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Abstract. User satisfaction is often considered as the objective that
should be achieved by spoken dialogue systems. This is why, the reward
function of Spoken Dialogue Systems (SDS) trained by Reinforcement
Learning (RL) is often designed to reflect user satisfaction. To do so, the
state space representation should be based on features capturing user sat-
isfaction characteristics such as the mean speech recognition confidence
score for instance. On the other hand, for deployment in industrial sys-
tems, there is a need for state representations that are understandable by
system engineers. In this paper, we propose to represent the state space
using a Genetic Sparse Distributed Memory. This is a state aggregation
method computing state prototypes which are selected so as to lead to
the best linear representation of the value function in RL. To do so, pre-
vious work on Genetic Sparse Distributed Memory for classification is
adapted to the Reinforcement Learning task and a new way of building
the prototypes is proposed. The approach is tested on a corpus of dia-
logues collected with an appointment scheduling system. The results are
compared to a grid-based linear parametrisation. It is shown that learn-
ing is accelerated and made more memory efficient. It is also shown that
the framework is scalable in that it is possible to include many dialogue
features in the representation, interpret the resulting policy and identify
the most important dialogue features.

Keywords: Spoken dialogue systems · Reinforcement learning · State space
representation · Genetic algorithms · Sparse distributed memory

1 Introduction

Reinforcement Learning (RL) [1] is now a state of the art method to learn opti-
mal policies for dialogue systems [2–6]). To do so, a reward function, describing
how good a decision made by the system is, has to be designed. It encodes the
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goal of the system. On the other hand, a commonly used metric to assess di-
alogue management quality is user satisfaction [7, 8]. Since in RL, the reward
function defines the task of the system, it is natural to have the rewards reflect
user satisfaction. There has been extensive research on automatically estimating
user satisfaction for a given dialogue [9–11]. These studies have shown that many
dialogue features (duration, mean speech recognition scores, number of help re-
quests,...) could play an important role in user satisfaction [12, 13]. Because RL
relies on a representation of the dialogue state, if the rewards depend on dialogue
features then the state space representation should also include these features[14,
15]. Some of these features are continuous and in this case it is not possible to
learn by estimating the Q-function for each possible value, a parametrisation is
needed.

In addition, if one wants to have his learning algorithm deployed in big in-
dustrial systems, there is a need for having dialogue state representations that
are interpretable by a human designer. Therefore, if the representation is learnt,
it should not transform the original features (no projection, mixing etc.). This
might lead to intractable dimensions in the representation.

In the RL community, the parametric approximation (and especially linear
ones) of the Q-function according to a set of basis functions is the most used
framework because theoretical convergence properties can be proved [16]. Gen-
erally, the basis functions are assumed to be known in advance. Yet there is a
parallel trend that learns basis functions from data. This trend is state aggre-
gation which learns state prototypes by aggregating states into homogeneous
clusters. Once the prototypes are learned, the Q-function is estimated as a lin-
ear function of their features. Linear representation are interpretable and come
with theoretical guarantees [17–19]. However, linear representations are subject
to the problem known as the curse of dimensionality : learning might become
inconveniently slow as the number of dimensions of the state space increases
[1]. This problem has already been addressed in dialogue [20, 21] but proposed
approaches lead to features that can not be interpreted. Here, we proposed to
perform state aggregation based on a Sparse Distributed Memory (SDM, [22])
so as to learn a compact and intepretable state representation.

