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ABSTRACT

BACKCHANNEL PREDICTION IN HUMAN-ROBOT

INTERACTION FOR ENGAGING AGENTS

Bekir Berker Türker

Doctor of Philosophy in Electrical and Electronics Engineering

September 13, 2023

This thesis offers a comprehensive investigation into the realm of human-robot inter-

action (HRI), with a particular focus on the role of non-verbal cues such as smiles,

laughs, and head nods in enhancing social engagement and naturalness. Utilizing

meticulously annotated multi-modal data from naturalistic dyadic conversations, the

research employs advanced machine learning techniques, including Time Delay Neu-

ral Networks (TDNNs), Support Vector Machines (SVMs), Long Short-Term Mem-

ory networks (LSTMs), and Transformer models. The work rigorously explores the

utility of facial information, head movement, and audio features for the continuous

detection of laughter, addressing the class imbalance problem through the effective

incorporation of bagging techniques. It also delves into the impact of laughter per-

ception and response on engagement in HRI, evaluated through objective and sub-

jective measures in experimental setups featuring robots with laughter-responsive

and non-responsive modes. Furthermore, the research presents an audio-visual pre-

diction framework for head-nod and turn-taking events, trained and evaluated on

human-human conversational datasets. A comparative approach is employed, using

LSTMs as a baseline and Transformer models with cross attention mechanisms as the

main proposed method, demonstrating significant improvements in the prediction

performance of upcoming candidate smiles and laughs as backchannels. Collectively,

these findings significantly advance our understanding of dialog management sys-

tems, offering crucial insights into the mechanics of social engagement in HRI and

laying a robust foundation for future research.
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ÖZETÇE

İNSAN-ROBOT ETKİLEŞİMİNDE İLGİ DÜZEYİNİN

İYİLEŞTİRİLMESİNE YÖNELİK ARKA-KANAL SİNYAL

KESTİRİMİ

Bekir Berker Türker

Elektrik ve Elektronik Mühendisliği, Doktora

13 Eylül 2023

Bu tez, sosyal etkileşim ve doğallığı artırmada gülümsemeler, gülmeler ve baş sal-

lamalar gibi sözel olmayan ipuçlarının oynadığı rollere özel bir odakla, insan-robot

etkileşimi (İRE) alanında kapsamlı bir araştırma sunmaktadır. Araştırma, doğal ikili

konuşmalardan el ile etiketlenmiş çok kipli verileri kullanarak Zaman Gecikmeli Sinir

Ağları, Destek Vektör Makineleri, Uzun Kısa Vadeli Bellek ağları ve Dönüştürücü

modelleri gibi ileri makine öğrenimi tekniklerini kullanmaktadır. Çalışma, gülme

tespiti için yüz ifadesi takip bilgileri, baş hareketi ve ses özelliklerinin ortaya koyduğu

faydayı incelemekte ve veri sınıfı dengesizliği sorununu etkili bir şekilde çözmek

için torbalama gibi teknikleri entegre etmektedir. Ayrıca, İRE’de gülme algısı ve

yanıtının etkileşim üzerindeki etkisini derinlemesine incelemekte, gülme-duyarlı ve

gülme-duyarsız modlara sahip robotlarla yapılan deneysel çalışmalarda objektif ve

subjektif ölçümlerle etkileşimleri değerlendirmektedir. Araştırma ayrıca, insan-insan

konuşma verileri üzerinde eğitilmiş ve değerlendirilmiş baş sallama ve söz sırası alma

olayları için bir görsel-işitsel tahminleme çerçevesi sunmaktadır. Karşılaştırmalı bir

yaklaşım için Uzun Kısa Vadeli Bellek ağları baz model olarak kullanılmış ve esas

önerilen yöntem olarak çapraz dikkat mekanizmalarına sahip Dönüştürücü mod-

eller kullanılmıştır. Bu model, etkileşim sırasında bir arka-kanal sinyali olarak

oluşturulabilecek aday gülümseme veya gülme olaylarının tahmin performansında

önemli iyileştirmeler göstermektedir. Topluca, bu bulgular, diyalog yönetim sistem-

lerini anlamamızı önemli ölçüde ilerletmekte, ERİ’de sosyal etkileşimin mekaniği ve

sözel olmayan ifadeler hakkında önemli içgörüler sunmakta ve gelecekteki araştırmalar

için bir temel atmaktadır.
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Chapter 1

INTRODUCTION

1.1 Motivation

Human-robot interaction (HRI) has witnessed significant attention from both aca-

demic and industrial sectors, creating an imperative need to investigate the sub-

tleties of non-verbal cues like smiles and laughter. Seminal works have previously

underscored the importance of non-verbal communication in human-human interac-

tions. For example, [Mehrabian and Epstein, 1972] suggested that as much as 93%

of emotional meaning in conversations could be conveyed through non-verbal cues.

This foundational understanding raises an immediate question—how can robots be

designed to capture this nuance and engage meaningfully with humans?

In this thesis, chapter 2 draws inspiration from studies like [Krikke and Truong,

2013, Kennedy and Ellis, 2004, Knox and Mirghafori, 2007, Truong and Leeuwen,

2005], highlighting the challenges and importance of laughter detection in social

interactions. These studies often employ machine learning techniques, but the chal-

lenge of continuous laughter detection in naturalistic settings has often been over-

looked. Our work fills this research gap by introducing a meticulously annotated

audio-facial database. The chapter goes beyond conventional feature selection tech-

niques, leveraging mutual information-based criteria to identify discriminative fea-

tures. Furthermore, the use of bagging to address class imbalance echoes work like

[Chawla et al., 2002], providing a balanced approach to the problem.

In Chapter 3, we build upon existing literature investigating the role of responsive

behaviors in robots. Previous studies like [Sidner et al., 2005a, Peters et al., 2009,

Glas and Pelachaud, 2015] have delved into the importance of engagement in HRI,
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but few have directly evaluated how laughter could act as a significant backchannel

[Pecune et al., 2015, Niewiadomski et al., 2013b, El Haddad et al., 2016]. Our

research adds an empirical dimension to these theoretical constructs, evaluating

human engagement with a laughter-responsive robot compared to a non-responsive

one.

Chapter 4 leverages the foundational research on turn-taking and head nods in

dyadic interactions, often highlighted in works like [Skantze et al., 2014, Skantze,

2021, Jokinen et al., 2013, Calisgan et al., 2012, Chang et al., 2022]. Using the

IEMOCAP dataset, we apply machine learning algorithms like SVM and LSTM to

predict these cues, thereby contributing to the body of research that seeks to make

HRI more dynamic and natural.

The fifth chapter incorporates recent advances in machine learning and multi-

modality to tackle the prediction of smiles/laughs as backchannels. Studies such as

[Vaswani et al., 2017] and [Hochreiter and Schmidhuber, 1997a] have revolutionized

the field of sequence modeling by introducing Transformer models and LSTMs,

respectively. Studies like [Xie et al., 2019, Ma et al., 2019, Zou et al., 2022, Truong

et al., 2021, Zhong et al., 2019, Li et al., 2020] have been using the advancements

successfully. Our work builds upon these contributions by employing them in the

unique context of HRI, enabling more engaging and natural social robots.

1.2 Contributions and Organization

This thesis introduces a framework for predicting backchannels in HRI, specifically

focusing on smiles and laughter. The overarching aim is to augment robots’ en-

gagement and naturalness during interactions. To achieve this, the research journey

encompasses multiple facets: from the detection of human laughter to the study

of engagement levels with a laughter-responsive robot and from the prediction of

head-nods and turn-taking events in human-human interactions for potential appli-

cation in HRI to the employment of state-of-the-art deep learning techniques for the

prediction of smiles and laughter. Subsequent sections describe the contributions

and organization of the thesis.
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Chapter 2 addresses the challenge of continuous laughter detection in natural-

istic conversations, utilizing a rigorously annotated audio-facial database. Machine

learning classifiers, particularly Time Delay Neural Networks (TDNNs) and Sup-

port Vector Machines (SVMs), are employed to dissect the utility of distinct facial

features, head movements, and audio cues. The chapter also tackles the class im-

balance problem through bagging, a resampling technique that improves classifier

performance.

Chapter 3 builds on these foundational elements, investigating how a robot’s

responsiveness to laughter impacts human engagement. In an experimental setup

featuring a back-projected robot head, the robot alternates between two operational

modes, laughter-responsive and laughter-non-responsive, to gauge the consequent

variations in user engagement. This approach allows us to empirically validate

the critical role of laughter as a backchannel in HRI, offering both objective and

subjective metrics to assess interaction quality.

In Chapter 4, we further enrich the landscape of non-verbal cues by introducing

head nods and turn-taking as significant elements in dyadic conversations. Uti-

lizing the IEMOCAP dataset, Support Vector Machines (SVMs) and Long Short-

Term Memory (LSTM) are trained for predictive modeling. The chapter provides

a comprehensive analysis of unimodal and multi-modal classification performance,

illuminating the importance of these cues in conversation dynamics.

Chapter 5, which forms the crux of this thesis, employs advanced deep-learning

techniques to predict smiles as backchannels in dyadic interactions. Long Short-

Term Memory (LSTM) networks serve as the baseline model, and Transformer

models equipped with cross-attention mechanisms are introduced as an advanced

alternative. Our results unequivocally indicate that Transformer models, when con-

figured with optimized acoustic and temporal windows, significantly outperform

traditional LSTM networks.
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Chapter 2

MULTIMODAL LAUGHTER DETECTION

2.1 Introduction

Laughter serves as an expressive social signal in human communication and conveys

distinctive information on the affective state of conversational partners. As affective

computing is becoming an integral aspect of human-computer interaction (HCI)

systems, automatic laughter detection is one of the key tasks towards designing

more natural and human-centered interfaces with better user engagement [Devillers

et al., 2015].

Laughter is primarily a nonverbal vocalization accompanied by body and facial

movements [Ruch and Ekman, 2001]. Most of the existing automatic laughter de-

tection methods in the literature have focused on audio-only information [Petridis

and Pantic, 2011, Cosentino et al., 2016]. This is mainly because audio is relatively

easier to capture and analyze than other modalities of laughter and often alone suf-

ficient for humans to identify laughter. Yet visual cues due to accompanying body

and facial motion also help humans to detect laughter, especially in the presence of

cross-talk, environmental noise, and multiple speakers. While there is some recent

trend in the community for automatic laughter detection from full body movements

[Niewiadomski et al., 2016, Griffin et al., 2015], there are so far few works that ex-

ploit facial motion [Petridis and Pantic, 2011]. The main bottleneck here, especially

for incorporating facial data, is the lack of multimodal databases from which facial

laughter motion can reliably be extracted. The existing works that incorporate fa-

cial motion mostly make use of audiovisual recordings. Hence, they rely on facial

feature points extracted automatically from video data, which are, in fact, difficult

to reliably track in the case of sudden and abrupt facial movements such as in laugh-



Chapter 2: Multimodal Laughter Detection 6

ter. As a result, the common practice is to use the resulting displacements of facial

feature points (in the form of FAPS parameters, for instance) as they are without

further analysis. In this respect, the primary goal of this work is to investigate facial

and head movements for their use in laughter detection over a multimodal database

comprising facial 3D motion capture data and audio.

We address several challenges involved in the automatic detection of laugh-

ter. First, we present detailed annotation of laughter segments over an audio-facial

database comprising explicit 3D facial mocap data. Our annotation includes cross-

talks and environmental noise as well. Second, using this annotated database, we

investigate different ways of incorporating facial information and head movement to

boost laughter detection performance. In particular, we focus on discriminative anal-

ysis of facial features contributing to laughter and perform feature selection based

on mutual information. Another issue that we consider is the relative scarcity of

laughter instances in real-world conversations, which hinders the machine-learning

task due to highly imbalanced training data. To address this problem, we incor-

porate bagging into our classification pipeline to better model non-laughter audio

and motion. Finally, we analyze the performance of the proposed multimodal fu-

sion setup that uses selected combinations of audio-facial features and classifiers for

continuous detection of laughter in the presence of cross-talks and environmental

noise.

The work presented in this chapter falls under the general field of affective com-

puting. However, laughter detection is very different from affect recognition [Zeng

et al., 2009] that has been receiving the main thrust in the community. As indicated

by various active strands of work, laughter detection is an entirely separate field of

interest driven by several research groups [Truong and Leeuwen, 2007, Laskowski

and Schultz, 2008, Petridis and Pantic, 2011, Reuderink et al., 2008, Petridis et al.,

2013a, Petridis et al., 2011]. Laughter falls under the category of ’affect bursts’

which denote specific identifiable events [Scherer, 1994]. This is unlike the general

work in affect recognition, which attempts to continuously assess the emotional state

of the person of interest.
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The work on laughter detection can be categorized into two major lines: uni-

modal and multimodal approaches. Unimodal approaches have mainly explored the

audio modality. For example, Truong et al. have focused on laughter detection

in speech [Truong and Leeuwen, 2007], and Laskowski et al. explored laughter de-

tection in the context of meetings [Laskowski and Schultz, 2008]. Other unimodal

work focused on body movements [Griffin et al., 2015, Niewiadomski et al., 2016].

Griffin et-al. [Griffin et al., 2015] studied how humans perceive laughter through

avatar-based perceptual studies and also explored automatic recognition of laughter

from body movements. In another work, Griffin et al. [Griffin et al., 2013] presented

recognition (not detection) results on pre-segmented laughter instances falling into

five different categories. In contrast, here, we take a multimodal approach and per-

form detection. We use the term ”detection” to refer to the task of segmentation

and classification over a continuous data stream and the term ”recognition” for the

task of classification on pre-segmented samples.

In another work, Niewiadomski et-al. [Niewiadomski et al., 2016] identified sets

of useful features for discriminating laughter and non-laughter segments. They used

discriminative and generative models for recognition and showed that automatic

recognition through body movement information compares favorably to human per-

formance.

To distinguish pre-segmented non-verbal vocalizations using audio-only features,

solutions employing different learning methods have been proposed. Schuller et al.

[Schuller et al., 2008] used a variety of classifiers on dynamic and static representa-

tions to differentiate non-verbal vocalizations (laughter, breathing, hesitation, and

consent). Among the various classifiers they used, hidden Markov models (HMMs)

outperformed other classifiers, such as hidden conditional random fields (HCRFs)

and support vector machines (SVM). Unlike what we present, this work is unimodal

in nature. Our work complements these lines of work by shedding more light on

how audio and motion information contribute to laughter recognition as individual

modalities.

Other lines of work have indirectly studied laughter detection while addressing
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other problems. For example, since laughter is treated as noise in speech recognition,

its detection, segmentation, and suppression have received attention [Prylipko et al.,

2012]. Here, laughter detection is our primary concern, and we treat it rigorously.

