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An angry Godzilla is
roaring and raising
hands, big fire is
burning

fireworks being
displayed for a
crowd of people.

A cute golden hamster
throwing punches wearing pair
of boxing gloves in a boxing
ring

1. General Text-to-video Generation

| Crrrng

“A camel walking on the snow field, Miyazaki Hayao anime style”

" Ve ‘r

o aen

(b) Depth Gmded

——

(c) Image Guided
2. Video Generation with other conditions

3. Video Editing

(a) Text guided
Video Editing

(b) Instruction guided
Video Editing

Tune-A-Video

Spider Man is skiing on
the beach, cartoon style

Instruction: Turn the video to Oil Painting Style

Dataset  Year Text Domain  #Clips  Resolution
4. Future Work
MSR-VTT [84] 2016 Manual Open 10K 240P
DideMo [85] 2017 Manual Flickr 27K -
LSMDC [86] 2017 Manual Movie 118K 1080P
ActivityNet [87] 2017 Manual Action 100K -
YouCook2 [88] 2018 Manual Cooking 14K
How2 [89] 2018 Manual Instruct 80K -
VATEX [90] 2019 Manual Action 41K 240P
HowTo100M [91] 2019 ASR Instruct 136M 240pP
- H WTS70M [92] 2020 Metadata Action 70M -
(a) Open-sourced Video Dataset  yrimenibon a1 e o aow :
‘WebVid10OM [94] 2021 Alt-text Open 10.7M 360P
Echo-Dynamic [95] 2021 Manual  Echocardiogram 10K -
Tiktok [96] 2021 Mannual Action 0.3K -
HD-VILA [97] 2022 ASR Open 103M 720P
VideoCC3M [98] 2022 Transfer Open 10.3M -
HD-VG-130M [30] 2023  Generated Open  130M 720P
InternVid [99] 2023  Generated Open 234M T720P
CelebV-Text [100] 2023  Generated Face 70K 480P
a WA S o FRED AND
LONG VIDEO e | | e | | ommerno || VLY
bt e Pladinn N THE il SOMETHING IN
Room ARED CAR
/A CARTOON S ANIOON BARNEY IS
. . O iutpromps sawors | | e || oraoe s
SWIMMING SOMETHING IN
(b) Long Video Generation o || e || o’ | o
FRED AN
FRED AND BARNEY IS s fReD1S
VNG
vaimom | | somemman [ | wamene || Lol
THE ROOM THE ROOM o AT ATABLE
‘ RED AND bt APAINTING OF
omasuce | | Lloin || covemme (] A e
THE ROOM ey NiGHT




Content

/’
Non-diffusion Methods

« General Text-to-video Generation <
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Non-diffusion T2V Methods(VQ-GAN)
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Non-diffusion T2V Methods (Autoregressive)

Input Text:

Alion is
drinking water.
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TeXt tOKEMIZAtION ———— —————————————

; » | Frame Rate Text

)

——————— Interpolate -
ADDRREN frames

Sequénce 1 Sequénce 2
i » | Frame Rate Text [B] | | Frame-1 Frame-2 | |Frame-3| |Frame-4| |Frame-5| <

| [ Transformer (Stage 2: Recursive Interpolation) )




Latent Diffusion Model (Stable Diffusion)

VAE U-Net CLIP
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Diffusion-based T2V Methods (First VDM)

+
¥
%
4

(Zt, C, )‘t) N2, M,

« Conv2D = 3D (3x3 -> 1x3x3)
* Space Attention =2 Divided Space-Temporal Attention
* Joint training on video and image modeling




Diffusion-based T2V Methods (LDM-based)

Cs v
spatial layer ‘ .
BTxCxHXW - U * Trained on 256 GPUs 1. Generate Latent
Z 6 R XX X Learned Downsampling . Key Frames o
-------------------------- : - ] fRes=0 * Batch Size 768, 402k steps ¢———— ity including ooe ipeyeFtome
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2. Latent Frame
) < oo All Parameters
e Trained on 128 GPUs Inserpolatical ﬁm o Shared
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e SPRE Interpolation IT
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4. Decode to
Pixel-Space

i ‘ Al *  Batch Size 1028, 95k steps T =
L > gz + (1 — o)z . 1.51BP t 3. Latent Frame
spatial layer . arameters : gg m

e Trained on 32 GPUs

«  Batch Size 256, 10k steps =~ —-— 5 Apply Video

. 0.98B Parameters Upsampler

i i+1 i+1
”””””” Qg Zit1 + (1— ey )4+1
spatial layer

Align your Latents: High-Resolution Video Synthesis with Latent Diffusion Models (CVPR2023)



