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Artificial Intelligence (Al)

The creation of machines that mimic human intelligence
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Meaningful
compression

Big data
Visualisation

Image
S?ructure Classification
Iscovery Feature & Customer
e Elicitation  Fraud ® Retention
Detection ®

DIMENSIONALLY
REDUCTION

CLASSIFICATION ® Diagnostics

® Forecasting

SUPERVISED

UNSUPERVISED
LEARNING

LEARNING

® Predictions
REGRESSION

® Process
Optimization

MACHINE

LEARNING =

New Insights

Recommended
Systems

CLUSTERING
Targetted
Marketing

D
Customer
Segmentation

Bukalapak

Real-Time Decisions @

REINFORCEMNET
LEARNING

® Robot Navigation

Game Al @ ® Skill Aquisition

o
Learning Tasks

Source: https://towardsdatascience.com/coding-deep-learning-for-beginners-types-of-machine-learning-b%e651eled9d



https://towardsdatascience.com/coding-deep-learning-for-beginners-types-of-machine-learning-b9e651e1ed9d

Al

Supervised Learning Template

Two Phases

Training
(Offline)

known unknown known

Prediction

known known / learned unknown

Bukalapak
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Empirical Science

Problem Dataset Data Model Model
Definition Construction Transform Training Serving

Set the research goal

Make a hypothesis

Collect the data

Build a model and test your hypothesis
Analyze your results

Reach a conclusion

Refine hypothesis and repeat

NouhkhowdbdE

Bukalapak
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01

02

03

04

05

Deciding on ML

Start simply and clearly

Define an ideal outcome

Set success / failure metrics

Design appropriate model outputs

Start with heuristics / rules
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“When faced with two equally good hypotheses, always
choose the simpler.”

Image source:



Al

Bukalapak

Problem Definition

ML problem is best framed as:

* Binary classification

» Multi-class single-label classification
« Multi-class multi-label classification
* Uni-dimensional regression

« Multi-dimensional regression

« Clustering (unsupervised)

« Other (translation, parsing, bounding box, etc)

Classification

. ; 5
Flow Chart How many categories to pick from?

=2 >2

binary classification multi-class classification
(e.g. click or no click?) (e.g. type of animal?)

How many categories for a single example?

=1 >1
multi-class single-label multi-class multi-label
(e.g. which type of animal is (e.g. what are all the animals
this?) in this picture?)

Regression
Flow Chart How many numbers are output?
>1
multidimensional
regression
(e.g. what is the [latitude,
longitude] of the location in the
photo?)

=1
unidimensional regression

(i.e. regression)
(e.g. how many minutes of
video will this user watch?)

Source: https://developers.google.com/machine-learning/problem-framing/formulate



https://developers.google.com/machine-learning/problem-framing/formulate
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Biggest gain in ML is first launch

Initial System Good Heuristic ML v1 ML v2 ML v3 ML v4

Source: https://developers.google.com/machine-learning/problem-framing/formulate



https://developers.google.com/machine-learning/problem-framing/formulate

Dataset

Construction

01
02
03
04

Collect the raw data

|dentify feature and
label sources

Select a sampling strategy

Split the data



(01 Normalization

(027  Bucketing

Data Transform

(03 Categories to numbers
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Normalization

Normalization

When to Use

Technique

Linear Scaling

When the feature is more-or-less uniformly distributed
& = (& — Zmin)/(Zmaz — Tmin)  across a fixed range.

Clipping if x > max, then x' = max. if x < min, When the feature contains some extreme outliers.
then X' = min
Log Scaling x' = log(x) When the feature conforms to the power law.
Z-score X'=(x-p)/o When the feature distribution does not contain extreme
outliers.
Price (raw feature) i Scaling to a range Clipping Log scaling ) Z-score

TR T "
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e Vocabulary

e Hashing

Categories to numbers

man,
woman,
car,
pear,
castle,
these,
are,

not,
frequent,
terms

\

\

Hash(string)