Our work is more closely related to the multimodal laughter detection and recog-

nition systems [Escalera et al., 2009, Petridis and Pantic, 2011, Reuderink et al.,

2008, Petridis et al., 2013a, Petridis and Pantic, 2008, Ito et al., 2005]. Escalera

et-al. combined audio information with smile-laughter events detected at the frame

level and identified regions of laughter [Escalera et al., 2009]. Petridis et-al. proposed

methods for discrimination between pre-segmented laughter and speech using both

audio and video streams [Petridis and Pantic, 2011, Petridis and Pantic, 2008]. The

features extracted are facial expressions and head pose from video, and cepstral and

prosodic features from audio. They have also shown that the decision-level fusion of

the modalities outperformed audio-only and video-only classifications using decision

rules as simple as the SUM rule. Recently Petridis et al. [Petridis et al., 2013a]

have proposed a method for laughter detection using time delay neural networks

(TDNN). They have explained their relatively lower values for precision, recall, and

F1 score by the presence of imbalanced data, where a typical stream would have

way more non-laughter frames than laughter ones. Our work further supports the

findings of these studies and also gives a clear advantage through the use of bagging

to deal with imbalanced databases.

In other multimodal work, Cosker and Edge [Cosker and Edge, 2009] presents

an analysis of the correlation between voice and facial marker points using HMMs

in four non-speech articulations: laughing, crying, sneezing, and yawning. Although

their work is geared towards synthesizing facial movements using sound, it also

provides useful insights into laughter recognition. A recent study by Krumhuber

and Scherer [Krumhuber and Scherer, 2011] shows that the facial action units, coded

using the Facial Action Coding System (FACS), exhibit significant variations for

different affect bursts and hence can serve as cues in detecting and recognizing

laughter.

Scherer et-al. [Scherer et al., 2012] proposed a multimodal laughter detection sys-
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tem based on Support Vector Machines, Echo State Networks, and Hidden Markov

Models. Although they use body and head movement information, it is extracted

from video. Similarly, Reuderink et al. [Reuderink et al., 2008] perform audiovisual

laughter recognition on a modified and re-annotated version of the AMI Meeting

Corpus [Carletta et al., 2006]. They report performance measures over data con-

taining 60 randomly selected laughter and 120 non-laughter segments. They use 20

points tracked on the face to capture the movements in the video. Both of these

approaches use video sequences for motion and facial feature point extraction in

contrast with the use of mocap data in our work.

In another recent work, Turker et al. proposed a method for recognition between

pre-segmented types of affect bursts, namely, laughter and breathing, using HMMs

[Türker et al., 2014]. Although this method is promising, it could not be used

directly for the continuous detection of laughter over input streams.

The data we use in our evaluation is a broadened version of the IEMOCAP

database extended through a painstaking annotation effort and serves as one of our

main contributions. Although there are databases of unimodal and multimodal au-

diovisual laughter data [Suarez et al., 2012, Petridis et al., 2013b, McKeown et al.,

2012, Niewiadomski et al., 2013c], our database stands out by the fact that it com-

prises explicit facial mocap data and has been annotated for cross-talk and environ-

mental noise. Hence, we could train models with training data selected based on

their clean, noisy, and/or cross-talk labels.

2.1.1 Contributions

In view of the related work discussed previously, the contributions of this work can

be summarized as follows:

• We provide detailed annotation of laughter segments over an existing audio-

facial database that comprises 3D facial mocap data and audio, considering

cross-talks and environmental noise.

• We perform a discriminative analysis on facial features via feature selection
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based on mutual information to determine facial movements that are most

relevant to laughter over the annotated database.

• We construct a multimodal laughter detection system that compares favorably

to state-of-the-art, especially the facial laughter detection performs outstand-

ing among the best-performing methods in the literature.

• We analyze the performance for continuous detection of laughter and demon-

strate the advantage of incorporating facial and head features, especially to

handle cross-talk and environmental noise.

2.2 Database

Our analysis and experimental evaluations used the interactive emotional dyadic mo-

tion capture database (IEMOCAP) to study expressive human interactions [Busso

et al., 2008]. The IEMOCAP is an audio-facial database that provides motion

capture data of face, head, and partially hands and speech. The corpus has five

sessions with ten professional actors participating in dyadic interactions. Each ses-

sion comprises spontaneous conversations under eight hypothetical scenarios and

three scripted plays to elicit rich emotional reactions. The recordings of each session

are split into clips, where the total number of clips is 150 with a total duration of

approximately 8 hours.

The focus of the IEMOCAP database is to capture emotionally expressive con-

versations. The database is not specifically intended to collect laughter; hence, the

laughter occurrences in the database are not pre-planned in any recorded interac-

tions, whether spontaneous or scripted; they are generated by the actors based on

the emotional content and flow of the conversation. Instead of reading directly from

a text, the actors rehearse their roles in advance (in the case of scripted plays) or

improvise emotional conversations (in the case of spontaneous interactions). The

database, in this sense, falls under the category of “semi-natural” according to the

taxonomy given in [Douglas-Cowie. et al., 2003]. The genuineness of acted emotions

is an open issue in most of the existing ”semi-natural” databases. Yet several works
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in the literature address this issue and suggest possible strategies to increase the

genuineness of acted emotions [Douglas-Cowie. et al., 2003, Busso and Narayanan,

2008, Bryant and Aktipis, 2014]. In this sense, IEMOCAP can be viewed as an ef-

fort to capture naturalistic multimodal emotional data through dyadic conversations

performed by professional actors under carefully designed scenarios. We note that

there exists yet no emotional database that includes accurate facial measurements

in the case of fully natural laughter.

In the IEMOCAP database, a VICON motion capture system tracks 53 face

markers, 2 head markers, and 6 hand markers of the actors at 120 frames per second.

The placement of the facial markers is consistent with the feature points defined in

the MPEG-4 standard. In each session, only one actor has markers. We call the

actor with markers as the speaker and the other actor as the listener. Speakers’

data will be the main focus of this study, as they include audio and facial marker

information. However, listeners also impact the audio channel by creating a cross-

talk effect on speakers’ laughter. The authors of [Busso et al., 2008] note that the

markers attached to speakers during motion data acquisition are very small so as

not to interfere with natural speech. According to [Busso et al., 2008], the subjects

also confirmed that they were comfortable with the markers, which did not prevent

them from speaking naturally.

Throughout this study, the motion capture data of the facial and head markers

will be referred to as motion features. The proposed laughter detection will use

audio and motion features in a multimodal framework.

2.2.1 Laughter Annotation

Although the text transcriptions were available with the IEMOCAP, the laughter

annotations were missing. We have performed a careful and detailed laughter an-

notation task over the full extent of the database. The annotation effort has been

carried out with one annotator. Laughter segments are identified with a clear pres-

ence of audiovisual laughter events. The laughter annotations have been performed

only for the speaker over each clip in the database. In addition, the speech activity
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of the listener has also been annotated around the laughter segments of the speaker,

which can be defined as cross-talk for the laughter event. Similarly, the acoustic

noise appears as a disturbance to laughter events. We define noise as any distin-

guishable environmental noise in audio caused by some external factors, such as the

footsteps of the recording crew and the creaking chairs of participants (that espe-

cially happens when laughing due to abrupt body movements). We have annotated

the presence of environmental noise in speakers’ and listeners’ recordings around the

laughter segments of speakers. Note that our annotation does not include the noise

due to data acquisition. The speech activity and noise presence annotations allow

us to label the laughter conditions of a speaker as clean, noisy, and/or cross-talk. A

sample annotation stream is shown in Figure 2.1.

6/29 12/28

Laughter (speaker)

6/29 12/28

Speech (listener)

6/29 12/28

Noise

27.7.2016 - 3.8.2016

Clean

27.7.2016 - 3.8.2016

CleanCrosstalk

27.7.2016 - 3.8.2016

Noisy

Figure 2.1: Sample annotation fragment with speaker laughter, listener speech, and
noise.

Table 2.1: Laughter annotation statistics

Clean Noisy Cross-talk All

Number of occurrences 231 44 194 248

Total duration (sec) 213.92 17.49 165.25 382.00

Average duration (sec) 0.93 0.40 0.85 1.54

All five sessions of the IEMOCAP database have been annotated as described

above. Table 2.1 shows a summary of the laughter annotations. The first three

columns present the number of occurrences and the duration information for clean,
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noisy, and cross-talk conditions. The last column of the table is a summary of the

laughter annotation of speakers before pruning the noisy and cross-talk conditions.

After pruning the noisy and cross-talk segments, the total duration of laughter

segments decreases from 382.00 sec to 213.92 sec. The average duration of the

laughter segments also decreases from 1.54 sec to 0.93 sec. This is due to the

pruning process, which splits some long laughter segments into shorter ones. Note

that we try to keep as much clean laughter data as possible to use them in model

training.

As given in Table 2.1, the total duration of clean laughter sequences is 213.92 sec,

while the annotated IEMOCAP database is 8 hours. This causes a data imbalance

between the two event classes of interest, laughter and non-laughter. We construct

a balanced database (BLD) to train our classifiers, which includes all clean laughter

segments and a subset of non-laughter audio segments from IEMOCAP, excluding

all noisy and cross-talk laughter segments. The non-laughter samples, which define

a reject class for the laughter detection problem, are picked randomly to match the

total duration of laughter.

Audio

Face Mocap

Feature

Extraction

Static Face, f P

Dynamic Face, ✁f 
P

Feature

Summarization

Audio, f A

Dynamic Head, ✁f 
H

TDNN

SVM

Bagging

Fusion

Bagging

F 
P

Laughter

Detection

Figure 2.2: Block diagram of the proposed laughter detection system. The diagram
shows the best-performing setup for classifier-feature combinations.

2.3 Methodology

The main objective of this work is to detect laughter segments in naturalistic dyadic

interactions using audio, head, and facial motion. The block diagram of the proposed

system is illustrated in Figure 2.2. Audio and face motion capture data are inputs
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to the system, from which short-term audio and motion features are extracted.

Audio is represented with mel-frequency cepstral coefficients (MFCCs) and prosody

features, whereas motion features are extracted from 3D facial points and head

tracking data in the form of positions, displacements, and angles. Two different types

of classifiers, i.e., support vector machines (SVM) and time-delay neural networks

(TDNN), receive a temporal window of short-term features or their summarizations

to perform laughter vs. non-laughter binary classification. The classification task

is repeated every 250 msec over overlapping temporal windows of length 750 msec.

While the TDNN classifier works on short-term features, the SVM classifier runs on

statistical summarization of them. Both types of classifiers make use of bagging to

better handle data imbalance between laughter and non-laughter classes. Finally,

different classifier-representation combinations are integrated via decision fusion to

perform laughter detection on each temporal window.

2.3.1 Audio Features

Spectral properties and prosodic structures can characterize acoustic laughter sig-

nals. The mel-frequency cepstral coefficient (MFCC) representation is the most

widely used spectral feature in speech and audio processing, and it was successfully

used before in characterizing laughter [Petridis and Pantic, 2011]. We compute 12-

dimensional MFCC features using a 25 msec sliding Hamming window at intervals

of 10 msec. We also include the log energy and the first-order time derivatives in the

feature vector. The resulting 26-dimensional spectral feature vector is represented

with fM .

Prosody characteristics at the acoustic level, including intonation, rhythm, and

intensity patterns, carry important temporal and structural clues for laughter. We

choose to include speech intensity, pitch, and confidence-to-pitch into the prosody

feature vector as in [Bozkurt et al., 2015, Bozkurt et al., 2016a]. Speech intensity

is extracted as the logarithm of the average signal energy over the analysis win-

dow. Pitch is extracted using the YIN fundamental frequency estimator, which is

a well-known auto-correlation-based method [de Cheveigne¥ and Kawahara, 2002].
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Confidence-to-pitch delivers an auto-correlation score for the fundamental frequency

[Bozkurt et al., 2016a].

Since prosody is speaker and utterance-dependent, we apply mean and variance

normalization to prosody features. The mean and variance normalization of prosody

features is performed over small connected windows of voiced articulation, which

exhibits pitch periodicity. Then, the normalized intensity, pitch, confidence to pitch

features, and the first temporal derivative of these three parameters are used to

define the 6-dimensional prosody feature vector denoted by fS. The extended 32-

dimensional audio feature is then obtained by concatenating spectral and prosody

feature vectors: fA = [fMfS].

2.3.2 Head and Facial Motion Features

We represent the head pose using a 6-dimensional feature vector fH that includes

x, y, z coordinates of the head position, and the Euler angles representing head

orientation with respect to three coordinate axes. The reference point for the head

position and the three coordinate axes are common to all speakers and computed

from face instances with neutral pose [Busso et al., 2008]. We will refer to fH as

static head features, whereas dynamic head features will be represented by ∆fH ,

which are simply the first derivatives of static features. We note that dynamic head

features are less dependent on global head pose and carry more explicit information

about head movements that are discriminative for laughter detection, such as nod-

ding up and down. Note also that the few methods existing in the literature that

incorporate explicit 3D head motion for laughter detection [Niewiadomski et al.,

2016, Griffin et al., 2015] calculate head-related features based on the positioning of

the head with respect to the full body such as the distance between shoulders and

head as in [Niewiadomski et al., 2016]. However, these features are not applicable

when dealing with audio-facial data, which does not include full body measurements.

Likewise, we define two sets of facial features: static and dynamic. The static

facial feature vector is obtained by concatenating the 3D coordinates of the tracked

facial points. Hence, the dimension of this vector is 3 ×M , where M is the number
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of facial points, which is at most 53 in our case. We assume that scale is normalized

across all speakers and the 3D coordinates are given with respect to a common

origin, which is the tip of the nose in the IEMOCAP database [Busso et al., 2008].

We denote the static facial feature vector by fP and the dynamic facial feature

vector by ∆fP , which is the first derivative of the static version. We note that pose

invariance is less problematic in this case than head motion since facial points are

compensated for rigid motion.

2.3.3 Feature Summarization

We use feature summarization for the temporal characterization of laughter. We

compute a set of statistical quantities describing each frame-level feature’s short-

term distribution over a given window for feature summarization. These quantities

comprise 11 functionals, more specifically mean, standard deviation, skewness, kur-

tosis, range, minimum, maximum, first quantile, third quantile, median quantile,

and inter-quantile range, which were successfully used before by Metallinou et al.

[Metallinou et al., 2013] for continuous tracking of emotional states from speech and

body motion. We denote the window-level statistical features resulting from the

summarization of frame-level features f by F . Hence, the statistical features com-

puted on audio, static and dynamic head and facial features are represented by FA,

FH , ∆FH , F P , and ∆F P , respectively. The dimension of each of these statistical

feature vectors can be calculated as 11 times the dimension of the corresponding

frame-level feature vector. We will later use these window-level statistical features

to feed SVM classifiers for laughter detection.

2.3.4 Discriminative Analysis of Facial Laughter

In this subsection, we perform discriminative analysis on facial points to determine

the relevance of each point in the formation of laughter expressions over the given

database. We also explore possible correlations between facial points to eliminate

redundancies in distinguishing laughter. Such correlations exist especially between

symmetrical facial points (e.g., right cheek vs. left cheek) and between points be-
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longing to a muscle group. We will later use the results of this analysis to define

optimal sets of facial features to be fed into our classification pipeline for laughter

detection.

