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1. Summary
These notes describe some recent ideas for distributed design and their application to
large-scale aerospace systems. In this type of multidisciplinary optimization, design
tasks are decomposed into domain-specific subproblems, and coordinated to achieve an
optimal system.
Focusing on collaborative optimization, one form of design
decomposition, the notes detail the methods, summarize recent results, and suggest new
variants of these approaches that improve performance.

2. Introduction
Initial applications of multidisciplinary optimization (MDO) involved the direct
integration of multiple disciplinary analyses and an optimizer. For small problems,
wiring together such a system is quite feasible and usually leads to a efficient, but
sometimes hard to explain, procedure. As computational capabilities grew, engineers
scaled this approach to larger problems and its limitations became apparent. The need for
analysis and data management became better recognized and a second generation of
MDO methods came into use. Distributed analysis systems could utilize multiple
computers, increasing the practical scale of MDO problems (figure 1). Database
management and modular analysis coordination improved efficiency and maintainability.

Figure 1. Initial architectures for multidisciplinary design involved integrated analysis
and optimization. This was followed by application integration frameworks.
Despite these improvements, the reliance on a central optimizer as decision maker on all
matters, is not a practical approach to enterprise-level system design. This deficiency has
led to the development of what may be considered the third generation of MDO methods:
strategies for distributed design optimization. This concept, illustrated in figure 2,
involves decomposition of the design process itself into more manageable pieces.
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Figure 2. Distributed design architecture with subspace design problems and systemlevel coordination.
In fact, distributed design is the way any large-scale system is designed now. However,
the approach to distributed design is often not well-planned. Sequential disciplinary
designs and informal iteration can lead to designs that are sub-optimal. In many ad-hoc
design procedures, individual design teams are assigned subsets of the design variables,
parts of the analysis, and a local objective function that is only vaguely aligned with the
overall goals of the system. Sequential choices by these design teams lead to a kind of
non-cooperative game, which may reach an equilibrium that is not an optimum for the
system.
Even when the goals of the subtasks appear aligned, problems may arise. Consider the
problem of minimizing: J = x2 + y2 subject to the constraint: g(x,y) = x – y – 2 > 0. If
the first group is responsible for the design variable y, and tries to minimize J for a given
x, while the second group must vary x to minimize J subject to the constraint, g>0, the
system will find the solution y=0, x=2. The correct solution y=-1, x=1 is not discovered
because the decomposition introduces a feasible, but poor, equilibrium point.
An important current challenge for large scale MDO is the development of practical
methods for distributed design optimization that are efficient and lead to good designs.
The task of decomposing a problem whose components are strongly coupled is usually
undertaken in an informal way, but may require more careful consideration.
The first step towards solution of a large-scale design problem involves decomposition of
analyses that may be coupled in complex ways. Methods for decomposing and managing
the analysis process formed the basis of much of the early work in MDO [1,2]. One
method that has been very successful in multidisciplinary optimization with several
analysis modules is termed optimizer-based decomposition (OBD). The concept is based
on the analysis management structure shown in figure 3.
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Figure 3. Removal of iteration loops in a series of analyses through the introduction of
auxiliary design variables and compatibility constraints.
On the left side of figure 3, an optimizer is used to vary design parameters, with coupled
analyses returning the objective function and constraint values. The sequential analyses
involve some feedback loops when the output of a later analysis is required as input to the
prior analysis. Fixed point iteration is used to converge the analysis loops, leading to
issues with function precision and smoothness that are affected by the convergence
criteria.
In an integrated optimization problem, one can remove feedback by introducing auxiliary
design variables and compatibility constraints. The auxiliary variables, y’, are new
design variables that are “copies” of the computed values, y; they are prescribed by the
optimizer rather than being input directly from another analysis module. The
compatibility constraint, added to the optimization problem is that these values match:
y’ = y, at the solution. This makes the optimization problem larger, but the analysis
faster and smoother. This approach also resolves problems with poorly-convergent
iteration loops (e.g. aeroelastic wing design near divergence), so that for some problems,
the optimization is more efficient, despite the larger design space.
Although elimination of feedback with OBD is commonly used, the same idea may be
used to eliminate feedforward and decompose the analysis into a series of parallel
computations. This concept is shown in figure 4. Again, design variables are added to
the optimization problem along with compatibility constraints. Although this type of
decomposition generally increases the total number of function evaluations required for
optimization, it may still be advantageous since the analyses may be run in parallel. With
strong and high dimensionality coupling, the computational penalty for this approach
may be excessive, but for problems that require only a few auxiliary variables, the
simplicity of the decomposition may make it worthwhile.
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Figure 4. Removal of feed-forward in a series of analyses with auxiliary variables and
additional constraints.

