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Main idea Ve

The deep learning can be a great tool for Data
Engineering and Business Intelligence
It's easy to start without having PhD in math
It’'s bringing us to development of flexible and
scalable solution for data processing
It’s bringing us to IR for complex data and big data

democratization
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Structure: business case of Job Titles Classification v

e Why we need a segmentation?

e \What data do we have? Why it isn't a good data format for BI?

e Clusterization vs Topic Distribution models

e Why heuristic approaches are good for start only? Maintenance issues
e Deep learning approach

e Alternatives
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Why we need a segmentation? e

e Wrike: Leading Work Management & Project Management Solution

e Wrike Customer: isn’t a single person & not an entire organization

e Wrike Customer can be a single person (lead), or team, or department, or
even a group of departments within one organization for different time
stage in Wrike account
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Why we need a segmentation? e

Classical funnel

€mail Search €ngine Sodial Media Stage 1. Generate
Marketing ~ Marketing  Marketing leads

|
J
Website eCommerce Stage £. Improve
Conversion

Systemise

. Repeat
Follow Up Stage 3. Aepea

| Business
1

Stage 4. Increase

1 Revenues
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Why we need a segmentation? e

B2B SaaS funnel

KNOWLEDGE DEMAND GENERATION

N
Al

CONVERSION

LOYALTY
REFERRAL / ENDORSEMENT
ADVOCACY / EVANGELISM
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Why do we need a segmentation? e

+44-808-1640240 Contact Sales Company Careers Blog

Wrike Solutions v Product v Pricing Customers Get started for free

Personalisation & Conversion optimisation

Lea d | ng WO rk wrll(e Solutions ~ Product v Pricing Customers
Management Solution Marketing Teams
to Streamhﬂe WO I’kﬂOW | ‘ Creative Teams

Cloud-based collaboration and project management software Project Management Teams Le a d ‘
that scales across teams in any business.
Product Development Teams
u Business Operations Teams ‘ a ge | I
‘ Professional Services Teams ( ;

All Teams

- ‘ Enter your business email

o= -
Watchvideo l

1 collaboration

At cmalans ameA

Leading companies .
choose Wrike X p.pChpS ’

@ .
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Why do we need a segmentation?

Wrike

Solutions ~ Product Pricing Customers

Marketing Teams
Creative Teams

Project Management Teams

Lead
=}l
) Gair

1 collaboration

that ~ralac ameA

Product Development Teams
Business Operations Teams
Professional Services Teams

All Teams

Wrike

Solutions v

Product ~

Pricing Customers

Supercharge your creativity

{ Enter your business email Get started for free

Freedom to focus on your creativity with a solution that incorporates
Wrike's Extension for Adobe® Creative Cloud® and takes care of the
administrative necessities of creative projects from request management
to review & approval

Ideate & Plan

It all starts with an idea, a request
that transforms into the brief that
sparks your creative journey. Easily
assign, schedule and balance your
team's project management
workload.

wrike.com/creative-project-management/

AI Ukraine, Aleksei Pupyshev, 24 Sep 2017

Create & Perfect

Bring inspiration to life with the
Adobe® Creative Cloud® Extension
to read, reply, add comments,
upload and version files right inside
your favorite tools.

Review & Approve

Clear and actionable online
proofing and feedback from
everywhere you work (desktop or
mobile) ensures only the right
digital files make it out the door,
while maintaining clear approval
trails.

Launch & Report

Deliver your creative vision on time
with custom workflows to
maximize team satisfaction and
reports to track performance.



https://www.wrike.com/creative-project-management/

What data do we have? Why is it not a good data s
format for BI?

Segmentation of: visitors, trials, teams, depariments, companies, users etc

Segmentation based on factors

Company Size Industry* Country* Channel

Segmentation based on behaviour

Retention Sessions Target Actions Metrics per Account
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What data do we have? Why is it not a good data s
format for BI?

Segmentation of: visitors, trials, teams, depariments, companies, users etc

Segmentation based on factors

Company Size Industry* Country* Channel

Segmentation based on behaviour

Retention Sessions Target Actions Metrics per Account

Segmentation based on text data

Free-Text forms CRM data Web Mined data Bought datasets
calls / emails etc

Wrike AI Ukraine, Aleksei Pupyshev, 24 Sep 2017 10



Which data do we have? Why is it not a good
data format for BI?

