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ABSTRACT: 

A system capable of accurately identifying and summarizing the key points of a conversation would be highly 

beneficial across various real-world scenarios, including business meetings, medical consultations, and customer 

service interactions. Recent advancements in deep learning, particularly the emergence of encoder-decoder 

architectures, have greatly enhanced language generation systems, paving the way for improved abstractive 

summarization, a technique especially effective for summarizing multi-party discussions. This paper provides an 

overview of the key challenges associated with abstractive meeting summarization and reviews the datasets, 

models, and evaluation methods that have been developed to address these challenges. 
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I. INTRODUCTION: 

Meetings are an essential part of workplace communication but often demand considerable time and 

organisational effort (Mroz et al., 2018). Research indicates that employees and managers in the United States 

spend between 6 and 23 hours weekly in meetings (Rogelberg et al., 2007). With the widespread adoption of 

virtual meetings during the COVID-19 pandemic, sessions have become longer and more frequent, resulting in 

fatigue and reduced retention of information (Fauville et al., 2021). These challenges have created a growing 

need for intelligent tools capable of automatically generating concise, actionable summaries of meeting 

discussions (Edmunds and Morris, 2000; Elciyar, 2021).The concept of automatic text summarisation, first 

introduced in the 1950s (Luhn, 1958), has evolved into two main approaches: extractive and abstractive 

summarisation (Gambhir and Gupta, 2017). Extractive methods identify and select the most relevant sentences 

from the source material, whereas abstractive methods powered by neural architectures like encoder-decoder 

models (Sutskever et al., 2014; Vaswani et al., 2017) generate new, fluent sentences that convey the same 

meaning (See et al., 2017; Lewis et al., 2020). While initial research focused primarily on structured texts such 

as articles or reports, recent attention has turned toward meeting summarisation, an area that stands to benefit 

significantly from advancements in deep learning and natural language processing. 

However, meeting summarisation presents unique difficulties compared to traditional text summarisation. 

Conversations in meetings are often unstructured, involve multiple speakers, contain overlapping dialogue, and 

require understanding of context, speaker intent, and roles (Kryscinski et al., 2019). These complexities make it 

necessary to develop specialised methods tailored to spontaneous, multi-party discussions rather than merely 

fine-tuning existing text-based summarisation models (Zechner, 2002). 
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Figure 1: An example (Shang et al., 2020a) of ground truth human annotations from the ES2011c AMI 

meeting. The grey nodes on the left represent transcripted utterances, while the black nodes represent 

annotators' selection of relevant utterances for summary. One sentence from each part of the abstractive 

summary appears on the right. The coloured arcs connect a sentence from the abstract summary to a 

specific abstractive community, which is the set of clauses from the extractive summary summarised 

by the sentence in the abstract summary. 

In Section 2, the paper outlines the main challenges involved in analysing and summarising meeting-style 

conversations. Sections 3 to 5 then delve into the existing tools and techniques designed to overcome these 

challenges, focusing on datasets, evaluation methods, and summarisation systems (Shang, 2021). Each area 

brings its own complexities, and the discussion highlights the advantages and shortcomings of various existing 

approaches. The paper concludes by identifying promising future research directions that could enhance the 

development of more effective meeting summarisation methods. 

II. The Difficulties of Meeting-style Presentations and Summaries 

Figure 1 illustrates the key characteristics of meeting-style interactions and recurring themes often found in 

meeting summaries. The examples are drawn from the AMI corpus (Mccowan et al., 2005), a widely used 

dataset containing simulated workplace discussions among four participants: a project manager (PM), marketing 

expert (ME), user interface designer (UI), and industrial designer (ID). These conversations document the 

collaborative design of a television remote control, following the team from concept generation to final product 

development. 

The figure compares extractive and abstractive human-generated summaries for one meeting (ES2011c). 

Coloured links show how sentences in the abstractive summary correspond to related extractive statements. This 

highlights how abstractive summarisation merges information from multiple utterances into concise and 

coherent representations of the discussion’s main ideas. 

1. The Nature of Meeting-style Speech. 

Meeting dialogues are spontaneous and unstructured, occurring in real time as participants collaborate. As a 

result, transcripts often contain pauses, repetitions, incomplete thoughts, and informal expressions. These natural 

speech patterns reduce clarity and make the text noisier. Even after editing, the transcripts retain some of these 

imperfections, reflecting the informal nature of human conversation. 

