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Vi H
Definition: A lnear vector space, U 5 a set of clements {vectors) defined over a
scalar field, F, st satisfies e following comditions:
Nif seXmdy cXthen oyEX. ) gry=3ix I prpte=gr+g
4) Thete is 8 unbque vector 02 X, such dal x + 0 = for all s
%) Far each veclor o8 U there = a unigque vecior in X, tobe aalled Szl sich that
ot ph=a, &) maltiplication, for all scalars o € F, and all vectors g2 X,
71 Forany x € X, Ly = (forscalar 1)
8) For awyiwo scalars a € F ot & F and any g€ X, a(69 = (aflg .
Wlatbyy=axtby WM alz:p ~zztay
s Consider nvedors 2, % ».. X, ). If there

enisls 0 scalers @y, @y, o 0y 3t least one of which is momeers, such that
gy b Ayt Ay = ihen the (X § are Bncarly depandcn.
Spanning a Space:
Lot X a lenr vecor space and let a1t . - 1 ) be i subset of vectors in X
This subsed spang X iFand cnlly if for every vedior ¥ € Xihere exist scalurs x.
Ak SEh thal & = wi Sz b b adie
Inmer Product: i v) forany scalar function of x and y
Vixyh=(yx) 2 Oray, +inedea () Fbixya)
3 fxx) = 0, where equality holds iffx is the 2ero vectar.
'\,' QEN: Ascalar function Jxll iz called a norm if it satisfes:
Ll =0 2. 1xll = 0 ifand only iTx = 0.
3 Nex|l = lalllxl 4 x + vl < Jlxll + xR

Angle: The ungle 8 bt 2 vectoes x and v is defined by cos 8 = IT':-"""—;;

Orthogonality: 2 veciorsx v € \ e sull.uhc arthoganal of (3 = [
G S i atinn:

Agsume that we have n independent vectors v, . . 5, . From
these vectors we will obtain = onimgormi Vectors ¥, V...V,

N (V..n)
1 1 & (S El‘l I.?.)
where %m is the pruf-ecnm! of yrony
\' "
"
:inlir = IlVI + Iaifa b kLR Inl-']: .
=1
(v x)
or orthogonal vectors, x; =
f o | (1’5_. "_’[}
Reciprocal Basis Vectors:
0 i#j
o) =y 2} w=00

To compute the reciprocal basis vectors: set B [vy v,
Rnr..n), ‘F=B"

anJ

Tn matrix form: x¥ = B~ x*

a = hardlim(Wp + b} W= | w’ w® .. w]",
a; = hardlim{n ) = hardlim{ w7 p + b)
Decisi 0] ;. o wWip+k=0
The decizsion bowndary 15 always onthogonal (o the waight vector
Single-laver perceptrons can only classifv linearly separable vectors,

‘uﬂ.l.’h' = wd!ﬂ + EPT "h!!!"h' = bﬂ{ﬂ + e,
where e =t —a

The Hebb Rule: Supervised Form: w:,""”

Hehb's Postulate: “When an axon of cell A iz near enaugh to excite 5

cell B and repeatediy or persistently takes pan in firing it. some growth

process or metubolic change takes place in one or both ceils asch that A

efficiency, as one of the oells firmg B, s nereased.”

Linear Associator: a = purelin{Wp)

L

= W!j + tquq[
. T L T T

W=¢,P +6,P; + 4+ EG’PG‘

T

51

r
W=[t; t;..tg][P2 | =TT

Py
Pseudoinverse Rule: W = TP*
When the munber, £, of rows of P is greater than the num ber of
columns 3, of P and the columng of P are independent, then the

pscudoinverse can be computed v P* = (FTP)'] P
Veiadi : N
Filtered Learning - s: W™ = (1—y)W* 4 ot _pl

Delta Rule ichio: Y= Wy R(lq—aq)P:

fed T
W 4 aap

Unsupervised Hebb ion13:W™™ = A

T o e
A trangformation consists of three parts:

domain: X' = § x, |, range: ¥ = { y |, and a mle relating eachx, €
X wan element v, EF.

Linear Translorm stions: transfomation 4 15 Erearil:

L forall xy 2y € X, AG+x,) = A(2) + Ax)

2forallx e X,e e R, Alax) = adix)

Let {1y, ¥4, ., 05} be o basis for vector space X, and lat [te, ua, ... 10,

be 4 basis for vector space I, Lat A be a linsar transformation with

domamn.X and range ¥ A{x) = ¥

The coctlicients of the matrix representation are obtained from
m

Aly) = Z gty

=1
Change of Basis: B, = [t, €; ..t,], B, =[w; w; W]
A = [B;!AB,]
Eumhﬁ&ﬁxﬂms_qmﬁt iz, [A-Al) =0
Dingomalization: B = [z, 7; .. %],
where{z, 2, ..., #,} are the eigenvesiors of a square matrix A,

[B 'AB] = diag([d Az M)

Tavlor:F(x) = F{x") + VF{X) |yguy (X—x") +
Slx- x'wzrtxﬂ.-,-(x ~x'} o

Grad VF() = [ Fo) 22 F) . s FO0)|
u_han_vzr(x) =
w SR P _,,,“ F(x)
4
6;&*(!;( Fix) I?x_xFl:x} e Bx;l}z,, {x)
ax,,ﬂx F(ﬂ g, 9% F(x) %F[x]

Directional Dern-ntm

1" Dir.Der.; —”—‘ﬂ , 2 Dir Der.: L‘-’lf-ﬁgi‘-‘ﬁ
Minima: £

Strong Minteuen: if a scalar & > Dexists, such that
Frx) <Fpe+ Ax for all Ax such that § = [Jax]| = 0.
Global Mmimmen: if Fix) <Fyx+ Ax) for all Ax 2 0
_ngﬁﬁ 15 not a strong minimum, and &
scalar & > Dexists, such that el <Fix+ Ax) for all Ax
such that & :- x| = 0.

Necessary Conditions for Optimality:

FP-Order Condition: VF(X) |y~ = 0 (Stationary Points)
2 Order Condition: 7 F(X) | gy = 0 (Positive Semi-

definite Hessian Matrix).
Quadratic fin.: F(x) = -L-xTA x+dTx + c

VF(x) = Ax + d, vith} L o .




L imizali hm:
xk+1 _xl'r + “kPk or -ﬂ“n = (xnl Xp) = 0Py

Xpgy =Xp — 0By where, B = YF(x)fy=s,
Stable Learning Rate: (a; = a, constant) o < ——
Amax
{4, 43, ..., A, ) Eigenvalues of Hessian matrix A
Learning Rate to Minimize .!Jnng the Line:

i
g1 =X + 0P = 0 = —P—iF {For quadratic fn. )

After Minimization Along the Line:

Xpy =X togpy = ghopy =0

ADALINE: a = pureliniWp +b)
Mean Square Error: rﬁ;.r ADATINE it is a q’l.nf:rd!'a!w_fﬂ_}
F(x) = E[¢?| = E|{t—a)?] = E[(t —x"2)?]
Fix)=c—2x"h+x"Rx,
c=F[t*], h=E[tz] and R = F[zz7] = A « 2R, d = =21
Unique minimum, if it exists, is x” =R™'h,

= | 1W| =[P
where x—[b am:lz-l I

LMS Algorithm: W(k + 1) = W(k) + Za e(k] p” (k)
bk + 1) = b(k) + 2a e(k)
Convergence Point; x° = R™'h
1ab]n Learning Rate: 0 < o< 1/4;,, whae
Az 18 the maximum gigenvalue of R
Adaptive Filter ADALINE:

R

alk) = purelin(Wp(&) + ) = Zwl_;y(k —i+1)+h
1

*Henristic Variations of Backpropagation:

Thlchint_ The jparameters are q:tlﬂqd tmly after the entire Iraimns el has
boen presented, The gmdiemts oalculated for each tmining exemple are
averaged togetlver 1o produce 2 inore sccuraie estimate of tee gradicat (1f the
traiming =l iz complele. i.€. covers all possible ingutoslpud pairs. then the
Eradient estinate will be exac.)

