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Abstract

Abstractive dialogue summarization is the task of distilling conversations into infor-
mative and concise summaries. Although focused reviews have been conducted on this
topic, there is a lack of comprehensive work that details the core challenges of dialogue
summarization, unifies the differing understanding of the task, and aligns proposed tech-
niques, datasets, and evaluation metrics with the challenges. This article summarizes the
research on Transformer-based abstractive summarization for English dialogues by system-
atically reviewing 1262 unique research papers published between 2019 and 2024, relying
on the SEMANTIC SCHOLAR and DBLP databases. We cover the main challenges present
in dialog summarization (i.e., language, structure, comprehension, speaker, salience, and
factuality) and link them to corresponding techniques such as graph-based approaches, ad-
ditional training tasks, and planning strategies, which typically overly rely on BART-based
encoder-decoder models. Recent advances in training methods have led to substantial im-
provements in language-related challenges. However, challenges such as comprehension,
factuality, and salience remain difficult and present significant research opportunities. We
further investigate how these approaches are typically analyzed, covering the datasets for
the subdomains of dialogue (e.g., meeting, customer service, and medical), the established
automatic metrics (e.g., ROUGE), and common human evaluation approaches for assign-
ing scores and evaluating annotator agreement. We observe that only a few datasets (i.e.,
SAMSuUM, AMI, Di1ALOGSUM) are widely used. Despite its limitations, the ROUGE met-
ric is the most commonly used, while human evaluation, considered the gold standard, is
frequently reported without sufficient detail on the inter-annotator agreement and annota-
tion guidelines. Additionally, we discuss the possible implications of the recently explored
large language models and conclude that our described challenge taxonomy remains rele-
vant despite a potential shift in relevance and difficulty.

1. Introduction

Abstractive dialogue summarization, a task within Natural Language Processing (NLP) and
text summarization, entails condensing key information from conversations into succinct
and coherent summaries (Xu et al., 2022). This sub-field of text summarization is gaining
prominence and is relevant for various real-world scenarios, including customer service (e.g.,
social media, Feigenblat et al., 2021, and e-commerce, Lin et al., 2022), healthcare (Nair
et al., 2023), daily life (Chen et al., 2021), meetings (Manuvinakurike et al., 2021), and
open-domain conversations (e.g., online-chat, Gliwa et al., 2019). The relevance of this task,
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Figure 1: Overview of the six challenges in dialogue summarization, including a brief de-
scription of each challenge and an estimation of progress for related sub-challenges. Progress
is evaluated based on two factors: (1) the extent to which mitigation strategies have been
developed, and (2) the measurable improvement in summary quality as a result of these
strategies. Green means mostly mitigated, orange means good progress, and red stands
for marked challenges still exist.

which offers insights into discussed concerns or issues, is thereby driven by the increase in
digital conversations in these scenarios (Jones et al., 2004). While the common, manual
approach to dialogue summarization is considered to be prone to human errors and consumes
significant time and effort, automatic dialogue summarization may effectively reduce this
overhead on the user side (Mane et al., 2024).

Diverging from traditional text summarization, which typically focuses on formal and
linear content such as news articles (Ravaut et al., 2022) or scientific publications (Alt-
mami & Menai, 2022), dialogue summarization demonstrates unique challenges (Kryscinski
et al., 2019): conversational text is inherently dynamic, interactive, and non-linear (Sacks
et al., 1974), marked by verbosity, repetition, and informality. Salient information is often
distributed across multiple speakers, mixed with casual and off-topic remarks (Jia et al.,
2022b). Additionally, the use of elliptical and fragmented sentences, characterized by, e.g.,
incomplete thoughts and context-specific abbreviations, further hinders the summarization
process. These complexities make traditional text summarization approaches less effective,
as they are not trained to bridge the gap between edited text and dialogue and struggle to
transfer learned patterns through few-shot learning (Feng et al., 2022).

Despite advancements achieved by leveraging and adapting general-purpose pre-trained
neural language models (Lewis et al., 2020; Raffel et al., 2020), and the recent trend to
explore Large Language Models (LLMs) for this task (Laskar et al., 2023), there remains
a notable gap in the field’s foundational understanding of the challenges when processing
conversation transcripts. While research papers introduce techniques addressing similar
challenges, their definitions and interpretations of these challenges can vary markedly. For
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instance, while some describe the informal and ungrammatical nature of spoken language
as a language challenge (Feng et al., 2022; Rennard et al., 2023), others frame the language
challenge as different individual styles and unstructured expressions (Lee et al., 2021d; Fang
et al., 2022). Both viewpoints are thereby valid but, on their own, focus just on a subpart of
the language challenge and blur the complete understanding of it. Current surveys leave out
the challenges in dialogue summarization and their variations in definitions, focusing instead
on details on datasets, metrics, and techniques. Consequently, there is no clear understand-
ing of which aspects of dialogue summarization are well-addressed and where significant
research potential lies. Our systematic review consolidates the knowledge researched in the
field considering Transformer-based models, aiming to provide a comprehensive overview
of the challenges and their progress. We further consider the interest in LLMs and discuss
their impact on the relevance of the dialogue summarization challenges.

This article focuses on four key areas, namely challenges, dataset overviews, techniques,
and evaluation methods. In challenges, we categorize known hurdles for Transformer-based
models found when dealing with dialogue transcripts into six broader challenge blocks, i.e.,
language, structure, comprehension, speaker, salience, and factuality. Our proposed taxon-
omy is displayed in Figure 1, including the six challenge blocks, a short description, and
exemplary sub-challenges of the challenge blocks. In datasets overview, our review displays
used datasets focused on dialogue summarization, organized by their subdomain, and fur-
ther an overview of techniques to generate datasets to cope with the existing data scarcity
artificially and how to optimize data usage. In techniques of dialogue summarization, we
then match 97 techniques proposed since 2019 to the six challenge blocks. Furthermore,
in evaluation methods, we provide an overview of typical evaluation metrics used, spanning
count-based metrics (e.g., ROUGE, Lin, 2004), model-based (e.g., BERTSCORE, Zhang
et al., 2020), QA-based (e.g., QUESTEVAL, Scialom et al., 2021), and human evaluation
metrics for performance and annotator agreement. This systematic review contributes to
a better understanding of the dialogue summarization problem, unifies the inherent def-
initions, overviews established techniques, and demonstrates the scarcity of datasets and
fitting evaluation metrics.

Organization of the Literature Review. The remainder of this review is structured
as follows. We introduce the current state of dialogue summarization in Section 1.1 and
show our methodology in Section 2. In Section 3, we provide the general problem definition
and our challenges taxonomy consisting of six challenge blocks inherent in conversation
scripts, further linking proposed approaches to handle the challenges. Section 4 overviews
prominent datasets, while the display of evaluation approaches in Section 5 helps readers
choose suitable indices to evaluate the effectiveness of a model. Finally, Section 6 discusses
future research directions followed by conclusions in Section 7. All resources for our review
are publicly available.!

1.1 Existing Reviews in Dialogue Summarization

Comprehensive literature reviews on dialogue summarization remain scarce, with notable
contributions by Feng et al. (2022) and Jia et al. (2022b). Existing surveys mainly ex-
plore the subdomains, their datasets, techniques, and metrics within dialogue summariza-

1. https://github.com/FKIRSTE/LitRev-DialogueSum
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tion. They provide a high-level overview and categorization of prominent subdomains like
meeting, email, chat, medical, and customer service but often neglect niche areas such as
e-commerce and debates (Feng et al., 2022). On the datasets, Tuggener et al. (2021) provide
a framework linking linguistic dialogue types (Walton & Krabbe, 1995) (e.g., persuasion,
negotiation, inquiry) with established datasets, offering insights into dataset suitability.
Gu et al. (2022) analyze dialogue summarization techniques up to early 2022, categorizing
techniques by conversational context and component modeling (e.g., speaker, addressee, and
utterance modeling to solve the ‘Who says what to whom’ paradigm), covering a subset of
the conversation challenges indirectly. Jia et al. (2022b) extend this analysis with techniques
from 2023, exploring approaches like hierarchical models for long inputs (Zhu et al., 2020),
feature injection for enhanced understanding, auxiliary tasks for broader training objec-
tives, and data augmentation from related tasks. Regarding evaluations, works on dialogue
summarization leverage automatic metrics from traditional document summarization, with
the study by Gao and Wan (2022) discussing their individual strengths and limitations.

While existing surveys provide an understanding of dialogue summarization regarding
subdomains, datasets, techniques, and metrics, the field misses a link between these cate-
gories through a common framework, such as the challenges inherent in processing dialogues.
Our review addresses this gap by introducing a comprehensive taxonomy of dialogue chal-
lenges and categorizing recent techniques until 2024 based on these challenges (Section 3).
This approach highlights well-explored areas and points out gaps in current research. We
analyze datasets (Section 4) and evaluation metrics (Section 5), linking them to the iden-
tified challenges. Additionally, we discuss the shift from smaller encoder-decoder models
such as BART (Lewis et al., 2020) to LLMs and the implications for the relevance of the
challenges with this new backbone model type (Section 6). Our review focuses exclusively
on dialogue summarization and does not encompass broader areas such as general text
summarization (R et al., 2023) or dialogue generation (Deng et al., 2023).

2. Methodology

We use the PRISMA checklist (Page et al., 2021) for organizing our literature review, as
it is an established approach to set up a comprehensive systematic literature review while
reducing the potential for incomplete data and biases in content selection and presentation
(Fagan, 2017). This checklist ensures that our approach is structured, transparent, and
reproducible.

Our methodology comprises two stages, as detailed in Figure 2.
Retrieval Stage. We retrieve literature automatically and keyword-based from two es-
tablished academic databases, i.e., SEMANTIC SCHOLAR and DBLP, using specific retrieval
criteria and defining keyword queries for systematic searching. The retrieved works are then
automatically de-duplicated and saved to a list.
Manual Stage. The second stage involves manually screening full documents using strict
inclusion and exclusion criteria. In this stage, we follow additional best practices for manual
filtering beyond those in the PRISMA checklist. These include tracking specific items
such as problem category, challenges discussed, and proposed technique category (Foltynek
et al., 2019; Spinde et al., 2024) and guidelines for human annotators (Park & Storey, 2023;
Ibrahim & Shafiq, 2023).
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1. Retrieval Stage 2. Manual Filtering
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Figure 2: An overview of the different stages of our methodology and their inherent sub-
stages. The red boxes indicate the number of papers considered in the respective step.

