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Abstract

Many-objective optimization (MOO) simultaneously optimizes many conflicting
objectives to identify the Pareto front - a set of diverse solutions that represent
different optimal balances between conflicting objectives. For expensive MOO
problems, due to their costly function evaluations, computationally cheap surrogates
have been widely used in MOO to save evaluation budget. However, as the number
of objectives increases, the cost of learning and surrogation, as well as the difficulty
of maintaining solution diversity, increases rapidly. In this paper, we propose
LORA-MOO, a surrogate-assisted MOO algorithm that learns surrogates from
spherical coordinates. This includes an ordinal-regression-based surrogate for
convergence and M — 1 regression-based surrogates for diversity. M is the number
of objectives. Such a surrogate modeling method makes it possible to use a
single ordinal surrogate to do the surrogate-assisted search, and the remaining
surrogates are used to select solution for expensive evaluations, which enhances the
optimization efficiency. The ordinal regression surrogate is developed to predict
ordinal relation values as radial coordinates, estimating how desirable the candidate
solutions are in terms of convergence. The solution diversity is maintained via
angles between solutions, which is a parameter-free. Experimental results show
that LORA-MOO significantly outperforms other surrogate-assisted MOO methods
on most MOO benchmark problems and real-world applications.

1 Introduction

Many-objective optimization problems (MOOPs) are widely exist in many real-world applications,
such as production scheduling [26], traffic signal control [33]], and water resource engineering [21]].
These MOOPs have conflicting objectives to optimize, and thus all objectives cannot reach their
optimum simultaneously. As a result the optimum of MOOPs is the Pareto front (PF): A set of
non-dominated solutions that represent different optimal balance between conflicting objectives.
Multi-/many-objective optimization (MOO) []_-] aims to find non-dominated solutions that are close to
the PF and also well distributed along the PF, indicating that MOO should consider both convergence
and diversity.

Various evolutionary optimization algorithms have been proposed to solve MOOPs [10]. These
optimization algorithms usually require plenty of solution samplings and evaluations to find converged
and diverse non-dominated solutions. However, in many real-world MOOPs, the evaluation of solution
performance could be expensive [41]]. In these expensive MOOPs, the evaluation budget only allows
a limited number of solutions to be evaluated on the expensive objective functions. To address
expensive MOOPs, evolutionary optimization algorithms are combined with computationally cheap

"Multi-objective optimization has 2 or 3 objectives, many-objective optimization has 4 or more objectives.
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surrogates to enhance sampling efficiency and save evaluations, which are known as surrogate-assisted
evolutionary algorithms (SAEAs).

Yet, it is a perennial challenge to use surrogates in a more effective and efficient way for SAEAs,
especially when optimization problems have many objectives. For example, conventional SAEAs
usually use regression-based surrogates to approximate each objective function separately [, [34].
For MOOPs, many objectives indicate maintaining many surrogates for surrogate-assisted search and
selection, which results in a low efficiency of SAEAs. In addition, it is difficult to maintain solution
diversity in high-dimensional objective space. Some SAEAs [24, 43| 5] need to investigate proper
parametric strategies to generate reference vectors or divide objective space into subspaces. Recently,
a family of classification-based SAEAs [31, [17] attempted to use a single surrogate to learn pairwise
dominance relations. However, the training with pairwise relations implies an exponential increase in
the size of training dataset. Therefore, a natural question is that whether we can reduce the cost of
maintaining many surrogates without increasing the cost of training a single surrogate. Furthermore,
whether we can use an non-parametric diversity maintenance strategy to handle the objective space of
MOOPs, instead of designing complex reference vectors or points?

In this paper, we propose a different way to implement surrogate-assisted evolutionary optimization
for expensive MOOPs, named LORA-MOO, where a single surrogate is developed to learn ordinal
relations for convergence purpose, and several angular surrogates are generated from spherical
coordinates to maintain diversity. Our major contributions are summarized as follows:

e We develop a novel ordinal-regression-based model to approximate the ordinal landscape of
expensive MOOPs. Our ordinal surrogate is able to handle many objectives simultaneously
and assist MOO algorithms to complete the model-based search. Artificial ordinal relations
are generated via a clustering method to improve the learning quality of ordinal relations for
many objectives. Unlike the pairwise relations learned through classification, the ordinal
relations would not increase the size of training dataset, hence high efficiency.

e We introduce the idea of spherical coordinates approximation into surrogate-assisted evo-
lutionary optimization and proposed LORA-MOO to solve expensive MOOPs. Different
from existing SAEAs which learn approximation models from Cartesian coordinates, we fit
several regression-based surrogates to approximate angular coordinates, while our ordinal
surrogate can be treated as a radial coordinate. An non-parametric approach is developed to
select diverse solutions for expensive evaluations via our angular coordinate surrogates.

e Extensive experiments on benchmark and real-world optimization problems are conducted
under a range of scales and numbers of objectives. Empirical results show that our LORA-
MOOQO is effective. It is able to obtain a well-distributed solution set that outperforms the
state-of-the-arts.

2 Related Work

2.1 Multi-/Many-Objective Surrogate-Assisted Evolutionary Algorithms

Regression-based SAEAs. Regression-based SAEAs employ regression-based surrogates such as
Kriging [36}139] to approximate either the objective values of solutions or the objective functions
of expensive problems [22]. To maintain solution diversity, ParEGO [24] employs a Kriging model
to iteratively approximate an aggregate objective function which aggregates all objectives into one
via a set of pre-defined scale vectors. In MOEA/D-EGO [43]], plenty of scale vectors are generated
uniformly to decompose the target MOOP into many single-objective subproblems. K-RVEA [5]] also
designs a set of scale vectors as reference vectors to maintain solution diversity. Similarity or density
estimation is an alternative option for maintaining diversity. For instance, KTA2 [34] estimates the
distribution status of non-dominated solutions by defining a similarity or density indicator.

Classification-based SAEAs. In model-based optimization, the optimization is guided by the relation
between solutions rather than accurate objective values. Therefore, there is a tendency for recently
proposed SAEAS to use classification-based surrogates to learn the relation between solutions directly.
CSEA [31] trains a neural network to justify whether candidate solutions can be dominated by given
reference points or not. -DEA-DP [42] uses two neural networks to predict the Pareto dominance
relation and f-dominance relation between two solutions, respectively. REMO [[17] employs a
neural network to fit a ternary classifier, which is able to learn the dominance relation between
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pairs of solutions. Compared with regression-based SAEAsS, although classification-based SAEAs
take advantage of learning solution relations directly, their drawbacks are also clear: The prediction
of solution relations lacks the information of how solutions are distributed in the objective space,
making it difficult for classification-based SAEAs to maintain solution diversity. In [31}[17], a radial
projection selection approach is adapted to select diverse reference points. However, its effect on
diversity maintenance is limited. In addition, although classification-based SAEAs maintain only one
surrogate, the cost of learning pairwise relations from large datasets is inevitably increased.

SAEAs based on Other Surrogates. HSMEA [15] uses an ensemble of multiple surrogates in the
optimization. In addition, a new category of surrogates, namely ordinal regression surrogate [40] or
level-based classification surrogate [28]], is proposed recently to combine regression-based surrogates
with classification-based surrogates. However, the shortcoming remains the same as these surrogates
lack the information of solution distribution, especially when the number of objectives is large.

2.2 Multi-Objective Bayesian Optimization

MOBO. Bayesian Optimization (BO) [35} 18] is also a typical model-based optimization method
for expensive optimization, while multi-objective BO (MOBO) methods are designed for expensive
MOOPs [[7, 18,127, [1]. Some MOBO generalizes the acquisition functions such as upper confidence
bound (UCB) [46]], expected improvement (EI) [[14], Thompson sampling [3]], to solve expensive
MOOPs. In addition, entropy search methods have also been employed in MOBO [2} [37]. To
maintain solution diversity, the EI of a multi-objective performance indicator, Hypervolume (HV)
[45]], was used as the acquisition function in recent MOBO [6l [27]]. Based on the Hypervolume
improvement (HVI), PSL [27] proposes a learning method to approximate the whole Pareto set for
MOBO, and PDBO [1] automatically selects the best acquisition function for objective functions
in each iteration. However, the time complexity of computing HV increases exponentially with the
number of objectives, which may limit the application of MOBO methods on optimization problems
with many objectives.

Connection to SAEAs. Both SAEAs and MOBO are model-based optimization methods. A SAEA
is also a MOBO if it uses probability models as surrogates, and a MOBO is also a SAEA if it searches
candidate solutions with evolutionary search algorithms. Therefore, some model-based optimization
methods belong to both SAEAs and MOBO [24, 14 143].

3 LORA-MOQO: Optimization via Learning Ordinal Relations and Angles

This section first introduces the LORA-MOO framework, followed by detailed algorithm descriptions.

3.1 LORA-MOO Framework
The pseudocode of LORA-MOO is depicted in Alg. [T} it consists of four phases:

1. Initialization: An initial dataset of size 11D - 1 (As suggested in the literature [24]]) are
sampled from the decision space using the Latin hypercube sampling (LHS) [30]] (line 1),
where D is the dimensionality of decision variables. The sampled solutions are evaluated on
objective functions f and then saved in an archive S 4 (line 2).

2. Surrogate modeling: For all solutions € S 4, quantify their ordinal values (line 4) and
calculate their angular coordinates (line 9). The set of ordinal values S, is used to train
the ordinal surrogate h,, (line 5). The angular coordinates are used to fit M — 1 angular
surrogates h,; separately (line 10).

3. Sampling (Search and Selection): Run an optimizer on surrogate h,, to generate a population
of candidate solutions P (line 6). Select optimal candidate solutions 7, x5 from P based
on surrogates h,, hq;, respectively (lines 7 and 11).

4. Update: Evaluate new optimal candidate solutions &7, 5 on expensive objective functions
f, update archive S5 and the number of used function evaluations F'E (lines 8 and 12). The
algorithm will go to phase 2 until the evaluation budget F'E,,, . has run out.
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Algorithm 1 LORA-MOO framework

Input: M objective functions of the optimization problem f(x) = (fi(x), ..., fum(x));
Evaluation budget: The number of allowed function evaluations F' E,, 4.
Procedure:

1: Sample a set of solutions {x1, ..., x11p—1} and evaluate them on f.
2: Save all evaluated solutions (x, f(x)) in an archive S4. Set the number of used function
evaluations F'/E = |S4].
while FE < FE, .. do
Ordinal training set S, < Quantify ordinal values for all x; € S4 (Alg. [2).
Ordinal surrogate h, < Train Kriging(Sa4, S,).
Population of candidate solutions P < Run an optimizer on h,, (Alg. [3).
x] <+ Use the ordinal surrogate to select a solution from P by convergence criterion.
Evaluate x] and update Sy = S4 U {(x7, f(x}))}, FE = FE + 1.
9:  Angular training set S, < Calculate angular coordinates for all ; € S4.
10:  M-1 angular surrogates h,; < Train Kriging (S4,S,),i=1,...,M — 1.
11: a3 < Use angular surrogates to select a solution from P by diversity criterion (Alg. ).
12:  Evaluate 3 and update Sy = Sa U {(z3, f(x3))}, FE = FE + 1.
13: end while

Output: Non-dominated solutions in archive S 4.

A A

3.2 Surrogate Modeling

The ordinal surrogate h,, is mainly trained on dominance-based ordinal relations, additional clustering-
based artificial ordinal relations will be introduced for training if the number of objectives M is
large. In addition, for an M -objective problem, M -1 angular surrogates h,; are trained on angular
coordinates. These surrogates are used in the selection procedure for solution diversity but are idle in
the search procedure.

3.2.1 Learning dominance-based ordinal relations.

In LORA-MOO, the concept of ordinal regression [40] is adapted to learn dominance-based ordinal
relations. Clearly, the dominance-based ordinal relation between a set of reference points Sgpp and a
given solution z is quantified as a relation value. Such a relation value is a numerical value that used
for training the ordinal-regression surrogate h,. The quantification of relation values consists of two
steps: The selection of reference points Sgp and the computation of relation values.

Selection of Reference Points. We propose the definition of A-dominance relationship to simplify
the selection of reference points.

Definition 1. (A-Dominance Relationship)
A solution ' is said to A-dominate another solution x° (denoted by ' < x2) if and only if:

g (@) < gr(2?), (D
where A > 0 is the dominance coefficient and g is a smooth objective function defined as:
fi(x) — 2}
fin(x) = %7 2)
|z — 27|
g)\,i(w) = fzn(w) + )\mCLLU(f]n(IL')),] S {17 e 7M}a (3)
where f;,, denotes a normalized objective function, z* = {z},..., 2%, }, 2" = {zpad  ynad

are ideal point and nadir point for the current non-dominated solutions, respectively.

More detailed definitions about the background of MOO are available in Appendix [Al All non-\-
dominated solutions in S4 are selected as reference points Spp. There are two reasons to introduce
the definition of A-dominance:

e The A\-dominance can smoothen the original PF by excluding dominance resistant solutions
(DRSs) [16}138]]. DRSs are solutions that are best or close to best on one or several objectives
but extremely poor on at least one of the remaining objectives. Such a solution is apparently
not desirable but may be regarded as one of the best solutions since there may not exist any
other solutions dominating it in the solution set.
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e Second, A\-dominance can eliminate some similar non-dominated solutions from the Pareto
set, which can be used to adjust the size of Pareto set. When the number of objectives M
is large, it is possible that a majority of past evaluated samples are non-dominated to each
other. To balance the number of reference points and remaining samples, we introduce the
dominance coefficient A to sightly reduce the ratio of reference points in S4. This alleviates
the situation of extreme imbalance of samples in different ordinal levels (see the division of
ordinal levels below).

Computation of Relation Values. To quantify ordinal relation values, we first calculate extension
coefficients ec(x) for each © € Sy4. ec(x) is defined as the minimal coefficient ec > 1 to make a
solution & non-A-dominated to all solutions &’ in the extended reference:

ec(x) = arg m;r% Px’ € Spp : (z' x ec) <y x. 4)

Although extension coefficient ec(x) quantifies the distance between a solution & and reference Sgp,
it has not been used to train the ordinal regression-based surrogate directly. To generate a stable
ordinal regression-based surrogate, solutions in S4 are divided into N, = maz(n,, |Sal/|Srp|)
ordinal levels, where n, is a pre-defined parameter denoting the minimal number of ordinal levels.
The solutions in Sgp are classified into the non-dominated ordinal level, thus the relation value v, =
1.0 is assigned to them. Remaining solutions in S 4 are sorted by their extension coefficients ec(x)
and then divided into N,-1 ordinal levels uniformly. The relation value v; = 1 — ]\1,;11 will be
assigned to the solutions z in the i*” ordinal level. Lastly, relation values serve as radial coordinates
and a Kriging model is employed to approximate them.

3.2.2 Artificial clustering-based ordinal relations.

When the number of objectives M is large, most evaluated solutions in archive S4 could be non-
dominated solutions, indicating that these solutions will be divided into the same non-dominated
ordinal level and thus treated as reference points Sgp. This is harmful to the ordinal surrogate
modeling due to the extreme imbalance between the numbers of training samples in different ordinal
levels. To reduce the ratio of Sgp, we use a clustering method to generate n_clusters clusters
for Spp, where n_clusters is the half of the size of Sgp. All solutions @ € Srp are mapped to
the closest cluster centers. The solutions with the shortest projection on each cluster center will be
selected as the new Sgp, while the remaining solutions will be moved to the next ordinal level. Such
artificial ordinal relations greatly reduce the ratio of Sgp in S4. In LORA-MOO, we set a ratio
threshold rp_ratio for Sgp, once the ratio of Sgp is larger than rp_ratio, artificial ordinal relations
will be generated for surrogate modeling. Details are available in Appendix [C} Alg. [2]and Fig. [3]

3.2.3 Surrogates for Angular Coordinates.

Given a solution x € S4 with Cartesian coordinates (f1(x), ..., fas(x)), The angular coordinates
of solution « are transformed with the following rules:

P = arccos filz) — = i=1,...,M—1, 5

Vfile) =22+ + (fu(x) — 23)?

where z* is the ideal point. The resulting angular coordinates (1, ..., @a—1) are used to fit M — 1
regression-based surrogates separately. In LORA-MOO, we use the Kriging model to approximate
angular coordinates. The introduction and usage of Kriging model is given in Appendix [B]

3.3 Sampling: Search and Selection

In this subsection, we describe how to use surrogate h, to search for candidate solutions and how to
use surrogates h, and h,; to select optimal ones from candidate solutions for expensive evaluations.

3.3.1 Search: Generation of Candidate Solutions.

An advantage of LORA-MOQO is that it searches for candidate solutions on ordinal surrogate h,
only, leaving all angular surrogates h,; idle in this search procedure. This saves a lot of time from
predicting with all surrogates. LORA-MOO employs an optimizer (e.g. PSO [[13]]) to generate a
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population of candidate solutions P (Detailed pseudo-code is available in Appendix [C| Alg. [3). The
initial population for optimization search consists of two parts. The first half initial solutions are
generated randomly from the decision space, while the remaining initial solutions are mutants of
current reference points Srp. To ensure the diversity of initial candidate solutions, a KNN clustering
method is applied to divide Sgp into several different clusters, from each cluster, an equal number of
mutants are generated as initial candidate solutions. The global optimal population P produced by
PSO is the candidate solutions for further environmental selection.

3.3.2 Selection Criteria.

To take both convergence and diversity into consideration, in each iteration, LORA-MOO selects two
optimal candidate solutions x7, x5 from P for objective function evaluations. x7, x5 are sampled on
the basis of convergence and diversity, respectively.

Convergence Criterion for environmental selection is the expected improvement (EI) [14] of ordinal
values, which is similar to many MOBO methods [24}43]]. Since the output of our ordinal surrogate
ho(x) is an 1-D numerical value, the solution with maximal 1-D El in P is selected as 7.
Diversity Criterion to sample x5 from P is defined as angles d,,, between candidate solutions
and reference points Sgp. Firstly, the minimal degree between each candidate solution and Sgp is
measured. Among these minimal degrees mdg4, the solution with max(mdgy) is selected as x3
(Detailed pseudo-code is available in Appendix [C| Alg. [).

4 Experiments

To evaluate the optimization performance of LORA-MOO on expensive MOOPs, we conduct
experiments to compare LORA-MOO with other SAEAs on different MOOPs, including a series
of scalable multi-/many-objective benchmark optimization problems DTLZ [11], WFG [19], and a
real-world network architecture search (NAS) problem.

4.1 Experimental Setups

Optimization Problem Setup. To ensure a fair comparison, the following optimization problem
setup is the same as the setup that has been widely used in the literature [5| 31} 134, [17]. In our
experiments, initial datasets of size F'F;,,;; = 11 D - 1 are used to initialize surrogates, while the
maximum number of allowed evaluations F'E,,,,. is 300. The statistical results are obtained from 30
independent runs. For each run, different comparison algorithms share the same initial dataset.

Comparison Algorithms. We compare LORA-MOO with 6 state-of-the-art SAEAs, some of them
also known as MOBO methods. These comparison algorithms can be classified into three categories:

e Regression-based MOO methods: ParEGO [24], K-RVEA [5], and KTA2 [34]]. ParEGO is a
classic regression-based SAEA and also a MOBO, which serves as a baseline. K-RVEA is a
typical SAEA which uses reference vector to guide the diversity maintenance. KTA2 is a
newly proposed algorithm to use an independent archive to keep solution diversity.

e Classification-based MOO methods: CSEA [31l], REMO [[17]. CSEA is a classic
classification-based SAEA which serves as a baseline. REMO is a newly proposed SAEA
which represents the state-of-the-art performance of classification-based SAEAs.

e Ordinal-regression-based MOO method: OREA [40] is a new category of SAEA that is
different from common regression-based and classification-based SAEAs. We compare with
it since it is directly related to our radial surrogate.

Note that some classic SAEAs and MOBO methods such as MOEA/D-EGO [43]] and CPS-MOEA
[44] are not compared in our experiments as they failed to outperform other comparison algorithms
on any DTLZ problem [17]]. Some HV-based MOBO methods are not compared as they are failed to
solve many objectives.

Parameter Setup. For the surrogate modeling, the Kriging models used in all comparison algorithms
are implemented using DACE [32], just as [24]] suggested. For regression-based Kriging surrogates,
the range of hyper-parameter 6 € [10~°,100]. And for the neural networks in CSEA and REMO, the
parameters are the same as suggested in the literature. In the sampling strategy, the mutation operator
used to initialize candidate solutions is polynomial mutation [9], the mutation probability p,, = 1/d
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Figure 1: IGD curves averaged over 15 runs on the WFGS5 problem instances for LORA-MOO with
different parameter setups (shaded area is 4 std of the mean).

and mutation index 7,,, = 20, as recommended in [34}[17]. The size of offspring population is 100.
The settings of the PSO optimizer are the range of hyper-parameter in the ordinal-regression-based
surrogate are the same as suggested in [40].

For the specific parameters exist in LORA-MOO, such as the dominance coefficient A\ and the
threshold ratio of reference points to introduce clustering-based ordinal relations rp_ratio. As there
is no relevant study in the literature for their setups, we conducted ablation studies to investigate
the effect of these parameters on the performance of LORA-MOO. The results are summarized in
Section |4.2|and reported in Appendix |F} The source code of LORA-MOO E] will be available online.

Performance Indicator. To have a comprehensive estimation of optimization performance, we use
three different performance indicators in our experiments: The inverted generational distance (IGD)
[4], the inverted generational distance plus IGD+) [20], and the Hypervolume (HV) [45]. IGD and
IGD+ use a set of truth Pareto front to measure the quality of a set of non-dominated solutions in
terms of convergence and diversity. A smaller IGD or IGD+ value indicates better MOO performance.
HYV use a reference point to calculate the area covered by a set of non-dominated solutions, a large
HYV value is preferable to MOO. See Appendix D] for details and setups about performance indicators.

