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l!l!II bib ll!D Improving the Generalizability of Text-Based Emotion Detection by Leveraging Transformers with Psycholinguistic Features 
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l!l!II bib ll!D Fine-Grained Extraction and Classification of Skill Requirements in German-Speaking Job Ads 
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l!l!II bib ll!D Experiencer-Specific Emotion and Appraisal Prediction 
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l!l!II bib ll!D Understanding Narratives from Demographic Survey Data: a Comparative Study with Multiple Neural Topic Models 
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Manuel Weigand I Maximilian Weber I Johannes Gruber 
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Bill Noble I Jean-philippe Bernardy 
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l!l!II bib ll!D Examining Political Rhetoric with Epistemic Stance Detection 
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l!ml bib ll!D Professional Presentation and Projected Power: A Case Study of Implicit Gender Information in English CVs 
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l!ml bib ll!D A Generative User Simulator with GPT-based Architecture and Goal State Tracking for Reinforced Multi-Domain Dialog Systems 
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l!ml bib ll!D AfroLM: A Self-Active Learning-based Multilingual Pretrained Language Model for 23 African Languages 
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Xudong Han I Aili Shen I Yitong Li I Lea Frermann I Timothy Baldwin I Trevor Cohn 
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l!ml bib ll!D Adversarial Text-to-Speech for low-resource languages 
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l!ml bib ll!D Emoji Sentiment Roles for Sentiment Analysis: A Case Study in Arabic Texts 

Shatha Ali A. Hakami I Robert Hendley I Phillip Smith 
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l!ml bib ll!D Dialect & Sentiment Identification in Nuanced Arabic Tweets Using an Ensemble of Prompt-based, Fine-tuned, and Multitask 

BERT-Based Models 

Reem Abdel-Salam 
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Mohamad Sharara I Wissam Mohamad I Ralph Tawil I Ralph Chobok I Wolf Assi I Antonio Tannoury 

l!ml bib ll!D AraBEM at WANLP 2022 Shared Task: Propaganda Detection in Arabic Tweets 
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ChatG PT sets record for fastest­
g rowing user base - analyst note 
By Krystal Hu 

Feb 1 (Reuters) - ChatGPT, the popular chatbot from OpenAI, is estimated to have 

reached 100 million monthly active users in January, just two months after 

launch, making it the fastest-growing consumer application in history, according 

to a UBS study on Wednesday. 

The report, citing data from analytics firm Similar Web, said about 13 million 

unique visitors used ChatGPT per day in January, more than double the levels in 

December. 

Advertisement· Scroll to continue 

"In 20 years following the internet space, we cannot recall a faster ramp in a 

consumer internet app," UBS analysts wrote in the note. 

Register for free to Reuters 
and know the full story 

Register now 

00 My View v Q. [ Sign In I lid/ii 
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Similar Web did not immediately respond to a request to confirm the figures. 

OpenAI, a private company backed by Microsoft Corp (MSFT.O), launched 

ChatGPT in late November. 

It took TikTok about nine months after its global launch to add 100 million users 

and it took lnstagram 2-1/2 years, according to data from Sensor Tower. 

Latest Updates 

• Meta shares soar as company cuts spending, forecasts upbeat first-quarter sales 

• U.S. investors have plowed billions into China's Al sector, report shows 

• Apple set to post rare revenue drop as focus shifts to demand rebound 

• As Tesla ignites an EV price war, suppliers brace for Musk seeking givebacks 

• Musk did not need Tesla board to review buyout tweets, directors testify 

ChatGPT is currently free to use. The company on Thursday launched a $20 a 

month subscription that provides more stable and faster service as well as the 

opportunity to try new features first. 

Analysts believe the viral launch of ChatGPT will give OpenAI a first-mover 

advantage against other Al companies. The growing usage, while adding up to a 

substantial amount of computing cost, has also provided valuable feedback to 

help train the chatbot's responses. 

Advertisement· Scroll to continue 

The tool has also raised questions about academic dishonesty and 

misinformation. 

Last month, Microsoft announced another multi-billion investment in 0RenAI in the 

form of cash and cloud credit. 

...... 
-:,,..fl...... ....... " ~ Register for free to Reuters 

and know the full story 

Reporting by Krystal Hu in Toronto; Editing by Cynthia Osterman 

Our Standards: The Thomson Reuters Trust PrinciRles. 

Register now 
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Wednesday about the Chinese-owned short video app's U.S. data 

security plans but still plans to seek to ban TikTok in the United 

States, a spokesperson for the lawmaker said. 

Latest Browse Media 

Home World 03 Videos Cl 

Business @ Pictures Cl 

Legal ~ Graphics Cl 
Markets 

Breakingviews 

Technology 

Investigations Cl 

Lifestyle 

Information you can trust 

Reuters, the news and media division of Thomson Reuters, is the world's largest 

multimedia news provider, reaching billions of people worldwide every day. 

Reuters provides business, financial, national and international news to 

professionals via desktop terminals, the world's media organizations, industry 

events and directly to consumers. 

Thomson Reuters Products 

Westlaw c: Onesource Cl Checkpoint Cl 

i-ayi-a1·s rocKy roaa aneaa 

warrants more cost cuts, Wall 

Street says 

5:05AM PST 

About Reuters 

About Reuters Cl 

Careers Cl 

Reuters News Agency Cl 

Brand Attribution Guidelines Cl 

Reuters Leadership Cl 

Reuters Fact Check Cl 

Reuters Diversity Report Cl 

Stay Informed 

Download the App Cl 

Newsletters Cl 

Follow Us 

Refinitiv Products 

Build the strongest argument 

relying on authoritative 

content, attorney-editor 

expertise, and industry 

defining technology. 

The most comprehensive 

solution to manage all your 

complex and ever-expanding 

tax and compliance needs. 

The industry leader for online 

information for tax, 

accounting and finance 

professionals. 

Refinitiv Workspace Cl 

Access unmatched financial 

data, news and content in a 

highly-customised workflow 

experience on desktop, web 

and mobile. 

i-mteresI CUIS aDOUI 1:,u JODS -

Bloomberg News 

4:56 PM PST. Updated 20 min ago 

Refinitiv Data 
Catalogue 

Cl 

Browse an unrivalled portfolio 

of real-time and historical 

market data and insights 

from worldwide sources and 

experts. 

Advertise With Us ['.l Advertising Guidelines ['.l Cookies ['.l Terms of Use ['.l Privacy ['.l Digital Accessibility ['.l Corrections ['.l Site Feedback ['.l FAQ ['.l 

All quotes delayed a minimum of 15 minutes. See here for a complete list of exchanges and delays. © 2023 Reuters. All rights reserved 

Rel 

Sen 

indi 

glol 

hid, 

rela 

Exhibit 1027 Page 154



https://web.archive.org/web/20230203044225/https://www.businessinsider.com/chatgpt-may-
be-fastest-growing-app-in-history-ubs-study-2023-2

Exhibit 1027 Page 155



lhttps: //www.businessinsider.com / chatgpt-may-be-fastest-growing-app-in-history-ubs-study-2023-2 11 ~ JAN ~~------~-~-~--~-~~--~--~----------~ ◄ 

109caRtures • 
2Feb2023-7F~ . ... 1 .. I y 1 

MAR 

► 
2024 

a.. INSIDER Newsletters Login ♦#§♦ 

US MARKETS CLOSED 
In the news 

HOME > TECH 

..ill Dow Jones -1.34% ..ill Nasdaq -2.04% ..ill S&P 500 -1.57% ..ill AAPL -0.6% ..ill NVDA -0.06% 

ChatGPT may be the fastest-growing consumer app 
in internet history, reaching 100 million users in just 
over 2 months, UBS report says 

Sawdah Bhaimiya Feb 2, 2023, 3:45 AM 

~ In this photo illustration, the ChatGPT (OpenAI) logo is displayed on a 

,martphone screen. 

In this photo illustration, the ChatGPT {OpenAI) logo is displayed on a smartphone 

screen. Sopa Images/Getty Images 

■ ChatGPT may be the fastest-growing app in history with 
100 million users after just over two months. 

■ A UBS report showed that it took TikTok over nine 
months to reach the same number of people. 

■ OpenAI is rolling out a $20-a-month subscription to 
ChatGPT for easy access and faster responses. 

Sign up for our newsletter for the latest tech news and 
scoops - delivered daily to your inbox. 
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By clicking 'Sign up', you agree to receive marketing emails from Insider as well as other partner offers and 

accept our Terms of Service and Privac~J:2.!!.9'.· 

ChatGPT may have become the fastest-growing app in 

history after it was estimated to have reached 100 million 

monthly active users, or MAUs, by the end of January, a 

report by Swiss banking giant UBS said. 

The OpenAI-owned chatbot has surpassed 100 million 

MAUs just over two months after its launch - comfortably 

beating the growth speeds of major apps like TikTok and 

Instagram, according to the UBS note, which Insider has 

viewed. 

It took TikTok nine months to reach the same level of 

users; Instagram took two and half years; and Spotify only 

amassed 100 million MAUs after four and a half years, the 

report said, citing data from data analytics firm Similar 

Web. 

"In twenty years following the Internet space, we cannot 

recall a faster ramp in a consumer internet app," UBS 

analysts wrote in the report. 

The number of MAUs on ChatGPT has almost doubled 

since December when it had around 57 million, per the 

report. Additionally the app was averaging 13 million daily 

unique visitors per day by the end of January, compared to 

RECOMMENDED VIDEO 
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around six million daily unique views the prior month. 

"We cannot remember an app scaling at this pace," UBS 

analysts added in the report. 

OpenAI did not immediately respond to Insider's request 

for comment about the report, sent outside of normal US 

business hours. 

The chatbot was launched in November and experienced a 

rapid surge in popularity as a result of its eerie human-like 

capabilities to code, write cover letters, and take exams. It 

amassed one million users in just five days. 

Shortly afterwards, Microsoft extended its support of 

OpenAI through a multibillion-dollar investment in the AI 

firm, announced in January. The tech giant had already 

invested $1 billion into the firm in 2019 . 
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1 J. HOW TO USE THE 
~ DICTIONARY 

To look up an entry in The 
American Heritage Dictionary of 
the English Language, use the 
search window above. For best 
results, after typing in the word, 
click on the "Search" button 
instead of using the "enter'' key. 

Some compound words (like bus 
rapid transit, dog whistle, or 
identity theff) don't appear on 
the drop-down list when you 
type them in the search bar. For 
best results with compound 
words, place a quotation mark 
before the compound word in 
the search window. 

GUIDE TO THE DICTIONARY ► 

~ THE USAGE PANEL 

The Usage Panel is a group of 
nearly 200 prominent scholars, 
creative writers, journalists, 
diplomats, and others in 
occupations requiring mastery of 
language. Annual surveys have 
gauged the acceptability of 
particular usages and 
grammatical constructions. 

THE PANELISTS ► 

The 

A MERIC 
H ERITAGE" dictionary 

be-tween •J (bi-twen') 

prep. 

adv. 

1. 

Share: 

a. In or through the position or interval separating: between the trees; between 11 
o'clock and 12 o'clock. 
b. Intermediate to, as in quantity, amount, or degree: It costs between 15 and 20 
dollars. 

2. Connecting spatially: a railroad between the two cities. 
3. Associating or uniting in a reciprocal action or relationship: an agreement between 
workers and management; a certain resemblance between the two stories. 
4. In confidence restricted to: Between you and me, he is not qualified. 
5. 

a. By the combined effort or effect of: Between them they succeeded. 
b. In the combined ownership of: They had only a few dollars between them. 

6. As measured against. Often used to express a reciprocal relationship: choose between 
riding and walking. 

In an intermediate space, position, or time; in the interim. 
Idioms: 
in between 

In an intermediate situation: My roommates disagreed and I was caught in between. 
in between times 

During an intervening period; in the meantime: has written several books and teaches in 
between times. 

[Middle English bitwene, from Old English betweonum; see dwo- in the Appendix oflndo­
European roots.] 

between 1ness n. 

Usage Note: The -tween in between comes from the same Inda-European root that 
gave us two, twain, and duo, and the -mongof amongcomes from an Old English word 
that meant "crowd" or "throng." It is thus unsurprising that a traditional rule requires 
between to be used only for sentences involving two items and among for sentences 
involving more than two. Indeed, in sentences involving two items, no rule is needed; 
native English speakers spontaneously use between (as in the differences between [not 
among] karate and judo). But when there are more than two items, practice is mixed. 
Many careful writers observe a more subtle distinction, using among when the sentence 
refers to the entities collectively or as a mass, as in There were many outstanding players 
among the teams in the quarterfinal round or A thistle is growing among the roses, but 
preferring between when the sentence refers to relationships involving particular pairs of 
entities from within the group, as in We haven't yet assigned the match ups between teams 
in the quarterfinal round or I have sand between my toes. In such sentences, the twoness 
of between has not, so to speak, been lost in the crowd-the pairings within the larger 
group are important to the meaning of the sentence and thus influence the writer's choice 
of preposition. 

The American Heritage® Dictionary of the English Language, Fifth Edition copyright ©2022 by 
HarperCollins Publishers. All rights reserved. 

lndo-European & Semitic Roots Appendices 

Thousands of entries in the dictionary include etymologies that trace their origins back to 
reconstructed proto-languages. You can obtain more information about these forms in our 
online appendices: 

Inda-European Roots 

Semitic Roots 

The Inda-European appendix covers nearly half of the Inda-European roots that have left their 
mark on English words. A more complete treatment of Inda-European roots and the English 
words derived from them is available in our Dictionary of Inda-European Roots. 

ThP. AmP.rir.~n ThP. AmP.rir.~n ThP. AmP.rir.~n r.11rin11s ThP. AmP.rir.~n 

ef tJze 

English 
Language 

G~ AMERICAN HERITAGE 
B DICTIONARY APP 

The new American Heritage 
Dictionary app is now available 
for iOS and Android. 

(L:;) THE AMERICAN Ll HERITAGE 
DICTIONARY BLOG 

The articles in our blog examine 
new words, revised definitions, 
interesting images from the fifth 
edition, discussions of usage, 
and more. 

THE 100 WORDS 0 

See word lists from the best­
selling 100 Words Series! 

FIND OUT MORE! ► 

G~ INTERESTED IN 
B DICTIONARIES? 

Check out the Dictionary Society 
of North America at 
http://www.dictionarysociety.com 
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52 caRtures 

X 

Meaning of between in English 

f '# 

between 
preposition, adverb 

UK ◄ •» / b1 ' tw i:n / us ◄•» / b1 ' tw i:n / 

between preposition, adverb (SPACE) 
-----------------@ 

m 
in or into the space that separates two places, people, or 

objects: 

• The town lies halfway between Rome and Florence. 

• Standing between the two adults was a small child. 

• She squeezed between the parked cars and ran out into the 

road. 

• There were two houses with a narrow path in between. 

More examples 

• On the train I was sitting between two very large men. 

• The plants have seeded themselves in the cracks between the 
paving stones. 

• There was a revolting green slime in between the bathroom 
tiles. 

• We watched a spider spin a web between three tall grass 

stems. 

• Our neighbours have no claim to that strip of land between our 

houses. 

+ SMART Vocabulary: related words and phrases 

between preposition, adverb (AMOUNT) 
-----------------@ 

m 
If something is between two amounts, it is greater than the 

first amount but smaller than the second: 

• She weighs between 55 and 60 kilograms. 

• The competition is open to children between six and twelve years 

of age. 

• The room was either extremely cold or hot, never anything in 
between (= in the middle). 

+ SMART Vocabulary: related words and phrases 

Test your vocabulary with our 
fun image quizzes 

Try a quiz now 

More meanings of between 

- All 

go-between 

in-between 

length between 

i:ieri'.2endiculars &a 
come between someone 

between you and me idiom 

(in) between times idiom 

,Uust) between you and me idiom 

See all meaning§. 

+ Phrasal Verbs 

+ Idioms 

f '# 

between preposition, adverb (TIME) WORD OF THE DAY 

----------------------~ 
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m 
(also in between) 

in the period of time that separates two different times or 

events: 

• You shouldn't eat between meals. 

• There is a break of ten minutes between classes. 

• The office is closed for lunch between 12. 30 and 1. 30. 

• In between sobs, he managed to tell them what had happened. 

• He visits his parents every month and sometimes in between. 

+ More examples 

+ SMART Vocabulary: related words and phrases 

Grammar 

Between or among1 

Between and among are prepositions . . 

Between, among: meaning and use 

We use between to refer to two things which are clearly separated. We use 
among to talk about things which are not clearly separated because they 
are part of a group or crowd or mass of objects: . 

Between and i:irei:iositional i:ihrases 

Between is most often used to introduce a prepositional phrase which 
contains two singular or plural noun phrases: . 

Nouns and verbs followed by between 

The most common nouns often followed by between are: connection, 
difference, distinction, link, relationship: 

Among meaning 'surrounding,_i:iart of or included in' 

We use among to suggest a sense of being a part of or surrounded by or 
included in something else. It is typically followed by a plural noun phrase: 

Among others and among other thing§ 

In the phrases among others and among other things, among means 'as 
we/las ': 

Idiom 

(in) between times 

f '# 

between 
preposition 

UK •0 / b1 'twi :n/ US ◄•» / b1 ' twi :n / 

between preposition (SHARED) 
-----------------@ 

among two or more people or things: 

• The money was divided equally between several worthy causes. 

• We drank two bottles of wine between the four of us. 

• Trade between the two countries (= their trade with each other) 

has increased sharply in the past year. 

• There is a great deal of similarity between Caroline and her 
mnthor I= tho11 t:Jro 11or11 cimi/t:1rl 

a oa s ram 
little acorns grow 

said about organizations or plans 

that start off very small or simple 

and become extremely large or 

successful 

+·iiliW♦ 

BLOG 

Rhyme, rhythm and verse: 

talking about poetry 

March 16, 2022 

NEW WORDS 

Earthing 
March 21 , 2022 

More new words 
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+ More examples 

+ SMART Vocabulary: related words and phrases 

between preposition (OPPOSING) 
-----------------@ 

m 
A discussion, argument, or game between two or more people 

or groups of people involves both people or groups: 

• The negotiations between the union and management have 
broken down. 

• There has always been a fierce rivalry between the two schools. 

• Tonight's game is between the New Orleans Saints and the St. 
Louis Rams. 