7

man
woman
car
pear
castle
these

not
terms

are
frequent
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Model Training

Nalve Bayes

Bayeslan Bellef Networks

Linear Regression Gausslan Nalve Bayes

Ordinary Least Squares Regression

Logistic Regression J\

Bayesian [C

Multinomial Nalve Bayes

Regression
Bayeslan Network

Least Absolute Shrinkage and Selection Operator (LASSO) Classification and Regression Tree (CART)

Elastic Net Iterative Dichotomiser 3 (ID3)

1 Regularization

Least Angle Regression (LARS) Decision Tree cas
o5

Q-Learning
Reinforcement Learning Random Forest
k”em-nds Machine Learning Algorithms Ensemble |6 mocemig: @ amsiost

Deep Reinforcement Learning /

Deep Boltzmann Machine
Principal Component Analysis (PCA)

Deep Bellef Networks A‘ n [ . " :
i Ol Deep Learning \—{ Dimensionality Reduction }@[ Linear Discriminant Analysis  ©  Fisher Linear Discriminant

Convolutional Neural Networks

]C-) Deep Neural Networks
Recurrent Neural Networks |

~
‘s~ k-Nearest Nelghbor (kNN)
extends Instance Based [C
-~
~
Perceptron \\\

Back-Propagation
Neural Networks k-Means

Hopfield Network ;

Clustering Expectation Maximization

Bukalapak

Source: http://web.cs.ucla.edu/~shi.feng/Machine Learning.html
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Configuration

Automation

Bukalapak

Model Inference: ML in Production

Resource
management

Testing and

Data collection debugging

; Serving
Data Medetanali=t infrastructure
verification
Process
management
Feature engineering Monitoring

Metadata management

[Sculley et al. NIPS 2015] "Hidden Technical Debt in Machine Learning Systems
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Continuous Integration (Cl)
Continuous Delivery (CD)

Asset:
Code + Components

DevOps vs MLOps

Continuous Integration (Cl)
Continuous Delivery (CD)

Continuous Training (CT)

Asset:
DevOps + Data + Model
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Running

Code 5 System

Unit Tests Integration Sy_sterp
Tests Monitoring

Traditional System Testing and Monitoring

DevOps vs MLOps (2)

J Data L Data ’
Monitoring
| [
ML Infrastructure Model Prediction
Tests Tests | Monitoring

Model Running
C
Code ' Training System

Il

Unit Tests B Integration sy?,tem
Tests Monitoring

ML-Based System Testing and Monitoring
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MLOps: Manual process

ML ! Ops
Offline |
data {
|
|
o b :
' Manual experiment steps :
|
; : :
Data extraction § Data Model Model evaluation § Trained ! " Model
and analysis ; preparation = training €7 and validation : model : £ serving
' |
|
|
|
v |
experimentation/development/test
----------------------------------------------------------------------------------------------- Model
staging/preproduction/production registry
Prediction
service

Bukalapak
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MLOps: Pipeline automation

Model ML Ops
analysis

T

Orchestrated experiment
Pipeline
sl Dm S D.ua ==X Data. = Mp{_iel s Modgl = N_‘lodn?l . Source g Source deployment
analysis validation preparation training evaluation validation code s
repository
|
'
Offline i
extract '
i
experimentation/development/test i
i
staging/preproduction/production
! Feature
— store
Model S
registry
6 ;
Batch >
fetching Automated pipeline
D. D D Maodel Model Model 0 ol
ata ata ata e o e serving
5 extraction 2 validation  ° preparation s training —  evaluation  ~ validation
T
&
Trigger ML metadata store
1\
X {
9Y)
= . . Performance O —— Prediction
o monitoring < service
-
=]
@ i
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BukalaPak

One of the largest e-commerces in Southeast Asia

1,9M +4M +50M

Numbers of kiosk and agents Engaged more than 4 million More than 50 million active

users
combined sellers

Bukalapak
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PBs of data!

Billions of click events
Hundred of millions of products

Tens of millions of users
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Recommender System

A computerized systems that suggest
goods and service by predicting user’s
preference and ratings.

Recommender systems in e-commerce
identify a similarity in the preferences
or tastes of one consumer and others
(e.g. goods purchased, products
viewed); and make recommendations
for new purchases drawn from the set
of other goods bought or viewed by
each of the like-minded consumers.

