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In the past few years, there have been an increasing number of works in negotiation

dialog topic. Almost all of existing negotiation systems assume that its interlocutor (the

user) is telling the truth. However, in this negotiation, participants can tell lies to earn

a profit, and the partner need to change the negotiation plan for making the negotiation

advantageous. As a result, we cannot use existing systems to act as a negotiator and

handle this conversation with user. In this research, I proposed a negotiation dialog

system that detects user’s lies and designed a dialog behavior on how should system

react when user is lying. As a typical case of deception negotiation, we built a dialog

model of doctor-patient conversation. I showed that we can use partially observable

Markov decision process to model this conversation and use reinforcement learning to

train the system’s action according to the designed behavior. Experimental evaluations

proved that the proposed system outperforms the baseline negotiation system that does

not use user’s deception information for dialog management.
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“What is negotiation but the accumulation of small lies leading to advantage?”
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Chapter 1

Introduction

1.1 Background

A negotiation is defined as a process between many parties that are trying to find a

common ground and reach an agreement among them because each party has their own

views, needs and aims that may conflict with the others. A negotiation dialog system

is a system that tries to persuade the interlocutors (which can be either a human user

or other systems) to agree on the system’s preferences by using most appropriate types

of arguments [1]. Negotiation has always been a popular topic in the community of

spoken dialog researchers. Other than improving the efficiency of dialog management,

the focus of these studies have switched from passive role systems (eg. restaurant, tourist

information provider) to more active systems that can influence the user’s decision using

persuasive techniques [2–5].

Since the goals of parties in a negotiation can be conflict with each other, the use of

deception in negotiation is expected [6? ]. Negotiators can use lies such as giving wrong

information so that the outcome of the negotiation will be more favorable to them.

For existing negotiation systems, when the users use lies as arguments, they gain the

advantages and are more likely to win the negotiation because the system believes in

the lies Efstathiou and Lemon [7]. Therefore, when system detects that user is lying,

the most logical choice is to continue defending its goal by giving more argumentation

instead of changing the outcome according to what the user wants.

A typical example of negotiation is the doctor-patient conversation. In this type of

dialog, the patient has their own perspective and opinions about their health condition.

In other words, the doctor needs to take these opinions into consideration when making a

treatment plan and negotiate with users to reach a plan that satisfy both user’s demand

1
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and requirements of the treatment. The application of using dialog system to play the

role of the doctor and negotiate with the patient in this situation is very promising. One

problem happens on this conversation is that the user does not always tell the truth

to lead the conversation to their demands. However, almost all of existing negotiation

systems assume that the user is speaking the truth. Especially with situation that

patients talk with doctors about their health condition, there are about 23% to 38% of

patients admit to have told lies to their doctors ( Wall Street Journal (2009), WebMD

(2004), Zocdoc (2016)). Thus, the assumption used in existing negotiation dialog system

is not correct, especially in the doctor-patient conversation. As a result, if we use them

to handle this kind of situation, negative consequences will happen as discussed further

in the next part of this thesis. Therefore, in this research, I propose a dialog system

for negotiation that detects the patient’s lies by facial and acoustic clues then use this

information for dialog management to decide more appropriate system’s action for the

user.

1.1.1 Current works in negotiation dialog system

Studies about negotiation dialog started as early as 1990s, when all of the systems were

built using rule-based approach [8–10]. It wasn’t until recently that statistical approach

like Markov Decision Process (MDP) and Partially Observable Markov Decision Process

(POMDP) are applied to model the negotiation process [1, 11–13]. All these works

assume that user’s statements are honest, or in other words, both system and user are

behaving in a cooperative manner.

This assumption does not work well since deceptive behaviors are clear indication of

non-cooperation in the negotiation process. As pointed out by [14, 15], non-cooperative

negotiation dialog “easily leads to miscommunication and an unnecessarily long, com-

plicated, and perhaps failed dialog because of the systems limited abilities to detect,

handle, and recover from a non-cooperative dialog flow.” As a result, this certain type

of negotiation dialog is more difficult than cooperative situation.

In spite of having this disadvantage, there are numbers of practical application that are

very promising and worth investigation. Such applications include: educational simu-

lation, commercial bargaining that the customer and the seller cannot reach a mutual

objective; negotiation, persuasion and debate [16], zero-sum games scenario [7, 17, 18]

and especially the doctor-patient conversation, which is being addressed in this thesis.
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1.1.2 Using deception in negotiation process

In fact, deceptive behavior is generally considered to be a part of negotiation. Craver [19]

mentioned that he “rarely participated in legal negotiations in which both participants

did not use some misstatements to further client interests” and according to Lewicki

et al. [6] “lying and deceit are an integral part of effective negotiation”.

The benefits that deception brings to negotiator include increasing of power [20] or profit

[21–23]. On the other hand, the cost of lying is usually uncertain and can be delayed

while the penalty when being caught can be reduced by providing adequate explanations

[24]. A survey by Lewicki and Robinson [20] with MBA students in US who are attending

negotiation course show that some form of deceptive tactics are considered to be ethically

appropriate. Another survey using similar method by Al-Khatib et al. [25] had the same

conclusion. These studies shows that deception happens not only in different types of

negotiation but also among different countries and cultures.

The doctor-patient conversation is not the only type of negotiation that has the existence

of deception. In the doctor-patient conversation, the reasons behind lying are quite

different. A study by Iihara et al. [26] showed that the main factor associating with

patients’ lies is their lack of information and knowledge which leads to distrust in the

doctor’s treatment plan and poor understanding about the necessity and benefits the

treatment plan can bring them. Therefore, to tackle the problem of deception in doctor-

patient, we need to carefully designed a system behavior that suits this situation.

1.1.3 Current works about deceptive-countering strategies in negotia-

tion dialog

With such a low number of research about deception in negotiation dialog, as a result,

studies about countering deceptive strategy are almost non-existent. Using the same

setting as in a previous work by Efstathiou and Lemon [7], Vourliotakis et al. [18] put

a learning agent (system) that can tell lies against an adversary that can detect lies

with contradiction. Results show that the winning rate of the learning agent in this

situation is much less than going against normal adversary that does not detect lies.

