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Introduction



Mumbai, the city of dreams.



Multimodal Generative Al for Films

Now it's the cybernetic heart of India,
b

Sagar Amruth , Twitter, https://twitter.com/sagartheamruth/status/1688530899271364608 , August 7, 2023.

Visuals
Video

Narration (script)
Narration (voice)

Sound effects

Midjourney
Runway
ChatGPT
ElevenLabs
Audiocraft


https://twitter.com/sagartheamruth/status/1688530899271364608

What is Generative Al ?

AGenerative Al is Al capable of generating text, images, or other media




Generative Al for Visual Arts

Al won a

Al made a photography contest

magazine cover
Al won an art contest

World's
First s
Artificia r

Intelligent
Magazine
Cover
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(Source: CNN Business)

(Source: Cosmopolitan)

(Source: CNN)

Gl ori ahlei Worg dds Smartest Artificial I nt e lGosmgpelitag, dunel2d,20@22. Made | ts First Magazi ne

Rac hel AWehanartcogntest, and artists are furious , GNN BusinessSeptember 3, 2022.
Lianne Kolirin, Artgst rejects photo prize after Al _-generated image wins award , GNN, April 18, 2023.

Cover


https://www.cosmopolitan.com/lifestyle/a40314356/dall-e-2-artificial-intelligence-cover/
https://www.cnn.com/2022/09/03/tech/ai-art-fair-winner-controversy
https://www.cnn.com/style/article/ai-photo-win-sony-scli-intl/index.html

Types of Audio

Music Sound effects

o

pL -

._ . N

(Source: Wikimedia Commons)

(Source: Wikimedia Commons)

BPJ Media Inc,CC B¥SA 3.0, via Wikimedia Commons .
Vancouver Film SchoolRetouched version by User:Quenhitran ., CC BY 2.0 via Wikimedia Commons .

The Blackbird Academy, CC B¥SA 2.0, via Wikimedia Commons .

One Man Gnebhos WARACTION SHORT FILM¥ouTube September 11, 2022.


https://creativecommons.org/licenses/by-sa/3.0
https://creativecommons.org/licenses/by/2.0
https://creativecommons.org/licenses/by-sa/2.0
https://youtu.be/tY9n2XMF5IQ

Generative Al for Music

Prompt : relaxing and Prompt : delightful Prompt : cinematic
smooth jazz played in country music with and suspenseful
a stylish cafe acoustic guitars orchestral music

Made with Facebook MusicGen (huggingface.co/spaces/facebook/MusicGen )


https://huggingface.co/spaces/facebook/MusicGen

Generative Al for Sound Effects

Text-to -audio Synthesis

whistling with wind blowing

Liwu
Dong

e Audi@ DM : Text#o-Audio Generation with Latent Diffusion Models , IE€ML, 2023.
e CLIP&dnic Text¢o -Audio Synthesis with Unlabeled Videos and Pretrained Language

Image -to -audio Synthesis

-Vision Models , WASPAA2023.
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https://arxiv.org/abs/2301.12503
https://arxiv.org/abs/2306.09635

Music Information Research ( MIR)

Adntelligent ways to analyze, retrieve and create musicd (vang 2018)

AAutomatic composition
AAutomatic accompaniment
AMusic style transfer
AMusic synthesis

Yang, gMusi c | nf o BNHECTIGR nectBre rotesa Apil A0,183
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MIR s A Cross-disciplinary Field
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A\ Adobe Firefly (Bets) - : ! \\ Adobe
o i om0 o B Com

mer

;ireﬂy(a:x:)\!ﬁ\} Ve
a female cat engineer
making an electric a cat playing heavy metal

chip in a classroom

Made with Adobe Firefly ( firefly.adobe.com ) and Facebook MusicGen (huggingface.co/spaces/facebook/MusicGen )

a cat engineer debugging
on laptop
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https://firefly.adobe.com/
https://huggingface.co/spaces/facebook/MusicGen

My Research

Multitrack Music Generation

Generating new music
contents automatically

MuseGAN

Multitrack Music Transformer
(AAAI 2018)

(ICASSP 2023)

= S
Sy (B

96 time steps.

