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Abstract—Based on previous studies on the co-occurrence
between the types of laughter and conversation contents, this
paper uses the attention mechanism to further study the types
of laughter and the specific wording in the conversation. We
assume that the types of laughter also co-occurs with specific
words, as well as a certain pause, in the conversation. We
have established a neural network learning model based on the
attention mechanism. The results of our model show that certain
words in the conversation are related to specific types of laughter.
Index Terms—Human-computer interaction, Self-Attention,
Neural Networks, Laughter, Emotion Modelling

I. I NTRODUCTION
The neural network methods have been widely used for
conversation system recently. For conversation system alone,
previous systems usually based on knowledge-based system,
which requires the user to adapt to the system by using several
keywords to be detected. Such system is not able to react to
topic changes. It is well known that the deep learning methods
such as LSTM (Long Short-Term Memory) are able to build
conversation system based on large language databases [1],
[2], since their internal memories, when they are designed in
a deep network manner, are capable of memorizing, generating
and reacting in the conversation. Simple end-to-end chats can
even generate complicated Q&A either task-based or freechatting conversations.
However, as robots enter our daily lives and come in
contact with different users, a multi-modal interactive design
is now becoming an active research topic. Previous studies
have shown that the expression of bodily language [3], [4],
gaze following [5], as well as different expression of emotion
has enhance the perception of the users towards an interactive
robot. Studies [6], [7] on human–robot interaction (HRI)
showed that, multi-modal expressions of a robot during conversation may facilitate human understanding and acceptance
of the robot. Such understanding includes the robot’s intention,
emotion, rationale, motives, when they are involved in the
interaction long enough [8], it can be expected that it increases
the perception of a robot in terms of trustworthy and reliability.
However, when designing the multi-modal interactive robot,
it is usually a challenge. In modelling, how emotion is evolved
beyond verbal expression during interaction is still far from
fully understood [9]. Although interactive robots can also
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communicate with users by using body information such as
gestures and nods in the process of interaction, they usually
do not pay attention to the interaction between the user and
the interactive system and the impact of the interaction. In
order to make the interaction more natural, it is important to
employ the dialogue management strategy by integrating the
emotion modelling, emotion expression and the dialog in a
single system.
Previously, we have studied the co-occurrence of semantics
of wording and a certain type of laughter [10]. Nevertheless,
to train such a deep-learning model using multi-modality
of data including emotion, conversation in interaction needs
a large amount of data. And previous work also lacks the
evidence about the co-relation between specific words and
types of laughter. In this paper, we describe experiments a
continuous research on the correlation between conversation
topics and laughter occurrence, adding a new aspect that uses
neural approaches based on attention mechanisms to pay closer
attention to the content of utterance. The experimental methods
with neural modeling and end-to-end conversation techniques
are employed. Specifically, the word2vec embedding and
LSTM are used in predicting the presence of laughter, the
attention model is used to detect specific neural representation
based on specific words.
The contributions of the paper are:
• taking the pause in conversation as another label of
contexts;
• using neural attention mechanism to discover the cooccurance between important keywords and types of
laughter.
The paper is structured as follows. We discuss the background and provide a short review of multi-modal dialogue
modelling, laughter research, and topic modelling in Section 2.
We then describe the data and method used in the experiments
in Section 3, with discussion and future views at the end.
II. BACKGROUND
A. Laughter Modelling of Robot
Most of the current interactive modellings are based on
dialogue modelling [11], [12]. When designing conversational
systems, the user’s emotional state is also important to take
into account. Firstly, emotion recognition in verbal communication has long been an intensive study in affective computing.

211

September 24-26, 2021 Dalian, China

Authorized licensed use limited to: SOUTH CHINA UNIVERSITY OF TECHNOLOGY. Downloaded on June 18,2022 at 09:49:34 UTC from IEEE Xplore. Restrictions apply.