This work shows that using deception information can help a system to be more success

at persuading its interlocutor in the case when interlocutor is using lies. However,

application of this work to the doctor-patient conversation is not suitable since the

behavior of the adversary when it detects lies is against the principal of the type of

negotiation being considered in this research. Another problem is that the penalty of

being exposed of using deception in this trading game scenario is not realistic according
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to survey conducted by Shapiro [24]. Thus, using the work in [18] to situations other

than trading game is very difficult.

1.2 Common type of deception

There are several ways to define different types of deceptions. In an early work about

deceptive behavior, Bok [27] defined misleading statements as lying and misleading omis-

sion as deception. Within the scope of this research, these two terms can be used in-

terchangeable. This is because their purposes are similar in this situation, to make the

doctor give treatment plan that is preferred by the patient. Studies by Lewicki and

Stark [28], Lewicki and Robinson [20], [29] evaluated common ethically controversial

negotiation tactics and grouped them into five factors. DePaulo et al. [30] developed

a taxonomy of lies and divide type of lies according to their motivation, content, mag-

nitude and referent (whether the subject of the lies are about liars themselves, other

people, objects or events.) Using the analysis from these studies, for the doctor-patient

conversation, lies can be divided into two types: information misrepresentation and

false promises. While previous work only dealt with the first type of deception [18], in

this work, we also consider the use of “false promises” - patient pretends to agree with

doctor’s treatment plan.

1.2.1 Information mispresentation

This type of deception refers to the situation where user gives false information about

himself or hide important facts when giving his arguments. Such situations are illus-

trated in the example below.

You’re drinking too much. Everyday you came 
home drunk as dead. You should start limiting 

your alcohol intake to no more than 2 pints per 
day. 

But I’m a beer tester! My 
job is drinking.

Well, I see. I guess it can’t be 
help then.

Figure 1.1: Lying by misrepresenting information.
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In this example, the user is lying about his job to convince system that his drinking

habit cannot be changed. In this situation, if the system knows that user is lying, a

better response will be “I see, but I still recommend you to drink less than that amount.

Drinking too much will damage your liver and causes many health problems.”

1.2.2 False promises

“False promises” deception means the cases when user pretends to have an agreement

with the system. In real life, this situation is commonly found in conversations where

a person is getting advices about his personal lifestyles or habits (eg. doctor-patient

conversation). Figure 1.2 shows an example of such situation.

In comparison with “information misrepresentation”, this kind of deception has a direct

impact to the outcome of negotiation. A special characteristic of the doctor-patient

conversation is that the treatment plan will be given by the doctor (system) but the

patient is the one who decide to follow it or not. As illustrated in Figure 1.2, user

pretends that he will stop smoking but he does not really intend to do so. Normal

negotiation system believes in the user and end the conversation. As a result, the

system fails to persuade user to give up smoking.

Smoking is a really bad habit. It destroys your 
lungs and severely worsen your health. I 

recommend you to quit smoking as soon as 
possible.

Okay, fine. I’ll quit smoking 
from tomorrow.

Nice. I’m glad you agree to do so.

Figure 1.2: Lying by using false promises.

1.3 Approaches

In this thesis, I proposed a dialog system that can handle the problem of deceptive

responses from the user in the doctor-patient conversation. Information about user’s
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deception will be tracked using multi-modal approach. The system uses facial expres-

sions and acoustic features from the user for deception detection. While trying to reach

its own goal, the system also takes this deception information into consideration and

gives the most suitable respond.

1.3.1 Multimodal deception detection

Deception detection is a topic that is gaining lots of attention from linguistic, speech

and multi-modal processing community recently. There are various clues that can help

us to detect deceit in other people’s utterances, which include lexical modal (the way

someone use words), acoustic modal (the way they speaks), their body gestures and

facial expressions. As a result, multi-modal approach that can combine those modalities

was proved to be very efficient in detecting deception [31, 32]. Polygraph is also an useful

clue that is being widely used in lie detector tests. However, the set up is complicated

and the cost of using polygraph is very high (estimated cost of a 2-hour polygraph test

is about 550$) while the results are still unreliable [33, 34]. Another drawback of this

method is that the person who is questioned may feel anxious by the procedure and his

utterances will be mistakenly detected as lies.

A research from Hirschberg et al. [35] shows that acoustic features can be used for

deception detection. Works by Pérez-Rosas et al. [31, 32] shows that visual clues such

as body movement, facial expressions are also useful to decide if someone is lying or not.

Therefore, in this research, acoustic and facial features were used to classify the user’s

statement into lie or truth. The details about deception detection will be discussed

further in the next chapter of this thesis.

1.3.2 Negotiation dialog policy that handle user’s deception

To build the proposed system, first, I designed a dialog behavior (dialog policy) to

respond to user’s lies. As pointed out above, there are two situations where the user uses

deceptions in a negotiation process: telling lies to gain advantages (to reach an agreement

that is more preferred by user) or to pretend to agree with system’s recommendation.

As shown in Shapiro [24], liars can mitigate the penalties to their deceptive behaviors

by giving excuses. Furthermore, in the doctor-patient conversation, exposing patient’s

lies without concrete evidence will lead to more distrust from patient. Thus, the system

should not focus on trying to expose and confront user’s deception. With the first

situation, conventional negotiation system will give up convincing the user and switch

to a new offer that is more preferred by the user. For the proposed system, since it
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knows that the user is using fake reasons in his argument, the system should prioritize

in providing more arguments to support the current recommendation. For the second

situation, let’s take a look again at the fast foods example shown in Figure 1.2. When

facing this “false promises” from user, a better negotiation system should respond with

Framing - dialog action that gives user more information about the recommendation

and show them the necessary and benefits from system’s recommendation. An example

of Framing action in this case is “I’m glad that you agreed with my recommendation;

this is because fast foods usually contains lots of cholesterol and made from low-quality

ingredients, which can severely worsen your health.” By providing the argument that

points out bad effects of fast foods, the system expects to draw the attention from the

user and persuade them to truly accept the recommendation.

