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Data Science Cheatsheets

This section contains cheatsheets of basic concepts in data science that will be asked in interviews:

« SQL

« Statistics and Probability

+ Mathematics

+ Machine Learning Concepts
» Deep Learning Concepts

+ Supervised Learning

+ Unsupervised Learning

« Computer Vision

+ Natural Language Processing
+ Stanford Materials

Data Science EBooks

This section contains books that | have read about data science and machine learning:

+ Intro To Machine Learning with Python

+ Machine Learning In Action

« Python Data Science Handbook

+ Doing Data Science - Straight Talk From The Front Line
+ Machine Learning For Finance

+ Practical Statistics for Data Science

+ A/B Testing



https://github.com/khanhnamle1994/cracking-the-data-science-interview/tree/master/Cheatsheets
https://github.com/khanhnamle1994/cracking-the-data-science-interview/tree/master/Cheatsheets#sql
https://github.com/khanhnamle1994/cracking-the-data-science-interview/tree/master/Cheatsheets#statistics-and-probability
https://github.com/khanhnamle1994/cracking-the-data-science-interview/tree/master/Cheatsheets#mathematics
https://github.com/khanhnamle1994/cracking-the-data-science-interview/tree/master/Cheatsheets#machine-learning-concepts
https://github.com/khanhnamle1994/cracking-the-data-science-interview/tree/master/Cheatsheets#deep-learning-concepts
https://github.com/khanhnamle1994/cracking-the-data-science-interview/tree/master/Cheatsheets#supervised-learning
https://github.com/khanhnamle1994/cracking-the-data-science-interview/tree/master/Cheatsheets#unsupervised-learning
https://github.com/khanhnamle1994/cracking-the-data-science-interview/tree/master/Cheatsheets#computer-vision
https://github.com/khanhnamle1994/cracking-the-data-science-interview/tree/master/Cheatsheets#natural-language-processing
https://github.com/khanhnamle1994/cracking-the-data-science-interview/tree/master/Cheatsheets#stanford-materials
https://github.com/khanhnamle1994/cracking-the-data-science-interview/tree/master/EBooks
https://github.com/khanhnamle1994/cracking-the-data-science-interview/tree/master/EBooks/Intro-To-ML-with-Python
https://github.com/khanhnamle1994/cracking-the-data-science-interview/tree/master/EBooks/Machine-Learning-In-Action
https://github.com/khanhnamle1994/cracking-the-data-science-interview/tree/master/EBooks/Python-DataScience-Handbook
https://github.com/khanhnamle1994/cracking-the-data-science-interview/tree/master/EBooks/Doing-Data-Science-Straight-Talk-From-The-Front-Line
https://github.com/khanhnamle1994/cracking-the-data-science-interview/tree/master/EBooks/Machine-Learning-For-Finance
https://github.com/khanhnamle1994/cracking-the-data-science-interview/tree/master/EBooks/Practical-Statistics-For-Data-Science
https://github.com/khanhnamle1994/cracking-the-data-science-interview/tree/master/EBooks/AB-Testing

Data Science Question Bank

This section contains sample questions that were asked in actual data science interviews:

« Data Interview Qs

« Data Science Prep

« Interview Query

+ Analytics Vidhya

+ Springboard

« Elite Data Science

» Workera

« 150 Essential Data Science Questions and Answers

Data Science Case Studies

This section contains case study questions that concern designing machine learning systems to solve
practical problems.

Data Science Portfolio

This section contains portfolio of data science projects completed by me for academic, self learning,
and hobby purposes.

For a more visually pleasant experience for browsing the portfolio, check out jameskle.com/data-
portfolio

Recommendation Systems

- Transfer Rec: My ongoing research work that intersects deep learning and recommenda-
tion systems.

- Movie Recommendation: Designed 4 different models that recommend items on the
MovielLens dataset.

