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Abstract

Many specialized domains remain untouched by deep learning, as large labeled datasets
require expensive expert annotators. We address this bottleneck within the legal domain by
introducing the Contract Understanding Atticus Dataset (CUAD), a new dataset for legal
contract review. CUAD was created with dozens of legal experts from The Atticus Project
and consists of over 13,000 annotations. The task is to highlight salient portions of a contract
that are important for a human to review. We find that Transformer models have nascent
performance, but that this performance is strongly influenced by model design and training
dataset size. Despite these promising results, there is still substantial room for improvement.
As one of the only large, specialized NLP benchmarks annotated by experts, CUAD can
serve as a challenging research benchmark for the broader NLP community.

1 Introduction

While large pretrained Transformers (Devlin et al., 2019; Brown et al., 2020) have recently surpassed humans
on tasks such as SQuAD 2.0 (Rajpurkar et al., 2018) and SuperGLUE (Wang et al., 2019), many real-world
document analysis tasks still do not make use of machine learning whatsoever. Whether these large models can
transfer to highly specialized domains remains an open question. To resolve this question, large specialized
datasets are necessary. However, machine learning models require thousands of annotations, which are costly.
For specialized domains, datasets are even more expensive. Not only are thousands of annotations necessary,
but annotators must be trained experts who are often short on time and command high prices. As a result, the
community does not have a sense of when models can transfer to various specialized domains.

A highly valuable specialized task without a public large-scale dataset is contract review, which costs humans
substantial time, money, and attention. Many law firms spend approximately 50% of their time reviewing
contracts (CEB, 2017). Due to the specialized training necessary to understand and interpret contracts, the
billing rates for lawyers at large law firms are typically around $500-$900 per hour in the US. As a result,
many transactions cost companies hundreds of thousands of dollars just so that lawyers can verify that there
are no problematic obligations or requirements included in the contracts. Contract review can be a source of
drudgery and, in comparison to other legal tasks, is widely considered to be especially boring.

Contract review costs also affect consumers. Since contract review costs are so prohibitive, contract review
is not often performed outside corporate transactions. Small companies and individuals consequently often
sign contracts without even reading them, which can result in predatory behavior that harms consumers.
Automating contract review by openly releasing high-quality data and fine-tuned models can increase access to
legal support for small businesses and individuals, so that legal support is not exclusively available to wealthy
companies.

To reduce the disparate societal costs of contract review, and to study how well NLP models generalize to
specialized domains, we introduce a new large-scale dataset for contract review. As part of The Atticus Project,
a non-profit organization of legal experts, we introduce CUAD, the Contract Understanding Atticus Dataset.
This dataset was created with a year-long effort pushed forward by dozens of law student annotators, lawyers,
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Model Governing Law: “This Agreement shall be governed by the
ode laws of the State of California without giving effect to con-
flict or choice of law principles.” (Page 2)

1. Covenant Not to Sue: “In addition, Company shall not
now or in the future contest the validity of Investor's owner-
ship of'its Intellectual Property.” (Page 30)

Y

» Perpetual / Irrevocable License: “Company grants to
Investor a worldwide, royalty-free, exclusive, irrevocable
license (with the right to grant sublicenses).” (Page 151)
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Figure 1: Contracts often contain a small number of important clauses that warrant review or analysis by
lawyers. It is especially important to identify clauses that contain salient obligations or red flag clauses. It
can be tedious and expensive for legal professionals to manually sift through long contracts to find these few
key clauses, especially given that contracts can be dozens or even more than 100 pages long. The Contract
Understanding Atticus Dataset (CUAD) consists of over 500 contracts, each carefully labeled by legal experts
to identify 41 different types of important clauses, for a total of more than 13,000 annotations. With CUAD,
models can learn to automatically extract and identify key clauses from contracts.

and machine learning researchers. The dataset includes more than 500 contracts and more than 13,000 expert
annotations that span 41 label categories. For each of 41 different labels, models must learn to highlight the
portions of a contract most salient to that label. This makes the task a matter of finding needles in a haystack.

CUAD is especially valuable because it was made possible with the collective effort of many annotators. Prior
to labeling, law student annotators of CUAD attended training sessions to learn how to label each of the
41 categories, which included video instructions by and live workshops with experienced lawyers, detailed
instructions, and quizzes. Before annotating contracts for our dataset, each law student annotator went through
contract review training that lasted 70-100 hours. Annotators also adhered to over 100 pages of rules and
annotation standards that we created for CUAD. Each annotation was verified by three additional annotators
to ensure that the labels are consistent and correct. As a result of this effort, a conservative estimate of the
pecuniary value of CUAD of is over $2 million (each of the 9283 pages were reviewed at least 4 times, each
page requiring 5-10 minutes, assuming a rate of $500 per hour). This cost underscores the unique value of the
CUAD dataset.