We employ the feature selection method mRMR (minimum Redundancy Maxi-

mum Relevance)[Peng et al., 2005]. This method assigns an importance score to each

feature, which measures its relevance to target classes under minimum redundancy

conditions. Relevance is defined based on mutual information between features and

the corresponding class labels (laughter vs. non-laughter in our case), whereas re-

dundancy takes into account the mutual information between features. Hence, when

features are sorted in a list with respect to importance in descending order, the first

m features from this list form the optimal m-dimensional feature vector that car-

ries the most discriminative information for classification. Another useful feature

selection method that we utilize is called maxRel (Maximum Relevance)[Peng et al.,

2005], which ranks features without imposing any redundancy condition and takes

only relevance into account when assigning importance to features. We report the

results using both methods, maxRel to observe the importance of individual points

for laughter, and mRMR to find optimal subsets of features to be fed into our

classification engine.

We extract window-level statistical features from a realization of the BLD with

their class labels and apply mRMR and maxRel methods. Both methods result in a

feature ranking list. Since each facial marker point on the face has 3× 11 statistical

features in our case, the complete list has 53×3×11 features, where 53 is the number

of facial markers. We employ a voting technique to quantify the importance of each

facial point based on this ordered list of features with individual scores. Each point

collects votes from 33 contributor features, where each contributor votes in propor-

tion to its importance score resulting from maxRel or mRMR. The accumulated

votes finally sum up to an overall importance score for each facial point.

For visualization, the importance scores resulting from the underlying selection

process are used to modulate the radius of a disc around each marker point. Fig-

ures 2.3a and 2.3b display the results of maxRel and mRMR for static facial features
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F P , respectively. In these figures, the size of a disc is proportional to the impor-

tance of its center point. In the case of maxRel, as expected, we observe a more

symmetric and balanced distribution of importance focused on certain facial regions,

especially the mouth and cheek regions. In the case of mRMR, however, we see that

the distribution is not that symmetric, and the distribution of importance tends to

concentrate on fewer points.

Figures 2.3c and 2.3d display the results of maxRel and mRMR for dynamic

facial features ∆F P , respectively. For dynamic features, it is evident that most

of the relevance is concentrated, with a symmetric and balanced distribution, on

mouth and chin regions, which have a relatively larger amount of movement than

any other regions of the face. In mRMR results, however, we see that the points

over the chin region no longer appear to be important. This is probably because the

motion of the points on the mouth carries very similar information since lower lip

points can rarely move independently from the chin. In Figure 2.3d, we also observe

that points around the eyes start to get more important, indicating the genuineness

of the laughter in the database [Ruch and Ekman, 2001].

2.3.5 Classification

As discussed briefly at the beginning of this section, two statistical classifiers, SVM

and TDNN, are employed for the laughter detection system. SVM is a binary classi-

fier based on statistical learning theory, which maximizes the margin that separates

samples from two classes [Cortes and Vapnik, 1995]. SVM projects data samples to

different spaces through kernels that range from simple linear to radial basis func-

tion (RBF) [Chang and Lin, 2011]. We consider the summarized statistical features

as inputs of the SVM classifier to discriminate laughter from non-laughter. On the

other hand, TDNN is an artificial neural network model in which all the nodes are

fully connected by directed connections [Waibel et al., 1989]. Inputs and their de-

layed copies construct the nodes of the TDNN, where the neural network becomes

time-shift invariant and models the temporal patterns in the input sequence. We

use the TDNN classifier to model the temporal structures of laughter events, as it
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(a) (b)

(c) (d)

Figure 2.3: Visualization of the importance of facial points for laughter using (a)
maxRel - static features, (b) mRMR - static features, (c) maxRel - dynamic fea-
tures, and (d) mRMR - dynamic features. The size of a disc is proportional to the
importance of its center point.
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has been successfully used by Petridis et al. [Petridis et al., 2013a]. In this work,

we adopt their basic TDNN structure, which has only one hidden layer. The further

details of the classifier structure, its parameters, and the optimization process are

explained in Section 2.4.

Bagging

In the nature of daily conversations, laughter occurrences, and their durations are

sparse within non-laughter utterances. This data imbalance problem has been

pointed out in Section 2.2.1. This problem has been addressed, and several so-

lutions have been suggested in the literature [Galar et al., 2012]. For instance, the

SVM classifier performs better when class samples are balanced in the training [Ak-

bani et al., 2004]. Otherwise, it tends to favor the majority class. Several methods

have been proposed for this problem, such as down-sampling the majority class or

up-sampling the minority class by populating with noisy samples. We choose to

down-sample the majority class and use the BLD database for model training as

defined in Section 2.2.1. Since the BLD database includes a reduced set of ran-

domly selected non-laughter segments, it may not represent the non-laughter class

fairly well. We use bagging to compensate for this effect, where a bag of classifiers

is trained on different realizations of the BLD database and combined using the

product rule for the final decision [Kittler et al., 1998, Erzin et al., 2005]. Hence, in

bagging, each classifier has a balanced training set, modeling the non-laughter class

over different realizations. The bagging approach is expected to bring in modeling

and performance improvements. We investigate the benefit of bagging in laughter

detection and report performance results in Section 2.4.

Fusion

The last block of Figure 2.2 is multimodal fusion, where we perform decision fusion

of classifiers with different feature sets. Decision fusion of multimodal classifiers

is expected to reduce the overall uncertainty and increase the robustness of the

laughter detection system. Suppose that N different classifiers, one for each of the
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N feature representations f1, f2, ..., fN , are available, and for the n-th classifier a

2-class log-likelihood function is defined as ρn(λk), k = 1, 2, respectively for the

laughter and non-laughter classes. The fusion problem is then to compute a single

set of joint log-likelihood functions ρ(λ1) and ρ(λ2) over these N different classifiers.

The most generic way of computing joint log-likelihood functions can be expressed

as a weighted summation:

ρ(λk) =
N
∑

n=1

ωnρn(λk) for k = 1, 2, (2.1)

where ωn denotes the weighting coefficient for classifier n, such that
∑

n ωn = 1.

Note that when ωn = 1

N
∀n, (2.1) is equivalent to the product rule [Kittler et al.,

1998, Erzin et al., 2005]. In this study, we employ the product rule and set all

weights equal for decision fusion of the multimodal classifiers.

2.4 Experimental Results

Experimental evaluations are performed across all modalities, including audio fea-

tures and static/dynamic motion features, using SVM and TDNN classifiers. All

laughter detection experiments are conducted in a leave-one-session-out fashion,

which results in a 5-fold train/test performance analysis. Since subjects differ across

sessions, the reported results are also speaker-independent. In each fold, training

is carried out over a realization of the BLD extracted from the four training ses-

sions. Hence, the training set is balanced and does not include noisy and cross-talk

samples. In the testing phase, laughter detection is carried out over the whole test

session data, including all non-laughter segments and all laughter conditions. As

discussed in Section 2.3, laughter detection is performed as a classification task for

every 250 msec over temporal windows of length 750 msec. Any temporal window

that contains a laughter segment longer than 375 msec, is taken as a laughter event.

The RBF kernel is used for all modalities with the hyper-parameters c and γ

for the SVM classifiers. In order to set the hyper-parameters, we execute indepen-

dent 4-fold leave-one-session-out validation experiments for each fold of the 5-fold
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train/test. In these validation experiments, the classification performance is evalu-

ated on a grid of hyper-parameter values. Finally, we set the c and γ parameters to

maximize the classification performance. Note that this procedure yields different

parameter settings for each fold of the 5-fold train/test evaluation, but on the other

hand, it ensures independence of the parameter setting procedure from the test data.

The TDNN classifiers are defined by two parameters: the number of hidden nodes

and the time delay. Since TDNN classifiers exhibit increasing performance as the

number of hidden nodes and time delay increase, we tend to set these parameters as

low as possible to minimize the computational complexity (especially the training

phase) while maintaining a high classification performance.

Finally, the resulting laughter detection performances are reported in terms of

the area under the curve (AUC) percentage of the receiver operating characteristic

(ROC) curves, which represents the overall performance over all operating points

of the classifier [Fawcett, 2006]. Note that AUC is 100% for the ideal classifier and

50% for a random classifier.

2.4.1 Results on Audio

The SVM and TDNN classifiers are considered for audio laughter detection experi-

ments. In the case of SVM, the summarized audio features, FM and FA, are used.

Recall that FM includes spectral features, whereas FA includes both prosodic and

spectral features. Probabilistic outputs of the SVM classifier are obtained, and then

the ROC curves are calculated. In TDNN, a single hidden layer with 30 nodes using

frame-level features, fM and fA, is employed, and likelihood scores of the laughter

and non-laughter classes are produced by the output layer, which has two nodes.

The time-delay parameter is used as four as in [Petridis et al., 2013a]. We also apply

10-fold bagging to the best-performing classifiers.

Figure 2.4 plots all ROC curves and reports AUC performances for six classifier-

feature combinations. We observe that the ROC curves are clustered into two groups,

where the SVM classifiers without bagging constitute the first group with lower per-

formances. Note that, bagging helps more to the SVM classifier with 3% AUC
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Figure 2.4: Audio laughter detection ROC curves and AUC performances of the
SVM and TDNN classifiers with different feature sets and with/without bagging.

performance improvement, whereas the TDNN classifier improves 0.8% with bag-

ging. The best performing classifier-feature combination is observed as the TDNN

classifier with bagging using the audio feature fA, which achieves 88.0% AUC per-

formance.

2.4.2 Results on Head and Facial Motion

Laughter detection from head and facial motion features is performed by using SVM

and TDNN classifiers. The parameters of the TDNN classifier, number of hidden

nodes (nh) and time-delay (τd), are set for the motion features by testing a fixed

number of configurations with τd = 4, 8, 16 and nh = 5, 10, 20.
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In our preliminary studies, the static head features, fH and FH , have performed

poorly for laughter detection, possibly because these features have severe pose in-

variance problems. Hence, in this work, we consider only the dynamic features ∆fH

and ∆FH for head motion representation. The laughter detection performances of

the TDNN classifiers for varying τd and nh values are given in Table 2.2. We ob-

serve that TDNN achieves the best AUC performance as 87.2% with parameters

τd = 16 and nh = 20. Yet, the other AUC performances with the number of hidden

nodes 10 and 20 are all close to the best performance. The parameters for the final

head-motion-based laughter detection system are fixed as τd = 8 and nh = 20, since

they attain lower computational complexity and sustain 87.0% AUC performance.

On the other hand, the SVM classifier attains 81.5% AUC performance with static

head features. Hence, in our experiments with bagging and fusion, we keep using

the TDNN classifier with the dynamic head motion features.

Table 2.2: The AUC performances (%) of TDNN classifiers with dynamic head
features ∆fH and with varying delay τd and number of hidden nodes nh.

Hidden Nodes (nh)

Delay (τd) 5 10 20

4 84.0 85.5 86.3

8 85.4 86.5 87.0

16 85.1 86.3 87.2

For laughter detection from facial motion, we consider both static and dynamic

features, fP , F P , ∆fP and ∆F P . We perform extensive experiments for the fol-

lowing three objectives: 1) to determine the best-performing classifier-feature com-

binations, 2) to set the best facial feature selection based on the discriminative

analysis results presented in Section 2.3.4, and 3) to select the hyper-parameters of

the TDNN classifiers.

For the first two objectives, we take two settings for the TDNN classifier, one with

(τd = 4, nh = 5) and the other for a more complex structure with (τd = 4, nh = 20).



Chapter 2: Multimodal Laughter Detection 25

Then, we test all possible feature-classifier combinations (static vs dynamic and

TDNN vs SVM) with varying number of features selected based on the mRMR

discriminative analysis. In Figure 2.5, we plot the AUC performances of these

combinations with varying feature dimensions.
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Figure 2.5: AUC performances of laughter detection using discriminative static and
dynamic facial features at varying dimensions.

In Figure 2.5, we observe that for static facial features, the SVM classifier per-

forms significantly better than the TDNN classifiers and attains its best AUC per-

formance as 97.2% at feature dimension 23. Its performance saturates at this point

and then starts to degrade slightly with 96.9%, 94.8% and 95.2% for feature dimen-

sions 30, 40 and 50, respectively. Hence, in the upcoming experiments we employ

the SVM classifier for the static facial feature F P with feature dimension 23.

As for the dynamic facial features, the TDNN classifiers outperform the SVM
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classifier. When we consider the performance of the TDNN classifiers under two

different hyper-parameter settings, we observe an overall peak at feature dimension

4. Hence, we set the TDNN classifier in the upcoming experiments with the dynamic

facial features ∆fP with feature dimension 4.

For the third objective, we evaluate the performance of the TDNN classifier

for dynamic facial features over varying values of τd and nh. Table 2.3 presents

these performance evaluations. Since the AUC performances at nh = 20 are higher

compared to other nh settings and do not exhibit significant changes for varying

values of τd, we set the parameters as τd = 4 and nh = 20, which yield lower

computational complexity due to a smaller delay parameter.

Table 2.3: The AUC performances (%) of TDNN classifiers with dynamic facial
features ∆fP at feature dimension 4 with varying delay τd and number of hidden
nodes nh.

Hidden Nodes (nh)

Delay (τd) 5 10 20

4 87.2 90.9 92.2

8 86.2 91.1 92.4

16 86.1 89.4 92.1

Finally, we evaluate the performance of bagging for the best classifier-feature

combinations, which are TDNN with dynamic head and facial features and SVM

with static facial features. Figure 2.6 displays the ROC curves and AUC perfor-

mances of these three classifier-feature combinations with and without bagging. Note

that when bagging is incorporated, the performance of the TDNN classifiers with

dynamic head and facial features improves, attaining respectively 88.3% and 92.5%

AUC values. On the other hand, bagging does not help the SVM classifier with

static facial features, which attains 97.2% AUC performance without bagging.
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Figure 2.6: ROC curves and AUC performances of laughter detection from head
and facial features using different classifier-feature combinations with and without
bagging.

2.4.3 Fusion Results

The best-performing classifier-feature combinations are integrated using the prod-

uct rule defined in Section 2.3.5. Four classifier-feature combinations, SVM-fP ,

TDNN-∆fP , TDNN-∆fH and TDNN-fA, are cumulatively populated, where all

except SVM-fP are with 10-fold bagging. Figure 2.7 presents the ROC curves and

AUC performances of three fusion schemes, which respectively have the best AUC

performances for fusion of two, three and four classifiers. The best fusion scheme

for two classifiers (Fusion2) is between SVM-fP (FaceSta) and TDNN-fA (Audio),

which achieves 98.2% AUC performance. The best fusion scheme for three classi-
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fiers (Fusion3) is between SVM-fP (FaceSta), TDNN-∆fP (FaceDyn) and TDNN-

fA (Audio) with 98.3% AUC performance. Finally, the fusion of all four classifiers

(Fusion4) attains 98.0% AUC performance.
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Figure 2.7: ROC curves and AUC performances of laughter detection with fusion
of best classifier-feature combinations, face static (SVM-fP ), face dynamic (TDNN-
∆fP ), head dynamic (TDNN-∆fH) and audio (TDNN-fA)

We further assess the performance of our audio-facial laughter detection schemes

by using other common performance measures, such as recall, precision, and F1

score. We set 2% false positive rate (FPR) as the anchor point on the ROC curve.