We evaluate 1262 unique papers from 2019 until 2024, offering an up-to-date perspective
on the state of the art in dialogue summarization using Transformer-based architectures.
We decided against including references from selected papers that did not appear in our
crawl as additional sources to maintain an unbiased selection process and avoid complicat-
ing the stopping criterion for literature inclusion. Considering our exclusion criteria, such
as multilingualism, non-abstractive, and non-Transformer-based approaches, we select 133
papers for our literature review.

2.1 Stage 1: Retrieving Candidate Documents

Information Sources. Our primary data sources are SEMANTIC SCHOLAR? and DBLP3
(DataBase systems and Logic Programming), both recognized for extensive coverage in com-
puter science (Kitchenham, 2004; Brereton et al., 2007). While SEMANTIC SCHOLAR allows
for advanced search functionalities and complex queries (Xiong et al., 2018; Hannousse,
2021; Wang & Yu, 2021), DBLP is the most comprehensive database for computer science
publications, frequently used in other surveys as sole source (Nguyen et al., 2021; Dong
et al., 2022; Zhou et al., 2022) and encompassing major peer-reviewed journals and confer-
ence proceedings. This dual-source strategy ensures thorough retrieval and coverage specific
to dialogue summarization, strengthening the certainty and reliability of our evidence base.
To ensure our literature review remains up-to-date, we regularly re-crawl databases while
conducting the review to incorporate the latest publications into our analysis.* While we
acknowledge the potential for these databases to miss the most recent uploads, our strat-
egy minimizes this risk. We exclude databases such as GOOGLE SCHOLAR, which overly
returned gray literature, and WEB OF SCIENCE, which emphasized extractive summariza-
tion techniques during our pre-testing, to maintain a focus on peer-reviewed literature in
abstractive dialogue summarization. We design an automatic pipeline to retrieve query-

2. https://www.semanticscholar.org/
3. https://dblp.org/
4. Last crawled on March 25, 2024.
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related works and remove duplicates. We limit the number of results per query to the top
100 based on the relevance ranking provided by the platforms, which was rarely required.
We recognize that the ranking systems may be biased towards prestigious journals or highly
cited authors. Hence, we retrieve all papers published after June 2023, not relying on the
ranking systems to account for their limited time to gather citations.

Data Collection Process. Our search strategy uses key terms related to dialogue sum-
marization identified during our initial related work analysis (Section 1.1). Anchor terms
such as ‘dialogue summarization’ and ‘multi-party conversation’ are combined with specific
search terms such as ‘technique.” We use four anchor terms and 28 search terms, resulting in
112 search queries for each database. We present the complete list and search keywords in
our repository®. Employing a Python-based pipeline (Section 9), we systematically extract
documents from SEMANTIC SCHOLAR and DBLP APIs, merging and unifying the results
into tabular data. Between January 2019 and March 2024, we retrieved 732 publications
from DBLP and 968 from SEMANTIC SCHOLAR. After removing 438 duplicates identified
across both sources, we conclude the stage with 1262 unique publications. These results are
tagged with their respective queries and compiled into a CSV file for subsequent selection
and analysis.

2.2 Stage 2: Manual Filtering

Eligibility Criteria. For our manual filtering process, we define eligibility criteria to
ensure the focus of our literature review. We consider open-access papers published since
2019 that align with the rise of Transformer-based text summarization models such as
BART (Lewis et al., 2020) and PEGASUS (Zhang et al., 2020a), which have been the core
model for most approaches in the field. This timeframe further allows us to concentrate on
current challenges rather than including some that may have lost relevance (e.g., negation,
Khalifa et al., 2021) because of advancements in the field. We exclude non-English primary
datasets, multi-modal studies, and extractive or non-Transformer-based methods and focus
on English-language research on abstractive dialogue summarization.

Manual Paper Processing. A team of three reviewers®, consisting of postgraduate stu-

dents and doctoral candidates with a computer science background, undertake the manual
screening process, starting with titles and abstracts to narrow down the automatic selec-
tion from 1262 to 186 documents using our eligibility criteria. They then review the full
texts, checking if the works still meet the eligibility criteria, and decide whether to include,
exclude, or discuss each paper. Each paper undergoes a secondary review to minimize bias,
reaffirming initial selections and categorizations, thereby enhancing the study’s integrity.
Eventual disagreements are resolved through consensus. The annotators also track features
such as used datasets, employed backbone models, proposed techniques, and evaluation ap-
proaches. This step filters out 53 papers, leaving 133 to compose the literature review and
detail challenges, techniques, datasets, and evaluation metrics.

5. https://github.com/FKIRSTE/LitRev-DialogueSum
6. Each team member discloses potential conflicts of interest to ensure an unbiased review process.
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3. Challenges and Progress

Abstractive dialogue summarization aims to condense multi-party conversations into their
key points, ranging from casual chats to expert discussions, and whether these points were
explicitly stated or inferred (Cohan et al., 2018). The task was first thoroughly defined in
2002 by Zechner, outlining challenges unique to spoken dialogues such as handling speech
disfluency, the lack of clear sentence boundaries, distribution of salient information across
various speakers and turns, resolving references, identifying discourse structures, and deal-
ing with inaccuracies caused by speech recognition errors. While some definitions take a
mathematical approach (Jia et al., 2022b), viewing dialogues as sequences of turns that are
compressed and associated with a specific speaker, other definitions adopt a broader de-
scription of the task as ‘extracting useful information from a dialogue’ (Liu et al., 2019). Al-
though all definitions contain relevant, overlapping aspects, they have different viewpoints,
each considering a different set of challenges to define dialogue summarization. Our goal is
to organize these definitions and provide a concise, structured overview of the progress in
abstractive dialogue summarization, extending the earlier challenge-based concept (Zech-
ner, 2002) and proposing the CHALLENGES OF ABSTRACTIVE DIALOGUE SUMMARIZATION
(CADS) Taxonomy (Figure 1) tailored to the current Transformer-based model architec-
ture. This taxonomy comprises six challenges: language, structure, comprehension, speaker,
salience, and factuality. The first five challenges are related to the input, while the last
concerns reliability. To develop this comprehensive framework, we employed human an-
notators (Section 2.2) to systematically analyze and categorize recurring challenges in the
literature and consolidate them into the six challenges. Each pillar encompasses related
sub-challenges that represent key focus areas consistently addressed in the literature along
the broader challenges. In the following Sections 3.1 to 3.6, we detail the CADS Taxonomy
as shown in Figure 1. An overview of the approach strategies proposed to mitigate the
individual challenges is shown in Table 1. Table 2 summarizes the expected errors when
challenges are not successfully mitigated, using the analysis by Kirstein et al. (2024d) as a
base for the individual error types.

For this section, we consider 91 papers, from which 73 papers define the challenge
characteristics (sub-challenges in italic) and 74 describe explored techniques. We exclude
papers mainly discussing evaluation strategies and datasets from this subset and cover them
in Sections 4 and 5.

3.1 Language

Characteristics. The language challenge describes the idiosyncratic nature of spoken
language and individual speech patterns. It includes linguistic subtleties such as informal
expressions (e.g., ‘veah,’), ungrammatical structures, colloquialisms, personal vocabulary,
and linguistic noise such as filler words (Koay et al., 2020; Zhang et al., 2021b; Feng et al.,
2022; Kumar & Kabiri, 2022; Antony et al., 2023). It further covers content repetition,
i.e., speakers restate or rephrase information for emphasis or clarity (Chen & Yang, 2020;
Khalifa et al., 2021; Lei et al., 2021b) and domain-specific terminology, e.g., medical terms
(Bertsch et al., 2022; Liu et al., 2022b, 2022a; Li, 2022). These elements demand that
models accurately interpret and adapt to the linguistic features of dialogues (Jia et al.,
2022a). Figure 3 presents a dialogue snippet showing examples of these three sub-challenges.



KIRSTEIN, WAHLE, GIPP & RUAS

Challenge Approach Category Related Papers
Language Pre-training Raffel et al. (2020), Zou et al. (2021), Zhou
et al. (2023a), Lyu et al. (2024b)
Training tasks Zhu et al. (2020), Khalifa et al. (2021), Lee et al.
(2021d), Jia et al. (2022a), Bertsch et al. (2022)
Pre-processing Ganesh and Dingliwal (2019)
Structure Pre-training Lee et al. (2021c), Peysakhovich and Lerer
(2023), Xu et al. (2024)
Training tasks Feng et al. (2021), Lee et al. (2021b), Liu et al.
(2021), Yang et al. (2022)
Architecture modification  Li (2022), Lei et al. (2021b), Gao et al. (2023),
Hua et al. (2023, 2022)
Importance measures Reimers and Gurevych (2019), Liang et al.
(2023)
Comprehension  Architecture modification =~ Wang et al. (2023)
Speaker Training tasks Gan et al. (2021), Qi et al. (2021), Asi et al.
(2022), Naraki et al. (2022)
Architecture modification  Lei et al. (2021a, 2021b), Liu et al. (2021), Hua
et al. (2022)
Pre-processing Joshi et al. (2020), Lee et al. (2021a)
Post-processing Fang et al. (2022), Liu and Chen (2022)
Salience Pre-training Pagnoni et al. (2023), Zhang et al. (2023)
Training tasks Chauhan et al. (2022), Liu et al. (2022a),
Ghadimi and Beigy (2022)
Architecture modification  Li et al. (2021), Hua et al. (2023)
Human feedback Chen et al. (2023)
Loss function Huang et al. (2023)
Pre-processing Liu and Chen (2021), Jung et al. (2023)
Factuality Training tasks Gan et al. (2021), Tang et al. (2022)

Architecture modification

Human feedback
Loss function
Post-processing

Wu et al. (2021), Zhao et al. (2021a, 2021b),
Nair et al. (2023)

Chen et al. (2023)

Liu et al. (2022a), Huang et al. (2023)

Fu et al. (2021), Li et al. (2023)

Table 1: Overview of challenges, major approach trends, and corresponding literature. More
details are stated in the article’s accompanying repository:
https://github.com/FKIRSTE/LitRev-DialogueSum.
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Transcript of planning a hiking trip

Alex: Hey, you know, i, the hiking trip we were, [iKe, talking about? Are we still, ili, on for
next weekend?

