
Samuel Sokota; October 29, 2024

Some Approaches for Large 
Imperfect-Information Games
MIT 6.S890



How can we approach large imperfect-information games?
Question:



How can we approach large imperfect-information games?
Question:

• Tabular game-theory?


• Deep reinforcement learning?


• “Deepified” game-theory?


• “Game-theorified” deep reinforcement learning?



How can we approach large imperfect-information games?
Question:

• Tabular game-theory?


• Deep reinforcement learning?


• “Deepified” game-theory?


• “Game-theorified” deep reinforcement learning?



How can we approach large imperfect-information games?
Question:

• Tabular game-theory?


• Deep reinforcement learning?


• “Deepified” game-theory?


• “Game-theorified” deep reinforcement learning?



How can we approach large imperfect-information games?
Question:

• Tabular game-theory?


• Deep reinforcement learning?


• “Deepified” game-theory?


• “Game-theorified” deep reinforcement learning?



• CFR?

Question:
How can we approach large imperfect-information games?

~10170 board states



• Deep reinforcement learning?

Question:
How can we approach large imperfect-information games?



• Deep reinforcement learning?

Question:
How can we approach large imperfect-information games?



• Deep reinforcement learning?

Question:
How can we approach large imperfect-information games?

Scissors

PaperRock



• “Deepified” game-theory?

Question:
How can we approach large imperfect-information games?



Sub-question:
How can we “deepify” game-theoretic approaches?



• Idea 1: Use deep reinforcement learning to approximate best response

Sub-question:
How can we “deepify” game-theoretic approaches?



• Idea 1: Use deep reinforcement learning to approximate best response

Sub-question:
How can we “deepify” game-theoretic approaches?



• Idea 1: Use deep reinforcement learning to approximate best response

Sub-question:
How can we “deepify” game-theoretic approaches?



• Idea 1: Use deep reinforcement learning to approximate best response

Sub-question:
How can we “deepify” game-theoretic approaches?



• Idea 1: Use deep reinforcement learning to approximate best response

Sub-question:
How can we “deepify” game-theoretic approaches?



• Idea 1: Use deep reinforcement learning to approximate best response

Sub-question:
How can we “deepify” game-theoretic approaches?



• Idea 1: Use deep reinforcement learning to approximate best response

Sub-question:
How can we “deepify” game-theoretic approaches?



• Idea 1: Use deep reinforcement learning to approximate best response

Sub-question:
How can we “deepify” game-theoretic approaches?



• Idea 1: Use deep reinforcement learning to approximate best response

Sub-question:
How can we “deepify” game-theoretic approaches?



• Idea 1: Use deep reinforcement learning to approximate best response

Sub-question:
How can we “deepify” game-theoretic approaches?



• Idea 1: Use deep reinforcement learning to approximate best response

Sub-question:
How can we “deepify” game-theoretic approaches?



• Idea 1: Use deep reinforcement learning to approximate best response

Sub-question:
How can we “deepify” game-theoretic approaches?



• Idea 1: Use deep reinforcement learning to approximate best response

Sub-question:
How can we “deepify” game-theoretic approaches?



• Idea 1: Use deep reinforcement learning to approximate best response

Sub-question:
How can we “deepify” game-theoretic approaches?



• Idea 1: Use deep reinforcement learning to approximate best response

Sub-question:
How can we “deepify” game-theoretic approaches?



Sub-question:
How can we “deepify” game-theoretic approaches?



• Idea 2: Use deep learning to approximate regret

Sub-question:
How can we “deepify” game-theoretic approaches?



• Idea 2: Use deep learning to approximate regret

Sub-question:
How can we “deepify” game-theoretic approaches?



• Idea 2: Use deep learning to approximate regret

Sub-question:
How can we “deepify” game-theoretic approaches?



“Deepfied” Game-Theoretic Approaches

Fictitious Play + DRL (NFSP)

Double Oracle + DRL (PSRO)

CFR + DL (Deep CFR)



“Deepfied” Game-Theoretic Approaches

Fictitious Play + DRL (NFSP)

Double Oracle + DRL (PSRO)

CFR + DL (Deep CFR)



“Deepfied” Game-Theoretic Approaches

Fictitious Play + DRL (NFSP)

Double Oracle + DRL (PSRO)

CFR + DL (Deep CFR)