Tools: PyTorch, TensorBoard, Keras, Pandas, NumPy, SciPy, Matplotlib, Seaborn, Scikit-Learn, Sur-
prise, Wordcloud



https://github.com/khanhnamle1994/cracking-the-data-science-interview/tree/master/Question-Bank
https://github.com/khanhnamle1994/cracking-the-data-science-interview/tree/master/Question-Bank/Data-Interview-Qs
https://github.com/khanhnamle1994/cracking-the-data-science-interview/tree/master/Question-Bank/Data-Science-Prep
https://github.com/khanhnamle1994/cracking-the-data-science-interview/tree/master/Question-Bank/Interview-Query
https://github.com/khanhnamle1994/cracking-the-data-science-interview/tree/master/Question-Bank/Analytics-Vidhya.md
https://github.com/khanhnamle1994/cracking-the-data-science-interview/tree/master/Question-Bank/Springboard.md
https://github.com/khanhnamle1994/cracking-the-data-science-interview/tree/master/Question-Bank/Elite-Data-Science.md
https://github.com/khanhnamle1994/cracking-the-data-science-interview/tree/master/Question-Bank/Workera
https://github.com/khanhnamle1994/cracking-the-data-science-interview/tree/master/Question-Bank/150-Essential-Data-Science-Questions-and-Answers.pdf
https://github.com/khanhnamle1994/cracking-the-data-science-interview/tree/master/Case-Studies
https://jameskle.com/data-portfolio
https://jameskle.com/data-portfolio
https://github.com/khanhnamle1994/transfer-rec
https://github.com/khanhnamle1994/movielens

Machine Learning

- Trip Optimizer: Used XGBoost and evolutionary algorithms to optimize the travel time for
taxi vehicles in New York City.

- Instacart Market Basket Analysis: Tackled the Instacart Market Basket Analysis challenge
to predict which products will be in a user’s next order.

Tools: Pandas, NumPy, Matplotlib, XGBoost, Geopy, Scikit-Learn

Computer Vision

Fashion Recommendation: Built a ResNet-based model that classifies and recommends
fashion images in the DeepFashion database based on semantic similarity.

- Fashion Classification: Developed 4 different Convolutional Neural Networks that classify
images in the Fashion MNIST dataset.

- Dog Breed Classification: Designed a Convolutional Neural Network that identifies dog
breed.

- Road Segmentation: Implemented a Fully-Convolutional Network for semantic segmenta-
tion task in the Kitty Road Dataset.

Tools: TensorFlow, Keras, Pandas, NumPy, Matplotlib, Scikit-Learn, TensorBoard

Natural Language Processing

- Classifying Tweets with Weights & Biases: Developed 3 different neural network models
that classify tweets on a crowdsourced dataset in Figure Eight.

Data Analysis and Visualization

- World Cup 2018 Team Analysis: Analysis and visualization of the FIFA 18 dataset to predict
the best possible international squad lineups for 10 teams at the 2018 World Cup in Russia.



https://github.com/khanhnamle1994/trip-optimizer
https://github.com/khanhnamle1994/instacart-orders
https://github.com/khanhnamle1994/fashion-recommendation
https://github.com/khanhnamle1994/fashion-mnist
https://medium.com/nanonets/how-to-easily-build-a-dog-breed-image-classification-model-2fd214419cde
https://medium.com/nanonets/how-to-do-image-segmentation-using-deep-learning-c673cc5862ef
https://www.wandb.com/articles/classifying-tweets-with-wandb
https://github.com/khanhnamle1994/world-cup-2018

- Spotify Artists Analysis: Analysis and visualization of musical styles from 50 different artists
with a wide range of genres on Spotify.

Tools: Pandas, NumPy, Matplotlib, Rspotify, httr, dplyr, tidyr, radarchart, ggplot2

Data Journalism Portfolio

This section contains portfolio of data journalism articles completed by me for freelance clients and
self-learning purposes.

For a more visually pleasant experience for browsing the portfolio, check out jameskle.com/data-

