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Figure 2: (TOP) Relative position of supporting utterances in their local windows. We find that BART tends to take
summary content from the first 150-200 tokens of the input sequence. With a large window (W=1024), summary
content is likely taken from the first 20% of input. (BOTTOM) Length distribution of BART abstracts, measured
by number of characters. Using windows ranging from 128 to 1024 tokens, the average abstract length increases
from 281 to 332 characters, i.e., 56 to 66 words assuming 5 characters per word for English texts (Shannon, 1951).
Results are obtained on the ICSI training set using human transcripts.

available, and baseline summarizers are set to out-
put the same number of summary utterances as the
sliding-window (SW) approach. Our SW approach
can outperform or perform comparably to competi-
tive baselines when evaluated on human and ASR
transcripts. We note that Koay et al. (2020) utilize
a supervised BERT summarizer, whereas our SW
approach is unsupervised.5 It does not require an-
notated summaries and only uses the training set to
determine window and stride sizes (S=128, W=1024,
details later).

A closer examination reveals that Google tran-
scripts contain substantially less filled pauses (um,
uh, mm-hmm), disfluencies (go-go-go away), repe-
titions and verbal interruptions. The Google service
also tends to produce lengthier utterances. Table 2
provides an example comparing human, AMI and
Google transcripts. The summaries produced with
Google transcripts contain fewer utterances and
less number of words per summary. They achieve
a higher precision and lower recall when compared
to those of AMI and human transcripts.

We are curious to know where supporting utter-
ances appear in the local windows. In Figure 2, we
discretize the position information into 5 bins and
plot the distributions for four settings that use differ-
ent window sizes (W={128,256,512,1024}) but the
same stride size (S=128). We observe that BART

5We use pyrouge with default options to evaluate all sum-
maries. The scores are different from that of Koay et al. (2020)
which removed stopwords during evaluation by using ‘-s’.

Transcription Human AMI Google
# of utter. per meeting 1330 1410 188
# of words per utterance 7.7 7.0 33.0
(Human) and um
There one of our
diligent workers has to sort of volunteer to
look over Tilman’s shoulder while he is changing
the grammars to English
(AMI) And um
And they’re one of our a
The legend to work paris has to sort of volunteer to
Look over time and shorter what he is changing
that gram was to english
(Google) and they are one of our diligent workers has
to sit or volunteer to look over two months shoulder
while he is changing the Grandma’s to English

Table 2: Compared to human and AMI transcripts, ut-
terances produced by Google’s transcription service are
lengthier and there are fewer utterances per meeting.

tends to select content from the first 150 to 200
tokens of the input and add them to the abstract. It
indicates that the model exhibits strong lead bias
even for spoken text, which differs from news writ-
ing (Grenander et al., 2019). Additionally, we ex-
amine the length of BART abstracts, measured by
the number of characters in an abstract. Using win-
dows from 128 to 1024 tokens, we find that the avg.
abstract length increases from 281 to 332 charac-
ters, ≈56 to 66 words assuming 5 characters per
word on average for English texts (Shannon, 1951).
While a larger window can lead to a longer abstract,
the abstract size is disproportionate to the window
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Figure 3: Precision, recall and F-scores of summary ut-
terance selection using different combinations of stride
(S) and window (W) sizes. Results are obtained on the
ICSI training set using human transcripts. We find that
(S=128, W=1024) attains a good balance between preci-
sion and recall, whereas using small, non-overlapping
windows (S=128, W=128) yields high recall due to more
utterances are included in the summary.
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Figure 4: R-1 and R-2 scores when different combina-
tions of stride (S) and window (W) sizes are used. Re-
sults are obtained on the ICSI training set for human
transcripts. With (S=256, W=1024), we obtain balanced
precision and recall scores. The best R-2 F-score is
achieved with (S=128, W=1024).

size. These results are obtained on the training set
using human transcripts as input.

