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o A Comprehensive Performance Evaluation of 3D Local Feature Descriptors
=K (i CVPR2015
. Depth And Surface Normal Estimation From Monocular Images Using Deep Features
FEE University of Toronto ICCV2015
o Lost Shopping! Monocular Localization in Large Indoor Spaces
2N hIIKREF 1JCV2015
04 A Deep Structured Model With Radius-Margin Bound For 3D Human Activity
Recognition
i BT RF TIP2015
% Temporal Variance Analysis for Action Recognition
¥ FERZFURIIFH AR TR CVPR2014/1JCV2015
% Multi-level Representation for Action Recognition
FirtE i | N TCSVT2016
o A Spatio-temporal CRF for Human Interaction Understanding
FIE ENKFE TMM2015
% Zero-shot Person Re-identification via Cross-view Consistency
1L hERF BB SR AAAI2016
% Large Scale Similarity Learning Using Similar Pairs for Person Verification
BRI hIIKREF IJCAI2015
10 Mirror Representation for Modeling View-specific Transforms in Person
Re-identification
X { LUERKEF ICCV2015
11 A Spatio-Temporal Appearance Representation for Video-Based Pedestrian
Re-Identification
7 MR K E CVPR2016
12 Joint Learning of Single-image and Cross-image Representations for Person
Re-identification
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e BFREKE ACMMM2015
13 Visual Coding in a Semantic Hierarchy
] BEXRF CVPR2016
14 You Lead; We Exceed: Labor-Free Video Concept Learning by Jointly Exploiting Web
Videos and Images
REX K AAAI2016
1o Video Semantic Clustering with Sparse and Incomplete Tags
K3 BT RF TCSVT2015
16 Video-based Human Walking Estimation by Using Joint Gait and Pose Manifolds
BEE AREFRIKF TPAMI2016
1 Graphical Representation for Heterogeneous Face Recognition
KA AREFRIXKRTF TIP/TCSVT2015
18 Sparse Representation based Greedy Search for Face Sketch Synthesis
e/ N L+ HhENGFKRF TCSVT2015
19 Simultaneous Hallucination and Recognition of Low-Resolution Faces Based on SVD
KA P ERFER T B RA ICCV2015
20 Leveraging Datasets with Varying Annotations for Face Alignment via Deep
Regression Network
1378 BEXRF TPAMI2015
et Learning Compact Binary Face Descriptor for Face Recognition
K&+ LLRKRF PR2015
2 Multimodal Learning for Facial Expression Recognition
THE B E RHFE BT D IR R R TIP2015
23 Micro-Expression Recognition Using Color Spaces
R=HG KR K Z ACMMM2015
24 Coherent Motion Detection with Collective Density Clustering
SE2) fehBRXFE 1JCV2015
25

Similarity Fusion for Visual Tracking
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=RE R KRF TCSVT2015
2 Robust Visual Tracking Using Exemplar-based Detectors
gHEe BT RF TIP2016
27 BIT: Biologically Inspired Tracker
AR EREIKREF TMM2015
28 Visual Tracking using Strong Classifier and Structural Local Sparse Descriptors
T AL RARBHE RS CVPR2016
29 Object Tracking via Dual Linear Structured SVM and Explicit Feature Map
KETE EREIKREF ICCV2015
30 Linearization to Nonlinear Learning for Visual Tracking
i EBRBEREF ICCV2015
3 Hierarchical Convolutional Features for Visual Tracking
3K RNEBETKF ICCV2015
32 Visual Tracking with Fully Convolutional Networks
iy e KRF TCSVT2015
33 Multi-target Tracking Using Hough Forest Random Field
=T IR ZRE DMl R FR IR 535 B TIP2016
3 Connected Component Model for Multi-Object Tracking
Ej¥72 KEXRF CVPR2016
3 6D Dynamic Camera Relocalization from Single Reference Image
THS BiIXZF TIP2015
36 A Probabilistic Method with Simultaneous lllumination and Reflectance Estimation for
Retinex
FR T ERF B B RSP 1IJCV2015
37 Multi-Cue I!Iumination Estimation via a Tree-Structured Group Joint Sparse
Representation
B BBERSKE CVPR2015
38 The Common Self-Polar Triangle Of Concentric Circles And Its Application To Camera
Calibration
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2R BFREKE TIP2016
39 A Retinal Mechanism Inspired Color Constancy Model
g ul RITKE TCSVT2015
40 Quaternionic Weber Local Descriptor of Color Images
TRE PEMRRE (H TIP2014
41 Face Super-Resolution via Multilayer Locality-constrained Iterative Neighbor
Embedding and Intermediate Dictionaries Learning
Z5KK AREFRIKREF ICCV2015
42 Learning Parametric Distributions for Image Super-Resolution
AERA BFRRAE TCSVT2015
43 Single Image Super-resolution via an Iterative Reproducing Kernel Hilbert Space
Method
LN EIFRF TIP2015
4 A Feature-enriched Completely Blind Image Quality Evaluator
DEX HXKF TIP2016
45 Non-Rigid Point Set Registration by Preserving Global and Local Structures
TR e RRKRF TIP2015
46 Robust Point Sets Matching by Fusing Feature and Spatial Information Using
Nonuniform GMM
RER P ERZFURIIFH R AR R TIP2015
4 A Fast Single Image Haze Removal Algorithm Using Color Attenuation Prior
TE BT RF ICCV2015
48 Removing Rain from A Single Image via Discriminative Sparse Coding
FRIZ 58 EpRHR KR CVPR2015/TPAMI
49 On Learning Optimized Reaction Diffusion Processes For Effective Image Restoration
Els KEKRF TIP2015
>0 Image Denoising By Exploring External And Internal Correlations
(592 BIKREF TIP2015
51

Weighted Couple Sparse Representation With Classified Regularization for Impulse
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Noise Removal

i ARRZBEAF CVPR2015
> MSI Denoising by Intrinsic Tensor Sparsity Regularization
E=t BEETIKREF ICCV2015
>3 Patch Group Based Nonlocal Self-Similarity Prior Learning for Image Denoising
&5 MR RS TIP2016
54 Learning lIteration-wise Generalized Shrinkage-Thresholding Operators for Blind
Deconvolution
Z3v] ERMEMRKEF ICCV2015
55
Learning to Predict Saliency on Face Images
FLFERK KEEBTKEF CVPR2015
> Saliency Detection via Cellular Automata
X & (i CVPR2016
> DHSNet: Deep Hierarchical Saliency Network for Salient Object Detection
2.9 (i ICCV2015
> A Self-Paced Multiple-Instance Learning Framework for Co-Saliency Detection
BHE BFREKF TIP2015
> Boundary Detection Using Double-Opponency and Spatial Sparseness Constraint
3K 5L ENKF CVPR2015
60 Line-based Multi-Label Energy Optimization for Fisheye Image Rectification and
Calibration
F= ARZBEAS TIP2016
61 A Novel Tensor RPCA Approach for Background Subtraction from Compressive
Measurements
HisE KEKRF TCSVT2015
62 Foreground-Background Separation From Video Clips via Motion-Assisted Matrix
Restoration
zE Y KERF ICCV2015
63

Fine-Grained Change Detection of Misaligned Scenes with Varied Illluminations
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?Iig?IAO Panasonic R&D Center Singapore TNNLS2016

o4 Change Detection in Synthetic Aperture Radar Images Based on Deep Neural
Networks
IR RIFERF TPAMI2015

65 Multi-Graph Matching via Affinity Optimization with Graduated Consistency
Regularization
FiEF REBTKF AAAI2016

66 Linearized Alternating Direction Method with Penalization for Nonconvex and
Nonsmooth Optimization
FHKX JEREBEKEF ICCV2015

67 Learning Semi-Supervised Representation Towards a Unified Optimization Framework
for SSL
k7] FARKF NIPS2015

o8 Subset Selection By Pareto Optimization
i BRAF AAAI2016

09 Derivative-Free Optimization via Classification
B&i# e PN CVPR2016

70 GIFT: A real-time and scalable 3D shape search engine
Eg :8 RNEBTKRF PR2015

& Hierarchical Projective Invariant Contexts For Shape Recognition
ZiHE e KREF TIP2016

2 Unsupervised Co-segmentation for Indefinite Number of Common Foreground Objects
R [iTp AN N CVPR2016

3 Object Co-segmentation via Graph Optimized-Flexible Manifold Ranking
REAZE IR TIP2015

“ Random Shape Prior Forest For Multi-Class Object Segmentation
iN8 BEXRFE CVPR2015

