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Abstract

Whenever people move through their environments
they do not move randomly. Instead, they usually
follow specific trajectories or motion patterns cor-
responding to their intentions. Knowledge about
such patterns may enable a mobile robot to robustly
keep track of persons in its environment or to im-
prove its obstacle avoidance behavior. This paper
proposes a technique for learning collections of tra-
jectories that characterize typical motion patterns
of persons. Data recorded with laser-range finders
is clustered using the expectation maximization al-
gorithm. Based on the result of the clustering pro-
cess we derive a Hidden Markov Model (HMM).
This HMM is able to estimate the current and fu-
ture positions of multiple persons given knowledge
about their intentions. Experimental results ob-
tained with a mobile robot using laser and vision
data collected in a typical office building with sev-
eral persons illustrate the reliability and robustness
of the approach. We also demonstrate that our
model provides better estimates than an HMM di-
rectly learned from the data.

1 Introduction

Whenever mobile robots are designed to operate in populated
environments, they need to be able to perceive the people in
their neighborhood and to adapt their behavior according to
the activities of the people. Knowledge about typical motion
behaviors of persons can be used in several ways to improve
the behavior of a robot since it may provide better estimates
about current positions of persons as well as allow better pre-
diction of future locations.

In this paper we present an approach for learning prob-
abilistic motion patterns of persons. We use the EM-
algorithm [10] to simultaneously cluster trajectories belong-
ing to the same motion behavior and to learn the characteris-
tic motions of this behavior. We apply our technique to data
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recorded with laser-range finders. Furthermore, we demon-
strate how the learned models can be used to predict positions
of persons.

Recently, a variety of service robots has been developed
that have been designed to operate in populated environ-
ments. These robots for example, have been deployed in hos-
pitals [6], museums [4], office buildings [1], and department
stores [5] where they perform various services e.g., deliver,
educate, entertain [14] or assist people [13, 8, 12]. A variety
of techniques has been developed that allows a robot to track
people in its vicinity [15, 7]. Additionally, several authors
have used models of people’s motions to adapt the behavior
of a mobile platform according to predicted movements [18,
17, 9]. These approaches, however, assume that a motion
model is given. They provide no means to learn the parame-
ters of the motion behavior of persons. Bui et al. proposed an
Abstract Hidden Markov Model (AHMM) to predict people’s
motion [3]. They assume that the goals and subgoals a per-
son might have (i.e. locations the person aims to approach)
are given. Our approach, in contrast, is able to learn the in-
tentions and to automatically derive the parameters of the un-
derlying HMM. The technique described in this paper is an
extension of the approach recently proposed by Bennewitz et
al. [2]. We describe how to learn the intentions of persons and
how to derive an HMM from the corresponding motion pat-
terns. This Hidden Markov Model allows the robot to main-
tain a belief about the current location of a person.

The paper is organized as follows. The next section intro-
duces our approach to learn motion patterns from observed
trajectories and describes how we generate Hidden Markov
Models to predict motions of persons. In Section 3 we
present several experiments illustrating the robustness of our
approach for estimating the positions of single and multiple
persons using laser and vision data with a mobile robot. We
also give results indicating that our models provide better es-
timates than Hidden Markov Models directly learned from
the observations.

2 Learning Motion Patterns

When people perform their everyday activities in their envi-
ronment they do not move permanently. They usually stop at
several locations and stay there for a certain period of time,
depending on what activity they are currently carrying out.
Accordingly, we assume that the input to our algorithm is a
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collection of trajectories d = {di,...,dn} between resting
places. The output is a number of different types of motion
patterns 6 = {6y, ...,6x} a person might exhibit in its nat-
ural environment. Each trajectory d; consists of a sequence
di = {i1,%i2,-..,¢;1 } of positions x; ;. Accordingly,
24,1 is the first position of the person when it starts leaving a
resting area and z; 7; is the destination. The task of the algo-
rithm described in this section is to cluster these trajectories
into different motion behaviors and finally to derive an HMM
from the resulting clusters.

Throughout this paper we assume that all trajectories have
the same length 7', where 7' is chosen as the maximum length
of all trajectories. A trajectory d; of length T; < T is ex-
tended by linear interpolation. The learning algorithm de-
scribed below operates solely on this information and there-
fore does not take into account the velocities of the persons
during the learning phase. In our experiments, we never
found evidence that the walking speed of a person depends
on its intention. However, one way to incorporate veloci-
ties is to introduce further dimensions to the state variables.
The necessary changes to our clustering algorithm are then
straightforward.

2.1 Motion Patterns

We begin with the description of our model of motion pat-
terns, which is subsequently estimated from data using EM.
Within this paper we assume that a person engages in M dif-
ferent types of motion patterns. A motion pattern denoted as
0, where 1 < m < M is represented by K probability dis-
tributions p(x | 6, ). For each 6, ;, the probability distri-
bution p(x | Oy, 1) is computed based on 3 = [T/ K] subse-
quent positions on the trajectories. Accordingly, p(x | 6 1)
specifies the probability that the person is at location z after
[(k—1)-8+41;k-p] steps given that it is engaged in motion
pattern . Thus, we calculate the likelihood of a trajectory d;
under the m-th motion pattern 6,,, as

T
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2.2 Expectation Maximization

In essence, our approach seeks to identify a model € that max-
imizes the likelihood of the data. To define the likelihood of
the data under the model 8, it will be useful to introduce a
set of correspondence variables denoted as c;,,,. Here ¢ is the
index of the trajectory d;, and m is the index of the motion
pattern 6,,,. Each correspondence c¢;, is a binary variable. It
is 1 if and only if the ¢-th trajectory corresponds to the m-th
motion pattern. If we think of a motion pattern as a specific
motion activity a person might be engaged in, then c¢;,,, is 1 if
person was engaged in motion activity m in trajectory .

In the sequel, we will denote the set of all correspon-
dence variables for the i-th data item by ¢;, that is, ¢; =
{¢i1,...,cip }. For any data item ¢ the fact that exactly one
of its correspondence variable is 1 leads to 2%21 cim = 1.

Throughout this paper we assume that each motion pat-
tern is represented by K Gaussian distributions with a fixed
standard deviation o. The goal is to find the set of motion
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patterns which has the highest data likelihood. EM is an al-
gorithm that iteratively maximizes expected data likelihood
by optimizing a sequence of lower bounds. In particular it
generates a sequence of models denoted as 11 92! ... of
increasing data likelihood. The standard method is to use a
so-called Q-function which depends on two models, 6 and 6'.
In accordance with [2] this Q-function is factored as follows:

N 1
T -M-In
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T M
ZZECWW dll|zit = Hon, ey ) 2

t=1 m=1

Q' 16) =

The sequence of models is then given by calculating

6l = argmaxQ(#' | OV 3)
0’

starting with some initial model #[°). Whenever the Q-
function is continuous as in our case, the EM algorithm con-
verges at least to a local maximum.

In particular, the optimization involves two steps: calculat-
ing the expectations E[c;,, | AU, d] given the current model
6l], and finding the new model Al that has the maximum
expected data log likelihood under these expectations. The
first of these two steps is typically referred to as the E-step
(short for: expectation step), and the latter as the M-step
(short for: maximization step).

To calculate the expectations E[c;,, | 61, d] we apply
Bayes’ rule, obeying independence assumptions between dif-
ferent data trajectories:

Elcim | H[j],d] = p(cim | g[j],d) = p(cim | H[j],di)
= up(d; | cim, 0)p(cim | 8Y))
= n'p(d; | 6%)), @

where the normalization constants 7 and 7’ ensure that the
expectations sum up to 1 over all m. If we combine (1) and
(4) utilizing the fact that the distributions are represented by
Gaussians we obtain:

T .
Elcim | 09, d;] =o' He_zcr%||“t_”[rf»].rt/m”2. ®)
t=1

Finally, the M-step calculates a new model 7+!] by max-
imizing the expected likelihood. Technically, this is done by
computing for every motion pattern m and for each probabil-
ity distribution p(z | 6,,,x) a new mean u%ﬁ:]. We thereby
consider the expectations E[c;y, | 0171, d] computed in the E-
step:

k- .
o L L 2N Bl | 09, dai
t=(k—1)-8+1 Zi:lE[cimw , d]
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2.3 Estimating the Number of Model Components

Since in general the correct number of motion patterns is not
known in advance, we need to determine this quantity during
the learning phase. If the number of motion patterns is wrong,
we can distinguish two different situations. First, if there are
too few motion patterns there must be trajectories, that are
not explained well by any of the current motion patterns. On
the other hand, if there are too many motion patterns then
there must be trajectories that are explained well by different
model components. Thus, whenever the EM algorithm has
converged, we check whether the overall data likelihood can
be improved by increasing or decreasing the number of model
components. To limit the model complexity, during the eval-
uation we use a penalty term that depends on the number of
model components (see [2]). This avoids that our algorithm
learns a model that overfits the data, which in the worst case is
a model with one motion pattern for every single trajectory. If
the maximum number of iterations is reached or if the overall
evaluation cannot be improved after increasing and decreas-
ing the model complexity our algorithms stops and returns
the model with the best value found so far. In most of the
experiments carried out with different data sets our approach
correctly clustered the trajectories into the corresponding cat-
egories.

2.4 Laser-based Data Acquisition

The EM-based learning procedure has been implemented for
data acquired with laser-range finders. To acquire the data
we used several laser-range scanners which were installed in
the environment so that the relevant parts of the environment
were covered. First, to identify persons in the laser data our
system extracts features which are local minima in the range
scans that come from the legs of persons. Additionally, it
considers changes in consecutive scans to more reliably iden-
tify the moving people. To keep track of a person, we use a
Kalman filter. The state z,. of a person at time step r is repre-
sented by a vector [z, y,dx,dy]’. Whereas x and y represent
the position of the person, the terms dx and dy represent the
velocity of the person in z- and y-direction. Accordingly, the
prediction is carried out by the equation:

10t 0

. 01 0 ¢

e R B I ™
00 0 1

where ¢, is the time elapsed between the measurement 2,41
and z,. Usually, sensors only give the position of an object.
Since the laser range sensor does not provide the velocities
dx and 0y, which are also part of our state space, the mea-
surement matrix projects onto the first two components of the
state space. Accordingly, the predicted measurement at step
r+ 1is:

_ 1 000
er = 101 0 0

Tpyq- ®)

In a second step we identify the resting places and perform
a segmentation of the data into different slices in which the
person moves. Finally, we compute the trajectories, i.e. the
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sequence of positions covered by the person during that mo-
tion. When computing these trajectories, we ignore positions
which lie closer than 15cm to each other.

2.5 Deriving Hidden Markov Models from
Learned Intentions

Once the intentions of the persons have been learned, we can
easily derive Hidden Markov Models to estimate their posi-
tions. To achieve this, we distinguish two types of nodes. The
first class are the initial and final nodes that correspond to the
resting places. To connect these nodes we introduce so-called
intermediate nodes which lie on the learned motion patterns.
In our current system we use a sequence of L, intermediate
nodes v}, ..., 1/#;" for each intention 6,,,. The intermediate
nodes are distributed over 6,,, such that the distance between
two consecutive nodes is A, = 50cm . Given this equidis-
tant distribution of the sub-nodes and assuming a constant
speed v with standard deviation o, of the person, the transi-
tion probabilities of this HMM depend on the length A; of
the time interval between consecutive updates of the HMM
as well as on v and 0. In our current system, this value is set
to Ay = 0.5secs. Accordingly, we compute the probability
that the person will be in node v/, given it is currently in v,
and given that the time A; has elapsed as:

Vit S
(W, | Vi, Ar) = / . NWm +v-A¢,00,7) do. (9)

Vi~

Here N (v, + v - Ay, 04,1) is the value of the Gaussian
with mean v,, + v - A; and standard deviation ¢, at posi-
tion z. The transition probabilities for the resting places are
computed based on a statistics about the average time period
which elapses before the person starts this particular motion
behavior after staying in the corresponding resting area.

Please note that the resulting model can be regarded as a
two-level Abstract Hidden Markov Model [3]. Whereas the
higher-level goals of this AHMM correspond to the resting
places of the person, the lower-level goals are the nodes along
the paths to the high-level goals.

2.6 An Application Example

To see how our EM-based learning procedure works in prac-
tice please consider Figure 1. In this example, a model
for nine trajectories with three different intentions has to be
learned. The leftmost image shows the initial model (the
means of the three model components are indicated by cir-
cles). In the next two images one can see the evolution of
the model components. The fourth image shows the model
components after convergence of the EM algorithm. As can
be seen, the trajectories are approximated quite well by the
corresponding motion patterns. Finally, the rightmost picture
shows the HMM derived from these motion patterns. The dif-
ferent resting places are indicated by rectangles and numbers.

3 Experimental Results

The technique described above has been implemented and
evaluated using data acquired in an unmodified office envi-
ronment. The experiments described in this section are de-
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Figure 1: Trajectories of three different intentions and evolution of the motion patterns during the EM algorithm (images 1-4)

and resulting HMM (rightmost image).

Figure 2: Hidden Markov Model derived from learned inten-
tions.

signed to illustrate that the approach can learn complex mo-
tion behaviors in a typical office environment. We further-
more demonstrate that the resulting models can be used to
robustly estimate the positions of persons. Additionally, we
compare the performance of the models learned by our al-
gorithm to that of a standard HMM. Finally, we present an
extension which allows the system to deal with multiple per-
sons.

3.1 Learning Intentions in an Office Environment

To evaluate our approach, we applied it to data recorded over
two hours in our office environment. During the acquisition
phase the average speed of the person was v=107 cm/sec with
a standard deviation 0,=25 cm/sec. From the resulting data
our system extracted 129 trajectories which were successfully
clustered into 49 different intentions. The resulting Hidden
Markov Model is shown in Figure 2.

3.2 Tracking a Single Person

To analyze the applicability of the learned HMM for the pre-
diction of the locations of a person, we used our mobile robot
Albert, which is a B21r platform equipped with a laser range
scanner. While the robot was moving along the corridor of
our department with speed up to 40cm/sec, its task was to
maintain a belief about the position of the person.

To incorporate observations into the HMM we apply the
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Figure 3: Evolution of the probability for a person of being in
different resting areas over the time.

recursive Bayesian update scheme:

p(w|zi,...,zr) =a-plzr | V) - p(v|21,...,2r—1) (10)

Thereby the likelihood p(z, | v) of an observation z, given
the state v is computed using a Gaussian distribution which
depends on both, the variance in the current estimate of the
tracking system and the variance o used during the learning
of the intentions.

Figure 3 plots for different resting areas the probability that
the person stays in this particular place. Whereas the x-axis
represents the individual time steps, the y-axis indicates the
probability. The graph also includes the ground truth, which
is indicated by the corresponding horizontal line-pattern at
the .9 level. As can be seen from the figure, the system can
reliably determine the current position of the person. During
this experiment it predicted the correct place of the person in
93% of the time.

3.3 A Comparison to Standard HMMs

The second experiment is designed to demonstrate that an
HMM that takes into account the people’s intentions allows
a better prediction than a standard HMM that is directly gen-
erated from the observed trajectories of the persons and that
does not take into a account the clustered trajectories. To
evaluate the performance of the two different approaches we
chose two motion patterns from those depicted in Figure 2.
The first pattern is the one leading from resting place 7 via
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the office containing resting place 6 to the staying area 2.
The second one is the motion pattern between the places 6
and 5. We defined a standard HMM over the possible states
of the person in the (x,y, dz, dy) space where x and y were
discretized in 15cm patches; dx and dy encode 9 possible in-
cremental moves per cell. The transition probabilities were
learned from the trajectories corresponding to both motion
patterns by counting. We randomly chose a position along
the trajectories of both patterns as the observed position of the
person. The states of the HMM were initialized according to
the observation model (see Section 3.2). After convergence
of the HMM we measured the likelihood of the final destina-
tion. We compared this value to those obtained by the HMM
generated by our algorithm for the trajectories correspond-
ing to these two intentions. We repeated this experiment for
different locations along the trajectories of both patterns and
determined the average probability of the true goal location.
Whereas we obtained an average of .74 with our model, the
corresponding value of the standard HMM is .56. This il-
lustrates that our model leads to better results and that the
standard independence assumption of HMMs is generally not
justified in this application domain. Please note that similar
observations have been reported by Murphy [11]. In contrast
to a standard HMM our model automatically chooses the tran-
sitions that correspond to the actual intention of the person.

3.4 Estimating the Locations of Multiple Persons

The final experiment described in this section is designed to
illustrate that our models can also be used to maintain beliefs
about multiple persons. The major difference to the situation
with a single person is that we have to be able to represent
the beliefs for the individual persons and to detect multiple
persons in the observations. In our current system we learn
an individual HMM for every person.

To track multiple persons in the range scans, we apply in-
dependent Kalman filters, one for each feature. To solve the
data association problem, we apply a nearest neighbor ap-
proach, i.e. we update a filter using the observation z,;; that
is closest to 2z, ;. New filters are introduced for observations
from which all predictions are too far away. Furthermore, fil-
ters are removed if no corresponding feature can be found for
one second.

We also need to be able to identify a person in order to ap-
propriately update the belief about the location of that person.
To achieve this we additionally employ the vision system of
our robot. To identify a person, we proceed as follows: Ev-
ery time the laser-based people tracker detects a person in the
field of view of the camera, an image is collected and follow-
ing three steps are applied:

1. Segmentation: The size of a rectangular area of the im-
age containing the person is determined.

2. Feature extraction: We compute a color histogram for
the area selected in the previous step.

3. Database matching: To determine the likelihood of a
particular person, we compare the histogram computed
in step 2 to all prototypes existing in the database.

To determine the area in the image corresponding to a feature
detected by the laser tracking system, we rely on an accu-
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Figure 4: Typical scene with two persons walking along the
corridor (left image) and corresponding estimate of the laser-
based people tracking system (right image).

rate calibration between the camera and the laser and we use
a perspective projection to map the 3D position of the per-
son in world coordinates to 2D image coordinates. Whereas
color histograms are robust with respect to translation, ro-
tation, scale and to any kind of geometric distortions they
are sensitive to varying lighting conditions. To handle this
problem we consider the HSV (Hue-Saturation-Value) color
space. In this color model the intensity factor can be sepa-
rated so that its influence is reduced. In our current system
we simply ignore this factor. Throughout all our experiments
we could not find any evidence that this factor negatively af-
fected the performance of the system. The image database
is created beforehand. For each person it contains one his-
togram which is built from 20 images.

To compare a given query histogram I with a prototype
M in the database we use normalized intersection norm
H(I,M) [16]. This quantity can be computed as:

n .
aua = ZEmrln M)
> j=1 M;
where I and M are color histograms both having n bins. One
advantage of this norm is that it also allows to compare partial
views, i.e. when the person is close to the camera and only a
part of it is visible.

Maren Greg Wolfram

Figure 5: Segmentation of the two persons from the image
grabbed with the camera of the robot (left image) and sim-
ilarity of these segments to the data base prototypes (right
image).

To incorporate the similarity measure provided by the vi-
sion system into the HMM of the person 7, we simply multi-
ply the likelihoods provided by the laser tracking system with
the similarity measure H (I, M) of the query histogram I
for the segment s and the data base prototype M, for person

913



Figure 6: Resulting posterior after incorporating the two seg-
ments shown in Figure 5 into the belief over Wolfram’s posi-
tion.

m. If the current estimate of the laser tracker is not in the field
of view of the camera we simply update the HMM for all per-
sons as we do in the case in which we track a single person
only.

As an application example consider the situation depicted
in the left image of Figure 4. In this particular situation two
persons (Wolfram and Greg) are walking along the corridor
within the perceptual field of the robot. The right image of
Figure 4 shows the estimate of the laser-based people tracking
system at the same point in time. The corresponding image
obtained with the robot’s camera is shown in the left image of
Figure 5. Also shown there are the two segments of the im-
age that correspond to the two persons detected with the laser.
The right image of this figure plots the similarities of the two
segments to the individual prototypes stored in the data base.
Finally, Figure 6 depicts the HMM for Wolfram (who is the
left person in Figure 5). As can be seen, the probabilities in-
dicated by the size of the rectangles are slightly higher for the
states that correspond to Wolfram’s true location. Through-
out this experiment the robot was able to predict the correct
location of the persons in 79% of all cases.

4 Conclusions

In this paper we have presented a method for learning and
utilizing motion behaviors of persons. Our approach applies
the EM-algorithm to cluster trajectories recorded with laser
range sensors into a collection of motion patterns, each cor-
responding to a possible intention of a person. From these
motion patterns we automatically derive an HMM that can be
used to predict the positions of persons in their environment.

Our approach has been implemented and applied success-
fully to trajectories recorded in a typical office environment.
Practical experiments demonstrate that our method is able to
learn typical motion behaviors of persons and to reliably use
them for state estimation. The experiments have been carried
out using a mobile robot equipped with a laser-range sensor
and a vision system. We have furthermore presented exper-
iments indicating that standard HMMs directly learned from
the same input data are less predictive than our models.
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An Extension of the ICP Algorithm for Modeling
Nonrigid Objects with Mobile Robots
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Abstract

The iterative closest point (ICP) algorithf@] is
a popular method for modeling 3D objects from
range data. The classical ICP algorithm rests on

a rigid surface assumption. Building on recent « ~

work on nonrigid object models; 16; 9, this pa-

per presents an ICP algorithm capable of model-  Figyre 1: The essential idea: Rather assuming that the relation
ing nonrigid objects, where individual scans may be of measurement coordinates are fixed relative to the location from
subject to local deformations. We describe an inte-  which the measurement was taken, the approach proposed here con-

grated mathematical framework for simultaneously straints the relation of measurement coordinates in a soft way. The
registering scans and recovering the surface config-  exact configuration of a scan is calculated while scans are registered
uration. To tackle the resulting high-dimensional to each other.

optimization problems, we introduce a hierarchi-
cal method that first matches a coarse skeleton of
scan points, then adapts local scan patches. The ap-
proach is implemented for a mobile robot capable
of acquiring 3D models of objects.

sands of variables. To accommodate local deformations, our
approach transforms scans into Markov random fields, where
nearby measurements are linked by a (nonlinear) potential
function. All links are soft. They can be bent, but bending
them incurs a penalty. Figure 1 illustrates this transforma-
tion: rigid links between the measurement coordinates and the
1 Introduction robot sensor are replaced by soft links between adjacent mea-
. surement points. The resulting problem of scan registration
e e o %9 hese oft consrantsbecomes a igh dmensionl -
o e roma e 42 3.D range camera o a ster%ﬁjlzaﬂon problem with orders of magnitude more variables
vision system) used to acdu.i're range images of the target oli)- olved than in regular ICP. We show how to solve this prob-
em via Taylor series expansion (linearization), and then pro-

Leqﬁﬁtfircfg'rg]#'téplsec\ﬁgt?ﬁt% p;lgés 'Jgge?rics)béir?n%fgrqltegkrr?g\?v%pose a coarse-to-fine hierarchical optimization technique for
P 9 y carrying out the optimization efficiently.

asscan registration Most state-of-the-art implementations our new algorithm is applied to the problem of learning

are based on the populiagrative closest poinalgorithm[2]. 3 : ; . .

X . e | EgE . 3D models of non-stationary objects with a mobile robot. We
The topic has received significant attention in fields as diqyoseribe an implemented r){)bog system that utilizes a model
verse as computer visioll2; 9 and medical imaging7],

: . . ' differencing technique similar to the one describedlihto
Ilag]ge-scale urban modelirig4], and mobile robotic$10; 8; segment scans. By acquiring views of the target objects from

ICP aligns range scans by alternating a step in which Closmgldtglt(a)fszlidﬁgr,]gl:;t?opnp;?agg_ggtables arobot to acquire a 3D

est points are identified, and a step by which the optimal trans- y object.

lation and rotation of scans relative to each other is compute . .

In doing so, most of them are making a rigid object assump- Scan Registration

tion: range scans, if aligned correctly, must be spatially conThis section describes a variant of the well-knoiterative

sistent with each other. closest pointalgorithm (ICP)[2] for rigid objects. The al-
Many objects are deformable. For example, people changgorithm alternates two phases, one in which nearest points is

shape, as do trees, pillows, and so on. A natural researddentified, and one in which the distance between all pairs of

goal is therefore to extend ICP to accommodate local objectearest points is minimized.

transformations. Following recent work primarily found in

the medical imaging literaturks; 16; 6; 3, we proposes an 2.1 ) Scans , )

approach suited for scan registration and 3D modeling of nonl he input to the ICP algorithm is a set of 3D scans denoted

rigid objects that can efficiently deal with hundreds of thou- d = di,do,... 1)
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(a) mobile robot with scanner (b) scene acquired by scanner (c) result of model differencing

Figure 2: (a) 3D range scaﬁ ;ét};quired by mobile robot shown in (b). (c) Scene from which the scan in (a) is extracted through background
differencing.

Each such scad,, consists of a collection of 1D range mea- This likelihood distinguishes two cases. The first case models
surements, arranged as a 3D “range image™: the noise in range perception by a Gaussian with a sensor-
di = dig, do,... (2)  specific covariance (usually a diagonal matrix). The mea-

Figure 2c shows a typical scan acquired by a robot. Furthezuf[\‘ilmemtﬁ”or yr;rder thc'is Gauss_lgm '?. given gytrt]he d|§t{51nce
below, we will denote the horizontal angle of theh range  P¢ ee(ni tr? Fom ik UN etrhf:ogs' era |on,Aan_ N _?ogw b
measurement by,, and the vertical one bg;.. In our experi- " Scand, that maximizes this Laussian. As IS easily (o be

mental setup, scans are obtained by a SICK laser range find&f€Mn: this pointr;, minimizes the Mahalanobis distance to
mounted on a tilt unit shown in Figure 2a. Tik. Thus,wjil is simply the point “nearest” ta;;, in the scan
The problem of scan registration can be formulated as thel; under¥—".
problem of recovering the vantage points from which the However, finding the nearest point only makes sensgif
scans were taken. In our approach, scans are taken fromfalls within the perceptual range of scah. If m;; is oc-
mobile robot; hence each vantage point is described by thregluded, it might be perfectly well-explained by an object not
variables: itse-y location in Cartesian coordinates and its ori- detectable from the vantage poitt This is captured by the
entationy: second case in (5), which applies wheg lies outside the
xr = (zr, Yy )" (3) free space of scah The free space of scdris denoted?;.

Herex; denotes the vantage point from which sehnwas It is defined as the region between the robot and the detected

acquired. The set of all vantage points will be denated objects. Ifr;; lies outside this region, the measurement prob-
ability is assumed to be uniform. The value of this uniform

PR 1 edepends on the range of occluded space, but it plays no role
x; = (0,0,0)7. In the optimization to come; hence we leave it unspecified.

2.3 Registration as Likelihood Maximization

rehe goal of scan registration is to determine the vantage
pointsx that maximize the joint likelihood of the scadsaand

2.2 Measurement Model
Scans are registered in world coordinates. To do so, measu
mentsd,;;, must be mapped into 3D world coordinates. This
is achieved by a projective functian which takes as an ar-
gument a range measurement and a vantage point and returns p(d,x) = p(d|x)p(x) (6)
as its output the corresponding coordinate in 3D world coorThe first term of this product is obtained by calculating the
dinates: product over all individual measurement likelihoods, assum-
( T + dik cos(k + ;) sin 3; ) ing noise independence in each measurement:

4

di si i) sin B;
R A sl = [[TIIIen ) duxexy @)

z 4 dix, cos B;
Herew; andg; are the orientation of the range measurement _ SRk o
d;, relative to the sensor. The variahlés the generic height The termp(x) in (6) is theprior on the individual vantage

of the sensor which in our robot system is fixed, but is easilyPoiNts (and hence on the registration). The prior of the point
generalized to variable heights. For brevity, we will some-Xk IS expressed as a Gaussian with m&arand covariance

times writer;;, instead ofr(d;x, xx). matrix ¥:

w(dik, xx) =

We define the quality of a pairwise scan registration by the p(x) = H p(xk) (8)
probability representing the likelihogdd;; ) of a range mea- %
surement under a fixed (hypothetical) registration: 1 ) S
o | i) — © =TTl exp {500 - 200 6o - 30}
1 k
max 27| 2 exp {— & (mix—m;)) TS (mi—m5) } In our robot system, this prior is obtained from the robot’s 2D
! it i € F localization routines, supplied by a public domain software
const. if my & F packagdlll.
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(a) initial registration (b) rigid object ICP (®=10T1 de=21 eoe=I He=10"31

L

Figure 3: lllustration in 2D: (a) initial configurations of two scans in red and blue, (b) result of optimal registration, (c-f) result of recovering
the object configuration by our new adjustable shape technique.

The negative logarithm of the joint likelihood (6) is given HereJ!" is the Jacobian (gradient) afatx["’, which is di-

by the following sum: rectly obtained from the definition af in (4):
G = —logp(d,x) - 1 0 —digsin(yx + ;) sin G;
= const. + %Z [(Xk - )_ck)T‘Iffl(Xk — Xz) T = 8 (1) dus cos( ar o) sin (13)
k

+ ZZmin (mie—mj0) TS (mik—51)] @  With this approximation,Gl (the negative log-likelihood
el functionG in then-th iteration) becomes quadraticxi and
is of the form

Scans are registered by minimizing the sum, which is equiva- " T 1 _
lent to maximizing the likelihood function. GM = const. + 3(x —%) "0 (x — %)

Unfortunately, minimizing is not possiblén closed form + LAalx — MY AMx — M) (14)
for the following three reasons: (1) the exact terms in the sum
depend on the occlusion constraint which are a function oHere Al") is a matrix,cl") a vector, andk the vector of all
the vantage points; (2) the result of the minimization ovgr ~ vantage points (the unknowns). The various sums in (9) are
involves a discrete search for a nearest neighbor, whose ousimply integrated intaA[”) andc[™), and% generalize< to
come is again a function af; (3) the projection functions the full space of all points:
m are nonlinear in the pointg, and the resulting nonlinear

S ; Yl ... 9 -1

optimization problem is hard. ~

o »t o= A (15)
2.4 Optimization Procedure 0 ... w1
ICP-style algorithms minimize the negative log-likelihood by
calculating a sequence of vantage points (registrations): Step 4. The z-y-values of the vantage points™+1] are

0 _[ 2l now obtained through a closed-form solution of minimizing
Xp s Xp Xy g (20)

G, This solution is obtained by setting the first derivative of
The first set of points are obtained from the prior (e.g., theG!™ with respect tax to zero (derivation omitted, s¢&3)):
robot odometry):xgco] = Xj. The(n + 1)-th vantage points OERY

are computed from the-th ones by the following five step . . (16)
algorithm: = (U + AMTSTIAPY T (i APITS M)

Step.l. TTg set .Of occlgded points is deten.”nlned for the 1 the original ICP algorithni2], this step is implemented by
n-th pointsx; . This step involves the calculation of a rela- calculating the the “center of mass” of each scan and shifting
tive orientation of a point;, to scand, viax;. It furthermore  the scans accordingly (which is computationally simpler); our
involves a range comparison with the corresponding measurepproach also accommodates a pfiam x.
ment in scanl,, to determine ifr;;, is occluded relative td;. Step 5. Because of the linearization, only Cartesian co-
__Step 2.The minimization in (9) is carried out by determin- ,ginates are actually updated in Step 4; the orientation co-
ing tthe closest measurementn each scan relative to each ginates remain unmodified. For this reason, the original
poINt7iy,. ICP literature introduced a separate step for calculating ori-

] _ . o NTy—lo entations. This is achieved by a singular value decomposition
b = E (i =mje) " £ (mik=m1) (a1 (SVD) step, in which the correlation between residual errors
in the scan is determined, and each scan is rotated so as to
closest points (hence the name of the algorithm). minimize these error correlations. Details on this step can be

Step 3. The projection functiorr is linearized to obtain a found in the ICP Iifteratur{aZ]. . o
quadratic objective function. This is achieved by the Taylor All steps are iterated until a convergence criterion is

ForY = const.- I, this calculation is equivalent to finding the

series expansion: reached. Satisfactory registrations are usually obtained within
the first three to four iterations. If the total number of scans is
(g, xx) ~ w4+ I (x — x[M) (12)  small (e.g., less than 10), the computationally most expensive
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step is the determination of the closest points in Step 2. Thi§o model nonrigid surfaces, our approach allows for violation
step is usually implemented efficiently by representing scansf these link constraints. This is obtained by introducing the
through kd-tree$4]. following Gaussian potentials for each link

Figure 3a-b illustrate the result of scan registration in 2D. _1
The initial configuration in Figure 3a is transformed into the himji =; [270]72
one shown in Figure 3b, which is the one that minimizes the L Tk — Rk ) o1 ( ik~ ik
squared distance (maximizes the likelihood). Clearly, both P72 ( ) ( )
scans are incompatible in shape. Pure registration techniqu
are unable to handle such shape deformations, but the tec
nigue presented in the next section is.

rjk — Fiojk rjk — Fiojk

lere© defines the strength of the link (the resulting structure
IS a Markov random field17]).

3.2 Target Function

3 Recovering the Surface Configuration of The negative logarithm of these potentials, summed over all
Nonrigid Objects links, is given by the following functio/ (constant omitted):
The key idea for extending ICP to nonrigid objects was al- ,; _ 1

/ exten . | @as a1 3 (I pe ) et (PRI ) o)
ready discussed in the introduction to this paper, and is high- 2 L Tjk — Tiojk Tjk — Liejk
lighted in Figure 1. Technically, it involves two modifica- ok o
tions: First, the static relationship between points and ~ As in the scan registration problem, all these terms are non-
the corresponding vantage points is replaced by nonrigid !inear in the node coordinates,. and the orientations;.
links between adjacent points. These links can be bent (but 42 _0Ptain a closed-form solution for the resulting equation
a probabilistic penalty), to accommodate nonrigid surface sgitggﬁ_the link function is linearized via a Taylor series ex-
Second, and as consequence of this, the optimization now in- '
volves the determination of the location of all pointg, in ( Tjk ) - ! O il 21)
addition to the robot poses,. This optimization problem is Tk - n ik, ik aw — i
much higher dimensional, and we will discuss a hierarchical n] n] ) )
optimization technique for tackling it efficiently. A key char- Wherer;, ' andr;,” specify the coordinate system for the node
acteristic of the approach proposed here is that it fits neatlyy; in then-th iteration of the optimization. The matrix 7.

into the ICP methodology above: Again, under appropriat§s g Jacobian matrix of dimension six by six, which is obtained
linearization the target function is quadratic, and estimates args the derivative of the functions (19).

Tk

obtained just as in (16). By the same logic by whickix can be approximated by a
. quadratic function in the scan registration problem, substitut-
3.1 Links ing our approximation back into the definition Bfgives us a

The definition of links between pairs of adjacent points makesjuadratic function in all variables;;, andr;,,. This function
it necessary to augment the notion of a measurement point. Igan be written in the form

particular, our approach associates an (imaginary) coordinate ] [ 1" A1 [ [ 7 in]
system with each node. The origin of each coordinate sys-H = 3 [B ( r ) —f } S {B ( ) —f } (22)
tem is the familiar coordinate;;,, and its orientation is speci- ] ) o

fied by three Euler angles (an alternative formulation may us&herer is the vector of all coordinate system origimsthe
quaternions): vector of all Euler angles, anBl™ is a matrix and’["! a vec-

B T tor. CalculatingB™ andf!"! is involved but mathematically
ik = (G, Oun, Vi) (17 straightforward.

The orientation is initialized arbitrarily; e.@;, = (0,0,0)T. St
(The result of the optimization is in{//arignt wit resp)ect t03'3 Optlmlgatlon Procedure_: - :

this initialization.) A link is now given by the affine coor- Our new version of ICP now minimizes the combined target
dinate transformations among the coordinate systems of adjjunction G + H, which is again quadratic in all parameters
cent measurements. Each link possesses six parameters, thf&e 7, andr). By doing so, it simultaneously recovers the
for rotation (denotedir; . ;) and three for translation (de- S¢an registration and the surface configuration of the object.

notedAr;_ ;). They are calculated as follows: The solutions fox andw are completely analogous to the one
’ in (16):
Ariﬂj’k = Tjr —Tik (18) ﬂ_[n-&-l]
( e ) = BMTBM)TI BT (23)

Tjk — Tik
Amijr = Ro(—tuk) - Ry(—0ir) - Ru(—dir) ( Yik = Yik ) ) o o .
Zjk — Zik The global orientation is still optimized by a single global
} . . SVD as above. Our new augmented optimization leads to
giﬁﬁéhfx}é : al[?n}(geerr?;%tlgTjsmt%trrlgggvaerrog%%ctjrt]a?stgg%? d‘fﬁgtr'relative adjustments between measurement points, in which
from any of its neighbors: Ghe links play the role of soft constraints.
This is illustrated in Figure 3c-f, for different values for
ik = Wik + Re(dir) - Ry(Oir) - Rz (Vi) ATk ©. As the various diagrams illustrate, scans are deformed to
improve their match. The degree of the deformation depends
on the value o, which defines the rigidity of the surface.
rjk = T+ Arip (19)  Figure 3c-f illustrates that our approach succeeds in locally
’ rotating and even rescaling the model.

=Rk

=Pk
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Figure 4: Example of a thinned graph superimposed to the origi-_. , - N i .
nal scan left) and before and after adjustment (right). Thinning isFigure 5: 2D map, object (center) and four different vantage points.

necessary to perform the optimization efficiently. technique adopted frofi1], we first acquired a map of the
3.4 Efficient Variable Resolution Optimization environment (see Figure 5). Non-stationary objects were de-
) ) o tected through differencing of scans, using the robot’s local-
The main problem with the approach so far is its enormouszation routines to get a rough estimate of this pose. Figure 2b
complexity. The number of variables involved in the opti- jjjystrates the segmentation process. Red scans are retained
mization is orders of magnitude larger than in scan registraghile the black scans are assumed to correspond to the back-
tion. This is because the target functifihis a function of all  ground and are henceforth discarded.
measurement pointsand orientations, whereasx hasonly ™ Figyre 6 illustrates one iteration of the algorithm in all es-
the vantage points as its arguments. The matd("! in (23)  sential steps, using data acquired by the robot. Results for
is, thus, a (sparse) matrix with many thousand dimensions. matching three scans with different postures are shown in Fig-
To tackle such problems efficiently the optimization is re-ure 7(a-b). While the standard registration procedure leads to
duced to a sequence of nested optimization problems. In & model with six arms, our approach correctly deforms the
first step, scans are analyzed for connected components (récan to arrive at an improved model, with two arms. A sim-
gions without large disparities); links exist only between con-jlar result is shown in Figure 7(c-g), which shows three raw
nected components in each scan; heficéactors naturally  scans on the left, followed by the result of (rigid) scan reg-
into different subproblems for different connected compo-istration and the result of our approach. Another example is
nents. Next, the resulting scan patches are thinned. Thirthe chair in Figure 8(a-d) scanned in different heights. The
ning proceeds by identifying a small number of representastandard registration will lead to multiple feet, our approach
tive landmark measurements that are approximately equallyorrectly aligns them. Table 1 shows the cumulative distance
spaced. This computation is performed by stipulating a grichetween points in the nearest neighbor calculation. The value
over the scan (in workspace coordinates), and selecting megnarked as “start” is the result of an initial registration phase,
surements closest to the center points of each grid cell. An aleflecting the remaining distances under the rigid body as-
point shortest path search then associates remaining measugemption. All other columns correspond to further iterations
ments with landmark measurements. The optimization is firsbf our algorithm as it adjusts the shape of the scans. This re-
performed for the thinned scan; after the landmark scans argult illustrates numerically the integrity of the result is indeed
localized (and the corresponding coordinate transformatioimproved by iterate the process.
are computed), the remaining measurements are optimized
locally, in groups corresponding to individual landmark mea- Discussion
surements. Smoothness is attained by using multiple Iano5
mark measurements as boundary conditions in this optimizalhis paper proposed a technique for simultaneous scan reg-
tion. Figure 4 shows an examples of a thinned graph, foistration and scan deformation for modeling nonrigid objects.
which the optimization can be carried out in seconds. The deformation was made possible through the definition of
(soft) links between neighboring scan points, whose config-
4 Setup and Experimental Results urat'ion was c;alc_ulated during rgg_istration. To taqkle the re-
sulting optimization problem efficiently, we described a hi-
Our approach was implemented using a mobile robot, in amrarchical optimization techniques that operated on thinned
attempt to acquire 3D models of non-stationary objects. In graphs. Experimental results obtained using a mobile robot
illustrated the viability of this approach.

start | Toop 71 [ Toop #2 | Toop 73 There are many problems in object modeling that this pa-
moving arms per does not address, but whose inclusion shall be the subject
scan 1 2.3266 | 0.8993 | 0.7986 - i -
sean? oo | oo | otooe ; of future research. For_exa_mplg, the present segmentation ap
stretched body proach is somewhat simplistic: It will fail if more than one
scan 1 1.9369 | 1.2915 | 1.2008 | 1.1975 non-stationary object appears in the scene. The approach re-
scan 2 25087 | 1.2964 | 1.2220 | 1.2120 quires deformations to be small, and the target object may

not move very far during acquisition. Objects are not sub-
Table 1: Average distance to the closest points to the matched modedegmented. This will cause difficulties when components of
after scan registration. The decrease of this distance measures tiodjects are adjacent to different other components, or missing
improvement of the model through local surface deformations. entirely, which can happen if components are combined and
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Figure 6: (a) Thinning, (b) nearest neighbor search, (c) optimization (first iteration), (d) optimization (second iteration), (e) optimization of
remaining nodes.

(b)
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Figure 7: (a) Optimal scan registration with rigid object assumption, (b) corresponding result for our approach. (c-e) three scans, (f) results

of optimal scan registration and (g) our approac

=

3y

(b) (6]

(7]

Figure 8: Adjustable chair: Scans of the chair in high position (a),
scan from the chair in low position (b), the resulting model of the[8]
chair with multiple feet (c), and the resulting model of the chair with

the transformed scan (b).

(9]

cannot be separated to find the corresponding part. A final
direction of future research involves the integration into ad-
vanced techniques for between-object data association Whemo]
modeling multiple objects in non-stationary environmédts
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Filters
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Abstract

Estimating the location of people using a network
of sensors placed throughout an environment is a
fundamental challenge in smart environments and
ubiquitous computing. Id-sensors such as infrared
badges provide explicit object identity information
but coarse location information while anonymous
sensors such as laser range-finders provide accurate
location information only. Tracking using both sen-
sor types simultaneously is an open research chal-
lenge. We present a novel approach to tracking mul-
tiple objects that combines the accuracy benefits of
anonymous sensors and the identification certainty
of id-sensors. Rao-Blackwellised particle filters are
used to estimate object locations. Each particle rep-
resents the association history between Kalman fil-
tered object tracks and observations. After using
only anonymous sensors until id estimates are cer-
tain enough, id assignments are sampled as well re-
sulting in a fully Rao-Blackwellised patrticle filter
over both object tracks and id assignments. Our ap-
proach was implemented and tested successfully us-
ing data collected in an indoor environment.

