PREDICTING OCEAN HEALTH
CLASSIFICATION OF PLANKTON
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“The world is everything that is the case.”
Ludwig Wittgenstein



To be or not to be, that is

The Question

Classifying plankton images by underwater imagery
sensor, using computational techniques.

144 Classes of Plankton
Hierarchical Structure
121 Leaf Classes

Skewed Data Distribution
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SVM- support vector machine, ANN- Artificial Neural Network, CNN- Convolutional Neural Network, RF- Random Forest, SIFT- Scale Invariant Feature Transform, HEX- Hierarchy and Exclusion Graphs, ART- Adaptive Rates Learning, HSC- Hierarchically Stacked Classifiers



Hierarchy and Exclusion Graphs

Jia Deng et al., Large-Scale Object Classification using Label Relation
Graphs, University of Michigan and Google Inc.
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QOur model

Logistic regression / Softmax



Hierarchically Stacked Classifiers




PLANKTON HOT A PHYLOGENETIC DOCUMENT
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The Road Not Taken
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Goldilocks

argmaxy .efy, ...yn}P(yn» VYn—1 - Y1]%)

argmaxyie{yl...yn}P(Yn|xt Yn-1 ---}I1)P(:Vn—1|x: Yn-2 ---yl)P(Y1|x)
where n is the depth of the tree



Adaptive Rates Training




What happens in Vegas

Learning Rate and Momentum Rate adapted
via mechanism similar to TCP

l n*ZZ,u*ZZ
l l . 7= 0.1, u*=0.1




Boosting, Augmentation and Equalisation




History Repeats Itself
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Voting

Schapire, The Boosting Approach to Machine Learning — An Overview, MSRI Workshop on Nonlinear Estimation and Classification, 2002



Two Sides of the Same Coin




Communist Manifesto




y, Revisited
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SVM- support vector machine, ANN- Artificial Neural Network, CNN- Convolutional Neural Network, RF- Random Forest, SIFT- Scale Invariant Feature Transform, HEX- Hierarchy and Exclusion Graphs, ART- Adaptive Rates Learning, HSC- Hierarchically Stacked Classifiers



Miles to go before I sleep

« HSC:

Customised Classifier for each Node
Filter combinations for every Classifier

e HEX:

« Soft instead of Hard Assignments in legal ground truths

« Exploring Adaptive Rates Learning (ARL):

e Mathematical nuances of this heuristic



Implications



Thank You,
Questions?

“Whereof one cannot speak, thereof one must be silent.”
Ludwig Wittgenstein