75

Active Sample Selection and Correction Propagation on a Gradually-Augmented

Graph
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BEE BEIMERE TCYB2015
e Prototype-Based Discriminative Feature Learning for Kinship Verification
RFLAA hERF T B AR R ICCV2015
& A Unified Multiplicative Framework for Attribute Learning
REFR Panasonic R&D Center Singapore PR2015
® Weighted Classifier Ensemble Based on Quadratic Form
RiGiE MNP TNNLS2014
79 Multiset Canonical Correlations Using Globality Preserving Projections
ShF JEREREE KR TPAMI2014
%0 Bayesian Estimation of the von-Mises Fisher Mixture Model with Variational Inference
MER AREFRKRTF NIPS2015
o1 The Poisson Gamma Belief Network
3 REAKF AAAI2016
82
Multi-Label Manifold Learning
i REAKRF CVPR2016
83
Logistic Boosting Regression for Label Distribution Learning
ik S| b Nc AAAI2016
84 Analysis-Synthesis Dictionary Learning for Universality-Particularity Representation
Classification
WE BB T RFHENREFESTIEFR ICCV2015
8 Dynamic Texture Recognition via Orthogonal Tensor Dictionary Learning
o PR B FRHEAS TNNLS2016
86 Similarity Constraints Based Structured Output Regression Machine: An Approach to
Image Super-resolution
B AEBETXE AAAI2016
8 Discriminative Analysis Dictionary Learning
88 R MREIXE ICCV2015
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Personalized Age Progression with Aging Dictionary
BishE IR TNNLS2015
89 Approximate Orthogonal Sparse Embedding For Dimensionality Reduction
REF (i = TNNLS2015
90 Decentralized Dimensionality Reduction For Distributed Tensor Data Across Sensor
Networks
B hERF T B AR R ICCV2015
ot Bi-shifting Auto-Encoder for Unsupervised Domain Adaptation
EThE B AR BHY arxiv2015
% Revisiting Batch Normalization For Practical Domain Adaptation
FR# T ERF B BRI R ICCV2015
%3 Similarity Gaussian Process Latent Variable Model for Multi-Modal Data Analysis
X85 PR hERF T B AR TMM2015
94 Cross-Platform  Multi-Modal Topic Modeling For Personalized Inter-Platform
Recommendation
RER (i CVPR2016
- Discriminatively Embedded K-Means for Multi-view Clustering
EEH PLLKREF TKDE2015
% Multi-View Clustering Based on Belief Propagation
=\ BRI K TKDE2015
o Robust Ensemble Clustering Using Probability Trajectories
et BERF NIPS2015
% Max-margin Deep Generative Models
RRHE P ERFR B LR CVPR2016
%9 Quantized Convolutional Neural Networks for Mobile Devices
K hERFRARKREF CVPR2015
100 Sparse Composite Quantization
101 ERE ARZBKRE ICCV2015

13
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Low-rank Matrix Factorization under General Mixture Noise Distributions

REE st B s LT CVPR2015
102 _ _ _
Online Sketching Hashing
#IRIT FARAF IJCAI2015
103
Scalable Graph Hashing with Feature Transformation
e ARBFRERTE TIP2015
104
Visual Orientation Selectivity based Structure Description
XL EBXF CVPR2016
105 Object Skeleton Extraction in Natural Images by Fusing Scale-associated Deep Side
Outputs
FRIRLE BHEXRFRYIFARER TIP2016
106
Robust Texture Image Representation By Scale Selective Local Binary Pattern
Luis Herranz FERFRITT B AR TMM2016
107
Geolocalized Modeling for Dish Recognition
R (i CVPR2015
108 Rotation-Invariant and Fisher Discriminative Convolutional Neural Networks for Object
Detection
AR RIIKREF TCSVT2015
109 ] _ e
Neighborhood Feature Line Segment for Image Classification
G197=1Ed e KREF TCSVT2015
110 Pedestrian Detection in Binocular Stereo Sequence based on Appearance
Consistency
ERE P{EsREXRE CVPR2015
111
Learning Graph Structure For Multi-Label Image Classification Via Cligue Generation
=it P ERFERITERARMARAA AAAI2016
112 A Deep Architecture For Semantic Matching With Multiple Positional Sentence
Representations
R thERF Bt B AR R B CVPR2015
113

Joint Multi-Feature Spatial Context For Scene Recognition In The Semantic Manifold

14
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SREAN hERF T B AR PR2016
114
Category Co-Occurrence Modeling For Large Scale Scene Recognition
e 1E! FERF B BRI R CVPR2015
115
Scene Recognition With CNNs: Objects; Scales And Dataset Bias
HABRIK BEXRF NIPS2015
116 Convolutional Neural Networks with Intra-layer Recurrent Connections for Scene
Labeling
E\VE BhKF ICCV2015
117 . . . .
Human Parsing with Contextualized Convolutional Neural Network
A% R HRER K E PR2016
118 Better than CNN: Multi-scale Context for Scene Labeling via Flexible Segmentation
Graph
RRAR & BEXRF NIPS2015
119 _ _ _
3D Object Proposals for Accurate Object Class Detection
X R 3% P ERF T BRI R CVPR2016
120
Deep Supervised Hashing for Fast Image Retrieval
F 4R e KRF ICCV2015
121
Relaxed Multiple-Instance SVM with Application to Object Discovery
RRPHT 2 BEPIKEF CVPR2016
122
End To End Learning of Part Relationship and Deep CNN for Human Pose Estimation
HtEREE BB T 5 TIP2015
123 .
Multimodal Deep Autoencoder for Human Pose Recovery
G137 e KRF CVPR2016
124
Multi-Oriented Text Detection With Fully Convolutional Networks
Z= 1 KEXRF TCSVT2016
125 " . . . .
SPA: Sparse Photorealistic Animation Using a Single RGB-D Camera
RERE B F S BT CVPR 2016/TIP 2016
126
Temporal Multimodal Learning in Audiovisual Speech Recognition
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WERB : Collective Visual Inference

WEHRZE: Inthis talk, we will examine the problem of collective visual inference across a set
of images by exploiting the relations among them. Such relations exist in different forms,
including commonly shared text keywords, co-occurrence of different visual entities, spatial
geometric constraints, and temporal constraints, to mention a few. We argue that by
leveraging such relations, and conduct visual inference collectively across all images, we
can achieve better recognition accuracy than separately recognizing each visual entity in
each image separately under the conventional visual recognition regime.
Using semantic inference in online photo collections in social media as a case study, we
propose a family of networked latent topic models, dubbed the name Visual Topic Network,
for joint semantic inference across a collection of images. Our systematic study reveals that
modeling such relations for collective inference can effectively facilitate to learn better visual
representations, and hence improve recognition accuracy. | will also briefly discuss the
potential application of such networked topic models for the task of inferring intended and
perceived perception of images in social media.

If time permits, | will also briefly introduce some of the other research works | have
conducted that are related to collective visual inference.
WHE B Gang Hua is a Senior Research Manager in the Visual
Computing Group at Microsoft Research Asia. He was an Associate
Professor of Computer Science in Stevens Institute of Technology

between 2011 and 2015. He held an Academic Advisor position at IBM T.

J. Watson Research Center between 2011 and 2014. He was a visiting
researcher at Microsoft Research Asia in Summer 2013, and a Consulting Researcher at
Microsoft Research in Summer 2012. Before joining Stevens, he had also worked as
full-time Researchers at leading industrial research labs for IBM T. J. Watson Research

Center, Nokia Research Center Hollywood, and Microsoft Live Labs Research. He received

18
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the Ph.D. degree in Electrical and Computer Engineering from Northwestern University in
2006.

His research in computer vision studies the interconnections and synergies among the
visual data, the semantic and situated context, and the users in the expanded physical world,
which can be categorized into three themes: human centered visual computing, big visual
data analytics, and vision based cyber-physical systems. He is the author of more than 100
peer reviewed publications in prestigious international journals and conferences. His
research was funded by NSF, NIH, ARO, ONR, Adobe Research, Google Research,
Microsoft Research, and NEC Labs. He is the recipient of the 2015 IAPR Young Biometrics
Investigator Award. To date, he holds 14 U.S. patents and has more than 10 U.S. patents
pending. He is a Senior Member of the IEEE and a life member of the ACM.

AR #IKF

WEREE: Computer Graphics for All

WERNZ: Computer graphics is everywhere, movies, video games, mobile APPs, etc.
However, very few people create computer graphics, because graphics software are
traditionally designed for and can only be used by professional users. Driven by the rapid
development of senor technologies, enormous Internet data, as well as emerging
applications like 3D printing and VR/AR, computer graphics research is evolving into a new
era - we are dreaming to make everyone create visual contents in their daily lives, not only in
the digital world but also in the real world. In this talk, I will briefly review several projects we
recently conducted to make this dream a reality. The underlying trend of this line of research

is the fusion of computer graphics, computer vision, and digital fabrication.

