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Why is deep learning exciting?
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Machine Learning
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Input Feature extraction Classification Output

Deep Learning
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Al papers that include the term “neural network”
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Tech Giants Are
Paying Huge Salaries
for Scarce A.l. Talent

Nearly all big tech companies have an artificial intelligence
project, and they are willing to pay experts millions of dollars
to help get it done.
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Colorizing images
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Restoring pixels

8 X 8 input 32 x 32 samples ground truth
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Translating text in real time
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Image translation

Ground Truth Output
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At Schnucks Supermarkets
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Lithium-ion battery incidents of fire or explosion on
US airplanes
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Deep learning algorithms
are being used to detect
lithium-ion batteries In
airport luggage
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nature

Letter Published: 25 January 2017

Dermatologist-level classification of skin
cancer with deep neural networks

Andre Esteva , Brett Kuprel , Roberto A. Novoa , Justin Ko, Susan M. Swetter, Helen M.
Blau & Sebastian Thrun

Nature 542, 115-118 (02 February 2017) Download Citation ¥
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Deep Learning Al Listens to
Machines For Signs of Trouble
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Elon Musk Promises a Really Truly
Self-Driving Tesla in 2020

Wired article,
February 2019
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I
Loud and clear
Speech-recognition word-error rate, selected benchmarks, %

Log scale
100
Switchboard Switchboard cellular
IBM, Switchboard
10
9%

The Switchboard corpus is a collection of recorded Microsoft, Switchboard
telephone conversations widely used to train and
test speech-recognition systems
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MICROSOFT, AMAZON & GOOGLE PATENTING
Natural Language Processing
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5 months later...

Leaderboard Version: 2.0

Rank Name Model URL Score BoolQ CB COPA MultiRC ReCoRD RTE wiC wscC AX-b AX-g
1 SuperGLUE Human Baselines SuperGLUE Human Baselines C}J' 89.8 89.0 95.8/98.9 100.0 81.8/51.9 91.7/91.3 93.6 80.0 100.0 76.6 99.3/99.7

2 T5 Team - Google T5 8 88.9 91.0 93.0/96.4 94.8 88.2/62.3 93.3/92.5 92.5 76.1 93.8 65.6 92.7/91.9

3 Facebook Al RoBERTa C};' 84.6 87.1 90.5/95.2 90.6 84.4/52.5 90.6/90.0 88.2 69.9 89.0 57.9 91.0/78.1

4 IBM Research Al BERT-mtl 73.5 84.8 89.6/94.0 73.8 73.2/130.5 74.6/74.0 84.1 66.2 61.0 29.6 97.8/57.3

5 SuperGLUE Baselines BERT++ 8 71.5 79.0 84.8/90.4 73.8 70.0/24.1 72.0/71.3 79.0 69.6 64.4 38.0 99.4/51.4
BERT C};l 69.0 77.4 75.7/83.6 70.6 70.0/24.1 72.0/71.3 Tl 69.6 64.4 23.0 97.8/51.7

Most Frequent Class C);' 471 62.3 21.7/48.4 50.0 61.1/0.3 33.4/32.5 50.3 50.0 65.1 0.0 100.0/50.0

CBoW g 44.5 62.2 49.0/71.2 51.6 0.0/0.5 14.0/13.6 49.7 53.1 65.1 -0.4 100.0/50.0

Outside Best C);' = 80.4 = 84.4 70.4/24.5 74.8/73.0 82.7 = = o =
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Twitter sentiment analysis
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Cognitive Systems Research
Volume 54, May 2019, Pages 50-61

Twitter sentiment analysis with a deep
neural network: An enhanced approach
using user behavioral information

Ahmed Sulaiman M. Alharbi ® P & & ... Elise de Doncker 2
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AMERICAN JOURNAL OF

Preventive Medicine

A Practical Approach for Content Mining of Tweets

Sunmoo Yoon, RN, PhDa'b’*’L:J, Noémie Elhadad, PhDP, Suzanne Bakken, RN, PhD2P
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Content mining tweets