Meeting transcripts also tend to be longer and more detailed than typical written materials. For example, an 

AMI meeting averages about 4,757 words, while its summary contains roughly 322 words. In contrast, a 

CNN/Daily Mail news article averages 781 words with a 56-word summary (Hermann et al., 2015). This 

difference illustrates the scale and complexity of summarising spoken interactions. 
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Another difficulty arises from multi-speaker participation. Meetings involve several individuals with varying 

communication styles and overlapping dialogue, making speaker identification and context tracking challenging. 

Furthermore, personal references like “I” or “you” must be transformed into third-person expressions so that 

summaries are clear and understandable to readers who were not present. 

2. The Preference for Abstractive Summarization. 

Earlier systems relied mainly on extractive approaches, which identified key sentences directly 

from transcripts (Tur et al., 2009; Riedhammer et al., 2008). While effective for structured 

documents, these methods often produced fragmented summaries that lacked flow. In contrast, 

abstractive summarisation reformulates the content into smoother, narrative-like summaries that 

better capture meaning and intent (Murray et al., 2010). However, this method is more demanding, 

as it requires contextual understanding, synthesis of ideas, and fluent language generation rather 

than simple sentence extraction. 

3. Heterogeneous Meeting Formats. 

Meetings differ in purpose and structure, ranging from decision-making and brainstorming to 

information sharing. Because of this diversity, a single summarisation technique cannot effectively 

serve all scenarios (Nedoluzhko and Bojar, 2019). For example, decision-focused meetings may 

require detailed accounts of alternatives and outcomes, while status updates may need only brief 

topic summaries. Thus, effective meeting summarisation systems must be adaptive and tailored to 

each meeting type and objective. 

4. Subjectivity. 

Subjectivity plays a major role in summarising meeting content. Different annotators may 

interpret the importance of information differently or express similar ideas in distinct ways. This 

variability makes evaluation challenging, particularly for abstractive summaries, which allow 

multiple valid expressions of the same content. Moreover, even the same annotator may produce 

slightly different summaries at different times (Rath et al., 1961). 

 

III. Meeting Data Sets 

Supervised learning is still the most popular method for meeting summaries, although it has limitations. 

It relies significantly on big, high-quality training datasets and frequently develops models tailored to specific 

languages or domains. Because meetings have distinct characteristics and summary styles, implementing 

efficient summarisation algorithms necessitates datasets tailored specifically to meeting circumstances. This 

section first discusses what constitutes a strong meeting dataset before reviewing the major meeting corpora 

currently available. 

1. Data Set Conception and Creation 

Creating a high-quality meeting summarisation dataset is challenging because it must capture real, 

spontaneous conversations including interruptions, informal speech, and natural pauses while 

remaining structured enough for models to process. Real meetings often involve multiple speakers and 

shifting topics, making it difficult to maintain balance between realism and organisation. 

Researchers must also decide which meeting types to include while avoiding sensitive or private 

discussions. Once recordings are made, speech recognition errors and transcription issues can arise, 

often requiring manual correction. Additional preprocessing such as cleaning disfluencies and adding 

detailed annotations like dialogue acts demands significant time and expertise. 

2. Extant Data Sets 

Building large, high-quality meeting summarisation datasets is challenging due to the time, cost, and 

privacy concerns involved. As a result, only a few major English datasets exist AMI, ICSI, and 
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ELITR totalling about 280 hours of meeting recordings. Among these, ELITR also provides around 

50 hours of Czech data. All three offer carefully corrected transcripts, reducing speech recognition 

errors and improving reliability. 

The AMI Corpus features 137 scenario-based meetings where participants role-play in a fictional 

company designing a remote control. Though structured, these sessions capture natural interactions and 

include multimodal elements like slides, adding summarisation complexity. 

The ICSI Corpus contains 75 real academic meetings, showcasing authentic discussions among 

researchers and students. However, their technical nature makes summarisation difficult without 

domain-specific understanding. 

The ELITR Corpus offers realistic, multilingual project meetings but with some redacted segments 

for privacy. Unlike AMI and ICSI, ELITR summaries are unstructured, making it useful for studying 

how annotators interpret the same meeting differently. All three corpora are publicly available with 

detailed annotations, supporting ongoing research in meeting summarisation. 

IV. Evaluation Methods 

Evaluating meeting summaries is challenging, especially for abstractive summarisation, where systems 

generate new sentences instead of directly extracting them. A good summary should accurately capture the 

meeting’s key points and align semantically with human-written references. However, since abstractive 

summaries often use different wording, evaluation requires understanding meaning rather than just matching 

words. ROUGE (Lin, 2004) is the most common metric, but it mainly checks word overlap and often fails to 

recognise correct rephrasing. For instance, a sentence that uses synonyms or paraphrasing might score lower 

despite being accurate. 