‘ = ﬁé:x.,,.

-

ol

WHEE N : Kun Zhou is a Cheung Kong Professor in the Computer

Science Department of Zhejiang University, and the Director of the State

po—

Key Lab of CAD&CG. Prior to joining Zhejiang University in 2008, he was

a Leader Researcher of the Internet Graphics Group at Microsoft

‘

Research Asia. He received his B.S. degree and Ph.D. degree in

computer science from Zhejiang University in 1997 and 2002, respectively. His research

19
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interests are in visual computing, parallel computing, human computer interaction, virtual
reality and computational fabrication. He currently serves on the editorial/advisory boards of

ACM Transactions on Graphics and IEEE Spectrum. He is a Fellow of IEEE.

FBRGEREHEE T

EHAMA BEAXE

WEREHE: Perceiving and Interacting with Images

WERZE: In this talk, | will introduce our latest research in image scene understanding and
interactive technologies. Our first line of research aims at rapid image scene understanding
based on visual attention mechanism (IEEE TPAMI 2015, IEEE CVPR 2014 Oral). Instead
of specific algorithm design, | would like to highlight how these algorithms can be robustly
used in various applications, including image composition, photo montage, image retrieval,
object detection, semantic segmentation, and even deep learning. Our second line of
research aims at intelligent image manipulation mechanism. We try to explore smart image
manipulation techniques for easily obtaining annotated data during users’ nature interaction
with the real world (ACM TOG 2014, ACM TOG 2015), which is partially motivated by the
growing requirement of high quality labeled training data (expensive to be collected) for

scene understanding.

HWEE N : EAKRFIHEEREIER, 5%, PRI EETRFXET S
FF AR NESE . AT ERRMBEIE: HENEEE . B,
El1&4:18%, 27 |IEEE TPAMI. ACM TOG. ACM SIGGRAPH, IEEE
CVPR. |IEEE ICCV FNE EFREATIR SN EL T 20 ZREIL . HXARK
RZBEAINEITHINZINAT . R3CME5] 3000 KR, —ER X BEBERS i
51 1000 R HXAMREHEE (FHER) « kE (BBC) « £E (FAFRATI) « E£E (#F
FIRHRIR Y FEE ERFEAIERIE

EfFE ARBETFIRXE

WEREH: Sparse Image Restoration: Challenges, and Our Advances
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WEPRIZE: Despite the extensive researches of image restoration in the past decades, image
restoration still remains a challenging problem due to its ill-posed nature. This talks will fist
briefly introduces the challenges of the image restoration problems, and then moves to the
introduction of our recent advances in the topics of image restoration, especially focusing on
the structured sparse prior of natural images using the tools of statistical modeling (i.e.,
parametric sparse distributions). We will specially show that the learned shallow sparse
model can achieve competitive and even better image restoration performance than the

deep learning based methods in the context of image super-resolution.

HEEN: EEE, AREFRIEKRFRETFIREFRIZR, §%. 2004
FAMENTFEPRFAFHEER, 2010 FELELTFRLZETFRIEKE,
BEFAETIARZRMRILMARRHITIARHAR. TERARGEAE S
BRI TENIRE . £FRIBI 40 K5, HPUE—IEEE JCV. TIP,
CVPR. ICCV LAFiILI 10 &FE, 2 BILXNIE ESI 0.1%=# 51183,
WIS 1700 &R, BRE&ESS5IH 440 £R. E3Xk IEEE VCIP EfRKilmERE, B
AERERAR—FR, AL TEREHENRS. Ba#E{EE8E IEEE Transactions on Image
Processing ZEAH 3 N EFREATIHHRE

BE DEMNFEROEMEHR

WERH: Human Visual Perception of Biological Motion

WERZE: Humans are remarkably adept at recognizing the motion of biological entities in
complex visual scenes. Biological motion can be captured with a handful of point lights
attached to the head and major joints of the body, and can be further decomposed into two
components: global configuration and local motion. Whereas most previous studies have
emphasized the contribution of global form to biological motion perception, our recent work
indicates that local motion carries unique biological properties that can be processed
independent of global configuration. Taken together, these findings suggest that biological
motion perception is a multilevel course encompassing the processing of both global

configuration and local motion.
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WHEET: B, PERFERCEMKAMRS. STESm, NEHhE
MERBATFERTAUKNEMETERRIAST, ERREEERE
EeHBE. TERRAEEENROBYEFENE A MINGEER G AR
ARIEEBIRM 2 TV EAHI LR EFLAE DS sh a4 = AL EN b
FAE.

‘Fﬁ%ﬁﬂl‘ PR BB ARWSER

WEREH: Doman Adaption in Face Recognition

WERNZA: Domain Adaptation or the general transfer learning aims at transferring the
knowledge from a mature domain to a different but related new domain. In this talk, I will first
give an overview on the progress of domain adaptation, and then introduce our several
works on domain adaptation for face recognition. These works deal with the domain
adaptation problem mainly from instance-level, and especially attempt to re-weight or shift
the source domains samples to make them share the same distribution with the target
domain. Finally, the evaluations on several scenarios such as domain adaptation across

dataset, race, pose, and lighting will be presented followed by a summary.

WEENY: REMS, EL, ElTFPERNERITER, HAHEREIMR
5i. 2011 FBEFHMKEFETIXRFENEHRRIIE. 2014 F3R15 CCF L
FHETZMRTRURPREABELZMIL R, ARSI ITENN
| ERNIRA, TEXEARIAAN,. ZMES . FHEFS IBFE.
REFSFRR, HAXRRELRE TPAMI, 1JCV. CVPR, ICCV #1
FOEERERPTIS S EE. BEHEE TPAMI, 1JCV. TIP, TMM, TSMC. TNN %%
MR ER A

‘ﬁiﬁ;‘ﬁ TEMPLE UNIVERSITY

WERE : ETMRARERA

WEAR: I TEGPUENREZRSTENARRZTEEZEN—F, Bitt, ETHRAR
BF—ERT RN OIREZ — RiREFES RN ERX OB LI IR ERHEIT—
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PNEEEHNTE, AN —EFREEITRT, SRLTELNKRE, £EMRIER, URERIS
PRREEEEMZR. IE—DRE, RINSNMBRERERSFZMRNEANEZRBATRER,
UREENAERMTIZRESFELXRIN—LEEE.

HEEN: BERELTEVTFIRAEMEEFZE=XE, MMKFEL
oiEtE, SERBERIMAREME)FRR. MEEEXREX
FRIZURFEREETXEHRERR, =NEERRHRINEE I AR
BEEMZER. TEMRTEEFETENMR ., RN, EFEGMAN
REF. 3R 2003 £ ACM UIST REFEIRE, 2014 FXEBARFE
# & CAREER Award. IR{E Pattern Recognition EAFI|4%Z, CVPR 2014 1 CVPR 2016 4
RIS EE

‘ile’:Ml AREREIEXE

WERER : RHKRTESWREST

BERSR: NEZEIPHRRIRESRBLIENTSEHIERN, LSRN S T BT RF
FEEE, BIENESRMENNERERE . BIEAREMMNAREE S RS TE
%%, FF. B, EOZMEFSIA2INLEFEN, MEENEFEEN. AW, XSHIME
FEREETHIENE TS, TRt EbrEiE. RIREEHKRT (Low-Rank
Representation / LRR) 12!, EREEHIENZ FEREHSSEETSR, BTFZERES
KRR E F—RRIF IESR T NIBiL E 94 LRR MIGITERE, JK#E LRR YL E)E
RE—MRER T L, BN LRR PR FAF IER 55X, HE LRRYT REA T ARIRA.
ElgoEl E&EMEFNAMERE.

WEE T XSEUT 2004 FE EEBRBAFHFRREFF I, 2010
FHELERBEBAFHBINNESRARRRIFELTF . 2010 = 2014 F

= =] B, sREFMEETAY. ZEFNBEFAYERRE. ZERFRA
§/ 2MNEEL BRI, 2014 F£EE, MAEREETIEXRFEE55]
r Do BpE (THR, TEMRSUEEN RS SHENNE, FERERKES

SR FARNAREM TRAI ZHMR, £RIEX 30 K7, HPE—(EE T-PAMI K
X 4. T 2015 FRELEMAREMNFIARARE. £ Google Scholar 5| E1t+ 2000

FIRo
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hfEF BARXBEXEF

WEREB : What's the Insight of Self-paced Learning

WERZE: Self-paced learning (SPL) is a recently proposed learning regime inspired by the
learning process of humans and animals that gradually incorporates easy to more complex
samples into training. While several easy SPL implementation strategies have been
proposed, it is still short of a general paradigm for guiding the construction of rational SPL
learning regimes targeting specific applications. To resolve this problem, we provide an
axiom for insightfully formulating the underlying principles of self-paced learning. This
axiomatic understanding not only involves the previous SPL learning schemes as its special
cases, but also can be utilized to extend a series of new SPL implementation regimes based
on certain application aims. In the recent two years, we have constructed several SPL
realizations, including SPaR, SPLD, SPCL, SPMF, based on this axiom, and achieved the
best performance in several known benchmark datasets, e.g., Web Query, Hollywood2, and
Olympic Sports. Especially, this paradigm has been integrated into the system developed by
CMU Informedia team, and achieved the leading performance in challenging semantic query

(SQ)/000EX tasks of the TRECVID MED/MER competition organized by NIST in 2014.

