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Abstract
Conversational agents are expected to play the role of listening
to narratives instead of humans. To be recognized as narrative
listeners, these agents are required to generate responses indi-
cating attentive listening at appropriate times. However, narra-
tive and response data are not always well accumulated to de-
velop statistical models. One solution to this issue is to utilize
other data besides response data. In this study, we utilize text
data to train a response timing detection model inspired by the
relationship between punctuation marks and attentive listening
responses. Specifically, the model was trained on a punctuation
insertion task using text data before being trained on the re-
sponse data. A response timing detection experiment was con-
ducted to evaluate the effect of utilizing text data in terms of the
amount of response data. The results showed that the utilization
of text data enhanced the performance of the response timing
detection, especially with limited data.
Index Terms: attentive listening, punctuation marks

1. Introduction
In Japan, increasing single-person households, particularly
among the elderly [1], has led to fewer opportunities for people
to narrate. Narrating is a basic human need, and losing oppor-
tunities to narrate is a social problem. One solution to this issue
is that conversational agents provide opportunities for people to
narrate instead of humans. To be recognized as narrative listen-
ers, these agents are required to show an attitude of attentive
listening. An explicit means of achieving this is to respond to
the other’s narrative. In this paper, utterances in response to
narratives with the purpose of showing attentive listening are
referred to as attentive listening responses.

Attentive listening responses convey an attitude of listen-
ing to the narrative and indicate understanding to the speaker,
and generating them at appropriate times can help motivate the
speaker to narrate. However, generating them at inappropriate
times can be counterproductive since it interrupts the narration
[2]. To act as narrative listeners, conversational agents are re-
quired to be able to detect appropriate response timing.

To enable response timing detection, it is practical to ac-
quire a statistical model from narrative and response data. How-
ever, such of data to train a response timing detection model are
not always well accumulated. One solution to this problem is to
utilize other data besides the response data to train the model.
A previous study proposed that the method involves utilizing
punctuation in text data and sentiment polarity [3]. However,
it is unclear how punctuation marks relate to attentive listening
responses and how much the amount of response data affects
the utilization effect.

In this study, we investigate the relationship between the

punctuation marks and responses, and evaluate the effect of uti-
lizing punctuation marks in terms of the response data volume.
Previous studies have shown that, for spoken language, both
responses and punctuation marks tend to be generated and in-
serted after a pause in the narrative [4, 5, 6]. In a preliminary in-
vestigation, we compared the occurrence position of responses
and the insertion position of punctuation marks in narratives.
The investigation showed that they exhibited certain similari-
ties.

According to our preliminary investigation, our model was
trained on a punctuation insertion task using text data before
training on the response timing detection task using response
data. In other words, a punctuation insertion task was intro-
duced as an intermediate task to the response timing detection
task, which is the target task. By training on the punctuation
insertion task, valuable features for response timing detection
are expected to be acquired.

A response timing detection experiment was conducted to
evaluate the effect of utilizing text data in terms of the amount
of response data used for training. The experimental results
showed that training on the punctuation insertion task enhanced
the performance on the response timing detection task, espe-
cially with limited response data.

2. Attentive Listening Responses and
Punctuation Marks

2.1. Attentive Listening Responses

Attentive listening responses are utterances that convey an atti-
tude of listening to the narrative and indicate understanding to
the speaker. Figure 1 shows examples of both narrative utter-
ances and attentive listening responses. If the listener generates
attentive listening responses at appropriate times, the speaker’s
motivation to narrate can be enhanced. In contrast, generating
attentive listening responses at inappropriate times interrupts
the speaker’s narrative, which can be counterproductive [2].

For generation timing detection of backchannels (BC), a
typical example of attentive listening responses, several meth-
ods have been proposed, e.g., rule-based methods [7, 8] and
methods that employ n-gram models [9], finite state transduc-
ers [10], decision trees [11, 12], CRFs [13], SVMs [14, 15],
and LSTMs [16]. Recently, a method that employs pre-trained
models [17] has also been proposed.

2.2. Relationship between Attentive Listening Responses
and Punctuation Marks

To avoid interrupting the speaker’s narration, attentive listening
responses are likely to be generated within or after a pause in
utterances. In fact, it has been stated that pauses in a narrative
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Narrative utterance Attentive listening response
Japanese English translation Japanese English translation

20代の後半に In my late twenties
仲良し 3人組で with two of my close friends ええ Uh-huh
安い宿を使って using inexpensive lodging
軽井沢に to Karuizawa
行こうと I was going 軽井沢に To Karuizawa

Figure 1: Example of narrative utterances and attentive listening responses. The narrative in English is “In my late twenties, I was
going to Karuizawa with two of my close friends using inexpensive lodging.” The “ええ（Uh-huh)” is a short response that indicates
successful listening. The “軽井沢に（to Karuizawa）” is a response that repeats part of the words in the narrative.

