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Preface

This Learning Path shows you how to leverage the power of both native and third-party
Python libraries for building robust and responsive applications. You will learn about
profilers and reactive programming, concurrency and parallelism, as well as tools for
making your apps quick and efficient. You will discover how to write code for parallel
architectures using TensorFlow and Theano, and use a cluster of computers for large-scale
computations using technologies such as Dask and PySpark. With the knowledge of how
Python design patterns work, you will be able to clone objects, secure interfaces,
dynamically choose algorithms, and accomplish much more in high performance
computing.

By the end of this Learning Path, you will have the skills and confidence to build engaging
models that quickly offer efficient solutions to your problems.

This Learning Path includes content from the following Packt products:

e Python High Performance - Second Edition by Dr. Gabriele Lanaro
e Mastering Concurrency in Python by Quan Nguyen
¢ Mastering Python Design Patterns by Sakis Kasampalis

Who This Book Is For

This Learning Path is specially designed for Python developers who want to build high-
performance applications and learn about single core and multi-core programming,
distributed concurrency, and Python design patterns. Some experience with Python
programming language will help you get the most out of this Learning Path.
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What This Book Covers

Chapter 1, Benchmark and Profiling, will teach you how to assess the performance of Python
programs and practical strategies on how to identify and isolate the slow sections of your
code.

Chapter 2, Pure Python Optimizations, discusses how to improve your running times by
order of magnitudes using the efficient data structures and algorithms available in the
Python standard library and pure-Python third-party modules.

Chapter 3, Fast Array Operations with NumPy and Pandas, is a guide to the NumPy and
Pandas packages. Mastery of these packages will allow you to implement fast numerical
algorithms with an expressive, concise interface.

Chapter 4, C Performance with Cython, is a tutorial on Cython, a language that uses a
Python-compatible syntax to generate efficient C code.

Chapter 5, Exploring Compilers, covers tools that can be used to compile Python to efficient
machine code. The chapter will teach you how to use Numba, an optimizing compiler for
Python functions, and PyPy, an alternative interpreter that can execute and optimize
Python programs on the fly.

Chapter 6, Implementing Concurrency, is a guide to asynchronous and reactive
programming. We will learn about key terms and concepts, and demonstrate how to write
clean, concurrent code using the asyncio and RxPy frameworks.

Chapter 7, Parallel Processing, is an introduction to parallel programming on multi-core
processors and GPUs. In this chapter, you will learn to achieve parallelism using the
multiprocessing module and by expressing your code using Theano and Tensorflow.

Chapter 8, Advanced Introduction to Concurrent and Parallel Programming, introduces you to
the concept of concurrency, and demonstrates an instance in which concurrent
programming can improve significantly the speed of a Python program.

Chapter 9, Amdahl’s Law, takes a theoretical approach and discusses the limitations of
concurrency in improving the speed of applications. We will take a look at what
concurrency truly provides and how we can best incorporate it.

[2]
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Chapter 10, Working with Threads in Python, introduces the formal definition of threading
and covers a different approach to implementing threading in a Python program. In this
chapter, we will also discuss a major element in concurrent programming—the concept of
synchronization.

Chapter 11, Using the with Statement in Threads, combines the concept of context
management with threading in the overall context of concurrent programming in Python.
We will be introduced to the main idea behind context management and how it is used in
various programming practices, including threading.

Chapter 12, Concurrent Web Requests, covers one of the main applications of concurrent
programming: web scraping. It also covers the concept of web scraping, along with other
relevant elements, before discussing how threading can be applied to web scraping
programs in order to achieve significant speedup.

Chapter 13, Working with Processes in Python, shows the formal definition of
multiprocessing and how Python supports it. We will also learn more about the key
differences between threading and multiprocessing, which are often confused with one
another.

Chapter 14, Reduction Operators in Processes, pairs the concepts of reduction operations and
multiprocessing together as a concurrent programming practice. This chapter will go over
the theoretical foundation of reduction operations and how it is relevant to multiprocessing
as well as programming in general.

Chapter 15, Concurrent Image Processing, goes into a specific application of concurrency:
image processing. The basic ideas behind image processing, in addition to some of the most
common processing techniques, are discussed. We will, of course, see how concurrency,
specifically multiprocessing, can speed up the task of image processing.

Chapter 16, Introduction to Asynchronous Programming, considers the formal concept of
asynchronous programming as one of the three major concurrent programming models
aside from threading and multiprocessing. We will learn how asynchronous programming
is fundamentally different from the two mentioned, but can still speedup concurrent
applications.

Chapter 17, Implementing Asynchronous Programming in Python, goes in depth into the API
that Python provides to facilitate asynchronous programming. Specifically, we will learn
about the asyncio module, which is the main tool for implementing asynchronous
programming in Python, and the general structure of an asynchronous application.

[3]
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Chapter 18, Building Communication Channels with asyncio, combines the knowledge
obtained regarding asynchronous programming covered in previous chapters with the
topic of network communication. Specifically, we will look into using the aiohttp module
as a tool to make asynchronous HTTP requests to web servers, as well as

the aiofile module that implements asynchronous file reading/writing.

Chapter 19, Deadlocks, introduces the first of the problems that are commonly faced in
concurrent programming. We will learn about the classical dining philosophers problem as
an example of how deadlocks can cause concurrent programs to stop functioning. This
chapter will also cover a number of potential approaches to deadlocks as well as relevant
concepts, such as livelocks and distributed deadlocks.

Chapter 20, Starvation, considers another common problem in concurrent applications. The
chapter uses the narrative of the classical readers-writers problem to explain the concept of
starvation and its causes. We will, of course, also discuss potential solutions to these
problems via hands-on examples in Python.

Chapter 21, Race Conditions, addresses arguably the most well-known concurrency
problem: race conditions. We will also discuss the concept of a critical section, which is an
essential element in the context of race conditions specifically, and concurrent
programming in general. The chapter will then cover mutual exclusion as a potential
solution for this problem.

Chapter 22, The Global Interpreter Lock, introduces the infamous GIL, which is considered
the biggest challenge in concurrent programming in Python. We will learn about the reason
behind GIL's implementation and the problems that it raises. This chapter concludes with
some thoughts regarding how Python programmers and developers should think about
and interact with the GIL.

Chapter 23, The Factory Pattern, will teach you how to use the Factory design pattern
(Factory Method and Abstract Factory) to initialize objects, and also covers the benefits of
using the Factory design pattern instead of direct object instantiation.

Chapter 24, The Builder Pattern, will teach you how to simplify the object creation process
for cases typically composed of several related objects. We will review real-world examples
and use cases, and then implement the builder pattern in developing a pizza-ordering
application.

[4]
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Chapter 25, Other Creational Patterns, will teach you how to handle other object creation
situations with techniques such as creating a new object that is a full copy (hence, named
clone) of an existing object, a technique offered by the Prototype pattern. You will also learn
about the Singleton pattern.

Chapter 26, The Adapter Pattern, will teach you how to make your existing code compatible
with a foreign interface (for example, an external library) with minimal changes.
Specifically, we will we see how you can achieve interface conformance using the adapter
pattern without modifying the source code of the incompatible model.

Chapter 27, The Decorator Pattern, will teach you how to enhance the functionality of an
object without using inheritance. We will mention several categories of cross-cutting
concerns, and specifically demonstrate memoization in this view. We will also describe
how decorators can help us to keep our functions clean, without sacrificing performance.

Chapter 28, The Bridge Pattern, will teach you how to externalize an object's
implementation details from its class hierarchy to another object class hierarchy. This
chapter encourages the idea of preferring composition over inheritance.

Chapter 29, The Facade Pattern, will teach you how to create a single entry point to hide the
complexity of a system. We will cover the basic use cases of facade and an implementation
of the interface used by a multiserver operating system.

Chapter 30, Other Structural Patterns, will teach you the Flyweight, Model-View-Controller
and Proxy patterns. With the Flyweight pattern, you will learn to reuse objects from an
object pool to improve the memory usage and possibly the performance of your
applications. The Model-View-Controller (MVC) pattern is used in application
development (desktop, web) to improve maintainability by avoiding mixing the business
logic with the user interface. And with the Proxy pattern, you provide a special object that
acts as a surrogate or placeholder for another object to control access to it and reduce
complexity and/or improve performance.

Chapter 31, The Chain of Responsibility Pattern, will teach another technique to improve the
maintainability of your applications by avoiding mixing the business logic with the user
interface.

Chapter 32, The Command Pattern, will teach you how to encapsulate operations (such as
undo, copy, paste) as objects, to improve your application. Among the advantages of this
technique, the object that invokes the command is decoupled from the object that performs
it.

Chapter 33, The Observer Pattern, will teach you how to send a request to multiple
receivers.

[5]



Preface

To Get the Most out of This Book

The software in this book is tested on Python version 3.5 and on Ubuntu version 16.04.
However, majority of the examples can also be run on the Windows and Mac OS X
operating systems. Also, it is useful to know about advanced syntax and new syntax
introduced in the Python 3 releases. You might also want to learn about idiomatic Python
programming, by checkout out resources on Internet about the topic, if needed.

The recommended way to install Python and the associated libraries is through the
Anaconda distribution, which can be downloaded from nttps://www.continuum.io/
downloads, for Linux, Windows, and Mac OS X. Chapters in this book might discuss the use
of external libraries or tools that have to be installed via a package manager such as pip and
Anaconda, and specific instructions on how to install those libraries are included in their
corresponding chapters.

Additionally, make sure you have installed SQLite 3.22.0 or later from https://www.
sqglite.org/download.htmland RabbitMQ 3.7.7 from nttps://www.rabbitmqg.com/
download.html.

Download the Example Code Files

You can download the example code files for this book from your account at
www.packt . com. If you purchased this book elsewhere, you can visit
www . packt . com/support and register to have the files emailed directly to you.

You can download the code files by following these steps:

Log in or register at www.packt . com.
Select the SUPPORT tab.
Click on Code Downloads & Errata.

Enter the name of the book in the Search box and follow the onscreen
instructions.

L e e

Once the file is downloaded, please make sure that you unzip or extract the folder using the
latest version of:

e WinRAR/7-Zip for Windows
e Zipeg/iZip/UnRarX for Mac
e 7-Zip/PeaZip for Linux

[6]
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The code bundle for the book is also hosted on GitHub at https://github.com/
PacktPublishing/AdvancedPythonProgramming. In case there's an update to the code, it
will be updated on the existing GitHub repository.

We also have other code bundles from our rich catalog of books and videos available
athttps://github.com/PacktPublishing/. Check them out!

Conventions Used

There are a number of text conventions used throughout this book.

CodeInText: Indicates code words in text, database table names, folder names, filenames,
file extensions, pathnames, dummy URLSs, user input, and Twitter handles. Here is an
example: "In the Musician class, the main action is performed by the play () method."

A block of code is set as follows:

class Musician:
def _ _init_ (self, name):
self.name = name
def _ _str_ (self):
return f'the musician {self.name}'’
def play(self):
return 'plays music'

Bold: Indicates a new term, an important word, or words that you see onscreen. For
example, words in menus or dialog boxes appear in the text like this. Here is an example:
"A remote proxy, which acts as the local representation of an object that really exists in a
different address space (for example, a network server)."

Warnings or important notes appear like this.

Tips and tricks appear like this.

The answers to the questions posed in this book can be found in the appendix.
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Preface

Get in Touch

Feedback from our readers is always welcome.

General feedback: If you have questions about any aspect of this book, mention the book
title in the subject of your message and email us at customercare@packtpub.com.

Errata: Although we have taken every care to ensure the accuracy of our content, mistakes
do happen. If you have found a mistake in this book, we would be grateful if you would
report this to us. Please visit www.packt .com/submit-errata, selecting your book, clicking
on the Errata Submission Form link, and entering the details.

Piracy: If you come across any illegal copies of our works in any form on the Internet, we
would be grateful if you would provide us with the location address or website name.
Please contact us at copyright@packt .com with a link to the material.

If you are interested in becoming an author: If there is a topic that you have expertise in
and you are interested in either writing or contributing to a book, please visit
authors.packtpub.com.

Reviews

Please leave a review. Once you have read and used this book, why not leave a review on
the site that you purchased it from? Potential readers can then see and use your unbiased
opinion to make purchase decisions, we at Packt can understand what you think about our
products, and our authors can see your feedback on their book. Thank you!

For more information about Packt, please visit packt .com.
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Benchmarking and Profiling

Recognizing the slow parts of your program is the single most important task when it
comes to speeding up your code. Luckily, in most cases, the code that causes the
application to slow down is a very small fraction of the program. By locating those critical
sections, you can focus on the parts that need improvement without wasting time in micro-
optimization.

Profiling is the technique that allows us to pinpoint the most resource-intensive spots in an
application. A profiler is a program that runs an application and monitors how long each
function takes to execute, thus detecting the functions in which your application spends
most of its time.

Python provides several tools to help us find these bottlenecks and measure

important performance metrics. In this chapter, we will learn how to use the standard
cProfile module and the 1ine_profiler third-party package. We will also learn how to
profile an application's memory consumption through the memory_profiler tool.
Another useful tool that we will cover is KCachegrind, which can be used to graphically
display the data produced by various profilers.

Benchmarks are small scripts used to assess the total execution time of your application.
We will learn how to write benchmarks and how to accurately time your programs.

The list of topics we will cover in this chapter is as follows:

¢ General principles of high performance programming
e Writing tests and benchmarks

¢ The Unix t ime command

e The Python timeit module

e Testing and benchmarking with pytest

e Profiling your application

e The cProfile standard tool

e Interpreting profiling results with KCachegrind
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e line_profiler and memory_profiler tools
¢ Disassembling Python code through the dis module

Designing your application

When designing a performance-intensive program, the very first step is to write your code
without bothering with small optimizations:

"Premature optimization is the root of all evil.”

- Donald Knuth

In the early development stages, the design of the program can change quickly and may
require large rewrites and reorganizations of the code base. By testing different prototypes
without the burden of optimization, you are free to devote your time and energy to ensure
that the program produces correct results and that the design is flexible. After all, who
needs an application that runs fast but gives the wrong answer?

The mantras that you should remember when optimizing your code are as follows:

e Make it run: We have to get the software in a working state, and ensure that it
produces the correct results. This exploratory phase serves to better understand
the application and to spot major design issues in the early stages.

e Make it right: We want to ensure that the design of the program is solid.
Refactoring should be done before attempting any performance optimization.
This really helps separate the application into independent and cohesive units
that are easier to maintain.

e Make it fast: Once our program is working and is well structured, we can focus
on performance optimization. We may also want to optimize memory usage if
that constitutes an issue.

In this section, we will write and profile a particle simulator test application. The simulator is
a program that takes some particles and simulates their movement over time according to a
set of laws that we impose. These particles can be abstract entities or correspond to physical
objects, for example, billiard balls moving on a table, molecules in gas, stars moving
through space, smoke particles, fluids in a chamber, and so on.

[10]
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Computer simulations are useful in fields such as Physics, Chemistry, Astronomy, and
many other disciplines. The applications used to simulate systems are particularly
performance-intensive and scientists and engineers spend an inordinate amount of time
optimizing these codes. In order to study realistic systems, it is often necessary to simulate
a very high number of bodies and every small increase in performance counts.

In our first example, we will simulate a system containing particles that constantly rotate
around a central point at various speeds, just like the hands of a clock.

