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2 Instituto Nacional de Astrof́ısica Optica y Electrónica, Luis Enrique Erro No. 1,
Tonantzintla, Puebla, 72000, México.
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Abstract. In this paper we address the problem of explaining the rec-
ommendations generated by a Markov decision process (MDP). We pro-
pose an automatic explanation generation mechanism that is composed
by two main stages. In the first stage, the most relevant variable given
the current state is obtained, based on a factored representation of the
MDP. The relevant variable is defined as the factor that has the great-
est impact on the utility given certain state and action, and is a key
element in the explanation generation mechanism. In the second stage,
based on a general template, an explanation is generated by combing
the information obtained from the MDP with domain knowledge repre-
sented as a frame system. The state and action given by the MDP, as
well as the relevant variable, are used as pointers to the knowledge base
to extract the relevant information and fill–in the explanation template.
In this way, explanations of the recommendations given by the MDP can
be generated on–line and incorporated to an intelligent assistant. We
have evaluated this mechanism in an intelligent assistant for power plant
operator training. The experimental results show that the automatically
generated explanations are similar to those given by a domain expert.

1 Introduction

An important requirement for intelligent trainers is to have an explanation gen-
eration mechanism, so that the trainee has a better understanding of the rec-
ommended actions and can generalize them to similar situations [1]. This work
is motivated by an application for training power plant operators. Under emer-
gency conditions, a power plant operator has to assimilate a great amount of
information to promptly analyze the source of the problem and take the correc-
tive actions. Novice operators might not have enough experience to take the best
action; and experienced operators might forget how to deal with emergency sit-
uations, as these occur sporadically. So in both cases, an intelligent assistant can
help to train the operators so they can react appropriately when an emergency
situation arises; and in particular it is important that the assistant explains to
the user the recommendations generated by a Markov decision process.
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Although there has been extensive work on explanation generation for rule-
based systems and other representations, there is very little work on explanations
using probabilistic representations, in particular for decision–theoretic models
such as Markov decision processes (MDPs).

We have developed an automatic generation explanation mechanism for in-
telligent assistants. For this, we analyzed the explanations given by the domain
expert, and designed a general template. This template is composed of three
main parts: (i) the recommended action and the relevant variable in the current
situation; (ii) a graphical representation of the process highlighting the relevant
variable, and (iii) a verbal explanation. To generate the information required to
fill the template we combine several knowledge sources. The optimal action is
obtained from the MDP that guides the operator in the training session. The
relevant variable, which is a key element in the explanation, is obtained from the
MDP by analyzing which variable has the highest impact on the utility given
the current state. The graphical part is generated from a general block diagram
of the process, where the relevant variable is highlighted. The verbal explanation
is obtained from a domain knowledge–base (KB) that includes the main com-
ponents, actions and variables in the process, represented as a frame system. To
extract the important information from the KB, we use the information from
the MDP (state, action and relevant variables) as pointers to the relevant com-
ponents, actions and variables; and then follow the links in a frame system to
extract other relevant information. The information in the explanation template
depends on the level of the operator: novice, intermediate or expert; which is
obtained from a simple student model.

Although the explanations are motivated by an application in training power
plant operators, the mechanism can be applied in other domains in which a
person is being trained or guided by an assistant based on MDPs. For instance,
training operators in other industrial environments, training pilots or drivers, etc.
This work is one of the first efforts in explaining the actions recommended by an
MDP, which main contributions are the selection of the relevant variable, and
the combination of the MDP and domain knowledge to generate explanations.
We have evaluated the explanations generated in a realistic application in the
power plan domain.

2 Related Work

The work on explanations based on probabilistic models can be divided ac-
cording to the classes of models considered, basically Bayesian networks (BN’s)
and decision-theoretic models. Two main strategies have been proposed for ex-
planation with BN’s. One strategy is based on transforming the network to a
qualitative representation, and using this more abstract model to explain the
relations between variables and the inference process [2, 3]. The other strategy
is based on the graphical representation of the model, using visual attributes
(such as colors, line widths, etc.) to explain relations between nodes (variables)
as well as the the inference process [4].
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Influence diagrams (IDs) extend BNs by incorporating decision nodes and
utility nodes. The main objective of these models is to help in the decision mak-
ing process, by obtaining the decisions that maximize the expected utility. So
explanation in this case has to do with understanding why some decision (or
sequence of decisions) is optimal given the current evidence. There is very little
work on explanations for IDs. Bielza et al. [5] propose an explanation method
for medical expert systems based on IDs. It is based on reducing the table of op-
timal decisions obtained from an ID, building a list that clusters sets of variable
instances with the same decision. They propose to use this compact representa-
tion of the decision table as a form of explanation, showing the variables that
have the same value as a rule for certain case. It seems like a very limited form
of explanation, difficult to apply to other domains. The explanation facilities
for Bayesian networks proposed by Lacave et al. [4] were extended to IDs and
integrated in the Elvira software [6]. The extension is based on a transformation
of the ID into a BN by using a strategy for the decisions in the model. Lacave
et al. [6] describe several facilities: incorporating evidence into the model, the
conversion of the influence diagram into a decision tree, the possibility of ana-
lyzing non-optimal policies imposed by the user, and sensitivity analysis with
respect to the parameters.