® PREMIUM

Employee distribution and headcount growth by function
Based on Linkedin data. Excludes subsidiaries. Functions ~
Functional distribution Headcount growth 6m 1y
~ @ Engineering a 4% a 5%
® Information Technology 4 3% a 4%

139,371

August 2017 ' ® Sales 0% v 1%
\‘\’ @ Operations a 1% a 1%
® Administrative a 1% 0%
Apple Inc. ® Arts and Design v 1% v 5%
® Business Development 4 2% a 2%

Wrike | Al Ukraine, Aleksei Pupyshev, 24 Sep 2017
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Which data do we have? Why is it not a good
data format for BI?

E PREMIUM
Employee distribution and headcount growth by function

Based on Linkedin data. Excludes subsidiaries. Functions ~

Functional distribution Headcount growth 6m 1y

@ Engineering a 4% a 5%

® Information Technology 4 3% a 4%

Othel" - ? / Aj;‘s;taz-ﬁ? ® Sales 0% v 1%

® Operations a 1% a 1%

® Administrative a 1% 0%

Apple Inc. ® Arts and Design v 1% v 5%

® Business Development 4 2% a 2%
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Which data do we have? Why is it not a good v
data format for BI?

Event Planner
‘Admintstrative'Assistanl to John MacMillan

SEO, UIVUX, Mktg Ops ' Designer

President " Vice President, Marketing

Marketing Assistant ' Communication and Change Manager, West Gulf Coast Region |
VP of Design '|Senior Manager, Marketing Promotions |
Traffic Coordinator ~ Customer Marketing Manager .
Lead Graphic Designer 'Queen of the World E

| Sales & Marketing Director ' Communications Specialist
' Designer
Department Manager ' Marketing Operations Manager |
Associate Marketing Manager . Assistant Events Manager
Graphic Designer / Jr. Project Manager ‘SR Underwriter A\ ‘
Marketing Manager " President
Application Analyst/Designer I

\le\‘

President |
e

Marketing Projects Manager

Wrike AI Ukraine, Aleksei Pupyshev, 24 Sep 2017 13




Which data do we have? Why is it not a good v
data format for BI?

e Stemming:
o  removing: Jr, Sr. etc.
o replacing: &,/ etc.
e Tokenization and di-gramms generating:

“Account Manager” -> [‘account’, ‘manager’, ‘account_manager’]

“Sales Team Lead” -> [sales, ‘manager’, ..., ‘team’, ‘team_lead’]

Wrike AI Ukraine, Aleksei Pupyshev, 24 Sep 2017 14



Which data do we have? Why is it not a good v
data format for BI?

e  Tokens distribution picture

S Zipf's law

e we can see here that we can solve about 50% cases coverage
by relatively small efforts

e based on this distribution we started developing of classificator
using keywords and string patterns

Wrike AI Ukraine, Aleksei Pupyshev, 24 Sep 2017
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Which data do we have? Why is it not a good v
data format for BI?

e There is new question: which classes should we use?

e Standard Occupational Classification (SOC) and other lists isn’t really helpful for our clients
representation

Wrike AI Ukraine, Aleksei Pupyshev, 24 Sep 2017
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Clusterization vs Topic Distribution models

e Clusterization doesn’t work - clusters is really hard for interpretation

e Userin general can have a different roles at the same time

example: Sales & Marketing professional

Wrike | Al Ukraine, Aleksei Pupyshev, 24 Sep 2017 slide 17




Clusterization vs Topic Distribution models

e Clusterization doesn’t work - clusters is really hard for interpretation

e Userin general can have a different roles at the same time
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Clusterization vs Topic Distribution models

e Clusterization doesn’t work - clusters is really hard for interpretation

e Userin general can have a different roles at the same time

example: Sales & Marketing professional
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Clusterization vs Topic Distribution models

e Soideais: let’'s define user as a ‘document’ and tokens related to this users as
‘words’ in this document
example: Aleksei have
- groups [ “data engineers”, “analytics”, “R&D" ],
- titles in profile [ “software engineer”, * "

