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NumPy Basics: Arrays and Vectorized
Computation

NumPy 2005 Numerical Python &) sac3eslad(geaopSi high performance scientific computing
pSqsscdata analysis pSqsaag05 6§e(gdcdaada0pS Python package oodg(edo0pSi higher-level tool
qp:320:0d:§:01:00p5 NUmPy colopé me(gdg) 0opSesnnnscon:(o3oopdi

« ndarray o0p5 multidimensional array [6o0pS1 vectorspd:(e¢ eolS: §05 e(go0S @o: a3g (vectorized
arithmetic operation )qp:or(% Q?(Q)c;o:%éoaéu ogz[e}):go broadcasting Q?(Q)f%éoaé gé:qéﬁoaén
o loop gp:0d 0d:q§ 6303 mgsyI[esgo coIC: §05 e(gr0d @:0p58€Ea005 Standard mathematical
function qp: %’paéu
C oc¢

o disk a'aeoTo% 630004>: eq:@ézl disk eng;o eamoq_p:(rcf’ ©OSUP&C :Da Tool gp:go gpaau memory-
mapped file .§\(§ o@ej 330?50?5$§oaéu

* Bpepaogp(Linear algebra) | random numberoqo%@é:(generation) ¢S , Fourier transform 0oop3
co¢C

230E(6¢ 20§pgp: a3 03055058 Eg6:§00pSH

e Tools for integrating code written in C, C++, and Fortran ®03é oo[a}.):soao programming language
qpP:4¢ 03¢) 95:8E800p3 (integrating code )Tool gp:§aopSt NumPy oo low-level language (¢
Gq:ooo:oaé @éo(external libraries)e c;soooqp:cr% Python o% ooéso:.%éooéu Python NumPy ¢
e3000g:03 0o(g0:600 low-level language (¢ eq:000:0008 (9o (external libraries)s8od
[083c0:8E00p51 Python 20p5 C 1 C++ && Fortran 205 oo(gn:ea00 programming language gp:&¢
03¢) 05:8Eeo0n interface( dynamic and easy-to-use)qp:§aoooe(030§ cp(08|odqp:[gS:[gdaopS

 NumPy o3¢ high-level data analytical function qp: ecleadScopS: NumPy arrays s¢ array-oriented
computing o3 o e o mé [c¢: e@oé high level data analytical sgc\?&ip opS58CEa0pS pandas orc?’
ogje oqjcgoaso? @ §cmee@|| Python o? ooocecocooogqp :1 Data anaIyS|s §c machine learning o?

ODUJCGC\)(\)’.)ORQJO OD& NumPy (7? S’BQ_WGO GC\)(\)’.)SI‘? O?(D08§ C\?OD&II

Data analysis application cpSc§:qpia20305 NUumPy @ cobesondgjodgp:en

o Fast vectorized array operations for data munging and cleaning, subsetting and filtering,
transformation, and any other kinds of computations

e Common array algorithms like sorting, unique, and set operations

o Efficient descriptive statistics and aggregating/summarizing data

¢ Data alignment and relational data manipulations for merging and joining together heterogeneous
data sets

e Expressing conditional logic as array expressions instead of loops with if-elif-else branches

o Group-wise data manipulations (aggregation, transformation, function application). Much more on this
in Chapter 5

In [1l]: import numpy as np
np.random.seed (12345)
import matplotlib.pyplot as plt
plt.rc('figure', figsize= (10, 6))
np.set_printoptions (precision=4, suppress=True)
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In [2]: import numpy as np
my_arr = np.arange (1000000)
my_list = list (range(1000000))

<

NumPy array oaé python list coad ccéj C$eo$go 390?50?5@0 ..% oaéu ssgoogogé 3980539@0:0'389038
NumPy array §c python |IS’[O?O? J §ce@v30o cﬁ,saogoo E: ch u?a[:ooo :Dau

In [3]: %time for _ in range(10): my_arr2 = my_arr * 2
$time for _ in range(10): my_list2 = [x * 2 for x in my_list]