Introduction

with relatively coarse location informatidhvantet al., 1992;
Priyanthaet al, 2004. Various techniques have been pro-
posed for tracking with multiple anonymous sensors or multi-
ple id-sensors, but the problem of integrating anonymous and
id sensor information has not been addressed so far. In this
paper we present an approach that combines the accuracy ben-
efits of anonymous sensors with the identification certainty of
id-sensors.

Our approach uses Rao-Blackwellised particle filters to ef-
ficiently estimate the locations and identities of multiple ob-
jects. Each particle represents a history of associations be-
tween object tracks and observations. For each patrticle, the
individual objects are tracked using Kalman filters. Since
the initial id uncertainty makes a sample-based representation
of id assignments extremely inefficient, our approach starts
by tracking objects using only anonymous sensors and ef-
ficiently representing estimates over object id's by keeping
track of sufficient statistics. Once the id estimates are cer-
tain enough, the approach switches to sampling id assignments
as well resulting in a fully Rao-Blackwellised particle filter
over both object tracks and id assignments. When applied to
anonymous sensors only, our method results in a new Rao-
Blackwellised approach to multi-hypothesis tracking, which
has gained substantial attention in the target tracking commu-
nity [Bar-Shalom and Li, 1995

This paper is organized as follows: Section 2 clarifies the

e|aroblem. Section 3 then presents our Rao-Blackwellised par-

throughout an environment is a fundamental problem relevantiCle filter approach.to trackjng multiple _objects using only
to several research communities. Knowing the locations Of;monyr:ntoqs sensor tlnf_(érmanon ang Sec“?” 4 e>t<t?_nds thgz ap-
people is of critical importance for research investigating highproac 0 Incorporate 1t-sensors. Lur impiementation and ex-

level state estimation, plan recognition, and learning ofhumau‘?.e”mental results are presented in Section 5, followed by a

activity patterns for applications such as work flow enhance-d'scuss'on'

ment and health monitoring. s
Over the years, many location estimation approaches hav% Problem Description
been introduced using sensors such as cameras, laser rang@ure 1 illustrates the problem of tracking multiple people
finders, infrared and ultrasound sensors, and wireless netvith anonymous and id-sensors. The solid and dotted lines
working infrastructurd Hightower and Borriello, 2001 A  are the trajectories of persoh and B, respectively. In the
crucial aspect of these sensors is whether they provide edeginning, the identity of the two people is not known. As
plicit information about the identity of a personAnony- they walk, the anonymous sensor observes their locations fre-
mous sensorsuch as radar, reflective ultrasound transducersjuently. Since the people are far enough apart, their positions
and scanning laser range-finders provide accurate location amdn be tracked reliably using the anonymous sensor. How-
appearance information, but do not provide explicit identityever, until they reach id-sensor areas 3 and 4, both trajectories
information. ld-sensorslike infrared and ultrasound badge have the same probability of belonging to either person B.
systems do provide explicit object identity information, but Hence there are two different hypotheses for the id’s of the two

Accurate and reliable tracking of people using sensors plac
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Anonymous observations

@

Anonymous assignments

~Track confusion

‘">

Figure 1:Example scenario: The shaded circles indicate areas cov-
ered by id-sensors such as infrared receivers. When a person wearing
a badge enters such an area, the corresponding sensor issues a read-

People locations

) ¢
N

4

D
=~

Id assignments

Id observations

@
@

ing indicating the id of the person. Since these sensors provide nBigure 2: Graphical model for multi-object tracking with anony-
information about the person’s location within the area, two peoplemous and id-sensors:;, is the state vector describing the locations
in the same area can not be distinguished. Not shown is an additionaf the individual objects at timg. Objects generate anonymous ob-
anonymous sensor such as a laser range-finder. This sensor providgsgvations?;, and id observations,. The assignments of individual
accurate information at a high rate about the locations of people, busbservations to objects are given by the hidden négemddy,. Rao-

no information about their id’s. Blackwellised particle filtersampleassignments;. andd;, and solve

. ) . . the state updates analytically, using Kalman filters conditioned on the
trajectories. After passing through the coverage of id-sensorggmples.

3 and 4, the ambiguity is resolved and both trajectories’ id’s

are determined. Then, after the paths cross there is confusian and the complete sequence of observations up to kinse
about the continuation of the two tracks. When the peopl@iven byz;.; (we use fat and tlde to distinguisranonymous
leave the light gray area the anonymous sensor can not detdrom id observations). The associations between object tracks
mine which observations to associate with which trajectorya;;'c and observations are given by assignment matdgesnd

This problem is known as thdata associatiogproblem in the 05 For instancedy (i, j) is one iff;, assigns anonymous ob-

multitarget tracking communityBar-Shalom and Li, 1945 fervationéi, to objectz?, and zero otherwise. The observa-
|

Were there no id-sensors, it would be impossible to resolv ons onlv depend on the current obiect positions and assian-
this ambiguity. In our scenario, the ambiguity can be resolve nts y dep Jectp 9

as soon as the people reach the areas covered by id-sensord’ Lo . .
and 6. To do so, however, it is necessary to maintain the hy- ?The goal of tracking is to estimate the posterior over the

. - . - statex;, based on all sensor information available up to time
gthBe Z?)?nfg;)[;gog:Bpgsisr:glg ;\rNarc]: Eﬁg{ggil:%ﬂg@pﬂgomg down k. Afactored representation of this tracking problem allows us

L . to use Rao-Blackwellised particle filters (RBPF) which sample
The use of a combination of anonymous and id-sensors r P ( ) P

; o &ssignments and track the objects using a bank ¢falman
quires us to solve two types of data association problems;yiers for each sampléDoucetet al, 2004. However, due
The first problem is the classic multitarget tracking problemyq o large number of anonymous assignments and the “flat”

of assigning anonymous observations to object tracks. Thigjstributions over id assignments, a straightforward implemen-
data association problem has to be solved at each point

X N . o fation of RBPFs would require a prohibitive number of sam-
time, resulting inn!* possible associations for tracks of length

) X v ples. In the next section we describe how to efficiently sample
k involving m people. Fortunately, the probability distribu- 5h0nymous assignments over time. The resulting algorithm,

tions over these anonymous assignments are typically highly,t"repF (multi-hypothesis tracking RBPF), can track mul-
peaked, thereby allowing an efficient, sample-based represefis e gpjects using anonymous sensor information. Then, in

tation of assignments. The second problem is the one of e tion Section 4, we will describe how to extend MHT-RBPF
timating the id of individual objects/tracks. As with anony- incorporate id-sensors.

mous assignments there ang possible assignments of id’s to
tracks. Fortunately, the number of id assignments does not i . : .
crease over time since the identity of objects does not changg. MHT'RBPF' R_aO'BlaCkW_elhsed Pamde
However, due to the low spatial resolution of id-sensors, the  Filters for Multi-hypothesis Tracking

posterior over id assignments is almost uniform during earlySince the assignments between observations and ob-
stages of the estimation process (see Figure 1). For such “flajects/tracks are not given, we need to estimate the posterior
distributions, a sample-based representation requires in the Qfva poth object states;, and assignmentd,.. This joint
der of m! samples, which is certainly not feasible for online posterior can be factorized by conditioning the stat®n the

tracking. assignmenté;. ;.
Figure 2 shows the graphical model for this tracking prob- g b

!em. Here, time is indexeld b%/ subscripts and the current time p(xk,ém | 21) = plas | ém,ihk) p(ém | Z12). (1)

is denoted byk. =y, = {z;,x3,..., 2]’} are the current po- _ _ o _

sitions of them people being tracked. Following standard no- ~ The key idea of Rao-Blackwellised particle filters is to com-
tation in the tracking community, observations are denoted byute (1) bysamplingassignments from(6, ., | Z21.) and then
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computing the state; conditioned on each sample. More to p(él;k,l | 21.x—1) and not the desireﬁ(élzk,l | 21.8)s
specifically, each sample represents a history of data asso¢he rightmost term of the target distribution (Bylorales-
ations ., and is annotated with a bank af Kalman fil- Menéndezet al, 2004. The second source of inefficiency
ters, one for each tracked person. The Kalman filters aré that sampling from the predictive distribution in the sec-
conditioned on the data associations provided by the samplend sampling step can be very inefficient if the observation
and thus can be updated efficiently using standard Kalmalikelihood p(2, | 0x,tx—1) is highly peaked compared to the
filter update rules for known data associati@ar-Shalom predictive distributiorp(ék |tx_1) [Pitt and Shephard, 1999

and Li, 1993. The Kalman filter estimates, or tracks, =  The second problem is extremely severe in our context since
{t1j., ¥ )i=1,...m @re represented by the mean and covariancene predictive distribution for assignments is virtually uniform
of the persons’ locations. while the posterior is typically concentrated on a small set of

RBPF generate assignments incrementally by maintainingssignmentggar-shamm and Li, 1995
sample sets containing assignment histories distributed ac- . _ o
cording to the posterior given by the rightmost term in (1).MCMC Sampling from the optimal distribution
- . OO Let us first discuss how to address the second probigm,
More specifically, at timeé: a sample seb), = {s,”’,w;’ |

: . the problem of drawing samples from the posterior distribu-
l< EL)S N}(SOQE:”;'”SN welghted sfamples, whgre each SaM-tion (3), giventhe previous sample set. Conditioned on a spe-
ples,” = (t,’,6;,) consists of a history of assignments and

- . NO) . . N . )

the current position estimates for theobjects. The generic cific assignmenf;.;,_,, the optimal sampling distribution fol
) . lows from (3) as

RBPF algorithm generates a sgt from the previous sample A AL 1

setS;_; and an observatiofy, by first generating new assign- POk 0151, 210k) o< p(Ek|Ok,8,21) POk | £;2).  (4)

mentsé;, distributed according to the posteripff;., | 2x). . . . L
: e : - ~ It is possible to efficiently generate samples from this dis-
Each such assignment specifies which observationg e ibution using Markov Chain Monte Carlo (MCMC) tech-

long to which object track. The final step consists of updating%.‘

the Kalman filter tracks of each sample using the observation 'gltjr%; E)(I?S-kl—?agiinfz:; ;Igg(riit.hm\/\t/ﬁa?ﬁgg b%e\:]e;sciiggtgé g[])icif-
assigned to them by the sampf2oucetet al, 2000. ically to the data association probldiellaertet al., 2003.

3.1 Importance Sampling with Lookahead Here, the idea of Metropolis-Hastings is to sample states from

. n ergodic Markov chain with the posterior as stationary distri-
The efficiency of RBPFs strongly depends on the number OEution. Such a Markov chain is constructed by first choosing a
samples needed to represent the posteriér., | Z1.x). IN candidate for the next statégiven the current stateaccord-
this section we will devise an efficient algorithm for generat-ing o a proposal distribution(s’ | s). This state transition is
ing such assignments/samples. Due to the sequential natuggcepted with probability

of the estimation process, samples must be generated from the w(s")q(s | &)
assignments of the previous time step. The posterior atkime afs,s') =min(l, =—=——-—"), (5)
is given by m(s)q(s’ | s)
p(O1n | 210) where 7(s) is the intended stationary distribution. In our

case the states are the possible assignminend «(s) is
. o the optimal sampling distribution (4). The efficiency of the
_ P01k, 21k1)P(Ok | 011, 21:k71)p(é1~k \|%) (2)  Metropolis-Hastings method strongly depends on the choice
p(3k | Orik—1, B1k—1) T of the proposal distribution. We use an efficient approach
5 14 5 called smart chain flipping. Smart chain flipping permutes
= PG 1O tima) DO L) s, 0, (3) the assignments of a subset of the objects on each transi-
P | te-1) tion, where the actual choice already takes the individual as-
Here, (2) follows from Bayes rule, and (3) follows from (2) signment likelihoods into account. This approach has been

since the position tracks,_; of the objects are sufficient shown to result in improved mixing rates on assignment prob-
statistics for the previous observatiahg,—; and assignments |ems[Dellaertet al, 2003.

= p(ék | él:k—laél:k)p(élzkfl | 21:1)

011 . L . . Assignment lookahead
Unfortunately, in most cases it is impossible to sample dI'As mentioned above, another source of inefficiency is the

;;Iet(grlg E;otrg S/)ailzgt% ?g? ;(r)c?r%hrimr?tstc??en;tniqnoght/hlﬁzgdsltg p:rt'fol?fact that the previous sample set does not consider the most
9 9€ PO~ acent observation. This problem can be greatly reduced

cess|{Doucetet al, 2001: First, draw samples;” from the by using the most recent observation to re-weight the sam-
previous sample set using the importance weights, thn drgmes of the previous sample sERitt and Shephard, 1999;
for each SL{Ch s?gnple a new sample from the predictive diSyiorales-Metendezet al, 200J. The weight for a sample
tribution p(6y | £,~,), and finally weight these samples pro- () is given by dividing the target distributiop(f;.;_; |
portional to the observation likelihogd 2, | Ql(j),t,(jll). The  z,.,) by the sampling distributiop(f.x_1 | %1.6—1), which

last step, importance sampling, adjusts for the fact that sam:an be shown to result in

ples are not drawn from the actual target distribution. This

approach has two main sources of inefficiency. First, the o0 _
samples of the previous sample set are distributed according k=1

03 | 21k)

1:
(v)
1:k—

p(
0

xw pGr [0, (6)
p(

1] Zrik—1)
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1. Inputs: Sk_1 = {<5/(:l1vw/(£1> | =1,..., N}, observatiorg,

2. Sp:=10 Il Initialize

3. forv:=1,...,N do /I Generate lookahead assignments using most recent observation

4 Generatel/ sampled)\"™ proportional top( | 0™, ¢\ ) p(0™ | ) ) using MCMC

5. forv.:=1,...,N do /I Update importance weights based on average probability of lookahead assignnents
w<L) Ale,m L A(e,m L

6 wl(clzl & ]}xf_l m:1,,,Mp(Zk | gl(c’ )7t§czl) p(ol(c’ ) | tgcll)

7. forv:=1,...,N do I Samplesgjl1 using updated weights and draw{” from corresponding set

8. Samples,(jl1 = (tﬁﬁl, éﬁf,)ﬁl) from S}, with probability proportional to the updated importance Weiﬁﬁl.

9 Draw an assignmeﬁfj) from the corresponding Markov chain generated in step 4.

10.  Update the position estimate$’ using Kalman filter updates with;, ¢\, andd"”

1 s =000 Se=Su{(s, %))

12. return S

Table 1: MHT-RBPF algorithm.

_ _ _ o 4 Tracking with Anonymous and ID-Sensors
That is, the importance weight of a sample is given by the abil-

ity of the tracks associated with the sampl@tedictthe next In principle, MHT-RBPF's can be _readlly extended to_mclude
observation. Accurate computation of the right term in (6)|d-sensors. Instead of only sampling anonymous assignments,

. i I ibl ¢ . ; it is possible to sample both anonymous and id assignments.
requires summation over all possib'e next assign @ntas Such a straightforward extension, however, results in an infea-
done by[Morales-Mei@ndezet al, 2004. Since in our case

. o sible increase in the number of samples needed during early
the number of assignments can be prohibitively large, we esuétages of the estimation process. This has two reasons. First
mate (6) using the samples generated in the MCMC step. Urb'ach hypothesis (sample) of MHT-RBPF haspossible as- '
fortunately, computing(Z;, | ¢{”,) is equivalent to comput-  signments of id's to object tracks. Second, due to the low spa-
ing the normalization factor of a Markov chain, which is not tjal resolution of id-sensors, the posterior over id assignments
possible in generdGilks et al, 1994. In our case, however, s initially very uncertain and sample-based representations of
we do not need the absolute value of the normalization consych flat distributions are inherently inefficient. To overcome
stant for each chain, but only the valiedativeto the normal-  these difficulties we instead use a two-stage estimation pro-
izers of the other Markov chains. Since the distributions (4)CESS. During the initial Stage' 0n|y anonymous sensors are
have similar shapes for all chains (they are highly peaked), w@sed for object tracking while the id-sensors are simply used to
can estimate the relative normalization constants by the avegstimate the identity of the different objects. Once these esti-
age probabilities of the samples in the different Markov chainsmates are certain enough, the process moves into the full Rao-

More specifically, letA/ samples be drawn from each Blackwellisation phase, during which both anonymous and id

Markov chain. Leg,(;m) denote then-th sample drawn from assignments are sampled. The two phases are discussed below.

the Markov chain associated with sam;gLé 1- Then the up- Identity estimation phase
dated weightﬁ,(jll of this sample is given by During this phase only anonymous sensors are used to track
the objects. The id-sensors are used to estimate the identity
of the different objects. More specifically, for each hypothesis
of the MHT-RBPF, there aren! possible assignments, of
identities to tracks. In order to avoid estimating distributions
where proportionality is such that all weights sum up to one. over this potentially too large number of assignments, we only
keep track of sufficient statistics that allow us to recover distri-
MHT-RBPF Algorithm butions over assignments. Such sufficient statistics are given

The algorithm is summarized in Table 1. In step 4, new sampiy them? individual assignment8, (i, j) of id's j to tracks
ples are generated from the previous sample set. The avep.  1N€ probabilities of these individual assignments can be
age probability of these samples is used to estimate the look&Pdated recursively using the most recent id observation:
head/predictive weights of each sample of the previous set . . . o

(step 6). This step also involves a normalization so that th@(0r (@, 3) [0k, 1) o< p(Zg [ 8) P(Or—1(3,5) |Orn—1, Z1:0-1)  (8)
weights sum up to one. In step 8, a sample is drawn from the _

previous sample se&f;,_,. Then, for each sample drawn from Here, z] is an id observation corresponding to pergonTo
S, 1, we draw an assignmeéi” from the posterior re-using determine the assignment probabilities, we have to normalize

the samples generated in the Markov chains in step 4. Step €S values by considering all pg/ssiple a~ssi.gr1ments:
updates the actual position estimates for the individual objects, [ jyea 0 (G, 5) p(Ok (i, 7))

. 0, =0) = . = 9
using the corresponding assignméit. Pt =6) 2o i jyean 07(:5) PO (3, 5)) ©

(©)

(L wkfl 2 H(L,m L A(e,m L
widy oc —E Y pla 6 ) pO™ 62, (7)

m=1...M
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Again, ¢'(i,j) is one if ' assigns idj to object tracki,
and zero otherwise. The computational complex computa-
tion of (9) can be avoided byamplingid assignments using
Metropolis-Hastings, based on the individual valdg&, j).
This approach works identical to the method used to sample
anonymous assignments in the MHT-RBPF algorithm. 1
To summarize, in the identity estimation phase, each sam- —F
ple s*) consists ofn Kalman filters and am: x m matrix 6, :
representing the sufficient statistiég(¢, j) of the id assign- »
ments. Whenever needed, the posterior over id assignments ot
can be computed using MCMC sampling. The id estimation
stage is ended as soon as the posterior over id assignments
is sufficiently peaked to allow an accurate representation with 4
a reasonable number of samples. Currently, we estimate th
condition by determining the average number of hypotheses i
the Markov chains run for id assignments.

B Laser range-finder
O Uuitra sound receiver -
= IR receiver

Elgure 3: Outline of the Intel Research Lab Seattle. The environ-
ment is equipped with ceiling mounted ultrasound and infrared re-
ceivers. Cubical partitions are half-height (about 1.3 meters high).
Full Rao-Blackwellisation phase The two laser range-finders scan at chest height just above the parti-
Once the id’s are estimated accurately enough, we begin egons. Also shown are the paths of the six people as estimated by our
timating the joint posterior of both anonymous and id assign-system.

ments. This posterior is given by;

011,01k | 21k, 21 2| Ory tio—1 )P (G | O, 1) - . o
P( Ok, O | 21k, Z1:6) o< P2 O ti—1)P (3 |00, B11) sample set contained at least one hypothesis with correct loca-

POk | tk—1)P(Ok | Ok 1, tk—1)p(Or:k—1, 011 | 21k, Z11). (10)  tions and identities. Each method was tested on 10 trial runs
Note that id assignments are sampled only once during thising the real data set. Without identity estimation phase, the
complete estimation process, since after an id assignment #90rithm was never able to successfully complete the data
sampled, the identities of the attached object tracks are fixe@€l: Next, we tested the approach when not switching to the

From then on, id observations serve two purposes: First the Il Rao-Blackwellisation phasée. the algorithm remained in
provide information of object positions, and, second, theyn€ identity estimation phase. Without lookahead, the update

provide information for weighting anonymous hypotheses,times of the approach were prohibitively large (more than 10

thereby improving the object estimates considerably. timesrealtime). The Iookah_ead res_,ulted in significant speedup
and the results are shown in the first row of the table below.
5 Experiments Finally, we tested our two-phase approach with and without

i ) lookahead. The algorithms were able to successfully track the
To validate our approach we captured trace logs of six peogomplete data in most cases, as can be seen in the first col-

ple simultaneously walking around the cubical areas of thgmn The other three columns give average time, standard de-
office environment outlined in Figure 3. Each person was;jation, and maximum time per update in seconds. The results
wearing a small id-sensor track-pack consisting of two in-gemonstrate that both the lookahead and the two-stage process

frared badges and an ultrasound badge. Infrared and “'tr%prove the performance of the tracking algorithm.
sound receivers were installed throughout the ceiling. The

entire scene was continually observed by two wall-mountedMethod Succ.| Avg. | Std. | Max.
laser range-finders scanning at chest height just above the qUfg estimation w. Took. 10 | 0.062| 0.125| 2.9
bical partitions. The duration of the log was 10 minutes, dury Two-phase RBPF 10 | 0.154| 0.170! 1.5
ing which the individual people moved between 230 meter and Tyo-phase RBPF w. lookl 9 0.036| 0.060| 1.2

410 meter. In this challenging data log, the paths of people fr
quently crossed each other and there were situations in which |n another set of experiments, we compared our MCMC

up to 4 people were occluded by others. To validate our trackyased assignment generation to a deterministic sampling
ing algorithm quantitatively, we carried out a series of experscheme, as used in traditional MHT algorithms. Here, as-
iments based on this data log and on additional simulatiogjgnments are enumerated in decreasing order wrt. their like-

runs (seewww.cs.washington.edu/robotics/people- lihood [Cox and Hingorani, 1996 Note that generating as-
tracking/  for visualizations). signments by decreasing likelihood results in estimates that
Tracking ability are strongly biased towards more likely assignments. We per-

. formed extensive tests using real data and data simulating 20

e . ! \ Wikople and found that our approach is slightly more efficient
in Figure 3. This result was obtained with an MHT-RBPF us-,;q achieving the same robustness. Since such results de-

ing 1000 samples and Markov chains of length 100. With thig)on g 5 implementational details, we did not consider them
setting, the algorithm was able to reliably track the six peopl ignificant enough. However, the fact that smart chain flipping

Qorks at least as good as ranked assignments in practice is

ters, we carried out trial runs for different variants of our al-very encouraging, since the MCMC approach results in much
gorithm. A run was considered successful if at the end th?ess biased estimétes
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1 —————————— problem by clustering people into groups for which we do not

0.9 coe attempt to estimate the individual id’s, as already introduced

o & j in a similar context byRosencrantet al, 2003. Finally, the

0.6 et e ] recovery from tracking failures is another important issue for

0.5 ’ ’ 1 future research. Especially in the full Rao-Blackwellisation

g:‘; phase, the current approach can not recover from losing the
correct id hypothesis, since id assignments do not change over

0.2 ’
0.1 » time.
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Abstract

We present a general-purpose method for dynami-
cally factoring a planning domain, whose structure
is then exploited by our generic planning method
to find sound and complete plans. The planning al-
gorithm’s time complexity scales linearly with the
size of the domain, and at worst exponentially with
the size of the largest subdomain and interaction be-
tween subdomains. The factorization procedure di-
vides a planning domain into subdomains that are
organized in a tree structure such that interaction
between neighboring subdomains in the tree is min-
imized. The combined planning algorithm is sound
and complete, and we demonstrate it on a represen-
tative planning domain. The algorithm appears to
scale to very large problems regardless of the black
box planner used.

1 Introduction

Many planning algorithms use independencies or loose in-
teractions between components in the planning domain to
find plans more efficiently. For example, hierarchical plan-
ners divide a goal into subgoals (high-level operators) using
a decomposition of the domain into loosely interacting parts
(e.g., [Knoblock, 1990; Erol et al., 1994]). Planning is done
at each level separately, and later the subplans are pieced to-
gether to build a valid plan. Other planners that use domain
decomposition (e.g., [Lansky and Getoor, 1995]) are not lim-
ited to domains with explicit hierarchical structure, but re-
quire backtracking across subdomains, and often replan for
subgoals that already have valid plans. In general, domain-
decomposition planning does not scale well because back-
tracking between subdomains can dominate the complexity
of the search, and the domain decomposition is often ad hoc.

In this paper we present an approach to planning that scales
to very large domains by taking advantage of domain struc-
ture. This approach is composed of two procedures: factoring
and planning. The factoring procedure partitions a planning
domain into loosely interacting subdomains that are orga-
nized in a tree structure. Our factoring procedure uses decom-
position algorithms from graph theory, and our contribution
in this matter is in translating the planning-problem decompo-
sition task into a graph decomposition task. After factoring,

PLANNING

our planning procedure finds plans for multiple subgoals in
each of the subdomains separately, using a generic black box
planner. It searches over possible plans using complex action
descriptors from each of the subdomains to form a plan for
the overall goal. The planning procedure uses dynamic pro-
gramming principles, and backtracking occurs only within a
subdomain as part of the black box planner.

We prove that our planning procedure runs in time linear in
the number of subdomains and takes time that is at most ex-
ponential in the size of the largest subdomain and the number
of dependencies between subdomains. The type of factoring
that we select is justified by this complexity result. We also
prove that the combined algorithm is sound and complete,
and that it can be applied to solve any planning problem us-
ing any generic black box planner for planning within subdo-
mains. The complexity is upper bounded by the complexity
of the black box planner on the unpartitioned domain.

We implemented and tested our planning algorithm on a
simple domain to guide further development. We created two
implementations, one with the IPP planning system [Koehler
and Hoffmann, 2000] and one with the FF planner [Hoffmann
and Nebel, 2001]. We compared the results of our algorithm
with those of IPP and FF, and have shown that for a single do-
main our results scale much better than these planners alone.
The example validates our analytical results and shows that
our planner’s performance scales linearly with the size of the
domain for this problem, motivating further development.

2 Factored Planning

In this section we present an algorithm for planning with a
partitioned planning domain, where the subdomains are ar-
ranged in a rooted tree. Each subdomain corresponds to a
subset of the fluents, or single states, in the domain and a
subset of the actions which use only those fluents. Neighbor-
ing subdomains may share fluents and actions, and the ideal
partition has the smallest number of shared fluents. We ana-
lyze this algorithm computationally and present a procedure
for finding a tree partition with close-to-optimal properties.

2.1 Partitioned Planning Problems

We restrict ourselves to partitioned planning problems that
are described using a simple propositional action language.
A partitioned domain description is a labeled graph that de-
scribes a set of subdomains and the connections between the
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subdomains. Formally, a partitioned domain description is a
labeled graph G(ID, E, 1) with

o D = {D,}i<,, vertices: for all i, D; = (P;, A;) is a
planning domain description with

— P; aset of propositional fluents (features of our do-
main that may change value over time),

— A; aset of action (operator) definitions over P;.
e Edges E over D, and

e A labeling [ of the edges in E. For every D,,, D, € D,
I(D,, D,) is a subset of fluents from Uigm P;.

The label I(D,,, D,,) includes at least the fluents shared be-
tween D,,, D, (i.e., P, N P,), but it may include other (e.g.
global) fluents. We use the convention that action A; refers
to the action definition (also called action schema) and that a;
denotes the instantiation of the action in a plan. We say that
action a; is in subdomain D, iff it is defined in A,,.

We specify the preconditions and effects of actions in A;
using the simple language of situation calculus (with proposi-
tional fluents), and allow actions to have conditional effects.
We use the simple compilation technique of [Reiter, 2001]
to provide monotonic semantics for this language (and avoid
the frame problem). All of our results apply to the PDDL
language [Fox and Long, 2002] as well. PDDL is the repre-
sentation language used in our example (Section 3) to model
the domains, the subdomains, and the plans.

2.2 Planning Algorithm

Here we present our planning algorithm, PartPlan (Figure 2),
which finds plans in a partitioned domain. We use the follow-
ing notation. For P a set of propositional fluents, £(P) is the
language of P, i.e., the set of propositional sentences that can
be built with P.

High-Level Overview

PartPlan processes a partitioned domain tree iteratively from
the leaves to the root (the subdomain that holds the goal of
PartPlan). It selects a leaf subdomain, tries to build plans for
each of a set of possible preconditions and goals (Step 2b),
records the successful attempts, adds them as new (macro-
like) actions to this leaf’s single parent subdomain (Step 2c),
and removes that leaf subdomain from the graph.

The result of planning in each subdomain is not a complete
plan, but rather a compilation of capabilities, which contain
both subdomain actions and capabilities of descendant sub-
domains. Generally, every subdomain’s capabilities are those
plans that it can find (using its own actions and capabilities of
its neighbors) that affect the fluents that it shares with its par-
ent subdomain in the tree. Capabilities of a subdomain are
shared by sending a message to the parent domain containing
a complex action describing the capability.

When the tree is reduced to the single subdomain (after the
iterative processing and removal of leaves) that contains the
problem goal, we perform planning in that node to achieve
the goal condition, based on the capabilities from the (elim-
inated) child subdomains (Step 3). Then, the plan found by
this subdomain is expanded into a plan that achieves the over-
all problem goal, using the actions of this subdomain along
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with the reported capabilities of the children in the tree. Ev-
ery capability that appears in this plan is expanded into a sub-
plan by the subdomain that reported it. Those subplans can
themselves contain capabilities that are then expanded, and
the process continues until the plan contains only the original
domain actions.

The Simple Algorithm is Incomplete

The view presented above leaves the exact nature of plan-
ning in each subdomain unspecified. It suggests, roughly, that
planning in each subdomain takes the form of finding a plan
that starts from some initial state of local fluents and reaches
a specified end state of local fluents. Unfortunately, limiting
ourselves to this kind of message from children subdomains
to parents is incomplete, as demonstrated in the following ex-
ample (see Figure 1 for an illustration).

Charger Raobot
Actions: Actions:
charge, switch battery1 full add_line_segment

battery2 full
Fluents: second_power_line| Fluents:
battery1 full battery1_full
battery2_full battery2_full
second_power_line second_power_line
upgraded one_segment
two_segments

Figure 1: Subdomains for upgrading a battery charger.

Consider a scenario in which we have a charger that can
charge batteries and a robot that can connect power cables to-
gether and that uses two batteries. Initially, every charge ac-
tion of the charger charges exactly one battery, so two charge
actions are required to charge both of the robot’s batteries.
However, if the charger is connected to an additional power
source, then a single charge action charges two batteries at
once. Our task is to upgrade the charger so that it can charge
two batteries at once. For this, the robot needs to build a
power line that is long enough to reach the charger, and the
charger needs to switch to using both sources. Thus, build-
ing this line requires multiple charges interleaved with adding
lines. A plan that solves this problem needs to charge the
robot’s batteries, add a line segment, charge again, add an-
other line segment, charge again, add the final line segment,
and switch the charger to the new mode.

We want our factored-planning approach to apply to any
given planning problem and be complete (i.e., find a plan if
there is one) regardless of the plan partition. We will show
that there is a partitioning of this problem so that simple mes-
sages of the form “if X holds, then I can make Y hold” are
not sufficient in a directed tree to find a complete plan. Mes-
sages of the form “if X, holds, then | can cause Yj; if you
subsequently make X; hold, then | can cause Y; to hold” are
required for domains with interleaved interactions as in this
example. These complex messages can be extended for larger
numbers of interleaved preconditions and effects, and the al-
gorithm we present allows that type of message.

One possible partitioning of the example above is pre-
sented in Figure 1. On the left-hand side we include the
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actions charge and switch, and the features batteryl_full,
battery2_full, second_power _line, and upgraded. The ac-
tion charge has the following effects and preconditions:

e charge causes batteryl_full.

o If batteryl_full or upgraded, then charge causes
battery2_full.

Action switch has the following effects and preconditions:
o If second_power _line, then switch causes upgraded.
On the right-hand subdomain we include the ac-
tion add_line_segment, and the features batteryl_full,
battery2_full, second_power_line, one_segment, and
two_segments. The action add_line_segment has the fol-
lowing effects and preconditions:

o If batteryl_full A battery2_full, then
add_line_segment causes one_segment N
—batteryl_full A\ —battery2_full.

o If one_segment, then add_line_segment causes
two_segments.

o If two_segments,
second_power_line.

Now, consider all the possible simple messages, i.e., mes-

sages of the form “if X, then I can cause Y to hold”. We
require each of those X and Y to be a combination of flu-
ent values for fluents that are shared between the two subdo-
mains. In our case, those shared fluents are batteryl_full,
battery2_full, and second_power line.

Assume that we chose the root node in our partition to be

the left-hand side subdomain. The only non-trivial message
that the right-hand side can send is

then add_line_segment causes

o If batteryl_full A battery2_full, then | can cause
—batteryl_full A —battery2_full.

We would like to find a plan in the root subdomain (the
left-hand side subdomain) that uses these messages and that
results in the charger being upgraded. Note that this is not
possible with only simple messages.

One way to resolve this problem is to allow more complex
messages. Particularly, in our example, we can allow the fol-
lowing message to be sent:

If batteryl_full A battery2_full,

then | can cause —batteryl_full A —battery2_full and
if subsequently batteryl_full A battery2_full,

then I can cause (1)
—batteryl_full A —battery2_full and

if subsequently batteryl_full A battery2_full,

then | can cause second_power _line.

If our planner on the left-hand subdomain can handle such
complex actions, then it can use such a message to find a
plan that succeeds in upgrading the charger. Indeed allow-
ing this kind of messages makes our planning algorithm com-
plete. This is consistent with results achieved by [Amir and
Mcllraith, 2000; Mcllraith and Amir, 2001] for inference in
first-order logic, and is also consistent with [Amir, 2002] that
presented results for projection in factored domains.

An alternative to using such long messages is to include in-
ternal (i.e., not shared) fluents in shorter messages. However,
this has the effect of breaking the encapsulation and structure
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that we strive to employ, reducing our problem to that of tradi-
tional planning on the entire domain and forcing backtracking
across different subdomains.

Detailing the Planning Algorithm

Procedure PartPlan is presented in Figure 2 and its subrou-
tines are presented in Figures 3 and 4. PartPlan is given a
partitioned planning domain G(D, E,1), D = {D;}i<m. a
set of initial conditions I = {I,};<,,, indexed by subdomain
such that I; is the initial state for the fluents in P;, a goal
state condition @ in L(P;) for root node D;, and search pa-
rameters k (interactions) and d (depth). It returns a plan for
achieving the specified goal conditions in the given domain,
if such a plan exists under the search constraints. Notice that
we show goals that can be represented in a single subdomain.
We illustrate how to get around this restriction in Section 2.5.

PROCEDURE PartPlan(G(D, E, 1), I, Q, k, d)

D = {D;}i<m a partitioned planning domain with G atree, I =
{Ii}i<m @ set of initial conditions, indexed by subdomain, @ a
goal in L(P;) (t < m), and k, d parameters.

1. Set W «— D, Gw «+ G. Orient the tree G'y such that it is
rooted in ¢ (i.e., every v € W, v # t, is a descendant of t).

2. Do until W = {¢} (i.e., until W includes only the root):

() Take D, € W aleaf in Gw, and let D,, be its parent.

(b) For every {pre,}i<k, {eff; }i<k truth assignments to
<7’l’7j>7 — S.inglePIan(Dv, [v7 {prei}i<k, {effi}igk, d)
If T # nil,

call StorePlan(w, T, v, {pre, }i<;, {effi }i<;, effi).
(c) Call SendMessage(v, T, Av).
(d) Remove D, from Gy, andset W — W \ {D,}.
3. Let (m, j) < SinglePlan(Dy, I+, {Q}, d).
If # = nil, return “FAILURE for d, k”.

4. Do until W = D (reconstructing Gw):

(a) Select D, € W and D, € D\ W neighbors in G.
(b) m — ExpandPlan(x, D, D,);
() W—WuU{D,}

5. Return 7.

Figure 2: Planning with Subdomains

We discuss two of the subroutines of PartPlan in detail.
The first, SinglePlan, is presented in Figure 3. It determines
whether there is a plan with at most d actions in subdomain
D,, that starts with the state described by the initial state I,
and arrives at a state that satisfies eff;. We require the plan to
have & — 1 preconditions interleaved within & effects, corre-
sponding to the number of interleaved conditions in the mes-
sage (e.g., in (1), the message sent in our example above,
k = 4). To find such an interleaving message the planner
uses fluent-setting actions, which set the fluents in [(D.,, D,,)
to a truth assignment in one of {pre,};<x. They correspond
to (yet undetermined) action sequences that can be performed
in ancestor (or cousin) subdomains. If the parent subdomain
wishes to use the result of this planning, it will need to find a
sequence of actions that replaces these fluent-setting actions.
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Every fluent-setting action, b;, can be used at most once,
and all of by, ...,b;,_1 must have been used before this ac-
tion. Also, prior to using this fluent-setting action, eff;_;
must hold. This condition corresponds to the state that is
required by the other subdomain’s complex action as a pre-
condition for the subsequent complex action.

SUBROUTINE SinglePlan(D., I., {pre;}i<k, {effi }i<k, d)
D, = (P,, E,) adomain description, I, an initial condition for-
mula for D, {pre, }:<x—1 (preconditions) and {eff; } ;< (effects)
are state description formulae in some set of fluents P C P,, d
the depth of planning explored.
1. LetP' «— P,,E' — Ey,and I' « I,.
2. Add the fluents {did(b;) }o<i<k to P'.
3. Forevery 0 < i < k add a new action definition to £’ (for
1 = 1 omit did(b;—1)):
Poss(bi, S) = H0|dS(d’L‘d(bi71) A —\dld(bz) A effifl, S)
Poss(b;, s) = Holds(pre; A did(b;), res(b, s))

4. Add the following initial condition to I':
Holds(—did(b1) A ... A =did(bk—1), SO)

5. Searchforaplanin P’, E’, I' that achieves eff, with at most
d actions. If found plan 7, then take j = max{i | b; €
7} U {0} and return {(rr, j). Otherwise, return nil.

SUBROUTINE StorePlan(rr, T, v {pre, }i<;, {eff: }i<;, effy)

P aplan, T atable, v a subdomain index, {pre, }i<x, {eff; }i<k
and eff, are state description formulae.

1. Set T(U, {prei}i§j7 {effi}ig, eka) — T
2. Forall j’ < 4,

(a) Let,. be the initial part of 7w up to b, (not including).
(b) Set T(U7 {prei}i<jr, {eﬂ:i}i<j/, eﬂ:jl) T

Figure 3: Planning in a single subdomain, and storing a plan.

Subroutine SendMessage (Figure 4) takes a plan found by
subdomain D, (stored in table 7" by subroutine StorePlan)
and adds a new complex action definition in the parent sub-
domain, D,,, whose initial state and goal are fluents found
in D,. This new action contains complex action definitions
from child subdomains and actions local to D,,. Plans execute
sequentially to ensure that the preconditions for complex ac-
tions are satisfied at the appropriate times.

2.3 Properties of PartPlan

In this section we prove the completeness and soundness of
PartPlan and analyze its computational behavior. We pursue
the intuition that our planning algorithm can find a plan more
efficiently if the number of interactions between subdomains
is small. The maximum shared fluents across the partition
determines the time complexity of the algorithm.

Definition 2.1 (Width of a Plan) Let G({D;}i<m, E,[) be
a partitioned planning domain tree, and = = {(a,...,a;) a
sequence of actions. The width of 7 for G is the largest &
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SUBROUTINE SendMessage(v ,T", D.,)
v a node from which messages are sent, 7" a table containing
plans, D,, a domain for part w.

1. For every table entry T'(v, (pre;), ., (effi), ;. effx) (j <
k), create a complex action symborc<p,ei>i<jf<effi>i<j,effk.
2. For every table entry T'(v, (pre;), ;. (effi),;, effx) (j <
k), add the following new complex action definition to A,

Poss(c,s) < Holds(pre; A (last(v) = ¢'), s)
Poss(c, s) = Holds(eff A (last(v) = c), res(c, s))

c= C(prei)igj,(effi)isj,effk,x d = C(prei>isj_1,(effi>igj_1,effj
(for j = 1 let ¢’ = nil).
3. Add the following new initial state declaration to I,,:
Holds(last(v) = nil), S0)

SUBROUTINE ExpandPlan(r, D., ,D,)
m isaplan, D,,, D, planning domains.

1. While 7 has complex actions from D,,:

(@) Let c be the last complex action from D,, in 7.

(b) Find T'(v, (pre;),;, (effi), ;. eff) the matching ta-
ble entry for ¢ in T, for some & > j > 0. Let 7. be
the plan in this entry.

(c) Find the latest instances of ci,...,c; complex ac-
tions of D, in 7 such that for every I < j ¢ =
Clpre;) sy s(effi); g reffy

(d) Forevery1 < i < j, replace ¢; in 7 with the sequence
of actions in =, that is between b,_; and b;. Replace
c1 in 7 with the sequence of actions in 7. that is before
b1. Replace c in 7 with the sequence of actions in .
that is after b;.

2. Return P.

Figure 4: Sending a message, and expanding a plan.

(minus one) for which there is a subsequence of actions and
an edge (D,, D,,) in G such that a;, ;1 are in subdomains
on different sides of (D,,, D,) in G, for every i < k.

The plan-width & for our partitioned domain is the least k that
will allow PartPlan to find a plan. In our example in Figure 1
k = 4 because for k < 4 there is no message that we can send
that will allow us to find a plan in the left-hand subdomain.
Also, notice that every plan 7 for D has width at most || — 1.

A tree decomposition of planning domain D is a parti-
tioned domain description tree G(D, E, 1) satisfying the run-
ning intersection property: if a fluent f appears in P; and also
in P;, then all the edge-labels on the path between D;, D, in
G must include f.

Theorem 2.2 Let G(D, E, 1), be a tree decomposition of
planning domain D with m subdomains. PartPlan(G, I, Q,
k, d) returns a plan 7 of that achieves @ in D starting from
1, if and only if one exists with width at most 2k and at most
d - m actions.

The role of d is to bound the length of the complex actions
to at most d interactions; bounding this variable can be used in
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an iterative deepening algorithm to find plans with the short-
est possible complex actions. The parameter & can be used
similarly, and its role is to restrict the length of messages that
are sent from children subdomains to parent subdomains.

Corollary 2.3 lIterative deepening of search parameters k, d
in PartPlan is a sound and complete planning algorithm.

The time bound for procedure PartPlan is exponential in
the number of fluents in the links between subdomains and
the plan-width of the partitioned-planning problem, but is lin-
ear in the number of subdomains.

