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OVERVIEW
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HIGH-LEVEL MOTIVATION: THREE MAIN QUESTIONS

- Why ? Several reasons discussed next
- How ? Rcpp details, usage, tips, ...

- What ? We will cover examples.
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WHY R?
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A SIMPLE EXAMPLE

xx <- faithfull,”eruptions”]
fit <- density(xx)
plot(fit)
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A SIMPLE EXAMPLE
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A SIMPLE EXAMPLE - REFINED

xx <- faithfull,”eruptions”]
fitl <- density(xx)
fit2 <- replicate(10000, {
x <- sample(xx,replace=TRUE);
density(x, from=min(fit1$x), to=max(fiti$x))$y
b
fit3 <- apply(fit2, 1, quantile,c(0.025,0.975))
plot(fitl, ylim=range(fit3))
polygon(c(fit1$x,rev(fit1$x)), c(fit3[1,],rev(fit3[2,1)),
col='grey', border=F)
lines(fitl)
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A SIMPLE EXAMPLE - REFINED

density.default(x = xx)
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R enables us to

- work interactively
- explore and visualize data
- access, retrieve and/or generate data

- summarize and report into pdf, html, ...

making it the key language for statistical computing, and a preferred

environment for many data analysts.
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R has always been extensible via

- Cvia a bare-bones interface described in Writing R Extensions
- Fortran which is also used internally by R
- Java via rJava by Simon Urbanek

- C++ but essentially at the bare-bones level of C

So while in theory this always worked - it was tedious in practice

(And it should be noted that many other languages are now also accessible from R, but that is not our topic today.)
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WHY R? : PROGRAMMING WITH DATA FROM 1977 TO 2016

Omputational The S La
Methods —
For Data
Analysis

Thanks to John Chambers for high-resolution cover images. The publication years are, respectively, 1977, 1988, 1992, 1998, 2008 and 2016.

useR!2018 11/164



Chambers (2008), opens Chapter 11 Interfaces I: Using C and Fortran:

Since the core of R is in fact a program written in the C
language, it's not surprising that the most direct interface
to non-R software is for code written in C, or directly
callable from C. All the same, including additional C code
is a serious step, with some added dangers and often a
substantial amount of programming and debugging
required. You should have a good reason.
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Chambers (2008), opens Chapter 11 Interfaces I: Using C and Fortran:

Since the core of R is in fact a program written in the C
language, it's not surprising that the most direct interface
to non-R software is for code written in C, or directly
callable from C. All the same, including additional C code
is a serious step, with some added dangers and often a
substantial amount of programming and debugging

required. You should have a good reason.
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Chambers proceeds with this rough map of the road ahead:

- Against:

- It's more work
- Bugs will bite
- Potential platform dependency

- Less readable software
- In Favor:

- New and trusted computations
- Speed
- Object references
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The Why? boils down to:

- speed: Often a good enough reason for us ... and a focus for us
in this workshop.

- new things: We can bind to libraries and tools that would
otherwise be unavailable in R

- references: Chambers quote from 2008 foreshadowed the work
on Reference Classes now in R and built upon via Rcpp Modules,
Rcpp Classes (and also RcppR6)
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INTERFACE VISION

R offers us the best of both worlds:

- Compiled code with

- Access to proven libraries and algorithms in C/C++/Fortran

- Extremely high performance (in both serial and parallel modes)
- Interpreted code with

- A high-level language made for Programming with Data
- An interactive workflow for data analysis
- Support for rapid prototyping, research, and experimentation
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- Asking Google leads to tens of million of hits.

- Wikipedia: C++ is a statically typed, free-form, multi-paradigm,
compiled, general-purpose, powerful programming language

- C++is industrial-strength, vendor-independent, widely-used,
and still evolving

- In science & research, one of the most frequently-used
languages: If there is something you want to use / connect to, it
probably has a C/C++ API

- As a widely used language it also has good tool support
(debuggers, profilers, code analysis)
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Scott Meyers: View C++ as a federation of languages

- C provides a rich inheritance and interoperability as Unix,
Windows, ... are all build on C.

- Object-Oriented C++ (maybe just to provide endless discussions
about exactly what OO is or should be)

- Templated C++ which is mighty powerful; template meta
programming unequalled in other languages.

- The Standard Template Library (STL) is a specific template
library which is powerful but has its own conventions.

- C++11and C++14 and C++17 (and beyond) add enough to be
called a fifth language.

NB: Meyers original list of four languages appeared years before C++11.
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- Mature yet current
- Strong performance focus:

- You don’t pay for what you don’t use
- Leave no room for another language between the machine level

and C++

- Yet also powerfully abstract and high-level
- C++11 + C++14 + C++17 are giving us new language features
- While there are complexities, Rcpp users are mostly shielded
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INTERLUDE
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JOHN CHAMBERS

Statistics and Computing

John M. Chambers

Chambers (2008) Software For
Data Analysis

Chapters 10 and 11 devoted to
Interfaces I: C and Fortran and
Interfaces II: Other Systems.
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JOHN CHAMBERS

useR!2018

e
H
:
g
H

)

The R Series

Extending R

.

John M. Chambers

Chambers (2016) Extending R
An entire book about this with
concrete Python, Julia and C++
code and examples
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JOHN CHAMBERS

Chambers 2016, Chapter 1

- Everything that exists in R is an object
- Everything happens in R is a function call

- Interfaces to other software are part of R
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JOHN CHAMBERS

Chambers 2016, Chapter 4

The fundamental lesson about programming in the large
is that requires a correspondingly broad and flexible
response. In particular, no single language or software
system os likely to be ideal for all aspects. Interfacing
multiple systems is the essence. Part IV explores the
design of of interfaces from R.
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WHY RCPP? SOME TWEETS
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#==, Research Consulting ¥ -2 Follow
e qssric

Using #Rcpp to leverage the speed of c++
with the ease and clarity of R. Thanks,
@eddelbuettel

 Reply % Retweet
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Peter Hickey ¥ <& Follow
¥ PeteHaitch

Love that my reaction almost every time |
rewrite R code in Rcpp is "holy shit that's
fast" thanks @eddelbuettel &
aromain_francois #rstats

+ Reply t3 Retweeted wes More

s ot B DERG
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Pat Schloss 4 | 2 Follow
PatSchloss

Thanks to @eddelbuettel's Rcpp and
@hadleywickham AdvancedR Rcpp chapter
| just sped things up 750x. You both rock.

RETWEETS  FAVORITES

3 5 ARaEEREx

11:55 AM - 29 May 2015

L
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ﬂ Rich FitzJohn £ % Follow
; gfitzjohn

Writing some code using #rstats plain C API
and realising/remembering quite how much
work Rcpp saves - thanks @eddelbuettel

ST sREBRERLEE

5:45 PM - 6 Mar 2015

L
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Romain Francois e m
romain_francois

"Rcpp is one of the 3 things that changed
how I write #rstats code". @ hadleywickham
at #EARL2014

S [ T PP

3:19 AM - 16 Sep 2014
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:i Karl Broman £ m

kwbroman

@eddelbuettel @romain_francois Have |
emphasized how much | v #Rcpp?

éazs E g E:}}: ‘ m ﬂ E. £

912 PM - 27 May 2016
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boB Rudis
hrbrmstr

Gosh, Rcpp is the bee's knees (cc:

@eddelbuettel) #rstats

6 aAi. P&

9:08 AM - 18 Feb 2016

e

2+ Follow
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The rise of Rcpp #rstats

The rise of Repp.
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i Dirk Eddelbuettel = eddelbuettel - Oct 25

"It's easier to make an error if | am not
using Rcpp"
-- @GaborCsardi , right now in the
(wicked) R Hub presentation
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Posted a new article on R package GitHub star counts and compared that to the

3 Steven M. Mortimer @ StevenMMortimer - Jun 19 v
number of downloads.

Spoiler alert: @hadleywickham has most stars with 12.4K and @xieyihui is
runner up with 6.3K. The Rcpp package only gets one star per 42K downloads.

stevenmortimer.com/most-starred-...