The necessary information to run our simulation will be the starting positions of the
particles, the speed, and the rotation direction. From these elements, we have to calculate
the position of the particle in the next instant of time. An example system is shown in the
following figure. The origin of the system is the (0, 0) point, the position is indicated by
the x, y vector and the velocity is indicated by the vx, vy vector:

[11]
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The basic feature of a circular motion is that the particles always move perpendicular to the
direction connecting the particle and the center. To move the particle, we simply change the

position by taking a series of very small steps (which correspond to advancing the system
for a small interval of time) in the direction of motion, as shown in the following figure:

We will start by designing the application in an object-oriented way. According to our
requirements, it is natural to have a generic Particle class that stores the particle
positions, x and y, and their angular velocity, ang_vel:

class Particle:
def __init__ (self, x, y, ang_vel):
self.x = x
self.y =y
self.ang_vel = ang_vel

Note that we accept positive and negative numbers for all the parameters (the sign of
ang_vel will simply determine the direction of rotation).

[12]
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Another class, called Particlesimulator, will encapsulate the laws of motion and will be
responsible for changing the positions of the particles over time. The __init__ method
will store a list of Particle instances and the evolve method will change the particle
positions according to our laws.

We want the particles to rotate around the position corresponding to the x=0 and

y=0 coordinates, at a constant speed. The direction of the particles will always be
perpendicular to the direction from the center (refer to the first figure of this chapter). To
find the direction of the movement along the x and y axes (corresponding to the Python v_x
and v_y variables), it is sufficient to use these formulae:

V_x = -y / (X**2 + y**2)**0.5
V_y = X / (X**2 4+ y**2)**0.5

If we let one of our particles move, after a certain time ¢, it will reach another position
following a circular path. We can approximate a circular trajectory by dividing the time
interval, f, into tiny time steps, dt, where the particle moves in a straight line tangentially to
the circle. The final result is just an approximation of a circular motion. In order to avoid a
strong divergence, such as the one illustrated in the following figure, it is necessary to take
very small time steps:

[13]
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In a more schematic way, we have to carry out the following steps to calculate the particle
position at time ¢:

1. Calculate the direction of motion ( v_x and v_y).

2. Calculate the displacement (d_x and d_y), which is the product of time step,
angular velocity, and direction of motion.

3. Repeat steps 1 and 2 for enough times to cover the total time .

The following code shows the full ParticleSimulator implementation:

class ParticleSimulator:

def __init__ (self, particles):
self.particles = particles

def evolve(self, dt):
timestep = 0.00001
nsteps = int (dt/timestep)
for i in range (nsteps):
for p in self.particles:
# 1. calculate the direction

norm = (pP.xX**2 + p.y**2)**0.5

V_xX = —-p.y/norm

V_y = p.x/norm

# 2. calculate the displacement
d_x = timestep * p.ang_vel * v_x
d_y = timestep * p.ang_vel * v_y
p.x += d_x

p.y += d_y

# 3. repeat for all the time steps

We can use the matplotlib library to visualize our particles. This library is not included in
the Python standard library, and it can be easily installed using the pip install
matplotlib command.

Alternatively, you can use the Anaconda Python distribution
(https://store.continuum.io/cshop/anaconda/)thatinchldes
matplotlib and most of the other third-party packages used in this book.
Anaconda is free and is available for Linux, Windows, and Mac.

[14]
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To make an interactive visualization, we will use the matplotlib.pyplot.plot function
to display the particles as points and the matplotlib.animation.FuncAnimation class
to animate the evolution of the particles over time.

The visualize function takes a particle ParticleSimulator instance as an argument
and displays the trajectory in an animated plot. The steps necessary to display the particle
trajectory using the matplot1ib tools are as follows:

e Set up the axes and use the plot function to display the particles. plot takes a
list of x and y coordinates.

e Write an initialization function, init, and a function, animate, that updates the
x and y coordinates using the 1ine.set_data method.

e Create a FuncAnimation instance by passing the init and animate functions
plus the interval parameters, which specify the update interval, and b1it,
which improves the update rate of the image.

e Run the animation with plt.show ():

from matplotlib import pyplot as plt
from matplotlib import animation

def visualize (simulator) :

X = [p.x for p in simulator.particles]
Y [p.y for p in simulator.particles]

fig = plt.figure ()

ax = plt.subplot (111, aspect='equal')
line, = ax.plot(X, Y, 'ro')

# Axis limits

plt.xlim(-1, 1)

plt.ylim(-1, 1)

# It will be run when the animation starts
def init () :

line.set_data([], [1])

return line, # The comma is important!

def animate (i) :
# We let the particle evolve for 0.01 time units
simulator.evolve (0.01)
X = [p.x for p in simulator.particles]
Y = [p.y for p in simulator.particles]

line.set_data (X, Y)
return line,

[15]
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# Call the animate function each 10 ms

anim = animation.FuncAnimation (fig,
animate,
init_func=init,
blit=True,
interval=10)

plt.show ()

To test things out, we define a small function, test_visualize, that animates a system of
three particles rotating in different directions. Note that the third particle completes a
round three times faster than the others:

def test_visualize():

particles = [Particle(0.3, 0.5, 1),
Particle (0.0, -0.5, -1),
Particle(-0.1, -0.4, 3)]

simulator = ParticleSimulator (particles)
visualize (simulator)

if name == main__ ':
test_visualize ()

The test_visualize function is helpful to graphically understand the system time
evolution. In the following section, we will write more test functions to properly verify
program correctness and measure performance.

Writing tests and benchmarks

Now that we have a working simulator, we can start measuring our performance and tune-
up our code so that the simulator can handle as many particles as possible. As a first step,
we will write a test and a benchmark.

We need a test that checks whether the results produced by the simulation are correct or
not. Optimizing a program commonly requires employing multiple strategies; as we
rewrite our code multiple times, bugs may easily be introduced. A solid test suite ensures
that the implementation is correct at every iteration so that we are free to go wild and try
different things with the confidence that, if the test suite passes, the code will still work as
expected.

[16]
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Our test will take three particles, simulate them for 0.1 time units, and compare the results
with those from a reference implementation. A good way to organize your tests is using a
separate function for each different aspect (or unit) of your application. Since our current
functionality is included in the evolve method, our function will be named test_evolve.
The following code shows the test_evolve implementation. Note that, in this case, we
compare floating point numbers up to a certain precision through the fequal function:

def test_evolvel():

particles = [Particle( 0.3, 0.5, +1),
Particle( 0.0, -0.5, -1),
Particle(-0.1, -0.4, +3)]

simulator = ParticleSimulator (particles)
simulator.evolve (0.1)
p0, pl, p2 = particles

def fequal(a, b, eps=le-5):
return abs(a - b) < eps

assert fequal (p0.x, 0.210269)
assert fequal (pO0.y, 0.543863)

assert fequal (pl.x, -0.099334)
assert fequal (pl.y, -0.490034)

assert fequal (p2.x, 0.191358)
assert fequal (p2.y, -0.365227)

if name == '_ _main__ ':

test_evolve ()

A test ensures the correctness of our functionality but gives little information about its
running time. A benchmark is a simple and representative use case that can be run to
assess the running time of an application. Benchmarks are very useful to keep score of how
fast our program is with each new version that we implement.

We can write a representative benchmark by instantiating a thousand Particle objects
with random coordinates and angular velocity, and feed them to a ParticleSimulator
class. We then let the system evolve for 0.1 time units:

from random import uniform

def benchmark () :
particles = [Particle(uniform(-1.0, 1.0),

[17]
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, 1.0)

uniform (- ,
1.0))

1.
uniform(-1.
00

0
0
for i in range (1l )

0)1

simulator = ParticleSimulator (particles)
simulator.evolve (0.1)

if name '__main_ ':

benchmark ()

Timing your benchmark

A very simple way to time a benchmark is through the Unix t ime command. Using
the t ime command, as follows, you can easily measure the execution time of an arbitrary
process:

$ time python simul.py
real Oml.051s
user Oml.022s
sys Om0.028s

The t ime command is not available for Windows. To install Unix tools,
such as t ime, on Windows you can use the cygwin shell, downloadable
from the official website (http://www.cygwin.com/). Alternatively, you
can use similar PowerShell commands, such as Measure-Command
(https://msdn.microsoft.com/enfus/powershell/reference/S.1/
microsoft.powershell.utility/measure-command), t0 measure execution
time.

By default, t ime displays three metrics:

e real: The actual time spent running the process from start to finish, as if it was
measured by a human with a stopwatch

¢ user: The cumulative time spent by all the CPUs during the computation

¢ sys: The cumulative time spent by all the CPUs during system-related tasks,
such as memory allocation

Note that sometimes user + sys might be greater than real, as multiple processors may
work in parallel.

[18]
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time also offers richer formatting options. For an overview, you can
explore its manual (using the man time command). If you want a
summary of all the metrics available, you can use the ~v option.

The Unix t ime command is one of the simplest and more direct ways to benchmark a
program. For an accurate measurement, the benchmark should be designed to have a long
enough execution time (in the order of seconds) so that the setup and tear-down of the
process is small compared to the execution time of the application. The user metric is
suitable as a monitor for the CPU performance, while the real metric also includes the
time spent in other processes while waiting for I/O operations.

Another convenient way to time Python scripts is the t imeit module. This module runs a
snippet of code in a loop for n times and measures the total execution times. Then, it repeats
the same operation r times (by default, the value of r is 3) and records the time of the best
run. Due to this timing scheme, timeit is an appropriate tool to accurately time small
statements in isolation.

The timeit module can be used as a Python package, from the command line or from
[Python.

IPython is a Python shell design that improves the interactivity of the Python interpreter. It
boosts tab completion and many utilities to time, profile, and debug your code. We will use
this shell to try out snippets throughout the book. The IPython shell accepts magic
commands--statements that start with a $ symbol--that enhance the shell with special
behaviors. Commands that start with %% are called cell magics, which can be applied on
multi-line snippets (termed as cells).

[Python is available on most Linux distributions through pip and is included in Anaconda.

You can use IPython as a regular Python shell (ipython), but it is also
available in a Qt-based version (ipython gtconsole)and as a powerful
browser-based interface (jupyter notebook).

[19]
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In IPython and command-line interfaces, it is possible to specify the number of loops or
repetitions with the -n and -r options. If not specified, they will be automatically inferred
by timeit. When invoking timeit from the command line, you can also pass some setup
code, through the s option, which will execute before the benchmark. In the following
snippet, the IPython command line and Python module version of t imeit are
demonstrated:

# IPython Interface

$ ipython

In [1]: from simul import benchmark
In [2]: %timeit benchmark ()

1 loops, best of 3: 782 ms per loop

# Command Line Interface
$ python —m timeit -s 'from simul import benchmark' 'benchmark()'
10 loops, best of 3: 826 msec per loop

# Python Interface
# put this function into the simul.py script

import timeit

result = timeit.timeit ('benchmark()',
setup='from _ main__ import benchmark',
number=10)

# result is the time (in seconds) to run the whole loop
result = timeit.repeat ('benchmark()',
setup='from _ main__ import benchmark',
number=10,
repeat=3)
# result is a list containing the time of each repetition (repeat=3 in this
case)

Note that while the command line and IPython interfaces automatically infer a reasonable
number of loops n, the Python interface requires you to explicitly specify a value through
the number argument.

[20]
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Better tests and benchmarks with pytest-
benchmark

The Unix t ime command is a versatile tool that can be used to assess the running time of
small programs on a variety of platforms. For larger Python applications and libraries, a
more comprehensive solution that deals with both testing and benchmarking is pytest, in
combination with its pytest-benchmark plugin.

In this section, we will write a simple benchmark for our application using the pytest
testing framework. For the interested reader, the pytest documentation, which can be
found at nttp://doc.pytest.org/en/latest/, is the best resource to learn more about the
framework and its uses.

You can install pytest from the console using the pip install
pytest command. The benchmarking plugin can be installed, similarly,
by issuing the pip install pytest-benchmark command.

A testing framework is a set of tools that simplifies writing, executing, and debugging tests
and provides rich reports and summaries of the test results. When using the pytest
framework, it is recommended to place tests separately from the application code. In the
following example, we create the test_simul.py file, which contains the test_evolve

function:

from simul import Particle, ParticleSimulator

def test_evolvel():

particles = [Particle( 0.3, 0.5, +1),
Particle( 0.0, -0.5, -1),
Particle(-0.1, -0.4, +3)]

simulator = ParticleSimulator (particles)

simulator.evolve (0.1)
p0, pl, p2 = particles

def fequal(a, b, eps=le-5):
return abs(a - b) < eps

assert fequal (p0.x, 0.210269)
assert fequal (pO0.y, 0.543863)

assert fequal (pl.x, -0.099334)
assert fequal (pl.y, -0.490034)

[21]
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assert fequal (p2.x, 0.191358)
assert fequal (p2.y, -0.365227)

The pytest executable can be used from the command line to discover and run tests
contained in Python modules. To execute a specific test, we can use the pytest
path/to/module.py::function_name syntax. To execute test_evolve, we can type
the following command in a console to obtain simple but informative output:

$ pytest test_simul.py::test_evolve
platform linux -- Python 3.5.2, pytest-3.0.5, py-1.4.32, pluggy-0.4.0
rootdir: /home/gabriele/workspace/hiperf/chapterl, inifile: plugins:

collected 2 items

test_simul.py

1 passed in 0.43 seconds

Once we have a test in place, it is possible for you to execute your test as a benchmark using
the pytest-benchmark plugin. If we change our test function so that it accepts an
argument named benchmark, the pytest framework will automatically pass the
benchmark resource as an argument (in pytest terminology, these resources are called
fixtures). The benchmark resource can be called by passing the function that we intend to
benchmark as the first argument, followed by the additional arguments. In the following
snippet, we illustrate the edits necessary to benchmark the

ParticleSimulator.evolve function:

from simul import Particle, ParticleSimulator
def test_evolve (benchmark) :

# ... previous code
benchmark (simulator.evolve, 0.1)
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To run the benchmark, it is sufficient to rerun the pytest
test_simul.py::test_evolve command. The resulting output will contain detailed
timing information regarding the test_evolve function, as shown:

test session starts
platform linux -- Python 3.5.2, pytest-3.0.5, py-1.4.32, pluggy-0.4.0

benchmark: 3.0.8 (defaults: timer=time.perf_counter disable_gc=False min_rounds=5 min_time=5.080us max_time=1.080s cal
ibration_precision=10 warmup=False warmup_iterations=100000)

rootdir: [home/gabriele/workspacefhiperffchapter1l, inifile:

plugins: benchmark-3.0.0

collected 2 items

test_simul.py .

Name (time in ms) Min Max Mean StdDev Median IQR Outliers(*) Rounds Iterations

test_evolve 29.4716 41.1791 30.4622 2.0234 29.9630 0.7376 7dge 34 il

(*) outliers: 1 Standard Deviation from Mean; 1.5 IQR (InterQuartile Range) from 1st Quartile and 3rd Quartile.

For each test collected, pytest-benchmark will execute the benchmark function several
times and provide a statistic summary of its running time. The output shown earlier is very
interesting as it shows how running times vary between runs.

