
Few-Shot Multiobjective Multitask Optimization

WEI TINGYANG
College of Computing and Data Science, 

Nanyang Technological University

Supervisor: Prof. Ong Yew-Soon
Co-supervisor: Dr. Tan Puay Siew, SIMTech, A*STAR.

2026.09.20



2

Outline

❑  Research Topic Introduction

❑  Multiobjective Optimization

❑  Few-Shot Challenges

❑  Multitask Optimization

❑  From Multitask Optimization to Parametric Multitask Optimization

❑ 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]  

❑ Problem 2: Finite Few-Shot Multiobjective Multitask Optimization

▪ Bayesian Forward-Inverse Transfer for Multiobjective Optimization[2]

▪ Solving Few-Shot Multiobjective Multitask Optimization via Iterative Sequential Transfer[3] 

❑  Problem 3: Parametric Single-Objective Multitask Optimization

▪ (θl, θu)-Parametric Multi-Task Optimization: Joint Search in Solution and Infinite Task Spaces[4] 

❑  Problem 4: Parametric Multiobjective Multitask Optimization

▪ Amortized Multi-Objective Optimization Across Tasks with Generative Solution Modeling [5]  

❑  Conclusions and Potential Future Work

[1] Tingyang Wei, et al. “In-Context Guidance: Learning Inter-Task Synergies via Numerical Foundational Models for Few-Shot Multitask Optimization.” In submission to IEEE 

Transactions on Evolutionary Computation (2026)

[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).

[4] Tingyang Wei, Jiao Liu, Abhishek Gupta, Puay Siew Tan, Yew-Soon Ong, “(θl, θu)-Parametric Multi-Task Optimization: Joint Search in Solution and Infinite Task Spaces” 

IEEE Transactions on Evolutionary Computation (2025).

[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.
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Introduction

▪ Black-Box Optimization

• 𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳  𝑓 𝑥
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Introduction

▪ Black-Box Optimization

• 𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳  𝑓 𝑥

▪ Multiobjective Optimization

• 𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳  𝐹 𝑥 = 𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳(𝑓1 𝑥 , … , 𝑓𝑀(𝑥))

• Multiobjective optimization expects a set of Pareto solutions, 

• achieving the optimal trade-offs among conflicting objectives.
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▪ Few-Shot Challenges

• To conduct (multiobjective) optimization within limited evaluation budgets.

• 𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳  𝑓 𝑥 ,  𝑪𝒎𝒂𝒙 = 𝑪

• 𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳  𝐹 𝑥 = 𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳 𝑓1 𝑥 , … , 𝑓𝑀 𝑥 ,  𝑪𝒎𝒂𝒙 = 𝑪

No Gradient
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𝑪 can be really small.
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Few-Shot Challenges for Black-Box Optimization

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

• To approximate the oracle[1].

• To inform the next sample to search via uncertainty estimate[2].

• In the NeurIPS 2020 Black-Box Optimization Challenge[3]:

• “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." 

NeurIPS 2020 competition and demonstration track. PMLR, 2021.

Surrogate-Assisted 
Optimization

𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳  𝑓 𝑥 ,  𝑪𝒎𝒂𝒙 = 𝑪

{𝒙}
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Few-Shot Challenges for Black-Box Optimization

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

• In the NeurIPS 2020 Black-Box Optimization Challenge[1]:

• “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:

• Iteratively

• Building Surrogate Model

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

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

NeurIPS 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.

𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳  𝑓 𝑥 ,  𝑪𝒎𝒂𝒙 = 𝑪

BO Example
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Few-Shot Challenges for Black-Box Optimization

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

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

▪ However, the sparse observations makes surrogate modeling challenging[1]:

• 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.

Surrogate-Assisted 
Optimization

𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳  𝑓 𝑥 ,  𝑪𝒎𝒂𝒙 = 𝑪
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Few-Shot Challenges for Multiobjective Optimization

▪ 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: 

• a large sample size to approximate the whole Pareto Solution Set. 

• Few-Shot Settings (a limited number of sample size) make the approximation even more challenging!!!

𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳  𝐹 𝑥 =

𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳 𝑓1 𝑥 , … , 𝑓𝑀 𝑥 , 
 𝑪𝒎𝒂𝒙= 𝑪

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

▪ How is the few-shot multiobjective optimization resolved?

▪ Solution: Inverse Model based multiobjective optimization

𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳  𝐹 𝑥 =

𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳 𝑓1 𝑥 , … , 𝑓𝑀 𝑥 , 
 𝑪𝒎𝒂𝒙= 𝑪

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

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

▪ 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.

𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳  𝐹 𝑥 =

𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳 𝑓1 𝑥 , … , 𝑓𝑀 𝑥 , 
 𝑪𝒎𝒂𝒙= 𝑪

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

▪ 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[1,2]:

• 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[3]:

• curate surrogate modeling using data across different tasks,

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

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

343-357.

[2] Wei, Tingyang, et al. "A review on evolutionary multitask optimization: Trends and challenges." IEEE Transactions on Evolutionary Computation 26.5 (2022): 941-960.

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

𝑎𝑟𝑔𝑚𝑖𝑛𝑥𝑚∈𝒳𝑚
𝐹𝑚 𝑥𝑚 , 𝑚 ∈ [𝑀]
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𝐹𝑚 𝑥𝑚 , 𝑚 ∈ [𝑀]

▪ Generalizing Multitask Optimization

• 𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳𝐹 𝑥, 𝜃 , ∀𝜃 ∈ Θ

• Multitask Optimization can be considered a special case

• by instantiating tasks with 𝑀 task parameters {𝜃𝑖}𝑖=1
𝑀

• Parametric Multitask Optimization (PMTO)

• Single-Objective PMTO

• Multiobjective PMTO
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Few-Shot Multitask Optimization

▪ Few-Shot Optimization:

• 𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳  𝑓 𝑥 ,  𝑪𝒎𝒂𝒙 = 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 Optimizer[1]:

• curate surrogate modeling using data across different tasks,

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

[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.

Tingyang Wei, et al. “In-Context Guidance: Learning Inter-Task Synergies via Numerical Foundational Models for Few-Shot Multitask Optimization.” In submission to IEEE 

Transactions on Evolutionary Computation (2026)

Taking Multitask Bayesian Optimizer for an Example:

Limited Observation

𝒟 = 𝑥𝑘
(𝑖)

, 𝑦𝑘
(𝑖)

𝑖=1

𝑁𝑘

𝑘=1

𝐾

Inferior Estimation

መ𝜗 = 𝑎𝑟𝑔𝑚𝑎𝑥𝜗  ℒ(𝜗; 𝒟)

Inferior መ𝜗 
parameterizing incorrect 

𝑩 𝒌, 𝒌’  → negative 

transfer



Motivation: TabPFN is a Bayesian Learner in small-data cases

▪ TabPFN shows promises in small data classification/regression tasks.

• 𝑃(𝐴)(Prior): The pretraining input-output pair
• Synthetic training data

• 𝑃(𝐵|𝐴)(Likelihood): The likelihood of training Data B given pretrained prior A
• Re-weighting the prior given the training X and Y

• 𝑃(𝐴|𝐵)(Posterior): In-Context Learning Given the context/training-data B.
• The actual instantiated classifier or regressor given test data

▪ If so, can TabPFN serve as meta-knowledge to:

• Serve as a foundational surrogate model to accelerate optimization process?
• Cater for the optimization in the loop of few-shot multitask optimization?

In-Context Learning 

via TabPFN

Pretrain

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



In-Context Guidance Multitask Optimization: Bayesian Version

Tingyang Wei, et al. “In-Context Guidance: Learning Inter-Task Synergies via Numerical Foundational Models for Few-Shot Multitask Optimization.” In submission to IEEE 

Transactions on Evolutionary Computation (2026)

In-Context Query

Construct queries for in-context learning.

In MTBO, we query whether TabPFN can 

specify a better half of solutions of task 𝒯2 

given all the solutions of task 𝒯1.

In-Context Guidance Learning

Learn guidance signals via the in-context query.

If TabPFN can specify a better half of solutions 

of task 𝒯2 given all the solutions of task 𝒯1, the 

task pair should be similar, vice versa.

