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Selfie introduction

B Tech, Computer Science IIT Delhi, 2007

PhD, Computer Vision and Machine Learning, University of Oxford, 2011

Research Engineer @ Flutter (A computer vision startup, acquired by 

Google in 2013)

Research Scientist at Google [current]



Outline

● Deep dive into a specific Medical imaging problem (Diabetic retinopathy 

screening)

● Overview of Neural networks (specifically Convolutional neural network) and 

optimization.

● The zoo of ML models and applications



Diabetic retinopathy (DR) screening
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or a consumer 
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Fundus image

Healthy, no follow up 

needed.

Follow up with 

Ophthalmologist.

Automated

Diagnosis

Build an automated fundus image reading algorithm to refer ‘referable’ cases to an Ophthalmologist.



Fundus imaging to diagnose DR
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DR: Referability thresholds

No DR Mild DR Moderate DR Severe DR Proliferative DR

Refer if >= Moderate DR Refer if >= Severe DR
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Images and metadata

Data partners 

AREDS

2 Million+ images across diverse ethnicities, age groups, 

gender, confounding diseases.

Some come with the partners DR grading as well.
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Labeling tool for Ophthalmologists
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Model: Deep neural networks

Image Quality

DR Severity

DME Grade

299 x 299

Conv Network  - 26 layers Gender

Left/Right
GoogLeNet
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Measuring performance: Sensitivity and specificity

Binary

decision

Ok

Visit ophtha

DR

grader

1000 healthy patients
DR

grader

Specificity
900 Ok

100 Visit ophtha

Specificity =                              = 90%
True negatives

Total negatives

100 referable patients

Sensitivity
DR

grader

3 Ok

97 Visit ophtha

Sensitivity =                              = 97%
True positives

Total positives



ROC curves

Full paper at: https://arxiv.org/pdf/1710.01711.pdf [Published in Ophthalmology]

Improvement of our original work published in JAMA: https://research.google.com/pubs/pub45732.html

https://arxiv.org/pdf/1710.01711.pdf
https://research.google.com/pubs/pub45732.html
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The function we want to learn

Referable DR = Yes/No



Referable DR = Yes/No

Input representation
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If no referable DR
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Neural networks learn this complex function



f( )x =; w

x

w

[0, 1]

Feed raw pixels x into 

model

Learn good values for 

w over training data

Have to choose good 

network architectures

Neural networks learn this complex function

{0, 1}



What is inside the neural network?

x [0, 1]w



A single neuron

Image credit: https://ujjwalkarn.me/2016/08/09/quick-intro-neural-networks/

Linear transformation

Non linear transformation 

(called activation function)

https://ujjwalkarn.me/2016/08/09/quick-intro-neural-networks/


Some commonly used activation functions

Image credit: https://ujjwalkarn.me/2016/08/09/quick-intro-neural-networks/

https://ujjwalkarn.me/2016/08/09/quick-intro-neural-networks/


A single neuron

Image credit: https://ujjwalkarn.me/2016/08/09/quick-intro-neural-networks/

https://ujjwalkarn.me/2016/08/09/quick-intro-neural-networks/


Composing neurons to represent more complex functions

Image credit: https://ujjwalkarn.me/2016/08/09/quick-intro-neural-networks/

https://ujjwalkarn.me/2016/08/09/quick-intro-neural-networks/


Fully connected network on the image



Image credit: http://colah.github.io/posts/2014-07-Conv-Nets-Modular/

A fully connected layer

http://colah.github.io/posts/2014-07-Conv-Nets-Modular/


Image credit: http://colah.github.io/posts/2014-07-Conv-Nets-Modular/

A convolutional layer

http://colah.github.io/posts/2014-07-Conv-Nets-Modular/


Image credit: http://colah.github.io/posts/2014-07-Conv-Nets-Modular/

Repeat this across layers

http://colah.github.io/posts/2014-07-Conv-Nets-Modular/


Image credit: http://colah.github.io/posts/2014-07-Conv-Nets-Modular/

Reduce dimensions by pooling (like a zoom out)

http://colah.github.io/posts/2014-07-Conv-Nets-Modular/


Image credit: http://colah.github.io/posts/2014-07-Conv-Nets-Modular/

2D version of the visualization

http://colah.github.io/posts/2014-07-Conv-Nets-Modular/


A more abstract version of CNN



Even more abstract version of a CNN

Conv Network  - 26 layers

GoogLeNet



f( )x =; w

x

w

[0, 1]

Back to the original abstraction



Loss functions for training the network

Index over training data set Input representation of ith

training data point

Desired output for 

ith training point



Losses commonly used

These are either 0 or 1 (indicator variables 

denoting presence/absence of membership to 

a particular class)

Cross entropy loss (used in classification)

L2 Loss (used in regression, when the predicted value is a 

continuous variable)



The optimization problem

Use your favorite optimizer (Nesterov gradient, LBFGS, so on) to find the best w.