To address this, newer metrics like BERTScore, MoverScore, and BARTScore use contextual embeddings to 

assess meaning similarity. Even more refined models, such as DATScore and FrugalScore, enhance evaluation 

by learning from large datasets. Still, no metric is fully reliable studies show that they sometimes disagree on 

which summary is better and often overlook factual accuracy, which is vital for meeting records that influence 

real decisions. 

V. Systems for Meeting Summarization 
Ones (1999) describes a three-stage framework for the summarisation process, which is still a valuable 

model for understanding how meeting summarisation systems operate. Stages are: 

 

Interpretation (I): In this stage, the input whether text or speech is analysed and mapped into a 

structured representation that captures additional information required to interpret its meaning. 

Transformation (T): The system transforms and refines the representation, finding the most relevant 

information and organising it into a condensed summary form. 

Generation (G): Finally, the system translates this structured summary into natural language writing 

that is easy to read and comprehend. 

During our literature research, we discovered that most existing meeting summarisation studies focus 

on enhancing one of these three steps to solve the previously described issues (such as disfluency, 

speaker overlap, and subjectivity). As a result, we employ this three-step pipeline: Interpretation, 

Transformation, and Generation as the foundation for categorising various meeting summarisation 

methods in the following sections. 

1. Interpretation 

(1) a. PM: Which colour should the removable cover be? 

 b. ID: I believe we should give a few options, such as raspberry, lime, and blueberry, as well as black 

for those who prefer a neutral colour. 
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 c. UI: This seems nice to me. 

 c. ME: I agree. 

 e. PM: Okay, we'll go with it. 

This exchange clearly indicates that a decision has been made, but how can we know? The final 

sentence (1-e) confirms the choice but does not clarify what it is. To really grasp it, we must consider 

the entire discourse, noting that (1-b) answers the query in (1-a) and (1-e) acknowledges agreement 

from (1-c) and (1-d). If (1-c) and (1-d) had disagreed and offered something different, (1-e) would most 

likely corroborate their alternate proposal. 

This example demonstrates that to properly grasp a meeting, we must look at statements in context and 

understand how each comment contributes to the flow of the conversation. Some meeting 

summarisation systems (described in Section 5.1.1) solve this by including annotations that explicitly 

state these associations. Others, such as HMNet (Zhu et al., 2020) and DDAMS (Feng et al., 2020), 

concentrate on who said what, which aids in the conversion of first- and second-person phrases (such 

as "I" or "you") into third-person language appropriate for summaries. 

 Furthermore, as explained in Section 5.1.2, some advanced systems employ nonverbal data such as 

participants' eye gaze or gestures to better grasp the context and flow of interaction during meetings. 

• Discursive Information 

Most abstractive meeting summarisation algorithms view discussions as basic text sequences, 

ignoring how utterances connect to one another. However, knowing semantic relations such as 

enquiries, answers, and acknowledgments is critical for correct descriptions.  

Recent models employ discourse structure theories like RST and SDRT, which depict 

conversations as graphs that connect related statements. Feng et al. (2020) generated 

summaries by combining such graphs with a Graph Convolutional Network (GCN) and a 

Pointer-Generator Network (PGN). 

These methods are also useful for decision and action-item summarisation, as demonstrated in 

research such as Fernández et al. (2008) and Purver et al. (2007), which identify and 

summarise crucial decision-related talks. 

• Multimodality 

Meetings often take place in visual settings where gestures, expressions, and eye movements 

convey key information. Including these nonverbal cues can make summaries more accurate 

than relying only on text. Research supports this for example, Li et al. (2019) found that 

tracking participants’ visual focus improves abstractive summaries, while Erol et al. (2003) 

showed that combining visual and audio cues with text enhances extractive results. However, 

adding such multimodal data can be time-consuming and error-prone, especially when done 

manually. 

To overcome this, recent work focuses on generation-based models that create summaries 

directly from data. Still, interpretive models, such as those using discourse graphs, remain 

valuable for capturing structure and meaning in longer, complex meetings. 

2. Transformation 

Like traditional multi-step text summarisation methods, this approach converts meeting transcripts 

into intermediate representations that facilitate summarisation. First, utterances are grouped 

according to shared subjects, related fields, or common enquiries. This segmentation helps focus 

on distinct areas of a conference, making summaries more organised and meaningful.  