Relationship Between CRAN Downloads and GitHub Stars
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Qs mna (WA

Stephen R;
Replying to @StevenMMortimer @hadleywickham @sxieyihui
Rcpp is evidently the unsung hero of the
#rstats package-verse! Thank you
@eddelbuettel and other Rcpp devs for all
that you do to provide this amazing package
to the #rstats community.

9:38 PM - 19 Jun 2018
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Key points

- Easy to learn as it really does not have to be that complicated -
we will see numerous few examples

- Easy to use as it avoids build and OS system complexities
thanks to the R infrastrucure

- Expressive as it allows for vectorised C++ using Rcpp Sugar

- Seamless access to all R objects: vector, matrix, list,
S3/S4/RefClass, Environment, Function, ...

- Speed gains for a variety of tasks Rcpp excels precisely where R
struggles: loops, function calls, ...

- Extensions greatly facilitates access to external libraries using

eg Rcpp modules
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WHO USES RCPP?

Growth of Rcpp usage on CRAN
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Data current as of July 10, 2018.

useR! 2018 38/164



PAGERANK

suppressMessages(library(utils))
library(pagerank) # cf github.com/andrie/pagerank

cran <- "http://cloud.r-project.org”

pr <- compute_pagerank(cran)
round(100*pr[1:5], 3)

H#t Rcpp MASS ggplot2 dplyr Matrix
Het 2.750 1.446 1.316 0.823 0.816
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PAGERANK

Repp
MASS
ggplot2
dplyr
Matrix
mvtnorm
plyr
survival
stringr
magrittr
RcppArmadillo
jsonlite
httr
data.table
lattice
sp
igraph
foreach
reshape2
shiny
tibble
tidyr
RColorBrewer
doParallel
coda
XML
purrr
200
raster
RCurl
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CRAN PROPORTION

db <- tools::CRAN_package_db() # R 3.4.0 or later
dim(db)

## [1] 12743 65

## all Rcpp reverse depends
(c(n_rcpp <- length(tools::dependsOnPkgs(”Rcpp”, recursive=FALSE,
installed=db)),
n_compiled <- table(db[, "NeedsCompilation”])[[”yes”11))

## [1] 1395 3293

## Rcpp percentage of packages with compiled code
n_rcpp / n_compiled

## [1] 0.4236259
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RCPP USAGE
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BAsIC USAGE: EVALCPP()

evalCpp( ) evaluates a single C++ expression. Includes and
dependencies can be declared.

This allows us to quickly check C++ constructs.

library(Rcpp)
evalCpp(”2 + 2") # simple test

## [1] 4

evalCpp(”std::numeric_limits<double>::max()")

## [1] 1.797693e+308
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EXERCISE 1

Run something with evalCpp()
£ "2 s 2"
- "2 % 21"
- "sqrt(1600)”

Anything goes!
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BAsIC USAGE: cPPFUNCTION()

cppFunction() creates, compiles and links a C++ file, and creates

an R function to access it. Optional plugins provide extension.

cppFunction(”
int exampleCpp11() {
auto x = 10;
return Xx;
}", plugins=c(”cppl11”))
exampleCpp11() # same identifier as C++ function
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EXERCISE 2

Write a simple function to sum a vector

cppFunction(”int vecsum(IntegerVector v) {
...your code here...
")

vecsum(1:10)
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EXERCISE 2

Write a simple function to sum a vector
Hints:

cppFunction(”int vecsum(IntegerVector v) {
int s = 0;
int n = v.size();
...your remaining code here...

)

vecsum(1:10)
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EXERCISE 2

One solution

cppFunction(”int vecsum(IntegerVector v) {
int s = 0;
int n = v.size();
for (int i=0; i < n; i++) s = s + v[i];
return s;

)

vecsum(1:10)
## [1] 55
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BAsIC USAGE: SOURCECPP()

sourceCpp() is the actual workhorse behind evalCpp() and
cppFunction(). Itis described in more detail in the package
vignette Rcpp-attributes.

sourceCpp( ) builds on and extends cxxfunction() from package
inline, but provides even more ease-of-use, control and helpers -

freeing us from boilerplate scaffolding.

A key feature are the plugins and dependency options: other
packages can provide a plugin to supply require compile-time
parameters (cf RcppArmadillo, ReppEigen, RcppGSL).
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BAsIC USAGE: SOURCECPP()

#include <Rcpp.h>
#include <Rcpp.h>
using namespace Rcpp;

// [[Rcpp::export]]
NumericVector timesTwo(NumericVector x) {

return x * 2;

// You can include R code blocks in C++ files processed with sourceCpp
// (useful for testing and development). The R code will be automatically
// run after the compilation.

/7
/*xx%x R

timesTwo(42)
*/
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BAsIC USAGE: SOURCECPP()

That is (minus one comment) you get in RStudio for ‘New C++ File’.

Save it, say as /tmp/testRcpp.cpp and do

Rcpp: :sourceCpp(”/tmp/testRcpp.cpp”)
timesTwo(c(10, 20, 33))
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KEY MOTIVATION: SPEED
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SPEED EXAMPLE 1 (DUE TO CHRISTIAN ROBERT)

Five different ways to compute 1/(1 + x):

f <- function(n, x=1) for(i in 1:n) x <- 1/(1+x)

g <- function(n, x=1) for(i in 1:n) x <- (1/(1+x))
h <- function(n, x=1) for(i in 1:n) x <- (1+x)"(-1)
j <- function(n, x=1) for(i in 1:n) x <- {1/{1+x}}
k <- function(n, x=1) for(i in 1:n) x <- 1/{1+x}
library(rbenchmark)

N <- 1e5

benchmark(f(N,1),g(N,1),h(N,1),j(N,1),k(N,1),

order="relative”)[,1:4]
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SPEED EXAMPLE 1 (DUE TO CHRISTIAN ROBERT)

#it test replications elapsed relative
## 1 f(N, 1) 100 0.423 1.000
## 2 g(N, 1) 100 0.427 1.009
## 4 j(N, 1) 100 0.437 1.033
## 5 k(N, 1) 100 0.448 1.059
## 3 h(N, 1) 100 0.554 1.310
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SPEED EXAMPLE 1 (DUE TO CHRISTIAN ROBERT)

Adding a C++ variant is easy:

cppFunction(”
double m(int n, double x) {
for (int 1=0; i<n; i++)
x =1/ (1+x);
return x;

}n
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SPEED EXAMPLE 1 (DUE TO CHRISTIAN ROBERT)

#it test replications elapsed relative
## 6 m(N, 1) 100 0.069 1.000
## 2 g(N, 1) 100 0.421 6.101
## 1 f(N, 1) 100 0.426 6.174
## 4 j(N, 1) 100 0.431 6.246
## 5 k(N, 1) 100 0.442 6.406
## 3 h(N, 1) 100 0.563 8.159
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SPEED EXAMPLE 2 (DUE TO STACKOVERFLOW)

Consider a function defined as

when n <2

n
f(n) such that
(n) {f(n—1)+f(n—2) when n > 2
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SPEED EXAMPLE 2 (DUE TO STACKOVERFLOW)

R implementation and use:

f <- function(n) {
if (n < 2) return(n)
return(f(n-1) + f(n-2))

## Using it on first 11 arguments
sapply(0:10, f)

## [1] © 1 1 2 3 5 8 13 21 34 55
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SPEED EXAMPLE 2 (DUE TO STACKOVERFLOW)

Timing:

library(rbenchmark)
benchmark(f(10), f(15), f(20))[,1:4]

#it test replications elapsed relative
## 1 f(10) 100 0.014 1.000
## 2 f(15) 100 0.130 9.286
## 3 f(20) 100 1.502 107.286
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SPEED EXAMPLE 2 (DUE TO STACKOVERFLOW)

int g(int n) {
if (n < 2) return(n);
return(g(n-1) + g(n-2));

deployed as

Rcpp::cppFunction(”int g(int n) {
if (n < 2) return(n);
return(g(n-1) + g(n-2)); ")

sapply(0:10, g)

## [1] 6 1 1 2 3 5 8 13 21 34 55
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SPEED EXAMPLE 2 (DUE TO STACKOVERFLOW)

Timing:

Rcpp: :cppFunction(”int g(int n) {

if (n < 2) return(n);

return(g(n-1) + g(n-2)); }")
library(rbenchmark)
benchmark(f(20), g(20), order="relative”)[,1:4]

#it test replications elapsed relative
## 2 g(20) 100 0.005 1.0
## 1 £(20) 100 1.379 275.8

A nice gain of a few orders of magnitude.
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ANOTHER ANGLE ON SPEED

Run-time performance is just one example.