4.2 Ablation Studies

We conduct ablation studies on DTLZ and WFG benchmark problems with D = 10 variables and
M={3, 6, 10} objectives. LHS [30]] is used to sample initial dataset. The effects of four parameters
are investigated: They are the minimal number of ordinal levels n,, the dominance coefficient A, the
ratio threshold of reference points rp_ratio, and the clustering number for reproduction n.. Three
representative results obtained on the WFGS5 problem with 3 and 10 objectives are depicted in Fig. [I]
Complete results and statistical analysis of ablation studies are reported in Appendix [F|

As shown in Fig. [T] (left), when M = 10, a large n,, results in poor optimization performance. This is
because the ratio of non-dominated solutions in the archive tends to be large when M is large, hence,
setting a large n,, will lead to a lack of training samples in each dominated ordinal levels, which is
detrimental to the performance of surrogate modeling. As such, n, in LORA-MOQO is set to 4.

The result in Fig. [T] (middle) shows that using A\-dominance to sightly modify the original dominance
relations is beneficial to the effectiveness of LORA-MOO. When A = 0, no A-dominance would be
used and the corresponding LORA-MOQO variant has the worst performance among all the variants. In
addition, setting a large A could cause severe damage to the original dominance relations. Therefore,
we set A to 0.2.

The effect of introducing artificial ordinal relations via clustering is demonstrated in Fig. |1| (right).
When the ratio threshold of reference points rp_ratio is 1 and M = 10, no artificial ordinal relations
are introduced to further divide ordinal levels for plenty of non-dominated solutions in the archive.
Consequently, the imbalance of sample numbers in different ordinal levels leads to poor optimization
performance. However, dominance relations are preferable to artificial ordinal relations when M =3
and the size of ordinal levels are well balanced. Hence, we set rp_ratio = 0.5.

4.3 Optimization on Benchmark Problems

The optimization performance of LORA-MOQO is evaluated on DTLZ and WFG benchmark problems
with D = 10 variables and M={3, 4, 6, 8, 10} objectives. The IGD values obtained on DTLZ

2The link of code and data will be released here once the paper is accepted.
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Table 1: Statistical results of the IGD value obtained by the comparison algorithms on the 35 DTLZ
optimization problems over 30 runs. Symbols ‘+’, ‘x’, ‘=’ denote LORA-MOO is statistically
significantly superior to, equivalent to, and inferior to the compared algorithms in the Wilcoxon rank
sum test (significance level is 0.05), respectively. The last three rows are the total win/tie/loss results

on DTLZ, WFG, and both of them, respectively.

Problems M ParEGO KRVEA KTA2 CSEA REMO OREA CORA-MOO (ours)
DTLZI 3 598c+1(3.81c+0)F B.88c+1(216e+1)+ 4.75c+1(1.55c+ )~  6.30e+1(1.69e+ 1)+ 5.06e+1(1.49e+ 1)+ 444c+1(1.38c+ D~ 4.35¢+1(1.80c+1)
4 4.68e+1(3.71e+0)+  6.45e+1(147e+1)+  4.08e+1(1.60e+1)~  3.69%+1(1.08e+1)x~  3.92e+1(1.11e+l)~  3.80e+1(1.23e+1)~  4.06e+1(1.34e+1)
6 3.04c+1(2.74e+0)+  3.22e+1(7.66e+0)+  2.03e+1(8.12e+40)+  1.56e+1(4.96e+0)x  1.22e+1(4.65¢40)—  1.74e+1(3.98¢+0)~  1.58e+1(6.17¢+0)
8 1.23e+1(2.99¢+0)+  8.52c+0(2.97c+0)+  4.54c+0(2.66c+0)~  5.08c+0(247c+0)x~  3.33c+0(1.93c+0)x  5.87c+0(2.91e+0)+  3.83¢+0(2.35¢+0)
10 437e-1(1.63e-D+  3.32e-109.91e2)+  3.00e-1(8.76e-D+  290e-1(7.13¢-D+  242-1(697e-2)x  2.58e-1(633e-2)x~  2.3le-1(3.8%-2)
DTLZ2 3 338e- 12840+ 132127762+  6.17e2(3.13e3)~  226e- 12612+  1.65c-1(2.18¢-2)F  8.59¢2(851c-3)+  6.19¢-2(3.48¢-3)
4 42312792+ 2.06e-12.95¢2)+  14le-1(545¢3)~  292e-1(1.89e-2)+  243e-1(233¢-2)+  1.83e-1(137e-2)+  1.38¢-1(9.86¢-3)
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problems with different A are reported in Table[T} It shows that LORA-MOO achieves the best
optimization results among all the comparison algorithms in terms of IGD values, followed by KTA2
and KRVEA. The IGD values obtained on the WFG problems, the IGD+ and HV results, and the
results obtained under different scales (D=5 or 20) are reported in Appendix [H] A consistent result
can be concluded from the IGD+ and HV values. The results on the 3- and 10-objective problems are
plotted in Fig. 2]
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Figure 2: IGD(log) curves averaged over 30 runs on the DTLZ problems for the comparison
algorithms (shaded area is £ std of the mean). Top: 10 variables and 3 objectives. Bottom: 10
variables and 10 objectives. More figures are displayed in Appendices @ and El
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4.4 Real-World Network Architecture Search Problem

Further comparison is conducted on a real-world network architecture search (NAS) problem, the
best three algorithms listed in Table[I]are compared: LORA-MOO, KTA2, and KRVEA. The NAS
problem tested is the NASbench201 implemented in EvoXBench [29]], it has 6 variables and 5
objectives. Details of this NAS problem is provided in Appendix [E| Considering NASbench201
is a real-world application and we do not know its exact PF, we use HV to evaluate optimization
performance since HV can be calculated without the exact PF. In practice, log(H Vgr) is employed
to amplify the visual difference of the obtained HV values:

log(H Vgigr) = log(HVipax — HV)
where H Vi, is the maximal HV value on this problem that is provided in EvoXBench.

Fig. [3| plots the result. As can be seen in -1  vEA
the figure, LORA-MOO outperforms KTA2 KTA2
and KRVEA on this NAS problem. Although —— LORAMOO
KTA2 and KRVEA have quicker convergence
rate than LORA-MOQO at the beginning of the
optimization, both of them slow down their
convergence speed as the number of evalua-
tions increases. Particularly, KTA?2 is trapped
on local optima and thus fails to reach better
results. In comparison, LORA-MOO reaches o0 % 200 %0 3%
better NAS results when the evaluation num- Evaluations

ber is larger than 250. Figure 3: Log(H Vgs) curves averaged over 30 runs
on the NAS problem for the comparison algorithms.

| | |
IS w ~
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4.5 Runtime Comparison

We compare the runtime on benchmark problems for all the comparison algorithms to in-
vestigate the relation between their optimization efficiency and the number of objectives M.

Fig. []illustrates how the runtime of each
comparison algorithm varies as the M in-

3.01
creases. It can be observed that the runtime o
of KTA2 increases exactly in the same rate as £ 254
M increases. In comparison, the runtime of é oy
LORA-MOO increases slightly when M in- °
creases. This demonstrates that using angular N5+
surrogates only at the end of environmental £
selection process is beneficial to the optimiza- zB 1.01

o
wn

tion efficiency of LORA-MOO. In addition,
the runtimes of ParEGO, CSEA, REMO, and
OREA do not increase significantly with A/ 00 oGO KRVEA KTA2  CSEA REMO  OREALORAMOO
since they do not maintain specific surrogates
to manage the diversity of non-dominated so-

Figure 4: Comparison of runtime averaged over
lutions. Consequently, their overall perfor- 50 runs on benchmark problems [ = 10 variables
mance reported in Table [T]is not desirable. ~ and A/ = 3,4, 6,8, and 10 objectives for the com-

Overall, LORA-MOO finds a good trade-off parison algorithms. For each algorithm, its run-
between optimization efficiency and optimiza- times are normalized by the runtime it costed on
tion results. 3-objective problems.

5 Conclusion

In this paper, we propose an efficient MOO method, LORA-MOO, to solve expensive MOOPs.
Different from existing surrogate modeling approaches, our LORA-MOQO learns surrogate models
from ordinal relations and spherical coordinates. Only one ordinal surrogate is used in the model-
based search, which hugely improve the efficiency of optimization. Our empirical studies have
demonstrated that our LORA-MOO significantly outperforms other state-of-the-art efficient MOO
methods, including SAEAs and MOBO methods.
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A Background of Many-Objective Optimization

We consider minimization problems and many-objective optimization problems (MOOPs) can be
formulated as follows:

Definition 2. (Expensive Many-Objective Optimization Problem)
Given M expensive objective functions f1, ..., far and an evaluation budget F E,, ., obtain the
Fareto set for the following many-objective optimization problem:

argminf(w) = (fl(w)7 sy fM(w))
zeX
where X C RP is the decision space of the problem.

The Pareto set is defined through the following definitions: Pareto set and Pareto front are defined as
follows:

Definition 3. Pareto dominance:
A solution ' is said to dominate another solution x* (denoted by ' < x2) if and only if:
Vk € {13 2; ceey M} : fk(xl) < fk($2)/\

dk € {1, 2,..., M} : fk(azl) < fk(ZBQ)
Definition 4. Non-dominated solution:
A non-dominated solution x* in the decision space X is a solution that cannot be dominated by any
other solutions in X :
dreX . x<a*

Definition 5. Pareto set:
Pareto set Sy is the set of all non-dominated solutions in the decision space X :
Sps={x* e X|fre Xz < z*}

Definition 6. Pareto front:
Pareto front Sy is the corresponding unique set of the Pareto set in the objective space:

Spr = {f(@)|z € Sps}

B Kriging Model

Kriging model, also known as Gaussian process model [23] or design and analysis of computer
experiments (DACE) model [32], is a stochastic process model used to approximate an unknown
objective function. LORA-MOO uses Kriging models to implement angular surrogates and the radial
surrogate, to avoid potential confusion and help the understanding of our algorithm, the working
mechanism of the Kriging model is described below.

A common way to approximate an unknown objective function with n observations is linear regression:

N
y(x') = Bufula’) + ¢, 6)
k=1
where x is the 7*" sample point observed from the objective function. f(x?), 3y are a linear or

nonlinear function of =’ and its coefficient, respectively. N is the number of functions f(x). €’ is an
independent error term, which is normally distributed with mean zero and variance 2.

However, a stochastic process model such as Kriging does not assume that the error terms € are
independent. Hence, an error term ¢’ is rewritten as €(x*). Moreover, these error terms are assumed
to be related or correlated to each other. The correlation between two error terms €(z?) and e(z?) is
inversely proportional to the distance between the corresponding points [23]]. The correlation function
in the Kriging model is defined as:

Corr(e(x"), e(z?)) = exp[—dis(z', z?)], (7)

where the distance between two points 2’ and / are measured using the special weighted distance
formula shown below:

D
dis(z', 7)) = Oila} — xp |, ®)
k=1
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where D is the number of decision variables, § € RZ and p € [1,2]” are parameters of the Kriging
model. It can be seen from Eq. that the correlation is ranged within (0, 1] and is increasing as the
distance between two points decreases. Particularly, in Eq.(8), the parameter ), can be explained as
the importance of the decision variable z, and the parameter pj, can be interpreted as the smoothness

of the correlation function in the k" coordinate direction.

Due to the effectiveness of correlation modelling, the regression model in Eq.(6)) can be simplified
without degrading modelling performance [23]]. Clearly, all regression terms are replaced with a
constant term, thus the Kriging regression model can be rewritten as follows:

y(a') = p+ e(@’), ©))
where 1 is the mean of this stochastic process, €(z?) ~ N(0, 02).

B.1 Training the Kriging model

To train the Kriging model and estimate the parameters 6, p in Eq., the following likelihood
function is maximised:

1 expl— (y —10)"R™(y — 1)
(2m)/2(o2)n/2[R|1/2 <P 202
where |R| is the determinant of the correlation matrix, each element in the matrix is obtained using

Eq.(7). y is the n-dimensional vector of dependent variables that observed from the objective function.
The mean value x and variance o2 in Eq. and Eq. can be estimated by:

I, (10)

17R 1y
f= 2 11
7 TR1 (11)
L1 . _ .
&= g(y—lu)TR Yy — 14). (12)

B.2 Prediction with the Kriging model

For a new solution «*, the Kriging model predicts the approximation of §j(x*) and the uncertainty
32(x*) as follows:

g(z*) = i+ R (y — 1), (13)

#(z*)=6°(1-rR'r), (14)
where r is a n-dimensional vector of correlations between e(x*) and the error terms at the training
data, which can be calculated via Eq..

Further details and a comprehensive description of the Kriging model and Gaussian Process can be
found in [39]]. In this paper, all regression-based Kriging models have 8 € [10~°,100]7, p = 27.

C Additional Description of LORA-MOO
This section describes LORA-MOO with more details.

C.1 Quantification of Ordinal Relations

In order to learn the ordinal landscape of MOOPs, we need to quantify the ordinal relations between
solutions into numerical values. Alg. illustrates the pseudocode of quantifying ordinal relationﬂ
it describes line 4 in Alg. [T]of the main file. It can be seen that Alg. [2]is mainly working on the
quantification of dominance-based ordinal relations. Artificial ordinal relations will not be added
unless the ratio of reference points is larger than ratio threshold rp,.q4;, (line 5).

An illustration of artificial clustering-based ordinal relations is given in Fig. [5] By using clustering
methods, artificial ordinal relations are generated for training ordinal regression surrogates. Picking
one solution from each cluster ensures the diversity of non-dominated solutions in the first ordinal
level L. Meanwhile, the selection within each cluster is based on the projection length on cluster
center, which is beneficial to the convergence of non-dominated solutions.

3Symbol ‘¢« indicates the result of a function, Symbol ‘=" indicates an assignment operation.
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Algorithm 2 Quantify Ordinal Relations for LORA-MOO

Input:
S 4: Archive of evaluated solutions;
rp_ratio: Ratio threshold of reference points in S4;
n,: Minimal number of ordinal levels.

Procedure:

1: Spp < Non-dominated solutions in S4 that are non-A-dominated to any other solution in Sy.
Non-dominated level (The first ordinal level) L < Sgp.

The number of non-dominated ordinal levels n,, 4 = 1.

Ratio of reference points ratio = Srp]

EA
if ratio > rp,aiio then
Npdl = Npdr + 1.
/* Add Artificial |Osrdir‘lal Relations. */
RP

7:  Divide Sgp into =5 clusters via KNN clustering.

8:  For x in each cluster, calculate the projection length of = on the corresponding cluster center.

9:  L; < Solutions x with the shortest projection on each cluster.
|Srp|

AR A

10: Ly < Remaining =5~ solutions in Sgp.

11: end if

12: Calculate extension coefficient ec(z) for all & € S 4.

13: The number of ordinal levels N, = max(n,, %)

14: L; < According to the order of ec(x), uniformly divide solutions € (S4 — Srp) into N, -
Nna levels. 4

15: Ordinal relation value v; = 1 — J\}_jl forx € L;.

QOutput: An ordinal training set S, consisting of ordinal relation values v;.

Y Y

X e X

Figure 5: Illustration of artificial clustering-based ordinal relations. Left: Non-dominated solutions
without artificial ordinal relations. Right: Non-dominated solutions with artificial ordinal relations.
Red solutions are new non-dominated solutions in L1, remaining blue solutions are moved to next
ordinal level Lo. Dash circles are clusters, green vectors are cluster centers.

C.2 Generation of candidate solutions

Algo. [3| gives the pseudocode of generating candidate solutions, it is the implementation of line 6 in
Alg. [T|of the main file. In lines 1-9, a population P, is generated. Since reference points Srp are the
optimal solutions in .S 4 in terms of convergence, a half initial solutions are generated from Srp (lines
2-8). To obtain a diverse subset of Srp, LORA-MOO divides Spp into n. clusters before sampling
solutions (line 2). Once population initialization is completed (line 9), a normal PSO is conducted to
produce candidate solutions (lines 11-16). Please be noted that, although we are solving expensive
MOOPs, only a single ordinal surrogate h, is used in the reproduction process (line 14). This is a
great advantage of LORA-MOO since existing regression-based SAEAs involve all M surrogates in
the reproduction process. Hence, LORA-MOO is more efficient than these regression-based SAEAs.

C.3 Angle-Based Diversity Selection

Alg. [ gives the pseudocode of selecting the second optimal solution % from P via our angle-based
diversity criterion, it is the implementation of line 11 in Alg. |1{ of the main file. This angle-based
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Algorithm 3 Generation of candidate solutions in LORA-MOO
Input:

Srp: Reference points used in the ordinal regression;

ho: Ordinal regression surrogate;

n.: The number of clusters to initialize population P;

| P|: The size of population P;

G maz: The number of generations for reproduction.
Procedure:

1: P, < Randomly sample % solutions from the decision space.

2: Divide Sip into n. clusters via KNN clustering.

3. P.=0.

4: for: = 1ton.do

5. P, < Randomly sample % solutions from 4" cluster.
6:  P.; + Mutation ( P,;). )

T P.=P.UP;.

8: end for

9: Initial population Py = P, U P..
10: ho(Py) < Evaluate P, on ordinal surrogate h,.
11: Global Optimal Population Py;opq; = Po.
12: for i = 1 to G, do
13:  P; < PSO operation on P;_1 and Pyiopar-
14:  ho(P;) « Evaluate P; on ordinal surrogate h,.
15:  Update Pyopq using ho(P;) and ho(Pi—1).
16: end for
Output: A generation of candidate solutions P = Pyjopq.

Algorithm 4 Angle-Based Diversity Selection in LORA-MOO
Input:

Srp: Reference points used in the ordinal regression;

P: Population of candidate solutions;

ha1, - ha(vr—1): M-1 angular surrogates;

Procedure:

1: h(ai)(P) + Evaluate P on angular surrogates h,;,i=1,..., M — 1.
: for j =2to|P|do
3:  x; < The 4" solution in P. /* Assume the first solution in P is selected as =} already. */
4 dang < Calculate the angles between «; and all reference points in Sgp.
5: mdgang < The angle between x; and its nearest reference point.
6
7

[\

. end for
: x5 < The candidate solution in P with maximal md 4.

Output: The second candidate solution 3.

diversity selection does not require extra parameters for generating guidance vectors, it selects the
candidate solution that is mostly deviate from solutions in S p. Note that all angular surrogates are
only used to evaluate one population P during the whole reproduction and environmental selection
procedures. Therefore, although LORA-MOO fits M surrogates in total (one ordinal surrogate and
M-1 angular surrogates), its runtime cost is less than other SAEAs which fit M surrogates from
Cartesian coordinates.

D Details of Performance Indicators Used in Our Experiments

In our experiments, we use IGD [4], IGD+ [20], and HV [45]] to measure the performance of many
objective optimization. Both IGD and IGD+ require a subset of Pareto front as reference points. In
our experiments, the number of IGD/IGD+ reference points is set to 5000 for 3-, 4-, and 6-objective
optimization problems, as widely used in the literature [40]. Considering the large objective space,
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Table 2: The HV reference points for all problems in this work.

Problem Reference Points
DTLZ (1,0,...,1.0) e RM
WFG (1,0, ..., 1.0) e RM

NASBench201 | (1.0, 1.0, 1.0, 1.0, 1.0)

we set the number of IGD/IGD+ reference points to 10000 for 8- and 10-objective optimization
problems to achieve a more accurate estimation of optimization performance. The method proposed
in [25] is employed to generate well-distributed IGD/IGD+ reference points.

In comparison, the calculation of HV values does not require a subset of Pareto front as reference

points. For a set of non-dominated solutions, its HV is the volume in the objective space it dominates

from the set to a single reference point. Table [2]lists the reference point used for calculating HV

values. All HV values are calculated using the reference point and the normalized solutions. A

solution « is normalize by the upper bound and lower bound of Pareto front:
x—1 bp f

_ 15
ubpf —lbpf7 ( )

where uby, ¢, lb, ¢ are the upper bound and lower bound of Pareto front, respectively.

E Details of the NASbench201 Problem

NASbench201 [[12] are discrete optimization problems that aim to identify the optimal architecture
for neural networks. The search space is defined by a cell with 4 nodes inside, forming a directed
acyclic graph as illustrated in Fig. [6| The decision variables are 6 edges, each edge is associated

——> zeroize

M - skip-connect
» 1x1 convolution

3x3 convolution

@ — 3x3 average pool

Figure 6: Diagram of a network architecture in NASbench201.

with an operation selected from a predefined operation set {zeroize, skip-connect, 1x1 convolution,
3x3 convolution, 3x3 average pool}. Therefore, a network architecture can be encoded into a 6-
dimensional decision vector with 5 discrete numbers. In total, there are 56=15,625 different candidates
for neural architecture search.

The optimization objectives in NASbench201 varies in different optimization problems. In this
paper, our NASbench201 problem consider 5 objectives, including the accuracy in CI-FAR10 dataset,
groundtruth floating point operations (FLOPs), the number of parameters, latency, and energy cost.
All these objectives are normalized to [0, 1] in the optimization. The optimization problem can be
formulated as

F(.’E) = {facc(m)a fFLOPs (w)a fpuram ($)7 flutency(m)a fenergy(w)}a (16)

where decision vector x € {0, 1,2, 3,4}6.

F Complete Results of Ablation Studies

In this section, we report complete results of our ablation studies that are not displayed in the main
paper. We conduct four ablation studies to investigate the effect of the following four parameters on
the optimization performance of LORA-MOO.

