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International market leader in AI for HR and Recruiting

Founded in 2001│ Headquarter in Amsterdam│1.000+ clients worldwide | 145 
full-time employees, majority R&D and development

Machine Intelligence for 
Matching People and Jobs

AI and Machine Learning

Semantic Search and Match

Document Understanding

Web Mining

Labor Market Intelligence



 

Textkernel product line

An AI Platform for Talent Acquisition and HR which transforms data into rich and 
actionable information, enabling you to understand, connect and analyze in a meaningful 
way.

Understand

• All documents
• Behavior & history
• Great details & nuances
• In any language

Connect

• All people & jobs
• Matching
• Recommendations
• Personalization

Analyze

• Supply & demand
• Public & private data
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Knowledge Mining: Overview
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                  Knowledge Mining

Documents:
CVs, vacancies

Structured 
Data

Knowledge 
resources

                  

Search & Match

                  

Analytics
(Jobfeed)
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20 Years of Jobs 
History & Trends

48+ 
Countries

835 Million 
CVs per year

1,3 Billion Jobs analyzed 
adding 350 million per 

year

140K
Job Titles

154K
Skills

1,000+ 
Customers

100+ 
partners

ISO27001 
Certified

We serve 7 out of 10 
Top Global Staffing Firms

23 
Languages

Textkernel in Numbers
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AI in industry vs academia
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Academia Industry

Overall goal Advance scientific understanding $ (at least not make a loss)

Project goal Publish a paper
=
Scientifically noteworthy research outcome

Make a viable product
=
Solve a customer problem

Data Controlled benchmark datasets (usually) Messy real world data, continuously evolving

Models Latest and greatest Whatever works to stay ahead of the 
competition.



 

Document understanding



 

CV parsing demo

11 | CONFIDENTIAL AND PRIVILEGED



 

 

Personal Section

Education Section

Experience Section

Skills Section

Date of birth

Language Skills

Computer Skills

School

Date

Education

Company

 Work experience

Date

CV Parsing
Name
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What customer problem do we solve?

250 applications are received for 
each corporate job offer -Glassdor 2019

           

40 seconds is the time it takes to read a 
resume Study Miratech 2018

1 min the time it takes to select a 
candidate after reading the cv- Study  Miratech 2018

46,3% of the applications received are read 
-Tilkee Study - 2017

 



 

Breakout session

Task: how would you build a system that extracts the candidate name from a CV
• Rule-based
• Machine Learning

5 mins

Present your idea via a representative: 1-2 minutes
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Rule-based approach?

• Candidate name extraction
• Context: words after “Name:”

Name: Mihai Rotaru
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Rule-based approach?

• Candidate name extraction
• Context: words after “Name:”

• Until end of line

Name: Mihai Rotaru
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Rule-based approach?

• Candidate name extraction
• Context: words after “Name:”

• Until end of line

Name: Mihai Rotaru                    Amsterdam,Netherlands

17 | CONFIDENTIAL AND PRIVILEGED



 

Rule-based approach?

• Candidate name extraction
• Context: words after “Name:”

• Until end of line
• Stop when reaching a large space

Name: Mihai Rotaru                    Amsterdam,Netherlands
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Rule-based approach?

• Candidate name extraction
• Context: words after “Name:”

• Until end of line
• Stop when reaching a large space

Name: Mihai Rotaru  phone: +31 20 494 2496 Amsterdam,Netherlands
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Rule-based approach?

• Candidate name extraction
• Context: words after “Name:”

• Until end of line
• Stop when reaching a large space
• Stop when reaching a lowercase word

Name: Mihai Rotaru  phone: +31 20 494 2496 Amsterdam,Netherlands
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Rule-based approach?

• Candidate name extraction
• Context: words after “Name:”

• Until end of line
• Stop when reaching a large space
• Stop when reaching a lowercase word

Name: Mihai van Rotaru
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Rule-based approach?

• Candidate name extraction
• Context: words after “Name:”

• Until end of line
• Stop when reaching a large space
• Stop when reaching a lowercase word

• Allow certain lowercase words (von, van, de la)

Name: Mihai von Rotaru
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Rule-based approach?

• Candidate name extraction
• Context: words after “Name:”

• Until end of line
• Stop when reaching a large space
• Stop when reaching a lowercase word

• Allow certain lowercase words (von, van, de la)

Father’s Name: Mihai Rotaru
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Rule-based approach?

