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Extended Petri Nets have been applied to artificial intelligence
reasoning processes, in areas such as planning, uncertainty reasoning,
knowledge-based intelligent systems, and qualitative simulation. Creating
Petri Net domain models faces the same challenges that confront
all knowledge-intensive Al performance systems: model specification,
knowledge acquisition, and refinement. Thus, a fundamental question
to investigate is the degree to which automation can be used. This
paper formulates the learning task and presents the first machine
learning method for Time Interval Petri Net (TIPN) domain models. In
a preliminary evaluation within a damage control domain, the method
learned a nearly perfect model of fire spread augmented with temporal
and spatial data.

Keywords: domain model learning, Petri net learning, spatial-temporal data
series learning, real-time decision-making, automated damage control.

1 INTRODUCTION

Historically, Petri Nets and their extensions have been used to model
concurrent processes in domains such as communication networks, operating
systems, and job scheduling [1-5]. More recently, Petri Nets and their
extensions, such as Time Interval Petri Nets (TIPNs), have been applied to
artificial intelligence reasoning processes, in planning, uncertainty reasoning,
intelligent systems [6, 7], qualitative simulation and modelling [8,9]. TIPNs
are especially suitable as fast qualitative-level models for concurrent
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FIGURE 1
An Al decision-making agent in the shipboard damage control environment. A TIPN based
domain model is used to predict effects of candidate actions toward selecting the best one.

temporally and spatially referenced processes such as the ones in real-time
strategy games, traffic control, and crisis decision making. One example of
a TIPN application is a decision-making system for the DC-Train real-time
shipboard damage control training environment [9]. On 160 simulated
difficult scenarios that involved fire, smoke, flooding, and machinery failure,
the TIPN-based decision-making system saved 117 ships (73.1%) [9]. This
is a substantial improvement over the performance of human experts, who
saved 28 of 160 (17.5%) ships. The system employed TIPNs for qualitative
simulation of effects of the proposed crisis responses and used them to
select the most appropriate course of action (Figure 1). [10] has been
exploring applications of TIPNs to modelling genetic regulatory networks
in biology. The previously used model [11] is based on Bayesian networks
and does not account for temporality.

At the present, Time Interval Petri Net based models need to be
hand-crafted by subject matter experts. Thus, the ability to learn TIPNs
automatically from historical data and domain theory would greatly improve
applicability of the formalism. To illustrate: records of past scenarios are
available in the domain of shipboard damage control. Likewise, microarray
time series data can be used for TIPN learning in the study of biological
genetic regulatory networks.
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In this exploratory paper, we review the arguments as to why Time
Interval Petri Nets are an interesting and useful representation for domain
models, formulate the learning task, discuss applicability of the existing
machine learning techniques, present the first method of learning Time
Interval Petri Nets, conduct an initial empirical evaluation, and outline an
agenda for the future research. This paper is an extended version of [12].

2 TIME INTERVAL PETRI NETS AS DOMAIN MODELS

Time Interval Petri Nets have been used in Al as causal models of spatial
and temporal dynamics in a system or domain of interest. One of their
appeals lies with the ability to represent uncertainty along the temporal
dimension. That is useful when timings of the events are not known precisely.
Unlike Monte Carlo simulation based approaches, such as the ones used
in Time Coloured Petri Nets by [2] and requiring mutliple simulation runs
to establish a distribution of possible outcomes, Time Interval Petri Nets
use temporalntervals as time stamps of the events modelled.

In order to make the machine learning contributions of this paper
self-contained, the remainder of this section will introduce TIPNs informally
via an example. Guidelines for TIPN use, comparisons to other qualitative
reasoning models such as the Qualitative Process Theory (QPT) by [13],
and an axiomatic introduction can be found in [9].

In order to model the process of fire spread with traditional modelling
tools, one needs to set up a numeric simulator to compute combustible
material distribution, gas zones, plumes, heat transfer, wall temperatures,
ignition properties, and fire suppressant effects. This is the approach taken in
[14]. Since fire fighting personnel are involved in the process, a behavioral
simulator is needed to model the decision making of each crew member,
and aspects of their fire-fighting performance such as temporal delays
caused by travel time between places in the ship. The inherent complexity
of these types of simulation prevents multiple alternatives extending 20
minutes into the future from being simulated in a matter of seconds at
the resolution required, hence the motivation for the TIPN approach. As
with all abstractions of first-principle models, the TIPN model is not as
accurate, but it provides sufficient accuracy in a limited amount of time to
support damage control decision making [9].

