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Hierarchical Reinforcement Learning With Guidance
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Mahdin Rohmatillah , Graduate Student Member, IEEE, and Jen-Tzung Chien , Senior Member, IEEE

Abstract—Achieving high performance in a multi-domain dia-
logue system with low computation is undoubtedly challenging.
Previous works applying an end-to-end approach have been very
successful. However, the computational cost remains a major issue
since the large-sized language model using GPT-2 is required.
Meanwhile, the optimization for individual components in the
dialogue system has not shown promising result, especially for
the component of dialogue management due to the complexity
of multi-domain state and action representation. To cope with
these issues, this article presents an efficient guidance learning
where the imitation learning and the hierarchical reinforcement
learning (HRL) with human-in-the-loop are performed to achieve
high performance via an inexpensive dialogue agent. The behavior
cloning with auxiliary tasks is exploited to identify the important
features in latent representation. In particular, the proposed HRL
is designed to treat each goal of a dialogue with the corresponding
sub-policy so as to provide efficient dialogue policy learning by
utilizing the guidance from human through action pruning and ac-
tion evaluation, as well as the reward obtained from the interaction
with the simulated user in the environment. Experimental results
on ConvLab-2 framework show that the proposed method achieves
state-of-the-art performance in dialogue policy optimization and
outperforms the GPT-2 based solutions in end-to-end system
evaluation.

Index Terms—Dialogue system, policy optimization, guidance
learning, hierarchical reinforcement learning.

I. INTRODUCTION

A S THE dialogue system has become widespread due to its
potential applications in real-world scenarios, designing

a high-performance task-oriented dialogue system with low
computation cost remains a crucial issue that must be addressed,
especially in a multi-domain dialogue with a large number of
possible combinations of user intents, semantic slots and values
that must be correctly satisfied by the system. The common ap-
proaches to dialogue system based on the end-to-end method [1]
and the pipeline method [2], [3] have been proposed with
various strengths and shortcomings. Using end-to-end method,
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the dialogue task is formulated as a generative model where
all dialogue system components including natural language
understanding [4], dialogue state tracking, dialogue manage-
ment and natural language generation are jointly optimized to
provide appropriate response to the user. The recent end-to-end
strategies built based on the generative pre-trained transformer 2
(GPT-2) [5] have achieved state-of-the-art (SOTA) results both
in the automatic evaluation based on interaction with the bot as
well as in the human evaluation which has been done by using the
Amazon mechanical turk [6]. Unfortunately, such an approach
suffers from two problems. First, the required computation cost
is huge due to the usage of large-scaled language model via
GPT-2. Second, several pre- and post-processing stages must
be conducted as GPT-2 is not specially designed for solving
dialogue task. On the other hand, the modular approach which
optimizes individual components in the dialogue system offers
simpler training and lower computation. However, the perfor-
mance in [7], [8] only showed sub-optimal results.

Finding an ideal dialogue policy, which determines system
response to the user, is extremely difficult in component-level
optimization. Recent attempts reveal that the majority of dia-
logue policies have been formulated as a reinforcement learning
(RL) task [9], [10], [11]. Unfortunately, the high dimensional
state and action spaces may contain hundreds of entries which
easily confuse the dialogue policy in determining appropriate
action. The problem is aggravated by the fact that the exploration
in this task is very limited, unlike in a common RL task like
robotic control and Atari games where the agent needs to explore
the environment more frequently to find more possible solutions.
In the multi-domain dialogue task, making too much exploration
during training may harm the performance and lead to out-
of-domain response. As a consequence of the aforementioned
constrains, the results revealed that good performance could only
be obtained in the component-wise single-turn evaluation rather
in the end-to-end system evaluation using the whole turns of each
dialogue session [7] which indicates that the trained dialogue
policy is not yet suitable for implementation in a real-world
setting.

This paper presents a guidance learning to handle three
dialogue strategies where two learning stages are performed.
The first stage is the imitation learning which implements the
behavior cloning (BC) with auxiliary tasks (denoted by BCAux)
to improve the generalization to unseen data which are likely
observed once the BC agent is applied into the real environment
to interact with the user. The generalization is improved by utiliz-
ing the learned features obtained from an auxiliary network. The

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/

https://orcid.org/0000-0001-8417-2165
https://orcid.org/0000-0003-3466-8941
mailto:mahdin.ee08@nycu.edu.tw
mailto:jtchien@nycu.edu.tw


ROHMATILLAH AND CHIEN: HIERARCHICAL REINFORCEMENT LEARNING WITH GUIDANCE FOR MULTI-DOMAIN DIALOGUE POLICY 749

auxiliary tasks consist of predicting current belief state and user
action which are selected due to their importance in determining
the system action in every dialogue turn. Furthermore, the recent
works [12], [13], [14] show that the introduction of auxiliary
tasks can reduce the causal confusion phenomenon which cause
the inability of agent to understand the true cause of expert
action from a given dataset of state-action pairs. The strategy of
finding reliable pre-trained weights for the subsequent stage is
implemented. The second stage is built based on two strategies
where the first is the hierarchical RL (HRL) and the second
is the human-in-the-loop (HITL). The hierarchical strategy is
implemented to simplify the multi-domain task by treating each
base domain using its corresponding sub-policy in the low-level
policy. The base domain is defined as the domain that firstly
occurs in a dialogue session, which indicates the domain with
the highest priority. The low-level policy is trained by using
proximal policy optimization [15] through interaction with the
simulated user in a given environment. The weights of policy
network obtained from BCAux are set as the pre-trained weights
for low-level policy. Meanwhile, the high-level policy in the
hierarchical structure generates a latent vector which is used to
activate a sub-policy in a given dialogue session. The hierarchi-
cal policies are trained by using the policy gradient method. Due
to the fact that the dialogue agent is easily being trapped in the
confounded states, HITL learning paradigm is utilized to provide
the guidance to the agent by providing the action correction for
the confounded state. Furthermore, the action evaluation in each
dialogue turn is proposed to handle the dialogue policy which
may result in sub-optimal actions in some states. An efficient
guidance learning from human and environment is developed
to fulfill the dialogue policy optimization with the performance
close to the rule-policy which serves as a human in this work.
Even with low human supervision, the hierarchical scheme still
enhances the learning efficiency when compared to baseline
systems with the maximal human guidance. The proposed work
could achieve competitive result with low-computation cost.

The rest of this paper is organized as follows. In Section II, the
multi-domain task-oriented dialogue system and dialogue man-
agement are surveyed. Section III presents the efficient guidance
learning for dialogue management with the optimization process
which includes imitation learning as well as hierarchical RL.
Section IV addresses the experimental settings for evaluation of
dialogue management. The experimental results to illustrate the
learning efficiency of the proposed method relative to the recent
methods are addressed. The summary of findings from this study
is provided in Section V.

