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Agenda

e Introduction to Diffusion Models: A Multi-Perspective Approach:
o Score Matching Perspective
o Stochastic Differential Equations (SDE) Perspective
o Latent Probabilistic Models Perspective
e Applications of Diffusion Models in Audio
o Diffusion Models for Vocoding
o Diffusion Models for Text-to-Speech (TTS)



Generative models

GAMN: Adversarial
training

VAE: maximize
variational lower bound

Flow-based models:
Invertible transform of
distributions

Diffusion models:
Gradually add Gaussian
noise and then reverse
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Diffusion models

Forward diffusion process (fixed)

Data Noise

Reverse denoising process (generative)



Score Matching Perspective
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Estimating the probability distribution of data

Data distribution
(unknown)

Model distribution



Estimating the probability distribution of data

Data distribution
(unknown)

Pe(x)
Model distribution

Deep Neural Network

4

Deep Generative Models



Estimating the probability distribution of data

efo(x) efe(X) .
IZ ! e
“ _1.0.

Normalizing constant
Zo = fo(x) dx




Estimating the score function of data

p(x)
Probability density function

Vx log p(x)
(Stein) score function
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Estimating the score function of data
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Training data Probability density function

fxi, 5,050 0] S DisalX) Po(X) ~ Pdata(X)



Estimating the score function of data
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Score function
SO(X) ~ vx logpdata(x)



Estimating the score function of data

. i.i.d.
Given: {xi,Xs,-  ,XnN} ~ Pdata(X)

Goal: V, 10g paata(X)

Score Model: sp(x) : R? » R? ~ V, 10g pgata(X)
Objective: How to compare two vector fields of scores?
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Estimating the score function of data

i.i.d

Given: {Xl, > T ,XN} <~ pdata(x)

Goal: vx log pdata(x)

Score Model: 3¢(x) : R? - R? ~ V,10g pgata(X)

Objective: How to compare two vector fields of scores?
1 2

§Epdata(x) [” vx log pdata(x) o SQ(X) ”2]

(Fisher divergence)



Estimating the score function of data

1
EEpdata[(vm Iﬁgpdata(m) -V, logpg(;r))z]
1
- / Panta(2) (Vs 108 Pasta () — V. log pp(z))2dz
1 1

=§ /‘pdata(m)(va: logpdata(m))zdin + E /‘Pdata(w)(vm logpa(m))zdm

- v
v

const

— / Ddata(T) V3 log pg(x)V , 1og paata (z)d.




Estimating the score function of data

— f Paata(Z) Ve log pg(z)V; 10g pyata (T)d

= — f‘U’m log pg()V 2z Pdata(z)dz

o0

= — Pdata(Z) Vg log'pg(m)‘ + /Pdata(m)v% log pg(z)dz

— 0



Estimating the score function of data

i.i.d.

Given: {Xl,Xg, AR axN} G5 pdata(x)
Goal: vx log pdata(x)
Score Model: sp(x) : R? > R? ~ V, 10g pgata(X)

Objective: How to compare two vector fields of scores?

EEP(h“(x)[l|v logpdatd( ) So(x )”2

(Fisher dlvergence) Integration by parts

Score Matching [Hyvarinen 2005]: (Gauss's theorem)

1
Epuna| 5 1800113 + trace( Viso(x) )

Jacobian of sg(x)



Denoising score matching

. * Matching the score of a noise-perturbed distribution
' Pdata (X)

1 .
= " 5Eq, (%[l Vx 10g 4o (X —so(%)|l3]
4o (% | x)

Denoising score matching (Vincent 2011)

;

1
5 Epaata () Ego 1x)

Scalable!



Denoising score matching

Go(®) = (9, 13) Pouy, () Ix
E oy L% g 3:)= 5 (O,



Denoising score matching
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Denoising score matching
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Denoising score matching
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Denoising score matching
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Denoising score matching

* Matching the score of a noise-perturbed distribution

1 §
SE. ol ~so(X)Il3

* Denoising score matching (Vincent 2011)

i e ~\ 112
5 Epaaa (0B, (51 [V 2 108 g (| X)i = 50 (%)]|5]
'
Scalable!