In this example, the benchmark in test_evolve was run 34 times (column Rounds), its
timings ranged between 29 and 41 ms (Min and Max), and the Average and Median times
were fairly similar at about 30 ms, which is actually very close to the best timing obtained.
This example demonstrates how there can be substantial performance variability between
runs, and that when taking timings with one-shot tools such as t ime, it is a good idea to
run the program multiple times and record a representative value, such as the minimum or
the median.

pytest-benchmark has many more features and options that can be used to take accurate
timings and analyze the results. For more information, consult the documentation at http:/
/pytest-benchmark.readthedocs.io/en/stable/usage.html.

[23]
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Finding bottlenecks with cProfile

After assessing the correctness and timing the execution time of the program, we are ready
to identify the parts of the code that need to be tuned for performance. Those parts are
typically quite small compared to the size of the program.

Two profiling modules are available through the Python standard library:

e The profile module: This module is written in pure Python and adds a
significant overhead to the program execution. Its presence in the standard
library is because of its vast platform support and because it is easier to extend.

e The cProfile module: This is the main profiling module, with an interface
equivalent to profile. It is written in C, has a small overhead, and is suitable as

a general purpose profiler.
The cProfile module can be used in three different ways:

e From the command line
e As a Python module
e With IPython

cProfile does not require any change in the source code and can be executed directly on
an existing Python script or function. You can use cProfile from the command line in this

way:
$ python -m cProfile simul.py

This will print a long output containing several profiling metrics of all of the functions

called in the application. You can use the -s option to sort the output by a specific metric.

In the following snippet ,the output is sorted by the tott ime metric, which will be
described here:

$ python -m cProfile -s tottime simul.py

The data produced by cProfile can be saved in an output file by passing the —o option.
The format that cProfile uses is readable by the stats module and other tools. The usage
of the —o option is as follows:

$ python -m cProfile -o prof.out simul.py

[24]
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The usage of cProfile as a Python module requires invoking the cProfile. run function in
the following way:

from simul import benchmark
import cProfile

cProfile.run ("benchmark ()")

You can also wrap a section of code between method calls of a cProfile.Profile object,
as shown:

from simul import benchmark
import cProfile

pr = cProfile.Profile()
pr.enable ()

benchmark ()
pr.disable()
pr.print_stats()

cProfile can also be used interactively with IPython. The $prun magic command lets you
profile an individual function call, as illustrated:

> IPython: chapterifcodes

(hperf) ipython
Python 3.5.2 |Continuum Analytics, Inc.| (default, Jul 2 2016, 17:53:06)
Type "copyright", "credits" or "license" for more information.

IPython 5.1.8 -- An enhanced Interactive Python.

? -> Introduction and overview of IPython's features.
%quickref -> Quick reference.

help > Python's own help system.

object? > Detalls about 'object', use 'object??' for extra details.

In [1]: from simul import benchmark

In [2]: %prun benchmark()
7687 function calls in 1.231 seconds

Ordered by: internal time

ncalls tottime percall cumtime percall filename:lineno(function)

1 1.230 1.230 1.230 1.230 simul.py:21(evolve)
1 0.000 0.000 0.001 0.001 simul.py:118(<listcomps)
300 0.000 0.000 0.000 0.000 random.py:342(uniform)
100 0.000 0.000 0.000 0.000 simul.py:16(__init_ )
300 0.000 0.000 0.000 0.000 {method 'random' of '_random.Random' objects}
1 0.000 0.000 1, 7zl 1.231 {built-in method builtins.exec}
1 0.000 0.000 1.231 1.231 <string>:1(<module>)
1 0.000 0.0680 1.231 1.231 simul.py:117(benchmark)
1 ©.000 ©.000 ©.000 0.000 simul.py:18(__init__)
1 0.000 0.000 0.000 0.000 {method 'disable' of '_lsprof.Profiler' objects}
In [3]:
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The cProfile output is divided into five columns:

e ncalls: The number of times the function was called.

e tottime: The total time spent in the function without taking into account the
calls to other functions.

e cumtime: The time in the function including other function calls.

e percall: The time spent for a single call of the function--it can be obtained by
dividing the total or cumulative time by the number of calls.

e filename:lineno: The filename and corresponding line numbers. This
information is not available when calling C extensions modules.

The most important metric is tott ime, the actual time spent in the function body
excluding subcalls, which tell us exactly where the bottleneck is.

Unsurprisingly, the largest portion of time is spent in the evolve function. We can imagine
that the loop is the section of the code that needs performance tuning.

cProfile only provides information at the function level and does not tell us which
specific statements are responsible for the bottleneck. Fortunately, as we will see in the next
section, the line_profiler toolis capable of providing line-by-line information of the
time spent in the function.

Analyzing the cProfile text output can be daunting for big programs with a lot of calls
and subcalls. Some visual tools aid the task by improving navigation with an interactive,
graphical interface.

KCachegrind is a Graphical User Interface (GUI) useful to analyze the profiling output
emitted by cProfile.

KCachegrind is available in the Ubuntu 16.04 official repositories. The Qt
port, QCacheGrind, can be downloaded for Windows from http://
sourceforge.net/projects/qcachegrindwin/.hdacuserscanconlpﬂe
QCacheGrind using Mac Ports (http://www.macports.org/) by following

the instructions present in the blog post at http://blogs.perl.org/
users/rurban/2013/04/install-kachegrind-on-macosx-with-ports.
html.

KCachegrind can't directly read the output files produced by cProfile. Luckily, the
pyprof2calltree third-party Python module is able to convert the cProfile output file
into a format readable by KCachegrind.
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You can install pyprof2calltree from the Python Package Index using
the command pip install pyprof2calltree.

To best show the KCachegrind features, we will use another example with a more
diversified structure. We define a recursive function, factorial, and two other
functions that use factorial, named taylor_exp and taylor_sin. They represent the
polynomial coefficients of the Taylor approximations of exp (x) and sin (x):

def factorial (n):
if n ==
return 1.0
else:
return n * factorial (n-1)

def taylor_exp(n):
return [1.0/factorial (i) for i in range(n)]

def taylor_sin(n):
res = []
for i in range(n):
if i % 2 ==
res.append ((=1)** ((i-1)/2)/float (factorial(i)))
else:
res.append(0.0)
return res

def benchmark () :
taylor_exp (500)
taylor_sin (500)

if _ _name_ == '__main__ ':
benchmark ()

To access profile information, we first need to generate the cProfile output file:
$ python -m cProfile -o prof.out taylor.py

Then, we can convert the output file with pyprof2calltree and launch KCachegrind:

$ pyprof2calltree -i prof.out —-o prof.calltree
$ kcachegrind prof.calltree # or gcachegrind prof.calltree
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The output is shown in the following screenshot:

prof.calltree

P open “~Up v | % Relative | %) Cycle Detection 1-I-hRelative to Parent  » | Nanoseconds =
Flat Profile ®  <built-in method builtins.exec>
search: (Mo Grouping) | | Types Callers AllCallers | Callee Map | Source Code
Incl. Self Called | Function Location Factorial —a67.09% | |factorial  FEm32.20%
= 100.00 0.00 (0) ® <built-in method builtin... ~
=l 100.00 0.00 1 ® <module> taylor.py
mm 59.99 0.01 1 ® benchmark taylor.py
e 99.28 = 99.28 188 000 M Factorial taylor.py
m 67.33 0.00 1 M taylor_exp taylor.py
m  67.33 0.24 1 ® <liskcomp> taylor.py
o 32.65 0.41 1 M taylor_sin taylor.py
0.04 0.04 500 = <method 'append' of 'li... ~
0.00 0.00 (0) = <method 'disable’ of '_[... ~

taylor_exp

6733 %

taylor_sin

EN32.65 %

o

W1250x

1500 x

factorial
[ 187 250 x
99.28 %

Parts  Callees | Call Graph | All Callees | Caller Map | Machine Code

prof.calltree [1] - Total Nanoseconds Cost: 93 793 000

The preceding screenshot shows the KCachegrind user interface. On the left, we have an
output fairly similar to cProfile. The actual column names are slightly different: Incl.
translates to cProfile module's cumt ime and Self translates to tottime. The values are
given in percentages by clicking on the Relative button on the menu bar. By clicking on the
column headers, you can sort them by the corresponding property.

On the top right, a click on the Callee Map tab will display a diagram of the function costs.
In the diagram, the time percentage spent by the function is proportional to the area of the
rectangle. Rectangles can contain sub-rectangles that represent subcalls to other functions.
In this case, we can easily see that there are two rectangles for the factorial function. The
one on the left corresponds to the calls made by taylor_exp and the one on the right to the
calls made by taylor_sin.
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On the bottom right, you can display another diagram, the call graph, by clicking on the Call
Graph tab. A call graph is a graphical representation of the calling relationship between the
functions; each square represents a function and the arrows imply a calling relationship.
For example, taylor_exp calls factorial 500 times, and taylor_sin calls factorial 250
times. KCachegrind also detects recursive calls: factorial calls itself 187250 times.

You can navigate to the Call Graph or the Caller Map tab by double-clicking on the
rectangles; the interface will update accordingly, showing that the timing properties are
relative to the selected function. For example, double-clicking on taylor_exp will cause
the graph to change, showing only the contribution of taylor_exp to the total cost.

(;pronI)Ot(https://github.com/jrfonseca/gprondot)isanofher
popular tool used to produce call graphs. Starting from output files
produced by one of the supported profilers, it will generate a . dot
diagram representing the call graph.

Profile line by line with line_profiler

Now that we know which function we have to optimize, we can use the 1ine_profiler
module that provides information on how time is spent in a line-by-line fashion. This is
very useful in situations where it's difficult to determine which statements are costly. The
line_profiler module is a third-party module that is available on the Python Package
Index and can be installed by following the instructions at https://github.com/rkern/
line_profiler

In order to use 1ine_profiler, we need to apply a @profile decorator to the functions
we intend to monitor. Note that you don't have to import the profile function from
another module as it gets injected in the global namespace when running the
kernprof.py profiling script. To produce profiling output for our program, we need to
add the @profile decorator to the evolve function:

@profile
def evolve(self, dt):
# code
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The kernprof . py script will produce an output file and will print the result of the
profiling on the standard output. We should run the script with two options:

e —1 tousethe line_profiler function
e —v to immediately print the results on screen

The usage of kernprof . py is illustrated in the following line of code:
$ kernprof.py -1 -v simul.py

It is also possible to run the profiler in an IPython shell for interactive editing. You should
first load the 1ine_profiler extension that will provide the 1prun magic command.
Using that command, you can avoid adding the @profile decorator:

> IPython: chapter1fcodes

In [1]: %load_ext line_profiler
In [2]: from simul import benchmark, ParticleSimulator
In [3]: %lprun -f ParticleSimulator.evolve benchmark()
Timer unit: 1le-06 s
Total time: 8.66675 s
File: /home/gabriele/workspace/hiperf/chapterl/codes/simul.py
Function: evolve at line 21
Line # Hits Time Per Hit % Time Line Contents
21 def evolve(self, dt):
22 1 2 2.0 0.0 timestep = 0.00001
23 1 4 4.0 0.0 nsteps = int(dt/timestep)
24
25 10001 12561 1.3 0.1 for i in range(nsteps)
26 1010000 867457 8.9 10.0 for p in self.particles:
27
28 1000000 1859312 1.9 21.5 norm = (p.x**2 + p.y**2)**@.5
29 1000000 972028 1.0 alal o2 v_x = (-p.y)/norm
30 1000000 921008 0.9 10.6 vV_y = p.x/norm
=yl
32 1000000 982441 1.0 11.3 d_x = timestep * p.ang_vel * v_x
Ziz’ 1000000 974838 1.0 11.2 d y = timestep * p.ang vel * v y
34
35 1000000 1658183 2l al 12.2 p.X += d_x
36 1000000 1018915 1.0 11.8 p.y +=d y
In [2]: O
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The output is quite intuitive and is divided into six columns:

e Line #: The number of the line that was run

e Hits: The number of times that line was run

o Time: The execution time of the line in microseconds (Time)
e Per Hit: Time/hits

e % Time: Fraction of the total time spent executing that line
e Line Contents: The content of the line

By looking at the percentage column, we can get a pretty good idea of where the time is
spent. In this case, there are a few statements in the for loop body with a cost of around
10-20 percent each.

Optimizing our code

Now that we have identified where exactly our application is spending most of its time, we
can make some changes and assess the change in performance.

There are different ways to tune up our pure Python code. The way that produces the most
remarkable results is to improve the algorithms used. In this case, instead of calculating the
velocity and adding small steps, it will be more efficient (and correct as it is not an
approximation) to express the equations of motion in terms of radius, r, and angle, alpha,
(instead of x and y), and then calculate the points on a circle using the following equation:

x = r * cos(alpha)
y = r * sin(alpha)

Another way lies in minimizing the number of instructions. For example, we can
precalculate the timestep * p.ang_vel factor that doesn't change with time. We can
exchange the loop order (first we iterate on particles, then we iterate on time steps) and put
the calculation of the factor outside the loop on the particles.
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The line-by-line profiling also showed that even simple assignment operations can take a
considerable amount of time. For example, the following statement takes more than
10 percent of the total time:

v_x = (-p.y)/norm

We can improve the performance of the loop by reducing the number of assignment
operations performed. To do that, we can avoid intermediate variables by rewriting the
expression into a single, slightly more complex statement (note that the right-hand side gets
evaluated completely before being assigned to the variables):

p.X, P.Y = p.X - t_x_ang*p.y/norm, p.y + t_x_ang * p.x/norm

This leads to the following code:

def evolve_fast (self, dt):
timestep = 0.00001
nsteps = int (dt/timestep)

# Loop order is changed
for p in self.particles:
t_x_ang = timestep * p.ang_vel
for i in range (nsteps):
norm = (pP.xX**2 + p.y**2)**0.5
p.x, p.y = (p.x - t_x_ang * p.y/norm,
p.y + t_x_ang * p.x/norm)

After applying the changes, we should verify that the result is still the same by running our
test. We can then compare the execution times using our benchmark:

$ time python simul.py # Performance Tuned
real Om0.756s
user Om0.714s
sys Om0.036s

$ time python simul.py # Original
real Om0.863s
user Om0.831s
sys Om0.028s

As you can see, we obtained only a modest increment in speed by making a pure Python
micro-optimization.
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The dis module

Sometimes it's not easy to estimate how many operations a Python statement will take. In
this section, we will dig into the Python internals to estimate the performance of individual
statements. In the CPython interpreter, Python code is first converted to an intermediate
representation, the bytecode, and then executed by the Python interpreter.

To inspect how the code is converted to bytecode, we can use the dis Python module (dis
stands for disassemble). Its usage is really simple; all that is needed is to call the dis.dis
function on the ParticleSimulator.evolve method:

import dis

from simul import ParticleSimulator

dis.dis (ParticleSimulator.evolve)

This will print, for each line in the function, a list of bytecode instructions. For example, the

v_x = (-p.y)/normstatement is expanded in the following set of instructions:
29 85 LOAD_FAST 5 (p)
88 LOAD_ATTR 4 (y)
91 UNARY_NEGATIVE
92 LOAD_FAST 6 (norm)
95 BINARY_TRUE_DIVIDE
96 STORE_FAST 7 (v_X)

LOAD_FAST loads a reference of the p variable onto the stack and LOAD_ATTR loads the y
attribute of the item present on top of the stack. The other instructions, UNARY_NEGATIVE
and BINARY_TRUE_DIVIDE, simply do arithmetic operations on top-of-stack items. Finally,
the result is stored in v_x (STORE_FAST).

