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I STRUCT Group
BRFBITHE

tE K FRTENHFRET Image Reconstruction
HFRIR=E

Spatial and Temporal Restoration,
Understanding and Compression Team

* PI: XIZRER
* BR#E: liujiaying@pku.edu.cn Analytics
* [ http://www.wict.pku.edu.cn/struct/

SPATIAL and TEMPORAL

RESTORATION
UNDERSTANDING

and COMPRESSION JRIERE
TEAM Coding

Image Generation
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* 100+ Research Paper, including IJCV, IEEE TPAMI, TIP,
TMM, TCSVT, CVPR, AAAI, ICCV, IJCAI
* 70+ Patents applied, 50+ Issued
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Intelhgent Image/Video Editing

* Image / Typography Stylization
* Image / Video Restoration
ImageIV|deo Enhancement i.e. derain, dehaze, contrast enhance
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Awesome Typography: Statistics-Based Text Effects Transfer
Shual Yang, Jiaying Liu, Zhouhui Lian, Zongming Guo, CVPR 2017
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Awesome Typography: Statistics-Based Text Effects Transfer
Shual Yang, Jiaying Liu, Zhouhui Lian, Zongming Guo, CVPR 2017
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Context-Aware Text-Based Binary Image Stylization and Synthesis
Shuai Yang, Jiaying Liu, Wenhan Yang, and Zongming Guo,

Mg E &R S* B F T

25



T =~ 1 | ! | WORLD ARTIFICIAL INTELLIGENCE
TR 2 )y L'
( 3 3 .: )f. ‘ ;? | | CONFERENCE

PEKING UNIVERSITY WAIC ﬁﬁAIE REAZ

PEIFFRNZERFERK

26



> 1g.¢0'g,0" | WORLDARTIFICIAL INTELLIGENCE
ﬂt )?:‘J" >4 W ConrereNce

PEKING UNIVERS‘I%-Y WA I C ﬁﬁAIE ﬁg *%

IR EXigit

. S REER

II)Q'

&

27



> 1g.¢0'g,0" | WORLDARTIFICIAL INTELLIGENCE
ﬂt )?:‘J" >4 W ConrereNce

PEKING UNIVERS‘I%-Y WAI C ﬁﬁAIE ﬁEX%

TIER: BNt

- S'KEH]

R

Lth X7 B

28



10,0"8,1" | WORLDARTIFICIAL INTELLIGENCE
I | CONFERENCE

»
) )
5o /; PEKING L:NIVE‘RSITY WAI C ﬁﬁAIE ﬁgkﬁ

Bt SAFTE

« Symbol Design
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 Icon Rendering

Rendering emoji icons with the painting style of Van Gogh using “The Starry Night” 30
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Controllable Artistic Text Style Transfer via Shape-Matching GAN
Shual Yang, Zhangyang Wang, Zhaowen Wang, Ning Xu, Jiaying Liu and Zongming Guo,
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WHAT HUMANS SEE
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IMAGE CODING FOR WHOM?

HIGH-LEVEL FEATURES
FOR MACHINE VISION

RECONSTRUCTED IMAGES
FOR HUMAN VISION

o OV O

J MACHINE VISION

1) Feature Extraction
* Redundant = Compact
e Compressed Information

2) Regression
* Feature = Label
* Further Compressed

INFORMATION

Jl_HUMAN VISION

1) Feature Extraction
* Degraded-> High-Quality
* Enhanced Information

2) Guided Reconstruction
* Feature = Image
* Information Generation

40
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IMAGE CODING NEXTGEN

Scalable (according to utilizations)
* Efficient compression for joint human and machine vision

Reconstructed
Vldeo Stream —> Features

Bitstream
—_— Feature Stream Feedback

Video Acquisition Reconstructed
Model Stream < —_ Video

Bitstream

VCM Encoder VCM Decoder

ez X ¥

Ling-Yu Duan, Jiaying Liu, Wenhan Yang, Tiejun Huang, Wen Gao. Video Coding for Machines:

A Paradigm of Collaborative Compression and Intelligent Analytics. arXiv:2001.03569, 2020
41
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INFORMATION DENSITY SPECTRUM

* Descriptor coding for efficient machine vision analytics (low bit-rate)

* Sophisticated video codecs for improved human vision (high bit-rate)

HIGH-LEVEL FEATURES RECONSTRUCTED IMAGES
FOR MACHINE VISION FOR HUMAN VISION

AMOUNT OF
INFORMATION

b B
m Versatile Video Coding
Compressive Sensing
High Efficiency Video Coding

m Super-Resolution m

42
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IMAGE REPRESENTATIONS

() » EDGES

/\ PROS

* Efficient for structural information
* Maintain scalability
* Sparse and light-weight

* Supports smooth scaling

V CcoNs

* Inefficient for details in images

* Ambiguous in color

43
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IMAGE REPRESENTATIONS

Q\‘ COLOR /\ PROS

* Avoid color ambiguity

LIGHT BLUE | 27T J( * Sparse and compact

* Related to visual fidelity

DARK BLUE

V coNs

* Usually randomly distributed

* |nefficient for further compress

44



HUMAN FACES

Analytics of Faces

Faces are naturally salient area in images we are looking at.
Machine vision systems to analysis faces have been widely developed.

