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Distributed Task Allocation and Planning Under
Temporal Logic and Communication Constraints

Ziyang Chen , Lin Li, and Zhen Kan , Senior Member, IEEE

Abstract—It is challenging to coordinately allocate and plan the
tasks of a heterogeneous multi-agent system in a shared workspace.
It can be even more challenging if the agents are subject to limited
communication capability (i.e., exchange information with nearby
agents only) and complex tasks with temporal and logic constraints.
Motivated by these practical challenges, a distributed task allo-
cation and planning method is developed, in which each agent
communicates with neighboring agents about the task information
(i.e., the preference of sub-tasks to be executed and the estimated
task completion time) and predicts the task information of agents
out of the communication range. Based on the collected task infor-
mation, each agent can independently make conflict-free planning
to improve the execution efficiency of the task. Rigorous analysis
shows that the generated plan is guaranteed to be conflict free
and numerical experiments demonstrate the effectiveness of the
planned tasks.

Index Terms—Linear temporal logic, distributed task allocation,
task planning, heterogeneous multi-agent systems.

I. INTRODUCTION

MULTI-AGENT systems show great potentials in various
applications [1], [2]. However, allocating and planning

the task of agents coordinately and efficiently in a shared
workspace remains a challenge. To deal with task allocation,
centralized approaches are often adopted, where a central unit
collects the entire system information and determines the task
assignment of agents. Despite effectiveness, for some applica-
tions, the centralized approach is not practical due to excessive
information collection and potential demise/corruption of the
central controller. The distributed task allocation and planning
is an alternative approach in which each agent makes an inde-
pendent task planning based on local information without using
central task publishing or allocation. Therefore, it can effectively
deal with addition/removal of agents or temporary local temporal
tasks, which has been explored in the rescue missions [3] and
logistics missions [4]. However, difficulties arise from limited
communication and desired tasks subject to complex temporal
and logic constraints, which introduce additional complexity to
the task allocation problem. Hence, this work is particularly
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motivated to develop a distributed task allocation and planning
approach subject to limited communication and temporal logic
constraints.

The task allocation methods can be broadly classified as
centralized and distributed approaches [5]. Representative cen-
tralized approaches include market-based methods [6] and
optimization-based methods [7]. When integrated with linear
temporal logic (LTL) specifications, a common approach is
to formulate the task allocation as an integer linear program-
ming (ILP) or a mixed integer linear programming (MILP)
problem [8] for homogeneous robots [9], [10] or heteroge-
neous robots [11], [12]. In [13], [14], [15], an automaton-based
decomposition-based approach was developed, which decom-
poses the global task into a set of independently executable
sub-tasks. Such a method was extended for co-safe LTL formulas
to achieve concurrent execution of sub-tasks in [16]. While
centralized approaches may yield superior or even optimal task
allocation and planning solutions, they often suffer from low
scalability and high computational costs, making it impractical
for handling complex and dynamically changing tasks. In con-
trast, distributed methods are more suitable for real-time applica-
tions due to the lower computational cost and higher scalability.
Representative approaches include game-based methods for ho-
mogeneous or heterogeneous agents [17], [18], behaviour-based
methods that leverage intention recognition and prediction for
fast task allocation in a weak communication environment [5],
and the methods that can handle robot failures during task exe-
cution [19], resource constrained task allocation problems [20]
and communication constrained task allocation problems [21],
[22], [23].

When considering temporal logic constraints, the top-down
approach is to decompose the global task into a set of locally
executable sub-tasks. Although decomposition-based methods
enable distributed task execution, the task decomposition has
to be performed in a centralized manner. On the contrary, the
bottom-up approach allows each agent to have an independent
local task, resulting in a series of LTL-based sub-tasks rather
than a single global task to achieve group behaviors. As a result,
the centralized top-down approach is more effective in terms of
task decomposition, while the distributed bottom-up approach
allows more flexibility in local task design. For instance, the plan
reconfiguration under local LTL specifications was investigated
for multi-robot systems in [3]. In [24], conflict detection was ap-
plied to ensure the security of agents and coordinate the agents’
sub-tasks according to the current environment. However, ex-
isting distributed methods for multi-tasks with temporal logic
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constraints only consider the robot-robot and robot-obstacle
collision avoidance. The possible task conflict, i.e. different
agents target to the same sub-task at the same time, is ignored,
which may lead to long waiting time.

In this letter, a distributed task allocation and planning is
developed for a multi-agent system subject to communication
constraints and LTL specifications. Specifically, each agent is
equipped with a transceiver of limited communication range, so
that the agents can only broadcast information to their immediate
neighbors within certain distance. LTL is employed to specify
the tasks of agents. To achieve distributed task planning, each
agent communicates with neighboring agents about the task
information (i.e., the preference of sub-tasks to be executed
and the estimated task completion time) and predicts the task
information of agents out of the communication range. Based
on the collected task information, each agent can independently
make conflict-free planning to improve the execution efficiency
of the task.

The contributions can be summarized as follows. Most ex-
isting works for complex tasks with temporal constraints only
consider path-level conflict avoidance. In this work, by introduc-
ing the task allocation, the proposed distributed planning method
can consider both task-level and path-level conflict avoidance,
which significantly improves the execution efficiency. Then, by
leveraging local information (received from neighboring agent
or predicted from out-of-communication agents), the developed
task allocation and plan is guaranteed to be conflict-free for the
task with temporal constraints and limited communication. Rig-
orous analysis and extensive experimental results demonstrate
its effectiveness.

Notations: Let N and R
+ denote the set of natural numbers

and the set of positive real numbers, respectively. Let [N ] denote
the shorthand notation for {1, . . . , N}. Given a sequence p =
p0p1 . . ., denote by p[j . . .] = pjpj+1 . . ., p[. . . j] = p0 . . . pj ,
and p[i : j] = pi . . . pj .

II. PRELIMINARIES AND PROBLEM FORMULATION

A. Linear Temporal Logic

LTL is a formal language defined over a set of atomic propo-
sitions AP with Boolean and temporal operators. More details
about LTL syntax, semantics, and model checking are referred
to [25]. An LTL formula can be converted to a Non-deterministic
Büchi Automata (NBA).

Definition 1: An NBA is a tupleB = (S, S0,Σ, δ, SF ), where
S is a finite set of states, S0 ⊆ S is the initial states, Σ = 2AP

is the finite alphabet, δ : S × Σ → 2S is the state transition, and
SF ⊆ S is the set of accepting states.

