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Abstract

We demonstrate multiagent control of modular self-
reconfigurable (MSR) robots for object manipu-
lation tasks and show how it provides a useful
programming abstraction. Such robots consist of
many modules that can move relative to each other
and change their connectivity, thereby changing the
robot’s overall shape to suit different tasks. We
illustrate this approach through simulation experi-
ments of the TeleCube M SR robot system.

1 Introduction

Modular self-reconfigurable (MSR) robots [37, 31, 38, 32,
25, 29, 30, 9] consist of many identical modules that can at-
tach and detach from one another to change their overall con-
nectivity. Each module has processing, sensing and actua-
tion capabilities. The main characteristic of MSR robots is
their ability to change shape to suit their task. While such
shapes are unlikely to be as effective at particular tasks as
special purpose tools (e.g., the modules are unlikely to have
the same strength as, say, a hammer), they provide adaptabil-
ity for a wide range of tasks in unpredictable environments.
For instance, changing shape can provide a variety of gaits
for locomotion, e.g., wheelsfor flat surfaces, snakesfor small
tunnels, etc. Robot shapes matching object contours can also
help provide precise manipulation.

Beyond the challenge of building many such modules,
their tight physical interactions and many degrees of free-
dom pose a difficult control problem. Moreover, modules
constructed of micromachines (MEMS) [7] or even smaller
devices[14, 11, 10] arelikely to have limited capabilities and
be prone to some failures or incorrect assembly. Thus the ro-
bust functioning of the robot requires a control architecture
that tolerates such limitations, as has also been proposed for
computing with molecular-scale devices[18].

One control approach would be to precisely specify the de-
sired locations of all the modules, and perform a combina-
torial search to find appropriate module motions according
to some criterion, such as minimizing moves or power con-
sumption. With many modules, such searches are generally
intractable, but can be solved approximately using heuris-
tics[31, 38, 29, 25, 32, 9, 20]. Even so, ahigh-level controller
often lacks enough information on the modules' statusor the
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task environment to define a precise shape, e.g., when grasp-
ing an object whose detailed size or shape is unknown.

Instead, a structure with the general properties required
for the task is often sufficient. When the properties are de-
termined mainly by the local environment for each module,
agent-based local control often finds a suitable shape without
any need to precisely specify each modul€e's position [4]. A
multiagent approach to general behaviors, such aslocomotion
and object manipulation, simplifies the design of higher-level
control by presenting a useful programming abstraction to a
centralized planner or within levels of a sequence of increas-
ingly complex behaviors[6]. That is, higher level control pro-
grams can determine the choice of local rules for the agents
without detailed concern of the particular motion primitives
of the modules or situation of each agent individually. For
example, by switching among a set of available behaviors or
modifying parameters used by the agents’ rules.

Agent-based architectures readily match control to phys-
ica phenomena dominant at the different scales relevant to
MSR rabots with many modules. For example, microma
chined robots [12] are dominated by friction and other sur-
face forces rather than gravity. Even smaller structures [21]
are subject to randomly fluctuating forces, i.e., Brownian mo-
tion. Biological structures provide numerous other exam-
ples [36]. In such cases, different agent types could be re-
sponsible for individual modules, small groups of modules
and so on, forming a hierarchical or multihierarchical cor-
respondence between the robot’s physical structures and its
environment, task and the controlling software [19].

In related work, multiagent control helps teams of robots
cooperating to achieve a common task [35, 8, 33, 17, 24].
These teams usually consist of independently mobile robots
that are not physically connected and have little or infrequent
physical contact. In most current modular robot systems the
modules remain attached to one another forming asingle con-
nected whole, and giving rise to a number of tight physi-
cal motion constraints that do not apply to teams of separate
robots. On the other hand, the physical contact between mod-
ules allows them to locate their neighbors without complex
sensory processing as would be required, for example, to vi-
sually identify a physically disconnected member of a team.
Hence the techniques for coordinating teams address some-
what different requirements than those of M SR robots.

