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Abstract
Many real-world applications require solving fam-
ilies of expensive multi-objective optimization
problems (EMOPs) under varying operational con-
ditions. This can be formulated as parametric ex-
pensive multi-objective optimization problems (P-
EMOPs) where each task parameter defines a dis-
tinct optimization instance. Current multi-objective
Bayesian optimization methods have been widely
used for finding finite sets of Pareto optimal solu-
tions for each task. However, P-EMOPs present a
fundamental challenge: the continuous task param-
eter space can contain infinite distinct problems,
each requiring separate expensive evaluations. To
address this, we propose learning an inverse model
to amortize the multi-objective optimization cost
across the continuous task-preference space, en-
abling direct solution prediction for any query with-
out the need for expensive re-evaluation. This pa-
per introduces a novel parametric multi-objective
Bayesian optimizer that learns this inverse model
by alternating between (1) generative solution sam-
pling via conditional generative models and (2)
acquisition-driven search leveraging inter-task syn-
ergies. This approach enables effective optimiza-
tion across multiple tasks and finally achieves di-
rect solution prediction for unseen parameterized
EMOPs without re-evaluations. We theoretically
justify the faster convergence by leveraging inter-
task synergies through task-aware Gaussian pro-
cesses. Based on that, empirical studies in synthetic
and real-world benchmarks further verify the effec-
tiveness of the proposed parametric optimizer.

1 Introduction
Expensive multi-objective optimization problems (EMOPs)
are crucial in black-box optimization, aiming to identify op-
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timal trade-off solutions among multiple conflicting crite-
ria under limited evaluation budgets [Knowles, 2006; Min
et al., 2019]. Due to their focus on conflicting objective
functions and costly evaluations, EMOP formulations have
been applied to a plethora of real-world applications encom-
passing materials discovery [Li et al., 2024], drug discov-
ery [Zhu et al., 2023], and robotics [Turchetta et al., 2020;
Kim et al., 2021].

To efficiently identify trade-off solutions, surrogate model-
ing has become essential for reducing the cost of evaluating
expensive objectives. Among these, multi-objective Bayesian
optimization (MOBO) stands out as the leading strategy.
MOBO methods have been widely utilized for searching fi-
nite sets of Pareto Sets by scalarizing multiple objectives
into single objectives [Knowles, 2006; Paria et al., 2020] or
by optimizing indicators such as expected Hypervolume im-
provement [Emmerich et al., 2006; Daulton et al., 2020] and
uncertainty reduction [Picheny, 2015; Hernandez-Lobato et
al., 2016; Tu et al., 2022; Belakaria et al., 2019]. To move
beyond these finite solution-set approximations and directly
model the entire Pareto front, recent studies have extended
MOBO to continuous Pareto-manifold learning methods [Lin
et al., 2022; Li et al., 2025; Cheng et al., 2025b].

However, in many real-world scenarios, optimization prob-
lems emerge not as isolated tasks but as families of related
tasks under varying operational conditions. For example, tur-
bine components must be optimized across different wind
speeds [Makatura et al., 2021], and robotic control policies
must be optimized for diverse damage conditions [Cully et
al., 2015]. These cases lead to fundamental challenges: the
continuous range of operational conditions forms infinitely
many related optimization problems, each requiring separate,
costly evaluations for current MOBO methods. As opera-
tional conditions frequently shift [Nickelson et al., 2023],
repeatedly performing full optimizations to evaluate trade-
offs across multiple scenarios becomes prohibitively expen-
sive and computationally infeasible. Therefore, tackling fam-
ilies of related EMOPs urges new approaches capable of
amortizing the efforts of repeated multi-objective optimiza-
tions across the operational condition space into a lightweight
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framework. To our best knowledge, little existing work has
systematically addressed this parametric multi-task setting.
Some related works are discussed in Appendix E.

This paper proposes to amortize the work of potential re-
peated multi-objective optimization across infinite tasks via
a single inverse generative model pass, introducing a novel
parametric multi-objective Bayesian optimizer. Our approach
alternates between two complementary phases: (1) generative
solution sampling via conditional generative models, which
learns high-quality solution distributions conditioned on task
parameters and preferences, and (2) acquisition-driven search
guided by task-aware Gaussian processes, which explicitly
leverages inter-task correlations to efficiently explore the so-
lution space. This dual strategy not only can enhance opti-
mization efficiency across multiple related tasks but also fi-
nally builds an inverse model for predicting optimized so-
lutions to previously unseen EMOPs without expensive re-
evaluations. The major contributions of this paper can be
summarized as follows:

• We propose a novel inverse generative model to predict
optimized solutions to each task query within the contin-
uous task parameter space, thereby addressing the chal-
lenge of solving families of EMOPs.