Time to code is another metric.

We feel quite strongly that helps you code more succinctly, leading to

fewer bugs and faster development.

A good environment helps. RStudio integrates R and C++
development quite nicely (eg the compiler error message parsing is

very helpful) and also helps with package building.
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WHAT NEXT ?
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PROGRAMMING WITH C++

- C++ Basics
- Debugging
- Best Practices

and then on to Rcpp itself
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COMPILED NOT INTERPRETED

Need to compile and link

#include <cstdio>
int main(void) {

printf(”Hello, world!\n");
return 0;
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COMPILED NOT INTERPRETED

Or streams output rather than printf

#include <iostream>
int main(void) {

std::cout << "Hello, world!” << std::endl;

return 0;
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COMPILED NOT INTERPRETED

g++ -0 will compile and link

We will now look at an examples with explicit linking.
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COMPILED NOT INTERPRETED

#tinclude <cstdio>

#define MATHLIB_STANDALONE
#include <Rmath.h>

int main(void) {

printf(”"N(0,1) 95th percentile %9.8f\n",
gnorm(0.95, 0.0, 1.0, 1, 0));
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COMPILED NOT INTERPRETED

We may need to supply:

- header location via -1,
- library location via -L,

- library via -11libraryname

g++ -I/usr/include -c gnorm_rmath.cpp

g++ -0 gnorm_rmath gnorm_rmath.o -L/usr/lib -1Rmath
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STATICALLY TYPED

- Ris dynamically typed: x <- 3.14; x <- "foo"” isvalid.
- In C++, each variable must be declared before first use.

- Common types are int and long (possibly with unsigned),
float and double, bool, as well as char.

- No standard string type, though std: :string is close.

- All these variables types are scalars which is fundamentally

different from R where everything is a vector.

- class (and struct) allow creation of composite types; classes

add behaviour to data to form objects.

- Variables need to be declared, cannot change
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C++ IS ABETTER C

- control structures similar to what R offers: for, while, if,
switch

- functions are similar too but note the difference in
positional-only matching, also same function name but
different arguments allowed in C++

- pointers and memory management: very different, but lots of
issues people had with C can be avoided via STL (which is

something Rcpp promotes too)

- sometimes still useful to know what a pointer is ...
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OBJECT-ORIENTED

A 2nd key feature of C++, and it does it differently from S3 and S4.

struct Date {
unsigned int year;
unsigned int month;

unsigned int day

kg

struct Person {
char firstname[20];
char lastname[20];
struct Date birthday;
unsigned long id;

b
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OBJECT-ORIENTED

Object-orientation in the C++ sense matches data with code

operating on it:

class Date {
private:
unsigned int year
unsigned int month;
unsigned int date;
public:
void setDate(int y, int m, int d);
int getDay();
int getMonth();
int getYear();
}
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GENERIC PROGRAMMING AND THE STL

The STL promotes generic programming.
For example, the sequence container types vector, deque, and

list all support

- push_back() to insert at the end:

- pop_back() to remove from the front;

- begin() returning an iterator to the first element;

- end() returning an iterator to just after the last element;

- size() for the number of elements;

but only list has push_front() and pop_front().
Other useful containers: set, multiset, map and multimap.
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GENERIC PROGRAMMING AND THE STL

Traversal of containers can be achieved via iterators which require
suitable member functions begin() and end()

std::vector<double>::const_iterator si;
for (si=s.begin(); si !'= s.end(); si++)

std::cout << *si << std::endl;
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GENERIC PROGRAMMING AND THE STL

Another key STL part are algorithms:

double sum = accumulate(s.begin(), s.end(), 0);

Some other STL algorithms are

- find finds the first element equal to the supplied value
- count counts the number of matching elements

- transform applies a supplied function to each element
- for_each sweeps over all elements, does not alter

- inner_product inner product of two vectors
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TEMPLATE PROGRAMMING

Template programming provides a ‘language within C++": code gets

evaluated during compilation.

One of the simplest template examples is

template <typename T>
const T& min(const T& x, const T& y) {

return y < X ? y : X;

This can now be used to compute the minimum between two int
variables, or double, or in fact any admissible type providing an
operator<() for less-than comparison.
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TEMPLATE PROGRAMMING

Another template example is a class squaring its argument:

template <typename T>
class square : public std::unary_function<T,T> {
public:

T operator()(T t) const {

return t*t;

i
which can be used along with STL algorithms:
transform(x.begin(), x.end(), square);
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FURTHER READING

Books by Meyers are excellent

| also like the (free) C++ Annotations
C++ FAQ

Resources on StackOverflow such as

- general info and its links, eg

- booklist
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http://www.icce.rug.nl/documents/cplusplus/
http://stackoverflow.com/tags/c%2b%2b/info
http://stackoverflow.com/questions/388242/the-definitive-c-book-guide-and-list

DEBUGGING

Some tips:

- Generally painful, old-school printf() still pervasive

- Debuggers go along with compilers: gdb for gcc and g++; 11db
for the clang / llvm family

- Extra tools such as valgrind helpful for memory debugging

- “Sanitizer” (ASAN/UBSAN) in newer versions of g++ and
clang++
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BEST PRACTICES

Version control: git or svn highly recommended

Editor: in the long-run, recommended to learn productivity tricks for
one editor: emacs, vi, eclipse, RStudio, ...
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RCPP GALLERY
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OVERVIEW

- The Rcpp Gallery at http://gallery.rcpp.org provides over
one-hundred ready-to-run and documented examples.

- Itis built on a blog-alike backend in a repository hosted at
GitHub.

- You can clone the repository, or just download examples
one-by-one.
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SIMPLE EXAMPLES
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CUMULATIVE SUM: vector-cumulative-sum/

A basic looped version:

#include <Rcpp.h>
#include <numeric> // for std::partial_sum
using namespace Rcpp;
// [[Rcpp::export]]
NumericVector cumsuml(NumericVector x) {
double acc = 0; // init an accumulator var
NumericVector res(x.size()); // init result vector
for (int i = 0; i < x.size(); i++){
acc += x[i];
res[i] = acc;
}

return res;
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CUMULATIVE SUM: vector-cumulative-sum/

An STL variant:

#include <Rcpp.h>
#include <numeric> // for std::partial_sum

using namespace Rcpp;

// [[Rcpp::export]]

NumericVector cumsum2(NumericVector x) {
// initialize the result vector
NumericVector res(x.size());
std::partial_sum(x.begin(), x.end(),

res.begin());
return res;

}
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CUMULATIVE SUM: vector-cumulative-sum/

Sugar:

// [[Rcpp::export]]
NumericVector cumsum3(NumericVector x) {

return cumsum(x); // compute + return result
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CALLING AN R FUNCTION: r-function-from-c++/

#include <Rcpp.h>

using namespace Rcpp;

// [[Rcpp::export]]
NumericVector callFunction(NumericVector x,
Function f) {
NumericVector res = f(x);

return res;
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VECTOR SUBSETTING: subsetting/

#include <Rcpp.h>
using namespace Rcpp;

// [[Rcpp::export]]
NumericVector positives(NumericVector x) {
return x[x > 0];

// [[Rcpp::export]]
List first_three(List x) {
IntegerVector idx = IntegerVector::create(0, 1, 2);

return x[idx];

// [[Rcpp::export]]
List with_names(List x, CharacterVector y) {
return x[y];
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VECTOR SUBSETTING: armadillo-subsetting/

