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Abstract. Existing benchmarks that evaluate the ability of Large
Language Models (LLMs) to summarize rely primarily on measur-
ing a summary’s lexical similarity to a reference or on assessing
whether its claims are factually consistent with the source document.
These approaches fail to account for a summary’s comprehensive-
ness — the extent to which it captures important information, and
relevance — the extent to which unessential elements are omitted. To
bolster comprehensiveness and relevance evaluation in high-stakes
domains, we propose SARSum, a dataset tailored to evaluate the
summarization of notes taken by anti-money laundering (AML) an-
alysts during the process of preparing a Suspicious Activity Report
(SAR), a document filed by financial institutions to alert law enforce-
ment about suspicious transactions or activities, where omission of
key details can be extremely costly. To the best of our knowledge,
SARSum is the first comprehensiveness and relevance-aware sum-
marization dataset: each of the 2,000 sets of notes is accompanied
by the key facts that must be retained in an ideal summary, along
with 30 different summaries spanning six levels of information se-
lection quality, created by either omitting key facts or introducing
irrelevant information. These resources allow practitioners to evalu-
ate not only a summary’s relevance and comprehensiveness, but also
the ability of automatic metrics to assess them. These instances are
generated using a variety of LLMs to rephrase templates approved
by an AML expert, and we empirically verify that the resulting in-
stances are highly abstractive and varied. While SARSum addresses
a specific domain, the novel inclusion of key facts and a reference
set with known levels of quality represents a crucial step with po-
tential for broader application across high-stakes scenarios. These
elements enable the use of techniques such as natural language in-
ference and question-generation/question-answering to evaluate rel-
evance and comprehensiveness.

1 Introduction

Automatic text summarization has become a vital tool for manag-
ing the overwhelming volumes of textual information in many do-
mains. To generate an effective summary, a system must extract the
essential content from the source document, omitting less important
details and minimizing redundancy. Initial automatic summarization
systems were extractive, producing summaries by selecting and join-
ing excerpts taken verbatim from the source, resulting in disjointed
sentences and poor readability. In contrast, abstractive summariza-
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tion systems digest, paraphrase and condense information to create
more human-like summaries [33, 18]. Abstractive text summariza-
tion evolved drastically with transformer based approaches such as
BART [21], which perform highly in benchmarks [10, 40], but re-
quire extensive training datasets to adapt to new settings [12]. In
contrast, LLMs have shown remarkable results in zero and few-shot
tasks across a wide range of domains [7, 1, 34, 8], allowing for differ-
ent summarization styles with simple prompt changes [12]. In spite
of their ability to generate highly fluent text, LLMs are known to
hallucinate [16, 17], and may fail in selecting the subset of important
information from the source. Robust evaluation of LLM generated
summaries is thus necessary for widespread trust and adoption of
these models, particularly in high stakes scenarios such as medicine,
finance or law. Thorough evaluation of automatically generated sum-
maries must place significance on both factual consistency (i.e., the
requirement that all information be inferable from the source docu-
ment), and the quality of information selection, which we decompose
into two criteria: relevance (i.e., the requirement that no unessen-
tial information is included in the summary), and comprehensiveness
(i.e., the requirement that no key points/information nuggets in the
source are omitted). These measures can be quantified as

factual_consistency = #consistent_factssummary/#factssummary,

relevance = #key_factssummary/#factssummary,

comprehensiveness = #key_factssummary/#key_factssource.

In spite of the importance of these three measures, the most popular
summarization datasets – CNN/DM [14] and XSum [26] – provide
practitioners only with news article and reference summary pairs.
While these allow users to measure how similar candidate summaries
are to the provided ones, it is impossible to derive a rigorous measure
of the reference’s factual consistency, comprehensiveness, or rele-
vance. Other datasets, such as FRANK [27] and QAGS [38], allow
for factual consistency evaluation, as each sentence in the summaries
is annotated as factually consistent or inconsistent with the source
document. However, these two datasets place no importance on either
comprehensiveness or relevance, as there is no annotation for which
pieces of information from the source document must be retained in
the summary. An additional issue stems from the fact that most of
the commonly used benchmarks in recent work focus on news arti-
cle summarization, neglecting to consider high-stakes scenarios such
as medicine, finance, or law, where the omission of important in-
formation can have catastrophic consequences. These settings often
involve processing documents with unique structures and technical
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jargon, thus necessitating domain-specific benchmarks.
To tackle these issues and bolster thorough evaluation of both com-

prehensiveness and relevance in automatic summarization, we pro-
pose SARSum: a dataset pertaining to the summarization of anti-
money laundering (AML) notes, a high-stakes scenario in which er-
rors can lead to incorrect reporting of financial crimes. Real AML
analysts write and summarize these notes in the process of creat-
ing a Suspicious Activity Report (SAR) [3], which is then sent to
regulatory or law enforcement agencies, leading to legal action. In
this dataset, the source document is a set of chronologically ordered,
synthetically generated notes regarding the activities of a business
or individual under suspicion of money-laundering. These notes are
highly structured, containing a short description of a subject’s activ-
ity, a deliberation on whether it constitutes suspicious behavior, and a
more thorough detailing of the observed events. An automated sum-
marization system should produce a cohesive paragraph relaying the
key suspicious activities of the investigation’s subject.

