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Introduction

Dialogue systems (a.k.a. conversational agents) allow people to interact with information
through conversations. Dialogue systems play an increasingly important role in society,
e.g., as part of personal assistants for online shop@ad pr to support phone calls to
service centerslp8. Names of commercial digital assistants — Alexa, Cortana, Google
Assistant, Siri — have entered popular cultuf, [L55. And it has been estimated that
80% of businesses had piloted automatic conversational agents by the end of2021 |
The demand for dialogue systems is expected to continue to grow aggressively.

In science, the interest in dialogue systems has also grown rapidly over the past
ve years. In the arti cial intelligence community in general, and the natural language
processing and information retrieval communities in particular, dialogue systems and
the challenges they bring now play a key role in the research agenda. This is witnessed
by (i) a large number of dedicated surveys in natural language proce2sz@ 79,

129, 15]] and information retrievalq6, 57, 82] that are aimed at aggregating ndings
across large numbers of publications, (ii) a large number of workshops and benchmarks
dedicated to dialogue systems such as CABT, [SCAI [18§, and IGLU [80], and

(i) the release of open source toolkits for dialogue systems, such as Con28i32 [

and ParlAl [144].

Task-oriented dialogue systenm&JSs) are an important type of dialogue systems.
They have raised considerable interest due to their broad applicability, e.g., for booking
ight tickets or restaurants, scheduling meetings, and providing medical serZ2és [

232 243 249. Unlike open-ended dialogue systeri9p, 205 for chit-chat,TDSs aim

to accurately assist users to achieve speci c goals. Besides natural language utterances,
TDSs need to deal with prede ned goal-related semantic constraints, including intents,
slots, states, actions, and framd5][ An example is shown in Figure 1.1 to illustrate
these semantic constraints. Atentusually indicates a type of user intention, and a
slotis an attribute tag for extracting key information as Hadue[228. A stateis a
distribution over all candidate slot values in an ontology that is used to help interpret
the dialogue 70, 179; it is also known aselief statg147] or user goal[175. An
actionusually consists of an action type and several slot-value pairs; it tells the dialogue
system how to respon@5$4]. A frameis a combination of the aforementioned semantic
constraints [45, 231]; they are the fundamental building blocks for running a TDS.

TDS methods can be divided into two broad categoriemdularized pipeline
TDSs [12, 20, 249 andend-to-end single-modulEDSs [46, 114, 229, as illustrated




1. Introduction

Figure 1.1: An example of a task-oriented dialogue (left) and a comparison of task-
oriented dialogue system frameworks (right). On the left, the dialogue consists of
multiple turns of utterances from the user and the system with goal-related semantic
labels. On the right (top), we indicate how a pipeline-based TDS framework functions
with four submodules at each dialogue turn: rsl,U outputs intent and slot values;
then,DST outputs dialogue states considering previous turns; DX, outputs system
actions; lastNLG outputs a system response. Also on the right (center), an end-to-end
TDS framework directly produces a response based on a single module model. On the
right (bottom), a collaborativ€ DS framework functions with collaborativeDS agents,

which leads to better specialization and generalization capabilities.

in Figure 1.1 (a) and (b), respectively. The former decomposes the task-oriented
dialogue task into a sequence of subtasks that are addressed by dedicated models
for each subtask: (i) natural language understandiigJ() aims to predict intents

and slot-values given a dialogue context (e.g., historical utterances, knowledge base
entities) P28); (ii) dialogue state trackingdST) aims to predict the updated states in

the format of slot-value pairs given a dialogue context and/or the outpuit 0f[19];

(iii) dialogue policy learningDPL) aims to predict actions given a dialogue context
and/or the output dbST andNLU [24€]; and (iv) natural language generatidiL(G)

aims to generate a response given a dialogue context and/or the oufRilt,ddST
andNLU [47]. Each module is dependent on one or more upstream modules, which
naturally leads to the potential of error propagation between modules and enlarges the
effect of the original error [115].

End-to-end single-modulEDSs have many attractive characteristics, e.g., global
optimization and easier adaptation to new doma2t}. [However, it is not always
practical to use a single general agent to handle all complex casE3Ss. For
example, an agent that is specialized in booking a restaurant is unlikely to work well in

2



1.1. Research outline and questions

scheduling meetings. Actually, more and more empirical studies from different machine
learning applications suggest that no model consistently outperforms all others in all
cases40, 136. Furthermore, we conducted an early-stage data-driven study to predict
a dialogue response in both a selecti/&7 and generativel66 manner. We found

that considering (selective) speci cation (e.g., information sources, intents) may lead to
remarkable differences in the quality of dialogues.

Inspired by this intuition and these pilot results, we pursue to study a new type
of collaborative task-oriented dialogue syst¢@TDS) framework, where multiple
parallel and/or hierarchical dialogue system agents work in a collaborative manner to
achieve better performance than a single, general dialogue system agemhai@ur
assumptions that a team of collaborative, specialized dialogue system agents works
better inTDSs than a single general agent, assuming that we are able to design effective
learning policies for the agents.

In this thesis we focus on the proposed@DS framework, which consists of one
chair agentand severagxpert agentsas shown in Figure 1.1 (c). Each expert agent
is specialized for a particular situation, e.g., one domain, one type of action of a
system, etc. The chair agent coordinates multiple expert agents in parallel and then
adaptively integrates one or several expert agents for the nal decision. Compared
with existing, end-to-end single-modul®Ss, the advantages &fTDSs are three-fold:

(i) the specialization of different expert agents and the use of a dynamic chair agent
for combining the outputs breaks the bottleneck of a single model; (i) it is more easily
traceable: we can analyze who is to blame when the model makes a mistake; and (iii) by
de nition, it has a highly parallel character, and it can therefore be implemented in an
ef cient way.

Under theCTDSframework, we identify three important research directions: (i) how
to organize and group dialogue agents in terms of various aspects, e.g., information
sources167], models [L66 169, users 169, and languagesl|71]; (ii) how to connect
different types of dialogue agents, e.g., in a sequential W&y and or using a
chair-expert setuplp6-169, 171]; and (iii) how to integrate multiple dialogue agents
with appropriate collaboration mechanisms, e.g., retrospective mixture-of-generators
and prospective mixture-of-generatot§f 168, hierarchical stochastic attentiohq(,
or incrementally collaborative Itering [169].

In this thesis, we report on research oollaborative agents for task-oriented
dialogue systemgocusing on the design of the propoge@DS framework the imple-
mentation of speci anodelsunder the framework, and their applicatédsks

1.1 Research outline and questions

As shown in Figure 1.2, we carry out research into collaborative dialogue agents from
four angles: (imodel collaboration{Chapter 2), where we propos€d DS framework,

and focus on integrating mixture of expert models with a chair model foNtl@

task; (ii) user collaborationChapter 3), where we introduce incremental collaborative
Itering over the pro les and dialogues of users to select appropriate dialogue responses;
(i) language collaboratioChapter 4), where we conduct an analytical study of
multilingual TDSs based on the mixture-of-languages routiki(LR) model for the

3



1. Introduction

Figure 1.2: A map of the thesis: the research chapters and questions.

NLU andDST tasks; and (ivuncertainty estimatio(Chapter 5), where we rethink
transformers as sequential collaborative agents. With the aim of building more reliable
collaborative agents, we study uncertainty estimation of transformers on three text
classi cation tasks, with both in-domain and out-of-domain settings.

Below, we list our main research questions, each of which corresponds to a particular
chapter.

RQ1 Can multiple dialogue agents collaborate effectively to improve the performance
of a single-module agent?

Dialogue response generatiddRG) is a core component afDSs [47]. Its purpose
is to generate proper natural language responses given some context, e.g., historical
utterances, system states, etc. State-of-the-art work focuses on how to better tackle
DRGin an end-to-end way. Typically, such studies assume that each token is drawn
from a single distribution over the output vocabulary, which is not always optimal. For
example, on thultiwOZ dataset14], we found that the density of the relative token
frequency distribution for different intents (i.e., domains, system actions) varies greatly.
To answerRQ1, we propose a novel mixture-of-generators netwddloGNe?
for DRG, where we assume that each token of a response is drawn from a mixture
of distributions.MoGNetconsists of a chair generator and several expert generators.
Each expert is specialized f&RG w.r.t. a particular intent. The chair collaborates
with multiple experts and combines the output they have generated to produce more
appropriate responses. We propose two strategies to help the chair make better decisions,
namely, a retrospective mixture-of-generatd®MpG) and a prospective mixture-
of-generatorsFMoG). The former only considers the historical expert-generated
responses until the current time step, while the latter also considers possible expert-
generated responses in the future by encouraging exploration. In order to differentiate
the responsibilities of different experts, we also devise a global-and-IBtalléarning
scheme that forces each expert to be specialized towards a particular intent using a local
loss and trains the chair and all experts to collaborate using a global loss. We carry
out extensive experiments on thiultiwOZ benchmark datasetoGNetsigni cantly

4



1.1. Research outline and questions

outperforms state-of-the-art methods in terms of both automatic and human evaluations,
demonstrating its effectiveness for DRG.

RQ2 Can multiple users collaborate successfully to improve the quality of a dialogue
for each single user?

There is increasing interest in developing personalize8s. Previous work on per-
sonalizedTDSs often assumes that complete user pro les are available for most or
even all usersgs, 126, 251]. This is unrealistic because (i) not everyone is willing to
expose their pro les due to privacy concerns; and (ii) rich user pro les may involve
a large number of attributes (e.g., gender, age, tastes, ...). We assume that similar
users collaborate to enrich the context of a user without a complete user pro le for
personalized TDSs.

To answerRQ2, we propose a cooperative memory netwddlollemNN) that
has a novel mechanism to gradually enrich user pro les as dialogues progress and to
simultaneously improve response selection based on the enriched pi©désemNN
consists of two core modules: user pro le enrichmddPE) and dialogue response
selection PRS). The former enriches incomplete user pro les by utilizing collabo-
rative information from neighbor users as well as current dialogues. The latter uses
the enriched pro les to update the current user query so as to encode more useful
information, based on which a personalized response to a user request is selected. We
conduct extensive experiments on the personalized bAbl dialogue benchmark datasets.
We found thaiCoMemNNis able to enrich user pro les effectively, with robustness,
which results in a continuous improvement of response selection accuracy compared to
state-of-the-art methods.

RQ3 Can multiple languages be used in a collaborative way to improve the performance
of each single language?

More than 6,900 languages are widely used for global services and communication
in international markets and communiti€s3]. The demand to cross the chasms of
multilingual conversations calls for research on multilingtBISs [181]. However,
multilingual TDS models face three main challenges: (i) A data acquisition dilemma. It
is expensive and tedious to collect high-quality task-oriented (monolingual) conversa-
tions with ne-gained labels343, and this is even worse for multilingual conversations.
The acquisition of non-English data is more challenging due to a lack of expertise
in low-resource languages. For example, mBERT is trained on Wikipedia articles,
where English has the largest volume of data (15.5 GB) while the low-resource lan-
guage Yoruba has the smallest data volume (10 N2BY]| (ii) Global optimization
of multilingual models. Most recent work into multilingual conversations optimize
either monolingual models or they perform crosslingual. Only a few studies consider
simultaneous multilingual performanc#4, 148. And (iii) The in uence of language
commonalities and peculiarities. It is non-trivial to learn multilingual models due to the
diverse characteristics of multiple languages [3].

To answeRQ3, we conduct an analytical study regarding language characteristics
in collaborativeT DSs, which aims to facilitate the research into multilingi&lSs from
a new angle. First, we implement a simple yet effective mixture-of-languages routing

5



1. Introduction

(MOLR) model as a benchmark, which transforms the multilingu2$6 problem into

a collaborativeT DS problem. An expert agent can be either a monolingual dialogue
agent or a cross-lingual dialogue agent, and the chair agent conducts global optimization
among multiple so-called language routes through collaboration policies. We implement
these ideas based on the state-of-the-art pre-trained language mod&2 426 each
expert agent, and introduce two collaboration policies (i.e., parameter sharing and
language-route addressing). Then, we analyze the in uential factors in multilingual
TDSs in terms of both the language and model aspects. We hope that our analytical
study inspires the design of multilingudDS models and helps to speed up progress on
the problem of multilingual TDS.

RQ4 Can we enable collaborative agents with the capability of uncertainty estimation
towards trustworthy systems?

Transformers and their variants have been the state-of-the-art basis for many NLP and
dialogue tasks. The vanilla transform@d.f consists of a stack of transformer blocks,
each of which can be seen as a single agent. Intuitively, we can think of transformers
as a sequence of collaborative agents. Understanding the reliability and certainty of
transformer model predictions is crucial for building trustworthy machine learning
applications, e.g., for medical diagnosis. Although many recent transformer extensions
have been proposed, the study of the uncertainty estimation of transformer models is
under-explored.

To answelRQ4, we propose a novel way to enable transformers to do uncertainty
estimation and, meanwhile, retain the original predictive performance. This is achieved
by learning a hierarchical stochastic self-attention mechanism that attends to values
and a set of learnable centroids, respectively. Then, new attention heads are formed
with a mixture of sampled centroids using the Gumbel-Softmax trick. We theoretically
show that the self-attention approximation by sampling from a Gumbel distribution
is upper bounded. We empirically evaluate our model on three text classi cation
tasks with both in-domainD) and out-of-domain@OD) datasets. The experimental
results demonstrate that our approach (i) achieves the best predictive performance and
uncertainty trade-off among compared methods; (ii) exhibits very competitive (in most
cases, improved) predictive performance on ID datasets; and (iii) is on par with Monte
Carlo dropout and ensemble methods in uncertainty estimation on OOD datasets.