, "data scientist”, “data analyst” ]

e Now we can use Topic Distribution tools like pLSA or LDA - Latent Dirichlet

Wrike AI Ukraine, Aleksei Pupyshev, 24 Sep 2017 20



Clusterization vs Topic Distribution models v

P(w,d) = ZP(C)P(d|c)P(w|c) = P(d) Z P(c|d)P(w|c)
e Now we can use Topic Distribution tools like pLSA or LDA - Latent Dirichlet’Allocation

Topic proportions and

Documents :
assignments
Soretic 851 Seeking Life’s Bare (Genetic) Necessities
e COLD SPRING HARBOR, NE “are not all chae far apart cially i
comparison to the 73,00 w the hu-
qe. ntes S A ) - ]

ches presened nplemen-
o oo

he basic b e 1

= N

T cularly

s eoncluded are g g

- s ;
sustained with sequenced. *1emay Be i way
licst life forms any newly sequence

e Arcady Mushe

O gree

jub—bur that anyt

wf 120 wonldn't be .
Adthongh the sumbers don’t

natch precisely, those predictions

* Genome Mappng and Segquenc-

ing, Cold Spring Harbor, Maw Yorlk, Stripping down. Computer analysis yields an esti-
May Bto 12. mate of tha minimum modem and encient genomes.
SCIENCE » V0L 270 ¢ 24 MAY 1998
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Clusterization vs Topic Distribution models 7

'0.066*"marketing_strategy” + 0.055" " marketing” + 0.034*"sales" + 0.033*"management"” + 0.032*"social_media_marketing" + 0.031*"strategic_planning™) | Social Media, PR & Brand Marketing
'0.077*"training" + 0.054*"leadership_development” + 0.048*"recruiting” + 0.044""human_resources" + 0.044""coaching" + 0.040*"organizational development™) | HR

'0.079*"css" + 0.068*"html" + 0.063*"web_development" + 0.058*"javascript" + 0.042*"php" + 0.040""jquery™)

'0.058*"nonprofits” + 0.056*"community_outreach” + 0.052*"public_speaking" + 0.043*"fundraising" + 0.030*"volunteer_management" + 0.030*"event_planning™)
'0.043*"sales" + 0.040*"sales_management" + 0.039*"customer_service" + 0.039*"account_management" + 0.038*"team_building" + 0.035*"management™)
'0.057*"saas" + 0.046""enterprise_software" + 0.046*"cloud_computing" + 0.044*"software_development” + 0.041*"sqgl" + 0.038*"java™)

Production & QA
Campaign & Event Management
Sales & Account Management
Production & QA

P(w,d) = 3 P(c)P(d|c)P(w|c) = P(d) 3 P(c|d)P(w|c)

e LDA is awesome!
e We found interpretable topics and right describing keywords

IS

f”“\t;.\ 2

Wrike AI Ukraine, Aleksei Pupyshev, 24 Sep 2017
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Classes v

Topics also should be splitted for at least 3 groups - Category Type

e Functional Roles
e Level

e Professional Industry

example: VP of Marketing
- High level manager
- Marketing Role

Professional Industry is also important to separate Job Titles like:
- Professor of Marketing Management - isn’t really marketing role
Chief Police Officer - isn’t really C-Level like COO/CTO etc.

Wrike AI Ukraine, Aleksei Pupyshev, 24 Sep 2017
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Classes: Functional Role v

Executives
Marketing
Creatives
Customer Services & Customer Support
Product Development
IT Ops & Technology
Engineering
Sales & Account Mgmt
Other Operations
Product mgmt.
Project/Program mgmt.
Consulting & Professional Services
Accounting, Finance & Audit
Administrative
HR
Education
Analytics, Research & Data Science
Other Mgmt Role
Other

Wrike | Al Ukraine, Aleksei Pupyshev, 24 Sep 2017 slide 24




Classes: Level W

CEO/(Co)Founder/Owner
C-Level & Partner
VP/Head of
Director, Sr. Director, Associate Director
Group Manager, Lead, Coordinator
Consultant, Advisor
Manager, Sr. Manager, Supervisor, Strategist
Specialist, Professional, Analyst
Entry-level
Other

Wrike | Al Ukraine, Aleksei Pupyshev, 24 Sep 2017 slide 25




Classes: Professional Industry e

Marketing & Advertising
Churches & Charity
Financial & Law Services
Administrative & Government
Manufacturing
Health & Fitness
Science & Education
Information Technology
Media & Entertainment
Design, Photography & Publishing
Environment
Transportation & Supply Chain, Retail
Consumer Services & Leisure
Other