Narrative (translation) Response Punctuation

今まで (Until now)
憧れてた (I had longed) ✓
ことを (things) ✓
実際に (actually)
見たり (see) ✓ ✓
聞いたり (and hear) ✓ ✓

Figure 2: Example of responses and punctuation marks as-
signed to the narrative. The narrative in English is “Until now,
I actually see and hear things that I had longed.”

trigger the generation of BCs [4].
In addition, the position of punctuation marks in transcrip-

tions of spoken language has been analyzed. A study that at-
tempted to use punctuation marks to estimate speech transla-
tion units [5] found that a large proportion of punctuation marks
occur immediately after a pause. A study attempting to insert
punctuation marks into the transcriptions of speeches [6] has
pointed out that the occurrence of pauses provides an effective
clue for the prediction of punctuation mark positions.

As mentioned above, previous studies have noted that atten-
tive listening responses and punctuation marks occur with high
probability after a pause in the narrative.

2.3. Comparison of Response and Punctuation Positions

This section quantitatively evaluates the degree of match be-
tween the occurrence timing of responses and the insertion po-
sitions of punctuation marks.

The responses of one listener in the Attentive Listening Re-
sponse Corpus [18] were used in this evaluation. The corpus
contains responses generated in reply to the Japanese Elder’s
Language Index Corpus (JELiCo) [19]. JELiCo contains ap-
proximately 8 hours and 40 minutes of narratives by 30 elderly
people. The narratives in JELiCo were divided into bunsetsus1

by the Japanese dependency structure analyzer CaboCha [20].
Each response was mapped to a bunsetsu boundary closest to
the responsive utterance start time. Punctuation marks were in-
serted into the narrative using ChatGPT2 because there was no
punctuation in the narrative data. Figure 2 shows examples of
the responses and punctuation marks assigned to the narrative.

We then compared the response timing and the punctuation
mark position. Figure 3 shows a Venn diagram illustrating the

1Bunsetsu is a linguistic unit in Japanese that roughly corresponds
to a basic phrase in English. A bunsetsu comprises a single independent
word and zero or more ancillary words.

2https://openai.com/blog/chatgpt

Figure 3: The degree of match the response timings and posi-
tions of punctuation marks.

Figure 4: The pipeline of intermediate-task transfer learning.

degree of match between the response timing and the punctu-
ation mark position. The Simpson coefficient was 0.664. The
score shows a certain degree of similarity between the response
timing and the punctuation position.

3. Model Training
Based on our analysis in Section 2, we utilized text data to train
a response timing detection model.

3.1. Intermediate-task Transfer Learning

The intermediate-task transfer learning is a technique that first
fine-tunes the pre-trained language models on an intermediate
task before training the models on the target task [21, 22]. Fig-
ure 4 shows the pipeline of intermediate-task transfer learning
in this study. Intermediate-task transfer learning can improve
the performance of the models on the target task. Regarding the
intermediate task, it is necessary to select a task that is relevant
to the target task [23, 24]. Based on the similarity between the
responses and punctuation marks in Section 2, we introduce a
punctuation insertion task into the text as an intermediate task
for the response timing detection task.

3.2. Intermediate Task

The intermediate task is a punctuation insertion task. Figure 5
shows an example of a punctuation insertion task into text. The
model classified each bunsetsu boundary in the text into one
of three classes, i.e., “Comma,” “Period,” or placement without
punctuation marks “None.” The input for the classification is the
character strings before the bunsetsu boundary to be classified.
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Table 1: Class distribution on the Kyoto University Text Corpus and the Attentive Listening Response Corpus.

Kyoto University Text Corpus Attentive Listening Response Corpus
Comma Period None BC Not-BC None

training 22,786 16,731 123,846 5,227 3,324 8,866
development 1,648 1,172 8,540 1,703 1,215 3,352
test 2,444 1,836 13,014 1,657 1,152 3,350

Figure 5: Example of punctuation insertion task. “/” is a bun-
setsu boundary. This Japanese sentence means “Punctuation is
given in this sentence.”

Figure 6: Example of response timing detection task. “/” is a
bunsetsu boundary. This Japanese sentence means “I made a
curry yesterday.”