1.2 Main contributions

In this section, we list the main contributions of this thesis: theoretical contributions,
algorithmic contributions, empirical contributions, and resource contributions.

1.2.1 Theoretical contributions

« A novel chair-experts task-oriented dialogue system framework with a chair agent
and multiple expert agents, where multiple parallel and/or hierarchical agents
collaboratively work together to achieve better performance than a single agent
(Chapter 2).




1.2. Main contributions

* A theoretical proof that the error of stochastic attention approximation in the
hierarchical stochastic transformer has an upper bound (Chapter 5).

1.2.2 Algorithmic contributions

« A mixture-of-generators networlM(oGNef) model, where the chair makes good
decisions based on retrospective and prospective strategieRleG and
PMoG) and a learning scheme (i.e., GL) (Chapter 2).

« A cooperative memory networlCoMemNN model that can gradually enrich
user pro les with collaborative users as dialogues progress, and simultaneously
improve the performance of response selection based on the enriched pro les
(Chapter 3).

* Alearning algorithm for multiple hop CoMemNN (Chapter 3).

A statistic , namely stability coef cient, which is de ned as the standard devia-
tion of a list of performance results, and can be used to evaluate model stability
(Chapter 3).

« A mixture-of-languages routindOLR) model, where each expert agent can be
either a monolingual or cross-lingual dialogue agent, and the chair agent conducts
global optimization among multiple language routes by collaboration policies
(i.e., parameter sharing and language-path routing) (Chapter 4).

« Hierarchical stochastic transformer models (iSg.9-TRANS, H-STO-TRANS),
where stochasticity is introduced into the self-attention mechanism in transformers
to provide uncertainty information with predictions (Chapter 5).

1.2.3 Empirical contributions

» A statistical study of token distribution on the Multi-domain Wizard-of-Oz
(MultiwOZz) dataset, which motivates the hypothesis that a response should
be drawn from a mixture of distributions for multiple intents rather than from a
single distribution for a general intent (Chapter 2).

< An empirical veri cation of the effectiveness of model collaboration using the
MoGNet model for DRG task (Chapter 2).

< An empirical veri cation of the effectiveness of user collaboration using the
CoMemNNmodel for personalize@DS with incomplete user pro les (Chap-
ter 3).

< An empirical veri cation of the effectiveness of language collaboration using the
MOLR model for multilingual TDS task (Chapter 4).

» An empirical veri cation of the effectiveness of uncertainty estimation in stochas-
tic transformer models for both ID and OOD tasks (Chapter 5).
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1.2.4 Resource contributions

» The source code dfloGNetmodel is released under an open source license
(Chapter 2).

» The source code &@oMemNNmodel is released under an open source license
(Chapter 3).

» The source code of stochastic transformer models is released under an open
source license (Chapter 5).

» A simulated dataset for personaliz€®S with incomplete user pro les, which is
generated by randomly dropout user pro les with different ratios (Chapter 3).

1.3 Thesis overview

In this thesis, we focus on collaborative agents in task-oriented dialogue systems. Below,
we provide an overview of each chapter.

In this chapter, we identify the demands of dialogue systems and provide some
background knowledge, particularly concerning the tasks and mod&RB3s. We also
discuss the motivation of tH@TDSframework and an implementation of the framework
with a chair-experts architecture. Finally, we summarize what we bring to the three main
research directions in the under-explored area of collaborative agents for task-oriented
dialogue systems.

Next, in Chapter 2, we model collaboration for collaborative task-oriented dia-
logue system@TDS). First, we propose a chair-experts framework undeiGhbBS
framework and introduce a mixture-of-generators netwbt&aGNet model with collab-
orative agents for the dialogue response generabd®() task. Then, we empirically
compareMoGNetwith state-of-the-art single agents, and examine their performance in
terms of both automatic and human evaluation. We also explore the impact of differ-
ent collaboration policies and learning schemedm&GNet Finally, we conduct an
analytical study on partition intents, in uential hyper-parameters, and example cases
with predictions fromMoGNetand the models used for comparison. The experimental
results demonstrate thistoGNetoutperforms single-agent models against which we
compare thanks to thRMoG and PMoG mechanisms, as well as ti& learning
scheme.

In Chapter 3, we consider user collaboration@DS. First, we propose a practical
task “personalize@DSs with incomplete user pro les.” Then, we propos€aMemNN
model that consists of two cooperative modules: (JRE module that gradually learns
to enrich user pro les from collaborative users, and (ipRSmodule that improves the
performance of response selection based on enriched user pro les. Next, we empirically
compareCoMemNN and the state-of-the-art baselines with and without discarding
user pro les. After that, we conduct an ablation study for tHeEandDRS modules,
and further analyze the effect of a multiple-hop mechanism and pro le attributes. The
experimental results demonstrate tGatMemNNcan effectively enrich user pro les
as well as select high-quality responses based on a cooperative mechanism and a
multiple-hop learning algorithm.
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1.4. Origins

In Chapter 4, we study language collaboration@3DS. First, we introduce how
to model full TDS in a uni ed fashion and implement state-of-the-art benchmarks,
respectively. Speci cally, we develop: (i) multiple expert agents based on the mT5
model for monolingual and cross-linguBDSs, respectively; (ii) a multilingualDS
based on ne-tuning the mT5 model on multilingual data with a parameter sharing
mechanism; and (iii) a multilingudalDS under the chair-experts framework, namely
MOLR, where a chair agent learns a mixture of expert agents for multiple language
routes by different collaboration policies (i.e., parameter sharing and language-route
addressing). Then, we dive into an analytical study in terms of language and model
aspects, which, we hope, informs future work in the multilingti2s research commu-
nity. The experimental results demonstrate that language-speci ¢ characteristics have
a great impact on multilingudlDSs, and collaborative agents (e BIOLR) have the
potential to improve multilingual DSs based on monolingual and cross-lingual agents.

Finally, in Chapter 5, we study uncertainty estimation for collaborative agents. First,
we introduce background material on predictive uncertainty and the vanilla transformer
model. Then, we describe how to model uncertainty with Bayesian inference theory for
classi cation tasks. Next, we propose stochastic transformer modelsSi@®-TRANS,
H-sTo-TRANS) by introducing Gumbel-Softmax to hierarchical attention in the vanilla
transformer. After that, we conduct empiri¢Bl andOOD studies on three classi cation
tasks, i.e., sentiment analysi8A4), linguistic acceptabilityl(A) and slot Iling (SP.
The experimental results demonstrate that hierarchical stochastic transformers can
provide effective predictions with uncertainty estimation, and learn good trade-offs of
performance between in-domain prediction and out-of-domain uncertainty estimation.

Finally, in Chapter 6, we conclude the thesis and discuss potential directions for
future work.

1.4 Origins

In this section, we list the publications that form the basis for each chapter and brie y
explain the role of each author.

Chapter 2 is based on the following paper:

» J. Pei, P. Ren, and M. de Rijke. A modular task-oriented dialogue system
using a neural mixture-of-experts. 81GIR Workshop on Conversational
Interaction System£019.

» J. Pei, P. Ren, C. Monz, and M. de Rijke. Retrospective and prospective
mixture-of-generators for task-oriented dialogue response generation. In
ECAI, pages 2148-2155, 2020.

JP designed the model, implemented it, ran the experiments, and analyzed most
results. PR and MdR helped with the model design and technical details. PR
and CM helped with intermediate result analysis and the design of the nal
experimental setup. All authors contributed to the writing.

Chapter 3 is based on the following paper:
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« J. Pei, P. Ren, and M. de Rijke. A cooperative memory network for person-
alized task-oriented dialogue systems with incomplete user pro le$hin
Web Conferenggages 1552-1561, 2021.

JP designed the model, implemented it, ran the experiments, and analyzed most
results. PR helped with the model design and technical details. PR and MdR
helped with intermediate result analysis and the design of the nal experimental
setup. All authors contributed to the writing.

Chapter 4 is based on the following paper:

* J. Pei, G. Yan, P. Ren, and M. de Rijke. Mixture-of-languages routing for
multilingual task-oriented dialogue systenunder review 2022.

JP designed the model, implemented it, ran the experiments, and analyzed most
results. GY helped with implementing the model and running experiments. PR
helped with the model design and technical details. PR and MdR helped with
intermediate result analysis and the design of the nal experimental setup. All
authors contributed to the writing.

Chapter 5 is based on the following paper:

* J. Pei, C. Wang, and G. Szarvas. Transformer uncertainty estimation with
hierarchical stochastic attention. AAAI, pages 11147-11155, 2022.

JP designed the model, implemented it, ran most experiments, and analyzed most
results. CW helped with the model design and technical details. CW and GS
helped with intermediate result analysis and the design of the nal experimental
setup. All authors contributed to the writing.

The writing of the thesis also bene ted from work on the following publications:

* J. Pei, A. Stienstra, J. Kiseleva, and M. de Rijke. SEntNet: Source-aware recurrent

entity network for dialogue response selectionlJ@AlI Workshop SCAR019.

e G. Yan, J. Pei, P. Ren, Z. Ren, X. Xin, H. Liang, M. de Rijke, and Z. Chen.

ReMeDi: Resources for multi-domain, multi-service, medical dialogues. In
SIGIR pages 3013-3024, 2022.

» B.Wang, Q. Xie, J. Pei, P. Tiwari, Z. Li, and J. Fu. Pre-trained language models in

biomedical domain: a systematic survéssociation for Computing Machinery
2021.
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Model Collaboration:
Mixture-of-Generators for Response
Generation

In this chapter, we aim to answer the following research question:

RQ1 Can multiple dialogue agents collaborate effectively to improve the performance
of a single-module agent?

We explore the idea of collaborative agents from the point of view of model collaboration.
We rst propose a collaborative chair-experts framework, and a mixture-of-generators
network for the dialogue response generatidR(G) task. Our main nding about this
framework is thaMoGNetoutperforms single-module models, which is dependent on
the appropriate partition, topological construction of dialogue agents as well as effective
collaboration policies.

2.1 Introduction

Task-oriented dialogue systenE)Ss) have sparked considerable interest due to their
broad applicability, e.g., for booking ight tickets or scheduling meetirZ?[ 249.
In TDSs, there are many factors to consider in order to achieve good performance, such
as user intent understandingg[d, dialogue state trackin@p(, and dialogue response
generationDRG) [14]. Given adialogue contex{dialogue history, states, retrieved
results from a knowledge base, etc.), the purpodeREG is to generate a proper natural
language response that leads to task completion, i.e., successfully achieving speci c
goals, and that is uent, i.e., generating natural and uent utterances.

Recently proposeBRG methods have achieved promising results. For example,
S2SAtnLSTM[13, 14] follows the dominant Sequence-to-Sequerseq2Sepmodel
under an encoder-decoder architectlwa&RLAttnGRU [25€] treats action spaces as
latent variables for reinforcement learning. However, when generating a response,

This chapter was published as J. Pei, P. Ren, and M. de Rijke. A modular task-oriented dialogue system
using a neural mixture-of-experts. 81GIR Workshop on Conversational Interaction Syst&$9 [L66]
and J. Pei, P. Ren, C. Monz, and M. de Rijke. Retrospective and prospective mixture-of-generators for
task-oriented dialogue response generatiore@A\l, pages 2148-2155, 2020 [168].
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2. Retrospective and Prospective Mixture-of-Generators

Figure 2.1: Density of the relative token frequency distribution for different intents
(domainsin the top plot,system actions1 the bottom plot). We use kernel density
estimation} to estimate the probability density function of a random variable from a
relative token frequency distribution.

all current models assume that each token is drawn from a single distribution over
the output vocabulary. This may be unreasonable because responses vary greatly with
different intents, where intents may refer to domains, system actions, or other criteria for
partitioning responses, e.g., the source of dialogue coritéx}.[To support this claim,
consider the training set of the Multi-domain Wizard-of-@aftiwOZz) benchmark
dataset]4], where 67.4% of the dialogues span across multiple domains, and all the
dialogues span across multiple types of system actions. We plot the density of the
relative token frequency distributions in responses of different intents over the output
vocabulary in Figure 2.1. Although there is some overlap among distributions, there
are also clear differences. For example, when generating the fekiance], it has

a high probability of being drawn from the distributions for the intenbobking an
attraction, but not frombooking a taxi Thus, we hypothesize that a response should
be drawn from a mixture of distributions for multiple intents rather than from a single
distribution for a general intent.

We adopt a model collaboration point of view and proposaxure-of-generators
network(MoGNe) for DRG, which consists of &hair generator and severakpert
generators. Each expert model is specialized to generate a token from a single distribu-
tion for a particular intent, e.g., one domain, one type of action of a system, etc. The
chair model collaborates with multiple expert models and generates the nal response
by taking the utterances generated by the expert models into consideration. Compared
with previous methods, the advantagesviiGNet are at least two-fold: First, the
specialization of different experts and the use of a chair for combining the outputs
breaks the bottleneck of a single modéd,[136. Second, it is more easilyaceable

Ihttps://pandas.pydata.org/pandas-docs/stable/reference/api/pandas.
DataFrame.plot.kde.html
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we can analyze who is responsible when the model makes a mistake and generates an
inappropriate response.