1.3.3 Policy management using statistical method

In the past, dialog management which decides the next most suitable action for the sys-

tem has switched from manually crafted rules-based to statistical approaches, especially

reinforcement learning were also investigated and shown to be very effective. Statistical

approaches also make it easier to scale up the system with new data or to increase com-

plexity of the system’s behavior. In particular, MDP (Markov Decision Process) and

POMDP (Partially Observable Markov Decision Process) are the most successful and

now widely used for modeling and training dialog manager. POMDP is an extension of

MDP that deals with the situations where the states of decision process is not determin-

istically observable by the system. In the problem that we focus in this thesis, the result

of deception detection cannot be recognized with 100% accuracy. Thus, POMDP was

chosen to model the dialog decision process of the system and reinforcement learning

was used to train the dialog manager.

1.4 Outline of the thesis

Chapter 2 presents overview of the proposed system; where the general structure of

the system, the dialog scenario that system is working on, the dialog behavior (policy)

of a conventional negotiation system when working with this dialog scenario and the

proposed dialog behavior are described. In comparison with the conventional one, with

the proposed dialog behavior, the system reacts to the user based on both user’s action

and user’s deception, thus it can handle user’s lies correctly.

In chapter 3, the construction of deception detection module and dialog manager are

represented. Deception detection module is a multi layer perceptron classifier that takes
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facial expressions and acoustic features of the user as input, then combines them and

classify user’s statements into either lie or truth. The proposed system’s dialog decision

process is modeled by partially observable Markov decision process (POMDP), which is

widely used in control of dialog system. System’s dialogue manager receives the user’s

dialog acts and user’s deception and selects an appropriate response by a policy, which

is optimized by reinforcement learning. The reward function is defined according to the

designed behavior in Chapter 2. In addition, the system will also receive high reward if

it can successfully persuade user to accept it’s recommendation.

Chapter 4 shows evaluation of the proposed dialog system. Experiment results with

simulated user shows that proposed system performs better than conventional one in

terms of negotiation efficiency. Experimental evaluations with real human-to-human

dialogs demonstrated that the proposed system outperforms the conventional negotiation

system that does not track the user’s deception in term of action selection.

Chapter 5 concludes this thesis and discusses the contribution of this research as well as

future directions.



Chapter 2

Overview of the system

In general, the negotiation covers lots of different topics and many of them require knowl-

edge about specific domain that is too difficult to work with, especially for the medical

field. Thus, this research focuses on negotiation between a doctor and a patient about

the patient’s living habits. In this scenario, the system (doctors) gives recommendation

that users (patients) should change their living habit. This chapter describes the general

structure of the proposed dialog system as well as the “living habit” scenario that the

system is working on.

2.1 System architecture

System

Input utterances 
+ non-verbal 
information

NLG 

User

NLU

Deception 
detection

Dialog state 
tracker

Policy 
manager

Figure 2.1: General structure of the proposed system.

9
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Figure 2.1 illustrates the structure of a dialog system that uses the proposed behavior.

User’s utterance will be converted into text by using the automatic speech recognition

(ASR) component. This information is then put into natural language understanding

(NLU) unit to recognize the action type of the user’s dialog act. In addition to verbal

information (text sentence), other non-verbal clues such as voice and facial expressions

of the user are also captured. These information will then be fed to a deception detection

module, which will determine whether the user is telling the truth or not. The output

of deception detection, NLU and dialog histories will be used to track dialog state by

considering the long-term user behavior with belief update. The output of the dialog

state tracker will be stochastic variable of current state over the space of all possible

dialog states. The information of the current state is processed by the policy manager

module, which decides the best action to do next. This module is trained by using

Q-learning, a popular reinforcement learning method. The decided action will be used

by the sentence generation (or natural language generation - NLG) module to output a

response to the user.

The paragraph above describes general structure of the proposed dialog system. How-

ever, in reality, the system has not yet used any speech recognition or language genera-

tion technologies since they are not the target of this research. The main focus of this

research is the building of deception detection and dialog manager modules. Therefore,

all interactions between the user and the system will be done via an operator.

2.2 Changing living habit scenario

In this scenario, the dialog is a one-to-one conversation between a system (doctor) and

a user (patient). They will be discussing about user’s living habit. This habit can

be one of the following topics: sleeping, food, working/studying, exercise, social media

usage and leisure activities. The system’s goal is to convince the user that they need to

change to a more healthy living habit. The system persuades the user by giving them

information about the new habit (system’s recommendation), health benefits of the new

habit and negative effects of user’s current habit. This action is denoted as Framing in

this research. In general, Framing is an argument that supports the goal of the system

or opposes the interlocutor’s goal. On the other hand, the user wants to continue the

current habit and gives reasons to show that it is too difficult for him to change. The

system behaves in a cooperative manner, which means when user’s reason is honest,

system will give a new recommendation (another habit) that is easier for the user. For

example: the system starts the negotiation with a recommendation that the user should

do running 3 times per week. The user, who is currently having no physical activities,
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rejects this recommendation by saying that they are too busy and do not have enough

time to do running so often. Thus, the system makes a new recommendation that the

user should do running twice week. This new recommendation requires less time and

thus, easier for the user to adapt to.

To make the conversation simpler and easier to be understood, only the system can pro-

pose recommendations, the user cannot make suggestion about what habit they should

change to. On the other hand, users are allowed to use dishonest reasons to make

the system offer an easier recommendation. If the recommendations of the system is

not attractive enough for the users, they can choose to pretend to agree with system’s

recommendation while they actually do not intend to change their current habit.

2.3 Dialog behavior of conventional negotiation system

A conventional negotiation dialog policy, which treats all user’s response as truth and

reacts to the user only based on user’s action is illustrated in Figure 2.2.

Start Offer

user’s 
action?

OfferOffer

Hesitate

End

RejectAccept

EndFraming

Framing

Question

Figure 2.2: Conventional negotiation dialog policy.

In this flowchart, rectangles indicate system actions. As we can see, the system reacts

to user based on user’s action only. The set of dialog acts for the system includes:

Offer: the system offers a recommendation to the user, which means the system suggests

the user should change to a new habit.
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Framing: the system provides information about the new living habit, the necessary

and health benefits of the habit and consequences if the user keep the current

habit.

End: the system ends the conversation.

