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Abstract
We consider cognitive factories with multiple teams of heterogenous robots, and address two key challenges of these domains,
hybrid reasoning for each team and finding an optimal global plan (with minimum makespan) for multiple teams. For hybrid
reasoning, we propose modeling each team’s workspace taking into account capabilities of heterogeneous robots, embedding
continuous external computations into discrete symbolic representation and reasoning, not only optimizing the makespans of
local plans but also minimizing the total cost of robotic actions. To find an optimal global plan, we propose a semi-distributed
approach that does not require exchange of information between teams but yet achieves on an optimal coordination of
teams that can help each other. We prove that the optimal coordination problem is NP-complete, and describe a solution
using automated reasoners. We experimentally evaluate our methods, and show their applications on a cognitive factory with
dynamic simulations and a physical implementation.

Keywords AI reasoning methods · Optimal global planning · Hybrid reasoning · Coordination of multiple teams · Intelligent
and flexible manufacturing

1 Introduction

Multiple teams of robots with heterogeneous capabilities are
commonly employed to complete a task in a collaborative
fashion in many application domains, ranging from search
and rescue operations to exploration/surveillance missions,
service robotics to cognitive factories. In these domains, the
goal is for all teams to complete their tasks as soon as pos-
sible, and should the need arise, teams help each other by
lending robots.

In this paper, we consider cognitive factories with multi-
ple teams of heterogeneous robots. Cognitive factory con-
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cept (Zaeh et al. 2009; Erdem et al. 2012b) is a novel
paradigm proposed to enhance productivity and ensure eco-
nomic sustainability and growth in the manufacturing sector.
Aimed towards highly flexible and typically small tomedium
size manufacturing plants, these factories are equipped with
multiple teams of heterogeneous manufacturing tools, such
as dexterous mobile manipulators. Since these factories are
endowed with high-level reasoning capabilities, they can
rapidly respond to changing customer needs and customiza-
tion requests, and produce a large variety of customized
products even in low quantities. Consequently, cognitive fac-
tories provide an ideal compromise between the flexibility of
human workshops with cost-effectiveness of mass produc-
tion systems.

In the context of cognitive factories, we address two
key challenges of such domains including teams of hetero-
geneous robots: hybrid reasoning (combining discrete task
planning with continuous feasibility checks and perception)
for each team and finding an optimal global plan (with mini-
mummakespan) formultiple teams. In particular, we propose
to use state-of-the-art automated reasoners (i) to endow each
heterogeneous robot teamwith high-level reasoning capabil-
ities in the style of cognitive robotics, such that each team
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becomes capable of planning their own actions; and (ii) to
coordinate robot exchanges among the teams to ensure an
optimal global plan. Both problems, planning for a team
of robots and finding a coordination for multiple teams of
robots, are shown to be NP-hard (Erol et al. 1995; Erdem
et al. 2013).

For hybrid reasoning, we emphasize several core charac-
teristics of cognitive factories, such as existence of hetero-
geneous robots with varying capabilities, ability of robots
to execute concurrent actions, existence of complex (state/
temporal) constraints/goal conditions, and provide a compu-
tational framework to find feasible and optimal local plans
for each team. The proposed method is based on our ear-
lier works on hybrid planning (Erdem et al. 2011, 2016b)
utilizing expressive nonmonotonic logic-based formalisms
that allows us to embed external computations in continuous
spaces, and the use of automated reasoners.

This paper extends our earlier studies on Cognitive Fac-
tories (Erdem et al. 2012b) to include hybrid reasoning. In
particular, by combining discrete task planning with contin-
uous feasibility checks and perception, we address existence
of static/dynamic obstacles in the domain. For performing
feasibility checks, we utilize pre-computation approach to
embed information about static obstacles perceived by an
RGB-D camera into the domain description, while we rely
on guided replanning to account for possible robot-robot col-
lisions (Erdem et al. 2016b). Furthermore, we extend the
domain to model heterogeneity of robots and conduct var-
ious optimizations on local plans. In particular, in addition
to finding a local plan with minimum makespan, we further
optimize the total cost of this plan by considering several
other objectives relevant in cognitive factories: to minimize
the number of robotic actions or to ensure that actions in a
team are executed as early as possible or to minimize fuel
consumption.

For finding an optimal global plan (with minimum
makespan) for multiple teams, we advocate the use of a semi-
distributed approach to protect privacy of workspaces and to
reduce message-passing and computational effort. Privacy is
a concern in micro manufacturing plants that specialize on
prototyping pre-release products, while reduction of com-
munication among teams may be preferable when the means
of communication is lossy or costly. Furthermore, a semi-
distributed approach is advantageous in that it reduces the
size of the global domain into manageable pieces, and pro-
vides a solution methodology that can utilize parallelization
of computations.

To find an optimal global plan, we capitalize on the fact
that each team is capable of hybrid reasoning, and use auto-
mated reasoners to find an optimal coordination as in our
earlier work on optimal decoupled planning (Erdem et al.
2013). This paper extends our earlier study on coordina-
tion between teams of robots, by considering heterogeneous

capabilities of robots and generalizing the formal framework
(including definitions, mathematical modeling and formal-
izations) accordingly. We also prove that, with the addition
of heterogeneity in teams and robot exchanges, the complex-
ity of the coordination problem does not get harder than the
case with homogeneous teams; that is, we show that the coor-
dination problem is still NP-hard.

We use state-of-the-art automated reasoners to solve both
the hybrid planning and coordination problems. In par-
ticular, we propose to utilize Answer Set Programming
(ASP) (Brewka et al. 2011) for reasoning, as its underly-
ing non-monotonic semantics is general enough to represent
the computational problems of interest and it provides very
efficient solvers, such as Clasp (Gebser et al. 2007). ASP
can handle many challenges: concurrency, the frame prob-
lem (McCarthy and Hayes 1969), the qualification problem
(McCarthy 1980), ramifications (Finger 1986), nondeter-
minism, etc., while its efficient solvers can solve planning
problems, whichmay involve complex goals and constraints,
and perform optimizations. Furthermore, while computing
a (discrete) plan, some feasibility checks (such as geomet-
ric/kinematic constraints on continuous trajectories) can be
embedded in domain description, to ensure feasible (e.g.,
collision-free) plans.

Using ASP, we show applications of our hybrid reasoning
and coordination approach through a case study of a cognitive
toy factory, by means of dynamic simulations and phys-
ical implementation using KuKa youBots and Lego NXT
robots. In these applications, local feasible plans with min-
imum makespans are further optimized by minimizing the
total cost of actions with respect to three different action cost
functions. We also investigate the scalability of our overall
approach of hybrid reasoning and coordination, by means
of some experiments in this domain. We observe that, since
our approach allows utilization of parallelization, many large
problems (e.g., involving 16 teams, 144 robots of 4 types,
upto 32 robot transfers,withmakespan upto 29) can be solved
in a few minutes.

This article is a significant extension of our paper (Sari-
batur et al. 2014) presented at 2014 IEEE/RSJ International
Conference on Intelligent Robots and Systems, with com-
plexity, correctness and completeness results, algorithms,
and extensive experimental evaluations.

2 Related work

Our work on coordination of teams to find a global plan
is similar to works on decoupling plans of multiple agents
to coordinate their actions (de Weerdt and Clement 2009)
in that local plans are computed by agents and then com-
bined in order to compute a global plan. In these related
works, a conflict-free coordination is ensured by specifying
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social laws before local planning (Shoham and Tennenholtz
1995; ter Mors et al. 2004) or putting restrictions on local
plans to be able to merge them or synchronize them into
a global plan (Yang et al. 1992; Foulser et al. 1992; Stuart
1985;Georgeff 1988), or by exchanging informationbetween
teams about their partial plans or goals (ter Mors et al. 2004;
Decker and Lesser 1994; Alami et al. 1998). Our method is
different from these works in that no restrictions are put on
the order of actions for local planning of each team, and that
teams do not exchange information about their plans or goals
with each other. Indeed, each team communicates with the
mediator, but by only answering the mediator’s yes/no ques-
tions; so the teams do not have to share private information
with each other. After the mediator informs the teams about
when they are expected to lend/borrow robots, each team
computes optimal local plans (with minimum makespans,
and possibly with some other optimizations of total action
costs); so no social law or restriction is enforced on the order
of robotic actions for local plans.Moreover,wedonot assume
that all teams are in the same workspace, or all robots are of
the same sort. Unlike these related work, our goal is not to
find any coordination of teams that would allow decoupling
of their local plans, but to find a coordination of teams for an
optimal global plan (with minimum makespan); therefore,
we also consider exchange of robots between teams.

The mediator in our approach is a neutral coordinator like
in Ehtamo et al. (1999); however, it does not negotiate with
the teams or try to resolve conflicts as in Dovier et al. (2009)
but simply gathers information from them to find an optimal
global solution. Unlike in the existing works on task assign-
ment and scheduling (Tan and Khoshnevis 2000; Hooker
2005; Luo et al. 2013; Gombolay et al. 2013), the media-
tor does not try to assign/schedule tasks but only informs the
teams about when they are expected to lend/borrow robots.

In our approach, the teams do not communicate with
each other, and the mediator does not know anything about
the teams’s goals, tasks or workspaces; this aids privacy
in some applications. In that sense, our work has similar
motivations with studies on privacy preserving multi-agent
planning (Brafman and Domshlak 2008; Torreño et al. 2012,
2015; Bonisoli et al. 2014; Maliah et al. 2014; Brafman
2015). In these related work, there is usually some classi-
fication of actions as private or public actions and/or some
communication of partial plans of public actions. In our
approach, all teams’ actions are private.

Although robots can be considered as shared resources
in our approach since they are borrowed/lent between
teams, our work is different from the existing approaches
on resource allocation in a multi-agent time-constrained
domain (Sycara et al. 1991;Chevaleyre et al. 2006;Lin 2011),
because the mediator does not require any information about
local plans, ordering constraints on actions, or causal links,
to decide for resource allocation. Although robot exchanges

modifies the teams, our work is different from the works
on team formation (Nair et al. 2002; Gaston and desJardins
2008) as well, because our method does not aim for decid-
ing how or when to join teams. Although each team utilizes
feasibility checks, like collision checks, our work is different
from various works onmulti-robot motion planning (LaValle
and Hutchinson 1998; Desaraju and How 2012; Turpin et al.
2013), because our method also considers task planning.
Also, it is not specific to path finding as in Velagapudi et al.
(2010).

Another important aspect of our approach to finding opti-
mal global plans, and its difference from the related work
discussed above, is its hybrid nature. Integration of task
planning with motion planning has been studied by various
researchers in the recent years. Some of these related work
integrates task planning with feasibility checks at the rep-
resentation level (Caldiran et al. 2009; Hertle et al. 2012;
Erdem et al. 2011, 2012a; Havur et al. 2013, 2014; Gaschler
et al. 2013) and some at the search level (Gravot et al. 2005;
Hauser and Latombe 2009; Plaku and Hager 2010; Wolfe
et al. 2010; Kaelbling and Lozano-Pérez 2013; Srivastava
et al. 2014; Lagriffoul et al. 2014; Dantam et al. 2016). At
the search level, the integration takes advantage of a search
algorithm to incrementally build a task plan, while checking
its kinematic/geometric feasibility at each step by a motion
planner; all these approaches use different methods to uti-
lize the information from the task-level to guide and narrow
the search in the configuration space. In this way, the task
planner helps the search process during motion planning. At
the representation level, the integration is done via a general
interface using “external atoms” [in the spirit of semantic
attachments in theorem proving (Weyhrauch et al. 1978)]
in the representation of the robotic domain. So, instead of
guiding the task planner at the search level by manipulating
its search algorithm directly, the motion planner guides the
task planner at the representation level by means of external
atoms. A detailed discussion about these works can be found
in Erdem et al. (2016b). Our approach to hybrid planning
in this study is at the representation level using ASP, like
in Erdem et al. (2012a) and Havur et al. (2014).

