


Project 4: GCP and such

ÅQuota emails

ï²Ŝ ǿƻƴΩǘ ƘƻƭŘ ǘƘƛǎ ŀƎŀƛƴǎǘ ȅƻǳ

ÅOut of memory

ïAnyone still having that?

ÅWhat other showstoppers?



Newsflash: ML Drama



NeurIPS(Neural Information Processing Systems) 2017.

!ƭƛ wŀƘƛƳƛ όDƻƻƎƭŜύ Ƨǳǎǘ ǿƻƴ ŀ ΨǘŜǎǘ ƻŦ ǘƛƳŜΩ ŀǿŀǊŘ ŦƻǊ 
work on applying random functions as a basis for 
training; gave a speech.

ά!ǊǘƛŦƛŎƛŀƭ LƴǘŜƭƭƛƎŜƴŎŜ ƛǎ ǘƘŜ ƴŜǿ ŜƭŜŎǘǊƛŎƛǘȅέ ςNg, 2017

άa[ Ƙŀǎ ōŜŎƻƳŜ ŀƭŎƘŜƳȅέ ςRahimi, 2017





Rahimi, NeurIPS2017 test of time

άLŦ ȅƻǳΩǊŜ ōǳƛƭŘƛƴƎ ǇƘƻǘƻ-sharing systems, alchemy is 
ƻƪΣ ōǳǘ ǿŜΩǊŜ ōŜȅƻƴŘ ǘƘŀǘ ƴƻǿΦ

²ŜΩǊŜ ōǳƛƭŘƛƴƎ ǎȅǎǘŜƳǎ ǘƘŀǘ ƎƻǾŜǊƴ ƘŜŀƭǘƘŎŀǊŜ ŀƴŘ 
mediate our civic dialog; we influence elections.

I would like to live in a society whose systems are 
build on verifiable, rigorous, thorough knowledge, and 
ƴƻǘ ƻƴ ŀƭŎƘŜƳȅΦέ



ά¢Ƙƛǎ ƛǎ ƘŀǇǇŜƴƛƴƎ ōŜŎŀǳǎŜ ǿŜ ŀǇǇƭȅ 
brittle optimization strategies to loss 
ǎǳǊŦŀŎŜǎ ǿŜ ŘƻƴΩǘ ǳƴŘŜǊǎǘŀƴŘΦέ



Yann LeCunretorts:



YoshuaBengiochimes in:



Compute cost / human cost

ÅRecent CVPR best paper: 50,000 GPU hours

ÅDƻƻƎƭŜΩǎ ŎƻƳƳŜǊŎƛŀƭ ƻōƧŜŎǘ ǊŜŎƻƎƴƛȊŜǊΥ Ŏƻƴǘƛƴǳŀƭƭȅ ǘǊŀƛƴƛƴƎ ŦƻǊ 
_years_.

άWC¢ ƛǎ ŀƴ ƛƴǘŜǊƴŀƭ DƻƻƎƭŜ ŘŀǘŀǎŜǘ ǘƘŀǘ Ƙŀǎ млл Ƴƛƭƭƛƻƴ ƭŀōŜƭŜŘ ƛƳŀƎŜǎ 
ǿƛǘƘ мрΣллл ƭŀōŜƭǎΦ ²ƘŜƴ ǿŜ ŘƛŘ ǘƘƛǎ ǿƻǊƪΣ DƻƻƎƭŜΩǎ ōŀǎŜƭƛƴŜ ƳƻŘŜƭ 
for JFT was a deep convolutional neural network that had been trained 
for about six months using asynchronous stochastic gradient descent 
ƻƴ ŀ ƭŀǊƎŜ ƴǳƳōŜǊ ƻŦ ŎƻǊŜǎΦέ



XKCD; thanks toIuliu Balibanu



Alt-ǘŜȄǘΥ ά/ǊƻǿŘǎƻǳǊŎŜŘ ǎǘŜŜǊƛƴƎέ ŘƻŜǎƴΩǘ 
ǎƻǳƴŘ ǉǳƛǘŜ ŀǎ ŀǇǇŜŀƭƛƴƎ ŀǎ άǎŜƭŦ ŘǊƛǾƛƴƎέΦ



