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The Challenge



d.

Automate information extraction from pension fund
documents and legal forms
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Data vs. Information



Extract details from hundreds of raw unstructured
documents in PDF format = including tables, pictures and
ayout

SECTION III - ACCOUNTING
EMPLOYER FINANCIAL STATEMENTS UNDER GASB #68
D. Deferred Inflows and Outflows of Resources under GASB #68 for the Year Ended June 30, 2016 1
Fiscal Year Remaining Balance Remaining Remaining Balance
i Reason At Beginning of Year Period * Annual it At End of Year
1. Liability experience
a. Inflows
2016 Experience gail I
b. Outflows SECTION III - ACCOUNTING
2014 Experience I
2015 Experience los] NOTES TO THE FINANCIAL STATEMENTS UNDER GASB #67 AND #68
2. Assumption changes N
a lﬂﬂ““zom 1 The Public School Retirement System of Missours is a cost-shar The components of the Net Pension Liability of the Sponsor on December 31, 2016 were as follows:
b. Outflows 2. Significant actuarial assumptions and other inputs used to meal segment of UCRP. The total funding policy contribution 2015 65.8 53.8 82
o6 won) oot Jan 30,2016 ToulP. Liabi rate for the 2017-2018 Plan Year is based on this valuation 2016 69.3 572 83
- © » 24 ‘otal Pension Liability 27.99%
Investment B - Valuation Date June 30, 2016 Plan Fiduciary N Pt) . and is 27.99% of payroll The actuarial accrued liability has shown a steady increase
3. Investment experience o s e ot Teesl an Fiduciary Net Position For the Plan Year beginning July 1, 2016, the University over the five-year period. Prior t0 2014, the actuarial value
a. Inflows Experience Study atite of antich Sponsor’s Net Pension Liability contribution rate is 14% of covered compensation for the of assets remained relatively level as prior investment
2024 Tnvestment gai Themostrecentcol  Plan Fiduciary Net Position as a percentage of Total Pension Lj| non-la ory segment Of UCRP while the rate for most losses were recognized and contributions had recently
b. Outflows assumptions were ’ = members is 8% of covered compensation (less $19 per restarted. From 2014 to 2016, the actuarial value of assets
2015 Investment k June 30, 2016 valul N month). mainly increased due to the recognition of prior investment
2016 Investment los| aion Z“’i“‘:“;" - ;;;’:_’l‘_’;;‘a‘l‘;z::‘:‘:’ﬁ:’:b ity was determined by an actuarial val The Plan’s finded perceatage (actaarial value of assets pins f::: conm::uumu Lhal:“ have approximetely funded the
- i 5% per Y Y tot ing policy contribution
4. Total deferred inflows / outflows: (1) + Total Payroll Growth 2.75% per annum, the following actuarial assumptions The first graph shows
costs in pensionabl N afive-year history of Five-Year History of Total Funding Policy Five-Year History of Actuarial Accrued Liability
Inflation 3.00% the total funding Contributions Based on July 1 and Actuarial Value of Assets for Plan
- Future Salary Increases g;:::!‘;‘ :]; :; Salary Increases 1.00% - 6.00% policy contributions Actuarial Valuation Date Years Beginning July 1
scount Rate 7.70%
- Cost-of-Living Increases The cost of iving e . ; 700 ° segment of UCRP). 3% 80
begmm‘x;g;:&ug; Investment Rate of Return 0% The socond graph
:.%Z\w a noﬂ:ni shows the five-year 30%
i iy Mortality Rates Healthy Lives: RP-2000 (Fully Generational us history of the funded g o
distinct. The assumed rates of mortality sufficiently accommoda status — actuarial %
Mortality Rates Disabled Lives: RP2000 Disability Mortality T accrued liability §
4 versus the actuarial =
value of assets 2 7%
The most recent actuarial experience study used to review the o
26% 0
2012 2013 2014 2015 2006 2012 2013 2014 2015 2016
The Long-Term Efxpcclcd ,l}:lc of Rct:lm on Pfcnslon Plan m\’ch & Total Funding Policy Cortriasios ®AAL =AVA
actimats canase of avnactad fines raal catas of catuen "




C.