MOBP):

Backpropagation with Momentu

AW™ (k) = yAW™ (k — 1) — (1 —y)as™ @™ "7
AB™(K) = yAb™(k — 1) = (1 = y)a s™
Variable Learnin

ate Backpropagation (VL.

1. IF the squared error {over the entire fraining set) increasss by more than
some set percentage { (typacally one to five percenth after a weight apdate,
then the weight updde ig discarded. the learmmg rate is multiplied by some
factor p < 1, and the momentam coefficient i (if it isused) iz set to zero.

13 the squared arror decreases afler a weight update, then the weight update
is accepted and the leaming rate is moltiplied by some factor i > 1,17 ¥ has
len previously sel bo zero. i is resel to its original value,

3. I the scuared errar inoremes by hess than . ihen the weight ipdate 12
aceepted bat the leaming rate and the momentum coefficient sre mchanzed,

ackpropagatio Iporith

Performance Index:

Mean Square eor: F(x) = EjeTe] = E[(t —a)T(t—a)]
Approximate Performance Index: (single sample)

Fx) = eT (k)elk) = (1) — a(k))” k) — alk)

sensitivity: .n_ﬂ_”'_{ﬁ =
Sensitivity: s =anm = g T

Forward Propagation: a’ =p,

amHl = frrliwmHig™ L M) for o= 04,0, M~ 1
a=a"

M= 2F%(n")(t - a) ,

s = P {gm W gmA L o - M =1, 21 where

b ™) = diag([f™(n?) mOE) .. ()]

Backward Propagation: §

Association: a = hard{im(W9P + Wp + b)
A azsocealion =4 lnk between the mpids and Gkl s of 2 netwark o that
whon 2 smubs A s presm:mln the nmoﬂ., i will outpar & response B

iati

Unsupervised Hebb Rule:

W(g) = W(r: = 1) +aalgp’(g)
b wil
W(g) = (1 - )W(q - 1) +aal@p’ (@)

Instar:a = .h.urdhrrrﬁ\rp +K), a= hardlim{ ,w?'p + i)
The instar is activated for  ,w™p = || w|lIpllcose = —b
where 0 15 the angle between pand (w.

Instar Rule:
wig) = wig — D+ aa(gple) = wiy — 1))
w(g) = (1-a) wig=1)+ap(g).if (alq) = 1)

Bohonen Rule;
wig)= wilg=1)+a{plg) - wilg—1)) frieXm
Outstar Rule: a = satlins(Wp)

wi(q) = w;lqg = 1) +« (ala) — wilg — 1)) p;(a)

Competitive Laver: a = compet(Wp) = compet(n)

wig) = wig—1)+a (pla) - -wig—1))
=(1—a).wig—1)+apig)

l.w(q] = J.w{q = 1), i % i where ™ is the winning neuron
Sell-Organizing with the Kohonen Rule:

wig) = wig—1)+a(ple) - wig—1)
=(1-u) wig—1)+ap(q), [ €N-(d)

Nl(dJ = Uldtj = d}

LVO Network: {w, = 1] = subclass t Is a partof class &

Jr(nm) = af™(nf") n! =—|| w' —p||.a' = compet(n'), a® = W?a!
i dnj"‘ LVQ Network Learning with the Kohonen Rule:
Weight Update (Approximate Steepest Descent): ~WH(g) = qw'lg— 1) +a (plg) - ;w'(g—1D),
WMk + 1) = W(k) — as™(@™" )T ifak =ty =1
b™(k + 1) = b™(k) — as™ , '
W' @) = pw'@— D) —a (pl@) - ;w'g — 1),
Ifag-=1+t.=0
hardiim: q—[n "qu hard(!ms:a-l;l ::g purelinia=mn, Lugslgq-v—'_;. tansig: "'Im —, posiin: a -[ :;g
1 nedrom with max n 0 nsR =1 st e
it satlima=n -1<n<l, satlinfia={n -1€n<l,

@ all other neurens ' 1

R>1

Detay:alt) = ult - 1), Integrator:aft) = [T ulzhdr ¢ all)

1L 00
diag{[123]) = Iu 2D
00 3

n>
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BASIC REGRESSION
LIkEAR

LogisTiC

CLASSIFICATION

NEURAL NET

DECISION TREE

RANDOM FOREST

OTHER IMPORTANT CONCEPTS

BIAS VARIANCE TRADEOFF
UNDERFITTING | OVERFITTING

INERTIA
ACCURACY FUNCTION

PRECISION FUNCTION

NAIVE BAYES SPECIFICITY FUNCTION

SENSITIVITY FUNCTION
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classification scikit-learn

algorithm cheat-sheet

regression

dimensionality
reduction

Scikit-learn

Scikit-learn 52 Python SE LI — D f Sk WL &4 2 ) HIEHE, EARWE T
AW KRB EA T, B A FFAEAR A R R B

BN S . BT AG E DL R AR R PR AN 25 % . Scikit-learn i& W] LAl Python 1)
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Leasn Pythan fay dat f‘f‘fgark o List the number of partitions Hey 1 Senh “"'"" N
i Merge the £ aalar
e Count ROD intances by key

Count HOD imstances by value vy | betes et et aaiom

et fhayivalue] pairs = 3

i
Pyspark is the Spark Python API that exposes ..,
| the Spark programming medel to Python .

v | Maximum value of RDO thements
iimbmusm vatuz of DO elements

| Asarmgats K50 wiemare of vt
Darn et e sty
¥ 0, 0 s omepep combop] | Agewgs vk ol madh 130 ey

Meanvalue of RDD elemenits He
wan
Standard devistion of ROD elements | Bt e elemerstyof gach.
prton e e |
Compute variance of RDD elements i e o s ey
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mi

I J

ad = :
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e —
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)
Take first RO eterent
|Take top 2 RDD elements

Set h h nas 1
aid Python zip, eqg or oy flesto the auntinee path by passing &
comma-separated s to - -py -1l es
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|
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Mlertfic compating aMplising

Basics

- a
Pyth b

4 m
i

Index SLAMS 3t O

Variables and Data Types Jetecth

Select e at index ¥

g Select rd last frem )
gty Jupyter
5 Select items ¥l index 1and 7 . 4

Calculations With Variables Select iters after infex o ANACONDA spyder °
re N Seloctitems 3 o1 frem 106
o> A+2 Sum of two variables Copy my_Hat prramte by Python m.nw h\—::’:: :wluw-.
Vi o,
>3 3=l Subtracthon of two varabiss myy_TestffistffitermOdLing
> W2 Mhuiltipfication of two variables -
LA LR Expenentiation of a varable g . L B S
R 35y sy * tap.areiy (1012, 00 (4,560 1)
>3 ¥i2 Remainder of 3 variabile Selecting Numpy Array Elements Index starts a0

Division of 2 variable

Sadect {tem at index 1

Select items at bndex 6 and 1

- = List Methods
strdl ' Pete "Tawe® | Variables tostings 2
> W i index (a) Get the index of an e
int () S S | Varkabdes to | i mt fa) Count an item
n Rariables ta imregers Vo | Aepekdaniiemta e mry_selarrayleows, celums]
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boed (} ; a Variabies ta bookans N e I By
*) Append an ivem
Ramove n il
Asking For Hel 1) | lnsert an irem i
» helpiste) Sort the list 7

ray + np.arcayils, € T,
Nympy Array Functions

> my_sazray.shape et the dimensions of the array
Agpend items 1o an arTay
¥ st tems in an Jvy

[Dellete ibema i an armay
Bheanof the FTay

» my_string * 2

y_ it Sarieu) 10 Lppetase Whelian of ehy sy
v my_strin ny T —— > Conebatan coficieee
) ' " Count Saring ebrmmrts ‘Standand deviatscn
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Python For Data Science Cheat Sheet & Renderers & Visual Customizations
Bokeh

