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Abstract. Real-world optimization problems often come with additional
user knowledge that, when accommodated within an algorithm, may produce a faster convergence to acceptable solutions. Modern populationbased optimization algorithms, aided by recent advances in AI and machine learning, can also learn and utilize patterns of variables from past
iterations to improve convergence in subsequent iterations – an approach
termed innovization. In this paper, we discuss ways to combine usersupplied heuristics and machine-learnable patterns and rule sets in developing efficient multi-objective optimization algorithms. Two practical
large-scale design problems are chosen to demonstrate the usefulness
of integrating human-machine information within a multi-objective optimization in finding similar quality solutions as that obtained by the
original algorithm with less computational time.
Keywords: Multi-objective optimization · innovization · collaborative
optimization · knowledge-driven design optimization.
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Introduction

Multi-Objective Optimization (MOO) algorithms are widely used for solving design optimization problems. A set of trade-off solutions between multiple conflicting objectives, known as Pareto-Optimal (PO) solutions, are the final outcome.
This then requires that the decision-makers perform a post-optimal decisionmaking task to choose a single preferred solution for implementation.
MOO algorithms, on their own and without any additional problem knowledge, can solve real-world design problems involving various practicalities, such
as large-dimensional search and objective spaces, nonlinearities, multi-modalities,
isolation of optima, etc., but the time taken to achieve a reasonably good solution set may not make the application practical. On the other hand, in most
cases, the engineers or domain experts, have critical insights about certain regularity and relationships among variables and objectives, which can be used as
key knowledge (or heuristic) in the optimization process. This may result in
improved performance and help arrive at an acceptable solution quickly.
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Heuristics have been applied across a range of optimization problems covering
diverse fields. In combinatorial optimization problems, like the traveling salesman problem, specific studies exist [11]. An algorithm inspired by the knapsack
problem has been used in [7] for solving a pharmaceutical clinical trial planning
problem. A meta-heuristic optimization algorithm has been used in [2] to achieve
collaboration between an engineer and an architect for designing pre-fabricated
wall-floor building systems. A two-step heuristic-based algorithm is presented in
[12] for performing network topology design.
Innovization [9] is a process of finding hidden common characteristics among
the decision variables of current non-dominated solutions which can be retained
as important knowledge derived from the optimization procedure, ready to be
applied to hasten the convergence properties of an optimization algorithm. In
early studies [3, 9], innovization was presented as a post-optimization step to
extract key knowledge for future analysis. Further works [10] demonstrated the
benefits of applying the derived innovization principles even within the same optimization run in an online manner, as heuristics or as repair operators. Here, we
combine the two sources of knowledge—human-supplied and machine-derived—
to develop an efficient optimization procedure.
The rest of the paper is organized as follows. Section 2 introduces the knowledgedriven design optimization framework. Section 3 introduces our proposed online
innnovization approaches. Sections 4 and 5 introduce the truss design and Demand Side Management optimization problems and the results obtained with
our proposed approaches. Section 6 presents the conclusions of our study and
possible future extensions.
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Knowledge-driven Design Optimization

The proposed knowledge-driven design optimization process is shown in Figure 1. There are two entities involved in this process: (i) the user and (ii) the
optimization algorithm developer. The user can be an engineer or domain expert
who describes the problem objectives, constraints, and design parameters (Problem Design Block). The user also often has additional knowledge about good
solutions that can be prescribed as additional constraints, but often such information is not entirely quantitative and must be used more as a recommendation,
rather than supplied rigid constraints. The algorithm developer is responsible for
collecting the problem formulation and any additional problem heuristics from
the user (User Knowledge Block) and designing a suitable optimization algorithm (Optimization Process Design Block). Encouraging collaboration between
these two entities is the main goal of the Knowledge-driven Design Optimization
framework and this paper makes a step towards this goal. Two types of knowledge are used during the optimization: a priori knowledge (U) provided by the
user (Past Knowledge Block), and knowledge learned during the optimization
(Learning Block). A repair operator (Repair Block) ensures that both types of
knowledge are used while generating new solutions (offspring). Both Learning
and Repair Blocks constitute the online innovization process. As is evident in
Figure 1, any Evolutionary Multi-Objective Optimization (EMO) or Evolution-
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Fig. 1: Knowledge-driven design optimization procedure.

