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About Me (http://Xiaoyongshen.me)

 BS, MS from ZJU and PhD from CUHK

« Supervisors: Prof. Ligang and Prof. Jiaya
* Three years research in CG and five years in CV

« Senior researcher in Youtu
» Lead the research group

* My research is mainly on

* Image filtering and restoration, matting, deblur, etc.
* Motion and depth estimation, segmentation

* Image classification, object detection and semantic
segmentation, etc.
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Focused Scene TextHkikas
Text LocalizationIi B tHRLEFE

201743H
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Faceall”! |'0.0240 + 0.0010

JustmeTalk’2 “[0.9887 + 0.0016

Facevisa’4 0.9955 + 0.0014
pose+shape-+expression augmentation” 0.9807 + 0.0060
ColorReco”® [0.9940 + 0.0022

Asaphus?? [0.9815 * 0.0039

Daream’® 0.9968 *+ 0.0009

Dahua-FaceImage89 0.9978 + 0.0007

Easen Electron®! 0.9968 + 0.0009

Skytop Gaja®? | 0.9630 + 0.0023

CNN-3DMM estimation®3 0.9235 + 0.0129

Samtech Facequest®? 0.9971 + 0.0018

Deteval

Method Recall Precision Hmean
Tencent Youtu 89.53% 04.26% 091.84%
CNN based mo... 89.17% 9463% 91.82%
RRPN-4 8731% 95.19% 91.08%
MSRA_wv1 8858% 0367% 01.06%
SRC-B-Machine... 87.07% 93.28% 90.07%
Baidu IDL 87.11% 0283% B9.88%
CAS_HotEye_ver2 8431% 0417% B8897%
HvBaoBao 8537% 91.46% B831%
CAS_HotEye 86.65% 89.99% B88.29%

XYZ Robot87 |'0.9895 + 0.0020
THU CV-Al L.IDBs ‘0 9973 £+ 0,0008
PingAn Tach®® 0,9960 + 0,0031
dlib%0 [0.9938 + 0.0027
Aureus?? [0.9920 + 0.0030

YouTu Lab, Tencent®3 0.9980 + 0.0023

T AT AT ATy AT ST AT T

Rank-1 Identification Accuracy with 1 Million Distractors

Algorithm Date Submitted Set1

YouTu Lab (Tencent Best-Image) 04/08/2017 83.290%
DeepSense V2 11222017 81.208%
Vocord-deepVoi.2 12112016 80.258%
GRCCV 121016 TI6TT%
SphereFace - Small 12112016 76.766%
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Makeup-Go: Blind Reversion of
Portrait Edit



Popular Digital Editing Tools




A Digital Edit Example
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Filters Whitening Smoother Skin Tone




A Digital Edit Example
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What is the difficulty of this task?



Existing CNN Cannot Remove Make-up

Kim, Jiwon, Jung Kwon Lee, and Kyoung Mu Lee. "Accurate image super-resolution using very deep convolutional networks.
" Proceedings of the IEEE Conference on Computer Vision and Pattern Recognition. 2016.



Result of Applying CNN to Remove Make-up




Result of Applying CNN to Remove Make-up
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Result of Applying CNN to Remove Make-up




Why cannot existing CNN achieve this goal?

Component Domination Effect




Analysis of the Loss

L=[IF(x)-yl|;

X: input image patch

F(x): network output (vectorized)
y: ground truth patch (vectorized)
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PCA Components of the Loss

2
L=|lUTF(x) - UTyl,
U: PCA matrix
UUT =1
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PCA Components of the Loss

2 2 ?
[ - ‘Ifl(x) 3 ’“‘{y”z n Hfz(x) _ u§y||2 N ||fd(x) - uZZYHZ

fi(x) =u/F(x),i=12-,d

g 2 “‘f'» N 4 ¥ 2

1 ; — — ! - - 3

\ st . - - | T =

= o0 o - \

-~ - » - 1 "
t [
"'.z"v b ¥

b | B




PCA Components of the Loss

2
L=|1fiGo - ulyl],

fi(x) =u/F(x),i=12-,d




PCA Components of the Loss

5 2
L = “fl(x) — u{y”z + “fz(x) - UEYHZ

fi(x) =u/F(x),i=12-,d




PCA Components of the Loss
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Our Framework



Component Regression Network

15t subnetwork

>

Common network I'

2" sybnetwork

PCA
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shared subnetwork
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Experimental Results



Component-level Comparison
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Component-level Comparison
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Input Touched Image







Ground Truth




Overly Touched
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Our result










Not-That-Good Result

Ground Truth



Not-That-Good Result

Ground Truth



summary

* We discovered the component domination
effect.

* We proposed a Component Regression
Network to tackle the problem.




