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Quickstart tutorial

Prerequisites

Before reading this tutorial you should know a bit of Python. If you would like to refresh your memory, take a look at the
Python tutonal.

If you wish to work the examples in this tutorial, you must also have some software installed on your computer. Please see
http://scipy_.org/install_ html for instructions.

The Basics

NumPy's main object is the homogeneous multidimensional array. It is a table of elements (usually numbers), all of the same
type, indexed by a tuple of positive integers. In NumPy dimensions are called axes. The number of axes is rank.

For example, the coordinates of a point in 3D space [1, 2, 1] Is an array of rank 1, because it has one axis. That axis has
a length of 3. In the example pictured below, the array has rank 2 (it is 2-dimensional). The first dimension (axis) has a
length of 2, the second dimension has a length of 3.

(r 1., 0., 0.1,
[ 0., 1., 2.]]



NumPy's array class Is called ndarray _ It is also known by the alias array . Note that numpy.array 1S not the same as the
Standard Python Library class array.array , which only handles one-dimensional arrays and offers less functionality. The
more important attributes of an ndarray object are:

ndarray.ndim

the number of axes (dimensions) of the array. In the Python world, the number of dimensions is referred to as rank.

ndarray.shape

the dimensions of the array. This is a tuple of integers indicating the size of the array in each dimension. For a matrix
with n rows and m columns, shape Willbe (n,m) . The length of the shape tuple is therefore the rank, or number of

dimensions, ndim .

ndarray.size
the total number of elements of the array. This is equal to the product of the elements of shape .

ndarray.dtype

an object describing the type of the elements in the array. One can create or specify dtype's using standard Python
types. Additionally NumPy provides types of its own. numpy.int32, numpy.int16, and numpy float64 are some
examples.

ndarray.itemsize

the size in bytes of each element of the array. For example, an array of elements of type floats4 has itemsize 8
(=64/8), while one of type complex32 has itemsize 4 (=32/8). Itis equivalentt0 ndarray.dtype.itemsize .

ndarray.data

the buffer containing the actual elements of the array. Normally, we won't need to use this attribute because we will
access the elements in an array using indexing facilities.



An example

&> import numpy as np

»»> a = np.arange(l3) .reshape (3, 3)

>>> a

array([[ 0, 1, 2, 3. 417,
[ 5, &, 7., &, 2],
[10, 11, 12, 13, 14]])

»»>> a.shape

(3, 3)

>>> a.ndim

2

>>> a.dtype.name

"intgd'

>>> a.itemsize

B

> a.=size

15

>>> type(a)

<type "numpy.ndarray'>

>>> b = np.array([&, 7, 8]}

>>> b

array([&, 7, B])

>>> type(b)

<type "numpy.ndarray'>



Array Creation

There are several ways to create arrays.

For example, you can create an array from a regular Python list or tuple using the array function. The type of the resulting
array is deduced from the type of the elements in the sequences.

»>>> import numpy as np

>>> a = np.array([2,3,4])

>>> |

array([2, 3, 4]1)

»>> a.dtype

ditype("intc4d")

>>> b = np.array([1.Z, 3.3, 5.1])
>>> b.dtype

dtype("floated")

A frequent error consists in calling array with multiple numeric arguments, rather than providing a single list of numbers as
an argument.

>»> a = np.array(l,2,3,4) # WRONG
>»> a = np.array([1,2,3,4]) # RISHT



array transforms sequences of sequences into two-dimensional arrays, sequences of sequences of sequences into three-
dimensional arrays, and so on.

>>> b = np.array([(1.53,2,3), (4,5,6)])
>>> b

array([[ 1.5, 2. . 3. 1.,
[ 4. , 5. , &. 11}

The type of the array can also be explicitly specified at creation time:

>>> o = np.array( [ [1,2], [3,4] ], dtype—complex )
p e

array([[ 1.+0.3, 2Z2.+0.31,
[ 3.+0.3, 4.+0.j11])

Often, the elements of an array are originally unknown, but its size 1s known. Hence, NumPy offers several functions to
create arrays with initial placeholder content. These minimize the necessity of growing arrays, an expensive operation.



The function zeros creates an array full of zeros, the function ones creates an array full of ones, and the function empty

creates an array whose initial content is random and depends on the state of the memory. By default, the dtype of the
created array is floaté4 .

>>> np.zeros{ (3,4) )
array([[ 0., 0., 0., 0.1, 3D array

[ 0., ©O0., 0., 0.1,

( 0., 0., 0., 0.11) &
>>»>> np.ones( (2,3,4), dtype=np.intlé ) 2D array "I
array([[[ 1, 1, 1, 1], 1D array .
[ 1, 1, 1, 11, 2523045
[ 2, 1, 1, 1]], 71 2| 9|10 91]01]03 %%h\\
[ 1, 1, 1, 11. wiso aisi ﬁﬁf/y
[ 1, 1, 1, 11, shape: (4,) shape: (2, 3) shape: (4, 3, 2)
[ 1, 1, 1, 1111, dtype=intlE)
>»> np.empty( (2,3) ) # uninitialized, ocutput may wvary

array([[ 3.73e035955%=-262, 6.02658058e-154, 6.55490%14=—-260],
[ 5.30498948e-313, 3.1467330%=-307, 1.00000000e+000]1])

To create sequences of numbers, NumPy provides a function analogous to range that returns arrays instead of lists.