1. n,: The minimal number of ordinal levels. A parameter in the modeling of our ordinal-
regression-based surrogate h,,.
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2. A: The dominance coefficient. A parameter in the modeling of our ordinal-regression-based
surrogate h,,.

3. TPratio: The ratio threshold of reference points Spp. A parameter to determine whether to
introduce artificial ordinal relations via clustering.

4. n.: The number of clusters generated from reference points Srp to initialize PSO population.
A parameter in the generation of candidate solutions.

Setup of Ablation Studies. Our ablation studies are conducted on 7 DTLZ and 9 WFG benchmark
optimization problems. These benchmark problems have different features, such as unimodal, multi-
modal, scaled, degenerated, and discontinuous. Therefore, the effect of four parameters can be
investigated comprehensively. Considering our paper focuses on many-objective optimization instead
of scalable optimization, we are interested in the optimization performance under different numbers
of objectives M rather than the performance under different numbers of decision variables D. Hence,
we set D = 10 for all benchmark optimization problems, as suggested in literature [15, (31} 34, [17]. In
comparison, we set M = {3, 6,10} to observe the optimization performance with different objectives.
Other setups are the same as described in Section[4.T]of the main file.

F.1 Influence of Minimal Number of Ordinal Levels n,,.

This subsection investigates the influence of minimal number of ordinal levels n,, on the optimization
performance. We set n, = {10, 8, 6, 4, 3} to generate five LORA-MOQ variants. For all variants, in
this ablation study, we tentatively set A = 0.2, 7p,qti0 = 2/3, n. =5 for a fair comparison. The IGD+
values obtained by five LORA-MOO variants with different n,, are reported in Table

In the last five rows of Table 3] the summary of statistical test results shows that n, = 4 is the optimal
parameter setup for LORA-MOO, because it is the only variant that is significantly superior to or
equivalent to all other variants. In comparison, the LORA-MOO variant with n,, = 10, 8, 6, 3 are
significantly inferior to other 4, 1, 1, 2 LORA-MOO variants, respectively.

F.2 Influence of Dominance Coefficient \.

In this subsection, we analyze the influence of A-dominance coefficient A on the optimization
performance. We set A = {0, 0.1, 0.2, 0.3} to generate four LORA-MOO variants. As determined in
the previous ablation study, we set n,, = 4 for all variants. The remaining two parameters 7p,q.;, and
n. are set to 2/3 and 5, respectively. The IGD+ values obtained by four LORA-MOQO variants with
different \ are reported in Table

The last four rows of Table 4] shows that A = 0.2 is the optimal parameter setup for LORA-MOO.
The variant of A = 0.2 is significantly superior to both the variants of A = 0 and A = 0.1, and it is
equivalent to the variant of A = 0.3. We note that the variant of A = 0.3 is also significantly superior
to both the variants of A =0 and )\ = 0.1. However, this variant wins/ties/losses 30/105/9 statistical
tests in total, while the variant of X\ = 0.2 wins/ties/losses 32/109/3 statistical tests in total. Therefore,
setting A = 0.2 is preferable to setting A = 0.3.

Note that all other LORA-MOO variants outperform the variant of A = 0, this implies that excluding
some samples from the set of non-dominated solutions is beneficial to the performance of ordinal
regression. The effectiveness of using our A-dominance approach in LORA-MOO is demonstrated.

F.3 Influence of Ratio Threshold rp, ;0.

In this subsection, we investigate the influence of ratio threshold rp,.4:;, On the optimization perfor-
mance. 7Prqtio 1 the threshold to determine when to add artificial ordinal relations for the training
of ordinal surrogate h,. We set mp,qti0 = {1, 2/3, 1/2, 1/3} to generate four LORA-MOO variants.
For all variants, we set n,,, A to 4, 0.2, respectively, which are consistent with our conclusions in
previous ablation studies. Parameter n. is tentatively set to 5. The IGD+ values obtained by four
LORA-MOO variants with different rp,.,+;, are reported in Table E} It should be noted that, when the
number of objectives M = 3, the results of rp,.1;, = 1 are the same as the results of 7,40 = 2/3,
because the ratio of reference points in archive S 4 is always lower than 2/3. Consequently, when M
= 3, setting ratio threshold rp,q;, to either 1 or 2/3 makes no difference to the optimization process
of LORA-MOQO. Similarly, the results of rp;,.4t;0 = 1/3 on some problems are the same as the results
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Table 3: Statistical results of the IGD+ value obtained by LORA-MOO with different n, on 48
benchmark optimization problems over 15 runs. The last five rows count the total results of Wilcoxon
rank sum tests (significance level is 0.05). ‘+’, ‘~’, and ‘—’ denote the corresponding LORA-MOO
variant is statistically significantly superior to, almost equivalent to, and inferior to the compared
variants in Wilcoxon tests, respectively.

Problems M n,=10 ne=8 n,=6 ne=4 ne=3
DTLZI 3 4.63e+1(1.60e+1) 4.64e+1(1.23e+1) 5.61e+1(2.04e+1) 4.84e+1(1.34e+1) 4.58e+1(1.85e+1)
6 1.35e+1(7.10e+0)  1.77e+1(5.08e+0) 1.87e+1(6.85e+0) 1.64e+1(3.24e+0) 1.50e+1(7.84e+0)
10 1.56e-1(3.58¢-2)  1.60e-1(3.60e-2)  1.63e-1(6.95¢-2)  1.60e-1(2.67e-2) 1.63e-1(3.51e-2)
DTLZ2 3 4.50e-2(3.90e-3)  4.54¢-2(4.16e-3)  4.38e-2(2.61e-3)  4.45e-2(4.72¢-3)  4.39¢-2(3.88e-3)
6 2.67e-1(1.47e-2)  2.73e-1(1.93e-2)  2.64e-1(1.67e-2)  2.57e-1(1.91e-2)  2.51e-1(2.20e-2)
10 3.0de-1(1.55e-2)  2.97e-1(1.63e-2)  2.94e-1(1.24e-2)  3.00e-1(1.31e-2)  3.1le-1(1.78e-2)
DTLZ3 3 1.50e+2(4.72e+1) 1.60e+2(4.92e+1) 1.55e+2(5.03e+1) 1.48e+2(4.92e+1) 1.45e+2(4.10e+1)
6 5.43e+1(1.85e+1)  5.65e+1(1.99e+1) 6.92e+1(2.39e+1) 6.68e+1(1.6de+1) 6.24e+1(2.34e+1)
10 4.51e-1(4.40e-2)  4.68e-1(6.10e-2)  4.35e-1(3.71e-2)  4.72e-1(5.45e-2)  4.85e-1(7.87e-2)
DTLZ4 3 1.03e-1(1.28e-1)  8.77e-2(1.30e-1)  9.16e-2(1.25e-1)  1.05e-1(1.27e-1)  1.15e-1(1.33e-1)
6 1.74e-1(3.63e-2)  1.60e-1(3.35e-2)  1.84e-1(3.79¢e-2)  1.75e-1(3.57e-2)  1.68e-1(2.11e-2)
10 2.29e-1(1.05e-2)  2.29e-1(9.43e-3)  2.36e-1(1.27e-2)  2.38e-1(1.35e-2)  2.42e-1(1.71e-2)
DTLZ5 3 8.65e-3(1.39e-3)  8.76e-3(1.53e-3)  9.03e-3(1.67e-3)  9.26e-3(1.22e-3)  9.26e-3(2.23e-3)
6 3.43e-2(7.07e-3)  3.28e-2(7.74e-3)  3.24e-2(7.73e-3)  3.25e-2(8.25e-3)  3.33e-2(9.38e-3)
10 4.06e-3(6.52e-4)  3.99e-3(4.47e-4)  3.94e-3(4.04e-4)  3.97e-3(9.34e-4)  4.02e-3(1.10e-3)
DTLZ6 3 5.09¢-2(5.72e-2)  1.05e-1(2.57e-1)  2.45e-2(8.80e-3)  4.67e-2(4.92e-2)  3.12e-2(1.58e-2)
6 9.45e-1(1.13e+0)  5.16e-1(6.72e-1)  5.42e-1(8.28e-1)  7.52e-1(9.50e-1)  1.34e+0(1.04e+0)
10 4.48e-2(3.90e-2)  2.50e-2(7.37e-3)  5.14e-2(4.26e-2)  4.18e-2(4.66e-2)  4.72e-2(4.57e-2)
DTLZ7 3 1.19e-1(1.00e-1)  9.47e-2(1.15e-1)  1.16e-1(7.80e-2)  1.61e-1(2.77e-1)  1.46e-1(1.27e-1)
6 1.90e+0(9.8%¢-1)  1.72e+0(6.52e-1)  1.77e+0(7.63e-1)  1.25e+0(4.72e-1)  1.54e+0(8.80e-1)
10 1.19e+0(9.00e-2)  1.18e+0(9.13e-2)  1.17e+0(8.41e-2)  1.17e+0(8.97e-2)  1.22e+0(1.13e-1)
WFGI1 3 1.65e+0(5.78¢-2)  1.65e+0(3.73e-2)  1.64e+0(3.86e-2) 1.67e+0(4.67e-2)  1.65e+0(5.96e-2)
6 2.24e+0(5.47e-2)  2.20e+0(6.93e-2)  2.23e+0(4.37e-2)  2.22e+0(6.80e-2)  2.21e+0(5.52¢-2)
10 2.62e+0(8.72e-2)  2.58e+0(7.39e-2)  2.59e+0(7.81e-2)  2.62e+0(8.93e-2)  2.58e+0(1.16e-1)
WFG2 3 2.39e-1(3.16e-2)  2.49e-1(4.94e-2)  2.68e-1(4.81e-2)  2.52e-1(4.94e-2)  2.66e-1(4.58e-2)
6 591e-1(1.79e-1)  5.85e-1(9.10e-2)  5.61e-1(1.29e-1)  5.43e-1(1.51e-1)  5.67e-1(1.07e-1)
10 1.50e+0(3.53e-1)  1.41e+0(2.62e-1)  1.42e+0(3.21e-1)  1.47e+0(4.49¢-1)  1.39e+0(2.82¢-1)
WFG3 3 2.42e-1(4.10e-2)  2.66e-1(3.75e-2)  2.57e-1(3.28e-2)  2.4le-1(3.21e-2)  2.56e-1(5.04e-2)
6 6.19¢-1(8.08¢e-2)  6.28e-1(6.58e-2)  6.15e-1(9.32e-2)  5.92e-1(7.43e-2)  6.19e-1(1.22e-1)
10 6.24e-1(9.78e-2)  6.07e-1(8.67e-2)  6.18e-1(8.74e-2)  6.60e-1(8.00e-2)  6.61e-1(8.80e-2)
WFG4 3 2.62e-1(5.18¢e-2)  2.52e-1(1.99e-2)  2.51e-1(1.27e-2)  2.48e-1(1.04e-2)  2.38e-1(8.69¢-3)
6 1.41e+0(2.17e-1)  1.34e+0(1.96e-1)  1.27e+0(2.31e-1)  1.30e+0(2.41e-1)  1.58e+0(4.08e-1)
10 4.12e+0(5.64e-1)  3.63e+0(6.43e-1)  3.55e+0(5.77e-1)  3.99e+0(7.21e-1)  4.08e+0(7.57¢e-1)
WFG5 3 2.93e-1(4.46e-2)  2.89e-1(5.58e-2)  3.0le-1(9.11e-2)  3.10e-1(5.46e-2)  3.19e-1(9.97e-2)
6 1.69e+0(8.33e-2)  1.72e+0(8.16e-2)  1.66e+0(9.57e-2)  1.69e+0(1.53e-1)  1.83e+0(1.34e-1)
10 4.76e+0(2.87e-1)  4.57e+0(3.19¢e-1)  4.10e+0(3.07e-1)  3.71e+0(3.87e-1)  3.71e+0(4.39-1)
WFG6 3 4.66e-1(4.13e-2)  4.9le-1(4.44e-2)  4.51e-1(4.36e-2)  4.76e-1(6.61e-2)  4.58e-1(8.29¢-2)
6 1.70e+0(1.48e-1)  1.65e+0(9.89%¢-2)  1.61e+0(1.10e-1)  1.67e+0(1.35e-1)  1.81e+0(2.71e-1)
10 3.88e+0(6.68e-1)  3.60e+0(3.51e-1)  3.64e+0(2.96e-1)  3.45e+0(4.44e-1)  3.72e+0(5.21e-1)
WFG7 3 3.12e-1(2.16e-2)  3.02e-1(2.17e-2)  3.00e-1(2.68e-2)  3.02e-1(2.75e-2)  2.99e-1(2.96e-2)
6 1.78e+0(1.05e-1)  1.69e+0(1.27e-1)  1.73e+0(1.38e-1)  1.67e+0(1.85e-1)  1.74e+0(2.32e-1)
10 5.15e+0(3.94e-1)  5.11e+0(2.97e-1)  4.89e+0(2.62e-1)  4.97e+0(3.07e-1)  4.94e+0(4.00e-1)
WFG38 3 5.84e-1(5.34e-2)  6.09e-1(5.54e-2)  6.07e-1(4.89¢e-2)  5.68e-1(4.78e-2)  5.70e-1(4.15e-2)
6 2.19e+0(1.08e-1)  2.11e+0(9.97e-2)  2.15e+0(1.22e-1)  2.25e+0(1.12e-1)  2.37e+0(1.76e-1)
10 5.22e+0(4.43e-1)  5.31e+0(3.08e-1)  4.99e+0(3.75e-1)  5.16e+0(5.37e-1)  5.37e+0(4.82¢-1)
WFG9 3 3.79e-1(7.28e-2)  3.85e-1(1.20e-1)  3.73e-1(8.90e-2)  4.12e-1(1.17e-1)  4.17e-1(1.11e-1)
6 1.87e+0(1.95e-1)  1.73e+0(2.02e-1)  1.78e+0(2.45e-1)  1.77e+0(2.57e-1)  1.76e+0(1.35e-1)
10 5.03e+0(2.28e-1)  4.63e+0(4.11e-1)  4.44e+0(4.68e-1)  3.96e+0(3.83e-1)  3.73e+0(2.50e-1)
+/~/— n,=10 -/-1- 1/41/6 2/40/6 0/44/4 3/41/4
+/~/— n,=8 6/41/1 -/-1- 2/43/3 3/42/3 4/40/4
+/~ /= n,=6 6/40/2 3/43/2 -/-1- 3/41/4 7/38/3
+/~/— n,=4 4/44/0 3/42/3 474173 -/-I- 2/45/1
+/~/— n,=3 4/41/3 4/40/4 3/38/7 1/45/2 -/-1-

obtained by setting rp,.q+;, to 1/2, because on these problems, the ratio of reference points in S is
always higher than 1/2.

As shown in TableE], the variant of 7p,.q+i, = 1/2 outperforms other variants and achieves the optimal
behavior. Therefore, we set rp,qti0 = 1/2 for LORA-MOQO. In comparison, the variants of 7p.qti0
=2/3 and 7p,q1i0 = 1/3 have competitive performance, both of them are inferior to the variant of
TDratio = 1/2 but significantly superior to the variant of 7p,.qt;0 = 1.

Setting 7prqti0 = 1 indicates this LORA-MOQO variant will never introduce artificial ordinal relations
for the learning of the ordinal surrogate. The ordinal surrogate in this variant is trained completely on
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Table 4: Statistical results of the IGD+ value obtained by LORA-MOO with different A on 48
benchmark optimization problems over 15 runs. The last four rows count the total results of Wilcoxon
rank sum tests (significance level is 0.05). ‘+’, ‘~’, and ‘—’ denote the corresponding LORA-MOO
variant is statistically significantly superior to, almost equivalent to, and inferior to the compared
variants in Wilcoxon tests, respectively.

Problems M =0 X=0.1 X=02 3=03
DTLZI 3 75letI(1.74e+]) 6.88e+1(1.28¢e+1) 4.84e+I(1.34e+]) 4.96e+1(1.56e+1)
6 2.74e+1(5.30e+0) 1.73e+1(3.80e+0) 1.64e+1(3.24e+0) 1.41e+1(7.02e+0)
10 1.62e-1(5.15e2)  1.43e-1(2.33e-2)  1.60e-1(2.67e-2)  1.53e-1(2.28¢-2)
DILZ2 3 4195¢2(3.32¢3) 4.80e2(5.80e3) 4.45¢2(4.72¢-3) 4.81e-2(4.10e-3)
6 2.5le-1(2.91e2)  2.56e-1(2.48e2)  2.57e-1(1.91e2)  2.67e-1(1.34e-2)
10 297e-1(1.72e-2)  2.94e-1(1.54e-2)  3.00e-1(1.31e-2)  2.92e-1(1.35e-2)
DTLZ3 3 1.00e+2(6.02e+1) 1.80e+2(231e+1) [.48e+2(4.92e+1) [.57e+2(d.54e+1)
6  9.0le+1(3.13e+1) 8.06e+1(2.18e+1) 6.68e+1(1.64e+1)  6.05e+1(2.03e+1)
10 574e-1(2.57e-1)  4.60e-1(5.69¢-2)  4.72e-1(5.45¢-2)  4.48¢-1(4.14e-2)
DTLZA 3 9.37e2(1.30e-1)  L.16e-1(1.35e-1)  1.05e-1(1.27e-1)  1.02e-1(1.28e-1)
6 1.72¢-1(2.91e2)  1.63e-1(3.51e-2)  1.75e-1(3.57e-2)  1.6le-1(1.96e-2)
10 236e-1(1.29-2)  2.37e-1(1.77e-2)  2.38e-1(1.35e-2)  2.28e-1(1.05¢-2)
DTLZ5 3 [.40e-2(2.50e-3)  1.13e-2(3.34e-3)  9.26e-3(1.22¢-3)  7.96e-3(1.58¢-3)
6 5.00e-2(9.20e-3)  4.52e-2(1.60e-2)  3.25¢-2(8.25¢-3)  3.48e-2(5.12¢-3)
10 5.16e-3(9.20e-4)  4.44e-3(1.43e-3)  3.97e-3(9.34e-4)  4.10e-3(3.97e-4)
DTLZ6 3 [.54e-1(1.65¢-1)  4.14e-2(1.61e-2)  4.67¢-2(4.92¢-2)  4.13e-2(2.30e-2)
6 1.72e+0(7.66e-1)  1.52e+0(1.08e+0)  7.52e-1(9.50e-1)  2.45e-1(4.79-1)
10 9.60e-2(7.76e-2)  6.08e-2(5.26e-2)  4.18e-2(4.66e-2)  2.99e-2(9.13e-3)
DTLZ7 3 6.57¢-2(1.85¢2)  1.25¢-1(1.06e-1)  1.61e-1(2.77e-1)  1.05e-1(1.80e-1)
6 274e+0(1.22e+0) 1.53e+0(8.21e-1)  1.25e+0(4.72e-1)  1.66e+0(1.06e+0)
10 1.19e+0(9.70e-2)  1.18¢+0(8.58¢-2)  1.17e+0(8.97e-2)  1.27e+0(1.61e-1)
WFGI 3 [74e+0(4.92¢-2) 1.67e+0(4.8262) 1.67e+0(4.67e2)  1.64e+0(3.52¢-2)
6 230e+0(3.54e-2)  2.22e+0(8.09¢-2)  2.22e+0(6.80e-2)  2.23e+0(7.54e-2)
10 2.71e+0(6.98¢-2)  2.63e+0(7.80e-2)  2.62e+0(8.93¢-2)  2.63e+0(7.71e-2)
WFG2 3 294e-1(5.47e2)  2.69¢-1(5.46e2)  2.52¢-1(4.94e2)  2.55¢-1(3.46e-2)
6 6.84e-1(1.47e-1)  5.38¢-1(1.05e-1)  5.43e-1(1.5le-1)  6.65e-1(2.55¢-1)
10 1.67e+0(5.02e-1)  1.27e+0(2.80e-1)  1.47e+0(4.49%-1)  1.37e+0(3.46e-1)
WFG3 3 108e-1(d84e2)  3.25e-1(3.53¢-2) 24le-1(3.21e-2)  2.70e-1(5.19¢-2)
6 8.23¢-1(6.96e-2)  7.51e-1(9.15e-2)  5.92e-1(7.43e-2)  4.94e-1(6.55¢-2)
10 7.58e-1(7.71e-2)  7.71e-1(1.08e-1)  6.60e-1(8.00e-2)  6.35e-1(1.0de-1)
WFGH 3 2.55¢-1(1.63¢2)  2.56c-1(1.48¢2)  2.48¢-1(1.04e2)  2.57e-1(1.44e2)
6 1.28e+0(2.24e-1)  131e+0(2.3%-1)  1.30e+0(2.4le-1)  1.37e+0(2.50e-1)
10 3.85e+0(5.45¢-1)  3.84e+0(5.48¢-1)  3.99e+0(7.21e-1)  3.79e+0(4.91e-1)
WFG5 3 384c-1(1.18e-1)  2.80¢-1(647e-2) _ 3.10e-1(5.46e-2) _ 3.11e-1(6.94¢-2)
6 1.77e+0(1.36e-1)  1.72e+0(1.43e-1)  1.69e+0(1.53e-1)  1.72e+0(1.20e-1)
10 3.70e+0(4.80e-1)  3.58e+0(2.79%-1)  3.71e+0(3.87e-1)  4.38¢+0(2.67¢-1)
WFG6 3 478¢-1(7.23¢2)  4.63e-1(5.50e-2)  4.76e-1(6.61e-2)  4.74c-1(4.87¢-2)
6  1.62e+0(1.67e-1)  1.59e+0(1.21e-1)  1.67e+0(1.35e-1)  1.60e+0(1.52e-1)
10 3.48e+0(2.80e-1)  3.43e+0(3.18¢-1)  3.45e+0(4.4de-1)  3.70e+0(3.85¢-1)
WFGT 3 3.166-1(220e2)  3.13¢-1(3.79¢-2) _ 3.02e-1(2.75¢-2) _ 3.17e-1(4.42¢-2)
6 1.62e+0(1.57e-1)  1.68e+0(1.80e-1)  1.67e+0(1.85e-1)  1.69e+0(1.88e-1)
10 4.88¢+0(4.14e-1)  4.99e+0(3.94e-1)  4.97e+0(3.07e-1)  4.98¢+0(2.87¢-1)
WFGS 3 596c-1(4.58¢2)  6.09¢-1(3.63¢2)  5.68¢-1(4.78¢2) _ 5.96¢-1(3.58¢-2)
6 221e+0(1.49%-1) 2.20e+0(1.18e-1) 2.25e+0(1.12e-1)  2.20e+0(7.76e-2)
10 5.07e+0(4.48¢-1)  4.96e+0(4.84e-1)  5.16e+0(5.37e-1)  5.09e+0(3.92e-1)
WFGO 3 372e-1(391e-2)  3.82e-1(9.026-2)  4.12e-1(1.17e-1) _ 3.80e-1(1.00e-1)
6 1.76e+0(2.07e-1)  1.67e+0(1.86e-1)  1.77e+0(2.57e-1)  1.81e+0(1.69-1)
10 3.87e+0(3.66e-1)  4.13e+0(3.55¢-1)  3.96e+0(3.83¢-1)  4.76e+0(2.31e-1)
T/~/— A0 - 0735/13 0729/19 3727718
T/~ /= A=01 1373570 - 0738/10 37369
F/~ /= A=02 19/29/0 1073870 - 374273
T/~/— 03 1872773 9736/3 374273 T7-

the basis of dominance ordinal relations. When the number of objectives M is large, a majority of
evaluated solutions in archive S 4 are non-dominated, leading to a large ratio of reference points Sgp
in S4. As aresult, there would be a significant imbalance between the number of evaluated solutions
in each ordinal level, which causes a poor performance on ordinal surrogate and LORA-MOO. In
particular, on most 10-objective WFG problems, the variant of 7p,.q1;, = 1 performs worse than all
other variants. This observation shows the detrimental effect of imbalance solutions in ordinal levels
on the optimization performance, which also demonstrates the effectiveness of using artificial ordinal
relations in LORA-MOO to address many-objective optimization problems.
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Table 5: Statistical results of the IGD+ value obtained by LORA-MOO with different rp;.4¢;, on 48
benchmark optimization problems over 15 runs. The last four rows count the total results of Wilcoxon
rank sum tests (significance level is 0.05). ‘+’, ‘~’, and ‘—’ denote the corresponding LORA-MOO
variant is statistically significantly superior to, almost equivalent to, and inferior to the compared
variants in Wilcoxon tests, respectively.

