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Wprowadzenie do problemu - przyktad 1

Ludwig Heinrich Edler von
Mises

Urodzit sie 29 wrzesnia 1881 w domu k_;—/
nr 13 przy ulicy Jagiellorskiej we L e
Lwowie, w zydowskiej rodzinie Artura \ &

N

Edlera i Adeli (z domu Landau) von ggstrakcja Imie i Nazwisko Data urodzin | Ekstrakcja
Misesdw. Ojciec Ludwiga byt informacji informacji

absolwentem Politechniki w Zurychu. Ludwig von Mises 29-09-1881

Potem pracowal ~w  austriackim ) T %
Ministerstwie Kolei jako inzynier. Ludwig Adam Smith 16-06-1723 u

byt najstarszym z tréjki chtopcéw. Jeden
Z braci umart w dzieciristwie, natomiast
Richard zostat znanym matematykiem.
W latach 1892—-1900 Ludwig von Mises
uczeszczat do  prywatnej  szkoty

podstawowej we Lwowie. Data 10 pazdziernika 1973
i miejsce Nowy Jork
Smierci

Data 29 wrzesnia 1881
i miejsce Lwow
urodzenia

Miejsce Ferncliff Cemetery,
spoczynku Hrabstwo Westchester

Zawod, ekonomista, filozof
zajecie

Przypadek 1: Zwykty tekst Baza danych Przypadek 2: Dokument o bogatej strukturze graficznej



https://pl.wikipedia.org/wiki/Ludwig_von_Mises

Wprowadzenie do problemu - inne przyktady
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https://developers.bluemedia.pl/online/faq/faktury/czy-faktura-ktora-otrzymalem-jest-oplacona
https://interviewme.pl/blog-kategoria/cv-wzor

Wprowadzenie do problemu - znaczenie biznesowe

Ekstrakcja informacji jest bardzo waznym g8
aspektem zagadnienia robotyzacji
proceséw biznesowych (ang. Robotic
Process Automation, RPA) zwigzanych z
przetwarzaniem dokumentéw.
Przewiduje si¢, ze w 2022 roku cata
branza zwigzana z automatyzacja bedzie
warta ponad 600 miliardéow dolarow (w
2020 roku warta byla okolo 480
miliardéw dolaréw).



https://pl.freepik.com/premium-zdjecie/stos-dokumentow-papierowych-biurowych_6095110.htm
https://www.gartner.com/en/newsroom/press-releases/2021-04-28-gartner-forecasts-worldwide-hyperautomation-enabling-software-market-to-reach-nearly-600-billion-by-2022

examplel example 2

Wprowadzenie do problemu - zadania
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Ludwig Heinrich Edler von
Mises

Urodzit sie 29 wrzesnia 1881 w domu -
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Edlera i Adeli (z domu Landau) von ggstrakcja
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absolwentem Politechniki w  Zurychu. Ludwig von Mises 29-09-1881
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Character Language Model 2! uczgszczat do  prywatnej  szkoly
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zajecie

Przypadek 1: Zwykty tekst Baza danych Przypadek 2: Dokument o bogatej strukturze graficznej

prediction
mask and boxes

Przypadek 1: Zwykty tekst Przypadek 2: Dokument o bogatej strukturze graficznej
Ekstrakcja informacji jako problem wykrywania jednostek Ekstrakcja informacji jako problem ekstrakcji kluczowych
nazewniczych (ang. Named Entity Recognition, NER), gdzie informacji (ang. Key Information Extraction, KIE), gdzie naszym
naszym zadaniem jest wykrycie nazw wtasnych (gtéwnie osoby, zadaniem jest wydobycie z dokumentu kluczowych pél

organizacje i nazwy geograficzne).

W tym przypadku zazwyczaj mamy dost¢p do anotacji na
W dn | PR Ludwig von | Misses | uczgszczal poziomie catego dokumentu, a nie na poziomie pojedynczego
stowa/tokenu (jak to ma miejsce w przypadku zadania NER).
(0] O (0] I-PER I-PER I-PER O

https://aclanthology.org/C18-1139.pdf / https://plwikipedia.org/wiki/Ludwig von Mises |/ https://arxiv.org/pdf/1809.08799.pdf


https://aclanthology.org/C18-1139.pdf
https://pl.wikipedia.org/wiki/Ludwig_von_Mises
https://arxiv.org/pdf/1809.08799.pdf

Zarys historyczny - ekstrakcja informacji z tekstu

2003 2005 Cremmime il Luty 2018 Maj 2018 Pazdziernik 2018

Stanford CRF :
CoNLL (88.76) LSTM-CREF (90.94) ELMO (92.22) Flair (93.09) BERT (92.8)
(87.94) N e s fo Deep Contextualized Word Rep iemtual String Embeddings for - BERT: Pre-training of Deep Bidirectional
DATASET Incorporating Non-local Information Recognition by Lample et al by Peters et al Sequence Labeling by Akbik et al Transformers ... by Devlin et al

into Information ... by Finkel et al
Styczen 2013 Wrzesien 2014 Czerwiec 2017

word2vec seg-to-seq
Efficient Estimation of WoSdquence to Sequence Learning with Neural
Representations ... by Mikolov et al  Networks by Sutskever et al

O @ llb e °

Transformer

Attention is all you need by Vaswani et al




Zarys historyczny - ekstrakcja informacji z dokumentow o hogatej strukturze graficznej

2003 2005 Czerwiec 2016 Luty 2018 Maj 2018 Pazdziernik 2018

CoNLL (s876)  Stanford CRE LSTM-CRE (90.94) ELMO (9222)  Flair (93.09) BERT (92.8)