“Deepfied” Game-Theoretic Approaches
Pros and Cons

+ Clear theoretical foundation


- Approximate best responses are expensive


- Fictitious play & double oracle can converge slowly


- Importance sampling can cause high variance



“Deepfied” Game-Theoretic Approaches
Pros and Cons

+ Clear theoretical foundation


- Approximate best responses are expensive


- Fictitious play & double oracle can converge slowly


- Importance sampling can cause high variance



“Deepfied” Game-Theoretic Approaches
Pros and Cons

+ Clear theoretical foundation


- Approximate best responses are expensive


- Fictitious play & double oracle can converge slowly


- Importance sampling can cause high variance



“Deepfied” Game-Theoretic Approaches
Pros and Cons

+ Clear theoretical foundation


- Approximate best responses are expensive


- Fictitious play & double oracle can converge slowly


- Importance sampling can cause high variance



“Deepfied” Game-Theoretic Approaches
Pros and Cons

+ Clear theoretical foundation


- Approximate best responses are expensive


- Fictitious play & double oracle can converge slowly


- Importance sampling can cause high variance



What about the other direction?



What about the other direction?
Can we “game-theorify” deep reinforcement learning?



What about the other direction?
Can we “game-theorify” deep reinforcement learning?

Modern deep policy gradient algorithms:


1. Maximize value


2. Control update size


3. Regularize policy



What about the other direction?
Can we “game-theorify” deep reinforcement learning?

Modern deep policy gradient algorithms:


1. Maximize value


2. Control update size


3. Regularize policy



What about the other direction?
Can we “game-theorify” deep reinforcement learning?

Modern deep policy gradient algorithms:


1. Maximize value


2. Control update size


3. Regularize policy



What about the other direction?
Can we “game-theorify” deep reinforcement learning?

Modern deep policy gradient algorithms:


1. Maximize value


2. Control update size


3. Regularize policy

} Mirror descent



What about the other direction?
Can we “game-theorify” deep reinforcement learning?

Modern deep policy gradient algorithms:


1. Maximize value


2. Control update size


3. Regularize policy

} Online mirror descent



What about the other direction?
Can we “game-theorify” deep reinforcement learning?

Modern deep policy gradient algorithms:


1. Maximize value


2. Control update size


3. Regularize policy

} Online mirror descent

⇡t+1 = arg max⇡hq,⇡i�
1

⌘
KL(⇡,⇡t)�↵KL(⇡, ⇢)

/ [⇡te
⌘q⇢↵⌘]

1
1+↵⌘

<latexit sha1_base64="UHxb++6jrzXOVDpPNJCQytaPuTY="></latexit>



What about the other direction?
Can we “game-theorify” deep reinforcement learning?

Modern deep policy gradient algorithms:


1. Maximize value


2. Control update size


3. Regularize policy

} Online mirror descent

⇡t+1 = arg max⇡hq,⇡i�
1

⌘
KL(⇡,⇡t)�↵KL(⇡, ⇢)

/ [⇡te
⌘q⇢↵⌘]

1
1+↵⌘

<latexit sha1_base64="UHxb++6jrzXOVDpPNJCQytaPuTY="></latexit>



What about the other direction?
Can we “game-theorify” deep reinforcement learning?

Modern deep policy gradient algorithms:


1. Maximize value


2. Control update size


3. Regularize policy

} Online mirror descent

“Magnetic” mirror descent

⇡t+1 = arg max⇡hq,⇡i�
1

⌘
KL(⇡,⇡t)�↵KL(⇡, ⇢)

/ [⇡te
⌘q⇢↵⌘]

1
1+↵⌘

<latexit sha1_base64="UHxb++6jrzXOVDpPNJCQytaPuTY="></latexit>



What about the other direction?
Can we “game-theorify” deep reinforcement learning?

Modern deep policy gradient algorithms:


1. Maximize value


2. Control update size


3. Regularize policy

} Online mirror descent

“Magnetic” mirror descent

⇡t+1 = arg max⇡hq,⇡i�
1

⌘
KL(⇡,⇡t)�↵KL(⇡, ⇢)

/ [⇡te
⌘q⇢↵⌘]

1
1+↵⌘

<latexit sha1_base64="UHxb++6jrzXOVDpPNJCQytaPuTY="></latexit>

Magnet



What can we say about magnetic mirror descent?



In two-player zero-sum normal-form games, if                  magnetic mirror 
descent converges exponentially fast to a regularized equilibrium in self-play. 


What can we say about magnetic mirror descent?

