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Research Goal

» Few-Shot Multi-Objective Optimization

© argmingex F(x) = argmingex (f1(x), ..., fu (x))
* The evaluation budget for the optimization is small

= How?
Multi-Objective Multi-Task Optimization[1] Previous Work 1
- argminy, ex, Fx(xi), m € [K]

Assuming K multi-objective problems share certain similarities, we use their Pareto-optimal solution
distributions and surrogate models as transferable knowledge to accelerate convergence.

Parametric Multi-Task Optimization[2] Previous Work 2

-argmin,cf(x,0),V0 € ©

We assume access to an external task space ® and investigate how leveraging task parameters 6 as side
information can enhance knowledge transfer and accelerate optimization convergence.

This Work
Parametric Multi-Objective Multi-Task Optimization[3] e oo

-argmin,eF(x,0),v0 € 0

We assume access to an external task space ® and investigate how leveraging task parameters 0 as side
information can accelerate optimization convergence and return any preferred solution observing preference
vector A in any task 6.
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Why Parametric Multi-Objective Multi-Task Optimization?

Opportunities:

* Explicit task parameters 6 provide a structured way to quantify task similarity, contributing to faster
multi-objective optimization convergence via efficient knowledge transfer.

Challenges:

* The task parameters @ lie in a continuous space, meaning we have infinitely many multi-objective
tasks to solve, and each multi-objective task require potentially infinitely many solutions to satisfy
arbitrary preference articulation on Pareto Front for any task.

Application Example:

* Inturbine design, 8 can represent different wind speeds. Optimizing manufactured components x for
diverse 6 allows the parametric turbine to adapt to unexpected environments.
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Makatura, Liane, et al. "Pareto gamuts: exploring optimal designs across varying contexts." ACM Transactions on Graphics
(TOG) 40.4 (2021): 1-17.



Methodology

a. Acquisition-Driven Search
Y e e -

Update Generative Model

Surrogate a,(x):= s;(—p(x,0;,) + \/E’&(x, 0:,))
Modeling Function Evaluation
(Do Im= I

®
x, = argmax,cy;(x),Vk € [K] 0] ® K
o K xe {x,,7, 0, F(x;,”,01)} =1 oint

|| e 1 b | i

b. Generative Solution Sampling m)
D

! Serve as inverse model post-
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We instantiate the Generative
Model by either VAE or DDPM

' Facilitate search to focus on
i the elite solutions in X

« VOEOVAEA M(0,1) = argmingeys;(F(x,0)) ~~ - tttotoees

* Surrogate Models: * Conditional Generative Model (Inverse Model):

s GP:X X0 ->R Facilitatg cr(?ss-task « Mp:0 x A>X
« (M models for M objectives) | explorationin X' X ©

* (ldentify the preferred solution by A for task 6)

. -Task li : . . .
Cross-Task Sampling * Alternating Optimization Loop:

* Forward Model contains cross-task information: . . .
5 * Periteration, mode a. and b. alternates in a round
* GPWu(,0),0%(,0)) robin way



Results

o argmin,eF(x,0) = (fi(x,0), ..., fu(x,0)),vV0 € ©

* Good Optimization Results
* Sample K multi-objective tasks
* Check out the multi-objective convergence
o F(',Hk),k € [K]

* Theoretical Analysis of potentially faster convergence
Theorem 2 (Tightened Regret Bounds for PMT-MOBO).
Under Assumption 1 and with the task-aware kernel that sat-
isfles: K, ((x,0k), (X', 0k)) = Km(x,%x),Vk € [K], let
F7 g = Max, Yrm i be the largest MIG of PMT-MOBO

across M objective functions over 7" scalarized evaluations
for the k-th task, it holds that

Frmk < Yomok, VM € [M],VE € [K]. (13)

Accordingly, it also holds that Jr ; < yp i, Vk € [K]. Con-
sider that both regret bounds from Theorem 1 still hold with
i teplaced by Y71, consequently, it holds that,

E[RZT(T)] < E[Rg(T)), (14

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

« VOEOVAEA M(O,1) = argmin,cysy(F(x,0))

* Good Inverse Model Predictive Results
* Sample multiple (unseen) multi-objective tasks 6
* Sample diverse preference vectors A € A

* Check out the solution quality of the model output
« F(x',0), x'= My (6,2),
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Our PMT-MOBO-VAE/DDPM generate
better Pareto-optimal solutions