Problems M TDratio=1 TDratio=2/3 TDratio=1/2 TPratio=1/3
DTLZI 3 T84c+1(1.34e+T)  484c+1(13de+T)  4.75e+1(1.54c+1)  4.75¢+1(1.54c+1)
6 1.83c+1(1.066+1)  1.64c+1(3.24¢40)  1.35¢+1(6.23¢40)  1.35¢+1(6.23¢+0)
10 1.63e-1(2.746-2)  1.60e-1(2.67¢-2)  1.58e-1(2.81¢-2)  1.58¢-1(2.81¢-2)
DTLZ2 3 T45e2(4.72e3)  445¢2(8.72c3)  437e2(341e3)  3.600-2(3.69¢3)
6 2.57e-1(1.93e-2) 2.57e-1(1.91e-2) 1.80e-1(1.17e-2) 1.80e-1(7.34e-3)
10 3.74e-1(8.09e-3)  3.00e-1(1.31e-2)  2.87e-1(1.71e-2)  2.87e-1(1.71e-2)
DTLZ3 3 T48c+2(8.9%e+1) 1.48c+2(392e+1) 1.540+2(d.89e+1) 1.54c+2(4.89¢+1)
6 6.52e+1(2.87e+1)  6.68e+1(1.64c+1)  6.01e+1(2.61e+1) 6.01e+1(2.61e+1)
10 423e-1(5.636-2)  4.72e-1(545¢-2) 4.84e-1(5.71e2)  4.84e-1(5.71¢-2)
DTLZ4 3 T05e-1(127e-1)  1.05e-1(127e-1)  1.06e-1(1.32e-1)  1.06e-1(1.32¢-1)
6 1.70e-1(3.56e-2) 1.75e-1(3.57e-2) 1.79e-1(4.06e-2) 1.79e-1(4.06e-2)
10 2.33e-1(1.26e-2)  2.38e-1(1.35e-2)  2.38e-1(1.56e-2)  2.49e-1(1.46e-2)
DTLZ5 3 0.26e-3(1.2263)  9.2663(1.226¢3)  8.98e3(1.673)  8.71e-3(1.89¢3)
6 3.400-2(9.35¢-3)  3.25¢-2(8.25¢-3)  331e-2(7.84e-3)  2.81e-2(1.15¢-2)
10 3.83¢-3(6.08c-4)  3.97¢-3(9.34c-4)  4.85¢-3(1.78¢-3)  4.92¢-3(1.54¢-3)
DTLZ6 3 167e2(492e2)  4.67e2(492¢2)  638e-2(1.6262)  2.566-2(6.58¢3)
6 4.70e-1(7.64e-1)  7.52e-1(9.50e-1)  7.28e-1(1.00e+0)  1.25e+0(1.13e+0)
10 3.38e-2(1.18e-2)  4.18e-2(4.66e-2)  3.92e-2(3.62e-2)  3.27e-2(2.08e-2)
DTLZ7 3 T6le-1277e-)  1.61c-1277e-1)  136e-1(132e-1)  7.58e-2(2.506-2)
6 141e40(9.24e-1)  1.25e+0(4.72¢-1)  1.21e+0(7.32¢-1)  1.28¢+0(6.69¢-1)
10 1.17e+0(8.28¢-2)  1.17e+0(8.97¢-2)  1.23e+0(1.33e-1)  1.23¢+0(1.33¢-1)
WEGT 3 167e+0(.6762) 1.67e+0(d.67¢2) 1.67c+0(4.8662)  1.67c+0(4.86e-2)
6 2.20e+0(6.03e-2)  2.22e+0(6.80e-2)  2.21e+0(5.69e-2)  2.21e+0(5.69¢-2)
10 2.6le+0(1.15e-1)  2.62e+0(8.93e-2)  2.55e+0(1.15e-1)  2.55e+0(1.15e-1)
WEG2 3 257c-1(404c2)  252e-1(4.94c2)  2.48e-1(5.57e2)  2.48e-1(5.5702)
6 573e-1(1.75¢-1)  5.43¢-1(1.51e-1)  5.35¢-1(9.94¢-2)  5.35¢-1(9.94¢-2)
10 137e+0(3.08¢-1)  1.47e+0(4.49¢-1)  1.36e+0(3.13¢-1)  1.25¢+0(3.81¢-1)
WEG3 3 2.41e-1(3.21e-2) 2.41e-1(3.21e-2) 2.51e-1(3.82e-2) 2.51e-1(3.26e-2)
6 5.82e-1(4.97e-2)  5.92e-1(7.43e-2)  5.83e-1(8.20e-2)  6.05e-1(9.65¢e-2)
10 6.09e-1(4.65e-2)  6.60e-1(8.00e-2)  6.93e-1(1.22e-1)  6.63e-1(1.05e-1)
WEGA 3 248 1(1.04c2)  24%e-1(1.04c2)  2.49-1(2.61c2)  2.96e-1(9.206-2)
6 2.06e+0(421e-1)  1.30e+0(2.41e-1)  1.35640(3.15e-1)  1.35¢+0(3.15¢-1)
10 5.51e+0(6.14e-1)  3.99e+0(7.21e-1)  3.86e+0(6.03e-1)  3.86e+0(6.03¢-1)
WFG5 3 3.10e-1(5.46e-2)  3.10e-1(5.46e-2)  3.06e-1(1.05e-1)  4.28e-1(1.46e-1)
6 1.93e+0(1.20e-1)  1.69e+0(1.53e-1)  1.72e+0(1.26e-1)  1.72e+0(1.26e-1)
10 5.50e+0(3.80e-1)  3.71e+0(3.87e-1)  3.63e+0(4.80e-1)  3.63e+0(4.80e-1)
WEG6 3 7.760-16.61c2)  4.76e-1(6.6162)  4.87c-1(1.00e-1)  6.26e-1(1.19-1)
6 221e+0(2.26¢-1)  1.67e+0(1.35¢-1)  1.62e+40(1.85e-1)  1.62¢+0(1.85¢-1)
10 5.43e+0(4.78¢-1)  3.45e+0(44de-1)  3.19e40(2.14e-1)  3.19¢+0(2.14e-1)
WEG7 3 3.02e-1(2.75e-2)  3.02e-1(2.75e-2)  2.95e-1(2.76e-2)  2.98e-1(3.12¢e-2)
6 2.10e+0(2.12e-1)  1.67e+0(1.85e-1)  1.58e+0(1.47e-1)  1.58e+0(1.47e-1)
10 5.85e+0(5.16e-1)  4.97e+0(3.07e-1)  4.76e+0(4.89%e-1)  4.76e+0(4.8%-1)
WEGS 3 5.68c-1(4.7802)  5.68e-1(4.78¢2)  5.71e-1(4.0262)  5.83e-1(4.650-2)
6 2.61e+02.09¢-1)  2.25¢+0(1.12¢-1)  2.21e+0(1.21e-1)  2.21e+0(1.21e-1)
10 6.41e+0(4.20e-1)  5.166+0(5.37e-1)  5.066+40(5.80e-1)  5.06¢+0(5.80¢-1)
WFG9 3 4.12e-1(1.17e-1)  4.12e-1(1.17e-1)  3.81e-1(1.02e-1)  3.66e-1(8.95¢-2)
6 1.86e+0(2.00e-1)  1.77e+0(2.57e-1)  1.48e+0(2.27e-1)  1.45¢+0(1.77e-1)
10 5.57e+0(2.73e-1)  3.96e+0(3.83e-1)  4.02e+0(4.62e-1)  4.02e+0(4.62e-1)
e Thran=1 W 2734712 2732714 3728715
+/~ /= TPratio=2/3 12/34/2 -/-1- 0/46/2 3/42/3
+/ ~ TDratio=1/2 14/32/2 2/46/0 -/-1- 2/45/1
y TPratio=173 1572875 374273 14572 T

F.4 Influence of Clustering Number for Reproduction 7.

This subsection analyzes the influence of clustering number 7. on the optimization performance. n.
is used in the reproduction process to initialize the PSO population. We set n. = {1, 3, 5, 7, 10} to
generate five LORA-MOO variants. According to the conclusions of previous ablation studies, in this
ablation study, we set n, =4, A = 0.2, rp,qti0o = 1/2 for all variants. The IGD+ values obtained by

five LORA-MOO variants with different n, are reported in Table [6]

It can be observed that both the variants of n. =5 and n. = 7 outperform three other variants and are
inferior to one variant, showing the optimal performance over other variants in this ablation study.
In comparison, the variants of n, = 3 and n. = 10 are significantly superior to two variants but are
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Table 6: Statistical results of the IGD+ value obtained by LORA-MOO with different n. on 48
benchmark optimization problems over 15 runs. The last five rows count the total results of Wilcoxon
rank sum tests (significance level is 0.05). ‘+’, ‘~’, and ‘—’ denote the corresponding LORA-MOO
variant is statistically significantly superior to, almost equivalent to, and inferior to the compared
variants in Wilcoxon tests, respectively.

Problems M n=1 ne=3 ne=5 ne=7 n.=10
DTLZI 3 6.45e+1(1.31e+1) 5.77e+1(2.13e+1) 4.75e+1(1.54e+1) 4.02e+1(1.46e+1) 3.91e+1(1.53e+1)
6 2.22e+1(5.99e+0) 1.67e+1(4.35e+0) 1.35e+1(6.23e+0) 1.55e+1(5.29e+0) 1.56e+1(7.51e+0)
10 1.52e-1(3.01e-2)  1.67e-1(4.03e-2)  1.58e-1(2.81e-2)  1.58e-1(3.11e-2)  1.64e-1(3.19¢-2)
DTLZ2 3 4.40e-2(3.06e-3)  4.38¢-2(4.17e-3)  4.37e-2(3.41e-3) 4.48e-2(3.51e-3)  4.29¢-2(4.38e-3)
6 1.84e-1(1.50e-2)  1.79e-1(1.02e-2)  1.80e-1(1.17e-2)  1.79e-1(9.20e-3)  1.80e-1(1.49¢-2)
10 2.89e-1(1.00e-2)  2.97e-1(1.40e-2)  2.87e-1(1.71e-2)  2.90e-1(1.22e-2)  2.85e-1(1.09e-2)
DTLZ3 3 1.89e+2(4.68e+1) 1.61e+2(3.71e+1) 1.54e+2(4.89e+1) 1.58e+2(3.45e+1) 1.57e+2(3.17e+1)
6 7.44e+1(2.34e+1) 6.06e+1(1.32e+1) 6.0le+1(2.61e+1) 6.65e+1(2.14e+1) 6.44e+1(2.63e+1)
10 4.65e-1(1.12e-1)  4.70e-1(8.67e-2)  4.84e-1(5.71e-2)  4.92e-1(1.38e-1)  4.61e-1(4.94e-2)
DTLZ4 3 8.66e-2(1.25e-1)  1.35e-1(1.64e-1)  1.06e-1(1.32e-1)  8.82e-2(1.26e-1)  1.04e-1(1.28e-1)
6 1.69¢-1(2.20e-2) 1.80e-1(3.27e-2)  1.79e-1(4.06e-2)  1.8le-1(4.77e-2)  1.79e-1(2.78e-2)
10 2.29e-1(1.15e-2)  2.30e-1(1.06e-2)  2.38e-1(1.56e-2)  2.37e-1(2.00e-2)  2.37e-1(1.88e-2)
DTLZ5 3 9.75e-3(2.19¢e-3)  8.93e-3(1.67e-3)  8.98e-3(1.67e-3)  9.15e-3(1.58e-3)  8.80e-3(1.44e-3)
6 3.12e-2(9.30e-3)  2.98e-2(1.02e-2)  3.31e-2(7.84e-3)  2.72e-2(7.30e-3)  3.00e-2(1.05e-2)
10 5.60e-3(1.76e-3)  3.92e-3(6.78e-4)  4.85e-3(1.78e-3)  5.65e-3(2.12e-3)  6.02e-3(1.70e-3)
DTLZ6 3 4.87e-2(2.65e-2)  4.28e-2(2.73e-2)  6.38e-2(7.62e-2)  9.93e-2(2.14e-1)  5.04e-2(3.71e-2)
6 1.09e+0(1.19e+0)  1.11e+0(1.07e+0)  7.28e-1(1.00e+0)  1.01e+0(1.13e+0)  8.36e-1(1.16e+0)
10 2.25e-2(7.14e-3)  6.20e-2(5.11e-2)  3.92e-2(3.62e-2)  3.51e-2(3.23e-2)  4.42e-2(4.00e-2)
DTLZ7 3 6.96e-2(3.03e-2)  7.83e-2(5.28e-2)  1.36e-1(1.32e-1)  1.28e-1(1.31e-1)  9.71e-2(5.24e-2)
6 6.96e-1(2.65e-1)  1.68e+0(8.29¢-1)  1.21e+0(7.32e-1)  1.16e+0(6.33e-1)  1.74e+0(8.02e-1)
10 1.24e+0(1.54e-1)  1.20e+0(9.84e-2)  1.23e+0(1.33e-1)  1.20e+0(8.92e-2)  1.25e+0(1.08e-1)
WEGI1 3 1.67e+0(4.91e-2)  1.64e+0(5.90e-2) 1.67e+0(4.86e-2) 1.62e+0(3.43e-2) 1.61e+0(4.98e-2)
6 2.27e+0(5.70e-2)  2.24e+0(5.05e-2)  2.21e+0(5.69¢-2)  2.21e+0(7.43e-2)  2.20e+0(6.16e-2)
10 2.67e+0(8.46e-2)  2.56e+0(1.07e-1)  2.55e+0(1.15e-1)  2.64e+0(7.62e-2)  2.61e+0(8.36e-2)
WFG2 3 2.63e-1(3.41e-2)  2.63e-1(3.89e-2)  2.48e-1(5.57e-2)  2.47e-1(4.40e-2)  2.44e-1(5.40e-2)
6 5.17e-1(1.03e-1)  5.43e-1(1.35e-1)  5.35e-1(9.94e-2)  5.24e-1(1.26e-1)  5.09e-1(1.49e-1)
10 1.39e+0(4.37e-1)  1.39e+0(3.77e-1)  1.36e+0(3.13e-1)  1.40e+0(2.71e-1)  1.38e+0(3.83e-1)
WFG3 3 2.57e-1(3.61e-2)  2.64e-1(7.85e-2)  2.51e-1(3.82e-2)  2.78e-1(5.66e-2)  2.48e-1(2.96e-2)
6 6.25e-1(1.13e-1)  5.89e-1(6.72e-2)  5.83e-1(8.20e-2)  5.80e-1(7.49¢-2)  6.56e-1(1.04e-1)
10 6.67e-1(8.95¢-2)  6.93e-1(9.45e-2)  6.93e-1(1.22e-1)  7.03e-1(9.06e-2)  7.47e-1(8.54e-2)
WFG4 3 2.56e-1(3.27e-2)  2.49e-1(2.04e-2)  2.49e-1(2.61e-2)  2.48e-1(1.75¢-2)  2.41e-1(1.77e-2)
6 1.30e+0(1.91e-1)  1.34e+0(2.28e-1)  1.35e+0(3.15e-1)  1.20e+0(2.23e-1)  1.38e+0(2.88e-1)
10 3.68e+0(6.78e-1)  3.87e+0(7.96e-1)  3.86e+0(6.03e-1)  3.83e+0(7.38e-1)  3.65e+0(3.90e-1)
WFG5 3 3.17e-1(1.22e-1)  3.50e-1(1.07e-1)  3.06e-1(1.05e-1)  3.12e-1(1.25e-1)  2.92e-1(1.28e-1)
6 1.78e+0(9.49¢-2)  1.76e+0(1.11e-1)  1.72e+0(1.26e-1)  1.73e+0(9.61e-2)  1.74e+0(1.33e-1)
10 3.79¢+0(2.92e-1)  3.59e+0(2.81e-1)  3.63e+0(4.80e-1)  3.87e+0(3.19e-1)  3.79e+0(2.71e-1)
WFG6 3 4.48e-1(1.00e-1)  5.24e-1(1.08e-1)  4.87e-1(1.00e-1)  4.86e-1(9.23e-2)  4.64e-1(9.08e-2)
6 1.65e+0(1.84e-1)  1.63e+0(8.15¢-2)  1.62e+0(1.85e-1)  1.61e+0(1.48e-1)  1.59e+0(2.47e-1)
10 3.35e+0(4.95e-1)  3.51e+0(3.14e-1)  3.19e+0(2.14e-1)  3.33e+0(3.76e-1)  3.14e+0(5.76e-1)
WFG7 3 2.90e-1(3.37e-2)  3.14e-1(3.26e-2)  2.95e-1(2.76e-2)  2.95e-1(2.68e-2)  2.90e-1(3.27e-2)
6 1.62e+0(2.02e-1)  1.72e+0(1.37e-1)  1.58e+0(1.47e-1)  1.61e+0(1.63e-1)  1.64e+0(1.85¢e-1)
10 4.55e+0(3.72e-1)  4.81e+0(3.13e-1)  4.76e+0(4.89e-1)  4.82e+0(3.93e-1)  4.51e+0(2.58e-1)
WFG8 3 591e-1(6.73e-2)  6.06e-1(5.44e-2)  5.71e-1(4.02e-2)  5.77e-1(3.92e-2)  5.61e-1(3.98e-2)
6 2.20e+0(1.50e-1)  2.20e+0(1.48e-1)  2.21e+0(1.21e-1)  2.24e+0(1.57e-1)  2.16e+0(1.06e-1)
10 4.99¢+0(4.45e-1)  5.15e+0(4.48e-1)  5.06e+0(5.80e-1)  5.00e+0(3.93e-1)  4.90e+0(5.04e-1)
WFG9 3 3.68e-1(1.03e-1)  4.43e-1(1.41e-1)  3.8le-1(1.02e-1)  3.85e-1(9.50e-2)  3.56e-1(6.48e-2)
6 1.54e+0(1.81e-1)  1.51e+0(1.73e-1)  1.48e+0(2.27e-1)  1.45e+0(1.19e-1)  1.48e+0(1.75e-1)
10 4.02e+0(2.34e-1)  3.97e+0(4.11e-1)  4.02e+0(4.62e-1)  3.94e+0(3.94e-1)  3.96e+0(3.20e-1)
+/~ /= n.=1 -/-1- 2/43/3 1/41/6 1/42/5 3/41/4
+/~/— n=3 3/43/2 -/-I- 0/46/2 2/45/1 1/41/6
+/~ /- n.=5 6/41/1 2/46/0 -/-I- 1/45/2 2/45/1
+/~ = n.=7 5/42/1 1/45/2 2/45/1 -/-- 2/45/1
+/~/— n.=10 4/41/3 6/41/1 1/45/2 1/45/2 -/-I-

also significantly inferior to two other variants. The variant of n. = 1 reaches the worst optimization
results as it is significantly inferior to all other variants. In addition, considering that the variant of n,
=7 wins/ties/losses 2/45/1 statistical tests when compared with the variant of n. =5, we set n, =
for LORA-MOO.