Detail-revealing Deep Video Super-
resolution



Motivation

* Old and Fundamental
» Several decades ago [Huang et al, 1984] — near recent

* Many Applications

* HD video generation from low-res sources
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Motivation
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* Many Applications
* HD video generation from low-res sources
* Video enhancement with details




Motivation

* Old and Fundamental
» Several decades ago [Huang et al, 1984] — near recent

* Many Applications
* HD video generation from low-res sources
* Video enhancement with details
* Text/object recognition in surveillance videos
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Previous Work

* Image SR

* Traditional: [Freeman et al, 2002], [Glasner et al, 2009],
[Yang et al, 2010], etc.

* CNN-based: SRCNN [Dong et al, 2014], VDSR [Kim et al,
2016], FSRCNN [Dong et al, 2016], etc.

* VVideo SR

* Traditional: 3DSKR [Takeda et al, 2009], BayesSR [Liu et al,
2011], MFSR [Ma et al, 2015], etc.

* CNN-based: DESR [Liao et al, 2015], VSRNet [Kappeler, et
al, 2016], [Caballero et al, 2016], etc.
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Remaining Challenges

e Effectiveness
* How to make good use of multiple frames?

Misalignment
Large motion

Occlusion

Bicubic x4
Data from Vid4 [Ce Liu et al.]
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Remaining Challenges

e Effectiveness

* How to make good use of multiple frames?
* Are the generated details real?

Bicubic x4



Remaining Challenges

e Effectiveness

* How to make good use of multiple frames?
* Are the generated details real?
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Remaining Challenges

e Effectiveness

* How to make good use of multiple frames?
* Are the generated details real?

* Model Issues
* One model for one setting

re map 2 channels High-resolution image (output
ik
| preveeoveen ¥ B OE
" I | ] B
J 1! 1 W O

VSRNet [Kappeler et al, 2016]
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Remaining Challenges

e Effectiveness

* How to make good use of multiple frames?
* Are the generated details real?

* Model Issues
* One model for one setting
* |[ntensive parameter tuning
* Slow
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Our Method

* Advantages

e Better use of sub-pixel motion
* Promising results both visually and quantitatively

* Fully Scalable
* Arbitrary input size
* Arbitrary scale factor
* Arbitrary temporal frames
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Bicubic x4
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Our Method

* Motion Estimation

Iy

Fi—>0

/4
L
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Our Method

e Sub-pixel Motion Compensation (SPMC) Layer

-0

l—»é—wi»m»|
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Our Method

e Detail Fusion Net

skip connections

t=1i —1
l—>0
o u»m»| m@ [
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Arbitrary Input Size

skip connections

t—l—1

l—>0
|*m1 m$|

Fully convolutional

Input size:
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Arbitrary Scale Factors

skip connections

t=i—1
|
1
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t=i+1
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Arbitrary Temporal Length (

skip connections

Decoder

.

oS ——
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IEWSIE

e Details from multi-frames

Output (identical)

| ——

3 identical

HEINES
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IEWSIE

e Details from multi-frames

Output (identical) Output (consecutive)

HEINES
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Analysis

e Ablation Study: SPMC Layer v.s

Outp»ut (baseline)

Backward warping
+
Resize
(baseline)

. Baseline
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Analysis

e Ablation Study: SPMC Layer v.s. Baseline
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Comparisons




Comparisons

BayesSR [Liu et al, 2011; Ma et al., 2015]



Comparisons

DESR [Liao et al., 2015]



Comparisons

VSRNet [Kappeler et al, 2016]



Comparisons




Comparisons




Comparisons




Running Time



Running Time

* BayesSR [Liu et al, 2011]

Inverse inference

Observed low-res, noise
Low-res, noise-free contaminated sequence
Blurred high-res \kﬁ . L © contaminated sequence h O r /
© equence
= l«'
——

Add noisc 3 ﬂ
e

Frames: 31
Scale Factor: 4 X

Noise

parameter

Input
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Running Time

* MFSR [Ma et al, 2015]
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Frames: 31
Scale Factor: 4 X
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Running Time

* DESR [Liao et al, 2015]

8 min / frame

Frames: 31
Scale Factor: 4 X



Running Time

* VSRNet [Kappeler et al, 2016]

4‘0 s /frame

Frames: 5
Scale Factor: 4 X
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Running Time

* Qurs (5 frames)

/ frame

Frames: 5
Scale Factor: 4 X
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Running Time

* Qurs (3 frames)

/ frame

Frames: 3
Scale Factor: 4 X

74



IViore Results
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Bicubic x4 ¢




Bicubic x4
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Summary

skip connections

t=i—1
I
l—>0 ' /
o u»mq =3 63 3 |

IL

l

t=i+1

 End-to-end & fully scalable
e New SPMC layer
* High-quality & fast speed
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Thank You