By analyzing the dis output, we can see that the first version of the loop produces 51
bytecode instructions while the second gets converted into 35 instructions.

The dis module helps discover how the statements get converted and serves mainly as an
exploration and learning tool of the Python bytecode representation.

To improve our performance even further, we can keep trying to figure out other
approaches to reduce the amount of instructions. It's clear, however, that this approach is
ultimately limited by the speed of the Python interpreter and it is probably not the right
tool for the job. In the following chapters, we will see how to speed up interpreter-

limited calculations by executing fast specialized versions written in a lower level language
(such as C or Fortran).
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Profiling memory usage with
memory_profiler

In some cases, high memory usage constitutes an issue. For example, if we want to handle a
huge number of particles, we will incur a memory overhead due to the creation of many
Particle instances.

The memory_profiler module summarizes, in a way similar to 1ine_profiler, the
memory usage of the process.

The memory_profiler package is also available on the Python Package
Index. You should also install the psutil module (https://github.com/
giampaolo/psutil) as an optional dependency that will make
memory_profiler considerably faster.

Justlike 1ine_profiler, memory_profiler also requires the instrumentation of the
source code by placing a @profile decorator on the function we intend to monitor. In our
case, we want to analyze the benchmark function.

We can slightly change benchmark to instantiate a considerable amount (100000) of
Particle instances and decrease the simulation time:

def benchmark_memory () :

particles = [Particle(uniform(-1.0, 1.0),
uniform(-1.0, 1.0),
uniform(-1.0, 1.0))

for i in range (100000)]

simulator = ParticleSimulator (particles)
simulator.evolve (0.001)

We can use memory_profiler from an IPython shell through the $mprun magic command
as shown in the following screenshot:
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: IPython: chapterifcodes

IPython 5.1.8 -- An enhanced Interactive Python.
I -

? > Introduction and overview of IPython's features.
%gquickref -= Quick reference.

help -= Python's own help system.

object? > Detalls about 'object', use 'object??' for extra details.

In [1]: %load ext memory profiler
In [2]: from simul import benchmark memory

In [3]: %mprun -f benchmark_memory benchmark_memory()
Filename: [home/gabriele/workspace/hiperf/chapterl/codes/simul.py

Line # Mem usage Increment Line Contents
142 37.8 MiB 0.0 MiB def benchmark memory():
143 61.5 MiB 23.7 MiB particles = [Particle(uniform(-1.0, 1.8),
144 uniform(-1.0, 1.0),
145 uniform(-1.0, 1.0))
146 61.5 MiB 0.0 MiB for 1 in range(180000)]
147
148 61.5 MiB 0.0 MiB simulator = ParticleSimulator(particles)
149 61.5 MiB 6.0 MiB simulator.evolve(0.001)

In [4]: O

It is possible to run memory_profiler from the shell using the mprof
run command after adding the @profile decorator.

From the Increment column, we can see that 100,000 Particle objects take 23.7 MiB of
memory.

1 MiB (mebibyte) is equivalent to 1,048,576 bytes. It is different from 1 MB
(megabyte), which is equivalent to 1,000,000 bytes.
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We canuse __slots__onthe Particle class to reduce its memory footprint. This feature
saves some memory by avoiding storing the variables of the instance in an internal
dictionary. This strategy, however, has a drawback--it prevents the addition of attributes
other than the ones specified in __slots__:

class Particle:

__slots__ = ('x'", 'y', 'ang_vel')
def __init__ (self, x, y, ang_vel):
self.x = x
self.y =y
self.ang_vel = ang_vel

We can now rerun our benchmark to assess the change in memory consumption, the result
is displayed in the following screenshot:

‘@ IPython: chapteri/codes |

IPython 5.1.08 -- An enhanced Interactive Python.

? -> Introduction and overview of IPython's features.
%quickref -= Quick reference.

help > Python's own help system.

object? > Detalls about 'object', use 'object??' for extra details.

In [1]: %load_ext memory_profiler
In [2]: from simul import benchmark memory

In [3]: %mprun -f benchmark memory benchmark memory()
Filename: [home/fgabriele/workspacefhiperf/chapterl/codes/simul.py

Line # Mem usage Increment Line Contents
142 38.06 MiB 6.0 MiB def benchmark_memory():
143 51.7 MiB 13.7 MiB particles = [Particle(uniform(-1.0, 1.0),
144 uniform(-1.8, 1.8),
145 uniform(-1.8, 1.8))
146 51.7 MiB 0.0 MiB for 1 in range(1006000)]
147
148 51.7 MiB 0.0 MiB simulator = ParticleSimulator(particles)
149 51.7 MiB 0.0 MiB simulator.evolve(8.081)

In [4]: I

By rewriting the Particle class using __slots__, we can save about 10 MiB of memory.
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Summary

In this chapter, we introduced the basic principles of optimization and applied those
principles to a test application. When optimizing, the first thing to do is test and identify
the bottlenecks in the application. We saw how to write and time a benchmark using the
time Unix command, the Python timeit module, and the full-fledged pytest-
benchmark package. We learned how to profile our application using cProfile,
line_profiler, and memory_profiler, and how to analyze and navigate the profiling
data graphically with KCachegrind.

In the next chapter, we will explore how to improve performance using algorithms and
data structures available in the Python standard library. We will cover scaling, sample
usage of several data structures, and learn techniques such as caching and memoization.
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As mentioned in the last chapter, one of the most effective ways of improving the
performance of applications is through the use of better algorithms and data structures. The
Python standard library provides a large variety of ready-to-use algorithms and data
structures that can be directly incorporated in your applications. With the tools learned
from this chapter, you will be able to use the right algorithm for the task and achieve
massive speed gains.

Even though many algorithms have been around for quite a while, they are especially
relevant in today's world as we continuously produce, consume, and analyze ever
increasing amounts of data. Buying a larger server or microoptimizing can work for some
time, but achieving better scaling through algorithmic improvement can solve the problem
once and for all.

In this chapter, we will understand how to achieve better scaling using standard algorithms
and data structures. More advanced use cases will also be covered by taking advantage of
third-party libraries. We will also learn about tools to implement caching, a technique used
to achieve faster response times by sacrificing some space on memory or on disk.

The list of topics to be covered in this chapter is as follows:

e Introduction to computational complexity

o Lists and deques

e Dictionaries

e How to build an inverted index using a dictionary

e Sets

e Heaps and priority queues

¢ Implementing autocompletion using tries

¢ Introduction to caching

¢ In-memory caching with the functools.lru_cache decorator
e On-disk cache with joblib.Memory

¢ Fast and memory-efficient loops with comprehensions and generators
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Useful algorithms and data structures

Algorithmic improvements are especially effective in increasing performance because they
typically allow the application to scale better with increasingly large inputs.

Algorithm running times can be classified according to their computational complexity, a
characterization of the resources required to perform a task. Such classification is expressed
through the Big-O notation, an upper bound on the operations required to execute the task,
which usually depends on the input size.

For example, incrementing each element of a list can be implemented using a for loop, as
follows:

input = list (range(10))
for i, _ in enumerate (input) :
input[i] += 1

If the operation does not depend on the size of the input (for example, accessing the first
element of a list), the algorithm is said to take constant, or O(1), time. This means that, no
matter how much data we have, the time to run the algorithm will always be the same.

In this simple algorithm, the input [i] += 1 operation will be repeated 10 times, which is
the size of the input. If we double the size of the input array, the number of operations will
increase proportionally. Since the number of operations is proportional to the input size,
this algorithm is said to take O(N) time, where N is the size of the input array.

In some instances, the running time may depend on the structure of the input (for example,
if the collection is sorted or contains many duplicates). In these cases, an algorithm may
have different best-case, average-case, and worst-case running times. Unless stated
otherwise, the running times presented in this chapter are considered to be average
running times.

In this section, we will examine the running times of the main algorithms and data
structures that are implemented in the Python standard library, and understand how
improving running times results in massive gains and allows us to solve large-scale
problems with elegance.

You can find the code used to run the benchmarks in this chapter in the
Algorithms.ipynb notebook, which can be opened using Jupyter.
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Lists and deques

Python lists are ordered collections of elements and, in Python, are implemented as
resizable arrays. An array is a basic data structure that consists of a series of contiguous
memory locations, and each location contains a reference to a Python object.

Lists shine in accessing, modifying, and appending elements. Accessing or modifying an
element involves fetching the object reference from the appropriate position of the
underlying array and has complexity O(1). Appending an element is also very fast. When
an empty list is created, an array of fixed size is allocated and, as we insert elements, the
slots in the array are gradually filled up. Once all the slots are occupied, the list needs to
increase the size of its underlying array, thus triggering a memory reallocation that can take
O(N) time. Nevertheless, those memory allocations are infrequent, and the time complexity
for the append operation is referred to as amortized O(1) time.

The list operations that may have efficiency problems are those that add or

remove elements at the beginning (or somewhere in the middle) of the list. When an item is
inserted, or removed, from the beginning of a list, all the subsequent elements of the array
need to be shifted by a position, thus taking O(N) time.

In the following table, the timings for different operations on a list of size 10,000 are shown;
you can see how insertion and removal performances vary quite dramatically if performed
at the beginning or at the end of the list:

Code N=10000 (us) N=20000 (us) N=30000 (us) Time
list.pop () 0.50 0.59 0.58 o)
list.pop(0) 4.20 8.36 12.09 O(N)
list.append (1) 0.43 0.45 0.46 o)
list.insert (0, 1) 6.20 11.97 17.41 O(N)

In some cases, it is necessary to efficiently perform insertion or removal of elements both at
the beginning and at the end of the collection. Python provides a data structure with those
properties in the collections.deque class. The word deque stands for double-ended
queue because this data structure is designed to efficiently put and remove elements at the
beginning and at the end of the collection, as it is in the case of queues. In Python, deques
are implemented as doubly-linked lists.
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Deques, in addition to pop and append, expose the popleft and
appendleft methods that have O(1) running time:

Code N=10000 (us)|N=20000 (us)|N=30000 (us)|Time
deque. pop () 0.41 0.47 0.51 o(1)
deque.popleft () 0.39 0.51 0.47 O(1)
deque.append (1) 0.42 0.48 0.50 o)
deque.appendleft (1)]0.38 0.47 0.51 o)

Despite these advantages, deques should not be used to replace regular lists in most cases.
The efficiency gained by the appendleft and popleft operations comes at a cost:
accessing an element in the middle of a deque is a O(N) operation, as shown in the
following table:

Code N=10000 (us)|N=20000 (pus)[N=30000 (us)|Time
deque [0] 0.37 0.41 0.45 o(1)
deque [N - 1] 0.37 0.42 043 o(1)
deque [int (N / 2)][1.14 1.71 2.48 O(N)

Searching for an item in a list is generally a O(N) operation and is performed using the
list.index method. A simple way to speed up searches in lists is to keep the array sorted
and perform a binary search using the bisect module.

The bisect module allows fast searches on sorted arrays. The bisect.bisect function
can be used on a sorted list to find the index to place an element while maintaining the
array in sorted order. In the following example, we can see that if we want to insert the 3
element in the array while keeping collection in sorted order, we should put 3 in the
third position (which corresponds to index 2):

insert bisect

collection = [1, 2, 4, 5, 6]
bisect.bisect (collection, 3)
# Result: 2
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This function uses the binary search algorithm that has O(log(N)) running time. Such a
running time is exceptionally fast, and basically means that your running time will increase
by a constant amount every time you double your input size. This means that if, for
example, your program takes 1 second to run on an input of size 1000, it will take 2
seconds to process an input of size 2000, 3 seconds to process an input of size 4000, and so
on. If you had 100 seconds, you could theoretically process an input of size 10™, which is
larger than the number of atoms in your body!

If the value we are trying to insert is already present in the list, the bisect .bisect
function will return the location after the already present value. Therefore, we can use the
bisect.bisect_left variant, which returns the correct index in the following way (taken
from the module documentation at https://docs.python.org/3.5/1library/bisect.html):

def index_bisect (a, x):
'Locate the leftmost value exactly equal to x'
i = bisect.bisect_left (a, x)
if i !'= len(a) and al[i] == x:
return i
raise ValueError

In the following table, you can see how the running time of the bisect solution is barely
affected at these input sizes, making it a suitable solution when searching through very
large collections:

Code N=10000 (us)[N=20000 (us)[N=30000 (us)|Time
list.index (a) 87.55 171.06 263.17 ON)
index_bisect (list, a)l3.16 3.20 4.71 O(log(N))
Dictionaries

Dictionaries are extremely versatile and extensively used in the Python language.
Dictionaries are implemented as hash maps and are very good at element insertion,
deletion, and access; all these operations have an average O(1) time complexity.

In Python versions up to 3.5, dictionaries are unordered collections. Since
Python 3.6, dictionaries are capable of maintaining their elements by order
of insertion.
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A hash map is a data structure that associates a set of key-value pairs. The principle behind
hash maps is to assign a specific index to each key so that its associated value can be stored
in an array. The index can be obtained through the use of a hash function; Python
implements hash functions for several data types. As a demonstration, the generic function
to obtain hash codes is hash. In the following example, we show you how to obtain the
hash code given the "hello" string:

hash ("hello")
# Result: -1182655621190490452

# To restrict the number to be a certain range you can use
# the modulo (%) operator

hash ("hello") % 10

# Result: 8

Hash maps can be tricky to implement because they need to handle collisions that happen
when two different objects have the same hash code. However, all the complexity is
elegantly hidden behind the implementation and the default collision resolution works well
in most real-world scenarios.

Access, insertion, and removal of an item in a dictionary scales as O(1) with the size of the
dictionary. However, note that the computation of the hash function still needs to happen
and, for strings, the computation scales with the length of the string. As string keys are
usually relatively small, this doesn't constitute a problem in practice.

A dictionary can be used to efficiently count unique elements in a list. In this example, we
define the counter_dict function that takes a list and returns a dictionary containing the
number of occurrences of each value in the list:

def counter_dict (items) :
counter = {}
for item in items:
if item not in counter:
counter[item] = 1
else:
counter[item] += 1
return counter
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The code can be somewhat simplified using collections.defaultdict, which can be

used to produce dictionaries where each new key is automatically assigned a default value.
In the following code, the defaultdict (int) call produces a dictionary where every new
element is automatically assigned a zero value, and can be used to streamline the counting:

from collections import defaultdict
def counter_defaultdict (items) :
counter defaultdict (int)
for item in items:
counter[item]
return counter

=1

The collections module also includes a Counter class that can be used for the same
purpose with a single line of code:

from collections import Counter
counter Counter (items)

Speed-wise, all these ways of counting have the same time complexity, but the Counter
implementation is the most efficient, as shown in the following table:

Code N=1000 (us)|N=2000 (us)|N=3000 (us)|Time
Counter (items) 51.48 96.63 140.26 O(N)
counter_dict (items) 111.96 197.13 282.79 O(N)
counter_defaultdict (items) |120.90 238.27 359.60 O(N)

Building an in-memory search index using a hash map

Dictionaries can be used to quickly search for a word in a list of documents, similar to a
search engine. In this subsection, we will learn how to build an inverted index based on a
dictionary of lists. Let's say we have a collection of four documents:

docs = ["the cat is under the table",
"the dog is under the table",
"cats and dogs smell roses",

"Carla eats an apple"]

A simple way to retrieve all the documents that match a query is to scan each document
and test for the presence of a word. For example, if we want to look up the documents
where the word table appears, we can employ the following filtering operation:

matches = [doc for doc in docs if "table" in doc]

[44]
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This approach is simple and works well when we have one-off queries; however, if we need
to query the collection very often, it can be beneficial to optimize querying time. Since the
per-query cost of the linear scan is O(N), you can imagine that a better scaling will allow us
to handle much larger document collections.

