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= Black-Box Optimization '/\
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y Nyex f(X)
. Multio:j(:;\llz OJ;timjiCzation {x} ={F(x)}

o argmin,ey F(x) = argmin,cyx (f1(x), ..., fu (x))
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» Black-Box Optimization '/\
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y Nyex f(X)
. Multio:j(:;\llz OJ;timjiCzation {x} ={F(x)}

o argmin,ey F(x) = argmin,cyx (f1(x), ..., fu (x))
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= Few-Shot Challenges
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* To conduct (multiobjective) optimization within limited evaluation budgets. @ === === {

* argminyex f(x)r Cnax=C

|
I

I
o argmin,ey F(x) = argminxex(fl(x), ...,fM(x)), Crar=C : @ :
i f1: Accuracy !
, Hyperparameter — :

1 Configuration o

Why “Few Shot™? « ” I f: Interpretability!
Real problems entail Few Shot” means budget : :
costly function calls. C can be really small. ] l
2.  Problems of other I Hyperparameter :
forms (multi-objective) : Tuning I

entails even more
function calls.




argmingey f(x)» Cnax=C

Few-Shot Challenges for Black-Box Optimization

= With limited function calls, Black-Box Optimization requires building a surrogate model.
+ To approximate the oraclel". _ Surrogate-Assisted
+ To inform the next sample to search via uncertainty estimatel?!. . Optimization
* In the NeurlPS 2020 Black-Box Optimization Challengel3:
« “All the top-20 participants used some form of surrogate-assisted optimization.”

» “This is strongly indicative of the value of using a ‘surrogate-model’... ...

» During the optimization process, optimizer can query both
« Surrogates, to gather more information about oracle

* Oracle, to gather real observations to build better surrogates

[1] Lim, Dudy, et al. "Generalizing surrogate-assisted evolutionary computation." IEEE Transactions on Evolutionary Computation 14.3 (2009): 329-355.

[2] Shahriari, Bobak, et al. "Taking the human out of the loop: A review of Bayesian optimization." Proceedings of the IEEE 104.1 (2015): 148-175.

[3] Turner, Ryan, et al. "Bayesian optimization is superior to random search for machine learning hyperparameter tuning: Analysis of the black-box optimization challenge 2020."
NeurlPS 2020 competition and demonstration track. PMLR, 2021.



Few-Shot Challenges for Black-Box Optimization

= With limited function calls, Black-Box Optimization requires building a surrogate model.

* In the NeurlPS 2020 Black-Box Optimization Challengel'l:
«  “All the top-20 participants used some form of surrogate-assisted optimization.”
« “This is strongly indicative of the value of using a ‘surrogate-model'... ...

« “All the top teams used some form of Bayesian Optimization... ... "[1]

= Bayesian Optimization (BO) is generally considered a default solver in this regard:

+ lteratively
» Building Surrogate Model

« Maximizing the acquisition function to obtain the next sample to search

argmingex f(x), Cpax=C

-

observation (x)

T~ acquisition function (u(-))

******** PO A objective fn (f(-))

¥ acquisition max

[1] Turer, Ryan, et al. "Bayesian optimization is superior to random search for machine learning hyperparameter tuning: Analysis of the black-box optimization challenge 2020."

NeurlPS 2020 competition and demonstration track. PMLR, 2021.

[2] Shahriari, Bobak, et al. "Taking the human out of the loop: A review of Bayesian optimization." Proceedings of the IEEE 104.1 (2015): 148-175.
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argmingey f(x)» Cnax=C

Few-Shot Challenges for Black-Box Optimization

=  With limited function calls, Black-Box Optimization requires building a surrogate model.

Surrogate-Assisted
Optimization

» Bayesian Optimization (BO) is generally considered a default solver in this regard.

= However, the sparse observations makes surrogate modeling challenging!'l:
* Surrogates can be easily mis-specified.

* Bias from surrogates can easily skew the potential sampling distributions.

[1] Liu, Tennison, et al. "Large Language Models to Enhance Bayesian Optimization." The Twelfth International Conference on Learning Representations, 2024.



argmin,ey F(x) =

Few-Shot Challenges for Multiobjective Optimization “"g’"""xegnff fzx)c’""f u()),

» Few-Shot Multiobjective Optimization expects a set of Pareto solutions, achieving the optimal trade-offs among conflicting objectives, within
a limited evaluation budget.

= Multiobjective optimization (MOO) requires:
* alarge sample size to approximate the whole Pareto Solution Set.
* Few-Shot Settings (a limited number of sample size) make the approximation even more challenging!!!

« ParEGO Non-Dominated Sols Approximate Pareto Front
@ PSL Non-Dominated Sols

Lin, Xi, et al. "Pareto set learning for expensive multi-objective optimization." Advances in neural information processing systems 35 (2022): 19231-19247. 10



argmingex F(x) =
Few-Shot Challenges for Multiobjective Optimization “’”gml"xeggig)é---,fM(x)),

How is the few-shot multiobjective optimization resolved?

Solution: Inverse Model based multiobjective optimization

Decision

Objective
Space

Space
During
Optimization X1 Y1
X2 Y2
Approximate the Pareto
X~ Y~ Solution Set with
After inverse model ()
Optimization

Tan, Chin Sheng, et al. "Pareto optimization with small data by learning across common objective spaces." Scientific Reports13.1 (2023): 7842. 11
Lin, Xi, et al. "Pareto set learning for expensive multi-objective optimization." Advances in neural information processing systems 35 (2022): 19231-19247.



argmin,cy F(x) =

Few-Shot Challenges for Multiobjective Optimization “Tg’"""xeg‘nff 1(3)(}'"’f (),

* Inverse Model based multiobjective optimization can solve few-shot multiobjective optimization.
« Limitation 1: Limited training data.
* Limitation 2: The performance of Inverse Model is restricted by the quality of optimization results.

Decision Objective

Space Space
()

During
Optimization X1 Yi

X2 Y:

XN YN
After ~
Optimization {(X7,Y))HEy

Tan, Chin Sheng, et al. "Pareto optimization with small data by learning across common objective spaces." Scientific Reports13.1 (2023): 7842. 12
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Multitask Optimization (How?)

argminmeXmFm(xm)r m € [M]

= Assuming M problems share certain similarities, we aim to accelerate the convergence of optimization via transferable knowledge of

solution distributions,

surrogate models.

= Solution Distributions (Solution-based Transfer):

Evolutionary Multitask Optimization['-2l:

» excavate the power of implicit parallelism in EAs and the knowledge extraction behavior,

» through exploiting the inter-task synergies across different tasks.

» Surrogate Models (Model-based Transfer):

« Multitask Bayesian Optimization[®!:
» curate surrogate modeling using data across different tasks,

[1] Gupta, Abhishek, Yew-Soon Ong, and Liang Feng. "Multifactorial evolution: Toward evolutionary multitasking." IEEE Transactions on Evolutionary Computation 20.3 (2015):

343-357.

« analyze inter-task relationship via multitask kemnel in Gaussian Processes.

(1)
¢

(2)
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(3)

P

- B R
N an Fenga,

.-l-_,--.‘

(@) Multi-task GP sample functions

(b) Independent GP predictions

(C) Multi-task GP predictions

1| Mutation
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I

1 : Crossover
i 1| Selection
[

] - —— _I S
[ ——
' POP 1

1 I
| Crossover |
I
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| Sepra—————— |
1
,_7_!_‘_
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i
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RN [ — ’o
)
i
I
I

-

< Rand(0.1)

Operators | |

Solutions

____________________

<rmp _=> .
— 1
]
I
|

Operators ||

i
Solutions
]

_________

Operators

- i
Solutions

[2] Wei, Tingyang, et al. "A review on evolutionary multitask optimization: Trends and challenges." IEEE Transactions on Evolutionary Computaion 26.5 (2022): 94 14960.

[3] Swersky, Kevin, Jasper Snoek, and Ryan P. Adams. "Multi-task bayesian optimization." Advances in neural information processing systems 26 (2013).
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+ Single-Objective PMTO
* Multiobjective PMMFTO T T T E s EE T

1
|
| * E,“\“F“"“ !
» Few-Shot Challenges : "¢ | £,:Distance to :
 To conduct (multiobjective) optimization within limited evaluation budgets. : Angular Tareet Target |
o argmingey f(x), Coax=C i Position AL Variables :
| > )
o argmin,ey F(x) = argminxex(fl(x), ...,fM(x)), Cnax=C I f2: Energy :
! Cost I
= Multitask Optimization (MTO) : |
I
« argmin, cx, Fn(xy),m € [M] : Robot Arm Control l
______________________________ I
5 I
Each 6 characterizes a task, I :
. . o so the space © specifies an ' @ '
» Generalizing Multitask Optimization g ' .
9 P infinite number of tasks ' Hyperparameter — f1: Accuracy :
o argmin,c F(x,0))v0 € 0 ' : : - I
_ L . _ 1 Configuration _—
* Multitask Optimization can be considered a special case I f2: Interpretablhtjl
« by instantiating tasks with M task parameters {6,}}, : :
1
1
: .
i |

15



Outline

a

OO0 O

O

O Problem 1: Finite Few-Shot Single-Objective Multitask Optimization

= In-Context Guidance: Learning Inter-Task Synergies via Numerical Foundational Models for Few-Shot Multitask Optimization!!

[1] Tingyang Wei, et al. “In-Context Guidance: Leamning Inter-Task Synergies via Numerical Foundational Models for Few-Shot Multitask Optimization.” In submission to IEEE
Transactions on Evolutionary Computation (2026)

~



Few-Shot Multitask Optimization

= Few-Shot Optimization:
© argmingey f(x), Cpax=C

« With limited function calls, few-shot optimization requires building a surrogate model to guide the search process.