& Al Music JJ

Assistive Music Creation Tools

Assisting humans to @n xn

. Lo it E
create and perform music oﬁi
Arranger Deep Performer
(ISMIR 2021) (ICASSP 2022)
Multitrack dataset S5 1 N Rawscore
I ¢ ’ -
;;L, & /‘j ‘ B I

e —
-

= = ‘ Aligned score
i —=—======= | ) o |
o Mel spectrogram
[r———— e

e g |

Multimodal Learning for Audio & Music

ReEE_d
Learning sound separation B .l |

and synthesis from videos “-ﬂ&
)
CLIPSep CLIPSonic
(ICLR 2023) (WASPAA 2023)
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My Research

Multitrack Music Generation

3
Generating new music “" ) L
contents automatically R4V
L= P

MuseGAN Multitrack Music Transformer
(AAAI 2018) (ICASSP 2023)

rr WA

Featured in
Amazon AWS DeepComposer
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My Research

Multitrack Music Generation

Generating new music
contents automatically

Multitrack Music Transformer
(ICASSP 2023)

Will be
discussed later!
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My Research

Assistive Music Creation Tools

Assisting humans to @n ~

create and perform mu

Arranger
(ISMIR 2021)
r &
LIS !
\.
r .
N
\.

Automatic instrumentation
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My Research

Assistive Music Creation Tools

Assisting humans to
create and perform music

Deep Performer
(ICASSP 2022)

ol 7 T alele® o o
b ler 4o " [Crrede,,) ]
g U 'l?f == Raw score

|

—_ — | Aligned score

|

Mel spectrogram

|

Waveform

Score-to -audio synthesis



My Research

Text-queried
sound separation

Multimodal Learning for Audio & Music

Learning sound separation EEE
and synthesis from videos ﬂ

CLIPSep CLIPSonic
(ICLR 2023) (WASPAA 2023)

Text-to -audio Will be
synthesis discussed later!



My Research

Multitrack Music Generation

Generating new music
contents automatically

MuseGAN Multitrack V
(AAAI 2018) (ICA

Fake data

19



[ICASSP
2023

NE,
ISLAN

Multitrack Music Transformer

Hao-Wen Dong Ke Chen Shlomo Dubnov Julian McAuley Taylor Berg-Kirkpatrick

University of California San Diego

UCSan Diego




Overview

Generate orchestral music
Aof diverse instruments
Ausing a new compact representation

Awith a multi -dimensional transformer

(Source: Vienna Mozart Orchestra)

21



Related Work (Transformers for Music Generation)

Instrument  Compound  Generative

Model Multitrack )

control tokens modeling .

Average sample Inference speed

REMI [5] v length (sec) (notes per second)
MMM [10] v v
CP [6] v v MMM [10] 38.69 5.66
MusicBERT [15] v v REMI+ [11] 28.69 3.58
FIGARO [11] v v | MMT (ours) 100.42 11.79 |
MMT (ours) v v v v 1

Longer samples!
Faster inference speed!

Huang and Yang, gPop Mthsise dT rMormdsfl d rnnge ra:n dBe&a&thner ati on of EMM2080ssi ve Pop Piano Compositions, 3
Ens and Pasquier, ¢ MMM Exploringr@arkdiMuiso calGeMeelr tait i o n ar¥ivpteprintarKie2008:106048s2020.r me r , 3

Hsi ao et al ., gCompound Word TranSdmg mdusi d eaverri nlgy n amiCo ABAZ623c tFeud |Hy per gr aphs, 3

Zeng eMusiéBERT,Symbolic Music Understanding with Large -Scale Pre-T r a i nHindirggs of ACL.2021.

von Riatteet al . , g¢Fl GARO: Controll able Music GenleuRa0k3. on using Learned and Expert Features,322



