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Ruochen Xu | Chenguang Zhu | Michael Zeng

Towards Identifying Social Bias in Dialog Systems: Framework, Dataset, and Benchmark
Jingyan Zhou | Jiawen Deng | Fei Mi | Yitong Li | Yasheng Wang | Minlie Huang | Xin Jiang | Qun Liu | Helen Meng

CrossRE: A Cross-Domain Dataset for Relation Extraction
Elisa Bassignana | Barbara Plank

Probing Structural Knowledge from Pre-trained Language Model for Argumentation Relation Classification
Yang Sun | Bin Liang | Jianzhu Bao | Min Yang | Ruifeng Xu

LogicNMR: Probing the Non-monotonic Reasoning Ability of Pre-trained Language Models
Yeliang Xiu | Zhanhao Xiao | Yongmei Liu

Cheater's Bowl: Human vs. Computer Search Strategies for Open-Domain QA
Wanrong He | Andrew Mao | Jordan Boyd-Graber

FRSUM: Towards Faithful Abstractive Summarization via Enhancing Factual Robustness
Wenhao Wu | Wei Li | Jiachen Liu | Xinyan Xiao | Zigiang Cao | Sujian Li | Hua Wu

PoeLM: A Meter- and Rhyme-Controllable Language Model for Unsupervised Poetry Generation
Aitor Ormazabal | Mikel Artetxe | Manex Agirrezabal | Aitor Soroa | Eneko Agirre

ProGen: Progressive Zero-shot Dataset Generation via In-context Feedback
Jiacheng Ye | Jiahui Gao | Zhiyong Wu | Jiangtao Feng | Tao Yu | Lingpeng Kong

Constructing Highly Inductive Contexts for Dialogue Safety through Controllable Reverse Generation
Zhexin Zhang | Jiale Cheng | Hao Sun | Jiawen Deng | Fei Mi | Yasheng Wang | Lifeng Shang | Minlie Huang

Language Prior Is Not the Only Shortcut: A Benchmark for Shortcut Learning in VQA
Qingyi Si | Fandong Meng | Mingyu Zheng | Zheng Lin | Yuanxin Liu | Peng Fu | Yanan Cao | Weiping Wang | Jie Zhou

Bridging the Training-Inference Gap for Dense Phrase Retrieval
Gyuwan Kim | Jinhyuk Lee | Barlas Oguz | Wenhan Xiong | Yizhe Zhang | Yashar Mehdad | William Yang Wang

Beyond Counting Datasets: A Survey of Multilingual Dataset Construction and Necessary Resources
Xinyan Yu | Trina Chatterjee | Akari Asai | Junjie Hu | Eunsol Choi

ERNIE-Layout: Layout Knowledge Enhanced Pre-training for Visually-rich Document Understanding
Qiming Peng | Yinxu Pan | Wenjin Wang | Bin Luo | Zhenyu Zhang | Zhengjie Huang | Yuhui Cao | Weichong Yin | Yongfeng Chen | Yin Zhang
| Shikun Feng | Yu Sun | Hao Tian | Hua Wu | Haifeng Wang

Do Charge Prediction Models Learn Legal Theory?
Zhenwei An | Quzhe Huang | Cong Jiang | Yansong Feng | Dongyan Zhao

Keep Me Updated! Memory Management in Long-term Conversations
Sanghwan Bae | Donghyun Kwak | Soyoung Kang | Min Young Lee | Sungdong Kim | Yuin Jeong | Hyeri Kim | Sang-Woo Lee | Woomyoung
Park | Nako Sung

A Unified Dialogue User Simulator for Few-shot Data Augmentation
Dazhen Wan | Zheng Zhang | Qi Zhu | Lizi Liao | Minlie Huang

An Error-Guided Correction Model for Chinese Spelling Error Correction
Rui Sun | Xiuyu Wu | Yunfang Wu

Describing Sets of Images with Textual-PCA
Oded Hupert | Idan Schwartz | Lior Wolf

Learning to Model Editing Processes
Machel Reid | Graham Neubig

PALT: Parameter-Lite Transfer of Language Models for Knowledge Graph Completion
Jianhao Shen | Chenguang Wang | Ye Yuan | Jiawei Han | Heng Ji | Koushik Sen | Ming Zhang | Dawn Song

Prompt-based Connective Prediction Method for Fine-grained Implicit Discourse Relation Recognition
Hao Zhou | Man Lan | Yuanbin Wu | Yuefeng Chen | Meirong Ma

On Utilizing Constituent Language Resources to Improve Downstream Tasks in Hinglish
Vishwajeet Kumar | Rudra Murthy | Tejas Dhamecha

SYGMA: A System for Generalizable and Modular Question Answering Over Knowledge Bases
Sumit Neelam | Udit Sharma | Hima Karanam | Sha&&mmtiz?l]b%v% gp'ap}pathi | Ibrahim Abdelaziz | Nandana Mihindukulasooriya | Young-
Suk Lee | Santosh Srivastava | Cezar Pendus | Saswati Dana | Dinesh Garg | Achille Fokoue | G P Shrivatsa Bhargav | Dinesh Khandelwal |
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Srinivas Ravishankar | Sairam Gurajada | Maria Chang | Rosario Uceda-Sosa | Salim Roukos | Alexander Gray | Guilherme Lima | Ryan Riegel
| Francois Luus | L V Subramaniam

Instance-Guided Prompt Learning for Few-Shot Text Matching
Jia Du | Xuanyu Zhang | Siyi Wang | Kai Wang | Yanquan Zhou | Lei Li | Qing Yang | Dongliang Xu

M3: Multi-level dataset for Multi-document summarisation of Medical studies
Yulia Otmakhova | Karin Verspoor | Timothy Baldwin | Antonio Jimeno Yepes | Jey Han Lau

Adapters for Enhanced Modeling of Multilingual Knowledge and Text
Yifan Hou | Wenxiang Jiao | Meizhen Liu | Carl Allen | Zhaopeng Tu | Mrinmaya Sachan

SeplLL: Separating Latent Class Labels from Weak Supervision Noise
Andreas Stephan | Vasiliki Kougia | Benjamin Roth

Probing Relational Knowledge in Language Models via Word Analogies
Kiamehr Rezaee | Jose Camacho-Collados

Semi-Supervised Lifelong Language Learning
Yingxiu Zhao | Yinhe Zheng | Bowen Yu | Zhiliang Tian | Dongkyu Lee | Jian Sun | Yongbin Li | Nevin L. Zhang

Parameter-free Automatically Prompting: A Latent Pseudo Label Mapping Model for Prompt-based Learning
Jirui Qi | Richong Zhang | Junfan Chen | Jaein Kim | Yongyi Mao

Exploring Logographic Image for Chinese Aspect-based Sentiment Classification
Xiabing Zhou | Renjie Feng | Xiaotong Jiang | Zhongging Wang

On the Role of Bidirectionality in Language Model Pre-Training
Mikel Artetxe | Jingfei Du | Naman Goyal | Luke Zettlemoyer | Veselin Stoyanov

You Are What You Talk About: Inducing Evaluative Topics for Personality Analysis
Josip Juki¢ | Iva Vukojevi¢ | Jan Snajder

CAT-probing: A Metric-based Approach to Interpret How Pre-trained Models for Programming Language Attend Code Structure
Nuo Chen | Qiushi Sun | Renyu Zhu | Xiang Li | Xuesong Lu | Ming Gao

Learning to Revise References for Faithful Summarization
Griffin Adams | Han-Chin Shing | Qing Sun | Christopher Winestock | Kathleen McKeown | Noémie Elhadad

Towards Intention Understanding in Suicidal Risk Assessment with Natural Language Processing
Shaoxiong Ji

On the Impact of Temporal Concept Drift on Model Explanations
Zhixue Zhao | George Chrysostomou | Kalina Bontcheva | Nikolaos Aletras

Text-Only Training for Image Captioning using Noise-Injected CLIP
David Nukrai | Ron Mokady | Amir Globerson

Improving Sharpness-Aware Minimization with Fisher Mask for Better Generalization on Language Models
Qihuang Zhong | Liang Ding | Li Shen | Peng Mi | Juhua Liu | Bo Du | Dacheng Tao

TINA: Textual Inference with Negation Augmentation
Chadi Helwe | Simon Coumes | Chloé Clavel | Fabian Suchanek

Improving Bilingual Lexicon Induction with Cross-Encoder Reranking
Yaoyiran Li | Fangyu Liu | lvan Vuli¢ | Anna Korhonen

