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Introduction

Deep Learning Based Image Codecs




Deep

€ Tradeoff between rate and distortion, perceptual quality

L carnin g € State-of-the-art learned codecs(VAEs):

€ Transform coding --- lower dimensional latent space
Based . P

€ Hierarchical compressive variational autoencoders ---
I ma g C a learned prior model for entropy-coding

€ Drawback: mode averaging behavior --- loss of detail
Codecs

€ Solution: expressive generative model



Related Work & Background

Transform-coding Lossy Image Compression
DDPM: Denoising Diffusion Probabilistic Models
DDIM: Denoising Diffusion Implict Models




Related

Transtorm-
coding

Lossy

Image
Compression

Classical codecs

JPEG 1991, BPG 2018, WEBP 2022

End-to-end learned codecs / VAES

Minimize KL-divergence = Maximize Evidence Lower Bound (ELBO)

KL(q(z)[[p(z[x)) LA, x) =D+ AR = Eyc(a)x) [~ log p(x|z) — Alog p(z)].
Input «------ e Ideally they are identical. SRecenstct
' input
X=X

Probabilistic Encoder
q4(2[x)

Mean Sampled
{ .y —‘ latent vector

Probilistic
4 Decoder

po(x|2)

) a
Std. dev

An compressed low dimensional
Z=pt+to0e€ representation of the input.

e ~N(0,I)




Related

DDPM:
Denoising
Diffusion
Probabilistic
Models

DDPM: Denoising Diffusion Probabilistic Models

Generate data by a sequence of iterative stochastic denosing steps

pOXt 1’Xt
@2 O — @2 — ™
Xa—|;€51 m

Algorithm 1 Training Algorithm 2 Sampling

. repeat
X0 ~ q(xo)

AP NN(O,I)

1

2: _ rfort=T,...;1do

3: &~ Uniform({l,...,T}) 2z~ N(0,1)ift > 1,elsez = 0
4: e~ N(0,1)

5

1
.
3
" .. 4 1—ay
Take gradient descent step on 4 Xp-1 = - (Xt - \/ﬁ@ (x¢, f)) + otz
5
6

Vo |‘e—eg(\/64_tx0—|—\/1—@te,t)|’2 : end for

6: until converged : return xo

Loss function:

Loimpte(6) = Bt [[|€ = €0(v/@rxo + VT = aze, )]



Related

DDIM:
Denoising
Diffusion
Implict
Models

DDIM: Denoising Diffusion Implict Models

DDPM: Markovian diffusion process

: T E T e :
i o A
Sy X
e
SRS
b a0
N

Q(m2‘w1)

DDIM: Non-Markovian diffusion process

@ — @ — @— @

iB3|€B2,iU0

q(x2|T1, X0)

Q

&



Method

Conditional Diffusion Model for Compression




Method

Algorithm
Training

Algorithm 1 Training DDPM
1: repeat
2: xo ~ q(x0) [ ﬂnﬁu
3t~ Uniform({1,....T}) Rt R R 2 R e
4: €~ N(O, I) D =] >
5:  Take gradient descent step on , t @j( ’ ﬂ;,g ﬁ'é@j(
. Vo ||6 — eg(v/arxo + me,t)l\
6: until converged Loss function ¥ % f&distortion

Algorithm 1 Training the model (left); Encoding/

Sample xg ~ dataset CD C

repeat

n ~ Z/{(O, 1, 2, ey Ntrain)
e ~N(0,1) MR o e B HRat IR R B
Xn = /onXo + V1 — ane

z = Ency(x0) +U(—0.5,0.5)
Xo = XQ (}_(na n/Ntraina Z)

Lp = 122 |x0 — %o/ Loss function Edistortion, bitrate,
L = (1—p)Lp + pd(X9,%0) — Alog, P(2)
(0,0) = (0,9) — eVg 4L (learning rate: ¢)

/N (pseudo-continuous )ik, M

perceptual metric

until converge

(DN



Method

Algorithm:
Encoding/
Decoding

Algorithm 2 Sampling DDPM

1: x7 ~N(0,1) e . o _pe NS B
2: fort=T,...,1do AR P i e PG J b R e e, T R el e g e
3: z~N(0,I)ift > 1,elsez =0

4: X411 = J%_t (Xt — \}1—,69(Xt, )) + otz t ij( I]ET% @j{

5: end for

6: return xo

/Decoding data x( (right). X'-prediction model.