II. MULTI-DOMAIN TASK-ORIENTED DIALOGUE

The recent approaches to build dialogue system and handle
dialogue management are surveyed and discussed.

A. Multi-Domain Dialogue System

Many academics have been devoted to work on the realistic
scenario based on multi-domain task-oriented dialogue system.
However, providing an appropriate solution to address this task
is very challenging. Different from the previous dialogue tasks

Fig. 1. Example of user goals in a dialogue session in MultiWOZ 2.1 dataset
which consist of three domains (left) and two domains (right) shown by red
color. The sequence indicates the order of domain occurrence. The green and blue
colored text are user intent and semantic slot, respectively with the corresponding
value in black colored text.

Fig. 2. Interaction between system agent and simulated user via an agenda-
based policy in a multi-domain dialogue management using ConvLab-2 frame-
work which can be built with different configurations.

considering only limited domains like movie ticket booking [16],
flight booking [17] and restaurant reservation [18], [19], multi-
domain dialogue offers the involvement of various domains
in a single user goal as shown by Fig. 1. As a result, the
dialogue structure becomes complicated due to the increase of
possible scenarios. In order to obtain a desirable performance,
dialogue system needs to satisfy all of the user intentions in
each domain concerning in the current goal in a limited num-
ber of time steps. Among various frameworks designed for
multi-domain dialogue task, [20], [21], ConvLab-2 [22] is the
most popular framework that is mainly designed for handling
the MultiWOZ 2.1 dataset [21]. ConvLab-2 provides flexible
structures of dialogue system for supporting various ways of
optimization as illustrated in Fig. 2. Therefore, researchers are
allowed to build their own dialogue system in a pipeline fashion
that requires optimization of individual components including
natural language understanding (NLU), dialogue state tracking
(DST), dialogue policy (POL) and natural language generation
(NLG) [23] or in an end-to-end manner that optimizes the overall
components jointly. It is also possible to investigate the joint op-
timization that incorporates some pipeline system components
such as word-level optimization scenarios like word-DST and
word-POL that jointly optimize NLU-DST and policy-NLG, re-
spectively. Another important benefit of ConvLab-2 framework
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is the end-to-end system evaluation which faithfully reflects the
human evaluation in real-world application. In this evaluation, a
system-wise evaluation is performed instead of component-wise
evaluation which merely examines specific component of dia-
logue pipeline system by using a single-turn evaluation assuming
that the model is provided with the ground truth from the other
components or from the previous dialogue turn. Metrics of task
success and inform rate are measured by using the current user
utterance, dialogue state, and database query as has been done
in previous works [24]. On the other hand, the system-wise
evaluation considers all components in the dialogue pipeline
system via an end-to-end system evaluation along with the
multi-turn conversation done by utilizing the simulated user,
which represents human as a user. All of the assessments in this
study take a system-wise or end-to-end approach, which closely
resembles a real-world scenario.

B. Multi-Domain Dialogue Policy

Many studies have been devoted to develop multi-domain
dialogue policy, which is regarded as a critical component
in dialogue systems. Based on the current benchmark result,
both of word-level [2], [3], [25] and end-to-end optimization
strategies [1], [26] resulted in sub-optimal performance in the
end-to-end system evaluation although good performance was
achieved in the component-wise evaluation. Accordingly, many
attempts have been designed to improve dialogue policy by using
reinforcement learning (RL) [27] as shown in the two most
popular dialogue framework benchmarks, ConvLab-2 [22] and
PyDial [20], [28]. To build an RL agent, the first important step
is to train the dialogue policy using the behaviour cloning (BC)
which is seen as a type of imitation learning by utilizing the
state and action pairs from a dialogue dataset. Those pairs are
commonly formed by using the pre-defined vectorized functions
that convert the sentences in dialogue dataset to the vectors
that are suitable for RL training. In case of MultiWOZ 2.1
dataset, the vectorization process yields a state vector with size of
340 consisting of six different partitions which are user action,
system action, belief state information, booking information,
database pointer and state termination. In addition, the action
represented as a vectorized version of dialogue act with a dimen-
sion of 209, which consists of four information sources including
domain, action type, slot and value. By using the state-action
pairs D = {sn,yn}Nn=1 where sn and yn denote the state and
the target corresponding to an expert action, respectively, the
policy network πθ(·) for finding action a given by the optimal
parameter θ∗ is estimated by maximizing the log likelihood or
minimizing the mean squared error or cross entropy errorLBC(·)
for regression or classification, respectively, from the training
data D via

θ∗ = argmin
θ

E(s,y)∼D [LBC (πθ(s),y)] . (1)

Because the dataset D only contains successful trajectories, the
RL agent that uses BC weights is prone to produce failed tra-
jectories owing to the unobserved trajectories if the agent takes
an incorrect action in the environment. Therefore, while BC is

a simple strategy, achieving acceptable outcomes in real-world
application is still very difficult.

Some sophisticated approaches have been proposed, such as
training the agent by incorporating the learned reward function
based on the adversarial inverse reinforcement learning [29] by
using expert trajectories [30], [31], [32]. The training process
was done similar to that of generative adversarial networks [33].
Another approach was developed by a model-based RL [34],
[35] where the model was trained to replicate the user behavior
so that the agent might progress through the planning phase
with sample efficiency. Unfortunately, such an approach either
only worked in a somewhat simple setting or only performed
well in component-wise evaluations that solely looked at single
turns. As a result, when the learned agents were evaluated in
an end-to-end system evaluation via multi-turn dialogues, the
desired results were not achieved.

Due to the success of transformer [36] in natural language
processing tasks, many attempts have been proposed to apply
it for multi-domain dialogue system [37], [38] in an end-to-end
optimization manner. Recent work has also introduced offline
RL optimization to improve the performance of the transformer-
based system [39]. However, the significant results have been
reported in the latest DSTC9 track 2 challenge in which end-
to-end optimization based on the GPT-2 model [40], [41] has
successfully achieved SOTA performance. That was the first
time that end-to-end approach outperformed the component-
level optimization. However, because a large-scaled language
model (LM) using GPT-2 was used as the default component,
the end-to-end method required a high computation cost. Fur-
thermore, the enhanced data from other datasets as well as the
extensive pre- and post-processing were needed to make LM
operate in a task-oriented conversation system. In this paper, a
new method is proposed by preserving low-cost computation
while significantly improving multi-domain dialogue policy.
The proposed strategy is designed by addressing the shortcom-
ings of previous policies by means of hierarchical RL which
can simplify the problem formulation in multi-domain dialogue
system. This strategy is efficient and does not require data
enhancement during the pre- and post-processing stages.