At this anchor point, we first evaluate the recall performance under clean, cross-talk,

and noisy laughter conditions in Table 2.4. We observe that the multimodal fusion

of classifiers performs significantly better for all conditions. Static face features with

SVM classifier perform reasonably well under cross-talk and noisy conditions, while
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audio features with the TDNN classifiers suffer heavily in these cases. The Fusion3

scheme, which already has the best AUC performance, also yields the best recall

performances except for the noisy condition. Note that dynamic head features with

TDNN improve the multimodal fusion performance under noisy conditions, making

the fusion of four classifiers, Fusion4, the most robust one against noise.

Table 2.4: Recall performances under all, clean, cross-talk and noisy laughter con-
ditions for unimodal and multimodal classifiers at 2% FPR point

All Clean Cross-talk Noisy

Fusion3 83.2 80.4 87.6 86.5

Fusion4 82.7 80.2 86.6 88.5

Fusion2 79.0 77.1 82.3 82.7

FaceSta 73.1 67.9 80.0 80.8

Audio 40.9 50.1 29.2 34.8

FaceDyn 40.1 36.3 45.2 45.5

HeadDyn 28.0 27.4 28.9 48.5

Table 2.5 presents recall, precision, and F1 score performances of the unimodal

and multimodal classifiers at 2% FPR anchor point. Note that these performances

are over all laughter conditions. As expected, the precision scores are lower than

the recall scores due to data imbalance. Yet again, the best precision and F1 score

performances are obtained with multimodal fusion, where the best is the Fusion3

scheme.

2.4.4 Discussion

We have reported the results of a detailed evaluation of our laughter detection scheme

using various combinations of classifiers, modalities, and strategies. Below, we high-

light some important observations and findings drawn from these experiments.

The discriminative analysis of laughter in Section 2.3.4 reveals that the facial

laughter signal has a steady component, such as the contractions on the cheek region,
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Table 2.5: Recall, precision and F1 scores of laughter detection with unimodal and
multimodal classifiers at 2% FPR point

Recall(%) Precision(%) F1 score(%)

Fusion3 83.2 26.5 40.2

Fusion4 82.7 26.4 40.0

Fusion2 79.0 25.5 38.6

FaceSta 73.1 24.1 36.2

Audio 40.9 15.8 22.8

FaceDyn 40.1 15.5 22.4

HeadDyn 28.0 11.4 16.2

which can be characterized by our positional (static) features, as well as a dynamic

component, such as the abrupt and repetitive movements of head and mouth, that

can be represented with our differential (dynamic) features. Our experiments also

show that TDNNs can successfully capture temporal characteristics of laughter by

relying on frame-level dynamic features, while SVMs can model the steady content

via window-level summarization of static features. We observe that the SVM classi-

fier with the static face features attains the best unimodal performance for laughter

detection among all other classifier-modality combinations available.

According to AUC performance, the best classifier is Fusion3, which is the mul-

timodal fusion of SVM with static face features, TDNN with dynamic face features,

and TDNN with audio features. Note that although dynamic head features with

TDNN attain 88.3% AUC performance, it does not improve the fusion of all clas-

sifiers, i.e., the Fusion4 classifier. However, it brings 2% improvement in the recall

rate of noisy laughter segments, as observed in Table 2.4. Hence, head motion be-

comes valuable as a modality for laughter detection, especially in the presence of

environmental acoustic noise.

In two aspects, our multimodal laughter detection scheme benefits from the

discriminative facial feature analysis presented in Section 2.3.4. First, as observed
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in Figure 2.5, the AUC performance drops more than 10% for the dynamic face

features as the feature dimension grows further beyond a certain point. Second,

feature dimension reduction helps to keep the training and testing complexities of

the classifiers low, which allows the possibility of real-time implementations. In

fact, the SVM and TDNN classifiers that we employ are well suited to real-time

implementations with O(M) time complexity, where M is the size of the feature

vector. The latency of the detection system in both cases is proportional to and

actually a fraction of the window duration over which a decision is given. In the

proposed framework, the worst mean computation times of the SVM and TDNN

classifiers running in Matlab 2014b platform on a computer (Dell Latitude E5440)

with Intel Core i7, 2.1 GHz CPU, are measured as 8.7 and 11.3 msec, respectively.

Recently, we have utilized a real-time extension of the proposed laughter detection

framework to analyze engagement in HCI [Türker et al., 2017a].

For the data imbalance problem, the bagging scheme has been investigated with

both SVM and TDNN classifiers. We have observed that bagging brings much

higher improvements for the TDNN classifiers. In general, TDNN architectures

become harder to train as the number of parameters, the number of nodes, and

delay taps increase. Although we have a fairly large laughter database, it does not

allow us to employ larger TDNN structures. The balanced BLD database we use in

training probably restricts the TDNN from better learning the non-laughter class.

This could be the reason for the higher improvements that we obtain with bagging

in the case of TDNN.

Existing work can be characterized as either recognition or detection frameworks.

Recognition frameworks assume that the data has been pre-segmented into individ-

ual chunks, and the task reduces to classifying each chunk using standard classifi-

cation algorithms. However, the data almost never comes in such a pre-segmented

format. Hence, one needs to automatically segment the continuous data stream into

smaller chunks and classify them. This is called detection. Detection is a far more

challenging problem because it requires identifying segments in addition to recog-

nition. Our method is a detection method, which sets it apart from most of the
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existing work.

Three frameworks use only body movements [Griffin et al., 2013, Griffin et al.,

2015, Niewiadomski et al., 2016] for performing recognition on pre-segmented laugh-

ter. Using various classification frameworks and different datasets, all three studies

show that body movements convey valuable information for laughter recognition.

The performance figures reported by these methods are comparable to those with

audio and face modalities.

The first seven studies in the table [Ito et al., 2005, Petridis and Pantic, 2008,

Reuderink et al., 2008, Escalera et al., 2009, Petridis et al., 2011, Scherer et al.,

2012, Petridis et al., 2013a], use audio and face information in recognition and de-

tection tasks. Two of them [Petridis et al., 2011, Petridis and Pantic, 2008] used

pre-segmented laughter. In [Petridis and Pantic, 2008], although they perform a

recognition task, unimodal and multimodal performances parallel our observations.

That is, spectral features are the main source of high performance, while prosody

features can provide additional enhancement up to some point. Also, the face modal-

ity performs better than audio, and the head movement information has the lowest

performance. The work in [Petridis et al., 2011] describes a recognition system.

However, the results are valuable since they come from a cross-database evaluation

spanning four different datasets (AMI, SAL, DD and AVLC).

The next set of systems cover audio-facial laughter detection [Ito et al., 2005,

Reuderink et al., 2008, Escalera et al., 2009, Scherer et al., 2012, Petridis et al.,

2013a]. In [Reuderink et al., 2008], although the authors claim to present a detec-

tion method, the test results are reported on a relatively small set of pre-segmented

data. The database used in this study is also unusually balanced (60 laughters and

120 non-laughters), atypical of the highly skewed distributions observed in natural-

istic interaction. Furthermore, the evaluation in this work has been carried out by

filtering away instances of smiles. This makes the dataset further biased by remov-

ing conceivable false positive candidates and thus potentially inflating performance.

The best performance reported is 93% AUC-ROC for audio and face fusion.

In [Ito et al., 2005], the authors propose a laughter detection system and test
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it on 3 clips of 4-8 minutes each. Unlike our work, the conversational data used in

this study is not recorded in a face-to-face interaction scenario but through a video

call between separate rooms. In addition, laughter instances constitute 10% of the

whole data, which is quite high compared to ours (1.33%). This imbalance makes

our task much more challenging.

Three threads of work [Escalera et al., 2009, Scherer et al., 2012, Petridis et al.,

2013a] present proper detection algorithms on continuous data streams using rel-

atively larger datasets. The method presented in [Escalera et al., 2009] uses only

the mouth movements in the facial modality and there is almost no performance

improvement in multimodal scheme over only audio modality. The work in [Scherer

et al., 2012] contains 2 clips of 90 minutes dyadic conversation. The major limitation

of this work is the lack of fine visual features in the data stream. A video of the face

and the body was recorded simultaneously using a single omni-directional camera.

The camera captures the entire scene, and all the participants in a single image,

which makes it hard to capture fine level facial detail and reliable facial features. As

such, the added benefits of the coarse visual information is unclear. Our work fills

in the gap in this respect by demonstrating that the high resolution facial features

based on tracked landmarks do improve the performance of laughter detection.

Finally, the work in [Petridis et al., 2013a] can be regarded as representing the

‘state of the art’ in audio-facial laughter detection. Here, the authors used the

SEMAINE database with a fairly large test partition. In audio, they used MFCCs

and in the visual modality they used FAPS information extracted from a facial

point tracker. Recall, precision and F1 scores are reported in a speaker dependent

scheme. Also, they have a voice activity detector to get rid of silent regions in

data. In agreement with our findings, they state that performance measures (recall,

precision) suffer from class skewness (sparse positive class in natural interaction).

They reported recall, precision, and F1 scores of 41.9%, 10.3%, 16.4% respectively

for the audio-facial scheme. If one seeks a comparison with our results, comparing

F1 scores would be meaningful. Our audio-facial F1 score for Fusion2 is given in

Table 2.5 as 38.6%, while they have reported audio-facial scheme F1 score as 16.4%.
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2.5 Summary

We have introduced a novel audio-facial laughter detection system and evaluated its

performance in naturalistic dyadic conversations. We have annotated the IEMOCAP

database, which was originally designed to study expressive human interactions, for

laughter events under cross-talk, noise and clean conditions. In this annotated

database, we have investigated the utility of facial and head motion and audio

for laughter detection using SVM and TDNN classifiers. For the face modality, we

have used low dimensional and discriminative feature representations extracted using

the mutual information-based mRMR feature selection method. Our experimental

evaluations show that static motion features perform much better with the SVM

classifier for the laughter detection task, whereas dynamic motion features as well

as audio features perform much better with the TDNN classifier. One of the main

findings of this work is that facial information as well as head motion is useful for

laughter detection, especially under the presence of acoustic noise and cross-talks.

Although the facial analysis in the presented system relies on the markers attached

to skin, the marker positions are consistent with the MPEG-4 standard, and 3D

tracking sensors such as Kinect can facilitate incorporation of these facial features

into real-time laughter detection applications.

As future work, we think that the performance of our laughter detection system

can further be improved using large scale training data, possibly by incorporating

deep neural network architectures, such as recurrent neural networks.
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Chapter 3

LAUGHTER RESPONSIVE ENGAGING ROBOTS

3.1 Introduction

Engagement is a crucial component of user experience in human-computer interac-

tion. Social agents need to build a bond with humans to retain their attention in

conversations. Today, they still struggle to create and maintain the interest of in-

dividuals both in short and long time periods of interactions. Thus, understanding

engagement and designing engaging agents is a step towards more naturalistic and

sophisticated interactions.

With technological advancement, the robots’ appearances have become more re-

alistic, they possess more natural text-to-speech engines and can perform a plethora

of complex tasks. These developments have contributed to abating the differences

between human-robot and human-human interactions. However, they are still not

sufficient for replacing human role in conversations with robots. Communication

between two people consists of implicit and explicit channels that deliver essential

signals to maintain the interaction as long as both parties desire. Agents should

also be able to perceive, respond and make use of these signals. In this work, we

focus on exploring the effect of laughter and smile as backchannels in human-robot

interaction.

We design an interaction scenario involving two people and a back-projected

robot head. In this scenario, the robot plays a quiz game with the participants. We

conduct two sets of experiments, where the only difference is the mode of the robot

- laughter responsive or laughter non-responsive. In the laughter responsive mode,

the robot utilizes our real-time multimodal laughter detection module, to perceive

laughter, and respond to it with laughter, or smile (if speaking). Whereas, in the
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laughter non-responsive mode the robot does not respond to laughter by any means.

We evaluate the difference between the two kinds of interactions subjectively and

objectively. For subjective evaluation, we use questionnaires to assess the partici-

pants’ experiences. For objective evaluations, we measure the level of engagement of

the participants’ in both experiments by using the four connection events - directed

gaze, mutual facial gaze, adjacency pair and backchannel, as described by Rich et

al. [Rich et al., 2010].

Many of the existing studies on engagement have concentrated on the notion of

engagement [Glas and Pelachaud, 2015, Peters et al., 2009], while the others have

primarily focused on its measurement, detection and improvement in HCI. A recent

survey summarizes the issues regarding engagement in human-agent interactions

and presents an application on improving engagement on the GRETA / VIB plat-

form [Clavel et al., 2016]. Being a comprehensive survey, this work emphasizes the

importance of engagement in HCI and indicates the growing interest of researchers

in the field.

Rich et al.’s work on engagement recognition is one of the pioneering studies in

this area [Rich et al., 2010], where the authors propose an engagement model for

collaborative interactions between human and computer. They conduct experiments

on both human-human and human-robot interactions to have insight and evaluate

their approach. Compared to their earlier work [Sidner et al., 2005b], they present

a shorter list of dialog dynamics, which includes directed gaze, mutual facial gaze,

adjacency pairs and backchannels. They refer to these four events as connection

events (CE) between user and the robot, and use their timing statistics (min, mean,

max of delays) to compare the engagement levels in two distinct scenarios, as well

as an additional metric referred to as pace. Pace recapitulates the timing statistics,

and it is inversely proportional to the mean time between connection events. The

idea is that each CE refreshes the bond between human and robot, and increases

the pace metric which is assumed to be proportional to the engagement level.

The backchannel, defined as a connection event, is an important aspect of en-

gagement. As one of the social signals, it is a type of multimodal feedback, defined
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by Yngve [Yngve, 1970] as “non-intrusive acoustic and visual signals provided by

listener during speaker’s turn”. Humans, even unconsciously, respond to speaker us-

ing facial expressions, nodding, smiling back, using non-verbal vocalizations (‘mm’,

‘uh-huh’), or verbal expressions (‘yes’, ‘right’), which are all examples of backchan-

nelling. There exist several studies which concentrate on backchannel timing predic-

tion [Truong et al., 2010, Morency et al., 2010, Schroder et al., 2012, Meena et al.,

2014], as well as various others addressing evaluation of backchannel timing such as

[Inden et al., 2013, Gratch et al., 2007].