Detailed Comparisons

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)T | 5.01e-01 (7.32e-02) | 3.54e-01 (4.06e-02) | 4.12e-01 (7.30e-03)
CDM-PSL 1.92e4+04 (3.85e+03) "~ | 2.52e+00 (8.49¢-02)"~ | 1.83e+03 (1.31e403)™~ | 6.19e-01 (4.45e-02)~ | 6.54e-01 (3.11e-02)"— | 4.26e-01 (3.09e-02)—
PRSI _MOBO 22404 (1 10002y —— | 2 0R:1000 (3 56020 — 2 67604 (60ROt — | A 12601 (1 05010 | 4 8ae01 (1 11le 01y —— S24e01 01 7le 0l —
PMT-MOBO-VAE 2.88e+04 (2.57e+03) 3.10e+00 (2.99¢-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 (5.82¢-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 “1“2 indicate that the competitor is significantly worse (—), significantly better (+), or
statistically similar (=) relative to PMT-MOBO-VAE (s;) and PMT-MOBO-DDPM (s2).

Method

DTLZ-1

DTLZ-2 DTLZ-3 LAMP SOLAR MAGNETIC UAV
STMOBO 1.82c+04 (4.80c+03) 7.65¢+00 (6.30c-02) 3 24c+03 (3.03¢+03) 5.80e-01 (1.20002) 6.81c-01 (2.516-02) 8.72e-02 (2.15¢-02) 431001 (1.99¢-02)
GPAREGO 1.68e+04 (4.03e+03) 2.74e+00 (5.30e-02) 1.42e403 (1.48e+03) 5.79¢-01 (1.30e-02) 6.64¢-01 (2.21e-02) 1.06e-01 (2.05e-02) 4.27e-01 (1.82e-02)
qEHVI 3.23e+04 (5.06e+01)% | 2.33e+00 (6.20e-02) 2.66e+04 (1.85¢-02)" | 6.14e-01 (3.00e-03) 6.07¢-01 (1.29¢-02) 2.18e-01 (1.15e-02)' ' | 4.89¢-01 (2.60e-03)
PSL-MOBO 3.00e+04 (3.52e+03)% | 2.38e+00 (4.90e-02) 231e+04 (6.44¢+03)% | 5.42e-01 (1.40e-02) 5.96¢-01 (3.60e-03) 7.42¢-02 (1.79¢-02) 4.03¢-01 (1.46e-02)
CDM-PSL 1.59e+04 (4.15¢+03) 2.43e+00 (5.04e-02) 7.76e+02 (9.41e+02) 5.85¢-01 (1.39¢-02) 6.49¢-01 (1.97e-02) 1.00e-01 (1.82e-02) 3.89¢-01 (5.70e-03)
PPSL-MOBO 3.20e+04 (1.72e+03)% | 2.86e+00 (3.00e-01)%~ | 2.71e+04 (7.89e+02)~ | 6.09¢-01 (1.61¢-02) 6.35¢-01 (1.15¢-02) 9.41e-02 (1.69¢-02) 5.85¢-01 (3.19¢-02)%
OCMOBO 1.28¢+04 (3.04¢+03) 2.99¢+00 (2.12e-02)% | 6.20e+02 (6.29¢+02) 6.13¢-01 (6.60e-03) 7.53e-01 (1.36e-02) 1.23¢-01 (3.95¢-02) 5.260-01 (1.09¢-02)
MT-MOBO 1.71c+04 (3.70c+03) Z.77e+00 (5.500.02) 3.78¢+03 (5.40c+03) S.83c.01 (1.226.02) 7.10c-01 (1.90c-02) T.73¢-01 (2.99¢.02)7 | 4.78¢.01 (1.27c-02)
MT-MOBO-VAE | 3.10e+04 (3.41e+03) 3.05e+00 (9.58e-02) 2.10e+04 (5.33¢+03) 6.21e-01 (1.73e-02) 7.67¢-01 (2.01e-02) 1.49¢-01 (5.07¢-02) 5.95¢-01 (3.33¢-02)

Table 5: Average Hypervolume results (mean =+ std) across synthetic and real-world benchmarks. Statistical significance is assessed using the
Wilcoxon signed-rank test at the 95% confidence level. Superscripts “* 2 indicate that the competitor is significantly worse (—), significantly
better (+), or statistically similar (/) relative to PMT-MOBQ-VAE (s,) and PMT-MOBQO-DDPM (s53).



Conclusion

» \WWe aim to provide a framework extending multitask optimization to
infinite multi-task optimization.

= In TEVC2025, we present the parametric multitask optimizer for
single objective optimization.

