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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?
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Fig. 1: All subfigures depict game screens possibly perceivable by the agent, presenting various challenges in Pokémon Red
that involve exploration, navigation, and strategic decision-making. The agent must traverse a 2D overworld (a) with a party of
Pokémon (h), winning mandatory trainer battles (b) and navigating complex maze-like areas (e). Progression also depends on
interacting with the game’s Ul including healing Pokémon at a Pokémon Center (c), using strategy to win battles (d), using
items (g). Overcoming obstacles, like cuttable trees (f), requires the use of mandatory game-mechanic moves, which must be
obtained via exploration, taught to eligible Pokémon. and used via the Start menu interface when facing the obstacle.



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

e Game state information
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Current HP: 10
Squirtle’s Level: 9

Pidgey’s Level: 11
Reached Pallet Town: True
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Actuators

The actions are not abstracted but rather lifted directly from a GameBoy's controls,
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e Start Note: Movement controls, i.e. up,
. Up down, left, and right in the
e Down overworld, are condensed into 8-
oo e frame long presses

* Right

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



Rewards

Events: +2 for each major event

Navigation: +0.005 for each new overworld coordinate visited
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Rewards

Events: +2 for each major event
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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.
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Navigation: +0.005 for each new overworld coordinate visited

Healing: proportional to party HP
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Rewards

Events: +2 for each major event

Navigation: +0.005 for each new overworld coordinate visited
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KI'he Agent will hang\

around Pallet Town
unless rewarded

more for exploring,
since the ‘gap’to

reach the next event

K reward is too big /




Rewards

Events: +2 for each major event

Navigation: +0.005 for each new overworld coordinate visited
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Healing: proportional to party HP k=25
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Levelling up: Up to +22 a0 (S B2 )

/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

K progressing /




Proximal Policy Optimization

1. In q+(0) the old policy is compared to the new policy. a; is an action.

2. Checks if an action was better or worse than predicted in  ASAE,

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

Ablation: a Gated Recurrent Unit (GRU) to store some temporal information.
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The paper is
a bit vague
about model
details.




Can it beat the game?

TABLE II: Performance results of various ablation experiments. For each metric, the best data point—determined by milestone completion over time—is selected.
Rows are sorted in descending order by the number of completed milestones. The tracked milestones include reaching Viridian Forest, defeating Brock, reaching
Mt. Moon, arriving at Cerulean City, defeating Misty, solving Bill’s quest, and completing Cerulean City by defeating the Rocket Thief. The best values in each
column are highlighted in bold. The Fasr experiment saves time (i.e., steps) by setting the game’s text speed to fast and disabling battle animations. The Choose
Starter experiment does not skip the Oak parcel quest at the beginning of the game, instead starting at the beginning where the player still needs to selects their

first Pokémon.

Experiment Milestones Beat Brock Mt Moon Cerulean City  Beat Misty Bill Quest Cerulean Done  Beat Brock Steps  Cerulean City Steps  Cerulean Done Steps
Human 7.00 £0.0 1.00£0.0 1.00 £0.0 1.00£0.0 1.00 £0.0 1.00 £0.0 1.00£0.0 5403 4+ 3824 11188 4+ 5224 16842 + 7413
Baseline — Ry 4.60+07 0954+0.0 0.91+£0.1 0.79+0.1 0.31+£0.3 0.32+£04 0.03+£0.1 6117 £ 1758 21352 4+ 3898 37938 +£0
Fast 4.40 £0.8 0.98 + 0.0 098+00 093+0.1 0.33+04 0.19+04 0.00£ 0.0 3753 + 990 18523 + 4280 -

Baseline 4.19+£0.2 0.99+0.0 0.97+0.0 0.85+0.1 0.27+0.3 0.11£0.2 0.00+£ 0.0 5587 4+ 1235 25299 + 4950 -

Baseline — Rpeal 3.94+£0.2 099+ 00 097+0.0 0.91+£0.1 0.07£0.1 0.00£0.0 0.00£ 0.0 5497 £+ 503 28813 + 2880 -

GRU 3.93+£22 0.76 £ 0.4 0.71+£04 0.49+04 0.21 £0.3 048+04 021+03 5624 4+ 780 27118 + 4236 46532 + 2249
Fast—Rp,cal 3.77T£0.5 0.97 £ 0.0 0.96 £0.0 0.73+£0.3 0.12+£0.2 0.00£0.0 0.00£ 0.0 6531 &£ 1185 28871 + 1362 -

Charmander — Rpcqr 3.73+£0.2 0.94 + 0.0 0.92 £0.0 0.88 £0.1 0.00 £0.0 0.00 £0.0 0.00£ 0.0 11694 £ 1439 30369 + 4828 -

Choose Starter 343 £1.7 0.79+ 04 0.79+04 0.75+£04 0.29+04 0.00£0.0 0.00£0.0 6485 £ 578 20279 £ 579 -

Choose Starter — Rp.q; 3.40+04 0.97 + 0.0 0.96 £ 0.0 0.45+0.3 0.01 £0.0 0.00 £0.0 0.00 £ 0.0 13871 4+ 2991 33565 + 13303 -

Bulbasaur — Ry, . 3.18+£0.3 0.97 £ 0.0 0.95£0.0 0.26 +£0.2 0.00 £0.0 0.00£0.0 0.00£0.0 13433 £ 950 45943 + 3569 -

Charmander 3.03+1.6 0.69+0.4 0.67£0.3 0.53+04 0.02£0.0 0.17£0.3 0.02+£0.0 7029 £ 1132 21309 £ 5915 48544 £ 0
Bulbasaur 2.89 £0.1 0.95+ 0.0 0.94 £0.0 0.00 £ 0.0 0.00 £ 0.0 0.00 £0.0 0.00£ 0.0 9929 4 841 - -

Baseline + 10R;, 44 1.04 £0.1 0.04+0.1 0.00 £0.0 0.00£0.0 0.00 £0.0 0.00£0.0 0.00£ 0.0 11559 £0 - -

Baseline — Rynav 0.00 £ 0.0 0.00 £ 0.0 0.00 £ 0.0 0.00 £ 0.0 0.00 £ 0.0 0.00 £0.0 0.00£ 0.0 - - -

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 Il, 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

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

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

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”)

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,

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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