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State of Reinforcement Learning

e Success in Board and Video Games
* Chess, Shogi, Go, Poker
e Atari, Dota, StarCraft

* Math is the next playground

* Theorem-Proving
e Research Problems as RL Environments



Research-Level Math as RL Playground

* Andrews-Curtis Conjecture (1965)

* Long Horizons
* Sparse Rewards
* Anon-uniform distribution of hardness

* Existing Algorithms: Success and Limitations
* New Mathematical Results
* Propose New Algorithms



Andrews-Curtis Conjecture

e State Space: Presentations (z,y|r,r) of the trivial group
* Action Space: Andrews-Curtis (AC) moves

1. Substitute some r; by r;r; for i # j.
2. Replace some r; by 7, L

3. Change some 7; to a:;tln::c;—Fl.

* Goal State: (z,y | z,y)

* Rewards are sparse



Examples of Interest

* Open potential counterexamples
 Akbulut-Kirby Series (1985): AK(n) = (z,y | " = y" ™, zyz = yzy).

e Miller-Schupp Series (1999): MS(n,w) = (z,y | z 7 'y"x = y" !, z = w).

* Solved with super-exponentially long solutions
- Bridson, Lishak (2015): solutions of length 10'%°%°



Number of presentations solved

DQN vs PPO vs AlphaZero
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New Mathematical Results

Theorem A. The following infinite subfamilies of Miller—Schupp presentations are AC-trivial:

1. MS(1,w) for all w.
2. MS(n,y tzyz~1!) for all n.

3. MS(2,y %z~ 1yxy) for all k.
Theorem B. For every n > 2, AK(n) is AC-equivalent to the presentation

(z,y |27 yz = zyz™ly, ay" 'z = yay),
of length n + 11. This gives a reduction in length of AK (n) for all n > 5.

n—1



Limitations of Existing
RL Algorithms

* Struggle with discovery of long paths

* Super-exponentially long pathsin
polynomial time?
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New Reinforcement Learning Algorithms?

* Proposed Solution
e Supermoves
* Adaptive Action Spaces

* Use hardness of states (such as path lengths) to select new actions (supermoves)
during training

* Preliminary Experiments show success
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