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Research Goal

▪ Few Shot Optimization
• 𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳 𝑓 𝑥 , 𝐶𝑚𝑎𝑥 = 𝐶

▪ How?
Multi-Task Optimization[1]

- 𝑎𝑟𝑔𝑚𝑖𝑛𝑥𝑚∈𝒳𝑚𝑓𝑚 𝑥𝑚 , 𝑚 ∈ [𝑀]

Why? Assuming 𝑀 problems share certain similarities, we use their solution distributions and 
surrogate models as transferable knowledge to accelerate convergence.

Parametric Multi-Task Optimization[2]

- 𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳𝑓 𝑥, 𝜃 , ∀𝜃 ∈ Θ

We assume access to an external task space 𝚯 and investigate how leveraging task parameters 𝜽 as 
side information（额外的信息） can enhance knowledge transfer and accelerate optimization 
convergence.

“Few Shot” means budget 

𝐶 can be really small.

[1]. 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.

[2]. 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).

Solve 𝑀 optimization 

tasks simultaneously

Each 𝜃 characterizes a task, so 

the space Θ specifies an 
infinite number of tasks
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Why Parametric Multi-Task Optimization?

▪ 𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳𝑓 𝑥, 𝜃 , ∀𝜃 ∈ Θ

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, 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
𝑥: 𝛼1, 𝛼2, 𝛼3

𝜃: 𝐿, 𝛼𝑚𝑎𝑥

∀𝜃 ∈ Θ,
ℳ 𝜃 = 𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳𝑓 𝑥, 𝜃
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Parametric Multi-Task Optimization (Infinite Tasks) 

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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Parametric Multi-Task Optimization (Infinite Tasks) 

• 𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳𝑓 𝑥, 𝜃 , ∀𝜃 ∈ Θ

• Good Optimization Results (Offline)

• 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 (Online)

• 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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Research Goal

▪ Few Shot Multi-Objective Optimization
• 𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳 𝐹 𝑥 = 𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳(𝑓1 𝑥 , … , 𝑓𝑀(𝑥))

▪ How?
Multi-Objective Multi-Task Optimization[1]

- 𝑎𝑟𝑔𝑚𝑖𝑛𝑥𝑘∈𝒳𝑘𝐹𝑘 𝑥𝑘 , 𝑚 ∈ [𝐾]

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

Parametric Multi-Objective Multi-Task Optimization[2]

- 𝑎𝑟𝑔𝑚𝑖𝑛𝑥∈𝒳𝐹 𝑥, 𝜃 , ∀𝜃 ∈ Θ

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.

[1]. 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.

[2]. 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.

Our Prior Work

Our Current Work
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Why Parametric Multi-Objective Multi-Task 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.

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

Makatura, Liane, et al. "Pareto gamuts: exploring optimal designs across varying contexts." ACM Transactions on Graphics

(TOG) 40.4 (2021): 1-17.

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 Comparisons
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Conclusion

▪ We aim to provide a framework extending multitask optimization to 
infinite multi-task optimization.

▪ In TEVC2025, we present the first parametric multitask optimizer.

▪ In IJCAI2026, we present an alternation-based strategy to build a 
parametric multiobjective multitask optimizer based on generative 
models. 

• VAE/DDPM
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