ary Many-Objective Optimization (EMaO) algorithm can be used along with a
pattern learning method.
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Innovization-based Design Optimization Procedure

In a population-based optimization algorithm, non-dominated (ND) solutions
represent best solutions of the current population. Hence, they are expected
to share some common properties related to the design variables that determine them. For example, coordinates of adjacent nodes in a truss may follow
some monotonic property or cross-sectional sizes may follow some symmetric
relationships.If such properties are extracted from ND solutions, they can be
considered as good derived heuristics, which may or may not have been known
and supplied by the designer. If an EMO algorithm makes a correct convergence
towards Pareto-optimal solutions, such properties of ND solutions should also
firm up and stabilize with generations. Thus, extracting common properties from
ND solutions and using them to “repair” future offspring solutions seems to be
a useful strategy. Since such a task does not use any additional knowledge from
the user, we associate this approach with user knowledge ‘None’. With no prior
knowledge supplied by the user, the task of identifying such common properties,
especially in a space of many design variables, demands a large amount of data,
in order to be able to extract a reliable relationship by any machine learning
method. However, if the designer provides some indication of likely relationships
(such as, symmetry or monotonicity) among a cluster of variables, the learning
algorithms are likely to work better. Such a collaboration between a designer
with expert knowledge and a machine’s ability to extract details should turn out
to be a winning strategy, deserving of significant attention.
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There are various ways a priori knowledge can be provided to an optimization
algorithm. Here, we first discuss the simplest form of providing such knowledge.
Initially, the user puts variables into several clusters and for each of them (say,
the k-th one Ck ), the variables (xk = {xi }, for i ∈ Ck ) within the cluster are
expected to possess some unknown relationships for the overall solution to be
good or near-optimal. Such unspecified information can also be exploited by a
learning algorithm. But if more specific ordering information Ik (xk ) of variable
values xi ∈ Ck are available, such as xi ≤ xj , they can also be supplied. More
specific relationships, such as xi = ci , xi = 2xj or φ(xi , xj ) = cij (where φ and c
denote a function and a constant respectively), can also be supplied, if available.
An algorithm can utilize the user-supplied knowledge to any desired extent,
from ‘lightly‘ to ‘extensively’, within an algorithm. An extensive use of supplied
knowledge within an optimization algorithm may allow fast convergence, but
possibly to a sub-optimal solution, if the supplied knowledge for some reason
was not congruent to the true optimal solution set. On the other hand, light
use of the supplied knowledge may allow the algorithm to recover from suboptimal convergence, but may not produce efficient use of the knowledge, if the
supplied information was actually correct. In this paper, we propose three repair
approaches implementing different extents (low, intermediate, and high) of the
use of supplied user knowledge, and investigate their performance.
The proposed repair operations implemented in this study follow a specific
procedure. Repair operators are activated once 80% of the population constitutes
the non-dominated (ND) set, to prevent any knowledge extraction from low
quality solutions. Then, the average (xiavg ) and standard deviation (σi ) of the ith variable values in the current ND set are first computed. If monotonicity or any
other specific relationships (e.g., ordering Ik (xk ) of variable values xi ∈ Ck ) was
also supplied, they are noted. Then, at every generation, the offspring population
members are repaired using the above information, described next.
3.1

Low-Knowledge Repair Operator

Here we discuss the procedure when no ordering or more specific information is
provided. First, we observe whether any pair of variables from the same designated cluster follows the same pattern as they did in the average values derived
from the ND set. If variable values of an offspring xi and xj (i, j ∈ Ck ) have
the same relationship as that between xiavg and xjavg of the ND set, no further
repair is made. Otherwise, xi and xj are repaired as follows:

( xi +xi
xj +xjavg
avg

,
, for (xiavg − xjavg )(xi − xj ) < 0,
2
2
(1)
xirep , xjrep =
(xi , xj ) ,
otherwise.
The variables xi and xj are pushed closer to the average xiavg . The same operation is also performed on all other consecutive pairs of variables within the
cluster and on other clusters.
Now, we discuss the repair procedure if ordering between xi and xj was
supplied. If the relationship between xui and xuj (for an offspring) and between
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xiavg and xjavg (the average of ND solutions) are in agreement, a repair operation
will be performed using Eqn. 1; otherwise, Eqn. 2 will be used.


