Chapter 1: Machine Learning Fundamentals
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Chapter 2: Deep Learning Essentials
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Public Cloud
Providers

Google Cloud Platform

- -

g 1T

LT L]
= Microsoft Azure LiEramazon
L7 webservices

Services v Resource Groups

EC2 Dashboard Resources (el
Events 4 -
You are using the following Amazon EC2 resources in the US East (N. Virginia) region: US East (Ohio)

Tags

i i US West (N. Calif
Reports 0 Running Instances 0 Elastic IPs lest (N. California)
Limits 0 Dedicated Hosts 0 Snapshots US West (Oregon)
- 1 Volumes 0 Load Balancers Asia Pacific (Mumbai)
Instancas 1 Key Pairs 3 Security Groups ‘Asia Pacific (Seou) hent

0 Placement Groups
Launch Templates Asia Pacific (Singapore)
on

Spot Requests Asia Pacific (Sydney)

Reserved Instances ‘ Learn more about the latest in AWS Compute from AWS re:Invent 2017 by viewing the EC2 Videos.

Asia Pacific (Tokyo)

Dedicated Hosts

Canada (Central)
Scheduled Instances Create Instance
EU (Frankiurt)
=] IMAGES To start using Amazon EC2 you will want to launch a virtual server, known as an Amazon EC2 instance. EU (irefan)
relan,
AMIs

Bundile Tasks EU (London)

Services ~  Resource Groups

1.Choose AMI 2 Choose Instance Type 3. Configure Instance 4. Add Storage 5. Add Tags 6. Configure Security Group 7. Review

Step 1: Choose an Amazon Machine Image (AMI)

Marketplace; or you can select one of your own AMIS. -
Quick Start 110 12 of 12 Products
Q, deep leaming ami ubuntu X
My AMIs
Deep Learning Base AMI (Ubuntul
AWS Marketplace amazon Decpleaming (Ubuntu) =n
webservices # % (1) 2.0| Sold by Amazon Web Services
Community AMIs $0.023 to $41.044/hr incl EC2 charges + other AWS usage feos

Linux/Unix, Uburtu 16.04 | 64-bit Amazon Machine Image (AMI) | Update: 1/25/18

v Categories Comes with just the foundational building blocks of deep learning i.e. NVidia CUDA, cuDNN, GPU drivers, and low-level system libraries to scale and accelerate
machine learing ...
All Categories
More info
Software
L [Decp Learning AMI {Ubuntu) m
Business Software (1) amazon

(2)14.0Sold by Amazon Web Services
$0.023 to $41.944/h 1 EC2 ch: + other AWS fees.
= G om 54  incl EC2 charges + other AWS usage
Linux/Unix, Ubuntu 16.04 | 64-bit Amazon Machine image (AMI) | Updated: 2/8/18

Clear Filter
Comes with pip packages of popular deep learning frameworks installed in separate virtual environments. Includes Apache MXNet, Cafe, Caffe2, TensorFlow,
¥ All Linux/Unix PyTorch, Keras, CNTK and ...
Ubuntu (12) More info
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Services ~  Resource Groups

njan Sarkar +

1.Choose AMI 2. Choosa Instance Type 3. ConfigureInstance 4. Add Storage 5. Add Tags 6. Configure Security Group 7. Review

Step 2: Choose an Instance Type

g2.8xiarge 32 60 2120 (SSD) - -
() p2.xlarge 4 61 EBS only Yes High Yes
GPU compute p2.8xlarge 32 488 EBS only Yes 10 Gigabit Yes
GPU compute p2.16xiarge 64 732 EBS only Yes 25 Gigabit Yes
1.Choose AMI 2. Choose Instance Type 3 Configura Instance 4. Add Storage 5. Add Tags 6. Configure Security Group 7. Review

Step 6: Configure Security Group
A security group is a set of firewall rules that control the traffic for your instance. On this page, you can add rules to allow specific traffic to reach your instance. For example, if you want to set up a web server and allow Internet
traffic to reach your instance, add rules that allow unresiricted access to the HTTP and HTTPS ports. You can create a new securily group or select from an existing one below. Learn more about Amazon EC2 security groups.