• Candidate name extraction
• Context: words after “Name:”

• Until end of line
• Stop when reaching a large space
• Stop when reaching a lowercase word

• Allow certain lowercase words (von, van, de la)
• Nothing before “Name:”

Father’s Name: Mihai Rotaru
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Rule-based approach?

• Candidate name extraction
• Context: words after “Name:”

• Until end of line
• Stop when reaching a large space
• Stop when reaching a lowercase word

• Allow certain lowercase words (von, van, de la)
• Nothing before “Name:”

• No context?
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Rule-based approach?

Mihai Rotaru
rotaru@textkernel.nl            William Street 12, Amsterdam
+31 20 494 2496                             The Netherlands

• Candidate name extraction
• Context: words after “Name:”

• Until end of line
• Stop when reaching a large space
• Stop when reaching a lowercase word

• Allow certain lowercase words (von, van, de la)
• Nothing before “Name:”

• No context
• List of first names
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From rules to machine learning

Problem with rules
• Gets complex to accommodate for exceptions
• Coverage is limited
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Every field in a CV is a brain teaser
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• Dates
– 2011
– ‘11
– 11
– Mar 02
– 01/2011
– 31.01.2011
– 2011-06-01
– 120206

• Date ranges
– 03-2011 - 05-2011
– 03/05 2011
– 060401-060930
– 062006-072013



 

Machine Learning to the rescue

• Problem with rules: not 100% sure signals
• Machine Learning:

• Estimate the quality of signals (from annotated data)
• Combine multiple signals
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Start right after “Name:”

• Unless “Father”/”Mother” before
Stop:

• End of line OR
• Large white space OR
• Lower case word (unless: van, von, de, la, …)
• ...

CV parsing: Name extraction

Signals 
(features)

Combine 
signals
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Why as a sequence?

• Context and order is important

1999-2001: Preparator at Universitatea de Vest
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Why as a sequence?

• Context and order is important
• Pattern: DATE: JOB at COMPANY

1999-2001: Preparator at Universitatea de Vest

Date Job Company
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Problem class: Sequence labeling
• Part of Speech Tagging, Named Entity Recognition
• Models: HMM, CRF, RNN/LSTM

Modeling text as a sequence
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Personal 
section

Experience 
section

Education 
section

Skill section

Skill section35 | CONFIDENTIAL AND PRIVILEGED



 

Personal 
section

Experience 
section

Education 
section

Skill section

Skill section

Item 1

Item 2

Item 3

36 | CONFIDENTIAL AND PRIVILEGED



 

experience date

company name, location
job title

item 1

item 2

item 3
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Extraction

• Typical pipeline (Machine Learning)
• Preprocessing/OCR
• Detection of CV pages [mostly for DE]
• Section segmentation
• Item segmentation
• Phrase extraction
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Parsing CVs and Jobs

Machine learning: since 2001

• Signals
• Known header on the line
• Starts with date
• Email
• Typical experience words
• ...

• Combine signals
• Hidden Markov Models
• Conditional Random Fields

Deep Learning: since 2014

Rule based Machine 
Learning

Deep 
Learning

Signals
(features)

People People
(ML engineers)

Machine
(patterns in 

data)

Combine 
signals

People Machine
(based on 

training data)

Machine
(based on 

training data)
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• Multiple dimensions
• Same level: CEO, CFO, etc
• Same domain: Nurse, Doctor, Pharmacist, etc

• Word → vector (word2vec tool)
• Feed unannotated documents

Deep Learning: words

developer

CEO

engineer

CFO

COO
CFO
SVP
CIO
EVP
VP
CTO
PRESIDENT
DIRECTORS
CHAIRMAN
C.E.O.

CEO

COO
Directors
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Deep Learning: Parsing

Recurrent Neural Networks

2001     CEO     at       TextkernelInput:

Date     Job        -       Company
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CRF/HMM → Deep Learning

Language Personal section Experience section Education section

English +25% +20-30% +10-20%

Dutch +10-25% +20-30% +15-40%

French +20% +30% +20%

German +25% +15% +25%

Russian +60% +50% +60%

Spanish +15-30% +60% +50%

Swedish +50% +35% +30%
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Matching people to jobs 
and vice versa
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What customer problem do we solve?