Lnam Bokeh (e vt wrw DataCama com.
Laugh. by Bryan van de Ven,care oot ko

Plotting With Bokeh g : *
"I'lIEPﬂJWlI -....,nunm et 5 i Colormapping
| *r> polor_mappor = O -
hmmmmm:rnmhm g [ Rows & Columns Layout | . 2 et
| Haws o — Tl *»3 paoircled®
Bokeh's mid-level general purpose Lok, pLott Ly Impurt con s .
WO main comp data s b2
and glyphs. e o2, 61
§ e - GridLaynul Linked Plots
== & Lie P55 from bokml.lajouts [mport gridpiof
o5 Vit =
data ookt plt s ot = p3l
The basic steps to creating piots with the boken. piatt ing 32 tayeue = geldptot AL [plis21 dp3E)
it aret Tahhed Layout x 4R e —
1. Prepare some data: | . T * ey
i iy red 2= tab? = Panelfohila circl -\1 T 4
B Crmbe devinlot L2, fhpuut = ot (et {balils. La2T) | &> layout = v iptps
3 A renderrs o you i, with il cstomizions
4. Specify where to generate the output

AL ATERY i 2310

1n nd FLIV A™Two™ § ixZih)e decation=ges -300) | [
B3 p.add layoat rlmnni tright + ;

_ Statistical Charts WithBokeh _____awasscoma
Outpiit 1o HTML Flke Bakeh's high-level ok e - interface is ideal for quickly

35> from bokel

& Import ...w..n _Is, whow

1 Data vt sca LR Ry e P »>> putpiit_(ile(*ny bar chiet litil ', modes* c<in® ) | Bar Chart
ndetﬁ!zhood.,ourdal.aismmr.edm Column Data e BT e l:-:’l»r!“l‘-..l', "
Smrocs Mmahﬂdnlhlsmmmllr P> from Bokeh.lo 13port OULRAE_notobook, ahow

B> putput notebokd)

Embedding

Standalone HTML

>3 From bokeh.eshed {mport Gile Kt
L il B3> hbml = Ble_htnltpy CON,, "y ploth) “E 5 frow bokeh,charts import L
2> fros pokshimodels import Columnbatas oo i > p - mistograwtdr, titioe

{23 oda_ar = Columrpatassarce (ar)

22> acr) 1t (e >3 From bokeh.chacts Taport
[l sl ase p & sntee
pe> £ " “ 5 Show or Save Your Plots -

has p
paz 2 = >33 showipl) l»> aavn {pl)
b o nguen - 23 diliaw Layeut) w55 gavi{ Layaut)

Tensor Flow

TensorFlow™ J& — K H % ¥5 i Kl (data flow graphs) ., H F & A+ &
) FF U5 B PE o 17 s (Nodes) fE Bl Rom B %4 /F, B MWL (edges)
M LR B AL R 2 4509 A, WkE (tensor) « ERIE
MR UEZHTFE ERFUHE, s X FEN P —PEHZ
A CPU (B GPU) , R4, BN &% %% . TensorFlow #H ¥] H Google
Ki/NH (BT Google Ml #% & B B ¢ HL M O 19 BF 98 53 A1 T F2 Il AT FF
KMk, HTFHBEIMFEEHSME F AR, HXADRSHKEM
PEASE w7 T A o B .



About

TensorFlow

TensorFlow™ is 2n open source software
library for numerical computation using
data flow graphs, TensorFlow was
originally developed for the purposes of
conducting machine learning and deep
neural networks research, but the system
is general enough to be applicable in a
wide variety of other domains as well,
Skflow

Scikit Flow provides a set of high level
model classes that you can use to easily
integrate with your existing Seikit-learn
pigeline code, Scikit Flow is a simplified
interface for TensorFlow, to get people
started on predictive analytics and data
mining. Scikit Flow has been merged into
TensorFlow since version 0.8 and now
called TensorFlow Learn,

Keras

Keras is a minimalist, hghly modular
neural networks library, written in Python
and capable of running an top of either
TensorFlow or Theano

Installation

How to install new package in Python:
pip install <package-names

Example; pip install reguests

How to install tensorfiow?

device = cpu/gpu

python_version = cp27/cp34

sudo plp install
mitps://storage.googleapis. com/
tensorflowinuk/Sdevice/ tensorflow-
2.8.8-$python_version-none-1inux %85
_Bal, ]

How to install Skflow

pip install sklearn

How to install Keras

pip install keras

update -/ keras/keras json - replace
"theana” by “tensorflow”

Helpers

Pythen helper

Important functions

type{object)

Get object type

halplobject)

Get help for object (list of available
methods, attributes, signatures anid so on)
dir{object)

Get list of object attributes

{fields, functions)

striobject)

Transform an object to string

object?

Shows documentations about the object
globals()

Return the dictionary containing the
current scope's global variables,
lecals()

Update and returm a dictionary containing
the current scepe’s local variables.

Keras

id{object) TensorflowEstimataor

Return the identity of an object, Thisis

guaranteed to be unique among Each classifier and regressor have
simultaneously existing objects. following fields

fmport _ bulltin__
dir(__builtin_ )
Other bullt-in functions

n_classes=0 (Regressor), n_classes are
expected to be input (Classifiers)
batch_size=32,

steps=200, / except

TensorFlow TensorFlowRNNClassifier - there Is 50
Main classes optimizer="Adagrad’,

tf.Graph() learning_rate=0.1,

tf.Operation()

of . Tensar()

tf.Session])

Some useful functions
tf.get_default_session()
tf.get_default_graphi)
tf.reset default graphi)
aps. reset_defauli graph{)
tf. deviee("fcpuig™)
tf.name_scope(value)
tf.convert_to_tensor(value)
TensorFlow Optimizers
GradientbescentOptimizer
AdadeltaDptimizer
Adagraddptisizer
Momentumdptinizer
AdamDptimizer

FtrlOptimizer
RMSPropOptimizer

Reduction

reduce sun

reduce_prod

reduce_min

reduce max

reduce mean

reduce_all

reduce any

acounulate n

Activation functions

tF.nn¥

refu

refus

elu

softplus

softsign

dropout

bias_add

sigmoid

anh
sigmoid_crass_entropy_with_logits
softmax

log_saftmax
softmax_cross_entropy_with_logits
sparse_softmax_cross_entropy with_logits
weighted_cross_entropy_with_logits
Bec,

Skflow

Main classes
TensorFlowClassifier
TensorflowRegressor
TensorFlowDNMNClassifier
TensorFlowDNNRegressor
TensorFlowLinearClassifier
TensorFlowLinearRegressor
TensorFlowRNMClassifier
TenzorFlowRNNRegressor

2017 4, Google 1] TensorFlow M B\ ¥ %2 7£ TensorFlow I # 0 FE 1 3 ¥F

Keras.

Chollet fi# B Ut ,
— AN B Wi Cend-to-end) [ ML 2% %% ) RE 42 .

Keras # A N & — 410 Cinterface) i A /&
eERMET - NNE &S,

FEHUMMRE, AR EMNEMNEERER S, Lk)EmH ¥t & E

i .
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Keras

L Python far diats scapce bE=saitivedy 38 s DIEaCa

(%]

| Keras is 2 powerful and easy-t deep learning library for
Theana and TensorFlow that provides a high-level neural

networks APl to develop and evaluate deep learning models.

A Basic Example

i YL miRpy AE 6
haeas. 1

and Lest 213,
nodwie of siinern, crone_val iation

tial Model

>>> model] -

i 1)

Multilayer Perceptron (MLP}
[=] tsn

o= oae i campil

ML Ml Chass O
> andal, sonp

ML Begression

=3 nodal, sonpll

Com |1e Model
[ L Binary Classifeation |

Model QuEput shipe "
UFnrY reprebeLation
aticen

Hodel
Mistel eoafigu
iGN

et

Evalu:

E

medeld.p

Mhrediction ]

Model Fine=tunin

Numpy

NumPy 1 H #5 /& Pytho
P

—

Y,

Python For Data Science Cheat Sheet
MNumPy Basics

.