We propose two strategies to help the chair make good decisionsgtrespective
mixture-of-generatorfRMoG) andprospective mixture-of-generatofBMoG). RMoG
only considers the retrospective utterances generated by the experts, i.e., the utterances
generated by all the experts prior to the current time step. However, a chair without
a long-range vision is likely to make sub-optimal decisions. Consider, for example,
these two responses: “whday will you be traveling?” and “whatlay andtime would
you like to travel?” If we only consider these responses until the 2nd token (which
RMoG does), then the chair might choose the rst response due to the absence of a
more long-range view of the important token “time” located after the 2nd token. Hence,
we also propose BMoG, which enables the chair to make full use of the prospective
predictions of experts as well.

To effectively trainMoGNet, we devise @lobal-and-local(GL) learning scheme.

The local loss is de ned on a segment of data with a certain intent, which forces each
expert to specialize. The global loss is de ned on all data, which forces the chair and all

experts to collaborate with each other. The global loss can also improve data utilization
by enabling the backpropagation error of each data sample to in uence all experts as
well as the chair.

To verify the effectiveness dfloGNet, we carry out experiments on théultiwOzZ
benchmark datasetoGNetsigni cantly outperforms state-of-the-atRG methods,
improving over the best performing model on this dataset by 5.64% in terms of over-
all performance (0.9hform+ 0.5*Success BLEU) and 0.97% in terms of response
generation qualityRerplexity).

The main contributions of this chapter are:

* A novel MoGNetmodel that is the rst framework that devises chair and expert
generators for DRG, to the best of our knowledge;

» Two novel collaboration policies, i.eRMoG andPMoG, to help the chair make
better decisions; and

« A GL learning scheme to differentiate experts and fuse data ef ciently.

2.2 Related work

In this section, we summarize recent work under two dominant frameworHEBs:
modularized pipelindDSs and end-to-end single-modul®Ss. Then we compare
related work on DRG.

2.2.1 Modularized pipeline TDSs

Modularized pipelineTDS frameworks consist of a pipeline with several modules.
Examples include natural language understanditig) [7, 21], dialogue state track-
ing (DST) [180, 260, dialogue policy learningPL) [254], and natural language
generationILG) [44, 143 247]. Each module has an explicitly decomposed function
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2. Retrospective and Prospective Mixture-of-Generators

for a specialized subtask, which is bene cial for tracking errors. Young ¢249]
summarize typical pipelin€DSs that are constitutive of distinct modules following a
POMDP paradigm. Crook et a[30] develop arDS platform that is loosely decom-
posed into three modules, i.e., initial processing of input, dialogue state updates, and
policy execution. Yan et aj244] present & DSfor completing various purchase-related
tasks by optimizing individual upstream-dependent modules, i.e., query understand-
ing, state tracking, and dialogue management. However, the pipeline setting of these
methods will unavoidably run into the upstream propagation probRéin the module
interdependence problem [20], and the joint evaluation problem [249].

Unlike the methods listed above, oMoGNet consists of a group of modules,
including a chair bot and several expert bots. This design addresses the module interde-
pendence problem since each module is independent of the others. Besides, the chair
bot alleviates the error propagation problem because it is able to manage the overall
errors through an effective learning scheme.

2.2.2 End-to-end single-module TDSs

End-to-end single-module systems addressIib8 task with only one module, which
directly maps aialogue contexto aresponsg229. There is a growing focus in
research on end-to-end approachesTbiSs, which can enjoy global optimization
and facilitate easier adaptation to new domaR@.[ Sordoni et al[202] show that
using a recurrent neural networRKIN) to generate text conditioned on the dialogue
history results in more natural conversations. Later improvements have been made by
adding an attention mechanisti0p, 217], by modeling the hierarchical structure of
dialogues 192, or by jointly learning belief spansP3. However, existing studies on
end-to-endIDSs mostly use a single-module model to generate responses for complex
dialogue contexts. This is practically problematic because dialogue contexts are very
complicated with multiple sources of informatio2d]. In addition, previous studies
show that it is rare to nd a single model that achieves the best results on the overall
task based on empirical studies from different machine learning applicationt3q.
Different from the methods listed above, which use a single module to address
TDSs, ourMoGNetuses multiple modules (expert and chair bots), which makes good
use of the specialization of different experts and the generalization of the chair for
combining the nal outputs. Besides, oMoGNetmodel is able to track who is to
blame when the model makes a mistake.

2.2.3 Dialogue response generation

Recent work view®RG as a source-to-target transduction problem, which majia-a
logue contexto aresponsg46, 107, 229. Sordoni et al[202] show that using aRNN
to generate text conditioned on dialogue history results in more natural conversations.
Later improvements include the addition of attention mechanid®§ R17], modeling
the hierarchical structure of dialoguekdp], or jointly learning belief spansip3.
Strengths of these methods include global optimization and easier adaptation to new
domains [20].

The studies listed above assume that each token of a response is sampled from
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2.3. Mixture-of-generators network

a single distribution, given a complex dialogue context. In contidsGNet uses
multiple cooperating modules, which exploits the specialization capabilities of different
experts and the generalization capability of a chair. Work most closely related to ours in
terms of modeling multiple experts includes|] 65, 100, 166. Le et al.[100] integrate

a chat model with a question-answering model using an LSTM-based mixture-of-experts
method. Their model is similar ttloGNetGL-P (withoutPMoGandGL) except that

they simply use two implicit expert generators that are not specialized on particular
intents. Guo et al[65] introduce a mixture-of-experts to use the data relationship
between multiple domains for binary classi cation and sequence tagging. Sequence
tagging generates a set of xed labe3RG generates diverse appropriate response
sequences.

The differences betwedfloGNetand these two approaches are three-fold: First,
MoGNetconsists of a group of modules, including a chair generator and several expert
generators; this design addresses the module interdependence problem since each
module is independent of the others. Second, the chair generator alleviates the error
propagation problem because it is able to manage the overall errors through an effective
learning scheme. Third, the models of those two approaches cannot be directly applied
to task-oriente@RG. The recently published HDSA&H] slightly outperformavioGNet
on Score(+0.07), but it overly relies on BERT3P] and graph structured dialog acts.
MoGNetfollows the same modularDS framework [L66], but it performs substantially
better due to tting the expert generators with both retrospection and prospection
abilities and adopting the GL learning scheme to conduct more effective learning.

2.3 Mixture-of-generators network

We focus on task-orientddRG (a.k.a. the context-to-text generation tas#]]. For-
mally, given a current dialogue context= (U; B; D), whereU is a combination of
previous utterance® are the belief states, adl are the retrieved database results
based orB, the goal of task-orienteBRG is to generate a uent natural language

complish their task goals, e.g., booking a ight ticket. We propkesNetto model
the generation probability (Y j X).

2.3.1 Overview
The MoGNet framework consists of two types of roles:

« k expert generators each of which is specialized for a particulatent, e.g.,

a domain, a type of action of a system, etc. Det f(Xp; Yp)g"'pD:il denote a
dataset withDj independent samples OX; Y ). Expert-related intents partition

D into k piecesS = fS|dg, , whereS, , f(X! ;Yp')gfz'lj. Then$, is used to
train each expert by predictirig (Y' j X'). We expect thé-th expert to perform

better than the others &.

« achair generator, which learns to collaborate with a group of experts to make
an optimal decision. The chair is trained to predigty j X ), where(X;Y ) is a
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Figure 2.2: Overview oMoGNet It illustrates how the model generates the token
given sequenc¥ as an input in the process of generating the whole sequérasea
dialogue response.

sample fromD.

Figure 2.2 shows our implementation dbGNet, it consists of three types of com-
ponents, i.e., a shared context encolezxpert decoders, and a chair decoder. For
example, for the third tokeys, the chair can collaboratively consid@g ; h§ ], the
hidden states of generated utterances, from both expert A (“okay which area do you

and the prospective token “center” from expert B helps with the nal prediction. Next,
we expand on each component, respectively.

2.3.2 Shared context encoder

The role of the shared context encoder is to read the dialogue cofitert! construct
a representation. We follow Budzianowski et[dB] and model the current dialogue
context as a combination of user utterandedelief state8 , and retrieval results from
a databas®.

represented as:
h;si = RNN(wi;hY 3;si 1); (2.1)
wherew; is the embedding of the tokem . The initial statesy of the RNN is set to O.

Then, we represent the current dialogue conteas a combination of the user
utterance representatitry, , the belief state vectdr® , and the database vecto? :

x =tanh( W ,h¥ + W hB + W 4hP); (2.2)

whereh is the nal hidden state from Eq. 2.h® is a 0-1 vector with each dimension
representing a state (slot-value pair¥, is also a 0-1 vector, which is built by querying
the database with the current st&te Each dimension di® represents a particular
result from the database (e.g., whether a ight ticket is available).
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2.3.3 Expert decoder

Given the current dialogue contextand the current decoded tokentg 1, thel-th
expert outputs the probabili’ (yjI j Yo;j 1;X) over the vocabulary at thej -th step

by:
P'(yj j Yo; 1;X) =softmax(U"of + b)

0;s = RNN(y; 1 €i0] 1i§ 1);

(2.3)

whereU is the parameter matrix ard is the bias;s} is the state vector, which is
initialized by the dialogue context vector from the shared context encodespi=®.x;

y; 1 isthe embedding of the generated token at time jsted; is the concatenation
operation;c} is the context vector which is calculated with a concatenation attention
mechanism$, 127] over the hidden representations from a shared context encoder as

follows:

¢ = ji hi
i=1
- exp(wj; ) (2.4)
! 2y exp(w);)
wi = v[ tanh(W[(hi s ;)+ b));

where is a set of attention weights; is the concatenation operation.|, by, v, are
learnable parameters, which are not shared by different experts in our experiments.

2.3.4 Chair decoder

Given the current dialogue conteXt and the current decoded toke¥ig; 1, the
chair decoder estimates the nal token prediction distribut(y; j Yo;j 1;X) by
combining the prediction probabilities froknexperts. Here, we consider two strategies
to leverage the prediction probabilities from experts, Ré1oG andPMoG. The former
only considers expert generator outputs froistory (until the(j  1)-th time step),
which follows the typical neural Mixture-of-ExpertMOE) architecture 191, 195. We
propose the latter to make the chair generator envisiofuthes(i.e., afterthgj 1)-th
time step) by exploring expert generator outputs ftartra stepst(2 [1;n j];t 2 N).
Speci cally, the chair determines the predictiBriy; j Yo; 1;X) as follows:

P(yiYoj 1:X)= £ PO iYe 1:X)
X . _ (2.5)
(T ) POLTY X
1=1
whereP (y® j Yo; 1;X) is the prediction probability from the chair itse®,(y] j

Yo;j 1;X) is the prediction probability from expelt ; =[ ©; j';R ; j';P ] are nor-
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malized collaboration coef cients, which are calculated as:

exp(vThj)
< exp(vThy) (2.6)

MLP([ P(yf ] Yoj 1;X);h{;hf]):

i =

hj

€, R and /7 are estimated w.r.P(y¢ j Yo; 1;X), hR andhP, respectivelyhR
is a list of retrospective decoding outputs from all experts, which is de ned as follows:

hR = P(yi; 1]Yo;iX) P(yy 1]YoiX) 27
P(YS; 1 Y0iX);

whereyy is a special token “[BOS]" indicating the start of decodiﬁ@(y'l:j 11 Yo0; X)
is the output of expeliitfrom the 1-stto th€j  1)-th step using Eq. 2.31]?’ is a list of
prospective decoding outputs from all experts, which is de ned as follows:

th = P(le:j+t ] Yoij 1:X)
P+t Yoy 1:X) (2.8)
P(Yf+e) Yog 1:X);

WhereP(y]-' j+t] Yoj 1;X) are the outputs of expeirfrom thej -th to ( + t)-th step.
We obtainP(yJ-' j+t ] X) by forcing expert to generate steps using Eq. 2.3 based on
the current generated toke¥ig; 1.

2.3.5 Learning scheme

We devise a global-and-local learning scheme to tMoGNet Each expert is
optimized by a localized expert loss de ned 8 which forces each expert to specialize
on one of the portions of da. We use cross-entropy loss for each expert and the
joint loss for all experts is as follows:

Xk X X | Lo
L experts = 1Yj IOgP(yj J Yo; 1 X); (2.9)
I=1 (x};Y))2s, =1

whereP (y! j Yg; 1;X) is the token prediction by expdr(Eq. 2.3) computed on the
r-th data samplq;j' is a one-hot vector indicating the ground truth tokep.at

We also design a global chair loss to differentiate the losses incurred by different
experts. The chair can attribute the source of errors to the expert in charge. For each data
sample inD, we calculate the combined taken predict®y; j Yo; 1;X) (Eqg. 2.5).
Then the global loss becomes:

®x _
L chair = ¥ logP(y;j j Yo; 1;X): (2.10)
r=1j=1
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Our overall optimization follows the joint learning paradigm that is de ned as a weighted
combination of constituent losses:

L= L experts + (1 ) Lchair ; (2.11)
where is a hyper-parameter to regulate the importance between the experts and the

chair for optimizing the loss.

2.4 Experimental setup

In this subsection, we summarize our research questions, the dataset used for our exper-
iments, the models we compare against, our evaluation metrics, and implementation
details, respectively.

2.4.1 Research questions
We seek to answer the following research questions:

(RQ1.1) DoesMoGNetoutperform state-of-the-art end-to-end single-modRG
models?

(RQ1.2 How does the choice of a particular collaboration mechanism RMQG,
PMoG, or neither of the two) affect the performance of MoGNet?

