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1. Introduction

1. Social Media has become a significant part of our daily life

Worldwide Social Network Users by Region - Billions (eMarketer) 2,550

2,177

2011 2014 2015

= Asia Pacific = Latin America mm Middle East & Africa

N Westem Europe B Central & Eastemn Europe  =+=WorldWide

J #
0..“ ,.‘I*“d
C Culture s

L]
RNy
Pl ‘- e,
Fusior,
% ‘3

*
3

D Culture

»

2 | Introduction

2,372

2016 2017
mmmm North America

Visual Information is also important
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2.Related Work

1. Text-Based Sentiment Analysis

Document Level, Sentence Level, Attribute Level

Naive Bayes, KNN, SVM...

2. Image-Based Sentiment Analysis

Low-Level Features, Face Detection ... iRt dils S

B - lllllll

BOW Feature Mapping

3. Deep Learning Approaches

Word2Vec, RNN, LSTM
CNN ...
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2.Related Work

Multilingual Sentiment Analysis

1. Text-Based Analysis SentiWordNet[1]

2. Image-Based Analysis MVSO[2]

MVSO Ontology Language-Specific ANP Detectors
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3.Project Proposal

In this project, we aim to answer the QUESTIONSs:

1. Will the social media content, for example, a tweet, be viewed coherently or
differently across different languages & cultures?

2. If different, what may cause these sentiment discrepancies?

3. And how can we utilize these multilingual observations?

We proposal to complete the following TODOs:

1. Construct a multilingual tweets dataset containing texts, images and
manually-labelled ground truth.

2. Use different methods to perform sentiment analysis over the dataset.

3. Hopefully find some interesting results that reflect the cross-cultural
interconnection in a data-driven way.

A flashcards Day 23 - it's been a long week, time for a 5; Day 21 of
cuddle with a loved one /pet/ stuffed toy! .

flashcards. Despite
ravens&crows being different the words in
many languages are similar
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IT: il corvo

DE: die Krdhe

ES: el Cuervo

FR: le corbeau

GA: na beanna
ARG
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4.Methods

4.1 Dataset Construction

1. Crawl tweets data of different languages
containing images.
2. Using Amazon Mechanical Turk
Text-based labeling.
Image-based labeling.
Joint text-image based labeling.

The textual data will be translated into differently languages for labeling
in order to obtain the multilingual responses for each image tweet.
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4.Methods

4.2 Multilingual Sentiment Analysis

1. Text-Based Prediction

Open APIs: SentiWordNet, SentiStrength

2. Image-Based Prediction

Multilingual image detectors from MVSO

3. Joint Image-Text Based Prediction

* Late Fusion of the text-based and image-based prediction scores.

* Embed the image and text into one feature space,
and then perform sentiment classification based on the fused feature

4.3 Performance Evaluation

* Training / Testing Time, Accuracy ...
* Visualization

* Analyze the polarized cases
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5.Future Directions

1. Release the collected dataset.

2. Apply the trained models and dataset in real scenarios,
such as recommendations, topic trends discovery and
search query expansion based on sentiment analysis.

3. Automatically detect users whose tweets are often
negative, and perhaps provide kind reminders and
tips to help them become optimistic if necessary.
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Thank You!
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