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Abstract. Resource allocation in a feasible or even cost-effective manner is a prominent task appearing in various domains such as energy
management, grid computing, distributed heat management or the like.
The mere size of future systems calls for mechanisms and algorithms that
are able to address uncertainty and scalability – two issues that Organic
Computing traditionally focuses on.
In particular, self-organizing, adaptive systems are designed to reconfigure their internal structure and improve their operating state at runtime.
On the other hand, constraint programming and mathematical programming are successful paradigms designed to model a variety of satisfaction
and optimization problems and solve them with generic algorithms.
Integration of both worlds promises interesting application and research
areas with one major driving factor being the necessity to transform
optimization models automatically due to the dynamic restructuring. We
give an overview of existing techniques to use constraint programming
in collective systems solving resource allocation problems and consider
future extensions.

1

Introduction

Self-organizing, adaptive systems (SOAS) such as those considered in organic
computing [24] benefit from redundancies introduced to assert a certain fault
tolerance and the ability to stay functional in case of failures. Resource allocation problems such as the distribution of a given predicted energy demand
to a set of power plants are instances of tasks that can benefit tremendously
from a self-organizing structure to deal with uncertainty [2] and scalability [22].
Typically, SOAS are composed of a large number of autonomous entities that
are capable of acting autonomously and self-organize. We therefore adopt the
notion of “agents” to refer to these system components. However, in order to
control these systems (or even understand their behaviour), we need to devise
algorithms and techniques dealing with their complex nature.
Constraint programming (CP) is a flexible paradigm for solving a plethora of
satisfaction and optimization problems [19]. A given problem is specified declaratively in terms of variables along with their domains and constraints that restrict valid assignments. General purpose solvers using systematic search (e.g.,
backtracking or branch-and-bound search algorithms) or local search techniques

enhanced by exact reasoning such as constraint propagation are then capable of
solving these problems formulated in the abstract CP-formalism. Mathematical
optimization, in particular linear and mixed integer programming, followings a
similar paradigm for continuous domains such as, e.g., real-valued intervals.
These qualities, in particular the declarative design and the inherent generality, have been recognized to be useful for the specification and implementation
of self-organizing, adaptive systems in Organic Computing in [17]: The authors
introduced the Restore-Invariant approach to provide for rigorous specification
of self-organizing systems. If a system leaves the so-called corridor of correct
behaviour (i.e., by violating at least one of the constraints whose conjunction
constitutes the invariant) the constraints are used to restore a functioning system state by solving a constraint satisfaction problem (CSP).
In this work, we emphasize a particular problem often solved by collective
systems, viz resource allocation (see, e.g., [1, 9]) which appears naturally in the
context of energy management systems as we illustrate in Section 2. The general one-good resource allocation problem without externalities [27] is stated as
follows: Given a total quantity xR of a resource, find an allocation hx1 , . . . , xn i
of the resource to n agents to solve
minimize
hx1 ,...,xn i

n
X
i=1

ci (xi )

subject to

n
X

xi = xR

(1)

i=1

where ci (xi ) is a cost function for allocating xi of the resource to agent i. Driven
by requirements from our case study, we extend this definition to allocate not
a single resource but a vector representing the resource to be distributed over
the course of several time steps. The allocation problem then corresponds to
finding vectors of contributions for each agent where consecutive contributions
are limited due to physical constraints such as, e.g., a limited rate of change as
Figure 3 shows.
To deal with the increasing complexity due to a rising number of included
agents, a hierarchical decomposition strategy amenable to self-organization can
be put in place [25], as illustrated in Figure 2. The model of one intermediary (i.e., an inner node in the tree-shaped hierarchy) then consists of a set of
(a priori unknown) models representing its subordinate agents. The overall resource allocation problem presents itself at every inner node and can be solved
recursively.
Figure 1 illustrates the overall “big picture” of the PhD-project including the
fields and tasks that are encountered throughout the path to using constraint
techniques in SOAS solving resource allocation problems in a hierarchical manner. This work emphasizes aspects of the “modeling” part and gives an outlook
on future work in particular in the field of abstraction. Our roadmap leads from
a modeling methodology to incorporate heterogeneous agents into one optimization problem over the specification of individual preferences to a automatically
abstracting a less complicated model for decision making – motivated by the hierarchical decomposition strategy. Furthermore, we consider approaches to create
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Fig. 1. A structural overview of the techniques involved to solve hierarchical resource
allocation problems using constraints.
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Fig. 2. Resource allocation problems can be solved using a hierarchical decomposition
structure. Inner nodes representing intermediaries are marked by double circles.