Note that the related work on integration at search level
focus on hybrid planning for a single robot. Most of the
related work on integration at representation level, except
for our earlier studies, also focus on hybrid planning for a
single robot; our earlier studies (Erdem et al. 2012a) con-
sider hybrid planning for a team of multiple robots. Unlike
these related work, we focus on hybrid planning with multi-
ple teams of heterogeneous robots.

This article significantly extends our earlier works (Erdem
et al. 2013; Saribatur et al. 2014). Indeed, Saribatur et al.
(2014) extends our earlier study (Erdem et al. 2013) by con-
sidering heterogeneous capabilities of robots and generalizes
the formal framework (including definitions, mathemati-
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cal modeling and formalizations) accordingly. This article
further extends (Saribatur et al. 2014) with complexity, cor-
rectness and completeness results, algorithms, and extensive
experimental evaluations.

3 Answer set programming

The idea of Answer Set Programming (ASP) (Brewka et al.
2011) is to represent a problem as a “program”whosemodels
[called “answer sets” (Gelfond and Lifschitz 1991)] corre-
spond to the solutions. The answer sets for the given program
can then be computed by special implemented systems called
ASP solvers, such as Clasp (Gebser et al. 2007), which
has recently won first places at various automated reason-
ing competitions. Due to the continuous improvement of the
ASP solvers and highly expressive representation language
ofASP,ASPhas been applied to awide rangeof areas, includ-
ing industrial applications (Nogueira et al. 2001; Tiihonen
et al. 2003; Ricca et al. 2012) and robotics (Erdem et al.
2016a).

In this study, we use ASP for modeling action domains
and combinatorial search problems, and an ASP solver as an
automated reasoner.We considerASPprograms [i.e., nondis-
junctive hex programs (Eiter et al. 2005)] that consists of
rules

Head ← A1, . . . , Am, not Am+1, . . . , not An

where n ≥ m ≥ 0, Head is an atom or ⊥, and each Ai is an
atom or an external atom. A rule is called a fact ifm = n = 0
and a constraint if Head is ⊥.

An external atom is an expression of the form

&g[y1, . . . , yk](x1, . . . , xl)

where y1, . . . , yk and x1, . . . , xl are two lists of terms (called
input and output lists, respectively), and &g is an external
predicate name. Intuitively, an external atom provides a way
for deciding the truth value of an output tuple depending on
the extension of a set of input predicates. External atoms
allow us to embed results of external computations into ASP
programs. They are usually implemented in a programming
language of the user’s choice, like C++. For instance, the
following rule

⊥ ← at(r , loc1, t), goto(r , loc2, t),
not &path_exists[loc1, loc2]() (1)

is used to express that, at any step t of the plan, a
robot r cannot move from loc1 to loc2 if there is no
collision-free trajectory between them. Here collision check
is done by the external predicate &path_exists, which can,

for instance, implemented in C++, utilizing the bidirec-
tional RRT (Rapidly Exploring Random Trees) (Kuffner and
LaValle 2000a) as in the OMPL (Sucan et al. 2012) library.

In ASP, we use special constructs to express cardinality
constraints (e.g., a team needs at least two robots at time step
t) or optimization statements (e.g., a plan is optimized by
minimizing the total cost of actions).

Recall that a plan P of makespan n is a sequence
〈a0, a1, . . . , an−1〉 of n actions. Each action ai may consist
of a single action, e.g.,

a2 = {goto(R1, A, 2)},

which describes R1 going to location A at time step 2, or a
set of actions executed concurrently, e.g.,

a5 = {goto(R1, A, 5), goto(R2, B, 5)},

which describes R1 going to location A while R2 going to
location B at time step 5.

For instance, suppose that the cost of a robot r performing
an action is defined by a cost function cost that maps every
robot r to a nonnegative integer c. Let us denote by robP (t)
the set of robots that are involved in executing an action
at time step t of a plan P . Assume that costs c of actions
performed by robot r at time step t in a plan are defined by
atoms of the form cost(r , c, t). We can ensure that the sum
of all costs of robotic actions performed in a plan P whose
makespan is n, i.e.,

∑

0≤t<n,r∈robP (t)
cost(r),

is less than some given number k by the following constraint:

← #sum {c, r , t : cost(r , c, t)} ≥ k.

We can minimize the total cost function by the following
optimization statement:

#minimize {c, r , t : cost(r , c, t)}. (2)

4 Hybrid reasoning for a team of
heterogeneous robots

We find optimal feasible plans for a team of heterogeneous
robots, using ASP as follows.

4.1 Actuation actions

To compute a task plan by an ASP solver, actions of a
robot are described by rules. For instance, the following rule
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describes a direct effect of a “goto” action of a mobile robot
r navigating to a location loc in the cognitive factory floor at
time step t :

at(r , loc, t + 1) ← goto(r , loc, t).

It expresses that, after r goes to loc, the location of r changes
to loc at the next time step t + 1.

The following constraint expresses a precondition of
“goto” action (i.e., a robot cannot goto a location if it is
already there):

← goto(r , loc, t), at(r , loc, t).

In a similar way, we can describe indirect effects, state
constraints and transition constraints in ASP (Erdem et al.
2016a).

4.2 Heterogeneous robots

Suppose that in a cognitive factory there are two types of
worker robots: wet robots (that are liquid resistant), and dry
robots. Wet robots can do all the actions, such as painting
and stamping, whereas dry robots can only do stamping.
In the presence of such heterogeneous robots with differ-
ent capabilities, preconditions of actions should be specified
accordingly. For instance, consider the action of a robot r
painting a product b at time step t .We can describe the effects
of this action in ASP by the rules:

painted(b, t + 1) ← paint(r , b, t)

and its precondition that dry robots cannot paint, by the rules:

← paint(r , b, t), dry(r).

In this way, we can specify which actions cannot be executed
by which sort of robots.

4.3 Hybrid reasoning

There are four different methods of integrating an exter-
nal computation (e.g., feasibility checks or object detection)
in an action domain description for hybrid reasoning, as
described in Erdem et al. (2016b): (i) Pre-computation (Pre):
external computations are done for all possible cases in
advance and then this information (e.g., maintained as a
set of facts) is embedded in an action domain description
via external atoms, (ii) Interleaved computation (Int): exter-
nal computations are directly embedded in an action domain
description via external atoms so that external computations
are done when they are needed during the search for a plan,

(iii) Replanning (Repl): external computations for feasibil-
ity checks are done after a plan is computed and if the
plan is found infeasible then a new plan is computed, (iv)
Guided replanning (Grepl): similar to the previous strat-
egy of replanning but a new plan is computed subject to the
constraints obtained from previous feasibility checks. If the
robotic application involves various external computations,
thenwe can construct different levels of integration by decid-
ing for an appropriate combination of methods for them, e.g.,
as in Erdem et al. (2011).

Consider, for instance, a workspace in a cognitive factory,
with some obstacles.

With the method Pre for integration: An object detection
algorithmcanbeused to identify all locations loc occupiedby
these obstacles, and the results of this external computation
can be embedded into the formulation of a state constraint
expressing that a robot r cannot be at a location loc occupied
by an obstacle at any time step t :

← at(r , loc, t),&obstacleAt[loc]()

where &obstacleAt is an external predicate whose value is
determined by an object detection algorithm (Duff et al.
2013) using Point Cloud Library over data obtained by an
RGB-D camera. We can also express a transition constraint
to avoid collisions of robots with obstacles while the robots
move from one location loc1 to another loc2 along grid lines
or diagonally to follow straight trajectories:

← at(r , loc1, t), goto(r , loc2, t),
&collision[r , loc1, loc2]().

Here the external predicate collision checks for such colli-
sions using Open Dynamics Engine (ODE).

Note that, since we view the environment as a grid and
consider polygonal holonomic robots navigating along grid
lines or diagonally to follow straight trajectories, the colli-
sion checks are complete. In that sense, adding the constraint
above does not cause the hybrid planning to become incom-
plete (see Sect. 4.5 for further discussions on completeness).

With the method Int: We can interleave collision checks
of robots with static obstacles, into automated reasoning so
that checks are done as needed, as described in the previous
section [see constraint (1)]. We can also interleave collision
checks of robots with movable obstacles:

← not &path_exists_dynamic[goto, at]().

The external predicate path_exists_dynamic gets as input the
set of atoms of the form goto(r , loc, t) (describing which
robot is moving where at time step t) and of the form
at(r , loc, t) (describing the locations of all robots at time
step t). It returns true if and only if, for each time step and
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each robot, there is a collision-free motion plan from the
location given by at at step t to the location given by goto
at step t .

With the method Grepl: After computing a plan, we can
check for collisions of robots, using the external computa-
tions provided by ODE. If the plan is found infeasible, then
we can identify which actions c are being executed at which
state s when a collision occurs. Based on this information,
we can ask for a new plan which does not involve execu-
tion of c at s, by adding a constraint to the planning problem
description. For instance, if it is found by collision checks
that two robots R1 and R2 cannot cross each other diagonally
between locations A and B, then we can add the following
constraint to the planning problem

← at(R1, A, t), at(R2, B, t),
at(R1, B, t + 1), at(R2, A, t + 1)

to guide theASP solver to find a newplanwhere the robots R1

and R2 do not exchange their locations A to B, respectively,
at any time t .

As noted above, since the polygonal holonomic robots
navigate along grid lines or diagonally to follow straight tra-
jectories, the collision checks are complete in this domain.
In that sense, adding the constraint above does not cause the
hybrid planning to become incomplete (see Sect. 4.5).

4.4 Optimal planning

As explained in the previous subsections, once the actions
and capabilities of heterogeneous robots are described, with
the hybrid reasoning methods, we can find feasible plans
for a team of heterogeneous robots. To find optimal feasible
plans, wemodel optimization problems in ASP (as described
in Sect. 3) with respect to different optimization functions.

To find a shortest plan P = 〈a0, a1, . . . , an−1〉, whose
length is n (i.e., a plan with minimum makespan n), we can
perform a linear search on the makespan n between a lower
bound and an upper bound (e.g., n = 0, 1, . . . , k for some
large integer k) as suggested in Trejo et al. (2001). Alterna-
tively, we can minimize the time step to reach a goal:

#minimize {t : goal(t)}

where goal(t) expresses that the goal conditions are satisfied
at time step t .

Once we find the length of a shortest plan, we can fur-
ther optimize the plan, e.g., by trying to minimize the total
cost of actions in a shortest plan. For instance, if the cost of
every robotic action is defined as 1, then we canminimize the
number of actions by the constraint (2). This may be useful
for eliminating redundant actions executed in parallel with
necessary actions.

Action costs can be defined as functions that depend on
time. For instance, by defining the cost of all actions executed
at time step t as t + 1, we can ensure execution of actions as
early as possible.

We can also define the cost of an action by estimating its
duration or by the distance traveled. For instance, the fol-
lowing rule estimates the duration of the action of a robot r
moving from location loc1 to another location loc2 by an
external function time_estimate:

cost(r , c, t) ← at(r , loc1, t), goto(r , loc2, t),
&time_estimate[r , loc1, loc2](c).

The external function time_estimate estimates the duration in
terms of a continuous trajectory for r between loc1 and loc2
computed by a motion planner, as in Erdem et al. (2012a).

Note that, in a cognitive factory, finding local plans with
shortest makespans helps minimizing the delivery lead time
for a customized order. Further optimizations help improving
robustness (e.g., by ensuring that critical processes are exe-
cuted as early as possible), and conserve energy and achieve
cost-effectiveness (e.g., by minimizing the total energy con-
sumption estimates of certain processes).

4.5 Discussion: completeness and optimality

The proposed hybrid planning approach inherits its com-
pleteness and optimality properties from both the high-level
reasoning and the low-level feasibility checks.

4.5.1 Completeness

The main high-level reasoning task involved in hybrid plan-
ning is task planning. The completeness analysis of task
planning algorithms is usually done with respect to a param-
eterized task planning problem, where an upper bound k is
specified as an input on the makespan (i.e., the plan length)
or the total cost of actions. A task planning algorithm that is
designed to compute a task plan (to reach a goal state from
the initial state) whosemakespan is at most k is (k-)complete,
if the algorithm computes such a task plan (if one exists) or
it finds out that there is no such task plan.

