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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
datagete We trained eicht nenral NT.T models
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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.

I — support

Statement:

IN WITNESS WHEREOF, I have
hereunto signed, published and
declared this instrument as my —
Last Will and Testament, in

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
to another witness.

— refute

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

Law:

commission, 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

— ConditonAorB ~—+—— 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, ¢) 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 7598 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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NOT refute refute

S

s« Text with highlighted words

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 [HSIEIDIg to serve according to
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

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

deceased,

for making 8 filing an ifiventory of

[STATE] I further direct that my said Executor will not be required to file any inventory or final settlement of this estate.
[COND] The person named as an executor was eligible to serve 8iild agreed to serve as one. [LAW] 30-2-301. ViaKing
inventory — Return — NGEEE to beneficiaries. (a) The personal representative, within sixty (60) days after entering on
the administration of a testate or intestate estate, shall make a complete &fid accurate inven

return fig iAventory to g clerk of
verify it by the personal representative's oath before
in such cases whether within or without

of the probate estate of
court exercising probate jurisdiction ::i county of ffig estate,
clerk or before any person authorized by law to administer oaths
borders of tg §tate. When fi€ will of i€ deceased excuses fli§ requirement
estate, or when excused by all of i€ residuary distributees or legatees, no

inventory shall be required of a solvent estate, unless demanded by any residuary distributee or legatee of fig estate.

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 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
datagete We trained eicht nenral NT.T models
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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
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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.

6077

Exhibit 1026 Page 147



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.

BN — support

Statement:

IN WITNESS WHEREOF, I have
hereunto signed, published and
declared this instrument as my —
Last Will and Testament, in
Lauderdale County, Tennessee, on
this 5th day of December, 2001.
Law:

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
to another witness.

— refute

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,

—> Condition AorB ~——» unrelated

if such, as were involved in the hearing before the board or

commission, and who do not join as petitioners.

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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NOT refute refute

S

s« Text with highlighted words

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 [HSIgIDIg to serve according to
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

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

deceased,

for making 8 filing an ifiventory of

[STATE] I further direct that my said Executor will not be required to file any inventory or final settlement of this estate.
[COND] The person named as an executor was eligible to serve 8fld agreed to serve as one. [LAW] 30-2-301. ViaKing
inventory — Return — NGEEE to beneficiaries. (a) The personal representative, within sixty (60) days after entering on
the administration of a testate or intestate estate, shall make a complete &fid accurate inven

return fig iAventory to g clerk of
verify it by the personal representative's oath before
in such cases whether within or without

of the probate estate of
court exercising probate jurisdiction ::i county of ffig estate,
clerk or before any person authorized by law to administer oaths
borders of tg §tate. When fi€ will of i€ deceased excuses fli§ requirement
estate, or when excused by all of i€ residuary distributees or legatees, no

inventory shall be required of a solvent estate, unless demanded by any residuary distributee or legatee of fig estate.

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 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
datagete We trained eicht nenral NT.T models
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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.

BN — support

Statement:

IN WITNESS WHEREOF, I have
hereunto signed, published and
declared this instrument as my —
Last Will and Testament, in
Lauderdale County, Tennessee, on
this 5th day of December, 2001.
Law:

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
to another witness.

— refute

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,

—> Condition AorB ~——» unrelated

if such, as were involved in the hearing before the board or

commission, and who do not join as petitioners.

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

6078

Exhibit 1026 Page 163



a) Texts (statement+condition+law)

400

350

300

250

200

150

100

50

0

| T

0-99  100-199 200-299 300-399 400-499 500-599 600-699 700-799 800-899 900-999

b) Statements

500 600

500

300
200

100

o I
0-9

049 5099 100-149 150-199 200249 250299 300-349  400-449

10-19 20-29

¢) Conditions

300
250
200
150
100
50
.

d) Laws

0

30-39 40-49 50-59 099 100-199 200299 300-399 400-499 500-599 600699 700799

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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NOT refute refute

S

s« Text with highlighted words

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 [HSIgIDIg to serve according to
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

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

deceased,

for making 8 filing an ifiventory of

[STATE] I further direct that my said Executor will not be required to file any inventory or final settlement of this estate.
[COND] The person named as an executor was eligible to serve 8fld agreed to serve as one. [LAW] 30-2-301. ViaKing
inventory — Return — NGEEE to beneficiaries. (a) The personal representative, within sixty (60) days after entering on
the administration of a testate or intestate estate, shall make a complete &fid accurate inven

return fig iAventory to g clerk of
verify it by the personal representative's oath before
in such cases whether within or without

of the probate estate of
court exercising probate jurisdiction ::i county of ffig estate,
clerk or before any person authorized by law to administer oaths
borders of tg §tate. When fi€ will of i€ deceased excuses fli§ requirement
estate, or when excused by all of i€ residuary distributees or legatees, no

inventory shall be required of a solvent estate, unless demanded by any residuary distributee or legatee of fig estate.

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 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.

BN — support

Statement:

IN WITNESS WHEREOF, I have
hereunto signed, published and
declared this instrument as my —
Last Will and Testament, in
Lauderdale County, Tennessee, on

this 5th day of December, 2001.

Law:

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
to another witness.

— refute

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,

—> ConditionAorB ~F——» unrelated

if such, as were involved in the hearing before the board or

commission, and who do not join as petitioners.

