Chapter 1: Why Deep Learning?
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Chapter 2: Getting Yourself Ready for Deep
Learning

High Medium Low

Almost entire method is data parallel* More than half of the method is data  None or up to half of the method is data parallel
Data [75-100%). parallel (50-75%). (0-50%).

The thread count is equal to or more than
Thread count the number of pixels/voxels in the image. The thread count is in the thousands.  The thread count is less than a thousand.

More than 10% of the AUEs*™ have Less than 10% of the AUEs have

branch divergence and the code branch divergence, but the code
Branch div complexity in the branch is substantial.  complexity is substantial. The code complexity in the branches is low.

Memory usage More than SN** From 2N to 5N. 2N or less.
Global synchronization is performed
more than hundred times. Thisis usually  Global synchronization is performed
¥ true for iterative methods. between 10 and 100 times. Only a few global or local synchronizations.

* Data Parallel : An algorithm that can perform the same instructions on multiple data elements in parallel is said to be data parallel.
** AUE: An AUE is thus a group of threads that are all executed atomically on thread processors in the same core. Nvidia calls them wraps while AMD calls them wavefronts.
*** N is the total number of pixels/voxels in the image

Services v Resource Groups

1.Choose AMI  2.Choose InsianceType 3. Configure nstance 4. Add Storage  5.AddTags 6. Configure Securty Group 7. Review
Step 1: Choose an Amazon Machine Image (AMI) Gancel and Exit

An AMI s a template that contains the software configuration (operating system, application server, and applications) required to launch your instance. You can select an AMI provided by AWS, our
user community, or the AWS Marketplace; or you can select one of your own AMIs.

Quick Start 11031 of 31 AMIs

My AMis Amazon Linux AMI 2016.09.0 (HVM), SSD Volume Type - ami-19619996

Amazon Linux _~ The Amazon Linux AMIis an EBS-backed, AWS-supported image. The default image includes AWS command line tools,
Python, Ruby, Perl, and Java. The repositories include Docker, PHP, MySQL, PostgreSQL, and other packages.

AWS Marketplace 64-bit
Community AMIs. Root device type: ebs  Virtualizaton type: hum

L) Red Hat Enterprise Linux 7.3 (HVM), SSD Volume Type - ami-e4c63e8b

CFree tier only (i
RedHat __ Red Hat Enterprise Linux version 7.3 (HVM), EBS General Purpose (SSD) Volume Type. 64-bit

Root device type: ebs  Virtuaizaion type: v

3 SUSE Linux Enterprise Server 12 SP2 (HVM), SSD Volume Type - ami-c425edab

SUSELinux _ SUSE Linux Enterprise Server 12 Service Pack 2 (HVM), EBS General Purpose (SSD) Volume Type. Public Cloud, Advanced
Systems Management, Web and Scripting, and Legacy modues enabled

64-bit
Root device type: ebs  Vitualzaton type: hwm.

® Ubuntu Server 16.04 LTS (HVM), SSD Volume Type - ami-b03ffedf

Ubuntu Server 16.04 LTS (HVM)EBS General Purpose (SD) Volume Type. Support available from Canonical

Ba4-bit
IEEXEETEN (vt bt com/cloud/servios).

Root device type: ebs  Virtuaizaton type: hum

& Microsoft Windows Server 2016 Base - ami-0a915665 m
Windows _ Microsoft Windows 2016 Datacenter edition. [English] seot
Root devica type:abs  Vrtuaizaton type: hum
Are you launching a database instance? Try Amazon RDS. Hide
. Amazon Relational Database Service (RDS) makes it easy to set up, operate, and scale your database on AWS by automating time-

consuming asks. With RDS, deploy Amazon Aurora, MariaDB, MySQL, Oracle,
PostgreSQL, and SQL Server databases on AWS. Aurora is a MySQL-compatible, enterprise-class database at 1/10th the cost of
commercial databases. Learn more about RDS

Launch a databass using RDS

Microsoft Windows Server 2016 Base with Containers - ami-3195525e

Amazon RDS
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Services v Resource Groups v %