Contrary to [23–27] where states are aggregated according to their similarity
or to [28–31] where states are aggregated according to the similarity of the op-
timal policy in those states, the proposed approach aggregates states according
to the similarity of the Q-function in those states. To do so, a new parametrisa-
tion using an SDM is proposed. An SDM manipulates binary data vectors called
prototypes and assesses the similarity between two prototypes with the Ham-
ming distance. The contributions of this paper are an adaptation of the work
on combining SDM and genetic programming for classification [32] to the RL
problem and a novel method to incrementally build the set of prototypes in the
SDM, according to the states observed by the learning agent. This representa-
tion is called Genetic Sparse Distributed Memory for Reinforcement Learning
(GSDMRL). Advantages of GSDMRL over previous representations is that it
can combine continuous, discrete and symbolic features, that it can be used in
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both an online and a batch learning setting and that it performs feature selection
according to the value function returned by the chosen RL algorithm. GSDMRL
is applied to the DINASTI (Dialogues with a Negotiating Appointment Setting
Interface) corpus [33]. It is shown that learning is more efficient with GSDMRL
and scales well with the number of dialogue features. Then, an analysis of the
policy learnt with GSDMRL highlights some important features to take into
account for decision making.

2 Background

2.1 The Reinforcement Learning Framework

Dialogue management is modelled as a Markov Decision Process (MDP) which
is a five-tuple (S,A, T,R, γ). Elements of this tuple are respectively the state
space, the action space, state transition probabilities, the reward function and
a discount factor γ ∈ [0, 1[. The discounted cumulative reward at time t is the
return: rt =

∑
k≥0 γ

kRt+k A deterministic policy π maps each state to one
action. The Q-function for π is Qπ(s, a) = E[rt | st = s, at = a, π] The dia-
logue manager seeks an optimal policy π∗, which maximises the expected return
starting from any state-action pair. The associated Q-function is: Qπ

∗
(s, a) ∈

argmaxπ Q
π(s, a)

2.2 The Sparse Distributed Memory Model

An SDM [22, 34] is defined on a n-dimensional binary space. It is initialised with
a set of addresses. At each address, a vector of counters is stored. Each counter
corresponds to a bit in the stored data and all counters are first set to 0. The
writing process is illustrated in steps 1 and 2 in Figure 1. Let r be the address
register corresponding to the data vector d to be written. The Hamming distance
between r and the addresses in the memory is computed. The set of addresses
for which the distance is below a given threshold ∆ form the selection set (step
1).

The data vector d is then written in the vectors of counters linked to the
addresses in the selection set (step 2): each counter of each vector is incremented
if the corresponding bit in d is 1 and it is decremented otherwise. Reading
from the memory with r as input is illustrated in step 3: the selection set is
computed as before and the vectors of counters linked to these addresses are
summed bitwise. If a counter of the resulting sum is positive, the returned bit is
1, otherwise it is 0.

The SDM was designed to store large binary vectors. It takes advantage of
the fact that in large vector spaces, vectors tend to be orthogonal. When a data
vector d is written with an address r, all the addresses in r’s selection set receive
a copy of d. Then, if an address r′ close to r is presented to the memory for
reading, virtually the same selection set will be computed and copies of d will
be numerous in this set. Therefore, d will be output with high probability.
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Fig. 1: A schematic display of the reading process in a sparse distributed memory.

Initialisation of the addresses is an issue. If the patterns stored in the memory
are large binary vectors, a random initialisation implies to sample a great number
of addresses. There exists a method to infer a set of addresses from data [35–
38]. Yet they are not relevant for RL applications where only a small region of
the state space is visited by most of the acceptable policies. A novel method
for initialisation, based on the observations of the learning agent, is proposed in
Section 3.

In the RL context, the addresses in the memory represent state prototypes
and the stored data are no longer counters representing binary vectors but con-
tinuous values representing the Q-function. The memory is randomly initialised
[39, 29]. Then, prototypes are re-engineered, for instance, according to visit fre-
quencies. However, this can be problematic as some states might not be visited
often but still be crucial like catastrophic states or even goal states [40].