For persuasive dialog, framing technique was shown to be a very effective way to direct

users to accept the system’s goal (Hiraoka et al. [3].) By definition, framing means

using emotionally charged words to explain particular alternatives (Levin et al. [36].) In

this thesis, Framing actions are any statements that provide supporting arguments to

the system’s current recommendation, which means either show to benefits of changing

the habit or to point out negative effects of the user’s current habit or give detailed

information about the recommended new habit.

On the other hand, the user can react with different actions as described below:

Accept: the user accepts the recommendation (offer) that was given by the system.

User can pretend that they accept the system’s offer.

Reject: the user rejects the recommendation given by the system and gives reason why

they reject it. In order to make the system to give an easier habit, the user can

reject with a deceptive reason.

Hesitate: the user says he/she is unsure about whether to accept the offer or not.

Question: the user asks the system about the benefits of doing the recommended task

or asks the system to give a clear explanation about the task.

As shown in Figure 2.2, with conventional negotiation policy, the system starts the

conversation by giving the user a recommendation (Offer). When the user replies the

system with Hesitate, either offering new recommendation (Offer) or giving argument

(Framing) is acceptable choice. Meanwhile, if the user gives a Question, the only suitable

response will be Framing, which gives information about the new habit. If the user rejects

the system’s recommendation by giving a reason why changing habit is too difficult for

him, system will change to offer a new habit that is easier for user to change to (since the

system believes in user’s reason). Finally, if the user accepts the recommendation, no

matter if the user is lying or not, the system will take it as truth and end the negotiation.

The dialog behavior described above is used for the baseline system in the evaluation.

Similar to the previous work in [1], the dialog decision process of this baseline system is

modeled by POMDP and the system learns the behavior using reinforcement learning.
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2.4 Dialog behavior to handle user’s deception

Start Offer

user’s 
action?

FramingOffer

Hesitate RejectAccept

Framing

No

Yes

Lie? Lie?
Yes

EndEnd Offer

No

Framing

Question

Figure 2.3: Flow chart of the conversation.

Figure 2.3 describes the proposed dialog behavior, which considers deceptions of the

user. When the user is telling the truth the behavior of the proposed system is the same

as conventional one. In this “living habit” scenario, there are two situations in which the

user can give a deceptive answer: Reject and Accept, which correspond to “information

misrepresentation” and “false promises” respectively. According to the studies by Horne

[37] and Kjellgren et al. [38], when the patient is lying, the most suitable reaction from

doctor is to explain to the patient about the treatment plan, showing the necessary and

benefits of it and consequences if patient refuses to follow the plan. Applying to the

“living habit” scenario, the most logical reaction of the system when the user is telling

lie is Framing.

2.5 System’s goal and functionalities

The ultimate goal of the proposed system is to successfully persuade the user to accept

its recommendation and change to the system’s recommended habit. When the user

gives honest reason why he cannot accept the system’s current recommendation (ie. it

is too difficult for the user to change to the recommended habit) then the system should

offer a new recommendation (another new habit) that is easier for the user.

The proposed system is also expected to be capable of detecting lies in user’s statements

and provide suitable respond according to the dialog behavior described previously.
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In addition to these points, the system also has a limit to the number of times it can

give persuasive arguments (Framing). This is because Framing action is related to

information about the new living habit and this information is limited. Furthermore,

there is also a limit to the number of times the system can do Offer. Such a limit

is also natural because after giving Offer for a certain number of times, the system’s

recommendation will be exactly the same as user’s current habit. For example, system’s

original recommendation is that the user should start running 3 times per week and

user wants to continue the current habit of doing no physical activities (run 0 times per

week.) With each new Offer, system’s recommendation is reduced by 1 time per week.

That means with the second time, the recommendation will be running twice per week.

Thus, at the fourth time doing Offer, system will recommend the user to run 0 times

per week, which is pointless. Therefore, in this situation, the system should stop giving

new Offer after recommending user to do running once per week. In this example, the

maximum number of time system can do Offer is 3.

Three hypotheses will be investigated in the evaluation section of this thesis.

• Q-learning for POMDP can be utilized to successfully learned the proposed dialog

behavior.

• The proposed system has better negotiation performance than the baseline con-

ventional system (evaluation with simulated user).

• The proposed system performs better than conventional systems in term of dialog

act selection (evaluation with real human-to-human dialogs.)



Chapter 3

System modeling

This chapter describes the construction of main components of the proposed system.

We developed two modules to manage a dialog system with deception detection: mul-

timodal deception detection and POMDP based dialog manager which is extended to

use deceptive information. Deception detection module is built using multi-modal ap-

proach, which uses non-verbal cues such as facial expressions and acoustic characteristics

of users to decide whether they are telling the truth or not. Dialog management is based

on partially observable Markov decision process (POMDP), which decides the next best

action to do in the negotiation process given observations of the user states that include

recognition noises. The dialog management module uses the information of user dialog

acts and user’s deception to decide what to do next.

The focus of this thesis is to investigate the effect of deceptive information in negoti-

ations, thus, we did not build dialog act classifier and the module is conducted by a

human operator. The detail is described in the section of evaluation.

3.1 Deception detection based on multi-modal approach

We built a multi-modal deception detection by using facial and acoustic features. To

extract facial features, we used the OpenFace toolkit developed by Baltrušaitis et al.

[39]. For face tracking purpose, this toolkit provides tracking of humans’ face action

units (AUs), which represent facial expressions. By using OpenFace, we were able to

extract 14 face AU regression values, 6 AU classification values as well as head position,

head direction parameters. All these values are then normalized and discretized into 4

different levels of intensity. For each normalized value, the maximum of it was also taken

as a feature for classification. The normalization ensures that the features will represent

15



Abbreviations 16

changes of user’s expressions when giving his arguments instead of their intensities. The

lists of face action units being used in this thesis are shown in Table 3.1. This AU coding

system was developed by [40] to record the movement of muscle groups in human face.

The AUs shown in the table are the major muscle groups and they cover the whole face

area of a human. Therefore, these AUs were chosen as facial features in this research.

AU list

AU regression values: AU01, AU02, AU04,
AU05, AU06, AU09, AU10,AU12,AU14, AU15,
AU17, AU20, AU25, AU26

AU classification values: AU04, AU12, AU15,
AU23, AU28, AU45

Table 3.1: List of facial action units.

