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State-of-the-art solutions for Natural Language Processing (NLP) are able to capture a broad
range of contexts, like the sentence-level context or document-level context for short documents.
But these solutions are still struggling when it comes to longer, real-world documents with the
information encoded in the spatial structure of the document, such as page elements like tables,
forms, headers, openings or footers; complex page layout or presence of multiple pages.

To encourage progress on deeper and more complex Information Extraction (IE) we introduce
a new task (named Kleister) with two new da
out features, an NLP system must find the most important information, about various types of
entities, in long formal documents. We propose Pipeline method as a text-only baseline with dif-
ferent Named Entity Recognition architectures (Flair, BERT, RoBERTa). Moreover, we checked
the most popular PDF processing tools for text extraction (pdf2djvu, Tesseract and Textract) in
order to analyze behavior of TE system in presence of errors introduced by these tools.

ts. Utilizing both textual and structural lay-

1 Introduction

Information Extraction (IE) requires quick but careful skimming through the whole document. We often
have to not only search for pieces of information, but also to generate final output for specific entity
type (e.g. aggregate multiple occurrences of organization names into one). In practice, this means that
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Information Extraction Challenges

> Applica Kleister
» Kleister NDA
» Kleister Charity

» PolEval 2020 Annual Reports
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This is a Key Information Extraction task, not NER*.

> we are interested in the information not where it is

» not just any person, but CEO, etc.

* But of course you could use NER as a part of the pipeline
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Dataset name CoNLL 2003 WikiReading FUNSD SROIE Kleister NDA Kleister Char-
ity

Source Reuters Wikipedia forms receipts EDGAR UK  Charity
news Com.

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

Pages — — 199 973 3,229 61,643

Entities 35,089 18M 9,743 3,892 2,160 21,612

train docs 946 16.03M 149 626 254 1,729

dev docs 216 1.89M — — 83 440

test docs 231 0.95M 50 347 203 609

Input/Output v X v v X X

on token level

Long Docu- X v X X v v

ment

Complex lay- X X 4 4 4 4

out

OCR X X v/ v X v

Table: Summary of the existing English datasets and the Kleister sets.



Entities Description

NDA dataset

party parties appearing in the agreement (each of them is treated as a separate
entity)

jurisdi ction state or country whose law governs the agreement

effective_date date on which the contract becomes legally binding

term duration of the agreement

Charity dataset

address__post_town
address__postcode
address__street_line
charity name
charity_number
report_date
income,annua11¥
spending_annually

post town (part of a charity address)
postcode (part of a charity address)

street with the house number (part of a charity address)

name of the charitable organization

identification number in the charity register

date of reporting
annual income in British pounds (GBP)
annual spending in British pounds (GBP)




Evaluation metric

F1-score will be used as the evaluation metric

—-metric MultilLabel-F1



Possible approaches

handcrafted rule, e.g. regexps (as a baseline)
standard NER (for general entities) + role classification
specialized NER (but you need to autotag entities)

end-to-end (generative models)

vVvYyyvyy

ensembles

tukasz Garncarek, Rafat Powalski, Tomasz Stanistawek, Bartosz
Topolski, Piotr Halama, Filip Gralinski, LAMBERT: Layout-Aware
(Language) Modeling using BERT for information extraction,
https://arxiv.org/abs/2002.08087


https://arxiv.org/abs/2002.08087

Autotagging approach

Preparing Kleister datasets

TEXT
PDF document PDF
processing

+
list of entity objects ool

to extract

+
\OCR (bounding boxes off
tokens)

+
relevant entity indications

Baseline process for our tasks

AUTO
TAGGING

NER with rule-based
specific types normalization

ENTITIES
representation
based on
model certainty
o frequency
inatext

Kleister-NDA dataset (pdf2djvu)

Entity name Flair BERT RoBERTa LayoutLM LAMBERT Autotag. Human
effective_date ~ 79.37 80.20 81.50 82.08 85.27 79.00 100 %
party 70.13 71.60 80.83 75.28 78.70 33.15 98 %
Jjurisdiction 93.87 95.00 92.87 94.40 96.50 54.10 100 %
term 60.33 45.73 52.27 48.34 55.03 74.10 95 %
ALL 77.83 78.20 81.00 78.68 81.77 60.09 97.86 %
Kleister-Charity dataset (Azure CV)

post_town 83.30 77.03 77.70 79.97 81.03 66.04 98 %
postcode 82.63 87.10 88.40 81.06 82.97 87.60 100 %
street_line 68.17 62.23 72.03 70.92 75.33 75.02 96 %
charity_name 72.40 75.93 78.03 78.82 79.10 67.00 99 %
charity_number 96.73 96.67 95.37 95.76 96.57 98.60 98 %
income 70.93 64.43 69.73 72.86 76.90 69.00 97 %
report_date 95.67 96.60 96.77 95.42 95.80 89.00 100 %
spending 61.67 67.30 68.60 71.20 74.33 73.00 92 %
ALL 80.10 78.33 81.50 80.74 82.97 78.16 97.45 %




Comparing OCR engines

Kleister NDA dataset (born-digital PDF files)

PDF tool Flair BERT RoBERTa LayoutLM LAMBERT
Azure CV 78.0310.12 77.6740.18 79.3340.68 77.43 4029 80.57+0.25
pdf2djvu 77.8340.26 78.2040.17 81.0040.05 78.47 1076 81.77_1¢.09
Tesseract 76.574+0.49 76.6040 30 77.8140.07 77.7040.48 81.0310.03
Textract 77.37 1008 74.831 .45 79.494 ¢ 32 77.4040.40 77.3740.08

Kleister Charity dataset (mixture of born-digital and scanned PDFs) (*)

Azure CV 8L.1740.12 78.3340.08 81.5010.23 81.5340.23 83.57 1 0.29
Tesseract 72.87 1081 71.37 4105 76.23 4015 77.5310.20 81.50_ .07
Textract 78.03 10,12 73.3040.43 80.08 10,15 80.23 10,41 82.97 921

Table: Fi-scores for different PDF processing tools and models checked
on Kleister challenges test sets over 3 runs with standard deviation. (*)
pdf2djvu does not work on scans. We used the Base version of the
BERT, RoBERTa, LayoutLM and LAMBERT models.
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Figure: Normalization issues for an
income entity (amount in the
table should be multiplied by
1000).

Performance as a function of document's length
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Figure: Relationship between
F1-scores and document length in
the Kleister Charity test set for
the Azure CV OCR.



Applica Kleister challenges

https://gitlab.com/kleister-challenge-2021/kleister-nda.git
https://gitlab.com/kleister-challenge-2021/kleister-charity.git

Thank you!
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