Cheat Sheet of Machine Learning and Python (and Math)

m medium.com/machine-learning-in-practice/cheat-sheet-of-machine-learning-and-python-and-math-cheat-
sheets-a4afe4e791b6

There are many facets to Machine Learning. As | started brushing up on the subject, | came
across various “cheat sheets” that compactly listed all the key points | needed to know for a
given topic. Eventually, | compiled over 20 Machine Learning-related cheat sheets. Some |
reference frequently and thought others may benefit from them too. This post contains 27
of the better cheat sheets I've found on the web. Let me know if I'm missing any you like.

Given how rapidly the Machine Learning space is evolving, | imagine these will go out of date
quickly, but at least as of June 1, 2017, they are pretty current.

If you want all of the cheat sheets without having to download them individually like | did, |
created a zip file containing all 27. Enjoy!

If you like this post, give it a ® below.

Machine Learning

There are a handful of helpful flowcharts and tables of Machine Learning algorithms. I've
included only the most comprehensive ones I've found.

Neural Network Architectures

Source: http://www.asimovinstitute.org/neural-network-zoo/
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The Neural Network Zoo

Microsoft Azure Algorithm Flowchart

Source: https://docs.microsoft.com/en-us/azure/machine-learning/machine-learning-
algorithm-cheat-sheet
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Machine learning algorithm cheat sheet for Microsoft Azure Machine Learning Studio

SAS Algorithm Flowchart

Source: http://blogs.sas.com/content/subconsciousmusings/2017/04/12/machine-learning-
algorithm-use/
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Machine Learning Algorithms Cheat Sheet

Unsupervised Learning: Clustering Unsupervised Learning: Dimension Reduction

START
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SAS: Which machine learning algorithm should | use?

Algorithm Summary

Source: http://machinelearningmastery.com/a-tour-of-machine-learning-alg

orithms/
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Maive Bayes

Averaged One-Dependence Estimators (AQDE)
Bayesian Belief Network (BBN)

Caussian MNaive Bayes

Deep Boltzmann Machine (DEM) Bayesian
Deep Belief Networks (DBN)
Convolutional Neural Network (CNN)

Multinomial Naive Bayes
\ Bayesian Network (BN)
Classification and Regression Tree (CART)

Iterative Dichotomiser 3 (ID3)

C4.5

5.0

Chi-squared Automatic Interaction Detection (CHAID)

Deep Learning

Stacked Aute-Encoders

Random Forest

Gradient Boosting Machines (GBM)
Boosting
Bootstrapped Aggregation (Bagging)
AdaBoost

Stacked Generalization (Blending)
Gradient Boosted Regression Trees (GBRT)

Ensemble Decision Tree |

Decision Stump

Conditional Decision Trees

M3
Radial Basis Function Network (REFN) i .
Principal Component Analysis (PCA)
Perceptron n N
- | Neural Networks [ Partial Least Squares Regression (PLSR
Back-Propagation ¢
) . ) Sammon Mapping
Hopfield Network Machine Learning Algorithms — - :
8 - Multidimensional Scaling (MDS)
Ridge Regression — .
Projection Pursuit
Least Absolute Shrinkage and Selection Operator (LASSO) o - .
- | Regularization . o . Principal Component Regression (PCR)
Elastic Net Dimensionality Reduction J
- v Partial Least Squares Discriminant Analysis
Least Angle Regression (LARS) N — N
Cubi Mixture Discriminant Analysis (MDA)
ubist

Quadratic Discriminant Analysis (QDA)
Regularized Discriminant Analysis (RDA)

One Rule (OneR)
Zero Rule (ZeroR)
Repeated Incremental Pruning to Produce Error Reduction (RIPPER)

| Rule System

Flexible Discriminant Analysis (FDA)
\ Linear Discriminant Analysis (LDA)

Linear Regression

k-Nearest Neighbour (kNN)
Learning Vector Quantization (LVQ)
Self-Organizing Map (SOM)

Locally Weighted Learning (LWL)

Ordinary Least Squares Regression (OLSR)

Stepwise Regression Instance Based

Regression

Multivariate Adaptive Regression Splines (MARS)
Locally Estimated Scatterplot Smoothing (LOESS)

Logistic Regression /

k-Means

Clustering
Expectation Maximization

Hierarchical Clustering

A Tour of Machine Learning Algorithms

Source: http://thinkbigdata.in/best-known-machine-learning-algorithms-infographic/
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dimesionality reduction

Principal Component Analysis (PCA)
Principal Componem Regression (PCR)
Parti®d Least Squares Regression {PLSR)
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Multidimensional Scaling (MDE)

Projection Pursuit

Discriminant Analysis (LDA, MDA QDA FDA)

deep learning

Decp Boltzmann Machine (DEM)
Deep Balicf Mok

Convolut

Stacked Auto-Encodors

associated rule

Aprion
Eclat
FP-Growth

ensemble

Logit Boast (Boosting)

Bootstrapped Aggregation (Bagging)
AdaBoost

Stacked Goneralization (bending)

Gradient Boosting Machines (GBM)
Gradient Boosted Regression Trees (GBRT)
Random Forost

thinkbigdata.in | info@thinkbigdata.in |

@think_bigdata

clustering

Single-linkage ¢l

Expec

neural networks

Sall Organizing Map

Percaptron

Back-Propagation

Hepfiokd Motwark

Radial Basis Function Netwerk (RBFN)
Backpropagation

Auteoneodars

Hopfisld nstworks

Bolizrmann machines

Restrictod Boltzrmann Machines
Splking Moural Nelworks

Learning Vector quantization (LVQ)

...and others

facebook.comthinkbigdatain

Which are the best known machine learning algorithms?

Algorithm Pro/Con

Source: https://blog.dataiku.com/machine-learning-explained-algorithms-are-your-friend
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data
Iku

TOP PREDICTION ALGORITHMS

TYPE NAME DESCRIPTION ADVANTAGES DISADVANTAGES
Sometimes too simple to cap-
Easy to understand - o ionshi
: . plex relationships
: Linear The “best fit" line through all data you clearly see what the between variables.
regression points. Predictions are numerical. biggest drivers of the
. Tendency for the model to
- . model are. = L
© ‘overfit”.
@
c
=y Sometimes too simple to cap-
insistic The adaptation of linear regression to ture complex relationships
Bist problems of classification (e.g., yes/no Also easy to understand. between variables.
regression questions, groups, etc.) Tendency for the model to
. “overfit”.
. . A graph that uses a branching method R Nf“: d‘;;‘i’:n“::ga‘:";:i’tz":'l's?;ﬂen
: Decision to match all possible outcomes of a AL S el tpoosim b i
- i implement. P pawerii
¢ tree decision. enough for complex data.
b Takes the average of many decision e b sl Girtae
Q . H i H . an be slow to outpu
g frees: efCh&sz‘ctI; lSEmahd: wnfh Asort of “wisdom of the predictions relative to other
o] : Random 2 Sa’:" eh° ‘;: lf 73 E8c] ree 'Sb 5 crowd”. Tends to result algorithms.
T . iy weaker than a full decision tree, but by in very high quality
m Py
o combining them we get better overall s e Not easy to understand
= performance. predictions.
o Asmall change in the feature
. Gradient Uses even weaker decision trees, that set or training set can create
3 Boosting are increasingly focused on “hard” High-performing. radical changes in the model.
examples. Not easy to understand
predictions.
% he beh fthe b v low to t
Mimics the behavior of the brain. ery, very slow to train,
Can handle extremel
E Neural networks are interconnected s b at&;\er because they have so many
g Neural neurons that pass messages to each . Eth e layers. Require a lot of power.
networks other. Deep learning uses several g gorithm el in Alisostimjousibii o
— image recognition.
© lafgtreri:fnte:ral networks put one |24 B e e
after the other.
=
@
=

e ©2017 Dataiku, Inc. | www.dataiku.com | contact@dataiku.com | @dataiku
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Python

Unsurprisingly, there are a lot of online resources available for Python. For this section, I've
only included the best cheat sheets I've come across.

Algorithms

Source: https://www.analyticsvidhya.com/blog/2015/09/full-cheatsheet-machine-learning-
algorithms/
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CHEATSHEET

Machine Learning
@ Algorithms &

( Python and R Codes)

_____________________________________________________________________________________ Types

Supervised Learning : Unsupervised Learning | Reinforcement Learning
-Decision Tree -Random Forest - Apriori algorithm - k-means - Markov Decision Process
-KNN -Logistic Regression ' - Hierarchical Clustering * - Q Learning

Python R
Code

#Import Library i #Load Train and Test datasets

#Import other necessary libraries like pandas, ; #Identify feature and response variable(s) and
#numpy. .. E #values must be numeric and numpy arrays

from sklearn import linear_model x_train <- input_variables_values_training_datasets
#Load Train and Test datasets E y_train <- target_variables_values_training_datasets
#Identify feature and response variable(s) and x_test <- input_variables_values_test_datasets
#values must be numeric and numpy arrays E x <- cbind(x_train,y_train)
x_train=input_variables_values_training_datasets #Train the model using the training sets and
y_train:taPget_variables_values_training_datasetsE #check score
x_test=input_variables_values_test_datasets linear <- Im(y_train ~ ., data = x)

#Create linear regression object E summary(linear)

linear = linear_model.lLinearRegression() ¢ #Predict Output

—
=
84
| —
=5
(L]
[~

#Train the model using the training sets and E predicted= predict(linear,x_test)
#check score i

linear.fit(x_train, y_train)

linear.score(x_train, y_train)

#Equation coefficient and Intercept

print('Coefficient: \n', linear.coef_ )

print('Intercept: \n', linear.intercept_)

#Predict Output

predicted= linear.predict(x_test)

Python Basics

Source: http://datasciencefree.com/python.pdf
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hon Cheat Sheet

+ Python is case sensitive
+ Python index stars from 0

+  Python uses whitespace (tabs or spaces) to indent
code instead of using braces.