Mixed-modality Representation Learning and Pre-training for Joint Table-and-Text Retrieval in OpenQA
Junjie Huang | Wanjun Zhong | Qian Liu | Ming Gong | Daxin Jiang | Nan Duan

The Effects of Corpus Choice and Morphosyntax on Multilingual Space Induction
Vinit Ravishankar | Joakim Nivre

Modeling Complex Dialogue Mappings via Sentence Semantic Segmentation Guided Conditional Variational Auto-Encoder
Bin Sun | Shaoxiong Feng | Yiwei Li | Weichao Wang | Fei Mi | Yitong Li | Kan Li

Graph Embeddings for Argumentation Quality Assessment
Santiago Marro | Elena Cabrio | Serena Villata

SMILE: Schema-augmented Multi-level Contrastive Learning for Knowledge Graph Link Prediction
Miao Peng | Ben Liu | Qiangian Xie | Wenjie Xu | Hua Wang | Min Peng
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Chan Nilr 1 Nan Nneat3 | EFmanniala Riualiaralla | Stalla Frank | Neemnnd Ellintt



NI NI | LA M I R | B I I T I I | ML T I | et I e

XD vib Y Learning From the Source Document: Unsupervised Abstractive Summarization
Haojie Zhuang | Wei Emma Zhang | Jian Yang | Congbo Ma | Yutong Qu | Quan Z. Sheng

XD bic T How to Do Things without Words: Modeling Semantic Drift of Emoji
Eyal Arviv | Oren Tsur

IO vib B Mind Your Bias: A Critical Review of Bias Detection Methods for Contextual Language Models
Silke Husse | Andreas Spitz

T vib Y ZeroPrompt: Scaling Prompt-Based Pretraining to 1,000 Tasks Improves Zero-Shot Generalization
Hanwei Xu | Yujun Chen | Yulun Du | Nan Shao | Wang Yanggang | Haiyu Li | Zhilin Yang

T vib EY Semantic Role Labeling Meets Definition Modeling: Using Natural Language to Describe Predicate-Argument Structures
Simone Conia | Edoardo Barba | Alessandro Sciré | Roberto Navigli

T vie ET Is anisotropy really the cause of BERT embeddings not being semantic?
Alejandro Fuster Baggetto | Victor Fresno

€D viv (T m~4 Adapter: Multilingual Multi-Domain Adaptation for Machine Translation with a Meta-Adapter
Wen Lai | Alexandra Chronopoulou | Alexander Fraser

T bib D Textual Enhanced Contrastive Learning for Solving Math Word Problems
Yibin Shen | Qianying Liu | Zhuoyuan Mao | Fei Cheng | Sadao Kurohashi

€I vib E What Do Compressed Multilingual Machine Translation Models Forget?
Alireza Mohammadshahi | Vassilina Nikoulina | Alexandre Berard | Caroline Brun | James Henderson | Laurent Besacier

€I vie ETD Controllable Dialogue Simulation with In-context Learning
Zekun Li | Wenhu Chen | Shiyang Li | Hong Wang | Jing Qian | Xifeng Yan

D vic 7 Improving the Factual Correctness of Radiology Report Generation with Semantic Rewards
Jean-Benoit Delbrouck | Pierre Chambon | Christian Bluethgen | Emily Tsai | Omar Almusa | Curtis Langlotz

IO vib D Recursive Neural Networks with Bottlenecks Diagnose (Non-)Compositionality
Verna Dankers | lvan Titov

I vie D HumsSet: Dataset of Multilingual Information Extraction and Classification for Humanitarian Crises Response
Selim Fekih | Nicolo' Tamagnone | Benjamin Minixhofer | Ranjan Shrestha | Ximena Contla | Ewan Oglethorpe | Navid Rekabsaz

T vic 7Y vViterbi Decoding of Directed Acyclic Transformer for Non-Autoregressive Machine Translation
Chenze Shao | Zhengrui Ma | Yang Feng

T vib ETY Lexical Generalization Improves with Larger Models and Longer Training
Elron Bandel | Yoav Goldberg | Yanai Elazar

ID vib ET Realistic Data Augmentation Framework for Enhancing Tabular Reasoning
Dibyakanti Kumar | Vivek Gupta | Soumya Sharma | Shuo Zhang

€I vic €D Inducing Generalizable and Interpretable Lexica
Yilin Geng | Zetian Wu | Roshan Santhosh | Tejas Srivastava | Lyle Ungar | Jodo Sedoc

X bib ETD The Curious Case of Absolute Position Embeddings
Koustuv Sinha | Amirhossein Kazemnejad | Siva Reddy | Joelle Pineau | Dieuwke Hupkes | Adina Williams

D bie D Goal-oriented Vision-and-Dialog Navigation via Reinforcement Learning
Yan Cao | Keting Lu | David DeFazio | Shigi Zhang

€I bib B Leveraging Data Recasting to Enhance Tabular Reasoning
Aashna Jena | Vivek Gupta | Manish Shrivastava | Julian Eisenschlos

X bib £ Thinking about GPT-3 In-Context Learning for Biomedical IE? Think Again
Bernal Jimenez Gutierrez | Nikolas McNeal | Clayton Washington | You Chen | Lang Li | Huan Sun | Yu Su

€I vib ETH Attention weights accurately predict language representations in the brain
Mathis Lamarre | Catherine Chen | Fatma Deniz

€I bic Y Improving HowNet-Based Chinese Word Sense Disambiguation with Translations
Xiang Zhang | Bradley Hauer | Grzegorz Kondrak

IO viv ETY Mask-then-Fill: A Flexible and Effective Data Augmentation Framework for Event Extraction

Jun Gao | Changlong Yu | Wei Wang | Huan Zhao | Ruifeng Xu
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Dawei Zhang | Sixing Wu | Yao Guo | Xianggun Chen

D bib Enhancing Automatic Readability Assessment with Pre-training and Soft Labels for Ordinal Regression
Jinshan Zeng | Yudong Xie | Xianglong Yu | John Lee | Ding-Xuan Zhou

T bib Opening up Minds with Argumentative Dialogues
Youmna Farag | Charlotte Brand | Jacopo Amidei | Paul Piwek | Tom Stafford | Svetlana Stoyanchev | Andreas Vlachos

XD bib T You Are My Type! Type Embeddings for Pre-trained Language Models
Mohammed Saeed | Paolo Papotti

D vie T Generating Textual Adversaries with Minimal Perturbation
Xingyi Zhao | Lu Zhang | Depeng Xu | Shuhan Yuan

€D vib T SensePOLAR: Word sense aware interpretability for pre-trained contextual word embeddings
Jan Engler | Sandipan Sikdar | Marlene Lutz | Markus Strohmaier

[ paf BT Contextualizing Language Models for Norms Diverging from Social Majority
Niklas Kiehne | Hermann Kroll | Wolf-Tilo Balke

D bib Empathetic Dialogue Generation via Sensitive Emotion Recognition and Sensible Knowledge Selection
Lanrui Wang | Jiangnan Li | Zheng Lin | Fandong Meng | Chenxu Yang | Weiping Wang | Jie Zhou

€I bib ETD Joint Multilingual Knowledge Graph Completion and Alignment
Vinh Tong | Dat Quoc Nguyen | Trung Thanh Huynh | Tam Thanh Nguyen | Quoc Viet Hung Nguyen | Mathias Niepert

T vib ED A Framework for Automatic Generation of Spoken Question-Answering Data
Merve Unlii Menevse | Yusufcan Manav | Ebru Arisoy | Arzucan Ozglir

€D bvib E Readability Controllable Biomedical Document Summarization
Zheheng Luo | Qiangian Xie | Sophia Ananiadou

T vie £ Beyond Additive Fusion: Learning Non-Additive Multimodal Interactions
Torsten Wortwein | Lisa Sheeber | Nicholas Allen | Jeffrey Cohn | Louis-Philippe Morency

D bib Generalization Differences between End-to-End and Neuro-Symbolic Vision-Language Reasoning Systems
Wang Zhu | Jesse Thomason | Robin Jia

€I bib ET Learning to Model Multimodal Semantic Alignment for Story Visualization
Bowen Li | Thomas Lukasiewicz

D sbib SciFact-Open: Towards open-domain scientific claim verification
David Wadden | Kyle Lo | Bailey Kuehl | Arman Cohan | Iz Beltagy | Lucy Lu Wang | Hannaneh Hajishirzi