Fast.ai ςAug 8th 2018

άΧƳŀƴŀƎŜŘ ǘƻ ǘǊŀƛƴImageNetto 93% accuracy in just 18 minutes, 
using 16 machines each with 8NVIDIA V100GPUs, running 
the fastaiandPyTorchlibraries. This is a new speed record for training 
Imagenetǘƻ ǘƘƛǎ ŀŎŎǳǊŀŎȅΧέ

NVIDIA V100 -> $8500k

16*8*8500 = $$$ a million bucks

άΧ ƻƴ ǇǳōƭƛŎƭȅ ŀǾŀƛƭŀōƭŜ ǇǳōƭƛŎAWScloud instances infrastructure, and 
Ŏƻǎǘǎ ŀǊƻǳƴŘ Ϸпл ǘƻ ǊǳƴΦέ

https://qz.com/1034972/the-data-that-changed-the-direction-of-ai-research-and-possibly-the-world/
https://www.nvidia.com/en-us/data-center/tesla-v100/
https://github.com/fastai/fastai
https://pytorch.org/
https://aws.amazon.com/


Anatomy of an AI System

Åhttps://anatomyof.ai/

By Kate Crawford 1 and VladanJoler2

(2018) 

https://anatomyof.ai/
https://anatomyof.ai/#ai-ref-1-bottom
https://anatomyof.ai/#ai-ref-2-bottom




Rodney Brooks ςThe Mistakes We Make

Åhttps://rodneybrooks.com/the-seven-deadly-sins-of-predicting-the-
future-of-ai/

ÅQuote in notes.

https://rodneybrooks.com/the-seven-deadly-sins-of-predicting-the-future-of-ai/


Rodney Brooks ςArtificial General 
Intelligence Tests

2, 4, 6, 8 year old competency tasks: 
object recognition, language understanding, manual dexterity, social understanding.

ά!two year old child can know that somethingis deliberatelymeant to function as a
chairevenif it isunlikeanychairthey haveseenbefore. It canhavea different numberof
legs,it canbe madeof different material, its legscanbe shapedvery oddly, it caneven
be a toy chair meant for dolls. A two year old child is not fazedby this at all. Despite
havingno visualfeaturesin commonwith anyother chair the child haseverseenbefore
the child candeclarea new chair to be a chair. Thisis completelydifferent from how a
neuralnetwork isableto classifythingsvisually.έ

ά.ǳǘwait, there is more! A two year old can do one-shot visuallearningfrom multiple
different sources. Supposea two yearold hasneverbeenexposedto a giraffe in anyway
at all. Thenseeingjust one of a hand drawn picture of a giraffe, a photo of a giraffe, a
stuffed toy giraffe, a movie of a giraffe, or seeingone in personfor just a few seconds,
will forever lock the conceptof a giraffe into that two yearƻƭŘΩǎmind. That child will
forever be able to recognizea giraffe as a giraffe, whatever form it is representedin.
Most peoplehaveneverseena live giraffe,andnonehaveeverseena live dinosaur,but
the areeasyfor anyoneto recognize.έ



.ǳǘ WŀƳŜǎΧ

ΧL ǘƘƻǳƎƘǘ ǿŜ ŎƻǳƭŘ ǘǊŜŀǘ ƳŀŎƘƛƴŜ ƭŜŀǊƴƛƴƎ ƭƛƪŜ ŀ 
magical black box? I like black boxes.

Deep learning is: 
- a black box 
- also a black art.

- Grad student 
gradient descent : (



CV and society



CV / ML is a tool

Any tool can be used for good or bad.

ÅDefinition of good/bad can vary with point of view.

Tools are created and used in the real world.
ÅTime/money trade-offs

ÅDifferent agendas

ÅAdvertent or inadvertent

ÅWith or without awareness
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Light response curves
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Light/reflectance output curves

250-500:1 contrast ratio (OLED = inf.)
6 / 8 / 10 bit dynamic range
3 / 4 additive primaries (RGB, rarely +yellow)
Defines a gamut

50-150:1 contrast ratio
??? dynamic range
4 subtractive primaries (CYMK)
Defines a gamut

https://en.wikipedia.org/wiki/File:CIExy1931_srgb_gamut.png


How do we calibrate these?

