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Abstract
A key research issue in pervasive computing is how to make an ensemble of fixed and mobile devices
cooperate spontaneously to best assist a user without requiring him to manually control the devices.
We are investigating a distributed approach that relies on self-organization. It adapts a mechanism
for action selection by Maes to enable an ensemble of devices to perform complex tasks without a
central controlling component.

1. Introduction and Related Work

Meeting rooms are prime examples of places containing numerous devices. A central research ques-

tion in pervasive computing is how to make such devices cooperate so that they assist a user, enabling

him to focus on his core activities rather than forcing him to manually connect his notebook to the

projector etc. In smart ad-hoc environments, devices can enter and leave the ensemble anytime. Nev-

ertheless, users expect the ensemble to exhibit sensible behavior without requiring a training phase.

Furthermore, a central controlling component should be avoided as ensembles consisting entirely of

resource-constrained devices may not comprehend a device capable of managing all the others. In

past smart environments projects, the device cooperation strategy was often hand-crafted by the sys-

tem designer [2] or learned from the user [3], which is not feasible for ad-hoc environments. The

EMBASSI project [5] used partial order planning to derive action sequences that would fulfill user

goals – a more flexible approach, but not completely distributed. In this paper, we present our research

on a well-known action selection mechanism [6] to deal with the above-mentioned challenges.

2. A Smart Meeting Room Scenario

Based on the current world state and the user’s goals, our system tries to find an action sequence

that will fulfill the goals. We assume that the world state (provided by sensors) and user goals are

described as propositions such as Document1 shown on Canvas1. Typically, machine learning ap-

proaches are used for inferring user goals from sensor data and a priori knowledge about the user’s

behavior. In our group, we experiment with inferring the goals of a team of users based on a dynamic

Bayesian model of team behavior [4]. A simple scenario: In a room with multiple projectors and

several canvasses, the speaker wants to show two documents simultaneously. His notebook sends

the documents to two projectors which show them on the canvasses next to the speaker. Based on

the sensor data speaker opened Document1 and Document2 on Notebook1 and the goals Document1
shown on Canvas1 and Document2 shown on Canvas3, the system thus generates the action sequence

Notebook1 sends Document1 to Projector1 – Notebook1 sends Document2 to Projector3 – Canvas1
is lowered – Canvas3 is lowered – Projector1 displays Document1 on Canvas1 – Projector3 displays
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Document2 on Canvas3. Note that our system can also handle more dynamic scenarios with changing

sensor data, such as tracking a speaker who moves through the room with a movable camera.

3. The Key Idea
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Figure 1. Three CMIs connected by links. Additionally, the
flow of energy from a percept and a goal to a CMI is shown.

For generating action sequences, we adapt

an algorithm by Maes [6]. Our algorithm

is based on so-called compmodinsts (CMIs)

representing possible actions which are de-

scribed in terms of preconditions and ef-

fects. CMIs exchange energy to determine

which action will be executed next. To this

end, CMIs that share preconditions and ef-

fects are connected via logical links: pre-

decessor and successor links between iden-

tical preconditions and effects, conflicter

links between a precondition and an oppo-

site effect. CMIs send energy to CMIs they

are linked to: positive energy to predeces-

sors and successors and negative energy to

conflicters. Figure 1 depicts three CMIs

with preconditions and effects described in

PDDL [7]. A CMI also receives a certain

amount of energy if one of its preconditions

corresponds to a percept (sensor data or effects of previous actions of the ensemble) or if one of its

effects corresponds to a user goal (see Figure 1). This energy distribution runs in cycles. At the end

of each cycle, one module may be executed (see the right part of Algorithm 1). This way, an action

sequence emerges. For a detailed description of action selection we refer the reader to [8].

4. Extending the Basic Algorithm for Smart Ad-hoc Environments

Maes’ action selection process has been used in several domains [1]. Our research aims at investigat-

ing its suitability for smart ad-hoc environments and how it should be extended for our domain. We

found that the following extensions are necessary for the algorithm to suit our needs:

• We distribute Maes’ algorithm among devices using software modules called compmods (CMs).

• To handle dynamic ensembles, variables in preconditions and effects should be allowed.

• CMs must build up a local world model at run-time based on communication.

• As the algorithm is distributed, CMs must handle synchronization themselves.

The following extensions are not mandatory, but allow to model preconditions and effects compactly:

• A small subset of first-order logic is allowed in effects.

• Persistent actions are supported.

