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Abstract
In this paper we investigate the role of discourse analysis in
extractive meeting summarization task. Specifically our pro-
posed method comprises of two distinct steps. First we use a
meeting segmentation algorithm in order to detect various func-
tional parts of the input meeting. Afterwards, a two level scor-
ing mechanism in a graph-based framework is used to score
each dialogue act in order to extract the most valuable ones and
include them in the extracted summary. We evaluate our pro-
posed method on AMI and ICSI corpora and compare it with
other state-of-the-art graph based algorithms according to vari-
ous evaluation metrics. The experimental results show that our
algorithm outperforms the other state-of-the-art ones according
to most of the metrics and on both datasets.

1. Introduction
Improvements of automatic speech recognition systems and in-
creasing amount of audio data (such as broadcast news, voice
mail, telephony conversations and meetings) have attracted
plenty of research interest in the field of speech summarization.
On the other hand, conversation and in its specific form, meet-
ings are an integral part of each organization. Not surprisingly
then, there is growing interest in developing automatic meth-
ods which summarize meetings in a way that by reading only
the extracted summary, the reader will be informed about the
important key-notes of the meeting.

Traditionally and based on earlier works on summarization
task [1], extractive methods are expressed as a combination of
two distinct goals in selecting each sentence: maximizing the
information covered by the sentence while minimizing its re-
dundancy according to previously extracted sentences. Differ-
ent summarization algorithms use different strategies to calcu-
late how much informative a sentence is, but few of them in-
corporate meeting specific structural information in calculation
[2, 3, 4, 5].

In this work, we propose to consider discourse by detecting
speaker zones in the meeting flow. We try to segment a meeting
transcript into functionally coherent parts such as monologue or
discussion. We hypothesize that detecting these parts and sum-
marizing meeting transcript accordingly can improve the accu-
racy of the extracted output. We compare our proposed algo-
rithm against state-of-the-art algorithms and show improvement
over them using standard summarization measures (ROUGE-1,
ROUGE-2) and classification measures (Precision, Recall, F-
Measure) on AMI and ICSI standard meeting corpora.

This paper is organized as follows. Section 2 describes
relevant works. Section 3 illustrates our proposed algorithm.
In Section 4 evaluation metrics and experimental results are
shown. Finally in Section 5 we describe our future work and
conclude the usefulness of our proposed algorithm.

2. Related works
Generally speaking, there are two distinct categories of summa-
rization approaches: supervised methods which need annotated
training data to train their models [2, 6, 7, 8, 9] and unsuper-
vised methods which need no labeled training set and use only
the information in words of the document to be summarized
[10, 11, 12, 13].

Most of the approaches applied for meeting summariza-
tion purpose are inherited from text summarization task like
Maximal Marginal Relevance (MMR) [1, 14], topic-based
[15, 16, 17], graph-based [10, 13, 18], and optimization-based
[12, 19, 20]. It has been shown that the graph-based approaches
are the most successful ones compared to other methods in the
meeting summarization domain [21].

One successful method proposed in graph-based category is
ClusterRank [13]. In this method, adjacent utterances are clus-
tered according to their similarity values. A graph is constructed
where nodes are these clusters and Random-walk procedure is
applied on this graph to score each cluster. Afterwards, each
utterance is scored according to its associated cluster and the
similarity between the utterance and its corresponding cluster.
The main difference between our work and ClusterRank is the
segmentation step. While ClusterRank uses a very simple al-
gorithm which clusters similar adjacent utterances to one seg-
ment, our segmentation algorithm tries to segment the meeting
into zones in which speakers distribution is steady. We also use
weighted combination schema to compute the final score for
each utterance.

Another state-of-the-art algorithm proposed in graph-based
framework constructs two-layer graph [10]. This algorithm uses
speakers information in order to score each utterance. Utter-
ances are represented as nodes in utterance-layer and speakers
are represented as nodes in speaker-layer of the graph. Apply-
ing Random-walk procedure on this constructed graph, scores
from different layers are reinforced so that final utterance scores
are influenced by utterances from the same speaker and similar
utterances.

There are a few previous works which incorporate discourse
information in the summarization task. [2] adds some very sim-
ple discourse features (such as existence of specific keywords
in the utterance and the position of that utterance in the meet-
ing) to calculate informative score for each sentence. In [3] it
is shown that adding structural features can improve the effec-
tiveness of the summarization algorithms. [5] studies the effect
of turn-taking and participant involvement on the task of find-
ing more informative segments in a meeting. The authors in
[4] study the usefulness of discourse more profoundly. They
use Conditional Random Fields to extract rhetorical structure
and summary in a single step. However the main difference be-
tween this work and ours is that this work is supervised in the
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sense that it needs an annotated training data to learn the param-
eters of CRF model. The main goal of our work is to design an
unsupervised algorithm which improves the accuracy of state-
of-the-art algorithms. Another difference between these works
is that in [4], the authors use different categories to segment the
meeting accordingly. We aim to segment a meeting into func-
tional coherent parts which discriminates between monologue
part from discussion one.