>>> np.arange({ 10, 30, 3 )

array([10, 15, 20, 25])

>>> np.arange({ 0, 2, 0.3 ) # it accepts fleoat arquments
array([ 0. , 0.3, 0.6, 0.9, 1.2, 1.5, 1.8])



When arange Is used with floating point arguments, it is generally not possible to predict the number of elements obtained,
due to the finite floating point precision. For this reason, it is usually better to use the function linspace that receives as an
argument the number of elements that we want, instead of the step:

>>> from numpy import pi

>>> np.linspace{ 0, 2, 9 ) # 9 numbers frem 0 te 2

array([ 0. , ©0.25, 0.5, 0.75, 1. , 1.25, 1.5, 1.75, 2. 1}

>>> x = np.linspace{ 0, Z*pi, 100 )} # useful to evaluate function at lots of points
>>»> f = np.=inix)



Printing Arrays

When you print an array, NumPy displays it in a similar way to nested lists, but with the following layout:

= the last axis is printed from left to nght,

= the second-to-last is printed from top to bottom,

= the rest are also printed from top to bottom, with each slice separated from the next by an empty line.

One-dimensional arrays are then printed as rows, bidimensionals as matrices and tridimensionals as lists of matrices.

F»> a = np.arange (6)

>>> print(a)

[01 2 3 4 5]

g

*>>> b = np.arange (12) .reshape (4, 3)
>>»> print (b)

[t o 1 2]
[ 3 4 5]
[ € 7 8]
[ 2 10 11]]

gy

>>> c = np.arange (24) .reshape (2,3, 4)
>>> print (c)
(rro 1 2 3]
[ 4 3 & 7]
[ B8 5 10 11]]
[[12 12 14 15]
[16 17 18 195]
[20 21 22 23]]1

# 1d array

# 2d array

# 3d array

data data.reshape(2,3) data.reshape(3,2)

1
1 2




See below to get more details on reshape

If an array i1s too large to be prninted, NumPy automatically skips the central part of the array and only prints the corners:

>»> print({np.arange (10000} )

[ O 1 2 ..., 9997 59598 9399]
e e

>>> print{np.arange (10000) .reshape (100,100))

[[ © 1 2 ..., 97 98 99]
[ 100 101 102 ..., 197 198 199]
[ 200 201 202 ..., 297 298 299]
[9700 9701 9702 ..., 9797 9798 9799]
[9800 9801 9802 ..., 9897 9898 9899]
[9900 9901 9902 ..., 9997 9998 9999]]

To disable this behaviour and force NumPy to print the entire array, you can change the printing options using
set printoptions .

>>»>» np.set printoptions (threshold=np.nan)



Basic Operations

Arithmetic operators on arrays apply elementwise. A new array is created and filled with the result.

»>>> a = np.array( [20,30,40,50] )
»>>> b = np.arange( 4 )
el &

array ([0, 1, 2, 3]}

»>>>»> c = ab

o

array([20, 29, 38, 47])

23 vl

array ([0, 1, 4, 9])

>>> 10*np.=sinia)

array([ 9.129452531, -5.88031624, 7.45311316 , —-2.62374854])
»>>> a<3s

array ([ True, Trues, False, False], dtype~bool)



Unlike in many matrix languages, the product operator * operates elementwise in NumPy arrays. The matrix product can

be performed using the dot function or method:

=»> A = np.array( [[1,1],
[0,1]]1 )
>>> B = np.array( [[2,0],
[3,4]]1 )
=>> DYE

array([[2, 0],
(0, 411)
>>> A _dot (B)
array([[5, 4],
[3, 4]11)
>>> np.dot (&, B)
array([[5, 4],
[3, 4]11)

# elementwise product

# matrix product

# another matrix product



Some operations, such as += and *= _ act in place to modify an existing array rather than create a new one.

>>> a = np.ones{({2,3), dtype=int)
»>>»> b = np.random.random({ (2, 3))
>33 g v= 3
>>> a
array({[[3, 2, 3],
(3, 3, 311)
>>> b += a
>>> b
array([[ 3.417022 , 3.72032449%, 3.00011437],
[ 3.30233257, 3.146753538%2, 3.09233852]11)
~»> a +— b # b is not automatically converted to integer type
Traceback (most recent call last):
TypeError: Cannot cast ufunc add cutput from dtype({'floaté4') to dtype('inté4') with casting rule

'same kind'



When operating with arrays of different types, the type of the resulting array corresponds to the more general or precise onge
(a behavior known as upcasting).

>>> & np.ones {3, dtype=np.int32)

>>> b = np.linspace(0,pi, 3)

»>>> b.dtype.name

"floatgd'

>>> o = a+tb

> c

array ([ 1. , 2.57079633, 4.14159265])

>> c.dtype.nams

"floatcd'

>»> d = np.expl(c*l]j)

>»> d

array([ 0.54030231+0.841470%87, -0.84147098+0.540302315,
-0.54030231-0.6841470%85])

>>>» d.dtype.name

'"complex128"



Many unary operations, such as computing the sum of all the elements in the array, are implemented as methods of the
ndarray class.

