
Czech Technical University in Prague
Faculty of Electrical Engineering

DOCTORAL THESIS STATEMENT



Czech Technical University in Prague
Faculty of Electrical Engineering

Department of Cybernetics
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1 Introduction and Related Work

Problem solving and planning in decentralized environments is a key technical challenge in numerous industrial
applications, ranging from manufacturing, logistics, virtual enterprises to multi-robotics systems. The integra-
tion of the task refinement (decomposition), allocation and local planning enables to explore the planning and
allocation possibilities taking into account the availability of resources. There may be several ways to decompose
a task. For each such a decomposition various allocations exist and each agent can make different plans for
each part of a decomposed task. The question of which decomposition is the best for a given task cannot be
answered easily without allocation and local plans’ evaluation. Since the number of combinations grows rapidly
with the number of agents as well as the decomposition and allocation possibilities, it leads us to the non-trivial
problem of multi-agent problem solving.

This work presents an abstract architecture of a multi-agent solver and a respective algorithm providing
decomposition, task allocation and task delegation. The architecture is based on social welfare maximization
using agent negotiation over task allocation, delegation and reallocation. The interaction mechanism ensures
global optimization behavior while the individual agents apply local planning heuristics and strategies. Vari-
ous features of the abstract architecture, such as computational complexity or admissibility of the underlying
optimization heuristics, are analyzed.

Additionally, an approach to plan representation based on social commitments suitable for flexible replanning
and plan revision purposes in dynamic non-deterministic environments is introduced. The key idea is in the
representation of a distributed hierarchical plan by social commitments, as a theoretically studied formalism
for representing mutual relations among intentions of collaborating agents. Reasoning about decommitment
alternatives during the planning process contributes to flexibility and robustness of the resulting plan. We
formally introduce and discuss three specific decommitment rules: (i) relaxation, (ii) delegation and (iii) full
decommitment. The process of coordination and interaction between agents depends strongly on the ability
of individual actors to perform intelligent decommitment upon specific changes in the environment. We argue
that an appropriate selection, setting and preference ordering of decommitment rules contributes to robustness
of the overall solution. The abstract problem solving architecture is extended for commitment allocation and
the decommitment model is discussed.

The approach was verified and evaluated in simulated environments and real case studies. The experimental
validation confirms the ability of the multi-agent problem solver to provide high-quality solutions, performance,
stability and robustness of the system in complex scenarios. Four instances of the abstract architecture im-
plementations are given to demonstrate the applicability of the presented approaches in a wide variety of real
world problem domains – vehicle routing problems, strategic mission planning, multi-robot frontiers exploration
and production planning.

1.1 Distributed Problem Solving and Planning

The problem of controlling entities in a heterogeneous distributed environment is crucial for many domains [10].
Classical centralized methods depend on one central planning system. Such a system gathers all required input
data before the planning process takes place. Then the plan (a set of plans respectively) is generated using
these data. This approach faces various problems. One problem is the need for private local knowledge of the
actors. The other problem is the need for real-time replanning based on environments and conditions changing
dynamically over time. On the other hand, in distributed methods of planning, each entity plans its own plan.
Cooperation and heading towards common goals is done by various methods of negotiation.

Distributed planning and problem solving usually refer to environments where planning, solving, or coordi-
nation activity is distributed across multiple actors, processes, or sites. Distributed planning has been viewed
as either (i) planning for activities and resources allocated among distributed agents, (ii) distributed (parallel)
computation aimed at plan construction or (iii) plan merging activity. During the years of artificial intelligence
(AI) research the fields of distributed problem solving (DPS), distributed planning (DP), and multi-agent plan-
ning and problem solving (MAPS) have grown significantly and became significant inherent pars of the scientific
fields of distributed artificial intelligence. All three mentioned domains focus on collective effort of distributed
actors to solve a joint problem. The emphasis is put on the optimization (or constrain satisfaction), planning
or coordination. The distributed problem solving and planning was introduced by a statement that the DPS is
a subfield of distributed AI emphasizing the collective effort of the agents to solve the common problems [10].
Compared to DPS and DP, where a lot of standard problem formulations, frameworks and methods exists
(i.e. [4, 6, 7, 8, 9, 11]), MAPS is centered around the coordination and interaction of autonomous agents. The
typical MAPS problem is defined as a problem with autonomy of the actors (the agents are at least partially
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autonomous), locality of the views (no agent has a full global view of the system, or the system is too complex
for an agent to make practical use of such knowledge), and high degree of decentralization [20]. The MAPS
community focuses a lot on (i) single agent knowledge representation and reasoning [3, 5, 21], (ii) multi-agent
coordination and negotiation [14, 15, 18]. Also there are many implementations of multi-agent systems utilizing
the concepts of autonomy, rationality, social behavior, and other features of agent-based systems [12, 16]. This
work focuses mainly on multi-agent problem solving based on task allocation and local resource planning in
cooperative environments.