(RQ1.3) How does theGL learning scheme compare to using the general global
learning as a learning scheme?

2.4.2 Dataset

Our experiments are conducted on tMeltiwOZ [14] dataset. This is the latest
large-scale human-to-humas dataset with rich semantic labels, e.g., domains and
dialogue actions, and benchmark results of response genetatlaitiwOZ consists of

10k natural conversations between a tourist and a clerk. It has 6 speci c action-related
domains, i.e.Attraction Hotel, RestaurantTaxi, Train, andBooking and one universal
domain, i.e.General 67.4% of the dialogues are cross-domain, with 2-5 domains
on average. The average number of turns per dialogue is 13.68; a turn contains 13.18
tokens on average. The dataset is randomly split into 8,438/1,000/1,000 dialogues for
training, validation, and testing, respectively.

2.4.3 Model variants and baselines
We consider a number of variants of the proposed mixture-of-generators model:

« MoGNet: the proposed model witRMoG andPMoGandGL learning scheme.

* MoGNet-P: the model without prospection ability by removiR#10G collabo-
ration mechanism from MoGNet.

2http://dialogue.mi.eng.cam.ac.uk/index.php/corpus/
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Table 2.1: Model variants.°, J-'?R , ]-';P are from Eq. 2.5. “True” means we preserve

itand learn it as it is. “False” means we remove it (set it to O from Eq. 2.11 and
we report two settings, 0.0 and 0.5. See Section 2.6.2.

c IR P

j j j
MoGNet True True True 0.5
MoGNet-P True True False 0.5
MoGNet-P-R True False False 0.5
MoGNet-GL  True True True 0.0

* MoGNet-P-R: the model without the two collaboration policies but wiih
learning scheme.

* MoGNet-GL : the model that removes GL learning scheme from MoGNet.

See Table 2.1 for a summary. Without further indications jtentsused are based on
identifying eight different domains: Attraction, Booking, Hotel, Restaurant, Taxi, Train,
General, and UNK.

To answer RQ1, we compakéoGNetwith the following methods that have reported
results on this task according to the of cial leaderboard by June 2020.

o S2SAttNnLSTM. We follow the dominanSeg2Segnodel under an encoder-
decoder architecture [20] and reproduce the benchmark baseline, i.e., the single-
module model name82SAttnLSTM[13, 14, based on the source code provided
by the authors. See footnote 3.

» S2SAttnGRU. A variant of S2SAttnLSTM with Gated Recurrent Unit<GRUS)
instead of LSTMs and other settings kept the same.

« Structured Fusion. It learns the traditional dialogue modules and then incorpo-
rates these pre-trained sequentially dependent modules into end-to-end dialogue
models by structured fusion networks [142].

e LaRLAttnGRU . The state-of-the-art mode2$6], which uses reinforcement
learning and models system actions as latent variallaRLAttnGRU uses
ground truth system action annotations and user goals to estimate the rewards for
reinforcement learning during training.

2.4.4 Evaluation metrics
We use the following commonly used evaluation metrics [14, 256]:

« Inform: the fraction of responses that provide a correct entity out of all responses.

» Successthe fraction of responses that answer all the requested attributes out of
all responses.

3The Context-to-Text Generation taskhtps:/github.com/budzianowski/multiwoz
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» BLEU: for comparing the overlap between a generated response to one or more
reference responses.

« Score de ned asScore= (0:5 Inform+0:5 Success BLEU) 100 This
measures the overall performance in terms of both task completion and response
uency [142].

* PPL: denotes the perplexity of the generated responses, which is de ned as the
exponentiation of the entropy. This measures how well a probabili¥R6
model predicts a token in a response generation process.

We use the toolkit released by Budzianowski et[48] to compute the metrics.
Following their settings, we also uSzoreas the selection criterion to choose the best
model on the validation set and report the performance of the model on the test set.
We use a paired t-test to measure the statistical signi capce :01) of relative
improvements.

2.4.5 Implementation details

Theoretically, the training time complexity of each data samp@@is (k+1) n),
wheren is the number of response tokens. To reduce the computational costs, we assign
j +t = nand compute the expert prediction with Eq. 2.3. This means that the chair will
make a nal decision only after all the experts have decoded their nal tokens. Thus,
the time complexity decreases®@(n (k + 1) + n).

For a fair comparison, the vocabulary size is the same as used by Budzianowski
et al.[14], who use 400 tokens. Out-of-vocabulary words are replaced with “[UNK]".
We set the word embedding size to 50 and3RU hidden state sizes to 150. We use
Adam [91] as our optimization algorithm with hyperparameters 0:005 ; =0:9,

» =0:999and =10 8. We also apply gradient clippind.$2 with range [-5, 5]
during training. We us& regularization to alleviate over tting, the weight of which
is settol0 5. We set the mini-batch size to 64. We use greedy search to generate the
responses during testing. Please note that if a data point has multiple intents, then we
assign it to each corresponding expert, respectively. The code is available%nline.

2.5 Results

In this section, we conduct both automatic and human evaluations to assess the effec-
tiveness of the proposed model. We have also reported on an ablation study to show
how collaboration policies and the learning scheme in uence the proposed model.

2.5.1 Automatic evaluation (RQ1.1)

We evaluate the overall performance MbGNetand the comparable baselines on
the metrics de ned in Section 2.4.3. The results are shown in Table 2.2. First of all,

4https://github.com/budzianowski/multiwoz
Shttps://github.com/Jiahuan-Pei/multiwoz-mdrg
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Table 2.2: Comparison results MoGNet and the baselinesBold face indicates
leading results. Signi cant improvements over the best baseline are marked with
(paired t-testp < 0:01).

BLEU Inform  Success Score PPL

S2SAtnLSTM 18.90% 71.33% 60.96% 85.053.98
S2SAttnGRU 18.21% 81.50% 68.80% 93.36 4.12
Structured Fusion [142] 16.34% 82.70% 72.10% 93.74 -
LaRLAttnGRU [256] 12.80% 82.78% 79.20% 93.79 5.22

MoGNet 20.13% 85.30% 73.30% 99.43 4.25

MoGNetoutperforms all baselines by a large margin in terms of overall performance
metric, i.e., satisfactio®core It signi cantly outperforms the state-of-the-art baseline
LaRLAttnGRUby 5.64% Scorg and 0.97 PPL). Thus,MoGNetnot only improves the
satisfaction of responses, but also improves the quality of the language modeling process.
MoGNet also achieves more than 6.70% overall improvement over the benchmark
baselineS2SAttnLSTMand its varian82SAttnGRU This proves the effectiveness of

the proposed MoGNet model.

Second,LaRLAttnGRU achieves the highest performance in termsSatcess
followed byMoGNet However, it results in a 7.33% decreas®irEU and a 2.56%
decrease itnform compared ttMoGNet HenceLaRLAttnGRUis good at answering
all requested attributes, but not as good at providing more appropriate entities with high

uency asMoGNet LaRLAttnGRUtends to generate more slot values to increase the
probability of answering the requested attributes. Take an extreme case as an example:
if we force a model to generate all tokens with slot values, then it will achieve an
extremely highSuccessut a lowBLEU.

Third, S2SAttnLSTMis the worst performing model in terms of overall score
(Scorg. But it achieves the befPL. It tends to generate frequent tokens from the
vocabulary, which exhibits better language modeling characteristics. However, it fails to
provide useful information (the requested attributes) to meet the user goals. By contrast,
MoGNetimproves user satisfaction (i.&¢org greatly and achieves response uency
by taking specialized generations from all experts into account.

2.5.2 Human evaluation (RQ1.1)

To further understand the results in Table 2.2, we conducted a human evaluation of
the generated responses fr@BASAttnGRU LaRLAttnGRU, andMoGNet We ask
workers on Amazon Mechanical TurRKT)® to read the dialogue context, and choose

the responses that satisfy the following criteria:iiformativenessneasures whether

the response provides appropriate information that is requested by the user query.
No extra inappropriate information is provided. @pnsistencyneasures whether

the generated response is semantically aligned with the ground truth response. (i)
Satisfactorymeasures whether the response has an overall satisfactory performance,

Shttps://www.mturk.com/
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Table 2.3: Results of human evaluatioBold face indicates the best results: n
means that at least AMT workers regard it as a good response winformativeness
ConsistencyndSatisfactory

S2SAtthnGRU LaRLAttnGRU MoGNet
> 1 > 2 > 1 > 2 > 1 > 2

Informativeness 56.79% 31.03% 76.54% 44.83%0.25% 53.4%%
Consistency 4521% 23.53% 71.23% 39.229%0.82% 50.98%
Satisfactory 26.79% 25.00% 44.64% 21.88%0.71% 37.50%

promising bothinformativenesandConsistencyAs with existing studiesl4?, we

sample one hundred context-response pairs to do the human evaluation. Each sample
is labeled by three workers. The workers are asked to choose either all responses that
satisfy the speci c criteria or the “NONE" option, which denotes none of the responses
satisfy the criteria. To make sure that the annotations are of high quality, we calculate
the fraction of the responses that satisfy each criterion out of all responses that pass the
golden testThat is, we only consider the data from the workers who have chosen the
golden response as an answer.

The results are displayed in Table 2MoGNetperforms better thaB82SAttnGRU
andLaRLAttnGRU on Informativenesdecause it frequently outputs responses that
provide richer information (compared wiB2SAttnGRU and fewer extra inappropriate
information (compared with LaRLAttnGRU). MoGNet obtains the best results, which
meandVMloGNetis able to generate responses that are semantically similar to the golden
responses with large overlaps. The resultsaRLAttnGRU outperformS2SAttnGRU
in all cases except fdatisfactoryunder the strict conditior( 2). This reveals that
balancing betweemformativenesand Consistencynakes it dif cult for the mturk
workers to assess the overall quality, measure8dysfactory In this caseMoGNet
receives the most votes @atisfactoryunder the strict conditior( 2) as well as the
loose condition¥ 1). This shows that the workers consider the responsesifto@Net
more appropriate than the other two models with a high degree of agreement. To sum
up, MoGNetis able to generate user-favored responses in addition to the improvements
for automatic metrics.

2.5.3 Collaboration policies (RQ1.2)

In Table 2.4 we contrast the effectiveness of different collaboration policies. We can see
thatMoGNetP loses 4.32% overall performance with a 0.62% decreaBeBY, 5.90%
decrease ofnform and 1.50% decrease 8uccessThis shows that the prospective
design of thePMoG mechanism is bene cial to both task completion and response
uency. Especially, most improvements come from providing more correct entities
while improving generation uencyMoGNetP-R reduces 2.62%corewith 1.97%
lower of BLEU, 0.2% lower ofInform and 1.10% ofSuccess Thus, theMoGNet
framework is effective thanks to its design with two types of roles: the chair and the
experts.
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Table 2.4: Impact of collaboration policiegnderlined resulttdicate the worst results
with a statistically signi cant decrease compared to MoGNet (paired t{testD:01).

BLEU Inform  Success Score PPL
MoGNet 20.13% 85.30% 73.30% 99.43 4.25

MoGNet-P 19.51% 79.40% 71.80% 95.11 4.19
MoGNet-P-R _18.16% 85.10% 72.20% 96.81 4.12

Table 2.5: Impact of the learning schentdnderlined resultindicate the worst results
with a statistically signi cant decrease compared WitbGNet(paired t-testp < 0:01).

BLEU Inform Success Score PPL

MoGNet 20.13% 85.30% 73.30% 99.43 4.25
MoGNet-GL  19.33% _78.40% 67.90% 92.48 3.97

2.5.4 Learning scheme (RQ1.3)

We useMoGNetGL to refer to the model that removes tBé learning scheme from
MoGNetand uses the general global learning instéddGNetGL results in a sharp
reduction of 6.95% overall performance with 0.80¥%BafEU, 6.90% oflnform and
5.40% ofSuccessThe main improvement is attributed to the strong task completion
ability. This shows the effectiveness and importance of3hdearning scheme as it
encourages each expert to specialize on a particular intent while the chair prompts all
experts to collaborate with each other.

2.6 Analysis

In this section, we explogloGNetin more detail. In particular, we examine (i) whether
the intent partition affects the performanceMdGNet (Section 2.6.1); (ii) whether
the improvements dfloGNetcould simply be attributed to having a larger number
of parameters (Section 2.6.2); (iii) how the hyper-paramet@q. 2.11) affects the
performance oMoGNet(Section 2.6.2); and (iv) hoRMoG, PMoGandGL in uence
DRG using a small case study (Section 2.6.3).

2.6.1 Intent partition analysis

As stated above, the responses vary a lot for different intents which are differentiated by
the domain and the type of system action. Therefore, we experiment with two types of
intents as shown in Table 2.6.

To determine whether the intent partition affects the performantéo@Net we
compared two ways of partitioning intentdMoGNetdomain andVioGNetaction
denote the intent partitions w.r.t. domains and system actions, respedtieBNet
domain has 8 intents (domains) aMdGNetaction has 14 intents (actions), as shown
in Table 2.6. The results are shown in Table 2.7.
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Table 2.6: Two groups of intents that are divided by domains and the type of system
actions.

Type Intents

Domain Attraction, Booking, Hotel, Restaurant, Taxi, Train, General, UNK.

Book, Inform, NoBook, NoOffer, OfferBook, OfferBooked, Select,
Recommend, Request, Bye, Greet, Regmore, Welcome, UNK.

Action

Table 2.7: Results of MoGNet with two intent partition ways.