#include <RcppArmadillo.h>
// [[Rcpp::depends(RcppArmadillo)]]

// [[Rcpp::export]]

arma::mat matrixSubset(arma::mat M) {
// logical conditionL where is transpose larger?
arma::umat a = trans(M) > M;
arma::mat N = arma::conv_to<arma::mat>::from(a);

return N;

// [[Rcpp::export]]
arma::vec matrixSubset2(arma::mat M) {
arma::mat Z = M * M.t();
arma::vec v = Z.elem( arma::find( Z >= 100 ) );

return v;
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BOOST
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BOOST VIA BH: a-first-boost-example/

// [[Rcpp::depends(BH)]1]
#include <Rcpp.h>

#include <boost/math/common_factor.hpp>

// [[Rcpp::export]]
int computeGCD(int a, int b) {
return boost::math::gcd(a, b);

// [[Rcpp::export]]
int computelLCM(int a, int b) {

return boost::math::lcm(a, b);
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BOOST VIA BH: a-second-boost-example/

// [[Rcpp::depends(BH)]]

#include <Rcpp.h>

#include <boost/lexical_cast.hpp>
using boost::lexical_cast;

using boost::bad_lexical_cast;

// [[Rcpp::export]]
std::vector<double> lexicalCast(std::vector<std::string> v) {
std::vector<double> res(v.size());
for (int i=0; ic<v.size(); i++) {
try {
res[i] = lexical_cast<double>(v[il]);
} catch(bad_lexical_cast &) {
res[i] = NA_REAL;

}
}
return res;
}
// R> lexicalCast(c(”1.23”, ".4”, "1000”, "foo”, "42", "pi/4")(
// [1] 1.23 0.40 1000.00 NA  42.00 NA
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BOOST VIA BH: using-boost-with-bh/

// [[Rcpp::depends(BH)]]
#include <Rcpp.h>

// One include file from Boost
#include <boost/date_time/gregorian/gregorian_types.hpp>

using namespace boost::gregorian;

// [[Rcpp::export]]
Rcpp::Date getIMMDate(int mon, int year) {
// compute third Wednesday of given month / year
date d = nth_day_of_the_week_in_month(
nth_day_of_the_week_in_month::third,
Wednesday, mon).get_date(year);
date::ymd_type ymd = d.year_month_day();
return Rcpp::Date(ymd.year, ymd.month, ymd.day);
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BOOST VIA BH: boost-foreach/

#include <Rcpp.h>

#include <boost/foreach.hpp>
using namespace Rcpp;

// [[Rcpp::depends(BH)]]

// the C-style upper-case macro name is a bit ugly
#define foreach BOOST_FOREACH

// [[Rcpp::export]]
NumericVector square( NumericVector x ) {

// elem is a reference to each element in x
// we can re-assign to these elements as well
foreach( doubles elem, x ) {

elem = elem*elem;
}

return x;
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BOOST VIA BH: boost-regular-expressions/

NB: Use Sys.setenv(”PKG_LIBS”="-1boost_regex”)

// boost.org/doc/libs/1_53_0/1ibs/regex/example/snippets/credit_card_example.cpp
#include <Rcpp.h>

#include <string>

#include <boost/regex.hpp>

bool validate_card_format(const std::strings s) {
static const boost::regex e(”(\\d{s}[- 1){3}\\d{s4}");
return boost::regex_match(s, e);

// [[Rcpp::export]]
std::vector<bool> regexDemo(std::vector<std::string> s) {
int n = s.size();
std::vector<bool> v(n);
for (int i=0; i<n; i++)
v[i] = validate_card_format(s[i]);
return v;

}
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XPTR
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PASSING AN XPTR: passing-cpp-function-pointers/

Consider two functions modifying a given Armadillo vector:

// [[Rcpp::depends(RcppArmadillo)]]
#include <RcppArmadillo.h>

using namespace arma;
using namespace Rcpp;

vec funl_cpp(const vecs x) { // a first function
vec y = X + X;
return (y);
}
vec fun2_cpp(const vecs x) { // and a second function
vec y = 10*x;
return (y);
}
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PASSING AN XPTR: passing-cpp-function-pointers/

Using typedef to declare funcPtr as an interface to a function
taking and returning a vector — and defining a function returning a

function pointer given a string argument
typedef vec (xfuncPtr)(const vec& x);

// [[Rcpp::export]]
XPtr<funcPtr> putFunPtrInXPtr(std::string fstr) {
if (fstr == "funl”)
return(XPtr<funcPtr>(new funcPtr(&funl_cpp)));
else if (fstr == "fun2”)
return(XPtr<funcPtr>(new funcPtr(&fun2_cpp)));
else
// runtime err.: NULL no XPtr
return XPtr<funcPtr>(R_NilValue);
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PASSING AN XPTR: passing-cpp-function-pointers/

Next we create a function calling the supplied function on a given

vector by ‘unpacking’ the function pointer:

// [[Rcpp::export]]

vec callviaXPtr(const vec x, SEXP xpsexp) {
XPtr<funcPtr> xpfun(xpsexp);
funcPtr fun = =*xpfun;
vec y = fun(x);

return (y);
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PASSING AN XPTR: passing-cpp-function-pointers/

Putting it together:

# this gets us a function

fun <- putFunPtrInXPtr(”funl”)

# and pass it down to C++ to

# have it applied on given vector
callviaXPtr(1:4, fun)

This mechanism is generic and can be used for objective functions,
gradients, samplers, ... to operate at C++ speed on user-supplied C++

functions.
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PLUGINS
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PLUGIN SUPPORT IN RCPP

# setup plugins environment
.plugins <- new.env()
# built-in C++11 plugin
.plugins[[”cpp11”]] <- function() {
if (getRversion() >= ”"3.1")
list(env = 1ist(USE_CXX1X = "yes”))
else if (.Platform$0S.type == "windows”)
list(env = 1ist(PKG_CXXFLAGS = "-std=c++0x"))
else
list(env = 1ist(PKG_CXXFLAGS ="-std=c++11"))
}
# built-in OpenMP++11 plugin
.plugins[[”openmp”]] <- function() {
list(env = 1ist(PKG_CXXFLAGS="-fopenmp”, PKG_LIBS="-fopenmp”))

# register a plugin
registerPlugin <- function(name, plugin) {
.plugins[[name]] <- plugin

}
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C++11 AuTO: first-steps-with-C++11/

#include <Rcpp.h>

// Enable C++11 via this plugin
// [[Rcpp::plugins(”cpp11”)]]

// [[Rcpp::export]]
int useAuto() {
auto val = 42; // val will be of type int

return val;
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C++11 INITLIST: first-steps-with-C++11/

#include <Rcpp.h>

// [[Rcpp::plugins(”cpp11”)]]

// [[Rcpp::export]]
std::vector<std::string> useInitLists() {
std::vector<std::string> vec =
{"larry”, "curly”, "moe”};

return vec;
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C++11 RANGE: first-steps-with-C++11/

#include <Rcpp.h>

// [[Rcpp::plugins(”cppl1”)]]

// [[Rcpp::export]]
int simpleProd(std::vector<int> vec) {
int prod = 1;
for (int &x : vec) { // loop over all values of vec

prod *= X; // access each elem., comp. proc

}

return prod;
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C++11 LAMBDA: simple-lambda-func-c++11/

#include <Rcpp.h>
// [[Rcpp::plugins(”cppl1”)]]

// [[Rcpp::export]]
std::vector<double>
transformEx(const std::vector<double>& x) {
std::vector<double> y(x.size());
std::transform(x.begin(), x.end(), y.begin(),
[1(double x) { return x*x; } );

return y;
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OPENMP: using-rcppprogress/

We start we with (somewhat boring/made-up) slow double-loop:

#include <Rcpp.h>

// [[Rcpp::export]]
double long_computation(int nb) {
double sum = 0;
for (int 1 = 0; i < nb; ++1) {
for (int j = 0; j < nb; ++3j) {
sum += R::dlnorm(i+j, 0.0, 1.0, 0);

}

return sum + nb;

