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Background

»Denoising diffusion probabilistic model
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Background

»Denoising diffusion probabilistic model

* Forward process

* projection from original image to a Gaussian noise by adding Gaussian
noise gradually
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* Reverse process
* reversion of forward process, just as the name suggests
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Background

»Denoising diffusion implicit model

Graphical models for diffusion and non-Markovian inference models



Background

»Denoising diffusion implicit model

* Forward process
* Non-markovian forward process
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* Reverse process
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Background

»Representation learning

High-level semantics
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Background

»Representation learning

Local semantics

— m — . — Decoder g
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Method
»>Target

* Learn a representation
* High-level semantics
* Allowing near-exact reconstruction



Method
»Pipeline

----------------------------------------------------

(optional)

Zgem
om<—| Latent DDIM | :

. For unconditional sampling

....................................................

Semantic
encoder

Conditional DDIM

Stochastic encoder + Decoder

X1 Image
Encoder path (semantic) - Image ==p Zgem
Encoder path (stochastic) : Image —» X7
Decoder path . (Zsem, XT) =» Image (reconstructed)
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Method

» Diffusion-based Decoder

* Generative process
T
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Method

»Diffusion-based Decoder
* Noise prediction network

1
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* | oss function

T
Lsimple = Z Exo,et [ ||€9 (Xt: t, Zsem) — €t H; ]

t=1

16



Method

» Diffusion-based Decoder
* Architecture

RILP (Zsen] )

MLP(¢(t)) MLP(2sem) MLP (3(t))
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Input = —p - - - Output o « =l ¢
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&)
- ResBlock + AdaGN - Linear Linear
(a) Diffusion autoencoder (Diff-AE)’s UNet decoder conditioned by zg.p,. (b) ResBlock + AdaGN. The residual path is not depicted.
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Method

» Stochastic encoder
* Deterministic generative process backward

Xt+1 = \/G't+lf£)(xt~t Zsem) -+ \/1 — Q't-i—lf()(xt-f-zsem)
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Method

»Latent DDIM
* Sampling with diffusion autoencoder
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Method

>l atent DDIM
* Architecture
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Experiment

» | atent code

* Latent code captures both high-level semantics and low-level
stochastic variations

A _d y _id : y y
Input Reconstruction ] T p
(Zgem, XT) Varying stochastic subcode (Zsem, X7)
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Experiment

» | atent code

* Latent code captures both high-level semantics and low-level
stochastic variations

Model SSIM 1 LPIPS | MSE |

T=10 T=20 T=50 T=100 | T=10 T=20 T=50 T=100 | T=10 T=20 T=50 T=100
DDIM |( @130M) [+/] 0.600 0.760 0.878 0917 | 0.227 0.148 0.087 0.063 | 0.019 0.008 0.003  0.002
Ours (@ 130M, 512D zsem) 0.827 0.927 0978 0991 | 0.078 0.050 0.023 0.011 | 0.001 0.001 0.000  0.000
a) No encoded x7 0.707 0.695 0.683 0.677 | 0.085 0.078 0.074 0.073 | 0.006 0.007 0.007  0.007
b) No encoded x7, @48M, 512D zgery | 0.662  0.650 0.637 0.631 | 0.102 0.096 0.093  0.092 | 0.009 0.009 0.009 0.010
¢) No encoded xp, @48M, 256D zgem | 0.637 0.624 0.612 0.606 | 0.116 0.109 0.106  0.105 | 0.010 0.011 0.011  0.011
d) No encoded x7, @48M, 128D zsem | 0.613  0.600 0.588  0.582 | 0.133 0.127 0.125 0.124 | 0.012 0.012 0.013  0.013
e) No encoded x7, @48M, 64D zsem 0.551 0.538 0527 0.521 | 0.168 0.165 0.163 0.162 | 0.018 0.019 0.020 0.020
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Experiment

»Semantically meaningful Iatent |nterpolat|on

(d) Our diffusion autoencoder interpolation.
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Experiment

