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...We don’t tend to say

     Yellow Bananas



What do you see?

     Green Bananas

     Unripe Bananas



What do you see?

Ripe Bananas

Bananas with spots



What do you see?

Ripe Bananas

Bananas with spots

Bananas good for banana 
bread



What do you see?

Yellow Bananas

Yellow is prototypical for 
bananas



Prototype Theory

One purpose of categorization is to reduce the infinite differences among 
stimuli to behaviourally and cognitively usable proportions

There may be some central, prototypical notions of items that arise from stored 
typical properties for an object category  (Rosch, 1975)

May also store exemplars (Wu & Barsalou, 2009) 

Banana

Unripe Bananas,
Cavendish Bananas

Bananas
“Basic Level”

Fruit



A man and his son are in a terrible 
accident and are rushed to the hospital 
in critical care.

The doctor looks at the boy and 
exclaims "I can't operate on this boy, 
he's my son!"

How could this be?
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The majority of test subjects 
overlooked the possibility that the 
doctor is a she - including men, 

women, and self-described feminists.

Wapman & Belle, Boston University

https://www.bu.edu/today/2014/bu-research-riddle-reveals-the-depth-of-gender-bias/


Word Frequency in corpus

“spoke” 11,577,917

“laughed” 3,904,519

“murdered” 2,834,529

“inhaled” 984,613

“breathed” 725,034

“hugged” 610,040

“blinked” 390,692

“exhale” 168,985

Gordon and Van Durme, 2013
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Also called “Black Sheep” problem, “Giraffes problem” in vision/language

Photographer Bias: Natural tendency of photographers to place object of 
interest in the center



























Human data perpetuates human biases.

As ML learns from human data, the result is a 
bias network effect.



“Although neural networks might be said to write their own 
programs, they do so towards goals set by humans, using 
data collected for human purposes. If the data is skewed, 
even by accident, the computers will amplify injustice.”

— The Guardian

CREDIT

https://www.theguardian.com/commentisfree/2016/oct/23/the-guardian-view-on-machine-learning-people-must-decide
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Predictive Policing

Identifies fine-grained areas of 
potential criminal activity

Used to help law enforcement 
decide where to deploy

Focus on gun, domestic 
violence

Mixed results

Credit: Brett Lider, CC BY-SA

https://creativecommons.org/licenses/by-sa/3.0/deed.en


Predictive Sentencing

Northpointe:  Risk in criminal sentencing (ProPublica, 
2016)

The likelihood of each committing a future crime is 
predicted. 

Borden — who is black — was rated a high risk. 
Prater — a more seasoned criminal, who is white — 
was rated a low risk.

2 years later, Borden has not been charged with any 
new crimes. Prater serving 8-year prison term for 
breaking into a warehouse and stealing thousands of 
dollars’ worth of electronics.

https://www.propublica.org/article/machine-bias-risk-assessments-in-criminal-sentencing
https://www.propublica.org/article/machine-bias-risk-assessments-in-criminal-sentencing


Predictive Criminality

An Israeli startup, Faception, who has not published any details about their 
methods, sources of training data, or quantitative results:

“Faception is first-to-technology and first-to-market with proprietary 
computer vision and machine learning technology for profiling people 
and revealing their personality based only on their facial image.”

Offering specialized engines for recognizing “High IQ”, “White-Collar Offender”, 
“Pedophile”, and “Terrorist” from a face image. 

Main clients are in homeland security and public safety.

http://www.faception.com/


Predictive Criminality

“Automated Inference on Criminality using Face Images” Wu and Zhang, 2016.  arXiv

1,856 closely cropped images of faces -- “wanted suspect” pictures from specific 
areas, rest from crawling web.

“[…] angle θ from nose tip to two 
mouth corners is on average 19.6% 
smaller for criminals than for 
non-criminals ...”

θ θ

https://arxiv.org/abs/1611.04135


Predictive Criminality - The Media Blitz



But it’s up to us to influence how 
AI evolves.
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Begin tracing out paths for the evolution of 
ethical AI

Short-term Longer-term 

Today

Find local optimum
given task, data, etc

Get paper published

Get paper award

Global optimum
for humans, their environment, 
and Artificial Intelligence

How can the work I’m 
interested in now be 
best focused to help 
others?



1. Modeling world knowledge (and biases!) with latent variables   
Focus on best performance across groups of people

● Working with experts and those affected to better understand what’s 
needed

● Contextualizing work for public

Rest of Talk
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Modeling World Knowledge with Latent Variables:  
A case study in vision-to-language

Those affected: People who are blind

Seeing AI:  Microsoft research project that 
brings together the power of the cloud and AI 
to deliver an intelligent app, designed to help 
you navigate your day.

https://www.microsoft.com/en-us/seeing-ai/


Human Reporting Bias  

The frequency with which people write about actions, 
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frequencies or the degree to which a property is 
characteristic of a class of individuals
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Can be used as a signal.



Data data everywhere …

100 hours of video 
every minute

dog, chair, pizza, donutdog, chair, pizza, donutOMG Frodo is sitting 
eating pizza and donuts.

#dog #hungry

In the Wild
Image level Bounding  

Box 

300 Million 
images uploaded 

everyday

Facebook flickr



Data data everywhere …
But not many labels to train

Exhaustively annotated data is expensive

dog, chair, pizza, donut dog, chihuahua, brown, chair, table, wall, 
space heater, pizza, greasy, donut 1, donut 2, 

pizza slice 1, pizza slice 2... 



“In the Wild” Labeled Images: Why?