There are various types of feasibility checks, for instance,
to ensure stability, graspability or collision-free motion of
robots. The most commonly employed low-level feasibil-
ity check involved in hybrid planning is motion planning
that checks for the existence of a collision-free trajectory
for a navigating robot to move to a location to another or
a manipulator to reach a target item. The completeness of
motion planning algorithms can be characterized into com-
plete (Canny 1988), resolution complete (Latombe 1991)
and probabilistically complete methods (Kavraki et al. 1996;
Kuffner and LaValle 2000b). In the latter two cases, the com-
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pleteness analysis is performed under the assumption that
the resolution or sample size approaches infinity (i.e., that
the algorithm may not terminate at all), making it hard to
analyze the completeness of the implemented motion plan-
ning algorithms that terminate when they reach the specified
upper bound on time, resolution size or sample size.

Like in task planning, we propose to analyze the com-
pleteness of such underlying low-level feasibility checks
with respect to a parameterized motion planning problem,
where an upper bound m is specified as an input to spec-
ify the resolution size (if the motion planning algorithm
is cell-decomposition based) or the sample size (if the
motion planning algorithm is deterministic sampling based).
A motion planning algorithm to compute a motion plan (to
reach a goal configuration from the initial configuration)
over a finite configuration space with a resolution or sample
size of at most m is (m-)complete, if the algorithm com-
putes a motion plan in that finite configuration space (if a
motion plan exists in that finite configuration space) or it
finds out that there is no motion plan in that finite configura-
tion space. Note that as the parameter m approaches infinity,
(m-)completeness leads to resolution or probabilistic com-
pleteness.

Having defined the completeness of task planning algo-
rithms and motion planning algorithms with respect to
parameterized versions of task planning problem and motion
planning problem, we can analyze the completeness of our
hybrid planning algorithm more clearly, in the spirit of the
proof of Theorem 1 of Dantam et al. (2016).

(i) The ASP-based high-level reasoning approach used for
task planning in our hybrid planning method is k-
complete (Giunchiglia et al. 2004, Proposition 11) (i.e.,
all task plans whose makespans are less than a given
upper bound can be computed, if there exists such a task
plan; otherwise, it terminates with no plan). Moreover,
this approach cangenerate optimal taskplanswith respect
to a given action cost function (i.e., task plans with min-
imum total cost of actions).

(ii) If the motion planning algorithm used for feasibility
checks is m-resolution complete, then our hybrid plan-
ner can compute all task plans whose makespans are at
most k and whose feasibility are verified with respect to
a resolution size of at most m. In this case, we say that
our hybrid planner is km-resolution complete under the
basic connectivity assumption.

(iii) If the motion planning algorithm used for feasibility
checks is m-probabilistically complete, then our hybrid
planner can compute all task plans whose makespans are
atmost k andwhose feasibility are verifiedwith respect to
a deterministic sampling size of at most m. In this case,
we say that our hybrid planner is km-probabilistically
complete under the basic connectivity assumption.

As the values of the parameters k andm change, the size of the
combined search space changes, and thus the completeness
of the hybrid planning algorithm.

Note that, in general, the basic connectivity assumption,
as defined in Dantam et al. (2016), is required to guarantee
completeness of hybrid planning, as it ensures that collision-
free trajectories computed for consecutive actions of the task
plan are compatible with each other.

In the application of our hybrid planning approach to
cognitive factories, we view the environment as a grid and
consider polygonal holonomic robots navigating along grid
lines or diagonally to follow straight trajectories so that the
robots do not collide with static obstacles or with each other.
Therefore, the feasibility checks can be performed simply
with complete algorithms. On the other hand, since the envi-
ronment is viewed as a grid, the makespan for task plans is
considered a large enough number so as to make ASP-based
task planning complete. Furthermore, basic connectivity is
trivially satisfied. Then, our hybrid planning algorithm with
a large enough upper bound onmakespan becomes complete.

4.5.2 Optimality

Our hybrid planning approach considers optimality in terms
of minimizing the makespan or the total cost of actions, pro-
vided that an upper bound k is given on the makespan or the
total cost of actions. The ASP-based task planning is guar-
anteed to find an optimal task plan, whose makespan or the
total cost is atmost k, with respect to these optimization func-
tions, if such a task plan exists. Therefore, if the feasibility
checks are m-complete, then the hybrid planning approach
is optimal with respect to the upper bounds k and m.

In our application of the hybrid planning approach to
cognitive factories, since the hybrid planning algorithm is
complete, optimal hybrid plans are computed.

5 Coordination of multiple teams for an
optimal global plan

We consider multiple teams of n types of robots, where each
team is given a feasible task to complete in its workspace
on its own using hybrid reasoning as described above, and
where teams are allowed to transfer robots between each
other. The goal is to find an optimal feasible global plan for
all teams so that all tasks can be completed as soon as possible
within at most k steps, where at most mx robots of type x
can be transferred between any two teams, and subject to the
following constraints as in Erdem et al. (2013):

C1 Teams do not know about each other’sworkspace or tasks
(e.g., for the purpose of privacy in micro manufacturing
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plants that specialize on prototyping pre-release prod-
ucts).

C2 Lending/borrowing robots betweenworkspaces back and
forth is not desired (e.g., transportation of robots is
usually costly, also, since tasks may be different in
workspaces, robots need some tuning). Also, for simi-
lar reasons, robots can be transferred between two teams
in a single batch.

To find a coordination of teams for such an optimal feasi-
ble global plan, we consider a semi-distributed approach as
in Erdem et al. (2013): a mediator gathers information from
the teams to find a coordination for an optimal global plan
(with minimum makespan); and then necessary information
about this coordination is passed to each team so that they
can utilize this information as part of their hybrid reasoning
to find optimal feasible local plans. The mediator does not
know anything about the workspaces of teams. To extend this
approach to heterogeneous robots, we generalize the formal
framework as follows.

5.1 Querying teams

The mediator asks yes/no questions of the following three
forms to every team (in any order), for every l ≤ k, l ≤ l and
m ≤mx , x ≤ n:

Q1 Can you complete your task in l steps?
Q2 Can you complete your task in l steps, if you lend m

robots of type x before step l?
Q3 Can you complete your task in l steps, if you borrow m

robots of type x after step l?

These questions are more general than the ones in Erdem
et al. (2013) due to consideration of heterogeneous robots;
computing an answer for eachquestion is stillNP-hard.These
questions can be further generalized, considering different
combinations of types of robots that are lent or borrowed.
We do not consider such generalizations, for computational
efficiency purposes. Therefore,

C3 Teams can borrow/lend robots of the same sort.

5.2 Inferring knowledge about robot transfers

From teams’ answers to these yes/no questions posed by the
mediator, the following can be inferred:

– If there is a team that answers “no" to every question,
then there is no overall plan of length l where every team
completes its own tasks.

– Otherwise, we can identify sets Lendersx ⊂ Lenders
of lender teams that can lend robots of type x and

sets Borrowersx ⊂ Borrowers of borrower teams
that needs to borrow robots of type x , where x ≤ n
(Lenders,Borrowers ⊂ Teams): If a team answers no
to question Q1 and “yes" to question Q3 for some l,m
and x , then it is a borrower for robot type x . If a team
answers “yes" to question Q1 and “yes" to question Q2
for some l,m and x , then it is a lender for robot type x .

– For every lender (resp., borrower) team, from its answers
to queries Q2 (resp., Q3), we can identify the earliest
(resp., latest) time it can lend (resp., borrow) m robots of
type x , x ≤ n, in order to complete its tasks in l steps.

For every l ≤ k, these inferences can be used to decide
whether lenders and borrowers can collaborate with each
other, so that every team completes its task in l steps as fol-
lows.

5.3 Coordination of teams

First, let us identify the earliest lend times and latest borrow
times by a collection of partial functions:

Lend_earliestm,x : Lendersx 
→ {0, . . . , l}
Borrow_latestm,x : Borrowersx 
→ {0, . . . , l}

Usually transferring robots from one team to another team
takes some time, not only due to transportation but also due
to calibration of the robots for a different workspace. Let us
define such a delay time by a function:

Delay : Lenders × Borrowers × {1, . . . , n} 
→ {0, . . . , l}.

Next, let us define when a set of lender teams can collab-
orate with a set of borrower teams.

Definition 1 An nml-collaboration between Lenders and
Borrowers with at most m = max{mx } robot transfers, with
n types of robots, andwithin atmost l steps, relative toDelay,
is a partial function

f : Lenders × Borrowers × {1, . . . , n} 
→
{0, . . . , l} × {0, . . . ,m}

(where f (i, j, x)= (l, u) denotes that team i lends u robots
of type x to team j at time step l) such that the following
hold:

(a) For every borrower team j ∈Borrowersx , there are some
lender teams i1, . . . , is ∈ Lendersx , x ≤ n, where the fol-
lowing two conditions hold:

– f (i1, j, x) = (l1, u1), . . . , f (is, j, x)= (ls, us) for
some time steps l1, . . . , ls ≤ l, some positive inte-
gers u1, . . . , us ≤ mx , and some type x ,
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– Delay(i1, j, x)= t1, . . . ,Delay(is, j, x)= ts for
some time steps t1, . . . , ts ≤ l;

and there is a positive integer m ≤mx such that

max{l1 + t1, . . . , ls + ts} ≤Borrow_latestm,x ( j)

m ≤
∑s

k = 1
uk .

(b) For every lender team i ∈ Lendersx , for all borrower
teams j1, . . . , js ∈Borrowersx , x ≤ n, such that

f (i, j1, x)= (l1, u1), . . . , f (i, js, x)= (ls, us)

for some time steps l1, . . . , ls ≤ l, some positive integers
u1, . . . , us ≤ mx , and some type x , there is a positive
integer m ≤ mx such that

Lend_earliestm,x (i)≤ min{l1, . . . , ls}
m ≥

∑s

k = 1
uk .

Condition (a), which ensures that a borrower team does
not borrow fewer robots than it needs, and Condition (b),
which ensures that a lender team does not lend more robots
than it can, together entail the existence of a lender team that
can lend robots when a borrower team needs them.

Now we are ready to precisely describe the computa-
tional problem of finding a coordination of multiple teams
of heterogeneous robots, to complete all the tasks as soon as
possible in at most l steps where at most m robots can be
relocated:

FindCollaboration_n
Input: For a set Lenders of lender teams, a set Borrowers
of borrower teams, positive integers n, l and mx , x ≤ n:
a delay function Delay and a collection of functions
Lend_earliestm,x and Borrow_latestm,x for every pos-
itive integer m ≤ mx , x ≤ n.
Output: A nml-collaboration between Lenders and
Borrowers with at most m = max{mx } robot transfers,
with at most n types of robots, and within at most l steps,
relative to Delay.

As expected, FindCollaboration_n is NP-hard even
when the robots are homogeneous (assuming that P �= NP).

Example 1 Consider five teams of robots, where Teams 1
and 2 are lenders and Teams 3, 4 and 5 are borrowers. Sup-
pose that there are two types of robots (i.e., n = 2). Take
l = 8,m1 = 3,m2 = 3. The lenders’ answers to questions
of the form Q2 (“Can you complete your task in l steps, if
you lend m robots of type x before step l?”) and the borrow-
ers’ answers to questions of the formQ3 (“Can you complete
your task in l steps, if you borrow m robots of type x after
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Fig. 1 Asummaryof teams’ answers to queriesQ2andQ3 inExample 1

step l?”) are summarized in Fig. 1. The affirmative (resp.,
negative) answers to questions for time step l are denoted by
green/solid (resp., red/hatched); the number m of robots that
can be lent or needs to be borrowed are denoted above the
rows.

According to these answers, Team 1 can lend at most 2
robots of type 1 after step 3, or 3 robots after step 7. Team 2
can only lend 1 robot of type 2 after step 2. Team 3 needs to
borrow at least 1 robot of type 1 before step 5, or 3 robots of
type 1 before step 7. Team 4 needs to borrow at least 1 robot
of type 1 before step 6, 2 robots of type 2 before step 3, or
3 robots of type 2 before step 5. Team 5 needs to borrow at
least 1 robot before step 7.

