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Learning to Play Yut Nori
Seunggu Song1 - Daho Cheon” - SeungkiMin2
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In our research, we adopt a reinforcement learning approach to analyze Yut nori, a traditional Korean board game.
We present a succinct Markov game formulation of Yut nori and devise an effective training procedure based on
temporal difference learning. The strategy developed through our model achieves a 93% win rate against random
strategies and a 55% win rate against human players. Self-play simulations reveal several stylized facts about Yut
nori. For instance, the first player has a slight advantage over the second player, and the predicted win rate increases
by approximately 10% point each time a game piece (Mal) reaches the finish position.
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Figure 2. Game State Encoding for Each Player
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Table 2. Win Rate Against the other Strategies and Human Players

Random Last Score-based No Human
Lookahead

93.4% 83.8% 68.1% 52.5% 55%

(99.8%) (97.9%) (88.1%) (57.4%)
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Table 3. Likelihood of the Trained Strategy Deciding ‘Advancing
aNew Mal’ Against ‘Advancing a Mal already on Board’
Given a Yut Score Outcome when Both Actions are
Available, where the Numbers in the Parenthesis
Represent the Probability of Catching an Opponent's Mal
in Such Moves

Do Gae Geol Yut Mo
63.1% 46.3% 43.9% 41.9% 45.0%
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Table 4. Likelihood of The Trained Strategy Deciding to Move a
Mal to Carry Another Mal, to Catch an Opponent's Mal,
or to Start a New Run, when other Alternative Actions are
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Table 5. Game Statistics in the Self-play of the Trained Strategy

Average |Minimum | Median |Maximum
No. of turns 29.21 2 28 90
No. of Yut castings | 41.24 11 40 130
No. of Mal moves | 41.05 11 39 130
No. of carries 3.21 0 3 11
No. of catches 7.02 0 6 43
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Table 6. Win Rate of the First Player Given the First Yut-score

Available
Catch Carry Start
96.9% 62.8% 42.1%

Outcome
Do Gae Geol Yut Mo Total sum

53.1% | 48.9% | 48.6% | 54.2% | 55.5% | 50.11%
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Table 7. Win Rate of the First Player Given the Number of
Mals that Completed Running

First\Second 0 1 2 3
0 50.4% 40.3% 30.8% 19.2%
1 60.1% 50.9% 41.0% 30.2%
2 69.2% 59.1% 49.3% 38.6%
3 80.1% 70.3% 64.4% 49.8%
5.2 E
B AFAA $2le 7HA] 7|9 At ey dae &S 44tk
S50 AFATE TS g WA g B 9
Stad Ao 45 Fels A8 B AFAT F2 AEH
o 2S F3l $ES SAHUT. ol F HF Sh5d A
A7V A (self-play) = 53 &=o] Aol o £4 S AP st
Atk F7HAQ B FEE st o 4 AAEOE A
32 ZAFEHE o)y multi-step look-aheadZ 53 TS X
A #9715 Fdshe T e e E ¢ ds Aotk v
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