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Abstract. Artificial Intelligence applications often require to maintain a knowl-
edge base about the observed environment. In particular, when the current knowl-
edge is inconsistent with new information, it has to be updated. Such inconsis-
tency can be due to erroneous assumptions or to changes in the environment.
Here we considered the second case, and develop a knowledge update algorithm
based on event logic that takes into account constraints according to which the
environment can evolve. These constraints take the form of events that modify
the environment in a well-defined manner. The belief update triggered by a new
observation is thus explained by a sequence of events. We then apply this algo-
rithm to the problem of locating people in a smart home and show that taking into
account past information and move’s constraints improves location inference.

Keywords: Belief revision · Event logic · Semantic reasoning · Smart home ·
IoT

1 Introduction

A smart home should provide adapted services to its inhabitants. Indeed, the users’
needs strongly depend on who is present in the house, where are the people located,
what they are doing, at which time of the day and which day of the week, and so on.
It is thus crucial to infer this context from the data provided by the house equipment.
For example, concerning the “where” part of the context, the precise location of an
occupant in the house can be used, among other, to chose a device to communicate with
this occupant, or to suggest activities linked to this location. However, sensors’ location
information are often sparse and imprecise, due to the cost of equipping a house with
numerous devices, and the rejection of too intrusive devices such as cameras. As an
example of an easily available but vague information, a motion detector provides the
information that at least one person is present in a room. Similarly, a smartphone WiFi
connection provides the information that its owner is near or in the house. In spite
of this vagueness, useful information can be inferred by tracking location information
over time and taking into account the house topology. More generally, in many cases
a knowledge about an environment is inferred from only sparse information. However,
knowing the evolution constraints of the environment and accumulating information
over time can lead to a substantial knowledge about the environment, as we do in our
everyday life. Our goal is to implement an algorithm that takes location information

c© The Author(s) 2021
M. Cochez et al. (Eds.): GKR 2020, LNAI 12640, pp. 17–32, 2021.
https://doi.org/10.1007/978-3-030-72308-8_2

http://crossmark.crossref.org/dialog/?doi=10.1007/978-3-030-72308-8_2&domain=pdf
https://doi.org/10.1007/978-3-030-72308-8_2


18 M. Bernert and F. Ramparany

from sensors of a smart home, and infer people location from this information, taking
into account constraints on moves. More generally, we propose an algorithm able to
revise knowledge taking into account well defined evolution constraints.

2 Use Case Example

In this section we present a use case scenario, defined as a main test case to design
and test our location algorithm. In this scenario, we consider a simple house composed
of four rooms and inhabited by two people: Alice and Bob. The four rooms are the
entrance connected with the outside, the kitchen connected to the entrance, the living-
room also connected to the entrance and the bedroom connected to the living-room (see
Fig. 1). The home is equipped with some sensors that can give us information about
people location:

– The entrance and living room are both equipped with a presence detector informing
us whether some people are present in the room or not.

– The kitchen is equipped with a smart fridge informing us if someone is opening the
fridge’s door and is thus present in the kitchen.

– Bob is carrying a smart device informing us whether Bob is inside or outside the
house.

Given the house topology and its sensor equipment, we consider the following seven-
step scenario:

– step 1: Alice and Bob are both outdoor.
– step 2: Alice enters the house and is now in the entrance
– step 3: Alice goes in the living room.
– step 4: Bob then enters the house and is now in the entrance
– step 5: Bob goes in the kitchen.
– step 6: Alice then goes in the bedroom.
– step 7: Bob opens the fridge, notifying a presence in the kitchen.

When considering only the last step of the scenario, the location devices inform us that
somebody is in the kitchen, nobody is in the entrance nor the living room and Bob is
somewhere in the house. We infer from this information that Alice or Bob is in the
kitchen, Bob is in the kitchen or the bedroom, and Alice is in the kitchen or in the
bedroom or outdoor. However, when considering all the sensor information from the
beginning of the scenario together with the room adjacency constraints, one can easily
infer that Alice is in the bedroom and Bob is in the kitchen. This simple example shows
that it is possible to infer much more information by taking into account the house’s
topology and past information. This use case can be used to discriminate an algorithm
that uses such a strategy from one that does not.

