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I Introduction

What is Time Series Data?
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I Introduction

What is Time Series Data?
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Introduction

What is Time Series Data?

< AAE Ho|E A+2| ofH ZOF
»  Forecasting : O|2{2[ ZL0|Lt TS AAS 0=
«  Missing Data Imputation : Z2ZX| CH |
»  Anomaly Detection : H|O|E{2| H|TZ X QI T HO|L} g5 4

 C(Classification : O|O|E{ 7} &£5= ZHH| 12| & 2F

g

Let’s use Diffusion Models!

https://developer-blogs.nvidia.com/wp-content/uploads/2022/04/Generation-with-Diffusion-Models.png 1 -
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I Introduction

What is Diffusion Model?

%+ Diffusion Probabilistic Model
*  Deep Generative Model
« Forward Process : H|O|EH{2EEH L O|=E Z=ZM 3} AT LO|=2 UtE = 1PA

o
*  Reverse Process : O| =22 H X3 L O0|=F NAs{7IH H|O0|HE T+=0{Lf= 1Pl

Q(xnlxn_l) = N(xn;\/ 1- 'ann—l, Bnl)

Forward Process

FHERRTITCAN T )
Sre 2

Reverse Process
pe(x™ 1 x™) = N(x™ %5 pg (x™, ), Lo (x™, m)I)

https://developer-blogs.nvidia.com/wp-content/uploads/2022/04/Generation-with-Diffusion-Models.png
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Why Diffusion Model?

O\ Data Mining
Y Quality Analytics




I Why Diffusion Models?

Time Series Forecasting

< A|AE 0= (Time Series Forecasting)
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I Why Diffusion Models?

Univariate Time Series Forecast

< THHZF A (Univariate Time Series) 0f|%
- CHY Biof BotE REEGH 0S5t XY

A (exponential smoothing models), ARIMA = & (autoregressive integrated moving average models) &

>

<« CHHE AAIE ol=52 EH1E

o 7_|I- Alj:”%()l 7HI:I=II-|OE ol-A

o AHEMEE HIYSH7| 2/ Hand-tuned features 2
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I Why Diffusion Models?

Deep Learning based Time Series Forecast
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I Why Diffusion Models?

Deep Learning based Time Series Forecast
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HEH oy 58 ClEHZF SHEX UpH
Incorporate Inductive bias ’J 1 Multivariate M probabilistic methods

- Why Diffusion Models? s, 0 wmgepe U segupeaw

Autoregressive, Generative based normalizing Flow models

H|O|E{0i| CHSH I Flexiblett 2 & S5 7ts

GAN: 44Xt AIF| B[O|EfQ} RARSH B[O|EIS
X, TERHS A Hj0|Efe} MAE 0[S %—Eror Generative models

Encoder 22 CIE 2EH YH= S

b |

x
T HEI)S BHE T Aok BEEY 7)Y

L E II‘ frul = — o Cl~ = — GAN: mini th , Discriminator Generator

VAE G|O|HE EMsZte| 222 QIAYS ] 2 c\assificat(ri‘grl'nlrenfr;r \c?ss. x| * D(x) G(z) x'

EFH MEZSI0] 22 O|o|H 4-d L ||
. — Lﬁ‘ I_l Decoder .

Al VAE Gf|Al: VRNN, DeepAR ... [ VAE: maximize ELBO. * 46(zlx) =] po(xlz) x

Flow-based: =&ot |O|E 22 E ZtEot L2
Flow-based

o e ti dels: Flow Inverse N

B Q210| 7X0l BIgS Sof 3% 4? Sonersive modele: o | e

log-likelihood

A A€ Flow-based G| Al: NVAE, Glow ...

https://lilianweng.github.io/posts/2018-10-13-flow-models/
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Forward Process

I Why Diffusion Models?

Aut ive, Generative based normalizing Flow model & &
utoregressive, Generative based normalizing Flow models e, Ohe
Reverse Process

% Diffusion Models2| Z7H Po (™1 x™) = NG g (7, m), T (6™, m)1)

GAN: ‘4dXt= AA| H|O|E 2} FAMSH GO E 4

g, HEX= AA O]t d-dE HO|HE &5t GAN vs Diffusion
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q(x™|x™™ 1) = N(x™; /1 = Bpx™ 1, B 1)
Forward Process

I Why Diffusion Models?

Autoregressive, Generative based normalizing Flow models

Reverse Process
% Diffusion Models2| 4™ Po (™ x™) = NG, g (2, 1), B (™, 1)

2+&15t Diffusion Model=S-0}&6|l| 2 XH

https://lilianweng.github.io/posts/2018-10-13-flow-models/
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A versatile Diffusion Model for Audio Synthesis

< DiffWave

«  2021H0]| H|2tEl Diffusion Model2 O|-8%} waveform generation (ICLR, 24'H 038 7| & 8652 21-8)