Given Niegt CDC

7 = L}EHC¢(X0)—| I . . I
Z <—>P(z) binary file (entropy code using P(z)) *E%E,cﬁ'ﬂ;,g IZEH%EEFﬁﬁ:\-JE s /N — I El/‘:] T IR
xy = 0 (or x5 ~ N(0,7%I) for stochastic IZEH%

decoding)

for n=N§th—t?/i—n(§c(;(xn(xo),z,%) n/NH INYI AN FEF 7 2 0] LA —FE
€6 = Vi-an

X0 — XO(Xnan/NtesU )
_1 = /o 1Xo + /1 —an_16

end for return X




Training
objective

P AL S AN AR I RS, 3
TrEBENEE N TR
RN RATH REFROR, 18
REF A R IA A
AR 75 2 n] 15 B )L

® Rate-Distortion Function of VAE:
E(AJ X) =D+ AR = EZNc(z|x) [_ 10gp(X|Z) — A logp(z)]
® By Jensen’s inequality:

EzNe(leﬂ)[i log p(xo|z) — )\logp(z)] < EZNe(ZlXo) [Lupper(xﬂ|z) — Aogp(z)],

Lupper(X0]2) = —Ey, y~q(x1.nv|x0) [log qﬁﬁj‘f;j,‘]lfj)}

® [ oss Function of DDFM:
L(8,%0) = En,clle — co(xn(x0), )|

® Simlify the training objective:

il n

Lupper(XO|Z) ~ Exo,n,eHe - EB(XTN Z, m)“2 = Exo,n,eqHXD - XQ(XTM Z, m)HZ
® Optional perceptual metric(LPIPS loss):
_ A
Lp - Ee,n,z~e(z|x0)[d(x0: XO)] and LC - Ezwe(z[xo)[Lupper(XOIZ) — T logp(z)]

I = gl {1 — plke.



Training
process of
DDPM

U-Net

Fullt-connected Layers

; Step 2:BALAE K
Step 1:iEHl—3kEE é fiy 1077 e 75 e AT ) ) £
o
—Loss = ||e — eg(z¢, t)||

Step 5:if%Loss,
Noise | 6 8 T BT U-Ne t Y

Ot schedule

Ly = Emo
Step 3:WF R E

OTTT]

Time Representation

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

Fully-connected
Layers

Step 4: iHitU-Netftdll €a(x¢,t)



Visualization
of their

Model
Architecture

Skip concatenation
Linear Attention

Hyper-Prior
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(Minnen 2018) model) bt
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ResBlock

‘ ResBlock

| S

!

Embedder Encoder
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Downsampling Unit
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Experiments

Conditional Diffusion Model for Compression




- A

Experiments

‘Kodak: 768x512 Additive perceptual metric
-Tecnick: 600x600 Without perceptual metric
*DIC2K: 768x768 HiFiC.DGML
«COCO02017: 384x384 ’ ’
NSC,MS-Hyper,BPG

*Perceptual metrics:

- FID, LPIPS, PieAPP, DISTS
*Distortion metrics:

« FSIM, MS-SSIM, SSIM, PSNR

Vimeo-90k:
9000 clips each select

one frame and crop to
256x256

=



-5~ HiFiC -%- DGML  -%- NSC —s— CDC p=0.9 (ours)

-=¢~-  MS-Hyper -»- BPG —e— CDC p =0 (ours)
FID| LPIPS] FSIM4 MS-SSIM1t
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® Perceptual Metrics(red): CDC p=0.9 (orange circle)

® Distortion Metrics(blue): CDC p=0 (blue circle)
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xy = 0 (or xy ~ N(0,~°I) for stochastic
decoding)

® When employing stochastic decoding, the model consistently produces better perceptual results as the number of

decoding steps increases.

® However, in the case of deterministic decoding, more decoding steps do not lead to a substantial improvement in

distortion.



Summary

Conditional Diffusion Model for Compression




Sum

Conditional
Diffusion
Model for

Compression

¢ o

¢ o

Tradeoff between rate and distortion, perceptual quality
Reconstruct image with less noise from 1image with noise
€ DDPM: construct noise from image with noise

A variable that characterizes the intensity of noise
Improvement:

€ Integrate advanced techniques such as autoregressive

entropy models or iterative encoding



Exploiting
Diffusion Prior
for

Real-World Image
Super-Resolution

Fine-tuning Stable Diffusion
Time-aware Encoder
Spatial feature transformations(SFT)

Controllable Feature Warpping

t
‘ Trainable
4 Encoder l 4
LR L 2 Time-aware Encoder
E CFW
.
S
= |
xW -W
Wiy
N >
J ; Fd Fm
= ;_ 18 iz Trainable
Z, ' Z, Denoising U-Net Z, Controllable
Denoising U-Net Feature Wrapping

€ Time-aware Encoder: Image content is rapidly populated when the
SNR approaches 5e-2

€ Controllable feature warpping module: continuous fidelity-realism
trade-off



SEINE:
Short-to-Long
Video
Diffusion
Model For
Generative
Transition
And
Prediction

Random-mask video diffusion model

LaVie: Pre-trained diffusion-based T2V model

Encoder

v

Diffusion

i Inference process
1

Denoising N steps

@@ @; E()der

16 X 320 X 512

V-LDM
(Base)

61 X 320 X 512

I

@ M ccoder

Transition results I

Prediction results

__________________________________________________

V-LDM
(VSR)

V-LDM
(TD

CLIP Text Encoder

“Cinematic shot of Van Gogh's selfie, Van Gogh style”

€ Adapting the conventional 2D UNet architecture into a spatial-

temporal 3D network

¢ o

Latent diffusion models (LDMs)

Generate frames for any given frames at arbitrary positions
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