A better strategy is to spend some time preprocessing the documents so that they are easier
to find at query time. We can build a structure, called the inverted index, that associates
each word in our collection with the list of documents where that word is present. In our
earlier example, the word "table" will be associated to the "the cat is under the
table" and "the dog is under the table" documents; they correspond to indices 0
and 1.

Such a mapping can be implemented by going over our collection of documents and storing
in a dictionary the index of the documents where that term appears. The implementation is
similar to the counter_dict function, except that, instead of accumulating a counter, we
are growing the list of documents that match the current term:

# Building an index
index = {}
for i1, doc in enumerate (docs) :
# We iterate over each term in the document
for word in doc.split():
# We build a list containing the indices
# where the term appears
if word not in index:
index [word] = [i]
else:
index[word] .append (1)

Once we have built our index, doing a query involves a simple dictionary lookup. For
example, if we want to return all the documents containing the term table, we can simply
query the index, and retrieve the corresponding documents:

results = index["table"]
result_documents = [docs[1] for i in results]

Since all it takes to query our collection is a dictionary access, the index can handle queries
with time complexity O(1)! Thanks to the inverted index, we are now able to query any
number of documents (as long as they fit in memory) in constant time. Needless to say,
indexing is a technique widely used to quickly retrieve data not only in search engines, but
also in databases and any system that requires fast searches.
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Note that building an inverted index is an expensive operation and requires you to encode
every possible query. This is a substantial drawback, but the benefits are great and it may
be worthwhile to pay the price in terms of decreased flexibility.

Sets

Sets are unordered collections of elements, with the additional restriction that the elements
must be unique. The main use-cases where sets are a good choice are membership tests
(testing if an element is present in the collection) and, unsurprisingly, set operations such as
union, difference, and intersection.

In Python, sets are implemented using a hash-based algorithm just like dictionaries;
therefore, the time complexities for addition, deletion, and test for membership scale as
O(1) with the size of the collection.

Sets contain only unique elements. An immediate use case of sets is the removal of
duplicates from a collection, which can be accomplished by simply passing the collection
through the set constructor, as follows:

# create a list that contains duplicates
x = list (range (1000)) + list (range(500))
# the set *x_unique* will contain only
# the unique elements in x

Xx_unique = set (x)

The time complexity for removing duplicates is O(N), as it requires to read the input and
put each element in the set.

Sets expose a number of operations like union, intersection, and difference. The union of
two sets is a new set containing all the elements of both the sets; the intersection is a new set
that contains only the elements in common between the two sets, and the difference is a
new set containing the element of the first set that are not contained in the second set. The
time complexities for these operations are shown in the following table. Note that since we
have two different input sizes, we will use the letter S to indicate the size of the first set
(called s), and T to indicate the size of the second set (called t):

Code Time
s.union (t) oS +1)
O(min(S, T))
s.difference (t) O(S)

s.intersection (t

~
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An application of set operations are, for example, Boolean queries. Going back to the
inverted index example of the previous subsection, we may want to support queries that
include multiple terms. For example, we may want to search for all the documents that
contain the words cat and table. This kind of a query can be efficiently computed by
taking the intersection between the set of documents containing cat and the set of
documents containing table.

In order to efficiently support those operations, we can change our indexing code so that
each term is associated to a set of documents (rather than a list). After applying this change,
calculating more advanced queries is a matter of applying the right set operation. In the
following code, we show the inverted index based on sets and the query using set
operations:

# Building an index using sets
index = {}
for i1, doc in enumerate (docs) :
# We iterate over each term in the document
for word in doc.split():
# We build a set containing the indices
# where the term appears
if word not in index:
index [word] = {i}
else:
index [word] .add (1)
# Querying the documents containing both "cat" and "table"
index['cat'].intersection(index|['table'])

Heaps

Heaps are data structures designed to quickly find and extract the maximum (or minimum)
value in a collection. A typical use-case for heaps is to process a series of incoming tasks in
order of maximum priority.

One can theoretically use a sorted list using the tools in the bisect module; however,
while extracting the maximum value will take O(1) time (using 1ist . pop), insertion will
still take O(N) time (remember that, even if finding the insertion point takes O(log(N)) time,
inserting an element in the middle of a list is still a O(N) operation). A heap is a more
efficient data structure that allows for insertion and extraction of maximum values with
O(log(N)) time complexity.
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In Python, heaps are built using the procedures contained in the heapg module on
an underlying list. For example, if we have a list of 10 elements, we can reorganize it into a
heap with the heapg.heapify function:

import heapqg

collection = [10, 3, 3, 4, 5, 6]
heapg.heapify (collection)

To perform the insertion and extraction operations on the heap, we can use

the heapqg.heappush and heapq.heappop functions. The heapqg.hheappop function will
extract the minimum value in the collection in O(log(N)) time and can be used in the
following way:

heapg.heappop (collection)
# Returns: 3

Similarly, you can push the integer 1, with the heapq.heappush function, as follows:

heapg.heappush (collection, 1)

Another easy-to-use option is the queue.PriorityQueue class that, as a bonus, is thread
and process-safe. The PriorityQueue class can be filled up with elements using

the PriorityQueue.put method, while PriorityQueue.get can be used to extract the
minimum value in the collection:

from queue import PriorityQueue

queue = PriorityQueue ()
for element in collection:
queue.put (element)

queue.get ()
# Returns: 3

If the maximum element is required, a simple trick is to multiply each element of the list

by -1. In this way, the order of the elements will be inverted. Also, if you want to associate
an object (for example, a task to run) to each number (which can represent the priority), one
can insert tuples of the (number, object) form; the comparison operator for the tuple
will be ordered with respect to its first element, as shown in the following example:

queue = PriorityQueue ()

queue.put ((3, "priority 3"))
queue.put ((2, "priority 2"))
queue.put ((1, "priority 1"))
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queue.get ()
# Returns: (1, "priority 1")

Tries

A perhaps less popular data structure, very useful in practice, is the trie (sometimes called
prefix tree). Tries are extremely fast at matching a list of strings against a prefix. This is
especially useful when implementing features such as search-as-you type and
autocompletion, where the list of available completions is very large and short response
times are required.

Unfortunately, Python does not include a trie implementation in its standard library;
however, many efficient implementations are readily available through PyPI. The one we
will use in this subsection is patricia-trie, a single-file, pure Python implementation of
trie. As an example, we will use patricia-trie to perform the task of finding the longest
prefix in a set of strings (just like autocompletion).

As an example, we can demonstrate how fast a trie is able to search through a list of strings.
In order to generate a large amount of unique random strings, we can define a

function, random_string. The random_string function will return a string composed of
random uppercase characters and, while there is a chance to get duplicates, we can greatly
reduce the probability of duplicates to the point of being negligible if we make the string
long enough. The implementation of the random_string function is shown as follows:

from random import choice
from string import ascii_uppercase

def random_string(length) :
"""Produce a random string made of *length* uppercase ascii
characters"""
return ''.join(choice(ascii_uppercase) for i in range(length))

We can build a list of random strings and time how fast it searches for a prefix (in our case,
the "AA" string) using the str.startswith function:

strings = [random_string(32) for i in range (10000)]
matches = [s for s in strings if s.startswith('AA')]

List comprehension and str.startwith are already very optimized operations and, on
this small dataset, the search takes only a millisecond or so:

$timeit [s for s in strings if s.startswith('AA')]

1000 loops, best of 3: 1.76 ms per loop
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Now, let's try using a trie for the same operation. In this example, we will use the
patricia-trie library that is installable through pip. The patricia.trie class
implements a variant of the trie data structure with an interface similar to a dictionary. We
can initialize our trie by creating a dictionary from our list of strings, as follows:

from patricia import trie

strings_dict = {s:0 for s in strings}
# A dictionary where all values are 0
strings_trie = trie(**strings_dict)

To query patricia-trie for a matching prefix, we can use the trie.iter method, which
returns an iterator over the matching strings:

matches = list(strings_trie.iter('AA'"))

Now that we know how to initialize and query a trie, we can time the operation:

$timeit list(strings_trie.iter('AA'))
10000 loops, best of 3: 60.1 pus per loop

If you look closely, the timing for this input size is 60.1 ps, which is about 30 times

faster (1.76 ms = 1760 ps) than linear search! The speed up is so impressive because of the
better computational complexity of the trie prefix search. Querying a trie has a time
complexity O(S), where S is the length of the longest string in the collection, while the time
complexity of a simple linear scan is O(N), where N is the size of the collection.

Note that if we want to return all the prefixes that match, the running time will be
proportional to the number of results that match the prefix. Therefore, when designing
timing benchmarks, care must be taken to ensure that we are always returning the same
number of results.

The scaling properties of a trie versus a linear scan for datasets of different sizes that
contains ten prefix matches are shown in the following table:

Algorithm |N=10000 (us)[N=20000 (us)|N=30000 (us)( Time
Trie 17.12 17.27 17.47 O(S)
Linear scan|1978.44 4075.72 6398.06 O(N)
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An interesting fact is that the implementation of patricia-trie is actually a single
Python file; this clearly shows how simple and powerful a clever algorithm can be. For
extra features and performance, other C-optimized trie libraries are also available, such as
datrie and marisa-trie.

Caching and memoization

Caching is a great technique used to improve the performance of a wide range of
applications. The idea behind caching is to store expensive results in a temporary location,
called cache, that can be located in memory, on-disk, or in a remote location.

Web applications make extensive use of caching. In a web application, it often happens that
users request a certain page at the same time. In this case, instead of recomputing the page
for each user, the web application can compute it once and serve the user the already
rendered page. Ideally, caching also needs a mechanism for invalidation so that if the page
needs to be updated, we can recompute it before serving it again. Intelligent caching allows
web applications to handle increasing number of users with less resources. Caching can
also be done preemptively, such as the later sections of the video get buffered when
watching a video online.

Caching is also used to improve the performance of certain algorithms. A great example is
computing the Fibonacci sequence. Since computing the next number in the Fibonacci
sequence requires the previous number in the sequence, one can store and reuse previous
results, dramatically improving the running time. Storing and reusing the results of the
previous function calls in an application is usually termed as memoization, and is one of
the forms of caching. Several other algorithms can take advantage of memoization to gain
impressive performance improvements, and this programming technique is commonly
referred to as dynamic programming.

The benefits of caching, however, do not come for free. What we are actually doing is
sacrificing some space to improve the speed of the application. Additionally, if the cache is
stored in a location on the network, we may incur transfer costs and general time needed
for communication. One should evaluate when it is convenient to use a cache and how
much space we are willing to trade for an increase in speed.

[51]



Pure Python Optimizations Chapter 2

Given the usefulness of this technique, the Python standard library includes a simple in-
memory cache out of the box in the functools module. The functools.lru_cache
decorator can be used to easily cache the results of a function. In the following example, we
create a function, sum2, that prints a statement and returns the sum of two numbers. By
running the function twice, you can see that the first time the sum2 function is executed the
"Calculating ..." stringis produced, while the second time the result is returned
without running the function:

from functools import lru_cache

@lru_cache ()

def sum2 (a, b):
print ("Calculating {} + {}".format (a, b))
return a + b

print (sum2 (1, 2))

# Output:

# Calculating 1 + 2
# 3

print (sum2 (1, 2))
# Output:
# 3

The 1ru_cache decorator also provides other basic features. To restrict the size of the
cache, one can set the number of elements that we intend to maintain through the
max_size argument. If we want our cache size to be unbounded, we can specify a value of
None. An example usage of max_size is shown here:

@lru_cache (max_size=16)
def sum2(a, b):

In this way, as we execute sum2 with different arguments, the cache will reach a maximum
size of 16 and, as we keep requesting more calculations, new values will replace older
values in the cache. The 1ru prefix originates from this strategy, which means least recently
used.
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The 1ru_cache decorator also adds extra functionalities to the decorated function. For
example, it is possible to examine the cache performance using the cache_info method,
and it is possible to reset the cache using the cache_clear method, as follows:

sum2.cache_info ()
# Output: CacheInfo(hits=0, misses=1, maxsize=128, currsize=1)
sum2.cache_clear ()

As an example, we can see how a problem, such as computing the fibonacci series, may
benefit from caching. We can define a fibonacci function and time its execution:

def fibonacci (n):
if n < 1:
return 1
else:
return fibonacci(n - 1) + fibonacci(n - 2)

# Non-memoized version
$timeit fibonacci (20)
100 loops, best of 3: 5.57 ms per loop

The execution takes 5.57 ms, which is very high. The scaling of the function written in this
way has poor performance; the previously computed fibonacci sequences are not reused,
causing this algorithm to have an exponential scaling of roughly O(2").

Caching can improve this algorithm by storing and reusing the already-computed fibonacci
numbers. To implement the cached version, it is sufficient to apply the 1ru_cache
decorator to the original fibonacci function. Also, to design a proper benchmark, we need
to ensure that a new cache is instantiated for every run; to do this, we can use the
timeit.repeat function, as shown in the following example:

import timeit
setup_code =
from functools import lru_cache

from __main__ import fibonacci

fibonacci_memoized = lru_cache (maxsize=None) (fibonacci)
Tr

results = timeit.repeat ('fibonacci_memoized (20) "',

setup=setup_code,

repeat=1000,

number=1)
print ("Fibonacci took {:.2f} us".format (min(results)))
# Output: Fibonacci took 0.01 us
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Even though we changed the algorithm by adding a simple decorator, the running time
now is much less than a microsecond. The reason is that, thanks to caching, we now have a
linear time algorithm instead of an exponential one.

The 1ru_cache decorator can be used to implement simple in-memory caching in your
application. For more advanced use cases, third-party modules can be used for more
powerful implementation and on-disk caching.

Joblib

A simple library that, among other things, provides a simple on-disk cache is joblib. The
package can be used in a similar way as 1ru_cache, except that the results will be stored
on disk and will persist between runs.

The joblib module can be installed from PyPI using the pip install
joblib command.

The joblib module provides the Memory class that can be used to memoize functions
using the Memory . cache decorator:

from joblib import Memory
memory = Memory (cachedir="'/path/to/cachedir')

@memory.cache
def sum2 (a, b):
return a + b

The function will behave similar to 1ru_cache, with the exception that the results will be
stored on-disk in the directory specified by the cachedir argument during Memory
initialization. Additionally, the cached results will persist over subsequent runs!

The Memory . cache method also allows to limit recomputation only when certain
arguments change, and the resulting decorated function supports basic functionalities to
clear and analyze the cache.
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Perhaps the best joblib feature is that, thanks to intelligent hashing algorithm:s, it
provides efficient memoization of functions that operate on numpy arrays, and is
particularly useful in scientific and engineering applications.