€I vib E'Y COMET-QE and Active Learning for Low-Resource Machine Translation
Everlyn Chimoto | Bruce Bassett

€D bib D MedicalSum: A Guided Clinical Abstractive Summarization Model for Generating Medical Reports from Patient-Doctor
Conversations
George Michalopoulos | Kyle Williams | Gagandeep Singh | Thomas Lin

T vie E Leveraging Training Dynamics and Self-Training for Text Classification
Tiberiu Sosea | Cornelia Caragea

€I v D Learning to Infer from Unlabeled Data: A Semi-supervised Learning Approach for Robust Natural Language Inference
Mobashir Sadat | Cornelia Caragea

I bib T Unsupervised Text Deidentification
John Morris | Justin Chiu | Ramin Zabih | Alexander Rush

D bib Federated Continual Learning for Text Classification via Selective Inter-client Transfer
Yatin Chaudhary | Pranav Rai | Matthias Schubert | Hinrich Schiitze | Pankaj Gupta

€I vib E'D DOROTHIE: Spoken Dialogue for Handling Unexpected Situations in Interactive Autonomous Driving Agents
Zigiao Ma | Benjamin VanDerPloeg | Cristian-Paul Bara | Yidong Huang | Eui-In Kim | Felix Gervits | Matthew Marge | Joyce Chai

D vib Y He Said, She Said: Style Transfer for Shifting the Perspective of Dialogues
Amanda Bertsch | Graham Neubig | Matthew R. Gormley

XD vib 3 Dynamic Augmentation Data Selection for Few-shot Text Classification
Guangliang Liu | Lifeng Jin | Owen Yuan | Jiayu Zhou

0 biv ) KPDROP: Improving Absent Keyphrase Generafi$iibit 1027 Page 120



Jishnu Ray Chowdhury | Seo Yeon Park | Tuhin Kundu | Cornelia Caragea

IO vie E'Y Natural Language Deduction through Search over Statement Compositions
Kaj Bostrom | Zayne Sprague | Swarat Chaudhuri | Greg Durrett

T vib T EnDex: Evaluation of Dialogue Engagingness at Scale
Guangxuan Xu | Ruibo Liu | Fabrice Harel-Canada | Nischal Reddy Chandra | Nanyun Peng

T vib (T LOPS: Learning Order Inspired Pseudo-Label Selection for Weakly Supervised Text Classification
Dheeraj Mekala | Chengyu Dong | Jingbo Shang

€ bic €7D Train Flat, Then Compress: Sharpness-Aware Minimization Learns More Compressible Models
Clara Na | Sanket Vaibhav Mehta | Emma Strubell

€D vio T Structural Contrastive Representation Learning for Zero-shot Multi-label Text Classification
Tianyi Zhang | Zhaozhuo Xu | Tharun Medini | Anshumali Shrivastava

IO vie B Improving Generalization of Pre-trained Language Models via Stochastic Weight Averaging
Peng Lu | lvan Kobyzev | Mehdi Rezagholizadeh | Ahmad Rashid | Ali Ghodsi | Phillippe Langlais

€D bib T Learn What Is Possible, Then Choose What Is Best: Disentangling One-To-Many Relations in Language Through Text-based
Games
Benjamin Towle | Ke Zhou

IO viv B Structurally Diverse Sampling for Sample-Efficient Training and Comprehensive Evaluation
Shivanshu Gupta | Sameer Singh | Matt Gardner

€I bie Y Unsupervised Multi-Granularity Summarization
Ming Zhong | Yang Liu | Suyu Ge | Yuning Mao | Yizhu Jiao | Xingxing Zhang | Yichong Xu | Chenguang Zhu | Michael Zeng | Jiawei Han

€D bib ET) Helo: Learning-Free Lookahead Decoding for Conversation Infilling
Ivan Lee | Taylor Berg-Kirkpatrick

I vib B Invernet: An Inversion Attack Framework to Infer Fine-Tuning Datasets through Word Embeddings
Ishrak Hayet | Zijun Yao | Bo Luo

D vie T LawngNLI: A Long-Premise Benchmark for In-Domain Generalization from Short to Long Contexts and for Implication-Based
Retrieval
William Bruno | Dan Roth

D evie M Distillation-Resistant Watermarking for Model Protection in NLP
Xuandong Zhao | Lei Li | Yu-Xiang Wang

fTD vic T NeuroCounterfactuals: Beyond Minimal-Edit Counterfactuals for Richer Data Augmentation
Phillip Howard | Gadi Singer | Vasudev Lal | Yejin Choi | Swabha Swayamdipta

I vib ED Don't Just Clean It, Proxy Clean It: Mitigating Bias by Proxy in Pre-Trained Models
Swetasudha Panda | Ari Kobren | Michael Wick | Qinlan Shen

XD bib ET8) The Undesirable Dependence on Frequency of Gender Bias Metrics Based on Word Embeddings
Francisco Valentini | German Rosati | Diego Fernandez Slezak | Edgar Altszyler

T vib D BioNLI: Generating a Biomedical NLI Dataset Using Lexico-semantic Constraints for Adversarial Examples
Mohaddeseh Bastan | Mihai Surdeanu | Niranjan Balasubramanian

T vie M Self-supervised Cross-modal Pretraining for Speech Emotion Recognition and Sentiment Analysis
lek-Heng Chu | Ziyi Chen | Xinlu Yu | Mei Han | Jing Xiao | Peng Chang

€D viv ) Multimodal Conversation Modelling for Topic Derailment Detection
Zhenhao Li | Marek Rei | Lucia Specia

XD vib EY Active Learning for Abstractive Text Summarization
Akim Tsvigun | Ivan Lysenko | Danila Sedashov | lvan Lazichny | Eldar Damirov | Vladimir Karlov | Artemy Belousov | Leonid Sanochkin |
Maxim Panov | Alexander Panchenko | Mikhail Burtsev | Artem Shelmanov

€ bic 7 Finding Memo: Extractive Memorization in Constrained Sequence Generation Tasks
Vikas Raunak | Arul Menezes

€I bic ETX) SALTED: A Framework for SAlient Long-tail Translation Error Detection
Vikas Raunak | Matt Post | Arul Menezes

T vib EYD Discord Questions: A Computational Approach To Diversity Analysis in News Coverage
Philippe Laban | Chien-Sheng Wu | Lidiya Murakh@&xHibit 1028 Phge [12diming Xiong



€D viv T FocusQA: Open-Domain Question Answering with a Context in Focus
Gianni Barlacchi | Ivano Lauriola | Alessandro Moschitti | Marco Del Tredici | Xiaoyu Shen | Thuy Vu | Bill Byrne | Adria de Gispert

T vib E'Y Challenges and Opportunities in Information Manipulation Detection: An Examination of Wartime Russian Media
Chan Young Park | Julia Mendelsohn | Anjalie Field | Yulia Tsvetkov

D vib D Disentangling Task Relations for Few-shot Text Classification via Self-Supervised Hierarchical Task Clustering
Juan Zha | Zheng Li | Ying Wei | Yu Zhang

IO vib B XRICL: Cross-lingual Retrieval-Augmented In-Context Learning for Cross-lingual Text-to-SQL Semantic Parsing
Peng Shi | Rui Zhang | He Bai | Jimmy Lin

IO vib ED cContinuation KD: Improved Knowledge Distillation through the Lens of Continuation Optimization
Aref Jafari | lvan Kobyzev | Mehdi Rezagholizadeh | Pascal Poupart | Ali Ghodsi

T bib ET Detecting Dementia from Long Neuropsychological Interviews
Nauman Dawalatabad | Yuan Gong | Sameer Khurana | Rhoda Au | James Glass

T vib E'Y Sarcasm Detection is Way Too Easy! An Empirical Comparison of Human and Machine Sarcasm Detection
Ibrahim Abu Farha | Steven Wilson | Silviu Oprea | Walid Magdy

D vib EY Cross-lingual Text-to-SQL Semantic Parsing with Representation Mixup
Peng Shi | Linfeng Song | Lifeng Jin | Haitao Mi | He Bai | Jimmy Lin | Dong Yu

€D bvie EY JamPatoisNLI: A Jamaican Patois Natural Language Inference Dataset
Ruth-Ann Armstrong | John Hewitt | Christopher Manning

XD vib €78 Are Neural Topic Models Broken?
Alexander Miserlis Hoyle | Rupak Sarkar | Pranav Goel | Philip Resnik