[ elp Homa Page [ 1p 1
Funclion Hel nelp(str.replace)
ModeHalp_ |meip (za)

Python maodule is simply a 'py’ fle
List Module Cantents
Laad Madula

(Call Function fram Modula

ScALAR TYPE

Check data type : type (variable)

SIX COMMONLY USED DATA TYPES
1. int/long* - Large int automatically converis to long
2. float* - B4 bits, there is no 'double’ type
3. bool* - True or False
4. str* - ASCIl vauedin Pyhon 2. and Unioode in Python 3
String can be in single/doubleiriple quotes
String is a sequence of characters, thus can be
treated like other sequences

Spacia] characier can be done via *, or preface

- e'this\f20F" ]

can be done in a number of ways

lat e-'i 2f %5 haha $&d";
t % {4.88, 'hela', 2)

NoneType(None) - Python 'null’ value {ONLY

one instance of None object exists)

* Moneis not a reserved k
unigue instance of ‘None Type'

+ Nongis common default valug for optional
function arguments :

5

rd but rather a

‘de( funel(a, b, ¢ = Kene) ‘

+ Common usage of None ©

‘_1 variable is None : ‘

1

datetime - built-in python 'datetime’ module
provides 'datetime’, ‘date’, ‘ime’ types.
* 'datetime' combines informaticn stored in "date’

and "tme’
Create datefime
iy #¥imbd)
Get 'date’ objoct .date [}
Get time' object |Gt 1. time ()
Format datstime stretime (°4m/d/ %Y
10 String M)
Chanpe Field =dtl.replace (minute =
Valug 0, second = 30)

diff = dei - de2

et DTN i 1 & etetina imedate otject

DATA STRUCTURES

tupl = 4, ar
e fupl = (5,7

Create Nested Tuple |tupl = (4,5,8), (7,8

fionuen Sequence of |eypre (1, 0, 2J)

(S Tuples |tupl + tup?Z

|Unpack Tuple a, b, c =

Application of Tuple

Swap variables Jo, 2 =a, b ]

Note :
+ ‘start'index is included, but ‘siop’ index is NOT.
* startisiop can be omitted in which default to
the start/end. L

§ Application of 'step’ :

Taks every other alemant
Reverse 3 &

_ DICT (HASH MAP

One di variable length, fie
contents can be modified) sequence of Python objects
of ANY type.

= [1, 'a", 3] or

Greats List - et {tupl
e sr2 ar

G i 1 .extend(1istd)

Appan to End of List .appena('b')

Inzert to Spetific insert (posldx,

Pasitan

Invarse af Insart valueAtIdx = listl.

pop (posldx)

E:":‘"L‘.;F'm e t1.remove('a’)

Check Mambership True ™
Sart List

Sart with Usar-
Supplied Furction

-sort{key - len)

# sort by langth

*  List concatenation using '+ is expensive since
anew list must be created and objects copied
over. Thus, extend () is preferable.

Insert is computationally expensive compared
with append.
that a list contains a value is lot slower

Built-in "bisect module:
¢+ Implements binary search and insertion into a
sorted list

+ 'bisect bisect finds the location, where ‘bisect.
insort’ actually insests info that location.

4 WARNING : bisect module functions do not
check whether the listis soried, doi

Craato Dict twaluel?, 2
Craate Dict from dict{zip(keyList,
Sequence valueList))

GetiSat/Insart Elemeant evi'] = ‘newvalue’

Get with Default Vale
Check if Key Exigis
Daleta Element

Get Hey List
Get Value List

values ()

Updata Vakies

di.
#dict] valuas are naplaced by Gict?

"KeyErmor® excepfion if the key does not exist.
"get()’ by default (aka no 'defauitValus') wil
IEJE bhyms' iflht(a key does not exist. )

Retums the lisis of keys and values in the same
order. However, the order is not any particular
order, aka it is most liesly not sorted.
Valid dict key types
+ Keys have to be immutable lke scalar types {int,
fioat, string) or tuples (all the objects in the fuple
need fo be immutable toe)
*+ The technical term here is 'hashability,
check whether an object is hashable with the
hash{'this is string'), hash{(l, 2]}
- this would fail.

+ Aselis an unordered collection of UNIQUE
elements.

+ You can think of them like dicts but keys only.

set((3, 6, 3]} or
be compuabonal Create Set 5,6 31
ey ke 0 incorrack metlie. Test Subsat ~issubset (set2)
Note : All non-Gat function call ie. 14ae1.sexe () _ Test Suparse!
S o b (o i e e
e SR T ke e ia) SLICING FOR SEQUENCE TYPES L=t B
1 Sequence types indluds ‘st ‘array’, "tuple', st etc. . Set
TUPLE ey
— " " Notaion [1:sc1 jon (aka 'and] et & setd
of Python objects quNvtype [ Terence setl - sard
1f step is used) & [aka wor) [serl ~ ser2

Source: https://www.datacamp.com/community/tutorials/python-data-science-cheat-sheet-

basics#gs.0x1rxEA
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Python For Data Science Cheat Sheet
Python Basics

Learn Mose Pythan for Data Schence at Wi datacamg Com

Variables and Data Types
s1gn

[ K=5

-

5

Calculations With Variables

— | Sum of two variables l
7

Frr k=2 Subtraction of two variables

X

a3 g3 Multiplication of two vasiables
11

R A Exponentiation of a variable
Frr kA2 Remainder of 2 vasiable

13

x»> g/float (2} Division of a variable

2.5

Types and Type Conversion

sez{) | 'o°, "3.457, 'Truer -U.Irhblﬁln!.ln'ng! ]
int(h 5, 3, 1 Variables to integers
fleat () 5.0, 1.0 Variables to Aoats
Bool () . . Variabies 1o boolkeans.

Asking For Help

x> helpl(ate)

o :Ly_q;:j,ng = ‘thisstringlsAwescme”
»>> my_string

thi 2 M 3 o *

String Operations
box my_stzing * 2 |
ol ahwes

>r» my_string + °

m' in my_string

Numpy

Sk o o=
>>> b ow *nice’

x> my_List = [‘ay", 'list", a, B)
>xx My _list2 = [[4,5,.6,7), [3,4,5,6]]

List Elements

Selecting

Subset

»»x my lise[1]
soe my_List(-3]
Slice

>»> my_list[1:3]

Select inem at index 1
Select jrd lastitem

Select iems at index 1 and 2

=»> my_list[l:] Select items after index o
x> my liat[:i3] Select itemns before index 3
2rx» my_list[:] Copy my_Nst

Subset Lists of Lists
»3» my list2([1][0]
»rr my_list2[1]([z2)

List Operations
> my_list + my_list

rriy_lestflist|[emOiList]

ey, f1iat, ilat w, Cmrt, filaet, tiet, ‘adewt

=3 my_list2 » 4

»»> By_list.indexia) Get the index of an item
Bex my_list.count{a) Countanitem

Bow my list.append{*!'} Append an item at a time
e my_list.remove{'!") Rmmive an ilem

> del (my_liat[0:1]) Remove an item

axx my_list.reverse () Reverse the list

[t my_lisr__zxtem:i[".'*l Append an item

paw my list.popi-1) Remove an iem

>xx my_list.inserci0,"!') | Inden anitem

P> my_list.sort() Sout the list

=32 my_string[2]
x> my_string[4:9)

String Methods

. | saring 10 cppercase
L Sarig 10 WOWETC 158
D Coum String elesmns
o> Replace String lementi

=33 Atring.atripll Sarip whilispace From ends

Source: https://www.dataquest.io/blog/numpy-cheat-sheet/

Libraries
Import libraries

pandasi A wil

>»>» import numpy Das aribysis Matise kaiming
x> AWPSIT DURDY as np
Selectiveimport '.‘\'uml'\' % matplotis
>>> frem math import pi SiRrLAC rompting 10 ploning
Install Python
o J
Ly L—
'a Jupyter
ANACONDA spyder .
Leadinng open ity sherate platform IFree IDE that is incheded Create aned shade
prwered by Prihon withAnacends documerns with e code,
whuskEaons, tewl,
Numpy Arrays Also see Lists
pas my_llet = (1, 2, 3, 4]
Bx BY_ATEAY = Af.

33 my ZAATTay = np.array (00,2, 30, [4,%,4]0])

Selecting Numpy Array Elements

Subset
e my_arzay(l)
2

Index starts at &

Sedect item at index

Slice

B> my array[0:2]
arraydll, 211

Subset 2D Numpy arrays

S m]-_Ednrr.r,rI:,I}'I
arrayiil. 411

Numpy Array Operations ; .