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, ¢) 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 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
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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 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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S

s Text with highlighted words

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 [HSHgIDIg to serve according to
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

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

deceased,

for making 8 filing an ifiventory of

[STATE] I further direct that my said Executor will not be required to file any inventory or final settlement of this estate.
[COND] The person named as an executor was eligible to serve 8ild agreed to serve as one. [LAW] 30-2-301. ViaKing
inventory — Return — NGEEE to beneficiaries. (a) The personal representative, within sixty (60) days after entering on
the administration of a testate or intestate estate, shall make a complete &fid accurate fnven

return fig iAventory to g clerk of
verify it by the personal representative's oath before
in such cases whether within or without

of the probate estate of
court exercising probate jurisdiction :i county of ffig estate,
clerk or before any person authorized by law to administer oaths
borders of tg §tate. When fi€ will of i€ deceased excuses fli§ requirement
estate, or when excused by all of i€ residuary distributees or legatees, no

inventory shall be required of a solvent estate, unless demanded by any residuary distributee or legatee of fig estate.

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

Legal information extraction requires identifying and classifying legal elements from specific legal
documents. Considering that information extraction is mainly regarded as the first step in natural

language understanding, the quality of legal information extraction results certainly has an

immense impact on the performance of various legal artificial intelligence (Al) downstream tasks.
However, Chinese judicial information extraction datasets are very scarce due to the particularity of
legal documents. In response to this situation, we constructed a dataset for Challenge of Al in Law -
Information Extraction V1.0 (CAILIE 1.0). The following two features of CAILIE are worth
highlighting: 1) the entity definition focuses on more fine-grained theft document information,

providing more interpretability for downstream legal Al; and 2) we define entity labels with judicial

attributes based on natural attribute labels to meet the needs of Chinese judicial practice. We
implement some classic models on this dataset. The experimental results show that legal
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information extraction is still challenging and additional research is required for this task to be
solved.

< | Previous Next | >

Keywords

Legal information extraction; Legal artificial intelligence

1. Introduction

Legal information extraction is the process of extracting and classifying nouns and phrases with
judicial characteristics from various legal documents, such as those pertaining to stolen items and
suspects. As a subtask of legal artificial intelligence, legal information extraction is the basis for

downstream applications, such as similar case retrieval, automatic sentencing advice, and legal
questions and answers. Reasonably defined extracted information can be used to assist in solving
downstream tasks. At the same time, the information enhances their interpretability, which is of

great significance in the judicial field.

Based on general domain information extraction methods (Kuru et al., 2016, Luoma and Pyysalo,
2020, Li et al., 2021, Zhou et al., 2022), researchers adopted ontologies(Zhang et al., 2017), global
consistency (Yin et al., 2018), pointer generator network(Skylaki et al., 2020) and pre-trained

language model to understand long documents (Xiao et al., 2021) according to the characteristics of
legal texts to improve the performance of legal information extraction. Chen et al. (2020) attempted
to exploit a multi-task learning framework to extract entities and semantic relations jointly in drug-

related criminal judgment.Wang et al. (2021) proposed a bi-directional feedback clause-element
relation network using fine-grained contract elements and large extraction zones. However, the lack
of Chinese legal information extraction datasets limits further research.

Faced with this status quo, we propose CAILIE, a Chinese legal information extraction dataset for
larceny. CAILIE has two features worth highlighting: (1) the dataset contains fine-grained
information for specific crimes, providing more interpretability for downstream tasks; and (2)
considering the needs of judicial practice, the entity categories of this dataset are designed from the
perspective of conviction. Emphasizing judicial attributes rather than natural attributes means that
more legal knowledge can be obtained, which is more conducive to downstream applications such
as sentencing prediction.

CAILIE contains 5247 sentences, 10 types of entities, and 27031 entities. Therefore, it is capable of
providing sufficient supervision signals and reliable evaluation results. We conduct some
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experiments with widely-used models on this dataset. The experimental results confirm that legal
information extraction remains challenging and still needs improvement.
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Fig. 1. Sample case from CAILIE.

2. Related work

2.1. Legal information extraction

The explosive growth of public legal data has made legal information extraction an urgent problem
that needs to be solved by judicial artificial intelligence. In addition to public domain information
extraction methods(Nie et al., 2020, Zhou et al., 2019, Wang et al., 2022, Kuru et al., 2016, Luoma
and Pyysalo, 2020, Li et al., 2021, Zhou et al., 2022), the specific writing style and wording features
of legal documents have drawn significant attention. Researchers have attempted to use
ontologies(Zhang et al., 2017), global consistency(Yin et al., 2018), pointer generator
network(Skylaki et al., 2020) and bi-directional feedback network(Wang et al., 2021) for named
entity recognition in legal documents. Notably, with the rapid development of natural language

processing, Iftikhar et al. (2019) introduced machine learning algorithms to extract information
from criminal judgments of the Lahore High Court. Researchers have also conducted some
explorations in Chinese legal information extraction.Gong et al. (2019) studied the extraction of
basic information from Chinese legal documents, such as names, criminal charges, evidence, and
sentence duration. (Xiao et al., 2021) trained a pre-trained language model for understanding long
Chinese legal documents.

2.2. Legal artificial intelligence

With the explosive growth of public legal data, legal artificial intelligence has attracted substantial
attention. In addition to legal information extraction mentioned above, legal judgment prediction
(Yang et al., 2019, Wang and Jin, 2020, Bibal et al., 2020, Niklaus et al., 2021, Huang et al., 2021, Ma
et al., 2021), similar case retrieval(Jackson et al., 2003, Zeng et al., 2005, Mandal et al., 2017, Tran et
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al., 2020, Westermann et al., 2021, Shao et al., 2021, Bithel and Malagi, 2021), legal question
answering (Do et al., 2017, Duan et al., 2019a, Wehnert et al., 2019, Zhong et al., 2020, Kien et al.,
2020, Nguyen et al., 2020), legal document summarization(Kanapala et al., 2019, Duan et al., 2019b,
Nguyen et al., 2021, Bhattacharya et al., 2021), and others are typical applications of legal artificial
intelligence. As a basic task, legal information extraction can improve the performance of
downstream tasks, and the extracted symbols can provide interpretability for legal applications.