3 Related Work

3.1 Logical Formalism

To address our problem, we need a logical formalism to deal about events and evolving
facts. Many logical systems have been defined for this purpose. Here we present some
of them.
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Fig. 1. Example of a smart home, equipped with simple location devices

Dynamic Logic. Dynamic logic was originally developed to reason about computer
program, in particular to verify their correctness. Hoare’s logic constitute a well known
example of programming logic [6]. It was later realized that such logic could be used for
other applications and it was then generalized to dynamic logic. Meyer gives a review of
different dynamic logic applications [7]. In the context of our problem, we are interested
by dynamic logic used as a logic of action.

Dynamic logic of action is build on a logical language LDL and an action language
LACT . LDL includes a set of propositional atoms P and is closed under the usual
syntactic rules. LACT includes a set of atomic actions A and is closed under rules such
as sequential composition of action (α;β), choice of action (α + β), arbitrary finite
repetition of action (α∗), with α, β ∈ A. In addition to the usual syntactic rules, LDL is
closed under the following rule: if φ ∈ LDL and α ∈ LACT then [α]φ and 〈α〉φ are in
LDL.

An interpretation for LDL is a structure M of the form (S, π, r) where S is a non-
empty set of states, π : S × P → BOOL is a truth assignment function that associates
a truth value to each couple of state and atomic proposition, and r : L → P(S × S) a
function that associates a state transition relation to each action. Given an interpretation
M = (S, π, r) and a state s ∈ S, the truth value of a formula φ ∈ LDL is defined by:

– M, s |= p iff π(s, p) = true, for p ∈ P .
– M, s |= ¬φ iff not M, s |= φ.
– M, s |= φ ∧ ψ iff M, s |= φ and M, s |= ψ.
– M, s |= φ ∨ ψ iff M, s |= φ or M, s |= ψ.
– M, s |= φ → ψ iff M, s |= φ implies M, s |= ψ.
– M, s |= φ ↔ ψ iff M, s |= φ bi-implies M, s |= ψ.
– M, s |= [α]φ iff for all s′ such that (s, s′) ∈ r(α) we have M, s′ |= φ.
– M, s |= 〈α〉φ iff for some s′ such that (s, s′) ∈ r(α) we have M, s′ |= φ.
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Dynamic logic of action allows to write formulas such as φ → [α]ψ, meaning that
if φ is true, then executing action α leads to ψ being true. Is is thus possible to describe
the result of an action. However this formalism can not deal with an explicit timeline,
and it is not possible, for example, to assert that an action occurred at a specific time
point, or that a proposition is true during a given time interval.

Event Logic. In [3], Allen developed a temporal logic, based on predicates logic,
to reason about actions. This logical formalism involves properties, events, and time
intervals. Allen defines a set of thirteen mutually exclusive primitive relation between
intervals (see Fig. 2), originally developed in [2]. This set is RAllen = {=, <,>
,m, o, d, s, f,mi, oi, di, si, fi} where =, <, >, m, o, d, s, f respectively stands for
“equals”, “before”, “after”, “meets”, “overlap”, “during”, “start”, “finish”, and each
xi is the inverse of x. According to these relations, the predicates STARTS(I, J),
FINISHES(I, J), BEFORE(I, J), OV ERLAP (I, J), MEETS(I, J) as well
as EQUAL(I, J) are defined, for times intervals I and J . Two other predicates are
defined. The first isHOLDS(p, I), where p is a property and I a time interval, meaning
that property p is true during the interval I . The second predicate is OCCURS(e, I),
where e is an event and I a time interval, meaning that the event e occurs during the
interval I , in other words e begins at the beginning of I and ends at the end of I .
Whereas a property p holding during an interval I also holds for all sub-intervals of
I , an event e can not be split, and its occurrence coincide exactly with the interval I .
Allen also defines some other predicates about processes, causality and actions, which
we will not detail here.

Fig. 2. Allen’s primitive relations between intervals

Following this idea of reasoning about event occurrences, Siskind developed a logic
known as event logic [8]. A language LEL of event-logic expressions is defined as
follow. A finite set O of constant symbols and a finite set E of primitive event-type
symbols are given. An atomic event-logic expression is defined as a primitive event-
type symbol of arity n applied to a sequence of n constants. Finally, an event-logic
expression is either an atomic event-logic expression or a compound expression: ¬φ,
φ∨ψ, φ∧R ψ, ♦Rφ, with R ⊆ RAllen, and φ and ψ event-logic expressions. An event-
occurrence formula has the form φ@I where φ ∈ LEL and I is a time interval. An
interpretation M is a function that associate each primitive event-type symbol of arity
n to a subset of I × On, where I is the set of all time intervals. The truth value of the
formula φ@I relatively an interpretation M is define by:
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– M |= e(o1, ..., on)@I iff (I, o1, ..., on) ∈ M(e), for e ∈ E.
– M |= (¬φ)@I iff not M |= φ@I .
– M |= (φ ∨ ψ)@I iff M |= φ@I or M |= ψ@I .
– M |= (φ ∧R ψ)@I iff there exists time intervals J and K such that I is the smallest
super-interval of both J and K, JrK for some r ∈ R, M |= φ@J and M |= ψ@K.

