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TRANSFER REINFORCEMENT LEARNING FOR
TASK-ORIENTED DIALOGUE SYSTEMS

by

KAIXIANG MO

Department of Computer Science and Engineering

The Hong Kong University of Science and Technology

ABSTRACT

Dialogue systems are attracting more and more attention recently. Dialogue systems can be cate-
gorized into open-domain dialogue systems and task-oriented dialogue systems. Task-oriented di-
alogue systems are designed to help user finish a specific task, and there are four modules, namely
the spoken language understanding module, the dialogue state tracking module, the dialogue pol-
icy module and the natural language generation module. One of the most important modules is the
dialogue policy module, which aims to choose the best reply according to the dialogue context. In
this thesis, we focus on the dialogue policy of task-oriented dialogue systems.

Reinforcement learning is usually used in the dialogue policy. However, traditional reinforce-
ment learning algorithms rely heavily on a large number of training data and accurate reward sig-
nals. Transfer learning can leverage knowledge from a source domain and improve the performance
of a model in the target domain with little target domain data. However, traditional transfer learn-
ing methods focus on supervised learning setting, and they cannot handle knowledge transfer in
reinforcement setting since they do not consider the states. Transfer reinforcement learning (TRL)
aims to transfer dialogue policy knowledge across different domains. In the target domain, the
state and action can be aligned to the source domain state and action, so the dialogue policy can be
transferred from the source domain to the target domain.

The key to transfer reinforcement learning is learning to build the mapping between the source
and the target domains, and transfer only domain independent common knowledge while minimiz-

xiii



ing the negative transfer caused by the domain-dependent knowledge. In this thesis, we propose a
unified framework for transfer reinforcement learning problems in task-oriented dialogue systems,
including 1) How to transfer dialogue policies across different users with different preferences in
personalized task-oriented dialogue system? 2) How to transfer fine-granularity common knowl-
edge when the common knowledge is mixed with the domain-dependent knowledge? 3) How to
transfer dialogue policies across dialogue systems built with different sets of speech-acts and slots?
We will use both large-scale simulations and large-scale real-world datasets to valid this research.
The thesis will also discuss the latest progress in the field and point out some future directions for

future investigation.
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CHAPTER 1

INTRODUCTION

Dialogue systems can communicate with people via natural language speeches or text sentences.
Reinforcement learning is widely used to model the dialogue policy in task-oriented dialogue sys-
tems However, there is not enough training data to train a dialogue policy in many real-world
situations, due to the privacy issue and the high annotation cost. Traditional transfer learning meth-
ods can only work on supervised learning problems, and they could not deal with reinforcement
learning problems that have different state spaces, action spaces, state transition probabilities and

reward functions.

In this thesis, we focus on the transfer reinforcement learning (TRL) problems in task-oriented
dialogue systems. Transfer reinforcement learning seeks to leverage the knowledge in a source
domain to help to build a policy in a target domain. Compared with traditional transfer learning,
the transfer reinforcement learning problems are more general, since they have to consider the

cross-domain state mapping, action mapping, transition function mapping and reward function

mapping.

1.1 Motivation

Dialogue systems can communicate with people via natural language speeches or text sentences.
There are many applications of dialogue systems, including but not limited to daily chatting, cus-
tomer services, answering knowledge related questions via internet searching or database searching
and guiding a user to finish specific tasks. Dialogue systems can be classified into two classes:
open-domain dialogue systems [[114, |32, 119,77, 98] and task-oriented dialogue systems [76, 184,
169, [166/ [177]. Open-domain dialogue systems do not limit the dialogue topic to a specific do-
main, and typically they do not have a clear dialogue goal. Typical open-domain dialogue systems
include the Xiaoice from Microsoft, an example is shown in Figure Task-oriented dialogue
systems aim to solve a specific task via dialogues, typical task-oriented dialogue systems include
Amazon Alexa, Google Home, etc. An example task-oriented dialogue is shown in Figure
In this thesis, we focus on the dialogue systems which aim to assist users to finish a task such as

ordering a cup of coffee.



Coffee Shopping Dialogue

(X=customer, Y=system)

X; Canl have coffee please?
Y, What coffee would you like?

X, |would like a cup of Mocha.

Y, Hot Mocha or Iced Mocha?

Open-domain Dialogue (X=customer, 2% | [G2E) (MIoeE:

Y=system) Y3 What cup size do you want?
X, nothin much, and how’s the book?! 25 | Tl

. . . Y - ?
Y, its good but i’m only like halfway * AR s elslress

through cuz i don’t feel like reading. X5 No.1199 Mingsheng Road.

i’'m so bored ... Y Please pay.
X, that’s good! i have the book but Y¢ Payment Completed.

i’'m bored too. R <Task-Completion-Feedback>

(a) Open-Domain Dialogues. (b) Task Oriented Dialogues.

Figure 1.1: Dialogue Systems.

Reinforcement learning [135]] aims to train an agent to perform a series of actions under dif-
ferent states, with the goal of maximizing the total reward. Compared with supervised learning,
reinforcement learning is different since there is no ground-truth action label for each state, and the
agent can only learn from the total reward signal. For example, the latest AlphaGo Zero can learn
to play Go by being told whether it wins or not, without a teacher telling it the correct action at

each time. Figure[I.2] shows that AlphaGo beats the human champion.

Reinforcement learning is widely used to model dialogue policy in task-oriented dialogue sys-
tems [14,76, [184]). Dialogue reinforcement learning is different from other reinforcement
learning problems in the following ways. Firstly, unlike chess and Go, dialogues do not have a clear
ground-truth state space. Secondly, unlike some physical control system, the transition model of
a dialogue is unknown. Thirdly, unlike some UAV control systems that have a fixed number of
control signal, the number of possible reply sentences of a dialogue system is not enumerable. Fi-
nally, a dialogue has the natural ambiguity of a language. The meaning of a word in a sentence is
conditional on its context and the same word might have completely different meanings. And the
same meaning can also be expressed via different sentences in many different ways. Due to these

unique characteristics of dialogue systems, training a dialogue policy requires a lot of training data.
However, there is no enough training data to train a dialogue policy in many real-world situ-
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THE ULTIMATE GO CHALLENGE
GAME 4 OF §

13 MARCH 2016

()G9 ®

AlphaGo Lee Sedol

Won 3 of 5 Won 10of 5

RESULT NUMBER TIME
OF MOVES BLACK

Figure 1.2: AlphaGo beats the human champion with reinforcement learning.

ations, due to the privacy issue and the high annotation cost. For example, if we want to build a
dialogue system for a new task such as the online coffee ordering, there is only little data in this
new domain and it is very difficult to collect a large number of data before the dialogue system
goes online. If we want to build a personalized dialogue system for each customer, it is typically

impossible to collect a large number of dialogue data from a single customer.

Transfer Learning

Much data Little data
| want to book a room. : User Can | have a cup of coffee? : User
Agent: When are you going to check in? Agent: What coffee would you like?
Tomorrow. : User Latte Please.: User
Agent: When are you leaving? Agent: Please pay.
The day after tomorrow.: User

Figure 1.3: Transfer Reinforcement Learning for Task-oriented Dialogue Systems.

Transfer learning [102] can leverage knowledge from a source domain to effectively learn a
model in a target domain with little training data. However, the traditional transfer learning can
only work on supervised learning problems, and it could not deal with reinforcement learning
problems that have different state spaces, action spaces, state transition probabilities and the reward

functions.

Transfer reinforcement learning (TRL) seeks to leverage the knowledge in a source domain to

3



help to build a policy in the target domain. Compared with the traditional transfer learning, the
transfer reinforcement learning problems [[141] is more general, since it has to consider the cross-
domain state mapping, action mapping, transition function mapping and reward function mapping.
The differences of between transfer learning, reinforcement learning and transfer reinforcement

learning are listed in Table[I.1]

Table 1.1: Summary of different learning problems.

No States Have States
No Transfer Supervised Learning Reinforcement Learning
Transfer Traditional Transfer Learning | Transfer Reinforcement Learning

Transfer Reinforcement Learning problem for task-oriented dialogue systems is an important
problem. As shown in Figure [1.3] it aims to build a dialogue system with only a few in-domain
dialogue data and a lot of dialogue data in another domain. For example, if we want to build a
personalized coffee ordering dialogue system for each user, but the data collected from each user
is not sufficient for building a whole dialogue system. Due to the difference of customer prefer-
ences, naively sharing training dialogues across users might have a risk of personal information
leakage, and it might have a negative impact on the system performance. How can we safely trans-
fer dialogue policies across different users? Another example, when building a new hotel booking
dialogue system, if we have only a small number of hotel booking dialogues, but we have a lot of
restaurant booking dialogues from another dialogue system, how can we transfer knowledge across
different domains and across different systems? In summary, it boils down to the question: how

can we transfer dialogue policies across different users, domains, and systems?

1.2 Problem Description

In this section, we firstly define the concepts in task-oriented dialogue systems, then formulate the
problem of transfer reinforcement learning in the task-oriented dialogue system, finally we will

introduce the framework we use to address the research objectives above.

In this thesis, matrices are denoted in the bold capital case, column vectors are in bold lower

case, scalars are in lower case.

A user utterance is denoted by X and an agent response is denoted by Y. A dialogue is de-

noted by {X,,,Y,}¥ ,, where n denotes the n-th turn and N is the number of dialogue turns in

4



Table 1.2: Notation Definition

Notation \ Description \ Notation \ Description
Data
b= Source Dial b= Target Dial
{{XS Y1) ource Dialogues {{Xt Yt ho) arget Dialogues
Source User Utterance Target User Utterance
Ys Source Agent Reply Yt Target Agent Reply
H> = Dialogue Context/State H! = Dialogue Context/State
{{Xs Yi3e2! X3} | for the n-th turn in Source {{X;, Y2l Xt} | for the n-th turn in Target
Source Speech-act Target Speech-act
Ss Source Slot Set St Target Slot Set
% Source Slot Value Set vt Target Slot Value Set
w5 HS = Y? Source Dialogue Policy m H — Y! Target Dialogue Policy
Distribution
(V*) Probability distribution (V) Probability distribution
p of Source Slot Value Set | ? of Target Slot Value Set

the dialogue. The dialogue context for generating the n-th agent reply Y, is denoted by H,
{{X;,V;}/=}, X,,}. A dialogue dataset is denoted by D = {{X,,Y,,r,})_,}, where r, is the

immediate reward in the n-th turn.

A speech-act [1] is a symbol representing a specific intent of a sentence in the dialogue, and
we denote the set of all speech-acts in a domain by A = {ay, as, - - - }, where q; is a speech-act. A
slot is a piece of information related to the dialogue domain, and we denote the set of all slots in
a domain by S = {s1, s9,- - }, where s; is a specific slot. A slot-value v; is a specific value for a
slot s;, and we use V, to denote the set of all possible slot values for slot s;. For example, the user
utterance “I want a cup of latte” can be represented by a speech-act @ = Inform, a slot s = Coffee

and a slot value v = Latte.

The reinforcement learning problem in dialogue system can be modelled with Markov decision
process. A state corresponds to a dialogue context, and it is also denoted by H,,. The state space
can also be real value vector space, which can be either designed or learned. If the dialogue task is
episodic, there is an initial dialogue state H,, and a final dialogue state /{;. An action corresponds
to an agent reply, and it is denoted by Y,, as well. After the user responds X,,; to the last agent
response Y,,, the dialogue transits to a new dialogue state H,,., and this is the transition function
H, x X,11 XY, — H, ;. The transition function is non-deterministic because the user’s reply
is somehow non-deterministic. The reward function H,, — r, maps a dialogue state H,, to a
reward scalar r,, which is the immediate reward for reaching a dialogue state. A dialogue policy

m : H, — Y, defines how to generate an agent response in each dialogue state. The success of



a dialogue policy is determined by how well it can maximize the reward function in each episode
under the dialogue policy 7. The dialogue policy can be represented by a Q-function Q(H,, Y,),
which returns the expected cumulative reward if we take action Y,, at state [,, and then follow the

dialogue policy 7.

Hotel
Booking
Restaurant
e -

Coffee Shopping Dialogue
(X=customer, Y=system)
X, Canl have coffee please?
Y, What coffee would you like?

X, lwould like a cup of Mocha.

vz @

Target Domain

Source Domain

Figure 1.4: The problem of Transfer Reinforcement Learning in Task-oriented dialogue system.

The transfer reinforcement learning problem in task-oriented dialogue systems aims to transfer
a dialogue policy from a source domain to a target domain, as illustrated in Figure[I.4] The inputs

of the problems are

1. Abundant source domain dialogue data D* = {{X* Y5 r5},_1}.

2. Abundant target domain dialogue data D' = {{ X!, V! rt}, _1}.
The output of the problem is

1. A dialogue policy 7' in the target domain.

1.3 Research Challenges

Transfer reinforcement learning problems for task-oriented dialogue systems have several unique

challenges.

1. Firstly, different persons have different preferences. In personalized dialogue systems, the
agent replies are specially personalized to make the dialogue more concise and convenient

for the user. However, different users have different preferences, so different users might

6



respond differently to a suggestion. For example, for the suggestion “Would you like a cup
of latte today?”, Alice might say yes because she loves latte but Bob might refuse because
he loves black coffee. The different user preferences lead to different data distributions, so
the training data cannot be naively shared across different users. Improper transfer learning
techniques might lead to a personal information leakage and a bad dialogue policy. For
example, the system might suggest Alice’s private address and phone number to Bob, causing
a personal information leakage, and Bob might be irritated if the system keeps making wrong

suggestions.

. Secondly, useful common knowledge might be mixed with personal information. In an end-
to-end personalized dialogue system, the appropriate dialogue replies for two different users
might be very similar except for a small part, for example, “Would you like a cup of latte?”
for Alice and “Would you like a cup of black coffee?” for Bob. Current existing transfer
learning techniques can only transfer coarse granularity knowledge on the sentence level, i.e.,
it can either transfer a training dialogue sentence or transfer nothing at all. However, only a
common part of the whole sentence should be transferred. How to transfer the common part

of a sentence while keeping the personal part untouched remains a big challenge.

. Thirdly, different domains have different slots. Slots are the information related to a specific
domain, for example for the coffee ordering domain, possible slots might include the type
of coffee, the temperature, and the cup size. Different domains might have a different set
of slots, for example, the restaurant booking domain and the hotel booking domain have
different slots. However, it is intuitively easy for a human to transfer restaurant booking
experience to hotel booking domain since the high-level pattern of service is similar across
different domains. How to transfer dialogue policies across different domains with different

slots is a big challenge.

. Finally, different dialogue systems might have different speech-acts. Many dialogue sys-
tems use speech-acts in task-oriented dialogue systems. However, different dialogue system
mights be built with different sets of speech-acts, since speech-acts are only symbols repre-
senting dialogue intents. For example, a company might use the symbol “inform” to indicate
the user is telling the system some useful information, but another company might use the
symbol “tell” or even “actl” to indicate this meaning. Due to the differences of speech-act
symbols and an unknown cross-domain speech-act mapping relationship, dialogue policies

can not be transferred across dialogue systems with different speech-acts.



In this thesis, we study the problem of transfer reinforcement learning in task-oriented dialogue

systems.

1.4 Contributions: The Unified TRL Model

To solve the challenges stated in the introduction, we propose to model the target policy with a
Q-function consist of two parts. The first part of the Q-function corresponds to the transferable
common dialogue policy, which can be shared across the source and target tasks. The second part
of the Q-function models the domain-dependent factors of the dialogue policy. In order to allow a
flexible switch between general model and personal model, the factor of the common Q-function
and the personal Q-function should be modelled as a function of the dialogue state. In order to
allow dialogue policy transfer across different domains with different slots and speech-acts, the
common dialogue policy part would have a translation function that can translate the target domain
states and target domain actions to the source domain states and source domain actions. The unified

model can be formulated as
Q'(H"Y') = (1 —O"(H"))Qy(f(H"), f(Y")) + OP(H")Q,(H",Y"), (1.1)

where () () is the domain-independent common Q-function, (),() is the domain-dependent Q-
function, OP() is the weighting factor of the domain-dependent Q-function @,(), and f() is a
cross-domain mapping function that translate the target domain state H* and action Y to the cor-
responding source domain state and action. For the research problems mentioned above, we can
have a specific model specified for each problem based on the unified model. And we summarize

the key contributions as follows:

1. In order to avoid the possible negative transfer caused by transferring knowledge across dif-
ferent persons with different preferences, we propose the system “PETAL”, to separate the
common dialogue state model from the personal preferences model. In the traditional rule-
based dialogue system, the dialogue states, system speech-acts and the user speech-acts have
to be manually defined, and it is difficult to reuse the system when the dialogue states and
speech-acts are hard to define. In personalized task-oriented dialogue systems, the data col-
lected from each user is usually insufficient for training a traditional learning-based dialogue
system. A personalized dialogue system trained on a small dataset is likely to fail on un-
seen but common dialogues due to the overfitting. Traditional transfer learning dialogue

systems transfer dialogue data across users with different preferences, but they do not model
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the difference between different users. As a result, the transferred policy might harm the
performance of the personalized dialogue systems in the target domain, like making wrong
recommendations. The proposed transfer learning dialogue system, PETAL system, does not
require a manually-defined ground-truth state space and it can model the personalized future
expected reward. It can transfer the common dialogue policy across users with different pref-
erences and avoid the negative transfer. The transfer reinforcement learning personal model

can be formulated as
Q'H"Y") = Q,(H"Y") +w,Q,(H" Y"), (1.2)

where (,() is the shared common Q-function for all users, @, () is the personalized factor for
each user and w), is a learned personal weight factor. The general Q-function (),() is shared
across all users, while the personal Q-function (), () learns the personal preference of each

Uuser.

. In order to transfer more fine-granularity phrase-level dialogue knowledge and avoid the
negative transfer caused by different preferences of different persons, we propose a fine-
granularity end-to-end personalized dialogue policy transfer model. Although traditional
multi-tasking can be used to transfer dialogue knowledge across different users by shar-
ing training dialogues, current neural network transfer models work on the entire sentence.
However, the phrases concerning personal information from different users should not be
transferred across users at all, for it might cause a personal information leakage and neg-
ative transfer. For example, an address from one user might be mistakenly used to make
suggestions to another user. In this thesis, we propose a personalized decoder that can trans-
fer shared phrase-level knowledge between different users while keeping the personalized
information of each user intact. A novel personal control gate is introduced, enabling the
personalized decoder to switch between generating the personalized phrases and the shared
phrases. The proposed personalized decoder model can be easily combined with various
deep models and can be trained with reinforcement learning. The fine-granularity end-to-end

personalized dialogue policy model is formulated as
Q'(H",Y') = (1= OP(H"))Qy(H",Y") + O"(H")Qp(H",Y"), (1.3)

where ),() is the general Q-function that can generate common phrases, (),() is the personal
Q-function that can generate phrases according to the personal preference, and OF (H?) is the
fine-granularity control gate function that decides which model to use based on the current

dialogue context.



3. Inorder to transfer dialogue policies across domains with different slots and different speech-
acts, we propose a dialogue policy transfer model “PROMISE” that can simultaneously trans-
fer across different speech-acts and slots without additional database information. Existing
cross-domain dialogue policy transfer models cannot transfer across domains with different
speech-acts, and the slot-mapping matrix is either based on common slots or built with hu-
man heuristic and requires the access of the full database. However, in many situations there
might not be any common slots and the full database access might not be available, so the
existing methods can only be used in limited situations. The proposed PROMISE model can
learn to align different speech-acts and slots automatically at the same time, and it does not
require common slots or full database access, and it is a learning-based method which does

not depend on human heuristic. The cross-domain transfer dialogue policy is formulated as
Q'(H' V') = Q(f(H"), f(Y')), (1.4)

where Q*() is the Q-function in the target domain, Q*() is the Q-function in the source do-
main and f() is a learned cross-domain mapping function that can map the target domain
state and action to the source domain. ()*() is trained on abundant data in the source domain
so it is sufficiently good. With the learned cross-domain slot mapping and speech-act map-
ping matrix, the source policy can be transferred to the target domain. The core problem is

to design a learning algorithm to learn the cross-domain mapping function f/().

1.5 Thesis Organization

The thesis is organized into eight chapters as shown in Figure In Chapter (1} we introduce the
motivation of the transfer reinforcement learning problem in task-oriented dialogue systems, we
also give a problem overview, the key challenges and our contributions in this thesis. In Chapter 2}
we briefly review the related works in reinforcement learning and transfer learning, and then in-
troduce previous works in the transfer reinforcement learning problem. We summarize a few most
related works of transfer reinforcement learning in task-oriented dialogue systems. In Chapter 3]
we give a detailed survey of the task-oriented dialogue system. We will introduce the components in
typical modular task-oriented dialogue systems and the end-to-end task-oriented dialogue systems,
we will also review previous transfer learning works in task-oriented dialogue systems. In Chap-
ter @ we formulate the problem of transferring common dialogue structure across different users
in a personalized task-oriented dialogue system, and we propose the PErsonalized Task-oriented
diALogue (PETAL) model for this problem. In Chapter[5] we formulate the problem of transfer-
10



ring fine-granularity knowledge in a personalized task-oriented dialogue system, and we propose a
personalized decoder model for this problem. In Chapter [f] we formulate the problem of transfer-
ring dialogue policy across different domains, and we propose the Policy tRansfer across dOMalns
and SpEech-acts (PROMISE) model to solve this problem. In Chapter[7, we summarize the above
models and propose a unified transfer reinforcement learning model, and we show how to learn the
unified model under different settings with different granularities. In Chapter [§] we conclude the
thesis by summarizing the contributions of this thesis, and we also point out some promising future

directions.

Chapter 1

Introduction

Chapter 2 Chapter 3
Background Methodology Background Problem

Transfer across Users Transfer across Domains

Chapter 4 Chapter 5 Chapter 6

Dialogue Structure Transfer Fine-granularity Transfer Cross Domain Transfer

Chapter 7

Unified Transfer Model

Chapter 8

Conclusion and Future
Works

Figure 1.5: The organization of this thesis.
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CHAPTER 2

RELATED WORK PART 1: TRANSFER
REINFORCEMENT LEARNING

In this section, we briefly introduce the related works in reinforcement learning, transfer learning
and reinforcement transfer learning. We also systematically review the related works of transfer
reinforcement learning in task-oriented dialogue systems, and show the relationship between our

works and the existing works.

2.1 Reinforcement Learning

Reinforcement learning [[135] aims to train an agent to perform a series of actions under different
states, with the goal of maximizing the total reward. Compared with supervised learning, reinforce-
ment learning is different since there is no ground-truth action label for each state, so the agent can
only learn from the total reward signal. After the agent performs a task, it will receive a reward
signal related to the performance of this agent, and the agent is expected to learn from this feed-
back reward. The reward might include a success reward indicating whether the task is successfully
completed and a negative step reward reflecting the cost of taking each action. By maximizing the
reward, the agent can learn a policy to complete the task with the least cost. There are a lot of appli-
cations of reinforcement learning, such as robotics control, drone control, dialogue system, game
playing, etc. Without the need for ground-truth labels on each state, reinforcement learning agents
have the potential to perform better than any human. Recent progress shows that reinforcement
learning agents can learn to play various games better than human beings. For example, the latest
AlphaGo Zero can learn to play Go by being told whether it wins or not, without a teacher telling

it the correct action at each step.

Reinforcement learning is widely used to model dialogue policies in task-oriented dialogue
systems. A popular way to model dialogue management module is the Markov Decision Process
(MDP) [14, [76, 152, [125]. The dialogue manager is modelled as a system that tries to achieve
a goal through a series of interaction with the user. The information about the current dialogue
situation is modelled with a state, and the system can choose the optimal system action, then the

next dialogue state depends only on the current state and the action taken by the system, which
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follows Markov assumption. In some situations, due to possible typo and speech recognition er-
ror, the dialogue action and the current state of the system can not be fully determined. Partially
Observable Markov Decision Process (POMDP) [184] is used to model the dialogue policy. At
each step, instead of tracking the ground-truth dialogue state, the POMDP system keeps track of a
probability distribution on all possible dialogue states. The probability distribution of all possible
dialogue states is called the belief state. The belief state is assumed to follow Markov assumption,
which means the next belief state depends only on the current belief state and the action taken. The
POMDP policy will decide the best system action based on the current belief state instead of the
true state. Actually, POMDP can be modelled by an MDP in the belief state space.

Dialogue reinforcement learning is different from other reinforcement learning problems in the
following ways. Firstly, unlike chess and Go, dialogues do not have a clear ground-truth state space.
Secondly, unlike some physical control system, the transition model of a dialogue is unknown.
Thirdly, unlike some UAV control systems that have a fixed number of control signals, the number
of possible reply sentences of a dialogue system is not enumerable. Finally, dialogues have the
natural ambiguity of a language. The meaning of a word in a sentence is conditional on its context
and the same word might have completely different meanings. And the same meaning can also be
expressed via different sentences in many different ways. Due to these unique characteristics of the

dialogue systems, training a dialogue policy requires a lot of training data.

2.1.1 Q-learning

Q-learning [161] is a popular model-free reinforcement learning algorithm used in value-function
based reinforcement learning model. Usually, the policy will be modelled with a action-value
function call Q-function, which is defined as the expected return starting from state H, taking

action Y, and then following policy 7 by

[e.e]

Q(Hp Yn) = E(Y A roin| Has Vo). 2.1)

k=0

In the batch training setting which does not require exploration, the policy can be specified by
Y = argmaxQ(H,Y").
Y’
According to the bellman equation [11], an optimal Q-function should satisfy the following equa-
tion
Q(Hna Yn) =Tn+ Hf}l/a/X )\Q(Hn-i-la Y,) - Q(Hna Yn)a
13



where H,, is a state, Y,, is an action, r,, is an immediate reward received after taking action Y,,, and
H,, .1 is the next system state. The bellman equation implies the training objective of Q-learning,

and Q-learning updates the Q-function by
Q(Hy, Yy) < Q(Hy, Yn) + afry, + n%/z}x AQ(Hyy1,Y') — Q(H,, Ya)),

where the < H,,,Y,,, 7, H,1 > 1s a training trajectory.

2.1.2 Gaussian Process Reinforcement Learning

If Gaussian process is used to model the Q-function, then we will have to use the Gaussian process
reinforcement learning. Gaussian process [41} 33]] is non-parametric and can avoid the limitation

when the solution is constraint by the human-chosen basis. The Q-function is formulated by
Q"(H,Y) ~GP(m(H,Y),k((H,Y),(H,Y))) (2.2)

where H is the state, Y is the action, m(H, Y") is the prior mean function and k((H,Y"), (H',Y")) is
the kernel function. The kernel function k((H,Y), (H',Y")) can be factorized into separate kernels

over state space and action space by

k((Hv Y)v (Hlv Y/)) = ks<H’ Hl)ka(}/u Y,)'

The prediction process is as follows. Given training state-action sequences
B = [(Ho,Yp),  , (Hn, Vo))"
and the corresponding immediate rewards
r = [7«0’ ce ﬂ«n]T’
the Q™ (H,Y") for any state-action pair (H,Y") is given by
Q(H,Y)B,r ~ N(QH.Y), cov((H,Y)(H,Y))),
where the posterior mean is given by
Q(H,Y) =k(H,Y)'H'(HKH" + ¢*HH") ' (r — m), (2.3)

and the covariance is given by

cov((H,Y),(H,Y)) = k((H,Y),(H,Y)) — k(H,Y)"H' (HKH"” + ¢«°HH”)'"Hk(H,Y),
(2.4)
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where m = [m(H07 }/0)7 U 7m(Hn7 Yn)]Ta k(H> Y) = [k<(H07 Y0)7 (Ha Y))a T k((Hna Yn)7 (Ha Y))]T,
K is the Gram Matrix [109], H is the band matrix with diagonal [1, —v], and ¢ is an additive noise

factor controlling the variability in the Q-function.

Gaussian process Q-learning is powerful none-parametric model, and it can void the limitation
of a human selected basis. It can be trained with less training samples. However, Gaussian process

based models have very high computational complexity and can only process small datasets.

2.2 Transfer Learning

Transfer learning [102] can leverage the knowledge from a source domain to effectively learn a
model in a target domain with little training data. With the transferred knowledge, the transfer tar-
get model can achieve better performance with the same amount of target training data, or achieve
the same level of performance with less amount of target training data or less training time. From
the perspective of features and labels, transfer learning can be used to transfer knowledge across
domains with different feature distributions, different feature sets, and different labels. Homo-
geneous transfer learning aims to transfer across domains with the same feature space, but with
different feature distributions, e.g., from book reviews to movie reviews, from sketches to real im-
ages. Heterogeneous transfer learning studies the problem of knowledge transfer across domains
with different feature sets, e.g., from movie posters to movie reviews. From the perspective of
the transferred knowledge, transfer learning can be categorized into instance-based, feature-based
and model-based transfer learning. Instance-based transfer learning transfers data instances across
tasks, feature-based transfer learning learns a feature mapping from a source domain to a target
domain, and model-based transfer learning transfers a source model to the target domain. The ap-
plications of transfer learning ranges from image classification [81], semantic classification [43],

WiFi localization [S3]], recommendation systems [[103] and more.

However, traditional transfer learning can only work on supervised learning problems, and it
could not deal with reinforcement learning problems that have different states. In the supervised
transfer learning problems, the major domain differences are features and labels, while in the re-
inforcement learning problems, there could be possible domain differences in state spaces, action
spaces, state transition probabilities, and the reward functions. Building a cross-domain mapping
requires learning the state mapping, the action mapping, the transition mapping and the reward

mapping simultaneously, which is much more difficult.
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2.3 Transfer Reinforcement Learning

Transfer reinforcement learning seeks to leverage the knowledge in a source domain to help to
build a policy in a target domain. Compared with the traditional transfer learning, the transfer rein-
forcement learning [[141]] is more general, since it has to consider the cross-domain state mapping,
action mapping, transition function mapping and reward function mapping. For a detailed survey
of transfer reinforcement learning, please refer to [141]. The differences between transfer learning,
reinforcement learning, and transfer reinforcement learning are listed in the Table Note that

the term task and domain can be used interchangeably.

From the perspective of state space, action space, transition function, reward function and the
availability of cross-domain mapping, transfer reinforcement learning techniques can be classified

into the following categories.

1. Same state space and action space. In this setting, the source task and the target task have the
same state space and action space, or the source task and the target task are formulated such

that they have the same abstracted state space and action space.

2. Different state variable and actions with inter-task mapping. In this setting, the source task
and target task do not have the same state space or action space, but a cross-domain mapping

is provided as input.

3. Learning inter-task mapping. The source and target tasks have different state spaces and
action spaces, and the inter-task mapping is not provided. In order to achieve knowledge

transfer, an effective cross-domain mapping has to be learned first.

From the perspective of the transferred knowledge, transfer reinforcement learning techniques

can be classified into the following categories.

1. In value function transfer, the value function is transferred from the source domains to the
target domain, and this is the most straight-forward way. The assumption is that source and

target domains have similar value functions.

2. In policy transfer, the policy is transferred from the source domains to the target domain.
Different from the value function transfer which transfers Q-value, policy transfer directly
transfers the selected action under a certain state and it is invariant to the scale of the value

function. The assumption is that the source policy and target policy are similar in some way.
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3. In option transfer, the options (policies for sub-tasks) [137] are transferred from the source
domains to the target domain. The assumption is that there are some common sub-tasks

between the source domains and the target domain.

4. In instance transfer, some data trajectories are transferred from the source domains to the
target domain. The assumption is that the state transition functions and reward functions in

the source and target domains have some local similarities.

2.3.1 Transferability: the Similarity between Domains

In this section, we review some related works on measuring the similarity between MDPs in re-
inforcement learning domains/tasks. Measuring domain similarity is a core problem in transfer
learning, it helps the user to decide whether it is suitable to perform transfer learning from a source
domain to a certain target domain, and it is the key for source domain selection in the multi-source

transfer learning problem.

There are four major categories of similarity measures between reinforcement learning tasks.

1. Transfer-advantage-based domain similarity methods directly perform the transfer and mea-

sure the domain similarity by the performance improvement in the target domain.

2. Feature-based domain similarity methods find a common feature space between the source
and target domains and measure the similarity of the transition functions, reward functions

or policies in this common feature space.

3. Heuristic-based domain similarity methods compare two domains based on heuristics such
as the difference of the transition functions and the reward functions in the source domain

and the target domain.

4. Graph-based domain similarity methods project the source and target MDPs into graphs and

compute the graph similarity.

Transfer-Advantage-based Domain Similarity

Transfer-advantage-based domain similarity methods directly perform the transfer and measure
the domain similarity by the performance improvement in the target domain. Carrol et al. [19]]
discuss the desirable properties of a task similarity metric, and they conclude that there is no such

a single best transfer learning similarity measure for all tasks. They propose four task similarity
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measures. The first one is the usefulness of the source policy actually being transferred to the target
domain, the second task similarity is the policy overlap in the source and target tasks, the third
task similarity is the mean square error of the Q-function in the source and target domains, and
the final task similarity measure is the mean square error the expected immediate reward in each
corresponding state action pair. Fernandez et al. [30] propose to use empirical transfer advantage
to measure the similarity of domains. Before each run, a source policy is selected from the source
library according to the softmax of the reuse gain score. The reuse gain score of a source policy is

defined as the averaged reward gained while exploring the target domain with this source policy.

Transfer-advantage-based domain similarities can most accurately reflect the performance im-
provement of transfer learning methods. However, the transfer-advantage-based domain similari-

ties are difficult to compute before actually learning the target domain tasks.

Feature-based Domain Similarity

Feature-based domain similarity methods aim to find a common feature space between the source
and target domains and measure the similarity of the transition functions, reward functions or poli-
cies in this common feature space. Konidaris et al. [65, 67] assume tasks are related because all
tasks are taken by the same agent. As a result, all tasks share a set of common features, that is the
sensor input of this particular agent. They propose the agent-space which is the space expanded
by the features of this agent, and then compare MDPs based on their similarities over these related
features. In this work, transfer learning takes place through functions defined over these related
features in the agent-space. They learn a set of options defined on this agent-space, and then reuse
these learned options in future tasks to improve performance. The assumptions of this work hold
when all tasks are taken by the same agent, but they are not applicable to tasks that are taken by
different agents. And it is hard to define the agent-space automatically in advance. Feature-based

domain similarities can be computed before actually conducting the transfer learning experiments.

Heuristic-based Domain Similarity

Heuristic-based domain similarity methods compare two domains based on the heuristics such as
the difference of the transition functions and the reward functions in the source domain and the

target domain.

Lazaric et al. [72] propose to selectively choose samples from source domains and transfer to

the target domain. In order to select appropriate source tasks, they propose a task compliance score
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based on the similarity of the reward functions and the state transition functions. In order to select
samples from a source task, they propose the sample relevance scores. They propose to transfer the
samples that are from a high compliance score source task but are far away from the target domain,

since these samples might contain information about the unexplored region in the target domain.

