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* Neural image/video compression: a walkthrough
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Outline

* Neural image/video compression: a walkthrough

— Image compression



The visual communication problem
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Developing traditional image/video codecs
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... for practical applications

I Latency
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- Domain-specific
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Transform coding pipeline

Transform (Inverse) transform
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Example: block-based transform coding (e.g. JPEG, MPEG -2, H.264)
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Neural image codecs

- Coding tools and syntax are parametric and learned
- Encoders/decoders and probability models are deep neural networks
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Typical pipeline

Compressive autoencoder (CAE) [Theis2017, Balle2017]
(autoencoder+quantization+entropy coding)

Feature
decoder

Feature
encoder

Entropy Entropy
TH decoder

() /

Not differentiable!

Balle et al. End-to-end Optimized Image Compression, ICLR 2017
Theis et al., Lossy Image Compression with Compressive Autoencoders, ICLR 2017



https://arxiv.org/abs/1611.01704
https://arxiv.org/abs/1703.00395

Typical pipeline

Observation 1:

- Entropy coding is reversible: bypass it

- Entropy is a tight lower bound to the rate: use as approximation
Observation 2:

- Quantization (i.e. rounding) introduces a uniform error

Feature Entropy Entropy| | Feature
encoder il decoder | "|decoder

() /

Not differentiable!

Balle et al. End-to-end Optimized Image Compression, ICLR 2017
Theis et al., Lossy Image Compression with Compressive Autoencoders, ICLR 2017



https://arxiv.org/abs/1611.01704
https://arxiv.org/abs/1703.00395

Architecture (training)

Use differentiable proxies for end-to-end training
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Balle et al. End-to-end Optimized Image Compression, ICLR 2017
Theis et al., Lossy Image Compression with Compressive Autoencoders, ICLR 2017



https://arxiv.org/abs/1611.01704
https://arxiv.org/abs/1703.00395

Autoencoder architecture

Convs+Rel.U Convs+GDNs Convs+ResBlocks
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Simple entropy model
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More complex entropy models

E.g. hyperprior [Balle 201.8]
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Balle et al. Variational image compression with a scale hyperprior ICLR 2018



https://arxiv.org/abs/1802.01436

Reducing decoding cost: shallow decoders

30

E.g. 2 layer-decoder [Yang2023] % He 202 ELIC
( g)“‘ ) xz 2 oNang mﬁi%ﬁ 2020 CHARM
= L ©
|55 a | & | () S
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Lol LR c
—§J % =30 Ballé 2017 Factorized Prior
0 100 200 300 400
Thousand MACs per pixel for decoding
Method Computational complexity (KMAC) Syn. param BD rate
f frn  enc. tot. g Gh dec. tot. count (Mil.) savings (%) T
He 2022 ELIC [20] 25542 673  262.15 25542 126.57 381.99 7.34 26.98
Minnen 2020 CHARM [30)] 0379 590  99.70 03.79 256.51 350.30 4.18 20.02
Wang 2023 EVC [41] 263.25 1.86 265.11 25794 3482  292.76 3.38 22.56
Minnen 2018 Hyperprior [29] 93.79 6.73 100.52  93.79 15.18 108.97 3.43 3.30
Ballé 2017 Factorized Prior [2] 81.63 0.00  81.63 81.63 0.00 81.63 3.39 -32.93
2-layer syn. + SGA (proposed) 25542 6.73 262.15 5.34 15.18 20.52 1.30 4.67
2-layer syn. (proposed) 25542 6.73  262.15 5.34 15.18 20.52 1.30 -5.19
JPEG-like syn. (proposed) 25542 6.73  262.15 1.22 15.18 16.39 0.31 -20.95

Yang and Mandt, Asymmetrically-powered Neural Image Compression with Shallow Decoders ICCV 2023



https://arxiv.org/pdf/2304.06244

Perception vs distortion
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Perception vs distortion

[s (MSE/PSNR) distortion a good quality metric?

Bicubic SRResNet (MSE) SRGAN Original
PNSR 21.59 dB PNSR 23.53 d PNSR 21.15 dB
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Perception vs distortion

Distortion metric B (57 How close is the image
(full-reference) D '? ) 'ﬂ to the original one?

Perceptual metric G S
p P \13, How realistic is

(no-reference) the image?

OO

\

|Discriminator
1 (of a GAN)

it

— real/fake?




Perception-distortion
in image superresolution methods

‘_Until 2017: IFC well-correlated
5 | & with perceptual quality

After 2017: IFC anti-correlated
“" with perceptual quality

Perceptual quality
Ma et al

/’ 28 2.6 2.4 22 2 1.8
IFC

Optimal perception  Distortion metric
and distortion

(i.e. original images)

Slide adapted from Y. Blau



Perception-distortion tradeoff

Perception

Possible

Better quality

Impossible

— Distortion

Less distortion

The Perception-Distortion Tradeoff, CVPR 2018



https://arxiv.org/abs/1711.06077

Perception vs distortion in
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Rate-distortion-perception tradeoff

Perceptual index
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Rethinking Lossy Compression: The Rate-Distortion-Perception Tradeoff, ICML 2019



https://arxiv.org/abs/1901.07821

Optimizing for perception:
generative lossy compression

Optimize perception using a discriminator and adversarial loss
The decoder acts as generator of a conditional GAN

real/
fake?

|Discrim
nator

Decoder
generator

High-Fidelity Generative Image Compression, NeurIPS 2020



https://arxiv.org/abs/2006.09965

Generative lossy compression
Original (768x512 pixels — 1.18 MDB)

High-Fidelity Generative Image Compression, NeurIPS 2020



https://arxiv.org/abs/2006.09965

Generative lossy compression
JPEG (8 kB)