It is also possible that building conversational systems by using
the emotion as a latent variable to regulate their responses. A
conversational agent can then choose to either sympathize with
the user or help them manage their emotions. For instance, [13]
proposed a system which recognizes the emotions of the users
from their utterances, then responds based on the estimated
results. With data-driven neural approaches the generation
of conversation can also consider the emotions in order to
improve the system’s empathy. The LSTM [14], Adversarial
Transfer Learning [15], or reinforcement learning [16] have
been used to generate diverse topics and emotions, based on
the latent values.
Besides of previous work which designed dialogue system
taken the emotion into consideration, the development as
well as the evolved trajectories of emotion, the computational
affective mechanisms, including emotion and motivation, has
been an active area. Especially the computational affect models
based on robots have emphases the embodiment of emotion
which is also useful to build an affective robot [17]. Among
the affective status, laughter is a typical social behaviour to
express emotion. Since it owns a wide spectrum during interaction functions, from joking, humour to a complicated social
manner [18], is is also regulated by norms of social situations
and contexts. In the embodiment contexts, the casual situations
of certain laughter can be politeness and socially acceptable
behaviour, being a sign of a benevolent and friendly attitude,
while in formal situations laughter is generally considered
inappropriate, which we call such kinds of laughter is situated
within the social norms. While laughing can signal positive
feedback to create common understanding and rapport among
the participants, it is also an acceptable way to disassociate
oneself from the topic of the conversation.

respect to the functional role of the laughter occurrences in
the interaction.
The dataset consists of 23 conversations with a total of 23
participants, including 12 men and 11 women. Each participant
met twice, and each conversation lasted about eight minutes.
The participants were students and university staffs, within the
ages between 21 and 61. whose native language was Estonian.
In the dataset, there occurred 530 times of laughter. A
detailed number of the types of laughter is shown in Tab.
I. We expect that by analysing the wording context by using
attention model, the role in the context of the conversation
with the emotional state of the speaker can be obtained.
In particular, topic transition points usually have higher
amounts of laughter than topic continuation points, i.e. when
a topic is exhausted and a topic change occurs, more laughing
takes place as if a sign of relief. When the temporal distance from the topic boundary increases, laughter becomes
more likely to occur, and a significant change in the amount
of laughter occurs at fifteen milliseconds around the topic
changes.
Although topics change and evolve in the course of the
dialogue and it may be difficult to determine accurate topic
changing points, previous research suggests that laughing
that occurs within the conversation has an important role to
play: “exhausted” topics or topics which are embarrassing or
difficult are associated with laughter, which signals the participants’ willingness to change the topic or stop talking about
the particular topic. In order to investigate this phenomenon,
we introduce an additional text label called “blank”, which we
will introduce in the next section.
III. E XPERIMENTAL R ESULTS
A. Data pre-processing

B. Predicting Laughter Based on Big Data
Based on a human-human interaction data-set, earlier research suggests it may exist a correlation between types of
laughter (as an expression of affective state) and the dialogue
topics (utterance content) are correlated. As we aforementioned, to build an interactive robot which can offer an expression of laughter using multi-modal computational model,
deep learning is one of the approaches. That is why we adopt
a human-human data-set which may be one possible method
to build a deep learning model endow the computational
mechanism for laughter modelling.
The data set we used was from [19], [20]. The corpus is
taken from conversations where participants first met. They are
free to engage in conversation on whatever topic is appropriate,
in order to learn to get to know each other during brief
interactions. Similar to what we defined for different types
of laughter, 5 main types of laughter are defined: pleasure,
politeness, embarrassment, ridicule, gasping. Classifications of
laughter usually distinguish free laughter from speech-laugh,
i.e. laughter which is synchronous with speech, on the basis of
their characteristic acoustic features. The acoustic distinction
between free and speech-laugh has been the starting point for
the classification, and the dichotomy is further specified with