The wordπ = π0π1 . . . is an infinite sequence withπi ∈ 2AP ,
∀i ∈ Z≥0, where 2AP represents the power set of AP . Let Bφ

denote the NBA of the LTL formula φ. Let Δ : S × S → 2Σ

denote the set of atomic propositions that enables state transi-
tions in NBA, i.e., ∀π ∈ Δ(s, s′), s′ ∈ δ(s, π). A valid run s =
s0s1s2 . . . of Bφ generated by the word π with si ∈ δ(si−1, πi),
∀i ∈ N

+, is called accepting, if s intersects with SF infinite
often. An LTL formula can be translated to an NBA by the
tool [26]. In this work, the agents’ tasks are specified by LTL

specifications and NBA is used to track the progress of LTL
tasks.

B. Multi-Agent and Communication Models

Consider a fleet of na heterogeneous agents R = {r1, r2,
. . . , rna

}, which are classified into nc types according to the
different mobility capabilities (e.g, ground or aerial mobility)
or sensing capabilities (e.g., Lidar or visual sensors). Each
agent will be assigned an LTL task based on the its type. Let
pk and vk denote the position and linear velocity of agent
rk, ∀k ∈ [na], respectively. The agents are assumed to have
a limited communication range D ∈ R

+, i.e., two agents are
able to communicate and exchange information only when
their inter-distance is less than D. Let tn = nΔt, n ∈ N, be
a time sequence, where Δt ∈ R

+ is a sampling period. Given
an agent rk, its neighboring agents at time tn are defined as
Rk(tn) = {rj |‖pk(tn)− pj(tn)‖ ≤ D}. Similarly, the agents
outside the communication range of rk at time tn is defined
as R̄k(tn) = {rj |‖pk(tn)− pj(tn)‖ > D}. Suppose the agents
in R are assigned different tasks. For rk ∈ R, let φk and
Bk denote the task specification and the corresponding NBA,
respectively.

C. Environment and Task Models

The heterogeneous multi-agent system R operates in a
bounded workspace M consisting of l ∈ N non-overlapped re-
gions of interest. Denote by Mi the ith region of interest and
denote by MNI the region of non-interest (e.g., obstacles or the
regions that the agents can not traverse or operate within), where
Mi ∩Mj = ∅ and Mi ∩MNI = ∅ with ∀i �= j and i, j ∈ [l].
For each position p ∈ M , the labeling function L : M → AP ,
indicates the associated atomic proposition ap ∈ AP (i.e., the
task to be executed) at a position p ∈ M , i.e., L(p) = ap.

To facilitate task allocation and planning, we construct an
abstract task system (ATS) to relate the sub-tasks, the temporal
logic, the workspace, and the task requirements.

Definition 2: The abstract task system is defined as a tuple
T = (Q,M,AP,LA,LM,LT,W ), where Q is a finite set of
abstract sub-tasks, each of which can be performed by an agent
independently; M is the workspace; AP is the set of the atomic
proposition; LA : Q → AP indicates the atomic proposition
associated with the state in Q; LM : Q → M maps q ∈ Q to
a position p ∈ M ; LT : Q → R

+ indicates the cost (e.g., the
time elapsed) of performing sub-tasks; and W : Q×Q → R

+

represents the transition cost, e.g., the distance W (qi, qj) =
‖LM(qi)− LM(qj)‖.

Based on the NBA B and the abstract task system T , multiple
task sequences starting from different initial sub-tasks with
different cost can be obtained, such as using the method in [27].
To select the sequence with minimum cost, the sub-tasks with
lower cost are preferred. To indicate the task preference, we
define a partially ordered set O over the set of sub-tasks Q,
i.e., for qi, qj ∈ Q, qi 
 qj in O implies that qi is preferred
over qj due to lower execution cost. If a sub-task assigned to
an agent is being performed by another agent, the agent has to
wait until the completion of the sub-task. To avoid unnecessary
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waiting time, it is also desired to estimate the completion time
of each sub-task. By taking into account the task preferences
and the estimated completion time of sub-task, we define a
tuple I = (O, tnext), namely task information, to facilitate task
allocation, where O indicates the task preference and tnext :
Q → R

+ indicates the predicted timestamp of completing the
sub-task q ∈ Q. Each agent calculates its own task information
and exchanges the task information with neighboring agents
via communication. The task information of rj collected by
rk is denoted as Ik,j = (Ok,j , t

next
k,j ) and Ik,k = (Ok,k, t

next
k,k )

indicates the task information of rk itself.

D. Task Planning

Given the workspace M and NBA Bφ corresponding to the
LTL task φ, the plan is defined as the sequence of sub-tasks and
the corresponding NBA states, denoted as Π = (q, s), where
q = q0q1q2 . . . is the state trajectory of T with qi ∈ Q and q1
indicating the initial sub-task (as q0 is an empty task), s =
s0s1s2 . . . is the state trajectory of Bφ corresponding to q where
si indicates the automaton state after the atomic task is com-
pleted at qi. By denoting Πi = (qi, si), i ∈ N, we can rewrite
Π = Π0Π1Π2, . . . as a series of plan tuples. Let π = LA(q) be
the word generated by the trajectory q. Given a plan Π = (q, s),
the plan Π is said to satisfy the formula φ denoted as Π |= φ, if
π |= φ and ∀qi ∈ q, qi �= q0, LA(qi) ∈ Δ(si−1, si).

Based on the prefix-suffix structure, the plan Π can be further
written in the form of Π = ΠpreΠsufΠsuf . . ., where Πpre and
Πsuf are a finite prefix and a finite cyclic suffix, respectively.
Since ΠpreΠsuf |= φ also indicates that ΠpreΠsufΠsuf . . . |=
φ, we only need to determine Πpre and Πsuf in Π, denoted as
Πfinite = ΠpreΠsuf . For the finite plan Πk

finite = Πk
preΠ

k
suf

of agent rk, its cost value is defined as

Cost(Πk
finite) =

|Πk
finite|∑
i=1

(
1

vi
W (qi−1, qi) + LT (qi) + tiw

)
,

(1)

where tiw is the waiting time due to task occupation. The cost
maxrk∈R{Cost(Πk

finite)} is defined as the group cost of R.
Suppose each agent is assigned an LTL task φi, i ∈ [na], and

the task specifications are the same if the agents are of the same
type. Since each task is composed of a series of sub-tasks in
AP , the agents need to perform these sub-tasks to complete
their own LTL task independently. Given that each sub-task in
the workspace can be performed by only one agent at each time
stamp, the goal of this work is to develop a distributed task
allocation and planning method, i.e., which sub-task ap ∈ AP
should be performed next to satisfy the LTL task while mini-
mizing the execution time. Such a problem can be formulated
as follows.