We specifically consider laughter as a backchannel signal in human-robot inter-

action. There exist other studies which integrate laughter in HCI and monitor its

effect on the user. However, to the best of our knowledge, none of these studies

evaluates the impact of a laughter responsive agent in terms of engagement. For ex-

ample, Niewiadomski et al. experiment with a virtual agent in a simple interaction

scenario with no verbal communication [Niewiadomski et al., 2013b], where subjects

watch funny videos together with a laughter-aware virtual agent which mimics the

subject’s laughter. The humor experience of the subject is evaluated focusing on the

quality of the synthesized laughter of the agent, and its aptness in timing. Another

similar work is that of [Pecune et al., 2015], where the interaction scenario is also

non-verbal. The subject and the virtual agent together listen to some funny mu-

sic, and the agent mirrors the subject’s laughter. The experience is then evaluated

utilizing questionnaires. El Haddad et al. experiment with a virtual agent which

can predict smile and laughter based on non-verbal expression observations from

the speaker [El Haddad et al., 2016]. Nonetheless, their focus is on accuracy of the

laughter prediction, and the naturalness of the synthesized laughter. They evaluate

their system subjectively, using Mean Opinion Score (MOS).

3.2 System overview

Our main objective is to analyze the role of laughter to engage users in human-robot

interaction. Hence the robot should be able to perceive users’ laughter and smiles in

real-time and to respond back using these non-verbal expressions in its dialog flow.
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Figure 3.1: System overview

We hypothesize that such an ability of a robot will contribute to the engagement of

the user during interactions.

Figure 3.1 shows the overview of the system. We have a dialog management

block [Skantze and Al Moubayed, 2012], which takes user speech from microphones

and positions from Kinect as inputs. It then creates a flow of dialog and gestures

according to a rule-based strategy. The laughter detection module is involved with

the dialog flow to trigger responses (laugh or smile) based on the detection results.

All inputs and dialog flow components (produced gestures, speech etc.) are logged,

and then processed so as to extract CEs and to compute engagement measures.

We employ a question-answer based scenario in which two subjects participate

together and play a game of quiz [Skantze and Al Moubayed, 2012] with the robot.

Basically, the robot starts with a short introduction. It asks participants’ names

and whether they know each other. The robot then proceeds with the quiz and

poses some questions which are hard to guess but likely to draw attention from

participants. An example question is ”What color are sunsets on planet Mars?” and

the given options are ”green, blue, pink, orange”. In order to finalize the quiz and

the interaction, the robot keeps score of the correct answers of each participant, and

declares the winner as the first to reach 3 points.

We exploit the fact that laughter mimicking by listener is the most natural
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response to speaker’s laughter. Therefore, during the interaction, when the robot is

in its laughter responsive mode, it utilizes our laughter detection system for laughter

detection. It thereby responds to laughter with laughs while listening, but with

smiles while speaking (since it is hard to incorporate naturalistic laughter to speech).

Whereas, in its laughter non-responsive mode, the robot does not perform laughter

detection, and hence does not respond to laughs.

Figure 3.2 shows the experimental setup for the interaction scenario. The robot

[Al Moubayed et al., 2012, Al Moubayed et al., 2013] (Furhat in this study) sits on

one side of the round table. Participants are placed facing towards the robot. Kinect

is on a tripod and able to see both participants’ upper-body and face. Individual

microphones are attached to participants’ collars. Also, one video camera records

the whole scene.

IrisTK platform [Skantze and Al Moubayed, 2012] is used with Furhat robot

head, which provides functionalities, such as speech recognition and dialog manage-

ment. On top of these modules, we build a real-time laughter detection module and

engagement measurement methods, as we next explain in the sequel.

Furhat

User1

User2

Video Camera

What percentage of 

the people...?

20, 30, 70 or 90

70

90

Kinect

Figure 3.2: Experimental setup of the interaction scenario
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3.3 Real-time laughter detection

We have a multimodal scheme for laughter detection in naturalistic interactions

[Turker et al., 2015, Türker et al., 2017b]. Audio and facial features are used to feed

the detector. We have developed a method of detection on continuous audiovisual

streams. It basically creates temporally sliding window on the stream and classifies

with SVM whether the window instance involves laughter or not.

The detection method is trained over a human-robot interaction dataset [Dev-

illers et al., 2015], which includes Kinect v2 data recordings. Kinect v2 provides

whole body joints and facial landmark points along with high definition video and

audio.

3.3.1 Audio and facial features

We compute 12-dimensional MFCC features using a 25 msec sliding Hamming win-

dow at intervals of 10 msec. We also include the log-energy and the first order time

derivatives into the feature vector. The resulting 26-dimensional dynamic feature

forms the audio features.

Kinect can provide 1347 vertices of face model. We capture only 4 of them,

corresponding to lip corners and mid points of lips, which roughly represent the lip

shape. We keep these points in 3D coordinates to create a facial feature vector.

3.3.2 Summarization and classification

Support vector machines (SVM) receive a temporal window of statistical summa-

rization of the short-term features to perform binary classification for laughter and

non-laughter classes. We also use probabilistic output of SVM classification for

late fusion of modalities and setting different thresholds. The classification task is

repeated for every 250 msec over overlapping temporal windows of length 750 msec.
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3.3.3 Real-time implementation

The implementation of laughter detection module is coded in C++ by using Kinectv2

libraries on Microsoft Windows. The process is designed to have two worker threads

to handle data acquisition and feature extraction of modalities (audio and facial)

and a master thread which fuses the outputs of the worker threads and produces

the decision output.

In audio worker thread, the audio stream (16kHz sampling rate) is acquired in

chunks of 256 samples. Hence, a two stage sliding window operation is performed in

hierarchy. First, MFCC features are extracted over the audio buffer. The extracted

MFCC features are then buffered and a sliding classification window is applied.

The video worker thread is similar to the audio thread but with a simpler feature

extraction process. Kinect provides each visual frame (body, face, video etc.) with

at most 30 fps. However, frames have their special time stamps rather than having

fixed sampling period with (1/30) sec. The video thread grabs lip vertices each time

a new frame arrives. Feature vectors are buffered where a sliding window runs over

in order to have statistical summarization and SVM classification.

3.4 Engagement measurement

We implement the methods proposed in [Rich et al., 2010] in order to measure

engagement, which is applicable to face-to-face collaborative HCI scenarios.

Rich et al. have defined 4 types of ’connection events’ (CEs) as engagement

indicators:

• Directed gaze: Sharing the same location for both participants’ gaze

• Mutual facial gaze: Face-to-face eye contact event

• Adjacency pair: The minimal overlap or gap between utterances (different

speakers’) during turn taking

• Backchannel: Backchanneling during other speaker’s turn
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Table 3.1: Interaction time statistics of the experiments

Interaction Time (sec)

total # min max mean

Laughter Resp. 10 138.0 296.6 222.1

Laughter Non-Resp. 10 126.2 515.1 267.8

We mostly follow the same methodology as [Rich et al., 2010] but with one small

modification as we descibe in the following. In [Rich et al., 2010], there is only

one participant interacting with the agent, and the directed gaze event is defined to

happen when the agent and the participant look together at a nearby object related

to the interaction. However, in our experiments, we have no objects of interest but

an additional participant. Hence, when the robot, as a ’connection event initiator’,

changes its gaze direction from one participant to the other, this action initiates a

’mutual gaze’ for one participant and a ’directed gaze’ for the other.

In our experiments, CEs are extracted through the logged dialog components and

sensory data (from Kinect). The extracted CEs are then used to calculate a summa-

rizing engagement metric called ’mean time between connection events’ (MTBCE).

MTBCE measures the frequency of successful connection events. Basically, MTBCE

in a given time interval T is calculated by T / (# of CEs in T ). As MTBCE is

inversely proportional to engagement, similarly to [Rich et al., 2010], we use pace =

1/MTBCE to quantify the engagement between a participant and the robot. The

pace measure is calculated over a range of different interaction durations such as the

first 1 minute, the first 2 minutes and so on.

3.5 Experimental work and evaluation

In the experiments, we used Furhat [Al Moubayed et al., 2012, Al Moubayed et al.,

2013] as a conversational robot head. Furhat has the advantage of physical existence

in the scene as well as having ability of efficient facial animation production.

At the beginning of each experiment, participants are briefly informed about
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the experiment. They are told that they will simply play a quiz game with the

robot. The operator explains the roles of the participants and the robot in the game

without biasing them. Once participants are ready, they are left alone in an isolated

experiment room.

In total, 20 experiments are performed in a randomly selected mode: laughter

responsive or laughter non-responsive. A total of 10 experiments are conducted in

each of the modes. Each experiment involves two people, therefore the engagement

is evaluated over 40 subjects (28 male, 12 female, mean age: 25.9). The experiment

ends when one of the participants reaches 3 points in the quiz (3 correct answers).

The average time of an experiment is 4 minutes and 5 seconds. Table 3.1 indicates

the statistics of interactions.
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Figure 3.3: Average pace values for laughter-responsive (blue) and laughter non-
responsive modes (red) over increasing interaction durations.
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Table 3.2: Questionnaire items and mean scores over the laughter responsive and
laughter non-responsive modes. Score scale: Strongly Agree (2), Agree (1), Unde-
cided (0), Disagree (-1), Strongly Disagree (-2)

Responsive Non-Resp.

# Questionnaire Items Mean Std Mean Std

1 I liked the interaction with the robot. 1.50 0.60 1.40 0.60

2 The interaction was entertaining. 1.65 0.59 1.45 0.76

3 I felt boredom at times during the interaction. -1.35 0.59 -1.00 1.03

4 The robot was resp. to my emotional mood. 0.65 0.75 -0.35 0.67

5 The interaction felt natural. 0.65 0.93 0.20 0.89

Figure 3.3 shows the average pace of the connection events over subjects in

laughter responsive and laughter non-responsive mode of the robot. For example,

the pace in the n-th minute is the average pace realized in the period from the

beginning to the n-th minute of the interactions. We have calculated the pace for

the first 4 minutes, as it is approximately the average duration of an interaction. We

observe that the calculated pace values are significantly different between two modes

for all interaction durations, indicating a considerable increase in engagement of a

participant when interacting with a laughter responsive agent. We note that the

pace samples belonging to the two modes exhibit statistically significant differences

(p << 6e−10) when 2-sample t-test is applied. Also, the difference between the pace

curves starts increasing after the 3-rd minute. This may be due to the observation

that, after a warm-up period, participants tend to lose or increase their engagement

according to the experiment mode.

For subjective evaluation, the subjects were required to fill a questionnaire after

their interaction. Table 3.2 shows the five questions of the survey. We use a 5-point

likert scale: Strongly Agree (2), Agree (1), Undecided (0), Disagree (-1), Strongly

Disagree (-2) for each of the questions. To keep the subjects unbiased, even in

the questionnaire, the fourth question implicitly asks if the users were aware of

the robot’s laughter response. The Mann Whitney test for the fourth question,
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gives a statistically significant (p = .0002) difference between the laughter non-

responsive and laughter responsive samples, which indicates that the users were

aware of the laughter responsiveness of the robot during interaction. Question 5

also gives a statistically significant (p = .05) difference between the two samples, an

evidence that laughter integration in HCI makes the interaction more naturalistic.

The answers to other questions were not statistically different amongst the two

samples. Nonetheless, this is expected because these questions are not intended to

discern between the two modes of the robot, but rather to get feedback about the

interaction scenario. Furthermore, since for most of the participants interacting with

the robot was a first-time experience, they underwent the novelty effect. Simply put,

even without laughter feedback from the robot, they enjoyed the interaction due to

its novelty. Consequently, there is no statistically significant distinction for the first

three enjoyment measuring questions.

Figure 3.4 plots the pace metric for each CE separately. All the CEs, except the

mutual gaze (Figure 3.4b), yield higher pace curves for the robot’s responsive mode.

In the interactions, we observe the main reason behind the mutual gaze event loss:

We discover that the majority of the participants, when amused, look whether the

other participant is entertained, as well. In our scenario, this especially occurs when

they are told their answer was wrong. In these occasions, the robot immediately

shifts the attention from the current participant to require an answer from the other

participant. Nonetheless, its initiation of mutual gaze event results in failure because

the two participants are looking at each other.

Two strong tendencies of the responsive mode are observed in backchannel and

directed gaze CEs. Figure 3.4d shows increase in the number of backchannel events,

which are mostly laughter and smiles, in the second half of the interactions. Pace

curves for the directed gaze events yield a decreasing trend for both modes, but

responsive mode sustains higher pace values. This trend could be due to the partici-

pants’ experience with Furhat. At the beginning of the experiment, participants are

amazed when Furhat shifts his attention from one to the other participant by head

and eye movement. Hence, participants tend to have successful directed gaze events
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by looking at the other participant when Furhat does so. However, participants get

acquainted with these attention shifts with time, which might be the cause of the

decreasing trend of the pace for directed gaze events.
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Figure 3.4: Average pace values using individual CEs: (a) Directed Gaze, (b) Mutual
Gaze, (c) Adjacency Pair, (d) Backchannel

3.6 Summary

In this work, we evaluated the effect of laughter in terms of engagement and user

experience in human-robot interaction. In an interaction scenario with two people

and a back-projected robot head, we experimented with two modes of the robot,

laughter responsive and laughter non-responsive. In the laughter responsive mode,
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the robot responds to subjects’ laughter by laughter or smile, whereas in laughter

non-responsive mode the robot does not respond to any laughter at all. We mea-

sure the engagement of the participants in two sets of experiments, objectively by

utilizing the four connection events – directed gaze, mutual gaze, adjacency pair

and backchannel. Our results indicate that the laughter responsiveness of the robot

contributes to engagement of the participants. We also evaluate the user experience

with a questionnaire, which likewise shows promising effects of laughter integration

in an HCI system.
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Chapter 4

MULTIMODAL PREDICTION OF HEAD-NOD AND

TURN-TAKING EVENTS

4.1 Introduction

Recent intelligent human-computer interaction (HCI) literature widely includes stud-

ies on language, dialogue management and speech recognition [Zue and Glass, 2000].

Targeting a more natural, flexible and generalizable HCI still sets challenging prob-

lems. Since early 2000s, inception of new research fields, such as investigation of

non-verbal cues for human-human interaction, has enabled technologies for more

humane (human-like) HCI systems [Clavel et al., 2016]. Robots and virtual agents

are expected to understand what the user says, as well as to monitor the user’s emo-

tional and/or cognitive state and their audio/visual reactions (gestures, views, facial

expressions, mimics etc.), to appropriately take more humane actions in the course

of HCI. In this way, it is expected that the intermediaries will be more convincing

and natural, and that they will keep the user engaged and enable them to inter-

act more efficiently [D’Mello and Graesser, 2013, Schroder et al., 2012, Choi et al.,

2012, Dybala et al., 2009, Bickmore et al., 2011, Bohus and Horvitz, 2014, Andre

et al., 2004, Dybala et al., 2010].

In this study, we focus on head-nod and turn-taking events that are quite func-

tional in human-human and human-robot interactions. As humans, we manage

the conversational flow with smooth turn-takings and execute timely head-nods

for emphasis or feedback. On the other hand, it is a challenging task to predict

timely turn-taking or head-nod events to improve naturalness and user engagement

in human-robot interactions. Furthermore, these two events help monitoring and

sustaining the user engagement [Rich et al., 2010].
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We construct a multi-modal framework for prediction of the head-nod and turn-

taking events in dyadic conversations. The prediction task is basically a binary

decision for a particular event which is likely to happen in the upcoming time instant.