We experiment with several state-of-the-art Transformer (Vaswani et al., 2017) models on CUAD. We find that
performance metrics such as Precision @ 80% Recall are improving quickly as models improve, such that a
BERT model from 2018 attains 8.2% while a DeBERTa model from 2021 attains 44.0%. We also find that
the amount of labeled training annotations greatly influences performance as well, highlighting the value of
CUAD for legal contract review.

CUAD makes it possible to assess progress on legal contract review, while also providing an indicator for how
well language models can learn highly specialized domains. CUAD is one of the only large, specialized NLP
benchmarks annotated by experts. We hope these efforts will not only enable research on contract review, but
will also facilitate more investigation of specialized domains by the NLP community more broadly. Code and
the CUAD dataset can be found at github.com/TheAtticusProject/cuad/.

2 Related Work

2.1 Legal NLP

Researchers in NLP have investigated a number of tasks within legal NLP. These include legal judgement
prediction, legal entity recognition, document classification, legal question answering, and legal summarization
(Zhong et al., 2020). Xiao et al. (2015) introduce a large dataset for legal judgement prediction and Duan et al.
(2019) introduce a dataset for judicial reading comprehension. However, both are in Chinese, limiting the
applicability of these datasets to English speakers. Holzenberger et al. (2020) introduce a dataset for tax law
entailment and question answering and Chalkidis et al. (2019) introduce a large dataset of text classification
for EU legislation. Kano et al. (2018) evaluate models on multiple tasks for statute law and case law, including
information retrieval and entailment/question answering.


https://github.com/TheAtticusProject/cuad/

While legal NLP covers a wide range of tasks, there is little prior work on contract review, despite the fact that
it is one of the most time-consuming and tedious tasks for lawyers. Chalkidis et al. (2017) introduce a dataset
for extracting basic information from contracts. However, they focus on named entity recognition for a limited
number of entities, a much simpler task than our own. The most related work to ours is that of Leivaditi et al.
(2020), which also introduces a benchmark for contract review. However, it focuses exclusively on one type of
contract (leases), it focuses on a smaller number of label categories, and it contains over an order of magnitude
fewer annotations than CUAD.

2.2 NLP Models for Specialized Domains

Transformers have recently made large strides on natural language tasks that everyday humans can do. This
raises the question of how well these models can do on specialized tasks, tasks for which humans require many
hours of training. To the best of our knowledge, CUAD is one of only the large-scale NLP datasets that is
explicitly curated for machine learning models by domain experts. This is also out of necessity, as there is no
freely available source of contract review annotations that can be scraped, unlike for many other specialized
domains.

There is some prior work applying machine learning to specialized domains. For example, machine translation
has been a long-standing challenge that similarly requires domain expertise. However, unlike contract review,
supervised data for machine translation is generally scraped from freely available data (Bojar et al., 2014).
More recently, Hendrycks et al. (2021b) propose a challenging question answering benchmark that has multiple-
choice questions from dozens of specialized areas including law, but the ability to answer multiple-choice
legal questions does not help lawyers with their job. Similarly, there has been recent interest in applying
language models to specialized domains such as math (Hendrycks et al., 2021c) and coding (Hendrycks et al.,
2021a). Outside of NLP, in computer vision, machine learning has been applied to medical tasks such as
cancer diagnosis that require specialized domain knowledge (Gadgil et al., 2021). These specialized tasks are
not solved by current systems, which suggests the research forefront is in specialized domains.

3 CUAD: A Contract Review Dataset

Contract Review. Contract review is the process
of thoroughly reading a contract to understand the CUAD Contract Page Lengths
rights and obligations of an individual or company

signing it and assess the associated impact. Contract 200
review is an application that is plausibly amenable to
automation. It is widely viewed as one of the most
repetitive and most tedious jobs that junior law firm
associates must perform. It is also expensive and an
inefficient use of a legal professional’s skills.
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There are different levels of work in contract review.

The lowest level of work in reviewing a contract
is to find “needles in a haystack.” At this level, a
lawyer’s job is to manually review hundreds of pages
of contracts to find the relevant clauses or obligations
stipulated in a contract. They must 1Qent1fy whether 0 1 25 50 S5 100 125 150
relevant clauses exist, what they say if they do exist, .

and keep track of where they are described. They Number of Pages in Contract

must determine whether the contract is a 3-year con- Figure 2: A histogram of the number of pages in CUAD
tract or a 1-year contract. They must determine the contracts. Our dataset covers a diverse set of contracts.
end date of a contract. They must determine whether In addition to covering 25 different types of contracts,
a clause is, say, an anti-assignment clause or a most the contracts in our dataset also vary substantially in
favored nation clause. We refer to this type of work length, ranging from a few pages to well over one hun-
as “contract analysis.” dred pages.

Number of Contracts
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The highest level of work is to assess risk associated
with the contract clauses and advise on solutions. At
this level, a lawyer’s business client relies on them to explain not only what each clause means, but also the
implications such a clause has on its business and a transaction. This risk assessment work is highly contextual
and depends on the industry, the business model, the risk tolerance and the priorities of a company. This is



Category Description

Effective Date On what date is the contract is effective?

