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Abstract
Traditionally, task-oriented dialogue system is built by an au-
tonomous agent which can be trained by reinforcement learning
where the reward from environment is maximized. The agent is
learned by updating the policy when the goal state is observed.
However, in real world, the extrinsic reward is usually sparse or
missing. The training efficiency is bounded. The system perfor-
mance is degraded. It is challenging to tackle the issue of sam-
ple efficiency in sparse reward scenario for spoken dialogues.
Accordingly, a dialogue agent needs additional information to
update its policy even in the period when reward is absent in the
environment. This paper presents a new dialogue agent which
is learned by incorporating the intrinsic reward based on the
information-theoretic approach via stochastic curiosity explo-
ration. This agent encourages the exploration for future diver-
sity based on a latent dynamic architecture which consists of en-
coder network, curiosity network, information network and pol-
icy network. The latent states and actions are drawn to predict
stochastic transition for future. The curiosity learning are im-
plemented with intrinsic reward in a metric of mutual informa-
tion and prediction error in the predicted states and actions. Ex-
periments on dialogue management using PyDial demonstrate
the benefit by using the stochastic curiosity exploration.
Index Terms: dialogue management, deep reinforcement learn-
ing, information-theoretic learning, variational autoencoder

1. Introduction
Reinforcement learning (RL) system aims to learn an agent to
take actions and interact with environment via sequential deci-
sion making. During the learning procedure, the agent obtains
the observations from environment, decides an action accord-
ing to the policy and then receives the feedback known as the
reward. The success of deep RL using deep neural networks has
brought many useful applications in real environments includ-
ing dialogue management, game playing, autonomous driving
and robot control. Deep RL is applicable to implement a deep
policy network to carry out different dialogues for specific tasks
where the model-based solution is popular. Model-based RL
aims to learn the state transition of the environment based on
Markov decision process (MDP) by using the trajectories which
are stored while interacting with environment. This paper ad-
dresses how MDP is implemented to carry out the model-based
agent where the cumulative reward is maximized through un-
derstanding the state transition of environments. In practical
circumstances, it is challenging to understand the environment
and predict the future when facing the unseen scenarios. We
would like to learn a dialogue agent with self learning through
exploration of useful states based on a latent dynamic system.

This study proposes a new latent dynamic representation
to implement the model-based RL for dialogue system where
the stochastic curiosity exploration is developed and performed.
Variational autoencoder (VAE) [1, 2, 3, 4, 5] is introduced to
represent the latent dynamics of states and actions. As we know,

VAE is powerful as a generative model which comprises an in-
ference model as encoder and a generative model as decoder.
The encoder compresses the states or actions into latent repre-
sentations while the decoder generates the synthesized samples
from latent states or actions. The variational future is therefore
planned according to this variational RL where the prediction is
made by using latent states and actions. If the future latent state
differs from the actual latent state, it means that the agent still
has some regions which have not been explored. Accordingly,
the agent measures the stochastic curiosity in a form of mutual
information between the predicted latent state and latent action.
The predicted state with sufficient mutual information requires
further exploration. The intrinsic reward based on this mutual
information is maximized to fulfill the stochastic curiosity ex-
ploration for dialogue management. In the experiments, we il-
lustrate the performance of stochastic curiosity exploration in
deep RL based on deep Q network [6, 7]. An open-source end-
to-end statistical spoken dialogue system toolkit using PyDial
[8, 9] is evaluated. The dialogue management module is exam-
ined with a number of environments under different conditions.
The learning objective is assessed to show the merit of stochas-
tic curiosity learning for the success of spoken dialogues.

2. Reinforcement Learning for Dialogues
Statistical spoken dialogue system (SDS) is seen as an au-
tonomous process where deep reinforcement learning is appli-
cable to explore task-oriented goal. Basically, SDS consists of
different modules in presence of various uncertainties. A user
interacts with dialogue system using speech input and speech
output via automatic speech recognition (ASR) and text-to-
speech (TTS) synthesis, respectively. The module of spoken
language understanding (SLU) is used to understand the seman-
tics of sentence hypotheses from ASR. SLU provides a type of
meaning for input utterance based on a slot-value pair as the
state. A dialogue management (DM) module is developed to
use the state observations to implement reinforcement learning
for sequential decision making and sequential belief tracking.
DM is seen as the policy of an agent for choosing actions in di-
alogue system. Natural language generation (NLG) is a module
to generate the sentence based on the actions chosen by DM.
TTS then provides the response speech to interact with user by
using the text from NLG. Deep RL is implemented to train a
desirable policy in DM module to fulfill the task-oriented goal.