Denoising score matching

Vi log ¢s (X|x) = Vi log N(x, 0% - T)

exp(—3(X —x)" - (0% -I)7! - (X — x))
\/(E?r)d|02 |

= vilugexp(—%(i -x)" (e D)7 (x— X))

— Vi log \/(2?T)d'|02 1]

-
=()

= Vxlog

1 . . .

= —ﬁ?i{X—XJT 'I'(K—X)
1 S 2

= —ﬁ"?i(x X)




Denoising score matching

. Sample a minibatch of datapoints {X1,X2,- ", Xn} ~ Pdata(X)
- Sample a minibatch of perturbed datapoints  {X1,Xo, "+ , X} ~ ¢s(X)

~

Xi ~ qa(ii | X,;)
« Estimate the denoising score matching loss with empirical means

1 n ) ) ,
on Z[llso(x,-) — Vxlog ¢o(%i | xi) 5]
=]

=,

« |If Gaussian perturbation

g 2 o5 + % 2

» Stochastic gradient descent
* Need to choose a very small ¢!



Sampling from score function
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Score function Follow the scores Follow the noisy scores
Xiy1 ¢ X; +€Vxlogp(x)  Xii1 < X; +€Vyxlogp(x) + vV 2ez;

Langevin dynamics



Sampling from score function
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Challenge in low data regions

Data density Data scores Estimated scores
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Challenge in low data regions

Estimated scores
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Using multiple noise levels

Po, (x)

Data



Using multiple noise levels

Data




Using multiple noise levels

Poy(X) Po; (X)

Data

. ot
2yt g 2 .
L) .' e
- "‘-'. ite s ]
X o
. *,?‘.-\.. \ge
segte T, SOOI,
' . - '3 .
8 ¢ . . e

Positive weighting
functlon

2

1
N pa (x) [|Vxlog ps, (x) — se(x, Uz)llg]

J

Score matching loss

Noise Conditional
Score Model



Using multiple noise levels

Doy (x)
Data o
k3
Se (X, U)

X I 198

Noise Conditional
Score Model




Learning NCSNSs via score matching

Algorithm 1 Annealed Langevin dynamics.

- X—X
se(X,0) +

2
] Reqmre {Ul}t_l,e T.
5 - Initialize xg

1
f(ﬂ, U) = EEpmu{x}EiNN{x,azf} [

fori < 1to L do
a; — €-02/o? > a; is the step size.
fort < 1toT do

2

L .
ﬁ(ﬁi{ﬁi}f’— £ z:"("t (6;0:) 5 Draw z; ~ N(0,1)

=1 6

7

8

t-~«|r—l

Xy X1 + %Sﬂ(ic—hﬂf) + /0 Z¢
end for
: ig. — iT
9: end for
return xo




Score matching perspective

» Estimating scores from data instead of density
* Apply score matching techniques

e Utilize denoising score matching

e Use multiple noise levels



SDE Perspective



The Generative Reverse Stochastic Differential

S a Forward diffusion process (fixed) _

Eq I -

1
Forward Diffusion SDE: dxy = —iﬂ(t)xt dt + v/ B(t) dw
drift term diffusion term
r A 1 l_"—'\
R Generati 1 .
everse Generative e = |~ B0 = B(0) Vi log )| e+ /BT dy

L]
“Score Function”

39



Score Matching

Forward diffusion process (fixed) _

Naive idea, learn model for the score function by direct regression?

moin EtNL{((]’T)IExtht(xtﬂ|Se(xt) t) — Vx, log q; (Xt)Hg

diffusion diffused neural score of
time ¢ data x; network diffused data
(marginal)

= But Vy, log ¢:(x;) (score of the marginal diffused density q;(x;)) is not tractable!

