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Photo credit to Eric Fleming on Flickr



https://www.flickr.com/photos/efleming/
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Computer Vision, Simplified

1. Train an algorithm with
labeled data

Show a picture Show a label

@ “This is a dog"”
“This is a cat”
L “This is a dog"”
“This is a cat”
@ “This is a dog"”

...lots of other examples...
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“This is a cat”

2. Use the algorithm to classify
new pictures of dogs and cats

New picture

Algorithm classifies
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“T'm 0.79 sure

that i1s a cat.”

“I'm 0.87 sure
that 1s a dog.”
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What happened here?

Deep Learning
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Training Data

Source: Google Trends



https://g.co/trends/91uDS
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. FOONBRHER Building a Better Dataset: ImageNet

IMAGENET

Identify and label objects in images and videos.

Learn more about Dr. Fei-Fei Li and the history of ImageNet



https://qz.com/1034972/the-data-that-changed-the-direction-of-ai-research-and-possibly-the-world/

R Building a Better Dataset: ImageNet

2007 2009 2012 2017
® ® o ®
Fei-Fei Li ImageNet AlexNet wins, ImageNet is
starts work on competition igniting the deep essentially a solved
ImageNet launches learning craze task; competition
ends

ImageNet helped us benchmark, quickly test new
techniques, and pre-train models
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The eICU Collaborative Research
Database, a freely available multi-center
database for critical care research

SQUAD2.0

The Stanford Question Answering Dataset

Tom J. Pollard, Alistair E. W. Johnson B, Jesse D. Raffa, Leo A. Celi, Roger G. Mark & Omar Badawi

In meteorology, precipitation is any product -
of the condensation of atmospheric water vapor > Patient level > Hospital level > Unit level >
that falls under gravity. The main forms of pre-
cipitation include drizzle, rain, sleet, snow, grau-
pel and hail... Precipitation forms as smaller HbigqueRld
droplets coalesce via collision with other rain o -
drops or ice CryStals Wlthln a C|OUd‘ Short' in- 4[patientHealthSystemStayId patientUnitStayId
tense periods of rain in scattered locations are N J
called “showers” . ( )
patientUnitStayId
What causes precipitation to fall? =
) p -
gravity ) ( . )
patientHealthSystemStayId patientUnitStayId
. N J
What is another main form of precipitation be- 2 , -
sides drizzle, rain, snow, sleet and hail? patientHealthSystemStayId]— patientUnitStayId
graupel . . /

Where do water droplets collide with ice crystals
to form precipitation?
within a cloud
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1 Sufficiently large, generally
* millions of labeled examples

Accurate labels and standardized
objects

Representative of the problem
° we're working on
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Expert Labeled Crowd Labeled

o00 €} Amazon Mechanical Turk X

& C @ https://www.mturk.com/mturk/accept?hitid=386T3MLZLNVRU564VQVZSIKAS8D580B&pre\

Draw a box around each of the following: stop sign

Draw a rectangle using your mouse over each object that matches the search criteria "stop sign". Then, type a label for that object and press ENTER.
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I'm not a robot o I'm not a robot

Select all images below
that match this one:

Select all images below
that match this one:
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) RocKpreLLER Reality for Social Sector

1 _For many Important problems,
we simply don’t have the
datasets we need

2 Many datasets we rely on are
systematically biased
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Bias and Error: What's Missing?
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1 32997

60%

of location-based
data in ImageNet and
Open Images comes
from six countries in
North America and
Europe

Source No Classification without Representation: Assessing Geodiversity Issues in Open Data Sets

for the Developing World by Shankar et al.
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https://storage.googleapis.com/pub-tools-public-publication-data/pdf/210f9d77c87f8cc471790358f69b4970a8e767ef.pdf
https://storage.googleapis.com/pub-tools-public-publication-data/pdf/210f9d77c87f8cc471790358f69b4970a8e767ef.pdf

© Rookerme Bias and Error: The Result

United States
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Source No Classification without Representation: Assessing Geodiversity Issues in Open Data Sets
for the Developing World by Shankar et al. 13



https://storage.googleapis.com/pub-tools-public-publication-data/pdf/210f9d77c87f8cc471790358f69b4970a8e767ef.pdf
https://storage.googleapis.com/pub-tools-public-publication-data/pdf/210f9d77c87f8cc471790358f69b4970a8e767ef.pdf
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Step 5: Behold the monstrosity that we have created

Not every sentence is going to contain obvious sentiment words. Let’s see what it does with a few variations

on a neutral sentence:

text_to_sentiment("Let's go get Italian food")

2.0429166109408983

text_to _sentiment("Let's go get Chinese food")

1.4094033658140972

text_to_sentiment("Let's go get Mexican food")

0.38801985560121732

Source How to make a racist Al without really trying, by Rob Speer
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http://blog.conceptnet.io/posts/2017/how-to-make-a-racist-ai-without-really-trying/
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P(Cardiomegaly)=0.752
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Source What are radiological deep learning models actually learning? by John Zech
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https://medium.com/@jrzech/what-are-radiological-deep-learning-models-actually-learning-f97a546c5b98
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How Can Philanthropy Help?

Encouraging commercial and academic
organizations to build datasets that are
representative and just

Funding new datasets for geographies
and problems the market won't

Coordinating demand in the social
sector for encourage private sector
collaboration

16
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ldentifying Damage

Key Issue:

Requires domain
knowledge and
ground access.

We |
|_Robotics
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Estimating Crop Yields
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Key Issue:

Academic-collected
datasets are too small
and commercial
datasets are expensive.
How do we incentivize
collaboration?

Source Deep Learning for Image-Based Cassava Disease Detection by Ramcharan et al.
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https://www.frontiersin.org/articles/10.3389/fpls.2017.01852/full
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Thank you and
thanks to

Read More

Get 1n
touch

.. el\Vile
. HALL

https.//www.are.na/evan

-tachovsky/in-training

@evantachovsky
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https://www.are.na/evan-tachovsky/in-training