MDPs can be seen as an extension of decision networks, that consider a series
of decisions in time (dynamic decision network). Some factored recommendation
systems use algorithms to reduce the size of the state space [7] and perform
symbolic manipulations required to group similarly behaving states as a pre-
processing step. [8] also consider top-down approaches for choosing which states
to split in order to generate improved policies [9]. Recently [10] proposed an
approach for the explanation of recommendations based on MDPs. They define
a set of preferred scenarios that correspond to set of states with high expected
utility, and generate explanations in terms of actions that will produce a pre-
ferred scenario based on predefined templates. They demonstrate their approach
in the domain of course selection for students, modeled as a finite horizon MDP
with three time steps. In contrast, out approach considers an infinite-horizon
and incorporates domain knowledge in the explanations generated.

In summary, there is very limited previous work on explanation generation for
intelligent assistants systems based on MDPs. In particular, there is no previous
work on determining the most relevant variable, which is a key element in the
explanation mechanism we propose, and in integrating the information from the
MDP and domain knowledge to generate explanations that are understandable
for a user with no previous knowledge on probability or decision theory.

3 Factored Markov Decision Processes

A Markov decision process [11] models a sequential decision problem, in which
a system evolves in time and is controlled by an agent. The system dynamics is
governed by a probabilistic transition function Φ that maps states S and actions
A to new states S’. At each time, an agent receives a reward R that depends on
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the current state s and the applied action a. Thus, the main problem is to find
a control strategy or policy π that maximizes the expected reward V over time.
For the discounted infinite-horizon case with any given discount factor γ, there
is a policy π∗ that is optimal regardless of the starting state and that satisfies
the Bellman equation [12]:

V π(s) = maxa{R(s, a) + γ
∑
s′∈S

P (s′|s, a)V π(s′)} (1)

Two methods for solving this equation and finding an optimal policy for an
MDP are: (a) dynamic programming and (b) linear programming [11].

In a factored MDP [13], the set of states is described via a set of random
variables S = {X1, ..., Xn}, where each Xi takes on values in some finite domain
Dom(Xi). A state x defines a value xi ∈ Dom(Xi) for each variable Xi. Dynamic
Bayesian networks (DBN) are used to describe the transition model concisely,
so the post-action nodes (at the time t+1) contain smaller matrices with the
probabilities of their values given their parents’ values under the effects of an
action.

4 Automatic Explanation Generation

4.1 Overview

The explanation generation mechanism is inspired on the explanations provided
by a domain expert, and it combines several knowledge sources: (i) the MDP that
represents the process and defines the optimal actions, (ii) a domain knowledge
base, (iii) a set of templates, and (iv) an operator model.

The explanation system consists of three main stages (see Fig. 1). The rele-
vant variable is the key factor to build an explanation, therefore in the first stage
the relevant variable is obtained and additional elements as the current state Si

and the optimal action a*. In a second stage, according to the operator model
(novice, intermediate or advanced), a template is selected. In the last stage, the
template is filled–in with information from a domain knowledge–base. Each of
these stages is detailed in the following sections.

4.2 Explanation Template

The explanations are based on a predefined structure or template. Each template
has a predefined structure and is configured to receive additional information
from different sources. There are three types of templates according to the user:
novice, intermediate and advanced. The main difference is the amount and depth
of the information provided. For novice users is more detailed while for advance
operators a more concise explanation is given.

The explanation template has three main components (see section 5):
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Fig. 1. Block diagram of the explanation generation system. When the trainee makes
an error (event), the current state, optimal action and relevant variable are obtained
from the MDP. These are used as pointers to obtain the relevant elements from the
KB to fill–in an explanation template that is according to the user’s model.

1. The optimal action given the current state.
2. A description in natural language of the main reasons for the previous action;

which depends on the user level.
3. An schematic diagram of the process, highlighting the relevant variable.

The optimal action is obtained from the MDP given the current state of the
plant, and the schematic diagram is previously defined for the process (or relevant
subprocess). Thus, the two aspects that require a more complex procedure are
the relevant variable and the verbal component, which are presented next.