Diffusion-based T2V Methods (Datasets Contribution)

Table 1: Comparison of different video datasets. Existing text-video datasets are always limited in
either scale or quality, while our HD-VG-130M includes 130M text-video pairs from open-domain in
high-definition, widescreen and watermark-free formats.

Dataset Video clips  Resolution Domain Text Watermark-free
MSR-VTT [55] 10K 240p open caption v
UCF101 [42] 13K 240p human action class label v
HowTo100M [28] 136M 240p instructional subtitle v
HD-VILA-100M [57] 103M 720p open subtitle v
WebVid-10M [2] 10M 360p open caption X
HD-VG-130M (Ours) 130M 720p open caption v
Video Categories Clip Durations Caption Lengths
[ Travel
[ Vehicles = 0=
— R = 24 <
[ Science B 4-8s 1 79
E 8-14s 42.9% | £33 9~11
B Howto B 14205 3 >
I Sports B >20s
I Animals
Bl Others 7 Categories

Figure 2: Statistics of video categories, clip durations, and caption word lengths in HD-VG-130M.
HD-VG-130M covers a wide range of video categories.



Diffusion-based T2V Methods (Dataset Contribution)

Cute cat with white background

A 4

Random

select a frame | | with BLIP-2

Caption

classification
datasets

*Prompt: Question: What
is happening in the image

about [CLASS]. Answer:

classification

Segment and

Caption

datasets

or dropped

video |l CLIP Model |+ MiniGPT-4 |+ Mark kept 1./

Segment
akin frames

[ Video caption with Mini-GPT4 ]

e

Mark frames to drop:
w/ low CLIP score. Ww/ negative answer.

*Prompt: Is this
image related to
[CLASS]?

A rey long haired cat

in front of a red wall.

The video features a close-up shot of a

s laying on top of a box grey and white cat's face, with the

cat looking at something on the table.



Diffusion-based T2V Methods (LLM guided)

Pixel Space P Latent Space ,f’""""SirTa_nTiZ_s_cE?uE_AKEn_{c,EF ________ \}
| . .,
I Step-I: Step-II: Step-IIL""
> oo >  Text—> Action > Event-to-DSG > _ Scene I
{ Planning Conversion Imagination }I
e e e e e e e e e e e e e e e e e e s e s s e e e e e s e
Z 8
Diffusion Process r . ,
————————— .= —p5 — ————————  Enriched|
Denoising Process
8 DSG |
|
\

. 3D-UNet |
<D - I,
Y RGTrm !

Zy Zr_1 ) ’ Zr \—_i ____________ t ——————————— i —

= B%lsiness _wgman uts fpo'cde d —
] of water in bag, ta itness
Text mat and get o§t ofﬁceg. CLIP —>

Method UCF-101 MSR-VTT
IS (1) FVD () FID ({) CLIPSIM (1)

CogVideo (Hong et al., 2022) 25.27 701.59 23.59 0.2631
MagicVideo (Zhou et al., 2022) / 699.00 / /

MakeVideo (Singer et al., ‘2022) 33.00 367.23 13.17 0.3049
AlignLatent (Blattmann et al., 2023) 33.45 550.61 / 0.2929
Latent-VDM (Rombach et al., 2022a) / / 14.25 0.2756
Latent-Shift (An et al., 2023) / / 15.23 0.2773

Dysen-VDM 35.57 325.42 12.64 0.3204




Diffusion-based T2V Methods (Efficient Training)

Inflated U-Net
Pretrained Pretrained

Encoder = /// Decoder

M
Diffusion
Process

....................................................... !;E{v *
.................................................. Frozen  Tuned
-
/
5 & A teddy bear wearing sunglasses plays the electric guitar. ‘. >
I |
I t ! Up
Inflated LR * * oy
M ! Shift Attentlon ‘Text Cross I
> :
RBeIzl;l:t | Attention Adapter Attention dik i
E & FFN : Down
3 Adapter ,/'
T T T P Spatial Adapter
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Diffusion-based T2V Methods (Efficient Training)

An astronaut flying in space,4k,high Xmas Christmas tree holiday Standing on top a mountainside Sea waves with foam on white Beer pouring into glass, low angle
resolution celebration winter snow animation =~ Watching the sunset with the vivid tropical sandy beach. video shot
gold background pinks red orange showing from the

fire colored sky.