The NumPy lfbrary is the core Hbrary for sclentific computing in

sy

n ] CPython & % 5t

Array dimensiarss

I th of airi

| L;”gunmercl'mvlyﬂmmm

| Mumber of array elements

| Data type of array slements
Name of data type

| Conwert an array to a diffaient type

clnp.bdarray.dtype)

W,
4R B %8 Cnon-optimizingbytecodeinterpreter) »

Pythen. It provides a high-perfarmance i al
object, and tools for working with these arrays.

Use the following impert convention: NumPy
»>> inport nuspy o8 np Z
MumPy Arrays
10 array 2D array 3D array

axis 2,
axis
axls o

e
o]
nEn

Createan arsay of ers
Createan irisy of ones
Create an aray of evenly
spaced values inep value)
Create an arvay of eve:

Create 3 242 idertity matrix
Create.an ariay with random values
Create an emgpty armay

Saving & Loading On Digk

Signed fia-bit integer types
Standard double-presizion aating point
numbers

Asithmetic Operations

Subtraction

Subtraction
Addtion,

Elpment-wise atural inganm,
product

Comparison

Hement-wise comparison
Eement-wise COMPIson
Arrapwise compasisin
Aqqregate Functions
o o= T Array-whe sum V

ANTay-wise minitum value
M value of an aray ow
Curmulative sum of the elaments

Cormeiation coefficient
Standand deiation

[ Create a view of the ssray with the sime dats
| Create a copy of the armay
> - . | Create a deep copy of the array
Sorting Arra
P ) Sart an array |
- i | Sartthe elements of an amay s anis

[ Transposing Arrdy
et .

a2 3, TRENAPE (Y, ~Z]

| Adding/Remaoving Elements
| }

KRN ERA T
NIEA WA ) Python
EMBFEHEEFETEEZEREMRANIE. NumPy 8 1T 2 f# 7& 4
HERBBITWNEZHEBMAMBHEMEHEHFRBRERZ NS, IFTEEHETE
FEH B NumPy 1N IE

Inspecting Your Arra

Selact the element at the 2nd Index

Select the slément at row 0 olmn 2
eauivalens te ol 2]

Selectivems at index o and 1
Selectitems at rows 0-and 1 in column |
Sulect all tems at row &

fealen

fequi
Sameas 1

1
Haversed array «
‘Select elements fiom o less than

Seluet sharments v and i |

Select  subset of the matrix's rows
‘and calumns |

Fermute amay dimensions
ute aray dimensions

Flaten the attay.
Feshape, but don't change data

Return amew aeray with shape (2,6
1o anaray

Insert items i an array

Orlete ftams from an seray

Concatenate arrays

| Stack arvays vertically drow-wise)

| Stack arrays vertically {row-wise]
| Stack armys horzontally (cotumn-wise)

Canae stacked column-wise armays.

Comate stached cokumn-wise frays.

| Spiit the array harizonzally 3t the 3rd

| Split the aieay vertiesfly at the 2nd indes

DataCamp




Pandas

“Pandas”iX PN & ¥R T “M K £ #& (panel data) ”— i, & — 4 £ 4 45

LARCAEV /i Wi Ra g i 27 e NI T

Python For Data Science Cheat Sheet

Drap valies from roves (exis=a}

Pandas Basics

4 axia=1) | Drop vahies from colemrs(asiset} |

nort_indaxlbys'

Bra df

T | Get one element 1 9'1&3""

71 | Sort by rew or el index |

s PO rder ) S0t aseries by its values
The Pandas library is built on NumPy and provides easy-to-use 05 L | Assign anks to e
dat; and data analysi: Is for the Pyths
ressnmistmosnt " pandes i g
Us¢ th g import i | okme
s3> lmport pandss on pd Select single value by row & g{,::?::wu:; -
i A escribe BataFrame cobumns
Pandas Data Structures Lo e il Lo S
eries el ik RS o forehi oak |
s Simimary
A one-dimensional labeled array F] ¥ Labre e -
: . Sum af walues
capable of helding any data " Select single valua by row8: Cummalative sum of vahies
i LR e 4 B °°""""|IE¢|5 ax i) Minienurnymarimam vahies
Index 7] wicdmas ] | MinkmurmdMacemum indsx vakie
n m;ynfawks
Hoan af values
SO e P L e s By Label/Position Median of values |
= e e ke A= Ml b33 de, Lni2] ;klec:s\nglermo( d
sl
Colums, S5 F = lambda mr wed
"~ Y e TR imensi : yip it
e e S e
Welgrm | Brussats | 11 *

of p tally different types

e Indis frew
Index

Wraall | Bowaitia [ rasae

St i Internal Data Alignment

o

Boolean Indexing NA"_'hn“ = n

a3 n[-is > 1)) Series 5 where value s not =1 Ern !
Err oal = where value is <107 22 P> b & a3

b5 df [ : U filter to adjust DataFrame A E

Setting I: )

Ba il tat) -6 Setindex o of Series « to & :

Operations with

. You can also do the i data 2l self with
Read 2nd Write to CSV Read and Wr i s
- - i the help of the fill methods:
[x5> pd.zead csv( v', headersfong, nrowseh) x> from sl NPT T T o
4 | - 4,4

b2 Angine =

4 i, enigine)
resd gl ()53 convenience wrapper around sesd gl table() and
road =gl queryl)

mylutaToame xlzx!, ‘sheet_name='Sh

f>> pd.to_sql(*myDf', engine)
i

Data Wrangling

“Data wrangler” — W B E B W AT Xtz . fE 2017 FWHEE S
Mi: B8 d, A S5 -38 -5 i (Marc Evan Jackson) ffi ¥ [ £
ook A H O R IR (SteveWoodward) , AT data

Data Alignment




wrangler”,

Data Wrangling
with pandas
Cheat Sheet

http://pandas.pydata.org

atafrase(
{"2% : [4,5, 6],
2 17, 8, 9],
"e” 1 [18, 11, 12]},
fndex = [1, 2, 3]}
Specify values for each column.

¢f = pd.DataFrase(
[[4, 7, 18],
s, 8, 11},

Most pandas methods return a DataFrame o that
anether pandas method can be applied 1o the
result. This improves readabiliy of code.

df = (pd.melt(df)
Jrenane{columnss{

Each variable is saved

A foundation for wrangling in pandas

Tidy data complements pandas’s vectorized
operations. pandas will automatically preserve
observations as you ipul No
other format works as intultively with pandas.

ExE

e —

M* A

£ N - . = © - C - df.sort_values('mpg’ )
— = o - Order rows by valees of a column [low 1o high).
df .sort_values('npg’,ascending=False}
= = Drder rows by values of a column (high 1o low].
pd.melt(df) df . pivot(columns="yvar*, valuesa'val')| 4f-rename(columns = {'y':'year'})
Gather colurnns Into rows, 'm&m'(m,mm i e 2 Rename the columns of a DataFrame
= e - df . sort_index()
. — = ———— Sart the index of 3 Dataframe
L - g df.reset_index()
i Reset ind bers, moving
Indéx to columing. h
pd.concat([df1,df2]) pd.concat([df1,df2], axise1) df.drop([ 'Length’, "Height'], axis=1)
‘Mppend rows of DataFrames Append colimns of DataFrames. Drop columns from DataFrame

Subset Observations (Rows) Subset Variables (Columns)

dF([*width’, ' length', ‘species’]]

df[df.Length » 7] df . sample(frac-8.5)
Extract rows that meet logical Randomly select fraction of fows. “["’.zﬂt" r':.'?"f";'::;':'th’p’u s g
Favirt Uf . sample(ne16) Select single colurmn with specific name.
df .drop_ i ) salect n rows, df . Filter(regex="regex'}
Remove dupkicate rows (only df.1loc[18:28] ST s
L 5 Seloct whase name matches regular expression regex,
considers colurmng) Select rows by position. regex (Reguiar Expressions) Examples
dF .head(n) df.nlargest(n, ‘value')
Select first n rows Select and order top n entries, T MAatahes Wi Eontaining  pariod !
df.tail(n) df.nsmallest(n, 'value') ‘Langtis’ Miatches wrings ending with word Targth
Selpct last nrows. Sebect and order bottom n entries. [ o L g S
taaf1-8]8" Matchas: srimge. begnning with s’ nd anding with 12,545
ea(rIspeiiess). ot R

df.loc[:, x2":"x4" |

Grnater than I

Select all cotumas between x2 and x4 (inclusive),

Ipe. Lanel(ong)

df.iloc[:,[1,2,51]

fpd. noteull (ot}

Select columng in positions 1, 2 and 5 (first column is 0).