Ammar et al. [2] propose to measure the distance between MDPs by measuring the difference
between the transition functions of two MDP models. They use a Restricted Boltzmann Machine-
based model to approximate the transition dynamics of the source MDP, and then they calculate the
reconstruction error of this source dynamics model on the target domain data, and the final distance

between the source and target domains is measured based on the reconstruction error.

Song et al. [126] propose two metrics for MDP similarities. They firstly define the concept
of homogeneous MDPs and extend Ferndndez’s metrics to the merged graph of two homogeneous
MDPs. Then the Kantorovich metric and the Hausdorff metric are used to compute the distances
between two MDPs. Kantorovich metric is computationally inefficient, while Hausdorff is more

efficient but it might miss out some similar MDPs due to outliers.

For any state H, H' in the same MDP, their distance d(H, H') is defined as

d(Hv H,) = IE%X{‘T}/I - TE" + CTK(d)(PI);?P;I/’)L

where ¢ € (0,1), P}, (resp. P}) is the transition probability when action Y is taken at state H
(resp. H'), and T (d)(P}, P},) is the Kantorovich distance between the two probabilistic tran-
sitions. MDPs are homogeneous if they satisfy the following three conditions. Firstly, the state
representations are equivalent, i.e. they have the same state variables. Secondly, there is a one-
to-one correspondence between their action spaces. Thirdly, the two MDPs have the same reward
when reaching the same sub-goals or goals. For two homogeneous MDP M; = {#;, V1, Ry, P}
and My = {Haz, Vo, Ro, P}, the distance between any state H € M, and any state H' € M, is
defined as
d'(H, H') = max{| ()} — (ra) | + T (P}, (P23},

where (1)} (resp. (r3)},) and (P;)},(resp. (Py)};)) are the immediate reward and the probability
transition function in M; (resp. Ms) and Ti (d')((Py)};, (Py))y,) is the Kantorovich distance be-
tween the two probabilistic transitions. For two state probabilistic transtion functions (Pl)g and

(P,)},, in different MDPs, their Kantorovich distance [27] is

[Hal [He]
T d/ — min A d/ H 7H/
K( ) Ak,t,ke[Lml\]7t€[1,|7-t2\] kz:; — kt ( k t)
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st Yk, D, Ak = (Pl)}/IHk, VE D e Akt = (PQ)E,H,t, Vk,t, Ay > 0, where Hy, € Hy, H, € Ho,

|H 1| represent the number of states in M; and |H| is the number of states in M.

The Hausdorff metric computes the distance between two subsets of a metric space. It is the
largest distance of all the distances from a point in one set to the nearest point in another set. Given

two MDPs M and M,, their Hausdorff-metric-based distance is defined as

- . ! / . / !
®(H1, Hz) = max{max min d&'(H,H’), max min d'(H, ')},

where d’ is the cross MDP state similarity metric defined above. The Kantorovich metric is used to
find an optimal allocation of transportation resource, where each state in one MDP is regarded as a
supply node and each state in the other MDP is regarded as a demand node, and the goal is to find
a way to move the resource from the supply nodes to the demand nodes with minimal cost. The
transportation unit cost between each pair of nodes is equal to the distance of the corresponding
states in these two MDP. Given two MDPs M; and M, their Kantorovich-metric-based distance is

defined as
[H1] [H2]

U(Hy, Hy) = IIlliin Z Z Ld (Hy;, H'),
i=1 j=1
s.t. Wi, el = 7 Vi, S = i Vi gyl > 0, where d'(H, H') is the cross MDP
state similarity metric defined above. Having defined the Hausdorff-metric-based distance and the
Kantorovich-metric-based distance, the authors propose to transfer the value function between sim-
ilar states with a one-to-one cross MDP state mapping. With the computed /; ; in the Kantorovich-
metric-based distance, the authors propose to transfer value function with a many-to-many cross

MDP state mapping.

Heuristic-based domain similarities are easy to compute and can be computed before actually
conducting the transfer learning experiments. However, there is no guarantee that transferring from

a heuristically closer domain leads to bigger transfer learning performance improvement.

Graph-based Domain Similarity

Another way to model the similarity between MDPs with different states and actions is to model
MDPs with directed graphs. Each state can be viewed as a node, and each possible state transition
(Hy,Y, Hs) can be viewed as a directly edge Ey, v u, from node Vp, to node Vy, with edge weight
PH, v,H,> Mmeaning if the action Y is taken in a state /1, the probability of going to node H is
DH, v H,» Dote that there could be multiple edges between two nodes, because multiple actions

could result in the transition from one state to another state.
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In this way, the similarity between two unaligned MDPs becomes the similarity of two directed
graph [68]. For the problem of graph similarity between two graphs that does not require an exact

match, there are three main categories.

1. The first category is the graph isomorphism/edit distance methods, in which the similarity of
graphs are measured by whether the two graphs are isomorphism [[106], or one is isomorphic
to a sub-graph of another graph, or whether they have common sub-graphs. The edit distance
method is to find the minimum number of operations needed to modify one graph to another

graph.

2. The second category is the feature-based methods. The key idea is that similar graphs
might have similar statistical features, such as degree distributions, diameters, eigenvalues
as in [[162]. Based on these statistical features, two graphs can be compared to calculate

graph similarity.

3. The third category is the iterative methods. The key idea is that two nodes are similar if their
neighbours are similar. In each iteration, nodes update their similarity score according to their
neighbours until convergence is reached. Famous algorithms include the similarity flooding
algorithm [89], the SimRank algorithm [56], the recursive similarity algorithm proposed by
Zager et al. [[186]], and the message-passing-based algorithm proposed by Bayati et al. [10].

Graph-based domain similarities are built upon solid theory, but some exact methods are com-

putationally expensive.

2.3.2 Transfer from Multiple Sources

In this section, we discuss how to transfer from multiple sources. Many transfer reinforcement
learning methods aim to transfer policy from a single source domain. However, it is possible that
the useful knowledge is distributed in many source domains, transferring from only one single
domain might have many limitations. One promising direction is to transfer from multiple source
domains. The core problem is to identify the similarities between various source domains and the
target domain, which is defined in Section [2.3.1] Based on the domain similarity score, knowledge
from the related source domains can be transferred, while the unrelated source domains should be

ignored.
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Just like the single-source transfer reinforcement learning, the multi-source transfer reinforce-
ment learning can use the same instance similarity measure, transfer the same type of knowledge

and use the same learning objective functions.

1. Many multi-source transfer reinforcement learning methods propose to define or learn a sim-
ilarity score between an instance in the target domain and an instance in the source do-
mains, and proceed by transferring various instances with high/low similarity to the target

domain [72]].

2. Multi-source transfer reinforcement learning methods can also transfer the value function [[126],
the policy [30], the options [[156] and the instances [[/2] from the source to the target domain,
and they might share the same assumptions with single-source transfer reinforcement learn-
ing methods, i.e., the source domain and the target domain have a similar value function or
policy, have some common sub-tasks, or have some local similarities in the transition func-

tions and the reward functions.

3. Multi-source transfer reinforcement learning can also use all kinds of learning objectives [[108]]

in the single-source transfer reinforcement learning methods.

Different from the single-source transfer reinforcement learning, the multi-source transfer re-
inforcement learning methods have an additional decision step of selecting one or multiple source

domains, and they can transfer knowledge from multiple source domains simultaneously.

1. Unlike single-source transfer reinforcement learning where there is only one source task,
multi-source reinforcement learning methods have to choose source domains before any in-
stances or model parameters can be transferred to the target domain, and the domain simi-
larities defined in Section lie in the core of this problem. Fernandez et al. [30] propose
the reuse gain score to select source policies. The reuse gain score of a source policy is
defined as the averaged reward gained while exploring the target domain with this source
policy. Lazaric et al. [[72] propose to selectively choose samples from source domains and
transfer to the target domain. Before selecting the instances, firstly an appropriate source
domain is identified by a task compliance score, which is defined as the probability of the
target domain data being sampled from the corresponding source domain transition function
and reward function. In this way, we can identify the source task which is most likely to
generate the target domain data, and then the data in this source domain can be transferred to
the target domain to improve performance.
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2. Multi-source transfer reinforcement learning can transfer from more than two policies simul-
taneously. Song et al. [[126] propose two metrics for MDPs similarities, and they propose a
weighted transfer method based on the proposed Kantorovich-distance-based similarity mea-
sures. For each target state, the similarity weights between source states and the target state
are calculated. The more similar a source state is, the more influence it has on the target
state. In this way, one target domain state might be affected by multiple source domain data
points. Lazaric et al. [72] propose to transfer source domain samples according to the task
compliance score of each source domain, in this way, more than one source domains can

contribute simultaneously to the target domain via the randomly selected data samples.

In conclusion, multi-source transfer reinforcement learning is a promising generalization to the
single-source transfer reinforcement learning methods. It can leverage existing single-source trans-
fer methodologies and it has better performance since it can rely on more similar source domains

and it can transfer from multiple sources simultaneously.

2.3.3 Task Complexity

In this section, we discuss the complexity of a task-oriented dialogue system. But before proceeding
to the complexity of the task-oriented dialogue system, we need to define the complexity of solving

a general MDP problem.

Littman et al. [[79] discuss the computational complexity of solving an MDP with three different
methods. Assume the MDP is represented by (H, ), P, R), where N = |H| is the number of states
and M = |)/| is the number of actions. The state transition function P is defined as follows. For all
H;,H;, 1 € H,Y € ), the probability of taking action Y in state H; and transit to H;, is defined
as

P};,HM = Pr(Hi|H;,Y).

Assume the transition function P and the reward function R are encoded with an N * N x M
probability matrix, and both H and ) are finite. The authors focus on the infinite-horizon case,
where there are infinite number of training sequence. The three algorithms and their complexity

are listed as follows.

1. Linear programming algorithm turns the MDP problem into a linear programming problem
with N M constraints and N variables, so it could be solved in polynomial time in N, M.

However, the existing polynomial time algorithms are extremely slow and are rarely used.
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The most popular and practical methods are variations of Dantzig’s simplex method [24]].
Although simplex methods seem to work well, Klee and Minty [62] show that these algo-

rithms take exponential running time in the worst case.

2. Policy iteration algorithm [54] iteratively alter between policy evaluation and policy improve-
ment in each iteration and it has a complexity of (O(M N?)+O(N?))xl, where [ is the number
of iterations. Each policy improvement has O(M N?) complexity and each policy evaluation
has O(N?3) complexity, so the policy iteration algorithm runs in polynomial time if and only
if the number of iterations [ required is polynomial. However, Melekopoglou et al. [88]] show
a family of counterexamples that the policy iteration method runs in an exponential number

of iterations. So the policy iteration is a pseudo-polynomial-time algorithm.

3. Value iteration algorithm [11] iteratively updates the value function, and its complexity is
O(N?) x 1, where [ is the number of iterations. The running time for each iteration is O(N?).
It is shown that the total-cost functions are guarantee to converge to the optimal total-cost
function, and the policy associated will converge to the optimal policy in a finite number of
iterations. Again, value iteration is polynomial if and only if the total number of iterations
required is polynomial. Tseng et al. [146]] show that for a fixed discount factor -y, the value

iteration takes polynomial time and its running time grows faster than 1/(1 — ).
Now we discuss the complexity related factors in a task-oriented dialogue system.

1. Number of Speech-acts |A|. Speech-acts are the set of all possible user intentions. The
dialogue states and dialogue actions consist of speech-acts, so the more speech-acts a task

has, the more complex the task is.

2. Number of Slots |S|. Slots are the set of information we need to collect for each task. Since
a dialogue state has to record both the user’s constraints on each slot and the questions about
each slot, and most dialogue actions have slots, the more slots in a task, the more complex

the task will be.

3. Number of Slot-values |V|. Slot-values are the set of all possible values for a slot, different
slot-value represents different user preferences. In order to model user preference and make
personalized suggestions, the dialogue states and the dialogue actions need to record infor-
mation about the slot-value of each slot. The more slot-value, the more complex a task will

be.
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In a typical dialogue system where a dialogue state contains a user’s speech-act, a set of user
constraints on all slots and a set of binary user question indicator on all slots, the number of all
possible dialogue states is O(|A] * ]V]‘S |5 2151). A typical user action in a dialogue system is a
sentence with a user speech-act, a user slot and the corresponding slot-value, so the number of all
possible dialogue actions is O(|A| x |V| % |.S]). If the user is allowed to specify the slot-value for

an arbitrary number of slots in one sentence, then the number of all possible dialogue actions is

O(lA]* V™).

2.3.4 Transfer between Complex Domains

In this section, we discuss how to transfer policies between complex domains. Firstly we give
a definition of a complex domain, then we define and analyze the problem and identify the core

problem, finally, we conduct a brief survey of the existing related works.

A complex domain has the following characteristic:

1. Has a large number of states. For example in a task-oriented dialogue system, if the number
of slots is big and if different user choices require different dialogue policies (the dialogue
state must contain slot-value chosen by the user), then the number of all states will be expo-

nentially larger.

2. The domain task might have sub-tasks.

The problem of transfer reinforcement learning between complex domains takes two inputs,
a complex source domain with plenty of training data and a complex target domain with little
training data. The problem output is a policy in the target domain, and the goal is to improve the

target domain policy by transferring knowledge from the source domain.

The challenges of the transfer reinforcement learning between complex domains are listed as

follows:

1. Learning a policy in one domain might need much data, since flat reinforcement learning
may suffer from the curse of dimension [9]. For example in a task-oriented dialogue system,
if the number of slots is big and the number of different slot-values is big, the state space will

be very large, thus it will require a huge number of dialogue data to train.

2. Learning the cross-domain state correspondence matrix might either require more source

and target training data to align, or require another auxiliary data source to constrain the
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correspondence matrix. This is because the parameter space for the cross-domain state cor-

respondence matrix is larger since the number of states is larger.

3. It is hard to reuse whole policies or discover sub-tasks. Since the state space is larger, the
policy will be much more complex and it is less likely that a whole source policy can be
directly reused, and thus it is natural to consider reusing options for sub-tasks. However,

identifying sub-tasks can be also hard.

Hierarchical Reinforcement Learning (HRL) [137,1124} 9] is a principle framework for learning
policies in complex tasks. Sutton et al. propose the concept of macro-action or option [137] which
means a partial policy for a sub-task or a part of the state space, and options allow the agent to
learn a task with less training data. HRL methods make use of hierarchical control architectures
and learning algorithms. They decompose the big task into a hierarchy of sub-tasks and reuse small
local policies across many sub-tasks, and it can greatly improve both the learning speed and the
agent performance. Parr ef al. propose the Hierarchies of Abstract Machines for HRL. As options
are policies for a part of the state space with different complexity, they propose to generalize the
MDP to the semi-Markov Decision Process (SMDP) [[105] where actions can take a variable amount
of time to complete. Dietterich et al. propose the MAXQ decomposition framework [28] which
decompose the value function into an additive combination of value functions of smaller MDPs,
later Kulkarni ef al. propse the HDQN [69] which integrates hierarchical value functions to operate
at different temporal scales, and their model shows superior performance on a complicated ATARI

game “Montezumas Revenge” with a hierarchical structure.

A new core problem of transferring between complex domains is to identify sub-tasks and
reuse sub-tasks, apart from the other core problems in transferring between simple domains. If we
can identify sub-goals or sub-tasks in a complex domain, then the complexity of finding a policy
will be much smaller since the big problem is decomposed into sub-tasks and the policy only
needs to select from a limited number of options [137] for each sub-task. And these options can

be transferred from the source to the target domain, based on the domain similarity discussed in

Section2.3.11

Sub-goal discovery (also known as option discovery and automatic skill acquisition) aims to
automatically discover important states and use them as sub-goals. McGovern et al. [87] propose to
identify bottleneck states in trajectories and use them as sub-goals. Menache et al. [90] propose the
Q-cut algorithm which uses an efficient Max-Flow/Min-Cut algorithm for identifying bottlenecks,

and thus to discover sub-goals. Niekum ef al. [100] propose to use clustering method to discover
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sub-goals or skills. Konidaris et al. [66] attempt to discover skills for a robot given abstractions
of the surroundings it has to operate with. Lakshminarayana et al. [71] propose to find metastable
regions in the state space and associate them with abstract states, and the method works even
without an exact model of the environment. Bacon et al. [6] propose to learn the option policies

and their termination conditions simultaneously.

Option transfer methods aim to transfer options from source tasks to the target task. Perkins et
al. [107] address an reinforcement learning problem in which the transition function can change
from time to time, drawn randomly from a probability distribution. Some hand-coded options are
provided to the agent. In each run, the agent will learn a policy over these provided options, in order
to move quickly to the target state in an environment with a different transition function. Andre et
al. [3] propose to learn sub-routines between tasks. They look for similarities between some local
states of the source and the target domains, and if similar parts can be found in the target domain,
the controller or local policies can be directly transferred to the target domain. Foster et al. [31]
propose to identify sub-tasks in the source domains and reuse them in the target domain where the
target state could change but most sub-tasks do not change. They propose to use an expectation
maximization algorithm to identify different sub-tasks. When faced with a new task, the agent can
learn to reuse the learned options for the sub-tasks, in order to improve the jumpstart and the total
reward. Ravindran et al. [111] propose the concept of relativized options. They first learn a set
of options from the source domains, and when learning in the target domain, the agent can use
Bayesian parameter estimation to select source options as well as some possible transformations
that can be applied to these source options, in order to maximize the transfer performance in the
target domain. Asadi et al. [S] propose to identify states as “Locally forms a significantly stronger
‘attractor’ for state space trajectory” as sub-goals in the source tasks. After learning the options
to reach these sub-goals, the agent learns a higher level policy to reuse these options. The model
is called Hierarchical Bounded Parameter SMDP, which is proven to be within a bound of the
performance of the optimal policy in the original model without options. Konidaris ef al. [65]
propose to view the reinforcement learning problem in the agent-space, instead of the problem
space, since for the same agent, the agent sensors and actuators will not be changed, even if the
environment is changed. They propose to learn the agent-space options in the source tasks and then
reuse them in the target task. They suggested that the agent-space options will be more portable
than those in problem-space since problem-space options can only be reused in domains that are

very similar.
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2.4 Scope of This Thesis

In this section, we formally define the scope of this thesis. We study the transfer learning problem
between two dialogue domains, and the methods studied in this thesis are only tested for and thus

limited to the task-oriented dialogue systems with the following constraints.

1. The tasks with a fixed set of speech-acts, slots and slot-values, and all speech-acts, slots and
slot-values should have appeared in the training data, and no out-of-domain vocabulary will

be accepted.

2. The tasks should consist of generally two stages, the entity constraint stage and the inform
query stage. In the entity constraints stage, the agent will ask for information needed to find
a particular entity, for example the agent might ask about the food preference in order to find
a restaurant. In the inform query stage, a unique entity should have been already identified,
and the agent will answer questions raised by the user with respect to some slot of this entity,

for example, the user can ask about the phone number of a particular hotel.

3. The slots required to complete a task only depends on the domain itself and does not depend
on the user constraint slot-values specified by the user, for example, the agent will always

ask for the price range of the restaurant regardless of what food the user would like to have.

4. The tasks should not contain recursive sub-tasks. Each slot should have its own set of slot-
values, and the slot should not consist of another sub-slot. For example, the food slot should
only have slot-values like Chinese food or American Food, it should not have additional

sub-slot like whether the food is spicy, whether the food is Halaal, etc.

2.4.1 Transfer Reinforcement Learning in Task-oriented Dialogue Systems

In this section, we systematically review the related works of transfer reinforcement learning in
task-oriented dialogue systems. All related works are summarized in Table and our works are

marked with v.

Based on whether the source domain and the target domain use the same set of slots, all works

in Table[2.1] can be divided into the left part and the right part.

The left part of the table contains the works where the source domain and the target domain use
the same set of slots. Based on whether the source domain user and the target domain user have the

same preference (have the same slot-value distribution), these works can be again divided into two
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Table 2.1: The related works in transfer reinforcement learning in task-oriented dialogue system.
Our works are marked with v'.

Same Domain S® = St, A5 = A? Cross Domain S* # S?
Gaussian Process
None Transfer Same
General (173, 174, [183, [75] Speech-act | Lranster [37,138, 34],
p(V*) =p(V?) (78, 1. 33. 26] A5 — at | Bayesian Committee
S o Machine [36]39]
Linear Model
Finetune Tragsfer 2], Different
Personal Gaussian Process Speech-act /in Cha ter@
p(V*#) # p(V?h) Transfer [20] P ) P
A% £ A
Personal /in Chanter 4
O-fun in Chapter {4,
Personal
Word v'in Chapter |5
Gate

parts. The upper left part contains the works of reinforcement learning dialogue systems without
transfer learning, which is not the interest of this thesis. The lower left part contains the works
that transfer personalized dialogue policy across different users. Existing methods for transferring
dialogue policy across different users are mainly based on model fine-tuning [20, 42]], where a
model trained in the source domain user data are directly adapted on the target domain user data.
However, these works do not model the differences between users, thus it might harm the dialogue
performance of the transferred model in the target domain if wrong preferences are transferred.
We propose a model with a personalized Q-function to explicitly model user differences for this
problem in Chapter 4] In order to transfer fine-granularity common dialogue knowledge in the
end-to-end dialogue systems, we propose a model with a novel personal word gating mechanism in

Chapter 3]

The right part of the table contains the works where the source domain and the target domain
use different sets of slots. Based on whether the source domain and the target domain use the same
set of speech-acts, these works can be again divided into two parts. The upper right part contains
the works in which the source and the target domains use the same set of speech-acts, and these
work aim to transfer dialogue policies across different domains in the same dialogue systems. The
works in [37, 138, 134]] assume there are some common slots between the source and the target do-
mains, and they do not work in situations when the source and target domains do not have common
slots. The works in [36] 139] use the slot normalized entropy for slot matching, and they need to
access all data rows in the dialogue database. However, these dialogue policy transfer methods

cannot transfer across dialogue systems with different speech-acts, for example, they cannot trans-
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fer between systems built by different companies. We propose a model in Chapter [0 which can
simultaneously transfer across dialogue systems with different speech-acts and slots, and it does

not require common slots or additional database information.
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CHAPTER 3

RELATED WORK PART 2: A SURVEY OF
TASK-ORIENTED DIALOGUE SYSTEMS

Task-oriented dialogue systems have been used to help people finish tasks in various domains. A
typical task-oriented dialogue system consists of 4 components, which are the spoken language un-
derstanding module (SLU), the dialogue state tracking (DST) module, the dialogue policy learning
(DPL) module and the natural language generation (NLG) module. Many different models are used
in each component. What are the differences between these models, and how do we choose from

them? In this chapter, we give an updated and organized review of task-oriented dialogue systems.

This chapter is organized as follows. We first give an overview of the structure of a typical
task-oriented dialogue system in Section then we introduce each of the four typical modules
one by one in Section [3.2] Section Section 3.4{and Section and then we survey the end-to-
end dialogue systems in Section finally we give a conclusion in Section[3.7] For each dialogue
module in Section Section Section and Section firstly we introduce the problem
formulation, then we survey and compare the single domain dialogue systems without transfer

learning, finally we survey and compare the transfer learning related works.

3.1 Overview: Task-oriented Dialogue System

Dialogue systems can be roughly categorized into open-domain dialogue systems and task-oriented
dialogue systems. Open-domain dialogue systems [[134} 122, 120, [121]] do not limit their dialogue
domains and can be used for chit-chat. Task-oriented dialogue systems [184] aim to guide a user to
finish a certain task in a restricted domain. It can be deployed in a call center, in an on-line chatting

platform or a customer service center. It can reduce the need of a human staff and thus reduce cost.

A task-oriented dialogue system takes text input from a user, and generates text responses to
the user based on the context and the question. The design of the current task-oriented dialogue
systems requires human knowledge on the target problem. Frame-based task-oriented dialogue
systems are widely used. In the frame-based systems, a slot is the most basic concept. A slot is

a piece of information with a set of possible values. For example, with respect to the choices of
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Figure 3.1: The Task-oriented Dialogue System Architecture

food, we can have Chinese food, Japanese food or Indian food, etc. Dialogues are treated as a
set of computation on different slot values. Based on the functionality, a dialogue system can be
divided into different components. Each component is responsible for a specific sub-task, and the

communication between components are done through a set of slots and their values.

There are 4 basic components in a task-oriented dialogue system, and they are the spoken
language understanding module (SLU) module, the dialogue state tracker (DST) module, the di-
alogue policy (DPL) module and the dialogue generation module (NLG). In this thesis, we as-
sume the input is in raw text format instead of voice. The spoken language understanding mod-
ule [180, 45, [83) 146, [181] is responsible for detecting speech-acts, slots and the corresponding
slot-values. The SLU takes a user utterance as input and predicts the speech-acts and slot-values
appeared in the user utterance. The dialogue state tracker [73, 133} (159, 51, [187]] is responsible
for inferring and maintaining dialogue states. The DST takes a parsed user utterance (including
speech-acts, slots and slot-values) as input and keeps track of the current dialogue state based on
the user utterance and the previous dialogue state. The dialogue policy module [[173, 174,183, 75]
takes the current dialogue state as input and decides the next system action to take. The natural
language generation module [169] converts the system action back to text response. Among these
4 modules, the dialogue policy module is the core component and it is responsible for deciding the

next system action.

Based on the training frameworks, task-oriented dialogue systems can be categorized into mod-
ular dialogue systems and end-to-end dialogue systems. The components in modular dialogue
systems can be trained or built separately with different objective functions, while end-to-end dia-

logue systems are trained jointly with a single objective function. Modular dialogue systems have
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low inter-modular dependency, thus we can plug-in different components freely. Components can
be trained or hand-crafted independently. The data needed to train each component can be ob-
tained easily. However, without a consistent objective function, the whole system with different
components might not work well. End-to-end dialogue systems have a single objective function.
When trained jointly, the whole system can learn together and achieve a better performance, and it
does not require intermediate annotation thus can reduce human efforts. But since all components
are optimized jointly, we cannot switch components without retraining. And the training of an

end-to-end dialogue system is more difficult.

3.1.1 System Components

Given the dialogue history H,, = {{ X}, Yj}?;ll, X, }, the task of a task-oriented dialogue system is

to predict Y,,. There are 4 components in a task-oriented dialogue system.

1. The spoken language understanding (SLU) module. It takes raw a text utterance X, as input

and predict the abstract user action X, of the utterance at every time step n.

2. The dialogue state tracking (DST) module. Given a previous dialogue state H,,_;, an abstract
system action Y,,_; and an abstract user utterance X,,, the dialogue state tracking aims to keep

track of the current dialogue state H,.

3. The dialogue policy learning (DPL) module. The policy network takes a dialogue state H,

as input and predict the abstract system action Y,.

4. The natural language generation (NLG) module. It takes an abstract system action Y, as

input and generate the final system response sentence Y,,.
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3.2 Module 1: Spoken Language Understanding (SLU)

The spoken language understanding module is responsible for mapping a text utterance to a struc-

tured output such as speech-acts, slots and slot-values.

3.2.1 Problem Definition

The spoken language understanding module takes a raw text utterance X, as input and predict the
abstract user action Xn of the utterance at every dialogue turn. The user action Xn = {an,s, =
{s; = v;}} consists of a user speech-act a,, (also known as intention) and a sequence of slot-value

pairs, = {s; = vy, 89 = vg, - }.

There are two major problems in spoken language understanding, the first one is speech-

act/intention classification and the other is slot-filling.

1. Speech-act/intention classification. The problem input is a user utterance X,, and the problem
output is the speech-act a,, of the user utterance. Speech-act/intention classification can be

viewed as a multi-label classification problem.

2. Slot-filling. The problem is to find all possible slot value pairs s,, = {s1 = vy, 89 = vg, - }
in the user utterance X,,. Slot-filling task can be viewed as a sequential classification problem

on the word sequence of a sentence.

Since the speech-act classification is a simple multi-label classification problem, we will focus on
the slot-filling problem. And we will focus on learning methods for slot-filling problem, other

deterministic method such as parsing will not be considered.

Slot-filling maps a user utterance X,, to a sequence of abstract semantic label s,, = {s; =
V1, S2 = Vg, -+ }. In our setting, X,, = {x1,zo, - } is the text input represented as a sequence of
words, and s,, = {s; = v;,82 = vy, --- } is a sequence of labels, where the slot s; and the slot

value v; are the labels of word z;.

1. Input: a user utterance as a sequence of words, X,, = {x1, 22, - }.
2. Output: a dialogue semantic label for each word, s,, = {51 = v1, 50 = v9, -+ }.

3. Example: For an input sentence “who played zeus in the 2010 action movie Titans”, the ex-

pected output is a semantic tag for each word in the input sentence like “who:{} played:{}
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zeus:{character=zeus} in:{ } the:{} 2010:{year=2010} action:{ genre=action } movie:{type=movie}

Titans:{name=Titans}”.

3.2.2 Single Domain Spoken Language Understanding

In the following section, we will introduce several slot-filling models including the Conditional
Random Field (CRF), the Convolution Neural Network (CNN), the Recursive Neural Network
(RNN) and the Long-Short Term Memory (LSTM).

Wang et al. [[157] and Raymond et al. [112] use CRF [70] for slot-filling problem. The problem

can be modelled by

s = argmax P(s'| X),

S

where X = {x1,2,---} is an input word sequence and s = {sy, o, - - } is the associated class

label sequence. The probability of s is defined by

P(s|X) = [[ P(silzr, s1-1),

where P(s;|zy, s;_1) is defined as

1

T
Z(x4,51-1) - I bs 5
Z (0, 50-1) eXp(Wst (St—1, ¢, ) + bs)

P(3t|$t,3t—1) =

f(si—1, S¢, x;) is the feature vector for time step ¢, and the feature vector includes n-gram lexical

features in the sliding window and the state transition features, etc. wy, is the associated weight

vector, and Z (x4, 8,-1) = Y., exp(wD f(si—1, 8, ;) + by ) is the softmax normalization term.

CNN-CRF

Xu et al. [179]] propose a joint CNN-CRF model for the spoken language understanding problem.

The problem can be modelled by

s = arg max P(s'| X).

S/

The probability of s is defined by

P(s|X) = [ [ P(silwe, s1-1),
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where P(s¢|xt, s;—1) is defined as

P(s¢|zy, 8-1) = exp(trans(s;_1, s;) + Wif(xt)),

Z(%, Stfl)

trans(s;_1, ;) is the transition probability from s;_; to s;, f(z;) is the feature vector extracted
from the CNN window centered at x;, and Z (¢, s,—1) = . exp(trans(s;_1, s') + w2, f(z,)) is the

softmax normalization term.

Celikyilmaz et al. [21]] propose to add additional word embeddings as additional features to
f(z¢) in slot-filling task, along with the CRF or the CNN-CRF model. The experimental results
show that CRF-CNN model is better than CRF alone, and adding additional word embeddings can

further improve the results.

RNN

Yao et al. [181]], Mesnil et al. [92,91]] and Liu et al. [80] propose to use RNN [44] on the slot-filling
problem. The problem is modelled by

s = arg max P(s'| X).

s/

The probability of s is defined by

P(s|X) = HP(St‘xt?x<t)7

t

where P(s;|z, x~;) is defined as

ht = U(Whht_l + UXt + bh),

1
P(St|l’t, I<t> = ma(wiht + bst)7
t

x; 1s feature vector calculated in the window centered at word x;, which includes the word embed-
ding vector x; on z; and the embedding of nearby words. © = {W,, U, by, W, b} are parameters
to learn. Z(h;) = Y, exp(wlh, + by) is the softmax normalization term. Unlike CRF which can
model only a fix context length, the RNN can model the dialogue context of arbitrary length. As a

result, the RNN requires more word level labelled training data.
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LSTM

Yao et al. [180] propose to use LSTM [33]] for slot-filling in the SLU. The LSTM can be formulated
by
s = argmax P(s'| X).

The P(s|X) is defined as
P(S|X) = HP(St|$t,l’<t).

t

The four gates in the LSTM are calculated by
i, = o(Waixy + Wihy 1 + Weie, 1 + by),

f; = o(Wyxi + Wyrhy 1 + Wiscq + by),
c; =, ©ci + iy © tanh(Woexy + Wichy 1 + by),
Oy = O_(onxt + Whoht—l + Wcoct—l + bf)

and the hidden state h; is given by
ht =0;® tanh(ct),

where © is the element-wise multiplication, and x; is the feature vector calculated in the window
centered at word x;, which includes the word embedding vector on x; and embedding vectors of
the nearby words. Based on h;, we can calculate p;, the intermediate predicted output at current
time step by

bt = Whpht-

Then the final feature vector q; is calculated based on M most recent intermediate output p; by
M
qit = Z Wpipt—i + bq~
i=0

The prediction probability of the output label s; is predicted by

p(silay, roy) = O-(szqt +bs,),

Z(qr)

where Z(q;) = >, exp(wlq; + by) is the softmax normalization term. Using the LSTM can
alleviate the gradient exploding and vanishing problem, and it can model long dependency better.
However, there are more parameters in the LSTM than in the RNN, which requires more training
data.
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Evaluation for Single Domain SLU

To evaluate an SLU, the algorithm predicts each utterance in the test set and the predicted slot-
values will be compared with ground-truth slot-values labelled by human. Popular evaluation
metrics include accuracy for speech-act/intention classification, and F1 score for slot-value clas-

sification.

Public datasets include the Air Travel Information System (ATIS) [23]], the Tourist Information
(MEDIA) [16],the DARPA Communicator Travel Data [153]], etc. Public challenges include the
DARPA ATIS challenge and the DARPA COMMUNICATOR challenge. All results are compared
on the public available dataset Air Travel Information System (ATIS).

We only compare models for the slot-filling task on the Air Travel Information System (ATIS),

the results are shown in table 3.1l

Table 3.1: SlotValue Classification F-1 metrics on ATIS dataset

CRF CRF-CNN | RNN | LSTM
F1 ATIS [83]]
F1 ATIS [149] | 0.8373
F1 ATIS [179] | 0.9100 | 0.9435 0.9411
F1 ATIS [181] | 0.9109 0.9411
F1 ATIS [91] | 0.9294 0.9498
F1 ATIS [180] | 0.9294 | 0.9435 0.9411 | 0.9492

CRF uses the label of previous word when predicting the label of the current word, this is
better than doing simple classification on each word position because CRF has considered the label
transition probability. However, we still need to define the word features by hand. And CRF
considers only fixed window size, which is not flexible. CNN-CRF can learn local features for
each word position by an end-to-end training. In this way we can learn better feature representations
from data, and thus we can reduce the human efforts required. However, the framework is still CRF,
which can only model a fixed number of previous words. RNN can model a very long dependency
in a sentence. In RNN, all information about previous words is stored in the hidden variable, and
theoretically it can consider arbitrary long dependency. However, the training of RNN suffers the
exploding or vanishing gradient problem, which makes RNN hard to train. LSTM can choose
to remember or forget the information stored in its memory based on the input, and it can solve
the exploding or vanishing gradient problem appeared in RNN. As a result, it has better model

capability than an RNN and it is more easy to train.
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3.2.3 Transfer Learning for Spoken Language Understanding

In this section we summarize the transfer learning methods used for spoken language understand-
ing. There are 3 methods to transfer knowledge for speech-act/intention classification problem in

SLU, they are

1. Model Adaptation,
2. Instance-based Transfer,

3. Parameter Transfer.

Model Adaptation

Tur et al. [147] propose to use model adaptation and boosting for speech-act/intent classifica-
tion transfer learning. The source domain and the target domain share the same set of speech-
acts/intention labels, but have different distributions. The authors propose to regularize the target
domain model with the KL divergence between the source model and the target model. The loss

function in the target domain is defined as

Liw) =Y > (In(1+exp(=An[a] f (Xn, s w)))) +7KL(P(Au[a] = 11X,)[[o(f(Xn, a5 w))),

1_
KL(pl|q) =pln§ +(1=p)ln . L

where the first term is the target domain model loss function and the second term is the KL diver-
gence between the source model and the target model. n is the index of an instance and a’ is an
element in the label set. P(A,[a’] = 1]|X,) is the probability that X,, belongs to label a’ in the
source domain model, and o(f(X,,),a’) is the probability that X,, belongs to label a’ in the target

domain model.