Comprehensions and generators

In this section, we will explore a few simple strategies to speed up Python loops using
comprehension and generators. In Python, comprehension and generator expressions are
fairly optimized operations and should be preferred in place of explicit for-loops. Another
reason to use this construct is readability; even if the speedup over a standard loop is
modest, the comprehension and generator syntax is more compact and (most of the times)
more intuitive.

In the following example, we can see that both the list comprehension and generator
expressions are faster than an explicit loop when combined with the sum function:

def loop():
res = []
for i in range(100000) :
res.append(i * 1)
return sum(res)

def comprehension() :
return sum([i * 1 for i in range(100000)])

def generator():
return sum(i * i for i in range (100000))

$timeit loop ()

100 loops, best of 3: 16.1 ms per loop
$timeit comprehension ()

100 loops, best of 3: 10.1 ms per loop
$timeit generator ()

100 loops, best of 3: 12.4 ms per loop

Just like lists, it is possible to use dict comprehension to build dictionaries slightly more
efficiently and compactly, as shown in the following code:

def loop():
res = {}
for i in range (100000) :
res[i] = 1

return res
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def comprehension() :

return {i: i for i in range(100000) }
Stimeit loop ()
100 loops, best of 3: 13.2 ms per loop
%$timeit comprehension ()
100 loops, best of 3: 12.8 ms per loop

Efficient looping (especially in terms of memory) can be implemented using iterators and
functions such as filter and map. As an example, consider the problem of applying a
series of operations to a list using list comprehension and then taking the maximum value:

def map_comprehension (numbers) :

a = [n * 2 for n in numbers]
b = [n ** 2 for n in a]
c = [n ** 0.33 for n in b]

return max (c)

The problem with this approach is that for every list comprehension, we are allocating a
new list, increasing memory usage. Instead of using list comprehension, we can employ
generators. Generators are objects that, when iterated upon, compute a value on the fly and
return the result.

For example, the map function takes two arguments--a function and an iterator--and returns
a generator that applies the function to every element of the collection. The important point
is that the operation happens only while we are iterating, and not when map is invoked!

We can rewrite the previous function using map and by creating intermediate generators,
rather than lists, thus saving memory by computing the values on the fly:

def map_normal (numbers) :
a = map(lambda n: n * 2, numbers)
b = map(lambda n: n ** 2, a)
c = map(lambda n: n ** 0.33, b)
return max (c)
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We can profile the memory of the two solutions using the memory_profiler extension
from an IPython session. The extension provides a small utility, $memit, that will help us
evaluate the memory usage of a Python statement in a way similar to $timeit, as
illustrated in the following snippet:

%load_ext memory_profiler

numbers = range (1000000)

g$memit map_comprehension (numbers)

peak memory: 166.33 MiB, increment: 102.54 MiB
$memit map_normal (numbers)

peak memory: 71.04 MiB, increment: 0.00 MiB

As you can see, the memory used by the first versionis 102.54 MiB, while the second
version consumes 0.00 MiB! For the interested reader, more functions that return
generators can be found in the itertools module, which provides a set of utilities
designed to handle common iteration patterns.

Summary

Algorithmic optimization can improve how your application scales as we process
increasingly large data. In this chapter, we demonstrated use-cases and running times of
the most common data structures available in Python, such as lists, deques, dictionaries,
heaps, and tries. We also covered caching, a technique that can be used to trade some space,
in memory or on-disk, in exchange for increased responsiveness of an application. We also
demonstrated how to get modest speed gains by replacing for-loops with fast constructs,
such as list comprehensions and generator expressions.

In the subsequent chapters, we will learn how to improve performance further using
numerical libraries such as numpy, and how to write extension modules in a lower-level

language with the help of Cython.
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Fast Array Operations with
NumPy and Pandas

NumPYy is the de facto standard for scientific computing in Python. It extends Python with a
flexible multidimensional array that allows fast and concise mathematical calculations.

NumPy provides common data structures and algorithms designed to express complex
mathematical operations using a concise syntax. The multidimensional

array, numpy . ndarray, is internally based on C arrays. Apart from the performance
benefits, this choice allows NumPy code to easily interface with the existing C and
FORTRAN routines; NumPy is helpful in bridging the gap between Python and the legacy
code written using those languages.

In this chapter, we will learn how to create and manipulate NumPy arrays. We will also
explore the NumPy broadcasting feature used to rewrite complex mathematical expressions
in an efficient and succinct manner.

Pandas is a tool that relies heavily on NumPy and provides additional data structures and
algorithms targeted toward data analysis. We will introduce the main Pandas features and
its usage. We will also learn how to achieve high performance from Pandas data structures
and vectorized operations.
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The topics covered in this chapter are as follows:

¢ Creating and manipulating NumPy arrays

¢ Mastering NumPy's broadcasting feature for fast and succinct vectorized
operations

¢ Improving our particle simulator with NumPy

Reaching optimal performance with numexpr

Pandas fundamentals

Database-style operations with Pandas

Getting started with NumPy

The NumPy library revolves around its multidimensional array object, numpy .ndarray.
NumPy arrays are collections of elements of the same data type; this fundamental
restriction allows NumPy to pack the data in a way that allows for high-performance
mathematical operations.

Creating arrays

You can create NumPy arrays using the numpy . array function. It takes a list-like object (or
another array) as input and, optionally, a string expressing its data type. You can
interactively test array creation using an IPython shell, as follows:

import numpy as np
a = np.array ([0, 1, 21)

Every NumPy array has an associated data type that can be accessed using the dtype
attribute. If we inspect the a array, we find that its dtype is int 64, which stands for 64-bit
integer:

a.dtype

# Result:
# dtype('int64"')
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We may decide to convert those integer numbers to £loat type. To do this, we can either
pass the dtype argument at array initialization or cast the array to another data type using
the astype method. The two ways to select a data type are shown in the following code:

a = np.array([1, 2, 3], dtype='float32")
a.astype('float32"')

# Result:

# array ([ 0., 1., 2.1, dtype=float32)

To create an array with two dimensions (an array of arrays), we can perform the
initialization using a nested sequence, as follows:

a = np.array([[0, 1, 21, [3, 4, 511)
print (a)

# Output:

# [[0 1 2]

# [3 4 5]1

The array created in this way has two dimensions, which are called axes in NumPy's
jargon. An array formed in this way is like a table that contains two rows and three
columns. We can access the axes using the ndarray . shape attribute:

a.shape
# Result:
t (2, 3)

Arrays can also be reshaped as long as the product of the shape dimensions is equal to the
total number of elements in the array (that is, the total number of elements is conserved).
For example, we can reshape an array containing 16 elements in the following ways: (2,
8), (4, 4),or (2, 2, 4).Toreshape an array, we can either use the ndarray.reshape
method or assign a new value to the ndarray. shape tuple. The following code illustrates
the use of the ndarray.reshape method:

a = np.array ([0, 1, 2, 3, 4, 5, 6, 7, 8,
9, 10, 11, 12, 13, 14, 15])

a.shape

# Output:

# (l6,)

a.reshape (4, 4) # Equivalent: a.shape = (4, 4)
# Output:

# array([[ O, 1, 2, 31,

# [ 4, 5, 6, 71,

# [ 8 9, 10, 1171,

# [12, 13, 14, 1511)
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Thanks to this property, you can freely add dimensions of size one. You can reshape an
array with 16 elements to (16, 1), (1, 16), (16, 1, 1), and soon. In the next section,
we will extensively use this feature to implement complex operations through broadcasting.

NumPy provides convenience functions, shown in the following code, to create arrays
filled with zeros, ones, or with no initial value (in this case, their actual value is meaningless
and depends on the memory state). Those functions take the array shape as a tuple and,
optionally, its dtype:

np.zeros ((3, 3))
np.empty ((3, 3))

np.ones ((3, 3), dtype='float32")
In our examples, we will use the numpy . random module to generate random floating point
numbers in the (0, 1) interval. The numpy.random.rand will take a shape and return an
array of random numbers with that shape:

np.random.rand (3, 3)

Sometimes it is convenient to initialize arrays that have the same shape as that of some
other array. For that purpose, NumPy provides some handy functions, such as
zeros_like, empty_like, and ones_1like. These functions can be used as follows:

np.zeros_like (a)
np.empty_like (a)
np.ones_like (a)

Accessing arrays

The NumPy array interface is, on a shallow level, similar to that of Python lists. NumPy
arrays can be indexed using integers and iterated using a for loop:

A = np.array ([0, 1, 2, 3, 4, 5, 6, 7, 81])
A[O0]

# Result:

# 0

[a for a in A]
# Result:
# [OI :I-I 2/ 3’ 4/ 5’ 6/ 7’ 8J
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In NumPy, array elements and sub-arrays can be conveniently accessed by using multiple
values separated by commas inside the subscript operator, [].If we take a (3, 3) array (an
array containing three triplets), and we access the element with index 0, we obtain the first
row, as follows:

A = np.array([[0, 1, 2], [3, 4, 51, [6, 7, 811])
A[0]

# Result:

# array ([0, 1, 21)

We can index the row again by adding another index separated by a comma. To get the
second element of the first row, we can use the (0, 1) index. An important observation is
thatthe A[0, 1] notation is actually a shorthand for A[ (0, 1) ], thatis, we are actually
indexing using a tuple! Both the versions are shown in the following snippet:

A[0, 1]
# Result:
# 1

# Equivalent version using tuple
A[(0, 1)]

NumPy allows you to slice arrays into multiple dimensions. If we slice on the first
dimension, we can obtain a collection of triplets, shown as follows:

A[0:2]

# Result:

# array([[0, 1, 27,
# [3, 4, 511)

If we slice the array again on the second dimension with 0: 2, we are basically
extracting the first two elements from the collection of triplets shown earlier. This results in
an array of shape (2, 2), shown in the following code:

A[0:2, 0:2]

# Result:

# array ([[0, 11,
# [3, 411)

Intuitively, you can update the values in the array using both numerical indexes and slices.
An example is illustrated in the following code snippet:

A[O, 1] = 8
A[0:2, 0:2]
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Indexing with the slicing syntax is very fast because, unlike lists, it doesn't produce a copy
of the array. In NumPy's terminology, it returns a view of the same memory area. If we take
a slice of the original array, and then we change one of its values, the original array will be
updated as well. The following code illustrates an example of this feature:

a= np.array([1, 1, 1, 1])
a_view = a[0:2]

a_view[0] = 2

print (a)

# Output:

# [2 11 1]

It is important to be extra careful when mutating NumPy arrays. Since views share data,
changing the values of a view can result in hard-to-find bugs. To prevent side effects, you
canset the a.flags.writeable = False flag, which will prevent accidental mutation of
the array or any of its views.

We can take a look at another example that shows how the slicing syntax can be used in a
real-world setting. We define an r_i array, shown in the following line of code, which
contains a set of 10 coordinates (x, y). Its shape will be (10, 2):

r_i = np.random.rand (10, 2)

If you have a hard time distinguishing arrays that differ in the axes order,
for example between an a array of shape (10, 2) and (2, 10),itis
useful to think that every time you say the word of, you should introduce
a new dimension. An array with ten elements of size two will be (10, 2).
Conversely, an array with two elements of size ten will be (2, 10).

A typical operation we may be interested in is the extraction of the x component from each
coordinate. In other words, you want to extract the (0, 0), (1, 0), (2, 0), and soon
items, resulting in an array with shape (10, ). It is helpful to think that the first index is
moving while the second one is fixed (at 0). With this in mind, we will slice every index on
the first axis (the moving one) and take the first element (the fixed one) on the second axis,
as shown in the following line of code:

x_1i = r_1i[:, 0]

On the other hand, the following expression will keep the first index fixed and the second
index moving, returning the first (x, ) coordinate:

r 0 =r_i[0, :]
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Slicing all the indexes over the last axis is optional; using r_i [0] has the same effect as
r_i[0, :1.

NumPy allows you to index an array using another NumPy array made of either integer or
Boolean values--a feature called fancy indexing.

If you index an array (say, a) with another array of integers (say, idx), NumPy will
interpret the integers as indexes and will return an array containing their corresponding
values. If we index an array containing 10 elements with np.array ([0, 2, 3]), we
obtain an array of shape (3,) containing the elements at positions 0, 2, and 3. The
following code gives us an illustration of this concept:

a = np.array([(9, 8, 7, 6, 5, 4, 3, 2, 1, 01])
idx = np.array ([0, 2, 31)

alidx]

# Result:

# array([9, 7, 61)

You can use fancy indexing on multiple dimensions by passing an array for each
dimension. If we want to extract the (0, 2) and (1, 3) elements, we have to pack all the
indexes acting on the first axis in one array, and the ones acting on the second axis in
another. This can be seen in the following code:

a = np.array([[0, 1, 2

[6, 7, 8
idx1l = np.array ([0, 1]
idx2 = np.array([2, 3]
alidx1l, idx2]

]I

1, [9, 10, 11]77])
)

)

You can also use normal lists as index arrays, but not tuples. For example, the following
two statements are equivalent:

a[np.array ([0, 1])] # is equivalent to
al[0, 111

However, if you use a tuple, NumPy will interpret the following statement as an index on
multiple dimensions:

[(0, 1)] # is equivalent to

afl(
al0, 1]
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The index arrays are not required to be one-dimensional; we can extract elements from the
original array in any shape. For example, we can select elements from the original array to
forma (2,2) array, as shown:

idx1 = [[0, 1]

idx2 = [[0, 2], [1, 111
alidx1l, 1dx2]

# Output:

# array([[ 0, 57,

# [10, 711)

The array slicing and fancy-indexing features can be combined. This is useful, for instance,
when we want to swap the x and y columns in a coordinate array. In the following code, the
first index will be running over all the elements (a slice) and, for each of those, we extract
the element in position 1 (the y) first and then the one in position 0 (the x):

r_i = np.random (10, 2)

rif:, [0, 1]] = r_il:, [1, O]]

When the index array is of the bool type, the rules are slightly different. The bool array
will act like a mask; every element corresponding to True will be extracted and put in the
output array. This procedure is shown in the following code:

a = np.array ([0, 1, 2, 3, 4, 51)

mask = np.array([True, False, True, False, False, False])
a[mask]

# Output:

# array ([0, 21)

The same rules apply when dealing with multiple dimensions. Furthermore, if the index
array has the same shape as the original array, the elements corresponding to True will be
selected and put in the resulting array.

Indexing in NumPy is a reasonably fast operation. Anyway, when speed is critical, you can
use the slightly faster numpy . take and numpy . compress functions to squeeze out a little
more performance. The first argument of numpy . take is the array we want to operate on,
and the second is the list of indexes we want to extract. The last argument is axis; if not
provided, the indexes will act on the flattened array; otherwise, they will act along the
specified axis:

r_i = np.random (100, 2)
idx = np.arange (50) # integers 0 to 50

$timeit np.take(r_i, idx, axis=0)
1000000 loops, best of 3: 962 ns per loop
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Stimeit r_i[idx]
100000 loops, best of 3: 3.09 us per loop

The similar, but faster version for Boolean arrays is numpy . compress, which works in the
same way. The use of numpy . compress is shown as follows:

In [51]: idx = np.ones (100, dtype='bool') # all True values

In [52]: %timeit np.compress (idx, r_i, axis=0)
1000000 loops, best of 3: 1.65 us per loop
In [53]: %$timeit r_1i[idx]

100000 loops, best of 3: 5.47 us per loop

Broadcasting

The true power of NumPy lies in its fast mathematical operations. The approach used by
NumPYy is to avoid stepping into the Python interpreter by performing element-wise
calculation using optimized C code. Broadcasting is a clever set of rules that enables fast
array calculations for arrays of similar (but not equal!) shape.