= Limitations for few-shot optimization?

+ Limited observations can mis-specify the surrogate model.

= Multitask Bayesian Optimizerl'!:

» curate surrogate modeling using data across different tasks,

» analyze inter-task relationship via multitask kernel in Gaussian Processes.

Multitask Bayesian Optimizer

@ Evaluated Data f\ GP Surrogate ©/7 Acquisition Function Per Task &  Function Evaluation
. <N, \K —_— i peeaney — ¢] and . .
(=20 = N (o Kme) argminyexp(x, k) = VBo(x, k) Al Y =EED
k=1

i=1

Heme (00 1), O, k")) 1= 10 (%, %)

[1] Swersky, Kevin, Jasper Snoek, and Ryan P. Adams. "Multi-task bayesian optimization." Advances in neural information processing systems 26 (2013).



Few-Shot Multitask Optimization

= Challenges of current Few-Shot Multitask Optimizers:

» Under few-shot budgets, only a few observations are available per task, making transfer-related components difficult to estimate reliably
and increasing the risk of negative transfer.

Multitask Bayesian Optimizer

Evaluated Data GP Surrogate Acquisition Function Per Task & Function Evaluation
@ @ V) | T A 2 g - @/7 ! . - . .
(=20 N (.0 [ieme) ar gminexh(x, k) — VBo(x, k) A V' =F(x")
k=1

i=1

Home (06 ), O, k") 1= 1o (%) -

Taking Multitask Bayesian Optimizer for an Example:

nmied Ghsenatn inferior Estimation parameltr;flfiezr:ﬁg?ncorrect
. N VK # R q ) .
_ (.o "k 8 = e g, S8 B[k, k'] > negative
= {xk ' Yk }i=1 et L S transfer

Tingyang Wei, et al. “In-Context Guidance: Learing Inter-Task Synergies via Numerical Foundational Models for Few-Shot Multitask Optimization.” In submission to IEEE
Transactions on Evolutionary Computation (2026)



Motivation: TabPFN is a Bayesian Learner in small-data

= TabPFN shows promises in small data classification/regression tasks.
* P(A)(Prior): The pretraining input-output pair
Synthetic training data

P(B|A)P(4)

CasSes

PUIR) ===

In-Context Learning .
via TabPFN ;

TabPFN can now be applied to arbitrary
unseen real-world datasets

Prediction
y train
e —

TabPFN — @
3

\An arbitrary real-world dataset

TabPEN
- -~ Xtrain
- - -

- - !

* P(B|A)(Likelihood): The likelihood of training Data B given pretrained priorA ' ,[a Xist
- Re-weightingthe prior given the trainingXandY ~ _ _=="" _ l -

- -~ - - - - - I

”””” - - - - I

Xtrain Ytrain -~ -

* P(A|B)(Posterior): In-Context Learning ijen'tﬁe context/training-data B.

The actual instantiated classifier or regressor given test data
-

{ Xtest

0.5

0

0.5

MWL

= |f so, can TabPFN serve as meta-knowledge to:
e Serve as a foundational surrogate model to accelerate optimization process?
* Caterfor the optimization in the loop of few-shot multitask optimization?

Hollmann, Noah, et al. "Accurate predictions on small data with a tabular foundation model." Nature 637.8045 (2025): 319-326
Mdller, Samuel, et al. "Transformers can do bayesian inference." arXiv preprint arXiv:2112.10510 (2021).



In-Context Guidance Multitask Optimization: Bayesian Version

Conventional Multitask Bayesian Optimizer

!

5

Evaluated Data

0]

k=1

-z

GP S t Acquisition Function Per Task
UITOE?HE'!" . @ cquisition Function Per Tas
argmin,expu(x, k) — VBo(x, k

M 0? )

P Function Evaluation
—
) B y'=F(x")

In-Context Query

Construct queries for in-context learning.

Xl,B" Yl,B
Xl,W! Yl,W

XZ,B! YZ.B

XZ,W' YZ.W

In MTBO, we query whether TabPFN can
specify a better half of solutions of task 7,

given all the solutions of task 73 .

(G010, (6, K7 )= e (%, %)

via Guidance in @)

o Learning In-Context Guidance

Input _Label -
Do [ (o |~ | o |
)

Cross
Entropy

Better or Worse?
(Binary Classification)

In-Context Guidance Learning

Learn guidance signals via the in-context query.

If TabPFN can specify a better half of solutions
of task T, given all the solutions of task 73, the
task pair should be similar, vice versa.

L(9) = A(9;D) + A()g(3,9")

Task Evaluated TabPFN
Kernel Data Prior
) (D) ®

MAP Estimation with Foundational Prior

Use guidance signals in MAP estimation.

Treating the in-context guidance as the prior
information, the negative transfer in small-data
estimation can be mitigated for foundational
models.

Tingyang Wei, et al. “In-Context Guidance: Leaming Inter-Task Synergies via Numerical Foundational Models for Few-Shot Multitask Optimization.” In submission to IEEE
Transactions on Evolutionary Computation (2026)



In-Context Guidance Multitask Optimization: Bayesian Version

Metric [ Evaluations | BO-LCB | MTBO-LCB | BO-LCB-CKT | BO-LCB-BCKT | SELF | ICG-MTBO
40 0/16/2 0/14/4 /1272 01771 4618 -
_ 60 071573 U374 1372 01771 177710 -
+ =/ = 80 071672 2507 1572 071870 071474 - 30-D Problem
100 0/15/3 RIEES 1572 071870 071474 - .
a0 104 311 344 5.11 2.50 1.89 with LCB
60 5.06 2.78 304 5.00 361 1.61 = g
Average rank 80 183 2.39 738 5.06 7.89 1.56 Acq uisition
100 478 2.17 17 5.06 328 1.56
Metic | Evaluations | BO-LCB | MTBO-LCB | BO-LCB-CKT | BO-LCB-BCKT | SELF | ICG-MTBO
10 0/14/4 0/13/5 0/1573 0/15/3 07711 -
V- 60 071573 171572 01573 071573 37619 - 50-D Problem
~ %0 0/1573 0/T4/4 071573 071 171077 - .
100 071 01573 071573 071 /1473 - with LCB
40 4722 3.00 456 483 272 1.67 . mgs Our |CG_MTBO trium hS in
Average rank 60 417 311 478 5.17 .94 1.83 Acq uisition i P
g0 144 3.00 161 528 317 1.50 i
100 4.39 2.56 478 5.28 2.61 1.39 a" the SEttlngs' ="
Metric [ Evaluations | BO-LogElI | MTBO-LogEI | ICG-MTBO-LogEI
40 0/15/3 171077 -
60 171473 271175 - -
-/~ o DiC L - 30-D Problem
100 271076 37718 = with LogE|
40 2.89 1.94 117 A isiti
60 2.78 2.00 1.22 cauisition
Avecage rank 80 272 1.83 144 q
100 256 1.78 1.67
Metric | Evaluations | BO-LogEI | MTBO-LogEl | ICG-MTBO-LogEI
40 21373 1/11/6 -
V)=~ 60 71473 1374 . 50-D Problem
80 171473 /1473 - i
100 /1474 271274 - with LogE|
40 7.50 211 1.39 A isiti
60 7.61 211 1.28 cqguisition
Aversge rank 80 7.56 217 1.28 q
100 2.67 1.04 1.39

Tingyang Wei, et al. “In-Context Guidance: Leaming Inter-Task Synergies via Numerical Foundational Models for Few-Shot Multitask Optimization.” In submission to IEEE
Transactions on Evolutionary Computation (2026)



In-Context Guidance Multitask Optimization: Evolutionary Version

Conventional MFEA-II

Remark: ICG is regarded as a
general framework as the in-
context query can be tailored to
the transfer-related parameters
for any multitask optimizer.

!

Parent Populations Probabilistic Modeling Cross-Task Evolution % Function Evaluation
@ - @ - — B * * c
{PeYiza = argmaxgL(R; Py, ..., Py) P{ « Crossover + Mutation(R, P,) v = F(xy), %) ~P§

...............

"R= Tij via Guidance in e
9 Learning In-Context Guidance
fuh < Xyre | T Fied L(R) = A(R;P) + A()g(R,R")
e Xorr | T " TWbPFN | Tij

Xorr Xire | 7 Task  Evaluated  TabPFN
- ‘ Xare ? Normalized Kernel Populations Prior
m " - Cross (R) 2 (k")

Xore Task Membership

Prediction Entropy

In-Context Query In-Context Guidance Learning MAP Estimation with Foundational Prior

Construct queries for in-context learning. Learn guidance signals via the in-context query. Use guidance signals in MAP estimation.
Treating the in-context guidance as the prior
information, the negative transfer in small-data
estimation can be mitigated for foundational

models.

If TabPFN can distinguish the task membership
from gathered elite solutions of task 7, and task
71, the task pair should be similar, vice versa.

In MFEA-II, we query whether TabPFN can
specify the task membership among elite
solutions of task 7, and task 7;.

Tingyang Wei, et al. “In-Context Guidance: Leaming Inter-Task Synergies via Numerical Foundational Models for Few-Shot Multitask Optimization.” In submission to IEEE
Transactions on Evolutionary Computation (2026)



In-Context Guidance Multitask Optimization: Evolutionary Version

Remark: ICG is regarded as a general framework as the in-context

query can be tailored to the transfer-related parameters for any
multitask optimizer.

