Chapter 1: Getting Started with Deep Learning
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File Edit Options Buffers Tools ESS Complete In/Out  Signals  Help

R version 3.2.3 (2815-12-18) -- "wWooden Christmas-Tree"
Copyright (C) 2815 The R Foundation for Statistical Computing
Platform: x86_64-wbd-mingw32/x64 (64-bit)

R is free software and comes with ABSOLUTELY MO WARRANTY.
You are welcome to redistribute it under certain conditions.
Type "license(}' or 'licence()' for distribution details.

R is a collaborative project with many contributors.
Type '"contributors()' for more information and
"citation()}' on how to cite R or R packages in publications.

Type "demo()}' for some demos, 'help()' for on-line help, or
"help.start()" for an HTML browser interface to help.
Type "q()' to quit R.

» » options(chmhelp=FALSE, help type="text")

> options(STERM="iE55", str.dendrogram.last=
% error.locations=TRUE)

* library(checkpoint)

http://projects.revolutionanalytics. com/rrt/
> checkpoint("2816-82-28", R.versiom = "3.2.3")

y
Scanning for packages used in this project

- Discovered 7 packages
Installing packages used in this project
- Installing 'caret’

package 'colorspace’ successfully unpacked and MDS sums checked
[ output cut ]
package 'caret' successfully unpacked and MD5 sums checked
- Installing 'el@71’
also installing the dependency 'class’

package 'class' successfully unpacked and MDS sums checked
package 'el@71l' successfully unpacked and MDS sums checked
- Installing 'jsonlite’
package 'jsonlite' successfully unpacked and MDS sums checked
- Previously installed 'MASS’
- Installing "RCurl’
also installing the dependency 'bitops’

package 'bitops' successfully unpacked and MDS sums checked
package 'RCurl' successfully unpacked and MDS sums checked

- Installing 'statmod’
package 'statmod' successfully unpacked and MDS sums checked
checkpoint process complete

ey |

1W*¥*- *R¥* All (54,2) (iE55 [R db -]: run company ElDoc)

checkpoint: Part of the Reproducible R Toolkit from Revolution Analytics

Can I create directory ~/.checkpoint for internal checkpoint use?(y/n)

also installing the dependencies 'colorspace’, 'minga’, 'nloptr', 'RcppEigen’,
% RColorBrewer', 'dichromat', 'munsell’, 'labeling', "Matrix’', "lme4', 'SparseM’,
S 'MatrixModels”, 'stringi', 'magritte’, 'digest', 'gtable’', 'MASS', 'scales', 'mg
Scv', 'nnet', "pbkrtest', 'quantreg', 'codetocls', 'iterators', 'Repp’, 'stringr’
, 'lattice', 'ggplot2', 'car', 'foreach', 'plyr', 'nlme', 'reshape2’

s editor="emacsclient.exe', show. i
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Using Flow for the first time?

Routine Description i .
[8) Quickstart Videos
& importFiles Import file(s) into Ho,O
B getFrames Get a list of frames in HzO
&€ splitFrame Split a frame into two or more frames Or, view example Flows to explore and
. . learn Hz0.
= getModels Get a list of models in H:O
¥ getPredictions Getalist of predictions in HO STAR H20 ON GITHUE!
= getJobs Get a list of jobs running in HzO ) Star 461
& buildModel Build a model
& importModel Import a saved model GEMERAL
¥ predict Malke a prediction « FlowWeb Ul
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Chapter 2: Training a Prediction Model
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Chapter 3:
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Chapter 4: Identifying Anomalous Data

X
F(x,g(ftx)))
(x)
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Residual (Predicted - Actual Year of Release)
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Chapter 6: Tuning and Optimizing Models
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s(11,1.35)

s(input_dropout,1)

s(epsilon,1)
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