Wall time: 32.5 ms
Wall time: 1.23 s

The NumPy ndarray: A Multidimensional Array Object

NumPy e\ og:@o:oaé (\?569008%8@5:0003??0 ndarray L?saToaé: N-dimensional array object

65(e620p5 1 Python 03¢ aacgs(03:e0:0005 eaom(large data sets)qp:af aguSon agi[g§go saoce(geg
C N oc¢ [N N (N [ o~] < o c o¢ C (e [o XN C o N _O

ca008gn560:8E(8¢: (962051 B0 (0B:160:0005 eaom0g:0d Arrays 32(86088:50p5:(8: 03§:00609:03a3

e0lE: §05 &[9205 @0: vSe0:8E[EE: (9D
20g§[0B:160:0008 ca0mgp:03 Arrays m(g$a36:50p5: @ 08..% ooogcx? orB:f?’

colé: iorgc;@oorgm aBgqp: (mathematical operations o? apS6e0:8&E(a¢:(0S00pS 1 ndarray 0opS
saqjl o?oa@oeoooqp (homogeneous data)o? 38: aog 2000: §cwé generic multidimensional container
ooo:e?@@oagu homogeneous data 99038?0 39"?][ oraoaaesoooqp (all of the elements must be the same

type)od a3coopSi

array qp:sao:c\?:ogé shape §(§ dtype §¢§ch[: ﬁ@méu shape oaé row @Gqsgog(73§(§ c5d
36qPORMB(GH0PS I TOW 3EaIPRMDEE 600505 36aIoR0503 dimension vpcopS:esloopSi ade(03g
shape an%oaé?o row 39@61390303?(3 eSS sasqs'acg(yg(f)f e@%@ooo:oaé tuple ooogef@ogoaéu (atuple
indicating the size of each dimension)i dtype s300p5¢0 3§ eaomgP:e B¢]|:302:03 cw5(go0ps object
065(ed00p51 (an object describing the datatype of the array)

eagoooogc eom@c ﬂc [g)cﬁ, import numpy o? import C\?ooagu import numpy o? import C\?oooaaaaﬂo?c
np U.E 390?6;9'100 39:)? @[e&u np.random.randn(2, 3) @c 2x3 array @o)c;saoc random §01mqp @c

CD‘D?UD&G&)OOOCD@II
In [4]: import numpy as np
# Generate some random data
data = np.random.randn (2, 3)
data
Out[4]: array([[-0.2047, 0.4789, -0.5194],

[-0.5557, 1.9658, 1.3934]11)

data s800pS array &\ shape o .shape [mpSq§ (2x3 array [gda0pSn)

In [5]: data.shape

Out[5]: (2, 3)
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data ex%oaé array & ssooosaeﬁlzsgm:qp:(ﬁ “.dtype™ @ésﬁ ( float64 @éoaéu)

In [6]: data.dtype

Out[6]: dtype('float64d"')

“array” | “NumPy array” o§e0p05 “ndarray” 000p3 002:0%:qp:00p5 ndarray object(N dimension
array) 0 Qo001
data a800p5 array of 00 (66 e[goaSa0pSi

In [7]: data * 10

Out[7]: array([[-2.0471, 4.7894, -5.1944],
[-5.5573, 19.6578, 13.9341]1])
array 32q)C:q)C: eolé:00051

In [8]: data + data

Out[8]: array([[-0.4094, 0.9579, -1.0389],
[-1.1115, 3.9316, 2.786811)

Creating ndarrays
array 0)0%?@[0?661$3908(78 39(\8(5(?&?3§é3?0 array function orc?’ 390?:@[@5: @ogoaéu

In [9]: datal = [6, 7.5, 8, 0, 1]
type (datal)

Oout[9]: 1list
datal oaé list ooogeeoao@ogoaéu np.array (datal) @5 datat orc?’ array 0903? @5@3&05 @lo?ﬁoaéu

In [10]: arrl = np.array(datal)
arrl

Out[10]: array([6. , 7.5, 8. , 0. , 1. 1)

3203C:320000pp32003 list gpzcloéoops list (a list of equal-length lists)o3 multidimensional array s3(d
opdeannns§oopSi Nested sequences [s6o0pSi
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In [11]: data2 = [[1, 2, 3, 41, [5, 6, 7, 81]
arr2 = np.array(data2?)
arr?2

Out[1l1l]: array([[1l, 2, 3, 41,
[5, 6, 7, 811)

.ndin (9§ array &\ dimensions seea2030503 0620pS1 (Number of array dimensions.)