0soAMI  2.ChooseInstanceType  3.Configuelnstance 4. AddStorage  5.AddTags 6. Configure Securty Group 7. Review
Step 2: Choose an Instance Type
Compute optimized c3large 2 375 216 (SSD) - Moderate
Compute optimized c3xiarge 4 75 2x40(SSD) Yes Moderate
Compute optimized ca2xiarge s 15 2x80(SSD) Yes High
Compute optimized caaxiarge 1 30 2x160(SD) Yes High
Gompute optimized c3.8xlarge 32 60 2x 320 (SSD) - 10 Gigabit
] GPU instances g2.2xlarge 8 15 1x60 (SSD) Yes. High
GPU instances g2.8xlarge 32 60 2x 120 (SSD) - 10 Gigabit
Memory optimized rd.large 2 15.25 EBS only Yes High
Memory optimized r4.xiarge 4 205 E8S only Yes High
Memory optimized r4.2xiarge s 61 EBS only Yes High
Memory optimized ra.axiarge 1 122 EBS only Yes High
Memory optimized r4.8xiarge. a2 244 EBS only Yes 10 Gigabit
Memory optimized r4.16xlarge 6 488 EBS only Yes 20 Gigabit
Memory optimized r3.large 2 15 1x32(SSD) - Moderate
Memory optimized r3.xlarge 4 305 180 (SSD) Yes Moderate
Memory optimized r3.2xarge 8 61 1160 (§5D) Yes High
Memory optimized ruaxiarge 1 122 1320 (§5D) Yes High
Memory optimized ra.exarge 2 P 2x320(58D) - 10 Gigabit
Memory optimized X1.16xlarge o 976 1x1920 Yes 10 Gigabit
Memory optimized X1.32xlarge 128 1952 2x1920 Yes 20 Gigabit
Storage optimized d2.xlarge 4 305 3x2048 Yes Moderate
Storage optimized «d2.2xlarge 8 61 6x2048 Yes High
Storage optimized 2 4xiarge 1 122 122048 Yes High

Last logi Tue Jan 16 17:20:00 on ttys001

Anurag:~ anuragbhardwaj$ python tensor-toy.py

dyl warning, LC_RPATH $ORIGIN/../../_solib_darwin_x86_64/_U_S_Stensorflow_Spyt
hon_C_Upywrap_Utensorflow_Uinternal.so___Utensorflow in /Library/Python/2.7/site
-packages/tensorflow/python/_pywrap_tensorflow_internal.so being ignored in rest
ricted program because it is a relative path

Couldn't import dot_parser, loading of dot files will not be possible.
2018-01-16 17:39:57.587007: I tensorflow/core/platform/cpu_feature_guard.cc:137]
Your CPU supports instructions that th TensorFlow binary was not compiled to
se: SSE4.2 AVX AVX2 FMA

('Value after running graph:', 10.0)
Anurag:~ anuragbhardwaj$ I
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Chapter 3: Getting Started with Neural

Networks
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Chapter 4: Deep Learning in Computer
Vision
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Chapter 5: NLP - Vector Representation

5

dog

strangers strangers

=
m—
— o
=
=

1

Men vs. Women Verbs vs. Nouns
man walked
(] @
) (] woman
king o O swam
[ )] walking
queen ®
/ swimmin,
‘// // O 9

Type of relationship ‘Word Pair 1 ‘Word Pair 2
Common capital city Athens Greece Oslo Norway
All capital cities Astana Kazakhstan Harare Zimbabwe
Currency Angola kwanza Iran rial
City-in-state Chicago Ilinois Stockton California
Man-Woman brother sister grandson | granddaughter
Adjective to adverb apparent apparently rapid rapidly
Opposite possibly impossibly ethical unethical
Comparative great greater tough tougher
Superlative easy easiest lucky luckiest
Present Participle think thinking read reading
Nationality adjective || Switzerland Swiss Cambodia Cambodian
Past tense walking walked swimming swam
Plural nouns mouse mice dollar dollars
Plural verbs work works speak speaks
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Chapter 6: Advanced Natural Language
Processing
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Chapter 7: Multimodality
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Basketball player has fallen on the court while another grabs at
the ball from out of frame.