}
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OPENMP: using-rcppprogress/

// [[Rcpp::plugins(”openmp”)]1]
#include <Rcpp.h>

// [[Rcpp::export]]
double long_computation_omp(int nb, int threads=1) {
#ifdef _OPENMP
if (threads > 0) omp_set_num_threads( threads );
REprintf(”Number of threads=%i\n”, omp_get_max_threads());
#endif

double sum = 0;
#pragma omp parallel for schedule(dynamic)

for (int i = 0; i < nb; ++1) {
double thread_sum = 0;
for (int j = 0; j < nb; ++j) {

thread_sum += R::dlnorm(i+j, 0.0, 1.0, 0);

}
sum += thread_sum;

}

return sum + nb;
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OPENMP: using-rcppprogress/

Even on my laptop gains can be seen:

R> sourceCpp(”code/openmpEx.cpp”)
R> system.time(long_computation(le4))
user system elapsed
22.436 0.000 22.432
R> system.time(long_computation_omp(le4,4))
Number of threads=4
user system elapsed
25.432 0.076 7.046
R>
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RCPPPARALLEL
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PARALLEL MATRIX TRANSFORM: parallel-matrix-transform/

#include <Rcpp.h>
using namespace Rcpp;

#include <cmath>
#include <algorithm>

// [[Rcpp::export]]
NumericMatrix matrixSqrt(NumericMatrix orig) {
// allocate the matrix we will return
NumericMatrix mat(orig.nrow(), orig.ncol());
// transform it
std::transform(orig.begin(), orig.end(), mat.begin(), ::sqrt);
// return the new matrix

return mat;
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PARALLEL MATRIX TRANSFORM: parallel-matrix-transform/

// [[Rcpp::depends(RcppParallel)]]
#include <RcppParallel.h>
using namespace RcppParallel;

struct SquareRoot : public Worker {
const RMatrix<double> input; // source matrix

RMatrix<double> output; // destination matrix

// initialize with source and destination
SquareRoot(const NumericMatrix input, NumericMatrix output)
input(input), output(output) {}

// take the square root of the range of elements requested
void operator()(std::size_t begin, std::size_t end) {
std::transform(input.begin() + begin,
input.begin() + end,
output.begin() + begin,
cisqrt);

}
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PARALLEL MATRIX TRANSFORM: parallel-matrix-transform/

// [[Rcpp::export]]
NumericMatrix parallelMatrixSqrt(NumericMatrix x) {

// allocate the output matrix
NumericMatrix output(x.nrow(), x.ncol());

// SquareRoot functor (pass input and output matrixes)
SquareRoot squareRoot(x, output);

// call parallelFor to do the work
parallelFor(0, x.length(), squareRoot);

// return the output matrix
return output;
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APPLICATIONS
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KEY RCPP APPLICATION PACKAGES

Overview
As of 10 July 2018, 1395 packages on CRAN are using Rcpp

Single biggest “application” is the RcppArmadillo package for linear
algebra with 485.

RcppEigen another important package used by 156 packages
including lme4 and RStan

RcppGSL offers vector and matrix classes for the GSL, a popular

scientific library
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RCPPARMADILLO
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ARMADILLO

: C++ linear algebra library - Google Chrome

A Armadillo: C++ linear alge %

< € | [} arma.sourceforge.net Q =0
Armadillo
— C++ linear algebra library
NICTA
About

Amadillo is & C++ linear algebra library (matrix maths) aiming towards a good balance
between speed and ease of use

+ The syntax (AP1) is deliberately similar to Matlab

Integer, floating point and complex numbers are supported, as well as a subset of
trigonometric and stafistics functions

Various matrix decompositions are provided through optional integration with LAPACK, or
one of its high performance drop-in replacements (such as the multi-threaded Intel MKL,
or AMD ACML, or OpenBLAS libraries)

- A delayed evaluation approach is employed (at compile-ime) to combine several
operations into one and reduce (or eliminate) the need for temporaries; this is
automatically accomplished thraugh template meta-programming

Useful for conversion of research code into production environments, or if C++ has been
decided as the language of choice, due to speed and/or integration capabiliies

The library is open-source software, and is distributed under a license that is useful in
both open-source and commercial/proprietary contexts

Primarily developed at NICTA (Australia) by Conrad Sanderson, with contributions from
around the world

Download latest version
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WHAT IS ARMADILLO?

- Armadillo is a C++ linear algebra library (matrix maths) aiming
towards a good balance between speed and ease of use.

- The syntax is deliberately similar to Matlab.

- Integer, floating point and complex numbers are supported.

- A delayed evaluation approach is employed (at compile-time) to
combine several operations into one and reduce (or eliminate)
the need for temporaries.

- Useful for conversion of research code into production
environments, or if C++ has been decided as the language of
choice, due to speed and/or integration capabilities.
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ARMADILLO HIGHLIGHTS

- Provides integer, floating point and complex vectors, matrices,
cubes and fields with all the common operations.

- Very good documentation and examples

- website,

- technical report (Sanderson, 2010),

- CSDA paper (Sanderson and Eddelbuettel, 2014),
- JOSS paper (Sanderson and Curtin, 2016),

- ICMS paper (Sanderson and Curtin, 2018).

- Modern code, extending from earlier matrix libraries.
- Responsive and active maintainer, frequent updates.
- Used eg by MLPACK, see Curtin et al (JMLR 2013, JOSS 2018).
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http://arma.sf.net
http://elec.uq.edu.au/~conrad/code.html
http://dx.doi.org/10.1016/j.csda.2013.02.005
http://joss.theoj.org/papers/10.21105/joss.00026
http://arma.sourceforge.net/arma_spmat_icms_2018.pdf
http://www.mlpack.org
http://jmlr.org/papers/volume14/curtin13a/curtin13a.pdf‎
https://www.mlpack.org/papers/mlpack2018.pdf

RCPPARMADILLO HIGHLIGHTS

- Template-only builds—no linking, and available whereever R
and a compiler work (but Rcpp is needed)

- Easy to use, just add LinkingTo: RcppArmadillo, Rcpp to
DESCRIPTION (i.e. no added cost beyond Rcpp)

- Really easy from R via Rcpp and automatic converters

- Frequently updated, widely used
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EXAMPLE: EIGEN VALUES

#include <RcppArmadillo.h>
// [[Rcpp::depends(RcppArmadillo)]]
// [[Rcpp::export]]

arma::vec getEigenvalues(arma::mat M) {

return arma::eig_sym(M);
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EXAMPLE: EIGEN VALUES

Rcpp: :sourceCpp(”code/arma_eigenvalues.cpp”)
M <- cbind(c(1,-1), c(-1,1))
getEigenValues(M)

#Ht [,1]
#t [1,] 0
#t [2,] 2

eigen(M)$values

## [1]1 2 0
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EXERCISE 3: VECTOR PRODUCTS

Write an inner and outer product of a vector

- Hint: arma: :mat and arma: :colvec (aka arma: :vec) are
useful types
- Hint: .t() transposes

- Hint: as_scalar() lets you assign to a double
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EXERCISE 3: VECTOR PRODUCTS

#include <RcppArmadillo.h>
// [[Rcpp::depends(RcppArmadillo)]]

// simple example: outer product of a vector, returning a matrix

//

// [[Rcpp::export]]

arma::mat rcpparma_outerproduct(const arma::colvec & x) {
arma::mat m = x * x.t();

return m;

// and the inner product returns a scalar

//

// [[Rcpp::export]]

double rcpparma_innerproduct(const arma::colvec & x) {
double v = arma::as_scalar(x.t() * x);

return v;
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FastLm CASE STUDY: FASTER LINEAR MODEL WITH FASTLM

Background

- Implementations of fastLm() have been a staple during
development of Rcpp

- First version was in response to a question by lvo Welch on
r-help.

- Request was for a fast function to estimate parameters — and
their standard errors - from a linear model,

- It used GSL functions to estimate B as well as its standard
errors ¢ —as lm.fit() in R only returns the former.