Hence, the problem can be defined as observing dyadic signals in time interval [t−c, t]

to make a prediction at time t for the starting event at time t + d, where c is the

duration of the temporal window and d is the time till the event start.
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Figure 4.1: System overview

In the literature, head-nod recognition and detection have been studied exten-

sively [Zhao and Allison, 2017, Kapoor and Picard, 2001, Chen et al., 2015]. How-

ever, head-nod timing prediction has been addressed in fewer number of studies.

In some of the works, head-nod is addressed under prediction of backchannels

which are shortly defined as non-intrusive feedback expressions [Yngve, 1970]. The

existing backchannel feedback mechanisms used in the human-computer interaction

are often founded on rule-based approaches using simple statistical data [Schroder

et al., 2012, Truong et al., 2010, Inden et al., 2013, Poppe et al., 2013, Poppe et al.,

2014]. For instance, the relation between the changes in the sound perception of

the speaker and the triggered backchannel signals of the listener has been examined

in [Truong et al., 2010]. In this study, a backchannel signal is triggered when there

are pauses with certain lengths, preceded by an increase or decrease in the sound

pitch. In this estimation approach, the type of backchannel signal is not taken into

consideration. In the SAL (Sensitive Artificial Listeners) system [Schroder et al.,

2012], the engagement level and emotional response of the user is monitored, and

events where backchannel feedback is necessary are observed. For example, when

the user shakes their head or there is a change in their sound pitch, it is understood
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that a feedback is necessary. According to the current mood state of the agent,

through a predefined decision process a backchannel feedback such as smile or head

nod/shake is synthesized.

There are very few studies in the literature aiming to learn backchannel by using

a model based learning [Morency et al., 2010, Meena et al., 2014, Lee and Marsella,

2010]. For example, the head shake gesture as a backchannel is estimated from

speech prosody, spoken words, and eye movements using Hidden Markov Models

in [Morency et al., 2010]. Their estimation results are compared with reference

data, but the proposed method is not implemented under any human-computer

interaction scenario. Whereas in [Meena et al., 2014], only the verbal backchannel

signals are predicted based on linguistic and prosodic cues using the naive Bayesian

classifier. This classifier is tested on a verbal interface with a dialogue management

mechanism, and it is reported to yield better results than an approach that randomly

generates a backchannel signal. Again [Lee and Marsella, 2010], predict the head

nod/shake by hidden Markov models in relation to verbal and emotional features of

the interaction.

Turn-taking prediction is studied by many research groups since organization

of the turns has been a problem in human-robot/agent interactions. Throughout

the studies and observations in human-human interactions, prosodic changes [Kawa-

hara et al., 2012, Skantze, 2017] and eye-gaze patterns [Novick et al., 1996, Kawa-

hara et al., 2012] are shown that they are leading factors in turn-taking behaviours.

Kawahara et al. [Kawahara et al., 2012], combine para-linguistic and non-verbal

patterns to detect speaker change and to determine next speaker in poster sessions.

They state that prosodic and gaze features are useful for speaker change detection,

while backchannel of audience is also useful to determine next speaker. In a more

recent study, Skantze [Skantze, 2017] proposed a continuous model solution for turn-

taking problems. His work is solely based on audio features where visual channel

communication is not considered. He used task-based interaction database in train-

ing while we use naturalistic social talk interactions which is more challenging and

applicable in wild. Our work also contributes in prediction of head-nod which is a
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social signal and supporting turn-taking predictions.

4.2 Methodology

Our main objective in this study is to predict head-nod and turn-taking events before

they take place in a dyadic conversation setup. We value these two problems for a

more natural HCI system, in which a robot or virtual agent can predict probable

head-nod or turn-taking opportunity by monitoring the interaction between human

user and itself. In this purpose, we propose an event prediction framework, which

can be trained using human-human dyadic conversational data. Figure 4.1 presents

system overview of the proposed framework. There are two sets of features which

are extracted from low-level acoustic signals and high-level non-verbal behavioral

cues. We perform feature summarization for the SVM classifier and utilize temporal

feature stream for the LSTM-RNN classifier. Each block of the framework and their

input/output characterizations are given in the following subsections.

We define turn-taking event as the time instant that user ends her/his turn.

Similarly, head-nod event is the time instant that head-nod action starts. Regardless

of their type, we call them both ’event’ which occurs at given time t. Figure 4.2

shows event prediction structure over the interaction time-line of participants 1 and

2. Binary decision of the event occurrence is predicted by using features over the

recent temporal window of length c seconds.

We define two sets of features for the event prediction over the temporal window.

Section 4.2.1 defines the first set as low-level acoustic features. The second set of

features are defined on high-level non-verbal behavioral cues in Section 4.2.2. In

the following subsections, aforementioned features and corresponding dimensions are

provided for single participant. Eventual feature dimensions are given in Section 4.3,

since minor changes apply for different event predictions: turn-taking and head-nod.

4.2.1 Acoustic Features

Acoustic features are composed of both spectral and prosodic features. Spectral

properties are described by mel-frequency cepstral coefficient (MFCC) representa-



Chapter 4: Multimodal Prediction of Head-Nod and Turn-Taking Events 52

Participant 1

Participant 2

tt-c

event start

time

temporal window

t+d

Figure 4.2: Event prediction time-line

tion which is the most commonly used spectral feature in speech and audio process-

ing. We compute 12-dimensional MFCC features. Also, the log-energy coefficient is

appended. Thus, the resulting 13-dimensional spectral feature vector is defined as

fM .

Prosody characteristics at the acoustic level carry important temporal and struc-

tural clues for audio portion just before the event occurrence. We choose to include

speech intensity, pitch, and confidence-to-pitch into the prosody feature vector as

in [Bozkurt et al., 2015, Bozkurt et al., 2016b]. Speech intensity is extracted as the

logarithm of the average signal energy over the analysis window. Pitch is extracted

using a well-known auto-correlation based method [de Cheveigne¥ and Kawahara,

2002]. Confidence-to-pitch provides an auto-correlation score for the fundamental

frequency [Bozkurt et al., 2016b]. These three parameters and their first temporal

derivatives form the 6-dimensional prosody feature vector, denoted by fP .

Since extracted acoustic features are speaker and utterance dependent, we apply

mean and variance normalization to both spectral and prosodic features. The mean

and variance normalization of features is performed over the temporal window. Then

the normalized spectral and prosodic features are concatenated and resulting 19-

dimensional acoustic feature vector is obtained: fA = [fMfP ]. Note that acoustic

features are extracted using a 40 msec sliding window at intervals of 25 msec. Thus,
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feature frame rate is 40 Hz.

4.2.2 Non-verbal behavioral cues

Non-verbal behavioral cues are produced by participants in the interactions, mostly

in a unconscious way. These cues create a harmony between the participants, for

instance one participant’s head-nod may trigger the other’s head-nod. Mirroring

is defined as unconsciously copying others’ non-verbal expressions in an interaction

[Chartrand and Bargh, 1999]. Similarly, mirroring effect is observed in laugh/smile

expressions [Finger, 2013]. On the other hand, gazing behaviours have important

roles in social interactions. In [Ho et al., 2015], authors show eye-gaze convey essen-

tial cues for turn-taking. Also, turn-taking request can be expressed with relatively

rapid, large and frequent head-nodding [Napier and Leeson, 2016].

Considering the meanings and their interactions of these non-verbal behavioral

cues, we choose to include them into the feature set of our event prediction frame-

work. The labels over the time-line is transformed into binary values with frame rate

of 40 Hz. The frames get 1’s where non-verbal behavioral event is active, the rest

of the regions get 0’s which means the event is not active. The frames are totally

synchronous with acoustic feature frames. The resulting 3-dimensional non-verbal

behavioral cues (head-nod, laugh/smile, gaze away) feature vector is denoted as fB.

4.2.3 Feature Summarization

We perform statistical feature summarization over the temporal window [t − c, t]

for the SVM classifier. For this purpose, we compute statistical quantities of the

acoustic feature that comprise of 11 functionals, which are the mean, standard devi-

ation, skewness, kurtosis, range, minimum, maximum, first quantile, third quantile,

median quantile and inter-quantile range. This set of functionals were successfully

used before by Metallinou et al. [Metallinou et al., 2013] for continuous emotion

recognition from speech and body motion. Resulting summarized acoustic feature

vector is denoted as FA. The dimension of FA is 11 times the dimension of fA.

Similarly, non-verbal behavioral cues features are reduced down to single vector.
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Since these features are binary values, we choose to keep only one value which

denotes the existence indication of the non-verbal behavioral cue in a given temporal

window, [t− c, t]. For instance, if any portion of head-nod event appears within the

temporal window, we summarize it as 1, otherwise as 0. Thus, summarized single

vector has 3 dimensions and denoted as FB.

4.2.4 Classifier

We employ SVM and LSTM-RNN classifiers in the proposed event prediction frame-

work. SVM is a binary classifier based on statistical learning theory, which maxi-

mizes the margin that separates samples from two classes [Cortes and Vapnik, 1995].

SVM projects data samples to different spaces through kernels that range from sim-

ple linear to radial basis function (RBF) [Chang and Lin, 2011]. We consider the

summarized statistical features (FA and FB) as inputs of the SVM classifier to

discriminate occurance or absence of the ’event’ at time t + d.

On the other hand, LSTM-RNN is an recurrent artificial neural network model.

We use the LSTM-RNN classifier to model the temporal structure of the feature

streams as it has been successfully used in many time-series data [Hochreiter and

Schmidhuber, 1997b]. Since the model is sequential, frame based time-series features

(fA and fB) are used without summarization. In this work, we use only one LSTM

layer. The further details of the classifier structure and its parameters are explained

in Section 4.3.

4.3 Experiments and Results

In Section 4.2, we describe the methodology of event prediction in dyadic interac-

tions. Following that, we perform prediction of two events: turn-taking and head-

nod. During the experiments, the person of interest (POI) is either Participant 1 or

Participant 2. In other words, we have a single classification structure which takes

one participant on focus and make prediction for that participant. For instance,

each annotated head-nod belongs to one participant position: either 1 or 2. Thus, it

is known which participant is POI for prediction of each head-nod. Then, we have
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2 sources of features: POI and the other (OTH). Naturally, acoustic features and

non-verbal behavioral cues features are available for both of them.

In turn-taking prediction, we use POI(fA, fB) and OTH(fB). Since, we know

only POI has speech in temporal window. On the other hand, in head-nod prediction

we use all available features: POI(fA, fB) and OTH(fA, fB). Note that feature

dimension orders are preserved both in between POI, OTH and fA, fB.

4.3.1 Dataset and Annotations

In order to carry out experimental work, IEMOCAP database [Busso et al., 2008] is

used. IEMOCAP consists of naturalistic human-human dyadic conversations with

rich affective contents. Five dyads (sessions), interacts under scripted and sponta-

neous scenarios, resulting with 8 hours of data.

Annotations of non-verbal behavioural cues are carried out on IEMOCAP database.

Laugh/smile annotation performed in our previous study [Turker et al., 2017]. Head-

nod and gaze away cues are annotated by two human subjects. Then, the annota-

tions are checked and if necessary corrected by a third subject.

In our annotation scheme, head-nod is defined as vertical swing of head for a

reasonable of time with a conscious or unconscious mission of carrying a message

to other interlocutor. This definition helped eliminating highly speaker dependent

head-nod behaviours. On the other hand, gaze away is defined as the time portions

that the gaze has a fixation out of the other interlocutor. Rapid eye movements

(saccades) are not annotated as gaze away.

Table 4.1 reports basic annotation statistics of the three non-verbal behavioral

cues and turn segments that are longer than 5 seconds. Turn annotations comes

with IEMOCAP database as described in [Busso et al., 2008].

4.3.2 Training

We set the temporal window size c = 2 sec for turn-taking and c = 3 sec for head-

nod event prediction. Then, we create a class balanced dataset for each events. For

head-nod events, we obtain balanced dataset by randomly picking 1648 negative class
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Table 4.1: Annotation statistics of the three non-verbal behavioral cues and turn
segments that are longer than 5 seconds

# of events
Duration (sec)

Mean Std

Head-Nod 1648 1.25 0.67

Laugh/smile 1244 0.96 0.91

Gaze Away 5147 4.26 5.14

Turns 3132 8.04 3.02

samples from no head-nod regions. For turn-taking events, for each turn region, we

extract one positive [t−2, t] and one negative sample [t−4, t−2]. We keep only turns

longer than 5 sec since we experiment with varying d = {0, 0.1, 0.2, 0.4, 0.6, 0.8, 1}.

We attain balanced dataset with 6264 samples. In all experiments, these balanced

datasets are used in one-session-out (5-fold) test fashion. Thus, all results are speaker

independent.

RBF kernel is used in SVM training and hyper-parameters are optimized in the

first fold with grid search over cross-validation scheme. Optimized parameters are

kept fixed for the rest folds.

In training of LSTM-RNN, we used single layer of LSTM with 50 hidden nodes.

During the 5-fold test, in each fold we split 1 session for validation and train with 3

sessions. Early-stopping is provided by the best accuracy performance on validation

set.

4.3.3 Results

In this section, we report our experimental evaluations, which are obtained over

the balanced datasets created in Section 4.3.2. Since, experiments are over class

balanced set, widely used performance metrics, accuracy (Acc), precision (Pre),

recall (Rec), F1 − score (F1), are utilized in the evaluations. Note that, positive

class is happening of the event: head-nodding of POI, turn-ending of POI (turn-



Chapter 4: Multimodal Prediction of Head-Nod and Turn-Taking Events 57

taking of OTH).

Table 4.2: Turn-taking prediction performances with the SVM for varying d in
seconds

d 0 0.1 0.2 0.4 0.6 0.8 1

Acc 75,69 73,65 71,57 65,72 58,96 57,27 54,92

Pre 74,98 72,79 70,71 64,92 58,13 56,36 54,38

Rec 77,10 75,56 73,65 68,40 64,11 64,43 61,11

F1 76,03 74,15 72,15 66,61 60,97 60,13 57,55

Turn-taking prediction performances with SVM classifier are given in Table 4.2.

The best performances are observed with the minimum delay till the event, d = 0,

which is expected by the nature of the problem. We expect the largest differentiation

between positive and negative class samples when d = 0 and thus better performance

than the others, d > 0.

Considering human-robot interaction, giving 200 msec advance to the robot to

take the turn could be very beneficial even though prediction performances degrade

slightly at d = 0.2 sec. Another promising observation is having close precision and

recall performances since both are important for the task. High precision means

less false positives and thus less intervention while user’s turn continues. High recall

means less false negatives and thus less lagging to take the turn.