Assign a security group: ®Create a new security group

Select an existing security group

Security group name: Deep Learning AMI -Ubuntu--4-0-AutogenByAWSMP-
Description: \This security group was generated by AWS Marketplace and is based on recd|
Type (i Protocol (i Port Range (i Source (i Description (i
SSH hd TCP 22 Custom v | 0.0.0.0/0 le.g. S5H for Admin Desktop [<]
Custom TCP | ¥ TCP 8888 0.0.0.0/0, ::/0 e.. SSH for Admin Desktop [<]
Add Rule
Select an existing key pair or create a new key pair X

A key pair consists of a public key that AWS stores, and a private key file that you store. Together,
they allow you to connect to your instance securely. For Windows AMIs, the private key file is
required to obtain the password used to log into your instance. For Linux AMIs, the private key file
allows you to securely S5H into your instance.

MNote: The selected key pair will be added to the set of keys authorized for this instance. Learn more
about removing existing key pairs from a public AMI.

Choose an existing key pair r
Select a key pair
my-di-box v

# | acknowledge that | have access to the selected private key file (my-dl-box.pem), and
that without this file, | won't be able to log into my instance.

Services v  Resource Groups + % [\  Dipanjan Sarkar ~ M. Virginia *  Support v
£G2 Dashboard Uy A UCIGI D | DAIIE 1S e u TP —— R
Events “ Running On-Demand p2.8xlarge instances 1 Request limit increase
T
ags Running On-Demand p2 xlarge instances 1 Request limit increase
Reports
Running On-Demand p3.16xlarge instances o Request limit increase
S INSTANCES Running On-Demand p3.2xlarge instances 1 Request limit increase

Instances Running On-Demand p3.8xlarge instances 1 Request limit increase
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Connect To Your Instance X

1'would like to connect with ® A standalone SSH client
© A Java SSH Glient diractly from my browser (Java requirad)

To access your instance:

1. Open an SSH client. (find out how to connect using PuTTY)

2. Locate your private kay file (my pem).
used to launch the instance.

3. Your key must not be publicly vi

chuod 428 my-dl-box. pem
4. Gonnact to your instance using its Public DNS:
202~ XXXXXXRNX . Compute-1. amazonaws . com
Example:

ssh -1 "my-dl-box.pen” -compute-1

Pleasa note that in most cases the username above will be correct, however please ensure
that you read your AMI usage instructions to ensure that the AMI owner has not changed
tha dofault AMI username.

H you need any assistance connecting to your instance, please see our connection documentation.

Sun Feb 25 15:18:59 2818

o +
| NMVIDIA-SMI 384.66 Driver Version: 384.66 |
e e e EE TR E e e B R +
| GPU  MName Persistence-M| Bus-Id Disp.A | volatile Uncorr. ECC |
| Fan Temp Perf Pwr:Usage/Cap| Memory-Usage | GPU-Util Compute M. |
| = = |
| e Tesla Kse on | eeeseses:ee:lE.@ Off | 8 |
| w/a 4BC P8 31W / 149 | BMiB / 11439MiB | a% Default |
oo oo oo +
o +
| Processes: GPU Memory |
| @PU PID Type Process name Usage |
| |
| Mo running processes found |
b +
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A Not secure | hitps//localhost:3390

Y C |ANotsecure hitps//localhost:3890/loginTnext=%2F

Bookmarks

I Apps o Bookmarks
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Chapter 4: Transfer Learning Fundamentals
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Chapter 5: Unleashing the Power of Transfer
Learning
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Basic CNN Performance
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Accuracy

CNN with Image Augmentation Performance
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VGG Model as just a Feature Extractor
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Conv Layer 1(512, 3x3)

Conv Layer 2(512, 3x3)

v 3o0|1d

Conv Layer 3 (512, 3x3)

Max Pool (2x2)

Conv Layer 1(512, 3x3)

Conv Layer 2 (512, 3x3)

v 3o0|d

Conv Layer 3 (512, 3x3)

Max Pool (2x2)

Conv Layer 1 (512, 3x3)

Conv Layer 2(512, 3x3)

§320/18

Conv Layer 3 (512, 3x3)

Max Pool (2x2)

Conv Layer 1 (512, 3x3)

