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Abstract

The strengths and weaknesses of agent-based approaches and classical optimization tech-

niques are analyzed and compared. Their appropriateness for dynamic distributed resource

allocation is evaluated. We conclude that their properties are complementary and that it

seems beneficial to combine the approaches. Some suggestions of hybrid systems are sketched

and two of these are implemented and evaluated in a case study and compared to pure agent-

and optimization-based solutions. The case study concerns production and transportation de-

cisions in a supply chain. In the hybrid systems, optimization was used for improving the

agents’ decision making capability, i.e. embedded optimization, and for creating a coarse plan

used by the agents in order to improve the short term decisions. The results from the case

study indicate that it is possible to capitalize both on the agents’ ability of being reactive and

on the ability of optimization techniques of finding high quality solutions.

1 Introduction

For a long time, mathematical optimization techniques based on linear programming and branch
and bound have been used to solve different types of resource allocation problems, e.g., production
and transportation planning in various industries at strategic and tactical level [12]. Additionally
one can find examples of optimization techniques applied for short term planning (operational),
e.g., activity scheduling [5, 2, 11]. Agent-based computing has often been suggested as a promising
technique for problem domains that are distributed, complex and heterogeneous [10, 13]. In partic-
ular, a number of agent-based approaches have been proposed to solve different types of resource
allocation problems [7].

In this paper we compare the strengths and weaknesses of these two approaches and evaluate
their appropriateness for a special class of resource allocation problems, namely dynamic distributed
resource allocation. The purpose is to find hybrid approaches which capitalize on the strengths of
the two approaches. In the class of problems studied, information and/or resources are distributed
and the exact conditions, e.g., the demand and the availability of resources, are not known in
advance and are changing. Depending on the problem, the time-scale of the dynamics may vary,
e.g., from seconds in load balancing of telecommunication or power networks to days in supply-
chains of goods. These characteristics make the problem domain particularly challenging and
suitable for exploring different hybrid approaches. Examples of using multi-agent systems for solving
optimization problems can be found [6, 9]. However, the potential of mathematical optimization
techniques are typically not explored in such approaches, which is done in this paper.

The decisions of how to manage the resources may either be taken locally at distributed decision
centers, at nodes (as is common in agent-based approaches), or at a central node (as is common in
optimization approaches). It is assumed that a network is available for sending information between
the nodes of the network (except for the case of node or link failures). Note, however, that the
same set of nodes is used in either solution. In a strictly centralized solution, all nodes except one
are just sensors and/or actuators with little or no information processing.



In the next section, an evaluation framework is applied in a theoretical analysis of the two
approaches. This is followed by a small experimental case study concerning planning and allocation
of resources in combined production and transportation. In this study, a number of different agent-
based and optimization-based approaches are compared, including hybrid approaches. Finally,
some conclusions are drawn and some future directions are discussed.

2 Analysis of the Approaches

We will compare the two approaches with respect to how well they are able to handle some important
properties of the problem domain. A number of domain properties are considered, see [3] for further
details. However, some domain properties, e.g., quality and availability of information, are not
included since we regard them as being equally important for both optimization and agent-based
approaches. Please note that some of the statements below are hypotheses that need to be verified
through further analysis or experiments.

2.1 Analysis of Agent-based Approaches

We make the assumptions that in agent-based approaches, control is distributed and concurrent.
Some approaches that often are classified as agent-based, such as highly centralized auction-based
approaches, do not comply to this assumption.

Size (number of resources to be allocated) : Since agent-based approaches support the dividing
of the global problem into a number of smaller local allocation problems, large-sized problems could
be handled well in such cases the problem is modular.

Cost of communication: Since agent-based approaches typically are dependent of frequent in-
teraction in order to coordinate activities and decisions, they are not a good choice when commu-
nication is expensive.

Communication and computational stability: The more centralized the decision making is, the
more vulnerable the system gets to single point failures of a central node. In agent-based systems,
the reallocation may function partially even though some nodes or links have failed since the decision
making is distributed and agents can have strategies for handling link failures.