High-Fidelity Generative Image Compression, NeurIPS 2020



https://arxiv.org/abs/2006.09965

Generative lossy compression
HIFIC (7 kB)

High-Fidelity Generative Image Compression, NeurIPS 2020



https://arxiv.org/abs/2006.09965

Generative lossy compression

HIFiC
(7 kB)

JPEG
(8 kB)

High-Fidelity Generative Image Compression, NeurIPS 2020



https://arxiv.org/abs/2006.09965

Other learned-based image
compression approaches

Implicit representations (e.g. COIN, COIN++)

Dupont et al. COIN: COmpression with Implicit Neural representations arxiv 2021

Dupont et al. COIN++: Neural Compression Across Modalities TMLR 2022

Yang et al. Lossy Image Compression with Conditional Diffusion Models arxiv 2022

Poli et al., Self-Similarity Priors: Neural Collages as Differentiable Fractal Representations NeurIPS 2022



https://arxiv.org/abs/2103.03123
https://arxiv.org/abs/2201.12904
https://arxiv.org/abs/2209.06950
https://arxiv.org/abs/2204.07673
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* Neural image/video compression: a walkthrough

— Video compression



From transform coding to
neural image coding
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Traditional video compression
(motion-compensated transform coding)

Curvent frame
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Neural video compression

ldea: replace modules by trainable neural networks

Curvent frame

Residual |

encoder |

net

Residual
decoder
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Motion
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Motion-compensated
neural video compression

warped frame y
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Lu et al. DVC: An End-To-End Deep Video Compression Framework CVPR 2019



https://arxiv.org/abs/1812.00101

Predictive feature coding

Exploit temporal redundancy directly in the latent space
- Movre flexible, since it is not constrained by the characteristics of
pixel space

Features are coded predictively
V. ¢ (instead of pixels)

Feature
encoder I L
yres

[AE -~ _
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Predictive feature coding

Exploit temporal redundancy directly in the latent space
- Movre flexible, since it is not constrained by the characteristics of
pixel space

Features are coded predictively
¥ r (instead of pixe‘/s%

Feature
encoder I J

Hyper
encoder
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t
Zeat(; re W
SAlar decoder
/




Conditional entropy model

Condition on previous feature to exploit temporal redundancy for
entropy modeling

les: TLi The probability wodel processes pairs
Examples: [Liu2020], STEM [Sun2021] o0 ¢ o features (i.e. conditional)

Feature - R
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Features are still coded
predictively



Conditional video compression

Condition on a contextual feature to exploit temporal redundancy

A 4

Hyper
encoder

Prediction is conditional, Aﬂ |
but not from residue ~— | Xcontext [100110
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Conditional video compression

Why residual coding is suboptimal compared to conditional coding?

Let’s consider we want to encode X; given context Xy,
We are interested in estimating p(x;|X;)
Residual coding is a particular case of conditional coding p(x;|%;) = p(x; — X;)
i.e. substraction is a particular fixed (not learnable) operation to predict x;
Residual entropy is higher than conditional entropy, so less compressible
i.e. H(xp — %) = H(x¢|X¢)
- X; doesn’t need to be a frame, could be a more flexible learned context

Residue coding

Conditional coding
~_ -

— | T

X¢: context in feature domain
Xt-1

p
Context
Generation

Commonly-used residue coding-based P& i Ourdeep contextual
video compression \. : / video compression

Li et al. Deep Contextual Video Compression Neur[PS 2021



https://arxiv.org/abs/2109.15047

Conditional video compression

O: high frequency region in background ;’:‘,‘.: high frequency region in foreground

Li et al. Deep Contextual Video Compression NeurIPS 2021

Input frame x; Channel examples in context X,

[ ]: new content region


https://arxiv.org/abs/2109.15047

Richer contextual models

Multi-scale temporal contexts [DCVC-TCM]

Current Frame

Motion Vector

Largest-Scale Temporal Context Smallest-Scale Temporal Context

Hybrid spatio-temporal

Cdg First Step

<§1 SE+pn2 =Lk <G

Cdg Sec dStp

em‘:ropg W\odelmg [DCVC HEM]

Coding in First Step

DCVC-TCM: Sheng et al. Temporal
Context Mining for Learned Video
Compression arxiv 2021/TMM 2023

DCVC-HEM: Li et al. Deep Contextual
Video Compression ACM Multimedia
2022

DCVC-DC: Li et al. Neural Video
Compression with Diverse Contexts
arxiv 2023

/
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Coding in Second Step

More dlverse contexts [DCVC-DC]
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https://arxiv.org/abs/2111.13850
https://arxiv.org/abs/2111.13850
https://arxiv.org/abs/2111.13850
https://arxiv.org/abs/2109.15047
https://arxiv.org/abs/2109.15047
https://arxiv.org/abs/2302.14402
https://arxiv.org/abs/2302.14402

Current SOTA in video compression

Bitrate Comparison over H.266 in Terms of PSNR

[ Neural codecs = 17.8%174

%

11.8% 13.1%

Bitrate

H.265:
Decrease| 10%

HM-16.25  DCVC-HEM

0.0% 0.0%

H.266: ECM-5.0 Our DCVC-DC

VIM-17.0
7.1%

Bitrate
Increase

= Traditional
codecs

RGB colorspace
] Yuv420 colorspace

37.1%

Y 40% 38.5%

*HM, VTM, ECM use their best compression ratio
configurations for low delay

Li et al. Neural Video Compression with Diverse Contexts arxiv 2023



https://arxiv.org/abs/2302.14402

Current SOTA in video compression

UVG UVG
40 ’,it" _,.-/-',‘,/J —
= 0.990 -
39 - _ e
— 38+ - / 0.985
% {’; r ;
= / / VTM-17.0 n VTM-17.0
Z 37 ’ - HM-16.25 . UE-, 0.980 - HM-16.25
a - ECM-5.0 : - ECM-5.0
36 CANF-VC CANF-VC
DCVC DCVC
DCVC-TCM 0.975 4 DCVC-TCM
35 DCVC-HEM DCVC-HEM
Our DCVC-DC Our DCVC-DC
; . ; 0.970 :
0.02 0.04 0.06 0.08 0.10 0.25
BPP

MACs Encoding Time Decoding Time
DCVC-HEM [2Y] 3279G 890ms 652ms
Our DCVC-DC  2642G 1005ms 765ms

Note: Tested on NVIDIA 2080TT with using 1080p as input.