>>> my_array > 3
array ' ' .
Prr my_array * 2
arrayi|Z, 4, 6, Bl}
>5> my_array + np.array{[5; &, 7, B8]}
arcaylie, & 1% 12)1

Sebect items at index o and 1

my_zdarraylrows, columns]

s duype=bool)

Mumpy Array Funetions

x> WY_ArTay.ahape Get the dimensions of the array
>>> np.append (other_array) Append items to an amay
>r> pp.insert {my_azrray, L, 5} st items inan amay

x> Ap.delete My _arcay, [1]] Dedete ibems in amarmay

>rr np.mean (my_arrayl Mear of the aray

>3 Ap.median (my_arcay) Meddian o the aeray

>>> my_azzay.corrcoef () Cermelation coefficient

>x> AP, 3td (my_arrayl Standard dewiation
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® DATAQUEST

KEY
We'll use shorthand in this cheat sheet
arr - Anumpy Array object

IMPORTING/EXPORTING

np.loadtxt (" file.txt') - From a text file

np.genfromtat( " file.csv® ,delimiter=",")
- From a CSV file

np.savetxt( ' file.txt',arr,delimiter=" ')
- Writes to a text file

np.savetxt(‘file.csv',arr,delimiter=",")
- Writes to a C5V file

LEARN DATA SCIENCE ONLINE
Start Learning For Free - www.dataquest.io

Data Science Cheat Sheet

IMPORTS
Import these to start
import numpy as np

arr.T -Transposes arre (rows become columns and
vice versa)

arr.reshape(3,4) - Reshapes arr to 3 rows, 4
columns without changing data

arr.resize((5,6)) - Changes arr shape to 5x6
and fills new values with @

NumPy

CREATING ARRAYS

np.array([1,2,3]) - One dimensional array

np.array([(1,2,3),(4,5,61]) - Two dimensicnal
array

np.zeros(3) - 10 array of length 3 all values @

np.ones((3,4)) - 3x4 array with all values 1

np.eye(5) - 5x5 array of @ with 1 on diagonal
{Identity matrix)

np.linspace(e,18@,6) - Array of 6 evenly divided
values from @ to 188

np.arange(®,18,3) - Array of values from @ to less
than 18 with step 3 {eqg [@,3,6,9])

np.full({2,3),8) - 2x3 array with all values B

np.random.rand(4,5) - 4x5 array of random floats
between @-1

np.random. rand(6,7)*10@ - 6x7 array of random
floats between 8-18@

np.random. randint(5,size=(2,3)) - 2x3 array
with random ints between 8-4

ADDING/REMODVING ELEMENTS

np.append(arr,values) - Appends values to end
of are

np.insert(arr,2,values) - Inserts values into
arr before index 2

np.delete(arr,3,axis=0) - Deletes row on index
3 of arr

np.delete(arr,4,axis=1) - Deletes column on
index 4 of arr

SCALAR MATH

np.add(arr,1) - Add 1 to each array element

np.subtract(arr,2) - Subtract 2 from each array
element

np.multiply(arr,3) - Multiply each array
element by 3

np.divide(arr,4) - Divide each array element by
4 (returns np.nan for division by zera)

np.power{arr,5) - Raise each array element to
the 5th power

COMBINING/SPLITTING

np.concatenate((arrl,arr2),axis=0) - Adds
arr2 as raws to the end of arrl

np.concatenate((arrl,arr),axis=1) - Adds
arr2 as columns te end of arrl

np.split{arr,3) - Splits arr into 3 sub-arrays

np.hsplit(arr,5) - Splits arr horizontally on the
5th index

INSPECTING PROPERTIES

arr.size - Returns number of elements in are

arr. shape - Returns dimensions of are (rows,
colurmns)

arr.dtype - Returns type of elements in arr

arr.astype(dtype) -Convert arr elements to
type dtype

arr.tolist() - Convert arr to a Python list

np.info(np.eye) - View documentation for

Ap.eye

COPYING/SORTING/RESHAPING

np.copy(arr) - Copies arr to New memory

arr.view(dtype) - Creates view of arr elerments
with type dtype

arr.sort() - Sorts arr

arr.sort{axis=8) - Sorts specific axic of arr

two_d_arr.flatten() - Flattens 2D array
two_d_arr to 1D

INDEXING/SLICING/SUBSETTING

arr[5] - Returns the element at index 5

arr[2,5] - Returns the 2D array element on index
[2][5]

arr[1]=4 - Assigns array element on index 1 the
value &

arr[1,3]=1@ - Assigns array element on index
[1][3] the value 18

arr[@:3] - Returns the elements at indices @,1,2
{On a 2D array: returns rows @,1,2)

arr[@:3,4] - Returns the elements on rows 8,1,2
at column 4

arr[:2] - Returns the elements at indices 8,1 {On
a 20 array: returns rows @,1)

arr[:,1] - Returns the elements at index 1 on all
FOWS

arr<5 - Returns an array with boolean values

{arrl¢3) & (arr2:5) - Returns an array with
boolean values

~arr - Inverts a boolean array

arr[arr<5] - Returns array elements smaller than 5

VECTOR MATH

np.add({arrl,arrl) - Elementwise add arr2 to
arrl

np.subtract{arrl,arr) - Elementwise subtract
arr2 from arrl

np.multiply({arrl,arrz) - Elementwise multiply
arrl by arr2

np.divide(arrl,arr2) - Elementwise divide arrl
by arr2

np.power{arrl,arr) - Elementwise raise arrl
raised to the power of arr2

np.array_equal(arrl,arr2) - Returns True if the
arrays have the same elements and shape

np.sgrifarr) - Sguare root of each element in the
array

np.sinfarr) - Sine of each element in the array

np.loglarr) - Natural log of each element in the
array

np.abs{arr) - Absolute value of each element in
the array

np.ceil(arr) - Rounds up to the nearest int

np.floor{arr) - Rounds down to the nearest int

np.round{arr) - Rounds to the nearest int

STATISTICS

np.mean{arr,axis=8) - Returns mean along
specific axis

arr.sum() - Returns sum of are

arr.min() - Returns minimum value of arr

arr.max(axis=@}) - Returns maximum value of
specific axis

np.var({arr) - Returns the variance of array

np.std({arr,axis=1) - Returns the standard
deviation of specific axis

arr.corrcoef() - Returns correlation coefficient
of array

LEARN DATA SCIENCE ONLINE

Start Learning For Free - www.dataquest.io

Source: http://datasciencefree.com/numpy.pdf
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PY (NumericaL PYTHON)

Setting data with assignment : 5. Boolean arrays methods

Numpy Cheat Sheet

|.-.cauay:jn:i¢:nay'_ <0] =0 " | Count # of 'Trues' | (ndarrayl > 0} .sum{}
in boolean amay
If ndarray1 is two-di ns, ndamay1 <0 If at least one ndarrayl.any()
creates a two-dimensional boolean amay. value is True'
If &l values are ndarrayl.all()
COMMON OPERATIONS ilns

1. Transposing

Nota: These methods also work with non-boolean
amays, where non-zero elements evaluate to True.

What is Num| Default data p.float64’. This + Aspecial form of reshaping which returns a ‘view’
. . L . equivalent fo 's float type which is 8 on the underlying data without copying anything.
Foundafion package for scientific computing in Python bytes (64 bits); thus the name ‘float6d’.
B. Sortil
Why NumPy? If casting were o fal for some reason, o ~
! E . I ——
+ Numpy ‘ndarray’ is a much more efficient way e szl ar Inptace sorting ndarrayl.sort ()
of storing and manipulating “numerical data™ ndarrayl.swapaxes {0, 1)
P  SUCING (INDEXING/SUBSETTING) _| s
+  Libraries written in lower-level languages, such LICING (INDEXING!SUBSEITING) 2. Vectorized wrappers (for functions that copy instead of
as G, can operate on data stored in Numpy * Slicing (i ndarray1(2:8])isa ‘view' on take scalar values) inplace

the original array. Data is NOT copied. Any
modifications {ie. scarrayl(2:6] = 8)tothe

‘ndarray’ without copying any data. * math.sgrt () works ononfya scalar

e o Tt | s
What is NdArray? + Instead of a 'view', explicit copy of slicing via : - Retum sorted np.unique indarrayl)
Fast and space-efficient multidimensional amay | ndarrayl [2:6] .copy () | 3. Vectorized expressions unigue values
e A T S P ) P * np.where(eend, x, v) IS@vectrized version Test i
arithmetic operations o i aay indexing natation : of the expression 'x if condition else y' :: ”;2“?;1 valu

Create NdAmay np.array(seql) |;.udzx=y'_|ﬂ: [Z] Orndarrayl[d, 2 | .‘\_p.whe:e[:?:ue, False]l, [1, 2], | ==

[2, 3]) => ndarray {1, 3)

+  Other set methods : intersectid(}unicald(l,
aetdi D4 (), setuorld (]

#5601 - is any sequenca ks chject,
ie.[1,2,3]

* Boolean indexing :

Create Special 1, np.zeros(lQ} . mon Usages :
N & 2 Cor

# one dimensional ndarray with 10 . = — 'Beb'} | (n =

sements of value 0 e i—’f. |£:\.:a'nes bl (names ey B [ & o0 B. Random number generation (np.random)

+ Supplements the buili-in Python random * with
functions for efficiently generating whole arrays
of sample values from many kinds of probability
distributions.

2, np.ones(z, 3)

# two cimensional ndamay with 6
elaments of value 1

3, np.empt PRI B
# three dimensional ndarray of
uninitialized values

4, np.eye[H) eor

ap. Ldentity (N}

# craates N by N idenfity matrix

=>a new array (same shape) of 1 or -1 values

#'2." means select from 3rd column on

np.where (cond, 1, 0).argmax() *
=> Find the first True element

Selecting data by boolean indexing
ALWAYS creates a copy of the data.

| samples - np. random.normal (size - (3, 3)) ]

o Python built-in random ONLY samples
one value at a time.

argmax (} can be used to find the
index of the maximum element.
Example is find the first

The ‘and’ and "or’ keywords do NOT work
with boolean arays. Use & and |.

element that has a Eina > number”
in an amay of price data.

NeArray varsion of | np.arange (1, 10)
Pythan's range

Gat # of Dimension | sciarrayl.adin

* Fancy indexing (aka 'indexing using integer amrays')
Select a subset of rows in a particular order :

4. Agg
(i.e. mean, sum, std)

Gal Dimension Size | dimlsize, dimZsize, .. - ndareayll (3, & 4] ]
. . Compute mean ndarrayl.mean(l Of
ndarrayl[ [=1, €] |

Get Dtz Type # negative indices select rows from the end G T T ) Created by Arianne Colton and Sean Chen

Explicit Casting adarray? = Compute statistics rayl.mean(axis = 1) .
astype(n o # ) R . www.datasclencefres.com

ower axis arrayl.sum{axis = 0)

Based on content from

e Fancy indaxing ALWAY'S creales a
copy of the data.