Conv Layer 2 (512, 3x3)

§300i18

Conv Layer 3 (512, 3x3)

Max Pool (2x2)

Flatten

Flatten

FROZEN

FROZEN

FROZEN

FROZEN

FROZEN

VGG Model with Fine-Tuning

L 32019

Layer 1(64,3x3)
Conv Layer 2 (64, 3x3)

Max Pool (2x2)

Zxdolg

Conv Layer 1(128, 3x3)

Conv Layer 2 (128, 3x3)

Max Pool (2x2)

£30019

Conv Layer 1(256, 3x3)
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Max Pool (2x2)

v o0|g
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Max Pool (2x2)

R B

Conv Layer 1 (512, 3x3)

Conv Layer 2(512, 3x3)

Conv Layer 3(512, 3x3)

Max Pool (2x2)

Flatten

FROZEN

FROZEN

FROZEN

FINE-TUNE

FINE-TUNE

Dense FC Layer 1

Dense FC Layer 2

1811sSe[0
I I I *

Output Layer

Dense FC Layer 1

Dense FC Layer 2

Jaiisse|] 04
I I I |

Output Layer

Usetwo FC layers
(512 units) and
final Output layer

1a1y1sse|D 04

III“

Dense FC Layer 1

Dense FC Layer 2

Output Layer

Use two FC layers
(512 units) and
final Output layer
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Layer Type

Layer Mame Layer Trainable

- o

S © @ =~ O ¢ & W M

<keras_engine.topologyinputLayer object at Ox7f26cE6b2518
<keras_ layers.convolutional Conv2D object at 0x7f277c9fc08l-=
<keras layers.convolutional Conv2D object at 0xTf26c86b26d8
<keras. layers.pooling. MaxPooling2D object at 0x7f26c86e6c88
<keras layers.comvolutional. Conv2D object at 0x7f26cB6Tdo18=
=keras_layers.comvolutional Conv2D ohject at 0xTf26cEER0F2E-
<keras. layers. pooling. MaxPooling2D object at 0xTf26c86%e5cls=
<keras layers.convolutional.ConvZD object at 0xTf26cBE3fE2E8-
=keras_layers.comvolutional Conv2D obhject at 0xTf26cBE3f1 28
<keras layers.convolutional. Conv2D object at 0x7T26cB660ThE=
<heras layers. pooling. MaxPooling2D object at 0uTf26c83dT d68
<keras layers.convolutional Comv2D object at feTi26c83fd358=
<keras layers.convolutional Conv2D object at leTi26c83fddda:=
<keras layers.convolutional. Conv2D object at 0x7f26cB30da0-
<keras_layers.pooling.MaxPooling2D object at 0x7f26cE3ac1 di=
<keras layers.convolutional Conv2D object at OxTi26c834=078>
<keras layers.comvolutional. Conv2D object at 0x7f271a15eb38=
<keras layers.convolutional. Conv2D object at 0x7f26cB371d68-
<keras_layers_pooling MaxPooling 2D object at Ox7f26c63140 00
«<keras. layers.core Flatten object at 0xTf26c828bdals

impaut_1
blockl convl
blockl comnv2
block1_pool
block? convl
block2 conv2
block2 pool
block3d convl
block3 conv2
block3 convd
block3 pool
block4 convl
block4 conv2
block4 convd
block4 pool
blockd convl
blockS conv2
blockS convd
blockd pool
flatten 1

False
False
Falsa
False
False
False
False
False
False
False
False
False
False
False
False
False
Falsa
False
False
False
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Pre-trained CMN (Transfer Learning) Performance
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Layer Type

Layer Name Layer Trainable

0 <=keras_engine.topologyInputLayer object at 0x7f26cE66b251 8=
<keras. layers_convolutional ConvZD object at 0x7F277cOc080=

-

<keras layers convolutional Conv2D object at 0xTf26c86b26d8=
<keras.layers. pooling. MaxPooling2D object at OxTi26c86e6c88-
<keras.layers.convolutional Conv2D object at 0x7f26cB6Tde18=
<keras. layers_convolutional Conv2D object at Ox7F26cE600§28:-
<keras.layers. pooling. MaxPooling2D object at 0xTi26c86%e5cl-
<keras. layers.convolutional.ConvZD object at Ox7TF26cBE3E28>
<keras. layers_convolutional Conv2D object at Ox7F26cB63H 28