III. HIERARCHICAL RL WITH GUIDANCE

Overview of the proposed method is depicted in Fig. 3. The
first step involves data pre-processing to obtain the inputs and the
corresponding labels for training neural networks for BCAux.
Next, the weights of policy network in BCAux is used as the
pre-trained weights for low-level policy in the hierarchical RL
(HRL). HRL is trained according to the hierarchical policy
gradient with the help of human to provide additional guidance
during training.

A. Imitation Learning With Auxiliary Tasks

Typically, introducing the auxiliary objectives in construction
of a target model is promising to regularize the model when
dealing with unseen data [12], [42], [43]. The main purpose
of auxiliary tasks is to share the learned representations from
the auxiliary objectives to the primary model to boost primary
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Fig. 3. Overview of the proposed neural policy optimization for training a
BCAux and a hierarchical RL agent.

task performance. In case of dialogue policy optimization, the
auxiliary tasks help the primary model to understand the true
cause of an expert action given a certain state. This study
presents the behavior cloning with auxiliary tasks as a special-
ized imitation learning to provide reliable pre-trained weights
for low-level policy in subsequent HRL optimization. At the
beginning, the input states and the corresponding targets, both
for primary and auxiliary tasks must be formed from dialogue
datasetD = {sn,yn}Nn=1. The input state and the primary target
for system action are denoted by s ∈ R340 and ysa ∈ R209,
respectively. The auxiliary tasks consist of predicting the targets
of belief state ybs ∈ R24 and user action yua ∈ R78 which are
selected due to their importance in determining appropriate
system response. Since all tasks are seen as the multi-label bi-
nary classification, the binary cross-entropy losses are modified
by considering the balanced parameters {βsa, βbs, βua} due to
the class imbalance between positive and negative samples. In
addition to one-hot target vector yn, we calculate the ratios of
the numbers of negative samples over all samples correspond-
ing to the classification labels for system actions, belief states
and user actions to determine βsa, βbs and βua, respectively.
Such ratios are popular to handle the class imbalance [44] in
multi-class classification which is fitted to the setting in this
work.

Next, the architecture of the proposed BCAux is depicted
in Fig. 4. The primary and auxiliary networks share a com-
mon feature extractor sfea � fψfea(s) with parameter ψfea that
is designed to provide meaningful features for primary task by
taking advantage of auxiliary tasks. The loss function of this
scheme LBCAux = Lsa + Lbs + Lua is integrated by three losses
for classification prediction in a policy network and an auxil-
iary network where four parameters ψ = [ψfea, ψsa, ψbs, ψua] are
included. The first loss is devoted to the primary task which
predicts the expert action given an input state. The remaining
two losses belong to auxiliary tasks for prediction of belief state
and user action. Given the samples of input feature sfea and target
y (ysa, ybs or yua) from dataset D, and the ratios β (βsa, βbs or
βua), the balanced cross-entropy lossL (Lsa,Lbs orLua) between
true target y and predicted target ŷ � fψ(sfea) (ŷsa, ŷbs or ŷua)

Fig. 4. Architecture of the proposed BCAux consisting of the policy network
for handling primary task and predicting system action ŷsa and the auxiliary
networks for predicting belief state ŷbs and user action ŷua.

with mapping parameter ψ (ψsa, ψbs or ψua) is yielded by

L(fψ (sfea),y) = −E(s̃,y)∼D
[
βy� log fψ(sfea)

+(1− β)(1− y)� log (1− fψ(sfea))
]
� L (2)

which is consistently applied for three auxiliary tasks.

B. Hierarchical RL With Sub-Policies

Instead of dealing with each dialogue session using standard
RL, in this work, a hierarchical RL (HRL) based on policy
gradient method is proposed to elaborate the response to the
user’s goals by treating them uniquely based on their base
domain. Base domain is defined as the domain that becomes
the main concern in a dialogue which always occurs in the
beginning of the dialogue. Different from the common HRL
that high-level policy chooses an action in every pre-determined
period of time or after reaching a specific sub-goal [45], in
this work, the high-level policy only outputs an action at the
beginning of a dialogue session to activate a sub-policy in the
low-level policy that corresponds to the base domain of current
dialogue. This scenario is reasonable to build the task-oriented
dialogue system where dialogue policy needs to satisfy a user’s
goal in a very limited time step, ideally less than 15 time steps in
average, which are significantly lower than standard HRL tasks
like maze or robotic tasks which require hundreds to thousands
of time steps to achieve the goal. By implementing HRL in this
setting, the complexity of the task which involves huge state
and action spaces can be reduced so that the dialogue policy
training can be optimized. As hierarchical approach is used,
standard PG [46] is calculated over the accumulated reward with
the trajectory of states and actions τ = {st,at}T−1

t=0 drawn by a
policy πθ(·) with the hierarchical parameters θ = {θh, θl} in
different levels in a form of

∇θJ(θ) = ∇θEτ∼πθ(τ) [R(τ)]

= Eτ∼πθ(τ) [∇θ log πθ(τ)R(τ)] (3)

where θh denotes the high-level policy and θl denotes the
low-level policy. The rewardR(τ) = {Rh(s0), Rl(τ)} involves
the ones Rh and Rl for high-level and low-level policies using
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initial state s0 and remaining trajectory τ , respectively. Given
the output of high-level policy z from {zk}Kk=1, the trajectory
distribution of an agent with K sub-policies is yielded and
expanded over a trajectory of T steps by

πθ(τ) = p(s0)

K∏
k=1

[
πθh(zk|s0)

T−1∏
t=0

(πθl(at|st, zk)

×p(st+1|st,at))
]
. (4)

Considering (3) and (4), the hierarchical policy gradient is
accordingly calculated by

∇θJHRL(θ) = Eτ∼πθ(τ)

[
K∑
k=1

∇θ log

(
πθh(zk|s0)

×
T−1∏
t=0

πθl(at|st, zk)
)
R(τ)

]
(5)

where the terms independent of θ are disregarded and the hier-
archical setting of {zk}Kk=1 gives the gradient

∇θ log πθ(τ) =
∇θ

(∏K
k=1 πθh(zk|s0)

∏T−1
t=0 πθl(at|st, zk)

)
∏K
k=1 πθh(zk|s0)

∏T−1
t=0 πθl(at|st, zk)

.