'Python for Data Analysis' by Wes McKinney

- Cannot assume empty(} will refumn all zeros.
It could be garbrage values.

Updated: August 18, 2016

Source: https://www.datacamp.com/community/blog/python-numpy-cheat-
sheet#gs.Nw3V6CE
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Python For Data Science Cheat Sheet
NumPy Basics

Learn Python for Data Scienc Iy at www.DataCamp.com

The NumPy library is the core library for scientific computing in
Python. It provides a high-performance multidimensional array
object, and tools for working with these arrays.

Use the following import convention:
>>> import numpy as np

NumPy Arrays
1D array 2D array 3D array
i axis2
axis1 ~ n i ‘.\
~TE 53

Creating Arrays

b>> a = np.areay([1,2,3])

>>> b = np.arcay([(1.5,2,3),

B e = np.areay(([(1.5,2,3),
dtype = float)

14,5,611,
145,831,

dtype = flaat)
L13,2,1), 4,5 6311,

NumPy

Initial Placehelders

23 np.reros({3,4)) Create an array of zeros
=22 np.ones(12,3,1) dtype=np. int 16| Create an amay of enes
3> d = np.arange(10,25,5) Create an array of evenly
spaced values fstep value)
> np.linspace(0,2, %) Create an array of evenly
spaced values (number of samples)
>>2 & = np,.full{(2,2),7) Create a constant array
=23 f = np.eye|2) Create a2X2 identity matrix
>»> np.random.random({2,2}) Create an array with random values

«empty{{3,2)) Create an empty array

Inspecting Your Arra

Also see Lists

*> a.shape Array dimensions Subsettin
»» lenia) Length of array 2 9
Fo) Narober of mroy dimensions > alzl [CT-TE | select the element at the 2nd index
B> 8. size Mumber of array elements .
e bodtype Data type of array elements i Lh“’ 21 Sfleﬁfgiﬂﬂ:w]aé‘?wo Couan
> b.dtype.name Name of data type bt =
ba> b.astyps [int) Convert an array ta a different type slicing

>>> np.info(np.ndar

dtype)

Array Mathematics
Arithmetic Operations

bsrg=-a-b

aerapi((-a.5, 0., 0
O T

p>> np.subtraet(a,b}

P> b +a

array(ll 2.5, 4., 6.1,

S, de, 6

be> np.addib,al

Ess oy

b
azray ([ 066666651, 1.
(xS bla

np.divide (a k)
>a *b
aeeay (il
p=> np.multiply(a,bl}
np.exp (b
np.sgEt (B)
np.ainial
b=> np.cos (bl
p>> np.1cgia)
bex e.dot (£)

arzayiil 1.,

v v

v

1e
L 1)

1e
m

1

1.5, 4 5,
fao 10, 1.

Subtraction

Subtraction
Addition

Addition
Division

Division
Multiplication

Multiplication
Exponentiation

Square root

Print sines of an array
Element-wise casine
Flement-wise natural lngarithm

Dot product

Comparison

2> a==h
array([[ . .
1 . I3
> a <2
areay([True, 3
B> np.acray_squalis, b)

I, drypembosl)

Element-wise comparisen
1r

11, deype=bacl)
Element-wise comparison

Array-wise comparison

Aggregate Functions

> a,mum{) Array-wise sum
min() Amay-wise minimum value
max (axis=0} Maximum value of an array ow
* b.cumsum {axis=1) Cumulative sum of the elements
> a.mean () Mean
P>> b.median{) Median
> a.cerrcoedl) Correlation coefficient
>> np.std(b) Standard deviation
Copying Arrays

ta Types 2> b= a.view()

>> np.intéd
rp.floati?
fp. complex
>5 np.bool

Signed 64-bit integer types

Standard double-precision floating paint.
Complex numbers represented by 128 floats
Booclean type storing TrUE and FaLSE values

»x> np.obiect Python abject type
>3 np.atring Fixed-length string type
23> npunicods Fixed-length unicode type

3> Np.copy i2)
bar B = &, copy ()

Create a view of the array with the same data
Create a copy of the array
Create a deep copy of the array

> bli1]

arzayql((L5, 2., 311

areap([3, 2, 1]}
Boolean Indexing

>> a[aez]

areap([1])

Fancy Indexing

> bl 0 1, 01, (0, 1, 2,
arzay(| 4.,
»> Bl 0, 1,

o

s L
£ 10:7,2,001

Select items at index o and 1

Select items at rows & and 1in column 1

Select all items at row 0
(equivalentto bro:1, @)
Sameas [1,:, 1]

Reversed array &
Select elements from = less than 2
Select elements (101,41, 11,2 and (0,0

Select a subset of the matrix's rows
and columns

Transposing Array
»3> i = np.transpese (b)
T

Changing Array Shape

+>> b.ravell)

>33 g.reshape |3, -2)
Adding/Removing Elements
=>> h.resize |(2,6))

>>> np.append (b, g)

»»» np.insert{a, 1, 5)

>>> np.delete{a, [1])

Combining Arrays
areay(( 1, 2, 3, 10,

>>> np.vstack({a, b))
scray(if 1.2, 2. 1,

18, 20])

S, 2., 3.1,
[ i KRR
3> np.r_[e, f]
+»> np.hstacki{e, £})
e e e

[or iy il

=110
>53 np.colunn_stack(la,d))

acray(([ 1, 191,
{2 151;

Splitting Arrays

335 np

lazzay

>33 np.vsplit|e,2)

lareay (E[[ 1.5, 3. » 1.1,
4.0 5., B

array([[[ 3., 2. .

[ 4., 5.,

‘ Permute array dimensions
Permute array dimensions

Flatten the array
Reshape, but don't change data

Return a new array with shape (2,6)
Append items to an array
Insert items in an array
Delete items from an array
|

>>> np.coneatenate((a,d),anis-0) | Concatenate arrays

Stack arrays vertically {row-wise}

| Stack arrays vertically (row-wise}
Stack arrays horizontally (column-wise)

Create stacked column-wise arrays

Create stacked column-wise arrays

Split the array horizontally at the 3rd
index
Split the array vertically at the 2and index

>>> a.serti)
23> ¢ mort (axis=D)

Sortan array
Sort the elements of an array's axis

DataCamp
7 D

Source: https://github.com/donnemartin/data-science-ipython-

notebooks/blob/master/numpy/numpy.ipynb
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NumPy

Credits: Forked from Parallel Machine Learning with scikit-learn and |1Python by Olivier Grisel

« NumPy Arrays, dtype, and shape
+ Common Array Operations

« Reshape and Update In-Place

» Combine Arrays

« Create Sample Data

In [1]: import numpy as np

NumPy Arrays, dtypes, and shapes

In [2]: a = np.array([l, 2, 3])
print(a)
print(a.shape)
print(a.dtype)

(12 3]

(3,)
int64

In [3]: b = np.array([[0, 2, 4], [1, 3, 5]])
print(b)
print(b.shape)
print(b.dtype)

[[0 2 4]
[135])
(2, 3)
int64

Pandas

Source: http://datasciencefree.com/pandas.pdf
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TA STRUCTUR

DF has a “to_panel{)” method which is the
inversa of *to, franmﬂaﬂ'

** Hierarchical indexing makes N-dimensional
arrays un in a lot of cases. Aka
prefer fio use Stacked DF, not Panel data.

INDEX OBJECTS

Immutable objects that hold the axis labels and other
metadata {i.e. axis name)

.ewaplevel (0,
Comman Ops: |13 . scrtlevel (3]

Swapand Sert ™

# the order of rows also change

*  The order of the rows do not change. Only the
two levels got swapped.

**  Data selection performance is much better if
the index is sorted starting with the oufermost
level, as a result of calling sortlevel (0) or
sort_indesx().

Si y Statistics by Level

Most stats functions in DF or Series have a ‘level
option that you can specify the level you want on an
axis.

Sum rows (that
have same ‘key2' Jsunilevel = 'key2')
valug)

dfl sum(level = 'cold’, axis
Sum columns .. f 1) i

T I Y e e
Gat Columns and + Any sequence of labels used when constructing
array-like object ing an amay of Row Kames Series or DF intemnally converted to an Index.
data (of any NumPy data type) and anassummarra Gat Name . 5 ; 3 q
of daia labas, c:all:ly iis um‘i'i} Windoxof delaionat |Mirbut ? e I S T L
specified, f1en a default one consisting of the integers 0 (None s datault)
through N-1 s created. " values HIERARCHICAL INDEXING
seriesl - pd.Secies ([1, # raturns the data as a 2D ndarray, the
G 2, Lnden Eﬁt e, b)) Gat Valuas il B i b e A o Multiple index levels on an auis : A way o work with
T | the columns igher di data in a lower di form.
a1 Serioa Viliee - = GalCalimnas [4ps (1gparat] or df1.srate Multiingex :
TTTat] = series] = Series (ap.randes.randa (6}, in
Get Values by Incex | 1i1n, a1 GelRowss | ar ise(treow2'] or dfl.ixfl ['a*, 'a’, ‘b, ‘B, 'bY, WYy, [1, 2, 3
Gat Series Indax e AT 1, 2, 311
i that ntesist |drl('eastern’] = @fl.state
Get Nama Atribute: e [ lgenst 1= d seriesl.ind = ['keyl', ‘keyz®]
- — colurnn Saras Partial seriesl("b') & OulerLevel
Comman IndeX. | oo iagl 4 series? Delate 2 colimn 1['eastern’]
Switch Calumns Indexing seriesi(:, 2] #lnnerLeval
series? = seriesl.unicue{) and Fiva Tt GI1[ GULErCol3",  Inercelz’ |
Indaing =

*  Can think of Series as a fixed-length, ordered
dict. Saries can be substitued info many
functions that expect a dict.