Acoustic features are extracted from audio files using OpenSMILE tool [41]. The acoustic

features are selected from the work by Hirschberg et al. [35] as shown in Table 3.2.

Features description

Pitch:
F0 max, F0 min, F0 mean, F0 std,
F0 max− F0 mean, F0 min− F0 mean,
F0 max/F0 mean,F0 min/F0 mean,
(F0 max− F0 mean)/F0 std,
(F0 min− F0 mean)/F0 std

Loudness: Same as above

Duration: %voiced region, %falling pitch,
%raising pitch

Table 3.2: Acoustic features description

From the pitch and loudness values measured from the audio, we calculated maximum

(max), minimum (min), mean (mean) and standard deviation (std). We also include

duration-related features: percentage of frame with voice, percentage of frame with

lower pitch than previous frame (falling pitch), percentage of frame with higher pitch

than previous frame (raising pitch).

The classification model for deception detection module was built using Multi Layer

Perceptron with hierarchical structure to combine acoustic and facial features. This

method was proposed by Tian et al. [42] in a work for emotion detection. It is shown

that this combination method outperforms the traditional ways of features combining

such as feature-level and decision-level combination. The structure of MLP for each of

the combination method is shown in Figure 3.1.
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Features-level 
combination

Decision-level 
combination

Hierachical 
combination

Figure 3.1: Structures for different combination methods.

To test the effectiveness of the deception detection module, we used data from recorded

conversations between 2 participants. The scenario of these conversations is set to

be an interview between a doctor and a patient. However, the role of the doctor is

played by a student who does not have medical-field knowledge. Thus, the contents of

this conversation was prepared using available examples of objective structured clinical

examination (OSCE). In these conversations, the “patient” will try to get a prescription

from the “doctor” by telling lies about his health condition. The recordings include both

video and audio data of the“patient”, which were used for extracting facial and acoustic

features respectively. Labels of deception are given by the participant by pressing a

button when they make any deceptive answer. We separated the corpus into two types

of data:

Short: Answers from the user, which are very short (mainly just contains yes or no.)

For this data, we have 3 participants, one of them plays the role of “doctor” and

the others plays the role of “patient”. This data contains 4 dialogs with a total of

87 utterances, 67 of them are honest and 20 are deceptive answers.

Long: Answers from the user, which are longer and usually contains 1 or 2 sentences.

For this data, we have 3 participants, one of them plays the role of “doctor” and

the others plays the role of “patient”. This data contains 2 dialogs with a total of

56 utterances, 42 of them are honest and 14 are deceptive answers.

Results of the experiment are shown in Table 3.3. For each type of data, we trained 3

different classifiers using different combination methods shown in Figure 3.1. For the
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Short data, 20 utterances (10 honest, 10 deceptive) are taken out as testing data. For

the Long data, 14 utterances (7 honest, 7 deceptive) are taken out as testing data We

observed the same result as in [42], hierarchical combination method outperformed the

others.

Data
Features
combine

Decision
combine

Hierarchical

Short 55.00% 55.00% 65.00%

Long 57.2 % 64.3% 71.4%

Table 3.3: Deception detection accuracy.

Evaluation results showed that the highest accuracy that deception detection achieved

was about 70%. This performance is in line with [31, 32, 35]. However, if the dialog

system uses this module to detect user’s deception, we cannot make a concrete conclusion

whether user is lying or not. How the proposed system overcame this problem will be

described in the next section.

3.2 Dialog management using POMDP

As mentioned in the previous section, using result from deception detection module, we

cannot reach an exact conclusion about if the user is lying or not. On the other hand, the

designed dialog behavior requires the system reacts (make a decision) to the user based

on both the user’s action and deception (unobservable state.) Therefore, we introduced

POMDP as the framework of the proposed dialog manager. POMDP consists of two

functions: belief update function and policy function. We extended the architecture of

POMDP by introducing the deception state to fit the framework for our system.

POMDP works with belief, a probability distribution over all possible states. Therefore,

all of the states are taken into consideration instead of the state with highest possibility

as in MDP. The belief is updated at every dialog turn using sequence of observation and

transition probabilities. The calculation of these transition probabilities and observation

requires data from dialog corpus, which have dialog acts and user’s deception information

manually annotated beforehand.

The policy function outputs the actual system action as the next behavior of the system

given a belief of current turn. In learning of the policy function, the system learn the

optimal dialog policy via interactions with an user simulator. The user simulator is

an artificial agent that generates user’s actions and deception based on n-gram model

created from a dialog corpus. The process of learning is described as follow:
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Figure 3.2: Process of system’s learning mode.

1. The user simulator generates an user dialog act and a deception state (either 0

- honest or 1 - deceptive). This dialog act and deception state are denoted as

current user action st and current user’s deception state dt.

2. The user state (which includes st and dt) is then run through the noise simulation

process, which simulates the noise caused by errors from deception detection or

user dialog acts classification. The result of this process is observation ot, which

is the system’s observation of current user state.

3. Using this observation ot, along with transition probability and the previous belief

state (or belief) bt−1, we calculate the current belief bt.

4. The system will decide the next best action to do for this dialog turn by using the

current policy π, which is denoted as at.

5. From the system’s action at and the current actual user state (st,dt), a reward

function gives reward to the system. The reward function is a mapping between a

pair of a user state and a system’s dialog act ((st, dt), at) to a real number value.

This function reflects the goal of the system, which is to successfully persuade the

user. System also receives higher reward if it acts according to the designed dialog

policy.

6. Using the reward received, system performs update on the current policy. After

this step, we move to next turn of the dialog and repeat the steps above.
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The dialog ends when system perform End action. The system will learn the optimal

policy by interact with user simulator in many dialogs. Usually, the learning process

stops after a certain number of dialogs have passed (ie. 50,000 or 100,000).

When performing discourse, the system can either interact with real human or with

another user simulator. The process of discourse is similar to learning but without the

use of the reward function since we have already got the optimal policy π∗ from the

learning phase. Another difference is that when performing discourse with real human,

the noise simulation process is also not necessary because the noises are now directly

generated by deception detection component. Discourse mode is used for the purpose

of system evaluation.

