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Generative Models
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Generative Models

% Generative Models (%)
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Diffusion Models

++ Diffusion Models
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Diffusion models:
Gradually add Gaussian
noise and then reverse
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B introduction

Diffusion Models

<+ DDPM (Denoising Diffusion Probabilistic Models, 2020)

Forward Process: Data (x,) — Noise (xr)

«  Reverse Process: Noise (x7) — Data (x,)

Forward Process  Data (x,) — Noise (x;)
q(x¢lxe—1) = N(X¢5 /1 = BeXe—1, Bel)

Peo (X¢-1l%e) = N(x¢—1; ug (Xt t), Lo (X¢, t))

Reverse Process  Noise (i) — Data (x)

Ho, J., Jain, A., & Abbeel, P. (2020). Denoising diffusion probabilistic models. Advances in neural information processing systems, 33, 6840-6851.
Sohl-Dickstein, J., Weiss, E., Maheswaranathan, N., & Ganguli, S. (2015, June). Deep unsupervised learning using nonequilibrium thermodynamics. In International conference on machine learning (pp. 2256-2265). PMLR.
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Diffusion Models

<+ DDPM (Denoising Diffusion Probabilistic Models, 2020)

Forward Process: Data (x,) — Noise (xr)

«  Reverse Process: Noise (x7) — Data (x,)

Algorithm 1 Training
1: repeat
. 2: x0 ~ q(x0) _ _
Forward Process  Data () — Noise (er) 3t~ Uniform({L,...,T}) (o) = N(xs /@, (1 — )1)
4: e~ N(0,I) _ = —
q(x¢lxe-1) = N(xes 1= Pexe-1,Be]) @ =1—f 5: Take gradient descent step on DX =@ Ty ae

Vo ||(—: — eg(Vauxo + V1 — aue, t)||2

6: until converged €9 (X 1)

Algorithm 2 Sampling Inference

1: XT ~ N(O, I)
2: fort=1T,...,1do
3: z~N(0,I)ift > 1,elsez=0
Po (Xe—11%e) = N(X¢—1; o (Xe, £), 2o (X¢, 1)) 4: X1 = \/% (xt - \}%eg(xt,t)) + 01z
. 5: end for
Reverse Process  Noise () — Data (x) 6 return Xo

Ho, J., Jain, A., & Abbeel, P. (2020). Denoising diffusion probabilistic models. Advances in neural information processing systems, 33, 6840-6851.
Sohl-Dickstein, J., Weiss, E., Maheswaranathan, N., & Ganguli, S. (2015, June). Deep unsupervised learning using nonequilibrium thermodynamics. In International conference on machine learning (pp. 2256-2265). PMLR.
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Diffusion Models

«» Conditional Diffusion Models  p(x[y)
»  Classifier guidance: Noisy data= S50t ' & 9| dassifier?| gradientsS &9 conditional sampling

«  Classifier-free guidance(CFG): Diffusion ModelsZt2 = conditional sampling 7 s

w : Guidance scale w : Guidance scale
€(xt, t) = €g(xp, ) — /1 —awVy logfe(y]xe) €(xg, t,y) = (1 +w)eg(xy, t,y) — weg(xy, t)
= W(EQ (xe, t,y) — €9 (xy, t)) + €9 (X, t,y)
<(lassifier guidance> <(lassifier-free guidance>

Dhariwal, P., & Nichol, A. (2021). Diffusion models beat gans on image synthesis. Advances in neural information processing systems, 34, 8780-8794.
Ho, J., & Salimans, T. (2022). Classifier-free diffusion guidance. arXiv preprint arXiv:2207.12598.
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«» Conditional Diffusion Models  p(x[y)
»  Classifier guidance: Noisy data= S50t ' & 9| dassifier?| gradientsS &9 conditional sampling

«  Classifier-free guidance(CFG): Diffusion ModelsZt2 = conditional sampling 7 s

w : Guidance scale

é(xt; t) = €9 (xti t) Y, 1- CYtWthlogfqb (ylxt)

<(lassifier guidance>

Dhariwal, P., & Nichol, A. (2021). Diffusion models beat gans on image synthesis. Advances in neural information processing systems, 34, 8780-8794.
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Diffusion Models

«» Conditional Diffusion Models  p(x[y)
»  Classifier guidance: Noisy data= S50t ' & 9| dassifier?| gradientsS &9 conditional sampling

«  Classifier-free guidance(CFG): Diffusion ModelsZt2 = conditional sampling 7 s

w: Guidance scale €g(xe, t) = €g(x, t,y = 0)
€(x, t,y) = (L +w)eg(xe, t,y) — weg(xy, t)
= w(eg(xp, t,y) — €9 (xs, 1)) + €9(x, £, y)