⌘  ↵/L2

<latexit sha1_base64="WRIfI/virK/oO+3Kf0euWBQCDP4="></latexit>



In two-player zero-sum normal-form games, if                  magnetic mirror 
descent converges exponentially fast to a regularized equilibrium in self-play. 


What can we say about magnetic mirror descent?

⌘  ↵/L2

<latexit sha1_base64="WRIfI/virK/oO+3Kf0euWBQCDP4="></latexit>

10�1

<latexit sha1_base64="SJUNDXPj9V3b23Lx4Q4/42OIzrE=">AAAB7nicbVBNS8NAEJ34WetX1aOXxSJ4sSRS0WPRi8cK9gPaWDbbSbt0swm7G6GE/ggvHhTx6u/x5r9x2+agrQ8GHu/NMDMvSATXxnW/nZXVtfWNzcJWcXtnd2+/dHDY1HGqGDZYLGLVDqhGwSU2DDcC24lCGgUCW8Hoduq3nlBpHssHM07Qj+hA8pAzaqzU8tzH7Nyb9Eplt+LOQJaJl5My5Kj3Sl/dfszSCKVhgmrd8dzE+BlVhjOBk2I31ZhQNqID7FgqaYTaz2bnTsipVfokjJUtachM/T2R0UjrcRTYzoiaoV70puJ/Xic14bWfcZmkBiWbLwpTQUxMpr+TPlfIjBhbQpni9lbChlRRZmxCRRuCt/jyMmleVLxq5fK+Wq7d5HEU4BhO4Aw8uIIa3EEdGsBgBM/wCm9O4rw4787HvHXFyWeO4A+czx8+AY7d</latexit>

10�3

<latexit sha1_base64="t0MPKJ4TLUmEHK2UhZxad3KNqLA=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgxbCrET0GvXiMYB6QrGF20kmGzM4uM7NCWPIRXjwo4tXv8ebfOEn2oIkFDUVVN91dQSy4Nq777eRWVtfWN/Kbha3tnd294v5BQ0eJYlhnkYhUK6AaBZdYN9wIbMUKaRgIbAaj26nffEKleSQfzDhGP6QDyfucUWOlpuc+pmcXk26x5JbdGcgy8TJSggy1bvGr04tYEqI0TFCt254bGz+lynAmcFLoJBpjykZ0gG1LJQ1R++ns3Ak5sUqP9CNlSxoyU39PpDTUehwGtjOkZqgXvan4n9dOTP/aT7mME4OSzRf1E0FMRKa/kx5XyIwYW0KZ4vZWwoZUUWZsQgUbgrf48jJpnJe9SvnyvlKq3mRx5OEIjuEUPLiCKtxBDerAYATP8ApvTuy8OO/Ox7w152Qzh/AHzucPQQuO3w==</latexit>

10�5

<latexit sha1_base64="xvcH9C5TuLdxC9cDiey45U+toyc=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgxbArCXoMevEYwTwgiWF20psMmZ1dZmaFsOQjvHhQxKvf482/cZLsQRMLGoqqbrq7/FhwbVz328mtrW9sbuW3Czu7e/sHxcOjpo4SxbDBIhGptk81Ci6xYbgR2I4V0tAX2PLHtzO/9YRK80g+mEmMvZAOJQ84o8ZKLc99TC+q036x5JbdOcgq8TJSggz1fvGrO4hYEqI0TFCtO54bm15KleFM4LTQTTTGlI3pEDuWShqi7qXzc6fkzCoDEkTKljRkrv6eSGmo9ST0bWdIzUgvezPxP6+TmOC6l3IZJwYlWywKEkFMRGa/kwFXyIyYWEKZ4vZWwkZUUWZsQgUbgrf88ippXpa9Srl6XynVbrI48nACp3AOHlxBDe6gDg1gMIZneIU3J3ZenHfnY9Gac7KZY/gD5/MHRBWO4Q==</latexit>

10�7

<latexit sha1_base64="5FGM+A/RphYM3UE+MaGVVGtOUWU=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgxbArkXgMevEYwTwgiWF20psMmZ1dZmaFsOQjvHhQxKvf482/cZLsQRMLGoqqbrq7/FhwbVz328mtrW9sbuW3Czu7e/sHxcOjpo4SxbDBIhGptk81Ci6xYbgR2I4V0tAX2PLHtzO/9YRK80g+mEmMvZAOJQ84o8ZKLc99TC+q036x5JbdOcgq8TJSggz1fvGrO4hYEqI0TFCtO54bm15KleFM4LTQTTTGlI3pEDuWShqi7qXzc6fkzCoDEkTKljRkrv6eSGmo9ST0bWdIzUgvezPxP6+TmOC6l3IZJwYlWywKEkFMRGa/kwFXyIyYWEKZ4vZWwkZUUWZsQgUbgrf88ippXpa9SvnqvlKq3WRx5OEETuEcPKhCDe6gDg1gMIZneIU3J3ZenHfnY9Gac7KZY/gD5/MHRx+O4w==</latexit>