DIFFWAVE: A VERSATILE DIFFUSION MODEL FOR
AUDIO SYNTHESIS

Zhifeng Kong * Wei Ping
Computer Science and Engineering, UCSD NVIDIA
zdkongleng.ucsd.edu wping@nvidia.com JWW/\W\ N‘M/\\W WWW
Jiaji Huang, Kexin Zhao Bryan Catanzaro Gdat (,0 q(x1|zo) q(x2|xq) Z (zr|TT-1)
Baidu Research NVIDIA o | r diffusion iffusion process |
{huangjiaji, kexinzhao)}@baidu.com  bcatanzaro@nvidia.com “ -
ABSTRACT . l‘CVCl’QC process
pe(zolz1) : pe(zi|za) Pe(lT—1|1T Platent (1)

In this work, we propose DiffWave, a versatile diffusion probabilistic model for con-

ditional and unconditional waveform generation. The model is non-autoregressive, : :
and converts the white noise signal into structured waveform through a Markov W MWWW
chain with a constant number of steps at synthesis. It is efficiently trained by

opfimizing a variant of variational bound on the data likelihood. Diff Wave pro- Figure 1: The diffusion and reverse process in diffusion probabilistic models. The reverse process

duces high-fidelity audio in different waveform generation tasks, including neural gradually converts the white noise signal into speech waveform through a Markov chain py(z;_|z;).
vocoding conditioned on mel spectrogram, class-conditional generation, and un-

conditional generation. We demonstrate that DiffWave matches a strong WaveNet
vocoder in terms of speech quality (MOS: 4.44 versus 4.43), while synthesizing
orders of magnitude faster. In particular, it significantly outperforms autoregressive
and GAN-based waveform models in the challenging unconditional generation task
in terms of audio quality and sample diversity from various automatic and human
evaluations. !

Kong, Zhifeng, et al. "DiffWave: A Versatile Diffusion Model for Audio Synthesis." International Conference on Learning Representations. 2020.
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Kong, Zhifeng, et al. "DiffWave: A Versatile Diffusion Model for Audio Synthesis." International Conference on Learning Representations. 2020.
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- Time Series Forecasting

Autoregressive Denoising Diffusion Models for Multivariate Probabilistic Time Series Forecasting

% TimeGrad : Autoregressive Denoising Diffusion Models for Multivariate Probabilistic Time Series Forecasting

20210 A|HEl Autoregressive diffusion model= O| &%t =& CHAZF A|AE 0= 22 (CML 24H 03 7[Z& 1812 218)

Autoregressive Denoising Diffusion Models for Multivariate Probabilistic Time
Series Forecasting

Kashif Rasul ' Calvin Seward ! Ingmar Schuster' Roland Vollgraf '

Rasul, Kashif, et al. "Autoregressive denoising diffusion models for multivariate probabilistic time series forecasting.” International Conference on Machine Learning. PMLR, 2021.
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I Method

Autoregressive Denoising Diffusion Models for Multivariate Probabilistic Time Series Forecasting

«» TimeGrad

- CHHZF AAE 0| =2 et Autoregressive-Diffusion 22

Data

Time

Step X1 X2 | Xp-1 XD
1 2710349 | 17074 334 286.898
2 2778.801 1733.7 331 310.859

to—1 | 2786.545 | 1765.21 334 296.521
to 2753.958 | 1763.21 321 264.284

T-1 2785.204 1753.7 326 289.226
T 2847.699 | 17705 344 299.356
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I Method

Autoregressive Denoising Diffusion Models for Multivariate Probabilistic Time Series Forecasting

N

«» TimeGrad

- CHHZF AAE 0| =2 et Autoregressive-Diffusion 22

C1.T

covariate

Data Conditional Distnibution
T
Step X1 X2 XD-1 XD Qx(xtO:T|x1:t0—1'C1:T) = 1_[ qx (X |x1:t—1» C1.7)
t=t
1| 2710349 | 17074 334 | 286.898 ’
2 | 2778801 | 17337 331 310.859
— Training data : x?, _, o
o Diffusion step =&
to—1 | 2786.545 | 176521 334 | 296.521 O
to 2753958 | 1763.21 321 264.284 X C
o Time step HE.
. A0
— Predicting data : x; ¢
T—1 | 2785204 | 17537 326 | 289.226
T 2847.699 | 17705 344 | 299.356
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I Method

Autoregressive Denoising Diffusion Models for Multivariate Probabilistic Time Series Forecasting

«» TimeGrad

- CHHZF AAE 0| =2 et Autoregressive-Diffusion 22

Data Conditional Distribution
T
Time 0 0
Step X1 X2 | XD-1 %9) Qx(xto:T|x1:t0—1' Cur) = 1_[ G (62|21, C17)
t=t
1 2710349 | 17074 334 286.898 .

1 2 A to_l to to‘l‘ 1 A T

Rasul, K., Seward, C., Schuster, I., & Vollgraf, R. (2021, July). Autoregressive denoising diffusion models for multivariate probabilistic time series forecasting. In International Conference on Machine Learning (pp. 8857-8868). PMLR.
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I Method

Autoregressive Denoising Diffusion Models for Multivariate Probabilistic Time Series Forecasting

«» TimeGrad

- CHHZF AAE 0| =2 et Autoregressive-Diffusion 22

Data Conditional Distribution
T
Step X1 X2 | XD-1 %9) Qx(xto:T|x1:t0—1' Cur) = 1_[ G (62|21, C17)
t=t
1 2710349 | 17074 334 286.898 .
2 2778.801 | 17337 331 310.859