The result of this ablation study demonstrates the influence of population initialization on the
optimization results. By clustering the evaluated solutions into several clusters and sampling the same
amount of initial solutions from each cluster, the solutions in the initial population are distributed
in a more diverse way than the solutions sampled from the set of reference points Sgp directly.
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Figure 7: Distribution of obtained non-dominated solutions on DTLZ2 with 10 variables and 3
objectives.
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Figure 8: Distribution of obtained non-dominated solutions on DTLZ4 with 10 variables and 3
objectives.

Consequently, all variants of n. > 1 have achieved better optimization results than the variant of n.
=1.

G Solution Distribution

The solution distribution we obtained on some 3-objective DTLZ problems are plotted.

H Complete Results of Benchmark Optimization

In Section [4.3] of the main file, we display the optimization results of comparison algorithms on
DTLZ problems in terms of IGD values. In this section, we provide detailed IGD results on WFG
problems and more results on IGD+ and HV values. In addition, the optimization results on DTLZ
problems with different scales, such as D =5 and 20, are reported.

H.1 IGD Results on WFG Optimization Problems
Table |/| shows the optimization results on WFG problems in terms of IGD values. The last row

summarizes the results of statistical tests, which has reported at the end of Table |I| in the main file.
It can be seen that LORA-MOO outperforms all comparison algorithms, followed by KTA2 and

23



PF
ParEGo

obj3

N

Figure 9: Distribution of obtained non-dominated solutions on DTLZ6 with 10 variables and 3
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Table 7: Statistical results of the IGD value obtained by comparison algorithms on 45 WFG optimiza-
tion problems over 30 runs. Symbols ‘+’, ‘~’, ‘=’ denote LORA-MOQO is statistically significantly
superior to, almost equivalent to, and inferior to the compared algorithms in the Wilcoxon rank sum
test (significance level is 0.05), respectively. The last row counts the total win/tie/loss results.

Problems M ParEGO KRVEA KTA2 CSEA REMO OREA LORA-MOO
WFGI 1.65e+0(8.08e-2)—  1.74e+0(9.91e-2)~ 1.87e+0(1.27e-)+ 1.74e+0(8.60e-2)~ 1.73e+0(1.12e-1)~  2.03e+0(1.16e-T)+ 1.71e+0(9.26e-2)
1.94e+0(7.04e-2)~  2.07e+0(9.03e-2)+  2.18e+0(1.43e-1)+  2.05e+0(1.05e-1)+ 1.96e+0(8.19¢-2)~  2.22e+0(9.54e-2)+  1.95e+0(7.52e-2)
2.38e+0(5.53e-2)~  2.49e+0(6.57e-2)+  2.56e+0(9.95e-2)+  2.52e+0(9.89e-2)+  2.42e+0(5.34e-2)+  2.53e+0(1.04e-1)+  2.36e+0(5.07e-2)
2.75e+0(5.21e-2)+  2.86e+0(7.05e-2)+  2.85e+0(1.06e-1)+  2.89e+0(5.19e-2)+  2.80e+0(7.44e-2)+  2.82e+0(7.56e-2)+ 2.72e+0(6.21e-2)
3.08e+0(5.70e-2)+  3.11e+0(9.16e-2)+ 2.99e+0(9.77e-2)+  3.09e+0(1.03e-1)+ 3.04e+0(1.12e-1)+  3.10e+0(9.11e-2)+  2.93e+0(6.20e-2)
7.66e-1(7.11e-2)+  3.61e-1(3.87e-2)~  4.24e-1(6.65e-2)+  5.48e-1(3.75¢-2)+  5.22e-1(7.67e-2)+  4.88e-1(6.53e-2)+  3.72e-1(4.87¢-2)
1.05e+0(1.40e-1)+  5.00e-1(3.97e-2)—  5.66e-1(3.80e-2)+  7.6le-1(1.21e-1)+  7.48e-1(1.23e-1)+  7.45e-1(1.45e-1)+  5.46e-1(3.53e-2)
1.90e+0(3.51e-1)+  7.77e-1(5.25¢-2)—  9.00e-1(5.39e-2)+  1.28e+0(4.02e-1)+  1.28e+0(3.75¢-1)+  1.49e+0(3.76e-1)+  8.55¢-1(7.00e-2)
2.74e+0(6.68e-1)+  1.06e+0(5.98e-2)—  1.18e+0(1.14e-1)—  2.10e+0(6.97e-1)+  1.90e+0(5.25e-1)+  2.06e+0(4.58e-1)+  1.24e+0(1.23e-1)
3.73e+0(9.41e-1)+  1.18e+0(9.32e-2)— 1.37e+0(1.03e-1)—  2.84e+0(8.6le-1)+  2.59e+0(9.91e-1)+ 2.95e+0(7.55¢e-1)+  1.83e+0(2.27e-1)
582c-1(3.86c2) % 5.39¢-1(5.81e:2)F  3.29¢-1(5.99¢2)F  5.04c-1(6.26e2) 1  4.60e-1(5.94c-2)F  3.85¢-1(4.7662)F  2.83¢-1(5.99¢-2)
7.30e-1(6.25e-2)+  6.66e-1(7.02e-2)+  5.63e-1(6.47e-2)+  6.05e-1(7.26e-2)+  5.64e-1(6.43e-2)+  5.68e-1(5.92e-2)+  4.13e-1(5.98e-2)
7.75e-1(9.36e-2)+  6.76e-1(1.32e-1)~  7.94e-1(6.73e-2)+  7.41e-1(8.33e-2)+  6.37e-1(9.55¢-2)~  7.96e-1(6.68e-2)+  6.51e-1(9.20e-2)
8.38e-1(1.63e-1)~  827e-1(9.79¢-2)~  9.45e-1(7.42e-2)+  7.63e-1(1.06e-1)~  6.25e-1(1.18e-1)—  8.92e-1(9.90e-2)~  8.54e-1(9.98¢-2)
6.85e-1(1.02e-1)—  6.87e-1(8.79%¢-2)—  9.16e-1(8.20e-2)+  5.91e-1(9.34e-2)—  5.19e-1(1.04e-1)—  7.28e-1(1.10e-1)—  8.23e-1(1.14e-1)
6.21e-1(3.68e-2)+  4.67e-1(2.33e-2)+ 4.2le-1Q2.21e-2)+ 4.57e-1(2.88e-2)+ 4.23e-1(2.53e-2)+ 4.34e-1(5.63e-2)+  3.36e-1(2.95¢-2)
111e+0(3.45¢-2)+  7.86e-1(2.45¢-2)+  7.78e-1(4.50e-2)+  9.83e-1(1.22e-1)+  8.46e-1(8.32e-2)+  1.07e+0(1.18e-1)+  6.82e-1(4.97e-2)
2.75e+0(2.36e-1)+  1.87e+0(8.92e-2)~  1.78e+0(7.66e-2)—  3.13e+0(3.86e-1)+  2.69e+0(3.61e-1)+  2.92e+0(3.04e-1)+  1.86e+0(1.30e-1)
5.09e+0(9.78¢-1)+  3.47e+0(2.96e-1)—  3.26e+0(1.67e-1)—  5.81e+0(5.38¢-1)+ 4.99e+0(4.67e-1)+ 5.76e+0(4.34e-1)+  3.62e+0(3.31e-1)
7.18e+0(1.21e4+0)+  5.60e+0(6.92e-1)~  4.97e+0(1.72e-1)—  8.58e+0(8.39¢-1)+  7.78e+0(8.13e-1)+  8.03e+0(5.03e-1)+  5.47e+0(4.14e-1)
421e-1(3.05e-2)+  39le-1(4.22e-2)~  3.30e-1(9.56e-2)—  5.50e-1(3.05e-2)+  5.30e-1(4.46e-2)+ 4.51e-1(6.51e-2)+  4.21e-1(1.35e-1)
9.98¢-1(8.09¢-2)~  7.65¢-1(2.86e-2)—  7.20e-1(6.23e-2)—  8.87e-1(3.98¢-2)—  8.6le-1(4.68¢-2)—  1.02e+0(4.57e-2)+  9.81e-1(5.76e-2)
2.82e+0(1.65e-1)+  1.78e+0(6.23e-2)—  1.92e+0(1.03e-1)—  2.35e+0(1.86e-1)+  2.04e+0(1.29e-1)—  2.44e+0(1.08e-1)+  2.11e+0(9.10e-2)
5.25e+0(2.55e-1)+  3.30e+0(2.6le-1)—  3.62e+0(2.64e-1)~ 4.75e+0(3.77e-1)+ 3.95e+0(2.83e-1)+ 4.57e+0(1.82e-1)+  3.66e+0(9.43e-2)
7.64e40(3.23e-1)+  4.67e+0(4.78e-1)—  4.76e+0(1.99e-1)~  6.88e+0(4.23e-1)+ 6.11e+0(4.62e-1)+  6.68e+0(3.4%e-1)+  4.98e+0(1.57¢-1)
7.96e-1(5.50e-2)+  7.05e-1(5.10e-2)+  6.22e-1(8.49¢-2)+  7.19e-1(4.80e-2)+  7.09e-1(4.61e-2)+  5.79e-1(4.68e-2)+  5.67e-1(1.09e-T)
1.14e+0(3.47e-2)+  1.02e+0(4.90e-2)+  9.62e-1(4.46e-2)~  1.08e+0(4.82e-2)+ 1.04e+0(4.53e-2)+  1.17e+0(4.94e-2)+  9.51e-1(9.85e-2)
2.81e+0(2.60e-1)+  2.18e+0(7.41e-2)+ 1.96e+0(4.17e-2)—  2.56e+0(2.16e-1)+ 2.20e+0(1.6le-1)+ 2.77e+0(1.8le-1)+  2.04e+0(9.86¢-2)
4.70e+0(5.78e-1)+  3.60e+0(1.17e-1)+  3.54e+0(1.85e-1)~ 4.70e+0(5.18e-1)+  4.13e+0(3.06e-1)+  5.06e+0(3.20e-1)+  3.52e+0(1.52e-1)
7.66e+0(5.36e-1)+  5.00e+0(1.33e-1)+  5.09e+0(1.58e-1)+  6.73e+0(5.98e-1)+  5.83e+0(4.69%¢-1)+  7.00e+0(4.90e-1)+  4.76e+0(1.94e-1)
6.69e-1(2.70c 20+  6.28¢-12.45¢2)+  5.73e-1(2.76e2)+  5.78¢-1(3.23¢ D)+  5.38¢-1(3.58¢-2)+  4.43c-1(4.15e2)7  3.52¢-1(2.22¢-2)
1.13e+0(4.94e-2)+  9.48e-1(2.66e-2)+  9.04e-1(2.51e-2)+  9.92e-1(8.75e-2)+  8.8le-1(3.49e-2)+  9.72e-1(7.29¢-2)+  7.07e-1(4.2%-2)
3.17e+0(2.89e-1)+  2.00e+0(5.61e-2)~  1.96e+0(5.97e-2)~ 2.71e+0(3.18e-1)+ 2.18e+0(1.49e-1)+ 2.71e+0(1.91e-1)+  1.96e+0(1.06e-1)
5.93e+0(3.95¢-1)+  3.64e+0(1.23e-1)—  3.37e+0(1.16e-1)—  5.19e+0(5.20e-1)+ 4.28e+0(4.59%-1)+  5.19e+0(3.07e-1)+  3.82e+0(1.63e-1)
8.78e+0(4.70e-1)+  5.31e+0(3.01le-1)—  4.88e+0(1.76e-1)—  8.07e+0(5.07e-1)+  6.77e+0(5.93e-1)+  7.57e+0(4.12e-1)+  5.73e+0(3.07e-1)
845¢-12.87e2)+  6.42¢-1249¢-2)+ 5.09-1(4.39¢2)—  7.49-1(433¢-2)+ 7.13¢-1(3.87¢2)+ 7.0lc-1(4.35¢2)+  6.02¢-1(3.64c-2)
1.33e+0(4.61e-2)+  1.14e+0(3.8%e-2)~  1.02e+0(3.96e-2)—  1.26e+0(6.23e-2)+  1.20e+0(5.28e-2)+  1.36e+0(6.94e-2)+  1.13e+0(7.12e-2)
3.11e+0(2.82e-1)+  2.43e+0(7.15e-2)~  2.28e+0(5.05e-2)—  3.00e+0(1.53e-1)+  2.80e+0(1.90e-1)+  3.07e+0(1.74e-1)+  2.45e+0(9.73e-2)
5.74e+0(3.56e-1)+ 4.01e+0(2.28e-1)—  3.92e+0(1.28e-1)~  5.56e+0(3.24e-1)+  5.11e+0(4.10e-1)+  5.34e+0(2.72e-1)+  4.22e+0(2.75¢-1)
8.30e+0(4.83e-1)+  5.56e+0(5.40e-1)—  5.71e+0(3.80e-1)~  7.81e+0(4.74e-1)+  7.32e+0(3.46e-1)+  7.54e+0(4.88e-1)+  5.82e+0(2.95e-1)
714e-15.09¢-2)+  6.75¢-1(6.736-2)+  6.37e-1(8.35¢2)+  6.74e-1(8.53¢2)+ 6.11e-1(9.766-2)+  5.12¢-1(7.74e-2)+  4.34¢-1(8.18¢-2)
4 124e+0(1.4le-D)+  1.06e+0(8.72e-2)+ 1.07e+0(9.28¢-2)+  1.16e+0(1.18e-1)+  1.05e+0(1.6le-1)+  1.02e+0(7.89e-2)+  8.43e-1(9.25¢-2)
3.14e+0(2.96e-1)+  2.22e+0(1.94e-1)+  2.19e+0(1.52e-1)+  2.83e+0(2.36e-1)+  2.30e+0(1.82e-1)+  2.55e+0(1.21e-1)+  1.97e+0(9.18¢-2)
5.78e+0(4.51e-1)+  3.93e+0(3.00e-1)+ 3.77e+0(2.23e-1)+ 5.43e+0(3.68e-1)+  4.60e+0(3.92e-1)+ 4.73e+0(3.07e-1)+  3.61e+0(2.05e-1)
0 841e+0(4.80e-1)+ 5.69e+0(6.42e-1)+ 5.26e+0(3.13e-1)~  7.77e+0(5.05e-1)+  6.48e+0(5.60e-1)+  6.74e+0(4.17e-1)+  5.16e+0(2.60e-1)
+/~ /- 39/472 21710/14 23/6/16 417173 38/3/4 437171
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KRVEA. This is consistent with the results we observed from Table[Il The results on six 3- and
10-objective WFG problems are plotted in Fig. [T0}
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Figure 10: Log (IGD) curves averaged over 30 runs on six WFG problems for comparison algorithms
(shaded area is + std of the mean). Top: 10 variables and 3 objectives. Bottom: 10 variables and 10
objectives.
Table 8: Statistical results of the IGD+ value obtained by comparison algorithms on 35 DTLZ
optimization problems over 30 runs. Symbols ‘+’, ‘~’, ‘=" denote LORA-MOO is statistically
significantly superior to, almost equivalent to, and inferior to the compared algorithms in the Wilcoxon
rank sum test (significance level is 0.05), respectively. The last row counts the total win/tie/loss
results.
Problems M ParEGO KRVEA KTA2 CSEA REMO OREA LORA-MOO
DTLZ1 3 598e+1(3.81e+0)+ 8.88e+1(2.16e+1)+ 4.75e+1(1.55e+1)~ 6.30e+1(1.69e+1)+  5.06e+1(1.49e+1)+ 4.44e+1(1.38e+1)~ 4.35e+1(1.80e+1)
4 4.68e+1(3.71e+0)+ 6.45e+1(1.47e+1)+ 4.08e+1(1.60e+1)~  3.69e+1(1.08e+1)~  3.92e+1(l.1le+1)~ 3.80e+1(1.23e+])~  4.06e+1(1.34e+1)
6 3.04e+1(2.74e+0)+ 3.22e+1(7.66e+0)+ 2.03e+1(8.12e+0)+ 1.56e+1(4.96e+0)~ 1.22e+1(4.65¢+0)—  1.74e+1(3.98e+0)~  1.58¢+1(6.17e+0)
8 1.23e+1(2.99e+0)+  8.52e+0(2.98e+0)+  4.54e+0(2.66e+0)~ 5.08e+0(2.47e+0)~ 3.33e+0(1.93e+0)~ 5.87e+0(2.91e+0)+  3.82e+0(2.35¢+0)
10 3.82e-1(1.79%-D)+  2.76e-1(1.14e-1)+  2.33e-1(9.65¢-2)+  2.22e-1(829e-2)+  1.75¢-1(7.84e-2)~  1.83e-1(6.73e-2)~  1.56e-1(3.41e-2)
DTLZ2 3 26le-1(3.63e-2)+  9.22e-2(2.57e-2)+  3.82e-2(3.29e-3)— 1.60e-1(2.76e-2)+ 1.01e-1(1.75e-2)+  5.86e-2(8.28e-3)+  4.47e-2(3.35¢-3)
4 355e-1(d.11e2)+  1.30e-1(3.08e-2)+  9.05e-2(6.95¢-3)—  2.05e-1(2.43e-2)+  1.60e-1(3.01e-2)+  1.37e-1(1.6le-2)+  9.74e-2(1.14e-2)
6 447¢-1(232e-2)+  1.82e-1(149%e-2)~  236e-1(3.71e-2)+  3.15e-1(4.24e-2)+  2.64e-1(3.18¢-2)+  3.2le-1(2.78e-2)+  1.82¢-1(1.15¢-2)
8  4.68e-1(1.49e-2)+  2.34e-1(1.90e-2)—  3.43e-1(2.37e-2)+  3.95e-1(2.66e-2)+  3.42e-1(2.91e-2)+  4.19e-1(1.86e-2)+  2.58e-1(1.88e-2)
10 433e-1226e2)+  2.92e-1(3.09¢2)~  3.15e-1(1.47e-2)+  4.17e-1(2.03e-2)+  3.6le-1(2.70e-2)+  4.28e-1(1.61e-2)+  2.88e-1(1.27e-2)
DTLZ3 3 1.66e+2(131e+])+ 2.43c+2(@6let D)+ [.52e+2(@.3e+ D)~ 1.62e+2(4.84c+ 1)~ 149c+2(3.88c+ D)~ 1.26e+2(3.18¢+1)—  1.57¢+2(3.83¢+1)
4 1.42e+2(1.57e+1)+  1.83e+2(4.00e+1)+  1.18e+2(3.4%+1)~ 1.29e+2(3.58e+1)~ 1.16e+2(3.00e+1)~ 1.22e+2(4.13e+1)~ 1.25e+2(4.20e+1)
6 9.17e+1(1.59e+1)+ 1.06e+2(2.96e+1)+ 6.65e+1(2.63e+1)~ 5.27e+1(1.56e+1)~ 5.23e+1(1.7le+l)~ 5.24e+1(1.68e+1)~ 5.96e+1(2.05e+1)
8 4.13e+1(9.84e+0)+ 2.96e+1(1.15e+1)+ 1.73e+1(1.10e+1)~  1.59e+1(9.77e+0)~ 1.60e+1(7.71e+0)~  1.49e+1(6.28e+0)~  1.26e+1(8.35¢+0)
10 1.08e+0(3.73e-1)+  9.96e-1(4.96e-1)4  7.29e-1(2.75e-1)+  6.94e-1(2.8%¢-1)+  6.8%e-1(3.18e-1)+  5.27e-1(6.34e-2)+  4.75e-1(1.13e-1)
DTLZA 3 457e-1(7.52e:2)+  2.66e-1(1.02e-1)+  2.33¢-1(8366-2)+  2.34e-1(7.76e2)+  132e-1(641e-2)+  1.07e-1(9.68¢-2)+  8.96e-2(1.25¢-1)
4 486e-1(576e-2)+  2.84e-1(7.44e-2)+  2.95e-1(6.34e-2)+  2.03e-1(3.78e-2)+  1.66e-1(3.40e-2)+  1.35e-1(9.87e-2)~  1.37e-1(9.7%-2)
6 4.24e-1(4.26e-2)+  2.94e-1(5.11e-2)+  3.6le-1(7.84e-2)+  2.4le-1(3.82e-2)+  2.27e-1(3.26e-2)+ 1.67e-1(2.62e-2)~ 1.78e-1(4.02e-2)
8  353e-1(2.66e-2)+  2.67e-1(3.51e-2)+  333e-1(4.56e-2)+  2.78e-1(3.65e-2)+  2.93e-1(3.63¢-2)+  2.09e-1(2.55e-2)~  2.08¢-1(1.89¢-2)
10 2.86e-1(1.61e-2)+  258e-1(2.11e-2)+  2.88e-1(3.27e-2)+  2.92e-1(2.16e-2)+  3.06e-12.71e-2)+  2.29e-1(1.41e-2)~  2.30e-1(1.70e-2)
DTLZ5 3 1.60e-1(4.40e-2)+  9.18e-2(2.76e-2)+  8.66e-3(1.96e-3)~  9.58e-2(2.60e-2)+  5.78e-2(1.81e-2)+ 1.59e-2(5.12e-3)+  9.40e-3(1.93e-3)
4 147e-1(3.58¢-2)+  4.96e-2(1.98e-2)+  3.25¢-2(9.50e-3)+  9.78e-2(2.16e-2)+  7.51e-2(2.55¢-2)+  2.88e-2(7.46e-3)+  2.21e-2(7.30e-3)
6 1.08e-1(2.44e-2)+  2.24e-2(7.50e-3)—  8.02e-2(2.16e-2)+  6.16e-2(2.49¢-2)+  4.14e-2(1.76e-2)+  3.89e-2(1.47e-2)~  3.20e-2(1.14e-2)
8 5.01e2(7.70e-3)+  1.44e-2(5.17e-3)—  5.35e-2(1.1de-2)+  2.49e-2(6.87e-3)+  2.01e-2(5.56e-3)~  1.89e-2(5.87e-3)~  1.87e-2(3.21e-3)
10 1.19e-2(1.01e-3)+  626e-3(9.09%-4)+  1.19¢-2(1.80e-3)+  7.45e-3(9.85e-4)+  4.80e-3(1.09¢-3)—  5.48e-3(9.49-4)~  5.62e-3(1.75¢-3)
DTLZ6 3 242e-1(1.07e-1)+  3.05e+0(5.23e-1)+  1.82e+0(4.48e-1)+  4.85e+0(6.38e-1)+  4.27e+0(5.48e-1)+  2.35e-1(4.14e-1)+  6.74e-2(1.55¢-1)
4 264e-1(1.83e-1)+  2.44e+0(3.90e-1)+  1.84e+0(5.17e-1)+  5.12e+0(4.3le-1)+  4.07e+0(6.25¢-1)+  1.35¢+0(9.45¢-1)+  2.07e-1(2.06¢-1)
6  1.78¢-1(1.07e-1)—  1.33e+0(2.80e-1)+  1.49¢+0(5.98e-1)+  3.14e+0(4.4de-1)+  2.32e+0(5.72e-1)+  2.04e+0(6.34e-1)+  9.00e-1(1.07e+0)
8  8.31e-2(2.90e-2)~  4.48e-1(1.88e-1)+  8.28e-1(4.14e-1)+  1.53e+0(4.64e-1)+  9.18e-1(4.68e-1)+  1.03e+0(4.26e-1)+  2.96e-1(4.46e-1)
10 821e-2(9.3%¢-2)+  3.08e-2(1.03e-2)x~  6.59-2(5.6le-2)+  1.63e-1(240e-1)+  5.12e-2(1.09-1)~  1.15e-1(7.35¢-2)+  3.30e-2(2.86¢-2)
DTLZ7 3 1.10e-1(357e2)+  73%2(152e2)~ 154 1(197e-1)—  1.65e+0(6.43e-1)+ 1.20e+0(3.73e-1)+  1.79¢-1(1.20e-1)+  1.38e-1(1.53e-1)
4 498e-1(1.02e-1)+  2.20e-1(5.76e-2)~  2.3le-1(1.27e-1)~  2.82e+0(6.75e-1)+  1.96e+0(7.49¢-1)+  7.18e-1(4.34e-1)+  2.80e-1(1.73e-1)
6  1.07e+0(1.62e-1)~  43le-1(3.82e-2)—  4.3%-1(1.48¢-1)—  4.80e+0(1.01e+0)+ 2.93¢+0(7.0le-1)+  3.96e+0(1.88e+0)+  1.46e+0(6.89¢-1)
8 1.28e+0(1.27e-1)—  6.29e-1(7.74e-2)— 7.72e-1(1.53e-1)—  6.03e+0(1.87e+0)+  3.63e+0(5.55e-1)+  4.40e+0(2.74e+0)+  2.25e+0(6.88e-1)
10 1.51e+0(1.37e-1)+  9.42e-1(4.54e-2)—  1.11e+0(1.99e-1)—  1.80e+0(3.39e-1)+  1.79e+0(3.78e-1)4+  1.46e+0(2.55e-1)+  1.19e+0(8.31e-2)
+/~ /- 317272 24/5/6 20/9/6 28/7/0 24/9/2 20/14/1
es0 H.2 IGD+ Results on DTLZ and WFG Optimization Problems
es1  Tables[8|and Q] display the IGD+ optimization results of comparison algorithms on DTLZ and WFG
662 optimization problems, respectively. Different from IGD results, although LORA-MOO achieves the
663 smallest IGD+ values on most DTLZ problems, its perform is competitive to KRVEA and KTA2 on
664 WFG problems. However, from the perspective of overall performance, we can still conclude that our
665 LORA-MOO outperforms all comparison algorithms on benchmark optimization problems in terms
666 of IGD+ values. Such a observation is consistent with the results we observed from IGD values.
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Table 9: Statistical results of the IGD+ value obtained by comparison algorithms on 45 WFG
optimization problems over 30 runs. Symbols ‘+’, ‘x’, ‘=’ denote LORA-MOO is statistically
significantly superior to, almost equivalent to, and inferior to the compared algorithms in the Wilcoxon
rank sum test (significance level is 0.05), respectively. The last row counts the total win/tie/loss
results.