2.3. Datasets in law

Given the important societal role of law, along with the high cost of legal expertise, the utilization
of natural language processing to help solve legal-related problems has elicited considerable

attention. Numerous datasets have been proposed for legal artificial intelligence tasks.
Holzenberger et al. (2020) andKwak et al. (2022) introduced datasets to investigate the
performance of natural language understanding approaches on statutory reasoning.Habernal et al.,
2022, Shen et al., 2022 and Aumiller et al. (2022) aimed to fill the gap in legal document
summarization by presenting an argument mining dataset, multiple target summary dataset and
multi-lingual summary dataset.GilSemo et al. (2022) released a legal judgment prediction dataset
focused on class action cases in the US.

To our knowledge, the techniques of named entity recognition in the Chinese legal domain still lack
annotation data. The coverage rate of crimes is less than 2%, far from meeting the demand of
judicial practice. To this end, we propose a Chinese legal information extraction dataset for larceny
called CAILIE, which contains more than 27,000 judicial attribute entities, thereby providing rich
and reliable supervision information for information extraction tasks.

In the field of named entity recognition,Dozier et al. (2010) divided entities in legal texts into
judges, attorneys, companies, jurisdictions, and courts. While Cardellino et al. (2017) noted fine-
grained entities unique to legal documents, they did not view them from the perspective of
prosecutors. Compared with existing legal information extraction datasets, CAILIE was constructed
according to Article 264 of the Criminal Law of the People’s Republic of China and the relevant
judicial interpretations: Whoever steals a relatively large amount of public or private property, commits

theft many times, commits a burglary or carries a lethal weapon to steal or pickpockets shall be
sentenced to imprisonment of not more than 3years, limited incarceration or probation and/or a fine; if
the amount involved is huge or there is any other serious circumstance, shall be sentenced to
imprisonment of not less than 3years but not more than 10years and a fine; or if the amount involved is
especially huge or there is any other especially serious circumstance, shall be sentenced to imprisonment
of not less than 10years or life imprisonment and a fine or forfeiture of property. In response to the
factors affecting sentencing mentioned in the above legal articles, we defined 10fine-grained
classes.

3. Dataset
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Typically, there are six natural attribute entities, namely, Person, Location, Time, Item, Currency, and
Organization. For larceny, whethe the house was entered illegally, theft with lethal weapons,
pickpocketing, and others, are usually issues of concern for judicial investigators. Considering the
demands of judicial practice, we designated the extracted entities into the following 10fine-grained
categories: Suspect, Victim, Stolen Item, Criminal Tool, Value (of goods), Stolen Currency, Profit of Crime,
Organization, Location, and Time of the Case. An example of CAILIE is demonstrated in Fig.1. The
distribution of the dataset is presented in Table 1.

Suspect and Victim refer to the names, nicknames, and social media accounts of the natural persons

in the case text.

Stolen Item and Criminal Tool belong to Item, which refers to the public and private properties in the

case defined in Articles 91 and 92 of the Criminal Law of the People’s Republic of China. To
distinguish the items accurately, the attributes representing the items (quantity, color, brand
number, etc.) are also included in Item.

Value (of goods), Stolen Currency and Profit of Crime belong to Currency, which refers to legal
currency recognized by national laws, including precious metal, paper, and electronic currencies.
The attributes of the currency (RMB, U.S. dollar, etc.) also need to be marked to distinguish the
currency types.

Time of the Case refers to the time expression for the infringement, including the calendar time
(year, month, day, etc.) and non-calendar time (morning, afternoon, night, early morning, etc.).

Location refers to the geographical location information involved in the case, which should be
marked as detailed as possible, including the administrative district name, street name, community
name, building number, floor number, and landmark address or natural landscape. In addition, it
should include location prepositions, such as “in front of the house” or “behind the building”.

Organization refers to the administrative organization, enterprise organization, or non-
governmental organization involved in the case.

3.1. Data collection

We collected 1500 prosecution documents of larceny charge cases released on China Judgement
Online. All collected documents were anonymized. Personal information was replaced with special
tokens. Anonymization was performed manually to prevent personal information from appearing in
the dataset.

3.2. Annotation

Formally, our annotation procedure included the following steps:

(1) Divide the collected legal documents into sentences;
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(2) Use PYLTP1 from SCIR-HIT to extract entities from the sentences;

(3) Divide the sentences into five groups and assign them to five groups of annotators, annotating
with the BIO annotation strategy;

(4) Exchange annotated data for secondary checks;
(5) Code in Python to replace privacy information with special tags; and
(6) Check private information that is not anonymized.

Ten annotators comprising undergraduate students majoring in computer science and technology

participated in the task. They were divided into five groups and given five sets of data, respectively.
The annotators in the same group annotated the same data but worked independently. After the
annotation was completed, they conducted a consistency check of the annotated sub-datasets and
achieved unanimity after discussion within the group. After the intra-group annotation was
completed, the annotators cross-checked the data from different groups (each group checked the
data annotated by the other group). As shown in Table 1, there are 27,031 entities in CAILIE. The
distribution of entity categories in CAILIE is unbalanced. Suspect and Stolen Item account for 23.91%

and 21.77% of the dataset, respectively, while Profit of Crime accounts for only 1.78%. The full
dataset is divided into training, development, and test sets using the BIO annotation strategy.
Statistics about sentences and tokens are shown in Table2.

