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2. Overview Of Deep Learning Architecture
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. Auto-Encoders (AEs)
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Fig. 1. The Auto-Encoder neural network i which the output 1s similar to the
mnput [24]
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. Restricted Boltzmann Machine (RBM)
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Fig. 2. The Restricted Boltzmann Machine [17]
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. Deep Belief Network (DBN)
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. Convolutional Neural Networks (CNN)
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Fig. 5. Convolutional Neural Networks [52]
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. Deep Boltzmann Machine (DBM)
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Fig .6. The Deep Boltzmann Machine and its Pre-training procedure [30]
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. Deep Stacking Network (DSN)

A Deep Stacking Network Architecture
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. Recurrent Neural Network (RNN)
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3. DEEPLEARNING FOR BIGDATA ANALYTICS

1. 3 V's of Big Data

2. 4 V's of Big Data

3. 5 V's of Big Data

4. 10 V's of Big Data

5. 42 V's of Big Data and Data Science
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. 3V’s of Big Data

Big Data:
Expanding on 3 fronts
at an increasing rate.

Data
Velocity

Datq
Volume

18| PB

Data
Variety

- Velocity
SEO| YO| BOrX|= 2HF HIO|H 2| ¢l=|-d0| B0 X|7] & Ef
Ol21et SHON MZ2 £-d2l ‘=g (Veracity)O| 7HI*IEI
Ct.

- Volume
CHE 20| OB & HEA M|t M = Y= =
d, OOl = O & SE =2 A4AHEICE

- Variety
39, HEY, 28y 9| bty /2 HIOIHE 2

Ol

, CIO|E{AtO| A A TS 2019712688



— 03. DEEPLEARNING FOR BIGDATA ANALYTICS
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. 5V’s of Big Data

The Five V's of Big Data
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. 10 V' s of Big Data

Fig. 8. 10V's Of Big Data [55]
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.42 V' s of Big Data
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https://www.kdnuggets.com/2017/04/42-vs-big-data-data-science.html

4. APPLICATIONS OF DEEPLEARNING IN
BIGDATA ANALYTICS

1. Semantic Indexing

2. Conducting Discriminative Tasks

3. Semantic Image and Video Tagging
4. Social Targeting
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. Semantic Indexing
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. Semantic Image and Video Tagging
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. Social Targeting
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5. DEEPLEARNING APPLICATIONS FOR
BIGDATA ANALYTICS

1. Real-time Non-stationary Data
2. High-dimensional Data

3. Data parallelism

4. Multimodal Data

5. Large-scale models
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. Real-time Non-stationary Data
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. High-dimensional Data
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. Data parallelism
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. Multimodal Data
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. Large-scale models
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