Jordan: Oh, yeah, definitely! I was just looking into, ill, places to go. Y'know, I found this really
cool, @l trail. It's called, @i, Echo Ridge? Yeah, Echo Ridge. Super scenic, but it's kinda, you
know, tough. Lots of, lfll, elevation changes and, ill, rocky paths.

Alex: Sounds, like, amazing but, fill, challenging. Do we need, like, special gear or something? I
mean, with all those elevation changes and SEUff?

Figure 3: Dialogue snippet showing examples of the idiosyncratic nature of spoken language
and individual speech patterns. - displays disfluencies, 'blue highlights personal speech
patterns, forange stands for colloquialism, - represent informal expressions.

Failing to handle this challenge may result in a loss of coherence and clarity, repetition of
content, and factuality issues.

Approaches. Transformer-based models often struggle with the language characteristics
due to a gap between their pre-training data, typically well-edited texts (e.g., news articles,
research papers, Wikipedia entries, Raffel et al., 2020), and the characteristics of spoken di-
alogue not reflected in these edited texts (Zou et al., 2021). The transfer between these text
styles is hindered by the scarcity of diverse, dialogue-oriented pre-training data, resulting in
a lack of exposure to dialogue data during training, consequently reducing models’ perfor-
mance. Repetition of already provided information is less of an issue for current language
models (Khalifa et al., 2021).

Current research aims to bridge this gap between the formal language of the pre-training
data and dialogues by retraining models with dialogue-focused tasks, considering both
single- and multi-task setups. Explored tasks span masking key dialogue elements (e.g.,
pronouns entities, high-content tokens, and words, Khalifa et al., 2021) and part-of-speech
tagging (Lee et al., 2021d). More recent tasks aim to transform informal, first-person dia-
logue into a structured, third-person narrative through changing speaker names, adjusting
grammar, and adding emotional context (Bertsch et al., 2022), or simulating a dialogue by
modifying pre-training documents into a conversation structure (Zhu et al., 2020). Teaching
models to understand the ‘who-did-what’ structure through a specific task is further gaining
traction (Jia et al., 2022a). Other explored strategies include pre-processing the input for
anaphora resolution (Ganesh & Dingliwal, 2019) and adapted pre-training, e.g., to adjust
to specific terminology (Zou et al., 2021; Zhou et al., 2023a; Lyu et al., 2024b).

3.2 Structure

Characteristics. Aiming to extract a conversation’s built-up, the structure challenge is
about segmenting a dialogue transcript and creating an ordered summary based on the
extracted structures (Ma et al., 2023). This challenge involves identifying the topic flow of
a conversation (Zhang & Zhao, 2021; Zhang et al., 2021b; Gu et al., 2022; Shinde et al.,
2022), tracking the dialogue phases (e.g., problem identification, decision making, Tuggener
et al., 2021; Li et al., 2023), and analyzing the utterance dependency (i.e., relationship and
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Alice: So, are we all here to discuss the next phase of the project? Opening
Bob: Yes, let's get started. D
Cara: I believe focusing on digital marketing will yield better ROI compared to traditional methods. Topic Introduction
Alice: Considering our budget constraints, how can we maximize our digital marketing efforts?
Dan: Social media campaigns, especially on platforms popular with our target demographic, could be efficient. Decision Making
Bob: Keep in mind, the success of any campaign depends on engaging content.
Cara: Definitely, but let's not forget analytics. Measuring our campaign's performance is crucial. Decision Making
Alice: True, but how do we address the content creation challenge? Problem Identification
Dan: Partnering with content creators could be a solution. It worked well for our product launch last year. Solution Proposal
Bob: Budget-wise, are partnerships a viable option now?
Cara: Considering our discussion on maximizing digital marketing efforts, partnerships could offer both content and cost-
effectiveness.
B Alice: Reflecting on our initial goal to focus on digital marketing, Cara's right. Partnerships may indeed offer the best path Conclusion
1 forward, balancing quality content with our budget.

Figure 4: Excerpt from a conversation to demonstrate the structural challenge, with a
detailed view on one topic out of multiple topics touched in the whole conversation. The red
arcs mark the connection between individual turns, demonstrating how different dialogue
phases (grey text), such as the conclusion, relate to many previous conversation phases.

dependencies between utterances, Feng et al., 2021a; Lei et al. 2021b; Hua et al., 2022).
The dialogue in Figure 4 shows topic flow, dialogue phases, and utterance dependency.

This challenge can lead to summaries lacking coherence, completeness, and depth (Lee
et al., 2021a; Liu et al., 2021; Qi et al., 2021; Yang et al., 2022; Liang et al., 2023).

Approaches. Transformer-based models face two primary hurdles when handling the
structural challenge. First, they must adapt to the variability in dialogue structures, such
as differing topic sequences and conversation phases depending on the conversation type.
Second, they need to track and connect long-range dependencies to link utterances. The
first difficulty is related to the lack of varied datasets across different dialogue types on which
models can train to improve generalization as well as that most pre-trained models used
are expecting more precise structural signals due to the more structured data used during
pre-training (Section 3.1). The second problem relates to a weakness of transformed-based
architectures: their limitation in handling long sequences, which stems from the practical
limitation of a fix-sized context window (Lee et al., 2021c), the blurred attention on a
single token when many tokens are processed (Xu et al., 2024), and the bias towards recent
information (Peysakhovich & Lerer, 2023).

Recent methods employ graph structures to understand and use dialogue structures
more effectively. They combine static and dynamic graphs for a detailed examination of
conversation dynamics (Gao et al., 2023) where the static graphs represent unchanging as-
pects like speaker relationships, and dynamic graphs track how dialogues evolve. Abstract
Meaning Representation (AMR) graphs are employed to capture overarching themes (Hua
et al., 2023), detailed sentence-level connections, and entity interactions, enhancing content
comprehension (Hua et al., 2022). Meanwhile, a hybrid approach combining traditional
language models with graph neural networks captures the utterance dependency and ad-
dresses the long-range dependency sub-challenge (Li, 2022). Similarly, ConceptNet (Liu &
Singh, 2004) is used for thematic linking (Lei et al., 2021b).

10
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Transcript of a team meeting

Alice: Let's start with the updates. Bob, how's the backend going?
Bob: I've integrated the new database schema, but it's still slow. I'm considering REdis for
caching.

Charlie:  On the design front, I'm waiting for the final user flow to adjust the UL

Alice: Great, we need to speed up forithelupcomingidemo. Any blockers?

Bob: Redis might help, but I need to §yfic:againiwith Charlie on the data requirements.

Figure 5: Example conversation to demonstrate the comprehension challenge including di-
rect and implied content. Directly stated (forange ) are the explicit updates by Bob and

Charlie about their respective tasks. - marks implied content such as a deadline for a
demo and a current focus on performance and finalizing features (unmentioned background
knowledge), Redis implies an understanding of its role in performance enhancement (orga-
nizational knowledge and reference to prior discussions on data requirements).

To manage long dialogue transcripts beyond context-size limits and the inherent long-
distance relations, researchers are moving away from simply truncating inputs to context
length to avoid losing vital information. An established approach segments the summariza-
tion process into stages (e.g., topics and dialogue phases) for coherent processing (Laskar
et al., 2023; Asthana et al., 2024; Mullick et al., 2024). The segmentation and multi-pass
strategy iteratively summarizes parts of the dialogue and combines partial summaries with
a subset of the remaining content in each iteration to build a complete summary (Sharma
et al., 2023). The Summ?” framework (Zhang et al., 2021a) summarizes dialogue segments
independently before refining them together, offering a scalable solution.

Other techniques involve additional training tasks (Feng et al., 2021; Lee et al., 2021b;
Liu et al., 2021; Yang et al., 2022), sentence importance measures to group sentences
into sub-topics (Reimers & Gurevych, 2019; Liang et al., 2023), while hierarchical setups
to differentiate dialogue parts based on who is speaking (word level) and what is being
discussed (turn level) are also popular (Zhu et al., 2020).

3.3 Comprehension

Characteristics. The comprehension challenge involves accurately understanding and
contextualizing utterances such that models can grasp and leverage these insights for sum-
marization (Khalifa et al., 2021). This includes direct and implied content, e.g., unmentioned
background knowledge, organizational knowledge, and prior discussions not explicitly re-
ferred to (examples in Figure 5). To infer and understand this content, the whole context of
a dialogue is required, spanning both the local context, focusing on neighboring words and
sentences, and the global context, covering the entire dialogue’s informational flow (Zhang
et al., 2019). Insufficient comprehension can lead to misunderstanding the content, omitting
parts, or falsely presenting the information.

Approaches. Transformer-based models struggle with comprehension and contextualiza-
tion due to the underlying dependency parsing challenges, particularly with unclear sentence
boundaries as they appear in spoken language, which can lead to catastrophic forgetting

11



KIRSTEIN, WAHLE, GIPP & RUAS

and result in unreliability in handling long-range dependencies (Lee et al., 2021c). Addi-
tionally, these models interpret the text literally, affecting their ability to grasp nuanced
meanings (Rai & Chakraverty, 2020; Wan et al., 2021). As these models often rely on
syntactic relationships between words, they miss the nuanced understanding humans use to
interpret implied meanings of sarcasm, irony, euphemisms, and similar pragmatic elements
(Fazly et al., 2009). Consequently, this can lead to summaries that miss deeper meanings
or implications, resulting in content that may be shallow or misleading (Wang et al., 2023).

Despite its importance, our review reveals limited engagement from the dialogue summa-
rization community to improve the contextualizing capability of models considering both the
short and long context. Current efforts primarily rely on Transformer models’ self-attention
capabilities to comprehend local and global contexts (Beltagy et al., 2020). Despite this
reliance, the context-aware extract-generate framework (Wang et al., 2023) has been pro-
posed to reduce the risk of missing long-range contexts in complex dialogues, which uses
context prompts to capture the immediate details and the overall narrative of text spans.
It first pinpoints relevant text parts that guide the extraction of key information, which is
then used as a prompt base for generating detailed summaries.

