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Video Data Mining Q)

* Most of today’s commercial video retrieval systems still
solely rely on meta-data for indexing video content.

 The problem has proven very challenging, and the state
of the art is still very limited.

 There is a semantic gap between Natural Language and
Video and Audio computational representations.



The Project Objective

e Develop a unified framework for understanding Arabic
multimedia content.

* |Investigate methods to map
— Visual
— Auditory

— Textual information

in unstructured videos to a common semantic space



Proposed Framework

* Encoding of video Information

— Visual Concepts
*Object Concepts: Person face, specific building,..etc
*Scene Concepts : City scene, hallway, landscape,..etc

*Action Concepts : Fighting, running, blowing a candle, etc
— Audio Concepts : Gunshots, explosions, running water, etc.
— Speech Recognition Content: Spoken text in the video

— Textual Content: Text displayed in the video



The Main Challenge

The main challenge is to map all these concepts and
contents from a given video to a unified
representation that can be the basis to measure:

1.Similarity between videos,

2.Similarity between a video and a query text.
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Developed Systems / Tools

Large Vocabulary Arabic ASR for MSA Egyptian
Dialect.

Automatic Diarization tool for segmenting Broad
Cast recordings to speech and non-speech
segments and clustering the recording speakers.

Emotion recognition for call centers recordings.

Face Verifier: The tool can compare two face and
decide if they are identical or not.

Face Classifier: Trained on 100 different persons
and able to recognize them.



Developed Systems / Tools

* Text extractor from news caption: The tool
extracts the text from news caption.

* Object detection: The tool is an implementation
of Yolo V3 to detect the learned objects in
Images.

e Ads extraction: The tools extract the learned ads
from TV video clips.

e Arabic Name Entitles Extraction.
* Topics classification for call centers recordings.
* Sentiment Analysis for call centers recordings.



Major Achievments

Two major technical progress has been achieved in
the project:

* State of art Arabic Speech Recognition based on
advanced deep leaning models for both Modern
Standard Arabic and Dialectal Egyptian Arabic.

» State of art Face Verifier based Hybrid Siamese
Network.



Published Papers

e Ali Alabed, Omar A. Nasr, Elsayed Hemayed, Speeding

up Dominant Object Video Segmentation, ICENCO
2017.

« Mohamed Sameer, Elsayed Hemayed, Zero-Shot
Learning for Media Mining: Person Spotting and Face
Clustering in Talk Shows, Submitted on 2/2019

* Nehal Khalid, Magda Fayek, Elsayed Hemayed, Face
Verification and Clustering Using Hybrid Siamese
Network, submitted on 2/2019



Amira Alsharkawy, Object recognition using deep
convolutional neural networks, MSc, Cairo University, 2017

Ali Alabed, A Framework for Text Caption Extraction from
Arabic News Video, MSc, Cairo University, 2018

Mohamed Sameer, Zero-Shot Learning for Media Mining:
Person Spotting and Face Clustering in Talk Shows, PhD, Cairo
University, Expected 2019

Nehal Khalid, Face Verification and Clustering Using Hybrid
Siamese Network, PhD, Cairo University, Expected 201



=== Segmented caption line images

Video Summarization —-+ Image Processing

Shot segmentation
Key fames extraction

Object description

Person faces Identification
Advertisement and logos

Closed Caption Extraction

— Arabic OCR
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Speech Track Efforts



Video Diarization

Audiotrack:
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Diarization System Components

Speech Activity End Point

Detection Detection Speaker Clustering




Speech Activity Detection

* Phoneme Recognition System for
Music/Speech Segmentation

Train 3 state speech 10
states Music phoneme Build decoding graph
system

music/speech
Feature extraction

Get phoneme
durations and combine
adjacent phonemes

Segment waves into 8
secs segments for fast
decoding

Remove meaningless
short segments

Do phoneme
decoding
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Speaker Diarization System

Proposed Enhanced HAC

|

—>» [Extract top X%

-3 Rest off segments

| Random Forest

Merge clusters

Cosine basee RAC




Speaker Diarization System

Results

SOM GNG + HAC ward + HAC + HAC +
+ivectors ivectors ivector structured cosine
ward based

48.8% 28.3% 40% 29.5% 28.5% 27.5%

HAC + cosine HAC + cosine+ | HAC + cosine+ | HAC + cosine +
based RF DNN SVM

27.5% 27.5% 26.2% 25.8%



Adjusting Stopping Criterion and Increasing
Training Data for UBM

HAC+cosine+ SVM Adustment Adjustment
performed performed + 500hrs

25.8% 22.7% 21.1%



ASR - first version
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Automatic Speech Recognition

ASR - previous version

WR %

Tandem (BNFs + fMLLR) (SI) 37.91
Tandem (BNFs + fMLLR) (SD) 36.00
Tandem DNN/HMM-MPE (SD) 27.8



Automatic Speech Recognition

ASR — Current Version

Multiple neural networks with different architectures were trained over the resultant
140-dimensional features.