Table 1

A Sample of physical activity Tweets term-frequency dictionary from the corpus of 174,394 Tweets
containing 31,489 terms

Terms weight day good time  obesity study
aerobics 0.0229 0.0349 0.0331 0.0335 0 0.0026
bicycling 0.0062 0.0283 0.0182 0.0215 0 0.0024

chop wood 0 0.0705 0.0529 0.0353 0 0
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Table 2

Top three unigram, bigram, and trigram for each of the physical activity terms

Term Unigram Bigram Trigram

aerobics Class aerobic class water aerobics class
Water water aerobics minutes doing aerobics
Step calories burned my aerobics class

bicycling Google Google maps bike-friendly cities
maps bicycling magazine Google maps adds
cities bike friendly 50 bike friendly

chop wood fire i chopped I chopped wood
free of wood chopped some wood

today wood for chopped wood for
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General Market Media Buyer

[ Joblisting ~ ) Sales/Marketing ~ @ San Francisco

iii

# New~ > Import~ [BExport D T B I

Qur agency needs a killer media buyer. Fun, fast paced...blah blah. Look, no kidding here. We work hard and

you will too. We're smart and passionate; you will need to be as well. We're expanding and need an

STRENGTHS: experienced media buyer, Someone who understands when you need to book DR and when you need to go
Uses positive language » the general market route. While we're focused on television, experience in other mediums is a huge plus.

Length is just about right »
Do you have a great sense of humor? Are you driven by the ability to made decisions that impact the problem?

When you hate things do you make a change or just complain? Because if you just complain, don't apply for
this job. Want to change the world around you? This might be the place for you.

Strong use of active language »
Appropriate use of adjectives »
Strong use of verbs »

Acouple of things that you must do:

PROBLEMS:

* Work with vendors to crd Jargonalert

Uses corporate cliches » « Teach everyone the co Watch out for corporate

Missing equal opportunity « Work directly with clien iSRG RV LIV
statement » « Createa great ROl for o job is uniquely great will
Too much directive language » « Know the numbers cold attract more job seekers.

Instead, you could try:
agreement

Uses candidate language » But wait, there's more!

Not enough bulleted content »

Needs more ‘we' statements » The ideal applicant has crazy a
better. Understanding that yod
TONE: part in a healthy discussion to create teamS@L}on plans before you execute them to a tee.

limprovement and making those around you
ely on you more than you rely on them. Take

'i' | What else? You'll go nuts, We're demanding, but never demeaning, Bring your greatest ideas, expect them to
A really and truly be heard, challenged and defended. Everyone deserves to have fun at work.

Negative Positive Repetitive Masculine Feminine How
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Elon Musk Promises a Really Truly
Self-Driving Tesla in 2020

Wired article,
February 2019
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Tesla CEO Elon Musk drops his prediction of full
autonomous driving from 3 years to just 2

Fred Lambert - Dec. 21st 2015 3:26 pm ET ¥ @FredericLambert
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Tesla CEO Elon Musk drops his prediction of full
autonomous driving from 3 years to just 2

Fred Lambert - Dec. 21st 2015 3:26 pm ET ¥ @FredericLambert
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IBM pitched its Watson supercomputer as a revolution
In cancer care. It’s nowhere close

By CASEY ROSS @caseymross and IKE SWETLITZ / SEPTEMBER 5, 2017
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Human Code

from keras.datasets import mnist

from keras.models import Sequential

from keras.layers import Conv2D, MaxPooling2D, Dro
from keras.utils import np_utils

(X_train, y_train), (X_test, y_test) = mnist.load_:

img_width=28
img_height=28

X_train = X_train.astype('float32"')
X_train /= 255.

X_test = X_test.astype('float32')
X_test /= 255.

