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A PRACTICAL
INTRODUCTION
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LEARNING GOALS

by 5 g —

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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DEEP LEARNING ANALOGIES

What Is this deep learning thing, anyway?

ANEW TYPE OF SOFTWARE A GENERALIZATION OF CURVE FITTING




A NEW WAY TO BUILD SOFTWARE
Traditional Programming vs Machine Learning

SOFTWARE 1.0: SOFTWARE 2.0:

Traditional Programming Machine Learning
Task Human Machine
Readable Tons of Learning
Function Examples Function

Expert
Knowledge
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A DIFFERENT WAY TO BUILD SOFTWARE
Traditional Programming vs Machine Learning

SOFTWARE 2.0:
Machine Learning

Goals for today:

Machine
| Tons of Learning
1. Learn to use this new approach Examples Function

2. Revolutionize Science

6 <ANVIDIA.



A DIFFERENT WAY TO BUILD SOFTWARE

Hand written vs leanred functions.

TEMP, PRESSURE, MOISTURE HANDWRITTEN FUNCTION LEARNED FUNCTION
Function1(T,P,Q) GCtionl(T,P,Q) \
update_mas§ A =relu( wl * [T,P,Q] + b1)

FUNCTION 1
update_momentung) B=relu(w2*A  +Db2)
FUNCTION - update_energg) C=elw3*B  +Db3)
do_macrophysid3 D =relu(w4*C  +b4)
FUNC TIONE:
| | do_microphysic§ E=relu(wd5*D  +Db5)
FUNEC HHON y =get_precipitatiorf) y = sigmoid(w6 *E  + b6)
FUNCTION (wm y / Qt“”‘ Y /
Convert expert Reverseengineer a function
PROBABILITY OF RAIN knowledge into a function from inputs / outputs
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A DIFFERENT WAY TO BUILD SOFTWARE

The two approaches are complimentary

MANUAL
PROGRAMMING

: d{ h § ¢2 1 w9
2 | Cp € T
a{hCC?  WorVERERGINEERE (S8 27
ENGINEERED ; roMATIC O oL AR
LABOR INTENSIVES = 210
EXPLICIT

EXPLAINAB ‘EgLCJ)?/ITPLLEEX
SIMPLE

FROM EXPERTISE ROM EXAMPLES

MACHINE LEARNING

(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



A GENERALIZATION OF CURVE FITTING

Curve fitting provides the starting

Intution
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A GENERALIZATION OF CURVE FITTING

Differences from traditional curve fitting

Find JJJ given e and « inputs outputs
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Supervised
Deep
Learning




EXAMPLES




RECOGNITION/CLASSIFICATION-ILTER

De-noising gravitational waves

N I % g% Detecting Gravitational Waves in Real-Time with Deep Learning

NCS. WOLFRAM  nVIDIA.

Data from a LIGO Interferometer around the first event (GW150914)
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Laser Interferometer Gravitational -wave
Observatory (LIGO). f

anced LIGO Data - Daniel George and E. A. Huerta (2017)

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



Data-driven Fluid Simulations using Regression Forests

4’;;;? (x)  OFF(x)

‘b;(‘:fe" (X¢) ¢)r¢3;"p(xn)

{6 v) D (xm,ve) ) } \
. ceeboe 0‘0 EEEE

Examples by Simulation
\_ .

Training \_

aMl

Regression forest v
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CONVERGED HPC
REVOLUTIONIZING DRUG DISCOVE

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 custorr
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 i and forever change the way we discover the
medicines of the future

UFIrioRibh O



EXAMPLE APPLICATIONS
2018: LUNAR CRATER IDENTIFICATION VIA DEEP LEARNING

DIGITAL ELEVATION

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

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

16 <ANVIDIA.


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

IMPLEMENTATION BASICS



AUTOML

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)

B '3 H95
- \
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LARGE QUANTITIES OF DATA ML FRAMEWORK GPU ACCELERATOR
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DEEP LEARNING FRAMEWORKS

Many frameworks to choose from (but not for Fortran)

é Caffe?2 CNTK Tensor PYTORCH theano




DEVELOPMENT ENVIRONMENT
JUPYTERNOTEBOOKS

Ju pyter Lorenz Differential Equations muwossea

B o % » B C * Coll Toodbar; = Mona

Ju pyter Welcome to P Exploring the Lorenz System

In this Motebook wea explore the Loreanz system of diffarantial equations:

¢ = a(y - x)
pX =y =2

iz + xy

J u p y t e r solutions. Tha system was orginally developed as a simplified mathamatical modal for
atmaspheric convection in 1963,

Welcome to the 7 interact {Lorenz, N=fixed{l0), angle=(0.,
o=({0.0,50.0) ,ﬂ—t-': «x8), Pp={0.0,50.
This MNo
angla
T _ e

a

Your server is hosted thar

Run some Python «

o run the code below:




NVIDIA GPU CLOUD REGISTRY
CONTAINERIZED SOFTWARE

NVIDIA.
GPU CLOUD




LINEAR REGRESSION
With Scikit Learn

from sklearn.linear model import LinearRegression 01 == predictions
from numpy.random import rand ® training examples
import numpy as np

= 50
l0*rand(npts, 1)
0.3*x train + 0.5 * rand(npts,1)

# MODEL
model = LinearRegression()

# TRAIN
model.fit(x train, y train)

# TEST
X test np.linspace(0,10,npts).reshape(-1,1)
y_predict = model.predict(x_test)




LINEAR REGRESSION

With Tensorflow and Keras

import tensorflow as tf
from tensorflow import keras rms-error = 0.022
from tensorflow.keras import backend as K
from tensorflow.random import uniform
K.clear session()

= predictions
® training examples

= 50
10*uniform(shape=[npts,1])
= 0.3*x_train + 0.5 * uniform(shape=[npts,1])

# MODEL

model = keras.models.Sequential()
model.add(keras.layers.Dense(1l, input shape=[1]))

optimizer = keras.optimizers.Adam(lr=le-1)
model.compile(loss="mean squared error',optimizer=optimizer)

# TRAIN
hist = model.fit(x train,y train,epochs=100,verbose=0)

# TEST

X test = tf.linspace(0,10,npts)

X test = tf.reshape(x test,[npts,1])
y predict model.predict(x test)
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TRAINING VS INFERENCE
INFERENCE PHASE
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SEARCH FOR THE RIGHT PIECES

APPLY THE COMPLETED MODEL



THE PLAYERS

TRAINING
DATA, MODEL, LOSS, AND OPTIMIZER
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TRAINING: GRADIENT DESCENT

Finding as solution is as easy as falling down a hill

SO

Start with AT
random weights4 = = = =
| “Q‘ﬁ’%@}f 9 Compute the gradient
Sl S gy, and follow it downhil

N
P \-I
AVE S

Stop when
the error i1s small
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OPTIMIZERS

Many variations on stochastic gradient descent

Sgd
momentum
~datiad
msprop
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TRAINING: BACKPROPAGATION

Compute the gradient, by efficiently assigning blame

4

2

05
O

j

N» ,.
/ w

/0‘%“0
.
oot
/,..’«QV’.? Wl
‘m LK

PN

»m..,,, .
&

4

"

B

W
\/
»

%
A.“.v 4
N \.

IR

Prediction



AUTOGRAD

Let a framework keep track of your gradient, so you dond@ have to
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