3. Approaches to Distributed Design
The concept for analysis decomposition described in the previous section may be applied
when the analysis boxes in figure 4 represent design tasks. In this way the idea of
optimizer-based decomposition, leads to a formal way of decomposing the design
problem into parallel design tasks, coordinated by a system-level optimization algorithm.
When the individual design tasks involve many local variables and the dimensionality of
coupling is small, this process provides a very efficient method for distributed design.
Most methods for distributed design optimization are based on a related type of multilevel optimization process and have been studied for some time (see [3-10]). A few of
these methods have been developed in some detail and applied to aeronautical design
problems. Three of the more widely used strategies are described here.
3.1 Concurrent subspace optimization (CSSO)
Concurrent subspace optimization divides the design problem into several disciplinerelated subspaces, each of which shares some responsibility for satisfying constraints
imposed on the system while trying to reduce a global objective (or objectives). A
system level algorithm coordinates this process in different ways, depending on the
implementation. Several versions of CSSO have been developed in recent years by
researchers at NASA Langley, and Notre Dame [11]. A commercial framework based on
this concept (SysOpt) has been developed and is described in a number of papers [12].
Figure 5 shows the basic concept.
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Figure 5. Concurrent Subspace Optimization involves shared responsibility for
constraints, system level analysis and coordination, and a model of previous results in a
design knowledge base.
One of the more interesting aspects of CSSO is the modeling of disciplinary analysis
results in some form of design knowledge base. Neural networks and other response
surfaces have been used effectively [13,14] for this purpose, although the complexity of
the process, involving disciplinary optimization, system-level coordination and analysis,
and subspace modeling, make implementation difficult and have limited its application.
3.2. Collaborative Optimization and BLISS
More recently, two closely-related architectures for distributed MDO have been
developed and applied to aerospace design problems. Collaborative optimization (CO)
[15] and bi-level integrated system synthesis (BLISS) [16] assign subsets of the system
constraints to individual disciplinary designers that are most closely associate with these
constraints. The basic decomposition is shown in figure 6.
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Figure 6. Basic structure of a collaborative optimization or BLISS problem.
Several variants of the BLISS and CO architectures have been proposed [17-20], but in
each case subspace optimizers minimize a local objective that is related in some way to
the system objective while satisfying constraints locally. Local degrees of freedom are
used in this process, while global design variables are handled using a form of optimizerbased decomposition, with “copies” of the global variables used by the subspaces
compatibility enforced at the system level.
Collaborative optimization treats shared variables as targets, whose selection is
coordinated by the system-level optimizer. It creates more copies of interdisciplinary
variables in an effort to ensure that local optimizers always have enough degrees of
freedom to satisfy their local constraints.
The primary features of each of these architectures include the following:
1. Heterogeneous hardware or software may be used to solve the subspace
optimization problems, employing optimization codes best suited for that domain.
2. The decomposition keeps domain-specific constraint information in the
subproblem, rather than passing what might be thousands of constraints among
many of the design teams.
3. The system leaves most of the design decisions (selection of local variables) to
the disciplinary groups that understand the local problem.
This type of design decomposition makes the most sense for large problems
(conventional fully-integrated, “all-at-once” optimization is best for small problems) that
exhibit low dimensionality coupling (to reduce the number of auxiliary variables). It is
especially useful when special methods exist for disciplinary design (e.g. adjoint methods
for aerodynamic optimization or collocation methods for trajectory design) and is
compatible with conventional organizational structures.
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4. Collaborative Optimization
4.1. Basic Concepts
Collaborative optimization is described in more detail in [21-24], but consists basically of
a two-level optimization architecture in which individual disciplinary teams are charged
with satisfying local constraints. These subspace design teams are permitted to vary local
parameters to accomplish that task. Since there may not exist sufficient local degrees of
freedom to satisfy all of the constraints, subspaces are permitted to depart from the values
of interdisciplinary parameters, established as targets by the system-level coordination
method, although this departure is to be minimized. Thus, it is the job of the subspaces to
satisfy constraints while working to define a design that everyone can agree on – hence
the name collaborative optimization, or CO. The system is charged with adjusting the
target values so that such agreement is possible while minimizing the system-level
objective. The form of the subspace objectives and system level constraints may vary, but
the basic idea is exemplified by the implementation in figure 7.