Modularity (see [7]): As agent-based approaches are modular by nature they are as such very
suitable for highly modular domains. However, if the modularity of the domain is low they may be
very difficult to apply.

Time scale (time between re-allocation of resources): Since agents are able to continuously
monitor the state of its local environment and typically do not have to make very complex decisions,
they are able to react to changes fast.

Changeability (how often the structure of the domain changes): It is relatively simple to add or
delete agents during run-time; agent-based approaches are highly modifiable [7].

Quality of solution (how important it is to find a good allocation): Since agent-based approaches
are distributed, they do not have (or at least it is costly to get) a global view of the state of the
system, i.e., the current availability of resources at all the providers and the current demand of
all the customers. Unfortunately, a global view is often necessary in order to find a truly good
allocation.

Quality assurance: It may be very difficult (and sometimes even impossible) to estimate the
quality of the allocation made by an agent-based approach due to the lack of a global view.

Integrity (importance of not distributing sensitive information): Agent-based approaches sup-
ports integrity since sensitive information may be exclusively processed locally.

2.2 Analysis of Classical Optimization Techniques

We choose to focus on methods using a central node which has the entire responsibility of computing
the optimal (or near optimal) solution/allocation to the problem. Further, we focus on methods that
have the potential to provide solutions of guaranteed good quality. These are typical characteristics
of many classical optimization methods (e.g. linear programming, branch-and-bound, branch-and-
price and branch-and-cut).



Size: The complexity and the size of the problem may affect the solution time dramatically when
applying an optimization method. Hence, the use of optimization techniques is constrained when
the problem is both large and complex. Since optimization techniques attempt to achieve global
optimality, capitalizing on partial modularity in order to handle large-sized problems is difficult.

Cost of communication: The need for communication in centralized decision-making is rather
small, since the nodes only need to send information once and receive the response of the decision
to be made once.

Communication and computational stability: In optimization it is typically assumed that com-
putations and communication will occur as planned. Furthermore, due to its centralized structure,
optimization is not particular robust with respect to failures in computation and communication.

Modularity: Some optimization techniques may be parallelized. Then, the parallelization is
typically made from an algorithmic standpoint and not with the physical nodes in mind.

Time scale: Optimization techniques often require a relatively long time to respond. Hence
a rather high degree of predictability is required for optimization methods to work efficiently if a
short response time is required. Sometimes methods of re-optimization can be used for lowering the
response time. However, the scope for efficient use of re-optimization in complex decision problems
is rather limited.

Changeability: If the structure of the system changes, e.g. a decision node is added or removed,
a complete restart of the optimization method may be required.

Quality of solution: The quality of the solution suggested by an optimization method in this
context will be of relatively high quality.

Quality assurance: In many optimization methods a measure of how far (in terms of cost) a
solution is at most from an optimal solution is obtained (i.e., a bound of the optimal solution values
is obtained). This measure may be regarded as a quality assurance of the solution.

Integrity: Centralized decision-making implies that all information must be made available at
the central node. Hence integrity may be hard to achieve.

Decomposition in optimization makes the approach partially distributed; sub-problems may
equate nodes [8]. In decomposition approaches though, the central node typically retains the con-
trol of all decisions, which makes most of the analysis above (assuming a central node is responsible
for decision making) also hold for decomposition approaches. However, in a decomposition ap-
proach, dual prices and suggestions of solutions are typically sent between the central node and the
other nodes a large number of times, which makes it sensitive to high communication costs. If (opti-
mization) heuristics are considered (e.g. tabu search, simulated annealing and genetic algorithms),
problems with Size and Time scale can potentially be alleviated. However, Quality assurance of
the solution can hardly be achieved in such case.

2.3 Conclusions from the Analysis

According to our preliminary analysis, agent-based approaches tend to be preferable when: the size
of the problem is large, communication and computational stability is low, the time scale of the
domain is short, the domain is modular in nature, the structure of the domain changes frequently
(i.e., high changeability), there is sensitive information that should be kept locally; and classical
optimization techniques when: the cost of communication is high, the domain is monolithic in
nature, the quality of the solution is important, it is important that the quality of the solution can
be guaranteed.