LI -- T I - A

<keras.layers.comvolutional. ConvZD object at 0xTf26cB660ThE=
10 <keras layers.pooling. MaxPooling2D object at 0xTf26c83dTdE8>
11 <kerss layers convolutional Conv2D object at Oxif26c83fd358=
12 <keraslayers.convolutional Conv2D object at OxTi26c83fddd8=
13  «keras.layers.convolutional Conv2D object at 0x7f26cB30dal0=
14 <keras layers.pooling. MaxPooling2D object at 0x7f26cE3acT di=
15  =keraslayers.convolutional Conv2D object at OxTi26c834e078=
16  <keras.layers.convolutional Conv2D object at 0x7f271a15eb38>
17 <keraslayers.convolutional Conv2D object at 0x7f26cE371d68=
18 =keras. layers.pooling.MaxPooling2D object at 0x7Tf26cE31 4b00=
19 «<heras.layers.core.Flatten object at 0xTf26c826bdal>

input_1 False
blockl comvl False
blockl conv2 False
blockl pool False
block2 comvl False
block? conv? False
block? pool False
block3 conwvl False
blockd conv? False
block3d convd False
block3 pool False
blockd comvl True
blockd conv2 True
block4 convd True
blockd pool True
blockd comvl Trus
blockd conv2 True
blockh convd True
blocks pool True
flatten 1 True

Accuracy Value

Pre-trained CNN (Transfer Learning) with Fine-Tuning & Image Augmentation Performance

Loss

—— Train Loss

Walidation Loss

Accuracy
100 oc |
0.95 4 N \\J"'IH,-""".—"’“ '\"'.-\-"‘a"‘-'“\.-\,'“‘___-""\-’\f"\'].”\_
05
0.90
o 044
0.85 3
= 03
w7
0.80 a
5
0751 02
070 —— Train Accuracy 0.1 4
Validation Accuracy
0.65 1 oo |
T T T T T T T T T T .
0 20 30 40 50 e0 VO 80 100 %
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Model Performance metrics: Model Classification repert:

Prediction Confusion Matrix:

ACCUracy: B8.776 precision recall fl-score  support Predicted:
Precision: @.77&9 cat dog
Recall: @.775 cat .78 @.58 2.78 se@ Actual: cat 42 98
F1 Score: 8.7758 dog 8.73 B.75 a8.77 SBa dog 126 374
avg [ total 8.78 a.758 2.78 1668
Model Performance metrics: Model Classification repeort: Prediction Confusion Matrix:
ACCUrECY: 8,844 precision recall fl-score  support Predicted:
Precision: @.844 cat dog
Recall: @.8a4 cat a.84 a.834 2.84 Se2 Actusl: cat 422 78
F1 Score: ©.844 dog 8,84 a.84 8.84 SE3 dog 78 427
avg / total Q.84 8.84 2.54 1668
Model Performance metrics: Model Classificatiom report: Prediction Confusion Matrix:
ACcuracy: @.838 precision recall fl-score support Predicted:
Precision: @.2893 cat dog
Recall: 8,228 cat 2.2 B.8% 8.58 5828 actual: cat 427 73
F1 Score: @,8879 dog 8,86 8.92 2.89 S dog 33 agl
avg / total @,8% 8.89 2.89 loea
Model Performance metrics: Model Classificatiom repert: Prediction Confusion Matrix:
ACCUracy: 9,898 precisicn recall fl-score  support Predicted:
Precision: 8.8381 cat dog
Recall: @.598 cat 8.89 a.91 2.98 SBa actusl: cat 453 a7
F1 Score: 8.898 dog a.9e a.89 2.9a SEd dog 55 445
avg / total g.9e a.9a 2.98 1682
Model Performance metrics: Model Classificatiom repert: Prediction Confusion Matrix:
ACCUrECy: 8,951 precision recall fl-score support predicted:
Precisicn: e.9611 cat deg
Recall: @.961 cat 8.97 8.95 2.96 582 actyal: cat 476 24
F1 score: 8.961 dog .85 8.57 2.%8 582 dog 15 483
avg / total 8.96 B.95 2.96 1682