+ SMART Vocabulary: related words and phrases 

between preposition (CHOICE) 
-----------------@ 

If you choose between two things, you choose one thing or 

the other: 

• You'll have to choose between a holiday or a new washing 

machine. 

• She was torn between loyalty to her father and love for her 

husband(= she could not decide which one to support). 

+ SMART Vocabulary: related words and phrases 

between preposition (CONNECTING) 

-----------------@ 

m 
connecting two or more places, things, or people: 

• There is a regular train service between Glasgow and 

Edinburgh. 

• The survey shows a link between asthma and air pollution. 

-----------------@ 

from one place to another: 

• He commutes daily between Baltimore and Washington, D. C. 

+ More examples 

+ SMART Vocabulary: related words and phrases 

between preposition (SEPARATING) 

-----------------@ 

m 
separating two places or things : 

• The wall between East and West Berlin came down in 1989. 

• The report states that the gap between the rich and the poor has 

increased dramatically over the past decade. 
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+ SMART Vocabulary: related words and phrases 

Grammar 

Between or among1 

Between and among are prepositions . . 

Between, among: meaning and use 

We use between to refer to two things which are clearly separated. We use 
among to talk about things which are not clearly separated because they 
are part of a group or crowd or mass of objects: . 

Between and J:lreJ:lositional Rhrases 

Between is most often used to introduce a prepositional phrase which 
contains two singular or plural noun phrases: . 

Nouns and verbs followed by between 

The most common nouns often followed by between are: connection, 
difference, distinction, link, relationship: . 

Among meaning 'surrounding ,_J:lart of or included in ' 

We use among to suggest a sense of being a part of or surrounded by or 
included in something else. It is typically followed by a plural noun phrase: 

Among others and among other thing§ 

In the phrases among others and among other things, among means 'as 
we/las ': 

Idiom 

,Uust) between you and me 

(Definition of between from the Cambridge Advanced Learner's Dictionary_ & Thesaurus © 
Cambridge University Press) 

between I AMERI CAN DICTI ONARY 

between 
preposition, adverb 

us ~j) / b1 'tw in / 

(also in between, us / ,1n ·b1 'tw in/) 

between preposition, adverb (SPACE) 

-----------------@ 

( not gradab le ] 

in or into the space that separates two places, people, or 

objects: 

• We live halfway between Toronto and Montreal. 

• She squeezed in between the parked cars. 

-----------------@ 

( not gradab le ] 

If something is between two amounts, it is greater than the 

first amount but smaller than the second: 

• She weighs between 55 and 60 pounds. 

between preposition, adverb (TIME) 

--------------------@ 

in the period of time that separates two different times or 

events: 

There 's a ten-minute break between classes. 

Ynu .<:hnulrl ArrivA hAfWAAn R Anrl R·:w 
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• In between sobs, he managed to tell them what had happened. 

f '# 

between 
preposition 

us ~j) / b1 "twin / 

between preposition (AMONG) 
--------------------@ 

shared by or involving two or more people or things: 

• The money was divided equally between her three children. 

• Trade between the two countries has increased sharply. 

• There is a great deal of similarity between Caroline and her 

mother. 

• Between the three of us, we were able to afford a nice graduation 

gift. 

• You 'll have to choose between dinner and a movie. 

• Next week's game will be between the two finalists. 

between preposition (CONNECTING) 
-----------------@ 

connecting two or more places, things, or people: 

• There is regular train service between New York and 
Philadelphia. 

• The survey shows a link between asthma and air pollution. 

between preposition (SEPARATING) 
--------------------@ 

separating two places or things : 

• The wall between East and West Berlin came down in 1989. 

• What's the difference between this $100 watch and the $500 one 

(= In what way are they different)? 

Idiom 

between you and me 

(Definition of between from the Cambridge Academic Content Dictionary:_ © Cambridge University 
Press) 

EXAMPLES of between 

between 
The existence and activities of' go-betweens ' are intrinsic to any process 
of colonisation, however defined. 

From the Cambridge English Cor~ 0 

They can sometimes defuse a situation and sometimes act as unofficial go­
betweens with the commanders of the potential rivals. 

From the Hansard archive 

Instead, we have had to rely on journalists to act as go-betweens, and on 
many an occasion they have been rather inadequate go-betweens. 

From the Hansard archive 

0 

0 
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1 ne passengers are me unroriuna1e go-oe1weens In mis usua11y poI111ca11y­
inspired action. 

From the Hansard archive 

They are the go-betweens of the officers and the men, and they are the 
finest lot of people we have in the ships. 

From the Hansard archive 

0 

0 

However, one does not want to see this legislation tip the scales against the 
interests of the in-betweens, or marginals. 

From the Hansard archive 0 

The provision is also likely to catch negotiators, mediators and go­
betweens of one kind or another who probably genuinely seek to resolve a 
conflict or defuse a situation. 

From the Hansard archive 

The correlation between the two sets of country-level means is strong 
though not perfect (r 0.69, p 0.001 ). 

From the Cambridge English Cor~ 

0 

0 

Convergence between the ideologies of elites should reduce (w z)and such 
convergence is known to be one factor promoting stability. 

From the Cambridge English Cor~ 

First, it is not a dichotomous variable and it allows for a great degree of 
variation between countries. 

From the Cambridge English Cor~ 

Differences between neighbourhoods are both significant and substantial. 

From the Cambridge English Cor~ 

We also examine the interaction between electoral rules and 
presidential ism. 

From the Cambridge English Cor~ 

We focus on the party leader because there is a well-attested relationship 
between electoral evaluation of leaders and election outcomes. 

From the Cambridge English Cor~ 

One might suspect a curvilinear pattern between campaign funds and 
duration of candidacies. 

From the Cambridge English Cor~ 

One difference between parliamentarism and presidentialism is obvious; 
indeed, definitional. 

From the Cambridge English Cor~ 

See all examples of between 

0 

0 

0 

0 

0 

0 

0 

These examples are from corpora and from sources on the web. Any opinions in the examples do 
not represent the opinion of the Cambridge Dictionary editors or of Cambridge University Press or its 
Ii censors 

~M. (~ML) & ... ~M•& ... 2 
rill, ~ii ... 

in Chinese (Simplified) 

QfsJ, (QfsJL) & ... ~fsJ, & ... 2 
fs], ~ii ... 

in Spanish 

entre, entremedias, en medio ... 
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in Portuguese 

entre, no meio, no intervalo ... 

Elid::111& 

What is the pronunciation of between? > 

Browse 

betters 

betting 

betting shOR 

bettor m9 
between 

between you and me idiom 

between you , me, and the gater1ost idiom 

betwixt 

bevel 
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Advertisement 

OpenAI has released a powerful new image- and text-understanding Al 

model, GPT-4, that the company calls "the latest milestone in its effort in 

scaling up deep learning." 

GPT-4 is available today to OpenAl's paying users via ChatGPT Plus (with a 

usage cap), and developers can sign up on a waitlist to access the API. 

Pricing is $0.03 per 1,000 "prompt" tokens (about 750 words) and $0.06 per 

1,000 "completion" tokens (again, about 750 words). Tokens represent raw 

text; for example, the word "fantastic" would be split into the tokens "fan," 

"tas" and "tic." Prompt tokens are the parts of words fed into GPT-4 while 

completion tokens are the content generated by GPT-4. 

GPT-4 has been hiding in plain sight, as it turns out. Microsoft confirmed 

today that Bing Chat, its chatbot tech co-developed with OpenAI, is running 

onGPT-4. 

Other early adopters include Stripe, which is using GPT-4 to scan business 

websites and deliver a summary to customer support staff. Duolingo built 

GPT-4 into a new language learning subscription tier. Morgan Stanley is 

creating a GPT-4-powered system that'll retrieve info from company 

documents and serve it up to financial analysts. And Khan Academy is 

leveraging GPT-4 to build some sort of automated tutor. 

GPT-4's new caP-abilities P-OWer a 'virtual volunteer' for the visually imP-aired 
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GPT-4 can generate text and accept image and text inputs - an improvement 

over GPT-3.5, its predecessor, which only accepted text - and performs at 

"human level" on various professional and academic benchmarks. For 

example, GPT-4 passes a simulated bar exam with a score around the top 10% 

of test takers; in contrast, GPT-3.5's score was around the bottom 10%. 

OpenAI spent six months "iteratively aligning" GPT-4 using lessons from an 

internal adversarial testing program as well as ChatGPT, resulting in "best­

ever results" on factuality, steerability and refusing to go outside of guardrails, 

according to the company. Like previous GPT models, GPT-4 was trained 

using publicly available data, including from public webpages, as well as data 

that OpenAI licensed. 

OpenAI worked with Microsoft to develop a "supercomputer" from the ground 

up in the Azure cloud, which was used to train GPT-4. 

"In a casual conversation, the distinction between GPT-3.5 and GPT-4 can be 

subtle," OpenAI wrote in a blog post announcing GPT-4. "The difference 

comes out when the complexity of the task reaches a sufficient threshold -

GPT-4 is more reliable, creative and able to handle much more nuanced 

instructions than GPT-3.5." 

Without a doubt, one of GPT-4's more interesting aspects is its ability to 

understand images as well as text. GPT-4 can caption - and even interpret -

relatively complex images, for example identifying a Lightning Cable adapter 

from a picture of a plugged-in iPhone. 

The image understanding capability isn't available to all OpenAI customers 

just yet - OpenAl's testing it with a single partner, Be My Eyes, to start with. 

Powered by GPT-4, Be My Eyes' new Virtual Volunteer feature can answer 

questions about images sent to it. The company♦?explains how it works in a 

blogJ~ost: 

"For example, if a user sends a picture of the inside of their refrigerator, the 

Virtual Volunteer will not only be able to correctly identify what's in it, but also 

extrapolate and analyze what can be prepared with those ingredients. The 

tool can also then offer a number of recipes for those ingredients and send a 

step-by-step guide on how to make them." 

A more meaningful improvement in GPT-4, potentially, is the aforementioned 

steerabilitytooling. With GPT-4, OpenAI is introducing a new API capability, 

"system" messages, that allow developers to prescribe style and task by 

describing specific directions. System messages, which will also come to 

ChatGPT in the future, are essentially instructions that set the tone - and 

establish boundaries - for the Al's next interactions. 

For example, a system message might read: "You are a tutor that always 

responds in the Socratic style. You never give the student the answer, but 

always try to ask just the right question to help them learn to think for 

themselves. You should always tune your question to the interest and 

knowledge of the student, breaking down the problem into simpler parts until 

it's atjustthe right level for them." 

Even with system messages and the other upgrades, however, OpenAI 

acknowledges that GPT-4 is far from perfect. It still "hallucinates" facts and 

makes reasoning errors, sometimes with great confidence. In one example 

cited by OpenAI, GPT-4 described Elvis Presley as the "son of an actor" - an 

obvious misstep. 

"GPT-4 generally lacks knowledge of events that have occurred after the vast 

majority of its data cuts off (September 2021), and does not learn from its 

experience," OpenAI wrote. "It can sometimes make simple reasoning errors 

which do not seem to comport with competence across so many domains, or 

be overly gullible in accepting obvious false statements from a user. And 

sometimes it can fail at hard problems the same way humans do, such as 

introducing security vulnerabilities into code it produces." 

OpenAI does note, though, that it made improvements in particular areas; 

GPT-4 is less likely to refuse requests on how to synthesize dangerous 

chemicals, for one. The company says that GPT-4 is 82% less likely overall to 

respond to requests for "disallowed" content compared to GPT-3.5 and 

responds to sensitive requests - e.g. medical advice and anything pertaining 

to self-harm - in accordance with OpenAl's policies 29% more often. 

OpenAI GPT-4 
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There's clearly a lot to unpack with GPT-4. But OpenAI, for its part, is forging 

full steam ahead - evidently confident in the enhancements it's made. 

"We look forward to GPT-4 becoming a valuable tool in improving people's 

lives by powering many applications," OpenAI wrote. "There's still a lot of work 

to do, and we look forward to improving this model through the collective 

efforts of the community building on top of, exploring, and contributing to the 

model." 
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Abstract

Written contracts are a fundamental

framework for commercial and coopera-

tive transactions and relationships. Lim-

ited research has been published on the ap-

plication of machine learning and natural

language processing (NLP) to contracts.

In this paper we report the classification

of components of contract texts using ma-

chine learning and hand-coded methods.

Authors studying a range of domains have

found that combining machine learning

and rule based approaches increases accu-

racy of machine learning. We find similar

results which suggest the utility of consid-

ering leveraging hand coded classification

rules for machine learning. We attained an

average accuracy of 83.48% on a multi-

class labelling task on 20 contracts com-

bining machine learning and rule based

approaches, increasing performance over

machine learning alone.

1 Introduction

Contracts govern economic transactions and com-

mercial or organisational relationships from triv-

ial purchases to major national infrastructure

projects. Any large organisation (whether private

or public) must unavoidably invest significant re-

sources in developing and concluding contracts, as

the contracts it enters define its legal relations with

organisations and individuals with which it inter-

acts. As one author has noted, contracts are an

integral part of any business enterprise and it is

“difficult to overstate their importance to the busi-

ness world” (Khoury and Yamouni, 2007, p16). In

addition, drafting contracts represents a major eco-

nomic activity for the legal industry.

Ambiguity is an unresolved problem in natu-

ral language processing. It is also an important

problem affecting the drafting and operation of

contracts. The costs of ambiguity in a contract

can be enormous. The presence of ambiguity in-

creases the risk of litigation, project failure and

loss of commercial relationships. Instances of lit-

igated ambiguity are used in drafting manuals as

instructional tales for the unwary drafter (Aitken

and Butt, 2004, p37).

Our future research goal is to investigate ap-

proaches that will help identify such ambiguity,

however, a precursor for addressing the problem

of ambiguity is accurate labelling or classification

of the constituent parts of contract documents.1 In

this paper we report work on classifying ‘lines’ in

contracts into 32 classes. We compare three dif-

ferent classification approaches in order to deter-

mine which approach may provide the best per-

formance with respect to this task: supervised

machine learning; a hand-crafted rule based tag-

ger; or combining hand-crafted rules based tag-

ging with machine learning.

2 Background

Natural language processing involves applying a

pipeline of transformations to text. A typical first

step is to segment the text into its sentences, af-

ter which further processing is applied (Jurafsky

and Martin, 2009, p 69). This works well in usual

English prose, but is not necessarily well suited to

contracts because of the heavy use of layout to em-

body structure and semantics. In a contract, a sen-

tence may occur within a single paragraph of text,

or may be spread over several line breaks due to

the use of sub-paragraphing as an aid to compre-

hension. Such sub-paragraphs may embody dis-

junctive or conjunctive conditions associated with

1This task can also be thought of as a document segmen-
tation task, although we here consider it as a classification
exercise.
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a rule. A ‘clause’2 is the typical structural unit

which embodies a legal rule or set of rules. Some-

times clauses are organised into sub-clauses and

clauses and sub-clauses may be numbered in hier-

archical fashion (e.g. 1, 1.1, (a), (i), (A))(Aitken

and Butt, 2004, pp 23, 27). Line breaks often

occur immediately before data such as headings,

clauses, sub-clauses, party names, dates or execu-

tion blocks. Being able to label a line as to its char-

acter, key content or function thus enriches avail-

able information for later NLP. The line is thus a

valuable starting point for applying NLP.

3 Related Work

3.1 Classification and Segmentation of

Contracts and Legislative Documents

There would appear to be little published work

on the application of natural language process-

ing (NLP) or machine learning specifically for the

classification of text in legal contracts. An excep-

tion to this is (Indukuri and Krishna, 2010) who

apply a support vector machine over feature vec-

tors extracted from contract clauses. These feature

vectors are comprised of n-grams up to size n = 4.

They classify contract sentences as clauses or non-

clauses and then sub-classify clauses as concerned

with payment terms or not. Indukuri and Krishna

note the lack of published work on classification

of sentences in contract documents for workflow

and monitoring purposes.

While also limited, there has been some work

on segmentation or classification of legislative cor-

pora using machine learning. (Mencı́a, 2009) re-

ports 100% precision and recall in machine learn-

ing on classification of legislation into articles,

sections and parts (although to a task for which he

is able to craft an equally accurate regular expres-

sion based segmenter). (Bacci et al., 2009) auto-

matically classify plain text legislative documents

for the purpose of XML mark up. (Francesconi,

2006), on whose work Bacci et al. build, describes

four separate modules for dealing with plain text

legacy content which they are seeking to convert

to XML tagged text. (Hasan et al., 2008) carry

out segmentation of Spanish legislative bulletins

using the table of contents as an aid to segmenta-

tion. This work, in the legislative field, provides

a parallel application domain for the work under-

taken here in respect of contracts, although it is

2The term ‘clause’ here refers to a legal rule or rules ap-
pearing in a contract, rather than the linguistic entity.

generally true that legislation will tend to conform

to far tighter stylistic rules, because of the central

control of legislative drafting.

3.2 Combining Machine Learning and Hand

Coded Approaches

A number of researchers have combined hand-

coded approaches and machine learning to pro-

duce better overall results.

(Kipp, 2006) augments handcrafted rules with

machine learnt rules for gesture generation.

(McCreath and Kay, 2003) used such a com-

bined approach to improve performance on cate-

gorizing emails.

(Park and Zhang, 2003) address the problem of

text chunking for the Korean language, combining

hand-crafted rules with a memory based machine

learning method. A rule based method is used to

determine whether an instance may constitute an

exceptional case, with machine learning used to

correct classifications assigned by the rule based

method. They report up to a 2.83% improvement

in F-scores over memory-based learning alone.

(Rochery et al., 2002) report the use of hand-

crafted rules to enhance the accuracy of machine

learning utilising boosting. They apply the method

to a multi-labelling classification problem where

they are seeking to classify spoken utterances.

They attribute increased accuracy to the fact that

the rules they develop are not represented in their

data at all or do not appear sufficiently to have sta-

tistical impact during the training process. They

note that the combination has the greatest effect

when there are less then 100 examples, with the

benefit of the combination decreasing as the num-

ber of training examples increases. The method

therefore has direct applicability to reducing the

data requirement for machine learning (a costly as-

pect of supervised machine learning).

(Takahashi et al., 2005) utilise a combination

of SVM based learning and hand-crafted rules for

the task of classifying occupations from social sur-

veys. They effect a combination by using rule de-

rived labels as features for the machine learner.