DATASET (87'94) Neural Architectures for Named Entity Deep Contextualized Word Represeratibmstual String Embeddings for BERT: Pre-training of Deep Bidirectional

Incorporating Non-local Information Recognition by Lample et al by Peters et al Sequence Labeling by Akbik et al Transformers ... by Devlin et al
into Information ... by Finkel et al

Styczen 2013 Wrzesien 2014 Czerwiec 2017

word2vec seg-to-seq
Efficient Estimation of WoSdquence to Sequence Learning with Neural
Representations ... by Mikolov et al  Networks by Sutskever et al

Transformer

Attention is all you need by Vaswani et al
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Czerwiec 2011 Maj 2015 Sierpien 2017 Wrzesien 2018
Web Data Extraction Digital Leafleting CloudScan Chargrid

From One Tree to a Forest: a Unified Digital Leafleting: Extracting Structured CloudScan - A configuration-free invoice Chargrid: Towards Understanding 2D
Solution for ... by Hao et al Data from ... by Apostolova et al analysis system ... by Palm et al Documents by Katti et al

65 Sigmoid

Feature Name  Description 600 Relu
Font Size The computed for
the surrounding HTML DOM element, E00 el
normalized to 7 b izes (xx-small,

example 1 _example 2

chargrid

400 BI-LSTM

xx-large).
The computed color attribute of the
surrounding HTML DOM element. 600 ReLu
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Larys historyczny - poczatek prac nad doktoratem

2003
Stanford CRF NKJP

CoNLL (88.76)
DATASET (87.94) DATASET

Czerwiec 2016
LSTM-CREF (90.94)

Neural Architectures for Named Entity

Recognition by Lample et al by Peters et al

Incorporating Non-local Information
into Information ... by Finkel et al

%)

yczen 2013 Wrzesien 2014 Czerwiec 2017

seg-to-seq Transformer

Attention is all you need by Vaswani et al

word2vec

Effiflent Estimation of WaSdquence to Sequence Learning with Neural
Repredintations ... by Mikolov et al  Networks by Sutskever et al

Wrzesien 2017
Poczatek doktoratu

Sierpien 2017
CloudScan

CloudScan - A configuration-free invoice

analysis system ... by Palm et al

65 Sigmoid

Feature Name  Description 600 Relu
Font Size The computed font-size attribute of
the surrounding HTML DOM element,

Czerwiec 2011
Web Data Extraction

From One Tree to a Forest: a Unified
Solution for .. by Hao et al

Maj 2015

Digital Leafleting
Digital Leafleting: Extracting Structured
Data from ... by Apostolova et al

600 ReLu
400 BI-LSTM

600 ReLu

mputed color attribute of the
surrounding HTML DOM element. 600 ReLu

Luty 2018
ELMO (92.22)

Deep Contextualized Word Represeratibmstual String Embeddings for BERT: Pre-training of Deep Bidirectional
Sequence Labeling by Akbik et al

Maj 2018
Flair (93.09)

PolEval NER

Sierpien/Wrzegien
2018

Robotic Process Automatidh of
Unstructured Data ... by Wréblefiska et al

Wrzesien 2018

Chargrid

Wrzesien 2018

Approaching nested named entit,
recognition ... by Borchmannet al

Pazdziernik 2018
BERT (92.8)

Transformers ... by Devlin et al

Listopad 2018
Zakoriczenie gléwnych
prac nad system do
automatyzacji proceséw
biznesowych

Chargrid: Towards Understanding 2D
Documents by Katti et al

example 1 _example 2




[arys historyczny - pierwsza publikacja opisujaca stworzony system

Robotic Process Automation of Unstructured Data
with Machine Learning

Anna Wréblewska* T, Tomasz Stanistawek*:T, Barttomiej Prus-Zajaczkowski*-', Lukasz Garncarek’
*Faculty of Mathematics and Information Science, Warsaw University of Technology
ul. Koszykowa 75, Warszawa, Poland
TApplica.ai
ul. Wislana 8, Warszawa, Poland
E-mail: {anna.wroblewska, tomasz.stanislawek, bartlomiej.prus, lukasz.garncarek} @applica.ai

Abstract—In this paper we present our work in progress on
building an artificial intelligence system dedicated to tasks re-
garding the processing of formal documents used in various kinds
of business procedures. The main challenge is to build machine
learning (ML) models to improve the quality and efficiency of
business processes involving image processing, optical character
recognition (OCR), text mining and information extraction. In
the paper we introduce the research and application field, some
common techniques used in this area and our preliminary results
and conclusions.

and sketch state-of-the-art ML methods that are used for
particular parts of our system (section III). Then we show
our approach to automation of processing formal documents,
describing use cases and preliminary results (section IV).
Finally, we conclude our work with future plans and important
tips for RPA with ML methods (section V).

II. ROBOTIC PROCESS AUTOMATION OF UNSTRUCTURED
DATA



https://annals-csis.org/proceedings/2018/drp/pdf/373.pdf

Larys historyczny
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https://annals-csis.org/proceedings/2018/drp/pdf/373.pdf

Analiza problemu

https://aclanthology.org/K19-1058.pdf

Named Entity Recognition - Is there a glass ceiling?