Li et al. Neural Video Compression with Diverse Contexts arxiv 2023
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Outline

* Our work on neural image/video compression

— Practical neural image/video compression



Practical image/video compression

I Latency

Sender | (Digital) |

Receiver
channel

Original %| Reconstructed
Design (handcrafted)
syntax and coding
tools

Objectives:
- Minimize rate
- Minimize distortion

- Variable rate
- Low memory

- Low computation
- Low latency

- Compatibility

- Domain-specific

Smart engineer



Rate-distortion tradeoff A in NIC

High rate (A=0.032) PSNR= 36.2 dB Rate= 0.41 bpp

RD curve

37 — -
)
RN
N~ 35
%
2
n
(AW

33

31

[0 0.2 0.3 0.4
bpp

Low rate (A=0.002) PSNR= 31.1 dB Rate= 0.08 bpp

(WANAY.
[ALA]

Problems: total memory, total training time



Is neural image compressmn practical?

Encoder Decoder

Practical neural image compression?

- Minimize rate v
Limitations - Minimize distortion
- Ais fixed |F Variable rate x] MAE
- Low memory x| [SPL2020]
- Heavy encoders/decoders |- Low computation X| SlimCAE
- Low latency x| [CVPR2021]

Other practical considerations
- Domain-specific codecs (e.g. videoconference, screencast) DANICE
- Back./forw. compatibility (with legacy encoders/decoders) [CLIC2021]

[SPL2020] Variable Rate Deep Image Compression with Modulated Autoencoder; Signal Processing Letters 2020
[CVPR2021] Slimmable compressive autoencoders for practical imaga compression, CVPR 2021

[CLIC2021] DANICE: Domain adaptation without forgetting in neural image compression, CLIC 2021 at CVPR 2021



https://arxiv.org/abs/1912.05526
https://arxiv.org/abs/2103.15726
https://arxiv.org/abs/2104.09370

Variable rate with modulated autoencoders

Objective: one single model for multiple 2

Bottleneck scaling [Theis201 7] Feature modulation [MAE, cAE]
"y B'n'm P (™™ u s B'n'm A (™™ u
-T_H 1 _T_H _T‘H Modul{atigm _|—1H-

: networ
b I e s = s
/ conv /" conv\L conv
S EE mE " R oE S EE EE
[ gdn ] i > | gdn J [ gdn ]
conv conv conv
Eﬁ!im Eﬁﬂm Eﬁﬂmﬂ EEEEEEI
( ( gdn
conv / \ conv conv
- Minimize rate v - Low memory X
- Minimize distortionv’ - Low computation X
- Variable rate v’ - Low latency x

cAE: conditional autoencoder [Choi20149]
MAE: wmodulated autoencoder [Yang2020]



Model capacity and rate-distortion

w=filters per layer
w=192
AN conv
[ gdn
AN conv /
L gdn |

\ conv ;

There is a minimal capacity
for every RD tradeoff

w=192

PSNR (dB)

Additional capacity
doesn’t improve RD

y bpp :
I_LIJ\(’V\\IL w=192 I
6% Rs Optimal widths
Lower w results in less
memory and computation!!

Slimmable compressive autoencoders for practical image compression, CVPR 2021



https://arxiv.org/abs/2103.15726

Slimmable compressive autoencoder

Approach: slim the network to the minimal capacity for a given A
Slimming [SIImCAE]

Ed - Minimize rate v
_T‘H _T‘H - Minimize distortionv”
e - Variable rate
% - Lower memory v
conv_\ _ony - Lower computation
e W@Eﬂ - Lower latency
and slim
[ cqﬂ\\/ ] 1 ZConv] (for low-mid rates)
T EE!EH
[ gan J
conv COV\V

K

Slimmable compressive autoencoders for practical image compression, CVPR 2021



https://arxiv.org/abs/2103.15726

Slimmable layers in SIimCAE

SlimCAE Shmmab@f@yo(utlom [Yu2014]
WE[W,, Wy, Ws]

N\ SlimConv / / STy \

[ SlimIGDN ]
\ SlimConv /

[ SlimIGDN )

\ SlimConv /

A

SlimConv
[ SlimGDN |

/ SlimConv "\

([ SlimGpN ]

/ SlimConv N\

Slimmable compressive autoencoders for practical image compression, CVPR 2021
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Slimmable layers in SIimCAE

SIImCAE
WE[W,W,, Wx]
SlimConv
l SlimIGDN ]
N\ SlimConv / ;
[ SlimIGDN ] SWItChGDN
\SlimConv / H 331
.
A 33
83
m ’ —
. SlimGDN E
SlimConv 5
| SlimGDN | 30 -
: << SIlimCAE (SwitchGDN)
SlimConv 291 o SIiMCAE (SlimGDN)
l SlimGDN | 28 - - SlimCAE (SlimGDN+)
SlimConv 0.1 0.2 03 04 05 06 0.7
S”VV\G DN+ Bits per pixel (BPP)
o
(. .
oo
Switchable
Shared (modulation)

Slimmable compressive autoencoders for practical image compression, CVPR 2021
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Training SIimCAE

Problem: we need the optimal s to train the SIIMCAE

Estimate from RD curves Automatically estimate during
of independent models

training via A-scheduling
w=192 w=192
o )
N N
% v
Z P2
& &
. oep e bR
1. Train several independent models 1. Train a SUIMCAE with 1, =1, =13
for different w 2. While not converged do
2. Plot RD curves and find critical * Update 1s according to schedule
points « Optimize CAE
3. Estimate optimal s from trained
models

Problem: extremely expensive!