Again the work occurs in a multi-class labelling

context (with around 200 occupation codes). They

find that SVM approaches are superior to rule-

based approaches alone but that combining rule-

based and SVM learning produces the best results.

They also examine the effect of the number of

training examples, noting that the differential ben-

19

Exhibit 1027 Page 179



efits of combining methods reduces with increas-

ing data.

In our study we use class labels assigned by a

hand-coded tagger as additional features for ma-

chine learning to obtain an increase in accuracy in

the domain of text classification.

The work reported above, and our own paper,

come from diverse domains and illustrate the ap-

plication of combined rule/ML approaches using a

variety of machine learning algorithms.

This suggests the wide utility of using hand-

coded rules to improve accuracy of machine learn-

ing. Symetrically we may say that machine learn-

ing may potentially be used to improve the accu-

racy of hand-coded rules. Here we essentially fol-

low a hybrid model of development that examines

each method separately as well as in combination.

4 Data

4.1 Australian Contract Corpus

The data which forms the basis of this study is a

corpus of 256 contracts (‘the Australian Contract

Corpus’) which has been compiled from the web

using the Google Australia web search: http:

//www.google.com.au.3 The corpus is con-

stituted of 1043364 tokens (words and punctua-

tion), 42910 sentences, and a vocabulary of 14217.

The lexical diversity of this corpus is 73.39.4 As

far as we are aware there is no published work

based on a corpus of Australian contract language,

however space does not permit a fuller discussion

of the design and analysis of the corpus.

4.2 Data Representation

For the purpose of this study we randomly selected

30 contracts from the Australian Contract Corpus

to produce data sets for application of machine

learning. The 30 contracts were divided into three

3The search phrase we employed was: “clause party
agreement” , limiting the search to “pages from Australia”
and the filetype to “.doc”. The collection of the corpus was
undertaken in the period 6 - 24 December 2009. Each doc-
ument was visually inspected by one of the authors to verify
that it was an Australian contract and documents were added
to the corpus in order of their appearance in Google search
results. We have made available the list of URLs of the docu-
ments that make up the corpus at: http://cs.anu.edu.
au/people/Michael.Curtotti/. We also make code
and data referred to in this paper available at the same loca-
tion.

4Lexical diversity refers to the ratio of the total number of
tokens in the corpus to the total number of types of tokens i.e.
tokens/vocabulary. The statistics and information provided
here were extracted using the NLTK. (Bird et al., 2009).

sets: a training set (Set A)5, a second set (Set B)6

(primarily used as a test set, although sometimes

combined with Set A to form a larger training set)

and an additional test set (Set C)7, each of 10 con-

tracts. Set C was added to increase both available

data and the number of contracts on which testing

could be carried out.

To simplify processing all contracts were con-

verted into text files as a preprocessing step.8 Also

we removed material that typically does not ap-

pear in contracts (primarily guideline notes for

drafters).

For purposes of our study each ‘line’ or ‘para-

graph’ in a contract constituted a data point.

Sets A, B and C provided 1825, 2157 and 2231

lines/data points, respectively.

To classify our data for machine learning we

first employed our hand-coded tagger to produce

a labelled data set constituted of a line and pri-

mary and secondary labels according to our clas-

sification system (see below). The classifications

applied by the hand-coded tagger were then manu-

ally corrected to remove any labelling errors. Both

for the reason that hand tagging data from scratch

is more error prone than correcting previously ma-

chine tagged data, and because of the high labour

in manual tagging, machine assisted tagging is a

standard method used in corpus creation (Biber

et al., 1998, p 262), ((ed) Christopher S. Butler,

1992, p 131).

4.3 Feature Selection

Features were then extracted from our labelled

lines using a hand-coded feature extractor to ex-

tract up to 40 features to be used for machine

learning, with the primary class label earlier ap-

plied to each line serving as the target for machine

learning.9 Features for machine learning were se-

lected based on assumed relevance to the intended

classification.10 While a bag of word representa-

5Contracts numbered in our corpus: 55, 74, 77, 91, 94,
144, 174, 185, 208 and 213

6Contracts 11, 12, 164, 193, 196, 199, 249, 59, 64, 9
7Contracts 200, 254, 175, 180, 120, 102, 207, 127, 75 and

79
8Notably, this step does have the downside of discarding

valuable style and layout information found in the word doc-
ument format.

9In some instances the assignment of class is not entirely
disjunctive and implies a priority ordering of potential classi-
fications. For instance a clause may contain address details,
and be classified as such rather than as a clause. The feature
extractor removed secondary labels.

10The full list of features is as follows: 1. relative position
of a line within the contract; 2. line end punctuation; 3. num-
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tion with automatic feature extraction was trialed,

this was found to result in lower accuracy than

a manually selected (but small) number of fea-

tures. Traditionally, ‘feature engineering’ or ‘se-

lection’ in text classification has focussed on ‘bag

of words’ or proximate features such as n-grams

or noun phrases (Scott and Matwin, 1999). Our

selection of features might be regarded as ‘hybrid’

in that they implicitly encode domain knowledge

and ‘rules’. For example, we expect a definition

line to contain the widely used word ‘means’ as in

‘x means y’. We would expect clause headings to

display a different pattern of parts of speech occur-

rence, as compared to clauses themselves. We also

consider features such as the relationship between

the particular line/datapoint and its neighbouring

lines (e.g. is the preceding line long or short), or

the document as a whole (e.g. relative placement

of the line within the document).

Features used in the related work carried out

by others on contracts and legislation include: n-

grams (Indukuri), bag of word together with capi-

talisation and character patterns (Mencia), the use

of sequential word and token data as a HMM to

predict state where state is the classification of the

portion of text (Bacci/Francesconi) and the use of

word terms identifying titles and lists of indexed

terms (Hasan).

4.4 Classes

We adopted 32 classes for our classification

scheme. These classes represented significant

bering at the beginning of the line; 4. line length in charac-
ters; 5. line length in tokens; 6. number of nouns; 7. number
of adjectives; 8. number of verbs; 9. number of preposi-
tions; 10. number of coordinating conjunctions and cardinal
numbers; 11. number of modal verbs; 12. number of personal
pronouns, possessives; 13. number of adjectives; 14. whether
must occurs; 15. whether may occurs; 16. whether shall oc-
curs; 17. whether means occurs;18. the position of the word
means in the line; 19. whether the word ‘include’ occurs; 20.
the position of the word ‘includes’ in the line; 21. whether
the phase ‘has the same meaning’ occurs; 22. whether the
line begins with a capital letter followed by a stop or a space;
23. do the letters ’abn’ or ’acn’ appear; 24. does the word ad-
dress appear near the beginning of the line; 25. does the word
‘contact’ appear near the beginning of the line; 26. does the
word ‘email’ appear near the beginning of the line; 27. does
the word ‘fax’ appear near the beginning of the line; 28. does
the word ‘note’ appear at the beginning of the line; 29. does
the word ‘phone’ appear at the beginning of the line; 30. do
the terms ‘web’ or ‘www’ appear near the beginning of the
line; 31-36. token lengths of 3 lines before and after the data
line; 37. the tag applied by the hand coded tagger to the data
line; 38. whether the contract from which the line comes has
clause headings; 39. whether the contract from which the line
comes has clause sub-headings; 40. whether the contract has
a schedule.

structural elements (such as clause headings or

content lines) or sometimes key contract meta data

(for instance the parties, the date on which an

agreement is made, email addresses, ABNs etc).11

Of particular interest to us, was an ability to accu-

rately identify clausematter (the primary location

of legal rules of a contract) and clause headings

(which in some contracts effectively mark bound-

aries between major rule sets).

5 Experimental Evaluation

Analysis of our data sets was carried out using two

major methods: analysis using the training Set A

measuring peformance on test Set B (i.e. testing

for accuracy of classification of lines in Set B); and

analysis using training Set A where each contract

in test Sets B and C was used individually as a test

set (testing for accuracy of classification of lines

of each individual contract). The former testing

approach is more widely used but the latter is more

consistent with our intended end application: that

is, developing an ability to accurately classify lines

in a previously unseen contract as an individual

document.

Set A consisted of 1825 lines of data, Set B con-

sisted of 2157 lines of data and Set C consisted of

2231 lines of data.

5.1 Tools

The following tools were used to carry out ma-

chine learning tasks reported in this paper:

1. the python programming language was used

to develop a hand coded line tagger, a feature

extractor and code for evaluation of the per-

formance of the hand coded tagger;

2. the Natural Language Toolkit (NLTK)(Bird

et al., 2009) was used in corpus development

and in the hand coded tagger for application

of parts of speech tags; and

3. the Weka data mining software(Hall et al.,

2009) was used to carry out machine learn-

ing.

11The following class labels were applied: CLAUSE-
MATTER, CLAUSEHEAD, DEF, CONTENTSHEAD,
BLANK, DROSS, AND, BETWEEN, DATEMADE-
LINE, PARTIESHEAD, PARTYLINE, RECITALHEAD,
RECITALLINE, HEAD, CONTENTLINE, PRELIM, OP-
ERATIVEPROVISIONLINE, NUMBEREDLINE, SCHED-
ULEHEAD, SCHEDULEITEM, EXECUTIONBLOCK,
NOTE, ABNLINE, ADDRESSLINE, EMAILLINE,
WEBLINE, FAXLINE, PH-LINE, REF-LINE, SCH-
OTHERMATTER, CONTACTOFFICER, TITLELINE.
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5.2 Hand-Coded Tagger

Our hand-coded tagger follows a pipeline method-

ology. A contract is separated into a list of lines. In

the first phase, each line is passed through a series

of “if-then-else” routines (essentially utilising reg-

ular expressions) to assign primary and secondary

labels to the line. This produces a contract with

enhanced information content, in the form of a tu-

ple of labels and line text. This output is then fed

through a series of methods, progressively boot-

strapping improvements to labelling, based on the

information available when the method is applied.

For instance content lines will be identified, these

are then used in later methods to seek to identify

clause headings. In addition, the tagger extracts

contract meta data such as: a list of definitions,

a list of clause headings, where the beginning of

operative provisions occurs, where the schedule

begins. Such features may or may not occur in

a contract. In addition the tagger also provided

a method for hand correcting tagging which was

used to create our data set for supervised machine

learning purposes.

Development of the tagger relied heavily on do-

main knowledge to identify logical tests for label

application. For instance the occurrence of num-

bering at the beginning a line was used to identify

clause headings, or the presence of a common text

pattern which occur in definitions i.e. (the pattern

[“word[1-3]] means [...]” was used as a criterion

for identifying a line as a definition).

x s

On Set B Contracts 86.27% NA

Contract x Contract 82.84% 10.85%

Table 1: Accuracy of Line Tagger.

The first row of Table 1 reports accuracy of the

hand coded tagger when applied to Set B as the

test set (the % accuracy of tagging of individual

lines in Set B is reported). The second row of

Table 1 reports average accuracy with which the

lines in each of 20 contracts in Sets B and C are

tagged (standard deviation is also reported). The

high variance of the results at a contract by con-

tract level suggests a need for future work to iden-

tify if issues such as contract ‘type’ may account

for the differences (the lowest level of accuracy

was around 50% and the highest around 95%).

Table 2 provides measures of precision, recall

and F-measure attained by the hand coded tag-

Precision Recall F-Measure

CL.HEAD 0.98 0.83 0.89

CL.MATTER 0.91 0.91 0.91

DEF 1.00 0.66 0.80

Table 2: Performance results for Hand-Coded

Line Tagger

ger on Set B for key data items: clause headings,

clauses themselves and definitions.12 These re-

sults on key measures are sufficient for our ini-

tial purposes and will allow us to focus subsequent

work on addressing ambiguity in the substantive

rules found in a contract.

5.3 Supervised Machine Learning

Column 1 of Table 3 reports the accuracy of var-

ious supervised machine learning algorithms with

Set A as training set and Set B as test set. Of

the algorithms applied, Random Forest (imple-

mented using 100 trees and 30 random features)

performed best. No ML method performed better

than the hand coded tagger tested on the same test

set (see row 1 of Table 1).

5.4 Machine Learning vs Hand-coded

methods

Given our ultimate focus on developing applied

tools, we are primarily concerned to identify the

best methods to maximise the accuracy of our clas-

sification task. Whether this proves to be ma-

chine learning methods or hand-coded methods or

a combination of the two is immaterial from this

viewpoint (other than in regard of development

costs).

Also it is useful to consider whether methods

and insights from one method may assist in the

other. For instance, hand-coded rules that success-

fully labelled lines directly suggested ‘features’ to

be extracted for machine learning purposes. Con-

versely the identification of ‘features’ for machine

learning can be regarded as a programming ab-

straction where the algorithm is ‘under the hood’

but human intervention is required in the form of

feature selection for ‘learning’ to occur (implic-

itly encoding of rules in the feature set). In de-

riving our results we used a confusion matrix as a

tool to assist in identifying areas where the hand-

12Precision is TP

TP+FP
, Recall is TP

TP+FN
, and F-Measure

is 2PR

P+R
, where TP is true positives, FP is false positives,

FN is false negatives, P is precision, and R is recall.
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coded tagger required improvement and as a com-

mon baseline for performance. In certain forms

of machine learning, the resulting machine learn-

ing model can be represented as code in “if, then,

else” form (as in the output of a decision list or de-

cision tree learner). We may thus conceive of ma-

chine learning and hand coding of rules as differ-

ent ‘programming paradigms’ - a perspective that

encourages us to apply insights across the bound-

ary between them.

Further, we wished to explore the relative accu-

racy of machine learning vs hand coding for this

particular task. Such an exploration is valuable

from a cost benefit point of view. Supervised ma-

chine learning (where we have focused our atten-

tion) requires the production of human annotated

data (which is costly to produce) as well as fea-

ture testing and refinement. Also machine learn-

ing may be computationally intensive. Production

of an accurate hand-coded tagger requires expert

knowledge and considerable testing and code re-

finement in order to achieve a high level of ac-

curacy (which again is resource intensive). We

did not undertake quantitative data collection in

respect of time employed in the two methods,

particularly as we followed an iterative develop-

ment model that switched between rule based and

machine learning focussed work and as we were

searching for optimal outcomes. Nonetheless we

anecdotally report that each method presented sig-

nificant demands in terms of development time.

In the results reported above we note that no

machine learning approach alone exceeded the

performance of the hand coded tagger when con-

sidering performance on test Set B as a whole.

This is the result also found at contract by contract

level (see below Table 4).

5.5 Leveraging Hand-Coded Labels for

Machine Learning

As noted above we also wished to explore whether

utilising the output from the hand coded tagger

as input features for machine learning might im-

prove the accuracy of machine learning alone. A

converse question that could be framed is whether

the rule based tagger’s performance could be im-

proved by combination with machine learning.

We carried out two trials that bear on these ques-

tions:

1. machine learning alone and machine learning

enhanced with rule based input on an entire

test set (Set B); and

2. machine learning alone, rule alone and ma-

chine learning enhanced with rule based in-

put at contract by contract level.

ML Algorithm ML Alone ML + Rule

Naive Bayes 82.38% 84.75%

SMO (SVM) 82.80% 85.40%

Cl. via Regression 83.91% 87.07%

Decision Tree 82.01% 87.02%

Bagging 83.54% 87.76%

Majority Vote 84.42% 87.11%

Random Forest 85.12% 86.69%

Table 3: Comparative Performance ML alone and

ML + Rule on train and test set

Column 2 of Table 3 shows the improvement in

performance of various machine learning methods

when tags applied by the hand coded tagger were

provided as input features. All methods show im-

provement with addition of the rule derived feature

on Set B as a whole.13

We report below a comparison of accuracy of

machine learning, rule based tagging and a com-

bination of both in respect of Decision Trees. De-

cision trees offer the advantage that the output is

easily interpretable as a rule set for tagging.

Method x s

ML Alone 79.12% 10.71%

Rule Alone 82.84% 10.85%

ML + Rule 83.48% 9.83%

Table 4: Tagging Accuracy Mean and Standard

Deviation - Contract by Contract

Although the results reported in Table 4 are

different (as different contracts are included in

the tested contracts)14 average accuracy continued

to show a differential between machine learning

alone, and machine learning leveraged with hand

rules, as described above. On this combination

ML + Rule also outperformed the rule based tag-

ger alone, but by a very narrow margin. In 17 of

20 cases ML + Rule improved or did not worsen

performance of ML alone. In 15 of 20 cases, ML +

13The training set for the results reported in Table 3 was
Set A. The test set was Set B.

14The training set was Set A. Sets B and C provided 20
individual contracts (effectively 20 test sets) for testing.
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rule was no worse or outperformed the hand coded

tagger alone. Notably variation is quite high as

compared to the mean. Testing for statistical sig-

nificance we can reject a null hypothesis that the

mean accuracy for ML + Rule is the same as for

ML alone. We cannot reject a null hypothesis that

ML + Rule is the same as Rule alone.15 We note

also that this investigation was only carried out in

respect of the decision tree learner.

5.5.1 Is it more effective to increase data or

use rule based features?

To further explore the question of how much ef-

fort might be saved by combining rule based ap-

proaches with machine learning alone we tested

the effect of adding random noise to the feature

set provided by the hand coded tagger. We found

that we had to randomly flip over 45% of these

tags before they ceased to impact positively on

classification accuracy. This suggests that even

poorly prepared hand coded rules can improve per-

formance.16

We also tested the effect of incrementally in-

creasing the amount of available training data

to explore any decrease in differential in perfor-

mance. Testing using Set C as the test set and

taking training data from Sets A and B, we pro-

gressively increased training data by increments

of 500 instances of data. Differential performance

decreases progressively, starting around 5% and

reducing to 2.5% as more training data is made

available.17 (See Table 5.) Extrapolating from

these figures we would expect at a minimum that

training data would have to be doubled to remove

differential accuracy. Relatively little effort in de-

veloping rule based features may substitute for

considerable work in creating additional super-

vised data.

15We gratefully acknowledge the assistance of Bob For-
rester of the ANU Statistical Consulting Unit in deriving
this result, undertaken utilising a generalised linear model
to undertake model fitting adjusting for different file (con-
tract) types. Predictions of estimated mean proportions were:
ML Alone 0.7760 (s.e. 0.007181), Rule alone 0.8106 (s.e.
0.006775), ML+ Rule 0.8181 (s.e. 0.006677).