Renewal Term What is the renewal term after the initial term expires?

Anti-Assignment Is consent or notice required if the contract is assigned to a third party?
Governing Law Which state/country’s law governs the interpretation of the contract?
Irrevocable or Perpetual License | Does the contract contain a license grant that is irrevocable or perpetual?
Non-Disparagement Is there a requirement on a party not to disparage the counterparty?

Table 1: A list of 5 of the 41 label categories that we cover in our dataset, along with short descriptions. Legal
professionals deemed these labels to be most important when reviewing a contract. We have models learn to
extract clauses relevant to each of these categories. See Tables 4 and 5 in the Appendix for the full list.

highly skilled work that is done by experienced in-house lawyers and law firm partners who are familiar with
the clients’ business. We refer to this type of work as “counseling.”

To improve the lives of legal practitioners and individuals seeking legal assistance, our work aims to use
machine learning models to automate the “contract review” work and the low level part of the “contract
analysis” work.

Labels. In designing our dataset for contract review, we consider clauses that would warrant lawyer review
or analysis. We chose a list of 41 label categories that lawyers pay particular attention to when reviewing a
contract. The labels are broadly divided into the following three categories:

* General information. This includes terms such as party names, document names, dates, governing
laws, license grants, and renewal terms.

» “Restrictive covenants.” These are considered some of the most troublesome clauses because they
restrict the buyer’s or the company’s ability to operate the business.

» “Revenue risks.” These include terms that may require a party to a contract to incur additional cost or
take remedial measures.

We provide descriptions of five of the label categories in Table 1 and include a full list in Tables 4 and 5.

Task Definition. For each label category, we identify every clause in every contract that is most relevant to
that label category. We then have models extract the relevant clauses from a contract by outputting the start
and end tokens that identify the span of text that relates to that label category. Intuitively, models learn to
highlight the portions of text that lawyers should attend to. We show example annotations in Figures 1 and 7.

Supplementary Annotations. For each label category and each contract, we also include additional contract
annotations that can be determined from the extracted clauses. For example, for the “Uncapped Liability” label
category, we include the yes/no answer to the question “Is a party’s liability uncapped upon the breach of its
obligation in the contract?” for each contract, which can be answered from the extracted clauses (if any) for
this label. To maintain consistency and simplicity, we do not focus on these supplementary annotations in this
paper. We instead focus on evaluating the more challenging and time-consuming portion of this task, which is
extracting the relevant clauses. However, we also release these additional annotations, which can further help
apply models to contract review in practice.

Contract Sources. Our dataset includes detailed annotations for 25 different types of contracts. We include
a full list of contract types, along with the number of contracts of each type, in Table 3 of the Appendix.

We collected these contracts from the Electronic Data Gathering, Analysis, and Retrieval (“EDGAR”) system,
which is maintained by the U.S. Securities and Exchange Commission (SEC). Publicly traded and other
reporting companies are required by the SEC rules to file certain types of contracts with the SEC through
EDGAR. Access to EDGAR documents is free and open to the public. The EDGAR contracts are more
complicated and heavily negotiated than the general population of all legal contracts. However, this also means
that EDGAR contracts have the advantage of containing a large sample of clauses that are difficult to find
in the general population of contracts. For example, one company may have only one or two contracts that
contain exclusivity clauses, while EDGAR contracts may have hundreds of them.

Labeling Process. We had contracts labeled by law students and quality-checked by experienced lawyers.
These law students first went through 70-100 hours of training for labeling that was designed by experienced



lawyers, so as to ensure that labels are of high quality. In the process, we also wrote extensive documentation
on precisely how to identify each label category in a contract, which goes into detail. This documentation
takes up more than one hundred pages and ensures that labels are consistent.

Dataset Statistics. CUAD contains 510 contracts and 13101 labeled clauses. In addition to belonging to 25
different types, contracts also have a widely varying lengths, ranging from a few pages to over one hundred
pages. We show the distribution of contracts lengths in Figure 2.

Most parts of a contract should not be highlighted. Labeled clauses make up about 10% of each contract on
average. Since there are 41 label categories, this means that on average, only about 0.25% each contract is
highlighted for each label.

4 Experiments

4.1 Setup

Task Structure. We formulate our primary task as predicting which substrings of a contract relate to each
label category. Specifically, for each contract and label category, we have annotations for all of the substrings
(if any) of that contract that should be highlighted. We then have a model learn the start and end token positions
of the substring of each segment that should be highlighted, if any. This structure is similar to extractive
question answering tasks such as SQuAD 2.0 (Rajpurkar et al., 2018) that allow for questions to have no
answer. We consequently use the same model structure and training procedures as prior work on such tasks.