—

Al

Time lapse at a fantasy landscape, 4k, A red Cardinal on a tree A cat wearing sunglasses A beautiful sunrise on mars, Curiosity Coffee pouring into a cup.
high resolution. branch stands out when the and working as a lifeguard rover.
snow is falling. at a pool.



Diffusion-based T2V Methods (Multi-stage)

8x04x40x3 29x04x40%3 29 x 256 x 160 29 x 576 x 320

a) Key Frame Generation

b) Frame Interpolation c) Super Resolution d) Super Resolution
UNet UNet
(base) (interp.)

UNet UNet
(super-res) (super res)
“Toad practicing T

karate.”
Low-resolution Pixel-based Diffusion High-resolution Latent-based Diffusion

Japodag

16 x 320 x 512 61 x 320 x 512 61 x 1280 x 2048
P V-LDM V-LDM V-LDM
i (Base) (TD (VSR)
CLIP Text Encoder

1

“Cinematic shot of Van Gogh's selfie, Van Gogh style”



Diffusion-based T2V Methods (Image Conditioned)

Free s SO 7 T E— :
o :
7

}C+ noise 1 £tk 3D UNet
Z e i

7" n% drop  "a

-

<
N>

G —>
Q}O + noise 2
A

A beautiful woman with long golden hair
is driving a red convertible sports car.

The skull is burining, red

image
fires, the skull exploding C g

Mask

m X
Concatenate

fireworks A panda bear driving a car A turtle swimming
in the ocean.



Diffusion-based T2V Methods (Image Conditioned)

Center frame X§

Replicated image latent

VAE — >z — > [ZC, . ZC] Text Prompt: A corgi is
Encoder running on the grass.
Goundtruth Video X, Zero Conv Time Embedding Reconstruction X,
o A > *
Lo
Diffusion Model AppearNet
Appearance (i ) Appearance
Embedding SL el Embedding

3D Attention

Downsample

Disney animation style, One frosty day,
when snow blanketed everything like a
white quilt, a little girl named Zosia

il

was coming home from school. With A A

gloves keeping her hands warm and a A @000 e Efnplf:g?i?:: | 3D ResBlock | E‘:;:;Z?ﬁ; ------ VAE

cozy jacket, she walked along the path. Encoder Decoder
l 3D Encoder Middle Block 3D Decoder T

2,
%}_’ Z; € é Z;

Appearance Noise Prior
€=¢€,+A[Z5, ..., 2°]

3D ResBlock
3D ResBlock
3D ResBlock
3D ResBlock
3D Attention
3D ResBlock
3D ResBlock
3D ResBlock
3D Attention
Upsample
3D ResBlock
3D Attention
m.

3D Attention

3D Attention

Downsample
I

Text Prompt: A corgi is
running on the grass.
Time Embedding

Teddy bear walking down 5t Avenue, front view,
beautiful sunset, close up, high definition, 4K



Diffusion-based T2V Methods (Stable Video Diffusion)

* Stage |: image pretraining, i.e. a 2D text-to-image diffusion model.
* Stage lI: video pretraining, which trains on large amounts of videos.
« Stage lll: video finetuning, which refines the model on a small subset of high-quality videos at higher resolution.

) Caption
Source Video CoCa VBLIP LLM

there is a piece of ~ apersonisusinga A person is using a
wood on the floor  ruler to measurea  ruler to measure a
next to a tape piece of wood piece of wood on the
measure . floor next to a tape
measure.

Video Caption Method
* Mid-frame caption, CoCa
* Video-based caption, V-BLIP
* LLM summarization

two men sitting on a two people are Two men are fishing
rock near a river . fishing in a river in a river. One is
one is holding a stick holding a stick and

and the other is the other is holding a
holding a pole . pole.
Table 1. Comparison of our dataset before and after fitering with 10 g i i feening] 07 = o]

publicly available research datasets.