Problem 1: Giving a workspace M and a group of hetero-
geneous agents R with corresponding LTL tasks {φ1, . . . , φnc

}
for each type of agents, the goal is to develop a distributed task
allocation and planning for each agent rk ∈ R to generate a
plan Πk

finite via local communication such that the group cost
maxrk∈R{Cost(Πk

finite)} is minimized.

Fig. 1. The left plot shows the workspace consisting of 4 robots and 3
areas of interest. The dashed circle indicates the limited communication
range of agents. Each agent rk ∈ R exchanges its task information Ik,k(t) =
{Ok,k(t), tk,k(t)} with neighboring agents at time t. For the agent rj out
of the communication range, rk predicts the task information Ik,j(t) =

{Ok,j(t), t
next
k,j (t)} of rj . Based on the collected task information, the task

allocation is obtained as shown in the right plot.

III. DISTRIBUTED TASK ALLOCATION AND PLANNING

This section presents a distributed task allocation and plan-
ning mechanism for multi-agent systems. As shown in Fig. 1,
each agent encodes its sub-tasks with preferences and broadcasts
the task information (i.e., the preference with completion time
of each sub-task) to neighboring agents. Leveraging the received
task information of neighboring agents or predicted task infor-
mation of non-neighboring agents, a conflict-free task allocation
can then be established at each time stamps. The established
task allocation will construct the next plan tuple for each agent
and significantly improves the execution efficiency of the whole
plan.

A. Task Preference

The task preference of agents, i.e., which sub-task is preferred
by the agent, is critical to task allocation. However, existing
real-time task allocation methods, e.g., hedonic game [17], only
consider task preference for single tasks. If each agent has an
infinitely long LTL-based task to complete, besides sub-tasks
sequences, the whole temporal task specification should be
considered to determine the task preference.

To do so, the sets of feasible tasks for the given LTL for-
mula are first obtained offline. Concretely, for an LTL task φ
and its corresponding NBA Bφ, if there exist finite sequences
π = π2 . . . πn and s = s1s2 . . . sn−1sn such that sn ∈ SF , and
πi ∈ Δ(si−1, si), ∀πi ∈ π, si ∈ s, it is said SF is reachable
from s1. Let FeaS(φ) denote the set of automaton states from
which SF is reachable. Given a state s ∈ S, its feasible atomic
proposition is defined as ap ∈ Δ(s, s′) with s′ ∈ FeaS(φ).
The set of feasible atomic propositions of s for the LTL task
φ is denoted by FeaAP (φ, s). For the agent rk ∈ R, given
its corresponding φk and the current NBA state s, we can
obtain the plan according to FeaAP (φk, s). As outlined in
Algorithm 1, the Sampling method in [28] is first leveraged
to construct a planning tuple tree Ts, comprising feasible plan
tuples along with the associated transition costs. Subsequently,
the tree undergoes continuous optimization through sampling
and pruning and finally yields a sequence of tuples satisfying
the task specification. For any ap ∈ FeaAP (φk, s), the cor-
responding task q, i.e., LA(q) = ap, is selected as the initial
sub-task. A family of plan Π∗ with q as the initial sub-task
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Algorithm 1: Automaton_order.

Fig. 2. (a) The NBA corresponding to the formula φ. (b) The workspace with
a robot r1 and three sub-tasks q1, q2, and q3. (c) The tree Ts constructed by the
sampling-based method [28], where black arrows indicate feasible transitions
and red arrows indicate pruned transitions due to large cost.

can then be identified in the tree Ts. Let Πmin ∈ Π∗ be the
plan with the lowest cost. Then, for agent rk and the selected
initial sub-task q, the time to complete the first loop of the suffix
part can be estimated as tallk (q) = Cost(Πmin). Similarly, let
tnextk,k (q) = Cost(Πmin[0 : 1]) be the time for rk to complete the
next sub-task q. To reduce the whole task execution time, the
sub-task q with smaller tallk (q) has higher priority. Therefore,
the partial orders regarding q are established by tallk , i.e., q 
 q′

if tallk (q) < tallk (q′) and the whole poset is denoted as Ok,k. The
set of partial order relation Ok,k and expected completion time
tnextk,k can form the task information Ik,k = (Ok,k, t

next
k,k ) of rk

at the current moment.
Example 1: Consider an agent rk with an LTL task φk =

Fap1 ∧ Fap2 ∧ Fap3 ∧ (¬ap1)U(ap3 ∨ ap2), whose corre-
sponding NBA Bk is shown in Fig. 2(a). Fig. 2(b) shows the
workspace, which consists of sub-tasks q1, q2, and q3 with
LA(qi) = api, i = [3]. Let Ts be the tree constructed using
the Sampling method [28] and Πk,i indicates the searched
ith plan in Ts for the agent rk. Initially, there are two fea-
sible atomic propositions FeaAP (φk, s0) = {ap2, ap3} sat-
isfying LA(q2) = ap2 and LA(q3) = ap3. If starting from
the sub-task q2, according to Fig. 2, there is a plan Πk,1 =
[(q0, s0), (q2, s5), (q1, s4), (q3, s1)] satisfying φk, i.e., Π∗ =
{Πk,1}. Therefore, for agent rk, tnextk,k (q2) = Cost(Πk,1[0 : 1])

and tallk (q2) = Cost(Πk,1). Differently, if starting from the sub-
task q3, there are Πk,2 = [(q0, s0), (q3, s6), (q2, s2), (q1, s1)],
Πk,3 = [(q0, s0), (q3, s6), (q1, s3), (q2, s1)] satisfying φk, i.e.,
Π∗ = {Πk,2,Πk,3}. As Cost(Πk,2) < Cost(Πk,3), for the agent
rk, tnextk,k (q3) = Cost(Πk,2[0 : 1]) and tallk (q3) = Cost(Πk,2).

Algorithm 2: Predict_order.

Finally, as Cost(Πk,2) < Cost(Πk,1), then (q3 
 q2) ∈ Ok,k.
Therefore, if there is no task conflict, q3 is more preferred than
q2 as the target sub-task for rk.