Fa=s*8f any(},df adig)

boghcal and, of, nOE, wot. any, o

df.loc{df['a*] » 1@, [*'a",'c']]
Select raws meeting logical condition, and enly the specific columns .

1) i



ling Missing Dat

df[ "W’ ] .value_counts() oF . dropnaC) bdf
Count numbser of rows with each unigue value of variable umr:‘::“ with any column having NA/null data. -m w
len{df) d¢f. Fillna(value) -
 of rows in DataFrame. Replace alt NA/null data with value, ' ‘ =- =
OF["w' ] .nunigue() 3 L]
¥ e et celg Make New Column Ssandard i —
e siaiici o each Gl (o Groupby) mEIE'ps.-u-p(uc baf,
P A 1l hows="1eft’, on="x1')
- 8 2 WFY  join matching rows from baf 1o adf.
. = € 3 MaN
df.assign(Area=lambda df: df Length*df.Height)
pandas provides a karge set of summary functions that operate on Compute and append one ar more new columns w-wtadf, [bdf,
different kinds of pandas objects (DataFrame columns, Series, df['Volume'] = df.Length*df .Height*df.Depth 10 “right’, ons='x1")
GroupBy, Expanding and Rolling {sce below}) and produce singhe Add single column. 20 ]mmmhgms from adf to baf.
walues for each of the groups. When applied 1o a DataFrame, the pd.geut{df.col, n, labels=False) B NaN
result is retumed a5 a pandas Series for each column. Examples: Bin column into n buckets. (51
sum() min() i
Sum values of each object Mirsmum value in each object. ? e ﬁ -1 : : B how="dnner’, on="x1")
RELY ild - il : Join data. Retain only rows in both sats,
Count \iull values of walue in each obj = - = i
each object. mean( ) X . w(iﬂf, baf,
median() Mean value of each object. pandas provides a large set of vector functions that operate an all AL how="outer"', on='x1")
Median value of sach object.  var() calumps of a DataFrame or a single selected calumn (a pandas B 2 Jin data, Retain all values, all rows,
quantile([8.25,8.75]) Variance of each object. Series). These functions produce vectors af values for each of the = L3 Hant
‘Quantiles of sach obiject, std() columns, or a singhe Series for the individual Series, Examples: D NaN [T
apply(function) Standard deviation of each max{axiss=1) min{axis=1) JFiRegsing Joins P e
Apply function to each object,  object Element-wise max. Element-wise min. {11 1az] ‘adf[adf.x1.isin(bdf.x1)]
clip{lower=-18,upper=18) abs{} A1 Al rows in adf that have a match in bdf.
Grou p Data Trim values at input thresholds  Absolute value. B2
df . groupby (by="col" ) The examples below can also be applied to groups. In this case, the i1 x2 ] adf[~adf.x1.isin(bdf.x1)]
Return a GroupBy object, function is apalied on a per-group basis, and the returned vectoes €3 All rows in adf that do net have a match in bef.
SN grouped by values in column aro of the length of the original DataFrame.
- -b named "col”. shift(1) shift(-1) &f;&' zdf
with vahes shifted by 1 Copy with values lagged by 1. mm
f ‘groupby (levels"ing") rank(method='dense’} cumsum() 1 + 52
Hetmnd Grousbe chiect, Ranks with no gaps Cumulative sum. 8 2 €3 _—
Ww""'_f'"m rank{methods 'min’) cummax(} c3 o a
et armaé Ranks. Ties get min rank. Cumlative max. Pt e
Alinimﬁmnaryﬁamnmﬁs fisted above can be spplied to a group. rank(pctsTrue) cummin()
2 Groupfy functions: Ranks rescaled to interval (0, 1], Cumulative min. mm pd.merge(ydf, zdf)
size() agg(function) rank(method="first") cumprod( ) B2 Fows that appearin both ydf and zdf
Size of each group. Apgregate group using function. Ranks, Ties go o first value. Cumulative product. cs3 (Intersection).
miE pd.me
-merge{ydf, zdf, how='outer')
[ Windows | Plotting 1 T e
Un
d:.uplmz.xn:'(lm et : s df.plot.hist() = di.plot.hs:mur{x- I;'.v! ‘h') c3 Sk
eturn an nding allowing summary functions to Histogram for each column  Scatter chart using pairs of points D 4 outer’,
applied cumulatively. I 1 | - AR e ""’""..S;J‘.L.mi '
df .rolling(n) I R e T oY
Return a Ralling object allowing summary functians to be Al HPODLL  metign ' 1, axisel)
pplied to windows of leagth n. | Rovwes that appear in ydf but not zdf (Setdif].

Com ne Data Sets

Data Wrangling with dplyr and tidyr

Data Wrangling
with dplyr and tidyr

@Studm
Syntax Heipful conventions for wrangling

00 thil_dffiris)
Converts data to thl class. tbis areeasier to examine than
data frames. R displays only the data that fits onscreen:

| Saurce: local data frame [150 x 51

Sepal.Length Sepal :mh Petal.Length
1 {2 g
12 JU 1.4
|3 bt 32 1.3
4 4.6 31 1.5
5 5.8 e 1L

i

|"s;:=1: ?2:,2‘“"‘ Petal.width (dbl »
iy glimpsediris)
Infarmation dense summary of thl data.
s Viewl(iris)
View data set in spreadsheet-like display (note capital V).

Apler Yt
Passes object on left hand side as first argument {or .
argument) of function on Aghthand side.

x =% fly) isthesameas fix, )
¥y W fix, o, 7) Sthesameas fx, ¥, £ )

“Piping” with %5>% makes code more readable, e.g.
iris sk
group_by{Species) %y
summarise{svy = mean(Sepal.Width)) %%
arrange{avg)
St 1A WA f RENan,

B RS ik

G0 + BIASE 1

Tidy Data - Afoundation for wranglingin R

. E Tigly data complements R's vectorized E: *0 F|
In a tidy operations. R will automatically preserve -
data set: observations as you manipulate vanables ::
Each variable s saved Eachobservationis Mo ather format works as intuitively with R, M %A

i its own column saved in its awn row

Resha ping Data - change the layout of a data set

-ﬁ_’“ Em— Gl data_frame(a = 1:3, b = 4:6)
i Cormbing wectors into data frame
{optimized),
| 0 arrange{mtcars, mpg)
11y gather{cases, "year”, "n", 2:4) thelyr dipollution, size, z "Qrdeuwmr?'t;:yvﬂmodacMumn
Gather colimis into rows: Spread rows into columns. (s arrange(micars, descimpg))
Ordes rows by valuesof 3 column
- - LY ;
“E-="IE m-="E e
- Ay
{idyr-separate(storms, date, ¢{"y", "m", "d")) {1y unite(data, col, .., sep) Rerame he columsof  data

Separate one column into several, Unite several columns into one,

Subset Observations (Rows) Subset Variables (Columns)
SEEE=
E -
B ESE=E
+ filter(iris, Sepal.Length = 7)
Extract rows that meet logical criter(a.
dptyr distinet{iris)
Remove duplicate rows,
Ipiyt sample_fraciris, 0.5, replace = TRUE)
Randomly select fraction of rows.
dpiyr sample_nfiris, 10, replace = TRUE)
Randomly select n rows,
dptyr slice{iris, 10:15)
Select rows by position
dpyi top_n{storms, 2, date}
Select and order top n entries {by group if grouped data).