To discriminate which of the conventional and the Lattice-Free version of the
Maximum Mutual Information (LF-MMI) criterion models are better, we utilized the

following architectures of Neural Networks:

Conventional Models

A- Time Delay Neural Network (TDNN).
B- Long Short Term Memory neural networks (LSTM).
C- Bidirectional LSTM (BLSTM).



LSTM DNN
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Automatic Speech Recognition

ASR — Current Version

LF-MMI Models

A- LSTM that got posterior probabilities from a time delay neural network (LF-
MMI-TDNN-LSTM).

B- BLSTM that got posterior probabilities from a time delay neural network (LF-
MMI-TDNN-BLSTM).

C- LF-MMI-BLSTM



Automatic Speech Recognition

ASR — Current Version

TDNN-Layer-1 t-2 through t+2 1024
TDNN-Layer-2 t-1 through t+1 1024
TDNN-Layer-3 t-1 through t+1 1024

The output of TDNN neural feeds LSTM or BLSTM .

Type of NN m Cell dimension

LSTM 3 1024
BLSTM 3 1024



Automatic Speech Recognition

ASR — Current Version

Acoustic modeling experiments

Neural Network (CE) Features WER %
TDNN MFCC-hires 25.24
LST™M MFCC-hires 24 87
BLSTM MFCC-hires 2545
TDNN Bottle-Neck 22 83
LSTM Bottle-Neck 22.56
BLSTM Bottle-Neck 2298
Neural Network (LF-MMI) Features WER %
TDNN-LSTM Bottle-Neck 20.37
TDNN-BLSTM Bottle-Neck 2147
BLSTM Bottle-Neck 20.34




Training Data

Dataset

Dataset

—

RDI Dataset
Mainly

RDI Dataset Call
Centers

RDI Extended
Dataset

Noisy Dataset

Telephony
dataset

Dev Dataset

(o]
m

320 hrs.

400 hrs.

140 hrs.

125 hrs.

100 hrs.

40 hrs.

400 hrs.

500 hrs.

125 hrs.

100 hrs.

50 hrs.

150 hrs.

2.5 hrs.

790 hrs. 16K sampling
rate
8K sampling

1050 hrs.
rate

Sampled
according to
model

140 hrs.

Randomly
selected in
both models

250 hrs.

Randomly
selected 8k
sampling rate

200 hrs.

Each dataset
is separately
decoded



Language Model Data

* Text Data
* Collected 1 Giga words of Modern standard Arabic
— Sources:

* Online news papers text

* TV channels programs scripts

* The text of the audio data

* Published books and literacy materials

— This data set are cleaned from punctuations, English words and
some basic normalization for numbers and dates.

* Collected 0.5 Giga words of Egyptian Arabic

— Sources:
* Arabic tweets for one year (50 million words)
* Famous Egyptian Forums (300 million words
— Lot of cleaning and normalization: Franco-Arab, large amount of

writing mistakes, written emotional effects such the word
elongation, reducing the large number of forms for the same word



The Dialectal Arabic
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Automatic Speech Recognition

ASR — Current Version

Systems Fusion

First Stage Combination WER %
TDNN-LSTM +TDNN-BLSTM (C1) 18.94
BLSTM+TDNN-BLSTM (C2) 18.94
TDNN-LSTM+BLSTM (C3) 18.41
Second Stage Combination WER %

C1+C2 (output 1) 18.2

C1+C3 (output 3) 18.41

C2+C3 (output 2) 18.2




Automatic Speech Recognition

ASR — Current Version

Language modeling experiments:

Using the corpus provided by the organizers and transcriptions
of all the used training data, we trained a trigram language
model using the SRILM toolkit.

This language model was used for scoring lattices.

In addition, we used another language model for rescoring that
was trained using the Faster-RNN-LM toolkit, using 300 hidden
units, 500 classes, 300K most frequent words, and order equals
to 4.