The process of constructing a TIPN begins with a model of qualitative-type
patterns augmented with temporal information that underlie the phenomena
in question. Using this approach, the complex phenomena outlined in the
previous paragraph are abstracted into the following domain dependency
(further simplified for illustration purposes):

“if compartment X is hot and the fire boundaries around X are not set
then the fire will spread to neighbor compartment Y in 3 to 4 minutes.”
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FIGURE 2
A simple Time Interval Petri Net (TIPN) qualitatively modelling fire spread with spatial
and temporal information.

In the first order predicate calculus this model can be expressed as follows
(we use Prolog notation henceforth):

ignited(Y,Tnew)
hot(X,Told),
not fire_boundaries(X,Told),
neighbor(X,Y),
delay(Tnew,Told,3,4).

Here predicatgnited(Y, Tnew) holds when compartmenis ignited at time
Tnew. Likewise, predicat@ot(x,Told)  indicates the fact that compartment

is of a high temperature at timlid . Predicatéire _boundaries(X,Told)
establishes that fire boundaries are set around compartragrnime Told

(i.e., that the compartment walls are being cooled down to prevent fire
spread). Predicateeighbor(X,Y) holds if and only if compartment is
adjacent to compartment thereby specifying the ship topology. Finally,
predicatedelay(Tnew,Told,3,4) tells us thattnew and Told are between
three to four minutes apart.

The corresponding TIPN is shown in Figure 2. It consists of tiplaees
(large circles) that correspond to predicates, fire _boundaries , and
ignited . In general, TIPN places descriladtributes of system stat&he
transition (horizontal bar) links them together and corresponds ¢hange
in system stateThe two input places (shown above the transition) and
one output place (shown below the transition) are linked to the transition
by arcs (shown as arrows) which expresausality of the systenNote
the tilded inhibitory arc that disables (inhibits) the transition from “firing”
when the disabling condition (i.efire _boundaries ) is satisfied

While TIPN places represent state attributes and transitions correspond
to state changes, TIPNokens (shown as smaller filled circles in the
diagram) reside in places and describe a particstate the modelled
system is in. The assignment of tokens is calladrking and evolves
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TABLE 1
Learning Time Interval Petri Nets
Domain elements TIPN model elements Role
State attributes Places Provided
State changes Transitions Provided
Possible causality Possible arcs Provided
Actual causality Actual arcs Learned
Spatial dependencies Output arc expressions Learned
Temporal dependencies Delay intervals Learned

together with the system’s state. Presence of a token in a place indicates
that the particular attribute/condition matisfied For instance, the token
Al2,4] in the enabling plac@ot represents the fact that compartment
has become critically hot between 2 and 4 minutes scenario time. Likewise,
tokenA,3,5] in the disabling placaére _boundaries represents the fact
that fire boundaries were set on compartmettetween 3 and 5 minutes
into the scenario thereby disabling the fire spread at that time. Under the
firing logic assumptions adopted in [9], the transition will be enabled in
the time window [2,3] and the fire will spread from compartmento
compartment. Correspondingly, a new token is deposited in the output
placeignited  representing compartmentcatching on fire between 2+3=5
and 3+4=7 minutes scenario time. Note tbatput arc operatomeighbor
changes the compartment label framio B. The fire spreadielay of [3,4]

is shown to the left of the transition.

3 LEARNING TASK

As motivated in the previous sections, a natural and important application
of machine learning lies withutomating synthesis and verificatiohTime
Interval Petri Net models. The resulting benefits include: (i) much reduced
requirements for human expertise, (ii) accelerated design cycle and therefore
improved cross-domain portability of the enveloping decision-making system,
and (iii) greater confidence in the models produced.

Frequently, the designer of an Al decision-making system knows the
relevant attributes to describe domain states (e.g., compartment identifier,
compartment state, etc.) and knows possible state changes (e.g., engulfment,
fire spread, explosion, etc.). This information formsl@main theoryfor
TIPN learning.