An extractive step is frequently used to remove irrelevant items before or after grouping. Because 

different meetings require distinct summary formats for example, doctor-patient consultations may 

require SOAP-style notes this segmentation makes it easy to create domain-specific summaries. 
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Furthermore, breaking down long meetings into smaller, topic-based segments helps overcome 

processing constraints and enhances summarisation efficiency. 

• Topic Segments 

Topic segmentation breaks lengthy discussions into smaller, focused sections, each covering a 

specific theme. For example, Banerjee et al. (2015) used the LCSeg tool to divide meeting 

transcripts into topic-based segments and then selected the most meaningful sentences to form 

concise summaries. This ensures that important ideas from every part of the discussion are 

retained. The same approach has also proven effective for summarizing medical and casual 

conversations, highlighting its adaptability across different types of dialogues. 

• Abstractive Communities 

Abstractive community detection, introduced by Murray et al. (2012), is used in meeting 

summarization to group related sentences that together express one main idea. A logistic 

regression model identifies links between utterances, forming a graph where connected groups 

called abstractive communities represent shared meanings. Later work, such as Shang et al. 

(2020a), improved this using advanced clustering on neural embeddings. Mehdad et al. 

(2013) built on this by filtering out less useful sentences and generating concise summaries 

using a multi-sentence compression graph, producing clear and coherent statements. Later 

studies (Shang et al., 2018; Park & Lee, 2022) further enhanced the technique, showing it’s 

especially effective for summarizing decision-focused discussions in meetings. 

• Template-related Clusters 

Sometimes meeting summaries need to follow a specific format or structure. To achieve this, 

Oya et al. (2014) introduced a template-based abstractive summarization method that uses 

clustering and compression techniques to form patterns like “[speaker] discussed [action] and 

[content].” The system breaks the meeting into topics, picks suitable templates, and fills in 

details to produce clear, structured summaries. Later, Krishna et al. (2021) expanded on this 

by designing summaries based on the AMI format Abstract, Decision, Problems, and Action. 

Their model identifies key sentences and organizes them into the right sections. This 

structured approach has also proven effective for generating clinical summaries of doctor-

patient interactions. 

• Query-related Clusters 

To handle different meeting styles and personal preferences, Mehdad et al. (2014) introduced 

a query-based meeting summarization system that lets users generate summaries tailored to 

specific interests. The system identifies statements most relevant to a user’s query and 

condenses them into clear sentences using compression techniques. Later, the QMSum 

dataset (Zhong et al., 2021) expanded this idea by adding multiple query-summary pairs for 

meetings, along with a model that locates query-relevant content and generates summaries 

automatically. While flexible, these systems often struggle with the spontaneous and scattered 

nature of real meetings. Improving topic segmentation and context understanding could lead 

to more accurate and useful summaries in the future. 

 

3. Generation 

Large pretrained transformer-based language models like as BART, T5, and others have 

recently made significant advances in numerous natural language generation (NLG) problems. 

However, when applied directly to meeting summarisation, these models frequently fall short. This 
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is because meeting conversations deviate significantly from the well-structured text that these 

models were trained on. Furthermore, such models can only handle limited input lengths, which 

are significantly shorter than the average time and length of meeting transcripts. 

• Long Input Processing 

A common approach to handle long meeting transcripts is to split them into smaller parts 

before summarizing. Koay et al. (2021) used a sliding window with BART to summarize 

each chunk and then merge the results, while Zhang et al. (2022) proposed SUMMN, a 

multi-stage “split-then-summarize” model that refines summaries step by step. Though 

effective, these methods often lose context between segments. 

To overcome this, researchers explored Transformer-based models designed for long 

sequences. Longformer (Beltagy et al., 2020) adapts self-attention to handle lengthy inputs 

efficiently, and studies show it performs well for meeting data. Hierarchical Transformers 

like HMNet (Zhu et al., 2020) and HAT (Rohde et al., 2021) further improve performance by 

mirroring meeting structure processing words into utterances and utterances into full 

transcripts to produce more coherent and context-aware summaries. 

• Domain Adaptation 

Domain adaptation focuses on enhancing language models by tailoring them to specific 

contexts instead of relying only on general pretraining. Gururangan et al. (2020) showed that 

additional pretraining on domain-specific data significantly boosts performance compared to 

using general-purpose models. For instance, Zhong et al. (2022) introduced DialogLM, 

trained on dialogue-specific data with simulated interruptions and speaker changes, helping 

the model better capture real conversational flow. Similarly, Zou et al. (2021) proposed a 

multi-source pretraining method for low-resource dialogue summarisation, combining in-

domain and external data to improve generalisation. 