Suppose that the delay function is Delay(i, j, x) =|i− j |.
Then an nml-collaboration f exists between the lenders (i.e.,
Teams 1 and 2) and the borrowers (i.e, Teams 3–5) with at
most m = max{mx } = max{3, 3} = 3 robot transfers, with
n = 2 types of robots, and within at most l = 8 steps, relative
to the delay function Delay:

f (1, 3, 1) = (3, 1), f (1, 4, 1) = (3, 1), f (2, 5, 2) = (2, 1).

Indeed, f satisfies the conditions (a) and (b) of Definition 1:

(a) For Team 3, Team 1 can lend 1 robot of type 1 at time
step 3 (i.e., f (1, 3, 1) = (3, 1)). Then, even with the
delay of 3 − 1 = 2 units, Team 3 can finish its task in
less than 8 steps:

max{3 + 2} = 5≤ 5=Borrow_latest1,1(3).

For Team 4, Team 1 can lend 1 robot of type 1 at time
step 3 (i.e., f (1, 4, 1) = (3, 1)). Then, even with the
delay of 4 − 1 = 3 units, Team 4 can finish its task in
less than 8 steps:
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max{3 + 3} = 6≤ 6=Borrow_latest1,1(4).

For Team 5, Team 2 can lend 1 robot of type 2 at time
step 2 (i.e., f (2, 5, 2) = (2, 1)). Then, even with the
delay of 5 − 2 = 3 units, Team 5 can finish its task in
less than 8 steps:

max{2 + 3} = 5≤ 7=Borrow_latest1,2(5).

(b) Team 1 can lend 2 robots of type 1 at time step 3, 1 robot
to Team 3 and 1 robot to Team 4:

f (1, 3, 1) = (3, 1), f (1, 4, 1) = (3, 1),

and finish its task in less than 8 steps:

Lend_earliest2,1(1) = 3≤ 3 = min{3, 3}.

Similarly, Team 2 can lend 1 robot of type 2 to Team 5
at time step 2:

f (2, 5, 2) = (2, 1),

and finish its task in less than 8 steps:

Lend_earliest1,2(2) = 2≤ min{2}.

5.4 Finding a team coordination is hard

As expected, finding a team coordination as described in the
previous section is intractable but not harder than the one
studied in Erdem et al. (2013) (assuming that P �= NP):

Proposition 1 Existence of an nml-collaboration (i.e., the
decision versionofFindCollaboration_n) isNP-complete.

To prove this proposition, we will need the follow-
ing proposition [essentially, Proposition 1 of Erdem et al.
(2013)]:

Proposition 2 Existence of an nml-collaboration where
n = 1 is NP-complete.

Proof (Proposition 2) Intuitively, the membership proof is
established by guessing and checking f in polynomial time.
The hardness proof relies on a polynomial-time reduction
from a 3SAT instance F with a atoms and b clauses, to
a FindCollaboration_1 problem instance with a lender
teams and b borrower teams with l = 2a and m defined over
the number of occurrences of literals in F , andwith no delays.
Basically, we associate each atomwith two time steps (denot-
ing true resp. false); for each clause we define a borrower that
can complete its work in 2a steps if it can borrow enough
robots for at least one time step corresponding to a literal
in the clause. We create lenders that can give the required

numbers of robots either early (atom is true) or late (atom
is false). We configure the number of robots associated with
each literal such that a borrower’s requirements can only be
satisfied by the correct literals. �

Proof (Proposition 1) We prove the membership as in
the proof of Proposition 2. We prove the hardness by a
polynomial-time reduction from FindCollaboration_1,
which is an NP-complete problem by Proposition 2: consider
one type of robots in FindCollaboration_n. �

5.5 Finding a coordination of teams in ASP

Since the computational problem is NP-complete, ASP is
suitable for solving it: Deciding whether a program in ASP
has an answer set is NP-complete (Dantsin et al. 2001).

Wemodel FindCollaboration_n, subject to conditions
C1–C3, in ASP. The input is represented by a set of facts,
using atoms of the forms delay(i, j, l), lend_earliest(i,m,

l, x), and borrow_latest( j,m, l, x) where 1 ≤ x ≤ n,
i ∈Lendersx , j ∈Borrowersx , m ≤m, l ≤ l.

Condition (a) is defined for each borrower j as follows:

condition_borrower( j, x)←
borrow_latest( j,m, l, x),
#sum{u, i, l1 : f (i, j, l1, u, x),

i ∈ Lendersx , l1 ≤ l, u ≤m} ≥m,

#max{l1 + t, i, u : f (i, j, l1, u, x), delay(i, j, t),
i ∈ Lendersx , l1 ≤ l, u ≤m} ≤ l

where 1 ≤ x ≤ n, j ∈Borrowersx , l ≤ l, m ≤m. The sec-
ond line of the rule above describes that team j needs m
robots of type x by step l. The third and fourth lines express
that the number of robots lent to the borrower team j is at
least m; the last two lines express the latest time step l that
team j borrows a robot of type x . Similarly, we define con-
dition (b) as follows:

condition_lender(i, x)←
lend_earliest(i,m, l, x),
#sum{u, j, l1 : f (i, j, l1, u, x),

j ∈Borrowersx , l1 ≤ l, u ≤m} ≤m
#min{l1, i, u : f (i, j, l1, u, x),

j ∈Borrowersx , l1 ≤ l, u ≤m} ≥ l

where 1 ≤ x ≤ n, i ∈ Lendersx , l ≤ l, m ≤m.
We define an nml-collaboration f , by atoms of the form

f (i, j, l, u, x), describing f (i, j, x) = (l, u), by first "gen-
erating" partial functions f :

{ f (i, j, l, u, x) : l ≤ l, u ≤m}1 ←
(1≤ x ≤ n, i ∈ Lendersx , j ∈Borrowersx )
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and then ensuring that the borrowers can borrow exactly one
type of robot and that lenders can lend at most one type of
robots:

← not 1{fB( j, x) : 1≤ x ≤ n}1 ( j ∈Borrowers)
← 2{fL(i, x) : 1≤ x ≤ n} (i ∈Lenders))

where fB( j, x) and fL(i, x) are projections of f onto j, x and
i, x , respectively. Finallywe “eliminate” the partial functions
that do not satisfy conditions (a) and (b) of Definition 1:

← not condition_borrower( j, x), fB( j, x)
( j ∈Borrowersx , 1 ≤ x ≤ n)

← not condition_lender(i, x)
(i ∈Lendersx , 1 ≤ x ≤ n).

5.6 Decoupling plans for an optimal global plan

Once a coordination of the teams is found for an optimal
value of l, the necessary information of which team lends to
(or borrow from) which other team and when is passed to
each team. Then each team computes an optimal local plan
whose length is less than or equal to l. The optimal global
plan is found by decoupling the optimal local plans.

In this section, we discuss the correctness of our approach.

Proposition 3 Under C1, C2 and C3, for every l,m and n,
there is an nml-collaboration of lenders and borrowers if and
only if there is a collaboration of lenders and borrowers.

Proof (⇒) Assume that there is an nml-collaboration of
lenders and borrowers under C1, C2 and C3. The nml-
collaboration tells which lender should lend how many
number of robots of which type to which borrower at which
step. Since the workspaces of the teams are separate and
the teams execute their local plans according to the nml-
collaboration there is no collision of robots during the
execution of the plans. Therefore the nml-collaboration is
a collaboration of lenders and borrowers.

(⇐) Assume that there is a collaboration of lenders
and borrowers for some l,m and n under C1, C2 and C3.
Since this collaboration satisfies C2 and C3, it means that
lending/borrowing is done in a single batch and the teams
lend/borrow robots of the same type.

Let team i be a lender that lends m1, . . . ,mr robots of
type x to teams j1, . . . , jr at steps l1, . . . , lr , respectively.
Team i can finish its task in at most l steps while it lends
m1 + · · · + mr = m robots. So if Lend_earliestm,x (i) = l,
then l ≤ min{l1, . . . , lr } will hold. Similarly, for a bor-
rower team j that borrowsm1, . . . ,mr robots of type x from
teams i1, . . . , ir at steps l1, . . . , lr , we can conclude that if
Borrow_latestm,x ( j) = l for m = m1 + · · · + mr , then
l ≥ max{l1, . . . , lr }. Also if there is delay between teams we

can determine it by taking the time difference of the step l ′
that team i lends robots to team j and the step l ′′ that team j
borrows robots from team i .

Therefore if there is a collaboration then it satisfies the
conditions for an nml-collaboration. So there is an nml-
collaboration under C1, C2 and C3. �

By incrementing l one by one until k, we can find the
optimal value for the plan length. After finding an optimal
plan length for the teams, each team computes its local plan
regarding the nml-collaboration.

Proposition 4 The union of local plans is a global plan.

Proof Each team computes its local plan with the informa-
tion of at which step how many robots they are suppose to
lend/borrow, stated by the nml-collaboration. Since the con-
straints in the domain description rules out the actions which
would result in collisions, during the execution of the local
plans there won’t be any conflicts.

By taking the union of the local plans, each teamwill con-
currently perform their actions at each step. At the lending
steps, the robots that are lent will move to the bench, which
is a separate area from the workspaces. At the borrowing
steps, the robots will move from the bench to the borrower’s
workspace. The delay between two workspaces are also con-
sidered, so at the borrowing step for the team, the robots will
be available at the bench to enter the workspace.

Since the workspaces of the teams are separate, during the
execution of the plans there won’t be any conflicts between
teams. Therefore the union of the local plans can be deter-
mined as the global plan of the teams. �

5.7 Algorithm for finding an optimal global plan

We introduce an algorithm (Algorithm 1) to find an optimal
global plan of r teams, given the action domain descriptionD,
maximum plan length k, number of types of robots n, max-
imum number of robots mx that can be transferred for type
x (x ≤ n), and the planning problems P1, . . . ,Pr for each
team with initial states and goals.

To find an optimal global plan, first the roles of each
team (lender or borrower) are identified by asking queries of
the form Q1 (Algorithm 2). After that, by gathering yes/no
answers to queries of the forms Q2 and Q3 from every
lender/borrower team, the earliest lend times and the lat-
est borrow times are inferred (Algorithms 3 and 4). Then,
based on these earliest and latest times of robot transfers,
and considering delays of robot transfers, an optimal coordi-
nation among the teams is computed using ASP as described
in Sect. 5.5. Once such a coordination is found for an opti-
mal global plan of length, necessary information about this
coordination is conveyed to each lender or borrower as con-
straints. After that, each team computes its own optimal local
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hybrid plan (as described in Sect. 4) whose length is at most l,
and which satisfies the coordination constraints conveyed to
by the mediator. Finally, these optimal local hybrid plans are
decoupled for an optimal global plan as described inSect. 5.6.
According to Algorithm 1, linear search is used to find the
optimal value of l.

Algorithm 1 Find_Optimal_Global_Plan
Input: An action domain description D, positive integers k, n and mx , x ≤ n,

r planning problems P1,P2, . . . ,Pr (one for each team) with initial states
s1, s2, . . . , sr and goal states g1, g2, . . . , gr , and a transportation delay td

Output: A tuple consisting of, for each team i , a plan P[i] of length at most
l ≤ k, team role role[i], lending/borrowing constraints for each team C[i]

1: plan f ound := f alse;
2: l := 0;
3: while ¬plan f ound ∧ l < k do
4: l = l + 1;
5: role ← DetermineRoles(D,P1, . . . ,Pr , l);
6: if all teams are Borrowers then

//There isn’t a lender team to help the borrower teams
7: continue;
8: end if
9: if all teams are Lenders then

//Every team can complete on its own
10: plan f ound = true;
11: continue;
12: end if
13: for all teams i do
14: if role[i] = Lender then
15: lendm,x [i] ←
16: GatherAnswers_Lend(D,Pi , l, n, m1, . . . ,mn);
17: else
18: borrowm,x [i] ←
19: GatherAnswers_Borrow(D,Pi , l, n, m1, . . . ,mn);
20: end if
21: end for
22: If Find_Coordination(role, l, n,m1, ...,mn ,

23: lendm,x , borrowm,x , td ) then
24: C ← determine constraints from the coordination;
25: plan f ound = true;
26: end while
27: for all teams i do
28: P[i] ← Find_Local_Plan(Di , l,Pi ,Ci );
29: end for

InAlgorithm1, the functionDetermineRoles (described
in Algorithm 2) determines the role of each team for
length l given the action domain descriptionD and the plan-
ning problems of each team. This function asks each team i
for a plan of length l with domain D and planning problem
Pi . If the team can find a plan, then there is a possibility
that the team may be able to lend some of its robots and still
reach its goal state in l steps, so it is identified as a lender.
Otherwise, it is identified as a borrower.