In [12]: arr2.ndim

Out[1l2]: 2

In [13]: arr2.shape

Out [13]: (2, 4)

data type is stored in a special dtype object.)

In [14]: arrl.dtype

Out [14]: dtype('float64d")

In [15]: arr2.dtype

Out [15]: dtype('int32"'")

np.array function c3op¢ oo(g2:6000 §p5:qp:(9G array 3a06gp:03 (0|pS&Eap34p5:qp:copS:cloSaoaS

powo array ad§ element gp:a0:ad: 0's 0o (962003 array 03 np.zeros () (8¢ [0epS&EaopSn array 03§
element qp:320:09: 1's oao@ogoaé array qp:0r$ np.ones () @5 E:)lc\?(c)%cc:oaén

array 2064p: cxgooaéssch%g 8
< C
(6]

G(DOC\) 396613908(7) (D&Og ﬂ Ol_(\?

In [16]: np.zeros(1l0)
np.zeros ((3, 6))

Out[l6]: array([[0., 0., 0., 0., 0., O
ro., 0., 0., 0., 0., 0.1,
(0., 0., 0., 0., 0., 0

In [17]: np.ones((3, 2))

Out[17]: array([[1l., 1.1,
(1., 1.1,
[1., 1.11)
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np.empty() (¢ empty array 0o69 [g|coS&Eo0pSn array ad§ element gpz@l 02§3:03 initializing
ocpScdoopdanslogpd empty array o3 (geS[o300pS1 np.empty (8 empty array 0690005 sl array a3§
element qp:sﬁ ooféc%:(value)eﬂoz:3:;{):0"?::)38C o?g(zero)@ogc\%éeéo? 3300, eé%&ﬂu soaqpso']org

eo]?aoooéo%

In [18]: np.empty((2, 3, 2))

Out[18]: array([[[O0., 0.1,
(0., 0.7,
[0., 0.]1

(0., 0.]

(0., 0.1,
(0., 0.1]

arange Iis an array-valued version of the built-in Python range function:

639003035 array ooésaooﬁq§39030§ function qp:o% s@%@ooo:ooéu

Array creation functions

Function Description

array Convert input data (list, tuple, array, or other sequence type) to an ndarray either by
inferring a dtype or explicitly specifying a dtype. Copies the input data by default.

asarray Convert input to ndarray, but do not copy if the input is already an ndarray

arange Like the built-in range but returns an ndarray instead of a list.

ones, ones like Produce an array of all 1's with the given shape and dtype. ones _1ike takes another
array and produces a ones array of the same shape and dtype.

zeros, zeros like Like ones and ones_1ike but producing arrays of 0's instead

empty, empty like Create new arrays by allocating new memory, but do not populate with any values like

ones and zeros

eye, identity Create a square N x N identity matrix (1's on the diagonal and 0’s elsewhere)
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Data Types for ndarrays

data type 036005 dtype o0pS ndarray @ 6a3oxqp:sé 200583Ca0p5 FydTOASGP:

< S~ S
GOOOC:OOOOE)gsﬁ

288:90p5:c00:0003 special object 0265(ed0pSH

Dtypes & 09:(g0:0008 §8:qp5e(030¢ NumPy 00pS5 @8:320:3e0aé: (powerful and flexible)g:(edoopSH
o%orgecjorsmapping 035%5@5:9@0(3 (map directly) ezooogp: 39080500“3 OO’S@E:I eq:@é:@lc\?(s%cc:oaén
(easy to read and write binary streams of data to disk)i C o%ao?org Fortran oooé low-level language

qp:§(§mé: eﬁorSQOUS@: 39(\30500% 390%:@{%5@5: @o%oaéu NumPy 035 sgof?:@[%cgoaé

e3020m4]|:3200: (NUMPY's supported data types)sso:09:03 63200503¢ cw3(gaon:o0pdi

NumPy data types

Type Type Code
int8, uint8 i1, ul
int16, uinti16 i2, u2
int32, uint32 i4, u4
int64, uinte4 i8, u8
float16 f2
float32 f4 or
float64, float128 8 or d
float128 16 or g
complex64, complex128, c8, c16,
complex256 €32
bool ?