B. Path Prediction

Due to limited communication range, agents can only ex-
change task information with neighboring agents. For agents
outside the communication range, the path prediction module
is developed to estimate their task information. Specifically, at
time tn, if rj is outside the communication range of rk, i.e.
rj ∈ R̄k(tn), the trajectory prediction method such as [29] is
employed for rk to predict the future m-step trajectory of rj .
That is, P pred

k (rj) = pk,jn pk,jn+1 . . . p
k,j
n+m−1p

k,j
n+m, where pk,jn is

the current position of rj at time tn andpk,jn+l, l = 1, . . . ,m, is the
predicted position of rj at time tn+l. By function Predict_order
in Algorithm 2 and the predicted trajectory P pred

k (rj), rk can
estimate the task information of rj , i.e. Ik,j = {Ok,j , tk,j}.
For sub-task q, the closest node p∗i ∈ P pred

k (rj) to LM(q)
is selected as the possible destination for rj to perform the
sub-task q, and the arrival time is estimated as tk,j(q) =
1
vj
Dis(P pred

k (rj)[. . . i]), where Dis(P pred
k (rj)[. . . i]) is the dis-

tance traveled by rj along the path P pred
k (rj) from pk,jn to pk,jn+i.

As the task that is closer to the predicted trajectory is more likely
to be performed, the distance from LM(q) to the trajectory
P pred
k (rj) is applied to measure the task preference of q. Let

tpref (q) =
1
vj
‖LM(q)− p∗i‖ be the deviation of LM(q) and

P pred
k (rj). After estimation of all sub-tasks in Q, the sub-tasks

are sorted to generate the partial order Ok,j , i.e., q 
 q′ ∈ Ok,j

if tpref (q) < tpref (q
′). Through the path prediction module,

we can construct the task information for agents outside the
communication range.

Example 2: For each agent rj ∈ R̄k(tn), rk will obtain
the task information Ok,j by prediction. We first obtain the
predicted track P pred

k (rj) using the method in [29]. For
sub-task q1, suppose the i1th entry of P pred

k is the near-
est position to LM(q1), then, the predicted arrival time
of q1 is tnextk,j (q1) =

1
vj
Dis(P pred

k [. . . i1]). Similarly, for q2,

tnextk,j (q2) =
1
vj
Dis(P pred

k [. . . i2]), which yields tpref (q1) =
1
vj
‖LM(q)− pi1‖ and tpref (q2) =

1
vj
‖LM(q)− pi2‖. As

tpref (q2) < tpref (q1), rj prefers to preform the sub-task q2,
i.e. (q2 
 q1) ∈ Ok,j .
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Fig. 3. The selection of next sub-task. (a) r1 and r2 are neighboring agents
within the communication range. (b) r2 prefers q3 and arrives atLM(q3) earlier
than r1. Due to the task conflict of performing q3 (i.e., the red block), r1 selects
another sub-task q2.

C. Distributed Task Allocation and Planning

After each agent rk obtains the task information Ik,j , ∀rj ∈
R, the hedonic game from [17] can be employed for distributed
task allocation, i.e. adjusting the allocation in finite times (less
than na(na+1)

2 ) based on the task preference and performance
until no agent can individually increase its performance. Since
shorter waiting time is preferred, for a sub-task q, the agent
preferring q with earlier arrival time will finally occupy the sub-
task q. Consequently, following a similar procedure as in the
hedonic game, the task allocation game can be played by asking
the agents with earlier arrival time to execute next sub-task,
which does not change with the task allocation result and the
maximum number of iterations can be reduced to na.

Specifically, as outlined in Algorithm 3, leveraging Ok =
{Ok,j |∀rj ∈ R} and tnextk = {tnextk,j |∀rj ∈ R}, each agent rk
at tn predicts the next sub-tasks of the other agents, yielding a
conflict-free task allocation Gk(tn) = {gk,1, . . . , gk,na

}, where
gk,j ∈ Q, ∀j ∈ [na], indicates the predicted next sub-task of
agent rj by agent rk. Specifically, if there exists a g ∈ Gk such
that g = ∅, then for each sub-task q ∈ Q, all agents in Rpref (q)
are allowed to participate in the sub-task q, where Rpref (q)
represents the set of agents that prefer q according to Ok. If
rj ∈ Rpref (q) arrives at qj first, the next sub-task of rj will be
set as gk,j = q. For the other agents, if there exists an agent ri
such that tnextk,i (q) ∈ [tnextk,j (q), tnextk,j (q) + LT (q)], it indicates
ri cannot participate in the sub-task q on time because of task
conflict. Then, all preference relation with q will be removed
from the poset Ok,i, which can clear the conflict of sub-task q.
We then setOk,j = ∅ to indicate that agent rj will not participate
in the selection of other sub-tasks. If an agent rj has gk,j = ∅ and
Ok,j = ∅, it indicates that there is no feasible task at the current
time, and the next sub-task is set to q0, i.e., rj is considered to
stay at its current position LM(q0). Such a procedure continues
until all agents complete the task selection.

Example 3: Consider two agents operating in the environ-
ment as shown in Fig. 3(a). Suppose that r1 is aware of its own
task information I1,1 = {O1,1, t

next
1,1 } and I1,2 = {O1,2, t

next
1,2 }

of r2 via communication. r1 then selects its next sub-task by
function Select as shown in Fig. 3(b). As there exist (q3 

q2) ∈ O1,1 and (q3 
 q2) ∈ O1,2, there is no agent consider-
ing q1 or q2 as the preferred sub-task and q3 is the preferred
sub-task for both r1 and r2, i.e. r1, r2 ∈ Rpre. Since there

Algorithm 3: Select.

exists tnext1,2 (q3) < tnext1,1 (q3), g1,2 is set as q3. Besides, there
exists a task conflict for r1 performing q3, i.e. tnext1,1 (q3) ∈
[tnext1,2 (q3), t

next
1,2 (q3) + LT (q3)], and q3 will be removed from

O1,1. Then, q2 is the preferred sub-task for r1 and g1,1 is set
as q2. Therefore, q2 is set as the next sub-task of r1. For the
agent r2, it will obtain the same task information and q3 will be
selected as its next sub-task. As r2 is the neighboring agent of r1,
i.e. r2 ∈ R1, there exist I2,1 = I1,1 and I2,2 = I1,2. Therefore,
G2 = G1 and q3 is the next sub-task of r2.