16Using a Decision Tree, ML + Rule accuracy on test Set B
with training Set A, was 87.0% with zero noise, 86.9% with
5% noise, 84.7% with 10% noise, 85.2% with 20% noise,
84.4% with 30% noise, 83.9% with 40% noise, 82.8% with
45% noise, 82.4% with 50% noise. Decision Tree accuracy
on ML alone on this training and test set was 82.0%.

17The data has a negative correlation of -0.70

Data 0.5 1K 1.5 2K 2.5 3K 3.5 4K

Diff. 5.1 3.4 5 4.2 3.3 3.1 3.9 2.6

Table 5: Difference in % accuracy of ML alone

and ML with rule based feature with increasing

training data.

5.5.2 Decision tree output

An examination of the decision tree produced af-

ter adding the output of the hand-coded tagger to

machine learning is of interest.

LTlabel = #CLAUSEMATTER#

| tknLngth <= 4

|| nounNum <= 1: #CLAUSEMATTER# (6.0/2.0)

|| nounNum > 1

||| linePos. <= 0.383929: #PRELIM# (2.0)

||| linePos. > 0.383929: #CLAUSEHEAD# (2.0)

| tknLngth > 4: #CLAUSEMATTER# (508.0/7.0)

: :

: :

LTlabel = #PH-LINE#

| prepNum <= 1: #PH-LINE# (5.0)

| prepNum > 1: #CLAUSEMATTER# (2.0)

LTlabel = #EMAILLINE#: #EMAILLINE# (3.0)

LTlabel = #ABNLINE#

| preLine2 <= 0: #TITLELINE# (2.0/1.0)

| preLine2 > 0: #ABNLINE# (3.0)

Figure 1: Part of the decision tree learnt when the

labels from the hand-coded are provided as an at-

tribute.

Using only the machine learning feature set, the

size of the pruned tree is 199 with 108 leaves.

After addition of labels provided by our hand-

coded tagger the size of the decision tree is re-

duced to 105 with 69 leaves. Figure 1 shows part

of this decision tree and as illustrated, the deci-

sion tree generally begins with the label assigned

by the hand-coded tagger ‘LTlabel’ and amends

the label (where necessary) utilizing other fea-

tures available to the machine learner. Some labels

(e.g. EMAILLINE) were simply adopted without

change. In the case of the CLAUSEMATTER la-

bel, the machine learner used the number of to-

kens in the line (‘tknLngth’), number of nouns in

the line (‘nounNum’) and the relative position of

the line in the contract (‘linePos.’) to re-assign the

class of the line. The significance of the use of la-

bels assigned by the hand-coded tagger is that the

decision-tree identifies that attribute as providing

the most significant information gain (that is re-

duction in entropy) and therefore partitions on that

feature (Callan, 2003, p245). This remains true

in this example irrespective of the class to which
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the data is being assigned.18 It is obvious that the

best feature for assigning the correct label for an

item of data is the correct or probably correct la-

bel (if one can obtain it without undue endeavour).

From a practical viewpoint some effort directing

to hand-crafting code to extract appropriate class

labels may thus assist machine learning.

6 Conclusions and Future Work

In terms of the overall performance of the methods

described in this paper the closest point of compar-

ison is the work reported by Indukuri and Krishna

(Indukuri and Krishna, 2010). While comparisons

using different methods, software and data are of

dubious validity, we may note their broad similar-

ity. With a training set of 10 contracts and a test set

of 20 contracts, the contract-by-contract average

F-measure for the clausematter class was 0.8632.

Also in 14 contracts of the 20 tested the F-measure

for the clausematter class was above 0.85. With a

training set of 10 contracts (Set A) and a test set

of 10 contracts (Set B) (as a single test set) the

F-measure for the clausematter class was 0.921.19

Using 4-grams as features, Indukuri and Krishna

report an accuracy of 83.48% on the task of clas-

sification clauses from non-clauses, applied to 73

sentences to be so classified. Whereas the task in

that case was a binary classification task over one

contract, we report results on multi-class classifi-

cation over test sets of up to 20 contracts.20

The work we have undertaken and related work

reviewed in this paper (Section 3) suggests the po-

tentially broad utility of combining rule based and

machine learning methods. One potential hybrid

classification method in its simplest formulation

may look something like this:

1. determine the required or anticipated level of

accuracy for the intended application;

2. develop a simple code rule set for the classifi-

cation task (i.e. with minimal expenditure of

resources);

3. if classification accuracy is sufficient ma-

chine learning would not be required, if not

18The Weka decision tree implementation, “J.48”, is based
on the Quinlan’s C4.5(Quinlan, 1986).

19The results reported here are derived using a random for-
est algorithm and using the hand coded tag as an input feature
for classification.

20Coincidentally the 83.48% figure is the same as our av-
erage result over all classes for 20 contracts.

proceed as usual in development of machine

learning using the output of hand coded rules

as an input to machine learning.

Such a development model does not avoid the de-

velopment of a supervised training set, as such a

set is required both to assess the accuracy of the

rule based tagger as well as the machine learner

(should development proceed to that stage). How-

ever it may reduce the amount of data required

to attain a desired level of accuracy. The method

could of course be applied iteratively, if the accu-

racy level is insufficient after a first iteration.

Future work to be explored includes the effec-

tive “typing” of contracts (particularly in light of

the high variance of performance on individual

contracts). For instance, some contracts use clause

headings, others do not. Some use schedules, oth-

ers do not, etc. Such type information may fur-

ther assist in the classification task (the accuracy of

which varies considerably depending on the con-

tract to which it is applied). In typical preprocess-

ing, documents in corpora are converted to plain

text. This results in the loss of layout and hierar-

chical information found in word documents. The

preservation of such information for use in classi-

fication tasks may improve accuracy.

The preliminary work here is also a precursor to

work on identification of ambiguity and the devel-

opment of practical tools to assist in contract draft-

ing. In separate work, we intend also to describe

and analyse the contract corpus that is referred to

here as the basis of this work.
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Abstract

Written contracts are a fundamental

framework for commercial and coopera-

tive transactions and relationships. Lim-

ited research has been published on the ap-

plication of machine learning and natural

language processing (NLP) to contracts.

In this paper we report the classification

of components of contract texts using ma-

chine learning and hand-coded methods.

Authors studying a range of domains have

found that combining machine learning

and rule based approaches increases accu-

racy of machine learning. We find similar

results which suggest the utility of consid-

ering leveraging hand coded classification

rules for machine learning. We attained an

average accuracy of 83.48% on a multi-

class labelling task on 20 contracts com-

bining machine learning and rule based

approaches, increasing performance over

machine learning alone.

1 Introduction

Contracts govern economic transactions and com-

mercial or organisational relationships from triv-

ial purchases to major national infrastructure

projects. Any large organisation (whether private

or public) must unavoidably invest significant re-

sources in developing and concluding contracts, as

the contracts it enters define its legal relations with

organisations and individuals with which it inter-

acts. As one author has noted, contracts are an

integral part of any business enterprise and it is

“difficult to overstate their importance to the busi-

ness world” (Khoury and Yamouni, 2007, p16). In

addition, drafting contracts represents a major eco-

nomic activity for the legal industry.

Ambiguity is an unresolved problem in natu-

ral language processing. It is also an important

problem affecting the drafting and operation of

contracts. The costs of ambiguity in a contract

can be enormous. The presence of ambiguity in-

creases the risk of litigation, project failure and

loss of commercial relationships. Instances of lit-

igated ambiguity are used in drafting manuals as

instructional tales for the unwary drafter (Aitken

and Butt, 2004, p37).

Our future research goal is to investigate ap-

proaches that will help identify such ambiguity,

however, a precursor for addressing the problem

of ambiguity is accurate labelling or classification

of the constituent parts of contract documents.1 In

this paper we report work on classifying ‘lines’ in

contracts into 32 classes. We compare three dif-

ferent classification approaches in order to deter-

mine which approach may provide the best per-

formance with respect to this task: supervised

machine learning; a hand-crafted rule based tag-

ger; or combining hand-crafted rules based tag-

ging with machine learning.

2 Background

Natural language processing involves applying a

pipeline of transformations to text. A typical first

step is to segment the text into its sentences, af-

ter which further processing is applied (Jurafsky

and Martin, 2009, p 69). This works well in usual

English prose, but is not necessarily well suited to

contracts because of the heavy use of layout to em-

body structure and semantics. In a contract, a sen-

tence may occur within a single paragraph of text,

or may be spread over several line breaks due to

the use of sub-paragraphing as an aid to compre-

hension. Such sub-paragraphs may embody dis-

junctive or conjunctive conditions associated with

1This task can also be thought of as a document segmen-
tation task, although we here consider it as a classification
exercise.
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a rule. A ‘clause’2 is the typical structural unit

which embodies a legal rule or set of rules. Some-

times clauses are organised into sub-clauses and

clauses and sub-clauses may be numbered in hier-

archical fashion (e.g. 1, 1.1, (a), (i), (A))(Aitken

and Butt, 2004, pp 23, 27). Line breaks often

occur immediately before data such as headings,

clauses, sub-clauses, party names, dates or execu-

tion blocks. Being able to label a line as to its char-

acter, key content or function thus enriches avail-

able information for later NLP. The line is thus a

valuable starting point for applying NLP.

3 Related Work

3.1 Classification and Segmentation of

Contracts and Legislative Documents

There would appear to be little published work

on the application of natural language process-

ing (NLP) or machine learning specifically for the

classification of text in legal contracts. An excep-

tion to this is (Indukuri and Krishna, 2010) who

apply a support vector machine over feature vec-

tors extracted from contract clauses. These feature

vectors are comprised of n-grams up to size n = 4.

They classify contract sentences as clauses or non-

clauses and then sub-classify clauses as concerned

with payment terms or not. Indukuri and Krishna

note the lack of published work on classification

of sentences in contract documents for workflow

and monitoring purposes.

While also limited, there has been some work

on segmentation or classification of legislative cor-

pora using machine learning. (Mencı́a, 2009) re-

ports 100% precision and recall in machine learn-

ing on classification of legislation into articles,

sections and parts (although to a task for which he

is able to craft an equally accurate regular expres-

sion based segmenter). (Bacci et al., 2009) auto-

matically classify plain text legislative documents

for the purpose of XML mark up. (Francesconi,

2006), on whose work Bacci et al. build, describes

four separate modules for dealing with plain text

legacy content which they are seeking to convert

to XML tagged text. (Hasan et al., 2008) carry

out segmentation of Spanish legislative bulletins

using the table of contents as an aid to segmenta-

tion. This work, in the legislative field, provides

a parallel application domain for the work under-

taken here in respect of contracts, although it is

2The term ‘clause’ here refers to a legal rule or rules ap-
pearing in a contract, rather than the linguistic entity.

generally true that legislation will tend to conform

to far tighter stylistic rules, because of the central

control of legislative drafting.

3.2 Combining Machine Learning and Hand

Coded Approaches

A number of researchers have combined hand-

coded approaches and machine learning to pro-

duce better overall results.

(Kipp, 2006) augments handcrafted rules with

machine learnt rules for gesture generation.

(McCreath and Kay, 2003) used such a com-

bined approach to improve performance on cate-

gorizing emails.

(Park and Zhang, 2003) address the problem of

text chunking for the Korean language, combining

hand-crafted rules with a memory based machine

learning method. A rule based method is used to

determine whether an instance may constitute an

exceptional case, with machine learning used to

correct classifications assigned by the rule based

method. They report up to a 2.83% improvement

in F-scores over memory-based learning alone.

(Rochery et al., 2002) report the use of hand-

crafted rules to enhance the accuracy of machine

learning utilising boosting. They apply the method

to a multi-labelling classification problem where

they are seeking to classify spoken utterances.

They attribute increased accuracy to the fact that

the rules they develop are not represented in their

data at all or do not appear sufficiently to have sta-

tistical impact during the training process. They

note that the combination has the greatest effect

when there are less then 100 examples, with the

benefit of the combination decreasing as the num-

ber of training examples increases. The method

therefore has direct applicability to reducing the

data requirement for machine learning (a costly as-

pect of supervised machine learning).

(Takahashi et al., 2005) utilise a combination

of SVM based learning and hand-crafted rules for

the task of classifying occupations from social sur-

veys. They effect a combination by using rule de-

rived labels as features for the machine learner.

Again the work occurs in a multi-class labelling

context (with around 200 occupation codes). They

find that SVM approaches are superior to rule-

based approaches alone but that combining rule-

based and SVM learning produces the best results.

They also examine the effect of the number of

training examples, noting that the differential ben-
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efits of combining methods reduces with increas-

ing data.

In our study we use class labels assigned by a

hand-coded tagger as additional features for ma-

chine learning to obtain an increase in accuracy in

the domain of text classification.

The work reported above, and our own paper,

come from diverse domains and illustrate the ap-

plication of combined rule/ML approaches using a

variety of machine learning algorithms.

This suggests the wide utility of using hand-

coded rules to improve accuracy of machine learn-

ing. Symetrically we may say that machine learn-

ing may potentially be used to improve the accu-

racy of hand-coded rules. Here we essentially fol-

low a hybrid model of development that examines

each method separately as well as in combination.

4 Data

4.1 Australian Contract Corpus

The data which forms the basis of this study is a

corpus of 256 contracts (‘the Australian Contract

Corpus’) which has been compiled from the web

using the Google Australia web search: http:

//www.google.com.au.3 The corpus is con-

stituted of 1043364 tokens (words and punctua-

tion), 42910 sentences, and a vocabulary of 14217.

The lexical diversity of this corpus is 73.39.4 As

far as we are aware there is no published work

based on a corpus of Australian contract language,

however space does not permit a fuller discussion

of the design and analysis of the corpus.

4.2 Data Representation

For the purpose of this study we randomly selected

30 contracts from the Australian Contract Corpus

to produce data sets for application of machine

learning. The 30 contracts were divided into three

3The search phrase we employed was: “clause party
agreement” , limiting the search to “pages from Australia”
and the filetype to “.doc”. The collection of the corpus was
undertaken in the period 6 - 24 December 2009. Each doc-
ument was visually inspected by one of the authors to verify
that it was an Australian contract and documents were added
to the corpus in order of their appearance in Google search
results. We have made available the list of URLs of the docu-
ments that make up the corpus at: http://cs.anu.edu.
au/people/Michael.Curtotti/. We also make code
and data referred to in this paper available at the same loca-
tion.

4Lexical diversity refers to the ratio of the total number of
tokens in the corpus to the total number of types of tokens i.e.
tokens/vocabulary. The statistics and information provided
here were extracted using the NLTK. (Bird et al., 2009).

sets: a training set (Set A)5, a second set (Set B)6

(primarily used as a test set, although sometimes

combined with Set A to form a larger training set)

and an additional test set (Set C)7, each of 10 con-

tracts. Set C was added to increase both available

data and the number of contracts on which testing

could be carried out.

To simplify processing all contracts were con-

verted into text files as a preprocessing step.8 Also

we removed material that typically does not ap-

pear in contracts (primarily guideline notes for

drafters).

For purposes of our study each ‘line’ or ‘para-

graph’ in a contract constituted a data point.

Sets A, B and C provided 1825, 2157 and 2231

lines/data points, respectively.

To classify our data for machine learning we

first employed our hand-coded tagger to produce

a labelled data set constituted of a line and pri-

mary and secondary labels according to our clas-

sification system (see below). The classifications

applied by the hand-coded tagger were then manu-

ally corrected to remove any labelling errors. Both

for the reason that hand tagging data from scratch

is more error prone than correcting previously ma-

chine tagged data, and because of the high labour

in manual tagging, machine assisted tagging is a

standard method used in corpus creation (Biber

et al., 1998, p 262), ((ed) Christopher S. Butler,

1992, p 131).

4.3 Feature Selection

Features were then extracted from our labelled

lines using a hand-coded feature extractor to ex-

tract up to 40 features to be used for machine

learning, with the primary class label earlier ap-

plied to each line serving as the target for machine

learning.9 Features for machine learning were se-

lected based on assumed relevance to the intended

classification.10 While a bag of word representa-

5Contracts numbered in our corpus: 55, 74, 77, 91, 94,
144, 174, 185, 208 and 213

6Contracts 11, 12, 164, 193, 196, 199, 249, 59, 64, 9
7Contracts 200, 254, 175, 180, 120, 102, 207, 127, 75 and

79
8Notably, this step does have the downside of discarding

valuable style and layout information found in the word doc-
ument format.

9In some instances the assignment of class is not entirely
disjunctive and implies a priority ordering of potential classi-
fications. For instance a clause may contain address details,
and be classified as such rather than as a clause. The feature
extractor removed secondary labels.

10The full list of features is as follows: 1. relative position
of a line within the contract; 2. line end punctuation; 3. num-
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tion with automatic feature extraction was trialed,

this was found to result in lower accuracy than

a manually selected (but small) number of fea-

tures. Traditionally, ‘feature engineering’ or ‘se-

lection’ in text classification has focussed on ‘bag

of words’ or proximate features such as n-grams

or noun phrases (Scott and Matwin, 1999). Our

selection of features might be regarded as ‘hybrid’

in that they implicitly encode domain knowledge

and ‘rules’. For example, we expect a definition

line to contain the widely used word ‘means’ as in

‘x means y’. We would expect clause headings to

display a different pattern of parts of speech occur-

rence, as compared to clauses themselves. We also

consider features such as the relationship between

the particular line/datapoint and its neighbouring

lines (e.g. is the preceding line long or short), or

the document as a whole (e.g. relative placement

of the line within the document).

Features used in the related work carried out

by others on contracts and legislation include: n-

grams (Indukuri), bag of word together with capi-

talisation and character patterns (Mencia), the use

of sequential word and token data as a HMM to

predict state where state is the classification of the

portion of text (Bacci/Francesconi) and the use of

word terms identifying titles and lists of indexed

terms (Hasan).