Problem | Task | MFEA-IT ICG-MFEAI-(0.5) | ICG-MFEAJIL(0.3) | ICG-MFEA-II-(0.1)
Pl 1 1.773e+00 (2.2e-01) — 1.395e+00 (5.0e-02) = | 1.493e+00 (3.1e-01) = | 1.332e+00 (9.0e-02)

2 1.168e+03 (3.1e+02) — | 8.741e+02 (5.4e+01) — | 8.925e+02 (2.9e+02) ~= | 7.595e+02 (6.7e+01)

P 1 1.358e+01 (1.4e+00) — | 9.976e+00 (9.2e-01) = | 1.109e+01 (9.2e-01) = | 1.115e+01 (6.9e-01)

2 1.223e+03 (2.4e+02) — | 8.047e+02 (7.7e+01) =~ | 9.163e+02 (1.6e+02) ~ | 9.464e+02 (1.4e+02)

P 1 2.132e+01 (5.2¢-02) = | 2.131e+01 (4.3e-02) = | 2.135e+01 (4.6e-02) = | 2.135e+01 (3.4e-02)

2 3.968e+03 (3.2e+02) + | 4.274e+03 (4.1e+02) = | 4.495e+03 (4.4e+02) =~ | 4.482¢+03 (1.6e+02)

P4 1 1.245e+03 (2.3e+02) = | 9.289e+02 (2.1e+02) = | 1.016e+03 (1.5e+02) = | 9.243e+02 (7.2e+01)

2 2.809e+03 (7.5e+02) = | 2.018e+03 (7.9e+02) = | 2.493e+03 (1.2e+03) = | 1.979%e+03 (6.6e+02)

ps 1 1.328e+01 (1.1e+00) — | 1.184e+01 (8.4e-01) = | 1.249e+01 (7.7¢e-01) — | 1.141e+01 (6.7e-01)

2 2.138e+07 (1.7e+07) — | 3.039e+06 (1.8e+06) =~ | 5.019e+06 (1.6e+06) =~ | 5355e+06 (3.8e+06)

6 1 1.308e+01 (1.4e+00) = | 1.298e+01 (1.1e+00) = | 1.267e+01 (7.2e-01) =~ | 1.298e+01 (1.1e+00)

2 2.479%+01 (2.9e+00) = | 2.452e+01 (1.8e+00) ~ | 2.499e+01 (2.1e+00) ~= | 2.452e+01 (1.8e+00)

1 1.947e+07 (1.0e+07) — | 4.415e+06 (3.1e+06) = | 3.451e+06 (2.5e+06) =~ | 4.830e+06 (3.6e+06)

2 [.087e+03 (1.7e+02) =~ | 1.089e+03 (2.0e+02) = | 1.020e+03 (6.5e+01) ~ | 1.123e+03 (1.5¢+02)

P8 1 1.751e+00 (1.6e-01) = | 1.675e+00 (2.2e-01) = | 1.721e+00 (3.4e-01) = | 1.673e+00 (2.5e-01)

2 3.174e+01 (3.1e+00) + | 3.170e+01 (4.3e+00) = | 3.444e+01 (4.8e+00) = | 3.612e+01 (2.8e+00)

P9 1 1.063e+03 (7.2e+01) = | 1.330e+03 (1.8e+02) = | 1.268e+03 (2.0e+02) = | 1.137e+03 (1.9e+02)

2 4.597e+03 (7.8e+02) = | 4.263e+03 (4.7e+02) = | 4.524e+03 (6.1e+02) = | 4.158e+03 (7.0e+02)

+/ -/ = 279 0/1/17 0/1/17 -
Average rank 3.28 1.83 2.61 228

Tingyang Wei, et al. “In-Context Guidance: Leaming Inter-Task Synergies via Numerical Foundational Models for Few-Shot Multitask Optimization.” In submission to IEEE
Transactions on Evolutionary Computation (2026)

We generalize ICG framework
to the well-known MFEA-II.

ICG Integration into MFEA-II

P6 P5

— &= MFEA-II = = ICG-MFEA-II (0.3)
—o— ICG-MFEA-II(0.5) - % ICG-MFEA-II(0.1)

Different versions of ICG-MFEA-Il can steadily improve MFEA-II.



Outline
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O 00 O

O Problem 2: Finite Few-Shot Multiobjective Multitask Optimization
=  Bayesian Forward-Inverse Transfer for Multiobjective Optimizationl?!

=  Solving Few-Shot Multiobjective Multitask Optimization via Iterative Sequential Transferf!

[2] Tingyang Wei, et al. "Bayesian forward-inverse transfer for multiobjective optimization." International Conference on Parallel Problem Solving from Nature. Cham: Springer
Nature Switzerland, 2024.
[3] Tingyang Wei, et al. “Solving Few-Shot Multiobjective Multitask Optimization via Iterative Sequential Transfer.” 2026 IEEE Congress on Evolutionary Computation (CEC).



Why Few-Shot Multiobjective Multitask Optimization?

Few-Shot Multiobjective Optimization:

o argmin,ey F(x) = argminxex(fl(x), ...,fM(x)), Cnax=C

Limitations for few-shot multiobjective optimization?

« Limitation 1: Limited training data.

« Limitation 2: Inverse Model’s performance restricted by the quality of optimization results.

Motivations:

{(X:, Y)HL

()

« Can we utilize |more sampled data|from jpther optimization problems?

i

- Can we enhance the optimization results

with

other optimization problems?

« Can we solve multiple few-shot multiobjective optimizationltogether?

-

Few-Shot Multiobjective Multitask Optimization!!!

argmin, cx, Fn(xm),m € [M], Cy jpax = C

25
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Why Few-Shot Multiobjective Multitask Optimization?

» Few-Shot Multiobjective Multitask Optimization:

{{{Xz,fisY;,fi}]fh\i .fc{ 1 > {wfl ()a ) "P;fl()}

¢ argminmeXmFm(xm):m € [M], Cinmax = C

« exploit the inter-task synergy among the common multiobjective optimization problems
» to expedite the convergence performance

« and to generating high-quality Pareto solution set for each optimization task

= Whatis the challenge of Few-Shot Multiobjective Multitask Optimization?

fl,]
» There is no prior work on Multitask Optimization simultaneously: .
« Obtain high-quality multiobjective solutions. (i T

* fi.
» Generate high-quality inverse models. ‘ £ | ’
f; ’ 2.

- f}.]
* f;)

26



Methodology

Few-Shot Multiobjective Multitask Optimization:

¢ argminmeXmFm(xm):m € [M], Cinmax = C

X5 Yia))

Mg 1K

i—1Jk=1

exploit the inter-task synergy among the common multiobjective optimization problems

Research Gap: No prior work on Multitask Optimization simultaneously:

Obtain high-quality multiobjective solutions.

Generate high-quality inverse models.

Contribution:

Apply forward-inverse model-based transfer
Forward model-based transfer enables better multiobjective solutions

Inverse model-based transfer enables better inverse modeling performance

I

RO PO}
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Forward-Inverse Model-based Transfer

Initialization

v

Forward Multitask
Modeling

/f:'dfl_’ _ff}!_h ‘?Fh\
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1 M — o 5
=g x MIGP y = g
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Forward-Inverse Model-based Transfer

DM = {(x\", Fy(

Initialization
Y
J v
N (urm*). o (- Forward Multitask Inverse Multitask
(1 Fmt) )s fmt ) Modeling Modeling
A
Input Sol.utlon U & {Xu|X0 ~ N(
Sampling

UCB Acquisition Function

Xp = argmax —filrm¢ (Ku) + 0 fme(Xu), k= 1,2,3
X FUR

Solution Selection

Forward Multitask Model

Function Evaluation

=1

XE))) Np=Ninit

N

it

()

Time(*))

Wimt

(y),

Timt

yON L k=1,2,3

Inverse Multitask Model

DY« DM U {(x{", Fr(x{"))}

Termination

Optimization Results per Task

Inverse Multitask Model
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Few-Shot Multiobjective Multitask Optimization

= Research Gap: No prior work on Multitask Optimization simultaneously:

I ORI O)

v
——
S

—

HXE s YD

» Obtain high-quality multiobjective solutions.

» Generate high-quality inverse models.

=  Contribution:
« Apply forward-inverse model-based transfer
« Forward model-based transfer enables better multiobjective solutions

* Inverse model-based transfer enables better inverse modeling performance

.D‘I,“. I)__r’m- -p_a;.r- -lu-;rl.-j. -pir-.l. T]Z!il 5

L8 Y =9 5 & : 2¢
* Inverse model-based transfer? S g, e g2 5.8, forward | 5 &
¢ 2.y MIGP x Z = oz x MIGP vy =N
+ Utilizing the shared non-dominated solutions S 6| G = © = c &
* Enrich the inverse modeling training data . '
g o g -v"'\\-'l [:,f"inr!(')-‘"’rirnr(')) Jv{ﬂfmf('}-gfn:.r (-)]
* Forward model-based transfer Inverse Multitask Model Forward Multitask Model
* Better quantify the inter-task relationship of function landscape
» Enrich the forward modeling training data ey .
J J UCB Acquisition Function l

* Help obtain high-quality multiobjective solutions .
Xj = argmax — Mo (Ko ) + rmefXu) k=1,2,3

34 ELA

Solution Selection
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Table 3.1: Parameter settings of the mDTLZ benchmark problems. Each multiobjective
problem contains three objectives and six-dimensional decision variables. In this table,
three multiobjective multitask optimization problems are provided, each of which
contains four tasks. The parameter s controls the biased search space, while other
parameters control the shifted optima.

| ]
EXp e rI I I I e ntS Task Set | Task Index & m ™M Pa Pa

mDTLZ1 Task-1 0.35 | 050 | 0.50 | 0.50 | 0.50
Task-2 0.30 | 025 | 0.50 | 0.75 | 1.00

Task-3 0.25 | 0.125 | 0.25 | 0.375 | 0.50
Task-4 0.20 | 0.083 | 0.167 | 0.25 | 0.33

n . mDTLZ2 Task-1 LO | 050 | 0.50 | 0.50 | 0.50
PrObIemS' Task-2 0.75 | 025 | 0.50 | 0.75 | 1.00
e Task-3 0.50 | 0125 | 0.25 | 0.375 | 0.50
« Benchmark problems (modified from DTLZ problem sets[l) | Teskd 10251005 |0.4671 05 |03
m. D Aask- & Nl e ) )

Task-2 018 | 025 | 0.50 | 0.75 | 1.00
Task-3 0L16 | 0.125 | 0.25 | 0.375 | 0.50
Task-4 0.14 | 0.083 | 0.167 | 0.25 | 0.33

« Engineering optimization problems (truss design!?])