We finetune several pretrained language models using the HuggingFace Transformers library (Wolf et al., 2020)
on CUAD. Because we structure the prediction task similarly to an extractive question answering tasks, we
use the QuestionAnswering models in the Transformers library, which are suited for this task. Each “question”
identifies the label category under consideration, along with a short (one or two sentence) description of
that label category, and asks which parts of the context relate to that label category. To account for the long
document lengths, we use a sliding window over each contract.

Metrics. Since most clauses are unlabeled, we
have a large imbalance between relevant and irrele- CUAD Precision Recall Curve

vant clauses. Therefore, we focus on measures that 70 T
make use of precision and recall, as they are respon- |
sive to class imbalance. 60 1 i
Precision is the fraction of examples selected as im- 3 501 |
portant that are actually important, while recall is the <

fraction of examples that are actually important that S 407

were selected as important. In our case, importance G

refers to a portion of a contract being relevanttoa 2 307 — DeBERTa-xlarge |
given label, which a human should review. 204 7 RoBERTa-large |
Precision and recall are defined in terms of true pos- — RoBERTa-base |
... . . 10 4+ === 80% Recall :
itives, false positives, and false negatives. A true |
positi\.le isa grlou.nd truth segment of text that.ha.s a 20 40 60 80 100
matching prediction. A false positive is a prediction Recall (%)

that does not match with any ground truth segment. o )
Finally, a false negative is a when there is a ground Figure 3: Precision-Recall curves for different mod-
truth segment of text that does not have a matching ~ €ls- We use the Area Under the Precision-Recall curve

prediction. (AUPR) and Precision at 80% and 90% Recall as our
o ] . primary metrics. There is a sharp dropoff in preci-
Each prediction comes with a confidence probability. gjon after around 80% recall, but this is improving

With the confidences, we can smoothly vary th? n_lin- with larger and more recent models such as DeBERTa-
imum confidence threshold we use for determining  xjarge,

what to count as prediction (while always ignoring

the empty prediction). We can then compute the best

precision that can be achieved at the recall level at-

tained at each confidence threshold. This yields a precision-recall curve, as shown in Figure 3. The area under
this curve is then the Area Under the Precision Recall curve (AUPR), which summarizes model performance
across different confidence thresholds.



Model AUPR Precision@ Precision@
80% Recall 90% Recall
BERT-base 324 8.2 0.0
BERT-large 323 7.6 0.0
ALBERT-base 353 11.1 0.0
ALBERT-large 349 20.9 0.0
ALBERT-xlarge 37.8 20.5 0.0
ALBERT-xxlarge 38.4 31.0 0.0
RoBERTa-base 42.6 31.1 0.0
RoBERTa-base + Contracts Pretraining 45.2 34.1 0.0
RoBERTa-large 48.2 38.1 0.0
DeBERTa-xlarge 47.8 44.0 17.8

Table 2: Results of NLP models on CUAD. We report the Area Under the Precision Recall curve (AUPR),
Precision at 80% Recall, and Precision at 90% Recall. DeBERTa-xlarge has the best performance (44.0%
Precision @ 80% Recall), which is substantially better than BERT-base (8.2% Precision @ 80% Recall),
which highlights the utility in creating better models.

We can also analyze model performance at a specific confidence threshold, giving rise to “Precision @ X %
Recall” measures. As shown in Figure 3, if we threshold the confidence such that the model has 80% recall,
then we can analyze the model precision at that threshold. Notice that as the recall increases, the precision
decreases. Consequently Precision @ 90% Recall is less than Precision @ 80% Recall. Note having a precision
of about 30% at this recall level means that a lawyer would need to read through about 2 irrelevant clauses for
every 1 relevant clause selected as important by the model.

We determine whether a highlighted text span matches the ground truth with the Jaccard similarity coefficient.
With the Jaccard similarity coefficient, we compute the overlap between the highlighted text and the ground
truth. The Jaccard similarity coefficient is defined as

|AN B|
where A is the set of words in an annotation, and B is the set of words in an extracted prediction. To get the
set of words in a string, we first remove punctuation and make the string lower case, then we separate the
string by spaces. Note that 0 < J(A4, B) < 1, with J(A, B) = 0 when there is no intersection between A and
B, and J(A, A) = 1 for any non-empty set A. We use the threshold 0.5 < J(A, B) for determining matches.
We found that 0.5 provides a qualitatively reasonable threshold, as it requires sufficiently high overlap for a
span to be counted as a valid match.

Models. We evaluate the performance of BERT (Devlin et al., 2019), RoBERTa (Liu et al., 2019), ALBERT
(Lan et al., 2020), and DeBERTa (He et al., 2020). BERT is a bidirectional Transformer that set state-of-the-art
performance on many NLP tasks. RoBERTa improves upon BERT. RoBERTa uses the same architecture
as BERT, but it was pretrained on an order of magnitude more data (160 GB rather than BERT’s 16 GB
pretraining corpus). ALBERT is similar to ROBERTa, but it uses parameter sharing to reduce its parameter
count. DeBERTa improves upon RoOBERTa by using a disentangled attention mechanism and by using a larger
model size.