4.4 Classes

We adopted 32 classes for our classification

scheme. These classes represented significant

bering at the beginning of the line; 4. line length in charac-
ters; 5. line length in tokens; 6. number of nouns; 7. number
of adjectives; 8. number of verbs; 9. number of preposi-
tions; 10. number of coordinating conjunctions and cardinal
numbers; 11. number of modal verbs; 12. number of personal
pronouns, possessives; 13. number of adjectives; 14. whether
must occurs; 15. whether may occurs; 16. whether shall oc-
curs; 17. whether means occurs;18. the position of the word
means in the line; 19. whether the word ‘include’ occurs; 20.
the position of the word ‘includes’ in the line; 21. whether
the phase ‘has the same meaning’ occurs; 22. whether the
line begins with a capital letter followed by a stop or a space;
23. do the letters ’abn’ or ’acn’ appear; 24. does the word ad-
dress appear near the beginning of the line; 25. does the word
‘contact’ appear near the beginning of the line; 26. does the
word ‘email’ appear near the beginning of the line; 27. does
the word ‘fax’ appear near the beginning of the line; 28. does
the word ‘note’ appear at the beginning of the line; 29. does
the word ‘phone’ appear at the beginning of the line; 30. do
the terms ‘web’ or ‘www’ appear near the beginning of the
line; 31-36. token lengths of 3 lines before and after the data
line; 37. the tag applied by the hand coded tagger to the data
line; 38. whether the contract from which the line comes has
clause headings; 39. whether the contract from which the line
comes has clause sub-headings; 40. whether the contract has
a schedule.

structural elements (such as clause headings or

content lines) or sometimes key contract meta data

(for instance the parties, the date on which an

agreement is made, email addresses, ABNs etc).11

Of particular interest to us, was an ability to accu-

rately identify clausematter (the primary location

of legal rules of a contract) and clause headings

(which in some contracts effectively mark bound-

aries between major rule sets).

5 Experimental Evaluation

Analysis of our data sets was carried out using two

major methods: analysis using the training Set A

measuring peformance on test Set B (i.e. testing

for accuracy of classification of lines in Set B); and

analysis using training Set A where each contract

in test Sets B and C was used individually as a test

set (testing for accuracy of classification of lines

of each individual contract). The former testing

approach is more widely used but the latter is more

consistent with our intended end application: that

is, developing an ability to accurately classify lines

in a previously unseen contract as an individual

document.

Set A consisted of 1825 lines of data, Set B con-

sisted of 2157 lines of data and Set C consisted of

2231 lines of data.

5.1 Tools

The following tools were used to carry out ma-

chine learning tasks reported in this paper:

1. the python programming language was used

to develop a hand coded line tagger, a feature

extractor and code for evaluation of the per-

formance of the hand coded tagger;

2. the Natural Language Toolkit (NLTK)(Bird

et al., 2009) was used in corpus development

and in the hand coded tagger for application

of parts of speech tags; and

3. the Weka data mining software(Hall et al.,

2009) was used to carry out machine learn-

ing.

11The following class labels were applied: CLAUSE-
MATTER, CLAUSEHEAD, DEF, CONTENTSHEAD,
BLANK, DROSS, AND, BETWEEN, DATEMADE-
LINE, PARTIESHEAD, PARTYLINE, RECITALHEAD,
RECITALLINE, HEAD, CONTENTLINE, PRELIM, OP-
ERATIVEPROVISIONLINE, NUMBEREDLINE, SCHED-
ULEHEAD, SCHEDULEITEM, EXECUTIONBLOCK,
NOTE, ABNLINE, ADDRESSLINE, EMAILLINE,
WEBLINE, FAXLINE, PH-LINE, REF-LINE, SCH-
OTHERMATTER, CONTACTOFFICER, TITLELINE.
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5.2 Hand-Coded Tagger

Our hand-coded tagger follows a pipeline method-

ology. A contract is separated into a list of lines. In

the first phase, each line is passed through a series

of “if-then-else” routines (essentially utilising reg-

ular expressions) to assign primary and secondary

labels to the line. This produces a contract with

enhanced information content, in the form of a tu-

ple of labels and line text. This output is then fed

through a series of methods, progressively boot-

strapping improvements to labelling, based on the

information available when the method is applied.

For instance content lines will be identified, these

are then used in later methods to seek to identify

clause headings. In addition, the tagger extracts

contract meta data such as: a list of definitions,

a list of clause headings, where the beginning of

operative provisions occurs, where the schedule

begins. Such features may or may not occur in

a contract. In addition the tagger also provided

a method for hand correcting tagging which was

used to create our data set for supervised machine

learning purposes.

Development of the tagger relied heavily on do-

main knowledge to identify logical tests for label

application. For instance the occurrence of num-

bering at the beginning a line was used to identify

clause headings, or the presence of a common text

pattern which occur in definitions i.e. (the pattern

[“word[1-3]] means [...]” was used as a criterion

for identifying a line as a definition).

x s

On Set B Contracts 86.27% NA

Contract x Contract 82.84% 10.85%

Table 1: Accuracy of Line Tagger.

The first row of Table 1 reports accuracy of the

hand coded tagger when applied to Set B as the

test set (the % accuracy of tagging of individual

lines in Set B is reported). The second row of

Table 1 reports average accuracy with which the

lines in each of 20 contracts in Sets B and C are

tagged (standard deviation is also reported). The

high variance of the results at a contract by con-

tract level suggests a need for future work to iden-

tify if issues such as contract ‘type’ may account

for the differences (the lowest level of accuracy

was around 50% and the highest around 95%).

Table 2 provides measures of precision, recall

and F-measure attained by the hand coded tag-

Precision Recall F-Measure

CL.HEAD 0.98 0.83 0.89

CL.MATTER 0.91 0.91 0.91

DEF 1.00 0.66 0.80

Table 2: Performance results for Hand-Coded

Line Tagger

ger on Set B for key data items: clause headings,

clauses themselves and definitions.12 These re-

sults on key measures are sufficient for our ini-

tial purposes and will allow us to focus subsequent

work on addressing ambiguity in the substantive

rules found in a contract.

5.3 Supervised Machine Learning

Column 1 of Table 3 reports the accuracy of var-

ious supervised machine learning algorithms with

Set A as training set and Set B as test set. Of

the algorithms applied, Random Forest (imple-

mented using 100 trees and 30 random features)

performed best. No ML method performed better

than the hand coded tagger tested on the same test

set (see row 1 of Table 1).

5.4 Machine Learning vs Hand-coded

methods

Given our ultimate focus on developing applied

tools, we are primarily concerned to identify the

best methods to maximise the accuracy of our clas-

sification task. Whether this proves to be ma-

chine learning methods or hand-coded methods or

a combination of the two is immaterial from this

viewpoint (other than in regard of development

costs).

Also it is useful to consider whether methods

and insights from one method may assist in the

other. For instance, hand-coded rules that success-

fully labelled lines directly suggested ‘features’ to

be extracted for machine learning purposes. Con-

versely the identification of ‘features’ for machine

learning can be regarded as a programming ab-

straction where the algorithm is ‘under the hood’

but human intervention is required in the form of

feature selection for ‘learning’ to occur (implic-

itly encoding of rules in the feature set). In de-

riving our results we used a confusion matrix as a

tool to assist in identifying areas where the hand-

12Precision is TP

TP+FP
, Recall is TP

TP+FN
, and F-Measure

is 2PR

P+R
, where TP is true positives, FP is false positives,

FN is false negatives, P is precision, and R is recall.
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coded tagger required improvement and as a com-

mon baseline for performance. In certain forms

of machine learning, the resulting machine learn-

ing model can be represented as code in “if, then,

else” form (as in the output of a decision list or de-

cision tree learner). We may thus conceive of ma-

chine learning and hand coding of rules as differ-

ent ‘programming paradigms’ - a perspective that

encourages us to apply insights across the bound-

ary between them.

Further, we wished to explore the relative accu-

racy of machine learning vs hand coding for this

particular task. Such an exploration is valuable

from a cost benefit point of view. Supervised ma-

chine learning (where we have focused our atten-

tion) requires the production of human annotated

data (which is costly to produce) as well as fea-

ture testing and refinement. Also machine learn-

ing may be computationally intensive. Production

of an accurate hand-coded tagger requires expert

knowledge and considerable testing and code re-

finement in order to achieve a high level of ac-

curacy (which again is resource intensive). We

did not undertake quantitative data collection in

respect of time employed in the two methods,

particularly as we followed an iterative develop-

ment model that switched between rule based and

machine learning focussed work and as we were

searching for optimal outcomes. Nonetheless we

anecdotally report that each method presented sig-

nificant demands in terms of development time.

In the results reported above we note that no

machine learning approach alone exceeded the

performance of the hand coded tagger when con-

sidering performance on test Set B as a whole.

This is the result also found at contract by contract

level (see below Table 4).

5.5 Leveraging Hand-Coded Labels for

Machine Learning

As noted above we also wished to explore whether

utilising the output from the hand coded tagger

as input features for machine learning might im-

prove the accuracy of machine learning alone. A

converse question that could be framed is whether

the rule based tagger’s performance could be im-

proved by combination with machine learning.

We carried out two trials that bear on these ques-

tions:

1. machine learning alone and machine learning

enhanced with rule based input on an entire

test set (Set B); and

2. machine learning alone, rule alone and ma-

chine learning enhanced with rule based in-

put at contract by contract level.

ML Algorithm ML Alone ML + Rule

Naive Bayes 82.38% 84.75%

SMO (SVM) 82.80% 85.40%

Cl. via Regression 83.91% 87.07%

Decision Tree 82.01% 87.02%

Bagging 83.54% 87.76%

Majority Vote 84.42% 87.11%

Random Forest 85.12% 86.69%

Table 3: Comparative Performance ML alone and

ML + Rule on train and test set

Column 2 of Table 3 shows the improvement in

performance of various machine learning methods

when tags applied by the hand coded tagger were

provided as input features. All methods show im-

provement with addition of the rule derived feature

on Set B as a whole.13

We report below a comparison of accuracy of

machine learning, rule based tagging and a com-

bination of both in respect of Decision Trees. De-

cision trees offer the advantage that the output is

easily interpretable as a rule set for tagging.

Method x s

ML Alone 79.12% 10.71%

Rule Alone 82.84% 10.85%

ML + Rule 83.48% 9.83%

Table 4: Tagging Accuracy Mean and Standard

Deviation - Contract by Contract

Although the results reported in Table 4 are

different (as different contracts are included in

the tested contracts)14 average accuracy continued

to show a differential between machine learning

alone, and machine learning leveraged with hand

rules, as described above. On this combination

ML + Rule also outperformed the rule based tag-

ger alone, but by a very narrow margin. In 17 of

20 cases ML + Rule improved or did not worsen

performance of ML alone. In 15 of 20 cases, ML +

13The training set for the results reported in Table 3 was
Set A. The test set was Set B.

14The training set was Set A. Sets B and C provided 20
individual contracts (effectively 20 test sets) for testing.
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rule was no worse or outperformed the hand coded

tagger alone. Notably variation is quite high as

compared to the mean. Testing for statistical sig-

nificance we can reject a null hypothesis that the

mean accuracy for ML + Rule is the same as for

ML alone. We cannot reject a null hypothesis that

ML + Rule is the same as Rule alone.15 We note

also that this investigation was only carried out in

respect of the decision tree learner.

5.5.1 Is it more effective to increase data or

use rule based features?

To further explore the question of how much ef-

fort might be saved by combining rule based ap-

proaches with machine learning alone we tested

the effect of adding random noise to the feature

set provided by the hand coded tagger. We found

that we had to randomly flip over 45% of these

tags before they ceased to impact positively on

classification accuracy. This suggests that even

poorly prepared hand coded rules can improve per-

formance.16

We also tested the effect of incrementally in-

creasing the amount of available training data

to explore any decrease in differential in perfor-

mance. Testing using Set C as the test set and

taking training data from Sets A and B, we pro-

gressively increased training data by increments

of 500 instances of data. Differential performance

decreases progressively, starting around 5% and

reducing to 2.5% as more training data is made

available.17 (See Table 5.) Extrapolating from

these figures we would expect at a minimum that

training data would have to be doubled to remove

differential accuracy. Relatively little effort in de-

veloping rule based features may substitute for

considerable work in creating additional super-

vised data.

15We gratefully acknowledge the assistance of Bob For-
rester of the ANU Statistical Consulting Unit in deriving
this result, undertaken utilising a generalised linear model
to undertake model fitting adjusting for different file (con-
tract) types. Predictions of estimated mean proportions were:
ML Alone 0.7760 (s.e. 0.007181), Rule alone 0.8106 (s.e.
0.006775), ML+ Rule 0.8181 (s.e. 0.006677).

16Using a Decision Tree, ML + Rule accuracy on test Set B
with training Set A, was 87.0% with zero noise, 86.9% with
5% noise, 84.7% with 10% noise, 85.2% with 20% noise,
84.4% with 30% noise, 83.9% with 40% noise, 82.8% with
45% noise, 82.4% with 50% noise. Decision Tree accuracy
on ML alone on this training and test set was 82.0%.

17The data has a negative correlation of -0.70

Data 0.5 1K 1.5 2K 2.5 3K 3.5 4K

Diff. 5.1 3.4 5 4.2 3.3 3.1 3.9 2.6

Table 5: Difference in % accuracy of ML alone

and ML with rule based feature with increasing

training data.

5.5.2 Decision tree output

An examination of the decision tree produced af-

ter adding the output of the hand-coded tagger to

machine learning is of interest.

LTlabel = #CLAUSEMATTER#

| tknLngth <= 4

|| nounNum <= 1: #CLAUSEMATTER# (6.0/2.0)

|| nounNum > 1

||| linePos. <= 0.383929: #PRELIM# (2.0)

||| linePos. > 0.383929: #CLAUSEHEAD# (2.0)

| tknLngth > 4: #CLAUSEMATTER# (508.0/7.0)

: :

: :

LTlabel = #PH-LINE#

| prepNum <= 1: #PH-LINE# (5.0)

| prepNum > 1: #CLAUSEMATTER# (2.0)

LTlabel = #EMAILLINE#: #EMAILLINE# (3.0)

LTlabel = #ABNLINE#

| preLine2 <= 0: #TITLELINE# (2.0/1.0)

| preLine2 > 0: #ABNLINE# (3.0)

Figure 1: Part of the decision tree learnt when the

labels from the hand-coded are provided as an at-

tribute.

Using only the machine learning feature set, the

size of the pruned tree is 199 with 108 leaves.

After addition of labels provided by our hand-

coded tagger the size of the decision tree is re-

duced to 105 with 69 leaves. Figure 1 shows part

of this decision tree and as illustrated, the deci-

sion tree generally begins with the label assigned

by the hand-coded tagger ‘LTlabel’ and amends

the label (where necessary) utilizing other fea-

tures available to the machine learner. Some labels

(e.g. EMAILLINE) were simply adopted without

change. In the case of the CLAUSEMATTER la-

bel, the machine learner used the number of to-

kens in the line (‘tknLngth’), number of nouns in

the line (‘nounNum’) and the relative position of

the line in the contract (‘linePos.’) to re-assign the

class of the line. The significance of the use of la-

bels assigned by the hand-coded tagger is that the

decision-tree identifies that attribute as providing

the most significant information gain (that is re-

duction in entropy) and therefore partitions on that

feature (Callan, 2003, p245). This remains true

in this example irrespective of the class to which
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the data is being assigned.18 It is obvious that the

best feature for assigning the correct label for an

item of data is the correct or probably correct la-

bel (if one can obtain it without undue endeavour).

From a practical viewpoint some effort directing

to hand-crafting code to extract appropriate class

labels may thus assist machine learning.

6 Conclusions and Future Work

In terms of the overall performance of the methods

described in this paper the closest point of compar-

ison is the work reported by Indukuri and Krishna

(Indukuri and Krishna, 2010). While comparisons

using different methods, software and data are of

dubious validity, we may note their broad similar-

ity. With a training set of 10 contracts and a test set

of 20 contracts, the contract-by-contract average

F-measure for the clausematter class was 0.8632.

Also in 14 contracts of the 20 tested the F-measure

for the clausematter class was above 0.85. With a

training set of 10 contracts (Set A) and a test set

of 10 contracts (Set B) (as a single test set) the

F-measure for the clausematter class was 0.921.19

Using 4-grams as features, Indukuri and Krishna

report an accuracy of 83.48% on the task of clas-

sification clauses from non-clauses, applied to 73

sentences to be so classified. Whereas the task in

that case was a binary classification task over one

contract, we report results on multi-class classifi-

cation over test sets of up to 20 contracts.20

The work we have undertaken and related work

reviewed in this paper (Section 3) suggests the po-

tentially broad utility of combining rule based and

machine learning methods. One potential hybrid

classification method in its simplest formulation

may look something like this:

1. determine the required or anticipated level of

accuracy for the intended application;

2. develop a simple code rule set for the classifi-

cation task (i.e. with minimal expenditure of

resources);

3. if classification accuracy is sufficient ma-

chine learning would not be required, if not

18The Weka decision tree implementation, “J.48”, is based
on the Quinlan’s C4.5(Quinlan, 1986).

19The results reported here are derived using a random for-
est algorithm and using the hand coded tag as an input feature
for classification.

20Coincidentally the 83.48% figure is the same as our av-
erage result over all classes for 20 contracts.

proceed as usual in development of machine

learning using the output of hand coded rules

as an input to machine learning.

Such a development model does not avoid the de-

velopment of a supervised training set, as such a

set is required both to assess the accuracy of the

rule based tagger as well as the machine learner

(should development proceed to that stage). How-

ever it may reduce the amount of data required

to attain a desired level of accuracy. The method

could of course be applied iteratively, if the accu-

racy level is insufficient after a first iteration.

Future work to be explored includes the effec-

tive “typing” of contracts (particularly in light of

the high variance of performance on individual

contracts). For instance, some contracts use clause

headings, others do not. Some use schedules, oth-

ers do not, etc. Such type information may fur-

ther assist in the classification task (the accuracy of

which varies considerably depending on the con-

tract to which it is applied). In typical preprocess-

ing, documents in corpora are converted to plain

text. This results in the loss of layout and hierar-

chical information found in word documents. The

preservation of such information for use in classi-

fication tasks may improve accuracy.

