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Abstract— In today's World the Systems that are being used are either Taskbased Dialogue systems else it is the Chatbot that fulfills the
user requirements. Chatbots Deals with unforeseen input provided by the user to a great extent, Taskbased systems are designed for
Specified Task mostly. Amazon echo (ALEXA) and Apple’s siri have come up with great aspects of combing the chatbased and Task
based System but  have some Limitations and shortcomings. To overcome  the aforementioned  issues  this paper addresses different
autonomous  robotic  systems  that  are either   taskbased dialogue systems or  only  chat  based systems or   the system  that  uses  the
combination of taskbased and chat style features are studied where Reinforcement Learning (RL) is being employed.

Index Terms—   Reinforcement learning (RL); Human Robot Interaction (HRI); Markov decision Process (MDP); Burlap.

——————————      ——————————

1 INTRODUCTION                                                     
Spoken   dialogue   systems[1],[2],[3]   that   are   mostly   used
nowadays are either the taskbased or agenda based, dialogue
systems used in HumanRobot Interaction(HRI)[4],[5],[6] also
have  same  functionalities   .On the  other  hand  in chatbased
systems   (chatbots)   have   limited   memory   and   are   mostly
focused on entertainment and don’t usually support execution
of user tasks and transactions . Apple’s siri and Amazon echo
do   combine   chat   and   taskbased   interaction   but   cannot   be
extended to  multiturn dialogue  to  predict  or  anticipate  the
user’s   unexpected   goals   or   choices.   HRI   (Human   Robot
Interaction)   is   the   study   where   robot   interacts   and
communicates with human in a natural  and more engaging
way. To create a more integrated approach to dialogue in HRI
dialogue should provide entertaining chat  as  well  as  multi
step  interaction  to  predict   the  user  goals  and intentions  for
creating system that is more engaging.  In [8] Reinforcement
learning is used instead of handcrafted rules to decide when
to chat and when to execute user task required by the user in
system   that   uses   the   novel   combination   of   chatbased   and
taskbased systems .Reinforcement Learning (RL) is also being
used for promotion of longturn conversations so that system
can easily and smoothly do transitions between task and non
task   content   in   the   system   where   user   engagement   is   the
priority.

2 MATERIALS AND METHODS

This section provides information on Reinforcement Learning
used in the systems[7] where user engagement is the priority
for   longterm   conversation   so   that   system   can   easily   and
smoothly   switch   between   task   based   and   nontask   based
content and for the [8]system uses the combination of chat and
taskbased systems for multi modal systems.

2.1 REINFORCEMENT LEARNING 
Reinforcement   Learning   is   one   of   the   machine   learning
algorithm,   it   is   the   branch   of   AI   (Artificial   Intelligence).
RL(Reinforcement   Learning)   is   used   to   make   the

software,software   agents   and   machines   to   instinctively
determine   the   precise   and   clear   behavior   within   a   specific
context,   in   order   to   maximize   its   performance.   A   Simple
reward is given to the agent to learn its behavior from that
reward feedback,   this  is   the reinforcement signal.  There  are
variety   of   different   algorithms   that   deal   with   this   issue.
Reinforcement   Learning   is   defined   by   a   particular   type   of
problem,   and   all   of   its   solutions   is   being   classed   as
Reinforcement Learning algorithms. In the problem, an agent
decides the best action to be selected based on its current state.
When this kind of step will be repeated, the problem will be
known   as   a   Markov   Decision   Process.   In[8]   Reinforcement
Learning   is   used   for   creating   the   scalable   and   extensible
approach   for   combining   chatbased   and   taskbased   system
and   according   to   the   customers   feedback   chat+Task   based
system   was   significantly   more   pleasant   and   engaging
compared to task only system.