© 0.6

50.5

LVD LVD-F LVD-10M LVD-10M-F |WebVid InternVid | o

#Clips 577M 152M  9.8M 23M  |10.7M  234M - “
Clip Duration (s) 1158 1053  12.11 10.99 180 117 | =
Total Duration (y) ~ 212.09 50.64  3.76 0.78 594  86.80 , IlHen Hem Ees o

e
)

o
o

User Preference
o
=y

o
N

Mean #Frames 325 301 335 320 _ _ ’ Prompt Alignment  Quality Aggregated ’ Prompt Alignment  Quality Aggregated
Mean Clips/Video 11.09 476 1.2 1.1 1.0 32.96 (a) Initializing spatial layers from (b) Video data curation boosts per-
Motion Annotations? / / / / X X pretrained images models greatly formance after video pretraining.

improves performance.




Diffusion-based T2V Methods (Image Conditioned)

M‘\‘!e = l

NeverEnds
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Pose Guided Video Generation
Depth Guided Video Generation
Multi-modal Video Generation
Uni Audio-Video Generation

« Conditional Video Generation



Pose Guided Video Generation

2-Stage Training Inference
b e

®
66 -

Stage-1: Optimization with keypoints-image pairs

VLol

E, & —

' ‘ Reconstruction loss

"An iron man is dancing on B
the beach” e

- ~ -

- Pose-guided Video Diffusion Block R

Cross-Frame Temp
Pseudo =

3D Conv

Stage-2: Optimization with Pose-free videos

™
o
&=

Text prompt
_|_> Temp SA & l

L
>

—

[Cross-Frame SA QES)
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Ctext
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& Trainable . Reconstruction loss .-~




Depth Guided Video Generation

Text encoder
“A camel walks on the show field, anime style”
c I
-8 [ Text encoder ]
E M éE
|
Z; Denoising Ko, (Ze t) Denoising
r I U-Net N~ une | D
[ eslzii:):or " :I Spatio-Temporal Residual Block .
LD Temporal Transformer Zr ,' Z
“*  Frozen weights
DDIM steps
Spatio-Temporal Residual Block Temporal Transformer E Video
o " . . B lim
> > c > o] yhamic scene mc leling
®s =85 E< © 5 4! -! ;
Z—=_ <O __ L)
©Q § s e c § s f Manual setup of real-life scene
® = o m e = e
Q ., 2
>
> > Tralnlng Inference



Multi-modal Guided Video Generation

Video Latent Diffusion Model

T

Text —p
XT times

RS

—P[ Decoder ]

Condition Fusion

STC-
encoder

STC-
encoder

STC-
encoder

STC-
encoder

' '

Mask Segq.

| : 4
Single Sketch

Sketch Segq.

Motion Vectors

Single Image

Depth Segq.

@ Concatenate ® Reshape Textual Condition Spatial Conditions Temporal Conditions

x: (BF)XCXHXW

Conv2D

v

SiLU

v

AvgPool2D

v

SiLU

v

Conv2D

BF)XcXhXw

(Bhw)XFxc

[ Temporal Trans. ]
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Audio-Video Generation

Audio a¢ Video Ut Video Vt—1 Audio @¢-1 | Audio Step Embedding Video
| (( A v v S
I ( Group Norm )J( Linear ] { Group Norm )
| = i
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Y Y | [ 1D Dialated Conv | ( Scale & Shift ] [ 1D Temporal Conv ]
[ B }H UNet Scale 1 ([ MMmBoks | | | | Boumipsampe | " Down/Up-Sample |
X xCxHxwW & A IR oA ,-.-.-_-.-.-.-..-..-.-_-_-_-..-_-_-_-_-_-.-_"
I R | | {1D+2D Self-Attention |
[ ) ( a) . ). A R T —— T
| MM-Block | | MM-Block | : [ Nofmaallze e g hoymalizs )
_% e J
5 ) | Y y
[ bl J|  unetscaez || MM-Block J L Random-Shift based Multi-Modal Attention (RS-MMA) »
\  MMBiock ) {  MMBock )| v v
| ) { J | (b) Multi-Modal Block (MM-Block)
20xT/4 |Fx2CxH2xwW/2 b 1 ) oo o
il T s | | Video Random Shift R Video
[ MM-Blocks |  UNetScale3 [  MM-Blocks | | i~it S »i+R~i+R+S
3C % 1716 Fx3CxHAXW/A T 7 :
N i o °
© ©
MM-Blocks UNet Scale 4 MM-Blocks | | 3 ————3
&CxT/M (F x40 x H/8 x W/8 JA ) I
|
|
|