Overall, generation-based models using domain-adapted pretraining perform well in 

abstractive summarisation, even with limited data. However, interpretation-based systems 

still offer stronger contextual understanding. Bridging these two approaches remains a key 

direction for future research. 

VI. Future Directions 
• Multi-task Learning. 

Future meeting summarisation research can benefit from multi-task learning, which trains models 

to perform numerous related tasks at once, such as dialogue act classification, discourse parsing, 

community detection, and multimodal understanding. This method has been demonstrated to 

improve both efficiency and accuracy, as mastering one task can benefit another by exchanging 

important information (Caruana, 1997). Studies such as those by Li et al. (2019) and Feng et al. 

(2021b) demonstrate the promise of this approach, which future systems may expand to make 

summarisation more context-aware and data-efficient. 
• Factual Consistency. 

Maintaining factual accuracy is a significant difficulty when summarising meetings. According to 

Cao et al. (2018), over 30% of neural model descriptions contain false or incorrect facts. These 

problems are frequently caused by the model's failure to track dialogue flow, handle informal 

exchanges, or properly resolve coreferences (Tang et al., 2022). 

Future work should focus on decreasing hallucinated content and ensuring summaries accurately 

reflect the meeting's actual substance. Furthermore, there is a pressing need for new evaluation 

metrics that can quantify factual consistency specifically for dialogues, as current techniques built 



Vol-11 Issue-6 2025   IJARIIE-ISSN(O)-2395-4396 
 

27619 ijariie.com 138 

for short texts fail to reflect the complexity of long, multi-speaker transcripts (Zechner and Waibel, 

2000; Huang et al., 2021). 

• Weak to No Supervision. 

Most contemporary meeting summarisation methods rely primarily on supervised learning, which 

requires big, annotated datasets. However, this dependence limits their versatility by making them 

language and particular dataset. A possible future path is to investigate weakly supervised, semi-

supervised, or even unsupervised methods that can eliminate the need for expensive labelled data. 

Autoencoders and utterance-level attention are two techniques that could help identify key parts of 

a meeting without explicit supervision. So yet, these approaches have received little attention, but 

they hold enormous promise for future research. 

• Spoken Language Models. 

While huge pretrained models like BERT, T5, and GPT have transformed text-based NLP, they 

frequently struggle with spoken dialogue data since it is informal and unstructured. Future 

developments could focus on constructing spoken-language-specific models, such as DialoGPT 

(Zhang et al., 2020b) and DialogLM (Zhong et al., 2022), to better interpret multi-speaker 

discussions. Such models have the potential to considerably improve the performance and 

accuracy of abstractive meeting summarisation systems by capturing the intricacies of real-world 

speech patterns. 

• Commonsense Incorporation. 

Humans naturally employ commonsense knowledge to understand and summarise information for 

example, understanding that a piano is played by pushing keys. However, machines lack this 

intuitive intuition. Integrating commonsense knowledge graphs into language models helps 

improve reasoning and understanding, closing the gap between interpretation and generation-based 

systems (Ilievski et al., 2021). 

Incorporating such prior knowledge is especially useful in professional meetings, where 

participants frequently rely on shared understanding and domain-specific terminology. By 

incorporating commonsense and contextual information into summarisation models, systems can 

capture implicit meanings and provide more coherent, human-like summaries (Zhou et al., 2018; 

Xiachong et al., 2021). 

• Prompting Paradigm. 

The emergence of large language models like GPT-3, Gopher, and PaLM has introduced a new 

paradigm called prompt-based learning. Instead of fine-tuning models for every task, users can now 

provide simple natural-language instructions such as “Summarise the above article in three sentences” 

and obtain high-quality results with little or no training data. 

This approach, enhanced through instruction tuning (e.g., FLAN, T0, BLOOMZ) and human 

feedback training (e.g., ChatGPT), has achieved performance comparable to traditional fine-tuning 

methods (Stiennon et al., 2020; Goyal et al., 2022). 

Although still rarely applied to meeting summarisation, prompt-based methods show strong potential 

for producing customised summaries that highlight specific aspects like decisions, actions, or 

discussions. However, evaluating such summaries remains a challenge, as traditional metrics like 

ROUGE and BERTScore struggle to capture the quality of more creative and abstract outputs. 

Developing new evaluation strategies and more effective prompts could significantly advance this 

field. 

VII. Conclusion 
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The paper provides a detailed overview of recent advancements in abstractive meeting summarization. It 

effectively highlights key research challenges and introduces a taxonomy based on the Interpretation 

Transformation Generation framework proposed by Jones (1999). The authors also compare existing approaches 

and outline potential directions for future research. 
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