In this talk, I'll introduce some of our recent developments on the insightful understanding
under SPL regime. We will use these results to explain the intrinsic reason why SPL can

work in applications with highly noisy scenarios.

WEEN: ZEF, #L, ARRBRERFEZRITFRBIBE, HS.
7£ TIP, TKDE, Neural Computation ¥ EFrEAF]S CVPR, ICCV, ICML,
NIPS HFHEHIME W ERIENLEZE. BEZ) CCF ALXSWIEFER
. SRR, 2016 F AAA RWEREFZRRER. HAIEERETHRS
YOS BURISIE. SHENME. SHEESRESEHTR.

Rakk LEBIZBEBKXRE

WERLHE : Video based Human Action Analysis: from Shallow to Deep
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WERR: AMENBTISIT AL RASE, NFFERE, FHEMS, FHEER, R
DB HFEIFENE T ATt BORI TSI T A DTN EE . SRS UREERE. 55
Ho, AREFANR T RNETRINFENSIER, 815 ETHREIEXSHIAERLERN
TARANGZE, BENNEHFHEMLTTE, URREHEME REISDHEMEETHIR
AEENRHMNESER.

WHEET: 7Rkk, A LERBRFEFRENARR, HLESID.
A IE+—FFET A 2010-2015 FFEEFRFIERAEZBIESKH

D

= HniE =S 3R (University of lllinois at Urbana-Champaign, Advanced
Ny Digital Science Center Singapore)iBEMiZRZF K. 2005 £ LE32E
)\ ®.

RKEBRFIRERRFITENM; 2011 SEHMFEILKZFE (National
University of Singapore) BS5itHEH TIERRETFM. HIHIE, SLEAEMRILMIAR
PEAARAREERHELS . TERRAFEATENMRE. ZEETE, 1553, EERFRE
BERBAHFRNELRERNLY 45 7, SFEFEHENZES(CCRHEFRN A XHH/KIGLX
13 7 (f514n: International Journal of Computer Vision. IEEE Trans. Image Processing. IEEE
Trans. Knowledge and Data Engineering. ICCV. CVPR. ACM Multimedia (Oral), He{E
HE—HBIIMEE LK 12 ). RELTH IBM AT T. J. Watson fft & 2 ZBiFi% A 2010 F££ Tk
ZEREESLESIE+K#FHKE 22— (Emerging Leaders in Multimedia and Signal
Processing), 7c/a%%18 PREMIA2008 1 PCM2011 &332, MK ICPR2012 HARL =&
55—, ECCV ChalLearn 2014 =% 5% — %, THUMOS2015 Action Detection Track 88—

RFE AEXEF
REHR : WHEBBNEENABETERET

WERAR: FIEKMHFEIHEMERMBT TERARRR. RBELADNEHREH BT
RABTZFRINEXRER. E—RRIFMNAAIEFIEHBRLE . TAHRE TIERNREREIE
R, B NHEMZZ—MERIELR, BB LM TAIAMREMNR T EAFHEHEN B S E—
NMgE—HRty. SAEREASERBEFSEERNS IR, BINE TR MmN A i
HARZZERUAAYT BT, XMERREZINGEHEBITRARKE, BERISNERNITA.
HAE MNIST ZUBBESIN DX ERENRA TR THUEEFER, ATURNNRES
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M F. BI—PBEIBEERHNEIIFERENES N A EEAMNKESS M, TRTIEHT
BEX.

HEENT: BERZLENTEARPOREYEZTIEAMAARES, 1§
T. F 2002 FREEXEMRNBHFAZELZNHELREBLHREFKE
EBETIZERmELEMR. TEMRAEDALNITE., HEHRERE, &
ZEIIRF. B4AFILX 20 & (E#5 Nature Neuroscience. Neuron,
PLOS Biology. PNAS & B HATI). E 7 Nature Neuroscience E% %
HOIRSCFTRE T B AT HEX T B (STDP)HEXIEIR TEX—duiE, 245/ 1500 &)X, =2
Lt E TN EETTEMEE.

iE¥ SIMON FRASER UNIVERSITY

WEHE: ZHRE—HFERMER

BREARS: DY FMEN M T ENOGEEZRHHR. TERNRGEERMNEREH
=FI RS LEREMHE R . L8 B RSMEEM TR AR ILEM T FTETLARE, FHm
MEYBEH FZAmME. EXERAT, EMIFRTENSMAENITYEHRFF. AMNFTLUE
BIEEXYFE—RMELIIFHITZE. 5—FHH, HRARRITEEEMH F SIS FH
B4, NBEAFEFEHIXIEHFEE, 18, UERSENELER, FEXNEMRE
BHITHREMEHINME. IMREERXTREYEG RS ENH TR ZEMERAR.
AREEZ GRS, BEafhit. ARBEREHGITFFENEHRR. BNsENBES
& structure-from-motion (SIM)F ERIFTIHR, HE—NE SIM EARE=ZHEE., = AMT
S AMREzhiEE. ARMSTEGAE ERRA.

HEEN: EELRMERARET FIAEUENREEIR. FELkqr,
EHMEE I KRFERIEET. T 2007 FEF BRI AFRIELFA,
F45r70TF 2000 51 2003 FE LBERBAFERFET R FM . EFHIH
SR ENM AT ENERS. ©F 2012 £38 PAMI Young
Researcher Award 1223, M1 & TR35@Singapore 3.t 2 1JCV.CGF,
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FH BHEILdXEFE

WEEE : MRBARERZEREET PRI A

=

AR URRAREXBEESNERSALETEEER, 2E86EXE. HU/BmER
FERREREMRRERE. KBVREEANTBAREAREZBAR THRAHR, REHIIR
BARSMERAFERE, ELSNTARELFERN—EMRIIE.

WEEN: AT UWXEAERZEIMEZIHL (AAFHX) BT
LT PEMNFRAKXRZBNCARBETRA. . EFl, HEPERE
Pl R A FRENHARAINEFELEHRR. EEARFRAERIRA.
WENMEREEZBREFETPONA. IE=4%k, EERAZTIMEL
® 40 RRFANIL, 73k IEEE B2 HELEXRMHEFELIRERS.
EIRf, H4 R\ TERBANFESETFNE,. BLMBEEFLH, HEARRETSE5TZM
ExRESEMARLZRITR (973 1% IH. EXREARNFEEGEXARITKME ., ESWM
H. RAEE SRR OFHEIAEF . toh, BEFEEEFREAT] Neurocomputing (Elsevier)
5 Big Data Analytics (Bio-Med Central / Springen@lE4, EFRMBSIIEFERESZER 90
KR, FH73 30 ZNEFRBTIKEER.

Emte LeMRXE

WEREE: A Light Field Journey to Virtual Reality

WEHWZE: Light fields are image-based representations that use densely sampled rays as a
scene description. While the original goal of acquiring a light field is to conduct view
synthesis and post-capture refocusing, recent studies have shown that light fields can be
extremely useful in other computer vision applications, including stereo matching and 3D
reconstruction, stereoscopy synthesis, saliency detection, surveillance, and recognition. In

this talk, | present a light field approach for virtual reality (VR) and augmented reality (AR).

| first introduce a brief history of VR/AR and my personal experience on the evolution of
their core technologies: acquisition, processing, and display. | then discuss the limitation of

classical approaches and show why light fields provide a viable path. On the acquisition front,
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| present several light field capture systems developed by our group and others that can
produce realistic 3D VR environment beyond regular 360 panoramas. On the processing
front, | present several latest 3D reconstruction algorithms that exploit ray geometric
structure and sampling patterns of light fields. On the display front, I show how light field
head-mounted displays (LF-HMD) can provide unprecedented refocusing capability
analogous to human eyes to significantly enhance visual realism. | will summarize my talk by

discussing challenges and opportunities of light field based VR/AR approaches.