»>>> a = np.random.random({2,3))

>=> a

array([[ 0.18626021, 0.34556073, 0.39c76747],
[ 0.53881673, ©0.4151%451, 0.6852155 ]1])

>>> a.sum/()

2.5718151614547558

=2 a.min()

0.1862602113776709

>>> a.max()

0.6852155003567595



By default, these operations apply to the array as though it were a list of numbers, regardless of its shape. However, by
specifying the axis parameter you can apply an operation along the specified axis of an array:

»>»> b = np.arange(12) .reshape (3, 4)
»>>> b
array([[ 0, 1, 2, 3],
[ 4, 3, &, 7],
[ 8, 9, 10, 1111}
FEx
=>>> b.sum{axis=0) # sum of each column

array([12, 13, 18, 217)

-

>>»> b.min{axis=1) # min of each row

array ([0, 4, 8])

g

>>> b.cumsum(axis=1) # cumulative sum along sach row

array([[ 0, 1, 3, &],
[ 4, S, 15, 22],
[ 8, 17, 27, 3811}



Universal Functions

NumPy provides familiar mathematical functions such as sin, cos, and exp. In NumPy, these are called “universal
functions”( ufunc ). Within NumPy, these functions operate elementwise on an array, producing an array as output.

>>> B = np.arange(3)

>>> B

array ([0, 1, 2])

>>> np.exp(B)

array([ 1. , 2.71828183, 7.389%0561 1)
>>> np.sqrt (B)

array([ 0. . 1. , 1.41421356])
>>> C = np.array({[2., -1., 4.])

>>> np.add (B, C)

array([ 2., 0., 6.1)



Indexing, Slicing and Iterating

One-dimensional arrays can be indexed, sliced and iterated over, much like lists and other Python sequences.

»>>> a = np.arange (10) **3

>>> a

array([ 0, 1, 8, 27, &4, 125, 216, 343, 512, 729])

»>>> alZ]

8

>>> al[2:5]

array ([ 8, 27, 64])

>>> af:e:2] = —-1000 # equivalent to af0:6:2] = -1000; from start to position 6, exclusive, =et
every 2Znd element to —-1000

>>> a

array({[-1000, 1, —-1000, 27, —-1000, 125, 216, 343, 312, T297)
>2»>> al @ :=-1] # reversed a

array([ 729, 312, 343, 216, 125, -1000, 27, —-1000, 1, —-10001]1)

»»» for 1 in a:

coo print{i** (1/3.))

nan
1.0
nan
3.0
nan
2.0
6.0
7.0
8.0
9.0



Multidimensional arrays can have one index per axis. These indices are given in a tuple separated by commas:

x> def fx,y):

ooa return 10*x+y

>»> b = np.fromfunction(f, (5,4) ,dtype=int)
>>> b
array([[ O, 1, 2, 3.
[10, 11, 12, 13],
[20, 21, 22, 23],
[30, 31, 32, 33],
[40, 41, 42, 432]11])
>>> b[2,3]
23
»>22> b[0:25, 1] # each rew in the second column of b
array([ 1, 11, 21, 31, 41])
222> bl @ 1] # equivalent to the previcus example
array([ 1, 11, 21, 31, 417}
2> b[l:3, @ ] # each celumn in the =second and third row of b
array([[10, 11, 12, 13],
[20, 21, 22, 2311])



When fewer indices are provided than the number of axes, the missing indices are considered complete slices :

> bl[-1] # the last row. Equivalent te bf-1,:]
array([40, 41, 42, 43])

The expression within brackets in b[i] is treated as an i followed by as many instances of : as needed to represent the
remaining axes. NumPy also allows you to write this using dots as b[i,...] .

The dots ( ... ) represent as many colons as needed to produce a complete indexing tuple. For example, if x isarank 5
array (i.e., it has 5 axes), then

* x[1,2,...] isequivalentto x[1,2,:,:,:]
* x[...,3] to x[:,:,:,:,3] and
* x[4,...,5,:] tO x[4,:,:,5,:] .

>>> c = np.array( [[[ 0O, 1, 2], # a 3D array (two stacked ZD arrays)
[ 10, 12, 13]1],
[[100,101,102],
[110,112,113]111)
>>> c.shape
(2, 2, 3)
= c[l,...] # same as =f1,:,:] or =[1]
array ([ [100, 101, 102],
[110, 112, 113]])
> cle..,2] f same as of:,:,2]
array([[ 2, 13],
[102, 11311)



Iterating over multidimensional arrays is done with respect to the first axis:

#»» for element in b.flat:
»>>» for row in b:

print (row) co- print (element)

[0 1 2 3]

[10 11 12 13]
[20 21 22 23]
[30 31 32 33]
[40 41 42 43]

However, if one wants to perform an operation on each element in the array, one can use the flat attrnbute which is an
iterator over all the elements of the array:



Shape Manipulation

Changing the shape of an array
An array has a shape given by the number of elements along each axis:

>>> a = np.floor{l0*np.random.random{(3,4)))

>>> a

array([[ 2., 8., 0., 6.1],
[ 4., 5., 1., 1.1,
[ 8., 5., 3., &.11)

>>> a.shape
(3, 4)



The shape of an array can be changed with various commands. Note that the following three commands all return a
modified array, but do not change the original array:

==z a.ravel () # returns the array, flattened

array([ 2., &., 0., 6., 4., 5., 1., 1., 8., 9., 3., 8.1}
»>> a.reshape (6, 2) # returns the array with a modified shape
array([[ 2., 8.],