= L(2x, + V2. [Tz + 14) Table 3.2: Parameter settings of the engineering design problem. This problem set
1 T 2xo 4 v I3+ Ta), o 23 5
FL 2 23 2v3 2 contains three multiobjective optimization problems. Distinct parameter sets generate
2 2v2 v 2 — . . . . P S
fo=—(= — -4+ ), distincet loading cases for the four-bar truss design application. Each multiobjective
2 : optimization problem includes two objectives and four-dimensional decision variables.
E oy 1 myomy timizat bl ludes two object 1 four-d 1d bl

« Hyperparameter Optimization Problems!?]

z1, 74 € [a, 3a],

. XG0 P e
«  XG-Boost on 3 machine leaming classification tasks " k7 T N 0 B
* Credit Approval!
* Medical Diagnosis“
» Speech Recognition
+ (HPO-2)
+ XG-Boost in ‘gbtree’ mode on speech recognition problem

XG-Boost in ‘dart’ mode on speech recognition problem

[1] Deb, Kalyanmoy, et al. "Scalable multi-objective optimization test problems." Proceedings of the 2002 Congress on Evolutionary Computation. CEC'02 (Cat. No. 02TH8600).
Vol. 1. IEEE, 2002.

[2] Tanabe, Ryoji, and Hisao Ishibuchi. "An easy-to-use real-world multi-objective optimization problem suite." Applied Soft Computing 89 (2020): 106078.

[3] Pfisterer, Florian, et al. "Yahpo gym-an efficient multi-objective multi-fidelity benchmark for hyperparameter optimization." International Conference on Automated Machine
Learning. PMLR, 2022. 31

[4] Vanschoren, Joaquin, et al. "OpenML: networked science in machine learning." ACM SIGKDD Explorations Newsletter 15.2 (2014): 49-60.



Experiments

= Methods:

« ParEGO!
* Abaseline few-shot multiobjective optimizer
* Inverse Model? No
* Multitask? No

« PSL-MOBO!
» Deemed as one of state-of-the-art few-shot multiobjective optimizers
* Inverse Model? Yes
* Multitask? No

« UCB-Tchl3l
» Deemed as one of state-of-the-art few-shot multiobjective optimizers
* Inverse Model? No
« Multitask? No

* Ours
* Inverse Model? Yes
* Multitask? Yes

[1] Knowles, Joshua. "ParEGO: A hybrid algorithm with on-line landscape approximation for expensive multiobjective optimization problems." IEEE transactions on evolutionary
computation 10.1 (2006): 50-66.

[2] Lin, Xi, et al. "Pareto set learning for expensive multi-objective optimization." Advances in Neural Information Processing Systems 35 (2022): 19231-19247.

[3] Paria, Biswajit, Kirthevasan Kandasamy, and Barnabas Péczos. "A flexible framework for multi-objective bayesian optimization using random scalarizations." Unéertainty in
Artificial Intelligence. PMLR, 2020.



Results

= Evaluation Metrics:

Quality of approximated Pareto solution sets

Forward model-based transfer?

Better quantify the inter-task relationship of function landscape
Enrich the forward modeling training data

Help obtain high-quality multiobjective solutions

TABLE S-1V
HYPERVOLUME RESULTS ON BENCHMARK PROBLEMS AND REAL-WORLD PROBLEMS.

Problems | Tasks | ParEGO | PSL-MOBO | UCB-Tch || F-invTtEMO
Task-1 1.6083 (0.0193) =~ 1.5188 (0.0883) — 1.6001 (0.0352) ~ 1.6111 (0.0154)
mDTLZ-1 Task-2 1.4391 (0.1746) = 1.3649 (0.1733) — 1.4868 (0.1028) =~ 1.5139 (0.1529)
Task-3 1.5439 (0.0542) — 1.3545 (0.1080) — 1.5493 (0.0480) — 1.5960 (0.0291)
Task-4 1.4871 (0.0761) — 1.2077 (0.0928) — 1.4420 (0.1018) — 1.5632 (0.1189)
Task-1 0.8030 (0.0287) — 1.0204 (0.0156) =~ 1.0410 (0.0106) + 1.0273 (0.0154)
DTLZ-2 Task-2 0.6856 (0.0403) — 0.8929 (0.0663) — 0.9696 (0.0243) =~ 0.9764 (0.0281)
m i Task-3 0.6888 (0.0354) — 0.7174 (0.0315) — 0.9293 (0.0409) — 0.9901 (0.0267)
Task-4 0.5574 (0.0550) — 0.4588 (0.0480) — 0.6688 (0.0822) ~ 0.7786 (0.2547)
Task-1 0.0997 (0.0340) — 0.0647 (0.0224) — 0.0784 (0.0370) — 0.1510 (0.0255)
mDTLZ-3 Task-2 0.0705 (0.0325) — 0.0752 (0.0153) — 0.0494 (0.0261) — 0.1394 (0.0497)
Task-3 0.0831 (0.0439) — 0.0529 (0.0223) — 0.0568 (0.0438) — 0.1524 (0.0268)
Task-4 | 0.0623 (0.0156) — 0.0618 (0.0202) — 0.0430 (0.0347) — 0.1272 (0.0365)
Task-1 0.7532 (0.0026) — 0.7144 (0.0133) — 0.7501 (0.0043) — 0.7589 (0.0036)
EO Task-2 0.7546 (0.0043) — 0.7297 (0.0155) — 0.7534 (0.0041) — 0.7607 (0.0033)
Task-3 0.7579 (0.0030) — 0.7286 (0.0130) — 0.7546 (0.0046) — 0.7632 (0.0032)
Task-1 1.4996 (0.0054) — 1.5073 (0.0048) ~ 1.5054 (0.0054) =~ 1.5052 (0.0035)
HPO-1 Task-2 1.6114 (0.0052) — 1.6159 (0.0025) — 1.6166 (0.0089) — 1.6210 (0.0046)
Task-3 1.5377 (0.0052) — 1.5311 (0.0080) — 1.5302 (0.0146) — 1.5411 (0.0054)
HPO-2 Task-1 1.3433 (0.0060) — 1.3463 (0.0049) — 1.3477 (0.0057) — 1.3514 (0.0025)
Task-2 1.3466 (0.0036) — 1.3468 (0.0023) — 1.3442 (0.0060) — 1.3503 (0.0029)
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Results

= Evaluation Metfrics:

» Accuracy of the inverse model

* Only ours and PSL-MOBO can generate inverse models

Table 2: RMSE comparison results on benchmark problems and real-world
problems. Numbers with indicators (+), (—) and (=) imply that the compared
algorithm is better than, worse than, or similar to F-invTrEMO at 95%

confidence level as per the “ ilcoxgn signed-rank test.

Problems | Tasks PSL-MOEO F-invIrEMO

Task-1| 0.3021 (0.0744) — [|0.0721 (0.0173)
Task-2(0.3828 (0.0770) A} 0.4250 (0.2263)

mD L 3T 03700 (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)

mD Lz 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)

mD LS 3T 10562 (0.0457) — [[0.7830 (0.0361)

Task-4| 1.1166 (0.0747) — [0.8301 (0.0423)

Task-1| 0.2211 (0.0242) ~ [0.2173 (0.0054)

EO Task-2| 0.2290 (0.0261) — [0.2144 (0.0067)

Task-3| 0.2225 (0.0372) ~ [|0.2046 (0.0053)

Task-1| 0.1818 (0.1143) — [[0.0943 (0.0721)

HPO-1 |Task-2| 0.1663 (0.1558) — [[0.0626 (0.0125)

Task-3| 0.1881 (0.0545) — [0.1273 (0.0411)

HPO-2 Task-1| 0.1855 (0.1075) — [0.0811 (0.0476)

™® [Task-2[ 0.1572 (0.1612) — ||0.0694 (0.0260)

Inverse model-based transfer?

Utilizing the shared non-dominated solutions

Enrich the inverse modeling training data
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Results (Ablation)

= Evaluation Metfrics:

* Quality of approximated Pareto solution sets

» Accuracy of the inverse model

Table 3.7: IGD and RMSE results on benchmark problems for F-invTrEMO with and
without forward multitask GP (invTrEMQ).Numbers (means and standard deviations)
with indicators (+), (—) 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.