10�9

<latexit sha1_base64="SXDK0HWqcwZU3hP7HyDuDV+fRRM=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgxbArEfUW9OIxgnlAsobZSScZMju7zMwKYclHePGgiFe/x5t/4yTZgyYWNBRV3XR3BbHg2rjut5NbWV1b38hvFra2d3b3ivsHDR0limGdRSJSrYBqFFxi3XAjsBUrpGEgsBmMbqd+8wmV5pF8MOMY/ZAOJO9zRo2Vmp77mJ5dT7rFklt2ZyDLxMtICTLUusWvTi9iSYjSMEG1bntubPyUKsOZwEmhk2iMKRvRAbYtlTRE7aezcyfkxCo90o+ULWnITP09kdJQ63EY2M6QmqFe9Kbif147Mf0rP+UyTgxKNl/UTwQxEZn+TnpcITNibAllittbCRtSRZmxCRVsCN7iy8ukcV72KuWL+0qpepPFkYcjOIZT8OASqnAHNagDgxE8wyu8ObHz4rw7H/PWnJPNHMIfOJ8/SimO5Q==</latexit>

10�11

<latexit sha1_base64="28OONLrmby1Xtw05r12r5o7BRX4=">AAAB73icbVBNSwMxEJ2tX7V+VT16CRbBi2UjFT0WvXisYD+gXUs2zbah2eyaZIWy7J/w4kERr/4db/4b03YP2vpg4PHeDDPz/FhwbVz32ymsrK6tbxQ3S1vbO7t75f2Dlo4SRVmTRiJSHZ9oJrhkTcONYJ1YMRL6grX98c3Ubz8xpXkk780kZl5IhpIHnBJjpQ52H9IzjLN+ueJW3RnQMsE5qUCORr/81RtENAmZNFQQrbvYjY2XEmU4FSwr9RLNYkLHZMi6lkoSMu2ls3szdGKVAQoiZUsaNFN/T6Qk1HoS+rYzJGakF72p+J/XTUxw5aVcxolhks4XBYlAJkLT59GAK0aNmFhCqOL2VkRHRBFqbEQlGwJefHmZtM6ruFa9uKtV6td5HEU4gmM4BQyXUIdbaEATKAh4hld4cx6dF+fd+Zi3Fpx85hD+wPn8Aa7+jxg=</latexit>

10�13

<latexit sha1_base64="uF1wOA9XkYjH+3QKJPyM3L5SrDo=">AAAB73icbVDLSgNBEOz1GeMr6tHLYBC8GHY1osegF48RzAOSNcxOZpMhs7PrTK8QlvyEFw+KePV3vPk3Th4HTSxoKKq66e4KEikMuu63s7S8srq2ntvIb25t7+wW9vbrJk414zUWy1g3A2q4FIrXUKDkzURzGgWSN4LBzdhvPHFtRKzucZhwP6I9JULBKFqp6bkP2al3PuoUim7JnYAsEm9GijBDtVP4andjlkZcIZPUmJbnJuhnVKNgko/y7dTwhLIB7fGWpYpG3PjZ5N4RObZKl4SxtqWQTNTfExmNjBlGge2MKPbNvDcW//NaKYZXfiZUkiJXbLooTCXBmIyfJ12hOUM5tIQyLeythPWppgxtRHkbgjf/8iKpn5W8cunirlysXM/iyMEhHMEJeHAJFbiFKtSAgYRneIU359F5cd6dj2nrkjObOYA/cD5/ALIIjxo=</latexit>