Our dataset places special focus on the evaluation of comprehen-
siveness and relevance: for each source document, SARSum con-
tains (a) a set of key facts, sentences which convey a critical piece
of information, allowing practitioners to quantify both relevance and
comprehensiveness (see Table 1); (b) a total of 30, factually correct,
distinct summaries spanning 6 distinct levels of information selec-
tion quality, containing, from highest to lowest: (1) five perfect sum-
maries, containing only the key facts; (2) five summaries contain-
ing all key facts with an additional piece of irrelevant information
taken from the source document; (3) five summaries which omit the
same key fact; (4) five summaries derived from (3) with an addi-
tional nonessential excerpt; (5) five summaries which omit two key
facts, including the one missing in (3); and, finally (6) five summaries
derived from (5), containing additional inconsequential information.
This ranking assumes that the inclusion of a non-crucial piece of in-
formation is a less costly error than the omission of an important fact.
The set of key facts, paired with the high number of summaries with
known levels of quality, allows for the thorough evaluation of met-
rics which quantify both relevance and comprehensiveness [23, 11].
For additional utility, the key named entities (i.e., Companies, Dates,
etc.) included in each component of the dataset are enclosed within
curly braces (e.g., On {May 12, 2022} [...]), allowing for the evalua-
tion of metrics involving named entity recognition [38, 9].

We evaluate SARSum by comparing it to the two most commonly
used summarization datasets, XSum and CNN/DM, placing signifi-
cant focus on evaluating the abstractiveness of the summaries within
each dataset, based on measures used in previous work [13, 9], as
well as our own. Due to the highly specific domain of SARSum, we
also perform an analysis of the vocabulary distribution and the degree
of compression – the ratio between source document and summary
length – and how these compare to the news summarization domain.

In summary, our contributions are:

• SARSum: a dataset geared towards the evaluation of relevance and
comprehensiveness in automatic abstractive summarization, con-
taining not only 5 reference summaries and the key facts contained
within them, but also 25 summaries with known levels of sub-par
information selection, see Section 3.

• An analysis of the abstractiveness, vocabulary and compression of
SARSum summaries when compared to the two most commonly
used datasets: XSum and CNN/DM, see Section 4.

• Extensive discussion on the unique characteristics of SARSum
(key facts, annotated named entities and multiple reference sum-
maries) and their usefulness in abstractive summarization evalua-
tion, see Section 2 and 4.

2 Related Work

Over the course of this Section, we provide an overview of the cur-
rent state of research in automatic summary evaluation. We first cover
publicly available summarization datasets, concluding that, to the
best of our knowledge, no currently available resources serve as a
sufficient benchmark for relevance and/or comprehensiveness eval-
uation. We also cover several automatic summarization metrics and
how SARSum is useful in assessing their quality.

2.1 Summarization Datasets

Most work on benchmarking abstractive summarization is based
around two highly popular summarization datasets: CNN/DM [14]
and XSum [26], both pertaining to news article summarization. CN-
N/DM consists of news articles and associated human-created bullet-
point summaries. XSum contains single-sentence summaries writ-
ten by journalists as introductions to the news articles they precede.
Given their widespread use to evaluate abstractive methods, it is cru-
cial that the references be truly abstractive. Durmus et al. [9] eval-
uate the abstractiveness of both CNN/DM and XSum, concluding
that XSum is much more abstractive; for example, over 10% of sum-
mary sentences in CNN/DM can be formed by deleting words in a
source sentence, while none in XSum can. As a result, benchmarks
such as Realsumm [5] and SummEval [10]—which provide human
judgments for systems trained on CNN/DM—are expected to contain
mostly extractive summaries, as even abstractive methods trained on
CNN/DM produce highly extractive outputs [9]. XSum also has a
critical flaw: 73% of these references, scraped from online metadata,
contain information not found in the article itself [25]; other scraped
datasets, such as Newsroom [13], may share this issue.

FRANK [27] and QAGS [38] both provide human annotations for
the factuality of each sentence within summaries extracted from CN-
N/DM and XSum. However, they do not provide any ground truth
for what information must be retained in the summary, meaning that
a summary containing a single fact from the source (relevance aside)
will still be labeled perfectly factually consistent (see Table 1).