Recommendation
may be combined
with Personalization

1844 d & & -

o= .l 52% &
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Recommendation

Recommendation
on PDP, Cart, and

Homepage

Providing relevant recommendation
based on personalization, popular
products, and sellers to users.
Recommendation is in Product Detail
Page, Cart, and Homepage

(since 2017)

>Rp200B per month
additional income for sellers
>45% of traffics to product detail

end up clicking our recommendation

>15% of traffics to product detail
is accounted from our recommendation
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COLLABORATIVE FILTERING CONTENT-BASED FILTERING
Read by both users
r ré

o Read by user
/ \

Similar users o
ad

g

Ol
'l

RecSys
Model

Similar articles

iilil || <——> [l

Recommended

to user
Read by her,

recommended to him!

Source: https://towardsdatascience.com/prototyping-a-recommender-system-step-by-step-part-1-knn-item-based-collaborative-filtering-

637969614ea

31
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Collaborative
Filtering

The number of users

The number of items

MATRIX
FACTORIZATION

Classical approach in
collaborative filtering

The task is to
complete the matrix
and predict the user
v preference

Represent the large user item matrix into multiplication of two
low-rank matrices (e.g. Singular Value Decomposition) :
o User Factors (k-size vector for each user)

32
o Item Factors (k-size vector for each item)
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Matrix

Factorization
(challenges)

_U;
| -
Q
(V)]
)
Y
@)
n
c

2
£

millions of items!

Data sparsity becomes
an issue

Too many zeros in the
matrix

Similar products sold
from different seller =
Does it translate to
different user
preference?
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Similar Item
Recommendation

“Mitigating the scalability issue”

]

1 2 3 i / n1 n
1 (R R)\
2 -1 IR N
~
N

Herp-item simdarity s computed by
looking into co-rated items only. In
cage of items Jjand J the similarity s, is

u (R R) corhputed by looking into them. Note:
eadh of these co-rated pairs are
= ined from different users, in this
4 exdmple they come from users 1,u
m-1 R R — m-1.

[Sarwar et al. 2001] Item-based Collaborative
Filtering Recommendation Algorithms

Rekomendasi Buat Kamu

9’:'““ ‘ \
’ Y
7).« — = [ |
» ! ™~ Jdand

e /2 [T

\ = ‘
e X

GOWSEND @ ara T

Philips HR 2057 Blender New Philips Blender HR 2056 HR2056 Blender Philip HR 2115

FIoc RP295.000 Rp485.000
RP305.000

For Buyer

Streamline the customer

browsing journey

If we can provide similar
items well, the user
doesn’t need to go back

and forth between pages

Blender Philips Hr2056-2057 Mika Blender Phiiips HR - 2056 (1,25 Blender Philips HR2056
Promo Liter RPp337.000
Rp319.000 Rp339.000

(=) Mulai Chat

For Sellers

Increase exposure to various

products

Help our sellers to increase

their income

34
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E-commerce

Data
(User Feedback)

&

User click indicates some

level of interest. Clicks are

abundant. But noisy!

7

| definitely like it. | have

paid for the product!

k=

Okay, I'm interested in

buying this stuff! The big

question is does the user

eventually buy it?

O

| love this item!

35
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Brovman, et al. 2016. Optimizing Similar Item Recommendations in a Semi-structured Marketplace to Maximize Conversion. In Proceedings of the 10th ACM
Conference on Recommender Systems (RecSys '16).
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Comparison
Features

Title
Similarity
Price Ratio

Category
etc.

a C2C Marketplace”

Bukalapak

Enhance re-ranking through Learning-to-Rank

Item Quality
Features

Product
Rating
Seller
Feedbacks
Revenue
etc.

[L. Evalina, et al. ICACSIS 2019] “Toward Improving Similar ltem Recommendation for

e
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Evaluation

Bukalapak

Classification Result

We use Logistic Regression, Random
Forest, XGB. However, LogReg came
up with the best performance.