We want:

Colors we see with our eyes in the world

=

Colors we see with our eyes in the reproduction



Time Warp:

http://www.picture-newsletter.com/kodak/

Photo Film processing

Price of film roll included film development costs.
Actually a monopoly!
1954 ςbroken up; independent film developers.



[Don Henderson ςFlickr]

Not actually a Kodak 
ǎƘƻǇΧ

An independent chain!

New problem:
How to control quality 
of output across these 
different developers?



IŜǊŜΩǎ ǘƘŜ ǇǊƻŎŜǎǎΥ

1. Kodak produces a photosensitive chemical film.
Å Different compounds gave different spectral responses.
Å Kodak calibrates these responses using photometers and using test scenes.

2. You buy Kodak film from the store and put it in your camera.
Å Play with your family in the park
Å Take photos.

3. You take the film back to the store/lab for development.
Å YƻŘŀƪ ƴŜŜŘǎ ǘƘŜ ƭŀō ǘƻ ǊŜǇǊƻŘǳŎŜ ǘƘŜ ŦƛƭƳΩǎ ƛƴǘŜƴŘŜŘ ǎǇŜŎǘǊŀƭ ǊŜǎǇƻƴǎŜ
Å Needs to calibrate the chemical development/printer to a target

Solution: 
Kodak sends test negatives and test prints to printer technicians to check 
that their output matches the intended response of the film!



YƻŘŀƪΩǎ ǘŜǎǘ ƛƴǇǳǘ Ҍ ƻǳǘǇǳǘ

ÅΨ{ƘƛǊƭŜȅ ŎŀǊŘǎΩ ς1950s/60s

ÅShirley was photographed 
hundreds of times by Kodak.

ÅOne negative was processed as 
per Kodak specifications.

ÅA new unexposed negative + 
processed output was sent to 
each printer lab.

ÅColors were calibrated on site 
to match the target Shirley 
card.

Circa 1960



YƻŘŀƪΩǎ ǘŜǎǘ ƛƴǇǳǘ Ҍ ƻǳǘǇǳǘ

ÅΨ{ƘƛǊƭŜȅ ŎŀǊŘǎΩ ς1950s/60s

ÅAny issues with this 
approach?

Circa 1960



Over time

Å1978: Filmmaker Jean-Luc 
Godard refuses to use 
Kodachrome film in 
Mozambique.

Å1980s: Chocolate and 
furniture manufacturers 
complain.

Å1986: KodacolorVR-G (or 
Gold) ςfilm for dark browns.
ÅάtƘƻǘƻƎǊŀǇƘ ǘƘŜ ŘŜǘŀƛƭǎ ƻŦ ŀ 
ŘŀǊƪ ƘƻǊǎŜ ƛƴ ƭƻǿ ƭƛƎƘǘΦέ

Shirley card, 1996



1980s ςadverts

The Four Tops! Bill Cosby! 
Some other issues here now too : (



What are the underlying 
technical problems?

How do they relate to egalitarianism

ΧŀƴŘ Ƙƻǿ ƳƛƎƘǘ ǿŜ ƻǾŜǊŎƻƳŜ ǘƘŜƳΚ

Think-pair-share.



Issues

ÅDynamic range: not enough!

ÅColor balance: 



So digital fixes this, right?

Å²ŜƭƭΧ

άThe hardest part of being in a 
biracial relationship is taking a 
ǇƛŎǘǳǊŜ ǘƻƎŜǘƘŜǊΦέ

whatthecaptcha

https://www.reddit.com/r/funny/comments/1tpe5n/the_hardest_part_of_being_in_a_biracial/
https://www.reddit.com/user/whatthecaptcha


So digital fixes this, right?