While the key issue of automatic summarization is the identifi-
cation of the information that should be included in the summa-
rized text, to the best of our knowledge no prior abstractive summa-
rization dataset provides annotations identifying which facts present
in the source must appear in the summary. Furthermore, all of the
aforementioned datasets involve summarizing news articles, mak-
ing SARSum a valuable contribution, not only in being a rigorous
relevance- and comprehensiveness-aware abstractive summarization
dataset, but also in diverging from the news summarization task and
enabling evaluation in a different, high-stakes domain.

2.2 Automatic Summary Evaluation

While human evaluation is used in several works to rank the quality
of different summarization systems [10, 25, 26], the process of col-
lecting human evaluations of summaries is expensive, leading many
researchers to resort to automatic summary evaluation metrics. In
this section we describe several of these metrics, and how SARSum
serves as an excellent benchmark for their efficacy, particularly when
it comes to the evaluation of relevance and comprehensiveness.

2.2.1 Reference-Based Similarity Metrics

Reference-based metrics are the most common for both abstractive
and extractive automatic summary evaluation. These involve quanti-
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XSum & CNN/DM FRANK & QAGS SARSum

Factual Consistency N/A #consistent_factssummary/#factssummary N/A
Relevance N/A N/A #key_factssummary/#factssummary

comprehensiveness N/A N/A #key_factssummary/#key_factssource

Table 1. Possible Factual Consistency, Relevance, and Comprehensiveness measures within each dataset.

fying similarity to a gold-standard summary. Several metrics measur-
ing n-gram overlap between a generated text excerpt and one or more
references have been proposed as a means to automatically evaluate
natural language generation [22, 28, 36, 4]. Among these, the most
common is ROUGE [22]. In 2021, two-thirds of papers on automatic
summarization published in NAACL and ACL measured summariza-
tion performance only in terms of ROUGE [19]. Due to these met-
rics’ sensitivity to changes in phrasing, practitioners are strongly en-
couraged to collect or synthetically generate multiple summary ref-
erences, which may be prohibitively expensive. To ensure that these
metrics can be thoroughly evaluated in our dataset, we provide users
with a set of 30 summaries per instance, comprised of 6 subsets of 5
different paraphrasings of a summary with a given quality level, thus
allowing practitioners to assess how these metrics correlate with our
6 levels of quality by using up to 5 references.

However, as these metrics measure only semantic similarity, they
fail to provide a score for specific desiderata (e.g. factual consistency,
relevance, comprehensiveness), leading to the development of auto-
matic metrics that quantify different dimensions of summary quality.

2.2.2 Factual Consistency, Comprehensiveness, and
Relevance Evaluation

Nugget-based Evaluation Introduced by Voorhees [37], the
nugget evaluation methodology emphasized identifying “nuggets”,
or key facts, relevant to a good answer. However, these systems are
designed primarily to locate relevant spans across large corpora, not
to rephrase them into fluent summaries—a core requirement in ab-
stractive summarization. Because rephrasing is not required, meth-
ods typically rely on n-gram based matching [29, 24], inheriting the
limitations discussed in the previous section.

More recently, LLMs have been applied to nugget extraction and
to evaluating the relevance of retrieved information [2, 30]. While
related to relevance and comprehensiveness, these resources are not
suitable for our use case, where the key challenge is to verify that
very short, highly abstractive summaries include all important facts
and omit irrelevant information. By contrast, nugget-based evalua-
tion emphasizes nugget generation/extraction and the relevance of a
document in the context of retrieval-augmented generation.

Natural Language Inference Several works frame the task of fac-
tual consistency evaluation as a Natural Language Inference (NLI)
[6] problem. NLI involves classifying the relationship between two
pieces of text, a premise and a hypothesis, into one of three cat-
egories: the hypothesis is supported by (entailed by) the premise,
contradicts it, or is neutral with respect to it. NLI models have been
adopted in factual consistency evaluation by checking for entailment
between the source-document and the summary, or between pairs of
sentences from each document, in datasets with factual consistency
annotations such as FRANK and QAGS [25, 15, 20]. While the use
of entailment has been extensively researched for factual consistency
assessment, its applicability to relevance or comprehensiveness eval-
uation is rarely considered. SARSum allows for the application of
NLI to the evaluation of summary comprehensiveness, by measur-

ing the entailment between a summary and the key facts. If a key
fact present in the source document is classified as not entailed by
the summary, one can infer said fact is not present in it. A similar ap-
proach has been explored using LLMs by Liu et al. [23], who propose
generating a list of key points from the source text, and then asking
the LLM whether the summary contains said point. Conversely, rele-
vance can be evaluated by decomposing the summary into sentences,
verifying whether each sentence is entailed by a key fact. Our dataset
serves as an important resource in the evaluation of these metrics,
when applied to comprehensiveness and relevance, by providing a
ground truth for the key facts. This allows for the validation of key
fact extraction from the source document, and entailment assessment
between the summary and ground truth key facts.