- It has since been reimplemented for RcppArmadillo and
RcppEigen
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INITIAL FASTLM

#tinclude <RcppArmadillo.h>

extern "C” SEXP fastLm(SEXP Xs, SEXP ys) {

try {
Rcpp: :NumericVector yr(ys); // creates Rcpp vector from SEXP
Rcpp::NumericMatrix Xr(Xs); // creates Rcpp matrix from SEXP

int n = Xr.nrow(), k = Xr.ncol();
arma::mat X(Xr.begin(), n, k, false); // reuses memory, avoids extra copy
arma::colvec y(yr.begin(), yr.size(), false)

arma::colvec coef = arma::solve(X, y); // fit model y ~ X

arma::colvec res =y - Xxcoef; // residuals

double s2 = std::inner_product(res.begin(), res.end(), res.begin(), 0.0)/(n - k);
arma::colvec std_err = // std.errors of coefficients

arma::sqrt(s2+arma::diagvec(arma::pinv(arma::trans(X)*X)));

return Rcpp::List::create(Rcpp::Named(”coefficients”) = coef,
Rcpp: :Named(”stderr”) = std_err,
Rcpp::Named(”df.residual”) =n - k );
catch( std::exception &ex ) {

forward_exception_to_r( ex );
} catch(...) {
::Rf_error( "c++ exception (unknown reason)” );
}
return R_Nilvalue; // -Wall
}
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NEWER VERSION

// [[Rcpp::depends(RcppArmadillo)]]
#include <RcppArmadillo.h>

using namespace Rcpp;

using namespace arma;

// [[Rcpp::export]]

List fastLm(NumericVector yr, NumericMatrix Xr) {
int n = Xr.nrow(), k = Xr.ncol();
mat X(Xr.begin(), n, k, false);
colvec y(yr.begin(), yr.size(), false);

colvec coef = solve(X, y);
colvec resid = y - Xxcoef;

double sig2 = as_scalar(trans(resid)+resid/(n-k));
colvec stderrest = sqrt(sig2 * diagvec( inv(trans(X)*X)) );

return List::create(Named(”coefficients”) = coef,
Named(”"stderr”) = stderrest,

Named(”df.residual”) =n - k )8
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CURRENT VERSION

// [[Rcpp::depends(RcppArmadillo)]]
#include <RcppArmadillo.h>

// [[Rcpp::export]]
Rcpp::List fastLm(const arma::mat& X, const arma::colvec& y) {
int n = X.n_rows, k = X.n_cols;

arma::colvec coef = arma::solve(X, y);
arma::colvec resid = y - Xxcoef;

double sig2 = arma::as_scalar(arma::trans(resid)*resid/(n-k));
arma::colvec sterr = arma::sqrt(sig2 =

arma::diagvec(arma::pinv(arma::trans(X)*X)));
return Rcpp::List::create(Rcpp::Named(”coefficients”) = coef,

Rcpp: :Named(”stderr”) = sterr,
Rcpp::Named(”df.residual”) =n - k );
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INTERFACE CHANGES

arma::colvec y = Rcpp::as<arma::colvec>(ys);

arma::mat X = chp::as<arma::mat>(Xs);

Convenient, yet incurs an additional copy. Next variant uses two

steps, but only a pointer to objects is copied:

Rcpp::NumericVector yr(ys);
Rcpp::NumericMatrix Xr(Xs);

int n = Xr.nrow(), k = Xr.ncol();
arma::mat X(Xr.begin(), n, k, false);

arma::colvec y(yr.begin(), yr.size(), false);

Better if performance is a concern. But now RcppArmadillo has

efficient const references too.
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BENCHMARK

edd@don:~$ Rscript ~/git/rcpparmadillo/inst/examples/fastlm.r
test replications relative elapsed

3 fLmConstRef(X, y) 5000 1.000 0.245
2 fLmTwoCasts(X, y) 5000 1.045 0.256
4 fLMSEXP(X, y) 5000 1.094 0.268
1 fLmOneCast(X, vy) 5000 1.098 0.269
6 fastLmPureDotCall(X, y) 5000 1.118 0.274
8 Im. fit(X, y) 5000 1.673 0.410
5 fastLmPure(X, vy) 5000 1.763  0.432
7 fastLm(frm, data = trees) 5000 30.612  7.500
9 Im(frm, data = trees) 5000 30.796  7.545

## continued below
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BENCHMARK

## continued from above

test replications relative elapsed

fLmTwoCasts(X, y)
FLMSEXP(X, y)
fLmConstRef(X, y)
fLmOneCast(X, y)
fastLmPureDotCall(X, y)
fastLmPure(X, y)

m. fit(X, vy)

N oo R W N

eddadon:~$
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50000
50000
50000
50000
50000
50000
50000

dlo
.049
.050
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.342
.988
.141

N B R R R R

000

2.
442
A
.677
.123
.627
.982

A~ F W N NN

327
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KALMAN FILTER CASE STUDY

The position of an object is estimated based on past values of 6 X 1
state vectors X and Y for position, Vi and Vy for speed, and Ay and Ay
for acceleration.

Position updates as a function of the speed

X = XO -+ det and V= YO + \/ydt7

which is updated as a function of the (unobserved) acceleration:
VX = VX,O + Axdt and Vy = V‘/,O + Aydt
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MATLAB CoDE: kalmanfilter.m

% Copyright 2010 The MathWorks, Inc.
function y = kalmanfilter(z)
dt=1;
% Initialize state transition matrix
As[ 1 0dt 000; 610dt00;... %I[x], [y]
0010dt6; 6000616dt;... % [Vx], [Vy]

0000160;000001]; % [Ax], [Ay]

H=[100000; 010000 1]; % Init. measuremnt mat
Q = eye(6);
R = 1000 * eye(2);
persistent x_est p_est % Init. state cond.
if isempty(x_est)

x_est = zeros(6, 1); % x_est=[x,y,Vx,Vy,Ax,Ay]"

p_est = zeros(6, 6);
end
x_prd = A * x_est; % Predicted state and covariance

p_prd = A x p_est * A" + Q;

S =H * p_prd' * H' + R; % Estimation
B =H * p_prd';
klm_gain = (S \ B)';

% Estimated state and covariance

x_est = x_prd + klm_gain » (z - H % x_prd);

p_est = p_prd - klm_gain * H * p_prd;

y = H % x_est; % Compute the estimated measurements
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MATLAB CODE: kalmanM.m WITH LOOP

function Y = kalmanM(pos)

dt=1;
%% Initialize state transition matrix
A=[ 1 0 dt 0 0 ;... % [x ]
0160dtoe;... % [y 1
6010dt0;... % [Vx]
000610 dt;. % [vyl
0600016 ;... % [Ax]
000001]; % [Ay]
H=[100000; 0100060 ]; % Initialize measurement matrix
Q = eye(6);
R = 1000 * eye(2);
x_est = zeros(6, 1); % x_est=[x,y,Vx,Vy,Ax,Ay]"
p_est = zeros(6, 6);
numPts = size(pos,1);
Y = zeros(numPts, 2);
for idx = 1:numPts
z = pos(idx, :)';
x_prd = A * x_est; % Predicted state and covariance
p_prd = A * p_est * A' + Q;

S = H * p_prd' * H'
B = H  p_prd';

klm_gain = (S \ B)';
x_est = x_prd + klm_
p_est = p_prd - klm_

+ R;

gain
gain

Y(idx, :) = H * x_est;

end

UseR!I 2878 % of the function

% Estimation

* (z - H* x_prd); % Estimated state and covariance
* H * p_prd;
% Compute the estimated measurements
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Now IN R