3.4 Speaker

Characteristics. Participants, their interactions, and how they influence the dynamics of a
conversation are part of the speaker challenge. This includes the individual participant roles
(e.g., ‘project manager,” ‘customer service agent’, Lei et al., 2021b; Hua et al., 2022), topic-
dependent role changes (Khalifa et al., 2021; Feng et al., 2022a; Gu et al., 2022; Kumar
and Kabiri, 2022; Rennard et al., 2022; Shinde et al., 2022; Antony et al., 2023), their
interactions (e.g., contributions depending on viewpoints, Beckage et al., 2021; Li, 2022;
Xie et al., 2022; and on backgrounds, Lee et al., 2021; Zou et al., 2021; Geng et al., 2022),
and references to entities and other participants (Lee et al., 2021d; Liu & Chen, 2021, 2022;
Naraki et al., 2022). Examples of the speaker characteristics are shown in Figure 6. Failing
to capture these speaker characteristics may lead to missing context, misaligned entity
associations, and, ultimately, incorrect factual summaries. The significance of examining
speaker dynamics and roles is well-recognized in other fields such as linguistics (Meskill,
1993) and is, together with the language challenge of the preceded analysis (Section 3.1), a
typical hook to demonstrate and motivate techniques for dialogue summarization.

Approaches. The speaker challenge stems from identifying participants, tracking their
actions and entity references, and revealing participant relationships. These aspects cor-
respond to the difficulties of named entity recognition (NER), coreference resolution, and
dependency parsing. Despite advancements with Transformer-based models regarding NER,
current techniques struggle with entity identification and categorization, particularly in un-
structured texts and across diverse domains (Vajjala & Balasubramaniam, 2022; Wang
et al., 2022¢; Pakhale, 2023). This limitation is especially pronounced in realistic dialogue
scenarios. Coreference resolution poses difficulties for techniques in accurately identifying
mentions and contextual links (Quan et al., 2019) and understanding the linguistic struc-
tures (Ioannides et al., 2023), extending the understanding challenge (Section 3.3).

Works typically use dense vectors (Asi et al., 2022; Naraki et al., 2022) to accurately
represent speaker roles in dialogue and act as labels for utterances (Gan et al., 2021; Qi
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Transcript of a customer service discourse
Jordan:  Thank you for calling TechSupport, how can I assist you today?
Alex: My device keeps freezing ever since the last update. I've tried rebooting, but it didn't help.

Jordan: T understand the frustration. Let me pull up your account. Meanwhile, have you tried a
factory reset?

Alex: No, I'm worried about losing my data.

Jordan:  That's a valid concern. Let's avoid a reset for now. I think we need a specialist.
Taylor, I have a customer with a post-update freezing issue. We've ruled out simple fixes.

Taylor:  Got it. Let's check the device's error logs together.
Could /88 navigate to the settings and tell me what error codes you see?

Alex: Sure, there's a series of codes here: E-101, E-102.

Taylor:  Those codes indicate a firmware glitch. We'll need to apply a manual patch. Jordan, could
you guide Alex through the consent process?

Jordan:  Absolutely, Taylor. Alex, I'll need your consent to proceed with the patch. This will not
affect your data.

Figure 6: Example conversation of the speaker challenge with defined roles (Alex as cus-
tomer, Jordan as customer support agent, Taylor as technical specialist). The dialogue
shows a change of roles when Jordan calls Taylor (marked with 'orange ), shifting from Jor-
dan as a primary troubleshooter to a facilitator for Taylor’s technical interventions. Further,
multiple direct references to entities highlighted with 'blue| (e.g., ‘device’, ‘error codes’) and
indirect references to participants in - (e.g., ‘you’) are incorporated.

et al., 2021), offering insights into each speaker’s function within the dialogue. Speaker
vectors are either randomly initialized and trainable (Zhu et al., 2020; Qi et al., 2021) or
produced by small neural networks (Gan et al., 2021; Naraki et al., 2022) and represent
different roles, e.g., ‘industrial designer’ (Zhu et al., 2020), ‘judge’ (Duan et al., 2019), which
are appended to the embedding of the speaker’s turn. For capturing speaker dynamics and
resolving coreferences, graph-based models are an established approach, e.g., representing
each speaker’s main ideas and their discourse, alongside their interactions, reflecting inner-
and inter-speaker structures (Lei et al., 2021b; Hua et al., 2022).

Some other popular techniques involve enhancing Transformers’ self-attention to analyze
intra- and inter-speaker dynamics (Lei et al., 2021a; Liu et al., 2021), additional training
tasks (Lee et al., 2021b; Geng et al., 2022; Zhou, 2023), and pre-and post-processing tech-
niques to replace pronouns and correct mistakes (Joshi et al., 2020; Lee et al., 2021a; Fang
et al., 2022; Liu & Chen, 2022) for coreference resolution.

3.5 Salience

Characteristics. The salience challenge involves identifying and summarizing the most
relevant information within a dialogue (Chen & Yang, 2020). This includes identifying
content critical for insightful summaries (Liu et al., 2021), where the understanding of
critical shifted lately from content for general audience summaries to summaries aligning
with the viewpoints, values, and ethics of specific participant (Liu & Chen, 2021), and
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Transcript of a strategy team meeting
Simon:  Given our growth last quarter, it's time to think about adding a new product line.

Market analysis shows high demand for eco-friendly products. We should consider this for

Nadia: .
our new line.

Luca: To support that, we'll need to vet new suppliers for sustainability. It could take some time.
Simon: That's a worthwhile investment. Nadia, prepare a marketing strategy focusing on eco-

" friendliness.
Nadia:  Understood. I'll also look into partnership opportunities with eco-conscious influencers.
Luca: I'll start researching potential suppliers and calculate the logistics costs.
Simon Perfect. Let's aim to have initial plans ready by next month. This expansion could set us apart

in the market.

Summary - Simon:

Today's discussion confirmed the strategic direction to expand our product line, focusing on
eco-friendly products to capitalize on market demand. Nadia will spearhead the development
of a marketing strategy to highlight our commitment to sustainability, while Luca takes on
the task of vetting potential suppliers to ensure they meet our sustainability criteria. The aim
is to differentiate our brand in the market through this initiative.

Summary - Nadia:
Following today's meeting, you are tasked with crafting a marketing strategy that leverages
the growing demand for eco-friendly products. This includes identifying partnership

opportunities with eco-conscious influencers to amplify our message. Your strategy will play
a crucial role in positioning our new product line as a leader in sustainability.

Summary - General:

In the recent meeting, the company decided to pursue the addition of an eco-friendly product
line, responding to significant market demand. Simon highlighted the importance of this
strategic direction, emphasizing sustainability as a core value. Nadia is set to develop a
comprehensive marketing strategy focused on eco-friendliness, including partnerships with
influencers. Meanwhile, Luca is tasked with vetting suppliers for sustainability and
calculating logistics costs. The team is aligned on having initial plans by next month,
marking a significant step towards differentiating our brand in the market.

Figure 7: Example of the salience challenge with a conversation being summarized for a
general audience and tailored summaries for participants with a specific focus on content
relevant to them.

locating text spans containing relevant content (Lei et al., 2021b). Figure 7 demonstrates
the differences between personalized and generally applicable summaries, as the generated
texts for Simon and Nadia are tailored to their role, stands, and tasks, whereas the general
summary provides a neutral overview. In contrast to traditional summarization, where
salience may be related to the position of sentences (positional salience), dialogues are
more dynamic, and salience emerges from how ideas evolve over the conversation. Failure
to effectively locate the scattered information or understand what is considered salient
can impact the depth and relevance of the generated summaries, focusing on unimportant
content while omitting relevant information bits (Chen & Yang, 2020; Zhang et al., 2021b;
Zou et al., 2022; Rennard et al., 2023).
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Transcript of scheduling a team meeting

Are we still on for the team meeting tomorrow? I think we need to finalize the budget

John:
report.

Yes, the meeting is set for 10 AM. I agree, the budget report needs our immediate attention,
Viktor: especially with the upcoming audit. Also, remind me to discuss the new marketing
strategy; I've gathered some interesting insights.

Will do. And I've noticed some discrepancies in the budget projections we might want to

ohn:
s address.

Viktor: Good catch. Let's delve into that tomorrow as well.
Summary:

The team meeting to discuss the budget report and finalize the marketing strategy wasi

BlccessullyIReIdyesterday, with key decisions made on addressing discrepancies in budget

projections. Additionally, concerns about an upcoming audit led to a detailed review of
financial strategies, ensuring all angles were covered for a robust approach.

Figure 8: Example of the factuality challenge where the generated summary exhibits ex-
trinsic errors through hallucinating events ([blue background) such as the finalization of a
marketing strategy and a detailed review of financial strategies. The intrinsic error report-
ing the wrong date of the meeting is marked with

Approaches. The first hurdle for current models to the salience challenge is the request
for subjective salience and ranking content’s importance to align with the role and knowl-
edge of the summary addressee. This is difficult as there is no training task for inferring
personal attributes and ranking information according to them. Further, locating this con-
tent is difficult as salient information is typically scattered across multiple turns within the
idiosyncrasies of spoken language (Lei et al., 2021b; Feng et al., 2022; Tan et al., 2023),
which forms an extension of the language challenge (Section 3.1).

To nest the general understanding of what is considered salient into models, established
strategies include additional training stages to better distinguish between salient and non-
salient content. Huang et al. (2023) introduce the uncovered loss to point out if salient
information is missing and the contrastive loss to distinguish between relevant and irrel-
evant sentences, respectively. Negative samples, categorized as redundant (i.e., text with
unnecessary utterances) and null (i.e., text with relevant utterances removed), help models
prioritize important content (Liu et al., 2022a, 2022b). To better determine salient content
for specific participants, works propose a fine-tuning task in which the topic or user per-
spective to be focused on is passed as an input along the dialogue text (Chauhan et al.,
2022), apply question-driven pre-training (Pagnoni et al., 2023) and use dynamic prompts
to direct model attention to key dialogue aspects (Zhang et al., 2023). Additional strate-
gies involve direct text manipulation (Jung et al., 2023), personal named entity planning
to concentrate on specific entities (Liu & Chen, 2021), adapting attention mechanisms (Li
et al., 2021), and integrating human feedback (Chen et al., 2023) or graph structures (Hua
et al., 2023) to further tailor summaries to the dialogue’s core information.
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Challenge Related Errors

Language incoherence, repetition, hallucination

Structure incoherence, omission, lack of depth

Comprehension  lack of context understanding, omission, hallucination

Speaker lack of context understanding, false coreference resolution, hallucination
Salience irrelevance, lack of context understanding

Factuality hallucination

Table 2: Definition of eight to-be-expected error types in dialogue summarization, based on
existing meeting summarization related error types (Kirstein et al., 2024d).