• We design an alternating optimization approach that cu-
rates the conditional generative solution sampling with
acquisition-driven search, enabling both efficient multi-
task optimization and inverse model building.

• We develop a Parametric Multi-Task Multi-Objective
Bayesian Optimizer (PMT-MOBO) with task-aware
Gaussian Processes, demonstrating its faster conver-
gence over single-task counterparts empirically and the-
oretically.

2 Preliminaries
2.1 Expensive Multi-Objective Optimization
We consider expensive multi-objective optimization prob-
lems (EMOPs) defined as follows:

min
x∈X

F (x) := min
x∈X

(
f1(x), . . . , fM (x)

)
, (1)

where x ∈ X ⊆ RD denotes the decision variable, and
each black-box objective function fm(x) : X → R,m =
1, . . . ,M , can be costly to evaluate and exhibits trade-offs
with other objective functions. The goal of optimizing EMOP
is to approximate the Pareto set of non-dominated solutions
that balance these conflicting objectives under limited evalu-
ation budgets.

Definition 1 (Pareto Dominance). Solution x(a) ∈ X is
considered Pareto dominate another solution x(b) ∈ X if
∀i ∈ [M ], fi(x(a)) ≤ fi(x

(b)) and ∃ i′ ∈ [M ] such that
fi′(x

(a)) < fi′(x
(b)) [Branke, 2008].

Definition 2 (Pareto Optimality). Solution x∗ ∈ X is
considered Pareto optimal or non-dominated if there exists
no other candidate solutions that can dominate x∗. Conse-
quently, Pareto Set (PS) and Pareto Front (PF) contain all the
set of Pareto optimal solutions and their corresponding objec-
tive vectors [Branke, 2008].

2.2 Parametric Expensive Multi-Objective
Optimization

In many real-world scenarios, EMOPs must be solved repeat-
edly under varying environmental [Makatura et al., 2021] or
operational conditions [Pierrot et al., 2022]. These varia-
tions can be represented using continuous task parameters
θ ∈ Θ ⊆ RV , which defines a family of different EMOPs
over the same decision space. This leads to the formulation
of a parametric expensive multi-objective optimization prob-
lem (P-EMOP):

min
x∈X

F (x,θ) := min
x∈X

(
f1(x,θ), . . . , fM (x,θ)

)
M(θ,λ) ≈ argmin

x∈X
sλ

(
F (x,θ)

)
, ∀λ ∈ Λ ⊂ RM

(2)

where each task parameter θ defines a distinct expensive
multi-objective problem task F (x,θ). The ideal goal of P-
EMOP is to search all the Pareto Sets across potentially in-
finite task parameters under limited evaluation budgets. We
address this by learning an inverse modelM(θ,λ) that gen-
erates optimized solutions for any task parameter θ and pref-
erence vector λ without expensive re-optimization. This rep-
resents a shift from single-task optimization to learning gen-
eralized solution mappings across the continuous task param-
eter space. Here, sλ(·) : RM → R is a scalarization func-
tion characterized by preference vector λ. We incorporate λ
into the inverse model since the Pareto Set generally lies on a
continuous manifold for non-trivial multi-objective optimiza-
tion [Miettinen, 1999], enablingM(θ,λ) to output a single
solution vector rather than a solution set.

Although (2) contains infinitely many tasks, these EMOPs
share inter-task synergies due to their parametric relationship.
Rather than treating tasks in isolation, we solve a finite sam-
ple {θ1, . . . ,θK} as a multi-task optimization problem [Wei
et al., 2022], assuming tasks belong to a coherent family shar-
ing solution components or objective landscape regularities.
This assumption, pioneered by multi-objective multifactorial
optimization [Gupta et al., 2016b] and commonly exploited
in subsequent multi-task optimization works [Gupta et al.,
2016a; Wei et al., 2024; Bali et al., 2021] and recent paramet-
ric multi-objective optimization studies [Cheng et al., 2025a],
enables more efficient solution search across the task pa-
rameter space through inter-task synergies, thereby yielding
higher-quality solutions for constructing the inverse model.