Problems M ParEGO KRVEA KTA2 CSEA REMO OREA LORA-MOO
WFGI 3 1.62e+0(3.90c-2)~ 1.68¢+0(0.09¢-2)+ 1.78¢+0(1.38¢-1)+ 1.68¢+0(7.59¢-2)+ 1.69e+0(1.08¢-D+ 1.92e+0(1.27e-1)+ 1.63e+0(3.69¢-2)
4 1.90e+0(6.54e-2)+  1.99e+0(1.02e-1)+  2.07e+0(1.47e-1)+  1.98e+0(1.06e-1)+  1.90e+0(8.14e-2)+  2.12e+0(8.95e-2)+  1.85e+0(7.27e-2)
6 2.30e+0(4.35e-2)+  2.36e+0(7.09e-2)+  2.41e+0(1.08e-1)+ 2.37e+0(9.06e-2)+  2.29e+0(7.24e-2)+  2.39e+0(8.81e-2)+  2.22e+0(6.71e-2)
8 2.64e+0(4.48¢-2)+  2.66e+0(7.65¢-2)+  2.60e+0(1.15e-1)+  2.62e+0(6.34e-2)+  2.55¢+0(6.82e-2)+  2.59e+0(4.96e-2)+  2.49e+0(7.00e-2)
10 2.88e+0(6.44e-2)+  2.78e+0(9.91e-2)+  2.65e+0(1.26e-1)~ 2.71e+0(1.27e-1)+  2.71e+0(1.22e-1)+  2.78e+0(1.04e-1)+  2.62e+0(7.81e-2)
WFG2 3 6.99¢-1(9.48e-2)+ 2.58e-1(4.09e-2)~  2.3%e-1(7.0le-2)~  4.68e-1(5.12e-2)+  4.30e-1(9.29¢-2)+  3.95e-1(7.73e-2)+  2.47e-1(4.89%¢-2)
4 974e-1(1.65e-1)+  32le-1(4.70e2)—  3.52e-1(5.16e-2)~  6.27e-1(1.42e-1)+  6.22e-1(1.45e-1)+  6.23e-1(1.69%-1)+  3.52e-1(5.74e-2)
6 1.77e+0(4.19¢-1)+  3.84e-1(7.38e-2)—  5.75e-1(1.00e-1)~  1.02e+0(4.94e-1)+  1.01e+0(4.70e-1)+  1.33e+0(4.17e-1)+  5.29%e-1(1.26e-1)
8 255e+0(748e-1)+  4.09e-1(1.34e-1)—  6.82e-1(1.43e-1)—  1.77e+0(8.24e-1)+  1.52e+0(6.54e-1)+  1.84e+0(4.86e-1)+  8.28e-1(1.52e-1)
10 3.49e+0(1.01e+0)+  4.18e-1(1.81e-1)—  8.19e-1(1.39e-1)—  2.49e+0(9.71e-1)+  2.19e+0(1.13e+0)+ 2.67e+0(8.17e-1)+  1.40e+0(2.64e-1)
WFG3 3 5.65e-1(4.14e-2)+  5.26e-1(5.99e-2)+  3.05e-1(6.02¢-2)+  4.87e-1(6.70e-2)+  4.42e-1(6.58e-2)+  3.67e-1(4.79¢-2)+  2.65e-1(5.63e-2)
4 7.12e-1(6.70e-2)+  6.35e-1(6.90e-2)+  533e-1(6.42e-2)+  5.75e-1(7.97e-2)+  5.24e-1(7.33¢-2)+  5.47e-1(6.00e-2)+  3.88¢-1(6.09¢-2)
6 7.42e-1(9.98e-2)+  6.24e-1(1.35e-1)~  7.25e-1(7.13e-2)+  6.91e-1(8.44e-2)+  5.60e-1(9.53e-2)~  7.62e-1(6.68e-2)+  6.04e-1(8.95¢-2)
8  7.74e-1(1.66e-1)~  7.26e-1(1.06e-1)~  8.46e-1(7.67e-2)+  6.83e-1(1.06e-1)—  5.18e-1(1.13e-1)—  8.26e-1(1.0le-1)+  7.58e-1(9.00e-2)
10 5.78¢-1(9.80e-2)—  5.54e-1(8.05¢-2)—  7.80e-1(8.72e-2)+ 4.91e-1(8.69¢-2)—  4.07e-19.40e-2)—  6.4de-1(1.04e-)~  6.92e-1(1.07e-1)
WFG4 3 474e-1(421e-2)+  3.78e-12.17e-2)+  3.42e-1(2.35e-2)+ 3.49e-1(3.80e-2)+  3.04e-1(2.99e-2)+  3.66e-1(6.70e-2)+  2.55e-1(3.20e-2)
4 8.04e-1(5.34e2)+  5.86e-1(3.17e-2)+  6.00e-1(6.42e-2)+ 7.81e-1(1.78e-1)+  6.15e-1(1.13e-1)+  9.50e-1(1.50e-1)+  4.85e-1(6.14e-2)
6  1.83e+0(3.74e-1)+  1.20e+0(1.52e-1)~  1.12e+0(1.55¢-D)~  2.78e+0(4.35¢-1)+ 2.26e+0(4.42e-1)+  2.56e+0(4.05e-1)+  1.21e+0(2.18¢-1)
8 3.39%+0(1.48e+0)x  2.33e+0(5.25e-1)~  2.15e+0(3.46e-1)—  5.15e+0(5.66e-1)+  4.22e+0(5.32e-1)4+  5.19e+0(4.73e-1)+  2.55e+0(5.66e-1)
10 3.27e+0(2.29e+0)—  4.00e+0(9.92e-1)~  3.45e+0(3.75e-1)— 7.46e+0(8.64e-1)+  6.61e+0(8.48e-1)+  7.03e+0(6.17e-1)+  3.92e+0(7.04e-1)
WFG5 3 2.07e-1(1.28¢2)—  3.0lc-13.82¢2)~  238c-1(7.04c2)—  3.98¢-1(3.166-2)+  3.93¢-1(5.70¢2)+  3.60e-1(741c2)+  3.49¢-1(1.55¢-1)
4 7.09%-1(1.4%e-1)—  5.32e-1(4.45¢-2)—  4.97e-1(4.53e-2)—  6.09¢-1(6.70e-2)—  6.13e-1(5.55¢-2)—  9.11e-1(6.00e-2)~  8.68e-1(7.81e-2)
6 2.38e+02.47e-1)+  1.07e+0(1.36e-1)—  1.38e+0(1.64e-1)—  1.89e+0(2.56e-1)+ 1.52e+0(2.17e-1)—  2.13e+0(1.77e-D)+  1.71e+0(1.09¢-1)
8  4.63e+0(2.8%-1)+  2.11e+0(5.15e-1)—  2.74e+0(4.81e-1)~ 4.13e+0(4.55e-1)+  3.26e+0(4.42e-1)+ 4.08e+0(2.55e-1)+  2.88e+0(2.00e-1)
10 6.67e+0(3.78e-1)+  2.48e+0(9.46e-1)—  3.13e+0(5.04e-1)—  5.90e+0(5.30e-1)4+  5.16e+0(5.38e-1)+  5.84e+0(5.37e-1)+  3.87e+0(3.50e-1)
WFG6 3 552c1(4.95¢-2)F  6.19¢-1(6.81e2)+  5.70e-1(8.76e-2)+  5.71e-1(3.326-2)+ _ 5.65e-1(543¢-2)+  5.09¢-1(5.01c-2)~  5.21e-1(1.15¢-1)
4 8.0%-1(7.65e-2)~  7.62e-1(9.60e-2)~  8.14e-1(6.51e-2)~  8.33e-1(7.44e-2)~  7.87e-1(7.30e-2)~  1.07e+0(7.09e-2)+  8.09e-1(1.12e-1)
6 2.25e+0(5.29e-1)4+  1.28e+0(1.52e-1)—  1.52e+0(9.93e-2)~  2.17e+0(3.22e-1)+  1.74e+0(2.70e-1)+  2.52e+0(2.20e-1)+  1.60e+0(1.5%-1)
8 3.63e+0(9.6%-1)+  1.50e+0(2.46e-1)—  2.66e+0(3.17e-1)~  3.96e+0(7.85¢-1)+ 3.41e+0(4.65¢-1)+  4.60e+0(3.93¢-1)+  2.72e+0(2.95¢-1)
10 6.42e+0(8.3%e-1)+  1.27e+0(1.06e-1)—  3.67e+0(3.06e-1)+  5.61e+0(7.46e-1)+  4.68e+0(6.46e-1)+  6.05e+0(7.21e-1)+  3.38e+0(4.60e-1)
WFG7 3 547e-1321e-2)+  5.38e-1(3.52e-2)+  4.97e-1(3.13e-2)+ 4.36e-1(3.98e-2)+  3.94e-1(4.46e-2)+  3.65e-1(5.17e-2)+  2.92e-1(2.42¢-2)
4 925e-1(9.05e-2)+  7.42e-1(3.50e-2)+  7.47e-1(3.15e-2)+  7.7de-1(1.3%-1)+  6.29e-1(5.40e-2)+  8.46e-1(1.05e-1)+  5.38e-1(5.32¢-2)
6 2.85e+0(3.54e-1)+  1.41e+0(1.08e-1)—  1.41e+0(1.36e-1)—  2.29e+0(4.59%-1)+  1.74e+0(2.09e-1)+  2.45e+0(2.22e-1)+  1.61e+0(1.56e-1)
8  537e+0(4.28e-1)+  2.59e+0(2.47e-1)—  2.40e+0(3.16e-1)—  4.51e+0(6.31e-1)+  3.62e+0(5.07e-1)4+  4.68e+0(3.37e-1)+  3.28e+0(2.02¢-1)
10 7.77e+0(5.41e-1)+  3.50e+0(4.76e-1)—  3.47e+0(3.98¢-1)—  6.92e+0(5.90e-1)+ 5.72e+0(6.38e-1)+  6.70e+0(4.31e-1)+  4.85e+0(3.42e-1)
WFG8 3 723e-1(3.76e-2)+  5.89%-12.95e-2)~  4.72e-1(4.57e-2)—  6.59¢-1(5.09¢-2)+  6.21le-1(4.47e-2)+  6.77e-1(4.74e-2)+  5.79e-1(4.03e-2)
4 1.19e+0(6.76e-2)+  1.01e+0(5.20e-2)—  9.25e-1(5.15e-2)—  1.14e+0(8.61e-2)+  1.07e+0(7.07e-2)~  1.30e+0(7.86e-2)+  1.07e+0(7.91e-2)
6 2.80e+0(3.88¢-1)+  1.82e+0(1.29e-1)—  1.96e+0(1.02¢-1)—  2.77e+0(1.80e-1)+  2.58e+0(2.23e-1)+  2.90e+0(2.21e-1)+  2.22e+0(1.47e-1)
8  523e+0(4.86e-1)4+  2.93e+0(4.96e-1)—  3.31e+0(2.44e-1)—  5.13e+0(3.86e-1)+  4.69e+0(4.63e-1)+  4.98e+0(3.05e-1)+  3.78e+0(3.27e-1)
10 7.43e+0(5.62e-1)+  2.74e+0(1.25e+0)—  4.75e+0(5.99e-1)—  7.03e+0(5.46e-1)+  6.52e+0(3.98e-1)+  6.74e+0(5.72e-1)+  5.03e+0(3.92¢-1)
WFG9 3 582e-1(7.28e-2)+  5.83e-1(7.77e-2)+  5.56e-1(9.06e-2)+  6.10e-1(1.00e-1)+  5.32e-1(I.12e-1)+  4.5Te-1(8.67e-2)+  3.82e¢-1(8.04e-2)
4 1.00e+0(1.88e-1)+  8.56e-1(1.30e-1)+  8.76e-1(1.43e-1)+  1.00e+0(1.56e-1)+  8.5%-1(2.0le-1)+  8.50e-1(1.15e-1)+  6.77e-1(9.61e-2)
6  272e+0(3.83¢-1)+  1.72e+0(2.90e-1)+  1.66e+0(2.48¢-1)+ 2.44e+0(325¢-1)+  1.87e+0(2.59%-1)+  2.17e+0(1.80¢e-1)+  1.45e+0(1.42¢-1)
8 5.14e+0(5.22e-1)+  3.05e+0(4.65e-1)+  2.82e+0(291le-1)~ 4.80e+0(4.05e-1)+  3.95e+0(4.95e-1)+  4.17e+0(3.83e-1)+  2.76e+0(3.72¢-1)
10 7.30e+0(5.37e-1)+  4.30e+0(8.6le-1)~  3.81e+0(4.78e-1)~  6.66e+0(5.44e-1)+ 5.47e+0(6.11e-1)+  5.75e+0(4.84e-1)+  3.98e+0(4.51e-1)
+/~ /- 37/4/4 16/10/19 18/11/16 41/1/3 38/3/4 42/3/0

H.3 HYV Results on DTLZ and WFG Optimization Problems

Tables [10]and [TT]report the HV optimization results of comparison algorithms on DTLZ and WFG
optimization problems, respectively. Since the calculation of HV values on 8- and 10-obj optimization
problems is very time-consuming, only the results obtained on 3-, 4-, and 6-objective optimization
problems are displayed. Consistent with the IGD an IGD+ results obtained on 3-, 4-, and 6-objectives,
our LORA-MOO achieves the best overall performance over all comparison algorithms, showing the
effectiveness of LORA-MOO on addressing expensive many-objective optimization problems.

H.4 Problems with Different Scales

In this subsection, we investigate the optimization performance of LORA-MOO when the number
of decision variables D is different. The experimental setups for all comparison algorithms are the
same as the setups used in previous benchmark optimization problems, but the setup for optimization
problems is different:

o The optimization problems have D = {5, 10, 20} decision variables and M = 3 objectives.

e When D =5 or 10, a dataset of size 11 D - 1 is used for surrogate initialization. When D
=20, since 11 D - 1 would be greater than our evaluation budget (300), the size of initial
dataset is set to 100.

Tables [T2] [T3] and[T4]report the obtained IGD, IGD+, and HV values on benchmark optimization
problems with different numbers of decision variables D, respectively. It can be seen from Table[12]
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Table 10: Statistical results of the HV value obtained by comparison algorithms on 21 DTLZ
optimization problems over 30 runs. Symbols ‘+’, ‘x’, ‘=’ denote LORA-MOO is statistically
significantly superior to, almost equivalent to, and inferior to the compared algorithms in the Wilcoxon
rank sum test (significance level is 0.05), respectively. The last row counts the total win/tie/loss
results.

Problems ParEGO KRVEA KTA2 CSEA REMO OREA LORA-MOO

DTLZI 0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)
0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)

0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~ 0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)

DTLZ2 1353e2222e2)+  26lc- 14602+  387e-1(6.59¢-3)—  1.55-1(3.85¢-2)0+  249e-1(3.32¢-2)+  349e-1(1.33e-2)+  3.77e-1(6.75¢-3)
6.06e-2(2.65¢-2)+  3.71e-1(6.43e-2)+  4.80e-1(1.34e-2)~  1.95e-1(3.26e-2)+  3.09-1(4.54e-2)+  3.87e-13.31e-2)+  4.75e-1(2.34e-2)

126e-1(1.87e-2)+  4.85e-1(4.22e-2)+  4.48e-1(7.23e-2)+  2.86e-1(4.80e-2)+  4.00e-1(4.15e2)+  3.66e-1(3.09-2)+  6.09-1(2.27e-2)

DTLZ3 0.00e+0(0.00¢+0)~ _ 0.00e+0(0.00e+0)~ _ 0.00e+0(0.00e+0)~ _0.00e+0(0.00e+0)~ _ 0.00e+0(0.00e+0)~ _0.00e+0(0.00e+0)~ _0.00e+0(0.00e+0)
0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)x  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)

0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~ 0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)

3.27e-3(6.73¢-3)+  8.79e-2(6.62e-2)+  8.14e-2(5.85e-2)+  1.46e-1(5.25¢-2)+  2.52e-1(6.25¢-2)+  3.66e-1(8.97e-2)~  3.93e-1(9.18¢-2)
2.14e-2(2.69¢-2)+  2.05e-1(9.66e-2)+  1.44e-1(8.78e-2)+  3.16e-1(6.50e-2)+  3.53e-1(7.16e-2)+  5.12e-1(5.37e-2)x~  5.17e-1(4.93¢-2)

DTLZ5 749e-3(1.04e-2)+  2.60e-2(1.04e-2)F  8.60e-2(1.99e-3)~  2.54e-2(9.46e-3)+  4.66e-2(1.02¢-2)+  8.48¢-2(1.78¢-3 §8.53¢-2(2.03¢-3)
4.12e-3(591e-3)+  235¢-2(7.10e3)+  331e-2(4.30e-3)+  1.10e-2(4.90e-3)+  1.65e-2(7.08¢-3)+  3.55¢-2(4.96e-3)~  3.73e-2(3.97¢-3)

1.75¢-3(1.88e-3)+  1.28e-2(2.87e-3)—  8.26e-3(2.88¢-3)~  5.75¢-3(3.24e-3)+  8.48e-3(3.87e-3)~  9.99¢-3(3.78e-3)~  9.23e-3(3.37e-3)

DTLZ6 3.91e-3(7.22e-3)+  0.00e+0(0.00e+0)+  0.00e+0(0.00e+0)+  0.00e+0(0.00e+0)+  0.00e+0(0.00e+0)+  3.52e-2(2.51e-2)+  4.91e-2(2.38e-2)
1.78e-3(2.86e-3)+  0.00e+0(0.00e+0)+  2.07e-5(1.11e-4)+  0.00e+0(0.00e+0)+  0.00e+0(0.00e+0)4  2.60e-4(9.64e-4)+  7.45e-3(9.93e-3)

1.28¢-3(2.18¢-3)x  0.00e+0(0.00e+0)+  1.10e-5(5.88¢-5)+  0.00e+0(0.00e+0)+  0.00e+0(0.00e+0)+  1.21e-0(6.50e-0)+  7.42e-4(2.53¢-3)

DTLZ7 T81e-1(440e2)F  2.53¢-10.02¢-3)~ 281e-1(3.28¢2)—  1.44e2231e-2)+ 211622952+  223e-1(3.95¢2)+  247e-1(3.63¢-2)
945e-2(3.19¢-2)+  195e-1(1.73e-2)x  2.36e-1(848e-3)—  4.80e-4(2.0de-3)+  1.20e-2(2.15e-2)+  1.0de-1(4.79%-2)+  1.88e-1(3.33e-2)

M
3
4
6
3
4
6
3
4
6
DILZ& 3 4.200-4203¢3)+  64262(5.54c2)F  8.85¢-2(753¢-2)+  653¢-2(342¢-2)+  1.99e-1(6.05¢-2)+  2.52¢-1(6.75¢-2)+  3.24¢-1(9.98¢-2)
4
6
3
4
6
3
4
6
3
4
6 3.12e2(1.83e-2)+  1.02e-1(1.04e-2)~  1.57e-1(1.62e2)—  5.56e-4(2.99e-3)+  1.55e-2(1.81e-2)+  8.8le-4(1.91e-3)+  1.05e-1(2.61e-2)

+/= /- 14/7/0 117971 8/9/4 15/6/0 14/7/0 10/11/0

Table 11: Statistical results of the HV value obtained by comparison algorithms on 27 WFG optimiza-
tion problems over 30 runs. Symbols ‘+’, ‘~’, ‘=’ denote LORA-MOQO is statistically significantly
superior to, almost equivalent to, and inferior to the compared algorithms in the Wilcoxon rank sum
test (significance level is 0.05), respectively. The last row counts the total win/tie/loss results.