Representation

AWe represent a music piece as a sequence of events

AEach event 0 is encoded as

0

6 (6B )
o' T E T T
| J l J
Specify note & instrument information
-~ Start of song
— Structural —{ Start of notes
. 5 event — - End of song
types Data Instrument
_ Note

23



Representation (An Example)

Structural

S (@VeNIS o, o, ©) | start of song |
g - §§Ei i ;; B (1, o, @, ©, o, 15) | Instrument: accordion
2 E8F | |9 e, 0, 0, 36) | Instrument: trombone Instrument events
g Y it e e (1, o, @, ©, 0, 39) | Instrument: brasses

C1 ity (2, 0, 0, 0, 0, ©0) | Start of notes|

%ﬁ R (3, 1, 1, 41, 15, 36) Note: beat=1, position=1, pitch=E2, duration=48, instrument=trombone
g B gg; (3, 1, 1, 65, 4, 39)  Note: beat=1, position=1, pitch=E4, duration=12, instrument=brasses
2 g aHA f: - (3, 1, 1, 65, 17, 15) @ Note: beat=1, position=1, pitch=E4, duration=72, instrument=accordion
2 61:;_;_{_; =] (3, 1, 1, 68, 4, 39) Note: beat=1, position=1, pitch=G4, duration=12, instrument=brasses

<§?_A;; ; i i; ; (3, 1, 1, 68, 17, 15) | Note: beat=1, position=1, pitch=G4, duration=72, instrument=accordion Pd()tf?
C %§ 159 i e (3, 1, 1, 73, 17, 15) Note: beat=1, position=1, pitch=C5, duration=72, instrument=accordion
% gg:j.; 2 o (3, 1, 13, 68, 4, 39)  Note: beat=1, position=13, pitch=G4, duration=12, instrument=brasses events
g § SEI=T01 (3, 1, 13, 73, 4, 39) Note: beat=1, position=13, pitch=C5, duration=12, instrument=brasses
g i - (3, 2, 1, 73, 12, 39) Note: beat=2, position=1, pitch=C5, duration=36, instrument=brasses
@ é@ = (3, 2, 1, 77, 12, 39) Note: beat=2, position=1, pitch=E5, duration=36, instrument=brasses

12345678 2
time (beat) [(4, 6, ©, ©, 0, ©0) | End of song |




Multitrack Music Transformer

AA multi -dimensional decoder -only
transformer model
| Predict six fields at the same time

ATrained autoregressively
| Predict the next event given past events

xtype xbeat xposition xpitch xduration xinstrument

[ Embedding ][ Embedding ” Embedding ][ Embedding ][ Embedding ][ Embedding ]
I |

Positional encoding @—bea

4 g

A
Masked multi-head
self-attention

NX fan)
transformer N
decoder block !
Feedforward l
[
- Y J
Y v v v
[ Dense ][ Dense ][ Dense ][ Dense ][ Dense ][ Dense ]
v v v v v v
[ Softmax ][ Softmax ][ Softmax ][ Softmax ][ Softmax ][ Softmax ]
ftype fbiat fpos?tion fpitch fdurttion finstrument

25



Three Sampling Modes

Unconditional generation Instrument -informed generation

(eJ > ] 3 3 ) Start of song
|npUt [, @, @, 8, o, @) |start of song] (1, 2, @, @, @, 15) | Instrument: accordion
|nput (1, 2, @, ©, @, 36) | Instrument: trombone
(1, @, ©, 9, @, 39) | Instrument: brasses
(2, o, 0, ©, 0, 0©) | Start of notes

N-beat continuation

(o, o, N P » ) | Start of song
(1550, N , @, 15)  Instrument: accordion
(3, 1@ 4 5 , 36)  Instrument: trombone
(1, '9; N » 2, 39) | Instrument: brasses
(2; 0, 5 5 5 ) | Start of notes
(3, 1, 1, 41, 15, 36) Note: beat=1, position=1, pitch=E2, duration=48, instrument=trombone
Input (3,1, 1, 65, 4, 39) Note: beat=1, position=1, pitch=E4, duration=12, instrument=brasses Only needs to
(3, 1, 1, 65, 17, 15) Note: beat=1, position=1, pitch=E4, duration=72, instrument=accordion