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.



In-Context Guidance Multitask Optimization: Bayesian Version

Tingyang Wei, et al. “In-Context Guidance: Learning Inter-Task Synergies via Numerical Foundational Models for Few-Shot Multitask Optimization.” In submission to IEEE 

Transactions on Evolutionary Computation (2026)

30-D Problem 

with LCB 

Acquisition

50-D Problem 

with LCB 

Acquisition

30-D Problem 

with LogEI 

Acquisition

50-D Problem 

with LogEI 

Acquisition

Our ICG-MTBO triumphs in 

all the settings!!!



In-Context Guidance Multitask Optimization: Evolutionary Version

Tingyang Wei, et al. “In-Context Guidance: Learning Inter-Task Synergies via Numerical Foundational Models for Few-Shot Multitask Optimization.” In submission to IEEE 

Transactions on Evolutionary Computation (2026)

In-Context Query

Construct queries for in-context learning.

In MFEA-II, we query whether TabPFN can 

specify the task membership among elite 

solutions of task 𝒯2 and task 𝒯1.

In-Context Guidance Learning

Learn guidance signals via the in-context query.

If TabPFN can distinguish the task membership 

from gathered elite solutions of task 𝒯2 and task 

𝒯1, the task pair should be similar, vice versa.

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.

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.



In-Context Guidance Multitask Optimization: Evolutionary Version

Tingyang Wei, et al. “In-Context Guidance: Learning Inter-Task Synergies via Numerical Foundational Models for Few-Shot Multitask Optimization.” In submission to IEEE 

Transactions on Evolutionary Computation (2026)

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.

We generalize ICG framework 

to the well-known MFEA-II.

Different versions of ICG-MFEA-II can steadily improve MFEA-II.
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Outline
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❑  Multiobjective Optimization

❑  Few-Shot Challenges

❑  Multitask Optimization

❑  From Multitask Optimization to Parametric Multitask Optimization

❑ 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]  

❑ Problem 2: Finite Few-Shot Multiobjective Multitask Optimization

▪ Bayesian Forward-Inverse Transfer for Multiobjective Optimization[2]

▪ Solving Few-Shot Multiobjective Multitask Optimization via Iterative Sequential Transfer[3] 

❑  Problem 3: Parametric Single-Objective Multitask Optimization

▪ (θl, θu)-Parametric Multi-Task Optimization: Joint Search in Solution and Infinite Task Spaces[4] 

❑  Problem 4: Parametric Multiobjective Multitask Optimization

▪ Amortized Multi-Objective Optimization Across Tasks with Generative Solution Modeling [5]  

❑  Conclusions and Potential Future Work

[1] Tingyang Wei, et al. “In-Context Guidance: Learning Inter-Task Synergies via Numerical Foundational Models for Few-Shot Multitask Optimization.” In submission to IEEE 

Transactions on Evolutionary Computation (2026)

[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).

[4] Tingyang Wei, Jiao Liu, Abhishek Gupta, Puay Siew Tan, Yew-Soon Ong, “(θl, θu)-Parametric Multi-Task Optimization: Joint Search in Solution and Infinite Task Spaces” 

IEEE Transactions on Evolutionary Computation (2025).

[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.
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Why Few-Shot Multiobjective Multitask Optimization?

▪ Few-Shot Multiobjective Optimization:

• 𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳  𝐹 𝑥 = 𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳 𝑓1 𝑥 , … , 𝑓𝑀 𝑥 ,  𝑪𝒎𝒂𝒙 = 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:

• Can we utilize more sampled data from other optimization problems?

• Can we enhance the optimization results with other optimization problems?

• Can we solve multiple few-shot multiobjective optimization together?

Few-Shot Multiobjective Multitask Optimization!!!

𝑎𝑟𝑔𝑚𝑖𝑛𝑥𝑚∈𝒳𝑚
𝐹𝑚 𝑥𝑚 , 𝑚 ∈ 𝑀 , 𝑪𝒎,𝒎𝒂𝒙 = 𝑪
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Why Few-Shot Multiobjective Multitask Optimization?