*  Auto-align differently-indexed data in arithmetic
‘operations

Tabular data structure with ordered collections of
columns, each of which can be diferent value type.

Data Frame (DF) can be thought of 2s a dict of Series.
{fata

'CA'], 'year':

e': ['Ohia’,
[2000, 2010]t

dfl - pd.DataFrame (dietl)
# calumns are placed in sorted ardar
dfl = pd.DataFrame (d.
index = ['rowl', "
# speifying index.

dr1 = pd DataFrase (die
columns — [‘year®, ‘state'])

# columns amglm in your given ardar

Create DF

{fraen a dict of
equal-langth lists
or NumPy arrays)

* Creata OF
(from mested dict
of dicts)

Tha innet keys as
row indices

* Dicts of Series ar treated the same as Nested
dict of dicts.
**  Data retumed is a ‘view’ on tha uni

data, NOT a copy. Thus, any in-place
modificatons In%a data will be reflected in df1.

PANEL DATA (3D)

Create Panel Data : (Each item in the Panel is a DF)

import pandas datareader.data as web
panell = pd.Panel({stk
yahoo (stk, "1/1/2000
for stk in ['AABL',

# panel1 Dimarsians : 2 (item) * 861 (major) * 6 (minor)
“Stacked” DF form : (Useful way fo represent pane! data)

web.get data_

panell - panell.aswapaxes('item', 'minor')
panell.ix(:, '6/1/2003', :].te frame() *

=» Stackac DF (with hierarchical indexing ™) -

¥ Open High Low Close Valume Aci-Closa
4 major miner

# 2003-06-01 AAPL

# IBM

# 2003-06-02 AAPL

¥ IBM

G11[ outercol3*] [ Innercolz']

+ Under the hood, the functionality provided here
utilizes panda's "groupby”.

DataFrame's Columns as Indexes

DF's "set_index” will create a new DF using one or more
ofits columns as the index.

df2 = df

‘eald’ 1)
Naw DF usi
el a2 |4 eols becomas the autermost index, cold

becomes inner indax. Valuas of cald, cok

set_index({'col3’,

become the indax valuas.

Swaping and Sorting Levels

- series]
xeyl', 'key2')

Swap Level {level | swapSer,
intercharged) | swapleve

seriesl.sortlevel (1)
Sort Level

# sorts according % firs! inner lavel

* ‘“reset_index' does the opposite of "set_index",
the higrarchical index are maved inio columns.

1 By default, 'cold and "cold’ will be removed
from the DF, though you can leave tham by
oplion :'drop = False'.

Missing Data

Python I!\'a}i = np.nan (nota numbar

Na¥ or python buitdn Kone mean
missin valies

Pandas *

FILTERING OUT MISSING DATA

dropna () retums with ONLY nen-null data, source
data NOT modified.

at.dropna () § drog any raw containing missing value

i1, dropna (axts = 1)
i values

¥ drop any calumn

dropna fhow = "all') § dioprow that are al

£1.dropna(thresn = 3)

d # drap any row contzining
< 3 number of observations

FILLING IN MISSING DATA

df1.fi11na (0} & fillal nussnrq data with 0
[

Usa a differar fill value far ea:n r.nllmn

lace

ina({'eall’ : 0, "esl2® : «1}}
Only forward fill the 2 missing values in front :

Ana (method = "EAE11Y, limit = 2)

ie. for column1, if row 3-6 are missing. s0 3 and 4 get filled
with the value from 2, NOT 5 and 6.

Source: https://www.datacamp.com/community/blog/python-pandas-cheat-

sheet#gs.S4P4T=U
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Python For DataScience Cheat Sheet ' i

: bonip gl Seeime, b
Pandas Basics

- bas a.droplitats "'l ]m—pmmm
el i iy S:I:::tlmn “mmﬂm .p” af.drop| "Seunt ey, ul-—:u.mnhrlum |
4 Gettlng
ST T Garsnasieners E T
L T — | 22 8t ooy [ty i
| of & Dl ;m T = e
The Pndes My Db NPy o ot iy - "l’f..:_f_,', Spiras pepstasion | =+ ¥ BomPare £ Gi'raani) | e v i
SIRes ta analysis Lok for the Pythan o deew Sabu 330373005
Fregrameing Lisguags. pandas. Lo Neest || ByesiQie H MM Retrieving Serkes/DataFrame Information
ARl T | T —
antha Ty P e .
i impech pandar ar pd e &l ddes (D8], [20) immmmmn Dsmcrin inclen
g EOT 1Y Dwacrion Da-asframs-<clumm
Pandas Data Structures how &f :“”“_“” | M i Dy
N, | e Feommary ]
A onc-gimensbonal labelod array 1] Brlsbel . - .
caputly of hosding any data Lype Poo [ AT LT [ 1] | ez e wad by e o ﬁ:m_:l n Ermmmniian 1o o o
Index H e af_welf]: ['C *1} 2 .lll it #I.h-” m“*
7] -h:m:' T, o> df dseeibu i} e W
Label/Posticn x ‘l.l-N.I‘i |
o pow perieaill =b T 41, Ander=('a’, 'BY, T2, 471} :: Ry | — [ A maidan 1) s et | |
S o Cipplying Functions
Col m:“ﬁ '.?‘5"11‘“;\" | ;JIC! i'_l L-tﬁi!ll: ] segly
- [ el A rwo-dimenaional ibeled  bor &0 dalr, " Sapinal®] | et ooy mn o -apply M_“
dika with i’ u‘_'_":ﬁ; i..l-' pix di.applymapi 2l Apph
F messdiie Data Align ment
== oo s S e e
b Dallbd
NA wabues are e Rsduced 0 Ehe Indices that S0AT over lap:
300 datm = [“Comstry’| ['Belglos’, 'Iedie’, 'Srail®]; | r——— fo sl = pi.Parlesill, =1, 3l, ledewmla’, ‘ot ‘4701
‘Oapdtal 'r | 'Brasssls’, "Hew Dwlid®, "Brasiliat); bene plim € =kb 0 dp » 33} :'H#mﬁ':* P @ + &3
"Pepslanion’t LMK, LRIITIA0, DOMONINIE  pog f1di] Pepulavien 12 L2002 | Usefier to adjunt Datafrrae . E“
e el i e [, Satiing | e L]
] | ALy, ORAIElY, TRpsaat]l  BOd> B["s"] & & ﬂllmﬂl ol S nbe d . b

Read and Write te C5V

Vo can b do the Intemald sta sbgrment yourwll with
e helg o L il mettod

D pd.resS_cerhle.cev'. hasderSons. nrowssi)
h:li wo_covi ‘mybasalcems cov' ]

Read and Write to Excal

B e read_sacsl -Elea®)

 whgibe ™ creata_srgioeC egiite i eyt
il pad_egl ("EIREST ¢ FROM my wvailes ", anfiss)
el readd_md_Bade [y mable®, eeguias]
3 pd. read_sgl_guary ["SELECT ¢ FROM my_vabler®, sngined

bos pd.to_sacel (“dir/mCesarrams mlm', Shewt mamss” Sheaclt]
Maad rradtiple uba by from e i B

mlklmmﬂ moacd_wql_rable () ird
» alax & po Facelfila["Sls.=ls"] e

- dd ® pd. pwied_swcelinlon, "Shewil®) | B pava_sqi agu=, saginas

ok w.mid ieds BiE_welee=ip

- [

L =34

L B
L

a4
pre porenipde B _veler i
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Source: https://github.com/donnemartin/data-science-ipython-

notebooks/blob/master/pandas/pandas.ipynb
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Pandas
Credits: The following are notes taken while working through Python for Data Analysis by Wes McKinney

« Series

« DataFrame

« Reindexing

« Dropping Entries

« Indexing, Selecting, Filtering

« Arithmetic and Data Alignment

» Function Application and Mapping

« Sorting and Ranking

« Axis Indices with Duplicate Values

« Summarizing and Computing Descriptive Statistics
« Cleaning Data (Under Construction)

« |nput and Output (Under Construction)

In [1): from pandas import Series, DataFrame
import pandas as pd
import numpy as np

Series

A Series is a one-dimensional array-like object containing an array of data and an associated array of data labels. The data can be
any NumPy data type and the labels are the Series' index.

Create a Series:

In [2]: ser_l = Series([l, 1, 2, -3, -5, 8, 13])

ser_1
out[2]: O 1

1 1

2 2

Matplotlib

Source: https://www.datacamp.com/community/blog/python-matplotlib-cheat-sheet
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ot Anatomy & Workflow

Python For Data Science Cheat Sheet

I‘\"'FIE»“‘-pIOt| ib The basic steps to creating plots with matplotlib are:
Learn Python Interactively at wyaw DataCamp.com 1 Preparedata 2 Createplat 3 Plot /] Customizeplat 5 Saveplat 6 Show plot
o >> import matplotlib pyplot as plt
2> % = [1,2,3,4]

>> y = [10,20,25,30]
2> fig = plE. hqur‘!”