– M |= (
Rφ)@I iff there exist some time interval J such that JrI for some r ∈ R,
and M |= φ@J .

It is possible to define a primitive event-type, denoted φ, from a predicate φ. The
event occurrence φ@I is true if the predicate φ is true at each point of the interval I .
This allows to unify the concepts of events and properties defined by Allen in [3]. As an
example let’s assume that we are given a set of persons, a set of rooms, and a predicate
symbol IsIn. The predicate IsIn(p, r), for a person p and a room r, is true at time
t if p is present in r at time t. We can define the compound event-type expression
Move(p, r1, r2), for a person p and rooms r1 and r2 as follow: Move(p, r1, r2) =
♦{m}IsIn(p, r1)∧{=} ♦{mi}IsIn(p, r1)∧{=} ¬IsIn(p, r1)∧{=} ¬IsIn(p, r2). This
states that a person p is moving from room r1 to room r2 during interval I iff p is in r1
just before I , in r2 just after I and that p in not in r1 nor in r2 during I .

3.2 AGM Model

The AGM model was developed by Alchourrón, Gärdenfors and Makinson as a frame-
work for belief revision [1]. Its main goal is to define good properties of a revision
operation on a belief set. A good introduction to the AGMmodel is given by Fermé [5].
Here we detail the main features of the AGM Model.

A belief set, or theory, K is a subset of a logical language L that is closed under log-
ical consequence. Denoting Cn the consequence operation, we thus have K = Cn(K).
Given a belief setK a statement x, x is either believed if x ∈ K, disbelieved if ¬x ∈ K,
or unsettled otherwise. The purpose of belief revision is to add or retract statements
from a belief set. The AGM model define the possible revision operations on a belief
set and give some postulates these operations should satisfy. Given a belief set K and a
statement x, three operations are possible:

– expansion, denoted K + x, which changes the state of x from unsettled to believed
– contraction, denoted K − x, which changes the state of x from believed to unsettled
– revision, denoted K ∗ x, which changes the state of x from disbelieved to believed

Expansion can be easily defined as K + x = Cn(K ∪ {x}), effectively adding x to
K without removing or adding information unnecessarily. Moreover, as in this case
¬x /∈ K, if Cn(x) is consistent the result is also consistent. When ¬x ∈ K, adding x
to K is a revision operation. It is necessary to first remove ¬x from K before adding
x. The revision operation can be defined using the contraction operation through Levi
identity: K ∗x = Cn((K −¬x)∪{x}). If the contraction is consistent and successful,
then the revision operation is also consistent and successful.

The key of the problem is thus the contraction operation. The AGM model defines
6 main postulates a contraction operation should satisfy:
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– closure: K − x = Cn(K − x).
– inclusion: K − x ⊆ K.
– vacuity: if x /∈ K then K − x = K.
– success: if x /∈ Cn(∅) then x /∈ K − x.
– preservation: if Cn(x) = Cn(y) then K − x = K − y.
– recovery: K ⊆ Cn((K − x) ∪ {x}).
As a tool to define contraction, we denote K ⊥ x the set of all maximal subset of K
that does not imply x. A first naive approach to define contraction, called maxichoice
contraction, is to chose K − x to be one element of K ⊥ x. The maxichoice contrac-
tion has some disconcerting properties. In particular, when defining revision through
the Levi identity, K ∗x is always complete, which means that no statement is unsettled.
Thus, the belief set generated by maxichoice contraction and revision might be consid-
ered “too big”. A second approach, called meet contraction, is to define K − x as the
intersection of all elements of K ⊥ x. In this case, on the contrary, the result might be
considered “too small”. Indeed we have K − x = K ∩ Cn(x) and K ∗ x = Cn(x).
In between, contraction can be defined as a partial meet contraction, which consist in
selecting the most important elements of K ⊥ x. Let γ be a selection function such
that γ(K ⊥ x) is a non-empty subset of K ⊥ x. Partial meet contraction is defined as
K − x =

⋂
γ(K ⊥ x) and partial meet revision is defined through the Levi identity.