ΧƛǘΩǎ ŀ ƭƻǘ ōŜǘǘŜǊΦ

- 14-ōƛǘ ǎŜƴǎƻǊǎ όҒ ŜȅŜΩǎ ǎǘŀǘƛŎ ǊŀƴƎŜύ

- High-dynamic range by combining 
low-dynamic range

- Digital post-processing for color 
balance



References

Canadian Journal of Communication:

Roth et al., Looking at Shirley, the Ultimate Norm: Colour
Balance, Image Technologies, and Cognitive Equity

http://www.cjc-online.ca/index.php/journal/article/view/2196

http://www.npr.org/2014/11/13/363517842/for-decades-kodak-s-shirley-cards-set-
photography-s-skin-tone-standard/

https://priceonomics.com/how-photography-was-optimized-for-white-skin/

https://www.buzzfeed.com/syreetamcfadden/teaching-the-camera-to-see-
my-skin/

http://www.npr.org/2014/11/13/363517842/for-decades-kodak-s-shirley-cards-set-photography-s-skin-tone-standard/
https://priceonomics.com/how-photography-was-optimized-for-white-skin/
https://www.buzzfeed.com/syreetamcfadden/teaching-the-camera-to-see-my-skin/


Word of warning

ÅAround 2013/2014 there were a lot of articles 
about this issue.

ÅMany articles rewrite the same few sources.

ÅSome do not have a technical background, and 
sometimes technical issues are confused.

ÅΨLƴǘŜǊƴŜǘ ŎƻƳƳŜƴǘǎΩ ǿŀǊƴƛƴƎΦ

ÅΨ¢ŀƪŜ ŎŀǊŜΦΩ



CV as making bank

ÅIntel buys Mobileye!

Å$15 billion

ÅMobileye:

ïSpin-off from Hebrew 

University, Israel

ï450 engineers

ï15 million cars installed

ï313 car models



June 2016 - Tesla left Mobileye

ÅFatal crash ïcar óautopilotô ran into a tractor trailer.

ñWhat we know is that the vehicle was on a divided highway 

with Autopilot engaged when a tractor trailer drove across the 

highway perpendicular to the Model S. Neither Autopilot nor 

the driver noticed the white side of the tractor trailer against a 

brightly lit sky, so the brake was not applied.ò ïTesla blog.

What computer vision problems 

does this sound like?

https://www.tesla.com/blog/tragic-loss






June 2016 - Tesla left Mobileye

ÅFatal crash ïcar óautopilotô ran into a tractor trailer.

ñWhat we know is that the vehicle was on a divided highway 

with Autopilot engaged when a tractor trailer drove across the 

highway perpendicular to the Model S. Neither Autopilot nor 

the driver noticed the white side of the tractor trailer against a 

brightly lit sky, so the brake was not applied.ò ïTesla blog.

What computer vision problems 

does this sound like?

What HCI problems does 

this sound like?

https://www.tesla.com/blog/tragic-loss


Autosteer



Åhttps://www.bbc.com/news/technology-

47468391

ÅUber 'not liable' for self-driving death



Instagram filters

ÅFilters that brighten

ÅFilters that darken

ÅFilters can do anything!



Snapchat

ά!ƴƛƳŜ ƛƴǎǇƛǊŜŘέ

4/20



FaceApp

ÅLearning-based face transformations



2017/04/25



Lena and Fabio



Examples: Controversy and Appropriateness

óLenaô óFabioô

Deanna Needell @ Claremont McKenna, 2012Alexander Sawchuk @ USC, 1973



Wired article explaining it all

https://www.wired.com/story/finding-lena-the-

patron-saint-of-jpegs/



Dataset Bias
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Bias/variance trade-off

Scott Fortmann-Roe 

Bias = accuracy
Variance = precision



Unbiased Look at 
Dataset Bias
Torralbaand Efros, CVPR 2011

ά¢ƘŜ ŀǳǘƘƻǊǎ ǿƻǳƭŘ ƭƛƪŜ ǘƻ ǘƘŀƴƪ ǘƘŜ Eyjafjallajokullvolcano as well as the 
wonderful kirsat the Buvettein Jardin du Luxembourg for the motivation 
όŦƻǊƳŜǊύ ŀƴŘ ǘƘŜ ƛƴǎǇƛǊŀǘƛƻƴ όƭŀǘǘŜǊύ ǘƻ ǿǊƛǘŜ ǘƘƛǎ ǇŀǇŜǊΦά

Next few slide contents are from the paper



Progression of dataset complexity

ÅCOIL-100: 

Å15 scenes: Out of the lab, backgrounds

ÅCaltech-101: Google-mined, single object in middle.