Training. More than 99% of the features generated from applying a sliding window to each contract do not
contain any of the 41 relevant labels. If one trains normally on this data, models typically learn to always
output the empty span, since this is usually the correct answer. To mitigate this imbalance, we downweight
features that do not contain any relevant labels so that features are approximately balanced between having
highlighted clauses and not having any highlighted clauses. For categories that have multiple annotations in
the same document, we add a separate example for each annotation.

We chose a random split of the contracts into train and test sets. We have 80% of the contracts make up
the train set and 20% make up the test set. In preliminary experiments we set aside a small validation
set, with which we performed hyperparameter grid search. The learning rate was chosen from the set
{3 x 107°, 1 x 10~*, 3 x 10~*} and the number of epochs chosen from the set {1,4}. In preliminary
experiments we found that training for longer or using a learning rate outside this range degraded performance.
We select the model with the highest AUPR found using grid search and report the performance of that model.
For all experiments, we use the Adam optimizer (Kingma and Ba, 2015).



4.2 Results

We show the results of fine-tuning each model in
Table 2 and we show show precision-recall curves
for three of these models in Figure 3. We find that
DeBERTa-xlarge performs best, but that overall per-
formance is nascent and has large room for improv-
ment. DeBERTa attains an AUPR of 47.8%, a Pre-
cision at 80% Recall of 44.0%, and a Precision at
90% Recall of 17.8%. This shows that CUAD is a
difficult benchmark. Nevertheless, these low num-
bers obscure how this performance may already be
useful. In particular, recall is more important than
precision since CUAD is about finding needles in
haystacks. Moreover, 80% recall may already be
reasonable for some lawyers. The performance of
DeBERTa may therefore already be enough to save
a lawyer substantial time compared to reading an
entire contract.

Contracts Pretraining. Since main driver of per-
formance for language models is their large pretrain-
ing corpora, we determine whether domain-specific
pretraining data can help with CUAD (Gururangan
et al., 2020). We pretrain a RoOBERTa-base model
using the standard masked language modeling objec-
tive on approximately 8GB of unlabeled contracts
collected from the EDGAR database of public con-
tracts. As shown in Table 2, pretraining on several
gigabytes of contracts increases AUPR by only about
3%. This shows that the high-quality annotated data
in CUAD is currently far more valuable than orders
of magnitude more unlabeled domain-specific data.
Additionally, since the masked language modeling
objective does not effectively leverage the large con-
tract pretraining corpus, future algorithmic improve-
ments in pretraining may be important for higher
performance on CUAD.

Performance by Category. In practice, models
should be not only have strong overall performance,
but also have strong performance in each individ-
ual label category. To compare performance across
different categories, we compute the AUPR for
DeBERTa-xlarge separately across all 41 categories,
and show the results in Figure 8. We find that even
though performance is high for some labels, it varies
substantially by category, with some close to the ceil-
ing of 100% AUPR and others much lower at only
around 20% AUPR. This underscores that there is
still substantial room for improvement.

Performance as a Function of Model Size. We
now assess the effect of model size on performance.

CUAD Performance by Category
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Figure 4: Comparison of AUPR for DeBERTa-xlarge
across different label categories. While performance is
high for some labels, it is has much room for improve-
ment for other labels.

We measure the AUPR of various ALBERT models, ranging from ALBERT-base-v2 at 11 million parameters
to ALBERT-xxlarge-v2 at 223 million parameters. We show the results in Figure 5, which shows that the
AUPR barely changes at all as the model size increases. In particular, even though ALBERT-xxlarge-v2 has
more than 20 times more parameters than its smallest version, it only performs around 3% percent better. We



CUAD Performance vs. Model Size
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Figure 5: AUPR as a function of model size for differ-
ent ALBERT models. While model size is one of the
key drivers of recent progress in NLP, we find that for
legal contract review it is sometimes a less important
factor, with performance only changing slightly when
varying model size alone.

CUAD Performance vs. Dataset Size
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Figure 6: AUPR as a function of the number of train-
ing annotations for ROBERTa-base. Data, one of the
main drivers of recent progress in NLP, rapidly im-
proves performance on our dataset. This highlights
the value of CUAD for automating legal contract re-
view and for legal NLP more generally.

find similar results with BERT as well; Table 2 shows only slight changes in the AUPR from BERT-base
(32.4%) to BERT-large (32.3%).

On the other hand, model size seems to make an important difference in other cases. For example, RoBERTa-
base (42.6%) has noticeably lower performance than RoBERTa-large (48.2%). There are also large differences
in performance across different models, with DeBERTa performing far better than BERT. This suggests that
while model size does not consistently help, model design can still be a path towards improving performance.

Performance as a Function of Training Data. We now assess how performance changes as a function of
dataset size. We restrict our attention to ROBERTa-base and compute the AUPR as we vary the amount of
training data. In particular, we test performance after training on 3%, 10%, 30%, and 100% of the training
contracts. To account for the smaller number of gradient updates that comes from having less data, we increase
the number of training epochs in grid search to make the number of gradient updates approximately equal.
For example, when we train on 30% of the contracts, we consider grid search with the number of epochs in
{3,12} instead of {1,4}.