Maxichoice contraction and meet contraction are extreme cases of partial meet con-
traction, where γ selects respectively one element or all elements of K ⊥ x. It can be
shown that a contraction operation satisfies the 6 postulates if and only if it is a par-
tial meet contraction. There is thus no general way to define contraction (and revision).
Contraction requires to make some choice about the interesting beliefs to be preserved.

The AGM is a general framework for belief revision, that gives properties a revision
operation should satisfy. However it does not detail practical implementation of these
operation. In particular the contraction operation is not trivial to define.

3.3 Truth Maintenance Systems

Truth maintenance systems (TMS) were introduced by Doyle in [4]. As for most belief
revision systems, Doyle’s TMS tackles the problem of revising a belief set when a new
information brings a contradiction. The two main principles of the TMS is to use a non-
monotonic logic, where some facts are believed unless proved false, and to keep track
of reasons why a fact is believed.

The TMS works in duality with a problem solver, which provides statements and
justifications for these statements. The goal of the TMS is to decide which statement
should be believed or not depending on their justifications. Within the TMS, statements
are represented by node that are said to be “in” if the statement is believed or “out”
otherwise. One node is marked as a contradiction and should not be “in”. A justification
for a node consists in two parts: a in-list and an out-list. A justification makes a node
“in” iff all nodes in the in-list are “in” and all nodes in the out-list are “out”. The out-
list constitutes the non-monotonic part of the TMS. For example, in natural language,
a justification for “Titi can fly” can be: “If Titi is a bird, Titi can fly, unless it is a
penguin”. In the TMS formalism, the node “Titi can fly” has a justification with the



A Belief Update System Using an Event Model 23

in-list “Titi is a bird” and the out-list “Titi is a penguin”. There are particular of node
in the TMS,called assumptions, which are nodes justified by an out-list containing their
negation. An update of the TMS is triggered when a new justification is added.When the
contradiction node becomes “in” after an update, a backtracking procedure is called to
make the contradiction “out” again. This is done by finding the assumptions that justify
(possibly indirectly) the contradiction and making one of these assumption “out” by
adding a justification.

The TMS approach explains a contradiction by the fact that some assumptions were
made that are not true. The contradiction is solved by disbelieving these assumptions.
In our case, a contradiction can arise if a fact that was previously true becomes false
because the environment is evolving. This difference makes the TMS not suitable for
our problem.

4 Our Contribution

4.1 Algorithm Overview

Our algorithm assumes that we are provided information from sensors, that holds dur-
ing a time interval. The time line is divided into time intervals, each time interval corre-
sponding to a set of observations that holds during the entire interval. It is also possible
to have intervals during which no information is given. In addition to these observa-
tions about the environment we are given a set of events that can make the environment
evolve. We assume that these events modify our knowledge in a relatively simple way,
such that, given a belief set holding before the event, we know what new belief set
holds after an event occurs. The goal is to infer facts about the current environment
from the consecutive observations and the possible event sequences explaining these
observations.

The principle of the algorithm is to explore all possibilities of event sequences com-
patible with the past and current observations. Possibilities are explored by examining
the consequences of adding an event to a sequence that has already been considered. The
added event should be compatible with the current observations and what had already
been inferred from the previous sequence hypothesis. Each time the observations change,
new possibilities can be explored. Once all possibilities have been explored, we can infer
that a fact about the environment is true if it is true considering every event sequence
hypothesis, or possible if it is possible for at least one sequence hypothesis.

4.2 Logical Formalism

For the purpose of our problem, we found it practical to reason about continuous time
and punctual events (events occurring at a precise time point). Indeed, for simplicity we
assume that properties, such as the room position of a person in the house, are discrete
and always well defined. As a consequence, changes on properties, such as the move
of a person from one room to an adjacent room, are punctual events. Event logic pro-
vides useful operators to reason about event occurrences over time. However, for more
flexibility, we chose to define a logic based on predicate logic as it was done in [3].
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The main idea is to take a classical logic, later called the base logic, and augment it
with time and events to construct a dynamic logic. We simply assume that the base logic
contains the conjunction and the disjunction. Formulas from the base logic will be later
called properties. A finite set E of punctual event symbols is given. A interpretation for
our punctual event logic consists in two main elements:

– A transition model: each event symbol is associated with a transition function, which
itself associates each base logic interpretation to another base logic interpretation.
In other words the transition model defines how each event modifies a base logic
interpretation.