2.2 QLearning
QLearning is one of the Reinforcement Learning technique

used in machine learning. This technique does not require any
model   of   the   environment.   Qlearning   can   deal   with   the
problems   with   stochastic   transitions   and   rewards,   without
requiring   adaptations.   In[7]   conversational   processes   is
modeled   as   Markov   decision   processes(MDP)   in   [7]
reinforcement   learning   algorithms   is   being   used   to   train   a
policies,  Qlearning is being used because it  can handle the
discrete states well and learns a Q table that supports a model
that makes debugging and interpretation easier. From all the
algorithms, Qlearning is a  better  choice with respect to the
implementation   of   other   components   of   the   system   .In   a
reinforcement learning setting, we formulate the problem as
(S, A, R,  ,   ), where S is a set of states that represents theƔ α
system’s environment, in this case the conversation history so
far. A is a set of actions available for a particular state. In [7]
setting,   the   actions   were   the   strategies   available.   By
performing an action, the agent moved from one state to the
other. Execution of an action in a specific state provided agent
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with a reward (which is the numerical score), R(s, a). The goal
of the agent was to maximize its total reward. Agent did this
by learning which action is optimal to take for each state. The
action that was superlative for each state and the action that
had the highest longterm reward. In[9]reward that is being
given   to   the   agent   was   the   weighted   sum   of   the   expected
values   of   the   rewards   of   all   future   steps   starting   from   the
current state, where the discount factor was      (0, 1) whichƔ ∈
traded off the significance of sooner versus later rewards. Ɣ
can   also   be   interpreted   as   the   likelihood   to   succeed   (or
survive) at every step. The algorithm therefore had a function
that calculated the quantity of a state and action combination,
Q: S ×  A   R. The central part of the algorithm is a simple→
value iteration update. It assumes the old value by itself and
makes a correction based on the new information at each time
step,   t.   The   critical   part   of   the   modeling   is   to   design
appropriate set of states, actions and a corresponding reward
function.  In [8] on each consequent turn.  Dialogue manager
decided an action based on trained Markov Decision Process
(MDP)   policy   policy     *   .   This   policy   was   designed   and∏
trained using BURLAP [9], which is a Javabased framework
for   Reinforcement   Learning.   The   standard   QLearning
algorithm  in   [10]  was   used  to   train   the  agent,  using  hand
crafted simulated users emulating that how they could react to
each action taken by the agent. Example mentioned in [8]: if
the agent responds to a user task utterance (such as “Where
can I get a coffee?”) with chat, the simulated user will leave
the conversation with probability 0.9.For training, the discount
factor that is denoted by   was fixed to 0.99, there the agentƔ
cared about longterm rewards, while the learning rate   wasα
kept fixed at 0.1. In order for the agent to explore as much as
possible   during   the   initial   stages   of   the   training,   a   policy
named greedy policy was  followed with an  initial  of  1  0.9,
decaying after each turn i = i+1 .The system’s states, denoting
the   agent’s   knowledge   about   its   environment   at   any   given
time,   were   represented   with   12   features   e.g.:   Distance,
TaskCompleted, UserEngaged, etc. resulting in a statespace of
approx.   82944   states   for   policy   learning.   The   action   space
consists of 8 actions a t   A where A = [PerformTask, Greet,∈
Goodbye,   Chat,   GiveDirections,   Wait,   RequestTask,
RequestShop].  Most  of   these  actions  were  converted  to   text
using  a  mixture  of   templatebased generation and database
lookup, and were then synthesized as combinations of speech
and robot gestures. PerformTask could be unpacked in several
other   tasks,   depending   on   the   context   of   the   information
given. For example if the user requested for a discount or a
voucher for a specific shop, the robot presented the image of a
voucher in QR code on its screen. The reward function was
optimizing for  successful   task completion as well  as  higher
engagement, and thus awards each completed task with +10,
and +5 for each consequent turn. It also penalized when the
user abruptly leaves (i.e. without a ‘goodbye’ phase) with 100.
Starting the training process, the initial Qvalues were set to 0
(Q(s 0, a 0) = 0). [8]This system was able to discover optimal
actions   which   human   designers   would   have   difficulty
anticipating,   for   example:   to   trigger   the   chat   behavior   in
particular multi modal state configurations where the user is
moving away from the robot and a task was incomplete. In [7]
it is mentioned that QLearning is sufficient when the number

of response candidates are limited. Movie Promotion system
in [7] used QLearning  in Response selection policy to select
candidates provided by the two response generator.

2.3 QLearning Algorithm
1. Set gamma parameter, and environment rewards in

matrix M.
2. Initialize matrix R to zero.
3. For each episode:
4. Select any random  state as the initial state.
5. Do While the goal state hasn't been reached.
6. Select one from the all possible actions for the current

state.
7. Using this possible action,  go to the next state.
8. Get maximum value of R  for this next state based on

all possible actions.
9. Compute : R(state, action) = M(state, action) + gamma

* Max[R(next state, all actions)]
10. Set the next state as the current state.
11. End Do
12. End For

2.4 HumanRobot Interaction
HRI (Human robot interaction) is the study of communication
between humans and robots in natural language. HRI(Human
robot   interaction)   is   a   combined   field   which   combines   and
contributes from the interaction of human and the computer ,
AI(artificial   intelligence),   robotics,   natural   language
understanding, design, and social sciences. HRI(Human Robot
Interaction) deals with intelligence of human interaction and
communication, many aspects of Human robot interaction are
in   continuation   of   human   communications   topics   that   are
much older than robotics per se. The closer the human and the
robot   get   and   the   more   complicated   or   detailed   the
relationship   becomes,   the   more   the   risk   of   a   human   being
injured rises.  In today’s advance world robots employed by
manufacturers   solve   this   issue   by   not   letting   humans   and
robots   share   the  workspace  at  any  point  of   time.  Thus   the
presence of  humans  is  completely not  allowed  in  the   robot
workspace while it is working.

2.5 Speech Processing
To make the chat style dialogue system [8] uses the collection
of AIML files forming the Chabot Rosie3 using the Program
Y4   AIML   2.0   interpreter.   The   utterance   string   (pattern)   is
encoded and  send   to   the  Chabot  via   REST calls,  where   an
appropriate response (template) was formulated and fed back
to   the   call.   For   switching   from   chatbased   to   taskbased
dialogue system, the taskrelated state variables are switched
based   on   specific   words   and   phrases   used   during   the
interaction.