Theorem 2.4 PartPlan(D, I, Q, k, d) terminates in time
O(m-22k*tLomin((a+k)?, k-2v)), for a, w being the largest
number of action symbols and largest number of fluent sym-
bols in any subdomain, respectively, and [ being the largest
number of symbols in I(D,,, D,,) for all subdomains D,,, D,,.

2.4 Automatic Factoring

Theorem 2.2 assumes that a tree decomposition G(D, E, 1) is
given. For a planning domain D we can build the decomposi-
tions by hand, adding a knowledge-engineering and planning
perspectives to the domain description. We can also find a de-
composition automatically using graph decomposition tech-
niques. In this section we describe such an algorithm.

The notion of tree decomposition in planning domains is
a special case of tree decomposition in graphs [Robertson
and Seymour, 1986]. The width of a tree-decomposition is
the width of the largest subset in the tree minus one. The
treewidth of a graph G(V, E) is the minimum width over all
tree-decompositions of G minus one

Finding optimal tree decompositions is NP-hard. Nonethe-
less, there are several algorithms that find close-to-optimal
tree decompositions (e.g., [Becker and Geiger, 1996; Amir,
2001]), and there are also some heuristics (e.g., [Kjaerulff,
1993]) that have been applied successfully in inference algo-
rithms for Bayesian networks and theorem proving.

The reduction of the planning decomposition problem into
a graph decomposition problem is as follows. We create a
graph G(V, E) with a vertex v € V for every propositional
fluent in our domain D. FE is the set of edges in this graph, and
it includes an edge between v, € V if and only if there is an
action definition that includes both v, u (either as a precondi-
tion or as an effect). In the next step we find a tree decompo-
sition (S,T), S = {X; | i <m}, T = (I, F) for this graph
using one of the algorithms mentioned above. Finally, we cre-
ate a partitioned domain description G p({D; }i<m, Ep,1) as
follows: The vertices (domain descriptions) D; = (P;, A;)
are chosen such that P; includes all the fluents in X;, and
A; includes all the action definitions that can be expressed
with the fluents in P;. The edges in E'p are the tree edges,
F,inT. The labeling [ of a edge (D.,, D,) € Ep is the set
of fluents that are shared between the vertices D,,, D,, i.e.,
l(u,v) = P, N P,.

This algorithm complexity is taken up by the decomposi-
tion of the graph G(V, E)). Most heuristics are at most O(n?),
and one approximation algorithm [Amir, 2001] takes time
O(n?log* n - k®log k) (k is the treewidth of G, and is typ-
ically much smaller than »). This is an upper bound on the
time taken by the planning domain decomposition algorithm.
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2.5 Distribution of the Goal

So far we have assumed that the goal is represented in the set
of fluents of a single subdomain. In many planning problems
the goal consists of a conjunction of conditions on many dif-
ferent fluents. If we create a single subdomain that includes
all those fluents, then the width of the tree decomposition will
be high, and so will be the planning time. Instead, we can dis-
tribute the goal between subdomains, as we show here.

Assume that we are given a tree decomposition G(D, E, 1)
of domain D, with D = {D,};<.,. Let a goal condition be
Ni<.m Qi Where Q; is a part of the goal represented with the
fluents in P;. Arbitrarily, choose a single subdomain, D;, as
the root of the tree. To each subdomain D; we add a new
fluent symbol, ¢;, and a new action, a;. For every leaf sub-
domain, a]’s precondition is Q; and its effect is ¢;. For every
internal node in the tree, with children D;,, ..., D;_, a]’s pre-
condition is g;, A ... A gj,, and its effect is g;.

When planning with this revised decomposition we use a
single goal, ¢;, in subdomain D;. The revised planning prob-
lem in this tree decomposition is equivalent to the original
one, and we have reduced a (worst case) exponentially large
problem down to a linear one.

3 An Extended Example

Consider the following domain, where a robot can move
around in a set of rooms connected by doors as a ring [Cimatti
and Roveri, 2000]. Each room has a window which can be
open, closed, or locked. The robot has four possible actions:
move clockwise, move counterclockwise, close the window
of the current room, and lock the window of the current room
if the window is already closed. The goal state is that the win-
dows of all the rooms are locked. The start state is the robot in
one of the r rooms and some configuration of windows open,
closed, and locked. In this simple example we assume that
the state of windows and the location of the robot are known.
In other words, the initial condition is one of r - 3" possible
initial configurations.
Define the following set of fluents:
Agent location: inq, ..., in,

e Windows closed: closedq, ..., closed,

e Windows locked: lockedq, ..., locked,

e Windows locked from room 1 up to room i:
ally, ..., all,.

The all; fluents represent conjunctions of the

lockedy, ...,locked; fluents from parent and ancestor
subdomains in the tree, as in the previous section. Define the
following set of actions and corresponding effect axioms:

e Actions: close, lock, move,;, move,

o Effect axioms:

in;(s) A ~closed;(s) = closed;(res(close, s))
in;(s) A closed;(s) = locked;(res(locked, s))
in;41(res(move, s)) A —in;(res(move,, s))
ini(s) =
in;—1(res(movece, s)) A —in;(res(movece, s))
lockedy (s) = ally(s)
all;—1(s) Nlocked;(s) = all;(s) (1 <i<m)
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In the last set of axioms we use the convention that addition
and subtraction are modulo the number of rooms in the ring.
In other words, the next room after ¢ is (i == 1 + m) mod m.

For the ring of rooms, an obvious partition turns out to be
a good one. Specifically, we associate each subdomain with
one room, letting the fluents and actions for subdomain D, be

P; = {in;, closed;, locked;,in;_1,in; 1, all;_1,all; }
A; = {close, lock, move.;, move.e }

Each subdomain contains all actions whose preconditions
and effects mention only fluents in that subdomain.

8 ; 1 1(1,2) > 1(2,3) 3

1(3,4)

e s 6 1(5,6) 5 1(4,5) 4

Figure 5: Subdomains for Ring of Rooms.

The graph of subdomains is not a tree (see Figure 5). One
way to turn it into a tree decomposition is by removing one of
the edges completing a cycle and adding (in the worst case)
the label of that edge to the rest of the edges in this graph (this
is an example of a more general algorithm that is outside the
scope of this paper; see [Amir and Mcllraith, 2000]). The re-
sult is presented in Figure 6. The graph G connects every two
consecutive subdomains but D, D,,, for m being the num-
ber of rooms (and subdomains). The labeling on the edges is
originally 1(i,7 + 1) = {in;,in;y1,all;} for i < m. After
transforming to graph into a tree we get the labeling

U(iyi+1) = 1(i,i+1)Ul(m, 1) = {ing,ini1, ally, ing,,ing }.

1(1,2)y 1(2,3)Y
8 1 1(8,1) 2 1(8,1) 3
1(7,8)U1(8,1) 1(3,4)U1(8,1)
16,74 1(5,6)Y 1(4,5)Y
7 1(8,1) 6 1(8,1) 5 1(8,1) 4

Figure 6: Tree decomposition for Ring of Rooms.

We show how PartPlan finds a plan for this domain. We
set the goal to be all,,, which is expressed in the fluents of
subdomain m. We set t = m to be the root of the tree.

We take node v = 1, whose parent in the tree is u = 2,
and find all the plans possible with & = 2, d = 2. One such
plan is “if the robot is in room 1 and the window is open, then
close, lock and move clockwise.” We find a plan for D;:

pre; = ing A —ing A —ally A —ing,
effy = —ing Aing A ally N —ing,.

Both preq, effy are complete state descriptions in I'(1,2)).
There is a plan 7y that SinglePlan(Dy, I3, {pre;), (eff1), effq,
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d) will return. Thus, one message that is sent to subdomain
D,, is “if in some state the robot is in room 1, then D; has
a sequence of actions that results in all; being true and the
robot moving to room 2.” In more precise terms, the defi-
nition for this capability c2; is added to subdomain D,, by
subroutine SendMessage.

Now, we take node v = 2, whose parent in the tree is u =
3, and find all the plans possible with & = 2, d = 2. One
such plan is, “if in some state the robot is in room 2, then
move counter-clockwise, execute a subdomain-1-action, then
close, lock and move clockwise.” We find a plan for Ds:

pre; = in2 A —|in3 A\ _‘allg A\ _"L'TL"L A\ _|Z.TL1
effy = —ing Aing A alls A —ing, A —ing,

These are all complete state descriptions in I'(2,3). There
is a plan 7(cy) that SinglePlan(Da, Io, {pre,}, {eff1}, effq,
d) will return. The message that is sent to subdomain D,, is
roughly speaking “if the robot is in room 2, then D5 has a
sequence of actions that results in all, being true”. In more
precise terms, the definition for action ¢ ; is added to subdo-
main D,, by subroutine SendMessage.

This method continues for all the subdomains up to D,,
that contains the goal. Subdomain m can conclude that there
exists a plan for closing and locking all the windows, satisfy-
ing all,,,. If the initial condition of our problem specifies that
the robot is in room r, then starting in subdomain D,. we will
already have a plan independent of the position of the robot.
This will lead to a complete plan in subdomain m.

When the plan is found in subdomain m, the algorithm then
goes on to expanding the complex actions into their capabil-
ity plans. For example, when the complex action ¢ ; of sub-
domain 1 is encountered in the plan , it is expanded into a
segment (close, lock, move.;) that is placed instead of ¢ 1 in
plan . It results in a sequence of actions that is between the
state satisfying condition eff; (i.e., when the robot appears in
room 1) and the state satisfying effs.

Using this domain and associated tree decomposition
above we implemented our algorithm to see that the run time
scaled linearly as the number of rooms increased. The re-
sults are compared in figure (7), which shows four different
planning algorithm on this domain as the size of the domain
grows. For all runs, the optimal-sized plans were found. In
very small domains, there is some constant time overhead in-
volved in the PartPlan algorithm, but asymptotically the Part-
Plan algorithms begin to dominate because of the linear scal-
ing with respect to the number of rooms. Although this exam-
ple is not rigorous enough to show the empirical dominance
of the PartPlan algorithm for every domain, it does motivate
further development of the ideas in real-world domains.

4 Related Work

Some of the techniques that we apply have been used be-
fore in automated reasoning. Best known are methods for
reasoning with probabilistic graphical models [Pearl, 1988]),
logical theories [Dechter and Rish, 1994; Amir and Mcll-
raith, 2000] and constraint satisfaction problems [Dechter and
Pearl, 1989]. The common principle for those applications is
the advantage taken of low treewidth available in many do-
mains. With a tree decomposition of close-to-optimal width,
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PartPlan-FF
PartPlan-IPP

- FF
PartPlan-FF
PartPlan-1PP)
PP

0 w0 w0 40 40 s

Figure 7: Comparison of run time for IPP, FF, PartPlan-1PP,
and PartPlan-FF. The figure on the left is for 0-150 rooms,
the figure on the right is for 0-500 rooms. The scale on the
y-axis is in milliseconds.

these reasoning algorithms use two sweeps of the tree, an evi-
dence collection and evidence distribution sweep, and the en-
tire process is linear in the number of nodes.

Similar techniques to these have also been used in prob-
abilistic planning to find approximate policies for factored
MDPs (e.g., [Guestrin et al., 2002]), and also in the context of
multi-agent stochastic planning with MDPs. The main differ-
ence with this approach is that we find an exact solution, and
we act in domains that do not have universal reachability (all
states are reachable from all states), as is assumed in MDPs.

Section 1 discusses approaches for multi-agent planning
[Lansky and Getoor, 1995; Ephrati and Rosenschein, 1994;
Wolverton and desJardins, 1998].

5 Conclusions

Two contributions of our work are automated planning do-
main decomposition by minimizing subdomain interactions,
and an algorithm to plan in this decomposed domain with
no backtracking. The planning algorithm is sound and com-
plete, and exploits a low treewidth partition for a particular
planning domain, enabling planning to scale linearly with the
domain size. Our automatic factoring algorithm for a plan-
ning domain attempts to optimize the run-time complexity of
the planner. Theoretical results and empirical examples show
that the planning algorithm scales well in domains with de-
composable structure.

Directions for future work in this area include the devel-
opment of algorithms for richer domains and description lan-
guages, such as nondeterministic planning actions, stochas-
tic actions, and actions involving duration and numerical pa-
rameters. Our approach is built on the language of situation
calculus (in which we developed our first version of the al-
gorithms), leading us to believe that it will extend to these
directions and more. Our work connects automated reason-
ing and planning, and we expect to extend this connection to
allow first-order decomposition of planning and other related
problems, such as diagnosis and reactive control.
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Abstract

This paper presents a parametric system, devised
and implemented to perform hierarchical plan-
ning by delegating the actual search to an exter-
nal planner (the “parameter”) at any level of ab-
straction, including the ground one. Aimed at
giving a better insight of whether or not the ex-
ploitation of abstract spaces can be used for
solving complex planning problems, compari-
sons have been made between instances of the
hierarchical planner and their non hierarchical
counterparts. To improve the significance of the
results, three different planners have been se-
lected and used while performing experiments.
To facilitate the setting of experimental envi-
ronments, a novel semi-automatic technique,
used to generate abstraction hierarchies starting
from ground-level domain descriptions, is also
described.

1 Introduction

There is experimental evidence that humans repeatedly
use abstractions while solving different kinds of prob-
lems [Stillings et al., 1987], thus justifying the research
in the field of automated hierarchical planning.

It is apparent that abstraction is usually not effective
on simple problems, due to the overhead introduced by
the need of going back and forth across abstract spaces
while performing the search. In other words, enforcing
abstraction on simple problems may end up by wasting
computational resources. Yet, under certain assumptions
abstraction can significantly reduce the search time when
applied to complex problems [Knoblock, 1991].

In order to investigate the impact of abstraction
mechanisms on the search complexity, we devised and
implemented a hierarchical wrapper able to embody any
domain-independent planner provided that a compliance
with the STRIPS subset of PDDL 1.2 standard [McDer-
mott et al., 1998] is ensured. The embodied planner is
exploited at any level of the hierarchy, each level being
characterized by its own definitions. A suitable decoup-
ling between levels is guaranteed by using domain-
specific rules that establish the correspondence between
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entities belonging to a level and its superior. Translation
rules are given in a PDDL-like format, explicitly defined
to support abstractions.

Experiments have been performed on some classical
planning domains, widely acknowledged by the planning
community —although not specifically tailored for ab-
straction. To better assess the significance of the results,
three different planners have been used while performing
experiments.

The remainder of this paper is organized as follows:
first, some relevant work on planning by abstraction is
briefly recalled, to give the reader a better insight of the
issues deemed relevant. Then, the overall architecture of
the system is illustrated, including the semi-automatic
technique we developed for generating abstract spaces.
Subsequently, experiments are described and results are
discussed. Finally, conclusions are drawn and future
work is outlined.

2 Related Work

Building an ordered set of abstractions for controlling the
search has proven to be an effective approach for dealing
with the complexity of planning tasks. This technique
requires the original search space to be mapped into cor-
responding abstract spaces, in which irrelevant details are
disregarded at different levels of granularity.

Two main abstraction mechanisms have been studied
in the literature: action- and state-based. The former
combines a group of actions to form macro-operators
[Korf, 1987]. The latter exploits representations of the
domain given at a lower level of detail; its most signifi-
cant forms rely on (i) relaxed models, obtained by drop-
ping operators’ applicability conditions [Sacerdoti,
1974], and on (ii) reduced models, obtained by com-
pletely removing certain conditions from the problem
space [Knoblock, 1994]. Both models, while preserving
the provability of plans that hold at the ground level, per-
form a “weakening” of the original problem space, thus
suffering from the drawback of introducing “false” solu-
tions at the abstract levels [Giunchiglia and Walsh,
1990].

As for Knoblock’s abstraction hierarchies, each predi-
cate is associated with a unique level of abstraction —
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according to the constraints imposed by the ordered
monotonicity property [Knoblock, 1994]. Any such hier-
archy can be obtained by progressively removing certain
predicates from the domain (or problem) space.

From a general perspective, let us assume that abstrac-
tions might occur on types, predicates, and operators.
Relaxed models are a typical example of predicate-based
abstraction, whereas macro-operators are an example of
operator-based abstraction.

3 System Architecture

The system has been called HW][], standing for (paramet-
ric) Hierarchical Wrapper. Note that square brackets are
part of the name, indicating the ability to embed an ex-
ternal planner; being P any such planner, the notation
HW/[P] shall be used to denote an instance of HW/] able
to exploit the planning capabilities of P.

Figure 1 illustrates the architecture of the system, fo-
cusing on its main components, i.c., an engine and the
embedded planner. The former is devoted to controlling
the communication between adjacent levels, whereas the
latter is exploited to perform planning at any given level
of abstraction.

Any domain-independent planner can be embodied
within the system, provided that compliance with the
STRIPS subset of the PDDL 1.2 standard is ensured.

domain hierarchy

solution
problem

Embedded
Planner

Figure 1. The architecture of the system.

Although the system supports a multiple-level hierar-
chy, for the sake of simplicity, in the following we as-
sume that only one abstract level exists, giving rise to a
two-level (i.e., ground and abstract) hierarchical descrip-
tion.

3.1 The Planning Algorithm

Once instantiated with an external planner P, HW/[P]
takes as inputs a ground-level problem and a structured
description of the corresponding domain, including a set
of rules to be used while mapping ground into abstract
states and vice-versa. In fact, to perform planning at dif-
ferent levels of abstraction, the engine of HW/] must op-
erate bi-directional translations (upwards and down-
wards) to permit communication between adjacent levels.

To find a solution of a given problem, first the engine
of HW/[P] translates the init and goal sections from the
ground to the abstract level. P is then invoked to search
for an abstract solution. Subsequently, each abstract op-
erator is refined by repeatedly invoking P. The refine-
ment of an abstract operator is performed by activating P,
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at the ground level, on the goal obtained by translating
downward its effects. Note that the initial state of each
refinement depends on the previous refinement; hence,
refinements must be performed according to the order
specified by the abstract plan. To avoid incidental dele-
tion of subgoals already attained during previous refine-
ments, they are added to the list of subgoals that results
from translating downward the effects of the current ab-
stract operator to be refined.

When the attempt to refine the current abstract solution
fails P is invoked to find the next abstract solution, !
unless the number of abstract solutions found so far ex-
ceeds a given threshold (m). If no abstract solution could
be successfully refined, to ensure the completeness of the
algorithm, an overall search is performed at the ground
level. The whole process ends when a ground solution is
found or the overall search fails.

3.2 Extending PDDL for Dealing with
Abstraction

A problem and its corresponding domain are described in
accordance with the standard PDDL 1.2 syntax, using the
“define problem” and “define domain” statements, re-
spectively. To describe how bi-directional communica-
tion occurs between adjacent levels an extension to the
standard PDDL has been devised and adopted.

More precisely, the syntactic construct “define hierar-
chy” has been introduced. It encapsulates an ordered set
of domains, together with a corresponding set of map-
pings between adjacent levels of abstraction. Since the
mappings are given in term of types, predicates and op-
erators, three subfields have been introduced (i.e.,
:types, :predicates, and :actions), to represent the
abstraction over such dimensions. The general form of
the construct is:

(define (hierarchy <name>)
(:domains <domain-name>")
(:mapping (<src-domain> <dst-domain>)
[:types <types-def>]
[:predicates <predicates-def>]
[:actions <actions-def>])")

The following notation is adopted in the :types field
to represent a clause for mapping types:

(abstract-type ground-type)
It specifies that ground-type becomes

abstract-type while performing upward translations.
To disregard a type, the following notation must be used:

" Due to the limitations of most of the existing planners, the
process of incrementally querying for another solution may be
simulated by preliminarily querying for m abstract solutions,
to be released incrementally on demand.
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Type

Node relationships

Supporting Evidence

Action

<a b>

i

<c d>

() if a=cand b = d there is no supporting
evidence for assuming that A usually precedes
B in a plan, and vice-versa;

remove both edges.

(ii) if a > c there is a high likelihood that A
precedes B;

remove top edge.

(iii) if ¢ > a, there is a high likelihood that B
precedes A.

remove bottom edge.

<a 0>

|

<c 0>

(i) if a > ¢ there is a high likelihood that A pre-
cedes B;

remove top edge.

(ii) if ¢ > a, there is a high likelihood that B

remove bottom edge.

precedes A.

<0 b>

:

<0d> quired by B (A).

A (B) negates one or more preconditions re-

remove both edges.

<a 0>

:

<0 d> by A.

B negates one or more preconditions required

remove bottom edge.

<a b>

i

<0 d> by A.

B negates one or more preconditions required

remove both edges.

<a b>

;

<c0> coupled actions.

A and B are usually complementary or loosely-

remove both edges.

<a 0>

i

<0 0>

A precedes B with high likelihood.

remove top edge.

<0 b>

:

<0 0> by B.

A negates one or more preconditions required

remove the top edge.

Table 1. Heuristics for pruning the operators’ graph.
(nil ground-type)

Moreover, the following notation is adopted in the
:predicates field to represent a clause for mapping
predicates:

((abstract-predicate ?pll ?p21 ..)
(ground-predicate ?pl2 - tl12 ?p22 - t22 ..))

It specifies that ground-predicate must be pre-
served while going upward and vice-versa. Note that, if
no differences exist in mapping a predicate between adja-
cent levels, the corresponding clause can be omitted.

To disregard a predicate while performing upward
translations, the following notation is used:

(nil
(ground-predicate ?pl2 - tl2 ?p22 - t22 .))

It specifies that ground-predicate is not translated
into any abstract-level predicate.

In addition, abstract-predicate can be expressed
as a logical combination of some ground-level predicates.

To describe how to build the set of operators for the
abstract domain, in the :actions field, four kinds of
mapping can be expressed:
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- an action remains unchanged or some of its parame-
ters are disregarded;

- an action is removed;

- an action is expressed as a combination of actions
belonging to the ground domain;

- a new operator is defined from scratch.

3.3 Generating Abstractions

To facilitate the setting of abstract spaces, as an alterna-
tive to the hand-coded approach used in [Armano et al.,
2003], a novel semi-automatic technique for generating
abstraction hierarchies starting from ground-level domain
descriptions has been devised and adopted.

From our particular perspective, performing abstrac-
tion basically involves executing two steps: (i) searching
for macro-operator schemata through a priori or a poste-
riori analysis, (ii) selecting some of the schemata evi-
denced so far and translating them into abstract operators.

In this subsection, we concentrate on the task of find-
ing macro-operator schemata throughout an a-priori
analysis performed on the given domain and problem,
rather than adopting the a-posteriori technique illustrated
in [Armano and Vargiu, 2001], aimed at finding macro-
operator schemata according to a post-mortem analysis
performed on plan “chunks”.
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Step (i) is performed by an algorithm for building and
then pruning a directed graph, whose nodes represent
operators and whose edges represent relations between
effects of the source node and preconditions of the desti-
nation node. In particular, for each source node A and for
each destination node B, representing operators defined
in the given domain, the corresponding edge is labeled
with a pair of non-negative numbers, denoted by <a b>.
The pair accounts for how many predicates A can estab-
lish (a) and negate () that are also preconditions of B. It
is worth noting that source and destination node may co-
incide, thus giving rise to a self-reference.

Pruning is performed according to the domain-
independent heuristics reported in Table 1. Note that the
pruned graph does not contain edges labeled <0 0>, the
corresponding operators being completely independent.

At this point, the most promising macro-operator
schemata can be easily extracted from the pruned graph,
each path being related with a candidate macro-operator.

Figure 2. The directed graph (before pruning), representing static
relations between operators of the blocks-world domain.

As an example, let us consider the well-known blocks-
world domain, encompassing four operators: stack, pick-
up, unstack, put-down. The corresponding graph is shown
in Figure 2. Bearing in mind that the same mechanism
has been applied to all operators’ pairs, let us concentrate
—for instance— on the relation that holds between stack
(source node) and pick-up (destination node).

Considering that the effects of the stack operator are:

(not (holding ?x))
(not (clear ?y))
(clear ?x)
(handempty)

(on ?x ?vy)

and that the preconditions of the pick-up operator are:

(clear ?x)
(ontable ?x)

(handempty)

we label the corresponding edge with the pair <2 1>. It is
apparent that stack establishes two preconditions for
pick-up, while negating another.

As for the pruning activity, Figure 3 shows the result-
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ing graph for the blocks-world domain. > The resulting
macro-operator schemata are (“;” being used for concate-
nation): pick-up;stack, unstack;put-down, pick-up;put-

down, and stack,unstack.
<11> <1 0>

<21> <10>

Figure 3. The directed graph (after pruning), representing static
relations between operators of the blocks-world domain.

Step (ii) is performed by selecting a subset of the re-
sulting macro-operator schemata, and by translating them
into abstract operators. In principle, generating an ab-
stract operator is not a deterministic task; for this reason
in the current implementation of the system this mecha-
nism has not yet been completely automated. Neverthe-
less, the simplest way of generating an abstract operator
consists of deleting from the abstract level all predicates
that do not occur among preconditions or effects of any
selected macro-operator. This process influences (and is
influenced by) the translation rules that apply to both
types and predicates. For instance, the absence of a
predicate as a precondition or effect of any induced ab-
stract operator entails its deletion from the abstract level.

As for the blocks-world example, two macro-operator
schemata have been disregarded (i.e., stack;unstack and
pick-up;put-down), as they do not alter the state of the
domain (the resulting set of effects being empty). In fact,
it is apparent that they are composed of complementary
actions.

It is worth pointing out that the approach described
above can be used also for generating abstractions tai-
lored to a given problem, by simply adding a dummy
operator representing the goal(s) of the problem itself.
This “goal” operator has only preconditions (its set of
effects being empty), representing a logic conjunct of
predicates that characterize the goal of the input problem.
In this way, all sequences deemed relevant to solve the
problem are easily put into evidence (as they end with the
“goal” operator).

4 Experimental Results

The current prototype of the system has been imple-
mented in C++. Experiments have been performed with
three planners: GRAPHPLAN [Blum and Furst, 1997],
BLACKBOX [Kautz and Selman, 1998], and LPG [Ger-
evini and Serina, 2002]. In the following, GP, BB, and
LPG shall be used to denote the GRAPHPLAN,
BLACKBOX, and LPG algorithms, whereas HW/GP],

2 Since we are interested in finding macro-operators, we do
not take into account self-references.
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HW[BB], and HW[LPG] shall be used to denote their
hierarchical counterparts.

To assess the capability of abstraction to improve the
search, we performed some tests on five domains taken
from the 1998, 2000, and 2002 AIPS planning competi-
tions [Long, 1998; Bacchus, 2000; Long, 2002]: elevator,
logistics, blocks-world, gripper, and zeno-travel. Experi-
ments were conducted on a machine powered by an Intel
Celeron CPU, working at 1200 Mhz and equipped with
256Mb of RAM. A time bound of 1000 CPU seconds has
also been adopted.

HW HW HW
# GP /GP] BB /BB] LPG JLPG]
elevator
1-4 0.01 0.06 0.1 0.33 0.01 0.11
3-1 0.23 0.36 1.34 1.20 0.02 0.15
4-1 1.96 0.83 1.03 1.74 0.02 0.16
4-4 10.11 0.84 311.5 1.79 0.02 0.16
5-1 364.7 2.03 180.8 2.54 0.02 0.18
7-2 -- 12.04 -- 3.89 0.03 0.29
logistics
4-2 0.68 1.22 0.27 0.46 17.93 --
5-2 0.08 0.16 0.15 0.46 0.02 --
7-0 -- 10.93 4.49 2.17 2.12 --
8-1 - 16.26 2.90 3.02 1.55 --
10-0 -- 43.43 8.27 3.76 2.17 --
15-0 -- 203.4 10.91 6.33 0.15 --
blocks-world
4-0 0.34 0.32 0.16 0.67 0.02 0.08
6-0 3.04 1.82 0.26 1.68 0.05 0.23
8-0 | 31.61 11.13 0.92 2.46 0.36 0.31
10-0 -- -- 6.82 5.00 0.62 0.67
11-0 - - 16.23 4.25 4.23 0.83
14-0 -- -- -- 9.84 5.00 1.91
15-0 -- -- -- -- 7.49 2.07
17-0 -- -- -- -- 33.93 3.49
20-0 -- -- -- -- 66,78 7.88
22-0 - - -- -- 183.16 12.21
25-0 -- -- -- -- 668.98 24.94
zeno-travel
1 0.02 0.52 0.22 0.36 0.02 0.03
8 -- 42.55 0.94 2.36 0.14 0.49
9 - -- 0.34 3.37 0.13 1.08
11 -- -- 11.20 2.78 0.16 1.06
13 - - 62.99 20.52 0.42 2.47
14 -- -- -- 20.04 3.90 21.93
gripper
2 4.72 0.56 0.42 0.63 0.02 0.07
3 7.91 1.73 5.22 1.20 0.02 0.12
4 18.32 2.63 268.7 1.55 0.02 0.14
5 57.21 4.38 421.1 1.54 0.03 0.15
6 -- 7.97 586.4 2.26 0.03 0.17
9 -- 24.29 -- 3.63 0.05 0.36

Table 2. Performance comparison of BB, GP, and LPG with
their hierarchical counterparts.

All domains have been structured according to a
ground and an abstract level, the latter having been gen-
erated following the approach described in the previous
subsection. For each domain, several tests have been per-
formed —characterized by increasing complexity. Table 2
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compares the CPU time of each planner over the set of
problems taken from the AIPS planning competitions.
Dashes show problem instances that could not be solved
by the corresponding system within the adopted time-
bound.

Elevator. Experiments show that —for GP and BB- the
CPU time increases very rapidly while trying to solve
problems of increasing length, whereas HW/GP] and
HW/[BB] keep solving problems with greater regularity
(although the relation between number of steps and CPU
time remains exponential). LPG is able to solve long
plans in a very short time, thus doing away with the need
to resort to HW/LPG].

Blocks-world

100

-= -BB
—e—HW[BB]
-+ -GP
——HW[GP]

Time (sec)

e

0,1
40 50 60 7-0 80 90 10-0 11-0 12-0 13-0 14-0

Problems

Figure 4. CPU time comparisons in the blocks-world domain.

Logistics. In this domain GP easily solves problems up
to a certain length, but it is unable to solve problems
within the imposed time limits if a given threshold is ex-
ceeded. On the other hand, HW/GP] succeeds in solving
problems of increasing length without encountering the
above difficulties. BB performs better than HW/BB] for
small problems, whereas HW/BB] outperforms BB on
more complex problems. LPG is able to solve long plans
in a few seconds at the most. For unknown reasons LPG
was not able to refine any abstract operator when invoked
by the engine of HW/[LPG].

Blocks-world. Tests performed on this domain reveal a
similar trend for GP and HW/GP], although the latter
performs slightly better than the former. BB performs
better than HW/BB] for simple problems, whereas
HW/[BB] outperforms BB on problems of medium com-
plexity. LPG is able to solve problems whose solution
length is limited to 100 steps. In this domain, HW[LPG]
clearly outperforms LPG on more complex problems.

Blocks-world

1000

100 + -

" ./._;-,I/'—_-
0 -

0,01

— & — LPG
—&—HWI[LPG]

Time (sec)
|
.

40 60 80 100 11-0 140 150 17-0 20-0 22-0 25-0

Problems

Figure 5. CPU time comparisons in the blocks-world domain.

Zeno-travel. Unfortunately, in this domain, neither GP
nor HW[GP] are able to successfully tackle most of the
problems of this domain. An improvement of HW/BB]
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over BB can be observed, similar to the one shown for
the blocks-world domain. LPG is able to solve long plans
in a few seconds at the most, thus avoiding the need to
resort to HW[LPG].

Gripper. For the gripper domain, both HW/GP] and
HW[BB] clearly outperform their non-hierarchical coun-
terparts. LPG is able to solve long plans in a very short
time.

For the sake of brevity, only two plots (i.e., Figures 4-
5 concerning the blocks-world domain) of relative per-
formances —i.e. non hierarchical vs. hierarchical- are
reported.

5 Conclusions and Future Work

In this paper a parametric system has been presented,
devised to perform hierarchical planning by delegating
the actual search to an external planner (the parameter).
Aimed at giving a better insight of whether or not the
exploitation of abstract spaces can be useful for solving
complex planning problems, comparisons have been
made between any instances of the hierarchical planner
and its non-hierarchical counterpart.

To better investigate the significance of the results,
three different planners have been used to make experi-
ments. To facilitate the setting of experiments, a novel
semi-automatic technique for generating abstract spaces
has been devised and adopted. Experimental results high-
light that abstraction is useful for classical planners, such
as GP and BB. On the contrary, the usefulness of resort-
ing to hierarchical planning for the latest-generation
planner used for experiments (i.e., LPG) clearly emerges
only in the blocks-world domain.

As for future work, we are currently addressing the
problem of automatically generating abstract operators.
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Abstract

Graphplan planning graphs are structures widely
used in modern planners. The exclusion relations
calculated in the planning graph extension pro-
vide very useful information, especially in tempo-
ral planning where actions have different duration.
However, Graphplan backward search has some
inefficiencies that impose limitations when dealing
with large temporal problems. This paper presents
a new search process for temporal planning to avoid
these inefficiencies. This search uses the informa-
tion of a planning graph and shows beneficial in
the scalability of the planner. Moreover, our ex-
periments show that a planner with this new search
is competitive with other state-of-the-art planners
w.r.t. the plan quality.

1 Introduction

Many of the current challenges in Al planning focus on in-
creasing the functionalities of planners to deal with more real
features, such as temporal capabilities, explicit management
of resources, more expressive domain definition languages,
heuristic techniques and optimisation criteria, etc. [Fox and
Long, 2001; Gerevini and Serina, 2002; Smith and Weld,
1999]. This paper deals with three of the previous func-
tionalities: i) planning with temporal features (actions with
duration), ii) more expressive domain definition languages
(PDDL2.1 [Fox and Long, 2001]), and iii) plan optimisa-
tion (makespan). Traditional temporal planners have adopted
a conservative model of actions, where two actions cannot
overlap in any way if they have conflicting preconditions or
effects. This model is adequate in some planning domains,
but there exist others that require a richer model of actions.
Level 3 of PDDL2.1 used in IPC-2002 provides a model of
durative actions which allows a more accurate exploitation of
action concurrency to obtain shorter makespan plans.

This paper describes our experiences with a Temporal
Planning SYStem (from now on TPSYS), based on Graph-
plan [Blum and Furst, 1997] and TGP [Smith and Weld,
1999], to manage the model of durative actions proposed in
level 3 of PDDL2.1. TPSYS performs a Graphplan back-
ward search, which guarantees the properties of completeness
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and optimality. However, backward search has some ineffi-
ciencies that impose important limitations in large temporal
problems. In these problems, the search space is vastly in-
creased and the performance of the algorithm degrades. We
suggest a new two-stage search process to overcome these
inefficiencies. First, a backward search generates an initial
relaxed plan. Next, this relaxed plan is used as an outline
for generating a solution plan by means of a non-complete
heuristic process, where actions are only definitively allo-
cated in the plan when they are applicable and no mutex
(least-commitment). This allows to increase the scalability
of search, producing non-optimal, but good quality, plans.

2 A Review of TPSYS

TPSYS is based on a three-stage process [Garrido et al.,
2002], which combines the ideas of Graphplan and TGP.
This means that TPSYS incrementally extends a temporal
planning graph, performs a backward search through that
graph and extracts a plan.

Unlike conservative actions, durative actions present more
conditions to be guaranteed for the success of the action.
These conditions are SCond,, ECond, and I'nv, with the
conditions of a to be guaranteed at the start, end and over all
the execution of a, respectively. Durative actions have two
types of effects: SEff, and EEf f, with the effects to be
asserted at the start and end of a, respectively.

The first stage of TPSYS calculates the action-action and
proposition-action static mutex relationships. These mutex
relationships are static because they only depend on the def-
inition of the actions and they always hold. The second
stage extends a temporal planning graph which alternates
temporal levels of propositions (P) and actions (Ap;). Un-
like Graphplan, levels in TPSYS represent instants of time
t € R* in which propositions are present and actions can
start/end. Action-action, proposition-action and proposition-
proposition mutex relationships are calculated during the ex-
tension of the temporal planning graph. The third stage per-
forms the search in a Graphplan backward way, extracting
an optimal plan through the planning graph. Since the third
stage starts as soon as all the propositions in the final situa-
tion are present, non pairwise mutex, and the plan extraction
is complete, TPSY'S obtains the plan of optimal makespan.

Backward search in TPSYS preserves the same proper-
ties of completeness and optimality of Graphplan, but it en-
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Figure 1: Outline of the temporal planning graph for the
ferry problem. Shaded propositions represent the non-
pairwise mutex problem goals at time 16. Mutex relations
between propositions are represented by thick lines.

tails the most time consuming stage. Furthermore, this search
presents some inefficiencies (inherited from Graphplan)
which impose important limitations in temporal problems.
Let us consider a simple problem from the f er ry domain.
The domain consists of transporting a number of cars from
one location to another using a ferry which can carry only one
car at a time. To keep the problem simple enough we assume
three cars cl1, ¢2 and ¢3 to be transported from location /1
to (2 by ferry f1. The actions are board(?car,?ferry,?locat),
sail(?ferry,?locatl,?locat2) and debark(?car,?ferry,?locat),
with durations 1, 5 and 2, respectively. The optimal plan
contains 11 actions (3xboard, 5xsail and 3xdebark) and the
makespan is 34. The mutex relations are binary, so the sec-
ond stage ends at time 16 and the search starts from there
(see Figure 1). Since every pair of actions is mutex, only one
action is planned in each level. If we assume that applica-
ble actions are selected in each level from top to bottom in
the planning graph of Figure 1, action A2 is firstly planned
at time 14. Next, actions A7 and Al are planned at times
9 and 8, and so on. Because no feasible plan is found, the
search backs to time 14 where all permutations of actions A2,
A4, A6 are planned under the same schema with no success.
This is the first indication of inefficiency: a lot of effort is
wasted trying, unsuccessfully, to plan nearly identical actions
in problems with symmetry. As no plan is found from time
16, the planning graph is extended to time 17 and the search is
re-started from scratch. This entails the second indication of
inefficiency: no actions planned in previous stages of search
are reused as a part of the current plan, committing similar
failures in the new one-deeper-level search space. Although
memoization helps reduce the amount of failures committed
during search, the way in which it prunes one branch of search
does not allow to solve the real conflict until exhausting the
whole level. This is the third indication of inefficiency: if one
proposition becomes unsupported, no new actions supporting
it are studied but that branch is discarded and the algorithm
performs a backtracking stage.

These inefficiencies have a negative influence in Graph-
plan-based temporal approaches. While a classical Graph-
plan’s planning graph for this problem has 11 levels, in tem-
poral planning no plan is found until level 34 is extended and
explored. Particularly, in TPSYS the number of levels gener-
ated depends on the dispersion of the durations of the actions.
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The worst performance happens when the ged of the dura-
tions is 1, forcing the algorithm to generate the maximum
number of levels. In consequence, the previous inefficiencies
and wasted search are repeated more frequently.

3 Combining L east-Commitment and
Heuristicsto I mprove the Search Process

In this section we substitute the backward search by a two-
stage search to avoid the previous inefficiencies in a temporal
planning approach. First, a backward chaining stage gener-
ates an initial relaxed plan from the information of the tem-
poral planning graph. Second, a forward chaining stage allo-
cates the execution time of the actions in the relaxed plan.

3.1 Generation of an Initial Relaxed Plan

This stage generates an initial relaxed plan from the informa-
tion of the temporal planning graph (from now on TG) to be
used as a skeleton of the final plan. We define a relaxed plan TT
as a partially ordered set of actions in which both the problem
goals and action conditions hold. It is called relaxed because
neither mutex relationships between actions nor commitment
on their start time are considered.

A relaxed plan always contains two fictitious actions with
no duration called | Sand FS. | Sachieves the propositions of
the initial situation, whereas FS requires the problem goals.
IT is generated similarly to the relaxed solution plan in the FF
planner [Hoffmann, 2000] with the exception that we handle
durative actions (see Algorithm 1).

1: goals < problem goals {must hold in any plan for the problem}
2: II « {IS U FS} {obligatory actions}
3: whilegoals # () do
4:  extract g; from goals
5: if g; is not supported in IT then
6 a <+ arg min(number of mutex which a; imposes in II)
Va ; which supports g;
7 if a is the only action which supports g; A g; is a condition
of an obligatory action then
: mark a as obligatory in II
9: II + TTU {a} {no commitment on start time of a yet}
10: goals « goals U{SCond, U Inv, U ECond,}

Algorithm 1: Generation of an initial relaxed plan II.

Step 6 studies the actions which support g; and selects the
action which minimises the number of mutex in II. In prob-
lems with multiple resources, this selection tends to use as
many resources as available. For instance, inaf er ry prob-
lem with two or more ferries f1, f2,..., step 6 distributes
the use of the ferries in a homogeneous way. If action de-
bark(c1,f1,12) is used for debarking the car c1, action de-
bark(c2,f2,12) is first selected when debarking the car ¢2 be-
cause debark(c2,f1,12) is mutex with debark(c1,f1,12) and im-
poses more mutex in II. This selection provides the relaxed
plan more information about the structure of the problem,
thus increasing the quality (number of actions in parallel) of
the final plan. Note that in step 6 we do not need to perform
real search (or backtracking) because none of the mutexes are
considered and, therefore, this strategy always leads to a so-
lution. Moreover, we introduce the term of obligatory action
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a as the only action which supports a goal which must hold
in any plan for the problem. This is helpful because it means
that @ must be always present in II (steps 7-8). Obviously,
both | S and FS are obligatory.

One important property of II is that if there is no mutex
between overlapping actions, all actions in IT form a feasible,
optimal plan. The proof of this is straightforward and relies
on the complete extension of the temporal graph. The level in
which the temporal graph extension ends indicates the mini-
mal time in which the goals can be achieved by non-pairwise
mutex actions. Thus, this level provides a minimal bound of
the makespan for a feasible plan and, if no mutex between
actions holds, the plan is not only feasible but also optimal.
Unfortunately, this is not a very common situation and mutex
relations break the plan relaxation. This entails to postpone
the allocation of actions, and/or to plan new actions to solve
the unsupported (sub)goals.

3.2 Planning and Allocating of Actions

This stage performs the allocation in time of actions in the re-
laxed plan. We use a structure called set _of _pl ans, with
the search space formed by all the generated plans {IL; }. Ac-
tions in each II; are divided into two disjunctive sets: Alloc;
and Relax;. Alloc; contains the actions which have been al-
located in time and will never be removed from II;. Relax;
contains the actions which have not been allocated yet, and
so they can be removed from II;. Initially, Alloc; is empty
and Relax; contains all the actions in II; (the initial II; is the
relaxed plan computed in the previous section). This stage
finishes once Relax; gets empty, obtaining in Alloc; the ac-
tions of the plan which support all the problem goals.