<(lassifier-free guidance>

Dhariwal, P., & Nichol, A. (2021). Diffusion models beat gans on image synthesis. Advances in neural information processing systems, 34, 8780-8794.
Ho, J., & Salimans, T. (2022). Classifier-free diffusion guidance. arXiv preprint arXiv:2207.12598.
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B Introduction

Diffusion Models

Husion Probabilistic Models (DDPM)
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I Diffusion Models for Text-to-Image Generation

"GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models”, ICML, 2022

%+ Guided Language to Image Diffusion for Generation and Editing

 Text-conditional image synthesis

“a hedgehog using a “a corgi wearing a red bowtie “robots meditating in a “a fall landscape with a small
calculator” and a purple party hat” vipassana retreat” cottage next to a lake”

“a surrealist dream-like oil “a professional photo of a “a high-quality oil painting “an illustration of albert
painting by salvador dal{ sunset behind the grand of a psychedelic hamster einstein wearing a superhero
of a cat playing checkers” canyon” dragon” costume”

Nichol, A. Q., Dhariwal, P., Ramesh, A., Shyam, P., Mishkin, P., Mcgrew, B., ... & Chen, M. (2022, June). GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models. In International Conference on Machine Learning (pp. 16784-16804). PMLR.
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I Diffusion Models for Text-to-Image Generation

“GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models”, ICML, 2022

++ GLIDE - Guidance

* (assifier-free guidance(CFG)
E(xp, t,y) = (L +w)eg(xg, t,y) — weg(xg, t)

« CLP Guidance

é(xtJ t) = €g (xt; t) Y/ 1- Cthxt(f(xt) ) g(y))

Nichol, A. Q., Dhariwal, P., Ramesh, A., Shyam, P., Mishkin, P., Mcgrew, B., ... & Chen, M. (2022, June). GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models. In International Conference on Machine Learning (pp. 16784-16804). PMLR.
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I Diffusion Models for Text-to-Image Generation

“GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models”, ICML, 2022

++ GLIDE - Guidance

* (assifier-free guidance(CFG)
E(xp, t,y) = (L +w)eg(xg, t,y) — weg(xg, t)

« CLP Guidance

Image encoder
é(xp, t) = €g(xp, t) — V1=V (f (xe) - 9(v))
caption encoder

Nichol, A. Q., Dhariwal, P., Ramesh, A., Shyam, P., Mishkin, P., Mcgrew, B., ... & Chen, M. (2022, June). GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models. In International Conference on Machine Learning (pp. 16784-16804). PMLR.
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I Diffusion Models for Text-to-Image Generation

"GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models”, ICML, 2022

% Experiments

LH O o
. HAEO| HerigNg

“a hedgehog using a
calculator”

“a surrealist dream-like oil
painting by salvador dali
of a cat playing checkers”

s
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“a corgi wearing a red bowtie
and a purple party hat”

“a professional photo of a
sunset behind the grand
canyon”

“robots meditating in a
vipassana retreat”

“a high-quality oil painting
of a psychedelic hamster
dragon”

“a fall landscape with a small
cottage next to a lake”

“an illustration of albert
einstein wearing a superhero
costume”

Nichol, A. Q., Dhariwal, P., Ramesh, A., Shyam, P., Mishkin, P., Mcgrew, B., ... & Chen, M. (2022, June). GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models. In International Conference on Machine Learning (pp. 16784-16804). PMLR.

N
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I Diffusion Models for Text-to-Image Generation

"GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models”, ICML, 2022

% Experiments
« 7|ESOTA BEES HiH| 7Hg 22X 2l 0|0|X| d-d

Real Image

«  CUP guidance 2Lt CFG7} I SAAZ Q1 O[O K] 44

DALL-E XMC-GAN

GLIDE (CLIP Guid.)

GLIDE (CF Guid.)

“a group of skiers are
preparing to ski down
a mountain.”