Table 4.3: Turn-taking prediction performances with the LSTM-RNN for varying d

in seconds

d 0 0.1 0.2 0.4 0.6 0.8 1

Acc 83,62 81,91 79,89 72,94 64,45 61,14 58,42

Pre 80,53 78,21 77,51 71,59 63,47 61,64 57,98

Rec 88,68 88,46 84,23 76,07 68,07 58,98 61,14

F1 84,41 83,02 80,73 73,76 65,69 60,28 59,52

Table 4.3 presents turn-taking prediction performances using LSTM-RNN. We

observe remarkable performance improvement with LSTM-RNN compared to SVM
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for small d. As d increases, performance difference is getting smaller, which is quite

legitimate since negative and positive class samples getting so similar and makes

hard to capture pattern differences for both of the classifiers. Another observation

is that LSTM-RNN produces systems with better recall performances. This can be

useful for a robot, which displays more talking with more generous interventions but

also timely turn-takings.

Table 4.4: Head-nod prediction performances with SVM and LSTM-RNN

SVM LSTM-RNN

FA, FB FA, FB, F SA fA, fB fA, fB, fSA

Acc 59,46 62,49 59,01 63,37

Pre 60,10 63,53 61,75 64,21

Rec 56,13 58,56 47,21 60,32

F1 58,05 60,94 53,51 62,20

In head-nod prediction task, we consider speech activity (turn states) to help

prediction of head-nods, as turn-taking prediction already owns head-nod features.

Thus we extract speech activity feature fSA, which is binary valued stream obtained

from turn annotations as defined for the other non-verbal behavioral cues features.

Similarly, summarized speech activity feature F SA is just defined as a binary value

to indicate any temporal change in fSA. The F SA indicates if the participant started

talking or stopped talking.

In Table 4.4, head-nod prediction performances are given with and without the

speech activity features. We observe that speech activity features improve per-

formances for both classifiers, but LSTM-RNN favors more than SVM. Although

unimodal head-nod prediction performances of acoustic features and social cues

are poor and close to random, the multimodal performances are promising. Since

precision is higher, it indicates less false positives and thus less awkward timely

head-nods. False negatives do not create much trouble, since passing head-nod op-

portunity as a robot is not a big problem. Actually, even humans have much variety
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on head-nodding behaviour. One can just pass head-nodding if she/he experienced

very same moment that she/he head-nodded before.

We perform decision fusion of the best performing SVM and LSTM classifiers

by weighted sum of the classifier confidence scores as, α ∗ SVM(FA, FB, F SA) +

(1 − α) ∗ LSTM(fA, fB, fSA), where α is the weight of the SVM confidence score.

Table 4.5 presents head-nod prediction performances of the decision fusion for three

values of α. We observed that the decision fusion with α = 0.6 produced the highest

F1 − scores for head-nod prediction task.

Table 4.5: Decision fusion of the best performing SVM and LSTM classifiers:
SVM(FA, FB, F SA) and LSTM(fA, fB, fSA)

α 0.5 0.6 0.7

Acc 64,28 65,28 65,34

Pre 65,56 66,80 67,17

Rec 60,07 60,68 59,95

F1 62,70 63,59 63,35

4.4 Summary

In this study, we present a generalized framework for event prediction in dyadic inter-

actions, such as human-human and human-robot. We report turn-taking and head-

nod prediction performances over human-human conversational data. We showed

that turn-taking prediction can be achieved with relatively better performance, even

for predictions hundreds of milliseconds ahead. Head-nod prediction experiments

showed that speech activity features have potential to improve the performance and

fusion of classifiers achieves the best overall performance.

The proposed framework has a potential use for more humane human-robot

interactions. Smooth turn-takings and producing timely head-nods are expected to

make robots more natural and engaging.
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Chapter 5

LAUGHTER PREDICTION USING MULTI-MODAL

TRANSFORMERS

5.1 Introduction

Non-verbal cues, particularly smiles and laughs, are intrinsic components of human

communication. They facilitate various communicative functions and contribute to

the complex social signals that enrich human interaction (Ruch, 2008; Ekman et

al., 1987). The emulation of these cues in robotic systems is pivotal to establishing

natural and engaging human-robot interaction (HRI). With the advent of machine

learning techniques, the prediction and generation of these non-verbal cues have

become feasible, but still present significant challenges (Kim et al., 2013).

The primary objective of this research is to develop a robust machine learning

model capable of predicting upcoming candidate smiles as backchannels in dyadic

conversations. By utilizing the mimicry dyadic conversation database, a comprehen-

sive approach is adopted, employing Long Short-Term Memory (LSTM) networks

and cross attention Transformer models. This multi-modal analysis contrasts the

effects of relatively long-term windows for speech against short-term windows for

acoustic cues.

The key contributions of this work are as follows:

1. The Development of a Transformer-Based Model: Leveraging the potential

of cross attention mechanisms, this research introduces a novel application of

Transformer models in predicting smiles in HRI.

2. Comparative Analysis: The study provides a thorough comparison between

LSTMs and Transformer models, highlighting the substantial improvements



Chapter 5: Laughter Prediction Using Multi-modal Transformers 61

achieved by the latter.

3. Utilization of Multi-modal Features: By integrating both speech and acoustic

cues within distinct temporal windows, the model ensures a nuanced under-

standing of non-verbal communication patterns.

This research aims to provide a comprehensive study on the prediction of smiles

as backchannels in dyadic interactions, with significant contributions to the field

of HRI. The methodological approach and insights gleaned from this research offer

promising avenues to improve the naturalness and engagement of robotic systems.

5.2 Related Work

Smiles and laughs serve as complex social signals that embody various functions

in human interaction, playing a crucial role in communication and expressing emo-

tions such as joy, humor, and social bonding. Understanding the psychological roles

and interpretations of these non-verbal cues is essential for effective human-robot

interaction (HRI). Ruch [Ruch, 2008] examined the psychological roles of laughter,

linking it to the expression of humor and joy [Dunbar, 2012]. Laughter has been

well-studied in scientific literature, including its function in human conversation and

interaction [Inoue et al., 2022]. It is known to trigger positive emotions and enhance

social bonding. However, cultural variations exist in the appropriateness and in-

terpretations of smiles and laughter. Elfenbein et al. [Elfenbein, 2007] investigated

these variations, revealing differences in the interpretations of smiles and laughter

across cultures [Dunbar, 2012]. Non-verbal expressions, such as smiles, can carry

different meanings and implications in different social contexts [Dunbar, 2012].

Ekman et al. [Ekman et al., 1987] categorized smiles into different types based

on emotional context and genuine expression, leading to various interpretations of

smiles in communication [Dunbar, 2012]. This categorization provides insights into

the nuanced meanings conveyed by different types of smiles, which is crucial for

effective communication in HRI. The use of machine learning algorithms for pre-

dicting non-verbal cues in HRI has been extensively studied. Kim et al. [Schuller
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et al., 2013] explored decision trees, support vector machines (SVMs), and neural

networks for gesture prediction.

Niewiadomski et al. [Niewiadomski et al., 2013a] utilized Multimodal Hidden

Markov Models to generate smiles and laughter in virtual characters. These studies

showcase the growing interest in incorporating laughter and smiles into interactive

systems, aiming to enhance the naturalness and effectiveness of human-robot inter-

actions. The acoustic properties of speech, such as pitch and intensity variations,

have been employed to detect and predict laughter in conversational speech [Sza-

meitat et al., 2022]. Facial expressions and body language are also essential visual

cues for laughter prediction [Hofmann et al., 2017].

Recent studies have emphasized the role of contextual information in generating

smiles and laughter. Ishi et al. considered conversational context in generating

smiles, highlighting the importance of situational awareness in prediction models

[Ishi et al., 2019]. Timing and temporal dependencies are also crucial factors in

natural human-robot interaction. Morency et al. [Morency et al., 2008] applied

Hidden Markov Models to capture sequential patterns. Engagement is a metric that

has been advocated for assessing interaction quality in HRI. Sidner et al. [Sidner

et al., 2005a] proposed engagement as a metric, and Dautenhahn [Dautenhahn,

2007] correlated engagement with perceived empathy and naturalness of robotic

behavior. User studies have played a pivotal role in understanding human perception

of smiles and laughs in HRI. Breazeal [Breazeal, 2003] conducted empirical studies

on the effectiveness of facial expressions in robotic characters, while Bickmore and

Picard [Bickmore and Picard, 2005] evaluated user satisfaction with virtual agents

exhibiting various non-verbal behaviors.

Real-time processing and personalization are significant challenges in smile and

laugh prediction. Paiva et al. [Paiva et al., 2017] stressed the importance of per-

sonalization in adapting models to individual users. The literature provides a mul-

tifaceted view of smiles and laughs as communicative signals in human interaction

and HRI. It covers diverse modeling techniques, feature selections, evaluation meth-

ods, and emerging challenges. The understanding of the psychological roles, cultural
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variations, and interpretations of smiles and laughter is crucial for effective communi-

cation in HRI. The development of accurate prediction models, considering acoustic,

visual, contextual, and temporal cues, can significantly enhance the effectiveness of

HRI systems.

5.3 Database

In our analysis and experimental evaluations, we have used the Mimicry Dyadic

Conversation Database [Bilakhia et al., 2015]. The Mimicry database was created to

meet human-human interaction recordings of everyday situations, with a particular

focus on the analysis of mimicry in human-human interactions. The aim of the

database is to provide a collection of recordings that demonstrate a considerable

amount of similarity and/or synchronization between the participants.

The recordings were conducted in a laboratory setting with 15 cameras and

3 microphones to ensure the best possible conditions for analyzing the behavior.

All sensory data was precisely synchronized (with a margin of error of less than

10 nanoseconds) through hardware triggering. Two experiments were recorded: a

political discussion and a role-playing game. In total, 54 recordings were made, 34

of the discussion and 20 of the game. Forty participants were recruited, 28 male and

12 female, aged between 18 and 40. After the experiments, all participants reported

their feelings.

5.3.1 Laughter Annotation

An extensive annotation effort was conducted by a team comprised of three indi-

viduals with expertise in audio-video annotation. Manual annotation of prominent

smiles and laughter was performed to ensure a high degree of accuracy in the ground

truth.

Annotations were executed using the ELAN Annotation Tool [Wittenburg et al.,

2006], with each annotator responsible for approximately 350 minutes of video

footage. The annotation process involved iterative cycles of watching, pausing,

re-watching, and demarcating boundaries, followed by fine-tuning through multiple
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replays. Due to the meticulous nature of this process, a real-time factor of 2 was

incurred, meaning that approximately 700 minutes were required to annotate each

350-minute segment of video. The third member of the team, then watch the all

annotated clips and double check the final outcome of the work.

In total, 706 laughter and 149 smile instances are annotated. Average duration

of the segments is 1338ms and standard deviation is 1077ms.

5.3.2 Transcription

All audio files within the database were transcribed utilizing an Automatic Speech

Recognition (ASR) system, specifically provided by Google. Despite the dual-

channel recording facilitated by two separate microphones, the presence of cross-

talk was observed across both channels, a consequence of the inevitable proximity

of the microphones. Consequently, speaker diarization could not be effectively im-

plemented for the transcription process.

5.3.3 Large Conversational Transcription Data: OpenSubtitles

To assemble a substantial corpus of conversational text data, we employed the Open-

Subtitles dataset [Lison and Tiedemann, 2016], primarily comprised of subtitles from

films and television series. Particularly useful were the subtitles designed for individ-

uals with hearing impairments, which often contain textual annotations indicative of

laughter, such as ’[laughs]’ and ’[giggles]’. It should be noted that these annotations

are not derived from a standardized lexicon but rather vary depending on the au-

thor or content provider. Therefore, a comprehensive examination was conducted to

identify laughter-associated annotations using regular expressions. In total, 532,044

instances featuring laugh-positive labels were extracted.

5.4 Proposed Method

The proposed method utilizes a cross-attentional multi-modal Transformers model

to predict smiles/laughs as backchannels in dyadic conversations. The model uses
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speech and acoustic cues processed through separate temporal windows to create a

nuanced representation of conversational dynamics.

1. Long-Term Window for Speech: Speech cues are processed through a longer

temporal window, capturing the conversational context.

2. Short-Term Window for Acoustic Cues: Acoustic cues are processed through

a shorter window, reflecting immediate reactions and emotional states.

5.4.1 Acoustic Features

In the context of acoustic feature extraction, two primary approaches are consid-

ered: one involves leveraging the raw waveform, allowing the neural network layers

to intrinsically capture temporal features, and the other entails the extraction of

spectral and prosodic features, which are subsequently fed into the model. These

alternative methodologies are employed under various experimental conditions, the

specifics of which will be elaborated upon in the section 5.5.

The Mel-Frequency Cepstral Coefficient (MFCC) serves as the preeminent spec-

tral feature in the realm of speech and audio processing. In this work, 12-dimensional

MFCC features are computed utilizing a 25-millisecond sliding Hamming window

with a 10-millisecond overlap. Additional components, such as log energy and first-

order time derivatives, are incorporated to construct a 26-dimensional feature vector

representing the spectral content.

At the level of prosodic characteristics, which encapsulate elements like intona-

tion, rhythm, and intensity patterns, several key features are selected for inclusion

in the feature vector. Specifically, speech intensity is determined through the log-

arithm of the average signal energy over the analysis window. The fundamental

frequency, or pitch, is assessed using the YIN algorithm, a widely acknowledged

auto-correlation-based estimator. An auto-correlation score is also computed to

quantify confidence-to-pitch.

Given that prosodic features are both speaker-dependent and utterance-specific,

mean and variance normalization are applied to mitigate these variabilities. This
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Figure 5.1: Overall Proposed Method for Backchannel Generation in Human-Robot
Interaction
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normalization is executed over discrete windows of voiced articulation that demon-

strate pitch periodicity. The normalized intensity, pitch, and confidence-to-pitch

parameters, along with their first temporal derivatives, constitute a 6-dimensional

prosody feature vector. Finally, an extended 32-dimensional audio feature vector is

assembled by concatenating the spectral and prosody features.

5.4.2 Textual Features

Textual features are extracted from the transcriptions of speech present in the re-

spective databases, as elaborated in Sections 5.3.2 and 5.3.3. These transcriptions

serve as the basis for generating word-level embeddings, which are subsequently in-

tegrated into either feature-level fusion algorithms or unimodal prediction models.

The methodology for windowing these word sequences during both the training and

testing phases is delineated in following sections.

5.4.3 Cross-Attentional Multi-modal Transformers

The core of the proposed method lies in the integration of Transformer models with

cross-attention mechanisms. Transformers (Vaswani et al., 2017) provide parallelized

attention across all input positions and have shown remarkable success in various

NLP tasks. The cross-attention mechanism enables the model to attend to different

parts of the input, allowing for a harmonized analysis.

Our proposed architecture focuses solely on the decoder part of the standard

Transformer model, leveraging it to fuse multi-modal data—specifically textual and

audio features. The overview of the model is depicted in Figure 5.2. The textual data

is converted into a sequence of word embeddings, while the audio data is transformed

into a sequence of feature vectors. Before entering the decoder, both the textual and

audio sequences pass through self-attention layers to prepare the ’memory’ that the

decoder attends to. The self-attention mechanism is defined as:

Attention(Q,K, V ) = softmax

(

QKT

√
dk

)

V (5.1)
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Figure 5.2: Overview of the Proposed Decoder-only Cross-Attention Model for
Multi-modal Classification.