1: set.of_plans « II, generated in Algorithm 1
2: whileset_of_plans # ¢ do

3:  extract the lowest cost IT; from set_of_plans
4: if Alloc; supports all the problem goals then
5: exit with success
6: €ese
7 a <+ arg max(allocation priority)
Va ;€ Relaz; whichcanstartat t i me_of _execution;
8: if a is mutex in Alloc; then
9: if a is not obligatory then
10: remove a from Relax;
11: ese
12: postpone start time of a in Relax;
13: else
14: if a is applicable then
15: allocate a in Alloc; at time_ofF_execution;
16: else
17: insert new plans into set_of_plans to make a ap-
plicable

18:  update time_of_execution;

Algorithm 2: Planning and allocating of actions.

The idea is to move forward in time, simulating the real ex-
ecution of TI;, progressively taking care of the actions which
can start their execution (see Algorithm 2). The current time
of execution in II;, t i ne_of _execut i ony, is initialised to
0. The algorithm always selects the plan II; of lowest cost
from set _of _pl ans (step 3). If all the problem goals are
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supported the algorithm exits with success (step 5). Oth-
erwise, actions from Relax; which can start at the current
ti me_of _executi on; are tried to be allocated (step 7).
If one action a is mutex with actions in Alloc; and non-
obligatory, a is removed from II; (step 10), delaying the ful-
fillment of its goals to a future time of execution. The reason
to remove a non-obligatory action is that it could be a bad
choice for the plan. If a is obligatory it is not removed but
its start time is postponed (step 12). If a is not mutex and ap-
plicable, a is allocated in time (step 15). This step entails the
first indication of loss of completeness. Although there exist
alternative actions to a, if a can be allocated those actions are
not considered in II;. Step 17 is a branching point in which
new actions are inserted (generating new plans) to achieve
unsupported conditions of a. For each action a; supporting
each condition a new plan II; is generated and inserted into
set _of _pl ans with a; marked as obligatory in IL;. Itis im-
portant to note that a; is not allocated in time, but it is inserted
with its earliest start time of execution extracted from the TG.
This is part of the least-commitment technique performed in
the allocation of actions when they are inserted into plans.
Step 18 moves to the next relevant t i me_of _executi on;
in which actions can start, extending the TG if necessary.

The algorithm has two important points of selection: steps
3 and 7. Step 3 selects the plan II; with the lowest cost from
set _of _pl ans, where the cost is estimated as follows:

cost(IL) = cost(Alloc;) + cost(Relax;), where
cost(Alloc;) = a-unsup(FS, Alloc;) + B - duration(1L;)
cost(Relax;) = Z ~ - unsup(a, Alloc;) +

Ya€Relax;
4 - add(a,FS) + 6 - del(a,FS) +
A - PA-mutex(a,FS) + p - duration(a)

The cost of a plan II; consists of the sum of the cost due
to Alloc; and Relax;. unsup(a, Alloc;) is an estimation of
the number of actions necessary to solve the unsupported
conditions of a from the current ti me_of _executi on;.
It is estimated through the TG, ignoring the delete effects
of actions (as in the heuristic used in FF). add(a,FS) is
the number of conditions of FS which a supports, whereas
del(a, FS) is the number of conditions of FS which a deletes.
PA_mutex(a, FS) is the number of mutex between condi-
tions of FS and action a. This mutex information is extracted
from the TG and indicates the impossibility to have simulta-
neously the conditions of FS and a. duration represents the
duration of the plan/action to take into account the makespan
of II;. Note that a, 3,7,0, A, 1 > 0 because they have a pos-
itive impact in the cost of the plan. In opposition, § < 0
because it has a negative impact in the cost.

In step 7, the action a with the maximal allocation priority
is selected to be studied at t i me_of _.executi on;. This
priority is estimated as follows:

prio(a) = p-unsup(a, Alloc;) + o - succ(a, Relax;) +
7 - meetsucc(a, Relaz;) + v - duration(a)

The allocation priority of action a depends on several local
factors. succ(a, Relax;) is the number of direct successor
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(dependent) actions of a in Relax;. meetsucc(a, Relax;) is
the number of direct successor actions of a which can start
as soon as a ends, i.e. which meet a. These two values in-
dicate the importance of an action for the successor actions
in Relax;. Intuitively, the more successor actions are directly
supported by a, the more important a is in the plan. Similarly,
the meeting successor actions indicate the number of succes-
sor actions which can be immediately executed without mu-
tex. unsup and duration are defined as above. Coefficients
o, > 0 because they imply to select an appropriate action
to be allocated. However, p, 1 < 0 because they indicate that
action a is not promising enough to be allocated yet.

The previous evaluation functions can have many more
heuristic factors, but according to our experimental analysis
they are general enough for most temporal planning prob-
lems. We can also implement different heuristic methods by
setting the values of the coefficients, which in our case are
the same for all the domains. Although the values of the co-
efficients can influence the search, their precise value is not
as relevant as in other heuristic approaches based on local
search as LPG [Gerevini and Serina, 2002]. For instance,
the static cost of inserting an action in LPG is based on the
number of unsupported conditions, what cannot represent the
real complexity of solving each condition. On the contrary,
the coefficient unsup deals with that complexity because it
estimates the real cost to support it in the TG.

It is important to note that plans are incrementally gener-
ated without discarding allocated actions and with no redun-
dancy due to symmetry. Although Algorithm 2 explores the
complete space of actions to make actions applicable, the al-
location priority imposes an order of execution and discards
the rest of feasible orderings (second indication of loss of
completeness) . For instance, in the f er ry problem of sec-
tion 2, when studying the actions to debark {A2, A4, A6}
the algorithm allocates one action and postpones the others.
This avoids the complete exploration of all the permutations
of A2, Ad and A6, preventing the planner from the generation
of symmetric plans.

4 Experimental Results

We have implemented the previous search on top of TPSYS,
conducting several experiments’. The two first experiments
compare the new search vs. the Graphplan backward search.
In the first experiment, we studied the impact of the new
search in problems with a high degree of symmetry, such as
the ferry and gri pper, focussing on the planner scala-
bility. Figures 2-a,b show the results for some problems of
these domains. Although it is not surprising that the least-
commitment search (t psys- LC) is faster than Graphplan
backward search (t psys- GP), it is worthy to mention that
t psys- LC scales up much better than t psys- GP, espe-
cially inthegr i pper domain. Moreover,t psys- LCfound
optimal plans without backtracking for all the problems.

The second experiment deals with some problems of the
simple-time track of the last IPC-20022. Although both ap-

1The experiments were run on a Pentium 1V 2 GHz with 512 Mb.

2More information on the domains, problems and re-
sults of the international planning competition (IPC-2002) in:
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proaches have difficulties to solve all the problems (see Fig-
ures 2-c,d,e,f), the least-commitment search can solve more
problems. On one hand, backward search difficulties rise as
a result of the redundancy in the complete, blind search pro-
cess. On the other hand, least-commitment search difficulties
rise as a result of: i) the heuristic, greedy approach, which can
lead to the wrong path in the search, and ii) the non-complete
preserving search. The zenot r avel andsatel | i t e do-
mains show the highest speedups. It is important to note that
the best improvement is produced in the satel lite do-
main, which is the only domain in the competition that ex-
ploits the end conditions of durative actions.

The third and fourth experiments are aimed at evaluating
the quality of the plans generated by the new approach. We
are mainly interested in the makespan of the plans, but we
also consider the number of actions as an additional indica-
tion of the plan quality. The third experiment uses the plans
generated in the experiment 1 (Figures 2-a,b) and compares
them with the plans generated by LPG? [Gerevini and Serina,
2002] and Mips* [Edelkamp, 2002]. We have chosen these
two planners as they handle temporal features and showed
distinguished performance in the last IPC. To date our inter-
est has not focussed on code optimisation, so in this experi-
ment we will not compare the execution time of the planners®
but only their plan quality. Table 1 shows the comparison be-
tween the three planners taking into account the makespan
and the number of actions of each plan. We have not in-
cluded the results for the f er ry domain because the three
planners generate the same fully sequential plans. However,
plans for the gri pper domain can have actions in paral-
lel (the gripper is a resource with capacity for two balls) so
that the planner can exploit a better concurrency. In order to
simplify the resulting plans the actions have been assigned
duration 1. Hence, the optimal makespan is 2n — 1 and the
number of actions in an optimal plan is 3n — 1, where n is the
number of balls in the problem. Surprisingly, both LPG or
Mips generate sequential plans as can be easily noticed from
the fact that the makespan comes directly from the number
of actions in the plan. t psys- LCis the only of the three
planners which generates optimal plans for all the problems,
highly exploiting the action parallelism.

In the fourth experiment, we have used the plans gen-
erated in the last IPC to perform a comparison between
t psys- LCand some of the state-of-the-art planners which
participated in the simple-time track. We have analysed

http://www.dur.ac.uk/d.p.long/IPC

3LPG is based on a non-deterministic local search and, con-
sequently, it would not be fair to work with the plan from
only one execution. In our experiments with LPG, we have
run each problem ten times and extracted the average val-
ues. We have used the LPG1.0 version as provided in:
http://prometeo.ing.unibs.it/lIpg

“We have used the Mips version as provided in:
http://www. informatik.uni-freiburg.de/ mmips

SLPG and Mips are clearly faster than tpsys-LC. For instance,
they get to solve some simple problems before tpsys-LC finishes
its 1st and 2nd stages. Currently, these stages represent an impor-
tant bottleneck in our implementation and we think they could be
drastically reduced.

945



300000

300000

tpsys-LC (20 solved) ——
tpsys-GP (6 Solved) -

100000 | / 4 250000

10000 - 200000

150000 - |

Time in ms

1000

Time in ms (log scale)

100000 | |
50000 |

0

tpssLE (9 solved) ——
tpsys-GR (3 solved) -

tpsys-[C (10 solved) ——
tpsys-GP (3 solved) -

250000

200000 -

150000

Time in ms

100000

50000

Py -

2 4 6 8 10 12 14 16 18 20 1 2 3 4
Size of the problem (number of cars)

@) - ferry domain

300000

Name of the problem

(c) -driverlog domain

6 7 8 9 10 1 2 3 4 5 6 7 8 9 10
Name of the problem

(e) - satel lite domain

300000

tpSys-LC (20 solved) ——
tpsys-GP (3 solved) -

tooooo | ¥ 1 250000

10000 - 200000

°

E

c

i : 150000
1000 | | E

100000

Time in ms (log scale)

50000

tpsys-LC (7 solved) ——
tpsys-GP (4 solved) -

fpsysLC (7 solved] ——
psys-GP (4 solved] ---x---

250000

200000 F

150000

Time in ms

100000

50000

5 10 15 20 25 30 35 40 1 2
Size of the problem (number of balls)

(b) - gripper domain

Name of the problem

(d) - zenotravel domain

L L 0 L
8 9 10 1 2 3 4 5 6

Name of the problem

(f) - rovers domain

Figure 2: Comparison of the least-commitment search vs. the Graphplan backward search. Tests were censored after 300 s.

[ Problem [ tpsys-LC| LPG | Mips |
gripper-4 7 (11) 13 (13) 15 (15)
gripper-8 15 (23) 25 (25) 31 (31)
gripper-12 23 (35) 45 (45) 47 (47)
gripper-16 31 (47) 53 (53) 63 (63)
gripper-20 39 (59) 63 (63) 79 (79)
gripper-24 47 (71) 77 (77) 95 (95)
gripper-28 55 (83) 89 (89) 111 (111)
gripper-32 63 (95) 105 (105) | 127 (127)
gripper-36 71 (107) 117 (117) | 143 (143)
gripper-40 79 (119) 127 (127) | 159 (159)

Table 1: Comparison of the makespan (number of actions are
in brackets) of the plans for the gri pper domain obtained
by t psys- LC, LPG and Mips planners.

the plans generated by the domain-independent (di) planners
LPG, Mips and VHPOP, and the domain-dependent (dd)
planners SHOP2, TALPIlanner and TLPlan. For LPG and
Mips we have run the problems again and for the rest of the
planners we have used the results of the competition. Al-
though Sapa, TP4 and IxTeT also participated in the com-
petition we have not found enough results for the simple-time
track to be considered in our comparison. Figure 3 shows the
results of this comparison (for lack of space we only include
the domains with more problems solved). In the dri ver -
| og domain, the plans of t psys- LC are generally longer
than the rest of planners with the exception of LPG and
SHOP2. Inthe sat el | it e domain, t psys- LC behaves
in average better than the rest of the planners, with the only
exception of TLPlan. In the r over s domain, t psys-LC
generates again plans of very good quality, which are only
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improved by SHOP2 and TLPlan. Further, we have no-
ticed that t psys- LC generates plans with nearly the same
(or even fewer) actions than the rest of the planners. These
experimental results show that the new approach significantly
improves the scalability of the Graphplan backward search.

5 Conclusionsthrough Related Work

Least-commitment techniques have been widely used in plan-
ning, relying on the consistency of temporal constraints
(IXTeT and HSTS), postponing the assignment of values to
variables or the order of execution of actions, etc. [Weld,
1994]. We use a least-commitment approach to overcome
the limitations of the Graphplan backward search detected
in previous works [Fox and Long, 1999; Zimmerman and
Kambhampati, 1999]. Our approach basically postpones the
allocation in time of actions until they become not mutex and
applicable. Thus, the algorithm generates a relaxed plan sim-
ilarly to FF, to be used as a skeleton of the plan. Next, it
allocates actions in time according to their mutex relations
and to several local heuristic criteria in the line of LPG. Our
critical difference with LPG relies on several points. First,
the planning graph is temporal and moves chronologically in
time instead of planning steps. Second, the TG is not only
used to extract heuristic information but also to generate a
relaxed plan. Third, this plan is repaired in a forward chain-
ing direction, and unlike LPG the allocated actions are never
removed. Fourth, the heuristics exploit better the structure of
the plan and the real importance of each action in the plan. Fi-
nally, t psys- LCuses a more precise model of action mutex
which implies fewer constraints on the execution of actions
and a larger search space.

This paper contributes in the way in which least-
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Figure 3: Comparison of the quality of the plans obtained by t psys- LCand some state-of-the-art planners.

commitment can be applied in a Graphplan-based temporal
(or classical) approach, substituting the backward search by
the new two-stage search. The new search combines the in-
formation calculated in the planning graph with a heuristic,
greedy search process, and increases the planner scalability.
The advantage is that the planner can exploit a high level of
action concurrency, what leads to plans highly competitive
with other state-of-the-art planners under a deterministic ap-
proach. Although in temporal planning the most important
criterion of quality is the makespan, the experimental results
show that the new search generates plans in which the number
of actions is quite good (even in problems of IPC-1998 and
IPC-2000). The main disadvantage of this approach is that it
is not complete preserving. However, although completeness
and optimality are desired properties, guaranteeing them en-
tails a huge complexity, preventing planners from producing
plans with more than a few actions. The algorithm has still
some limitations and our future work is to refine the heuristic
functions to improve the quality of the plans, the performance
and to avoid some of the inconveniences of the greedy search.

Acknowledgments

This work has been partially supported by the Spanish MCyT
under projects DP12001-2094-C03-03 and T1C2001-4936-E,
and by the Universidad Politécnica de Valencia under projects
20010017 and 20010980.

References

[Blum and Furst, 1997] A.L. Blum and M.L. Furst. Fast
planning through planning graph analysis. Atrtificial In-
telligence, 90:281-300, 1997.

PLANNING

[Edelkamp, 2002] S. Edelkamp. Mixed propositional and
numeric planning in the model checking integrated plan-
ning system. In Proc. Workshop on Planning for Temporal
Domains (AIPS-2002), pages 47-55, 2002.

[Fox and Long, 1999] M. Fox and D. Long. The detection
and exploitation of symmetry in planning domains. In
Proc. 1JCAI-99, pages 956-961, 1999.

[Fox and Long, 2001] M. Fox and D. Long. PDDL2.1: an
extension to PDDL for expressing temporal planning do-
mains. Technical report, University of Durham, UK, 2001.

[Garrido et al., 2002] A. Garrido, M. Fox, and D. Long.
A temporal planning system for durative actions of
PDDL2.1. In Proc. ECAI-2002, pages 586-590, 2002.

[Gerevini and Serina, 2002] A. Gerevini and I. Serina. LPG:
a planner based on local search for planning graphs with
action costs. In Proc. AIPS-2002, pages 281-290. 2002.

[Hoffmann, 2000] J. Hoffmann. A heuristic for domain inde-
pendent planning and its use in an enforced hill-climbing
algorithm. In Proc. 12th Int. Symp. on Methodologies for
Intelligent Systems, Charlotte, North Carolina, USA, 2000.

[Smith and Weld, 1999] D.E Smith and D.S. Weld. Tempo-
ral planning with mutual exclusion reasoning. In Proc.
IJCAI-99, pages 326-337, Stockholm, Sweden, 1999.

[Weld, 1994] D. Weld. An introduction to least commitment
planning. Al Magazine, 15(4):93-123, 1994,

[Zimmerman and Kambhampati, 1999] T. Zimmerman and
S. Kambhampati. Exploiting symmetry in the planning-
graph via explanation-guided search. In Proc. AAAI-99,
1999.

947



Resource Temporal Networks: Definition and Complexity

Philippe Laborie
ILOG
9, rue de Verdun, 94253 Gentilly Cedex, France
plaborie@ilog.fr

Abstract

This paper introduces the concept of Resource
Temporal Network (RTN), a constraint network
that subsumes both classical attributes used in A.l.
Planning and capacity resources traditionally han-
dled in Scheduling. After giving a formal defini-
tion of RTNs, we analyze their expressive power
and study complexities of several fragments of the
RTN framework. We show that solving an RTN is
in general NP-Complete - which is not surprising
given the expressivity of the framework - whereas
computing a Necessary Truth Criterion is polyno-
mial. This last result opens the door for promising
algorithms to solve RTNSs.

1 Introduction

Historically, Artificial Intelligence Planningfocuses on ab-

solute changes (for instance change of the truth value of a ¢ A
predicate), conditions on the state of the world and symbol-

ical precedences between operations wheSshedulingo-

2 Resource Temporal Networks

2.1 Definition

Definition 1 (Resource) A resource is a numerical fluent
whose value can vary over time. The value of this fluent at
datet is called the resource level at dateand is denoted
1(t).

In this paper, we focus on time and resource levels belong-
ing to a dense set (rational numbers)e Q, I(t) € Q. Al-
though the framework can be extended to handle continuous
changes, we only consider discrete changes.

Definition 2 (Resource StatementsWe define the follow-
ing statements on a resource wheye, and¢. denote vari-
able time-points angd some constant if:

e An absolute change is a statement denotéq, ¢) stat-
ing that because of this change at dat¢he level of the
resource changes from a current leveo q.

e A relative change is a statement denotg¢y, ¢) stat-
ing that because of this change at datethe level of
the resource changes from current leveb [ + ¢. This
corresponds to a production ¢§| units if¢ > 0 or a
consumption ofg| units if¢ < 0.

lower-than condition is a statement denoted
L(q,ts,t.) stating that the level of the resource
must remain lower than or equal tpover time interval

cuses on relative changes of the world (resource consump-
tion or production) and numerical time. Recent advances in
both fields have enlarged their relative ambition: time and
resources are increasingly being studied by the Al Planning
community whereas conditions and absolute changes are nec-
essary to express complex scheduling problems involving for

[ts,te).

A greater-than condition is a statement denoted
G(q,ts,t.) stating that the level of the resource must
remain greater than or equal tg over time interval
[ts,te)-

example alternative recipes or complex conditions and ef- A4,R,L,G respectively denote the sets of absolute, rela-
fects on the level of resources. This paper introduces antive changes, lower-than and greater-than conditions. df
analyzes the computational complexity of a formalism that4 U R is a resource change, we dengte) the time-point of
mixes on the same fluent the ingredients of Al Planning (ab= andq(z) the resource quantity involved in If x € LU G
solute changes, conditions) and the ones of Scheduling (relds a condition, we denotg (x) the start time-point of;, ¢. (z)

tive changes, numerical time). There has been some receit$ end time-point and(x) the resource quantity involved in

work on the decidability of planning with numerical state x.

Note that the above resource statements also allow for

variables[Helmert, 2002 but to the best of our knowledge, expressing equal conditions of the forB(q, t,,t.) stating
no computational complexity study has been published thathat the level of the resource remains equaj twver the time
analyzes a complex but realistic and useful fragment of thénterval [¢;, t.) as the conjunction of a lower-than condition
overall framework of planning with time and numerical state L(q, ¢, t.) and a greater-than conditi@(q, ¢, t.). The set

variables. This paper is a step in this direction.
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of equal conditions is denotefl. Resource statements are
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the basic ingredients for defining Resource Temporal Net- =1 [5.10] =3 [0+] =4

works (RTNs). Informally, an RTN represents a set of pos-
sible evolutions of a given numerical variable (the level of the
resource) over time.

Definition 3 (Resource Temporal Network) A resource
temporal network (RTN) is atupld, A, R, L, G, N) where: t4 t5
T is a set of time-point variables}, R, £ andg respectively QLQ =3
denote a set of absolute, relative changes, lower-than and
greater-than conditions referring to time-points . N is

a Temporal Network using the formalism STNefined in )
[Gerevini and Cristani, 1997 on the time-points of . Figure 1: Example of RTN

In this paper, for simplicity reasons, we focus on decison ,
problems and reasoning involving a unique resource. Our ;‘ 777777777777777777777777777777777
framework can naturally be extended toward (1) parametrized - =3
resources of the formkes(y) wherey is a variable parameter 1 +=3
describing which resource a given resource statement applies
and (2) handling variable quantitigedn resource statements. S S ‘ s o

Those extensions are out of the scope of the paper. R R R

Definition 4 (Instantiation of an RTN) An instantiation of ) _
an RTN is a function : 7 — Q. Figure 2: Solution of an RTN

Itis to be noted that in this paper, we assume that all the re-
source statements are known and the only decision variables e V7 € Q, let's defines(7) andg(7) as follows [3]
of an RTN are the time-points ii. We do not handle, at o _
this point, the complete Al Planning problem of generating If 3z € A, oot(z) < 7, then:

C
C

i

>=3

an RTN given a partial RTN and a set of operators described * 0(1) = MaXgeA,got(z)<r 7 © t(x)
as RTNs. % §(1) =gq(z)withz € A, 0 ot(x) =6(T)
Definition 5 (Time-consistent instantiation) An instantia- — otherwises (1) = —oo, ¢(7) = 0.

tion o is said to be time-consistent iff is consistent with There exists a functioh (7) : Q — Q such that :

the STN V.
o I (1)=4q(T)+ . ot(x) < () [4
Computing a time-consistent instantiation of an RTN can (r) =4(7) ZwER,o(r)q t(z)< q(x) [4]
be done inD(n?) [Gerevini and Cristani, 1997We now de- ~ ® Vz € L£,V7 € [o0ots(z),00tc(x)),l5(T) < q(z) [5]

fine the notion of resource-consistent instantiation. Inthe def- o vy ¢ G vr € [pot,(z), 0ot (2)),1,(7) > q(z) [6]
inition below, conditions [1] and [2] ensure that in a resource-_ = . ) ) .
consistent instantiation, two absolute changes assigning dif?€finition 7 (Solution of a RTN) A solutionto an RTNis an
ferent levels cannot be simultaneous and an absolute chan§tstantiations that is both time- and resource-consistent.
cannot be simultaneous with a relative change. The ratio-
nale for this semantics is that, as[ifiox and Long, 200R 2.2 Example

we allow simultaneity only for pair of changés, y) thatare ~ Suppose the following RTNT = {t1,ta,t3,t4,t5}, A =
commutative, that is such that applyingust aftery leadsto  {A(3,t5)}, R = {R(1,t1), R(3,t2), R(—4,t3)}, L = 0,
the same level as applyingust afterz. Given adate, point G = {G(3,t4,t5)}, N = {ta —t1 € [5,10],t3 — t5 €
[3] definess (), the last date before at which an absolute [0, +-00),t5—t1 € [0,+00),t5—14 € [2,+00)}. ThisRTNis
change occurred andT) the resource level assigned by such depicted in Figure 1. The following instantiationis clearly
an absolute change. Note thtr) can be defined without a solution to this RTNo(t1) = 0, o(t2) = o(ts) = 5,
ambiguity because two absolute changes assigning differemt(ts) = 8, o(t5) = 7. It corresponds to the functialy (¢)
levels cannot be simultaneous. Equation [4] defines the pradepicted in Figure 2.

file of the resource level over time. Conditions [5] and [6]

state that this profile must satisfy the lower-than and greatel3  Expressive Power

than conditions. In this section, we show that most of the classical attributes

Definition 6 (Resource-consistent instantiation)An  in-  used in Al Planning as well as most of the resources used in
stantiationo is said to be resource-consistent iff the following Scheduling can be represented in the RTN framework.
conditions are satisfied:

o V(z,y) € A, q(2) # qly) = oot(z) # oot(y) [1]
STRIPS operators

t t 2
* Y y) € AxR,o0t(z) 7 oot(y) [2] Let p be a STRIPS predicate. It can be represented by a

This formalism allows for both the representation of metric con-resource for which level 0 means thats false and level
straintst — ¢’ < r € Q and unequations# t'. means thap is true. Leto be an operator at time-pointIf p

3.1 Planning Attributes
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is in the precondition of operater this can be captured by a state among a known set of possible stafes {s;}. Ac-
greater-than conditiot¥(1,¢,¢) with the constraint’ < 2. tivities requiring different states of the state resource cannot
If —p is in the precondition of operatar, this can be cap- overlap. We can build a mapping..s that maps the possible
tured by a lower-than conditioh(0, ', t). If pisinthe delete  states of the state resource@ Then, the requirement of
list of operatoro, this can be captured by an absolute change given state of a state resource by an activity executing on
A(0,¢) stating that aftet, p will be false. Ifp is in the add the time intervalt,, ¢t.) can be modeled as an absolute change
list of operatoro, this can be captured by an absolute changeA (.5 (s), ts) and an equal conditioR (pies (), ts, te)-

A(1,t) stating that aftet, p will be true. Additional Expressivity

IXTET attributes The RTN framework allows for modeling complex resources
Let att be an kTEeT attribute[Ghallab and Laruelle, 1994 and activities in scheduling. In manufacturing for instance,
We can build a mapping,; that maps the possible values maintenance activities need to be executed as soon as the level
of attributeatt to Q. Then, a hold predicateold(att, v, t,t) of some numerical variable (measuring the “need for mainte-
can be modeled by an equal conditififu,.;(v),t,t'). An  nance”) has reached a certain level. The level of this variable
eventevent(att,v,v’,t) by the conjunction of an equal con- is increased (relative change) by production activities and is
dition E (111 (v), ', t), an absolute changé(u.: (v'),t) and  reset to O (absolute change) by maintenance activities. An-

a temporal constrairit < t. other example is scheduling while ensuring some condition
on a numerical variable during the execution of an activity
PDDL 2.1 (e.g. maintaining the temperature of a furnace within a suit-

Let’s consider a durative action of PDDL Zfox and Long,  able interval). Such kind of conditions are very important
2004. This action can be represented by two time points in process industry and chemistry. The conjunction of ab-
(start) andt. (end) in our formalism. A condition at start on solute changes, relative changes and conditions holding over
a non-numerical propositiop can be captured by a greater- variable time intervals offers a powerful formalism for rep-
than conditionG(1,¢,¢,) with the precedence < t,, an ef-  resenting complex scheduling problems. Additional features
fect at start by an absolute changél, ¢,) (similar modeling  such as dependence between variable resource quantities
for conditions and effects at end) and an invariant conditiorand time-pointg that do not directly fit into the RTN model

by a greater-than conditio(1,,,.). Conditions and in- can be handled by additional constraints in a constraint prop-
variants of the form<, > and= on numeric variables can be agation framework.

captured by RTN condition&, G and . Numeric effects
assign correspond to absolute changes, whergasease 4 Complexity

anddecrease correspond to relative changes. ) ] o )
In this section, we analyze the algorithmic complexity of

3.2 Scheduling Resources solving and providing necessary truth criteria for general
RTNs and particular fragments of the RTN formalism. By

Discrete resources NP-Complete we mean NP-Complete in the strong sense.

A discrete resource of maximal capaciy[Laborie, 2003
can be captured by an RTN with a greater-than conditiory.1 Notations
G(0, —00, +00)® a lower-than conditionZ(Q, —oco, +00)
and an initial productiorR(Q, —oo). An activity requiringg
units of resource over the time interval, t.) is represented I S -
by a pair of relative changeB(—q, t.), R(+q,t.). If the 1986 which is a restriction of STK that only consists of

N . - o .
discrete resource is given a varying maximal capacity prozcviesﬁtﬂgeq%?A':gug%]r\?;at('joenfgt’;’ S’ eﬁ?rjéﬁ.\l} \t;\l/ee
file, this can be modeled as a set of lower-than conditioné p ) 9

L(Qirti,tisn) write t < t/ ort =< t' to express the fact that the corre-
o b sponding relation is subsumed by the temporal network. We
Reservoir use the following notations about resource statemeRts:

A reservoir of maximal capacity) and initial levelZ [La- ~ denote any set of relative changessuch thatg(z) > 0
borie, 2003 can be captured by an RTN with a greater- (producers).R{~ denote any set of pairs of resource state-
than condition G(0, —oc, +o0), a lower-than condition ments(R(+1,t,), R(—1,t.)) wheret, < t.. Lq denotes
L(Q,—o0,+00) and an absolute changé(L,—occ). A  the lower-than conditior(Q, —oo, +00). AE denotes any
production activity corresponds to a relative chargyg,t)  set of pairs(z, y) wherex = A(q,ts) andy = E(q, s, t.)
whereq > 0 whereas a consumption activity corresponds towith ts < t.. A fragment of the complete RTN framework

Let us consider the following notations about temporal con-
straints: PA denotes the point algebra pfilain and Kautz,

arelative chang&(q, t) whereg < 0. is denoted(X|Y") where X is the set of changes and con-
ditions allowed in this fragment andl the type of tempo-
State Resources ral constraintsn denotes the number of resource statements

In ILOG SchedulefILOG, 2003, state resources are defined in the RTN,m the number of temporal constraints between
as objects that at each timepoint can take only one possibléme-points andnaxflow(n, m) the complexity of comput-

- ) ing a maximum flow on a graph with nodes andn arcs$.
2’ < t denotes the constraint— ¢’ € (0, +o0).

3We assume that co denotes a time-point before any othertime-  *State-of-the-art maximum flow algorithms do it@(nm logn)
point and+oco denotes a time-point after any other time-point. in worst cas¢Hochbaum, 1998
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4.2 Finding a solution 7; < Ti4+1 and the lower-than conditioh(Q, —co, +00). If
Complexity 1 The problem of finding a solution to an RTN there exists a solutioR,, ..., By, to the BPP, it's clear that a
is in NP. solutiono to the RTN can be built as followss(7;) = 21,

. . . o Vx € R;,o0t(x) = 2i — 1. Reciprocally, a solution to the
Proof: The time-consistency of an instantiatiencan be  RTN problem can be used to build a solution to the BPP by
checked in polynomial time and, given its definition, the func-gefining the set®?; = {z € R/oot(z) < o()} and, for
tion [, can be build and the resource-consistency checked if - ; < k R, = {2 € R/o(ri_1) < oot(z) < o(r;)} and

polynqmial time_. Asimpl_e algorithm to check that an instan—Rk ={z € R/o(r4_1) < oot(z)}. -
tiation is a solution runs i@ (m + nlogn). " _ _
The proof of the three polynomiality results below is omit- Complexity 9 (R{ ~, Lo|PA) is NP-Complete.

ted because trivial. Proof: The Sequencing to Minimize Maximum Cumulative

Complexity 2 (R™, £Q|STN7$) can be solved i) (n?). Cost Problem (SMMCCP) with tasks costs{inl, 1}, which
, e A is known to be NP-completéGarey and Johnson, 1979
Complexity 3 (Ry~, £1|PA) can be solved i) (n?). can be reduced to this problenSMMCCP: Given a set
Complexity 4 (A, R|STN7) can be solved iD(n?). of tasksT’, a partial order between tasks:, a fixed cost
. . c(t) € {—1,1} for each task € T and a constanf’, find
Complexity 5 (R{ ™, £1|STN7) is NP-Complete. a total order< onT that obeys the partial ordex and such
Proof: The scheduling decision problemprec(l;;),p; =  thatvt € T.5%, (') < K. Given a SMMCCP, we can

1|Cmaz < T that consists in scheduling on a machine a sepuild an RTN as follows. Each taskcorresponds to a time-
of activities of unit duration subject to min/max delays be-Point in the RTN. The precedence constraints correspond to

tween activities and maximal makespan is a special case dfe partial order between tasks. Two additional time-points
(Ri~,L£1|STN?#). See for instancéFinta and Liu, 199p ~—° and+oco are respectively added before and after all the

for a proof of its NP-completeness. s Other time pointg € T'. For a taskt such thate(t) = +1,

_ 2\ we add the two relative changé¥+1,¢) and R(—1, +00).
Complexity 6 (AE[ST'N7) is NP-Complete. For a taskt such thate(f) = —1, we add the two relative
Proof: The special case where all the quantitiesf the ~ changesR(+1, —occ) and R(—1,t). Let N be the number
pairs (z, ) are different can be reformulated as a problemof taskst such that(t) = —1. We then add the lower-than
(R}~ £1|STN#) (cf above). » condition L(K + N, —oo,+00). Leti(t) € [1,[T] be an

, N ) arbitrary indexing of the set of tasks. Let o be a solution
Complexity 7 (R, £|PA) is NP-Complete. to the RTN. We build a total order between tasks as follows:

Proof: The Subset Sum Problem (SSP), which is knownt’ < t if and only if o(t') < o(t) or [o(t') = o(t) and
to be NP-completdGarey and Johnson, 1978an be re- c¢(t') = —1 andc(t) = +1] or [o(t') = o(t) andc(t’) = c(t)
duced to this problem. SSP: Given a finite setR; and  andi(t') < i(t)]. It's easy to see that is a solution to the
for each element: € R a positive integer sizg(z); a  original SMMCCP. =
positive integer@. Is there a subsefS of R such that o
Y,esa(r) = Q?  Let the RTN composed of the re- 4.3 Necessary Truth Criterion
source relative change®(q(z),t(z)) for z € R and only  The Necessary Truth Criterion (NTC) is the problem of de-
one equal conditioi’(Q, 7, 7') with 7 < 7'. It's clear that if ~ ciding whether a given RTN is such that any of its time-
there exists a solutio® to the SSP then this solution can consistent instantiation is also resource-consistent (and thus,
clearly be transformed into a solution to the RTN; for ex-is a solution). NTCs were introduced by David Chapman in
ample by choosing = 0, 7/ = 1, Vz € S,t(z) = 0, a very influential papefChapman, 198awhere, in the con-
Vz € R\ S,t(z) = 1. Reciprocally, for any solutiom to  text of planning with resources, he mentions the existence of
the RTN, a solution to the corresponding SSP can be built byclever polynomial algorithms using network flow techniques
takingS = {x € R/oot(z)) < o(7)}. Note that SSP is not that compute the exact least value the state variable could
NP-Complete in the strong seng® *, £| PA) can be proved take on”. One of these algorithms was describedRhys,
to be NP-Complete in the strong sense by a transformatioh97d and more recently ilMuscettola, 200R In this sec-
from the 3-Partition problerfGarey and Johnson, 197g&ry  tion, we develop this idea and give some complexity results
similar to the one used in this proof. m for NTCs in the context of resource temporal networks. No-
. . tice that, due to lack of space, proofs are mostly sketched.
Complexity 8 (A, R, Lq|PA) is NP-Complete. Note also that all the problems studied in this section are NP-
Proof: The Bin Packing Problem (BPP), which is known to Complete (see section 4.2). Without lack of generality we as-
be NP-completéGarey and Johnson, 19/76an be reduced sume in this section that the RTNs do not contain any poten-
to this problem.BPP: Given a finite sei? of m items; for  tially conflicting pairs of changes. A pair of absolute changes
each itemz € R a positive integer size(x); a positive (z,2’) € A? is said to be potentially conflicting if and only
integer@ and k¥ < m. Can R be partitioned intok dis-  if g(z) # ¢(z’) and N does not subsumézx) # t(z'). A
joint setsRy, ..., Ry such thatVi € [1,k],>° cp q(z) <  pair(z,2') € A x R is said to be potentially conflicting if
Q7 Let the RTN composed of the resource relative changeand only if A does not subsuméz) # ¢(z’). Indeed, if such
{R(q(z),t(x))}+er, @ temporal chain ok — 1 absolute conflicting pairs exist, itis easy to add the corresponding non-
changes{ 4(0,7;)}:=1..x—1 with the precedence constraint simultaneity constraintgz) # t(z') on .
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Lemmal NTC for (R,Lg|STN7) can be solved in The following lemma is a generalization of Lemma 2 when
O(maxflow(n, m)). all changes are allowed including consumers:(0).

Proof: First, we recap a result §Rhys, 1970 showing that |emma 3 NTC for (A, R, Lg|PA) can be solved in
NTC for (R, Lg|PA) is polynomial. The problem can be O(n maxflow(n, m))
expressed as a Maximum Weight Closure Problem (MWCP?D )

on the directed graph where the ares < of the PA net- roof: We prove that the problem can be solved by solv-

work have been reversed and all ageare ignoredMWCP: NG 24 Maximum Weight Convex Set Problems (MWCSP)
Given a directed graptG = (V,A) and a node weight wheren 4 < n is the number of absolute chang&8WCSP:
q(z) € Q for each node iz € V. A subsetS C V is G|ven_a pose_G = (V, _g) where< is a part|f';1l order onV_
called a closure if and only if it does not contain any Outgo_(refle_xwe, antisymmetric and transitive relation) and a weight
ing arc that isVz € S, (z,y) € A = y € S. The problem functionw(z) € Q. A 52ubsetS C V is said to be convex if
is to find the maximum weight closufehe RTN satisfies the and only ifV(z,y) € S®,Vz € Vo < 2 <y = z € 5.
NTC if and only if the weight of the maximum weight clo- '€ problem is to find a convex subset. V' of maximum
sure is lower than or equal 1. Indeed, ifS* denotes the total weight. As shown in[Groflin, 1985, this problem can
maximum weight closure, there exists an instantiation of th?€¢ Solved in polynomial time by a min-flow/max-cut algo-
RTN such that all the changes §it are scheduled before all ithm. For a given absolute change < .A, we transform the
the other changes and the resource level after all the changBEOPIem of computing the maximum level of the resource in
in S$* is the maximum resource level reachable in all time-{N€ layer ofz; (see sketch of proof of Lemma 2) as an in-
consistent instantiations. This level is exactly the weight ofStance of MWCSP. The poset = (V;, <) of this MWCSP
S*. As shown in[Ahuja et al, 1993, the MWCP is equiva- 1S Puilt as follows:V; = {z;} U{z € AUR,~(z < z;)}
lent to the min-cut/max-flow problem. For the more general@Ndz < y if and only if relationz < y is subsumed by the
problem (R, Lo|STN7), similar arguments as iiMuscet- A network. w(z;) = K + ¢(z;) where K is big enough
tola, 2002 (separation schedujecan be used to show that (K > Zazerlq(2)]), w(z) = —ocif 2 € A\ {x;} and
the RTN satisfies the NTC if and only if the symbolidan ~ w(z) = ¢(z) if = € R. One can show that for any con-

temporal constraint network subsumed by #EN# satis- VX setS of G; containingz;, there exists a time-consistent
fies the NTC. . instantiations and a timef such that, (t) = w(S) — K and

N . that for any time-consistent instantiatienand a timet, the
Lemma 2 NTC for (A, R™,Lo|PA) can be solved in  set{y € V;/oot(z) < t} is convex. Thus, the maximum re-

O(maxflow(n, m)). source level reachable in the layersgfis w(S;}) — K where
Proof: We can note that for any instantiation the set of S; is the maximum weight convex setGf. Note that due to
chronologically ordered absolute changés= {z;},—;.,,  the choice ofK, z; € S}. =

with o ot(z;) < o ot(x;11) partitions the set of changetu We can see that Lemmas 1, 2 and 3 also hold when the

Rt inton+1subsetsSy = {y € RT,00t(y) < oot(x;)}, unique lower-than condition does not span over the com-
fori =1.n—1,8; = {z;}U{y € RT,00t(x;) < oot(y) <  plete horizon(—oo, +-00) but on some variable time interval
oot(xiy1)}, Sn = {x,}U{y € R, oot(x,) < oot(y)}. S;  [ts,te) where{t,,t.} C 7. Indeed, in this case, the problem
is called the layer of;. In this context, the maximal level of can be transformed into a problem where the lower-than con-
the resource in instantiationis the weight of the maximum dition spans over the complete horizon and three additional
weight layerS € AU R defined a$", ¢ ¢(z). Givenan  relative changes are considerefl{—K, —cc), R(+Kts),
instance of RTN, we build an undirected gra@tas follows. R(—K,t.) whereK is big enough.

Each change: € A U R* is associated a unique node in  Furthermore, Lemmas 1 and 3 also hold for a greater-than
G whose weight is equal tg(x). Informally, there will be  conditionGg as, here again, the problem can easily be trans-
an edge between two changes 2’} if and only if they can-  formed into a problem with a lower-than conditigh  and

not belong to the same layer in a time-consistent instantiationwvith opposite resource changes.

More precisely, there is an edgetGhbetween each pair of ab- Theorem 1 LetIl = (T, A, R, £, G, \') be an RTN. Foy €

) g
solute change. Furthermoreife AUR™ is a change and LUG, letll, denote the RTN where y is the only condition in

2’ € R* is arelative change, there is an edgez’} in G if
; . ' other worddl, = (7, A, R, LN{y},GN{y},N). NTC(II
and only if there exists an absolute change A such that oo it and &I)nly(if for each C(;{r?jition ggteménE c LS g)
z < y =< 2. Itis not difficult to show that the maximal level NTC(IL,) is true ’
Y .

of the resource is equal to the weight of the maximum inde-
pendent set of7. FurthermoreG is a comparability graph Proof: The theorem gives a necessary condition for
as the edges involving at least one relative change can natvT'C(II) to be true because if the condition is not met, a
urally be oriented with the direction of a path containing antime-consistent instantiation can be built that is not resource-
absolute change between them and the remaining of the edgesnsistent.  Reciprocally, iVT'C(II) is false, it means
(between pairs of absolute changes) forms a cligue. Computhat there exists a time-consistent instantiation that is not
ing the maximum weight independent set of a comparabilityresource-consistent. This time-consistent instantiation vio-
graph is polynomial and can be solved as a min-flow problenfates at least one condition statemgrg £ U G. n
[Golumbic, 1980. Thus, the NTC only needs to compare the The following complexity results use Theorem 1 to extend
weight of the maximum weight independent setofvith the  Lemmas 1 and 3 to the more general case of any set of condi-
maximal resource leve). m tion statements. For each of these results, one can show that
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problemII, can be transformed into one of the correspondingChapman, 1987D. Chapman. Planning for Conjunctive

lemma and thus, its time complexity is polynomial. Goals.Artificial Intelligence 32:333-377, 1987.