Previous research has shown a symbiotic relationship between laughter and conversational topics, which can be predicted using embedded neural networks. Based on the previous
classification of laughter using deep reinforcement learning, a
hypothesis is put that there is strong occurrence of different
types of laughter in the specific conversational texts. Specifically, we introduce the attention mechanism into the original
LSTM to verify the model’s prediction of laughter. We expect
that the introduction of the attention mechanism can highlight
the key information that affects the occurrence and type of
laughter in the conversational text.
After getting the corpus, the first step was to divide the
corpus by layers, dividing the ratio of training set and test set
by 8 : 2. Based on previous research we have divided laughter
into 12 types (2 × 6), as shown in the chart. We merged
the labels of laughter without considering the differences
between the free laugh and the speech laugh of the same
type. Therefore, the original 12 laughter labels were merged
into 6. Since the D laughter (jeering, jeering laughter) did not
exist in the data set, the D laughter was deleted on the basis
of the 6 laughter labels, and the notes were merged into 5
laughter labels. According to the release of laughter types, it
was found that there was over-sampling in the collection of
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TABLE I
F UNCTIONAL LAUGHTER TYPES WITH THEIR FREQUENCIES AND MEANINGS
Types

Percentage

Meanings

b: breathy

56%

heavy breathing, smirk, sniff

m: mirthful

35%

fun, humorous, real laughter

e: embarrassed

4%

speaker is embarrassed, confused

p: polite

4%

showing positive attitude towards the other speaker

o: other

1%

acoustically unusual laughter

d: derision

0%

ridiculing, mocking laughter

the notes. Therefore, we performed repeated use to improve
the sample of the sparse categories. 601 high-frequency words
were generated for training, which are obtained from the
original 207 samples.
In order to make the neural network simultaneously understand the coherent chat content of both sides of the conversation, the chat content of both sides of the conversation is
overlaps according to the principle of time synchronization,
and a relatively coherent time line is obtained. However, this
timeline is not complete, and we find that there are silence gaps
in the conversation, i.e. there is no chat in the time period. And
the pause is often accompanied by laughter, which intrigues us
whether the pause in conversation is also co-occurrence with a
certain type of laughter. Therefore, blank time line is defined
as a keyword text “blank”, where we define pause = 0.5s as
a blank.
B. Experiments
In order to explore the co-occurrence relationship between
keywords in conversation content and different types of laughter, we used an improved learning model. Assuming the timestamp of the laughter occurrences is known as the network
output after classification, we use the wording of the dialogue
just before and after the laughter as the inputs, both of which
are fed into the network to do the training. The words in the
time series were taken as the input, and the value vectors of
the weighted fusion target and the value vectors of each upper
and lower text were taken as the output of attention. Using the
8-head attention mechanism, the essence of the multi-head is
multiple independent attention calculations, which act as an
integrated function to prevent over-fitting. Similar as [10], the
texts occurred before and after the laughter were used for
training using a sliding window. The length of the sliding
window W is selected as 10 words. The general learning
architecture is shown in Fig. 1. Details of each part of the
network are introduced below.
Embedding: For the pre-processing, Glove [21] was used.
Different from word2vec, it adopts the co-occurrence matrix,
which was based on the global corpus. Thus it can be seen that
Word2vec can carry out online learning, while Glove needs
to collect information of fixed corpus. In a word, Glove is a
global word2vec with the replacement of objective function
and weight function, which is more suitable for the extraction
of key contextual information in our model. In the embedding

Fig. 1. The learning architecture

layer, words included in the Glove are initialized with a 300dimensional vector, while words not included are randomly
initialized with a standard normal distribution.
Long Short-term Memory (LSTM) and Attention: After
the pre-processing, we use the 2-layer LSTM as a word-level
RNN, i.e. each vector representing a word is used as the
current time input of the LSTM. The attention model is then
used to extract the co-occurrence on the word levels as shown
from Eq. (1) to Eq. (3). First, the similarity or correlation
between Query and Keyi is calculated by using an MLP-like
network, as shown in Eq. (1). Instead of MLP, we can also
use different mapping functions for calculating the similarity
score. Then at the Eq. (2), we use the Softmax function to
calculate the weight coefficient for the ith input value V aluei .
The steps of attention mechanism are shown as below:

Sim ( Query , Keyi ) = MLP ( Query, Ke yi )

(1)

esimi
ai = Softmax (Simi ) = PLx
Simj
j=1 e

(2)

213
Authorized licensed use limited to: SOUTH CHINA UNIVERSITY OF TECHNOLOGY. Downloaded on June 18,2022 at 09:49:34 UTC from IEEE Xplore. Restrictions apply.

