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Introduction to Open-Ended Learning

● What is Open-Ended Learning?
○ Agents’ behaviour to progressively learn through divergence.
○ Evolving endlessly.

● Current State-of-the-art:
○ Paired Open-Ended Trailblazer (POET) [1].
○ Enhanced POET (EPOET) [2].
○ ACCEL [3].
○ XLand [4].
○ MineDojo [5].
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Motivation For Our Work

● Fixed topology leads to limitations in learning complex tasks.
● None of the previous works address the issue.
● Two components to truly Open-Ended Learning:

a. Environments
b. Agents  
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Augmentative Topology Enhanced POET (ATEP)

● Two changes to EPOET:
a. Use of NEAT to augment topology of agents.
b. Transfer mechanisms

■ Fitness-Based ATEP
■ Species-Based ATEP



Transfer Mechanisms

● Fitness-Based Transfer (FBT-ATEP)
○ Inspired by EPOET transfer mechanism.
○ Compare fitness of best genome from candidate population with best genomes 

from 5 previous generations of target population.
○ If greater than all 5 previous scores, we finetune the best genome on target 

environment and compare with the best of the 5 previous best genomes.
○ If passed, we replace candidate population with target population. 



Transfer Mechanisms

● Species-Based Transfer (SBT-ATEP)
○ We take the best genome of candidate population and find delta value.
○ We see across all populations if their best genome is within the delta threshold 

with candidate best genome.
○ If so, we only transfer best genomes’ species and replace it with only target 

genomes’ species. 



Results

● Open-Endedness:



Results

● Node explorations analysis:
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● Node explorations analysis:
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● Node explorations analysis:
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● Node explorations analysis:
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● Generalization Ability on self created environments:



Results

● Generalization on others’ 

environments.



Conclusion and Future Works

● Empirically showed that ATEP outperforms EPOET due to augmentative topology.
● More Open-Ended and generalized agents.
● Exploring Quality Diversity algorithms
● Exploring more transfer mechanisms.
● Researching on more environments.
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