Slimmable compressive autoencoders for practical image compression, CVPR 2021
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Training SIimCAE

Problem: we need the optimal As to train the SIImCAE

Estimate from RD curves
of independent models

w=192

PSNR (dB)

bpp
1. Train several independent models
for different w
2. Plot RD curves and find critical
points
3. Estimate optimal s from trained
models

Problem: extremely expensive!

PSNR (dB)

Automatically estimate during
training via A-scheduling

47
v
14
7

¥
/]
]
i
]
]
'

o PP
Train a SIMCAE with 1, =1, = 14
While not converged do
* Update 1s according to schedule
* Optimize CAE

Slimmable compressive autoencoders for practical image compression, CVPR 2021
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Training SIimCAE

Problem: we need the optimal As to train the SIImCAE

Estimate from RD curves
of independent models

w=192

PSNR (dB)

bpp
1. Train several independent models
for different w
2. Plot RD curves and find critical
points
3. Estimate optimal s from trained
models

Problem: extremely expensive!

PSNR (dB)

Automatically estimate during
training via A-scheduling

47
v
14
7

¥
/]
]
i
]
]
'

o PP
Train a SIMCAE with 1, =1, = 14
While not converged do
* Update 1s according to schedule
* Optimize CAE

Slimmable compressive autoencoders for practical image compression, CVPR 2021
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Training SIimCAE

Problem: we need the optimal As to train the SIImCAE

Estimate from RD curves Automatically estimate during
of independent models

training via 1-scheduli
e1an raining vi uling
© )
N N
% v
% Z
Q <
. oep e bR

1. Train several independent models 1. Train a SUIMCAE with 1, =1, =13

for different w 2. While not converged do
2. Plot RD curves and find critical * Update 1s according to schedule

points « Optimize CAE
3. Estimate optimal s from trained , ,

models Directly train one model!

Problem: extremely expensive!

Slimmable compressive autoencoders for practical image compression, CVPR 2021
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Performance comparison

Independent CAEs

(each with minimal capacity) Sealing [Theis2017] CAE [Choi2014] SIImCAE (ours)
Rate -distortion Encoder
35 .
Computation
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33 E_J 100
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50 I I
[ a I I
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- i I
0
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6 Y
0.2 0.3 0.4 0.5 0.6 0.7 0.8 " 4 ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘
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* otk 1 |
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Slimmable compressive autoencoders for practical image compression, CVPR 2021

PSNR (dB)

N
(o]

N
~



https://arxiv.org/abs/2103.15726

Visualizing some parameters

Encoder (first conv layer) Decoder (last conv layer)

Slimmable compressive autoencoders for practical image compression, CVPR 2021
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Slimmable video codec (SlimVC)

Extending SIImCAE to video

~ Pl Q [T

\ 4

I3 N T iSlimHE 1]
y Hyperprior 3
BEk -~ - (entropy AE]
%}110 RN . model) o11010]
\ (1
AD|<«— \‘ \\ [AD]
NS M—

= (4, 0e) S(lW\HD

Slimmable video codec, CLIC 2022 at CVPR 2022
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Slimmable video codec (SlimVC)

Extending SIImCAE to video

g muli | SlimHE iy
5;7'35 ______ l_ )
Slim j
[AE]«~ _ TPM| [AE]
N\
v \
= 100110 011010]
YVt-1 q \|

ADJ< = _(#ttUt) [AD]
S SlimEPM, )
yTES

S(lW\HD )

Slimmable video codec, CLIC 2022 at CVPR 2022
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Slimmable video codec (SlimVC)

RD performance Memory footprint
HEVC ClassB dataset (1080P) = SlimFE B SIimFD ® SlimTPM = SlimEPM m SlimHE m SlimHD
36 - —~ 400
o
=
E 350
341 %’ 300
—~ 8
m
=) g 250
Dz: 32 g 200
U) E
a
150
30 . —
—&— SlimVC (GOP=10) 100
=&~ Independent VCs (GOP=10) -
=&— SlimVC (All intra) 50 —
=
~#. DVC (GOP=10) 0
00 01 02 03 04 05 06 07 os width=0.25 width=0.375 width=0.5 width=0.75 width=1

bpp (bits per pixel)

Slimmable video codec, CLIC 2022 at CVPR 2022



https://arxiv.org/abs/2205.06754

Slimmable video codec (SlimVC)

RD performance

HEVC ClassB dataset (1080P)

36 A

w
S
1

PSNR(dB)
w
N

301 —8— SlimVC (GOP=10)
=&~ Independent VCs (GOP=10)
‘ =8— gimVC (All intra)
28 - =8.. H.264 (veryfast GOP=10)

-®. DVC (GOP=10)

00 01 02 03 04 05 06 07 08
bpp (bits per pixel)

Slimmable video codec, CLIC 2022 at CVPR 2022

Computational cost (GFLOPS)

Low

B SlimVC Encoder

B DVC Encoder

Low-mid

Rate

SlimVC Decoder
DVC Decoder

Mid-high

High
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Is neural image compressmn practical?

