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NAVER

* No. 1internet company of Korea (www.naver.com)

— Web portal, global messenger, music, podcast, video, collective
intelligence, search advertisement, app store

— Line messenger MAU: globally 250 million
— Daily mobile page views: 1,632 million
— Daily search page views: 504 million

 NAVER LABS: R&D center for advanced technologies

— Machine learning, recommendation, speech recognition, machine
translatlon multlmedla web browser, IOT, HPC mfra etc.
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Why Post-like News?
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By DAVID WALDSTEIN  SEPT. 9, 2015

Richard Gasquet, ragged and panting, sweat

Fmal cascading down his face, reached out and barely
got his racket to the ball. It seemed to take every

) Soaee bit of energy he had just to do that.

W Tweet Gasquet, now standing helplessly at the net,
could only watch as Roger Federer, silky clean as

@ Save if he had just walked onto the court, glided
across the court and whipped a forehand past

> WMore Gasquet for a second-set winner.

It looked as if Gasquet and Federer were playing
in different matches in different weather
conditions. A weary Gasquet was staggering on
one side of the court in oppressive humidity. The
34-year-old Federer appeared to float across the
other side as if on a mild autumn evening.

It has been that way for much of the United

Roger Federer won, 6-3, 6-3, 6-1, in 1 hour 27 minutes to earn a place in the U.S. Open
States Open for Federer. With notable efficiency semifinals for the 10th time. Kathy Kmor Associated F
and ease, Federer, the No. 2 seed, moved into

the semifinals withant lnsing a set The latest
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Post-like News Summarization

[Summarized content]
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Post-like News Summarization
* Task definition
— Summarizing a document into multiple image-based contents
— Pikicast: https://www.pikicast.com/

* Significance
— Overcoming the display size of mobile devices

— Summarization into image-based contents instead of texts
« Easy to see the news
* Enhancing users’ interests

— Multimodal documents such as blogs as well as news articles
— Applied to visual-linguistic cross-modal transformation
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Post-like News Summarization
o Subtasks
— Document summarization
— Text-to-image retrieval
— Image-based content generation

* Key technologies
— Document data embedding based on deep learning

— Document summarization considering two factors: similarity and
diversity

— Image feature generation using convolutional neural networks
(CNNs)

— Common semantic embedding-based text-image association

IL|A[B|S|



Post-like News Summarization
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News2Iimages

* Deep learning-based text feature representation
— Word2Vec (Mikolov et al. 2013)
— Words (paragraphs, documents) = real-valued vectors
— Neural network model for distributed representation
INPUT PROJECTION QUTPUT INPUT PROJECTION  OUTPUT Country and Capital Vectors Projected by PCA
w(t-2) Dw(w) sl . *Beijing
e D\ . wit-1) 'l Turkey: Ankara Tokyo |
SUM 0.5
‘ |:| Poland«
v o ngg?‘ﬂ)f‘ "Warsaw
W[I+|}|:|/ wit+1) o a.y Groece: yRor)#;::s
w(t+2) \D wit+2) 1.5 Poriuxgal tiSng;/Iadrid

CBOW Skip-gram
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News2Iimages

 Document summarization
— Key sentence extraction
— A document - a sentence set
— Selecting k sentences covering the document contents
— Ciriteria: similarity and diversity
* (S, S): similarity with the title
* g(S,, S): diverse words for semantic coverage
S, =argmax{a- f(S,,S)+(1-a)-9(S¢.S)]  f(S.5)= 2ises [ (8:5)

k<

=argmax{a - f(S,t)+(1-a) 9(S.S)f  9(S.5)=2 g, 9(s:5)

SkcS

— «o: aconstant for moderating the similarity and the diversity

— §,: the set of k selected sentences as the summarization of S
* Two approaches

— Baseline: TF / IDF + Word occurrence vector of sentences

— Sentence embedding

IL|A|B|S| 10



News2Iimages

 TF/IDF
— Similarity: cosine similarity between two vectors
F(5:8) = (5:) = cossim(s) = SH.Htt H
S

* s and t: word occurrence vectors of a sentence and the title of a given article
including s
— Diversity: prefer sentences including diverse words

9s.5) = -
IS|- ] {cossim(ss")}
s#s',s'eS
* Sentence embedding
— |s] = 100 and average pooling on all the word vectorsin s
— Similarity: cosine similarity between two embedding vectors
— Diversity: an article - clusters - representative sentences of each
cluster j
g(s,S) = g(s,C ) = cossim(s,c}) = —>

|51l ¢

« Cland ¢ the j-th cluster and its centroid, s € C!
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News2Iimages