Table 1. Distribution of fine-grained (f) and coarse-grained (c) classes in the dataset.

Classes # %

f Suspect NHCS 6463 23.91
f Victim NHVI 3108 11.50
c Person - 9571 3541
f Stolen item NASI 5884 21.77
f Criminal tool NATS 731 2.70
C Item - 6615 2447
f Value of goods NCGV 2090 7.73

f Stolen currency NCSM 915 3.39
f Profit of crime NCSP 481 1.78
C Currency - 3486 12.90
f Time of the case NT 2765 10.23
C Time - 2765 10.23
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Classes # %

f Location NS 3815 14.11
c Location - 3815 14.11
f Organization NO 779 2.88

c Organization - 779 2.88

Total 27031 100

Table 2. Sentence and token statistics. The word “Annotated” means annotated token.

Sentence Token Annotated
Train 4000 258507 145396
Dev 627 40895 22972
Test 620 40855 23990
Total 5247 340257 192358

4. Experiments

To understand the characteristics of this dataset more profoundly, we conducted a series of

experiments and analyzed the performance of the model on different labels.

Table 3. Precision, recall and F1 values of non-pretrained models on CAILIE.

CRF RNN+CRF LSTM+CRF

Prec% Rec% F1% Prec% Rec% F1% Prec% Rec% F1%
Suspect 59.20 7113 64.62 89.42 9154 90.47 91.77 9147 91.62
Victim 51.07 3359 40.53 88.64 86.56 87.59 91.05 89.06 90.05
Stolen item 4931 44.06 46.54 61.28  69.28 65.03 70.65 70.65 70.65
Criminal tool 5714  16.84 26.02 62.71 58.42 60.49 70.34  53.68 60.90
Value of goods 75.08 94.63 83.73 9493 96.82 95.87 95.82 95.63 95.72
Stolen currency 67.37 60.66 63.84 7756 7536 76.44 80.29 7915 79.71
Profit of crime 0.00 0.00 0.00 69.23 91.01 78.64 67.77 9213 78.10
Time of the case  0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
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CRF RNN CRF LSTM CRF

Prec% Rec% F1% Prec% Rec% F1% Prec% Rec% F1%
Location 50.60 50.22 50.41 66.91 70.30 68.56 76.74  68.03 72.12
Organization 3429 3226 33.24 66.36 7849 71.92 70.00 82.80 75.86

56.11 48.67 52.12/40.89 7630 72.02 74.1/69.50 8219 72.26 76.9/71.49

Table 4. Precision, recall and F1 values of pretrained models on CAILIE.

BERT BERT+CRF

Prec% Rec% F1% (/MaF) Prec% Rec%  F1% (/MaF)

Suspect 95.56 9747  96.51 96.12 9720 96.66
Victim 92.75 9475 93.74 92.74 96.61 94.63
Stolen item 77.46 8152 79.44 78.32 8197 80.10
Criminal tool 78.39 85.25 81.68 75.12 8415 7938
Value of goods 97.21 96.63 96.92 97.20 96.24 96.72
Stolen currency 84.26 8342 83.84 88.08 8543 86.74
Profit of crime 77.23 9512  85.25 71.96 93.90 8148
Time of the case 93.47 91.52 9248 93.33 91.67 9249
Location 81.20 81.20 81.20 80.92 82.92 8191
Stolen currency organization 80.84 9153 85.86 82.63 9312 8756

87.43 89.61 88.51/87.69 87.64 90.13  88.87/87.77

4.1. Baseline models

We conducted experiments on the following models: (1) Conditional Random Fields (CRFs): CRFs

are a class of statistical modeling methods that take context into account; (2) BiLSTM + CRF:
BiLSTM + CRF models contextual information by combining forward LSTM and backward LSTM; (3)
Recurrent Neural Network (RNN) 4+ CRF: RNN takes legal text data as an input sequence, and

performs recursion in the evolution direction of the sequence to process variable-length sequences;
(4) Bidirectional Encoder Representation from Transformers (BERT): BERT has been pretrained on a

large amount of corpus, and then fine-tuned on legal texts to obtain valuable features from legal
documents; (5) BERT + CRF: BERT provides powerful feature extraction capabilities, and CRF makes

the model more suitable for sequence labeling problems.
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To measure the difficulty of extracting different kinds of information, we calculated the F1 score of
the extraction results of the model in each type of entity. Considering the imbalance of the data
distribution, both Macro F1 and Micro F1 scores were computed.

4.2. Results

We chose four metrics to compare the performance of the widely used models, including micro-
precision, micro-recall, micro-F1, and macro-F1. The main results of the non-pretrained and
pretrained models are shown in Table 3, Table 4, respectively. The pretrained models achieve better
performance in recognizing all kinds of entities. As expected, BERT + CRF performs best (see
Table4). Compared with BERT, BERT + CRF improved the F1-scores of stolen currency prediction
and organization prediction by 2.90% and 1.70%, respectively. Overall, the models perform
comparably to BERT. The performance remains mostly unchanged when CRF was dropped,
indicating that BERT can obtain almost all the features provided by CRF.