ÅLabelMe: Multiple objects, anywhere

ÅPASCAL VOC: More rigorous testing standards

ÅImageNet: Internet-scale, real-world





CV plays name that dataset!





Measuring Dataset Bias

ÅIdea: cross-dataset generalization

ÅTrain an object classifier on one dataset

ÅTest on the same object class on another dataset

ÅObserve performance as measure of bias





Different kinds of bias

ÅSelection bias
ÅRetrieve different kinds of images; keywords/search engines can bias.

ÅCapture bias
ÅObjects photographed in similar ways that do not generalize, e.g., 

object always in center, race track car vs. street car, mugs.





Different kinds of bias

ÅSelection bias
ÅRetrieve different kinds of images; keywords/search engines can bias.

ÅCapture bias
ÅObjects photographed in similar ways that do not generalize, e.g., 

object always in center, race track car vs. street car, mugs.

ÅCategory/label bias
ÅPoorly-defined classes, e.g., painting vs. picture

ÅNegative set bias
ÅLƴ ƻƴŜ ǾǎΦ ŀƭƭ ŎƭŀǎǎƛŦƛŎŀǘƛƻƴΣ ΨŀƭƭΩ ƻǊ άǘƘŜ ǊŜǎǘ ƻŦ ǘƘŜ ǿƻǊƭŘέ ƛǎ ƴƻǘ ǿŜƭƭ 

represented.
Åά!ǊŜ ŦŜŀǘǳǊŜǎ ǿƘƛŎƘ ƘŜƭǇǎ ŎƭŀǎǎƛŦȅ ΨōƻŀǘΩ ƻōƧŜŎǘ ǊŜŀƭƭȅ ǘƘŜ ōƻŀǘΣ ƻǊ ŀǊŜ 
ǘƘŜȅ ǘƘŜ ǿŀǘŜǊ ƛǘ ǎƛǘǎ ƻƴΚέ
ÅLow bias negative set would include many boat-free images of rivers and lakes.



Measuring Negative Set Bias

ÅTake negative examples from other datasets and 
add to superset; train against this.

Å5ǊƻǇ ƛƴ ǇŜǊŦƻǊƳŀƴŎŜ ƻŦ ΨŀƭƭΩ ǎǳƎƎŜǎǘǎ ƴŜƎŀǘƛǾŜ 
examples are being misclassified



Overcoming bias at collection time

ÅSelection bias
ÅMultiple keywords, search engines, countries.

ÅCollect unknown images and label them by crowd-sourcing.

ÅCapture bias
ÅBetter sampling

ÅDifferent transforms: noise, flips, rotations, affine, crops.



Overcoming bias at collection time

ÅCategory/label bias
ÅClear instruction to turkers; unambiguous classes (possible?)

ÅPre-label clustering, or multiple acceptable answers.

ÅNegative set bias
ÅCross-dataset mining

ÅMine for hard negatives from unlabeled set using a reliable 
algorithm and high threshold.



Undoing the Damage of 
Dataset Bias
Khosla et al., ECCV 2012

ά²ƘƛƭŜ ƛǘ ǊŜƳŀƛƴǎ ƛƴ ǉǳŜǎǘƛƻƴ ǿƘŜǘƘŜǊ ŎǊŜŀǘƛƴƎ ŀƴ ǳƴōƛŀǎŜŘ ŘŀǘŀǎŜǘ ƛǎ 
possible given limited resources, we propose a discriminative framework 
ǘƘŀǘ ŘƛǊŜŎǘƭȅ ŜȄǇƭƻƛǘǎ ŘŀǘŀǎŜǘ ōƛŀǎ ŘǳǊƛƴƎ ǘǊŀƛƴƛƴƎΦέ



