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Reinforcement Learning (RL) has been used to play games like Chess, NetHack, 
DotA2 and even StarCraft.



Can RL do the same with a more complex game that involves:

1. Multiple very different tasks (exploring, turn-based battling)

2. Sequential Tasks, Exploration, Puzzle-Solving

3. Dealing with a very large policy space?





Environment/Simulator

The environment is a, emulation of the 
game as it was played on the GBA.

As sensors, the model has:

• An image of the whole screen

• A cropped image around the character

• Game state information

CNN

CNN

Current HP: 10

Squirtle’s Level: 9

Pidgey’s Level: 11

Reached Pallet Town: True

FC NN



Actuators

The actions are not abstracted but rather lifted directly from a GameBoy’s controls.

• A

• B

• Start

• Up

• Down

• Left

• Right

The agent gets a ‘budget’ of actions that increases when it accomplishes goals.

Note: Movement controls, i.e. up, 

down, left, and right in the 

overworld, are condensed into 8-

frame long presses



Rewards

Events: +2 for each major event

Navigation: +0.005 for each new overworld coordinate visited

Healing: proportional to party HP

Levelling up: Up to +22



Rewards

Events: +2 for each major event

Navigation: +0.005 for each new overworld coordinate visited

Healing: proportional to party HP

Levelling up: Up to +22

Forces the model to move through the game.
Pitfall: Model always chooses Charmander instead of 
Squirtle or Bulbasaur, because selecting Charmander 

requires only 1 button press for +2 reward.



Rewards

Events: +2 for each major event

Navigation: +0.005 for each new overworld coordinate visited

Healing: proportional to party HP

Levelling up: Up to +22

The Agent will hang 
around Pallet Town 

unless rewarded 
more for exploring, 

since the ‘gap’ to 
reach the next event 

reward is too big



Rewards

Events: +2 for each major event

Navigation: +0.005 for each new overworld coordinate visited

Healing: proportional to party HP

Levelling up: Up to +22

The agent will avoid 
going back to town to 
heal injured Pokemon 

without an explicit 
reward for it.

Pitfall: If too high, it 
starts looping between 

getting injured and 
healing rather than 

progressing



Proximal Policy Optimization

1. In 𝑞𝑡 𝜃  the old policy is compared to the new policy. 𝑎𝑡 is an action.

2. Checks if  an action was better or worse than predicted in  𝐴𝝅
GAE.

3. Computes policy loss (which is clipped) and updates the neural network.

Ablation: a Gated Recurrent Unit (GRU) to store some temporal information.

The paper is 

a bit vague 

about model 

details.



Can it beat the game?

GRU = has memory. Fast = skips dialogue (fewer button presses from model)



Strengths

+ The task set/environment is open-ended and has a 
very long horizon (10+ hours). StarCraft II, DotA 2 
and most other MOBA/Strategy games have a short 
task horizon (<1 hour).

+ Multiple possible ‘pitfalls’ that adjusting different 
rewards fixes, making it a good demo for studying how 
to structure rewards

+ Multiple ‘modes’ to handle – i.e. overworld, turn-based 
combat.

+ Very efficient (final model’s only 10M params)
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Weaknesses

- Very sensitive to reward design. Some stages required 
a custom policy rather than just one global policy.

- Relies on visual information rather than just spatial 
coordinates.

- Comparable works can assign free-form tasks rather 
than just one target goal (e.g. MineDojo learns to 
complete a variety of tasks that could be prompted by 
users rather than just one end goal)
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Extensions

o Penalize repetitive actions and reward later actions exponentially more. Authors do 
not experiment with this, but this could disincentivize looping.

o Build separate policies for battling to improve performance and avoid ‘overarching 
rewards’ (like healing) from affecting battle actions.

o Specify shorter term goals as checkpoints, e.g. “Catch a specific Pokémon” or “Find a 
specific skill.” that support long-term goals (“Beat a Gym Leader”)

o Could use a language model here to help define those goals. This keeps the model primarily RL-
based, but with support for things like understanding text from NPCs.

o This also depends on what the overall goal is. Do we want an agent that completes the game at 
all costs? Or an agent that plays it like a human would?
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