10�15

<latexit sha1_base64="LZNEUcKe24sAUoXNFOA08eJ9j8g=">AAAB73icbVDLSgNBEOz1GeMr6tHLYBC8GHYlQY9BLx4jmAcka5iddJIhs7PrzKwQlvyEFw+KePV3vPk3TpI9aGJBQ1HVTXdXEAuujet+Oyura+sbm7mt/PbO7t5+4eCwoaNEMayzSESqFVCNgkusG24EtmKFNAwENoPRzdRvPqHSPJL3ZhyjH9KB5H3OqLFSy3Mf0nOvMukWim7JnYEsEy8jRchQ6xa+Or2IJSFKwwTVuu25sfFTqgxnAif5TqIxpmxEB9i2VNIQtZ/O7p2QU6v0SD9StqQhM/X3REpDrcdhYDtDaoZ60ZuK/3ntxPSv/JTLODEo2XxRPxHERGT6POlxhcyIsSWUKW5vJWxIFWXGRpS3IXiLLy+TxkXJK5cqd+Vi9TqLIwfHcAJn4MElVOEWalAHBgKe4RXenEfnxXl3PuatK042cwR/4Hz+ALUSjxw=</latexit>

KL Divergence to QRE

Iterations
0 200 400 600 800 1000

Temperature
0.2
0.5
1.0
2.0

Simplex Trajectories Payoff Matrix



In two-player zero-sum normal-form games, if                  magnetic mirror 
descent converges exponentially fast to a regularized equilibrium in self-play. 


What can we say about magnetic mirror descent?

⌘  ↵/L2

<latexit sha1_base64="WRIfI/virK/oO+3Kf0euWBQCDP4="></latexit>

10�1

<latexit sha1_base64="SJUNDXPj9V3b23Lx4Q4/42OIzrE=">AAAB7nicbVBNS8NAEJ34WetX1aOXxSJ4sSRS0WPRi8cK9gPaWDbbSbt0swm7G6GE/ggvHhTx6u/x5r9x2+agrQ8GHu/NMDMvSATXxnW/nZXVtfWNzcJWcXtnd2+/dHDY1HGqGDZYLGLVDqhGwSU2DDcC24lCGgUCW8Hoduq3nlBpHssHM07Qj+hA8pAzaqzU8tzH7Nyb9Eplt+LOQJaJl5My5Kj3Sl/dfszSCKVhgmrd8dzE+BlVhjOBk2I31ZhQNqID7FgqaYTaz2bnTsipVfokjJUtachM/T2R0UjrcRTYzoiaoV70puJ/Xic14bWfcZmkBiWbLwpTQUxMpr+TPlfIjBhbQpni9lbChlRRZmxCRRuCt/jyMmleVLxq5fK+Wq7d5HEU4BhO4Aw8uIIa3EEdGsBgBM/wCm9O4rw4787HvHXFyWeO4A+czx8+AY7d</latexit>

10�3

<latexit sha1_base64="t0MPKJ4TLUmEHK2UhZxad3KNqLA=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgxbCrET0GvXiMYB6QrGF20kmGzM4uM7NCWPIRXjwo4tXv8ebfOEn2oIkFDUVVN91dQSy4Nq777eRWVtfWN/Kbha3tnd294v5BQ0eJYlhnkYhUK6AaBZdYN9wIbMUKaRgIbAaj26nffEKleSQfzDhGP6QDyfucUWOlpuc+pmcXk26x5JbdGcgy8TJSggy1bvGr04tYEqI0TFCt254bGz+lynAmcFLoJBpjykZ0gG1LJQ1R++ns3Ak5sUqP9CNlSxoyU39PpDTUehwGtjOkZqgXvan4n9dOTP/aT7mME4OSzRf1E0FMRKa/kx5XyIwYW0KZ4vZWwoZUUWZsQgUbgrf48jJpnJe9SvnyvlKq3mRx5OEIjuEUPLiCKtxBDerAYATP8ApvTuy8OO/Ox7w152Qzh/AHzucPQQuO3w==</latexit>

10�5

<latexit sha1_base64="xvcH9C5TuLdxC9cDiey45U+toyc=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgxbArCXoMevEYwTwgiWF20psMmZ1dZmaFsOQjvHhQxKvf482/cZLsQRMLGoqqbrq7/FhwbVz328mtrW9sbuW3Czu7e/sHxcOjpo4SxbDBIhGptk81Ci6xYbgR2I4V0tAX2PLHtzO/9YRK80g+mEmMvZAOJQ84o8ZKLc99TC+q036x5JbdOcgq8TJSggz1fvGrO4hYEqI0TFCtO54bm15KleFM4LTQTTTGlI3pEDuWShqi7qXzc6fkzCoDEkTKljRkrv6eSGmo9ST0bWdIzUgvezPxP6+TmOC6l3IZJwYlWywKEkFMRGa/kwFXyIyYWEKZ4vZWwkZUUWZsQgUbgrf88ippXpa9Srl6XynVbrI48nACp3AOHlxBDe6gDg1gMIZneIU3J3ZenHfnY9Gac7KZY/gD5/MHRBWO4Q==</latexit>