Whenever you do an arithmetic operation on two arrays (like a product), if the two
operands have the same shape, the operation will be applied in an element-wise fashion.
For example, upon multiplying two shape (2, 2) arrays, the operation will be done
between pairs of corresponding elements, producing another (2, 2) array, as shown in
the following code:

A = np.array ([[1, 21, [3, 411)
B = np.array([[5, 6], [7, 811)
A * B

# Output:

# array([[ 5, 121,

# [21, 3211])

If the shapes of the operands don't match, NumPy will attempt to match them using
broadcasting rules. If one of the operands is a scalar (for example, a number), it will be
applied to every element of the array, as the following code illustrates:

A * 2

# Output:

# array ([[2, 4],
# [6, 811)
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If the operand is another array, NumPy will try to match the shapes starting from the last
axis. For example, if we want to combine an array of shape (3, 2) with one of shape (2, ),
the second array will be repeated three times to generate a (3, 2) array. In other words,
the array is broadcasted along a dimension to match the shape of the other operand, as
shown in the following figure:

at a2 b1 b2
Q
Pl ¥ it 8_
a3 a4 :-'31__::_ 5,2_ -: @
[ T
ab ab : b1 :: b2 : v

If the shapes mismatch, for example, when combining a (3, 2) array witha (2, 2) array,
NumPy will throw an exception.

If one of the axis's size is 1, the array will be repeated over this axis until the shapes match.
To illustrate that point, consider that we have an array of the following shape:

5, 10, 2

Now, consider that we want to broadcast it with an array of shape (5, 1, 2);the array
will be repeated on the second axis 10 times, which is shown as follows:

5, 10, 2
5, 1, 2 — repeated

5, 10, 2

Earlier, we saw that it is possible to freely reshape arrays to add axes of size 1. Using the
numpy . newaxis constant while indexing will introduce an extra dimension. For instance, if
wehavea (5, 2) array and we want to combine it with one of shape (5, 10, 2), wecan
add an extra axis in the middle, as shown in the following code, to obtain a compatible (5,
1, 2) array:
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A = np.random.rand (5, 10, 2)
np.random.rand (5, 2)
B[:, np.newaxis, :]

los]
* |l

A

This feature can be used, for example, to operate on all possible combinations of the two
arrays. One of these applications is the outer product. Consider that we have the following
two arrays:

a = [al, a2, a3]
b = [bl, b2, b3]

The outer product is a matrix containing the product of all the possible combinations (i, j) of
the two array elements, as shown in the following snippet:

a x b = al*bl, al*b2, al*b3
az2*bl, a2*b2, a2*b3
a3*bl, a3*b2, a3*b3

To calculate this using NumPy, we will repeat the [al, a2, a3] elements in one
dimension, the [b1, b2, b3] elementsin another dimension, and then take their element-
wise product, as shown in the following figure:

al a2 | |a3 b1 b1 b1 al | b1 a2 | b1 a3 | b1

al a2 | ad b2 b2 b2 al |b2 a2 | b2 a3 | b2

al a2 | ' ad b3 b3 b3 al b3 a2 | b3 a3 | b3
—_—

(1.3) (3,1) (3,3)

Using code, our strategy will be to transform the a array from shape (3,) toshape (3, 1),
and the b array from shape (3,) toshape (1, 3).The two arrays are broadcasted in the
two dimensions and get multiplied together using the following code:

AB = a[:, np.newaxis] * b[np.newaxis, :]

This operation is very fast and extremely effective as it avoids Python loops and is able to
process a high number of elements at speeds comparable with pure C or FORTRAN code.

[68]



Fast Array Operations with NumPy and Pandas Chapter 3

Mathematical operations

NumPy includes the most common mathematical operations available for broadcasting, by
default, ranging from simple algebra to trigonometry, rounding, and logic. For instance, to
take the square root of every element in the array, we can use numpy . sqrt, as shown in the
following code:

np.sqrt (np.array([4, 9, 16]1))
# Result:
# array([2., 3., 4.])

The comparison operators are useful when trying to filter certain elements based on a
condition. Imagine that we have an array of random numbers from 0 to 1, and we want to
extract all the numbers greater than 0. 5. We can use the > operator on the array to obtain a
bool array, as follows:

a = np.random.rand(5, 3)

a > 0.3

# Result:

# array([[ True, False, True],
# [ True, True, True],
# [False, True, True],
# [ True, True, False]
# [ ]

’
True, True, False]], dtype=bool)

The resulting boo1l array can then be reused as an index to retrieve the elements greater
than 0. 5:

ala > 0.5]

print (a[a>0.5])

# Output:

# [ 0.9755 0.5977 0.8287 0.6214 0.5669 0.9553 0.5894
0.7196 0.9200 0.5781 0.8281 ]

NumPy also implements methods such as ndarray . sum, which takes the sum of all the
elements on an axis. If we have an array of shape (5, 3), we can use the ndarray.sum
method to sum the elements on the first axis, the second axis, or over all the elements of the
array, as illustrated in the following snippet:

a = np.random.rand(5, 3)
a.sum(axis=0)

# Result:

# array ([ 2.7454, 2.5517, 2.0303])

.sum (axis=1)
Result:

W+ 0
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# array ([ 1.7498, 1.2491, 1.8151, 1.9320, 0.5814])

a.sum() # With no argument operates on flattened array
# Result:
# 7.3275

Note that by summing the elements over an axis, we eliminate that axis. From
the preceding example, the sum on the axis 0 produces an array of shape (3, ), while the
sum on the axis 1 produces an array of shape (5, ).

Calculating the norm

We can review the basic concepts illustrated in this section by calculating the norm of a set
of coordinates. For a two-dimensional vector, the norm is defined as follows:

norm = sqgrt (X**2 + y**2)

Given an array of 10 coordinates (x, y), we want to find the norm of each coordinate. We
can calculate the norm by taking these steps:

1. Square the coordinates, obtaining an array that contains (x**2, y**2)
elements.
2. Sum those with numpy . sum over the last axis.

3. Take the square root, element-wise, with numpy . sqrt.

The final expression can be compressed in a single line:

r_i = np.random.rand (10, 2)

norm = np.sqgrt ((r_i ** 2).sum(axis=1))
print (norm)

# Output:

# [ 0.7314 0.9050 0.5063 0.2553 0.0778 0.9143 1.3245
0.9486 1.010 1.0212]

Rewriting the particle simulator in NumPy

In this section, we will optimize our particle simulator by rewriting some parts of it in
NumPy. We found, from the profiling we did in chapter 1, Benchmarking and Profiling, that
the slowest part of our program is the following loop contained in the
ParticleSimulator.evolve method:

for i in range (nsteps):

[70]



Fast Array Operations with NumPy and Pandas Chapter 3

for p in self.particles:

norm = (pP.xX**2 + p.y**2)**0.5
v_x = (-p.y)/norm
V_y = p.x/norm

= timestep * p.ang_vel * v_x
timestep * p.ang_vel * v_y

|Q |Q
=X
Il

+
+

d_x
d_y

T T
<X

You may have noticed that the body of the loop acts solely on the current particle. If we had
an array containing the particle positions and angular speed, we could rewrite the loop
using a broadcasted operation. In contrast, the loop's steps depend on the previous step
and cannot be parallelized in this way.

It is natural then, to store all the array coordinates in an array of shape (nparticles, 2)
and the angular speed in an array of shape (nparticles,), where nparticles isthe
number of particles. We'll call those arrays r_i and ang_vel_i:

r_ i = np.array([[p.x, p.y] for p in self.particles])
ang_vel_i = np.array([p.ang_vel for p in self.particles])

The velocity direction, perpendicular to the vector (x, y), was defined as follows:

vV_x = -y / norm
vV_y = x / norm

The norm can be calculated using the strategy illustrated in the Calculating the norm section
under the Getting started with NumPy heading:

norm_i = ((r_i ** 2).sum(axis=1))**0.5

For the (-y, x) components, we first need to swap the x and y columns in r_i and then
multiply the first column by -1, as shown in the following code:

v_i=r_1i[:, [1, 0]] / norm_i
v_if[:, 0] *= -1

To calculate the displacement, we need to compute the product of v_i, ang_vel_i, and
timestep. Since ang_vel_i is of shape (nparticles, ), it needs a new axis in order to
operate with v_i of shape (nparticles, 2).We will do that using numpy.newaxis, as
follows:

d_i = timestep * ang_vel_i[:, np.newaxis] * v_i
r i += d_1
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Outside the loop, we have to update the particle instances with the new coordinates, x and
y, as follows:

for i, p in enumerate(self.particles):
p.-X, p.y = r_il[i]

To summarize, we will implement a method called ParticleSimulator.evolve_numpy
and benchmark it against the pure Python version, renamed as
ParticleSimulator.evolve_python:
def evolve_numpy (self, dt):
timestep = 0.00001
nsteps = int (dt/timestep)

r_i = np.array([[p.x, p.y] for p in self.particles])
ang_vel_i = np.array([p.ang_vel for p in self.particles])

for i in range (nsteps):

norm_1i = np.sqgrt((r_i ** 2).sum(axis=1))

v_i = r_if[:, [1, 01]

v_if[:, 0] *= -1

v_1i /= norm_i[:, np.newaxis]

d_i = timestep * ang_vel_i[:, np.newaxis] * v_i

r i += d_1

for i, p in enumerate(self.particles):
p.-X, p.y = r_il[i]

We also update the benchmark to conveniently change the number of particles and the
simulation method, as follows:

def benchmark (npart=100, method='python'

)
particles = [Particle(uniform(-1.0, 1.0),
uniform(-1.0, 1.0),
uniform(-1.0, 1.0))
(

for i in range (npart)]
simulator = ParticleSimulator (particles)

if method=='python':
simulator.evolve_python(0.1)

elif method == 'numpy':
simulator.evolve_numpy (0.1)
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Let's run the benchmark in an IPython session:

from simul import benchmark

$timeit benchmark (100, 'python')

1 loops, best of 3: 614 ms per loop
$timeit benchmark (100, 'numpy')

1 loops, best of 3: 415 ms per loop

We have some improvement, but it doesn't look like a huge speed boost. The power of
NumPYy is revealed when handling big arrays. If we increase the number of particles, we
will note a more significant performance boost:

$timeit benchmark (1000, 'python')

1 loops, best of 3: 6.13 s per loop
$timeit benchmark (1000, 'numpy')

1 loops, best of 3: 852 ms per loop

The plot in the following figure was produced by running the benchmark with different
particle numbers:
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The plot shows that both the implementations scale linearly with particle size, but the
runtime in the pure Python version grows much faster than the NumPy version; at greater
sizes, we have a greater NumPy advantage. In general, when using NumPy, you should try
to pack things into large arrays and group the calculations using the broadcasting feature.
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Reaching optimal performance with
numexpr

When handling complex expressions, NumPy stores intermediate results in memory. David
M. Cooke wrote a package called numexpr, which optimizes and compiles array
expressions on the fly. It works by optimizing the usage of the CPU cache and by taking
advantage of multiple processors.

Its usage is generally straightforward and is based on a single function--

numexpr .evaluate. The function takes a string containing an array expression as its first
argument. The syntax is basically identical to that of NumPy. For example, we can calculate
asimplea + b * c expression in the following way:

= np.random.rand(10000)
np.random.rand (10000)
= np.random.rand(10000)
= ne.evaluate('a + b * ¢")

0O Q0 0w
Il

The numexpr package increases the performances in almost all cases, but to get a
substantial advantage, you should use it with large arrays. An application that involves a
large array is the calculation of a distance matrix. In a particle system, a distance matrix
contains all the possible distances between the particles. To calculate it, we should first
calculate all the vectors connecting any two particles (i, j), as follows:

x 13 = x_3j - x_1i
y_ij = y_J - y_1i.

Then, we calculate the length of this vector by taking its norm, as in the following code:
d_ij = sgrt(x_1ij**2 + y_ij**2)

We can write this in NumPy by employing the usual broadcasting rules (the operation is
similar to the outer product):

= np.random.rand (10000, 2)
_1 = r[:, np.newaxis]

_J = rlnp.newaxis, :]
i

oK KR

J=r_j - r_i
Finally, we calculate the norm over the last axis using the following line of code:

d_ij = np.sgrt((d_ij ** 2).sum(axis=2))
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Rewriting the same expression using the numexpr syntax is extremely easy. The numexpr
package doesn't support slicing in its array expression; therefore, we first need to prepare
the operands for broadcasting by adding an extra dimension, as follows:

= np.random (10000, 2)
= r[:, np.newaxis]
= r[np.newaxis, :]

B B B

_i
-

At that point, we should try to pack as many operations as possible in a single expression to
allow a significant optimization.

Most of the NumPy mathematical functions are also available in numexpr. However, there
is a limitation--the reduction operations (the ones that reduce an axis, such as sum) have to
happen last. Therefore, we have to first calculate the sum, then step out of numexpr, and
finally calculate the square root in another expression:

d_ij = ne.evaluate('sum((r_j — r_1i)**2, 2)")

d_ij = ne.evaluate('sgrt(d_ij)")

The numexpr compiler will avoid redundant memory allocation by not

storing intermediate results. When possible, it will also distribute the operations over
multiple processors. In the distance_matrix.py file, you will find two functions that
implement the two versions: distance_matrix_numpy and distance_matrix_numexpr:

from distance_matrix import (distance_matrix_numpy,
distance_matrix_numexpr)

$timeit distance_matrix_numpy (10000)

1 loops, best of 3: 3.56 s per loop

$timeit distance_matrix_numexpr (10000)

1 loops, best of 3: 858 ms per loop

By simply converting the expressions to use numexpr, we were able to obtain a 4.5x
increase in performance over standard NumPy. The numexpr package can be used every
time you need to optimize a NumPy expression that involves large arrays and complex
operations, and you can do so with minimal changes in the code.
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Pandas

Pandas is a library originally developed by Wes McKinney, which was designed to analyze
datasets in a seamless and performant way. In recent years, this powerful library has

seen an incredible growth and huge adoption by the Python community. In this section, we
will introduce the main concepts and tools provided in this library, and we will use it to
increase performance of various usecases that can't otherwise be addressed with NumPy's
vectorized operations and broadcasting.

Pandas fundamentals

While NumPy deals mostly with arrays, Pandas main data structures are pandas. Series,
pandas.DataFrame, and pandas.Panel. In the rest of this chapter, we will abbreviate
pandas with pd.

The main difference between a pd. Series object and an np.array is thata pd. Series
object associates a specific key to each element of an array. Let’s see how this works in
practice with an example.

Let's assume that we are trying to test a new blood pressure drug, and we want to store, for
each patient, whether the patient's blood pressure improved after administering the drug.
We can encode this information by associating to each subject ID (represented by an
integer), True if the drug was effective, and False otherwise.