BLEU Inform Success Score PPL

MoGNet-domain 20.13% 85.306 73.30% 99.43 4.25
MoGNet-action 17.28% 79.40% 69.70% 91.83 4.48

MoGNet consistently outperforms the baseline S2SAttnGRU for both ways of par-
titioning intents. InterestingliMoGNetdomain greatly outperfornidoGNetaction.
We believe there are two reasons: First, the system actions are not suitable for grouping
intents because some partition subsets are hard to be distinguished from each other,
e.g.,OfferBookandOfferBooked Second, some system actions only have a few data
samples, simply not enough to specialize the experts. The results show that different
ways of partitioning intents may greatly affect the performanceloGNet Therefore,
more effective intent partition methods, e.g., adaptive implicit intent partitions, need to
be explored in future work.

2.6.2 Hyper-parameter analysis

To determine whether the improvementddGNetcould simply be attributed to having

a larger number of parameters, we show the resulidaBNetand S2SAttnGRUwith
different hidden sizes in Figure 2.32SAttnGRUoutperformsMoGNet when the
number of parameters is less than 0.6e7. HoweMeGNet achieves much better
results with more parameters. Most importantly, the results from both models show
that a larger number of parameters does not always mean better performance, which
indicates that the improvement of MoGNet is not simply due to more parameters.

Figure 2.3:Scoreof MoGNet and S2SAttnGRU with different number of parameters.
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Figure 2.4:Scoreof MoGNet with different values of .

To understand how the hyper-parameteffects the performance MoGNet we
report theScorevalues ofMoGNetwith different values of (Eq. 2.11), as shown in
Figure 2.4. When = 0, no expert is trained on a particular intent. When 1, the
model ignores the global loss, i.e., tR&MoG andPMoG mechanisms are not used and
the chair is only trained as a general expert. We can see that these two settings decrease
the performance greatly, which further veri es the effectiveneRMbG andPMoGas
well as theMoGNetframework. We also note that the performanc®wGNetis quite
stable when 2 [0:1; 0:7] with the best performance for= 0:7. Hence MoGNetis
not very sensitive to the hyper-parameter

2.6.3 Case study

To address holRMoG, PMoGandGL in uence DRG, we select an example to illus-
trate the in uence o0RMoG, PMoG, andGL. Table 2.8 shows the responses generated
by comparable baselines (i.&2SAttnGRY LaRLAtthGRU) and MoGNet variants
as in Table 2.4. In red we highlight the tokens that show the differences in terms of
task completion. GeneralliloGNetcan generate more appropriate and meaningful
responses. Speci cally, witholRMoG, MoGNetP andMoGNetP-R ignhore the fact
that the attributdimeis important for searching a train ticket (1st turn) and omit the
exact departure time ([valugme]) of the train (2nd turn). WithousL, MoGNetGL
ignores the primary time information neddy (1st turn) and omits the implicit need of
[value price] (4th turn).

There are also some low-quality cases, MpGNetand the baselines occasionally
generate redundant and lengthy responses, because none of them has addressed this
issue explicitly during training.

2.7 Conclusion and future work

In this chapter, we have proposed a novel mixture-of-generators netio®&N et

model with different collaboration policies, nameRMoG and PMoG, to enhance
dialogue response generation. We have also devigeld laarning scheme to learn
MoGNet effectively. Experiments on the MultiwOZ benchmark demonstrate that
MoGNetsigni cantly outperforms state-of-the-art methods in terms of both automatic
and human evaluations. We also conduct analyses that con rm the effectiveness of
MoGNet, the RMoG and PMoG mechanisms, as well as tit& learning scheme.
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Table 2.8: Example responses fradtoGNet with the ablation settings in a 4-turn
dialogue.

TurnUser System

S2SAttnGRU: what day would you like to travel ?
LaRLAttnGRU : there are [valugount] trains leaving [valuplace] on
[value_day] . what day would you like to travel ?

i am looking for a train departing
1 from [valueplace] that will arrive MoGNet: what day and time would you like to travel?
at [valueplace]. MoGNet-P: what day will you be traveling?
MoGNet-P-R: what day will you be traveling?
MoGNet-GL : there are [valugount] trains ... do you have a time you
would like to depart?

S2SAttnGRU: [train_id] will arrive at [valuetime] .
LaRLAttnGRU : i have train [trainid] leaving at [valuetime] and
arriving at [valuetime] . would you like me to book this for you ?

i would like to leave on [valuglay] ~ MoGNet: [train.id] leaves at [valugime] and arrives by [valugime] .
and arrive no later than [valuime]. MoGNet-P: [train.id] will arrive at [valuetime].
MoGNet-P-R: the [trainid] arrives at [valuetime].
MoGNet-GL: i have train [trainid] that leaves at [valu¢éime] and arrives
at [valuetime].
+All: would you like me to book that for you?

3 caniplease have the reference numBdir?... how many tickets do you need?

S2SAttnGRU: i have booked you [valueount] tickets on the [traind] .

your reference number is [traireference]. is there anything else i can help
you with ?

LaRLAttnGRU : i have booked [valugount] tickets on [trairid] . the
reference number is [traireference] .

MoGNet: i have booked [valugount] tickets for you. the total fee is
[value_price] gbp payable at the station. your reference number is
[train_referencel]. is there anything else i can help you with ?
MoGNet-P: i have booked [valueount] tickets. the total fee is
[value_price] gbp payable at the station. your reference number is
[train_reference].

MoGNet-P-R: booking was successful , the total fee is [vaprice] gbp
payable at the station. reference number is [traiierence].
MoGNet-GL: i have booked [valueount] tickets for you. the reference
number is [trainreferencel]. is there anything else i can help you with ?

could you book [valuecount] tickets
4 for me and send me the reference
number?

Together, these ndings constitute a positive answer to our leading research question
for this chapter: multiple dialogue agents can indeed be organized in such a way that
they collaborate effectively to improve the performance of a single-module agent.

As to future work that builds on the ndings of this chapter, we plan to devise more
ne-grained expert generators and experiment on more datasets tdd€dtiet In
addition,MoGNetcan be advanced in many directions: First, better mechanisms can be
proposed to improve the collaboration between the chair and expert generators. Second,
it would be interesting to study how to do intent partition automatically. Third, it is
also important to investigate how to avoid redundant and lengthy responses in order to
provide a better user experience.

Next, we switch from model collaboration to user collaboration.
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User Collaboration: A Cooperative
Memory Network for Personalization

In this chapter, we aim to answer the following research question:

RQ2 Can multiple users collaborate successfully to improve the quality of a dialogue
for each single user?

We examine the idea of collaborative agents from the point of view of user collaboration.
We propose a cooperative memory netwdZloMemNN) that can gradually enrich user

pro les with collaborative users as dialogues progress and simultaneously improve the
performance of response selection based on the enriched pro les. Our main nding
is that CoMemNN enriches user pro les effectively with robustness, leading to a
continuous increase of accuracy for response selection compared to state-of-the-art
baselines.

3.1 Introduction

The use of task-oriented dialogue systemB$s) is becoming increasingly widespread.
Unlike open-ended dialogue system€§, 252, TDSs are meant to help users achieve
speci ¢ goals during multiple-turn dialogueg(]. Applications include booking restau-
rants, planning trips, grocery shopping, customer service 29133 166, 168 232
249].

Considerable progress has been made in improving the performam€sefie.g.,
12,71, 111, 116, 124, 167, 234. Human-human dialogues naturally re ect diverse
personalized preferences in terms of, e.g., modes of expression H&R5(, indi-
vidual needs and related to speci c goa5[126 145. Recent work has begun to
explore how to improve the user experience by personaliZd§s in similar ways.
Several personalizeDS models have been proposed and have achieved good perfor-
mance 85, 126, 251]. Personalized DS models use user pro les in order to be able
to capture, and optimize for, users' personal preferences. Those user pro les may not

This chapter was published as J. Pei, P. Ren, and M. de Rijke. A cooperative memory network for
personalized task-oriented dialogue systems with incomplete user pro |&heliVeb Conferencpages
1552-1561, 2021 [169].
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Figure 3.1: Cooperative interaction between user pro les and dialogues.

always be available or complete. While pro les may be obtained by asking users to |l
in personal pro les with all prede ned attribute8%, 126, 251], more often than not,
they arancompleteand have missing values for some of the attributes of interest: (i) Not
all users are willing to expose their pro les due to privacy conce®24]f Tigunova
et al.[212] have shown that users rarely reveal their personal information in dialogues
explicitly; and (ii) User pro les may involve many attributes (e.g., gender, age, and
tastes), which makes it hard to collect values for all of them. For example, even if we
know a user's favorite food is “ sh and chips,” this does not mean the user does not like
“hamburgers.”

In this chapter, we study the problem of personalizB&s withincomplete user
pro les. This problem comes with two key challenges: (i) how to infer missing attribute
values of incomplete user pro les; and (ii) how to use enriched pro les so as to enhance
personalized’DSs. There have been previous attempts to extract user pro les from
open-ended dialogue$(4, 108 211, 212 236 but to the best of our knowledge, the
problem of inferring and using missing attribute values has not been studied yet in the
context of TDSs.

We address the problem of personaliZddSs with incomplete user pro ledy
proposing an end-to-ermboperative memory netwof€oMemNN) in which pro les
and dialogues are used to mutually improve each other. See Figure 3.1 for an intuitive
sketch. The intuition behin@oMemNNis that user pro les can be gradually improved
(i.e., missing values can be added) by leveraging useful information from each dialogue
turn, and simultaneously, the performance of dialogue response seld2R&h ¢an
be improved based on enriched pro les for later turns. For example, wheruuser
produces the utterance “Does it have “decent' french fries?” and the user reveals his like
of “french fries,” the attribute “favorite food' in his user pro le can be enriched with the
value of “french fries.” In addition, we want to consider collaborative information from
similar users, assuming that similar users have similar preferences as re ected in their

30



3.2. Related work

user pro les. For example, a young male non-vegetarian who is a big fan of “pizza”
might also love “ sh and chips” if there are several users with similar pro les stating
“sh and chips” as their favorite food. In turn, knowledge of these preferences can
affect the choice of the response selected BYD& in case there are multiple candidate
responses. In other words, users with similar pro les may expect the same or a similar
response given a certain dialogue context [126].

CoMemNNoperationalizes the intuitions spelled out above with two key modules:
user pro le enrichmen{UPE) anddialogue response selectigpRS). The former
enriches incomplete user pro les by utilizing useful information from the current
dialogue as well as collaborative information from similar users. The latter uses the
enriched pro les to update the query representing all requested information, based on
which a personalized response is selected to reply to user requests.

To verify the effectiveness &oMemNN we conduct extensive experiments on the
personalized bAbl dialogud’bAbl) benchmark dataset, which comes in two avors, a
small version that has 1,000 dialogues, and a large version, which has 12,000 dialogues.
First, we nd thatCoMemNNimproves over the best baseline by 3.06%/2.80% on
the small/large dataset, respectively, when using all available user pro les. Second,
to assess the performance@iMemNNin the presence of incomplete user pro les,
we randomly discard values of attributes with varying probabilities and nd that even
when we discard 50% of the attribute values, the performanGobfemNNmatches
the performance of the best performing baseline without discarding user pro les. In
contrast, the best performing baseline decreases by 2.12%/1.97% in performance on the
small/large dataset with the same amount of discarded values.

The main contributions of this chapter are as follows:

* We consider the task of personaliZEDSs with incomplete user pro les, which
has not been investigated so far, to the best of our knowledge.

* We devise &&oMemNNmodel with dedicated modules to gradually enrich user
pro les as a dialogue progresses and to improve response selection based on
enriched pro les at the same time.

« We carry out extensive experiments to show the robustneSsigiemNNin the
presence of incomplete user pro les.

3.2 Related work

In this section, we present a brief overview of related work on personalized open-ended
dialogue systems and personalized task-oriented dialogue systems (TDSs).

3.2.1 Personalized open-ended dialogue systems

Previous studies on personalized open-ended dialogue systems mainly fuse unstructured
persona informationl[38 252. Li et al. [106] rst attempt to incorporate a persona into

the Seq2Seq frameworR(7] to generate personalized responses. Ficler and Goldberg
[48] apply an RNN language model conditioned on a persona to control response
generation with linguistic style.
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Zhang et al[252] nd that selection models based on Memory Network8g]| are
more promising than recurrent generation models based on Seq@&gqNlazare
et al.[138] develop a response selection model baselemNN and model persona
to improve the performance of an open-ended dialogue system. SongZ2Gjl.
explore how to generate diverse personalized responses using a variational autoencoder
conditioned on a persona memory. Liu et[all7] make use of persona interaction
between two interlocutors. Xu et §239] further exploit topical information to extend
persona.

Prior attempts to address data sparsity problems in order to enhance personalized
open-ended dialogue systems have considered pretraifngg9d, sketch generation
and lling [ 197], multiple-stage decoding2D1], multi-task learning 125, transfer
learning R33 245 253, and meta-learningl34]. Only few studies have explored
structured user pro les for open-ended dialogue systems [173, 258, 262].

Most of the methods listed above focus on unstructured persona information while
we target structured user pro les. Importantly, previous methods focus on open-ended
dialogue systems, so they cannot be applied to TDSs directly.

3.2.2 Personalized task-oriented dialogue systems

Unlike open-ended dialogue systems, personaliZefis have not been investigated
extensively so far. Joshi et §85] release the rst and, so far, only benchmark dataset
for personalized DSs, to the best of our knowledge. They propose a memory network
based modelMemNN, to encode user pro les and conduct personalized response
selection. They also propose an extensioiMemNN, Split MemNN, which splits a
memory into a pro le memory followed by a dialogue memory.