D. System Synthesis

Based on Sections III-A–III-C, we summarize the overall
architecture in this section. As outlined in Algorithm 4, rk
first obtains its own posets via function Automaton_order at
each step and receives the task information of neighboring
agents r ∈ Rk via communication. For agents rj ∈ R̄k outside
the communication range, the path prediction module is car-
ried out to obtain P pred

k by [29] and the developed function
Predict_order is applied to predict the posets and arrival times
of agents. The poset O of all agents and the expected time to
arrive at the next sub-task are then established. The function
Select is used to obtain the desired task set Gk for all agents and
returns the target sub-task gk,k of agent rk.

IV. ALGORITHM ANALYSIS

This section investigates the performance of the distributed
task allocation in the following aspects: the feasibility and the
complexity. The feasibility indicates that task conflicts can be
detected and properly coordinated.

A. Feasibility

If the agents are out of the communication range, their task
information have to be predicted. Hence, there might be task
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Algorithm 4: Distributed Task Allocation.

conflicts due to inaccurate prediction. In this section, we first
show that, if the prediction of task information is accurate, no
task conflicts exist using our proposed task allocation scheme.
Then, we show the agent can re-plan to resolve potential task
conflicts if the prediction is not accurate.

Theorem 1: Given accurate task information Ik,j , ∀rj ∈ R
(i.e., the task preference and arrival time are consistent and sat-
isfy Ik,j = Ik′,j ,∀rk′ ∈ R), the proposed task allocation scheme
guarantees that no task conflicts exist.

Proof: If the communication range is sufficiently large that
all agents can communicate to obtain others’ task information,
such task information is considered as accurate. According to
Algorithm 3, if there exist task conflicts, the agent with longer
arrival time will not be selected for this task. Instead, it will
select the next task according to the task preference. If all tasks
of an agent are in conflict and the arrival time is longer than
other agents, this agent will stay idle to avoid conflict. Hence, if
other agent task information obtained by the agent is accurate,
there is no conflict in the task allocation. �

Remark 1: In the proposed distributed algorithm, the next
possible task of agent can only be predicted through a small
amount of information outside the communication range. Since
the actual task state cannot be fully taken into account, the real
task sequence of agent cannot be obtained. Therefore, the in-
accuracy of partial task information will inevitably affect the
feasibility of planning.

Theorem 2: The task conflict caused by inaccuracy of partial
task information in a short time can be predicted and avoided in
advance.

Proof: Consider a case that agents rk and rj need to go
to q and they are not neighboring agents, i.e., gk,k = gj,j = q
and rk /∈ Rj . Suppose rk predicts that rj will go to q′, i.e.,
gk,j = q′. Therefore, rk is not aware of that the target sub-task
of rj is q at first and thus goes to q according to its predicted
task information. Similarly, rj can also misjudge the target
sub-task of rk and continues to go to q. Since both rk and rj
are heading to q, when rk and rj are sufficiently close to be
able to communicate, i.e., rk ∈ Rj , rk will discover the actual
target sub-task of rj and re-selects the target sub-task based on
the current task information. It is the same for rj . Finally, only

one agent is guaranteed to perform q. Note that although rk and
rj are not in each other’s communication range, there is an area
centered on the LM(q), containing only LM(q), rk and rj .
Therefore, according to Algorithm 3, ri and rj will adjust the
current target sub-task according to the expected arrival time to
ensure that at most one agent reaches q. �

The above analysis shows that there might be conflict of target
sub-tasks due to inaccurate prediction of task information. How-
ever, before the agents reach the wrong common destination,
once they are close enough to communicate about the true task
information, such conflicts can be resolved. That is, only one
agent at most will be assigned with the sub-task in this period
of time. Therefore, the feasibility of the distributed real-time
planning algorithm is guaranteed.

B. Complexity

At each time step, the agent updates its own task informa-
tion, communicates with neighboring agents to obtain other’s
task information, and predicts the task information of agents
outsides its communication zone. The next sub-tasks are then
determined based on all collected task information. Since the
transitions of NBA states only rely on previous automaton states,
it only needs to update the task information according to the
current position without re-sampling in the same NBA state.
Re-sampling is only needed when the task states change. Since
the sampling tree at previous timestamp contains the current state
transition, the current sampling tree can be directly obtained as
one of its sub-tree. By [30] the time complexity of planning is
O(|S|2|Q|2). The agent will obtain the corresponding poset O
by sorting and the complexity isO(|Q| log |Q|). The complexity
of sub-task selection is based on Algorithm 3. For na agents,
there are at most na selections and the ith selection has at
most na − i+ 1 agents can be selected. Therefore, the time
complexity of Algorithm 3 is n(n+1)

2 .

V. RESULT

The proposed distributed task allocation and planning is eval-
uated via simulation and physical experiment in this section.
LTL2STAR is used to convert LTL formula to NBA [26]. Matlab
2019b is used for numerical simulation. Ubuntu 18.4 and ROS
melodic are used for experiment.

A. Numerical Simulation

Consider an environment as shown in Fig. 4, in which
api, i = 1, . . . , 8, represent the areas of interest. There
are 4 robots of 2 different types represented as blue
and gray dots, respectively. Suppose the LTL task of
r1 and r2 is φ1 = φ2 = GF (ap3 ∨ ap4) ∧GF (ap1 ∨ ap2) ∧
GF (ap5 ∨ ap6 ∨ ap7 ∨ ap8), and the LTL task of r3 and r4
is φ3 = φ4 = GF (ap1 ∨ ap2) ∧GF (ap3 ∨ ap4) ∧GF (ap5 ∨
ap6 ∨ ap7 ∨ ap8). We consider the following two cases: com-
munication only and communication with prediction.

For case 1 (i.e., communication only) and case 2 (i.e., com-
munication with prediction), we test the performance of the pro-
posed task allocation under different communication range D.
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Fig. 4. The simulation environment is of size 10 × 10 and consists of 8 areas of
interest represented as ap1-ap8. There are 4 robots of 2 different types operating
in the environment, which are represented as blue (i.e., r1 and r2) and gray dots
(i.e., r3 and r4).

TABLE I
PERFORMANCE UNDER DIFFERENT COMMUNICATION RANGE

Fig. 5. The X-axis is the time stamps and the Y-axis is the agent indices. The
block indicates the task that the agent is performing currently. The gray line
indicates that the agent has no target sub-task.

