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Abstract. We present an evolutionary optimizer incorporating knowl-
edge transfer through forward and inverse surrogate models for solving
multiobjective problems, within a stringent computational budget. For-
ward knowledge transfer is employed to fully exploit solution-evaluation
datasets from related tasks by building Bayesian forward multitask sur-
rogate models that map points from decision to objective space. Inverse
knowledge transfer via Bayesian inverse multitask models makes possi-
ble the creation of high-quality solution populations in decision space
by mapping back from preferred points in objective space. In contrast
to prior work, the proposed method can improve the overall convergence
performance to multiple Pareto sets by fully exploiting information avail-
able for diverse multiobjective problems. Empirical studies conducted on
benchmark and real-world multitask multiobjective optimization prob-
lems demonstrate the faster convergence rate and enhanced inverse mod-
eling accuracy of our algorithm compared to state-of-the-art algorithms.

Keywords: Evolutionary algorithms - Bayesian optimization - multiob-
jective optimization - inverse models

1 Introduction

In various real-world scenarios, decision-makers (DMs) confront the challenges
of simultaneously considering multiple conflicting criteria when choosing a spe-
cific optimal solution [27, 33, 34]. Such problems are commonly formulated as
multiobjective optimization problems (MOPs) [4]. The defining characteristic of
MOPs is the absence of a single solution that universally outperforms others
across all criteria. Thus, the primary aim in addressing an MOP is to identify
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Pareto optimal solutions, mapping to the Pareto front (PF) of optimal perfor-
mance trade-offs in the objective space. Evolutionary algorithms (EAs), with
the inherent population-based nature, are well suited for MOPs [9], through
evolving and maintaining a solution set iteratively. The obtained solution set
can approximate the PF with well-distributed solutions, enabling DMs to as-
sess performance trade-offs and subsequently select the preferred solution(s) a
posteriori [29,39].

While EAs have effectively addressed MOPs, a notable drawback is their
data-hungry nature, necessitating massive evaluations to converge upon a set
of nondominated solutions. This characteristic renders EAs unsuitable to di-
rectly tackle expensive MOPs, especially those demanding time-consuming com-
puter simulations or intricate real-world experiments. To overcome this chal-
lenge, leveraging inexpensive surrogate models can aid algorithmic evolution,
reducing the budget for expensive evaluations. Notable algorithms in this domain
include ParEGO [28], MOEA /D-EGO [48], EHVI [15], and SMS-EGO [37]. How-
ever, these algorithms still require a sufficient number of evaluated samples to
construct informative surrogate models, thus necessitating a generous function
evaluation budget. This necessity has been termed as the cold start issue.

Integrating knowledge transfer capabilities into algorithms has emerged as
a promising strategy to address cold starts. By allowing algorithms to learn
from optimization experiences across related tasks, they often exhibit faster con-
vergence [10,21]. Notably, transfer evolutionary optimization and evolutionary
multitasking have attracted significant attention as effective approaches in this
regard [2,17,21,45]. These methodologies recognize that real-world problems
rarely exist in isolation, allowing knowledge from various tasks to be adaptively
reused, thereby enhancing convergence. The efficacy of these algorithms is heav-
ily influenced by the strategy employed for knowledge transfer. Over the past
decades, several knowledge transfer techniques have been proposed and incor-
porated into the EA to enhance performance. This paper focuses on a recent
approach termed inverse transfer, which has shown promise in addressing ex-
pensive MOPs [32]. This technique leverages Bayesian inverse models that map
points on the PF back to their corresponding nondominated solutions in the deci-
sion space to achieve knowledge transfer. For instance, Liu et al. [32] introduced
invITEMO, a novel transfer optimization algorithm showcasing the capability
to expedite convergence by harnessing implicit knowledge inherent in the source
data. Moreover, invIrEMO generates accurate inverse models as a byproduct,
facilitating the generation of nondominated solutions tailored to user preferences
on demand. However, it is crucial to note that Bayesian inverse models typically
assume one-to-one mappings from the PF to Pareto optimal solutions, grounded
in the Karush-Kuhn-Tucker conditions [7]. This assumption constrains Bayesian
inverse models to be trained solely based on nondominated samples, limiting the
utilization of the information embedded in dominated samples across different
tasks, and potentially impeding the overall efficacy of the approach.

