
MINDFUL Seminar Series
9/17/2021

University of Missouri

Department of Electrical Engineering and Computer Science

Open-Ended Learning Leads to Generally Capable Agents

Open-Ended Learning Team, DeepMind, London, UK

https://arxiv.org/abs/2107.12808 

Presented by Drew Buck

https://arxiv.org/abs/2107.12808


2



3

1. Introduction
2. XLand  Environment Space
 2.1. World Space
 2.2. Game Space
 2.3. Task Space
3. Environment Properties
 3.1. World Properties
  3.1.1. World Vastness
  3.1.2. World Smoothness
  3.1.3. World Diversity
 3.2. Game Properties
  3.2.1. Game Vastness
  3.2.2. Game Smoothness
  3.2.3. Game Diversity
4. Goal and Metric
 4.1. Normalized Percentiles
 4.2. Evaluation Task Set
 4.3. Hand-authored Task Set
5. Learning Process
 5.1. Deep Reinforcement Learning
 5.2. Dynamic Task Generation
 5.3. Generational Training
 5.4. Combined Learning Process

6. Results and Analysis
 6.1. Experimental Setup
 6.2. Agent Training
  6.2.1. Dynamic Task Generation Evolution
  6.2.2. Ablation Studies
 6.3. Performance Analysis
  6.3.1. Coverage
  6.3.2. Relative Performance
 6.4. General Capabilities
  6.4.1. Hand-authored Tasks
  6.4.2. Behavioral Case Studies
  6.4.3. Multi -agent
  6.4.4. Goal Interventions
  6.4.5. Failed Hand -authored Tasks
 6.5. Finetuning for Transfer
 6.6. Representation Analysis
7. Related Work
8. Conclusions



4

A. Appendix
 A.1. Worlds
  A.1.1. Procedural World Generation
  A.1.2. Counting Worlds
  A.1.3. Worlds Linear Projection
 A.2. Games
  A.2.1. Relations
  A.2.2. Atomic Predicates
  A.2.3. Generating Games
  A.2.4. Creating Alike Games
  A.2.5. Generation of a 3 Player Game
  A.2.6. PCA Projection
 A.3. Holding Out Tasks From Training
 A.4. Reinforcement Learning
 

A.5. Distillation 
 A.6. Network Architecture
  A.6.1. Auxiliary Losses
 A.7. Population Based Training
 A.8. GOAT
 A.9. Multi -agent Analysis
  A.9.1. Hide and Seek
  A.9.2. Conflict Avoidance
  A.9.3. Encoding Chicken in XLand
 A.10. Hand -authored Levels
 A.11. Representation Analysis
B. Proofs for Section 3 (Environment Properties)
C. Proofs for Section 5 (Learning Process)



ÁBlog post (good summary): 

https://deepmind.com/blog/article/generally -capable -

agents -emerge -from -open -ended -play

ÁResults showreel (15 min): 

https://www.youtube.com/watch?v=lTmL7jwFfdw
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Figure 3 | Visualisation of the 

XLand environment space. (Left)  

Each dot corresponds to a single 

game and is positioned by a 2D 

UMAP embedding of distance 

between games, with the size of the 

dot corresponding to the balance of 

the game, and the colour 

representing competitiveness of the 

game (from blue ï completely 

competitive, to purple ï completely 

cooperative). (Right) Each game 

can be played on a myriad of 

worlds, which we can smoothly 

mutate to traverse a diverse set of 

physical challenges. (Bottom) An 

XLand task consists of combining a 

game with a world and co-players.
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Worlds contain:
ÅStatic topology
ÅUp to 5 layers
Å2ÁÍÐÓȟ ×ÁÌÌÓȟ ȣ ÃÏÎÓÔÒÁÉÎÅÄ
ÅMovable objects
Å3 colors
Å4 shapes
ÅPlayers
ÅUp to 3 players
ÅEach player has one gadget:
ÅFreeze gadget
ÅMakes object temporarily unmovable

ÅTag gadget
ÅTemporarily removes another player
ÅPlayer is returned to its initial position
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ñTo evaluate a world in 

the evaluate set, we make 

the agent play in the 

world for 100 episodes. 