W& ® I : Jingyi Yu is a Full Professor in the School of Information
Science and Technology at ShanghaiTech University. He received B.S.
from Caltech in 2000 and Ph.D. from MIT in 2005. Before joining

ShanghaiTech, he was a full professor at the University of Delaware. His

research interests span a range of topics in computer vision and
computer graphics, especially on computational photography and non-conventional optics
and camera designs. He has published over 100 papers at highly refereed conferences and
journals including over 50 papers at the premiere conferences and journals
CVPR/ICCV/ECCV/TPAMI. He has been granted 10 US patents on computational imaging.
His research has been generously supported by the National Science Foundation (NSF), the
National Institute of Health (NIH), the Army Research Office (ARO), and the Air Force Office
of Scientific Research (AFOSR). He is a recipient of the NSF CAREER Award, the AFOSR
YIP Award, and the Outstanding Junior Faculty Award at the University of Delaware. He has
previously served as general chair, program chair, and area chair of many international
conferences such as ICCV, ICCP and NIPS. He is currently an Associate Editor of IEEE

TPAMI, Elsevier CVIU, Springer TVCJ and Springer MVA.

RER BHFERIXE

&R B : Discovering Visual Patterns in Big Visual Data

WEAZE: Motivated by the previous success in mining structured data (e.g., transaction
data) and semi-structured data (e.g., text), it has aroused our curiosity in finding meaningful

patterns in non-structured visual data like images and videos. Although the discovery of
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visual patterns appears to be quite exciting, data mining techniques that are successful in
business and text data may not be simply applied to image and video data that are usually
described by high-dimensional features and exhibit spatial or spatio-temporal structures.
Unlike transaction and text data that are composed of discrete elements without much
ambiguity (i.e. predefined items and vocabularies), visual patterns generally exhibit large
variations in their visual appearances and structures, thus challenge existing data mining
and pattern discovery techniques. This talk will discuss our recent work of discovering and
searching visual patterns in image and video data, as well as their applications in image

search, video surveillance, and robotics.

\ WEE N : HNEEFETAEES 5B FIEFREIEIR Mo 8
——m FE. FTERRTBEFETENME, RS, MR XBFECRSIZHE,
\\ :,“;\ AZEZ. 5331F 2002 71 2005 FLEHEARRHEA S R HT MK E 7 A%
R~ I RETRMETEFENA. 2009 FELENTEERILKE, REVNSIHTENR

\ FE LB, IEEE Conf. on CVPR’'09 Doctoral spotlight award, Fi¥
I8 T K% Nanyang Assistant Professorship. ¥{{f IEEE Trans. on Image Processing, IEEE
Trans. on Circuits and Systems for Video Technology, The Visual Computer ZHAFIEIE 4,
BEZPMERSIWAN SRR EFERTIRER

‘%&%‘JE ERAE

WEREH: Online Stochastic Linear Optimization under One-bit Feedback

WEAZE: In this talk, | will first give a brief introduction of online learning, including
full-information online learning and bandit online learning. Then, | will study a special bandit
setting of online stochastic linear optimization, where only one-bit of information is revealed
to the learner at each round. This problem has found many applications including online
advertisement and online recommendation. We assume the binary feedback is a random
variable generated from the logit model, and aim to minimize the regret defined by the
unknown linear function. To address this challenge, we develop an efficient online learning
algorithm by exploiting particular structures of the observation model. Specifically, we adopt

online Newton step to estimate the unknown parameter and derive a tight confidence region
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based on the exponential concavity of the logistic loss. Our analysis shows that the
proposed algorithm achieves a regret bound of 0(d+/T), which matches the optimal result of

stochastic linear bandits.

HEEN: KME, L2, 2R, H5F 2007 £ 6 BF1 2012 £ 6 A
EIRFRIFFIMIFELENM; 22T 201156 BE 12 A,
2012 % 8 HZE 2014 £ 4 A, LUARIZEE., HXESMEEEZERM
MAFIFEMR; T 2014 F 4 BMABRAFITENNZESHAR. £

-\ EWR A EARMIRNFZZ I RML, EERFERSWAEH E&FRIL
40 &, BIETNRSWNFET] ICML, NIPS, COLT. AAAI, ACM MM, AISTATS. TPAMI,
TIT. TIP. TKDE. BRI AXFELRIMEFE" ERAFFIEALZHITRI 5 26 & AAA
ALBERSW SRERFRE

KBR HENFRLESESREMRR

WEEE: NERIREESLE

WEAE: VMEZMEHEREREMANG, ERUERESHURAHE ARG AT IRE R
BRBEES, MERMIEESHITHLERN S LR TAIE, MTNERART MR R
Fr. (PNEMMERP AR 20 #RLE IR INAEGP AR TR, XELIR
FEEF B AL IBRM B 15 B RA R T R A MR AT A (RGC) fRiBRIAMK. XL MR
SUEMENIREE R EERAEBEL, MENNIRBINGNTREEZRSHTED . FFT
IEFERX FENARIARB—NEENR, FHCRIEATSLI0E ST M AR E 5 4T §ERY
MR,

HEEMN: KBER, 1972 F£4%, 1, HEPERERLSESHNERR
PrHARZMRAMRR. 1994 FEA FIRAZEGRFFRENTSF
EMER, 1997 FTIRXEFRE UMD FEDFMLFEN, 2004 FF
EEMMNRZEZIERSRREGESZHFELFA, 2004-2011 FEEE
B ARFRMZRONEFTERSR, 2011 FREFRIRHER FHRA
MrR. HXESIH. FEERABEEMD FEVFZH AR RN MBEREIREAI N6
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TUTORIAL 448 B i & & 9 (32 H A BT 8 IR F)

KBER KEKAF

wEHE: ZREFIENREETENREPRINA

WEHE: ZRFIFS (multi-instance learning, MIL) #2i&TF T. G. Dietterich #3% (AAAI
MEEE) FARMEAYEETNSFENMR, E3E-+FNAR, HERANEZEIM
WHM—RKEEFIER. KRREFEENBEZRAZEINERGFLELM/E X, THE LR
FIMEKMAREIM, HEHZREZEIETENRT PRI,

ERER: k¥R, FEXFIHENNESTIREFZRBUT. 751F 2001
. 2004 751 2007 FTEARKFEHENRESERARRREL, GiLFHE
TEM. FERRTUIANFFES . BEEZE. WEFEALSEZSN
FBEIBTERBWPK, PEHENESATIERSENRINEERERE.
$84E {Frontiers of Computer Science) 45Z%, {Machine Learning) . (%X
HEIR) FEREHRE. NIBIE(E PRICAI'L6 F2FEFE. IJCAI'L5, ICDM'15, ACML'15 FE/R
LWERIEFER, UK AAAI'L6. NIPS'15, ICML'14 ZEFREINIEFZER. 3% NSFC iF
BERNFEE(2012 F), HEBHHLEHE AT ZFHITRI(2013 F)F.

EMA LR PEKEF

WEER : ZRBIFIENREETENAZFHRA

BERWE: L% (multi-instance learning, MIL) #JEF T. G. Dietterich 3% (AAAI
MEERE) FARREAYELETNSENMR, SdE-TFNAR, TERANFEZEIM
R —LKEEFIER, KAREFEENTBEZRAZINERSSLHBEE, TTLL R
FIMERMRC, HEHSREZIETENR M BIK.

ER{ER: Xinggang Wang is an Assistant Professor in the School of
Electronic Information and Communications in Huazhong University of
Science and Technology. His research interests are computer vision and

machine learning.
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He completed his Ph.D. and B.E. in Huazhong University of Science and Technology in
2014 and 2009 respectively. During his Ph.D. period, he visited UCLA and Temple
University where he was supervised by Prof. Alan Yuille and Prof. Longin Latecki,
respectively. He also worked in the visual computing group in Microsoft Research Asia as an

intern, supervised by Prof. Zhuowen Tu and collaborated with Prof. Yi Ma.

Wt AR BR
WERE: REFIJHREN

BREWE: BHENBREFINFES AR, 32 ERMENEETHENRERZE
FEMEZHRR, HMNHENNDITRRRENESHLNTE . BRMERMYE.
ERER: Litk, #t, bPRRHTERMRA. XS, PRRE
REENEESXIEEERZEFE. FENFTHTENATZ. EXIRA. #
BEIFHIMARIE, FHANREARRABXNHARIE. 524K
CCF A £ 50 &5, £IPiL# Google Scholar 5| F 8200 &K
Fri&38{E3d ICCV, ACCV, ICPR, FG F%MNERRSWAIMIEERE (Area
Chair) , I{E IEEE Trans. on Image Processing, Neurocomputing F0
Pattern Recognition Letters FEFRFATIHHRE (AE) . HRAARZEIX 2005 FEERR
RS ZFRM 2015 FEERBRABMER _FX. #E 2012 FEEEEMNEFRSHE, 2015
FE CCF EEMFRREE.