2.1. Reinforcement Learning

Deep RL using deep Q network (DQN) [6, 7, 10] is introduced.
DQN builds a value-based agent where a deep neural network
(DNN) is incorporated to calculate the state-action value func-
tionsQθ(st, at) in network outputs at each time t for individual
actions at where state st is used as input. This calculation is to
estimate the expected return Q(st, at) = E[Rt|st, at] where
Rt =

∑∞
k=0 γ

krt+k as the state-action value function. Here,
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rt is the extrinsic reward from environment and γ ∈ (0, 1] is a
discount factor. DNN parameters θ in value networkQθ(st, at)
is updated by minimizing a square error loss function J(θ) =
(rt + γmaxaQθ(st+1, a)−Qθ(st, at))2. DQN aims to pre-
dict the Q value Qθ(st, at) which gets close to the temporal-
difference (TD) [11, 12] target rt + γmaxaQ(st+1, a). TD
error is minimized. In addition to this value network, DQN im-
plements Q learning by using replay buffer as well as target net-
work. Replay buffer memories the transitions {st, at, rt, st+1}
which are sampled in minibatches to calculate the gradient of
J(θ) with respect to θ where the slow convergence in Q learn-
ing due to too close consecutive states is improved. Besides,
there is no correct target in Q learning. An additional target
network is merged to calculate rt +γmaxa Q̂θ̂(st+1, a) as TD
target. It is not suitable to use the same network to calculate
target value Q̂θ̂(st+1, at) and Q value Qθ(st, at). Parameter
of target network θ̂ is replaced by that of value network θ pe-
riodically every a number of time steps. The exploration for
environment dynamics in DQN is based on ε-greedy algorithm.

2.2. Environment Exploration

RL aims to balance the trade-off between exploration and ex-
ploitation in real environment [13]. To improve the learn-
ing efficiency, the strategy based on variational information
exploration (VIE) [14] was proposed. VIE used the entropy
search, a popular Bayesian optimization method, to encourage
agent to explore efficiently. The maximization of information
gain was implemented to realize the agent’s belief in environ-
ment dynamics. Correspondingly, the sum of entropy reduc-
tion due to new state st+1 along a trajectory

∑
t(H(θ|ξt, at)−

H(θ|st+1, ξt, at)) given with an experience of history is cal-
culated. H(·) is the entropy function. The intrinsic reward at
each time t is expressed as rit = KL(p(θ|st+1, ξt, at)‖p(θ|ξt))
where KL(·‖·) denotes the Kullback-Leibler (KL) divergence, θ
denotes the parameter of transition model p(st+1|st, at, θ) and
ξt = {s1, a1, . . . , st} denotes the history of an agent who expe-
riences until time step t. In practice, the KL divergence in rit is
implemented by KL(q(θ|φt+1)‖q(θ|φt)) using variational dis-
tribution q(θ|φt) with parameter φt updated by variational in-
ference at each time t. Agent is trained by maximizing extrinsic
reward ret as well as intrinsic reward rit, i.e. rt = ret + rit. VIE
follows the Bayesian perspective by maximizing the uncertainty
reduction for an agent who explores the environment dynam-
ics through state transitions. In [14], the Bayes-by-backprop
network (BBN) [15] was used to learn the state transition of
an environment. Weights of BBN were sampled from Gaus-
sian distribution which implemented a robust network against
the mode collapse. BBN calculated the entropy reduction or
KL divergence between the posteriors of weight distributions at
consecutive time steps, and used this intrinsic reward to encour-
age agent to explore. An efficient exploration for environment
was performed by maximizing the expected sum of reduction
of uncertainty in environment dynamics. Maximum entropy re-
duction was assured. In [16], the curiosity exploration (CE)
was carried out as a model-based module which was called the
intrinsic curiosity module (ICM). ICM extracted the transition
information from input tuple {st, at, st+1} and used it as the
intrinsic reward rit for agent learning. CE trained a forward dy-
namics model f(·) with parameter θf that predicted the feature
representation of next state φ̂(st+1) = f(φ(st), at, θf ) where
φ(·) was a feature extractor. The difference between the fea-
tures of predicted state φ̂(st+1) and actual state φ(st+1) was