Zhang et al[251] introduce RetrievaMemNN by incorporating a retrieval module
into memory networks, which enhances the performance by retrieving the relevant
responses from other users. Luo ef4P6] present PersonalizédemNN which learns
distributed embeddings for user pro les, dialogue history, and the dialogue history from
users with the same gender and age, and shows better performance by using the idea
of user bias towards knowledge bak@| entries over candidate responses. Mo et al.
[145] introduce a transfer reinforce learning paradigm to alleviate data scarcity, which
uses a collection of multiple users as a source domain and an individual user as a target
domain.

The methods mentioned above all assume that complete user pro les can be obtained
by urging users to Il in all blanks in user pro les, which is unrealistic in practice. Thus,
it remains unexplored how the methods above perform when incomplete user pro les
are provided, and whether we can bridge the gap in performance if their performance is
negatively affected. An alternative would be to rst infer missing user pro les, e.g., by
mining query logs or previous conversatiod®4, 108 211, 217, and then apply the
model with the above methods. But to do so, we would need to train a model to infer
missing user pro les asynchronously. Besides, it would likely bring cumulative errors
to downstream TDS tasks.

Instead, we propose to enrich user pro besd address the corEDS task simulta-
neously with an end-to-end model.
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Table 3.1: Summary of main notation used in the chapter.

X{'  User utterance at turn
X§  System response at turn
D¢ Dialogue history at tur.

h; Hidden representation & .

u A user pro le in the form off (a;; vi)gL; , vi is a candidate
value ofi-th attributea; .

p One-hot representation af

o]t A query representation that represents the user's current
request at turm.

MP  Prole memory that contains user pro le presentationsiof
and his/her neighbors at tutn

MP  Dialogue memory that contains dialogue history presentation
of u and his/her neighbors at tutn

3.3 Method

3.3.1 Task

In this work, we follow previous studies and model a personali@@8 as a response
selection task, which selects a response from prede ned candidates given a dialogue
context {46, 85, 126, 167, 178 229 251]. Table 3.1 summarizes the main notation used
in this chapter.
Given a dialogue contexu; D; X ') at thet-th dialogue turn, our_g_oal is to select
an appropriate responge= X ¢ from candidate respons¥s= ijsgj} _) . Hereuis
the user pro le, which consists oh attribute-value pair§(a;; v;)g, , whereg; is the
i-th attribute and; is a candidate value @ . For example, in Figure 3.1, the user pro le
is denoted a§(Gender, Male), (Age, Young), (Dietary, Non-vegetarian), (Favorite food,
Fish and Chip®). D; = Xt 1 is the dialogue history. Similar t@p, 126, 251], D¢
is represented as a sequence of words that are aggregated from historical utterances

current user utterance, representing the user's current request.

3.3.2 Overview of CoMemNN

A high-level overview of the proposed architectu@mMemNN is shown in Figure 3.2,
while a more detailed view of the pipeline is offered in Figure 3.3. A key aspect of the
architecture is that it aims to capture all useful information from the given dialogue
context(u; D¢; X{'), based on which we learn a query representaiioto represent

the user's current requesty; is usually initialized with the current user utterance
X [85, 126, 251. Then,q; is updated by the user pro le enrichmettfE) module

by incorporating dialogue and personal information from dialogues and user pro les,
respectively. Speci callyUPE captures the interaction between user pro les and
dialogues with three submodules: memory initializatibh ), memory updatingNiU)
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Figure 3.2: An overview of th€oMemNNarchitecture, which consists of two cooper-
ative modules: user pro le enrichment (UPE) and dialogue response selection (DRS).

and memory readingMR). MI searches neighbors of the current user to initialize the
pro le memory M}, which contains pro les from both the current user and his/her
neighborsMI also initializes the dialogue memoky P with the dialogue history of

both the current user and his/her neighbors, each of which is represented by addressing
dialogue historical utterance representations @ithMU updates the pro le memory

M ! and the dialogue memoi P by considering their interaction, after which the

user pro les are enriched by inferring missing values based on the dialogue and personal
information from the current user and his/her neighbors. After Mi3,updates the

query representatiag by reading from the enriched pro le memory as well as dialogue
memory. Finally, the dialogue response selectibR$) module uses the updated query

to match candidate responses so as to select an appropriate response. Next, we introduce
each of the modules MI, MU, and MR, one by one.

3.3.3 Memory initialization (MI)
Pro le memory initialization

To model user-pro le relations, we initialize the pro le memory a4:¥ = [( uy),

21, ((u)] 2 R¢ 9 whereu; is the current pro le CP) from the current user. The
others are neighbor pro leNPs) from neighbor users. For each user pro le, iia
attribute can be represented as an one-hot veetarRC(P) | where there ar€(a;)
candidate values fqui. Then, each Usgr pro le can be initialized as an one-hot vector
p = Concatpi;:::;pm) 2 R"(n = i'“:l (C(pi)), which is the concatenation of
one-hot representations of attributdsis the number of usersl is the embedding
dimension, and is a linear transformation function. Given any user pralewve nd
his/her(k 1) nearest neighbors based on dot product similarity.

Dialogue memory initialization

Rk d whereh{ is the representation of the current dialogG®j from the current user.
The others are the neighbor dialoguB®§) from neighbor users. For each user, the
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Figure 3.3: A more detailed view of the pipeline of ti®@MemNN model. The

UPE modules captures the interaction between user pro les and dialogues by three
submodulesMI, MU andMR. TheDRSmodule and th&JPEmodule cooperate so as

to select better responses. Section 3.3 contains a walkthrough of the model.

dialogue history can be computed as:

26 1) o

hy = tH{ 2 R
i=1

t=(a)" Hi2RY

(3.1)

where we use the updated quegryto address the aggregated dialogue histdrythe
addressing weight} is computed by the dot product of quegy and thei-th utterance
representatioh |.

Following [43, 126, we represent each utterance as a bag-of-words using the
embedding matri€ 2 RY V' whered is the embedding dimensiow, is the vocabulary
size, () maps the utterance to a bag of dimensibnAt the beginning of turn, the
updated query; is initialized as:

& = E ( X)) 2 RY: (3.2)

Similarly, the aggregated dialogue histaty of the current usew; can be embedded
as:

He=[E( XY)SE(XD); i E (XY )E( XS )]2RHM D d (3.3)

3.3.4 Memory updating (MU)
Dialogue memory updating

To obtain the intermediate dialogue memdmy , we update thé-th dialogue memory
slot M P [:;i] using the newest updated quegyto address initial dialogue memory
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MP as:
M?hﬂ=% IMP[:j12 R
i=1 (3.4)
t=(a)" MP[;j]2 R:
Next, the initial dialogue memory is updated by assigivhfl = M P . As the dialogue
evolves, the pro le memory will gradually improve the dialogue memory becguse

contains information from the previous pro le memory, so addressing &itlinks
pro le-dialogue relations to the dialogue memory.

Pro le memory updating
Similarly, we can obtain an intermediate pro le memadny{ with the following steps:

Mfru:% IMP[3j12 R

jo1 (3.5)
P=(MPIDT M2 RY

Next, the pro le memory sloM { [;;i] is updated by a functior{ ) using the inter-
mediate pro le memory slol { [;;i] and the newest updated dialogue memory slot
NPl

MP[il= ( MPLIEMP i) 2 RY (3.6)

where ( ) is a mapping function that is implemented by a multiple layer perceptron
(MLP) in this work. In this process, the dialogue memory helps to improve the pro le
memory becausé ) links dialogue-pro le relations to the pro le memory.

3.3.5 Memory reading (MR)

Dialogue memory reading

Since the rst memory slot corresponds to the current user, we conmpfitey hard
addressing and use it to update the quaeras follows:

6t eh+mPZRd

3.7
mP = MP[;1]2 RY: (3.7)

Pro le memory reading

Similarly, we obtairm? by hard addressing and use it to update the qgeas follows:

& + mf 2 R
MP[;1]2 RY:

Gt

e (3.8)
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3.3.6 Dialogue response selection

We use the latest updated quegyto match with candidate dialogue responses and the
predicted response distribution is computed as follows:

fi2 Rt if r; mentionsi-th attribute of a KB entry
0 otherwise

f = ReLU(Fp1) 2 R*;

b = (3.9)

wherer; is the representation of theth candidate responsg,j is the number of all
candidate responses. We follow Luo et[aR6] to model the user bias toward®
entries over th¢-th candidate response by a tebm where the dimensiokb is the
number of attributes of KB entry.p; 2 R" is the one-hot representation of the current
user pro le.F 2 R "™ maps user pro les into a KB entry.

3.3.7 Learning of CoMemNN

Multiple-hop reading or updating has been shown to help improve performance of
MemNN by reading or updating the memory multiple tim&8,[126, 206. To enhance
CoMemNN we devise a learning algorithm to update the query and memories with
multiple hops, and further differentiate the speci c losses ofuiifE andDRS mod-

ules. The learning procedure is shown in Algorithm 1. Fikéit,searches neighbors

memoryM P . SecondMU andMR are conductetiopN times, and for each timelU
updates the dialogue memadw? and the pro le memonM ! by considering their
cooperative interaction. After tha¥JR updates the query representatsrby reading
from the enriched dialogue memory followed by pro le memory. Last, the dialogue
response selectiodRS) module uses the newest updated quearyo match candidate
responses so as to predict a response distribsgion

To evaluate the performance DPRSandUPE, we de ne two mapping functions to
get prediction labels:

« Argmax( ): it outputs the index; with the highest probability in a predicted
response distributioy ;

» PiecewiseArgmax(): it generates a 1-0 vector from the predicted enriched
prole mf, wherepi[i] = 1 only if m{ [i] achieves the highest probability
among the values that belong to the same attribute.

To optimizeDRS, we use a standard cross-entropy loss between the predjctind
the one-hot encoded true lakel

1 X1 X(j
Lors( )= yj logy;; (3.10)

iz j=1

where are all parameters in the model aNd is the number of training samples.
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Algorithm 1: Multiple hop CoMemNN.
Input: turnt, useruy, pro le py, dialogue histonH ., queryq;, response

Output: A indexy; of next response; An one-hot vects} presenting the
enriched pro le.
1 fuy;iii;ukg  Searclipi k  1); . Ml

sMP  [hnhilbhy (asHDE 2 [Lkkee  q
4 while hop HopN do

s | MP  MP;MP MP; . MU
6 | MP  mP;

7| M7 (MPMP);

s | mP MP:;e @+ mpP; . MR
o | m{ MPig e+mp;

10y, softmax(& ri+ by;iiie rjvi + bjvi); . DRS

11 Vi Argman (Yt),
12 pt  PiecewiseArgmaxm?)

To control the learning dJPE, we introduce the element-wise mean squared loss

1 Xe
Lupe()= , (P (3.11)

i=1
where are all parameters in the model aNd is the number of sampled values.
Finally, the nal loss is a linear combination:

L()= Lprs()+@ Lypel ) (3.12)

where is a hyper-parameter to balance the relative importance of the constituent losses.

3.4 Experimental setup

3.4.1 Research questions
We seek to answer the following questions in our experiments:

(RQ2.1) How well doesCoMemNNperform? Does it signi cantly and continuously
outperform state-of-the-art methods?

(RQ2.2 What are the effects of different components in CoMemNN?
(RQ2.3) Do different pro le attributes contribute differently? and

(RQ2.4) How well does CoMemNN perform in terms of robustness?
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3.4.2 Dataset and evaluation

We use the personalized bAbl dialogirb@bl) dataset§5] for our experiments; this is

an extension of the bAbl dialogubAbl) dataset that incorporates personalizatib.[

To the best of our knowledge, this is the only available open dataset for personalized
TDSs. There are two versions: a large version with around 12,000 dialogues and a
small version with 1,000 dialogues. These two datasets share the same vocabulary with
14,819 tokens and a candidate response set with 43,863 responses.

The dataset de nes four user pro le attributes (gender, age, dietary preference, and
favorite food) and composes corresponding attribute-value pairs to a user pro le. Each
conversation is provided with all of the above user pro le attributes, &€(@ender,
Male), (Age, Young), (Dietary, Non-vegetarian), (Favorite: Fish and Cig)it this
does not mean the given user pro le is complete because the user may also like “Paella”,
although “Fish and Chips” is his/her favorite food. To simulate incomplete pro les
with various degrees of incompleteness, we randomly discard attribute values from a
user pro le with probabilities of [0%, 10%, 30%, 50%, 70%, 90%, 100%] and obtain 7
alternative datasets, respectively.

We evaluate the performance of the full dialogue task using the following two
metrics [85]:

* response selection accuraffSA): the fraction of correct responses out of all
candidate responses [85, 126]; and

* pro le enrichment accuracyPEA): we de ne this metric as the fraction of correct
pro le values out of all discarded pro le values.

We use a paired t-test to measure the statistical signi capce :01) of relative
improvements.

To compare model stability, we propose a statistioamelystability coef cient
which is de ned as the standard deviation of a list of performance results. Formally,

puted as follows:

1 X

N
i=1

o<

(2)=

(2 2)? (3.13)

z2=[2 z1;::0Zn+r N

wherez is the mean of the values in performance differencezlist

3.4.3 Baselines

We compare with all the methods that have reported results on the PbAbl dataset [85].