Instance-based Transfer

Tur et al. [[148] propose to transfer instances on speech-act/intention classification problem. There
are a number of similar intention classes in the source and target domains, but no mapping is
available. The authors propose to use instances with similar label in the source domain to help the
intention classification in the target domain. We denote the target domain dataset as { X, a} and the

source domain dataset as { X*, a®}. We denote the classifier in the source domain by

p(a®|X7) = fA(X?).
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The classifier in the target domain is denoted by

plalX) = fa(X).

The authors apply the target domain classifier on each instance X*® in the source domain. If the
predicted probability of the source instance X* belonging to a target class is above a threshold,
i.e, f,,(X®) > p, then X* is transferred to the target domain as an instance of target domain class
a;. After some instances are transferred, the classifier in the target domain is retrained with the

transferred source domain instances and the target domain instances.

Parameter Transfer

Yazdani et al. [182] propose to use parameter sharing between similar label classifiers, so the
similar classifiers can have similar hyperplane. The classification model for each speech-act a is
a linear classifier, and the parameter for the classifier of label a;(s; = v,,) is a weight vector
W, (sy=vm)- FOI €ach label a; (sx = v ), the multi-label classification is done by logistic regression

as

Y= 0(“’3 (sk:vm)¢<xi))‘

J

The authors assume that the weight vector w,, ) can be modelled by a two layer multi-layer

Sk=Um
perceptron classifier given the embedding vector of the label words as input, where the label names
are treat as words. The weight parameters for label a;(s; = v,,) can be generated by using the

embeddings of word a;, word s;, and word v,,,, as

Waj(sk:Um) = O-([(b(a’j)? ¢(Sk>7 ¢(Um)]wih)who

where ¢(z;) is the word embedding for word x;, o is the activation function, Wy, is an 3d * h
matrix and Wy, is a d * d matrix. The parameter W, and W, are shared for all labels, so transfer

learning is possible.

Jeong et al. [S’]] propose to divide the model parameters into domain-dependent parameters and
domain-independent parameters, where the domain-independent parameters are shared across the
source domain and the target domain to transfer knowledge. A CRF is used as the base model for
slot-filling problem, and there are a number of shared labels cross domains. The probability of the
slot set is given by

s = argmax P(s'| X)

S/
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where X = {x1,x9,---} is the input word sequence and s = {sy, s, - - } is the associated class

label sequence. The probability of the slot set can be factorized by

P(s|X) = HP(5t|$t,St—1),

P(St|wta St—l) - ) exp(¢d(5t—17 St :L't) + Qbindependent(st—la St, {L‘t)),

Z(ift, St—1

where ¢q(s;—1, ¢, 2¢) is the domain-dependent model and ¢ingependent (St—1, 5¢, ¢¢)) is the domain-
independent model. The model considered features such as n-gram lexical features in the sliding
window, and state transition probability, etc. Z(x;, s;—1) = Y. exp(Pa(si—1, 8", 1)+ Dindependent (St—1, 8, 1))
is the softmax normalization term. @ingependent(Si—1, 5, ;) is the domain-independent model shared

across domains for knowledge transfer.

Model Comparison for Transfer Learning in SLU

Model adaptation can be used to adapt an existing model from a source domain to improve its per-
formance in a target domain. Given the target domain data, the pre-trained model is fine-tuned on a
few new instances in the target domain. However, the source domain and the target domain have to
use the same kind of model. Instance transfer can work with any classifiers without modifying the
classifier structure, and it is easy to train. However, the source domain and the target model need to
be trained for multiple times before converging, which is time consuming. Parameter transfer can
transfer a part of the common model parameters from a source domain to a target domain, thus it
can reduce the negative transfer. However, the model parameters have to be partitioned into shared

parameters and domain-independent parameters, as a result, many classifiers could not be used.
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3.3 Module 2: Dialogue State Tracking (DST)

The dialogue state tracking module tracks the dialogue state according to the system action, the

user utterance, and the previous dialogue state.

3.3.1 Problem Definition

Dialogue state tracking aims to keep track of the dialogue state H,, given the previous dialogue

state ﬁn_l, the abstract system action f/n_l and the abstract user utterance Xn.

1. Input: The crevious dialogue state f[n,l, the abstract system action ffn,l and the abstract

user utterance X,,.

2. Output: The current dialogue state H,.

3.3.2 State Representation

In a task oriented dialogue system, the dialogue state is predefined by human based on the domain
slots and their slot-values. The number of possible states is exponential to the number of slots.
Maintaining a probability distribution of all possible states requires a large amount of resource,

here we introduce several methods to simplify the problem.

Typically, there are several kinds of information in a state, denoted by H, = {9n, X,, H,},
where H,, = {Xo, Yo, -+, Xpi_1, Ya_1, X, } is the dialogue history.

1. User goal g,,. The user goal is a set of slot-values in each slot, representing the entity this
user is looking for. For example, the user is looking for a restaurant in the north part of the

city that can serve Chinese food. User goal tracking is the core tracking problem.

2. User last intent X,,. The user last intent is the direct intent of the last utterance of the user.
For example, if the user is asking, then the system should provide information. If the user is

confirming, then the system should indicate whether the confirmation is done.

3. Dialogue history H,,. The dialogue history contains the previous dialogues, so that the system

can recognize what question has been asked and what information is already collected.

As we can see, the most challenging task is the tracking of the user goal g, because the goal space

can be very large. Assume we have 5 slots, and there are 10 possible slot-values in each slot. The
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total number of possible goals will be 10°, and this is only for a small domain with 5 slots. Directly

dealing with such a large state space will make the problem very complicated.

There are two popular ways to simplify the state representation and the state tracking.

1. Hidden information state model. The idea is to record the distribution of only top possible

states.

2. Factorized model. The idea is to track each slot independently of other slots, so that we can
record the distribution of all values in each slot. Simple dependencies between variables are
represented as Bayesian networks. But this model cannot deal with complicated dependen-

cies.

Hidden Information State Model

Young et al. [[185] propose the hidden information state approach. To deal with the exponential
large user goal space, the authors propose to use state grouping and state splitting to reduce the

tracking complexity.

In order to track a dialogue state, at each round, based on the previous state, the system action,
the user utterance, the state space can be split into 2 partitions, where each partition can be split fur-
ther in the coming rounds. Dialogue states H within each partition p,, are treated indiscriminately,
meaning that all states H within partition p,, have equal probability. Since the number of partitions

grows exponentially with number of dialogue rounds, only the top N partitions are tracked.

entity

venue

request(bar)

‘ drinks ‘ music

Figure 3.2: Partitioning of dialogue states in HIS [185]]
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At each round, the belief update formulation can be modelled by

bt (Prsts X1y Hupt) = 0P (Xi1| X)) P( X1 [Por, Vo)
ZHn P(Hyy1]pny1, XnJrla H,, Y/n)
P(pn+1|pn)b(Hn)7

where p,, is a partition and the term P(p,,.1|p,) represents the probability that a partition p,, being
split into two sub partition, p, — {pPn+1,Pn — Pnr1}. An example is shown in Figure X, is
the user action, Y, is the system action, H,, is the dialogue history and X, is the observed user
utterance. P(Xnﬂlf(nﬂ) is the observation model, P(X’nﬂ\pnﬂ, Y, ) is the user action model,
P(Hyuq1|pnt1, X1, Hy, 17”) is the dialogue state transition model and P(p,1|p,)b(H,) repre-

sents belief refinement.

The dialogue state H,, can be randomly sampled from the probability distribution defined as

Hn ~ bn(pna Xna Hn)

because all states within partition p,, has equal probability.

One problem is that the number of partitions are exponential to the length of the dialogue. In
practice, pruning is required [[175]. However, a slot can be prune if they are distributed in many
partition. To solve this problem, Gavsic et al. [40] propose to track the user goal with respect to

each slot.

HIS model can help us track the dialogue state efficiently, and arbitrary dependency relations

between different states can be incorporated. However, only the top-N states can be tracked.

Bayesian Update of Dialogue State

Thomson et al. [143]] propose the Bayesian Update of Dialogue State model (BUDS), in which they
factorize the user goal in the dialogue state into a set of independent slots. The assumption is that the
tracking probability of slot-values in different slots are independent (or have simple dependency)
of each other. The dependencies of slot-values can be specified by a dynamics Bayesian network,
as shown in Figure[3.3] When the Bayesian network is compiled, belief propagation algorithm can
be used to update the belief. In case two concepts are conditionally independent, the algorithm can
give exact updates on the marginal distribution for each concept. Only limited dependencies can be

incorporated due to speed problem.
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Figure 3.3: Simple dependencies in BUDS [143]]

In BUDS model, the whole probability distribution of all slot-values in all slots are tracked.
However, this model can only deal with very simple dependencies. In fact, the BUDS model is

more widely used because it is easy to implement.

3.3.3 Single Domain Dialogue State Tracking

In this section we introduce the algorithms used to track dialogue states. The algorithms can be

categorized into two categories.

1. Static Classifiers. Dialogue state tracking is modelled as a classification problem on the
dialogue history. Firstly, some hand-designed features are extracted from the history, then

various classifiers can be used to predict the dialogue states.

2. Sequential Classifiers. Dialogue state tracking is modelled as a sequential labelling problem.
In this category, the label transition probability is taken into consideration as well as the

features of user utterances.

Static Classifier

Dialogue state tracking is modelled as a classification problem on the dialogue history. At first
some hand-designed features are extracted from the dialogue history, then various classifiers can

be used to predict the dialogue states. This can be modelled by
p(ﬁn’{%7 e 75}TL—1}{XO7 e JXTL})7

where 17” is the abstract system action taken in round 7, and X » 18 the abstract user action prediction

from X, in round n.
Here we list some features [93] for dialogue state classification:
1. The size of the SLU M-best list in the last turn;

2. The entropy of the SLU M-best list in the last turn;
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3. The posterior score from the ASR in the last turn;

4. The probability of the top slot-value in each slot;

5. The number of times each slot has appeared in the history;

6. The number of possible negations and confirmations of each slot in the history;

7. The probability a slot-value being confused with another slot-value in each slot.

For classifiers, many machine learning discriminative classifiers can be used, including linear

classifiers [[15,93]], neural networks [132} 49| |113]] and ranking models [176].

Static classifiers are easy to deploy because we can directly use off-the-shelf classification mod-

els. However, static classifiers do not consider the transition probability between dialogue states.

Sequential Classifier

In this section, we survey the sequential classifiers used in dialogue state tracking. Popular sequen-
tial classifiers include CRF, RNN and LSTM. The probability of the current state H, is defined
by

p([:In|]:[n—1v yn—la Xn)
where ﬁn is the dialogue state at round n, an is the system action at round 7, and Xn is the user

action predicted by SLU in round n.

Lee et al. [74] and Kim et al. [S9] use CRF [70] to classify dialogue states by

~ o~ ~ ~ 1 ~ ~ ~ ~
Hn Hn— 7Yn— 7Xn = ~ ~ ~— €X WI HnaHn— 7Yn— 7Xn +bj
p(Hn|Hn—1,Yn-1, Xn) 2 Ve X p(wy f( 1, Vo1, Xn) + 0g,)

f (ﬁn, ]:In_l, }7”_1, Xn) is the feature vector for round n (such as n-gram lexical features in the

sliding window, state transition features, and other features), w i, is the associated weight vector,
Z(f[n,l,?n,bf(n) = > exp(ng/ (ﬁ[’,ﬁ[n,l,?n,l,)zn) + bj,) is the softmax normalization

term.

Henderson et al. [50,51] use RNN [44] to classify dialogue states by




where f (Y/n_l, Xn) is the feature vector calculated in round n. © = {W,, U, b,, W, b,} are
parameters to learn. Z(h,) = > 5 exp(wTﬁ/hn + bj,) is the softmax normalization term. CRF
can model only a fix context length, while RNN can model context of arbitrary length. As a result,

RNN requires more labelled training data to train.

Zilka et al. [187] use LSTM [53] to track dialogue states. The hidden state h,, is calculated by

i, o

On| g hn—l

fn N g w |:f(Yn—17 Xn):| ’
¢, tanh

Cp = fn ®OcCp_1 + ln © én7
h,, = o, ® tanh(c,),

where f (}7”_1, Xn) is the feature vector calculated in round n, W € R*®*2?_( is the dimension of
the extracted feature vector. i,,0,,f;, ¢, c;, h, are all vectors in R?. The probability of dialogue

state H,, is calculated by

p(Hn) =

T

where Z(h,) = 5 exp(wh,h, + by, ) is the softmax normalization term. Using LSTM can
avoid the gradient vanishing problem and the gradient exploding problem in training, and it can
model long term dependency better. However, the number of parameters in LSTM is larger, which

requires more training data.

Evaluation for Single Domain DST

In this section we evaluate and compare the performance of the dialogue state tracking methods.

To evaluate dialogue state tracking algorithms, the predicted dialogue state will be compared
with human labelled dialogue state. Two metrics widely used in evaluating dialogue state tracking
are accuracy and the L2-norm. The accuracy measures the quality of the top hypothesis, that is
whether the top predicted dialogue state is correct. The L2 measure the distance between predicted

dialogue state probabilistic distribution with the ground-truth dialogue state probability distribution.

Existing datasets are from a series of challenges called Dialogue State Tracking Challenges.
There are DSTC 1 (bus information), DSTC 2 (restaurant information) [47] and DSTC 3 (coffee
shop, pub and restaurant) [48]. The DSTC 2 dataset is widely used, many results are reported in
Table

47



Table 3.2: Dialogue State Tracking Evaluation of Joint Goals

Goal Method Request
Method Dataset | Accuracy | L2 Accuracy | L2 Accuracy | L2
Linear CRF | DSTC2 | 0.601 0.648 | 0.904 0.155 | 0.960 0.073

RNN DSTC2 | 0.768 0.346 | 0.940 0.095 | 0.978 0.035
LSTM DSTC2 | 0.72 0.64 | 0.93 0.14 | 0.97 0.06
Ranking DSTC2 | 0.78 0.35 | 0.95 0.08 | 0.98 0.04

Static classifiers are easy to deploy because we can directly use off-the-shelf classification mod-

els. However, static classifiers do not consider the transition probability between dialogue states.

Sequential classifiers can model the state transition probability and the long-term dependency.

However, sequential classifiers have more parameters and require more data.

3.3.4 Transfer Learning for Dialogue State Tracking

In this section, we review the multi-domain transfer learning papers for the dialogue state tracking

problem. These algorithms can be categorized into feature-based [[171,113]] and model-based [99].

1. Feature-based multi-domain dialogue state tracking aims to build general domain-independent

features, so that the trained models can be reused in multi-domain setting.

2. Model-based multi-domain dialogue state tracking adapts an general domain-independent
tracking model with the domain-dependent data to build a dialogue state tracker for multiple

domains.

Feature-based Multi-domain DST

Feature-based multi-domain dialogue state tracking aims to build general domain-independent fea-

tures, so that the trained models can be used in multi-domain setting.

Williams et al. [1'71] propose to use the shared synthetic features. Each instance in domain
1 has two set of features, one set of parameters is the domain-dependent parameter, the other set
is the general domain-independent parameters. The general domain-independent parameters are
shared across all domains, so the dialogue knowledge can be transferred across domains. For
example, assuming we have 3 domains, the feature vector of an instance in the first domain is like
< £1,0,0,f; >, the feature vector in the second domain looks like < 0, f5, 0, f; >, and the feature

vector in the third domain looks like < 0, 0, f5, f3 >. f; is the feature vector, and 0 is the zero vector
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with the same size of the feature vector. We can see, knowledge is shared through the last part of

the learned linear classifiers.

Ren et al. [[113] propose to share the dialogue state tracking model across different domains by
using a domain-dependent feature set. For each utterance, a joint feature matrix is extracted. In the
joint feature matrix of the utterance, different features are extracted for each domain. The extracted
feature for each target domain is specially designed, so that for different target domains, we can

still use the same tracking model.

Model-based Multi-domain DST

Model-based multi-domain dialogue state tracking adapts an general domain-independent tracking

model with the domain-dependent datasets to build a dialogue state tracker for multiple domains.

Mrkuvsic et al. [99] propose to first train a generalize dialogue state tracker RNN for all domains,
then initialize the domain-dependent tracker RNN with this general RNN. The key idea is to use
the delexicalised features before processing, for example, “want available internet” would become
“want tag-slot-value tag-slot-name”. The delexicalised features not only allow knowledge transfer
between domains, but also allow knowledge transfer between fine granularity slots. However, due
to different data distributions in different slots, the model adaptation is still required to get the

general model to work for each slot.

Model comparison for Transfer Learning in DST

Feature-based multi-domain DST methods achieve knowledge transfer by designing domain-independent
features and sharing the same model, which requires careful feature design and lots of human ef-
forts. Model-based multi-domain DST methods allow knowledge transfer between fine granularity

slots, but it can only work on the delexicalised data.
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3.4 Module 3: Dialogue Policy (DPL)

A popular model for the dialogue management module is Markov Decision Process (MDP) [14,
7641152, 125]]. The dialogue manager is modelled as a system that tries to achieve a goal through a
series of interactions with the user. The information about the current dialogue situation is modelled
with a state, and the dialogue manager can choose the optimal system action, then the next dialogue
state depends only on the current state and the action taken by the system, which follows Markov
assumption. In some situations, due to possible typos and speech recognition errors, the current
state of the system can not be fully determined. The Partially Observable Markov Decision Process
(POMDP) [[184] is used to model the dialogue policy. At each step, in stead of tracking the ground-
truth dialogue state, the POMDP system keep track of a probability distribution on all possible
dialogue states. The probability distribution on all possible dialogue states is called a belief state.
The belief state is assumed to follow the Markov assumption, which means the next belief state is
dependent only on the current belief state and the action taken. The POMDP policy decides the
best system action based on the current belief state instead of the true state. Actually, POMDP can

be modelled by an MDP in the belief state space.

Based on whether multiple domains are considered, dialogue systems can be categorized into
single-domain dialogue systems and multi-domain dialogue systems. Single domain means the
training and testing data are in the same domain, and no domain difference is considered. The
goal of single domain dialogue management is to learn the optimal dialogue policy in this domain.
Multi-domain dialogue systems aim to use the knowledge in a source domain to help the policy
learning in the target domain, with the goal of improving the dialogue performance in the target

domain.

We organize all policy learning methods into 2 categories:

1. Single-domain Dialogue Policy Learning.

2. Transfer Learning for Multi-domain Dialogue Policy Learning.

3.4.1 Problem Definition

In a modular dialogue system, we formulate the dialogue management as a MDP without loss of
generality, because a POMDP policy could be represented by a MDP on the belief state. The MDP
is defined as {H,Y, P,R,~v}. H are the dialogue states. Y are the replies of the agent, P is the
state transition probability function, R is the reward function, v € [0, 1] is the discounted factor.
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At time step n, H, is the dialogue state, Y, is the agent reply and r,, is the reward. In time step
n, we assume the SLU and the DST have provided the current state Fln, SO we can observe f[n, f/n

and 7,,. The cumulative return is defined as

1)
k
Gn = E Y Tn+k
k=0

and our goal is to find an optimal policy that can maximize the cumulative return.

The dialogue policy decides the best system action Y,, under the current state H,,.

1. Input: a dialogue state H,,.
2. Output: a system action Y,.

3. Objective function: maximize the expected future cumulative reward.

4. dataset: < ﬁn, Y/n, Tn, [:[n-l—l >forn =1,2,---, N. For transfer learning problem, there are
additional input source domain datasets < f[;j, ffns Ty FIS 4y >forn=1,2,--- N*

3.4.2 Single-Domain Dialogue Policy Learning

In this section, we survey the policy learning in a single domain modular dialogue system. Single
domain means the dialogue policy is trained and tested in one single domain, and we focus on the

dialogue performance in this single domain only.

In dialogue system, a dialogue model is rarely assumed because of the complexity of human
dialogue. Of course we can first estimate the transition probability and reward function and then
find the optimal policy with model based methods, but in that case the error in the model will
propagate to the policy function and might cause bigger error. In this survey, we primarily focus on

model-free reinforcement learning methods.

Off-policy reinforcement learning aims to learn an optimal policy when the behaviour policy
is different from the learning policy. The learning policy has to learn by “looking over the shoul-
der of another policy”, and it can learn from a static dataset as well as learning in on-line setting.
On-policy learning reinforcement learning learns by interacting with the environment. On-policy
learning is more sample-efficient because it can control the next action, but it needs to balance
between exploration and exploitation. On-policy learning reinforcement learning requires an inter-

active environment such as a user simulator, and it has to learn in on-line setting.
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There are 3 popular RL-frameworks [135] in task-oriented dialogue systems. Based on the
formulation of the policies and the value functions, RL-algorithms can be categorized into the

following categories.

1. Value-based RL. Policy is represented by action-value function Q(f[ , 37) (Q-function). The
best action is selected by Y = arg maxy- Q(H,Y). To learn the Q-function of the optimal
policy, we iterative improve the policy defined by Q-function in a greedy manner at each time

step.

2. Policy-based RL. Policy is directly represented by a policy function 7(H,Y) ~ p(Y|H).
The best action is defined by the policy function Y = arg maxy 7T(1£[ Y ). To learn the
policy function, we can use policy iteration or policy gradient, and the ideas is to maximize

the probability of the “good” episodes.

3. Actor critic RL. A Q-function Q(H,Y) and a policy function 7(H,Y) ~ p(Y|H) are
defined simultaneously. The best action can be selected by Y = arg maxy Q(ﬁ] , f/) or
Y = argmaxy, 7(H,Y"). To learn the policy function, actor-critic RL uses the estimated
action-value function Q(ﬁ , f/) rather than the directly observed noisy reward to update the

policy function (Y| H), in order to improve the stability.

Value-based Reinforcement Learning

The action value function is defined as the expected return starting from state H, taking action Y,

and then following policy 7 by

k=0

In the batch training setting which does not require exploration, policy can be specified by

Y = argmax Q(H,Y").
Y/
In the on-line on-policy training setting where exploration and exploitation are both needed, the
policy can be specified by choosing a best action with probability 1 — € and choosing a random

action with probability €

v _ | argmaxy, Q(H,Y') with probability 1 — e
N Yand with probability e
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There are many methods to learn the Q-function. In the on-line on-policy training scenario,
when the environment model is stochastic, number of action is discrete, Sarsa [25] algorithm can

be used to improve the policy by

Y/n—&-l = maXQ(I:In—H? Y//)
Y/

Q(]:Im }N/n) = Q(]:-]m i/n) + a(r, + /\Q(ﬁn—&-lv Y/n-l—l) - Q(ﬁnv Y/n))

In the off-line batch training setting, Q-learning [161]] can be used to update the Q-function by

Yn+1 - Waction(Hn—l-l)-
Q(Hp, Vo) = Q(H,, Vo) + alry + max AQ(H,11,Y') — Q(H,, Vi)
Y/
Least square value iteration [/8] can also be used.

Here we introduce 4 kinds of model used to approximate Q(]:I , f/)

1. Grid-based models. All states H,, are quantized to N 7 discrete states and all actions are

quantized to Ny discrete actions. The Q-function is approximated by a look-up table.

2. Linear regression based models. A feature vector is extracted by ¢(H,Y’), the Q-function is

approximated by o (¢(H,Y ) w).

3. Gaussian process based models. The Q-function is approximated by a Gaussian process

model Q"(H,Y) ~ GP(0,k((H,Y),(H,Y))).

4. Neural network based models. A feature vector is extracted by ¢(f~[ , }7), and the Q-function
is approximated by neural network NN(¢(H,Y), W).

Value-based RL 1: Grid-based model

The most simple idea is to use a limited number of discrete finite clusters to approximate the
original state and action space. All states H,, or all belief state vectors b,, are quantized to Ny
discrete states by

and all actions Y, are quantized to Ny discrete actions by

where H,, is the projected state id, and Y, is the projected action id. The action value function
Q(ﬁ , )7) is represented as a table of size Nz * Ny. The Q-function Q(]:I , }7) representing the
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expected cumulative future reward of taking action Y under state H can be calculated by looking
up a table as

Q([i Y) = Table(H,,,Y,,).

Williams et al. [173)174], Young et al. [183] and Lefevre et al. [[75] use hard or soft clusters
to model the Q-function. The authors first use the parsed user utterance X, to update the belief
state b,, and then map all possible system action Y, to Y,, with a hand-crafted feature extraction

function. Then all belief states b,, are quantized to N, discrete states by

where H,, is the projected state id, and Y, is the projected action id. The value function Q(b,, }7)
is represented as a table of N x N,. Q(b,, f/) represents the expected cumulative future reward of

taking action Y under belief state b,,.

The policy is specified by
Y = arg max Q(by, Y.
v
To learn the optimal Q-function on the quantized state cluster and action cluster, the authors
first estimate the transition probability p(b/[b,Y") with another table of size N, x N, % N, via
statistical calculation on the training data. Then the standard value iteration is used to update the

approximated policy function on cluster level via

Q(b,,Y) =7(b,,Y) + 1> P(b'|b,, V) maxQ(b',Y").
b’ v

This grid-based approximation method is simple, and could work when there are a huge number
of states or actions. It can even be used to approximate continuous state or action spaces with
limited discrete finite clusters. The following optimization is also easy. However, it is generally

hard to decide the number of clusters to used, and such quantization might introduce a lot of noise.
Value-based RL 2: Linear Model

Using discrete clusters to approximate a value function might introduce a lot of quantization
noise. To deal with this problem, a linear model could be used to approximate the Q-function.

With the linear model, the state space and the action space do not need to be quantized into discrete
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clusters, thus it can reduce the noise introduced by quantization. First, a feature vector qzﬁ(ﬁ , }7) is

extracted from the state and action pair, then the action value function can be approximated by
QH.Y) =o(p(H,Y) W)

where w is the weight vector of this linear function and o is the activation function.

Li et al. [78]] use a linear model to approximate the Q-function Q(ﬁ] , }7), by
QULY) = o(¢(H,Y) w).

The policy is specified by
Y = argmax Q(H,Y").

Y/
The authors use the least square method to train the linear model. The least square algorithm finds

a parameter vector w by minimizing the sum-squared error between Q(ﬁ[ n 57”) and target GG,,. The

objective function is
N

LS(w) = (0(¢(Hn, Y,) W) = Go),

n=1
and the result is found by
w = argmin LS(w).
w
Linear model Q-learning has less quantization error, and it is easy to train. However, the linear
model assumes that the Q-function is on a plain, which might be too simple for a real world Q-

function. And it requires a set of predefined features.
Value-based RL 3: Gaussian Process Model

Traditional models require a large number of dialogues to train, and they are parametric where
the basis of policy representation/belief state are hand-designed by human. Gaussian process [41,
33| is non-parametric and it can avoid the limitation when the solution is constraint by the human-

chosen basis. The formulation is

where m(H,Y) is the prior mean function and k((H,Y), (H’,Y")) is the kernel function. The
kernel function k((H,Y), (H',Y")) can be factorized into separate kernels over the state space and

the action space by
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Given training state-action sequences

B:[(go,i/b),"'a( ny N)]T

and the corresponding immediate rewards

r= [Toa U >TH]T7

the Q™(H,Y') for any state-action pair (H,Y) is given by
Q(H,Y)B,r ~ N(Q(H,Y),cov((H,Y)(H,Y))),

where the posterior mean is given by

QH,

b

) =k(H,Y)"H'(HKH" + ¢’HH?) ! (r — m),

and the covariance is given by
coo((H, V), (H, 7)) = k((H.Y), (H,Y)) - k(H, V) HT (HKH" + 0’HH")""Hk(H, V),

where m = [m(Hy,Yy), -+ ,m(H,, Y,)|". k(H,Y) = [k((Hy, Y5), (H,Y)), -, k((H,,Y,), (H,Y)]T,
K is the Gram Matrix [109], H is the band matrix with diagonal [1, —v], and ¢ is an additive noise

factor controlling the variability in the Q-function.

The policy can be constructed based on € greedy by

~ arg maxy, Q(H,Y’) with probability 1 — €
Y = Y ) .
Yiina with probability e

However, such random exploration is inefficient. The authors propose another policy, that is to use

active learning to explore the space where the model is less certain about, formulated by

with probability 1 — €

v
(H,Y")) with probability e

~ arg maxy, ¢ (ﬁ :
Y pu—
arg maxg, cov((H,Y"),

To train a Gaussian process, the authors propose to use the on-line SARSA algorithm with the

following update function

Q(ﬁm }an) = Q([:[nv y ) + O‘(Tn—&-l + AQ( n+1, Yn+1> - Q(ﬁm f/n))

Gaussian process Q-learning is a powerful none-parametric model, and it can void the limitation
of a human selected basis. It can be trained with less training sample. However, Gaussian process

based models have very high computational complexity and can only process small datasets.
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Value-based RL 4: Neural Network model

To deal with non-linearity, some papers propose to use multi-layer neural network to approxi-
mate the Q-function as
Q(H,Y) =NN(¢(H,Y), W),
where qb(ﬁ , }7) is the feature vector extracted. Daubigney et al. [26] use Multi-Layer Perceptron
(MLP) to approximate the Q-function. To specify a policy, the € greedy is typically used. Finally,

the neural network Q-function can be optimized with any gradient-based method.

The neural network Q-learning has better representation ability and it can be trained to fit very
complex functions. However, the number of parameters in a neural network is usually large, so it

requires more training data to train. If the training data is insufficient, the model will easily over-fit.

In conclusion, Q-learning is easy to use and it does not require an policy function. However,
it is not straight forward for it to support stochastic policy. Also, it can not deal with large action
space or continuous action space, because finding an optimal action with Q-learning requires the

evaluation of all possible actions in the action space.

Policy-based Reinforcement Learning

In Q-learning, selecting the best action requires the evaluation of Q(ﬁ[ , }7) for each action, which is
inefficient for a large action space or a continuous action space. To deal with the continuous action
space, one way is to directly specify a distribution on action space. Policy iteration is proposed to

solve this problem. The core function of policy iteration is the policy function.

For a deterministic model, the policy model is a mapping function from a state H to an action
Y defined as
Y =7(H).
For a probabilistic policy model, the probability of taking an action Y under an state H is 7T(I:I , }7)

which is formulated by

n(H,Y)=p(Y|H).
To get a stochastic policy from a deterministic model, we can use the € greedy algorithm as

- m(H) with probability 1 — e
Y = > . e
Yiana  With probability e

To get a deterministic policy from a probabilistic policy model, the action can be decided by

Y = n(H) = argmax7(H,Y").
Y’
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To get a stochastic policy from a probabilistic policy model, the best action can be randomly drawn
from the probabilistic distribution:
Y ~n(H,).

To train a policy function, we need to specify the loss function first. The averaged expected

reward of a policy 7 on a training trajectory is

H

Jawr(0) =Y _d™(H)> mo(H,Y)ry
Y
where d™ (f[ ) is the stationary distribution for Markov chain for policy 7s. Then we improve the
policy by increasing the log-probability of all actions from that episode in proportional to r, which
is the goodness of the episode. We are actually maximizing the probability of the “good” episodes.

We can iteratively update with the REINFORCE [[178]] algorithm as

0 =0+ alglogme(H,,Y,)G,,

where G, is an unbiased sample of action value function Q(H,,,Y},).

The probability W(]:I , Y/) can be expressed by probability models or other models. Here we
introduce 2 kinds of model for p(Y'|H).

1. Softmax function. The policy function is approximated by a softmax function over a linear

model, my(H,Y) o exp(p(H,Y ) w).

2. Neural network. The policy function is approximated by a neural network with a softmax

function. my(H,Y") o exp(NN(H,Y)).

Policy-based RL 1: Softmax Policy-Iteration

Jurvcivcek et al. [38]] use a softmax function to approximate the policy function. First, a feature
extraction function is used to extract features gb(I:I , f/) from a state and action pair, then the action

value function can be approximated by

W@(I:L Y/) = Z([:I) eXp(gb(]:I’ Y/)TW)’

where w is the weight vector of this linear function, Z(H) = 3¢ exp(¢(H,Y)Tw) is normaliza-

tion term. To train a softmax policy, we can iteratively update the policy with

0 =0+ alglogmy(H,,Y,)Gn
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where Ay log ﬂg(ﬁ]n, ffn) is defined as

AG log WG(ﬁna ?n) = (Qb(l:—,na }N/n) - Ewe¢(ﬁn7 ))

Policy-based RL 2: Neural Network Policy-Iteration

Su et al. [[130] and Wen et al. [166] use a neural network to approximate the policy function,

and it is denoted as

mo(H,Y) o exp(NN(H,Y)).

The policy network in [130] has one hidden layer and two output softmax layers. The output system
action Y contains speech-acts, slots and slot-values. The two output softmax layers are to predict

the speech-acts and the slot-values in the predefined dialogue domain.

To train a neural network policy, gradient-based methods such as SGD can be used. It iteratively
update the policy with
0 =60+ alglog Wg(ﬁn, ffn)én

where Ay log Wg(ﬁn, 17”) can be calculated by standard back propagation.

In conclusion, policy iteration reinforcement learning has several advantages. It can support
stochastic policies and it can deal with a large and continuous action space. However, policy
iteration might be unstable due to the direct use of the noisy reward signal. And typically there is

no guarantee that a policy iteration algorithm will converge to the global optimal.

Actor-Critic Reinforcement Learning

The REINFORCE algorithm in policy iteration uses the noisy sample of action value function G,, to
update the policy, which might make the learning very slow. To improve the stability of the policy
iteration, Su et al. [[130], Jurvcivcek et al. [S8]] and Misu et al. [96, 97] propose to use the Actor-
critic framework [[136, 63] in task-oriented dialogue systems. An actor-critic method approximates
the true expected reward with a learned Q-function, providing stable gradient for optimizing the

policy function. Actor-critic methods require both the action value function model

Q([:Ina Y/n) - ]E(Z /ykrn+k|]:]na Y/n)

k=0

and the policy function model



The Q-function and the policy function can be approximated by models mentioned in the last two
sections. Q-function can be approximated by linear models, Gaussian process models or neural
network models. The policy function can be approximated by softmax models or neural network

models.