To overcome the limitations of invITEMO, we introduce a novel extension,
forward-inverse transfer evolutionary multiobjective optimizer (F-invIrEMO).
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This enhanced method integrates both forward and inverse transfer techniques
to maximize information utilization. By combining these two approaches, F-
invTrEMO harnesses the strengths of both forward and inverse transfer, enabling
more comprehensive knowledge transfer across multiple optimization tasks. The
forward transfer component leverages all evaluated samples to capture correla-
tions in function landscapes across all task domains, enhancing the accuracy of
Bayesian forward models to effectively guide the optimization process. Mean-
while, the inverse transfer aspect collaboratively utilizes nondominated samples
across related tasks, enabling the Bayesian inverse models to map preference vec-
tors from the objective space to the search distribution [24,40]. This distribution
facilitates the generation of promising offspring solutions by harnessing knowl-
edge from multiple tasks, thus guiding the evolutionary process. This forward-
inverse transfer mechanism can hopefully upgrade the ability to exploit inter-task
information across related MOPs [25] including composites manufacturing [23],
path planning [1], model compression [8] and hyperspectral unmixing [46].

In this paper, we primarily focus on addressing the more challenging multi-
task multiobjective optimization problems with F-invIrEMO, rather than the
sequential transfer optimization problems [22]. This broader focus aims to fur-
ther validate the effectiveness of the proposed method. The main contributions
of this paper can be summarized as follows:

— We present a novel algorithm named F-invIrEMO. A distinctive feature of
F-invIrEMO is its incorporation of both forward and inverse transfer tech-
niques to steer the optimization process. This approach allows F-invTrEMO
to capitalize on information from both dominated and nondominated eval-
uated samples across diverse tasks, thereby maximizing the utilization of
available data for improved optimization outcomes.

— We demonstrate that integrating both forward and inverse transfer mecha-
nisms not only accelerates convergence but also yields more precise Bayesian
inverse models for approximating the Pareto fronts of individual tasks.

— We validate the superiority of our method across a spectrum of multitask
optimization problems, encompassing benchmark problems, a set of engi-
neering optimization problems, and hyperparameter optimization problems.

The remainder of this paper is organized as follows. Section 2 introduces
the basic concepts and the related work. Section 3 introduces the proposed F-
invITEMO framework. The effectiveness of the proposed framework is justified
by experimental analysis in Section 4, and Section 5 concludes the paper.

2 Preliminaries

2.1 Multitask Multiobjective Optimization

Considering the synergies inherent in MOPs, multitask multiobjective optimiza-
tion concurrently solves a set of MOPs by leveraging information across these
problem domains [16,22]. Let fy ;(-), where k € {1,...,K} and i € {1,...,m},
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be the ith objective on the kth optimization task, without loss of generality, the
multitask MOP is defined as follows:

VT, k € {1,...,K},
min : Fr(xi) = (fro1(Xk), - - s foom(Xk)), s.t. xp € 2 C R

(1)
where T} denotes the kth task setting, Fy(-) represents the objective function
vector corresponding to the kth task setting, xi = (2 1,...,%k,q) denotes the
solution corresponding to the kth task setting, and (25 signifies the decision
space corresponding to the kth task setting. In this paper, we assume that each
objective function is expensive to evaluate, imposing a constraint on the evalu-
ation budget allocated for each task. The key concepts [4] associated with the
formulation in (1) are explained as follows:

,(ca) is said to Pareto dominate another solu-
tion xg}) on the kth task setting, if Vi € {1,2,...,m}, fk,i(x,(ca)) < fk’i(xg’))
and 3¢’ € {1,2,...,m} such that fj (x,(:)) < fri (X](Cb)).

— (Pareto Optimal Solutions) Solution xj is said to be Pareto optimal

on the kth task setting if there are no other candidate solutions that can

dominate x7.

(Pareto Set) Pareto set (PS) consists of all the Pareto optimal solutions.

— (Pareto Front) The image of the Pareto set in the objective space is referred
to as the Pareto front (PF).

(Pareto Dominance) Solution x

The result of (1) can be represented as a set of Pareto optimal solution sets:

K
PSp = {x{"" xP" xV" .y, s= | PSk, (2)
k=1

where x\)* is a Pareto optimal solution of the kth task, PS} is a Pareto optimal
solution set of the kth task setting, and S is the optimal set of solution sets.