Fig. 6. The X-axis is the time stamps and the Y-axis is the atomic propositions.
The gray blocks indicates that the sub-task is idle. The colored block indicates
that the corresponding sub-task is occupied by an agent.

The group cost maxrk∈R{Cost(Πk
finite)} (i.e., the total elapsed

time) is reported in Table I. Note that, D = 0 indicates that there
is no communication between agents. The group cost decreases
with the increase of the communication range, since the tasks can
be better coordinated if more task information of other agents
are available. For the same communication range, the group
cost of case 2 is less than that of case 1, which demonstrates that
the prediction module can effectively improve the efficiency of
distributed task planning.

We next show that the proposed task allocation can success-
fully deal with the addition and removal of agents during task
operation. Consider an additional agent r5 with φ5 = φ3, which
will be added to the system at the timestamp t300. The agent r1
will be removed from the timestamp t600. The simulation results
are shown in Figs. 5 and 6. In the first 300 time steps, the tasks
are well allocated to the four initial agents. When r5 joins in the

TABLE II
COMPARISON METHODS

system, the task allocation is updated with little waiting time.
When r1 breaks out, ap1 and ap3 are preferred for better task
coordination.

Our approach is then compared with [24] under different tasks
(i.e., φi, i ∈ [7]) with different number of agents and types. Each
set is performed in five different workspaces with 8 areas of
interest and the average group costs are shown in Table II, where
|S| indicates the size of NBA for different tasks. For instance,
the last row in Table II indicates there are 12 agents of 3 types
corresponding to tasks φ1, φ2, and φ3, respectively, and the
corresponding automaton sizes are all 16. Table II demonstrates
that the task-level conflict avoidance can improve the execution
efficiency, as [24] only considers path-level conflict avoidance.

φ1 = Fap1 ∧ Fap2 ∧ F (ap3 ∨ ap4) ∧ F (ap5 ∨ ap6),

φ2 = Fap3 ∧ Fap4 ∧ F (ap5 ∨ ap6) ∧ F (ap7 ∨ ap8),

φ3 = Fap5 ∧ Fap6 ∧ F (ap7 ∨ ap8) ∧ F (ap1 ∨ ap2),

φ4 = Fap1 ∧ Fap2 ∧ F (ap3 ∨ ap4),

φ5 = Fap5 ∧ Fap6 ∧ F (ap1 ∨ ap2),

φ6 = Fap1 ∧ Fap2 ∧

⎛
⎝ ∧

i=3,5,7

F (api ∨ api+1)

⎞
⎠

φ7 = Fap3 ∧ Fap4 ∧

⎛
⎝ ∧

i=1,5,7

F (api ∨ api+1)

⎞
⎠

B. Physical Experiment

Consider a factory environment as shown in Fig. 7(a), where
ap1 and ap2 represent the goods shelves, ap3 represents the
letters shelf, ap4 and ap5 represent the recharge stations, and ap6
and ap7 represent the warehouses. Suppose there are 3 agents of
2 different types performing the cargo sorting task. The agents
r1 and r2 belong to type 1, which should deliver the goods from
the goods shelf to a warehouse and then return to the recharge
station. Such a task for r1 and r2 is written in an LTL for-
mula as φ1 = φ2 = ((¬ap4 ∧ ¬ap5 ∧ ¬ap6 ∧ ¬ap7)U(ap1 ∨
ap2)) ∧ F (ap4 ∨ ap5) ∧ F (ap6 ∨ ap7). The agent r3 belongs
to type 2, which should deliver letters from the letters shelf to a
warehouse and return to the recharge station. The task specifica-
tion for r3 is φ3 = ((¬ap4 ∧ ¬ap5 ∧ ¬ap6 ∧ ¬ap7)U(ap3)) ∧
F (ap4 ∨ ap5) ∧ F (ap6 ∨ ap7). The experiment results are
shown in Fig. 7. In (b), the agents r1, r2, r3 are assigned with the
task ap2, ap1, ap3, respectively. r2 selects ap1 as it predicts that

Authorized licensed use limited to: University of Science & Technology of China. Downloaded on June 11,2024 at 00:32:08 UTC from IEEE Xplore.  Restrictions apply. 



CHEN et al.: DISTRIBUTED TASK ALLOCATION AND PLANNING UNDER TEMPORAL LOGIC AND COMMUNICATION CONSTRAINTS 6543

Fig. 7. The dashed lines indicate the agent trajectories. In (a), ap1-ap7
represents the areas of interest, respectively. There are two kinds of agents:
{r1, r2} and {r3}. In (b)-(d), the agents are executing their sub-tasks.

r1 will arrive at ap2 before itself. In (c), agents are assigned with
the task ap4, ap5, ap7, respectively. r2 selects ap5 as it predicts
that r1 will arrive at ap4 before itself. In (d), agents are assigned
with the task ap6, ap7, ap4, respectively. The experiment video
is provided.1

VI. CONCLUSION

In this letter, a distributed task allocation and planning method
is developed for a heterogeneous multi-agent system subject to
communication constraints and linear temporal logic specifica-
tions. Each agent can obtain its own plan by the received or
predicted task information. Simulation results demonstrate the
effectiveness of the proposed method.

REFERENCES

[1] Z. Yan, N. Jouandeau, and A. A. Cherif, “A survey and analysis of
multi-robot coordination,” Int. J. Adv. Robot. Syst., vol. 10, no. 12, p. 399,
2013.

[2] L. Li, Z. Chen, H. Wang, and Z. Kan, “Fast task allocation of heteroge-
neous robots with temporal logic and inter-task constraints,” IEEE Robot.
Automat. Lett., vol. 8, no. 8, pp. 4991–4998, Aug. 2023.

[3] M. Guo and D. V. Dimarogonas, “Multi-agent plan reconfiguration under
local LTL specifications,” Int. J. Robot. Res., vol. 34, no. 2, pp. 218–235,
2015.

[4] N. Jabeur, T. Al-Belushi, M. Mbarki, and H. Gharrad, “Toward leveraging
smart logistics collaboration with a multi-agent system based solution,”
Procedia Comput. Sci., vol. 109, pp. 672–679, 2017.

[5] N. Seenu, K. C. RM, M. M. Ramya, and M. N. Janardhanan, “Review
on state-of-the-art dynamic task allocation strategies for multiple-robot
systems,” Ind. Robot., Int. J. Robot. Res. Appl., vol. 47, no. 6, pp. 929–942,
2020.