2.3 Genetic Sparse Distributed Memory for Classification

Rogers and then Das and Whitley [41, 32, 42] used the SDM model for binary
classification, combining SDM with genetic search. In this context, each address
in the memory is linked to a unique counter where the class (0 or 1) is written
as explained in Figure 1. Once enough data has been written in the memory, the
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value of the counter of an address indicates the probability that the class is 1
knowing that the address was selected. It is also possible to know if an address is
relevant for class prediction or not. Each address in the memory has an activation
set which is the set of addresses which would be selected if the address was fed
to the memory (the activation set of an address in the memory is equivalent to
the selection set of an address register presented to the memory). An address
is relevant for classification if the probability that the class is 1 knowing the
activation set is significantly different than the probability that the class is 1
given all the addresses in the memory. Based on this, Rogers defined a measure
of the fitness of a given address. This fitness was then used to rank the addresses
in the memory. The address with the lowest ranking was suppressed and replaced
by the crossover of the two fittest addresses. The fitness scores were also used
to weight the counters: when a new address was presented to the memory for
reading, the counters of the addresses in the selection set were weighted according
to their fitness so that more importance was given to the fittest addresses.

3 Genetic Sparse Distributed Memory for Reinforcement
Learning (GSDMRL)

Let’s start with some notations. A prototype pj is composed of n bits pj =
(pj1, ..., p

j
n). The Hamming distance between two prototypes p1 and p2 is d(p1, p2) =∑n

k=1(1 − δp1k,p2k) where δ is the Kronecker symbol. A prototype p2 belongs to

the activation set (resp. selection set) of a prototype p1 (resp. a state s) if
d(p1, p2) ≤ ∆ (resp. if d(p1, s) ≤ ∆). The notation |S| will be used for the
cardinal of a set S.

3.1 Building the Set of Prototypes

GSDMRL builds an SDM M with three layers: each prototype pj is linked to
a vector of counters c(pj) = cj and an estimation of the Q-function for each
action. The set of prototypes is built incrementally. GSDMRL starts with an
empty memory. Each time a new state st is observed during learning, if the
selection set Xt for this state is empty, the state is added to Xt and to the
address set of M and linked to a vector of counters and Q-values initialised to 0:

∀i ∈ 1, ..., |A| M(st)i = {∀k ∈ 1, ..., n c(st)k = 0, Qπ(st, a
i) = 0}. (1)

The state st is then written in the counters corresponding to the prototypes in
Xt, like in step 2 in Figure 1:

∀pj ∈ Xt, k ∈ 1, ..., n c(pj)k = cjk = cjk + (−1)(st)k+1. (2)

3.2 Q-function Parametrisation

We use a linear representation for theQ-function:Qθ(st, a
i) =

∑|Xt|
j=1 θj,iφj(st, a

i).
The φj are basis functions and the θj,i will be updated by the reinforcement
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learning algorithm. The basis functions are defined as follows:

φj(st, a
i) =

wj,i∑|Xt|
k=1 w

k,i
Qθ(st, a

i) =

|Xt|∑
j=1

θj,i
wj,i∑|Xt|
k=1 w

k,i
. (3)

The Q-function is thus estimated as the weighted average of the values of the
weights at (pj) ∈ Xt. This weight is denoted by wj,i. Following the same idea
as the genetic sparse distributed memory proposed by Rogers, the prototypes
in Xt are weighted according to their relevance to estimate the Q-values. The
weight wj,i is a function of the fitness f j,i of (pj , ai). Rogers [43] showed that

the weight which should be given to (pj , ai) is wj,i = fj,i

(1−fj,i)2 .