Problems | Tasks IGD RMSE

v TrEMO) I F-inv TrENC) i TrEM() F-inv TrENCh

Task-1 | 0.0820/0.0126) 0.0611 10.0051) | 0.1174 (0.0358) - | 0.0721 (0.0173
. [ Task2 [ 0.126A (0.0609) = | 0.1528 (\.1200) | 0.4857 (0.2241) = | 0.4250 (0.2263)
mDTLE e S T 0,203 (0.0301) 0.0731 (0\0099) | 03181 (0.1851) 0.1592 (0.0780)
Taskd | /1357 (0.0427) = | 0.1182 (ONIT18) | 01011 (0.2010) 0.3568 (0.1691)

Tkl |/0.010 (.01 = [ 0.1105 (0.0083) | 0.0637 (0.0241) = | 00000 [0.0205
OTLzo | Tesk-2/| 01254 (0.0118) + | 01450 (0.0N] | 0.1466 (0.0451) = | 0.1436 (0.0219)
" “ [Tk | 0.1350 (0.0120) = | 0.1328 (0.0K50) | 0.1556 (0.0273) = | 01700 (0.0451)
Tt | 0.2102 (01015 0.1439 (0.01%4) | 0.3360 (0.1605] =~ | 0.3248 (0.1767

(L3000 (0.1115)

0.2726 (0.027

0.7355 (00633

(L4589 (0.1682)

0.3059 (0.039

01,8258 (01004

L3103 (0LO074)

0.2833 (0.0356)

OLTEET (0.0650)

0.7412 (0.0325
0.7530 (0.0361

/
mDTL?/

(L3041 (0.1475)

0.3241 (0.0305)

=
=

(B3 (0.0=03)

0.8301 (0.0423)

/

Only inverse multitask model

Inverse and forward multitask model
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Extension: Multitask Optimization via Sequential Transfer

= Few-Shot Multiobjective Multitask Optimizer:
» Each pair of tasks act like both the source task and target task
Not all the source-target pairs can benefit from knowledge transfer.
* Allow each task conduct same/similar evaluations each iteration

Treating all tasks equally may lead to insufficient resource utilization.

i . - 5; i | ;: i STrO on the Task Pair |
o — ' ' i '| Evaluate - i / E — § N f .;F Q” =N - .
- - ! 1 ! | —_— = ] ! -
|/ L 0 ..* .E_U:EH.‘E stPool - o g | :.‘.E:-':.
( — | Evaluate 1 ! 50 o, |
N TaskPool / -~ P | | ik BNl B Evaluate @
Knowledge Transfer | || oo ; ! ® - & () = oo
If Not Terminate
(a) (b)

Fig. 1. Workflow of distinct multitask optimization frameworks. (a) Standard multitask optimization (tasks evaluated evenly) (b) The proposed multitask
optimization with iterative sequential transfer optimization (tasks evaluated selectively).

Solve one target task per iteration rather than solve all the tasks simultaneously.

Tingyang Wei, et al. “Solving Few-Shot Multiobjective Multitask Optimization via lterative Sequential Transfer.” 2026 IEEE Congress on Evolutionary Computation (CEC).
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Extension: Multitask Optimization via Sequential Transfer

Initialization DY = {(x{. Fr(x))} = Nimee
¥
y v
Forward Transfer Inverse Multitask | Are,,. (2 o, ]
N ) Qi) Gp Modeling Modeling (time (%), ime ()

A

Input Solution

. Mk = {Xu|xu ~ N(Ju’tmt(y(t))u Jimt(y(t)))}u k= 1921 3
Sampling

Inverse Multitask Model

UCB Acquisition Function

X = argmax — X, ) Xy
Syl ik () A ) Solution Selection

'c =argmax¢(tft=1,2,3

Fo rd Transfer GP Model

\

Solve one single task per iteration Termination

Function Evaluation DM DM U {(x\", Fr(x")}




Extension: Multitask Optimization via Sequential Transfer

= Forward Transfer GP Model: N (fifigp(+), 0 f1gp(+))

« Forsource tasks 1, 2, ..., Kand a target task. We build K transfer GP models:

Ae(x,x'), xeXs&x' eXy
k(x,x') = or x € X7 & x' € X;

F(x,x'), otherwise.

* Ai; €[—1,1]is a learnt kernel hyperparameter that can capture positive/negative correlations between source j and target j

¢(t) =|min LK

Detecting negative transfer

« We select the target task with the largest function|¢(t) —

. Why? Less likely to occur negative transfer

« GP-UCB optimization regret can be bounded by I1([y®,y®, .,y®™]; f;) = %logll + 072K |
« GP-UCB with transfer, the regret can be bounded by
(s, v ) £71Ds, A\, M)
= S10g |+ 07 (K~ N'Kis(Kss + 031) " Kor)
« Larger |1;,| stand for a tighter regret bound, meaning a more accurate GP model can be constructed!".

[1]. Min, Alan Tan Wei, Abhishek Gupta, and Yew-Soon Ong. "Generalizing transfer Bayesian optimization to source-target heterogeneity." IEEE Transactions on Automation
Science and Engineering 18.4 (2020): 1754-1765 38



Extension: Multitask Optimization via Sequential Transfer

= Results
Task 1 Task 2 Task 1 Task 2
i 9
91 9 —— ParEGO —— ParEGO
g - —— F-invTrEMO 124 84 s F=inwTFEMO TABLE 11
8- —— F-invTrEMO-IST —— F-invIFEMO-IST IGD+ COMPARISON RESULTS ON MULTITASK HYPERPARAMETER
7 7 4 TUNING PROBLEMS FOR F-INVTREMO AND F-INVTREMO-IST
& 6 - 71 A 109 6 Problems | Tasks | F-invTrEMO F-invTrEMO-IST
U]
= % HPO-1 Task-1 | 0.0502 (0.0028) + 0.0455 (0.0021)
851 64 S g 57 Task-2 | 0.0439 (0.0020) ~= 0.0423 (0.0014)
4 4 Task-1 | 0.0325 (0.0017) + 0.0303 (0.0031)
5 HPO-2 Task-2 | 0.0282 (0.0019) = 0.0279 (0.0014)
3 - 61 34 Task-3 | 0.0421 (0.0030) + 0.0392 (0.0023)
20 40 60 80 100 20 40 60 80 100 20 40 60 80 100 20 40 60 80 100
Iteration Iteration Iteration Iteration
TABLE 1 TABLE §-1 . ) . N
IGD+ COMPARISON RESULTS ON MULTITASK OPTIMIZATION BENCHMARK FOR PAREGO, F-INVTREMO, AND F-INVTREMO-IST  1GD+ COMPARISON RESULTS ON MULTITASK OPTIMIZATION BENCHMARK FOR PAREGO, AMTEA, AND AMTEA-151
Problems | Tasks | ParEGO [ F-invTrEMO F-invITEMO-IST Problems I Tasks ] ParEGO I AMTEA AMTEA-IST
cims | Task-l | TSIGE+0Z (I.545E+0D) + | 8.06IE+0I (I.534E+01) + | 7.ISE+0L (LI42E+0D) cms |kl | EATIESOT (B.ES9E00) + | 6.302E+01 (3.758E+00) = || 63ME+0T (4842E+00)
" | Task-2 | 4877E+00 (3.150E-01) + | 3.557E+00 (Z.329E-01) = 3.389E+00 (1.925E-01) o Task-2 | 3.673E+00 (1 37T3E-OI) = 3.202E+00 (1.530E-01) - 3663E+00 (2L.081E-01)
cms |kl | 2.523E+02 (ZOSTEHOT) + | 2.086E+02 (2.658E+01) + | 1954E+02 (4.069E+01) T2SIE+02 (6. 850E+00) + | TO26E+0Z (1.0T9EH01) + || 8.299E+01 (8.45TE+00)
[ Task2 | &174E+00 (2983E-01) + | 3.819E+00 (2.859E-01) + || 3.606E+00 (1.799E-01) CIM3 TORRET FOOET) - - ETOET k) o
CILS [ Task-1 [ 4.564E+01 (2.021E+00) + | 4.435E+01 (1.592E+00) + | 4.113E+01 (1.601E+00) FADE+0T (1.934E+00) - 3.R10E+01 (1.712E+0)
® [ Task2 | 3.050E-01 (LO40E-02) - | 7.938E-01 (5.305E-02) + | G.856E-01 (4.870E-02) CILS T IAIE01 (5.630609) 4 T TS0 T %
— Task- | [ 8728E+01 (9.112E+00) + | 3.234E+01 (B.0BGE+00) + | L399E+DI (LITBE+00) p— Tak-] | 689501 (1ISTE00) 1 | S505E:01 (6.400500) + || 4.675E+01 (BIZTE+00)
[ TaskZ | T.84IE+0Z (1.678E+01) + | 9.913E+01 (L.O33ER0D) + | S.I09E+01 (3.761E+00) 5 Tohd | TASAE 07 (T A6ET00) | T 356E 02 (0.0000500) = [ T-295E+02 (8. 145E+00)
Task-1 | 2.678E+00 (1.539E-01) + | 4.324E-01 (3.790E-02) - | 4.784E-01 (5.205E-02) —
PIMS | s - I . [ Task-1 | 2. IS8E+00 (ZI62E00) + | B.7B6E-0I (I.249E01) /= || BAIDE-D1 (4.580E-02)
I Task-2 I 3736002 (1.2606+01) + I 3503E+02 (5.2586+00) =~ | 3.407E+02 (4.165E+00) PIMS [Tk 2 | 337702 @ 5365:00) & | 335560 @ 538000) ~ | 3.3355+02 (3.799F+00)
Task-1 | 1.00SE+00 (1.390E-02) = | 1.020E+00 (1.165E-02) = || L.041E+00 (9.500E-03) — - : : :
PILS [ Task-2 | 1423G+01 (6948E-01) + | 12586401 (8.887E-01) + | LOS3E+01 (6.600E-01) PILS Tk | L.mﬁrl.:uﬂ(ﬁnfsm‘:-t}:i) : FE33E0] m.mmr.-_n:i) = 9““'2]?;"' “""35":'”2)
[ Task-1 | 3.174E+03 (6.287E+02) + | 1.651E+03 (5.881E+02) + || 5.934E+02 (2.174E+02) —— — = —— -
NS k2 | 58200501 @.8520+00) + | 2834001 (3.824000) + || T903F-01 (4.056F+00) NIIIS 9.446E402 (1 B4TEHOD) + | 4015E ) 3ASTE+02 (6.560K-+01)
5 &5 - it 3 i =1 o &

Tingyang Wei, et al. “Solving Few-Shot Multiobjective Multitask Optimization via lterative Sequential Transfer.” 2026 IEEE Congress on Evolutionary Computation (CEC).
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O Problem 3: Parametric Single-Objective Multitask Optimization

= (6l, Bu)-Parametric Multi-Task Optimization: Joint Search in Solution and Infinite Task Spaces®!