[48]




Receiver Operating Characberistic (ROC) Curve

Receiver Operating Characteristic (ROC) Curve
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Chapter 6: Image Recognition and
Classification

Feature maps

Convolutions Subsampling Convolutions Subsampling Fully connected
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Actualibird
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—— Train Accuracy
—— Validation Accuracy

12345678901234361320P2323E@2230B33336 5330
Epoch

Neural Net Performance

—— Train Loss
—— Validation Loss

0.24

0.2z

0.20

018

Loss Value

0.16
0.14

012

0.10

12345678901234361320P2323@ 2230333336 5330
Epoch

[51]



Actual:deer
Predicted:deer(0.89)

Actualtruck
Predicted:truck(0.91)

Actual:frog
Predicted:frog(0.85)

e

Actual-horse
Predicted:frog(0.57)

Actual:dog
Predicted:dog(1.0)

Foo
-....-

Actual-automobile
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Predicted:deer(0.57)

— =y
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Predicted:frog(1.0)

Predicted-automaobile(0.96)

Actualairplane
Predicted:airplane(1.0)

+ *a

Actual ship
Predicted:ship(0.91)
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Actual: basset
Pred: basset
Conf: 0.98

Actual: papillon
Pred: papillon
Conf: 1.0

Actual: bloodhound
Pred: bleodhound
Conf: 0.89

Actual: basenji
Pred: basenji
Conf: 0.89

Actual: samoyed
Pred: samoyed
Conf: 0.99

Actual: toy_terrier
Pred: toy_terrier
Conf: 0.98

Actual: english_setter
Pred: english_setter
Conf: 0.62

Actual: whippet
Pred: whippet
Conf: 0.47

Actual: black-and-tan_coonhound
Pred: black-and-tan_coonhound
0

Actual: chihuahua
Pred huahua

Actual: irish_terrier
Pred: irish_terrier
Conf: 0.97

Actual: chihuahua
Pred: chihuahua
Conf: 0.98

Actual: Ihasa
Pred: lhasa
9

Con

Actual: doberman
Pred: doberman
Conf: 0.98

Actual: newfoundland
Pred: newfoundland
Conf: 0.72

Actual: blenheim_spaniel
Pred: blenheim_spaniel
Conf: 0.99

Actual: curly-coated_retriever
Pred: curly-coated_retriever
Conf: 0.95

Actual: blenheim_spaniel
Pred: blenheim_spaniel
Conf: 0.95

Actual: afghan_hound
Pred: afghan_hound
Conf: 1.0

Pred: irish_terrier
Conf: 0.97

Pred: ibizan_hound
Conf: 1.0

Actual: malamute
Pred: malamute
Conf: 0.97

Actual: pomeranian
Pred: pemeranian
Conf: 0.99

Actual: border_terrier
Pred: border_terrier

Actual: great_pyrenees
Pred: great_pyrenees
Conf: 0.97

[53]




Image sizes
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Accuracy Value

Deep Neural Net Performance

Accuracy Loss
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Chapter 7: Text Document Categorization

INPUT PROJECTION OUTPUT INPUT PROJECTION OUTPUT

w(t-2)
t1 w(t-1)
\sum
t | t
t+1) wi(t+1) 7
1+2 w(t+2
Skip-gram CcBOw
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Out[12]:

0 1 2 3 4
bland dull lifeless forgettable | uninspired | unconvincing
boring dull pointless tedious predictable | uninteresting
confused irritated puzzled disturbed |frustrated |annoyed
disappointing | unsatisfying |disappointed | enjoyable |surprising |satisfying
fascinating compelling enthralling | captivating | unique vivid
good decent great nice bad fine
hilarious funny hysterical priceless | comical humorous
imaginative |inventive innovative  |ingenious |intricate creative
nasty sadistic sleazy gory icky vicious
predictable clichéd formulaic contrived |implausible | dull
romantic romance screwball bittersweet | sentimental | delightful
senseless pointless meaningless | disgusting |sickening | boring
sensitive sincere passionate | mature delicate confident
superior inferior weaker truer classier maligned
unfortunate |unacceptable | disastrous | dubious inadequate | important
violent brutal graphic gruesome | sadistic violence