3,
3,
(3J

u
&
&

L

M

39) Note: beat=1, position=1, pitch=6G4, duration=12, instrument=brasses .
68, 17, 15) Note: beat=1, position=1, pitch=64, duration=72, instrument=accordion traln ON E mOdeI!
73, 17, 15) Note: beat=1, position=1, pitch=C5, duration=72, instrument=accordion
39) Note: beat=1, position=13, pitch=G4, duration=12, instrument=brasses
73, 4, 39) Note: beat=1, position=13, pitch=C5, duration=12, instrument=brasses

}

M
M

.
&
&

o

M

[ g gy g =Y
< (-

[
WWR R e R e e

™

(3)




Example Results

Unconditional
generation

Ot t oPi | otKRiBe NaghtthusikeBy My

Instrument -
Informed generation

church -organ, viola,
contrabass, strings,
voices, horn, oboe

MI DI Vi r thttps/lyoulD.bed¢ H8e&CdW34jca . 3

4-beat continuation

Wol fgang Amadeus
Eine kleine Nachtmusik

27
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https://youtu.be/_g8iCdY34jc

Subjective Listening Test Results

Number of  Average sample Inference speed Subjective listening test results

parameters length (sec) (notes per second) Coherence Richness Arrangement Overall
MMM [10] 1981 M 38.69 5.66 348+ 035 3.05+0.38  3.28+0.37 3.17 +£0.43
REMI+ [11] 20.72 M 28.69 3.58 390+ 052 374 +021 3.744+0.44  3.77 + 0.41
MMT (ours) 19.94 M 100.42 11.79 3554046  3.53 +0.35 340 £0.44  3.33 £047

—

2.6x/3.5x longer

generated samples
(within the same sequence length)

Ens and Pasquier,
von Ritteet al . ,

g MMM

gFl GARO: Controll abl e

Exploringr@arkdMuisocalGeMelr tait i o n arXivpteprint arkie2008.06048s2020.r me r

\

2.1x/3.3x faster
Inference speed

\

Higher quality than MMM
Lower quality than REMI+

R}

Musi c Genl@ebRa2023. on using Learned and Expert

Featur es,



Analyzing Self-attention

AMean relative attention for a field 'Q
Attention weight

B .- B D . Whether the field value

is of difference Q

r()

(o0, o, ) ) 5 ) | Start of song
(1, o, , s , 15) | Instrument: accordion
(1, o, , , » 36) | Instrument: trombone
(1, o, , , , 39) | Instrument: brasses
(2, o, ) ) 5 ) | Start of notes
(3, 1, 1, 41, 15, 36) | Note: beat=1, position=1, pitch=E2, duration=48, instrument=trombone
(3, 1, 1, 65, 4, 39) | Note: beat=1, position=1, pitch=E4, duration=12, instrument=brasses
( ) (3, 1, 1, 65, 17, 15) Note: beat=1, position=1, pitch=E4, duration=72, instrument=accordion ( )
r (3, 1, 1, 68, 4, 39) | Note: beat=1, position=1, pitch=G4, duration=12, instrument=brasses |'>
(3, 1, 1, 68, 17, 15) Note: beat=1, position=1, pitch=G4, duration=72, instrument=accor'dion;>
(3, 1, 1, 73, 17, 15) Note: beat=1, position=1, pitch=C5, duration=72, instrument=accordion




Analyzing Self-attention

AMean relative attention for a field 'Q

r()

AMean relative attention gain

r()

B+ B wi0)p Biased towards
— , difference that occurred
B« B wy(0) more frequently!

for a field Q

B+ B p

B . B @

Assuming a uniform attention matrix

r()

30



Musical Self-attention

The MMT model attends more to notes
Athat are T Ubeats away in the past

Athat have the same position (e.g., on-
beat and off -beat) as the current note

Athat has a pitch in an octave above
which forms a consonant interval

MMT learns a relative self -attention
for beat, position and pitch .