– A sequence of event occurrence: An initial base logic interpretation and a sequence
of events symbols associated with time points is given. Taking into account the tran-
sition model, a sequence of base interpretation associated with consecutive time
intervals can be inferred, defining which properties are true at each time point.

We define two main predicates to write event logic formulas:

– Occurs(e, t), with e an event symbol and t a time point, meaning that the event e
occurs at time t, according to the event sequence model.

– Holds(φ, I), with φ a property and I a time interval, meaning that the property φ
is true during the interval I according to the possible base logic models during this
time interval.

We also define some other useful derived predicates:

– Idle(I), meaning that no event occurs during the time interval I .
– OccursSeq(s, I), meaning that the sequence of event s = (e1, ..., en) (and no other

event) occurs during the time interval I
– HoldsR(φ, I), meaning that there exist a time interval J and an Allen relation r ∈

R, such that JrI and Holds(φ, J)
– OccursR(e, I) meaning that there exist a time interval I and an Allen relation r ∈

R, such that Ir{t} and Occurs(e, t)
– OccursSeqR(s, I) meaning that there exist a time interval J and an Allen relation

r ∈ R, such that JrI and OccursSeq(s, J)

This formalism gives us a framework to design our algorithm.

4.3 Transition Graph Structure

Let assume that we made a series of observations O0, ..., On during consecutive inter-
vals I0, ..., In. Observations O0, ..., On are sets of properties. We can thus write for
each k: Holds(Ok, Ik). The intervals Ik are called observation intervals. Note that
the observation intervals do not necessarily coincide with the intervals during which
the base logic model does not change. The observations can change without an event
occurring and an event can occur without inducing a change in the observations. We
assume that the transition model is known. However the event occurrence succession
is unknown. Our goal is to infer properties given the observations and the transition
model.
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Let focus on one particular time point t in an interval Ik. The main idea of our algo-
rithm is to make hypotheses about the event sequences that occurred from the starting
time point t0 until t. For this purpose, we associate each event sequence s to its transi-
tion function Ts, which is the composition of the transition functions associated to each
of its events. Given a transition function T , we denote Seq(T ) the set of event sequences
s such that Ts = T . Given a time point t, an observation interval Ik and a transition
function T , we consider, as an event sequence hypothesis, the formula, denoted Nk

T (t),
stating that t is in Ik and that the event sequence between t0 and t belong to Seq(T ):

Nk
T (t) = t ∈ Ik ∧ ∃s ∈ Seq(T ), OccursSeq(s, [t0; t]) (1)

The formula Nk
T (t), will be later called a belief node, as we will build a graph structure

on these hypotheses. Let first notice that, for k given, the disjunction of the Nk
T (t) for

all transition function T is simply the statement that t belongs to Ik. For a given k, the
observation interval Ik can be thus associated with the set of belief nodes Nk

T (t) with
T ranging over all possible transition function.

Let us now build a graph structure on belief nodes. For this purpose, we build an
equivalent formula for Nk

T (t) using predecessor belief nodes. Given a transition func-
tion T we consider Pred(T ) the set of couple (T ′, e), with T ′ a transition function and
e an event symbol, such that T = Te ◦ T ′. The hypothesis Nk

T (t) is true if and only if
one of the following hypothesis is true:

– for one (T ′, e) ∈ Pred(T ), there exists t′ < t such that Nk
T ′(t′) and e is the only

event occurring between t′ and t.
– k > 1 and for one (T ′, e) ∈ Pred(T ), there exists t′ < t such that Nk−1

T ′ (t′),
e occur at the time point between Ik−1 and Ik and e is the only event occurring
between t′ and t.

– k > 1 and there exists t′ < t such that Nk−1
T (t′), and no event occurs during t′ and

t.
– if k = 0 and T is the identity, we also need to consider the hypothesis that no event

occurs between t0 and t.

Thus, each belief node can be written as a disjunction of hypotheses involving other
belief nodes, which are predecessor belief nodes through different events. A predecessor
belong to the same observation interval when the last event occured in the this interval,
or to the previous observation interval when the last event occured at the time point
between the two intervals (in this case the transition can correspond to no event).