Complexity 10 NTC for (R, £,G|STN7) can be solved in  [Finta and Liu, 1996 L. Finta and Z. Liu. Single Machine

O(n maxflow(n, m)). Scheduling Subject to Precedence Delayziscrete Ap-

Complexity 11 NTC for (A, R, £,G|PA) can be solved in plied Mathematics70:247-266, 1996.

O(n? maxflow(n,m)). [Fox and Long, 2002 M. Fox and D. Long. PDDL2.1: An
Extension to PDDL for Expressing Temporal Planning

5 Conclusion and Future Work Domains, Feb. 2002.

In this paper, we introduce the notion of RTN to express dGarey and Johnson, 1979.R. Garey and D.S. Johnson.
large panel of possible evolutions of a given numerical state Computers and Intractability: A Guide to the Theory of
variable over time. RTNs allow modeling on the same flu- NP-Completenes&V. H. Freeman and Company, 1979.
ent features of classical Al Planning (absolute changes, corfGerevini and Cristani, 1997A. Gerevini and M. Cristani.
ditions) and Scheduling (relative changes). We show that On finding a solution in temporal constraint satisfaction

computing a solution to an RTN is in general NP-Complete  problems. IrProc. IJCAI 97 pages 1460—1465, 1997.
whereas determining whether all time-consistent instantiar

tions of an RTN are solutions is polynomial. This last result[G||;a”ab andt I_tz;ruellea 1C99‘1M'| .Gr:a_:!a_tl)_ ar_'lfj H. Lalr%?"e'
indicates that efficient solving methods based on such poly- | egresezlgéogfn O%{OG'? )1(984’ a lemporal Flanner.
nomial Necessary Truth Criteria can be developed. Indeed, n Froc. ~J4pages bl-o/, :

when an RTN does not satisfy the NTC, all the algorithms we Golumbic, 1989 M.C. Golumbic. Algorithmic graph the-
mention can exhibit a subset of changes sufficient to explain ory and perfect graphsAcademic Press, New York, 1980.

why some time-consistent instantiations are not a 5°|Uti°TGr6fIin, 1984 H. Groflin. On Node Constraint Networks.
Just like in classical planning or scheduling, these potential Networks 15:469-475, 1985.

conflicts can be used to branch in a search tree until the NT?HeImert 2002 M. Helmert. Decidability and Undecidabi

is true and to perform constraint propagation. ; . . . i
A direction for future work will consist in studvina the ity Results for Planning with Numerical State Variables. In
ying Proc. AIPS-02pages 44-53, 2002.

complexity of the only problem whose complexity is still
open: NTC for(A, R, L,G|STN7). Based on the fairly [Hochbaum, 1998D. Hochbaum. The pseudoflow algo-
optimistic results described in this paper, we also plan to rithm and the pseudoflow-based simplex for the maximum
work on the development of practical and efficient algo- flow problem. InProc. IPCO-98 pages 325-337, Houston
rithms for solving NTC and for finding solutions (branching  Texas, June 1998.

schemes, heuristics, computation of resource envelopes, COfL 0G, 2004 ILOG. ILOG Scheduler 5.3 Reference Man-

straint propagation). We think that the numerous and well-" 2 =14 Users Manual. 2002 http://www.ilog.com/
studied combinatorial problems we found tightly related with ' ' ' S '

RTNs (one-machine scheduling problems, subset sum, biH-aborie, 2008 P. Laborie. Algorithms for Propagating Re-
packing, sequencing to minimize maximum cumulative costs, Source Constraints in Al Planning and Scheduling: Exist-
maximum weight closure, maximum weight independent set, N9 Approaches and New Resultévtificial Intelligence
maximum weight convex set) can also help to solve RTNs. 143(2):151-188, 2003.

For instance, state-of-the-art bin packing algorithms could béMuscettola, 200R N. Muscettola. Computing the Envelope
a source of inspiration fofA, R*, Lo|STN7). Extension for Stepwise-Constant Resource AllocationsPioc. CP-

of the framework to integrate agd mix conéinuous relative 2002 pages 139-154, 2002.

changes (see continuous reservoitG, 2004) and abso-

lute changes (sel®enberthy and Weld, 1994; Trinquart and [P?Ztﬁf,gmfg?a\.{,\ﬁfé 1\/83;1] g&ﬁ;ﬂ%ﬁghéha;ndgg .SF."\‘!\(/:eld.
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1

A powerful technique for solving planning problems, first
used in[Kautz and Selman, 199ds to impose a fixed bound

on plan length. This converts the problem to one that lie
in NP. The resulting problem can then be solved by enco
ing it in any of a number of alternative NP-complete for-
malisms, e.g., SATKautz and Selman, 1996integer pro-

Generalizing GraphPlan by Formulating Planning as a CSP
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Abstract

We examine the approach of encoding planning
problems as CSPs more closely. First we present
a simple CSP encoding for planning problems and
then a set of transformations that can be used to
eliminate variables and add new constraints to the
encoding. We show that our transformations un-

cover additional structure in the planning problem,

structure that subsumes the structure uncovered by

GRAPHPLAN planning graphs. We solve the CSP
encoded planning problem by using standard CSP
algorithms. Empirical evidence is presented to val-
idate the effectiveness of this approach to solving
planning problems, and to show that even a pro-
totype implementation is more effective than stan-
dard QRAPHPLAN. Our prototype is even compet-
itive with far more optimized planning graph based
implementations. We also demonstrate that this ap-
proach can be more easily lifted to more complex
types of planning than can planning graphs. In par-
ticular, we show that the approach can be easily ex-
tended to planning with resources.

Introduction

gramming[Vossenet al., 2001, or constraint satisfaction

problems (CSPs)van Beek and Chen, 1999; Do and Kamb-
hampati, 200, and then using the powerful algorithms that

have been designed to solve these general problems.

In this paper we examine the approach of encoding plan
ning problems as CSPs more closely. We use a very simpl
encoding to translate the planning problem into a CSP. Th
advantage of using CSPs in general, and our encoding in p

ticular, is that it preserves much of the structure of thgiogl

planning problem, and thus various transformations that ut
lize this specific structure can be applied to create a new CS

that is easier to solve.
The utility of exploiting planning specific structure has To encode a planning problem as a CSP we impose a bound
been convincingly demonstrated by theAgk Box [Kautz
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and Selman, 1998and G>-Csp [Do and Kambhampati,
2001] planners. These systems encode a transformed repre-
sentation of the planning problem called flanning graph

to SAT and CSP respectively. The planning graph is a plan-
ning specific construction, duefBlum and Furst, 1997that
computes and represents some important additional stalictu
information about the planning problem. Thus by encoding
the planning graph rather than the original planning pnoble
BLAackBox and G>-Csp are able to capture more of the
structure of the planning problem in their encoding, which
results in a significant improvement in performance.

In our approach we bypass the construction of a planning
graph. Instead, we study techniques that can equally well
exploit the structure of the planning problem and at the same
time work directly on the CSP encoding. We demonstrate
that it is possible to develop transformations that unca¥ler
of the additional structure obtained from planning graphs.

The advantage of our approach is that it works directly on
a much richer and more robust representation. Consequently
we obtain at least three important advances over the plgnnin
graph construction: (1) Our approach allows ugéaeral-
ize planning graphs. In particular, we can enhance our ap-
proach to extract other kinds of structure to allow us to solv
the planning problem more efficiently. (2) We can more eas-
ily extend our approach to mowmplex types of planning
problems, e.g., those involving resource usage. (3) Since the

{inal result is a CSP we caautomatically utilize CSP solu-

tion techniques which can be more powerful than standard
GRAPHPLAN searching methods. In the paper we will pro-
vide evidence for all of these points.

First, we present our CSP encoding of a planning problem.
Then we present a set of transformations that can be used to
eliminate variables and add new constraints to the encoding
and show that these transformations subsume and generalize
planning graphs. Then we present empirical evidence to val-
igate the effectiveness of our approach to solving planning

roblems. To demonstrate that our approach can be more eas-
ily lifted to more complex types of planning, we show how it
can be easily extended to planning with resources. Finaly w
close with some conclusions and a description of future work

5 Generating the BASE-CsP

k on the “size” of the plan. In this paper we will measure
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plan size by the number of GraphPlan-concurrent steps (GR:. GP-Concurrency Constraints. The above successor state
steps) in the plan. It will become apparent in the sequel whaaxiom allows the unintended model in which we have two
GP-steps means. actions at the same step, one creating a proposition and one
In k GP-steps each proposition or action can change aleleting it. To avoid such unintended solutions we must re-
mostk times. So to encode fa GP-step plan in a CSP we strict concurrent actions in some way. The most natural way
can utilizek + 1 sets of propositional variableB?, andk s a serial constraint, which says that only one action égia
sets of action variabled?, wheres ranges from O to; for ~ can be true at any stépAnother type of constraint is one that
propositions and 0 t& — 1 for actions, and andj range imposes GraphPlan concurrency. Basically it assertswat t
over the number of distinct propositions and action insgtanc actions cannot be simultaneously true if they interferenwit
in the planning problem respectively. Each of these vagimbl each other. In this work we have chosen to use the GraphPlan
will be boolean. Intuitively,P? means that propositioR; is (GP) concurrency constraints.
true at GraphPlan step and A3 means that action instance 5. Non-Null Steps Constraints. We impose the constraint that
A; was executed at GraphPlan step-P; and—A? denote  for every steps at least one action variable should be true.
the opposite). This blocks null steps in the plan, in contréBtum and Furst,
Clearly by setting each of these variables we can captur&997 and[Do and Kambhampati, 209both allow null plan
any k GP-step plan and its effects. However, many illegalsSteps.
plans and nonsensical outcomes are also captured. We need/Ne will refer to this set of variables and constraints as
constraints to ensure that any solution to the CSP (i.e., anfpe BASE-CsP. Any solution to theBASE-CsP will contain
setting of the variables that satisfies all of the constjagia @ setting of the action variables that comprises a valid GP-
legal plan. There are various possible sets of constraiats t concurrent plan. If th&@Ase-Csp has no solution then nb
can serve our purpose. Here we present one particular set: GP-step plan exists for the problem.
1. Unary initial state and goal constraints. The propositional
variables from step zer®?, and from steg, PF arerequired 3 Reduction of the BASE-CsP

to have vglues compatible with the initial and goal states Obiven aBASE-CSP representing &-step planning problem
the planning problem. _ we can use various transformations to modify it, generating

2. Precondition constraints. An action A cannot be true ey CSP that is empirically easier to solve, and that is equiv
unless its precondition is satisfied. This gives the comitra gient 1o thesase-Cspin the sense that any solution to the
Aj — Pre(4;)*, wherePre(A;)" is A;’s preconditionrela-  he CSP can easily be extended to a soiution to the origi-
tive to GP-step. . L _ _ nal BASE-CsP. These transformations include inferring new
3. Successor_ state constraints. Implicit in classm:_;ll planning  constraints that can be added to the CSP and eliminating var-
representations is the frame assumption: predicates not mejoys single valued variables. Our transformations areedla
tioned in the action’s description are unaffected by th®act {5 the well known techniques of enforcing local consistency
We can capture the effects of actions, including the implici o 5 cSP prior to solving [Freuder, 1985 however they are

non-effects in a number of different ways. Here we use Repased on taking advantage of the specific logical form of the
iter's formulation of successor state axiofi®eiter, 2001 zpove set of constraints.

In particular, for each propositional variab® at GP-steps
(s > 0) we have a constraint between it and the same propa3.1 Adding GraphPlan Mutex Constraints

sition at (.SP-stepy—ll. The con_straint Says that? is.true if A wellknown technique for making CSPs easier to solve is to
and only if some action made it true, or it was previously true; 44 redundant constraints e Ietooret al., 1997, which
and no .actlonkmahdefn false. Thus the successor state axiof}e constraints that make explicit additional relatiortsieen
constraints take the form: the variables. Redundant constraints that are useful taald
ps ALy (psLa A1 usually determined by examining the structure of the partic
i \/ J ( ¢ /\ J )’ ular CSP. This is precisely what is done in planning graphs,
where insights into the manner in which actions and propo-

whereCreate(P;) andDelete(P;) are the set of actions that sitiolns interact, are used to generate a nhew set of binary con
create and delet;,. It is easy to automatically generate a setStraints called mutexes. .
of successor state constraints from a setT#i8s action de- New binary constraints can be added to a CSP by enforcing

scriptions. Additionally, by using successor state casts 2~/ consistency [Freuder, 1985 A CSP is2-j consistent if
that mention additional propositions from stepl, it is easy for every valid assignment to a pair of variables, there ista s

to encode AL [Pednault, 1980operators as a set of succes- Of values for every; additional variables such that ti2e;
sor state axioms. assignments satisfy all of the constraints over theseiasa
Making a CSP 2f consistent can be very expensive as it in-

!Note that the successor state constraints do not encode th@lves testing all sets df+; variables, and each test in the
action preconditions. These are encoded as separate aintstr  Worst case takes time exponentialinin planning problems
Thus, the only complication with BL actions has to do with con- there can be thousands of variables, so it would be impassibl
ditional effects. IfP; is a conditional effect of actiod;, subjectto
the conditiong, the successor state constraint will have a disjunct  2Serial actions can be used to represent true concurrency by
“Ajfl A ¢~ Thatis, P; will be true if A; was executednd adding timestamps to the staf@acchus and Ady, 2001; Pirri and
condition¢ held at the previous step. Reiter, 2000.

AjeCreate(P;) Aj€Delete(P;)
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to make the entireAse-Csp2-j consistent even for smajl all actions that creat®;.3 A similar condition must be
The contribution of ®RAPHPLAN is that it demonstrated a satisfied by the actions creatitty .
echniue Ut Qucky chives a ey STECue DAt 5 11 (oranalogous” ' 117"yl I
. . ' this case for bot®? and P? to hold Py must be created
_We can use the CSP representation to directly compute the 5 4ction. For the mutex to hold we must have for
blnary mutex constraints generated by planning graphs. In every actionAf‘l creatingP;? thatﬁAf_l N (Af—l R
this manner we I'ft. the mutex computation to a more general —P?#). Thatis, either the action is not possible or it must
framework yvhere it can be more easily generallze_d. deletePs (elsePs can be true by inertia).
Mutexes in GraphPlan are generated by three simple rules: ! /
(1) Base Action Mutexes. Actions in the same GP-step with 3. P’~' A P?~" holds. In this case we must have for every

interfering effects and preconditions are mutex. A2ii- actionAs—1 that-A°~1v (A5~ — =P hHv(4As! —
tional Action Mutexes. Two actions in the same GP-step are —-P5~Y). That is, either the action is not possible, or
mutex if there is a pair of propositions, one from each adtion it Must delete at least one @ or P;. Note that this
preconditions, that are mutex at thSIS GP-step. RB)posi- condition relies on the fact that at least one action must
tional Mutexes. Two propositions,P’ and P}, at the same be executed at every step (the non-null steps constraint).

GP-step, are mutex if every action that achielé9s mutex
with every action that achievé¥’. We can create all of these
binary constraints by testing for very similar conditionghe
CSP encoded planning problem:

As in planning graphs, We can use the constraints added
at stepi to test for new mutex constraints at stepl. The
following result can then be easily proved (we omit the proof
for reasons of brevity).

Base Action Mutexes. These mutexes are already present”roposition 1 1f the planning graph construction has de-

in the BASE-CsP; they are the GP-concurrency constraints. (€cted a mutex constraint between two variables V;* and V;*
(action or propositional variables), then after transforming

the BASE-CsP to add the above mutex constraints we will

Additional Action Mutexes. The GRAPHPLAN condition  have that either (a) both variables in the CSP will have be-
for detecting additional action mutexes only handles astio come single valued with not both being true or (b) there will
with conjunctive preconditions, e.g.T8IPsactions. Thus if e @ binary constraint in the CSP between these variables
we have a pair of precondition® for A: and P? for AS, that prohibits them from both being true.

the corresponding precondition constraints — P and
A% — P?, and a mutex constrairtP® v —P¢, a simple
2-2 consistency test with these variables and constraints
lows us to derive the new mutex constraiftly V —~A7. In
fact, we can short-circuit this test by using the presenthef
mutex constraint betweey” and P to immediately mark all
actions with preconditio®? as being mutex with all actions
with precondition”;. Furthermore, if an actiord; contains
both P7 and P! in its precondition we obtain the constraint

That is, the transformed CSP will capture all of the planning
graph mutexes. Furthermore, it might contaiore mutexes

%han those inferred by the planning graph. In the simples# ca
this can arise from the last case presented above where every
action deletes one d?; or P;. This can create a new mutex
in the middle of the plan. In planning graphs, on the other
hand, onceP; and P; appear in the graph without a mutex
between them, they can never become mutex again (due to

A3 V'~ A2, i.&., we obtain a unary constraint that forces the presence of no-ops and the possibility of null stepsen th

to be false. As we will describe below, single valued vagabl plan).

can be used to further reduce the CSP. A similar approachca®i2  Symbolic Reduction of Single Valued Variables
be followed with more general types of precqndition_s usingIn any CSPP, if P has a variabld” with only a single
more general local consistency tests, e.g., withL Aactions valuea in its domain, we can reducg by making the as-

where the @APHPLAN test s no longer valid. signmentV «— a, to produce a new CSP’ that does not
contain the variablé”. P’ has the property that for any so-
lution S of P’, S U {V « a} is a solution to the original

Propositional Mutexes. For propositional mutexes we P To reduceP. we replace every constraint mentioniki
have one added complication, which is that our encoding, un= ° ' P y 9

H !
like planning graphs, does not utilize no-ops. Neverttelas €9, C(V, 1, ..., Vi) by a new constrainC’(Vi, ..., Vi)

, .
general condition for when two propositiof and P# are Zléglh g:r?fntg‘:/l L ')' " Z]ﬁd:naljk)iflsct(rlljef a tkj/ple(_Of
mutex can be given by examining the three cases. 9 L1, -0 Tk y a1
x1,..., Vg < 1) IS true.
1. ~Py~' A=Pf~! holds. In this case foP? and Py both Our translation from a planning problem produc@\ae-

to be true in"the next state they must both becreated bspP in which every constrainC' is representedymboli-
an action. In particular, neither proposition can remaincally by a logical formula. We can simplify this logical for-
true by inertia. For a mutex betweéif and P; to hold mula directly by replacing the single valued variabldy its

we must have for every actiods ! creating P that value, and then performing standard logical reductions, e.
(3 3

-1 -1 -1 ; —_———
—ATTV /\A,-ecreate(Pj)(Af - ﬁA; ). That s, ®Note that if A;~" deletesP; then it will be mutex with all ac-
either the action is not possible, or it must be mutex withtions creatingP; via the GP-concurrency constraints.
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FALSEA a = FALSE, FALSEV a = «, etc. Thisyields a new become single valued. Thus they can be reduced from
logical formula that represents the reduced consti@int the CSP prior to searching for a solution.

_In the case of th@Ase-Cspwe also know the form of 5 1 4 possible actions at stepcreate propositio+*

its different constraints. This allows us to precompute ynan then P+ is f dto be t Similarly if it i dZI ted
types of constraint reductions, so we can realize many types enr; IS forced to be true. simiarly it itis efle

of single valued variable reductions more efficiently. by all possible actions then it s forced to be fal&g.

The reduction of a single valued variable, or the applica- ~ ¢&n then be reduced from the CSP. This particular reduc-
tion of some of the other transformations described below, ~ tion is not possible in planning graphs due to the pres-
might generate new single valued variables that can in turn ~ €nce of no-ops.
be reduced. It can also interact with the generation of mutex 3. Variables that are forced to be true further reduce all
constraints, allowing new mutexes to be detected. For exam-  variables that are mutex with them to be false. This

ple, say that we have determined that a propositional viariab does not help reduce a planning graph since in planning
P# must be false. IfP? appears in any conjunctive precon- graphs mutexes are monotonically decreasing and, other
ditions, e.g., A — P7, we will also immediately infer A7, than the initial state variables, variables are never fibrce
i.e., thatA; has also become single valued (false). Wit to be truet But in the CSP encoding the previous rules
false it can no longer be a candidate for producing some other  for forcing a variable to be true, and for creating a new
propositionP; ™!, and we could possibly infer a new mutex mutex when it did not exist at the previous step, enable
involving P! since one of the ways of making it true is additional single valued variable reductions.

now blocked. With mutexes, single valued variable redunctio .

subsumes reachability analysis of planning graphs. 4.3 Sequence Constraints

N ) o There are some additional constraints that can be imposed on
Proposition 2 The variables that remain in the CSP after  plans to rule out obvious inefficiencies. For example, itatev
single valued variables have been reduced, are a subset of makes sense in the plan to immediately follow an action by

the variables appearing in the planning graph. its inverse (e.g., a load followed by an unload). Adding this
constraint allows eliminating different invalid combirats
4 Beyond GRAPHPLAN of actions by making mutex any inverse pairs of actions at

consecutive time steps.
Blocking the immediate sequencing of inverse actions also

allows us to infer additional sequence constraints. Saly tha
ctionsA; and A; are inverses of each other, and thtis

ie only action that produced; while 4; is the only action

1at deletes it. Then another constraint that can be irderre
rom the mutex betweedd? and Aj“ is that whenP;, first
becomes true, it must remain true for at least one more time
step:
4.1 Additional Binary Constraints —Pi AP — Pt

Graphplan mutexes only prohibit the single pair of valuesThere is also a similar constraint for whéh first becomes

for two variables(TRUE, TRUE). Our representation treats false.

negated propositions and actions in an entirely symmetric Our system automatically detects action pairs that are in-
fashion. This means that the analysis for mutexes givenebowerses of each other as well as any predicates over which a
will allow us to compute mutexes between any two valuessequence constraint can be imposed.

For example,when applied t§° and—-P7, P being mutex

with - P? means that? is “mutin” with P?;i.e., thesevari- 5§ Csp-PLAN: Implementation

ables must both be true or both be false. Such binary con-

Besides subsuming, and slightly generalizing, the plagnin
graph inferences, further transformations can be utilized
the CSP. These transformations either add more consttaints
the CSP or cause further variables to become single value
In either case, like the planning graph inferences, they ar
used to make the CSP easier to solve. These additional co
straints can also feed into the standard GraphPlan redhsctio
described above, and thus generate even further mutexes.

straints can be detected and added torthge-CsP. Based on the transformations explained before, we have de-
veloped a planner calledsB-PLAN that will find a solution
4.2 Single Valued Variable Reduction beyond to a planning problem. §€~PLAN builds theBASE-CsPin-
GRAPHPLAN Reachability crementally up to step (beginning withs = 1), and then

sends it to a CSP Solver for its solution. If the solver report
no solution to it, then theAse-CsPis constructed fos+1.
his cycle can continue until some termination conditioa ha
een reached or a plan has been found. It is important to
notice GP-PLAN solves these problems incrementally, thus
» -~ ] ensuring that it finds a GP-step optimal plan.
1. Propositions that are never modified by any action, are Tnhe CSP solver used byse-PLAN is EFC[Katsirelos and

propagated without change in the planning graph. Sinc@acchus, 2001which allows the use of different techniques
these propositions have no creators nor deletors, their

successor state axiom reduces all of them to being equiv- “This means that the variable that is mutex with the true bigia
alent to their status in the initial state, i.e., they will al never appears in the planning graph until the mutex no lohgleis.

As demonstrated above, single valued variable reductias is
powerful as the reachability analysis inherent in the pilagn
graph construction. However, in the CSP encoding it is mor
powerful, obtaining, for example, the following additidne-
ductions:
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Problem GAC GACCBJ GACvsCBJ | RecordNoGoods Problem dom+deg | BSEARCH
Bw-large-12 0.46 0.10 0.10 0.11 Bw-large-12 0.10 0.08
Bw-large-a 1.44 0.49 0.49 0.50 Bw-large-a 0.51 0.56
Rocket-a 21.66 13.74 14.01 10.67 Rocket-a 10.65 0.54
Rocket-b 5.26 4.44 4.48 3.39 Rocket-b 3.38 1.24
DriverLog2 59.13 21.09 21.28 10.38 DriverLog2 10.38 0.46
DriverLog3 0.42 0.23 0.23 0.15 DriverLog3 0.15 0.03
DriverLog4 71.13 29.96 29.96 16.54 DriverLog4 16.54 0.19
DriverLog5 139.98 62.98 63.65 29.59 DriverLog5 24.59 0.17
DriverLog6 0.06 0.05 0.06 0.06 DriverLog6 0.06 0.01

Table 1: Effect of changing the search algorithm on the perTable 2: Effect of changing the DVO heuristic on the perfor-
formance of the CSP solver for planning problems. Experi-mance of the CSP solver for planning problems. Experiments
ments were run using the standard CSP heuristic dom+deg.were run using GACvsCBJ+RecordNoGoods

) ) . Problem No redundant | Inverse Sequence

to solve a CSP problem, including: the ability to create and constraints | mutexes | constraints
: Toti H H H Log-a 0.06 0.09 0.06

use tailored heuristics for dynamic variable ordering (DYO Tog TR P BT T R Ty
the use of different state of the art CSP algorithms and alnove Rocket-a T4l 148 131
Rocket-b 1.85 1.77 2.15

method to record nogoods s@ PLAN uses these methods as Gripper 0T T o5 S
follows to efficiently solve general planning problems: Gripper-02 1711 | 1320 T7.01

DVO: Csp-PLAN uses a dynamic variable ordering heuristic ) ] )
called BSEARCH, Specia”y tailored for p|anning pr0b|ems_Tab|e 3: Effect of add_lng mutexes between inverse actions
This heuristic instantiates first the variables that prapathe ~ and sequence constraints to 8rese-CsP.

most changes in the domain.

Search Algorithm: The CSP algorithm uses a version of

; , : DVO heuristics, the additi f redundant traint
GAC propagatiofiBacchus, 200during backtracking along euristics, the addition of redundant constraintsyée

moval of single valued variables, etc. The addition of redun

with nogood recording. In addition, for each constraintwit a0t inary constraints, particularly mutexes, and thedet
an arity higher than 2, special purpose propagators were dggn and removal of single valued variables has a clear and

veloped to increase the efficiency of GAC. It can be noted thafj, 4 matic effect on the efficiency of€®-PLAN, even for sim-
although nogood recording is a generic CSP technique, in th&e problems. For example, on bW-Iarge-i2 thesE-Csp
form implemented it is strictly more general than the mem-p,¢'y 589 variables and 10,426 constraints, but only 657 var
oization of bad goal agendas describedBium and Furst,  apjes’and 2,847 constraints after single valued variabtes a
19972. removed. Similarly, without the inferred mutex constraint

] and the removal of single valued variablessFEPLAN re-
6 Experimental Results quired 154.3 sec. to solve the problem. Adding the mutex

To test the performance of$e-PLAN, we used $RIPSsprob-  constraints reduced this time down to 0.33 sec, and removing
lems from IPC2 and IPC3 (International Planning Competi-single valued variables brought the time down even furubler_t_
tion 2000/2002). All experiments run on a Xeon 2.40GHz0.04 secs. The effect of some of the other planning specific

machine with 400MB of RAM. Times are in CPU seconds. techniques is described below.
DVO heuristic: The order in which variables are instanti-

6.1 Effect of CSP techniques on CspP-PLAN ated during search greatly affects the solution times for a
Table 1 shows the effect of a few different CSP algorithmsCSP. Table 2 shows the difference in performance between
on the performance of €>PLAN on some representative the standard CSP heuristic dom+deg, and our BSEARCH
problems (using a standard CSP variable ordering heurideuristic which was designed specifically to take advantage
tic dom+deg® We can see that GACCBJ and GACvs€BJ of the planning based structure of the CSPs thet-ELAN is
perform over 2 times faster than plain GAC. GACCBJ andsolving. These representative problems show that BSEARCH
GACvsCBJ have comparable results on these problems, b@erforms much better than dom+deg.

we found that GACvsCBJ performed better on more com-Redundant Constraints: Table 3 shows the performance of
plex problems, e.g., for Gripper-04, GACvsCBJ finds a planCSP-PLAN when mutexes between inverse actions and se-
in 877 secs while GACCBJ required 1,133 secs. The tabl@uence constraints are added to 8rse-Csp. On these
also shows that nogood recording yields another factor oproblems we see that there is a slight improvement&m-C
almost 2 improvement over GACvsCBJ. Hence, we choos®LAN when mutexes between inverse actions are present. In-

GACvsCBJ+RecordNoGood as our default CSP search algderestingly, adding sequence constraints did not help.oMin
rithm. improvements on some problems were negated by significant

degradation on others.
6.2 Effect of planning specific techniques

Some of the CSP simplification techniques explained in thi$-3  Comparison with similar approaches
article use planning related information, e.g, planningciic ~ The results in Table 4 show hows®-PLAN (using the same

- setting for all problemg)compares with @®APHPLAN [Blum
Other CSP algorithms were experimented with, but they did no

provide adequate performance. A number of planning domains could be solved faster with dif-
8GACvsCBJ is described ilBacchus, 2000 ferent settings; e.g., the heuristics sometimes perfordiféztently
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Problem CsP-PLAN GRAPHPLAN GP-CspP BLACKBOX 1PA(4.1) MiPsOpt. Level Time Steps | Acts. Res.

Bw-large-a 0.18 0.21 0.63 0.23 0.06 1 3.52 110 175 11,761

Bw-large-b 15.18 19.53 106.00 17.50 2.84 3 7.09 102 178 11,505

Gripper-02 15.36 2.17 62.00 1.87 0.10 5 28.02 108 197 13,130

Gripper-03 1,328.63 135.00 > 3hrs. 2,485.00 1.08 7 80.44 105 221 10,853

Log-a 0.05 1,733.00 47.75 5.50 165.20 9 96.44 104 225 11,630

Log-b 14.87 675.00 143.00 5.72 120.64 CsP-PLAN 774.86 75 194 11,345

Rocket-a 151 46.46 40.50 5.44 5.96

Rocket-b 179 128.00 22.68 557 21.10 ) o

Depots3 11.03 241 15.75 2.36 022 Table 5: Effect of changing the optimization value formg.
Depots4 4.59 3.80 82.00 3.72 0.44 H H H H
Driverogs s TeoE g = = Each value in this table is the sum of the results for Driver-
DriverLog9 28.99 270.00 90.00 6:27 650 Logl to DriverLog10. “Res”: resource usage, “Steps”: num-
DriverLog10 77.75 123.00 22.23 7.89 11.08 “ ”. : H

e 557 e — T e ber of GP-steps, and “Acts”: number of actions in the plan.
ZenoTravel7 0.18 0.67 0.61 0.44 CNP

ZenoTravel8 052 1.40 1.24 0.90 CNP . . .

ZenoTravel9 37.16 484 410 340 | CNp 7 Extensions: Planning with Resources

ZenoTravel10 3.55 9,228.00 28.53 7.52 CNP i i i

Satellite3 013 023 020 023 0.04 A major advantage of encoding planning problems as CSPs
Satellite4 5.08 271.00 77.02 6.26 4.83 . . .

Satolies 6372 9.756.00 | 5.756.00 50 1527 is that we can easily extend the encoding to represent more
Freecelll 0.10 1424 | 18300 12.90 0.88 complex planning problems. For example, planning prob-

_ ) lems with resources can simply be represented as CSPs with
Table 4: Comparison of €~-PLAN with GRAPHPLAN, GP-  hmeric variables. To demonstrate the flexibility of our ap-
Csp, BLACKBOx and IPP on a set of problems from the r65ch we implemented an extension G§FEPLAN to deal
STRIPS domain. “CNP” means could not parse. Lowes\yith such planning problems. Previous approaches based on
times are in bold. planning graphs (e.glKoehler, 1998} have had to develop
from scratch methods for dealing with the resources vagibl

) in the planning graph, like interval arithmetic and bounds
and Furst, 19977 Gp-Csp [Do and Kambhampati, 2001  propagation. These techniques are already well known in the
BLACK Box [Kautz and Selman, 199&nd IPP4.1[Koehler  cSP field.
etal., 1997. These planners have in common the construc- To handle planning with resources we introduced the fol-
tion of a planning graph. The planning graph is either thenowing into Csr-PLAN: (1) Mathematical operation con-
compiled into a CSP (&CsP) or a SAT formula (RACK-  straints, e.g.z = z + y; (2) comparison constraints, e.g.,
Box), or searched directly for a solution RBPHPLAN and > 4: (3) precondition constraints containing comparisons,
IPP4.1). CsP-PLAN, on the other hand, bypasses the plan-e g_ fuel(truck) > 0; (4) successor state constraints to define
ning graph construction and directly exploits the CSP encodhow the numeric variables could change between states, e.g.
ing of the problem as explained above. if no action affecting it is true, its value cannot change; (5

It can be seen that €>PLAN vyields significantly better and finally, additional concurrency constraints to block ac
performance in almost all cases over the standard plannindens from simultaneously altering a numeric variable. §éhe
graph planners 8aPHPLAN and GP-Csp. This provides New constraints were very easy to add toghse-CsP, and
evidence of the effectiveness of the additional constaintthe reduction transformations described above were used al
and reductions computed bys& PLAN. The results against mMost unchanged to simplify tteasE-CsP.

BLACK Box are mixed. This version of BAck Box utilizes We compared 6p-PLAN with Mips [Edelkamp, 200p®

the highly engineered ZchalfMoskewiczet al., 200] SAT  to evaluate its performance on resource planning problems.
solver. Zchaff utilizes very different heuristics and teittues ~ MIPS combines two paradigms, model checking and heuris-
for learning nogoods (clauses) thasiEPLAN and is more tic search, to find totally ordered plans that are then made
efficient that our current CSP code on larger problems. Nevconcurrent using a post-processing procedure. This combi-
ertheless, there is considerable scope for making @ C nation of paradigms introduces additional complexity te th
PLAN implementation more efficient, and our heuristics are@lgorithm, in contrast with the uniform paradigm used in our
at this stage very simple. Even so, our approach demonstrat@pproach. Mpstries to minimize the number of steps in the
its usefulness on problems like gripper. final plan, using an optimization parameter that ranges from
1 to 10. Table 5 shows this how parameter affects the qual-
ity of the final plans in MPs. Increasing the parameter causes
Mipsto spend more time trying to find plans with fewer steps.
However, this search is not always successful. In fag
can spend more time and generate worse resufts-RLAN,

on the other hand, is an optimal planner always finding the

could be extended to utilize this technique. On other domaing?ﬁoéﬁgﬁi gla?r:]?;:{i?r?g;{g:{g?ﬁ:ﬁiﬁ;ﬁ;%%;g? ﬁgﬂghtl

like logistics GSP-PLAN is more effective. Th|§ is due partic- ever, even under Mss optimization criteria GP-PLAN’S
ularly to the presence of mutexes between inverse actions 'Blans are much better than those found by 5#

these domains that can be effectively used sp@LAN. Table 6 compares both plannersigh running with its op-
timization flag set to 5). The results in this table show that

Similarly against PP our results are mixed. A key com-
ponent of PPis a method for solving planning problems by
dividing them into a set of smaller problems using a goal
agenddKoehler, 1998h This technique is particularly effec-
tive on domains like BlocksWorld, Depots and Gripper, and
it can easily be recast in terms of CSPs. Hencep-ELAN

on different domains. 8Mipscompeted in IPC3. No planning graph based planner was
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CsP-PLAN MIPS References
Problem Time | Steps | Acts Res | Time | Steps [ Acts Res . .
Depotsl 0.05 7 11| 32| o004 9 11| 3 [Bacchus and Ady, 20@1Fahiem Bacchus and Michael Ady. Plan-
Depots2 15| 10 16| 43 ] 006 ] 10] 18| 44 ning with resources and concurrency, a forward chaining ap-
DriverLogl 0.01 6 8 1099 0.04 6 8 1099 h | |JCA| 2001 417_424
DriverLog?2 0.47 9 23 | 979 | 008 2 22 | 1605 proacn. In - , pages .
g:;g[tggi 90 LA L UL [Bacchus, 2000 Fahiem Bacchus. Extending forward checking. In
DriverLog5 0.21 8 T8 | 654 | 1.21 3 | 22 | 838 CP2000, number 1894 in LNCS, pages 35-51. Springer-Verlag.
DriverLog6 0.04 5 13 965 0.15 7 15 1667 . .
DriverLog? 0.14 6T 18 [ 1060 | 025 — T 13| 866 [Blum and Furst, 1997 Avrim Blum and Merrick Furst. Fast plan-
DriverLog8 524 8 27 | 1920 | 1578 17 [ 29 | 2217 ning through planning graph analysisArtificial Intelligence,
DriverLog9 73.27 11 32 2485 1.67 14 30 2787 90:281-300. 1997
DriverLog10 695.27 8 25 573 3.03 16 25 243 : ! :

[Do and Kambhampati, 2001Minh Binh Do and Subbarao Kamb-

Table 6: Performance comparison o§€PLAN and MiPS hampati. Planning as constraint satisfaction: Solvingpias-

on resource planning problems. “Res”, “Steps” and “Acts” as ning graph by compiling it into CSP.Artificial Intelligence,
explained in table 5. 132(2):151-182, 2001.

[Edelkamp, 200R Stefan Edelkamp. Mixed propositional and nu-
merical planning in the model checking integrated planrsysr

Csp-PLAN has a performance comparable toRd and in tem. InAIPS-2002, Workshop on Temporal Planning, 2002.
most cases, the quality of the plans (number of steps) is CoNfereuder, 198b E. Freuder. A sufficient condition for backtrack-
siderably better. However,<&-PLAN does not scale as well bounded searchlournal of the ACM, 32(4):755—761, 1985.
as Mps, eg., it takes F“.“Ch I_onger tham% on Dr'yer' [Getooret al., 1997 L. Getoor, G. Ottosson, M. Fromherz, and
Log10. But is not surprising sincese-PLAN is an optimal B. Carlson. Effective redundant constraints for onlineestth-
planner while Mpsis not. Achieving optimality quickly be- ing. In AAAI-1997, pages 302—307.
comes very difficult. It is also important to note that our{pro [Katsirelos and Bacchus, 200Teorge  Katsirelos and Fahiem

totype implementation uses very simple techniques to prop-"g_ chus. A library for solving CSPs, 2001
agate numeric variables. These techniques are far from the .y cs toronto.edurgkatsifefc tar.gz.

current state of the art in CSPs. Nonetheless, we see that

still obtain results competitive with the competition viers Wﬁ?ﬁéztﬁgdeiam%%12%?]_'“?:3 éigtgsﬁig(:‘a?al&ieg%n' P”i sh-
of Mips. search. IMAAI-1996, pages 1194-1201.

8 Conclusions [Kautz and Selman, 1998H. Kautz and B. Selman. Blackbox: A

Our implementation of €P-PLAN has demonstrated that the ~ Néw approach to the application of theorem proving to proble

structure of planning problems can be exploited directly in igg’é”g' Workshop on Planning as Combinatorial Search.SAIP

a CSP encoding. By lifting the planning problem to a CSP '

we obtain a richer and more robust representation for whicthiKoehleretal., 1997 J. Koehler, B. Nebel, J. Hoffmann, and Y. Di-

many sophisticated and effective solution techniques have Mopoulos. Extending planning graphs to an ADL subseEun

been developed. In particular, we are able to capture and gen "0Pean Conference on Planning, pages 273-285, 1997.

eralize the important inferences generated by planninghgra [Koehler, 1998k J. Koehler. Planning under resource constraints.

directly in the CSP representation. This provides excellen In ECAI-1998, pages 489-493.

performance for P-PLAN in comparison with similar tech- [Koehler, 1998b J. Koehler. Solving complex planning tasks

nigues. Additionally, by showing how easily we can extend through extraction of subproblems. AtPS-1998, pages 62—69.

our representation to planning with resources, we have prqyoskewiczet al., 2009 M. Moskewicz, C. Madigan, Y. Zhao,

vided evidence for the benefits of lifting the problemtoa CSP | zhang, and S. Malik. Chaff: Engineering an efficient sat

encoding. solver. InProc. of the Design Automation Conference (DAC),
This work naturally leads to a number of future research 2001.

topics. For example, the fastest current planners are basgdednault, 1989 E. Pednault. ADL: Exploring the middle ground

on local search. Nevertheless, the heuristics used in these between STRIPS and the situation calculus KR+1989, pages

planners utilize notions from the planning graph constounct 324-332.
It seems feasible that instead of planning graphs, CSP teclipjrri and Reiter, 2000 F. Pirri and R. Reiter. Planning with natural
niques could be utilized directly to compute better heiosst actions in the situation calculus. In Jack Minker, editargic-

This could be particularly beneficial for computing more in-  Based Atrtificial Intelligence. Kluwer Press, 2000. in press.
formative admissible heuristics. Better heuristics andi-ad [geiter 2001 R. Reiter. Knowledge in Action: Logical Founda-
tional transformations could also be explored. In parécul tions for Specifying and Implementing Dynamical Systems. MIT
there is still much scope for improving the performance of press, 2001.

this approach. Finally, the approach is well suited to reseu [’

S . - van Beek and Chen, 19p®P. van Beek and X. Chen. CPlan: A
usage optimization using branch and bound techniques duf- ., <traint programming approach to planning. AAI-1999,

ing the search, and this could be further investigated. pages 585-590.

_— o - [Vosseret al., 2001 T. Vossen, M. Ball, A. Lotem, and D. Nau.

extended to deal with resources in this competition. Applying integer programming to Al planningKnowledge En-
®Note that neither planner is actually trying to optimizeoase gineering Review, 16:85-100, 2001.

usage, just the size of the plan.

960 PLANNING



1

In Defense of PDDL Axioms

Sylvie Thiébaux
Computer Sciences Laboratory
The Australian National University
Canberra, ACT 0200, Australia

Sylvie.Thiebaux@anu.edu.au

Abstract

There is controversy as to whether explicit sup-
port for PDDL-like axioms and derived predicates is
needed for planners to handle real-world domains
effectively. Many researchers have deplored the
lack of precise semantics for such axioms, while
others have argued that it might be best to compile
them away. We propose an adequate semantics for
PDDL axioms and show that they are an essential
feature by proving that it is impossible to compile
them away if we restrict the growth of plans and
domain descriptions to be polynomial. These re-
sults suggest that adding a reasonable implementa-
tion to handle axioms inside the planner is benefi-
cial for the performance. Our experiments confirm
this suggestion.