“a small kitchen with “a group of elephants walking “aliving area with a

“a green train is coming
a low ceiling” in muddy water.” television and a table”

down the tracks”

Nichol, A. Q., Dhariwal, P., Ramesh, A., Shyam, P., Mishkin, P., Mcgrew, B., ... & Chen, M. (2022, June). GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models. In International Conference on Machine Learning (pp. 16784-16804). PMLR.
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I Diffusion Models for Text-to-Image Generation

"GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models”, ICML, 2022

% Experiments - Image inpainting & Image editing

&

“an old car in a snowy forest” “a man wearing a white hat”

<Text-conditional image inpainting examples>
Nichol, A. Q., Dhariwal, P., Ramesh, A., Shyam, P., Mishkin, P., Mcgrew, B., ... & Chen, M. (2022, June). GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models. In International Conference on Machine Learning (pp. 16784-16804). PMLR.
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I Diffusion Models for Text-to-Image Generation

"GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models”, ICML, 2022

% Experiments - Image inpainting & Image editing

“a fire in the background”

“only one cloud in the sky today”

<Text-conditional SDEdit examples>

Nichol, A. Q., Dhariwal, P., Ramesh, A., Shyam, P., Mishkin, P., Mcgrew, B., ... & Chen, M. (2022, June). GLIDE: Towards Photorealistic Image Generation and Editing with Text-Guided Diffusion Models. In International Conference on Machine Learning (pp. 16784-16804). PMLR.
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I Diffusion Models for Anomaly Detection

"AnoDDPM: Anomaly Detection with Denoising Diffusion Probabilistic Models using Simplex Noise”, CVPR workshop, 2022

s AnoDDPM
A partial diffusion anomaly detection

« GAN 7|2 2230 B[l O &2 HO|HAS 7| 240t 35 &5

Forward process 1 =250 Reverse Process
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Anomalies

N .y
Ko
Wyatt, J., Leach, A., Schmon, S. M., & Willcocks, C. G. (2022). Anoddpm: Anomaly detection with denoising diffusion probabilistic models using simplex noise. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (pp. 650-656).
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https://julianwyatt.co.uk/anoddpm




I Diffusion Models for Anomaly Detection

"AnoDDPM: Anomaly Detection with Denoising Diffusion Probabilistic Models using Simplex Noise”, CVPR workshop, 2022

+ AnoDDPM

«  Gaussian noise= multi-scale simplex noise= CHX]|

»
8
(oW
E
175}
Nomal —
8
a
=
&)
Anormal 5

Anomalies

<Gaussian noise> <Simplex hoise>

https://julianwyatt.co.uk/anoddpm
Wyatt, J., Leach, A., Schmon, S. M., & Willcocks, C. G. (2022). Anoddpm: Anomaly detection with denoising diffusion probabilistic models using simplex noise. |

Data Mining
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n Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (pp. 650-656).




I Diffusion Models for Anomaly Detection

"AnoDDPM: Anomaly Detection with Denoising Diffusion Probabilistic Models using Simplex Noise”, CVPR workshop, 2022

% Training & Inference

Algorithm 1 [Training

1: repeat

B zo ~ q(zo)

3 t ~ Uniform({1,2,...,7 - 1,T})

4: Randomly generate simplex seed

5 e ~ Simplex(v =276, N =6,y = 0.8)
6 Take gradient descent step on:

Vollle — ea(zov/ar + VI — aue, t)]|?]

7: until converged

Algorithm 2[Segmentation
Ty A(.’II())
Ty = :EO\/@_Aﬁ- ev1 — ay
fort=M\,...,1do
Randomly generate simplex seed
z ~ Simplex(27°,6,0.8) if t > Oelse z =0
Tp—1 = y%(zt = \}%56(%,75)) + Biz
end for
Esq - (zO - §:0)2
Eseg = Egqg > 0.5
return E.,

Simplex Gauss Simplex

Gauss

O 100 =3 IO Lh B e b

._.
e

https://julianwyatt.co.uk/anoddpm
Wyatt, J., Leach, A., Schmon, S. M., & Willcocks, C. G. (2022). Anoddpm: Anomaly detection with denoising diffusion probabilistic models using simplex noise. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (pp. 650-656).
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I Diffusion Models for Anomaly Detection

"AnoDDPM: Anomaly Detection with Denoising Diffusion Probabilistic Models using Simplex Noise”, CVPR workshop, 2022

% Experiments

0 T To Ii‘w E GT

<Gaussian noise sample> <Curated smplex noise samples> <Simplex noise with increasing frequency>

https://julianwyatt.co.uk/anoddpm
Wyatt, J., Leach, A., Schmon, S. M., & Willcocks, C. G. (2022). Anoddpm: Anomaly detection with denoising diffusion probabilistic models using simplex noise. In Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition (pp. 650-656).
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I Diffusion Models for Natural Language Generation

Gong, S., Li, M., Feng, J., Wu, Z., & Kong, L. (2022, September). DiffuSeq: Sequence to Sequence Text Generation with Diffusion Models. In The Eleventh International Conference on Learning Representations.