) >3 ax = fig.add_subplot (111) EEEN
i " e 5> ax.plot(x, y, color='lighthlue’, linewidth=3)<4EITERD

Ma;:?lot!lb isa P:'nh:.n 2D Rhning‘hbmg:ﬂ:h pmfduues bt I LR

ication-guali ures in a variety ardcopy formats 5,15,25
& L J 5 A
and interactive environments across tpl tl'b marker=iat)
platforms. ';k ma p ot >> ax.set_xlim(l, 6.5)

c004vrOW 23 plt savefiy (' oo pag)
Lt . show ()
o Prepare The Data Also see Lists & NumPy ZZ R

(4 ) Customize Plot

S e Mathtext e —
533 x = np. Jmsmczw‘ 18, 100} olors, Color Bars & Color Maps Mathtext

prr y = np.ces(x) »> plt.plotix, X, X, x**2, x, x**3) p»» plt.title(r Ssigma_i=155', Foncsize=2D) ]
=3 = = np.sinlx) >> ax.plat{x, y, alpha = 0.4) =
s» ax.plot{x, ¥, <='k") Legends & Layouts
2D Data or Images > fig. :u].urbn}{m, orientation="horizontal'})
- #r im o= ax. imahow{imd, Limits & Autoscaling

>>> data = 2 * np.random.random{(l0, 10)) ramiamlet
3+ data2 = 3 % np.randem. candom ({10, 10)) cmaps'seismic!} »» ax.narging (x=0.1,y=0.1) Add padding to a plot

(I - & ) S o oo
Lo o = —wara 4y 3 ax. seuxl.m-[u 10.5], ylim=[-1.5,1.5]} Sat imits for x-and y-axic
Cos U= 1 8 % - praz > ila, ax = pit.subplots(] 1 brr ax.set_xlim(D,10.5) St limits for x-axis
»>> from matplotlib.cbock import get_sample_dat. > ax.scatter (x,y,marker="_") Legends
»»> ing = np.load[get_sample data|'axes grid/bivariate ncemal.npy')h >» ax.plot [x, y,marker="a"} »» ax.set{title='An Example Axes', Sat a title and x-and y-axic labels

ylabel='Y-Axis®,

| et
5> ax.legend (Loo='best') hio overlapping plot elements
e Create Plot 2> plt.plot(x,y, Linewidth=4. 0}

Ticks

»»> import matpletlib.pyplat as plt == plt.plotix, y, la="5alid") 2> ax.xaxis.set{ticks=range{l,5], Manually set x-ticks
B . :: Pit gt“t:"'fr L hd, yaea . ticklabelz=[3,100,-12, "£as7]]
B ot i, ¥, , S
Figure <ty ==tp“m=s’m1m_,r linewidthed.0) »» ax.tick_params {axis='y Make y-ticks longer and go in and out

2> fig = plt.figure() directlon= " inout

= length=10)
B3> fig2 = plt.figure [figeize=plt figaspect (2.0]) Text & Annotations .

Subplat Spacing

>> ax.text(l, »» figd.subplots adjust (wspace=0.5, Adjust the spacing between subplots
2.1, N b

All plotting is done with respect to an Axes. In most cases, a Zk?mp L=LGiAph: . lefe=0.125,
i p ='ita 3 ghtm
subplot will fit your needs. A subplot is an axes on a grid system. 35 ax. ,nn,t,{jnsi et fc z-;::f- 0.9,
22> fig.add_axes() AL LI o bottams=a.1)
sx> axl = fg.add_subplot [221) # zow-col-fum :;::x-!uu ; ani > fig. tight _layout () Fit subplot(s} in to the figure area
pr> axd = fig.add_subplot (212) textcoords-" data® Axis Spines
pr> figd, axes = plt.subplots (nrows=2, ncels=2) arrouprnps-dl:t[arruu!tylg-u-)“ »> axl.spines['top'].set visible(False} [Make the top axis ke for a plot lwialble
B»> figl, axes? = plt.subplots(ncals=3) connectionstyle="arci®),) »» axl.spines|'bottom'].seE position(('outward’, 10) | Move the bottom ais line

9 lotting Routines @ Save Plot
e Save figures
Vector Fields han plt.savesig(*fes.pra’)

bos lines = ax_plot (x, v} Draw points with lines o1 markers connecting them | >+> axes(0,1].acrow(0,0,0.5,0.5) %ﬂlﬁ e |5'?1fh Save transparent figures
Be> ax.scatter (x,¥) Draw unconnected peints, scaled or colored e>> axes[1,1].quiver{y,z} lot a 20 field of arrows > plt.savefig("foo.png’, transparents )
3> axes[0,0].bar{[1,2,3],[3,4,5] Plot vertical rectangles {constant width) >»> axes(0,1].streamplot (X, Y, U, V) Plab20 vector fields
SEE T i ) | R s
5o axeall, 1] ashline(0.45) Draw a harizontal line across axes Data Distributions
23> axes[0,1].axuline (. 55] nnuxnrnulllnexunggms L.hist Plot a hista
b33 ax.BL1x,y, color="blue") Draw filed polygons ey esmime i Miake 3 bt and whisker plot | p>> pit.showly
b5 ax.fill_betwsen ix,y,colar="yellow's | Fil between y-values and o 3> ax3.violinplot (z} Make a violinglot
20 Data or Images Close & Clear
Te.clal} Clear an axis
na» g, ax = plt.subplots() »»> axesZ[0].pcalor (dataZ) Peudocolor plot of 2D array 33 Bt Cleat theanti
R e T Colormapped or RGE arvays D% awmaz[0].poolocmeshidata) | Pisudocolar plotof 2D amay i gufuﬁu Clear the.nlre igure
P et r 23> CE = plt.conteur (¥, X, ) Plot contaurs 1

interpolatfon="nearest’,
vmine=-32,
vmax=2)

»2> axesZ[2].contourf {datal) Plot filled contours
o> axes2[Z]= ax.clabel (CS) Label a contour plat DataCamp

Source: https://github.com/donnemartin/data-science-ipython-
notebooks/blob/master/matplotlib/matplotlib.ipynb
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matplotlib

Credits: Content forked from Parallel Machine Learning with scikit-learn and |1Python by Olivier Grisel

« Setting Global Parameters

+ Basic Plots

+ Histograms

« Two Histograms on the Same Plot
« Scatter Plots

In [1]: %matplotlib inline
import pandas as pd
import numpy as np
import pylab as plt
import seaborn

Setting Global Parameters

In [2]): # Set the global default size of matplotlib figures
plt.rc('figure', figsize=(10, 5))

# Set seaborn aesthetic parameters to defaults
seaborn.set()

Basic Plots

In [3]: x = np.linspace(0, 2, 10)

plt.plot(x, x, 'o-', label='linear')
plt.plot(x, x ** 2, 'x-', label='quadratic')

plt.legend(loc='best')
plt.title('Linear vs Quadratic progression')

Scikit Learn

Source: https://www.datacamp.com/community/blog/scikit-learn-cheat-sheet#gs.fZ2A1]k
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Python For Data Science Cheat Sheet SSEIEACITICTE Evaluate Your Model's Performance
Scikit-Learn

Learn Python for data sci at wo ataCamp.com Linear Regression Accuracy Score
»»> from sklearn.linear_model import LinearRegression »> kan.score (X_test, y_test) [Ectimatar score methed
@ »» lr = LinearRegressicn(normalize= ) »> fram skl brics inpert y_score [Metric scoring function:
Support Vector Machines (SVM) »» accuracy scasely test, y pred)
Scikit-learn »> Erom sklearn.svm impart SVC Classification Report
e F . »> sve = BVC(kernel='linear' 3 from ekl : rt lassification ceport [Precsion, recall, fi-seore
Scikit-learn is an open source Python library that Naive Bayes ! ! > prinr_[clussiﬁcur_i.a::ff:po:t(yﬁr_:st.  pred)) |and support
implements a range of machine learning, >> from sklearn.naive bayes import GaussianNB Confusion Matrix
N . . " -G - »> from sklearn metrics import confusion matrix
preprocessing, cross-validation and visualization ;;ms‘ﬂb GausaiandB () > prif fesnfupion mAteixly tests ¥ Sred))
algorithms using a unified interface. v
4 _ 4 »> from sklearn impert neighbors Regression Metrics
A Basic Example >> knn = neighborz.KNeighborsClas eighborass)

Mean Absolute Error
55 fzom aklearn Inpart nalghbBors, datasats, Praprocessing

2> from sklearn.model_selection inport train_test_split Unsupervised Learning Estimator 2> fram sklearn.met

- -3, -0
5> from sklearn.matrics inport accuracy_scora »> y_true = [3, -0

rice import mean absolute error
5, 2

e Principal Component Analysis (PCA) »»> mEan_shsolute_error(y_true, y_pred)

55 X, y = iris.datal:, =21, iris_ targst >> from sklearn.decomposition import PCR Mean squared Error

55> ¥ train, X_tast, y train, y tasts train tast_split (X, y, randen_statesis >>> pca = BCA({n_components=0.95) 5> Frem sklearn metrics import mesn sguared ecrer
2> mzaler = preprocessing. StandardScaler () .6t (% trainl K Means >33 mean squared error(y test, y pred) -

3> X_train = scalar.transform(X_train} . 2 - - - -

n Wotest - sualer.izenetoce (i Test) >>> from sklearn.cluster import KMeans R? Score

22 xon = 1 Har [ . >>> k_means = KMeans(n clusters=3, random state=0)