Domain specific natural language with
numbers, currency, magnitude & firm name identification
(Pensions, social plans, retirement system)

A historical perspective of
how the participant CHARTA

population has changed Member Population: 2007 — 2016
over the past ten
valuations can be seen in

s chart Year Beginning Active Terminated Vested Retired Members, Ratio of Retirees
July 1 Members Members(" Disabled Members and to Actives
Beneficiaries'?
2007 118,885 47,682 040
2008 50,171 044
2009
2010 CHART®
2011 Determination of Actuarial Value of Assets for Year Ended June 30, 2016 ($ in 000s)
2012 116,888
2013 118,321 Total Actual Market  Expected Market Investment Deferred Unrecognized
2014 120,568 78,220 From To Retum (net) Return (net) Gai/(Loss)? Factor Return®
2015 123,768 75.1 712011 62012 $115,864 $3,133,623 $(3.017,759) 0.0 $0
2016 128,513 81,505 72012 6/2013 4,833,339 3,086,770 1,746,569 02 349314
p N embers due a refiond of meh " 72013 62014 8,009,979 3,379,298 4,630,681 04 1,852,272
Includes terminated nonvested members due a ref of member contributions| 72014 62015 1,003 802 3 969‘206 (1‘975 404) 06 (1 185 243)
LLNS defined benefit plans who wiil be entltled to a CAP balance payment fi M Yana gEE ane " . ® an 2L
Excludes deferred retirees and deferred bengficiaries who are entitled to futur| 712015 . 62016 (1,104.655) 3,995,788 (5.100,443) 03 (4.080.354)
1. Total Unrecognized Retum™’ $(3.064.011)
2. Market Value of Assets 54,164,531
3. Actuarial Value of Assets (Item 2 - Item 1) $57,228,542
4. Actuarial Value of Assets as a Percentage of Market Value (Ttem 3 + Item 2) 105.7%
O Total return minus expected return, both on a market value basis.
@ Recognition at 20% per year over 5 years.
G)  Deferred return as of June 30, 2016 recognized in each of the next four yeas:
(@ Amount Recognized durtng 2016/2017 $(139,720)
(B) Amount Recognized durtng 2017/2018 (489,033)
fe) _Amenmt Rornenizod chiring 2018/2010 (1415 160}




Example content to be extracted

NLP - Named entity

Actuarial Firm Name .
recognition

Learning rule-based

Fiscal End Year )
extraction

Currency numbers from
tables in different
magnitudes
(hundreds, millions, etc)

Actuarial Value of Assets




WHAT MAKES READING DOCUMENTS HARD?

* Domain specific, Context specific
— Your models & rules must be specific to what you are looking for

— Reading currency amounts, company names, people, locations, units,
and other facts depends heavily on context

* Tables & images

— Ensure your OCR extraction is well capable of reading data from
tables and pictures without breaking content coherence

* Heterogeneous

— Even if all documents contain the same content, it’s not always
in the same place, order or format



UiPath

Spark-NLP

Akka http

John Snow Labs
NLP models

What it does?

OCR Parsing, fact extraction,
learning rules

Extremely fast NLP & NLU
with machine learning
algorithms at scale

Fast communication
across services

Pre-trained NLP models
for Spark-NLP

Why is it useful?

It converts unstructured data
into ready to process text

Scalable batch or streaming
NLP pipelines with applied
ML and DL models

Integrates Spark NLP and
Ul Path in an asynchronous
manner

Highly accurate extraction of
domain specific information



Introducing UiPath



DATA EXTRACTION CHALLENGES
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How do | validate data?

(]2

How do | prepare the
documents for
extraction?

Vi VAN AVAY

What do | do with
the results?



UIPATH DOCUMENT PROCESSING PIPELINE

Digitization Classification Data Extraction Validation

W.,




DIGITIZATION: RETRIEVE TEXT, PRESERVE ORIGINAL LAYOUT

Tax Revenue as a Percentage of Contributions

Input documents: PDFs,
with text content or
scanned files, images

Actuarial Assumptions - Estimates of future plan experience with respect to rates of mortality,
disability, tumover, retirement. rate or rates of investment income and salary increases.
‘Decrement assumptions (rates of mortality, disability, tumover and retiremen) are generally based.
on past experience, often modified for projected changes in conditions. Economic assumptions
(salary increases and investment income) consist of an underlying rate in an inflation-free

environment plus a provision for a long-term average rate of inflation.