2.2 Decomposition-Based Multiobjective Optimization

The fundamental concept behind decomposition-based multiobjective optimiza-
tion is to decompose a MOP into a series of single-objective subproblems through
the utilization of a specific scalarization function [47]. By solving these subprob-
lems individually, a finite set of Pareto optimal solutions can be obtained. In this
paper, we concentrate on augmented Tchebycheff scalarization [28,30], selected
for its simplicity and suitability for non-convex Pareto fronts. This technique
combines objective functions using the following expression, which remains con-
sistent across tasks:

M
FrM(xlw) = lrgniégn{wi (i) = (& =)} + PZwifi(X)a 3)
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where f;(x) is the ith objective of a specific MOP, w is known as the pref-
erence vector sampled from a (m — 1) dimensional simplex (i.e., w € W =
{(w1, w2, cc;wn) T3 wi = 1,w; € [0,1]}), 2F is the ideal objective function
value (i.e., minimal possible value) for the ith objective, the coupled term (2} —¢)
is the utopia objective value by maintaining € as a small positive value for the

1th objective, and p is a sufficiently small scalar weight.

2.3 Gaussian Process

To address expensive objective functions, Gaussian Processes (GPs) [38] are
commonly employed as the surrogate to facilitate a data-efficient problem-solving
process. This method has been widely applied in various multiobjective optimiza-
tion techniques, including ParEGO [28], MOEA /D-EGO [48], EHVI [15], and
SMS-EGO [37]. In this paper, we also opt for GP as the surrogate model, where
we assume [ ~ GP(u, k(x,x’)), where p represents the mean function with a zero
prior, and & is a kernel function that encapsulates the correlation between input
data points. Given sampled data D = {(x®,y)}N | with noise ¢() ~ A(0, 02),
the predicted posterior distribution of the GP model, N'(u(x™)), 0%(x™*))), for
a query x™*) can be computed as follows:

p(x™) =KI(Z + o?In) "y, (4)

o(x")) = kuy —KI(Z + 02Ix) 'k, (5)

where Ky, = n(x(*),x(*)), k, is the kernel vector between x*) and the data in
D, ¥ is an N x N matrix with elements X, , = k(x®) x@) pge{l,...,N},
Iy is a N x N identity matrix, and y is the vector of the noisy observations.

2.4 Inverse Modeling in multiobjective Optimization

Inverse modeling has emerged as a powerful tool in the domain of multiobjec-
tive optimization, offering innovative strategies for navigating optimization and
enabling DMs to generate preferred trade-off solutions on demand. Under the
premise that the Karush—Kuhn—Tucker conditions hold, PS and PF are both
(m — 1)-dimensional piecewise manifolds under mild conditions [14], enabling
inverse models to facilitate the mapping of solutions from the objective space
back into the decision space. It is noteworthy that the input for inverse mod-
els can encompass not only objective function values [7,24] but also preference
vectors [20,30,31]. In this paper, we specifically explore the mapping from pref-
erence vectors to decision variables. This approach allows DMs to articulate
their preferences more easily without delving deeply into the intricacies of the
PF topology [40]. GP models are utilized to map a preference vector w to the
jth decision variable as Wj_l(w), where %—1 ~ GP(u;, k;(w,w’)). By amal-
gamating all d mappings, the inverse prediction ;' (w), ¥ '(w),..., ¥, (W)]
is obtained. To train the inverse GP models, a dataset D" = {(W(Z),x(l))}{\:ld
should be provided first, where w(¥) is the preference vector corresponding to the
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nondominated solution x(). It’s worth noting that the multiobjective optimizer
used may not be decomposition-based, and therefore, well-defined subproblems
with associated preference vectors may not be specified beforehand. As a general
strategy, the following formulation can be employed to derive w(*) for x(¥) based
on objective function values:
O] o

w; :Mzi(l)aie{la"'aM}a (6)

> im1 G

) _ T (o D)= (25-0))
i (fix®)=(zF =€)
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Fig. 1: Workflow of the proposed F-invIrEMO. Inverse modeling considers only
nondominated solutions while forward modeling considers all the solutions.

3 Forward-Inverse Transfer for Multitask Multiobjective
Optimization

This section elucidates the methodology of the proposed F-invIrEMO. We com-
mence by delineating the workflow of the proposed method and demonstrate how
to incorporate forward and inverse transfer into the optimization process. Subse-
quently, we introduce multitask Gaussian Process (MTGP) models [3] including
forward MTGP and inverse MTGP that enable forward and inverse transfer.