From another point of view, BERT shows a huge leap in performance over LSTM + CRF ( + 11.97
Micro F1) and RNN + CRF ( + 14.77 Micro F1). Meanwhile, the performance of the non-pretrained
models on Item (Stolen Items and Criminal Tools) prediction and Time of the Case prediction is
much worse than that of the pretrained models. The F1 score for Time of the Case reaches 92.49 and
79.38 for Criminal Tools. Both pretrained models perform well in extracting the Time of the Case
and Items (Stolen items and Criminal tools), which are difficult for non-pretrained models (see
Table3). This is due to the fact that large-scale pre-training provides additional knowledge, and the
correlation between tokens can be directly calculated without passing through hidden layers. In the
face of highly diverse entities (e.g., Criminal Tools, Organizations) and long sequence entities (e.g.,
location), the pre-trained model is capable of identifying them accurately. The pre-trained language
model is also more capable of identifying confusing entities. Confusing entities, such as Stolen
Currency and Profit of Crime, usually belong to the same coarse-grained entity category, and their
expressions are quite similar. The pre-trained models improve the F1 score of Stolen Currency by
about 6 percentage points. However, we see significant room for model improvement on this task.

5. Overview of CAIL challenge

CAILIE was used for the competition of the CAIL2021 information extraction track. The competition
set up two tracks, namely, deep model and non-deep model, for this dataset. A total of 75 teams
participated in the track in CAIL2021. Only one team participated in the non-deep model track. The
performance of the submitted model was far from the deep models, which indicates the powerful
ability of deep learning models to solve the task of information extraction. Therefore, we only
analyzed the solution strategy of the deep learning model. Based on the models submitted by the
entrants, we provide the following tips for improving the performance of the models:

(1) Entity length limitation. Some models limit the maximum length of short entities such as

Suspect and Victim. When the model extracts nested entities, the same entity is occasionally
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identified as nested entities of different lengths, and the model selects the relatively long or short
one.

(2) Pointer network. The pointer network converts the sequence labeling task into the prediction
task of the start and end positions of entities. This method of first blocking and then classifying is
very suitable for nested NER. Therefore, a considerable number of entrants adopted this method.

(3) Ensemble. Several entrants chose to train multiple models, and performed label-weighted
voting at the entity level. Only the entities predicted by the models that are greater than a threshold
number can be selected.

6. Future direction

Given the focus on sentencing standards in this dataset, CAILIE has the potential to be used for the
downstream tasks of legal artificial intelligence. Similar case matching is the process of finding
cases with the same criminal circumstances as the specified cases from the case database to
support automatic sentencing, legal recommendation, and other intelligent auxiliary case handling.
Therefore, this dataset provides important matching support. Statutory reasoning, legal argument
mining, and legal judgment prediction provide approximate requirements. The presentation of
CAILIE is valuable in providing legal-level interpretability to the model. Nonetheless, a number of
problems still need to be solved.

Boundary Detection. Inaccurate entity boundary recognition is more common in some entities
with large differences in length and insignificant common features of the boundary. Since the
Chinese do not divide words, it is difficult to identify entity boundaries when information
extraction is performed as a sequence labeling task, such as the front boundaries of Location and
Organization.

Confusing Labels. In legal information extraction, the similarity between certain entity types is
high. For example, Value(of goods), Stolen Currency, and Profit of Crime all belong to Currency, and
only a few of the entities representing time belong to Time of the Case. The representations of these
different entities are similar, so it is necessary to obtain information from the context to distinguish
them accurately.

Nested Entities. Nested entity recognition has always been a primary challenge for named entity
recognition. Due to the characteristics of judicial documents, the proportion of nested entities in
this dataset is quite large, such as the most frequently occurring nests, namely, victims and stolen
items. The effective identification of nested entities will assist judicial case investigators in quickly
reading files and clarifying case information. In addition, it is an important basis for a series of tasks
such as knowledge graph construction, similar case recommendation, and automatic sentencing
recommendation. Therefore, we are keen on improving the accuracy of nested entity recognition.

Exhibit 1026 Page 206
https://www.sciencedirect.com/science/article/pii/S2666651022000237?via%3Dihub 10/19



1/9/26, 12:48 PM CAILIE 1.0: A dataset for Challenge of Al in Law - Information Extraction V1.0 - ScienceDirect

7. Conclusion

In this paper, we propose a Chinese theft crime information extraction dataset called CAILIE, which
contains more than 27,000 entities in 10categories. Compared with existing datasets, CAILIE focuses
on fine-grained entities unique to legal documents and views them from the perspective of
prosecutors. The experimental results show that Chinese legal information extraction technology
still has room for improvement. In the future, we will try to enrich CAILIE with relation information
and explore more ways to assist judicial case handling.
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Abstract

The Association of Computational Lin-
guistic’s Anthology is the open source
archive, and the main source for computa-
tional linguistics and natural language pro-
cessing’s scientific literature. The ACL
Anthology is currently maintained exclu-
sively by community volunteers and has
to be available and up-to-date at all times.
We first discuss the current, open source
approach used to achieve this, and then
discuss how the planned use of Docker im-
ages will improve the Anthology’s long-
term stability. This change will make it
easier for researchers to utilize Anthology
data for experimentation. We believe the
ACL community can directly benefit from
the extension-friendly architecture of the
Anthology. We end by issuing an open
challenge of reviewer matching we en-
courage the community to rally towards.