[571
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K-max pooling
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Chapter 8: Audio Event Identification and
Classification
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mel power spectrogram [Harmaonic)
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Visualizing Feature Maps for Audio Clips
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Visualizing Amplitude Waveforms for Audio Clips

siren gun_shot dog_bark
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Visualizing Feature Maps for Audio Clips

siren gun_shot

Actual Sound Location Predicted Sound
1] siren  UrbanSound8K test/sirenpolice.wawv siren
1 gun_shot UrbanSoundBK/test/gunfight.wav gun_shot
2 dog bark  UrbanSound8k/test/dog bark.wav dog_bark
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Chapter 9: DeepDream

cabbage butterfly - sulphur utterfly
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activation_1 #filters=32
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Chapter 10: Style Transfer

Style Image
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Content Image: Wakanda
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Style Image: Van Gogh's Starry Night
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Chapter 11: Automated Image Caption
Generator

» A BMX bike rider in a black and red uniform on a durt bike.

o A person on a bmx bike.

» A person wearing a black helmet rides a red bike through the woods.
s Biker with helmet riding red dirt bike in the woods.

s Dirt bike rider getting ready to start down the slope.
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word prediction

LST™M ,
memory block :
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caption

image

A black dog is running after a white dog in th...
Black dog chasing brown dog through snow

Two dogs chase each other across the snowy gro...
Two dogs play together in the snow .

Two dogs running through a low lying body of w...
A little baby plays croquet .

A little girl plays croquet next to a truck .

The child is playing croquette by the truck .

The kid is in front of a car with a put and a ...

The little boy is playing with a croquet hamme...

2513260012 03d33305cf.jpg
2513260012 _03d33305cf.jpg
2513260012 03d33305cf.jpg
2513260012 _03d33305cf.jpg
2513260012 03d33305cf.jpg
2903617548 _d3e38d7f88.jpg
2903617548 d3e38d7188.jpg
2903617548 _d3e38d7f88.jpg
2003617548 _d3e38d7188.jpg
2903617548 _d3e38d7f88.jpg
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a black dog is running after a white
dogin ...

Image Caption

| 0.142 | 0 | 1.135 | | |0 |1.734 | | a | black |dog |is |mnning |aﬂer |

Batch Size Model Data Generator
0.142 01]1.135 0 1.734
0.142 0]1.135 0 1.734
0.142 0]1.135 0 1.734

|0.142 |0|1.135 | | |EI |'I.734 |

a
Image Feature Vectors black
dog
is
['«<START=', <PAD=', '<PAD=','<PAD=", '<PAD=', '<PAD>'", '<PAD>", "< PAD=', '<PAD>', "<PAD=", '<PAD="], running
['<START=' ', '<PAD>", '<PAD=', '<PAD=', "< PAD>'", "<PAD=", '<PAD=", '<PAD>", "< PAD>', '<PAD>,
['«<START=', g, ‘black’, '<PAD>'" "< PAD=", '<PAD=', '<PAD>", '<PAD>", ' PAD=", '<PAD>", "<PAD=, after
['«<START=' g, ‘black’, 'dog, '<PAD=', '<PAD>""<PAD=", '<PAD=', '<PAD>", <PAD=", '<PAD=>, a
[<START>", &, "black’, 'dog), i, '<PAD>', "<PAD>', '<PAD>',"<PAD>", '<PAD=>', '<PAD>1], white
['«<START=', g, black’," ', ‘Tunning’, '« PAD=", '<PAD>", '<PAD=', '<PAD>', "< PAD>, dog
['«<START=", g, black’, " ', ‘running’, "after, "<PAD>", "< PAD>", "«PAD=", "<PAD="],
['«<START=', g, black’," ', ‘running’, ‘after’, "a, '<PAD=", <PAD=", "< PAD=, in
[<START=","d, "black’, " ', ‘Tunning’, "after’, "a, ‘white’, '<PAD>", <PAD>T],
a