[ 0., 6.1,
[ 4., 3.1,
[ 1., 1.1,
[ B., 2.1,
[ 3., &.1])
»>»> a.T # returns the array, transposed
array([[ 2., 4., 8.1,
[ 8., 3., 3.1,
( 0., 1., 3.1,
[ 6., 1., &.11)
>>> a.T.shape
(4, 3)
»>> a.shape
(3, 4)

The order of the elements in the array resulting from ravel() is normally “C-style”, that is, the rightmost index “changes the
fastest”, so the element after a[0,0] is a[0,1]. If the array is reshaped to some other shape, again the array is treated as
“C-style”. NumPy normally creates arrays stored in this order, so ravel() will usually not need to copy its argument, but if the
array was made by taking slices of another array or created with unusual options, it may need to be copied. The functions
ravel() and reshape() can also be instructed, using an optional argument, to use FORTRAN-style arrays, in which the
leftmost index changes the fastest.



The reshape function returns its argument with a modified shape, whereas the ndarray.resize method modifies the array
itself:

>>> a

array([[ 2., B., 0., 6.1,
[ 4., 5., 1., 1.1,
[ 8., 9., 3., -11)

x> a.resize((2,6))

>>> a

array([[ 2., 8., 0., €., 4., 5.1,
[ 1., 1., B., 9., 3., 6.11)

o

If a dimension is given as -1 in a reshaping operation, the other dimensions are automatically calculated:

>>> a.reshape (3,-1)

array([[ 2., B., 0., 6.1,
[ 4., 5., 1., 1.1,
[ 8., 9., 3., &.11)



Stacking together different arrays
Several arrays can be stacked together along different axes:

##> a = np.floor{1l0*np.random.random({(2,2)))
>=> a
array{[[ 8., 8.1,
[ 0., 0.11)
#>> b = np.floor{l0*np.random.random{{2,2)))
> b
array([[ 1., B8.],
[ 0., 4.11)
»>> np.vstack{({a,b))
array([[ 8., 8.],
[ 0., ©O.],
[ 1., 8.1,
[ 0., 4.11)
>>> np.hstack({{a,b))
array([[ B., B., 1., B.],
( 0., 0., 0., 4.]1])

The function column stack stacks 1D arrays as columns into a 2D array. It is equivalent to hstack only for 2D arrays:



The function column stack stacks 1D arrays as columns into a 2D array. It is equivalent to hstack only for 2D arrays:

>>> from numpy import newaxis
>»> np.column stack({a,b)) # with 2D arrays
array([[ 8., B., 1., 8.1,
[ @on Won  Wos el
>>>» a = np.array([4.,2.])
>>> b = np.array([3.,8.])
>>> np.column stack((a,b)]) # returns a 2D array
array([[ 4., 3.],
[ 2., 8.11)
>>> np.hstack((a,b)) # the result is d4different
array ([ 4., 2., 2., 8.])
=2 al:,newaxis] # this allows to have a 2D columns wvector
array([[ 4.1,
[ 2.11)
>>> np.column stack({a[:,newaxis],b[:,newaxis]))
array([[ 4., 3.1,
[ 2., 8.11)
>>> np.hstack({{al:,newaxi=z],b[:,newaxis])) # the result iz the same

array([[ 4., 3.1,
[ 2., 8.11)

On the other hand, the function row _stack Is equivalent to wvstack for any input arrays. In general, for arrays of with more
than two dimensions, hstack stacks along their second axes, vstack stacks along their first axes, and concatenate allows
for an optional arguments giving the number of the axis along which the concatenation should happen.



Note

In complex cases, r_ and c_ are useful for creating arrays by stacking numbers along one axis. They allow the use of
range literals (":")

>>> np.r [1:4,0,4]
array([1, 2, 3, 0, 4])

When used with arrays as arguments, » and c_ are similarto wvstack and hstack in their default behavior, but allow for
an optional argument giving the number of the axis along which to concatenate.



Splitting one array into several smaller ones

Using hsplit , you can split an array along its horizontal axis, either by specifying the number of equally shaped arrays to
return, or by specifying the columns after which the division should occur:

>>> a = np.floor{1l0*np.random.random{{2,12)))
>>> a
array([[ 9., 5., 6&., 3., &., 8., o0., 7T., 9., T.. 2., 7T.1l.
[ 1., 4., 9., 2., 2., 1., 0., 6&., 2., 2., 4., 0.11)
>>> np.hsplitia, 3) # split a into 3
[array ([[ 2., 5., 6., 2.],
(1., 4., 2., Z2.]11), array([[ &., 8., 0., 7.],
[ 2., 1., 0., &.]1), array([[ 2., 7., 2., 7.],
[ 2., 2., 4., 0.11)]
>>> np.hsplitia, (3,4)) # S5plit a after the third and the fourth column
l[array ([[ 2., 5., &.],
[ 1., 4., 9.]11), array([[ 3.1,
( 2.11), array([([ &., 8., 0., 7., 3., 7., 2., 7.1,
( 2., 1., 0., &., 2., 2., 4., 0.]1)]

vsplit splits along the vertical axis, and array split allows one to specify along which axis to split.



Copies and Views

When operating and manipulating arrays, their data is sometimes copied into a new array and sometimes not. This iIs often a
source of confusion for beginners. There are three cases:

No Copy at All
Simple assignments make no copy of array objects or of their data.