Metrics Baseline LTR
MAP 28.43% 31.35%
Notes :

1.  A/B test shows positive result for paid
and atc conversion.
2. Rank aware metrics are correlated with

the online testing.

cerak  Online evaluation : AB Testing

open time status  formatted

25/06/2019 15:54:43  open

table comparison metrics funnel
weight
participant
participant
value

conversion_rate

relative_conversion_rate
add_to_cart_from_reco

difference_value

difference_rate

p_winning

chi_square_confidence

7 edit

3 csv

normal

x close reset reset § delete
data keep
Ltr1 Ltr 2



Recommendation

Bukalapak

Evaluation

OFFLINE
EVALUATION

ONLINE
EVALUATION

Accuracy, Diversity, A/B Testing

Qualitative Check

b g &
SLALIL S —? wowin T =

Sampled 50% users

/Q/vao\ﬁ[ Model } —_ -

Sampled 50% users 39




SEA MLS 2019

o — e .
QA cassandra

« Airflow

Deployment

Bukalapak

40
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Search Engine Architecture

— G
(5]

Source: https://www.slideshare.net/Zhiguang/intro-to-elasticsearch-63475620
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Query to Category Mapping

Useful for search result filtering by category
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Query Typo Corrections

Bi-gram Language Model

* Frequency count-based: easy to implement
and productionize
* Fast inference
n—1
P(wp|w]™") = P(Wn|Wn—1)
i want to eat chinese food lunch spend
i 5 827 0 9 0 0 0 2
want 2 0 608 1 6 6 5 1
to 2 0 4 686 2 0 6 211
eat 0 0 2 0 16 2 42 0
chinese 1 0 0 0 0 82 1 0
food 15 0 15 0 1 4 0 0
lunch 2 0 0 0 0 1 0 0
spend | 0 1 0 0 0 0 0

Bukalapak

Source: https://web.stanford.edu/~jurafsky/slp3/3.pdf
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Investment Advisory



Al

Bukalapak

Predict the user’s risk profile of from the
meta-data / attributes before filling the
questionnaire

Source: https://analyticsindiamag.com/a-step-by-step-

to-creating-credit-scoring-model-from-scratch/

Risk Scoring

BukaReksa

v Profil Risiko Kamu: Tinggi

Daftar Verifikasi Disetujui

L

Info Pribadi
Info Keuangan

Info Akun Bank



https://analyticsindiamag.com/a-step-by-step-to-creating-credit-scoring-model-from-scratch/
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BukaReksa

ReksaDana Portfolio
Selection

Provide ReksaDana packages that
maximize return and minimize risk
according to the user’s risk profile.

& BukaReksa

Beli paketan buat investasi di banyak produk

Pemberani w

Mulai investasi reksa
dana kamu dengan produk

Pilihan bagi kamu dengan
profil risiko tinggi dari berb...

potensi return potensi retum

+9.50% Bell +8.35% Bell

Anti lupa investasi pakai Transaksi Rutin

- Daftarin produk BukaReksa ;
= " Mulai
pilihan kamu
Makin pintar soal reksa dana
Serba-Serbi BukaReksa B i)
Kenalan lebih jauh dengan BukaReksa. =~
N~

Tak kenal maka tak sayang.

fA 2 il

Beranda Produk Portofolio Profil

& Paket Pemberani

Pilihan bagi kamu dengan profil risiko tinggi dari
berbagai jenis reksa dana mulai dari Pasar Uang
hingga Saham.

Produk dalam paket

. Sucorinvest Money Market Fund
+7.22% dalam 1 Tahun terakhir

Mandiri Investa Pasar Uang

marien
+5.54% dalam 1 Tahun terakhir

_ Manulife Obligasi Negara Indonesia |l
+13.43% dalam 1 Tahun terakhir

Detail pembelian

Sucorinvest Money Mark... Rp216.000
Mandiri Investa Pasar U.. Rp54.000
Manulife Obligasi Negar... Rp180.000



Forbidden Product Filtering
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Forbidden Product
Filtering

Usages:

« Automatic filtering of products
before being ingested by Ad
Campaign

* Help Ops team to take down the
products from marketplace

Bukalapak
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Handling Sexy Contents