More info

Kate Crawford @ NIPS 2017

https://www.youtube.com/watch?v=fMym_BKWQzk

The Trouble with Bias

https://www.youtube.com/watch?time_continue=11&v=fMym_BKWQzk


More examples
https://www.quora.com/What-are-examples-of-computer-
vision-bugs-related-to-race

http://www.telegraph.co.uk/technology/2016/12/07/robot-
passport-checker-rejects-asian-mans-photo-having-eyes/

Thank you Tiffany Chen

https://www.quora.com/What-are-examples-of-computer-vision-bugs-related-to-race
http://www.telegraph.co.uk/technology/2016/12/07/robot-passport-checker-rejects-asian-mans-photo-having-eyes/


wzamen01

Viola-Jones with a bad training database

https://www.youtube.com/channel/UC7-lWY5QRTDiAgeha89Ikag


Google Photos (2015)

Jacky Alciné

https://jacky.wtf/about/


Google Photos (2015)

ÅWhat do you think the problem was?

ÅHow could you fix it?

ÅHas it been fixed? Anyone use Google Photos?



Google Photos (2015)

[in]



Not just a vision problem

Text embeddings also suffer:

https://gist.github.com/rspeer/ef750e7e407e04894c
b3b78a82d66aed

Ψ{ŜƴǘƛƳŜƴǘ ŀƴŀƭȅǎƛǎΩ ->

Rob Speer

https://gist.github.com/rspeer/ef750e7e407e04894cb3b78a82d66aed


Not just a vision problem

Text embeddings also suffer:

https://gist.github.com/rspeer/ef750e7e407e04894c
b3b78a82d66aed

Ψ{ŜƴǘƛƳŜƴǘ ŀƴŀƭȅǎƛǎΩ ->

Rob Speer

https://gist.github.com/rspeer/ef750e7e407e04894cb3b78a82d66aed


Word embedding trained on 
Google News ςword2vec



!L Ψ{ŀŦŜǘȅΩ

Concrete Problems in AI Safety

Åhttps://arxiv.org/abs/1606.06565

In context of robots, but promising ideas
ÅRegularizerōŀǎŜŘ ƻƴ ŜȄǇŜǊǘ ΨǊƛǎƪΩ ƻŦ Ŏƭŀǎǎ ŎƻƴŦǳǎƛƻƴ

https://arxiv.org/abs/1606.06565


Criminality

ÅWu and Zhang, Automated Inference on Criminality 
using Face Images, on arXiv2016

Slide figures from paperhttps://arxiv.org/abs/1611.04135

https://arxiv.org/abs/1611.04135


ά¦ƴƭƛƪŜ ŀ ƘǳƳŀƴ ŜȄŀƳƛƴŜǊκƧǳŘƎŜΣ ŀ ŎƻƳǇǳǘŜǊ Ǿƛǎƛƻƴ 
algorithm or classifier has absolutely no subjective 
baggages, having no emotions, no biases whatsoever 
due to past experience, race, religion, political 
doctrine, gender, age, etc., no mental fatigue, no 
preconditioning of a bad sleep or meal. The 
automated inference on criminality eliminates the 
variable of meta-accuracy (the competence of the 
ƘǳƳŀƴ ƧǳŘƎŜκŜȄŀƳƛƴŜǊύ ŀƭƭ ǘƻƎŜǘƘŜǊΦέ



Criminality

Å1100 non-criminal, 730 criminal Chinese face photos

ÅTested various features + classifiers



Criminality K-means, averaging clusters



What biases might exist? Discuss!

ÅSelection bias

ÅCapture bias

ÅCategory/label bias

ÅNegative set bias



Is this real?

Whatever the case, it needs care! Significant ramifications.

Humans might be able to do this:
ÅSmall but statistically significant ability to tell criminal from non-criminal in photo.

Valla, J., Williams, W., & Ceci, S. J. (2011). 

The accuracy of inferences about criminality based on facial appearance. 

Journal of Social, Evolutionary, and Cultural Psychology, 5(1), 66-91.