Positive and negative mean relative attention gain

head

Attention
O U R WK =

~_~
)
p—

Attention
head

(b)

head
CONOU WK =

Attention

~
(@]
—

, ONOURWNE
A N

* * * * * * * * *

-40

36 -32 28 24 20 -16 -2 -8 -4 0 4

Beat difference

_» 8th note behind ~ same position » 8th note ahead

-
NS

8 4 0 4 8 12
Position difference

same pitchx_ 4thx  »5th  «8th (octave)

-25

-20 -15 -10 -5 0 5 10 15 20 25
Pitch difference

31



Summary

AProposed an efficient representation and model for multitrack music
generation

APresented the first systematic analysis of musical self -attention

Multitrack Music Transformer Musical Self -attention Paper: arxiv.org/abs/2207.06983
IS Demo: salul33445.qgithub.io/ mmt /
(o) (o) i) i) (i) (i) L Code: github.com/salu133445/ mmt

-12 -8 -4 a 1
(b) Position difference

32


https://arxiv.org/abs/2207.06983
https://salu133445.github.io/mmt/
https://github.com/salu133445/mmt

My Research

Multimodal Learning for Audio & Music

l aarninao cni |nd Separation
s from videos

p CLIPSonic
’3) (WASPAA 2023)

33



3 ICLR

CLIPSep Learning Text-queried Sound Separation
with Noisy Unlabeled Videos

Hao-Wen Dong 12* Naoya Takahashil QYuki Mitsufuji 1
Julian McAuley? Taylor Berg-Kirkpatrick 2

1Sony Corporation 2University of California San Diego

* Work done during an internship at Sony dCorresponding author

SONY UCSanDiego

34



CLIP(Contrastive Language -Image Pretraining)

ALearn a shared embedding space for images and texts via contrastive learning

(- )
- ~
Image / Make closer!
7 Encoder ake closer!
B N
CLIP Make farther!
| J |-
> Text
Encoder \ Make closer!

\_ Y, L] -

Radf or d Learmingdlansferabie Visual Models From Natural Language Supervision _, E€ML 2021.



https://arxiv.org/abs/2103.00020

Leveraging the Visual Domain as a Bridge

Pretrained vision - Audio -visual
language models correspondence
(CLIP) in videos
Image

Desired text -audio correspondence

No text -audio pairs Scalable to large
required! video datasets!

36



Why NOT Text-audio Pairs?
YouTube videos!

500 hours of videos
uploaded per minute

0.6 million
text -audio pairs

O

LAION-Audio -630K
(Wu et al., 2023)

5 billion

text -image pairs

LAION-5B
(Schuhmann et al., 2023)

Schuhmann e t AAION;:5B:An open large -scale dataset for training next generation image  -text models , NeurlPS Datasets and Benchmarks Track 2023.
Wu et Laggé-scale Céntrastive Language -Audio Pretraining with Feature Fusion and Keyword  -to-Caption Augmentation , I EASSP2023. 37


https://arxiv.org/abs/2210.08402
https://arxiv.org/abs/2211.06687

CLIPSep

play|ng ........ .

Query model

me(

Inference
~ero -shot (text-queried)
transfer aphoto of - (test
/' \_ didgeridoo )
Training

(image-queried) |

CLIP model
(pretrained; fixed)

Projection layer,
(k channels)

Query
vector 1 (a)

Source 2| T S

Spe

! 'ﬁl“‘"- _Hu
ctrogram

FOR——

(k channels)

a photo of

motorboat

speedboat
acceleration

(testtimg | (

; .D ... Projection layer
(k channels)

CLIP model
pretrained; fixed)

Query model

Query
vector 2 (a)