To specify a policy, the best action can be directly drawn from the policy function
Y ~7(H).

To specify an on-line algorithm which requires exploration, we can use the € greedy defined by

v _ | argmaxy, 7(H,Y") with probability 1 — e
a Yind with probability €

To train a policy with actor critic, we have to iteratively predict the current policy, and then
improve the current policy. To improve the stability of a policy-based method, instead of using
the direct noisy reward with great variance, the estimated action-value function Q(H,Y’) is used to

update the policy function 7T(}~/|I:I ). To learn the policy function, we use an objective function

where d™(s) is the stationary distribution for Markov chain for policy my. Then we iteratively

update the prediction function Q(H,Y") and policy function 7y(H,Y) by

R

Q(Hn7 n) = O‘(Tn+1 + )\Q(gn+l> Y/nJrl) - Q(ﬁna 1~/n))

and

0 =0+ alglogme(Hy,, Y,)Q(H,,Y,).

The actor-critic framework improves the policy iteration framework by using an estimated Q-
function to substitute the noisy reward signal, so it is typically more stable than the policy iteration.
Like the policy iteration, it can deal with a large and continuous action space. However, actor-critic
requires the careful choice of two compatible models, one for the Q-function and the other for the

policy function.

Evaluation for Single Domain Dialogue Policy

To evaluate, the whole dialogue system is tested with the user simulator [117] on various domains
such as the Town Information [[144] and the Cambridge Restaurant Domain (TopTable) [41]. The
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Table 3.3: Dialogue Policy Evaluation

Method Dataset Reward Success Rate | # dialogue turns
Gaussian Process TopTable | 11.6 £0.4 | 0.9124+0.014 | 6.6 £0.2
Gaussian Process online | TopTable | 13.4 + 0.3 | 0.968 £ 0.009 | 6.0 0.1

NAC [58] Townlnfo | 3 £0.3

NN based NAC [130] TopTable 0.91

BUDS [143] state representation is used. Evaluation metrics include the average reward, the suc-

cess rate and the number of dialogue turns. The results are shown in Figure 3.3

Q-learning framework is easy to use, and does not require a predefined policy function. How-

ever, it is not straight forward for Q-learning to support stochastic policies. And Q-learning can

only be applied on situations with small and discrete action spaces, because choosing an optimal

action requires an evaluation on every action.

Policy iteration framework does not require the definition of a Q-function, and we can easily

define a stochastic policy based on the policy function. It can deal with large and continuous action

spaces. However, the optimization of policy iteration can be unstable because the noisy reward in

the dataset is directly used. And usually there is no guarantee that the policy iteration converges to

the global optimal.

Actor-critic framework improves the policy iteration framework by using an estimated Q-

function instead of the noisy reward signal, so it is typically more stable than the policy iteration.

Like the policy iteration, it can deal with large and continuous action spaces. However, actor-critic

requires the careful choice of two compatible models, one for the Q-function and the other for the

policy function.

Then we compare different RL-frameworks qualitatively in Table The comparison of dif-

ferent approximation models in Q-learning is summarized in Table

Table 3.4: RL-framework Qualitative Comparison

Method

Q-Learning

Policy-Iteration

Actor-Critic

Core-Function

Q(s,a)

(s, a)

Q(s,a) and 7 (s, a)

State Space

Discrete and Continuous

Discrete and Continuous

Discrete and Continuous

Action Space

Discrete

Discrete and Continuous

Discrete and Continuous

Policy Deterministic Deterministic and Stochastic | Deterministic and Stochastic
Test Speed Slow, require Q)(s,a)Va | Fast, sample a ~ 7(s, a) Fast, sample a ~ 7(s, a)
Convergence | Stable Unstable Stable
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Table 3.5: Model comparison for Q-learning

Method Grid linear Gaussian Process Neural Network
Number of parameter | Small Small Linear to size of training data Big
Representation ability | Low Medium High Very High
Training method Statistics | Gradient-based | Not required Gradient-based
Testing speed Fast Fast Slow, scan the whole training set | Medium

3.4.3 Transfer Learning for Dialogue Policy Learning

In this section, we survey the multi-domain transfer learning papers for the dialogue policy learning
problem. Multi-domain transfer learning aims to use the knowledge in one domain to help the pol-
icy learning in the target domain, and the problem focuses on improving the dialogue performance
in the target domain only. Here different domains [36} 35, 37, 38} 34, 158, [160] can be dialogues
with different target tasks. Also, dialogues with different persons [20, 42, 8., 160] can be viewed as
different domains since the data from different persons have different distributions. Here, we focus

on the transfer learning-based reinforcement learning methods.

Most methods are based on the Q-learning framework. Based on the model used to approximate
the Q-function, we categorize these works into linear model based, Gaussian process transfer and

Bayesian committee machine transfer.

1. Linear model transfer for Q-learning. A simple and computational efficient model, but its
use is limited to the case when the source domain data and the target domain data have the

same feature space.

2. Gaussian process transfer for Q-learning. A powerful none-parametric model that can deal
with data in different feature spaces, but in this case the source domain and the target domain

have to share some common slots.

3. Bayesian committee machine transfer for Q-learning. A powerful ensemble model based on
the Gaussian process that can transfer when the source domain and target domain have no
common slots. An entropy-based cross-domain kernel function is used to transfer knowledge

from a source domain to a target domain.

Most of the existing transfer learning methods are based on transferring state-action pairs from
the source to the target domain. The data points in the source domain are weighted by their sim-
ilarity to the target domain data points. The core problem is how to determine the similarities of

cross-domain data points.
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Linear Model transfer for Q-learning

Genevay et al. [42] propose to transfer a liner model. The task is to adapt an existing user model
to a new user. A feature extraction function is used to extract feature vector gb(ﬁ] , }7) from the state

and action pair, then the action value function can be approximated by
QULY) = o(¢(,Y) W),

where gzﬁ(lfl , 37) is the feature vector for the state-action pair (]:I , }7), w 1s the weight vector of this

linear function, and o is the activation function.

The authors propose to select only transitions that are far enough from the target domain. For
each trajectory in the source domain < H*,Y*, H” r® >, if there exist a trajectory in the target
domain < H,Y,H',r > whose Y = Y* and ||[H — H®|| < #, then this source trajectory <
H*,Y*, H” r* > will not be transferred to the target domain. The policy will be initially trained

on the selected source data points D* = {< Hs.Y* H s >}

Wiy = argmin L*(w', D° = {< °,V*, 0" 1* >}).

Then the policy parameters are transferred to the target domain and continue to be updated on the

target domain data D = {< HY H r >}

In [42], the task is to adapt an existing user model to a new user. The similarities between
the source domain and the target domain ||H — H?*|| are calculated based on a set of predefined

features.

1. The constant feature 1.

2. The utility loss between the last proposed time-slot and the next one.
3. The square of the previous feature.

4. The number of time-slots which can still be proposed.

5. The length of the dialogue.

6. The speech recognition score.

Linear model transfer for Q-learning is a simple and efficient algorithm, but it can only transfer

when the source and target data have the same feature space.
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Gaussian Process transfer for Q-learning

In [36}135) 137, 38, 34], the authors use a Gaussian process model for Q-function, which is defined

as

Q(H.Y) ~ GP(m(H,Y). k((H,Y),(H,Y))),

where m(H,Y) is the prior mean function and k((H,Y), (H',Y")) is the kernel function. The
kernel function k((H,Y), (H’,Y")) can be factorized into separate kernels over the state space and

the action space via

k((H,Y),(H',)Y")) = kz(H, H)ks(Y,Y").

Given training state-action sequences B = [(Ho, Y), -+ , (H,,Y,)]” and the corresponding
immediate rewards r = [rq, - - - ,7,]", the Q-function Q™ (H,Y") for any state-action pair (H,Y) is
given by

QUH,Y)B,x ~ N(Q(H,Y), cov((H,Y)(H,Y)))

where the posterior mean is given by

Q(H,Y)=Xk(H,Y)TH"(HKH” + ¢’HH") !(r — m),
and the covariance is given by
coo((H,Y),(H,Y)) = K(H,Y), (H,Y)) - k(H,V)"H (HKH" + ¢*HH") 'Hk(#,Y),

where m = [m(Hy, Yy), - -+ ,m(Hy, )" k(H,Y) = [k((Hy, Yy), (H,Y)), -, k((H,,Yy), (H, Y],
K is the Gram Matrix [109]], H is the band matrix with diagonal [1, —v] and o is an additive noise

factor controlling the variability in the Q-function.

To transfer a Gaussian process policy, there are basically 2 kinds of method.

1. Q(I:I , }7) Mean function transfer. Gavsic et al. [34,136,135] propose to directly transfer source
data points to the target domain, to help build a better Q-function Q(FI , }7) Gavsic et al. [37,
38| and Casanueva et al. [20] propose to use the mean function from the source domain as a

prior on the target domain.

2. cov((H,Y),(H,Y)) Covariance Function transfer. Gavsic ez al. [37, 38, 34, 36, 33]] and
Casanueva et al. [20] propose to define kernel functions on state-action pairs from different

domains.
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We can see that, both the mean function Q(H,Y") and the covariance function cov((H,Y), (H,Y))
depend on the cross-domain kernel function k((H,Y), (H',Y")), so the cross-domain kernel func-
tion is the core of the transfer learning. Based on different definitions of kernel functions, we have

different kinds of transfer method.
Cross-domain kernel function

In [38], only the common slots in the basic domain S are used, slots not appeared in the source
domain S are discarded. The belief state is defined according to BUDS [[144], and the cross-domain

kernel function is

HHS~ Z<

seS
where s are slots in the basic domain S. The kernel function between a source speech-act a® and a

target speech-act a is defined as

s - (5(15 (a) a € AS
kA(“aa)_{ 0 CLQ;L.AS
where A® and A" are the collection of speech-acts in the source and the target domains respectively,

and d,s(a) is the kernel function defined in the source domain.

In [37]], the kernel function is predefined. The authors define the cross-domain kernel function
based on the common slots in the basic and the extended domains. For slots only appeared in the

extended domain, the most similar slots are used to calculate the kernel function. The kernel is

defined as

kp(H* H) =" < Hi He >+ < Hijuy, Hy >
s%€S st¢S

where s° are slots in the basic domain S, s’ are slots in the extended domain 7, the function
[ : T — S finds a basic domain slot /(s") that is most similar to the extended domain slot s*. The

kernel function for actions is defined as
0as (a aec A°
ka(asa CL) = y ( ) S
5 (L(a) a ¢ A
where the function L : A" — A° maps an action that does not exist in the source domain to a
replacement action in the source domain, and d,s(a) is the kernel function defined in the source

domain.

In [20], where the source domain and the target domain are from different persons with the

same set of slots, the authors propose to use additional features to determine the kernel

k((I:IS’ ?5)7 ([:17 Y/)) = kﬁ(ﬁsa ]:I)kf/G}Sv Y/)kﬁ(lsv l)
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where 1° is the acoustic feature vector for the state-action pair in the source domain and 1 is the
feature vector in target domain. Now the kernel depends on some external features, which could

help better calculate the cross-domain data similarity.

Gavsic et al. [34] propose to build a distributed policy for each node in the knowledge graph.
A dialogue policy is decomposed into a set of topic specific policies that are distributed across
the class nodes in the graph. The root node in the knowledge graph is general for all its children
nodes, so the policy in this root node can work for all sub-domains. And as more data from specific
sub-domains (leaf nodes) are collected, the policies in the sub-domain can be improved without
affecting the performance of the dialogue. The authors propose to match only the common slots

first with

and

where 0,s(a) is the kernel function defined in the source domain. If there is no common slots, the
none-matching slots are renamed to be “slot-17, “slot-2” and treated as abstract slots. Abstract slots
in the source domain and the target domain are matched one-by-one in order, if these abstract slots

have different cardinalities, slots with a shorter vector is padded with zeros.

Gaussian process transfer for Q-learning does not assume a completely identical feature space
in the source domain and the target domain, and it is a none-parametric method. However, Gaussian
process transfer still assumes that there are common slots between the source and target domains.
Also Gaussian process transfer is computationally expensive, thus it could not support large training

datasets.

Bayesian Committee Machine Transfer for Q-learning

Previous methods assume the existence of common slots, however this assumption is not always
true. When there is no common slots, we can use the Bayesian committee machine to transfer
a dialogue policy. The Bayesian committee machine is an approach to combine policies trained
on different datasets in different domains. Bayesian committee machine is particularly suitable
for Gaussian process models [145]. Gavsic et al. [36, 35] use this model to combine different

Q-functions learned from different datasets.

A Bayesian committee machine is a Gaussian process, of which the combined mean function
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Q(H,Y) is calculated as

QH,Y)=xC(H,

mz
51
™
~o
=
51
|
O
=
51

and the covariance function X.€ is calculated as
~ ~ ~ ~ ~ ~ M ~ ~
ZQ(Ha Y)_l = _(M - 1) * k((Ha Y)a (H’ Y))_l + Z EzQ(H Y)_l

where M is the number of policies in the Bayesian committee machine, (); (ﬁ[ , 17) is the Q-function
of the i-th policies, Q; is the mean of Q;(H,Y) and ©¥ is the covariance of Q;(H,Y). Note that
Q;(H,Y) is trained on a set of state-action and reward pairs r;, B; fori € {1,--- , M}.

To evaluate a state-action pair (H , }7), the Bayesian committee machine requires this state-
action pair to be predicted by all Qi(fl , }7), fori7 € 1,---, M. So a kernel function has to be

defined between state-action pairs in different domains.

In [36], the policy (); is trained on the domain data r; and B,, different policies are trained
separately. In [35], the authors propose to train different (); in parallel via reinforcement learning.
Training is done by distributing rewards of the whole Bayesian committee machine to each indi-

vidual policy in different domains. They propose 3 different methods for distributing the rewards.

Like the Gaussian process, the cross-domain kernel function k((H,Y), (H',Y")) is the core of

the transfer learning method.

Entropy-based kernel function In [36, 35]], no shared slots are assumed in the source domain
and target domains. The source and target slots are matched one-by-one based on the normalized

entropy ranking index.

For each slot s, the normalized entropy 7 is calculated by

p(s = v)log(p(s = v))
=2 Vil

veVs

where v is the slot-value from a slot-value set V, | V]| is the total number of slot values in slot s and
where p(s = v) is the empirical probability for an entity having slot value v in slot s. For example,
if all restaurants have “area=centre”, then the area slot has a normalized entropy equal to 0. The

normalized entropy measures how useful a slot is in a dialogue.

For each domain ¢ € {S, T}, the slots are sorted based on their normalized entropy so that
n(s§) > n(s5) for i < j in domain c. The kernel function between source domain S and target

domains 7 is calculated in the following ways:
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1. Tteratively, for s§ in domain ¢ € {S,7} when the index ¢ of the ordered list satisfies
i < min(|S|,|T|) (|c| denotes the number of slots in domain ¢): Match the corresponding

elements of belief state and actions, padding with zeros as necessary.

2. Otherwise if i > min(|S|, |T|), disregard the elements of the belief state relating to unpaired

slots j and if one of the actions is related to slot;, consider the action kernel to be 0.

The Bayesian committee machine does not assume the existence of common slots in the source
and target domains, instead an entropy-based cross-domain kernel function is defined, which can
estimate the data similarity between different domains. However, each of the committee is a Gaus-
sian process model, which is still computationally expensive, and thus it could not support large

datasets.

Evaluation for Multi-domain dialogue policy

In this section we compare and discuss the advantages and disadvantages of different multi-domain

policies. The algorithms are tested with user simulators.
The dataset used in the evaluation are
1. SFR: restaurant in San Francisco.
2. SFH: hotel in San Francisco.

3. L11: laptop with 11 properties.
The evaluation metrics used are

1. Reward: 20 reward at the end of each successful dialogue, —1 for each dialogue turn to

encourage shorter conversation.
2. Success Rate: Ratio of conducting successful dialogues.

3. Number of Turns: The number of dialogue turns before completing a task.

We first report the qualitative performance comparison results, the results are in Table [3.6]
Then we compare different methods qualitatively in Table

The linear model transfer for Q-learning method is simple and efficient, and it can easily support
very large training datasets. However, this method can only be applied when the source domain

and the target domain have the same feature space.
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Table 3.6: Transfer Performance Comparison

Test Dataset Train Reward Success #Turn

SFR [34] Generic SFR + SFH 8.58 = 0.15 | 86.21 +0.68 | 8.52 + 0.07
SFR [34] In-domain SFR + SFH 8.68 = 0.15 | 86.67 4+ 0.67 | 8.54 + 0.07
SFR [34] Adapted SFR + SFH 9.62 £0.30 | 89.60 +£1.90 | 8.24 +£0.19
SFR [36,135] Generic SFR + SFH + L11 | 6.32 £0.21 | 72.04 £ 0.89 | 8.05 + 0.08
SFR [36}135] In-domain | SFR + SFH + L11 | 5.73 +0.21 | 68.17 4 0.92 | 7.89 £+ 0.08
SFR [36,35] MBCM SFR + SFH + L11 | 7.37 £0.20 | 76.60 = 0.83 | 7.92 £ 0.08

Table 3.7: Transfer Setting Qualitative Comparison

Method Common Features | Common Slot | No Common Slot
Linear-Feature [42] | Yes

GP-kernel [134,120] | Yes Yes

MBCM [36, [35]] Yes Yes Yes

The Gaussian process transfer does not require the source and target domains to share the same
feature space, and it is none-parametric method, which is more flexible. However, the Gaussian
process transfer assumes the existence of common slots in the source and target domains, which it

is computationally expensive and it could not support very large training datasets.

The Bayesian committee machine does not assume the existence of common slots in the source
and target domains, instead an entropy-based cross-domain kernel function is defined, which can
estimate the data similarity between different domains. However, each of the committee is still a

Gaussian process, which is computationally expensive and could not support large training dataset.
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3.5 Module 4: Natural Language Generation (NLG)

In this section we introduce the Natural Language Generation (NLG).

3.5.1 Problem Definition

Natural language generation aims to convert a system action into an appropriate sentence. A system

action ffn consists of a dialogue speech-act a,, and a set of attribute-value pairs s,, = {s; = vi}ézl.

1. Input: A dialogue speech-act and slot values Y,, = {a,,s, = {s; = v;}\_,} where a,, is the

dialogue speech-act and s; and v; are the name and value of the i-th attribute.
2. Output: The final system response sentence Y,.

3. Objective: Generate text response with adequacy, fluency, readability and variation.

3.5.2 Single Domain Natural Language Generation

There are basically 3 kinds of method in single domain NLG.

1. Traditional Sentence Planning and Surface Realization. The language generation is separated
into 2 independent parts. The sentence planning is to convert a structured system action into
an intermediate representation such as a sentence planning tree, and the surface realization

converts the intermediate representation to a final text sentence.

2. Corpus-based. Corpus-based methods learn a part of the generation decision from the data

corpus, which can reduce the need of human knowledge and heuristic.

3. Neural Network based. Neural network based methods learn to directly generate the final
sentence word by word, without explicit models of sentence planning and surface realization.

No intermediate representation is generated by this kind of method.

Sentence Planning and Surface Realization based NLG

The language generation is separated into 2 independent parts. Firstly, the sentence planning is to
convert a structured system action into an intermediate representation such as a sentence planning

tree. Then the surface realization converts the intermediate representation to the final text sentence.
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period

//1‘ 

soft-merge—general soft-merge-general |

/\ /\

imp-confirm(day) imp-confirm(month) soft-merge—general \ request(time)
imp—confirm(origcity)  imp-confirm(dest—city)

Figure 3.4: The Sentence Planning Tree [154] for the sentence “Leaving on September the Ist.
What time would you like to travel from Newark to Dallas?”

Walker et al. [154] and Stent et al. [[129] propose to use sentence planning and surface real-
ization to generate natural languages, then they rank all candidates with statistical methods. The
Figure [3.4] shows an example sentence planning tree for the sentence “Leaving on September the
Ist. What time would you like to travel from Newark to Dallas?”. The input system action is
firstly converted into a sentence planning tree. Each leave node of the tree is a elementary system
action, such as “request(depart-time)” in the airport domain. Two nodes are repeatedly merged into
an interior node, and each merge uses one of the merge operation defined in the “Deep-Syntactic
Structure”. The list of all available merge operations are shown in Figure [3.5] The operations are
Merge, Merge-general, Soft-Merge, Soft-Merge-General, Conjunction, Relative-clause, Adjective,
Period and Random-Cueword. The root node of the tree represents a complete generated sentence.
In this paper, the merging order can be arbitrary. The surface realization converts each node to
human readable text recursively. The elementary system action is converted into a sentence by a
human defined rule set. Two children sentences are merged into one parent sentence by following

the rules in “Deep-Syntactic Structure”.

Belz et al. [13]] propose to use statistical models to learn the most likely context-free derivation
for sentence planning given a corpus. Stent et al. [128] propose to automatically extract sentence
plan construction rules from the public corpus. These extracted rules use only domain-independent

features, making them able to generalize.

Conventional dialogue generation consists of sentence planning and surface realization, and
most of the system are hand-crafted. The advantage is the intermediate representation has clear
meaning and we can easily incorporate human knowledge into the system. However, such a system
requires much corpus labelling and is expensive to build, and it has limited linguistic coverage. As

a result, the hand-crafted components can hardly be reused in other tasks.
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Rule

Sample first argu-
ment

Sample second ar-
gument

Result

MERGE You are leaving You areleavingat5 You are leaving at 5 from
from Newark. Newark

MERGE- What time would You are leaving What time would you like

GENERAL you like to leave? from Newark. to leave from Newark?”

from Newark.

Dallas.

SOFT-MERGE  You are leaving You are going to You are traveling from
from Newark Dallas Newark to Dallas

SOFT-MERGE- What time would You are going to What time would you like

GENERAL you like to leave? Dallas. to fly to Dallas?

CONJUNCTION You are leaving You are going to You are leaving from
from Newark. Dallas. Newark and you are going

to Dallas.

RELATIVE- Your flight leaves at  Your flight arrives Your flight, which leaves

CLAUSE 5. at 9. at 5, arrives at 9.

ADJECTIVE Your flight leaves at  Your flight is non- Your nonstop flight leaves
5. stop. at 5.

PERIOD You are leaving You are going to You are leaving from

Newark. You are going to
Dallas

Figure 3.5: Example of operations in Deep-Syntactic Structure

Corpus-based NLG

Corpus-based NLG aims to learn generation decisions from the data, which can reduce the system’s

dependency on the human heuristic or rules.

The class based N-gram model [101] is proposed for language modelling, and Ratnaparkhi et

al. [110] propose some variants of this language model.

Mandatory Full
stack stack
sequences sequences

Dialogue act/
mandatory
stack set

Realization
phrase
FLM

n-best Viterbi
search

n-best
realizations

Mandatory

P Full stack
stack FLM

n-best Viterbi
search

n-best Viterbi
search

Figure 3.6: Generation Process in [86]]

Mairesse et al. propose a phase-based NLG system on top of a factored language model.
It can learn from semantically aligned corpus. A system action is represented by a set of unordered
mandatory semantic stacks, where each semantic stack is a piece of information that must be con-
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inform

name food type near area

J | \‘\ [‘ 7-\-7“"\,_
Jinling Chinese restaurant King’s_College / central
| | | \ \

Jinling is_a Chinese restaurant near King’s_College , in_the centre_of town

’

Jinling Chinese restaurant King’'s_College central
name food type near near punct area area
inform inform inform inform inform inform inform || inform inform
Frames: t=1 t=2 t=3 t=4 t=5 t=6 t=7 t=8 t=9
filler mandatory
stack stack

Figure 3.7: Ordered Mandatory Semantic Stack are in bold [86]
veyed in the generated sentence. The whole process is a sequence of searches conditioned on the
system action, shown in Figure In order to simplify the conditional probability, only the last 2
time steps are considered in the generation process. Given a set of unordered mandatory seman-
tic stacks ¢ = {s;, v; }._,, the model firstly samples the most likely ordered mandatory semantic
stack sequence q with an independent learned model via

q = arg max P(qlq)
q

and
N

P(alg) = HP<(ii|qi—17qi—2)‘

i=1
The full sequence of a semantic stack q is shown in Figure and it contains the ordered manda-

tory semantic stack sequence q as a sub-sequence. Then q is generated with another learned model

as
q = argmax P(q|q),
q
and
N
P(dlq) = Hp(qi|qfi—1aéli—2)~
i=1

Finally a sequence of words is generated conditioned on the full sequence of semantic stacks q by

Y = argmaxp(Y|q),
Y

and
N
P(Y|q) = Hp(yi|qi—1aqi—2)-
=1
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Angeli et al. [4] propose to use log-linear models to rank and find the most suitable template for
realization. The authors break the generation process into a set of 3 hierarchical decisions. The first
one is the record selection, which is to select the record to talk about based on the dialogue state.
The second one is the field decision, which is to select the field of the records to talk about. The
final one is the template decision, which is to select a template to express the meaning. For each
decision, the authors propose to train a log-linear classifier on top of a set of domain-independent

features.

Kondadadi et al. [64] propose to use SVM [22]] ranking models for all steps of the NLG process
including sentence planning and surface realization. The authors propose 4 steps. The first step is
to pre-process and extract templates, the second step is to build conceptual units such as company,
time and date. The second step is semi-automatic and requires the help of a human expert. The third
step is to extract various predefined features. The final step is to train a SVM ranking model based
on the extracted features. It is shown that the SVM ranker can make the final result comparable to

the performance of a human-authored text.

Corpus-based methods can learn part of the generation decision from data corpus, which can
reduce the required human efforts and are less expensive. Statistical learning also makes the corpus-
based methods prone to noise. However, the surveyed corpus-based models can only deal with a
fixed length of context. As a result it might generate incoherent sentence if no enough context is

considered.

Neural Network based NLG

Neural network based models use neural networks to directly generate natural language word by
word, without explicit modelling the sentence planning and surface realization processes. The
neural network can model context of arbitrary length. The whole model is almost automatic and

requires no human heuristic or rules.

Mikolov et al. [94] propose to use a RNN [44] model for language modelling. It can model
context of arbitrary length, and it is simple and can be trained on many domains. The hidden state

vector the ¢-th word is

ht = O'(Whht_l + Uyt + bh),
and the probability of generating the current word y; conditioned on all the history is defined as

1
Z(hy)

p(yily<:) = U(WyTtht)7
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where y; is the word embedding vector of y,. © = {W),, U, b,, W, } are parameters to learn, and

Z(h;) = 3°,, exp(w,h;) is the softmax normalization term.

Mikolov et al. [93] propose several ways to reduce the number of parameters in the RNNLM.
The idea is to factorize the conditional dependency by assuming each word y; belongs to a specific
class c,,. In the generation process, instead of directly generating a word, the model first decides

the class and then generates the specific word based on the selected class via

PWely<t) = p(yelcy, )p(cy, [y<t)

where ¥, is the ¢-th word in the generated sentences, and c,, is the class of the word y;.

Wen et al. [164] propose to combine a semantically conditioned RNN sentence generation with
a CNN and a RNN ranker. The conditional vector s,, is a system action one-hot vector, where
each segment of s,, corresponds to a one-hot representation of an attribute in the system action Y,,
e.g., “<food>". s, is used to control the generation process, in order to ensure all information is
included in the generated sentence and to reduce information repetition. Firstly, an RNN is used to
generate a set of delexicalised sentences, as in Figure [3.8]

Inform(name=Seven_Days, food=Chinese) dialog act 1-hot
( o00100..,100,..1,0,0,.. representation

B e e e,
T

lj </s> SLOT_NAME serves SLOT_FOOD . </s>
</[s> Seven Days serves Chinese food . </s>
delexicalisation

Figure 3.8: Conditional RNN architecture [164]

The hidden state is defined as
h; = o(Wihi_; + Uy, + Wys;)

and the probability of generating the next word y; is

1 T
p(Yily<:) = Z(hy) U(Wytht)a

where y; is the ¢-th word in the generated sentence, y; is the word embedding vector of v, o is the
activation function, and Z(h;) = >_, exp(w,/hy) is the softmax normalization term. Note that all

words has been delexicalised before the process. The conditioning vector s; is a gated version of
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the input conditional vector s,,. The conditional vector s,, can be split into multiple segments where
each segment s, corresponds to a slot s in the dialogue domain. The content of each segment is
updated by

Set = S, ® 5t7ts

where t, is the time when slot s first appears in the generated sequence, ¢ is the decay factor, and
® is element-wise multiplication. The idea is to decay the probability of generating the slot s after

it first appear, in order to avoid repetition.

Secondly, a CNN is trained to extract discriminative features with respect to the action type
and the attribute value, then a ranking model is applied on the generated sentence candidates.
Thirdly, a reverse direction RNN language model is used to score all generated sentences. Although
the bidirectional RNN shows promising performance, but it is not straight forward to use in the
sequential generation process. Finally, various ranking methods are considered simultaneously to
decide the best generated sentence. However in the generation process, a heuristic function is
still required to control the conditional vector f;. If some attribute values cannot be delexicalised

effectively, the after ranker will easily make mistakes.

LSTM cell

DA cell
d,; p d,

s
K
s

v

(D)

dﬂ
W, |hes
ﬁ 0) 0} 1; 0, 0; ey 1, O, o, vy 1, 0, 0, . l d"a[og act 1-hot
Inform(name=5Seven_Days, food=Chinese) representation

Figure 3.9: SC-LSTM architecture [[169]

Wen et al. [169] propose to use a conditional LSTM [53] for natural language generation, the

architecture of which is shown in Figure [3.9] The conditional vector s,, is a dialogue slot one-hot
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vector, where each segment of s,, corresponds to a one-hot representation of an attribute slot in the
system action Y,,, e.g., “(food)”. An additional control gate r, is introduced to control the masking
vector of the conditional vector s; at each time step ¢, instead of using a heuristic function. The

model can be trained on unaligned datasets. The five control gates are calculated as

it g

O o

fil=1 o0 |W [ht—l} ,
r, . yi

C; tanh

where the speech-act conditional vector s; for word ¢ is defined as
St = It O S,

Ct = ft ®ci1 + it ® ét + tanh(WdCSt),

and

h;, = o; ® tanh(c,),

where W € R>#24_ ( is the dimension of word embedding. i;, o, f;, r;, &, c;, h, are all vectors in

R?. y, is the embedding vector for word ;.

To generate natural language responses based on the hidden state vector h,, the decoding pro-

cess is defined as follows
eXp(f<ht7 Yt))
Zy’ exp(f(hta y/>)

p(yelhy) =

where
f(ht7yt) = thh

here f(h,,y,;) denotes the association function between h; and y, the higher the association func-

tion, the more likely the word will be chosen under h;,.

To train the whole generation network, the loss function is the cross entropy CE(Y, Y’) between
predicted word distribution Y and the actual response Y by

T-1

L(©) = CE(Y,Y) + ||sg|| + Y _ nellsrr=l,
t

where st is the conditional vector at the last time step, and n = le — 4 and £ = 100 are constants.

||st|| penalises the loss function when the model failed to generate all the required slots, while

T-1

IS lIst+1=s:ll discourages the model to turn off more than 1 gate in a single time step.
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Neural network based methods such as RNNs can consider context of arbitrary length, and
they can directly model the probability of generated words without the sentence planning and the
surface realization. Neural network based methods can be trained in an end-to-end manner, without
requiring the intermediate labelled data such as sentence planning tree label. However, a neural
network has a large amount of parameters, and requires a large amount of data to train. And Neural
network parameters can hardly be understood by human. As a result, human knowledge can hardly

be incorporated into the neural network, and it is hard to debug.

Evaluation for Single Domain NLG

In this section we introduce some evaluation metrics and evaluation results of the surveyed natural
language generation methods. Two popular datasets are the Tourist Information Dataset and the
Restaurant in San Francisco Dataset. For evaluation metrics, the BLEU and the Slot Error Rate are

the most frequently used metrics. The quantitative comparison results are shown in Table

Table 3.8: Natural Language Generation Evaluation

Method Dataset BLEU | Slot Error Rate
Corpus-based ClassLM [101]] Tourist Info 0.06

Corpus-based Bagel [86] Tourist Info 0.37

Corpus-based ClassLM [101]] Restaurant in SF | 0.627 | 0.087

Neural Network Based RNNLM+CNN [164] | Restaurant in SF | 0.710 | 0.015

Neural Network Based sc-LSTM [[169] Restaurant in SF | 0.731 | 0.0046

Here we qualitatively compare different kinds of dialogue generation method.

The conventional dialogue generation consists of sentence planning and surface realization,
and most of the system are hand-crafted. The intermediate representation has clear meanings and
we can easily incorporate human knowledge into the system. However, it requires much corpus
labelling and is expensive to build, and it has limited linguistic coverage. The hand-crafted compo-

nents can hardly be reused in other tasks.

The corpus-based methods learn part of the generation decisions from the corpus, which can
reduce the required human efforts and is less expensive. Statistical learning makes the corpus-
based method prone to noise. However, the surveyed corpus-based model can only deal with a
fixed length of context. As a result, it might generate incoherent sentences if no enough context is

considered.

Neural network based methods such as the recursive neural network can consider context of ar-

bitrary length, and it can directly model the probability of the generated words without the sentence
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planning and surface realization. Neural network based methods can be trained in an end-to-end
manner, without requiring intermediate labelled data such as the sentence planning tree labels.
However, a neural network has a large amount of parameters, and requires a large amount of data
to train. And the neural network parameters can hardly be understood by human. As a result, the

human knowledge can hardly be incorporated into the neural network, and it is hard to debug.

3.5.3 Transfer Learning for Natural Language Generation

In this section, we review some papers on transfer learning for the natural language generation
problem. Walker et al. [[155] and Mairesse et al. [84,185] propose to adapt general sentence planning
models to different personal linguistic styles. Although these models can deal with many linguistic
phenomenons, they are heavily dependent on the human knowledge and the hand-crafted rules. The
RNN-based language models [[123./167,168]] are proposed to generate natural language. The RNN-
based language models are more flexible and general, and they do not require human heuristics. We

focus on transfer learning on the RNN-based language models.

There are mainly three types of transfer learning techniques in the RNN-based language models.

1. Model fine-tuning. A generate model is firstly trained on a general source domain dataset,

and then the model is fine-tuned with instances from the target domain.

2. Curriculum learning. In each training epoch, the training instances are sorted such that the
general instances are feed into the model first, and the specific target domain instances are

trained in later of the epoch.

3. Instance synthesis. Synthetic target domain sentences are built from delexicalised source

domain sentences by slot-value substituting.

Model fine-tuning Transfer for NLG

Wentoward et al. [167]] and Wen et al. [170] propose to fine-tune an out-of-domain model with the
in-domain data to achieve transfer learning. The base model is the sc-Istm [169] model. Firstly,
the authors train an out-of-domain model with all source domain data. Secondly, the authors fine-
tune the model parameters on various proportion of target domain data. Two baseline models are
used, the first one is an encoder-decoder model and the other one is the deep sc-lstm model. The

authors find that the sc-1stm model and deep sc-1stm model perform better than the encoder-decoder
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model when the available target domain data is sufficient. However, when the target domain data

is insufficient, the simpler encoder-decoder model performance better.

