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MES-RET – Background & Motivation

Black-Box Many-Task Optimization

Massive Task Emergence: A large number of optimization tasks appear concurrently

(e.g., cloud computing scenarios)

Derivative-Free Nature: First- or second-order gradient information is inaccessible for any task

Applicable Solvers: Evolutionary Algorithms, Bayesian Optimization, etc.

Our Focus: Black-box many-task optimization scenarios with moderate evaluation budget



MES-RET – Background & Motivation

Evolutionary Multi-Tasking (EMT) accelerates black-box optimization via Knowledge Transfer among tasks. 
However, it struggles when scaled to Many Low-Similarity Tasks.

Empirically, Multi-Task Methods Underperformed Single-Task Baseline in such multi-task curse scenarios!

CEC17-SO 87 single-objective tasks in one problem

CEC20-RWCO 42 real-world 
constrained tasks in one problem

Gymnasium 18 tasks in one problem

Not Traditional High-Similarity 
Many-Task Benchmark



MES-RET – Background & Motivation

Why EMT Fails at Scale? Multi-Task Curse:

1. Resource Dilution: Uniform budget allocation forces the first term to be ≤ 0 as tasks scale.

2.1. Mean Shift: Conflicting transferred updates oppose the true local gradients.

2.2. Covariance Distortion: Maladaptive variance inflates the condition number of the search 
distribution, driving trace < 0.

Taylor expansion of expected improvement in CMA-ES



We Propose MES-RET

Many-task Evolution Strategy with Reward-weighted Evaluation and Transfer

For Breaking Multi-Task Curse and for Black-Box Many-Task Optimization

MES-RET – Proposed Method

Reward-weighted Evaluation 

Reward-weighted Knowledge Transfer

Policy Semantic Alignment 



MES-RET – Reward-Weighted Evaluation

Evaluation Budget Allocation
Replace uniform allocation with Potential-Driven scheme:

Phase 1: All-Task Evolution
Every task gets a baseline budget for state estimation.
Phase 2: Categorical Sampling

   High-potential tasks receive evaluations based on reward.

Reward 1: Performance
Historical progress reflects future local improvement trends.

   Reward 2: Diversity
    Entropy retention preserves global search potential.

Dynamic Reward Composition



Reward-weighted Mean Aggregation Guiding Search Direction

Aggregation Transfer

Accelerating AdaptationReward-weighted Covariance Aggregation

CMA-Evolve

Transfer

Aggregation

MES-RET – Reward-Weighted Knowledge Transfer
Inter-Task Knowledge Transfer
Guiding Search via Reward-weighted Aggregation:

   Mean Aggregation:
    Pools the directional vectors of high-reward tasks to guide 
    search toward universally promising regions.
   Covariance Aggregation:

Transfers successful adaptation rhythms without disrupting 
    a task's specific local correlation structure.

The Safety Valve - Weak Guidance Injection:

    Only a marginal fraction of external solutions are injected.



MES-RET – Policy Semantic Alignment

Policy Parameter Semantic Alignment

Joint-Search Subspace:
     The shared hidden layers  encode generalized dynamic logic and transferable motor control primitive.

Task-Specific Subspace:
     The Input/Output layers that act as isolated sensor-motor interfaces, uniquely evolved for each environment's.



MES-RET – Experimental Setup
Three Multi-Task Curse Scenarios

87 Synthetic, 42 Real-world Engineering, and 18 Gymnasium RL tasks.

CEC17-SO CEC20-RWCO Gymnasium policy search

2 hidden-layer MLP, each with 16 neurons

Not Traditional High-Similarity 
Many-Task Benchmark



MES-RET – Experimental Setup

Comparison Baselines
Evolution Strategies, Population-based EAs, and Policy-gradient Methods



MES-RET – Experimental Results

Comparison & Ablation Results

MES-RET achieves the lowest overall Friedman 
Rankings (3.13, 3.54, 4.03) and effectively outperforms 
single-task baselines where other multi-task methods fail.

Gymnasium 18 Tasks



MES-RET – Experimental Results

Behavioral Skill Transfer Insights:
Parameter Correlation: 

high cross-task 
correlation within the 
joint-search subspace.

Emergent Consistency:

Morphologically distinct agents 
learned highly consistent 
forward-propulsion mechanisms.



MToP – Benchmarking Platform for Evolutionary Multitasking
https://github.com/intLyc/MTO-Platform• 100+ multi/single-task evolutionary algorithms

• 150+  benchmark problems with applications

• 20+ performance metrics for evaluation

• 3 non-parametric statistical analysis method

•Multiple optimization types with combinations

• Various visualization functions and tools

•Global random seed control
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