▪ Few-Shot Multiobjective Multitask Optimization:

• 𝑎𝑟𝑔𝑚𝑖𝑛𝑥𝑚∈𝒳𝑚
𝐹𝑚 𝑥𝑚 , 𝑚 ∈ 𝑀 , 𝑪𝒎,𝒎𝒂𝒙 = 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

▪ What is the challenge of Few-Shot Multiobjective Multitask Optimization?

▪ There is no prior work on Multitask Optimization simultaneously:

• Obtain high-quality multiobjective solutions.

• Generate high-quality inverse models.
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Methodology

▪ Few-Shot Multiobjective Multitask Optimization:

• 𝑎𝑟𝑔𝑚𝑖𝑛𝑥𝑚∈𝒳𝑚
𝐹𝑚 𝑥𝑚 , 𝑚 ∈ 𝑀 , 𝑪𝒎,𝒎𝒂𝒙 = 𝑪

• 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
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Forward-Inverse Model-based Transfer

Initialization

Forward Multitask 

Modeling

Inverse Multitask 

Modeling

Inverse Multitask ModelForward Multitask Model

Predictive Mean Predictive Standard Deviation

Multitask

Gaussian 

Process
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Forward-Inverse Model-based Transfer

Initialization

Forward Multitask 

Modeling

Inverse Multitask 

Modeling

Input Solution 

Sampling

Solution Selection

UCB Acquisition Function

Function Evaluation

Termination

Inverse Multitask Model

Forward Multitask Model

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:

• 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

• Inverse model-based transfer?

• Utilizing the shared non-dominated solutions

• Enrich the inverse modeling training data

• 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 
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Experiments

▪ Problems:

• Benchmark problems (modified from DTLZ problem sets[1])

• Engineering optimization problems (truss design[2])

• Hyperparameter Optimization Problems[3] 

• (HPO-1)

• XG-Boost on 3 machine learning classification tasks

• Credit Approval[4]

• Medical Diagnosis[4]

• Speech Recognition[4]

• (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.

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

▪ Methods:

• ParEGO[1]

• A baseline few-shot multiobjective optimizer

• Inverse Model?  No

• Multitask?  No

• PSL-MOBO[2]

• Deemed as one of state-of-the-art few-shot multiobjective optimizers

• Inverse Model?  Yes

• Multitask?  No

• UCB-Tch[3]

• 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 Barnabás Póczos. "A flexible framework for multi-objective bayesian optimization using random scalarizations." Uncertainty in 

Artificial Intelligence. PMLR, 2020.
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Results

▪ Evaluation Metrics:

• Quality of approximated Pareto solution sets

• Accuracy of the inverse model

• 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 
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Results

▪ Evaluation Metrics:

• Quality of approximated Pareto solution sets

• Accuracy of the inverse model

• Only ours and PSL-MOBO can generate inverse models
• Inverse model-based transfer?

• Utilizing the shared non-dominated solutions

• Enrich the inverse modeling training data
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Results (Ablation)

▪ Evaluation Metrics:

• Quality of approximated Pareto solution sets

• Accuracy of the inverse model

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.

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

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

Initialization

Forward Transfer 

GP Modeling

Inverse Multitask 

Modeling

Input Solution 

Sampling

Solution Selection

UCB Acquisition Function

Function Evaluation

Termination

Inverse Multitask Model

Forward Transfer GP Model

Solve one single task per iteration
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Extension: Multitask Optimization via Sequential Transfer 

▪ Forward Transfer GP Model:

• For source tasks 1, 2, …, K and a target task. We build K transfer GP models:

• 𝜆𝑖,𝑗  ∈ [−1,1] is a learnt kernel hyperparameter that can capture positive/negative correlations between source i and target j

• We select the target task with the largest function 

• Why?

• GP-UCB optimization regret can be bounded by

• GP-UCB with transfer, the regret can be bounded by

• Larger |𝜆𝑖,𝑡| stand for a tighter regret bound, meaning a more accurate GP model can be constructed [1]. 