Optimizing POMDP means producing a policy function that maps from the beliefs to

system dialog actions with maximum future reward. First, let us assume that we are at

turn number t of the dialog; denote the current user state as st+1 ∈ S, at ∈ A as the

current system action and the observation of the current state is ot. Then, the current

belief of state st+1 will be denote as bt, which is calculated by:

bt = P (st+1|o1:t+1, a1:t) (3.1)

In Equation 3.1, o1:t and a1:t−1 being the sequence of observations and system actions

from the beginning until this turn respectively. Denote the user state of the next turn

to be st+1. Under a certain policy function π, we rewrite the current system action as

ât, then the equation can be rewritten as:

bt+1 ∝ P (ot+1|st+1)
∑
si

P (st+1|st, ât)bt (3.2)

Apart from user intention, the proposed dialog system also uses deception information

for dialog management. To solve this problem, we used method in a similar work for

user focus by Yoshino and Kawahara [43]. By extending Equation (3.2) with deception

information of the current turn dt and next turn dt+1, we have the belief update of the

proposed system:

bt+1
s,d ∝

P (ot+1
s ,ot+1

d |s
t+1,dt+1)

∑
s

∑
d

P (st+1,dt+1|st,dt,ât)bts,d
(3.3)

With the observation result come from SLU and Deception Detection modules being

denoted as os and od respectively. The second component of the right-hand side of
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Equation 3.3 is developed as:

P (st+1,dt+1|st,dt,ât) = P (st+1|dt+1,st,dt,ât)︸ ︷︷ ︸
intention model

P (dt+1|st,dt,ât)︸ ︷︷ ︸
deception model

(3.4)

Thus, the next user’s dialog act and deception state will be determined by intention

model and deception model, respectively. The graphical illustration of these transi-

tion probabilities (models) are shown in Figure 3.3. These two models are used for the

construction of user simulator from the dialog corpus.

od
tos

t od
t+1os

t+1

at

dt

st

… at-1

dt+1

st+1

…

Observation

Actual 
state + deception

Figure 3.3: Observation model and state transition model.

In this research, we use Q-learning, a popular method to train the optimal policy π∗

[44, 45]. In Q-learning method, we estimate value of Q-function, which gives estimation

of discounted future reward of a system action a given a certain belief b. For the proposed

system, the training of Q-learning is done by iteratively performing the following update:

Q(bt, at)← (1− ε)Q(bt, at) + ε[R(st, at)

+γmax
at1

Q(bt+1, at+1)]
(3.5)

This algorithm is called ε− greedy [45, 46], where ε is the learning rate, γ is discounted

factor and R(st, at) being the reward system received when perform action at given user

state or user dialog act st. For the training of the proposed system, the update function
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is modified as below:

Q(bt, at)← (1− ε)Q(bt, at) + ε[R(st, dt, at)

+γmax
at1

Q(bt+1, at+1)]
(3.6)

Since the space of belief can be extremely large, it is impossible to calculate all possible

value of Q-function. Thus, in this research we utilize Grid-based Value Iteration method

proposed by Bonet [47] . The belief is discretized by:

bsi =

µ if s = o

1−µ
|S|−1 otherwise

(3.7)

µ represents the rounded probability for every 0.1 that the observation comes from SLU

and Deception Detection equal to actual user state and deception information.

Dialog state Rewards
User DA (s) d Offer Framing End

Accept
0 -10 -10 +100
1 -10 +10 -100

Reject
0 +10 +10 -100
1 -10 +10 -100

Question 0 -10 +10 -100
Hesitate 0 +10 +10 -100

Table 3.4: Rewards in each turn.

In order to train the system to act according to the proposed dialog behavior, the

reward function plays a critical role. Table 3.4 shows the reward the system receives for

each turn, which we defined. In this table, d represents user’s deception, 0 denotes no

deception (truth) and 1 denotes lie. When the user truly accepts the recommendation,

the system receives a very high reward (+100). On the other hand, when the user

pretends to accept, if the system chooses to do Framing, it will receive positive reward

(+10), all other options will lead to negative reward. When the user rejects with an

honest reason, the system should do Offer (new recommendation of changing living

habit) and the system receives reward of +10. In contrast, if the user rejects by telling

a lie, then the system should continue the persuasion (doing Framing) than making

new the recommendation (giving Offer.) Thus, in this case, doing Framing gives system

higher reward (+10) than doing Offer (-10). In the situation where the user gives

Question to the system, the only suitable reaction the system should make in this case

is Framing, which will give the answer about the benefits or to explain about the system’s

recommendation. Hesitate is a situation where user’s intention to reject or to accept is

not clear. In this case, either Framing or Offer is acceptable. Thus, the reward system

receives in both cases is similar (+10).
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To make the system stop giving a Framing or Offer action when their limit is reached,

a rule-based method is used. To do so, first we keep track of the number of times the

system has done Framing or Offer since the beginning of the dialog. At the beginning of

each dialog in the training phase, the limit of Framing and Offer is randomly generated.

At each dialog turn, before the system looks at the Q-values to choose the best action,

the system will check if it has passed the limit or not. If the system reaches the limit of

Framing, then Framing action will be removed from the list of available dialog actions

that the system can choose. The same rule is applied for Offer limit. Therefore, the final

policy that the system learns is a hybrid method resulted from combination of POMDP

and hand-crafted rules.



Chapter 4

System evaluation

In this chapter, we assess the following hypotheses.

• Q-learning for POMDP can be utilized to successfully learned the proposed dialog

behavior.

• The proposed system has better negotiation performance than the baseline con-

ventional system (evaluation with simulated user).

• The proposed system performs better than conventional systems in term of dialog

act selection (evaluation with real human-to-human dialogs.)

In order to perform these evaluations, we set up 2 experiments to test the effectiveness

of the system:

• The system is put against another user simulator created from test data.

• The system is tested by using actual dialogs in the test data.

4.1 Dialog corpus

Due to the difficulties of recruiting actual doctors and patients to collect the data, the

participants who took part in data collection are students who have good level of English

fluency. All participants are working at the same academic environment at the time of

data collection.