3.6 Factuality

In contrast to the previous input-related challenges, the factuality challenge describes the
problem of correcting false content in a generated summary caused by a non-robust archi-
tecture. Factual incorrect content contains extrinsic errors, such as hallucinating events not
present in the original transcript, and intrinsic errors, such as incorrect coreference resolu-
tion misrepresenting actual event details, and wrong conclusions stemming from negation
(Wang et al., 2022). Extrinsic and intrinsic errors are shown in a sample dialogue in Fig-
ure 8. Given the importance of ensuring summaries accurately reflect the conversation,
research focuses on creating safety measures to maintain credibility.

Approaches. Research interest predominantly targets post-processing approaches that
rewrite the generated summary to correct factual errors. Notable approaches are the usage
of LLMs for error detection and correcting (Li et al., 2023) and reformulating the summary
to closely match the original dialogue’s predictive capabilities for subsequent content (Fu
et al., 2021). Other approaches explore the use of auxiliary tasks (Tang et al., 2022) to
estimate the factual aspects and predict the missing aspects in summary (Gan et al., 2021),
losses such as encouraging a model to generate sentences about content not yet covered and
differentiating factual from non-factual sentences (Liu et al., 2022a; Huang et al., 2023),
and human feedback (Chen et al., 2023). Further, architecture-modifying approaches are
explored, such as a new encoder to grasp dialogue states (Zhao et al., 2021b) or to handle
graph structures, where dialogue events are captured and organized in a graph. A slot-driven
beam search algorithm is used in a filling-in-the-blanks setup to give priority to generating
salient elements in the summary (Zhao et al., 2021a), and a hierarchical approach builds
on sub-summaries (Nair et al., 2023). Another noteworthy technique is the generation of a
sketch to structure the final summary along this plan (Wu et al., 2021). Negation remains
a long-standing challenge for language models often neglected in computational studies
(Hossain et al., 2020; Zhang & Zhao, 2021).

4. Datasets

In this review, we collected data generation methods and downstream datasets from the
selected publications. We only consider datasets used at least five times in our analysis to
avoid including resources with little community impact. This setup yields 18 datasets that
we group into six categories based on the dialogue subdomains they stem from: daily chat,
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online chat, meeting, screenplay, customer service, medical, and debates. We also create an
‘others’ category for datasets that do not fit neatly into these subdomain groups.

These datasets typically condense a short dialogue of about 1k tokens between natural
persons into a third-person summary of about 100 tokens. More complex scenarios, such as
meetings, parliamentary debates, and TV series dialogues, involve around 10k to 20k tokens
in the transcript and at least four participants. Due to privacy concerns, a significant portion
of currently publicly available datasets are reenactments based on actual events, e.g., by
Amazon Mechanical Turk” workers, or established datasets such as SAMSuM (Gliwa et al.,
2019) are modified to generate new data, e.g., by changing the dialogue transcript to a third-
person report (Bertsch et al., 2022). This underscores that the variety of existing datasets is
comparably limited, and these datasets may not capture real-life scenarios. The 18 available
established datasets are detailed in Sections 4.1 to 4.8. Given the limited number of available
datasets, we present methods for creating artificial datasets and strategies for optimizing
the use of existing datasets in Section 4.9.

For this section, we consider 93 papers to identify the established datasets, excluding
works that do not mention a dataset, datasets that are no longer publicly available, and
datasets in a language other than English. We did not assess dataset quality or perform a
detailed analysis of the inherent challenges, leaving that for future research. In Table 3, we
connect the datasets with their respective primary challenge, as noted by their creators, to
provide an overview of the distribution of challenges in datasets.

4.1 Daily Chat

Di1ALoGSUM (Chen et al., 2021) integrates dialogues from DAILYDIALOG (Li et al., 2017),
DREAM (Sun et al., 2019), MUuTUAL (Cui et al., 2020), and English-speaking practice web-
sites, featuring two-speaker interactions across daily-life scenarios like work, leisure, and
travel. Annotators were given guidelines on writing summaries, such as length constraints
(no longer than 20% of conversation length). DIALOGSUM includes 13k dialogues, with
inputs of around 1k tokens and summaries of 130 tokens.

4.2 Online Chat

SAMSumMm (Gliwa et al., 2019) comprises 16k written online dialogues from messaging apps,
which linguists craft asked to create conversations similar to those they write daily, reflecting
the proportion of topics of their real-life messenger conversations. The messages, each
written by one person, contain chit-chats, gossip, arranging meetings, discussing politics,
and consulting university assignments. They typically involve two speakers, with an average
of 94 tokens per conversation, varying between three and 30 turns®. A subset of SAMSUM
has been adapted into formal third-person language (Bertsch et al., 2022) to help models
transition from informal dialogue to edited text, addressing the linguistic gap between pre-
training and downstream task (detailed in the language challenge, Section 3.1).

ForuM (Bhatia et al., 2014) consists of random samples of 100 threads from the on-
line discussion forums on UBUNTU and TRIPADVISOR, with a total of 556 and 916 posts,

7. https://www.mturk.com/
8. A turn is a contribution made by a speaker in the form of a single utterance or a statement.
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respectively. Two human evaluators created summaries of the discussion threads, resulting
in two human-written summaries per sample.

CrD3 (Rameshkumar & Bailey, 2020) consists of dialogues from the ‘Critical Role Dun-
geon and Dragon’ show with summaries collected from the Fandom wiki, featuring 159
episodes with an average dialogue length of 2550 turns.

4.3 Meeting

AMI (Carletta et al., 2006) contains business meetings on the product design process,
detailing 137 staged meetings on designing a new remote control. Participants are project
managers, marketing experts, user interface, and industrial designers. The dataset includes
transcripts and human summaries, with dialogues averaging 6k tokens over 535 turns and
four speakers. A modified version, AMI-ITS (Manuvinakurike et al., 2021), offers additional
annotations for incremental temporal summaries, which provide summaries for 100-second
time durations on a subset of AMI.

ICSI (Janin et al., 2003) has 59 academic group meetings with computer scientists,
linguists, and engineers at the International Computer Science Institute (ICSI) in Berkeley,
along with their summaries written by hired annotators. The meetings have an average of
819 turns and 13k tokens with six speakers and are research discussions among students.

QMSUuM (Zhong et al., 2021) introduces query-based summarization across diverse meet-
ing domains, compiling 1.8k query-summary pairs from 232 meetings, encompassing product
design (AMI), academic discussions (ICSI), and committee deliberations. The dialogues
feature up to 13k tokens and six speakers. The original task is to summarize the meeting
given a stated question. MACSUM-DIAL (Zhang et al., 2023) is a modification of QM-
SuM, designed for controllable summarization, highlighting mixed attributes such as length,
attractiveness, and topic specificity.

ELITR (Nedoluzhko et al., 2022) features 120 English technical project meetings in
computer science, with each transcript averaging 7k words, 730 turns, and six speakers. The
duration of the meetings varies from ten minutes to more than two hours, with an average of
one hour long. Meetings shorter than half an hour are exceptions, whereas meetings longer
than two hours are topic-oriented mini-workshops, also rather occasional. The original task
of the dataset differs from abstractive summarization as a model is required to produce not
an abstractive summary but a set of meeting minutes in bullet points.

MEETINGBANK (Hu et al., 2023) contains meetings of city councils from six major U.S.
cities occurring over the past decade. It contains 1366 meetings spanning 3.6k hours, with
a council meeting lasting an average of 2.6 hours and the transcript containing 28k tokens.

4.4 Screenplay

MEDIASUM (Zhu et al., 2021) contains 463.6k media interview transcripts with summaries
from National Public Radio (NPR, Majumder et al., 2020) and CNN, spanning a range of
topics, including politics, news, crime, and economy. The summaries are based on NPR’s
interview overviews and CNN’s topic descriptions, with the latter segmented at commercial
breaks to match topics to corresponding interview segments. On average, each transcript
in this dataset contains 1.5k words, with summaries of around 11 words, typically involving
seven speakers.
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SUMMSCREEN (Chen et al., 2022) consists of 27k instances of TV series transcripts
paired with human-written recaps sourced from TV MEGASITE and FOREVERDREAMING.
The recaps of FOREVERDREAMING are based on community contributions stemming from
Wikipedia and TVmaze. Transcripts, typically including 28 speakers, average 6.6k tokens,
and summaries around 380 tokens.

4.5 Customer Service

TweeETSUMM (Feigenblat et al., 2021) contains 1.1k dialogues derived from Twitter cus-
tomer support exchanges, each with three extractive and three abstractive human-written
summaries. Originating from the KAGGLE CUSTOMER SUPPORT ON TWITTER dataset,
these real-world interactions span various industries, such as airlines and retail, averaging
ten turns per dialogue and 36 tokens per abstractive summary.

TobpSuMm (Zhao et al., 2021b) is a customer service dataset based on MULTIWOZ
(Budzianowski et al., 2018), from which they select the five domains: restaurant, hotel,
attraction, taxi, and train. The dataset spans 10k samples with an average dialogue length
of 187 utterances and 45 words in the summary.

4.6 Medical

MTS-D1ALoG (Ben Abacha et al., 2023) is a collection of 1.7k simulated doctor-patient con-
versations with corresponding clinical notes serving as summaries, sourced from the public
MTSAMPLES collection (Moramarco et al., 2021). This dataset encompasses various medical
fields, including general medicine, neurology, orthopedics, dermatology, and immunology,
adhering to the SOAP (Subjective, Objective, Assessment, Plan) note format. Dialogues
average 18 sentences and 242 words, with summaries typically around 81 words.

4.7 Debates

ADSC (Misra et al., 2015) features sequences of two-party dialogue chains derived from
the INTERNET ARGUMENT CORPUS (Walker et al., 2012), focusing on significant social
and political topics like gun control, gay marriage, the death penalty, and abortion. It
includes 45 dialogues, each accompanied by five unique human-generated summaries, with
each summary approximately 150 words in length.