* Memory network (MemNN). It regards the pro le information as the rst
user utterance ahead of each dialogue and achieves personalization by modeling
dialogue context using the standard MemNN model [12].
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* Split memory network (SMemNN). It splits memory into a pro le memory and
a dialogue memory. The former encodes user pro le attributes as separate entries
and the latter operates the same asMieenNN. The element-wise sum of both
memories are used for nal decision [85].

» Retrieval memory network (RMemNN). It features an encoder-encoder mem-
ory network with a retrieval module that employs the user utterances and user
pro les to collect relevant information from similar users' conversations [251].

» Personalized memory network (PMemNN) It usesMemNN to model the
current user pro le, the current dialogue history, as well as the dialogue history of
all users with the same gender and age. It also models user bias towards different
KB entries [126].

* Neighbor-based personalized memory network (NPMemNN)Our implemen-
tation ofPMemNNis based on Pytorch. UnlikeMemNN we use the dialogue
history from the nearegk 1) neighbors instead of all users with the same
gender and age.

3.4.4 Implementation details

We follow the experimental settings detailed #2f. The embedding size of the
word/pro le is 128. The size of the memory is 250. The mini-batch size is 64. The
maximum number of training epochs is 250, and the number of hops is 3 (see Algo-
rithm 1). The k-nearest neighbor€NN) algorithm is implemented based on faiss
with the inner product measurement and the number of collaborativeluset0. We
implementNPMemNNandCoMemNNin PyTorch? And the code of the other models

is taken from the original papers. We use Addtl][as our optimization algorithm with

a learning rate 00:01 and initialize the learnable parameters with the Xavier initializer.
We also apply gradient clippind 62 with range[ 10; 10] during training. We use

12 regularization to alleviate over tting, the weight of which is setl® 5. We treat

the importance of losses BlRSandUPEequally, i.e., = 0:5. The code is available
online?

3.5 Results (RQ2.1)

3.5.1 Results without discarding user pro les

We show the overall response selection performance of all methods in Table 3.2.

First, CoMemNN outperforms all baselines on both the small and large datasets
by a large margin. It signi cantly outperforms the best basefidemNNby 3.06%
on the small dataset and 2.80% on the large dataset. The improvements demonstrate
the effectiveness oEoMemNN We believe the main reason is that the proposed

Ihttps://github.com/facebookresearch/faiss
2https://pytorch.org/
Shttps://github.com/Jiahuan-Pei/CoMemNN
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Table 3.2: Overall performance in terms of REA metric. Boldfaceindicates leading
results. Signi cant improvements ovelPMemNNare marked with (paired t-test,
p < 0:01).

Small set (%) Large set (%)

MemNN [85] 77.74 85.10
SMemNN [85] 78.10 87.28
RMemNN [251] 83.94 87.33
PMemNN [126] 88.07 95.33
NPMemNN 87.91 97.49
CoMemNN 91.13 98.13

cooperative mechanism is able to enrich the incomplete pro les gradually as dialogues
progress, and the enriched pro les improve help to response selection simultaneously.
We will analyze this in more depth in the next session.

Second, the performance BPMemNNis comparable to that dMemNN on
the small dataset and achieves 2.16% higR®A on the large dataset. Recall that
NPMemNNis our implementation d?MemNNusing Pytorch; the only difference is the
KNN algorithm used for neighbor searching, so the result shows that our new neighbor
searching method is more effective. Since @aMemNNis built uponNPMemNN
for the remaining experiments, we will usi®MemNN for further comparison and
analysis.

Third, the results on the small and large datasets mostly show consistent trends. For
the remaining analysis experiments in the next section (Section 3.6), we will therefore
report results on the small dataset only. The ndings on the large dataset are qualitatively
similar.

3.5.2 Results with different pro le discard ratios

We comparecCoMemNNandNPMemNNunder different pro le discard ratios. The
results are shown in Table 3.3.

First, CoMemNNsigni cantly outperformsNPMemNNon both the small and large
datasets when the pro le discard ratios range from 0% to 90%. Speci cally, it gains
an improvement of 0.75%—-3.79% on the small dataset and 0.64%—5.67% on the large
dataset, respectively. Without discarding pro le attribute val@syiemNNachieves a
3.22% / 0.64% improvement compared wNFPMemNN Unlike the raw pro les where
each attribute has only one value, the enriched pro les generat&bblemNNare
able to represent a distribution over all possible values, which can better capture users'
preferences. For example, a user may label “Fish and Chips” as his favorite food, but
this does not mean he does not like “Paella.” With the raw pro le, this is not addressed.

Second, the performance GoMemNN steadily decreases with the increase of
the pro le discard ratio, as is to be expected. This is reasonable as it becomes more
and more challenging fotcoMemNNto nd back missing values of user pro les.
Interestingly, the performance difference betw&asMemNNand NPMemNN rst
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Table 3.3: Comparison doMemNNandNPMemNNin terms of theRSA metric
w.r.t. different pro le discard ratiosBoldface indicates leading results. Signi cant
improvements ovePMemNNare marked with (paired t-testp < 0:01). The values
of Diff. are computed by absolute difference REA (%) betweenCoMemNNand
NPMemNN.

Discard Ratio 0% 10% 30% 50% 70% 90% 100%

NPMemNN 8791 86.11 86.56 85.79 83.93 84.084.83
CoMemNN 91.13 89.90 88.69 87.80 86.35 84.83 82.85

Small Set/Diff. 3.22 379 213 201 242 0.75 1.98

NPMemNN 97.49 97.01 096.05 9552 9540 90.96 90.50
CoMemNN 98.13 97.94 97.68 97.53 96.98 96.63 92.73

Large Set/Diff. 064 093 163 201 158 5.67 2.23

increases and then decreases with the increase of the pro le discard ratio. A possible
reason is thaCoMemNNis able to infer the missing values of user pro les effectively
with lower pro le discard ratios. However, the pro le enrichment ability decreases
due to the absence of too many pro le values. This hypothesis can be veri ed by the
results that the increasing trend lasts longer on the large dataset. Because even with
the same pro le discard ratio, there are more values of user pro les left on the large
dataset foCoMemNNto infer the missing ones. We note ti®MemNNoutperforms
CoMemNNwhen all user pro les are discarded on the small dataset. The reason is that
UPE cannot enrich user pro les properly in this case, which results in a negative impact
onDRS. But this is not the case on the large dataset whitE can still enrich user

pro les properly when the model can nd enough personal information clues from more
dialogue history.

Third, to answeRQ2.4, we compute the statistic (Eq. 3.13) to compare the model
stability. The values forCoMemNNandNPMemNNare 0.3357/1.0407 on the small
dataset and 1.3479/1.4849 on the large dataset, respectively. NPM&mNN has
higher deviations, which shows th@doMemNNis more stable thaNPMemNNwith
various pro le discard ratios.

3.6 Analysis

We analyze the performance of the following variants of CoMemNN:
* CoMemNN. The full model.

» CoMemNN-PEL. CoMemNNwithout pro le enrichment lossREL), de ned in
Eqg. 3.11.

e CoMemNN-PEL-UPE. CoMemNN without PEL or UPE This is exactly
NPMemNN.

» CoMemNN-NP. CoMemNNwithout the neighbor pro leIP) as input foltUPE
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Table 3.4: Performance &fPEevaluated in terms of pro le enrichment accuraBEA).

In each cell, the rst number represents BgA (%), and the number in parentheses
shows the difference compared wiloMemNN # andjj denote a decrease and no
change compared to CoMemNN, respectively.

Discard Ratio 10% 30% 50% 70% 90% 100%
CoMemNN 99.99 99.93 99.82 99.83 99.38 98.98

CoMemNN-PEL 85.71 87.85 91.34 89.19 90.04 90.60
(#14.28) (#12.08) (#8.48) (#10.64) (#9.34) (#8.38)

CoMemNN-NP 99.87 99.85 99.24 99.15 99.13 98.86
(#0.12) (#0.08) (#0.58) (#0.68) (#0.25) (#0.12)
CoMemNN-NP-CP  98.89 99.09 99.16 99.20 99.14 98.92
(#1.10) (#0.84) (#0.66) (#0.63) (#0.23) (#0.06)
CoMemNN-ND 99.72 99.87 99.80 99.46 98.72 97.23
(#0.26) (#0.06) (#0.02) (#0.37) (#0.66) (#1.75)
CoMemNN-ND-CD 99.99 99.86 99.68 99.69 99.19 34.78
(j0.00) (#0.07) (#0.14) (#0.14) (#0.19) (#64.2)
CoMemNN-ND-NP  99.09 98.98 97.95 97.69 97.06 97.23
(#0.90) (#0.95) (#1.87) (#2.14) (#2.32) (#1.75)

¢ CoMemNN-NP-CP. CoMemNNwithout NP or the current pro le CP) as input
for UPE.

« CoMemNN-ND. CoMemNNwithout the neighbor dialoguéD) of dialogues
as input for UPE.

« CoMemNN-ND-CD. CoMemNNwithout ND or the current dialoguedD) of
dialogues as input for UPE.

* CoMemNN-ND-NP. CoMemNNwithout ND or NP of dialogues as input for
UPE.

3.6.1 Ablation study on PEA (RQZ2.2)

We study the PEA performance of different variants in Table 3.4.

First, CoMemNNcan effectively enrich user pro les by inferring missing values.
It is able to correctly predict more than 98.98% of missing values in user pro les
under different pro le discard ratios. We belieWPEbene ts a lot from modeling the
interaction between user pro les and dialogue®Eis able to capture more personal
information from dialogue history with dialogues gradually going on. PE&A scores
are all very high, because tiRbAbl dataset is simulated, which makes it relatively easy
to predict missing attribute values of user pro les.

Second, we can see that each componetdRiEgenerally has a positive effect on the
performance since moBEAscores of most variants decrease. Speci caigMemNN
PEL decreases by 8.38%-14.20% compared @WithemNN This means that it is
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Table 3.5: Ablation study oDRSevaluated in terms response selection accurd@8A).
In each cell, the rst number represents R&®A (%), and the number in parentheses
shows the difference compared wiloMemNN # and" denote decrease and increase,
respectively. Underlining marks results that are.0% higher than those @oMemNN

Discard Ratio 0% 10% 30% 50% 70% 90% 100%
CoMemNN 91.13 8990 88.69 87.80 86.35 84.83 82.85

CoMemNN-PEL 90.84 90.29 89.07 87.18 85.42 80.54 81.23
(#0.29) ("0.39) ("0.38) (#0.62) (#0.93) (#4.29) (#1.62)
CoMemNN-PEL-UPE 87.91 86.11 86.56 85.79 83.93 84.08 84.83
(#3.22) (#3.79) (#2.13) (#2.01) (#2.42) (#0.75) ("1.98)

CoMemNN-NP 91.06 91.23 89.17 8526 83.30 82.10 82.83
(#0.07) ("1.33) ("0.48) (#2.54) (#3.05) (#2.73) (#0.02)
CoMemNN-NP-CP  86.60 86.10 84.56 83.53 82.48 81.95 81.35
(#4.53) (#3.80) (#4.13) (#4.27) (#3.87) (#2.88) (#1.50)
CoMemNN-ND 90.91 87.33 89.06 87.49 86.59 85.38 85.41
(#0.22) (#2.57) ("0.37) (#0.31) ("0.24) ("0.55) ("2.56)
CoMemNN-ND-CD 87.70 90.44 85.79 84.90 83.56 82.57 85.38
(#3.43) ("0.54) (#2.90) (#2.90) (#2.79) (#2.26) ("2.53)
CoMemNN-ND-NP  90.04 91.08 89.23 87.38 85.76 85.46 85.41
(#1.09) ("1.18) ("0.54) (#0.42) (#0.59) ("0.63) ("2.56)

important to add th&JPEloss (Eq. 3.11), rather than only optimizing tb&S loss

(Eg. 3.10). We also show how the four componentSIBE (i.e., NP, CP, ND, andCD

as de ned in Section 3.3.3) affect its performance. We nd thatC@VemNNND-NP
continuously decreases 0.90%-2.32% with the increase of the pro le discard ratio. This
means that neighbor users play an important role C@iMemNNND-CD (with 100%

pro le discard ratio) decreases dramatically, which is as expected, beCadldemNN
cannot infer the missing values without any dialogue history and pro les. This also
explains the increase of the correspondiRf®A score in Table 3.5. (iii) The decrease

is mostly less than 2.32% except that the decreas®demNNND-CD (with 100%

pro le discard ratio, i.e., ndNP or CP as well) is 64.2%. This reveals that different
information sources are complementary to each other. The performance will not be
affected largely unless all four inputs (i.e., NP, CP, ND, CD) are removed.

Lastly, we compute the stability coef cient (Eq. 3.13) of the variants in Table 3.4
which are 0.1867, 1.8781, 0.2236, 0.1402, 25.6845, 0.1867, 0.4182, respectively. This
shows that all variants are robust in terms of the performanddPa& with a small
stability coef cient, except for CoMemNN-ND-CD.

3.6.2 Ablation study on RSA (RQ2.2)

We investigate the RSA performance of different variants in Table 3.5.
First, the performance decreases generally by removing any comporigRtofn
particular,CoMemNNPEL has a greater effect dRSA when the pro le discard ratios
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Table 3.6: Analysis of the effect of hop numberBRS. Boldfaceindicates leading
results. Signi cant improvements ovelPMemNNare marked with (paired t-test,
p < 0:01). The values of Diff. are computed by absolute differencé&k8fA (%)
between CoMemNN and NPMemNN.