The key issue of relating local rulesto global behavior also
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Figure 1. The TeleCube hardware: two modules shown with arms
retracted and expanded. The current modules are about 15cm in
diameter when fully contracted.

arises in artificial life [13] which concentrates on how com-
plex natural organisms achieve sophisticated crowd behaviors
or deal with abstract agents that currently can not be physi-
cally constructed [15, 16, 1]. Alternatively, biological and
chemical techniques [5, 27] give complex shapes from local
behaviors, but can not yet produce programmabl e robots.
Thus while multiagent systems have been applied to sev-
era related tasks, identifying appropriate agent behaviors for
M SR robots remains an open problem. In the remainder of
this paper, we describe the TeleCube modular robot and sim-
ple agent behaviorsthat provide basic object manipulation ca-
pabilities. These agent behaviors, in turn, abstract away the
detailed nature of the module motion capabilities, providing
asimpler programming model for higher level control.

2 TheTeleCube Modular Robot

This section describes the modular robot we used, its simula-
tor and the agent-based control technique.

2.1 Hardware

TeleCube is a new M SR rabot where each module is a cube
that can prismatically extend each of its six faces indepen-
dently up to afactor of two times its fully retracted configu-
ration (Fig. 1). A 2D anaogue was previously developed at
Dartmouth [32]. Each module can communicate with itsim-
mediate neighbors in all six directions. When a module ex-
tends an arm in contact with an object, it can exert aforce on
the object. This design allows modules bound inside a group
to move, so TeleCube can perform tasks inside the aggregate,
such asinternal object manipulation and density changes.
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2.2 Simulator

To examine behavior with more modul es than currently feasi-
bleto construct, we simulated the TeleCube system. Thesim-
ulator, written in Java, accounted for the motions of the mod-
ules in three dimensions and typically ran with hundreds of
modules. The simulator performs a series of steps. For each
step, a random ordering of the modules is selected, thereby
simulating asynchronous module actions. Using this order-
ing, each module is given a“turn” in which to decide its be-
havior and perform any motion it selects.

For vertical motion, the simulator included the effects of
gravity, as appropriate for relatively large scale objects such
asthe current TeleCube modules. For smaller scale modules,
viscous and frictional forceswill become more important and
could be included instead of gravity.

The simulator makes several simplifying assumptions.
First, the module arms have only two states: fully expanded
or contracted. Second, the arms are infinitely rigid. Both
of these assumptions simplify alignment of modules after a
move. In practice, such alignment can be done with low-
level feedback control or engineering the connectors on the
module arms to guide dlightly misaligned parts into align-
ment. Lastly, the simulator assumed enough friction between
the module and the floor to eliminate any siding. We use a
motion primitive to ensure correct module movement by in-
cluding required low-level actions such as disconnection from
modules perpendicular to the motion direction, connection
with any new neighbors and possible arm contraction while
a neighbor extends its arm [26]. A global connectivity check
insures disconnecting from a neighbor does not separate the
ensemble. This check may be easily preformed in hardware,
and was simulated with a depth-first search of the modules.

2.3 Agent-Based Control

Our approach views each module as an independent agent ex-
ecuting asimple program, consisting of afinite-state machine
(FSM). This approach uses the distributed, homogenous and
networked nature of M SR robots and scales well as the num-
ber of modules increases. There is no central control pro-
cessor or designated leader module. Global mation results,
or “emerges’, from purely local control rules executed at ev-
ery module and through communi cation between neighboring
modules alone. These behaviors can then be turned on and off
by ahigher-level system to give overall control for asequence
of tasks.

The FSM control consists of simple if-then rules which
may act probabilistically. Modules switch among “ states’
that determine their behaviors and communicate by send-
ing and receiving “messages’. Randomization helps prevent
modules from becoming indefinitely stuck in unproductive
configurations. It also prevents all modules from moving at
once, potentially disconnecting the structure or leading to os-
cillations due to synchronous activity in which modules re-
spond based on asystem state that no longer holdsif too many
neighbors move simultaneously [22].