Wrike AI Ukraine, Aleksei Pupyshev, 24 Sep 2017 26



Problems: Misclassification v

Sales Engineer -> Engineering

Business Developer -> Engineering

Programmer Marketing Team -> Marketing

Wrike Al Ukraine, Aleksei Pupyshev, 24 Sep 2017 slide 27



Problems: Other v

Wrike | AI Ukraine, Aleksei Pupyshev, 24 Sep 2017 slide 28




Problems: Other

& PREMIUM

Employee distribution and headcount growth by function

Based on Linkedin data. Excludes subsidiaries.

Functions ~

Functional distribution Headcount growth 6m 1y

® Engineering 4% a4 5%

® Information Technology 3% a 4%

Other-? — s — % &
® Operations 1% a 1%

® Administrative 1% 0%

Apple Inc. ® Arts and Design 1% v 5%

® Business Development 2% a 2%

Wrike | Al Ukraine, Aleksei Pupyshev, 24 Sep 2017
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Industry Cases: Google Cloud ML Job Search API
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Space of Job Titles can be really helpful s

similarity(Sales, Account Manager) -> 0.9
similarity(Sales, Marketing) -> 0.7

similarity(Sales, Creative Director) -> 0.2

Wrike Al Ukraine, Aleksei Pupyshev, 24 Sep 2017 slide 31



Deep learning approach e

e Textkernel team developed a solution special for Job Titles classification
example:
similarity(Sales, Account Manager) -> 0.9
similarity(Sales, Marketing) -> 0.7

similarity(Sales, Creative Director) -> 0.2

e Siamese Neural Network for ‘similar / dissimilar task’ based on RNN

Wrike | AI Ukraine, Aleksei Pupyshev, 24 Sep 2017 slide 32




Deep learning approach e

Job title 1 Job title 2 Similarity
Developer Code Ninja Similar

Service Desk Agent Agile Java Tester Dissimilar

| energy function E=cos(A,B) |
Recruiter Recriuter Similar } .1
Data Scientist Buzz Saw Operator Dissimilar [ dense feedforward layer (128) | [ dense feediorward layer (128) |
Talent Sourcer Recruiter Similar temporal av;,.age readout temporal av;age readout
: :

Figure 2: Network overview.
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How it works: Neural Network Principles e

Fixed input x = +1 0

X0

Tnputs <

Wrike Al Ukraine, Aleksei Pupyshev, 24 Sep 2017
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How it works: Neural Network Principles e

DATA FEATURES + — 3 HIDDEN LAYERS OUTPUT
Which dataset do Which properties Test loss 0.084
you want to use? do you want to Training loss 0.021
feed in? D S v @ o @
6 neurons 4 neurons 2 neurons

X —— h— g .
@ 1 D\Q -~ -~ \ \\\ # """5, o o100 o
/ AW N }: ¥ A4
pr XN 4 o’ ';'7(
i B\‘ ) /4‘5==
Ratio of training to ‘\ ! , e
wh

test data: 40%

— o
Noise: 0 )
x.2

Batch size: 10

— X‘X’_-‘ The outputs are
mixed with varying
weights, shown

sin(X by the thickness
REGENERATE (%y) of the lines.

Colors shows —-— i
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Deep learning approach e

Job title 1 Job title 2 Similarity
Developer Code Ninja Similar

Service Desk Agent Agile Java Tester Dissimilar

| energy function E=cos(A,B) |
Recruiter Recriuter Similar } .1
Data Scientist Buzz Saw Operator Dissimilar [ dense feedforward layer (128) | [ dense feediorward layer (128) |
Talent Sourcer Recruiter Similar temporal av;,.age readout temporal av;age readout
: :

Figure 2: Network overview.
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Industry Cases: Google Cloud ML Job Search API
Xl
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Theory: Word2Vec e

sMin \

i A Italy \"‘drid
Germany Rome
man walked — Berlin
Turkey
i i ¥ Ankara
'®) e % woman .
‘. . swam :
king i, O O Russia i
T walking 1. Canada Ottawa
queen =i . Hapan Tokyo
B O Vietnam Hanoi
swimming China Beijing
Male-Female Verb tense Country-Capital
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How it works: Dataset Creation Example v