#Hop 1 2 3 4

NPMemNN 88.11 87.22 8791 87.61
CoMemNN 90.07 90.78 91.13 90.77

Diff. 196 356 322 3.16

get larger. This is reasonable because the larger the pro le discard ratio, the more space
for improvement the proposed model has compared WRMemNN CoMemNN
PEL-UPEis inferior to CoMemNNPEL generally, which means that th#E module

helps as it implicitly impacts thBRSloss (Eq. 3.10). But this ability weakens when

the pro le discard ratio is larger than 90%.

Second, we observe that the four information sources Kie.CP, ND, CD) have
different effects under different pro le discard ratios. Particularly, the pro les of the
current users and their neighbors generally contribute most tR$#eperformance.

We can see thatoMemNNNP-CPdrops 1.50%—4.53% under all pro le discard ratios.
The reason is that user pro les directly store personal information; it is easier to infer
missing values from collaborative user pro les than from dialogues.

Third, we nd thatNP andND are complementary to each oth€EoMemNNNP
either has a massive drop (2.54%—3.05%) or small chang@#8%) with the most
pro le discard ratios, except for one obvious rise (1.33%) under the 10% pro le discard
ratio. In contrastCoMemNN-ND works ne under the 10% pro le discard ratio, but it
performs poorly for the rest. Thus, the performanc€oMemNNis in uence strongly
by a drop in attribute values unless we remove BdhandND under 100% pro le
discard ratios.

Lastly, the dialogue history also contributes to B®A performance in most cases.
CoMemNNND-CD shows decrease (2.26%—3.43%) or a small change (0.54%) for
most of cases, except for an obvious increase under the 100% pro le discard ratio. We
think that the reason is that some of the predicted pro les are not even in the provided
pro les, which leads to a very limite®EA score of 34.78% under the 100% pro le
discard ratio (see Table 3.4). But these predicted values happen to be useful for selecting
an appropriate response in DRS.

3.6.3 Effect of multiple-hop mechanism (RQ2.2)

We compare th®RSA performance o€CoMemNNandNPMemNNwith different num-
bers of hops. The results are shown in Table 3.6.

We see tha€CoMemNNgreatly outperform®lPMemNNby a large margin (1.96%—
3.56%) with all number of hops. This further con rms the non-trivial improvement
of CoMemNN BesidesCoMemNNimproves by 1.06% when the number of hops
changes from 1 to 3 and slightly decreases with 4. This mean€tidemNNbene ts

45



3. Personalized Task-oriented Dialogue Systems

Table 3.7: Analysis of pro le attribute importance BRS. Discardd attribute shows

we discard all values of a speci ¢ attribute or a combination of two speci ¢ attributes.
Retained attribute shows we retain all values of a speci ¢ attribute and discard all
values for the rest. Italics indicate increased results compared with the result that retains
all attributes. Underline indicates the lower bound baseline that retains no attributes.
Boldface indicates the upper bound baseline that retains all attributes.

Discarded attribute  none gender age dietary favorite all

gender / 93.05 91.94 88.86 91.95 /

age / / 92.26 89.37 91.04 /
dietary / / / 86.74 86.42 /
favorite / / / / 90.25 /

Retained attribute ~ 82.85 87.46 87.93 90.57 87.37 91.13

Table 3.8: Analysis of pro le attribute importance BEIRS without the effect of neigh-
bors. Boldfaceindicates the baseline @oMemNNwithout neighbors. In each cell,
the rst number represents thRSA (%), the number in parenthesis shows the difference
values, andf denotes a decrease compared with the baseline.

RSA (Diff.)
CoMemNN w/o neighbors 90.34
CoMemNN w/o neighbors - gender 88.28(09)
CoMemNN w/o neighbors - age 85.624(72)
CoMemNN w/o neighbors - gender - age 83.78.61)

from a multiple-hop mechanism.

3.6.4 Effect of different pro le attributes (RQ2.3)

We explore how the four types of pro le attributes (i.e., gender, age, dietary preference,
and favorite food) affect the RSA performance. The results are shown in Table 3.7.

First, each attribute works well in isolation. Speci cally, when we only retain the
values of every single attribute, we obtain the results in the last row as 87.46%, 87.93%,
90.57%, and 87.37% for gender, age, dietary, and favorite, respectively. The attribute
“dietary” contributes most followed by “age”, “gender” and “favorite.”

Second, different types of attributes depend on each other and in uen&Sthe
performance differently. If we only remove the values of one attribute, we get the
results on the diagonal: 93.05%, 92.26%, 86.74%, and 90.25%, respectively. Removing
“dietary” drops most followed by “favorite.” Thus, “dietary” contributes more than the
rest.

An exception is that thRSA performance increases when discarding “gender” and
“age.” We believe this is the effect of the neighbors. To show this, we further investigate
the effect of “gender” and “age” without using neighbor information. The results are
shown in Table 3.8.
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3.7. Conclusion

We can see that removing “gender” and “age” decreases the performance in this
case. Thus, the different effects of “gender” and “age” are due to the neighbors.

3.7 Conclusion

In this chapter, we have studied personaliZ&fss without assuming we have complete
user pro les. We have proposed a cooperative memory netwokiemNN), which
introduces a cooperative mechanism to gradually enrich user pro les as dialogues
progress, and to simultaneously improve response selection based on enriched pro les.
We have also devised a learning algorithm to effectively l€&siMemNNwith multiple

hops.

Extensive experiments on the personalized bAbl dialo§Apl) dataset demon-
strate thatCoMemNN signi cantly outperforms state-of-the-art baselines. Further
analysis experiments con rm the effectivenessCaMemNNby analyzing the perfor-
mance and contribution of each component. Together these ndings provide a positive
answer to the leading research question for this chapter: multiple users can indeed
collaborate successfully to improve the quality of a dialogue for each single user.

A limitation of the work presented in this chapter is that we tested the performance of
CoMemNNon the only open available personaliZEdSs datasePbAbl. We encourage
the community to work on creating additional resources for this task.

As to future work, we hope to experiment on more datasets and investigate how
the performance varies on different datasets and whether we can further improve the
performance by leveraging non-personalized TDS datasets.

Next, we turn from user collaboration to language collaboration.
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Language Collaboration: Collaborative
Agents for Multilingual Dialogues

In this chapter, we aim to answer the following research question:

RQ3 Can multiple languages be used in a collaborative way to improve the performance
of each single language?

We explore the idea of collaborative agents from the view of language collaboration.
We rst propose amixture-of-languages routinMOLR) paradigm in a collab-
orative chair-experts framework: Each expert agent can be either monolingual or
cross-lingual, and a chair agent conducts a mixture-of-experts for globally optimizing
multilingual task-oriented dialogue systemi€)Ss). Speci cally, the paradigm includes
four functional components, i.e., input embeddings, language model, pairwise align-
ment, and mixture-of-languages. We then quantify language characteristics of unity
and diversity using a number of similarity metrics, i.e., genetic similarity, and word and
sentence similarity based on embeddings. Our main nding is that the performance of
multilingual TDSs can be greatly impacted by three key aspects, i.e., data suf ciency,
language characteristics, and model design in a MOLR paradigm.

4.1 Introduction

How many human languages are there in the world? As of 2019, Ethnologue summa-
rized the most extensive catalog of human languages in the wdtldovers 6,909
distinct languages, out of which 230 are spoken in Europe, while 2,197 are spoken in
Asia? Roughly 80% of the world population does not speak EngBdh [English is usu-

ally regarded as a high-resource, pivot language, and English dialogue models, as well as
their cross-lingual adaptations, have achieved very high performafc&q1]. In prin-

ciple, multilingual dialogue models can play a role in supporting multiple communities
with multiple languages as input and output, and are highly non-trivial [53, 181, 182].

This chapter is under review as J. Pei, G. Yan, P. Ren, and M. de Rijke. Mixture-of-languages routing for
multilingual task-oriented dialogue systentunder review 2022 [171].
https://www.ethnologue.com/
Zhttps://www.linguisticsociety.org/content/how-many-languages-are-
there-world
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Table 4.1: Hierarchical classi cation based on the Ethnologue catdtwg=nglish,
German, ltalian, Spanish, and Thai. The Code column shows the unique identi cation
by ISO 639-3 standards. Classi cation is the path to a language in the language family
trees in Ethnologue.

Language Code Classication

English eng Indo-EuropeanGermanic West English

German deu Indo-European Germanic West> High Germam Germarr Middle
Germarr East Middle German

Italian ita Indo-European Italic> Romance Italo-Westere Italo-Dalmatian

Spanish spa Indo-European Italic> Romance Italo-Westerer Westerr» Gallo-
Iberiarr> Ibero-Romance West Iberiar Castilian

Thai tha Kra-Dab Kam-Tap Tai> Southwestern

First, multilingual dialogue datasets are quite scarce and face an acquisition chal-
lenge. For example, a surveyg3 from several years ago reports 63 available dialogue
corpora and only 2 of them contain multilingual dialogues (i.e., Verbmdhil &nd
DSTCS5 PQ), until March 2017. Since then, several publications have released dialogue
datasets for training multilingual chitch&2, 112, and both bilingual 113 and multi-
lingual [41, 78, 105, 148 190 203 213 214 TDSs. Furthermore, a lack of language
experts makes the acquisition of non-English data challendiglg For example, in
the multilingual natural language understandiNg () dataset190, only 11.7% and
20.0% of the utterances are obtained for Thai and Spanish, respectively, due to a lack of
bilingual speakers.

Second, language commonalities and peculiarities are very important. On the one
hand, languages have genetic relationships through language evolution. We list the Eth-
nologue catalog entries of 5 languages (i.e., English, German, Italian, Spanish, and Thai)
in Table 4.1. English is neither always the best nor the only pivot language to bridge
the language gag8f, 165. On the other hand, the unity and diversity of languages are
widely encoded into high-dimensional vectors in recent computational linguistics. As
shown in Figure 4.2, we visualize the mT342 embeddings of words from two bench-
mark multilingual dialogue dataset$48 190, covering the ve languages mentioned
above. Thai words are clustering independently, while words from European languages
are mixed up. We further conduct pairwise comparisons of the European languages
in Figure 4.2. We nd that intersecting areas (representing commonalities between
languages) and disjoint areas (representing peculiarities of languages) can be preserved
at the same time, but their proportions can be very different for different language
pairs. For example, English and Spanish are not as clearly separated as the other three
language pairs, so the proportion of intersecting areas is larger (see Figure 4.2).

Last but not least, the majority dDS models focuses on either multiple language-
speci ¢ optima [L46, 1900 or cross-lingual adaptation from English to non-English
towards multilingualTDSs (see Table 4.9 and 4.10). Very few publications consider

Shttps://www.ethnologue.com/browse/names
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4.1. Introduction

Figure 4.1: Visualization of the embeddings of words from two benchmark multilin-
gual dialogue datasets, covering English, German, Italian, Spanish, and Thai. We
conduct dimension reduction using the UMAP algoritiiiQ and plot all scatter in

2D coordinates using the Tensor ow embedding projettor.

improving multilingual performance simultaneously, but simply training models using
multilingual data does not always lead to improvements, e.g., multilingual NBJ [

and bilingual mMBART 113 are outperformed by their monolingual settings in terms of
multiple evaluation metrics. Besides, optimizing all pipeline tasks requires all language-
speci ¢ annotations, which makes global optimization more challenging [181].

In this chapter, we propose a multilingual dialogue paradigm, as shown in Figure 4.3,
which aims to: (i) fully makes use of multilingual data; (ii) captures commonalities
between, and peculiarities of, languages, and (iii) improves multilingual performance
simultaneously.

We recast the multilingualDS problem in a collaborativ& DS framework [L66,

1698: k expert agents account for monolingual and cross-lingual dialogues, and a chair
agent conducts a mixture-of-experts for globally optimizing multilingual dialogues.
To be more precise, we unifyDS tasks as a standard dialogue generation task and
implement a mixture-of-languages routing@LR) paradigm with four functional
components, i.e., (i) input embeddings, (ii) language model, (iii) pairwise alignment,
and mixture-of-languages. For the former two components, we choose 2475 [

as the backbone of our base model after comparing with pre-trained language base-
lines [19, 261]. Note that each base model can be either a monolingual or cross-lingual
expert agent, and it can exibly be replaced by other popular multilingual language
models such as mMBERBY], mBART [11§], and XLM-R [28], etc. Next, we introduce
pairwise alignment to bridge the relationship between every two language routes. Here,
alanguage routds a path commencing from a source language as the starting point,

“4https://projector.tensorflow.org/
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4. Language Collaboration: Collaborative Agents for Multilingual Dialogues

(a) English vs. German. (b) English vs. Italian.

(c) German vs. Italian. (d) English vs. Spanish.

Figure 4.2: Pairwise comparison of the embeddings of words in dialogues from Euro-
pean languages.

passing through a pivot language, to a target language as its destination. Language
commonalities and peculiarities can be embedded into pairwise alignment states. After
that, we conduct global optimization by the mixture-of-languages routing with two
collaboration policies, i.e., route-addressing and parameter-sharingnibByre of
languages routingve mean the process of learning a combination of routes in the pro-
posed model between or across multiple languages. This setup enables the multilingual
dialogue model to automatically learn the pivot languages, rather than xing English
as the only pivot language. Moreover, the uni ed generation framework equips the
proposed model with the ability to optimize multiple subtasks, simultaneously.

To verify the effectiveness of the propodelDLR paradigm, we conduct extensive
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