The fitness score measures the relevance of pj with respect to the regression
of the Q-function. It is computed by looking at the prototypes in the activation
set of pj and checking whether the confidence intervals for the Q-function es-
timated at action ai overlap with the confidence interval for Qπ(pj , ai), noted
CI(Qπ(pj , ai)). Confidence intervals are defined as [44]:

CI(Qπ(pj , ai)) = CIj,i = [Qπ(pj , ai)− εj,i, Qπ(pj , ai) + εj,i]

εj,i = tn
j,i−1
α/2

σj,i√
nj,i

. (4)

In this equation, nj,i is the number of visits to the pair (pj , ai), σj,i is the
standard deviation of the returns observed after visiting (pj , ai) and tn

j,i−1
α/2 is

Student’s t function with nj,i − 1 degrees of freedom. Parameter α sets the
confidence with which observed returns will be comprised in the interval. Since
the prototypes in M are added only if their distance to all the other prototypes
is greater than ∆, the activation set of pj , AS(pj) only contains pj . Nevertheless,
two distant prototypes might be activated by the same states and they should
predict the same Q-values. The vectors of counters which constitute the second
layer of M are used as averages of the states which activate the prototypes.
Indeed, every state which activates a prototype is written in the prototype’s
vector of counters according to Equation 2. So, if two prototypes are linked to
similar vectors of counters, it means these prototypes tend to be jointly activated
and they should be linked to similar Q-values. The fitness f j,i of (pj , ai) is
computed by first finding the activation set of pj ’s vector of counters cj . Then,
cj is compared to the other vectors of counters in Hamming distance and the
vectors closer than ∆ form the activation set AS(pj). The fitness of (pj , ai) is
the ratio of the number of confidence intervals overlapping on the size of AS(pj):

f j,i =
|{pk ∈ AS(pj) , (CIj,i ∩ CIk,i) 6= ∅}|

|AS(pj)|
(5)

Besides weighting the prototypes, the fitness scores are also used to re-engineer
the prototypes in M .
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Algorithm 1 Crossover process

Choose random crossover size s in 1, ..., n
Choose random crossover point c in 1, ..., n− s
pcross = concat(c+,11,...,d, c

+,2
d+1,...,d+1+s, c

+,1
d+s+2,...,n)

Add pcross to the set of addresses in M
Remove p− from M

3.3 Re-engineering the Prototypes

We define the set-policy πs for a prototype pj as:

πs(p
j) ∈ argmax

a
Qπ(AS(pj), ai) =

∑|AS(pj)|
k=1 wk,iθk,i∑|AS(pj)|
k=1 wk

The re-engineering rule is only based on the confidence interval for the set-
policy of each prototype. The fitness score of (pj , πs) measures the relevance
of pj for predicting Qπ(s, πs(p

j)) where s is a state activating pj . A prototype
with a low fitness adds noise to learning. Therefore, the prototype p− with the
lowest fitness score for its set-policy is suppressed and replaced by the result of
a random crossover between c+,1 and c+,2 which are respectively the vectors of
counters for the two fittest prototypes p+,1 and p+,2. The crossover process is
detailed in Algorithm 1.

Once the radii of the confidence intervals (ε in Equation 4) have reached a
low value, the confidence intervals in an activation set will no longer overlap.
Therefore, a parameter β is added to the algorithm as a lower bound for the
confidence intervals. When the radius of a confidence interval goes under β, it is
set to β.

4 Experiments with the NASTIA dialogue system

NASTIA (Negotiating Appointment Setting Interface) is a French-speaking SDS.
Its task is an appointment scheduling for landline maintenance. It was tested on
1734 scenario-based dialogues with 385 volunteers who interacted at most 5 times
with the system [45]. After each dialogue, the user was asked to fill an evaluation
questionnaire and rate the dialogue on a scale of 1 to 10. This corpus is named
DINASTI (Dialogues with a Negotiating Appointment Setting Interface) [33].