TN vib B Know Thy Strengths: Comprehensive Dialogue State Tracking Diagnostics
Hyundong Cho | Chinnadhurai Sankar | Christopher Lin | Kaushik Sadagopan | Shahin Shayandeh | Asli Celikyilmaz | Jonathan May | Ahmad
Beirami

I vib B Open-domain Question Answering via Chain of Reasoning over Heterogeneous Knowledge
Kaixin Ma | Hao Cheng | Xiaodong Liu | Eric Nyberg | Jianfeng Gao

D vie E Detecting Languages Unintelligible to Multilingual Models through Local Structure Probes
Louis Clouatre | Prasanna Parthasarathi | Amal Zouaq | Sarath Chandar

€I oib ET) Cards Against Al: Predicting Humor in a Fill-in-the-blank Party Game
Dan Ofer | Dafna Shahaf

IO vib ED Open-Vocabulary Argument Role Prediction For Event Extraction
Yizhu Jiao | Sha Li | Yiging Xie | Ming Zhong | Heng Ji | Jiawei Han

D vib T Token-level Sequence Labeling for Spoken Language Understanding using Compositional End-to-End Models
Siddhant Arora | Siddharth Dalmia | Brian Yan | Florian Metze | Alan W Black | Shinji Watanabe

D viv I Baked-in State Probing
Shubham Toshniwal | Sam Wiseman | Karen Livescu | Kevin Gimpel

XD bic ETY ClinicalT5: A Generative Language Model for Clinical Text
Qiuhao Lu | Dejing Dou | Thien Nguyen

€I vib ET) Find Someone Who: Visual Commonsense Understanding in Human-Centric Grounding
Haoxuan You | Rui Sun | Zhecan Wang | Kai-Wei Chang | Shih-Fu Chang

T vib ED CrisisLTLSum: A Benchmark for Local Crisis Event Timeline Extraction and Summarization
Haossein Rajaby Faghihi | Bashar Alhafni | Ke Zhang | Shihao Ran | Joel Tetreault | Alejandro Jaimes

D vie @ Prompt-Tuning Can Be Much Better Than Fine-Tuning on Cross-lingual Understanding With Multilingual Language Models
Lifu Tu | Caiming Xiong | Yingbo Zhou

ID vib () BERT Meets CTC: New Formulation of End-to-End Speech Recognition with Pre-trained Masked Language Model
Yosuke Higuchi | Brian Yan | Siddhant Arora | Tetsuji Ogawa | Tetsunari Kobayashi | Shinji Watanabe

T vib ETY EtriCA: Event-Triggered Context-Aware Story Generation Augmented by Cross Attention
Chen Tang | Chenghua Lin | Henglin Huang | Frank Guerin | Zhihao Zhang

€T bib ET LADIS: Language Disentanglement for 3D Shape Editing

lan Huang | Panos Achlioptas | Tianyi Zhang | Sergei Tulyakov | Minhyuk Sung | Leonidas Guibas
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Luca Di Liello | Matteo Gabburo | Alessandro Moschitti

Language Model Detoxification in Dialogue with Contextualized Stance Control
Jing Qian | Xifeng Yan

Multilingual SubEvent Relation Extraction: A Novel Dataset and Structure Induction Method
Viet Lai | Hieu Man | Linh Ngo | Franck Dernoncourt | Thien Nguyen

A Two-Stage Approach towards Generalization in Knowledge Base Question Answering
Srinivas Ravishankar | Dung Thai | Ibrahim Abdelaziz | Nandana Mihindukulasooriya | Tahira Naseem | Pavan Kapanipathi | Gaetano
Rossiello | Achille Fokoue

Few-Shot (Dis)Agreement Identification in Online Discussions with Regularized and Augmented Meta-Learning
Yuanyuan Lei | Ruihong Huang

Data Cartography for Low-Resource Neural Machine Translation
Aquia Richburg | Marine Carpuat

Augmenting Multi-Turn Text-to-SQL Datasets with Self-Play
Qi Liu | Zihuiwen Ye | Tao Yu | Linfeng Song | Phil Blunsom

Prompt Compression and Contrastive Conditioning for Controllability and Toxicity Reduction in Language Models
David Wingate | Mohammad Shoeybi | Taylor Sorensen

NaturalAdversaries: Can Naturalistic Adversaries Be as Effective as Artificial Adversaries?
Saadia Gabriel | Hamid Palangi | Yejin Choi

Multi-Path Transformer is Better: A Case Study on Neural Machine Translation
Ye Lin | Shuhan Zhou | Yanyang Li | Anxiang Ma | Tong Xiao | Jingbo Zhu

Unsupervised Learning of Hierarchical Conversation Structure
Bo-Ru Lu | Yushi Hu | Hao Cheng | Noah A. Smith | Mari Ostendorf

Task Compass: Scaling Multi-task Pre-training with Task Prefix
Zhuosheng Zhang | Shuohang Wang | Yichong Xu | Yuwei Fang | Wenhao Yu | Yang Liu | Hai Zhao | Chenguang Zhu | Michael Zeng

Sharpness-Aware Minimization with Dynamic Reweighting
Wenxuan Zhou | Fangyu Liu | Huan Zhang | Muhao Chen

Predicting Long-Term Citations from Short-Term Linguistic Influence
Sandeep Soni | David Bamman | Jacob Eisenstein

Joint Audio/Text Training for Transformer Rescorer of Streaming Speech Recognition
Suyoun Kim | Ke Li | Lucas Kabela | Ron Huang | Jiedan Zhu | Ozlem Kalinli | Duc Le
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Oh My Mistake!: Toward Realistic Dialogue State Tracking including Turnback Utterances
Takyoung Kim | Yukyung Lee | Hoonsang Yoon | Pilsung Kang | Junseong Bang | Misuk Kim

A GlobalPointer based Robust Approach for Information Extraction from Dialog Transcripts
Yanbo J. Wang | Sheng Chen | Hengxing Cai | Wei Wei | Kuo Yan | Zhe Sun | Hui Qin | Yuming Li | Xiaochen Cai

A Token-pair Framework for Information Extraction from Dialog Transcripts in SereTOD Challenge
Chenyue Wang | Xiangxing Kong | Mengzuo Huang | Feng Li | Jian Xing | Weidong Zhang | Wuhe Zou

Prompt Learning for Domain Adaptation in Task-Oriented Dialogue
Makesh Narsimhan Sreedhar | Christopher Parisien

Disentangling Confidence Score Distribution for Out-of-Domain Intent Detection with Energy-Based Learning
Yanan Wu | Zhiyuan Zeng | Keging He | Yutao Mou | Pei Wang | Yuanmeng Yan | Weiran Xu

Semi-Supervised Knowledge-Grounded Pre-training for Task-Oriented Dialog Systems
Weihao Zeng | Keging He | Zechen Wang | Dayuan Fu | Guanting Dong | Ruotong Geng | Pei Wang | Jingang Wang | Chaobo Sun | Wei Wu |
Weiran Xu

CMCC: A Comprehensive and Large-Scale Human-Human Dataset for Dialogue Systems
Yi Huang | Xiaoting Wu | Si Chen | Wei Hu | Qing Zhu | Junlan Feng | Chao Deng | Zhijian Ou | Jiangjiang Zhao

State-Aware Adversarial Training for Utterance-Level Dialogue Generation
Yi Huang | Xiaoting Wu | Wei Hu | Junlan Feng | Chao Deng

Information Extraction and Human-Robot Dialogue towards Real-life Tasks A Baseline Study with the MobileCS Dataset
Hong Liu | Hao Peng | Zhijian Ou | Juanzi Li | Yi Huang | Junlan Feng

A Generative User Simulator with GPT-based Architecture and Goal State Tracking for Reinforced Multi-Domain Dialog Systems
Hong Liu | Yucheng Cai | Zhijian Ou | Yi Huang | Junlan Feng

Offline-to-Online Co-Evolutional User Simulat: X}ndﬂﬁlggﬁe Sgs1t221
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Schwartz | Andreas Riicklé

D viv EY Efficient Two-Stage Progressive Quantization of BERT
Charles Le | Arash Ardakani | Amir Ardakani | Hang Zhang | Yuyan Chen | James Clark | Brett Meyer | Warren Gross