Attention (Query, Value) =

Lx
X

ai · Value

i

(3)

i=1

The loss function of the whole learning is based on cross
entropy (Eq. (4)). The Adam optimizer was used for training,
and the training data was the first 80% of the original stratified
cutting data. The parameters of the LSTM learning architecture
are set as follows: the number of hidden neurons is 400, the
number of embedding units is 300, and the learning rate is
1e − 3. The regularization parameter for Adam was 0.0001.
H(p, q) = −

n
X

p (xi ) log (q (xi ))

(4)

i=1

We did 10 epochs of training and printed the loss function
information in Fig. 2. After training, the highly-weighted
words in Attention are visualized by heat maps (Figs. 3 and
4). The maximum value corresponding to the deepest segment
of the Attention weight visual thermal color was selected as
0.1. Finally, the specific words which obtain top 30% in each
type of laughter can be found in Tab.I.

Fig. 3. Attention Heat-map of Embarrassed laughter

It can be seen that words such as um and blank are the
highly weighted words.

Fig. 2. Learning curve with window widths w = 10 words.

In both heat-maps (Figs. 3 and 4), we defined the width of
the sliding window as 10 words in the laughter context, so
the heat-map contains 20 × 20 cells. Within each of the heatmaps, the vertical axis represents the words as inputs , while
the whole heap-map can be seen as the weighted matrix of
the Attention.
The Fig. 3 showed the attention heat-map while the embarrassed type of laugh occurred. From the map, it can be
seen that the weights corresponding to um and blank are
the highest in this text, which fits with our impression that
while the conversation pauses, it is often accompanied by the
occurrence of embarrassed type of laughter. In 4, the mirthful
type of laughter and its corresponding words are shown in the

Fig. 4. Attention Heat-map of Mirthful type of laughter

From the vertical axis, it can be observed that okay, like, and
active are highly weighted words as the inputs of the
mirthful type of laughter.

format of Attention. We can see that when there are some
predicates or adjectives with positive feedback such as well,
okay, like, and active. These words can be seen as the positive
communication signals in the conversation, which results in a
mirthful type of laugh.
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TABLE II
D IFFERENT TYPES OF LAUGHTER WEIGH THE TOP 30% VOCABULARY.
Types

Highly-weighted words with Attention (top 30%)

m: mirthful

yes yeah okay if you are like practical anatomy well active just cool

e: embarrassed

um blank to monitor like body movements

p: polite

I can not sorry at first

o: other

you have to talk about that

IV. D ISCUSSION AND C ONCLUSION
From the results of attention visualization (Tab. II), we can
see that the weight of um and blank can be found relatively
high with the embarrassed laughter. It verifies our hypothesis
that there is a long time of pause in conversation, the the
conversation has a high chance to break and the topic may
have to change, with the embarrassed laughter. At this time,
laughter is used to alleviate the embarrassment caused by the
interruption of the topic, which also explains the co-occurrence
of blank and the embarrassed laughter.
Secondly, we notice that there are positive words to show
affirmation in the conversation together with the mirthful
laughter. When the predicate is used, it often appears with
mirthful type of laughter, which is in line with our sensory
inference. When there are such affirmative words appearing
in the conversation, the atmosphere of chatting seemed to be
more opened, accompanied by the mirthful laughter.
Toward building an affective robot, this paper has a further
study on the co-occurrence relationship between specific wording and types of laughter. After using the attention mechanism,
the correlation between conversation content (i.e. words) and
types of laughter has been significantly improved. Using the
attention mechanism and its representation, we confirm that
the mirthful type of laughter may occur with the affirmative
words, while the embarrassed words with specific contexts
such as word “um” and the long term silence (i.e. > 5s) in
the conversation. We also expect that, such finding can make
robots and humans have a more natural and pleasant interactive
experience, and promote the further development of interactive
robots.
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