1 2 A to_l to t0+1 A T

Rasul, K., Seward, C., Schuster, I., & Vollgraf, R. (2021, July). Autoregressive denoising diffusion models for multivariate probabilistic time series forecasting. In International Conference on Machine Learning (pp. 8857-8868). PMLR.
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I Method

Autoregressive Denoising Diffusion Models for Multivariate Probabilistic Time Series Forecasting

«» TimeGrad

- CHHZF AAE 0| =2 et Autoregressive-Diffusion 22

Data Conditional Distribution
T
Step X1 X2 | XD-1 %9) Qx(xtO:T|x1:t0—1' Cur) = 1_[ G (x| %20—1, C1:7)
t=t
1 2710349 | 17074 334 286.898 .
2 2778.801 | 17337 331 310.859
1 2 o te=1 ty tg+1 e T
to—1 | 2786545 | 1765.21 334 296.521
—-—

% 2753958 | 1763.21 321 264.284
T—1 | 2785204 | 17537 326 289.226

T 2847699 | 17705 344 299.356

Rasul, K., Seward, C., Schuster, I., & Vollgraf, R. (2021, July). Autoregressive denoising diffusion models for multivariate probabilistic time series forecasting. In International Conference on Machine Learning (pp. 8857-8868). PMLR.
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I Method

Autoregressive Denoising Diffusion Models for Multivariate Probabilistic Time Series Forecasting

«» TimeGrad

- CHHZF AAE 0| =2 et Autoregressive-Diffusion 22

Data Conditional Distribution
T
Step X1 X2 | XDp-1 XD Qx(xtO:T|x1:t0—1'C1:T) = 1_[ qx (X |x1:t—1» C1.7)
t=t
1 2710349 | 17074 334 286.898 - (2 %0, )
Ax\Xt,.T|X1:tn—1
2 2778801 | 17337 331 310.859 0 0
1 2 v tg=1 ty to+1 T
to—1 | 2786545 | 176521 334 296.521
o 2753958 | 1763.21 321 264.284
T-1 | 2785204 | 17537 326 289.226
T 2847699 | 17705 344 299.356

Rasul, K., Seward, C., Schuster, I., & Vollgraf, R. (2021, July). Autoregressive denoising diffusion models for multivariate probabilistic time series forecasting. In International Conference on Machine Learning (pp. 8857-8868). PMLR.
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I Method

Autoregressive Denoising Diffusion Models for Multivariate Probabilistic Time Series Forecasting

«» TimeGrad

- CHHZF AAE 0| =2 et Autoregressive-Diffusion 22

Conditional Distribution

T
Data 0 0 0[,.0
CIx(xto:T|x1:t0—1»C1:T) = 1_[ Qe (Xt |x1:t—1» C1.7)
Time . . ” . t=to
Step 1 2 D-1 D . .
qx(xtO:T|x1:t0—1)
1| 2710349 | 17074 334 | 286.898 T . i a1 T I
2 2778.801 1733.7 331 310.859
0 0
Qx(xt0|x1:t0—1)
1 2 to—1 ¢t
to— 1 2786.545 1765.21 334 296.521
to 2753.958 1763.21 321 264.284
T—-1 2785.204 1753.7 326 289.226
T 2847.699 1770.5 344 299.356

Rasul, K., Seward, C., Schuster, I., & Vollgraf, R. (2021, July). Autoregressive denoising diffusion models for multivariate probabilistic time series forecasting. In International Conference on Machine Learning (pp. 8857-8868). PMLR.
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I Method

Autoregressive Denoising Diffusion Models for Multivariate Probabilistic Time Series Forecasting

«» TimeGrad

- CHHZF AAE 0| =2 et Autoregressive-Diffusion 22

Conditional Distribution

T
Data 0 0 0[,.0
CIx(xto:T|x1:t0—1»C1:T) = 1_[ Qe (Xt |x1:t—1» C1.7)
Time . . ” . t=to
Step 1 2 D-1 D . .
qx(xtO:T|x1:t0—1)
1| 2710349 | 17074 334 | 286.898 T o i1 i1 . o I
0 0 0
2 2778.801 1733.7 331 310.859
0 0
Qx(xt0|x1:t0—1)
1 2 to—1 ¢t X
to— 1 2786.545 1765.21 334 296.521 0 0
qX(xto'l'llxl:to)
to 2753958 | 1763.21 321 264.284 P PP
T—-1 2785.204 1753.7 326 289.226
T 2847.699 1770.5 344 299.356

Rasul, K., Seward, C., Schuster, I., & Vollgraf, R. (2021, July). Autoregressive denoising diffusion models for multivariate probabilistic time series forecasting. In International Conference on Machine Learning (pp. 8857-8868). PMLR.
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I Method

Autoregressive Denoising Diffusion Models for Multivariate Probabilistic Time Series Forecasting