Question Generation and Question Answering Question Gen-
eration and Question Answering (QG-QA) approaches are based on
the notion that a factual summary should provide the same answers as
the source document to a set of relevant questions. Durmus et al. [9]
and Wang et al. [38] propose two similar reference-free approaches.
Named entities are extracted from a source document using a pre-
trained model and treated as answers to potential questions. The
Question Generation (QG) model receives both the answer and the
source and is trained to generate the corresponding question. At test
time, questions are created conditioned on entities extracted by the
same model, and a Question Answering (QA) model answers them
either from the source or the summary. The similarity of the answers
is then used as a measure of factual consistency. The work of Scialom
et al. [32] focuses on comprehensiveness by generating questions
from the source and training a query weighter to determine which
ones are “important” and should be answered by the summary.

Our dataset supports these methods in two ways. First, named enti-
ties in the source and summaries are enclosed in curly braces, allow-
ing practitioners to evaluate extraction accuracy. Second, the avail-
ability of key facts enables generating questions with guaranteed rel-
evance by taking a known key fact as the answer. This approach is
used by Liu et al. [23], who use key facts extracted by an LLM to
generate questions. SARSum allows practitioners to check the rele-
vance of generated questions, evaluate QA model quality on highly
relevant ones, and measure comprehensiveness by verifying whether
all key-fact questions can be answered from the summary.

The 30 summaries with 6 known quality levels also make it pos-
sible to test whether automated metrics correctly rank summaries
based on relevance and comprehensiveness, while assigning simi-
lar scores to paraphrases of the same quality. Since most evaluations
of these metrics were done on news datasets, and relative rankings
vary significantly across domains [20, 15, 39, 11], this highlights the
importance of SARSum as a novel resource for evaluating not only
abstractive summarization methods but also the automated metrics
proposed to analyze their quality.

3 Dataset Generation

In an AML investigation, experts are tasked with analyzing the ac-
tivities of a business or individual, in order to uncover patterns of be-
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havior that point to potential financial misconduct. During the course
of an investigation, AML analysts often compile a large set of notes
regarding specific activities carried out by the subject, ranging from
routine restocking purchases to attempts to move funds while cir-
cumventing regulations. The summarization of these notes into a co-
hesive narrative is a crucial step in developing a Suspicious Activity
Report, a document which is then filed to financial crime authorities.
In our dataset, each instance contains a set of notes to be summarized,
the set of key facts contained within said notes, and 30 summaries
with varying levels of quality, as detailed in Section 1. Each of these
components is generated based on randomly selecting one out of 8
templates, which were all deemed realistic by a real AML analyst.
For each component, we now describe the generation process in ex-
tensive detail. The code used to generate our dataset, the dataset, and
an Appendix, are provided [35].

3.1 Source Document

The source document is a set of notes pertaining to the behavior of an
individual or business. These are short paragraphs focused on a spe-
cific business activity, and an AML analyst’s judgment on whether it
constitutes suspicious behavior. For each note, the template contains
two values: the note structure – a list of tuples containing a segment
of text and the probability that said excerpt will be included in the
note – and the probability that the note itself will be included in the
final set of notes. An example of the template for a note is given in
Figure 1. All notes must start with a “Pattern Identified:” and “De-
cision:” markers, where the AML analyst succinctly describes the
observed behavior and whether or not it is suspicious.

Following the sampling of the note’s segments, the values for each
named entity placeholder are sampled from a synthetic data pool
and introduced within the text, while keeping them enclosed in curly
braces. This bracket annotation of the named entities is essential to
guarantee that these values are not altered in the following steps. Af-
ter replacing the placeholders with the values, the next step is the
rephrasing of the note by using an LLM. First, a rephrasing prompt
is created by sampling from various possible text segments which de-
fine the desired tone and rules which the LLM must obey (i.e. “you
may not change the values enclosed within ‘{’ and ‘}’ characters”
or “you must keep the “Pattern Identified:” and “Decision:” tokens
within your response.”). This text is then rephrased using the selected
LLM, and this process may be repeated on the output up to 2 more
times. The variable rephrasing prompt and consecutive rephrasing
steps ensure that there will be significant lexical diversity within the
generated samples, which we analyze in Section 4. For additional
variability on the consecutive rephrasing steps, the prompt also in-
cludes, with a given probability, the entire conversation history, thus
ensuring that it strays farther from the phrasing in the original tem-
plate. Finally, the use of four different LLMs to generate samples also
contributes to further diversity in the phrasing of these notes. In our

work, we used Claude 3 Haiku, Gemini 1.5 and 2.0 Flash, and GPT-
4o-mini. At each rephrasing step, we verify that the LLM’s output
note contains the exact same placeholders. If the model fails to obey
this restriction, the generation is retried up to 3 times and is aborted
if the final attempt is not successful. A more thorough description of
the rephrasing prompt sampling process, as well as a few example
prompts, are available in the Appendix. Figure 2 shows an example
of a note generated from the template shown in Figure 1.