We setup 2 notebook computers, one is used to record the audio data and the other

one is used to record video data using integrated web-camera. The videos are recorded

24
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in 1280x720 resolution, 29.97 frames per second and then stored in h.264 compression

standard with yuv420p pixel format. Audio data was captured using 2 Crown CM-311A

head-worn microphones, which are connected to a Roland QUAD-CAPTURE UA-55

USB audio interface. The audio files were recorded at 44.1 KHz, 16-bit PCM quality.

We capture the sound with 2 mono audio signals, one for each of the participants in

the recording session. After finishing the sessions, audio and video data was manually

synchronized.

The data used for the experiments are recorded using the “living habits” dialog scenario

as explained in Chapter 2. Each recording session is carried out by 2 participants who

play the role of the system and the user respectively. Each recording session consists

of 6 dialogs for each of the living habit topic. The participants who play the role of

the user (patient) are given payment as reward for the outcome of the conversation. If

they pretend to agree with the system’s offer, they will receive lower payment. On the

other hand, if they choose to truly agree with the system’s offer they will get higher

payment with a condition that they will need to change to the new habit for one week.

The payment is to create the situation where the user has to choose between an easy

activity (continue current habit) with low reward and an activity that is difficult but

has higher reward in return (change to new habit). In addition, since the payment is

the same for every level of difficulty of recommendation, participants will engage more

in the negotiation process.

For training, the recordings are done using wizard-of-oz (WoZ) setup. With this setup,

the two participants sit in front of the notebook machine in two separate rooms. The

utterances spoken by participant in one room is transferred to the other room and output

by a speaker. In this research, the procedure of WoZ setting is carried out as below:

• A set of habits and the corresponding Offer, Framing sentences are prepared for

the participant who is playing role of the doctor before the recording starts. In

addition, the “doctor” were briefly explained about the designed dialog behavior,

which they need to follow. During the session, “doctor” will input these sentences

into a web-based TTS application, which converts them into spoken utterances.

This procedure is to avoid the “patients” to realize that they are talking with a

human.

• The participants playing the role of the patient will be informed that they will be

interacting with a computer. They also receive information about the payment

reward before the sessions starts. In addition, “patients” are also informed that

“doctor” are trying to detect their lies as well.
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• For the participant who is playing the role of the doctor, only audio data are

recorded. On the other hand, for the participant who is playing the role of the

patient; both video and audio data are recorded. The “patients” will label their

deceptive utterances by using a stopwatch application. When the “patient” tells a

lie, he/she will push a button to keep track of the time stamp. After finishing, the

record of time stamps will be matched with the video to determine the deceptive

utterances.

By using this setting, I was able to collect dialog transcript (text), audio data (acoustic

features), video data (facial feature) and deception labels of the participants. The WoZ

setup also helped to make the flow of conversations more controlled and the dialog turns

more easily separated. This is important since disruptive speeches are quite common

for negotiation dialog. There are total of 7 participants who take part in the recordings.

4 of them played the role of the system and 6 played the role of the user (participants

who played the role of the user can switch their role to doctor in later recordings.) In

the end, the recorded training data are about 3 hours 20 minutes long with a total of

883 utterances. Labels of DA are annotated by one expert and labels of deception are

provided by the participant who made the deception.

With test corpus, recordings are done as direct conversations between participants. The

recording setup is similar to WoZ scenario but without the help of TTS since the partic-

ipants are now talking directly with each other. This type of evaluation data contains

936 utterances and about 2 hours 35 minutes in length.

Data
System DA User DA

% user’s
End Framing Offer Hesitate Question Accept Reject utterances lie

WoZ 14.43% 43.30% 42.27% 21.69% 3.61% 51.81% 22.89% 18.07%
Direct

17.54% 36.26% 46.20% 17.64% 9.86% 19.72% 52.82% 14.08%
Conversation

Table 4.1: Deception and dialog acts statistic.

Table 4.1 shows statistics of the collected data. With both type of data, we can see

that behavior of the system is quite similar. In WoZ data, we can see that the users

tend to use Accept more often than Reject while an opposite trend is observed in Direct

Conversation data. This shows that people are more eager to negotiate with human

than with a computer, which is expectable. Regarding to user’s deception, the table

shows that people are more likely to tell a lie when interacting with a computer than

with a human (p-value <0.05). This behavior can be explained that when people are

chatting with a computer, they do not have the same feeling of guilty as when they are

talking with another human. As a result, with WoZ data, users are more willing to use

lies so that the outcome of negotiation is more beneficial to them.
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4.2 Evaluation results

4.2.1 Learning curve during the training phase

First, we show the reward received when training a policy using 100,000 dialogs with

simulated users created from training corpus. The user simulator is constructed using

an n-gram model. In this evaluation, there is no limit to the number of times system

can do Framing or Offer, thus the policy is purely trained from the proposed strategy

in Figure 2.3 using POMDP.
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Figure 4.1: Average reward of every 100 dialogs during training process .

As shown in Figure 4.1 there is a sharp increase in reward received in the first 25,000

dialogs then the gain becomes much slower but the steadily for the remaining of the

training process. This proves that the proposed POMDP model can be applied success-

fully to learn the dialog strategy.

4.2.2 Evaluation with simulated user

In this section, we examine the effectiveness of the learned policy by comparing it with

a baseline negotiation policy that does not concern about user’s deception. The baseline

system uses the dialog behavior described in Figure 2.2. Similar to the proposed system,

dialog management of the baseline system are done by using POMDP and it is trained by

hybrid of reinforcement learning and rule-based method. This evaluation is conducted

with theoretical setup, which means we let the system run in discourse mode with

a simulated user created from Normal evaluation data for 100,000 dialogs. In this
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experiment, both system are constrained by Framing and Offer limit of actions. For

each dialog, Framing limit and Offer limit are numbers randomly chosen in the range

[2,5] .

In this test, performance is evaluated with success rate and average offer per succeeded

dialog. Success rate is the percentage of dialogs in which user truly accepts the system’s

offer and agrees to change their habit. For the second evaluation metric, average offer;

as explained in Chapter 2, the dialog system has cooperative manner and if the system

makes a Offer action, the new habit will be easier but gives less health benefit, thus it

is less favorable for the system. Therefore, a system that uses less offers to successfully

persuading the user is better at negotiation. From the results shown in Table 4.2, it is

clear that our proposed dialog behavior outperforms the baseline in both criteria.