«» TimeGrad

- CHHZF AAE 0| =2 et Autoregressive-Diffusion 22

Conditional Distribution

T
Data 0 0 0[..0
CIx(xto:T|x1:t0—1»C1:T) = 1_[ Qe (Xt |x1:t—1» C1.7)
Time . . ” . t=t,
Step 1 2 D-1 D . .
qx(xtO:T|x1:t0—1)
1| 2710349 | 17074 334 | 286898 T o i1 i1 . o )
0 0 0
2 2778.801 1733.7 331 310.859 0 0
CIx(xt |x1:t —1)
0 0
1 2 to—1 ¢t X
to— 1 2786.545 1765.21 334 296.521 0 0
Qx(xt +1|x1:t )
0 0
to 2753958 | 1763.21 321 264.284 P PP .
X
T-—1 2785.204 1753.7 326 289.226 01..0
qx(xT|x1:T—1)
T 2847.699 1770.5 344 299.356 1 2 o tg—1 tp to+1 T

Rasul, K., Seward, C., Schuster, I., & Vollgraf, R. (2021, July). Autoregressive denoising diffusion models for multivariate probabilistic time series forecasting. In International Conference on Machine Learning (pp. 8857-8868). PMLR.
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Condiitional Distribution

r
qﬂc(xrnnﬂ"xln:tn—pcl:d = 1_[ q.r(x?‘xlﬁ:t—iﬂ Cir)

t=to
- Method [(TTTTTIEEEE b,
1 2 - =1 ty i+ 1 - T I

Autoregressive Denoising Diffusion Models for Multivariate Probabilistic Time Series Forecasting [LTTTT] il )
HRNRNEN a:(ty iz,
12 ,- ta—1 5 ftl X

<+ Method | x
N Y A

o OH timestepO}C} diffusion process 150 22 a5

. O|H A|RO| MK Z HIUS}T| /8l RNN AFR

Conditional Distribution ) T

xp e v i -
G (X 7| %0y —10 C17) = 1_[ G (x| XD —1, 1.7 o pe(ag T |xg hyoq)
t—to A A
o A
> | [potlhe- ) )
t=ty t—2 RNN t—-1
h, = RNNg(concat(x?,c.), hy—1)
A
X1 Ct—1

Rasul, K., Seward, C., Schuster, I., & Vollgraf, R. (2021, July). Autoregressive denoising diffusion models for multivariate probabilistic time series forecasting. In International Conference on Machine Learning (pp. 8857-8868). PMLR.

O\ Data Mining
Y Quality Analytics




Conditional Distribution
T RNIN conditioned diiffusion probabilistic model
P :D.“'”‘DH' i) — qugi
- [CITTEEEEE oG .

EEEEES PRSI ! 7/ — !
Autoregressive Denoising Diffusion Models for Multivariate Probabilistic Time Series Forecasting ™=~ : - -

R AN J
X
1 [P F‘;IF‘T

% Training Process total

Time step t Time step t+1 Time step t+2
5 q@EIxe) QX)X q(Xta )Xt
S e . I R I S e
Ll PG hey) [ N & o X
: 4 A A

S T T .
L L

A A
0 0 0
Xt-1 Ce-1 Xt Ct Xt+1 Ce+1
Rasul, K., Seward, C., Schuster, I., & Vollgraf, R. (2021, July). Autoregressive denoising diffusion models for multivariate probabilistic time series forecasting. In International Conference on Machine Learning (pp. 8857-8868). PMLR.
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Conditional Distribution
T RNIN conditioned diiffusion probabilistic model
lrbdigvein) = [ Jntetlenen J—

EEERERD 5 DT
Tz fml f tatl T I ol peld M ad hey) B
Method T e b

/_Iﬁ
. . e o e . . [Irrrm bt e
Autoregressive Denoising Diffusion Models for Multivariate Probabilistic Time Series Forecasting ™=~ : ﬂ—J_
1 P

% Training Process total

Time step t

... Residual block i .
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6

1

1

1
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Rasul, K., Seward, C., Schuster, I., & Vollgraf, R. (2021, July). Autoregressive denoising diffusion models for muitivariate probabilistic time series forecasting. In International Conference on Machine Learning (pp. 885/-8868). PMLR.
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- Experiments

Autoregressive Denoising Diffusion Models for Multivariate Probabilistic Time Series Forecasting

% Experiments

Table 2. Test set CRPSgum comparison (lower is better) of models on six real world data sets. Mean and standard error metrics for
TimeGrad obtained by re-training and evaluating 10 times.

v" Adam (learning rate 0.001)

v [%(00001)‘*BN(01) Method Exchange Solar Electricity Traffic Taxi Wikipedia
VES 0.005+0.000 0.9+0.003 0.88+0.0035 0.35+0.0023 - -
v' Diffusion step (N=100) VAR 0.005+0.000 0.83+0.006  0.039+0.0005 0.29-+0.005 - -
VAR-Lasso 0.012+0.0002 0.51+0.006 0.025+0.0002 0.15+0.002 - 3.1+0.004
Electricity GARCH 0.023+0.000  0.88+0.002 0.19+0.001 0.37+0.0016 - -
» KVAE 0.014+0.002 0.34+0.025 0.051+0.019 0.1+0.005 - 0.095+0.012
. VEC_LST.M 0.008+0.001  0.391+o0.017 0.025+0.001 0.087+0.041 0.506+0.005 0.133+0.002
ind-scaling
2 Vec-LSIM 0.007+0.000 0.319+0.011  0.064+0.00s  0.103£0.006 0.32620.007  0.24140.033
£ 1077 lowrank-Copula
) GP. 0.009+0.000 0.368+0.012 0.022+0.000 0.079+0.000 0.183+0.395 1.483+1.034
scaling
. GP 0.007+0.000 0.337+0.024 0.0245+0.002 0.078+0.002 0.208+0.183 0.086+0.004
‘ ! Copula
10t 10?
Tran;i;rmer 0.005+0.003 0.301+0.014 0.0207 +0.000 0.056+0.000  0.179+0.002 0.063+0.003
TimeGrad 0.006+0.001  |0.287+0.02 0.0206+0.001 0.044+0.006 0.114+0.02 0.0485+0.002