3.1 General Framework of F-invIrEMO

The general workflow of the F-invIrEMO can be detailed in Fig. 1 and Algo-
rithm 1, and the steps are explained as follows:
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— Initialization: In this step, N;,;; solutions are generated and evaluated for
each task, thus forming the initial datasets {D}M, ..., DM} where DM =
{(x,) Fi(x )} and Ny = Niir

— Problem Decomposition: In each iteration, we sample a randomly se-
lected preference vector w(¥) € W and scalarize the MOPs into single-
objective optimization problems based on (3). The resultant dataset for
task k can be denoted as Di" = {Xy,y,} = {(x,(f),y,(j)) 5\2@1, and y,(cl) =
f,iCh(xg)) + ¢ represents a noisy observation of the scalarized output corre-
sponding to the k-th task, with e) being additive Gaussian noise with zero
mean.

— Forward Multitask Modeling: In each iteration, a forward MTGP model
is constructed to guide the optimization process for each task. Notably, in
the context of F-invITEMO, the forward model prediction for each task is
designed to approximate the augmented Tchebycheff function as defined in
(3) and the training set for the forward MTGP model is Dy k € {1,....K}.
It is important to note that the datasets for the forward MTGP models con-
tain both dominated and nondominated samples, enabling the algorithm to
fully utilize information from all the data.

— Inverse Multitask Modeling: To construct inverse models, the dataset
Di™ is generated for the kth task by only leveraging the nondominated sam-
ples within D,iw . To be specific, given multitask MOPs with d-dimensional

decision variable for each task, d datasets are included in dataset D,i"” as

. nd
Dy = Wy, X 5} = {(w,(cl),x,(f}j) f\i"l , 7 € {1,...,d}, containing pairs of

nondominated solutions x,(cl) and corresponding preference vectors w,gl) ob-

tained according to (6). Subsequently, d independent inverse MTGP models
are trained based on {Di"",... D"} to map the preference vectors to non-
dominated solutions in the decision space.

— Evolutionary Solution Generation: For each solving task, a candidate
solution is generated, and the corresponding dataset is updated. For the kth
task, given w®), the inverse MTGP provides a search distribution charac-
terized by a Gaussian distribution. Subsequently, a set of offspring solutions
Uy, is produced by sampling according to this search distribution. We utilize
the upper confidence bound (UCB) acquisition function to select the most
promising solution x,(:) from Uy, for the kth task. In the case of a minimiza-
tion problem, the UCB function is formulated as —p e (Xu) + 8 - 0 fmt (Xu),
where (8 is a predefined parameter balancing exploration and exploitation,
I fmt(xu) and Ufmt(xu) are the predictive mean and standard deviation for

a given query x,, by the forward MTGP. The selected xg) is then evaluated
by the objective function of the kth task, denoted as Fk(x](f)). Finally, the
dataset DM is updated by appending {(x,(;), Fk.(x,(:)))} to it.

Steps 5 to 20 in Algorithm 1 are repeated until the termination condition is
met. The algorithm then returns the inverse MTGP models and the nondomi-
nated solutions corresponding to each optimization task.
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Algorithm 1: The workflow of F-invTrEMO

Input: Task size K, Initialization budgets Nini:, Dimension size d, Sample
size of offspring solutions Ng, Objective functions Fj for each task k,
Predefined preference vector set W.

Output: Pareto optimal solutions for each task, Inverse model for each

dimension
1 foreach task k do

2 Initialize Nini: solutions for the kth task, thus forming dataset
DR = {0 T i) e

3 end

4t 0

5 while t < ty4: do

6 Sample a preference vector w'® randomly from W

7 foreach task k do
8 Scalarize D) based on (3) and w'*) to obtain dataset

c l l
Dt = {(x, y )

9 end
10 Build a forward MTGP model N (1 fm:(x*)), O Fmi (x*))) using UX_, Dieh
11 foreach dimension j do

12 Generate k datasets D} = {(wg),x,(cl)J) = 7(Ic € {1,...,K}) based
on nondominated samples in D’ and (6)

13 Build an inverse MTGP model N (pimt, J'(wgl)) Oomtj (Wz(:*))) using
{lefj’ﬂ .. ””’} for the j-th decision variable

14 end

15 foreach task k do

16 Let w§:) = w<t), then sampling a set Uy of Ng offspring solutions
based on the prediction provided by the inverse MTGP models

17 Select solution x<t> = argmax, ¢y, —Hfmt(Xu) + O frme(Xu)

18 DY DY U (Y, Fulx))

19 end

20 t—t+1

21 end

3.2 Multitask Gaussian Process as forward and inverse Models

Within the F-invIrEMO framework, the incorporation of MTGP models in both
forward and inverse modeling ° aims to thoroughly exploit sampled data across
multiple tasks, thus enhancing information utilization. The iterative refinement
of both forward and inverse modeling mutually benefits each other, resulting in

improved approximation of the PF during and after optimization.