>>>» a = np.arange (12)

>>> b = a # no new object is created

»>>> b iz a # 2 and b are two names for the same ndarray chbject
Trues

>>> b.shape = 3,4 # changes the shape of a

>>> a.shape
(3, 4)

Python passes mutable objects as references, so function calls make no copy.

x> def f£(x):

... print{id(x))

>»> 1d{a) # id is a unique identifier of an cobject
148253216

>>> £(a)

148253216



View or Shallow Copy
Different array objects can share the same data. The view method creates a new array object that looks at the same data.

P c = a.wviewl()

FFr c is a

False

>>>» c.base iz a # o iz a view of the data owned by a
True

2> c.flags.owndata

False
g g
>>> c.shape = 2,6 # a's shape doesn't change
>>> a.shape
(3, 4)
Fxx oc[0,4] = 1234 # a's data changes
>>> a
array([[ o, 1, 2, 31,
[1234, S, &, T,
[ 8, 3, 14, 1111])

Slicing an array returns a view of it:

x> g = al = , 1:3] # spaces added for clarity; could alsc be written "s = af:, 1:3]"
2> g(:] = 10 # =[:] iz a view of s. Nete the difference between ==10 and s[:]=10
>>> A
array([[ a0, 10, 170, 327,

[1234, 10, 10, 71

[ B, 10, 10, 1111)



Deep Copyf
The copy method makes a complete copy of the array and its data.

>>> d = a.copyl() # 2 new array object with new data iz created

x> d i=s a

False

#>>> d.base iz a # d doesn't share anything with a

False

>>> d[0,0]

>2F a

array([[ a, 1a, 10, 2],
[1234, 10, 10, 71
[ B, 10, 10, 11113}

9599



Functions and Methods Overview

Here is a list of some useful NumPy functions and methods names ordered in categories. See Routines for the full list.

Array Creation
arange , array , copy , empty , empty like , eye , fromfile , fromfunction , identity , linspace , logspace |,

mgrid , ogrid , ones , ones like , I, zeros , zeros like

Conversions

ndarray.astype , atleast 1d , atleast 2d , atleast 3d , mat

Manipulations

array_split , column_stack , concatenate , diagonal , dsplit , dstack , hsplit , hstack , ndarray.item , newaxis ,

ravel , repeat , reshape , resize , squeeze , swapaxes , take , transpose , vsplit , wstack
Questions
all , any , nonzero , where

Ordering

argmax , argmin , argsort , max , min , ptp , searchsorted , sort

2

Operations

choose | compress , cumprod , cumsum , inner , ndarray.fill , imag , prod , put , putmask , real , sum

Basic Statistics

mean . std

1 ¥

cov var

Basic Linear Algebra

cross |, dot , outer , linalg.svd , vdot



Less Basic

Broadcasting rules

Broadcasting allows universal functions to deal in a meaningful way with inputs that do not have exactly the same shape.

The first rule of broadcasting is that if all input arrays do not have the same number of dimensions, a “1” will be repeatedly
prepended to the shapes of the smaller arrays until all the arrays have the same number of dimensions.

The second rule of broadcasting ensures that arrays with a size of 1 along a particular dimension act as if they had the size
of the array with the largest shape along that dimension. The value of the array element is assumed to be the same along
that dimension for the “broadcast” array.

After application of the broadcasting rules, the sizes of all arrays must match. More details can be found in Broadcasting.



Indexing with Arrays of Indicesf

>>>» a = np.arange (12)%*2 # the first 12 square numbers
>>»» 1 = np.array({ [ 1,1,3,8,5 1 } # an array of indices
e oal[l] # the elements of a2 at the positicons i1

array([ 1, 1, 9, 64, 23]1)

g

>>>» 9 = np.array{ [ [ 3, 41, [ 2, 71 1) # a bidimensional array of indices
=== oalj] # the same shape as j

array([[ 2, 1&].

(81, 43]1)



When the indexed array a is multidimensional, a single array of indices refers to the first dimension of a . The following
example shows this behavior by converting an image of labels into a color image using a palette.

»7> palette = np.array( [ [0,0,0],
[2535,0,0],
[0,255,0],
[0,0,255],
[255,255,2553] 1 )

image = np.array( [ [ 0, 1,
[ 0, 3,
palette[image]
array([[[ O, 0, a] .,
[255, g, a7 .
[ 0, 255, 0],
[ O, . 011,
([ 0O, . 0],
[ 0, 0, 255],
[255, 255, 255],
[ O, 0, 0111)

T H H B K R

2, 01,

4, 01 1}
# the

black
red
green
blue
wvhite

each wvalue correspeonds to a2 coler in the pale

(2,4,3) color image



We can also give indexes for more than one dimension. The arrays of indices for each dimension must have the same
shape.

>»> a = np.arange (12) .reshape (3, 4)
> a
array([[ O, 1, 2, 21,

[ 4, 5, &, 7],

[ 8, 9, 10, 1111}

»>»» 1 = np.array( [ [0,1], # indices for the first dim of a
- (1,21 1)
»>»> 4 = np.array( [ [2,1], # indices for the second dim
- (3,31 1)
3
>>> ali,j] # i and j must have equal shape
array([[ 2, 5],
[ 7, 11]])
e
>>> ali, 2]

array([[ 2, 8],

[ & 10]])
e
*>> al:z,7] # i.e., al = , 3]
array([[[ 2, 1],

[ 3, 2311,

([ &, 31,

[ 7. 711,

[([ioe, 31,

(11, 11111)



Maturally, we can put i and § in a sequence (say a list) and then do the indexing with the list.