Encoder Decoder

Other practical considerations

- Domain-specific codecs (e.g. videoconference, screencast)
- Back./forw. compatibility (with legacy encoders/decoders)

DANICE
[CLIC2021]

[CLIC2021] DANICE: Domain adaptation without forgetting in neural image compression, CLIC 2021 at CVPR 2021
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https://arxiv.org/abs/2104.09370

Rate-distortion optimality of learned codecs

Learned codecs are only optimal in the domain of the training data

Training Test

PSNR =29.1 dB

Rate = 0.108 bpp

Street PSNR= 26.3 dB
domain . SR X AD -

PSNR=27.3 dB

DANICE: Domain adaptation without forgetting in neural image compression, CLIC 2021 at CVPR 2021
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Domain Adaptation in Neural Image ComprEssion
(DANICE)

Learned codecs can be customized with user content to specific domains
Problem: usually not enough custom data; training is expensive

Solution: transfer pre-trained codecs
Codec
adaptation] => D_’:H(I

Adapted codec
(portrait faces) i to faces

i g Yy W PN
R N &R R
7 :_4.«". : N ‘— » ’1 . /%
! P | R o 8
r N ¥
A= e - 1
- 00 i i 3o P =

Source model
(off -the -shelf)

o j:, Codec
i d‘>[adaptatiom] > D":H(I

Adapted codec
to driving scenes

Source domain
(e.g. CLIC)

Target domain

(driving scenes)
DANICE: Domain adaptation without forgetting in neural image compression, CLIC 2021 at CVPR 2021
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Backward incompatibility with legacy
bitstreams: catastrophic forgetting

Misalignment between encoding-decoding latent spaces
(i.e. bitstream syntax incompatible)

Training Test
Source
domain - MR F AD -~

a_ P oy N
e, 58 g

________

Catastrophic
forgetting

Target

Also forward
incompatibility

| Lo
i__]jz,——'

DANICE: Domain adaptation without forgetting in neural image compression, CLIC 2021 at CVPR 2021
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Rate-distortion forgetting

Encoding-decoding latent spaces aligned, but suboptimal
(i.e. bitstream syntax compatible, yet degraded)
Training
Source
domain - MR ¥ AD -~

Rate -distortion
forgetting

Target
domain - SR Y AD -

Evrvor

DANICE: Domain adaptation without forgetting in neural image compression, CLIC 2021 at CVPR 2021
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Codec adaptation without forgetting (CAwF)

Freeze source codec, and learn target codec as an enhancement layer
Drawback: adds additional parameters

Training

Source
domain - XD e

__________

domain

DANICE: Domain adaptation without forgetting in neural image compression, CLIC 2021 at CVPR 2021
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Codec adaptation without forgetting (CAwF)

CelebA—Cityscapes
(source domain)

Source Naive FT (catastrophic forg.) Naive FT (RD forgetting) CAwF
t=1 Error t=2 Error Interf. =2 Error Interf. t =2 Error Interf.

Codec adaptation
artifacts

DANICE: Domain adaptation without forgetting in neural image compression, CLIC 2021 at CVPR 2021
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Outline

* Our work on neural image/video compression

— Neural image compression for machines



Data collection for onboard perception

Capture
Annotation

. Analysis
Training module ]

=
Deployment [ ﬁ:‘ﬂﬁf ] I:f!> ((((oﬁﬂ)

N\

i~ g PO Analysis s
oty S A = i |

The more images, the better model (in principle)

[

Distributed Learning and Inference with Compressed Images, IEEE Trans. Image Processing 2021
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Data collection for onboard perception

‘N

”~

No comp ression ((( ‘ﬁ) )) |:> L

N
r (
Losseless ((((ﬁo D ,)) L:1j> Efl>

=
sy () =

Distortion
The higher the compression rate the more
images we can collect

Distributed Learning and Inference with Compressed Images, [EEE Trans. Image Processing 2021
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Distributed data collection

Car side

= |
«««ﬁ}w» @»)) |
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Capture
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' Server side

Training

~
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|
|
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Distributed Learning and Inference with Compressed Images, IEEE Trans. Image Processing 2021
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Distributed data collection

Server side

Car side

Training
Analysis
:‘; module

Compressed images

Original images
Test
N\

= " Analysis |
((‘foﬁo’))k module

N\

«‘@’» r Analysis

\ module

J \\

— o o o . gem EEm EEE B RS S EEE REE EEE RSN RS R R e AEe e REm R R e

J

Distributed Learning and Inference with Compressed Images, [EEE Trans. Image Processing 2021
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Training images vs test images

Training (compressed) Test (original)

codec: mean-scale hyperprior

Distributed Learning and Inference with Compressed Images, IEEE Trans. Image Processing 2021
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Training images vs test images

Training (compressed) Test (original)

Distributed Learning and Inference with Compressed Images, IEEE Trans. Image Processing 2021
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Training images vs test images

Training (compressed) Test (original)

Configuration CO:
compressed/original

Observation 1: training and test distributions are different (covariate shift)

Observation 2: training images have less information than test images
(loss of information)

Distributed Learning and Inference with Compressed Images, [EEE Trans. Image Processing 2021
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Training/test configurations

Information
loss
(training/test)

No/No

Test Covariate

Training hift
shi

OO (ideal)
original/original
comp ressed/ compressed - - No Yes/Yes
..o oc Yes No/Yes
original/compressed

Distributed Learning and Inference with Compressed Images, IEEE Trans. Image Processing 2021
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Effect on downstream task

Training Test % Cityscapes
. X
[ a
= 75 Q&)
c Q|
CO O
c QL
()]
€ 70
CcC &
(V)
Conclusion (this dataset): better to
keep wmore information in test than 6500 o cC
V@dMC@ tb\e Covarlat@ SL\IFL- Training/test

Distributed Learning and Inference with Compressed Images, IEEE Trans. Image Processing 2021
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Proposed approach: dataset restoration

Train restoration model
(with a dataset with

high quality images) Dataset
(restoration)