(a) Coupled U-Net — Audio Branch — Video Branch -+ UNet Skip (c) Random-Shift based Multi-Modal Attention (RS-MMA)
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One-Shot Video Editing

Fine-Tuning Inference _
Reconstruction Loss xT steps WV 000
XT steps < @ .V U
s O
xT steps o S Zy,  concat
""""""" * o > R | ]|
5 UUO = me AT _I 00-0O T
@ ) W*— — Softmax -V
£ e ‘jl"!L 80 Vd
© G e £ K
g 2 Zy,_
( = ( U Conv Block % :
2 SRENEn
A man ic ckiing” £[a]|< [a]|z |5 [ ° - Updated
;) 7 g o ||| |<—F o U Attn Block j—J _“!5 WQ—» (] B ] I:l P
O Updated = F
b b S Fp N “Spider Man ic ckiing on the ¢ - |:| rosen
rozen
beach, cartoon ctyle” o

- 'Tue-/}\lvdeg |

A rabbit is eating a A puppy is eating a A lion is roaring A lion is roaring, Van A jeep car is moving A jeep car is moving on
watermelon. cheeseburger on the Gogh Style. on the road. the road, cartoon style.
table, comic style

Tune-A-Video: One-Shot Tuning of Image Diffusion Models for Text-to-Video Generation (ICCV 2023 )



General Video Editing

Training Inference
V- B
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Instruction guided Video Editing

L1
o
1
1
1
1
P e T T T T T T T T e e e mm—— ~ '
/ condition latent \ :
i 1
: ¥ 3D U-Net w Temp Attn. : | :
1 . H 5
I——' 1
. € Pretrained ! 1 Dehaze Instruct: Clear the haze from this video.
: Decoder : 1 =
1 1 : B %
i Pretrained [l % . 1 . % . — @
| : ! LX)
. 9 < e P & 4
: % . D : 1 RVOS Instruct: Apply {Green} to the pixels of {the cat playing with the teaser} while maintaining the
: 4 £z /I\ T T /[\ : : current state of other pixels.
| e dl- 2 i : R B e
i ﬁ = Based on the first 1 frame, i I =,
- Transform the video to cartoon style. : : ==
- noisy latent (a) : : Editing Instruct: Transform the video to Animate Style.
e e e e e e e e / i ‘ By
e B 1
’ S 1 = "
{ \ I -
i Recolor the Based on the first 2 frames, i : Deblur Instruct: Enhance the murkines of this low-definition video.
{ j gray video. Recolor the gray video. ! N - X
| i !
: ’ [ . :
1 J >
: : : Inpainting Instruct: Inpainting the missing parts of the video.
! ! i EEa
I Infuse the gray video According to the first 2 frames, I : <
H with a splash of color. Recolor the gray video. H 1
: : : Text Instruct: Adjust the video's style according to this image. Image Instruct:
i . . : ! Instruct & Target Video
\ (b) Clip#1 (c) Clip#2 ! !

A jeep caris A jeep car is Mark the pixels
moving on the road. moving on the road. i of the moving
car to Green and
leave the rest
unchanged.
Text-to- Text-to-Video
Image FrT—— 4 Video-to-Video

|

Consistent with the first 2 frames, Recolor the gray video.

w/o
LVT
— . A= 1 = AL 5

Ours

(a) Stage 1 (b) Stage 2 (c) Stage 3

Transform the video to Van Gogh Night Style. Based on the first 2 frames, Turn the video to Van Gogh Night Style.