Messages are the means of global communication among
modules. Messages are propagated through the system in a
distributed breadth-first fashion and can be modified as they
move from one module to another. A “scent” is a message
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Figure 2: Message passing from a column module. Help messages
are al'so sent in the other two directions: into and out of the page.

consisting of a numerical value that is slightly adjusted up or
down asit passesthrough the modules[4]. Propagating scents
form global gradients that can guide module motions. For in-
stance, a scent indicating the distance to some location (e.g.,
amodule under high stress) could consist of a single integer
value a module sends to its neighbors. A module increments
the minimum value of all such messagesit receives and sends
the new value to its neighbors. Using the minimum function
to combine values from neighbors allows the scent to provide
auseful gradient in spite of many cyclesin the graph of links
among the modules. These messages can have a maximum
number of iterations to prevent them passing among modules
indefinitely. Once these messages have passed through a re-
gion of modules, the difference in recorded values between
one module and a neighbor isalocal scent gradient.

Biological concepts, such as scents and hormones, have
been applied to MSR robots for reconfiguration, grouping,
synchronization and locomotion [4, 26, 34]. Extending these
concepts to consider gradients with TeleCube's ability to
move modules within a structure allows object manipulation
as described below.

We assume the modules are small compared to the size of
objects in their environment, allowing many modules to act
on them at once. Furthermore, we take module motions to
be fast compared to the other object speeds, so humerous
module updates take place with little change in the objects
positions. Since modules move slower than they communi-
cate, the response to messages does not introduce oscillating
behavior [23] or irregular growth, and the intermediate con-
figurations are well-balanced at al times.

3 Reaults

This section presents the rules and resulting behaviorsfor two
tasks involved in object manipulation.

3.1 Growingtoward an object

Our first task isadynamic supporting structure in which mod-
ules under pressure signal others to add their support, reduc-
ing the weight pressure (i.e., force per supporting module)
and providing more uniform support for the object. This ap-
plication requires a pressure sensor in each module. Control
is handled through four different states: relaxed, column, ex-
panding, and reset and three different messages. stimulus,
help, and reset.
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Figure 3:; Growing up toward an arbitrary-shaped object. This ex-
ample required 30 simulation steps.

All modules begin in arelaxed state. When a module re-
ceives an externa force stimulus, it sends a stimulus message
to the modules aong the direction of the force (one of the
modul€e’s six faces). Upon receiving the message the module
transitions to the column state and effectively forms arigid
support column. This column sends help messages to neigh-
boring modules, which ask them to expand toward the object
and provide support. The remainder of this section provides
details of the behaviors.

Behavior for oneturn in therelaxed stateis:

¢ If astimulus message is received, transition to column
state and end turn.

o If ahelp message is received, record the direction from
which the message came (the “help direction”), transi-
tion to expanding state, and end turn.

o If contact with an object is detected, transition to col-
umn state and end turn.

e Otherwise, when no message is received, adjust module
density in al six directions as follows: For each direc-
tion, if the module is farther from or closer to a neigh-
bor than one fully extended arm length, movetowards or
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away from the neighbor, respectively, with a probability
of 50%. This motion tends to restore a uniform density.

Modules in the expanding state move in the direction
where additional support is required (the “help direction”).
However, to insure that the bottom level remains connected,
the last module in each column (as determined by the direc-
tion of the original force stimulus) does not move or discon-
nect from its neighbors. Behavior of the expanding state is:

o If ahelp message isreceived, update help direction.

o If astimulus message is received, transition to column
state and end turn.

o |f theforce stimulusis removed, transition to reset state
and end turn.

o If contact with an object is detected, transition to col-
umn state and end turn.

e Otherwise, send help messagesin al six directions and,
with 50% probability, move in the direction of required
help, unless the opposite direction has no neighbor.