−xi
−xj
xij
xij
  xijavg + avg 2 avg , xijavg − avg 2 avg , if xui ≥ xuj ,

xirep , xjrep = 
 xijavg − xijavg −xiavg , xijavg + xijavg −xjavg , if xu < xu ,
i
j
2
2
(2)

where xijavg = 0.5 xiavg + xjavg .
3.2

Intermediate-Knowledge Repair Operator

This repair operator follows a similar update of offspring variables, but uses a
closer relationship of the variable pairs obtained from the history of the optimization run. In this case, the repair operator for two variables xi and xj is
similar to that shown in Eqn. 1, but xiavg is replaced by xiref , calculated by
adding a momentum parameter (γ) as shown in Eqn. 3.
xiref (t) = xiavg (t) + γv(t),

(3)

where v(t) = xiavg (t) − xiavg (t − 1). If the ordering knowledge between xi and
xj is available, the same procedure is followed as in the low-knowledge usage
operator, but xavg is replaced with xref .
3.3

High-Knowledge Repair Operator

This repair operator updates offspring variable vectors more closely to the history
of their evolution statistically by staying within one standard deviation (σi ) of
the reference variable value xiref : [xiref − σi , xiref + σi ], where σi is the standard
deviation of xi in the ND set:


xirep , xjrep = U(xiref − σi , xiref + σi ), U(xjref − σj , xjref + σj ) , (4)
where U(a, b) is a uniformly distributed number between a and b. If the ordering
knowledge between xi and xj is available, we use the same process as in the
low-knowledge repair operator, but using xiref , rather than xiavg .
We now present the results of an EMO algorithm with the above three repair
operators on two engineering design problems.

4

Truss Design Problem

The large-scale truss design problem
used in this article is a modified version
of the one given in the Bright Optimizer
ISCSO 2019 competition [1].
The truss with 260 members and 76
nodes (shown in Figure 2) is simplysupported at two ends and vertical loads
of 5 kN are applied to all top nodes in the
negative z-direction. The truss length
Fig. 2: Truss and its loading.
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and width are fixed at 72 metres and
4 metres respectively. The length of the
vertical members can vary from 0.5 to 30 metres. A good design is determined
by two criteria: low weight and low compliance. There are two sets of design variables: member sizes (A), and coordinates of bottom nodes (z). Finite element
analysis (FEA) is performed to compute the weight (f1 ), displacement vector
(U) and compliance (f2 ). The optimization problem formulation is given below:
Minimize

(f1 (A, z), f2 (A, z)) =

ρ

Nm
X
k=1

Subject to

Ak `k (z),

Nn
X

!
Fk · Uk (A, z) ,

(5)

k=1

σmax (A, z) ≤ 248.2 MPa,

(6)

|Uk (A, z)| ≤ 25 mm,

(7)

for k = 1, . . . , Nn ,

where ρ is the material density, `k (z) is the length of the k th member, which
depends on the coordinates of the two end nodes connecting the member, Nm is
the total number of members, Nn is the total number of nodes, Fk is the force
developed at each node, and σmax is the maximum stress developed in the truss.
4.1

User Knowledge

For the truss shown in Figure 2, any experienced structural engineer, when asked
to provide any expert knowledge on properties of good solutions, will think of a
few:
1. Symmetry of the truss around a vertical plane at the mid-point in the
x-direction and around another vertical plane at the mid-point in the ydirection can be assumed, due to the symmetry of support and loading conditions.
2. Vertical members on the left half should follow a monotonic property to
have a smoothly changing shape from the support towards the middle, due
to a smooth transfer of load from the middle of the truss toward the end
supports.
To inject the above a priori user knowledge into the optimization process,
we consider four scenarios as supplied heuristics Ut1 to Ut4 . In all scenarios,
symmetry of members on left and right of the y-z plane at x = 36 (at the midpoint along the x-axis) is provided. This makes the cross-section size of a member
and coordinate of a node to the right of the symmetry plane be identical with a
symmetrically located member and node to the left of the symmetry plane. The
same is also considered for the second symmetry plane mentioned above. This
reduces the number of size variables (A) from the original 260 to 86 and the
number of node coordinate variables (z) from the original 38 to 10. Thus, the
total number of design variables in the modified problem is 96.
In scenario Ut1 , all 10 (left and front of symmetry planes) z-coordinates of
the bottom nodes are grouped in a cluster (C1 = {i} for i ∈ [1, 10]) to indicate
that some properties of these z-coordinate values are expected to appear on the
Pareto-optimal solutions.
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In scenario Ut2 , further knowledge is provided for the C1 variable group by
stating that the 10 z-coordinates of the bottom nodes are likely to exhibit a
monotonic property: the vertical members will monotonically increase in length
from the support toward the middle of the truss. Thus, if x1 is the bottom zcoordinate of the first vertical member and x2 is the same for the second vertical
member and so on, then x1 ≤ x2 ≤ . . . is additionally assumed.
In scenario Ut3 , further knowledge can be simulated by providing additional
clustering of variables in three more clusters (see Table 1). Scenario Ut4 uses
Table 1: Knowledge scenarios Ut3 (with no ordering) and Ut4 (with ordering).
Cluster
Variable Type
Variable Indices
C1
zi of bottom nodes
[1 − 10]
C2
Ai of top Longitudinal members
[11 − 19]
C3 Ai of bottom Longitudinal members
[20 − 28]
C4
Ai of vertical members
[29 − 38]