Distinguishing itself from canonical GP models outlined in equations (4) and
(5), the primary innovation of MTGP lies in the formulation of a multitask kernel

® The training process of the MTGP model can be found in [19].
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function [3], as expressed below:

HTI’Lt((XiNPUt? CL), (X;npub b)) = Ktasks (Cl, b) : K‘(XinPUh X;'nput) (7)
Here, xjppy: and x;nput represent arbitrary input vectors, Kiqsps assesses the
similarity among tasks, and x mirrors the kernel functions in standard GPs, as
delineated in equation (5). Within the context of this paper, the task indices a
and b refer to the ath and bth optimization tasks, respectively. Subsequently, we
will elucidate on the construction of the forward and inverse MTGP models.

— Forward MTGP Building: In each iteration, we construct a forward
MTGP for the optimization tasks, mapping decision variables to aggregated
objective values based on (3). The training set for task k during forward
modeling is D", Subsequently, the posterior distribution of the forward
MTGP can be formulated as follows:

Bt (0)) = Ky (Bt + Ap) 'y (®)

7 (%)) = g (67 ), (62, ) = -
k}mtv*(zfmt + Afmt)ilkfmt,*
where Rfmty* is the multitask kernel vector between the input xgi) and all
the inputs in {Xi,...,Xg}, Xfme is the overall multitask kernel matrix
corresponding to the forward MTGP, y is the vector with all the weighted
outputs in {y;,...,y¥x} where every single output can be obtained with the
preference vector w and (3), and Ay, is the additive noise variance matrix
of the forward MTGP.

— Inverse MTGP Building: For inverse modeling, we establish an inverse
MTGP model for each dimension of decision variables across all tasks. Given
the training dataset {D{"?,... D"}, the posterior distribution for a query
preference vector w,(:i), N (Limt,; (wgi)), Timt,j (WE:))) can be computed using
the formula (10) and (11) with the kernel function (7).

fimt (WD) = g (Zime g + Aime ) X (10)

Timt g (WD) =i (WD B), (Wi k)~

k;, >

(11)
1mt7*_j(2imt,j + Aimt,j) kimt,*j

where f{imt’*j is the multitask kernel vector between the input ng) and
all the inputs in {Wy,..., Wg}, X ; is the multitask kernel matrix
corresponding to the jth inverse MTGP, Xj contains all the outputs in
{X1j,..., Xk} and A;p,; is the additive noise variance matrix corre-
sponding to the jth inverse MTGP.
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Table 1: IGD results on benchmark problems and real-world problems.

Problems ‘ Tasks ‘ ParEGO ‘ PSL-MOBO ‘ F-invIrEMO
Task-1] 0.0897 (0.0214) — [0.1307 (0.0512) —|0.0611 (0.0051)
\DTL7 | Task-2] 0.1538 (0.0780) ~ [0.1877 (0.0699) ~0.1528 (0.1200)
Task-3| 0.1282 (0.0281) — |0.1876 (0.0955) —|0.0731 (0.0099)
Task-4| 0.1630 (0.0331) — |0.2571 (0.0812) —|0.1182 (0.0718)
Task-1] 0.1305 (0.0113) — ]0.1708 (0.0149) —|0.1135 (0.0083)
nDTLz.2| Fask-2] 0.1656 (0.0207) — [0.1798 (0.0185) —0.1489 (0.0174)
Task-3| 0.1598 (0.0184) — |0.2537 (0.0836) —|0.1328 (0.0150)
Task-4] 0.3054 (0.0590) — |0.4187 (0.1235) —|0.1439 (0.0154)
Task-1] 0.4371 (0.1679) — [0.7681 (0.0535) —|0.2726 (0.0277)
DTLz.3/ Lask-2] 0.5621 (0.1276) — [0.8203 (0.0347) —[0.3059 (0.0399)
Task-3| 0.4907 (0.1474) — |0.8142 (0.0624) —|0.2833 (0.0356)
Task-4| 0.5843 (0.1082) — |0.8922 (0.0571) —|0.3241 (0.0305)
Task-1] 0.0152 (0.0024) — ]0.0549 (0.0100) —|0.0095 (0.0011)
EO  [Task-2| 0.0159 (0.0020) — |0.0518 (0.0132) —|0.0102 (0.0017)
Task-3| 0.0142 (0.0026) — |0.0526 (0.0090) —|0.0104 (0.0013)
Task-1] 0.0208 (0.0030) — ]0.0180 (0.0013) —|0.0170 (0.0028)
HPO-1 |Task-2| 0.0222 (0.0023) — |0.0264 (0.0022) —|0.0169 (0.0012)
Task-3]0.0418 (0.0041) ~0.0606 (0.0226) —| 0.0420 (0.0134)
HPO.2 [Task-1] 0.0277 (0.0043) — [0.0338 (0.0021) —[0.0220 (0.0053)
[Task-2] 0.0227 (0.0027) — |0.0226 (0.0026) —|0.0160 (0.0016)