Compmods: For Maes’ algorithm to work in a distributed environment, we assume that all devices

are connected to a common network and have elementary computing capabilities. For every action a

device can perform, there is a small software module called a compmod (CM) running on that device.
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Algorithm 1 The algorithm executed by a CM: Construction and maintenance of the world model

(left) and action selection (right) are carried out in parallel.
send message requesting context

loop
receive message

if message is a request for context then
broadcast own configuration

else if message is information about devices/other CMs then
update list of devices/templates of surrounding CMs

update list of links

create/destroy CMIs

else if message is information about percepts/goals then
update list of percepts/goals

while list of goals not empty do
for each CMI do

accumulate activation energy due to percepts, goals, and linked CMIs

send fraction of own activation level to linked CMIs

broadcast new activation level

normalize activation level so overall activation level remains constant

ifCMI is executable and its activation level is above the activation threshold

then
if no other CMI has a higher activation level then

execute CMI and broadcast effects

else
add random number in [0.0, 1.0] to activation level as a tie-break

if no CMI was executed then
lower activation threshold by 10%

else
reset activation threshold

A canvas, for example, may host two CMs: CanvasUp and CanvasDown. CMs communicate via the

network. We require each CM to describe its assigned action in terms of preconditions and effects. We

call these action descriptions templates. They can be regarded as extended UPnP device descriptions.

We assume them to be provided by the device vendors. Templates are precursors of CMIs: They may

contain both variables and constants, whereas CMIs contain only constants.

Variables: As the structure of the device ensemble may change anytime, we need variables in precon-

ditions and effects of templates. A variable is a placeholder for a device of a certain type. Templates

are filled with names of devices in the ensemble by their CM at run-time: A CM creates an ”instance“

(compmodinst) of its template for every valid assignment of variables to device names. A CMI is

thus a data structure inside a CM that represents a concrete instance of a possible action. Every CM

takes part in the action selection process with all its CMIs, each representing a candidate action for

execution. Therefore, each CMI is assigned its own activation level and its own links.3 The right part

of Algorithm 1 shows the action selection process run by a CM for its CMIs.

Local world model: CMs introduce themselves to one another at run-time by broadcasting their tem-

plates. Every CM must constantly keep track of the current world state, user goals, devices in the

ensemble, templates of surrounding CMs, and its CMIs (including links to predecessors, successors,

and conflicters). This is carried out in parallel to action selection (see the left part of Algorithm 1).

Synchronization: CMs manage all transitions between the phases of the action selection process them-

selves. Any CM that has not received any message for a certain fixed timespan will announce the

beginning of the next phase. The other CMs receive this message and proceed to the next phase.

First-order logic and persistent actions: In the ”real world“, there are laws like If a projector displays
a document on a canvas and another device sends it another document, the first one is not displayed
anymore. These are hard to express in propositional logic, making it difficult to maintain the correct

world state. Of course, one could simply avoid such situations by introducing locks such as Busy
Projector1 and forbidding any device to send documents to the projector when it is busy. However,

this requires extra conditions (the locks) and extra modules that must be executed to unlock e.g.

Projector1 first if another device wants to send it a new document. So we decided to handle situations

3Instantiation of links works accordingly: CMs maintain a list of templates of their surrounding CMs (predecessor, succes-

sor and conflicter CMs) and instantiate a link for every possible device combination.
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like the one described above by allowing for certain first-order logic expressions in effects (see Figure

2 for an example) and by supporting persistent actions: Once activated during action selection, their

effects remain true as long as their preconditions are fulfilled, which must be checked by the respective

CM. For instance, if the CMI described in Figure 2 has become active, its CM constantly checks if any

incoming percept states that Canvas1 has been raised or another document has been sent to Projector1.

In that case, it becomes inactive and its CM broadcasts that the effects are not valid anymore.

(:action ShowDoc
:parameters (?Doc - Document)
:precondition (and (SentToDisp Document1 Projector1) (CanvasDown Canvas1))
:effect (and (DocShown Document1 Canvas1)

(forall (?Doc) (when (not (= ?Doc Document1)) (not (DocShown (?Doc Canvas1))))))
)

Figure 2. A description of a projector CMI in PDDL [7]. The effects state that Document1 is shown on Canvas1,
and if there was another document on Canvas1 before, it is not visible anymore.

5. Conclusions and Future Work

In this paper, we have presented extensions to Maes’ action selection mechanism for smart ad-hoc

environments. To our knowledge, it is the first attempt at distributing Maes’ algorithm over several

devices, using it for device cooperation in smart environments. Our system is implemented as a

distributed Java environment. We have tested several scenarios with up to 22 devices and 35 CMs. In

most cases a sequence with the minimal number of actions was found. In rare cases the sequence was

slightly longer. Our next steps will be to investigate what causes suboptimal action sequences and to

deploy our system in our prototype smart environment to test it under real-world conditions.
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