On the other hand, a complete causal model (e.g., the fact that lack of fire
boundaries and high temperature cause fire to spread), spatial information
(e.g., likely fire spread trajectories), and temporal data (e.g., the fact that
such a spread typically takes three to four minutes) are often unavailable
as summarized in Table 1. In this table, “possible arcs” specifies a set of
possible connections between places and transitions; and “actual arcs” have
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the additional information of directionality (unidirectional or bidirectional)
and whether the arc is enabling or inhibitory. This information is recovered
from past scenario traces (i.e., timstorical datg during the learning
process.

The learning task for TIPNs can be thus defined as automatic synthesis
of a causal domain model expressed as a collection of Time Interval Petri
Nets from the available domain theory and historical data. The desired
attributes of a TIPN learning process include the ability to harness expert
knowledge as well as noisy and incomplete historical data; and a facility
for specifying the learning bias (e.g., accuracy of TIPN models vs. model
size). In the following, we will use these attributes to discuss shortcomings
of the existing methods available for learning Petri Nets and then introduce
a novel algorithm designed to address the difficulties.

4 DISCUSSION OF EXISTING METHODS

Due to the recent nature of Time Interval Petri Nets, there are presently no
methods for TIPN learning other than the one proposed in this paper. Thus,
we discuss related research in the following order: (i) synthesis methods
developed fomther flavorsof Petri Nets; (ii) inductive logic programming
(ILP); (iiiy automated first-order theory refinement methods. For each of
them we indicate the difficulties with respect to TIPN model learning.

Main-stream Petri Net synthesis research centers around recovery of the
Petri Net given its reachability graph [15-18]. The problems with using
these methods for TIPN model learning include: (i) required consistency
(i.e., no noise tolerance) and completeness of the learning input (i.e., no
generalization is attempted), (ii) applicability to propositional Petri Nets
only (i.e., no first-order representation), (iii) user’s inability to control the
resulting TIPN topology.

Time Interval Petri Nets have a natural connection to first-order
representations such as predicate logic clauses and Prolog programs as
demonstrated by [9]. Therefore, one can use machine learning methods
for such representations to induce them first, followed by a conversion to
TIPNs. Our study of TIPN learning via the Inductive Logic Programming
tool called Progol [19] revealed considerable difficulties with: learning
recursive predicates that are a natural representation of chain events such
as progressive fire spread, and user’s inability to explicitly supply their
domain knowledge as a starting point of the TIPN model to be learned.

Automated first-order theory refinement methods such as in [20] address
the last problem by taking a user-supplied and possibly incorrect initial
theory and refining it with historical data. The following are the challenges
of using this approach for TIPN model learning: (i) consistency of the
historical data set is assumed but is frequently unavailable in real-life
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scenario logs due to noise and operator errors. Thus, a domain theory
perfectly fitting the noisy data may not exist at all; (ii) the theory produced
is made similar to the user-supplied theory through a number of minor
syntactic changes which may not translate to similarity of the learned TIPN
and the user-supplied TIPN; (iii) the trade-off between the accuracy and
the size of the theory produced is not explicitly user-controlled; (iv) the
single best theory is maintained while the user often wishes to select from
several good TIPNs at the end; (v) qualitative models are learned as single
conjunctive clauses with no temporal or spatialantitative support.

Grammar based first-order theory refinement methods such as the one
by [21] would face similar issues if applied to TIPN learning. Additionally,
while their learning input requires a grammar to define the search space
and an initial domain theory as a starting point of the refinement process,
we combine these two together in an intuitive incomplete TIPN model.
Finally, we make the refinement process fully autonomous by concentrating
the user’'s problem-solving expertise in the learning input.

5 ML-TIPN LEARNING METHOD

In light of the difficulties with the use of existing methods, we have
developed a novel approach specifically for learning TIPN-based domain
models. The method addresses all of the problems discussed above as it:
(i) takes a user-supplied domain theory, (ii) refines it using noisy and
inconsistent historical data, (iii) allows the user to control the properties of
the model produced, (iv) learns fully fledged TIPNs including the temporal
and spatial causality, and (v) produces more than one TIPN model should
the user so request. We will refer to the algorithm as ML-TIPN.

The outline of ML-TIPN is presented in Figure 3. We will describe its
inputs in Section 5.1, its scoring metric in Section 5.2, and the algorithm itself
in Section 5.3. Operation of ML-TIPN is illustrated with a hand-traceable
example in Section 6.1.