D vib [ KGRefiner: Knowledge Graph Refinement for Improving Accuracy of Translational Link Prediction Methods
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XD bie BT Algorithmic Diversity and Tiny Models: Comparing Binary Networks and the Fruit Fly Algorithm on Document Representation
Tasks
Tanise Ceron | Nhut Truong | Aurelie Herbelot

T vib T Look Ma, Only 400 Samples! Revisiting the Effectiveness of Automatic N-Gram Rule Generation for Spelling Normalization in
Filipino
Lorenzo Jaime Flores | Dragomir Radev

IO vib EY who Says Elephants Can’t Run: Bringing Large Scale MoE Models into Cloud Scale Production
Young Jin Kim | Rawn Henry | Raffy Fahim | Hany Hassan

€D viv T Data-Efficient Auto-Regressive Document Retrieval for Fact Verification
James Thorne

T vib T AfroLM: A Self-Active Learning-based Multilingual Pretrained Language Model for 23 African Languages
Bonaventure F. P. Dossou | Atnafu Lambebo Tonja | Oreen Yousuf | Salomey Osei | Abigail Oppong | lyanuoluwa Shode | Oluwabusayo
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T vie T Towards Fair Dataset Distillation for Text Classification
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[ par T Proceedings of the Workshop on Unimodal and Multimodal Induction of Linguistic Structures (UM-10S)
Wenjuan Han | Zilong Zheng | Zhouhan Lin | Lifeng Jin | Yikang Shen | Yoon Kim | Kewei Tu

I bic ETX) Named Entity Recognition as Structured Span Prediction
Urchade Zaratiana | Nadi Tomeh | Pierre Holat | Thierry Charnois

[ paf I Global Span Selection for Named Entity Recognition
Urchade Zaratiana | Niama Elkhbir | Pierre Holat | Nadi Tomeh | Thierry Charnois

I v D Visual Grounding of Inter-lingual Word-Embeddings
Wafaa Mohammed | Hassan Shahmohammadi | Hendrik P. A. Lensch | R. Harald Baayen

D bvib Y A Subspace-Based Analysis of Structured and Unstructured Representations in Image-Text Retrieval
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€I vib T Discourse Relation Embeddings: Representing the Relations between Discourse Segments in Social Media
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€D bvib @ Understanding Cross-modal Interactions in V&L Models that Generate Scene Descriptions
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XD bib DeepParliament: A Legal domain Benchmark & Dataset for Parliament Bills Prediction
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D vie ¥ Punctuation and case restoration in code mixed Indian languages
Subhashree Tripathy | Ashis Samal

€I vic ET Probing Script Knowledge from Pre-Trained Models
Zijia Jin | Xingyu Zhang | Mo Yu | Lifu Huang
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Proceedings of the The Seventh Arabic Natural Language Processing Workshop (WANLP)

Proceedings of the The Seventh Arabic Natural Language Processing Workshop (WANLP)
Houda Bouamor | Hend Al-Khalifa | Kareem Darwish | Owen Rambow | Fethi Bougares | Ahmed Abdelali | Nadi Tomeh | Salam Khalifa | Wajdi
Zaghouani

CAraNER: The COVID-19 Arabic Named Entity Corpus
Abdulmohsen Al-Thubaity | Sakhar Alkhereyf | Wejdan Alzahrani | Alia Bahanshal

Joint Coreference Resolution for Zeros and non-Zeros in Arabic
Abdulrahman Aloraini | Sameer Pradhan | Massimo Poesio

SAIDS: A Novel Approach for Sentiment Analysis Informed of Dialect and Sarcasm
Abdelrahman Kaseb | Mona Farouk

AraBART: a Pretrained Arabic Sequence-to-Sequence Model for Abstractive Summarization
Moussa Kamal Eddine | Nadi Tomeh | Nizar Habash | Joseph Le Roux | Michalis Vazirgiannis

Towards Arabic Sentence Simplification via Classification and Generative Approaches
Nouran Khallaf | Serge Sharoff | Rasha Soliman

Generating Classical Arabic Poetry using Pre-trained Models
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A Benchmark Study of Contrastive Learning for Arabic Social Meaning
Md Tawkat Islam Khondaker | El Moatez Billah Nagoudi | AbdelRahim Elmadany | Muhammad Abdul-Mageed | Laks Lakshmanan, V.S.

Adversarial Text-to-Speech for low-resource languages
Ashraf Elneima | Mikotaj Birlkowski

NADI 2022: The Third Nuanced Arabic Dialect Identification Shared Task
Muhammad Abdul-Mageed | Chiyu Zhang | AbdelRahim Elmadany | Houda Bouamor | Nizar Habash

The Shared Task on Gender Rewriting
Bashar Alhafni | Nizar Habash | Houda Bouamor | Ossama Obeid | Sultan Alrowili | Daliyah AlZeer | Kawla Mohmad Shngiti | Ahmed Elbakry |
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Overview of the WANLP 2022 Shared Task on Propaganda Detection in Arabic
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Arzen-ST: A Three-way Speech Translation Corpus for Code-Switched Egyptian Arabic-English
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A Weak Supervised Transfer Learning Approach for Sentiment Analysis to the Kuwaiti Dialect
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Mawgif: A Multi-label Arabic Dataset for Target-specific Stance Detection
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Assessing the Linguistic Knowledge in Arabic Pre-trained Language Models Using Minimal Pairs
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Identifying Code-switching in Arabizi
Safaa Shehadi | Shuly Wintner

Authorship Verification for Arabic Short Texts Using Arabic Knowledge-Base Model (AraKB)
Fatimah Algahtani | Helen Yannakoudakis

A Semi-supervised Approach for a Better Translation of Sentiment in Dialectical Arabic UGT
Hadeel Saadany | Constantin Ordsan | Emad Mohamed | Ashraf Tantawy

Cross-lingual transfer for low-resource Arabic language understanding
Khadige Abboud | Olga Golovneva | Christopher DiPersio
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Domain Adaptation for Arabic Crisis Response
Reem Alrashdi | Simon O'Keefe

Weakly and Semi-Supervised Learning for Arabic Text Classification using Monodialectal Language Models
Reem AlYami | Rabah Al-Zaidy

Event-Based Knowledge MLM for Arabic Event Detection
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Establishing a Baseline for Arabic Patents Classification: A Comparison of Twelve Approaches
Taif Omar Al-Omar | Hend Al-Khalifa | Rawan Al-Matham

Towards Learning Arabic Morphophonology
Salam Khalifa | Jordan Kodner | Owen Rambow

AraDepSu: Detecting Depression and Suicidal Ideation in Arabic Tweets Using Transformers
Mariam Hassib | Nancy Hossam | Jolie Sameh | Marwan Torki

End-to-End Speech Translation of Arabic to English Broadcast News
Fethi Bougares | Salim Jouili

Arabic Keyphrase Extraction: Enhancing Deep Learning Models with Pre-trained Contextual Embedding and External Features
Randah Alharbi | Husni Al-Muhtasab

ArablE: Joint Entity, Relation and Event Extraction for Arabic
Niama El Khbir | Nadi Tomeh | Thierry Charnois

Emoji Sentiment Roles for Sentiment Analysis: A Case Study in Arabic Texts
Shatha Ali A. Hakami | Robert Hendley | Phillip Smith

Gulf Arabic Diacritization: Guidelines, Initial Dataset, and Results
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Saied Alshahrani | Esma Wali | Jeanna Matthews

A Pilot Study on the Collection and Computational Analysis of Linguistic Differences Amongst Men and Women in a Kuwaiti Arabic
WhatsApp Dataset
Hesah Aldihan | Robert Gaizauskas | Susan Fitzmaurice

Beyond Arabic: Software for Perso-Arabic Script Manipulation
Alexander Gutkin | Cibu Johny | Raiomond Doctor | Brian Roark | Richard Sproat

Coreference Annotation of an Arabic Corpus using a Virtual World Game
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NatiQ: An End-to-end Text-to-Speech System for Arabic
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The Effect of Arabic Dialect Familiarity on Data Annotation
Ibrahim Abu Farha | Walid Magdy

Optimizing Naive Bayes for Arabic Dialect Identification
Tommi Jauhiainen | Heidi Jauhiainen | Krister Lindén

iCompass Working Notes for the Nuanced Arabic Dialect Identification Shared task
Abir Messaoudi | Chayma Fourati | Hatem Haddad | Moez BenHajhmida

TF-IDF or Transformers for Arabic Dialect Identification? ITFLOWS participation in the NADI 2022 Shared Task
Fouad Shammary | Yiyi Chen | Zsolt T Kardkovacs | Mehwish Alam | Haithem Afli