> m”'llll Predicted
- 'y KECBET SBRY sk 1)
o,

3 Predicted
5 mask 2 § )
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Data

MUSIC
(Zhao et al., 2018)

Violin Acoustic guitar Accordion

Music instrument playing videos

Z hao eThe Solind of Pixels, BCCY2018. (dataset)
Chen eVYGG&dund,A Lage-Scale Audio-Visual Dataset, WEASSP2020. (dataset)

VGGSound
(Chen et al., 2020)

Hedge trimmer
running

Bird chirping,
tweeting

Dog bow -wow

Noisy videos with diverse sounds

39


https://arxiv.org/abs/1804.03160
https://github.com/roudimit/MUSIC_dataset
https://arxiv.org/abs/2004.14368
https://www.robots.ox.ac.uk/~vgg/data/vggsound/

Demo s CLIPSep

Mixture

Qu e r playinggarpsichord 3

CLIPSep

Ground truth

40



Noise Invariant Training (NIT)

Query model
aphotoof (test time) [ CLIP model b Predicted unely
laying -

digeridoo ¢ | (rtmine: fixed) mesk | 01

D Projection layer Query

uuuuuuuuuuu - -------: Vector 1

(# channcls) ‘ (a) Noise invariant training
:D— : Predicted Ground truth )
mask 1 (#,) mask 1 (M,)
\. b ——— 1A%

i iProjection
i1 layer 1

Noise
mvariant loss

Min

LA J

Source 2

Wil

%Pfedicted uoise§
mask 2 (M)

\

Assuming noises

e B are
Predicted Ground truth .
| mek21)  mek20y | INtErchangeable

Query Cag 11141 it— between sources

™~

J
L —
gronenones D Projection layer

a photo of : (k channels) vector 2 (g2) EET SEEANgTR
moforboat i CLIP model )

speedboat (test time) | (Pretrained; fixed) Predicted query
acceleration . /

o dl mask 2 (M)
uery mode

41



Demo s CLIPSepNIT

Qu e r playinggarpsichord 3

Mixture CLIPSep

CLIPSepNIT

Ground truth

42



Quantitative Results

MUSIC™ VGGSound-Clean™
Unlabeled Post-proc. Median Median

Model data free Mean SDR SDR Mean SDR SDR
Mixture - - 4.49 + 141 2.04 -0.77 £ 1.31 -0.84
Text-queried models
CLIPSep v v 9071 +1.21 8.73 2.76 £+ 1.00 3.95
CLIPSep-NIT v v 10.27 + 1.04 10.02 3.05 +=0.73 3.206
BERTSep v 4.67 + 0.44 4.41 5.09 + 0.80 5.49
CLIPSep-Text v 10.73 £+ 0.99 0.93 5.49 + (.82 5.06

Significant performance improvement against the baseline!

43



Demo s Noise Removal

Qu e r playingg¢agpiped

Mixture Prediction

Noise head 1

Noise head 2

44



Summary

CLIPSep Noise Invariant Training
First text -queried universal sound A new approach fort raining a
separation model that can be trained guery -based sound separation model
using only unlabeled videos with noisy data in the wild

Paper: arxiv.org/abs/ 2212.07065

Demo: sony.github.io/ CLIPSeg
Code: github.com/ sony/CLIPSep

45


https://arxiv.org/abs/2306.09635
https://arxiv.org/abs/2212.07065
https://sony.github.io/CLIPSep/
https://github.com/sony/CLIPSep

My Research

Multimodal Learning for Audio & Music

-'ﬂ‘:‘ ‘

Learning sound separation
and synthesis from videos

/ CLIPSonic

(WASPAA 2023)

~
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IEEE!

WASPAA
2023

CLIPSonic Text-to-Audio Synthesis with Unlabeled
Videos and Pretrained Language -Vision Models

Hao-Wen Dong 12*  Xiaoyu Liu! Jordi Pons! Gautam Bhattacharya 1
Santiago Pascuall Joan Serral Taylor Berg-Kirkpatrick 2 Julian McAuley?