We try to segment a meeting into separate parts, where in
each a different set of speakers is engaged. There are some
previous works that pursue the same goal [22, 23, 24]. These
works try to segment a meeting transcript according to these
categories: Monologue, Discussion, Note-taking, Presentation,
and Presentation with white-board. However our segmentation
algorithm differs from these previous ones according to the fol-
lowing aspects:

1. Our segmentation algorithm is unsupervised1, while all
the previous approaches are supervised.

2. Our goal is to discriminate between monologue and var-
ious kinds of discussion parts. In previous approaches
there are other unrelated types of segments (like pre-
sentation, note-taking, etc.). Discriminating these ad-
ditional segments has no effect on the summarization
task. However previous approaches don’t discriminate
between various kinds of discussion parts. In natural
meetings there may be a large discussion segment con-
structed from smaller parts where different speakers are
engaged in. Discriminating these parts can improve the
performance of summarization algorithm.

3. Our proposed approach
Our proposed algorithm consists of two separate steps. The first
one segments the input document into functional coherent parts.
In this step, we aim to segment and structure the meeting tran-
script into sequences of meeting actions such as monologue or
discussion between two or more speakers. The second step uses
this segmentation and scores each utterance in the meeting ac-
cording to its associated segment using a graph-based approach.
In the following we describe these two steps separately. Here
we assume that the utterance boundaries and the speaker of each
utterance is known in advance.

3.1. Functional segmentation step

Analyzing multiple meetings in both AMI [25] and ICSI [26]
corpora, we notice that a meeting can be segmented according
to the distribution of speakers. This is the main idea behind our
proposed algorithm. In fact we try to detect various parts of a
meeting where speakers distribution changes. An example is
shown in Figure 1. In this figure, two segments are shown. In
the left one,there is a key speaker who dominates the segment
and lectures all other participants about an aspect of the dis-
cussed topic. In this segment, speakers distribution has a peak
over that dominant speaker. In the other one there is a debate
between participants resulting in a flat distribution where all or
some of speakers have the same contribution. We try to find a
segmentation in which each segment differs from adjacent ones
according to their speakers’ distribution. To achieve this goal,
we first segment a meeting into smaller equal segments. Us-
ing this initial segmentation, we iterate through segments and

1Our algorithm needs a very small development set (one meeting in
our study) to tune its parameters. However its performance is not very
sensitive on the changes of these parameters.

Figure 1: Example of speakers’ distribution for two kinds of
segments, monologue and discussion. In this figure, each col-
umn represents the number of utterances spoken by that speaker
in the segment.

merge ones that have similar speakers’ distribution. We stop the
repetition when we reach a segmentation which is not changed
anymore. The complete algorithm is illustrated in Algorithm
1. Applying this algorithm, we expect to reach a segmentation
where each segment differs from next and previous ones accord-
ing to their speakers distribution.

Algorithm 1 functional segmentation algorithm

Input: seq (Sequence of speaker id’s of a meeting)
Parameters: T , THcu

seg ← Segmentation of seq into T length parts.
while No changes occured in seg do
numseg ← Number of segments in seg
for all segment s in seg do
dists ← speakers distribution for s
Merge s with its consecutive segments until distance
between the merged segment and s reach THcu

end for
end while
Output: seg

Generally speaking, the idea here is similar to bottom-up
approaches for clustering. We start with over clustering in
which the number of clusters is more than the final number of
desired clusters. We then iteratively combine adjacent clusters
with similar speaker distributions. The performance of this pro-
posed algorithm is shown later in experimental results.

3.2. Utterance ranking step

Segmenting utterances in a meeting, now we need a procedure
to compute a salience score for each utterance. Similar to Clus-
terRank algorithm introduced in [13], we use a two level ap-
proach for scoring each utterance. At the first step, a graph
G is constructed where each segment is represented as a node
and directed edges between nodes are weighted according to
the segments similarity value. We compute similarity between
clusters using Cosine measure as shown in Eqn. 1.

Cosine(X,Y ) =
∑

w∈X,Y tfidf(X,w)∗tfidf(Y,w)√∑
x1∈X tfidf(X,x1)2∗

∑
y1∈Y tfidf(Y,y1)2

(1)

We use tfidf to compute score of word w in segment X .
This score is the product of two terms. The first one is the num-
ber of occurrences of w in X (tf) and the second one is the
inverse of number of all segments that contains w (idf). We
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normalize the scores of outgoing edges of a node, so the graph
can be seen as a Markov chain. We apply random walk process
on G to compute salience score for each segment. Specifically
Eqn. 2 is used iteratively to compute segments scores.