Curriculum learning Transfer for NLG

Shi et al. [[123] propose to use curriculum learning [29] to adapt an RNNLM model. The authors
propose 2 curriculum learning strategies. The first curriculum learning strategy is data-sorting, the
idea of which is to use both data from the source domain and the target domain in each training
epoch. The training data are sorted such that the model is firstly trained on plenty of source domain
data and then trained on little target domain data. The second curriculum learning strategy is model
fine-tuning. The idea is to train the whole model on the source domain first, and then fine-tune this
model with the target domain data. The data-sorting strategy and the model fine-tuning strategy
differ with respect to the point at which they move from the source domain data to the target
domain data. In the data-sorting strategy, the model move from the source domain to the target
domain at each training epoch. In the model fine-tuning strategy, the model is fully optimized with

respect to the source domain, and then adapted to the target domain.

Instance Synthesis Transfer for NLG

Wen et al. [168] propose to combine the model fine-tuning and the synthetic data generation pro-
cess for domain adaptation in natural language generation. The authors also propose to use the
discriminative training. The paper is based on the sc-lstm model [169]. Firstly, the sc-Istm model
is trained on the delexicalised source domain and fine-tuned in the delexicalised target domain. In
this case, for sentences with new slot-values that appear only in the target domain, the model have

to learn from scratch and no knowledge can be transferred. Secondly, some synthetic instances are

An example realisation in laptop (source) domain:

Zeus 19 is a heavy laptop with a 500GB memory
delexicalisation &
<R-NAME-value> is a <|-WEIGHT-value> <R-TYPE-value> with a <R-MEMEORY-value> <R-MEMORY-slot>
counterfeiting G
<R-NAME-value> is a *<|-FAMILY-value> <R-TYPE-value> with a *<R-SCREEN-value> *<R-SCREEN-slot>

A possible realisation in TV (target) domain:

Apollo73 is a u7e television  with a 29-inch screen

Figure 3.10: Data synthesis in [168]]

built by adapting the source domain instances with new slot-values that appeared only in the target
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domain. In detail, the slot-value tags in the source domain instances are substituted with similar
new slot-value tags in the target domain, as shown in Figure Then the synthetic data in the
target domain can be used to train the model further, achieving knowledge transfer for new slot-
values in the target domain. Note that in this data synthesis process, a similarity metric between
the slot-value and target slot-value is required, and in this paper, the similarity is defined based on

the slot type.

Model comparison for Transfer Learning in NLG

Transfer learning-based on model fine-tuning and curriculum learning differ with respect to the
point at which they move from the source domain data to the target domain data, and both meth-
ods can be used to transfer low level language modelling knowledge. However these methods
cannot benefit new slot-values that appear only in target domain. Instance synthesis transfer learn-
ing method can transfer language modelling knowledge to new slot-values in the target domain,

assuming the expressions of different slot-values are similar.
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3.6 End-to-end Dialogue System

In this section, we survey a special class of dialogue systems, called end-to-end task-oriented dia-
logue systems. Traditional modular dialogue systems require a large amount of hand-crafting, or a

large amount of labelled data for each dialogue component.

Unlike the modular dialogue systems whose modules are trained or hand-crafted separately,
the components in an end-to-end dialogue system can be trained together. An end-to-end dialogue
systems have a single objective function. When trained jointly, the whole system can learn together
and achieve a better performance, and it does not require intermediate annotations. End-to-end

dialogue systems can reduce the amount of human labour required for building a dialogue system.

Unlike traditional dialogue management modules which first identify the current state and then
decide the next action, in an end-to-end dialogue system, there is no unique definition of a ground-
truth dialogue state. Instead in each time step, the whole dialogue system directly takes the current
question as input and generates an output sentence, based on the the internal state. The internal
state is updated at each time step, so the internal state represents the abstract dialogue state at each
time step. The whole end-to-end dialogue system can be viewed as a deterministic policy function.
The input of this policy function is the dialogue history and the current question, and the output of
this policy function is the system answer. Unlike previous dialogue management modules, the state

space and action space of end-to-end dialogue systems are the space of all possible sentences.

Based on the model used to build end-to-end task-oriented dialogue systems, we categorize all

papers into 3 categories.

1. End-to-end training of separate modules. This method builds most of its dialogue compo-
nents with trainable models, and all components are trained together. Some intermediate

representations such as dialogue states and database outputs are still predefined by human.

2. Joint Dialogue State Tracking and Policy Learning. This method uses a LSTM module to
jointly model the dialogue state tracking and policy learning process. In this case, the system

action representation does not require hand-crafting.

3. Joint SLU, DST, DPL with Memory Network. A memory Network is used to build end-
to-end dialogue system, which can track and record the dialogue state in the memory unit.
All intermediate representations are based on embedding vectors, which are directly learned

from the data.
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3.6.1 Problem Definition

Given the dialogue historical including the current question, our goal is to predict the current re-
sponse. Let us use X to denote the question, use Y to denote the response. A question is denoted
by X, = {1, 22, - ,xnz }. Aresponse is denoted by Y,, = {y1,y2,- -+ ,ynz }. IV is the number of
dialogue rounds, V' is the number of words in the n-th question, VY is the number of words in the
n-th response, where N/ is determined by the position of the “EOS”. To make things consistent,

the dialogue round is indexed by n and the word is indexed by t.

Given the dialogue history H,, = {{X,Y;}7_], X,,}, the task of a task-oriented dialogue sys-

tem is to predict Y,.

1. Input: Dialogue history H,, = {{X;,Y;}"—}, X,.}.

Jj=1>

2. Output: Current system response Y;,.

3.6.2 End-to-end Dialogue System Structure

There are 5 components in the reviewed task-oriented dialogue systems.

1. Spoken Language Understanding (SLU). It takes raw text utterance X,, as an input and pre-

dicts the abstract user action X,, of the utterance at every time step n.

2. Dialogue State Tracking (DST). It takes the abstract user action X, and the previous dialogue

state H,_ as inputs and predicts the dialogue state H,.

3. Database Operator (DB). It takes the dialogue state H, as an input and output the related
database entries J,. All database operators reviewed in this section are hand-crafted and

could not be trained.

4. Dialogue policy network (DPL). The policy network takes the abstract user action X,,, dia-

logue state H,, and database entries J,, as the inputs, and predicts the system action Y,.

5. Generation Network (NLG). It takes the system action Y}, as an input, and generates the final

system response sentence Yn
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3.6.3 End-to-end training of Separate Modules

Wen et al. [166} 165] propose to train all components in the dialogue system in an end-to-end
manner. All major components in the dialogue model can be trained via gradient-based methods.

Here we introduce the components one by one.

Spoken Language Understanding

In [166], given a sequence of user input token X,, = {xy, 29, - ,x Ng}, the SLU output is an

abstract user action vector X,, after parsing the entire X,,.

it g

Oy _ g W [ht 1:|
ft g Xt
ét tanh

¢=HoOc 1+, 08¢
h; = o, ® tanh(c;)

where W € R**24_{ is the dimension of the word embedding. i, o, f;, &, c;, h; are all vectors in

R?. x, is the embedding vector for word z,. The abstract user action vector is calculated by

The above notation can be shorten as

X, = LSTM(X,,).

Dialogue State Tracking

The Dialogue State Tracker takes the abstract user action )~(n and the dialogue history f[n,l as

inputs and predicts the dialogue state H,,, which is a set of slot-value pairs with their probabilities.

In [166], the DST maintains a multinomial distribution p(v) over values v € Vj for each slot s

and a binary distribution for each requestable slot.

To calculate the dialogue state H,, for the n-th dialogue turn, we need to follow the steps.
1. Firstly, we need to calculate the CNN feature vector ¢, ., for all s, v in the n-th dialogue
turn.
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2. Secondly, we update pg ,, the probability of slot value v in slots s, for all slots and slot values,

with p? ! and the CNN feature vector for the current turn.

3. Thirdly, we need to concatenate the p7, and produce the final probability vector H,.

The CNN feature vector " is a concatenation of the user side features at time n and the

$,v,cnn

machine side features at time n — 1, which can be denoted by

£, en = [CNNZ(X,,), CNNY (Y, 1],

S,v,cnn

where [ag, as] is the concatenation of two vectors.

To update py, with p™.! and the CNN feature vector f”

" «v.con> irstly we calculate the current

feature vector f', by
£y = [ con Po 5 P) ',
where py , is the probability of selecting slot value v and py; is the probability of not selecting any

value in this slot s, up to time n.
Then the probability p , of each slot value v in slot s is updated by a belief tracker implemented

by a Jordan-type RNN with a CNN feature extractor, denoted by

_ exp(gs,)
EX) eXp(g(D,s) + ZU/GVS eXp(ng,)v

where g¢, is defined by
ge, = Ws © sigmoid(W £ + by) + 1.

The value v in the same slot s use the same RNN weight W but with a different slot-value-based

feature vector f7',.

The probability vector p? for slot s until the n-th dialogue turn is the concatenation of proba-

bilities of all values v in the slot s, denoted by
p? - @UEVSPZU-

The final dialogue state (the probability vector) H,, is the concatenation of the probabilities vectors
for all slot s, denoted by

Hn = 6951:)?
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Database Operator

The Database Operator takes the dialogue state H, as an input and outputs related database entries

N

In [[166], the query constraint-set g,, is calculated based on the output of DST by

In = U arg max py
s'eSy v
where p7, is the probability of the user choosing value v in slot s until the n-th dialogue turn, | J
mean the set union and S; is the set of slots that can be used to constraint the search (informable

slots). Then the final database entries one-hot vector J,, is calculated by

The query constraint-set ¢, is applied to the database to create a binary vector J,,, where 1 indicate

the entity matches all the constraints specified by the current user.

Dialogue Policy Network

The policy network takes the abstract user action X,,, the dialogue state H,, and the database entry

vector J,, as input, and predicts the system action Y,.

In [[166], the policy network is a deterministic policy function, which is modelled with a simple
DNN on the summary belief state Xn, ﬁn, J,. The ﬁn = @,p} is the concatenation of all belief
state vectors. The mapping from the summary belief state to the abstract system action Y, is defined
by

Y, = tanh(W,,X,, + W, H, + W ;,J,,),

where W,,,, W}, and W j, are the parameters to learn.

Natural Language Generation

The input of the natural language generation network is the system action Y,, produced by the policy

network, and the output is the system response Y, = {yn.1, Yn2, - - }.

For notation simplicity, in the following part of the Natural Language Generation we omit
the index n and assume we are generating the n-th system reply, and we show how to generate
Y = {y1, 4o, } with Y.
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Language Model Type LSTM NLG In [166, [165], the NLG module is a LSTM [53] condi-
tioned on the policy network output Y, we denote the generation process by

P(yt+1|yt,ht—1,y) = LSTM(?Jmht—l,Y),

where the input gate i;, the output gate o,, the forget gate f; and the memory content ¢&; are calculated

by

N

! - W ht—l )
f,
&, tanh Yt

then the memory content c; is updated as
=1 Oc 1+ O¢,
and then the hidden state vector h; is calculated by
h, = o; ® tanh(c,),

where W € R*¥*34_{ is the dimension of word embedding. i, o,, f;, &, c;, h, are all vectors in R

y: is the embedding vector for word ;. Finally, v;; is generated like the traditional LSTM model.

Wen et al. [165] found that in an end-to-end dialogue system, the generation network faces
competition between long-term dependency of expressing a correct logic and the short term depen-
dency of generating the most fluent word. Such competition means, a model with higher BLEU
score (has a better language model) will sacrifice the logical performance, thus it might lead to a

lower dialogue success rate.

Memory Type LSTM NLG. Wen et al. [[165] propose the Memory Type LSTM NLG. The
main idea is that the speech-act conditioning vector should be isolated from the language model,
so that the model has more flexibility to trade off between the speech-act conditioning vector and
the language model. The authors propose to use another reading gate r; to control the speech-act

conditioning vector Y. The four gates of the Memory Type LSTM NLG are formulated as

o) o Y

¢l _

£l = o W | h,_;
I, tanh i

Then, the hidden state vector for the ¢-th word is generated by

¢ = tanh(W.([ys, hy_1])),
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c=f0c 1 +i,0&+r,0Y,
h; = o, ® tanh(c,),

where W € R*¥*34_{ is the dimension of word embedding. i, o,, f;, &, c;, h, are all vectors in R

y: is the embedding vector for word ;. Then we can generate v, like the conventional LSTM.

Hybrid Type LSTM NLG. Wen et al. [165] also propose the Hybrid Type LSTM NLG. The
main idea is that the conditioning vector is isolated from the language model, so that the model
has more flexibility to trade off between the conditioning vector and the language model. Another
intuition is that the conditioning vector does not need long-term dependency, the decoupling of

the conditioning vector and the language model could lead to better results. The four gates of the

Hybrid Type LSTM NLG is formulated as

of | o | 7
¢l _

£l = o W |h,_;

r; tanh M

Then the hidden state h; is calculated by
¢ = tanh(W.([y¢, hi—1])),

=5 Oc 1 +i O,
h; = o; ® tanh(c;) + r; ® Y,

where W € R*¥*34_ { is the dimension of word embedding. i;, o, f;, €;, c;, h, are all vectors in R,

y: 1s the embedding vector for word ;.

LSTM Decoding Process To generate natural language response based on the hidden state

vector hy, the decoding process is defined as

B exp(f(ht,yt—i-l))
p(Ye+1|hy) = Ey, exp(f(h,y"))’

where
f(ht7Yt) = htTIYt-

Here f(h;,y) denotes the association function between h, and the word embedding vector y. The

higher the association function, the more likely the word y will be chosen under h;,.

The Language Model Type LSTM NLG is the most straight forward approach, but it suffers

from the competition between the high level logic and the low level language model. For Memory
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Type LSTM NLG and Hybrid Type LSTM NLG, the advantage is that the conditioning vector is
isolated from the language model, alleviating the competition between the high level logic and the
low level language model. The disadvantage is that such conditional vector has to be designed by

human, which limits the generalization ability of the methods.

3.6.4 Joint DST and DPL

Williams et al. [[1'77] propose to jointly model the dialogue state tracking module and the dialogue
policy network with a LSTM, which can automatically infer a representation of the dialogue state.
The input is a user utterance X,,, a dialogue state H, and a database entries J,, and the output is a

selected answer Y,, from a set of candidate responses.

At each time step n, the LSTM policy network extracts a feature vector fy, from the summary
belief state X,,, H,,, J,, by
fx, = f(Xo, Hy, 30)-

The feature vector fy, is used as an input at each time step n, then the LSTM updates its internal

model and output a probability distribution on all possible system outputs by

i, o

On| o an
AR
o tanh

Then the hidden state h,, is calculated by
h,, = 0, ® tanh(c,),

where the c,, is updated as
Cp = fn ®cCp_1+ ln ®© én>
W € R4*24_{ is the dimension of word embedding. i, 0,, f,, &,, c,, h,, are all vectors in R?,

The system chooses a sentence from a candidate set based on the output of policy network via

exp(f(h,_1,¥n))
>y exp(f(hn-1,y))’

p(Yalh,) =

where the association function f(h,,_;,y,) is defined as

f(hnfly Yn) = hg_l}"na
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and y is the embedding of the answer sentence Y. f(h,_1,y) denotes the association function
between h,,_; and Y/, the larger the association function, the more likely the system output Y will

be chosen under h;_;.

Using a LSTM to jointly model dialogue state tracking and the dialogue policy has some advan-
tages. It can choose the optimal system action based on the learned dialogue state representation.

However, training the LSTM requires many data.

3.6.5 Joint SLU, DST and DPL with Memory Network

Bordes et al. [17] propose to build a goal-oriented dialogue system with a Memory Network. The

input is the raw text utterance X,, and dialogue history H,, = {{X, Y] ?:—11’ X, }, and the output is

the selected output Y,.

Memory Network based end-to-end dialogue systems track and record the dialogue state in the
memory unit of the memory network. The authors store the embedded conversation history (along
with its time index, user/agent indicator) into the memory, then they use the last utterance X,,_; to

be the input to the controller.

The memory is an array with the entries denoted by
M = ((I)<X1)7 (I)(Yl)7 e 7(1)(Xn71)7 (I)<Yn71>>

where ¢ () maps an utterance to a sentence embedding vector with length d.

They find salient memory slots by calculating the similarity scores p; between qq = ®(X,,) and
the memory content by

pi = softmax(qumi).

The selected memory m,; is transformed by a d * d transform matrix R into an output denoted by
o; = RY;p;m,;.

The output oy, is added back to the controller state with an update function defined as
gj+1 = 0 +q;.

In the next iteration, q;; will be used instead of q;. They use q; on iteration j, for a fixed number

of iterations (3 or 4).

To rank all possible utterances, the final prediction score vector y is then defined as

y = softmax(q; W®(Y1),--- ,qf W (Y))
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where C' are number of candidate responses, and W € R4, The set of possible candidate re-
sponses includes all possible bot utterances and API calls. The whole model will then rank all

possible utterances and then the top ranked candidate is chosen to be the answer via

Y, = argmaxy.
Y

Using memory network to jointly model SLU, DST and DPL requires minimal human knowl-
edge about the dialogue task, and it does not even require knowledge about possible slots. And it
can be train in an end-to-end manner. However, it is very difficult to incorporate human knowledge
into the model, and the internal results can hardly be explainable. The end-to-end training also

requires more data and a careful optimization.

3.6.6 Evaluation for End-to-end dialogue system

To evaluate an end-to-end dialogue system, the system responses are compared with the human
labelled ground truth, or tested with user simulator. The evaluation metrics include slot-match rate
for spoken language understanding, BLEU for language generation, and task success rate for the
dialogue policy. For systems that only select from a fixed set of response candidates, we can use the
accuracy at turn level and the accuracy at dialogue level. Available datasets include the Restaurant

in the Cambridge and the Phone dataset. We summarize the quantitative results reported in each of
the paper in Table

Table 3.9: End-to-end task-oriented dialogue system evaluation, based on Task Completion Rate
(TCR), slot-match (Match), BLEU@top5 (BLEU-TS5), BLEU@topl (BLEU-T1), Accuarcy Turn
level (Acc.T), Accuracy Dialogue level (Acc.D)

Method Dataset TCR Slot-Match | BLEU-T5 | BLEU-T1 | Acc.T | Acc.D
Wen et al. [160] Restaurant | 0.8382 | 0.9088 0.2304 0.2369
Wen et al. [165]] Restaurant | 0.8180 | 0.6005 0.227 0.2400
Williams ef al. [1777] | Phone 0.6900 0.9200 | 0.4800
Bordes et al. [17]] Restaurant 0.9340 | 0.1970

We summarize the reviewed end-to-end task-oriented dialogue systems in Table The
training methods are summarized in Table [3.11]

Modularized end-to-end trainable systems can easily incorporate human knowledge, and each
module can be trained separately as initialization and then fine-tuned with reinforcement learning.
However, if we do not have any knowledge about the intermediate results, it is very difficult to

design a modularized end-to-end dialogue system.
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Table 3.10: Model comparison with respect to Spoken Language Understanding (SLU), Dialogue
State Tracking (DST), Dialogue Policy Learning (DPL), Natural Language Generation (NLG) and
Database Operation (DB).

Method SLU DST DPL | NLG DB

Wen et al. [166] LSTM/CNN | RNN+CNN | DNN | LSTM+Att. Fixed
Wen et al. [165] LSTM/CNN | RNN+CNN | DNN | LSTM+Att.+Mem. | Fixed
Williams et al. [177] | Fixed LSTM Template Fixed
Bordes et al. [117] MemNN Template Fixed

Table 3.11: Training method comparison in Spoken Language Understanding (SLU), Dia-
logue State Tracking (DST), Dialogue Policy (Policy), Natural Language Generation (NLG) and
Database Operation (DB).

Method SLU DST DPL NLG DB

Wen et al. [166] SL-Joint | SL-Separate | SL-Joint | SL-Joint Fixed
Wen et al. [165]] SL-Joint | SL-Separate | SL-Joint | SL(Snapshot)-Joint | Fixed
Williams et al. [177] | Fixed SL+RL Fixed Fixed
Bordes et al. [[17] SL Fixed Fixed

Jointly modelling the dialogue system with a Memory Network [131] requires less human
knowledge, and we do not even need to know about the possible slots and its value, and the system
can directly learn important features from the training example. However, it is very hard to incor-
porate human knowledge in this framework. Also, the intermediate results can hardly be explained,

and training the system requires much training data.
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3.7 Conclusion and Future Directions

In conclusion, we give an organized review of the popular learning methods used in the task-

oriented dialogue systems. In each section, we further categorize the algorithms and we give an

qualitative and quantitative evaluation of the popular methods.

3.7.1 Task and Techniques Summary Table

The summary of tasks and techniques are listed in Table[3.12] and we also summarize the surveyed

papers according to area and techniques in Figure [3.11] where the stars represent the areas we are

interested in.

Tasks VS Techniques in Task-

Modular Dialogue System

1:SLU

CRF (Wang and Acero
2006; Raymond and

None None

oriented Dialogue System

2:DST 3: Policy Learning (DPL)

General

HIS (Young et al. 2007 )
BUDS (Thomson et al.

RL TL Riccardi 2007) 2008)
RNN (Yao et al. 2013; CRF (Lee 2013; Kim
Mesnil et al. 2013, and Banchs 2014)
2015; Liu and Lane RNN (Henderson et al.
2015) 2014c,d)
LSTM (Yao et al. 2014) LSTM (Zilka and
Jurcicek 2015)
TL Instance based (Tur Feature based transfer
2006) (Williams 2013; Ren et
Model adaptation (Tiir  al. 2014)
2005) Model based transfer
Parameter Transfer (Mrksi‘c et al. 2015)
(Yazdani and
Henderson )
Value-based RL (Williams 2008a,b; Young
RL None et al. 2010; Lefévre et al. 2009; Li et al.
TL 2009; Gasi'c and Young 2014; Gasi'c et al.
2013a; Daubigney et al. 2012b)
Policy-based RL (Jurcicek et al. 2011; Su et
al. 2016; Wen et al. 2016b)
Actor-critic RL (Su et al. 2016; Jurcicek et
al. 2011; Misu et al. 2012, 2010)
TL Gaussian Process Transfer (Gasic et al.

Figure 3.11: The Tasks VS Techniques Table of surveyed papers in each research area.

2014; Gasic et al. 2013b; Gasi'c et al.
2015a)

Bayesian Committee Machine Transfer
(Gasi’c et al. 2015b)

represent the areas we are interested in.

Personalized

Linear Model Transfer
(Genevay and Laroche
2016). Gaussian Process

Transfer (Casanueva et al.

2015)

3.7.2 Dataset and Evaluation Metrics Table

|:| Existing Work

4:NLG

Conventional NLG (Walker et
al. 2002; Stent et al. 2004)
Corpus based (Oh and
Rudnicky 2000; Mairesse and
Young 2014; Angeli et al.
2010; Kondadadi et al. 2013)
Neural network based
(Mikolov et al. 2010; Wen et
al. 2015a; Wen et al. 2015b)

Model fine-tuning (Wen et al.,

2013)

Curriculum learning Transfer
(Shi et al. 2015)

Instance Synthesis Transfer
(Wen et al. 2016c)

The summary of datasets, tasks and evaluation metrics are listed in Table [3.13]
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(Wen et al.
2016b,a)
Memory
Network based
(Bordes and
Weston 2016)

Policy network
with Answer
selection
(Williams and
Zweig 2016)
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Table 3.12: The Model VS Task VS Formulation Table, summarized from the surveyed papers.

Models Task Formulation

Grid sLu.DsT.ppL | QUL Y) = Table(/(11), J(Y'))
where f() maps to a cluster index.

Linear SLU,DST,DPL |y =w'x.

Gaussian Process | DPL Q"(H,Y)~GP(m(H,Y),k(H,Y),(HY))).
Yo = X,

MLP SLU,DST,DPL
Yo = 0(Wyn_1).

CRF SLU,DST P(si|z,50-1) = ~exp(p(si]si_1) + p(si|ar)).

ht = O'(Whht 1 —|— UXt + bh)
p(yt’$t7x<t) = Z(ht) (W ht"—b )
it ag

O¢ _ g W |:ht_1‘| ’

f; o X

LSTM SLU,DST,NLG ¢t tanh

G=0L0Oc 1+10&,

h; =0, ® tanh(ct)

p(yiloe, 1<p) = Z(h (W h; + b, .-

M = (©(X,), ®(Y1), -+, ®(Xn1), B(Yo1)),
o = (I)<Xn)>

pi = softmax(q] my),

o; = RY;pim;,

qj+1 = 0; +qj,

y = softmax(q! Wo(Y}), - ,qf Wo(Ye)),
where ®() outputs a sentence embedding vector,
J is the index of hops in memory.

RNN SLU,DST,NLG

MemoryNN SLU+DST+DPL

3.7.3 Future Directions

There are still many unsolved challenges in the task-oriented dialogue system. Current works still
require many hand-crafting, for example we have to define the number of slots, the possible values
in each slots, etc. How to design a system that requires less human knowledge is an important

problem.

Another challenge is the knowledge transfer problem in task-oriented dialogue system. How to
transfer the knowledge learned in one source domain to another domain is still an open question.
Current works focus on the instance transfer and the cross-domain similarity calculation. However,
these methods do not answer the question what knowledge is transferable and what knowledge is

not suitable for transfer.

Dialogue personalization is another promising direction that needs exploration. In current task-

oriented dialogue systems, the system do not model the unique preference and hobby of a customer.
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Table 3.13: The Dataset VS Evaluation Metrics Table, summarized from the surveyed papers.

Dataset Task | Evaluation Metrics
ATIS
23] SLU | Accuracy, F1
TouristInfo SLU, | Accuracy, Fl1,
[[16] NLG | BLEU
DARPA Communicator SLU | Accuracy, Fl
[[153]
DSTC 1
(172 DST | Accuracy, L2
DSTC 2
@7 DST | Accuracy, L2
DSTC 3
@] DST | Accuracy, L2
TownlInfo DST, | Accuracy, L2,
[144] DPL | Reward, Success Rate, #Dialog Turns
Cambridge Restaurant | DPL, | Reward, Success Rate, #Dialog Turns,
[41] NLG | BLEU
SF Restaurant DPL, | Reward, Success Rate, #Dialog Turns,
[136]] NLG | BLEU
SF Hotel DPL, | Reward, Success Rate, #Dialog Turns,
[36]] NLG | BLEU
L11 DPL, | Reward, Success Rate, #Dialog Turns,
[36]] NLG | BLEU

Every customer has to specify every slots in every purchase, which is far from convenient. Talking
to a dialogue system that remembers your preferences and knows you well might save the customer
a lot of time and improve the user experience. How to use personalized information from one

domain to help dialogues in another domain is also an interesting problem.

Current systems are mostly trained with user simulators, on predefined fix set of slots. How to
design dialogue systems that can learn to extended their scopes and learn directly from user in the

on-line environment is still an open problem.
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CHAPTER 4

TRANSFER REINFORCEMENT LEARNING
THROUGH PERSONALIZED Q-FUNCTION

It is difficult to train a personalized task-oriented dialogue system because the data collected from
each individual is often insufficient. Personalized dialogue systems trained on a small dataset
is likely to overfit and make it difficult to adapt to different user needs. One way to solve this
problem is to consider a collection of multiple users as a source domain and an individual user
as a target domain, and to perform transfer learning from the source domain to the target domain.
By following this idea, we propose the PErsonalized Task-oriented diALogue (PETAL) system, a
transfer reinforcement learning framework based on POMDP, to construct a personalized dialogue
system. The PETAL system first learns common dialogue knowledge from the source domain
and then adapts this knowledge to the target domain. The proposed PETAL system can avoid
the negative transfer problem by considering differences between the source and target users in a
personalized Q-function. Experimental results on a real-world coffee-shopping data and simulation
data show that the proposed PETAL system can learn optimal policies for different users, and thus

effectively improve the dialogue quality under the personalized setting.

4.1 Introduction

Personalized task-oriented dialogue systems aim to help a user complete a dialogue task better and
faster than non-personalized dialogue systems. Personalized dialogue systems can learn about the
preferences and habits of a user during interactions with the user, and then utilize this personalized
information to speed up the conversation process. Personalized dialogue systems could be catego-
rized into rule-based dialogue systems [142, 160, 8] and learning-based dialogue systems [20,42]]. In
rule-based personalized dialogue systems, the dialogue state, system speech-act and user speech-act
are predefined by developers, hence it is difficult to reuse this system when the dialogue state and
the speech-act are hard to define manually. Learning-based personalized dialogue systems could

learn states and actions from training data without requiring explicit rules designed by developers.

However, it is difficult to train a personalized task-oriented dialogue system because the data

collected from each individual is often insufficient. A personalized dialogue system trained on a
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small dataset is likely to fail on unseen but common dialogues due to the overfitting. One solution
is to consider a collection of multiple users as a source domain and an individual user as a target
domain and transfer common dialogue knowledge from the source domain to the target domain.
When transferring dialogue knowledge, the challenge lies in the difference between the source
and target domains. Some works [20, 42] have been proposed to transfer dialogue knowledge
among similar users, but they did not model the difference among users, which might harm the

performance in the target domain.

In this chapter, we propose a PErsonalized Task-oriented diALogue (PETAL) system, which is
a transfer learning framework based on the POMDP for learning a personalized dialogue system.
The PETAL system first learns common dialogue knowledge from the source domain and then
adapts this knowledge to the target user. To achieve this goal, the PETAL system models person-
alized policies with a personalized Q-function defined as the expected cumulative general reward
plus the expected cumulative personal reward. The personalized Q-function can model differences
between the source and target users and thus can avoid the negative transfer problem brought by
the differences. Experimental results on a real-world coffee-shopping dataset and simulation data
show that the proposed PETAL system can choose optimal actions for different users and thus can

effectively improve the dialogue quality under the personalized setting.

Our contributions are three-fold. Firstly, we tackle the problem of learning common dialogue
knowledge from the source domain and adapting to the target user in a personalized dialogue sys-
tem. In multi-turn dialogue systems, learning optimal responses in different situations is a non-
trivial problem. One naive policy is to always choose previously seen sentences, but it is not neces-
sarily optimal. For example, in the online coffee ordering task, such naive policy could incur many
logical mistakes such as asking repeated questions and confirming the order before the user finishes
ordering. Secondly, we propose a transfer learning framework based on the POMDP to model the
preferences of different users. Unlike existing methods, the proposed PETAL system does not re-
quire a manually-defined ground-truth state space and it can model the personalized future expected
reward. Finally, we demonstrate the effectiveness of the PETAL system on a real-world dialogue

dataset as well as simulation data.

4.1.1 Challenges

In order to transfer common knowledge across different users in task-oriented dialogues systems,

we have the following challenges.
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1. There is no ground-truth state space for each task-oriented dialogue system, and there is no
ground-truth dialogue state annotation for each dialogue sentence. Designing such dialogue
state space and doing data annotation require a lot of efforts from the human experts. We
have to build a model that can learn the underlying dialogue state from the dialogue data,

despite great noise in the data.

2. Different users have different preferences, so the dialogue data for different user have differ-
ent data distributions. Naively transferring all dialogue data across different users might lead
to the leakage of personal information and have a negative impact on the performance of the
dialogue policy. We have to design a model that can transfer common dialogue knowledge

and avoid the transfer of personal information at the same time.

4.1.2 Related Works of Transfer Learning in Personalized Task-oriented Di-
alogue Systems

Personalized dialogue systems could be categorized into rule-based dialogue systems and learning-
based dialogue systems. For rule-based personalized dialogue systems, Thompson et al. [[142]
propose an interactive system where users can choose a place via an interactive conversational pro-
cess and the system could learn user preferences to improve future conversations. Personalization
frameworks proposed in [60, [8] extract and utilize user-related facts (triples), and then generate
responses by applying predefined templates to these facts. Different from rule-based personalized
dialogue systems, learning-based personalized dialogue systems can learn states and actions from
training data without requiring explicit rules. Casanueva et al. [20] propose to initialize personal-
ized dialogue systems for a target user with data from similar users in the source domain to improve
the performance for the target user. This work requires a predefined user similarity metric to select
similar source users, and when the selected similar users are different from the target user, the per-
formance for the target user will degrade. Genevay and Laroche [42] propose to select and transfer
an optimized policy from source users to a target user by using a multi-armed stochastic bandit
algorithm which does not require a predefined user similarity measure. However, this method has
a high complexity since for each target user, it requires n? bandit selection operations where n is
the number of source users. Moreover, similar to [20], the differences between selected source
users and the target user will deteriorate the performance. Different from these works, the pro-
posed method does not assume the predefined dialogue states and system speech-acts required by

the rule-based systems, and it explicitly models the differences between users.

Transfer learning [[141, 1102, 139,138, 1163]] has been applied to other tasks in dialogue systems.
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Figure 4.1: The flowchart of the proposed PETAL system on the coffee-ordering task.

Gasic et al. use transfer learning to extend a dialogue system to include a previously unseen
concept. Gasic et al. [38] propose an incremental scheme to adapt an existing dialogue management
system to an extended domain. These two works transfer parameters in the policy of the source
domain as a prior to the target domain. However, these two models do not deal with multiple
source domains and they do not have explicit personalized mechanisms for different users. As a
consequence, the negative transfer might occur when the differences between users are large. In
contrast, the proposed method has an explicit personalization mechanism and can alleviate negative

transfer.

In argumentation agents, there are some works [52] which study personalized dia-
logue systems. However, these works, which aim to influence users’ goal, have different motiva-

tions from ours and their formulations are totally different from ours.

4.2 Model: Transfer Learning Framework for Personalized Di-
alogue Management (PETAL)

In this section, we introduce the proposed PETAL system. Figure 4.1 shows the flowchart of
the PETAL system on a coffee-ordering task. Here we use PETAL to denote both the proposed

framework and the proposed algorithm.
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Matrices are denoted in bold capital case, row vectors are in the bold lower case, and scalars are
in lower case. The text in the dialogues, denoted in curlicue, is represented by the the bag-of-words
assumption. Each of the bag-of-words representations is a vector in which each entry has a binary

value.

4.2.1 Problem Setting

Target Domain: John’s Dialogue
Coffee Shopping Dialogue
(X=customer, Y=system)
X, Can | have coffee please?
Y, What coffee would you like?

X, 1 would like a cup of Mocha.

vz @

Candidate Reply Set

Y;1: Cold Mocha deliver to No.1199 Mingsheng Road?
Y;»: What is your address?

Y,3: Hot Mocha or Iced Mocha?