1 Dolby Laboratories 2 University of California San Diego

* Work done during an internship at Dolby
'9 S’
=

3 » ‘ i S '.(
y N y W &
‘ .

=
PADolby  UCSanDiego

AN
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Diffusion Model

Input

Add noise gradually

(Forward diffusion process )

po(Xt—1]x1)

S-———

Remove noise gradually
(Backward diffusion process )

I”gn-akikkwvvvvvvw

Ho e t Dendising Diffgsion Probabilistic Models , Broc.NeurlPS 2020.

48


https://arxiv.org/abs/2006.11239

CLIPSonics Training (Image-queried)

AWe train the model to perform image-to-audio synthesis
| Encode a video frame using a pretrained CLIP -image encoder (Radford et al., 2021)

CLIP-image
(pretrained; frozen) I

Input video

Diffusion model

Radf or d Learmingdlansferabie Visual Models From Natural Language Supervision , Broc. ICML 2021.



https://arxiv.org/abs/2103.00020

CLIPSonics Inference (Text-queried)

AWe use a pretrained diffusion prior model  (Ramesh etal., 2022)
| To generate a CLIP-image embedding given a CLIP -text embedding

CLIP-text Diffusion prior
(pretrainedfrozen) (pretrained; frozen)

a photo of
train whistling B I ﬂ I
| 1

Diffusion model

Ra me s h é#lierareghical Text €onditional Image Generation with CLIP _Latents, & Xiv preprint arXiv:2204.06125, 2022.

50


https://arxiv.org/abs/2204.06125

CLIPSonics Inference Examples

(7))
n
®
0

IC

electr

1000

500
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Data

MUSIC
(Zhao et al., 2018)

Violin Acoustic guitar Accordion

Music instrument playing videos

Z hao eThe Solind of Pixels, BCCY2018. (dataset)
Chen eVYGG&dund,A Lage-Scale Audio-Visual Dataset, WEASSP2020. (dataset)

VGGSound
(Chen et al., 2020)

Hedge trimmer
running

Bird chirping,
tweeting

Dog bow -wow

Noisy videos with diverse sounds

52


https://arxiv.org/abs/1804.03160
https://github.com/roudimit/MUSIC_dataset
https://arxiv.org/abs/2004.14368
https://www.robots.ox.ac.uk/~vgg/data/vggsound/

Text-to-Audio Synthesis s Demo

Rapping Sea waves

Smoke detector beeping Playing table tennis

Thunder

Playing violin fiddle

53



Text-to-Audio Synthesis s Listening Test

Table 3: Listening test results for text-to-audio synthesis (MOS).

VGGSound MUSIC

Model
Fidelity ~ Relevance  Fidelity = Relevance

CLIPSonic-ZS 2.55 +£0.22 2.01 £ 0.27 2.98 + 0.23 3.87 4 0.24

CLIPSonic-PD 3.04 4 0.20 2.86 + 0.25 3.67 + 0.18 3.91 + 0.24

Ground truth  3.78 = 0.19 3.54 +0.29 3.90 £ 0.17 4.34 = 0.18

Significant performance improvement against the baseline!
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Image-to-Audio Synthesis s Demo (Out-of-distribution)
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Image-to-Audio Synthesis s Listening Test

Table 4: Listening test results for image-to-audio synthesis (MOS).

Model Fidelity Relevance
CLIPSonic-IQ (image-queried) 3.29 +0.16 3.80 4+ 0.19
SpecVQGAN [20] 2.15+£0.17 254 £0.23
im2wav [21] 219+ 0.15  3.90 + 0.22

State -of-the -art image -to -audio performance !