The multi-agent system design is composed of two components: (i) local agent algorithms design that respects
autonomy, individual constraints, goals and resources of agents and (ii) inter-agent interaction schemes that
provide social aspects of the whole system and support (emergent) macro behavior of the multi-agent system.
Agent interactions in the presented architecture are motivated by cooperative solving of a given problem.
Similarly to social aspects referred to as comparative advantage in economy [17], where a group of individuals
cooperates on the delivery of a service or goods at a lower opportunity cost than other groups, the agent
community tries to find a solution maximizing social welfare [1]. As shown in this work, the welfare maximization
can be transformed to minimization of the cost of assignments of tasks (sub-problems) to individual agents. This
cost is computed locally using planning algorithms of individual agents. The overall solution cost is minimized
using interactions between agents – task allocation, delegation and reallocation. The allocation of a task to
an agent is represented by a social commitment that an agent undertakes [13]. This representation provides
a powerful tool for task execution stability and performance in dynamic and/or uncertain environments. The
commitment-based approach enables to change the solver-centric point of view to a more task-centric point of
view and enhance the solver operations for heterogenous commitments in dynamic environments.

This work mainly focuses on the interaction component of the multi-agent system in the context of problem
solving using task allocation and defines constraints to the local agent planning strategies. It does not directly
address the local agent’s point of view, but presents a commitment-based plan representation enhancing the
execution stability and robustness. The presented approaches are demonstrated on a series of implementations
of multi-agent systems for various domains and their evaluation and validation.

2 Aims of the Doctoral Thesis

This thesis aims to provide a unified architecture suitable for a wide variety of multi-agent problem solving
domains. Such an architecture has to provide a computationally feasible high-quality solution, execution ro-
bustness and good performance and stability in heterogenous dynamic environments with a high degree of
uncertainty. The goals of the thesis can be formalized as follows:

1. Define a domain independent abstract architecture of the multi-agent problem solver for distributed prob-
lem solving. Formalize the multi-agent problem and develop a distributed problem solving algorithm on
top of it using the abstract architecture.

2. Analyze features of the abstract architecture and the algorithm and argue the admissibility of this approach
for problem solving.

3. Enhance the abstract architecture by mechanisms for executional stability and robustness of the solution,
flexible replanning and plan revisions in dynamic non-deterministic environments.

4. Evaluate the architecture and algorithms using a comparative benchmark problem and provide arguments
supporting the applicability of the approach for distributed problem solving.

5. Evaluate the enhanced architecture using stress scenarios to validate the robustness and execution stability
of the approach.

6. Validate the developed architecture, algorithms and mechanisms using realistic application scenarios to
support the applicability of the multi-agent problem solving approach in real-world problems.
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3 Working Methods

Multi-agent planning approaches are used for solving a wide variety of planning problems. As analyzed by
Brafman and Domshlak [2] the multi-agent planning techniques can be beneficial for such problems where the
domain sizes of individual agents are considerably smaller (e.g. in logarithmic relation to each other) than
the overall size of the problem (even if the planning complexity of an individual agent is exponential) and the
number of dependencies between agents is low. The distributed planning and problem solving has been analyzed
by Durfee [10]. One of the related strategies discussed is a task sharing approach. The principle is based on
passing of tasks from a busy agent to a vacant agent(s). The process can be summarized in four basic steps:

1. Task decomposition – the tasks of agents are decomposed into subtasks. Sharable subtasks are selected.

2. Task allocation – the selected tasks are assigned to the vacant agents or agents which ask for them.

3. Task accomplishment – each agent tries to accomplish its (sub)tasks. The tasks which need further
decomposition are recursively processed and passed to other agents.