4.8 Others

ConvoSuMM (Fabbri et al., 2021a) consolidates dialogues from four sources: New York
Times comments, StackExchange, W3C emails, and Reddit, totaling 2k dialogues with
500 from each domain. Crowdsourced workers from Amazon Mechanical Turk wrote the
abstractive summaries with at most 90 tokens. Inputs average 1.1k tokens, with summaries
about 70 tokens in length.

FERRANTI (Gao et al., 2023) is a dataset designed for factual error correction in dialogue
summarization, featuring 4k manually annotated items. The original task is to evaluate the
factuality of summaries and how to correct these summaries with minimal effort. Drawing on
SAMSUM and DIALOGSUM, FERRANTI includes summaries produced by models like BART
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(Lewis et al., 2020) and UNILM (Dong et al., 2019). Annotators assess these summaries for
accuracy and identify errors, providing a focused tool for improving summary factualness.

DiaLSuM (Fang et al., 2021) is based on the VISDIAL dataset (Das et al., 2017), where
two participants discuss images from the MSCOCO dataset (Lin et al., 2015), which fea-
tures ~120k images. Each image has five captions from five different annotators.

4.9 Data Augmentation and Utility

Besides highlighting datasets with a notable community interest, we summarize in this sub-
section the research on techniques to cope with the data scarcity in dialogue summarization,
covering artificial generation techniques of datasets through text generation and curriculum
learning strategies to use the available data more effectively.

Artificial Dataset Generation. As discussed earlier, dialogue summarization faces
challenges due to the need for adaptability across various domains, structures, and speaker
dynamics, which typically would be addressed by training models on diverse datasets (Feng
et al., 2022). However, datasets’ scarcity and small size, with utterances containing just
two to ten turns in areas like customer service and medical, restrict model training for more
general applications.

Creating real-world datasets is costly and may conflict with data security and infor-
mation communication policies, so artificially generated datasets are explored (Ben Abacha
et al., 2023). Methods range from simple heuristic-based weak labeling, such as selecting the
leading or longest utterance as proxy summary (Sznajder et al., 2022), to paraphrasing with
updating the summary to maintain coherence (Liu et al., 2022; Wahle et al., 2022, 2023), to
random alterations (e.g., swapping, deletion, dialogue-act-guided insertions) and changing
conversation structures (Chen & Yang, 2021; Park et al., 2022). The most common method
is to use language models to create ground truth summaries either directly (Asi et al., 2022;
Nair et al., 2023; Zhou et al., 2023a; Zhu et al., 2023a) or after training them on human
summarization patterns through few-shot learning (Chintagunta et al., 2021).

Techniques to Maximize Dataset Utility. As the training of Transformer-based mod-
els requires extensive data to generalize across various topics and dialogue formats (Fu et al.,
2021), researchers have explored ways to use the limited data available more effectively. A
key strategy involves a prompt-based curriculum learning strategy that gradually increases
the degree of prompt perturbation (e.g., word swapping, content cutting) to improve the
generalization ability of models (Li et al., 2022). Another variation are dynamic prompts,
which select best-fitting few-shot samples considering dialogue content, size, and speaker
number (Prodan & Pelican, 2022). Also explored are prompt transfer techniques from re-
lated dialogue domains (Xie et al., 2023) to bolster the usage of dialogue state information
(i.e., data used to represent the underlying intentions and goals within a dialogue). Prompts
are further used to split inputs into domain-invariant and domain-specific content to en-
hance model generalization (Zhao et al., 2022; Li et al., 2023). Further techniques include
freezing most model parameters and training only specific parameters for domain adaption
(Chen et al., 2023; Suri et al., 2023; Zhu et al., 2023b).
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Type Dataset Challenge Descriptive Tags Usage
Daily Chat DiALoGSUM Speaker daily life scenarios 26
Online SAMSuUM Speaker, Salience messaging apps 68
Chat FORUM Salience threads 5
CRD3 Language live-streamed show 6
Meeting AMI Salience, staged business meetings 63
Comprehension
ICSI Salience, Language academic group meetings 21
QMSum Salience, Language  query-based summarization 18
ELIiTR Salience technical project meetings in 7
computer science
MEETINGBANK  Structure parliament meetings 7
Screenplay MEDIASUM Structure media interview 15
SUMMSCREEN Speaker, Salience TV series transcripts 8
Customer TWEETSUMM Language Twitter customer support 7
Service TODSuM Language, open-domain task-oriented 6
Factuality dialogues
Medical MTS-Diaroa Comprehension simulated doctor-patient 5
conversations with clinical notes
Debates ADSC Comprehension two-party dialogues on social 5
and political topics
Others CoNVOSUMM Salience dialogues from comments, 5
emails, and threads
FERRANTI Factuality human assessed automatic 5
summaries
DiaLSum Comprehension two-party discussion on images 10

Table 3: Matching between established datasets and their primary reported challenge.
‘Usage’ indicates the number of papers reporting the dataset in their publication.

5. Evaluation

Researchers have adopted metrics from related fields and introduced new ones designed to
assess the effectiveness of dialogue summarization methods. These metrics proxy for quality
characteristics, such as coherence, fluency, factuality, and accuracy. Our literature review
identifies 15 metrics used more than twice in 93 papers. We categorize these metrics into
four groups: count-based (e.g., ROUGE Lin, 2004), model-based (e.g., BARTSCORE Yuan
et al., 2021), QA-based (e.g., QAEVAL Deutsch et al., 2021), and human evaluation. The
automatic metrics strive for alignment with human judgment. However, the correlation
between these two is weak for dialogue summarization, and automatic metrics sometimes
reward low-quality texts (Gatt & Krahmer, 2018). Due to these recognized limitations in
fully capturing the nuances of summarization quality, human evaluation is considered the
gold standard across most studies. Recent analyses (Gao & Wan, 2022; Kirstein et al.,
2024d) conclude that established automatic metrics may work for a superficial understand-
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ing of a model’s performance but do not align well with human judgment in discerning
error nuances. These metrics show individual weaknesses where they individually do not
adequately reflect occurrence across all error types (e.g., of hallucinated content) or cannot
show the impact on the quality in their scores (e.g., when information is omitted). Hence, a
composite metric of count-based, model-based, and QA-based metrics may be required for
a more reliable automatic interpretation, with the individual metrics focusing on specific
error types.

Section 5.1 details the characteristics typically evaluated by metrics and Sections 5.2
to 5.5 further summarizes the 15 established metrics in dialogue summarization. Table 4
provides an overview of the identified metrics and their usage throughout the papers con-
sidered for this literature review.

5.1 Assessed Characteristics

Metrics assess the quality of a generated text, often in relation to a reference text. Low-
quality text may contain more redundancy, incoherence, grammatical errors, poor structure,
or inappropriate language, while high-quality text would closely align with the reference.
We identify ten key characteristics discussed in the literature (in italic) and organize them
into four overarching groups: accuracy, content, readability, and style.

Accuracy is the core of a high-quality summary (Neto et al., 2002), making it crucial to
maintain the truth of the original text and ensure factuality. A summary must accurately
reflect the facts, events, and details from the source without any distortion.

Content quality is mainly driven by relevance. A summary must contain the most rele-
vant information, directly addressing the addressee’s informational needs (Williams et al.,
2014). This effort to overcome the salience challenge ensures that summaries prioritize the
most important points for the reader. Coverage complements relevance by ensuring that all
key topics and arguments from the dialogue are included, offering a comprehensive under-
standing without significant omissions (Mullick et al., 2024). The goal is to track both the
salience and structure challenges with this. Informativeness goes a step further by selecting
crucial information that conveys the depth of the input transcript, enabling readers to grasp
the main points without needing to refer back to the original text (See et al., 2017).

Readability is essential for making summaries accessible and easy to grasp the key points
quickly. Coherence ensures that information is presented logically with smooth transitions,
making the summary easy to follow (Mullick et al., 2024). The structure and organization of
a summary further enhances its readability and facilitates information processing, ensuring
that it is well-organized and logical (Carbonell & Goldstein, 1998). Conciseness (Biswas &
Takubovich, 2022) and non-redundancy (Yang et al., 2020) are also essential as a summary
should contain only the essence of the input transcript without unnecessary details.

Style pertains to the text’s perceived quality and formal presentation, contributing to its
professional polish. Consistency in perspective, tense, and stylistic choices throughout the
summary contributes to the overall perception of the text’s professionalism (King et al.,
2022). Fluency focuses on grammar, vocabulary, and sentence structure and aims for a nat-
ural, easy-to-read summary free from phrasing errors, enhancing the information’s overall
clarity and accessibility (Kryscinski et al., 2019).
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5.2 Count-Based

Count-based metrics, including N-gram-based measures like BLEU (Papineni et al., 2002),
and ROUGE (Lin, 2004), and statistical measures such as PERPLEXITY (Jelinek et al.,
1977), are often static and rule-based algorithms that have a long history for evaluating
text summarization. However, due to their simplicity, they have been criticized for their
limitations in capturing overall meaning, fluency, coherence, or factuality (Sai et al., 2022).

BLEU (Papineni et al., 2002) measures the precision of generated summaries against
reference texts by examining the overlap of word sequences (typically 1- to 3-word N-
grams, Yang et al., 2019), emphasizing similarity to the original phrasing but risking a
linear relationship to noise (Vaibhav et al., 2019).

ROUGE (Lin, 2004) focuses on lexical similarity (Ng & Abrecht, 2015) and aims to
capture the extent to which key content from the source is included in the summary, pri-
oritizing content coverage through recall of N-gram overlap, thus attempting to address
BLEU’s limitations by emphasizing content inclusion over mere precision. A frequently
used variation is ROUGE-L, which measures the longest common subsequence between a
candidate and a reference.

METEOR (Banerjee & Lavie, 2005) advances BLEU and ROUGE by incorporating
both precision and recall, along with synonym matching for semantic analysis, thus enabling
the capturing of the semantic similarity between a candidate and a reference. Despite its
more balanced approach and sentence-level focus, METEOR, like its predecessors, is prone
to noise interference (Vaibhav et al., 2019).