5.1 Representation of Learning Input

ML-TIPN's input consists of domain theor, and historical datge; }, {¢’},

here and below we follow the notation of Figure 3. Domain theory is encoded
as one or morencompleteTime Interval Petri Nets. Such representation
enables the user to specify the lexicon and known causality information (if
any) while leaving the unknown parts for ML-TIPN to learn. Technically,
an incomplete TIPN is a Time Interval Petri Net where certain arcs are
labeled “unknown” and can be of any standard type (e.g., inhibitory or
enabling). ML-TIPN will “refine” such possible arcs into one of the basic
types. Additionally, operators on the output arcs can be left open. ML-TIPN
will then attempt to fill such an operator with a table of records of the
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ML-TIPN

INPUT:
- domain theory: incomplete TIPNs?,

- historical data events:
- training: e1, ..., en
- validation: e, ..., e
- scoring metric
- desired number of final TIPNsM)
OutpuT: M completely specified TIPNs
1 initialize the beam width taB;
2 for t=1,..., N do
3 reset the new population of TIPNB, = ¢
4 retrieve evente; from the historical data
5 for each TIPNX in the previous population?,_; do
6 if evente, is externalthen
7 update TIPNX's marking to reflecte,
8 add TIPN X to the new population?,

9 else

11 refine TIPN X according to event,

12 add the resulting TIPNs to the populatidh

13 end if

14 sort populationp, by the scoring metric ory, ..., ¢},

15 retain the topB, TIPNs in populationP,, discard the rest
16 update the beam widthB, to B,y

17 end for

18  fully refine TIPNs in populationPy, put them in Py41
19  output theM top-ranked TIPNs inPy41

FIGURE 3
The ML-TIPN learning algorithm.

type “input token label> output token label” (as illustrated in the bottom
boxes of Figures 5 and 6). Finally, the temporal delay intervals can be
left for ML-TIPN to fill in as well.

Historical data are represented as a series of event records. Each record
describes an actual event in terms of token introduction or removal from a
particular place in the TIPN model. Specifically, an event is represented
as a 5-tuple<place, token, time interval, +/-, ext/iint/unknown>
where place is the TIPN place theoken was put in or removed from,
time interval indicates whentoken is believed to acquire its current
attributes and placey denotes token introduction and stands for
removal, and finallgxtint/unknown indicates whether the eventasternal
(i.e., the token came from outside of the TIPN),imternal (i.e., the token
introduction/removal is a result of TIPN operation), enknownwhich
may be either of the two. As an example, consider the following event:
<fire _fighting, [compartment, 'A’], [team, R5] , [3:27, 3:45], +, ext>
It represents the fact that the tokgbmpartment, ‘A7, [team, R5] with
the timestamp of3:27,3:45]  wasintroducedinto the placeire _fighting
and it came fronoutsideof the given TIPN. In English the record reads:
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“A firefighting team R5 started to fight fire in compartment A sometime
between 3:27 and 3:45".

ML-TIPN takes two sets of historical data: a training set. .., ey Of
N events and a validation set, ..., ¢}, of N’ events. The training set
is used to update TIPN models (line 11) which are then evaluated on the
validation set (line 14).

5.2 Scoring Metric
Usually TIPN models are used within larger Al systems. Therefore, one of
the most important attributes is whether the model learned by ML-TIPN
improves the system performance. While being conceptually simple, such a
wrapper approach would not be practically feasible as frequent evaluations
of candidate TIPN models via running the entire performance element
are cost-prohibitive. Therefore, we adopt a filter approach and assess the
quality of a TIPN model with the following computationally less expensive
scoring metric.

ML-TIPN’s score of a Time Interval Petri Net is inversely proportional
to a weighted sum of the following five terms: (i) the total number of
known arcs in the TIPN, (ii) the total duration of all transition delays,
(i) the total size of all output arc operator tables, (iv) the total number
of false positives (i.e., the events that the TIPN predicts but which were
not recorded as a part of the historical data), (v) the total number of false
negatives (i.e., the events that the TIPN does not predict but which were
indeed recorded as a part of the historical data). According to the scoring
metric, larger TIPN models are penalized more as well as the models
that are less accurate with respect to the validation set of historical data.
Additionally, the user has control over the weights of the individual terms
in the scoring metric. This provides a way of specifying the learning bias.
For instance, increasing the weight of component (i) above will encourage
ML-TIPN to seek more compact models even if they are less accurate.