object 0
string S

Description

Signed and unsigned 8-bit (1 byte) integer types
Signed and unsigned 16-bit integer types
Signed and unsigned 32-bit integer types
Signed and unsigned 32-bit integer types

Half-precision floating point

Standard single-precision floating point. Compatible with C float

Standard double-precision floating point. Compatible with C double

and Python f1oat object
Extended-precision floating point

Complexnumbersrepresented by two32,64,0r 128 floats, respectively

Boolean type storing True and False values

Python object type

Fixed-lengthsstring type (1byte per character). Forexample, to create

astring dtype with length 10, use ' S10".

I's often only necessary to care about the general kind of data you're dealing with, whether floating point,
complex, integer, boolean, string, or general Python object.

In [19]:

Oout[19]:

In [20]:

Oout[20]:

In [21]:

Out[21]:

np.arange (15)

array([ 0, 1, 2,

41)

arrl = np.array([1l
arr2 = np.array ([1
arrl.dtype

dtype('float64d"')

arr2.dtype

dtype ('int32"')

4

4

3,

2,
2,

31,
31,

dtype=np.float64)
dtype=np.int32)
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astype method or% o?ﬂ Gsooosgchl:sgm: 0903??0 oo@o:ooo%e?o% s@oé:cﬁ%éméu (You can explicitly
convert or cast an array from one dtype to another using ndarray’s astype method)

GIDOSM eoeoogé integer 08$:qp:(rf° floating pointsg@oc)e@o&oaéu (cast oaﬁoaéu)

In [22]: arr = np.array([l, 2, 3, 4, 51])
arr.dtype
float_arr = arr.astype(np.float64)
float_arr.dtype

Out[22]: dtype('float64')

(oY < <

floating point o3 integer dtype 3(g6a3 e(gaC:0g)C 30060835:4:03 (g0S0da0p5 (decimal part will be
truncated:)

In [23]: arr = np.array([3.7, -1.2, -2.6, 0.5, 12.9, 10.11])
arr
arr.astype (np.int32)

Out[23]: array([ 3, -1, -2, 0, 12, 101)

sgogsp( value eo?oooa@)qp@cog (array of strings representing numbers) astype o? 3208 @Lj
:3(66 e[goc:8Ea0pSn (to convert them to numeric form)

In [24]: numeric_strings = np.array(['1l.25', '-9.6', '42'], dtype=np.string_)
numeric_strings.astype (float)

Out[24]: array([ 1.25, -9.6 , 42. 1)

strlng aP: o? float64 a(e6a3 e[gad:eqoli (string that cannot be converted to float64) TypeError
(210} (\)998"

If casting were to fail for some reason (like a string that cannot be converted to float64), a TypeError will
be raised. See that | was a bit lazy and wrote float instead of np.float64; NumPy is smart enough to alias
the Python types to the equivalent dtypes. You can also use another array’s dtype attribute:

< <

NumPy oag Python type qp o? POOD: o?@ooog dtypes(equivalent dtypes) o) e[g)oc eo ooau array’s
dtype attribute 0?078 322t @ﬁ.coagu

In [25]: int_array = np.arange(10)
calibers = np.array([.22, .270, .357, .380, .44, .50], dtype=np.floa
t64)

int_array.astype(calibers.dtype)

Out[25]: array([O., 1., 2., 3., 4., 5., 6., 7., 8., 9.1)

There are shorthand type code strings you can also use to refer to a dtype:
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In [26]: empty_uint32 = np.empty (8, dtype='u4d')
empty_uint32