Actuarial Cost Method - A mathematical budgeting procedure for allocating the dollar amount
ofthe “actuarial present value of fiture plan benefits™ between the actuarial present value of future:
‘normal cost and the actuarial accrued liability. Sometimes referred to as the “actuarial funding

g

method.
I ext ret r I eva I . O( R P D F Actuarial Equivalent - A single amount or series of amouats of equal value to another single
. Y] amoust or series of amounts, computed on the basis of the sate(s) of inferest and mortality tables

used by the plan

Actuarial Present Value - The amount of funds presently required to provide a payment or
series of payments in the futwe. It is determined by discounting the future payments at a
interest, taking o y of payment

Benefit Service: Exact fractional srvice s used fo determine the amount of
bencit payable:

ottt o e G e s

y i the
St S yeass of service.  Disabilty and withdraval do not
operate during retrement lgiblty

‘Normal Form of Benefit: ‘The assumed nomal form of beneft s the siaight lfe form.

Otter Adjustmens: Actarial accrued liablities were adjusted as 2 provision for
subsidized service purchases, pending refunds, and other
Contingent e it present vaues were also
adusted for Crime Scene Technicians and ECO to reflect the
“gross up factor

]

Incidence of Contributions: ~ Contributions are assumed fo_be received confimously

Document Layout Analysis i e

contibutions are applied to the fading of new enirant
benefits.

N
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CLASSIFICATION: FIND DOCUMENT TYPE

Document Types
Any Group v+ Any Category V

Click on a document type to edit it.

Reason
< Pilot
® Valuation Taxonomy @ @

Add New

Document Taxonomy: collection of
document types

Document Type Details

Name

Valuation Taxonomy

Edit Field

Name

AAL (Actuarial Acrrued Liability)

Group [JIs Required for Document Validation
Reason v
[Clis Multi-Value
Category
Pilot o Search marks
I E Add new search marks
Optional value Press enter after each search mark for defining it.
[(lis Fixed Form Type
Value v
Patterns learning
(=D —
Number v

Automatic extraction

@ craved

[IDerive value parts (Value)

Derived field expected format (optional)

( Edit Document Type

Automatic extraction

Fields

New Field

Document type: collection of fields

Cancel

Field: data point type and properties



EXTRACTION: FIND DATA POINTS SPECIFIC TO DOCUMENT TYPE

[—
= & @

Direct interface Extraction HTTP communication
Orchestrator

\ 4 A 4
Extractors oa oa aa Plugin-in architecture

Pattern Extractor Spark NLP Extractor




Automatically extracted data

Reason
Valuation Taxonomy
English

Document Type

Actuarial Firm

Formal Plan Name

As of Date

Rate of Return Assumption

AVA (Actuarial Value of Assets)

AAL (Actuarial Acrrued Liability)

UAL (Unfunded Accrued Liability)

Order of Magnitude (AVA, AAL, UAL)

GASB 25 Funded Ratio

Covered Payroll

Plan Financial Data

Delete all automatically extracted values

Validated document

<

B8 8 @8848008@08484aag
:

Pilot

Valuation Taxonomy

Segal

University of California Retirement Plan
2016

7.25%

57,228,542

60,305,423

$12,076,881

000s

82.6%

$10,607,630

Marked missing, Automatic

Save extracted data

File size: 991.2 KB

Original document

MANUAL VALIDATION & FEEDBACK LOOP

1 3 Page: 1 /86 Search (Ctrl+ Q)
~
SECTION 4: and from the of the L of Plan
EXHIBITI
Summary of Actuarial Valuation Results as of July 1, 2016 ($ in 000s)
‘The valuation was made with respect to the following data supplied to us:
1. Retired members as of the valuation date (including 8,380 beneficiaries in pay status)” 70,077
2. Members inactive during year ended June 30, 2016 with vested rights® 81,505
3. Members active during the year ended June 30, 2016 128,513
‘The actuarial factors as of the valuation date are as follows:
1. Normal cost (beginning of year) 1,860,181
2. Present value of future benefits 85,315,521
3. Present value of future normal costs 16,010,098
4. Actuarial accrued liability 69,305,423
Retired members and beneficiaries® $33,518,167
Inactive members with vested rights®) 5456247
Active members 30,331,000 n
5. Actuarial value of assets (§54,164,531 at market value as reported by the UCOP) 57,228,542
6. Unfunded actuanial accrued liability $12,076,881

@ Excludes deferred retirees and deferred bengficiaries who are entitled to future benefis.
@ Includes terminated nomvested members due a refund of member contributions or CAP balance payment and members that travsferred 1o the LANS or

LLNS defined benefit plans who will be entitled to a CAP balance payment from UCRP after they separate from employment with LANS or LLNS.