5.3 Learning Process
In this section we focus on the details of ML-TIPN important for replicating
this work. We will use the line numbers of Figure 3 throughout the section.
ML-TIPN learns by conducting a heuristic beam search in the space of all
TIPNs that are refinements of the domain theory (i.e., of the incompletely
specified initial TIPNs Py). The learning process is carried out i
iterations (line 2) whereV is the number of events in the training data
e1, ..., ey. At each iteratiorr, evente, is retrieved from the historical data
in chronological order (line 4). Then the populatiéh_, of B, partially
specified TIPN models is refined into the new populat®n(lines 5-12).
Specifically, if event, is external (i.e., is not to be modeled by the TIPN
being learned) then ML-TIPN merely updates the marking of every TIPN
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in population P;_; (line 7) and copies them all to the new populatin
(line 8). If the event, is internal (i.e., is to be modeled by the TIPN being
learned) then ML-TIPN uses the set of the refinement operators to modify
each TIPN in the populatioR,_; in an attempt to make them able to model
the event (line 11). Specifically, four types of refinement operators can be
applied to a TIPN: (i) converting arc’s type from ‘unknown’ to one of the
standard types, (ii) extending the time delay of a transition, (iii) adding a
record to an output arc operator table, and (iv) leaving the TIPN intact.
For instance, if an event indicates a fire spread from compartreat
compartmentB, all TIPNs in the population that model fire spread can get
their output arc operator updated with the recdrd> B. Another example:
suppose there is an unknown-type arc from the place “Hot” to transition
“Engulfment” and the latter leads to the place “On Fire”. Suppose also that
compartmeniC is known to be hot (i.e., there is a corresponding token in
place “Hot"). Then if ML-TIPN observes an internal event of compartment
C catching on fire, it can refine the arc’s type from unknown to enabling.
Note that there may be several ways of refining a particular TIPN so
that it models the event at hand. All such refinements will be performed
in line 11, each producing a refined TIPN. All of these refinements are
put in the new populatior?, (line 12). Then ML-TIPN will sort the new
population P; using the scoring metric and the validation gt.. ., e},
(line 14) and retainB; top-ranked ones (line 15). The beam search width
B, is then updated (line 16). Similar to simulated-annealing search, the
beam width is gradually decreased as higher quality TIPNs are expected
to reside inP,.
After N iterations, thetraining data, . . ., ey willbe exhausted. ML-TIPN
will then refine the final populatio®y in all possible ways (line 18), sort the
resulting TIPNs on the validation set using the scoring metric, and output the
M top-ranked of them (line 19). Note that the numBbeéris supplied by the
user giving him/her an opportunity to hand-pick from several learned TIPNs.
There are three substantial differences between genetic algorithms [22],
there are three substantial differences. First, our search is deterministic while
genetric algorithms use stochastic operators of mutation and cross-over.
Second, while the search in genetic algorithms is guided by a fitness
function, our search is controlled by a fithess function (i.e., ML-TIPN'’s
metric)andthe training data. Finally, in ML-TIPN the initial domain theory
not only constrains the search space but also defines a better non-random
starting point of the search.

6 EMPIRICAL EVALUATION

In this section, three different experiments are described. We begin by
illustrating the learning process with a simplified fire spread phenomenon.
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FIGURE 4
A simple fire spread scenario. The numbers correspond to the ignition times.

TABLE 2
Event record for the simple fire spread scenario

Event Description

<hot,A,[1,1],+,external> primary damage in compartmert

<fbs,B,[2,2],+,external> fire boundaries set oB prevent fire spread from
BtoE

<hot,B,[2,2],+,internal> fire spreads fromA to B with a 1-min delay

<hot,C,[3,3],+,internal> fire spreads fromA to C with a 2-min delay

<hot,D,[5,5],+,internal> fire spreads fromA to D with a 4-min delay

Then ML-TIPN is evaluated on a more complex fire spread learning task.
The section is concluded with a comparison between ML-TIPN and an
inductive logic programming approach.