250 applications are received for 
each corporate job offer -Glassdor 2019

           

40 seconds is the time it takes to read a 
resume Study Miratech 2018

1 min the time it takes to select a 
candidate after reading the cv- Study  Miratech 2018

46,3% of the applications received are read 
-Tilkee Study - 2017

44 hours is the average time taken to consult 
an application file -Robert Half 2017

 



 

Job Description 
Section

Requirements 
Section

Benefits Section

Company info 
Section

Years experience

IT skills

Education

Offer details

 Salary

Additional info

Vacancy Parsing

Vacancy title



 

But the real world looks more like this
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job=HR Consultant

experience=7 years

city=Noordwijk

skill=coordinated projects

job=
Human Resources Adviser

Experience required: >5

city=Leiden

skill=project management

Match?

CV parsing
Vacancy parsing

How to make a system that ‘knows’ that the fields on the left match 
the ones on the left? 
Discuss 5 minutes: solution for each field
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job=HR Consultant

experience=7 years

city=Noordwijk

skill=Project Management

job=23
branch=HR
experience=5-10
skill=X12
loc=52N4E

job=23
branch=HR
experience=5-10
skill=X12
loc=52N4E

job=
Human Resources Adviser

experience=>5 years

city=Leiden

skill=coordinated projects

Match?

CV parsing
Normalized 

data
Normalized 

data

Vacancy parsing



 

Location normalization: geographic coordinates
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Leiden = Noordwijk +- 30 KM



 

Profession normalization

49 | CONFIDENTIAL AND PRIVILEGED

C++ Developer Developpeur C++C Plus Plus Dev ...

292 Groups Programmers

Programmer C++
ID = 31

DevOps Specialist
ID = 25

IT Testers

> 140K 
Synonyms

(10 languages)

± 4200 
Professions

Web 
Designers IT Support

...

...

Java Developer
ID = 12

Information 
TechnologyMedical24 Classes Legal

English French German Dutch
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Finance 
consulting

Conseil en 
Finance

Financial 
advice ...

4 Categories Professional skills

Financial 
consultancy Medical Imaging

Soft Skills

150K 
Synonyms

(6 languages)

11K Skills

IT Skills Language 
Skills 

...

...

Project 
Management

Skills taxonomy

English French German



 

 

Textkernel knowledge graph
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         Knowledge mining

Professions

Skills

Organizations

Education Levels

Comprehensive
Up-to-date
Multilingual



 

Knowledge mining process

Mine Filter Attach



 

Synonym detection techniques

Unsupervised

- Word embeddings 
- But relatedness ≠ synonymy!

- Subword embeddings
- Byte-pair encoding

Rule based

- Dictionaries and lexicons 
- Context Heuristics

- X a.k.a. Y
- Reversed translations

Supervised

- Siamese 
networks



 

Demo Search/Match
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Next generation matching: deep learning
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Rule based Machine 
Learning

Deep 
Learning

Signals
(features)

People People
(ML engineers)

Machine
(patterns in 

data)

Combine 
signals

People Machine
(based on 

training data)

Machine
(based on 

training data)



 

Document vectors (fingerprints)
Transform for CVs and vacancies into vectors

• Relevant CVs are “close” to a job
• Capture semantics in a continuous holistic way
• Use wisdom of crowd: learn from people applying to jobs

• No recruiter bias

Distance calculation

CV
Emb Deep NN

Best 
jobs

jobs Emb Deep NN



 

Deep learning matcher

CV

Vacancy



 

Deep learning matcher: training



 

Deep learning matcher

colors represent domains

https://docs.google.com/file/d/1njkbnbL7kzwXLtFOxTd_o6X6O6vb6rys/preview


 

Deep learning matching

What could be the risks of this method, relative to ‘whitebox’ matching?
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Knowledge graphs



 

 

Back to the knowledge graph
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         Knowledge mining

Professions

Skills

Organizations

Education Levels

Comprehensive
Up-to-date
Multilingual



 

CEOCMO

DirectorEMEA Mgr

BD ManagerRegion MgrManager | Manager | Manager | ...

ConsultantContent MgrConsultant

AnalystAnalyst

Intern Intern

● Alternative job recommendations
● Offer “next job” advice to 

employees (internal mobility)

Customer request: 
We’d like you to tell us which skills relate to which professions



 

From taxonomies to ‘ontology’



 

Aggregating millions of parsed vacancies

65 | CONFIDENTIAL AND PRIVILEGED



 

From frequent skills to salient skills

How to compute the saliency of skill X for profession Y?

Simplest approach:

% of vacancies for profession Y with skill X 
       % all vacancies with skill X

Better approaches:
- Chi-square
- Mutual information
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Knowledge graph: demo
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kok@textkernel.com

textkernel.careers

Thank you!