Tomasz Stanislawek ', Anna Wréblewska', Alicja Wéjcika' ¥,
Daniel Ziembicki’ Przemyslaw Biecek' Y

T Applica.ai, Warsaw, Poland
YSamsung Research Poland, Warsaw, Poland
Faculty of Mathematics and Information Science, Warsaw University of Technology
SDepartment of Formal Linguistics, University of Warsaw

Abstract

Recent developments in Named Entity Recog-
nition (NER) have resulted in better and bet-
ter models. However, is there a glass ceil-
ing? Do we know which types of errors are
still hard or even impossible to correct? In
this paper, we present a detailed analysis of
ypes of errors in state-of-the-art machine
ML) methods. Our study reveals the
weak and strong points of the Stanford, CMU,
FLAIR, ELMO and BERT models, as well as
their shared limitations. We also introduce
new techniques for improving annotation, for
training processes and for checking a model’s
quality and stability.

Presented results are based on the CoNLL
2003 data set for the English language. A new
enriched semantic annotation of errors for this
data set and new diagnostic data sets are at-
tached in the supplementary materials.

Of course, different models make different mis-
takes. Here, we have focused on models that con-
stitute a kind of breakthrough in the NER do-
main. These models are: Stanford NER (Finkel
et al., 2005), the model made by the NLP team
from Carnegie Mellon University (CMU) (Lample
et al., 2016), ELMO (Peters et al., 2018), FLAIR
(Akbik et al., 2018) and BERT-Base (Devlin et al.,
2018). In the Stanford model, Conditional Ran-
dom Fields (CRF) with manually created features
were tackled. Lample and the team (at CMU) used
an LSTM deep neural network with an output with
CREF for the first time. ELMO and FLAIR are
new language modeling techniques as an encoder,
and LSTM with a CRF layer as an output decoder.
A team from Google used a fine-tuning approach
with the BERT model in a NER problem for the
first time, based on a Bi-diREctional Transformer
language model (LM).



https://aclanthology.org/K19-1058.pdf

Analiza problemu

Bledy zbioru danych (DE)
Bledy anotacji (DE-A) - oczywiste bledy

anotacji

Literé6wki slowne (DE-WT) - literowki
slowne w jednostce nazwanej

Zla segmentacja na poziomie slowa/zda-
nia (DE-BS) - przypadki. gdzie slowo lub
zdanie zostalo Zle podzielone na segmenty
Zaleznosci na poziomie zdania (SL)
Struktura zdania (SL-S) - syntaktyczne
wlasciwosci  lingwistyczne — stanowiace
mocng wskazéwke o danym obiekcie
Kontekst zdania (SL-C) - przypadki, gdzie

kontekst zdania jest wystarczajacy

Tablica 1: Taksonomia z kategoriami lingwistycznymi, przedstawiajgca najbardziej prawdopo-

dobne przyczyny bledow

https://aclanthology.org/K19-1058.pdf

Zaleznosci na poziomie dokumentu (DL)

Koreferencja na poziomie dokumentu (DL-CR) - przy-
padki wystepowania obiektu w zdaniu. ktéry wystepuje ré6w-
niez w innym zdaniu w tym samym dokumencie

Struktura dokumentu (DL-S) - struktura dokumentu od-
grywa znaczaca role. np. obiekty wystepuja w tabelce
Kontekst dokumentu (DL-C) - przypadki. gdzie potrzebny
jest caly kontekst dokumentu. aby prawidlowo zaanotowac
jednostke nazwana

Ogolne wlasciwosci (G)

Dwuznaczno$¢ (G-A) - przypadki. w ktorych jednostki na-

zwane s3 uzyte W innym znaczeniu, niz zazwyczaj stosowany

Niespdjnos$¢ anotacji (G-I) - ré6zna anotacja na poziomie
zbioru dla tych samych jednostek nazwanych

Trudne przypadki (G-HC) - r6zna mozliwos¢ interpretacji|

Przyktady

1. DE-A: w zdaniu "SOCCER - JAPAN GET LUCKY

WIN, CHINA IN SURPRISE DEFEAT” stowo
”CHINA” zostato zaanotowane jako typ PERSON

2. DL-S: spéjrzmy na nastgpujace trzy zdania, ktére

W oczywisty sposéb tworza tabele:
a. “Port Loading Waiting”
b.  ”Vancouver 5 7”
c.  "Prince Rupert 1 3”

Niektére modele maja problem z wykrywaniem
wartosci w tabelach przez co oznaczaja nagtéowki jako
jednostki nazwane


https://aclanthology.org/K19-1058.pdf

Analiza problemu

Model DE-WT DE-BS SL-S SL-C DL-CR DL-S DL-C Ogoélem

Stanford 10 38 44 372 202 24 2 72 703
CMU 6 39 2 3 316 107 5 183 68 554
ELMO 9 33 3 25 198 97 : 98 65 2 395
Flair 8 33 3 184 - 101 59 , 370
BERT 10 40 < 263 117 94 65 472

Tablica 2: Liczba bledow dla wybranego modelu 1 kategorii lingwistyczne;.

Najwazniejsze wnioski

1.  Modele jezyka rozwiazuja bardzo duzo probleméw zwiazanych z niejednoznacznoscia (G-A)

2. Modele jezyka o prawie potowe zmniejszyly liczb¢ btedéw w przypadkach, gdzie kontekst zdania jest wystarczajacy (SL-C)

3. Istnieja kategorie, w ktorych nie ma znaczacej poprawy: DE-WT, DE-BS, G-HC, G-1. Zwiazane jest to z btedami podczas
tworzenia zbioru (zla segmentacja, brak spojnosci anotacji) oraz generalna ztozonoscia jezyka naturalnego (czasem trudno
jest okresli¢, w jaki sposéb zaanotowa¢ dane stowo)

4. Wszystkie przebadane rozwigzania w tamtym okresie bazowaty wylacznie na kontekscie zdania. Natomiast wysoka liczba
btedéw popetnianych przez modele na poziomie zaleznosci dokumentu (DL-CR, DL-C, DL-S) podpowiada, ze zeby osiagnac¢
jeszcze lepsze wyniki, musimy budowa¢ rozwigzania bazujace na caltym kontekscie dokumentu.