FirstKalmanR <- function(pos) {

kalmanfilter <- function(z) {

dt <- 1
A <- matrix(c( 1, ©, dt, 0, 0, 0, 0, 1, 0, dt, 0, 0, # x, y
0, 0, 1, 0, dt, 0, 0, 0, 0, 1, 0, dt, # Vx, Vy
e, 06, 0,0, 1, 0,0,0,0,0,0, 1), # Ax, Ay
6, 6, byrow=TRUE)
H <- matrix( c(1, 0, 0, 0, 0, 0, 0, 1, 0, 0, 0, 0),
2, 6, byrow=TRUE)
Q <- diag(6)
R <- 1000 * diag(2)
xprd <- A %*% xest # predicted state and covriance
pprd <- A %% pest %% t(A) + Q
S <- H %+% t(pprd) %=% t(H) + R # estimation
B <- H %+% t(pprd)
kalmangain <- t(solve(S, B))
## estimated state and covariance, assign to vars in parent env
xest <<- xprd + kalmangain %#% (z - H %% xprd)
pest <<- pprd - kalmangain %#*% H %% pprd
y <- H %*% xest # compute the estimated measurements
}
xest <- matrix(e, 6, 1)
pest <- matrix(@, 6, 6)
N <- nrow(pos)
y <- matrix(NA, N, 2)
for (i in 1:N) y[i,] <- kalmanfilter(t(pos[i,,drop=FALSE]))
invisible(y)
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IMPROVED IN R

KalmanR <- function(pos) {
kalmanfilter <- function(z) {

xprd <- A %*% xest # predicted state and covariance
pprd <- A %% pest %*% t(A) + Q
S <- H %*% t(pprd) %% t(H) + R # estimation

B <- H %% t(pprd)
kalmangain <- t(solve(S, B))

xest <<- xprd + kalmangain %*% (z - H %% xprd) # est. state and covariance
pest <<- pprd - kalmangain %% H %% pprd # ass. to vars in parent env
y <- H %*% xest # compute the estimated measurements
}
dt <- 1

A <- matrix( c( 1, 0, dt, 0, 0, 0, # x

0, 1, 0, dt, 0, 0, #y

0, 0, 1, 0, dt, 0, # Vx

0, 0, 0, 1, 0, dt, # Vy

0, 0, 0, 0, 1, 0, # Ax

0, 0, 0, 0, 0, 1), # Ay
6, 6, byrow=TRUE)

<- matrix( c(1, e, 0, 0, 0, 0, 0, 1, 0, 0, @, 0), 2, 6, byrow=TRUE)
<- diag(6)

<- 1000 * diag(2)

<- nrow(pos)

<- matrix(NA, N, 2)

xest <- matrix(0, 6, 1)

pest <- matrix(@, 6, 6)

for (i in 1:N) Y[i,] <- kalmanfilter(t(pos[i,,drop=FALSE]))
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AND NOW IN C++

// [[Rcpp::depends(RcppArmadillo)]]
#include <RcppArmadillo.h>
using namespace arma;

class Kalman {

private:
mat A, H, Q, R, xest, pest;
double dt;

public:
// constructor, sets up data structures
Kalman() : dt(1.0) {
A.eye(6,6);
AC0,2) = A(1,3) = A(2,4) = A(3,5) = dt;
H.zeros(2,6);
H(0,0) = H(1,1) = 1.0;
Q.eye(6,6);
R = 1000 * eye(2,2);
xest.zeros(6,1);
pest.zeros(6,6);

// cont. below
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AND NOW IN C++

// continued
// sole member function: estimate model
mat estimate(const mat & Z) {
unsigned int n = Z.n_rows, k = Z.n_cols;
mat Y = zeros(n, k);
mat xprd, pprd, S, B, kalmangain;
colvec z, vy;

for (unsigned int i = 0; i<n; i++) {
z = Z.row(i).t();
// predicted state and covariance
xprd = A * xest;
pprd = A * pest * A.t() + Q;
// estimation
S = H * pprd.t() * H.t() + R;
B = H » pprd.t();
kalmangain = (solve(S, B)).t();
// estimated state and covariance
xest = xprd + kalmangain » (z - H * xprd);
pest = pprd - kalmangain * H * pprd;
// compute the estimated measurements
y = H * xest;
Y.row(i) = y.t();

}

return Y;

I H
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And the call:

// [[Rcpp::export]]

mat KalmanCpp(mat Z) {
Kalman K;
mat Y = K.estimate(Z);
return Y;
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BENCHMARK

library(rbenchmark)

Rcpp: :sourceCpp(”code/kalman.cpp”)

source(”code/kalman.R”)

p <- as.matrix(read.table(”code/pos.txt”,
header=FALSE,
col.names=c(”"x"”,”y")))

benchmark(KalmanR(p), FirstKalmanR(p), KalmanCpp(p),

order="relative”, replications=500)[,1:4]

#H#t test replications elapsed relative
#Ht 3 KalmanCpp(p) 500  3.534 1.000
#t 1 KalmanR(p) 500 11.546 3.267
## 2 FirstKalmanR(p) 500 14.978 4.238
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SPARSE MATRIX CASE STUDY

A nice example for work on R objects.

library(Matrix)

i <- ¢(1,3:8)

j <- ¢(2,9,6:10)

x <= 7 % (1:7)

A <- sparseMatrix(i, j, x = x)
A

## 8 x 10 sparse Matrix of class "dgCMatrix”
#t

## [1,]1 .7 . ..

## 2,1 .. . .. .

## [3,1 . . . .. PR

# (4,1 . . . .. 21 .

## [5,1 . . ... .28 .

## 6,1 . . . . . o o & o

# (7,1 . . . .. A

## [8,1 . . . .. .. . .49
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SPARSE MATRIX

str(A)

## Formal class 'dgCMatrix' [package "Matrix”] with 6 slots

# .. :int [1:7] 03 45267

## ..Qp :int [1:111 0011112346 ...
## ..o Dim : int [1:2] 8 10

#t ..® Dimnames:List of 2

## .. ..$ : NULL

## .o ..$ : NULL

#..@ X :onum [1:7] 7 21 28 35 14 42 49

##  ..@ factors : list()

Note how the construction was in terms of < i,j, x >, yet the

representation in in terms of < i, p, x > - CSC format.

useR! 2018 144/164



SPARSE MATRIX

#include <RcppArmadillo.h>

using namespace Rcpp;
using namespace arma;

// [[Rcpp::depends(RcppArmadillo)]]

// [[Rcpp::export]]

sp_mat armaEx(S4 mat, bool show) {
IntegerVector dims = mat.slot(”Dim”);
arma::urowvec i = Rcpp::as<arma::urowvec>(mat.slot(”i"”));
arma::urowvec p = Rcpp::as<arma::urowvec>(mat.slot(”p”));
arma::vec X = Rcpp::as<arma::vec>(mat.slot(”x"”));

int nrow = dims[0], ncol = dims[1];
arma::sp_mat res(i, p, x, nrow, ncol);

if (show) Rcpp::Rcout << res << std::endl;
return res;
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SPARSE MATRIX

Rcpp: :sourceCpp('code/arma_sparse.cpp')
B <- armaEx(A, TRUE)

## [matrix size: 8x10; n_nonzero: 7; density: 8.75%]

##

## (0, 1) 7.0000
## (3, 5) 21.0000
H# (4, 6) 28.0000
## (5, 7) 35.0000
## (2, 8) 14.0000
## (6, 8) 42.0000
## (7, 9) 49.0000
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PACKAGES AND RCPP

Two (or three) ways to link to external libraries
- Full copies: Do what RcppMLPACK (v1) does and embed a full
copy; larger build time, harder to update, self-contained

- With linking of libraries: Do what RcppGSL or ReppMLPACK (v2)
do and use hooks in the package startup to store compiler and

linker flags which are passed to environment variables

- With C++ template headers only: Do what RcppArmadillo and

other do and just point to the headers

More details in extra vignettes.
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MACHINE LEARNING
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OVERVIEW

Among the 1000+ CRAN packages using Rcpp, several wrap Machine
Learning libraries.