» Attribute manipulation

Input -+ Age — - Smile - - - Wavy hair -+ +

Figure 5. Real-image attribute manipulation results on two global attributes (gender, age) and two local attributes (smile, wavy hair) by
moving zs.m along the positive or negative direction found by linear classifiers. The top two are from FFHQ [~ '] and the bottom two are
from CelebA-HQ [ ©]. Our method synthesizes highly-plausible and realistic results that preserve an unprecedented level of detail.
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Experiment
»Autoencoding reconstruction quality

Table 1. Autoencoding reconstruction quality of models trained
on FFHQ [ ] and tested on unseen CelebA-HQ [ '©]. Our model
is competitive with state-of-the-art NVAE while producing readily
useful high-level semantics in a compact 512D zsem.

Model Latent dim|SSII\IT LPIPS | MSE |
StyleGAN2 (W) [ 7] 512| 0.677 0.168  0.016
StyleGAN2 (W+) [77] 7.168| 0.827  0.114  0.006
VQ-GAN [ ] 65.536| 0782  0.109 3.6le-3
VQ-VAE2[ 7] 327.680| 0.947 0012 4.87e-4
NVAE [*(] 6.005.760| 0.984  0.001 4.85¢-5
DDIM (T=100, 1282) [ 7] 49.152| 0917 0.063  0.002
Ours (T=100, 1282, no x7°) 512| 0.677  0.073  0.007
Ours (T=100, 1282) 49.664| 0991 0011 6.07e-5
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Experiment

»Faster denoising process

(b) Our diffusion autoencoder predicting xq.

Figure 6. Predicted x¢ at t9.58.7.5.2.0 (1=10). By conditioning on
Zsem, our method predicts images that resemble xo much faster.
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Experiment

» Class conditional sampling

Table 3. FID scores (] ) for class-conditional generation on CelebA
64 dataset computed between Sk sampled images and the target
subset. =+ represents one standard deviation (n=3). D2C [17]
results come from their paper (n=1 run of FID computation on
Sk samples). Binary classifier was trained with 50 positives and
50 negatives. Positive-unlabeled (PU) classifier was trained with
100 positives and 10,000 unlabeled examples (as negatives). Naive
FIDs were computed between all images and the target subset.

Scenario | Classes | Ours D2C[/5] Naive
Male 11.52 + 1.19 13.44 23.83

Binary Female 7.29 + 0.44 9.51 13.64
Blond 16.10 £ 2.00 17.61 25.62
Non-Blond 8.48 £+ 0.52 8.94 0.96
Male 9.54 + 0.54 16.39 23.83

PU Female 9.21 = 0.19 12.21 13.64
Blond 7.01 + 0.25 10.09 25.62
Non-Blond 7.91 £ 0.15 9.09 0.96
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Experiment

»Unconditional sampling

Table 4. FID scores () for unconditional generation. Our method
is competitive with DDIM baselines. *“+ autoencoding™ refers to
diffusion autoencoders that infer ground-truth semantic subcode
from the test set and do not sample from the latent DDIM.

, FID |
Dataset Model T=10 T=20 T=50 T=100
FFHQ 128 DDIM 29.56 2145 15.08 12.03
Ours 20.80 16.70 12.57 10.59
+ autoencoding | 1443  10.70  6.69 4.56
Horse 128 DDIM 2217 1292 7.92 5.97
Ours 11.97 937 7.44 6.71
+ autoencoding | 9.27  6.23 3.87 2.92
Bedroom 128 | DDIM 13.70 923 7.14 5.94
Ours 10.,69 8.19  6.50 5.70
+ autoencoding | 6.36 488 3.6l 2.88
CelebA 64 DDIM 16.38 1270  8.52 5.83
Ours 1292 10.18 7.05 5.30
+ autoencoding | 12.78  9.06  5.15 3.11




Conclusion

* Autoencoder with near-perfect reconstruction
* Framework for learning semantic representation
* Simple solution for many real-image applications
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