measured as the prediction error or a negative intrinsic reward
which was minimized to encourage the curiosity and pursue
the exploration for the best state prediction. The value of in-
trinsic reward in CE with a scaling factor η > 0 was com-
puted as rit = η

2
‖φ̂(st+1) − φ(st+1)‖22. A self-supervised

prediction was performed. In addition, an inverse neural net-
work model with parameter θg was merged to predict an ac-
tion ât = g(st, st+1, θg) where the discrepancy between the
predicted ât and actual actions at was minimized. Using CE,
the tuples {st, at, st+1} were collected to jointly train the pol-
icy network π(·), the feature encoder φ(·), the forward model
f(·) and the inverse model g(·). Environment dynamics were
explored but the intrinsic reward was insufficient to meet the
situation of sparse reward in dialogue system.

3. Stochastic Curiosity Exploration
VIE promotes the exploration by maximizing the information
gain using Bayesian neural network while CE pursues the self-
supervised exploration by maximizing the curiosity or mini-
mizing the prediction error of the compressed states. This pa-
per proposes a new dialogue manager where the information-
driven curiosity is maximized and regularized for deep rein-
forcement learning using the stochastic curiosity exploration
(SCE) [17, 18, 19]. In addition to policy network πθ(at|st, rt),
the encoder network, curiosity network and information net-
work are constructed.

3.1. Latent Curiosity Representation

The dialogue agent is trained by using the trajectories of state
st, action at and reward rt at different time steps t. It is
crucial to build a dynamic system for environment dynamics
which characterizes the relations among current state st, ac-
tion at and next state st+1. Basically, states and actions are
high-dimensional. To facilitate stochastic modeling, the la-
tent dynamic representation is presented to characterize the un-
known environment dynamics where the uncertainties of state
st and action at are represented for information-theoretic ex-
ploration. This latent dynamic system also promotes the learn-
ing efficiency where the redundancy in information extraction
can be reduced during exploration in high-dimensional state
space. This paper refers the variational autoencoder (VAE)
[1] and builds a new latent dynamic system where the com-
pressed representations of high-dimensional states and actions
are extracted by the learned encoders. In the implementation,
low-dimensional random state zst and action zat are calculated
by using individual encoder networks where high-dimensional
state st and action at are used as inputs, respectively. The
same encoder is adopted for current state st and next state
st+1. Stochastic modeling is embedded in a latent dynamic
representation based on zst , zat and zst+1 , which are learned
by maximizing the evidence lower bounds (ELBO) [1, 20] for
state encoder L(s; θs, φs) = Lθs − Lφs and action encoder
L(a; θa, φa) = Lθa − Lφa . There are two terms in ELBOs.
On is the log likelihoods Lθs = Eqφs (zs|s)[log pθs(s|zs)] and
Lθa = Eqφa (za|a)[log pθa(a|za)] with the latent variables zs
and za sampled by the variational distributions qφs(zs|s) and
qφa(za|a), respectively. The other is the KL terms Lφs =
KL(qφs(zs|s)‖p(zs)) and Lφa = KL(qφa(za|a)‖p(za)) for
regularizing variational distributions to get close to their priors
p(zs) and p(za), respectively, which are standard Gaussians.