Restoratio
E>[ W\odell V\] [:>

Restoration _
|:> model Uses adversarial loss

Restore the dataset

of interest
Datasgt Restored
(analysis) dataset
Training

Train the downstream
model

[:j> Analysis
module

Restored
dataset

Distributed Learning and Inference with Compressed Images, [EEE Trans. Image Processing 2021
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Training images vs test images

Original (test) Compressed Restored

Distributed Learning and Inference with Compressed Images, IEEE Trans. Image Processing 2021
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Effect on downstream task

Training Test %0 Cityscapes
' =
= a
£ 75 3
(-
co S £14%
I S| |3
c Q +
Q w
£ 70 0}_’
CcC o0
(Vp]

RO 65
00 co CC RO

Training/test

Why does it work?
- Alleviates the covariate shift
- Keeps useful information for segmentation (e.g. texture)

Distributed Learning and Inference with Compressed Images, IEEE Trans. Image Processing 2021
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Experiments. Rate-distortion

Dataset: Cityscapes. Codecs: BPG (traditional), MSH (neural)

38

37 1

36 1 R
Baseline

PSNR (dB)

331

Restoration f) s
(RO) 1 - — MSH - BPG

" @-® MSH Restored &~ ® BPG Restored
30 {- A A-A MSH Restored w. Auxiliary data A-4A BPG Restored w. Auxiliary data

0.04 0.06 0.08 0.10 0.12
bpp

Restoration harms R-D performance

Distributed Learning and Inference with Compressed Images, IEEE Trans. Image Processing 2021
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Experiments. Segmentation

Dataset: Cityscapes. Codecs: BPG (traditional), MSH (neural)
80 1

Upper — !
bound (0OO)

Restoration «~——
(RO)

. 70
Baseline”
(co) £
=
o
£
60 -
20+ - 00 e ® RO-BPG
o~ X CO-MSH OR-MSH ®® AO-BPG
40 - _ - CC-MSH @@ CO-BPG @@ OC-BPG
30 ___..--"" = RO - MSH CC - BPG OR - BPG
1 -
%8' - AO - MSH
0.04 0.06 0.08 0.10 0.12
bpp

Restoration improves segmentation performance

Distributed Learning and Inference with Compressed Images, [EEE Trans. Image Processing 2021
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Semantic preprocessor for VCM

Coding

Original image
il

. "

Machine vision performance
o1 Y 3

&

Image
decoder

Image
encoder

Machine
vision task

Image
decoder

Image

P
encoder

Machine
vision task

Semantic preprocessor for image compression for machines, [CASSP 2023
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Task-switchable preprocessor for VCM

Machine vision
performance

Coding

Image
encoder

Image
decoder

—

Task ID
\ .

Task-switchable X, Image
Pre-processor encoder

Image
decoder

Submitted to CSVT



Average Precision

37
35
33
31
29
27

Task-switchable preprocessor for VCM

COCO Det

Original
—eo— Codec-only
—e— pre-anchor

—eo— TSW-pre

0.2 0.4 0.6 0.8
Bits per pixel

36 COCO I-seg COCO P-seg
40 |
34
s Z 38
5 32 g 36
E} 30 Original -Ec_ 34 Original
£ 28 —eo—Codec-only E 32 —o— Codec-only
-
< 26 —e— Pre-anchor 30 —o— Pre-anchor
y —e—TSW-pre )% ——ISW _pre
0.2 0.4 0.6 0.8 1 0 0.2 0.4 0.6 0.8
Bits per pixel Bits per pixel
COCO Dateset
Method Det I-seg P-seg
vs Codec-only -48.98% -50.07% -50.54%
vs Pre-anchor -36.54% -28.75% -35.19%
BDDI100k Dateset
Method Det I-seg P-seg
vs Codec-only -30.30% -74.46% -29.47%
vs Pre-anchor -25.37% -60.69% -17.37%

Submitted to CSVT




Outline

e Other works

— Multi-image restoration



Burst perception-distortion tradeoff

Scenario: burst image restoration
Motivation

- How temporal information affects the restored image quality?

- How perception, distortion and their tradeoff change with multiple
images

Original Degraded Restored

P(D) = min,, # d(px,pg)

st. E[A(X,X)] <D

P(D) = min, St

s.t. E[A(X,X)] <D

Burst Perception-Distortion Tradeoff: Analysis and Evaluation, ICASSP 2023


https://ieeexplore.ieee.org/document/10096218

Burst perception-distortion tradeoff

Experimental setting (denoising+supervesolution)

_ Synthetic Interpolated
HR images LR bursts models models P-D curves
Model I1 < [model b
Model D -g ® Interpolated
Ql Q@ models
o o o/
S Model P Model In % ""-c/.....ogom'i’del P
— Q o )
S ) B : :
O IS b~ Distortion
S = 3
Burst m [ ] .FG [ ] 0 ] -

; S Q : N : :
setting % ~ S -
\__.—-—/ S—

Nooe 0 Vodel D Model 11 S m:;deIIDt e
Shake a bo/n ;lrpt:l)e?se
Q| '.
Length Model P Model In % C/Ox) c;del P
~— 9 -0

Distortion

Burst Perception-Distortion Tradeoff: Analysis and Evaluation, ICASSP 2023
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Burst perception-distortion tradeoff

Pmax [
Case 1 (perfectly aligned bursts): g
- E.g. Stable shooting (no shaking or motion) g
- E.g. Accurate flow estimation 5
Pmin P
1.36 -
o~ Q Distortion
2 128{@
1.20 1 | .: : - — | Perfect alignment: the
1510 20 30 40 50 wore frames the better
Burst Length (n)

Case 2 (misaligned bursts):
- E.g. Alignment errors, or ervors in flow estimation
Yo =10, = 1D

1.25 1 4
3 .
v 12314 _ Imperfect alignment: more
Z120{%e s FE b frames can be harmful
R et -" - ' (depending on the shake
., PO . .
510 20 30 40 50 %s aV\d noise (@V@(S)