RO FLUXEF

WEH: LSTM and Its Variants for Visual Recognition

WEME: LSTM Recurrent networks have been first introduced to address the sequential
prediction tasks, and then extended to multidimensional image processing tasks such as
image generation, object detection, object and scene parsing. It has achieved a big
breakthrough on solving kinds of visual recognition tasks benefiting from the long-range
memorization of LSTM networks. In this tutorial, | will first introduce the LSTM networks and
its variants, and explain their interesting and powerful characteristics in sequential tasks and

image processing. Especially, | will focus on explaining why LSTM networks can effectively
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boost the hierarchical feature representations for RGB and depth images, which is naturally
complementary to CNNs. Then | will mainly overview the techniques of extending LSTM

networks to kinds of concrete visual recognition tasks.

B R{E8: Xiaodan Liang is currently the final year PhD candidate in Sun
Yat-sen University. Her supervisor is Prof. Liang Lin. Before that, she got
‘ BS degree from Sun Yat-sen University, 2011 under the supervision of
Prof. Liang Lin. Her research interest focuses on developing effective
deep learning algorithms for object detection and segmentation,
semantic segmentation, object parsing, clothes analysis as well as medical imaging analysis.
She has published over several IEEE international conference and IEEE journal publications,
including TPAMI, TIP, TMI, TMM, CVPR, ICCV, IJCAI, ACM MM etc.

XIBT RSB E R

WEREE: CNN ImHA R RSTAHI5

REWRE: RESHHENEZIREFIFRE LTS Caffe EL&mAITENMREIUHAK
TR KIREHELEBFURE SRMEMENEMIBILSIAAERER, HNEBFRRE
FIJHESE Caffe RUKADZEH), SCAIGSHIBINGEYFE.

ERER: X, PEMNFEFRITERARMRHAARIRAARAE L HRE,
FIMLtAARR . ELMBEEENEARIRIISREZIEANRRS
TN A . (EAE—FAHFHFIE—EHIRE ICCV 2015 FigfhitsE
FIZE, ICCV 2015 XHEMHRAFTEEEM 2015 FEMERNEE
GREZZEDREREE

‘Eﬁ% EPMNEXRE

WEFHE: &£7F Torch7 B9 CNN/RNN 4mig i {EE

WEHWE: Torch7 FET Lua/C++ HIEESHREF I FFFER, HFR GBS TRER.
EHRESR HEXFRFEF, BFEREEFAFMLUFERTI ZHNA. KEREFN A
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Torch7 H9EAIEL . BURGEHMMERIEIE, LIKER Torch7 #£3# CNN/RNN B5ZE5#H
15, FIENE Torch7? FRVGR A RIZ T EUR—LL ARG,

ERER: AFYX, £HPREXFHTFEESEEZKELE, SIFEH
Hi%. BXHEFERRABEIFEFRCEIRANFM=HERR . UE—
£ 57 CVPR, PR, ICDAR, SPL Z£iHATI F &R, HE

|

SRS o . (CDAR 2015 EMINRIEE FEETE.

A RMERTILERENBRERHFTHI)

BREFE PRI ER

ERER: BaE, B, 1983 F4, IFEmEA, PERFITERARMR
RMRER, BMTESIN, RETEXKREF(E. tHESREZANGSGTE
FREENMREFINEHRZRLE. EILZH], NEEFCESHOMEZT
E+&%, ZEARIESE T EREDLHIERNIZIT. MEBRE ISCA.
ISSCC. HPCA. MICRO. ASPLOS. ICSE. IJCAI. Hot Chips. FPGA,
IEEE Micro LAK 8 # IEEE/ACM Trans. ZEARNZE ARSI LA R 90 B BRaFRE
TEHEERBANZEESNEETFES". ERBERAAUNEERIAL". FEHENE
SEERFREURPRREFTEANAE, NiET MIT Technology Review iFik#) 2015 F£E £
Bk 35 UNRHBFOFE. WIEANTATFRRAZNRE T 2B FFEXAS"FFRERH
XBENAS RS,

BER 0 E K EF

ERER: DEMNIEHMEEMLXZBRFSIHENTRERIEHRE.
2007 & 6 A FTHERIERAKXREEMNMULR, RELFU. 2014 F 5
o BTF#HMEEL XK FRBEFSIHENTEELFA. 2014 £ 6 BZE 2015
\; j F 10 AEZEMNAZFERZFIRBFIESHENRZREELEHR
) KA. TEMRAESIHENAR, REFS], NEFT, £#LFI58
%%, WEE UCV, CVPR, ICCV, ECCV, ICML, NIPS ZitE#H#l5 54885 ST
SWEERILIL 50 KFEo.

-~ -
D el 2 o
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‘ﬁﬂﬂ?ﬂik REXE

ERER: AR 2007 FEFTEPUARFZRGENLEHTEZWIE
TE6, AREFEREHTENZANEELEMSR, 2009 FEREHZE
4, BHlZ vl'%M’%mlJﬁﬁﬁtmo b BB 55 SUB B3R A TAREE PR4E AN T E 4
‘ A 2RE, TEMNBEIERMCIERTRESALE] . IeEM &R &

A (fMRI)ﬁq:ﬂ\ TARMB AT ERBEINEF., £ IEEE Transactions on

Neural Networks and Learning Systems, IEEE Transactions on Cybernetics, PLoS ONE,

Neural Computation, Journal of Neurophysiology, European Journal of Neuroscience,
Frontiers in Human Neuroscience FEPREAT] L& 3RiIEX L) 20 B, b2 IEEE Transactions

on Neural Networks and Learning Systems BJ4sZ (Associate Editor)

‘B’UJ@. EREBIKXE

ERER: XE, L, ARBIXRFXEBZRAR, XFTE RHLT
BETE SN, SAREZEMMAFAEZTRIR, EETEETHFRIAR
BAFEEAFFRERR, TEMROEEFEELIIES1E@RIE,
BRAANZELRITENMES, BRiEHFERBEZETL, BxRe
AREZRITRI(863 IHTXNMERBEAMEEEEFLTIRMWARTIE, EEMBEREARRIYUM
HIT) 2 RIS+, B1EICCV. ECCV LUK |IEEE Trans &, HiEELF| 30 £T1.

Yk&HFLE UNIVERSITY OF ADELAIDE

ERER: RMEEETIERAF LMEREXF T ENMNZFRHE
(Full Professor). 2011 Z BI7EERAF L EZRE 2B R AR EIERISE
=, Richard Hartley SiSHYHBEHMEETIEIL 6 F. FRZIAHHR
2, HFEEERFRFARPHFISIUELRILT 150 &KE. SXBEEEERRTF
£ (ICCV, CVPR, ECCV #)I2FZE 5. 8{F IEEE Transactions on Neural Networks and
Learning Systems ElF¥4w. MEEMRAFGERBLML), BAFEEILRFEI)FES,
HEMERERAFRETENARTFENELFM. 2012 FHRRFIARESTS
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(Australian Research Council)#%-¥F Future Fellowship. BRIEZENESHITHEFIUKLITE
AR s SUB I T

B SFU

ERER: EEEMEXARETFIRFIHENREBIR. ElIbqH, it
EFMKE N KRFERIHER. BT 2007 FEFERTAFRIBELFA,
F45r30F 2000 51 2003 FE LBRBAZRFT R FM SR
ROUERITENM eI EVNERE. T 2012 F3%%S PAMI Young
Researcher Award 2% 3, AKX TR35@Singapore . ftt & 1JCV.CGF,
MVA FRENRE.

‘ IFHE M MARE
' ER{E8: Jingdong Wang is a Lead Researcher at the Visual Computing

Group, Microsoft Research Asia. His areas of interest include computer

vision, multimedia, and machine learning. At present, he is mainly

- N/ working on image search including interactive image search, indexing
*~ and compact coding for large scale similarity search, and visual
understanding including (fine-grained) image recognition, salient object detection, person

re-identification, and image segmentation.