[6] E. Schneider, E. I. Sklar, and S. Parsons, “Mechanism selection for multi-
robot task allocation,” in Proc. Annu. Conf. Towards Auton. Robotic Syst.,
2017, pp. 421–435.

[7] W. P. N. dos Reis and G. S. Bastos, “An arrovian view on the multi-robot
task allocation problem,” in Proc. IEEE Int. Conf. Advan. Robot., 2017,
pp. 290–295.

1[Online]. Available: https://youtu.be/lm8klvUrCqM

[8] X. Luo and M. M. Zavlanos, “Temporal logic task allocation in het-
erogeneous multirobot systems,” IEEE Trans. Robot., vol. 38, no. 6,
pp. 3602–3621, Dec. 2022.

[9] Y. E. Sahin, P. Nilsson, and N. Ozay, “Synchronous and asynchronous
multi-agent coordination with cLTL+ constraints,” in Proc. IEEE Conf.
Decis. Control, 2017, pp. 335–342.

[10] Y. E. Sahin, P. Nilsson, and N. Ozay, “Multirobot coordination with count-
ing temporal logics,” IEEE Trans. Robot., vol. 36, no. 4, pp. 1189–1206,
Aug. 2020.

[11] M. Cai, K. Leahy, Z. Serlin, and C.-I. Vasile, “Probabilistic coordination of
heterogeneous teams from capability temporal logic specifications,” IEEE
Robot. Automat. Lett., vol. 7, no. 2, pp. 1190–1197, Apr. 2022.

[12] K. Leahy et al., “Scalable and robust algorithms for task-based coordi-
nation from high-level specifications (scratches),” IEEE Trans. Robot.,
vol. 38, no. 4, pp. 2516–2535, Aug. 2022.

[13] J. Tumova and D. V. Dimarogonas, “Multi-agent planning under local
LTL specifications and event-based synchronization,” Automatica, vol. 70,
pp. 239–248, 2016.

[14] P. Schillinger, M. Bürger, and D. V. Dimarogonas, “Simultaneous task
allocation and planning for temporal logic goals in heterogeneous multi-
robot systems,” Int. J. Robot. Res., vol. 37, no. 7, pp. 818–838, 2018.

[15] P. Schillinger, M. Bürger, and D. V. Dimarogonas, “Decomposition of
finite LTL specifications for efficient multi-agent planning,” in Proc.
Distrib. Auton. Robotic Systems, 13th Int. Symp., 2018, pp. 253–267.

[16] I. Hustiu, C. Mahulea, and M. Kloetzer, “Distributing co-safe LTL speci-
fications to mobile robots,” in Proc. IEEE Int. Conf. Syst. Theory, Control,
Comput., 2022, pp. 306–311.

[17] I. Jang, H.-S. Shin, and A. Tsourdos, “Anonymous hedonic game for task
allocation in a large-scale multiple agent system,” IEEE Trans. Robot.,
vol. 34, no. 6, pp. 1534–1548, Dec. 2018.

[18] I. Jang, H.-S. Shin, A. Tsourdos, J. Jeong, S. Kim, and J. Suk, “An
integrated decision-making framework of a heterogeneous aerial robotic
swarm for cooperative tasks with minimum requirements,” J. Aerosp. Eng.,
vol. 233, no. 6, pp. 2101–2118, 2019.

[19] W. Zhao, Q. Meng, and P. W. Chung, “A heuristic distributed task al-
location method for multivehicle multitask problems and its application
to search and rescue scenario,” IEEE Trans. Cybern., vol. 46, no. 4,
pp. 902–915, Apr. 2016.

[20] W. Lee and D. Kim, “Adaptive approach to regulate task distribution in
swarm robotic systems,” Swarm Evol. Comput., vol. 44, pp. 1108–1118,
2019.

[21] M. Otte, M. Kuhlman, and D. Sofge, “Competitive target search with multi-
agent teams: Symmetric and asymmetric communication constraints,”
Auton. Robots, vol. 42, pp. 1207–1230, 2018.

[22] M. Otte, M. J. Kuhlman, and D. Sofge, “Auctions for multi-robot task al-
location in communication limited environments,” Auton. Robots, vol. 44,
pp. 547–584, 2020.

[23] Z. Liu, B. Wu, J. Dai, and H. Lin, “Distributed communication-aware
motion planning for networked mobile robots under formal specifications,”
IEEE Trans. Control Netw. Syst., vol. 7, no. 4, pp. 1801–1811, Dec. 2020.

[24] P. Yu and D. V. Dimarogonas, “Distributed motion coordination for mul-
tirobot systems under LTL specifications,” IEEE Trans. Robot., vol. 38,
no. 2, pp. 1047–1062, Apr. 2022.

[25] C. Baier and J.-P. Katoen, Principles of Model Checking. Cambridge, MA,
USA: MIT Press, 2008.

[26] P. Gastin and D. Oddoux, “Fast LTL to büchi automata translation,” in
Proc. Int. Conf. Comput. Aided Verif., 2001, pp. 53–65.

[27] X. Luo, Y. Kantaros, and M. M. Zavlanos, “An abstraction-free method for
multirobot temporal logic optimal control synthesis,” IEEE Trans. Robot.,
vol. 37, no. 5, pp. 1487–1507, Oct. 2021.

[28] Y. Kantaros and M. M. Zavlanos, “STyLuS*: A. temporal logic optimal
control synthesis algorithm for large-scale multi-robot systems,” Int. J.
Robot. Res., vol. 39, no. 7, pp. 812–836, 2020.

[29] A. Gupta, J. Johnson, L. Fei-Fei, S. Savarese, and A. Alahi, “Social GAN:
Socially acceptable trajectories with generative adversarial networks,” in
Proc. IEEE Conf. Comput. Vis. Pattern Recognit, 2018, pp. 2255–2264.

[30] S. L. Smith, J. Tumova, C. Belta, and D. Rus, “Optimal path planning for
surveillance with temporal-logic constraints,” Int. J. Robot. Res., vol. 30,
no. 14, pp. 1695–1708, 2011.