#reshape input data
X_train = X_train.reshape(X_train.shape[0], img_wi
X_test = X_test.reshape(X_test.shape[0], img_width

# one hot encode outputs
vy train = np utils.to cateqgorical(y train)
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32

Machine Code
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@@ -18,29 +17,120 @@

"metadata": { "metadata": {
"collapsed": false "collapsed": false
¥ hH
) + "outputs": [I,
+ "source": [
+ "from bokeh.plotting import figure, output_notebook, show"
£ ]
ERL,
+
+ "cell_ type": “code",
+ "execution_count": 3,
+ "metadata": {
+ "collapsed": false
+ 1ot
"outputs": [ "outputs": [
{ {
“data™: o "data": {
"text/html": [ "text/html": [
"\n", "N
= " \Dss + i <div class=\"bk-root\">\n",

- "<script type=\"text/javascript\"
src=\"https://cdn.pydata.org/bokeh/dev/bokeh-0.11.0dev9.min.js\">
</script>\n",

- "<script type=\"text/javascript\"
src=\"https://cdn.pydata.org/bokeh/dev/bokeh-widgets-0.11.0dev9.min. js\">
</script>\n",

- "<script type=\"text/javascript\"
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We have bad intuitions about what
Is hard.
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$20,000 » 530 teams
Search Results Relevance
(@ CrowdFlower

Enter/Merge by
® @
Mon 11 May 2015 Mon 6 Jul 2015 (37 days to go)

Dashboard Competition Details » Getthe Data » Make a submission
Home “

Data = Data Files

Make a submission @
CTaraten e File Name Available Formats

Description o )

Evaluation sampleSubmission.csv .zip (51.25 kb)

Rules

Prizes test.csv .zip (4.51 mb)

Timeline

train.csv .zip (1.87 mb)
Forum -
Scripts . . . .
'P See this script for a quick exploration of the data
Leaderboard )
To evaluate search relevancy, CrowdFlower has had their crowd evaluate searches

My Team !

from a handful of eCommerce websites. A total of 261 search terms were generated,
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Accuracy
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Exponentially more effort for
vanishing returns
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Average Autonomous Miles Between Unexpected Failures

— Actual = = ARK's Original Forecast = = ARK's Updated Forecast e 50,000 Milestone
500,000
710 0101 TR —-_ frt tat iEitiv i i i i
10X o o g e ———
5,000 /\—_\/
500

Q4 QT Q2 Q3 Q4 Q1 Q2 Q3 Q4 Q1 Q2 Q@3 Q4 Q1 Q2 Q3 Q4 Q1 Q2 Q@3 Q4 Q1 Q2 Q3 Q4
"4 15 15 15 15 16 16 16 "16 "1z 17 17 17 18 '18 '18 "'18 '19 19 19 "19 '20 '20 '20 '20

Source: dmv.ca.gov; ARK Investment Management LLC, 2018 | ark-invest.com
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(keras2.®)malcolm:ke Classification
Using TensorFlow baclF=S¥ 1 |l L &t
[INFO] loading incepi “si&="dellele][-H %3\58%\%\\\/?/
W tensorflow/core/pl Y 7 4 ;/>,€;
hese are available o:a Y. ~

] tensorflow/core/plngxgif
hese are available ot ==
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It’s hard to guess what will
confuse a model in production.
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You Can Trick Self-Driving Cars by Defacing Street Signs

By Catalin Cimpanu August 7, 2017
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Tesla driver killed after crash involving
semi in western Delray Beach

Posted: 7:10 AM, Mar 01,2019 Updated: 4:52 PM, Mar 02,2019
By: Scott Sutton

Ot CO_NTSB INVESTIGATING FATAL CRASH

L —
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How do we get a model to explain
why it made predictions?
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Many of the major advancements
are driven by massive compute
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Excitement Problems Opportunities
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Explainability
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“Why Should | Trust You?”
Explaining the Predictions of Any Classifier

Marco Tulio Ribeiro
University of Washington
Seattle, WA 98105, USA
marcotcr@cs.uw.edu

ABSTRACT

Despite widespread adoption, machine learning models re-
main mostly black boxes. Understanding the reasons behind
predictions is, however, quite important in assessing trust,
which is fundamental if one plans to take action based on a
prediction, or when choosing whether to deploy a new model.
Such understanding also provides insights into the model,
which can be used to transform an untrustworthy model or
prediction into a trustworthy one.