In Figure 3, we investigate various combinations
of stride (S) and window sizes (W) and report their
precision, recall and F-scores on summary utter-
ance selection. Similarly, the results are obtained
on the training set using human transcripts as input.
We highlight some interesting findings. We observe
that a large context window (W=1024) tends to give
high precision. A small window combined with
small stride yields high recall due to more utter-
ances are selected for the summary. For example,
both settings (W=512, S=128) and (W=1024, S=256)
allow an utterance to be visited 4 times. The former
achieves a higher recall (0.395 vs. 0.239) due to
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Figure 5: Percentage of supporting utterances per meet-
ing (TOP) and per local window (BOTTOM). Results
are obtained on the ICSI training set with different com-
binations of stride (S) and window (W) sizes, for human
transcripts and two versions of automatic transcripts
(Google vs. AMI).

Utterance Rating
System Score-2 Score-1 Score-0

TextRank 8.58% 25.66% 65.77%
Supervised-BERT 11.35% 28.96% 59.69%
Sliding Window 11.46% 26.11% 62.43%

Table 3: Percentage of summary utterances rated as
highly relevant (2), relevant (1) and irrelevant (0) by
human evaluators. The systems for comparison are
TextRank, a supervised BERT summarizer (Koay et al.,
2020) and Sliding Window.

its smaller window and stride sizes. In Figure 4,
we show R-1 and R-2 scores obtained on the train-
ing set for all combinations of stride and window
sizes. We find that recall scores decrease substan-
tially using large stride sizes (>=512 tokens). With
(S=256, W=1024), we obtain balanced precision and
recall scores. The best R-2 F-score is achieved with
(S=128, W=1024) which is used at test time.

In Figure 5, we present the percentage of sup-
porting (summary) utterances per meeting and per
window, for various combinations of window and
stride sizes. On human transcripts, we observe that
combining small stride and window sizes (S=128,
W=128) has led to ∼30% utterances to be selected
per meeting. In contrast, (S=128, W=1024) selects
19% of the utterances. Human transcripts and auto-
matic transcripts generated by AMI ASR appear to
show similar behavior, but the Google transcriber
breaks up utterances differently.

We further conduct a human evaluation on the six
test meetings. Three human evaluators (two native
speakers and a non-native speaker) are employed
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Speaker Utterance BERT SW Gold

fn002 I - Hynek last week say that if I have time I can to begin to - to study 1 1 1
fn002 well seriously the France Telecom proposal to look at the code and something like that 1 1 1
me013 Mm-hmm. 0 0 0
fn002 to know exactly what they are doing because maybe that we can have some ideas 1 0 0
me013 Mm-hmm. 0 0 0
fn002 but not only to read the proposal. Look look 0 0 0
fn002 carefully what they are doing with the program and I begin to - to work also in that. 1 0 1
fn002 But the first thing that I don’t understand is that they 0 1 1
fn002 are using 0 0 1
fn002 the uh log energy that this quite - I don’t know why they have some 0 1 1
fn002 constant in the expression of the lower energy. I don’t know what that means. 0 1 1
me018 They have a constant in there, you said? 0 1 0

Table 4: Extractive summaries produced by the sliding-window approach (SW) appear to read more coherently
than those of the supervised BERT summarizer. Consecutive sentences in SW summaries are more likely to be as-
sociated with the same idea/speaker compared to supervised-BERT. “Gold” are ground-truth summary utterances.

for this task. They rate each summary utterance as
highly relevant (2), relevant (1) or irrelevant (0) by
matching the utterance with the meeting abstract
provided by the ICSI corpus. The systems for com-
parison are SW, TextRank and the fully supervised
BERT summarizer (Koay et al., 2020). In Table 3,
we report the percentage of summary utterances
assigned to each category (Fleiss’ Kappa=0.29).
Our summarizer obtains promising results. It out-
performs TextRank and performs comparably to
supervised-BERT. We find that the SW summarizer
navigates through the transcript in an equally de-
tailed manner. It leads to coherent and sometimes
verbose summaries, compared to other extractive
summaries. A snippet of the transcript and its ac-
companying summaries are shown in Table 4.

5 Conclusion

We investigate the feasibility of a sliding-window
approach to generating meeting minutes and obtain
promising results on both human and automatic
transcripts. The approach does not require anno-
tated data and it has a great potential to be extended
to meetings of various domains. Our future work
includes, in the near horizon, experimenting with a
look-ahead mechanism to enable the summarizer
to skip over insignificant transcript segments.
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