The solution: find a common factor
which combines
different job titles
with adequate sense

Wrike Al Ukraine, Aleksei Pupyshev, 24 Sep 2017



Theory: Word2Vec e

CBOW

* Representations
* The Wand W’ are

O == 000Q]

Xk

shared for all words Output layer
* Wand W’ are the g
things we need N
* EachrowinWand  x, <; ¥
W’ is the .
representation of a '
word in a new N- ©
dimensional space : V-dim

[0
* Input/output o Map the values into
vectors © probabilities, e.g.,
. Xep [ using softmax
h = EWT(XI+X2+"'+XC) .

H e%i

1 o(z)j = —— forj=1,..K

= glmtvetotve)' G Oxpdim D e
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Clusterization vs Topic Distribution models

e Soideais: let’'s define user as a ‘document’ and tokens related to this users as
‘words’ in this document
example: Aleksei have
- groups [ “data engineers”, “analytics”, “R&D" ],
- titles in profile [ “software engineer”, * "

, "data scientist”, “data analyst” ]

e Now we can use Topic Distribution tools like LDA - Latent Dirichlet Allocation

Wrike AI Ukraine, Aleksei Pupyshev, 24 Sep 2017 41



Space of Job Titles can be really helpful s

similarity(Sales, Account Manager) -> 0.9
similarity(Sales, Marketing) -> 0.7

similarity(Sales, Creative Director) -> 0.2

Wrike Al Ukraine, Aleksei Pupyshev, 24 Sep 2017 slide 42



How it works: Tech Stack v

@ python’

Keras Spqﬁ'{z

"

HIOES]

TensorFlow

Google Cloud Platform
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How it works: Dataset Creation Example v

The solution: find a common factor
which combines
different job titles
with adequate sense
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Clusterization vs Topic Distribution models

e Soideais: let’'s define user as a ‘document’ and tokens related to this users as
‘words’ in this document
example: Aleksei have
- groups [ “data engineers”, “analytics”, “R&D" ],
- titles in profile [ “software engineer”, * "

, "data scientist”, “data analyst” ]

e Now we can use Topic Distribution tools like LDA - Latent Dirichlet Allocation

Wrike AI Ukraine, Aleksei Pupyshev, 24 Sep 2017 45



How it works: Dataset Creation Example v

Aleksei Pupyshev

Research and Development Team Lead / Data Scientist at Wrike

Experience:
Research and Development Team Lead at Wrike Inc.
Data Engineer, Data Analyst at \Wrike Inc.
Software Engineer at Wrike Inc.
Data Scientist, Quantitative Researcher at QuantumBrains Hedge Fund

Data Scientist, Research Scientist at HBImed AG

Wrike | Al Ukraine, Aleksei Pupyshev, 24 Sep 2017 slide 46




How it works: Dataset Creation Example v

Aleksei’s Experience Aleksei’s Experience Job Title1 | JobTitle2 | Target

Data Engineer Data Engineer | . |
Data Analyst Data Analyst ‘ Data Engineer | Software Engineer |
Data Analyst | Data Scientist |

—_ A

Software Engineer Software Engineer
Data Scientist Data Scientist | |

within one person
job titles pairing
as POSITIVE

Wrike AI Ukraine, Aleksei Pupyshev, 24 Sep 2017 47



How it works: Dataset Creation Example v

random permutationsfelj

job titles pairing
as NEGATIVE

Aleksei’s Experience Bob’s Experience Job Title1 | Job Title 2 | Target
Data Engineer Sales Engineer | _ 0
Data Analyst e Data Engineer | Account Executive | 0O
Software Engineer Business Developer Data Analyst |  SalesEngineer | 0
Data Scientist Marketing Manager | | 0

Wrike | AI Ukraine, Aleksei Pupyshev, 24 Sep 2017 slide 48




How it works: Dataset Creation Example v

Aleksei’s Experience Aleksei’s Experience Job Title1 | JobTitle2 | Target
Data Engineer Data Engineer | . | 1
Data Analyst Data Analyst ‘ Data Engineer | Software Engineer | 1
Software Engineer Software Engineer Data Analyst | Data Scientist .
Data Scientist Data Scientist | I
Aleksei’s Experience Bob’s Experience Job Title 1 | JobTitle2 | Target
Data Engineer Sales Engineer | _ |0
Data Analyst Recolint Execlitive - Data Engineer | Account Executive | 0
Software Engineer Business Developer Data Analyst |  Sales Engineer | 0
Data Scientist Marketing Manager | |0