Here are three:

- RcppShark based on Shark (but archived in March 2018)
- RCppMLPACK based on MLPACK
- dlib based on DLib
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http://image.diku.dk/shark/
http://www.mlpack.org/
http://dlib.net/ml.html

MLPACK

High-level:
- Written by Ryan Curtin et al, Georgia Tech
- Uses Armadillo, and like Armadillo, “feels right”

- Qiang Kou created ‘RcppMLPACK vT', it is on CRAN
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MLPACK ‘v2’

High-level:
- A few of us are trying to update RcppMLPACK to ‘v2’
- Instead of embedding, an external library is used

- This makes deployment a little tricker on Windows and macQOS
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MLPACK

List of Algorithms:

useR! 2018

Collaborative filtering (with many decomposition techniques)
Decision stumps (one-level decision trees)

Density estimation trees

Euclidean minimum spanning tree calculation

Gaussian mixture models

Hidden Markov models

Kernel Principal Components Analysis (optionally with sampling)
k-Means clustering (with several accelerated algorithms)
Least-angle regression (LARS/LASSO)

Linear regression (simple least-squares)

Local coordinate coding

Locality-sensitive hashing for approximate nearest neighbor search
Logistic regression

Max-kernel search

Naive Bayes classifier

Nearest neighbor search with dual-tree algorithms
Neighborhood components analysis

Non-negative matrix factorization

Perceptrons

Principal components analysis (PCA)

RADICAL (independent components analysis)

Range search with dual-tree algorithms

Rank-approximate nearest neighbor search

Sparse coding with dictionary learning
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RcPPMLPACK: K-MEANS EXAMPLE

#include "RcppMLPACK.h"”

using namespace mlpack::kmeans;

using namespace Rcpp;

// [[Rcpp::depends(RcppMLPACK)1]

// [[Rcpp::export]]
List cppKmeans(const arma::mat& data, const int& clusters) {

arma::Col<size_t> assignments;
KMeans<> k; // Initialize with the default arguments.

k.Cluster(data, clusters, assignments);

return List::create(Named(”clusters”) = clusters,
Named(”"result”) = assignments);
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RcPPMLPACK: K-MEANS EXAMPLE

Timing
Table 1: Benchmarking result
test replications  elapsed relative userself  sys.self
mlkmeans(t(wine), 3) 100 0.028 1.000 0.028 0.000
kmeans(wine, 3) 100 0.947 33.821 0.484 0.424

Table taken ‘as is’ from RcppMLPACK vignette.
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RCPPMLPACK: LINEAR REGRESSION EXAMPLE

// [[Rcpp::depends(RcppMLPACK)1]
// [[Rcpp::plugins(openmp)]]
#include <RcppMLPACK.h> // MLPACK, Rcpp and RcppArmadillo

// particular algorithm used here

#include <mlpack/methods/linear_regression/linear_regression.hpp>

// [[Rcpp::export]]

arma::vec linearRegression(arma::mat& matX,
arma::vec§ vecY,
const double lambda = 0.0,
const bool intercept = true) {

matX = matX.t();

mlpack::regression::LinearRegression lr(matX, vecY.t(), lambda, intercept);
arma::rowvec fittedvalues(vecY.n_elem);

lr.Predict(matX, fittedvalues);

return fittedvValues.t();
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RCPPMLPACK: LINEAR REGRESSION EXAMPLE

suppressMessages(library(utils))
library(RcppMLPACK)

data(”trees”, package="datasets”)

X <- with(trees, cbind(log(Girth), log(Height)))
y <- with(trees, log(Volume))

Imfit <- lm(y ~ X)

# summary(fitted(lmfit))

mlfit <- linearRegression(X, y)

# summary(mlfit)
all.equal(unname(fitted(1mfit)), as.vector(mlfit))

## [1] TRUE
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RCPPMLPACK: LOGISTIC REGRESSION EXAMPLE

#include <RcppMLPACK.h> // MLPACK, Rcpp and RcppArmadillo
#include <mlpack/methods/logistic_regression/logistic_regression.hpp> // algo use here

// [[Rcpp::export]]
Rcpp::List logisticRegression(const arma::mat& train, const arma::irowvec& labels,
Nullable<Rcpp::NumericMatrix>§ test = R_NilValue) {

const Rcp

// MLPACK wants Row<size_t> which is an unsigned representation that R does not have
arma::Row<size_t> labelsur, resultsur;

// TODO: check that all values are non-negative
labelsur = arma::conv_to<arma::Row<size_t>>::from(labels);

// Initialize with the default arguments. TODO: support more arguments>
mlpack::regression::LogisticRegression<> lrc(train, labelsur);
arma::rowvec parameters = lrc.Parameters();

Rcpp::List return_val;

if (test.isNotNull()) {
arma::mat test2 = Rcpp::as<arma::mat>(test);
lrc.Classify(test2, resultsur)

arma::vec results = arma::conv_to<arma::vec>::from(resultsur);
return_val = Rcpp::List::create(Rcpp::Named(”parameters”) = parameters
Rcpp::Named(”"results”) = results);
} else {
return_val = Rcpp::List::create(Rcpp::Named(”parameters”) = parameters);

}
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RCPPMLPACK: NEAREST NEIGHBORS EXAMPLE

#include "RcppMLPACK.h"

using namespace Rcpp;
using namespace mlpack; using namespace mlpack::neighbor;
using namespace mlpack::metric; using namespace mlpac

titree;

// [[Rcpp::depends(RcppMLPACK)]]

// [[Rcpp::export]]

List nn(const arma::mat§ data, const int k) {
// using a test from MLPACK 1.0.10 file src/mlpack/tests/allknn_test.cpp
CoverTree<LMetric<2>, FirstPointIsRoot,

NeighborSearchStat<NearestNeighborSort> > tree =
CoverTree<LMetric<2>, FirstPointIsRoot,
NeighborSearchStat<NearestNeighborSort> >(data);

NeighborSearch<NearestNeighborSort, LMetric<2>,
CoverTree<LMetric<2>, FirstPointIsRoot,
NeighborSearchStat<NearestNeighborSort> > >
coverTreeSearch(&tree, data, true);

arma::Mat<size_t> coverTreeNeighbors;
arma::mat coverTreeDistances;

coverTreeSearch.Search(k, coverTreeNeighbors, coverTreeDistances);

return List::create(Named(”clusters”) = coverTreeNeighbors,
Named(”result”) = coverTreeDistances);
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MORE
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- The package comes with eight pdf vignettes, and numerous help
pages.

- The introductory vignettes are now published (Rcpp and
RcppEigen in J Stat Software, RcppArmadillo in Comp Stat &
Data Anlys)

- The rcpp-devel list is the recommended resource, generally very
helpful, and fairly low volume.

- StackOverflow has a fair number of posts too.

- And a number of blog posts introduce/discuss features.
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RcPP GALLERY

Repp Gallery - Google Chrome

[ Repp Gallery

4 € | [ gallery.repp.org Qe =
Rcpp  Projects- Gallery Book Events More~
Featured Articles
Quick conversion ofa listof lists into a data frame
This post shows one method for ereating a data iame quickly
Passing user-supplied C++ functions
This example shows how to select user-supplied C++ functions
Using Repp to access the C AP of s
This post shows howto use the exported API functions of s
Timing normal RNGs
This post compares drawing N(O.1) vectors from R, Boostand C++11
Afirstlambda function with C++11 and Repp
This post shows howrto play with lambda functions in C-++11
First steps in using C++11 with Repp
This post shows how to experiment with C++11 features
Using Reout for autput synchronised with R
This post shows howrto use Reout (and Reer) for output
Using the Repp sugar function clamp
This postillustrates the sugarfunction clamp
Using the Repp Timer
This post shows how to use the Timer class in Repp
Calling R Functions from G+
This post diseusses calling R functions from C+-+
More »
Recently Published
ing the ReppArmaillo-based Implementation of R's sample()
» Dynamic Wrapping and Recursion with Repp
» Using bigmemary with Repp
» Generating a multivariate gaussian distribution using ReppArmadillo
» Using Ropp with BoostRegex for regular expression
» Fast factor generation with Repp -
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THE RCPP BOOK

Dirk Eddelbuettel

Available since June
2013.

@ Springer
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Questions?
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THANK YOU!

slides http://dirk.eddelbuettel.com/presentations/
web http://dirk.eddelbuettel.com/
mail dirk@eddelbuettel.com

github @eddelbuettel

twitter @eddelbuettel
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