VIDiff: Translating Videos via Multi-Modal Instructions with Diffusion Models (Arxiv 2023 )



Instruction guided Video Editing

: Translating /ideos via Multi-Modal

nstructions with usion Models
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Dataset

“Runners feet in a sneakers close up. “Female cop talking on walkietalkie, “Billiards, concentrated young woman

realistic three dimensional animation.” responding emergency call, crime playing in club”
prevention”

“Lonely beautiful woman sitting on “Kherson, ukraine - 20 may 2016: open, “Cabeza de toro, punta cana/ dominican

the tent looking outside. wind on the free, rock music festival crowd partying republic - feb 20, 2020: 4k drone flight
hair and camping on the beach near at a rock concert. hands up, people, fans over coral reef with manta"

the colors of water and shore. cheering clapping applauding in kherson,

freedom and alternative tiny house ukraine - 20 may 2016. band performing”

for traveler lady drinking”



Evaluation Metric

Method Year Training Data Extra Resolution Params(B) MSRVTT [235] UCF-101 [188]
Dependency FID(]) FVD() CLIPSIM(T) FID(l) FVD({) IS(T)
Non-diffusion based method

CogVideo [78] 2022 [51(5.4M) - 256 X 256 15.5 23.59 1294 0.2631 179.00 701.59 2527

MMVG [52] 2023 [51(2.5M) - 256 X 256 - - - 0.2644 - - -

Diffusion based method

LVDM [69] 2022 [512M) - 256 X 256 1.16 - 742 0.2381 - 641.8 -

MagicVideo [266] 2022 [51(10M) - 256 X 256 - - 998 - 145.00 699.00 -
Make-A-Video [181] 2022 [5, 236] - 256 X 256 9.72 13.17 - 0.3049 - 367.23 33.00

ED-T2V [129] 2023 [51(10M) - 256 X 256 1.30 - - 0.2763 - - -
InternVid [220] 2023  [5](10M) + 18M* - 256 X 256 - - - 0.2951 60.25 616.51 21.04
Video-LDM [10] 2023 [51(10M) - 256 X 256 4.20 - - 0.2929 - 550.61 3345

VideoComposer [217] 2023 [5]1(10M) - 256 X 256 1.85 - 580 0.2932 - - -

Latent-shift [2] 2023 [51(10M) - 256 X 256 1.53 15.23 - 0.2773 - - -
VideoFusion [135] 2023 [51(10M) - 256 X 256 1.83 - 581 0.2795 7577 63990 17.49

Make-Your-Video [230] 2023 [5]1(10M) Depth Input 256 X 256 - - - - - 330.49

PYoCo [55] 2023 [51 (22.5M) - 256 X 256 - 9.73 - - - 355.19 47.76

CoDi [194] 2023 [5, 236] - 512 X 512 - - - 0.2890 - - -

NExT-GPT [229] 2023 [5, 236] - 320 X 576 1.83 13.04 - 0.3085 - - -

SimDA [232] 2023 [51(10M) - 256 X 256 1.08 - 456 0.2945 - - -
Dysen-VDM [48] 2023 [51(10M) ChatGPT 256 X 256 - 12.64 0.3204 - 32542 35.57

VideoFactory [215] 2023 [5, 236] - 256 X 256 2.04 - - 0.3005 - 410.00 -

ModelScope [211] 2023 [51(10M) - 256 X 256 1.70 11.09 550 0.2930 - 410.00 -
VideoGen [118] 2023 [51(10M) Reference Image 256 X 256 - - - 0.3127 - 554.00 71.61

Animate-A-Story [68] 2023 [51(10M) Depth Input 256 X 256 - - - - - 515.15

VidRD [62] 2023 [5, 17,259](5.3M%) - 256 X 256 - - - - - 363.19 39.37

LAVIE [219] 2023 [51(10M)+25M* - 320 X 512 3.00 - - 0.2949 - 526.30 -

VideoDirGPT [123] 2023 [51(10M) GPT-4 256 X 256 1.92 12.22 550 0.2860 - - -
Show-1 [257] 2023 [51(10M) - 320 X 576 - 13.08 538 0.3072 - 39446 3542