- select(iris, sepaumdth, Petal.Length, Species)
Select columns by name or helper function,

Helper functions for select - {select
o eontakns{ )}

lurnna whase name cantains a charaster stiing

.
Selisct volurns namad x
e

Lagicin R - ?Comparison, *base::Logic

e sirts with 3 chardder Siring,
iwidth]
eolumin bebwenn Sepal Length and Petal Width {ineluire)

Al ealuming except Speties.

L P T DASWIAVENRLESIORCAG = € dplye”, "By T] + 1yt 03 0s Ialye D28+

il upaa ifts



ks New arisbles

e o .: E
+

-
—

TITTEE 0 tefjoina, b, by = "x1")
B LEm oin matching rows from b to 2,
EREITY ol right joina, b, by = *x1")
=--"l Join matching rows froma to b,

A
HESE
c

Ayl summariseliris, avg = mean(Sepal.Length))
Summarrse data into single row of values,

dplyr eachliris,
Apply summary function to each colurmn,

dply count(iris, Species, wt = Sepal.Length)
Count numbser of rows with each unique value of
variable (with or without weights),

Summiarise uses summary functions, functions that
take a vector of values and return a single value, such as;

* mutate(iris, sepal = Sepal.Length + Sepal, Width)
Compute and append one or more new columns.

iy mutate_eachiiris, funs{min_rank}}
Apply window function to each column.

Il transmute(iris, sepal = Sepal Length + Sepal. Width]
LCompute one or more new columns. Drop orginal columns,

Mutate uses window functions, functions that take a vector of
values and return anathervactor of values, such as;

TS inner_join(a, b, by ="x1%)

mm  Join data. Retain only rowsin both sets,

TI{E Aptfull_joina, b, by ="x1%)

- g Join data. Retain all values, all rows.
e

dplyr first min dplylead

Apbyrcumall
First value of a vector, Minimum value in avector

-f-nlu': ~semi_joinia, b, by = "x1")

ilast max

Copy with values shifted by 1,

Cumulative all

All rows in a that have amatch in b

AT i dplyr:lag 1ol eumany Al
.L“.!. :‘;e of avector. asimum value in a vector, Copyviithvelues lagged by 1,  Cumilative any dplyr: ant_l._[ﬂin[a, b, by ="x1"] _
.rh‘zlllh value of avector. m:::rl value of a vector Iplrgense rank SpYmIRER -
TR = e " Ranks with na gaps. Cumulative mean
# ot values in a vector. Median value of a vector. Iphynsmir,_rank TR NS H% p—
dpteon_distinet i Ranks, Ties get min tank. Cumulative sum g WIE —
# of distinct vatues in Varianceof a vector. ki percent_rank cumman
avector sd Ranks rescaled to [0, 1) Cumulative max
QR Stanclard deviation of a dply row_number cummin 0l intersectly, z)
1QR of avector, vectol Ranks. Ties got to first value. Cumulative min i Rows that appear in bioth y and 2.
dplye ntile cumprod lz‘-"- .
S dplve unio
Group Data Binvector into n buckets. Cumulative prod . i niy, z) __
i Rows that appear in either orboth y and 7
(10 group_bylirls, Species) dply between pmax
Group data into rows with the same value of Species, Are values between a and b? Element-wise max w dpivrsetdifily, z)
(v ungroupliris) Il cume_dist pmin Rovws that appear in y but not 2.
Remove grouping information from data frame, Cumulative distribution, Elementwise min [
iris %>% group_by(Species) %>% summarise(...) iris %% group_by{Species) %=>% mutatel...) T o
Compute separate summaryrow for each group. Compute new variables by group. o _rowsly, 2}
Ememas  Append 2 10y 8s new rows.
= L=y
e e
—] G0l bind_colsly, z)
g Egﬁ: Append zto y 85 new columns.

Cautlon: matches rows by position,
Lt e il T BAWAENERES{DAckagn = €77 Bphye™, BT + il 0800 Dyt 025

L 1 ysemank 1 BSnatio, sy vupdamd 1S

SciPy

SciPy ¥ & fE NumPy (40 % % Carray object) I, /& NumPy HE #& (stack)
M) — # 4> « NumPy HE & 4 #5 Matplotlib, pandas il SymPy % T. B, Ll %
—EY RMOBEIHEE. XA NumPy RS H N AR P CQ MATLAB,
GNU Octave fil Scilab)E A ML H /o NumPy # & F B W 3 K N Scipy



Python For Data Science Cheat Sheet
SciPy - Linear Algebra

Liearn More Python far Data Science ot wwndelicame com

saly containg and expands on nuspy. 1inalg.

Matrix Functions
Addition

npiada (i, Of Addtion
Subtraction

The SciPy library is one of the core packages for
scientific computing that provides mathematical @Scipy

algorithms and convenience functions built on the

Subtraction

Basic Matrix Routines

Inverse

Division

Multiplication operatar

inerse Hileon
: Tranpase matrix Vector dot product
; ‘ - Confogate transgosition ot oot
) Trace Tenisor dot product
(£ LT B0 g — THace Jersx ot produc
|

Frobenius norm ::n"ixewnﬂmtia: .
0 i eporiential fagke Seie

ol ¥> 1inaly. expad Matrix exponential feigemssie

L inf nagrm (max rows sum) e

Lagarithm Function
2> 1lnaly. 1

Create a dense meshgrid

e Create an apen meshgrid £ iin

Stack armays vertically (row-wise) fiani
Create stacked colume-wise arrays

| i g

- - Jlinalgimacein_eankee) | Matridrank Matrix lagasithm
Shape Manipulation Determinant
— o 1laalg.dat (K1 Datermirant Matrix sine
R [PepKE M egereions | Solving linear problerns hisoif o i
b a Sobverfor dense masrices e

Stack aerays hosizortally (column-wise)
Stack srvays vestically {rew-wise) e e Sobver for denie malrices .
plit the aeray horizontally at the 2nd index | |- 1 Least-squares salution tolinear matrix
Spin the array vertically ai the and index equation

Hypberbolic mateix sire
Hypirbolic matsix cosing

Generalized inverse o L M Hypesbalic matrix tangent
| > itmaigipanvics Compute the pssoda-inverseaf a matrix Matrix Sign Function
+ fleass-squuires salver) =L (Al Matrix sign function
Ermibe's pabyrieilal ab{ict i Jimaig 1 Camguth th gseudo-inverse of a mately Matrix Square Raot
| {5v0} x 1 inalg. nqrt= A} Matris square root

Arbitrary Functions
b= 1l : Evaluate matrix function

Cresta 3 22 hestity matsix
| Cieate 3 343 ey

Compresued Spare Row matiix Eigenvalues and Eigenvectors
25 da, v = Llmalg.eig (A}

izef 3
Wectorize funciions Compressed Sparse Column matrx

Salve ordinary o generalized
eigenvalue problem for scquare matrix
Unpack sigernvalies

First elgerector

Second sigenvector

Unpack elgerabaes

Type Handling

" Retuem the real part of the antay sements
e Retusn the imaginary part of the acray elements
soimiionn Reburn a real arvay W comples pas dlose 10 0
1l Cast object to a datatype

Singular Value Decompasition (SVD)

Cortruct sigma matrix in SVD

»> o <11l
ther Useful Functions
; o

7* Return the angle of the complex Mm:!ﬂl
ereophisat) Creste an atray of eventy spaced v