N

"DiffuSeq; Sequence to Sequence Text Generation with Diffusion Models’, ICLR, 2023

< DiffuSeq

PR
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£5| Sequence-to-Sequence(Seg2Seq) Text Generationd| C|F78 &

E.g. Open-Domain Dialogue

D T T

_____________________

<Sequence to Sequence>

Data Mining
Quallity Analytics

t=T

t=T/2
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t=T/2

<unconditional, dassifier-guided, dassifier-free diffusion models>

—
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g xx2
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forward process q()

° conditional signals - hidden space of texts

> reverse process Pg(*)
- guidance

(a) Unconditional Gaussian diffusion process in continuous space
(b) Classifier-guided diffusion process (Diffusion-LM)
(c) Classifier-free diffusion guided by points in space (DiffuSeq)




I Diffusion Models for Natural Language Generation

“DiffuSeq: Sequence to Sequence Text Generation with Diffusion Models”, ICLR, 2023

< DiffuSeq

«  Forward process: w”Oll CHSHAZt noise -0, w*E un-noised AE{Z FX|

«  Reverse process: conditional signals w*E guidanceZ 2-&

W o 7,
Reverse process —>  Forward process €—  Gaussian Noise Rounding
M M M O
Po(Zt-11Z¢) pe(W|zo) o w*
.0. - .. ° ——— O Wy
I q@lz-) O I gpzlw) O
Z Z Zi_ Z
T t t=1 0 Embedding map
Partial Gaussian Noise < > Word Embeddings <—> Text
<The diffusion process of DiffuSeg>

Gong, S., Li, M., Feng, J., Wu, Z., & Kong, L. (2022, September). DiffuSeq: Sequence to Sequence Text Generation with Diffusion Models. In The Eleventh International Conference on Learning Representations.
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I Diffusion Models for Natural Language Generation

“DiffuSeq: Sequence to Sequence Text Generation with Diffusion Models”, ICLR, 2023

< DiffuSeq

«  Forward process: w”Oll CHSHAZt noise -0, w*E un-noised AE{Z FX|

.
& gpzolw) ©
Zg

Embedding map

Word Embeddings <—> Text

<The diffusion process of DiffuSeq>
Gong, S., Li, M., Feng, J., Wu, Z., & Kong, L. (2022, September). DiffuSeq: Sequence to Sequence Text Generation with Diffusion Models. In The Eleventh International Conference on Learning Representations.

Data Mining
o“. Quality Analytics




I Diffusion Models for Natural Language Generation

“DiffuSeq: Sequence to Sequence Text Generation with Diffusion Models”, ICLR, 2023

< DiffuSeq

«  Forward process: wYO0i| CHSHA]Z noise 0, w*= un-noised &EJZ FX| - Partial Noising

Reverse process —>  Forward process €—  Gaussian Noise

) ) ()
Po(zt-1lz¢)
... v .. °
& q(ze|ze-1) & &
ZT Zt Zt— Zg
Partial Gaussian Noise < >  Word Embeddings
<The diffusion process of DiffuSeg>

Gong, S., Li, M., Feng, J., Wu, Z., & Kong, L. (2022, September). DiffuSeq: Sequence to Sequence Text Generation with Diffusion Models. In The Eleventh International Conference on Learning Representations.
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I Diffusion Models for Natural Language Generation

“DiffuSeq: Sequence to Sequence Text Generation with Diffusion Models”, ICLR, 2023
< DiffuSeq

« Reverse process: conditional signals w*E guidance=2 && — Partial Denoising

Reverse process —>  Forward process €—  Gaussian Noise

) ) ()
Po(zt-1lz¢)
... v .. °
& q(ze|ze-1) & &
ZT Zt Zt— Zg
Partial Gaussian Noise < >  Word Embeddings
<The diffusion process of DiffuSeg>

Gong, S., Li, M., Feng, J., Wu, Z., & Kong, L. (2022, September). DiffuSeq: Sequence to Sequence Text Generation with Diffusion Models. In The Eleventh International Conference on Learning Representations.