Figure 7. Basic structure of collaborative optimization architecture.
Figure 8 provides a graphical view of this process. The system chooses a set of targets,
depicted by the point P. The subspaces then adjust their degrees of freedom in order to
satisfy their own constraints while trying to match this target point as closely as possible.
One may think of the subspaces as constrained to move along the lines shown, but
connected to the target point with springs. The system tries to move the target in such a
way that the subspace points coincide at the lowest possible objective value.
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Figure 8. Graphical view of CO process. System picks target point (P); each subspace
finds closest feasible point.
Several choices are possible for the forms of the subspace objectives and the system-level
compatibility constraints. These have been investigated in a number of previous studies
and it seems likely that improved selections will be identified [20]. Many of the
fundamental characteristics of CO are apparent in its various forms, and most of the
applications that have been studied have relied on simple L2 measures for the subspace
objectives (i.e. the sum of the squared differences between the local values for a variable
and the requested system targets). When the subspace objectives are used directly as the
system level constraints, simple post-optimality sensitivities can be used to efficiently
guide the system optimizer to an improved design [25]. Note that the use of the sum-ofsquares corresponds to a hardening spring in the model of figure 8, meaning that as the
subspace solutions get closer, the tension falls quickly. This sometimes causes
difficulties as discussed in the subsequent section.
In collaborative optimization, unlike some multi-level optimization approaches, we must
assure that each subspace is given sufficient degrees of freedom that it can always
achieve a design that is feasible with respect to its local constraints. This is done by
making copies of the system target variables and allowing the subspace to vary these
copies. Although this increases the dimensionality of the subproblem, it avoids
difficulties that have been encountered in some multi-level optimization methods when
responsibilities for design variable selection and constraint satisfaction are distributed
among levels as in the example of Section 2.
Details of the collaborative method have been developed by several researchers,
primarily in the last ten years, although closely-related work is described in publications
as early as 1977. Peterson et al. [26] describes a method in which subspaces are
responsible for constraint satisfaction and CO-like targets are used. Thareja and Haftka
[27] experimented with a very similar scheme with quadratic subspace objectives,
encountering numerical difficulties, partly inherent in the formulation and partly
associated with the optimizer. Sobieski, Riley, and Barthelemy [28,7] explored schemes
in which the subspaces tried to satisfy a cumulative constraint. This is the alternative
concept to collaborative optimization, in which interdisciplinary compatibility is
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maintained at each system-level iteration at the expense of disciplinary feasibility. It may
be argued that this is an advantage, although in many cases a single infeasible design is
no better than a set of not quite compatible designs. More recent algorithmic
development of CO and CO-like methods are described in [29-31].
4.2. Algebraic Test Problems
In any architecture for distributed design it is important to verify that the process
correctly finds the solutions to both simple and more complex problems. Many algebraic
test problems have been considered in evaluating CO [20, 22, 32-34], A particularly
simple problem was proposed in [34] and has been used to evaluate a range of
decomposition methods. The simple two-discipline test problem is shown in figure 9 and
consists of a quadratic global objective that depends on two shared variables. The
problem is coupled with two linear constraints with adjustable coupling and that are
distributed, one to each discipline. Clearly decomposition is not necessary for this
problem and the problem is poorly suited to CO since all of the system level variables
appear in all of the constraints, but it highlights how the problem may solved with CO.