Two basketball players, one on the floor, struggle to gain
possession of a basketball.
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Chapter 8: Deep Reinforcement Learning
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Reward 5 0.549656867981
Reward . (3)  S5E221LE1L 2 i
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@, Reward = 0.0, Q-Value 0.542133152485
14, Reward = 0.0, Q-Value 0.843689084053
6, Reward 0.0, Q-Value 0.365039229393

v v -

. N

“ e e e e e e o
[SESES IS

4
4
4
4
i
0
9
6
i
[}
(%}
41
4
8
il
7
%}
4
8
0
4
6
6
0

(SIS IS B INS BCS RUS RS
(SIS IS EGS BNS B IS B S)

[371]



Chapter 9: Deep Learning Hacks

glt+1) — gt _ ¢ .

-

MNew model
parameters Old model
at t+1

parameters

Learning rate at
teration k

_, Gradient t_:rf
loss function

Epoch t

Theme Name

Description

Applications

More details

Parameter pruning and sharing

Reducing redundant parameters which
are not sensitive to the performance

Convolutional layer and
fully connected layer

Robust to various settings, can achieve
good performance, can support both train
from scratch and pre-trained model

Low-rank factorization

Using matrix/tensor decomposition to
estimate the informative parameters

Convolutional layer and
fully connected layer

Standardized pipeline, easily to be
implemented, can support both train
from scratch and pre-trained model

Transfered/compact convolutional
filters

Designing special structural convolutional
filters to save parameters

Only for convolutional
layer

Algorithms are dependent on applications,
usually achieve good performance
only support train from scraich

Knowledge distillation

Training a compact neural network with
distilled knowledge of a large model

Convolutional layer and
fully connected layer

Model performances are sensitive
to applications and network structure
only support train from scratch
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Quantization: less bits per weight

Pruning: less number of weights pr- - ~ Huffman Encoding
'
e ——— ~ \ pmmm——————

Re N | | Cluster the Weights ] ; h \

I : : : 1 !

' n i X
original | Trein Gonnectivity | same : | same | | Encode Weights | same
network 1 | accuracy | |Generate Code Book laccuracy | jaccuracy

1 1 1 ! !

| | Prune Connections ' I 1 E> 1 !
original 1 9x-13x : Q : : ! 27%-31x | 35x-49x

uantize the Weight 1 %1 | Encode Index ! =

1 1

size ' Iredu.:tlon: with Code Book :reductlon: :reductlon
I

: Train Weights | ! ! M U

1 ! |

\ 4 | Retrain Code Book :

S~ -7 \ !
. 4
Quantized weight
Initial weight matrix (filled in with  Original Fine-tuned
matrix bin index) centroids centroids
weights cluster index fine-tuned
(32 bit float) (2 bit uint) centroids centroids
-0.98 | 1.48 | 0.09 3o |2 |1 |
0.05 |-0.14 | -1.08 cluster | 1 1 0 3 2
-0.91 0 |-1.03 = o | 3| 1| o |1
0 | 153 1.49 31|22
gradient
0.03 | 0.01 | -0.02 reduce
Each row
0.02 | -0.01 0.01 | 0.04 | -0.02 X\ summed up, to be
subtracted by the
-0.01|-0.02 | -0.01 | 0.01 original centroids
Initial Grouped gradient according to the quantized
gradient weight matrix (filled in with bin index)
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Chapter 10: Deep Learning Trends

Generative Adversarial
Network
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Convolution
300 filters.
19 width

Batch
normalize

Max pool
3 width

Batch
normalize

Max pool
4 width

Convolution
200 filters
11 width

Convolution
200 filters
7 width

Batch
normalize

Max pool
4 width

Linear
1000 units

RelU

Dropout
0.3p

Linear

1000 units

RelU

Dropout
0.3p

Linear
164units

Sigmoid
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Convolution Pooling

Layers Layers
> C1 > P1
Input MRI > - -
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> O Output
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Original Image:

Non-relational question:

What is the size of
the brown sphere?

Relational question:

Are there any rubber
things that have the
same size as the yellow
metallic cylinder?

5

What size is the cylinder
that is left of the brown
metal thing that is left
of the big sphere?

.
>

Final CMN feature maps

Object pair

f¢-MLP

|
B —» small

Element-wise

sum

BB-B- |J

what size sphere
L

I
LSTM™
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