2.3 Gaussian Processes for Multi-Objective
Optimization

In this paper, we adopt Gaussian Process (GP) [Williams and
Rasmussen, 2006] as surrogate models to efficiently solve
expensive multi-objective optimization problems (EMOPs).
A GP defines a distribution over functions, assuming that
f ∼ GP(µ(·), κ(·, ·)), where µ(x) = E[f(x)] is the mean
function and κ(x,x′) = Cov[f(x), f(x′)] is the kernel or
covariance function. Given a dataset {(x(i), y(i))}Ni=1, where
each observation is corrupted by Gaussian noise y(i) =
f(x(i)) + ϵ(i), ϵ(i) ∼ N (0, σ2

ϵ ), the posterior at a test point x
is a normal distribution N (µ(x), σ2(x)) with:{

µ(x) = k⊤(K+ σ2
ϵ IN )−1y,

σ2(x) = κ(x,x)− k⊤(K+ σ2
ϵ IN )−1k,

(3)
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where k ∈ RN is the kernel vector between x and train-
ing inputs, K ∈ RN×N is the kernel matrix with Kp, q =
κ(x(p),x(q)), and y ∈ RN collects the observed outputs.

In EMOPs, Gaussian Processes (GPs) serve as proba-
bilistic surrogates for approximating costly objective func-
tions, enabling uncertainty-aware exploration using acqui-
sition functions. Following the theoretically sound multi-
objective Bayesian optimization (MOBO) framework in
[Paria et al., 2020], in this paper, we adopt independent GP
models for each objective and apply a scalarization-based ac-
quisition function. In each iteration, we randomly sample a
preference vector λ ∈ Λ that defines a trade-off among ob-
jectives via the scalarization function sλ(·), and optimize a
scalarized acquisition function score, defined as:

x(t) = argmax
x∈X

sλ
(
α(x)

)
, (4)

where α(x) ∈ RM denotes the vector of acquisition function
values for each objective. We refer to this method as ST-
MOBO, which serves both as the base module in our frame-
work and as a single-task (ST) baseline EMOP solver in our
empirical study.

3 Methodology
3.1 Overview
To efficiently solve a family of EMOPs under limited eval-
uation budgets in (2), we propose to build an inverse model
by an alternating optimization framework that integrates task-
aware surrogate modeling and conditional generative mod-
eling, as shown in Figure 1. The former, instantiated via
the Parametric Multi-Task Multi-Objective Bayesian Opti-
mization (PMT-MOBO) module, exploits inter-task relation-
ships via task-aware GP to guide acquisition-driven search
in a sample-efficient manner. The latter, introduced as the
conditional generative model, captures the distribution of
high-performing solutions and enables task- and preference-
aligned search in promising regions. Both components are
executed in an alternating loop, as illustrated in Figure 1,
enabling both sample-efficient multi-task search and finally
achieving a high-quality inverse model.

3.2 PMT-MOBO with Task-Aware GP
We extend the baseline ST-MOBO to PMT-MOBO by incor-
porating task-aware GPs. Each task-aware GP model receives
both the decision variable x and the task parameter θ as joint
input. Formally, for a given EMOP instance parametrized by
θ′, the m-th objective is modeled as:

fm(·,θ′) ∼ GPm

(
µ̃m(·,θ′), κ̃m((·,θ′), (·,θ′))

)
,m ∈ [M ]

with mean functions and kernels defined over the joint input
spaceX×Θ. Based on these models, we extend the scalarized
acquisition function defined in (4) into follows:

x
(t)
k = argmax

x∈X
sλ

(
α̃(x,θk)

)
, (5)

where α̃(x,θk) ∈ RM denotes the vector of task-aware ac-
quisition function values for the EMOP task instance param-
eterized by θk. We refer to this method as PMT-MOBO. For

clarity, a comparative workflow of either ST-MOBO or PMT-
MOBO is showcased in Algorithm 2 of Appendix F.

By explicitly incorporating task parameters into the GP
models, PMT-MOBO accounts for inter-task relationships
during solution acquisition and model training. In the next
subsection, we provide a theoretical analysis that quantifies
its improved convergence compared to ST-MOBO.