4. Result synthesis – the results of the tasks are returned to the allocating agent since it is aware of how to
use it in the context of the higher level tasks.

From the perspective of distributed problem solving, task allocation and the result synthesis are the most
crucial parts. On the other hand, from the planning perspective, the other two phases are more important. The
allocation problem is usually solved by contracting and negotiation techniques which imply problems related to
the resource allocation domain, e.g. cross-booking, over-booking, backtracking, and others. In the allocation
phase, a hierarchy of agents is established, which may not be fixed in heterogeneous multi-agent systems.

The decomposition and delegation principle is widely used in agent-based approaches for problem solving
and planning and shows great applicability to realistic problems. Taking into account Brafman and Domshlak’s
analysis, the Durfee’s task sharing approach efficiency is tightly bound to the solver’s ability to reduce the
problem sizes for individual agents and keeping the dependencies between agents low.

In the domains where the optimization/planning problem can be decomposed into independent task the
multi-agent approach shows its benefits. Such a task can be allocated and executed by different agents with
low or no influence on each other.

3.1 Multi-Agent Solver

Based on the principles of problem decomposition and delegation described before, we can define the abstract
multi-agent solver architecture as a composition of three types of agents (see Figure 1):

• Task Agent for pre-processing of the problem. This agent should use a domain specific heuristic, generic
ordering strategy or randomized ordering method.

• Allocation Agent for problem decomposition into tasks and delegation of the tasks to Resource Agents.
This agent maintains task allocation and result synthesis. This agent’s strategies and algorithms are
domain-independent.

• Resource Agent for individual case-specific resource planning. In case of further decomposition, the task
is handed over to another Task Agent.

The multi-agent system built upon this architecture is composed of one Task Agent, one Allocation Agent
and a set of Resource Agents. The fact there are multiple Resource Agents corresponds to distributed nature
of the multi-agent problem. A complex hierarchical system can thus be captured by applying above mentioned
architecture in recursive manner. Such representation allows for natural decomposition of the problem pro-
viding easy means for parallelization and addressing the complex problem in general (more abstract solvers
are instantiated with potentially overlapping agents – e.g. several Task Agents or Allocation Agents handling
various problems in parallel or single agent undertakes a role of more than one abstract agent type). In large
systems, concurrent interactions may arise that need to be handled. The agents’ interactions are guided by the
interaction protocol defined within the scope of this work, which is based on concepts (very) similar to Smith’s
contract net protocol (CNP) [19].

The multi-agent solver presented in the thesis uses the principles of problem decomposition and delegation
to autonomous agents that solve parts of the problem individually. The overall solution is then obtained by



3 WORKING METHODS 7

Figure 1: Abstract architecture of agent-based solver/planner.

merging the individual agents’ results. The optimization based on CNP interactions in cooperative environment
is usually described as utilitarian social welfare maximization [1]. So the abstract algorithm objective function
can be defined as maximization of social welfare, which is a sum of individual agents utilities and can be
transferred to minimization of solution cost, where cost of the assignment of particular task to an agent is
computed by the respective Resource Agent that undertakes the task. The task allocation stage of the solver
searches for the best suitable mapping of the tasks to the Resource Agents that minimizes defined objective
function.

The abstract algorithm representing multi-agent solver contains three phases:

1. The first phase is task pre-processing provided by the Task Agent. The ordering heuristic represents
case-specific sorting of the tasks to increase the solver’s efficiency in the particular domain. In some cases
the ordering has no influence, but in others it may provide significant improvement especially in domains
with stronger task dependencies.

2. The second phase is iteration over all tasks and allocation performed by the Allocation Agent minimizing
the insertion cost computed by Resource Agents. As part of this iteration, the dynamic improvement based
on cooperation of Allocation Agent and all Resource Agents takes place – the improvement strategy is
applied to every Resource Agent after allocation of each task (see below for the description of improvement
strategies).

3. The third phase of the algorithm is the final improvement of the solution. After allocation of all tasks the
improvement strategy is executed by all Resource Agents.

The improvement strategies used by the abstract algorithm are:

• Delegate worst – each Resource Agent identifies its worst task and tries to delegate it to another agent if
the defined improvement condition holds.

• Delegate all – each Resource Agent tries to delegate all its tasks to another agent if the improvement
condition is satisfied.