journalism

Statistics

The 10 Statistical Techniques Data Scientists Need to Master

Logistic Regression Tutorial

Decision Trees Tutorial

Support Vector Machines Tutorial

A Friendly Introduction to Data-Driven Marketing for Business Leaders

Machine Learning

The 10 Algorithms Machine Learning Engineers Need to Know

12 Useful Things to Know About Machine Learning

A Tour of The Top 10 Algorithms for Machine Learning Newbie

The 10 Data Mining Techniques Data Scientists Need For Their Toolbox

Clustering and Classification in E-Commerce

The ABCs of Learning to Rank

6 Ways to Debug a Machine Learning Model



https://github.com/khanhnamle1994/spotify-artists-analysis
https://jameskle.com/data-journalism
https://jameskle.com/data-journalism
https://www.kdnuggets.com/2017/11/10-statistical-techniques-data-scientists-need-master.html
https://www.datacamp.com/community/tutorials/logistic-regression-R
https://www.datacamp.com/community/tutorials/decision-trees-R
https://www.datacamp.com/community/tutorials/support-vector-machines-r
https://www.topbots.com/data-driven-marketing-for-business-leaders/
https://www.kdnuggets.com/2016/08/10-algorithms-machine-learning-engineers.html
https://www.kdnuggets.com/2018/04/12-useful-things-know-about-machine-learning.html
https://builtin.com/data-science/tour-top-10-algorithms-machine-learning-newbies
https://builtin.com/data-science/10-data-mining-techniques-data-scientists-need-their-toolbox
https://lucidworks.com/2019/01/24/clustering-classification-supervised-unsupervised-learning-ecommerce/
https://lucidworks.com/post/abcs-learning-to-rank/
https://www.wandb.com/articles/debug-ml-model

Deep Learning

- The 10 Deep Learning Methods Al Practitioners Need to Apply

- The 8 Neural Network Architectures ML Researchers Need to Learn

- The 5 Deep Learning Frameworks Every Serious Machine Learner Should Be Familiar With
- The 5 Computer Vision Techniques That Will Change How You See The World

- Convolutional Neural Networks: The Biologically-Inspired Model

- Recurrent Neural Networks: The Powerhouse of Language Modeling

- The 7 NLP Techniques That Will Change How You Communicate in the Future

- The 5 Trends Dominating Computer Vision in 2018

- The 3 Deep Learning Frameworks For End-to-End Speech Recognition That Power Your
Devices

- The 5 Algorithms for Efficient Deep Learning Inference on Small Devices
- The 4 Research Techniques to Train Deep Neural Network Models More Efficiently
- The 2 Hardware Architectures for Efficient Training and Inference of Deep Nets

- 10 Deep Learning Best Practices to Keep in Mind in 2020

Downloadable Cheatsheets

These PDF cheatsheets come from BecomingHuman.Al.



https://www.kdnuggets.com/2017/12/10-deep-learning-methods-ai-practitioners-need-apply.html
https://www.kdnuggets.com/2018/02/8-neural-network-architectures-machine-learning-researchers-need-learn.html
https://heartbeat.fritz.ai/the-5-deep-learning-frameworks-every-serious-machine-learner-should-be-familiar-with-93f4d469d24c
https://heartbeat.fritz.ai/the-5-computer-vision-techniques-that-will-change-how-you-see-the-world-1ee19334354b
https://www.codementor.io/@james_aka_yale/convolutional-neural-networks-the-biologically-inspired-model-iq6s48zms
https://builtin.com/data-science/recurrent-neural-networks-powerhouse-language-modeling
https://heartbeat.fritz.ai/the-7-nlp-techniques-that-will-change-how-you-communicate-in-the-future-part-i-f0114b2f0497
https://heartbeat.fritz.ai/the-5-trends-that-dominated-computer-vision-in-2018-de38fbb9bd86
https://heartbeat.fritz.ai/the-3-deep-learning-frameworks-for-end-to-end-speech-recognition-that-power-your-devices-37b891ddc380
https://heartbeat.fritz.ai/the-3-deep-learning-frameworks-for-end-to-end-speech-recognition-that-power-your-devices-37b891ddc380
https://heartbeat.fritz.ai/the-5-algorithms-for-efficient-deep-learning-inference-on-small-devices-bcc2d18aa806
https://heartbeat.fritz.ai/the-4-research-techniques-to-train-deep-neural-network-models-more-efficiently-810ea2886205
https://heartbeat.fritz.ai/the-2-types-of-hardware-architectures-for-efficient-training-and-inference-of-deep-neural-networks-a034850e26dd
https://nanonets.com/blog/10-best-practices-deep-learning/
https://becominghuman.ai/cheat-sheets-for-ai-neural-networks-machine-learning-deep-learning-big-data-science-pdf-f22dc900d2d7
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3 - Machine Learning with Emojis

MachinelLearning Overview
MACHINE LEARNING IN EMOJI

BecomingHuman.Al
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UNSUPERVISED
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e d
LINEAR
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Lots of numerical data

-
LoGISTIC .

tinear_modslLogisticRegressionl)
Target variable is categorical

Originally Created by Emily Barry. See original here.