 How to generate image features?
— Deep convolutional neural networks (Krizhevsky et al. 2012)

Convolution Fully connected
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News2Iimages

« Text-to-image retrieval
— Image feature generation
* Modified GoogleNet implented in Caffe (Jia et al. 2014)
* Fully connected 1024 dim features
* For supervised learning, each image is labeled with the name included in

its title

— Algorithms
. ) §-t(V) }
v =argmax; f (5,t(v)); =argmaxs ———
gax{f (S, tw)} =argm {|s||t(v)|

* Method 1: Text - most similar text - image

* Method 2: Text - most similar N texts - new image features - most
similar image
— A new image feature is generated by averaging features of top N images
whose title is similar to the extracted sentence

— Retrieve the image most similar to the generated feature

— Baseline: the cosine similarity between word occurrence vectors of
the news title of an candidate image and the extracted sentences

naver|L|A[B[S]
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News2Iimages

* Overall flow of News2Images
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Experimental Results

Data description
— Training data

* Word embedding: 1.1 million news articles on sports / entertainment
in 2014 of NAVER

 CNNs for Image features: 0.23 million photo images attached in
NAVER news articles including 100 movie/sports starts

— Evaluation data
* Image features : 60,000 photo images
* News summarization: 7,000 news articles on 100 movie/sports starts
Parameter setup
— Word embedding
* Vector size: 100
— Summarization: three sentences for each news article
— Image features: GoogleNet 650,000 iteration

— Image classification accuracy (100 classes)
* Top 1: 54.8% / Top 5: 75.8%

IL|A|B|S|
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Experimental Results

 Demo page
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Experimental Results

 (Classification

— Correct case: An image includes the person referred in a
summarized sentence

 Comparison of two T2l methods

N e fine Text matching (M1) Image averaging (M2)
Classification it title) e . e .
Sl With title W/O title With title W/O title
Correct 14910 18908 13896 18791 13860
Accuracy(%) 73.7 93.5 68.7 92.9 68.5

— With title: the title of the summarized news is given with the
summarized sentence together

— M2 > M1: feature averaging - vanishing of the unique properties
of each image

naver|L[A|B|S]
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Weighted to person name
— Noun of a person name is weighted when pooling text vectors

Experimental Results

I PS weight = 1.0 PS weight =10.0
Classification . _ o .
With title W/O title With title W/O0 title
Correct 18908 13896 19191 14065
Accuracy(%) 0.934929 0.687104| 0.948922 0.695461

Classification

Size of a word window in vector pooling

Window size = 3

Window size = 1

M1 M2 M1 M2
Correct 18743 18557 19191 18791
Accuracy(%) 0.92677 0.917573 0.934929 0.929144

naver|L[A|B|S]




Experimental Results

 Examples of summarized sentences and retrieved images

Sentences News2Images Baseline

Park, the home run leader of KBO, hit the 34th home
run in this season.

Son of Leverkusen played as a starter forward in this
game for 60 minutes until substituted with Yurchenko

Today, Ryu pitched 7 innings, allowed two runs and 9
hits, and got 7 kills against the Chicago Cubs at the
home game, and thus ERA becomes 3.39.

Lee, Hyori is practicing yoga with a grave look in the
released photo.

T p— -‘ i
A th am: WS -
pool scene in the 18! episode of the drama. “'"“""'"i?u""

Chu, Soohyun showed her bodyline at the swimming
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Discussion

* How to integrate News2Images with recommendation
system
— Preferred keywords - vector pooling and image retrieval

— News document embedding - content-based recommendation
for item cold start

— Document-Image embedding - CF latent features: Hybrid
recommendation (Van den Oord et al. 2013)

* Future work
— An end-to-end model for text-image embedding
— Thin implementation for mobile services

— More articles and diverse subjects (politics, economy, society,
etc.)

— Integrating News2images with recommendation and
personalization

IL|A[B|S| 20



Discussion and Future work

* End-to-end model for learning common semantic space
from news-image data

You from the star'
Jeon said Kim “We
are together.” p

Z

"¢Olympicsy the Vanc“

Winter Olympics
Yuna Kim’s golden perfg

Common
Semantic
Space

Jeon returned to a movie star \ £
from a CF model “DS food co., New CF of ‘Maxim
white gold’, coffee with Yuna
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