Wrike AI Ukraine, Aleksei Pupyshev, 24 Sep 2017 49




How it works: Dataset Creation Example v

In [47]: df[(df.target == 1) & (df.job from headline.str.contains('HR ', case = False))].tail(100
job_from_headline job_from_experience target seq_expe seq_head
50418 HR Technology and Operations Executive Sr. Manager, Cloud HR Consulting & 4 14, 4,45,2,20,5,3,5,12,1,4,31, [43,29,2,30,1,10,21, 3,8, 11, 8,
Transformation 2l 20 2n5
50882 HR Business Partner, Energy Recruiter 1 [29,1,10,4,13,7,6,1,4] [43.29.2,35,13,8,7,3,1, 3,29,52,
50857 EHR Product Manager Technical Engineer - ETL Data Integrater 1 (30, 1,10, 21,3,7,10,5, 113‘ 21’227’ 27,43, 29, 2,22, 4, 8, 15, 13‘21 206
51624 Manager HR Data Reporting alnd Forecast Manager 1 [34,8,4,1,10,5,9,6,2,20,5,3,5, [20,5,63,5,12,1,4, 2,43, 29,2, 26,
Analytics 12;... 5,8..:
51692 Senior HR Generalist Labor Rep 1 [83,5,37,8,4,2,29, 1,17 [14.1.3.7.8,4,2,43,29.2 5, 1,
53742 HR Business Partner Branch Manager 4 [35,4,5,3,10, 21, 2, 20, 5, 3, 5,‘1 1§] [43,29,2,35,13,9,7,3, 1, 22952
R HR Program Manager Assistant Head Instructor 1 [16,8,9,7,9,6,5,3,6, 2, 43’1 ; 5, [43,29,2,22,4,8,12, 4, 201 2 2,
55002 HR & Organizational Effectiveness Leader Human Resource Manager - Acquisition 1 [43,13,18,5,3,2,29,1, 8, 8, 13, 4, [43,29,2,49,2,32,4,12,5,3,7,
succe... Intearation G | T = - -
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How it works: Dataset Creation Example

In [48]:

Wrike

df[ (df.target == 0) & (df.job_from headline.str.contains('HR ', case = False))].tail(100
job_from_headline job_from_experience target seq_expe seq_head
38419 Sr. HR Information Systems Specialist Colorado State University Student, 0 [19,8,11,8,4,5,15,8,2,14,6,5, [14,4,45,2,43,29, 2,28, 3, 23, 8,
Resident As... S 4,18,...
38736 Manager, Human Resources/HR Business Graduate Student 0 [39, 4,5,15,13,5,6,1,2, 14, 6, 13, [20,5, 3, 5,12,1, 4, 31, 2, 43, 13,
Partner 15 ... 18:5..
40785 HR Staffing President & CEO o [2.41.8.7.151.3,8, f'g“g'f’ [43, 29, 2, 14, 6, 5, 23, 23, 7, 3, 12]
40003 Retail HR Manager staff 0 9,6, 5,23, 23,2, 4,3 2%:1.6.5,7,11,2,43,29,2, 20‘55’
41505 EHR Applications Specialist Hilton San Diego Bayfront Finance MDP 0 [43,7,11,6,8,3,2,14,5, 3'?2’126’ (27, 43,29, 2, 16,17, 17, 1;' é ;O’
41556 Talent Acquisition/HR Shared Services Content Analysis 0 [19,8,3,6,1,3,6,2,16,3,5,11, [30,5,11,1, 3,86, 2, 16, 10, 60, 13,
Leader 25, 9... 7.9 ..
4731 HR Generalist Airline/Aviation Professional 0 [16,7.4,11,7,3,1, 41,16, 24‘6?‘75’ (43,29,2,39,1,3,1,4,5, 11,7, g]
42022 HR Associate/Compliance Coordinator Manager of Engineering Services 0 (20.5,3.5,12,1.4, 2,8, 23:32'127’ [43,29,2,16,9,9,8,10,7, 3;6; 1,