We show the results in Figure 6. We notice a substantial increase in performance as the amount of training
data increases. For example, increasing the amount of data by an order of magnitude increases performance
from 27.6% to 42.6%, a 15% absolute difference.

In fact, these gains in performance from just a single order of magnitude more data are comparable to the
entire variation in performance across models. In particular, the best model (DeBERTa-xlarge) has an AUPR
that is 15.4% higher (in absolute terms) than that of the worst model in terms of AUPR. This indicates that
data is a large bottleneck for contract review in this regime, highlighting the value of CUAD.

5 Conclusion

We introduced a high-quality dataset of annotated contracts to facilitate research on contract review and to
better understand how well NLP models can perform in highly specialized domains. CUAD includes over
13,000 annotations by legal experts across 41 labels. We evaluated ten pretrained language models on CUAD
and found that performance is promising and has large room for improvement. We found that data is a
major bottleneck, as decreasing the amount of data by an order of magnitude cuts performance dramatically,
highlighting the value of CUAD’s large number of annotations. We also showed that performance is markedly
influenced by model design, suggesting that algorithmic improvements from the NLP community will help
solve this challenge. Overall, CUAD can accelerate research towards resolving a major real-world problem,
while also serving as a benchmark for assessing NLP models on specialized domains more broadly.
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Contract Labels

Page 1

(f) No Obligation to Investigate. None of the Issuer, the Owner Trustee, the Indenture Trustee (including in its
capacity as Successor Servicer hereunder), the Sponsor, the Marketing Agent, the Depositor, the Parent Support
Provider, the Administrator or the Servicer will be obligated to investigate whether ag

occurred that would require the acquisition of any Receivable under this Section 3.3 or whether any Receivables
are otherwise required to be acquired under this Section 3.3. .
(g) Acquisition is Sole Remedy. The sole remedy of the Issuer, the Indenture Trustee, the Owner Trustee, 44— Cap on Llablllty
and the Secured Parties for any extension, modification, amendment, cancellation or waiver of a Receivable
or any terms thereof under Section 3.2(b) or a breach of the covenants made by theServicer in Section 3.2(c)
or (d) is the Servicer’s acquisition of the Receivables, as described under this Section 3.3.

Section 3.4 Sale of Written-Off Receivables. The Servicer may sell to any third party a Receivable that has

been written off.

Page 10

Page 44

TRANSFER AND SERVICING AGREEMENT, dated as of January 29, 2020 (this “Agreement”), among

VERIZON OWNER TRUST 2020-A, a Delaware statutory trust, as issuer (the “Issuer”’), VERIZON ABS LLC, [~ Agreement Date
a Delaware limited liability company, as depositor (the “Depositor”’), and Cellco Partnership d/b/a Verizon &r
Wireless, a Delaware general partnership (“Cellco”), as servicer (in such capacity, the “Servicer”)

This Agreement is for the benefit of and will be binding on the parties and their permitted successors and assigns.
The Owner Trustee and the Indenture Trustee, for the benefit of the Secured Parties, will be third-party . .
beneficiaries of this Agreement and may enforce this Agreement against the Depositor and the Servicer. — Third Party Beneﬁcmry
No other Person will have any right or obligation under this Agreement.

Form of Transfer and Servicing Agreement

reach or other event has

Figure 7: Our dataset consists of over 500 contracts, each carefully labeled by legal experts to identify
important clauses, which models can then learn to extract from contracts. Our dataset covers a diverse set
of contracts, including 25 different contract types. It can be tedious and expensive for legal professionals to
manually find important clauses, especially from long contracts such as this one with over 100 pages long.

A Appendix

A.1 Special Cases

The one small exception during metric computation is for the Parties label, which (unlike for the other labels)
often has several very small extracted segments of text in a given contract. We relax what counts as a match
for the Parties label by also counting as a match any case when the ground truth segment is a substring of a
predicted extraction of text. This is reasonable in practice because our predicted extractions are bounded by to
be at most about a paragraph in length. Another exception is that the Price Restrictions provision did not have
examples in the test set due to randomization in our train-test split, so performance for that class was ignored
in this paper.

A.2 Dataset Details

Labeling Process Details. The steps of our dataset creation process is as follows.

1.

Law Student training. Law students attended training sessions on each of the categories that included
a summary, video instructions by experienced attorneys, multiple quizzes and workshops. Students
were then required to label sample contracts in eBrevia, an online contract review tool. The initial
training took approximately 70-100 hours.

2. Law Student Label. Law students conducted manual contract review and labeling in eBrevia.

3. Key Word Search. Law students conducted keyword search in eBrevia to capture additional categories

that have been missed during the “Student Label” step.

. Category-by-Category Report Review. Law students exported the labeled clauses into reports, review

each clause category-by-category and highlight clauses that they believe are mislabeled.