As we can see, the properties of agent-based approaches and optimization techniques comple-
ment each other. There are a number of ways of combining the approaches into combined approaches
which potentially can make use of their complementing good properties. In the following sections,
we will investigate two such hybrid approaches and particularly focus on aspects related to Time
scale, Quality of solution and Cost of communication. The two approaches are:

• Using an optimization technique for coarse planning and agents for operational replanning,
i.e., for performing local adjustments of the initial plan in real-time to handle the actual
conditions when the plan is executed.

• Embedded optimization in an agent. In deployed distributed systems this will require the use
of wrapper technology [4], or similar, in order to make it a fully integrated first-class citizen
of the multi-agent system.



Table 1: Probabilities of changes to the demand.
Change -4 -3 -2 - 1 0 +1 +2 +3 +4
Probability 0.01 0.03 0.06 0.15 0.50 0.15 0.06 0.03 0.01

3 Problem Description

We will now describe a small case suitable for illustrating some of the strengths and weaknesses
of agent-based and optimization approaches respectively, as well as the potential of combining
the approaches. The case study concerns the planning and allocation of resources in combined
production and transportation. It is based on a real world case within the food industry. The
problem concerns how much to produce and how much to send to different customers in each time
period. Due to the complexity of the problem, (combinatorial structure, uncertainty associated
with the demand, the many actors involved, etc.) optimal or near optimal solutions are hard to
find. If optimization tools are to be employed, extensive and time consuming interactions between
planner and tools will typically be required including many runs of the optimization algorithm.
Hence, the time requirement is typically a limiting factor in this problem domain. The problem is
dynamic since one often has to plan based on forecasts which may be rather uncertain; and there
are uncertainties associated with the availability of the resources.

In the simple version of problem, there are one production unit, two customers and inventories
of a single product at the customers and at the production unit (producer), see the lower part of
Figure 1 for an illustration. A few transport options (to a single customer or to both customers)
are available. It is the forecast of customer demand that drives the production and transportation.

The actual demand often diverges from the forecast. The forecasted demand for a day (a period)
of a customer is generated as a random number between 0 and 8 according to a uniform distribution.
If it changes and how much it changes between two days, is determined by the probabilities given
in Table 1. (However, the actual demand in a period for each customer is kept between 0 and 8.)

It is assumed that transports are carried out during the night, i.e., a transport initiated in one
period, arrives at the customer in the next period. Production costs in the format of set-up and
start-up cost are considered. A truck can be used for transports to a single customer with a fixed
cost (independent of quantity) or to both customers with another fixed cost. Cost for inventories
at producer and customers and costs for not meeting the customer demand are considered. Also a
cost of sending too much product to a customer is included. Furthermore, capacity restrictions on
production, trucks and inventory levels are considered. Additionally, a penalty cost for not meeting
the safety stock level at the customers is introduced. A formal description of the problem, including
the parameter values (costs, capacities etc.), is given in Appendix A.

4 Solutions

Next we introduce agents which can handle the decisions of production and transportation based on
rudimentary decision rules. Later we embed optimization within the agents; and assist the agents
with a coarse plan obtained by optimization (i.e. the two hybrid approaches suggested in Section
2.3).

In the real world case, the decisions (and some planning) of production and transportation are
taken by two different actors (from different organizations). Hence, we find it suitable to introduce
an agent for each type of decisions. Agent A is the production and production inventory planning
agent; Agent B is the transportation and customer inventory planning agent, see Figure 1.

In addition we also introduce a new possible role and the associated agent C, currently not
present in the real world case. If present, Agent C has the role of making recommendations of both
production and transportation, see Figure 2.