Automatic Speech Recognition

ASR — Current Version

Language modeling experiments:

Experiment Data WER %
Before RNN-LM DEV. (8.2
Rescoring TEST b
After RNN-LM DEV. 17.84
Rescoring TEST 15.5




MGB2

WER
2016-best sysiem 14.7

CAalte | 132 |

NDSC-THUEE 14.5
JHU 16.0
MIT 17.5
BUT 24.7
RDI-CU 16.0




Automatic Speech Recognition

ASR — Current Version

update after competition

*The ASR system was trained using the full MGB-2
data, 1,200 hours of audio.

 This data was augmented by applying speed
perturbation, increasing the number of training frames
by a factor of 3. ( we used only around 3500 hours).

ol F-TDNN-LSTM & BLSTM have been trained.



Automatic Speech Recognition

ASR — Current Version

Conclusion

Previous Version 27.8 %

Current Version 16.78 %



Video Track Efforts



Video Summarization and

Image Annotation

Video Summarization

Video Indexing

Shot Segmentation and
Advertisement

Video Images Annotation

Objects Description

Person Faces Identification

Shot Segmentation and
Advertisement

Closed Caption OCR (Done)

Closed Caption Extraction

Arabic OCR




e Location in the lower third of the video frame.
* |t can be static or scrolling

* The scrolling can be horizontally or vertical.
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Caption Text Extraction

Method

* Text Region Line Segmentation
— Based on Hough Transform

* Text Region Type Detection
— Based on Optical flow

e Sentence Extraction from Horizontal Scrolling
— Calculate frame speed

e Sentence Extraction from Static and Vertical
Scrolling



Caption Text Extraction

— Static

HEINES

Text Region Localization Segmentation

Scrolling

. | Remove
Horizonta Co.mpute . overlapping
Moving Spee Segments
Vertical
Use optical flow
to extract text
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Caption Text Extraction

TV Channel Static Vertical Horizontal Total
accuracy accuracy accuracy accuracy

4/4=100% 27/27=100% 100%

BBC 5/5=100% 24/24=100% 100%
4/4=100% 60/60=100%  18/18=100% 100%
3/4=75% 18/20=90% 87.5%
“ 1/1=100% 33/33=100% 100%
6/6=100% 43/43=100% 100%
6/6=100% 24/24=100% 100%

SKY 2/2=100% 20/20=100% 100%
1/2=50% 20/24=83.3% 80.7%
m 91.67% 100% 97.03% 96.47%



Video Summarization

47



Video Indexing

« Extract Oriented fast and Rotated Brief (ORB) features
« 300 features per frame, each of length 32.

4 N
_’ orb  f— [ 300%32 J
—
)
e o — [ e

N < > Stored in Kd tree

~ /

48






Video Indexing

Indexing time Searching time Accuracy
60 adds
1 32 min 15 sec 100%
2 28 min 14 sec 100%
3 31 min 13.4 sec 100%
4 23 min 14 sec 100%
5 27 min 13 sec 100%
6 34 min 12.4 sec 100%
7 32 min 12.6 sec 100%
8 27 min 13 sec 100%

Testing Environment: Intel core i7 processor with 8 GB RAM




Video Images Annotation
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* Used pretrained CNN models on the imagnet
dataset

 Fine-tuned on extracted frames from our 2000
hrs video data

 The best models are
— RCNN
— Fast RCNN
— Faster RCNN
— YOLO (You Look Only Ones)



R-CNN: Regions with CNN features

= warped region aeroplane? no.

-3 | -'f,: =D § S E e ,; :
= : i=>{person? yes. |
o= CNNS -
B . ACEEEEEES PNt e, < '
sy U tvmonitor? no.
1. Input 2. Extract region 3. Compute 4. Classify
image proposals (~2k) CNN features regions

Apply bounding-box regressors
Bbox reg || SVMs Classify regions with SVMs
Bbox reg || SVMs

P o8 S _ Forward each region
” ConvNet through ConvNet
ConvNet
ConvNet
AW

’ Warped image regions

Regions of Interest (Rol)
from a proposal method
(~2k)

Input image

Post hoc component




Fast R-CNN (test time)

.=
.