“Pattern Identified: Payment for consulting services.
Decision: Not suspicious.
{Jerry Edwards} paid ${442000} for consulting services related
to their profession following a wire transfer on {June 20, 2021}”

Figure 2. Example note, generated by rephrasing the template in Figure 1

.

3.2 Key Facts

Each of the eight templates also contain the key facts related to the
notes described previously. Key facts represent information that must
be contained in a complete summary. These facts are represented by a
single sentence, following the same structure as the templates for the
notes themselves. For example, a fact pertaining to the information
present in the note shown in Figure 1 is “{{{INDIVIDUAL}_0}}
payed ${{{AMOUNT}_0}} for consulting services.”. Each template
contains around 10 key facts. In order to provide each fact in a vari-
ety of different phrasings, we conduct the same rephrasing step men-
tioned in the previous subsection. Each instance contains up to five
different phrasings of each key fact, as some key facts are too suc-
cinct to rephrase in 5 distinct manners. This allows for testing of
entailment/QG-QA methods with robustness to paraphrasing.

3.3 Summaries

The summaries are constructed in the same manner as the aforemen-
tioned notes, but contain only a cohesive paragraph summarizing the
observed suspicious activities, accompanied by a final recommenda-
tion on the necessity of further investigation. Within each template,
there are 6 different summaries, corresponding to each level of qual-
ity mentioned in Section 1. The templates corresponding to the sum-
maries with a perfect score were also validated by an AML analyst,
who deemed these to be high quality summaries.

4 Data Analysis

In this Section, we analyze several key characteristics of our dataset,
first focusing on the abstractiveness of SARSum’s summaries. We
then assess the diversity across the generated instances. Finally, we

Note(note_structure=[
("Pattern Identified: Payment for consulting services.\nDecision: Not suspicious.\nFollowing the initial wire transfer,

on {{{DATE}_3}}, {{{INDIVIDUAL}_0}} made a payment of ${{{AMOUNT}_7}} for consulting services related to their
profession. ", 1),

("The services were provided by a reputable firm within {{{COUNTRY}_0_{CITY}_0}}, {{{COUNTRY}_0}}, and the transaction
was in line with the market cost for such services.", p_optional_segments),

], probability=p_optional_notes)

Figure 1. Example Note Template. Values within curly braces are placeholders which are then replaced by random values. The second segment is optional - it
can be removed without omitting essential information. The entire note is added to the set of notes in an instance with probability “p_optional_notes”
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n-gram measures (%) (↑) Extraction measures (%) (↓)
Dataset 1-grams 2-grams 3-grams word span sentence

SARSum 37.9± 9.4 76.7± 9.3 88.1± 6.4 0.0± 0.0 0.0± 0.0 0.0± 0.0
XSum 38.7± 15.8 84.8± 12.0 96.1± 6.7 0.03± 2.0 0.02± 1.466 0.01± 0.704

CNN/DM 14.7± 9.2 52.1± 18.5 70.8± 20.4 11.4± 29.2 2.7± 10.6 1.6± 8.8

Table 2. Abstractiveness scores for SARSum, XSum and CNN/DM. “n-gram measures” indicate the percentage of novel n-grams. “Extraction measures”
indicate the percentage of summary sentences generated with each extraction strategy. Intervals represent standard deviation.

verify that each of the 5 reference summaries within an instance’s set
are sufficiently different from one another, conducting the same anal-
ysis for the set of Key Facts included in each instance. Additionally,
we exemplify how SARSum allows for more in depth evaluation of
factuality metrics, due to its annotated named entities. All the code
used in this Section is included in the supplementary material.

4.1 Abstractiveness

As previously stated, current work places a significant focus on ab-
stractive summarization methods. Abstractiveness is a desirable trait,
as human created summaries are also abstractive in nature [33] – hu-
mans often paraphrase and restructure ideas, condensing one or more
sentences into more concise text, while keeping its fluency. Extrac-
tive methods, on the other hand, involve directly extracting relevant
spans of text, concatenating them into a final summary, resulting in a
fragmented, less readable summary [33].

As our summaries are obtained via paraphrasing a pre-determined
template with one of four LLMs, we expect them to be highly ab-
stractive. We first quantify abstractiveness by defining a series of
metrics which capture lexical variability and sentence-to-sentence
extraction, and then compare our dataset’s characteristics to the two
most popular summarization datasets, both pertaining to news article
summarization: XSum [26] and CNN/DM [14].