LU Decomposision

Salver for sparse matrices -
Unwrap mpasitions
Create an aeray of evenly spaced values s <s
Securn values from a kst of arrays dependingon
conditions
Factarial
| Combine H things taken at k time
Weights for Np-paint central derivative
Find tha rith derivative of a function at a point

e 1%, 1| | Eiqeruahmsand sigenvectors
. £

| Sparse mutrix exporential

Matplotlib

matplotlib /& Python BB F MW — M2 K E R KA BEHE ¥V &
NumPy. ENF HBEBHMWEEH P W L EM, W Tkinter, wxPython, Qt
B GTK+m M A P ik NN B AL 7 oo &R H R F O CAPD .
EAH—AETIREN (W IF R EJE E OpenGL) K P pylab 3 1, # it
5 MATLAB 4F W K L-- R & i ok A & A4, scipy st A A T
matplotlibo

pyplot /& matplotlib fJ — ML, 84T — KL MATLAB 8 1 .
matplotlib #% % it 75 F & K 1% MATLAB, H H i H Python M RE /1. # 2%



Plot Anatomy & Workflow
ot Anstomy

Python For Data Science Cheat Sheet
Matplotlib

tearn Python interactivelyat wiwRataCamp.com

lk\l Tl
', "jmmeg.m.m
Lightisl,

T

[ timits & Autpscaling

55 daka = 3 7 np. pedom, £ andcal 110, | . [
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Data Visualization
with ggplotz

Continuaus
Chea a < grplotimpg. aas|wy
@Studio 1+ geom_area(stat = “bin")

=y, Hgh, calor, M| Nnetype, size
e+ geom_arealacsly = _deanity L stat = "hin")

4+ geom_density({kemel - “gaussian’)

b+ grom_densitiaely = county. )}

o « geom_dotplot()
5, . alpha, color, B

o+ geom_freqpaly()
%, ¥, alpha, color, Frietype, sine

aeom_fregpoly(aesdy = density, J)
m 4+ geom_histogram{zinwidih - 5)
w, Yo-alpha, colof, Bl Bretype, sie, weight
b+ genm_hissogram{aesty= dameay, )
Discrate
b= gaborimpp,

1+ geom_bar()
x alpha, eolor, L, Nnetype, sie, weight

B Graphical Primitives

“Build 4 praph with gplot{) or geplot() " — o)}
m ‘“m polygonacs(yo
Wl*'w = b, b = w‘-dmﬂ'mm'"fi (:Er:t,-pe frx!gm“p’l
(7
mwm&gpﬁmmwm
gEplotidita = mpg. nesle=cty,y « i) d= P o
mmuhxlhdm Mmbgaﬂdin_g ann\u.ﬂo -P“" (lneend="bun”,
s, i wan g ||ru:|om round’ linemitresl)

%, alpha, color, linetype, sizn
platiapy, sesihwy, ctyl}

|w Hnr = 1 tu m-n-uwnmlur-m "
t Il"; u, ymaa, ymin, dlpha, calar, B linesype, see

= N

le, el +
| Thenebut &
e g =ong, y = lat))
Al 3o Laged to a phat with n geom_*() |+ geom_segment(a==|
o stat_"[) hinction. Edch providet 4 geom, & - :;-s:d.- long + defta_tong,
i i 8 yond = [t + delta_at))
and potiion adpatment. w, wencl, y, yond, akstia, colat, Batppe, sl
Tast_plot(} ' goom_rect{es(min = long, ymin = lat,
Hetuing the last plot ;m- long + delta_long,
¥ > ymax = fat + delta_lar))

ammias, xmin, yera, ymin, alpha, coles, TIEL

psavel"plotpng’, width =5,
'hmlulpbtﬂi»‘ki‘fhl:lﬂ'&d “platpng’in: linetype, size
g ¥
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w0, ﬂuemmnﬂam.mw
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t
with xwmﬂummmwm
does the same & geom _bar{stat="kin"]
Genemi Purpose scales
Usn with any ansthefic:

i, coso 1, Betypa, shapn, niie
scale_*_contimuous() - map cont’ valies to visual v'ves
scake_*_discretel) - miap discrete values to vinual vilies
weale_*_identity() - uudah wniuanu isteal values

ture_Geraity..._sensity. scale_"_s
-vuz,bﬁd-mwn-wm-*'ﬂ MM:MMMDB
Ly count.
ul-u*ﬂﬂm-n—-d-m‘l X and ¥ location scales

1y, | coun | densty,. scale s with ¥y assiheties i shown heel

=30 o = 16LE) G g ~}
sy, breaks = date_breaks("2 weeks’
muundnﬁswhupﬁmhvllwlfwmm
scate_x_datetime) - treats values 35 date tmes. U
SamE MEUMENts 3 Stale_x_datel).

scale,x_loglod) - Plotx on logl0 scale
seale_x_reversel) - Reverse direction of x ads
seale_x_sqref) - Plon x on souare rost seale

E{

+ geom_ribbon{sestyminmuncmaloy - 900,

Color and 1ill scales
Diciedn Continuous
ki
1 scale gl
1, ervel Tor palete Chosces
Ry inuity__staled_. counL_ .. ASkmand icth gl
- vtn_eediln < w3) s
| ” m o 7, it O
1« whint_guaarmllefpasnities - o015 0.5 8 P4 Inrmista s = o],
o = ") i

Continuous X, Cominuouﬂ ¥
<. ggplot]

l:‘ 1+ geom_blank()

1+ geom
w . alpha, color, fill, shape, sine

1+ geom_point()
& 4. alpha, color, fil, shape, sine

’ 1+ geom_quantile(}
.y, alpha, cofor, linetype, s, weight

1 = geom_rug(sides = “bl’)
algh, color. linetype, sive

* geom_smooth{model - Im)
1y, alpha, ealor, ll, netype, size, weight
* geom_text(aesilabel = ciy))

=y, labe, alpha, angle, color, family, fontface,
s, Tineheight, sibe, viesat

Dizcreta X, Ci

§< igniot{mp

1 + geom_bar{stat = "identity")
w., alphi, color, BIL Hinetype, sioe, weight

+ geom_boxplot()
B, enidicfe, uppe, 5, ,mmmm alpha,
celew, fill, inatype, thape welght
M_dnlphliamaa '
stackdir = "center”
walpha, calot, fitl
geom_violin{scale = “area’)
n,y, alpha, color, fill, linetype, size, weight

Discrats J( Dlsctnle ¥

b pppl s, seio
[y 1+ geom_jitter(,
B %,y shpha, cestor, fll; shape, sire

m + geam_contour(pes|z = 2]}
Ky, £, 2lphs, colpur, limetype, size, weight

 + goord_cartesian(:lim - <(0,5))
sfim, ylim
The defauht canesan coordinate system
« esord_fixed |t = 112)
vt xlim, ylim

Cartesian coorgenates with fived aspect
T3t Detween & and i s

i geom_raster{acsifill - 2,
Vjust=0.5, interpolate=EALSE)
r

i variahles Each

One Variable Two Variables

Gommuous B|\|’I(IIW Dltlllbullnrl
ationg]]

i >uw blllullh nwldﬂ! clﬁ 051}
T nm\r\wwﬂrﬂ-n alpha, colee, fill,

netype. size, weight
|+ geom_density2d]]
,y, alpha, colour, linetype, size

|+ geom_hex()
.y, alpha, colr, R sie

Conunuous Function
) anti, wnpmployth

st

Erm _area()
Y, alpha, oo fill, linstype, sae

1+ geom_line()
x.y, aipha, colar linetype, sice

|+ geom_stepiciirection = "’}
i ¥, aipha, colos, linetype, size

Visualizing arror
T B, 4

g = &5, e

ke + geom_crossbar(fatten - 7}
Y.y, yrmin alpha, cobor, Till, linetype,
szt

i+ geom_errorbari)
, yma, ymin, lpha, cofos, bnetype: size,
it (414 geom_etrorbarh()

&+ geom_linerange{)
. yprmin, mae, alpha, color, Inctype. sine

&+ geom_pointrange()
, ¥, YN, yrna, alpha, color, 1), inetype,
shape, size

Maps

« geom,_maplseiman_ i « stse), mig s map)
expand_limits(: - mantong - maniiar)
man_kd, alpha, coles; ML linetype, siee.