5.  Wysoka liczba blgdéow w kategorii zwiazanej ze strukturag dokumentu (DL-S) informuje nas o kolejnym potencjalnym
kierunku rozwoju dziedziny, jakim jest uwzglednienie tychze informacji (np. pozycji stéw na stronie).

https://aclanthology.org/K19-1058.pdf
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Ciekawostka - Pervasive Label Errors in Test Sets Destabilize
Machine Learning Benchmarks

; : Test Set Errors

DaGcEs MUy SAZE Mot CL guessed MTurk checked validated estimated % error
MNIST image 10,000 2-conv CNN 100 100 (100%) 15 - 0.15
CIFAR-10 image 10,000 VGG 215 275 (100%) 54 - 0.54
CIFAR-100 image 10,000 VGG 2.235 2,235 (100%) 585 - 5.85
Caltech-256" image 29,780 Wide ResNet-50-2 2,360 2,360 (100%) 458 - 1.54
ImageNet* image 50,000 ResNet-50 5,440 5,440 (100%) 2,916 - 5.83
QuickDraw! image 50,426,266 VGG 6,825,383 2,500 (0.04%) 1870 5,105,386 10.12
20news text 7,532 TFIDF + SGD 93 93 (100%) 82 - 1.09
IMDB text 25,000 FastText 1,310 1,310 (100%) 725 - 2.90
Amazon Reviews  text 9,996,437 FastText 533,249 1,000 (0.2%) 732 390,338 3.90
AudioSet audio 20,371 VGG 307 307 (100%) 275 - 1.35

"Because the ImageNet test set labels are not publicly available, the ILSVRC 2012 validation set is used.

Because no explicit test set is provided, we study the entire dataset to ensure coverage of any train/test split.
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Przygotowanie zbiorow danych (Kleister)

Kleister: Key Information Extraction Datasets
Involving Long Documents with Complex Layouts

Stanistawek!-?, Filip Gralinski'*, Anna Wréblew:
Dawid Lipinski!, Agnieszka Kaliska!*, Paulina Rosalska®,
Bartosz Topolski®, and Przemyslaw Biecek™"

! Applica.ai, 15 Zajecza, Warsaw, 00351 firstname.lastname@applica.ai
2 Warsaw University of Technology, Koszykowa 75, Warsaw, Poland
firstname.lastname@pw.edu.pl
% Adam Mickiewicz University, 1 Wieniawskiego, Poznan, 61712, Poland

firstname.lastname@amu.edu.pl
unsung R&D Institute Poland, Plac Europejski 1, Warsaw, Poland
firstnameletter.lastname@samsung.com

1

Abstract. The relevance of the Key Information Extraction (KIE) task
ncreasingly important in natural language processing problems. But
there are still only a few well-defined problems that serve as bench-
marks for solutions in this area. To bridge this gap, we introduce two
new datasets (Kleister NDA and Kleister Charity). They involve a mix
of scanned and born-digital long formal English-language documents.
In these date an NLP system is expected to find or infer various
by employing both textual and structural layout fea-
Charity dataset consists of 2,788 annual financial
reports of charity organizations, with 61,643 unique p: and 21,612
entities to extract. The Kleister NDA dataset ha
Agreements, with 3,229 unique pages and 2,160 entities to
provide several state-of-the-art baseline systems from the KIE domain
(Flair, BERT, RoBERTa, LayoutLM, LAMBERT), which show that our
datasets pose a strong challen ing models. The best model
score on respectively the Kleis-
datasets. We share the datasets to
encourage progress on more in-depth and complex information extrac-
tion tasks.

https://arxiv.org/pdf/2105.05796.pdf
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Przygotowanie zbiorow danych (Kleister) - pordwnanie

Dataset name CoNLL WikiReading FUNSD SROIE Kleister Kleister
2003 NDA Charity

Source Reuters Wikipedia  forms receipts EDGAR UK Charity
news Com.

Documents 1,393 4.7TM 199 973 540 2,778

Pages - - 199 973 3,229 61,643

Entities 35,089 18M 9,743 3,802 2,160 21,612

train docs 946 16.03M ) 626 254 1,729
dev docs 216 1.89M - 83 440
test docs 231 0.95M 347 203 609

Input/Output on v/ X v X X
token level(*)

Long Document(*) X

Complex layout(*) X X
OCR(*) X X

able 1. Summary of the existing English datasets and the Kleister sets. (*) For
detailed description see Section [3.3]

https://arxiv.org/pdf/2105.05796.pdf
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Przygotowanie zbiorow danych (Kleister) - przyktady

KIRKLEES ACTIVE LESURE

TRUSTEES' REPORT (INCLUDING DIRECTORS’ REPORT AND STRATEGIC REPORT)

The Trustees, who are directors of the Charity, present their annual repert on the affairs of the Charity and the
Group, together with the financial statements and auditor’s report for the year ending 31 March 2018. The
Trustees have adopted the provisions of the statement of recommended practice (SORP) “Accounting and
Reporting by Charities™ (FRS 102) in preparing the anaual report and financial statements of the Charity.