Dynamicrafter [231] 2023 [51(10M) Reference Image 256 X 256 - - 234 - - 429.23 -
EMU-Video [231] 2023 34M* Reference Image 256 X 256 - - - - - 606.20 42.70
PixelDance [253] 2023 [S]I(10M)+50W*  Reference Image 256 X 256 1.50 - 381 0.3125 49.36 242.82 42.10
MicroCinema [218] 2023 [5]1(10M) Reference Image 256 X 256 2.42 - 377 0.2967 - 342.86 37.46
ART-V [218] 2023 [51(5M) Reference Image 256 X 256 - - 291 0.2859 - 315.69 50.34

SVD [218] 2023 57TM* Reference Image 256 X 384 - - - - - 242.02 -

Text-to-Video Zero-shot Evaluation on MSRVTT & UCF-101



Efficient Inference

Table 1. Model size and inference speed comparisons. The speed is measured in seconds on one A100 (80GB) GPU. The majority of

results are sourced from [1].

Method Parameters (Billion) Speed (s)
T2V Core | Auto Encoder | Text Encoder | Prior Model | Super Resolution | Frame Interpolation | Overall | Tuned P

CogVideo [39] 7.7 0.10 — - — 7.7 15.5 15.5 434.53
Make-A-Video [82] 3.1 — 0.12 1.3 1.440.7 3.1 9.72 9.72 -
Imagen Video [35] 5.6 — 4.6 — 1.2+41.4+40.34 1.7+ 0.78 4+ 0.63 16.25 16.25 —
Video LDM [8] 1.51 0.08 0.12 — 0.98 1.51 4.20 2.65 -
Latent-VDM [1] 0.92 0.08 0.58 - - - 1.58 0.92 28.62
Latent-Shift [1] 0.88 0.08 0.58 - - — 1.53 0.88 23.40
LVDM [32] 0.96 0.08 0.12 - — - 1.16 1.04 21.23
SimDA (Ours) 0.88 0.08 0.12 — — — 1.08 0.025 11.20

8 € Tytudent = {7'1, “e Tn}

t € Treacher = {1,....1000}

&€ ~ N(0, 1) : adversarial loss eed Ima c ualit

d(z,y) distance metric e.g.||93 = 3/||§ = MSR_V' I w I N Sp g Q y

real
_7fake

Discriminator
< ) distillation loss
" c(t)d(g, )
S Istop grad

Step] Time| IQST CLIPT IST FID| NIQE|

ModelScope 50

21.2
Random 2998 13.5
AdaDiff 31.14 13.6

-0.518 0.293 18.79 44.85 6.57
-0.723 0.293 18.22 4741 6.75
-0.517 0.299 18.74 44.49 6.36




Long Video Generation (Retrieval based motion)

Text prompt: An astronaut walking on Mars, strong sandstorm blowing

-—1 l
=25 J Story script ( CLIP text encoder

[ Storyboard description ]
Plot 1 Plot i Plot n

Generated video

[ Motion structure ] [ Structure-guided ]

. . v . Depth guidance
retrieval text-to-video synthesis
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A teddy bear wakes up inthem 1g in his bed.
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Long Video Generation (Coarse-to-fine)
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NUWA-XL: Diffusion over Diffusion for eXtremely Long Video Generation (Arxiv 2023 )




More Application (Animate Anyone)




A Survey on Video Diffusion Models =

Zhen Xing, Qijun Feng, Haoran Chen, Qi Dai, Han Hu, Hang Xu, Zuxuan Wu, Yu-Gang Jiang
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https://github.com/ChenHsing/Aweso Presentation: Zhen Xing
me-Video-Diffusion-Models 2023/12/06

(Source: Make-A-Video, SimDA, PYoCo, SVD , Video LDM and Tune-A-Video)



https://github.com/ChenHsing/Awesome-Video-Diffusion-Models
https://github.com/ChenHsing/Awesome-Video-Diffusion-Models

Complex Text Understanding

Stable Diffusion:
DALL-E3:

EMU-Video:
PYoCo:
Latent-Shift:
Show-1:
Dysen-VDM:
Imagen Video:

CLIP Text Encoder; VIT-H/14
T5-XXL

CLIP Text Encoder + T5-XL

CLIP Text Encoder + T5-XL

BERTEmbedder

CLIP Text Encoder + TH-XL

CLIP Text Encoder + DSG (dynamic scene graph)
T5-XXL (4.6B)