FCs Fully-connected layers

7 TN
Regions of - ”’convS" feature map of image
Interest (Rols)

from a proposal
method

Forward whole image through ConvNet

ConvNet

Input image




Faster RCNN

classifier

Rol pooling

feature maps

Faster R-CNN workflow



Yolo CNN 1@%

It is 100 times faster than Fast
RCNN
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Yolo vs. Faster R-CNNs

| FP%?Frame Per Second) B mAP(mean average precision)
70

60

50

40

30

20

10 I
0 ]

Faster R- Faster R-
YOLO CNN with CNN with

VGG-16 ZFNet
M FPS(Frame Per Second) 45 7 18
[ |
mAP(mean average 634 739 621

precision)



Sample Object Detection Nedias
For Our Data

Faster R-CNN




Face Recognition
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Face Recognition

Face Detection

Features Extraction
and Pose
Correction

Face Recognition



Face Detection

Histogram of Oriented Gradients (HOG)

HOG version of our image

HOG face pattern generated
from lots of face images

Face pattern is pretty similar to this region

- of our image-we faund a face!
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Face area detected in image Face landmarks detected result we want as possible to perfectly centered




Person Faces lIdentification

e Recognition model
— FaceNet fine tuned for our 200 persons

* Data
* Collect 20,000 photos for 100 persons.
e 200 photos for each persons (100 from video and 100 from web)

e Results

— Overall Accuracy = 99.6% dropped to 98.2% with unknown faces
— F1 measure = 0.996



Person Faces Identification

Sample Results

/FPS: 1.475

PS5: 3.864
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Person Faces Identification
Sample Results
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Sample for Unknown Faces




Face Verifier and Clustering Approach

* Motivation:

— We cannot build an accurate classifier for thousands or
millions of faces.

— Several hundreds of images of the face to recognize should
be available.

— Not all the faces appear in the media are of interested at
the moment they appear, but it could be latter when the
interest starts to build up

* Approach:
— Build Face Verifier to decide in two faces are similar or not.

— Use this face verifier to cluster faces together as a method
of indexing

— Use it again to search for the cluster of a new face.



Siamese Network
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FaceNet pre-
trained model

layer 1

Fully connected

|
|

r

|

I

Fully connected :
I

)

|

|

layer 2 I
I

|

|
Unshared
(Pseudo
Siamese)

I Shared
(Siamese)

FaceNet pre-
trained model

layer 1

Fully connected

I
I

I

I

I

I

Fully connected :
I

I

I

I

I

layer 2 I
I

I

Concatenation layer (L1 difference)

Softmax layer




Cluster 1 :0)z

Sherif_amer_F (1)_00156 Sherif_amer_F (1)_00157 Sherif_amer_F (1)_00158

Sherif_amer_F (1)_00159 Sherif_amer_F (1)_00160 Sherif_amer_F (1)_00161 Sherif_amer_F (1)_00162




Cluster 2




Semantic Representation
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Distributed vector representations of

words

 Each word is encoded as a vector of floats
— vec queen=(0.2,-0.3,.7,0, ..., .3)
—vec woman = (0.1, -0.2, .6, 0.1, ..., .2)

* |length of the vectors = dimension of the word
representation

* key concept of word2vec: words with similar
vectors have a similar meaning (context)



words

Distributed vector representations of

Word Representations

‘and’
‘but’

‘she

lhel

‘john’

|-of-K Representation

Distributed Representation

1{0/0]{0]{0|0]|0|0 1.2 | -23 | 0. | 0.2
0{1{0(0(0(0]|0|0 1.3 | -1.7 | -0.2 | -0.3
0|0|10|0|0|0O(0O -1.9 | 26 | -0.1 | -0.3
0|0|0|I|0O|0O|0O(0O -1.9 1 25 |-02| 04

«— vocabulary size —

<«<— embedding size —

0

0

0

0

0

0

0

-1.7

2.5

-0.2

0.4




Distributed vector representations of

words

Distributed Representation

‘and’ a ? 2 2

‘but’ a ? ? 2 ‘

‘she’ a ? ? 2

ihei VﬂcabUIarY
size

‘john’

«<— Embedding size —




Distributed vector representations of
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Distributed vector representations

Welde S

QUEENS

- N\

/Queeu \ /Quem

KING KING
Reli -
France: Paris Italy : Rome Japan:Tokyo Florida: Tallahassee
big: bigger small: larger cold : colder quick : quicker
Miami : Florida Baltimore : Maryland Dallas: Texas Kona : Hawaii
Einstein : scientist Messi : midfielder Mozart : violinist Picasso: painter
Sarkozy:France Berlusconi: Italy Merkel : Germany Koizumi: Japan
copper:Cu zinc:Zn gold: Au uranium : plutonium
Berlusconi: Silvio Sarkozy : Nicolas Putin: Medvedev  Obama: Barack
Microsoft: Windows  Google: Android IBM : Linux Apple:iPhone
Microsoft : Ballmer Google: Yahoo IBM : McNealy Apple:Jobs