• Reallocate all – each Resource Agent successively removes all its tasks from the plan and allocates them
again. The result of the allocation can be the same as before task removing, or a change of the position
of the task in the current agent plan, or delegation to another agent.
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To ensure proper function of improvement strategies we define admissible delegation and improvement termi-
nating condition based on insertion/removal costs estimations and overall solution cost changes. Additionally,
planning strategies of individual Resource Agents has to comply with defined admissability conditions.

The general computational complexity of the multi-agent solver is introduced in [2]. Using transformation
of the multi-agent planning problem to the distributed constraint satisfaction problem, the worst-case time
complexity of the multi-agent planning is upper-bounded by

f(I)× exp(comm) + exp(int),

where f(·) is the factor inducted by requesting each agent to plan while committing to a certain sequence
of actions, I is the complexity of an individual agent’s planning, exp(comm) represents a factor exponential
in min-max number of per-agent commitments, and an additive factor exp(int) represents the interactions of
agents. The consequences of this lead to interesting features of the multi-agent solver, such as that there is (i)
no direct exponential dependence on the number of agents, (ii) no direct exponential dependence on the size
of the planning problem or size of the joint plan, and (iii) no direct exponential dependence on the length of
individual agent plans [2].

In our case the feature (ii) does not have a strong impact if the decomposition algorithm of the Allocation
Agent is exponential because the size of its problem is the same as the size of the overall problem, but for the
Resource Agents (and other subordinate agents in the case of a complex hierarchical structure) this feature
holds. On the other hand the exponential factors are usually reduced by the polynomial heuristics – decomposi-
tion, allocation, optimization, and resource planning strategies implemented in real applications. The ordering
strategy of the Task Agent does not have a strong influence on the worst-case complexity because of its additive
nature and low complexity. The multi-agent solver benefits in the domains where the problem can be easily
decomposed to independent tasks, and/or where the polynomial heuristics for the resource planning exist.

For the abstract algorithm we show that the improvement strategies complexity has no relation to the
number of agents and the worst case time complexity of the abstract algorithm is upper bounded by

n× log(n) + n2 × fr′(n) + m× n2 × fr(n),

where n is number of Resource Agents, m is number of tasks, fr(n′) is the factor representing the complexity of
the implemented agents’ resource planning strategy for the task insertion and fr′(n′) is the factor representing
the complexity of the implemented agents’ resource planning strategy for the task removal. The complexity
analysis shows the polynomial impact of the decomposition and delegation principles used by the multi-agent
abstract solver. The impact of the two planning strategy factors is the following:

• the complexity of the operations of Resource Agent are multiplied by n2,

• the influence of the number of Resource Agents is linear.

The complexity analysis shows us an important feature of agent-base solver. When using polynomial heuristics
for task insertion and removal, the implemented multi-agent solver provides polynomial worst-case complexity.
Together with linear computational scaling with the number of agents makes the presented abstract architecture
suitable for many application areas. In real application areas, ordering heuristics can be found that result in
allocation with no need of using improvement strategies (e.g. production planning system). In other cases, the
planning of Resource Agents is implemented with low complexity (e.g. linear) and the improvement strategy has
greater importance. The thesis presents several applications developed using the described abstract multi-agent
solver.

3.2 Commitment Based Problem Solving

The thesis also introduce plan representation using social commitments to increase the execution stability of
the solution provided by the solver and to strengthen the autonomy of agents. The improvement methods
used by the solver are guided by the decommitment rules individually for each task in this representation.
The decommitment rules are defined by Task Agent for each new task introduced to the system. Additional
decommitment rules may be created by individual agents maintaining the commitments.

This approach enables to change the solver-centric point of view to the more task-centric point of view and
enhance the solver operations with heterogenous commitments in dynamic environments. The formalism and
algorithms for commitment-based problem solving are introduced, system architecture is defined, and execution
features of this approach is analyzed.
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In previous section we have put focus on the task negotiation based task allocation for problem solving.
Agents undertake parts of the entire problem and create local plans for it. The plans have to be executed later
and the multi-agent solver needs to address the dynamic uncertainty of the plan execution. The allocated tasks
can be represented as a set of social commitments of participating agents. This commitment representation can
be generalized to the distributed plan representation and provides a powerful tool for execution control and
plan repairing.