» In [JCAI2026, we present an alternation-based strategy to build a
parametric multiobjective multitask optimizer based on generative
models.



Thank you for your attention!

Further Engagement
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Discovering, evaluating, and improving robust Al through self-evolving diversity-driven
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  a r g m i  n  x ∈ 𝒳   F  ( x ) = a r g m i  n  x ∈ 𝒳 (  f 1  ( x ) ,   … ,    f M ( x ) )


  a r g m i  n   x k ∈  𝒳 k  F k  (   x k ) , m ∈ [ K ]


  K


  a r g m i  n  x ∈ 𝒳 f  (  x ,   𝜃 ) ,   ∀ 𝜃 ∈ Θ
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  a r g m i  n  x ∈ 𝒳 F  (  x ,   𝜃 ) ,   ∀ 𝜃 ∈ Θ


  𝚯


  𝜽


  𝝀


  𝜽


  a r g m i  n  x ∈ 𝒳 F  (  x ,   𝜃 ) ≔ (  f 1  (  x ,   𝜃 ) ,   … ,    f M ( x ,   𝜃 ) ) ,   ∀ 𝜃 ∈ Θ


  𝜃


  𝜃


  𝜃  


  x


  𝜃


  ∀ 𝜃 ∈ Θ ,   ∀ 𝜆 ∈ Λ


  ℳ  (  𝜃 , 𝜆 ) ≈   a r g m i  n  x ∈ 𝒳  s 𝜆 ( F  (  x ,   𝜃 ) )
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  ∀ 𝜃 ∈ Θ ,   ∀ 𝜆 ∈ Λ ,     ℳ  (  𝜃 , 𝜆 ) ≈   a r g m i  n  x ∈ 𝒳  s 𝜆 ( F  (  x ,   𝜃 ) )


  𝒢 𝒫


  𝒳   ×   Θ   → ℝ


  M


  M


  𝒢 𝒫 ( 𝜇  (  ⋅ ,   𝜃 ) ,    𝜎 2 ( ⋅ ,   𝜃 ) )


  {  𝒟  j o i n t  ( m )  }  m = 1 M


   𝜶 k  ( 𝒙 ) : =    𝒔 𝝀 ( −  𝝁 ~  (  𝒙 ,    𝜽 k ) +  𝛽  𝝈 ~ ( 𝒙 ,    𝜽 k )   )


   𝒙 k  ( 𝒕 ) =   argmax  𝒙 ∈ 𝒳  𝜶 k  ( 𝒙 ) ,   ∀ k ∈ [ K ]


   𝒳 k  ( g e n ) ≔ {    𝒙 k ′   ( 𝒊 ) ∼  𝒑 𝝓  ( 𝒙 |  𝝀 ,    𝜽 𝒌 )  }  i = 1   N  g e n


   𝒙 k  ( 𝒕 ) =   argmax  𝒙 ∈  𝒳 k  ( g e n )  𝜶 k  ( 𝒙 ) ,   ∀ k ∈ [ K ]


  {  𝒟  j o i n t  ( m )  }  m = 1 M


  {  𝒙 k  ( 𝒕 ) ,    𝜽 k ,     F (  𝒙 k  ( 𝒕 ) ,    𝜽 k ) }  k = 1 K


   𝝓 ∗ =   argmin 𝝓 ℒ ( 𝝓 , {  𝒟  j o i n t  ( m )  }  m = 1 M )


  {  𝒟  j o i n t  ( m )  }  m = 1 M


  { 𝒢  𝒫 m  }  m = 1 M


   ℳ 𝝓


  Θ   ×   Λ → 𝒳


  𝜆


  𝜃


  𝒳   ×   Θ


  𝒳


  a r g m i  n  x ∈ 𝒳 F  (  x ,   𝜃 ) ≔ (  f 1  (  x ,   𝜃 ) ,   … ,    f M ( x ,   𝜃 ) ) ,   ∀ 𝜃 ∈ Θ


  K


  F  (  ⋅ ,    𝜃 k ) ,   k ∈ [ K ]


  ∀ 𝜃 ∈ Θ ,   ∀ 𝜆 ∈ Λ ,     ℳ  (  𝜃 , 𝜆 ) ≈   a r g m i  n  x ∈ 𝒳  s 𝜆 ( F  (  x ,   𝜃 ) )


  𝜃


  𝜆 ∈ Λ


  F  (   x ′ ,   𝜃 ) ,         x ′ =  ℳ 𝝓 ( 𝜃 ,   𝜆 )