[4] Tingyang Wei, Jiao Liu, Abhishek Gupta, Puay Siew Tan, Yew-Soon Ong, “(6l, Bu)-Parametric Multi-Task Optimization: Joint Search in Solution and Infinite Task Spaces”
IEEE Transactions on Evolutionary Computation (2025).
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Parametric Multitask Optimization

. . Cross-Task
= Multitask Optimization: Assuming M problems share certain similarities, we use their solution Information as

distributions and surrogate models as transferable knowledge to accelerate Knowledge
convergence.

+ argming, e, ), m € [M]

* Finite Tasks

» Parametric Multitask Optimization:

We assume access to an external task space © and investigate how
« argmin,exF(x,0),v0 € 0 leveraging task parameters 0 as side information can enhance knowledge
transfer and accelerate optimization convergence.

Explicit
Parameter as
Knowledge

e Infinite Tasks

i
Offline Mode PMTO: |
XxB8-=R H

Solution Space X

;
| TaskModel A
!

Solution Space X Objective Space R i l l l
R S P
*  Task2 ' ™ = 8-Xx !
+  Task3 i & R . M(8) & argmingf(x,8) :
: New Tads Opumizel | < . Tingyang Wei, Jiao Liu, Abhishek Gupta, Puay Siew Tan, Yew-Soon Ong, “(6l, Bu)-Parametric
| Contims e sk Model 3¢ Solution Space . Multi-Task Optimization: Joint Search in Solution and Infinite Task Spaces” IEEE Trﬂsactions on

Evolutionary Computation (2025).

(a) Multi-task Optimization (b) Parametric Multi-task Optimization




Why Parametric Multitask Optimization? oo

= Opportunities:

» Explicit task parameters 6 provide a structured way to quantify task similarity, contributing to faster optimization convergence and more
efficient knowledge transfer.

= Application Example:

* In robotic control design, 8 can represent different morphologies. Optimizing control policy x for diverse 6 allows robots to unexpected
environments.

* Similar 8 entails similar x

» Backing up x-s for diverse 8 can enable adaptation ob
jective

M) = argmin,eyf(x,0)

! . Function X (al, a,, 0.’3)
“ e
L
Target G: (L, amax)
L Decision

R Variables —  _ o _______ |
[ 2t 1 |
! / : VB E @, 1
1 | :

! 1
| 1
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Methodology

» VO €O, M(0) = argmin,eyf(x,0)

= Surrogate Models:
» (Forward Model) GP: X x0 - R

* (Inverse Model) M:0 - X

= Task Evolution:
» (Find representative task parameter)

« g(0;¥) =detQ([64,...,0),0])
» (Optimal coverage of the task space)

» Cross-Task Sampling:

. xr(,? — argmaxyexy — u(x,0,) + Bo(x,0,,)

 Forward Model contains cross-task information:

« GPu(,0),d%(,0)

Initalization:
Y= {Qm}%=1

Dy = ({232, 6 £ (557 0m) J 1L

\ 4

Approximation Models:

e o o o e o e e o e e e e e e e o e o = =

g:P(_D:lUDzU"‘
M DIUDU -

\4

Task Evolution:
Onew < argmax g(6;¥)
l.lJ « Lp U {GTIEW}

Cross-Task Solution Sampling:
X e argmax,cxUCB(GP)

m

® (€3]
Dy & Dy U (x5, 0, £ (2, 6,1)3

[
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Performance Metrics

» VO €O, M(0) = argmin,eyf(x,0)

= | Optimization Results
* (Forward Model) GP: X x© = R

= | Inverse Model Performance
* (Inverse Model) M:0 - X
o M)~ argmin,eyf(x,8)

Tingyang Wei, Jiao Liu, Abhishek Gupta, Puay Siew Tan, Yew-Soon Ong,
Transactions on Evolutionary Computation (2025).

Offlme Mode PMTO:
X x8-R

[
[
1
[
1
1
!
1
i
e e i Y ; ;
Hef : Objective Space R '
1 i
Solution Space X Objective Space R v T T T T T T I
| I
A Taskl i ; Ouline Mode PMTO:
#  Task2 ' i 8- !
v Task3 ! E Eel M(8) & argmingf(x.6) |
' i 5 |
o |
_____________________________ : Optimized | x !
H Solutions '
Task Model A Solution Space X |
(a) Multi-task Optimization (b) Parametric Multi-task Optimization

(61, Bu)-Parametric Multi-Task Optimization: Joint Search in Solution and Infinite Task Spaces” IEEE
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Results

argmin,ef(x,0),v0 € O

Good Optimization Results

« Sample multiple tasks
» Check out the convergence
* f(,0m),mE [M]
» Theoretical Analysis of faster convergence

Theorem. Let the kernel functions used in PMTO-FT and
the independent strategy satisfy kpmt((x,0),(x',0)) =
Kind(X,X'). Then, the MIG in the independent strategy, de-
noted as fyg;‘fm, and the MIG in the PMTO-FT, denoted as
VT, SQLSY Y,m < Y, Vm € [M]NT > 1.

VO € 0, M(0) = argmin,eyf(x,80)

Good Inverse Model Predictive Results

« Sample multiple (seen and unseen) tasks 6
« Check out the solution quality of the model output
« f(x',0), x'=M(6)
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Objective Values [Log Scale)
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Detailed Results

TABLE 1
COMPARATIVE RESULTS OF THE TASK MODEL’S ONLINE PERFORMANCE. THE RESULTS INCLUDE SINGLE-TASK BASELINE METHOD, MTO METHOD,
AND PMTO VARIANTS (WITH OR WITHOUT TASK EVOLUTION) ON SYNTHETIC TEST PROBLEMS. UU = 2() INDEPENDENT TRIALS ARE CONSIDERED.