4 Experimental Studies

In this section, we assess the effectiveness of F-invITEMO using various mul-
titask multiobjective optimization problems, encompassing benchmark prob-
lems [32,40], an engineering optimization problem [41], and hyperparameter op-
timization problems [36]. We compare F-invITEMO with the classical ParEGO,
which only incorporates single-task forward GP models, and the state-of-the-art
PSL-MOBO [30], which includes both single-task forward and inverse models.
For all the methods, the evaluation budget for each task in optimizing the mul-
titask MOPs is set to 100 evaluations, with an initialization budget Nj,;; of 20.
During scalarization in each algorithm iteration, the weight p is fixed at 0.05. For
the UCB function, the parameter 3 is set to 0.5. Due to the page limit, we in-
troduce more experiments for comparison with a recent multiobjective Bayesian
optimization method [35] and experiments as per advanced performance indica-
tors including IGD™ [26] and hypervolume [49] in the supplementary file [44].

4.1 Problem Settings

Benchmark Problems Three base problems are formulated based on the well-
established DTLZ benchmark [11], following the methodology outlined in prior
research [40]. By adjusting the parameters in these base problems, three sets of
multitask modified DTLZ (referred to as mDTLZ) problems can be generated
[32,40]. In our experiment, the dimension of the decision space for all mDTLZ
optimization tasks is set to six. Additional detailed information about the base
problems can be found in the supplementary file [44], with insights into the
corresponding parameters provided in [32] and [40].
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Real-world Problems Our real-world problems include an engineering opti-
mization problem (EO) and two hyperparameter optimization problems (HPO).

It is commonplace to seek optimal engineering designs for components under
diverse conditions, such as varying load cases or production materials. In such
scenarios, obtaining high-quality solutions corresponding to each environment
is imperative. Our case study centers on an engineering optimization problem
known as the four-bar truss design problem [6]. We endeavor to identify a set
of optimal designs for the four-bar truss under three distinct load cases. Further
details regarding the parameter settings of the design problem are available in
the supplementary file [44], while the formulation of objectives can be found
in [41].

Hyperparameter optimization is a classical topic in the field of machine learn-
ing [18]. The configuration of hyperparameters for machine learning models can
impact the model performance, computational resources, and interpretability
to decision-makers. In this paper, we apply F-invIrEMO to generate optimal
hyperparameter sets concurrently across diverse related tasks. We consider the
following two scenarios. The first problem set (HPO-1) contains three hyper-
parameter optimization problems. The three optimization problems adjust the
hyperparameters of the same machine-learning model, XGBoost [5], but on three
distinct classification tasks including credit approval, medical diagnosis, and
speech classification problems. The second problem set (HPO-2) contains two
hyperparameter optimization problems. The two optimization problems adjust
the hyperparameters of distinct but related machine learning models (i.e., XG-
Boost in ‘gbtree’ mode and ‘dart’ mode.) on the same classification task, medical
diagnosis problem [36].

All the hyperparameter optimization case studies are implemented using the
framework of YAHPO Gym [36]. Each task for a problem set is a tri-objective
hyperparameter tuning, targetting at classification accuracy, model RAM, and
model interpretability. Further details can be found in the supplementary file [44]
and OpenML problems [43].