Out [26]: array([ 0, 1075314688, 0, 1075707904, 0,
1075838976, 0, 1072693248], dtype=uint32)

* astype 03 eslad:00p3325103¢E: array 30060069(0|c0Se0:00p51 (6058m:0acon:00ps array
322060063(0|0pSe0:00p5 )i dtype 3260r08:8¢ 300603005 oRés§oaésgaflq|°[:ogémé: astype o3
eal09:00p5325103¢E: array 32060069(g|ca6e0:a0051

Arithmetic with NumPy Arrays

*Operations between Arrays and Scalars

Array qp:0 eolé: §05 egoad oo: (operations)oopdes] Array ad§ element 0o659g¢:803 for loops (¢

600593 Array o3 03§:0009a6(9¢ batch operation (QjapSoopSi sagudaaen: orpdaops array (equal-size
arrays)qp:03 arithmetic operation (g coSaopdees] elementwise operation aa(gd (gjcoGa0pS1

Arrays are important because they enable you to express batch operations on data without writing any for
loops. This is usually called vectorization. Any arithmetic op—-erations between equal-size arrays applies
the operation elementwise:

In [27]: arr = np.array([[l., 2., 3.1, [4., 5., 6.]11)
arr
Out[27]: array([[l., 2., 3.1,
(4., 5., 6.11)
In [28]: arr * arr
Out[28]: array([[ 1., 4., 9.1,
[16., 25., 36.11)
In [29]: arr - arr

Out [29]: array([[0., O.,
(0., 0., 0.11)

o
~

Arithmetic operations with scalars are as you would expect, propagating the value to each element:

In [30]: 1 / arr

Out [30]: array([[1l. , 0.5 , 0.33331],
[0.25 , 0.2 , 0.166711)

In [31]: arr ** 0.5

Out[31]: array([[1. ’
(2. ’

=

.4142, 1.7321]1,
.2361, 2.449511)

N

In [32]: arr2 = np.array([[0., 4., 1.1, (7., 2., 12.]11)

Gmoé‘:ooogggﬁ NumPy Basics(Part One)
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In [33]: arr2

Out [33]: array([[ 0., 4., 1.1,
L 7., 2., 12.11)

In [34]: arr2 > arr

Out [34]: array([[False, True, False],
[ True, False, True]l])

3@goSae0: ©0xpd00pS array qp: colc: §05 elgnad @o: apd(sé: (Operations between differently sized
arrays) o3 broadcasting vyesloopSi

Basic Indexing and Slicing

{o] C. 0O o < . . co¢ < ° N o O NS
NumPy array qp:op §a:em:03@<; indexing cQO&Ca0ROI G302DFZIICY:C0 @ G300 eg:suoo@c:(to
select a subset of data)s¢ 03§: ooo%egrfioaoeg qJOS(to select a individual elements)or‘?’ §25:q:9(0S
@lcqo§cwalr One-dimensional array oag sacxgwooace @ooogu Python list o? indexing/Slicing c\?ooag

Q65 0ppBaopS RS
In [35]: arr = np.arange (10)
arr

Out [35]: array([O, 1, 2, 3, 4, 5, 6, 7, 8, 91)

In [36]: arr[5]

Out[36]: 5

In [37]: arr[5:8]

Out[37]: array([5, 6, 71)

In [38]: arr([5:8] = 12
arr

Out[38]: array([ O, 1, 2, 3, 4, 12, 12, 12, 8, 91)

arr([5:8] = 12 oaé 96 © 39080% scalar value @5038(: 12 @5 assign C\?Sméu m§§§:m:@§ 9
C§EP © © G§6T33908 oo$<c§:qp:(§ 120 oao&j)ogc;o:oaéu
90560pd 380 Fg|0den array qp:o3 sliceing codgE:o0pS original array ¢ ego?ooﬁ [35(8¢: (view on the

original array ooo@o)oo@u (array slices are views on the original array. )u ooo§§ 23908 @c cssoooqp o?