CHRF++ (Popovié¢, 2017) further expands the previous metrics by considering precision,
recall, and F-score-based N-gram overlap at both character and word levels, offering a more
granular analysis (Popovié¢, 2015).

CIDER (Vedantam et al., 2015) is a consensus-based metric that compares the similarity
of a generated sentence against a set of human-written reference sentences. The score is
an aggregation of cosine similarity scores between the TF-IDF weighted N-grams of the
generated and reference sentences, inherently capturing precision, recall, grammaticality,
and salience (Li & Liang, 2021; Fabbri et al., 2021b; Lu et al., 2022).

PERPLEXITY (Jelinek et al., 1977) diverges from the previous methods by the statis-
tical approach of gauging a model’s uncertainty in predicting word sequences, with lower
scores indicating better alignment with expected language patterns. This measure is, in
contrast to the previous, an intrinsic evaluation metric that directly evaluates the language
modeling objectives through text predictability rather than assessing the performance on
the downstream task. Therefore, additional metrics are required for a holistic evaluation of
text generation quality.

5.3 Model-Based

With advancements in language models, there is an increasing focus on model-based evalua-
tion metrics due to their higher correlation with human judgment, though count-based met-
rics remain popular. Model-based metrics encompass a wide range of approaches, including
those that calculate semantic similarity (e.g., BERTSCORE, MOVERSCORE), text gener-
ation likelihood (e.g., BARTSCORE), and entailment probability (e.g., FACTCC). These
metrics typically represent text in a latent space using pre-trained embeddings or contex-
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tual representations, aiming to provide a more nuanced assessment by focusing on semantic
similarity, likelihood of text generation, and factual consistency. While these metrics have
the potential to adapt to evolving language use (e.g., distribution drifts) (Sellam et al.,
2020), they can still be error-prone (Ji et al., 2023), slower than count-based metrics, and
may not directly measure specific characteristics (as outlined in Section 5.1), making it
challenging to discern which particular aspect influences their scores.

BERTSCORE (Zhang et al., 2020b) leverages BERT embeddings (Devlin et al., 2019)
to assess textual similarity. The metric first contextually embeds the reference and candi-
date texts, then constructs a similarity matrix through pairwise cosine similarities on the
token level. The final score is computed by greedily selecting the highest similarity scores
and calculating the harmonic mean of precision and recall, enabling the metric to capture
semantic nuances beyond surface-level matching (Zhao et al., 2019).

MOVERSCORE (Zhao et al., 2019) was introduced concurrently to BERTSCORE fol-
lowing a similar approach, as it also leverages BERT embeddings but instead considers
the distance between reference and candidate text, hence employing the WORD MOVER’S
DisTANC (Kusner et al., 2015), a special case of the EARTH MOVER’S DISTANCE (Rubner
et al., 2000), to measure semantic distance. This change in measure allows MOVERSCORE
to map semantically related words from one sequence to one word in another sequence
(many-to-one).

BARTSCcORE (Yuan et al., 2021) evaluates the plausibility of generating a reference text
from a given generated text, and vice versa, by calculating the log-likelihood of a sequence
that a BART (Lewis et al., 2020) model would typically generate based on the given context.
This evaluation focuses on assessing both the fluency and the semantic accuracy.

BLEURT (Sellam et al., 2020) extends beyond mere embedding comparisons by incor-
porating a BERT model pre-trained on lexical- and semantic-level supervision signals and
fine-tuned on human judgments, enabling it to make detailed assessments of text quality,
including coherence and relevance.

BLANC (Vasilyev et al., 2020) leverages BERT to perform a fill-in-the-blank task,
both with and without the generated summary, to assess how informative or helpful the
generated text is. The difference in prediction accuracy indicates the utility of the summary
in helping understand the text.

FacTCC (Kryscinski et al., 2020) evaluates a summary’s factual consistency with its
source document using an entailment classifier, scoring based on the proportion of sentences
classified as factual consistent by a BERT model. The metric struggles with complex
inferences and subtle nuances beyond direct comparison.

5.4 QA-Based

The QA-based metrics we identify in the literature focus on the factual correctness of a
summary by using external question-answering systems. These metrics leverage pre-trained
transformer-based models to generate questions and assess whether the summary contains
the correct answers. Their effectiveness largely depends on the quality of the underlying
QA systems, which may not always align perfectly with human evaluation standards.

FEQA (Durmus et al., 2020) generates questions based on the summary content and
verifies whether their answers can be found in the source document.
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SUMMAQA (Scialom et al., 2019) derives questions from the source text and tries to an-
swer these using the summary. It expands the QA-based evaluation scope by incorporating
various question types and emphasizing the summary’s informativeness.

QUESTEVAL (Deutsch et al., 2021) combines the approaches of FEQA and SUMMAQA,
thereby adopting a bidirectional strategy, generating questions from the summary to com-
pare with the source text and vice versa. This bidirectional evaluation offers a balanced
and holistic assessment by considering included and omitted information in the summary.

5.5 Human Evaluation

Human evaluation is often considered the gold standard for assessing the quality of a sum-
mary. It is typically performed through crowdsourcing annotators (e.g., Amazon Mechani-
cal Turk) who label samples. We identify established approaches for human evaluations on
summary performance and annotator agreement.

Performance. Summary performance is typically evaluated using Likert scales (Likert,
1932; Qader et al., 2018; Feng et al., 2021; Lu et al., 2022), which provide a simple rating
system for quality assessment but lack detailed feedback on specific text issues (Dou et al.,
2022). Alternatives like pairwise comparison (Elder et al., 2018; Liu et al., 2021) and best-
worst scaling (Finn & Louviere, 1992; Rothe et al., 2020) offer more nuanced evaluations,
with best-worst scaling noted for its higher reliability (Kiritchenko & Mohammad, 2017).
Despite these options, the Likert scale remains the predominant method.

Agreement. The reliability of human-generated evaluations hinges on annotator agree-
ment, also referred to as meta-evaluation (Yuan et al., 2021). Despite its significance, the
incorporation of agreement metrics is frequently overlooked. We identify three established
measures to determine inner-annotator agreements: KRIPPENDORFF’S ALPHA, COHEN’S
KappaA, and FLEISS’ KAPPA. Their scores range from 0 (poor reliability) to 1 (perfect
reliability), with reported scores typically between 0.65 and 0.85. KRIPPENDORFF’S AL-
PHA (Krippendorff, 1970) offers a flexible approach suitable for multiple raters, applicable
to any level of measurement, i.e., nominal, ordinal, interval, or ratio, and accommodates
both qualitative and quantitative assessments. This measure is particularly valuable with
a broad range of variables or when comparing agreements across different measurement
scales but assumes that all annotators assess all samples. COHEN’S KAPpPA (Cohen, 1960)
is used to measure the agreement between two raters who each classify a set of items into
mutually exclusive categories (e.g., yes/no). FLEISS’” KappA (Fleiss, 1971) is also tailored
for scenarios involving fixed-category classifications but extends COHEN’S KAPPA to mul-
tiple annotators, excelling in the evaluation of how consistently annotators categorize text
segments or dialogue turns into predefined groups.

6. Discussion

Throughout this work, we provide an overview of the current state of challenges, datasets,
and evaluation. In Section 6.1, we analyze the emerging trends such as LLMs on mitigating
the individual challenges, finding that our challenge taxonomy remains up to date. Section
6.2 discusses the increasing interest in datasets covering personalized summarization and
realistic settings, while Section 6.3 covers recent research on improving evaluation metrics.
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Type Category Metric Descriptive Tags Usage
Count-based N-gram BLEU word overlap, precision, multiple 21
references
RouGE word overlap, recall, one reference 127
METEOR word overlap, precision and recall, one 3
reference
CHRF++ character-level, F1 score, one reference 2
CIDER consensus-based, multiple references 3
Statistical PERPLEXITY likelihood of word sequences 3
Model-based Hybrid BERTSCORE token similarity, cosine similarity, 38
one-to-one
MOVERSCORE token similarity, mover distance, 3
one-to-many
Facrcc entailment classifier, scoring based on 9
consistency
Trained BLEURT mimics human judgment 7
BARTSCORE mimics human judgment, promptable 13
BLANC fill-in-the-blank task with and without 2
the summary
QA-based FEQA questions based on summary, answered 38
through input
SUMMAQA questions based on input, answered 3
through summary
QUESTEVAL combination of FEQA and SUMMAQA 3
gur?an. Performance  LIKERT SCALE ordinal scale, e.g., 1 (worst) to 5 (best) 6
valuation
PAIRWISE pick best sample out of two 9
COMPARISON
BEST-WORST rank a list of samples 5
SCALING
Agreement KRIPPENDORFF’S measure disagreement, different data 2
ALPHA formats
COHEN’S KAPPA measure agreements, categorical data, 3
2 raters
FLEISS” KAapPpA measure agreement, nominal data, 2 2

raters

Table 4: Relevant metrics and evaluation measures employed in dialogue summarization
‘Usage’ states the number of papers reporting the

with more than twice reported use.

evaluation measure in their publication.
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6.1 Remarks on Challenges

In this study, we have introduced the CADS taxonomy to organize the inherent challenges of
abstractive dialogue summarization (i.e., language, speaker, salience, comprehension, struc-
ture, and factuality) and unify their underlying definitions. While presented separately
for clarity, the challenges are interdependent and influence each other. Consequently, ap-
proaches should be researched to tackle the challenges simultaneously whenever possible.
Despite advancements in addressing the challenges, we observe that most of them are still a
hurdle for models due to limitations in the Transformer components used in these models,
the lack of capabilities in contextualization and few-shot adaption of the encoder-decoder
backbone models, and missing mitigation techniques.

Since 2023, NLP has seen a significant shift with the exploration of LLLMs and optimized
Transformer architecture components (e.g., ring attention, Liu et al., 2023, and multi-token
generation, Gloeckle et al., 2024), with their application to dialogue summarization being
explored later (Zhou et al., 2023b; Lyu et al., 2024b; Mullick et al., 2024). Initial studies
indicate that LLMs match or exceed the performance of task-specific models like DialogLED
(Zhong et al., 2022), even with their limitations (e.g., hallucinations, salience) (Laskar et al.,
2023). Kirstein et al. (2024d) show that encoder-decoder models may perform better against
the speaker challenge, particularly regarding coreference resolution, and struggle with the
structure challenge. LLMs handle the comprehension challenge but seem to be sub-optimal
regarding robustness to language and speakers. These early observations state LLMs as
a noteworthy alternative to more traditional techniques (e.g., dialogue-style pre-training,
Zhong et al., 2022, graph structures to represent speaker structures, Hua et al., 2022, and
special losses tailored to determine salience, Huang et al., 2023).