Ordering (Ut4 )
Increasing
Increasing
Increasing
Increasing

Ut3 but provides ordering of variables in each cluster as mentioned the final
column of the table. The cluster C1 of variables with a monotonic increase in
z-coordinates as in Ut3 is imposed. Additionally, clusters C2 and C3 contain the
cross-section size variables of the 10 top longitudinal members (along x) and
10 bottom longitudinal members (along x), respectively, which are assumed to
increase monotonically from the support toward the middle. Finally, cluster C3
contains the cross-section size variable of 10 vertical members, and a similar
monotonic increase in their values is assumed. The reason for such an increase
in cross-section may come from the fact that the bending moment induced in
a simply-supported beam increases from the support toward the middle of the
beam and hence a monotonically larger cross-sectional size is needed to withstand
a larger bending moment.
4.2

Results and Discussion

NSGA-II [8] is used as the optimization algorithm. Population size is set to
200 and a maximum 2, 500 generations are used with a maximum number of
function evaluations (FEs) of 500k. The hypervolume (HV) metric is used to
measure the performance. The mean final HV over 10 runs obtained by NSGAII with no knowledge usage is set as the target performance (HVT = 0.98). For
the HV calculation, both objectives are normalized and the reference point is
set as [1.1, 1.1]. An algorithm is terminated if the specified HVT is reached or
the maximum allowed FEs of 500k have elapsed.
Comparison of the optimization performances is shown in Table 2. Each entry
represents the mean and standard deviation of the number of function evaluations taken to reach HVT . For cases where the algorithm failed to achieve HV T
within 500k FEs, the final HV obtained is additionally mentioned within braces.
Each row represents a particular scenario of user-provided knowledge and each
column denotes the specific repair operators (described in Section 3) used. In
the first row, all columns except the first are marked with ’N/A’ since the repair
operators cannot operate without any initial user knowledge. From the table, it
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Table 2: FEs required to reach target HVT = 0.98.
User Knowledge
None
Ut1
Ut2
Ut3
Ut4

Repair operator used
None Low-knowledge Intermediate-knowledge High-knowledge
500k
N/A
N/A
N/A
500k 433k ± 17k
323k ± 6k
328k ± 2k
500k
400k ± 8k
302k ± 12k
302k ± 12k
500k 350k ± 10k
167k ± 16k
230k ± 12k
500k 500k (0.73)
500k (0.74)
500k (0.74)

can be inferred that, for this problem, for every scenario of user knowledge integration, the intermediate-knowledge operator is able to achieve the target HV
with the fewest evaluations. This establishes the fact that an extensive follow-up
of the average variable profile (in high-knowledge repair) reduces the diversity
of the variable vectors among ND solutions in an evolving population. Also,
a low-knowledge-based repair does not exploit the supplied information well.
Keeping the intermediate-knowledge repair strategy within NSGA-II, the table
also shows that scenario Ut3 provides the right amount of prior information for
NSGA-II with the innovized repair operator to work the best. Ut4 provides the
maximum a priori knowledge to the optimization. However, none of the repair
operators was able to achieve HV T . This shows that too much a priori knowledge constrains the optimization and lowers the variable vector diversity among
ND solutions in an evolving population. As in the case of knowledge usage for
the repair operators, there exists an optimal level of user-provided knowledge
beyond which performance starts to degrade.
Figure 3a shows the ND solutions obtained with Ut3 . It shows that the
intermediate-knowledge operator is able to provide the best quality solutions,
dominating those given by the other scenarios. Figure 3b shows the HV evolution with the FEs for Ut3 with the repair operations being started after 80k FEs.
Figure 3c shows the minimum weight and minimum compliance trusses for the
intermediate-knowledge repair operator with user knowledge Ut3 .