Modules in the column state remain rigid and stationary,
providing support for an object. They emit help and stimu-
lus scents to the appropriate neighbors, effectively calling for
help and telling the others in the column to hold fast. Behav-
ior of the column stateis:

o |f theforce stimulus is removed, transition to reset state
and end turn.

e Send stimulus messagesto the modul es above and below
as determined by the direction of stimulus.

¢ Send help messages to modules perpendicular to the di-
rection of stimulus, as shown in Fig. 2.

Thereset stateis used when the object is removed so mod-
ules return to their original configuration. A module in the
reset state sends the reset message to all neighbors in the di-
rection along which the force previously acted and transitions
to the relaxed state.

3.2 Manipulating an object

The TeleCube architecture allows manipul ating objectsinside
a group of modules. This can be accomplished by growing
around a supported object or, more generally, opening gaps
within the structure and pushing an object into them.

Internal object manipulation requires translational and ro-
tational motions. In both cases, a module that is not in di-
rect contact with an object moves based on the gradient of
messages it receives from its neighbors, determined by com-
paring the relative numerical values of the “ scent” messages.
Namely, if possible, a module will move in the direction of
the positive gradient. If the module does not sense a gradient,
it will try to move so as to restore an “optimal” density of
modules in its neighborhood. This means moving away from
aneighbor that is too close or toward a distant neighbor.

Internal manipulation uses shell and tissue states, and one
stimulus message propagated among neighborsto form agra-
dient scent. The process starts with a broadcast of the desired
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desired rotation
direction

desired direction

Figure 4: Module motionsto move (l&ft) and rotate (right) an object
in 2D. Only afew of the modules surrounding the object are shown.

movement direction. Modules on the outside of the struc-
ture enter the shell state, and do not move under the influ-
ence of gradients or density adjustments. Thus, these mod-
ules form arigid support structure off which inside modules
can push, i.e., MSR robots can not only form tools shaped to
their task, but can al so provide dynamic support structuresfor
using those tools. Interior modules enter the tissue state.

Translational 2D motion uses a simple stimulus-based re-
sponse. Given the desired direction of motion, modules in
contact with the object use the following rules:

e If amodule isin front of the object (i.e., touching it
with an arm extending from the module in a direction
going against the desired direction of object movement),
it releases a negative stimulus message and then tries to
move away from the object. If possible, it movesin the
direction opposite to the arm touching the object. If that
direction is blocked by other modules, it tries to move
instead perpendicular to that direction. Either motion
tends to move the module out of the object’s way. Fur-
thermore, the negative stimulus message creates a scent
gradient among neighbors causing them to also move
away and make room for the module to move.

e If amodule is behind the object (i.e., touching it with
an arm in a direction aligned with the desired direction
of object movement), it releases a positive stimulus and
tries to move toward and push the object. If the mod-
ule has more than one arm in contact with the object,
thisrule appliesto the arm most closely aligned with the
desired direction of motion.

These behaviors are illustrated in Fig. 4(left) and result in
modules pushing the object in the desired direction.

Rotation requires the approximate location of the object’s
center to allow relating individual module forces to the over-
al torque imposed on the object. Estimating this location
via a distributed local algorithm can be difficult if the mod-
ules are much smaller than the object and, on the scale of the
modules, the object is not smooth. Instead, we assume the
higher level controller broadcasts the approximate location of
the object’s center. Another possibility is to use open-loop
force fields to position the object in a known starting con-
figuration, as demonstrated on a micromachined surface [3].
In either case, for the behavior described here we suppose
knowledge of the approximate center. That is, any error in
the center’s specified location is small compared to the ob-
ject’s size, but not necessarily small compared to the size of
the modules. The modules act in the same way as the trans-
lation modules, except they move away from or towards the
object if they are in front of a corner that should be turned
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Figure 5: Internally manipulating an object. The modules form a
15 x 15 x 8 structure, and are shown simply as pointsto allow seeing
the internally manipulated object. The full sequence, consisting of
138 simulation steps, shows the object gradually shifted from its
initial tofinal positionsin responseto instructionsto move the object
inan“L" shaped path. The figure shows steps 15 and 80.

towards or away from them, respectively, as determined by
their relative location to the specified center and the desired
direction of rotation. Again, they release positive and nega-
tive stimulus messages when moving towards and away from
the object, respectively, and push the object when they move
towards it. This behvaior, shown in Fig. 4(right), gives 2D
rotation in a plane.