4.1.1 Quantifying Abstractiveness

Abstractive summarization includes paraphrasing, restructuring of
ideas, and condensation of larger spans of text into novel sentences.
Consequently, abstractiveness measures often focus on the degree of
lexical overlap between the source text and the generated summary,
classifying a summary as “more abstractive” the less overlap exists
between the source text D and the generated summary S. The work
of Grusky et al. [13] proposes two different measures of textual over-
lap between the summary and the source document. These measures
are based on extractive fragments, F(D,S), spans of text which are
present in both the source and the summary.

Extractive Fragment Coverage The coverage measures the ratio
of words in the summary belonging to an extractive fragment.

Coverage(D,S) =
1

|S|
∑

f∈F(D,S)

|f |. (1)

This measure, however, can be drastically inflated by extractive frag-
ments of a single word. The authors concede that a summary using
similar wording to the source document, but drastically condensing
information, would still score highly in terms of coverage. In our use-
case, this measure may also be inflated by the presence of extremely
common domain-specific terms such as “money laundering”, “busi-
ness activities”, etc. As such we propose redefining this metric as

Coveragek(D,S) =
1

|S|
∑

f∈F(D,S)

|f | I(|f | ≥ k
)
. (2)

In this manner, we can calculate the coverage within a given sum-
mary while taking into account only spans of text with length equal
to, or larger than k, as represented by the indicator function I. Note
that since each instance within the SARSum dataset contains 5 per-
fect summaries, we will calculate the Coverage score associated with
each instance as the mean of the individual Coverage scores of each
of the summaries. This procedure will be followed for all metrics
mentioned henceforth.

Extractive Fragment Density To tackle the issues with the Cov-
erage metric, the authors propose a Density metric, which is similar
to the coverage metric, using the square of the fragment length. We
again expand this definition to obtain

Densityk(D,S) =
1

|S|
∑

f∈F(D,S)

|f |2 I(|f | ≥ k
)
. (3)

Note that this metric assigns exponentially higher weight to length-
ier extractive fragments, thus curbing the problems with the Cover-
age metric. However, in a highly abstractive summary, we still ex-
pect most of the extractive segments to be comprised of single words
which are present in both D and S. Consequently, we will also calcu-
late the density considering only extractive fragments of length ≥ k.

Sentence-based ExtractionMeasures Following the work of Dur-
mus et al. [9], we also evaluate the level of extractiveness of a given
summary on a sentence-by-sentence basis. These metrics involve as-
sessing if all of the tokens in a given summary sentence can be traced
to a single sentence within the source document. The authors con-
sider three possible extraction methods: Sentence Extraction – the
summary sentence is identical to a source sentence; Span Extrac-

tion – the summary sentence is a sub-string of a source sentence;
and Word Extraction – the summary sentence is entirely comprised
of words present in a source sentence. We define the score associated
with each type of sentence-to-sentence extraction by calculating the
percentage of summary sentences formed by said extractive method.

n-gram extractiveness evaluation The work of Durmus et al. [9]
also calculates the percentage of n-grams present in the summary that
are not present within the source text, for n ∈ {1, 2, 3}. While this
measure is somewhat similar to the extractive coverage metric, we
also calculate these values for comprehensiveness.

Compression To measure the amount of information compression
from the source document to the summary, we calculate the ratio be-
tween the lengths of the source document and the reference sum-
maries, such that Compression(D,S) = |D|/|S|. The compres-
sion of the reference summaries is given by 2.4 ± 0.5 in SARSum,
18.7± 22.5 in XSum, and 15.6± 9.6 in CNN/DM.

Vocabulary Distribution Due to the fact that our summarization
task is specifically designed for the development of Suspicious Activ-
ity Reports, the summarization style is expected to be very different
from that of news articles. One aspect where this disparity is evident
is the vocabulary used within these domains. In Figure 3, we display
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Coverage (↓) Density (↓)
Dataset Coverage1 Coverage2 Coverage3 Density1 Density2 Density3

SARSum 0.63± 0.09 0.26± 0.10 0.14± 0.07 1.26± 0.42 0.89± 0.43 0.65± 0.39
XSum 0.61± 0.16 0.14± 0.13 0.04± 0.08 0.82± 0.43 0.35± 0.44 0.15± 0.41

CNN/DM 0.85± 0.09 0.47± 0.19 0.32± 0.22 3.01± 3.60 2.63± 3.6 2.33± 3.74

Table 3. Extractive fragment Coverage and Density values for SARSum, XSum and CNN/DM.

the top 10 most frequent words and their relative frequency within
the SARSum, XSum and CNN/DM datasets. For a measure of the
distribution’s peakedness, we use Shannon’s Entropy.