Figure 9. Constrained quadratic test problem with adjustable coupling (Shankar) used to
evaluate distributed optimization strategies.
The subproblems must introduce copies of the system variables: x11 and x12 are the local
copies of X1 in subspace 1 and 2 respectively.
Subspace 1 minimizes: J1 = (x11-X1)2 +(x21 – X2)2 with respect to x11 and x21 while
satisfying x11+βx21<4.
Subspace 2 minimizes: J = (x21-X1) 2 +(x22 – X2) 2 with respect to x21 and x22 while
satisfying βx11+x21>2.
The system-level optimization problem is to minimize F subject to J1=J2=0.
In [22], this problem is solved using sequential quadratic programming (NPSOL) [35,36]
at the system level. SQP may also be used at the subspace level, but in this simple
problem, the subspace solutions are easily derived analytically. The decomposed version
of the problem converged to the correct solution for every value of β and starting point,
but required 14-19 system level iterations to converge, despite the fact that analytic
gradients of the system-level constraints were available. This result is encouraging in
that the system correctly converged to the solution and that the number of system level
iterations is not terribly large, but one might have expected a more efficient system
solution.
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4.3. Implementation Details
Certain features of the architecture have created difficulties, especially for inexperienced
developers. Experiments have suggested that the price that must be paid for the
advantages of decomposition is a somewhat increased computational time. However,
some studies have cited extremely large computational increments, which is usually due
to implementation details. Several features of the method contribute to the ease by
which one may arrive at a poor implementation. First, any multi-level distributed system
is complex and with multiple optimizers and distributed databases, the initial
implementation can be daunting. Secondly, the problem formulation and decomposition
requires careful planning, a step that is not required for an integrated system. Finally,
certain mathematical details can cause numerical difficulties for many existing
optimization methods. In common with most multi-level schemes, the CO system-level
problem may be sensitive to the selection of subspace optimization parameters such as
feasibility or optimality tolerances. In some variants of CO, changes in the subspace
active constraint set can lead to non-smooth behavior of the system-level constraints.
Although decomposition may not introduce spurious local minima itself, the design
topology is different from the integrated problem and may be more difficult to interpret.
The choice of system constraint and subspace objective forms is critical to the system
performance. This aspect of the method has received greater attention recently and
warrants careful consideration as various versions of CO are developed.
The use of quadratic forms for the system level compatibility constraints means that near
the solution, changes in system targets have little effect on the constraint values.
Specifically, the gradient approaches zero, leading to difficulties for many optimizers,
especially those that rely on linear approximations to these functions. This was observed
in the early development of CO and can lead to slow convergence of the system near the
solution as shown in figure 10 (from [37]) and noted in [27].

Figure 10. Convergence of the CO algorithm on an aircraft design problem. Since
compatibility is enforced only at the solution, the objective remains optimistic until these
constraints are satisfied.
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The implications of the singular Jacobian are discussed in [32] using an SQP method at
the system level. For a simple test case, convergence of the system problem was not
achieved. This failure is attributed, not to a failure of the optimizer, but to the specific
CO formulation. In fact, the problem is related to the combination of the optimizer and
formulation details, since the exact problem and formulation used in [32] can be solved in
a relatively efficient and very robust manner by other numerical optimizers (even the
solver in Microsoft Excel). This is not to say that this feature of the formulation is to be
ignored. Indeed SQP methods are some of the most efficient methods available for
constrained problems and most of the CO problems that have been studied have also
employed NPSOL. In [22] a large set of quadratic test problems was studied using a
version of CO with NPSOL, achieving convergence in every case, so the difficulties cited
may require additional consideration, but improvements in this aspect of CO have been
the focus of recent work.
Alternate choices for the form of subspace objectives, system constraints, and optimizers
are discussed in [20] and appear promising. Two other approaches have also been
studied in this regard: the use of a less efficient system optimizer that is more tolerant of
non-smooth functions, and the use of response surfaces to model the system constraints.
The latter avoids the problem with singular Jacobians, not by smoothing the functions it
represents, but by providing such an inexpensive representation of the function that very
robust but inefficient optimizers are perfectly acceptable. This approach is discussed in
more detail in the following section and in Refs. [38, 39].
When the conventional CO formulation is employed several small steps can make large
differences in system performance. These include the following:
1. Check that the system level optimizer is capable of functioning on problems such as
this. The SQP method if MatLab, for example, behaves very poorly on CO system-level
problems, while NPSOL is more robust, and some reduced gradient approaches appear to
work very well.
2. Use post-optimality gradient information. The original CO formulation was structured
so that gradients of the system compatibility constraints would be available. When
quadratic compatibility constraints are used, the system targets have no direct influence
on the subspace constraints and so the gradient components of the ith constraint with
respect to the jth system target variable may be written simply as:
∂Ji*/ ∂zj = 2 (zj – zj’*)
If this additional information is not used, a different formulation should be used.
3. The system level compatibility constraints may be written as: Ji = 0 ∀ i subproblems.
However, because of the way most optimizers solve the constrained problem, large
performance gains may be achieved by using Ji ≤ 0, even though Ji = 0.
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4.4. CO and Surrogate Models
The efficient incorporation of approximation models simplifies some aspects of
collaborative optimization. This was addressed initially in [38], but additional
developments are ongoing [cf. 40]. Multi-level methods may be better suited to, and
benefit more from, the use of approximate modeling than other optimization methods.
Techniques such as response surfaces are particularly appealing in CO for several
reasons. When used to model the results of subspace optimization, the dimensionality of
the response surface can be much smaller than would be required for fitting an integrated
analysis system. Problems with low dimensionality interdisciplinary coupling, natural
candidates for solution by CO, also gain most using this approach. Along with the usual
response surface features that aid in parallel execution and load balancing, two other
considerations suggest the important synergy that exists in this combination. As has been
mentioned, the use of approximate models for the system constraints sidesteps an
important efficiency difficulty with some versions of the method. In this way response
surfaces can help CO. Conversely, we can exploit knowledge about the problem itself to
improve the efficiency of the approximate model generation.