['<START>",'&, "black’, " is’, ‘running’, ‘after’, s, ‘white, ‘dog, '<PAD=1

Next Word

Partial Captions
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Layer (type) Output Shape Param # Connected to

embedding 1 input (InputLayer) (Mone, 39) ]

dense_1_input (InputLayer) (Mone, 4896) ]
embedding 1 (Embedding) (Mone, 39, 256) 2829312 embedding_ 1 input[@][a]
dense_1 (Dense) (Mone, 256) 1848332 dense_1_input[@][@]
lstm_ 1 (LSTM) (Mone, 39, 256) 525312 embedding_1[@][@]
repeat_vector_1 (RepeatVector) (Mone, 39, 256) ] dense_1[@][@]
time_distributed 1 (TimeDistribu (Mone, 39, 256) 65792 1stm_1[@][e]
concatenate 1 (Concatenate) (Mone, 39, 512) =] repeat_vector_1[@][@]
time_distributed 1[@][@]
lstm_2 (LSTM) (Mone, 1824) 6295552 concatenate_1[@][@]
dense_3 (Dense) (Mone, 7927) 8125175 1stm_2[@][e]

activation_ 1 (Activation) (Mone, 7927) ] dense_3[@][e]
Total params: 18,889,375
Trainable params: 18,089,375

Mon-trainable params: @
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mput: | (MNone, 39)
Inputlaver - —
cutput: | (None, 39)
r
input: None, 39 input; None, 4096
Embedding i (None. 3%) Inputl aver i (None, )
output: | (None, 39, 256) ) cutput: | (None, 4096)
Y
input: | (None, 39, 238 input: | (MNene, 4024
LSTM Inpu f\:cne_:n .23 ) Demse npuf {'\f:-ne_ - )]
output: | (None, 39, 236) output: | (None, 236)
input: Mone, 39, 236) Nomne, 236
TimeDiztributediDensze) P {\ 7 — RepeatVector [-\ - }
output: | (None, 39, 236) output: | (MNene, 39, 236)

=

imput: | [(None, 39, 256), (None, 39, 234)]
Concatenate - -
output: (MNone, 39 5112)
L
LSTM input: | (None, 38, 512)
cutput: | (INone, 1024)
L
mput: | (None, 1024)
Denze - -
cutput: | (None, 7927)
L
input: None, 7917
Activation P ¢ -one_ _J
output: | (None, 7927)
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Model Training History

0450

0425

0400

0375

Accuracy

0350

0325

0.300

0275

10

0.0010

0.0008

0.000&

Learning Rate

0.0004

0.0002

T 0
Epochs

I
Epochs

50

0 1 0
Epochs

0

50

BLEU-1 ELEU-2

BLEU-3 BLEU-4

Epoch30 BeamSearch 1
Epoch50 BeamSearch 1
Epoch30 BeamSearch 3
Epoch50 BeamSearch 3
Epoch30 BeamSearch 5
Epoch50 BeamSearch 5
Epoch30 BeamSearch 10
Epoch50 BeamSearch 10

0.504957 0.322464
0.472661 0.296896
0.503568 0.325535
0.535221 0.364593
0.519058 0.334287
0.541103 0.377383
0.531228 0.348353
0.551929 0.384170

0.229623 0.120146
0.213849 0.109014
0.237265 0124127
0.252667 0.167056
0.255741  0.143111
0.262667 0177056
0.267133 0.158336
0.270649 0.188850
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Epoch50 BeamSearch 10

Epoch30 BeamSearch 10

Epoch50 BeamSearch 5

Epoch30 EeamSearch &

Epoch50 BeamSearch 3

Epoch30 BeamSearch 3

Epoch50 BeamSearch 1

Epoch30 EeamSearch 1

0o

01

0.2

03

04

05

BLEU-1
BLEU-2
BLEU-3
BLEU-4
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100

200

300

400 18

100 200 300 400 500 600
Caption{ep30): a little girl wearing a red shirt is swinging on a park swing
Caption{ep50): a little girl is swinging on a swing

o 100 200 300 400 500 600
Caption{ep30)- a black and white dog is playing with a red ball in the grass
Caption{ep50): a white dog is running through a field of green arass