Named Entities Note that due to the nature of these notes, a sig-
nificant part of the text is comprised of named entities, such as ad-
dresses, names of individuals and companies, monetary amounts,
among other key fields that may not be altered when rephrasing
the text. Consequently, if these entities cover a large amount of the
source document’s vocabulary, we expect the same to be true for
the summary, thus imposing a restriction on the amount of abstrac-
tiveness. To measure the extent to which the source document and
the summary are composed of these inalterable entities, we use the
Coverage1 and Density1 metrics. For the source document D, we ob-
tain 0.18±0.06 and 0.86±0.87, respectively, while for the reference
summaries S, we obtain 0.17± 0.07 and 0.96± 1.16, respectively.

4.1.2 Analysis of Abstractiveness

Observing the results shown in Table 2 and Table 3, we can observe
that, in line with previous work, the CNN/DM dataset is drastically
less abstractive than XSum, with nearly 30% of 3-grams in the sum-
mary being present in the article. This is especially noticeable in the
Extraction Measures, where SARSum scores zero and XSum scores
almost zero in all extraction measures. While XSum scored zero on
these metrics in the work of [9], we believe this disparity comes down
to differences in how extraction is counted for. For example, we con-
vert all words to lower case prior to comparison, which may lead
to an increased number of matches. Nonetheless, this indicates that
most summary sentences in SARSum and XSum are formed by com-
bining information from multiple source sentences or by paraphras-
ing them. In spite of the slight advantage on extraction-based mea-
sures, SARSum lags behind XSum on other metrics. A contributing
factor is the highly structured text format, with reference summaries
mostly following a chronological order, and always ending with a
recommendation for further investigation into the activities of the
company under observation, which can increase the chance of simi-
lar text spans between the source and references.

Focusing on SARSum and XSum, we also observe that while the
value of Coverage1 is very similar for both, the values for Coverage2

and Coverage3, as well as all the Density metrics are significantly
higher for the SARSum dataset, with the disparity between the two
datasets rising as k increases. This indicates that SARSum sum-
maries have a much higher tendency to retain spans of text comprised
of 2 or more words from the source document when compared to
XSum. A contributing factor to this phenomenon is the nature of the
vocabulary used in SARSum. In Figure 3 we demonstrate that the
relative frequency of the most common words within our reference
summaries is significantly higher than that of the news article sum-
marization datasets. These not only contain words that are commonly
used by themselves, such as “transactions” and “company”, but also
in phrases containing more than a single word, such as “money laun-
dering” and “business activities”. The other factor contributing to
this pattern is the high frequency of named entities within the text.
While some of these, like city or country names, are comprised of
a single word, many are comprised of longer spans of text, such as
company names (i.e. Chapman, Barnes and Vega) or addresses (i.e.
XX Chillingham Road, Heaton, Newcastle, XXX XXX). In the para-
graph “Named Entities” in Section 4.1, we demonstrate that these
named entities are a significant part of both the summaries and the
source document. Measuring the coverage and density metrics with-
out considering the named entities results in much lower values for
all metrics (Coverage1 = 0.46 ± 0.05, Coverage2 = 0.11 ± 0.05,
Coverage3 = 0.03 ± 0.03, Density1 = 0.63 ± 0.15, Density2 =
0.28 ± 0.15, Density3 = 0.13 ± 0.13 ), with an especially notable
decrease for the density at larger values of k. This indicates that these
named entities inflate the value of the coverage and density statistics,
without pointing to a more extractive writing style, as these spans of
text, by their very nature, cannot be rephrased.

Finally, the compression of information in XSum and CNN/DM
is 7.5 and 6 times higher, respectively, than that of SARSum. This
shows that the source document is already highly informative text,
being much more dense in content that must be retained in the fi-
nal summary. This highly affects the abstractiveness of the reference
summaries, as less of the information present within the source doc-
ument can be discarded, resulting in a higher overlap between the
tokens in the source document and the summary.

This analysis demonstrates that SARSum contains highly abstrac-
tive summaries, on par with the most commonly used abstractive

Figure 3. Relative frequency of 10 most common words within each dataset.
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summarization dataset, XSum, while displaying several character-
istics innate to the financial fraud detection domain, for which no
current dataset exists, to the best of our knowledge.

4.2 Diversity of Summary References

For each instance, our dataset includes 5 different high quality ref-
erence summaries, allowing for testing metrics on their robustness
to different phrasings. However, multiple reference summaries are
only useful if these capture sufficiently different ways of phrasing
the important information. Consequently, we evaluate the similarity
between pairs of reference summaries for the same instance using the
ROUGE-1 F1 score, which is given by

Rouge1F1(S1, S2) =
2
∑

w min{cS1(w), cS2(w)}∑
w cS1(w) +

∑
w cS2(w)

. (4)

where w represents a unigram token, and cS1(w) and cS2(w) are its
counts in each summary. We observe that, on average, reference sum-
maries for the same instance have a Rouge1 F1-score of 0.72±0.09.
Knowing that these summaries must share named entities, we cal-
culate the Rouge1 F1-score removing these, obtaining 0.66 ± 0.10.
Considering the nature of the vocabulary in this high expertise do-
main, we believe that this constitutes significant lexical variability.