4 - Scikit-Learn With Python

human builds model based
on input / output

human input, machine output
human utilizes if satisfactory

human input, machine output

human reward/punish, cycle continues

CLUSTER ANALYSIS

-

K-MEANS

clusterKMeans)

Similar datum into groups based
on centroids

-

ANOMALY
DETECTION
covariance.EllpicalEnvelopel)
Finding outliers through grouping

Y

Cheat-Sheet Skicit learn
Phyton For Data Science

BecomingHuman.Al

 Skicit Learn N

Skicit Loarn s an open source Phyton lirary that
implements 3 range if machine learning, r

©) DataCamp

Preprocessi he Data

Standardization

A basic Example

2 rom saar import s st prapoces i
22 o sear rossvaaaon gt 3. e it
i

D
T masesiomSnsasscaa A i

s arget
andom stas3)

T o ramy vom

<55 scaler = StandardScaler) X train)
S5 slandardzed X - ceale ransformi ain)
2 Slandardzad X tes - scateransiormi tes)

Normalization

5> fom sizarn preprocesing Import Normaizer
- < Normalger X tan)

22 ot 1< et ranstorm i)

S normalzed X_los - saltranstormiX les)

Binarization

2 o s repscessin g Gnarze
eiivesnola-00)

ety sieieiorion

o s it Encoding Categorical Features
z . 2 - et oot sty moar -0
Unsupervised Estimators. L — > m s

proder cosi

Yourdta bds o be nmueric andsorod s Nureyarays
or SciPy sparse matic.of muertible
o umark s sack a8 Fondas Dt are s
acceptal
e a1 X o (105)|
7y oy

B

Imputing Missing Values

o sharn reprcessing mport muler

o T TSN VAUGE-, ey mean; i)
22 i transtormoc )

Generating Polynomial Features

2 o e g e
222 oy Poyromiaresres®)

2 By vansimbo

CLASSIFICATION

e %
NEURAL NET

eura_network MLPClassifer()

Complex relationships. Prone to overfitting
Basically magic.

-

K-NN =1
neighbors KNeighborsClassifier()

Group membership based on proximity

-

DECISIDN TREE

ree DecisionTreeClassifer)
Ii/msn/else Non-contiguous data,
Can also be regression.

-

RANDOM FOREST
ensemble RandomForesClassiferl
Find best split randoml;
Can also be regression

¢

- vy
SVM

) omiinearsv

Maximum margin classifier. Fundamental
Data Science algorithm

-
NAIVE BAYES 0

(GaussianNB() MlineminaINB( BernoullNG(
Updating knowledge step by step
with new info

Evaluate Your
Model’s Performance

Classification Metrics

FEATURE REDUCTION

T-DISTRIB STOCHASTIC o
NEIB EMBEDDING o0
manifold TSNE()

Visual high dimensional data. Convert
similarity to joint probabilities

PRINCIPLE
COMPONENT ANALYSIS E

decomposition.PCAD
Distill feature space into components
that describe greatest variance

CANONICAL

CORRELATION ANALYSIS ¥
decomposition.CCAD

Making sense of cross-correlation matrices

LINEAR

DISCRIMINANT ANALYSIS

\daL0A)

Linear combination of features that
separates classes

OTHER IMPORTANT CONCEPTS

BIAS VARIANCE TRADEOFF
UNDERFITTING / OVERFITTING
INERTIA

ACCURACY FUNCTION
(TSN PoN)

PRECISION FUNCTION

manifold TSE()

SPECIFICITY FUNCTION
T PN

SENSITIVITY FUNCTION
TP/ (TPHFN)

Create Your Model

Supervised Learning Estimators

22> from skcen e_medel mpor Linsasression
5 Lneaeaessoninometze-Tue)

o e S 1 .0

Classiicaton Report
et s o

o P

Contusion Matrx
ity

Regression Metrics

o ean_absctute ortorty_tve,y_oros)