6.1 Learning a Simple Fire Spread Model

The first test of the ML-TIPN learning algorithm illustrates learning a TIPN
model of greatly simplified fire spread in the domain of ship damage control.
The input scenario involves a fire spread in five adjacent compartments
(A, B, C, D, E) as illustrated in Figure 4. The corresponding event record
(e; = €} for all i), which is the input to the ML-TIPN algorithm, is shown

in Table 2. For the sake of simplicity and space, we will start with the
prior domain theoryP; in the form of the two-element TIPN set shown in
Figure 5. Additionally, we will set the beam widtB; to oo for all t. The

left TIPN in the figure represents the hypothesis that fire boundaries have
no effect on fire spread while the right TIPN supposes that they disable
fire spread. Note that both candidates are incompletely specified in terms
of the temporal information and arc operators. Namely, the arc operator is
extendable and already has one record i itz> E meaning that the user
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Prior domain theory used for the ML-TIPN demonstration shown encoded as two TIPNSs.
Note that the TIPNs are incomplete as their delay intervals are empty and the output arc
table contains one record only.
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Two top-ranked models learned by ML-TIPN. The TIPN on the right is accurate.

knowsa priori that fire can spread from compartmento compartment.

The first two external eventsey = <hot,A, [1,1],+, external> , €2 =
<fbs,B, [2,2],+, external> ) and one internal eveig = <hot,B, [2,2],+,

internal> result in four TIPNs in the populatioP’s. Then ML-TIPN
processes the internal evea = <hot,C, [3,3],+, internal> thereby
generating nine TIPNs i®,. After the final evenks = <hot,D, [5,5)],+,

internal> , the total number of TIPNs in the population becomes 27. The
two TIPNs ranked highest with respectdq .. ., es are shown in Figure 6.

6.2 Learning a More Complex Fire Spread Model

The second experiment involved larger test and training sets, and the goal
was to learn a more complex fire spread moéelmary damagegnitions

were randomly set in one or more of 476 ship compartments, and physical
and intelligent agent simulators propagated the fire to other compartments.
Fire would spread to a neighbor compartment if the firefighting efforts
were delayed by more than five minutes. Otherwiséireaout event was
recorded.
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FIGURE 7

Left: Manually designed TIPNRight: Prior domain theoryP, expressed as an incomplete
TIPN. Dashed lines represent possible/unknown arcs. Temporal interval delays, arc
directionality, and enablement/disablement conditions are left to be learned by ML-TIPN.

Chain fires were defined as fires in compartments other than the ones with
primary damage. Table 2 shows a primary damage event in compartment
A, and three chain fires of length 1 in compartmests, andp. If the fire
spreads to compartmemr® then this would create a chain fire of length
2 (A to B to E). Chain fires are particularly challenging to learning as
mispredicting one fire usually renders the rest of the fire spread chain
causally inexplicable.

Each output event of the simulation became a part of the historical data
with a 10% probability of one of the following three errors (i.e., training
data noise): (i) its time interval was randomly altered, (ii) the compartment
identifier was randomly modified, and (iii) the event was left out of the event
record completely. Below is a small fragment of an actual event{épg

primary_damage('3-142-1",[9,9]).
fire_detected('3-142-1,[9,9]).
fire_fighting('3-142-1',[16,17]).
fire_detected('3-142-0",[19,19]).
primary_damage('1-54-2",[32,32]).
fire_detected('1-54-2,[32,32]).
fire_fighting('1-54-2",[36,37]).
fire_out('1-54-2,[40,41]).

Here [t1,t2] represents the time interval of the event apnd-p s
the deck-frame-position compartment identifier. For instance, the first two
lines indicate a fire in compartment '3-142-1" at time 9 caused by primary
damage there at the same time.

The machine learning objective of the ML-TIPN algorithm was to
produce a model fofire events in terms oOfrimary _damage, fightfire
fire _out , and othefire events. Figure 7 shows a TIPN manually designed
to model the simulated crisis phenomewihout the noise The initial
domain theoryPy given to ML-TIPN is shown in Figure 7 as an incomplete
TIPN. We then generated eight training and eight testing data sets of 2, 5,
7, 10, 15, 20, 30, and 50 events. A cross-validation study was carried out
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FIGURE 8
Left: TIPN learned by ML-TIPN from 30 training eventRight: Learning times for ILP
with fire spread chains limited to 1, 2, and 3 fires as well as ML-TIPN.

by training the algorithms on each of the eight training sets and testing
them on each of the eight testing sets. ML-TIPN was run with an initial
beam width B; of 150. It was decreased by the factor of 0.9 at each
iteration until it reached 5 after which it was kept constant. The scoring
metric (Section 5.2) weights were fixed at, {32, 7, 10).