COMPANY NUMBER
4331165

AUDITORS
Wheawill & Sudworth Limited
35 Westgate

Huddersfield, HDI 1PA

BANKERS
Barclays Bank plc

17 Market Place
Huddersfield, HDI 2AB

STRUCTURE, GOVERNANCE AND MANAGEMENT

Governing Document

Kirklees Active Leisure ("KAL") was formed as a Company Limited by Guarantee, not having share capital and
having charitable status, on 29 November 2001. The Charity operates community recreation facilities on behalf
of the Local Authority (Kirklees Metropolitan Council) and has one wholly owned trading subsidiary, Kirklees
Active Leisure Trading Limited ("KALT"). The Charity is required to comply with both the Companies Act
2006, the Statement of Recommended Practice “Accounting and Reporting by Charities” (FRS 102) and has to
meet general Charity Commission regulations.

The and Anticles of are the Charity's
CHAIRMAN
D. Stephenson

TRUSTEES
J.A. Briggs

M.T. Brooke

S.S. Khela

D.C. Thomson

Clir. W.J. Dodds (resigned 25/7/18)
AN. Fletcher

Clir. M.S. Sokhal

SM. Sopala

B.C. Stahelin

1.8, Fletcher

D. Morby

Clir. M.S. Thompson (appointed 25/7/18)

Trustees' Annual Report for the period

Pericd start date

A d .. ™

Section A Reference and administration details

Other names charity is known byl

Jul

Period end date
Year Day Morth | Year
206 To ! Sl 2017

REGISTERED CHARITY NUMBER (IF ANY) .W.
CHARITY'S PRINCIPAL ADDRESS

NatWest Bank Plc, Trustee Department, 6th Floor,

Trinity Quay 2, Avon Street,

Bristol

Names of the charity trustees who manage the charity

Trustee name

Office (if any)

Dates acted if not for whole | Name of person (or body) entitied
year to appoint trustee (if any)

NatWest Bank Plc

Names of the trustees for the charity, if any, (for example, any custodian trustees)

Name

Dates acted if not for whole year

STATEMENT OF FINANCIAL
ACTIVITIES

for the year ended 31 December 2017 incorporating
an income and expenditure account

Rostrictod
funds €'000)
Urrestricted
funds [£'000)
Restricted

funds (£'000)
Urrestricted
funds €'000)

Income

Income from:

- Donations and legacies
- Trading

= Investment income

Income from charitable activities:

- Grants

~Trading income from charitable
activities.

Total Income

Expenditure on:

Raising funds:

- Raising funds

~ Fundraising trading: costs of
goods sold and other costs

Gnaritable activities 51,743 49,208

Total Expenditure

Net iture) / income (5,862)

Net (expenditure) / income (5:862)
for the year before other
recognised gains and losses

Exchange rate gains (losses) m3),

Net movement in funds (5:975)

Total funds brought forward at 18,525
1Jay

Total funds carried forward at
31December

The notes on pages 65-84 form part of these financial statements. There are no recognised gains and losses
other than those shown above. Movements in funds are disclosed in notes 14 and 15 to the financial statements.

Allincome and expenditure derives from continuing activities.

ActionAid Trusteos’ Roport and Accounts 2017
Statement of financial activities
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Przygotowanie zbiorow danych (Kleister) - wybrane statystyki

Zbi6r Nazwa obiektu  Typ obiektu Liczba Liczba unikalnych Przyklad obiektu
party OGRANIZACJA/OSOBA 1,035 Ajinomoto Althea Inc.
jurisdiction LOKALIZACJA 3 : New York
effective date  DATA 3 2005-07-03
term CZAS TRWANIA P12M

post_town ADRES BURY

postcode ADRES BL9 ONP

street_line ADRES 35° 42-47 MINORIES
charity name ORGANIZACJA Mad Theatre Company
charity number NUMER 1143209

report date DATA 2016-09-30

income KWOTA 109370.00

spending KWOTA 90174.00

Charity
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Przygotowanie zbiorow danych (Kleister) - wnioski

Modut do

przetwarzania plikéw Przetwarzanie koricowe
k PDF Modut

normalizujacy

Dokument

Plik PDF l (Iista tokentow
ich pozycje
. © SR Modut do agregac;ji

na stronie)

[ Textract | wynikow
—

[ poredvu_|

Trenowanie
Wyekstrahowane obiekty

Modut do
automatycznego Wykryte obiekty
tagowania

Anotacja na poziomie dokumentu

W zwigzku z brakiem informacji o pozycji obiektéw w tekscie nalezy budowa¢ dodatkowe moduty
wspomagajace prace tageréw sekwencyjnych lub przygotowac rozwigzania dziatajace w oparciu o model

typu seq2seq.

https://arxiv.org/pdf/2105.05796.pdf
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Przygotowanie zbiorow danych (Kleister) - wnioski

Zbi6r Nazwa narzedzia

Charity (¥)

Azure CV
pdf2djvu
Tesseract

Textract

Azure CV
Tesseract

Textract

Bogata struktura graficzna

Flair

78.03 1012
77.83 1026
76.57 +0.49
77.37 +0.08

81.17+0.12
72.87 +0.81
78.03+0.12

RoBERTa
79.33+0.68
81.00-+0.05
77811097
7949103

81.504+0.23
76.23 1015
80.08+0.15

LayoutLM
77.43 1029
78.47 1076
77.70+0.48
77.40+0.49

81.53+023
77.53 4020
80.23 1041

LAMBERT Czlowiek

8057 5558
81.77 10.09
81,08 coms
P18 oo

83.57 1029
81.50-£0.07
82.97 021

97.86%

97.45%

Modele dziatajace wyltacznie w oparciu o tekst (Flair, BERT oraz RoBERTa) dzialaja wyraznie stabiej od
modeli uwzgledniajacych réwniez informacje o strukturze dokumentu (LayaoutLM bazujacy na modelu
BERT oraz LAMBERT bazujacy na modelu RoBERTa). Szczegélnie widoczne jest to dla obiektéw, ktore
znajduja si¢ w tabelkach lub formularzach.