Moan Squared Err
e slearn melic import mean_square_aror
s mean_sauared_erfortytesty_ored)

R Scoro

> rom siearn meiics impor 2_score
= 2scorel_trve ypres)

Clustering Metrics

Adjusted Rand ndex

2P s e s o s
22 e o, sorty ey ey
Homogene

iy AR ———
22 omogenaty.scorty_vue o)

V-measure

2o o siarnmetncs ity e scors
o memes_messure. scoreh .y e

Cross-Validation
- om e s aaten oo s o

T2 priros v seehan by vl
X princrass val scorel Xy,

(v
o Vvun e smimport SV
= SVClermel-lnea]

Naive Bayes.

2> o skearn nalve_boyes Import Gausslaniis
ot - Gauseantig

> from sklear mport nighbors
227 ko - retgnsors KignoorsCiassferin_eignoors=5)

Unsupervised Learning Estimators
PricipalComponent Analyss (PCA)
2 o sisarhascompostion mpor P

b Pl comporents-03%)

2 o skearncustr mport KMeans.
K means - KMeansin_lsters=3, Fandom._sate<0)

Training And Test Data

- trom searn.ross valition mport tran_tes splt
S5 Xsin Xty ainy tst i, e SpilX

Fandom sate 1

Tune Your Model

Grid Sear

e m.mm searchimport GrdsearchCy
ianbors" np raroel1 )

i Couciagan cmock )

255 03 - Grasearencyiesimator-
oramgndporams)

555 gr4 S train,y_traim)

<3 prinarid best score )

55 rinaria bost_eimator_n_noignoors)

Randomized Parameter Optimization
o skioarn 1 search impor RandorzedSearciy.
2 params - 1. nlgnbors” rangel

‘wekns” Punvorm astance™)

o 0,y i)
> sveocirany e

Unsuperised Leaning oo s

I et o) s menvmm

param cistrions-params,
s

neres
andom_State-5)

255 rsarch G tran,y_train)

22 prinrsaarh best score )




5 - Python Basics

Phyton/For/Data Science

Cheat-Sheet

BecomingHuman.Al

@ DataCamp
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6 - NumPy Basics

NumPy Basics Cheat Sheet ELEoems
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7 - Pandas Basics

Pandas Basics
Cheat Sheet

BecomingHuman.Al
@ DataCamp

Use the following import convention: >>> import pandas as pd

The Pandas library is
built on NumPy and
provides easy-to-use
data structures and
data analysis tools for
the Python
programming
language.

Pandas Data Structures
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Read and Write to CSV

Read and Write to SQL Query or Database Table

S i e cou e, header=Nons, nrows=5)
s ey ataFramacsv)

Read and Write to Excel
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8 - Data Wrangling With Pandas

Pandas
Cheat Sheet o
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Pandas Data Structures
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9 - SciPy Linear Algebra

rank(petTrue
Ranks resesed ol 0,11

The SciPy library is one of the
core packages for scientific
computing that provides
mathematical algorithms and
convenience functions built on
the NumPy extension of

Python.

s import numpy a5 o
s 3= nparrayll 230)

Ao ses NumPy

55 b= nparrayl1 4512130, 65,61
s ¢ - nparranll 523, (45,81 132, 4580

22 10 morilo 051
222 p0grH0202)

255 mp e 3[05- 1110]
»5» mpe ol
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S SciPy

DataCamp

Also sea Numpy.

You'll use the linalg and sparse modules. Note that scipy.linalg contains and expands on numpy.linalg

>>> from scipy import linalg, sparse

A= ez
222 B as

carrays varcaly (row-wise)
Createstacked coumn-wise arrays

o5 b fatent)
~rs o et
)
555 mphspitle2)
)

Fltton thoarray
sk ooty ot
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Stk e oy ety e
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oo miscactoriaa)

Retun values from 3 st of arrays
depanding oncondrions

)
2 S N AL woigh (3
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5o np s D) Aaaion
[ subwacion
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Mutiplicationoperatr Python 3
Mol

555 npkroniA D) Komcke o

[r— Matrix exponential.