>>> 1 = [1,7]
== all] # equivalent to afi,j]
array([[ 2, 5],

[ 7., 1111}

However, we can not do this by putting i and 5§ into an array, because this array will be interpreted as indexing the first
dimension of a.

>>> s = np.array( [1,3] )
== als] # not what we want
Traceback (most recent call last):
File "<stdin>", line 1, in ?
IndexError: index (3) out of range (0<=index<=2) in dimension 0
el
>>> al[tuple(s)] # same as afi,F]
array([[ 2, 2],
[ 7., 1111}



Another common use of indexing with arrays is the search of the maximum value of time-dependent series:

>>> time = np.linspace (20, 145, 5) # time scale

>>> data = np.s=sin(np.arange(20)) .reshape (5, 4) # 4 time-dependent series
>>> time

array([ 20. , 51.25, g2.5 , 113.75, 145. 1)

»>>> data

array([[ 0. , 0.84147098, 0.50%29743, 0.14112001],

[-0.7568025 , -0.95892427, -0.2794155 , 0.6e569%866 ],
[ 0.98935825, 0.4121184%9, -0.54402111, -0.99%999021],
[-0.53657292, 0.42016704, 0.99060736, 0.6e5028784]7,
[-0.28790332, -0.96139749, -0.75098725, 0.14987721]1)
T
>»> ind = data.argmax{axis=0) # index of the maxima for each series
>>> ind
array([2, 0, 32, 11)
>
>»> time max = time[ ind] # times corresponding to the maxima

i

»»> data max data[ind, xrange(data.shape[l])] # => data[ind[0],0], dataf{ind[1],1]...
>

»>> time max

array([ 82.5 , 20. ., 113.75, 51.25])

>>»> data max

array ([ 0.28935825, 0.84147098, 0.9%060736, 0.636%9866 ])

B

>>> np.all{data max == data.max (axis=0))

True



You can also use indexing with arrays as a target to assign to:

»>> a = np.arange(3)
>>> a

array ([0, 1, 2, 3, 4])
>>> a[[l1,3,4]] = 0O
>>> a

array ([0, 0, 2, 0, 0])

However, when the list of indices contains repetitions, the assignment is done several times, leaving behind the last value:

»#>> a = np.arange (3)
e all0,0,2]11=11,2,3]
po -

array([2, 1, 32, 3, 4]}

This is reasonable enough, but watch out if you want to use Python's += construct, as it may not do what you expect:

>>>» a = np.arange (3)
>>> a[[0,0,2]]+=1

>>> a

array([1, 1, 3, 3, 4]}

Even though 0 occurs twice in the list of indices, the Oth element is only incremented once. This is because Python requires
“‘a+=1"to be equivalentto "a=a + 1".



Indexing with Boolean Arrays

When we index arrays with arrays of (integer) indices we are providing the list of indices to pick. With boolean indices the
approach is different; we explicitly choose which items in the array we want and which ones we don't.

The most natural way one can think of for boolean indexing is to use boolean arrays that have the same shape as the
original array:

»#>»>» a = np.arange(l2) .reshape(3,4)
>>> b
=>> b # b is a boolean with a's shape

a > 4

array ([ [False, False, False, False],
[Fal=se, True, True, Trues],
[ True, True, True, True] ], dtype=kool)
>>> al[b] # 1d array with the selected elements

array([ 5, €&, 7, 8, 9, 10, 111}

This property can be very useful in assignments:

»>> alb] = 0 # A1l elements of "a' higher than 4 become 0

x> a

array([[0, 1, 2, 3],
(4, O, 0O, O],
[0, O, O, 011}



You can look at the following example to see how to use boolean indexing to generate an image of the Mandelbrot set:

>>> import numpy as np

>>> import matplotlib.pyplot as plt

»>>» def mandelbrot( h,w, maxit=20 ) :

I "M"Returns an image of the Mandelbrot fractal of size {(h,w)."™"

- v,%x = np.ogrid[ -1.4:1.4:h*1§, -2:0.8:w*1j ]

- c = xty*l]
. z=c
- divtime = maxit + np.zeros(z.shape, dtypse=int)

I for 1 in range (maxit):

noo 2 = 2%%2 + o

— diverge = z¥np.conj{z) > 2%*%2 # whe iz diverging

— div_now = diverge & (divtime—maxit) # whe is diverging now

I divtime [div_now] = i # note when

— z[diverge] = 2 # aveoid diverging toc much

R return divtime
>»> plt.imshow (mandelbrot (400, 400))
>>> plt.show ()



The second way of indexing with booleans is more similar to integer indexing; for each dimension of the array we give a 1D
boolean array selecting the slices we want:

>>> a = np.arange (12) .reshape (3, 4)

»>> bl = np.array([False, True, True]) # first dim selecticon
>>>» b2 = np.array([True, False, True, False]) # second dim selecticon
e

=>> al[bl, :] # selecting rows

array([[ 4, 5., &, 71,
[ 8, 9, 10, 1111}
e
>3 al[bl] # same thing
array([[ 4, 5. &, 7],
[ 8, 9, 10, 1111}

e
=22 al:,b2] # selecting columns
array([[ 0, 2],
[ 4, €],
[ &, 10]11)
g
=>> albl,b2] # a weird thing to do

array([ 4, 107}

MNote that the length of the 1D boolean array must coincide with the length of the dimension (or axis) you want to slice. In the
previous example, b1 1s a 1-rank array with length 3 (the number of rowsin a ), and bz (of length 4) is suitable to index

the 2nd rank (columns) of a .