Authorized licensed use limited to: University of Science & Technology of China. Downloaded on June 11,2024 at 00:32:08 UTC from IEEE Xplore.  Restrictions apply. 

https://youtu.be/lm8klvUrCqM


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (Gray Gamma 2.2)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 0
  /ParseDSCComments false
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo false
  /PreserveFlatness true
  /PreserveHalftoneInfo true
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Remove
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
    /Algerian
    /Arial-Black
    /Arial-BlackItalic
    /Arial-BoldItalicMT
    /Arial-BoldMT
    /Arial-ItalicMT
    /ArialMT
    /ArialNarrow
    /ArialNarrow-Bold
    /ArialNarrow-BoldItalic
    /ArialNarrow-Italic
    /ArialUnicodeMS
    /BaskOldFace
    /Batang
    /Bauhaus93
    /BellMT
    /BellMTBold
    /BellMTItalic
    /BerlinSansFB-Bold
    /BerlinSansFBDemi-Bold
    /BerlinSansFB-Reg
    /BernardMT-Condensed
    /BodoniMTPosterCompressed
    /BookAntiqua
    /BookAntiqua-Bold
    /BookAntiqua-BoldItalic
    /BookAntiqua-Italic
    /BookmanOldStyle
    /BookmanOldStyle-Bold
    /BookmanOldStyle-BoldItalic
    /BookmanOldStyle-Italic
    /BookshelfSymbolSeven
    /BritannicBold
    /Broadway
    /BrushScriptMT
    /CalifornianFB-Bold
    /CalifornianFB-Italic
    /CalifornianFB-Reg
    /Centaur
    /Century
    /CenturyGothic
    /CenturyGothic-Bold
    /CenturyGothic-BoldItalic
    /CenturyGothic-Italic
    /CenturySchoolbook
    /CenturySchoolbook-Bold
    /CenturySchoolbook-BoldItalic
    /CenturySchoolbook-Italic
    /Chiller-Regular
    /ColonnaMT
    /ComicSansMS
    /ComicSansMS-Bold
    /CooperBlack
    /CourierNewPS-BoldItalicMT
    /CourierNewPS-BoldMT
    /CourierNewPS-ItalicMT
    /CourierNewPSMT
    /EstrangeloEdessa
    /FootlightMTLight
    /FreestyleScript-Regular
    /Garamond
    /Garamond-Bold
    /Garamond-Italic
    /Georgia
    /Georgia-Bold
    /Georgia-BoldItalic
    /Georgia-Italic
    /Haettenschweiler
    /HarlowSolid
    /Harrington
    /HighTowerText-Italic
    /HighTowerText-Reg
    /Impact
    /InformalRoman-Regular
    /Jokerman-Regular
    /JuiceITC-Regular
    /KristenITC-Regular
    /KuenstlerScript-Black
    /KuenstlerScript-Medium
    /KuenstlerScript-TwoBold
    /KunstlerScript
    /LatinWide
    /LetterGothicMT
    /LetterGothicMT-Bold
    /LetterGothicMT-BoldOblique
    /LetterGothicMT-Oblique
    /LucidaBright
    /LucidaBright-Demi
    /LucidaBright-DemiItalic
    /LucidaBright-Italic
    /LucidaCalligraphy-Italic
    /LucidaConsole
    /LucidaFax
    /LucidaFax-Demi
    /LucidaFax-DemiItalic
    /LucidaFax-Italic
    /LucidaHandwriting-Italic
    /LucidaSansUnicode
    /Magneto-Bold
    /MaturaMTScriptCapitals
    /MediciScriptLTStd
    /MicrosoftSansSerif
    /Mistral
    /Modern-Regular
    /MonotypeCorsiva
    /MS-Mincho
    /MSReferenceSansSerif
    /MSReferenceSpecialty
    /NiagaraEngraved-Reg
    /NiagaraSolid-Reg
    /NuptialScript
    /OldEnglishTextMT
    /Onyx
    /PalatinoLinotype-Bold
    /PalatinoLinotype-BoldItalic
    /PalatinoLinotype-Italic
    /PalatinoLinotype-Roman
    /Parchment-Regular
    /Playbill
    /PMingLiU
    /PoorRichard-Regular
    /Ravie
    /ShowcardGothic-Reg
    /SimSun
    /SnapITC-Regular
    /Stencil
    /SymbolMT
    /Tahoma
    /Tahoma-Bold
    /TempusSansITC
    /TimesNewRomanMT-ExtraBold
    /TimesNewRomanMTStd
    /TimesNewRomanMTStd-Bold
    /TimesNewRomanMTStd-BoldCond
    /TimesNewRomanMTStd-BoldIt
    /TimesNewRomanMTStd-Cond
    /TimesNewRomanMTStd-CondIt
    /TimesNewRomanMTStd-Italic
    /TimesNewRomanPS-BoldItalicMT
    /TimesNewRomanPS-BoldMT
    /TimesNewRomanPS-ItalicMT
    /TimesNewRomanPSMT
    /Times-Roman
    /Trebuchet-BoldItalic
    /TrebuchetMS
    /TrebuchetMS-Bold
    /TrebuchetMS-Italic
    /Verdana
    /Verdana-Bold
    /Verdana-BoldItalic
    /Verdana-Italic
    /VinerHandITC
    /Vivaldii
    /VladimirScript
    /Webdings
    /Wingdings2
    /Wingdings3
    /Wingdings-Regular
    /ZapfChanceryStd-Demi
    /ZWAdobeF
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 150
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages false
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 900
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.00111
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 150
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages false
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 1200
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.00083
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.40
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 15
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages false
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.00063
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /CreateJDFFile false
  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000410064006f006200650020005000440046002065876863900275284e8e55464e1a65876863768467e5770b548c62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef69069752865bc666e901a554652d965874ef6768467e5770b548c52175370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA (Utilizzare queste impostazioni per creare documenti Adobe PDF adatti per visualizzare e stampare documenti aziendali in modo affidabile. I documenti PDF creati possono essere aperti con Acrobat e Adobe Reader 5.0 e versioni successive.)
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020be44c988b2c8c2a40020bb38c11cb97c0020c548c815c801c73cb85c0020bcf4ace00020c778c1c4d558b2940020b3700020ac00c7a50020c801d569d55c002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken waarmee zakelijke documenten betrouwbaar kunnen worden weergegeven en afgedrukt. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create PDFs that match the "Suggested"  settings for PDF Specification 4.0)
  >>
>> setdistillerparams
<<
  /HWResolution [600 600]
  /PageSize [612.000 792.000]
>> setpagedevice