Sheffer bHear YordTiue Cokbrs: Image Guided Audio Generation , I EASSP2023.
lashin and Rahtu, Taghing Visually Guided Sound Generation , BMVG 2021.



https://arxiv.org/abs/2211.03089
https://arxiv.org/abs/2110.08791

Summary

AProposed a text -to-audio synthesis model that requires no text-audio pairs
AAchieves strong performance in objective and subjective evaluations

A Achieves state -of-the -art performance in image -to-audio synthesis

[

CLIP-text Diffusion prior

(pretrained; frozen) (pretrained; frozen)

a photo of
train whistling

\(c) Inference — CLIPSonic-PD (pretrained diffusion prior) Diffusion model )

Paper: arxiv.org/abs/2306.09635
Demo: salul133445.github.io/clipsonic
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Conclusion
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Leveraging the Visual Domain as a Bridge

Audio -visual
correspondence
In videos

Pretrained vision -
language models

Desired text -audio correspondence

No text -audio pairs Scalable to large
required! video datasets!
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A Lot More to Learn from Videos

AFree audio -visual correspondence
ARich context information

ARich temporal dynamics

-
THAT'S TOO'MUCH
INFORMATION!
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Future Directions
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Challenges

Multimodality

Usability

Licensing
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Multimodal Generative Al

Text-to-image generation —

Text-guided image editing \ /

AA -||‘||-|-

Image Audio

Image-to-audio generation
Audio -to-image generation

Text-to-audio generation
Text-guided audio
editing
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Multimodal Generative Al for Ads

X X MY c , Ruaway Gen-2 Sample / Tiger Whiskey , ¥ouTube July 9, 2023.
Kaoru Naito, Twitter, https://twitter.com/kaOru_1620/status/1678313226453520385 ,July 10, 2023.

Video Runway Gen-2
Music MusicGen
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Multimodal Generative Al for News

Generate an audio in Science Fiction

theme. Mars News reporting that Humans
send light -speed probe to Alpha Centaurr.
Start with news anchor, followed by a reporter
interviewing a chief engineer from an
organization that built this probe, founded by
United Earth and Mars Government, and end with
the news anchor again.

Welcome to Mars news.

Script GPT-4
Music MusicGen
Narration Bark
Sound effects  AudioLDM

Li u eWavdolrney: Cognpositional Audio Creation with Large Language Models , arXiv preprint arXiv:2307.14335, 2023. 06


https://arxiv.org/abs/2307.14335
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Controllable Generative Al

Large language models

(GPT-4)

Instructions

A T T

Musu: Background
Speech Foreground

Music Background
Speech Foreground

Sound
effect
Sound
effect

Foreground
Background
Speech Foreground
Speech Foreground

Speech Foreground

Host

Host

Reporter
Director

Reporter

Audio Script

-30

-15

-15

-35

-30

-15

-15

-15

Pretrained generative

audio models

(MusicGen, AudioLDM , Bark)

Begin Dramatic orchestral news theme.

Welcome to Mars News ...

End
Now let's connect with our
on-site reporter ...
Transition swoosh.
. Background noise of bus
Begin grou I usy

engineering office.

We're here at the headquarters of ...

Thank you, so it's a fantastic ...

This is truly an impressive feat ...

Li u eWavdolrney: Cognpositional Audio Creation with Large Language Models , arXiv preprint arXiv:2307.14335, 2023.

Auto
Auto
Auto

Auto

1

Auto

Auto

Auto

Auto

> Audio

Interactable
Intermediate outputs
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Controllable Generative Al

| S | Lot | D G vlumel Acton | ConenDsscrpton_puter

Music Background 1 -30 Begin Dramatic orchestral news theme. Auto
Speech Foreground Host -15 Welcome to Mars News ... Auto
Music Background 1 End

Now let's connect with our

Speech Foreground Host -15 on-site reporter ...

Sec:fl.;r: Foreground -35 Transition swoosh.

S acground 2
Speech Foreground Reporter -15 We're here at the headquarters of ...
Speech Foreground Director -15 Thank you, so it's a fantastic ...
Speech Foreground Reporter -15 This is truly an impressive feat ...
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Integration into professional creative
workflow



Licensing Example s Adobe Firefly

Trained with royalty -
free Adobe Stock images

70