P (u) = d
N

+ (1− d)
∑

v∈adj(u) weightedge(u, v) ∗ P (v) (2)

In Eqn. 2, P is a vector whose elements are salience scores
of each segment. d is damping factor which is typically chosen
in the interval [0.1, 0.2] and ensures convergence [18]. u and v
are two nodes of G and adj(u) denotes nodes that are adjacent
to u. Vector P can be chosen randomly at first and Eqn. 2
is then iteratively applied on all nodes of G until changes on
vector P becomes lower than a predefined threshold.

At this point, scores for each segment is computed. Now
utterance (U) in the meeting must be scored according to its as-
sociated segment (S) score and the degree of importance of U in
S. As previous works, the degree of importance of U in S can be
computed according to their similarity. Both U and S are con-
sidered as bag of words and cosine similarity measure is used
to compute the similarity. These two scores are combined in a
weighted manner to compute the final score for each utterance
according to Eqn. 3.

score(U) = cosine(U, S) + ω ∗ P (S) (3)

In the above equation, P is computed according to Eqn. 2.
ω and other parameters of the algorithm are tuned according to
a small development set as shown in the experimental result.
Using the procedure described above, we obtain the salience
score for each utterance. Now all utterances are sorted accord-
ing to their scores and the best ones are greedily selected until
summary length exceeds predefined threshold.

4. Experimental results
4.1. Setup

The AMI meeting corpus [25] is a collection of 100 hours of
meeting data that includes annotations in various layers such as
speech audio, transcripts, focus of attention, and etc. In order to
evaluate the effectiveness of our proposed algorithm, a subset
of 11 meetings in the AMI corpus were manually annotated and
used as test set2. We employed graduate students as annotators
and asked them to segment the meetings according to different
events. They were given a guideline which included the task
definition and various examples used to clarify the concept of
events and function segmentation of a meeting. Each meeting
was annotated by one annotator. One special trained annotator
then checked and finalized the annotations. The average number
of segments in this set is 19.6. One of these meetings was used
as our development set on which we tuned the parameter THcu

of the segmentation algorithm.
We used Pk [27], which is the most widely used metric

for segmentation evaluation. Given two points in a sequence,
Pk specifies the probability of segmentation error, which is the
average probability that the segmenter’s decision is incorrect.
Note that Pk is a measure of error and thus a lower score means
better segmentation performance.

2The ids of annotated meetings are: es2008a, is1000a, is1001a,
is1001b, is1001c, is1003b, is1006b, is1008a, is1008b, is1008c and
ts3005a. We chose these meetings since they have more annotations
in the AMI corpus, which can be useful for our future studies. The ref-
erence segmentation as well as the annotation guide can be found here:
http://ce.sharif.edu/ bokaei/resources/funseg/

To evaluate the whole summarization algorithm, we used 20
meetings in the same AMI corpus3. Each meeting is prepared
with one reference summary. These summaries have no unique
compression ratio. The average compression ratio for our test
set is 0.38 and its variance is 0.0091.

We also tested our summarization algorithm on ICSI meet-
ing corpus [26] which contains 75 recordings from natural
meetings. Each meeting is about an hour long. We evaluated the
results of our summarization algorithm according to the whole
meetings in this corpus. For our evaluation purpose we used
human transcription of the meeting and also assumed that the
speaker of each utterance is specified in advance.

According to the fact that extractive meeting summariza-
tion is indeed a classification task where important utterances
must be distinguished from not-important ones, we can use
common evaluation metrics in classification tasks such as pre-
cision, recall and F-measure. From another viewpoint, ROUGE
[28] evaluates a summarization system based on the number of
overlapping units such as n-grams, between the system gener-
ated summary and the ideal summary created by human anno-
tator. We show results of our summarization algorithm using
ROUGE-1 (unigram overlap) and ROUGE-2 (bigram overlap)
along with classification measures to compare the result with
the other state-of-the-art algorithms4.

4.2. Results

Using the single meeting in our development set, we tune the
parameters of our algorithm. Specifically we choose THcu =
0.2 and T = 10. We use ε = 10−4 for the threshold used in
utterance ranking step. We also test various values for ω and
found that the best result is achieved on ω = 0.25.