The preliminary work here is also a precursor to

work on identification of ambiguity and the devel-

opment of practical tools to assist in contract draft-

ing. In separate work, we intend also to describe

and analyse the contract corpus that is referred to

here as the basis of this work.
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Abstract
This work introduces a natural language infer-
ence (NLI) dataset that focuses on the validity
of statements in legal wills. This dataset is
unique because: (a) each entailment decision
requires three inputs: the statement from the
will, the law, and the conditions that hold at the
time of the testator’s death; and (b) the included
texts are longer than the ones in current NLI
datasets. We trained eight neural NLI models
in this dataset. All the models achieve more
than 80% macro F1 and accuracy, which in-
dicates that neural approaches can handle this
task reasonably well. However, group accu-
racy, a stricter evaluation measure that is cal-
culated with a group of positive and negative
examples generated from the same statement
as a unit, is in mid 80s at best, which suggests
that the models’ understanding of the task re-
mains superficial. Further ablative analyses
and explanation experiments indicate that all
three text segments are used for prediction, but
some decisions rely on semantically irrelevant
tokens. This indicates that overfitting on these
longer texts likely happens, and that additional
research is required for this task to be solved.

1 Introduction

Natural language inference (NLI) in the legal do-
main has not been widely investigated, despite its
importance and potential. One such important NLI
application is validity assessment of legal docu-
ments such as wills. Legal procedures for creating
and executing wills are evolving rapidly. Process-
ing a will via probate is a costly, time-consuming
process that can be exacerbated by errors or by
challenges to validity. These problems will likely
increase as people increasingly employ electronic
wills. Developing natural language techniques that
can determine a will’s validity at creation and ex-
ecution can increase validity, conserve legal re-
sources, and effectuate the author’s intent. To this
end, this work explores how NLI models can be em-
ployed to evaluate the validity of will statements.

NLI in general deals with determining whether
a premise entails, contradicts, or is neutral to the
hypothesis given. Our project made two impor-
tant changes to this approach to fit legal docu-
ments. First, our dataset contains three input types:
statements from wills (as hypotheses), laws (as
premises), and conditions, which are circumstances
at the time of probate (e.g., eligibility of the tes-
tator or witnesses). This adaptation is necessary
as will statements’ validity cannot be evaluated
without considering both circumstances at the time
of probate (“conditions”) and relevant legal rules
(“laws”). Also, we switched the labels from entail-
ment, contradict, neutral to support, refute, unre-
lated to better represent the relation between will
statements and laws.
The major contributions of this work are:

• We create an open-access annotated dataset
with 1,014 data points, generated from 23 pub-
licly available wills. In addition to the three-
tuple setting unique to the legal domain, this
dataset also contains texts considerably longer
than in other open-domain NLI datasets, such
as SNLI (Bowman et al., 2015). The average
length of our texts is 269 tokens, while the
average lengths of premises and hypotheses
in SNLI are 8 and 14 tokens, respectively.

• We demonstrate that validity assessment of
legal will statements can be handled reason-
ably well with state-of-the-art NLI models
when trained on our dataset. However, low
scores in group accuracy, which is a stricter
evaluation measure calculated with a group
of positive and negative examples generated
from the same statement as a unit, indicate
that work remains before NLI models fully
understand legal language.

• We explain how the trained models utilize our
dataset via ablation tests that remove various
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pieces of information at prediction time (laws,
conditions, or both), and through post-hoc
explainability analyses using LIME (Ribeiro
et al., 2016). Our analyses indicate that in
most cases the NLI classifiers use meaningful
phrases from all three pieces of text, indicat-
ing the models do capture useful information.
However, in some situations, the models use
features that are not intuitive for humans, in-
dicating that the task is incomplete.

2 Related Work

Natural language inference (NLI), also known as
Recognizing Textual Entailment (RTE), determines
entailment relations between a pair of sentences:
a premise and a hypothesis. Their relationship is
either: a) entailment, if a premise entails a hypoth-
esis; b) contradiction, if a premise contradicts a
hypothesis; or c) neutral, if a premise neither en-
tails nor contradicts a hypothesis. NLI has been
a key framework in natural language processing
since Dagan et al. (2006) proposed the RTE chal-
lenge.

Numerous datasets exist for general NLI tasks.
For example, the Stanford Natural Language In-
ference (SNLI) Corpus (Bowman et al., 2015)
dataset contains about 570,000 pairs of sentences
(premises and hypotheses) generated from Flickr
image captions. More recently, datasets for domain-
specific NLI tasks are being introduced. SciNLI
(Sadat and Caragea, 2022) is drawn from scientific
texts. It contains 107,412 sentence pairs extracted
from papers in natural language processing and
computational linguistics.

There have been a few NLI-related resources
for the legal domain, including IFlyLegal (Wang
et al., 2019), StAtutory Reasoning Assessment
(SARA) dataset (Holzenberger et al., 2020), Graph-
based Causal Inference (GCI) framework (Liu et al.,
2021), and ContractNLI (Koreeda and Manning,
2021). One IFlyLegal module was developed for
natural language article inference; it provides rel-
evant legal articles when asked legal questions.
SARA contains rules extracted from the US Inter-
nal Revenue Code and natural language questions.
GCI generates causal graphs based on fact descrip-
tions. Though the framework was not specifically
designed for law, Liu et al. (2021) demonstrated
that it can be utilized for legal text analysis. Con-
tractNLI is a dataset consisting of 607 legal con-
tracts designed to handle document-level natural

language inference.
Our work differs from these existing NLI works

in two ways: (a) it contains three types of input
information; and (b) it operates in a pragmatic mid-
dle space with respect to text length: larger than
datasets with sentence-level texts, which are in-
sufficient to capture legal details, but shorter than
document-level inference datasets.

3 Dataset

Our dataset includes three types of entries (will
statements, applicable law, and facts representing
external state) rather than the usual two types. Va-
lidity often depends upon such external circum-
stances. Thus, a will statement can be legally valid
under some facts, but not others. Hence, a will can
change from valid to invalid or vice versa; wills
must, at minimum, be evaluated when executed
(drafted and signed) and when probated (where a
court determines whether to implement its provi-
sions). For example, if a will contains a statement
appointing a specific person as executor, that per-
son’s eligibility must be verified. This requires
information about both the law and the person’s
circumstances at probate time. For example, ac-
cording to Tennessee Code section 40-20-115, any
person who has been imprisoned cannot be an ex-
ecutor. Thus, to assess eligibility of a Tennessee
executor in Tennessee, one must know whether
they have been in prison at probate time.

3.1 Data Collection

Our data was collected from the U.S. Wills and
Probates datasets in Ancestry, which contains doc-
uments in the public domain.1 We chose 23 wills
based on three criteria: 1) whether the wills were
handwritten; 2) the wills’ execution and probation
dates; and 3) where the wills were executed and
probated. We excluded handwritten wills due to the
difficulty of OCR text recognition. Execution and
probation dates can affect interpretation of wills;
we excluded wills executed before 1970 and pro-
bated before 2000. Lastly, we only collected wills
from Tennessee, because including wills from mul-
tiple states would require analyzing each state’s
laws governing wills. Tennessee had the greatest
number of wills meeting our criteria.

All collected wills were anonymized. Personal
information was replaced with special tokens de-
noting the type of information (such as [Person-

1Court documents are in the public domain in the US.
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Figure 1: A demonstration of the annotation procedure. Given a law and condition, each statement is evaluated
for validity. Support: it is supported by the law and condition provided; Refute: refuted by the law and condition.
Unrelated: not relevant to the law. When a statement and a law are unrelated to each other, a condition is not
required for classification. However, it is still assigned one of the conditions from either support or refute case.
The goal is to prevent NLI models from depending on contextual difference (i.e., “texts without conditions are all
unrelated cases”) rather than features when making predictions.

n], [Address-n], [Number-n], where n identi-
fied each person or object in the will. (Suntwal
et al. (2019) suggested this anonymization method).
Anonymization was performed manually to prevent
including personal information in the dataset.

3.2 Annotation

Each will statement was annotated as support, re-
fute, or unrelated based on a given condition and
law. (Our annotators set hypothetical conditions
when necessary to categorize statements.)

Importantly, each statement was annotated mul-
tiple times. A statement was annotated once
as support, once as refute, and thrice as unre-
lated.2 This ensured that every statement was
labeled with all three classes in the same ratio
(support:refute:unrelated=1:1:3). Also, annotat-
ing statements three times more with “unrelated”
than support and refute enabled including a greater
range of laws in the dataset. Formally, our annota-
tion procedure included the following steps:

(1) preprocessing: extracting texts from collected
wills using OCR3, and copying statements into the
dataset;

(2) for each statement, identifying the Tennessee
2A few exceptions occurred when:

a) it was impossible to create a case where the statement
was refuted. In such cases, statements were not annotated as
"refute."
b) a statement had more than one relevant legal rule. Such
statements were annotated twice as support, twice as refute,
and once as unrelated.

3The collected wills were scanned documents, so OCR
was necessary to extract machine-readable text.

legal provision that supported, refuted, or was un-
related to the statement’s validity;

(3) adding a condition specifying external circum-
stances relevant to validity;

(4) repeating these steps to generate five annota-
tions per statement;

(5) anonymizing all statements by replacing per-
sonal information with special tokens.

Figure 1 demonstrates the annotation procedure
with examples.

Two annotators participated in the task. One is a
law student, and annotation was supervised by au-
thor Bambauer, a law professor. The other annota-
tor does not have legal training, but ongoing discus-
sions and reviews ensured the uniform quality. The
annotators contributed equally. Annotators worked
individually but shared annotation guidelines. Af-
ter the annotation was complete, cross-annotation
was conducted on 200 randomly selected items
(100 items from each annotator’s set; each annota-
tor worked blinded on items drawn from the other
annotator’s set) to check inter-annotator agreement.
We calculated Kappa agreement score based on
the cross-annotation result, and the score is 0.91
(rounded to hundredth).

After the annotation was complete, the dataset
was split into training, development, and test sets.
There are 1014 data points in our dataset, split
50:25:25% (train: 504, development: 255, test:
255). When splitting, a group containing anno-
tations from a single statement (one support, one
refute, and three unrelated) was treated as a single
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a) Texts (statement+condition+law)

b) Statements c) Conditions d) Laws

Figure 2: Histograms demonstrating the length distribution of a) full texts (i.e., statement+condition+law), b)
statements, c) conditions, and d) laws in terms of token counts. Token counts are plotted on the X-axis; the Y-axis
indicates the number of texts/statements/conditions/laws for each bin.

Datasets Texts Tokens
Train 504 135218
Development 255 69643
Test 255 68042
Total 1014 272903

Table 1: The number of texts and tokens contained in
each dataset and in total

unit. Each annotator’s work was equally repre-
sented in all three datasets. All 23 wills appear in
more than one of the train, dev, and test partitions.
However, given the nature of the will statements
from the wills and how they were annotated, data
leakage is unlikely. Will statements are indepen-
dent and generally do not convey information about
other statements from the same wills. Summary
statistics are in Table 1 and Figure 2.

3.3 Characteristics of the Dataset

Our dataset has two characteristics distinguishing it
from other datasets: a) texts are composed of three
input types, and b) texts contain a large number of
tokens.

First, our task requires a third input type: a condi-
tion, since validity often depends upon conditions.

Second, our texts tend to contain a large number
of tokens. 44% of our texts contain 200 or more
tokens. The average token number was 269.14; 79
texts contain more than 512 tokens (the threshold
for most NLI models). Popular NLI datasets are
shorter.

3.4 Implementation

We trained multiple NLI models with our dataset to
assess their performance: four transformer models
and four sentence-transformer models. The trans-
former models include bert-base-uncased (Devlin
et al., 2018), distilbert-base-uncased (Sanh et al.,
2019a), roberta-large-mnli (Liu et al., 2019), and
longformer-base-4096 (Beltagy et al., 2020). Bert-
base-uncased and dilstilbert-base-uncased were
trained to set baselines on the task. In addition
to the baseline models, we used roberta-large-
mnli and longformer-base-4096. Among sentence-
transformer models (Reimers and Gurevych, 2019),
four pretrained models with top average perfor-
mances (based on the Model Overview page4) were
chosen: all-mpnet-base-v25, multi-qa-mpnet-base-

4https://www.sbert.net
5https://huggingface.co/sentence-transformers/

all-mpnet-base-v2
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dot-v16, all-distilroberta-v1 (Sanh et al., 2019b)7,
and all-MiniLM-L12-v2 (Wang et al., 2020)8.

To distinguish between statements, laws, and
conditions in the concatenated texts, we prefixed
each with a special token: [STATE], [LAW], and
[COND].

Both transformer models and sentence-
transformer models were trained on PyTorch
1.11.0 with Cuda 11.3. All transformer models
were trained using the Trainer class provided
by HuggingFace. Learning rates and training
epochs were tuned on the development partition.
Sentence-transformer models were trained with
Sentence Transformer Fine-Tuning (SetFit)
proposed by Wasserblat (2021). It was slightly
adapted to fit the multi-class classification task,
but its fundamentals remain intact. SetFit utilizes
sentence pairs generated within the same class
as training data. It fits the model with the data
to minimize the Softmax Loss. Once the model
is fitted, it is used to encode the training and
development (or test, when it is a testing phase)
datasets. The encoded data is used to fit the
Logistic Regression classifier (with ‘liblinear’
solver) which, finally, makes predictions.

All models except for longformer-base-4096
were trained and evaluated on the truncated datasets
due to the models’ token number limitations. The
models can only process texts with 512 or fewer to-
kens without truncation (all-MiniLM-L12-v2: 256
tokens; all-mpnet-base-v2: 384 tokens; other mod-
els, except longformer-base-4096: 512 tokens).
When truncating datasets, the ratio of average to-
ken numbers among three input types (statements,
laws, and conditions) was considered to prevent
losing excessive information from a single type of
input.

4 Results and Analysis

4.1 Evaluation Measures
We report results using standard accuracy, preci-
sion, recall, and F1 scores. To ensure all labels are
well represented, precision, recall, and F1 scores
were computed with Macro average. Additionally,
as suggested by Elazar et al. (2021), we introduce
a new measure called group accuracy (GA). GA

6https://huggingface.co/sentence-transformers/
multi-qa-mpnet-base-dot-v1

7https://huggingface.co/sentence-transformers/
all-distilroberta-v1

8https://huggingface.co/sentence-transformers/
all-MiniLM-L12-v2

is calculated with a group of positive and nega-
tive examples from the same statement (rather than
each text) as a unit. If a group has one or more
incorrect predictions, the group is incorrect. If a
model correctly understands a will statement, it
should perform equally well on all examples from
the same statement.

4.2 Results from Trained Models

Table 2 shows the models’ performances on our
test partition. Overall, the models demonstrated
good performances. Each achieved more than 80%
in all metrics but group accuracy. Roberta-large-
mnli showed the best performance. It achieved over
96% in all metrics but group accuracy (84.31%),
suggesting it can handle the task reasonably well.
However, the large difference between accuracy
and group accuracy suggests that the models’ un-
derstanding of the task is superficial.

Accuracy for the unrelated label was higher
than for support and refute in all models except
all-mpnet-base-v2 and multi-qa-mpnet-base-dot-
v1. This higher accuracy for unrelated label may
be partially attributable to the gap between accu-
racy and group accuracy, as it would inflate overall
accuracy. However, since the gap between accuracy
and group accuracy is not significantly smaller for
all-mpnet-base-v2 and multi-qa-mpnet-base-dot-v1
(i.e., the models where accuracy for unrelated was
not higher than the other labels), it is more likely
that the gap originated from the strictness of group
accuracy and the models’ superficial understanding
of will statements.

Further, roberta-large-mnli (trained with trun-
cated inputs) showed better performance than
longformer-base-4096 (trained with full length in-
puts). This suggests that models with token number
limitations can still perform well with long inputs
when truncated properly.

4.3 Experiment with Different Input Lengths

To investigate whether the models’ performance
was affected by input length and/or input trunca-
tion, we varied input lengths. Inputs were classified
into three categories by length: a) short (equal or
less than 192 or 256 tokens); b) regular (larger than
192 or 256 tokens and equal or less than 384 or
512); and c) long (larger than 384 or 512)9. The

9For all-mpnet-base-v2 model, 192 and 384 were used as
dividing points instead of 256 and 512, as its maximum token
length is 384.
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Model Precision Recall F1 Accuracy GA
Transformers models
bert-base-uncased 81.47 82.20 81.81 87.06 49.02
distilbert-base-uncased 82.37 82.59 82.48 87.06 50.98
longformer-base-4096 94.09 93.69 93.85 94.90 74.51
roberta-large-mnli 96.67 96.25 96.42 96.86 84.31
Sentence-Transformers models
all-MiniLM-L12-v2 81.50 84.54 82.64 85.49 50.98
all-disilroberta-v1 83.43 85.99 84.22 87.06 49.02
multi-qa-mpnet-base-dot-v1 91.48 94.13 92.65 93.73 74.51
all-mpnet-base-v2 92.93 95.05 93.82 94.90 76.47

Table 2: Results of all classifiers trained on our dataset using five measures: precision, recall, F1, accuracy, and
group accuracy (GA in table, see Section 4.1). Precision, recall, and F1 scores were computed with Macro average.
Group accuracy is calculated with positive and negative examples generated from the same statement as a unit. If a
group contains one or more incorrect predictions, the group is considered incorrect.

Model Precision Recall F1 Accuracy
all-mpnet-base-v2 (sample n = 52)
token <= 192 93.75 93.15 92.91 94.23
192 < token <= 384 90.48 89.10 89.63 94.23
384 < token 86.35 89.49 87.08 88.46
longformer-base-4096 (sample n = 20)
token <= 256 95.24 88.89 90.77 95.00
256 < token <= 512 80.56 71.67 70.93 80.00
512 < token 73.81 66.67 66.93 75.00
roberta-large-mnli (sample n = 20)
token <= 256 100 100 100 100
256 < token <= 512 94.87 85.00 88.76 90.00
512 < token 94.44 93.33 93.27 95.00

Table 3: Results with different input lengths. Models generally performed worse when token numbers in inputs
were larger. Roberta-large-mnli performed better than longformer-base-4096 in predicting long inputs (token > 512)
despite truncation. Roberta-large-mnli also showed better performance on long inputs than regular inputs, indicating
input truncation did not worsen the model’s performance.

number of inputs in each category varied. To con-
trol the impact of varying sample size, categories
with larger sample sizes were reduced by random
sampling to match the smallest sample size. For
this experiment, we used the three models with best
performance on the full dataset.