40



Denoising Score Matching

m Forward diffusion process (fixed) _
\ : . - 2 :ﬂ‘ 2 i -

“Variance Preserving” SDE:
1
dx; = —§ﬁ(t)x,, dt + /B(t) dw,
q(xt|x0) = N (x¢; 11%0, 07 1)

Instead, diffuse individual data points Xg. Diffused ¢;(x:|xo) is tractable!

Denoising Score Matching:

min Byy/(0,7) Bxg~go (x0) Escp s e x0) 80 (X, £) = Vi, log g1 (x:[x0) 3

diffusion data diffused data neural score of diffused
time ¢ sample x sample x; network data sample

=» After expectations, sg(x;,t) ~ Vy, log ¢;(x:)!

41



Denoising Score Matching

Forward diffusion process (fixed)

>

o
“Variance Preserving” SDE:

1
. a(x7) dx; = =5 B(t)x¢ dt + /() dwy
XT g (x¢|%0) = N (x¢; %0, 07 1)

q(xo) XE g

Instead, diffuse individual data points Xg. Diffused ¢;(x:|xo) is tractable!

Denoising Score Matching:

min By-z/(0,7) Exgrgo (o) Baxe s (s x0) |10 (%2, 1) = Vi, log @1 (xe[%0) ]2

diffusion data diffused data neural score of diffused
time ¢ sample x sample x; network data sample

. 1
= 10 oy (0.1) Exomao(xo) Eenv(0.1) —51l€ — €0(x1, 1)1 13
t

42



Latent Probabllistic Models Perspective



Denoising Diffusion Probabilistic Models

‘~——’

poxt1|xt)
@H H@ g = H




Denoising Diffusion Probabilistic Models

q(x¢[x¢-1), q(x¢|x¢-1) = N{xﬁ V1= Bix¢—1, Bed)

T
q(xX1.7[X0) =

Lol
—

Forward diffusion process (fixed)

Data Noise




Denoising Diffusion Probabilistic Models

Forward diffusion process (fixed)

Jata Noise

Define a; = H(l —Bs) = q(x¢|x) = N(x¢; vVagxg, (1 — ay)I))  (Diffusion Kernel)

s=]

For sampling: x; = v/ar xo+ /(1 —a;) ¢  where € ~ N(0,1)



Denoising Diffusion Probabilistic Models

T
Po (xD:T) = P(KT) Hpﬂ(xt—ﬂxt)& Po (xt—llxt) = N(xt—l ; #a(xt: t): Ee(xm t))
t=1

_ Reverse denoising process (generative)

A

Data Noise

b T TS T .. 5



Denoising Diffusion Probabilistic Models

B [~ logpa(xa)] < By |~ log 22007 | — [~ logp(xr) - > o mlxb)]

E, | Dxu(g(xr[x0) | p(x7)) + D Dxcr(q(%e—1/xt,%0) || po(xe- 1|Xt))—1ﬂgpﬂ(xu|x1)}

t>1

LT LE 1 Lo



Denoising Diffusion Probabilistic Models

Q(Xt—llxt:xﬂ) = N(Xt 1;115(}%}{0):51:1%
N 1 —ay_ ~ 1 —ay—
Qt—1Pt +x,/fi?t( Ot—1) and B, = Qg 1.3t

X
].—let ].—Ett ‘ ].—C_It

where fi,(x¢,Xo) ==

po(X¢—1|xt) = N (x¢e—1; prg(x¢, 1), Bg(x¢, 1))

1, .
Li1 = ]Eq E”p‘t(xt!xo) - Me(xt:t)||2



Denoising Diffusion Probabilistic Models

L .
iy =By ol ) — ol O +C

o ) = iy (e, = (= VI = Grea(x)

E[ Bl lle - es(v/Arxo + H&,ﬂ”zl

20}20&(1 — C_Et)



Denoising Diffusion Probabilistic Models

Lsimple(g) Et X0, € |:HE V/_xﬂ T v 1 - atE t)H ]