No Repair
Low-Knowledge Repair
Intermediate-Knowledge Repair
High-Knowledge Repair

6

1.2
1.0

4

0.8

3

0.6

2

0.4

1
0

No Repair
Low-Knowledge Repair
Intermediate-Knowledge Repair
High-Knowledge Repair
Repair Start Point

1.4
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Compliance (m/N)

5

0.2

0

20000

40000

60000
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(a) ND fronts.

80000

0.0

0

100000

200000

300000

Function Evaluations

400000

(b) HV evolution.

500000

(c) Extreme trusses.

Fig. 3: Performance Comparison for User Knowledge Ut3 . In (c), top is the minimum weight truss and bottom is the minimum compliance truss.
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Demand Side Management (DSM) Problem

Rise in electric power demand in metropolitan areas implies that existing supply capabilities may struggle to handle peak demands [5]. A battery storagebased DSM method [14] can be a viable technology. In this paper, a simplified
multiobjective DSM optimization problem has been created from existing literature [13–15], which will serve as a test problem to demonstrate the benefit
of knowledge-driven optimization approaches. An artificial hourly electricity demand (in kWh) dataset over a period of two weeks has been used, as shown in
Figure 4b. The daily peak loads are marked in red. A custom version of a realworld tariff model [6] has been used. A battery model based on the one given in
[14] has been used.
5.1 Optimization Problem Formulation
A multiobjective optimization problem has been formulated which aims to optimize two conflicting objectives: (i) electricity tariff (Ct ), and (ii) battery degradation (Ldeg ).
Minimize
Minimize

Ct (Pb , Ed ) = Ce (Pb , Ed ) + Cp (Pb , Ed ),
X
Ldeg =
max{0, L(D(t + 1)) − L(D(t))},

(8)
(9)

t

subject to

Pmin <= Pb (t) <= Pmax , Dmin <= D(t) <= Dmax ,

(10)

Pb (t)
,
Sb

(11)

D(t + 1) = D(t) − η ×

where Ct is the total electricity bill, Ce is the energy delivery charges, Cp is the
daily peak demand charges, Ldeg is the total battery degradation, L is the battery
degradation loss function, η is the battery charge/discharge efficiency, Sb is the
total battery size (kWh), and Ed (t) is the energy demand at time t assumed
to be known beforehand. Depth of discharge (D) is defined as the proportion of
total battery capacity Sb that has been consumed so far. After a certain number
of charge-discharge cycles, the battery capacity degrades to a certain percentage
of its initial capacity which makes it unusable. A loss function given in [14]
determines the battery degradation for a depth of discharge transition D(t) to
D(t + 1). Pb (t) is the power supplied by the battery at time t and constitute the
decision variable set.
5.2 User Knowledge
In a DSM problem, an intuitive optimal battery operation is to discharge the
battery during the peak daily loads. Since the peak demand charges are high [4,
6], the maximum savings can be made with minimal battery degradation if we
operate the battery during the peaks. This knowledge (Ud1 ) can be expressed
as shown below: Pb (tpeak (i)) = maxt∈[24(i−1)+1,...,24i] Pb (t), where tpeak (i) =
arg maxt∈[24(i−1)+1,24i] Ed (t) for the ith day. As a part of Ud1 , multiple clusters
are also specified, with each cluster consisting of 24 variables determining the
hourly power outputs. For example, if we are performing the optimization over
the load data of 1 week, we will have 7 clusters C1 to C7 with each cluster
Ci = {k} for i ∈ [1, 7] and k ∈ [24(i − 1) + 1, 24i].
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Scenario Ud2 is an extension of Ud1 with the additional knowledge that
the battery is charged during the period of lowest demand. This knowledge
(Ud2 ) can be expressed as: Ud1 and Pb (tlow ) = mint∈[1,24] Pb (t), where tlow =
arg mint∈[1,...,24] Ed (t). Since there are max and min terms in the above scenario
equations, they can also be decomposed into a set of inequality relations as shown
below:
Pb (tpeak ) > Pb (t 6= tpeak ), ∀t ∈ [1, . . . , 24],

(12)

Pb (tlow ) < Pb (t 6= tlow ), ∀t ∈ [1, . . . , 24].