It is the reflection of humanity in technology.

45
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SCALABLE FRAMEWORK

* Conceptual compression to achieve high quality with compact features
* Scalable bit-stream for different tasks

* VVectorized Edges + Sparse Pixels

Bitstream

Input image -
Bitstream

Encoder \

Decoded image

46
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Input image

ENCODER - EDGE

* Edge detection via structured forests

P. Dollar and C. L. Zitnick. Structured forests for fast edge detection. ICCV, 2013. 17
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Input image

ENCODER - EDGE

* Edge detection via structured forests

* AutoTrace to convert edge pixels to
vectorized representations

* Represented by lines and curves
* Short and trivial edges are screened

* Prediction for Partial Matching (PPM)
to losslessly compress vectors

M.Weber. AutoTrace: a program for converting bitmap to vector graphic. 1998. http://autotrace.sourceforge.net/ 48
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Edge extraction Structure code

HEN
 EENE_
Input image .. .

Encoder

ENCODER - COLOR

* Sparse pixels sampled according to edges
* Segments: sample on both sides

49
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=AW =4l
- Edge extraction
HEN
. NN _
Input image .. .

Encoder

ENCODER - COLOR \

* Sparse pixels sampled according to edges
* Segments: sample on both sizes

* Curves: sample on areas with steepest
gradients

50
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Decoder

DECODER- MACHINE VISION

* Image-to-image translation
* Render pixels with vectorized representations
* Edge-to-RGB translation

51
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bl Vi
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/]‘\\\:j i Bitstream

Structure code

.. . Bitstream
Decoder

l
>

Decoded image

DECODER- HUMAN VISION

* Image-to-image translation
* Render pixels with vectorized representations
* Generate masks for completion synthesis
* Image inpainting

///\\\
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Bitstream

| ~
=24 ] —
Dl
Structure code

B2 Adversarial Loss

| HEN
— > B L] — [
Input image .. . Bitstream
A:‘ Encoder Decoder

LOSS FUNCTIONS

* Reconstruction Loss * Adversarial Objective
£, =E[4 || 1o~ 1 [ +4SSIM(I¢, )] £, =-E[D(lg, E,M)]

* Perceptual Loss L, =E[ReLU(z + D(l;, E,M))]
L, =E[4,PERC(l,,1)] +E[ReLU(z—D(1,E,M))]

53



EXPERIMENTAL RESULTS

HUMAN VISION

Subjective preference survey.

Measuring fidelity and Aesthetics.

MACHINE VISION

Evaluate facial landmark detection.

Measuring information preservation.

54
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HUMAN PERCEPTION

Input image JPEG 0.266 bpp
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HUMAN PERCEPTION

Input image Ours 0.249 bpp
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Input image JPEG 0.208 bpp
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Input image Ours 0.198 bpp
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Input image JPEG 0.178 bpp
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HUMAN PERCEPTION

Input image Ours 0.177 bpp
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MACHINE VISION

LANDMARK DETECTION ACCURACY
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Bit-Rate (bpp)
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MACHINE VISION

LANDMARK DETECTION ACCURACY
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MACHINE VISION

LANDMARK DETECTION ACCURACY
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MACHINE VISION

LANDMARK DETECTION ACCURACY
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Bit-Rate (bpp)

65



WORLD ARTIFICIAL INTELLIGENCE

| | ]
ati*% LU0 CoNFeRence

WAIC t#HRATEERS

PEKING UNIVERSITY

MACHINE VISION

LANDMARK DETECTION ACCURACY
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MACHINE VISION

LANDMARK DETECTION ACCURACY
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* Quantitatively evaluate the accuracy 1.0
of facial landmark detection on the 0.9 A
reconstructed images. 0.8 1
-
o S 0.7
* Results show statistically improved 5
2 0.6 -
accuracy at a lower bit-rate. E
v 0.5 1
. . — . e
*  While the basic layer maintain a high £ 0.4- —o— JPEG (qp=4)
. . + —&— JPEG (gp=6)
0 0.3 J
accuracy, the enhancing layer provide o JPEG (qp=7)
more fidelity. 0.2 1 —=— JPEG (qp=8)
01 —+=our (E)
' =& our (E+C)
0.0 -

0.00 0.01 0.02 0.03 0.04 0.05 0.06 0.07 0.08 0.09 0.10
Normalized Point-to-Point Error
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LANDMARK DETECTION RESULTS

JPEG 0.131 bpp Ours 0.115 bpp
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LANDMARK DETECTION RESULTS

JPEG 0.138 bpp Ours 0.114 bpp
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MACHINE VISION

LANDMARK DETECTION RESULTS

Ours 0.108 bpp

71



' ' ' 'I WOHLDAR'I'IFICIALINTELLIGENCE

WAIC HRA TEEEAS

MACHINE VISION

LANDMARK DETECTION RESULTS

JPEG 0.158 bpp Ours 0.143 bpp
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1Hu et al. Temporal Perceptive Network for Skeleton-Based Action Recognition. BMVC 2017.
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3Yan, et al. Spatial temporal graph convolutional networks for skeleton-based action recognition. AAAI 2018.

4Demisse et al. Pose encoding for robust skeleton-based action recognition. CVPRW 2018. 238
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