MIT Technology Review has a good overview:

https://www.technologyreview.com/s/602955/neural-network-learns-to-
identify-criminals-by-their-faces/

https://www.technologyreview.com/s/602955/neural-network-learns-to-identify-criminals-by-their-faces/


Valla, J., Williams, W., & Ceci, S. J. (2011)



¢Ƙƛǎ ƻƴŜ Ƴǳǎǘ ōŜ ŀƴ ŀǊǘ ǇǊƻƧŜŎǘΧ

FaceptionςάbŜǿ !ΦLΦ !ƴŀƭȅȊŜǎ CŀŎƛŀƭ {ǘǊǳŎǘǳǊŜ ¢ƻ 
See Who's A Terroristέ
Åhttps://www.popsci.com/start-up-is-selling-ai-that-

claims-to-identify-terrorists-based-on-their-face





άDǳƴǎ Řƻƴϥǘ ƪƛƭƭ ǇŜƻǇƭŜΣ peopleƪƛƭƭ ǇŜƻǇƭŜΗέ

άaŀŎƘƛƴŜ ƭŜŀǊƴƛƴƎ ŘƻŜǎƴΩǘ ƪƛƭƭ ǇŜƻǇƭŜΣ 
training data ƪƛƭƭǎ ǇŜƻǇƭŜΗέ

- ML community, all the time.

@vielmetti



Dataset improvement: MS COCO



Decent Pew Overview on Big Picture

Rainieand Anderson

Code-Dependent: 

Pros and Cons of the 

Algorithm Age

http://www.pewinternet.org/2017/02/08/code-dependent-pros-and-
cons-of-the-algorithm-age/



Help Do Something About It

Joy Buolamwini

https://www.theguardian.com/technology/2017/ma
y/28/joy-buolamwini-when-algorithms-are-racist-
facial-recognition-bias/

CƻǳƴŘŜŘ Ψ!ƭƎƻǊƛǘƘƳƛŎ WǳǎǘƛŎŜ [ŜŀƎǳŜΩ

https://www.ajlunited.org/

https://www.theguardian.com/technology/2017/may/28/joy-buolamwini-when-algorithms-are-racist-facial-recognition-bias/
https://www.ajlunited.org/


[ƻƻƪ ŀǘ WƻȅΩǎ ǇŀǇŜǊ ƻƴ ŦŀŎŜ ōƛŀǎ ƛƴ 
commercial softwares

[New York Times]



Effect of public shaming on face 
recognition databases
https://www.engadget.com/2019/01/25/amazon-rekognition-facial-analysis-
gender-race-bias-mit/

The paper: http://www.aies-conference.com/wp-content/uploads/2019/01/AIES-
19_paper_223.pdf

άIƻǿŜǾŜǊΣ !ƳŀȊƻƴ Ƙŀǎ ŘƛǎǇǳǘŜŘ ǘƘŜ ǊŜǎǳƭǘǎ ƻŦ aL¢ϥǎ ǘŜǎǘǎΣ ǿƘƛŎƘ ǘƻƻƪ ǇƭŀŎŜ ƻǾŜǊ 
the course of 2018. It argued the researchers hadn't used the current version of 
Rekognition, and said the gender identification test used facial analysis (which 
picks out faces from images and assigns generic attributes to them), rather than 
facial recognition, which looks for a match for a specific face. It noted that they are 
ŘƛǎǘƛƴŎǘ ǎƻŦǘǿŀǊŜ ǇŀŎƪŀƎŜǎΦέ

"Using an up-to-date version of Amazon Rekognitionwith similar data downloaded 
from parliamentary websites and the Megafacedataset of [1 million] images, we 
found exactly zero false positive matches with the recommended 99 [percent] 
confidence threshold," Matt Wood, general manager of deep learning and AI at 
Amazon Web Services,told VentureBeat.

More info on the technical issues here:
https://itif.org/publications/2019/01/27/note-press-facial-analysis-not-facial-recognition

https://www.engadget.com/2019/01/25/amazon-rekognition-facial-analysis-gender-race-bias-mit/
http://www.aies-conference.com/wp-content/uploads/2019/01/AIES-19_paper_223.pdf
https://venturebeat.com/2019/01/24/amazon-rekognition-bias-mit/




[https://whitecollar.thenewinquiry.com/]