Problems [ Quantile | GP-based Optimization ] SELF [ PMTO-FT | (68;,0,,)-PMTO-RT I (0;,0,)-PMTO
3% 34605¢-02 (2.2632¢-02) &~ | 3.5375c-02 (1.6824¢-02) == | 3.3402¢-02 (2.6492¢-02) = | 8.7646e-02 (6.5269¢-02) — | |4.3264¢-02 (1.6935¢-02)
5% 1.2633¢-01 (7.6585¢-02) ~ | 1.5640-01 (8.1991¢-02) =~ | 1.2448e-01 (1.14d5e-01) == | 2.7083e-01 (2.2507e-01) — | |1.Z737e-01 (3.0277e-02)
Sphere-1 30% TO8T8e-01 (1.5502e-01) = | 4.3039e¢-01 (1.7511e-01) — | 3.1267¢-01 (2.8268¢-01) =~ | 5.8800e-01 (5.7331e-01) — | |2.4507e-01 (1.0836e-01) |
5% §.0086e-01 (3.0498¢-01) — | 1.0883¢+00 (3.1372¢-01) — | 6.5575¢-01 (3.6466c-01) — | 1.2834c+00 (1.2831e+00) — | |3.3753e-01 (2.3145e-01) |
05% 3.4692e+00 (6.0544¢-01) — | 3.6327e+00 (4.5250e-01) — | 2.5749¢+00 (1.0022¢+00) — | 3.3264c+00 (2.8819¢+00) — | [8-3653¢-01 (4.1045¢-01) TABLE II
3% 1.2980c+00 (8.1092¢-02) — | 1.3832e+00 (2.1743¢-02) — | 1.3668¢+00 (4.8590e-02) — | 1.0247e+00 (2.8961e-01) — | |4.2056e-01 (2.5906¢-01) COMPARATIVE RESULTS ON ADAPTIVE CONTROL SYSTEMS OVER 20 INDEPENDENT RUNS
5% 2.2877e+00 (8.6464¢-02) — | 2.2184e+00 (2.2493¢-03) — | 2.1996e+00 (2.2345¢-02) — | 1.9613¢+00 (2.8010e-01) — | |I.I867e+00 (5.3394e-01)
Sphere-11 50% 3.2896e+00 (1.7396¢-01) — | 3.0538¢+00 (2.8879¢-02) — | 3.0190e+00 (5.2262¢-02) — | 2.8536e+00 (2.7824¢-01) — | [2.0908e+00 (7.150de-01) : N E— n N
75% 4.5694¢+00 (3.5324¢-01) — | 4.0529¢+00 (5. 4464e-02) = | 4.0215e+00 (1.0754e-01) ~ | 3.9965e+00 (3.1599¢-01) = | P.3347e+00 (1.0237e+00) Problems | Quantile | GP-based Optimization | PMTO-FT [ (6, 6.,)-PMTO
055 6.0576c+00 (1.0843¢+00) = | 5.5961e+00 (5.3679¢-02) ~ | 5.6836e+00 (2.4876e-01) ~ | 6.0023e+00 (5.4639¢-01) = | p.6720¢+00 (2.1257e+00) 5% 4.2821e-02 (1.9260e-02) — 3.4766e-02 (7.9264e-03) — 1.7336e-02 (5.2244e-03)
255?; %’;0§3H£ (}-§§i36-31§ - ;g;g?r% (i-??ggc-glg - g-ggggE-gZ g.gglsltls:-gg) = ;.;Szie-gl g.ég-flts)c-gi) — g.gggic-gi g.z;gg:-gi; 25% 8.9019e-02 (2.5297e-02) — 7.6430e-02 (1.7672e-02) — 4.7606e-02 (1.4060e-02)
9738e+00 (1. e-01) — - e+00 (2.1429¢-01) — | e-01 (3. -02) ~= .2164¢e-01 (5.8015e-01) — e- — | | — w -
Ackley-T 30% | 35819600 (1.6709e01) — | 2.9171e+00 (2.5604e-01) — | 3.5220e-01 (3.6119¢-00) == | 7.7263c-01 (7.72226-01) — | [3.2185e-01 (L.1253e-01) | Robot Arm 50% 1.3401e-01 (2.0803¢-02) 1.0522¢-01 (2.0310e-02) 7.5639e-02 (1.6956e-02)
T3% | 4.50360+00 (1.1113e-01) — | 3.6170e+00 (2.85016-01) — | 6.74526-01 (LOF79e-01) — | 9.98106-01 (7.4903e-01) — | |4.8967e-01 (1.7913e-01) | 5% 1.7645e-01 (1.5028e-02) — 1.3607e-01 (1.9514¢-02) ~ 1.1816e-01 (1.8595e-02)
05% 6.0673e+00 (2.1242¢-01) — | 5.0808e+00 (1.6938¢-01) — | 2.0580e+00 (1.5660e-02) — | 1.9350e+00 (1.6146e+00) — | [9-1072e-01 (4.9060e-01) | 95% 2.3556e-01 (1.6606e-02) — 1.7845e-01 (1.4280e-02) ~ 1.7742e-01 (8.5307e-03)
5% 3.6226e+00 (1.7790e-01) — | 3.7484e+00 (2.4236e-02) — | 3.7061e+00 (4.6585¢-02) — | 3.4072e+00 (2.8914¢-01) — | [2.5089¢+00 (7.6250¢-01) — —
T3% [ &3273e+00 (195306017 — | 4.3630¢+00 (1 6628e-00) — | 42669c+00 (6.6596e-02) — | 4.0061e+00 (1.0874e-01) = | |B.5385e+00 (7.6554¢01) | 5% 3.0679¢+04 (5.7316e+04) 1.4233e+03 (1.3452e+03) 4.6175e+02 (3.2924e+02)
Ackley-11 0% | 4.9140c+00 (2631301 = | 4.8317e+00 (1:2213c01) &= | 46222c+00 (6:0964c-00) =~ | 4.4228e+00 (1.62926-01) = | R3123e+00 (8.1509¢-0D) | 25% 1.1283e+05 (1.4729e+05) — | 2.7508e+04 (2.0614e+04) — || 1.0081e+04 (4.3555e+03)
75% 55161c+00 (2.7997¢-01) = | 5.4248e+00 (1.3343¢-01) = | 5.2040e+00 (1.525%¢-01) = | 4.9905e+00 (2.3661e-01) = 74 9644e+m7mr Crane Load-I 50% 2.1993e+05 (2.1653e+05) — | 1.0485e+05 (7.1414e+04) — || 3.9601e+04 (1.2591e+04)
95% 426000 (4.2145¢-00) = | 6.0830e+00 (1.8482¢-01) ~ 8356e+00 (1.3509-01) & -0858e+ -2812e-01) ~ le /- ) 5% 3.7102e+05 (2.9138e+05) — 2.6922e+05 (1.6376e+05) — 1.4146e+05 (1.2170e+05)
3% 2.6359¢+01 (6.2784c+00) = | 3.6730e+01 (7.6639¢+00) — | 2.5169¢+01 (2.6266e+00) ~ | 2.7618c+01 (3.6902¢+00) ~ .6238c+01 (2.5165¢+00) =~ =
5% 4.4250e+01 (7.7101e+00) &= | 5.7113e+01 (1.2497c+01) — | 4.209de+01 (3.1510e+00) ~= | 4.4928¢+01 (5.5935¢+00) = | P.2326e+01 (3.6744¢+00) 95% 6.0364¢+05 (3.7526e+0) & | 6.1116e+05 (3.8202¢+05) ~ [[ 3.4578e+05 (3.2520e+05)
Rastrigin-I 50% 5.9753¢+01 (1.0151e+01) — | 7.4654¢+01 (1.8622¢+01) — | 5.6112e+01 (3.9190e+00) ~ | 5.9310e+01 (8.8632¢+00) ~ | p.4785e+01 (5.4205e+00) 5% 6.3392e+02 (3.5072e+02) — | 4.7310e+02 (1.1462e+02) — || 1.5026e+02 (7.6382e+01)
5% 8.3515c+01 (1.8001e+01) — | 9.8313¢+01 (2.8369e+01) — | 7.4887e+01 (6.2412¢+00) — | 7.9073¢+01 (1.9286e+01) — | b.8098e+01 (8.2728e+00) — —
95 T.5818c+02 (4.3552¢+01) — | 1.6669c+02 (4.0435¢+01) — | 1.3682¢+02 (2.2979¢+01) — | 1.2808¢+02 (5.8301e+01) — | B.9259¢+01 (1.5389e+01) Crane Load-II gg? %ggzggx g;g;g::gig — ;;g?gzgi 8223;:82; — i%;ggﬁi 8};‘;;2:3%;
3% 6.4737c+01 (1.7582¢+00) — | 6.7883e+01 (1.5605¢+00) — | 6.3057¢+01 (2.2005e+00) — | 6.1093¢+01 (2.8075¢+00) — | |.505de+01 (6.0348¢+00) ] ° : . . : u -
25% 0.7163e+01 (3.5574e+00) — | 9.4716e+01 (1.7024e+00) — | 0.31056+01 (2.6550e+00) — | 9.6881c+01 (4.1387c+00) — | P.1361e+01 (1.1557e+01) 5% 1.7974e+05 (9.7858e+04) — | 1.6482e+05 (5.2057e+04) — || 2.9978e+04 (7.5976¢+03)
Rastrigin-II 50% 1.2564e+02 (6.9602¢+00) — | 1.1717e+02 (2.2589¢+00) — | 1.1905¢+02 (3.9188¢+00) — | 1.2088¢+02 (9.3123¢+00) — | P-4798e+01 (1.6858e+01) 95% 3.9408e+05 (2.0022¢+05) — | 3.8901e+05 (1.1719e+05) — || 8.8104e+04 (3.5100e+04)
75% T.6150e+02 (1.3363¢+01) — | 1.4235¢+02 (2.8370e+00) — | 1.5109¢+02 (6.5386e+00) — | 1.6934e+02 (1.5657¢+01) — | N.233de+02 (2.3236e+01)
G5% 7.2799¢+02 (2.9678¢+01) — | 1.8137e+02 (3.4616e+00) =~ | 2.0029¢+02 (I.4155e+01) = | 2.3501e+02 (2.6453e+01) — | [L.7181e+02 (3.4438e+01) |
5% 1.4295¢+00 (3.6791e-01) &~ | 1.6501e+00 (2.4926e-01) — | 1.2337e+00 (1.7745e-01) ~ | 1.5408¢-+00(2.4038¢-01) — | |1.3317¢+00 (1.5637¢-01)
5% 7.9310¢+00 (1.5217¢+00) — | 3.3922¢+00 (9.2390e-01) — | 2.1563e+00 (6.2049¢-01) ~ | 2.6166e+00(3.5361e-01) — 01970 5880e-01) |
Griewank-I 30% 3.6758e+00 (3.7501e+00) — | 5.6437e+00 (1.6039¢+00) — | 3.7437e+00 (1.3372e+00) ~ | 4.1832e+00(1.1701e+00) — | P.0935e+00 (1.0398e+00) |
5% 1.1592e+01 (7.4868¢+00) — | 1.0284e+01 (24744e+00) — | 7.8351c+00 (2.3734e+00) — | 7.8516e+00(3.4542¢+00) — | H.7885¢+00 (1.950de+00) |
5% 2.8449¢+01 (1.2148¢+01) — | 2.7646e+01 (3.1187c+00) — | 2.4819¢+01 (5.0000e+00) — | 1.9363e+01(1.1093¢+01) — | B.5325e+00 (4.3527c+
3% 8.5584c-+00 (4.8922¢-01) — | 8.7020e+00 (3.1887¢-01) — | 8.1302¢+00 (3.1623¢-01) — | 6.7492¢+00 {1.2233c+00) — | [.0665¢+00 (1.3843e+00)
5% T3381c+01 (6.6195¢-01) — | 1.3405¢+01 (1.0838¢-01) — | 1.3655¢+01 (1.6315¢-01) — | 1.2651c+01 (1.6883¢+00) — | P-097de+00 (3.1722e+00) |
Griewank-11 0% T.8848c+01 (1.3946c+00) — | 1.8258¢+01 (3.7850¢-01) = | 1.9214e+01 (3.9426e-001) — | 1.8282e+01 (2.5765¢+00) = | L.A656e+01 (4.2747e+00) |
5% 7.5650¢+01 (2.6930c+00) = | 2.3927e+01 (82098¢-01) = | 2.6220e+01 (8.5712¢-01) = | 2.5084c+01 (3.7183c+00) = | [.200de+01 (5.0576e+00) |
05% 3 7448e+01 (6.2271c+00) = | 3.2592e+01 (L.6257e+00) = | 3.8192¢+01 (1.5611c+00) = | 3.7894e+01 (6.7145¢+00) = | P.5562¢+01 (6.5583¢+00)
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O Problem 4: Parametric Multiobjective Multitask Optimization

= Amortized Multi-Objective Optimization Across Tasks with Generative Solution Modeling®!