The multi-agent problem we are dealing with can be informally understood as the task of solving a classical
HTN (hierarchical task network) planning problem, defined by an initial partially ordered (causally connected)
series of goals, by a set of admissible operators (defined by their preconditions and effects) and methods suggest-
ing a decomposition of a goal into a lower-level planning problem. The plan can be sought for by an individual
actor or in collaboration of multiple actors (sharing knowledge and resources). The product of planning is a set
of partially ordered terminal actions, allocated to individual actors who agreed to implement the actions un-
der certain circumstances. These circumstances are expressed by specific commitments including the following
pieces of information:

• Commitment condition that may be (i) a specific situation in the environment (such as completion of
some precondition) or (ii) a time interval in which the action is to be implemented no matter what the
status of the environment is or (iii) a combination of both.

• Decommitment conditions specifying under which condition the actor is allowed to recommit from the
commitment once the task is finished (e.g. notification) or once the task cannot be completed (e.g. a
failure)

For long, multi-agent research community has been providing interesting results in the formal work in the
field of agents’ social commitment, as specific knowledge structures detailing agents individual and mutual
commitments. We require the agents that perform intelligent planning and replanning by means of social
commitments to be able to perform at least basic reasoning about the decommitment rules attached to a
particular commitments. This is needed at the time of replanning, when an agent needs to decide which
decommitment rule (i.e. a new commitment) to adopt, provided that conditions for more than one of them
are satisfied. Similarly, when negotiating about who will accept which commitment, the agents shall be able
to analyze not only properties of the goal and costs associated with the goal completion process but also the
various decommitment rules when considering likelihood of the particular failure to happen. Ideally, the agent
shall be able to estimate costs of each decommitment rule.

We have recognized three main types of decommitment usually used in commitments:

• Full decommitment decommits the original commitment if and only if the commitment goal is unrealizable
(dropping the commitment).

• Delegation decommits the original commitment if and only if the commitment goal is unrealizable and
the new commitment on the other agent’s side is formed (delegates the commitment to another agent).

• Relaxation decommits the original commitment if and only if the commitment goal is unrealizable, the
negotiated relaxation conditions hold and the relaxed commitment is formed (relaxation of the time frame
or cost of the commitment).

The decommitment condition for each decommitment strategy is defined to enable flexibility of the commitment
under various circumstances. During the planning process, the preference relation over the decommitments is
defined as a part of the decommitment rule set.

The multi-agent solver algorithms has been adapted to work with commitment based plan representation
and task allocation process has been changed to commitment allocation. The committing phase is more or less
the same as allocation phase of the algorithm described in precious section. After that the commitments are
fixed and plan is executed. The dynamic improvement phase respects individual commitments. The particular
decommitment rules are defined by the nature of the tasks. The complexity analysis and Resource Agent
strategy admissability definitions holds. Using a set of properly defined decommitment rules the commitment-
based solver is able to simulate the improvement strategies of the abstract solver, but the decommitment
execution is fully controlled by Resource Agents.
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4 Results

The applicability of the presented concepts and methods has been also validated and evaluated in a wide va-
riety of real problem scenarios – vehicle routing problems, strategic mission planning, multi-robot frontiers
exploration, and production planning. All the presented multi-agent systems share the same abstract archi-
tecture, algorithm and improvement strategies, some of them use commitment based plan representation. For
each application domain a particular resource optimization heuristic has been designed and implemented by
the Resource Agents. All the presented systems’ implementations have low computational complexity and
provide high quality solutions. The features of the multi-agent solver and its commitment based variant have
been also evaluated on series of experiments. The experimental results confirm expected properties (stability,
computational complexity and solution quality) of the solver. The temporal properties of decommitment rules
and influence of the decommitment rules combinations on the plan execution performance and stability is also
discussed.

The first application targets the domain of vehicle routing problems, which are well-known optimization
problems. The vehicle routing problem is NP-hard and it is defined as routing of a fleet of gasoline delivery
trucks between a terminal and a number of service stations. The trucks have load capacity limitations and
deliveries have to be accomplished at minimum total cost (distance traveled). The solver provides anytime
solution rapidly converging to the quality of at least 81% of the optimal solution. The solver demonstrates
very good applicability to the routing problem and easy adaptation to problem variants. Generalization of
this approach to other problems (e.g. multiple traveling repairman problem and its variants) seems to be a
promising way for further applications mainly in dynamic constrained scenarios. An example route can be seen
on Figure 2–a.