Fig. 5 includes both types of motion. First the modules
are told to move the object in one direction, then to rotate
it, and finally move in the perpendicular direction. Thesein-
structions cause modules to switch between trandlation and
rotation rules, giving desired motionswithout the higher-level
control specifying individual module motions. We found the
local rules could produce a variety of trgjectories. The com-
bination of trandation and rotation rules allows achieving ar-
bitrary planar position and orientation of the object.

Modules move the object by exerting forces on it. They
could aso exert compressive forces on the object by ssimply
replacing the negative stimulus messages with positive ones
so modules on all sides move toward the object. This behav-
ior could be used to push parts together. Shear forces could
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arise from tangential motion, provided friction between the
arms of the modules and the object was sufficient. The mod-
ules then can be viewed as a material surrounding the object
with forces under programmed control, changing from rigid
support to fluid-like flow as needed. This behavior isa useful
programming astraction for higher levels of control, similar
to programmable force fields in two dimensions [3]. By giv-
ing different instructions to different regions, a higher-level
control could use the modules to move multiple objects along
different paths or, through feedback based on the position of
the objects (rather than details of the much larger number of
modules), bring objects together.

4 Discussion

This paper described local rules for two object-handling be-
haviors for TeleCube rabots, dynamic support and internal
manipulation. Local rules can also reconfigure them for loco-
motion and navigation [26].

Our results extend prior distributed control [4] of Pro-
teo [38], another MSR robot whose motions differ in two
important ways from TeleCube. First, Proteo modules move
independently. By contrast, a TeleCube module usually re-
quires cooperative actions from neighbors to push or pull it,
asshownin Fig. 1. Second, Proteo modules arerigid and can
only move on the external surface created by other modules.
Thus, Proteo can not internally manipulate objects unless the
control creates holes inside the structure. TeleCube mod-
ules can deform and move inside a structure of other mod-
ules. The different hardware capabilities of Proteo and Tele-
Cube affect the design and complexity of the local control
rules that are appropriate to consider. Thus hardware designs
should balance the control complexity and the manufacturing
difficulty. Ideally, the hardware should support simple high-
level programming abstractions while the control simplifies
the required hardware capabilities. Schemes based on local
(module-level) control help with this since they are simple
and can be easily modified to apply to a wide range of mod-
ule designs, including Proteo and prismatic robots, such as
TeleCube and the Crystalline robot at Dartmouth [32].

Our approach could be combined with other methods, as
part of an overall hierarchical control scheme. Moreover, test-
ing a population of agents against variations in the desired
task can evolve better behaviors [2]. For instance, with the
primitives presented in this paper, genetic techniques could
identify methods to modulate the rule parameters and switch
among rules to achieve higher-level goals.

As robots with many modules are built, one important
question is how modul e failures affect system behavior. Scal-
ing is another important issue, i.e., increasing the number of
modules or decreasing their size, or both. More modules
alow greater variety of interactions and statistically more
robust randomized behaviors. Smaller modules allow finer
scale object manipulation. However, smaller modules take
smaller steps resulting in slower manipulation unless they
complete each step more rapidly. This observation highlights
the importance of balancing the scaling of speed, strength and
other module properties[11, 36] as, for example, with protein
motorsthat carry weights much larger than their own [21, 28].
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Multiagent control can balance competing goalsto help such
robots achieve robust behaviors.
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