Dialogue policy Success
rate

Avg.
offer

Conventional 36.18% 1.866

Proposed policy 42.60% 1.713

Table 4.2: Success rate and average offer per succeeded dialogs.

4.2.3 Evaluation with real human-to-human dialogs

In this evaluation, we test the proposed system’s dialog acts choice accuracy by using

manually annotated dialogs in the evaluation data. First, an expert (the author) chooses

the best system reaction in each dialog turn by looking at the transcript that contains

gold-label of user’s dialog action and user’s deception. For each dialog turn, we let the

system choose the best reaction based on current user’s action and user’s deception.

Accuracy is measured by comparing system’s dialog act choice against the choice of

expert (annotator).

Dialog system
DA

accuracy
Deception
handling

Conventional 74.51% 35.00%

Proposed policy + gold-label deception 77.45% 75.00%

Proposed policy + predicted deception 77.94% 65.00%

Table 4.3: Dialog acts accuracy.

The accuracy is measured with 2 metrics. DA choice accuracy refers to the accuracy of

the system’s chosen dialog acts against human’s action in general. Deception handling

indicates the accuracy of dialog act selection in the turns where the user is lying. From

the results of Table 4.3, we can see that in general, the dialog act choice accuracy of



Abbreviations 29

the proposed dialog system is higher than the conventional system that does not use

deception for dialog management. In term of the deception handling accuracy, the

proposed dialog system is also better in both cases: using gold-label deception result

and using predicted deception result. Deception prediction was performed on video and

audio recording of the corresponding dialog.



Chapter 5

Conclusions

5.1 Contribution of this work

This thesis investigates the lying phenomenon in negotiation dialog by using the con-

versation between a doctor and a patient. The scenario that is considered in this thesis

is set to be a conversation about user’s living habits. A dialog system is built to act as

the doctor to handle the negotiation. The system tries to persuade the users to change

from their current (bad) living habits to a more healthy one. In this situation, the

user uses lies so that the outcome of negotiation will be more beneficial to him (ie. the

habit is easy for the patient to adapt to). Such lies are either using false information

as arguments (information misrepresentation) or pretending that they accept the sys-

tem’s recommendation (false promises). Following analysis of medical experts, a dialog

behavior (dialog policy) to react to user’s deception is proposed and a dialog system

is built based on this behavior. The system uses a deception detection module, which

can detect lies in user’s responses. However, the goal of the system is not to expose or

confront user about their lies. Instead, the deception results from this detection module

is used as additional information for the system’s dialog manager, which decides the

best reaction to the user’s statements. In conclusion, the system reacts to user by using

both user’s action and user’s deception information instead of just user’s action as in

previous works.

In terms of deception detection, the proposed system utilizes multi-modal approach.

In this case, the modals being used are facial expressions and acoustic features. The

performance of the deception detection module is shown to be comparable to previous

works. This performance is achieved by using a small data set for training. If we use

bigger deception corpus to train the classifier used for deception detection, increase in

performance is expected.

30
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The system’s dialog manager was successfully trained using POMDP framework and

Q-learning. POMDP is used to model the system’s dialog decision process. Deception

information is put directly into dialog’s belief state and thus system’s reaction is based on

both user’s dialog acts and user’s deception. Due to other characteristics of the dialog

being considered in this thesis, the final policy is trained by hybrid of reinforcement

learning and rule-based methods. Evaluation shows that the system successfully learns

the proposed dialog behavior using this method.

From experiments, it is clear that the proposed system outperforms conventional ones

both theoretically (testing with simulated user) and practically (turn-by-turn evaluation

with real human dialogs.)

5.2 Future directions

The major disadvantage of the system is the lack of speech recognition and language

generation usage. Therefore, in future, these technologies will be incorporated to make

the system fully automatic and ready to be used in real application. After that, evalua-

tion with real humans will be carried out to measure the performance of this complete

system.

In addition, I also would like to improve the accuracy of the deception detection module,

which plays a crucial role in the system proposed in this thesis. Such improvement can

be achieved by using better classification methods like recurrent neural network (RNN.)

A full doctor-patient communication contains two processes: interview and negotiation.

This thesis addressed the problem of patient lying in during the negotiation. In reality,

the user can also tell lies during the interview phase as well. This problem is also worth

studying in the future.



Appendix A

An Appendix

From what time do you usually start sleeping?

Usually between 1 and 2 a.m. Sometimes
even later, depends on the day.

At what time do you usually wake up in the
morning?

May be 8 or 9 a.m

How often do you stay up later than 2 a.m?

Quite often I think. Usually 3 or 4 days in a
week I stay up that late.

I see. From your answers just now, I
recommend you to start sleeping earlier, at 11
p.m.

Well, how does that work out for me? I feel
that my current habit is okay.

32
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Late sleeping can cause insomnia, weaken
your immune system and also cause stress.

Well, yeah. I see that sleeping late can be bad
for my health. But I have too much work at
the moment and I can’t sleep earlier.

Staying up late can also reduce your
productivity and efficiency in the next day.

Hmm, I’m not sure anymore. I guess that 
sleeping earlier does have some benefits.

It can even troubles your body in form of back 
aches.

Fine, fine. I’ll start sleeping at 11.00 from
tomorrow.

Great! I’m glad you agree. Sleeping earlier
ensures that your brain functions at maximum
capacity and also prevent headaches.

That’s actually nice. I didn’t know that 
before. 

If you find 11.00 too early, how about start
sleeping at 12.00?

That’s fine for me. I’ll do that. 

Figure A.1: Example of a conversation in health consultation .

Figure A.1 shows an example of health consultation conversation that is investigated in

this thesis. The blue call-outs indicate statements from doctor (system) and the orange
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ones is patient’s (user) responses. In this situation, the user has a habit of sleeping very

late at night to play computer games or watching movies. The statements from user

with red text means it is a lie.
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[31] Verónica Pérez-Rosas, Mohamed Abouelenien, Rada Mihalcea, and Mihai Burzo.

Deception detection using real-life trial data. In Proceedings of the 2015 ACM on

International Conference on Multimodal Interaction, pages 59–66. ACM, 2015.
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