The application in the domain of strategic mission planning uses the same solver architecture for distributed
mission planning and allocation of particular goals to the Resource Agents. It utilizes commitment based
plan representation to provide plan execution stability and robustness. The commitment-based multi-agent
problem solver has been used in a system for distributed planning and coordination in dynamic non-deterministic
multi-actor mixed-initiative environment for strategic mission planning. The system provides flexible planning,
replanning, and task allocation. The system addresses several issues that have to be solved in order to fulfill the
requirements on a system planning in dynamic non-deterministic environments. The performance, robustness,
and stability of the system has been verified on extended scenario suite (see Figure 2–b). The behavior of the
system in the complex interaction scenarios with focus on the planning performance and resources utilization
in various settings has been evaluated.

a b

Figure 2: (a) An example of the VRP solver result. Circles are demands (size corresponds to amount demanded),
optimal route is thin dark line and solver route is thick light line. (b) Strategic mission planning system – scenario
island screenshot. There are several agents operating on island (white lines denotes negotiation activity).
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a b

Figure 3: (a) Cooperative Frontiers Exploration – scenario screenshot. The black spots are obstacles, white
thick line is actual convoy route. (b) Screenshot of multi-agent production planning system.

In the cooperative frontiers exploration domain the application is composed of three levels of planning
and control. On the topmost deliberative level, the agents implement a variant of dynamic routing problem.
The lower levels are responsible for detailed maneuver based path planning of the vehicles in the physical
environment. Such environment provides high level of executional uncertainty and creates dynamic feedback to
the routing problem solver. The problem is to find the shortest path for a convoy of vehicles through a partially
known urban area. The street map of the area is a priori known, but the actual condition of the routes is not.
There is a convoy moving through a city using a path-planning algorithm that incorporates the information
obtained by a set of small autonomous vehicles. These vehicles explore the area ahead of the convoy – see
the scenario screenshot on Figure 3–a. The Convoy Agent dynamically creates points of interests (exploration
frontiers) and allocates them to the agents of autonomous vehicles. In the case of any new information is
discovered new frontiers are generated and allocated (or some frontiers can be removed). The vehicle agents
use a route optimization heuristic that minimizes the traveled distance similar to the vehicles routing problem
described earlier.

The production planning domain is one of classical domains of multi-agent problem solving. The system
implements the abstract architecture, where each resource (workshop) is represented by one Resource Agent.
These agents negotiate about task assignments and cooperatively minimize the weighted lateness of planned
tasks. The multi-agent system provides an overview of the utilization of resources and enables to perform a
series of what-if scenario. The system provides fast response to the dynamic changes such as resource capacity
adjustment or task specification update. The goal of the multi-agent system is to create a production plan
for middle and long term horizon (see screenshot of the system on Figure 3–b). The production resources
are represented by the Resource Agents maintaining the constraints and capabilities of individual production
workshops. The Task Agent uses a classical task ordering heuristic based on weighted earliest deadline first,
which significantly improves the solution and there is no need for improvement strategy execution after allocation
phase of the batch of tasks. The production order decomposition and planning is provided by the Allocation
Agent, which allocates the parts of the production order to the Resource Agents. In case of environment changes
(e.g. an update of production times estimation, machines breakdowns, delays in production, etc.) dynamic plan
improvement is executed. The solution of the solver is optimal according to the cost computed as a weighted
delay penalty.
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5 Conclusion

This work presents an abstract multi-agent solver architecture and an algorithm for implementing a wide variety
of practical multi-agent planning and problem solving systems. The algorithm maximizing social welfare of a
community of cooperative agents is introduced and analyzed. The task allocation and solution improvement
using task delegation provides a powerful tool for problem solving while keeping the computational complexity
within reasonable limits. We also discuss the limitations and admissability constraints of the Resource Agents’
optimization heuristics that has to be designed to implement the multi-agent solver for a particular problem
domain. The architecture is also applicable to dynamic problems using a dynamic anytime allocation algorithm
modification. Another presented allocation algorithm modification targets heterogenous tasks and Resource
Agent capabilities.