Figure 11. Use of response surface or other surrogate methods in CO. Left: modeling
analysis results. Right: more efficient modeling of subspace design results.
Efficient model generation for CO is enabled by the fact that we do not require a method
that approximates a general function, only functions that are solutions to CO
subproblems. For example, to fit an optimum subspace objective, J1*, contours of which
are shown in figure 12, as a function of the system targets a1 and x2 would likely require
at least a dozen function evaluations. As can be seen from the figure, even if the function
is quadratic in each region of the solution, it cannot be fit globally with a single quadratic
approximation. And even if a local quadratic fit was sufficient, at least six solutions of
the subproblem would be needed.

12

VKI lecture series on Optimization Methods & Tools for Multicriteria/Multidisciplinary Design
November 15-19, 2004

Figure 12. Function knowledge used to construct fit.
The solution to the subproblem provides much more than the value of J1*, however, and
this information can be used to great advantage. Assume that, as shown in figure 12, the
first target values are given as a1=2.5, x2=0. The subspace solution in this case is a1’=1.5,
x2’=-1.0. Since the subspace returns these values, it is known that if the original targets
were a1=1.5, x2=-1.0, the subspace could satisfy its constraints and match the targets
exactly. So by evaluating only one point in the 2D space, the solution at two points is
known. A quadratic model could therefore be built with as few as three subspace
evaluations. Moreover, not only do the a1=1.5, x2=-1.0 target values lie on the J1*=0
contour, but this must be the closest point on the contour to the initial point, so the
contour must be normal to the vector connecting these two points as shown in figure 12.
Combined with other knowledge about the formulation, an exact fit of a quadratic
problem is possible with only one subspace optimization. Of course general problems
would take several approximation refinement steps (e.g. using trust region methods such
as those in [41,42]) before a reasonable approximation was achieved; nonetheless, this
represents a large improvement in efficiency as was demonstrated recently in [40].

5. Applications
In parallel with this method development, several researchers have applied CO to both
simple test problems [20-22,32] and more complex design problems [43-51]. The latter
have included applications to launch vehicle design, trajectory optimization, aeroelastic
design, supersonic aircraft optimization, conceptual bridge design, undersea vehicles, and
unmanned aircraft. This experience has highlighted both the advantages and problems
associated with collaborative optimization.
Braun applied collaborative optimization directly to the design of launch vehicles,
combining sizing, cost, and trajectory design tools that had been developed previously
[44]. Achieving the correct optimal system with both an all-at-once (integrated) method
and CO, Braun concluded that the advantages associated with decoupling outweighed the
increased computation time that was required for this problem.
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Manning [46] used the response surface-based CO to combine aerodynamic design,
structural sizing, and mission optimization in a study of supersonic aircraft (figure 13).
Aerodynamic analysis relied on a high order surface panel model while structural
analysis was performed with a finite element code.

Figure 13. Solution of a large scale optimization problem (supersonic design) using
collaborative optimization in [46] explored issues in integrating more complex
subproblems than had been done previously.
The goal was to satisfy mission performance constraints along with structural constraints
while minimizing the required take-off weight. Response surface models were updated
using the trust region scheme described in [42]. In this work, a penalty function method
was used to achieve system-level compatibility, with the system level objective defined
as: J = take-off gross weight (TOGW) + Σ ki Ji, with ki a weighting coefficient and Ji, the
subspace compatibility objectives. Later, the same approach was used to avoid numerical
issues with SQP methods [20], but in this case, the choice assured that despite the
approximate nature of the response surface models, the system level problem remained
feasible. Several updates of the quadratic response surface models were required, with
compatible, nearly optimal solutions reached after about a dozen update cycles (figure
14).
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Figure 14. A compatible, good design was found using surrogate-based CO, but multiple
trust region update cycles were required.
Recently, a variant of the CO approach was used for the distributed path planning
problem involving four aircraft that minimized their flight path while satisfying
separation constraints [52]. Figure 15 illustrates a typical result in this domain – a natural
application of distributed optimization that will likely see additional development in
related multiple vehicle optimization and control problems.