Motivation

It is not uncommon for planners to suppaitrived predi- ) 2
cates, whose truth in the current state is inferred from thato be a measure of how concisely domains and plans can be
of somebasicpredicates via somaxiomsunder the closed expressed in a formalism and use the notion of compilability
world assumption. While basic predicates may appear as efo analyse thaf19). As it turns out, axioms are an essen-
fects of actions, derived ones may only be used in precontial feature because it is impossible to compile them away—
ditions, effect contexts and goals. Planners in this familyprovided we require the domain descriptions to grow only
include the partial order plannexcpopr[3], the HTN plan-
ner sHopr[18], and the heuristic search planrepT [4], to
cite but a few. The original version @fopL [17], the Inter- _ _ _ _
national Planning Competition language, also featured sucRossible and we specify one such transformation, which, un-
axioms and derived predicates. However, these were nevéke those previously publisheld0; 9; 7, works without re-
used in competition events, and did not surviEpL2.1, the
extension of the language to temporal planriglg

Jorg Hoffmann and Bernhard Nebel
Institut fur Informatik
Universitt Freiburg
D-79110 Freiburg, Germany

<last-name>@informatik.uni-freiburg.de

a basic relation is affecteédThere is no intuitive way to up-
date transitive closures in the body ofPabL action, while
it is easy to axiomatize them recursively by meansgobL
axioms (se¢4] for a power flow example).

The most common criticism of the originebbL axioms
was that their semantics was ill-specified, and that the condi-
tions under which the truth of the derived predicates could be
uniguely determined were unclear. We remedy this by pro-
viding a clear semantics farbbL axioms while remaining
consistent with the original description ia7]. In particular,
we identify conditions that are sufficient to ensure that the ax-
ioms have an unambiguous meaning, and explain how these
conditions can efficiently be checked.

Another common view is that axioms are a non-essential
language feature which it might be better to compile away
than to deal with explicitly, compilation offering the advan-
tage of enabling the use of more efficient, simple, standard
planners without specific treatmefit0; 9; 7. We bring new
insight to this issue. We give evidence that axioms add signif-
icant expressive power ®DDL. We take “expressive power”

polynomially and the plans to grow only polynomially in the
size of the original plans and domain descriptions. Of course,
if we allow for exponential growth, then compilations become

striction. However, the above mentioned results suggest that
it might be much more efficient to deal with axioms inside the

This is unfortunate, as the lack of axioms impedes the abilPlanner than to compile them away. In fact, our experiments

ity to elegantly and concisely represent real-world domainswith FF [11] suggest that adding even a simple implementa-
Such domains typically require checking complex conditiongtion of axioms to a planner clearly outperforms the original
which are best built hierarchically, from elementary con-Version of the planner solving the compiled problem.

ditions on the state variables to increasingly abstract ones.

Without axioms, preconditions and effect contexts quicklyo Syntax and Semantics

become unreadable, or postconditions are forced to include

supervenient properties which are just logical consequencéde remain in the sequential planning setting rRafDL2.1

of the basic ones—that is when extra actions do not need tevel 1, which is essentially that of the versionraibL with

be introduced or action descriptions customised. MoreoverDL actions used in the 2000 planning competition. Ee
axioms provide a natural way of capturing the effects of acfor a description of the syntax. For clarity we do not consider
tions on common real world structures such as paths or flowgypes. Although we see axioms with conditions on numeric

as we then need to reason about how the transitive closure

!In that respectpppL axioms offer advantages over the use of

“The full proofs of the theorems appear in the techreport:pyrely logical axioms as in the original version®friPs[14].
http : //csl.anu.edu.au/~thiebaux/papers/trarp0103.pdf.
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fluents, such as those featuredAnDL2.1 level 2, as very Note that any stratificatiofD;,1 < ¢« < n} of D induces a
desirable, we do not consider them here for simplicity. stratification{ A;, 1 < i < n} of A in the obvious wayA; =

Let B and D be two sets of predicate symbols with {(: derived (d; ?%) (f; ?%)) € A | d; € D;}. Note also that
BN D = (), called the set of basic and derived predicates, rewhen no derived predicate occurs negated innke of the
spectively. Symbols irD are not allowed to appear in the antecedent of any axiom, a single stratum suffices. Several
initial state description and in atomic effects of actions, butplanning papers have considered this special (E3e9; 7.
may appear in preconditions, effect contexts, and goals. The Working through the successive strata, applying axioms in
domain description features a set of axiamsThese have the any order within each stratum until a fixed point is reached
form (: derived (d ?Z) (f 7Z)), whered € D, and wheref  and then only proceeding to the next stratum, always leads to
is a first-order formula built from predicate symbolsiny D  the same final fixed point independently of the chosen strati-
and whose free variables are those in the vegtor fication[1, p. 118. Itis this final fixed point which we take

Intuitively, an axiom(: derived (d ?Z) (f ?Z)) meansthat to be the meaning of the axiom set.
when(f 7Z) is true at the specified arguments in a given state, We now spell out the semantics formally. Since we have a
we shouldderivethat(d ?Z) is true at those arguments in that finite domain and no functions, we identify the objects in the
same state. Unlike traditional implications, these derivationglomain with the ground terms (constants) that denote them,
are not to be contraposed (the negationfds not derived and states with finite sets of ground atoms. More precisely, a
from the negation off), and what cannot be derived as true is state is taken to be a set of groubdsicatoms: the derived
false (closed world assumption). Because of the closed worldnes will be treated as elaborate descriptions of the basic
assumption, there is never any need to explicitly derive negstate. In order to define the semantics, however, we first need
ative literals, so the constraint that the consequent of axiomt® consider an extended notion of “state” consisting of ebset
be positiveliterals does not make us lose generality. of basic atoms and an arbitrary detof atoms in the derived

In sum, axioms are essentially (function free) logic pro-vocabulary. The modeling conditions for extended states are
gram statements 5]. For example, from the basic predicate just the ordinary ones of first order logic, as though there
on and the predicateolding in Blocks World, we can define were no relationship betweehiand D. Where?Z denotes a
the predicatelear, as follows: vector of variables and denotes a vector of ground terms,
(:derived (clear ?x) we define:

and (not (holding ?x it

( ((fora(ll (’?y)g(not))(on 2 20)) Def'n't'on 2

Another classic isbove , the transitive closure ain, e.g.:

(:derived (above ?x ?y) not f) iff (S, D) bé f

(S,D) = (bt) forb € Biff ( 'E)ES

{ (dt
(or (on ?x ?y) é gand F I (5. DI i and (s, D) = £

( (

( (

dﬁfordeDlﬁ dt)e D

forall (72) (f 72)) iff (S, > = (f ) forall ¥

In a planning context, it is natural and convenient to re-(g D) = (exists (?7) Z)) iff (S, D) k= (f t) for somet
strict attention to so-calledtratified axiom sets—stratified
logic programs avoid unsafe use of negation and have an un- APPlYing axioma = (: derived (d ?Z) (f 7Z)) in a
ambiguous, well-understood semantits The idea behind ~States augmented Wlth derived atoni3, results in the set
stratification is that some derived predicates should first bdal (S, D) of further derived atoms:
defined in terms of the basic ones possibly using negation, Qhefinition 3
in terms of themselves (allowing for recursion) lithout .
using negation. Next, more abstract predicates can be defined [a](S, D) { (dY) [ (S, D) = (f 1), tis ground}
building on the former, possibly using their negation, or in . . . . .
terms of themselves but without negation, and so on. Thus, a Given this, we associate stratury; with the function
stratified axiom set is partitionable into strata, in such a wayl\l: Which maps a given basic stat to the least fixed
that the negation normal fofh{NNF) of the antecedent of an POINt attainable by applying the axioms ity starting from
axiom defining a predicate belonging to a given stratum use1® extended state consisting $fand of the set of ground
arbitrary occurrences of predicates belonging to strictly lowed€rved atoms returned at the previous stratumHy;_; .
strata angbositiveoccurrences of predicates belonging to the | "€ Stratified axiom set denotes the functiopA] = [A].:

S

N N

(/1
(f
= (

same stratum. Basic predicates may be used freely. Definition 4 Let {A;, 1<i< n} be an arbitrary stratifica-
Definition 1 An axiom setd is stratified iff there exists a tion for a stratified axiom sed. For each state5), let:
partition (stratification) of the set of derived predicat®s [A]o(S) =0, andforalll <i<n
into (non-empty) subsef{d;,1 < ¢ < n} such that for all o
derivea () (178 £ 4 } [45:(8) = N{D | U [al(S, D) U [ALi-1($) € D}
1. if d; appears inNNF(f 7Z), thend; € D; andd; € D; _ _ @A
such thatj < i, Then[A](S) is defined agA],,(S).
2. if d; appears negated iNNF(f 77), thend; € D; and Finally, given a stratified axiom set, we write S = f to
d; € D; such thatj < 1. indicate that a formulg composed of both basic and derived

T . . - predicates holds in stafs
In a formula inNNF, negation occurs only in literals.
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Algorithm 1 Stratification In the following, we take @DDLy planning domain de-

1. function STRATIFY(D, A) scription to be a tupl\ = (C,B,D, A, O), whereC is the

:f, fozgfggcihe, 167 %Odo set of constant symbol# is the set of basic predicateB,is

2 R[i, j]L 0 the set of derived predicates,is a stratified axiom set as in

5. for each (: derived (j 7Z) (f 77)) € A do Definition 1, andO is a set of action descriptions (with the

;s. forifeiaggciu res r1]3e ggﬁvely e/ 22) then mentioned restriction on the appearance in atomic effects of
8. Rli,j] — 2 ' the symbols inD). A PDDLy planning instanceor taskis

9. else if 1 occurs positively ivNF( f 72) then atuplell = (A,Z,G), whereA is the domain description,

10 foreach s ptug A FLEID andZ andg are the initial state (a set of ground basic atoms)
12.  foreachi € Ddo and goal descriptions (a formula), respectively. The result
5- fOTifGGCIE(’E TCZ D,]d% LK) > 0 then of applying an action in a (basic) state and what constitutes
15 R[i, k] L]MAxJ(’R[i,j],R[j,k-],R[i,k]) a valid plan (sequence of actions) for a given planning task
16. ifVi € D R[4, 1] # 2 then are defined in the usual wadg], except that the modeling re-

15 sreif ﬂi?ﬂ; ;ﬁ% remaining — D, level 1 lation in Definition 5 is used in place of the usual one. By
19, stratum — 0 a PDDL domain description and planning instances we mean
20. for each j € remaining do those without any axioms and derived predicates, i.eQ@EL

o i \Z’tfa;f;’z“i”;’[faﬁg’;n?bfﬁ‘he” domain description has the fortd, 5,0, 0, O).

23. remaining « remaining \ stratum We now usecompilation schemed.9 to translateeDDL y

3‘5‘- ;et;:l“fizife%: stratification U {(level, stratum)} domain descriptions t®bbL domain descriptions. Such
26, return stratification schemes are functions that translate domain descriptions be-
27.  else fail tween planning formalisms without any restriction on their

computational resources but the constraint that the target do-
main should be only polynomially larger than the origifial.

Definiton5 S f iff (S, [A](S)) = f . o _

. . L ] .. Definition 6 A compilation scheme fromt’ to ) is a tuple
This modeling relation is used when applying an action ingf functionsf = (fs, fi, f,) that induces a functiod” from
statesS to check preconditions and effect contexts, and to dexy-instancedI = (A, Z, G) to V-instancesF(II) as follows:

termine whethesS satisfies the goal. This is the only change

introduced by the axioms into the semanticspaibL and F(I) =(f5(A),TU fi(A),G A f4(A))
completes our statement of the semantics. The rest carries o ) N
over verbatim froni2]. and satisfies the following conditions:

Checking that the axiom set in a domain description is 1 there exists a plan foll iff there exists a plan fof'(II),
stratified and computing a stratification can be done in poly-

nomial time in the size of the domain description, using Algo- 2 @nd the size of the results &, f;, and f, is polynomial
rithm 1. The algorithm starts by building|®| x |D| matrix® in the size of their argument.

R such that[i, j|] = 2 when it follows from the axioms that | addition, we measure the size of the corresponding plans
predicatei’s stratum must be strictly lower than predicgt® i the target formalisr.

stratum, R[i, j] = 1 when¢’s stratum must be lower than o o

j’s stratum but not necessarily strictly, aii, j] = 0 when  Definition 7 If a compilation schemé has the property that
there is no constraint between the two strata (lines 2-15). for every planP solving an instancél, there exists a plan
is first filled with the values encoding the status (strict or not)?”’ solving F(IT) such that| P’|| < ¢ x || P|| + & for positive
of the base constraints obtained by direct examination of théteger constants: and k, thenf is a compilation scheme
axioms (lines 5-10). Then, the consequences of the base coBteserving plan size lineatland if || P'|| < p(||P|], |[TT]]) for
straints are computed, similarly as one would compute théome polynomiai, thenf is acompilation scheme preserving
transitive closure of a relation (lines 11-15). There exists &lan size polynomially

stratification iff the strict relation encoded # is irreflexive, From a practical point of view, one can regard compilabil-

that IS iff R[i’ i| # 2for aI.I i € D (line 16). In that case, the . ity preservingplan size linearlyas an indication that the target
stratification corresponding to the smallest pre-order Consisgjmalism isat least as expressivas the source formalism.

tent with 12 is extracted, i.e. predicates are put in the IowesrConverser, if ssuper-linearblowup of the plans in the target
stratum consistent witlt (lines 17-26). formalism is required, this indicates that the source formal-
. - . ismis more expressiviman the target formalism—a plannin

3 Axioms Add Significant Expressive Power algorithm for tﬁe target formalisngnJ would be forcedpto gengr—
It is clear that axioms add something to the expressive powette significantly longer plans for compiled instances, making
of PDDL. In order to determine how much power is added,it probably infeasible to solve such instances. If plans are re-
we will use thecompilability approacH19]. Basically, what quired to grow eveisuper-polynomiallythen the increase of
we want to determine is how concisely a planning task cargxpressive power must be dramatic. Incidentally, exponential
be represented if we compile the axioms away. Furthermoregrowth of plan size is necessary to compile axioms away.

we want to know how long the corresponding plans in th

compiled planning task will become. “We use here a slightly simplified definition of compilability.

5The size of an instance, domain description, plan, etc. is de-
®By |- | we denote the cardinality of a set. noted by|| - ||.
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In order to investigate the compilability betweenpL and  Figure 1 pDDL instances induced Hy
PDDLy, We will analyze restricted planning problems such

as thel-step planning problerand thepolynomial step plan- L.(: predicates ;all predicates i3 U D
ning problem The former is the problem of whether there z gg;gz;i)-;;ﬁ‘g;gi;gn)
exists a 1-step plan to solve a planning task, the latter is the 4. (new))

problem whether there exists a plan polynomially sized (for 5f°f'ea°th? € {i’ . '}
some fixed polynomial) in the representation of the domain 2 © parametors ().
description. From the results on the computational complex- ;

: precondition (and (fixed;_i) (not (fixed;)))
ity of pure DATALOG and DATALOG with stratified negation s effect (and (dones))

9. (forall (X 1)

[6], the next theorem is immediate. 10. (when (and (f;1 ?%:.1) (not (di,1 7%:1)))
Theorem 1 The 1-step planning problem fopDDLy is Y (end (d1,1 %1,1) (new)))
EXPTIME-complete, even if all axioms are in powraLoG. 13. (forall (% )
. . i 14. (when (and (fi-,ll\il 7)‘(’17\‘\1‘) (not (di-,lﬂi\ 73‘(’1_’\‘\1‘)))
If we now considerrDbDL planning tasks, it turns out that 15. (and (d; py PEipy) (new))))))

the planning problem is considerably easier, even if we allow  16.(: action fixpoint;
17. : parameters ()

for polynomial length plans. Since guessing a plan of poly- 15" . [recondition (dones)
nomial size and verifying it can easily be done in polynomial ~ 19. :effect (and (when (not(new)) (fixed;))

space, the polynomial steyppL planning problem is obvi- 2. §§2§(E‘§Ji32,>>>>
ously in PSPACE. Taking in addition VardifgQ] result into for eacho € O !
account that first-order query evaluation over a finite database 22.(: action NAME (o)

is PSPACE-complete, hardness follows as well. 23. : parameters PARAMETERS(0)

24. :precondition (and PRECONDITION(0) (fixedy))

. . 25. :effect d EFFECT(

Theorem 2 The polynomial step planning problem feppL 2. teffect (an (not (f(ii)edm)) . (not (fixedy))
is PSPACE-complete. 27. (not (doney)) . . . (not (doney))

) . ) o 28. (forall % (not (dp1 7%n1)))

From these two statements it follows immediately thatitis 29 .
H H H H H H 30. (forall X, " (not (dn, ol 7%n, n)))))
gg{]ﬁ?nrgll;féﬁgaéthe{e exists polynor_mal tllmmo.mp”atllon Wherek = max({i | somed,,; gécurs_in HkEm;prlThxlc‘JN(o)}u{()}) and
x 10 PDDL preserving plan size polyno- 'm = min({s | a predicate in some; ; is modified in EFECT(0) }U{n+1})

mially. Otherwise, it would be possible to solve all prob- o _

lems requiring exponential time in polynomial space, which g;g init T U (£ixedo))

. ! X X .(: goal (and G (fixed,)))
is considered as quite unlikely. As argued, however, by Nebel

[19], if we want to make claims aboakpressivenesthen we

should not take the computational resources of the compila- ; ; .
tion scheme into account but allow for computationally unfl}[)(ia;urvgg::\;ﬁgngxtigren!satter schenté] is further restricted

constrained trar)sformations.. Interestingly, even allowing for An interesting contrasting approach is that of Davidson and
such unconstrained compilation schemes changes nothing. Garagnan(7]. They propose to compile PUEBATALOG ax-
Theorem 3 Unless EXPTIME= PSPACE, there is no compi- ioms solely into conditional effects, which means that the re-
lation scheme frommDDLy (even restricted to pUrBATALOG sulting plans will have exactly the same length. However, as
axioms) toPDDL preserving plan size polynomially. is implied by Theorem 3, their domain description suffers a
super-polynomial growth.

We now specify a generally applicable compilation scheme
producing poly-size instances, which we will use as a base-
line in our performance evaluation. In contrast to the schemes
of the linearly bounded alternating Turing machirecep- mentioned above, it complies with the stratified semantics
tance problem up to a certain size, which in its general formspeuﬂed in Section 2 while dealing with negated occurrences

is EXPTIME-completd5], we get goolynomial advice string of derived predicates anywhere in the planning task.

[12] if a compilation scheme frorRDDL to PDDL Preéserv-  Theorem 4 There exists a polynomial time compilation
ing plan size polynomially exists. This would imply that EX- schemef = (f5, fi» f4), Such that for everypbLy do-
PTIME C PSPACE/poly. However, by Karp and Lipton's main descriptionA = (€,B,D,A,0): ||fi(A)]| = ¢ and

Proof Sketch. We use a proof idea similar to the one Kautz
and Selmari13] used to prove that approximations of logi-

cal theories of a certain size are not very likely to exist. By
using aDATALOG theory in order to describe all instances

[12] results, this implies that EXPTIME PSPACE® ||f4(A)]| = ¢ for some constants; and ¢z, and fs5(A) =
o ) _ (C,B',0,0,0') is appbL domain with|B'|<|B| +3 |D| +2
4 Compilations with Exponential Results and with{|O'[| < p(]|O||, ||A]|) for some polynomiagp.

While itis impossible to find a concise equivalémDL plan-  pyoof Sketch. Figure 4 shows the main elements of the
ning instance that guarantees short plans, it is possible t9pp) instances induced bf. f computes a stratification
come up with a poly-size instance which may have expo- A;,1 < i < n} of the set of axiomsd, as explained in

nentially longer plans in th_e worst case. Such compilationggction 2, where in stratum each axiomu, ; is of the form
schemes have been described by e.g. Gazen and Knoblog_kderived (dij ?7Z;;) (fij ?%:,)) for 1 < <| 4| f

[10] and Garagnani9] under severe restrictions on the use
of negated derived predicates. Specifically, these schemes do This remains true even if negation is compiled away as per the
not work if negated derived predicates appear anywhere in th8azen and Knoblock methdd].
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encodes each stratum as an extra actioretum; (see lines FFy transforms each axiom derived(d ?Z)(f 7Z)) into
5-15 in Figure 4) which applies all axiomas ; at this stratum  an operator with paramete(8z), precondition(f ?%) and
in parallel, records that this was don#ofie;) and whether effect(d ?%), with a flag set to distinguish it from a “normal”
anything new few) was derived in doing so. Each ; is  operator. During the relaxed planning process #rper-
encoded as a universally quantified and conditional effect oforms to obtain its heuristic function, the axiom actions are
stratum;—see lines 9-15. To ensure that the precedence bdreated as normal actions and can be chosen for inclusion in
tween strata is respectestratum; is only applicable when a relaxed plan. However, the heuristic value only counts the
the fixed point for the previous stratum has been reached (i.eeumber ofnormalactions in the relaxed plan. During the for-
whenfixed; 1) and the fixed point for the current stratum ward searclFF performs, only normal actions are considered;
has not (i.e. whefnot (fixed;)))—see line 7f encodes the after each application of such an action, the axiom actions are
fixpoint computation at each stratuinusing an extra action applied so as to obtain the successive fixed points associated
fixpoint,, which is applicable after a round of one or more with the stratification computed by Algorithm 1.
applications ofstratum; (i.e., whendone; is true), asserts ~ One domain we chose for our experiments is the usual
that the fixed point has been reached (£gxed;) whenever  Blocks World @w) with 4 operators. In contrast to most
nothing new has been derived during this last round, and repther common benchmarks, Bw there is a natural distinc-
setsnew anddone; for the next round—see lines 16-21. Next, tion between basic and derived predicates; in parti@iais
the precondition and effect of each action descriptioh O the only common benchmark domain we are aware of where
are augmented as follows (see lines 22-30).0Letk < nbe the stratification of the axioms requires more than one stra-
the highest stratum of any derived predicate appearing in the&ym. The basic predicates ase andontable, and the de-
precondition ofo, or 0 if there is no such predicate. Before rived ones ar@bove andholding (stratum 1), as well as
applyingo, we must make sure that the fixed point for that clear and handempty (stratum 2) whose axiomatisations
stratum has been computed by addiriged,, to the precon- use the negation diolding. above is only used in goal
dition. Similarly, letl < m < n + 1 be the lowest stratum descriptions. For the experiment labelled-1 in the fig-
such that some predicate in the antecedent of some axiom ifires below, we generated 30 random initial states for each
A, is modified in the effect 0b, or n + 1 if there is none.  sizen = 2...10 and took the goal that any block initially
After applyingo, we may need to re-compute the fixed pointson the table had to be above all those that were initially not.
for the strata above, that is, the effect must resét xed, Note that expressing the resulting goal ustingandontable
done, and the value of all derived propositions, at strata  would require exponential space, highlighting once more the
and above. Finallyfixed, holds initially, and the goal re- utility of derived predicates. As shown in the figure, the me-
quiresfixed, to be true. The fact thdtpreserves domain dian run-time ofFFy shows a significant improvement over
description size polynomially, and the bounds given in theothat ofFr+f. The plans found byr+f in this experiment were
rem 4, follow directly from the constructiom. an order of magnitude longer than those foundrby. The

It is obvious that a plarP for a planning taskl can be experiment labellegw-2 shows, forn = 2...42, the spe-
recovered from a plaP’ for the compiled planning task cial case of those instances for which the initial state has only
F(IT), by simply stripping all occurrences stratum and  one tower. Here the improvement in run time is dramatic, as
fixpoint actions. In the worst case of course, there isFFx finds the optimal plans whose length is only lineanin
no polynomialp such that||P’|| < p(||P]l,||TI|]). Indeed, Another domain we ran experiments on is the challenging
the worst-case is obtained when, initially and after each acPower Supply Restoratiom$R benchmark4], which is de-
tion from P, all derived predicates need to be (re)computedived from a real-world problem in the area of power distribu-
and only one proposition is ever derived per application oftion. The domain description requires a number of complex,
stratum,; actions. Even if the planner is able to interleaverecursive, derived predicates to axiomatize the power flow,
as fewfixpoint, actions as possible with theratum; ac-  [4]. We considered a version of the benchmark without any
tions, this still leads to a plan of length”’|| = ||P|| +  uncertainty for which the goal is to resupply all resuppliable
(1P| + 1) (IDy] +3)) = |1P]| + (J|P]| + 1)(3n+ D)), lines. For each num_ber: 1 to 7 feeders, we generated 100
whereD denotes the set of all instances of predicate®in random net\évorks with a maximum of 3 switches per feeder
Observe thaD is not polynomially bounded ifD| and|C]. and Wlth.30/0 faqlty lines. The third figure abovga compares

the median run times ofFy and FF+f as a function ofn.

. . . . Again the improvement in performance resulting from han-
5 Planning: With or Without Axioms? dl?ng axioms F()axplicitly is ungeniable. In this exp(griment, the
The absence of a polynomial time compilation scheme preplan length does not vary much with with our parameters
serving plan size linearly not only indicates that axioms bringfor the random instances generation, it is clustered around 5
(much needed) expressive power, but it also suggests that egctions forrbDL y instances, and around 50 for the compiled
tending a planner to explicitly deal with axioms may lead toinstances. Yet this makes all the difference between what is
much better performance than using a compilation schemgolvable in reasonable time and what is not.
with the original version of the planner. To confirm this hy-  Although the domains in these experiments are by no
pothesis, we extended ther planner[11] with a straight- means chosen to show off the worst-case for the compilation
forward implementation of axioms—we call this extensionscheme, they nevertheless illustrate its drawbacks. The dif-
FFy—and compared results obtained B3, on PDDLy in-  ference of performance we observe is due to the facts that
stances with those obtained byon thePDDL instances pro- compilation increases the branching factor, increases the plan
duced via compilation witf. length, and obscures the computation of the heuristic.
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Other published compilation schemi®; 9 are not ap-
plicable to the above domains whose descriptions involveq]
negated derived predicates. The exponential space transfor-
mation by Davidson and Garagndf is applicable taw,
but was unable to cope with problems larger thas 4 be-  [2]
cause it substitutes for their definitions all occurrences of non-
recursive derived predicates until none remains. This turngg]
preconditions intoADL constructs that quickly become too
complex forFF's pre-processing step to compile them away
in reasonable time, in difference to the experiments described
above where pre-processing time was negligible. [4]

(5]
(6]

As reflected by recent endeavours in the international plan-
ning competitions, there is a growing (and, in our opinion, de-
sirable) trend towards more realistic planning languages an
benchmark domains. In that context, it is crucial to determine
which additional language features are particularly relevant.
The main contribution of this paper is to give theoretical and[g]
empirical evidence of the fact that axios® important, from

both an expressivity and efficiency perspective. In addition,
we have provided a clear formal semantics#opL axioms,  [g]
identified a general and easily testable criterion for axiom sets
to have an unambiguous meaning, and given a compilation
scheme which is more generally applicable than those previ g
ously published (and also more effective in conjunction with

6 Conclusion

forward heuristic search planners likg). [11]
Future work will include more extensive empirical stud-
ies involving a more elaborate treatment of axioms witin  [12]

and planners of different types, as well as the extension of
derived predicates and axioms to the context of the numerip g
cal and temporal language features recently introduced with
PDDL 2.1. Axioms have long been an integral part of action[14]
formalisms in the field of reasoning about action and change
where, much beyond the inference of derived predicate cons)
sidered here, they form the basis for elegant solutions to thﬁB]
frame and ramification problems, see e.[6l. It is our

hope that the adoption afbDL axioms will eventually en- 171
courage the planning community to make greater use of theée
formalisms.

(18
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Abstract

Recursive ConditioningRC, is an any—space al-
gorithm for exact inference in Bayesian networks,
which can trade space for time in increments of the
size of a floating point number. This smooth trade-
off is possible by varying the algorithm’s cache
size. WhenRC is run with a constrained cache
size, an important problem arises: Which specific
results should be cached in order to minimize the
running time of the algorithm®RC is driven by a
structure known as a dtree, and many such dtrees
exist for a given Bayesian network. In this paper,
we examine the problem of searching for an opti-
mal caching scheme for a given dtree, and present
some optimal time—space tradeoff curves for given
dtrees of several published Bayesian networks. We
also compare these curves to the memory require-
ments of state—of—the—art algorithms based on join-
trees. Our results show that the memory require-
ments of these networks can be significantly re-
duced with only a minimal cost in time, allowing
for exact inference in situations previously imprac-
tical. They also show that probabilistic reasoning
systems can be efficiently designed to run under
varying amounts of memory.

Introduction

DT

B ®
caOd
VAN SN
l a [ a l b b c c
[ [a0]| [a [o0 [0 b |70 | %0

a 20 | .80 b’ 15 | .85

25 75

b'd .05 | .95

Figure 1: An example dtree.

We approach this problem by formulating it as a system-
atic search problem. We then use the developed method
to construct time—space tradeoff curves for some real-world
Bayesian networks, and put these curves in perspective by
comparing them to the memory requirements of state—of—
the—art methods based on jointreElensenet al, 1990;
Shafer and Shenoy, 1990 he curves produced illustrate that
a significant amount of memory can be reduced with only a
minimal cost in time. In fact, for much of their domains, the
time—space curves we produce appear close to linear, with ex-
ponential behavior appearing only near the extreme case of no
caching. This dramatic space reduction, without a significant
time penalty, allows one to practically reason with Bayesian

Recursive ConditioningRC, was recently proposed as an
any-space algorithm for exact inference in Bayesian net
works[Darwiche, 2001 The algorithm works by using con-
ditioning to decompose a network into smaller subnetwork
that are then solved independently and recursively uRiBg

networks that would otherwise be impractical to handle.

This paper is structured as follows. We start in Section 2
by providing some background on recursive conditioning and
Yhe cache allocation problem. We then formulate this prob-
.lem in Section 3 as a systematic search problem. Time—space
It tums out that many of the subnetworks generated by th'?radeoff curves for several published Bayesian networks are

decomposition process need to be solved multlple times MShen presented in Section 4. Finally, in Section 5, we provide
dundantly, allowing the results to be stored in a cache afte

the first computation and then subsequently fetched durinéOme concluding remarks and discuss some future work.
further computations. This gives the algorithm its any—spaceg A S Inf

behavior since any number of results may be cached. Thi ny—opace Inierence

also leads to an important question, which is the subject oThe RC algorithm for exact inference in Bayesian networks
this paper: “Given a limited amount of memory, which re- works by using conditioning and case analysis to decompose
sults should be cached in order to minimize the running timea network into smaller subnetworks that are solved indepen-

of the recursive conditioning algorithm?” dently and recursively. The algorithm is driven by a structure
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known as a decomposition tree (dtree), which controls the deAlgorithm 1 RC(t): Returns the probability of evidenae
composition process at each level of the recursion. We wilfecorded on the dtree rootedtat

first review the dtree structure and then discl§s 1: if t is a leaf nodehen
2:  return LOOKUPY()
2.1 Dtrees 3: else

4: y < recorded instantiation afontext(t)
5: if cache?(t) andcache;[y] # nil then
6: returncache;[y]

else

Definition 1 [Darwiche, 200} A dtreefor a Bayesian net-

work is a full binary tree, the leaves of which correspond to
the network conditional probability tables (CPTs). If a leaf -
nodet corresponds to a CP®, thenvars(t) is defined as the .

. S p+—20
variables appearing in CP$. 9: for instantiations of uninstantiated vars iautset(t) do
Figure 1 depicts a simple dtree. The root nodéthe dtree  10: record instantiatios

p—p+ RC(tl)RC(tT)
2: un—record instantiation
when cache?(t), cache;[y] < p
returnp

represents the entire network. To decompose this networ
the dtree instructs us to condition on varialite called the
cutset of root nodeé. Conditioning on a set of variables leads 7 4.
to removing edges outgoing from these variables, which for a
cutset is guaranteed to disconnect the network into two sub-
networks, one corresponding to the left child of nadend  Algorithm 2 LOOKUP().
another corresponding to the right child of nadesee Fig- ¢ « CPT of variableX associated with leaf
ure 1. This decomposition process continues until a boundary if X is instantiatedhen
condition is reached, which is a subnetwork that has a single = < recorded instantiation of
variable. u < recorded instantiation oX'’s parents
We will now present some notation needed to define ad- _ "etume(z(u) 1 ¢(zlu) = Pr(z|u)
ditional concepts with regard to a dtree. The notatioand
t, will be used for the left child and right child of node
and the functiorvars will be extended to internal nodes

vars(t) =l vars(t;) Uvars(t,.). Each node in a dtree has three or directly by using the hMeTiﬂ(arypis and Kumar, 1998
more sets of variables associated with it. The first two of thes@ypergraph partitioning program.

sets are used by tHeC algorithm, while the third set is used

to analyze the complexity of the algorithm. 2.2 Recursive Conditioning

Definition 2 The cutsetof internal nodet in a dtree Given a Bayesian network and a corresponding dtree with
is: cutset(t) def vars(t;) N vars(t,) — acutset(t), where root ¢, the RC algorithm given in Algorithms 1 and 2 can be

acutset(t) is the union of cutsets associated with ancestord!Sed to compute the probability of eviderday first ‘record-

of node t in the diree. The context nodet in a dtree is:  'NQ” the instantiatiore and then callindRC(¢), which returns
the probability ofe.

X o Our main concern here is with Line 5 and Line 13 of the
a dtree is: cutset() U context(?) if ¢ is & non-leaf, and as  4gorithm. On Line 5, the algorithm checks whether it has
vars(t) if t is a leaf. performed and cached this computation with respect to the
Thewidth of a dtree is the size of its maximal clustet. subnetwork associated with notleA computation is charac-

The cutset of a dtree nodds used to decompose the net- terized by the instantiation dfs context, which also serves
work associated with nodeinto the smaller networks asso- as an index into the cache attached to noddf the com-
ciated with the children of. That is, by conditioning on vari- putation has been performed and cached before, its result is
ables incutset(t), one is guaranteed to disconnect the net-simply fetched. Otherwise, the computation is performed and
work associated with node The context of dtree node its result is possibly cached on Line 13.
is used to cache results: Any two computations on the net- When every computation is cach&iC usesO(n exp(w))
work associated with nodewill yield the same result if these space and)(n exp(w)) time, wheren is the number of nodes
computations occur under the same instantiation of variable the network ande is the width of the dtree. This cor-
in context(t). Hence, a cache is associated with each dtreeesponds to the complexity of jointree algorithm, assuming
nodet, which stores the results of such computations (probathat the dtree is generated from a jointf@arwiche, 2001
bilities) indexed by instantiations @bntext(¢). This means When no computations are cached, the memory requirement
that the size of a cache associated with diree nadam grow  of RCis reduced t@(n), in which case the time requirement
as large as the number of instantiations@ftext(t). increases t@)(n exp(wlogn)). Any amount of memory be-

For a given Bayesian network, many different dtrees existween these two extremes can also be used in increments of
and the quality of the dtree significantly affects the resourcéhe size of a floating point number, a cache value.
requirements oRC. The width is one important measure of  Suppose now that the available memory is limited and we
this, asRC's time complexity is exponential in this value. can only cache a subset of the computations performed by
The construction of dtrees is beyond the scope of this papeRC. The specific subset that we cache can have a dramatic ef-
but in[Darwiche, 2001; Darwiche and Hopkins, 20@was  fect on the algorithm’s running time. A key question is then to
shown how to create them from elimination orders, jointreeschoose that subset which minimizes the running time, which

returnil

context(t) o vars(t) N acutset(t). The clusterof nodet in
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Figure 2: An example dgraph. Figure 3: Search tree for a dgraph witinternal nodes.

is the main objective of this paper. We refer to this as the One can count the number of recursive calls mad&fy

N . , S and, hence, compute its running time) given any discrete
secondary optimization probleith the first optimization f:ache factor SpeF():ificaIIy i dengotes a)\ Sarent ofynode
problem being that of constructing an optimal dtree. . |]n a dgraph, and# denotes the number of instantiations of

Most of our results in this paper are based on a version of j iahlesq the number of recursive calls made to nads
RC which not only computes the probability of evidenge 4Darvviche’ 2001: 2002

but also posterior marginals over families and, hence, post

rior marginals over individual variables. This versionRC calls(t) = Z cutset(tP)#[cf(tP)context(t?)? +
uses alecomposition grapfdgraph), which is basically a set »
of dtrees that share structure. (1 = cf(t?))calls(t?)]. (1)

An example dgraph for a network with four variables can ) ) )
be seen in Figure 2. It should be noted that each of the foulf the cache factor is not discrete, the above formula gives the
root nodes corresponds to a valid dtree, so this dgraph a@verage number of recursive calls, since the actual number of
tually contains four dtrees which share a significant portiorcalls will depend on the specific computations cached. This
of their structure. Creation of dgraphs is discussefDar- ~ €quationis significant as it can be used to predict the expected
wiche, 2002. time requirement oRC under a given caching scheme.

The code in Algorithms 1 and 2 is also used in this ver- e focus in this paper on searching for an optimal dis-
sion of RC, whereRC(t) is called once on each ropbfthe ~ Creté cache factor, given a limited amount of memory, where
dgraph (the posterior marginal of each family is computed®Ptimality is with respect to minimizing the number of recur-
as a side effect of each of these calls). This versior6f Sive calls. To this end, we will first define a search problem
uses more memory as it maintains more caches. But it ifor finding an optimal discrete cache factor and then develop
more meaningful when it comes to comparing our time—spacé depth-first branch-and-bound search algorithm. We will
tradeoff curves with the memory requirements of jointree al-2|S0 use the developed algorithm to construct the time-space
gorithms, as this version &2C is equally powerful to these tradeoff curves for some published Bayesian networks from

algorithms. various domains, and compare these curves to the memory
demands and running times of jointree algorithms.
3 The Cache Allocation Problem 3.1 Cache Allocation as a Search Problem

The total number of computations that a dgraph (or dtreeYhe cache allocation problem can be phrased as a search
nodet needs to cache equals the number of instantiations gfroblem in whichstatesin the search space correspond to
context(t). Given a memory constraint, however, one maypartial cache factors that do not violate the given memory
not be able to cache all these computations, and we needcanstraint, and where aperatorextends a partial cache fac-
way to specify which results in particular to cachecdche tor by making a caching decision on one more dgraph node.
factor ¢f for a dgraph is a function which maps each internalTheinitial statein this problem is the empty cache factor, in
nodet in the dgraph into a numbeif (¢) between0 and1.  which no caching decisions have been made for any nodes
Hence, if¢f (t) = .75, then node can only cachg5% of  in the dgraph. Thgoal statesorrespond to complete cache
these total computations. discretecache factor is one which factors, where a caching decision has been made for every
maps every internal dgraph node into either 0: all of the  dgraph node, without violating the given memory constraint.
node’s computations are cached, or none are cached®The Suppose for example that we have a dgraph with three inter-
code in Algorithms 1 and 2 assumes a discrete cache factonal nodeg, ¢2,t3. This will then lead to the search tree in
which is captured by the flagache?(t), indicating whether  Figure 3. In this figure, each nodein the search tree repre-
caching will take place at dgraph notle sents a partial cache factef. For example, the node in bold
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corresponds to the partial cache factpft,) = 0, ¢f (t2) =1 unmanageable very quickly. Hence the search algorithm must
andcf(t3) =7. Moreover, if node: is labeled with a dgraph eliminate portions of the search space while still being able to
nodet;, then the children of. represent two possible exten- guarantee an optimal result. One of the key methods of doing
sions of the cache factatf: one in which dgraph nodg this is by pruning parts of the search tree which are known to
will cache all computationslEchild), and another in which  contain non-optimal results. The DFBnB algorithm does this
dgraph nodé; will cache no computationg+child). by pruning search tree nodes when the cost funcfipn) is

According to the search tree in Figure 3, one always makekarger than or equal to the current best solution. Hence, more
a decision on dgraph nodg, followed by a decision on accurate cost functions will allow more pruning. Another ma-
dgraph nodé,, and then node;. A fixed ordering of dgraph  jor source of pruning is the given constraint on total memory.
nodes is not necessary, however, as long as the following cor-his is accomplished by pruning a search tree node and all
dition is met: A decision should be made on a dgraph ngde its descendants once it attempts to assign more memory to
only after decisions have been made on all its ancestors in treaches than is permitted by the memory constraint.
dgraph. We will explain the reason for this constraint later on
when we discuss cost functions. 3.4 Search Decisions

In the search tree depicted in Figure 3, the leftmost lea
represents no caching, while the rightmost leaf represents fi
caching. The search trees for this problem have a maximu
depth ofd, whered is the number of internal nodes in the

ow that we have chosen a cost function, we are still left with
Ivo important choices in our search algorithm: (1) which
"hild of a search tree node to expanded first, and (2) in what

rder to visit dgraph nodes during search. Expandingthe

hild first is a greedy approach, as it attempts to fully cache
Gt a dgraph node whenever possible. Results on many dif-
ferent networks have shown that in many cases, expanding
the 1—child before the)—child appears to be equal to or bet-
ter than the opposite, and it is this choice that we adopt in
our experiments. The specific order in which we visit dgraph
nodes in the search tree turns out to have an even more dra-
3.2 Cost Functions matiq effect on the efficiency of search. Even though we_mak_e

i . caching decisions on parent dgraph nodes before their chil-

The depth—first branch-and-bound (DFBnB) algorithm reqren there is still a lot of flexibility. Our experimentation on
quires a cost functiorf which assigns a cost(n) to every  many networks has shown that choosing the dgraph node
noden in the search tree. The functiof(n) estimates the  yth the largestontext(t)# is orders of magnitude more ef-
cost of an optimal solution that passes throughThe key ficient than some other basic ordering heurisfiéien and
here is thatf (n) must not overestimate that cost; OtherW'Se:DarWiche, 2002 This choice corresponds to choosing the

one loses the optimality guarantee offered by the search alggygraph node with the largest cache, and it is the one we use
rithm. We will now develop such a cost functigiin) based iy our search algorithm.

on the following observations. Since each nadepresents a
partial cache factoef, function f(n) must estimate the num- .
ber of recursive calls made ®C based on an optimal com- 4 Time-Space Tradeoff

pletion of cache factoef. Consider now the completiosf”  The main goal of this section is to present time—space tradeoff
of ¢f in which we decide to cache at each dgraph node thagurves for a number of benchmark Bayesian networks, some
cf did not make a decision on. This cache faciff is the  of which are obtained froniBayesian Network Repository,
best completion otf from the viewpoint of running time, yURL] and others are included in the distributions{Bfagin
but it may violate the constraint given on total memory. Yet,Expert, URL; GeNle, URL The main points to observe with
we will use it to computef (n) as it guarantees thai(n) will  respect to each curve is the slope of the curve, which pro-
never overestimate the cost of an optimal completionfof ~  vides information on the time penalty one pays when reduc-
One important observation in this regard is that once theng space in probabilistic inference. The second main point
caching decision is made on the ancestors of dgraph fiodejs to compare the produced curves with the time and space
we can compute exactly the number of recursive calls thatequirement of jointree methods, as the versiorR& we
will be made to dgraph node(see Equation 1). Therefore, are using provides the same functionality as these algorithms
when extending a partial cache factor, we will always insisthat is, probability of evidence and posterior marginals over
on making a decision regarding a dgraph neder which  families and variables). This baseline comparison is impor-
decisions have been made on all its ancestors. This improveant as it places our results in the context of state—of—the—art
the quality of the estimatg(n) asn gets deeper in the tree. It jnference systems.
also allows us to incrementally compute this estimate based Time—space tradeoff curves.Figures 4, 5, and 6 depict
on the estimate ot's parent in the search tree. optimal discrete time—space tradeoff curves for three net-
works. These curves were generated as follows. A join-

3.3 Pruning tree was first generated for the network using Hugifihe
As depicted by the search tree in Figure 3, there is potentially

an exponential number of goal nodes in the search tree and 'We used Hugin’s default setting: the minimum fill-in weight
the combinatorial explosion of exhaustive search can becomgeuristic in conjunction with prime component analysis.

complexity[Papadimitriou and Steiglitz, 1998lt is also an
anytime algorithm, meaning that it can always return its bes
result so far if interrupted, and if run to completion will return
the optimal solution. Hence, we will focus on developing a
depth—first branch-and—bound search algorithm.
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Figure 4: Time—space tradeoff on Alarm.
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Figure 5: Time—space tradeoff on B.

jointree was then converted into a dtree as describéDan-
wiche, 200]. The dtree was finally converted into a dgraph
as described in the full paper. Two sets of results were then

generated:
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Figure 6: Time—space tradeoff on Water.