4.2 Performance Metrics

We involve four metrics to assess the performance of the algorithms, including
the inverted generational distance (IGD) [42], root mean square error (RMSE),

The Inverted Generational Distance (IGD) is a commonly utilized metric in
multiobjective optimization. It quantifies the Euclidean distance between the
objective function values of the obtained nondominated solution sets and the
true PF. For the kth task, the corresponding IGD value is computed as follows:

N’r
| . - '
IGDy = N7 2 :mm{HFk(Xt(Jp)t,k) B Fk(x’(c ))HQ’ (12)
r=1
nd

r N
G ERED) ) = B )12}
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Table 2: RMSE results on benchmark problems and real-world problems.
Problems | Tasks [ PSL-MOBO | F-invIrEMO

Task-1| 0.3021 (0.0744) — |0.0721 (0.0173)
Task-2|0.3828 (0.0770) ~| 0.4250 (0.2263)
Task-3| 0.3790 (0.0837) — |0.1592 (0.0780)
Task-4| 0.4019 (0.0787) — |0.3568 (0.1691)
Task-1| 0.3501 (0.1321) — |0.0679 (0.0295)
Task-2| 0.2997 (0.0146) — |0.1436 (0.0219)
Task-3] 0.7010 (0.1819) — [0.1700 (0.0454)
Task-4| 0.9420 (0.1361) — |0.3248 (0.1767)
Task-1] 1.0219 (0.0310) — |0.6946 (0.0392)
Task-2| 1.0430 (0.0429) — |0.7412 (0.0325)
Task-3| 1.0562 (0.0457) — [0.7830 (0.0361)
Task-4| 1.1166 (0.0747) — |0.8301 (0.0423)

)

)

)

) —

) —

) —

) —

) —

mDTLZ-1

mDTLZ-2

mDTLZ-3

Task-1] 0.2211 (0.0242) ~ ]0.2173 (0.0054)
EO Task-2| 0.2290 (0.0261
Task-3| 0.2225 (0.0372
Task-1| 0.1818 (0.1143
HPO-1 |Task-2| 0.1663 (0.1558
Task-3| 0.1881 (0.0545

[Task-1] 0.1855 (0.1075
HPO-2 |Task-2] 0.1572 (0.1612

— |0.2144 (0.0067)
~ |0.2046 (0.0053)
0.0943 (0.0721)
0.0626 (0.0125)
0.1273 (0.0411)
[0.0811 (0.0476)
[0.0694 (0.0260)

Where {xopt e ,x(()g[,)c} represents a set of true Pareto optimal solutions that
correspond to well-distributed points along the Pareto front, and x( ) .. x,(fN “

denote the nondominated solutions obtained in task k by the optlmlzer In this
paper, N7 is set to 2000.5
The RMSE aims to measure the accuracy of the obtained inverse models.

Given a test set Doprr = {(wf)g)tk,xf);)tk)}f’:tlf, where w(();i

vector corresponding to x( ) . Since the goal of the inverse model is to satisfy
DM’s preferences artlculated in the objective space, we calculate the RMSE of
the kth task in the objective space as:

ASES F R )~ Fexl I3 (13)
Nr

i is the preference

where x(:)ed . 1s the prediction of the inverse models with respect to W(T)t)k. The

(r)
predicted means of the inverse models are taken as the prediction Xpred k-

4.3 Results

In Tables 1 to 3, numbers with indicators (4), (=) and (=) imply that the
compared algorithm is better than, worse than, or similar to F-invItEMO at
95% confidence level as per the Wilcoxon signed-rank test.

% For benchmark problems, the ground truth solutions serve as the reference solution
set. For real-world problems, bi-objective and tri-objective reference solution sets
are obtained using NSGA-II [13] and NSGA-III [12] with population size 500 and
generation size 1000, similar to [40].
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Table 3: IGD and RMSE results on benchmark problems for F-invIrEMO with
and without forward multitask GP (invIrEMO).

1IGD RMSE

Problems | Tasks ‘

‘ invIrEMO ‘ F-invIrEMO ‘ invTrEMO ‘ F-invIrEMO
Task-1] 0.0820 (0.0126) — ]0.0611 (0.0051)] 0.1174 (0.0358) — |0.0721 (0.0173)
D171 [Ta5k-2[0-1264 (0.0699) ~| 0.1528 (0.1200) | 0.4857 (0.224) ~ |0.4250 (0.2263)
" [Task-3| 0.1203 (0.0301) — |0.0731 (0.0099)| 0.3181 (0.1351) — |0.1592 (0.0780)
Task-4] 0.1457 (0.0427) ~ |0.1182 (0.0718)] 0.4911 (0.2010) — |0.3568 (0.1691)