3.3 Theoretical Analysis of Faster Convergence
For our theoretical analysis, we instantiate the acquisition
functions α(x) and α̃(x,θk) using the Lower Confidence
Bound (LCB) [Srinivas et al., 2012]. These LCB instanti-
ations coincide with the acquisition rules employed in our
practical ST-MOBO and PMT-MOBO algorithms, so the fol-
lowing regret analysis directly characterizes the convergence
behavior of the implemented methods. Specifically, for ST-
MOBO, the acquisition function in (4) becomes:

x(t) = argmax
x∈X

sλ
(
−µ(x) + β1/2σ(x)

)
, (6)

where β denotes a trade-off coefficient, and µ(·),σ(·) ∈ RM

denote the vector of predictive means and standard deviations
of M GP models. Correspondingly, for PMT-MOBO, the
task-aware acquisition function in (5) becomes:

x
(t)
k = argmax

x∈X
sλ

(
−µ̃(x,θk) + β1/2σ̃(x,θk)

)
. (7)

For an EMOP with a total evaluation budget T , the goal is
to obtain a set of solutions XT ⊂ X that approximates the
true Pareto Set X ∗. Following the analysis technique [Paria
et al., 2020], this goal can be quantified using the notion of
Bayes Regret, which evaluates the quality of the obtained so-
lution set with respect to random preference vectors.
Definition 3 (Bayes Regret). Given a preference distribution
p(λ) over preference vectors, the Bayes regret of a solution
set XT is defined as:

RB(T ) = Eλ∼p(λ)

[
min
x∈XT

sλ
(
F (x)

)
− min

x∈X∗
sλ

(
F (x)

)]
,

where Pareto SetX ∗ includes all the Pareto-optimal solutions
x∗
λ = argminx∈X sλ(F (x)), ∀λ ∈ Λ.
Deriving an upper bound on Bayes regret is non-

trivial [Zhang and Golovin, 2020], since it measures the col-
lective regret of the entire solution set rather than point-wise
regret. Therefore, a surrogate of Bayes regret is introduced,
termed as Cumulative Regret, which quantifies the total point-
wise regret incurred across all evaluation rounds.
Definition 4 (Cumulative Regret). Given a set of sampled
preference vectors {λ(t)}Tt=1, the cumulative regret of a solu-
tion set XT = {x(t)}Tt=1 is defined as:

RC(T ) =
T∑

t=1

[
sλ(t)(F (x(t)))− min

x∈X∗
sλ(t)(F (x))

]
.

Assumption 1. For each objective fm and each task parame-
ter θk, the function x 7→ fm(x,θk) satisfies the same regular-
ity and GP assumptions as in Theorem 1 of [Paria et al., 2020]
(independent sub-Gaussian noise on a compact domain, and
scalarizations that are monotone and Lipschitz in all objec-
tives).
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}𝑚=1
𝑀
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Modeling
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𝒙𝑘
(𝒕)

= argmax𝒙∈𝒳𝜶𝑘 𝒙 , ∀𝑘 ∈ [𝐾] 

a. Acquisition-Driven Search

𝒳𝑘
(𝑔𝑒𝑛)

≔ {𝒙𝑘
′ 𝒊

∼ 𝒑𝝓 𝒙 𝝀, 𝜽𝒌 }
𝑖=1

𝑁𝑔𝑒𝑛

𝒙𝑘
(𝒕)

= argmax
𝒙∈𝒳𝑘

(𝑔𝑒𝑛)𝜶𝑘 𝒙 , ∀𝑘 ∈ [𝐾] 

b. Generative Solution Sampling
{𝒟𝑗𝑜𝑖𝑛𝑡

(𝑚)
}𝑚=1

𝑀

{𝒙𝑘
(𝒕)

, 𝜽𝑘 , 𝐹(𝒙𝑘
(𝒕)

, 𝜽𝑘)}𝑘=1
𝐾

Function Evaluation

𝝓∗ = argmin𝝓ℒ(𝝓, {𝒟𝑗𝑜𝑖𝑛𝑡
(𝑚)

}𝑚=1
𝑀 ) 

{𝒟𝑗𝑜𝑖𝑛𝑡
(𝑚)

}𝑚=1
𝑀

Update Generative Model

Figure 1: The overall workflow of the proposed method. During the optimization process, solutions are sampled and selected in an alternating
way between: a. acquisition-driven search and b. generative solution sampling.