200 300 400 500 600
Caption{ep30)- a group of people are standing in front of a crowd of people
Caption{ep50): a group of people stand on a sidewalk near a crowd of people

Automated Image Captioning: Outdoor Scenes 1
~ 0

100 200 300 400 500 600
Caption{ep30)- a brown dog is running on the shore of the ocean
Caption{ep50): a brown dog is running in the sand at the beach

0
100
200
300

400

o 200 300 400 500 600

Caption{ep30)- a group of people stand on a road in the middle of a group of people

Caption{ep50): a group of people stand on a road looking at each other
o

50 4

100

150 1

200 1

250

o 100 200 300 400 500
Caption{ep30): a brown dog and a white dog are playing in the snow
Caption{ep50): twe dogs play in the snow

[81]




100

200 4

o 100 200 300 400 500 600
Caption{ep30): a man in a blue shirt is in the water with a boat in the background
Caption{ep50): @ man in a blue shirt and a boat in the water

0
50 4
100 1
150
200
250 4
300

350

300

o 100 400 500
Caption{ep30): a man is climbing a reck rock rock wall
Caption{ep50): a man in a red shirt is climbing a rock wall

T
o 100

T

600
Caption{ep30): a man in a red jacket is standing in the snow

Caption(ep50): a man in a blue jacket is skiing down a snowy mountain

T T T T
200 300 400 500

Automated Image Captioning: Outdoor Scenes 2
- o

100
150
200
250
300
350
400 ~ e

o 100 200 300 400 500 600

Caption{ep30): a man is riding a dirt bike in the woods
Caption{ep50): a man rides a dirt bike in the woods

100
200 1
300 4
400 4

s

T T - T T T T
o 100 200 300 400 500 600
Caption{ep30): a man in a blue jacket is playing in the snow
Caption{ep50): @ man in a blue jacket is playing in the snow

0

50
100

150 1

200 1
250
300
350
400

600
Caption{ep30): a surfer in a blue wetsuit is surfing on a wave
Caption(ep50): a man in a blue wetsuit is riding a wave into the occean

o 100 200 300 400 500

[82]




- T — S T T T T
o 100 200 300 400 500 200 300 400 500 600
Caption{ep30): a baseball player is playing soccer Caption(ep30): a man in a blue uniform is holding a soccer ball
Caption{ep50): a baseball player in a white uniform is playing baseball Caption{ep50): two men playing basketball

T T 1
o 100 200 600 500

Caption(ep30): a football player in a red jersey is playing football Caption(ep30): the hockey player is racing down the ice
Caption{ep50): a football player in red is being tackled by a player in a white jersey Caption{ep50): a hockey player looks at the goal

T T T
100 200 300 600 o 100 200 300 400 500

Caption{ep30): a race car is driving around a car Caption{ep30): a baseball player in a white uniform is playing tennis
Caption{ep50): a race car is driving on a dirt track Caption{ep50): a tennis player in a white uniform is playing tennis
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Automated Image Captionin
=] = 0 =

Sports Scenes 2

100
150
200
250
300
350
400

100 200 300 400 500 0 100 200 300 400 500 800
Caption{ep30): a man in a helmet is riding a bmx bike Captieniep30): a person in a blue shirt is doing a trick in the air on a bike
Caption{ep50): a person rides a dirt bike on a hill Caption{ep50): a man is riding a motorcycle on a dirt hill

o

200

300 4

400

200 300 400 500 600 o 100 200 300 400 500 600
Caption{ep30): a man deing a trick on a skateboard on a ramp Caption{ep30): a skateboarder does a jump on his skateboard
Caption{ep50): @ man doing a skateboard trick on a ramp Caption{ep50): @ boy in a red shirt does a trick on his skateboard in a skate park

o
50
100
150

100 200 400 500 600 100 200 300 400 500 600
Caption{ep30): two boys are playing soccer in a field Captien(ep30): a group of children playing with a soccer ball in the grass

Caption{ep50): a soccer player is playing soccer Caption{eps0): two people are playing soccer on a grassy hill
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Chapter 12: Image Colorization
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Original

A B
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Fusion Layer

Decoder

VGG16

Pretrained Model
For Transfer Learning
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hallucination

grayscale

grayscale original

hallucination

grayscale original
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