constraint models from a set of observed data using machine learning as well as
touching on techniques for preference elicitation.

2

Case Study: Power Plant Scheduling

We first illustrate our considerations with a simplified example taken from scheduling power plants in energy management [2, 22, 23] that corresponds to a dynamic
hierarchical resource allocation problem. The resource to be distributed is given
by the energy demand collected for a future timeframe that has to be allocated
to a set of hierarchically organized power plants. It is dynamic in the sense that
the problem has to be solved repeatedly over the course of time since predictions
of demand and weather conditions affecting intermittent power generators such
as solar plants change.
Power plants are modeled as agents that autonomously group to organizations, forming Autonomous Virtual Power Plants (AVPP) to participate, e.g., in
a deregulated energy market [4]. Power plants face a set of physical restrictions
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Fig. 3. Resource allocation over multiple time steps can be viewed as selecting the
optimal combination of trajectories of two agents to meet a given demand.

regarding the possible trajectories of their output. These include minimal and
maximal boundaries as well as limited rates of change due to inertia. This ramping behaviour needs to be taken into consideration in order to make efficient
use of larger thermal units [5]. This fact enforces that some proactive scheduling
has to be performed (since plants cannot arbitrarily change their contribution),
resulting in a time-dependent resource allocation problem. Figure 3 illustrates
how trajectories are selected from the respective sets to meet a given demand.
To efficiently represent the set of possible trajectories, we use hard constraints to
restrict the possible change between two outputs as well as general boundaries
and frame the following overall optimization problem extending (1) (see [2] for
details):
minimize

α∆ · ∆ + αΓ · Γ

subject to

∀a ∈ A, t ∈ W : ∃[x, y] ∈ Lat : x ≤ Sta ≤ y,

with

a
a
a
a
vmin
(St−1
) ≤ Sta ≤ vmax
(St−1
)
X
X
a
∆=
|Rt −
St |

S

t∈W

Γ =

X

(2)

a∈A

ca (Sta )

t∈W

where S is a vector representing the scheduled production and Sta stands for the
production to be provided by agent a at time step t, taken from the respective
sets A and W (the so-called scheduling window ). Feasible regions for contributions are given by sets of intervals Lat and inertia is represented by the functions
vmin , vmax that map a scheduled output to the minimal (resp. maximal) output
in the following time step. The objectives of the problem are then twofold: The
combined production should meet the predicted energy demand R as closely as
possible at all time steps (objective ∆) but also do this in an economical fashion
(objective Γ , based on individual cost functions ca ). The relative importance
can be tuned with the parameters α∆ and αΓ .
A subset of the possible trajectories satisfies also soft constraints such as
preferred ranges of operation or limited (yet technically feasible) rates of change.

A system’s designer may then relate soft constraints qualitatively to alleviate
the need of specifying numerical weights. These qualitative preferences over soft
constraints are specified as constraint relationships: e.g., “produce more than
500 MW” is more important than “change the output not faster than 5 MW in
15 minutes”. Both constraints may though be dropped, if necessary.
In practice, however, the optimization problem is subject to several uncertainty factors such as varying actual productions, accuracy of predictions and the
like. These are dealt with using trust models [2, 3] outside the scope of this work.
Moreover, issues from the heterogeneity of the individual models and scalability
concerns arise.