The belief nodes can thus be organized into a graph, which we call transition graph,
where vertices are belief nodes and edges correspond to events (see Fig. 3). The edges
have two different types: internal edges, linking nodes corresponding to the same obser-
vation interval, and external edges, linking nodes from two consecutive observation
intervals. We thus label the edges with transition symbols constructed from the event
symbols and taking into account the internal or external nature of the edge. We denote
this set of transition symbol Etr = Ein ∪ Eex with Ein = {(e, in), e ∈ E} the set of
internal transition symbols and {(e, ex), e ∈ E ∪ {idle}} the set of external transition
symbols. The successor of a node Nk

T through an edge labeled by e ∈ Etr can be easily
computed as succ(Nk

T , e) = Nk
Te◦T if e ∈ Ein and succ(Nk

T , e) = Nk+1
Te◦T if e ∈ Eex.
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A walk in the transition graph starting from the initial node N0
Id gives a sequence

of events for which we know the position relatively to the observation intervals. The
definition of the hypothesis Nk

T (t) can be refined by stating that their exist some walk
w from N0

Id to Nk
T (t) such that the events occurring between t0 and t correspond to the

event sequence described by w with the correct position in the observation intervals.

Fig. 3. Example of transition graph structure

4.4 Nodes’ Belief Sets

A belief set is a set of formulas on a logical language, closed upon logical consequence.
For convenience we will use belief set within logical formulas. In such cases, the belief
set can be seen as the conjunction of all its elements. Similarly we sometimes define
the value of a belief set through a logical formula, implicitly meaning that the belief
set is the set of consequences from this formula. A belief set can also be seen as a set
of interpretations, corresponding to the interpretations upon which all its formulas are
true. From this point of view the conjunction (resp. disjunction) of two belief sets is
the intersection (resp. union) of the corresponding sets of interpretations. In our logical
formalism, a transition function can be applied to a base logic belief set, using the
correspondence with set of interpretations. Notice that any transition function preserves
the conjunction and the disjunction, and is monotonic relatively to the implication.

To each belief node Nk
T we associate a base logic belief set Bk

T containing all prop-
erties that can be inferred at a time point t upon the Nk

T (t) hypothesis and given the
past observations. In other words, we want to find Bk

T such that, for t ∈ Ik:

Nk
T (t) ∧

k∧

k′=0

Holds(Ok′ , Ik′) → Holds{m}(Bk
T , {t}) (2)
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Let w be a walk from the initial node N0
Id to a node Nk

T . We associate w to a belief
set B(w) such that if the sequence of events described by w occurred between t0 and
the current time point t, and the taking into account the past observations O0, ..., Ok,
then we have Holds{f}(B(w), {t}). This belief set can be defined the following way:

B(w) =
{

O0 if p is empty
Te(B(w′)) ∧ Ok with w = (w′, e)and k = nex(w) (3)

where nex(w) is the number of external event transitions in w. Using Hold{m}(B, t)∧
Occurs(e, t) → Holds{mi}(Te(B), t) as well asHold{s}(B, I)∧OccursSeq(s, I) →
Holds{f}(Ts(B), I), it can be shown that B(w) defined this way satisfies the desired
property.

As the hypothesisNk
T (t) states that their exist some walkw fromN0

Id toNk
T (t) such

that the corresponding sequence occurred, the belief set Bk
T can be defined as follow to

satisfy Eq. 2:
Bk

T =
∨

w∈walk(N0
Id,N

k
T )

B(w) (4)

where walk(N0
Id, N

k
T ) is the set of walk from the initial node to Nk

T in the transition
graph.

The goal of the algorithm it to compute the belief set Bk
T recursively.

4.5 Building the Graph

The goal of the algorithm is to build the transition graph and compute the nodes’ belief
sets recursively to match Eq. 4 so that Eq. 2 is satisfied for all belief nodes. As an input,
the algorithm is provided, one after the other, the observations associated to each obser-
vation interval. Each time the observation associated to the next interval is received, the
algorithm update the graph to compute the nodes associated to this interval.

The following notations are used to describe the algorithm:

– An observation interval I is identified to its set of associated nodes, so we can write
N ∈ I if the node N is associated to I .

– For an observation interval I , next(I) denotes the following consecutive interval:
next(Ik) = Ik+1.

– For a node N , Obs(N) is the set of observation associated to the interval it belongs
to.

– For a node N , B(N) is the belief set associated to N .

All nodes’ belief sets are initialized to be inconsistent. When the observations associ-
ated to the first observation interval is given, the UpdateInitialInterval function is
called (see algorithm 1). Then, each time the observations associated to the next obser-
vation interval is received, the UpdateNextInterval function is called (see algorithm
2). These two function ensure that the Icurrent variable refer to the last observation
interval for which information has been received, and that the belief sets of nodes asso-
ciated to this interval (and all previous intervals) are correctly computed. These two
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function both call the recursive function UpdateNode (see algorithm 3), which per-
forms a deep first exploration of the graph, updating the node’s belief set when neces-
sary.