Theorem 1 (Regret Bounds for ST-MOBO, Theorem 1
in [Paria et al., 2020]). Under Assumption 1, ST-MOBO sat-
isfies:

E
[
RC(T )

]
= O

(
J

√
M2 T D γT

lnT

ln(1 + σ−2)

)
, (8)

and furthermore, its Bayes regret is controlled by:

E
[
RB(T )

]
≤ 1

T
E
[
RC(T )

]
+ o(1). (9)

In Theorem 1, γT denotes the largest maximum informa-
tion gain (MIG) over all M objective functions:

γT = max
m∈[M ]

γT,m, (10)

where γT,m denotes the MIG for each objective function
fm(·), quantifying the maximal uncertainty reduction about
the objective function fm(·) from observing T solutions:

γT,m = max
{x(t)}T

t=1⊂X
I
(
{y(t)m }Tt=1; {fm(x(t))}Tt=1

)
, (11)

where I stands for mutual information. Although Theorem 1
is stated for a single EMOP instance, it applies equally well
to each of the K tasks in isolation. For task k, let

γT,m,k = max
{x(t)

k }T
t=1⊂X

I
(
{y(t)m,k}

T
t=1; {fm(x

(t)
k ,θk)}Tt=1

)
(12)

be the task-specific MIG of ST-MOBO and then Theorem
1 gives the corresponding E[R(k)

C (T )] and E[R(k)
B (T )] with

γT replaced by γT,k = maxm γT,m,k. With the same up-
per bound of Lipschitz constant J and observation noise vari-
ance σ2, the Bayes regret bound is determined primarily by
per-task MIG γT,k. A reduction in the MIG translates into
a smaller upper bound on Bayes regret. Thus, establishing
that PMT-MOBO’s per-task MIG γ̃T,k is smaller than that of
ST-MOBO confirms its accelerated convergence.
Theorem 2 (Tightened Regret Bounds for PMT-MOBO).
Under Assumption 1, consider a PMT-MOBO model where
the task-aware kernel yields covariance values equivalent to
the single-task kernel for any pair of inputs belonging to the

same task. Let γ̃T,k = maxm∈[M ] γ̃T,m,k be the largest MIG
of PMT-MOBO across M objectives over T scalarized eval-
uations for task k.

Then, for all m ∈ [M ] and k ∈ [K], it holds that
γ̃T,m,k ≤ γT,m,k, (13)

and accordingly γ̃T,k ≤ γT,k for every k ∈ [K]. Since the
proof of Theorem 1 depends on each task only through its
MIG term, the same regret bounds remain valid with γT,k

replaced by γ̃T,k, and consequently

E[RPMT
B (T )] ≤ E[RB(T )], (14)

i.e., PMT-MOBO achieves a tighter upper bound on Bayes
regret than standard ST-MOBO.

Theorem 2 establishes that PMT-MOBO achieves a tighter
Bayes regret bound than ST-MOBO. The detailed proof (Ap-
pendix A) demonstrates that conditioning on observations
from related tasks reduces the posterior covariance for the tar-
get task. Crucially, under the same regularity assumptions uti-
lized in [Paria et al., 2020], one can ensure that the structural
form of the original regret upper bound remains valid. Since
this bound is a monotonically increasing function of the Max-
imum Information Gain (MIG), the inequality, γ̃T,k ≤ γT,k

derived from the reduced posterior variance, translates to a
strictly lower upper bound on the cumulative regret.

3.4 Conditional Generative Model
Pure acquisition-based search via PMT-MOBO provides
sample-efficient guidance, but can steer sampling into low-
quality regions when X is large in (5) and budgets are
tight [Brookes et al., 2019; Zhang et al., 2022]. To comple-
ment this, we learn an elite-solution distribution via a condi-
tional generative model. As illustrated in Figure 1, we let

x′ ∼ pϕ
(
x
∣∣ λ,θk

)
,

where ϕ denotes the model parameters, λ encodes the scalar-
ization preference, and θk specifies the current task k. We
draw a pool of candidate solutions X (gen)

k per task from this
model, then score each with the acquisition function in (5)
and pick the best for evaluation as follows:

x
(t)
k = argmax

x∈X (gen)
k

sλ
(
−µ̃(x,θk) + β1/2σ̃(x,θk)

)
, (15)
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Algorithm 1 Generative PMT-MOBO Framework
Input: Tasks {θk}Kk=1, objectives {fm}Mm=1, preference dist.
Λ, generative model Gϕ.
Output: Final datasets {Dk}Kk=1

1: for t = 1 to T do
2: Sample λ(t) ∼ Λ
3: mode ← ACQUISITION or GENERATIVE (Round-

Robin)
4: for each task θk do
5: if mode = ACQUISITION then
6: Select x(t)

k using (5)
7: else
8: Sample {x′(i)

k }
Ngen

i=1 ∼ pϕ(x|λ(t),θk)