3

Synthesis of Heterogeneous Constraint Models

Obtaining concrete, solvable optimization problems based on the mathematical formulation in (2) gets complicated by the heterogeneity of agents. These
different individual models need to be synthesized in order to acquire an optimization problem suitable for the collective – e.g., an organization representing
its members.
The energy domain provides specific examples for heterogeneity since there
exist power plants that can be switched on almost instantaneously in contrast
to thermal power plants requiring a start-up phase that depends on the current
down time. Table 1 shows exemplary start-up times for different types of power
plants. Also, minimal up and down times can exist [5].
Some decision variables and constants may be required for all participants
to represent the collective’s goal (e.g., the maximal possible contribution of each
agent in a resource allocation problem), whereas others only appear in some
models and should thus be seen as “private” variables to be used for internal
purposes – similar to the object-oriented approach in imperative programming.
To incorporate this heterogeneity in power plant models, additional decision
variables to represent the down times in a schedule have to be introduced. With
them, a transition system as given in Figure 4b can be specified in terms of
corresponding constraints. We therefore distinguish between interface and local
variables [22]. Future research could target a constraint language that is wellequipped for these practical necessities.
Figure 4b shows the transition system of a power plant during its start-up
phase. The signal (sig) takes values from {−1, 0, 1} where 1 shows a start-up, 0
Table 1. Different cold and hot start-up times in h for power plant types [13, 15]
Plant type
Black coal
Brown coal
Gas turbine
Photothermal

Cold start-up (down > 48h) Hot start-up (down < 8h)
4–5
6–8
0.5
4–5

2
2–4
0.25
2
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Fig. 4. Learning models from auction proposals and representing power plants as transition systems.

is the default, and −1 triggers a shut-down. A countdown is initialised with ic
(initial counter ) as a result of a function of the down time and has the plant stay
in the state su (start-up) for ic steps. A plant can only contribute in the state
on. Once the power plant is in the state on, it can contribute energy in a certain
range where maximal changes can be represented by additional, continuous,
transitions. Interesting opportunities appear to emerge from modeling resource
producers as transition systems including model checking or automata-based
abstraction on composed systems and open up better testing and verification
possibilities. Furthermore, it is possible that the model based view provides for
an implementation of specific constraint propagators that can help improve the
solving process.

4

Constraints and Preferences

In collective systems including a growing number of autonomously acting agents,
it of paramount importance to have formalisms for dealing with preferences representing the agents’ goals that can easily be combined. Moreover, realistic models can easily lead to over-constrained problems if mere preferences are treated
as hard constraints. A formalism designed to deal with preferences in constraint
problems qualitatively was first introduced in [21]: the so-called constraint relationships. Users specify a directed acyclic graph (dag) to denote which constraints are most important to be satisfied instead of using numerical weights.
Section 5 discusses an idea for preference elicitation using this formalism.
We briefly revisit relevant definitions of constraint programming and constraint relationships that will serve for our discussions. A classical CSP is given
by (X, D, C), where X denotes the decision variables to be assigned values
from their domain D such that all constraints C are satisfied. An assignment
v ∈ [X → D ∪ {?}] is then a mapping that assigns each variable a value from
the domain, where ? stands for “unassigned”. Hard constraints then map assignments to B, denoting whether the constraint holds. Consider, e.g., the con-

X: {x, y, z}, D: {0, 1, 2}, C : {c1 , c2 , c3 }
2/3 c1
1/1 c2

c3

1/1

with:
• c1 : x + 1 = y
• c2 : z = y + 2
• c3 : x + y ≤ 3

Fig. 5. Not all three constraints can be satisfied simultaneously, e.g. c2 forces z to be 2
and y to be 0, conflicting with c1 , We can choose between solutions satisfying {c1 , c3 }
or {c2 , c3 }. Weights are given for SPD and TPD.

straint c1 : x < y: An assignment v1 = {x 7→ 1, y 7→ 2} satisfies c1 , whereas
v2 = {x 7→ 1, y 7→ 1} does not. In practice, however, this definition may be too
rigid as problems can be over-constrained, i.e., no assignment exists that satisfies
all constraints (a solution). To cope with these situations, soft constraints have
been introduced [16] with a generalizing framework given by c-semiring based
formalisms [6]. Constraint relationships can be considered a new instance of this
soft constraint framework [14].
4.1