Source Domain
Alice’s
Dialogues
Bob’s
Dialogues ]
5 Calvin’s

Dialogues

Figure 4.2: The problem illustration

The problem is illustrated in Figured.2] In a multi-turn dialogue system, the feedback is usually
delayed, so it is more natural to formulate the problem with reinforcement learning. Since the
current state of the dialogue is not observable and the ground-truth dialogue states are assumed to be
unknown, we formulate the dialogue as a POMDP, H denotes the ground-truth hidden unobservable
states, Y denotes the replies of the agent, X denotes users’ utterances, R is the reward function,
and 7y € [0, 1] is the discounted factor. In the n-th turn of a dialogue with a user u, FI;{ is the hidden
conversation state, X! is the user utterance, Y,* is the reply of the agent, and 7! is the reward. In the
n-th turn, we only observe X, Y * and ;. We define b}, as the belief state vector, which represents
the probability distribution of unobserved FI}{. Unlike previous works, we do not assume that the
underlying ground-truth state space H is provided. Instead we propose to learn a function to map

the dialogue history H* = {{X®, Y;*}7Z5, X%} to a compact belief state vector b.

The inputs for this problem include

1. Abundant dialogue data {{ X%, Y“}1_ 1 of source customers {u,}.

noJ’r n

2. A few dialogue data {{ X", ;" }T_} of the target customer u;.

n
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The expected output is

1. A policy 7 for target user.

4.2.2 The Framework

In order to solve the problem, we aim to find a policy 7 for the target user, which could choose
an appropriate action Y, at the n-th turn based on current dialogue history 4", to maximize the

cumulative reward defined as

7' = argmax E
™

> Vkriim] - @.1)

k=0

To model belief states, we introduce a state projection matrix IM to map the dialogue history

H to the belief state b, i.e., b¥ = f(H"; M).

The Q-function is defined as the expected cumulative reward according to policy 7" by starting

from belief state b and taking action Y* as

Q™ (HY, V") = Ex | Y _AMripnHL Y| (4.2)
k=0

We choose value-based approaches because there is usually a small number of training data in the
target domain, while policy-based approaches, which generate responses word by word, require a

lot of training data.

In order to build a personalized dialogue system for the target user, we need to learn a per-
sonalized Q-function Q™ for this user. However, since the training data {{X“,Y*}1} for the
target user wu, is very limited, we can hardly estimate the personalized Q-function Q™" accurately.
In order to learn an accurate Q™ *, we can transfer common dialogue knowledge from the source

domain, which has a lot of data from many other users {{ X", Y,*s}7

us1 o} However, different users

may have different preferences, hence directly using the data from source users would bring neg-
ative effects. We propose to model the personalized Q-function as a general Q-function (), plus a

personal Q-function Q),,:

Q™ (Hyy, Y,') = Qu(Hyy, Yyt w) + Qp(Hy, Y, Pu, wp)

R Bre | > A [HEL Y By | Y A b | HYE Y (4.3)
k=0 k=0
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where 7, and r,"" denotes the general and personal rewards for user u at time ¢ respectively,

the general Q-function Q,(H},Y,"; w) captures the expected reward related to the general dia-
logue policy for all users, w is the set of parameters for the general Q-function and contains a
large amount of parameters such that it requires a lot of training data, and the personal Q-function
Qp(HY, Y,"; pu, w,) captures the expected reward related to the preference of each user.

n

The proposed framework is based on transfer learning. M, w and w,, are shared across different
users, which could be trained on source domains and then transferred to the target domain. These
parameters contain the common dialogue knowledge, which is independent of users’ preferences.

Moreover, p,,, which is user-specific, capture the preferences of different users.

4.2.3 Parametric Forms for Personalized Q-function

In this section, we introduce parametric forms for f(H; M), Q,(H", Y,"; w) and Q,(H}, Y,"; Pu, W)

in the personalized Q-function.

Dialogue states are defined as follows. All utterances and replies will be projected into state
vectors with a state projection matrix M, where M is initialized with the word2vec and will be

updated in the learning process. The belief state vector b;! is denoted as
b, = f(H,; M), (4.4)
which is mapped from the dialogue history
Hy = {{Xy, Y} io X ) (4.5)

The belief state vector b, consists of four parts, denoted by
bz = [Xzflv X711La }’Z’an yz-1:| . (46)

In the four parts, all previous user utterances XZ’“ is defined as

Xpt =Xy 4.7)
k=0

the current user utterance x;. is defined as
x, = X, M, (4.8)

all previous agent replies y/* is defined as

n

yor =Y & hyp (4.9)

k=0
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and the last agent reply y;_; is define as
Yno1=Y," M (4.10)

where £ = 0.8 is the memory factor to discount historical state vectors at each time step. In coffee
ordering, the overlapping vocabulary of users and agents are limited to nouns which have consistent
meaning, so it is more data efficient to learn one single M matrix instead of using different matrices

for users and agents.

In order to model the correlations between entries in y;: and b, the general Q-function Q),(H,Y,"; w)
is defined as

Qy(H!, Y, w) =y W(b%)T, (4.11)

where superscript 7 denotes the transpose of a vector or matrix, W € R?*4? i a parameter matrix to
be learned. Based on the properties of the Kronecker product and operator vec(-) which transforms
a matrix to a vector in a column-wise manner, we can rewrite (),(H,", Y,"; w) as a linear function
onw = vec(W)T € R’

Qq(HY, Y, w) = (bl @ ym)w', (4.12)

where b! @y is the Kronecker product of b} and y. In multi-turn dialogue systems, there should
be different optimal actions in different belief states. The rationale to use the Kronecker product is
that the general Q-function should depend on the combination of belief state b and action y,., but
not independently on b}» and y}. The rationale of using linear function in the general Q-function is,
since the belief vector consists of a set of sentence embedding vectors, which are calculated from a
set of word embedding vectors, so it is equivalent to a linear function with belief embedding matrix
as a parameter. The general Q-function can be viewed as a dot product to measure the semantic
matching of two vectors, the belief state vector b;: and the translated response sentence embedding

¥, W. This can be viewed as a linear function on the Kronecker product of b and y..

The personal Q-function learns personalized preference for each user to avoid the negative
effect brought by transferring biased dialogue knowledge across users with different preferences.
We denote by V; the set of all possible choices in the j-th choice set we want to collect and by
{vy,;}72, the choices proposed in the n-th agent response Y., where m is the total number of order
choices, hence vy, is an exact choice in V;. For example, in the coffee-ordering task, V; = {Latte,
Cappuccino,. . .} could be the type of coffees and v, could be any coffee in V;. From the user
side, vy, is just the choice of user  for the j-th choice set in the n-th dialogue turn. For example,
vy, could be “latte” and v;l, could be “iced”. Based on an assumption that different choice sets

are independent of each other, for the j-th choice set Vj, the probability of a user u to choose v, ;

J
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follows a categorical distribution denoted as
C(vns3 P5) = Djuy (4.13)

where |V;| denotes the cardinality of a set, p; € RIVil, and pj ) denotes the k-th entry in p}. Hence

the personal Q-function for user « is formulated as

Qp(Hy3, Y, puwy) = wy ) Cluysi Pug)(V, HyY), (4.14)
j=1

where the personal preference p, = {pu;}j, for user u is learned from the training data of that
user, d(V;, H) equals 1 if the user has not yet made a choice about V; in the dialogue history H*
and 0 otherwise. 6(V;, H}*) implies whether the system will receive a personal reward in the rest of
the dialogue, as the Q-function models the cumulative future reward. Here w,, controls the impor-
tance of the personalized reward and it is learned from data. When w,, is close to zero, the person-
alized Q-function will depend on the general dialogue policy. Note that > 7| C(vy,;[pu;)d(V;, Hy)
is 0 if we know nothing about the user, or Y," does not show any personal preference of user u.
Because the vocabulary of choices is much smaller than the whole vocabulary, we can estimate the

personal preference parameters p,, with a few dialogue data {{ X", Y% }1'} from the target user.

By combining the general and personal Q-functions, the personalized Q-function can finally be
defined as
Q™ (M3, V) = (b @yw! +w, Y Clu|pu)d(Vy, Hy). (4.15)
j=1
Here M, w, w, are shared across different users, which could be trained on the source domains and

then transferred to the target domain.

4.2.4 Reward

The total reward is the sum of general reward and personal reward, which can be defined as follows:

1. A personal reward r*? of 0.3 will be received when the user confirms the suggestion of the
agent and a negative reward of —0.2 will be received if the user declines the suggestion by
the agent. This is related to the personal information of the user. For example, the user could

confirm the address suggested by the agent.

2. A general reward 9 of 0.1 will be received when the user provides the information about

each c;.
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3. A general reward 79 of 1.0 will be received when the user proceeds with payment.

4. A general reward 9 of —0.05 will be received by the agent for each dialogue turn to encour-
age shorter dialogue, —0.2 will be received by the agent if it generates non-logical responses

such as asking repeated questions.

Note that the personal reward could not be distinguished from the general reward during the training
process. The reward function is designed to encourage the agent to actively make personalized
suggestion when the agent can make correct guess with probability (denoted as p) higher than 0.6.
The expected reward is 0.3p—0.2(1 — p) for making suggestion and 0.1 for asking general question.
When p > 0.6, 0.3p — 0.2(1 — p) is larger than 0.1.

4.2.5 Loss Function and Parameter Learning

There are in total four sets of parameters to be learned. We denote all the parameters by © =
{M, w,w,, {p,}}. When dealing with real-world data, the training set consists of (H}, Y, r"),

which records optimal actions provided by human, and hence the loss function is defined as fol-

lows:
L(©)=E [(r;; + maxy;, YQUHY,,, Yi|0) — QUL Yn“|®)>1 , (4.16)
In the on-policy training with a user simulator, the loss function is defined as
L(O) = E| (s +1Q(Hyiey, Y |0) — QUHL ¥10))°] (4.17)
where 7, is the reward obtained at time step n and H;_, is the update dialogue history at time step

n+ 1.

We use the value iteration method [12] to learn both the general and personal Q-functions. We
adopt an online stochastic gradient descent algorithm [[18]] with learning rate 0.0001 to optimize
our model. Specifically, we use the State-Action-Reward-State-Action (SARSA) algorithm. In
the on-policy training with the simulation, the model has decreasing probability 1 = 0.2¢~ 1% of
choosing a random reply in the candidate set so as to ensure the sufficient exploration, where [ is

the number of training dialogues seen by the algorithm.

4.2.6 Algorithm and Complexity

The detailed PETAL algorithm is shown in Algorithm Il We train our model for each user in the

source domain. M, w and w,, are shared by all users and there is a separate p, for each user in
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Algorithm 1 The PETAL Algorithm

1: Input: D, Dt
2: Output: © = {M, w,w, {p,}}
3: procedure TRANSFER ALGORITHM(D?,D")

4: {M,w,w,} < TRAIN-SOURCE-MODEL(D?)

5 {M, w,w,, {p.}} < TRANSFER(D",M,w,w,)

6: function TRAIN-SOURCE-MODEL(D?)

7: for { X, Y"} in D do

8: p.=0

9: if p,, exist then load p,

10: elsep, <0

11: for (H: Y, re, HY, Y ) in {X}, Y} do
12: ®t+1 < @t + QA@£(®t>

return {M, w, w, }
13: function TRANSFER(D!, M, w, w), )
14: for {{X* Y*}}in D' do

15: p.=0

16: if p,, exist then load p,

17: elsep, <0

18: for <H57Ynu7rgvHﬁ+l7Ynu+l) in {X;LL?Y#} do
19: ®t+1 < @t + Q&A@E(@O

return {M, w, w,, {p,}}

the source domain. We transfer M, w and w,, to the target domain by using them to initialize the
corresponding variables in the target domain, and then we train them as well as p,, for each target
user with limited training data. Since the source and target users might have different preferences,
P. learned in source domain is not very useful in the target domain. The personal preference
of each target user will be learned separately in each p,. Without modeling p, for each user,
different preferences of the source and target users might interfere with each other and thus cause

the negative transfer.

The number of parameters in our model is around d? + dl, where [ is the total vocabulary size
and d is the dimension of the state vector. In our experiment where [ = 1,500 and d = 50, the
number of parameters in the general Q-function is about 85k and that for the personal Q-function
is about 100 for each user, hence the parameters in the personalized Q-function could be learned

accurately with the limited data in the target domain.

While the joint training of source loss and target loss might help us to find a better solution, the
two-step method has its advantage. It is good when one can keep the source data private if they
only deliver the source model, and is more computational efficient since the source data only need

to be trained once.
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4.3 Experiments

In this section, we experimentally verify the effectiveness of the proposed PETAL model by con-

ducting experiments on a real-world dataset and a simulation dataset.

4.3.1 Baselines

We compare the proposed PETAL model with six baseline algorithms which are listed as follows:

1. NoneTL: The dialogue system is trained only with the data from target users.

2. Sim [20]: The dialogue system is trained with the data from both target user and the most

similar user in the source domain.

3. Bandit [42]: For each target user, the most useful source user is identified by a bandit algo-

rithm.

4. PriorSim [37]]: For each target user, the policy from the most similar user in the source

domain is used as a prior.

5. PriorAll [37]]: For each target user, the dialogue policy trained on all the users in the source

domain is used as a prior.

6. All: The policy is trained on all source users’ data.

In order to avoid possible performance difference caused by different base models, we implemented

the about baseline methods on top of the same base model.

4.3.2 Experiments on Real-World Data

Table 4.1: Statistics of the datasets

Source Domain Target Domain
Dataset Users | Dialogues | Users | Dialogues
Real Data 52 1,859 20 329
Simulation 11 176,000 5 100

In this section, we evaluate our model on a real-world dataset. This real-world dataset, which
is collected between July 2015 and April 2016 from an O20 coffee ordering service in a major
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instant message platform in China, contains 2,185 coffee dialogues between 72 consumers and
coffee makers. The users order coffee by providing the coffee type, the temperature, the cup size
and the delivery address, hence there are 4 order choices. We select 52 users with more than 23
dialogues as the source domain. Each of the remaining 20 users is used separately as a target
domain. In total, there are 1,859 coffee dialogues in the source domain and 329 coffee dialogues
in the target domain. 221 earlier dialogues in the target domain are used as the training set and the
remaining 108 dialogues form the test set. The statistics of this dataset is shown in Table 4.1] Note
that the popular DSTC datasets do not have personalized preferences and thus could not be used in

this chapter.

Settings

Each user in the target domain is regarded as a target user. We transfer knowledge from the whole
source domain to each target user in the target domain. Firstly, we train the source model in the
source domain. Then, we transfer the model to the target domain and train on the training set of the

target domain. Finally, we test the model on the testing set of the target domain.

Evaluation Metrics

For each turn of the testing conversation, a model will rank the ground-truth reply Y, among 10
randomly chosen agent replies. The label assigned to Y, is 1 and those for randomly chosen agent
replies are 0. By following [[177], we calculate the AUC score for each turn in a conversation and
the performance of an algorithm is measured by the average AUC score of each dialogue for every
user in the test set. AUC is the area under the ROC curve which measures the probability that a
ground-truth reply will be rank in front of random replies. If a model can rank ground-truth reply

higher, then this model is better.

Results

In Figure and Table 4.3] we report the mean and standard deviation of averaged AUC score
with 5 different random seeds, which are used to randomly sample agent replies as candidates. The
performance of “NoneTL”, “PriorSim” and “PriorAll” are worse than “All” which directly transfers
training data, because fitting only target domain data can cause the overfitting. Transferring data
from similar users (i.e., “Sim”) is not as good as transferring data from all source users (i.e., “All”),

because common knowledge has to be learned from more data. The proposed “PETAL” method
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1:NoneTL

2:Sim

3:Bandit T
4:PriorSim
5:PriorAll —_——
6:All L

7:PETAL

(a) Real-world Average AUC (the higher the better).

Figure 4.3: Average AUC in the Real-world dataset.

performs the best because it learns common knowledge from all users and avoids the negative
transfer caused by different preferences among source and target users, which indicates that the

proposed personalized model fits dialogues better and demonstrates the effectiveness of PETAL on

this real-world dataset.

Table 4.2: A case study on the real-

world dataset. The last column shows candidate responses,
where the ground-truth response is marked with *. The first and second columns show predicted

rewards of “All” and “PETAL” on these candidates.

User utterance :

I want a cup of coffee.

All  PETAL
0.86 1.36
0.99 0.92
0.72 0.69

Response Candidates

* Same as before? Tall hot americano
and deliver to Central Conservatory
of Music?

All right, deliver to No.1199 Beiyuan
Road, Chaoyang District, Beijing?
What’s your address?

Case Study

A case study is shown in Table 4.2}

see that the proposed “PETAL” method ranks the ground-truth response in the first place based
on the predicted reward given by the learned personalized Q-function but the “All” method without

personalization ranks a wrong address higher, which demonstrates the effectiveness of the proposed

method.

where we show three candidates. From the results, we can
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4.3.3 Experiments on Simulation Data

In this section, we compare our model with baseline models on the simulated coffee-ordering dia-
logue data. The simulated users order coffee by providing their coffee type, temperature, size and
delivery address, and the agent’s reply by choosing from a set of predefined candidate responses

without knowing the speech-act.

Settings

We have 11 simulated users in the source domain, in which 10 users have their own coffee pref-
erences while the rest one has no preference. The target domain has 5 users, which have different
preferences from users in the source domain. A simulator is designed based on the real-world
dataset used in the previous section. The simulator will order according to his preference with
probability 0.8 and otherwise, the simulator will order coffee randomly. The training set of each
user in the target domain has 20 dialogues and the test set has 300 dialogues. The reward in the
experiment is the same as the reward defined in the reward section. Specifically, if the user rejects
to pay due to the non-logical response made by the system, the system receives a negative reward.
Firstly, we train the source model by interacting with the source users for a fixed iteration. Then
we transfer the source model to target domain and train on the target domain user for 20 dialogues.

Finally, we test the model on the target user for 300 dialogues.

Evaluation Metrics

Each model will choose a reply from a set of candidates generated with templates and updated
dialogue information at each turn, and the simulated users will react to the chosen reply accordingly.
We use three evaluation metrics to measure the quality of the whole dialogue. For each model, we
report the mean and standard deviation of averaged reward [42]], averaged success rate [20] and
averaged dialogue length over all possible target users, repeated for 5 times with different random

seeds.
Results

The results are shown in Figure 4.4(a)], Figure 4.5(a)| Figure 4.5(b)| and Table PETAL outper-

forms all baselines and obtains the highest average reward, the highest success rate and the lowest

dialogue length, which implies that PETAL has found a better dialogue policy which can adapt its
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Figure 4.5: Simulation Success Rate and Dialogue Length.

behavior according to the preference of target users and again demonstrates the effectiveness of

PETAL in a live environment.

Case Study

We show a typical case for the simulation data in Tables4.4]and4.6] The non-personalized dialogue
system corresponding to the “All” model has to ask the users all the choices even for frequent users
in Table {1.6] because there is no universal recommendation for all the frequent users with different
preferences. However, PETAL has learned the target users’ preferences in previous dialogues. As

shown in Table {f.4] the response from the agent is specially tailored for the target user because
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Table 4.3: Experimental results on both the real-world and simulation data

Real-World Simulation

Methods AUC Reward SucRate Length
NoneTL | 0.7577 £+ 0.0059 | -0.5040 + 0.1531 | 0.0592 + 0.0733 | 9.1882 + 1.5200
Sim 0.7685 £+ 0.0056 | -0.0711 4+ 0.0522 | 0.3679 + 0.0446 | 7.1681 £+ 0.6715
Bandit | 0.7790 + 0.0025 | -0.1600 £ 0.0784 | 0.3166 + 0.0511 | 8.1937 + 0.3648
PriorSim | 0.7643 4+ 0.0057 | -0.3982 + 0.2395 | 0.1085 £ 0.1178 | 9.6772 4+ 2.4038
PriorAll | 0.7660 4 0.0048 | -0.5014 4+ 0.1514 | 0.0592 + 0.0733 | 9.4897 4+ 1.9928
All 0.8048 4+ 0.0062 | 1.2713 £ 0.1421 | 0.9306 4+ 0.0361 | 5.0625 + 0.6621
PETAL | 0.8262 + 0.0041 | 1.6385 4+ 0.0718 | 0.9841 + 0.0138 | 3.0838 + 0.2695

personalized questions given by the PETAL method can guide the user to complete the coffee-
ordering task faster than general questions, leading to shorter dialogue and higher averaged reward.
If the user does not want everything as usual, which is shown in the second case of Table 4.5]
PETAL can still react correctly due to the shared dialogue knowledge transferred from the source
domain. These cases show that PETAL can choose different optimal actions for different users and

effectively shorten the conversation.

Table 4.4: Personalized Dialogue Case, when the user wants everything as usual.

User:
Agent:

User:
Agent:
User:

I want a cup of coffee.

Same as before? Tall hot macchiato
and deliver to No.1199 Minsheng
Road, Pudong District Shanghai?
Yes.

Please pay.

Payment completed.

Table 4.5: Personalized Dialogue Case, when the user wants to try new options.

User:
Agent:

User:
Agent:
User:

I want a cup of coffee.

Same as before? Tall hot macchiato
and deliver to No.1199 Minsheng
Road, Pudong District, Shanghai?

I want iced mocha today.

Sure, please pay.

Payment completed.
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Table 4.6: A Non-Personalized Dialogue Case

User:
Agent:
User:
Agent:
User:
Agent:
User:

Agent:
User:
Agent:
User:

I want a cup of coffee.

Hot coffee?

Yes.

What would you like to drink?
Hot macchiato, please.

What’s your address?

No.1199 Minsheng Road, Pudong
District, Shanghai.

Alright. Tall, Grande, or Venti?
Tall.

Please pay.

Payment completed.

4.4 Conclusion

In this chapter, we tackle the problem of learning the dialogue states and dialogue policy automat-
ically from the source domain and adapt to the target user with little data. We propose the PETAL
system, a transfer reinforcement learning framework based on the POMDP. The PETAL system
first learns common dialogue knowledge from the source domain and then adapts this knowledge
to the target user. We propose to model a personalized policy with a personalized Q-function,
which can avoid the negative transfer problem brought by differences between the source users and
the target user. The policy can learn to choose different actions appropriately for different users.
Experimental results on the real-world data and the simulation data show that PETAL can learn dif-

ferent optimal policies for different users and thus effectively improves the dialogue quality under

the personalized setting.
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CHAPTER 5

TRANSFER REINFORCEMENT LEARNING
THROUGH PERSONAL WORD GATING

Training a personalized dialogue system requires a lot of data, and the data collected for a single
user is usually insufficient. One common practice for this problem is to share training dialogues
between different users and train multiple sequence-to-sequence dialogue models together with
transfer learning. However, current sequence-to-sequence transfer learning models operate on the
entire sentence, which might cause negative transfer if different personal information from different
users is mixed up. We propose a personalized decoder model to transfer finer granularity phrase-
level knowledge between different users while keeping personal preferences of each user intact.
A novel personal control gate is introduced, enabling the personalized decoder to switch between
generating personalized phrases and shared phrases. The proposed personalized decoder model
can be easily combined with various deep models and can be trained with reinforcement learning.
Real-world experimental results demonstrate that the phrase-level personalized decoder improves

the BLEU over multiple sentence-level transfer baseline models by as much as 7.5%.

5.1 Introduction

Task-oriented dialogue systems can be categorized into rule-based systems and learning-based sys-
tems. Learning-based dialogue systems do not require the predefined dialogue state, which are
more general and suitable for the situation when exact dialogue states are hard to define. In partic-
ular, neural network based dialogue systems do not require the predefined templates and are more

flexible. In this chapter, we focus on neural network based task-oriented dialogue systems.

Personalized dialogue systems can help the target user to complete a task faster and make the
dialogue more efficient. In a personalized dialogue system, the personal information and prefer-
ence of the target user are recorded and utilized, thus the personal dialogue policy can generate
personalized sentences and speed up the dialogue process for the target user. In personalized dia-
logue systems, the dialogue policy and response generation for each user is different. Training a

whole personalized dialogue system requires a lot of data and the data collected from a single user
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Figure 5.1: Framework for Personalized Task-oriented Dialogue System

is usually insufficient. Multi-tasking can be used to transfer dialogue knowledge across different

users by sharing training dialogues.

However, current neural network transfer models work on the entire sentence, but the phrases
concerning personal information from different users should not be transferred across users at all.
For example, if the dialogue data from a sugar lover is used to train a personalized dialogue system
for a diabetes patient, the system might recommend sweet drinks to the patient and cause a disaster.
Hence, we think that knowledge transfer in personalized dialogue systems should be conducted in

finer granularity.

In this chapter, we propose a personalized decoder that can transfer shared phrase-level knowl-
edge between different users while keeping the personalized information of each user intact. A
novel personal control gate is introduced in the proposed personalized decoder, enabling the de-
coder to switch between generating shared phrases and personal phrases. For example in Fig-
ure [5.2(b)} “Hot Latte” is a personal phrase and “Still” and “?” are shared phrases. The person-
alized decoder can generate different personal phrases for different users in a sentence, while the
knowledge for the shared phrases is shared among all users. The proposed personalized decoder
can be easily used with various base models to achieve fine-grained phrase-level dialogue knowl-
edge transfer between different users. Real-world experimental results show that the personalized

decoder can improve the BLEU score over multiple sentence-level transfer models by as much as
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7.5%.

5.1.1 Challenges

To address the transfer reinforcement learning problem and learn an end-to-end dialogue policy for

the target user, we are facing the following challenges.

1. There is no ground-truth dialogue state space for each dialogue domain, and there is no state
annotation for each dialogue sentence. We have to design an end-to-end dialogue policy,

which can learn the dialogue state as a latent factor.

2. Different users have different preferences, resulting in a different data distribution for each
user. Naively transferring the whole dialogue sentence across users might lead to personal
information leakage, and the policy in the target domain might generate inappropriate sug-
gestions. We have to design a model that could separate the common knowledge with the

personal knowledge.

3. The common knowledge is mixed with the personal information that should not be trans-
ferred. Existing methods either transfer the whole dialogue sentence or transfer nothing at
all, and either way could not fully exploit the knowledge in the source domain safely. We
have to design a fine-granularity control mechanism, which could enable the transfer of only

the common knowledge.

5.1.2 Related work of Transfer Learning in Neural Based Dialogue Response
Generation Systems

learning-based task-oriented dialogue systems [20, 42, 137, 138, 1177, [17] can select appropriate an-
swers from a set of predefined answers. GaSic et al. [37,38] used transfer learning in the dialogue
management module to extend a dialogue system to handle previous unseen concepts. Williams et
al. [1777, [1'/] used learning methods in spoken language understanding and dialogue management.
These methods require the predefined answer candidates or templates. Wen [169, [165] [166] pro-
posed to use trainable modules for each part of the dialogue system which do not require predefined
answer candidates or templates. However, this model still requires the predefined slots for dialogue

policy learning, which limits its application.

Neural based dialogue response generation systems require neither the answer candidates/tem-

plates, nor the predefined slots for dialogue policy. Sequence to sequence (seq2seq) models and
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Still Hot Latte ?

(a) Response generation with a basic decoder. h"“ is not shown since it is the same
for all time step ¢.

Still Hot Latte ?

(b) Personalized response generation with the proposed personalized decoder. The
personal control gate at different time steps are denoted in gray circles.

Figure 5.2: Response generation comparison

their variants 118l are widely used to model dialogues. However, data collected

from each user is insufficient for training a personalized dialogue system.

Multi-task learning is used to transfer knowledge in sequence to sequence model. Luong et
al. [82] proposed to share encoder/decoder across different tasks in order to achieve knowledge
transfer. However, these knowledge transfer works on the granularity of sentences. Since different
persons have different preferences and require different dialogue policies and responses, directly

transferring sentences across different users might lead to a negative transfer.

In this chapter, a personalized decoder is proposed for response generation, which is capable
of transferring dialogue knowledge, and it can easily be combined with many models including

seq2seq [134] and HRED [118]].

5.2 Model: Personalized Decoder

In this section, we firstly introduce the proposed personalized decoder, then introduce the combi-

nation of the personalized decoder with two models, and finally present the training method.
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5.2.1 Problem

In this section, we first define notations and then present the problem settings.
Notation In this thesis, matrices are denoted in a bold capital case, column vectors are in a bold
lower case, and scalars are in a lower case. Question in the n-th turn is denoted by XV = {xzt}ﬁ;z ,

and N* is the number of words in X*. Response in the n-th turn is denoted by Y, = {yg,t}ﬁ’y,
where N} is the number of words in Y. To be consistent, a dialogue turn is indexed by n and a

word is indexed by t.

Problem Definition

Target Domain: John’s Dialogue
Coffee Shopping Dialogue
(X=customer, Y=system)
X, Canl have coffee please?
Y, What coffee would you like?

X, Iwould like a cup of Mocha.

vz o

Candidate Reply Generation
Y,: Cold Mocha deliver to <word5> <word6> ...

o e

Source Domain

Alice’s
Dialogues
Dialogues
g

Dialogues

Figure 5.3: The problem illustration

The problem is illustrated in Figure [5.3] Given the conversation history of multiple users, we
aim to learn an end-to-end personalized task-oriented dialogue system for each user. The input of

the problem are:

1. Historical dialogue sessions 7% = {X" Y* r®},_; of each user, where 7 is the reward

n

obtained at n-th dialogue turn.

2. Personal word label O = {o" .}V, for each word in Y;*, where o* , = 1 means that z* , is a

personal word and oy, , = 0 means the word 7, , is a general word.
The output of the problem are:

1. A dialogue policy 7* for each user u, which generates a response Y, for each dialogue

history H* = {{X® Y;*}71=}, X¥}.
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Personal Word Label Annotation

In the setting of task-oriented dialogue systems, the personal words have a clear boundary. They
are well defined as the words related to all possible choices (in our case, coffee-type, temperature,
cup size, address) in the domain slots, so there is only one correct way to assign personal word

label. We used 3 methods to annotate personal words.

1. Firstly, for coffee type, temperature and cup size slots in which all possible choices could be

enumerated, we used keyword matching to identify the possible choices.

2. Secondly, for the address which cannot be enumerated, we use the semantic tree parser.
Based on special keywords such as road, building, city name, the semantic parser can give a

rough guess for the addresses.

3. Finally, in order to improve the label quality, human labelers are asked to correct mistakes in
the previous steps and they are instructed to find the synonyms and abbreviations for all the
slots considering coffee-type, temperature, cup size and addresses and mark these words as

personal words.

In other task-oriented dialogue systems with a different domain or different dataset, we can follow
a similar procedure to collect labels for personal words. We can either collect all possible choices
in the slots or find the pattern for the slots. Moreover, we can use statistical techniques such as IDF

and machine learning models to find the pattern of the slots automatically.

5.2.2 Decoder for Response Generation

In this section, we introduce the mathematical formulation of the proposed personalized decoder.

Basic Decoder The hidden state for the ¢-th word in the n-th turn is defined as

by = tanh(Whyi, + Uy, + Vo),

n,t

where §,, , is the word embedding of the last word ¢, , in the same sentence, and tanh(:)

denotes the hyperbolic tangent function. The decoder RNN in Figure [5.2(a)| takes hZ:g and h!"“ as

input{] and then generates the response word by word, where h“ is the embedding vector used to

h®:¢ is not shown in Figure|5.2(a)|since it is the same for all time step .
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generate the current response. The probability of generating the next word g;; , =y given hZ’f and

?)Z“Z,t_l is
wh! g, ) = Hoh! + By, | + b, (5.1)
g(hid, gt 1,y) = olw(hiy, gu, ) (5.2)

eXp(g(h%i gg t—1» Y))
u,d  ~qy
> vy exp(g(hyy, 01, y7))

Py =v) = (5.3)

where oy is the output embedding for word y, and Hy, E, and b, are parameters.

Personalized Dialogue Decoder for Phrase-level Transfer Learning In this section, we present
the proposed personalized decoder as illustrated in Figure[5.2(b)l While the sentence-level transfer
is to transfer entire sentences, the proposed personalized decoder is on the phrase level and is to
transfer a shared fraction of the sentences to the target domain, where a phrase is a short sequence
of words containing a coherent meaning, for example, an address. In order to achieve maximum
knowledge transfer and to avoid negative transfer caused by differences in user preferences, the
proposed personalized decoder has a shared component and a personalized component. In order
to learn to switch between the shared and personal components in the phrase level, we introduce a

personal control gate o, , for each word, which is learned from the training data.

Given the the embedding vector for the n-th response h;“ and initial hidden state hf{:g for the

predicted word g, 5, the initial states are computed as

u,g u,d u  _ 1ud o
hn,O_hn()?hnO_hnO’ nO_O

yZO_O yn7g_0

where h, "/ is the hidden state for the shared component, and 7,/ records the last word generated by

the shared component, hy , is the hidden state for the personal component, and h is the hidden

state for generating the word g, ;.

The shared component adopts the GRU model to capture the long-term dependency and is

shared by all users. Specifically, at each time step ¢, the shared component is defined as

z!, = o(Wohy! | + Us9? | + Vhie +b,) (5.4)
ry, =o(W¢hy! | +U2y,7 |+ Vihi +b,) (5.5)

hi? = o(Wi(rt, @ hty ) + Ulywd | + Vihee + by) (5.6)
hi! =z, ©hty | + (1 —z,) ©hyy, (5.7)
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where ® denotes the element-wise product between vectors or matrices, o(-) is the sigmoid func-
tion, z, , is the update gate, ry , is the forget gate, and h“’g is the tentative updated hidden state.
If the t-th word is a shared word (i.e., 0,;, = 0), then we update the shared hidden state and last
general word as usual and otherwise h“’g and y,"/ remain unchanged. Thus h;’{ and §,"? can be

updated as
hyd = (1-0},) ohy+o4, ©hye (5.8)

y?’g = (1 - 5:;::) © 5’?—1 + 52,1& © }A’;tgl- (5.9)

The personal component is a RNN model, which generates personalized sequence based on
sentence context h,’/ from the shared component. There is an separate RNN model for each user.

At each time step ¢, the personal component receives ¥}, hy, , and h,*} ;| as inputs and

nt’

outputs h* ,, which is defined as

nt>
hY, = o(W"h", | + U"y", | + V'hY? ). (5.10)

The personal hidden state will be update as
ht, = (1-¢,) ©hW{ + o, ©h, (5.11)
h} ; equals h“t if the control gate is on corresponding to oy, , = 1. If 0}, , equals 0, hy; , will take

the value of h, 7.

The personal control gate o}, , is binary, i.e., o , € {0,1}. The predicted control gate oy, , at

: : : AU u,g u GUu
time ¢ is a function of 0, , |, h,¥ 1, hy, j,and y7, aﬂ

o(Weh, 7+ U295 1 +b,) ifop, ;=0

p(o"’t:”_{ C(WIRY, |+ U5, | +bY) if o, , =1 (5.12)

. decides whether to use the personal component to generate the next word. h¢ nt 18 defined as
byt = (1-0%,) O byt + 0%, ©hy, (5.13)

where hZf is the hidden vector that directly generates the next word g, , and the probability of
generating the next word y,, , is defined by the generation process in Egs. (5.115.3).

The decoding procedure is as follows:

u,g u
n,0° “*n,0°

1. Initialize h O 0: Y 05 V' based on h” and h;“. o,  1s initialized to be 0 and ¥,

18 initialized to be a zero vector O.