(6)

Unfortunately, such a gradient is prone to be unstable during
training if high-level policy outputs a wrong zk, i.e. the optimal
output z∗ is missed as zk �= z∗, which means high-level policy
assigns an incorrect sub-policy to deal with user specific goal.
Suppose 0 < πθl(at|st, zk) < ρ for a wrong zk in trajectory τ is
considered. Then, the probability of non-optimal trajectory for
each low-level policy is upper bounded by ρT . The gradient for
each non-optimal low-level policy using the output of high-level
policy zk can be derived and the computation complexity can
be obtained by

∇θ

(
πθh(zk|s0)

T−1∏
t=0

πθl(at|st, zk)
)

= ∇θπθh(zk|s0)

×
T−1∏
t=0

πθl(at|st, zk) +
T−1∑
t=0

πθh(zk|s0)
⎛⎝∇θπθl(at|st, zk)

×
T−1∏

t′=0,t′ �=t
πθl(at′ |st′ , zk)

⎞⎠ = O (TρT−1
)
. (7)

By merging (7) in (6), the gradient is then updated by considering
the calculation corresponding to the optimal latent variable z∗

as well as the other K − 1 non-optimal zk

∇θ log πθ(τ) =
∇θ

(
πθh(z

∗|s0)
∏T−1
t=0 πθl (at|st, z∗)

)
πθh(z

∗|s0)
∏T−1
t=0 πθl (at|st, z∗)

+ (K − 1)O (TρT−1
)

(8)

where the computation (K − 1)O (TρT−1
)

is the source of
instability that must be carefully tackled in learning process.

For the reward setting in HRL, Rl(τ) = {rl(st, z)} is the re-
ward from environment, and rh(s0, z∗) = 1 and rh(s0, zk) = 0
at initial state s0 are defined. As a result, the gradient of low-level
policy with non-optimal zk can be eliminated by disregarding
any trajectory τ with rh(s0, zk) = 0 stored in high-level replay
buffer Dh. In the implementation, high-level policy πθh(·) is
trained by the policy gradient (PG) and low-level policy is trained
by the proximal policy optimization (PPO) [15] with the clipped
surrogate objective given by

Lclip(θl) = E(s,a,z)∼Dl

[
L
(
s,a, z, θold

l , θl
)]

(9)

using individual buffer Dl and previous parameter θold
l in

L
(
s,a, z, θold

l , θl
)
= min

(
r(θl)Aθold

l
(s,a, z),

clip(r(θl), 1− ε, 1 + ε)Aθold
l
(s,a, z)

)
. (10)

Here, the ratio r(θl) =
πθl

(a|s,z)
π
θold
l

(a|s,z) between current policy πθl

and old policy πθold
l

in low-level policy is calculated with the
output of high-level policy z, and the advantage function using
current policy πθold

l
is estimated by [47]

Aθold
l
(st,at, z) = δV (st, z) + γλAθold

l
(st+1,at+1, z) (11)

where δV (st, z) = rl(st, z) + γVφold(st+1, z)− Vφold(st, z) is
seen as the temporal difference (TD) error [48] of value function
V with the updated and the current critic parameters φ and
φ− in a learning epoch, respectively. γ is the discount factor,
and λ is a factor to adjust the bias-variance dilemma in model
construction. The learning objective is set by choosing either the
weighted advantage function r(θl)Aθold

l
(s,a, z) or the function

clip(r(θl), 1− ε, 1 + ε)Aθold
l
(s,a, z) with a clipping threshold

ε. This clipped surrogate function Lclip(θl) is maximized to
estimate the policy parameter θl.

In addition, the PPO critic parameter φ is updated by mini-
mizing the regression error between the predicted value func-
tion Vφ(st, z) and the target value function yt = rl(st, z) +
γVφold(st+1, z) where the HRL state (st+1, z) and the reward
rl(st, z) are sampled from the low-level replay bufferDl. There-
fore, the regression loss of PPO critic network is yielded as a
TD error of value function

LV(φ) = E(s,z,rl)∼Dl

[
(y − Vφ (s, z))

2
]
. (12)

In order to boost the training of low-level policy θl, the optimal
weights of policy network in BCAux {ψ∗

fea, ψ
∗
sa}, as seen in

Fig. 4, are used as the pre-trained weights for θl. From the
empirical investigation, the best BC agent could not be deter-
mined by its validation loss during training. Instead, the model
selection could be performed according to the task success rate
in the policy evaluation stage which accordingly reflects real
implementation performance.

C. Guidance Learning With Human-in-The-Loop

Human-in-the-loop (HITL) is mainly introduced to provide a
guidance to the agent during training due to the fact that agent
is prone to be trapped in the confounded states. Instead of using
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TABLE I
THREE EXAMPLES OF CONFOUNDED STATES OR REPEATED GOAL IDS WHICH TRAP THE AGENT FOR BEING STUCK. SYSTEM SENTENCES REFLECT THE

CORRESPONDING ACTIONS. THE REPETITION OF DIALOG ACTS FROM BOTH USER AND SYSTEM SENTENCES CAN BE A CLEAR INDICATOR FOR AGENT TO ASK

HUMAN CORRECTION

Fig. 5. Hierarchical RL with human-in-the-loop process for dialogue policy
improvement. ã denotes the action from human or πrule as a guidance. Mean-
while, a denotes the action from πθl . s denotes the state from environment due
to aexecuted which is obtained either from a or ã.

real human, the rule-based agent πrule provided by ConvLab-2
framework, is set to act as a human during the learning process.
Rule-based agent is a handcrafted agent designed by human
that serves as the upper bound in dialogue policy optimization.
The guidance in HITL is employed in the designed protocol
program which is then performed in dialogue environment as
shown Fig. 5. In general, the guidance or feedback from the
human can be done in the form of action pruning, reward shaping
or state manipulation. Unfortunately, the last two feedback are
hard to be designed in the multi-domain dialogue task due to
its complexity and manual tuning requirement. Therefore, in
this work, the guidance from human which is governed by a
protocol program is employed in two different ways based on
the action pruning and evaluation scenario. The first way is
to identify a confounded state which reflects three repetitions
of state representation consecutively as illustrated in Table I,
human must provide a corrective action that is executed into the
environment through the protocol program. Next, the protocol
program removes any trajectory that involves either confounded
state or failed trajectory generated by the agent due to the incor-
rect action of high-level policy. For the second feedback, human
must evaluate low-level policy action in every step by assuming

that agent may choose a sub-optimal action in certain time steps.
Therefore, instead of only maximizing L(s,a, z, θold

l , θl), the
low-level policy in PPO explores the environment by further
maximizing the negative cross-entropy for the evaluations of
the selected actions between human ã and system a stored in
low-level replay buffer Dl
LCE(θl) = E(s,a,ã,z)∼Dl

[πrule(ã|s)πθl(a|s, z)]
= EDl

[H(πrule(ã|s))]−DKL (πrule(ã|s)‖πθl(a|s, z))
(13)

which is expressed by the entropy H(·) and the Kullback-
Leiblier divergenceDKL. By maximizing LCE, the action distri-
bution of low-level policy becomes close to the human action dis-
tribution which eventually results in near optimal performance.
Maximizing the negative cross-entropy for guidance learning is
richer than maximizing the policy entropy in standard RL. It
is because simply maximizing policy entropy may not assure
the performance of agent since the out-of-domain response
is likely produced due to the heterogeneous state and action
spaces in multi-domain dialogues. Combining all together, the
high-level policy is learned according to the PG ∇θhJ(θh) =
E(s0,z)∼πθh

[log πθh(z|s0)rh(s0, z)], and the low-level policy is
estimated by maximizing the regularized PPO objective J(θl) =
Ez∼πθh

,(s,a)∼π
θold
l
,ã∼πrule

[Lclip(θl) + LCE(θl)]. The overall learn-

ing procedure of actor-critic for HRL with HITL is shown by
Algorithm 1.