-2 sparse inalg ) Inverse
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[ ——
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Sotvr for sparse marices
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Least-squares souton to nasr mar

5> nalg xpm3io) Matrx exponential (sgeniale
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55> nalgcosmiD)
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e —

222 LU Unalg O

Unpack sigeniatves

Singuta Valus Decomposiion (SVD)
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e (VD)
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- 08)

g

5> npsgomit) Matrx sign function
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1= ool Campreaed Spar o s
Sparsedok malslAl Dictionary o1 Keys matrx
iy Sparse matie o ful matrx
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Matrx square root

o g unmi, amoda x 4] Evatuate mair funcion

>>> help(scipy.inalg.diagsva)
>>> nplnfo(np.matrix)
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10 - Matplotlib Basics

Matplotlib is a Python 2D plotting library
which produces publication-quality figures
in avariety of hardcopy formats and
interactive environments across
platforms.

Anatomy & Workflow Prepare The Data [ ooty

Plot Anatomy

Matplotlib Cheat Sheet

BecomingHuman.Al

Index Tricks Colors, Color Bars & Color Maps

Limits, Legends & Layouts

Axes/Subplot

ROo0O0+v @

Workflow

Figure

o Ol X2 173)
> gt . g = 0.9

s import numpy 25>
22 = 1D space, 1, 100)

Y- e ot . c-¥1

i) e ——
o im - scimshouire,

2D Data or Images e sesmic)

>0 2 nprandom a1, 101 Markers

2o G2 -3 nprandom randomi 10, 10

o2 st subplols)
s ax scaterleymarie
5> ax oty marer

o mgrak-32100, 33100

matplotin coook impor gt_sample_data

555 img = asloet sampl_datales g1/ biariate rormalapy )

estyles
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> it plotcyis =50

()] Provaredata () /. Customize plot
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x= 12340

a1}
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e anseattrlz 6
s

s,

80

5 axsatcimi1 45)
s plsavefglioo o)
S pitshow)

11 - Keras

Limits & Autoscaling

52> axmarais-00y-01) Add padaing .3 plot

oo axaiscuat) Setth aspoctrale
et o1
555 sxsetatim=[0 10 Slylimat-15150) Setmia for xany-axs

="y Settmis forx-axis

Legends
55> axsetfie=hn Example s, Seta e and and
i Vi Gisle

i A1)
5 axtegendioe= bost) No avertapping
Bt Siement

Ticks
55> soxais sifickesrangel1 5

R 121000 Manually sttcks
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Make y-ticks longeran

o g1 oo
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[————— o it siplines oo inewsin=£ o
N ot pptetas ot Subplot Spacing
Figure SR
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B e,
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o 300 050
1 -t S22 oo sl o s s csars 10) Mo et
0.t 0 sumpazra) Mathtext
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e
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Keras is a powerfuland easy-to-use
deep learning library for Theano and
TensorFlow that provides a high-level neural
networks AP to develop and evaluate deep
learning models.

A Basic Example

= import iy a5 1.
2 0 oras mogels mport Secuertiat
2 rom eras aers mport
2= data = prandom randorn 1000, 100)
2 aels = 1 random FanaING. ste=(1090,1)
55> model = Sequentall
52> model aDensels2,
Schvaton- e

nput_aim- 100}
> modaL (Do acthatin somois )
5> modetcampielopmazers msorop

Tosse iy crossentopy.
metncs-(accurocy )

Model Architecture Model Fine-tuning

Sequential Model

55 from keras models importSequential
i

Optimization Parameters

o modet - Secuentiat) - from Keras opUTizers Import AISpIOD
s model2 - Secuentia] 2 OBt~ RMSPIOpAP-0.0001, tecay-12-
s modeld - Secuentiat] + modei2 complloss c31gorcal crossentopy.
ey
Retpess{atitracy )

Multilayer Perceptron (MLP)

Binary Classification
=2 from keras lyers mprt Dense
1z

Early Stopping
> o eras calbacks oot EaySaEmia
22 oary.stopping,monior - aryStappinglatonco-21