The function GatherAnswers_Lend (described in
Algorithm 3) asks lender teams queries of the form Q2 for
every x ≤ n,m ≤mx and l ≤ l, by updating the domain
description D with Dlend,x which is a description of the
lending action and additional constraints on only allowing
the teams to lend robots of type x only. The constraints are

Algorithm 2 DetermineRoles
Input: An action domain description D, r planning problems

P1,P2, . . . ,Pr (one for each team), positive integer l
Output: team roles, role
1: for all teams i do
2: Ask for a plan of length l with domain D and planning problem

Pi
3: if answer=success then
4: role[i] = Lender;
5: else
6: role[i] = Borrower;
7: end if
8: end for

given to avoid undesired lending actions of other type of
robots. After collecting the answers, the earliest lend time
for each lender team (i.e., the minimum time step l that the
team can lend robots, while completing its tasks within l
steps) is found.

Similarly, for borrowers, GatherAnswers_Borrow
(described in Algorithm 4) asks queries of the form Q3
for every x ≤ n,m ≤mx . This function updates the domain
description D now with Dborrow,x which is a description
of the borrowing action and additional constraints on only
allowing the teams to borrow robots of type x only. The con-
straints are to avoid undesired borrowing actions of other type
of robots. After the answers are collected, the latest borrow
time for each borrower team (i.e., the maximum time step l at
which the team borrows robots, to complete its tasks within
l steps) is found.

Algorithm 3 GatherAnswers_Lend
Input: An action domain description D, planning problem P , positive

integers l, n and mx , x ≤ n
Output: lendm,x for each m ≤ mx , x ≤ n

L1,1, . . . , Lm1,1, . . . , L1,n . . . , Lmn ,n ← empty sets for lend times
of each number of robot type;

1: for all robot types x ≤ n do
2: D ← D ∪ Dlend,x ;
3: for all m ≤ mx do
4: for all l ≤ l do
5: C ← the constraint of lending m robots of type x before

step l;
6: Ask for a plan of length l with domain D and planning

problem P ∪ C ;
7: if answer=success then
8: Lm,x = Lm,x ∪ {l};
9: end if
10: end for
11: lendm,x = min{Lm,x };
12: end for
13: end for

Once the answers are collected and the earliest lend
times and latest borrow times are identified, the function
Find_Coordination tries to find an nml-collaboration. If
a coordination of the teams is found, the constraints of each

123



Autonomous Robots (2019) 43:213–238 225

Algorithm 4 GatherAnswers_Borrow
Input: An action domain description D, planning problem P , positive

integers l, n and mx , x ≤ n
Output: borrowm,x for each m ≤ mx , x ≤ n

B1,1, . . . , Bm1,1, . . . , B1,n . . . , Bmn ,n ← empty sets for borrow
times of each number of robot type;

1: for all robot types x ≤ n do
2: D ← D ∪ Dborrow,x ;
3: for all m ≤ mx do
4: for all l ≤ l do
5: C ← the constraint of borrowing m robots of type x after

step l;
6: Ask for a plan of length l with domain D and planning

problem P ∪ C ;
7: if answer=success then
8: Bm,x = Bm,x ∪ {l};
9: end if
10: end for
11: borrowm,x = max{Bm,x };
12: end for
13: end for

team describing howmany robots of which type they are sup-
posed to lend to (or borrow from) which team at which step
are determined. To find local plans of each team, first, the
domain descriptions are updated according to the constraints
of the team. If a teamhas constraints for lending or borrowing
robots of type x , the domain description D is updated with
Dlend,x orDborrow,x , respectively. Then, the teams are asked
for a local plan given this constraints from the coordination.
The plans gathered from the teams forms the optimal global
plan.

6 Case study: a cognitive toy factory

We consider a toy factory with two teams of robots, where
each team is located in a separate workspace collectively
working toward completion of an assigned task. In particu-
lar, Team 1 manufactures nutcracker toy soldiers through the
sequential stages of cutting, carving and assembling, while
Team 2 processes them by going through stages of painting
in black, painting in color, and stamping. Each workspace is
depicted as a grid, as shown in Fig. 2, contains an assembly
line along the north wall to move the toys and a pit stop area

where theworker robots can change their end-effectors. Each
workspace also includes static obstacles.

The teams are heterogeneous, as each team is composed of
three types robots with different capabilities. Worker robots
operate on toys, they can configure themselves for differ-
ent stages of processes, and they can be exchanged between
teams; charger robots maintain the batteries of workers and
monitor team’s plan, and cannot be exchanged between
teams. Worker robots are further categorized into two based
on their liquid resistance. In particular, wet (liquid resistant)
robots can perform every stage of the processes involved in
manufacturing and painting of the toys, while dry (non-liquid
resistant) robots cannot be employed in painting and cutting
stages, since these processes involve liquids. All robots are
holonomic and can move from any grid to another one fol-
lowing straight paths.

Note that this cognitive factory is different from the cog-
nitive painting factory presented in Erdem et al. (2012b), not
only due to different robotic tasks but also due to heteroge-
neous worker robots and obstacles within workspace.

The teams act as autonomous cognitive agents; there-
fore, each team finds its own hybrid plan to complete its
own designated task, as described in Sect. 4. We use the
ASP solver Clasp to compute feasible local plans with min-
imum makespans. We consider three forms of optimization
to further improve these local plans: (i) To minimize the total
number of robotic actions, we define cost of each action as 1;
(ii) To ensure that actions in a team are executed as early
as possible, postponing idle time of robots to the end of plan
execution, we define cost of each action as the step size t ; (iii)
To minimize fuel consumption for robots, we define costs of
move actions as the distance traversed, while we keep the
cost of all other actions as 1.

In this cognitive toy factory, teams can help each other: at
any step, a team can lend several of its worker robots through
their pit stop such that after a transportation delay the worker
robots show up in the pit stop of a borrowing team. Following
the methodology detailed in Sect. 5, given the initial state of
each workspace and the designated tasks for each team (e.g.,
how many toys to process), an optimal global plan (with
minimum makespan) is computed for all teams to complete
their tasks.

Fig. 2 Snapshot during the execution of optimal global plan by two teams utilizing Kuka youBots and Lego NXT robots. Videos of the physical
implementation and dynamic simulations are available at: http://cogrobo.sabanciuniv.edu/?p=748
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Fig. 3 Parallelization of queries

We have tested this cognitive factory with dynamic sim-
ulations (with all three different optimizations of local
feasible plans) usingOpenRave (Diankov2010), andwith an
augmented reality physical implementation utilizing KuKa
youBots and Lego NXT robots controlled over Robot Oper-
ating System (ROS). A snapshot of the physical implemen-
tation is shown in Fig. 2. Videos of the demonstrations are
available at http://cogrobo.sabanciuniv.edu/?p=748.

The physical implementation is valuable in that, it demon-
strates (i) feasibility of the computed plans for execution
under closed-loop control with real robots, (ii) concurrent
actions of multiple robots to collaboratively achieve com-
mon goals within a team, and (iii) collaboration between
teams via properly timed robot exchanges. The dynamic
simulations are valuable in that, they show the effects
of further optimizations over local plans with minimum
makespans.

7 Experimental evaluation

We have investigated the scalability and usefulness of the
proposed optimal global planning method by means of some
experiments over the cognitive toy factory domain.

7.1 Setting

We have performed our experiments on a Linux server with
16 Intel E5-2665 CPU cores (32 threads) with 2.4GHz
and 64GB memory. Our experiments never used more than
300MB.

Algorithms 1, 2, 3 and 4 are implemented in Python.
The ASP solver Clasp version 2.1.3 (with gringo version
3.0.5), with configuration=handy as the command
line option, is used for answering queries. To solve the col-
laboration problem, we also use Clasp.

First of all, it is important to observe that, since each team
is equipped with its own computation unit and the queries are
designed in a way that teams do not need to communicate
with each other, queries for teams can be trivially parallelized
as depicted in Fig. 3. Two sorts of parallelization are utilized:
i) mediator asks sets of queries to teams in parallel, and ii)
each team takes advantage of multiple cores in its computa-

tion unit to process multiple queries simultaneously. Thanks
to this parallelization, the total time required to find a coordi-
nation for an optimal global plan through amediator, consists
of the time it takes for the mediator to compute a coordina-
tion plus the time it takes for the slowest team to answer
all queries asked by the mediator: Ttotal = Tcoord + Tquery .
Furthermore, each team can additionally take advantage of
multiple core/threads that may exists in its computation unit,
to process multiple queries simultaneously. Therefore, we
can analyze the scalability of the proposed approach by inves-
tigating Tcoord and Tquery , respectively.

7.2 Tquery: querying teams

To study the scalability of querying teams, we have per-
formed experiments both for homogeneous teams and for
heterogeneous teams. In the homogeneous case,wehave con-
sidered two sets of scenarios where workspaces are 7×3 grid
cells, as shown in Table 1.

The team sizes in these scenarios are kept reasonable (2–9
robots per workspace) considering real manufacturing pro-
cesses, since every work cell in a real factory typically is
of modest size with 3–12 operators. In the first set of sce-
narios, each team has a different size. Scenarios 1–3 (resp.
Scenarios 4 and 5) are built incrementally. For example, in
Scenario 2 there are three teams with 1, 2, 4 worker robots,
respectively, and the total number of robots in this scenario,
including the charger robots, is 11, whereas in Scenario 3 an
additional team with 6 worker robots and 3 charger robots is
added. In the second set of scenarios, some teams have the
same size. Here also Scenarios 1_b–3_b (resp. Scenarios 4_b
–6_b) are built incrementally, but considering teams of same
sizes. For instance, in Scenario 1_b there are three teamswith
1, 1, 2 worker robots, whereas in Scenario 2_b there are four
teams with 1, 1, 2, 2 worker robots, the numbers of teams are
increased by adding new teams of the same size.

We have also considered the heterogeneous cases (n = 2)
of these scenarios, where the number of a worker robot of
one type is computed by dividing the total number of workers
by n. For example, the heterogeneous case of Scenario 4 is
two teams with 1 wet, 1 dry worker robots and 2 wet, 2 dry
worker robots, respectively.
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Table 1 Scenarios

Scenario Teams Worker robots Charger robots Total robots

Homogeneous Heterogeneous (w:wet, d:dry)

1 2 1, 2 1 w, 1 w 1 d 1, 1 5

2 3 1, 2, 4 1 w, 1 w 1 d, 2 w 2 d 1, 1, 2 11

3 4 1, 2, 4, 6 1 w, 1 w 1 d, 2 w 2 d, 3 w 3 d 1, 1, 2, 3 20

4 2 2, 4 1 w 1 d, 2 w 2 d 1, 2 9

5 3 2, 4, 6 1 w 1 d, 2 w 2 d, 3 w 3 d 1, 2, 3 18

1_b 3 1, 1, 2 1 w, 1 w, 1 w 1 d 1, 1, 1 7

2_b 4 1, 1, 2, 2 1 w, 1 w, 1 w 1 d, 1 w 1 d 1, 1, 1, 1 10

3_b 5 1, 1, 2, 2, 2 1 w, 1 w, 1 w 1 d, 1 w 1 d, 1 w 1 d 1, 1, 1, 1, 1 13

4_b 3 2, 2, 4 1 w 1 d, 1 w 1 d, 2 w 2 d 1, 1, 2 12

5_b 4 2, 2, 4, 4 1 w 1 d, 1 w 1 d, 2 w 2 d, 2 w 2 d 1, 1, 2, 2 18

6_b 5 2, 2, 4, 4, 4 1 w 1 d, 1 w 1 d, 2 w 2 d, 2 w 2 d, 2 w 2 d 1, 1, 2, 2, 2 24

In these experiments, in order to find the optimal global
plan length for the teams in each scenario, we have consid-
ered queries of the form Q1–Q3 as described in Sect. 5.1.
Total number of queries in each scenario corresponds to the
total number of queries answered by all the teams until a
coordination for an optimal length is found. The computa-
tion time Tquery in each scenario is computed by the time it
takes for the slowest team to answer all the queries.