Japan: sushi Germany : bratwurst France:tapas USA : pizza



Distributed vector representations of

words

INPUT PROJECTION OUTPUT INPUT PROJECTION  OUTPUT
wit-2) wit-2)
RN AT

j_—l"'_ wit) wn:l:uI:—l-
wit+1) - \— wit+1)
wit-+2) wite2)

cBOwW SKip-gram



Embedding From Language Models

(ELMo)

Learning high quality word representations should ideally model
1. Complex characteristics of word use (e.g., syntax and semantics)
2. How these uses vary across linguistic contexts (i.e., to model polysemy)
Can you help me

A can of soup | T T | T ‘ Semantic part

* Deep contextualized
word representation

 Each word is assigned a
representation that is a
function of the entire
input sentence

Syntactic part



Proposed Framework )z

*» Assume we have a concept set ¢

c={c,,...,Cn}.

o For a Video VV we can calculate the vector

C(V) = [p(c,/l/), - .,p(CN/V)]

Where p(c/v) represent the propobalility of having the concept
c; in the Video V

* a(v): denote the speech content of the video

* o(v): denote the text content of the video

. = p(efc(v)) p(eja(v)) p(efo(v))




Proposed Framework  EQ):

 foraquery e, we can calculate the probability that
video V match query e by :

p(elv) = p(e[c(v), a(v), o(v))
= p(e[c(v)) p(ela(v)) p(e[o(v))

With the independence assumption
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Proposed Framework

* |[f we have

— Hle) : The mapping of the query e to the distributional
semantic space

6.(v): The mapping of the video concepts content to the
distributional semantic space

6.(v) : The mapping of the video speech content to the
distributional semantic space

6.(v) : The mapping of the video text content to the
distributional semantic space




Proposed Framework

If we assume
* p(ela(v)) x s(6(e),0,(v))

* p(elo(v)) x s(8(e),8,(v))

* plelc(v)) =
N pielelnlclv) « > s(6(e). 6 () vic:Iv)



Similarity Measure :0):

» For multi words vectors in sentence or
paragraph we pool the vectors

XI:ZXE
i

» For similarity measure use cosine similarity

as proposed by Mikolov




Preliminary Results

e Used TREC Video Retrieval Evaluation
(TRECVid).

* Avyearly challenge sponsored by NIST to
promote research in content-based retrieval
and analysis of videos.



Preliminary Results

e Two distributional semantic models

— Wikipedia model trained on 1 billion words,
vocabulary size 120k, word vectors of 250
dimensions.

— Google-News model trained on 100 billion words,
vocabulary size 3 million words, word vectors of
300 dimensions.



Preliminary Results

Used

— 1000 visual object concepts
— 500 scene concepts

— 500 action concepts

— Speech recognition

— Text detection / Transformation /Recognition



Preliminary Results

Video V™"
-y Event Querye™
3 (e.g, “feeding an animal”)
& :
\»"6\0’6

Visual concepts

. (scene, action an ject concepts)
Audio concepts P?Cvaqu

p(cqv”)

N
e.g.{vec(feeding), vec('animal’)}

M (Distributional Semantic Manifold)

. Dog moving (0.513) !

pulling on Igash (0.61

PDog jumping (0.472)

@nimals chasing (0.519) E— . .
. [ <lipping nails of an animal (0.585
Groomingean animal
jumping over: obstacles (0.534)
lipping nails of an animal (0.758)
cuman holding food in front of an animal (0.68)
" qiving dogs treats (0.544)

adog barking (0.491) @nimal chewing an object (0.618)

Petting animal (0.653) o
Dog eating (0.521_)

Ppetting (0.656)

- Corpbing 890 (0 098N fur (0.548)

dburshing dog (0.677)
" oaping rinsing an anim
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Preliminary Results

Modality Approach m AUC

Proposed Approach (event title query) 8.36%
Dalton et al [10] (event title query) 3.4%

Visual concepts Dalton et al [10] (Manually specified 7.4%
concepts)