Algorithm 1 Training Algorithm 2 Sampling
l: repeat I: xr ~ N(0,1)
2: xo ~ q(xo) 2: fort=T,...,1do
ii t~ ?&‘Eéﬂ;f;lf{lv--ﬂ"}ﬁ 3. z~N(0,I)ift > 1,elsez =0
~ 1 . — _1 1— ﬂ;
5: Take gradient descent step on 4 Xe1= g (x;_ — T eo(xe, }) + oz
Vo ||e — eo(v/axo + V1 —ae, b)) >: end for
6: return x;

6: until converged




Network architectures

Diffusion models often use U-Net architectures with ResNet blocks and self-attention layers to represent €g(x;, t)

—--» €g(X¢, 1)

Time Representation 1 I I

Fully-connected
Layers

===

b -
[

I
1
L]
i
i
I
L

Time representation: sinusoidal positional embeddings or random Fourier features.



Applications of Diffusion Models in Audio
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WaveGrad - Vocoder
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WaveGrad - Vocoder

s(y) = Vy logp(y).

Pit1 = Ji + gs(ﬂz’) + /N 2,

Eyp(y) Egng(gly) [sa(y) Vi logq(yly)H

WM‘FW

Denoisi ng—o
% Po(Yn | Uns

+ Diffusion
Q(yn+1 | ¥n)



WaveGrad - Vocoder

N
a(yi:n | yo) = H q(Yn | Yn-1), qYn | Yn—1) =N (yni (1- ,Bn)yn—lgﬁnf) )

n=l1

Un = Vo Yo+ /(1 —ay)e Vynlogq(yn|y0)=—\/1i7a.

po(yo | z) = /P&(yu;w | ) dy1:.n

Enc [Cnlleo (Van 0+ VI= @€, 2,m) — €[]



WaveGrad - Vocoder

]E&,E [

o (Vaw + VI=Geava) ~c| |

lo =1, ls = \/H:=1(1 - ﬁi)-

We first sample a segment s ~ U({1,. .., S}), which provides a segment (l5_1,[s), and then sample
from this segment uniformly to give v/a.



WaveGrad - Vocoder

Algorithm 1 Training. WaveGrad directly condi- Algorithm 2 Sampling. WaveGrad generates sam-
tions on the continuous noise level v/a. [ is from a ples following a gradient-based sampler similar to
predefined noise schedule. Langevin dynamics.

1: repeat 1: yn ~N(0,1)

22 yo ~ q(yo) 2: forn=N,...,1do

3: s~ Uniform({1,...,5}) 3 z~N(0,I)

4: /&~ Uniform(l;_1, 1) (yﬂ EERPORY =)

5 e~ N(0,I) 4 Yoo1= L

6:  Take gradient descent step on 5: ifn>1,9Y1-1=Yn-1+0n2

‘U'g||£—£g(\/ayﬂ+1fl — (OVE, T, ,/a)||1 6: end for
7: until converged 7: return yp




WaveGrad - Vocoder

(PF

f

3 x1Conv (1) Un
F \J'II'E' ¢
[ UBlock (128, x2) ]<—[FiLM 5 x 1 Conv (32)

-~

v
(UBlock (128, x2) J«—{FiLM J«—{ DBlock (128, /2) ]

¥
 UBlock (256, x3) }4— FiLM |«—{ DBlock (128, /2) |
'

3

L 4
(UBlock (512, x5) J«—{FiLM J«—{ DBlock (256, /3) ]

-~

( UBlock (512, x5) |4— FiLM |«—{ DBlock (512, /5) |
F 3

3 = 1 Conv (768)

!

x




WaveGrad - Vocoder

Model MOS (1)
WaveRNN 4.49 + 0.04
Parallel WaveGAN 3.92 £+ 0.05
MelGAN 3.95 + 0.06
Multi-band MelGAN 4.10 4+ 0.05
GAN-TTS 4.34 + 0.04
WaveGrad