ParEGO KRVEA KTA2 CSEA REMO OREA LORA-MOO
1.92e-1(2.65¢-2)— 1.09e-1(3.15¢-2)~  6.25¢-2(3.98e-2)+  8.61e-2(4.91e-2)~ 1.02e-1(4.70e-2)~  1.57e-2(2.69¢-2)+  1.07e-1(3.15¢-2)
207e-1(2.96e-2)—  1.14e-1(5.44e-2)+  7.27e-2(5.18¢-2)+  1.17e-1(5.34e-2)+ 1.66e-1(3.54e-2)~  2.84e-2(3.66e-2)+  1.70e-1(4.15¢-2)
2.16e-1(8.50e-3)~  1.46e-1(2.93¢-2)+  1.1le-1(4.99e-2)+ 1.23e-1(5.25¢-2)+ 1.76e-1(2.54e-2)+  1.12e-1(5.80e-2)+  2.11e-1(2.75¢-2)
5.76e-1(3.88e-2)+ 7.46e-12.87e-2)~ 7.11e-1(3.38e-2)+  6.57e-1(2.85e-2)+ 6.65e-1(4.44e-2)+  6.92e-1(2.96e-2)+  7.42e-1(3.11e-2)
6.14e-1(3.28e-2)+ 8.20e-1(3.33e-2)—  7.36e-1(3.33e-2)+  7.23e-1(4.35e-2)+ 7.06e-1(4.68e-2)+  7.21e-1(3.81e-2)+  7.79e-1(3.30e-2)
6.46e-1(5.10e-2)+ 8.51e-1(3.38e-2)~  8.26e-1(3.84e-2)~  7.80e-1(5.00e-2)+ 7.73e-1(5.46e-2)+  7.29e-1(4.17e-2)+  8.39%-1(3.76e-2)
1.04e-1(1.96e-2)+ 1.13e-1(1.80e-2)+  1.90e-1(2.71e-2)~  1.20e-1(1.90e-2)+ 1.27e-1(2.0le-2)+  1.62e-1(2.11e-2)+ 1.91e-1(2.20e-2)
3.10e2(2.15e-2)+  3.48e2(l.4le-2)+ 2.73e2(1.70e2)+  3.65e-2(2.01e-2)+ 4.07e-2(1.92e2)+  3.10e-2(2.15e-2)+  5.57e-2(1.56e-2)
1.10e-2(1.26e-2)—  1.39e-3(2.87e-3)—  0.00e+0(0.00e+0)~  6.59¢-5(2.13e-4)~  2.96e-3(8.32e-3)—  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)
1.74e-1(1.18e-2)+  2.18e-1(1.10e-2)+  2.44e-1(1.30e-2)+  2.37e-1(1.46e-2)+ 2.55e-1(1.52e-2)+  2.66e-1(2.01e-2)+  2.98e-1(1.58e-2)
2.12e-1(9.87e-3)+  2.97e-1(1.52e-2)+  3.18e-12.01e-2)+  2.96e-1(2.19e-2)+ 3.33e-1(2.24e-2)+  2.97e-1(1.89¢-2)+  3.91e-1(1.96e-2)
2.50e-1(1.18¢-2)+  4.09e-1(3.09¢-2)+  4.38e-1(2.23¢-2)+  3.16e-1(2.50e-2)+ 3.78¢-1(2.82e-2)+  3.19e-1(2.08¢-2)+  4.78¢-1(2.39¢-2)

Problems M
3
4
6
3
4
6
3
4
6
3
4
6

WEG5 3 298e-1(1.33e-2)— 2.55e-1(2.28e-2)~  2.98e-1(4.75e-2)—  2.03e-1(1.32e-2)+ 2.08e-1(2.74e-2)+  2.45e-1(3.4%9¢-2)+  2.51e-1(6.54¢-2)
4
6
3
4
6
3
4
6
3
4
6
3
4
6

WEFGI

WEG2

WFG3

WFG4

3.19e-1(2.64e-2)—  3.21e-1(2.50e-2)—  3.63e-1(3.37e2)—  2.92e-12.21e-2)— 2.83¢-1(2.44e-2)—  2.16e-1(1.31e-2)—  2.05e-1(3.01e-2)
3.39%-1(2.37e-2)—  4.17e-1(3.07e-2)—  3.72e-1(3.17e-2)—  3.46e-1(2.51e-2)— 3.53e-1(243e-2)—  2.78e-1(1.48e-2)—  2.66e-1(2.60e-2)
[.15e-1(2.24e-2)+ 1.20e-12.10e-2)+  1.59e-1(3.72e-2)+ 1.29e-12.01e-2)+ 1.31e-1(1.90e-2)+  1.87e-1(1.98e-2)~  1.85e-1(4.25¢-2)
1.83¢-1(1.87e-2)+ 2.18e-1(3.46e-2)~  2.17e-12.49%2)~  1.87e-1(2.16e-2)+ 2.05e-1(2.17e2)~  1.96e-1(1.60e-2)+  2.33e-1(5.01e-2)
2.30e-1(2.14e-2)+ 2.75e-1(4.76e-2)+  3.15e-1(2.12e-2)~  2.49e-1(1.8%e-2)+ 2.93e-1(3.03e-2)+  2.42e-1(1.28e-2)+  3.1le-1(2.91e-2)
1.43e-1(8.60e-3)+ 1.44e-1(1.11e-2)+  1.75e-1(1.26e-2)+  1.91e-1(1.74e-2)+ 2.13e-1(2.05e-2)+  2.53e-1(1.32e-2)+  2.87e-1(1.30e-2)
1.91e-1(1.45e-2)+  2.22e-1(1.23e-2)+  2.36e-1(1.09¢-2)+  2.42e-1(1.97e-2)+ 2.90e-1(2.08e-2)+  2.83e-1(1.74e-2)+  3.66e-1(2.21e-2)
2.25e-1(1.42e-2)+  3.24e-1(2.4%e-2)+  3.38e-1(2.8%e-2)+  3.16e-1(3.37e-2)+  3.77e-1(2.50e-2)+  3.07e-1(1.80e-2)+  4.06e-1(2.28e-2)
939e-2(1.0le-2)+ 1.48e-10946e-3)+ 2.14e-1(1.6le-2)— 124e-1(1.35e-2)+ 1.32e-1(1.24e-2)+ 1.60e-1(1.44e-2)+  1.84e-1(9.51e-3)
132e-1(1.22e-2)+  2.03e-1(1.8le-2)~  2.17e-1(1.76e-2)—  1.57e-1(1.81e-2)+ 1.79e-1(1.75e-2)+  1.80e-1(1.38e-2)+  1.95¢-1(2.50e-2)
1.81e-1(1.26e-2)+  2.59%e-1(2.37e-2)—  2.58e-1(1.13e-2)—  2.18e-1(2.14e-2)+ 2.62e-1(2.31e-2)—  2.17e-1(1.19e-2)+ 2.40e-1(2.32¢-2)
1.22e-1(1.94e-2)+ 1.28e-1(2.33e-2)+ 1.50e-1(3.21e-2)+ 1.39e-1(2.58e-2)+ 1.67e-1(3.64e-2)+ 2.23e-1(2.82e-2)+  2.46e-1(3.68¢-2)
174e-1327e-2)+ 2.08e-1(3.51e-2)+  2.0de-1(2.90e-2)+  1.87e-1(3.11e-2)+ 2.35e-1(4.04e-2)+  2.63e-1(2.48e-2)+  3.06e-1(4.82¢-2)
2.14e-1(2.85e-2)+ 3.31e-1(5.50e-2)+  3.65e-1(5.25e-2)~  2.76e-1(3.85e-2)+ 3.62e-1(3.76e-2)+  2.90e-1(2.96e-2)+  3.89%-1(3.60e-2)
+/~ /- 20/1/6 16/6/5 15/6/6 23/2/2 20/3/4 23/2/2

WEG6

WFG7

WEFGS

WFG9

that LORA-MOO outperforms all comparison algorithms on DTLZ optimization problems when D
=5, 10, and 20. In addition, KTA2 reaches competitive optimization results on many optimization
problems. The observations from Tables[I3]and[I4] have demonstrated consistent conclusions.
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Table 12: Statistical results of the IGD value obtained by comparison algorithms on 5D, 10D, and
20D DTLZ optimization problems over 30 runs. Symbols ‘+’, ‘x’, ‘=’ denote LORA-MOO is
statistically significantly superior to, almost equivalent to, and inferior to the compared algorithms in
the Wilcoxon rank sum test (significance level is 0.05), respectively. The last row counts the total

win/tie/loss results.

Problems D ParEGO KRVEA KTA2 CSEA REMO OREA LORA-MOO
DTLZI 5  1.24e+1(4.40e+0)+ 7.19e+0(3.77e+0)+ 4.00e+0(2.28e+0)~ 5.71e+0(2.66e+0)~ 5.97e+0(2.98e+0)~ 2.27e+0(1.45e+0)— 4.78e+0(2.80e+0)
10 5.98e+1(3.81e+0)+ 8.88e+1(2.16e+1)+ 4.75e+1(1.55e+1)~ 6.30e+1(1.69e+1)+ 5.06e+1(1.49¢e+1)+ 4.44e+1(1.38e+1)~ 4.35e+1(1.80e+1)
20 1.59e+2(1.56e+1)—  3.12e+2(3.79%e+1)~ 2.48e+2(3.66e+1)— 2.35e+2(3.47e+1)— 2.0le+2(3.95e+1)— 2.94e+2(3.78e+1)~ 2.91e+2(3.98e+1)
DTLZ2 5 18le-1(126e2)+  6.066-2(2.40e-3)+  4.39¢-2(1.1le3)~  1.03e-1(7.78¢3)+  7.94¢-2(7.71e-3)+  6.55¢-2(6.87¢-3)+  4.36¢-2(2.15¢-3)
10 3.38e-1(2.84e-2)+  1.32e-1(2.77e-2)+  6.17e-2(3.13e-3)~  2.26e-1(2.61e-2)+  1.65e-1(2.18e-2)+  8.59e-2(8.51e-3)+  6.19e-2(3.48e-3)
20 7.05e-1(12le-1)+  6.66e-1(7.34e-2)+  2.85¢-1(5.83¢-2)+  5.17e-1(6.66e-2)+  4.00e-1(7.02¢-2)+  1.62e-1(3.35e-2)+  1.02e-1(1.36¢-2)
DTLZ3 5 3.07c+1(I.17e+D)+ 1.91c+1(9.12e+0)~ IL.17e+1(6.12¢+0)~ 1.58e+1(7.60c+0)~ 1.61c+1(9.16e+0)~ 6.78¢+0(4.79¢+0)—  1.51¢+1(9.406+0)
10 1.66e+2(1.31e+1)+ 243e+2(4.6le+1)+ 1.52e+2(4.73e+1)~ 1.62e+2(4.84e+1)~ 1.49e+2(3.88e+1)~ 1.26e+2(3.18e+1)— 1.57e+2(3.83e+1)
20 4.32e+2(1.78e+1)—  9.11e+2(8.72e+1)~  7.23e+2(1.38e+2)—  7.12e+2(1.10e+2)—  5.86e+2(1.18e+2)—  7.81e+2(1.20e+2)—  8.58e+2(1.31e+2)
DTLZA 5 433c-1(555¢-2)~  135e-1(6.05e-2)~  1.68e-1(1.22¢-1)~  433e-1(1.54e-1)+  1.60e-1(6.12¢-2)~  2.91e-1(2.44e-1)~  3.96e-1(3.71e-1)
10 6.70e-1(7.61e-2)+  3.32e-1(1.1le-1)+  3.49e-1(1.09e-1)+  4.62e-1(1.36e-1)+  2.3le-1(1.15e-1)+  2.39e-1(1.65e-1)+  1.89e-1(2.34e-1)
20 1.02e+0(1.04e-1)4+  8.32e-1(1.36e-1)+  7.76e-1(1.29e-1)+  7.1le-1(1.74e-1)4+  5.5le-1(1.18e-1)+  5.27e-12.75e-1)+  4.0le-1(3.28¢-1)
DTLZ5 5 4.160209.61e3)+  231e-2(3.02¢-3)+  3.57¢-3(2.35¢-4)—  2.18e-2(3.22e-3)+  1.49¢-2(3.28¢-3)+  1.12¢-2(5.73¢-3)+ _ 4.20e-3(6.92¢-4)
10 2.16e-1(4.45e-2)+  1.19e-1(3.38e-2)+  1.34e-2(2.83e-3)~  1.18e-1(2.56e-2)+  7.36e-2(2.03e-2)+  2.02e-2(4.77e-3)+  1.26e-2(2.55¢-3)
20 6.05e-1(143e-1)+  6.16e-1(741e-2)+  2.13e-1(5.07e-2)+  4.84e-1(8.14e-2)+  3.60e-1(8.07¢-2)+  8.11e-2(3.39e-2)+  4.32e-2(1.45¢-2)
DTLZ6 5 457e-2(I.11e-2)+  4.69e-1(1.54e-1)+  2.68e-1(1.0Te-I)+  7.65e-1(4.09¢-1)+  4.08e-1(2.59%-1)+  2.57e-2(2.92e-2)~  2.98e-2(3.53e-2)
10 3.15e-1(1.62e-1)4+  3.06e+0(5.21e-1)+  1.83e+0(4.37e-1)+  4.86e+0(6.30e-1)+  4.27e+0(5.49¢-1)+  3.09e-1(3.99¢e-1)+  1.18e-1(1.57e-1)
20 3.54e+0(1.04e+0)x  1.10e+1(7.15e-1)+ 8.72e+0(1.0le+0)~  1.33e+1(8.48¢e-1)+  1.23e+1(7.84e-1)+  7.06e+0(3.05e+0)~  6.81e+0(5.11e+0)
DTLZ7 5 1.87e-12.40e-2)+  1.07e-1(1.50e-2)+  6.66e-2(4.28e-2)—  5.67e-1(2.78e-1)+  2.30e-1(1.07e-1)+  3.05e-1(2.0Te-1)+  T.4Te-1(1.50e-T)
10 245e-1(4.80e-2)+  1.35e-12.37e2)~  2.19e-1(2.40e-1)—  1.75e+0(6.32e-1)+  1.27e+0(5.65e-1)+  2.73e-1(1.58e-1)+  2.0le-1(1.93e-1)
20 2.67c-1(4.98e-2)~  4.17e-1(2.04e-1)+  4.69%-1(2.56e-1)+  3.69e+0(9.09-1)+  2.62e+0(7.33e-1)+  4.77e-1(2.53e-1)+  2.99e-1(2.51e-1)
+/~ /- 16/3/2 16/5/0 71975 16/3/2 15/472 12/5/4

Table 13: Statistical results of the IGD+ value obtained by comparison algorithms on 5D, 10D, and
20D DTLZ optimization problems over 30 runs. Symbols ‘+’, ‘~’, ‘=’ denote LORA-MOO is
statistically significantly superior to, almost equivalent to, and inferior to the compared algorithms in
the Wilcoxon rank sum test (significance level is 0.05), respectively. The last row counts the total

win/tie/loss results.

Problems D ParEGO KRVEA KTA2 CSEA REMO OREA LORA-MOO
DTLZI 5 1.24e+1(4.40e+0)+ 7.19e+0(3.77e+0)+ 4.00e+0(2.28e+0)~ 5.70e+0(2.67e+0)~ 5.97e+0(2.98¢+0)~ 2.27e+0(1.45e+0)— 4.78e+0(2.81e+0)
10 5.98¢+1(3.81e+0)+ 8.88e+1(2.16e+1)+ 4.75e+1(1.55e+1)~  6.30e+1(1.69e+1)+  5.06e+1(1.49e+1)+ 4.4de+1(1.38e+1)~  4.35e+1(1.80e+1)
20  1.59e+2(1.56e+1)—  3.12e+2(3.79%e+1)~  2.48e+2(3.66e+1)— 2.35e+2(3.47e+1)— 2.01e+2(3.95e+1)—  2.94e+2(3.78e+1)~  2.91e+2(3.98e+1)
DTLZZ 5 1.01e-1(7.98¢3)F  2.86c-2(9.66e-4)+  1.94¢:2(620c-4)—  5.24c-2(6.84¢3)+  3.83c2(4.18¢3)%  3.92¢-2(5.96e3)+  2.30e-2(2.07¢-3)
10 2.6le-1(3.63e-2)+  9.22e-2(2.57e-2)+  3.82¢-2(3.29%-3)—  1.60e-1(2.76e-2)+  1.01e-1(1.75¢-2)+  5.86e-2(8.28e-3)+  4.47e-2(3.35¢-3)
20 6.51e-1(1.3%e-1)+  6.36e-1(7.19e-2)+  2.6le-1(5.87e-2)+  4.69e-1(6.69e-2)+  3.56e-1(8.04e-2)+  1.39e-1(3.02e-2)+  8.36e-2(1.22e-2)
DTLZ3 5 3.07e+I(I.17e+)+ 191c+1(9.13¢+0)~ IL.17e+1(6.15c+0)~ 1.58¢+1(7.6lc+0)~ 1.61e+1(9.16c+0)~ 6.77¢+0(4.80¢+0)—  1.51c+1(9.41c+0)
10 1.66e+2(1.31e+1)+ 2.43e+2(4.6le+1)+ 1.52e+2(4.73e+1)~ 1.62e+2(4.84e+1)~ 1.49e+2(3.88e+1)~ 1.26e+2(3.18e+1)— 1.57e+2(3.83e+1)
20 4.32e+2(1.78e+1)—  9.11e+2(8.72e+1)~ 7.23e+2(1.38e+2)—  7.12e+2(1.10e+2)— 5.86e+2(1.18e+2)— 7.81e+2(1.20e+2)— 8.58e+2(1.31e+2)
DTLZF 5 188c-13.03c2)~  7T4lc2(d55¢2)~  139¢2(5.63c2)~  1.80c-1(7.75¢2)F  6.0262(2.08¢2)~  1.24c-1(1.32¢-D)~  1.96c-1(2.08¢-1)
10 4.57e-1(7.52e-2)+  2.66e-1(1.02e-1)4+  2.33e-1(8.36e-2)+  2.34e-1(7.76e-2)+  1.32e-1(6.41e-2)+  1.07e-1(9.68e-2)+  8.96e-2(1.25¢-1)
20 6.79e-1(1.38¢e-1)+  7.74e-1(1.34e-1)+  6.65e-1(1.18e-1)+  5.50e-1(1.44e-1)+  4.63e-1(8.22e-2)+  3.16e-1(1.90e-1)+  2.27e-1(2.02e-1)
DTLZ5 5 237¢2(3.64c3)F  1.30e2(1.76e3)F  1.65¢3(1.03e-d)—  1.26e2(2.08¢3)F  7.74e3(1.49¢3)F  6.37e3(2.67¢3)+  2.48¢-3(5.73c-4)
10 1.60e-1(4.40e-2)+  9.18e-2(2.76e-2)+  8.66e-3(1.96e-3)~  9.58e-2(2.60e-2)+  5.78e-2(1.81e-2)+  1.59e-2(5.12e-3)+  9.40e-3(1.93e-3)
20 5.52-1(1.50e-1)+  59le-1(7.98¢-2)+  2.0le-1(5.29¢-2)+ 4.67e-1841e-2)+ 3.49%-1(83le-2)+ 7.69e-2(3.31e2)+  3.93e-2(1.41e-2)
DTLZ6 5 247¢2(6.71e3)+ 3.8%-1(1.88e-D+  2.13e¢-1(1.02e- 1)+  7.13¢-1(442e-)+  3.6dc-1(2.75e- 1)+  9.09¢-3(0.88¢-3)~  1.17e-2(1.30¢-2)
10 242e-1(1.07e-1)+  3.05e+0(5.23e-1)+  1.82e+0(4.48e-1)+  4.85e+0(6.38e-1)+  4.27e+0(5.48e-1)+  2.35e-1(4.14e-1)+  6.74e-2(1.55¢-1)
20 3.49e+0(1.06e+0)~  1.10e+1(7.14e-1)+  8.71e+0(1.0le+0)~  1.33e+1(8.47e-1)+  1.23e+1(7.85¢-1)+  7.04e+0(3.06e+0)~  6.77e+0(5.15¢+0)
DTLZ7 5 7.68¢2(131c2)F  4.68c2(4.64c3)F  3.5262(2.90c2)~  4.46e-12.65c-)F  1.55¢-1(83262)%  2.04c-1(1.80c-1)+  8.42e-2(1.14e-1)
10 1.10e-1(3.57e-2)+  7.39%e-2(1.52e-2)~  1.54e-1(1.97e-1)—  1.65e+0(6.43e-1)+  1.20e+0(5.73e-1)+  1.79%-1(1.20e-1)+  1.38e-1(1.53e-1)
20 1.38e-1(4.67e-2)~  330e-1(1.80e-1)+  3.60e-1(2.27e-1)+  3.65e+0(9.08e-1)+  2.61e+0(7.28¢-1)+  4.15e-1(2.30e-1)+  2.28¢-1(2.10e-1)
+/~ /- 16/3/2 16/5/0 71816 16/3/2 15/42 12/5/4
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Table 14: Statistical results of the HV value obtained by comparison algorithms on 5D, 10D, and
20D DTLZ optimization problems over 30 runs. Symbols ‘+’, ‘x’, ‘=’ denote LORA-MOO is
statistically significantly superior to, almost equivalent to, and inferior to the compared algorithms in
the Wilcoxon rank sum test (significance level is 0.05), respectively. The last row counts the total
win/tie/loss results.