The ix_() function

The ix_ function can be used to combine different vectors so as to obtain the result for each n-uplet. For example, if you
want to compute all the a+b*c for all the triplets taken from each of the vectors a, b and c:

>>> result
array([[[42, 34, 30, &&, 2&],
[27, 22, 32, 42, 17],
[22, 18, 2&, 34, 14]],
[[43, 35, 31, &7, 27],
[28, 23, 33, 43, 18],
[23, 19, 27, 35, 1311,
[[44, 36, 32, &B, 28],
[22, 24, 34, 44, 192],
[24, 20, 28, 36, 1le&]],
[[45, 37, 33, &9, 22],
[30, 25, 35, 453, 20],
[25, 21, 29, 37, 17111}
»»> result[3,2,4]

»*>> a = np.array([2,3,4,5])
»>>> b = np.array([8,5,4])
»>>»> c = np.array([5,4,6,8,3])
>>> ax,bx,cx = np.ix (a,b,c)
2> ax
array([[[2]],
[[311,
(0411,
[[3111)
> bx
array([[[8],
[3]1.
[(4111)

P cX

17
array([[[3, 4, &, 8, 3111}

2> al[3]l+b[2]%c[4]
>>> ax.shape, bx.shape, cx.shape

17

((4, 1, 1), (1, 3, 1), (1, 1, 3))

»=» result = axtbx*cx



You could also implement the reduce as follows:

>»» def ufunc reduce (ufct, *vectors):
R vs = np.ix (*vectors)

- r = ufct.identity

coo for v in wvs:

R r = ufct (xr,v)

P return r

and then use it as:

>>> ufunc reduce(np.add,a,b,c)
array([[[15, 14, 1&, 18, 13],
[12, 11, 13, 15, 10],
[11, 10, 12, 14, 9]],
[[1&, 15, 17, 19, 14],
[13, 12, 14, 1l&, 11],
(12, 11, 13, 13, 10]],
[[17, 1&, 18, 20, 13],
[14, 13, 15, 17, 12],
[13, 12, 14, 16, 11]],
[[18, 17, 19, 21, 1&],
[15, 14, 16, 18, 13],
[14, 13, 15, 17, 12]11)

The advantage of this version of reduce compared to the normal ufunc.reduce is that it makes use of the Broadcasting Rules
in order to avoid creating an argument array the size of the output times the number of vectors.



Linear Algebra

Work in progress. Basic linear algebra to be included here.

Simple Array Operations

See linalg.py in numpy folder for more.

>>> import numpy as np

>>> a = np.array([[1.0, 2.0], [2.0, 4.0]1)
>>> printia)
(r 1. 2.1

[ 3. 4.]]

>>> a.transposel()
3.1,
4.11)

array([[ 1.,
[ 2.,

»>>»> np.linalg.inv(a)
array([[-2. , 1. 1,
[ 1.5, -0.5]1)

Parameters:
square matrix
Eeturns

The eigenvalues,

The normalized (unit "length") eigenvectors,

column

eigenvalus

>>»> u = np.eye(2) # unit ZxZ2 matrix;
FFou

0.1,

1.11)

»>»> j = np.array([[0.0,

array([[ 1.,
[ 0.,

-1.0], [1.0,
>>> np.dot (j, J)
0.1,
-1.11)

# matrix product
array([[-1.,

[ 0.,
>>> np.trace (u) # trace
2.0

[(7-11)
>>> np.linalg.solve(a, v)

>>>» v = np.array([[5.],

array([[-3.],
[ 4.11)

>>»> np.linalg.eig(]j)
0.-1.31), arravilI
[ 0.00000000-0.707106787,

{array ([ 0.+1.7,

\\v[:ri]\\

each repeated according to its multiplicity.
such that the

is the eigenvector corresponding to the

\\.w[i]\\ .

LIy

eye" represents "I

0.011)

0.70710678+0.7 , 0.70710678-0.7

0.00000000+0.70710678311))



Vector Stackingf

How do we construct a 2D array from a list of equally-sized row vectors? In MATLAB this is quite easy: if = and y are two
vectors of the same length you only need do m=[x;y] . In NumPY this works via the functions column stack , dstack ,
hstack and wvstack , depending on the dimension in which the stacking is to be done. For example:

x=([0,2,4,6,8])

y=([0,1,2,3,471)

m=({[0,2,4,6,8],
[0,1,2,3,4]]1)

xy =({0,2,4,6,8,0,1,2,3,4])

¥ = np.arange(0,10,2)
¥ = np.arange(3)
= np.vatack([x,v])

=
I

O H kR R

Xy = np_hBtaCk{ [K., Y] }

The logic behind those functions in more than two dimensions can be strange.



