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NA— Amazon Machine Learning Documentation

imazon Machine Learnin
9 Amazon Machine Learning is a service that makes it easy for developers to build smart applications, including

)ocumentation > L . . . . _—
applications for fraud detection, demand forecasting, targeted marketing, and click prediction. The powerful
algorithms of Amazon Machine Learning create machine learning (ML) models by finding patterns in your
FLATED LS existing data. The service uses these models to process new data and generate predictions for your
WS Glossary application.
ietting Started with AWS
iDKs & Tools Developer Guide AP Reference

Provides a conceptual overview of Amazon Machine Describes all the AP operations for Amazon

WS D tati Kindl
i ccumentation on Rindie Learning and includes detailed instructions for using Machine Learning in detail. Also provides sample

WS General Reference the service. requests and responses for supported web service
WS Training HTML | PDF protocols.

HTML | PDF
WS Case Studies

Machine Learning Concepts

Provides an overview of the basic concepts in the
field of machine learning.

HTML | PDF

WS Whitepapers

http://docs.aws.amazon.com/machine-learning/latest/miconcepts/index.html



Learning Algorithm

The learning algorithm’s task is to learn the weights for the model. A learning algorithm consists
of a loss function and an optimization technique. The loss is the penalty that is incurred when
the estimate of the target provided by the ML model does not equal the target exactly. A loss
function is a function that quantifies this penalty as a single value. An optimization technique
seeks to minimize the loss. In Amazon Machine Learning, we have three loss functions, one
for each of the three types of prediction problems. The optimization technique used in
Amazon Machine Learning is online Stochastic Gradient Descent (SGD). SGD makes
sequential passes over the training data, and during each pass, updates feature weights one
example at a time with the aim of approaching the optimal weights that minimize the loss.

Amazon Machine Learning uses the following learning algorithms:

* For binary classification, Amazon Machine Learning uses logistic regression (logistic
loss function + SGD).

 For multiclass classification, Amazon Machine Learning uses multinomial logistic
regression (multinomial logistic loss + SGD).

 Forregression, Amazon Machine Learning uses linear regression (squared loss function
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