Three Variabl

just=05,

esifill = 2),

x.y, Al Bl
m ¢ geom_tilefacs(fil « 2}
.y, 2lpha, eolor, K, inetype, size
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Facetin
Facets divde a plot inlo subplats hased an the values
ol'am. o mane dicnie mmﬂwx

1o fa (.~ fl}
fatet into eolumns Dased on fl

= 1+ facet_grid({year ~ )

facet ingo rows Dased on year
W 1 - facet_grid{year - 1)

facet inta both rows and cobumns
t+ facet =

wrap facets into a rectangutar layout:

++ coord_polaritheta = "s" directian=1) St scales to et aus imas vary across facets

thesa, start, direction
Polar coardinates

r + coord_trans{ytrans ="sqrt®)
m ety it o,y

Tramsdormed carteslan coordinales. Se
#xlrs 40el 4Eins 10 the name:
projection, arientation, dim, ym

of awingow luocton.
Map peojections i the mapproj pad

1+ roord, ngjection = Tonho’,
Lo
{mercatar idefaule), azequnlarnd, lagrmgs, ale.]

Ll
EI 7« coord_flip()
alim, ylim
Flipped Cartesinn coordinates

orientation=cial, ;u o

Position Adjustments
Pusiticn sdustments determing how to armange
geons that would otherwise deeupy the same spacs.
%< ggplotimpg, aesih, filk=drvl]

m a0 geom b position = “dodge”)

Saack elements on top of one anadher,
narmadize height

54+ geam bmpudum-'md:

Stach efpment

b« faeet_grid(y ~ =, scales = "free™)
wiaind y sl timits 2¢ljustto indvidaat facets
» ™hrea_x" .y s imits acfust
« hreo_y" - y awi lirmits acfust
Set labeller 1o achust lacet labels
11, labller = label_both)
wd LR L3 wr
11, Labetter = label_boguote(siona * (iji}
ot o o "

= haget,_griai.
L2

£+ facen_grid
at

Gl T Labadler = label_parsed)
& 4 . » e

 + ggitlel"New Plat Title")
Ardd o main title abowe the plot

1+ alab{ Hew X label")
Charge the label o the X A

1« ylab New ¥ label”)
Change the labet on the Y s

e labs(utle =" New tirhe”, = "New x", y = "New "}
Allal the above

i+geom Dolnh'uslﬂm = "jitker”)

Arange elements s<de by side
‘.# Al random natae to X and ¥ positon
" h £ 10 vk \

e
Placa legand at"betom
-+ guides{zolor = “none”)

o, et ox “right”

&+ geom_bar|position = "AII")
Each position pciusiment can be recast a4 a lunction
waith t

A, st x
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Sot d b lar vach aesthetic: colorbar, legend,
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o+ scale_fill g name = “Title",

* discrete
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e ot Iogona tide and Labels with a scale function
Thene: —re—
'« theme_bw) « theme_classicl) - biduea S e
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‘"‘"BM'- nogrdines e, N . 5 {40,
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PySpark

Python For Data Science

Py

Y 71l Retrieving RDD Information | ReshapingData ]
Basic Information Reducins

@
PySpark is the Spark Python APl that exposes
the Spark programming model 1o Python Spcui(“
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Big-O Complexity Chart
[Horrible] [Bad] [Fair [Good] [Excelient]

Operations

Elements

Common Data Structure Operations

Data Structure Time Complexity Space Complexity
Average Worst Worst
Access Search Insertion Deletion Access Search Insertion Deletion
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Array Sorting Algorithms

Algorithm Time Complexity Space Complexity
Best Average Worst
Quicksort  [QCn logCn))| [BCn log(n))| 0(log(n))

Mergesort  [QCn logCn))| [BCn log(n))| [0(n log(n))|
Timsort [8Cn 1og(n))|  [0(n 1og(n))|
Heapsort [acn 1ogcn))| |B(n 1og(n))l |0(n log(n))|
Bubble Sort )(nA2)
Insertion Sort

Selection Sort
Tree Sort
Shell Sort
Bucket Sort

sl — oo
CoutngSot [0) G0 [

Cubesort [8Cn log(n))|  [0(n log(n))] D)

BHYEL

Big-0 Algorithm Cheat Sheet: http://bigocheatsheet. com/

Bokeh Cheat Sheet:https://s3.amazonaws. com/assets. datacamp. com/blog
_assets/Python Bokeh Cheat Sheet. pdf

Data Science Cheat Sheet: https://www.datacamp. com/community/tuto
rials/python-data—science—cheat—sheet-basics

Data Wrangling Cheat Sheet:https://www.rstudio.com/wp—content/uplo
ads/2015/02/data-wrangling—cheatsheet. pdf

Data Wrangling: https://en.wikipedia.org/wiki/Data wrangling

Ggplot Cheat Sheet: https://www.rstudio.com/wp—content/uploads/201
5/03/ggplot2-cheatsheet. pdf

Keras Cheat Sheet: https://www.datacamp. com/community/blog/keras—c
heat—sheet#igs. DRKeNMs

Keras: https://en.wikipedia. org/wiki/Keras

Machine Learning Cheat Sheet: https://ai.icymi.email/new-machinel
earning—cheat—sheet-by—emily-barry-abdsc/

Machine Learning Cheat Sheet: https://docs.microsoft.com/en—in/az
ure/machine—learning/machine—learning—algorithm—cheat-sheet

ML Cheat Sheet:: http://peekaboo-vision.blogspot.com/2013/01/machi
ne-learning—cheat-sheet—for-scikit. html

Matplotlib Cheat Sheet: https://www.datacamp. com/community/blog/py



thon—matplotlib—cheat—sheet#gs. uEKySpY

Matpotlib: https://en.wikipedia. org/wiki/Matplotlib

Neural Networks Cheat Sheet: http://www.asimovinstitute.org/neura
I-network-zoo/

Neural Networks Graph Cheat Sheet: http://www.asimovinstitute. or
g/blog/

Neural Networks: https://www.quora. com/Where—can—-find-a—cheat—sheet
—for—neural—-network

Numpy Cheat Sheet: https://www.datacamp. com/community/blog/python—
numpy—cheat—sheet#tgs. AKbZBgE

NumPy: https://en.wikipedia. org/wiki/NumPy

Pandas Cheat Sheet: https://www.datacamp. com/community/blog/python
—pandas—cheat—sheet#igs. oundfxM

Pandas: https://en.wikipedia. org/wiki/Pandas (software)

Pandas Cheat Sheet: https://www.datacamp. com/community/blog/pandas
—cheat—sheet—pythontgs. HPFoRIc

Pyspark Cheat Sheet: https://www.datacamp. com/community/blog/pyspa
rk—cheat—-sheet—pythonttgs. L=]J1zxQ

Scikit Cheat Sheet: https://www.datacamp. com/community/blog/scikit
—learn—cheat—sheet

Scikit-learn: https://en.wikipedia.org/wiki/Scikit—learn
Scikit-learn Cheat Sheet: http://peekaboo-vision.blogspot.com/2013
/01/machine-learning—cheat—-sheet—for-scikit. html

Scipy Cheat Sheet: https://www.datacamp. com/community/blog/python—
scipy—cheat—sheet#igs. JDSg301

SciPy: https://en.wikipedia. org/wiki/SciPy

TesorFlow Cheat Sheet: https://www.altoros. com/tensorflow—cheat—sh
eet. html

Tensor Flow: https://en.wikipedia.org/wiki/TensorFlow