We have analyzed the results to better understand how
the computation time (CPU seconds) for answering queries
and the optimal global plan length are affected by a change
in the team size, the number of teams, the number of orders,
the maximum number of robot exchange between teams, and
when heterogeneous robotswith varying capabilities are con-
sidered. Although the experimental evaluation of different
sorts of hybrid reasoning has been studied in a companion
paper (Erdem et al. 2016b), we have also conducted some
experiments to observe the effect of hybrid reasoning.

7.2.1 Changing the maximum number of robot transfers

For comparing the effect of the maximum number of robot
exchanges between teams, we have considered scenarios in
which there are slightly larger teams, Scenarios 3 and 5,
and Scenarios 1_b and 4_b, since we want the possibility
of exchanging more robots between teams. The results of
query answering are shown in Table 2.

We can observe from Table 2 that, as more number of
robots are allowed to be exchanged between teams, the teams
becomemore collaborative and this results in shorter optimal
global plans. For example, in Scenario 3, when themaximum
number of robot exchanges between teams is limited to 1, the
optimal global plan is found to be of length 30 and the com-
putation (Tquery) takes 795 s (with homogeneous robots).
When the maximum number of robot exchanges is set to 2,

the optimal global plan length decreases to 20 and the com-
putation time decreases to 30.6 s. In Scenario 5, the optimal
global plan length continues to decrease when amaximum of
3 robot transfers are allowed. We can also observe that most
of the computation time is spent for negative answers. Sim-
ilarly, in Scenarios 1_b and 4_b, increasing the maximum
number of robot transfers shortens the plan lengths, while
the computation times increase slightly.

7.2.2 Changing the workspace sizes and the team sizes

To analyze the effects of changing the workspace size (i.e.,
number of grid cells) and the team size (i.e., the total num-
ber of robots in each team) on the computational efficiency
(Tquery) and the quality of plans (i.e., makespans), we have
performed some experiments.

First, to understand the role of workspace size, we have
generated two instances for each of Scenarios 2 and 4 of
Table 1, with different sizes of workspaces (with 5× 3 = 15
and 7× 3 = 21 grid cells). In these instances, the maximum
makespan is k = 50. Table 3 shows the results of query
answering. Consider the first instance of Scenario 2 where
the maximum number of robot exchanges is 2 (m =2), the
size of the order is 4, and the workspace consists of 15 cells.
The optimal global plan length for this instance is 24. In this
instance, the team of two homogeneous robots answers 93
queries (21 of them positively and 72 of them negatively)
in 9.17 (CPU) seconds (2.55 s for positive answers, 6.92 s
for negative answers), under multi-threading. It takes 45.0 s
for the team of 3 robots to answer 94 queries, whereas it
takes 47.4 s for the team of 6 robots to answer 95 queries.
Therefore, query answering for an optimal global plan in this
instance takes 47.4 s. Now, consider the second instance of
Scenario 2, where the workspace size is increased from 15
cells to 21 cells. The optimal global plan length increases to
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Table 2 Robot transfers versus computation time and plan quality: multiple teams, where workspaces are of the same size 7× 3 and the maximum
makespan is 50

Scenario Worker robots Charger robots Order Max. robot exchange Homogeneous Heterogeneous Optimal plan

# # # # Tquery Tquery length
sec sec

3 1, 2, 4, 6 1, 1, 2, 3 5 1 795 ( 51.2 + 744) 245 (17.4 + 228) 30

2 30.6 (28.7 + 1.92) 34.7 (32.9 + 1.79) 20

5 2, 4, 6 1, 2, 3 6 1 179 (12.2 + 167) 136 (18.4 + 118) 25

2 640 (11.9 + 628) 263 (9.48 + 253) 23

3 261 (9.31 + 251) 174 (11.8 + 163) 21

1_b 1, 1, 2 1, 1, 1 4 1 250 (117 + 132) 140 (68.6 + 71.2) 39

2 390 (205 + 184) 137 (67.0 + 70.1) 35\39*
4_b 2, 2, 4 1, 1, 2 4 1 41.2 (11.5 + 29.7) 34.6 (34.1 + 0.52) 25

2 79.1 (35.3 + 43.7) 57.8 (39.2 + 18.6) 23

*Optimal plan lengths are different for the homogeneous case and the heterogeneous case

Table 3 Team size and workspace size versus computation time and plan quality for homogeneous robot teams

Number of robots Total grid cells Optimal plan length Total queries Time to answer all queries (secs)

Scenario 2 2 15 24 93 (21 + 72) 9.17 (2.55 + 6.92)

m=2 3 94 (39 + 55) 45.0 (13.0 + 32.0)

Order=4 6 95 (74 + 21) 47.4 (24.2 + 23.2)

Scenario 2 2 21 25 86 (20 + 66) 20.9 (4.71 + 16.2)

m=2 3 87 (39 + 48) 105 (23.9 + 80.6)

Order=4 6 85 (71 + 14) 102 (57.2 + 44.4)

Scenario 4 3 15 19 29 (5 + 24) 2.78 (0.65 + 3.98)

m=2 6 29 (20 + 9) 6.09 (3.98 + 2.11)

Order=5

Scenario 4 3 21 20 22 (5 + 17) 5.84 (1.75 + 4.08)

m=2 6 22 (14 + 8) 15.9 (8.51 + 7.40)

Order=5

25. Here, the team of 2 robots answers 86 queries 20.9 s, the
teamof 3 robots answers 87queries 105 s, the teamof 6 robots
answers 85 queries 102 s. Therefore, query answering for an
optimal global plan in this instance (with a larger workspace)
takes 105 s. There are several interesting observations over
these results: as the workspace increases, the optimal global
plan length increases (since the teams need to navigate a
bit more), the number of queries, in particular, the number
of queries that are answered negatively decreases (since the
teams can now navigate more comfortably, complete their
tasks, and thus are more willing to help each other), and
the computation time generally increases (since the problem
size increases). There is another interesting observation if
we look at each team’s query answering in each scenario
instance: the larger teams take more time to answer about

the same number of queries compared to smaller teams. This
is due to that larger the team larger the search space for each
query.

To better understand the role of team size and robot trans-
fers, we have generated four instances for each of Scenarios
1_b, 2_b, 4_b and 5_b of Table 1, with 1 or 2 maximum
robot transfers, homogeneous or heterogeneous . The team
sizes also vary in these scenarios. In Scenarios 1_b and 4_b
there are three teams, but Scenario 4_b doubles the number of
worker robots in the teams. Similarly, Scenarios 2_b and 5_b
have four teams, but Scenario 5_b doubles the number of
worker robots and the number of charger robots in the teams.
Table 4 shows the results of query answering in these sce-
narios. For instance, consider the case where the maximum
number of robot transfers is 1. Under these conditions, for the
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Table 4 Team size and robot transfers versus computation time and plan quality: workspace size is 7× 3, the order number is 4, and the maximum
makespan is 50

Scenario Max.
robot
exchange

Worker
robots

Charger
robots

Homogeneous Heterogeneous Optimal
plan

# # # Total queries Time Total queries Time length
# sec # sec

1_b 1 1* 1 96 (41 + 55) 32.1 (16.5 + 15.5) 167 (81 + 86) 58.6 (30.9 + 27.7) 39

2 1 95 (49 + 46) 250 (118 + 132) 168 (78 + 90) 140 (68.6 + 71.1)

2 1* 1 119 (45 + 74) 36.6 (14.3 + 22.3) 271 (118 + 153) 112 (47.1 + 65.0) 35\ 39**

2 1 115 (56 + 59) 390 (205 + 185) 168 (78 + 90) 137 (67.0 + 70.1)

4_b 1 2* 1 48 (22 + 26) 41.2 (11.5 + 29.7) 85 (43 + 42) 25.6 (9.49 + 16.1) 25

4 2 43 (41 + 2) 25.5 (24.9 + 0.59) 75 (73 + 2) 34.6 (34.1 + 0.52)

2 2* 1 70 (33 + 37) 36.2 (9.90 + 26.3) 131 (66 + 65) 33.7 (13.3 + 20.4) 23

4 2 67 (53 + 14) 79.1 (35.3 + 43.7) 127 (92 + 35) 57.8 (39.2 + 18.6)

2_b 2 1* 1 69 (23 + 46) 13.7 (5.71 + 7.98) 122 (45 + 77) 30.9 (12.0 + 18.0) 30

2* 1 63 (26 + 37) 239 (112 + 127) 75 (25 + 50) 92.2 (37.8 + 54.4)

3 1* 1 93 (31 + 62) 25.1 (9.42 + 15.7) 170 (60 + 110) 50.4 (17.2 + 33.2) 30

2* 1 63 (26 + 37) 252 (118 + 134) 75 (25 + 50) 85.6 (35.1 + 50.5)

5_b 2 2* 1 11 (4 + 7) 1.37 (0.68 + 0.68) 19 (8 + 11) 2.25 (1.13 + 1.11) 17

4* 2 11 (7 + 4) 4.14 (2.5 + 1.63) 19 (12 + 7) 5.67 (3.59 + 2.08)

3 2* 1 15 (5 + 10) 2.84 (1.12 + 1.72) 27 (10 + 17) 5.32 (2.10 + 3.23) 17

4* 2 14 (9 + 5) 6.8 (4.11 + 2.69) 19 (12 + 7) 6.24 (3.99 + 2.54)

*Since teams with same size give similar results, only one representative team is presented
**Optimal plan lengths are different for the homogeneous case and the heterogeneous case

homogeneous case, the optimal plan length decreases from
39 in Scenario 1_b to 25 in Scenario 4_b, since larger teams
are able to finish their tasks quickly. This results in less num-
ber of queries and the computation time becomes smaller:
it takes at most 250 s to answer 95 queries in Scenario 1_b,
whereas it takes at most 41.2 s to answer 48 queries in Sce-
nario 4_b.We can observe also in Scenarios 2_b and 5_b that
as the team size increases the optimal plan length decreases,
since there are more robots that can be used for the tasks.
Similar observations hold for the heterogenous instances.

Now consider the case where the maximum number of
robot transfers is 2: so the teams can help each other even
more. Since the number of queries increases due to the
increase of maximum robot transfers, the computation time
increases in all of the scenarios. Also, the increase in the
number of robot transfer leads the teams to help each other
more. In Scenarios 1_b and 4_b, for instance, we can see it
affecting the plan quality: for the homogenous case, the plan
lengths decrease from 39 to 35 in Scenario 1_b, and from 25
to 23 in Scenario 4_b.

Additionally, it can be observed that the total number of
queries increase when heterogeneity is considered. In many
cases, this increase also leads to an increase in computation
time.Meanwhile, the increase in the number ofworker robots

decreases the total querying time (i.e., the slowest querying
time among the teams), since it becomes easier to answer the
queries when there are robots with restricted capabilities. If
it is known that a robot cannot do a certain task, there is no
need to look further and this decreases the computation time.