Burst Length (n)

Burst Perception-Distortion Tradeoff: Analysis and Evaluation, ICASSP 2023
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Video quality enhancement
and artifact removal

QP=quantization parameter

Video ‘c']ua{itg
enhancement
net

Encoder
(e.g. H264)

Decoder
e.g. H264)

Typ "C,a{ approach: DeForm(a‘ble convolution
- Align several frames r

- Aggregate the aligned information
to alleviate noise/artifacts

Our specific contribution:
- Use deformable convolutions for multiframe alignment
- QP-conditional quality enhancement network

Dai et al., Deformable Convolutional Networks, ICCV 2017

DCNGAN: A deformable convolution-based GAN with QP adaptation for perceptual quality enhancement of
compressed video, [CASSP 2022
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Outline

e Other works

— Semantic segmentation



Slimmable semantic segmentation

- Segmentation Loss — Semantic Boundary Guided Loss Semantic GT Boundary GT
- Boundary Loss EEE' Distillation only used in training

Slim Boundary Detection Head

width W SlimEncoder SlimDecoder—
(channel) v Wl ] ] ||
v “m SlimPPM BEREm
Wy P Wyl — —
Input image x T : o ]
w, W )
! 1T skip connections A
I LY
(c) —
(a) Slimmable Semantic Segmentation Network (b) Stepwise Downward Distillation

SlimSeg: Slimmable Semantic Segmentation with Boundary Supervision ACM Multimedia 2022
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Slimmable semantic segmentation

. Independent Slimmable

Network | Width mIoU‘Param mloU |Param FLOPs
x1.0 | 78.3 | 31.20 |78.4 (0.17) 607.9

SFNet x0.75 | 77.3 | 17.57 }77.9 (0.67) 31.29 3434
ResNet50 | x0.5 76.3 | 7.82 |77.4(1.17) ' 153.9
x0.25 | 73.2 | 197 |74.4(1.27) 394

x1.0 | 75.0 | 12.87 |75.6 (0.67) 243.4

SENet x0.75 | 74.0 | 7.24 |74.8 (0.87) 12.89 137.4
ResNet18 |[x0.5 714 | 322 |72.5(1.17) ’ 61.5
x0.25 | 65.5 | 0.79 [67.3 (1.87) 15.7

?9 T T T T T T
78 1
e 77
3
E 76 +
n
o
o 10T
wJ
i
o
O 74
: —@)— Slim-SFNet (single model)
731 O SFNet (4 individual models)
PartialSlim-SFNet (single model)
Partial-SFNet (4 individual models)
?2 1 1 1

0 100 200 300 400 500
Billions of Multiply-Adds (GFLOPs)

600

SlimSeg: Slimmable Semantic Segmentation with Boundary Supervision ACM Multimedia 2022
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Outline

* Briefly: other works

— Transfer learning, continual learning and domain
adaptation



Continual learning in humans
(a.k.a. lifelong/sequential/incremental learning)

* Reuse of past knowledge (i.e. knowledge transfer, transfer learning)
+ Learn new skills for new tasks

P

Task 1 Task 2 Task 3



...and forgetting

Forgetting



Transfer learning and continual learning

Forgets source task, i.e. catastrophic Forgets task 1
forgetting (who cares?) (big deal!!)
Transfer+adaptatign Continual learning
—1 ——1 —— —
—1 ——1 — —

— — N .. .
—— / Discriminative

models

Task 1

. . Rotated EWC (ICPR 2018),
Continual learning = CVPR2020, ...

transfer learning — (catastrophic) forgetting

~ Source task Target task




Transfer learning and continual learning
(now with GANs for image generation)

Transfer+adaptation (generation) Continual learning (generation)

&L

Target domain

Transferving GANS Memory Replay GANSs
(ECCV 2018) (NeurlPS 2018)




Sequential learning for image
generation

MNIST 10 categories (10 tasks)
1 c=2 c=3 c=4 c=5 C=6 c=7 c=8

c=0 C

Check the videos at
https://www.lherranz.org/2018/10/29/wergans




Learning task 1 (bedroom) epoch 1
kitchen church tower

Check the video at

https:.//www.lherranz.org/2018/10/29/wmergans



Unsupervised domain adaptation (UDA)

Scarce data

Laptop computer [

= Domain shift
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(Source-aware) UDA

Adapted
model

.
»

)
)

Adaptation
Target d;r;a_in—

(
L

»

Source domain

Laptop computer




Source-free domain adaptation

Source domain

Laptop computer []

Bicycle =

Source Adapted
(Pre- )tralnlngw Adaptation ]—u

No longer have access to
source domain images

(e.g. privacy)

I Target domam I

- e e S e S e e e e S e D e e B e e e e
3 U




Source-free domain adaptation

Source . Adapted
Adaptation Test J

I Target domain|




Generalized source-free domain adaptation

Source .
Adaptation

I Target domain|
I

hy

|
Generalized Source-free DomgimrAdaptation1CEV 2021
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Source-free domain adaptation

Results on VisDA-C with ResNet101 as backbone

Method (Synthesis — Real)  Source-free Per-class

ResNet-101 [Y] % 52.4
ADR [20] 5 13.5
CDAN [22] X 73.9
CDAN+BSP [5] X 75.9
SWD [17] X 76.4
MDD [49] X 74.6
IA [11] X 75.8
DMRL [42] X 12.5
MCC [12] X 78.8
DANCE [29] X 70.4
DANCE [29] Vv 70.2
SHOT [20] V4 82.9
3C-GAN [18] v/ 81.6
Ours Vv 85.4

B State-of-the-art target performance, compared to relative methods
Slide credit: Shigi Yang

Generalized Source-free Domain Adaptation, ICCV 2021
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Generalized source-free domain adaptation