We can create a pd. Series object by associating an array of keys, the patients, to the array
of values that represent the drug effectiveness. The array of keys can be passed to the
Series constructor using the index argument, as shown in the following snippet:

import pandas as pd

patients = [0, 1, 2, 3]
effective = [True, True, False, False]
effective_series = pd.Series(effective, index=patients)
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Associating a set of integers from 0 to N to a set of values can technically be implemented
with np.array, since, in this case, the key will simply be the position of the element in the
array. In Pandas, keys are not limited to integers but can also be strings, floating point
numbers, and also generic (hashable) Python objects. For example, we can easily turn our
IDs into strings with little effort, as shown in the following code:

patients — [llall, "b", llcll, lvdlv]
effective = [True, True, False, False]
effective_series = pd.Series(effective, index=patients)

An interesting observation is that, while NumPy arrays can be thought of as a contiguous
collection of values similar to Python lists, the Pandas pd. Series object can be thought of
as a structure that maps keys to values, similar to Python dictionaries.

What if you want to store the initial and final blood pressure for each patient? In Pandas,
one can use a pd.DataFrame object to associate multiple data to each key.

pd.DataFrame can be initialized, similarly to a pd. Series object, by passing a dictionary
of columns and an index. In the following example, we will see how to create a
pd.DataFrame containing four columns that represent the initial and final measurements
of systolic and dyastolic blood pressure for our patients:

patients = ["a", "b", "c", "d"]

columns = {
"sys_initial": [120, 126, 130, 1157,
"dia_initial": [75, 85, 90, 871,
"sys_final": [115, 123, 130, 118],
"dia_final": [70, 82, 92, 87]

}

df = pd.DataFrame (columns, index=patients)

Equivalently, you can think of a pd.DataFrame as a collection of pd. Series. In fact, it is
possible to directly initialize a pd.DataFrame, using a dictionary of pd. Series instances:

columns = {
"sys_initial": pd.Series([120, 126, 130, 115], index=patients),
"dia_initial": pd.Series([75, 85, 90, 87], index=patients),
"sys_final": pd.Series([115, 123, 130, 118], index=patients),
"dia_final": pd.Series([70, 82, 92, 87], index=patients)

}

df = pd.DataFrame (columns)
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To inspect the content of a pd.DataFrame or pd.Series object, you can use the
pd.Series.head and pd.DataFrame.head methods, which print the first few rows of the
dataset:

effective_series.head()

# Output:

# a True

# b True

# ¢ False

# d False

# dtype: bool

df .head()

# Output:

# dia_final dia_initial sys_final sys_initial
# a 70 75 115 120
# b 82 85 123 126
# c 92 90 130 130
# d 87 87 118 115

Just like a pd.DataFrame can be used to store a collection of pd. Series, you can use a
pd.Panel to store a collection of pd.DataFrames. We will not cover the usage of
pd.Panel as it is not used as often as pd.Series and pd.DataFrame. To learn more about
pd.Panel, ensure that you refer to the excellent documentation at http://pandas.pydata.
org/pandas—docs/stable/dsintro.html#panel

Indexing Series and DataFrame objects

Retrieving data from a pd. Series, given its key, can be done intuitively by indexing the
pd.Series. loc attribute:

effective_series.loc["a"]
# Result:
# True

It is also possible to access the elements, given its position in the underlying array, using the
pd.Series.iloc attribute:

effective_series.iloc[0]
# Result:
# True
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You can also use the pd. Series. ix attribute for mixed access. If the key is not an integer,
it will try to match by key, otherwise it will extract the element at the position indicated by
the integer. A similar behavior will take place when you access the pd. series directly.
The following example demonstrates these concepts:

effective_series.ix["a"] # By key
effective_series.ix[0] # By position

# Equivalent
effective_series["a"] # By key
effective_series[0] # By position

Note that if the index is made of integers, this method will fall back to the key-only method
(like Loc). To index by position in this scenario, the i1oc method is your only option.

Indexing pd.DataFrame works in a similar way. For example, you can use
pd.DataFrame. loc to extract a row by key, and you can use pd.DataFrame.iloc to
extract a row by position:

df.loc(["a"]

df.iloc[0]

# Result:

dia_final 70
dia_initial 75
sys_final 115
sys_initial 120

Name: a, dtype: int64

HH= = =

An important aspect is that the return type in this case is a pd. Series, where each column
is a new key. In order to retrieve a specific row and column, you can use the following
code. The loc attribute will index both row and column by key, while the i1oc version will
index row and column by an integer:

df.loc(["a", "sys_initial"] # 1is equivalent to
df.loc["a"].loc["sys_initial"]

df.iloc[0, 1] # is equivalent to
df.iloc[0].iloc[1]

Indexing a pd.DataFrame using the ix attribute is convenient to mix and match index and
location-based indexing. For example, retrieving the "sys_initial" column for the row at
position 0 can be accomplished as follows:

df.ix[0, "sys_initial"]
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Retrieving a column from a pd.DataFrame by name can be achieved by regular indexing
or attribute access. To retrieve a column by position, you can either use iloc or use the
pd.DataFrame.column attribute to retrieve the name of the column:

# Retrieve column by name
df ["sys_initial"] # Equivalent to
df.sys_initial

# Retrieve column by position
df [df.columns[2]] # Equivalent to
df.iloc[:, 2]

The mentioned methods also support more advanced indexing similar to those of NumPy,
such as bool, lists, and int arrays.

Now it's time for some performance considerations. There are some differences between an
index in Pandas and a dictionary. For example, while the keys of a dictionary cannot
contain duplicates, Pandas indexes can contain repeated elements. This flexibility, however,
comes at a cost--if we try to access an element in a non-unique index, we may incur
substantial performance loss--the access will be O(N), like a linear search, rather than O(1),
like a dictionary.

A way to mitigate this effect is to sort the index; this will allow Pandas to use a binary
search algorithm with a computational complexity of O(log(N)), which is much better. This
can be accomplished using the pd. Series.sort_index function, as in the following code
(the same applies for pd.DataFrame):

# Create a series with duplicate index
index = list (range(1000)) + list(range(1000))

# Accessing a normal series is a O(N) operation
series = pd.Series(range (2000), index=index)

# Sorting the will improve look-up scaling to O(log(N))
series.sort_index (inplace=True)

The timings for the different versions are summarized in the following table:

Index type N=10000{N=20000{N=30000[Time
Unique 12.30 [12.58 |13.30  |O(1)
Non unique 49495 |814.10 |1129.95 |O(N)
Non unique (sorted)[145.93 |145.81 |145.66 |O(log(N))
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Database-style operations with Pandas

You may have noted that the “tabular” data is similar to what is usually stored in a
database. A database is usually indexed using a primary key, and the various columns can
have different data types, just like in a pd.DataFrame.

The efficiency of the index operations in Pandas makes it suitable for database style
manipulations, such as counting, joining, grouping, and aggregations.

Mapping
Pandas supports element-wise operations just like NumPy (after all, pd. Series stores

their data using np . array). For example, it is possible to apply transformation very easily
on both pd.Series and pd.DataFrame:

np.log(df.sys_initial) # Logarithm of a series

df.sys_initial ** 2 # Square a series
np.log(df) # Logarithm of a dataframe
df ** 2 # Square of a dataframe

You can also perform element-wise operations between two pd. Series in a way similar to
NumPy. An important difference is that the operands will be matched by key, rather than
by position; if there is a mismatch in the index, the resulting value will be set to NaN. Both
the scenarios are exemplified in the following example:

Matching index
= pd.Series([1, 2, 3], index=["a", "b", "c"])
pd.Series([4, 5, 6], index=["a", "b", "c"I])

c 9
dtype: int64
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Mismatching index

= pd.Series([4, 5, 6], index=["a", "b", "d"])
Result:

a 5.0

b 7.0

c NaN

d NaN

dtype: float64

H= W I FH H O F
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For added flexibility, Pandas exposes the map, apply, and applymap methods that can be
used to apply specific transformations.

The pd. Series.map method can be used to execute a function to each value and return a
pd.Series containing each result. In the following example, we show how to apply the
superstar function to each element of a pd. Series:

a = pd.Series([1, 2, 3], index=["a", "b", "c"])
def superstar (x):

return '*' + str(x) + '*'
.map (superstar)

s}

# Result:
# a *1*
# b *2*
# c *3*
#

dtype: object

The pd.DataFrame.applymap function is the equivalent of pd. Series.map, but for
DataFrames:

df .applymap (superstar)

# Result:

# dia_final dia_initial sys_final sys_initial
# a *T70%* *75% *115%* *120%*
# b *82* *85%* *123%* *126%*
# c *92%* *90* *130%* *130%*
# d *87* *87* *118%* *115%*

Finally, the pd.DataFrame.apply function can apply the passed function to each column
or each row, rather than element-wise. The selection can be performed with the argument
axis, where a value of 0 (the default) corresponds to columns, and 1 corresponds to rows.

Also, note that the return value of apply isapd.Series:

df.apply (superstar, axis=0)

Result:

dia_final *a 70nb 82nc 92nd 87nName: dia...
dia_initial *a 75nb 85nc 90nd 87nName: dia...
sys_final *a 115nb 123nc 130nd 118nName:...
sys_initial *a 120nb 126nc 130nd 115nName:...
dtype: object

+H= = H = K

df.apply (superstar, axis=1)

# Result:

# a *dia_final 70ndia_initial 75nsys_f...
# b *dia_final 82ndia_initial 85nsys_f...
# ¢ *dia_final 92ndia_initial 90nsys_f...
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# d *dia_final 87ndia_initial 87nsys_f...
# dtype: object

Pandas also supports efficient numexpr-style expressions with the convenient eval
method. For example, if we want to calculate the difference in the final and initial blood
pressure, we can write the expression as a string, as shown in the following code:

df.eval ("sys_final - sys_initial")
# Result:

# a -5

# b -3

#c 0

# d 3

# dtype: inté64

It is also possible to create new columns using the assignment operator in the
pd.DataFrame.eval expression. Note that, if the inplace=True argument is used, the
operation will be applied directly on the original pd.DataFrame; otherwise, the function
will return a new dataframe. In the next example, we compute the difference between
sys_final and sys_initial, and we store it in the sys_delta column:

df.eval ("sys_delta = sys_final - sys_initial",

inplace=False)

# Result:

# dia_final dia_initial sys_final sys_initial sys_delta
# a 70 75 115

#Db 82 85 123

# c 92 90 130

#d 87 87 118

120 -5
126 -3
130 0
115 3

Grouping, aggregations, and transforms

One of the most appreciated features of Pandas is the simple and concise expression of data
analysis pipelines that requires grouping, transforming, and aggregating the data. To
demonstrate this concept, let's extend our dataset by adding two new patients to whom we
didn't administer the treatment (this is usually called a control group). We also include a
column, drug_admst, which records whether the patient was administered the treatment:

patients = ["a", "b", "c", "d", "e", "f"]
columns = {
"sys_initial": [120, 126, 130, 115, 150,
"dia_initial": [75, 85, 90, 87, 90, 7471,
"sys_final": [115, 123, 130, 118, 130, 1217,
"dia_final": [70, 82, 92, 87, 85, 7471,
"drug_admst": [True, True, True, True, False,

False]
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t
df = pd.DataFrame (columns, index=patients)

At this point, we may be interested to know how the blood pressure changed between

the two groups. You can group the patients according to drug_amst using the
pd.DataFrame.groupby function. The return value will be the DataFrameGroupBy object,
which can be iterated to obtain a new pd.DataFrame for each value of the drug_admst
column:

df.groupby ('drug_admst"')

for value, group in df.groupby ('drug_admst') :
print ("Value: {}".format (value))
print ("Group DataFrame:")
print (group)

# Output:

# Value: False

# Group DataFrame:

# dia_final dia_initial drug_admst sys_£final sys_initial
# e 85 920 False 130 150
# £ 74 74 False 121 117
# Value: True

# Group DataFrame:

# dia_final dia_initial drug_admst sys_£final sys_initial
# a 70 75 True 115 120
#Db 82 85 True 123 126
# c 92 20 True 130 130
#d 87 87 True 118 115

Iterating on the DataFrameGroupBy object is almost never necessary, because, thanks to
method chaining, it is possible to calculate group-related properties directly. For example,
we may want to calculate mean, max, or standard deviation for each group. All those
operations that summarize the data in some way are called aggregations and can be
performed using the agg method. The result of agg is another pd.DataFrame that relates
the grouping variables and the result of the aggregation, as illustrated in the following
code:

df.groupby ('drug_admst') .agg (np.mean)

# dia_final dia_initial sys_final sys_initial
# drug_admst

# False 79.50 82.00 125.5 133.50
# True 82.75 84.25 121.5 122.75
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It is also possible to perform processing on the DataFrame groups that do not represent a
summarization. One common example of such an operation is filling in missing values.
Those intermediate steps are called transforms.

We can illustrate this concept with an example. Let's assume that we have a few missing
values in our dataset, and we want to replace those values with the average of the other
values in the same group. This can be accomplished using a transform, as follows:

df.loc['a', 'sys_initial'] = None

df.groupby ('drug_admst') .transform(lambda df: df.fillna(df.mean()))
# dia_final dia_initial sys_final sys_initial

# a 70 75 115 123.666667

# Db 82 85 123 126.000000

# c 92 90 130 130.000000

#d 87 87 118 115.000000

# e 85 90 130 150.000000

# £ 74 74 121 117.000000

Joining

Joins are useful to aggregate data that is scattered among different tables. Let’s say that we
want to include the location of the hospital in which patient measurements were taken in
our dataset. We can reference the location for each patient using the H1, H2, and H3

labels, and we can store the address and identifier of the hospital in a hospital table:

hospitals = pd.DataFrame (

{ "name" : ["City 1", "City 2", "City 3"],
"address" : ["Address 1", "Address 2", "Address 3"],
"city": ["City 1", "City 2", "City 3"] 1},
index=["H1", "H2", "H3"])
hospital_id = ["H1", "H2", "H2", "H3", "H3", "H3"]
df['hospital_id'] = hospital_id

Now, we want to find the city where the measure was taken for each patient. We need to
map the keys from the hospital_id column to the city stored in the hospitals table.
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This can surely be implemented in Python using dictionaries:

hospital_dict = {

"H1": ("City 1", "Name 1", "Address 1"),
"H2": ("City 2", "Name 2", "Address 2"),
"H3": ("City 3", "Name 3", "Address 3")
t
cities = [hospital_dict[key] [0]

for key in hospital_id]

This algorithm runs efficiently with an O(N) time complexity, where N is the size of
hospital_id. Pandas allows you to encode the same operation using simple indexing; the
advantage is that the join will be performed in heavily optimized Cython and with efficient

hashing algorithms. The preceding simple Python expression can be easily converted to
Pandas in this way:

cities = hospitals.locl[hospital_id, "city"]

More advanced joins can also be performed with the pd.DataFrame. join method,

which will produce a new pd.DataFrame that will attach the hospital information for each
patient:

result = df.join (hospitals, on='hospital_id'")
result.columns

# Result:

Index(['dia_final', 'dia_initial', 'drug_admst',
'sys_final', 'sys_initial',

'hospital_id', 'address', 'city', 'name'],
dtype='object')

+H= = = H
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Summary

In this chapter, we learned how to manipulate NumPy arrays and how to write fast
mathematical expressions using array broadcasting. This knowledge will help you write
more concise, expressive code and, at the same time, to obtain substantial performance
gains. We also introduced t<ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>