[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

Detecting negative transfer

Less likely to occur negative transfer
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Extension: Multitask Optimization via Sequential Transfer 

▪ Results

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

❑  Research Topic Introduction

❑  Multiobjective Optimization

❑  Few-Shot Challenges

❑  Multitask Optimization

❑  From Multitask Optimization to Parametric Multitask Optimization

❑ 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]  

❑ Problem 2: Finite Few-Shot Multiobjective Multitask Optimization

▪ Bayesian Forward-Inverse Transfer for Multiobjective Optimization[2]

▪ Solving Few-Shot Multiobjective Multitask Optimization via Iterative Sequential Transfer[3] 

❑  Problem 3: Parametric Single-Objective Multitask Optimization

▪ (θl, θu)-Parametric Multi-Task Optimization: Joint Search in Solution and Infinite Task Spaces[4] 

❑  Problem 4: Parametric Multiobjective Multitask Optimization

▪ Amortized Multi-Objective Optimization Across Tasks with Generative Solution Modeling [5]  

❑  Conclusions and Potential Future Work

[1] Tingyang Wei, et al. “In-Context Guidance: Learning Inter-Task Synergies via Numerical Foundational Models for Few-Shot Multitask Optimization.” In submission to IEEE 

Transactions on Evolutionary Computation (2026)

[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).

[4] Tingyang Wei, Jiao Liu, Abhishek Gupta, Puay Siew Tan, Yew-Soon Ong, “(θl, θu)-Parametric Multi-Task Optimization: Joint Search in Solution and Infinite Task Spaces” 

IEEE Transactions on Evolutionary Computation (2025).

[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.
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Parametric Multitask Optimization

▪ Multitask Optimization:

• 𝑎𝑟𝑔𝑚𝑖𝑛𝑥𝑚∈𝒳𝑚
𝐹𝑚 𝑥𝑚 , 𝑚 ∈ [𝑀]

• Finite Tasks

▪ Parametric Multitask Optimization:

• 𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳𝐹 𝑥, 𝜃 , ∀𝜃 ∈ Θ

• Infinite Tasks

Assuming 𝑀 problems share certain similarities, we use their solution 

distributions and surrogate models as transferable knowledge to accelerate 

convergence.

We assume access to an external task space 𝚯 and investigate how 

leveraging task parameters 𝜽 as side information can enhance knowledge 

transfer and accelerate optimization convergence.

Cross-Task 

Information as 

Knowledge

Explicit 

Parameter as 

Knowledge

Tingyang Wei, Jiao Liu, Abhishek Gupta, Puay Siew Tan, Yew-Soon Ong, “(θl, θu)-Parametric 

Multi-Task Optimization: Joint Search in Solution and Infinite Task Spaces” IEEE Transactions on 

Evolutionary Computation (2025).
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Why Parametric Multitask Optimization?

▪ Opportunities:

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

▪ Application Example:

• In robotic control design, 𝜃 can represent different morphologies. Optimizing control policy 𝑥 for diverse 𝜃 allows robots to unexpected 

environments.

• Similar 𝜃 entails similar 𝑥

• Backing up 𝑥-s for diverse 𝜃 can enable adaptation

𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳𝑓 𝑥, 𝜃 , ∀𝜃 ∈ Θ

𝑥: 𝛼1, 𝛼2, 𝛼3

𝜃: 𝐿, 𝛼𝑚𝑎𝑥

∀𝜃 ∈ Θ, 
ℳ 𝜃 =  𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳𝑓 𝑥, 𝜃
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Methodology

▪ ∀𝜃 ∈ Θ, ℳ 𝜃 =  𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳𝑓 𝑥, 𝜃

▪ Surrogate Models:

• (Forward Model) 𝒢𝒫: 𝒳 × Θ → ℝ

• (Inverse Model) ℳ: Θ → 𝒳

▪ Task Evolution:

• (Find representative task parameter)

• 𝑔 𝜃; Ψ = det 𝑄([𝜃1, … , 𝜃𝑀 , 𝜃])

• (Optimal coverage of the task space)

▪ Cross-Task Sampling:

• 𝑥𝑚
(𝑡)