3.3. Target Task

The target task is a response timing detection task. Figure 6
shows an example of a response timing detection task. In this
task, the model classifies whether or not each bunsetsu bound-
ary of a narrative is a response timing.

There are response types including BC, admiration, echoic
response, and others [25]. BCs are the most typical response
and are short feedback to the speaker. The occurrence frequency
of BCs is high because they are less dependent on the content of
the speaker’s utterance and can be generated more generically
than other responses. In contrast, many of responses other than
BCs (Not-BCs) depend on the content of the speaker’s utter-
ance. Thus, the generation frequency is less, and the generation
timing is also considered to differ from that of BCs. Based on
this difference in generation timing, each bunsetsu boundary is
classified into one of three classes, i.e., “BC” timing, “Not-BC”
timing, or unsuitable response generation timing (“None” tim-
ing). The input for the classification is character strings of the
narrative before the boundary to be classified.

4. Experiment
In this experiment, we investigated the effectiveness of text data
utilization mainly in terms of the amount of response data.

4.1. Experimental Overview

We evaluated the effect of introducing the intermediate task in
terms of the amount of training data for the target task. The
training data for the target task was set to a minimum of 200
and a maximum of 16,000, with the data increasing by 200 up
to 2,000 and by 2,000 after that. The baseline is the model fine-
tuned on only the target task. The intermediate-task model is the
model fine-tuned on both tasks. Training and evaluation were
conducted three times with different seeds, and the average of
three macro-F1 was used as the final evaluation value.

Figure 7: Model overview. Examples of input sentences are the
same as those in Figures 5 and 6.

4.2. Experimental Data

In the intermediate task, we used the Kyoto University Text
Corpus [26] as text data. This corpus contains articles from
Mainichi Shimbun, a Japanese newspaper, annotated with vari-
ous linguistic information. In this experiment, article data from
January 1 to 17 were used. Each sentence was divided into
bunsetsus by referencing the annotations in the corpus. Then,
punctuation marks were removed from the text. We defined
a bunsetsu boundary with a comma as “Comma,” a bunsetsu
boundary with a period as “Period,” and a bunsetsu boundary
without punctuation marks as “None.” This text corpus was
divided into training, development, and test sets based on the
split for predicate-argument structures analysis. Each set con-
tained 163,363, 11,360, and 17,294 bunsetsu boundaries. Table
1 shows the data size classified according to the presence or
absence of punctuation marks.

In the target task, we used the Attentive Listening Response
Corpus [18]. In this experiment, the manual transcriptions of
the speaker’s narrative and the response data of one listener
were used. Response timing was classified according to the
response type corresponding to a bunsetsu boundary. We de-
fined a bunsetsu boundary with only BC as “BC” timing, a bun-
setsu boundary with one or more responses other than BC as
“Not-BC” timing, and a bunsetsu boundary with no responses
as “None” timing. The corpus was divided into training, de-
velopment, and test sets at a ratio of 3:1:1. Each set contained
17,417, 6,270, and 6,159 bunsetsu boundaries. Table 1 shows
the data size for each type of response timing.

4.3. Implementation

In this experiment, a three-class classification layer was added
to the pre-trained BERT3 [27] to perform punctuation inser-
tion and response timing detection. Figure 7 shows a model
overview. The input to BERT consisted of a [CLS] token at the
beginning and the strings of the three bunsetsus immediately be-

3https://huggingface.co/cl-tohoku/
bert-base-japanese-v3
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Figure 8: Performance of the target task (macro-F1).

Figure 9: Performance of BC timing detection.

fore the bunsetsu boundary to be classified. A [SEP] token was
inserted between each bunsetsu. The outputs in both tasks cor-
responded to “Comma” and “BC” timing, “Period” and “Not-
BC” timing, and “None” and “None” timing. The loss function
was Cross Entropy Loss, and the optimizer was AdamW [28].
In the intermediate task and the target task, the maximum train-
ing epochs were 30 and 20, and the learning rates were 1e-5
and 5e-6, respectively. The gradient accumulation steps were 4
and 1, and batch sizes were 32 and 16. The patience for early
stopping was set to 5 for both tasks. Training was performed
using four GPUs on the intermediate task and one GPU on the
target task. These hyperparameters and values were determined
by the performance of each task on the development data.

Training was continued on the target task for the model of
the epoch with the best macro-F1 in the development data of the
intermediate task. In other words, the training of the target task
continued to update all parameters, including the classification
layer, using the parameters learned in the intermediate task as
initial values. The model of the epoch with the best macro-F1

on the development data was used to evaluate the performance
of the target task.