IV. EXPERIMENTS

The experiments were done by using ConvLab-2 frame-
work [22] which provided the interaction between simulated
user and dialogue agent in an environment based on MultiWOZ
2.1 dataset [21]. MultiWOZ 2.1 was an updated version of
MultiWOZ 2.0 [49], known as a multi-domain, multi-intent
task-oriented dialog corpus [50] that contained 7 domains which
are hotel, attraction, restaurant, train, taxi, police and hospital,
13 user intents, 25 slot types, 10,483 dialog sessions, and 71,544
dialog turns. By using ConvLab-2, the end-to-end system evalu-
ation was performed to reflect real-world scenario convincingly.
For reward setting, the dialogue agent received −1 in every
conversation it made, +5 if current domain was satisfied, and
+40 if the task succeeded.
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Algorithm 1: Hierarchical RL With Guidance (HRLG) for
Multi-Domain Dialogue Management.

A. Experimental Settings

In the first stage of optimization which involved BCAux
training, MultiWOZ 2.1 dataset was split into the training,
validation and test data with 8434, 999 and 1000 dialogues,
respectively. The policy network consisting of fψfea and fψsa

was a feedforward network with two hidden layers while the
auxiliary network containing fψbs and fψua was a feedforward
network with one hidden layer. Activation functions in all hidden
layers were ReLU, and the output layer was sigmoid. For the
hierarchical RL architecture, πθh was formed by feedforward
network with two hidden layers with ReLU activation and the
softmax output layer. Number of domains K was chosen as
5 instead of 7 because taxi, hospital and police domain was
merged together as one base domain due to their limited samples.
Interpolation parameters for three terms in LBCAux were 1, 0.8
and 0.6. Meanwhile, considering the model size, each sub-policy
in low-level policyπθl and the critic networkVφ were identical to
the policy network in BCAux. The only difference was the output
activation where critic network used linear activation function.
During HRL training, the agent collected roughly 2048 dialogue
utterances that were divided into 32 batches for updating the
parameters. The actor network was optimized by using Adam
with initial learning rate 1e-4. The hyperparameters λ, ε and γ
were set as 0.95, 0.2 and 0.99, respectively. The critic network
was optimized by RMSprop [51] with initial learning rate 5e-5.

The experimental results were investigated by using the end-
to-end system evaluation, involving the simulated user where

the NLU, DST and NLG in a pipeline system were identical
to the ConvLab-2 default settings including BERT [52] based
NLU, rule-based DST and template NLG, respectively. The
same configuration was also applied into system agent which
used hierarchical RL as its dialogue policy. With this config-
uration, a strong policy should be learned to compensate for
the imperfect state representation caused by NLU’s inability to
provide faultless user conversation acts over the whole dialogue
flow. The following six main metrics were set for providing the
comparative study.

− success rate: judges whether user goals of constraints (e.g.
hotel location or hotel price) and requests (e.g hotel phone
number) have been satisfied by system

− F1 score: judges if all requested information like taxi type or
taxi phone number has been informed

− complete rate: ratio of the completed user constraints
− booking rate: calculates the proportion of the successful

dialogues for booking hotel, restaurant or train
− average turn: calculates the average number of returns to

handle user goals for successful and all dialogues
− computation time: measures the computation in seconds

required to complete 1000 test dialogues

The proposed method was compared with two types of base-
line methods. The first type of baselines was the methods which
only optimized the dialogue policy as follows

− maximum likelihood estimation (MLE): a standard BC that
learns to choose an action given a certain state using the
supervised learning method

− policy gradient (PG): a standard policy based method in
RL where the gradient of objective for cumulative reward
is calculated to estimate πθ(·)

− proximal policy optimization (PPO) [15]: an actor-critic
implementation [53] by maximizing the clipped surrogate
objective, (10), to train actor and minimizing the regression
error, (12), to train critic

−guided dialogue policy learning (GDPL) [30]: a method based
on adversarial inverse RL [29] which learns the reward by
using the expert trajectories and uses it to train the dialogue
policy agent sequentially in the same loop

Another type of baselines conducted the optimization in an
end-to-end manner. All components from NLU until NLG were
optimized jointly.

− domain aware multi-decode (DAMD) [1]: a multi-action data
augmentation scheme to produce diverse response by using
additional state-action pairs

−minimalist transfer learning (MinTL) [37]: a transfer learning
framework offering plug-and-play approach for task-oriented
dialogue system

− UBAR [38]: a task-oriented dialogue system in a dialogue
session using distilGPT-2 model [54]. The model was fed
not only with the user and response sentences, but also with
database search result and belief state from the previous steps.
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TABLE II
COMPARISON OF DIFFERENT CONFIGURATIONS IN END-TO-END EVALUATION FOR MULTI-DOMAIN DIALOGUE SYSTEM. THE BEST RESULTS ARE SHOWN IN BOLD.

UP ARROW SYMBOL (↑) AND DOWN ARROW SYMBOL (↓) INDICATE THE IMPROVEMENT AND DEGRADATION OF THE PROPOSED DIALOGUE POLICY THAT USES

BEHAVIOR CLONING WITH AUXILIARY TASKS (BCAUX) AS THE PRE-TRAINED WEIGHTS COMPARED TO THE POLICY WITH ORIGINAL MODEL IMPLEMENTATION

INDICATED BY *, RESPECTIVELY. THE DIALOGUE TEST SET CONTAINS 1, 2 AND 3 DOMAINS

Fig. 6. Domain proportion in an end-to-end system evaluation.

− three offline RL methods including GPT-critic [39], critic reg-
ularized regression (CRR) [55] and decision transformer [56].
All of them were trained by using GPT-2.

− the first winner of DSTC9 track 2 [40]: performed five critical
processes. The first was the domain adaptation using the
pre-trained GPT-2 where the datasets including Schema [57],
Camrest [58], Taskmaster 2019, Taskmaster 2020 [59] and
MSR-e2e were used. Multi-task fine-tuning using MultiWOZ
2.1, data pre-processing and post-processing, fault tolerance
mechanism, and rule-based post-processing for refining the
agent utterances were the other four processes.

− the second winner of DSTC9 track 2 [41]: conducted similar
implementation as the first winner with two distinctions.
First, there was no post-processing approach in this work.
Second, the auxiliary tasks were employed to increase the
consistency in sentence generation given the identical system
action responses.