The resource allocation problem of both production and transportation can be viewed as an
optimization problem as indicated in Appendix A. For the simple case, with a time horizon of 14
time periods (days), the problem can be solved to optimality rather quickly (in seconds) by using
AMPL (www.ampl.com) and Cplex 8.1.1 (www.ilog.com), which are of-the-shelf software. However,
in a real world application this would not be the case due to the large size of the problem, and we
make some assumptions in order to make the experimental setting more realistic. We assume that
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Figure 1: Illustration of the transport chain and agents.

if the optimization is applied to the whole system (with a time horizon of 14 days), it can at most
be applied once every week. The reason is both related to difficulties of information gathering and
the time requirements of solving the real world problem using optimization techniques. Further, if
agents A or B use optimization, we assume they can only solve a problem with a time horizon of 7
days. The reason for this limitation is that in a real world setting, the computational time needs
to be short in order to be reactive.

4.1 Pure Agent Approach

In this setting, we use rather simple decision rules for the Agents A and B; and Agent C is not
present as illustrated in Figure 1. The rule is to order production or transportation if the the
inventory level is anticipated to become lower than a certain level (safety stock level), which is a
rule commonly used in logistics. Further, in case a transport order cannot be satisfied, the agents
interact in order to find a suitable transport order quantity.

The following actions (steps) are taken by agents A and B in each period in order to make
production and transportation decisions in the Pure Agent approach:

1. Agent B receives customer forecasts of the demand. Based on this forecast Agent B suggests,
if necessary, transports to be initiated (current evening). It suggests a transport if the planned
inventory level of tomorrow is estimated to be less than a safety stock level (3 units). It sends
the transport requirement to Agent A.

2. Based on transport requirements from Agent B, Agent A suggests current (today’s) produc-
tion. If the inventory level is estimated to become less than 0, production at full capacity
is ordered, else no production is ordered. Further, Agent A tells Agent B if the transport
requirement can be satisfied, or if not, how much that at most can be transported.

3. Based on information from Agent A, if necessary Agent B changes is suggestion of transporta-
tion such that the restriction given by production is obeyed. If the suggestion is changed,
Agent A is informed of the new transport requirement.

4. Agent A and B implement the decisions (production and transportation) for current period.
That is, variables for the first period defined in Appendix A are given values.

4.2 Embedded Optimization

In order to improve the performance of Agents A and B, optimization is embedded. In this variant:
Embedded Optimization, the agents run an optimization of the next seven time periods before sug-
gesting today’s decisions. An optimization problem is created for each of the agents, see Appendix
A for a formal description. The steps of actions given in Section 4.1 are maintained. However,
Agent B sends a suggestion of a transport plan with a time horizon of seven days to Agent A in
step 1 (and not just a todays transport order); and Agent A considers a planning horizon of seven
days when planning production in step 2.



4.3 Pure Optimization

In this approach (Pure Optimization), it is assumed that the decisions are given by a global plan
which is created once a week, i.e., every 7th period. This global plan is created by the global
optimization model (presented in Appendix A) with a time horizon of 14 days.

4.4 Tactical/Operational Hybrid Approach

In this approach (Tact./Oper. Hybrid), Agents A and B, in addition to having embedded opti-
mization, also use a global coarse plan for achieving better decisions. The global (or coarse) plan
is obtained from Agent C, which uses optimization, see Figure 2. The optimization problem of the
whole system is solved every seventh time period (as in Pure Optimization). This can be viewed as
there is a coarse plan which helps the production and transportation to be better coordinated.

Agent A Agent B

Agent C

Figure 2: Illustration of the transport chain and tactical/operational hybrid approach.

The global plan is communicated to Agent A and B, and might enhance the agents’ decisions in
actions 1 to 4. When each agent runs embedded optimization, costs for deviating from the global
plan are considered in addition to the real costs, see Appendix A for further details. Note that the
quality of the coarse plan is probably good right after it has been created, since it is up-to-date,
and probably less good later due to changes in the demand compared to the forecast.