. maieadiioasaiy
i ——
Sy e et ot
B Siesz,

55 mogel addDenseleemeLInaIZer o acivations el ) i3

[
VERRon fta- tesy tastd)
el carhs Sioopi mon o)

Compile Model

MLP: Binary Classification
> oL ool

fon e s,
255 ol ada0ensels acivalon= e put_Am< rain_gatashapel sy Crosentoop,
oget adaDenselis nput_amirain_aata snapel1h) e o

Multi-Clase Classification
5> ffom Kerae yors mport Dropout

> ModeladolDensal512ctvaton= e puLsape-{724))
22> model adaloropouti 1

227 modetadalDenselsi2aciwations=io))

2% modetsddiDropeul02)

555 model adaDensel10actvationm ollac)

lnspe:l Model

55 modetoutput_shape Modetoutpu shape.

s> modet g confial) Model contiguration
2 modtgelweigis) Listall walght ensors Inthe model

Predi:tion

s Mol predct tost alc_sze=32)
s ot preiet.lasseste esthsaeh size-3

Model Training

555 modets it trains,
e
Al a5z,
it
Valgston_oaa-0ctesthy_testel

Evaluate Your
Model's Performance

> scora - oz ovawato Lot
AL
Biich sres32)

Preprocessing

Sequence Padding

MLP: Multi-Class C

[ Neural Network (CNN)

i

ose cocaerca cressentropy

Keras Data Sets

e

MLP: Regression

222 model2 346 Con2D(52,5 3] pseing= e npul shapa= iran shagel )
553 model2 ag6Actvation( 1)
55 Modol2 386CON2D3 3

G { Sequencests traind masien-50)
S35 et - s pad.scquencesi Lo maren20)

One-Hot Encoding

By tosty._ost = st 030 0ata)
2 _N2,_IrIN2) ¢ _est2y_est) - boston_ousing 1030_gatal

2 Ny N3 _estay_esi) - ror10 oan_cata)

2 BI04y IINA Sestay_test) - ma 10 aalnum_words-20000)
o num_clsee:

=2 mode i dataabels spochs=10ch sae-37)
5> precctons - model predicidata)

Other

o o complgtmasr o
222 mogetz 3asMarFooung2Dipool_sze-t2 ) e el
222 modet2 astorspeut
222 model2 a6 Cone 2006433, pacing="s21e1)

»

Recurrent Neural Network

222 Y1031 = to_categortcaly_rain,num_classes)
222 et - o categoncally est, . classes)
22 tvan - o catsgoncalyrind um classas)
S5 Y68t - o, ategorcly. ot . lasses)

Train and Test Sets

> Mo compge bt
Retpessiaciiraiy )

222 Model2 306 MasFoongZDpool_sze-(2 )
025

22 otz aatFlatent)
555 model2 3ddDensei512)

225 modetz aadActation 1)
> Mogel2 2000rogou03)

- Model2 agaenseloum_ciases))

2 0 Ul roquestmport utogen
22 data - npoadlurtogenC 11151 el oy
Ao nG GRS B A dIeIsS/
P tans-a abtes 433 deymiter=")

e

——

Recurrent Neural Network (RNN)

2 rom keros Koyers moort EmbesciraLSTH

27 mogel3 a0dlEmbedan(z0000.126)

227 Modet aILSTU(1280r0p0.0 2 ecurrent_ropout-0.2)
22 masets aatoensel actaton- <o) o o

Save/ Reload Models

> from keras medels impor Lo model
s model3 saelmodeLfle15)
i mads(iy_modeL5)

dearn modeL_seieton mport rain_tes_spit
222 X e ety tramSy test  rain tet_sp,
Tost sizo-nas.
Tondom.saie-<2)

Standardization/Normalization
-2 rom skiear preprocessing mport Sandaracaler
222 scater - Standardsealer) . ranz)

222 Standaraized_X= satr ransiormis_traind)
555 Sandaraized X lot - scalr ransiomi est2)
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12 - Big-0

Big-0 Complexity Chart

Operations

Array

Stack

Queue

Singly-Linked List

Doubly-Linked List

Skip List

Hash Table

Binary Search Tree

Cartesian Tree

B-Tree

Red-Black Tree

Splay Tree

AVLTree

KD Tree

Big-0 Cheat Sheet
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