2.6 Speech Processing Algorithm
In [11] HiddenMarkov models (HMMs) are defined as well
admired   statistical   models   use   to   implement   speech
recognition   technologies.   The   time   variances   in   the   spoken
language   were   modeled   as   Markov  processes   with   discrete
state   spaces.   Each   state   produced   speech   observations
according to the probability distribution characteristics of that
state.   The   speech   observations   took   on   the   discrete   or   the
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continuous   values.   In   either   case,   the   speech   observations
represented a fixed time duration (frame). The states were not
directly observable,  which is why the model was called the
hidden Markov mode. The original minimal HMM algorithm
was   implemented   on   a   floatingpoint   C   language   program
platform  running  under   the  Unix  operating  system.  As   the
result of changes in the technology, a project has been called
for to transfer this algorithm from floatingpoint C language to
TMS320C2xx   assembly   language   (ASM).   The   primary
objectives of this project was to have the algorithm running in
real time and to have assembly code that is usersupportable.

The  speech  recognition algorithm  illustrated  in  Figure  1,
contains two fundamental parts, which are the acoustic front
end and the search algorithm itself. The acoustic front end in
[11] was the process for converting sequences of rawspeech
data to observation vectors, which represent events existing in
a   probability   space.     Search   algorithm   then   discovered   the
most likely sequence of these events while operating under a
set of syntactic constraints.

Fig. 1. Block Diagram for Speech Recognition algorithm.

3 ADVANTAGES AND DISADVANTAGES

In   [8]shopping   mall   customers   from   which   system   was
tested   rated   for   the   hybrid   task   +   chat   based   condition
significantly   higher   on   a   5   point   Likert   scale   regarding
pleasant communication of the interaction and meeting their
expectations,   while   all   other   questions   did   not   show   any
significant differences between the conditions. Especially the
rating for meeting the users’ expectations suggested that the
system is being able to chat .In addition to just fulfilling the
given   tasks   was   more   natural   to   communicate   with.   The
higher ratings of customer satisfaction of the interaction with
the system indicated that this kind of dialogue management
system is more engaging to interact with. This was supported

by the fact that the duration of the interaction was longer in
the hybrid task + chat condition even if not significantly. In
general,   hybrid   task   +   chat   based   system   received   higher
ratings in the questionnaires  in comparison to the task only
system. [8] Was the system that presented and evaluated the
first   approach  of   a   fully   autonomous   robotic   system  which
uses   the   novel   combination   of   taskbased   and   chatstyle
dialogue system? [8] Employed Reinforcement Learning (RL)
to   create   a   scalable   and   extensible   approach   of   combining
these taskedbased and chatstyle modalities, while being able
to   easily   enrich   the   used   feature   vector   by   including
information   from   the   robot’s   sensors   in   addition   to   verbal
information.  Experiments  of   the  system used in  [8]  showed
that participants found the proposed system more pleasant to
interact with and had the feeling that it met their expectations
better than a purely taskbased version of the same approach.
Usually or more often participants interacted longer with the
robot   without   impeding   the   overall   task   efficiency,   which
indicated that this kind of robotic agent was more engaging
than   a   purely   taskbased   one.   This   presents   a   first   step
towards  a  holistic  approach  to  HRI,  being able   to  not  only
respond to utterances related to an apriori defined set of tasks
but also being able to chat with the human interaction partner.

4  FRAMEWORK DESCRIPTION FOR DIALOGUE 
MANAGER

Fig. 2. Framework description

In   the   system   described   in[7]the   framework   contained   four
major   components   :   language   understanding   module,   task
response generator, nontask response generator and response
selection   policy.   Figure   2   describes   the   flow   of   information
among the components . A user utterance sent by user is sent
to both the language understanding module and the nontask
response generator. The understanding model then extracted
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the useful information that helped the task response generator
to produce taskoriented candidates. Simultaneously, the non
task response generator also produced the nontask candidates.
At   ,   the   response   selection   policy   selected   among   all   the
candidates to produce a system response.

5 RESULTS

In [8] Results of the data analysis revealed that participants
were   successful   in   performing   the   given   tasks   in   both
experimental   conditions,   with   the   average   number   of
completed   tasks   being   3.98   (SD   =   0.95)   in   the   task   based
condition and 3.93   (SD= 1.10)   in  the  hybrid  task+chat   style
condition (see Table II). The number of completed tasks was
not  significantly  different  between the   two conditions   (one
sided Ttest, p = 0.83), the same holds true for the number of
tasks  per   turn   (p  =  0.68),   system   turns   (p   =  0.28),  and   the
number   of   actions   performed   by   the   robot   (p   =   0.25).   To
summaries,   the   findings   showed   no   significant   difference
between   the   two   conditions   in   terms   of   conversational
efficiency, and on average the participants were not adversely
affected by the style of  conversation when performing their
task.

Fig. 3. Distribution of robot ratings (all 21 ratings from the questionnaire are taken 
into account) in the task-only and hybrid conditions.

TABLE1 :RESULTS OF CONVERSATIONAL EFFICIENCY AND DIALOGUE
QUALITY IN TWO CONDITIONS. M DLUE, SD -STANDARD DEVIATION.
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