Domain-Adapted BERT-based Models for Nuanced Arabic Dialect Identification and Tweet Sentiment Analysis
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Character n-grams
Abdulrahman Khalifa AAlAbdulsalam

Ahmed and Khalil at NADI 2022: Transfer Learning and Addressing Class Imbalance for Arabic Dialect Identification and
Sentiment Analysis
Ahmed Oumar | Khalil Mrini

Arabic Sentiment Analysis by Pretrained Ensemble
Abdelrahim Qaddoumi

Dialect & Sentiment Identification in Nuanced Arabic Tweets Using an Ensemble of Prompt-based, Fine-tuned, and Multitask
BERT-Based Models
Reem Abdel-Salam

On The Arabic Dialects’ Identification: Overcoming Challenges of Geographical Similarities Between Arabic dialects and
Imbalanced Datasets
Salma Jamal | Aly M .Kassem | Omar Mohamed | Ali Ashraf

Arabic dialect identification using machine learning and transformer-based models: Submission to the NADI 2022 Shared Task
Nouf AlShenaifi | Agil Azmi

NLP DI at NADI Shared Task Subtask-1: Sub-word Level Convolutional Neural Models and Pre-trained Binary Classifiers for Dialect
Identification
Vani Kanjirangat | Tanja Samardzic | Ljiljana Dolamic | Fabio Rinaldi

Word Representation Models for Arabic Dialect Identification
Mahmoud Sobhy | Ahmed H. Abu El-Atta | Ahmed A. El-Sawy | Hamada Nayel

Building an Ensemble of Transformer Models for Arabic Dialect Classification and Sentiment Analysis
Abdullah Salem Khered | Ingy Yasser Hassan Abdou Abdelhalim | Riza Batista-Navarro

Arabic Dialect Identification and Sentiment Classification using Transformer-based Models
Joseph Attieh | Fadi Hassan

Generative Approach for Gender-Rewriting Task with ArabicT5
Sultan Alrowili | Vijay Shanker

AraProp at WANLP 2022 Shared Task: Leveraging Pre-Trained Language Models for Arabic Propaganda Detection
Gaurav Singh

TUB at WANLP22 Shared Task: Using Semantic Similarity for Propaganda Detection in Arabic
Salar Mohtaj | Sebastian Moller

SI2M & AIOX Labs at WANLP 2022 Shared Task: Propaganda Detection in Arabic, A Data Augmentation and Name Entity
Recognition Approach
Kamel Gaanoun | Imade Benelallam
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AraBEM at WANLP 2022 Shared Task: Propaganda Detection in Arabic Tweets
Eshrag Ali Refaee | Basem Ahmed | Motaz Saad
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growing user base - analyst note

By Krystal Hu

Feb 1 (Reuters) - ChatGPT, the popular chatbot from OpenAl, 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.
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Similar Web did not immediately respond to a request to confirm the figures.
OpenAl, a private company backed by Microsoft Corp (MSET.0), launched
ChatGPT in late November.

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

and it took Instagram 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 OpenAl a first-mover
advantage against other Al companies. The growing usage, while addingup 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 OpenAl in the

form of cash and cloud credit.

Mh\ and know the full story
TR
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e e Register now

Reporting by Krystal Hu in Toronto; Editing by Cynthia Osterman
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ChatGPT may be the fastest-growing consumer app
in internet history, reaching 100 million users in just
over 2 months, UBS report says
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Sawdah Bhaimiya Feb 2, 2023, 3:45 AM ) () (=) (o

#-In this photo illustration, the ChatGPT (OpenAl) logo is displayed on a
smartphone screen.

In this photo illustration, the ChatGPT (OpenAl) 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.

= OpenAl 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.



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 Privacy Policy.

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 OpenAl-owned chatbot has surpassed 100 million
MAUSs 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 MAUSs 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 JanEXHtdOR{fFAKRI 'R

RECOMMENDED VIDEO



around six million daily unique views the prior month.

"We cannot remember an app scaling at this pace,"” UBS
analysts added in the report.

OpenAl 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
OpenAl 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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identity theffy 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 "

?I 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.
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be-tween ' (bi-twen’)
Share:
prep.

a. In or through the position or interval separating: befween 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.
adv,
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 betwéonum; see dwo- in the Appendix of Indo-

European roots.]
between’ness n.

Usage Note: The —tween in between comes from the same Indo-European root that
gave us two, twain, and duo, and the —-mong of among comes 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 matchups 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.

indo-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:

Indo-European Roots

Semitic Roots
The Indo-European appendix covers nearly half of the Indo-European roots that have left their

mark on English words. A more complete treatment of Indo-European roots and the English
words derived from them is available in our Dictionary of Indo-European Roots.
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https://web.archive.org/web/20220322024512/https://dictionary.cambridge.org/dictionary/engli
sh/between
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between x English

Meaning,of betwesn iy Eralsi Test your vocabulary with our

f v . .
fun Image quizzes
preposition, adverb
UK 4D /bi'twin/ us<) /bi'twin/
between preposition, adverb (SPACE)
+= Image credits _

© .

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 | was sitting between two very large men.

* The plants have seeded themselves in the cracks between the More meanings of between
paving stones.
= All
* There was a revolting green slime in between the bathroom
files. go-between
in-between
» We watched a spider spin a web between three tall grass length between
stems. perpendiculars
= Our neighbours have no claim to that strip of land between our come belween someone
houses. between you and me idiom
(in)_between times idiom
(just) between you and me idiom
+ SMART Vocabulary: related words and phrases See all meanings

+ Phrasal Verbs
between preposition, adverb (AMOUNT)

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

+i= + Idioms

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

between preposition, advegy HiBHE1 027 Page 164 WORD OF THE DAY
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@ tall oaks from
(also in between) =
little acorns grow

in the period of time that separates two different times or
events:

* You shouldn't eat between meals. said about organizations or plans
that start off very small or simple

+ There is a break of ten minutes between classes.
and become extremely large or

« The office is closed for lunch between 12.30 and 1.30. successful
« In between sobs, he managed to tell them what had happened. Abontthie

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

+ More examples

+ SMART Vocabulary: related words and phrases

Grammar

Between or among?
- BLOG
Between and among are prepositions. ...
Rhyme, rhythm and verse:

talking about poetry

Between, among: meaning and use

We use between to refer to two things which are clearly separated. We use
amaong to talk about things which are not clearly separated because they March 16, 2022
are part of a group or crowd or mass of objects: ...

Between and prepositional phrases

Between is most often used to infroduce 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: ...

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:

NEW WORDS

Among_others and ameng_other things Ea I’th | n g

In the phrases among others and among other things, among means ‘as
well as’ ... March 21, 2022

More new words

Idiom

(in) between times

f v
preposition
UK /bi'twin/ us«4) /bi'twin/
between preposition (SHARED)
+i=

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 oExhibitrt02eMage 165 oline and her

mnthar /= thav ara vvans cimilar)
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+ More examples

+ SMART Vocabulary: related words and phrases

between preposition (OPPOSING)
+i=

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)

+i=
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)

+i=
[ A2
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.
+i=
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)
+=

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.

+ More examples Exhibit 1027 Page 166



+ SMART Vocabulary: related words and phrases

Grammar

Between or among?

Between and among are prepositions. ...

Between, among: meaning_and use

We use between lo 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 prepositional phrases

Between is most offen used to infroduce 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, part 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 things

In the phrases among others and among other things, among means ‘as
well as’: ...

Idiom

(just) between you and me

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

between | AMERICAN DICTIONARY

between

preposition, adverb

us4) /bi'twin/

(also in between, US / in-bi'twin/)

between preposition, adverb (SPACE)
L=

[not gradable ]

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.

+
il

[ not gradable ]

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)

+iE
in the period of time that separates two different times or
events:

* There's a ten-minute break between classes.
Exhibit 1027 Page 167
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- In between sobs, he managed fo tell them what had happened.

f v
between
preposition
us4) /bi'twin/
between preposition (AMONG)
+i=

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)

+i=
connecting two or more places, things, or people:
= There is reqular train service between New York and
Philadelphia.
+ The survey shows a link between asthma and air pollution.
between preposition (SEPARATING)
+i=

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 Corpus [ 95)

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 . (w]
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Ine passengers are the unforiunarte go-petweens In mis usuaily poinucaily-
inspired action.

