusion Model




TEMOS

Training : both branches (zM and z1)
Test time : only the text branch (z7) Z

! —
a
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T. Positional Encodings CIJ
Sampling from A/ (uM, M) — M z!' «— Sampling from A/ (uT,=7) §
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Motion Encoder A, Text Encoder . g
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DistilBERT
t 1 t
W, e W, oo Wy
walking in circle

L=L(HH") + L,(H A") + KL(¢T, M) + KL(pM, dpT)+ KL(pT, ) + KL(p™, )

[1] Petrovich et al. Temos: Generating diverse human motions from textual descriptions.



MotionDiffuse

Diffusion Process S \
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I
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{ } l L Qn x dk) |\D Linear projection ]
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° o > . > t, xt > t _ 1’ xt—l P eee 2>
p(xr) = N (xr;0,1) Output Linear Self-Attention

[2] Zhang et al. Motiondiffuse: Text-driven human motion generation with diffusion model.



MDM

Text prompt

t % % % 20 o N
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Geometric Loss

N-—1
Loor = ] Hl F[\( szz
1=
L il »
L= s Y M = o) — (71 = a1
i=1
[3] Tevet et al. Human motion diffusion model
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4D Scene Generation — MAV3D

I Scene Optimization
I Dynamic Scene Optimization

“A panda playing
on a swing set”

E Super-Resolution Fine-Tuning

MAV SR

E HexPlane n Render

: - A\[J\\"
I T21 l

SDS
4D Scene Representation (PR 4 pZTR, plaRe 4 pr TRz, prZfs 4 pXTHs)
. . e . . Ve
Dynamic Scene Optimization VoLsps-1 = Ese |(w(0)(€(Vig,0.0)|y.0) — 6)8—9 -

[4] Singer et al. Text-To-4D Dynamic Scene Generation.



Future Direction

1. More Customized Generation
2. More Dynamic Modeling

3. More Fine-Grained Alignment
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