Table 3 shows the results. Models generally
performed worse with larger input token numbers.
All three models performed best with inputs with
smaller token numbers. One interesting finding
is that roberta-large-mnli performed better than
longformer-base-4096 in predicting inputs with
large token numbers (n > 512) despite truncation.
Roberta-large-mnli showed better performance on
long inputs than regular inputs, indicating trunca-
tion did not negatively affect the model’s perfor-

mance. This finding aligns with the observation
from the overall results that models with token num-
ber limitation can still show good performances on
long inputs when properly truncated. However,
results differed with a smaller token number limita-
tion. All-mpnet-base-v2 performed worst on long
inputs (where truncation occurred), indicating trun-
cation negatively impacted performance.

4.4 Results from Ablation Experiment

To determine whether the models correctly rely on
all three types of texts (statements, conditions, and
laws), we conducted an ablation experiment, train-
ing the models with datasets lacking one (law or
condition) or two types (law+condition) of inputs.
Poliak et al. (2018) suggested a similar experiment
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Model Precision Recall F1 Accuracy GA
Statements and laws
all-mpnet-base-v2 75.64 76.47 75.98 81.96 27.45
longformer-base-4096 75.72 75.98 75.79 82.75 37.25
roberta-large-mnli 77.93 77.51 77.55 84.31 39.22
Statements and conditions
all-mpnet-base-v2 46.67 57.13 44.80 44.31 0.00
longformer-base-4096 58.00 49.44 51.30 58.82 0.00
roberta-large-mnli 37.63 41.72 38.08 56.86 0.00
Statements only
all-mpnet-base-v2 36.76 35.94 34.04 36.47 0.00
longformer-base-4096 18.17 33.33 23.52 54.51 0.00
roberta-large-mnli 18.17 33.33 23.52 54.51 0.00

Table 4: Results from the ablation experiment where three models were trained with datasets lacking one (law or
condition) or two types (law+condition) of inputs. Results demonstrate that the models’ performances deteriorate if
one or more input type(s) is omitted. Thus, both types of inputs affect the models’ performances, though laws have
larger impact than conditions.

to this one to set hypothesis-only baselines. We
used the three models with the best performances
on the full dataset for this experiment.

Table 4 shows the results. Performance dete-
riorated if any input type was omitted. Among
the models trained on partial data, those trained
with statements and laws performed better, with
F1 scores over 75%. However, group accuracy
dropped to the 30s or even 20%s, indicating ac-
tual understanding decreased considerably. Models
trained with statements and conditions performed
significantly worse. Results ranged between 38%
and 52% for F1, and group accuracy dropped to
0. Models trained only with statements performed
worst, with F1 scores dropping to 35% or lower.

This degradation from partial data shows includ-
ing both conditions and laws positively affects the
models’ performance. Models use all three types
of inputs when making predictions10. Laws have
more impact on performance than conditions, since
deterioration in results without laws was more sig-
nificant than from models trained without condi-

10A reviewer suggested an experiment where laws and con-
ditions are packed into premises and treat the task as nor-
mal NLI. A pilot experiment with the best performing model
(roberta-large-mnli) found a slight deterioration in perfor-
mance when laws and conditions were combined as premises
(precision: 93.09, recall: 93.89, F1: 93.41, accuracy: 94.12,
GA: 74.51; see Table 2 for comparison with main result). The
biggest difference came from GA score (74.51 vs. 84.31).
This lowered GA score implies that the model’s understand-
ing worsened when conditions and laws were combined into
premises. Given this preliminary result, it is likely that three-
way distinction in input types positively contributes to the
model’s performance. Nevertheless, as the performance differ-
ence is not significantly large, further investigation is needed.

tions. This is realistic, since laws set the parameters
within which conditions operate to make a given
provision valid or invalid.

4.5 Understanding Results with LIME

To clarify model behavior, we used Local Inter-
pretable Model-Agnostic Explanations (LIME) to
explain our classifiers’ predictions (Ribeiro et al.,
2016). We implemented LIME on predictions
made by the best performing model (roberta-large-
mnli, fine-tuned on our data). The LIME results
revealed that the model tends to correctly rely on
all three texts (statements, laws, conditions) for a
prediction, and uses meaningful features in many
cases. However, sometimes the model utilized fea-
tures that are not intuitive for humans.

4.5.1 A Correct Example
Figure 3 shows a case where the model made a
correct prediction based on features sensible to hu-
mans. Figure 3’s text is a statement saying two or
more witnesses witnessed the testator signing the
will and signed in each other’s presence. It includes
a condition stating that one of the two witnesses
was ineligible to serve under Tennessee law, and
the law specifying witness eligibility in Tennessee.
The given condition and the law invalidate the will
statement, rendering it as refute. The model cor-
rectly predicted the outcome based on tokens such
as ineligible, witnesses, One, testament, and 2. The
top two tokens with greatest impact on the model’s
prediction were ineligible and witnesses, with im-
portance score of 0.60 and 0.14, respectively. It is
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Figure 3: Examples of LIME explanations showing a case where the model (roberta-large-mnli) makes correct
predictions based on features sensible to humans.

Figure 4: An example of a LIME explanation showing a case where the model (roberta-large-mnli) makes an
incorrect prediction based on the tokens such as Making, and, and the which bear little semantic relevancy to the
gist of the text.

understandable that these tokens have high scores,
as they are the keywords ("One out of two (2) wit-
nesses is ineligible") which provide grounds for
revoking a will statement.

4.5.2 An Incorrect Example

Figure 4 shows a case where the model made an in-
correct prediction based on irrelevant tokens. The
intent of the will statement is to excuse the Execu-
tor from filing inventory. This is not contradicted by
the condition and law, requiring the model to clas-
sify the text as support. Nevertheless, the model
incorrectly classified it as unrelated. The reason
for the incorrect prediction is that the model (prob-
ably) relied on irrelevant tokens such as Making,
and, and the, which bear little semantic relevancy
to the text, versus more relevant tokens such as
inventories and excuses when making the predic-
tion. This is likely due to overfitting induced by
longer texts. This LIME explanation shows that
even the best performing model still has room for
improvement.

5 Future Work

This work can be expanded in several directions.
First, it can be extended to cover multiple states by
adapting the models or adding more data. Future
work can investigate if models trained on a single
state’s data can be adapted to evaluate data from
other states. Also, wills from multiple states could
be added to the dataset. We expect the augmented
dataset would enhance the models’ performance on
evaluating wills from other states.

This work can be expanded to other legal do-
mains. Models trained on our data can be adapted
to similar tasks in other legal domains.

Lastly, this work can be extended by investigat-
ing novel transformer models. Given the unique-
ness of our dataset with regard to the number of
inputs and text length, it is likely that further exper-
iment and modification is needed to handle such
characteristics.
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6 Conclusion

This work presented an annotated dataset for natu-
ral language inference (NLI) in the legal domain,
consisting of 1,014 data points generated from
23 publicly available wills. The dataset is novel
for two reasons: it included texts with three in-
put types (statement, law, and condition) rather
than two (premise and hypothesis) in the tradi-
tional NLI, and included texts are longer than in
general NLI datasets. The NLI models trained on
our dataset showed reasonable performance in as-
sessing the validity of will statements. Ablative
experiments demonstrated that the models’ perfor-
mances worsen if any input type (condition, law,
or both) is omitted. This suggests that the models
utilize all three input types. The LIME implemen-
tation reveals that even the best performing model
makes errors in some cases by using semantically
irrelevant tokens. Our open-access dataset is pub-
licly available at: https://github.com/ml4ai/
nli4wills-corpus

Limitations

Our dataset consists of a relatively small number
of data points (1,014 texts). Annotating will state-
ments with relevant laws and conditions is a highly
demanding, time intensive task. A larger size of
dataset would likely further improve the models’
performances.

Our dataset only includes wills executed and
probated in Tennessee, with execution after 1970
and probate after 2000. Due to these restrictions,
our framework might produce incorrect results on
inputs from wills from different settings. Supple-
menting the dataset with wills from more diverse
settings would address this limitation. Even though
the scope is limited to a single state (Tennessee),
our study demonstrates that transformer models
trained on the dataset can evaluate the validity of
statements from wills with reasonable accuracy.
Future additions to our dataset will be available
at the same URL: https://github.com/ml4ai/
nli4wills-corpus

This work does not involve humans in the loop.
Considering how crucial accuracy is for the task
(i.e., legal validity evaluation), the work would
have benefited much from involving domain ex-
perts. Even though our study discovered that the
state-of-the-art transformer models can show good
performances (over 85% accuracy in all 8 models)
without human interaction, it was also found that

the models’ understanding on the task is rather su-
perficial (GAs ranging from 49-85% in Table 2).
Including humans-in-the-loop could be a solution
for enhancing the models’ understanding on the
task.

Ethics Statement

We collected legal wills from Ancestry as a part of
our dataset creation process. The wills probated in
court are in the public domain in the US, and we did
not violate Ancestry’s Terms and Conditions when
collecting wills. We also anonymized the wills
by replacing any personal identifiable information
contained in the documents with special tokens.

Our datasets and codes are released to public.
We believe our released datasets and codes would
contribute to society by promoting further NLI en-
deavors in the legal domain. The resources could
potentially assist with people reviewing wills, but
they should not be considered as legal advice. To
avoid any confusion, we placed a disclaimer that
the users must not rely on any information provided
from our resources when making legal decisions
and should instead consult with an attorney.
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Abstract
This work introduces a natural language infer-
ence (NLI) dataset that focuses on the valid-
ity of statements in legal wills. This dataset
is unique because: (a) each entailment deci-
sion requires three inputs: the statement from
the will, the law, and the conditions that hold
at the time of the testator’s death; and (b) the
included texts are longer than the ones in cur-
rent NLI datasets. We trained eight neural NLI
models in this dataset. All the models achieve
more than 80% macro F1 and accuracy, which
indicates that neural approaches can handle
this task reasonably well. However, group ac-
curacy, a stricter evaluation measure that is cal-
culated with a group of positive and negative
examples generated from the same statement
as a unit, is in mid 80s at best, which suggests
that the models’ understanding of the task re-
mains superficial. Further ablative analyses
and explanation experiments indicate that all
three text segments are used for prediction, but
some decisions rely on semantically irrelevant
tokens. This indicates that overfitting on these
longer texts likely happens, and that additional
research is required for this task to be solved.

1 Introduction

Natural language inference (NLI) in the legal do-
main has not been widely investigated, despite its
importance and potential. One such important NLI
application is validity assessment of legal docu-
ments such as wills. Legal procedures for creating
and executing wills are evolving rapidly. Process-
ing a will via probate is a costly, time-consuming
process that can be exacerbated by errors or by
challenges to validity. These problems will likely
increase as people increasingly employ electronic
wills. Developing natural language techniques that
can determine a will’s validity at creation and ex-
ecution can increase validity, conserve legal re-
sources, and effectuate the author’s intent. To this
end, this work explores how NLI models can be em-
ployed to evaluate the validity of will statements.

NLI in general deals with determining whether
a premise entails, contradicts, or is neutral to the
hypothesis given. Our project made two impor-
tant changes to this approach to fit legal docu-
ments. First, our dataset contains three input types:
statements from wills (as hypotheses), laws (as
premises), and conditions, which are circumstances
at the time of probate (e.g., eligibility of the tes-
tator or witnesses). This adaptation is necessary
as will statements’ validity cannot be evaluated
without considering both circumstances at the time
of probate (“conditions”) and relevant legal rules
(“laws”). Also, we switched the labels from entail-
ment, contradict, neutral to support, refute, unre-
lated to better represent the relation between will
statements and laws.
The major contributions of this work are:

• We create an open-access annotated dataset
with 1,014 data points, generated from 23 pub-
licly available wills. In addition to the three-
tuple setting unique to the legal domain, this
dataset also contains texts considerably longer
than in other open-domain NLI datasets, such
as SNLI (Bowman et al., 2015). The average
length of our texts is 269 tokens, while the
average lengths of premises and hypotheses
in SNLI are 8 and 14 tokens, respectively.

• We demonstrate that validity assessment of
legal will statements can be handled reason-
ably well with state-of-the-art NLI models
when trained on our dataset. However, low
scores in group accuracy, which is a stricter
evaluation measure calculated with a group
of positive and negative examples generated
from the same statement as a unit, indicate
that work remains before NLI models fully
understand legal language.

• We explain how the trained models utilize our
dataset via ablation tests that remove various
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pieces of information at prediction time (laws,
conditions, or both), and through post-hoc
explainability analyses using LIME (Ribeiro
et al., 2016). Our analyses indicate that in
most cases the NLI classifiers use meaningful
phrases from all three pieces of text, indicat-
ing the models do capture useful information.
However, in some situations, the models use
features that are not intuitive for humans, in-
dicating that the task is incomplete.

2 Related Work

Natural language inference (NLI), also known as
Recognizing Textual Entailment (RTE), determines
entailment relations between a pair of sentences:
a premise and a hypothesis. Their relationship is
either: a) entailment, if a premise entails a hypoth-
esis; b) contradiction, if a premise contradicts a
hypothesis; or c) neutral, if a premise neither en-
tails nor contradicts a hypothesis. NLI has been
a key framework in natural language processing
since Dagan et al. (2006) proposed the RTE chal-
lenge.

Numerous datasets exist for general NLI tasks.
For example, the Stanford Natural Language In-
ference (SNLI) Corpus (Bowman et al., 2015)
dataset contains about 570,000 pairs of sentences
(premises and hypotheses) generated from Flickr
image captions. More recently, datasets for domain-
specific NLI tasks are being introduced. SciNLI
(Sadat and Caragea, 2022) is drawn from scientific
texts. It contains 107,412 sentence pairs extracted
from papers in natural language processing and
computational linguistics.

There have been a few NLI-related resources
for the legal domain, including IFlyLegal (Wang
et al., 2019), StAtutory Reasoning Assessment
(SARA) dataset (Holzenberger et al., 2020), Graph-
based Causal Inference (GCI) framework (Liu et al.,
2021), and ContractNLI (Koreeda and Manning,
2021). One IFlyLegal module was developed for
natural language article inference; it provides rel-
evant legal articles when asked legal questions.
SARA contains rules extracted from the US Inter-
nal Revenue Code and natural language questions.
GCI generates causal graphs based on fact descrip-
tions. Though the framework was not specifically
designed for law, Liu et al. (2021) demonstrated
that it can be utilized for legal text analysis. Con-
tractNLI is a dataset consisting of 607 legal con-
tracts designed to handle document-level natural

language inference.
Our work differs from these existing NLI works

in two ways: (a) it contains three types of input
information; and (b) it operates in a pragmatic mid-
dle space with respect to text length: larger than
datasets with sentence-level texts, which are in-
sufficient to capture legal details, but shorter than
document-level inference datasets.

3 Dataset

Our dataset includes three types of entries (will
statements, applicable law, and facts representing
external state) rather than the usual two types. Va-
lidity often depends upon such external circum-
stances. Thus, a will statement can be legally valid
under some facts, but not others. Hence, a will can
change from valid to invalid or vice versa; wills
must, at minimum, be evaluated when executed
(drafted and signed) and when probated (where a
court determines whether to implement its provi-
sions). For example, if a will contains a statement
appointing a specific person as executor, that per-
son’s eligibility must be verified. This requires
information about both the law and the person’s
circumstances at probate time. For example, ac-
cording to Tennessee Code section 40-20-115, any
person who has been imprisoned cannot be an ex-
ecutor. Thus, to assess eligibility of a Tennessee
executor in Tennessee, one must know whether
they have been in prison at probate time.

3.1 Data Collection

Our data was collected from the U.S. Wills and
Probates datasets in Ancestry, which contains doc-
uments in the public domain.1 We chose 23 wills
based on three criteria: 1) whether the wills were
handwritten; 2) the wills’ execution and probation
dates; and 3) where the wills were executed and
probated. We excluded handwritten wills due to the
difficulty of OCR text recognition. Execution and
probation dates can affect interpretation of wills;
we excluded wills executed before 1970 and pro-
bated before 2000. Lastly, we only collected wills
from Tennessee, because including wills from mul-
tiple states would require analyzing each state’s
laws governing wills. Tennessee had the greatest
number of wills meeting our criteria.

All collected wills were anonymized. Personal
information was replaced with special tokens de-
noting the type of information (such as [Person-

1Court documents are in the public domain in the US.
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Figure 1: A demonstration of the annotation procedure. Given a law and condition, each statement is evaluated
for validity. Support: it is supported by the law and condition provided; Refute: refuted by the law and condition.
Unrelated: not relevant to the law. When a statement and a law are unrelated to each other, a condition is not
required for classification. However, it is still assigned one of the conditions from either support or refute case.
The goal is to prevent NLI models from depending on contextual difference (i.e., “texts without conditions are all
unrelated cases”) rather than features when making predictions.

n], [Address-n], [Number-n], where n identi-
fied each person or object in the will. (Suntwal
et al. (2019) suggested this anonymization method).
Anonymization was performed manually to prevent
including personal information in the dataset.

3.2 Annotation

Each will statement was annotated as support, re-
fute, or unrelated based on a given condition and
law. (Our annotators set hypothetical conditions
when necessary to categorize statements.)

Importantly, each statement was annotated mul-
tiple times. A statement was annotated once
as support, once as refute, and thrice as unre-
lated.2 This ensured that every statement was
labeled with all three classes in the same ratio
(support:refute:unrelated=1:1:3). Also, annotat-
ing statements three times more with “unrelated”
than support and refute enabled including a greater
range of laws in the dataset. Formally, our annota-
tion procedure included the following steps:

(1) preprocessing: extracting texts from collected
wills using OCR3, and copying statements into the
dataset;

(2) for each statement, identifying the Tennessee
2A few exceptions occurred when:

a) it was impossible to create a case where the statement
was refuted. In such cases, statements were not annotated as
"refute."
b) a statement had more than one relevant legal rule. Such
statements were annotated twice as support, twice as refute,
and once as unrelated.

3The collected wills were scanned documents, so OCR
was necessary to extract machine-readable text.

legal provision that supported, refuted, or was un-
related to the statement’s validity;

(3) adding a condition specifying external circum-
stances relevant to validity;

(4) repeating these steps to generate five annota-
tions per statement;

(5) anonymizing all statements by replacing per-
sonal information with special tokens.

Figure 1 demonstrates the annotation procedure
with examples.

Two annotators participated in the task. One is a
law student, and annotation was supervised by au-
thor Bambauer, a law professor. The other annota-
tor does not have legal training, but ongoing discus-
sions and reviews ensured the uniform quality. The
annotators contributed equally. Annotators worked
individually but shared annotation guidelines. Af-
ter the annotation was complete, cross-annotation
was conducted on 200 randomly selected items
(100 items from each annotator’s set; each annota-
tor worked blinded on items drawn from the other
annotator’s set) to check inter-annotator agreement.
We calculated Kappa agreement score based on
the cross-annotation result, and the score is 0.91
(rounded to hundredth).