1 Introduction

The ACL Anthology' is a service offered by
the Association for Computational Linguistics
(ACL) allowing open access to the proceedings of
all ACL sponsored conferences and journal arti-
cles. As a community goodwill gesture, it also
hosts third-party computational linguistics litera-
ture from sister organizations and their national
venues. It offers both text and faceted search
of the indexed papers, author-specific pages, and
can incorporate third-party metadata and services
that can be embedded within pages (Bysani and
Kan, 2012). As of this paper, it hosts over

"https://aclanthology.info/

Saarland University

villalba@coli.uni-saarland.de
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43,000 computational linguistics and natural lan-
guage processing papers, along with their meta-
data. Over 4,500 daily requests are served by the
Anthology. The code for the Anthology is avail-
able at https://github.com/acl-org/
acl-anthology under the Creative Commons
Attribution-NonCommercial-ShareAlike 3.0 In-
ternational License”. Slightly different from the
Anthology source code, ACL also licenses its pa-
pers with a more liberal license, supporting Cre-
ative Commons Attribution 4.0 International Li-
cense’, supporting liberal re-use of papers pub-
lished with the ACL.

The maintenance of the code and the website
is handled through volunteer efforts coordinated
by the Anthology editor. Running a key service
for the computational linguistics community that
needs to be continuously available and updated
frequently is one of the main issues in adminis-
tering the Anthology.

We discuss this issue along with the challenges
of running a large scale project on a volunteer ba-
sis and its resulting technical debt. As we look
towards the future, previous research has shown
that it can also be used as a data source to charac-
terize the work and workings of the ACL commu-
nity (Bird et al., 2008; Vogel and Jurafsky, 2012;
Anderson et al., 2012). Extensions to the Anthol-
ogy that build on this information could make the
Anthology an even more valuable resource for the
community. We will discuss two possibl eexten-
sions — anonymous pre-prints and support for find-
ing relevant submission reviewers by linking au-

https://creativecommons.org/licenses/
by-nc-sa/3.0/

*https://creativecommons.org/licenses/
by/4.0/
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thors in the Anthology with their research interests
and community connections. Beyond being useful
in itself, work on such challenges has the potential
to motivate the ACL community to further support
the Anthology.

2 Current State of the Anthology

The ACL Anthology was proposed as a project
to the ACL Executive by Steven Bird at the 2001
ACL conference and first launched in 2002, with a
second version developed in 2012, commissioned
by the ACL committee. Steven Bird also served as
the first editor of the anthology from 2002 to 2007,
a post which Min-Yen Kan took over in 2008 and
continues to fill as of today. The Anthology pro-
vides access to papers in Portable Document For-
mat (PDF) as well as the associated metadata in
multiple formats (e.g., BIBTEX and Endnote). For
recent papers, authors can also opt include data,
notes and open-source software, and may provide
Digital Object Identifiers (DOIs) for permalinking
the citations within their papers.

The technology behind the current version is de-
tailed in Table 1. As a community project, daily
administration and development is handled by vol-
unteers. However, to tackle larger problems with
the Anthology which require a more focused ef-
fort, the ACL committee has solicited paid assis-
tance. Hosting and bandwidth for the Anthology
has historically been provided by universities free
of charge. It was hosted at the National Univer-
sity of Singapore until the spring of 2017, when it
was migrated to its current home at Saarland Uni-
versity. In the future, hosting duties are planned
to fall under the umbrella of the ACL itself, unify-
ing all services under https://www.aclweb.
org/portal/.

Framework Ruby on Rails
Search engine Solr
Database PostgreSQL
Web server (Prod./Test) Nginx / Jetty
Operating System Debian GNU-Linux

Table 1: Tech stack for the ACL Anthology.

The most important task is the importing, in-
dexing and provisioning of newly accepted papers
from recent conference proceedings and journal
issues. The original Anthology defined an XML
format for simple bibliographic metadata, which
has been extended to support the more recent fea-
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tures of associated software, posters, videos and
datasets that accompany the scholarly publica-
tions. Providing the XML for new materials is an
semi-automated process that is largely integrated
with the various mechanisms for managing ACL
conference submissions and printed proceedings.
It is straightforward for ACL events that utilize
the licensed START conference management soft-
ware*, as an established software pipeline builds
upon the artefacts used for creation of the final
publications themselves. After the accepted pa-
pers are finalized, START produces an archive file
of camera-ready PDF files and author-provided
metadata such as the title, author list, and abstract
for each paper. These files are processed by a set
of scripts in START maintained by ACL publi-
cation chairs in order to assign page numbers to
papers, and to produce a PDF proceedings vol-
ume for each conference complete with a table
of contents, author index, and other front mat-
ter. These scripts also produce bibliographic in-
formation that are programmatically transformed
into the ACL Anthology’s XML format. The An-
thology is then updated with the author-provided
PDFs and the XML metadata. For importing jour-
nal articles and venues not using the START sub-
mission system, additional manual work is nec-
essary to construct the Anthology XML. Sanity
checks and some manual curation is also necessary
to deal with issues such as character encodings and
accents in names, multipart family names, and so
on. This pipeline has reached a point of high effi-
ciency, but may need to be adapted if the ACL ever
considers it necessary to integrate with a different
service for conference organization.

3 Running the Anthology as a
Community Project

Since the Anthology is not tied to a specific re-
search project or institution, contributors that work
on Anthology-related system administration and
development tasks have been recruited in response
to calls for volunteers at the main ACL confer-
ences. In contrast, new features have been devel-
oped by researchers using the ACL Anthology as a
resource in their own work, unconnected with the
daily operation of the Anthology. Such research
deliverables include, for example, the creation of
a corpus of research papers (Bird et al., 2008), an
author citation network (Radev et al., 2013) or a

*https://www.softconf.com/
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faceted search engine (Schéfer et al., 2012; Buite-
laar et al., 2014). These factors, in combination
with the multiple, changing responsibilities and
shifting research interests of community members,
mean that new volunteers join and leave the An-
thology team in unpredictable and sporadic pat-
terns. Preserving knowledge about the Anthol-
ogy’s operational workflow is thus one of the most
important challenges for the Anthology.