Results on VisDA-C under G-SFDA with ResNet101 as backbone

Avg.
Source-free S/T H
Source model 99.6 /48.1 64.9
SHOT [20] Vv 75.7/82.2 78.8
Ours Vv 90.4/85.0 87.6

B State-of-the-art H over source/target performance compared to SHOT

Slide credit: Shiqgi Yang

Generalized Source-free Domain Adaptation, ICCV 2021
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Exploiting neighborhood structure

Premise: We already have the source-pretrained model

t-SNE visualization

. & ]
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Observation 1:

Target features from source pretrained model already form some clusters
Motivation 1:

We can adopt neighborhood clustering for target adaptation

Slide credit: Shiqgi Yang

Exploiting the Intrinsic Neighborhood Structure for Source-free Domain Adaptation, NeurlPS 2021
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Exploiting neighborhood structure

Reciprocal nearest neighbors (example K=2)

Feature space Neighborhood structure Are they reciprocal?
4 Querg NNs @ —> 1 @
15 0 —> 12 @ =03
0
3 » — ©OC O and 2 are RNNs
2 2 —> 03
D e

©=®:2
@I:> 4 5
O and 1 are not RNNs

Exploiting the Intrinsic Neighborhood Structure for Source-free Domain Adaptation, NeurlPS 2021
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Exploiting neighborhood structure

Predicted Label

781
76 1
74 1
721
—~ 70 -
2 65
66 -

%

Ratio

0] _— NN

601 —a— RNNin NN
—w— NRNN in NN

1 5 10 15 20 25 30
K

Observation 2: Reciprocal neighbors are more likely to have the correct predicted label
Motivation 2:  We should assign higher credit to reciprocal neighbors.

Slide credit: Shiqgi Yang

Exploiting the Intrinsic Neighborhood Structure for Source-free Domain Adaptation, NeurlPS 2021
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Exploiting neighborhood structure

Method
P Nearest
neighbor
nRNN & @9 4
'® & A Target samples ° .%. P 3z
. o A Misclassified ® . ® 5 g%
‘ samples RNN ® 6 g a

Decision
§ Boundary

Pushing features
to semantically similar

Before Adaptation neighbors After Adaptation
(c)
1 Dygim (pi, pj
Method overview: L=—— E Z (D J)
ng - _ o D(ﬂf.‘s’(x'iaxjf)
x; €Dy xj€Neigh(x;)

Slide credit: Shiqgi Yang

Exploiting the Intrinsic Neighborhood Structure for Source-free Domain Adaptation, NeurlPS 2021
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Exploiting neighborhood structure.
Results

* Results on Office-Home with ResNet50 as backbone
Method ISEAr—CI Ar—Pr Ar—Rw Cl— Ar Cl—PrCl—Rw Pr— ArPr—CIPr—RwRw— ArRw—CIRw—Pr Avg

MCD [35] X| 489 683 746 613 676 0688 570 47.1 751 69.1 522 796 64.1
CDAN [24] X[ 507 706 760 576 70.0 700 574 509 773 709 567 816 658
SAFN [52] X| 520 717 763 642 699 719 637 514 771 709  57.1 81.5 67.3
Symnets [58] X| 477 729 785 642 T1.3 742 642 488 795 745 526 827 67.6
MDD [59] X| 549 737 778 600 714 TI8 612 536 781 725 60.2 823 68.1
TADA [47] X| 531 723 772 59.1 712 721 597 531 784 724  60.0 829 67.6
BNM [4] X| 523 739 800 633 729 749 617 495 797 70.5 536 822 679
BDG [53] X| 515 734 787 653 715 737 651 497 811 746 551 84.8 068.7
SRDC [42] X[ 523 763 810 695 762 780 687 538 8.7 763 57.1 850 71.3
RSDA-MSTN [10]| x| 532 77.7 813 664 740 765 679 530 82.0 75.8 578 854 709
SHOT [21] v | 57.1 781 BLS 680 782 781 674 549 822 73.3 588 843 718
NRC v | 577 803 820 68.1 798 786 653 564 830 71.0 586 856 722

¢ Results on VisDA-C with ResNet101 as backbone

Method [SF]plane beycel bus car horse knife mcycl person plant sktbrd train truck Per-class

ADR [34] X942 48,5 84.0 729 90.1 742 92,6 725 808 61.8 822 288 735
CDAN [24] X852 60,9 83.0508 842 749 88.1 745 834 760 819 380 739
CDAN+BSP [2]( X [92.4 61.0 81.057.5 89.0 80.6 90.1 770 842 779 821 384 759
SAFN [52] X193.6 61.3 841706 94.1 79.0 91.8 79.6 899 556 89.0 244 76.1
SWD [19] X |90.8 825 81.770.5 91.7 695 863 775 874 63.6 856 292 764
MDD [59] Xl - - - - - - - - - - - - 74.6
DMRL [49] X| - - - - - - - - - - - - 75.5
MCC [15] X |88.7 80.3 805 71.5 90.1 932 850 716 894 738 B850 369 788
STAR [26] X 1950 84.0 84.6 73.0 91.6 91.8 859 784 944 847 87.0 422 827
RWOT [51] X 195.1 80.3 83.790.0 924 68.0 925 822 879 784 904 68.2 84.0
3C-GAN[20] | v |94.8 734 688 748 93.1 954 886 84.7 89.1 847 835 48.1 8l1.6
SHOT [21] v | 94.3 88.5 80.1 573 93.1 949 80.7 803 91.5 89.1 863 582 829
NRC v 1968 91.3 824 624 96.2 959 B86.1 80.6 948 941 904 59.7 859

Slide credit: Shiqgi Yang

Exploiting the Intrinsic Neighborhood Structure for Source-free Domain Adaptation, NeurlPS 2021
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