Rasul, K., Seward, C., Schuster, I., & Vollgraf, R. (2021, July). Autoregressive denoising diffusion models for multivariate probabilistic time series forecasting. In International Conference on Machine Learning (pp. 8857-8868). PMLR.
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Autoregressive Denoising Diffusion Models for Multivariate Probabilistic Time Series Forecasting

% TimeGrad
«  Autoregressive Model1} Diffusion Model2 2839t CHHE 2HEX A|A € 0=

_ O
- HolHHds= EY

«» Limitation

Rasul, K., Seward, C., Schuster, I., & Vollgraf, R. (2021, July). Autoregressive denoising diffusion models for multivariate probabilistic time series forecasting. In International Conference on Machine Learning (pp. 8857-8868). PMLR.
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- Time Series Imputation

Time Series Missing Data
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% Time Series Missing Data
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Osman, M. S., Abu-Mahfouz, A. M., & Page, P. R. (2018). A survey on data imputation techniques: Water distribution system as a use case. IEEE Access, 6, 63279-63291.
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Conditional Score-Based Diffusion Models for Probabilistic Time Series Imputation

% Conditional Score-Based Diffusion Models for Probabilistic Time Series Imputation

« 2021A0]f M|2tEl Conditional Score-based Diffusion Model2 O|-2%t Time Series Imputation model

(NuerlPS, 244 038 7|= 2313 218)

CSDI: Conditional Score-based Diffusion Models for
Probabilistic Time Series Imputation

Yusuke Tashiro!'>", Jiaming Song', Yang Song', Stefano Ermon'
]Department of Computer Science, Stanford University, Stanford, CA, USA
>Mitsubishi UFJ Trust Investment Technology Institute, Tokyo, Japan
3Japan Digital Design, Tokyo, Japan
{ytashiro,tsong,songyang,ermon}@cs.stanford.edu

Tashiro, Yusuke, et al. "Csdi: Conditional score-based diffusion models for probabilistic time series imputation." Advances in Neural Information Processing Systems 34 (2021): 24804-24816.
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Conditional Score-Based Diffusion Models for Probabilistic Time Series Imputation

% Goal of Probabilistic Imputation < Imputation Task
«  Model distribution2 £ True conditional distribution 57| *  Xg:Missing Value 22t
«  po(xPIxs°) : Model distribution *  xg° : Conditional Observations
o q(x&Ix5®) : True conditional distribution «  x2:Imputation Targets
Conditional observations x§° Imputation targets xg*

/EAVERV o 2
F WA

J

/

Tashiro, Yusuke, et al. "Csdi: Conditional score-based diffusion models for probabilistic time series imputation." Advances in Neural Information Processing Systems 34 (2021): 24804-24816.
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Conditional Score-Based Diffusion Models for Probabilistic Time Series Imputation

% Previous Imputation

- Conditional observation & Target imputationsOi| L=0|= =7}

Conditional observations x§° noisy observations x§°

f\/\r\ + noise =W\M
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Tashiro, Yusuke, et al. "Csdi: Conditional score-based diffusion models for probabilistic time series imputation." Advances in Neural Information Processing Systems 34 (2021): 24804-24816.
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% Previous Imputation

- Conditional observation & Target imputationsOi| L=0|= =7}

Conditional observations x§° noisy observations x§°

f\/\F\ + noise =WM
WY VW) P P v

inputat T x% J input at 7-1 x%2
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>
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Tashiro, Yusuke, et al. "Csdi: Conditional score-based diffusion models for probabilistic time series imputation." Advances in Neural Information Processing Systems 34 (2021): 24804-24816.
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% Conditional Score-Based Diffusion Models for Probabilistic Time Series Imputation - CSDI

-  ZEE 22 conditional input2 E ALE
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Tashiro, Yusuke, et al. "Csdi: Conditional score-based diffusion models for probabilistic time series imputation." Advances in Neural Information Processing Systems 34 (2021): 24804-24816.
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% CSDI training method

 Inspired by masked language modeling — self-supervised training method

Training data

Xy s
\

Tashiro, Yusuke, et al. "Csdi: Conditional score-based diffusion models for probabilistic time series imputation." Advances in Neural Information Processing Systems 34 (2021): 24804-24816.
https://papertalk.org/papertalks/37403
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% CSDI training method

 Inspired by masked language modeling — self-supervised training method

Random strategy
Historical strategy
Mix strategy

Test pattern strategy

PwnNPE

Imputation targets x{?