The Anthology editor has played a key role en-
suring the continuity of the entire project. This
position has so far always been filled for multiple
years, longer than the normal time frame for an
ACL officer. The role has been critical in ensur-
ing a smooth transition between volunteers, at the
cost of a long term with a heavy workload and a
potential single point of failure. In order to tackle
both issues, there is currently a concerted effort to
improve the documentation of all tasks related to
maintaining the Anthology.

As the ACL community and its publishing
needs continue to grow, the ACL Executive is
considering commercial support for publishing.
While this may be suitable for help with daily
operations, we strongly advocate the continuation
and promotion of a closely-knit volunteer group
for development. Passing the responsibilities for
the Anthology to a commercial devoid who has no
intrinsic interest in the Anthology’s scientific con-
tents may end up poorly.

4 Future Proofing the Anthology

All code, documentation, bug reports, and fea-
ture requests are hosted at https://github.
com/acl-org/acl-anthology, along with
instructions detailing the steps required to set up
an instance of the Anthology and keep it updated
with proceedings for new conferences. These in-
structions have been verified and updated using
test builds. We began with the initial documen-
tation provided by experienced contributors to the
project and the original developer. New volun-
teers were then asked to set up and update a new
instance of the Anthology on a new server while
communicating with more experienced contribu-
tors. The documentation was expanded and up-
dated based on the problems and questions en-
countered during this process. The resulting doc-
umentation will likely reduce the learning curve
for new volunteers and will make their recruitment
easier. It will also make it easier to migrate the An-
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thology to new servers when the hosting arrange-
ment changes or to create mirrors. The latter is an
important future task for the Anthology in order
to ensure that alternatives are available if the main
Anthology server experiences any downtime.

The current implementation of the Anthology
has been extended over the years with minor im-
provements to functionality and bug fixes. The
core code has remained mostly intact from its orig-
inal version and has proved to be robust and reli-
able. However, fearing the introduction of bugs
and instability (Spolsky, 2000), the maintainers
chose to keep the software working in its current
state for as long as the technology would allow it,
and focus their resources instead on features that
would help the community with their research and
publication efforts.

This choice is not without its drawbacks. One
key problem is the deprecation of dependencies
with time. For example, Ruby 2.0 is no longer
available in Debian repositories, and SSL support
no longer compiles against it by default. These
problems can be seen as indicators that delaying
upgrades might not be feasible for much longer.
Where possible, deprecated libraries are replaced
with newer versions. This is the case for the
database, web server, and the Java interpreter, all
of which have been replaced with little extra effort.
When a new version of a library breaks backwards
compatibility, the software is either upgraded or
frozen in its current version. Ruby (frozen at
2.0.0-p353 via RVM) and Solr are both ex-
amples of the latter, with detailed documented in-
structions to replicate the software environment.

In addition to the production Anthology site, a
second version is kept on low-cost cloud servers
for testing purposes. This copy has proven useful
for testing step-by-step instructions, since rolling
back the server to a clean state requires neither
authorization nor downtime. It is also used as a
staging area, and to do trial imports of new pro-
ceedings and for volunteer training.

Security is another major concern: older depen-
dencies increase exposure to unpatched bugs. The
Anthology currently does not collect or store per-
sonal data, rendering the consequences of a data
breach modest. A compromised server, however,
presents not only a risk for the maintainers (ser-
vice downtime, unauthorized applications) but for
the community at large, due to the large number
of researchers who could be exposed to malicious
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scripts. While the former puts the goodwill of the
hosting institution at risk, the latter would affect a
large portion of the ACL community.

To tackle issues with outdated software, the An-
thology volunteer group is working on making
the entire Anthology available via a Docker im-
age (Matthias and Kane, 2015). Docker provides
a virtualized environment (also known as a con-
tainer) in which software can be run but where,
unlike a virtual machine, the underlying operat-
ing system resources can be used directly. Con-
tainers are typically stateless, allowing system ad-
ministrators to add and restart services with min-
imum friction. Hosting a mirror of the Anthol-
ogy with Docker containers abstracts away the rel-
atively complex server setup and makes it eas-
ier to tackle dependency problems independently
from future mirror deployments. As a result, host-
ing institutions can apply their own internal se-
curity policies, and the community can benefit
from the added robustness via a larger network of
mirrors. Development versions of this image are
already available at https://github.com/
acl-org/anthology—-docker. When an in-
stance of this Docker container is started, it first
downloads all the data necessary to run the An-
thology, inclusive of the metadata and source pub-
lications (PDF files) for all proceedings hosted
within the Anthology. The resulting Anthology
instance is a peer of the production site, but com-
pletely independent. This makes it possible for
member institutions and even interested individual
members to easily provide a mirror or experiment
with the data in the Anthology.

Freezing software versions has proven useful to
keep stability under control, improve documenta-
tion practices, and implement long-requested fea-
tures like search engine indexing. This does not
preclude a full software upgrade from being part
of our development roadmap. With better test cov-
erage and expanded consistency checks in place,
we expect the first successful upgrade tests to be
within our reach in the near future.