[5] Tingyang Wei, Jiao Liu, Abhishek Gupta, Chin Chun Ooi, Puay Siew Tan, Yew-Soon Ong, “Amortized Multi-Objective Optimization Across Tasks with Generative Solution
Modeling”, IJCAI 2026.



argmin,ey F(x) =
argmingex (f1(x), ..., fu (x))

Parametric Multiobjective Multitask Optimization

= Multitask Optimization (MOO):
© argming, cx, Fin(X), m € [M]
« Finite MOO Tasks 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 Multitask Optimization:
o argmin,e F(x,0),v0 € 0

* Infinite MOO Tasks 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 Multiobjective Multitask 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 8 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:
» In turbine design, 8 can represent different wind speeds. Optimizing manufactured components x for diverse 6 allows the parametric

turbine to adapt to unexpected environments. T Y B Windspeed: smis0s) R )

T T vheovieAn ! A means preference iy ‘ }
I ve e G), V/l E A I ff h T T:rb;;eléa(;;ush S - Turb‘ir‘1e”Rac‘I'ius“ o o Turb;neRadlus o
| M(0,1) ~ argmingeys;(F(x,0)) vector totrade-off the ; . ;
I ~o i ) | ) |
momiTme oS XA D objectives
| & Sy R S L
E ) : E i "' E )
(s & MRS an N :
" Mms ST e o
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Detailed Results

Method DTLZ-1 DTLZ-2 DTLZ-3 LAMP SOLAR UAV

PSL-MOBO 2.82e+04 (1.78e+03)7~ | 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)t— | 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 (5.82¢-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
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statistically similar (=) relative to PMT-MOBO-VAE (s;) and PMT-MOBO-DDPM (s5).

indicate that the competitor is significantly worse (—), significantly better (+), or

Method DTLZ-1 DTLZ-2 DTLZ-3 LAMP SOLAR MAGNETIC UAY

ST-MOBO 1.82e+04 (4.80e+03) 2.65e+00 (6.30e-02) 2.24e+03 (3.03e+03) 5.80e-01 (1.20e-02) 6.81e-01 (2.51e-02) 8.72e-02 (2.15e-02) 4.31e-01 (1.99e-02)
gPAREGO 1.68e+04 (4.03e+03) 2.74e+00 (5.30e-02) 1.42e+03 (1.48e+03) 5.79e-01 (1.30e-02) 6.64e-01 (2.21e-02) 1.06e-01 (2.05e-02) 4.27e-01 (1.82e-02)
gEHVI 3.23e+0M (5.06e+01)™ 2.33e+00 (6.20e-02) 2.66e+04 (1.85¢-02)" 6.14e-01 (3.00e-03) 6.07e-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 (6.44e+03)™ 5.42e-01 (1.40e-02) 5.96e-01 (3.60e-03) 7.42e-02 (1.79e-02) 4.03¢-01 (1.46e-02)
CDM-PSL 1.59e+04 (4.15e+03) 2.43e+00 (5.04e-02) 7.76e+02 (9.41e+02) 5.85e-01 (1.39e-02) 6.49e-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-01y¥ 2.71e+04 (7.89e+02)" 6.09e-01 (1.61e-02) 6.35e-01 (1.15e-02) 9.41e-02 (1.69e-02) 5.85e-01 (3.19e-02)™
OCMOBO 1.28e+04 (3.04e+03) 2.99e+00 (2.12e-02) 6.20e+02 (6.29e+02) 6.13e-01 (6.60e-03) 7.53e-01 (1.36e-02) 1.23e-01 (3.95e-02) 5.26e-01 (1.09e-02)
PMT-MOBO L.71e+04 (4.70e+03) 2.77e+00 (5.50e-02) 3.78e+03 (5.40e+03) 5.83e-01 (1.22e-02) 7.10e-01 (1.90e-02) 1.73e-01 (2.99¢-02) 4.78e-01 (1.27¢-02)
PMT-MOBO-VAE 3.10e+04 (3.41e+03) 3.05e+00 (9.58e-02) 2.10e+04 (5.33e+03) 6.21e-01 (1.73e-02) 7.67e-01 (2.01e-02) 1.49¢-01 (5.07e-02) 5.95e-01 (3.33e-02)
PMT-MOBO-DDPM | 3.37e+04 (8.35e+02) 3.13e+00 (1.62e-02) 3.09e+04 (1.67e+03) 6.48e-01 (5.10e-03) 7.87e-01 (7.80e-03) 2.01e-01 (2.50e-02) 6.07e-01 (7.50e-03)

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-MOBO-VAE (s1) and PMT-MOBO-DDPM (s2).
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Optimization
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Limitations

Theorem. Let the kernel functions used in PMTO-FT and
the independent strategy satisfy rpm:((x,0),(x',0)) =
Kind(X,X'). Then, the MIG in the independent strategy, de-
noted as 'yrj'{‘fn, and the MIG in the PMTO-FT, denoted as

+ We adopt GP as the backbone for its rich theoretical analysis background. Vs SGHSTY YT, < ViR Ym € [M],VT > 1.

» GP-based surrogate modeling may become expensive in large-data settings.

« The bottleneck of GP is the training complexity of 0(N?3), where N is the training sample size.

= |t is unclear how to theoretically justify the effectiveness of generative solution modeling in the MOO methods.

» Generative solution modeling makes sense in MOO problem due to some common assumptions as below:

« Under mild conditions, a Pareto set is an (M-1)-dimensional manifold, given that M is the number of the objectives!'l.

« However, itis unclear why involving generative models can further enhance the performance of multiobjective multitask optimization from
the perspective of convergence.

* We only conduct the convergence analysis for method without generative models.

[1] Cheng, Ran, et al. "A multiobjective evolutionary algorithm using Gaussian process-based inverse modeling." IEEE Transactions on Evolutionary Computation 19.6 (2015):
838-856.. 55



Limitations -> Future Directions

Theorem. Let the kernel functions used in PMTO-FT and
the independent strategy satisfy rpm:((x,0),(x',0)) =
Kind(X,X'). Then, the MIG in the independent strategy, de-
noted as 'y%{‘fn, and the MIG in the PMTO-FT, denoted as

+ We adopt GP as the backbone for its rich theoretical analysis background. Vs SGHSTY YT, < ViR Ym € [M],VT > 1.

» GP-based surrogate modeling may become expensive in large-data settings.

« The bottleneck of GP is the training complexity of 0(N?3), where N is the training sample size.
(A more scalable surrogate model supporting large-data settings and theoretical analysis).

= |t is unclear how to theoretically justify the effectiveness of generative solution modeling in the MOO methods.

» Generative solution modeling makes sense in MOO problem due to some common assumptions as below:

« Under mild conditions, a Pareto set is an (M-1)-dimensional manifold, given that M is the number of the objectives!'l.

« However, itis unclear why involving generative models can further enhance the performance of multiobjective multitask optimization from
the perspective of convergence.

* We only conduct the convergence analysis for method without generative models.

(A more direct convergence analysis for MOO methods involving generative modeling).

[1] Cheng, Ran, et al. "A multiobjective evolutionary algorithm using Gaussian process-based inverse modeling." IEEE Transactions on Evolutionary Computation 19.6 (2015):
838-856.. 56
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Thank you!
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  𝒢 𝒫 ←  𝒟 1 ∪  𝒟 2 ∪ …


  ℳ ←    𝒟 1 ∗ ∪  𝒟 2 ∗ ∪ …


   𝜃  n e w ← a r g m a x   g  (  𝜃 ; Ψ )


  Ψ ← Ψ ∪ {  𝜃  n e w }


   x m  ( t ) ← a r g m a  x  x ∈ 𝒳 U C B ( 𝒢 𝒫 )


   𝒟 m ←  𝒟 m ∪ {  x m   ( t ) ,    𝜃 m ,   f  (   x m   ( t ) ,    𝜃 m ) }  


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


  𝒢 𝒫


  𝒳   ×   Θ   → ℝ


  ℳ


  Θ   → 𝒳


  ℳ  ( 𝜃 ) ≈   a r g m i  n  x ∈ 𝒳 f  (  x ,   𝜃 )


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


  f  (  ⋅ ,    𝜃 m ) ,   m ∈ [ M ]


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


  𝜃


  f  (   x ′ ,   𝜃 ) ,         x ′ = ℳ ( 𝜃 )


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


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


  K


  𝚯


  𝜽


  𝝀


  𝜽


  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 ∈ 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 ) )


  𝜆


  ∀ 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 )


  O (  N 3 )


  N


  O (  N 3 )


  N