This latent dynamic representation has twofold considera-
tions. One is to reflect the stochastic features from heteroge-
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neous states and actions in dialogue system. The other is to
facilitate the stochastic curiosity exploration which tackles the
sparse reward as well as the model uncertainty. The agent learns
under latent dynamic space based on the intrinsic reward calcu-
lated from current random variables zst and zat according to
the curiosity network with output probability p(ẑst+1 |zat , zst).
This network provides high-level abstraction to predict future
state ẑst+1 . The agent of SCE learns to explore those un-
seen regions in environment by optimizing the stochastic cu-
riosity. This curiosity-driven learning is performed by max-
imizing the difference between the predictive information of
next state ẑst+1 and the information of next state zst+1 mea-
sured in real environment. The stochastic curiosity is calcu-
lated by KL divergence between the distribution of predicted
state p(ẑst+1 |zst , zat) via curiosity network and the variational
distribution of actual state q(zst+1 |st) via state encoder. The
objective is to explore the future by maximizing

Lθcur = KL(p(ẑst+1 |zst , zat)‖q(zst+1 |st+1)) (1)

which is implemented through sampling the latent variables of
predicted state ẑst+1 from predictive distribution as well as ac-
tual state zst+1 from variational distribution. The intrinsic re-
ward is therefore measured by rit = ||ẑst+1 −zst+1 ||22. In addi-
tion, this study boosts the information-theoretic learning in SCE
by merging a regularization in curiosity-based intrinsic reward.

3.2. Information-Theoretic Regularization

This study learns an agent by interacting with environment by
enhancing the mutual information [21, 22, 23, 24] between la-
tent variables of the predicted state ẑst+1 and the selected action
zat from policy network. An information network is incorpo-
rated to calculate

I(ẑst+1 , zat) = Ep(ẑst+1
,zat )

[
log

p(ẑst+1 , zat)

p(ẑst+1)p(zat)

]
(2)

which is maximized to promote the dependencies between the
outputs of curiosity network ẑst+1 and action encoder zat . The
selected action sufficiently supports the exploration based on
stochastic curiosity. Intrinsic reward is then formed by

r̃it = ||ẑst+1 − zst+1 ||
2
2 + I(ẑst+1 , zat). (3)

The information-theoretic regularization is imposed for
curiosity-driven exploration. However, it is challenging to con-
struct a neural estimation for mutual information. An analytical
neural network solution to deep RL based on SCE is required.

Here, we refer [25] to derive the variational lower bound
of mutual information, parameterized by neural network, as a
tractable and scalable objective in the implementation. This
problem is to select a family of functions Mθ : A × B → R
which are parametrized by a neural network model with param-
eters θ ∈ Θ. The lower bound of mutual information is derived
as a neural information in a form of [26]

IΘ(A,B) = sup
θ∈Θ

EPAB [Mθ]− log(EPA⊗PB [eMθ ]) (4)

where PAB and PA ⊗ PB denote the joint and product of
marginals in probability space, respectively. In the implementa-
tion, the parameter of information network θinf is merged in the
lower bound of mutual information between latent state ẑst+1

and latent action zat . The neural network parameter θinf is used
to calculate the function Mθinf for the objective of mutual infor-
mation (MI)Lθinf . The boundLθinf is calculated by the joint dis-
tribution p(ẑst+1 , zat) and the marginal distributions p(ẑst+1)

and p(zat) by using N minibatch samples. Joint distribution is
computed from the transitions in replay buffer. Marginals are
calculated by shuffling the individual samples of ẑst+1 ∈ ZS or
zat ∈ ZA in the transitions. The bound of MI is derived by

I(zs, za) =
∑

zs∈ZS ,za∈ZA

p(zs, za) log
p(zs, za)

p(zs)p(za)

≥ sup
θinf∈Θ

Ep(zs,za)
[Mθinf ]− log(Ep(zs)p(za)[e

Mθinf ])

= 1
N

∑N
n=1Mθinf (z

(n)
s , z

(n)
a )− log( 1

N

∑N
n=1e

Mθinf
(z

(n)
s ,z

(n)
a ))

, Lθinf .
(5)

The variational RL [27] based on SCE is then implemented by
training the state encoder {θs, φs}, action encoder {θa, φa},
curiosity network θcur, information network θinf and policy net-
work πθ(at|st) by jointly maximizing the hybrid objective

L = L(s; θs, φs) + L(a; θa, φa) + λcLθcur + λiLθinf . (6)

where two tuning parameters λc and λc are used.

4. Experiments
Stochastic curiosity exploration was implemented in deep RL
for spoken dialogue management using PyDial toolkit [8, 9, 28].