>»> from sklearn.metrics import r?_score
> r2 score(y true, y pred)
redict (X_test)

tast, ¥ prad} Model Fitting Clustering Metrics

[%_train, y_train}

. . Adjusted Rand Index
Supervised learning Fit the modelto the da L o o " N .
. o it the model ta the data >>> From sklearn.metrics import adjusted rand score
Loading The Data Also see NumPy & Pandas Prdee g B >> adjusted and_score [y trus, y pred)
Your data needs to be numeric and stored as NumPy arrays or SciPy sparse >3 sve.fit{X_train, y_train) _HOTogenf:ty o . .
matrices. Other types that are convertible to numeric arrays, such as Pandas Unsupervised Learnin . e h;::q:"!::;";‘:;:‘(;1132“; éizdﬂ?ﬂ-“ttﬂﬂm
DataFrame, are also acceptable. >» k_means . fit (¥_train] Fit the model to the data Vomeasure - - . ¥
55> Tepert FoREY 5 D 2> pea_model = pea fit_transformi¥_train) |Fitto data, then transform it s> Erem skleasn metrics impart v messuze susre
B> ¥ = np.randem rande 5)) br> metrics.v_measure_scorely_trug, y_pred)
b>> X[X £ 0.7] = 0 Prediction Cross-Validation
— Supervised Estimators X

Training And Test Data »> y_pred = svc.predictinp.random. randomi (2,51)) | Predict labels

»> y_pred = 1 dict {K_test) Predict labels
[+ Fzom skleacn.model_selection import tzain _test_split »> y_pred = knn.predict_proba (X test

[>5> X train, X test, y train, y test = train test split(l,

w Unsupervised Estimators Tune Your Model
random_state=0} »> y_pred = k_means.predict (X_test) Predict labels in clustering algos Grid Search

»> Eram sklearn.grid_search import GridSearchCV
" >»> params = {"n_neighbors": np.arange(1,3)

Preprocessing The Data mEtricn: ["suclidean®,

- = - p»> grid = GridSearchCV{estimator=knn,

Standardization Enceding Categorical Featur param_grid-pacams)

b» grid.fit {X_train, y train)

(grid.best scare )

1t (grid.best_estimitor_.

Opti

impart RandemizedSear
range (1,51,

Estimate probability of a label

tyblock"] }

f->> from skleazn. ing import StandardScaler 3> from sklearn.preprocessing import LabelBnceder g e
>35> scaler = StandardScaler{) . fit [X_train) 23> enc = LabelEncoder () ——
o> y = enc.fit_transformiyd

neighbors)

22> standardized X = scaler.transfarm(¥_train)
o> standardized X test = scaler.transform(¥ test)

Randomized Parame

Normalization Imputing Missing Values »> from sklear

»» params = ("n
»> from skleasn.preprocessing import Normalizer "
»> scaler = Normalizer () .fit (X_train)

ation

grid_sea

weight s s form
»> rsearch = RandomizedSearchCVies

3> imp = Imputer (mis=ing_valuessl, strateqy='mean', axis=0)
- JGit_kransform(¥_|

#» normalized ¥ = scaler.transform(¥_train)
»> normalized ¥ test = scaler.transform(X_test}

Generating PolynomialFea

3> from sklearn.preprocsssing import Imputer ‘

esear

HEAN_train, y_train)
>» print(rsearch.best score )

»» from skleazn.| ing import Binarizer 5> from skleasn.prepsocessing import PolynamislFeatures

>> pinarizer = Binarizer (thresholded.D) .fit (X)

>> poly = FolynomialFeatures (5)

»> binary ¥ = binacizer.transform{X) »> poly.fit_transform{X)

DataCamp

Learn Pythan for Data 52

Source: http://peekaboo-vision.blogspot.de/2013/01/machine-learning-cheat-sheet-for-
scikit.html

scikit-learn
algorithm cheat-sheet

regression

o you have
labeled few features
data cfali) e

important

number of
categaries
known

clustering

dimensionality
reduction
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Source:
https://github.com/rcompton/ml_cheat_sheet/blob/master/supervised_learning.ipynb

In [1]: import sklearn
import numpy as np
import pandas as pd
import matplotlib.pyplot as plt
import seaborn as sns
import sklearn.datasets
tpylab inline

#sklearn two moons generator makes lots of these...
import warnings
warnings.filterwarnings("ignore", category=DeprecationWarning)

Populating the interactive namespace from numpy and matplotlib

In [2]:
Build some datasets that I'll demo the models on

Xs = []
ys =

#low noise, plenty of samples, should be easy

X0, y0 = sklearn.datasets.make moons(n_samples=1000, noise=.05)
Xs.append(X0)

ys.append(y0)

#more noise, plenty of samples

X1, yl = sklearn.datasets.make_moons(n_samples=1000, noise=.3)
Xs.append(X1)

ys.append(yl)

#less noise, few samples

X2, y2 = sklearn.datasets.make_moons(n_samples=200, noise=.05)

Xs.append(X2)
ys.append(y2)

#more noise, less samples, should be hard

X3, y3 = sklearn.datasets.make_moons(n_samples=200, noise=.3)
Xs.append(X3)

Tensorflow

Source: https://github.com/aymericdamien/TensorFlow-
Examples/blob/master/notebooks/1_Introduction/basic_operations.ipynb
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In [1]:

In [2]:

In [3]:

In [4]:

In [5]:

In [6]:

# Basic Operations example using TensorFlow library.
# Author: Aymeric Damien

# Project: https://github.com/aymericdamien/TensorFlow-Examples/

import tensorflow as tf

# Basic constant operations

# The value returned by the constructor represents the output
# of the Constant op.

a = tf.constant(2)

b = tf.constant(3)

# Launch the default graph.

with tf.Session() as sess:
print "a: %i" % sess.run(a), "b: %i" % sess.run(b)
print "Addition with constants: %i" % sess.run(a+b)
print "Multiplication with constants: %i" % sess.run(a*b)

a=2, b=3
Addition with constants: 5
Multiplication with constants: 6

# Basic Operations with variable as graph input

# The value returned by the constructor represents the output
# of the Variable op. (define as input when running session)
# tf Graph input
a = tf.placeholder(tf.intl6)
b tf.placeholder(tf.intl6)

# Define some operations
add = tf.add(a, b)
mul = tf.multiply(a, b)

Pytorch

Source: https://github.com/bfortuner/pytorch-cheatsheet
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Pytorch Cheatsheet

Imports

In [1]: import torch
import torch.nn as nn
import torch.nmn.init as init
import torch.optim as optim
import torch.nn.functional as F
from torch.autograd import Variable
import torchvision.datasets as datasets
import torchvision.transforms as transforms
import torchvision.utils as tv_utils
from torch.utils.data import DataLoader
import torchvision.models as models
import torch.backends.cudnn as cudnn
import torchvision
import torch.autograd as autograd
from PIL import Image
import imp
import os
import sys
import math
import time
import random
import shutil
import cv2
import scipy.misc
from glob import glob
import sklearn
import logging

from tqdm import tgdm

import numpy as np

import matplotlib as mpl
mpl.use('Agg')

import matplotlib.pyplot as plt
plt.style.use( 'bmh')

gmatplotlib inline

Basics

* http://pytorch.org/tutorials/beginner/pytorch_with_examples.html
s http://pytorch.org/tutorials/beginner/blitz/cifar10_tutorial.html

Datasets

File Management

In [ ]: | random.seed(1l)
torch.manual seed(l)
DATA PATH='/media/bfortuner/bigguy/data/’

Math

If you really want to understand Machine Learning, you need a solid understanding of
Statistics (especially Probability), Linear Algebra, and some Calculus. | minored in Math
during undergrad, but | definitely needed a refresher. These cheat sheets provide most of
what you need to understand the Math behind the most common Machine Learning
algorithms.

Probability
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Source: http://www.wzchen.com/s/probability cheatsheet.pdf

Probability Cheatsheet v2.0

Compiled by William Chen (http://uzchen.com) and Joe Blitzstein,
with contributions from Sebastian Chiu, Yuan Jiang, Yugi Hou, and
Jessy Hwang. Material based on Joe Blitzstein's (€stat110) lectures
(http://stat110.net) and Blitzstein/Hwang's Introduction to
Probability textbook (http://bit.ly/introprobability). Licensed
under CC BY-NC-SA 4.0. Please share comments, suggestions, and errors
at http://github. com/wzchen/probability_cheatsheet.

Last Updated September 4, 2015

Counting

Multiplication Rule

Let’s say we have a compound experiment (an experiment with
multiple ). 1f the 1st has n possible

Thinking Conditionally

Independence

Independent Events A and B are independent if knowing whether
A occurred gives no information about whether B occurred. More
formally, A and B (which have nonzero probability) are independent if
and only if one of the following equivalent statements holds:

P(AN B) = P(A)P(B)
P(A|B) = P(A)
P(B|A) = P(B)

Conditi pend Aand B are lly indep
given C if P(AN B|C) = P(A|C)P(B|C). Conditional independence
does not imply independ and independ oes not imply
conditional independence.

Unions, Intersections, and Complements

De Morgan's Laws A useful identity that can make calculating
probabilities of unions easier by relating them to intersections, and
vice versa. Analogous results hold with more than two sets.

(AuB)" = A"NnB°
(AN B)® = AU B
Joint, Marginal, and Conditional

Joint Probability P(A N B) or P(A, B) - Probability of A and B.
Marginal (Unconditional) Pr bili P{A) - F of A.

the 2nd component has n; possible outcomes, ..., and the rth
component has n, possible outcomes, then overall there are
1Ny . .. A, possibilities for the whole experiment

Sampling Table

The sampling table gives the number of possible samples of size k out
of a population of size n, under various assumptions about how the
sample is collected.

‘ Order Matters Not Matter
m4 k= 1)

k

()

With Replacement n* (

Without Replacement

Linear Algebra

Source: https://minireference.com/static/tutorials/linear_algebra_in_4

C 1P P(A|B) = P(A, B)/P(B) - Probability of
A, given that B occurred.