4.3 Relevant Variable Selection

The strategy for automatic explanation generation considers as a first step, to
find the most relevant variable, VR, for certain state s and action a. All the expla-
nations obtained from the experts are based on a variable which they considers
the most important under current situation and according to the optimal policy.
Examples of these explanations in the power plant domain are given later. We
expect that something similar may happen in other domains, so discovering the
relevant variable is an important first step for explanation generation.

Intuitively we can think that the relevant variable is the one with greatest
effect on the expected utility, given the current state and the optimal policy. So
as an approximation to estimating the impact of each factor Xi in the utility,
we estimate how much the utility, V , will change if we vary the value for each
variable, compared to the utility of the current state. This is done by maintaining
all the other variables, Xj , j 6= i, fixed. The process is repeated for all the
variables, and the variable with the highest difference in value is selected as the
relevant variable.
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Let us assume that the process is in state s, then we measure the relevance
of a variable Xi for the state s based on utility, denoted by relVs (Xi), as:

relVs (Xi) = max
s′∈neighXi

(s)
V (s′) − min

s′∈neighXi
(s)

V (s′) (2)

where neighXi(s) is the set of states that take the same the values as s for all
other variables Xj , j 6= i; and a different value for the variable of interest, Xi.
That is, the maximum change in utility when varying the value of Xi, maintain-
ing all the other variables fixed. This expression is evaluated for all the variables,
and the one with the highest value is considered the most relevant for state s:

XV
R = argmaxi(relVs (Xi)),∀(i) (3)

4.4 Knowledge Base

To complement the information obtained from the MDP model, additional
domain knowledge is required about relevant concepts, components and actions
in the process. A frame [14] is a data structure with typical knowledge about a
particular concept. Frames provide a natural way for representing the relevant
elements and their relations, to fill–in the explanations templates.

In the KB, the frames store the basic knowledge about the domain compo-
nents, variables, actions, and their relationships (see Fig. 2). This representation
is an extension of the one proposed by [15]. The KB is conformed by three hi-
erarchies: (i) procedures and actions, (ii) components, and (iii) variables. It also
includes relationships between the frames in different hierarchies: which actions
affect each component and the variables associated to each component.

Each frame contains general knowledge for each procedure, component or
variable; which is relatively easy to obtain from written documentation or do-

Fig. 2. The KB represented as a frame hierarchy; it is divided in 3 parts: (i) actions,
(ii) components, and (iii) variables.
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main experts. The advantage of this representation is that the same KB can be
used to generate explanations for any procedure related to the specific domain.

4.5 Filling the Template

A template is selected according to the user level. The optimal action and rele-
vant variable are deduced from the MDP model of the process and the policy, and
together with the process schematic diagram are inserted in the corresponding
template (Complete algorithm is depicted in figure 3). The missing element is
the textual explanation of why the action should be selected in the current situa-
tion. The explanation mechanism must then determine what should be included
and how much detail to give to the user. What is determined by the template
structure and how much by the operator level.

Deduced from the expert explanations, the following elements are defined for
the textual explanation structure:

1. Optimal action, including information on what is the purpose of the action
obtained from the corresponding frame.

2. Relevant variable, with information of the relevance of this variable and its
relation to certain component.

3. Component, including its main characteristics and its relation to the action.

Fig. 3. High–level algorithm for explanation generation.
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The elements obtained from the MDP, state, action and relevant variables,
are used as pointers to the corresponding frames in the KB from where the
basic elements of the textual explanation are extracted. For intermediate and
novice users the textual explanation is extended by following the links in the KB
hierarchies, adding information from frames in the upper part of the hierarchy.
For instance, if the important component is the feed water valve, it includes
additional information from the control valve frame for intermediate users, and
more general knowledge on valves for the novice user. In this way, the amount
of detail in the explanation is adapted to the user level.

5 Experimental Results

First we describe the intelligent assistant in which we tested our method for
explanation generation, and then the experiments comparing the automatic ex-
planations against those given by a domain expert.

5.1 Intelligent assistant for operator training

We have developed an intelligent assistant for operator training (IAOT) [16].
The input to the IAOT is a policy generated by an MDP, which establishes the
sequence of actions that will allow to reach the optimal operation of a steam gen-
erator. Operator actions are monitored and discrepancies are detected regarding
the operator’s expected behavior. The process starts with an initial state of the
plant, usually under an abnormal condition; so the operator should return the
plant to its optimum operating condition using some controls. If the action per-
formed by the operator deviates from the optimal plan, either in the type of
action or its timing, an explanation is generated.

We considered a training scenario based on a simulator of a combined cycle
power plant, centered in the drum. Under certain conditions, the drum level
becomes unstable and the operator has to return it to a safe state using the
control valves. The variables in this domain are: (i) drum pressure (Pd), (ii)
main steam flow (Fms), (iii) feed water flow (Ffw), (iv) generation (G), and (v)
disturbance (this variable is not relevant for the explanations so is not included in
the experiments). There are 5 possible actions: a0–do nothing, a1–increase feed
water flow, a2–decrease feed water flow, a3–increase steam flow, and a4–decrease
steam flow.