Base (6 iterations, continuous noise levels) 4.41 4+ 0.03

Base (1,000 iterations, discrete indices) 4.47 + 0.04

Large (1,000 iterations, discrete indices) 4.51 + 0.04
Ground Truth 4.58 £+ 0.05




DiffWave - Vocoder

WWWWWW WMW{WW

Jdata(Z0) I1|$u) q(w2|z1) § diffusion process IT|$T 1)
reverse process
PH(IU|$1 P& I1|it’2 Pa(iu"'r 1|$T) Platent (Z7)

%W\/w\ MWMMWMM



DiffWave - Vocoder

T
q(z1,- -, zrlo) = [ a(@ila:-1),
t=1

T
Platent (1) = N'(0,1), and pg(zo,- -+ ,zr-1]2T) = Hpﬂ{irt—ﬂiﬂt)a
t=1

Hl;lll Lunwcightcd(e) = Ezq,e,t lle — ea(Varxo + V1 — Que, t)”%



DiffWave - Vocoder

Algorithm 1 Training Algorithm 2 Sampling
fori =1,2,---, Nitor do Sample z7 ~ platent = N (0, I)
Sample zy ~ gdata, € ~ N (0, 1), and fort=T7,T—1,---,1do
t ~ Uniform({1,---,T}) Compute pg(x¢,t) and og(xy,t) using Eq. (5)
Take gradient step on Sample 2,1 ~ po(zi—1|ze) =
Volle — eo(v/arzo + /1 — due, t)|3 N (@—1; po(xe, t), og(2, 1)°I)
according to Eq. (7) end for
end for return
po(ze, t) = L (:E _ b €g(xy, 1) and og(z t)z)f'}"% (5)
ts \/CTt t 1_ G G\Lts 3 B\Lts t 3



DiffWave - Vocoder

[E = Fully connected

Bi-DilConv-2* | = Bi-directional Dilated Cony

[dilation = 27)

[Il -Im_ @ = Broadcast over length
i © Foss=s e st
| I I @ = Element-wise addition
i I 1 _ . e
E | " O = Element-wise multiplication
] I
: I : l = Connect to next residual Liyer
' I
: I : T = Input of each residual layer
| ' -
: ! [
i I 1
i [ 131 I [l:uml:r.l } |S-.|p-|:u'|n|.-clmm.=
] i '
i . (1) comvix1 || convix1 |
1 Rissidual liyer | = 0 : L
] —|_|.

S l_ Residual layer i = 1 1

I Residual layer i = N — 11 Qutput



DiffWave - Vocoder

Model T  Tiger layers res.channels #param(]) MOS(1)

WaveNet — — 30 128 457M | 443 +0.10
ClariNet — — 60 64 2.17M | 4.27 +£0.09
WaveGlow — — 96 256 87.88M | 4.33 £0.12
WaveFlow — — 64 64 591IM | 4.30 +£0.11
WaveFlow — — 64 128 22.25M | 4.40 = 0.07
DiffWave gase 20 20 30 64 2.64M | 4.31 £0.09
DiffWave BASE 40 40 30 64 2.64M 4.35 +£0.10
DiffWave gasg 50 50 30 64 2.64M | 4.38 + 0.08
DiffWave | arGE 200 200 30 128 6.91M | 4.44 + 0.07
DiffWave gasg (Fast) 50 6 30 64 2.64M | 4.37 +0.07
DiffWave | arge (Fast) | 200 6 30 128 6.91M | 4.42 + 0.09
Ground-truth — — — — — | 4.52 £+0.06




DiffWave - Vocoder

Model FID(]) IS(T) mIS(T) AM() NDB/K() MOS(T)
WaveNet-128 | 3.279  2.54 7.6 1.368 0.86 1.34 +0.29
WaveNet-256 | 2.947 2.84 10.0 1.260 0.86 1.43 +=0.30
WaveGAN 1.349  4.53 36.6 0.796 0.78 2.03 £0.33
DiffWave 1.287 5.30 594 0.636 0.74 3.39 +0.32
Trainset 0.000 848 2814 0.164 0.00 —
Testset 0.011 847 2752  0.166 0.10 3.72+0.28