7.2.3 Changing the number of teams

To analyze the effects of changing the number of teams on
the computational efficiency (Tquery) and the quality of plans
(i.e., makespans), we have considered three sets of scenar-
ios, Scenarios 2, 4 and 5, Scenarios 1_b, 2_b and 3_b, and
Scenarios 4_b, 5_b and 6_b of Table 1. These scenarios have
different number of teams but same values for other param-
eters such as the maximum number of robot exchange or the
number of orders. The results of query answering in these
scenarios are shown in Table 5.

Consider Scenarios 2, 4 and5: Scenario 4 has 2 teams, Sce-
nario 2 has 3 teams with an additional team having a smaller
size than the other teams, and Scenario 5 has 3 teams with
an additional team having a larger size than the other teams.
We can observe from Table 5 that both the computation time
(Tquery) and the optimal plan length increase when a team
of a smaller size is included. For example, an optimal global
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Table 5 Number of teams versus computation time and plan quality: multiple teams with different size, where workspaces are of the same size
7 × 3, the maximum number of robot transfers is 2, and the maximum makespan is 50

Scenario Team size Order Homogeneous Heterogeneous Optimal plan

# # Total queries Time Total queries Time length
# sec # sec

4 3 4 11 (4 + 7) 1.47 (0.72 + 0.75) 19 (8 + 11) 2.70 (1.35 + 1.35) 17

2 teams 6 4 11 (7 + 4) 4.51 (2.71 + 1.80) 19 (12 + 7) 6.98 (4.53 + 2.45)

2 2 4 86 (20 + 66) 20.6 (4.68 + 15.9) 162 (41 + 121) 36.1 (9.08 + 27.0) 25

3 teams 3 4 87 (39 + 48) 106 (24.6 + 81.4) 159 (75 + 84) 62.7 (21.1 + 41.6)

6 4 85 (71 + 14) 102 (57.5 + 44.9) 163 (122 + 41) 87.0 (64.0 + 22.9)

5 3 4 27 (4 + 23) 3.92 (0.69 + 3.23) 51 (8 + 43) 7.23 (1.23 + 6.01) 17

3 teams 6 4 11 (7 + 4) 4.31 (2.62 + 1.69) 19 (12 + 7) 5.78 (3.67 + 2.11)

9 4 11 (11 + 0) 13.5 (13.5 + 0) 19 (19 + 0) 19.7 (19.7 + 0)

1_b 2 3 99 (38 + 61) 12.2 (4.71 + 7.48) 183 (78 + 105) 23.8 (9.59 + 14.2) 30\31**
3 teams* 3 3 100 (51 + 49) 33.4 (16.1 + 17.3) 112 (52 + 60) 15.2 (7.45 + 7.78)

2_b 2 3 44 (14 + 30) 3.94 (1.56 + 2.39) 78 (29 + 49) 7.91 (3.15 + 4.75) 24

4 teams* 3 3 39 (16 + 23) 12.8 (5.26 + 7.51) 45 (19 + 26) 7.45 (3.56 + 3.89)

3_b 2 3 44 (14 + 30) 4.07 (1.60 + 2.47) 78 (29 + 49) 8.01 (3.22 + 4.79) 24

5 teams* 3 3 39 (16 + 23) 12.7 (5.27 + 7.49) 45 (19 + 26) 7.55 (3.58 + 3.98)

4_b 3 5 71 (30 + 41) 71.4 (18.7 + 52.7) 150 (68 + 82) 98.2 (34.6 + 63.6) 25\ 26**

3 teams* 6 5 70 (49 + 21) 246 (58.8 + 187) 150 (103 + 47) 156 (83.8 + 72.5)

5_b 3 5 22 (5 + 17) 5.93 (1.75 + 4.18) 38 (10 + 28) 8.40 (3.13 + 5.26) 20

4 teams* 6 5 22 (14 + 8) 16.5 (8.87 + 7.61) 39 (25 + 14) 18.1 (10.6 + 7.50)

6_b 3 5 22 (5 + 17) 6.63 (2.00 + 4.63) 38 (10 + 28) 9.08 (3.40 + 5.69) 20

5 teams* 6 5 22 (14 + 8) 17.8 (9.46 + 8.31) 39 (25 + 14) 20.4 (12.0 + 8.40)

*Since teams with same size give similar results, only one representative team is presented
**Optimal plan lengths are different for the homogeneous case and the heterogeneous case

plan length for Scenario 4 is 17, whereas for Scenario 2 it
is 25. It takes 4.51 s for the teams to answer all queries in
Scenario 4, and 106 s for Scenario 2, when the robots are
homogeneous. Such an increase in the optimal plan length
and the total querying time is due to that a longer plan is
needed for the smaller team to complete its task. We can
also observe that, when a larger team is included (as in Sce-
nario 5), the querying time increases slightly (with respect to
Scenario 4) even when the optimal plan length remains the
same. This increase is due to more computation time spent
for queries about a larger team.

Table 5 also shows the results of increasing the number
of teams by adding teams of the same size. We can observe
that there can be a decrease in the optimal global plan length
when the additional team is not of a smaller size, and that it
can be used to help the other teams to reach a shorter plan.
For example, in Scenarios 1_b and 2_b, there is a decrease
in the plan length from 30 to 24. This also results in the
decrease of total number of queries and hence the decrease

in the computation times (Tquery):we can observe that it takes
at most 33.4 s to complete query answering for Scenario 1_b,
whereas it takes at most 12.8 s for Scenario 2_b, when
the robots are homogeneous. However, there is not always a
decrease in the optimal global plan length, as we can observe
from Scenario 3_b, since a coordination for a shorter length
of plan may not be found in the setting. Also the computa-
tion time stays the same, since the additional team has the
same size, and it does not take a longer time for the team to
answer all the queries. Similar results can be observed for
Scenarios 4_b, 5_b and 6_b which have larger sized teams
than in Scenarios 1_b, 2_b and 3_b.

Additionally, it can be observed that the optimal global
plan length increases in certain cases when heterogeneity is
considered, since the existence of robots with restricted capa-
bilities may cause delays for the accomplishment of some
tasks (check for instance Scenario 1_b, when the teams can
help each other by borrowing at most 1 robot or at most
2 robots).
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Table 6 Order numbers versus computation time and plan quality: multiple teams, where workspaces are of the same size 7× 3 and the maximum
makespan is 50

Scenario Worker robots Charger robots Max. robot exchange Order Homogeneous Heterogeneous Optimal plan

# # # # Tquery Tquery length
sec sec

1 1,2 1,1 1 3 8.50 (3.98 + 4.52) 7.57 (3.60 + 3.97) 24

4 166 (62.9 + 103) 91.4 (37.6 + 53.8) 30

5 5233 (1878 + 3354) 1141 (455 + 685) 36

2 1,2,4 1,1,2 2 3 36.4 (23.7 + 12.6) 41.0 (31.9 + 9.04) 21

4 106 (24.6 + 81.8) 85.3 (62.4 + 22.9) 25

5 1892 (241 + 1650) 534 (159 + 374) 30

3 1,2,4,6 1,1,2,3 3 3 13.3 (13.3 + 0) 20.8 (19.5 + 1.33) 15

4 19.0 (19.0 + 0) 29.5 (27.9 + 1.63) 17

5 61.8 (59.9 + 1.90) 84.0 (77.2 + 6.81) 20

Table 7 Order numbers versus computation time and plan quality: multiple teams (using hybrid reasoning), where workspaces are of the same size
7 × 3 and the maximum makespan is 50

Scenario Worker robots Charger robots Max. robot exchange Order Homogeneous Heterogeneous Optimal plan

# # # # Tquery Tquery length
sec sec

1 1,2 1,1 1 3 26.6 (10.5 + 16.0) 15.3 (6.82 + 8.51) 24

4 990 (234 + 756) 313 (113 + 200) 31

2 1,2,4 1,1,2 2 3 69.9 (51.0 + 18.8) 73.7 (57.0 + 16.7) 22

4 317 (131 + 186) 158 (119 + 38.3) 26

3 1,2,4,6 1,1,2,3 3 3 22.4 (22.4 + 0) 45.5 (32.5 + 12.9) 15

4 39.9 (38.5 + 1.36) 108 (71.8 + 35.9) 17

7.2.4 Changing the number of orders

To analyze the effects of changing the number of orders/toys
on the computational efficiency and the quality of plans, we
have considered the scenarios in Table 1. Since the results
are similar in two sets of scenarios, Table 6 shows the results
of query answering for Scenarios 1–3.

We can observe from Table 6 that, for teams with smaller
sizes, both the total time of query answering (Tquery) and
the optimal global plan length increase considerably as the
size of the order increases. For example, in Scenario 1, the
computation takes 8.50 s when the order is 3 toys, whereas
it takes 5233 s when the order is 5 toys. This is due to the
increase in work load for each team, and that it takes more
time to find a plan utilizing a small number of robots. Also
it can be observed that the optimal plan length increases in
considerable amount, even if only one more box is added to
the order of the teams: the optimal plan length is 24 when the
order is 3 toys, whereas the plan length is 30 when the order
is 4.

When there are larger teams in a scenario, the increase
in the computation time becomes less severe. For example,
in Scenario 2, the computation takes 36.4 s when the order
is 3 toys, whereas it takes 1892 s when the order is 5 toys.
Also, as there are more teams that can help the smaller teams
in Scenario 2, the optimal global plan length is found to be
21. As expected, the increase in the number of toys increases
the optimal global plan length. Including larger teams, as
in Scenario 3, results in shorter plan lengths, and smaller
computation times, since queries ask for shorter plans.

Lastly, we can observe from Table 6 that larger teams are
able to react more efficiently to new orders. For instance, in
Scenario 3, the optimal global plan length increases by 5 steps
when 2 more toys are added to the order; in Scenario 1, the
optimal plan length increases by 8 steps.

7.2.5 Usefulness of hybrid reasoning

To investigate the usefulness of hybrid reasoning for query
answering, we have performed some experiments consider-
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Table 8 Hybrid reasoning
versus computation time and
plan quality for answering Q1:
one team, where workspaces are
of the same size 7 × 3 and the
maximum makespan is 35

Team size Order W/o hybrid W/ hybrid

# Plan length (l) Answer Time Plan length (l) Answer Time
# sec # sec

2 w, 1 ch 3 21 y 0.19 22 y 0.44

20 n 0.46 21 n 0.86

4 25 y 2.46 26 y 2.72

24 n 2.42 25 n 7.71

5 30 y 8.39 31 y 72.1

29 n 61.3 30 n 155

4 w, 2 ch 3 15 y 0.22 15 y 0.32

14 n 0.21 14 n 0.3

4 17 y 0.33 17 y 0.66

16 n 0.32 16 n 0.39

5 19 y 0.57 19 y 0.75

18 n 0.7 18 n 0.8

6 w, 3 ch 3 14 y 0.69 14 y 1.13

13 n 0.6 13 n 0.9

4 15 y 0.79 16 y 2.16

14 n 0.67 15 n 1.3

5 17 y 1.04 17 y 16.5 (6)*

16 n 0.88 16 n 1.15

*The number in the parentheses denotes the number of replanning until a feasible plan is found

ing Scenarios 1–3 of Table 1. Table 7 shows the results of
these experiments.

We can make the following observations from Table 7
(with hybrid reasoning) and Table 6 (without hybrid reason-
ing). The computation time increases in all scenarios since
finding a feasible plan is time consuming. For instance, for
Scenario 1 with heterogeneous robots where the number of
orders is 3, it takes 7.57 s without collision checks and 15.7 s
with collision checks. Also, we can observe an increase in
the optimal plan length for some scenarios with hybrid rea-
soning, since the optimal global plan found without hybrid
reasoning may not feasible. For example, Scenario 1 with
4 orders has an optimal plan length of 30 without hybrid
reasoning whereas the plan length becomes 31 when hybrid
reasoning is included.