NASTIA has five dialogue phases where decisions should be taken. We want
to use the ratings to infer a state space for each of NASTIA’s dialogue phases
with GSDMRL. First the system chooses a negotiation strategy. If User Initiative
(UI) is chosen, the user is asked: “When would you like to book an appointment
?”. System Initiative (SI) asks a sequence of questions in three different dialogue
turns, filling successively the day, week and half-day slots. The third option
consists of proposing directly a List of Availabilities (LA) to the user, waiting
for her/him to interrupt the list as soon as an appropriate appointment has
been proposed. A second dialogue phase is the help phase, it is encountered
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either because the user has requested help or because the system decided to
play a help message. Three lengths of messages are available. The third phase is
visited after the user has proposed a time slot. NASTIA chooses between three
confirmation strategies. The fourth dialogue phase is visited after a rejection
from speech recognition or a user time out. In this case, NASTIA may prompt
a help message or inform the user that s/he was not understood or heard. The
last phase is visited after an appointment setting failure or after the user has
expressed some constraints. The system can decide to provide information about
its availabilities based on what it has understood of the user’s constraints.

Two experiments were conducted using Fitted-Q Iteration [17, 46]. First we
compared GSDMRL to a grid-based state representation. For GSDMRL, a dia-
logue state is the concatenation of 32-bit vectors, each vector being the binary
representation of one of the 120 features in the corpus (see the list in [33]). We
set β = 0.01 and γ = 0.99. The grid was built by performing entropy-based dis-
cretisation on the dialogue feature [47, 48]. With this kind of representation, it
is not possible to use all the 120 features because the size of the state space, de-
fined as a Cartesian product of the intervals, would become inconveniently high.
Therefore, to compare these two approaches, the first experiment only used two
features, which are well-known to be important for user satisfaction: the number
of dialogue turns and the mean speech recognition confidence score. GSDMRL
was thus composed of 64-bit vectors and ∆ was set to 15. The second experiment
highlights the scalable and interpretable powers of GSDMRL. To do this, the
original 120 features of the DINASTI corpus were included in the state space
and the threshold ∆ was set to 150.

4.1 Comparing GSDMRL to a Grid-Based Representation

The comparison of GSDMRL and the grid is based on the expected cumulative
reward per dialogue. Each dialogue starts with deciding the negotiation strategy
so they start with the same state s0. This state s0 is the first prototype to be
written in GSDMRL and it is added to the grid. For both representations, it is
ensured that this state would only be visited (or selected in the case of GSDMRL)
at the beginning of each dialogue. The reward function gives Pi

γtf−1 at the end

of each dialogue Di where Pi is the performance rating for Di and tf is the last
dialogue turn (Dialogue turns start at time t0 = 0). For the other intermediate
dialogue turns, the reward is equal to 0. These rewards were designed so that
the value of the Q-function at the initial state is an estimate of the expected
performance for the dialogue:

Qπ(s0, a) = E[rt = γtf−1 × Pi
γtf−1

| D, s0, a, π]

Qπ(s0, a) = E[Pi | D, s0, a, π] (6)

Both representations are compared on r̂0, the expected cumulative reward
starting from state s0 and following the distribution of actions in the corpus,
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Table 1: Comparison of GSDMRL and a grid-based representation. All values are av-
erages on 500 runs. The results in bold are statistically significant (p-value under 0.01
for Student’s t-test).

Training Corpus Test Corpus #states Grid #states GSDMRL r̂
πGrid
0 r̂πGSDMRL

0

531 1200 427.07 63.9 7.867 7.878

731 1000 282.23 66.67 7.868 7.885

831 900 271.99 66.85 7.869 7.891

931 800 266.84 62.58 7.872 7.900

that is to say:

r̂π0 =
∑
a

n(s0, a)∑
a n(s0, a)

Qπ(s0, a), (7)

where n(s0, a) is the number of visits to (s0, a). In order to organize a fair
comparison, the policies learnt with both representations were evaluated on the
same state space representation. Two policies πGSDMRL and πGrid were learnt
respectively with the GSDMRL and the grid representation. Then the expected
cumulative reward for both policies was computed by projecting the policies on
the simple state space representation composed of NASTIA’s dialogue phases.
Thus, r̂π0 was computed as the expected cumulative reward given the policy
πGSDMRL or πGrid and given the probability transitions between the dialogue
phases. This evaluation tests which mapping from dialogue phases to a higher-
dimensional space is the most efficient.