4.1. Spoken dialogue System

PyDial is an open-source end-to-end evaluation system for task-
oriented dialogue where a number of benchmark environments
with different dialogue modules were simulated [29]. The dia-
logue management module based on deep RL using DQN and
other algorithms could be investigated. Different exploration
methods were evaluated by 18 dialogue tasks which were built
by 6 environments (with different semantic error rate (SER)
(0%,15% or 30%) [30, 31], action masking (on or off) and
user model (standard or unfriendly)) and 3 domains (Cambridge
(CR) and San Francisco (SFR) restaurants, and laptops (LAP)).
SER reflected the semantic level where the true user act was
corrupted by noise. Action masking was considered to test the
learning capability of algorithms. Unfriendly user implied that
users provided limited information. This work used the default
setting of hyperparameters in DQN. DQN adopted the ε-greedy
exploration with a linear schedule starting from ε = 0.3 and
then annealed to 0. Regularization parameters λc = 0.2 and
λi = 1.0 were specified. The encoder, curiosity, informa-
tion and policy networks were modeled by two to three fully-
connected layers with the setting of activation functions pro-
vided by Pydial. Adam optimizer [32] with initial learning rate
0.001 was used. The replay buffer was set to be 6000. The
maximum number of turns in dialogue was 25. The discount
factor was 0.99. Every model was trained over ten different
random seeds. The models were estimated with 10000 train-
ing dialogues and evaluated over 500 test dialogues. Dialogue
performance was assessed by using the metrics of success rate
and reward for policy model using different explorations. Suc-
cess rate was defined as the percentage of dialogues which were
completed successfully. Reward was defined as 20·D−T where
D was the success indicator (0 or 1) and T was the number of
dialogue turns.

4.2. Performance Evaluation

The DQNs with ε-greedy exploration (denoted by baseline) and
other explorations based on VIE [14], CE [16] and the proposed
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Table 1: Comparison of success rates and rewards by using different explorations in DQN under 18 benchmarking tasks.

Baseline VIE CE εSCE SCE SCE-MI
Task Suc. Rew. Suc. Rew. Suc. Rew. Suc. Rew. Suc. Rew. Suc. Rew.