https://arxiv.org/pdf/2105.05796.pdf
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Przygotowanie zbiorow danych (Kleister) - wnioski

Flair

RoBERTa

Zbi6r Nazwa narzedzia LAMBERT Czlowiek

Charity (¥)

Azure CV
pdf2djvu
Tesseract

Textract

Azure CV
Tesseract

Textract

78.03 1012
77.83 4026
76.57 1049
77-3T+0.08

81.17+0.12
72.87 +0.81

79.3310.68
81.00-0.05
77.81 1097
79.49 1032

81.504+0.23
76.23 1015

LayoutLM
77.43 1029
78.47 1076
77.70+0.48
77.40+0.49

81.53+023
77.53 4020

8057 5558
81.77 10.09
81,08 coms
P18 oo

83.57 1029
81.50-£0.07

97.86%

97.45%

78.03+0.12

80.08+0.15

80.23 1041

82.97 021

Optyczne rozpoznawanie znakow

Wyboér narzg¢dzia do przetwarzania plikéw PDF byt bardzo istotny w kontekscie jakosci ekstrakcji. Okazuje
si¢, ze w niektérych przypadkach byt on bardziej istotny niz sam wyboér modelu. Najlepszym narzedziem z
przebadanych okazat si¢ Azure CV.

https://arxiv.org/pdf/2105.05796.pdf
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Przygotowanie zbiorow danych (Kleister) - wnioski

Dtugie dokumenty

Na bardzo diugich dokumentach zaobserwowano
znaczace pogorszenie si¢ skutecznosci modelu.

https://arxiv.org/pdf/2105.05796.pdf
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LAMBERT - nowy model jezyka

LAMBERT: Layout-Aware Language Modeling
for Information Extraction

Lukasz Garncarek!*, Rafal Powalski!, Tomasz Stanistawek
Bartosz Topolski!, Piotr Halama!, Michal Turski'*, and Filip Graliniski'=
! plica.ai, Zajecza 15, 00-351 Warszawa, Poland
firstname.lastname@Qapplica.ai
2 Warsaw University of Technology, Koszykowa 75, 00-662 Warszawa, Poland
firstname.lastname@pw.edu.pl
3 Adam Mickiewicz University, 1 Wieniawskiego, 61-712 Poznan, Poland
firstname.lastname@amu.edu.pl

Abstract. We introduce a simple new approach to the problem of un-
derstanding documents where non-trivial layout influences the local se-
mantics. To this end, we modify the Transformer encoder architecture
in a way that allows it to use layout features obtained from an OCR
tem, without the need to re-learn language semantics from scratch.
We only augment the input of the model with the coordinates of to-
ken bounding boxes, avoiding, in this way, the use of raw images. This
leads to a layout-aware language model which can then be fine-tuned on
downstream tasks.
The model is evaluated on an end-to-end information extraction task
using four publicly available datasets: Kleister NDA, Kleister Charity,
SROIE and CORD. We show that our model achieves superior perfor-
mance on datasets consisting of visually rich documents, while also out-
performing the baseline RoOBERTa on documents with flat layout (NDA
F increase from 78.50 to 80.42). Our solution ranked first on the public
leaderboard for the Key Information Extraction from the SROIE dataset,
improving the SOTA Fi-score from 97.81 to 98.17.

https://arxiv.org/pdf/2002.08087.pdf
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LAMBERT - wprowadzenie
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LAMBERT - architektura

Wyijscie " ' Warstwa liniowa |
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> Dodawanie & Normalizacja . e
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|
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Wyjscie \ Warstwa liniowa |

LAMBERT - architektura

Dodawanie & Normalizacja

Softmax & suma wazona

(Warstwa | [ Warstwa ’ ‘Warstwa ’
liniowa liniowa _liniowa

\ Warstwa jednokierunkowej sieci | i

Dodawanie & Normalizacja

Atencja

Gtowa atencji x h

Dodawanie

Warstwa
adaptacyjna

Wektory Wektory
semantyczne | pozycyjne 1D | |pozycyjne 2D
Relatywne Relatywne
przesuniecie 1D przesuniecie 2D

Pozycja tokenu Pozycje
IDwokenu sekwencji tokenu 2D

Z;
(embedding)

Zmiany wprowadzone wzgledem oryginalnego modelu RoBERTa:

1. Modyfikacja wektora wejsciowego x. o informacj¢ o strukturze dokumentu

https://arxiv.org/pdf/2002.08087.pdf
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LAMBERT - architektura
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LAMBERT - architektura
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3. Rozszerzenie relatywnego kodowania pozycji o dwa dodatkowe parametry, zwigzane z relatywna pozycja

dwoch tokenéw wzgledem odleglosci od siebie w poziomie oraz w pionie strony
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LAMBERT - badania ablacyjne

Datasets

Charity SROIE* CORD

Train epochs
and pages
Embeddings
dimension
sequential
2D bias

78.504+1.16 77.8840.48 94.2840.42 91.9840.62
1.9410.46
2.42 961 0.7940.17

2.624¢. 1.86410.15
2.0240.
3.004¢. 1.94.40.16

1.9440.18
2.0249.5: 2.0940.22
1.844¢. 2.0810.38
1.7540.35
1.841¢. 2.0140.24
2.064¢. 1.96+0.16

1.9410.18
1.8610.22
2.18+0.25

1.8140.60 2 1.96 10.
1'86i0.66 e 2~60:i:0.
1.9249.50 i 2.6540.
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LAMBERT - wyniki

Nasze eksperymenty Wyniki zewnetrzne
Model Liczba parametréw

NDA Charity SROIE* CORD SROIE
RoBERTa 125M 7791 76.36 9405 9151 92.39°
RoBERTa (16M) 125M 78.50 77.88 9428 9198 93.03"
113M 77.50 77.20 94.00 93.82 94.38?