← 𝑎𝑟𝑔𝑚𝑎𝑥𝑥∈𝒳  − 𝜇 𝑥, 𝜃𝑚 + 𝛽𝜎(𝑥, 𝜃𝑚)

• Forward Model contains cross-task information: 

• 𝒢𝒫(𝜇 ⋅, 𝜃 , 𝜎2(⋅, 𝜃))

Initalization:

Ψ = {𝜃𝑚}𝑚=1
𝑀

 𝒟𝑚 = { 𝑥𝑚
𝑖

, 𝜃𝑚 , 𝑓 𝑥𝑚
𝑖

, 𝜃𝑚 }𝑖=1
𝑁

Approximation Models:

𝒢𝒫 ← 𝒟1 ∪ 𝒟2 ∪ ⋯
 ℳ ←  𝒟1

∗ ∪ 𝒟2
∗ ∪ ⋯

Task Evolution:

𝜃𝑛𝑒𝑤 ← 𝑎𝑟𝑔𝑚𝑎𝑥 𝑔 𝜃; Ψ
Ψ ← Ψ ∪ {𝜃𝑛𝑒𝑤 }

Cross-Task Solution Sampling:

𝑥𝑚
(𝑡)

← 𝑎𝑟𝑔𝑚𝑎𝑥𝑥∈𝒳𝑈𝐶𝐵(𝒢𝒫)

𝒟𝑚 ← 𝒟𝑚 ∪ {𝑥𝑚
𝑡

, 𝜃𝑚 , 𝑓 𝑥𝑚
𝑡

, 𝜃𝑚 } 
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Performance Metrics

▪ ∀𝜃 ∈ Θ, ℳ 𝜃 =  𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳𝑓 𝑥, 𝜃

▪ Optimization Results

• (Forward Model) 𝒢𝒫: 𝒳 × Θ → ℝ

▪ Inverse Model Performance

• (Inverse Model) ℳ: Θ → 𝒳

• ℳ 𝜃 ≈  𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳𝑓 𝑥, 𝜃

Tingyang Wei, Jiao Liu, Abhishek Gupta, Puay Siew Tan, Yew-Soon Ong, “(θl, θu)-Parametric Multi-Task Optimization: Joint Search in Solution and Infinite Task Spaces” IEEE 

Transactions on Evolutionary Computation (2025).
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Results

▪ 𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳𝑓 𝑥, 𝜃 , ∀𝜃 ∈ Θ

▪ Good Optimization Results

• Sample multiple tasks 

• Check out the convergence

• 𝑓 ⋅, 𝜃𝑚 , 𝑚 ∈ [𝑀]

• Theoretical Analysis of faster convergence

▪ ∀𝜃 ∈ Θ, ℳ 𝜃 =  𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳𝑓 𝑥, 𝜃

▪ Good Inverse Model Predictive Results

• Sample multiple (seen and unseen) tasks 𝜃

• Check out the solution quality of the model output 

• 𝑓 𝑥′, 𝜃 ,  x′ = ℳ(𝜃)
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Detailed Results
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❑ 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]  

❑ Problem 2: Finite Few-Shot Multiobjective Multitask Optimization

▪ Bayesian Forward-Inverse Transfer for Multiobjective Optimization[2]

▪ Solving Few-Shot Multiobjective Multitask Optimization via Iterative Sequential Transfer[3] 

❑  Problem 3: Parametric Single-Objective Multitask Optimization

▪ (θl, θu)-Parametric Multi-Task Optimization: Joint Search in Solution and Infinite Task Spaces[4] 

❑  Problem 4: Parametric Multiobjective Multitask Optimization

▪ Amortized Multi-Objective Optimization Across Tasks with Generative Solution Modeling [5]  

❑  Conclusions and Potential Future Work

[1] Tingyang Wei, et al. “In-Context Guidance: Learning Inter-Task Synergies via Numerical Foundational Models for Few-Shot Multitask Optimization.” In submission to IEEE 

Transactions on Evolutionary Computation (2026)

[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).

[4] Tingyang Wei, Jiao Liu, Abhishek Gupta, Puay Siew Tan, Yew-Soon Ong, “(θl, θu)-Parametric Multi-Task Optimization: Joint Search in Solution and Infinite Task Spaces” 

IEEE Transactions on Evolutionary Computation (2025).