Env. 1
CR
SFR
LAP

92.5%
74.1%
73.0%

12.2
7.6
7.5

91.6%
81.5%
74.0%

12.2
9.0
7.5

94.4%
83.0%
78.3%

12.6
9.3
8.2

94.5%
83.7%
77.6%

12.6
9.1
8.1

94.8%
84.7%
76.8%

12.7
9.6
8.0

95.6%
84.6%
78.5%

13.0
9.7
8.3

Env. 2
CR
SFR
LAP

90.7%
90.1%
84.9%

11.7
10.7
9.1

94.8%
83.0%
79.7%

12.6
8.9
8.2

95.1%
87.4%
79.4%

12.2
10.0
7.7

94.9%
87.0%
83.4%

12.5
10.2
9.0

95.7%
87.5%
87.2%

12.8
10.5
9.4

95.1%
92.5%
89.4%

12.4
11.3
10.5

Env. 3
CR
SFR
LAP

93.6%
73.3%
69.0%

12.0
6.1
5.6

94.2%
71.7%
66.1%

12.0
5.9
5.0

94.5%
75.9%
69.0%

12.0
6.8
5.7

94.7%
76.3%
71.1%

12.3
6.8
5.8

95.2%
77.3%
73.0%

12.3
7.0
6.1

96.1%
82.7%
73.8%

12.4
8.0
6.4

Env. 4
CR
SFR
LAP

86.4%
80.5%
78.6%

9.7
8.5
7.5

91.1%
78.9%
75.9%

10.9
8.0
7.0

92.9%
79.0%
83.2%

11.3
7.8
8.0

89.5%
85.0%
82.5%

10.3
8.3
8.0

90.2%
84.7%
83.3%

10.8
8.8
8.5

93.6%
87.1%
80.2%

11.4
9.5
7.8

Env. 5
CR
SFR
LAP

90.2%
71.6%
51.8%

10.0
4.3
0.8

91.2%
74.7%
57.7%

10.3
4.8
1.6

93.5%
73.3%
53.3%

10.6
4.7
1.0

93.9%
78.3%
57.9%

10.5
5.3
1.4

93.5%
80.4%
59.4%

10.7
6.2
1.9

94.8%
82.2%
61.1%

11.2
6.5
2.2

Env. 6
CR
SFR
LAP

89.9%
64.0%
56.2%

10.2
3.3
2.1

89.3%
63.9%
59.8%

10.1
3.2
2.6

89.9%
63.5%
54.3%

10.2
3.1
2.1

89.6%
65.5%
58.0%

10.1
3.9
2.4

90.2%
66.6%
58.3%

10.3
3.7
2.7

89.7%
70.4%
61.9%

10.2
4.6
3.3

Figure 1: Predicted state and actual state after training with
6000 dialogues in Env. 5 of SFR domain. Color bar indicates
the values of intrinsic rewards. Left: CE. Right: SCE.

SCE were implemented for comparison. Figure 1 demonstrates
the latent variables of predicted states ẑst+1 and actual states
zst+1 by using CE and SCE. t-SNE [33] was applied to show
two-dimensional samples. The values of intrinsic rewards in the
prediction are shown by color. We can see that CE (left) does
encourage the agent to explore the unknown environment, but
not all the predicted regions have high intrinsic reward. The pro-
posed SCE (right) also encourages the agent to explore the un-
known regions where the state distribution sufficiently reflects
the environment. The intrinsic rewards in the predicted states
are high. SCE does maximize the exploration.

Table 1 summarizes the success rates and rewards with
10000 training dialogues. SCE and SCE-MI denotes the pro-
posed SCE without and with mutual information included in
intrinsic reward for exploration, respectively. The SCE com-
bined with ε-greedy exploration (denoted by εSCE) is imple-
mented for comparison. Basically, the average performances of
all methods are not improved significantly in CR domain which
is an easy domain in PyDial where the sophisticated exploration
does not significantly help. In the SFR and LAP domains, the
variants of SCE perform better than the other methods. This
is because that the exploration is likely improved in the com-
plicated environments with sparse reward. Particularly, SFR
domain is known as a task with high-dimensional state space

where different SCEs work well. SCEs could build the latent
dynamic space for deep RL which accommodates the informa-
tive features about high dimensional states. It is interesting that
SCE combined with ε-greedy exploration (εSCE) does not help
clearly. The contribution from stand-alone stochastic curios-
ity exploration is assured. Importantly, SCE with mutual in-
formation likely obtains higher success rates and rewards than
the method without mutual information. This implies that mu-
tual information can regularize the agent and boost the learning
towards exploring the informative states. We can see that SCE-
MI has considerable improvement in environment 5 where an
unfriendly user setting was considered. SCE-MI provides large
curiosity for maximizing the exploration for unseen states in
future. The proposed SCE can handle the heterogeneous envi-
ronment with unfriendly user problem.

5. Conclusions
This paper presented the stochastic curiosity exploration as a
general solution to model-based reinforcement learning. The
exploration method was applied for dialogue management in
an end-to-end task-oriented dialogue system. The proposed so-
lution coped with the sparse reward task and maximized the
exploration via information-theoretic learning. The variational
inference was incorporated to learn the latent dynamics for
heterogeneous environment in spoken dialogues. The high-
dimensional state space was compactly represented. The cu-
riosity network was trained to predict the latent future with di-
versity. The information network was learned to measure the
mutual information as a regularized exploration for future. By
using this embedding information as intrinsic reward, the agent
learned by itself and explored for useful future. Experiments on
variational reinforcement learning for dialogue system demon-
strated the effectiveness of the proposed method in different
environments. The reward was increased when the variational
inference was executed for curiosity maximizing exploration.
This study develops a new exploration scheme which can be
extended to other reinforcement learning algorithms and tasks
[34] for different information systems and applications.
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sic et al., “Pydial: A multi-domain statistical dialogue system
toolkit,” in Proceedings of ACL 2017, System Demonstrations,
2017, pp. 73–78.

[9] I. Casanueva, P. Budzianowski, P.-H. Su, N. Mrkšić, T.-H. Wen,
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