N ;‘%E 201 72 EERERAERARNAX
y A\

BHH St BT !
2017 £ EEERERANERARAARIET201761 1 AIEILREH.
SWHE

B2013FhERFFERMIEN T 4E 2 EEFEGLERANAASETELEEFEGLETEIFR", &
WEEXSeRFNFIE. Al , PEBFESHITF2017511 BREFEI LTSN 201 7E2ERGERAIERA

NMAASE2017HERGEMANETREIIFS” , FRSWB/UBASRERBENFE BENES , EEHE—20

SREGERANERARN BRI ZE, BRERleE. HATESNATIEBIERNEE , B
HNEREF AR ARIHE SNRKFAIKERRE | LIBES MTUARER. REXFIUENNT

—. ASEHR : EEARBE RENAEED

. EEts : 2017511817198 17831RE #1s : db=
=. X&BRH -

TN PERTEER
WSS | PEERERSR . ARBEMNESRTEESR. MRRBSATEE

M. XSERE : KER FRIBHER

h. REXRA
1R | ASRBIEEREGRERIAMERATENES TR | MEGERAMER AN AR MHER

==
Mo

2 EfER | BIsEHRE AR RAAESHIRAT | SRR IEEGRERARATRAIAFTMR.
FrRAITIAARE.

SASKRRAIFAR. #irm. FRARARIRS

7. MBEASRSE

178 B : &

REA : BFEE ERERFAH
27 B : METERERSER



REA  BRE PERNZEREEEARARR

# E : EERSIOKEMERAZISINE | (BRI SEERNRER R 2N, &k, ER. F
REARBRFTRWETE , FORBIM. FHXE. BRS=AMTHE. BRI TN
B, EXERHRE  RRMEZIRER. EEEASITHHIAIEREAERRUNRARTTE , #31
TENREERENECNSIRBIESR.

3. H : Visual Question Answering with deep learning
BEA 81 8 HUMNEBFRIRAEHR

¥§ & : Visual question answering (VQA) is challenging because it requires a simultaneous
understanding of both the visual content of images and the textual content of questions. The
approaches used to represent the images and questions in a fine-grained manner and questions and
to fuse these multi-modal features play key roles in performance. In this talk, | will introduce a Multi-
modal Factorized Bilinear (MFB) pooling approach to efficiently and effectively combine multi-modal
features, which results in superior performance for VQA compared to other bilinear pooling
approaches. For fine-grained image and question representation, we develop a ‘co-attention’
mechanism using an end-to-end deep network architecture to jointly learn both the image and
question attentions. Combining the proposed MFB approach with co-attention learning in a new
network architecture provides a unified model for VQA. Experimental results demonstrate that the
single MFB with co-attention model achieves new state-of-the-art performance on the real-world VQA
dataset.

4 H : Multi-modal Learning towards Micro-video Analytics
BEA - EflE WERKFE

¥ = : Bite-sized videos enforcing the shorter-is-better strategy, are taking the social media world
by storm with the rising of the micro-video sharing services, like Vine, Snapchat, and Viddy. Micro-
videos can benefit lots of commercial applications, such as brand building. Despite their value, the
analysis and modeling of micro-videos is non-trivial due to the following reasons: 1) micro-videos are
shortin length and of low quality; 2) they can be described by multiple heterogeneous channels,
spanning from social, visual, and acoustic to textual modalities; and 3) there are no available
benchmark dataset. In this research, we build a large-scale dataset and attempt to solve two sub-
problems of micro-videos: venue category estimation and popularity prediction. We jointly learn the
optimal latent common space from multi-modalities, whereby the popularity or venue category of
micro-videos can be better identified. From the common latent spaces found, we then develop a tree-
guided multi-task multi-modal learning model to estimate the venue category, and a novel
transductive multi-modal learning method to predict the popularity of micro-videos. We validated the
effectiveness of the models on our collected dataset. The data and codes have been released to
facilitate other researchers. This talk presents our current research and future work towards
leveraging micro-videos for better social media analytics.
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118 H : High Coherence Image Retargeting And Its Applications
REA : Bl IR SEEXRFITENEIFERAFRHBR

¥ ZE : Inthis talk, we will introduce our recent work in image retargeting. In addition, we elaborate on
other applications extended from retargeting techniques, which have not been discussed before. We
show how to apply the retargeting techniques in other fields to solve their challenging problems, and
reveal that retargeting technique is not just a simple scaling algorithm, but a thought or concept, which
has great flexibility and is quite useful. We believe this talk can help researchers to solve the existing
problem of media retargeting and bring new ideas in their works.
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