An approach to plan representation based on social commitments is introduced. An enhanced solver us-
ing commitments is suitable for flexible replanning and plan revision purposes in dynamic non-deterministic
environments. The abstract problem solving architecture is extended for commitment allocation and the de-
commitment model. The decommitment rules definition and their influence on the plan execution robustness
and stability are also presented. Each of the presented rules provides a different impact on the agent’s current
state. For example, relaxation helps to maintain the commitment execution, delegation effectively unblocks the
agent’s resources and full decommitment releases the agent’s resources by dropping the commitment. We expect
a combination of the decommitment rules to emerge in a self-adaptation pattern that should lead to some sort
of a real-time commitment execution optimization.

The applicability of the abstract multi-agent solver is demonstrated on several real systems operating in
the domains of vehicle routing problems, strategic mission planning, multi-robot frontiers exploration, and
production planning. In all application areas the implemented system provides low computational complexity
(O(n3)) with good solution quality.

Experimental evaluation and validation of presented architectures and algorithms in benchmark settings or
real application scenarios has been performed. The experiments confirmed the expected low computational
complexity of all implemented scenarios and high quality of obtained solutions. The dynamics and uncertainty
of the environment of a particular application scenario are properly handled by the applications utilizing the
anytime dynamic allocation algorithm and/or commitment-based plan representation. The experimental val-
idation confirms the ability of the multi-agent problem solver to provide high-quality solutions, performance,
stability, and robustness of the system in complex scenarios. The discussion of the experiments results is given
at the end of each experiment subsection.

5.1 Thesis Achievements

This section summarizes the contribution of the thesis to the state-of-the-art of multi-agent problem solving.
The achieved improvements are the following:

1. An abstract architecture of a multi-agent solver and the respective algorithm providing decomposition,
task allocation and task delegation has been introduced. The architecture is based on social welfare
maximization using agent negotiation over task allocation, delegation, and reallocation. The interaction
mechanism ensures global optimization behavior while the individual agents apply local planning heuristics
and strategies.

2. Various features of the abstract architecture, such as computational complexity or admissibility of the
underlying optimization heuristics have been analyzed. The worst case computational complexity analysis
of the abstract algorithm shows that the influence of the number of Resource Agents is linear and the
complexity of the local planning of the Resource Agent is multiplied by the factor n2, where n is the total
number of tasks in the system. The defined Resource Agents’ strategy admissability ensures the abstract
algorithm to converge even in a dynamic environment.

3. An abstract architecture and algorithm have been enhanced by introducing a social commitment plan rep-
resentation. It is suitable for flexible replanning and plan revision purposes in dynamic non-deterministic
environments. The definition of decommitment rules and their influence on the plan execution robustness
and stability have been analyzed. We have formally introduced and discussed three specific decommitment
rules: (i) relaxation, (ii) delegation and (iii) full decommitment. We argue that an appropriate selection,
setting and preference ordering of the decommitment rules contributes to the robustness of the overall
solution.
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4. The abstract multi-agent problem solving architecture and algorithms have been evaluated in the vehicle
routing problem scenario. 115 standard benchmark instances with known optimal solutions have been
used for evaluation. The quality of the solution has been over 81% for all benchmark instances – a result
that proves our implementation greatly outperforms a known lower-bound approximation. The time
complexity of the solver on experimental instances has been upper-bounded by O(n3). We have defined
the bounds for the Vehicle Agents and shown that thanks to self-organization principles the presented
agent-based solver converges to the same solution both when starting from the lower bound and when
starting from the upper bound number of vehicles. The solver demonstrates very good applicability to
the vehicle routing problem and an easy adaptation to problem variants.

5. The architecture enriched by the social commitments aspects has been evaluated in series of experiments
under stress conditions. The experiments show the impact of the execution of particular rules and prove
that a complex combination of the decommitment rules provides non-trivial behavior and can potentially
improve the performance of the commitments’ execution in non-deterministic uncertain environments.
The results prove the ability of the system to adapt to overload and thus to increase the number of
successful commitments with an increasing size of the decommitment rule set and to keep high utilization
of available resources.