Data Mining
o“. Quality Analytics




I Diffusion Models for Natural Language Generation

“DiffuSeq: Sequence to Sequence Text Generation with Diffusion Models”, ICLR, 2023

< DiffuSeq

« Reverse process: conditional signals w*E guidance=2 && — Partial Denoising

W o 7
Rounding
~
Pe(W|zo) O w*
) @
: O wY
* O
Zg

Word Embeddings <—> Text

<The diffusion process of DiffuSeq>
Gong, S., Li, M., Feng, J., Wu, Z., & Kong, L. (2022, September). DiffuSeq: Sequence to Sequence Text Generation with Diffusion Models. In The Eleventh International Conference on Learning Representations.
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I Diffusion Models for Natural Language Generation

“DiffuSeq: Sequence to Sequence Text Generation with Diffusion Models”, ICLR, 2023

% Training & Inference

«  Training: Importance sampling= S5l 2850l &5 T
« Inference: anchoring operations ZH&
[, 2 27 Yl B2 oIxfst==
2 7,2 xEEE2 22 x =22 = CHA
W o 7
Reverse process —>  Forward process €—  Gaussian Noise Rounding
M M) M O
Po(Ze-1zt) po(W|zo) o w*
..0 -— *e | S— O wY
J q@ln) O I gpzlm) O
Z Z YA Z
T t t=1 0 Embedding map
Partial Gaussian Noise < > Word Embeddings <—> Text
<The diffusion process of DiffuSeq>

Gong, S., Li, M., Feng, J., Wu, Z., & Kong, L. (2022, September). DiffuSeq: Sequence to Sequence Text Generation with Diffusion Models. In The Eleventh International Conference on Learning Representations.
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o“. Quality Analytics




- Diffusion Models for Natural Language Generation

“DiffuSeq: Sequence to Sequence Text Generation with Diffusion Models”, ICLR, 2023

% Experiments
«  Sequence-to-Sequence tasksOi| LSl 23t M52 2

« SO QX AL FORE M BHYet OFRES ddols sHUM e B

Tasks Methods | BLEUT R-Lt  Scoret | dist-11t selfB|/div-41 | Len
GRU-attention ° 0.0068  0.1054 0.4128 | 0.8998 0.8008/0.1824 | 4.46 GRU-attention ° 03256 0.5602 0.7871 | 0.8883 0.9998/0.3313 | 18.9
Transformer-base ° | 0.0189  0.1039 0.4781 | 0.7493  0.3698/0.6472 | 19.5 Transformer-base © | 0.2693  0.4907 0.7381 | 0.8886 0.6924/0.5095 | 18.5
gpe“ . GPT2-base FT* 0.0108  0.1508 0.5279 | 0.9194 0.0182/0.9919 | 16.8 g.e’“ i GPT2-base FT * 0.3083  0.5461 0.8021 | 0.9439  0.5444/0.6047 | 16.1
Df’a‘;‘am GPT2-large FT * 00125 0.1002 0.5293 | 0.9244 0.0213/0.9938 | 16.8 ﬁ‘ml? - GPT2-large FT * 02693  0.5111 0.7882 | 0.9464 0.6042/0.5876 | 15.4
1al08U€  GPVAE-T5® 0.0110  0.1009 0.4317 | 0.5625 0.3560/0.5551 | 20.1 cAon GPVAE-T5 * 0.3392  0.5828 0.8166 | 0.9308 0.8147/0.4355 | 18.5
NAR-LevT 0.0158  0.0550 0.4760 | 0.9726 0.7103/0.1416 | 4.11 NAR-LevT 02052  0.4402 0.7254 | 0.9715 0.9907/0.3271 | 8.31
DIFFUSEQ (Ours) ¥ | 0.0139  0.1056 0.5131 | 0.9467 0.0144/0.9971 | 13.6 DIFFUSEQ (Ours) ¥ | 0.3622  0.5849 0.8126 | 0.9264  0.4642/0.6604 | 17.7
GRU-attention ° 0.0651 02617 0.5222 | 0.7930  0.9999/0.3178 | 10.1 GRU-attention ° 0.1894 05129 0.7763 | 0.9423  0.9958/0.3287 | 8.30
Transformer-base © 0.1663 0.3441 0.6307 | 0.9309 0.3265/0.7720 10.3 Transformer-base © 0.2722 0.5748 0.8381 | 0.9748 0.4483/0.7345 11.2
Question ~ GPT2-base FT * 00741 02714 0.6052 | 0.9602 0.1403/0.9216 | 100 GPT2-base FT * 0.1980 0.5212 0.8246 | 0.9798 0.5480/0.6245 | 9.67
Generation ~GPT2-large FT * 0.1110 03215 0.6346 | 0.9670 0.2910/0.8062 | 9.96 araphrase  GpT) large FT ® 02059 0.5415 0.8363 | 0.9819 0.7325/0.5020 | 9.53
GPVAE-T5* 0.1251 03390 0.6308 | 0.9381 0.3567/0.7282 | 11.4 GPVAE-T5 * 0.2409  0.5886 0.8466 | 0.9688 0.5604/0.6169 | 9.60
NAR-LevT * 0.0930 02893 0.5491 | 0.8914 0.9830/0.4776 | 6.93 NAR-LevT 02268  0.5795 0.8344 | 0.9790 0.9995/0.3329 | 8.85
DIFFUSEQ (Ours)f | 0.1731  0.3665 0.6123 | 0.9056 0.2789/0.8103 | 11.5 DIFFUSEQ (Ours) ¥ | 0.2413  0.5880 0.8365 | 0.9807 0.2732/0.8641 | 11.2