Each call of the recursive function UpdateNode corresponds to a walk in the
graph. We define the set W of explored walks as the maximal set of walks such
that for each node N , the associated belief set is the disjunction of all B(w) with
w ∈ walk(N0

Id, N) ∩ W . For short, we note WN = walk(N0
Id, N) ∩ W . The algo-

rithm is correct if at the end of all recursive calls, W contains all walks from the initial
node to the current observation interval. During the algorithm execution, the following
property on W is maintained: if W contains a walk w which is not in the call stack, W
also contains all walks starting with w. In particular, when the algorithm terminates, the
call stack is empty and, as W contains all walks in the previous interval (or the empty
walk), W also contains all walks in the current interval. To maintain this property, the
UpdateNode function ensures that if WNpred

contains a walk w when it is called, then
at the end of the execution, W contains all walks beginning with (w, e). In the recursive
case, the node’s belief set is updated so that WN contains (w, e). As the function is then
called recursively for all event transitions e′, W should contains all walks starting with
(w, e, e′) for all e′, and thus all walks starting with (w, e). In the base case, the belief set
update has no effect, which means (w, e) is already in WN while not in the call stack,
and thus all walks beginning with (w, e) are already in W .

A key result for the termination of the algorithm is that cycles in a walk w do
not impact the computation of B(w). Indeed if w = w′wc with wc a cycle, it can be
shown, using the monotonicity of transition functions, that B(w) → B(w′). When
the UpdateNode function is called for a walk w = w′wc with wc a cycle, the cor-
responding node N has already been updated so that w′ is in WN . Assuming that wc

is the only cycle in w, the condition on the structure of W ensure for all walks w′′ in
WNpred

, (w′′, e) is already in WN , except for w. As B(w) → B(w′), w is also already
in WN . The update has thus no effect on the belief set and the function returns. As a
consequence walks with cycles are never effectively explored, which ensure that the
algorithm terminates, as long as the number of consistent nodes is finite.

Algorithm 1. UpdateInitialInterval()
Icurrent := I0
B(N0

Id) := O0

for e ∈ Ein do
UpdateNode(succ(N0

Id), N
0
Id, e)

end for



A Belief Update System Using an Event Model 29

Algorithm 2. UpdateNextInterval()
for N ∈ Icurrent do

for e ∈ Eext do
UpdateNode(succ(N, e), N, e)

end for
end for
Icurrent := next(Icurrent)

Algorithm 3. UpdateNode(N,Npred, e)
Bold := B(N)
B(N) := B(N) ∨ (Te(B(Npred)) ∧ Obs(N))
if B(N) �= Bold then

for e ∈ Ein do
UpdateNode(succ(N, e), N, e)

end for
end if

4.6 Querying the Graph

Once the transition graph is constructed, we want to know, given a time point t, which
properties are true at this time point. By construction, during an observation interval,
the disjunction of all its belief nodes holds. Thus, a property is true at a time point
within the observation interval if it is true in all belief nodes. Additionally, a property
is possible (i.e. not false) if it is possible in at least one belief node. One can also get
interested in what happen at the beginning (resp. at the end) of the observation interval,
by looking only at the belief nodes that have consistent predecessors (resp. successors)
in the previous (resp. next) interval. For example, a property is true at the beginning of
the observation interval if it is true in all nodes that have a consistent predecessor in the
previous interval. Knowing which properties are true at the beginning, during or at the
end of each observation interval, we can infer if a formula of the form HoldsR(φ, I)
is true, false or unknown according to current knowledge. Moreover possible event
sequences from t0 to a time point t in Ik correspond to walks in the graph from the
initial node N0

Id to a node associated to Ik, going through only consistent nodes.