Histograms

The NumPy histogram function applied to an array returns a pair of vectors: the histogram of the array and the vector of
bins. Beware: matplotlib also has a function to build histograms (called hist | as in Matlab) that differs from the one in
NMumPy. The main difference is that pylab.hist plots the histogram automatically, while numpy.histogram only generates
the data.

>>> import numpy as np

>>> import matplotlib.pyplet a=z plt
»>>> # Build a vector of 10000 norma
>>> mu, sigma = 2, 0.5

»»>> v = np.random.normal (mu, sigma, 10000)

»>>> §# Plot a normalized histogram with 50 bins

>>> plt.hist{v, bin=s=50, normed=1) ¥ matpleotlib versicon (p

»>> plt.show()




>»> §# Compute the histogram with numpy and then plot it

>»>» (n, bins) = np.histogram(v, bins=50, normed=True) # NumPy versicn (nc plct)
>>> plt.plot({.5*(bins[l:]+bins[:-1]), n)

>>> plt.show()

(png, pdf)
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0.5 |
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Array operation (Broadcasting)

* Broadcasting(=vectorization in Matlab)

verb (used with object), broadcast or broadcasted, broadcasting.
1. to transmit (programs) from a radio or television station.

2. to speak, perform, sponsor, or present on a radio or televisionprogram:

N . N . .
T - o wasifl ; b e ¥ ¥ oy B b iy
e president Wil Droadcast mis meassage on all S[a0ons COFmgeL.

3. to cast or scatter abroad over an area, as seed in sowing.

d. to spread widely; disseminate;

Bl o e —— T YR pp—
e Dol Cast Ore QOO FEWws ail OVaEr DOWT

5. o indicate unwittingly to another (one's next action); telegraph:
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>>> a = np.arange(1, 25).reshape(4, 6)

>>> b = np.arange(25, 49).reshape(4, 6)

>>> a+b

array([[26, 28, 30, 32, 34, 36],
[38, 40, 42, 44, 46, 48],
[50, 52, 54, 56, 58, 60],
[62, 64, 66, 68, 70, 72]])

>>> a = np.arange(1, 25).reshape(4, 6)

>>> a+100

array([[101, 102, 103, 104, 105, 106],
[107, 108, 109, 110, 111, 112],
[113, 114, 115, 116, 117, 118],
[119, 120, 121, 122, 123, 124]])

np.arange(5).reshape((1, 5))
np.arange(5).reshape((5, 1))




Plotting with Matplotlib

numpey o1s)
matelotlib.pvelot et

func=np.polvldinp.arrav([1.2.3.4]) astvpelfloat))
funcl=func.derivim=1)
func2=func.der ivim=2)

x=np. | inspace{-10,10,30)

y=func(x)

vi1=funcl{x)

v2=func2{x)

plt. figurel)
plt.plotix,v, 'ro', label="func')
plt.oplotix, w1, 'a——", label="funcl "]
plt. plotix,v2, 'b—", label="func? ")
plt. xlabel (%'

plt.vlabel('yv')

plt. aridl )

plt. titlel 'exercize’)

plt. legend()

plt.show()

fPyplot APIE 0| Ect= HA:HME

plt. subplot(311)
plt.oplotix,y, 'r="J
plt. title("Polynomial")

plt. subplot(312)
plt . plotlx, w1, 'b"")
plt. title("First Derivative")

plt.subplot(313)
plt.plotix, v, 'ao')
plt. titlel"Secod Derivative')

plt. xlabel (')
plt.vlabel('y')
plt.show()

-

g2 A A APIE 0 Eot= 24
fig=plt. figure)
ax=fig.add_subplot{311]

ax. plot(x, vy, 'r="]
ax.set_title("Polvnomial")

ax=fig.add_subplot{312)
ax.plot(x,wl,'bh™")
ax.set_title("First Derivative")

ax=fig.add_subplot{313)
ax.plot(x,v2, 'go')
ax.set_title("Second Derivative")
ax.set_xlabel( %'

ax.set_vlabel{ 'v')
plt, show()



Plotting with Matplotlib

AUmEy ne
mateplotlib.pyplot plt

rng=ng.arange(50)
rnd=np.random.randint(0,10,size=(3,rng.size)]
wre=1900+rng

fig,ax=plt . subplots(figsize=(5,3))

ax.stackplot(vrs,rna+rnd, labels=['Eastasia', 'Eurisia', 'Oceania'])
ax.set_titlel ' Combined debt growth over time')

ax. legend{ loc="upper left')

ax.set_vlabel( 'Total debt')

ax.set_xlim(xmin=vrs[0], xmax=yrs[-1])

fig.tight_lavout()

plt show()



Debugging

A H ZEO-9| J=2do|Lt =2[He F{FHI)E XHotth= HAE 1t

-step over/step into
-5t (breakpoint) A
_EAEH HA}

— —1 0

AN B|AE

-HX|E S Yt Vs

—_

nto|Mo| CjH
- Pdb B & AFE

pdb
result=0

a ranae(1,10):
pdb . set_trace()
b range( 1,10}
result=ax*b
tpdb . set_tracel)
printla, '« b, '=", format{result, '5 2f'))

print{'0K')

Hlw7|s:

(pdb)c

(pdb)n
(pdb)print(H=3)



PDB &

//docs.python.org/3/library/pdb.h
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