After the annotation was complete, the dataset
was split into training, development, and test sets.
There are 1014 data points in our dataset, split
50:25:25% (train: 504, development: 255, test:
255). When splitting, a group containing anno-
tations from a single statement (one support, one
refute, and three unrelated) was treated as a single
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a) Texts (statement+condition+law)

b) Statements c) Conditions d) Laws

Figure 2: Histograms demonstrating the length distribution of a) full texts (i.e., statement+condition+law), b)
statements, c) conditions, and d) laws in terms of token counts. Token counts are plotted on the X-axis; the Y-axis
indicates the number of texts/statements/conditions/laws for each bin.

Datasets Texts Tokens
Train 504 135218
Development 255 69643
Test 255 68042
Total 1014 272903

Table 1: The number of texts and tokens contained in
each dataset and in total

unit. Each annotator’s work was equally repre-
sented in all three datasets. All 23 wills appear in
more than one of the train, dev, and test partitions.
However, given the nature of the will statements
from the wills and how they were annotated, data
leakage is unlikely. Will statements are indepen-
dent and generally do not convey information about
other statements from the same wills. Summary
statistics are in Table 1 and Figure 2.

3.3 Characteristics of the Dataset

Our dataset has two characteristics distinguishing it
from other datasets: a) texts are composed of three
input types, and b) texts contain a large number of
tokens.

First, our task requires a third input type: a condi-
tion, since validity often depends upon conditions.

Second, our texts tend to contain a large number
of tokens. 44% of our texts contain 200 or more
tokens. The average token number was 269.14; 79
texts contain more than 512 tokens (the threshold
for most NLI models). Popular NLI datasets are
shorter.

3.4 Implementation

We trained multiple NLI models with our dataset to
assess their performance: four transformer models
and four sentence-transformer models. The trans-
former models include bert-base-uncased (Devlin
et al., 2018), distilbert-base-uncased (Sanh et al.,
2019a), roberta-large-mnli (Liu et al., 2019), and
longformer-base-4096 (Beltagy et al., 2020). Bert-
base-uncased and dilstilbert-base-uncased were
trained to set baselines on the task. In addition
to the baseline models, we used roberta-large-
mnli and longformer-base-4096. Among sentence-
transformer models (Reimers and Gurevych, 2019),
four pretrained models with top average perfor-
mances (based on the Model Overview page4) were
chosen: all-mpnet-base-v25, multi-qa-mpnet-base-

4https://www.sbert.net
5https://huggingface.co/sentence-transformers/

all-mpnet-base-v2
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dot-v16, all-distilroberta-v1 (Sanh et al., 2019b)7,
and all-MiniLM-L12-v2 (Wang et al., 2020)8.

To distinguish between statements, laws, and
conditions in the concatenated texts, we prefixed
each with a special token: [STATE], [LAW], and
[COND].

Both transformer models and sentence-
transformer models were trained on PyTorch
1.11.0 with Cuda 11.3. All transformer models
were trained using the Trainer class provided
by HuggingFace. Learning rates and training
epochs were tuned on the development partition.
Sentence-transformer models were trained with
Sentence Transformer Fine-Tuning (SetFit)
proposed by Wasserblat (2021). It was slightly
adapted to fit the multi-class classification task,
but its fundamentals remain intact. SetFit utilizes
sentence pairs generated within the same class
as training data. It fits the model with the data
to minimize the Softmax Loss. Once the model
is fitted, it is used to encode the training and
development (or test, when it is a testing phase)
datasets. The encoded data is used to fit the
Logistic Regression classifier (with ‘liblinear’
solver) which, finally, makes predictions.

All models except for longformer-base-4096
were trained and evaluated on the truncated datasets
due to the models’ token number limitations. The
models can only process texts with 512 or fewer to-
kens without truncation (all-MiniLM-L12-v2: 256
tokens; all-mpnet-base-v2: 384 tokens; other mod-
els, except longformer-base-4096: 512 tokens).
When truncating datasets, the ratio of average to-
ken numbers among three input types (statements,
laws, and conditions) was considered to prevent
losing excessive information from a single type of
input.

4 Results and Analysis

4.1 Evaluation Measures
We report results using standard accuracy, preci-
sion, recall, and F1 scores. To ensure all labels are
well represented, precision, recall, and F1 scores
were computed with Macro average. Additionally,
as suggested by Elazar et al. (2021), we introduce
a new measure called group accuracy (GA). GA

6https://huggingface.co/sentence-transformers/
multi-qa-mpnet-base-dot-v1

7https://huggingface.co/sentence-transformers/
all-distilroberta-v1

8https://huggingface.co/sentence-transformers/
all-MiniLM-L12-v2

is calculated with a group of positive and nega-
tive examples from the same statement (rather than
each text) as a unit. If a group has one or more
incorrect predictions, the group is incorrect. If a
model correctly understands a will statement, it
should perform equally well on all examples from
the same statement.

4.2 Results from Trained Models

Table 2 shows the models’ performances on our
test partition. Overall, the models demonstrated
good performances. Each achieved more than 80%
in all metrics but group accuracy. Roberta-large-
mnli showed the best performance. It achieved over
96% in all metrics but group accuracy (84.31%),
suggesting it can handle the task reasonably well.
However, the large difference between accuracy
and group accuracy suggests that the models’ un-
derstanding of the task is superficial.

Accuracy for the unrelated label was higher
than for support and refute in all models except
all-mpnet-base-v2 and multi-qa-mpnet-base-dot-
v1. This higher accuracy for unrelated label may
be partially attributable to the gap between accu-
racy and group accuracy, as it would inflate overall
accuracy. However, since the gap between accuracy
and group accuracy is not significantly smaller for
all-mpnet-base-v2 and multi-qa-mpnet-base-dot-v1
(i.e., the models where accuracy for unrelated was
not higher than the other labels), it is more likely
that the gap originated from the strictness of group
accuracy and the models’ superficial understanding
of will statements.

Further, roberta-large-mnli (trained with trun-
cated inputs) showed better performance than
longformer-base-4096 (trained with full length in-
puts). This suggests that models with token number
limitations can still perform well with long inputs
when truncated properly.

4.3 Experiment with Different Input Lengths

To investigate whether the models’ performance
was affected by input length and/or input trunca-
tion, we varied input lengths. Inputs were classified
into three categories by length: a) short (equal or
less than 192 or 256 tokens); b) regular (larger than
192 or 256 tokens and equal or less than 384 or
512); and c) long (larger than 384 or 512)9. The

9For all-mpnet-base-v2 model, 192 and 384 were used as
dividing points instead of 256 and 512, as its maximum token
length is 384.
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Model Precision Recall F1 Accuracy GA
Transformers models
bert-base-uncased 81.47 82.20 81.81 87.06 49.02
distilbert-base-uncased 82.37 82.59 82.48 87.06 50.98
longformer-base-4096 94.09 93.69 93.85 94.90 74.51
roberta-large-mnli 96.67 96.25 96.42 96.86 84.31
Sentence-Transformers models
all-MiniLM-L12-v2 81.50 84.54 82.64 85.49 50.98
all-disilroberta-v1 83.43 85.99 84.22 87.06 49.02
multi-qa-mpnet-base-dot-v1 91.48 94.13 92.65 93.73 74.51
all-mpnet-base-v2 92.93 95.05 93.82 94.90 76.47

Table 2: Results of all classifiers trained on our dataset using five measures: precision, recall, F1, accuracy, and
group accuracy (GA in table, see Section 4.1). Precision, recall, and F1 scores were computed with Macro average.
Group accuracy is calculated with positive and negative examples generated from the same statement as a unit. If
a group contains one or more incorrect predictions, the group is considered incorrect.

Model Precision Recall F1 Accuracy
all-mpnet-base-v2 (sample n = 52)
token <= 192 93.75 93.15 92.91 94.23
192 < token <= 384 90.48 89.10 89.63 94.23
384 < token 86.35 89.49 87.08 88.46
longformer-base-4096 (sample n = 20)
token <= 256 95.24 88.89 90.77 95.00
256 < token <= 512 80.56 71.67 70.93 80.00
512 < token 73.81 66.67 66.93 75.00
roberta-large-mnli (sample n = 20)
token <= 256 100 100 100 100
256 < token <= 512 94.87 85.00 88.76 90.00
512 < token 94.44 93.33 93.27 95.00

Table 3: Results with different input lengths. Models generally performed worse when token numbers in inputs
were larger. Roberta-large-mnli performed better than longformer-base-4096 in predicting long inputs (token >
512) despite truncation. Roberta-large-mnli also showed better performance on long inputs than regular inputs,
indicating input truncation did not worsen the model’s performance.

number of inputs in each category varied. To con-
trol the impact of varying sample size, categories
with larger sample sizes were reduced by random
sampling to match the smallest sample size. For
this experiment, we used the three models with best
performance on the full dataset.

Table 3 shows the results. Models generally
performed worse with larger input token numbers.
All three models performed best with inputs with
smaller token numbers. One interesting finding
is that roberta-large-mnli performed better than
longformer-base-4096 in predicting inputs with
large token numbers (n > 512) despite truncation.
Roberta-large-mnli showed better performance on
long inputs than regular inputs, indicating trunca-
tion did not negatively affect the model’s perfor-

mance. This finding aligns with the observation
from the overall results that models with token num-
ber limitation can still show good performances on
long inputs when properly truncated. However,
results differed with a smaller token number limita-
tion. All-mpnet-base-v2 performed worst on long
inputs (where truncation occurred), indicating trun-
cation negatively impacted performance.

4.4 Results from Ablation Experiment

To determine whether the models correctly rely on
all three types of texts (statements, conditions, and
laws), we conducted an ablation experiment, train-
ing the models with datasets lacking one (law or
condition) or two types (law+condition) of inputs.
Poliak et al. (2018) suggested a similar experiment
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Model Precision Recall F1 Accuracy GA
Statements and laws
all-mpnet-base-v2 75.64 76.47 75.98 81.96 27.45
longformer-base-4096 75.72 75.98 75.79 82.75 37.25
roberta-large-mnli 77.93 77.51 77.55 84.31 39.22
Statements and conditions
all-mpnet-base-v2 46.67 57.13 44.80 44.31 0.00
longformer-base-4096 58.00 49.44 51.30 58.82 0.00
roberta-large-mnli 37.63 41.72 38.08 56.86 0.00
Statements only
all-mpnet-base-v2 36.76 35.94 34.04 36.47 0.00
longformer-base-4096 18.17 33.33 23.52 54.51 0.00
roberta-large-mnli 18.17 33.33 23.52 54.51 0.00

Table 4: Results from the ablation experiment where three models were trained with datasets lacking one (law or
condition) or two types (law+condition) of inputs. Results demonstrate that the models’ performances deteriorate
if one or more input type(s) is omitted. Thus, both types of inputs affect the models’ performances, though laws
have larger impact than conditions.

to this one to set hypothesis-only baselines. We
used the three models with the best performances
on the full dataset for this experiment.

Table 4 shows the results. Performance dete-
riorated if any input type was omitted. Among
the models trained on partial data, those trained
with statements and laws performed better, with
F1 scores over 75%. However, group accuracy
dropped to the 30s or even 20%s, indicating ac-
tual understanding decreased considerably. Models
trained with statements and conditions performed
significantly worse. Results ranged between 38%
and 52% for F1, and group accuracy dropped to
0. Models trained only with statements performed
worst, with F1 scores dropping to 35% or lower.

This degradation from partial data shows includ-
ing both conditions and laws positively affects the
models’ performance. Models use all three types
of inputs when making predictions10. Laws have
more impact on performance than conditions, since
deterioration in results without laws was more sig-
nificant than from models trained without condi-

10A reviewer suggested an experiment where laws and con-
ditions are packed into premises and treat the task as nor-
mal NLI. A pilot experiment with the best performing model
(roberta-large-mnli) found a slight deterioration in perfor-
mance when laws and conditions were combined as premises
(precision: 93.09, recall: 93.89, F1: 93.41, accuracy: 94.12,
GA: 74.51; see Table 2 for comparison with main result). The
biggest difference came from GA score (74.51 vs. 84.31).
This lowered GA score implies that the model’s understand-
ing worsened when conditions and laws were combined into
premises. Given this preliminary result, it is likely that three-
way distinction in input types positively contributes to the
model’s performance. Nevertheless, as the performance differ-
ence is not significantly large, further investigation is needed.

tions. This is realistic, since laws set the parameters
within which conditions operate to make a given
provision valid or invalid.

4.5 Understanding Results with LIME

To clarify model behavior, we used Local Inter-
pretable Model-Agnostic Explanations (LIME) to
explain our classifiers’ predictions (Ribeiro et al.,
2016). We implemented LIME on predictions
made by the best performing model (roberta-large-
mnli, fine-tuned on our data). The LIME results
revealed that the model tends to correctly rely on
all three texts (statements, laws, conditions) for a
prediction, and uses meaningful features in many
cases. However, sometimes the model utilized fea-
tures that are not intuitive for humans.

4.5.1 A Correct Example
Figure 3 shows a case where the model made a
correct prediction based on features sensible to hu-
mans. Figure 3’s text is a statement saying two or
more witnesses witnessed the testator signing the
will and signed in each other’s presence. It includes
a condition stating that one of the two witnesses
was ineligible to serve under Tennessee law, and
the law specifying witness eligibility in Tennessee.
The given condition and the law invalidate the will
statement, rendering it as refute. The model cor-
rectly predicted the outcome based on tokens such
as ineligible, witnesses, One, testament, and 2. The
top two tokens with greatest impact on the model’s
prediction were ineligible and witnesses, with im-
portance score of 0.60 and 0.14, respectively. It is
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Figure 3: Examples of LIME explanations showing a case where the model (roberta-large-mnli) makes correct
predictions based on features sensible to humans.

Figure 4: An example of a LIME explanation showing a case where the model (roberta-large-mnli) makes an
incorrect prediction based on the tokens such as Making, and, and the which bear little semantic relevancy to the
gist of the text.

understandable that these tokens have high scores,
as they are the keywords ("One out of two (2) wit-
nesses is ineligible") which provide grounds for
revoking a will statement.

4.5.2 An Incorrect Example

Figure 4 shows a case where the model made an in-
correct prediction based on irrelevant tokens. The
intent of the will statement is to excuse the Execu-
tor from filing inventory. This is not contradicted by
the condition and law, requiring the model to clas-
sify the text as support. Nevertheless, the model
incorrectly classified it as unrelated. The reason
for the incorrect prediction is that the model (prob-
ably) relied on irrelevant tokens such as Making,
and, and the, which bear little semantic relevancy
to the text, versus more relevant tokens such as
inventories and excuses when making the predic-
tion. This is likely due to overfitting induced by
longer texts. This LIME explanation shows that
even the best performing model still has room for
improvement.

5 Future Work

This work can be expanded in several directions.
First, it can be extended to cover multiple states by
adapting the models or adding more data. Future
work can investigate if models trained on a single
state’s data can be adapted to evaluate data from
other states. Also, wills from multiple states could
be added to the dataset. We expect the augmented
dataset would enhance the models’ performance on
evaluating wills from other states.

This work can be expanded to other legal do-
mains. Models trained on our data can be adapted
to similar tasks in other legal domains.

Lastly, this work can be extended by investigat-
ing novel transformer models. Given the unique-
ness of our dataset with regard to the number of
inputs and text length, it is likely that further exper-
iment and modification is needed to handle such
characteristics.
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6 Conclusion

This work presented an annotated dataset for natu-
ral language inference (NLI) in the legal domain,
consisting of 1,014 data points generated from
23 publicly available wills. The dataset is novel
for two reasons: it included texts with three in-
put types (statement, law, and condition) rather
than two (premise and hypothesis) in the tradi-
tional NLI, and included texts are longer than in
general NLI datasets. The NLI models trained on
our dataset showed reasonable performance in as-
sessing the validity of will statements. Ablative
experiments demonstrated that the models’ perfor-
mances worsen if any input type (condition, law,
or both) is omitted. This suggests that the models
utilize all three input types. The LIME implemen-
tation reveals that even the best performing model
makes errors in some cases by using semantically
irrelevant tokens. Our open-access dataset is pub-
licly available at: https://github.com/ml4ai/
nli4wills-corpus

Limitations

Our dataset consists of a relatively small number
of data points (1,014 texts). Annotating will state-
ments with relevant laws and conditions is a highly
demanding, time intensive task. A larger size of
dataset would likely further improve the models’
performances.

Our dataset only includes wills executed and
probated in Tennessee, with execution after 1970
and probate after 2000. Due to these restrictions,
our framework might produce incorrect results on
inputs from wills from different settings. Supple-
menting the dataset with wills from more diverse
settings would address this limitation. Even though
the scope is limited to a single state (Tennessee),
our study demonstrates that transformer models
trained on the dataset can evaluate the validity of
statements from wills with reasonable accuracy.
Future additions to our dataset will be available
at the same URL: https://github.com/ml4ai/
nli4wills-corpus

This work does not involve humans in the loop.
Considering how crucial accuracy is for the task
(i.e., legal validity evaluation), the work would
have benefited much from involving domain ex-
perts. Even though our study discovered that the
state-of-the-art transformer models can show good
performances (over 85% accuracy in all 8 models)
without human interaction, it was also found that

the models’ understanding on the task is rather su-
perficial (GAs ranging from 49-85% in Table 2).
Including humans-in-the-loop could be a solution
for enhancing the models’ understanding on the
task.

Ethics Statement

We collected legal wills from Ancestry as a part of
our dataset creation process. The wills probated in
court are in the public domain in the US, and we did
not violate Ancestry’s Terms and Conditions when
collecting wills. We also anonymized the wills
by replacing any personal identifiable information
contained in the documents with special tokens.

Our datasets and codes are released to public.
We believe our released datasets and codes would
contribute to society by promoting further NLI en-
deavors in the legal domain. The resources could
potentially assist with people reviewing wills, but
they should not be considered as legal advice. To
avoid any confusion, we placed a disclaimer that
the users must not rely on any information provided
from our resources when making legal decisions
and should instead consult with an attorney.
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