5 Experimental Results

In Table 2, the results of using the different approaches for 3500 time periods are presented. It shows
the average total cost, computational time (in seconds) and number of messages communicated
per time period. Message type small, implies that very little information is sent between the
agents or between an agent and the system of production or transportation. Message type large,
implies a significant amount of information is communicated, e.g. a transport plan or the demand
forecast. Here we ignore messages of information which are not often changed, e.g. production and
transportation costs and associated capacities.

In the Pure Agent approach, at least six messages of type small are sent. Two for retrieving
current status of the production and transportation system, respectively, and two for implementing
the decisions (step 4). Further, additional two messages are sent in step one and two; and sometimes
an additional message in step 3. Step 3, in the agents’ action plan, is only taken when necessary.

In the Embedded Optimization approach, Agent B retrieves a message of type large including the
demand forecast and communicates a transport plant to Agent A at least once. Hence, compared
to Pure Agent approach, two messages of type small is replaced by two messages of type large.



In the Pure Optimization approach, we see it as communication only occurs once every seventh
day with an optimization system. Then, the information about system status is needed from two
systems; and the decisions to be implemented are also needed to be communicated. This leads to
three messages of the large type and one of the small type once a week (the status of the production
part of the system is a small type message). In the Tact./Oper. Hybrid approach, the messaging
corresponds to the the total messages sent in Embedded Optimization and Pure Optimization.

Table 2: Cost, time and communication requirements for the different approaches.
Approach Total Standard Time (s) Message Message

cost deviation type small type large
Pure Agent 22910 18916 0.02 6.47 0
Embedded Optimization 21913 11023 0.05 4 2.16
Pure Optimization 20967 16325 0.20 1 3/7
Tact./Oper. Hybrid 19655 11211 1.42 5 3/7+2.01

When the problem size increases significantly, guaranteed optimal solutions to the formulations
are unlikely to be obtained within reasonable time using of-the-shelf optimization software. For
instance, additional experiments indicate that when the number of customers is doubled to four,
the time for solving the problem using approach Tact./Oper. Hybrid, increases roughly with a
factor of 100. However, good solutions might still be obtained by using for example optimization
techniques including decompositions and limited branching.

The results for the approaches Pure Agent and Pure Optimization, are compatible with the
results of the theoretical analysis in Section 2 with respect to time, quality and communication
properties. Further, by comparing objective values between approach Pure Agent, Embedded Opti-
mization and Tact./Oper. Hybrid, the results indicate: adding optimization to the agents, improves
the agents’ decision making with respect to the quality of the solution. Even though the variations
in costs are large for these approaches, a Student’s T-test indicates that the differences in total
cost are significant (at a level of p = 0.01). With respect to response time (computational time)
and communication requirements (at least the amount of information) they increase in the hybrid
approaches.

In approaches Tact./Oper. Hybrid and Pure Optimization, the quality of the decisions might
depend on what time period that is considered. That is, how many periods have passed since the
global optimization problem was solved (how old is the coarse plan). The total costs per time
period for the different periods are plotted in Figure 3. All approaches are included for reference
purpose. With respect to the costs of Pure Optimization, there appear to be a lot of urgent costly
decisions to be made in period zero, due to for instance an accumulated shortage of products at
customers. It is notable that the cost of Pure Optimization is lower than of any other approach
in one and two periods after global optimization has occurred. The reason is that in case of a
deterministic problem, Pure Optimization would have been the optimal plan, which it almost is
until the uncertainty in demands start to have an effect. Interestingly, the results of using approach
Tact./Oper. Hybrid do not deteriorate much at all after global optimization has occurred. Possibly,
this approach capitalize on that it is not always necessary to compensate for changes in the demand
since it might change back soon.
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6 Conclusions and Future Work

According to our analysis, the properties of agent-based approaches and optimization techniques
complement each other. This was partially confirmed by the experimental results, which in addition
investigated two promising ways of combining agent-based and optimization techniques into hybrid
approaches: using coarse planning and embedded optimization techniques. The hybrid approaches
appear to combine some of the good properties from each of the two investigated approaches.