B. End-to-End System Evaluation

A number of experiments were carried out in this work to
evaluate the performance of the proposed methods for multi-
domain dialogue task over 1000 test dialogues where 337, 523
and 140 dialogues containing 1,2 and 3 domains respectively.
Fig. 6 depicts the discourse percentage of individual domains
during evaluation. There were seven imbalanced domains where
the domain structure was complicated due to high-dimensional
semantic slots and values for different acts in high-proportion
domains such as hotel and restaurant which resulted in a difficult
assignment for the agent. All tests were carried out on a PC with

TABLE III
PERFORMANCE COMPARISON BETWEEN ORIGINAL MODEL IMPLEMENTATION

INDICATED BY * AND THE MODEL WITH BCAUX FOR THE DIALOGUE TEST

SET ONLY CONTAINING 2 AND 3 DOMAINS. DIFFERENT DIALOGUE POLICIES

ARE EVALUATED

a CPU i9-10900 K, 128 GB of RAM, and a GPU NVIDIA RTX
2080Ti.

Firstly, an evaluation to examine the benefit of auxiliary tasks
in BC was done as shown in Table II. Original model results were
obtained by using the weights provided by ConvLab-2 frame-
work. The result shows that introducing auxiliary tasks into BC
optimization resulted in significant performance improvement.
In particular, compared to the original BC, all model that utilizes
BCAux weights gained 3% absolute improvement in success
rate and more than 4.4% in F1 score and complete rate. Further-
more, for PPO optimization, using BCAux as the pre-trained
weights dramatically advanced the performance indicated by
a significant performance gap compared to the original PPO
implementation. The only drawbacks of using BCAux as the
pre-trained weights were reported in case of PG and GDPL,
where the booking rate metric shows the decreasing trend. In
order to show more advantages of the BCAux, Table III reports
the comparison between original model implementation and the
model with BCAux in the dialogue test set containing two and
three domains. More domains imply the increasing challenge
and the degraded performance. The NLU, DST and NLG com-
ponents were set identically to Table II. It is shown that the
models use BCAux weights can handle multi-domain dialogue
much better compared to the original model marked by *. More
convincing improvement is obtained in the dialogue test with
three domains which is a very challenging task.

Fig. 7 depicts the 2-D visualization of the samples of {zk}5k=1

from the output of high-level policy πθh(z|s0) of the proposed
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TABLE IV
COMPARISON OF DIFFERENT CONFIGURATIONS IN END-TO-END SYSTEM EVALUATION FOR MULTI-DOMAIN DIALOGUE TASK. THE BEST RESULTS EXCEPT THE

RULE POLICY ARE SHOWN IN BOLD. THE PROPOSED HIERARCHICAL RL WITH GUIDANCE (HRLG), SHOWN IN THE LAST TWO ROWS, OBTAINS THE COMPETING

PERFORMANCE WITH LOW COMPUTATION COST COMPARED TO THE END-TO-END OPTIMIZATION APPROACHES. * MEANS THAT THE MODELS WERE TESTED BY

USING THE PROVIDED WEIGHTS. ‡ MEANS THAT THE RESULTS WERE TAKEN FROM [39]

Fig. 7. Visualization of 250 random samples of training dialogues from the
outputs of high-level policy z corresponding to five base domains.

HRLG where t-SNE [60] is used. These latent codes are suc-
cessfully diverse over five domains. Therefore, the proposed
learning strategy may simplify the multi-domain dialogue task
to individual base domain task which leads to outperform the
other dialogue policy optimization strategies with very signifi-
cant numbers. Furthermore, due to the task simplification, the
feedback from both human and environment by interacting with
the simulated user is learned efficiently.

The result of the proposed hierarchical RL with guidance
(HRLG) compared to the baseline methods is shown by Table IV.
The result shows that all of the dialogue policy optimization
methods which are not built based on PPO perform very bad
since the corresponding metrics indicated very low score. These
methods even obtained the task success and completion rates
that are less than 50%. Meanwhile, very low booking rates are
revealed with a rate of less than 30%. These empirical results
have demonstrated the difficulty of establishing multi-domain
task-oriented dialogue policy with good performance due to
the huge state and action spaces. On the other hand, the di-
alogue system configuration with PPO-based policy showed
competitive results by exhibiting reasonable performances.

Especially, in case of utilizing HRLG, this work attained very
convincing result by performing very close to the rule policy
which serves as the human to provide a guidance to the agent
during training. Moreover, considering all results in dialogue
test set, either successful or unsuccessful, the proposed HRLG
only required 13.1 turns in average which are 6 turns fewer
than the average of those dialogue policy baselines. As a result,
HRLG showed faster computation time in completing the entire
dialogue test than the dialogue policy baselines. When compared
to the majority of the end-to-end optimization methods utilizing
GPT-2 model, the suggested learning strategy shows domination
in all metrics while taking significantly low computation time
to complete the test. Furthermore, when compared to the first
winner of DSTC9 track 2 [40], the proposed method shows very
competitive results with considerably reduced computation cost
about 8 times cheaper with lower average dialogue turns for
satisfying user goals. The reduction of computation cost can be
explained by comparing the computation time required by each
model to finish the test and the average turn conducted by each
model during test stage.

There are two main reasons of why end-to-end approaches
required high computation cost. The first is the pre- and post-
processing steps in every sentence generation turn. The second,
since they used one model to represent whole system, then in
every turn, they needed to initially predict the user dialogue act
and belief state using a large pre-trained model, for example
GPT-2 model. Next, the predicted belief state and the dialogue
history were fed to the GPT-2 model for generating the response.
In other words, the inferences using large model must be done at
least twice until producing the system response. This sequential
process required very long time to complete. Meanwhile, the
large model using BERT was only used once in the pipeline
system, that is in the NLU part for predicting the user’s dialogue
act.

An interesting finding is depicted by the last row of Table IV
which shows the performance of the HRLG by assuming it has
a perfect NLU. The results show that the performance of HRLG
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TABLE V
ABLATION STUDY ON DIFFERENT CONFIGURATIONS FOR DIALOGUE POLICY LEARNING WITH GUIDANCE UNDER DIFFERENT METRICS. THE BEST RESULTS ARE

SHOWN IN BOLD

TABLE VI
ABLATION STUDY UNDER THREE DIALOGUE TEST SCENARIOS INCLUDING THE EVALUATION RESULTS BASED ON (TOP) 337 DIALOGUES CONTAINING ONLY ONE

DOMAIN, (MIDDLE) 523 DIALOGUES CONTAINING TWO DOMAINS, AND (BOTTOM) 140 DIALOGUE CONTAINING THREE DOMAINS

TABLE VII
ABLATION STUDY ON DIFFERENT CONFIGURATIONS BY SHOWING SUCCESS RATE (SR) AND F1 SCORE FOR EACH DOMAIN. THE BEST CONFIGURATIONS ARE

SHOWN IN BOLD

increases significantly as the dialogue act from user sentences
can be predicted perfectly. It is because, the information in DST
which is transformed as a state for dialogue policy contains true
dialogue act from the current turn. It subsequently affects the
dialogue policy to choose appropriate decision. This evidence
clearly indicates that the solution to improving NLU part is
urgently required to further improve the performance of the
pipeline dialogue system.