Visual concepts Baseline - Overfeat [41] direct concept 2.43%

mapping
m Proposed approach — Speech/GNews 4.23%
Baseline — matching 2.77%
Text Proposed approach — OCR/GNews 4.81%
Text Baseline - matching 1.8%
Text + Speech Proposed approach 10.6%
Text+Speech+Visual Proposed approach (All fused) 13.1%
Text+Speech+Visual State-of-the-art [47] 12.6

Mean Average Precision (MAP) and Area under the ROC (AUC)

0.621
0.567
0.623
0.536
0.67

0.830

0.730



Arabic Word Vectors

Trained on 5.8 billion Arabic words

+ Built three models for Arabic (CBOW, SKIP-G
and GloVe)

+ Used translation of Mikolov analogy test

Tvpe of Word pair 1 Word pair 2
relation
ship

Common Athens L3 Greece (sl Oslo  sdug  Norway sl
capital city

Man-Woman  brother  &&3  sister 4344  grand @ s grand Sda
5011 daughter
Superlative bad F o worst i gl big S biggest By

Plural nouns bird geos birds Dk car B s cars S e




Arabic Word Vectors

Model English English Arabic Arabic Arabic

SEIP-G300 GloVe300 CBOW3I00 SKIP-G300 GloVed0n

" Training 300B S40B 5 8B 5 2B 8B

words

Cov. Acc. Cov. Acc. Cov. Acc. Cov. Acc. Cov. Acc.
capital- 100 949 100 100 100 043 100 037 100 927
C I I I~
counntries
capital- 100 931 100 956 100 74.7 100 77 100 804
world
CUrrency 100 378 100 132 100 7.7 100 7.9 100 5.7
city-in- 100 872 100 3874 100 325 100 32.6 100 364
state
family 100 953 100 868 6/6 465  6/6 363 616 3503
adjective- 100 538 100 65.6 100 3432 100 30.1 100 2
to-adverh
opposite 100 57.6 100 458 20 37 20 33 80 15
compara- 100 07 100 966 100 738 100 67 100 715
five
superlative 100 954 100 937 100 680 100 64.6 100 &66.9
present- 100 967 100  97.4 93.9 46.1 93.9 421 939 303
participle
national- 100 957 100 892 100 499 100 355 100 442
ity-adjec-
tive
past-tense 1000 937 100 919 100 447 100 416 100 435
plural 100 938 100  96.5 100 56.1 100 36.9 100 577
plural- 100 8935 100  90.3 100 80.1 100 75.5 100 722
verbs
TOTAL 100 874 100 862 08 543 98 33.6 08 533




Automatic Speech Recognition

Key word spotting

Call type classification

Name Entity Extraction

Sentiment analysis

User mode recognition

Analytics
Info

~

Data Processing
Modules

Back-End
IVR System
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Call Centers Analytics

Introduction

 The main goal of this module is to extract useful
information from the ASR text transcripts of
call-centers calls. In this module, there are
several functions to achieve the required
features of this system

Call Wave  Speech Recognition Call Text




Call Centers Analytics

Data preparation

 This phase aims to prepare words lists needed
in the main functions.

e To extract these lists a word2Vector model is
trained with large dialect Arabic corpus.

 This model is trained using over 70 million lines
gathered from Arabic websites and produced a
vocabulary of 1.7 million unique words.



Call Centers Analytics

Data preparation

 This task extracts a list of words relevant to the
needed classes. Given the initial word lists,
which are extracted manually.

e Lists are collected and manually revised for the
following classes:

Ipod Phone Buy Keywords
Watch Tablet Support Keywords
TV PC Complain Keywords

Laptop Agent Evaluation



Call Centers Analytics

Text analyzer
Advertising Removal

e The input call needs to pass through a
preprocessing unit to process the call before
going through the rest of functions. The main
function in the preprocessing unit is the
advertisement removal function.

* The main goal of this function is to remove the
advertising at the start of each call, which fills
the waiting time.



Call Centers Analytics

Text analyzer




Call Centers Analytics

Text analyzer
Advertising Removal

Opening & Closing Clauses Vendor Mentions
Detects opening and closing expressions Counts how many times the name of the
() zla, dllaty | 84 L) company and its synonyms mentioned

Agent Evaluation
Evaluates the performance of the agent Counts how many times the name of the
during the call [0-9 range] competitor and its synonyms mentioned

Products Mentions
Detects the type of the call ( buying, Detects and counts the mentioned
complain, support) products and accessories




Call Centers Analytics

Text analyzer
Call Type Classification

Scoring
Word list matching Word embedding score
n nom
2. match(C W) Y. Y similarity(C;,W
score(C,W)=- — score(C, W)=— -

Where C and W are the input call and the class word list and n is
the length of the word list, and m is the length of input call. After
getting the score for the three classes the output class considered

to be the one that has the highest score.