In practice N is very large, and xi has very high dimensionality: These computational constraints restrict 

us to using Stochastic Gradient descent, which can be run in a distributed manner across several 

machines.

See: https://research.google.com/pubs/pub40565.html

https://research.google.com/pubs/pub40565.html


Tensorflow abstracts out this complexity for you

Open, standard software for 
general machine learning

Great for Deep Learning in 
particular

First released Nov 2015

Apache 2.0 license

http://tensorflow.org/

and

https://github.com/tensorflow/tensorflow

Open, standard software for 
general machine learning

Great for Deep Learning in 
particular

First released Nov 2015

Apache 2.0 license

http://tensorflow.org/
https://github.com/tensorflow/tensorflow
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ML models and applications: Image classification

ImageNet challenge: https://arxiv.org/pdf/1409.0575.pdf

https://arxiv.org/pdf/1409.0575.pdf


Image classification models

GoogLeNet

Cat

Steel drum

Car

...

People



Image classification performance

* Human Performance based on analysis done by Andrej Karpathy. More details here.
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http://karpathy.github.io/2014/09/02/what-i-learned-from-competing-against-a-convnet-on-imagenet/


ML models and applications: Object detection

Image credit: https://arxiv.org/pdf/1611.10012.pdf

https://arxiv.org/pdf/1611.10012.pdf


Object detection: Model architecture

Image credit:https://arxiv.org/pdf/1506.01497.pdf

https://arxiv.org/pdf/1506.01497.pdf


Object detection: Model performance

TODO: Get PR Curve and plot operating point



ML models and applications: Image segmentation

Image from: http://cocodataset.org/#detections-challenge2017

http://cocodataset.org/#detections-challenge2017


ML models and applications: Image segmentation

https://arxiv.org/pdf/1505.04597.pdf

https://arxiv.org/pdf/1505.04597.pdf


Image segmentation performance

http://cocodataset.org/#stuff-leaderboard

http://cocodataset.org/#stuff-leaderboard


ML models and applications: Aerial image analysis

We have tons of vision problems

Image search, StreetView, Satellite Imagery, 

Translation, Robotics, Self-driving Cars, 

www.google.com/sunroof

http://www.google.com/sunroof


ML models and applications: Satellite image analysis

Screenshot from live tool at: 

http://earthenginepartners.appspot.co

m/science-2013-global-forest

http://earthenginepartners.appspot.com/science-2013-global-forest


ML models and applications: Translation

“Hello, how are you?” “Bonjour, comment allez-vous?”



Translation model: LSTMs

Image source: 

https://www.tensorflow.org/tutorials/seq2seq

Other Useful resources:

http://colah.github.io/posts/2014-07-NLP-

RNNs-Representations/

http://colah.github.io/posts/2015-08-

Understanding-LSTMs/

https://www.tensorflow.org/tutorials/seq2seq
https://www.tensorflow.org/tutorials/seq2seq
http://colah.github.io/posts/2014-07-NLP-RNNs-Representations/
http://colah.github.io/posts/2015-08-Understanding-LSTMs/


Translation model performance

Source: https://research.googleblog.com/2016/09/a-neural-network-for-machine.html

https://research.googleblog.com/2016/09/a-neural-network-for-machine.html


ML models and applications: Predicting molecule properties

https://research.googleblog.com/2017/04/predicting-properties-of-molecules-with.html

https://research.googleblog.com/2017/04/predicting-properties-of-molecules-with.html


Predicting molecule properties: Performance

https://arxiv.org/abs/1702.05532

https://arxiv.org/abs/1702.05532


Predicting molecule properties: Performance

https://arxiv.org/abs/1702.05532

Different ML methods

Various molecular properties

https://arxiv.org/abs/1702.05532


Predicting molecule properties: Performance

https://arxiv.org/abs/1702.05532

Different ML methods

Various molecular properties

Neural network based ML methods

https://arxiv.org/abs/1702.05532


A Monsoon prediction paper!

http://cse.iitkgp.ac.in/~pabitra/paper/jess17.pdf

http://cse.iitkgp.ac.in/~pabitra/paper/jess17.pdf