om: ogoo oomegee G@oc c\)cg_lc (any modifications) @co(source) array ogcc\)g e@oo 090z c\)@egn (array
slices are views on the original array. This means that the data is not copied, and any modifications to the
view will be reflected in the source array)

In [39]: arr_slice = arr[5:8]
arr_slice

Out [39]: array([12, 12, 12])

9 Gmoé‘:ooogggfé NumPy Basics(Part One)
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In [40]: arr_slice[l] = 12345
arr

Out [40]: array ([ 0, 1, 2, 3, 4, 12, 12345,
8,

91)

In [41]: arr_slice[:] = 64

arr

Out[41]: array([ O, 1, 2, 3, 4, 64, 64, 64, 8, 91)

10

12,

NumPy §<§ eqé:‘?:oﬁqu of?’sgqucr}’ ooor%@)lsﬁc\c?’oaéu oo@o:eoao array programming language q_p:ogé

@oo(source) array ¢ op:o9(320051 ( copy cpGoopS)

If you are new to NumPy, you might be surprised by this, especially if they have used other array
programming languages which copy data more zealously. As NumPy has been designed with large data
use cases in mind, you could imagine performance and memory problems if NumPy insisted on copying

data left and right.

higher dimensional array qp:320305 0o(g2:6000 option g:§oopSi two-dimensional array op¢ index
68 element gp:00pS one-dimensional array (962051 ( NumPy oo index oo98el element gp:ad

scalar 39@903 eoaorgcfogo'])

In [42]: arr2d = np.array([[1, 2, 3], [4, 5, 61, [7, 8, 911)
arr2d[2]

Out [42]: array([7, 8, 91)

In [43]: arr2d

Out [43]: array([[1l, 2, 3],
(4, 5, 6],
(7, 8, 911)
In [44]: arr2d([0][2]

Out[44]: 3

Thus, individual elements can be accessed recursively. But that is a bit too much work, so you can pass a

comma-separated list of indices to select individual elements. So these are equivalent:

In [45]: arr2d([0, 2]

Out [45]: 3

NumPy Basics(Part One)
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axis 0

1

< S~ S
GOOOC:OOOOE)Q‘?';.

axis 1

0,0

0,1

0,2

1,0

1,1

1,2

2,0

2,1

2,2

11

In multidimensional arrays, if you omit later indices, the returned object will be a lower-dimensional

ndarray consisting of all the data along the higher dimensions. So in the 2 x 2 x 3 array arr3d

In [46]:
21101
arr3d
out [46]: array([[[ 1, 2,
[ 4, 5,
(r 7, 8,
(10, 11,
In [47]: arr3d[0]
Out[47]: array([[1l, 2, 3]
(4, 5, 6]
In [48]: arr3d[1l]
Out[48]: array([[ 7, 8,

(10, 11,

arr3d = np.array([[[1, 2, 3], [4, 5,

91,

1211)

611,

8, 91,

11, 1

NumPy Basics(Part One)
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In [49]: old_values
arr3d[0] =

arr3d

arr3d[0] =

arr3d

Out [49]: array([[I
[

(L

N N N
Ceseletiecloniobl ]
= arr3d[0].copy ()

42

old_values

1’ 2’ 3]’
4, 5, 611,

7, 8, 9]

(1o, 11, 12111)

In [50]: arr3d[l, O]

Oout [50]: array([7,

8, 91)

In [51]: x = arr3d[l]

X
x[0]

Out [51]: array(I[7,

8, 91)

12

Note that in all of these cases where subsections of the array have been selected, the returned arrays are

views.