In addition, the last column of Table IV shows the number of
parameters of the policy models in various methods. It is found
that the baseline models had smaller number of parameters than
the proposed method, but required more computation time. This
is because that the baseline models needed larger number of
turns than the proposed method to complete each dialogue in test
set. The model size of pipeline method is significantly reduced
relative to that of end-to-end approaches.
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TABLE VIII
EXAMPLES OF SUCCESS AND FAILURE OF A MULTI-DOMAIN DIALOGUE CONTAINING THREE GOALS WHERE TAXI DOMAIN OCCURRED AT THE LAST TURN. THE

GREEN COLORED TEXT IS A CORRECT SYSTEM RESPONSE, INDICATED BY SUCCESSFULLY PROVIDING TAXI PHONE NUMBER. OTHERWISE, THE RED COLORED

TEXT IS AN INCORRECT SYSTEM RESPONSE. THE PROPOSED HRLG IS COMPARED TO THE PPO WITH ACTION PRUNING AND LCE [42] AS IT SHOWS THE SECOND

BEST PERFORMANCE. USER SENTENCE, SYSTEM SENTENCE AND SYSTEM DIALOGUE ACT (DA) ARE SHOWN. THE SLOT ‘REQMORE’ MEANS ’REQUEST MORE’

C. Ablation Study on Efficient Learning and Guidance

Ablation study is conducted by evaluating individual com-
ponents of the proposed method in order to show their impact
on learning efficiency. All of the learned dialogue policies are
trained by using PPO due to its dominant performance com-
pared to the other policy optimization methods. There are six

configurations which are built by investigating three components
in HRLG including the hierarchy in HRL, the action pruning for
confounded state and the additional objective LCE for low-level
policy. The last two components involve in HITL as a guidance
for agent during training. First, the importance of hierarchical
strategy is evaluated without any guidance which is shown by the
first two rows of Table V. It can be seen that this strategy benefits
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the agent in the training which improves the performance in the
majority of metrics. This result indicates the hierarchical method
successfully simplifies the multi-domain dialogue task into sev-
eral dialogue tasks based on the base domain occurrence. An
efficient learning can be achieved. Next, various combinations of
hierarchical strategy with guidance learning are assessed. There
are two points in this analysis and comparison. The first point is
to examine if the guidance is efficiently learned by the hierarchy
in RL. The advantage can be observed in the third and fourth rows
of Table V. The guidance that solely comprised of action pruning
is learned effectively by employing a hierarchical method, as ev-
idenced by the improved metric scores. By only receiving action
pruning as a guidance from human during training, the dialogue
policy with hierarchy shows competitive performance compared
to the previous work [42] which applied non-hierarchical dia-
logue policy. The second point examines the joint advantage
of action pruning and objective LCE. The results are shown
by the last two rows. The efficient learning from guidance was
successfully achieved with the combination of three components
indicated by the dominant improvement among the other config-
urations, especially in the success rate, complete rate and book-
ing rate which are important metrics to indicate model capability
in handling user goal. Even though this setting resulted in lower
precision, recall and F1 score than the setting which only applied
two guidances, the differences are not really significant.

To further demonstrate different learning strategies and di-
alogue properties in HRLG, Table VI reports the test results
containing one, two and three domains as shown in top, middle
and bottom, respectively, in presence of different number of
dialogues. In the first test which involves 337 dialogues with
one domain from the test set, very convincing performance is
exhibited by all of the configurations which successfully achieve
the success rate more than 94%, the complete rate more than
95%, very high number in booking rate and F1 score with
very low turn. Different configurations perform comparably. The
benefit of the guidance provided by human becomes clear in the
test with dialogues containing two domains where there is a
clear gap especially in term of success rate and booking rate,
more than 2% in absolute improvement from the first two to
the last three rows in the configurations. Unfortunately, the PPO
implementation in HRLG could not take the advantage from
action pruning in the third configuration as the obtained score in
all metrics are just the same as the first two configuration. There
are 523 dialogues in this test which take the highest proportion.
Meanwhile, in the last test which involved 140 dialogues from
test set containing 3 domains, which is the most challenging task,
the advantage of implementing hierarchical approach is shown
convincingly, especially in term of the success rate and complete
rate where the absolute improvement reaches more than 9%.
The benefit of guidance learning using action pruning and LCE

is obvious. In this test, one weakness is that the booking rate
tends to be reduced due to the hierarchical strategy, even though
all other scores are very convincing.

Table VII illustrates the assessment of success rate and F1
score for different configurations in each domain of the dialogue
test set. The most impacted domain owing to the suggested
hierarchical setting and guidance learning may be identified

by examining this outcome. All of the dialogue policy con-
figurations in the police and hospital domains earn a perfect
success rate and a nearly perfect F1 score. In addition, the pro-
posed method significantly benefits the performance for those
140 dialogues with three domains where taxi domain occurs
in the last order of domains. Even without human assistance,
introducing the hierarchical strategy improves the success rate
and F1 score of taxi domain by near 10%. The improvement
is increased if the human guidance using action pruning and
objective LCE is merged during dialogue policy optimization as
the results of both success rate and F1 reach nearly perfect score.
This evidence indicates that the proposed learning strategy could
properly identify the state information from DST, conditioned
by the previous dialogue turns, resulting in the appropriate re-
sponse. An empirical example of dialogue is shown by Table VIII
where the proposed system successfully generates response in
taxi domain after addressing the previous turns involving two
different domains. The previous method [42] could not provide
a correct information due to inability to extract the information
from the complicated state built from three different domains.
Meanwhile, all of the configurations including those which
utilize the guidance could not perform well in the hotel domain,
which is the most challenging domain. It has 47 and 21 different
possibilities of system and user dialogue act, respectively. Even
the rule policy could only achieve the success rate around 81%.
In general, the proposed method performs well in most of
domains for multi-domain dialogue management. Source codes
and model parameters are provided and can be accessed on
https://github.com/NYCU-MLLab/.