Gong, S., Li, M., Feng, J., Wu, Z., & Kong, L. (2022, September). DiffuSeq: Sequence to Sequence Text Generation with Diffusion Models. In The Eleventh International Conference on Learning Representations.
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I Diffusion Models for Natural Language Generation

“DiffuSeq: Sequence to Sequence Text Generation with Diffusion Models”, ICLR, 2023

% Experiments
«  Sequence-to-Sequence tasksdi| CHSH =3t 452 2

O—I—
° %Elol' Ol

ot QI A R-ATE OIS M, CHfet OFRZS ddots SN 2ees 28

Original sentence: How do I make friends. Paraphrase reference: How to make friends ?
GPT2-large finetune GPVAE-TS DIFFUSEQ

How can I make friends? How can I make friends? How can I make friends better?

How can I make friends? How do I make friends? How can I make friends?

How can I make friends? How can I make friends? How do you make friends?

How can I make friends? How can I make friends? What is the best way to make friends?
How do I make friends and | What’s the best way to make How can I make friends and more
keep them? friends and make make friends? | something?

Gong, S., Li, M., Feng, J., Wu, Z., & Kong, L. (2022, September). DiffuSeq: Sequence to Sequence Text Generation with Diffusion Models. In The Eleventh International Conference on Learning Representations.
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Jl Diffusion Models for Time-series Forecasting

"Autoregressive denoising diffusion models for multivariate probabilistic time series forecasting”, ICML, 2021

** TimeGrad

.« CHHEFAIAE 0|52 IS} autoregressive denoising diffusion model

0 0
Data X4, X, . X X e X X ERD Qx(xto:T|x1:t0—1)
1, +2 'y Ato—1 Mty »AT—=104T 1 2
‘ ,l , t()_l to t0+1
| Y =
Past Future
0 0
qX(xt0|x1:t0—1)
1 2 to—1 tg
it | covariate r X
Coditiona 0 0 — 0]..0
. . Qx\ Xty |X1:t0-1> C1:7) = qr(X¢ |X1¢—1, C1.7) 0.0
distribution x( to | to— 1’ ) tl tI X tl t-1 G (2, |%Dt,—1)
=to 12 1 1
x to to to+
X
0]..0
Clx(xT|x1:T—1)
1 2 to—l to t0+1

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

Data Mining
o“. Quality Analytics




Jl Diffusion Models for Time-series Forecasting

"Autoregressive denoising diffusion models for multivanate probabilistic time senes forecasting’, ICML, 2021

** TimeGrad

- CHHEFAIAE 0|52 9ISt autoregressive denoising diffusion model

D
Data ‘xlixZ' ---,xt0-1;‘xto» “"xT—l'xT, €R g0y | %)
v v P -
Post Future W e et
Pg(xt | X, ht—l)

H n
. T T

Coditional 0 0 covariate 010 : :

distribution qx(xto:Tlxlito—l'CtT) = ‘ ‘ qx (X |x1:t—1:C1:T) =2 -1

t=t0
T [ |
0 | X2 ¢,
= | [pocetlne-

t=to h; = RNNg (concat(x?, ce), he—q)

Rasul, K., Seward, C., Schuster, |., & 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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Jl Diffusion Models for Time-series Forecasting

"Autoregressive denoising diffusion models for multivariate probabilistic time series forecasting”, ICML, 2021

% Training & sampling

Coditional
distribution

Rasul, K., Seward, C., Schuster, I.,

N

Data Mining
Quallity Analytics

X1, X2, Xpy—1, Xpgs - Xr—1, X € RP
\ J\ ' ;
Past Future
covariate
qx(xto Tlxl ito—1 C1: T) 1_[ qx(x¢ |x1 t—1) C1:7)
t=t,
T
> | [peGetlne-y)
t=t,

Algorithm 1|Training|for each time series step ¢ € [to, T

Input: data x? ~ gy (x?) and state h;_;
repeat
Initialize n ~ Uniform(1,...
Take gradient step on

Volle — eg(\/o_znx? + V1 — ane, ht_l,n)||2

until converged

,N)and e ~ N(0,I)

Algorithm 2{Sampling|x? via annealed Langevin dynamics

Input: noise x)¥ ~ N(0,I) and state h;_4
forn = N to1do
if n > 1 then
z ~ N(0,I)
else
z=0

end if

X;" 1_ \/_(xt — \/lﬂ_"ianeg(x?,ht_l,n)) + 2oz

end for
Return: x!