A number of observations are in order here. First, these time—
space tradeoff curves show that the amount of memory used
by RC under full caching is very close to that required by
the Shenoy—Shafer architecture (the Hugin architecture takes
much more space). Second, the curves show that a signifi-
cant amount of memory can sometimes be reduced from full
caching with only a limited increase in the time required; in
fact, the exponential growth appears to be occurring only near
the lower extreme of no caching. The space requirement for
Water (Figure 6), for example, can be reducedi while

only increasing the running time by a factor@®fMoreover,

the space requirements for B (Figure 5) can be reduced to
about2.5% while increasing the running time by a factor of
20. Finally, we note that each optimal search for the Water
and B networks took less than two seconds, and each opti-
mal search for Alarm took less than two minutes. We stress
though that such searches need to be done only once for a
network, and their results can then be used for many further
queries.

Non—optimal tradeoffs. On some networks, the search
space is too large to solve optimally using our search algo-
rithm, but the anytime nature of the algorithm allows us to

e We computed the space requirements for jointree algointerrupt the search at any point and ask for the best result

rithms, using both the Hugifdenseret al, 1994 and
Shenoy-ShafdShafer and Shenoy, 19p@rchitectures.

obtained thus far. Figures 7 and 8 were generated by allow-
ing the search to run for an hour. Even though these curves

For the first architecture, we assumed one table for eachre not optimal, they are useful practically. For example, ac-
clique and one table for each separator. For the secording to these curves, the memory requirement of Barley
ond, we assumed two tables for each separator (no taan be reduced from abo@2 MB to about6.5 MB while
bles for cliques). We also performed propagation on theonly increasing the running time from abouto 4 minutes.

jointree using NeticéNorsys Software Corp., URland

recorded the running time.

Moreover, the space requirement of Muninl can be reduced
from about370 MB to 150 MB, while increasing the running

We then ran our search algorithm to find an optimaltime from about22 minutes to abou6 hours. Encouraged

cache factor under different memory constraints, wherdy Such results, we are planning to investigate other (non—
we generated00 data points for each curve. For each OPtimal) search methods, such as local search.

caching factor that we identified, we computed the num-
ber of recursive calls that will be made BC under that

factor and converted the calls to secoAds.

20ur Java implementation &2C on a Sun Ultral0, 440 MHz

PROBABILISTIC INFERENCE

Dtrees vs dgraphs. Running RC on a dtree takes less
space than running it on a dgraph, but produces much less

computer with256 MB of RAM, makes an average number of three
million recursive calls per second.
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Figure 8: Time—space tradeoff on Munin1. Figure 10: Time—space tradeoff on Random for computing

probability of evidence.

information (probability of evidence instead of posterior

marginals). To illustrate this difference concretely, we presenmultiple dtrees/graphs, as shown in Figures 6 and 9. One ob-
in Figure 9 two tradeoff curves for the Water network, assum-servation that we came across is that dtrees/graphs that are
ing a dtree version oRC, which require much less memory based on jointrees tend to require less memory under full
compared to the curves in Figure 6. Suppose now that weaching, but are not necessarily best for tradeoff towards the
only havel MB of memory, instead of th&.6 MB or 30.2 no caching region; see Figures 6 for an example. Yet, we
MB required by jointree algorithms, and we want to computeused such dtrees/graphs in this paper in an effort to provide a
the posterior marginals for all variables. According to Fig-clear baseline for comparison with jointree methods. If we
ure 6, we can do this i669 seconds using the dgraph version relax this constraint, however, we can obtain better trade-
of RC. The dtree version takd$.7 seconds to compute the off curves than is generally reported here, as illustrated by
probability of evidence under this amount of memory, andFigures 6 and 9. The specific way in which properties of
we would have to run iB5 times to produce all posterior a dtree/dgraph influence the quality of corresponding time—
marginals for the Water network (given variable cardinalitiesspace tradeoff curves is not very well understood, however,
in Water). and we hope to shed more light on this in future work.

Effect of dtree/dgraph on tradeoff. Our notion of op- Size of search spacdt should be noted that the difficulty
timality for tradeoff is based on a given dtree/dgraph; henceof obtaining an optimal time—space tradeoff curve on some
generating different dtrees/dgraphs could possibly lead to betietworks is not due to a large space requirement, but is due
ter time—space tradeoff curves. To illustrate this point, wemostly to the number of nodes in the Bayesian network as that
generated tradeoff curves for the Water network based ois what decides the size of search space. To further illustrate
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this point, we generated a network randomly withnodes [Darwiche, 2001 Adnan Darwiche. Recursive conditioningwrti-

(many of them non—binary$6 edges, and a width of 14. This ficial Intelligence 126(1-2):5-41, 2001.

network requires extensive memory but has a relatively smafiparwiche, 2002 Adnan Darwiche. Decomposition graphs. Tech-

number of variables. In fact, both Netica and Hugin were un- nical Report D-134, Computer Science Department, UCLA,

able to compile the network requiring ab@uGB and11 GB 2002.

respectively. We were able, however, to produce an optimglpechter and Fattah, 20pRRina Dechter and Yousri El Fattah.

time—space tradeoff curve for this network. The curve for the  Topological parameters for time-space tradesitificial Intelli-

dtree version oRCis shown in Figure 10. According to this  gence 125(1-2):93-118, 2001.

curve, we can compute the probablhty of any evidence on th'?GeNle, URL GeNile. http://www2._sis.pitt.edu/"genie/, URL.

network in about 2 hours using only abdiit MB. , , )
Related work. We close this section by a note on re- [Hugin Expert, URIL Hugin Expert. http://www.hugin.com/, URL.

lated work for time—space tradeoff in probabilistic reasoning[Jenseretal, 1994 Finn V. Jensen, Steffen L. Lauritzen, and Kris-

which takes a different approa¢bechter and Fattah, 201 tian G. Olesen. Bayesian updating in causal probabilistic net-

In this work, large separators in a jointree are removed by works by local computations.Computational Statistics Quar-

combining their adjacent clusters, which has the effect of re- €Y. 4:269-282, 1990.

ducing the space requirements of the Shenoy—Shafer architeltcarypis and Kumar, 1998George Karypis and Vipin Kumar.

ture (as we now have fewer separators), but also increasing its Hmetis: A hypergraph partitioning package.

running time (as we now have larger clusters). The tradeoffs http://www.cs.umn.edu/karypis, 1998.

permitted by this approach, however, are coarser than thog8lorsys Software Corp., URLNorsys Software Corp.

permitted byRC as discussed ifDarwiche, 2001 Further- http://www.norsys.com/, URL.

more, the secondary optimization problem of which separatpapadimitriou and Steiglitz, 19p&Christos H. Papadimitriou and

tors to remove in order to minimize running time is not ad-  Kenneth Steiglitz.Combinatorial Optimization Dover Publica-

dressed inMDechter and Fattah, 20Dfor the proposed ap- tions, Inc., 1998.

proach, as we do in this paper for tR& approach. [Shafer and Shenoy, 19p@lenn R. Shafer and Prakash P. Shenoy.
Probgbility propagation.Annals of Mathematics and Atrtificial
5 Conclusions and Future Work Intelligence 2:327-352, 1990.

CLA Automated Reasoning Group, URWUCLA  Automated
Reasoning Group. Samlam: Sensitivity Analysis, Modeling,
Inference And More. http://reasoning.cs.ucla.edu/samiam, URL.

The main contribution of this paper is a formal framework, [u
and a corresponding working system, for trading space for
time when designing probabilistic reasoning systems based
on Bayesian networks. The proposal is based on the algo-
rithm of recursive conditioning, and is accompanied with a
set of experimental results showing that a significant amount
of memory can sometimes be reduced while only incurring
a reasonable penalty in running time. The proposed frame-
work is then beneficial for designing reasoning systems with
limited memory, as in embedded systems, and for reasoning
with challenging networks on which jointree algorithms can
exhaust the system memory.

Recursive conditioning and the described time—space
tradeoff system have been implemented in JAVA in the
SAMIAM tool, which is available publicallJUCLA Auto-
mated Reasoning Group, URL
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Abstract

Particle filters are used extensively for tracking the state
of non-linear dynamic systems. This paper presents a
new particle filter that maintains samples in the state
space at dynamically varying resolution for computa-
tional efficiency. Resolution within statespace varies by
region, depending on the belief that the true state lies
within each region. Where belief is strong, resolution is
fine. Where belief is low, resolution is coarse, abstract-
ing multiple similar states together. The resolution of the
statespace is dynamically updated as the belief changes.
The proposed algorithm makes an explicit bias-variance
tradeoff to select between maintaining samples in a bi-
ased generalization of a region of state space versus in
a high variance specialization at fine resolution. Sam-
ples are maintained at a coarser resolution when the bias
introduced by the generalization to a coarse resolution is
outweighed by the gain in terms of reduction in variance,
and at a finer resolution when it is not. Maintaining sam-
ples in abstraction prevents potential hypotheses from
being eliminated prematurely for lack of a sufficient
number of particles. Empirical results show that our vari-
able resolution particle filter requires significantly lower
computation for performance comparable to a classical
particle filter.

1 Introduction

A number of problems in AI and robotics require estima-
tion of the state of a system as it changes over time from a
sequence of measurements of the system that provide noisy
(partial) information about the state. Particle filters have been
extensively used for Bayesian state estimation in nonlinear
systems with noisy measurements [Isard and Blake, 1998;
Fox et al., 1999; Doucet et al., 2001]. The Bayesian approach
to dynamic state estimation computes a posterior probability
distribution over the states based on the sequence of measure-
ments. Probabilistic models of the change in state over time
(state transition model) and relationship between the mea-
surements and the state capture the noise inherent in these
domains. Computing the full posterior in real time is often
intractable. Particle filters approximate the posterior distri-
bution over the states with a set of particles drawn from the
posterior. The particle approximation converges to the true

976

Bayesian posterior in the limit as the number of samples go to
infinity. For real-time state estimation it is impractical to have
an infinitely large number of particles. With a small number
of particles, the variance of the particle based estimate can be
high, particularly when there are a large number of possible
state transitions.

This paper presents a new particle filter, the variable res-
olution particle filter (VRPF), for tracking large state spaces
efficiently with low computation. The basic idea is to rep-
resent a set of states' rather than a single state with a single
particle and thus increase the number of states (or hypothe-
ses) that may be tracked with the same number of particles.
This makes it possible to track a larger number of states for
the same computation, but results in a loss of information that
differentiates between the states that are lumped together and
tracked in abstraction. We formalize this tradeoff in terms of
bias and variance. Tracking in abstraction at a coarser res-
olution introduces a bias over tracking at a finer resolution,
but it reduces the variance of the estimator given a limited
number of samples. By dynamically varying the resolution in
different parts of the state space to minimize the bias-variance
error, a finite set of samples are used in a highly efficient man-
ner. Initial experimental results support our analysis and show
that the bias is more than compensated for by the reduction
in variance from not eliminating potential hypotheses prema-
turely for lack of a sufficient number of particles.

2 Bayesian Filtering

We denote the multivariate state at time ¢ as X; and measure-
ments or observations as O;. As is commonly the case, we
concentrate on the discrete time, first order Markov formu-
lation of the dynamic state estimation problem. Hence, the
state at time ¢ is a sufficient statistic of the history of mea-
surements, i.e. p(X¢|Xo.1—1) = p(X¢|X¢—1) and the obser-
vations depend only on the current state, i.e. p(O¢|Xo:t) =
p(0O¢| X}). In the Bayesian framework, the posterior distribu-
tion at time ¢, p(Xo.¢|O1.¢), includes all the available infor-
mation upto time ¢ and provides the optimal solution to the
state estimation problem. In this paper we are interested in
estimating recursively in time a marginal of this distribution,
the filtering distribution, p(X¢|O1.¢), as the measurements be-

'or regions of a continuous state space
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come available. Based on the Markovian assumption, the re-
cursive filter is derived as follows:

p(Xt|01:t)
= 0 p(O| X, O1:4—1) p(X¢|O1:4—1)
Mt p(Ot|Xt) p(Xt|01:t—1)

m D(OX) [{ PO, Xi)
P(Xi—1]01:—1) } dX¢1

= nt p(O¢] Xt) /p(Xt|Xt,1) p(X; 1]01.41) dXy
)

This process is known as Bayesian filtering, optimal filter-
ing or stochastic filtering and may be characterized by three
distributions: (1) a transition model p(X|X;_1), (2) an ob-
servation model p(O¢|X}), and, (3) an initial prior distribu-
tion, p(Xp). In a number of applications, the state space is
too large to compute the posterior in a reasonable time. Par-
ticle filters are a popular method for computing tractable ap-
proximations to this posterior.

2.1 Classical Particle Filter

A Particle filter (PF) [Metropolis and Ulam, 1949; Gordon
et al., 1993; Kanazawa et al., 1995] is a Monte Carlo ap-
proximation of the posterior in a Bayes filter. PFs are non-
parametric and can represent arbitrary distributions. PFs ap-
proximate the posterior with a set of IV fully instantiated state

samples or particles, P, = {;vgll . .;vEN]} as follows:

1 & i
P(XelOre) = 5 D7 3(Xe — af) @)

i=1

where 6(.) denotes the Dirac delta function. It can be shown
that as N — oo the approximation in (2) approaches the true
posterior density [Doucet and Crisan, 2002]. In general it
is difficult to draw samples from, p(X¢|O;.); instead, sam-
ples are drawn from a more tractable distribution, ¢(.), called
the proposal or importance distribution. Each particle is as-
signed a weight, w! to account for the fact that the sam-
ples were drawn from a different distribution [Rubin, 1988;
Rubinstein, 1981]. There are a large number of possible
choices for the proposal distribution, the only condition be-
ing that its support must include that of the posterior. The
common practice is to sample from the transition probability,
p(X¢|X¢—1), in which case the importance weight is equal to
the likelihood, p(O¢| X+). The experiments in this paper were
performed using this proposal distribution. The PF algorithm
is:
set P, = PR =)
fori =1to N do

pick the i-th sample ;vgll_l € Py

draw sz] ~ p(Xt|x£zl1)

set wgi] = p(Ot|x£i])

add <x£z] ) wy]) to PR

AN N B WD
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7 end
8 fori =1to N do
9 draw a:l[ki] from Ppu*
with probability proportional to wgi]
10 add ! 1o P,
11 end

3 Variable Resolution Particle Filter

A well known problem with particle filters is that a large num-
ber of particles are often needed to obtain a reasonable ap-
proximation of the posterior distribution. For real-time state
estimation maintaining such a large number of particles is
typically not practical. However, the variance of the particle
based estimate can be high with a limited number of samples,
particularly when the process is not very stochastic and parts
of the state space transition to other parts with very low, or
zero, probability. Consider the problem of diagnosing loco-
motion faults on a robot. The probability of a stalled motor
is low and wheels on the same side generate similar observa-
tions. Motors on any of the wheels may stall at any time. A
particle filter that produces an estimate with a high variance
is likely to result in identifying some arbitrary wheel fault on
the same side, rather than identifying the correct fault.

The variable resolution particle filter introduces the notion
of an abstract particle, in which particles may represent in-
dividual states or sets of states. With this method a single
abstract particle simultaneously tracks multiple states. A lim-
ited number of samples are therefore sufficient for represent-
ing large state spaces. A bias-variance tradeoff is made to
dynamically refine and abstract states to change the resolu-
tion, thereby abstracting a set of states and generalizing the
samples or specializing the samples in the state into the indi-
vidual states that it represents. As a result reasonable poste-
rior estimates can be obtained with a relatively small number
of samples. In the example above, with the VRPF the wheel
faults on the same side of the rover would be aggregated to-
gether into an abstract fault. Given a fault, the abstract state
representing the side on which the fault occurs would have
high likelihood. The samples in this state would be assigned a
high importance weight. This would result in multiple copies
of these samples on resampling proportional to weight. Once
there are sufficient particles to populate all the refined states
represented by the abstract state, the resolution of the state
would be changed to the states representing the individual
wheel faults. At this stage, the correct hypothesis is likely to
be included in this particle based approximation at the level
of the individual states and hence the correct fault is likely to
be detected.

For the variable resolution particle filter we need: (1) A
variable resolution state space model that defines the relation-
ship between states at different resolutions, (2) an algorithm
for state estimation given a fixed resolution of the state space,
(3) a basis for evaluating resolutions of the state space model,
and (4) and algorithm for dynamically altering the resolution
of the state space.
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3.1 Variable resolution state space model

We could use a directed acyclic graph (DAG) to represent the
variable resolution state space model, which would consider
every possible combination of the (abstract)states to aggre-
gate or split. But this would make our state space exponen-
tially large. We must therefore constrain the possible com-
binations of states that we consider. There are a number of
ways to do this. For the experiments in this paper we use
a multi-layered hierarchy where each physical (non-abstract)
state only exists along a single branch. Sets of states with
similar state transition and observation models are aggregated
together at each level in the hierarchy. In addition to the phys-
ical state set { X }, the variable resolution model, M consists
of a set of abstract states {,5; } that represent sets of states and
or other abstract states.

%z{ﬁ%} 3)

Figure 1(a) shows an arbitrary Markov model and figure 1(b)
shows an arbitrary variable resolution model for 1(a). Figure
1(c) shows the model in 1(b) at a different resolution.

We denote the measurement at time ¢ as z; and the se-
quence of measurement z; . ..2; as z'. From the dynamics,
p(2¢|z¢—1), and measurement probabilities p(z¢ |z ), we com-
pute the stationary distribution (Markov chain invariant distri-
bution) of the physical states 7(zy) [Behrends, 2000].

3.2 Belief state estimation at a fixed resolution

This section describes the algorithm for estimating a distri-
bution over the state space, given a fixed resolution for each
state, where different states may be at different fixed resolu-
tions. For each particle in a physical state, a sample is drawn
from the predictive model for that state p(z¢|z¢—1). It is then
assigned a weight proportional to the likelihood of the mea-
surement given the prediction, p(z¢|z;). For each particle in
an abstract state, S;, one of the physical states, z, that it
represents in abstraction is selected proportional to the prob-
ability of the physical state under the stationary distribution,
7(x¢). The predictive and measurement models for this phys-
ical state are then used to obtain a weighted posterior sample.
The particles are then resampled proportional to their weight.
Based on the number of resulting particles in each physical
state a Bayes estimate with a Dirichlet(1) prior is obtained as
follows:

n(xy) + m(xe)

el =TT

> wlw) =1 4)

Tt

where, n(z;) represents the number of samples in the physi-
cal state z; and | N; | represents the total number of particles
in the particle filter. The distribution over an abstract state S;
at time ¢ is estimated as:

PS;12%) = D Blas]zh) 5)

thSj

978

3.3 Bias-variance tradeoff
The loss [, from a particle based approximation p(x;|z?), of
the true distribution p(z|2?) is:
[ = Ep(ae|e') — plae]z")]
= {p(w]z") — Elp(z]2")]}* +
{B(we]2")? — Elp(ae]")]}
= b(p(ae]2"))* + v(p(ze|2")) (6)
where, b(p(z¢|2?)) is the bias and v(p(x|2?)) is the variance.
The posterior belief state estimate from tracking states at
the resolution of physical states introduces no bias. But the
variance of this estimate can be high, specially with small

sample sizes. An approximation of the sample variance at the
resolution of the physical states may be computed as follows:

Plae2') [1 = pla|2")]
n(ze) + m(xy)
The loss of an abstract state S;, is computed as the weighted

sum of the loss of the physical states z; € S;, as follows?:

1(S;) = Y Blaelz") Uae) ®)

thSj

v(zy) = pa|2") (7)

The generalization to abstract states biases the distribution
over the physical states to the stationary distribution. In other
words, the abstract state has no information about the relative
posterior likelihood, given the data, of the states that it repre-
sents in abstraction. Instead it uses the stationary distribution
to project its posterior into the physical layer. The projection
of the posterior distribution p(S;|z!), of abstract state S;, to
the resolution of the physical layer p(z;|z?), is computed as
follows:

ol = T ASil) ©)

where, 7(S5;) = Ezesj m(z).

As a consequence of the algorithm for computing the pos-
terior distribution over abstract states described in section 3.2,
an unbiased posterior over physical states z; is available at no
extra computation, as shown in equation (4). The bias b(S;),
introduced by representing the set of physical states z; € S,
in abstraction as S; is approximated as follows:

b(S;) = D Bladlz") [Blaelz') —plael2")]  (10)

thSj

It is the weighed sum of the squared difference between the
unbiased posterior p(z¢|z"), computed at the resolution of the
physical states and the biased posterior p(z;|z!), computed at
the resolution of abstract state S;.

An approximation of the variance of abstract state S; is
computed as a weighted sum of the projection to the physical
states as follows:

o(S;) = D Blael2")

Tt GSj

{F(fvt) ] 2 p(S; 121 = p(S;12)]
m(S;) n(S;) + m(S;)

(1)

The relative importance/cost of the physical states may also be
included in the weight
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Figure 1: (a)Arbitrary Markov model (b) Arbitrary variable resolution model corresponding to the Markov model in (a). Circles that enclose
other circles represent abstract states. S2 and S3 and S6 are abstract states. States S2, S4 and S5 form one abstraction hierarchy, and states
S3, 86, §7, S8 and S9 form another abstraction hierarchy. The states at the highest level of abstraction are SI, S2 and S3. (c) The model in

(b) with states S4 and S5 at a finer resolution.

The loss from tracking a set of states z; € Sj, at the resolu-
tion of the physical states is thus:

I, =0+ Z v(xy)

ZtESj

12)

The loss from tracking the same set of states in abstraction as
S;is:

l, = b(Sj) + U(Sj) (13)

There is a gain in terms of reduction in variance from gener-
alizing and tracking in abstraction, but it results in an increase
in bias. Here, a tradeoff between bias and variance refers to
the process of accepting a certain increase in one term for a
larger reduction in the other and hence in the total error.

3.4 Dynamically varying resolution

The variable resolution particle filter uses a bias-variance
tradeoff to make a decision to vary the resolution of the state
space. A decision to abstract to the coarser resolution of ab-
stract state S;, is made if the state space is currently at the
resolution of states S;, and the combination of bias and vari-
ance in abstract state S, is less than the combination of bias
an variance of all its children S;, as shown below:

b(S;) +v(S;) < > [b(Si) + v(S54)]
Sie{children(S;)}

(14)

On the other hand if the state space is currently at the reso-
lution of abstract state S;, and the reverse of equation (14) is
true, then a decision to refine to the finer resolution of states
S; is made. The resolution of a state is left unaltered if its
bias-variance combination is less than its parent and its chil-
dren. To avoid hysteresis, all abstraction decisions are con-
sidered before any refinement decisions.

Each time a new measurement is obtained the distribution
of particles over the state space is updated. Since this alters
the bias and variance tradeoff, the states explicitly represented
at the current resolution of the state space are each evaluated
for gain from abstraction or refinement. Any change in the
current resolution of the state space is recursively evaluated
for further change in the same direction.
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4 Experimental results

The problem domain for our experiments involves diagnos-
ing locomotion faults in a physics based simulation of a six
wheel rover. Figure 2(a) shows a snapshot of the rover in the
Darwin2K [Leger, 2000] simulator.

The experiment is formulated in terms of estimating dis-
crete fault and operational modes of the robot from contin-
uous control inputs and noisy sensor readings. The discrete
state, x;, represents the particular fault or operational mode.
The continuous variables, z;, provide noisy measurements of
the change in rover position and orientation. The particle set
P, therefore consists of NV particles, where each particle :ULZ]
is a hypothesis about the current state of the system. In other
words, there are a number of discrete fault and operational
states that a particle may transition to based on the transition
model. Each discrete fault state has a different observation
and predictive model for the continuous dynamics. The prob-
ability of a state is determined by the density of samples in
that state.

The Markov model representing the discrete state transi-
tions consists of 7 states. As shown in figure 2(c) the normal
driving (ND) state may transition back to the normal driv-
ing state or to any one of six fault states: right front (RF),
right middle (RM), right rear (RR), left front (LF), left mid-
dle (LM) and left rear (LR) wheel stuck. Each of these faults
cause a change in the rover dynamics, but the faults on each
side (right and left), have similar dynamics.

Given that the three wheels on each side of the rover have
similar dynamics, we constructed a hierarchy that clusters the
fault states on each side together. Figure 2(d) shows this hier-
archical model, where the abstract states right side fault (RS),
and left side fault (LS) represent sets of states {RF, RM, RR}
and {LF, LM, LR} respectively. The highest level of abstrac-
tion therefore consists of nodes {ND, RS, LS}. Figure 2(e)
shows how the state space in figure 2(d) would be refined if
the bias in the abstract state RS given the number of parti-
cles outweighs the reduction in variance over the specialized
states RF, RM and RR at a finer resolution.

When particle filtering is performed with the variable reso-
lution particle filter, the particles are initialized at the highest
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Figure 2: (a) Snapshot from the dynamic simulation of the six wheel rocker bogie rover in the simulator, (b) An example showing the normal
trajectory (ND) and the change in the same trajectory with a fault at each wheel. (c) Original discrete state transition model. The discrete
states are: Normal driving (ND), right and left, front, middle and rear wheel faulty (RF, RM, RR, LF, LM, LR) (d) Abstract discrete state
transition model. The states, RE, RM and RR have been aggregated into the Right Side wheel faulty states and similarly LF, LM and LR into
Left Side wheel faulty states (RS and LS). (e) State space model where RS has been refined. All states have self transitions that have been

excluded for clarity.

level in the abstraction hierarchy,i.e. in the abstract states ND,
RS and LS. Say a RF fault occurs, this is likely to result in a
high likelihood of samples in RS. These samples will mul-
tiply which may then result in the bias in RS exceeding the
reduction in variance in RS over RF, RM and RR thus favor-
ing tracking at the finer resolution. Additional observations
should then assign a high likelihood to RF.

The model is based on the real-world and is not very
stochastic. It does not allow transitions from most fault states
to other fault states. For example, the RF fault does not tran-
sition to the RM fault. This does not exclude transitions to
multiple fault states and if the model included multiple faults,
it could still transition to a “RF and RM” fault, which is dif-
ferent from a RM fault. Hence, if there are no samples in
the actual fault state, samples that end up in fault states with
dynamics that are similar to the actual fault state may end up
being identified as the fault state. The hierarchical approach
tracks the state at an abstract level and does not commit to
identifying any particular specialized fault state until there is
sufficient evidence. Hence it is more likely to identify the
correct fault state.

Figure 3(a) shows a comparison of the error from moni-
toring the state using a classical particle filter that tracks the
full state space, and the VRPF that varies the resolution of
the state space. The X axis shows the number of particles
used, the Y axis shows the KL divergence from an approxi-
mation of the true posterior computed using a large number of
samples. 1000 samples were used to compute an approxima-
tion to the true distribution. The KL divergence is computed
over the entire length of the data sequence and is averaged
over multiple runs over the same data set 3. The data set in-
cluded normal operation and each of the six faults. Figure
3(a) demonstrates that the performance of the VRPF is su-

*The results are an average over 50 to 5 runs with repetitions
decreasing as the sample size was increased.

980

perior to that of the classical filter for small sample sizes. In
addition figure 3(b) shows the KI-divergence along the Y™ axis
and wall clock time along the X axis. Both filters were coded
in matlab and share as many functions as possible.

5 Discussion and Future Work

This paper presents a novel approach for state abstraction in
particle filters that allows efficient tracking of large discrete,
continuous or hybrid state spaces. The advantage of this ap-
proach is that it makes efficient use of the available computa-
tion by selecting the resolution of the state space based on an
explicit bias-variance tradeoff. It performs no worse than a
classical particle filter with an infinite number of particles *.
But with limited particles we show that its performance is
considerably superior. The VRPF does not prematurely elim-
inate potential hypotheses for lack of a sufficient number of
particles. It maintains particles in abstraction until there are a
sufficient number of particles to provide a low variance esti-
mate at a lower resolution.

The VRPF generalizes from current samples to unsampled
regions of the state space. Regions of the state space that had
no samples at time ¢ may acquire samples at time ¢ + 1 on
abstraction. This provides additional robustness to noise that
may have resulted in eliminating a likely hypothesis. [Koller
and Fratkina, 1998] addresses this by using the time ¢ sam-
ples as input to a density estimation algorithm that learns a
distribution over the states at time ¢t. Samples at time ¢ + 1 are
then generated using this generalized distribution. [Ng erf al.,
2002] uses a factored representation to allow a similar mix-
ing of particles. The VRPF uses a bias-variance tradeoff to
generalize more selectively and efficiently.

We have presented the variable resolution particle filter for
a discrete state space. We plan to extend it to a continuous

“There is a minor overhead in terms of evaluating the resolution
of the state space
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Figure 3: Comparison of the KL divergence from the true distribution for the classical particle filter and the VRPF, against (a) number of

particles used, (b) wall clock time.

state space where regions of state space, rather than sets of
states are maintained at different resolutions. A density tree
may be used for efficiently learning the variable resolution
state space model with abstract states composed of finitely
many sub-regions.

The VRPF makes efficient use of available computation
and can provide significantly improved posterior estimates
given a small number of samples. However, it should not
be expected to solve all problems associated with particle im-
poverishment. For example, it assumes that different regions
of the state space are important at different times. We have
generally found this to be the case, but the VRPF does not im-
prove performance if it is not. Another situation is when the
transition and observation models of all the states are highly
dissimilar and there is no possibility for state aggregation.
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Abstract

There have been many proposals for first-order be-
lief networks (i.e., where we quantify over individ-
uals) but these typically only let us reason about the
individuals that we know about. There are many
instances where we have to quantify over all of the
individuals in a population. When we do this the
population size often matters and we need to rea-
son about all of the members of the population (but
not necessarily individually). This paper presents
an algorithm to reason about multiple individuals,
where we may know particular facts about some of
them, but want to treat the others as a group. Com-
bining unification with variable elimination lets us
reason about classes of individuals without needing
to ground out the theory.

1 Introduction

Belief networks or Bayesian networks [Pearl, 1988] are a pop-
ular representation for independencies amongst random vari-
ables. They are, however zeroth-order representations; to rea-
son about multiple individuals, we have to make each property
of each individual into a separate node.

There have been proposals to allow for ways to lift belief
networks to a first order representation. The first tradition
[Breese, 1992; Horsch and Poole, 1990; Wellman, Breese and
Goldman, 1992] essentially allowed for parameterized belief
networks, which could be grounded for each individual. The
second tradition [Poole, 1993; Koller and Pfeffer, 1998; Pfef-
fer, Koller, Milch, and Takusagawa, 1999] allowed for richer
first order probabilistic representations that have belief net-
works as special cases. In all of these the only individuals
assumed to exist are those that we know about.

There are many cases where we want to reason about a set
of individuals as a group. We’d like avoid explicit reasoning
about each individual separately. There was a great advance
in theorem proving in the 1960s with the invention of of reso-
lution and unification [Robinson, 1965]. The big advance was
that doing resolution on clauses that contain free variables
implements a potentially unbounded number of resolutions
on the grounded representation. The goal of the current work
is to allow for similar savings in probabilistic reasoning.
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Probabilistic reasoning is more challenging than logical rea-

soning for a number of reasons:

* We have to use all of our information when making a
probabilistic inference; new information can change old
conclusions.

* We don’t want to double count evidence. If we have
some probabilistic information about all people and we
use it for one particular individual, say Fred, then we
can’t reuse that information for Fred.

 There are cases where the size of the domain affects the
probability. In the example developed below, determin-
ing the probability that a person is guilty of a particular
crime depends on the population; the population size af-
fects the number of other people who could be guilty.

The following example shows why we may need to reason

about the individuals we don’t know about as well as the indi-
viduals we do know about and shows why we need to consider
population size.

Example 1 A person in a town was seen committing a crime.
This person had the same (unusual) hair colour and car colour
as Joe (both purple) and the person was very tall and we know
Joe has big feet (and being tall is correlated with having big
feet). What is the probability that Joe is guilty? We need to
model the probabilities of the observations and their depen-
dence, which would lead us to consider belief networks as a
representation. The probability Joe is guilty also depends on
the population. If the population of the town is very small
then he is probably guilty (as it is unlikely there is anyone else
fitting this description). If the town was a city containing a
large number of people then he is probably innocent (as we
would expect many other people to also fit this description).

This example points to a number of features that have been

ignored in first-order probabilistic models. Not only do we
need to take population sizes into account but we need to be
able to reason about the individuals we know about as well
as the individuals who we know exist, but we don’t know
anything particular about. We don’t have to ground out our
theory and reason about millions of people in a city separately,
but we also cannot ignore the relevant information about the
people we know something about.

2 Representation

We assume that the domain is represented as a parametrized
belief network, where the nodes are parametrized with
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domain-restricted types (or populations). Such an idea has
been explored previously [Horsch and Poole, 1990; Kersting
and De Raedt, 2000], and is similar to the plates of Buntine
[1994]. We will not dwell on the semantics in this paper. We
just assume that the program means the grounding: the sub-
stitution of constants for each individual in the domain of a
parameter.

This paper is explicitly Bayesian. In terms of the first-order
probability of Halpern [1990], the probabilities are all degrees
of belief, not statistical assertions about proportions of a pop-
ulation. We are not quantifying over random individuals (as
does Bacchus [1990]), but over all individuals (i.e., with stan-
dard universal quantification). All of the individuals about
which we have the same information have the same probabil-
ity. It is this property that we exploit computationally.

This paper is built on two different traditions, namely that
of logic programming and theorem proving on one side and
that of probabilistic reasoning on the other side. Unfortu-
nately they use the same terms or notations (e.g., “variable”,
“domain”, “=") for very different things (or at least they are
used in very different ways in this paper). In order to avoid
confusion, we use neutral terms, but use the traditions of the
different communities as appropriate.

A population is a set of individuals. A population corre-
sponds to a domain in logic. The cardinality of the population
is called the population size. For example, the population
may be the set of people living in Vancouver, and the popula-
tion size is 2 million people. The population size can be finite
or infinite.

We allow for random variables to be parametrized, where
parameters start with an upper case letter and constants start
with a lower case letter. Parameters correspond to logical vari-
ables (e.g., as a variable in Prolog). All of the parameters are
typed with a population. A parametrized random variable is
of the form f(¢1, . .., fx) where f is a functor (either a function
symbol or a predicate symbol) and each ¢; is a parameter or a
constant. Each functor has a set of values called the range of
the functor.

Examples  of  parametrized random  variables
are  hair_colour(X), likes(X,Y), likes(joe, X)  or
town_conservativeness (the latter being a functor of no argu-
ments), where hair_colour, likes and town_conservativeness
are functors.

Given an assignment of a constant to each parameter,
a parametrized random variable represents a random vari-
able. For example, suppose hair colour has range {black,
blond, red, grey, purple, orange, none, multicoloured}. Then
hair_colour(sam) is a random variable with domain {black,
blond, red, grey, purple, orange, none, multicoloured}. Thus
a parametrized random variable represents a set of random
variables, one for each parameter assignment. Different pa-
rameter assignments for the variables in a parametrized ran-
dom variable result in different random variables; for ex-
ample, hair_colour(fred) is a different random variable to
hair_colour(joe).

A parametrized primitive proposition is an expression
of the form ¢ = v, which means that parametrized random
variable ¢ has value v. A parametrized proposition is built
from the parametrized primitive propositions using the normal
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own_conservativeness

hair_colour(X /
height(X)

Y

X:person

Figure 1: Robbing example parametrized belief network (Ex-
ample 2) using plates and parametrized random variables.

logical connectives.
A probabilistic assertion is of the form:
VX1 :dy,...,VXy :dy; C— P(a|B) =p
where X; are parameters, d; are populations, C is a set of
inequality constraints on X1, . . . , X, o and § are parametrized
propositions using only the parameters X1, . . ., X, p specifies
a probability distribution over «. We omit the corresponding
syntactic constructs when k = 0, C = {} or B = true.
A parametrized belief network consists of
* a DAG where the nodes are parametrized random vari-
ables,
* an association of a population to each parameter,
* an assignment of a range to each functor,
* a set of probability assertions for each node given its
parents.
Example 2 To formalize Example 1, consider the
parametrized belief network of Figure 1. Here we have
shown it using the platesl [Buntine, 1994] as well as
with parametrized random variables. We assume that the
hair-colour of the different people are not independent; they
depend on how conservative the town is. Associated with this
network are conditional probabilistic assertions such as 2:
P(conservative) = 0.7
VX : person; P(guilty(X)) = 0.0000001
VX : person; P(very_tall(X)|male(X)) = 0.1
VX : person; P(hair_colour(X)=purple|
conservative) = 0.001
If we knew as background knowledge that sam was an ex-
ception and has purple hair with probability 0.5, we would
replace the last probabilistic assertion with:
VX : person; X # sam —

P(hair_colour(X)=purple|conservative) = 0.001

Here we use plates just as a visual help; the real meaning is as
probabilistic assertions. The plates get difficult to interpret when
there are complex interactions between the parameters, but we can
always interpret these as probabilistic assertions.

We use conservative as an  abbreviation  for
town_conservativeness = conservative, male(X) as an abbreviation
for sex(X) = male and very_tall(X) for height(X) = very_tall.
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P(hair_colour(sam)=purple) = 0.5
(We will not use this in our continuing example).

A grounding of a parametrized belief network is a belief
network that consists of all instances of the parametrized ran-
dom variables where each parameter is replaced by an in-
dividual in the population (or a ground term denoting that
individual).

Intuitively, a parametrized belief network represents a huge
belief network where the parametrized random variables are
repeated for each individual in the population associated with
the parameter for which the constraint is true. The above
example, if there were 10,000 people, would represent a belief
network with 60,001 nodes.

3 First order variable elimination

The problem that we consider is: given a parametrized belief
network, a set of observations, and a (possibly parametrized)
query to determine the conditional probability of the instances
of aquery given the observations. We assume that the evidence
is a conjunction of existentially quantified parametrized prim-
itive propositions.

We consider the problem of parametric probabilistic infer-
ence in two stages: first, where every parameter that appears
in the parents of a node also appears in the node and where the
observations are variable-free. In this case, when we ground
out the theory, each random variable only has a limited number
of parents. In Section 3.5 we present the second case where
we have parents that contain extra parameters; in this case we
need a way to aggregate over populations. That section also
considers existential observations and queries.

The algorithm is based on variable elimination, VE, [Zhang
and Poole, 1996], where we eliminate the non-observed non-
query random variables one at a time. For first-order VE
(FOVE) we eliminate all the instances of a functor at once>.

There is a strong relationship between this work and lifting
in theorem proving [Chang and Lee, 1973]: given a ground
proof procedure, construct a proof procedure with logical vari-
ables (or in our case with parametrized random variables). In
general, correctness can be shown by proving that we get the
same answer as if we first grounded the theory and then carried
out variable elimination. See Figure 2.

3.1 Parametric Factors

In VE, a factor is the unit of data used during computation.
A VE factor is a function from a set of random variables into
a non-negative real number. The initial factors are the condi-
tional probabilities. The main operations are multiplying fac-
tors and summing out random variables from factors. After
conditioning on the observed random variables and summing
out the non-observed, non-query random variables, we can
extract posterior probabilities from the remaining factors by
multiplying them and normalizing the remaining factor.

In first-order variable elimination, we use a generalization
of a factor where we want to treat the many instances of factors

3In general, we can potentially eliminate some instances of a func-
tor, but not necessarily all instances, and leave the other instances to
be eliminated later. In this paper we will only do this when eliminat-
ing all instances except for a query instance.
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FOVE

Parametrized Parametrized
Belief Network Posterior
ground ground

. VE .
Belief Network —» Posterior

Figure 2: We design FOVE so that we get the same answer as
if we had grounded the representation and carried out variable
elimination.

as a unit. We only instantiate parameters when we need to. In
general we reason with all of the individuals (except the ones
that we know extra information about) as a unit.

A parametric factor or parfactor is a triple (C, V,1)
where C is a set of constraints on parameters, V is a set of
parametrized random variables and 7 is a table representing a
factor from the random variables to the non-negative reals.

Intuitively the parametric factor represents all of the ground
instances of the factor where the instantiation of the parameters
satisfies the constraints.

Example 3 A parametric factor that represents one of the con-
ditional probability tables of Figure 1 is:
{{}, {hair_colour(X), conservativeness}, t)

where  is the table that represents a function from hair_colour
and conservativeness into non-negative numbers. ¢ is not in-
dexed by X. f looks like:

hair_colour conservativeness \ Val

purple conservative 0.001
purple liberal 0.01
blue conservative 0.1
blue liberal 0.05

When there are two instances of the same parametrized ran-
dom variable in V; in this case we need to mark the random
variable in the table to distinguish these instances.

Example 4 Suppose that whether person X is a friend of Y
depends on whether X likes Y and whether Y likes X. There are
two distinct cases here, the first is when X = Y, in which case
friends(X, Y) has one parent, and the second is when X # Y,
in which case friends(X, Y) has two parents. To represent this,
we could use

({}, {friends(X, X), likes(X, X)}, t1)

({X # Y}, {friends(X, Y), likes1 (X, Y), likes> (Y, X)}, t2)
where the subscripts in likes; and likesy represent different
instances of likes in table #,. That is, 1> is a factor on friends,
likes1 and likesy. When we eliminate all of the likes relation-
ships, we have to consider likes| and likes;.

3.2 Splitting

The foundation of parametric variable elimination is the split-
ting operation. Splitting plays the analogous role to applying
substitutions in theorem proving, except that we not only have
to be concerned about the instance created, but also about the
instances left over.
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Definition 1 Suppose parametric factor (C, V, t) contains pa-
rameter X. A split of (C, V,t) on X = y, where y is either a
constant or another parameter, and C does not contain X # y
(or y # X), results in the two parametric factors:

(CIX/y1, VIX/v], 1)

{X#yluc, v,
where V[X/y] is the same as V, but with y replacing every
instance of X (i.e., we substitute y for X). The second para-
metric factor is called a residual parametric factor.