é If the agent scores a 

reward in at least one 

episode but less than half 

of the 100 episodes, the 

corresponding world is 

added to the train set.ò
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A game ╖ consists of a goal ▌ᶰ  ꞉for each of the

ὲ players, ╖ ▌ȟȣȟ▌ .

A binary atomic predicate ‰ȡ ᴼ πȟρ indicates if a 

physical relation is true in a particular state of the 

simulated environment ▼ɴ .

 Ex: near(purple sphere, opponent)

A goal could look like

▌ ‰ ‰᷈

ÏÐÔÉÏÎ ρ

᷉‰ ‰᷈ ‰᷈

ÏÐÔÉÏÎ ς

meaning, ñHold a purple sphere ‰  while being near a 

yellow sphere ‰  or be near a yellow sphere ‰  

while seeing an opponent ‰  who is not holding the 

yellow sphere ‰ ò.

The reward function ὶ▌▼ for a goal ▌ḧẓ Ẓ ‰  is

ὶ▌▼ ÍÉÎ ‰ ▼ȟρ ᶰ πȟρ

Ex: The game hide and seek consists of two goals ▌ÓÅÅËȟ▌ÈÉÄÅ

 ▌ÓÅÅË‰ÓÅÅË see(me, opponent)

 ▌ÈÉÄÅ‰ÈÉÄÅ not(see(opponent, me))
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Goal when training agents is to maximize expected total return (reward) over all tasks.
But, each task can be of completely different complexity, so how to aggregate scores over many tasks?
Å Agents should catastrophically fail on a few tasks as possible
Å Agents should be competent on as many tasks as possible
Å Broad ability is preferred over narrow competency

A Game Theoretic solution would be to 

focus on the worst-case scenario.



17

Three main components for training:

1. Deep RL to update the policy for a 
single agent

2. Dynamic task generation with 
population based training (PBT)

3. Generational training to bootstrap 
behavioral learning
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Figure 13 | The combined learning process. (Top) Generations of agents are 

trained, composed of populations of agents where the best performing agents 

become distillation teachers of the next generation as well as co-players to train 

against. (Middle)  Inside each population, agents are trained with dynamic task 

generation that continuously adapts the distribution of training tasks P“Ὧ( ) for 

each agent “Ὧ, and population based training (PBT) modulates the generation 

process by trying to Pareto dominate other agents with respect to the normalised 

percentiles metric. (Bottom) Each agent trains with deep reinforcement learning 

and consists of a neural network producing the policy “ and value function v.
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Figure 14 | Generations of performance as measured on the held out 

test task set. The first two generations focus on the maximisation of 

participation using the self reward-play RL objective (Section 5.3). 

In between generations, the best agent wrt. the objective is selected 

and used as a teacher and additional co-player to play against in 

further generations. Generations 3-5 focus on the improvement of 

normalized percentiles, and use the raw reward for the RL 

algorithm. The dashed line in each plot corresponds to the 

performance of the teacher from the previous generation. The co-

players are the set of policies that populate the co-players in these 

multiplayer tasks, with this set initialised to just the trivially created 

noop-action and random-action agents (white and grey circles).
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Figure 15 | (Top) On the left we see the learning surface, 

showing the progress of a generation 5 agent through time with 

respect to each of the normalised percentiles. The surface shows 

the normalised score (height) for each percentile (depth) through 

training (x-axis). Therefore, the flat bottom of the surface (zero 

height) is the part of the space where the agent is not 

participating. On the right, we see an orthogonal projection onto 

the surface at the end of training. (Bottom) We highlight the 

performance on 6 hand-authored tasks at three points in training, 

showing how improvements in the normalised percentiles 

correspond to improvement in these hand-authored tasks.
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