First we analyze the performance of our proposed segmen-
tation algorithm. The result of applying this algorithm on our
test set is shown in Table 2. In order to further analyze the al-
gorithm, the segmentation found in a sample meeting is shown
in Figure 2.a. This figure shows the boundaries found by our
proposed algorithm (dashed lines) and the reference boundaries
(solid lines). Figure 2.b shows the speaker distribution for the
first 6 segments in the segmentation found for this meeting. As
this figure shows, we have some segments in which one per-
son lectures all others and thus it will be a monologue segment
(segments 1, 4 and 6). We also have segments which contain
discussions between specific participants in the meeting (seg-
ments 2, 3 and 5).

We also compare our proposed summarization algo-
rithm against state-of-the-art algorithms proposed in literature.
Specifically these algorithms are:

• ClusterRank [13]: This is our base algorithm. As stated,
our utterance ranking step is inspired by this algorithm.

• MRRW-WBP [10]: This is the state-of-the-art algorithm,
recently proposed. It uses Probabilistic Latent Semantic
Indexing in a graphical framework in order to score each
utterance.

To compare results fairly, we consider different compression ra-
tios for meetings. For each meeting we compute the compres-
sion ratio according to the one used to generate reference extrac-
tive summary in the corpus, which is the number of words in the
reference extracted summary divided by the total number of the

3The ids of meetings are: ES2004, ES2014, IS1009, TS3003 and
TS3007.

4We uses ROUGE package (http://www.berouge.com/) to evaluate
our proposed summarization algorithm.
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Table 1: Results of our proposed algorithm compared to ClusterRank [13] and MRRW-WBP [10]

Data Algorithm Classification measure (%) ROUGE1 (%) ROUGE2 (%)
P R F P R F P R F

AMI ClusterRank 39.07 42.26 39.74 78.31 74.06 74.87 54.73 50.92 51.90
MRRW-WBP 54.43 37.53 43.67 80.03 74.97 76.14 61.15 56.21 57.63
Proposed Method 53.46 37.87 43.58 80.51 76.22 77.02 61.75 57.61 58.65

ICSI ClusterRank 18.70 16.21 17.07 60.47 70.99 64.94 31.81 37.07 34.04
MRRW-WBP 25.67 17.97 20.87 63.64 74.93 68.36 35.36 41.48 37.91
Proposed Method 26.36 23.36 24.48 64.45 75.76 69.18 37.03 43.31 39.66
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Figure 2: Results of applying the segmentation algorithm on
the sample meeting es2008a: (a) Location of found bound-
aries (dashed line) in comparison with the reference boundaries
(solid line). (b) Speakers’ distribution for the first six segments
after applying the proposed functional segmentation algorithm.
Each column represents total number of utterances in that seg-
ment differed in color according to their speakers..

utterances in that meeting. Results are shown in Table 1. Com-
paring the results of our proposed algorithm and ClusterRank,
we see that using segmentation based on discourse analysis, im-
proves the performance of the whole summarization algorithm.

The major advantage of our proposed algorithm over other
base-line methods is its capability of detecting local important
utterances. The importance of these utterances are due to the
context they are used in. The similarity between these utter-
ances and the whole document is not considerable. Algorithms
that calculate the score of each utterance according to its sim-
ilarity to the whole document can not detect them. On the
other hand, our proposed algorithm detects them by segment-
ing the transcript and then calculating the score of each utter-
ance according to its similarity to the corresponding segment.
However, the calculated score for a segment containing these
types of utterances is lower than a segment containing utter-
ances which are more similar to the whole document. This is
the main reason that the best result is achieved when the weight
of cluster score is decreased to 0.25 in order to lower the effect
of cluster score in comparison with utterance similarity score.

Table 2: Results of our proposed segmentation algorithm

.

Algorithm Pk

Random segmentation 0.50
Proposed segmentation algorithm 0.43

5. Conclusion and future works
In this work we investigated the effect of considering discourse
structure in the performance of summarization systems. Specif-
ically we tried to segment meeting discourse into functionally
coherent segments and then scored each utterance according
to this segmentation. Results showed improvement over other
state-of-the-art algorithms.

We believe that the performance of this algorithm can be
further improved using other levels of discourse analysis such
as extracting relations between utterances. From another view-
point, literature proves that using other weighting schema other
than tfidf, which we used in this study, can improve the accuracy
of summarization system in multi-party conversations [29].

However, the main track of our future works will concen-
trate on designing a system which summarizes each segment
separately. According to this fact that demands of users change
according to the type of the segments. While in a monologue
segment, readers are interested in finding the key notes of the
lecture, in a discussion segment, they are interested in finding
the topic of the discussion, its outcome and maybe sentiments of
participants to that result. According to these needs, the way a
summary for monologue segment is generated must be different
from the way a summary is generated for discussion segment.
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