6. The developed architecture, algorithms, and mechanisms have been validated on real-world application
scenarios to support the applicability of the multi-agent problem solving approach to real problems. The
experimental validation confirms the ability of the multi-agent problem solver to provide high-quality
solutions, performance, stability, and robustness of the system in complex scenarios. Four instances of
the abstract architecture implementations are presented to demonstrate the applicability of the presented
approaches in a variety of real problem domains.
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Résumé

Plánováńı a řešeńı problémů v decentralizovaném prostřed́ı je kĺıčový problém v mnoha pr̊umyslových aplikaćıch,
poč́ınaje výrobou, logistikou, virtuálńımi organizacemi a konče multi-robotickými systémy. Integrace procesu
dekompozice úkol̊u, jejich alokace na agenty a lokálńıho plánováńı umožňuje využ́ıt metody plánováńı a alokace s
d̊urazem na dostupnost zdroj̊u. Každý úkol lze obecně dekomponovat několika zp̊usoby. Pro každou dekompozici
existuje mnoho možných alokaćı a jednotliv́ı agenti mohou vygenerovat rozd́ılné plány pro každou část úkolu.
Otázku zvoleńı vhodné dekompozice pro daný úkol nelze snadno zodpovědět bez znalosti konkrétńı alokace a
vyhodnoceńı lokálńıch plán̊u. Jelikož počet možných kombinaćı značně stoupá s počtem agent̊u jakožto i s
počtem možných dekompozic a alokaćı dostáváme se k netriviálńımu problému multi-agetńıho řešeńı problémů.

V této práci představujeme abstraktńı architekturu multi-agent́ıho solveru a odpov́ıdaj́ıćı algoritmy zajǐsťuj́ıćı
dekompozici úloh, jejich alokaci a delegaci. Architektura je založena na principech maximalizace sociálńıho
užitku pomoćı agentńıho vyjednáváńı o alokaci, delegaci a realokaci úkol̊u. Interakčńı mechanismy zaručuj́ı op-
timalizaci v globálńım měř́ıtku, přičemž jednotliv́ı agenti použ́ıvaj́ı lokálńı plánovaćı heuristiky a strategie. Práce
také analyzuje vlastnosti této abstraktńı architektury jako je výpočetńı složitost nebo př́ıpustnost použitých
optimalizačńıch heuristik.

V daľśı části představujeme reprezentaci plán̊u pomoćı sociálńıch závazk̊u, která je vhodná zejména pro flex-
ibilńı přeplánováńı a opravy plán̊u v dynamickém nedeterministickém prostřed́ı. Nosnou myšlenkou je reprezen-
tace distribuovaného hierarchického plánu pomoćı sociálńıch závazk̊u za použit́ı formálńı teorie pro zachyceńı
vzájemných relaćı mezi záměry a ćıli spolupracuj́ıćıch agent̊u. Uvažováńı nad takovými závazky a alternati-
vami jejich možného plněńı či rušeńı přisṕıvá v plánovaćım procesu k tvorbě flexibilńıch a robustńıch plán̊u. V
práci formálně definujeme a analyzujeme tři základńı vyvazovaćı pravidla: (i) relaxaci, (ii) delegaci a (iii) úplné
zrušeńı závazku. Koordinačńı a interakčńı proces mezi agenty je silně vázán na schopnost jednotlivých agent̊u
inteligentně použ́ıt vyvazovaćı pravidla na základě konkrétńıch změn v prostřed́ı. Ukazujeme, že správný výběr,
nastaveńı a řazeńı vyvazovaćıch pravidel přisṕıvá k robustnosti celkového řešeńı. Výše uvedenou abstraktńı
architekturu pro agentńı řešeńı problémů jsme obohatili o možnost práce se sociálńımi závazky a diskutujeme
možný vyvazovaćı model.

V závěru verifikujeme a vyhodnocujeme představené př́ıstupy v simulovaném prostřed́ı i na konkrétńıch
př́ıkladech z reálného světa. Experimentálńı ověřeńı potvrzuje možnosti multi-agent́ıho řešeńı problémů poskyt-
nout kvalitńı řešeńı, výkonnost, stabilitu a robustnost systému v komplexńıch scénář́ıch. Abychom demonstrovali
aplikovatelnost předložených př́ıstup̊u v širokém spektru problémů reálného světa, předkládáme čtyři imple-
mentace abstraktńı architektury pro konkrétńı domény – vehicle routing problémy, strategické plánováńı miśı,
multi-robotický pr̊uzkum okrajových bod̊u a plánováńı výroby.
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