V. CONCLUSION

A novel strategy to efficiently learn from the guidance from
both of the human and the environment to establish high perfor-
mance dialogue policy with low computational cost has been
proposed in this work. The strategy was initially started by
imitation learning with auxiliary tasks from the dialogue dataset
to provide a good pre-trained weights for the subsequent stage
which applied hierarchical reinforcement learning with human-
in-the-loop (HITL). The end-to-end system evaluation findings
indicated that the suggested learning technique outperformed
most of the previous approaches and performed nearly identi-
cally to the rule-based agent that served as a human in HITL.
When compared to state-of-the-art approaches that employed
end-to-end optimization with large-sized language model GPT-2
as the core model, the proposed method needed much reduced
computation cost with competitive performance. Furthermore,
based on the ablation study, the hierarchical strategy enabled the
dialogue policy agent to learn feedback from human and envi-
ronment effectively, as the problem formulation in multi-domain
dialogue task was simplified due to the hierarchy property.
Future research will be undertaken to add optimization in the
NLU component in order to appropriately provide acceptable
state representation to dialogue policy, allowing the dialogue
pipeline system to pick appropriate action to satisfy user goals.

https://github.com/NYCU-MLLab/
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[41] J. Kulhánek, V. Hudeček, T. Nekvinda, and O. Dušek, “AuGPT: Dia-
logue with pre-trained language models and data augmentation,” 2021,
arXiv:2102.05126.

[42] M. Rohmatillah and J.-T. Chien, “Corrective guidance and learning for
dialogue management,” in Proc. ACM Int. Conf. Inf. Knowl. Manage.,
2021, pp. 1548–1557.

[43] J.-W. Jang, M. Rohmatillah, and J.-T. Chien, “AVAST: Attentive varia-
tional state tracker in a reinforced navigator,” in Proc. Int. Joint Conf.
Natural Lang. Process., 2022, pp. 424–433.

[44] X. Zhou et al., “EAST: An efficient and accurate scene text detector,” in
Proc. IEEE Conf. Comput. Vis. Pattern Recognit., 2017, pp. 2642–2651.

[45] O. Nachum, S. Gu, H. Lee, and S. Levine, “Data-efficient hierarchical
reinforcement learning,” in Proc. Int. Conf. Neural Inf. Process. Syst.,
2018, pp. 3307–3317.

[46] R. J. Williams, “Simple statistical gradient-following algorithms for
connectionist reinforcement learning,” Mach. Learn., vol. 8, no. 3-4,
pp. 229–256, 1992.

[47] J. Schulman, P. Moritz, S. Levine, M. Jordan, and P. Abbeel, “High-
dimensional continuous control using generalized advantage estimation,”
in Proc. Int. Conf. Learn. Representations, 2016.

[48] J.-T. Chien and Y.-C. Chiu, “Bayesian multi-temporal-difference learn-
ing,” APSIPA Trans. Signal Inf. Process., vol. 11, no. 1, pp. 1–31,
2022.

[49] P. Budzianowski et al., “MultiWOZ - A large-scale multi-domain Wizard-
of-Oz dataset for task-oriented dialogue modelling,” in Proc. Conf. Em-
pirical Methods Natural Lang. Process., 2018, pp. 5016–5026.

[50] R. Takanobu, R. Liang, and M. Huang, “Multi-agent task-oriented dialog
policy learning with role-aware reward decomposition,” in Proc. Annu.
Meeting Assoc. Comput. Linguistics, 2020, pp. 625–638.



ROHMATILLAH AND CHIEN: HIERARCHICAL REINFORCEMENT LEARNING WITH GUIDANCE FOR MULTI-DOMAIN DIALOGUE POLICY 761

[51] T. Tieleman and G. Hinton, “Divide the gradient by a running average of
its recent magnitude,” COURSERA: Neural Netw. Mach. Learn., vol. 4,
no. 2, pp. 26–31, 2012.

[52] J. Devlin, M.-W. Chang, K. Lee, and K. Toutanova, “BERT: Pre-training
of deep bidirectional transformers for language understanding,” in Proc.
North Amer. Chapter Assoc. Comput. Linguistics: Hum. Lang. Technol.,
2019, pp. 4171–4186.

[53] J.-T. Chien and S.-H. Yang, “Model-based soft actor-critic,” in Proc.
Asia-Pacific Signal Inf. Process. Assoc. Annu. Summit Conf., 2021,
pp. 2028–2035.

[54] V. Sanh, L. Debut, J. Chaumond, and T. Wolf, “DistilBERT, a dis-
tilled version of BERT: Smaller, faster, cheaper and lighter,” 2019,
arXiv:1910.01108.

[55] Z. Wang et al., “Critic regularized regression,” in Proc. Adv. Neural Inf.
Process. Syst., 2020, pp. 7768–7778.

[56] L. Chen et al., “Decision transformer: Reinforcement learning via se-
quence modeling,” in Proc. Adv. Neural Inf. Process. Syst., 2021,
pp. 15084–15097.

[57] A. Rastogi, X. Zang, S. Sunkara, R. Gupta, and P. Khaitan, “Towards
scalable multi-domain conversational agents: The schema-guided dia-
logue dataset,” in Proc. AAAI Conf. Artif. Intell., 2020, vol. 34, no. 5,
pp. 8689–8696.

[58] T.-H. Wen et al., “Conditional generation and snapshot learning in neu-
ral dialogue systems,” in Proc. Conf. Empirical Methods Natural Lang.
Process., 2016, pp. 2153–2162.

[59] B. Byrne et al., “Taskmaster-1: Toward a realistic and diverse dialog
dataset,” in Proc. Conf. Empirical Methods Natural Lang. Process., 2019,
pp. 4516–4525.

[60] L. Van der Maaten and G. Hinton, “Visualizing data using t-SNE,” J. Mach.
Learn. Res., vol. 9, no. 11, pp. 2579–2605, 2008.

Mahdin Rohmatillah (Graduate Student Member,
IEEE) received the B.Eng. degree majoring in electri-
cal engineering from Brawijaya University, Malang,
Indonesia, in 2016, and the M.S. degree majoring
in electrical engineering from the National Sun Yat-
sen Univesity, Kaohsiung, Taiwan, in 2018. He is
currently working toward the Ph.D. degree with the
National Yang Ming Chiao Tung University, Hsinchu,
Taiwan. His research interests include machine
learning, deep reinforcement learning, and dialogue
system.

Jen-Tzung Chien (Senior Member, IEEE) is cur-
rently the Lifetime Chair Professor of electrical and
computer engineering, and computer science with the
National Yang Ming Chiao Tung University, Hsinchu,
Taiwan. He was the tutorial speaker of AAAI, IJCAI,
ACL, KDD, MM, ICASSP, ICME, CIKM, IJCNN,
COLING and INTERSPEECH. He has authored or
coauthored extensively three books and more than
250 peer-reviewed articles His research interests in-
clude machine learning, deep learning, Bayesian
learning with applications on natural language pro-

cessing, and computer vision.



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