®  Includes liabiliy for deferred retirees and deferred beneficiaries.



PATTERN-BASED EXTRACTION STRATEGY

 Learns value context rules, based on manual extractions

Field Type Description

Fiscal End Year | Date The year for which
the valuation report
is filed

Actuarial Value | Number The value of pension

of Assets plan investments and
other property

Funded Ratio Number Ratio of a pension or

annuity’s assets to its
liabilities

The results of the 45th Annual Actuarial Valuation of the City
Retirement System are presented in this report. The purpose of
measure the System’s funding progress and to determine the C:
the ensuing fiscal year in accordance with the established fund;
the valuation may not be applicable for other purposes.

The date of the valuation was June 30, 2012.

This report should not be relied on for any purpose other than tho:
prepared at the request of the Board and 1s intended for use by the
those designated or approved by the Board. This report may be pr

the System only 1n 1its entirety and only with the permission of the

The signing actuaries are independent of the plan sponsor.



EXTRACTED FIELD EXAMPLES

* Generic, domain-independent
* Not suited for all scenarios
* Different fields => different extraction strategies

We are pleased to submit this funding Actuarial Valuation Report as of July 1, 2016 for the Universit)
Plan (“UCRP” or “Plan”). It summarizes the actuarial data used in the valuation, determines total fi
rates for the 2017-2018 Plan Year and analyzes the preceding year’s experience.

This actuarial valuation has been completed in accordance with generally accepted actuarial princip.
and financial information on which our calculations were based was provided by the UC HR Staff. T?
acknowledged.

The measwurements shown in this actuarial valuation may not be applicable for other pwposes. Future

may differ significantly from the current measurements presented in this report due to such factors as
experience differing from that anticipated by the economic or demographic assumptions; changes in «



Introducing Spark NLP



WHAT IF THERE’'S NO GRAMMATICAL RULE OR PATTERN?

Emergency

e Tie-breaker: Using language models to quantify gender bias in sports journalism
Liye Fu and Cristian Danescu-Niculescu-Mizil and Lillian Lee

a Comell University

liye@cs.comelledu  crstian@cs.comell.edu  llee@cs.cornell.edu

Proceedings of the LICAT workshop on NLP meets Journalism, 2016
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MEDICAL RECORDS: Facts to extract ACADEMIC PAPERS: Facts to extract

Type of Pain Symptoms Summarize Main Result Double Blind?

Intensity of Pain Onset of symptoms Theory or Experiment? Sample Size?

Body part of region Attempted home remedy Benchmark Used All Results Published?




THIS HAPPENS VERY OFTEN IN PRACTICE

Company

Winstar Invesments
Winstar Invesments
Red Cloud

Red Cloud

Winstar Invesments
Champion Partners
LA

Red Cloud

Red Cloud
Diversified

Investment Assoc.,
Winstar Invesments

ASB Capital
Management LLC

Outcome

Set up tour

Wants to see three more locations.

Looking for 5SMM in the six cap range.

Here is the five year cash flow.

Property tour: His client wants to put in an offer

I spoke to George about the deal. He wants to make an offer. We
agreed to meet on Tuesday morning.

Looking for 20MM in the six cap range.

Looking for properties in the sw.

Looking for 4,000

Looking for SMM

I'm so excited about this one

The only thing that would make it a lot of fun

LOI To: rbellinger@asbc345m.com, ashley@®34Secooper.com Hi
Robert, Here are the new changes to the LOI. Best regards, John

Dawson Managing Director Taylor Commercial Real Estate 123 Main
Street St. Louis. MO £3131 314-526-5555

CRM NOTES: Facts to extract

= e
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T womle mubmis
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LEGAL TRANSCRIPTS: Features

Budget
Authority

Need

Timeframe
Level of Urgency

Need executive support?