Indexing with slices

Like one-dimensional objects such as Python lists, ndarrays can be sliced using the familiar syntax:

In [52]: arr
arr[1l:6]

Out [52]: array ([ 1,

2, 3, 4, 64])

Higher dimensional objects give you more options as you can slice one or more axes and also mix

integers. Consider the 2D array above, arr2d. Slicing this array is a bit different:

In [53]: arr2d
arr2d[:2]

Out [53]: array([[1,
(4,
In [54]: arr2d[:2,
Out [54]: array([I[2,
[5,
In [55]: arr2d[1l,

Out [55]: array([4,

1:]

51)

NumPy Basics(Part One)
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In [56]:

Out [56] :

In [57]:

Out [57]:

In [58]:

Oout [58]:

Boolean Indexing

In [59]:

Oout [59]:

In [60]:

Out [60] :

In [61]:

Out[61l]:
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arr2d[:2, 2]
array([3, 6])
arr2d[:, :1]
array ([[1],

(41,

[711)
arr2d[:2, 1:]1 =0
arr2d
array([[1, 0, 0],

(4, 0, 01,

(7, 8, 911)
names = np.array(['Bob', 'Joe', 'will', 'Bob', 'Will', 'Joe', 'Joe
'1)
data = np.random.randn (7, 4)
names
array (['Bob', 'Joe', 'Wwill', 'Bob', 'will', 'Joe', 'Joe'], dtyp
e="'<U04")
data
array ([[ 0.0929, 0.2817, 0.769 , 1.24064],

[ 1.0072, -1.2962, 0.275 , 0.2289],

[ 1.3529, 0.8864, -2.0016, -0.3718],

[ 1.669 , -0.4386, -0.5397, 0.477 1],

[ 3.2489, -1.0212, -0.5771, 0.1241],

[ 0.3026, 0.5238, 0.0009, 1.3438],

[-0.7135, -0.8312, -2.3702, -1.8608]1)
names == 'Bob'
array ([ True, False, False, True, False, False, False])
data[names == 'Bob']
array ([[ 0.0929, 0.2817, 0.769 , 1.2464]7,

[ 1.669 , -0.4386, -0.5397, 0.477 11)
data[names == 'Bob', 2:]
data[names == 'Bob', 3]
array ([1.2464, 0.477 1)
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In [64]:

Out [64]:

In [65]:

Out [65]:

In [66]:

Out [66] :

In [67]:

Out[67]:

In [68]:

Out [68] :

N N N
Ceseletiecloniobl ]

names != 'Bob'

data[~ (names == 'Bob')]

array ([[ 1.0072, -1.2962, 0.275 , 0.2289],
[ 1.3529, 0.8864, -2.0016, -0.3718],
[ 3.2489, -1.0212, -0.5771, 0.12417,
[ 0.3026, 0.5238, 0.0009, 1.3438]7,
[-0.7135, -0.8312, -2.3702, -1.860811)

cond = names == 'Bob'

data[~cond]

array ([[ 1.0072, -1.2962, 0.275 , 0.2289],
[ 1.3529, 0.8864, -2.0016, -0.3718],
[ 3.2489, -1.0212, -0.5771, 0.12417,
[ 0.3026, 0.5238, 0.0009, 1.3438]7,
[-0.7135, -0.8312, -2.3702, -1.860811)

mask = (names == 'Bob') | (names == 'wWill")

mask

data[mask]

array ([[ 0.0929, 0.2817, 0.769 , 1.24647,
[ 1.3529, 0.8864, -2.0016, -0.3718],
[ 1.669 , -0.4386, -0.5397, 0.477 1,
[ 3.2489, -1.0212, -0.5771, 0.124111)

data[data < 0] = 0

data

array ([[0.0929, 0.2817, 0.769 , 1.2464],
[1.0072, O. , 0.275 , 0.2289],
[1.3529, 0.8864, 0. , 0. 1,
[1.669 , O. , 0. , 0.477 1,
[3.2489, O. , 0. , 0.12417,
[0.3026, 0.5238, 0.0009, 1.3438],
[0. , 0. , O. , 0. 11

data[names != '"Joe'] = 7

data

array ([[7. , 7. ;7. P 1,
[1.0072, O. , 0.275 , 0.2289],
[7. , 7. , 7. , 7. 1,
[7. , 7. , 7. , 7. 1,
[7. , 7. , 7. , 7. 1,
[0.3026, 0.5238, 0.0009, 1.3438],
[0. , 0. , O. , 0. 11

Fancy Indexing
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