From the Hansard archive D
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 Q
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 (@]
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 Corpus (%)

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 Corpus [0
First, it is not a dichotomous variable and it allows for a great degree of
variation between countries.

From the Cambridge English Corpus o

Differences between neighbourhoods are both significant and substantial.
From the Cambridge English Corpus 5]
We also examine the interaction between electoral rules and
presidentialism.

From the Cambridge English Corpus o

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 Corpus o]
One might suspect a curvilinear pattern befween campaign funds and
duration of candidacies.

From the Cambridge English Corpus ]
One difference between parliamentarism and presidentialism is obvious;
indeed, definitional.

From the Cambridge English Corpus (4]

See all examples of between

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
licensors.

Translations of between Need a translator?

Get a quick, free
translation!

in Chinese (Traditional)

=h, (ZEME) #9006 &.2

23
ax Translator tool

i, 8.

in Chinese (Simplified)
=i, (=Ek) #9406, &2

jal, #E...

in Spanish
entre, entremedias, en medio

g Seemore




in Portuguese

entre, no meio, no intervalo...

See more

in more languages

What is the pronunciation of between?

Browse

betters

betting

betting shop

bettor

between

between you and me idiom

between you, me, and the gatepost idiom

betwixt

bevel

— Contents ENGLISH AMERICAN EXAMPLES TRANSLATIONS

LEARN DEVELOP ABOUT £

New Words Dictionary API Accessibility
Help Double-Click Lookup Cambridge English - CAMBRIDGE
In Print Search Widgets Cambridge University Press } UNIVERSITY PRESS

Word of the Year License Data Consent Management _ :
© Cambridge University Press 2022

Cookies and Privacy
Corpus
Terms of Use
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https://web.archive.org/web/20250817160037/https://techcrunch.com/2023/03/14/openai-
releases-gpt-4-ai-that-it-claims-is-state-of-the-art/
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OpenAl releases GPT-4, a

multimodal Al that it claims is
state-of-the-art

Kyle Wiggers — 10:06 AM PDT - March 14, 2023

IMAGE CREDITS: DANI PADGETT WATSON / STRICTLYVC

OpenAl 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-4is 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 OpenAl, is running
on GPT-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.

Tech and VC heavyweights join the Disrupt 2025
agenda

Netflix, ElevenLabs, Wayve, Sequoia Capital, Elad Gil — just a few
of the heavy hitters joining the Disrupt 2025 agenda. They're here
to deliver the insights that fuel startup growth and sharpen your
edge. Don’t miss the 20th anniversary of TechCrunch Disrupt,
and a chance to learn from the top voices in tech — grab your
ticket now and save up to $600+ before prices rise.

San Francisco October 27-29, 2025

REGISTER NOW
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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

" " . " . Ford throws out Henry Ford’s
human level” on various professional and academic benchmarks. For assembly line to make low-cost

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

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

® The computer science dream
OpenAl spent six months “iteratively aligning” GPT-4 using lessons from an has become a nightmare
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 OpenAl licensed.

OpenAl worked with Microsoft to develop a “supercomputer” from the ground
up in the Azure cloud, which was used to train GPT-4.
Advertisement
“In a casual conversation, the distinction between GPT-3.5 and GPT-4 can be
subtle,” OpenAl 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 OpenAl 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
blog post:

“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
steerability tooling. With GPT-4, OpenAl 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 at just the right level for them.”

Even with system messages and the other upgrades, however, OpenAl
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 OpenAl, 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,” OpenAl 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.”

OpenAl 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.

L OpenAl GPT-4

Exhibit 1027 Page 173



IMAGE CREDITS: OPENAI

There's clearly a lot to unpack with GPT-4. But OpenAl, 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,” OpenAl 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.”

Topics: Al Al Artificial Intelligence (Al) Enterprise gpt-4 OpenAl
Advertisement
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Corpus Based Classification of Text in Australian Contracts

Michael Curtotti
Australian National University
Canberra, Australia

michael.curtotti@anu.edu.au

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

Eric Mccreath
Australian National University
Canberra, Australia
eric.mccreath@anu.edu.au

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.' 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

"This task can also be thought of as a document segmen-
tation task, although we here consider it as a classification
exercise.

Michael Curtotti and Eric McCreath. 2010. Michael Curtotti and Eric McCreath. In Proceedings of
Australasian Language Technology Assocmtzo%xﬂ{gﬁwpgggqs’é8726



arule. A ‘clause’? 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. (Mencia, 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

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

19

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.’ 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.* 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.

“Lexical 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).
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sets: a training set (Set A)°, a second set (Set B)®
(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)’, 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.® 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.” Features for machine learning were se-
lected based on assumed relevance to the intended
classification.'” While a bag of word representa-

3Contracts numbered in our corpus: 55, 74, 77, 91, 94,
144, 174, 185, 208 and 213

®Contracts 11, 12, 164, 193, 196, 199, 249, 59, 64, 9

"Contracts 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.

°In 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.
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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).!!
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).

S 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;

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

. the Weka data mining software(Hall et al.,
2009) was used to carry out machine learn-

ing.

""The 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).

T K
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-
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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.'> 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-

2Pprecision is %, Recall is TPZ%’ and F-Measure
is 2295, where TP is true positives, F'P is false positives,

F'N 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
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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.!?

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 T 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)'# 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 +

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

“The 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.!> We note
also that this investigation was only carried out in
respect of the decision tree learner.

5.5.1 Isit 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.'6

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.!” (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.

We 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%.

"The data has a negative correlation of -0.70
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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.'® 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 0.921.1°
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.?’

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;

develop a simple code rule set for the classifi-
cation task (i.e. with minimal expenditure of
resources);

. if classification accuracy is sufficient ma-
chine learning would not be required, if not

3 The 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.

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

Eric Mccreath
Australian National University
Canberra, Australia
eric.mccreath@anu.edu.au

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.' 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

"This task can also be thought of as a document segmen-
tation task, although we here consider it as a classification
exercise.

Michael Curtotti and Eric McCreath. 2010. Michael Curtotti and Eric McCreath. In Proceedings of
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arule. A ‘clause’? 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. (Mencia, 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

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

“Lexical 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).
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sets: a training set (Set A)°, a second set (Set B)®
(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)’, 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.® 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.” Features for machine learning were se-
lected based on assumed relevance to the intended
classification.'” While a bag of word representa-

3Contracts numbered in our corpus: 55, 74, 77, 91, 94,
144, 174, 185, 208 and 213

®Contracts 11, 12, 164, 193, 196, 199, 249, 59, 64, 9

"Contracts 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.

°In 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-

Exhibit 1027 Page 190



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.
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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).!!
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).

S 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;

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

. the Weka data mining software(Hall et al.,
2009) was used to carry out machine learn-

ing.

""The 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).

T K
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-
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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.'> 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-

2Pprecision is %, Recall is TPZ%’ and F-Measure
is 2295, where TP is true positives, F'P is false positives,

F'N 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
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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.!?

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 T 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)'# 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 +

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

“The 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.!> We note
also that this investigation was only carried out in
respect of the decision tree learner.

5.5.1 Isit 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.'6

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.!” (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.

We 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%.

"The data has a negative correlation of -0.70
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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.'® 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 0.921.1°
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.?’

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;

develop a simple code rule set for the classifi-
cation task (i.e. with minimal expenditure of
resources);

. if classification accuracy is sufficient ma-
chine learning would not be required, if not

3 The 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.

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

25

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 ¢) 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.! 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-

!Court documents are in the public domain in the US.
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Law:

32-1-104. Will other than holographic or nuncupative — Signatures.
(a) The execution of a will, other than a holographic or nuncupative
will, must be by the signature of the testator and of at least two (2)
witnesses as follows: (1) The testator shall signify to the attesting
witnesses that the instrument is the testator's will and either: (A) The
testator sign; (B) Acknowledge the testator's signature already made;

Condition A:

The testator signed his/her will
while two or more witnesses were
present.

— support

hereunto signed, published and
declared this instrument as my
Last Will and Testament, in

Statement:
IN WITNESS WHEREOF, I have

or (C) At the testator's direction and in the testator's presence have
someone else sign the testator's name; and (D) In any of the above
cases the act must be done in the presence of two (2) or more
attesting witnesses; (2) The attesting witnesses must sign: (A) In the
presence of the testator; and (B) In the presence of each other.

| Condition B:
The testator signed his/her will
while only one eligible witness

| was present, and he/she didn't
acknowledge the signature made

— refute

Lauderdale County, Tennessee, on
this 5th day of December, 2001.

| to another witness.