4.4. Experimental Results

We report the result for the target task4. Figure 8 shows the
performance of the target task. The intermediate-task model
outperformed the baseline across all amounts of training data5.
This result indicates that training in the punctuation insertion
task was effective in improving the performance of the response
timing detection task. In addition, the improvement over the
baseline tended to be significant with a small amount of training
data. This result indicates that training on the punctuation in-
sertion task was especially effective with limited response data.
Thus, we conclude that utilizing the text data enabled the model
to learn response timing features efficiently.

4.5. Discussion

This section discusses the effect of text data utilization on each
class of the target task. Figure 9 shows the BC timing detection
performance. The intermediate-task model outperformed the

4The macro-F1 for the test set on the intermediate task was 0.800.
From this result, we confirmed that the model could learn the features
of punctuation insertion positions appropriately.

5A 3× 3 McNemar-Bowker test (α = 0.05) was conducted, apply-
ing Bonferroni correction. The statistically significant differences were
observed three times with all amounts of data.

Figure 10: Performance of Not-BC timing detection.

Figure 11: Performance of None timing detection.

baseline up to approximately 12,000 training data and even fell
below the baseline after that. These results indicate that training
on the punctuation insertion task had a positive effect on the BC
with comparatively small data for the target task, and the effect
was limited with comparatively large data.

Figure 10 shows the Not-BC timing detection performance.
The intermediate-task model significantly outperformed the
baseline up to approximately 1,000 training data. Although
the difference became smaller after 1,000, the performance im-
provement was observed. From these results, there was a dif-
ference in the range of the data amount where the intermedi-
ate task was effective between the Not-BC and BC. In addition,
when the punctuation insertion task had a positive effect, the
improvement over the baseline tended to be greater than that of
the BC. Thus, the effectiveness of utilizing punctuation marks
differs between the BC and Not-BC classes.

Figure 11 shows the None timing detection performance.
In contrast to the results for the BC and Not-BC classes, no
significant difference was observed between both models across
all the amount of training data. This result indicates that the
punctuation insertion task improved the performance of both
the BC and Not-BC maintaining the performance of the None
class.

5. Conclusion and Limitations
This paper described the utilization of text data for response
timing detection in attentive listening. Specifically, we used
punctuation marks for response timing detection based on our
analysis that the responses and punctuation marks were similar.
A response timing detection experiment was conducted to in-
vestigate its effectiveness. Experimental results showed that the
utilization of text data enabled the model to efficiently learn the
features of response timing.

In this study, we used data in Japanese, for which response
data has been relatively well accumulated. The findings of this
study may be particularly effective in languages where the ac-
cumulation is not advanced. In the future, we would like to
consider adaptation to such languages.

There are some limitations of this study. First, only news-
paper article data were used as text data. It is also possible to
use chat data from SNS and subtitle data from lectures as text
data. Second, a punctuation insertion task was introduced only
as an intermediate task. This task also can be introduced as a
subtask in multi-task learning.
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train on? Efficient intermediate task selection,” in Proceedings of
the 2021 Conference on Empirical Methods in Natural Language
Processing (EMNLP-2021), 2021, pp. 10 585–10 605.

[24] Y. Pruksachatkun, J. Phang, H. Liu, P. M. Htut, X. Zhang, R. Y.
Pang, C. Vania, K. Kann, and S. R. Bowman, “Intermediate-task
transfer learning with pretrained language models: When and why
does it work?” in Proceedings of the 58th Annual Meeting of the
Association for Computational Linguistics (ACL-2020), 2020, pp.
5231–5247.

[25] Nihongo Kijutsu Bunpo Kenkyukai, Gendai Nihongo Bunpo 7.
Kuroshio Shuppan, 2009, (in Japanese).

[26] S. Kurohashi and M. Nagao, “Building a Japanese parsed corpus
while improving the parsing system,” in Proceedings of the 1st
International Conference on Language Resources and Evaluation
(LREC-1998), 1998, pp. 719–724.

[27] J. Devlin, M.-W. Chang, K. Lee, and K. Toutanova, “BERT: Pre-
training of deep bidirectional transformers for language under-
standing,” in Proceedings of the 2019 Conference of the North
American Chapter of the Association for Computational Linguis-
tics: Human Language Technologies (NAACL-2019), 2019, pp.
4171–4186.

[28] I. Loshchilov and F. Hutter, “Decoupled weight decay regular-
ization,” in Proceedings of the 7th International Conference on
Learning Representations (ICLR-2019), 2019.

3569