Call Centers Analytics EQ):




Text analyzer

7))
c C
s O
£ 3
(=

Products

Mentions

Call Centers Analytics

Results on real data

Sl s ) Y AELE G el o jule il Cnan ol gl La
oA Y AlCEa (lnla 48 ) qubs alS Jant o pde g Cpdll (i g Aad
ewmmJiﬂ\hJﬁjemwi«ﬂjimﬁigmgﬂ\ X
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How many times
the name of the
company
mentioned in
the call

TS e 4l plad

e dga Ola (58 (gf el (San dlipan )y 2glA Guaigadly illd
WWM@WEU‘M‘#QAGQA‘?GJ‘GO&J&;JW
aS Jale 1S anibly AU anid G ) SE Ldle Gl Arad A o pde g

How many times
the names of the
products
mentioned in
the call
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Call Centers Analytics

Mentioned Products ) Results on real data
Product Name Mentions (%) 0.7
0.6
Phone 63.3%
0.5
Accessories 00.0% 0.4
I-pad 00.0% 0.3
.~ lpod | 000% .,
Watch 03.3%
0.1
O I I - I I - I I I - I
M laptop
2 ~ S & O O Q S
O Q A 2 Q 2 9 & o)
M phone R Q\(\o e‘o"’é K K RGN
M tv ?g?
M pc
| watch Phones represents 63% of customers’

u Others interests




Call Centers Analytics

Call Types ) Results on real data
0.7

Call Type Frequency
I e B O O

_ Support | 57.2% |
57.2% 0.5

0.4 -

0.3 -

0.2 -

0.1 -

| L
Buy Support Complain

Support calls represents 57.2% of
customers’ calls

O -

i Buy M Support M Complain




Call Centers Analytics

Agents Evaluation ) Results on real data

Evaluation

F
Ranges requency

9
8
7
6
5
4
3
2
1
0

0-5 5-6 6-7 7-8 8-9

( No Agent has an evaluation less than 5/9




Name Entities Recognition

Introduction

 Named Entity Recognition (NER) is a core task in Natural
Language Processing. It is considered to be an important
component for any intelligent system which works on
text analysis and processing. NER task is about
classifying the sentence words and entities into
categories, such as PERSON, ORGANIZATION or
LOCATION.

 We avoid any language-depended features as we want
to apply the same architecture on MSA and Dialectal
Arabic.



Name Entities Recognition

Data Collection and Annotation

Web Crawlers:
A crawler for a set of known news portals was built. The generated
corpus consists of 991,014,528 words (11,325,363 unique words).

Normalization & Preprocessing:

After removing the contexts with non-Arabic words, we extracted the
nine-word contexts of the most frequent trigrams. A set of three million
contexts was generated. This normalized corpus passed to the linguists
to apply the annotation process

Annotation Tool:

The named entities annotation tool helps in two main tasks
- Named entities collection (gazetteers)

- Annotation of a clean corpus
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Annotation Tool:
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Name Entities Recognition

Features Extraction

We used Word2Vec technique as our Word Embedding model to build a
look-up table for each unique word in our corpus. In general, there are
2 different Neural Networks architecture for Word2vec: Skip-gram
Model and Continuous Bag of Words (CBOW), we used Skip-gram as
according to the research community, Skip-gram gives better results
and better performance. We trained the Word2vec using a huge corpus
of Modern Standard Arabic.

Number of Sentence 9137635

Number of Unique Words 1114811




Name Entities Recognition

NER Architecture

OO O

Layer Number of neurons

Input 300 + 300 + 300 = 900

Hicdden Layer 1 kLl

RIGLEL N EW I 500

Hidden Layer3 iy
S S S Softmax Layer [E]

Waord_1 Wrord_Z [Target) Wrord_=




Name Entities Recognition

Results

We used open-source ArabicNER dataset along side our data collected from
Twitter and Wikipedia. But our latest system is trained on our data only.

Total Number of Samples 884102
Number of Unique Words 88458

I O

86.2% 84.4% 81.2%
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