Law:

and who do not join as petitioners.

27-9-104. Defendants named in petition. The petition shall be
addressed to the presiding chancellor and shall name as defendants
the particular board or commission and such other parties of record,
if such, as were involved in the hearing before the board or

——{ Condition A or B }——9 unrelated

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.> 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 OCR?, 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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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 page*) were
chosen: all-mpnet-base-v2>, multi-qa-mpnet-base-

4https://www.sbert.net
Shttps://huggingface.co/sentence-transformers/
all-mpnet-base-v2
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dot-v1°, all-distilroberta-v1 (Sanh et al., 2019b)’,
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

®https://huggingface.co/sentence-transformers/
multi-ga-mpnet-base-dot-v1

"https://huggingface.co/sentence-transformers/
all-distilroberta-vi

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)°. The

For 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 8248 87.06 50.98
longformer-base-4096 94.09 93.69 93.85 94.90 74.51
roberta-large-mnli 96.67 96.25 9642 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 8599 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 9291 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 6693 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 7598 81.96 27.45
longformer-base-4096 75.72 75.98 75779 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 4480 44.31 0.00
longformer-base-4096 58.00 4944 5130 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 3594  34.04 3647 0.00
longformer-base-4096 18.17 3333 2352 54.51 0.00
roberta-large-mnli 18.17 3333 2352 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 predictions!?. Laws have
more impact on performance than conditions, since
deterioration in results without laws was more sig-
nificant than from models trained without condi-

19A 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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refute

o  Text with highlighted words

NOT refute

beneficial interest.

[STATE] We, the undersigned subscribing witnesses, do hereby certify that we witnessed the foregoing Last Will
and Testament of [Person-1] at his request, in his presence and in the presence of each other, and that he signed
the same in our presence, and in the presence of each of us, declaring the same to be his Last Will and Testament.
This 5th day of December, 2001. [COND] One out of the two witnesses was
Tennessee state law. [LAW] 32-1-103. Witnesses — Who may act. (a) Any person competent to be a witness
generally in this state may act as attesting witness to a will. (b) No will is invalidated because attested by an
interested witness, but any interested witness shall, unless the will is also attested by two (2) disinterested
witnesses, forfeit so much of the provisions therein made for the interested witness as in the aggregate exceeds in
value, as of the date of the testator's death, what the interested witness would have received had the testator died
intestate. (c) No attesting witness is interested unless the will gives to the attesting witness some personal and

to serve according to

Figure 3: Examples of LIME explanations showing a case where the model (roberta-large-mnli) makes correct

predictions based on features sensible to humans.

NOT unrelated unrelated

Text with highlighted words

— Return —

 of

for makmg Bfd filing an inven

"admmlstralmn of a testate or intestate estate, shall make a complete {id accurate il

[STATE] I further direct that my said Executor will not be required to file any inventory or final settlement of this estate.
[COND] Thc person named as an executor was eligible to serve 3l agreed to serve as one. [LAW] 30-2-301. ViiKifg
Notice to beneficiaries. (a) The personal representative, within sixty (60

after entering on

probate estate of
cuumy of fg estate,

deceased, ‘retum the inv to i€ clerk of flig court exercising probate _]Lll'lSdl.C[]Un in
verify it by the personal representatwe s oath before the clerk or before any person authorized by law to administer oaths
in such cases whether within or wuho? borders of
estate, or when excused by all of i residuary distributees or legatees, no
ry shall be required of a solvent estate, unless demanded by any residuary distributee or legatee of fig estate.

. When i will of fli§ deceased excuses [li requirement

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 ¢) 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.! 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-

!Court documents are in the public domain in the US.
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Statement:

IN WITNESS WHEREOF, I have
hereunto signed, published and
declared this instrument as my

I

Law:

32-1-104. Will other than holographic or nuncupative — Signatures.
(a) The execution of a will, other than a holographic or nuncupative
will, must be by the signature of the testator and of at least two (2)
witnesses as follows: (1) The testator shall signify to the attesting
witnesses that the instrument is the testator's will and either: (A) The
testator sign; (B) Acknowledge the testator's signature already made;
or (C) At the testator's direction and in the testator's presence have
someone else sign the testator's name; and (D) In any of the above
cases the act must be done in the presence of two (2) or more
attesting witnesses; (2) The attesting witnesses must sign: (A) In the
presence of the testator; and (B) In the presence of each other.

Condition A:

The testator signed his/her will
while two or more witnesses were
present.

Condition B:

The testator signed his/her will
while only one eligible witness
was present, and he/she didn't
acknowledge the signature made

—

e

support

refute

Last Will and Testament, in

to another witness.

Lauderdale County, Tennessee, on
this 5th day of December, 2001.

: Law:

and who do not join as petitioners.

27-9-104. Defendants named in petition. The petition shall be
addressed to the presiding chancellor and shall name as defendants
the particular board or commission and such other parties of record,
if such, as were involved in the hearing before the board or

—D\ Condition A or B }——9 unrelated

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.> 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 OCR?, 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)
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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 page*) were
chosen: all-mpnet-base-v2>, multi-qa-mpnet-base-

4https://www.sbert.net
Shttps://huggingface.co/sentence-transformers/
all-mpnet-base-v2
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dot-v1°, all-distilroberta-v1 (Sanh et al., 2019b)’,
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

®https://huggingface.co/sentence-transformers/
multi-ga-mpnet-base-dot-v1

"https://huggingface.co/sentence-transformers/
all-distilroberta-vi

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)°. The

For 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 8599 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 9291 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 6693 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

Exhibit 1027 Page 214



Model Precision Recall F1 Accuracy GA
Statements and laws

all-mpnet-base-v2 75.64 76.47 7598 81.96 27.45
longformer-base-4096 75.72 7598 75779 82.75 37.25
roberta-large-mnli 77.93 7751 7755 84.31 39.22
Statements and conditions

all-mpnet-base-v2 46.67 5713 4480 44.31 0.00
longformer-base-4096 58.00 4944 5130 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 3594  34.04 3647 0.00
longformer-base-4096 18.17 3333 2352 54.51 0.00
roberta-large-mnli 18.17 3333 2352 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 predictions!?. Laws have
more impact on performance than conditions, since
deterioration in results without laws was more sig-
nificant than from models trained without condi-

19A 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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refute

o  Text with highlighted words

NOT refute

beneficial interest.

[STATE] We, the undersigned subscribing witnesses, do hereby certify that we witnessed the foregoing Last Will
and Testament of [Person-1] at his request, in his presence and in the presence of each other, and that he signed
the same in our presence, and in the presence of each of us, declaring the same to be his Last Will and Testament.
This 5th day of December, 2001. [COND] One out of the two witnesses was
Tennessee state law. [LAW] 32-1-103. Witnesses — Who may act. (a) Any person competent to be a witness
generally in this state may act as attesting witness to a will. (b) No will is invalidated because attested by an
interested witness, but any interested witness shall, unless the will is also attested by two (2) disinterested
witnesses, forfeit so much of the provisions therein made for the interested witness as in the aggregate exceeds in
value, as of the date of the testator's death, what the interested witness would have received had the testator died
intestate. (c) No attesting witness is interested unless the will gives to the attesting witness some personal and

to serve according to

Figure 3: Examples of LIME explanations showing a case where the model (roberta-large-mnli) makes correct

predictions based on features sensible to humans.

NOT unrelated unrelated

Text with highlighted words

— Return —

 of

for making #nd filing an inven!

"admmlstralmn of a testate or intestate estate, shall make a complete {id accurate il

[STATE] I further direct that my said Executor will not be required to file any inventory or final settlement of this estate.
[COND] Thc person named as an executor was eligible to serve 3l agreed to serve as one. [LAW] 30-2-301. NISKiRg
Notice to beneficiaries. (a) The personal representative, within sixty (60

after entering on
probate estate of
coumy of f8 estate,

deceased, ‘retum the inv to i€ clerk of flig court exercising probate _]Lll'lSdl.C[]Un in
verify it by the personal representatwe s oath before the clerk or before any person authorized by law to administer oaths
in such cases whether within or wuho? borders of
estate, or when excused by all of fh residuary distributees or legatees, no
ry shall be required of a solvent estate, unless demanded by any residuary distributee or legatee of fi€ estate.

. When g will of fli deceased excuses ffi requirement

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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