LayoutLM
343M 79.14 K 96.48  93.62 97.09°
LAMBERT (16M) 125M 80.31 79.94 96.24  93.75 -

LAMBERT (75M) 125M 80.42 81.34 96.93 9441 98.17"
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Due Benchmark

DUE: End-to-End Document Understanding
Benchmark

Eukasz Borchmann*** Michat Pietruszka* ™+ Tomasz Stanistawek* %
Dawid Jurkiewicz®1  Michat Turski®?  Karolina Szyndler®  Filip Graliniski®T

NApplica.ai
firstname.lastname@applica.ai

fPoznan University of Technology +Jagiellonian University,

arsaw University of Technology TAdam Mickiewicz University, Poznan

Abstract

Understanding documents with rich layouts plays a vital role in digitization and
hyper-automation but remains a challenging topic in the NLP research community.
Additionally, the lack of a commonly accepted benchmark made it difficult to
quantify progress in the domain. To empower research in this field, we intro-
duce the Document Understanding Evaluation (DUE) benchmark cons

both available and reformulated sets to measure the end-to-end ¢

of systems in real-world scenarios. The benchmark includes Visual Question
Answering, Key Information Extraction, and Machine Reading Comprehension
tasks over various document domains and layouts featuring tables, graphs, lists,
and infographics. In addition, the current study reports systematic baselines and
analyzes challenges in currently available datasets using recent advances in layout-
aware language modeling. We open both the benchmarks and reference imple-
mentations and make them available at https://duebenchmark. com and
https://github.com/due-benchmark.

https://openreview.net/pdf?id=rNs2FvJGDK
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Due Benchmark - wprowadzenie

Input Document Output

Document QA

What are the two types Invoice date and Pay date

of dates in the document?|

Total amount: 21.37$,
Payment date: 21.03.2023

Which item has the
highest federal tax
included in its price?

Item no 1. - Majonez
Kielecki

https://openreview.net/pdf?id=rNs2FvJGDK
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Due Benchmark - wybrane zbiory danych

Size (thousands)  Selection criteria

Dataset = Domain Comment
=
v

>
> : =
|53 s S

Train

2

o

Kleister Charity [@5]  KIE +
PWC [26] KIE i
DeepForm [47) KIE +
DocVQA [33] Visual QA +
InfographicsVQA [32] Visual QA +
TabFact 7] Table NLI +
WTQ [39) Table QA +
Kleister N KIE +
SROIE [20] KIE : +
CORD [38] KIE . i 1 +
+

+

+

+

+

+

+

+

+

9

RoNio®
B

Finances
Scientific
Finances
Business
Open
Open
Open

=]

WL =&

=5 e 3

=
+ + + + + + + | Difficulty

Legal Dominated by extraction from free text
Finances No room for improvement

Finances No room for improvement

Finances No room for improvement

Open Templated input data

Finances Known disadvantages [51]

Open Document Collection Question Answering
Educational ~Source files are not available

Open Automatically generated questions
Open Human performance reached

Finances No room for improvement

Scientific No room for improvement

Legal Dominated by extraction from free text
Scientific Semi-supervised annotation

Scientific Cross-validation for training and testing
Scientific Automatic annotation

Scientific Automatic annotation

Finances Different styles in comparison to sci./gov. docs
Open Synthetic

Open Templated questions

Finances Source files are not available

Open No room for improvement

Open Answers as a free-form text

Open Multihop Question Answering

Open Multihop Question Answering

Open TabFact is very similar

Wildreceipt [46) KIE
WebSRC (3] KIE

FUNSD 24 KIE
DocVQA [32) Visual QA
TextbookQA | Visual QA
MultiModalQA [48 Visual QA
VisualMRC Visual MRC
RVL-CDIP [I7) Classificati
DocFigure [25]

EURLEX57K 3] ssification
MELINDA [34) ; cation
S2-VL {34

DocBank [30]

Publaynet

FinTabNet

I ++++[|+++++++] Q

|+ 1
I l+++++ |
++++++++++++++++++++++++++||+++++++ | Licensing

L+ 1 ++++ |
|

+ |

Figure QA

Figure QA
TAT-QA Table QA
WikiOPS (9] Table QA
FeTaQA [33] Table QA
HybridQA Table QA
OTT-QA | Table QA
INFOTABS [14] Table NLI

L +++++ 1
|

+H+ 01+

|
I = = S

https://openreview.net/pdf?id=rNs2FvIGDK
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Due Benchmark - wybrane zbiory danych

Description

2021-11-24

2022-03-18

2022-01-21

2021-04-19

2021-07-20

2021-01-02

2021-06-02

2021-02-16

2020-12-24

2021-01-01

2020-12-07

2020-12-28

2020-05-07

2020-04-18

2021-10-25

2020-04-15

2020-04-16

2020-03-26

2021-12-08

2021-12-08

2022-02-28

2020-06-05

2019-08-14

2021-06-11

2021-02-21

BB

B
B
BB

B

O [ Paper

Method

StrucTexT

ohDoc

Source Code

d + ERNIE-Layout

IE method

HIK_OCR_Ex«

M + Excluding O

Character-Aware CNN + H

PICK:

LayoutLM

CIC

Applica.ai ro

& XZMU

Recall

98.70%

98.13%

97.26%

97.05%

97.05%

96.83%

96.76%

96.83%

96.61%

96.40%

96.47%

96.33%

96.33%

96.04%

96.18%

95.46%

96.04%

95.39%

94.81%

94.24%

94.24%

94.24%

94.02%

92.44%

92.80%

Precision Hmean

98.70%

98.77%

99.48%

99.56%

99.34%

99.56%

99.56%

99.41%

99.04%

99.11%

98.89%

98.53%

98.38%

98.16%

97.45%

96.79%

96.04%

95.80%

95.22%

94.65%

94.65%

94.24%

94.02%

94.90%

93.27%

98.70%

98.45%

98.36%

98.29%

98.18%

98.17%

98.14%

98.10%

97.81%

97.74%

97.67%

97.41%

97.34%

97.09%

96.81%

96.12%

96.04%

95.60%

95.02%

94.44%

94.44%

94.24%

94.02%

93.65%

93.03%

method: Applica.ai Lambert 2.0 + Excluding OCR Errors + Fixing total entity

Authors: Applica.ai research team
Affiliation: Applica.ai

D ing the same

rules as others, the OCR mi: errors are

y, we have fixed in "total” entity in the test set.

Note:
1. We submitted the best solution out of 100 fine-tuned models

2. In this task there is an annotation discrepancy in "total” entity which caused unfair pari: models (In
randomly prefixed by "RM"). Number of errors in the top solutions caused by this kind of annotation error:

Applica.ai Lambert 2.0 + Excluding OCR Errors + Fixing total entity = 0
LayoutLM 2.0 (single model) = 3 (example: 275)

Applica.ai Lambert 2.0 + ing OCR Mi =8 77)
Tencent Youtu = 8 (example: 120)

VIE=0

HIK_OCR_Exclude_ocr_mismatch =0

LayoutLM + ing OCR Mi: =9 121)

[3 Gamcarek, et al. “LAMBERT: Layout-Aware (Language) Modeling using BERT for information extraction” aniv preprint

2021-01-02

sets "total" entity was



https://rrc.cvc.uab.es/?ch=13&com=evaluation&task=3

Due Benchmark - wybrane zbiory danych

Licznos¢ (tys.) Wklad do zbiorow
5 2 2 = év =
> 5 " Q 2 g &8 &€ N
s = F§E8Es8 & &
Nazwa zbioru = = *?: 8 R =2 B & Domena Typ zadania
o ks 2 o8 g & § B
: 2 5 §3 EE 2L o=
o g @B B BYS B 8 =
N s N =2 N & 5 ¢
N 8 A & © O
O N
Kleister Charity [43] 1.73 044 061 — -— — 4+ + Fmansowa Ekstrakcja informacji z dlugich dokumentéw
PWC [17] 02 006 012 + + + + + + Naukowa Ekstrakcja informacji z publikacji naukowych
DeepForm [47] 0.7 01 03 + 4+ — 4+ + + Finansowa Ekstrakcja informacji z dokumentéw biznesowych
DocVQA [27] 102 13 13 — — — — 4 + Biznesowa Zadawanie pytan na dokumentach biznesowych
InfographicsVQA [26] 4.40 050 060 — — — — + 4+ Ogodlna Zadawanie pytan na infografikach
TabFact [5] 132 17 1.7 — — 4+ — 4+ + Ogoblna Problem Natural Language Inference na tabelkach
WTQ [31] 14 03 04 + — + 4+ + + Ogodlna Zadawanie pytan na tabelkach



https://openreview.net/pdf?id=rNs2FvJGDK
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Due Benchmark - wyniki

Dataset / Task type Score (task-specific metric)

s T5+2D T5+U T5+2D+U  External best Human
DocVQA 704121 69.8407 76.310.3 81.040.2 87.1 [40] 98.1
InfographicsVQA 36.7406 39.2+10 37.1402 46.1 161 61.2 [40] 98.0
Kleister Charity 743103 726111 76.010.1 75.940.7 83.6 [63] 97.5
PWC* 25.343.3 25.741.0 27.64106  26.8+13 — 69.3
DeepForm™* 744406 74.040.7 82.940.9 83.3+0.3 — 98.5
WikiTableQuestions®  33.3107 30.8410 38.1+01  43.3104 — 76.7
TabFact* 58.940.5 58.0+03 76.0+0.1 78.640.1 — 92.1
Visual QA 536 54.5 56.7 63.5 n/a 98.1
KIE 69.1 67.7 74.8 76.4 n/a 88.4
Table QA/NLI 29.4 29.0 38.0 39.3 n/a 84.4
Overall 50.7 50.4 56.5 59.8 n/a 90.3



https://openreview.net/pdf?id=rNs2FvJGDK

ozwoju dziedziny - LayoutLMv2 (modalnos¢ wizualna)

Visual/Text Token
Representations

Transformer Layers
with Spatial-Aware Self-Attention Mechanism

1D Position
Embeddings

2D Positi

Line | (covered): TI [MASK] T3
Line 2 (not covered): [MASK] T5 T6 T

OCR Lines

Token
Masking

Document Page with Covered OCR Lines Document Page

https://arxiv.org/abs/2012.14740


https://arxiv.org/abs/2012.14740

Rozwoju dziedziny - TILT (modalnosé¢ wizualna + seq2seq)

Pairwise
1+2D
distances

95 -
I /
é = [ 90-DOSE TEST w T J
[*)
f 50 < + »
§ 9 9590 PERCENT & =
§ | MORTALITY 70
4 90-DOSE TEST i
70 50 30 10 5 . Contextualized
Semantics o
Vision



https://arxiv.org/pdf/2102.09550.pdf

Pytania / Komentarze