A substitution is of the form {X; /71, ..., Xi/tx} where the
X; are distinct variables and the #; are terms. We assume that all
substitutions are in normal form: #; does not contain X; for any
i and j. The substitutions resulting from standard unification
algorithms are in normal form [Chang and Lee, 1973]. If a
substitution is in normal form, we get the same result from
replacing each X; by the corresponding #; sequentially (in any
order) or in parallel.

Instead of just applying substitutions as in normal theorem
proving, we need to split. The general idea is that whenever
applying a substitution to a parfactor restricts the set of ground
instances, we need to split the parfactor. We don’t need to
split when just renaming variables or substituting a value for
a variable that doesn’t appear in the parfactor.

We can split a parfactor ¢ on substitution 6, by totally
ordering the elements of the substitution®, {(X1/t1, ..., Xk /tx},
by carrying out the following procedure which results in a final
instance of ¢ and a set of residual parfactors:

For i from 1 to k
If X; is a variable in ¢
then if #; is a variable in ¢ or #; is not a variable
then split¢p on X; = ¢;
else replace all occurrences of X; by #;;
t; becomes a variable of ¢.
Note that the final value of ¢ is the same as if we had applied
the substitution to ¢, but we also create residuals.
There is a close relationship between the splitting on equal-

ity in this paper and the splitting on the value of a variable in
contextual variable elimination [Poole and Zhang, 2003].

3.3 Observations

When we observe a ground value, we carry out the analogous
operation to VE. We project the tables onto the observed val-
ues. However we must first split to ensure that we only affect
the appropriate ground variables.
Example 5 If we condition on the fact that Joe has purple hair,
a purple car, and a shoe size of 12, we now reason separately
about Joe than we do about the other individuals who can be
treated as a group.
The parametric factor of example 3 becomes the two para-

metric factors:

({}, {conservativeness}, t’)

({X # joe}, {hair_colour(X), conservativeness}, t)
with the same ¢ as above, and ¢ is t where we select
hair_colour = purple and project onto conservativeness.

4The total order does not affect the instance created but does affect
which residuals are created.
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3.4 Multiplying Parametric Factors

In VE, when we eliminate a variable, we multiply all of the
factors that contain that variable then sum out the variable
from the resultant factor.

As in variable elimination, we need to multiply the factors
that contain the variable to be eliminated. In parametric vari-
able elimination, given two parametric factors, some instances
may need to be multiplied, and some instances may not. Also,
the dimension of the resulting factors can be different for dif-
ferent instances.

The product of two parametric factors, in general, results in
a set of parametric factors. Intuitively, we keep splitting the
parametric factors (and renaming parameters) until we can
guarantee that we get parametric factors that, if grounded,
result in the same factors as if we were to first ground the
factors and then multiply.

Determining which parfactors to multiply

Suppose there are two parfactors ¢1 = (C1, {p1} U V1, #1) and
¢ = (Ca, {p2} U V2, 1), with variables renamed to be differ-
ent, where p| and p» are unifiable instances of p(X1, ..., Xi),
where p is to be eliminated. Let 0 = mgu(p;, p2). We will
split ¢»; on 6 and split ¢, on 6, putting all the residuals in the set
® of all parfactors. All instances of the resulting non-residual
parfactors would be multiplied in VE.

The following abstract example is designed to show what
needs to be considered when multiplying parfactors. It isn’t
meant to be meaningful.

Example 6 Suppose we were to eliminate p and multiply the
two parametric factors:

(L X, @), q(Y, 0),s(X, )}, 11) (D

({W #d}, {p(b, 2),q(W,T), r(W, T}, 12) 2)
If we were to ground the parameters some of the instances of
these would be multiplied in VE and some of them wouldn’t.
Unification finds the most general instances that are identical.
We unify p(X, a) and p(b, Z) resulting in the substitution
0 ={X/b,Z/a}.
We can split parametric factor (1) on 6 resulting in

{1 {p,a),q(Y, ), s(b, V)}, t1) 3)
({X # b}, {p(X,a),q(Y,c),s(X, Y)}, 11) “)
Parametric factor (4) is a residual parametric factor. No in-
stance of parametric factor (4) ever needs to be multiplied by
any instance of parametric factor (2) when eliminating p and
doesn’t participate further in the product.
Similarly, we can split (2) on 6 resulting in:
{W #d} {pb,a),q(W,T), r(W,T)}, 1) 4)
({Z #a,W#d},{pb,2),qW,T), r(W,T)}, 12)

(6)
Parametric factor (6) is a residual factor and doesn’t partici-
pate further in the elimination of p. All instances of (3) and
(5) would be multiplied together when eliminating p(b, a) in
variable elimination.

Determining the dimensionality of the product

In Example 6, all instances of parametric factors (3) and (5)
would be multiplied if we were to ground parametric factors
(1) and (2) and carry out VE. However, not all of the product
factors have the same dimension; some have two different ¢
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instances, and some have one. We need to do more splitting
to ensure that all of the products have the form of parametric
factors.

Suppose we have parfactors ¢’ = (C', V', 1) and ¢" =
(C”, V", ") that need to be multiplied. If for all p’ € V' and
for all p” € V”, either p’ and p”’ are identical or non-unifiable
orif mgu(p’, p”) is incompatible with the constraints, we know
that all instances of their product has the same dimension. If
there is ap’ € V' and p” € V” that are not identical but unify
with mgu consistent with C" and C”, we can split ¢’ and ¢” on
mgu(p’, p”). The resulting instances and residuals either have
identical instances of p" and p” or non-unifiable instances. We
then multiply each instance created from ¢’ by each instance
created from ¢”.

When we know all the instances ¢’ = (C’ VLY ) and ¢" =
<C "Vt ) have the same dimension, we create the parfactor
(C/ uc”,vvuv’ ¢ @ t”) where ¢’ ® 1" is the product of the
tables for ¢’ and t” where we maintain one dimension for each
member of V/ U V”. Thus, those members in common in V’
and V” are treated as the same variable in the product, but
those members that don’t unify, even with the same functor,
in V" and V" are treated as different variables in the product
table.

Example 7 When we need to multiple parfactors (3) and
(5), we notice that q(Y, ¢) and g(W, T) unify (with unifier
{W/Y,T/c}). We thus split parametric factor (5) on T = c,
and rename W to Y, replacing (5) with:
(Y #d}, {pb,a),q(Y,c), r(Y, o)}, 02) (7
(W #d, T #c}, {pb,a),q(W,T), r(W,T)}, 1) (8)
We can now multiply parametric factors (3) and (7) producing:
({Y #d} {p(b,a),q(Y,c), r(Y,c),s(X,Y)}, t1 ® 12)

€))
where 11 ® fp is the product of factors. Parametric factor
(9) represents all of the factors of dimension four created by
multiplying factors that are instances of parametric factors (1)
and (2).
We also multiply parametric factors (3) and (8) producing:
(W #d, T #c}, {pb,a),qi(Y, c),s(X, Y),

W, T), r(W,T)}, 1] ®15) (10)
where 7] is the factor 71, but with ¢ labelled as g1 and ) is the
factor 1, but with ¢ labelled as ¢». Thus 7] ® ) is a factor
onp, qi, S, q2, r. Parametric factor (10) represents all of the
factors of dimension five created by multiplying factors that
are instances of parametric factors (1) and (2).

While this may seem very complicated, remember that para-
metric factor (10) represents m~(m — 1?2 factors (assuming
that all populations have size m). Even if m is 10, this is 8100
factors.

When we have multiplied all of the appropriate parfactors
we are ready to sum out the variables being eliminated. We
must remember that when we are eliminating p(X1, ..., X),
we are not just eliminating one random variable, but we are
eliminating a number of variables equal to the product of the
population sizes of X1, ..., X;. If some parameters only ap-
pear in the parametrized random variable that is being elimi-
nated, in the grounding we are multiplying the number of fac-
tors equal to the effective population size of those parameters.
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To eliminate instances of p(Xq, ..., X) from multiset ® of
parfactors:
while there are parfactors ¢; = (C1, V1, #1) and
¢ =(C2, V2, 0)in ®
(with variables renamed to be different)
such that Vi = {p1} U V] and V; = {p2} U V; and
p1 and py are instances of p(Xi, ..., Xi) that unify
and 0 = mgu(py, p2) is consistent with C1 and C, {
remove ¢ and ¢, from P;
split ¢ on 6 with residuals going into ®;
split ¢ on 6 with residuals going into ®;
let ®; = {¢1}, P2 = {¢2};
while 3¢’ =(C', {p'}U V', 1) € d; and
¢// — <C”, {p//} U V//, t//) c CD2 and
¢’ and ¢" are not identical and
0" = mgu(¢’, ¢"") and
0’ is consistent with C’ and C” {
split ¢’ on &’ putting result and
residuals in ®q;
split ¢” on 6’ putting result and
residuals in ®5;

}

for every (C', V', 1) € ®; and (C", V", ") € ®, {
add (C'UC", VUV I @1")to ®
}

}
for every (C, {p'} UV, 1) €
where p’ is an instance of p(X, ..., Xi) {
let m be the effective population size of
the parameters in p’ not in V

replace <C, {(pPIuvVv, t> with <C’, v, (Zp, t)’"> in ®
where C’ is C restricted to the parameters in V

}

Figure 3: Eliminating all instances of functor p

The effective population size is the product of the populations
of the parameters less the number excluded by the constraints.
Thus we have to take each element in the table and put it to
the power of the effective population size.

3.5 Aggregation over populations

When we have parameters in the parents of a node and not in
the node itself, the number of parents grows with the popula-
tion size, and we need to specify how a node is a function of
its parents. There are many possibilities, such as a node being
the “logical or” of it’s parents, the “logical and”, the max of
its parents, the average if its parents, true iff greater than k
of its parents are true, or the vote of its parents (according to
some voting scheme, for example when the majority wins), or
some other function. Zhang and Poole [1996] give an analysis
where there is an arbitrary associative and commutative oper-
ator between the parents. In order to make the presentation
simpler, in this paper we assume that the operator is a logical
“or” [Diez and Galén, 2002]. It is straightforward to use the
techniques of Zhang and Poole [1996] to extend this to other
operators.
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We can transform the problem into one of the form p(Z)
with parents ¢(Z, X), where p is the “logical or”, over all of
the X values.

To eliminate ¢, we multiply all of the compatible clauses
that contain ¢, and as we eliminate each g we accumulate
the probability over the g’s (as in [Diez and Galan, 2002;
Zhang and Poole, 1996]). The only difference is when there
is a free (perhaps with inequality constraints) parameter in the
X’s. In this case we need to do the “or” over the effective
population size. We can determine the effective population
size by determining the effective population size of each free
parameter by subtracting the number of excluded values from
the population (e.g., if we have X # a and X # b with a
population size of 10, we have an effective population size of
10-2=8) and multiplying by the effective populations of all of
the free parameters.

If we have an effective population size of m and each one
contributes a probability of p then, assuming they are all inde-
pendent, the probability that they are all false is (1 — p)™. So
the probability that at least one is true (i.e., the logical “or”
is 1 — (1 — p)™. If the effective population size is countably
infinite, the probability that at least one is true is 1 if p > 0
andisOif p = 0.

However, we cannot assume the instances of the ¢’s are in-
dependent. They are only dependent if they either have (1) a
common ancestor in the grounding or (2) a common observed
descendent. If we condition on the observation after elimi-
nating the ¢’s, we can get around the second condition. The
only way that the ¢’s can have a common ancestor is if there is
an ancestor that doesn’t involve one of the parameters. If we
make sure that we eliminate the ¢’s before we eliminate the
common ancestors that separate the other common ancestors,
then we can just use the equation above that assumes inde-
pendence. Effectively we are doing the logical “or” for each
value of the ancestors, and we know they are independent for
each value of the ancestors.

If we have an existential observation or query (e.g., condi-
tioning on the fact that someone who fits a certain description
is guilty), we need to construct the “or” and either condition
on or query the resulting node.

Example 8 Let’s return to Example 1 (see Figure 1). Suppose
that as well as observing the hair-colour, car-colour, and shoe
size of Joe, we also observed that there exists a person who is
guilty and fits a certain description of hair-colour, car-colour,
height. This is depicted in Figure 4.

Suppose we want to compute whether Joe is guilty given
Joe’s hair-colour, car-colour and shoe size and given the wit-
ness description. We can first instantiate all of the observed
random variables except the witness observation. This splits
off joe as a special case. We can now eliminate all of the ran-
dom variables except for town_conservativeness, guilty(joe),
descn(X) (for X = joe and X # joe) and witness. This results
in two parametric factors:

{3}, {guilty(joe), descn(joe), conservativeness}, t1)
{{X # joe}, {descn(X), conservativeness}, t)

We can now eliminate descn(X) for X # joe and notice that
the instances are independent given conservativeness. This
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Cdescn(X) 2

X:person, X#joe

Figure 4: Robbing example with the witness observation.

results in the parametric factor:
{}, {guilty(joe), witness, conservativeness}, t3)

We can now sum out conservativeness and condition on
witness and end up with a parametric factor

({}. {guilty(joe)}, 1)

We can now determine the probability that Joe is guilty from
normalising #4. If we were to carry out this computation leav-
ing the population as a parameter, the probability of guilty(joe)
can be computed as a function of the population. We get a re-
sult that looks like Figure 5. The graph has this shape because
it is the linear combination of exponential functions (for each
value of fown_conservativeness we have an exponential dis-
tribution).

4 Conclusion

This paper has made three main contributions:

* away to doinference over populations without grounding
out the theory and a way to use unification, where as
well as the unifiers we also need to take into account the
residuals;

* the idea that we need to take population size into account
when we have aggregation over populations either as part
of the model or as an observation; and

* a way to handle existential observations where we know
someone exists but don’t know who it is.

This paper extends the inference in object-oriented Bayesian
networks [Pfeffer et al., 1999] where the reasoning with
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Figure 5: Probability of guilty(joe) for various populations.

generic class models corresponds to reasoning with free pa-
rameters in this paper. They do not use the power of unification
as in this paper.

This paper contradicts the pessimistic conclusions of Jaeger
[2000], but not the results. While in the worst case we may
effectively ground the representation, in many cases we can
do much better. How much we save in practice is still an open
question.

There are still a number of open questions:

* What are good elimination orderings? We don’t have to
eliminate all instances of a functor at once.

* How to utilize other combination rules (apart from “or”).
While the description here was in terms of noisy-or [Diez
and Galdn, 2002] or inter-causal independencies [Zhang
and Poole, 1996], the actual use of splitting is much
closer to the work on contextual independence [Poole
and Zhang, 2003].

* We are interested in combining the work in this paper
withricherlanguages (e.g., Poole [1993]), where much of
the power comes from mixing contextual independence
and free variables and allowing for function symbols and
recursion.

* It is also interesting to think about combining this with
MCMC [Pasula and Russell, 2001], however it may not
be straightforward because we are representing a set of
individuals as a unit (and so are completely dependent),
which may cause problems when we separate one indi-
vidual from the class and reason about that individual
separately.
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Abstract

Intelligent agents must function in an uncertain world,
containing multiple objects and relations that change
over time. Unfortunately, no representation is currently
available that can handle all these issues, while allowing
for principled and efficient inference. This paper ad-
dresses this need by introducing dynamic probabilistic
relational models (DPRMs). DPRMs are an extension
of dynamic Bayesian networks (DBNs) where each time
slice (and its dependences on previous slices) is repre-
sented by a probabilistic relational model (PRM). Parti-
cle filtering, the standard method for inference in DBNSs,
has severe limitations when applied to DPRMs, but we
are able to greatly improve its performance through a
form of relational Rao-Blackwellisation. Further gains
in efficiency are obtained through the use of abstrac-
tion trees, a novel data structure. We successfully apply
DPRMs to execution monitoring and fault diagnosis of
an assembly plan, in which a complex product is gradu-
ally constructed from subparts.

Introduction

human beings. This paper addresses these two problems by
introducing an extension of DBNs that exposes the domain’s
relational structure, and by developing methods for efficient
inference in this representation.

Formalisms that can represent objects and relations, as op-
posed to just variables, have a long history in Al. Recently,
significant progress has been made in combining them with a
principled treatment of uncertainty. In particular, probabilis-
tic relational models or PRMgriedmanet al, 1999 are an
extension of Bayesian networks that allows reasoning with
classes, objects and relations. The representation we intro-
duce in this paper extends PRMs to sequential problems in
the same way that DBNs extend Bayesian networks. We thus
call it dynamic probabilistic relational model®r DPRMs.

We develop an efficient inference procedure for DPRMs by
adapting Rao-Blackwellised particle filtering, a state-of-the-
art inference method for DBN#Murphy and Russell, 2001
We introduceabstraction treess a data structure to reduce
the computational cost of inference in DPRMs.

Early fault detection in complex manufacturing processes
can greatly reduce their cost. In this paper we apply DPRMs
to monitoring the execution of assembly plans, and show that
our inference methods scale to problems with over a thou-
sand objects and thousands of steps. Other domains where

Sequential phenomena abound in the world, and uncertaintywe envisage DPRMs being useful include robot control, vi-
is a common feature of them. Currently the most power-sion in motion, language processing, computational modeling
ful representation available for such phenomena is dynamiof markets, battlefield management, cell biology, ecosystem
Bayesian networks, or DBNiDean and Kanazawa, 1989 modeling, and the Web.

DBNs represent the state of the world as a set of variables, and The rest of the paper is structured as follows. The next two
model the probabilistic dependencies of the variables withirsections briefly review DBNs and PRMs. We then introduce
and between time steps. While a major advance over prevBPRMs and methods for inference in them. The following
ous approaches, DBNs are still unable to compactly represesection reports on our experimental study in assembly plan
many real-world domains. In particular, domains can contairmonitoring. The paper concludes with a discussion of related
multiple objects and classes of objects, as well as multiplend future work.

kinds of relations among them; and objects and relations can

appear and disappear over time. For example, manufactuz Dynamic Bayesian Networks

ing plants assemble complex artifacts (e.g., cars, computers,

aircraft) from large numbers of component parts, using mul-A Bayesian networlencodes the joint probability distribu-
tiple kinds of machines and operations. Capturing such a daion of a set of variables, 71, .. ., Z;}, as a directed acyclic
main in a DBN would require exhaustively representing allgraph and a set of conditional probability models. Each node
possible objects and relations among them. This raises twoorresponds to a variable, and the model associated with it
problems. The first one is that the computational cost of usallows us to compute the probability of a state of the vari-
ing such a DBN would likely be prohibitive. The second is able given the state of its parents. The set of parents of
that reducing the rich structure of the domain to a very largeZ;, denotedPa(Z;), is the set of nodes with an arc 6

“flat” DBN would render it essentially incomprehensible to in the graph. The structure of the network encodes the as-
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sertion that each node is conditionally independent of itghis weighted distribution. The particles will thus tend to stay
non-descendants given its parents. The probability of an aclustered in the more probable regions of the state space, ac-
bitrary eventZ = (Z,...,Z4) can then be computed as cording to the observations.
P(Z) = Hle P(Z;|Pa(Z;)). ~ Although particle filtering has scored impressive successes
Dynamic Bayesian Networks (DBNasde an extension of in many practical applications, it also has some significant
Bayesian networks for mode“ng dynamic Systems_ Ina DBN!ImItatlonS. One that is of p.art|C.U|ar .Concel.'n to us here is that
the state at time is represented by a set of random variablesit tends to perform poorly in high-dimensional state spaces.
Zy = {Zv4,...,Zas}. The state at time is dependent on This is because the number of particles required to main-
the states at previous time steps. Typically, we assume th&&in @ good approximation to the state distribution grows very
each state only depends on the immediately preceding statapidly with the dimensionality. This problem can be greatly
(i.e., the system is first-order Markovian), and thus we needitenuated by analytically marginalizing out some of the vari-
to represent the transition distributidh( Z,,1|Z,). This can  ables, a technique known &ao-BlackwellisatioiMurphy
be done using a two-time-slice Bayesian network fragmengnd Russell, 2001 Suppose the state spakgcan be divided
(2TBN) B,,1, Which contains variables fron#, ., whose into two subspaces; andV; such thatP(V;|U;, Y1, ..., Y;)
parents are variables fro) and/orZ,_, ;, and variables from ~can be computed analytically and efficiently. Then we only
Z, without any parents. Typically, we also assume that thé1eed to sample from the smaller spagerequiring far fewer
process is stationary, i.e., the transition models for all timeParticles to obtain the same degree of approximation. Each
slices are identicalB; = B, = ... = B, = B_,. Thusa particle is now composed of a sample frahiU;[Y3, . .., Y3)
DBN is defined to be a pair of Bayesian networlg (B_,),  Plus a parametric representationfofV;|Uy, Y1, . . ., ¥¢). For
whereB, represents the initial distributioR(Z,), andB_, is ~ €xample, if the variables i, are discrete and independent of
a two-time-slice Bayesian network, which as discussed abov@ach other givel;, we can store for each variable the vector
defines the transition distributiaR(Z, 1| Z;). of parameters of the corresponding multinomial distribution
The setZ, is commonly divided into two sets: the unob- (i-e., the probability of each value).
served state variable$; and the observed variabl&s. The

observed variableg; are assumed to depend only on the cur-3  Probabilistic Relational Models
rent state variableX;. The joint distribution represented by

a DBN can then be obtained by unrolling the 2TBN: A relational schemas a set of class@s = {C'1, Cy, ..., Oy},
where each clas§' is associated with a set pfopositional
P(Xo, X1, e, X1, Yo, Y1, ., V) attributes A(C') and a set ofelational attributesor refer-

T ence slotsR(C). The propositional attributel of classC
is denotedC'. 4, and its domain (assumed finite) is denoted
- P(X0>P(YO|X0)HP<Xt|Xt—1)P(Yt\Xt) V(C.A). The relational attribute? of C' is denotedC.R,
=1 and its domain is the power s2¢" of a target clasg” e C.
Various types of inference in DBNs are possible. One ofin other words,C.R is a set of objects belonging to some
the most useful is state monitoring (also known as filtering orclassC’.r For example, the\ircraft schema might be used
tracking), where the goal is to estimate the current state of th represent partially or completely assembled aircraft, with
world given the observations made up to the present, i.e., tolasses corresponding to different types of parts like metal
compute the distributio®(Xr|Yy, Y1, ..., Yr). Proper state sheets, nuts and bolts. The propositional attributes of a bolt
monitoring is a necessary precondition for rational decisionmight include its color, weight, and dimensions, and its rela-
making in dynamic domains. Inference in DBNs is NP-tional attributes might include the nut it is attached to and the
complete, and thus we must resort to approximate methtwo metal sheets it is bolting. Ainstantiationof a schema is
ods, of which the most widely used one psarticle filter-  a set of objects, each object belonging to some dassC,
ing [Doucetet al, 200]. Particle filtering is a stochas- with all propositional and relational attributes of each object
tic algorithm which maintains a set of particles (samples)specified. For example, an instantiation of the aircraft schema
xl,x?, ...,z to approximately represent the distribution of might be a particular airplane, with all parts, their properties
possible states at timegiven the observations. Each parti- and their arrangement specified.
clez? contains a complete instance of the current state, i.e., a A probabilistic relational model (PRMgncodes a proba-
sampled value for each state variable. The current distributiobility distribution over the set of all possible instantiatidns

is then approximated by of a schemdFriedmanet al, 1999. The object skeletorf
L XN 4 an instantiation is the set of objects in it, with all attributes
P(Xp =z|Yo,Y1,...Yr) = — Z Sz =x) unspecified. Theelational skeletorof an instantiation is the
N i1 set of objects in it, with all relational attributes specified, and

_ L . all propositional attributes unspecified. In the simplest case,
whered(z7. = z) is 1if the state represented by. is same as  the relational skeleton is assumed known, and the PRM spec-
z, and 0 otherwise. The particle filter starts by generafing ifies a probability distribution for each attributé of each
particles according to the initial distributid(X,). Then, at  classC. The parents of each attribute (i.e., the variables
each step, it first generates the next stgte for each parti- it depends on) can be other attributescf or attributes of
cle i by sampling fromP(X/, ;| X;). It then weights these
samples according to the likelihood they assign to the ob- 1C.R can also be defined as a function fratnto 2€°, but we
servations,P(Y;41|X}, ), and resampledV particles from  choose the simpler convention here.
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classes that are related@by some slot chain. A slot chain Definition 3 A dynamic probabilistic relational model
is a composition of relational attributes. In general, it must(DPRM)for a relational schem& is a pair(My, M_,), where
be used together with aaggregation functiorthat reduces a M, is a PRM overl,, representing the distributioR, over
variable number of values to a single value. For example, #he initial instantiation ofS, andM_, is a 2TPRM represent-
parent of an attribute of a bolt in the aircraft schema might beng the transition distributiodP(1;|I;_1) connecting succes-
avg(bolt.plate.nut.weightthe average weight of all the nuts sive instantiations of. O

on the metal plates that the bolt is attached to. For anyT’, the distribution overy, . ..., I is then given by

Definition 1 A probabilistic relational model (PRMII for a

relational schem& is defined as follows. For each clags L
and each propositional attributee A(C), we have: P(lo,....It) = Po(lo) H P(Ie|li-1)
=1
e A set ofparentsPa(C.A) = {Pay, Pas, ..., Pa;}, where ! .
eachPa; has the fornC.B or v(C.7.B), wherer is a slot DPRMs are extended to the case where only the object
chain andy() is an aggregation function. skeleton for each time slice is known in the same way that

. . PRMs are, by adding to Definition 2 a set of parents and con-

* A conditional probability modefor P(C.A|Pa(C.A)). D ditional probability model for each relational attribute, where
Let O be the set of objects in the relational skeleton. Thethe parents can be in the same or the previous time slice.

probability distribution over instantiationsof S represented When the object skeleton is not known (e.qg., if objects can

by the PRM is then appear and disappear over time), the 2TPRM includes in ad-
dition a Boolean existence variable for each possible object,

P(I) = H H P(obj.A|Pa(obj.A)) again with parents from the same or the previous time Slice.

obj €O AcA(obj) As with DBNs, we may wish to distinguish between observed

_ _ and unobserved attributes of objects. In addition, we can con-
A PRM and relational skeleton can thus be unrolled into asjger anActionclass with a singie attribute whose domain is

large Bayesian network with one variable for each attributgne set of actions that can be performed by some agent (e.g.,
of each object in the skeletdnOnly PRMs that correspond painting a metal plate, or bolting two plates together). The
to Bayesian networks without cycles are valid. distribution over instantiations in a time slice can then de-
_ More generally, only the object skeleton might be known,pend on the action performed in that time slice. For example,
in which case the PRM also needs to specify a distributionihe actionBolt(Partl, Part2)may with high probability pro-
over the relational attributd&Setooret al, 200]. In the air-  §ycePartl.mate— {Part2}, and with lower probability set
craft domain, a PRM might specify a distribution over the part1. mateto some other object d?art2s class (i.e., be im-
state of assembly of an airplane, with probabilities for differ-yroperly performed, resulting in a fault).

bolted, etc.). can a DPRM be unrolled into a DBN. (Note, however, that
) o . this DBN may in general contain different variables in dif-
4 Dynamic Probabilistic Relational Models ferent time slices.) In principle, we can perform inference

on this DBN using particle filtering. However, the filter is
dikely to perform poorly, because for non-trivial DPRMs its
tate space will be huge. Not only will it contain one variable
each attribute of each object of each class, but relational
attributes will in general have very large domains. We over-

tional attributeprevious There is one object; for each time ~ COMe this by adapting Rao-Blackwellisation to the relational

slice, and thepreviousattribute connects it to the object in S€tting. We make the following (strong) assumptions:

the previous time slice. Given a relational sche$have first 1. Relational attributes with unknown values do not appear
extend each clas§ with the relational attribut&€.previous anywhere in the DPRM as parents of unobserved at-
with domainC. As before, we initially assume that the re- tributes, or in their slot chains.

lational skeleton at each time slice is known. We can thea E . :
; . ” ) . Each referen lot can be i t most on t.
define two-time-slice PRMs and dynamic PRMs as follows. ch reference slot can be occupied by at most one objec

Definition 2 A two-time-slice PRM (2TPRMbr a relational

In this section we extend PRMs to modeling dynamic sys
tems, the same way that DBNs extend Bayesian network
We begin with the observation that a DBN can be viewed as
special case of a PRM, whose schema contains only one cla
Z with propositional attributeg’;, ..., Z; and a single rela-

Proposition 1 Assumptions 1 and 2 imply that, given the
: : ropositional attributes and known relational attributes at
schemas is defined as follows. For each classand each 'Ei)mgst andt — 1, the joint distribution of the unobserved
propositional attributel & A(C), we have: relational attributes at time is a product of multinomials,
e A set of parentsPa(C.A) = {Pay, Pas, ..., Pa;}, where  one for each attribute.
eachPa; has the fornC.B or f(C.7.B), wherer is a slot
chain containing the attributereviousat most once, and
f() is an aggregation function.

¢ A conditional probability modefor P(C.A|Pa(C.A)). O

Notice also that, by Assumption 1, unobserved proposi-
tional attributes can be sampled without regard to unobserved
relational ones. Rao-Blackwellisation can now be applied

®Notice that the attributes of nonexistent objects need not be

2plus auxiliary (deterministic) variables for the required aggre-specified, because by definition no attributes of any other objects
gations, which we omit from the formula for simplicity. can depend on thebGetooret al., 200].
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with U; as the propositional attributes of all objects daid 5 EXxperiments
as their relational attributes. A Rao-Blackwellised particle is|, his section we study the application of DPRMs to fault
composed of sampled values for all propositional attributegyatection in complex assembly plans. We use a modified ver-
of all objects, plus a probability vector for each relational at-;5, of theSchedule Worldomain from the AIPS-2000 Plan-
tribute of each object. The vector element corresponding Qing Competitiorf: The problem consists of generating a plan
obj.Rli] is the probability that relatior holds betweembj o 3ssembly of objects with operations such as painting, pol-
and theith object of the target class, conditioned on the value§ghing, etc. "Each object has attributes such as surface type,
of the propositional attributes in the particle, etc. color, hole size, etc. We add two relational operations to the
Rao-Blackwellising the relational attributes can vastly re-domain: bolting and welding. We assume that actions may
duce the size of the state space which particle filtering needse faulty, with fault model described below. In our experi-
to sample. However, if the relational skeleton contains aments, we first generate a plan using the FF plafHeff-
large number of objects and relations, storing and updatingnann and Nebel, 2001 We then monitor the plan’s execu-
all the requisite probabilities can still become quite expention using particle filtering (PF), Rao-Blackwellised particle
sive. This can be ameliorated if context-specific independenfiltering (RBPF) and RBPF with abstraction trees.
cies exist, i.e., if a relational attribute is independent of some We consider three classes of objecRlate, Bracketand
propositional attributes given assignments of values to othBolt. Plate andBrackethave propositional attributes such as
ers[Boutilier et al, 1996. We can then replace the vector weight, shape, color, surface type, hole size and hole type,
of probabilities with a tree structure whose leaves represerdnd relational attributes for the parts they are welded to and
probabilities for entire sets of objects. More precisely, we dethe bolts bolting them to other parts (e Blate73.bolt&orre-
fine theabstraction treelata structure for a relational attribute sponds to the fourth bolt hole on plate 73). Bt class has
obj.R with target clas€”’ as follows. A node’ of the treeis  propositional attributes such as size, type and weight. Propo-
composed of a probability and a logical expressiopover  sitional actions include painting, drilling and polishing, and
the propositional attributes of the schema. &g{C’) be the  change the propositional attributes of an object. The rela-
set of objects inC’ that satisfy thep's of v and all ofv’'s an-  tional actionBolt sets abolt attribute of aPlate or Bracket
cestors. Them def Zobj’EO,,(C’) P(obj' € (0bj.R), | Uy). object to aBolt object. TheWeldaction sets avelded-toat-
The root of an abstraction tree contaifis= true. The chil- tribute of aPlateor Bracketobject to anothePlateor Bracket

: : bject.
dren v; of a noder contain expression®; such that the o
OV.(CV”) form a pal:tition ofOV(CE’). Eacﬁ leaf of the tree The fault model has a global parameter, fhalt proba-

stores a parametric distribution giving the probability that.biIity py. With probability1 — py, an action produces the

each object in the leaf is a member @fj.R, as a function ntended effect. With probability, one of several possible
of the object's propositional attributes. The probability thatf2UltS occurs. Propolsmonal r:‘aults mcludle a painting opet:-
an arbitrary objecbbj’ € C' is a member obbj.R is found 210N not being completed, the wrong color being used, the
by starting at the root of the abstraction treedby. R, going polish of an object being ruined, etc. The probability of dif-

; PP - iy ferent propositional faults depends on the properties of the
to the child whose condition is satisfied by;", and so on object being acted on. Relational faults include bolting the

recursively until a leaf is reached and the object’s probability . ! .
: g wrong objects and welding the wrong objects. The proba-
is read from the leaf distribution. s . . : .
. , ) bility of choosing a particular wrong object depends on its
Initially, the abstraction tree consists only of the root, andsjmilarity to the intended object. Similarity depends on dif-
as inference progresses it is gradually refined as dictated Jgrent propositional attributes for different actions and differ-
the attributes thaC. 2 depends on. For example, supposeent classes of objects. Thus the probability of a particular
the first action to be performed Bolt(Partl, Part2) and  \yrong object being chosen is uniform across all objects with
with probability p; the action is performed incorrectly. The the same relevant attribute values.
faulty action consists of attachirRartl to some other object  The DPRM also includes the following observation model.
of Part2s classC”, with uniform probability overC’. Then  There are two instances of each attribute: the true one, which
two childrenv, andu; of the root ofPartl.mates abstraction s never observed, and the observed one, which is observed
tree are created, with, specifying the singleton s¢Part2} gt selected time steps. Specifically, when an action is per-
and ¢, its complement inC’, and withp; = 1 — py and  formed, all attributes of the objects involved in it are ob-
p2 = py. The uniform distribution in leaf, has a single pa- served, and no others. Observations are noisy: with proba-
rameter, the probability = p;/(|C’| — 1) that a given object  pjlity 1 — p, the true value of the attribute is observed, and
in it is attached tdPartl. This takesO(1) space to store and ith probability p, an incorrect value is observed. Incorrect
O(1) time to update, as opposed@|C’|). If objects with  yajues for propositional observations are chosen uniformly.
different attributes have different probabilities of being bolted|ncorrect values for relational observations are chosen with
to Partl, a node'for'each relevant combination o_f at'grlbutes iSa probability that depends on the similarity of the incorrect
created. Thus, ifi. is the number of such combinations, the object to the intended one.
storage and update time requiredRart1.mateareO(n.) in- Notice that, if the domain consisted exclusively of the
stead ofO(|C"]). By design,n. < (|C']); in the worst case, propositional attributes and actions on them, exact inference
the tree will have one leaf per element@f. As we will see  yjght be possible; however, the dependence of relational at-

in the next section, the use of abstraction trees can greatlyihutes and their observations on the propositional attributes
reduce the computational cost of Rao-Blackwellised particle

filtering in DPRMs. 4URL: http://www.cs.toronto.edu/aips2000
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creates complex dependencies between these, making ap- L : . . .

proximate inference necessary. 4 'RBPF (p; =0.1%) 1
A natural measure of the accuracy of an approximate infer- | P (pz =0.1%) -~ : 7620 |
ence procedure is the K-L divergence between the distribu- RBEE ( :10/0)
L ; @ p. =1%)
tion it predicts and the actual of€over and Thomas, 2001 & 10 | repF (n Liove) —— - 1
However, computing it requires performing exact inference, % PF (p, =10%)
which for non-trivial DPRMs is infeasible. Thus we estimate & 8 1
the K-L divergence by sampling, as follows. LB{p||p) be a 61 w070 |
the K-L divergence between the true distributiprand its ;‘ 1730 &
approximationp, and letX be the domain over which the 4+ i &S 1
distribution is defined. Then X
ef x
DElE) Y ple)log 2 0 —
= p(x) 0 2000 4000 6000 8000 10000
= Y p(@)logp() — 3 () log () Time Sep
TEX TEX Figure 1: Comparison of RBPF (5000 particles) and PF
The first term is simply the entropy of, H(X), and is a Sizbci)lci)t,ooo particles) for 1000 objects and varying fault prob-
. . . . Y.
constant independent of the approximation method. Since
we are mainly interested in measuring differences in perfor- 7 . . . .
mance between approximation methods, this term can be ne- RBPF (500 objs) ——
glected. The K-L divergence can now be approximated inthe 6 | 4070 RBPlF:’F( {888 Ogjsg R 1
: A O obis
usual way by takings' samples from the true distribution: o 51 29507 PF (1000 ob}s) ]
L& g ;i 6980 RBPF (1500 objs)
Du(pllp) = =5 D logp(ws) g 4 | PrUS0009
i=1 =) 3t b
wherep(z;) is the probability of theith sample according ;’
. . . . . 2 L 4
to the approximation procedure, and the subscript indi-
cates that the estimate @¥(p||p) is offset by H(X). We 1l |
thus evaluate the accuracy of PF and RBPF on a DPRM by
generatingS = 10, 000 sequences of states and observations . . . .
from the DPRM, passing the observations to the particle fil- 0 2000 4000 6000 8000 10000
ter, inferring the marginal probability of the sampled value Time Step

of each state variable at each step, plugging these values into

the above formula, and averaging over all variables. Noticd-igure 2: Comparison of RBPF (5000 particles) and PF
that Dy (p||p) = oo whenever a sampled value is not rep- (200,000 particles) for fault probability of 1% and varying
resented in any particle. The empirical estimates of the K-Lhumber of objects.

divergence we obtain will be optimistic in the sense that the

true K-L divergence may be infinity, but the estimated oney ) divergence of RBPF increases only very slowly, for all
will still be finite unless one of the values with zero predicted ombinations of parameters tried. Abstraction trees’ reduced
> 2""RBPF’s time and memory by a factor of 30 to 70, and took
comparison between approximation methqu, however, sincg, average six times longer and 11 times the memory of PF,
on average the worse method should prodUggp||p) = o per particle. However, note that we ran PF with 40 times
earlier in the time sequence. We thus report both the averag@ore particles than RBPF. Thus, RBPF is using less time and
K-L d]ver_gence befo_re 'lt.begomes infinity and the time stePmemory than PF, and performing far better in accuracy.
at which it becomes infinity, if any. , We also ran all the experiments while measuring the K-L
Figures 1 and 2 show the results of the experiments pefgivergence of the full joint distribution of the state (as op-
formed. The observation noise parameigwas set to the posed to just the marginals). RBPF performed even better
same value as the fault probabiljty throughout. One action  compared to PF in this case; the latter tends to blow up much
is performed in each time step; thus the number of time stepgooner (e.g., from around step 4000 to less than 1000 for

is the length of the plan. The graphs show the K-L divergenc%f = 1% and 1000 objects), while RBPF continues to de-
of PF and RBPF at every 100th step (it is the same for RBPgrade only very slowly.

with and without abstraction trees). Graphs are interrupte

at the first point where the K-L divergence became infinite

in any of the runs (once infinite, the K-L divergence never6 Related Work

went back to being finite in any of the runs), and that point isDynamic object-oriented Bayesian networks (DOOBNS)
labeled with the average time step at which the blow-up oc{Friedmanet al, 1999 combine DBNs with OOBNS, a pre-
curred. As can be seen, PF tends to diverge rapidly, while thdecessor of PRMs. Unfortunately, no efficient inference
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methods were proposed for DOOBNSs, and they have not bediBoyen and Koller, 1998 X. Boyen and D. Koller. Tractable
evaluated experimentally. DPRMs can also be viewed as ex- inference for complex stochastic processesPioc. 14th
tending relational Markov models (RMM§Andersonret al., Conf. on Uncertainty in Artificial Intelligenggages 33—
2004 and logical hidden Markov models (LOHMM§Ker- 42, Madison, WI, 1998.
stinget al,, 2009 in the same way that DBNs extend HMMs. [Cover and Thomas, 20D1T. Cover and J. Thomas.Ele-
Downstream, DPRMs should be relevant to research on re- . ants of Informat’ion Theoryiley, New York, 2001
lational Markov decision processes (e.fBoutilier et al., ' ’ '
2001). [Dean and Kanazawa, 1989. Dean and K. Kanazawa. A
Particle filtering is currently a very active area of research Model for reasoning about persistence and causation.
[Doucetet al, 2001. In particular, the FastSLAM algorithm ~ Computational Intelligence(3):142-150, 1989.
uses a tree structure to speed up RBPF with Gaussian vafiboucetet al, 2001 A. Doucet, N. de Freitas, and N. Gor-
ables[Montemerloet al, 2003. Abstraction trees are also  don, editorsSequential Monte Carlo Methods in Practice
related to the abstraction hierarchies in RMMsdersonet Springer, New York, 2001.
al,, 2003 and to AD-treegMoore and Lee, 1997 An alter-  Irieqmanet al, 1999 N. Friedman, D. Koller, and A. Pfef-
nate method for efficient inference in DBNs that may also be™ .~ Structured representation of comple>€ stochastic sys-
useful in DPRMs was proposed by Boyen and Koller [1998]  tomg  inproc. 15th National Conf. on Artificial Intelli-
and combined with particle filtering by Ng et al. [2002]. Ef- gence pages 157164, Madison, WI, 1998.

ficient inference in relational probabilistic models has beert X )

studied by Pasula and Russell [2001]. Friedmaret al, 1999 N. Friedman, L. Getoor, D. Koller,
and A. Pfeffer. Learning probabilistic relational models.

7 Conclusions and Future Work In Proc. 16th Intl. Joint Conf. on Artificial Intelligence

. . . I . pages 1300-1309, Stockholm, Sweden, 1999.
This paper introduces dynamic probabilistic relational mod- )
els (DPRMSs), a representation that handles time-changing€tooret al, 2001 L. Getoor, N. Friedman, D. Koller, and
phenomena, relational structure and uncertainty in a prin- B- Taskar. ~Learning probabilistic models of relational
cipled manner. We develop efficient approximate inference Structure. InProc. 18th Intl. Conf. on Machine Learning
methods for DPRMs, based on Rao-Blackwellisation of rela- Pages 170-177, Williamstown, MA, 2001.
tional attributes and abstraction trees. The power of DPRM$Hoffmann and Nebel, 2001J. Hoffmann and B. Nebel. The
and the scalability of these inference methods are illustrated FF planning system: Fast plan generation through heuris-
by their application to monitoring assembly processes for tic search. Journal of Artificial Intelligence Research
fault detection. 14:253-302, 2001.

Directions for future work include relaxing the assump- [arstinget al, 2003 K. Kersting, T. Raiko, S. Kramer, and

tions made, further scaling up inference, formally studying™ | "ne"Raedt. Towards discovering structural signatures of
the properties of abstraction trees, handling continuous vari- protein folds based on logical hidden Markov models. In

ables, learning DPRMSs, using them as a basis for relational I ; : ; :
MDPs, and applying them to increasingly complex real-world ;’6%%.8th Pacific Symposium on Biocompufiguai, HI,

problems.
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