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




Diffusion Models for Time-series Forecasting

"Autoregressive denoising diffusion models for multivanate probabilistic time senes forecasting’, ICML, 2021

% Experiments

Table 2. Test set CRPSsum 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.

Method Exchange Solar Electricity Traffic Taxi Wikipedia
VES 0.005+0.000 0.9+0.003 0.88+0.0035 0.35+0.0023 - -
VAR 0.005+0.000 0.83+0.006 0.039+0.0005 0.2940.005 - -
VAR-Lasso 0.012+0.0002 0.5140.006 0.0254-0.0002 0.1540.002 - 3.1+0.004
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+0.017 0.025+0.001 0.087+0.041  0.506+0.005 0.133+0.002
ind-scaling
veEs Ll 0.007+0.000 0.319+0.011 0.0644+0.008 0.103+0.006 0.326+0.007 0.241+0.033
lowrank-Copula
GP, 0.0094+0.000 0.368+0.012 0.0224-0.000 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
Tranbs/l;‘i;rmer 0.005+0.003 0.301+0.014 0.0207+0.000 0.056+0.001  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, |., & 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 Diffusion Models for Time-series Imputation

“CSDI: Conditional Score-based Diffusion Models for Probabilistic Time Series Imputation”, NeurlPS, 2021

s CSDI
- 2ZHEX A|A|E imputationS £/8F Conditional Score-based Diffusion Model

*  Imputation task : x5° — x5

Conditional observations xg° noisy observations x{°

o /~\/\/""\ + noise WM
AL TIRY ® M P v

M \ f input at 7 x%2 l input at 7-1 x2_,
Conditional observations Imputation targets \‘H pe (X7oq | X7, X7 k \"V
X0’ xg" " denoise N ol

<Imputation by score-based models>

Tashiro, Y., Song, J., Song, Y., & Ermon, S. (2021). Csdi: Conditional score-based diffusion models for probabilistic time series imputation. Advances in Neural Information Processing Systems, 34, 24804-24816
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I Diffusion Models for Time-series Imputation

“CSDI: Conditional Score-based Diffusion Models for Probabilistic Time Series Imputation”, NeurlPS, 2021

s CSDI
- 2ZHEX A|A|E imputationS £/8F Conditional Score-based Diffusion Model

*  Imputation task : x5° — x5

Conditional observations xg°

Ny v\

+ noise

noisy observations x7°

¥

f\/W\ FY, VWY

Y WVAERY

Conditional observations
co
X0

)

i

Imputation targets

inputat T x%?

"

yrwg| v

[ input at T-1 x%2 ;

I

ta ta co
Po (X7—1 | XT, X7

W

denoise

M

<Imputation by score-based models>

Tashiro, Y., Song, J., Song, Y., & Ermon, S. (2021). Csdi: Conditional score-based diffusion models for probabilistic time series imputation. Advances in Neural Information Processing Systems, 34, 24804-24816
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I Diffusion Models for Time-series Imputation

"CSD: Conditional Score-based Diffusion Models for Probabilistic Time Senes Imputation”, NeurlPS, 2021

“ CSDI

o« BIEEX|E reverse process2| conditional input2 =2 2

Conditional observations x§°

e [ N

. ta xga - _}
Random noise x Imputatlon targets xo

e | { i N\ e i N\ e i ' § N\ e 1
\ ~e ~ I o \ M‘ IS, I ' \ \ ~ ~ | ] \ N ~ ~ i
B N 3 \ O ‘ i \ >N ‘ Rt B > i

’ o i Nadl' ’ o ’ ’ ’ | ’ / ’ L 5o

e - | H v+ = - | v . - | v N . |

Tashiro, Y., Song, J., Song, Y., & Ermon, S. (2021). Csdi: Conditional score-based diffusion models for probabilistic time series imputation. Advances in Neural Information Processing Systems, 34, 24804-24816
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I Diffusion Models for Time-series Imputation

"CSD: Conditional Score-based Diffusion Models for Probabilistic Time Senes Imputation”, NeurlPS, 2021

% Training
»  Masked language modeling®iiA{ 225} self-supervised training method %18

Noise € minimize ||€ — €g(x{?, t | X§°)||
F N
Imputation Noisy
Observed values targets X¢' targetsx{®
N -
(1) Random strategy AN d