Task-1] 0.1157 (0.0074) ~ |0.1135 (0.0083)]0.0637 (0.0244) ~| 0.0679 (0.0295)
D717 Task-2[0.1284 (0.0118) +| 0.1489 (0.0174) | 0.1466 (0.0484) ~ |0.1436 (0.0219)
m Task-3| 0.1350 (0.0120) ~ |0.1328 (0.0150)|0.1556 (0.0273) ~| 0.1700 (0.0454)
Task-4] 0.2192 (0.1015) — |0.1439 (0.0154)| 0.3360 (0.1605) ~ |0.3248 (0.1767)
Task-1] 0.3090 (0.1115) — ]0.2726 (0.0277)] 0.7355 (0.0633) — |0.6946 (0.0392)
D173/ Tsk-2| 0-4589 (0.1682) — [0.3059 (0.0399)| 0.8288 (0.1004) — |0.7412 (0.0325)
m ~°|Task-3| 0.3103 (0.0743) — |0.2833 (0.0356)| 0.7837 (0.0650) ~ |0.7830 (0.0361)
Task-4| 0.3941 (0.1475) — |0.3241 (0.0305)| 0.8403 (0.0303) ~ |0.8301 (0.0423)

Task 1 Task 2 Task 3 Task 4

— PSLMOBO
ParEGO.
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Fig.2: The IGD convergence trends of the mDTLZ-1 problem with four tasks
and the HPO-1 problem with three tasks provided by ParEGO, PSL-MOBO,
and F-invIrEMO (a) The mDTLZ-1 problem. (b) The HPO-1 problem.

Comparison with ParEGO and PSL-MOBO In Table 1, we present a
summary of the IGD (mean and standard deviation) obtained by ParEGO,
PSL-MOBO, and F-invIrEMO after 100 evaluations with 10 independent runs.
Notably, F-invIrEMO outperforms the other methods in terms of IGD results
for 18 out of the 20 tasks, indicating a better convergence of F-invITrEMO than
its two competitors. Additionally, in Fig.2, we illustrate the convergence trends
of ParEGO, PSL-MOBO, and F-invTrEMO on mDTLZ-1 and HPO-1 problems.
Fig. 2 demonstrates that F-invIrEMO exhibits faster convergence compared
to both ParEGO and PSL-MOBO. These results underscore the capability of
F-invITrEMO to achieve superior convergence outcomes.

In addition to evaluating convergence performance, we also assess the ac-
curacy of the obtained inverse models. Since only PSL-MOBO provides inverse
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models, Table 2 presents the RMSE results obtained by PSL-MOBO and F-
invITEMO. The findings indicate that, for 17 out of the 20 tasks, F-invIrEMO
achieves superior RMSE values, suggesting that F-invITrEMO can produce more
accurate inverse models through knowledge transfer across multiple tasks.

Ablation Study In F-invITEMO, we incorporate the forward transfer to max-
imize the utilization of information from both dominated and nondominated
samples across distinct tasks based on the inverse transfer model. This study
verifies the forward transfer’s effectiveness by comparing F-invTrEMO that fully
exploits the interplay between forward transfer and inverse transfer models with
invITEMO that is solely based on inverse transfer models. The obtained IGD
and RMSE results are presented in Table 3. Our analysis reveals that the conver-
gence of F-invIrEMO is significantly improved with the inclusion of a forward
MTGP model. In terms of both IGD and RMSE results, F-invIrEMO outper-
forms invTrEMO in 7 out of the 12 tasks on IGD and 5 of 12 tasks on RMSE.
These findings suggest that by leveraging information from both dominated and
nondominated samples corresponding to different tasks, the algorithm enhances
both the convergence of the optimization and the accuracy of the inverse models.

5 Conclusion

In this paper, we incorporate knowledge transfer in both forward and inverse
surrogate modelling for multiobjective optimization. It’s argued that both for-
ward and inverse models encounter the challenge of data scarcity. Both forward
and inverse knowledge transfer are employed to alleviate this problem. Forward
knowledge transfer improves convergence performance, while inverse knowledge
transfer enhances the quality of approximating PF, both by utilizing the avail-
able information across distinct tasks through multitask modeling. The results
are compared with those using only surrogate models without forward or in-
verse knowledge transfer across benchmark problems and real-world problems.
These studies indicate that the proposed mechanism can enhance both the con-
vergence performance and PF approximation results in multitask multiobjective
optimization under strict computational constraints.
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