9: Select x(t)
k using (15)

10: end if
11: Evaluate F (xk, θk) and append to Dk

12: end for
13: Jointly retrain all task-aware GPs on

⋃
k Dk

14: if mode = GENERATIVE then
15: Extract elite subset from

⋃
k Dk

16: Update Gϕ using L(ϕ;D(gen))
17: end if
18: end for
19: return {Dk}Kk=1

In this way, distribution-aware sampling is seamlessly
blended with uncertainty-driven exploration. We instan-
tiate this generative model via either Variational Autoen-
coder (VAE) [Kingma and Welling, 2022] or Denoising Dif-
fusion Probabilistic Model (DDPM) [Ho et al., 2020] as fol-
lows.
Conditional Variational Autoencoder The dataset D of
elite solutions x is collected with conditioning vectors c =
(λ,θk). We introduce a latent code z and parameterize

pϕ(x|c) =
∫

pϕd
(x|z, c) p(z|c) dz. (16)

An encoder qϕe
(z|x, c) approximates the posterior, and a

decoder pϕd
(x|z, c) models the conditional likelihood. We

learn ϕ = (ϕe, ϕd) by maximizing the variational lower
bound [Kingma and Welling, 2022; Sohn et al., 2015] on D.
During generative solution sampling, candidate solutions x′

can be obtained from the learned distribution as follows:

z ∼ p(z|c), x′ ∼ pϕd
(x|z, c).

Conditional Diffusion Model The dataset D of elite solu-
tions x is collected with conditioning vectors c = (λ,θk).
We model the data distribution through a forward diffusion
process that gradually adds Gaussian noise over T̂ timesteps:

q(xt|xt−1) = N (xt;

√
1− β̂txt−1, β̂tI), (17)

where {β̂t}T̂t=1 follows a linear noise schedule. The forward
process admits a closed-form expression:

q(xt|x0) = N (xt;
√
ᾱtx0, (1− ᾱt)I), (18)

with ᾱt =
∏t

s=1(1− β̂s). Thereafter, a neural net ϵϕ(xt, t, c)
is trained to predict the noise added at timestep t given the
noisy solution xt and conditioning c. We learn ϕ by minimiz-
ing the denoising objective following [Ho et al., 2020]. The
learned diffusion model parameterizes the conditional distri-
bution of elite solutions as follows:

pϕ(x|c) =
∫

pϕ(x0|xT̂ , c) p(xT̂ ) dxT̂ , p(xT̂ ) = N (0, I),

(19)
where pϕ(x0|xT̂ , c) represents the reverse denoising process
implemented. During the generative solution sampling phase,
candidate solutions x′ are obtained as:

xT̂ ∼ N (0, I), x′ ∼ pϕ(x|c).

3.5 Alternating Optimization Loop
The complete framework alternates between two complemen-
tary search modes as illustrated in Figure 1: acquisition-
driven search via PMT-MOBO and generative solution
sampling using the conditional generative model. Algo-
rithm 1 presents the detailed workflow alternating between
ACQUISITION and GENERATIVE modes. We alternate
between generative sampling and acquisition-driven modes
every iteration in a round-robin fashion. In GENERATIVE
mode, candidates are sampled from pϕ(x|λ(t),θk) and
the best is selected using the acquisition function. In
ACQUISITION mode, solutions are directly selected by op-
timizing the task-aware acquisition function. Both update
task-aware GPs after evaluation, while the generative model
gets retrained during GENERATIVE iterations using D(gen).
Elite Solution Collection We maintain datasets per task-
preference pair (λ,θk), storing top Q% solutions by scalar-
ization score sλ(F (x,θk)) [Ozaki et al., 2022]. Preference
vectors λ are generated via random sampling from Λ. Each
elite solution x pairs with conditioning vector c = (λ,θk)
for generative model training. More detailed settings can be
found in Appendix C.3.