The three types of noise in the data present a considerable difficulty to
learning as many events cannot be causally explained. Figure 8 shows the
TIPN model learned from the training scenario of 30 events. Similar models
were learned from 50-event scenarios. Comparing it to the hand-engineered
TIPN in Figure 7, we note that all causal conditions are properly learned
and the transition delay intervals have only minor differences. This is a
result of noise as well as small size of the training data set.

6.3 Comparison between ML-TIPN and ILP
One of the strengths of the TIPN representation is the ability to convert
between TIPNs and predicate calculus statements. This allowed us to
conduct an experiment to learn a first-order logic model of the fire spread
phenomena of Section 6.2 using inductive logic programming (ILP). On
the ILP side, we used C-Progol [19]. Four versions of ILP learning code
were run for each of the 64 combinations of the training and test scenarios.
The first three versions capped the length of fire spread chains at 1, 2, and
3 fire events. The fourth version allowed for an arbitrarily long chain fire
spreads via the use of recursive calls to the learned predieate We do
not report results of the fourth version as achieving its convergence within
the available amount of memory and time is a topic for future research.
The first finding of this comparative learning experiment is that there
is a significant difference in the learning times (Figure 8). We believe
this is because ML-TIPN is searching the space of valid TIPNs, and this
significantly restricts the search space. By contrast, the ILP algorithm is
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searching the space of valid clauses, which is much larger. Because there
is no way to make the ILP search TIPN-specific, there is no natural way to
restrict the search space further. On average, the number of false negative
plus false positives was 45.1% higher with ILP. We believe the larger
search space and the noise in the data prevented C-Progol from converging
on a high-quality fire spread model.

7 SUMMARY AND RESEARCH OUTLOOK

This paper presents results of the first attempt to apply machine learning
to the construction of Time Interval Petri Nets (TIPNs) for an Al task.
Using an incomplete domain theory and noisy training data, an algorithm
called ML-TIPN successfully constructed a fire spread TIPN in the domain
of ship damage control. Petri net models of concurrent processes have
been widely used in computer science because they have the advantages
of providing an intuitive graphical representation of the processes being
modeled and because of their strong theoretical foundation. This paper
strengthens their relevance to Al problems by demonstrating that parts of
TIPN construction can be automated.

Given the positive results of this exploratory study, an important question
to address is directions of future research. What are the limits of machine
learning for TIPNs?

One future research area is to understand how TIPN learning is affected
by different characteristics of the training data. Accurate TIPNs were
successfully learned from a relatively small set of training data with the
noise rate of 10%. Of interest is how a greater level of noise in the training
data and different volumes of training data impact the accuracy of the
learned model and learning times.

Another area of future research is to understand how TIPN learning is
affected by the quality and size of the background domain theory. The
vocabulary used in the present experiments is provided at the correct level
of abstraction. Thus, it is an open question of how much more difficult
learning would become should the given vocabulary been more general or
more specific than the target level of abstraction. Another issue relates to
the scope of the background domain theory. Presently, the domain theory
(Po in Figure 3) includes a specification of TIPN places and transitions
(Table 1). As the models scale-up, automated ways of acquiring internal
places and transitions are likely to become more important.

Yet another area of future research is the development of refinement
operators and different scoring metrics that evaluate the quality of the
refined TIPNs. The operators and metric described in this paper have been
demonstrated to produce an accurate TIPN, but this may not be the case
in a different domain. A related research goal is automatic learning of the
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best weights to use in the scoring metric as well as the optimal “cooling
scheme” for the beam width. Related recent work includes search with and
automated acquisition of meta-models [23].

Lastly, it is of interest to investigate how learning larger TIPNs scales
up. In [9] manually constructed TIPNs in the domain of ship damage
control had up to 43 nodes and transitions, and the learning experiments
to date have synthesized TIPNs with 11 nodes. Clearly it is advantageous
if the learning of larger TIPNs can be decomposed into the learning of
a set of interconnected smaller TIPNs, and the extent that this is usually
possible needs to be explored. Also, the difficulty of directly synthesizing
larger TIPNs needs to be investigated.
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