4.2 Scalability and Interpretability of GSDMRL

In the second experiment, a policy is learnt with 120 features. It is possible to
easily analyse the policy, based on the prototypes. To achieve this, for each action
a, all the prototypes whose optimal action is a are grouped together. Then, the
mean feature-wise Hamming distance is computed between the prototypes of one
group and the prototypes of the other groups. These distances are normalised by
the variances of the values in the corpus. The highest distances are representative
of the features which play an important role in choosing action a. For instance, for
the strategy negotiation, if the mean speech recognition score of the prototypes
choosing the LA action is, in normalised distance, far from the mean recognition
scores of the prototypes choosing another action, then it means that the mean
speech recognition score is important when it comes to choosing LA. Prototypes
within a range of recognition scores will tend to have LA as optimal action.
From this, the policy can be analysed by identifying how features influence the
system’s behaviour.

4.3 Results

The results of experiment 1 are presented in Table 1. First, the number of states
varies considerably less with GSDMRL than with the grid. The number of states
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in GSDMRL is also significantly lower with this value of ∆. Even with a smaller
number of states, the average expected cumulative reward with GSDMRL is at
least as good as the one with the grid and even a little higher. This shows that
GSDMRL enables to build a small set of states upon which a good policy will
be learnt in a more efficient way than it is possible to do with a grid-based
representation.

In experiment 2, a total number of 899 prototypes were added to the memory.
An analysis of these prototypes enables to highlight the most important features
in the policy NASTIA learnt with GSDMRL.These features and their values
explain the circumstances behind the system’s decision.

Concerning the negotiation phase, the LA action is linked to short dialogues
(35.23 seconds vs. 67.45), with few rejections from speech recognition (1.26 vs.
4.68), and where, in average, less than one confirmation occurred. This strategy
should thus rather be chosen at the beginning of a dialogue. As expected, the SI
strategy should be chosen if the dialogue is problematic. In average, SI should
be chosen after 5.43 speech recognition rejections vs.. 3.92 for UI and 1.26 for
LA. UI seems more fit after a list of availabilities was proposed with LA but
none of the propositions suited the user. As for the phase recovering from ASR
rejections and user inactivities, the two most important features are the number
of user dialogue turns and dialogue duration. It is better to ask the user to
repeat after dialogue length has gone above a certain threshold (183.42 seconds
vs. 52.97). The implicit confirmation strategy is chosen after dialogue duration
has gone above 200 seconds and when, in average, there has been less than
1 speech recognition rejection. The explicit strategy should be chosen if more
than 2.5 help messages have been played and the number of user turns is high.
This means that the dialogue might be problematic and it is better to choose
a more conservative strategy. Information about the system’s calendar should
not be provided to the user if the system has already tried the LA strategy
at least once. This reflects the fact that the user is already partially aware of
system availabilities and might be annoyed by a reminder. On the other hand,
information is given after, in average, 0.47 dialogue acts notifying the user that
a slot is not available have been observed. This means that after UI or SI,
if the user proposes unrealisable constraints, the system should always provide
information about its calendar. Finally, indications of a long dialogue with several
unsuccessful negotiation rounds should push to choose the shortest help message.

5 Conclusion

This paper proposed a new model for state aggregation in reinforcement learning-
based dialogue management. The model, Genetic Sparse Distributed for Rein-
forcement Learning (GSDMRL) incrementally builds a set of prototypes. GS-
DMRL can include features from speech recognition, natural language under-
standing and dialogue management. Compared to a grid-based representation,
GSDMRL was shown to be more efficient both in terms of memory and learning.
In addition, GSDMRL is scalable and can handle many dialogue features. Fi-
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nally, the set of prototypes provides a valuable insight on the system’s learning
and is easily interpretable.
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