Constraint Relationships

Constraint relationships provide a qualitative alternative to soft constraints –
as opposed to weighted CSP, fuzzy CSP, or constraint hierarchies. They are
similar in nature to CP-nets [7] but formally incomparable to them [21]. Users
specify their preferences over constraints to be satisfied in form of a dag (C, →C ),
where C (the set of constraints) is the carrier of the dag, i.e., the vertices; an
edge c →C c0 indicates that c “precedes” c0 and is thus deemed less important.
Figure 5 shows a toy example of a CSP with constraint relationships.
An interesting question is how to lift the order induced over constraints by the
dag to a set of violated constraints representing an assignment. Put differently,
we need to specify how much more important a certain constraint is with respect
to a set of other constraints. A rather obvious lifting respects set inclusion, i.e.,
violating a superset of constraints should always worsen the quality of an assignment. In addition to that, we proposed different dominance properties in [21],
where SPD (single-predecessor-dominance) indicates that one constraint may
only dominate a single predecessor and TPD (transitive-predecessor-dominance)
defines that a single constraint is more important than all of its predecessors
(which is identical to the semantics used in constraint hierarchies). It turns out
that the single-predecessor lifting corresponds to the ordering obtained by an algebraically free construction from a partial order to a c-semiring [14]. Research on
this lifting motivated a more general representation of soft constraints based on
partially ordered monoids that was independently found by [11] for lexicographic
combinations. In [21], we also gave a mapping from constraint relationships to
weighted CSP that can be directly used with standard constraint solvers. Future work may refresh discussions about soft constraint frameworks in terms of

common solver development and particularly emphasize the need of preference
management in multi-agent systems to model, e.g., strategic behaviour [20] using
voting and game theory.
4.2

Preference Elicitation using Abductive Reasoning

Since constraint relationships hope to provide a conceptually simpler formalism
towards users, the preference elicitation process could be supported efficiently.
Typically, users are shown solutions and may decide which they prefer. A preference model is then sought after. In particular, it is paramount to be able to
reconstruct a preference decision, based on the rules for constraint relationships.
Assuming that preferences can be expressed easier when looking at solutions,
we plan to offer a tool based on abductive reasoning [10](i.e., given a proof goal in
logical programming – add the necessary facts to a database) solving an inverse
problem to standard constraint relationships: Users specify their preference over
sets of violated constraints and the system tries to find a consistent constraint
relationship that explains the decisions made by the user. A prototypical output
from this system implemented in Prolog+CHR illustrates our idea:
?- worsens([a,b], [b,c]), worsens([b], [a]).
crbetter(c,b)
crbetter(a,b)
crbetter(c,a)
If presented with the facts that a user prefers a set of violated constraints {b, c}
to {a, b} and {a} to {b}, it correctly finds a matching constraint relationship.
We envision an interactive and incremental preference elicitation process to be
used in conjunction with preferences of consumers or producers of energy.

5

Model Creation by means of Machine Learning

Our approach so far assumed that formal models of an agent’s behavior are
available for all contributing agents. It is easy to envision situations where no
neatly specified constraint models exist, be it for privacy motivated (e.g., a private household offering their biogas power plant does not want to disclose how
low they can be run) or practical reasons (e.g., no formally explicit but only a
simulation model of the system exists and validity is judged by several simulation runs [8]). In these case, we want to provide techniques that can at least
approximately learn a sufficient control model.
A first approach is currently in progress in combination with a market-based
algorithm for the resource allocation problem faced in energy management [4].
Pairs hAa [t], Aa [t + 1]i represent consecutive actual contributions of agent a that
were observed and now constitute the training set. Figure 4a illustrates how
control constraints are to be extracted from a support vector domain description
classifier [26]. We can read off feasible intervals as well as limited rates of change
due to inertia. Future work should examine alternative, perhaps probabilistic,
machine learning techniques to extract different model elements.