RN

€9 (Xi",t | X5°)

@ Historical strategy

Conditional , . N
@) Mix strategy observations x§° t — 6 ;

[
T - s

<The self-supenvised training procedure of CSDI>

v

Tashiro, Y., Song, J., Song, Y., & Ermon, S. (2021). Csdi: Conditional score-based diffusion models for probabilistic time series imputation. Advances in Neural Information Processing Systems, 34, 24804-24816
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I Diffusion Models for Time-series Imputation

"CSD: Conditional Score-based Diffusion Models for Probabilistic Time Senes Imputation”, NeurlPS, 2021

<+ x5° & x§* at training and sampling

imputation targets x{ conditional observations x{°
sampling (imputation) all missing values all observed values
trainin a subset of the observed values the remaining
& (sampled by a target choice strategy) observed values
% 2D attention mechanism
Temporal Transformer layer M s
K : features :" e 3 (K,1,0) 5" )
(K,L,C) (1,L,C) : : : : (K.L,C)
L: Length - XK E K _: E Concat XL E K i i
C: channels  Input—»| Split ——»; C— | | /split T —| Concat (> Output
L L

Tashiro, Y., Song, J., Song, Y., & Ermon, S. (2021). Csdi: Conditional score-based diffusion models for probabilistic time series imputation. Advances in Neural Information Processing Systems, 34, 24804-24816
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I Diffusion Models for Time-series Imputation

"CSD: Conditional Score-based Diffusion Models for Probabilistic Time Senes Imputation”, NeurlPS, 2021

% Experiments

Table 2: Comparing CRPS for brobabilistic imputatiorﬂ 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)

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 air quality
10% missing 50% missing 90% missing
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, Y., Song, J., Song, Y., & Ermon, S. (2021). Csdi: Conditional score-based diffusion models for probabilistic time series imputation. Advances in Neural Information Processing Systems, 34, 24804-24816

N

Data Mining
Quallity Analytics




I Diffusion Models for Time-series Imputation

"CSD: Conditional Score-based Diffusion Models for Probabilistic Time Senes Imputation”, NeurlPS, 2021

% Experiments

Table 4: Comparing the state-of—the-artmethods with CSDI for the healthcare dataset.
We report the mean and the standard error of CRPS for five trials.

10% missing ~ 50% missing ~ 90% missing

Latent ODE [35]  0.700(0.002)  0.676(0.003)  0.761(0.010)
mTANS [22] 0.526(0.004)  0.567(0.003)  0.689(0.015)
CSDI (proposed) 0.380(0.002) 0.418(0.001) 0.556(0.003)

Table 5: Comparing |probabilistic forecasting] methods with CSDI. We report the mean and the
standard error of CRPS-sum for three trials. The baseline results are cited from the original paper.
"TransMAF’ is the abbreviation for *Transformer MAF’.

solar electricity traffic taxi wiki

GP-copula [34]  0.337(0.024) 0.024(0.002) 0.078(0.002) 0.208(0.183) 0.086(0.004)
TransMAF [36]  0.301(0.014) 0.021(0.000) 0.056(0.001) 0.179(0.002) 0.063(0.003)
)

)

(
TLAE [37] 0.124(0.033) 0.040(0.002) 0.069(0.001) 0.130(0.006) 0.241(0.001)
TimeGrad [25]  0.287(0.020) 0.021(0.001) 0.044(0.006) 0.114(0.020) 0.049(0.002)
CSDI (proposed) 0.298(0.004) 0.017(0.000) 0.020(0.001) 0.123(0.003) 0.047(0.003)

Tashiro, Y., Song, J., Song, Y., & Ermon, S. (2021). Csdi: Conditional score-based diffusion models for probabilistic time series imputation. Advances in Neural Information Processing Systems, 34, 24804-24816
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- Conclusion

Applications of Diffusion Models
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< Applications of Diffusion Models
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Text-to-Image Generation

v" GUDE: Classifier-free guidance@t CLP guidanceZ S5 text-guided image generation and Editing =

Anomaly Detection

v AnoDDPM: A partial diffusion anomaly detection with Gaussian noise and multi-scale simplex noise

Natural Language Generation
v" DiffuSeq: Sequence to Sequence Text Generation with Diffusion Models in dassifier-free manner

Time-series Forecasting & Imputation
v TimeGrad: Autoregressive denoising diffusion models for muttivariate probabilistic time series forecasting
v" CSDI: Conditional Score-based Diffusion Models for Probabilistic Time Series Imputation