Al Ukraine, Aleksei Pupyshev, 24 Sep 2017
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How it works: Neural Net. Architecture v
Step O: Stemming

Jower

.replace '[ra-z]' to'
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How it works: Neural Net. Architecture v
Step 1: Embeddings Matrix preparation

glove.6B.50d.txt’

VOCAB_SIZE =1000
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How it works: Neural Net. Architecture v
Step 2: Model Construction [ Siamese neural network]]

)
Data Scientist -> [ 14, 29,0,0,0,0,0] CNN
-/ :
1 - is same person
0 - otherwise
)
Software Engineer ->[90, 74,0,0,0,0, 0]
CNN
N
input model merge output
abs | Xz - X1 |
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How it works: Neural Net. Architecture v
Step 2: Model Construction [ Siamese neural network]]

)
Data Scientist -> [ 14, 29,0,0,0,0,0] CNN
-/ :
1 - is same person
0 - otherwise
)
Software Engineer ->[90, 74,0,0,0,0, 0]
CNN
N
input model merge output
abs | Xz - X1 |

Wrike | Al Ukraine, Aleksei Pupyshev, 24 Sep 2017 dide 55



How it works: Neural Net. Architecture v
Step 2: Model Construction [ Convolution Model ]

Data Scientist ->[ 14,29,0,0,0,0,0] j - R .

Input -> embeddings -> 3-convolution -> 3-global max pooling -> concatenation -> output
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How it works: Neural Net. Architecture
Step 2: Model Construction [ Convolution Model ]

Convolution: Trying every possible match
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How it works: Neural Net. Architecture
Step 2: Model Construction [ Convolution Model ]
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How it works: Neural Net. Architecture asedoncharacterss

0
'

-1 .I

- i

# I '

S R B |

-- M Example: Convolution layer
N 1l visualization
. il

g -

a- il

. i '

m -

3 i il

H
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account execu ive marketlng solutions group at
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How it works: Neural Net. Architecture v
Step 2: Model Construction [ Convolution Model ]

Data Scientist ->[ 14,29,0,0,0,0,0] j - R .

Input -> embeddings -> 3-convolution -> 3-global max pooling -> concatenation -> output
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How it works: Neural Net. Architecture

Layer Output Shape
InputLayer 7

Embedding 7, 50

Convl1D 7, 20

ConvlD 7, 20

Convl1D 7, 20
global max poolingld 20
global max poolingld 20
global max poolingld 20
Concatenate 60

Trainable params: 56,110
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Param #

50050

1020

2020

3020

Connected to

input

embedding

embedding

embedding

convld

convld

convld
global max poolingld

global_max_poolingld
global max poolingld



How it works: Neural Net. Architecture v
Step 2: Model Construction [ Siamese neural network]]

)
Data Scientist -> [ 14, 29,0,0,0,0,0] CNN
-/ :
1 - is same person
0 - otherwise
)
Software Engineer ->[90, 74,0,0,0,0, 0]
CNN
N
input model merge output
abs | Xz - X1 |
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How it works: Neural Net. Architecture v

Layer Output Shape Param # Connected to
InputLayer 7l
InputLayer 7
Model 60 56110 input
input
Merge 60 0 model
model

P8 61 merge

Trainable params: 56,171
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How it works: Neural Net. Architecture v
Step 3: Training

75% Accuracy on test set
84% on train
AUC = 0.85 on test

0.9 - Acc
= Val Acc
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Flexibility v

Example: Senior Java Developer

Functional Role Most Representative Similarity Threshold Result
Examples
Engineering Software Engineer 08 . .
Accounting, Finance & Audit Accountant 0.5 05 Englnee ri ng
HR HR Mana 0.3
ger
Marketing Marketing Specialist 0.6
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Flexibility

Example: Founder & CEO

Functional Role Most Representative
Examples
Engineering Software Engineer
Accounting, Finance & Audit Accountant
HR HR Manager
Marketing Marketing Specialist
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Similarity

0.1
0.1
0.3
0.2

Threshold

0.5

Result

Other
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Maintenance

Wrike

Before

Set of patterns
Keywords

Priority Rules
Rude Mismatches

No quality metrics

No change management
Un-flexible for new categories
Low coverage

AI Ukraine, Aleksei Pupyshev, 24 Sep 2017

After

Dataset
NN-Model & Tokenizer
Threshold

Relation: Most Representative Examples to
Categories

Accuracy

Flexible for fixes

Flexible for new categories
Coverage depends on threshold
Almost same code for other tasks