6

Model Abstraction

As mentioned before in Figure 2, once the complexity of the synthesized optimization problem increases beyond being efficiently solvable, we employ a hierarchical decomposition strategy [25]. To reduce the complexity, we need to
calculate abstracted models that represent the possible transitions of an intermediary – based on its subordinate agents. Certainly, this problem is combinatorial
in nature as, e.g., a contribution of 500 might be achieved by several internal
configurations (one agent contributing 200, the other 300, etc.).
In [2] and [22], we described an initial set of constraint model abstraction
techniques. Future work needs to attempt applying abstraction to more complex
agent models and other problems where new abstraction algorithms need to be
devised (such as the abstraction of consumer behaviour). The general idea is
that model abstraction is performed bottom-up before the resource allocation
itself may be done top-down in a recursive manner.

Fig. 6. Temporal abstraction finds boundaries for the contributions of contributions
based on the current state of its subordinate agents.

To illustrate these concepts, we briefly revisit three consecutive steps, based
on a set of (subordinate) agent models:
1. General Abstraction: First, we determine generally feasible contribution ranges.
This is done by means of interval arithmetics using combination and merge
operations to abstract from the internal exact configuration. For instance,
when combining two agents p and q capable of providing Lp = {[0, 0], [1, 4]}
and Lq = {[0, 0], [7, 10]}, then the intermediary a can contribute in any range
appearing in the Cartesian product of both contribution interval sets, i.e.,
La = {[0, 0], [1, 4], [7, 14]}.
2. Temporal Abstraction: Afterwards, the so-called temporal abstraction restricts feasible contributions on the basis of the current state and constraints
on the possible behavior of the subordinate up to a specified point in time.
This is done by minimizing and maximizing the contribution based on the
current step and then performing similar interval calculation as in the general
case. Figure 6 illustrates that algorithm.
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Fig. 7. Using sampling abstraction and piecewise linear functions.

3. Sampling Abstraction: To obtain simplified representations of functional relationships between decision variables, we use a sampling based approach
where we have to solve slightly modified optimization problems repeatedly.
For instance, to obtain a mapping from production to costs in an AVPP, we
would solve the problems “minimize cost if the production is xi ”, with xi
taking values from the minimal to the maximal output (obtained by general
abstraction). We collect the results ri along with xi to store (xi , ri ) pairs
that are used for a piecewise linear function, as Figure 7a shows.
Since first results where promising [22], we want to support more complex
(e.g., automaton based) models and improve the quality of abstractions. The
quality of sampled functions typically improves by selecting additional supporting sampling points. But each sampling point corresponds to an optimization
run such that the costs of abstraction might invalidate the benefits. We therefore envision two possible enhancements of the algorithms:
1. We want to select the most useful or informative points. This corresponds
to the task faced in active learning, where input values are selected to be
labeled. We want to investigate how algorithms exploiting adaptive submodularity [12] based on Gaussian processes (see 7b) improve the selection
of sampling points.
2. Over the course of several runs, abstraction errors might appear in certain
contribution ranges or particular transitions more frequently (e.g., due to
the underlying cost functions) whereas others are not involved. Therefore,
the abstraction can adaptively refine over the course of time, similar to ideas
used in CEGAR loops with hybrid systems [18].

7

Conclusion

We have shown several techniques under the umbrella of constraint programming for hierarchical resource allocation. The overall problem and the included

techniques constitute the backbone of the PhD-project. This paper emphasized
several ideas relating to new aspects of modeling agents to be included in a resource allocation problem, taking into account individual technical aspects and
preferences. Furthermore, we presented first ideas to create system models from
observations using machine learning in case no explicit control models exist.
Future work includes improving the abstraction algorithms to be more efficient and accurate as well as applying the algorithms and models to problems
outside the power management case study to inspect the generality.
On the one hand, specific problems occurring in this domain can be tackled
using CP, on the other hand, new languages and formalisms can improve the CPframework itself and stipulate interesting research fields. We hopefully motivated
that there is potential for a fruitful integration of these fields.
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