Kind of hearing Evidence presented

Kind of motion Witnesses presented

Who filed it Decision




SPARK-NLP

Industrial Grade NLP for Apache Spark ecosystem

Design Goals

(omsnow

1. Pe rformance & Scale High Performance NLP with Apache Spark
2. Frictionless Reuse

3. Enterprise Grade a T

Built on top of Spark ML API’s
Open Source Apache 2.0 licensed

Active development & support



NATIVE SPAR

K EXTENSION

[ High Performance Natural Language Understanding at Scale

~\

J

" Guomseawvss

Part of Speech Tagger
Named Entity Recognition
Sentiment Analysis
Spell Checker
Tokenizer
Stemmer
Lemmatizer

/ spo,-fz MLIib \

Topic Modeling
Word2Vec
TF-IDF
String distance calculation
N-grams calculation
Stop word removal
Train/Test & Cross-Validate

K Entity Extraction /

K Ensembles /

r

Spark ML API (Pipeline,

\.

Transformer, Estimator)

\.

7

\

Spark SQL API (DataFrame, Catalyst Optimizer)

7

Spark Core API (RDD’s, Project Tungsten)

Data Sources API




pipeline =

topic model

FRICTIONLESS REUSE

pyspark.ml.Pipeline (stages=]|

document assembler,
tokenizer,

stemmer,
normalizer,
stopword remover,
tf-idf,

ldal)

pipeline.fit (df)

Spark NLP annotators

Spark ML featurizers

Spark ML LDA implementation

Single execution plan for the
given data frame



BENCHMARK: TRAINING

Training scalability

Run on a desktop PC, Linux Mint 10000 (Less is better)

with 16GB RAM, local SSD drives,
& Intel core i5-6600K processor
running 4 cores at 3.5GHz 1000

Data has been taken from the
National American Corpus 100
(http://www.anc.org), utilizing the
MASC 3.0.2 written corpora from
the newspaper section.

10

Pipeline has Sentence Boundary, - -

Tokenization & Part of Speech spaCy 100KB  SparkNLP 100KB  spaCy26MB  Spark-NLP 2.6MB

Spark-NLP was 38 times faster to train on 100kb of data

Spark-NLP was 80 times faster to train on 2.6mb of data



BENCHMARK: SCALING

Spark-NLP against itself
2.5x speedup with a 4-node cluster
Zero code changes

Spark scales as Spark does:
1 to 3 orders of magnitude faster
depending on cluster setup

Not compares to spaCy, since it
cannot leverage a cluster

180

140
120
100

40
20

local[*]

POS Tagging in Amazon EMR

mdlarge 2vCore

yam-lient



THE TWO SPARK NLP PIPELINE TYPES

Real time processing Batch processing
Light Pipelines Spark Pipelines

10x speedup for ‘small data’ Only open source distributed
(<= 40k single-row documents) NLP library, for large batches
or very large documents



OUR USE CASE: SPARK NLP COMPANY NAME PIPELINE

props () : Props = Props( FirmNameExtractor)

DocumentAssembler = DocumentAssembler ()
)

.setInputCol (
.setOutputCol ( )

c Tokenizer ()
.setInputCols ( )
.setOutputCol ( )

: Normalizer = Normalizer ()
.setInputCols ( )
.setOutputCol ( )

2 = PerceptronModel .pretrained()

.setInputCols (Array ))

.setOutputCol (

NerCrfModel .pretrained ()

UiPath layout
text

Why machine learning?

Firm names do not follow a
standard pattern in text, may
be hidden or implicit

Trained on domain specific
language allows accurate and
in-scope identification

Tokenizer o
N\

Part of Speech1WEQ

Spark NLP Document
Assembler

" Normalizer

NER

Light Pipeline




SOLUTION OVERVIEW

Results
exporting

‘ | and
extraction
review

Unstructured raw OCR Parsing and
documents extraction

Validation stage



USING SPARK NLP

Homepage: https://nlp.johnsnowlabs.com

— Getting Started, Documentation, Examples, Videos, Blogs

— Join the Slack Community

GitHub: https://github.com/johnsnowlabs/spark-nlp

— Open Issues & Feature Requests

— Contribute!
The library has Scala and Python 2 & 3 API’s
Get directly from maven-central or spark-packages
Tested on all Spark 2.x versions


https://nlp.johnsnowlabs.com/
https://github.com/johnsnowlabs/spark-nlp

THANK YOU!

Saif Addin Ellafi Paul Parau

saif@johnsnowlabs.com paul.parau@uipath.com

ngjohn Snow LABS UilPath