Wehave also conducted some experiments to further study
the effect of hybrid reasoning on different sorts of queries.
In particular, we have considered queries of type Q1, to find
the minimum plan length (l) for a team to complete its task,
and of type Q2, to find the earliest lending time (l) of a team
for the plan length l found by query Q1. Tables 8 and 9
show the results of these experiments for querying a team.
In each table, we can make the following observations. First,
the teams with smaller sizes are able to complete their task
within a longer plan, whereas the teams with larger sizes
can effectively utilize collaborations and complete their task

within a shorter plan. For teams with smaller sizes, the com-
putation time for answering a query negatively usually takes
longer than answering a query positively. For example, con-
sider the team with 2 workers and 1 charger with order 5.
Without hybrid reasoning, it can find a plan of length 30 in
8.39 s, whereas it takes 61.3 s to find that no plan exists
for length 29. This difference also exists for the case with
hybrid reasoning: The teamfinds a plan of length 31 in 72.1 s,
whereas it takes 155 s to find that no plan exists for length 30.
These observations are due to that a negative answer requires
checking a larger search space. As also observed in Table 7,
hybrid reasoning slightly increases the computation time, and
sometimes the optimal plan length. Apart from these com-
mon observations from Tables 8 and 9, we can observe that
the increase in computation time due to hybrid reasoning
is larger for Q2 for many instances; this may be due to the
additional constraints considered in Q2.

7.3 Tcoord: coordination of teams

To study the scalability of our method for finding a coor-
dination of teams, we have generated two sets of instances,
one with homogeneous worker robots (n = 1) and one with
heterogeneous worker robots (n = 2, 4), that vary over the
number of teams (ranging between 2 and 16) and the max-
imum number of robots that can be transferred (m = 2, 4).
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Table 9 Hybrid reasoning versus computation time and plan quality for answering Q2: one team, workspaces are of the same size 7 × 3 and the
maximum makespan is 35

Team size Order Robot exchange W/o hybrid W/hybrid

# # Plan length (l) l Answer Time Plan length (l) l Answer Time
# # sec # # sec

2 w, 1 ch 3 1 21 20 y 0.49 22 22 y 0.66

19 n 0.92 21 n 2.86

2 21 21 y 0.28 22 – – –

20 n 0.43 22 n 2.38

4 1 25 24 y 5.26 26 25 y 15.9

23 n 9.06 24 n 37.3

2 25 25 y 2.81 26 26 y 7.36

24 n 5.66 25 n 15.8

5 1 30 30 y 13.9 31 31 y 245

29 n 206 30 n t/o

2 30 – – – 31 – – –

30 n 153 31 n 349

4 w, 2 ch 3 1 15 1 y 0.27 15 1 y 0.47

– – – – – –

2 15 10 y 0.33 15 13 y 0.52

9 n 0.31 12 n 0.64

3 15 13 y 0.35 15 15 y 0.51

12 n 0.39 14 n 0.71

4 15 14 y 0.28 15 – – –

13 n 0.3 15 n 0.65

4 1 17 1 y 0.33 17 1 y 0.43

– – – – – –

2 17 12 y 0.53 17 15 y 0.78

11 n 0.68 14 n 1.7

3 17 15 y 0.77 17 17 y 2.57 (4)*

14 n 0.87 16 n 1.64

4 17 16 y 0.42 17 – – –

15 n 0.56 17 n 1.68

5 1 19 1 y 0.59 19 1 y 0.52

– – – – – –

2 19 13 y 1.3 19 17 y 2.27

12 n 1.3 16 n 7.37

3 19 17 y 2.21 19 19 y 3.48 (2)*

16 n 4.47 18 n 5.85

4 19 18 y 1.21 19 – – –

17 n 1.34 19 n 5.23
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Table 9 continued

Team size Order Robot exchange W/o hybrid W/hybrid

# # Plan length (l) l Answer Time Plan length (l) l Answer Time
# # sec # # sec

6 w, 3 ch 3 1 14 1 y 0.84 14 9 y 4.76 (3)*

– – – 8 n 2.56

2 14 9 y 0.94 14 12 y 13.9 (6)*

8 n 1.08 11 n 4.25

3 14 10 y 0.9 14 14 y 1.84

9 n 1.2 13 n 6.84

4 14 11 y 0.86 14 – – –

10 n 1.13 14 n 8.27

4 1 15 11 y 0.95 16 9 y 2.61

10 n 1.37 8 n 11.3

2 15 12 y 1.03 16 12 y 8.91

11 n 1.63 11 n 16.2

3 15 13 y 1.00 16 15 y 6.81

12 n 2.86 14 n 134

4 15 13 y 1.00 16 16 y 4.30

12 n 1.35 15 n 112

5 1 17 10 y 1.50 17 – – –

9 n 7.00 17 n 16.7

2 17 12 y 1.61 17 – – –

11 n 7.86 17 n 15.2

3 17 13 y 2.44 17 – – –

12 n 3.28 17 n 19.3

4 17 14 y 1.97 17 – – –

13 n 6.22 17 n 20.4

*The number in the parentheses denotes the number of replanning until a feasible plan is found

Table 10 CPU time in seconds for Tcoord

Number of teams m̄ = 2 m̄ = 4

n = 1 n > 1 n = 1 n > 1

2 < 10−6 < 10−6 < 10−6 0.005

4 < 10−6 0.014 0.023 0.245

8 0.005 0.061 2.92 3.61

16 0.080 0.432 6.63 14.9

Table 10 shows the results of coordination; each reported
CPU time is the average for at least m × n instances.

We can observe from this figure that the computation
time increases slightly as the factory involves more hetero-
geneous robots and more number of teams. These results can
be observedmore clearly, as the number of transferred robots
also increases. When the factory involves 16 teams with het-
erogeneous robots, and the number of robots lent/borrowed
between any two teams is at most 4, the computation time

is still less than 15 s. Intuitively, involving more heteroge-
neous robots (resp. requiring more robot transfers between
teams) makes the coordination problem harder since differ-
ent capabilities of the robots (resp. more combinations of
robot transfers) have to be considered while searching for a
coordination.

7.4 Usefulness of collaborations of teams

Our approach for finding an optimal global plan allows for
collaborations of teams. To better understand the usefulness
of these collaborations on the plan quality (in terms of opti-
mality of makespans), some more experiments have been
performed. Table 11 shows the results of these experiments
for the scenarios of Table 1 with homogeneous robots and
without hybrid reasoning. As expected, it can be observed
that collaborations improve the plan quality. For instance,
for Scenario 5, an optimal global plan with a coordination
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Table 11 Plan quality versus collaboration between teams

Scenario Teams Workspace
(grid cells)

Worker
robots

Total
robots

Order
(toys)

Optimal
global plan
(W/collaboration)

Optimal
global plan
(W/o collabo-
ration)

# # # # # length length

1 2 15 1,2 5 6 30 34

2 3 15 1,2,3 9 9 25 34

3 4 15 1,2,3,4 15 12 21 34

4 2 24 2,4 8 8 20 29

5 3 24 2,4,6 18 12 18 29

6 4 24 2,4,6,8 30 16 18 29

1_b 3 21 1,1,2 7 9 30 31

2_b 4 21 1,1,2,2 10 16 30 39

3_b 5 21 1,1,2,2,2 13 25 46 46

4_b 3 21 2,2,4 12 12 23 25

5_b 4 21 2,2,4,4 18 20 20 30

6_b 5 21 2,2,4,4,4 24 30 25 35

has 18 steps; whereas an optimal global plan without any
collaborations has 29 steps.

7.5 Discussion

We can summarize the results of these experiments, where
we systematically investigate the role of each parameter on
the computational efficiency and plan quality, as follows.

– About robot transfers: As more number of robots are
allowed to be exchanged between teams, the teams
become more collaborative and this results in shorter
optimal global plans.

– About the workspace size: As the workspace increases,
the optimal global plan length increases (since the teams
need to navigate a bit more), the number of queries, in
particular, the number of queries that are answered nega-
tively decreases (since the teams can now navigate more
comfortably, complete their tasks, and thus are more
willing to help each other), and the computation time
for querying generally increases (since the problem size
increases).

– About the sizes of teams in a group of multiple teams: In
general, larger teams are able to finish a taskmore quickly
than smaller teams, since there are more robots that work
on the task. This results in less number of queries and the
computation time for querying becomes smaller.

– About extending a group of multiple teams by a new
team:When a teamof smaller size is included in the group
ofmultiple teams, both the querying time and the optimal

global plan length increase since a longer plan is needed
for the smaller team to complete its task. When a larger
team is included in the group, the querying time increases
slightly even when the optimal plan length remains the
same: more computation time is spent for queries about a
larger team since the size of search space increases. There
can be a decrease in the optimal global plan length when
the additional team is not of a smaller size, and it can be
used to help the other teams to reach a shorter plan. This
also results in the decrease of total number of queries and
hence the decrease in the computation times.

– About heterogeneity of teams: The optimal global plan
length increases in certain cases when heterogeneous
robots are considered, since the existence of robots with
restricted capabilities may cause delays for the accom-
plishment of some tasks. On the other hand, the total
number of queries increasewhen heterogeneity is consid-
ered. Inmany cases, this increase also leads to an increase
in computation time.Meanwhile, the increase in the num-
ber of robots with restricted capabilities decreases total
query time: If it is known that a robot cannot do a certain
task, there is no need to look further and this decreases
the computation time.

– About the order size (i.e., the amount of task to be com-
pleted): For teams with smaller sizes, both the total time
of query answering and the optimal global plan length
increase considerably as the size of the order increases.
This is due to the increase inwork load for each team, and
that it takesmore time to find a plan utilizing a small num-
ber of robots. When there are larger teams in a scenario,
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the increase in the computation time for query answer-
ing becomes less severe. As expected, the increase in the
order increases the optimal global plan length. Including
larger teams results in shorter plan lengths, and thus less
computation times. Essentially, larger teams are able to
react more efficiently to new orders.

– About hybrid reasoning: The computation time increases
since finding a feasible plan is time consuming. Also, the
optimal plan length increases for some scenarios with
hybrid reasoning, since the optimal global plan found
without hybrid reasoning may not feasible.

– About finding a coordination, once the queries are
answered: The computation time for coordination
increases slightly as the factory involves more hetero-
geneous robots and more number of teams. These results
can be observed more clearly, as the number of trans-
ferred robots also increases. Intuitively, involving more
heterogeneous robots (resp. requiring more robot trans-
fers between teams) makes the coordination problem
harder since different capabilities of the robots (resp.
more combinations of robot transfers) have to be con-
sidered while searching for a coordination.

– About parallelization and scalability: Parallelization of
query answering helps with the scalability of our semi-
distributed approach to find an optimal global plan. Even
though both query answering and coordination problem
are NP-complete, an optimal global hybrid plan can be
computed within minutes for cognitive factories with
many reasonably sized teams that help each other.

8 Conclusion

We have proposed a hybrid reasoning method for finding
local feasible plans with minimum makespans, for a team of
heterogeneous robots trying to compete their tasks in a fac-
tory workspace as soon as possible. This method considers
various capabilities of heterogeneous robots, embeds feasi-
bility checks into task planning, and further optimizes these
plans by minimizing total plan cost with respect to a given
action cost.

We have also introduced a semi-distributed approach for
finding a coordination of multiple teams of heterogeneous
robots to help each other in a cognitive factory, to be able to
complete all their tasks as early as possible. Thismethod con-
siders hybrid reasoning to compute feasible global plans, as
well as transfers of heterogeneous robots between teams. Fur-
thermore, in this semi-distributed approach, the teams do not
need to know about each others’ tasks, workspaces and goals,
and the mediator is neutral and does not need to know about
the teams’ tasks,workspaces and goals. This enables privacy-
preserving planning of multiple teams of robots in critical
tasks where the amount of communication is restricted.

We have applied these methods to a cognitive toy factory
using computational methods of answer set programming,
and illustrated these applications by dynamic simulations and
a physical implementation. Furthermore,we have showed the
scalability of these methods by experimental evaluations in
this domain.

During these studies, we have found the flexibility of
(i) performing different forms of optimizations to improve
plans, and (ii) combining different methods of integration of
high-level reasoning with low-level feasibility checks, ben-
eficial in the dynamic environment of a cognitive factory.
We have also observed the computational benefits of our
semi-distributed approach to find an optimal global plan: the
computational effort is divided among the teams, and thus
can be parallelized.
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