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| Model

Category

Learning model |

Typical input data

Characteristics

AE

Generative

Unsupervised

Various

e Suitable for feature extraction,
dimensionality reduction

e Same number of input and output units
The output reconstructs input data

e Works with unlabeled data

RNN

Discriminative

Supervised

Serial, time-series

e Processes sequences of data
through internal memory

e Useful in 10T applications with
time-dependent data

RBM

Generative

Unsupervised,
Supervised

Various

e Suitable for feature extraction,
dimensionality reduction, and classification
e Expensive training procedure

DBN

Generative

Unsupervised,
Supervised

Various

e Suitable for hierarchical features
discovery
e Greedy training of the network layer by layer

LSTM

Discriminative

Supervised

Serial, time-series,
long time dependent data

e Good performance whit data of
long time lag
e Access to memory cell is protected by gates

CNN

Discriminative

Supervised

2-D (image, sound, etc.)

e Convolution layers take

biggest part of computations

Less connection compared to DNNs.

Needs a large training dataset for visual tasks.

VAE

Generative

Semi-supervised

Various

A class of Auto-encoders
Suitable for scarcity of labeled data

GAN

Hybrid

Semi-supervised

Various

Suitable for noisy data
Composed of two networks: one generator and
one discriminator

Ladder Net

Hybrid

Semi-supervised

Various

e Suitable for noisy data
e Composed of three networks: two encoders
and one decoder
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IoT Applications
(Section IV-B)

Foundational
Services
(Section IV-A)
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* Apache Storm
* Apache Spark
* Apache Samza
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