Flexibility

Example: Senior Java Developer

Functional Role Most Representative
Examples
Engineering Software Engineer
Accounting, Finance & Audit Accountant
HR HR Manager
Marketing Marketing Specialist
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Similarity

0.8
0.5
0.3
0.6

Threshold

0.5

Result

Engineering
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Flexibility

Example: Founder & CEO

Functional Role Most Representative
Examples
Engineering Software Engineer
Accounting, Finance & Audit Accountant
HR HR Manager
Marketing Marketing Specialist

Wrike Al Ukraine, Aleksei Pupyshev, 24 Sep 2017

Similarity

0.1
0.1
0.3
0.2

Threshold

0.5

Result

Other

69




Flexibility

Example: Founder & CEO

Functional Role Most Representative
_ Examples
Executives & Top Vice President
Management Accountant
Accounting, Finance & Audit
HR Manager
HR Marketing Specialist
Marketing gop
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Similarity

0.9
0.3
0.4
0.6

Threshold

0.5

Result

Executives & Top
Management
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Restrictions: New Types of Categories

Example: Director of IT

Authority Level Most Representative Similarity eshold
Examples
CEO/(Co)Founder/Owner max { CEO, ..., Founder }
C-Level & Partner max { COO, CFO, ..., CTO 0.5 0.5
Director, Associate Director max { Head of IT, ..., Direg#®of IT } 0.3 \

Specialist, Professional max { Data Scientist .., Recruiter }

Result

C-Mevel & Partner

Wrike AI Ukraine, Aleksei Pupyshev, 24 Sep 2017
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Restrictions: New Types of Categories v

Example of Category: Authority Level

... until you'll find
a common factor

and build
a good accuracy ml-model ...

Possible solution: Nle]olzl-]ele]s B3] ]| [I{[-T]
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Scalability: Semantic Vectorization & IR

UserID Job Title
876786876 Founder & CEO
509801942 Java Developer
912300427 Recruiter

Engineering Score

0.3

0.1

HR Score

0.6

0.1

Marketing Score

0.9

0.6

0.2

where: Engineering Score = similarity( Job Title, ‘Software Engineer’ )
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Scalability: Semantic Vectorization & IR v

User ID Job Title Engineering Score HR Score Marketing Score
876786876 Founder & CEO 0.3 0.6 0.6
509801942 Java Developer | 0.8 0.1 0.2
912300427 Recruiter 0.1 09 0.4

... or: Engineering Score = Agg {
similarity( Job Title, ‘Software Engineer’ ),

similarity( Job Title, ‘Data Scientist’ )
}

where: - can be [Max, Min, Avg etc.]

Wrike | Al Ukraine, Aleksei Pupyshev, 24 Sep 2017 slide 74




Scalability: Semant

UserID Job Title
876786876 Founder & CEO
509801942 Java Developer
912300427 Recruiter

Engineering Score
o o o o o o o
w S w1 o ~N © w

o
N}

IS
[

o
o
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ic Vectorization & IR

v

Marketing Score

0.6

0.2

Engineering Score HR Score
| 0.3 0.6
0.1
0.1 0.9

0.4

Founder & CEO

00 01 0,2 0,3 0,4 0,5 0,6 0,7 0,8 09 1,0
HR Score
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Main idea again e

The solution: find a common factor
which combines
different job titles
with adequate sense
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Alternatives: Doc2Vec 4
Distributed Bag of Words version of Paragraph Vector (PV-DBOW)

Classifier t

Paragraph Matrix --------- >

Paragraph
id

fig 4: PV-DBOW model
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Main idea again e

The solution: find a common factor
which combines
different job titles
with adequate sense
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Main idea v

The deep learning can be a great tool for Data
Engineering and Business Intelligence

It’'s bringing us to development of flexible and
scalable solution for data processing
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Special thanks! v

Pavel Plotnikov - 1st
Data Engineer at Wrike

Alexandr Ozerov
Data Scientist

ot ., o 4
g H :{'

Revekka Viktorova
Data Analyst
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Special thanks!
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