® Deep learning-based feature extraction
® Transfer learning from Yahoo Open NSFW model -- source data are not available

® Human labelling for training is super important

Resize to Open NSFW ;
(224,224,3) Feature LightGBM
Input Image —» et B e . —» Classification
array Extraction 10 ms]

[50 ms] [600 ms]
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100 -

0.99 4

0.98 1

0.97 1

0.96 1

0.95 1

Handling Sexy Contents (cont’d)

Open NSFW Features Trained - LightGBM Models Performance

0.94

0.9765

09714
09683 0.9683

0.9595

- Train Precision
Train Recall

- Validation Precision

- Validation Recall

1250

2500 3750 5000 6250 7500 8750 10000 11250 12500
Number of Training Data

Seems good, right? But ...
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Handling Sexy Contents (cont’d)

”

927% NSFA

..)
96% NSFA

(3 3ht 144434434 11443 iR
B
“

Not exactly what we wanted

Bukalapak
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100 |

0.98 -

0.96 1

0.94 4

0.92 1

0.90 4

Handling Sexy Contents (cont’d)

Open NSFW Features Trained - LightGBM Models Performance

- Train Precision
Train Recall

- Validation Precision

- Validation Recall

1750 3500 5250 7000 8750 10500 12250 14000 15750 17500
Number of Training Data

Seeing only the numbers, it seems to be worse. But, ...
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Handling Sexy Contents (cont’d)

”n

24% NSFA

._)
28% NSFA

BREEEERERRBESBRRANBESTE3
-
i "

Though it’s not perfect, this is closer to what we wanted ©

Bukalapak



Al Organizations & Skill Set

The materials are mostly taken from



https://workera.ai/candidates/report

Data Science Machine

Learning
To make scientific To automate tasks,
decisions, help decrease
businesses run operational costs,

more effectively scale a product

X
@©
a
1
T
X
>
(a8
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Provide the necessary data to achieve the modeling

or business analysis task.

Prototyping models to exploit patterns found in data
to predict outcomes, identify business risks and

opportunities.

All activities that make a model available for use,

requiring the ability to write production code.

Analytics, business activities related to
communicating with clients and colleagues, thought

leadership, and marketing.

Al Project Development
Task Lifecycle

Data

M I
Engineering odelling

Al Infrastructure

Business

Depl t
Analysis eploymen
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Data
Scientist

Machine
Learning
Engineer

Data
Analyst

Software
Engineer - ML

Machine
Learning
Researcher

Software
Engineer

6 Roles of an Al Team

Data Engineering Modeling Deployment Business Analysis

S —
]

Al Infrastructure
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Data
Scientist

Data Science

Business Acumen Mathematics

Commum(.uxon : Machine Learn ng

Software Engineering Algorithmic Coding

Data
Engineering

Business
Analysis

Modelling
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Data
Analyst

SKILL PROFILE

Data Science
o

Business Acumen <

Communication

Software Engineering

Bukalapak

Mathematics

Machine Learning

Algorithmic Coding

TASKS
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Machine Learning

Engineer

Data Science

Business Acumen

Communication

Software Engineering

Mathematics

, Machine Learning

Algorithmic Coding

Data
Engineering

Modelling

Deployment
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Machine Learning

Researcher

SKILL PROFILE

Data Science

Research >

Communication

Software Engineering

_, Mathematics

» Machine Learning

. Algorithmic Coding

TASKS
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Software Engineer -
Machine Learning

Data Science

Business Acumen Mathematics

Communication Machine Learning

Software Engineering * * Algorithmic Coding

Data
Engineering

Al Infrastructure

Modelling

Deployment



< Software
Engineer

SKILL PROFILE

Data Science

Business Acumen

Communication

/.

Bukalapak

Software Engineering *

Mathematics

Machine Learning

® Algorithmic Coding

TASKS

Modelling

Al Infrastructure

Business
Analysis
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Thank you

Al Applications in Industry

Muhammad Ghifary, PhD

Head of Artificial Intelligence

muhammad.ghifary@bukalapak.com

BukalaPak