[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.
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Parametric Multiobjective Multitask Optimization

▪ Multitask Optimization (MOO):

• 𝑎𝑟𝑔𝑚𝑖𝑛𝑥𝑚∈𝒳𝑚
𝐹𝑚 𝑥𝑚 , 𝑚 ∈ [𝑀]

• Finite MOO Tasks

▪ Parametric Multitask Optimization:

• 𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳𝐹 𝑥, 𝜃 , ∀𝜃 ∈ Θ

• Infinite 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.

We assume access to an external task space 𝚯 and investigate how leveraging 

task parameters 𝜽 as side information can accelerate optimization 

convergence and return any preferred solution observing preference vector 

𝝀 in any task 𝜽.

𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳  𝐹 𝑥 =
𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳(𝑓1 𝑥 , … , 𝑓𝑀(𝑥))
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Why Parametric Multiobjective Multitask Optimization?

▪ 𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳𝐹 𝑥, 𝜃 ≔ (𝑓1 𝑥, 𝜃 , … , 𝑓𝑀(𝑥, 𝜃)), ∀𝜃 ∈ Θ

▪ Opportunities:

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

▪ Challenges:

• The task parameters 𝜃 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, 𝜃 can represent different wind speeds. Optimizing manufactured components 𝑥 for diverse 𝜃 allows the parametric 
turbine to adapt to unexpected environments.

Makatura, Liane, et al. "Pareto gamuts: exploring optimal designs across varying contexts." ACM Transactions on Graphics (TOG) 40.4 (2021): 1-17.

∀𝜃 ∈ Θ, ∀𝜆 ∈ Λ
ℳ 𝜃, 𝜆 ≈  𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳𝑠𝜆(𝐹 𝑥, 𝜃 )

𝜆 means preference 
vector to trade-off the 

objectives
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Methodology

• ∀𝜃 ∈ Θ, ∀𝜆 ∈ Λ, ℳ 𝜃, 𝜆 ≈ 𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳𝑠𝜆(𝐹 𝑥, 𝜃 )

• Surrogate Models:

• 𝒢𝒫: 𝒳 × Θ → ℝ

• (𝑀 models for 𝑀 objectives)

• Cross-Task Sampling:

• Forward Model contains cross-task information: 

• 𝒢𝒫(𝜇 ⋅, 𝜃 , 𝜎2(⋅, 𝜃))

{𝒟𝑗𝑜𝑖𝑛𝑡
(𝑚)

}𝑚=1
𝑀

Surrogate

Modeling

𝜶𝑘 𝒙 : =  𝒔𝝀(−෥𝝁 𝒙, 𝜽𝑘 + 𝛽෥𝝈(𝒙, 𝜽𝑘))

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

{𝒢𝒫𝑚}𝑚=1
𝑀

• Conditional Generative Model (Inverse Model):

• ℳ𝝓: Θ × Λ → 𝒳

• (Identify the preferred solution by 𝜆 for task 𝜃)

• Alternating Optimization Loop:

• Per iteration, mode a. and b. alternates in a 
round robin way

Facilitate cross-task 

exploration in 𝒳 × Θ 

Facilitate search to focus on 

the elite solutions in 𝒳 

Serve as inverse model post-

optimization for fast adaption

We instantiate the Generative 

Model by either VAE or DDPM
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Results

▪ 𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳𝐹 𝑥, 𝜃 ≔ (𝑓1 𝑥, 𝜃 , … , 𝑓𝑀(𝑥, 𝜃)), ∀𝜃 ∈ Θ

▪ Good Optimization Results

• Sample 𝐾 multi-objective tasks 

• Check out the multi-objective convergence

• 𝐹 ⋅, 𝜃𝑘 , 𝑘 ∈ [𝐾]

• Theoretical Analysis of faster convergence

▪ ∀𝜃 ∈ Θ, ∀𝜆 ∈ Λ, ℳ 𝜃, 𝜆 ≈  𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳𝑠𝜆(𝐹 𝑥, 𝜃 )