4 Results
We provide empirical experiments demonstrating our
method’s ability to build effective inverse models for P-
EMOPs. Our experiments verify three key claims: (1) PMT-
MOBO achieves faster convergence by exploiting inter-task
synergies, (2) conditional generative models further improve
solution quality, and (3) the built inverse modelM(θ,λ) can
directly predict optimized solutions for unseen EMOP tasks
without additional evaluations. We evaluate all methods using
the Hypervolume indicator [Zitzler and Thiele, 1998] across
both seen and unseen EMOP tasks.
Benchmarks. We evaluate our methods on classical syn-
thetic benchmarks: DTLZ-1, DTLZ-2, and DTLZ-3 [Deb et
al., 2002], and real-world problems including lamp genera-
tion, solar rooftop generation [Makatura et al., 2021], mag-
netic sifter design [Liu et al., 2025], and UAV controller de-
sign [Makatura et al., 2021]. We modify these base EMOP
problems so that each benchmark defines a family of related
EMOPs, where θ represents operational conditions (e.g.,
physical configurations of UAVs). More problem details are
provided in the Appendix B.
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Figure 2: Average Hypervolume results evaluated on sampled EMOP tasks in synthetic and real-world benchmarks.

Method DTLZ-1 DTLZ-2 DTLZ-3 LAMP SOLAR UAV
PSL-MOBO 2.82e+04 (1.78e+03)≈− 1.90e+00 (1.30e-01)−− 2.39e+04 (3.22e+03)+− 5.01e-01 (7.32e-02)−− 3.54e-01 (4.06e-02)−− 4.12e-01 (7.30e-03)−−

CDM-PSL 1.92e+04 (3.85e+03)−− 2.52e+00 (8.49e-02)−− 1.83e+03 (1.31e+03)−− 6.19e-01 (4.45e-02)≈− 6.54e-01 (3.11e-02)−− 4.26e-01 (3.09e-02)−−

PPSL-MOBO 2.24e+04 (1.10e+02)−− 2.98e+00 (3.56e-02)−− 2.67e+04 (6.08e+02)+− 6.12e-01 (1.05e-01)≈− 4.86e-01 (1.11e-01)−− 5.24e-01 (1.71e-01)−−

PMT-MOBO-VAE 2.88e+04 (2.57e+03) 3.10e+00 (2.99e-02) 1.78e+04 (7.28e+03) 6.31e-01 (7.33e-02) 7.93e-01 (1.56e-02) 6.08e-01 (1.88e-02)
PMT-MOBO-DDPM 3.47e+04 (4.85e+02) 3.13e+00 (1.41e-02) 3.20e+04 (1.98e+03) 6.70e-01 (5.82e-02) 7.65e-01 (1.30e-02) 6.05e-01 (2.44e-02)

Table 1: Inverse Model Generalization Performance on Unseen EMOP Tasks. Statistical significance is assessed using the Wilcoxon signed-
rank test at the 95% confidence level. Superscripts s1s2 indicate that the competitor is significantly worse (−), significantly better (+), or
statistically similar (≈) relative to PMT-MOBO-VAE (s1) and PMT-MOBO-DDPM (s2).

Baselines. Our empirical studies include state-of-the-art
single-task MOBO methods: ST-MOBO [Paria et al., 2020],
qPAREGO [Balandat et al., 2020], qEHVI [Daulton et al.,
2020], PSL-MOBO [Lin et al., 2022], and CDM-PSL [Li et
al., 2025], a diffusion model based MOBO variant. More-
over, to evaluate performance in utilizing inter-task syner-
gies, we compare against multi-task MOBO methods: OC-
MOBO [Char et al., 2019] and PPSL-MOBO [Cheng et al.,
2025b]. Finally, we evaluate variants of our approaches
that serve as ablation studies: PMT-MOBO (acquisition-
driven only), PMT-MOBO-VAE, and PMT-MOBO-DDPM
(full framework with different generative models).

Experimental Setup. We optimize K = 8 parameterized
EMOPs per benchmark with uniformly sampled task param-
eters. Each task uses 20 random initial solutions and the bud-
get T = 50, repeated over U = 20 independent runs. We set
Q = 10 for elite solution extraction following [Ozaki et al.,
2022] and β follows [Kandasamy et al., 2015]. Additional
implementation details are in the Appendix C.

Discussions. Figure 2 and Table 1 demonstrate our frame-
work’s effectiveness on synthetic and real-world benchmarks.
PMT-MOBO-VAE and PMT-MOBO-DDPM generally show
superior or comparable results compared to state-of-the-art