He has published 100+ papers in top conferences and prestigious international journals,
such as CVPR, ICCV, ACMMM, ICML, SIGIR, TPAMI, 1JCV, and so on, and one book. He
has served as an area chair in ECCV 2016, ACMMM 2015 and ICME 2015, a track chair in
ICME 2012, a special session chair in ICMR 2014, and a program committee member or a
reviewer in top conferences and journals, including CVPR, ICCV, ACMMM, NIPS, SIGIR,
SIGGRAPH, TPAMI, IJCV. He has shipped dozens technologies to Microsoft products,

including Bing image search, Project Oxford, and Xiaolce.,
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"E BEXE

BERER: RARELT 2001 F51 2005 FHEFERFRARKRZREZLM
HrHiu, BREEERAZEFEFEEIEZRAI (Chair in
Computer Engineering). &% # %S AR MNAREE . BB XKEFEM
\ ’dr EXEFRULTRENERRITE HEMMEREFETRZER SRBUT

‘ AR SIS BT ENIG,. SHRAESLE. NHEFIUREZE KL
IHESUN M TEERM. RFEZISZTE IEEE Transactions 4K 7T 60 KBTS TMZ &
EFrSiiese, EhmEILSCT 2014 551 2010 F£ 2 513%15 IEEE T-MM HER TR H IEEE
CVPR BR{EFAWE. B EZIFTEHRIEIE IEEE T-PAMI, T-NNLS 1 T-CSVT FZ REATIH
%, ICME #1 VALSE MuS5FIEFEZEMTR)IESEZRASKRA, UK ICPR2016 Track
Chair #1 ECCV2016 Area Chair, %$B{E IEEE T-NNLS, T-CYB, T-CSVT, IEEE Multimedia,
IJCV 1 ACM TOMM ZF[EFREATIFIZEEE 4R, AKX ICME 2014 FEFZERShEEFEF CVPR
2012 Area Chair,

HER ARXEXF

ERER: IFEL, HE, KIFEFRER. IERLXBRFEAL
B SHBRARRANERFERATE. TERROUBI AN TEELIER
R T AFEIMERRAN R & REiEH] . NIEFEEBE I Mt LME AR,
FARZBAZBE AR FEEIR . FSERRAT IFIRFA ST
Xl. 3R |IEEE ITS ZEAREMREANR, EREARLXBZFL, SFERNBFNEMEHRRE
RBF—FL, RELETERBERERG., §&FXEZE (Statistical Learning and Pattern
Analysis Approaches to Image and Video Processing) (Springer ik, 2009 &), FEZAR%E
IEEECH) (TIP. TSMCB) X PR FEFRHAH| K ICCV. ECCV. ACM MM, DCC FEfre
WEFRILL 100 RR-

P ® HKNKEFE

BERER: %, RINAFHRIMFE IR, HLESF, 2EEREMEREE, HEIBH
H2EHFAA, IEEE Senior Member. FENFEREFENIESN A HF BN, THEER
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BAMFEEE. 863 IHXIFHMH. EENMARBILT 100 K&, &
B, IR RS A AUEHATI) IEEE TGRS/TSMCB/JSTARS/ISTSP,
ISPRS P&RS. PR. RS &% % SCI 3 45 &, ik 2014 £ ESI #m=
3. RENSTHRZERRES LS AR IEEE MHEHMESERFS
: W (GRSS) 2013 FEHERMA ARL E (3 50 RS ERAR). KtERE
BREH 31; SKBILEBANF—FR, HENNEHAL —FL,; NEHBBLIFHENE T
5. 1% IEEE Journal of Selected Topics in Applied Earth Observations and Remote
Sensing(IF=3.026) #1 International Journal of Remote Sensing (IF=1.652) #i ¥ & & %%

(Associate Editor) -

PANEL ER{EER

‘EE%E o J RPN

ERER: T (Harry) , &MAEXGBEMUA, ELKTIHARRENAIV]
B, BIEST R AL SR RHE A VRIAR = K45, 2 F 44138 A \Rokid,
RELR, BEERHTFARINRERESE. [§ Facebook HEFEHE_MT
FRIRFNE— (I & 238 . #T News Feed #0 Social Ads 5 &, BidEilEk
MRS, AT AREMABEER. FTAKSITE, SHMFI CSDN K
CEO Fijal, (3$Ti& Facebook) #ptEB1EE . BB AFEENZFMIREL WML, #MIXFE
TENZEL.

mar Ans

ol

ERER: BEEn, ENAEENEERARNEBA. EFKFKCEO, &
HEISE, AN EFMEGEZEMEAIR 20 £ . REBEEXFITENZ
T\ W+, GEZXEHENELFEN. BEESTHAEAMAREEMR
RR, TFBHARKEERE . “FIHEE AR RE". ‘AR BRER"F
W3R, 4 A 3 XHRE AERAE, BESHE—REFHRRPEARFESRK.
B 1996 FHANANMKZEZ W, 3R 2001 FFEXZMFMLTIR R, MEEFEF LI
ACM IUI 2010 #1Fi8r%¥, ACM Multimedia 2010 SERIIERE (£IKAT838) - AR B
SR7 MIT. UC Berkeley, CMU, UBC FttREZZ[FFIAMRERELARG. £ ACM
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Multimedia, ¥R ANMNXEFSFEREWHELIBE HESFR. BE, 2011 £F IEEE
CBDAR Efr£il. FEIZEAANZEZARESH R Keynote Speech EFE. 2015 Aik
FLEIRTF AR (Bk) " ERFEER, LT TAUK FEEKR, HFEEAEREET
KEFRRHER.

BB RRRE

ERER: , RIFERKAMBA. CTO, HLENTFEEHRBERF
ﬁ%ﬂlh%,%ﬂﬁ%ﬂﬂ CHIZEHFGE. 2010-2013 4], REH
AT ARSBARTIERRAR . EILLHE, BREBEITRERIERS
PEGACEERENEITE, URARRESRERANZOM LK. BiEH
RRAABRREEES M REG S TLEN T ERERIT

ERER: B, BEREFISUEMFER, ARRANGFEEARGER
A, BAE+ZEMHENARAENM ALK, AFTRNTRE,
BILTIHRER . HEAMEAEANRIRR] . OERRA . B e
s hEF. FOEMLNEEZBRIRAREEE LFW A1 FDDB A HEER

A RGFER

RN

ERER: ArlE, #L, XEUFTENMESE. FEiETEERN
BANREMITAR, TIEGIHK IEEE it AR RIS RIEERE. 2012
FEMRT 2RI ANITLRSE--KBEFH(DI), AFREZTENARL
HEXE, EERTFEANZMFERABRENGEN. SEES5%MEL
CAHESRIEREITSFEL, EPEELRE—REANIEMNESHME
R -- Guidance AR E£IkE—REBS RN SMEENIRIEERR I AL -- Phantom 4 55,
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‘%‘l’tﬂﬂ FIE

REER KA, FIE (BEKRHE) KAatRA, CTO, BAhTEIN

BFURMBRES LEFEAESNERKMBFERIEA, =IAFMBUE
REM K2 HE. AUMFEIFEZH], KAGEMNEEEESRE~m,
SKHER . MRt ENEEERAR FRZSIENRE; TSMERES
mitk, BLHZHE@E, EUSHE, BIESNEm, FHRAMETTT
RIS ; ESMAMECERENBHL~m, 58, EX@F. KAESWINERBBENS
EARRE, BEER-WebEx EF—RINNER Mm% TAEM: EERENL"m
ZRASK, BRGEEFmBZARMELNE, SARF—KERRSLELIES, #EHHE S

BT E
d’h

w—A BRI

EREER: #—AEL, B XFRGENEELEL, BRAESE
A, CEO.

‘$HH5‘§ B &R

ERfER: TR, 2014 F 4 AGZEERE, £ CEO, T ETEIKR
ABEARMREEH .t RRER T4 H5KREZ, 2005 FMABERT L,
T AYERAMTIEL EESR~m QQ BiFe, MMM meliEAZ—,

‘Ehﬂi‘ﬁ ERZE s

@ ERER: BER, SaRENITHARLE, REFIJER. HlTFEE
S K BTN RIRRIFI R R, 130 & 6 A BB A% B T4 Xbox,
How-old HFH &= &M, MKREK~M How Oldnet EHIZAHRFR. &
CVPR/ICCVIECCV FHEHNMEMARWARIEXTRRE, HP=F
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CVPR XA ICCV i FREOKRERE (GEWE/) 5%) .

ITiE 2

ERER: T, BAQXAKEFUIHSRZE, SEARBFIFEFTR
ERARFLHATA. ABRANE SBEB. MAUHEFRASE~RE
AREEMBEEMR A EMNITE, BEMREIRA Mm% m RS~ m
. RIRHREREEIESRERR, HMESTMIENEARBANSERT
, WATRAIES R EREN, HBOTERBSEAN~@ELIH. PAE
BiRGuE: BAESLE, IRFES]. EERS. BXER. NNSE8S.