Training data —> J‘_J\ |

Conditional observations

NN

AN\

Tashiro, Yusuke, et al. "Csdi: Conditional score-based diffusion models for probabilistic time series imputation." Advances in Neural Information Processing Systems 34 (2021): 24804-24816.
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% CSDI training method

 Inspired by masked language modeling — self-supervised training method
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% CSDI training method

 Inspired by masked language modeling — self-supervised training method
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% CSDI training method

*  Inspired by masked language modeling — self-supervised training method
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Diffusion-step

Input embedding
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Conditional Score-Based Diffusion Models for Probabilistic Time Series Imputation - Q\ L (aton=27
o @ = Broadcast over length
- @ :I\ : @ = Element-wise addition
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‘:‘ Exol } : i l = Connect to next residual layer
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« 2D attention mechanism i i
v A|ZE 2|Ed(Time Dependency) EtB — Temporal Transformer layer | " GM-@—&‘_!
i o Residual layer i = 1 ! -
! 1
v £ O|EM(Feature Dependency) Bt H — Feature Transformer layer T e ouput

K:Features L:Length C:Channel

Temporal Transformer layer Feature Transformer layer

K,LC (LLC) | | ‘— (K.1,0) | i K,L,C
S xK K | ¢e— |: |Concat| XL g ; (i)
) 5
L i

Input —| Split — Jsplit —| Concat [ Output

Tashiro, Yusuke, et al. "Csdi: Conditional score-based diffusion models for probabilistic time series imputation." Advances in Neural Information Processing Systems 34 (2021): 24804-24816.

O\ Data Mining
Y Quality Analytics




- Experiments

Conditional Score-Based Diffusion Models for Probabilistic Time Series Imputation

% Dataset
*  Health care dataset — PhysioNet Challenge 2012

v" 4000 clinical time series

v 35 Bl TS X|2AI0| 48A|7H

* Air quality dataset
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< Experiments

+  Probabilistic imputation

Table 2: Comparing CRPS for probabilistic imputation baselines and CSDI (lower is better). We
report the mean and the standard error of CRPS for five trials.

healthcare air quality

10% missing  50% missing  90% missing

Multitask GP [31]  0.489(0.005)  0.581(0.003)  0.942(0.010)  0.301(0.003)
GP-VAE [10] 0.574(0.003) 0.774(0.004) 0.998(0.001) 0.397(0.009)
V-RIN [32] 0.808(0.008)  0.831(0.005)  0.922(0.003)  0.526(0.025)
unconditional 0.360(0.007) 0.458(0.008) 0.671(0.007)  0.135(0.001)
[CSDI (proposed) _ 0.238(0.001) _0.330(0.002) _0.522(0.002) _0.108(0.001) |

healthcare(50% missing) air quality

4001 -~ GP-vAE
— csDI

300
p L5 .
=2 =
© 10 T 200
0.5
100 :
0.0
0 10 20 30 40 0 10 20 30
time time

Tashiro, Yusuke, et al. "Csdi: Conditional score-based diffusion models for probabilistic time series imputation." Advances in Neural Information Processing Systems 34 (2021): 24804-24816.
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Conditional Score-Based Diffusion Models for Probabilistic Time Series Imputation

< Experiments
*  Deterministic imputation

Table 3: Comparing MAE for deterministic imputation methods and CSDI. We report the mean and
the standard error for five trials. The asterisks mean the results of the method are cited from the
original paper.

healthcare

10% missing

50% missing

90% missing

air quality

V-RIN [32] 0.271(0.001) 0.365(0.002) 0.606(0.006) 25.4(0.62)
BRITS [7] 0.284(0.001)  0.368(0.002)  0.517(0.002)  14.11(0.26)
BRITS [7] (%) 0.278 — — 11.56

GLIMA [21] (*) 0.265 — - 10.54

RDIS [20] 0.319(0.002)  0.419(0.002)  0.631(0.002)  22.11(0.35)
unconditional 0.326(0.008)  0.417(0.010)  0.625(0.010)  12.13(0.07}
[CSDI (proposed)  0.217(0.001)  0.301(0.002) 0.481(0.003) 9.60(0.04)

Tashiro, Yusuke, et al. "Csdi: Conditional score-based diffusion models for probabilistic time series imputation." Advances in Neural Information Processing Systems 34 (2021): 24804-24816.
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- Summary

Conditional Score-Based Diffusion Models for Probabilistic Time Series Imputation

% CSDI
«  Conditional diffusion model& O|&%t Time Series Imputation model

«  LC}E Probabilistic & Deterministic Imputation models2 CF =0t d&

«» Limitation

. ZI|o|EHEE TY| {8t Computation Cost”? ==

Rasul, K., Seward, C., Schuster, I., & Vollgraf, R. (2021, July). Autoregressive denoising diffusion models for multivariate probabilistic time series forecasting. In International Conference on Machine Learning (pp. 8857-8868). PMLR.
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Diffusion-based Time Series Imputation and Forecasting with Structured State Space Models

% Diffusion-based Time Series Imputation and Forecasting with Structured State Space Model

- 2022'F H|HE! Diffusion2t Structured State Space Model= &-& %t Time Series Imputation Model
(TMLR, 243 38 7|&E 712| 218)

Diffusion-based Time Series Imputation and Forecasting
with Structured State Space Models

Juan Miguel Lopez Alcaraz juan.lopez.alcaraz@uol. de
Division AL} Health
Oldenburg Universily

Nils Strodthoff nils.strodtho ff@uol.de
Division AL{Health
Oldenburg University

Abstract

The imputation of missing values represents a significant obstacle for many real-world data
analysis pipelines. Here, we focus on time series data and put forward SSSD, an imputation
model that relies on two emerging technologies, (conditional) diffusion models as state-of-
the-art generative models and structured state space models as internal model architecture,
which are particularly suited to capture long-term dependencies in time series data. We
demonstrate that SSSD matches or even exceeds state-of-the-art probabilistic imputation
and forecasting performance on a broad range of data sets and different missingness scenarios,
including the challenging blackout-missing scenarios, where prior approaches failed to provide
meaningful results.