▪ Good Inverse Model Predictive Results

• Sample multiple (unseen) multi-objective tasks 𝜃
• Sample diverse preference vectors 𝜆 ∈ Λ

• Check out the solution quality of the model output 
• 𝐹 𝑥′, 𝜃 ,  x′ = ℳ𝝓(𝜃, 𝜆), 

Our PMT-MOBO-VAE/DDPM 

exhibit better hypervolume results

Our PMT-MOBO-VAE/DDPM generate 

better Pareto-optimal solutions 
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Detailed Results
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Outline

❑  Research Topic Introduction

❑  Multiobjective Optimization

❑  Few-Shot Challenges

❑  Multitask Optimization

❑  From Multitask Optimization to Parametric Multitask Optimization

❑ 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]  

❑ Problem 2: Finite Few-Shot Multiobjective Multitask Optimization

▪ Bayesian Forward-Inverse Transfer for Multiobjective Optimization[2]

▪ Solving Few-Shot Multiobjective Multitask Optimization via Iterative Sequential Transfer[3] 

❑  Problem 3: Parametric Single-Objective Multitask Optimization

▪ (θl, θu)-Parametric Multi-Task Optimization: Joint Search in Solution and Infinite Task Spaces[4] 

❑  Problem 4: Parametric Multiobjective Multitask Optimization

▪ Amortized Multi-Objective Optimization Across Tasks with Generative Solution Modeling [5]  

❑  Conclusions and Potential Future Work

[1] Tingyang Wei, et al. “In-Context Guidance: Learning Inter-Task Synergies via Numerical Foundational Models for Few-Shot Multitask Optimization.” In submission to IEEE 

Transactions on Evolutionary Computation (2026)

[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).

[4] Tingyang Wei, Jiao Liu, Abhishek Gupta, Puay Siew Tan, Yew-Soon Ong, “(θl, θu)-Parametric Multi-Task Optimization: Joint Search in Solution and Infinite Task Spaces” 

IEEE Transactions on Evolutionary Computation (2025).

[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.
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Retrospect the Thesis Structure

[1] Tingyang Wei, et al. “In-Context Guidance: Learning Inter-Task Synergies via Numerical Foundational Models for Few-Shot Multitask Optimization.” In submission to IEEE 

Transactions on Evolutionary Computation (2026).

[2] Tingyang Wei, Jiao Liu, Abhishek Gupta, Puay Siew Tan, Yew-Soon Ong, “Bayesian Forward-Inverse Transfer for Multiobjective Optimization” International Conference on 

Parallel Problem Solving from Nature 2024.

[3] Tingyang Wei, Haofeng Wu, Ananda Phan Iman, Zhao Wei, Jiao Liu, Yew-Soon Ong, “Solving Few-Shot Multiobjective Multitask Optimization via Iterative Sequential 

Transfer.” 2026 IEEE Congress on Evolutionary Computation (CEC).

[4] Tingyang Wei, Jiao Liu, Abhishek Gupta, Puay Siew Tan, Yew-Soon Ong, “(θl, θu)-Parametric Multi-Task Optimization: Joint Search in Solution and Infinite Task Spaces” 

IEEE Transactions on Evolutionary Computation (2025).

[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.

Topic Relevant 
Paper

Finite Few-Shot Single-Objective Multitask 
Optimization

[1] 

Finite Few-Shot Multiobjective Multitask 
Optimization

[2,3]

Parametric Single-Objective Multitask 
Optimization

[4]

Parametric Multiobjective Multitask 
Optimization

[5]



55

Limitations

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

• We adopt GP as the backbone for its rich theoretical analysis background.

• The bottleneck of GP is the training complexity of 𝑂(𝑁3), where 𝑁 is the training sample size.

▪ It 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 [1].

• However, it is 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..
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Limitations -> Future Directions

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

• We adopt GP as the backbone for its rich theoretical analysis background.

• The bottleneck of GP is the training complexity of 𝑂(𝑁3), where 𝑁 is the training sample size.

 (A more scalable surrogate model supporting large-data settings and theoretical analysis).

▪ It 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 [1].

• However, it is 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..
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Thank you!
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