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Learning in Games

Transitive Games: self-play is enough

Cyclic Games: game-theoretic reasoning

[1] Balduzzi, David, et al. "Open-ended learning in symmetric zero-sum games." International Conference on Machine Learning. PMLR, 2019.
[2] Czarnecki, Wojciech M., et al. "Real World Games Look Like Spinning Tops." Advances in Neural Information Processing Systems 33 (2020).



Learning in “Real-World” Games
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σ₂ = Σ[2, :] = SOLVE-NE(Payoffs[:2, :2])

PSRO[1]: iterative learning of best-responses 
to mixture opponent strategies given by the 
meta-strategy solver (MSS) given expected 
returns between strategies.

● MSS = NE/Unif: convergence to NE.

Limitations:
● Independent iterative learning of policies;
● “Good-”responses due to early stopping. 



Neural Population Learning
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Rock-Paper-Scissors



Running-with-Scissors



Running-with-Scissors

Without transfer learning, agent failed to exploit strong opponents!



Conclusion & Future Works

● Game-Theoretic: preserves convergence guarantees 
to NE (see Appendix C for proofs);

● Transfer of skills across strategies: learning the N+1th 

strategy becomes easier; 
● N-step Best-Response: NeuPL yields a sequence of 

N-step best-responses instead of “good-”responses;
● Efficient & Scalable: represents a population of 

strategies within a single conditional network, using the 
compute resources of self-play. 

● Future Works: 
○ Beyond symmetric zero-sum games. 