We started by defining a set of explanation units with the aid of a domain
expert, to test their impact on operator training. These explanation units are
stored in a data base, and the assistant selects the appropriate one to show to
the user, according to the current state and optimal action given by the MDP.
An example of an explanation unit is given in Figure 4.

To evaluate the effect of the explanations on learning, we performed a con-
trolled experiment with 10 potential users with different levels of experience in
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Fig. 4. An example of an explanation unit defined by a domain expert. In this example
the relevant variable is generation, G, as the absence of generation is the main reason
to close the feed–water valve.

power plant operation. An analysis of the results [16] shows a significant differ-
ence in favor of the group with explanations. These results give evidence that
explanations help in the learning of skills such as those required to operate an
industrial plant.

Next we analyze the results of the automatic explanation generation mecha-
nism, in terms of a comparison with the human–generated explanations.

5.2 Results

Relevant Variable Selection.- In a first stage we evaluated the selection of
the most relevant variable, and compared these to the ones given by the domain
expert. In the power plant domain there are 5 state variables with a total of
384 states. We analyzed a random sample of 30 states, nearly 10% of the total
number of states. For the 30 cases we obtained the most relevant variable(s);
and compared these with the relevant variables given in the explanation units
provided by the expert.

Figure 5 presents the results of 11 of the 30 cases (the rest are omitted due to
space limitations). For each case we show: (i) the current state, (ii) the value, (iii)
the optimal action, (iv) the variable selected according to the change in utility,
including this change, and (v) the relevant variable(s) given by the expert. Note
that for some cases the expert gives two relevant variables. The system selects in
100% of the 30 cases one of the most relevant variables according to the expert.
In the future we plan to extend the relevant variable selection mechanism so we
can obtain more than one relevant variable.

Explanation Generation.- To evaluate the explanations generated by the
system, we generated explanations for different situations, and compared this to
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Fig. 5. Results for the relevant variable selection phase. Is shows for each test case: the
state (random variables), the expected value (U), the optimal action (Π∗), the relevant
variable with | ∆U |, and the variable(s) selected by the expert.

the explanations given for the same state by the domain expert. Figure 6 depicts
an example of an explanation template generated. It contains on the left side: (i)
the optimal action, (ii) why is important to do this action, (iii) which component
is related with optimal action, and (iv) a description of the current state. In the
right side the relevant variable is highlighted in an schematic diagram of the
process.

Fig. 6. An example of an explanation template generated.

To evaluate explanations generated by the system, the the methodology pro-
posed by [17] was adapted. The main idea is that an expert panel compares
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explanations given by the system to those given by a human, in terms of some
evaluation criterium. It considers four aspects: (i) coherence, (ii) contents, (iii)
organization, and (iv) precision. This not intend to generate explanations in
natural language. Each criterium is evaluated in a quantitative scale: 1=bad,
2=regular, 3=good, 4=excellent. Each expert is presented with two explana-
tions, side by side, for the same case; one given by a human expert, the other
generated by the system. It is asked to grade each aspect for the generated expla-
nations taking as reference the expert’s explanations. 15 different explanations
were considered in a variety of situations for the power plan domain, and asked
6 different external domain experts to evaluate them. Results are summarized
in table 7.

Results are between good and excellent in average for all the aspects and for
all the experts. The criterium with highest score is organization and the lowest
contents, although the gap is small among all the aspects. We consider that
these are encouraging results, as we are comparing the explanations generated
automatically against those given by an experienced domain expert, a very high
standard. Given these results, and the previous results on the impact of the
explanations on learning [16], a similar impact is expected with automatically
generated explanations; however, the plan is to conduct an additional user study
in the future.

Fig. 7. Results of the evaluation by a panel of experts. The table shows the average
score per criteria–evaluator, and the totals for each dimension.

6 Conclusions and future work

We have developed a novel explanation generation mechanism for the actions
recommended by an intelligent assistant based on an MDP. For this we developed
and algorithm to determine the most relevant variable for certain state–action;
and combine this information with domain knowledge to generate explanations
based on a general template and adapted according to the user level. We have
evaluated the explanation generation system in the power plant domain with
good results. We consider that this mechanism can be easily extended to other
training and assistant systems based on decision-theoretic models.

Currently the explanations are centered on why the recommended action
should be selected, but not on why other actions are not appropriate. Another
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limitation is that it considers only one optimal plan, and there could be alter-
native solutions. In the future we plan to extend the system to consider other
types of explanations, and to apply it to other domains.
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