(13)

In order to illustrate the effects of adding more information to the optimization, we create a new scenario Ud3 . This is an extension of Ud2 where variable
ordering relations are imposed between the individual daily peak loads. For every week, during the daily peak demand hours, the power output can be set
to be proportional to the demand. For example, if, for 3 days, the peak loads
Ed (tpeak (i)) for i ∈ [1, 3] in descending order are {Ep (3), Ep (1), Ep (2)}, the relationship enforced is expressed as Pb (tpeak (3)) ≥ Pb (tpeak (1)) ≥ Pb (tpeak (2)).
5.3

Results and Discussion

This section presents the experimental results on the DSM problem for a twoweek period (thus having 24 × 14 = 336 variables). NSGA-II [8] has been used
as the optimization algorithm to solve this problem. For comparing the performances with different types of user knowledge and repair operators, 10 runs
were performed with different random seeds. Maximum FEs was set to be 500k.
Identical NSGA-II parameters are used as in the truss problem. HV has been
used to measure the performance, and the mean final HV obtained by NSGA-II
with no user knowledge is set as the target performance. We set HVT = 0.60.
Performance comparison in terms of FEs required to reach HVT is made in
Table 3.
Table 3: FEs required to reach base NSGA-II performance (336-variable DSM
problem, HV T = 0.60).
User Knowledge
None
Ud1
Ud2
Ud3

Repair operator used
None Low-knowledge Intermediate-knowledge High-knowledge
500k
N/A
N/A
N/A
500k 412k ± 8.0k
393k ± 9.0k
406k ± 6.0k
500k 366k ± 7.5k
310k ± 6.0k
382k ± 12.0k
500k 500k (0.52)
500k (0.51)
500k (0.51)

From the table, it is seen that the intermediate-knowledge repair operator is
able to reach the target HV in the least number of function evaluations. This
supports the conclusions reached for the truss problem that following the average values of the clustered variables too closely constrains the optimization and
reduces the diversity of solutions among ND solutions in an evolving population.
On the other hand, a low level of knowledge usage does not exploit the available
knowledge well enough. Scenario Ud2 provides the right amount of prior information for the best optimization performance for this problem. Ud3 provides

User Knowledge-based Online Innovization

11

the most information, but none of the repair operators were able to achieve the
target HV. This shows that incorporating more information than necessary can
affect the optimization negatively.
Figs. 4a show the Pareto-front and HV evolution for Ud2 with the repair operations being started after 120k FEs. It is seen that the intermediate-knowledge
operator is able to generate better quality solutions compared to the other algorithms. The intermediate-knowledge operator is able to achieve a higher HV,
faster, which is an indicator of its superior performance. Figure 4b shows the
energy supplied by the grid and battery for one of the Pareto-optimal solutions.
The figure shows that battery output is utilized, as desired by the user, during
most of the peak demands.
No Repair
Low-Knowledge Repair
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250
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(b) Energy supplied by the grid and battery.

(a) ND front and HV evolution.

Fig. 4: Performance comparison for user knowledge Ud2 .
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Conclusions and Future Work

The study has aimed to demonstrate the usefulness of incorporating user knowledge into an optimization algorithm and has studied the effect of different extents
of knowledge usage within an optimization process. Three online innovizationbased repair operators have been proposed to exploit any patterns found during
the optimization. The proposed methods have been tested on two large-scale
practical optimization problems: a 260-member truss optimization problem with
96 variables, and a battery-based DSM problem with 168 variables. The results
show the existence of an optimum level of knowledge usage for best performance.
If too much or too little knowledge is used, performance is observed to drop. Although an adequate extent of knowledge usage is problem dependent, this study
has clearly shown the importance of using the right amount of problem knowledge for a computationally fast optimization process.
Our future work will focus on integrating interactive optimization into the
framework such that the user can provide useful feedback during the optimization process. This will further enhance the human-machine collaboration in the
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knowledge-driven design optimization process. The three separate repair operators can also be unified under an ensemble method which will remove the need
to perform separate experiments. Studies on the generalizability of the proposed
methods to other types of practical design problems need to be performed.
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