Figure 15 (from [52]). Optimizing aircraft routing using a decentralized optimization
algorithm closely related to CO.
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Additional examples of CO applications include the conceptual design of bridges in [50],
launch vehicles in [44] and[49], underwater vehicles [45], wing design [47], and
inlet/ejector systems [51].
Several advantageous features of collaborative optimization have been demonstrated in
these applications but since CO is still relatively immature, little experience in true
industrial environments is available. The examples cited here do show that the software
integration task is expedited, since the process can be asynchronous and communication
requirements are minimized. In addition, the computational effort can be divided easily
among multiple platforms with heterogeneous hardware and software, including different
optimizers for different disciplines. It is also anticipated that in an actual industry
implementation the maintenance of disciplinary design variables and constraints within
each disciplinary design task will be advantageous, matching closely the structure of
existing practice. Many of the anticipated beneficial features of the architecture only
exist for large, multidisciplinary problems, making it difficult to demonstrate with
typically small test problems.

6. New Ideas
Current research on distributed design optimization has focused on modifications to CO
or BLISS aimed at improving overall efficiency, permitting their use on problems with
high dimensionality coupling, and simplifying their implementation.
Although the use of approximate models with CO or BLISS resolves many of the issues
with slow system-level convergence additional, and probably substantial improvements
in efficiency are possible by using all available information from the subspace design
problems in order to construct approximate models of optimal target copies (the z’
variables in figure 7). Since evaluation of the approximate models is inexpensive,
explicit compatibility constraints (of the form z = z’*) may be imposed for the systemlevel optimization, avoiding the large eigenvalues encountered in some previous
formulations. This also frees the subspaces from having to use the system constraints as
local objectives. Revised local objectives that include a combination of compatibility
penalty and system objective are factored [53] with respect to the system level problem
and improve the performance of some subspace optimization schemes that had difficulty
with zero eigenvalues when the objective values became small.
Two approaches to handling problems with high-dimensionality interdisciplinary
coupling in CO are being studied presently. The difficulty with such problems is that
decoupling using optimizer-based decomposition introduces large numbers of system
variables, leading to inefficient solution. The simplest approach to this problem is to
represent the coupling using a reduced order model. This can be done accurately and
efficiently for many problems with the suitable selection of basis functions as shown in
[Manning]. Improved methods for generating such basis functions in the special case of
CO coupling are possible. The second approach involves a more fundamental change to
the CO architecture. Note that target copies were introduced to guarantee that the
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decomposed subspaces would be feasible. Yet if target values are computed from one
routine (A) and required as input to another (B), the second routine does not require a set
of target copies that span the entire space, but rather only a small subset to ensure
feasibility of the decomposed problem. During the course of sampling for development
of an approximate model for A the computed target solutions can be used to form an
effective reduced basis set for B. A similar approach may be used when populationbased design methods are employed for solution to the system-level problem, with
computed results from A inserted directly into the population.
Simplified implementation of distributed optimization systems is needed to make the
creation of this type of system not a research project in itself. Some steps in this direction
have been taken by incorporating BLISS into the ModelCenter framework [54] and with
a similar framework, designed for multilevel optimization from its inception [33]. More
dramatic simplifications to distributed multidisciplinary design may be possible with
single-level distributed systems, including versions of collectives [53] for design.

7. Conclusions
Distributed MDD and collaborative optimization, while still maturing, has been used
successfully in many applications. It is ideal for integrating design codes that include
their own optimizer as is often the case for trajectory optimization or optimal control
design and for large scale problems with low dimensionality coupling between the
subproblems.
The approach can be inefficient when not carefully employed. As with any optimization
problem, the user much match the optimization algorithm to the problem of interest and
understand issues related to scaling and function smoothness. Work remains on
improving the robustness and efficiency of the system-level coordination problem
through variations in the form of the subspace objectives and system constraints or
through optimization algorithms better suited to the system-level problem.
CO with response surfaces that model subspace design results continues to appear
promising. New general fitting techniques such as kriging may be useful here, but
custom methods tailored to subspace fitting may be more efficient. New approaches to
reduced basis modelling and trust region heuristics for efficient convergence will also be
directly applicable.
The recognition that distributed design may be viewed as a multi-agent game has led to
new ideas for both multi-level and singe-level distributed optimization. New techniques
and additional applications of these ideas in multidisciplinary design, system of systems
design, and multi-agent control are sure to make this an exciting field over the next
several years.
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