Following, we discuss how the hurdles of the currently employed encoder-decoder models
(identified in Section 3) align with challenges in NLP and discuss techniques introduced to
mitigate these challenges, thereby deriving how they can aid dialogue summarization.

Bridging the language gap. Adapting established summarization models from struc-
tured pre-training data to the less formal nature of dialogue remains challenging. LLMs,
especially those trained on non-edited text such as models from the GPT and GEMINI
series, are promising in this regard (Lyu et al., 2024a). Their few-shot learning capabilities
allow for rapid adaptation to new linguistic patterns more effectively. At the same time,
the pre-training on a large and diverse corpus improves robustness in handling informal
language, style variations, and repetition (Wang et al., 2024).

Long distance handling and dependency parsing. Recent progress in LLMs such
as GPT-4, CLAUDE-3, and PHI-3 shows a significant extension of the processable context
length to over 100k tokens, exceeding the context size of earlier models like LED (Belt-
agy et al., 2020), which handle up to 16k tokens. This increase in context allows for
handling long dependencies without chunking, which is crucial for understanding complex
dialogue structures, speaker dynamics, and content understanding. While traditional mod-
els could theoretically handle such lengthy contexts, practical limitations arise from the
input-length-dependent quadratic computational costs associated with Transformer atten-
tion mechanisms (Vaswani et al., 2017). To address these issues, techniques like sparse
attention (Beltagy et al., 2020), flash attention during the training stage (Dao et al., 2024)
and ring attention for inference (Liu et al., 2023), sharing weights across attention heads
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(Shazeer, 2019), and conditional computation to reduce the overall computational load
(Ainslie et al., 2023) are proposed to manage large inputs.
Generalizability. Modifying pre-trained models to handle the salience and structure chal-
lenges independent of the conversation’s domain is essential for practical applications (e.g.,
customer service). Established generalization techniques involving prompting (Ma et al.,
2022; Wang et al., 2022a), few-shot learning (Dang et al., 2022; Qin & Joty, 2022), and
meta-learning (Vilalta & Drissi, 2002; Hospedales et al., 2022) are incipient in dialogue
summarization. Meanwhile, LLMs build on these techniques to leverage patterns observed
during the training stage and boost their generalization capabilities (Wilson et al., 2023).
However, LLMs may still struggle with bias mitigation and ensuring broad applicability
across various contexts when encountered words are not present in the training corpus or
in examples (Bakker et al., 2024; Talat et al., 2022; Wolf et al., 2024).
Coreference resolution. Large-scale pre-trained and fine-tuned language models cur-
rently set the benchmark within NLP for coreference resolution (Liu et al., 2023). Chal-
lenges remain with the ambiguities in reference and context (Khurana et al., 2023), and the
usage of LLMs for this task.
Hallucination reduction. Avoiding hallucinated content in generated text is a major
challenge in NLP tasks using LLMs, especially in culturally sensitive contexts (Ji et al., 2023;
MclIntosh et al., 2023). Mitigation techniques include confidence penalty regularization (Lu
et al., 2021; Liu et al., 2023) to reduce overconfidence and enhance accuracy and refinement
methods to review and post-process a summary (Kirstein, Ruas, & Gipp, 2024b).

These advancements throughout NLP suggest upcoming shifts in the key challenges of
dialogue summarization.

e The language challenge can lose impact if few-shot learning is used to prompt LLMs,
making it easier to apply document summarization techniques to dialogues directly
without additional finetuning.

o We expect progress for the structure challenge using LLMs, but robustness issues may
persist due to issues with generalization and processing long texts.

e The comprehension challenge, especially in grasping implied meanings, remains largely
unsolved and holds significant research potential. Research from related NLP fields
such as sentiment analysis (Srivastava et al., 2020) suggests that current models still
struggle to understand implied content. At the same time, research on retrieval-
augmented generation (Balaguer et al., 2024) could enhance contextualization, helping
models better grasp the context of conversations.

e For the hurdles implied in the speaker challenge, i.e., coreference resolution and de-
pendency parsing, LLLMs are explored but have not yet succeeded due to robustness
weaknesses (e.g., errors due to uncommon names, overseeing details in long inputs),
signaling that further research is required.

e The salience challenge builds on personalizing summaries and understanding long dis-
cussions, which both are gaining attention lately. Due to the novelty, the personalized
summaries require more research on techniques and benchmarking datasets.
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e The ongoing issue of hallucination in language models continues to pose a challenge
in ensuring the factuality in generated summaries.

6.2 Trends in Datasets

Personalized Summarization. In contrast to the typically general summaries, personal-
ized summaries tailored to the users’ needs are becoming increasingly popular (Tepper et al.,
2018; Khurana et al., 2024; Kirstein et al., 2024c). Recent advancements have explored
cross-attention and decoder self-attention to enhance role-specific information capturing
(Lin et al., 2022). By integrating detailed personal attributes, models can better under-
stand each participant’s background and motivations, leading to more targeted summaries.
Dataset-wise, only a few, such as the Chinese CSDS (Lin et al., 2021), incorporate per-
sonalized summaries, whereas established English datasets typically provide only a single,
general summary.

Realistic Datasets. As models improve in few-shot learning and do not necessarily require
finetuning, the reliance on large-scale datasets is shrinking. Considering this trend, we
expect a rise in smaller datasets, which allow for high-quality, realistic examples. These
examples may be sufficient to adapt models to new domains, make approaches more robust,
and test them against realistic scenarios.

6.3 Trends in Evaluation

Evaluation metrics, vital for indicating performance and comparing new techniques, are
currently mostly borrowed from related NLP tasks such as translation or text generation
(Section 5). However, the effectiveness of the established metrics (e.g., ROUGE for dialogue
summarization as identified in Table 4) is limited (Gao & Wan, 2022; Kirstein et al., 2024d),
and while it can serve as a proxy (Wang et al., 2022b) it provides insufficient insights into the
true efficacy of new techniques. The also popular model-based metrics (e.g., BARTScore)
seem unable to align well with human judgments (Gao & Wan, 2022) for dialogue summa-
rization. Recent developments in NLP use LLM-based metrics such as GEMBA (Kocmi
& Federmann, 2023) and ICE (Jain et al., 2023) for evaluation (Nair et al., 2023), build-
ing on LLMs’ advanced text comprehension. This set of metrics thereby mimics human
judgment and assesses common aspects (e.g., fluency, coverage, coherence) with continuous
(Jain et al., 2023), Likert scale (Likert, 1932; Chiang & Lee, 2023), or probability scores (Fu
et al., 2024). LLM-based metrics offer a promising direction for dialogue summarization
evaluation due to their customizability (Kirstein, Ruas, & Gipp, 2024a), though this area
remains largely unexplored.

7. Final Considerations

In this article, we reviewed works on Transformer-based abstractive dialogue summariza-
tion. We unified the existing definitions and concepts of dialogue summarization into a
taxonomy (CADS) of the field’s six main challenge blocks: language, structure, compre-
hension, speaker, salience, and reliability-related factuality. We demonstrated how these
challenges appear in dialogue summarization and discussed why they occur for established
encoder-decoder-based summarization systems. We then grouped and highlighted tech-

29



KIRSTEIN, WAHLE, GIPP & RUAS

niques introduced since 2019 under the challenges they tackle. Despite advancements, we
observed that the field is still in its infancy and offers ample opportunities for further re-
search. We also listed datasets used in existing studies to illustrate the extent of data
scarcity in dialogue summarization. Additionally, we evaluated common metrics and noted
a strong reliance on the ROUGE metric, coupled with a lack of human evaluation reports,
which raises doubts about the actual effectiveness of current techniques. In our discussion,
we evaluated how current NLP techniques address these challenges and derived implica-
tions of using LLMs for the field. We thereby identify a lack of exploring such new models
and borrowing effective techniques from related fields to overcome the limitations currently
holding back progress. We conclude that while challenges like language may become less
relevant, others, such as comprehension and factuality, still require more exploration. We
recommend that future work should further discuss and adapt this taxonomy as new chal-
lenges, techniques, datasets, and evaluation measures emerge and as current challenges
may be solved naturally through technological innovation. The considered literature can be
found in the accompanying repository” which will be regularly updated.

In the following, we discuss the discuss limitations of evidence (Section 7.1) and in our
review process (Section 7.2).

7.1 Limitations of Evidence

Given our selection of papers on dialogue summarization, we found limitations in current
works that may bias our findings. First, the crawled research studies in dialogue summariza-
tion predominantly focus on English-language dialogues, which renders their performance in
multilingual or cross-cultural contexts unknown. While we frequently came across Chinese
datasets, other languages are underrepresented. As a consequence, we focus our work on
English dialogue summarization. Second, most datasets stem from specific sectors, such
as customer service or business meetings, which may not reflect the various dialogue types
in different environments. Lastly, the lack of detailed human evaluation reporting across
research works, including inter-annotator agreement scores, further complicates the assess-
ment of new techniques’ usefulness.

7.2 Limitations of Review Process

In our systematic review of dialogue summarization, we encountered methodological chal-
lenges that we had to mitigate. First, we focused our search on studies published in English
and mainly using English datasets. While this is a limiting factor, most research on dia-
logue summarization considers only English dialogues, making this a feasible approximation.
However, we encourage others to assess the issues we point out for other languages. Sec-
ond, despite considering multiple databases, the timing and methods of our search may
have missed studies, thus not fully capturing the dialogue summarization field. To mit-
igate this limitation, we updated our crawl several times throughout writing this article
and retrieved works from two databases. We considered both peer-reviewed and non-peer-
reviewed papers, which risks including less credible studies or misinformation. To mitigate
the potential weaknesses of non-peer-reviewed works, we use the ranking from semantic

9. https://github.com/FKIRSTE/LitRev-DialogueSum
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scholar and DBLP, which should account for the paper’s quality and evaluate the studies’
quality based on adherence to established reporting standards of top-tier conferences.
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