Alcaraz, J. L, & Strodthoff, N. (2022). Diffusion-based Time Series Imputation and Forecasting with Structured State Space Models. Transactions on Machine Leaming Research.
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Diffusion-based Time Series Imputation and Forecasting with Structured State Space Models

% Proposed approaches
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Diffusion-based Time Series Imputation and Forecasting with Structured State Space Models
%S4 layer

« A|AI€E H0|E{9| long-term dependenciesE LI = U

S4 layer?
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- Structured State Space Models

Efficiently Modeling Long Sequences with Structured State Spaces

% State Spaces Model
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% State Spaces Model
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Efficiently Modeling Long Sequences with Structured State Spaces

% State Spaces Model
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Efficiently Modeling Long Sequences with Structured State Spaces

% SSSD Main Contribution — S4 Layer
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Efficiently Modeling Long Sequences with Structured State Spaces

% SSSD Main Contribution — S4 Layer

otx|2t R = HEf SZtof| Cist HES 7|0 =
Computation Cost7} L{ & =3!

(2Tl+1)1/2(2k+1)1/2 if‘rl>k A@%%%g -@ang?_}_él_
(HiPPO Matrix) A, = -4n+1 if n =k :> .
; P AS ToHE QM 24
117 — —

7 CF A7 ¥ T A

Algorithm 1 S4 CONVOLUTION KERNEL (SKETCH)

Input: 54 parameters A, P,Q,B,C € cN and step size A
Output: SSM convolution kernel K = Kr(A,B,C) for A=A — PQ* (equation (5))

1. C + (I - XL)* C > Truncate SSM generating function (SSMGF) to length L
koo(w) ko1 (w) ~nl” —w -t

2: |:k10(w) ]fll( ) +— [C’ Q] (%}—w — A) [B P] > Black-box Cauchy kernel

3 K(w) « l+w [koo(w) — ko1 (w)(1 + k11(w)) ' k1o(w)] > Woodbury Identity

1 K={KWw): w= exp(2mi &)} > Evaluate SSMGF at all roots of unity w € Q,

5 K « iFFT(K) > Inverse Fourier Transform
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Diffusion-based Time Series Imputation and Forecasting with Structured State Space Models

% SSSD Main Contribution — S4 Layer

» Long Sequence H|O|E{0f| £2} £|0{ R}, Time Series Datall| gt

Model ListOps TEXT RETRIEVAL IMAGE PATHFINDER PATH-X  Ava
Random 10.00 50.00  50.00 10.00 50.00 50.00 36.67
Transformer 36.37 64.27  57.46 42.44 71.40 X 53.@
Local Attention  15.82 52.98 53.30 41.46 06.63 X 46.71
Sparse Trans. 17.07 63.58  59.59 44.24 71.71 X 51.03
Longformer 35.63 62.85  56.89 42.22 69.71 X 52.88
Linformer 35.70 53.94  52.27 38.56 76.34 X 51.14
Reformer 37.27 56.10  53.40 38.07 68.50 X 50.56
Sinkhorn Trans. 33.67 61.20 53.83 41.23 67.45 X 51.23
Synthesizer 36.99 61.68  54.67 41.61 69.45 X 52.40
BigBird 36.05 64.02  59.29 40.83 74.87 X 54.17
Linear Trans. 16.13 65.90  53.09 42.34 75.30 X 50.46
Performer 18.01 65.40  5H3.82 42.77 77.05 X 51.18
FNet 35.33 65.11  59.61 38.67 77.80 X 54.42
Nystromformer  37.15 65.52  79.56 41.58 70.94 X 57.46
Luna-256 37.25 64.57 _79.29 47.38 77.72 X 59.37
S4 58.35 76.02 87.09 87.26 86.05 88.10 80.48
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- Experiment

Diffusion-based Time Series Imputation and Forecasting with Structured State Space Models

/

< Missingness Scenarios ‘32|

» Random Missing : Random 2| X0 A A X[7} L/ diSt= 42t

« Blackout Missing : 78t @|X|0| A ASX|7} 2-dist= o2t

« Time series Forecasting : A|A|€ O|F, A|AIE2| OrX|af 22 0|M ASX|7} 47| = Special FEfZ H = FE&

RM RBM

"

- :
| [LLLLl

Alcaraz, J. L, & Strodthoff, N. (2022). Diffusion-based Time Series Imputation and Forecasting with Structured State Space Models. Transactions on Machine Leaming Research.