. Attorney Review. Experienced attorneys reviewed the category-by-category report with students com-

ments, provided comments and addressed student questions. When applicable, attorneys discussed
such results with the students and reached consensus. Students made changes in eBrevia accordingly.

. eBrevia Extras Review. Attorneys and students used eBrevia to generate a list of “extras,” which

are clauses that eBrevia Al tool identified as responsive to a category but not labeled by human
annotators. Attorneys and students reviewed all of the “extras” and added the correct ones. The
process is repeated until all or substantially all of the “extras” are incorrect labels.

. Final Report. The final report was exported into a CSV file. Volunteers manually added the “Yes/No”

answer column to categories that do not contain an answer.
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CUAD Performance by Category

Governing Law

Document Name

Parties

Agreement Date

Expiration Date
Anti-Assignment

No-Solicit Of Employees

Cap On Liability

License Grant

Insurance

Source Code Escrow
Irrevocable Or Perpetual License
Exclusivity

Renewal Term

Audit Rights

Revenue/Profit Sharing
Effective Date

Termination For Convenience
Notice Period To Terminate Renewal
No-Solicit Of Customers
Non-Transferable License
Uncapped Liability

Third Party Beneficiary
Volume Restriction
Liquidated Damages

Affiliate License-Licensee
Non-Disparagement
Minimum Commitment

Joint IP Ownership
Non-Compete
Unlimited/All-You-Can-Eat-License
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Post-Termination Services
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Figure 8: Comparison of Precision @ 80% Recall for DeBERTa-xlarge across different label categories. While
performance is high for some labels, it is has much room for improvement for other labels.
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Contract Type Number of Contracts
Affiliate Agreement 10
Agency Agreement 13
Collaboration Agreement 26
Co-Branding Agreement 22
Consulting Agreement 11
Development Agreement 29
Distributor Agreement 32
Endorsement Agreement 24
Franchise Agreement 15
Hosting Agreement 20
IP Agreement 17
Joint Venture Agreement 23
License Agreement 33
Maintenance Agreement 34
Manufacturing Agreement 17
Marketing Agreement 17
Non-Compete Agreement 3
Outsourcing Agreement 18
Promotion Agreement 12
Reseller Agreement 12
Service Agreement 28
Sponsorship Agreement 31
Supply Agreement 18
Strategic Alliance Agreement 32
Transportation Agreement 13
Total 510

Table 3: A breakdown of contract types and their count.

Redacted Information. Some clauses in the files are redacted because the party submitting these contracts
redacted them to protect confidentiality. Such redaction may show up as *** or ___ or blank space. The
dataset and the answers reflect such redactions. For example, the answer for “January __ 2020” would be
“1/[1/20207).

Some sentences in the files include confidential legends that are not part of the contracts. An example of such
confidential legend is as follows: THIS EXHIBIT HAS BEEN REDACTED AND IS THE SUBJECT OF A
CONFIDENTIAL TREATMENT REQUEST. REDACTED MATERIAL IS MARKED WITH [* * *] AND
HAS BEEN FILED SEPARATELY WITH THE SECURITIES AND EXCHANGE COMMISSION. Some
sentences in the files contain irrelevant information such as footers or page numbers. Some sentences may not
be relevant to the corresponding category. Some sentences may correspond to a different category. Because
many legal clauses are very long and contain various sub-parts, sometimes only a sub-part of a sentence is
responsive to a category.

Contract Types. We provide a list of each of the 25 contract types, along with the number of contracts in
CUAD of each type, in Table 3.

Label Category Details. We provide descriptions of every label category in Tables 4 and 5.

A.3 Conversion to SQuAD 2.0 Format

In the question answering literature, some datasets have answers that are spans of given input text, similar
to us. A particularly notable dataset that shares this format is SQuAD 2.0 (Rajpurkar et al., 2018), a reading
comprehension dataset with questions that have spans of the passage as answers.

To facilitate the use of prior work on datasets such as SQuAD 2.0, we format our dataset in the same format.
In particular, we first segment a contract into different paragraphs typically range from one to five sentences.
Then for each label category and each such paragraph, we format the question as follows:

“Highlight the parts (if any) of this clause related to "<Label Category>". Details: <Label Category Descrip-
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tion>"
where the label category descriptions are the same as in Tables 4 and 5.

The answer is then the span of text of the given passage that should be highlighted, or the empty string if
nothing should be highlighted as relevant to that label category, along with the character position where that
span begins.
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Category

Description

Document Name

The name of the contract

Parties

The two or more parties who signed the contract

Agreement Date

The date of the contract

Effective Date

On what date is the contract is effective?

Expiration Date

On what date will the contract’s initial term expire?

Renewal Term

What is the renewal term after the initial term expires? This includes
automatic extensions and unilateral extensions with prior notice.

Notice to Terminate Re-
newal

What is the notice period required to terminate renewal?