Additional potential hybrid approaches can be based on that the multi-agent system invoke
optimization algorithms when it cannot handle the situation. Another approach is to “Agentify”
optimization techniques that are already based on decomposition to encompass some of the prop-
erties of agent-based approaches. In order to make sure a solution which is possible to implement
is available at each node/sub-problem, one may let the sub-problems keep track of a convex combi-
nation of previous solutions. Ideas from the volume algorithm [1] can be adopted in order to have a
reasonable good solution to be implemented at any time during progress of the algorithm. We plan
to further experimentally verify the conclusions of the theoretical analysis regarding the properties
of the agent-based and classical optimization techniques and explore hybrid approaches.
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Appendix A

In the following, sets, variables and parameters are introduced in order to formally define the prob-
lem as an optimization problem. Set T (with index t) denotes the set of periods; J (with index j)
denotes the set of customers; and R (with index r) the set of transport routes. Further, the set
Rj ⊂ R is the set of routes visiting customer j. The variables used are:
xt, produced units in period t;
yt, 1 if production occurs in period t;
st, 1 if production starts in period t;
It, inventory level at the producer at the end of period t;
zjrt, transported quantity from producer to customer j on route r in period t;
ort, 1 if transport route r is used in period t;
Ljt, inventory level at customer j at the end of period t;
vjt, shortage of products at customer j in period t;
wjt, excess of products at customer j in period t;
Vjt, shortage of products with respect to safety stock level at customer j in period t.

Parameters (constants) are given below with their values given within parentheses (superscripts are
used to distinguish between different parameters):
ux, production capacity (12);
uI , inventory capacity at producer (35);
uz, truck capacity (30);
djt, demand forecast for period t and customer j;
uL, inventory capacity at customers (35);
lL, safety stock level at customers (3);
cy, production cost if products are produced in period t (10k);
cs, cost of starting production if the product was not produced in previous period t (20k);
cr, cost of using a transport route r (20k and 22k), respectively, for visiting a single customer and
23k for visiting both customers;
cI , inventory cost at producer (100);
cL, inventory cost at customer (110);
Llc, cost of inventory shortages at customers (8k);
Luc, cost of exceeding inventory levels at customers (2.5k);



lc, cost of not meeting the inventory safety levels (2k).

Given the variables and parameters above, a cost function can be specified accordingly: f(·) =∑

t∈T

(cyyt + csst + cIIt +
∑

r∈R

crort +
∑

j∈J

(cLLjt + Llcvjt + Lucwjt)). At the end of each period, the

cost is recorded using function f(·) for period t equal to one. Then, inventory levels are computed
given the actual demand (not the forecast), which becomes the initial inventory levels the next day.
Below is an optimization model of the problem presented.

min z = f(·) + lcVjt

s. t. xt ≤ ux t ∈ T (1)

st ≥ yt + yt−1 t ∈ T (2)

0 ≤ It ≤ uI t ∈ T (3)

It−1 + xt −
∑

j∈J

∑

r∈Rj

zjrt = It t ∈ T (4)

∑

j∈J

zjrt ≤ uzort r ∈ R, t ∈ T (5)

Lj,t−1 +
∑

r∈Rj

zjr,t−1 − djt = Ljt j ∈ J, t ∈ T (6)

0 − vjt ≤ Ljt ≤ uL + wjt j ∈ J, t ∈ T (7)

lL − Vjt ≤ Ljt j ∈ J, t ∈ T (8)

All variables and cost parameter are assumed to be non-negative. Variables yt, st, ort are binary.
In the case of Embedded Optimization, an optimization problem is created for each of the agents:
variables x, y, s, I and constraints (1)-(4) for Agent A; and variables z, o, L, v, w, V and constraints
(5) - (8) for Agent B, with the associated costs, respectively. In Agent A’s optimization problem,
z is regarded as a parameter (i.e. a transport plan). In the Tactical/Operational Hybrid approach,
a cost (200) per unit of deviation from the coarse plan with respect to values x, I , z and L is
considered when solving the agents’ optimization problems.