single-task and multi-task MOBO baselines in discovering
high-quality Pareto solutions across distinct tasks. The ex-
ception in magnetic sifter motivates us to further explore the
integration of our methods with EHVI based acquisition func-
tions so that the proposed framework can be more flexibly
adapt to diverse applications. Table 1 further shows that
our inverse models generalize well to unseen EMOP tasks,
outperforming the single-task and multi-task inverse models
constructed by PSL-MOBO and PPSL-MOBO. With task-
aware kernel and the alternating optimization loop, our PMT-
MOBO-DDPM’s inverse model can also outperform the dif-
fusion model of CDM-PSL across all the problems. To eval-
uate this generalization capability, we extract the trained in-
verse models after optimization and apply them to W = 100
completely new tasks. For each unseen task, we query the
inverse model with S uniformly sampled preference vectors
(S = 100 for bi-objective, S = 1000 for tri-objective) to gen-
erate predicted solutions, then compute the Hypervolume of
the resulting solution set.
Competitive Optimization Performance. Figure 2 and
Table 5 in Appendix D.1 summarize the Hypervolume re-
sults across all benchmarks. Wilcoxon signed-rank tests
(at 95% confidence) demonstrate that our proposed meth-
ods significantly outperform the baselines in most scenarios.
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Figure 3: Approximated Pareto Front for unseen EMOP tasks in solar rooftop generation (top) and lamp generation (bottom).

Specifically, against the eight competing methods across all
tasks (56 pairwise comparisons), PMT-MOBO-VAE attains a
win/tie/loss record of 45/8/3, effectively dominating difficult
tasks such as LAMP and SOLAR. The PMT-MOBO-DDPM
further enhances optimization capability, achieving a record
of 55/0/1, statistically surpassing all baselines in every bench-
mark except for the low-dimensional magnetic sifter design.

Effective Inverse Model Generalization. Table 1 confirms
that our alternating optimization strategy yields robust inverse
models for unseen tasks. PMT-MOBO-DDPM demonstrates
superior generalization across the majority of benchmarks,
achieving the highest Hypervolume on DTLZ-1, DTLZ-2,
DTLZ-3, and LAMP generation. Notably, it statistically out-
performs both PSL-MOBO and PPSL-MOBO baselines on
every tested problem instance. PMT-MOBO-VAE excels on
the remaining real-world engineering tasks, with the best per-
formance on SOLAR and UAV controller design, though it
struggles with the highly multimodal landscape of DTLZ-3
compared to the DDPM variant. We omit the magnetic sifter
design set due to the prohibitive computational cost of eval-
uating hundreds of distinct tasks. To further validate these
metrics, Figure 3 visualizes the approximated Pareto Fronts.
Both PMT-MOBO variants discover fronts with significantly
better convergence and coverage than the PSL-MOBO base-
line. Consistent with Table 1, PMT-MOBO-DDPM generally
provides the broadest coverage, while PMT-MOBO-VAE of-
fers smoother approximations, illustrating a potential trade-
off between the expansive generation of diffusion models and
the structured latent embedding of VAEs.

Ablation Studies and Sensitivity Analysis. To validate the
necessity of our alternating optimization strategy, we com-
pared the full framework against decoupled baselines (pure
acquisition search and pure generative sampling). The re-

sults, detailed in Appendix D.3, confirm that neither com-
ponent is sufficient in isolation. Specifically, generative sam-
pling enhances the diversity of candidate generation, while
the alternating acquisition search lowers the variance inher-
ent in pure generative sampling, resulting in robust conver-
gence. Figure 2 also demonstrates the superior performance
of PMT-MOBO-VAE and PMT-MOBO-DDPM compared to
PMT-MOBO, showcasing the value of integrating generative
modeling.

Furthermore, our sensitivity analysis on the elite ratio pa-
rameter Q reveals a critical trade-off: too large a Q reduces
selective pressure, pushing the generative model to learn low-
quality solutions, whereas too small a Q incurs large variance
and provides insufficient data to train a well-behaved model.
Empirically, Q = 10% achieves the optimal balance across
both VAE and DDPM variants (see Tables 6 and 7 in Ap-
pendix D.4).

5 Conclusion
We introduce a novel parametric multi-objective Bayesian
optimizer that can amortize the computational effort of solv-
ing families of expensive EMOPs into a single inverse genera-
tive model. By alternating between acquisition-driven search
and generative solution sampling, our method constructs a ro-
bust mapping that captures complex Pareto geometries, sig-
nificantly improving generalization to unseen tasks and opti-
mization efficiency, as verified by synthetic and real-world
benchmarks. Theoretically, we showed that incorporating
task-aware GPs yields tighter regret bounds than single-task
counterparts. Future work will explore extensions to com-
binatorial problems and advanced acquisition strategies like
EHVI to further broaden the impact of amortized optimiza-
tion across tasks [Wei et al., 2025].
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