Q\ Data Mining
b Quality Analytics




- Experiment

Diffusion-based Time Series Imputation and Forecasting with Structured State Space Models

% ECG PTB-XL dataset
 Sampling rate 100Hz & 250 Time steps

o I} X|H : Test setO|A] 2+ HZ0]| CHSH 4=l 1007 HZ2| MAE, RMSE

Model e Black out Missing®f| CH2t A1}

LAMC 0.0678 0.1309

CSDI 0.0038+2e-6 0.0189+5e-5 —— Target — Target

DiffWave 0.004344e-4  0.0177+4e-4 i p— E 02 cso

CSDI®*  0.0031+1e-7 0.0171+6e-4 ” 0.0 - > 0.0

SSSD5*  0.0045+3e-7  0.0181+de-6 / , ! ] : : : : | , : :

SSsSpS4 0.003444e-6 0.0119+1e-4 0 50 100 150 200 250 0 50 100 150 200 250
20% RBM on PTB-XL = 10 4 —

LAB{C 0'0759 01498 0.5 ~——— RePaint Unconditional tralmng — DiffWave

CSDI 0.0186+1e-5  0.0435+2e-4

value
value

0.0

0.5 -
DifftWave 0.0250+1e-3 0.0808+5e-3 l / \ 00 4

CSDI®*  0.022242e-5  0.0573+1e-3
SSSD34 0.0170+1e-4 0.0492+41e-2 0 50 100 150 200 250 0 50 100 150 200 250
SSSD5*  0.0103+3e-3 0.0226+9e-4

50% BM on PTB-XL 10 1 — —
LAMC  0.0840 0.1171 05 — ssspe 05 — sss0™
CSDI  0.1054+4e5  0.2254%Te5 00
DiffWave 0.045147ed  0.1378:5e-3 | 7
CSDI®'  0.079242-4  0.187941c-4 et
SSSD°*  0.0435+3e-3  0.1167+1e-2

SSSD5*  0.0324+3e-3 0.0832-+8e-3
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- Experiment

Diffusion-based Time Series Imputation and Forecasting with Structured State Space Models

% ECG PTB-XL dataset
 Sampling rate 100Hz & 250 Time steps

o I} X|H : Test setO|A] 2+ HZ0]| CHSH 4=l 1007 HZ2| MAE, RMSE
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20% BM on PTB-XL 10 5 — —
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- Experiment

Diffusion-based Time Series Imputation and Forecasting with Structured State Space Models

. . .
% Electricity dataset Model MAE RMSE MRE
10% RM on Electricity
« High dimensional (100 Channel 0|4}, 370 Features) Median 2.056 2.732 110%
M-RNN 1.244 1.867 66.6%
. Z2SMES HOS GP-VAE  1.094 1.565 58.6%
BRITS 0.847 1.322 45.3%
- 3 i i A A o
o WU} X|E ;2 AMS0| CHBf 3% A4S AIZ O] MAE, RMSE, MRE E# gapormer 022 e e
CSDI 1.510+3e-3  15.012+4e-2  81.10%=+1e-3
SSSD%* [ 0.345+1e-4 0.554+5e-5 18.4%+5e-5 |
30% RM on Electricity
Median 2.055 2,732 110%
M-RNN 1.258 1.876 67.3%
GP-VAE 1.057 1.571 56.6%
BRITS 0.943 1.435 50.4%
Transformer (.846 1.321 45.3%
SAITS 0.790 1.223 42.3%
CSDI 0.9214+8¢-3  8.372+7e-2  49.27%=+4e-3
SSSD®* [ 0.407+5e-4 0.625+1e-4 21.84+0% |
50% RM on Electricity
Median 2.053 2.728 109%
M-RNN 1.283 1.902 68.7%
GP-VAE 1.097 1.572 58.8%
BRITS 1.037 1.538 59.5%
Transformer 0.895 1.410 A7.9%
SAITS 0.876 1.377 46.9%
CSDI 0.278+4e-3 2.371+3e-2  14.93%+1e-3
SSSDS4 0.532+1e-4  0.8214+1e-4 28.5%+1le-4
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- Summary

Diffusion-based Time Series Imputation and Forecasting with Structured State Space Models

% SSSD
«  Structured State Space model2'} Diffusion model= 0|82t Time Series Imputation model

- RENOR FYU|oEFE EAOIY 25X UM 850| 2o

«» Limitation

Rasul, K., Seward, C., Schuster, I., & Vollgraf, R. (2021, July). Autoregressive denoising diffusion models for multivariate probabilistic time series forecasting. In International Conference on Machine Learning (pp. 8857-8868). PMLR.

O\ Data Mining
Y Quality Analytics




- Conclusion

Diffusion Models for Time Series

«» Diffusion Models

. O OlKAM O
IT IT —

L- O O

rlo

% Time Series Forecasting

 TimeGrad: CHAZF A AE O|&2 2Iet Diffusion Model

/

% Time Series Imputation

« CSDI: Masked Language Model0f| &= 22 Time Series Imputation Diffusion Model = 2D Transformer Layer AF&

 SSSD: CSDIO|| &7 |2|&=M 2|2 1 A817| {8} Structured State Space Model2 = /3t Time Series Imputation Diffusion Model
p p
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