2In training process, the ground-truth 0, 1 is used as label to train the prediction function for oy, ,
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Figure 5.4: Model framework for personalized HRED, obtained by combining HRED with Person-
alized Decoder

2. Compute personal control gate 6y, , based on h}¢, 6%, ;, hy? |, hy, | and §}* | with Egs.

3. Compute h,/, hy ; and the output hidden state hg;f based on the personal control gate 0, ,

4. Generate g, , based on the output hidden state h“ + with Egs. (5.13).

5. Repeat step 2 to step 4 until the ending symbol.

The shared and personal components can be trained together with reinforcement learning as illus-

trated in the parameter learning section.
Compared with the basic decoder, the personalized decoder is novel in the following aspects:
1. Knowledge is transferred in the phrase level rather than the sentence level.

2. There is a shared component for knowledge transfer and a personalized component for each

user in order to avoid negative transfer caused by different data distributions.

3. The personal control gate can learn when to use the shared component and when to use the

personal component to generate a fluent and personalized response.

5.2.3 Combining HRED with Personalized Decoder

In this section, we show how the proposed personalized decoder can be combined with hierarchical
recurrent encoder-decoder (HRED) [[118] to make a personalized HRED, whose model is shown in
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Fig.

In the personalized HRED, there are a low-level encoding RNN, a high-level RNN, a dialogue
policy and a personalized decoder. The low-level encoding RNN for spoken language understand-
ing encodes user utterances into a user action vector, the high-level RNN is responsible for dialogue
state tracking, the dialogue policy maps the dialogue state to the action vector, and the personalized

decoder is responsible for generating words as the response.

Spoken Language Understanding with Word Encoder The low-level encoder RNN for spo-

ken language understanding maps each X = {x, ;, 71 5, - , T, Nnu,z} to a fixed dimension vector
u,e
e 88
u,e ey, U,e e, U
h,; = tanh(W°h, i, + Uk} ,), (5.14)

where x7, ; is the word embedding vector of xy, ,, U® is the input embedding matrix and W* is

the weight matrix corresponding to hidden state (word-level) transition function. Similarly we can

define a mapping from the response Y,' = {y,; 1, U 9, , Yy N;:,y} to the response vector fl?\}i,z as
h,y = tanh(W*hyy_; + Ucyp ). (5.15)

Dialogue State Tracking with Sentence RNN The high-level sentence RNN tracks dialogue
states based on all previous sentences in the dialogue. This RNN takes h" .., , h" ... and h,,
AV —1 3 41Vn

as the input to generate next dialogue state h!"“ as:

hy,%y = tanh(Wh, ) + Uh) ) (5-16)
¢ = tanh(Weh' + U°h",... ), .17

where hz’fl N and th\,w are encoding vectors of sentences Y,* ; and X/, U¢ is the embedding
4V —1 iVn

matrix for the input, and W€ is the weight matrix corresponding to the hidden state (sentence-level)

transition function.

Dialogue Policy with Linear Transformation Given the current dialogue state h"“, the action

d -
vector h,’q is calculated as

h¢ = tanh(Doh® + by) (5.18)
where D and by are the policy parameters.

Response Generation with Personalized Decoder Then the personalized decoder takes h'¢

and hfL”g as inputs to generate the response Y, word by word.
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The joint probability of (H}, O¥, Y,*) is given by:

p(HY, O V") = p(H)p(OL, Y, HY) (5.19)
n—1
p(HY) = [ [ (O}, Y| HY), (5.20)

k

uy . .
where O = {ozvt}&o is the collection of control gate variables for sentence Y,".

5.2.4 Combining Seq2Seq Model with Personalized Decoder

The proposed personalized decoder can be combined with the popular seq2seq model proposed in
[134]. We can build a personalized seq2seq model by replacing the original decoder in the seq2seq
model with the proposed personalized decoder. The whole encoder and the common component of
the personalized decoder are shared across all users, while each user has his own personal compo-

nent in the personalized decoder.

Moreover, the proposed personalized decoder can also be easily combined with many other

models to achieve knowledge transfer.

5.2.5 Parameter Learning

The whole model is trained in an end-to-end manner with reinforcement learning [[135] such that the
model will generate personalized system response according to current dialogue state to maximize

the future cumulative reward.

Reward The agent will receive general rewards and personal rewards, and the total reward is
the sum of general reward and personal reward. The general and personal rewards will be received

under the following conditions:

1. Personal rewards of 0.3 will be received when the user confirms the suggestion of the agent.
This is related to the personal information of the user. For example, the user could confirm

the address suggested by the agent.

2. General rewards of 0.1 will be received when the user provides the information about the

target task.

3. General rewards of 1.0 will be received when the system helps the user finish the target task
successfully.
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4. General reward of —0.2 will be received by the agent when the user rejects to proceed if the
system is generating non-logical responses. A reward of —(0.05 will be received for each the

dialogue turn.

The reward score is designed with the following strategy. The agent is encouraged to actively make
personalized suggestions instead of asking general questions if it has more than 0.6 probability of
being correct. By using p to denote the probability of correct guess, the expected reward of making
suggestions is 0.3p0.2(1.0 — p) and the expected reward of asking a general question is 0.1. Solving
0.3p0.2(1.0 —p) > 0.1 implies p > 0.6. If p < 0.6, then the agent is discouraged to make a random

guess. The task completion reward is set to a larger value 1.0.

Loss function We use the policy gradient method to learn the parameter of the model. Specifi-
cally, we use the REINFORCE [178] algorithm. The training set D" consists of a set of trajectories
T" = {H} O Y", ri},—1, which records actions provided by the user. We denote all these pa-
rameters by O, and the model policy is denoted by 7.

We define the return of the trajectory J7* = Zivzl 7"~ 1r¥ where r¥ is the reward obtained at

n-th dialogue turn. Then the loss function is defined as the expected reward of the policy under all

trajectory 7 € D":

J(©) = / p(T*©)JT dT™, (5.21)

whose gradient can be computed as

N
NeJ(©) =E{) Aelogme(Hy}, O Y, } (5.22)

n' - n/Yn
n=0

where J7* = N, k=nyu g the future cumulative reward and N is the total number of dialogue
n k=n i k g

turns.

Optimization We adopt the Adam algorithm [61] to optimize our model. We train the model
on data collected from different users, where the shared parameters are updated in each iteration
while the personalized parameters are updated based on data collected from the corresponding user

only.

5.3 Experiments

In this section, we experimentally verify the effectiveness of the personalized decoder by conduct-

ing experiments on a real-world dataset and a simulation dataset.
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We compare the proposed two personalized phrase-level transfer models with their sentence-
level counterparts and none-transfer versions. Note that we do not assume the predefined dialogue

states or templates, thus rule-based systems do not apply here. All methods are listed as follows:

1. None-transfer seq2seq [[134] (denoted by “S2S”): The sequence to sequence model is trained

only with data from each individual user without transfer learning.

2. Sentence-level transfer seq2seq [82]] (denoted by “ST-S2S”): The sequence to sequence model
trained in a multi-task setting with both the encoder and the decoder shared across all users.

Sentence-level knowledge is transferred.

3. Sentence-level encoder transfer seq2seq [82] (denoted by “ST-E-S2S”): The sequence to se-
quence model is trained in a multi-task setting with the encoder shared across all users but a

different decoder for each target user. Sentence-level knowledge is transferred.

4. Personalized phrase-level transfer seq2seq (denoted by “PT-S2S”): The sequence to sequence
model is equipped with the proposed personalized decoder and trained in the multi-task set-

ting. Phrase-level knowledge is transferred.

5. None-transfer HRED [118] (denoted by “HRED”): The HRED model is trained only with

data from each individual user, without transfer learning.

6. Sentence-level transfer HRED (denoted by “ST-HRED”): The HRED model is trained in a

multi-task setting, while sentence-level knowledge is transferred.

7. Personalized phrase-level transfer HRED (denoted by “PT-HRED”): The personalized HRED
model with the proposed personalized decoder is trained in a multi-task setting. Phrase-level

knowledge is transferred.

Table 5.1: Statistics of the dataset

Train Set Test Set
Dataset Users | Dialogues | Users | Dialogues
Simulation 10 50 10 2,000
Real 52 464 52 831
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5.3.1 Simulation Experiments

In this section, we conduct experiments on a simulation dataset.

We build a rule-based user simulator for multi-turn coffee ordering services. The user simulator
will order his favorite coffee with probability 0.8 and try new coffee with probability 0.2. The simu-
lated user will answer questions about the coffee type, the temperature, the cup size and the delivery
address. The user will give rewards according to the reward function defined in the reward section.
All models will select an answer with the highest generative probability from a set of answer can-
didate templates, which is filled with the confirmed information obtained from the simulation user.
In order to obtain ground-truth dialogues, we design a rule-based ground-truth agent which will
choose the best reply with probability 0.8 and choose a random reply with probability 0.2. We have
10 simulated users in total. For each user, 5 dialogues are collected for training and 200 dialogues
are collected for testing. In the training and testing processes, all interior ground-truth information

and slot information will not be used.

We use the BLEU [[104]] and slot-error-rate as the off-line evaluation metric, and use the aver-
aged reward and averaged success rate as the online evaluation metrics in order to fully evaluate
our models. The original slot-error-rate is the ratio of the number of wrong-slots and missing-slots
over the total number of slots in the given ground-truth structured system action. However, in our
setting, the ground-truth structured system action is not given before response generation, thus the
missing-slots do not make sense. We modify the definition of slot-error-rate so that it can adapt to
our setting. The wrong-slots are defined as the slots not in the simulated user’s preference. Hence
we define the slot-error-rate as the ratio of the number of wrong-slots over the total number of slots
in the generated sentence. Note that a low slot-error-rate doesn’t necessarily mean the responses
are fluent or appropriate, it only means fewer wrong-slots in the responses. For online testing, each
simulated user will generate 1000 coffee orders and the mean and standard deviation of rewards ob-
tained in the dialogues are reported. We run the experiments with 5 different random seeds and we
report the mean and standard deviation of the BLEU, slot error rate, averaged rewards and success

rate.

All results are shown in Figures 5.6(b)| with details listed in Table The none-transfer
models, i.e., “S2S” and “HRED”, work well because the simulated dialogues are relatively simple.
The sentence-level transfer methods “ST-S2S”, “ST-E-S2S” and “ST-HRED” perform worst pos-
sibly due to the negative transfer. By analyzing the online evaluation records, we found that the

sentence-level transfer methods suffer from, for example, using the wrong personal information as
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Figure 5.5: BLEU and Slot-error-rate for the simulation dataset
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Figure 5.6: Averaged reward and success rate for the simulation dataset

shown in the case study section. Personalized phrase-level transfer methods obtain most of the per-
sonal information correctly and hence achieve the highest averaged reward, success rate and BLEU
scores. These results show that our personalized decoder can improve baseline models and avoid

negative transfer caused by domain differences.

5.3.2 Real-World Experiments

In this section, we conduct experiments on a real-world dataset.

The dataset is a coffee ordering dataset collected from an O20 service in China. The dialogues

are conducted between real customers and real waiters via instant messages. The customers are
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Table 5.2: Simulation Experiment Results

Simulation
BLEU Reward SuccessRate SlotError
S28S 0.5931 + 0.0182 0.8478 + 0.0724 0.6667 + 0.0302 0.0708 + 0.0061

ST-S2S || 0.4297 £ 0.0099 | 0.4485 + 0.0606 | 0.5310 & 0.0302 | 0.4103 =+ 0.0026
STE-S2S | 0.5856 +0.0123 | 1.0121 +0.0633 | 0.7691 & 0.0285 | 0.0627 + 0.0048
PT-S2S || 0.6685 & 0.0050 | 1.1493 + 0.1086 | 0.7945 + 0.0503 | 0.0638 & 0.0038
HRED | 0.6575 £ 0.0029 | 1.1187 + 0.0241 | 0.8095 & 0.0112 | 0.0862 =+ 0.0120
STHRED | 0.5058 + 0.0048 | 0.7860 + 0.1085 | 0.7199 + 0.0650 | 0.3763 + 0.0046
PT-HRED || 0.7193 + 0.0148 | 1.5247 + 0.0413 | 0.9587 & 0.0164 | 0.0405 + 0.0051

frequent shoppers, and the waiters are specially trained. On average there are four turns of inter-
actions in each dialogue. In this dataset, there are 52 users with 8.9 dialogues on average for each

user. The statistics of this dataset are listed in Table 5.1l

We also use the BLEU as the evaluation metric. For the BLEU score, 1-gram and 2-gram are
used because many sentences are relatively short. Reward and success rate cannot be calculated
because policies cannot be run live on static data. For each dialogue turn in each testing dialogue,
we randomly generate five system responses, and we calculate the averaged BLEU score over the
five responses. We train each model with five different random seeds and report the mean and

standard deviation of the scores in the test set.

All results are listed in Figure with details listed in Table [5.3] We can see that “S2S” and
“HRED” have lowest BLEU score, because the training data from each individual user is insuffi-
cient for training a competitive model. The sentence-level transfer methods “ST-S2S”, “ST-E-S2S”
and “ST-HRED” have higher BLEU score than none-transfer methods, which demonstrates that
transfer learning can indeed help improve the performance. The personalized phrase-level transfer
methods “PT-HRED” and “PT-S2S” outperform their corresponding sentence-level counterparts,
i.e., “ST-S2S”, “ST-E-S2S” and “ST-HRED”, in terms of BLEU, which demonstrates the effec-
tiveness of the personalized decoder. Specifically, “PT-HRED” improves “ST-HRED” by 7.5%
in terms of BLEU. These experimental results again demonstrate that our personalized decoder

improves several baseline models and alleviates the negative transfer effect.

5.3.3 Case study

In this section, we show a case to compare a sentence-level transfer model and a phrase-level trans-

fer model to see how personalized decoder avoids negative transfer. As shown in Table we can
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Figure 5.7: BLEU for the real-world dataset

Table 5.3: Real-data Experiment Results

Real data
BLEU
S2S 0.1278 £ 0.0039
ST-S2S 0.1411 £ 0.0078
ST-E-S2S || 0.1513 + 0.0046
PT-S2S 0.1609 £+ 0.0055
HRED 0.1387 £ 0.0032
ST-HRED | 0.1477 4+ 0.0062
PT-HRED | 0.1588 + 0.0093

see that the sentence-level transfer method “ST-HRED” transfers the wrong personal information
from other domains and thereby leads to the failure. On the contrary, “PT-HRED”, the phrase-level
transfer method, does transfer the correct personal information. As a result, it successfully avoids

negative transfer caused by domain differences.

5.4 Conclusion

Training a personalized dialogue system requires a large amount of data, which is usually un-
available from an individual user. The existing seq2seq transfer learning models operate on the
entire sentence, while personalized dialogues require finer granularity. We propose a personalized
decoder, which can transfer phrase-level information between different users while keeping person-
alized information intact. The proposed personalized decoder can be easily combined with many

models including seq2seq and HRED to achieve knowledge transfer. Experimental results demon-
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Table 5.4: A case study by comparing the sentence-level transfer model “ST-HRED” and the
phrase-level transfer model “PT-HRED”, where the personal words are in bold.

Response Generation Comparison

User:
Truth Agent:

ST-HRED:

PT-HRED:

I want a cup of coffee.

Same as before, tall hot macchiato
and deliver to Building No.1, Zhengda
Wudaokou Plaza, No.1199 Minsheng
Road, Pudong District, Shanghai?
Same as before, tall hot latte

and deliver to the Fiyta Building, Science
and Technology Part, Shen Zhen?
Same as before, tall hot macchiato
and deliver to Building No.1, Zhengda
Wudaokou Plaza, No.1199 Minsheng
Road, Pudong District, Shanghai?

strate that the phrase-level transfer personalized models improve the BLEU over multiple sentence-

level transfer baseline models. We will study dialogue transfer learning under finer-granularity like

prefix and stem in the future.
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CHAPTER 6

TRANSFER REINFORCEMENT LEARNING
THROUGH SIMULTANEOUS SPEECH-ACT AND
SLOT ALIGNMENT

Dialogue policy transfer enables us to build dialogue policies in target domains with little data, by
leveraging knowledge from a source domain with plenty of data. Dialogue sentences are usually
represented by speech-acts and domain slots, and the dialogue policy transfer is usually achieved
by assigning a slot mapping matrix based on human heuristics. However, existing dialogue policy
transfer methods cannot transfer across dialogue systems with different speech-acts, for example,
between systems built by different companies. Also, they depend on either common slots or slot
entropy, which are not available in situations when the source and target slots are totally disjoint and
full database access is not available to calculate slot-entropy. We propose the Policy tRansfer across
dOMalns and SpEech-acts (PROMISE) model, which is able to transfer dialogue policies across
domains with different speech-acts and disjoint slots. The PROMISE model can learn to align
different speech-acts and slots simultaneously, and it does not require common slots or slot entropy.
Both real-world dialogue data experiments and simulation experiments demonstrate that PROMISE

model can effectively transfer dialogue policies across different speech-acts and different domains.

6.1 Introduction

Based on the method, task-oriented dialogue systems can be divided into rule-based and learning-
based systems. Learning-based dialogue systems can learn robust dialogue policies from dialogue
training data without hand-crafted dialogue decisions made by the human, but a lot of training
dialogues are needed to train the dialogue policy. In this chapter, we focus on the dialogue policy

learning in multi-turn task-oriented dialogue systems.

Transfer learning can be used to build a dialogue policy on a target domain with limited data,
by leveraging the dialogue policy and dialogue data from a different source domain. The sentences
in task-oriented dialogue systems are usually represented by speech-acts and domain slots. For
example, “I want to book a four-star hotel” can be represented by “inform(type=hotel, stars=4star)”,

where “inform” is the speech-act, “type” and “stars” are the slots related to hotel booking domain,
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and “hotel” and “4star” are specific slot values for the two domain slots. Many dialogue policy
transfer methods have been proposed. Gavsic et al. [377, [38] propose to adapt a dialogue policy to
an extended domain with additional slots by leveraging common slots and by manually defining
a slot similarity function. Gavsic et al. [36] propose to calculate a normalized entropy for each
source and target slot, and then build a cross-domain slot similarity matrix by aligning the source

and target slots with similar normalized entropy.

However, existing dialogue policy transfer methods cannot transfer across dialogue systems
built with different speech-acts, e.g., between systems built by different companies. The speech-
act “inform” in a dialogue system might correspond to the speech-act “tell” or even “Actionl” in
another dialogue system. Moreover, existing dialogue transfer methods do not work in situations
when the source and target domains do not have common slots and when full database access is not

available to calculate the normalized entropy for each slot.

We propose the Policy tRansfer across dOMalns and SpEech-acts (PROMISE) model, which is
able to transfer dialogue policies across different domains and speech-acts. The proposed PROMISE
model jointly learns a cross-system speech-act similarity matrix and a cross-domain slot similarity
matrix, with plenty of source training dialogues and a few target dialogue data. In addition, the pro-
posed algorithm does not require common slots or full database access to calculate the normalized
entropy for each slot. Extensive simulations and real-world experiments show that the PROMISE
model can effectively transfer dialogue policies across domains with different speech-acts and dis-

joint slots.

The contributions of this chapter are three folds:

1. We define and formulate the simultaneously cross speech-act and cross-domain dialogue

policy transfer problem.

2. We propose a novel transfer learning model, the PROMISE, for the problem. The PROMISE
model can transfer across different domain slots and different speech-acts, and it does not
require common slots or a full database access to calculate the normalized entropy for each

slot.

3. We conduct simulation experiments and collect a real-world cross-domain dialogue dataset to
evaluate the proposed algorithm, the experimental results show that the proposed algorithm

can effectively transfer dialogue policies across domains and speech-acts.
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6.1.1 Challenges

To transfer dialogue policy across domains and systems, we have to overcome several challenges.

1. The source domain and the target domain have different sets of slots. Traditional cross-
domain policy transfer methods require a human predefined cross-domain slot mapping ma-
trix, which might be inaccurate and require a lot of human effort. Some methods propose
to calculate a normalized entropy for each source/target slot in the whole entity database,
but a full access to the whole entity database might not be accessible in many applications.
We need to learn the cross-domain similarity matrix with only a small number of dialogue

records in the target domain.

2. The source domain and the target domain have different speech-acts. Existing methods only
consider the policy transfer across domains in the same dialogue system with the same set of
speech-acts. However, if the source domain dialogue policy is built by a different group with
different speech-acts, existing methods fail to transfer. The semantic meaning of dialogue
states and dialogue actions are determined by the combination of speech-acts and domain
slots, which makes the learning more complicated. In order to transfer dialogue policy in this
scenario, we need to learn the cross-domain speech-act mapping matrix simultaneously with

the slot mapping matrix, with only a small number of target domain dialogue records.

6.1.2 Related Work of Cross-Domain Dialogue Policy Transfer

In this section we introduce the related works.

Transfer learning [[102] has been used in dialogue systems to solve the data sparsity problem
in spoken language understanding, dialogue state tracking, dialogue policy learning and natural
language generation. In this chapter, we focus on dialogue policy transfer learning problems on
the multi-turn task-oriented dialogue systems. Gavsic et al. [37, |38] propose to adapt a dialogue
policy to an extended domain with additional slots with policy fine-tuning and using source domain
dialogue policy as prior. In this case, the source domain and the target domain should have a
considerable portion of common slots, or the similarity value between new slots and old slots
have to be manually assigned. Gavsic et al. [36] propose to build a cross-domain slot similarity
matrix by using a normalized entropy for each slot, and matching the source slots and target slots
according to the normalized entropy of each slot. However, the normalized entropy for each slot

cannot be directly calculated from the training dialogue, because an additional full access to the
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whole databases in the source domain and target domain is needed. Moreover, existing dialogue
policy transfer learning methods cannot transfer across dialogue systems built with a different set

of speech-acts.

Transfer learning techniques for reinforcement learning [141] has been used in various do-
mains, but most methods require a predefined state mapping or action mapping assigned by human
experts. Taylor et al. [140] propose to test all possible state and action mapping off-line one by
one and choose the mapping that can minimize prediction error of target model on the source data.
However, the number of all possible state and action mapping grows exponentially in the number
of actions and slots, so this algorithm is computationally inefficient and impractical for real-world

task-oriented dialogue systems.

In contrast to the above mentioned related works, the proposed PROMISE model is able to
transfer dialogue policies across domains with different slots and across systems with different
speech-acts, and it does not require the source and target tasks to share common slots or the full
access to the whole database to calculate entropy. And our algorithm is optimized via convex

optimization, which is computationally efficient.

6.2 Model: PROMISE

In this section, we introduce the dialogue model. Firstly we briefly introduce the single domain

dialogue system, then we introduce the proposed PROMISE policy transfer model.

6.2.1 Notation

In this thesis, matrices are denoted in a bold capital case, column vectors are in a bold lower case,
and scalars are in a lower case. The utterance of the user is denoted as X, and the utterance of the
agent is denoted as Y. A multi-turn dialogue record is denoted as { X,,, Y;,, 7, } n—0, Where r,, is the

immediate reward for the n-th dialogue turn.

6.2.2 Problem Definition

The problem is illustrated in Figure Given a target domain with a few training dialogues and
a source domain with plenty of training dialogues, the problem is to learn a dialogue policy in

the target domain by leveraging knowledge in the source domain. Note that in this problem, the
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Source Domain Target Domain
Coffee Shopping Dialogue
(X=customer, Y=system)
Restaurant X, Can |l have coffee please?
Booking Domain Y, What coffee would you like?

X, Iwould like a cup of Mocha.

n @

Abstract Reply Set
Y.1 Request(Address): What is your address?
Y., Request(Temperature): Hot Mocha or Iced Mocha?

Figure 6.1: The problem illustration

speech-acts and domain slots in the source domain and target domain can be completely different,

and no external database is available besides the training dialogues. The input of the problems are:

1. Plenty of source domain training dialogues D* = { X2 Y5 r, },—o.

2. A few target domain training dialogues D' = { X! Y! 7, },—0.
The output of the problems is:

1. A dialogue policy 7 for the target domain.

6.2.3 Different Abstractions of Sentence and Dialogue State

In order to let the model have better generalization ability, there is three levels of abstraction for
the sentences and the dialogue states in the PyDial package. The details are summarized in
Table

1. Original sentences and dialogue states. This is the original input of the dialogue system,
where each sentence is represented by a sequence of words. The user utterance in the n-th
dialogue turn is notated by X,, and the agent reply is notated by Y,,. The dialogue state for

the n-th agent reply Y, is notated by
Hn = {{Xk7Yk}Z;i7Xn}a (61)

which is the collection of all previous user utterances and agent replies in the current dialogue

session. For example, X;="1 want to find an expensive hotel”.
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Table 6.1: Different Levels of abstraction for sentences and dialogue states.

Abstraction
Level

Notation

Description

Example

Original

Xn, Yo, Hn

H, = {{X}, Vi }721, X}

X;="I want to find an expensive hotel”

Abstracted | X ns Yo, H n

X;="“inform(type=hotel,
price=expensive)”’;

H, = {lap., = 10, a; = inform,
{8, = price, 0; = expensive}, {}}

Xn = {am {Sk = Uk}k:1}7
}fn = {a’;w {S;c = Ullc}k=1}7
Hn = {ldb,Tm Qp, {§k7 fak}a {§k7 ’Dk}}

X, = [an, Sn), x; = [[0,0,0,1],]0,1,0,0]];
Summary Xn, Yo, N | Yo = @0, 80, h; = [[10],
hn = [ldb,na An, éna én] [07 07 07 ]-]7 [07 17 Oa 0]7 [07 07 Oa OH

2. Abstracted sentences and states. This is the first abstraction of the dialogue system, which

is used in the spoken language understanding module, the dialogue state tracking module and
the natural language generation module. In this abstraction level, each sentence is represented

by a speech-act a, a collection of slots s and their slot-values v. An abstracted user utterance

is denoted by
Xo = {an, {sr = vi}i} (6.2)
and an abstracted agent reply is denoted by
Y, = {a,. {si, = vi}r}- (6.3)
The abstracted dialogue state for the i-th agent reply is denoted by
-Hn - {ldbmJ Ay, {§k7 6/6}7 {§k7 ﬁk}}a (64)

where [g,,, is the number of entities that match all requirements, a,, is the latest user speech-
act, {3y, Uy} is the collection of constraints obtained from the user and {3y, v} is the collec-
tion of questions asked by users about slots s. For example, X;="1 want to find an expensive
hotel” can be represented by X 1="inform(type=hotel, price=expensive)”’, and H, = {lay =

10, a; = inform, {5, = price, #; = expensive}, {}}.

. Summary sentences and states. This is the highest abstraction level [[144, [183]] of the dia-
logue system used inside the dialogue policy module. In this abstraction level, each sentence
is represented by a speech-act one-hot vector a,, and a slot one-hot vector s,, without the
slot value. Compared with the abstracted sentence and abstracted dialogue state, there is no
slot-value in the summary sentence and summary dialogue state, since the dialogue policy

can select an appropriate response by knowing which slot is constrained without knowing the
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exact slot value. A summary user utterance is notated by

X, = [an, S (6.5)
and a summary agent reply is denoted by

Yn = [a'n,8"], (6.6)

where a,, is the one-hot vector for the speech-act and s,, is the one-hot vector for the corre-

sponding slot. The summary dialogue state for the :-th agent reply is denoted by
hn = [ldb,na an, éna én]a (67)

where 14, ,, is a one-hot database state vector indicating the number of entities matching the
current user’s requirements, a,, is the one-hot vector of the latest user speech-act, s, is a
vector indicating whether the user has provided information about each slot so far, and s,, is
a vector indicating whether the user has request information about each slot. For example,
X7="T want to find an expensive hotel” can be represented by x; = [[0,0,0,1],0,1,0,0]],
and hy; = [[10], [0, 0,0, 1], [0, 1,0, 0], [0, 0,0, 0]].

6.2.4 Single Domain Dialogue System

We briefly introduce the single domain dialogue system we used to generate the agent reply Y;, on
each dialogue round based on the dialogue state /,,, and how to update the dialogue state with the

previous user utterance .X,,. We build our model-based on the PyDial [150] package.

The spoken language understanding (SLU) module transforms a user utterance X into the ab-
stracted user utterance X,, = {an,{sx = vk}r=1}, and it is based on the regular expression for

speed and easy of use. It can be written as

X, = SLU(X,,). (6.8)

The dialogue state tracking (DST) module tracks the current dialogue state H,,, based on the pre-
vious dialogue state ﬁn,l, the previous abstracted system utterance ffn,l and abstracted user utter-
ance X,,. The current dialogue state tracking module are built with hand-crafted rules and it can be
written as

H, = DST(H,_1,Y,_1,X,). (6.9)

The dialogue policy model (DPL) can choose the agent reply Y, to maximize future total expected
reward, Y, = ﬂ(ﬁn) The learned Q-function estimates the expected future reward for each pos-

sible agent reply candidate Y,, under the current state, and the agent reply are sampled from these
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candidates according to their Q-value. In this chapter, we use the Gaussian process based dialogue
policy. But the proposed knowledge transfer algorithm can work for any dialogue policy based on

Q-function. The policy can be written as

Y, = argmaXQ(fIn,Y/j). (6.10)
Y

The natural language generation (NLG) module converts an abstracted agent reply in speech-act

slot representation Y, into a fluent sentence Y,,. The current template-based natural language gen-

eration can be written as

Y, = NLG(Y,). (6.11)

6.2.5 The PROMISE policy transfer model

In this section, we introduce the PROMISE policy transfer model. The PROMISE model can learn
to map dialogue states and candidate agent replies from the target domain to the source domain,

and then leverage the Q-function in the source domain.

The PROMISE policy transfer framework can be written as

Q'(h',y") = Q°(fi* ("), £ (y")), (6.12)

where Q*(h*, y*) is the source domain dialogue policy, f/**(h') is the cross-domain state transla-
tion function, ffs(yt) is the cross-domain sentence translation function, which will be detailed in
the following section The source domain dialogue policy can be any dialogue policy, in this

chapter we utilize the popular Gaussian process dialogue policy [41]].

Cross-domain state and action mapping

Before defining the cross-domain state translation function f}**(h’) and the cross-domain sentence
translation function f;QS(yt), we need to firstly define the basic cross-domain speech-act mapping

function f!?*(a’) and the cross-domain slot mapping function f25(s").

The cross-domain speech-act mapping function is defined as follows. The source domain
speech-act vector is denoted by a® and the target domain speech-act vector is denoted by a‘. We
use A® to denote the set of all source speech-acts and A® to denote the set of all target domain
speech-acts. We assume a d dimension embedding vector for each speech-act in the source and the

target domains, so the source domain speech-act embedding matrix is E4* € RI4°*¢ and the target
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domain speech-act embedding matrix is EA" € RI4*¢ So the speech-act similarity matrix from

target domain to source domain is defined as
M!?* = softmax(E*" (E4")T), (6.13)

where the element in the i-th row j-th column is the speech-act similarity between the i-th target
domain speech-act and the j-th source speech-act, the superscript 7 denotes the transpose of a
vector or matrix, softmax() denotes the column-wise softmax function making each column sums

to 1. Given a speech-act vector in the target domain a’, the translated source speech-act vector is
a® = fi**(a’) = a"M”. (6.14)

Similarity, the speech-act similarity matrix from the source domain to the target domain is defined
as
M2 = softmax(E4" (EA)7), (6.15)

and the cross-domain speech-act mapping function from the source domain to the target domain is
defined as
a' = f%(a%) = a*M5*, (6.16)

The cross-domain slot mapping function is defined as follows. The source domain slot vector
is denoted by s® and the target domain slot vector is denoted by s’. We use S* to denote the set of
all source domain slots and S* to denote the set of all target domain slots. We have a d dimension
embedding vector for each slot in the source and the target domains, so the source domain slot
embedding matrix is ES° € RI5°*? and the target domain slot embedding matrix is ES* € RISl

So the slot similarity matrix from the target domain to the source domain is defined as
M!?* = softmax(E* (E5")T), (6.17)

where the element in the i-th row j-th column is the slot similarity between the ¢-th target domain
slot and the j-th source slot, the superscript I denotes the transpose of a vector or matrix, softmax()
denotes the column-wise softmax function making each column sums to 1. Given a slot vector in

the target domain s', the translated source slot vector is
t2 t t t2
s* = f.7(s") = s" M. (6.18)
Similarly, the slot similarity matrix from the source domain to the target domain M** is defined as

M2 = softmax(E*" (E5)7), (6.19)
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and the cross-domain slot mapping function from the source domain to the target domain is defined
as
st = f52(s%) = s* M. (6.20)

Now we are ready to define the cross-domain summary state translation function. The source
domain summary state vector is denoted by h® and the target domain summary state vector is
denoted by h'. As the source domain summary state h® can be expressed via speech-act one-hot

vector and domain one-hot slots as

h® = [1,a’, s%, s%], (6.21)
and the corresponding target summary state h’ can be expressed as

h = [ly, a’, st, st], (6.22)

where the 14, is the vector representing the number of entities matching the current requirements
in the database. The cross-domain state mapping function from the target domain to the source

domain f}**(h’) can be defined as
h® = f/?*(h'), (6.23)
R (0) = [l £i7(a1), f25(81), S (1)), (624)
where the 14, in both the source and the target domains have the same format since it is the number

of entities, f?*() is the cross-domain speech-act translation function and f£%*() is the cross-domain

slot translation function defined above.

The cross-domain sentence translation function can be also defined similarity. The source do-
main summary sentence vector y° can be expressed via a speech-act one-hot vector and a slot
one-hot vector as

y® = [a® §%], (6.25)

and the corresponding target domain summary sentence vector y* can be expressed as
y' = [a’,§']. (6.26)

The cross-domain summary sentence mapping function can be defined as

y =20, (6.27)
2yt = [f22(@"), f2(s"). (6.28)
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6.2.6 Parameter Learning

In this section, we introduce the learning objective and how the model is trained.

Reward Function

The reward function is defined in the PyDial [150] package. For each dialogue turn, the agent
receives an immediate reward of —1 to punish longer dialogues. If the system informs the user
an entity that matches his requirements or there is no such entity, then the dialogue is considered
successful, and the agent will get a final reward of 20. The successful reward will only be observable

after the whole dialogue is finished.

Loss Function

In this chapter, we combine the Q-learning objective with a series of regularization terms as the

final loss function. The loss function is defined as

L(©) = Elrn + ymax Q' (hns1,¥') = Q' (hn, )| + R(6), (6.29)

where R(O) is the regularization term. We optimize the model with the Adam [61]] algorithm.