● “Freely” available: Image tags, descriptions on social media

● Fast way to gather data beyond typical categories

● Annotations for an image are on a “per-image” basis [mostly]

#dog #food #hungry

A hungry dog looks at the food on the 
table



Challenges with WILD Labeled Images
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Using Labeled Images In the Wild

How do we train visually correct classifiers from wild data?

dog, brown, 
chihuahua, chair, pizza, 

donut

#dog #food #hungry

Input Wild Data Expected Output



Problem setup

● Input: Image, human-biased labels
● Goal: Learn visually correct classifiers
● Challenge: Do not have access to ground truth; have access to what humans 

have reported

teacher, man, standing, early 
30s, white, classroom, high 
school, students, projector, 
door, wall, podium, learning



Human-Biased Labels

● Highly dependent on the input image
○ Example:  bicycle

Misra, et al.  (2016).  Seeing through the Human Reporting Bias: Visual Classifiers from Noisy Human-Centric Labels.  CVPR.

http://www.cv-foundation.org/openaccess/content_cvpr_2016/papers/Misra_Seeing_Through_the_CVPR_2016_paper.pdf
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Human-Biased Labels

● Highly dependent on the input image
● The outcome of a complex systematic process [human judgment]

○ Humans are fairly systematic in such labeling
○ Humans refer to object properties when it helps 

distinguishability, conversation etc.
[Gregory 1966], [Rosch 1973], [Sedivy et al., 2003], [Koolen et al., 2011]
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Related Work: Modeling label noise

● Assumes the noise is conditionally independent of the input image
[Mnih and Hinton 2012], [Natarajan et al., 2013], [Reed et al., 2014], [Sukhbaatar et al., 2015], [Izadinia 
et al., 2015]
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● Assumes that estimating noise requires access to exhaustively 
labeled data
[Xiao et al., 2015]
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● A human-biased prediction h can be factored into two terms
○ Visual presence v – Is the object visually present?
○ Relevance r – Is the object relevant for a human?

Use z to predict 
human-biased label y

Unknown

Factoring in label bias: Idea
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● A human-biased prediction h can be factored into two terms
○ Visual presence v – Is the object visually present?
○ Relevance r – Is the object relevant for a human?

● Allows classifier to not get 
       penalized for correct predictions Unknown

Is concept present?
Given visual presence, 

is concept relevant?

Factoring in label bias: Idea

Misra, et al.  (2016).  Seeing through the Human Reporting Bias: Visual Classifiers from Noisy Human-Centric Labels.  CVPR.
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End-to-End Approach

Misra, et al.  (2016).  Seeing through the Human Reporting Bias: Visual Classifiers from Noisy Human-Centric Labels.  CVPR.
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● Evaluate both v and h predictions
● Microsoft COCO dataset

○ Human-biased labels y from Captions [1000 categories]

○ Visually correct labels z from Detection Bounding boxes [73 categories]

○ #images: 80k train, 20k test

● YFCC100M
○ Yahoo Flickr images with tags [1000 categories]

○ Random subset #images: 75k train, 15k test

A hungry dog looks 
at the food on the 

table.

dog, chair, pizza, 
donut

z labels: Only for testingy labels

Unknown

Results

Misra, et al.  (2016).  Seeing through the Human Reporting Bias: Visual Classifiers from Noisy Human-Centric Labels.  CVPR.

http://www.cv-foundation.org/openaccess/content_cvpr_2016/papers/Misra_Seeing_Through_the_CVPR_2016_paper.pdf


Evaluating using y (human-biased) and z (annotated)

NN: Nouns
VB: Verbs
JJ: Adjectives
DT: Determiner
PRP: Pronouns
IN: Prepositions
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Corrected Error Modes
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Improvement in Downstream Applications: 
Image Captioning

Image <s> A Ferris Wheel </s> null

A Ferris Wheel<s> </s>

Model

Misra, et al.  (2016).  Seeing through the Human Reporting Bias: Visual Classifiers from Noisy Human-Centric Labels.  CVPR.
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Fair is Fair:  For all groups of people

Those affected: People with neuroatypicality, 
clinicians



Motivation from “The Karate Kid”



Single-Task:  Logistic Regression



Single-Task:  Deep Learning



Multiple Tasks with Basic Logistic Regression



Multiple Tasks + Deep Learning:  Multi-task 
Learning

Task 1      Task 2       Task 9

Benton, Mitchell, Hovy.  2017.  “Multi-task learning for Mental Health Conditions with Limited Social Media Data”

http://m-mitchell.com/publications/multitask-clinical.pdf


Multiple Tasks + Deep Learning:  Multi-task 
Learning Example

Depression Anxiety  PTSD

Benton, Mitchell, Hovy.  2017.  “Multi-task learning for Mental Health Conditions with Limited Social Media Data”

http://m-mitchell.com/publications/multitask-clinical.pdf


Multiple Tasks + Deep Learning:  Multi-task 
Learning Example

Depression Anxiety  PTSD  Gender

Benton, Mitchell, Hovy.  2017.  “Multi-task learning for Mental Health Conditions with Limited Social Media Data”

http://m-mitchell.com/publications/multitask-clinical.pdf
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Improved Performance across Subgroups

Benton, Mitchell, Hovy.  2017.  “Multi-task learning for Mental Health Conditions with Limited Social Media Data”

http://m-mitchell.com/publications/multitask-clinical.pdf
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Improved Performance across Subgroups

http://m-mitchell.com/publications/multitask-clinical.pdf


Reading for the masses….

Contextualizing and considering ethical 
dimensions

Benton, Mitchell, Hovy.  2017.  “Multi-task learning for Mental Health Conditions with Limited Social Media Data”

http://m-mitchell.com/publications/multitask-clinical.pdf


Reading for the masses….

Contextualizing and considering ethical 
dimensions
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PHASE 05

http://www.techrepublic.com/article/inside-amazons-clickworker-platform-how-half-a-million-people-are-training-ai-for-pennies-per-task/
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