Conditional Probability is Probability P(A|B) is a probability
function for any fixed B. Any theorem that holds for probability also
holds for conditional probability.
Probability of an Intersection or Union
I via Ce
P(A, B) = P(A)F(B|A)
P(A,B,C) = P(A)P(B|A)P(C|A, B)
Unions via Inclusion-Exclusion
P(AuU B)= P(A) + P(B) - F(ANB)
P(AUBUC)= P(A) + P(B) + P(C)
=P(AnB)=PANC)=P(BNC)
+ P(ANBNC)

Simpson’s Paradox

Dossssssse

s ©000000000

Probability Cheatsheet v2.0

Law of Total Probability (LOTP)

Let By, Bz, Ba,...B. be a partition of the sample space (i.e., they are
disjoint and their union is the entire sample space).

P(A) = P(A|B1)P(B1) + P(A|B2)P(Ba) + - + P(A|Bn ) P(Bn)
P(A) = P(ANB1)+ P(AN Ba) + -+ P(AN By)

For LOTP with extra conditioning, just add in another event C!
P(A|C) = P(A|B,;,C)P(B,|C) + - -- + P(A|Bn,C)P(Ba|C)
P(A|C) = P(AN B,|C) + P(ANB1|C) + -+ - + P(AN B, |C)

Special case of LOTP with B and B° as partition:

P(A) = P(A|B)P(B) + P(A|B°)P(B)
P(A) = P(AN B) + P(AN B%)

Bayes' Rule

Bayes’ Rule, and with extra conditioning (just add in C!)

P(B|A)P(A
P(A|B) = PBIAIP(A) }l'“)j)( )
P(B|A,C)P(A|C
P(A|B,C) = ( IP(B?C; )
We can also write
_ P(A,B,C) _ P(B,C|A)P(A)
PUIB.O = "m0y = PB.0)
Odds Form of Bayes' Rule
P(A|B) P(B|A) P(A)

P(A%|B)  P(B|AF) P(AF)
The posterior odds of A are the likelihood ratio times the prior odds.

Random Variables and their Distributions

PMF, CDF, and Independence

Probability Mass Function (PMF) Gives the probability that a
discrete random variable takes on the value z.

px(z) = P(X =2)

10
|

o8

0z

0
L

pages.pdf
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Linear algebra explained in four pages

Excerpt from the NO BULLSHIT GUIDE TO LINEAR ALGEBRA by Ivan Savov

Abstract—This document will review the fundamental ideas of linear algebra.
We will learn about matrices, matrix operations, linear transformations and
discuss both the theoretical and computational aspects of linear algebra. The
tools of linear algebra open the gateway to the study of more advanced
mathematics. A lot of knowledge buzz awaits you if you choose to follow the
path of understanding, instead of trying to memorize a bunch of formulas.

I. INTRODUCTION

Linear algebra is the math of vectors and matrices. Let n be a positive
integer and let R denote the set of real numbers, then R" is the set of all
n-tuples of real numbers. A vector v € R™ is an n-tuple of real numbers.
The notation “€ 5™ is read “element of S.” For example, consider a vector
that has three components:

7= (v1,v2,v3) € (R,R,R)=R"

A matrix A € R™*" is a rectangular array of real numbers with m rows
and n columns. For example, a 3 x 2 matrix looks like this:

a1 12 R R )
A= agq aszz € R R = RS)Q.
az  as R R

The purpose of this document is to introduce you to the mathematical
operations that we can perform on vectors and matrices and to give you a
feel of the power of linear algebra. Many problems in science, business,
and technology can be described in terms of vectors and matrices so it is
important that you understand how to work with these.

Prerequisites

The only prerequisite for this tutorial is a basic understanding of high school
math concepts' like numbers, variables, equations, and the fundamental
arithmetic operations on real numbers: addition (denoted +), subtraction
(denoted —), multiplication (denoted implicitly), and division (fractions).

B. Matrix operations

We denote by A the matrix as a whole and refer to its entries as a;;.
The mathematical operations defined for matrices are the following:

« addition (denoted +)

C=A+B &

subtraction (the inverse of addition)
matrix product. The product of matrices A € R™*™ and B € R"**
is another matrix C' € R™*# given by the formula

cij = aij + bij.

n
C=AB & Cij = Zaikbkjs
k=1

ail a2 By, i anbi +aizbar  anbiz + arsbe:
az1 a2 [fm 622] = |azibi + a22ba1  anbiz + azbez
as1  asz asibi + aszbar  asibiz + aszbez
» matrix inverse (denoted A™1)
« matrix transpose (denoted ™:
{Ql (4 5] Ct3:| i 21 gl
= |az [
B B2 Ba e

» matrix trace: Tr[A] =37 ai
« determinant (denoted det(A) or |A|)
Note that the matrix product is not a commutative operation: AB # BA.

C. Matrix-vector product

The matrix-vector product is an important special case of the matrix-
matrix product. The product of a 3 x 2 matrix A and the 2 x 1 column
vector & results in a 3 x 1 vector ¥ given by:

Linear algebra explained in four pages

Statistics

Source: http://web.mit.edu/~csvoss/Public/usabo/stats_handout.pdf
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Population
The entire group one desires information about

Sample
A subset of the population taken because the entire population is usually too large to analyze
Its characteristics are taken to be representative of the population

Mean
Also called the arithmetic mean or average
The sum of all the values in the sample divided by the number of values in the sample/population
u is the mean of the population; X is the mean of the sample

Median
The value separating the higher half of a sample/population from the lower half

Found by arranging all the values from lowest to highest and taking the middle one (or the mean of the middle two if there
are an even number of values)

Variance
Measures dispersion around the mean
Determined by averaging the squared differences of all the values from the mean
Variance of a population is g2 Can be calculated by subtracting the square of the mean from the

average of the squared scores:
2
)

2 Exz 2
g == o = -u
n ) n

Statistics Cheat Sheet
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27/28


http://tutorial.math.lamar.edu/getfile.aspx?file=B,41,N

Calcuhss Cheat Sheet

Limits
Definitions

Precise Definition : We say lim f(x)= L if
for every £ >0 there is a & > 0 such that
whenever 0<|x—a| <8 then |f(x)-L|<e.

“Working” Definition : We say lim f(x)=L
if we can make f(x) as close to L as we want
by taking x sufficiently close to a (on either side
of a) without letting x=a.

Right hand limit : lim f(x)=L. This has
the same definition as the limit except it
requires x>a.

Left hand limit : lim f(x)=L. This has the

same definition as the limit except it requires
x<a.

Limit at Infinity : We say lim 1 (x)= L if we
can make f(x) as close to L as we want by
taking x large enough and positive.

There is a similar definition for lim f(x)=1
except we require x large and negative.
Infinite Limit : We say lim f (x)=o if we
can make f (x) arbitrarily large (and positive)
by taking x sufficiently close to a (on either side
of @) without letting x=a.

There is a similar definition for lim f (x)=—o
except we make f(x) arbitrarily large and
negative,

Relationship between the limit and one-sided limits

lim f(x)=L = lim f(x)= lim /(x)=L

lim f(x)= lim f(x)=L = }iln.f[x)zl_

lim f(x)# lim f(x) = lim f (x) Does Not Exist

rties

Prope:
Assume lim f(x) and lim g(x) both exist and ¢ is any number then,

1. !i._::[qf(x)]sc!iggf(x)
2. lim[ f(x)£g(x)] =lim f (x) £ limg(x)

3. tim[f(x)g(x)] =tim f (x) limg x)

x)| limf(x

s. i/ ()] =[tim ()]
- tim[ {7 ()] =l 7 )

Basic Limit Evaluations at + ©
Note : sgn{a)=1if 2> 0 and sgn(a)=-1if a<0.

1. }Elle‘zw & ,]E'?',,'XED

5. neven: lim x" =
12w

Calcubs Cheat Sheet
Evaluation Technigues
L’Hospital’s Rule
oI
rsa g( 1) 0
Continuous Functions and Composition s off !x
f(x) is continuous at b and limg(x)=b then "

tim f (g(x)) = / (tim g (x)) = £(2)

Continuous Functions

[ff(x]iscuntinuousntaﬂwn!iﬂf[x):f[a) i f{x]_i_mt

e g(x) %=

lim 7I.im—£_(ﬂnisanumber,mor-m
g(x) e g(x)

Polynomials at Infinity

p(x) and g(x) are polynomials. To compute

Factor and Cancel
x +4x-12 x-2)(x+6 I.im—p--g-1 factor largest power of x in g(x)out
lim———=lim weze gx)
1 -2 o x(x-2) g
146 8 of both p(x) and g(x) then compute limit.
. *(3-4) 34
; A e N A e T 2
ro-e Sy =2yl e g (3.0) wseei=D
im3=YE _ 3= VE 3442 (-2 :
w5 ' —8] =5 x’ 81 34 rx Piecewise Function . ,
g x'+5 ifx<=
i T
= (2 _g1)(3 Py 9)(3 o =
(x )( hE} (¥ )( s x) Compute two one sided limits,
-1 1

lim g(x)= lim X +5=9

Combine Rational Expressions
|iml[17,l]=1;ml 2=(x+h)
ohlx+h x) voh| x(x+h)
=]ir|1l = =lim wal
wohl x(x+h)) sox(x+h) 1

One sided limits are different so l'u'nag(x)
doesn’t exist. If the two one sided limits had
been equal then lim_g(x] would have existed
and had the same value.

Some Continuous Functions
Partial list of continuous functions and the values of x for which they are continuous.
;- Pol;_mo;ninls for all x. " = 7. cos(x) and sin(x) for all x.
. Rational function, except for x's that give .
division by zero. & 8. tan(x) and sec(x) provided

3. 4/x (nodd) for all x. g, 3 BRI
4. ¥x(neven) forall x=0. 2’ 27272
5. ¢ forallx. 9. cot(x) and csc(x) provided
6. Inx for x>0. x#-=2m,-m,0,m,2m, -

Calculus Cheat Sheet
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