
A PRACTICAL 
INTRODUCTION 
TO DEEP LEARNING
WITH KERAS AND TENSORFLOW
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LEARNING GOALS

In couple of hours, we can only travel 

so far

Main goal: 

Become familiar with main ideas and 

process

A starting point for solving your own 

problems
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AGENDA

Data

ÅUS Naval Research Laboratory (NRL)

Å2000 to 2016

Å~30 minute interval 

ÅPacific and Atlantic

ÅMultiple geostationary satellites

ÅGOES, Himawari, MTSAT, etcé

Å~45,000 images

Sourc e: http s:/ / www.nrlmry.navy.mil/ tc da t/ tc 05/ ATL/ 12L.KATRINA/ ir/ geo/ 1km/

LAB 1: CNNs AND KERAS 
101

1:50-2:30 ET
LAB 2: TROPICAL CYCLONES

INTRO TO DL, PART 1

DL

Nice to 
meet you!
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DEEP LEARNING ANALOGIES
What is this deep learning thing, anyway?

A NEW TYPE OF SOFTWARE A GENERALIZATION OF CURVE FITTING
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A NEW WAY TO BUILD SOFTWARE

Traditional Programming vs Machine Learning

SOFTWARE 1.0: 
Traditional Programming

Programmer
Task

Expert
Knowledge

Human
Readable
Function

Optimizer

SOFTWARE 2.0: 
Machine Learning

Adam

Tons of
Examples

Machine
Learning
Function
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A DIFFERENT WAY TO BUILD SOFTWARE

Traditional Programming vs Machine Learning

Optimizer

SOFTWARE 2.0: 
Machine Learning

Tons of
Examples

Machine
Learning
Function

Adam

Goals for today:

1. Learn to use this new approach

2. Revolutionize Science
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A DIFFERENT WAY TO BUILD SOFTWARE
Hand written vs leanred functions.

TEMP, PRESSURE, MOISTURE

PROBABILITY OF RAIN

FUNCTION 1

FUNCTION 2

FUNCTION 3

FUNCTION 5

FUNCTION 4

Function1(T,P,Q)

return y

HAND-WRITTEN FUNCTION

Convert expert 
knowledge into a function

Function1(T,P,Q)

update_mass()

update_momentum()

update_energy()

do_macrophysics()

do_microphysics()

y = get_precipitation()

return y

LEARNED FUNCTION

Reverse-engineer a function 
from inputs / outputs

Function1(T,P,Q)

return y

Function1(T,P,Q)

A = relu( w1 * [T,P,Q] + b1)

B = relu( w2 * A       + b2)

C = relu( w3 * B       + b3)

D = relu( w4 * C       + b4)

E = relu( w5 * D       + b5)

y = sigmoid(w6 * E     + b6)

return y
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A DIFFERENT WAY TO BUILD SOFTWARE
The two approaches are complimentary

MANUAL 
PROGRAMMING

ά{hC¢²!w9 мΦлέ
ENGINEERED

LABOR INTENSIVE
EXPLICIT

EXPLAINABLE
SIMPLE

FROM EXPERTISE

MACHINE LEARNING

ά{hC¢²!w9 нΦлέ
REVERSE-ENGINEERED
AUTOMATIC
IMPLICIT
SUBTLE
COMPLEX
FROM EXAMPLES

(For best results, combine as needed)
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A DIFFERENT WAY TO BUILD SOFTWARE
Complex phenomena are best described implicitly.

EXAMPLE: ATMOSPHERIC RIVER- 3 -

Characterizing Extreme Weather 

in a Changing Climate
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A GENERALIZATION OF CURVE FITTING
Curve fitting provides the starting intution

x

y

y=f(x)
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High dimensional x,y
Hierarchical
Millions of parameters

Supervised
Deep 

Learning

Find █, given ●and ◐

● ◐

A GENERALIZATION OF CURVE FITTING
Differences from traditional curve fitting
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EXAMPLES
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RECOGNITION/CLASSIFICATION -> FILTER
De-noising gravitational waves

DL enabling 5000x faster filtering for real -time multi -messenger astronomy

Laser Interferometer Gravitational -wave 

Observatory (LIGO). 
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USING NUMERIC SIMULATIONS TO TRAIN AI
Data-driven Fluid Simulations using Regression Forests
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Background

It takes 14 years and $2.5 Billon to develop 1 drug

Higher than 99.5% failure rate after the drug discovery phase

Challenge

QC simulation is computationally expensive - it takes 5 years to 

compute on CPUs

So researchers use approximations, compromising on accuracy.  

To screen 10M drug candidates,.

Solution

Researchers at the University of Florida and the University of 

North Carolina leveraged GPU deep learning to develop a custom 

framework ANAKIN-ME, to reproduce molecular energy surfaces 

with super speed (microseconds versus several minutes), 

extremely high (DFT) accuracy, and at up to 6 orders of 

magnitude improvement in speed.

Impact

Speed and accuracy could start a revolution in computational 

chemistry ñand forever change the way we discover the 

medicines of the future

CONVERGED HPC
REVOLUTIONIZING DRUG DISCOVERY
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EXAMPLE APPLICATIONS

2018: LUNAR CRATER IDENTIFICATION VIA DEEP LEARNING

https://arxiv.org/pdf/1803.02192.pdf

https://phys.org/news/2018-03-technique-ai-craters-moon.html

DIGITAL ELEVATION GROUND TRUTH PREDICTIONS

https://arxiv.org/pdf/1803.02192.pdf
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IMPLEMENTATION BASICS
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AUTO-ML
Eventually, the optimizer might be able to do everything for you
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WHAT YOU NEED TO MAKE DEEP LEARNING WORK
You need three main ingredients (and some skill)

LARGE QUANTITIES OF DATA ML FRAMEWORK GPU ACCELERATOR

KERAS + TENSFORFLOW
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DEEP LEARNING FRAMEWORKS
Many frameworks to choose from (but not for Fortran)

JuliaC++

z

Python



21

DEVELOPMENT ENVIRONMENT 
JUPYTERNOTEBOOKS
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NVIDIA GPU CLOUD REGISTRY
CONTAINERIZED SOFTWARE

Singularity
DEEP 

LEARNING
HPC
APPS

HPC
VISUALIZATION
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LINEAR REGRESSION
With Scikit Learn

c
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LINEAR REGRESSION
With Tensorflow and Keras

c
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TRAINING
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TRAINING VS INFERENCE

TRAINING PHASE

SEARCH FOR THE RIGHT PIECES

INFERENCE PHASE

APPLY THE COMPLETED MODEL

ONLINE 
LEARNING
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TRAINING: THE PLAYERS
DATA, MODEL, LOSS, AND OPTIMIZER

DATA

LOSS FCN

OPTIMIZER

MODEL
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TRAINING: GRADIENT DESCENT
Finding as solution is as easy as falling down a hill

Start with 
random weights

Compute the gradient 
and follow it downhill

Stop when
the error is small



29

OPTIMIZERS
Many variations on stochastic gradient descent



TRAINING: BACKPROPAGATION
Compute the gradient, by efficiently assigning blame

Prediction

Error
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AUTOGRAD
Let a framework keep track of your gradient, so you donõt have to

23

AUTOGRAD
Let  a framework keep t rack of your gradient , so you donõt  have to