Governing Law

Which state/country’s law governs the interpretation of the contract?

Most Favored Nation

Is there a clause that if a third party gets better terms on the licensing
or sale of technology/goods/services described in the contract, the buyer
of such technology/goods/services under the contract shall be entitled to
those better terms?

Non-Compete

Is there a restriction on the ability of a party to compete with the counter-
party or operate in a certain geography or business or technology sector?

Exclusivity

Is there an exclusive dealing commitment with the counterparty? This
includes a commitment to procure all “requirements” from one party of
certain technology, goods, or services or a prohibition on licensing or
selling technology, goods or services to third parties, or a prohibition on
collaborating or working with other parties), whether during the contract
or after the contract ends (or both).

No-Solicit of Customers

Is a party restricted from contracting or soliciting customers or partners of
the counterparty, whether during the contract or after the contract ends (or
both)?

Competitive  Restriction

Exception

This category includes the exceptions or carveouts to Non-Compete, Ex-
clusivity and No-Solicit of Customers above.

No-Solicit of Employees

Is there a restriction on a party’s soliciting or hiring employees and/or
contractors from the counterparty, whether during the contract or after the
contract ends (or both)?

Non-Disparagement

Is there a requirement on a party not to disparage the counterparty?

Termination for Conve-
nience

Can a party terminate this contract without cause (solely by giving a notice
and allowing a waiting period to expire)?

ROFR/ROFO/ROFN

Is there a clause granting one party a right of first refusal, right of first
offer or right of first negotiation to purchase, license, market, or distribute
equity interest, technology, assets, products or services?

Change of Control

Does one party have the right to terminate or is consent or notice required
of the counterparty if such party undergoes a change of control, such as
a merger, stock sale, transfer of all or substantially all of its assets or
business, or assignment by operation of law?

Anti-Assignment

Is consent or notice required of a party if the contract is assigned to a third
party?

Revenue/Profit Sharing

Is one party required to share revenue or profit with the counterparty for
any technology, goods, or services?

Price Restriction

Is there a restriction on the ability of a party to raise or reduce prices of
technology, goods, or services provided?

Minimum Commitment

Is there a minimum order size or minimum amount or units per-time period
that one party must buy from the counterparty under the contract?

Volume Restriction

Is there a fee increase or consent requirement, etc. if one party’s use of
the product/services exceeds certain threshold?

IP Ownership Assignment

Does intellectual property created by one party become the property of the
counterparty, either per the terms of the contract or upon the occurrence
of certain events?

Joint IP Ownership

Is there any clause providing for joint or shared ownership of intellectual
property between the parties to the contract?

Table 4: Label categories and their descriptions (part 1/2).
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Category

Description

License Grant

Does the contract contain a license granted by one party to its counter-
party?

Non-Transferable License

Does the contract limit the ability of a party to transfer the license being
granted to a third party?

Affiliate 1P  License- | Does the contract contain a license grant by affiliates of the licensor or
Licensor that includes intellectual property of affiliates of the licensor?

Affiliate 1P License- | Does the contract contain a license grant to a licensee (incl. sublicensor)
Licensee and the affiliates of such licensee/sublicensor?

Unlimited/All-You-Can-
Eat License

T3

Is there a clause granting one party an “enterprise,
unlimited usage license?

all you can eat” or

Irrevocable or Perpetual Li-
cense

Does the contract contain a license grant that is irrevocable or perpetual?

Source Code Escrow

Is one party required to deposit its source code into escrow with a third
party, which can be released to the counterparty upon the occurrence of
certain events (bankruptcy, insolvency, etc.)?

Post-Termination Services

Is a party subject to obligations after the termination or expiration of a
contract, including any post-termination transition, payment, transfer of
IP, wind-down, last-buy, or similar commitments?

Audit Rights

Does a party have the right to audit the books, records, or physical loca-
tions of the counterparty to ensure compliance with the contract?

Uncapped Liability

Is a party’s liability uncapped upon the breach of its obligation in the
contract? This also includes uncap liability for a particular type of breach
such as IP infringement or breach of confidentiality obligation.

Cap on Liability

Does the contract include a cap on liability upon the breach of a party’s
obligation? This includes time limitation for the counterparty to bring
claims or maximum amount for recovery.

Liquidated Damages

Does the contract contain a clause that would award either party liquidated
damages for breach or a fee upon the termination of a contract (termination
fee)?

Warranty Duration

What is the duration of any warranty against defects or errors in technology,
products, or services provided under the contract?

Insurance

Is there a requirement for insurance that must be maintained by one party
for the benefit of the counterparty?

Covenant Not to Sue

Is a party restricted from contesting the validity of the counterparty’s
ownership of intellectual property or otherwise bringing a claim against
the counterparty for matters unrelated to the contract?

Third Party Beneficiary

Is there a non-contracting party who is a beneficiary to some or all of
the clauses in the contract and therefore can enforce its rights against a
contracting party?

Table 5: Label categories and their descriptions (part 2/2).
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