DiffWave - Vocoder

Model Accuracy(T) FID-class(]) IS(T) mIS(T) MOS(T)
WaveNet-128 56.20% 7.8761+2.469 3.29 15.8 1.46 £ 0.30
WaveNet-256 60.70% 6.954+2.114 3.46 18.9 1.58 £+ 0.36
DiffWave 91.20% 1.113£0.569 6.63 1174 | 3.50 £+ 0.31
DiffWave (deep & thin) 94.00% 0.9324+0.450 6.92 133.8 | 3.44+0.36
Trainset 99.06% 0.000+0.000 848 2814 —
Testset 98.76% 0.0444+0.016 8.47 275.2 | 3.724+0.28




GradTTS - Mel synthesis

Forward diffusion: Data -> Noise

Reverse diffusion (neural network): Noise -> Data




GradTTS - Mel synthesis
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GradTTS - Mel synthesis

Table 2. Model comparison.

Model Enc params' | Dec params | RTF | Log-likelihood MOS
Grad-TTS-1000 3.663 4.44 + 0.05
Grad-TTS-100 0.363 4.38 £ 0.06
Grad-TTS-10 7.zm 7em o3z | 0174+ 0001 e 0.06
Grad-TTS-4 0.012 3.96 £ 0.07
Glow-TTS 7.2m 21.4m 0.008 0.082 4.11 + 0.07
FastSpeech 24.5m 0.004 — 3.68 £ 0.09
Tacotron2 28.2m 0.075 — 4.32 £ 0.07
Ground Truth — — - 4.53 £ 0.06




Important papers

e Generative Modeling by Estimating Gradients of the Data
Distribution

e Denoising Diffusion Probabilistic Models

e Score-Based Generative Modeling through Stochastic Differential
Equations

e \WaveGrad: Estimating Gradients for Waveform Generation

e DiffWave: A Versatile Diffusion Model for Audio Synthesis

e Grad-TTS: A Diffusion Probabilistic Model for Text-to-Speech



https://arxiv.org/abs/1907.05600
https://arxiv.org/abs/1907.05600
https://arxiv.org/abs/2006.11239
https://arxiv.org/abs/2011.13456
https://arxiv.org/abs/2011.13456
https://arxiv.org/pdf/2009.00713.pdf
https://arxiv.org/pdf/2009.09761.pdf
https://arxiv.org/pdf/2105.06337.pdf

Additional papers

e DIff-TTS: A Denoising Diffusion Model for Text-to-Speech

e ProDiff: Progressive Fast Diffusion Model For High-Quality Text-to-
Speech

o DIffGAN-TTS: High-Fidelity and Efficient Text-to-Speech with
Denoising Diffusion GANS

e BDDM: Bilateral Denoising Diffusion Models for Fast and High-
Quality Speech Synthesis

e SpecGrad: Diffusion Probabilistic Model based Neural Vocoder with
Adaptive Noise Spectral Shaping

e \WaveGrad 2: Iterative Refinement for Text-to-Speech Synthesis



https://arxiv.org/abs/2104.01409
https://arxiv.org/abs/2207.06389
https://arxiv.org/abs/2207.06389
https://arxiv.org/abs/2201.11972
https://arxiv.org/abs/2201.11972
https://arxiv.org/abs/2203.13508
https://arxiv.org/abs/2203.13508
https://arxiv.org/abs/2203.16749
https://arxiv.org/abs/2203.16749
https://arxiv.org/abs/2106.09660

Contacts

Head of Controllable Generative Al,
FusionBrain Lab, AIRI
Head of BayesLab, HSE University

Email: alanov.aibek@gmail.com
Telegram: @aibrain

@AIBRAIN_CHANNEL


mailto:alanov.aibek@gmail.com
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