4.3 Diversity of Key Facts

Similarly to the summaries, each key fact associated with the in-
stance is paraphrased in 5 different manners, in order to allow for
the evaluation of entailment and QG-QA fact checking methods with
robustness to different phrasings of the facts themselves. Again, it is
desirable for these differently paraphrased texts to exhibit a high lex-
ical diversity. Following a procedure similar to that of the evaluation
of reference summary diversity, we find that phrasings for the same
key fact exhibit a Rouge F1-score of 0.67± 0.06, constituting a sig-
nificant amount of diversity in phrasing, especially when considering
that key facts are sentences with around 10 words.

4.4 Inter-instance Diversity

Our dataset is generated based on 8 different templates. It is expected
that, given sufficient sampling of the same template, very similar in-
stances can be created. To measure the maximum similarity between
two instances, we first calculate the similarity between the source
documents, given by

SimD(i, j) = Rouge1F1(Di, Dj).

We then define the similarity between sets of summaries as the aver-
age similarity between the 25 possible pairs formed by sampling one
of the summaries of i and one of the summaries of j, given by

SimS(i, j) =
1

25

5∑

k=1

5∑

l=i

Rouge1F1(Si,k, Sj,l).

The maximum similarity between i and j is then defined as

MS = max
i,j

1

2

(
SimD(i, j) + SimS(i, j)).

The highest MS between two instances is 0.72, indicating substan-
tial difference between even the most similar of instances.

4.5 Named Entity Recognition

One key aspect of our dataset is the annotation of the relevant named
entities within both the source document and the summary, being that
these are enclosed within curly braces. The annotation of named enti-
ties is particularly useful for the development and analysis of QG-QA
summary evaluation metrics, as discussed in Section 2. These metrics
involve extracting named entities from either the source document or
the summary, using them as the answers for a QG model. Our dataset
allows practitioners to evaluate this key step in QG-QA evaluation by
comparing the extracted entities with the annotated ones.

To conduct named entity recognition extraction, we follow a pro-
cedure similar to that of Wang et al. [38], using the pre-trained spaCy
model en_core_web_sm (see https://spacy.io/models/en). For each
set of reference summaries S, we will then have the set of ground
truth named entities N , as well as the set of distinct named enti-
ties extracted by the spacy model E. We define a recall measure as
Recall = |E ∩ N |/|N |, and a precision measure as Precision =
|E ∩ N |/|E|. We can thus calculate an F1 measure by taking F1 =
2·precision·recall/(precision+recall). We obtain F1 = 0.69±0.20,
where the interval represents a standard deviation. This value shows
that this commonly used named entity extraction model is subop-
timal at identifying the entities annotated within our dataset. Since
the question generation step of many QG-QA approaches [9, 38, 31]
hinges on adequate named entity extraction, this shows that our
dataset poses a significant challenge for these metrics, and can serve
to identify potential avenues for improvement.

5 Conclusion, Limitations and Future Work

In this work we propose SARSum, the first abstractive summariza-
tion dataset in the financial fraud and anti-money laundering domain,
and, to the best of our knowledge, the first that accurately measures
relevance and comprehensiveness by explicitly annotating key facts,
and providing summaries with known relevance and comprehensive-
ness related errors. SARSum also allows for evaluation of named
entity extraction, as all entities within each instance are enclosed in
curly braces. We demonstrate that SARSum’s summaries are highly
abstractive and varied, making our dataset particularly relevant under
the current LLM-focused paradigm of automatic summarization.

The main limitation of SARSum is its size, containing only 2000
instances. This is a low amount when compared with the most com-
monly used resources such as XSum and CNN/DM, which both boast
hundreds of thousands of instances. The main reason for this is the
cost associated with the generation of each instance, which involves
tens of calls to an LLM’s API, in order to paraphrase large amounts of
text. However, the variability between instances in our dataset means
that each instance is highly valuable. The value of each instance is
further compounded by the existence of ground truth key facts, an-
notated named entities, as well as 30 summaries with known levels of
quality per instance; offering new possibilities in the study of com-
prehensiveness and relevance.

In future work, we aim to create a highly granular benchmark of
several LLM’s performances within the SARSum dataset, evaluat-
ing not only the quality and reliability of LLM summarization in a
high-stakes scenario, but also the performance of several automated
metrics. This benchmark will include a thorough analysis of recent
work in LLM-based evaluation, using SARSUM to assess relevance
and comprehensiveness based metrics.
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