Sameer Singh
University of Washington
Seattle, WA 98105, USA
sameer@cs.uw.edu

Carlos Guestrin
University of Washington
Seattle, WA 98105, USA
guestrin@cs.uw.edu

how much the human understands a model’s behaviour, as
opposed to seeing it as a black box.

Determining trust in individual predictions is an important
problem when the model is used for decision making. When
using machine learning for medical diagnosis [6] or terrorism
detection, for example, predictions cannot be acted upon on
blind faith, as the consequences may be catastrophic.

Apart from trusting individual predictions, there is also a

need to evaluate the model as a whole before deploying it “in
+hAa vc21 37 MTA vvalrAa +Thica AAantar A

s1mre vmnd A~ A A~ A A4+
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(a) Original Image
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(b) Explaining FElectric guitar
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(c) Explaining Acoustic guitar
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(d) Explaining Labrador
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y

(a) Original Image (b) Explaining FElectric guitar (c) Explaining Acoustic guitar  (d) Explaining Labrador

Figure 4: Explaining an image classification prediction made by Google’s Inception neural network. The top
3 classes predicted are “Electric Guitar” (p = 0.32), “Acoustic guitar” (p = 0.24) and “Labrador” (p = 0.21)
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Explainable Deep Neural Networks for Multivariate Time Series Predictions

Roy Assaf and Anika Schumann
IBM Research, Zurich
{roa, ikh} @zurich.ibm.com

Abstract

We demonstrate that CNN deep neural networks
can not only be used for making predictions based
on multivariate time series data, but also for ex-
plaining these predictions. This is important for a
number of applications where predictions are the
basis for decisions and actions. Hence, confidence
in the prediction result is crucial. We design a

two stage convolutional neural network architec-
111re which nniecece narticiilar kernel ci7zee Thice allow e

2 Method for Explainable Deep Network

In order to achieve explainable predictions for both the time
dimension and the features of the data, we develop a two stage
CNN architecture. The first stage consists of a convolutional
layer and utilises a 2D convolution with filter size k£ x 1 which
considers k£ time steps with 1 feature at a the time. This al-
lows us to learn filters which are able to recognise important
patterns that occur separately in the different features. This
stage is followed by a 1 x 1 convolution [Lin et al., 2013]
and is used in state-of-the-art networks such as in the incep-
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Features
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convl_1: a few of the 64 filters

https://blog.keras.io/how-convolutional-neural-networks-see-the-world.html
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conv2 1:a few of the 128 filters
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conv3_1:a few of the 256 filters
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conv4 1:afew of the 512 filters
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conv5 1:afew of the 512 filters
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Reproducibility
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Science

INDEPTH COMPUTER SCIENCE

Artificial intelligence faces reproducibility crisis

Matthew Hutson

Artificial Intelligence Feb 18

MIT : . N
Technology Machine learning is contributing to a

Review  “reproducibility crisis” within science
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Artificial Intelligence Confronts a
'Reproducibility’ Crisis

Machine-learning systems are black boxes even to the researchers
that build them. That makes it hard for others to assess the results.
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Per-class precision with InceptionV3

More data for kingdoms

How well do we perform on each of the 10 classes? Look at per-class precision for

different models (5K examples, hence noisy/jagged plots)

« per-class precision: Animalia and Plantae seem to the be worst (70-80). Birds are
best (up to 95). Molluscs and Reptiles slightly worse than Amphibia, Arachnida,

Civnmi lneacke Maranaale (Al 0N ONY DivAde havia maack cnacine vanvacantad maag
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