The core of our approach lies in the cross-attention layer within the decoder.

We allow the textual modality to serve as the Query (Q) and the audio modality to

serve as the Key (K) and Value (V). This cross-attention mechanism is described

by:

CrossAttention(QT, KA, VA) = softmax

(

QTK
T
A√

dk

)

VA (5.2)

where subscript T denotes text modality and A denotes audio modality.
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The output of the cross-attention layer is further processed through additional

self-attention and feed-forward layers. These layers aim to refine the cross-modal

context and prepare it for final classification. Finally, the output of the last decoder

layer serves as the input to a fully connected layer followed by a softmax activation

function for classification:

Class Labels = softmax(WfDOut) (5.3)

This model structure leverages the strengths of Transformer decoders to effec-

tively fuse textual and audio modalities using cross-attention mechanisms, thus pro-

viding a robust solution for multi-modal classification tasks.

5.5 Experimental Results

This section delineates the experimental procedures and outcomes, encompassing the

fine-tuning of embedding models, training of classification models, and evaluation

of uni-modal, baseline fusion, and cross-attentional multi-modal performances. The

latter is a manifestation of the proposed methodology.

5.5.1 Setup

In the experiments, OpenSubtitles data is used for fine-tuning text embedding model

which is transformer encoder based BERT model. Similarly, wav2vec model is used

to obtain audio embedding model. For the overall model training and testing, man-

ually annotated Mimicry dataset is used.

The model ingests a context window as input and produces a binary classification

output indicating the presence or absence of laughter immediately following the

context window. Specifically, the model predicts the likelihood of laughter at time

t+ Tp based on the observations within the window [t− Tc, t]. Figure 5.3 illustrates

this configuration. The context window duration Tc is set to 4 seconds for audio

and 20 seconds for text, while the prediction lead time Tp is set to 0.5 seconds to

mitigate data leakage between the observation window and the label.
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Figure 5.3: Prediction Configuration: w denotes word sequences sub-scripted with
time indices t, Tc represents the context window duration, and Tp indicates the
prediction lead time for a potential laugh

Given the rarity of laughter events in natural conversations, the problem is char-

acterized by a highly imbalanced class distribution. To augment the dataset with

positive labels, multiple Tp values, namely [0.5, 1.0, 1.5, 2.0], are employed. For the

negative class, random sampling is conducted to balance the dataset.

5.5.2 Text Embedding Model

The text embedding model undergoes supervised fine-tuning using the OpenSubti-

tles dataset, which contains labels related to laughter and smiles. Positive samples

are constructed based on an approximate word count corresponding to a Tc of 20 sec-

onds, resulting in a 30-word observation window preceding the backchannel event.

Negative samples are similarly generated but are randomly selected from regions

that are safely distanced from positive samples.

The DistilBERT-base model, sourced from Huggingface, serves as the founda-

tional transformer model. It is fine-tuned over three epochs using the OpenSubtitles

dataset. Subsequently, the classification layer is removed, rendering the model suit-

able for extracting embeddings from word sequences.
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5.5.3 Audio Embedding Model

The audio embedding model employs a waveform as input to generate a feature

sequence. The Mimicry dataset is used for fine-tuning the wav2vec2-based Hidden-

Unit BERT (HuBERT) model. The pretrained model is sourced from Huggingface

under the name Facebook-HuBERT-base. The performance of the audio uni-modal

model is also assessed and reported in subsequent sections. Ultimately, the classifi-

cation head is disregarded, and the last hidden layer output of the HuBERT model

is utilized for embedding extraction from given audio waveforms.

5.5.4 Results

The experiments employ balanced class-sampled datasets to evaluate and contrast

the performance under various configurations and hyperparameters. One-fifth of the

dataset is reserved for final testing, and the performance metrics are reported using

precision, recall, F1 − score and AUC-ROC.

Contrastingly, the proposed methodology and the best-performing baseline are

assessed using natural conversational clips, which inherently contain a preponder-

ance of negative samples juxtaposed with rare positive instances.

Results on Audio

The audio unimodal prediction performance is ascertained during the fine-tuning

phase of the audio embedding model. Early stopping is employed, monitoring the

validation set accuracy over a maximum of six epochs. The learning rate incorpo-

rates a 10% warm-up ratio, and the batch size is set to 16. The resulting AUC-ROC

performance on the Mimicry test set is 0.74.

Results on Text

The text embedding model undergoes a two-phase fine-tuning process. Initially,

the model is fine-tuned using the OpenSubtitles dataset, which is notably extensive.

Subsequently, a secondary fine-tuning is conducted on the Mimicry dataset. Various
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configurations involving epochs and learning rates are empirically evaluated. The

optimal model configuration is determined to have a fixed learning rate and is fine-

tuned over five epochs on the OpenSubtitles dataset. This is followed by additional

fine-tuning on the Mimicry dataset, also with a fixed learning rate, employing an

early stopping mechanism to prevent overfitting. The resultant model achieves an

Area Under the Receiver Operating Characteristic Curve (AUC-ROC) of 0.71 on

the Mimicry test set.

Fusion Results

In the context of fusion settings, each experiment employs feature-level fusion, suc-

ceeded by the training of a classification head. Feature-level fusion is essentially the

concatenation of outputs from distinct modality-specific embedding models.

Table 5.1: Fusion models results

Experiment Performance

Fusion Type Text Audio Pre Rec F1 AUC

Feat. Level Concat. Short Short 0.74 0.72 0.73 0.75

Feat. Level Concat. Long Short 0.75 0.73 0.74 0.77

Cross Attention Long Short 0.73 0.76 0.74 0.77

Dual-way Cross Att. Long Short 0.76 0.77 0.77 0.79

Table 5.1 presents the outcomes of four distinct experimental setups involving

fusion models. It is noteworthy that the performance metrics are reported for a

test set that is balanced with respect to instances of laughter and non-laughter.

Observations indicate that extending the observation window for text modality leads

to an enhancement in model performance. Additionally, the incorporation of a Cross

Attention mechanism yields a significant improvement in predictive accuracy.

The Dual-way Cross Attention fusion approach utilizes the Query (Q), Key (K),

and Value (V) inputs from the cross-attention mechanism in a bidirectional man-

ner across modalities, followed by feature-level concatenation. In this setup, the
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subscripts T and A in Equation 5.2 are interchanged, yielding an alternative model

configuration that is hypothesized to offer a unique perspective on the data.

Results on Full Clips

As a foundational baseline, Long Short-Term Memory (LSTM) networks are uti-

lized. These networks are proficient in capturing temporal dependencies and have

garnered widespread application in the domain of sequential data modeling. The

LSTM networks are configured with standard hyperparameters, thereby serving as

a performance benchmark.

In the present analysis, unedited video clips are employed to simulate real-time

prediction tasks. While previous sections focused on isolated prediction samples

constituting class-balanced test sets, the current section feeds full-length clips into

both the baseline LSTM and the proposed cross-attention transformer models. This

approach facilitates a comprehensive performance comparison under conditions of

high class imbalance.

For the training set, 36 out of 54 clips are retained, comprising 445 positive sam-

ples and a 30-fold larger set of randomly selected negative samples. The augmented

negative sample selection aids the model in adapting to the highly imbalanced na-

ture of the test set. For testing, the remaining 18 clips, totaling 3.74 hours, are

processed using a sliding window technique. Positive samples are aggregated into

groups of 8 consecutive frames, each spanning a duration of 4 seconds. This results

in 246 laugh regions, generating 1968 positive samples. This aggregation strategy

mitigates the timing precision requirements for the predictor, thereby facilitating a

more equitable comparison.

Figure 5.4 displays the confusion matrix for the baseline LSTM model. While

the number of true positives surpasses that of false negatives, a significant quantity

of false positives is observed, closely rivaling the count of true negatives. Elevated

false positive rates are a common phenomenon in such systems, often indicative of

the model erroneously anticipating backchannel cues. It is worth noting that while

the data may not manifest these cues, the potential for their occurrence could still
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Figure 5.4: Baseline LSTM clip test results, confusion matrix. Pre:7.2%, Rec:53.6%,
F1: 12.7%

be present.

Figure 5.5 presents the confusion matrix for the performance of the proposed

cross-attention transformer model. A noteworthy reduction in the false positive rate

is observed, accompanied by an increase in the true positive rate. These outcomes

are substantiated by the precision, recall, and F1 score metrics, as delineated in the

figure captions.

5.5.5 Discussion

The experimental results offer several insights into the efficacy of various machine

learning models for predicting laughter in dyadic interactions. The audio unimodal

model yields an AUC-ROC of 0.74, while the text-based model slightly underper-

forms with an AUC-ROC of 0.71. This suggests that audio cues may be more in-

dicative of imminent laughter than textual cues, although the difference is marginal.

The fusion models, particularly those employing cross-attention mechanisms,
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Figure 5.5: Cross Attention Transformer clip test results, confusion matrix.
Pre:12.5%, Rec:60.8%, F1: 20.7%

demonstrate superior performance, corroborating the utility of multi-modal ap-

proaches in capturing the nuances of human interaction. The dual-way cross-

attention model exhibits the highest AUC-ROC of 0.79, indicating its robustness

in handling the complexities of the task.

The baseline LSTM model, despite its capability to capture temporal dependen-

cies, falls short in handling the highly imbalanced nature of the test set, as evidenced

by its lower F1 score. In contrast, the proposed cross-attention transformer model

significantly reduces the false positive rate while enhancing the true positive rate,

thereby validating its effectiveness in real-world scenarios.

Overall, the results affirm the potential of transformer-based models, especially

those employing cross-attention mechanisms for multi-modal schemes, in advanc-

ing the field of Human-Robot Interaction by enabling more natural and engaging

interactions.
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5.6 Conclusion

This research endeavored to develop a machine learning model for predicting laugh-

ter as backchannels in dyadic conversations, with a particular emphasis on the

deployment of Transformer models in a multi-modal framework. The empirical

findings corroborate the considerable efficacy of Transformer models equipped with

cross-attention mechanisms, which exhibited superior performance compared to the

LSTM baseline.

The study leveraged the Mimicry dyadic conversation database, enriched with

manual annotations for smiles and laughter, thereby providing a robust dataset

for experimental validation. By adopting distinct temporal windows for speech

and acoustic cues, the model achieved a nuanced representation of the interactive

dynamics inherent in dyadic conversations.

The key contributions of this research are as follows:

• Innovative Application of Transformer Models: The introduction of

cross-attention Transformers to the field of Human-Robot Interaction (HRI)

constitutes a novel contribution, demonstrating marked improvements in pre-

dictive accuracy.

• Multi-modal Analytical Framework: The integration of both speech and

acoustic cues offers a holistic modeling approach, underscoring the necessity

for a synchronized analysis of multiple communication modalities.

• Comparative Evaluation: A meticulous comparison with LSTM networks

elucidates the intrinsic advantages of Transformer models in the specialized

domain of non-verbal cue prediction.

The outcomes of this research bear significant ramifications for the conceptual-

ization and engineering of socially interactive robotic systems. By enhancing the

predictive accuracy of non-verbal cues, the potential for heightened engagement and

naturalness in human-robot interactions is substantially increased, with applications

spanning sectors such as education, healthcare, and entertainment.
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While the research has made considerable strides, certain limitations warrant ac-

knowledgment. The concentration on laughter as backchannels may not encapsulate

the entire gamut of non-verbal communication in HRI. Future investigations could

extend the model to encompass additional gestures and expressions and could also

consider the impact of cultural variations.

Furthermore, the real-time deployment of the model and its personalization to

individual users present intriguing prospects for future research, facilitating more

adaptive and context-sensitive interactions.

In summary, this study lays a comprehensive groundwork for the predictive gen-

eration of laughter in social robots. By pioneering the application of Transformer

models in this context, it makes a significant contribution to the burgeoning field of

HRI. The methodologies and insights proffered herein serve as a catalyst for further

scholarly inquiry, aimed at rendering human-robot interactions increasingly natural

and engaging.
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Chapter 6

CONCLUSION

This thesis has undertaken a comprehensive exploration into the realm of Human-

Robot Interaction (HRI), with a particular focus on the prediction and utilization

of non-verbal cues such as laughter, smiles, and head nods. The work has been

grounded in the application of advanced machine learning techniques, including

Support Vector Machines (SVMs), Time Delay Neural Networks (TDNNs), Long

Short-Term Memory networks (LSTMs), and Transformer models. The research

journey has been extensive, spanning from meticulous feature identification and

algorithmic design to rigorous experimental validation.

One of the seminal contributions of this work lies in the domain of laughter

detection. The thesis has addressed the challenges posed by continuous laughter

detection in naturalistic dyadic conversations. Through a rigorous investigation of

facial information, head movement, and audio features, the research has identified

a set of discriminative features that significantly enhance the performance of classi-

fiers. The introduction of bagging techniques to handle class imbalance has further

strengthened the robustness of the laughter detection model, making it resilient to

detrimental factors such as cross-talk and environmental noise.

Another pivotal contribution is the exploration of the role of laughter in terms

of engagement in HRI. The thesis has designed and executed experiments that have

provided both objective and subjective measures of engagement and user experi-

ence. The findings indicate that a laughter-responsive robot significantly enhances

user engagement compared to a non-responsive counterpart, thereby underlining the

importance of real-time laughter detection in HRI.

The thesis has also made significant strides in the prediction of head nods and

turn-taking events, which are crucial for dialog management systems. By employing
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SVMs and LSTMs, the research has developed an audio-visual prediction framework

that is not only accurate but also amenable to real-time applications. The work

has demonstrated the efficacy of these models on the IEMOCAP dataset, thereby

contributing to the broader understanding of conversational dynamics in dyadic

interactions.

Furthermore, the work has ventured into the prediction of upcoming candidate

smiles and laughs as backchannels within dyadic conversations. By employing Trans-

former models with cross-attention mechanisms, the research has shown a significant

improvement in prediction performance over traditional LSTM networks. This not

only validates the efficacy of advanced deep learning techniques but also emphasizes

the importance of a multi-modal approach in the modeling of backchannels in HRI.

While the thesis has made substantial contributions, it is imperative to acknowl-

edge its limitations. The focus on a limited set of non-verbal cues and the reliance

on specific machine learning models suggest avenues for future research. Extending

the model to include other gestures and expressions, exploring different cultural con-

texts, and implementing real-time personalization are exciting directions for future

work.

In conclusion, this thesis has laid a comprehensive foundation for the under-

standing and advancement of non-verbal cue prediction in HRI. It has significantly

contributed to the evolving landscape of HRI research, offering new perspectives

and methodologies that pave the way for further exploration and refinement. The

insights garnered from this work hold substantial implications for the design and

development of socially interactive robots, thereby opening up new horizons for the

application of HRI in various domains such as education, healthcare, and entertain-

ment.
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