5 Application to the Location Problem

We will now apply this algorithm to the home location problem. Here we assume
that the house topology is known, and that a set devices provides two type of loca-
tion information over time: information about the number of people present in one
room, and information about the location of a specific person. We also assume that
only known people are present in the house. We thus have a set of person P , a set
of rooms R and an adjacency relation Adj ⊆ R × R. The property language is
build with one predicate: IsIn(p, r) with p ∈ P and r ∈ R. An event is a person
moving from one room to an adjacent room. The set of event symbols is defined as:
E = {Move(p, r1, r2), p ∈ P, (r1, r2) ∈ Adj}. A transition function corresponds to a
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subset of person moving each from one room to another room. For convenience, as they
lead to similar belief sets, we chose to group in the same belief node all transition func-
tions for which people arrive in the same position, not taking into account their initial
position. We consider a belief set as a disjunction of house states, where a house state is
the conjunction of predicates of the form IsIn(p, r), for all p ∈ P . A house state thus
describes the position of all people in the house, and can be seen as an interpretation
for the base logic. Here for convenience, we use a different language for observations.
An observation can be whether the predicate Count(r,N), with r ∈ R and N ⊆ N,
meaning that the number of persons in room r is in N , or the predicate Located(p,R′),
with p ∈ P and R′ ⊆ R, meaning that the person p is in one of the room in R′. Adding
an observation to a belief set can be simply done by removing the incompatible house
states from the disjunction.

We applied this algorithm to the use case described in Sect. 2. We have P = {A,B}
for Alice and Bob, and R = {o, e, k, l, b} for outdoor, entrance, kitchen, living-room
and bedroom. The sensors deliver information about Bob’s location, and the number
of person in the entrance, the living-room and the kitchen. We denote out = {o},

Table 1. Results of the algorithm applied to Alice and Bob use case

Node Belief

Interval 1: Located(B, out), Count(e, zero), Count(l, zero)

{} (IsIn(A, o) ∧ IsIn(B, o))

∨(IsIn(A, b) ∧ IsIn(B, o))

∨(IsIn(A, k) ∧ IsIn(B, o))

Interval 2: Located(B, out), Count(e, some), Count(l, zero)

Move(A,*,e) IsIn(A, e) ∧ IsIn(B, o)

Interval 3: Located(B, out), Count(e, zero), Count(l, some)

Move(A,*,l) IsIn(A, l) ∧ IsIn(B, o)

Interval 4: Located(B, home), Count(e, some), Count(l, some)

Move(A,*,l), Move(B,*,e) IsIn(A, l) ∧ IsIn(B, e)

Interval 5: Located(B, home), Count(e, zero), Count(l, some)

Move(A,*,b), Move(B,*,l) IsIn(A, b) ∧ IsIn(B, l)

Move(A,*,l), Move(B,*,b) IsIn(A, l) ∧ IsIn(B, b)

Move(A,*,l), Move(B,*,l) IsIn(A, l) ∧ IsIn(B, l)

Move(A,*,l), Move(B,*,k) IsIn(A, l) ∧ IsIn(B, k)

Interval 6: Located(B, home), Count(e, zero), Count(l, zero)

Move(A,*,b), Move(B,*,k) IsIn(A, b) ∧ IsIn(B, k)

Move(A,*,b), Move(B,*,b) IsIn(A, b) ∧ IsIn(B, b)

Interval 7: Located(B, home), Count(e, zero), Count(l, zero),

Count(k, some)

Move(A,*,b), Move(B,*,k) IsIn(A, b) ∧ IsIn(B, k)
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home = {e, k, l, b}, zero = {0} and some = N
∗. The scenario is composed of seven

steps, corresponding to observation intervals. The transition graph resulting from the
algorithm is described in Table 1. Notice that in the last interval, the only possibility
is that Alice is in the bedroom and Bob in the kitchen, which is more precise that
what can be inferred using only the last observations. The implemented algorithm thus
successfully worked on the defined test case.

6 Conclusion and Perspectives

At the application level, our work has shown that it is possible to infer accurate location
information with a minimum of sparse low level measurements. For instance, as proved
by our illustrative example, our approach makes it possible to find out which rooms
several known occupants of the home can be located in, even if only few of them can
be identified through their mobile phone or RFiD card and only very low level sensors
and detector are used, only some rooms of the house are instrumented. The formalism
and logical framework that we have defined multiple levels of genericity. In the Internet
of Thing (IoT) domain, we can apply a similar approach to identify the status of an
equipment (device, system, machine) through sparse observations of the equipment and
of its environment.

On a more general level, we believe that our approach, including the modeling tech-
nique and algorithms can be applied to range of application domains. Characteristics of
the target domains include the fact that information in these domains are organized as
interrelated chunks of data and that it is known how modifying one chunk can affect
chunks that are related to the chunk being modified.

On future work, this approach could also be extended to include probabilistic rea-
soning. This would allow to tackle the problem of imperfect sensors that can occasion-
ally provide erroneous information, or to take into account the fact events and situations
may occur with different probabilities.
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