Docker containers and temporary servers also
show great promise for researchers. An iso-
lated, easy-to-replicate software environment re-
duces friction in transferring tools between re-
searchers usually caused by incompatible soft-
ware, simplifies the replication of experiments,
and limits the data loss due to software bugs. A
container-like approach specifying complete envi-
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ronments can also help in distributing code and
general research within the community (e.g., Co-
daLab’ as used in SemEval competitions). In the
future, best practices within the community may
encourage researchers to program and experiment
within Docker images to aid reproducibility.

The Anthology is currently stable and supports
its current, intended use. However, to ensure that
the ACL Anthology continues fulfilling its key
roles, we call on the members of the ACL to help
with both its operational and development goals:

e hosting mirrors of the Anthology and devel-
oping policy for mirror management;

e adding and indexing new publications to the
Anthology;

e maintaining and updating the code underly-
ing the Anthology;

o extending the capabilities of the Anthology to
help tackle new challenges facing the ACL.

5 Challenges for the Anthology

Maintaining community buy-in for the Anthology
is necessary to ensure its future. This is best
assured by extending the Anthology with useful
capabilities that align with research efforts. This is
crucially enabled by the liberal licensing scheme
that the ACL employs for the publications to
empower end users. Research on the history and
structure of the NLP community based on this
data has already been undertaken (Anderson et al.,
2012; Vogel and Jurafsky, 2012).

Anonymous Pre-prints. A current challenge
needing attention is the result of the increasing
popularity of pre-prints and their role in promot-
ing scientific progress. However, such pre-print
systems are not anonymous, interfering with the
well-documented gains that author-blinded publi-
cations help in combating bias. Through member-
ship polls and subcommitee study, the ACL execu-
tive has adopted a recent set of guidelines uphold-
ing the value of double-blinded submissions (ACL
Executive Committee, 2017).

One solution would be the use of anonymous
pre-prints as an option for authors. Currently two
ways of implementing this have been discussed:
as a collaboration with an existing pre-print ser-
vice such as arXiv® or through hosting pre-prints

Shttps://worksheets.codalab.org/
*https://arxiv.org/
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directly within the Anthology. While the latter
option would be a challenge to the Anthology —
requiring increased resources both for monitor-
ing the submissions and for scaling the system
architecture to a larger and less controlled inflow
of papers — but could result in better community
control of the process, and a greater awareness
and feeling of co-ownership of the Anthology and
its data among ACL members.

Reviewer Matching. One key problem with
scientific conference and journal organization is
in finding suitable reviewers for the peer review
process, which is also a key problem for ACL.’
We believe that we can leverage the ACL An-
thology data to support conference organizers in
the assignment of potential peer reviewers. There
has been a substantial growth in the number of
submissions to the main ACL conferences in re-
cent years (Barzilay, 2017), and the ACL has
been active in supporting automated approaches to
solve the problem (Stent and Ji, 2018) such as the
Toronto Paper Matching System (TPMS) (Char-
lin and Zemel, 2013). However, data for judging
the fit between a reviewer and submitted papers
are available in the Anthology; i.e., a reviewer’s
interests and expertise as encoded in their previ-
ous publications. Mining and representing such
information directly from the Anthology, where
data about potential reviewers is already available,
makes it unnecessary to upload papers to an ex-
ternal platform, mitigating current low response
rates. Measuring overlap between reviewer inter-
ests and a submitted paper, based on the reviewer’s
previous publications, is a problem that the NLP
community is ideally suited to solve. Furthermore,
the information generated by such a tool could
serve conference chairs and journal editors when
considering how much weight to assign to a re-
view from specific reviewers. The data required
for building such a tool would be both the text and
metadata from every submitted paper. While some
metadata is already accessible within the Anthol-
ogy, clean textual content of papers would need
to be harvested from the source PDF files, which
currently has been partially achieved. (Bird et al.,
2008) suggests that the text can generally be ex-
tracted using standard tools, with additional pro-
cessing only necessary for a small fraction of the

7 As intimated through internal discussions with the ACL
executive committee.
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data. We are aware that clean textual data from
the Anthology archives is current on-going interest
being investigated by a number of NLP/CL teams
within the community.

If such a solution were to be implemented, it
would be in the interest of the entire community
to have the Anthology maintainers integrate it
directly into the Anthology, with support from the
original implementers. This has been a problem in
the past, where attempts to extend the capabilities
of the Anthology with more detailed search and
annotation (Schifer et al., 2011, 2012) were spun
off as independent systems to start with and have
still not become part of the Anthology service.

We note that these two challenges are synergis-
tically solved. Solving the first challenge will pro-
vide the submissions’ source text within the An-
thology framework and promote better coupling
for the second challenge of reviewer matching.

6 Conclusion

The ACL Anthology is a key resource for re-
searchers in the NLP community. We have de-
scribed the software engineering and maintenance
work that goes on behind-the-scenes in order for
the Anthology to serve its purpose. This includes
ingestion of new papers, maintenance of the An-
thology codebase, and the social aspects of recruit-
ing volunteers for this work. The task of training
future volunteers and ensuring Anthology uptime
is likely to become easier due to improved docu-
mentation and simplified server set-up. However,
recruitment of new volunteers continues to be an
issue.

We invite all community members to download
the Anthology images for experimentation, not
only for the challenge of automated reviewer as-
signment, but also for other use cases based on
their own research interests. We hope that open
challenges and the tasks associated with extend-
ing the usefulness of the Anthology will moti-
vate more community members to take interest
and become and familiar with its inner workings.
We extend an open invitation to anyone interested
in the Anthology to get in touch with the mem-
bers of the team. Our current needs are focused
on system administration, software development,
database management, and Docker integration, but
any kind of experience is welcome.
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