Problems D ParEGO KRVEA KTA2 CSEA REMO OREA LORA-MOO
DTLZI 5 0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~ 0.00e+0(0.00e+0)~ 0.00e+0(0.00e+0)~ 0.00e+0(0.00e+0)~  6.38e-4(3.44e-3)~ 1.10e-2(5.92e-2)
10 0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)
20 0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)
DTLZZ 5  2.15¢-1(1.98¢2)%  4.00c-1(2.88¢3)F  4.26e-1(1.70e-3)—  3.39¢-1(1.61c2)+  3.78c-1(1.08¢-2)%  3.83c-1(1.22¢2)+ 4 21e-1(4.35¢3)
10 4.53e-2(2.22e-2)+  2.6le-1(4.46e-2)+  3.87e-1(6.59e-3)—  1.55e-1(3.85e-2)+  2.49e-1(3.32e-2)+  3.49e-1(1.33e-2)+  3.77e-1(6.75¢-3)
20 1.02¢3(3.44e3)+  T4le-5(3.74e-d)+  8.31e2(4.46e-2)+  591e-3(9.22e3)+  3.81e2(2.47e-2)+  2.38e-12.81e2)+  3.0le-1(2.25¢-2)
DTLZ3 5 0.00e+0(0.00e+0)~ 0.00e+0(0.00c+0)~ _0.00e+0(0.00e+0)~ 0.00e+0(0.00c+0)~ _0.00e+0(0.00e+0)~ _0.00e+0(0.00c+0)~ _0.00e+0(0.00c+0)
10 0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)
20 0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)
DTLZF 5 228¢202.65¢2)F  2.93c-1(7.80e2)~  3.02¢-1(832e-2)~  1.876-1(5.36e2)F  3.07-1(.766-2)~  2.65¢-1(1.1Te-)~  2.49¢-1(1.66¢-1)
10 4.20e-4(2.03e-3)+  6.42e-2(5.54e-2)+  8.85e-2(7.53e-2)+  6.53e-2(3.42e-2)+  1.99e-1(6.05e-2)+  2.52e-1(6.75e-2)+  3.24e-1(9.98e-2)
20 0.00e+0(0.00e+0)+  0.00e+0(0.00e+0)+  8.09e-4(2.67¢-3)+  1.20e-3(5.76e-3)+  6.38¢-3(8.46¢-3)+  8.86e-2(6.97e-2)+  1.97e-1(1.08¢-1)
DTLZ5 5  7.09¢2(2.85¢3)+  7.93¢-2(2.59¢-3)+  9.36e-2(1.60c-4)—  8.00c-2(2.29¢-3)+  8.58¢-2(2.4%-3)+  9.14e-2(6.46e-4)+  9.27¢-2(5.11c-4)
10 7.49e-3(1.04e-2)+  2.60e-2(1.04e-2)+  8.60e-2(1.99e-3)~  2.54e-2(9.46e-3)+  4.66e-2(1.02e-2)+  8.48e-2(1.78e-3)~  8.53e-2(2.03e-3)
20  4.12e-5(2.22e-4)+  0.00e+0(0.00e+0)+  1.00e-2(1.02e-2)+  0.00e+0(0.00e+0)+  9.09e-4(2.11e-3)+ 5.09e-2(7.32e-3)+ 6.15e-2(7.35e-3)
DTLZ6 5 6.52e-2(7.55¢-3)+  6.06e-3(1.28e-2)+  3.10e-2(1.98e-2)+  3.56e-3(1.03e-2)+  1.93e-2(2.10e-2)+  8.70e-2(8.64e-3)—  7.68e-2(1.94e-2)
10 3.91e-3(7.22e-3)+  0.00e+0(0.00e+0)+  0.00e+0(0.00e+0)4  0.00e+0(0.00e+0)+  0.00e+0(0.00e+0)+  3.52e-2(2.51e-2)+  4.91e-2(2.38e-2)
20 0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  0.00e+0(0.00e+0)~  2.06e-3(7.33e-3)
DTLZ7 5 229e-1223e-2)+  2.82e-1(5.98¢-3)+  3.08e-1(7.28e-3)—  1.90e-1(3.80e-2)+  2.24e-1Q2.41e-2)+  2.49e-1(4.23e-2)+  2.84e-1(3.96e-2)
10 1.8le-1(4.40e-2)+  2.53e-1(9.02e-3)~  2.81e-1(3.28e-2)—  1.44e-2(2.31e-2)+  2.11e-2(2.95e-2)+  2.23e-1(3.95e-2)+  2.47e-1(3.63e-2)
20 1.59e-1(4.85e-2)+  1.56e-1(4.53e-2)+  2.21e-1(3.02e-2)~  0.00e+0(0.00e+0)+  1.56e-6(8.40e-6)+  1.15e-1(4.03e-2)+  2.03e-1(4.17¢-2)
+/~ /- 14/7/0 12/9/0 6/10/5 14770 13/8/0 11/9/1

NeurlIPS Paper Checklist

1. Claims

Question: Do the main claims made in the abstract and introduction accurately reflect the
paper’s contributions and scope?

Answer: [Yes]
Justification: Claims we made accurately reflect the paper’s contributions and scope.
Guidelines:
e The answer NA means that the abstract and introduction do not include the claims
made in the paper.

o The abstract and/or introduction should clearly state the claims made, including the
contributions made in the paper and important assumptions and limitations. A No or
NA answer to this question will not be perceived well by the reviewers.

e The claims made should match theoretical and experimental results, and reflect how
much the results can be expected to generalize to other settings.

e It is fine to include aspirational goals as motivation as long as it is clear that these goals
are not attained by the paper.

. Limitations

Question: Does the paper discuss the limitations of the work performed by the authors?
Answer: [Yes]

Justification: When the number of objectives is large, there would be many non-dominated
solutions in the archive, however, we have introduced artificial ordinal relations in our
surrogate modeling procedure to alleviate this limitation.

Guidelines:
e The answer NA means that the paper has no limitation while the answer No means that
the paper has limitations, but those are not discussed in the paper.
e The authors are encouraged to create a separate "Limitations" section in their paper.

e The paper should point out any strong assumptions and how robust the results are to
violations of these assumptions (e.g., independence assumptions, noiseless settings,
model well-specification, asymptotic approximations only holding locally). The authors
should reflect on how these assumptions might be violated in practice and what the
implications would be.
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o The authors should reflect on the scope of the claims made, e.g., if the approach was
only tested on a few datasets or with a few runs. In general, empirical results often
depend on implicit assumptions, which should be articulated.

o The authors should reflect on the factors that influence the performance of the approach.
For example, a facial recognition algorithm may perform poorly when image resolution
is low or images are taken in low lighting. Or a speech-to-text system might not be
used reliably to provide closed captions for online lectures because it fails to handle
technical jargon.

e The authors should discuss the computational efficiency of the proposed algorithms
and how they scale with dataset size.

o If applicable, the authors should discuss possible limitations of their approach to
address problems of privacy and fairness.

e While the authors might fear that complete honesty about limitations might be used by
reviewers as grounds for rejection, a worse outcome might be that reviewers discover
limitations that aren’t acknowledged in the paper. The authors should use their best
judgment and recognize that individual actions in favor of transparency play an impor-
tant role in developing norms that preserve the integrity of the community. Reviewers
will be specifically instructed to not penalize honesty concerning limitations.

3. Theory Assumptions and Proofs

Question: For each theoretical result, does the paper provide the full set of assumptions and
a complete (and correct) proof?

Answer: [NA|
Justification: Not applicable.
Guidelines:

e The answer NA means that the paper does not include theoretical results.

e All the theorems, formulas, and proofs in the paper should be numbered and cross-
referenced.

o All assumptions should be clearly stated or referenced in the statement of any theorems.

e The proofs can either appear in the main paper or the supplemental material, but if
they appear in the supplemental material, the authors are encouraged to provide a short
proof sketch to provide intuition.

o Inversely, any informal proof provided in the core of the paper should be complemented
by formal proofs provided in appendix or supplemental material.

e Theorems and Lemmas that the proof relies upon should be properly referenced.

. Experimental Result Reproducibility

Question: Does the paper fully disclose all the information needed to reproduce the main ex-
perimental results of the paper to the extent that it affects the main claims and/or conclusions
of the paper (regardless of whether the code and data are provided or not)?

Answer: [Yes]
Justification: Experimental setups are described in detail.
Guidelines:

e The answer NA means that the paper does not include experiments.

o If the paper includes experiments, a No answer to this question will not be perceived
well by the reviewers: Making the paper reproducible is important, regardless of
whether the code and data are provided or not.

o If the contribution is a dataset and/or model, the authors should describe the steps taken
to make their results reproducible or verifiable.

e Depending on the contribution, reproducibility can be accomplished in various ways.
For example, if the contribution is a novel architecture, describing the architecture fully
might suffice, or if the contribution is a specific model and empirical evaluation, it may
be necessary to either make it possible for others to replicate the model with the same
dataset, or provide access to the model. In general. releasing code and data is often
one good way to accomplish this, but reproducibility can also be provided via detailed
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instructions for how to replicate the results, access to a hosted model (e.g., in the case

of a large language model), releasing of a model checkpoint, or other means that are

appropriate to the research performed.

e While NeurIPS does not require releasing code, the conference does require all submis-
sions to provide some reasonable avenue for reproducibility, which may depend on the
nature of the contribution. For example
(a) If the contribution is primarily a new algorithm, the paper should make it clear how

to reproduce that algorithm.

(b) If the contribution is primarily a new model architecture, the paper should describe
the architecture clearly and fully.

(c) If the contribution is a new model (e.g., a large language model), then there should
either be a way to access this model for reproducing the results or a way to reproduce
the model (e.g., with an open-source dataset or instructions for how to construct
the dataset).

(d) We recognize that reproducibility may be tricky in some cases, in which case
authors are welcome to describe the particular way they provide for reproducibility.
In the case of closed-source models, it may be that access to the model is limited in
some way (e.g., to registered users), but it should be possible for other researchers
to have some path to reproducing or verifying the results.

5. Open access to data and code

Question: Does the paper provide open access to the data and code, with sufficient instruc-
tions to faithfully reproduce the main experimental results, as described in supplemental
material?

Answer:

Justification: Will release our code after acceptation, or we can provide the code if any
reviewers are interested in it during the review process. Anyway, the details about the code
have already described in the paper.

Guidelines:

e The answer NA means that paper does not include experiments requiring code.

e Please see the NeurIPS code and data submission guidelines (https://nips.cc/
public/guides/CodeSubmissionPolicy) for more details.

e While we encourage the release of code and data, we understand that this might not be
possible, so “No” is an acceptable answer. Papers cannot be rejected simply for not
including code, unless this is central to the contribution (e.g., for a new open-source
benchmark).

e The instructions should contain the exact command and environment needed to run to
reproduce the results. See the NeurIPS code and data submission guidelines (https:
//nips.cc/public/guides/CodeSubmissionPolicy) for more details.

o The authors should provide instructions on data access and preparation, including how
to access the raw data, preprocessed data, intermediate data, and generated data, etc.

e The authors should provide scripts to reproduce all experimental results for the new
proposed method and baselines. If only a subset of experiments are reproducible, they
should state which ones are omitted from the script and why.

e At submission time, to preserve anonymity, the authors should release anonymized
versions (if applicable).

e Providing as much information as possible in supplemental material (appended to the
paper) is recommended, but including URLSs to data and code is permitted.

6. Experimental Setting/Details

Question: Does the paper specify all the training and test details (e.g., data splits, hyper-
parameters, how they were chosen, type of optimizer, etc.) necessary to understand the
results?

Answer: [Yes]
Justification: We have described all the details about of experiments.

Guidelines:
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e The answer NA means that the paper does not include experiments.
e The experimental setting should be presented in the core of the paper to a level of detail
that is necessary to appreciate the results and make sense of them.

o The full details can be provided either with the code, in appendix, or as supplemental
material.

7. Experiment Statistical Significance

Question: Does the paper report error bars suitably and correctly defined or other appropriate
information about the statistical significance of the experiments?

Answer: [Yes]

Justification: We have conducted statistical tests in our experiments, error bars are plotted in
figures.

Guidelines:

e The answer NA means that the paper does not include experiments.

e The authors should answer "Yes" if the results are accompanied by error bars, confi-
dence intervals, or statistical significance tests, at least for the experiments that support
the main claims of the paper.

o The factors of variability that the error bars are capturing should be clearly stated (for
example, train/test split, initialization, random drawing of some parameter, or overall
run with given experimental conditions).

e The method for calculating the error bars should be explained (closed form formula,
call to a library function, bootstrap, etc.)

e The assumptions made should be given (e.g., Normally distributed errors).

o [t should be clear whether the error bar is the standard deviation or the standard error
of the mean.

e [t is OK to report 1-sigma error bars, but one should state it. The authors should
preferably report a 2-sigma error bar than state that they have a 96% CI, if the hypothesis
of Normality of errors is not verified.

e For asymmetric distributions, the authors should be careful not to show in tables or
figures symmetric error bars that would yield results that are out of range (e.g. negative
error rates).

e If error bars are reported in tables or plots, The authors should explain in the text how
they were calculated and reference the corresponding figures or tables in the text.

8. Experiments Compute Resources

Question: For each experiment, does the paper provide sufficient information on the com-
puter resources (type of compute workers, memory, time of execution) needed to reproduce
the experiments?

Answer: [Yes]

Justification: A runtime comparison experiment is reported in the end of our experiment
section. We did not provide information about compute workers and memory since our
experiments do not have specific requirements on memory or other computation resource.

Guidelines:

e The answer NA means that the paper does not include experiments.

e The paper should indicate the type of compute workers CPU or GPU, internal cluster,
or cloud provider, including relevant memory and storage.

e The paper should provide the amount of compute required for each of the individual
experimental runs as well as estimate the total compute.

o The paper should disclose whether the full research project required more compute
than the experiments reported in the paper (e.g., preliminary or failed experiments that
didn’t make it into the paper).

9. Code Of Ethics

Question: Does the research conducted in the paper conform, in every respect, with the
NeurIPS Code of Ethics https://neurips.cc/public/EthicsGuidelines?
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10.

11.

Answer: [NA]
Justification: Not applicable.
Guidelines:

e The answer NA means that the authors have not reviewed the NeurIPS Code of Ethics.

o If the authors answer No, they should explain the special circumstances that require a
deviation from the Code of Ethics.

e The authors should make sure to preserve anonymity (e.g., if there is a special consid-
eration due to laws or regulations in their jurisdiction).

Broader Impacts

Question: Does the paper discuss both potential positive societal impacts and negative
societal impacts of the work performed?

Answer:
Justification: Our algorithm has no potential negative social impacts.
Guidelines:

e The answer NA means that there is no societal impact of the work performed.

o If the authors answer NA or No, they should explain why their work has no societal
impact or why the paper does not address societal impact.

e Examples of negative societal impacts include potential malicious or unintended uses
(e.g., disinformation, generating fake profiles, surveillance), fairness considerations
(e.g., deployment of technologies that could make decisions that unfairly impact specific
groups), privacy considerations, and security considerations.

e The conference expects that many papers will be foundational research and not tied
to particular applications, let alone deployments. However, if there is a direct path to
any negative applications, the authors should point it out. For example, it is legitimate
to point out that an improvement in the quality of generative models could be used to
generate deepfakes for disinformation. On the other hand, it is not needed to point out
that a generic algorithm for optimizing neural networks could enable people to train
models that generate Deepfakes faster.

o The authors should consider possible harms that could arise when the technology is
being used as intended and functioning correctly, harms that could arise when the
technology is being used as intended but gives incorrect results, and harms following
from (intentional or unintentional) misuse of the technology.

o If there are negative societal impacts, the authors could also discuss possible mitigation
strategies (e.g., gated release of models, providing defenses in addition to attacks,
mechanisms for monitoring misuse, mechanisms to monitor how a system learns from
feedback over time, improving the efficiency and accessibility of ML).

Safeguards

Question: Does the paper describe safeguards that have been put in place for responsible
release of data or models that have a high risk for misuse (e.g., pretrained language models,
image generators, or scraped datasets)?

Answer:

Justification: Code will be released after acceptation, it would be open access, no safeguards
are required.

Guidelines:

e The answer NA means that the paper poses no such risks.

e Released models that have a high risk for misuse or dual-use should be released with
necessary safeguards to allow for controlled use of the model, for example by requiring
that users adhere to usage guidelines or restrictions to access the model or implementing
safety filters.

e Datasets that have been scraped from the Internet could pose safety risks. The authors
should describe how they avoided releasing unsafe images.
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12.

13.

14.

e We recognize that providing effective safeguards is challenging, and many papers do
not require this, but we encourage authors to take this into account and make a best
faith effort.

Licenses for existing assets

Question: Are the creators or original owners of assets (e.g., code, data, models), used in
the paper, properly credited and are the license and terms of use explicitly mentioned and
properly respected?

Answer: [Yes]
Justification: We have cited the existing assets we used in our paper.
Guidelines:

e The answer NA means that the paper does not use existing assets.
e The authors should cite the original paper that produced the code package or dataset.

e The authors should state which version of the asset is used and, if possible, include a
URL.

e The name of the license (e.g., CC-BY 4.0) should be included for each asset.

e For scraped data from a particular source (e.g., website), the copyright and terms of
service of that source should be provided.

o If assets are released, the license, copyright information, and terms of use in the
package should be provided. For popular datasets, paperswithcode.com/datasets
has curated licenses for some datasets. Their licensing guide can help determine the
license of a dataset.

e For existing datasets that are re-packaged, both the original license and the license of
the derived asset (if it has changed) should be provided.

o If this information is not available online, the authors are encouraged to reach out to
the asset’s creators.
New Assets

Question: Are new assets introduced in the paper well documented and is the documentation
provided alongside the assets?

Answer: [NA]
Justification: We did not introduce any new assets.
Guidelines:

o The answer NA means that the paper does not release new assets.

e Researchers should communicate the details of the dataset/code/model as part of their
submissions via structured templates. This includes details about training, license,
limitations, etc.

o The paper should discuss whether and how consent was obtained from people whose
asset is used.

e At submission time, remember to anonymize your assets (if applicable). You can either
create an anonymized URL or include an anonymized zip file.
Crowdsourcing and Research with Human Subjects

Question: For crowdsourcing experiments and research with human subjects, does the paper
include the full text of instructions given to participants and screenshots, if applicable, as
well as details about compensation (if any)?

Answer: [NA|
Justification: We do not have any experiments or research with human subjects.
Guidelines:

e The answer NA means that the paper does not involve crowdsourcing nor research with
human subjects.

o Including this information in the supplemental material is fine, but if the main contribu-
tion of the paper involves human subjects, then as much detail as possible should be
included in the main paper.
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981 e According to the NeurIPS Code of Ethics, workers involved in data collection, curation,

982 or other labor should be paid at least the minimum wage in the country of the data
983 collector.

984 15. Institutional Review Board (IRB) Approvals or Equivalent for Research with Human
985 Subjects

986 Question: Does the paper describe potential risks incurred by study participants, whether
987 such risks were disclosed to the subjects, and whether Institutional Review Board (IRB)
988 approvals (or an equivalent approval/review based on the requirements of your country or
989 institution) were obtained?

990 Answer: [NA]

991 Justification: We do not have any experiments or research with human subjects.

992 Guidelines:

993 e The answer NA means that the paper does not involve crowdsourcing nor research with
994 human subjects.

995 e Depending on the country in which research is conducted, IRB approval (or equivalent)
996 may be required for any human subjects research. If you obtained IRB approval, you
997 should clearly state this in the paper.

998 e We recognize that the procedures for this may vary significantly between institutions
999 and locations, and we expect authors to adhere to the NeurIPS Code of Ethics and the
1000 guidelines for their institution.

1001 o For initial submissions, do not include any information that would break anonymity (if
1002 applicable), such as the institution conducting the review.
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