KEID WBRIK

ERER: RE, WHREEKEABA. CEO, MAhTHARLHE
MBWHEA, UNTXMEFNLIT. EEzF], REIPARFRBE
MEpEbTIc, 2011 FEAARFFREFELIRH, RERS T RFRHX
HIEPKERANR, HEFARERT, TEIREIMERRBEDK,
2014 Fi AT EMREMHE 56 Bl HEEItEMIE A= KTFE. 2000
FLSK, b&ERT 10 FEFARIL, W7 24 MEEEF, 10 KBIRAERER, TF 14
DfFEF. PAEN: BEBFEVEENZRLREN, SHBETARALTENRATES, B
RIS BIFTRIFFA

XIE & MINIEYE

ERER: YEE, Minieye 8l AF1 CEO, FmMiEEFIB T KFIHEN
TiEEL, #E 10 KEMARIECH 9O MEAIIMLBEF . 2012 = 2013
£, EHTHFMBEBA (MDA) MEFE T AFHALENSRE W
BN ARFARIRE . 2013 LF[EE A7 Minieye, wHHA=+&&E)IE LM
MBETLIZIERRIEN, BEMLFBMEBAMREAR, HiXBIEFRFHK
. BHEI, Minieye BEMARRENEIZE, H 5% OEM, Tier 1 £
Ry T EEXR,
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‘ﬁf‘iﬁf{ SIMPLE EYE

ERER: REK, DSTEASETE, JUE Simple eye TWERE -
A, BEIEEN. ERZAEF 50 2T \&

.4; :

‘SHENGMEI SHEN #%T

B=E{SR: Shen Shengmei, now is General Manager from PRDCSG
(Panasonic R&D Center Singapore). She was graduated from Xidian
University in 1984 and obtained her Master degree in 1986 under Prof.

Bao Zheng and Prof. Xie Weixin in Xidian. She worked in Radar

Research Lab from 1986 to 1988, then went to Japan in 1989 to work as
Technical member in Fukuda Denshi.She entered Panasonic research
Lab in Singapore in 1991, worked in image & video coding and processing in the past years
to contribute to MPEG standardization with many patents, and made the lab as well-know
MPEG Lab in Panasonic. She also worked in digital rights management for couple of
years.In 1999 a new research team in Image Recognition was set-up and now growing
stronger and bigger with her vision and leadership to focus on deep learning related Al
development, becoming a pioneer and well-known Deep Learning center in Panasonic. In
2007 a 3D and camera processing team was also set-up to strengthen future entertainment
and autonomous business together with deep learning advancement, to aim for an
indispensable lab for Panasonic business.So learning with geometric and signal processing
foundation combining with Panasonic excellent sensors would bring many changes to our

life, which is new Panasonic Slogan “A Better Life, A Better World”

SEEE ZERT

ERER: LEELLTT 2002 FENTHERFMRERARSLFELZM. WRSFES
A, BRIESER, BXNiR, NRFEIFALERZROEARMRMNI & SilE 15 FrfE), #F
BENENMRIREOIZHE, BRARANT LR, EESEREA~mE—RIEAH L TE,
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2002 &, SPEFELTHAZREARAR, E 2009 FEZARARILR
Lab S& Mz E—E. 2009 £ £ 2014 F(8], EF=ER FHEMARKRESE
{£ Team SEBEARRBE—I. 2014 £5 45, PEELLHEZEETFH
,‘ MRBEFATEAR Team SRE2HE—R. =28 FHPEMRBKILT 2000
BB =5 5, NEWEAR 700 &%, TERATHERRG, SEHELE, A
B 1 E, SHEANE, BB, T—RERE MRERSEHRANR

R5HH.
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VALSE f& it ——F KRR 5%

VALSE £ #£F 2011 &, £ Vision And Learning SEminar &5, Bl “4L/REE” 2 &,
EEALIKTENIG. EXRA, NHEFS, SEERASFHEXTEMEATEFZERE—
MNEZE, BEHNZERTRES. L& VALSE HEEMERHRITREPE T ENM R SHEF
TG D —PMNAEABTFEFEAETHNESUERZTRES. BELETIt, 2011 £47, Wit
S BN XFLMBUKRIERFHE T A E— MRS ZE ITHEATEZEMTSHIRE,
ZRIZIESATEELR. #KR. BEE, SRFEEFENRNIE. Ak, EEURSZE
IEEFEMITST 2011 4£ 4 A 8 B-9 HAEMMBEINZT. G, TELEA LTS ER.
XEFW, Bk, TELSHETTLHMET VALSE X—&#R. ZEHILMEELREE., &FE
FEE T VALSE fEA— N EARMEXAELAFENF L RAK, 1FRRASHEHESEZERSIRR
G DURE R FEZE R R N

tfE, VALSE X7 5lTFHE%Z. MR, 8. RBBATHRKRR, BRAKIEHZIN, &
NEHERRE G0 T Panel. Poster. Demo. Tutorial 15, &2 ABEEAILME T 700
AL E. EIRT, JEFAR T LS, B, XIE LW, Bk FTEE. BEE RE. B3,
BE. &, B¢, K. . B A% 15 25FEFEERMNBESERS.

ABCE VALSE RINFEMITS, VALSE FEXEAZ—WiHTF 2014 F£ 6 B 18 HEl
T VALSE Z W EAR3% QQ B, Bl VALSE A Bf (2000 Ai#) . b/, ZE4iFET VALSE
B # (2000 Ai#) . VALSE-C & (2000 Ai#) , BH#I VALSE-D # (EfS: 481109645)
B4 400 KA. N T —1 8T 6000 AN SF I EFEFHEELMX.

B 2014 & 9 A2, k¥t VALSE QQ #HFIA QQ Bf#sNIIEE, VALSE FIREHZEN
VALSE Webinar ZARESR, LA, ERNEEZER, BASTEEENEMLIEMER
BHEENABEEH RSN B EFZEMMARE . VALSE Online 245 B 2/ 150 KIARKIE
KERRE, HERTEMERNLIRE . EHRIE. ZhRE. Panel 1118, Flll#ERN A
FRNSHNELER. FHIIRALMETEFZENFRIGREG (ABUKR. TN, BE3X.
BEE. LB, K& KE. Philip Tor %) , EAKXHEE T VALSE Online &R, EiF
SEIR G| T 8T 300 A&, SUEaREEd 650 A, BHER T — MLERE. £5FS
W, EHESHNESFARIRES. VALSE Webinar FR3REHMSIAT LUBIE B ENE
http://www.igiyi.com/u/2289191062 FFA] \iIX B & MZE: http://vision.ouc.edu.cn/valse/.

VALSE Online @ 5FFEBAE. BEENES! EXENNERET VALSE 88EA
LSRENA DT, EEAFEHFME VALSE Online ZB48HMA . &R AL S, #
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RKEZHFEFESSTHXR. 3288 (EPREXE) | 2EF (ARXBEXRE) | 12
FREA (A KRE) & FimiK A*STAR) « &2® (CMU) \ B (FRIR) Bk
(PENSFRE) « EF (BFREXRE) « EhE (BFR « @xlx (BITKFE) « KIKH
(BEILF) <, #79 VALSE Online F& AT T K80 . 5 T EEFHbZAZA VALSE Online,
VALSE %25 < (VODB) #1 VALSE #EZ4ZES (VOOC) AIMERR (BREN:
http://valser.org/article-90-1.html #1 http://valser.org/article-117-1.htm!) #H4%m3Z, 80 K&
BEZERRSER THXERAR

*F VALSE HE % {5 2151/18] VALSE B FT1: http//valser.org  (FRIBIH P ENEIFX
FIEREIRIERIZTE) - RIPAKFAEXE VALSE MIEAAXS, &F VALSE MR#E
2, HFAREMINmE “P&” (VALSE RI/ERAIEN) , THRASISSHEEZMBIARER.

OpA= 10

B S, BATBERSLERA SR VALSE SEEINAEL AT, 61F: BE. =XE.
BRRE, KEBUH. FIFE., BERL. BEREMAE Top+, %, WFEREL. Minieye, Simple
eye. MTHFMEMELZHL. XBESH. =2, £H, 80K, B, B, RENEF.
RRighix L N RIR S SR AFNEEZR A %5 Eh VALSE MR 5, B ET!

PR EGHIEISEE BT A E VALSER ISR, LHEAZESKESE VALSE
Webinar iR & SRIZIFMEZE], BITVRREE! 55, BIGHEEER =, AHF
MEEERER, BFIEEM R EFITREAZARZRAES, AXTHN~FZM L RERE
FRVRHIER . CEIRGEARMNESTUR, &5/E3), HEIEFEHE, UEHERKNELHF
A KR MIFARSS .

N
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1. 4 B 23 Hi%_E/Y Poster #1 Demo I£75, K&SZHET light food, DA SSERIN
RINEREY) (KT AME %, MEMEREARE, BHRR ;

2. SWHABIAXRZFER TR ENTUK, BEIMESRIKER 2 #E2HANBEE 9
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