Regularization

Regularization terms of the cross-domain speech-act mapping and the cross-domain slot mapping

functions include

1. Since different speech-acts will co-occur with different slots, the first term regularizes that
similar speech-acts should only appear with similar slots. Firstly, we need to model the
probability of the slot vector s conditioned on the speech-act vector a. We build a logistic
regression prediction function on both the source and the target domains, and they are defined

as

s° = c*(a%), (6.30)
s' = c!(a"), (6.31)

where ¢*() is a logistic regression prediction function trained in target domain to predict the
slot vector s* based on the speech-act vector a® and ¢'() is a prediction function trained in tar-

get domain. The logistic regression prediction function ¢*() and ¢' are trained by minimizing
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the objective function

Rur(0) = ;s S Le(c(@),s), 6.32)
‘ ‘ {as,s5}eDs
and
_L tiaty ot
Ra(O) = D > Le(d(a'),s). (6.33)

{at,st}eDt

Then we are ready to define the cross-domain slot vector preservation loss. For every sen-
tence [a®, s°| in the source domain, f%!(a®) are the corresponding similar speech-act vector
in the target domain, and (¢’ o f$*)(a®) is the predicted compatible slot vector in the target
domain. The actual slot vector s® should be similar with the slot vectors projected from the

target domain, and the cross-domain slot vector preservation loss can be defined as

Ri(®) = o0 S Lal(f oo (@), 5) (6.34)

’ ’ {a%,s5}eDs

where L..() is the cross-entropy loss and o is the functional composition. Similarly, for every
sentence [a‘, s] in the target domain, the cross-domain slot vector preservation loss can be

defined as

Ru<@>=|%t| S Lal(f o o f2)(at), §1) (6.35)

{a’ s'}eD!
where L. () is the cross-entropy loss and o is the functional composition. The cross-domain

slot vector preservation loss in both domains can be defined as

R1(0) = R15(0) + R1(O). (6.36)

. Since there are a lot of data in the source domain, we assume the user’s conditional reaction
speech-act follow a specific distribution, and we can predict the user reaction to each dialogue
action. With a good cross-domain mapping, the target user should react similarly to the target
system action. The source domain user speech-act prediction function can be trained by

minimizing the following loss function

Le:(0) = > Lee (€3 (yn-1:0), a,), (6.37)

Ds
| | xn:{an15n}7}'n71 €Ds

6 = argmin L (¢'), (6.38)
6/
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where ¢ () is a logistic regression prediction function trained in the source domain to predict
the user’s next speech-act a,, based on the system reply y,,—; and 6 is the parameter of ¢ ().

The cross-domain user prediction regularization can be expressed as

1
Rz(@) = W Z LC@((szt © CZ © f;zs)(Yn—l)v an)> (639)

{xn:{an 7Sn}7}'n— 1 }EDt

where o is the functional composition.

3. Different speech-acts have different occurrence probability and similar speech-acts should
have similar occurrence probabilities. We define a cross-domain frequency loss function of

both user speech-act and the agent speech-act as

R3(0) = L (£25(p), pS), (6.40)

where pl is the occurrence probability of target domain speech-acts, p? is the occurrence

probability of source domain speech-acts and L, is the KL-divergence.

4. One-to-one slot matching is good when source domain and target domain have a similar
number of slots, but when two domains have a different number of slots, some slots in the
source/target domain do not have a corresponding cross-domain slot. In this case, multiple
source/target domain dialogue states might correspond to the same transferred dialogue state,
which leads to bad performance. To encourage the slot mapping matrix to have more uniform
slot mapping, so that the changes of a state in target domain would affect the state vector in
the source domain, we encourage uniform slot mapping, and the regularization can be defined
as

Ra(©) =D (O purt — ﬁ)% (6.41)
i

where Pss st is the probability of mapping the source slot s; to the target slot 33.

6.3 Experiments

In this section, we conduct experiments on a simulation dataset and a real-world dataset to verify

the effectiveness of the proposed algorithm.

6.3.1 Baselines

We compare the proposed PROMISE model with the following baseline methods.
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1. None-Transfer method (denoted by “NoneTL”), which utilize only the target domain dataset
to train a dialogue policy. The dialogue policy is trained with the Gaussian process dialogue

policy.

2. Random Speech-act Mapping and Entropy slot-matching (denoted by “RAFS”), which has a

random speech-act mapping and an entropy-based cross-domain slot matching [36].

3. Learned Speech-act Mapping and Entropy slot-matching (denoted by “LAFS”), which has a

learned speech-act mapping and an entropy-based slot-matching matrix.

4. Perfect speech-act mapping and entropy-based slot-matching (denoted by “FAFS”), which
has a ground-truth speech-act mapping and the entropy-based slot-matching. This method
is used to demonstrate the performance upper bound of the transfer learning with a fixed

slot-matching.

5. Perfect speech-act mapping and learned slot-matching (denoted by “FALS”), which has a
ground-truth speech-act mapping matrix, and the slot-matching is learned with the proposed
algorithm. This method is used to demonstrate the upper bound of transfer learning when the

speech-act mapping is known and the slot-matching is learned from the data.

6.3.2 The Source and Target Domains

In the experiments, a dialogue policy in the Cambridge restaurants booking domain (denoted
as “CamRestaurants”) is transferred to the target Cambridge hotel booking domain (denoted as
“CamHotels”). The CamRestaurants domain is a restaurant booking dialogue system in Cambridge,
and the CamHotels domain is a hotel booking dialogue system in Cambridge. The CamRestaurants
domain has 9 slots including 4 informable slots which can be used to constrain the scope of search
and 5 other slots which can only be asked after an entity is identified, for example, price is a in-
formable slot since customer can ask for a cheap restaurant, but phone is only requestable, because
few customers will say “I want to find a restaurant with this phone number”. The CamHotels

domain has 6 informable slots and 5 other slots. The detailed speech-acts and slots are listed in

Table

Note that the ground-truth speech-act and slot mapping are not available, for example, the algo-
rithms do not know “ack” in the source domain corresponds to “ack’ in the target domain, because

the source and target domains systems could have used different sets of speech-acts. Transferring
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Table 6.2: The speech-acts and slots in the source and target domains dataset. The ground truth
speech-act and slot mapping are not available, for example, the algorithms do not know “ack”
in the source domain corresponds to “ack” in the target domain, because the source and target
domain systems could have used different sets of speech-acts. Transferring dialogue policies across
domains with different speech-acts requires to learn the cross-domain speech-act mapping and slot

mapping from the training data.

Speech-acts Slots
Domains Belief Other Informable Other
affirm, confirm,
ack, bye, .
confreq, deny, inform, addr,
hello, ) . food,
inform_alternatives, . phone,
Source: none, : pricerange,
inform_byname, postcode,
CamRestaurants repeat, name, )
) negate, null, reqalts, signature,
silence, area L.
reqmore, request, description
thankyou
restart, select
affirm, confirm, )
ack, bye, . kind,
confreq, deny, inform, phone,
hello, ) . name,
inform_alternatives, addr,
Target: none, : area,
inform_byname, : postcode,
CamHotels repeat, hasparking, .
) negate, null, reqalts, . hasparking,
silence, pricerange, .
reqmore, request, hasinternet
thankyou stars
restart, select

dialogue policies across domains with different speech-acts requires learning the cross-domain

speech-act mapping and slot mapping from the training data.

6.3.3 Simulation

In this section, we conduct a simulation experiment with the user simulator in PyDial [150] pack-

age.

Setting

In this simulation experiment, we use the user simulator in the Pydial package to train and test the
dialogue policies. In each dialogue, the simulator built within the package randomly generates a
set of requirements and the simulator tries to ask for an entity that matches all requirements. If an
entity matching all requirements is suggested by the dialogue system within 20 dialogue turns, then
the task is considered successful, and the agent will get a successful reward of 20 after the dialogue
ends. For each dialogue turn, a slight punishment of —1 will be given to the agent to encourage

shorter dialogues.

146



Table 6.3: The number of dialogues used in each experiment is shown in the table. The simulation
is repeated with 10 different random seeds, and the real-world experiment is repeated for 5 times
with 5 sets of target domain training data. Each set of real-world target domain training data have
20 dialogues, so the total number of target domain training dialogues is 100.

Training Testing
Domain Source: Target: Target:
CamRestaurants | CamHotels | CamHotels
Simulation .
(Only Total Reward) 1000 1-100 Live: 300
Real Static: 60
(Immediate Reward) 40 1-20 Live: 300

In the simulation, only the final total reward will be used to train the dialogue policy and no
immediate rewards will be used. This is the setting where less labelling effort is needed for each
dialogue(only the final reward), but in this case more training dialogues are needed to train a good
dialogue policy. There are 1000 training dialogues in the source domain, and we vary the number
of training dialogues in the target domain from 1 to 100. The detailed statistics of the simulation

dataset is listed in Figure[6.3]

Evaluation

We use the averaged reward, the success rate and the number of dialogue turns to evaluate the
performance of the dialogue system. We run the experiments with 10 different random seeds and
we report the averaged performance. The averaged reward is the mean of all rewards obtained
by the simulated user while interacting with the agent being tested, the success rate measures the
probability that the simulated user successfully orders a cup of coffee within 20 turns, and the
number of dialogue turns is the average number of dialogue turns before the simulated user can

successfully complete an order.

Results

The averaged reward and averaged success rate are shown in Figure [6.2] The performance of
“NoneTL” increases slowly, since it requires a large number of data to train a dialogue policy. The
“RAFS” fails, meaning it is very necessary to find a reasonable speech-act mapping. As we can
see, the proposed PROMISE model out-performs other baselines “LAFS”,“RAFS” significantly,

which demonstrates learning speech-act and slot-mapping simultaneously is highly necessary and
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Figure 6.2: Experiment results for the simulation dataset. The proposed method is “PROMISE”,
the methods “FALS” and “FAFS” are the performance upper-bound since they use the ground truth
speech-act mapping.

can boost the performance when there is no enough data for the target domain. The methods with
ground-truth speech-act shows the upper-bound of the dialogue transfer policy, “FALS” gradually
out-performs “FAFS”, which shows that it is necessary to learn slot-mapping matrix. The propose
PROMISE performs very similarly with the ground-truth “FALS”, which demonstrate the effective-
ness of the proposed PROMISE algorithm. The PROMISE is better than “LAFS” with a heuristic
slot-mapping and an additional database, which shows that learning slot mapping is better than

using human heuristics.
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Result Visualization

In this section, we visualize the learned speech-acts mapping in the target domain, shown in Fig-
ure [0.3] The ground-truth speech-act mapping matrix is a diagonal matrix. As we can see, as more

and more data is collected in the target domain, the learned speech-act mapping matrix is getting
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Figure 6.3: Visualization for the speech-act mapping, Figure [6.3(a)| is the mapping when there is
1 dialogue in the target domain, and Figure @is the mapping when there are 100 dialogues in
the target domain. The ground truth speech-act mapping is the diagonal matrix.

6.3.4 Real-world Experiment

In this section, we will conduct experiments with real-dataset.

Setting

The training dataset is collected when real human users are interacting with an online-learning
dialogue agent via Wechat interface shown in Figure[6.4] After each dialogue, the human user gives
a subjective feedback reward as a supervision signal, as shown in Figure[6.4(b)} The dialogue agent
is constantly improving its dialogue policy with a Gaussian process reinforcement learning. We
have collected 40 training dialogues in the source domain and 100 dialogues in the target domain.
The test dataset is collected when two human users are interacting with each other, where one is
acting the customer and the other is acting the dialogue agent. While one of the dialogue agent in
the training dataset is a reinforcement learning algorithm, both the customer and the coffee servant

are real persons in the test dataset. 60 test dialogues are collected in the target domain as we
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Figure 6.4: Real-data collection and testing interface on Wechat.

only care about the performance in the target domain. Five users participate in the data collection
process, they also give immediate rewards on all dialogue turns and those immediate rewards will
be used to train the dialogue policy. The reward setting is the same with the simulation experiment,
where a final reward of 20 will be received by the dialogue agent for a successful dialogue, and a
slight punishment of —1 will be received by the dialogue agent in each dialogue turn to encourage

shorter dialogues.

In the real-world dataset, the immediate rewards generated in all dialogue turns will be used to
train the dialogue policy. This is the setting where the annotators have to label the immediate re-
wards of all dialogue turns and it is more costly to label each dialogue, but fewer training dialogues

are required to train a satisfactory dialogue policy. The detailed statistics of the real-world dataset

is listed in Figure

Evaluation

We use two kinds of evaluation metrics to evaluate the dialogue policies trained on the real-world

dataset.

A static evaluation is conducted with the testing dataset, because a good dialogue policy should
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has similar behaviour with the human agent. In each testing dialogue turn, the dialogue agent
produces a Q-score for each candidate reply and produces a ranking list of all candidate replies.
The ground-truth reply actually performed by the human annotator is labelled as 1 and the other
candidate replies are labelled as 0, then an AUC score is calculated for each dialogue turn. If the
dialogue policy can rank the ground-truth reply higher, it will have higher AUC and it is considered
better, since its behaviour is more similar with the ground-truth human agent. In each dialogue turn,
we evaluate the Q-score for 10 times since the Q-score is sampled from a Gaussian distribution.

We report the average AUC for all turns and for all samples.

A live evaluation is conducted with the user simulators, since a good dialogue policy should be
able to serve simulator users well. The user simulator in the Pydial package interacts lively with
the dialogue agent for 300 times where the averaged reward, the averaged success rate, and the

averaged dialogue length are used as evaluation metrics.

Results

The averaged AUC and averaged reward are shown in Figure [6.5] and Table In the static
evaluation, we can see that the performance of “NoTL” increases slowly. By looking at the details,
we found that the “NoTL” has very large prediction variance, this is because the “NoTL” does not
have enough target domain training dialogues to estimate the mean and variance of the Q-function
accurately. The transfer learning methods PROMISE and “LAFS” performance much better and
their performances are close to the performance upper-bound, since in the source domain they have
already learned very good Q-function with accurate mean and small variance. This result shows the
proposed method can effective transfer dialogue policy across domains with unknown speech-acts
mappings and different slots. The PROMISE is slightly worse but comparable with the performance
upper-bound and the “FALS” which use ground truth speech-act mapping.

In the live evaluation, we can see that the PROMISE significantly outperforms the “NoTL”
method when there are more than 7 training dialogues in the target domain, and its performance
is close to the performance upper-bound when there are more than 12 training dialogues in the
target domain. This result demonstrates the effectiveness of the proposed dialogue policy transfer
method. The PROMISE outperforms the “LAFS” method which uses a heuristic slot-mapping

method, which shows that it is better to learn a slot-mapping instead of using a heuristic slot-

mapping.
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Figure 6.5: Experiment results for the Real-world dataset. The proposed method is PROMISE, the
methods “FALS” and “FAFS” are the performance upper-bound since they use the ground truth

speech-act mapping.

6.4 Conclusion

In this chapter, we tackle the problem of transferring dialogue policies across domains with differ-

ent speech-acts and disjoint slots. We propose the Policy tRansfer across dOMalns and SpEech-

acts (PROMISE) model, which is able to transfer dialogue policies across different speech-acts and

different domains. The PROMISE model can learn to align different speech-acts and slots simulta-

neously, and it does not require common slots or additional database to calculate slot entropy. Both

real-world dialogue data experiments and simulation experiments demonstrate that PROMISE can

effectively transfer dialogue policies across different speech-acts and different domains.
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Table 6.4: Averaged AUC for static evaluation on the real-word dataset.

# target dialogue

Method 1 5 10 15 20

NoTL 0.5373 | 0.5798 | 0.6211 | 0.6528 | 0.6572
RAFS 0.5964 | 0.5964 | 0.5964 | 0.5964 | 0.5964
LAFS 0.6926 | 0.7474 | 0.7612 | 0.7655 | 0.7657
PROMISE 0.6837 | 0.7506 | 0.7670 | 0.7664 | 0.7646
FAFS (Upper bound) 0.7684 | 0.7684 | 0.7684 | 0.7684 | 0.7684
FALS (Upper bound) 0.7727 | 0.7756 | 0.7780 | 0.7740 | 0.7727
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CHAPTER 7

THE UNIFIED TRANSFER REINFORCEMENT
LEARNING MODEL

In this section, we summarize the above works with a unified transfer reinforcement learning model,
and then we show how to use the this unified transfer reinforcement learning model and learn dif-
ferent personalized weighting function on dialogue policy transfer problems with different granu-

larities.

7.1 The Unified Transfer Reinforcement Learning Model

To solve the research challenges stated in the introduction, we propose three models. All models
can be unified as a model, where the target policy Q-function consists of two parts. The first part
of the Q-function corresponds to the transferable common dialogue policy, which can be shared
across the source and target tasks. The second part of the Q-function models the domain-dependent
factors of the dialogue policy. In order to allow a flexible switch between the general model and
the personal model, the factor of the common Q-function and the personal Q-function should be
modelled as a function of the dialogue state. In order to allow dialogue policy transfer across
different domains with different slots and speech-acts, the common dialogue policy part would
have a translation function that can translate the target domain states and target domain actions to

source domain states and source domain actions. The unified model can be formulated as:
Q'(H'Y*) = (1 - OP(H")Qy(f(H'), f(Y")) + OP(H")Q,(H',Y"), (7.1)

where (),() is the domain-independent common Q-function, (),() is the domain-dependent Q-
function, OP() is the weighting factor of the domain-dependent Q-function @,(), and f() is a
cross-domain mapping function that translates the target domain state H' and action Y to the

corresponding source domain state and action.

7.2 Learning the Unified Model

The unified model can be trained with typical reinforcement learning algorithms. We denote the
set of all model parameters by 6 = {6,,6.,0,,0,}, where 6, is the general parameter set shared
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across all users in Q,(), 6. is the cross-domain mapping parameter set in f(H*) and f(Y?), 6, =
{0}; Vu} is the personal parameter set consists of a parameter 0 for all users u in (,(), and 0, is
the parameter set for the personalized weighting function OP( H"). The training dataset is denoted
by D = {T}and T = {H,,Y,,rn, H,})_, is a multi-turn dialogue trajectory of length N. For
Q-learning, the learning objective can be formulated as

L(D; ) = > (Q(Hn, Vo) = 7 — ymax Q(H', Yi))2. (7.2)

<Hn,Yn,rn,H'n>€D

For policy-gradient method, the learning objective is the expected reward of the policy under a

multi-turn trajectory 7 = {H,,, Y,,,r,, H',}*_, in D, defined as
J(T € D;0) = —E[P(T;6)J7], (7.3)

where J7 is the total reward obtained in a trajectory 7. The general training process is as follows:

1. Source domain training. Firstly, the model is trained in the source domain dataset D?, in
order to get the source domain general parameter ¢, that could be shared with the target
domain. For a personalized dialogue system where multiple users are treated as the source
domain, we could also obtain a part of §, and 6, depending on the form of the actual model

being used.

2. Adaptation on target domain. Then, the model is adapted in the target domain dataset
D!, in order to learn the other adaptation parameters. For a personalized dialogue system,
the target user parameters ¢, and the target user personalized weighting parameter 0, will
be also learned in the target domain. For cross-domain dialogue policy transfer, the cross-
domain mapping parameter ¢, will be learned based on the source domain policy and the
target domain dataset, in order to maximize the performance of the transferred policy in the

target domain.

7.3 Learning Personalized Weighting Function in Different Gran-
ularities

In this section, we show how to learn the personal weighting function in settings with different
granularities. We will show how to learn the global personal weight factor, the user-level personal
weight factor and the word-level personal weight function. The personal weighting functions on

different situations can be summarized as

OP(H',u) (7.4)
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where u is the user and H' can be state variables in different granularities, for example, H' can be

a dialogue state for each dialogue turn or H* can be the RNN hidden state for each word.

In Chapter[d], we introduce a model with a global personal weight factor. We can further improve
the model by learning a different personal weight factor for each target user. In Chapter [5] we
introduce a personal word gating function, which works on the level of each user and each generated
word. In summary, we organize the personal weighting function in three different granularities as

follows:

1. Global personal weight factor. A global personal weight factor is a scalar variable indicat-
ing how much the dialogue policy should be affected by the user preference. In this setting,
the personal Q-function part has a constant affect on the final Q-function for all dialogue situ-
ations. The assumption is that for all user in all situation, the personal user preference should
have a certain proportion of affect on the final dialogue policy. The global personal weight
factor is simple and straightforward, it can be learned from a limited number of training in-
stances, and it is also robust. However, due to the simple nature, the model has a low model
capacity and can not deal with situations when the dialogue policies should have different
proportions of personalization for different users. The Global personal weight factor can be

learned as a variable in the end-to-end supervised learning or reinforcement learning.

2. User-level personal weight factor. For every target user in the dialogue system, there is a
separate scalar weight variable indicating how much the dialogue policy should be affected
by the user preference. The user-level personal weight factors of different users could be dif-
ferent. The assumption is that different users might have different levels of personalization,
some users might always act according to their preferences, and some users might want to
try new options more. The dialogue policies for the users with a regular pattern should be
more personalized. The user-level personal weight factors are more flexible than the global
personal weight factor, since there are more parameters to learn. However, more training
data for each target user is required to train the model. The user-level personal weight fac-
tors can be learned directly as a group of variables with end-to-end supervised learning or

reinforcement learning.

3. Word-level personal weight function. The word-level personal weight function predicts the
personal gating indicator variable for each generated word in each sentence, for each user.
The personal gating variable indicates whether each generated word should be affected by the

user preference, for each dialogue state and for each different user. This is the personalization
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mechanism with the finest granularity. The assumptions is that some phrases in the dialogue
sentences are related to the user’s personal preference while some phrases are commonly
seen in all dialogue sentences. The common phrase model could be shared across all users
while the phrases related to personal preferences should not be shared at all. The word-level
personal weight function is more flexible than the user-level personal weight factor, since it
is dependent on the hidden state for each generated words, for each user. It can enable the
dialogue policy transfer learning to operate on the fine-granularity phrase level, sharing the
common phrase generator model. However, training a word-level personal weight function
requires the most labelling information. The parameters of the word-level personal weight
function can be trained directly as a target of supervised learning, and it can also be trained

via end-to-end supervised learning or reinforcement learning.

7.3.1 Learning Global Personal Weight Factor

In this part, we introduce how to learn a single personal weight factor for all user. A global personal
weight factor is a scalar variable used to model how much the dialogue policy should be affected by
the personal preference. A large personal weight factor means that the dialogue policy is affected
more by the personal preference while a small personal weight factor means the dialogue policy is

more general.

If a global personal weight factor is used, it means the personal weight factor o” does not
depend on the user or the dialogue state. Here the dialogue state of user w is a state vector h
which is extracted from the dialogue history H* = {{X", Y;*}"~' X"}, a dialogue action is a
sentence embedding vector y,, extracted from the n-th candidate reply sentence Y., and the state
vector contains all the information required to rank the reply candidate sentences. In a dialogue
manager, the task of the dialogue policy Q(h¥,y") is to rank a list of candidate reply sentences

under a specific dialogue state.

The training loss function is formulated as

L(D; ) = > (M yy) -y —ymax Qb y!))?, (7.5)
<hl,yreh'é>eD v

where D = {D"} is the training data for all users and D" is the training data for user u, 6 =

{0y, {05}, 0P} is the set of parameters we need to learn, 0, o” are the parameters shared across all

users and 0 are the personal preference parameters for user u. Q(h;;,y;) is defined as

Q(hy, y,:0) = Qq(hy, vy 0y) + P Qp(hy, vy 0)). (7.6)
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The global personal weight factor o can be learned for all user via gradient based optimization
methods such as gradient descent. For all data < h" y* r* h'" > D, the update function for o”
is formulated as

oF « o + alAypL(D;0). (7.7)

The global personal weight factor is simple and straightforward, it can be learned from a limited
number of training instances, and it is also robust. However, due to the simple nature, the model
has a low model capacity and can not deal with situations when the dialogue policy should have

different proportion of personalization for different users.

7.3.2 Learning User-level Personal Weight Factor

In this part, we introduce how to learn a personal weight factor for each user. In order to model
different personal weight factors for different users, the model has a separate personal weight vari-
able for each user. For the users who have regular speech pattern, for example, those who always
order the same kind of coffee to the same address, a personalized dialogue system should behaviour
more according to the users’ preferences and make personalized recommendations. For the users
that have diversified interest who do not have regular option pattern, the dialogue system should be

more general to deal with various new situations.

We use o to denote the user-level personal weight vector which consists of the personal weight
of each user, and 0" is the scalar personal weight for user u. The dialogue state vector of user u is
h¥, which is extracted from the dialogue history H* = {{X* Y*}'-}', X*}. The dialogue action
vector of user u 1s y,, and it is the sentence embedding vector extracted from the reply sentence
Y*. The task is to choose an appropriate reply sentence under each dialogue state. In a dialogue

manager, the dialogue policy ranks each candidate reply with the Q-function Q(h¥,y,).

The training loss function is formulated as

LD:o)= ,  (Qhy) = —ymax QW] i), (78)

<h¥,y% r¢ h'">cDu Yi
where D = {D"} is the training data for all users and D“ is the training data for user u, § =
10y, {6}, 0} is the set of all the parameters we need to train, ¢, is the general parameter shared
across all users and there is a separate personal parameter ¢ and a o* for each user. Q(h;,y,) is

defined as
Q(h;fuyn? ) Qg( 7yn7 ) +0qu( uayrwe ) (79)
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For each training trajectory < h¥ y* r* h'" >€& D" of user u, we can update the personal weight

factor o" for the corresponding user u as

0" + 0" + A L(D™ 0). (7.10)

The user-level personal weight factors give more flexibility to the model by having a differ-
ent personal weight variable for each user, so the dialogue policy can have different personalized

behaviour for different users. However, more training dialogues are required to train the model.

7.3.3 Learning Word-level Personal Weight Function

In this part, we introduce how to learn a word-level personal weight function (personal word gating
function) for each word in response generation. In order to transfer fine-granularity phrase-level
knowledge across different users, we propose the word-level personal weight function. In an end-
to-end personalized dialogue policy, a word-level personal weight function predicts the personal
word gating variable o,,, for each generated word y,,; € Y, based on the hidden states in the

recurrent models.

The motivation is explained as follows. Some phrases in the dialogue sentences are commonly
seen in all dialogues, for example, “Would you like” and “please deliver to” are such common
phrases in services domain. Some phrases in the dialogue are related to the personal information of
a user, for example, “No.1199 Minsheng Road, Pudong District Shanghai” is a sensitive personal
address that a user would not like to share. The common phrases can be shared across all users while
the personal phrases should not be shared at all, but this two kind of phrases might appear together
in the same dialogue sentence. Traditional transfer learning methods operate on the granularity of
sentences, so they might have poor performance and might lead to personal information leakage.
We propose a novel personal word gating mechanism for this problem, the personal word gating
mechanism can predict whether the current word is a general word or a personal word, and switch
to appropriate response generation model accordingly. The personal word gating variable can be
seen as a kind of personal weight for each word, so here the personal word gating function is a kind
of word-level weighting function which predicts the personal word gating variables. The personal
word gating variable indicates whether the word should be affected by the user preference before

this word is generated.

In an end-to-end personalized dialogue policy, the task is to generate the response sentence
word by word. In the generation process, the state h,,; is the current hidden state for the ¢-th

word in the n-th system reply in the recurrent model. The possible actions are all the words y in
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the vocabulary, and the ground-truth word is denoted as y, ;. We can use a generation function

7(hy, ¢, Yn+) to model the generation probability as

P(:&n,t - yn,t|hn,t) = 7T<hn,t7 yn,t>7 (711)
m(hy,y,;0) = (1 - O(hy;0,))7 (h:ita yn,t5 0y) + O(hy; QO)Wp(hgwyz,ﬁ Op), (7.12)

where ¢ = {0,,{0}}.,0,} are the parameters to learn, 0, is the general model shared across all
users, 0 is the personal generation model of user u and 6, is the parameter for the personal word-

gating function.

In the previous section, the personal word gating variable oy, ; is binary. If the predicted
personal word gate variable o, , ; is 0, the current word y,,; will be generated by the common
model, other wise y,, ; will be generated by the personal model of user u, as

Wg(hn,tayn,ﬁ ‘99) if 52,#1 =0

T(hp s, Yne; ) = { ot g 0% iF60 =1 (7.13)

A training dialogue trajectory of length N is denoted as 7% = {HY Y r% H':}N . We

n7n7n7 nfn=1"*

denote the return of the trajectory by J7* = 22[21 A"~ 1r¥ where r¥ is the reward obtained at the
n-th dialogue turn. The model can be trained via policy gradient method, and the loss function is

defined as the expected reward of the policy under all trajectories 7" in D":
J(0) = — / p(T*0)J7"dT™, (7.14)
J(D";0) = —E(P(T" € D“;0)J7"). (7.15)
The word-level personal function can be learned by

0, < 0, + alg,J(D" 0). (7.16)

When we have a ground truth binary annotation oj, , for each word in the training sentences, the

gradient can be calculated by

Bo,J E{ZZA9 log P(0y, = oy, [hss 16,)J] " }. (7.17)

When we do not have ground truth annotations for each word in the training sentences, it is the-
oretical possible to learn the soft personal word label oy, , in the training set as a real value latent
variable, so the variables to be learned becomes 0 = {0y, {0,},0,, {0} ; }vun,:}» then the gradient

can be calculated by

Ay J(D*;0) = E{Zzﬁelogp(yﬁ,tléﬁ,t = 04, 05y 4304,0,) P (05, = op 1[hy 40, )JZ—M}
t
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However, in our experiments, since the number of parameters are too large, learning the ground-
truth personal word labels as latent variables suffers from severe noise problem, and the perfor-

mance is not good. We leave this part to the future work.

The word-level personal weight function is the most flexible model, since it is dependent on the
hidden state for each generated words. It can enable the dialogue policy transfer learning to operate
on the fine-granularity phrase level, where the common phrases generator model is shared across
all users. However, training the word-level personal weight function requires the most annotation

information, since the ground-truth personal gating variables for all words have to be annotated.
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CHAPTER 8

CONCLUSION AND FUTURE WORKS

In this thesis, we tackle the problem of transferring task-oriented dialogue policies across users
with different preferences, across domains with different slots and different speech-acts. In previ-
ous chapters, we propose three new models for three different scenarios and we summarize them
into a unified transfer reinforcement learning framework. With the proposed unified transfer rein-
forcement learning framework, the dialogue policies in the source domain can be transferred to the
target domain with little data, and it can help the target domain dialogue policy to reduce dialogue
length and complete tasks faster, improve the response generation quality and reduce the amount

of training data needed in the target domain.

8.1 Conclusion

In this thesis, we study the transfer reinforcement learning problem in task-oriented dialogue sys-

tems, and our contributions are summarized as follows.

We have systematically identified and formulated three transfer reinforcement learning prob-

lems in task-oriented dialogue systems.

1. In traditional rule-based dialogue system, the dialogue states, system speech-acts and the
user speech-acts have to be manually defined, and it is difficult to reuse the system when
the dialogue states and speech-acts are hard to define. In personalized task-oriented dialogue
systems, the data collected from each user is usually insufficient for training a traditional
learning-based dialogue system. A personalized dialogue system trained on a small dataset
is likely to fail on unseen but common dialogues due to the over-fitting. Traditional transfer
learning dialogue systems transfer dialogue data across users with different preferences, but
they do not model the difference between different users. As a result, the transferred policy
might harm the performance of the personalized dialogue systems in the target domain, e.g.,
making wrong recommendations. How to learn the dialogue states and the dialogue policy
automatically from the source domain and adapt to the target user with little data? This
question is studied in Chapter [4]
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2. In personalized task-oriented dialogue systems, some phrases in the dialogue sentences are
commonly seen in all dialogues, for example, “Would you like” and “please deliver to” are
such common phrases in services domains. Some phrases in the dialogues are related to
the personal information of a user, for example, “No.1199 Minsheng Road, Pudong District
Shanghai” is a sensitive personal address that a user would not like to share. The common
phrases can be shared across all users while the personal phrases should not be shared at
all. However, this two kind of phrases might appear together in the same dialogue sentence.
Traditional transfer learning methods operate on the granularity of sentences, so they might
have poor performance and might lead to the personal information leakage. How to transfer
an end-to-end dialogue policy from the source domain to the target domain effectively? This

question is studied in Chapter [3]

3. Existing cross-domain dialogue policy transfer models cannot transfer across domains with
different speech-acts, and the current slot-mapping matrix is either based on common slots
or built with human heuristic and requires all data rows in the database. However, in many
situations there might not be any common slots and the full database access might not be
available, so the existing methods can only be used in limited situations. How to transfer
a task-oriented dialogue policy across domains with different slots and speech-acts? This

question is studied in Chapter [6]

We propose three models for the above mentioned problems, including the PErsonalized Task-
oriented diALogue (PETAL, Chapter ) model, the Personalized Decoder model (Chapter [5)) and
the Policy tRansfer across dOMalns and SpEech-acts (PROMISE) model (Chapter [6). We have
summarized these models into a Unified Transfer Reinforcement Learning model (Chapter (7)), and
we give some general principles and methodologies for policy transfer across dialogues with dif-

ferent users, different domains and different speech-acts.

We have applied the above transfer reinforcement learning models in different applications, and
we have conducted extensive experiments to verify the effective of the propose models compared

with baseline models.

8.2 Future Works

In this section, we list some promising future directions that are not yet explored.

Fine-grain knowledge transfer without personal word gating annotation. Fine-granularity knowl-

163



edge transfer models are proven to perform better than the sentence-level knowledge transfer mod-
els. However, in the previous Chapter |5} in order to transfer fine-granularity knowledge, we will
have to annotate the ground-truth personal word label for each word in the training dataset, which
requires a lot of human efforts. Can we let the model learn to identify which word is personal
and which word is not automatically? A general idea is to treat the ground-truth personal word
labels in the training set as latent variables, and design an algorithm to learn it from the training
dataset. The tf-idf features of each word should also help to distinguish whether a word is personal
or not. If we can infer automatically which part of the sentence is personal and which part should be
shared, this implies that this algorithm can automatically discover the domain-independent knowl-
edge ready for transfer, and it will have great impact and it will allow transfer learning on many

sequence-to-sequence-based models.

Co-training for transfer reinforcement learning. Current transfer learning in reinforcement
learning considers only single direction transfer, from the source domain to the target domain.
However, it is possible the enhanced target domain could also help the learning of the source do-
main. Co-training style transfer learning framework might be used in such situation, where the

source domain and the target domain can help each other alternatively.

In current task-oriented dialogue systems, only the dialogue history can be used as the dialogue
context. However, many environment factors will also affect the dialogue responses of a human
being. In a different time and different places, people might have different kinds of responses to the
same question. For example, in a formal conference, people might respond to question seriously.
But in a party, people might joke about the question. The external factors such as the time, the

location, the activity or even the weather should be considered in the dialogue context.

Current learning-based task-oriented dialogue systems usually focus on one single dialogue
domains, and they cannot talk about something other than the current domain. However, in real
dialogues, people might jump from topic to topic and talk about many tasks in the same dialogue.
Designing a dialogue state for each possible tasks might work, but it will cost a lot of human effort.
Designing a learning algorithm that can learn from dialogues with multiple domains will surely be
of great help. There are a few difficult questions, e.g., how do we know the task has been changed,
how to define a task? Can we use external knowledge such as knowledge-graph to help construct

the dialogue states? Solving such questions might have great industrial and academic impact.
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