10�7

<latexit sha1_base64="5FGM+A/RphYM3UE+MaGVVGtOUWU=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgxbArkXgMevEYwTwgiWF20psMmZ1dZmaFsOQjvHhQxKvf482/cZLsQRMLGoqqbrq7/FhwbVz328mtrW9sbuW3Czu7e/sHxcOjpo4SxbDBIhGptk81Ci6xYbgR2I4V0tAX2PLHtzO/9YRK80g+mEmMvZAOJQ84o8ZKLc99TC+q036x5JbdOcgq8TJSggz1fvGrO4hYEqI0TFCtO54bm15KleFM4LTQTTTGlI3pEDuWShqi7qXzc6fkzCoDEkTKljRkrv6eSGmo9ST0bWdIzUgvezPxP6+TmOC6l3IZJwYlWywKEkFMRGa/kwFXyIyYWEKZ4vZWwkZUUWZsQgUbgrf88ippXpa9SvnqvlKq3WRx5OEETuEcPKhCDe6gDg1gMIZneIU3J3ZenHfnY9Gac7KZY/gD5/MHRx+O4w==</latexit>

10�9

<latexit sha1_base64="SXDK0HWqcwZU3hP7HyDuDV+fRRM=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgxbArEfUW9OIxgnlAsobZSScZMju7zMwKYclHePGgiFe/x5t/4yTZgyYWNBRV3XR3BbHg2rjut5NbWV1b38hvFra2d3b3ivsHDR0limGdRSJSrYBqFFxi3XAjsBUrpGEgsBmMbqd+8wmV5pF8MOMY/ZAOJO9zRo2Vmp77mJ5dT7rFklt2ZyDLxMtICTLUusWvTi9iSYjSMEG1bntubPyUKsOZwEmhk2iMKRvRAbYtlTRE7aezcyfkxCo90o+ULWnITP09kdJQ63EY2M6QmqFe9Kbif147Mf0rP+UyTgxKNl/UTwQxEZn+TnpcITNibAllittbCRtSRZmxCRVsCN7iy8ukcV72KuWL+0qpepPFkYcjOIZT8OASqnAHNagDgxE8wyu8ObHz4rw7H/PWnJPNHMIfOJ8/SimO5Q==</latexit>

10�11

<latexit sha1_base64="28OONLrmby1Xtw05r12r5o7BRX4=">AAAB73icbVBNSwMxEJ2tX7V+VT16CRbBi2UjFT0WvXisYD+gXUs2zbah2eyaZIWy7J/w4kERr/4db/4b03YP2vpg4PHeDDPz/FhwbVz32ymsrK6tbxQ3S1vbO7t75f2Dlo4SRVmTRiJSHZ9oJrhkTcONYJ1YMRL6grX98c3Ubz8xpXkk780kZl5IhpIHnBJjpQ52H9IzjLN+ueJW3RnQMsE5qUCORr/81RtENAmZNFQQrbvYjY2XEmU4FSwr9RLNYkLHZMi6lkoSMu2ls3szdGKVAQoiZUsaNFN/T6Qk1HoS+rYzJGakF72p+J/XTUxw5aVcxolhks4XBYlAJkLT59GAK0aNmFhCqOL2VkRHRBFqbEQlGwJefHmZtM6ruFa9uKtV6td5HEU4gmM4BQyXUIdbaEATKAh4hld4cx6dF+fd+Zi3Fpx85hD+wPn8Aa7+jxg=</latexit>

10�13

<latexit sha1_base64="uF1wOA9XkYjH+3QKJPyM3L5SrDo=">AAAB73icbVDLSgNBEOz1GeMr6tHLYBC8GHY1osegF48RzAOSNcxOZpMhs7PrTK8QlvyEFw+KePV3vPk3Th4HTSxoKKq66e4KEikMuu63s7S8srq2ntvIb25t7+wW9vbrJk414zUWy1g3A2q4FIrXUKDkzURzGgWSN4LBzdhvPHFtRKzucZhwP6I9JULBKFqp6bkP2al3PuoUim7JnYAsEm9GijBDtVP4andjlkZcIZPUmJbnJuhnVKNgko/y7dTwhLIB7fGWpYpG3PjZ5N4RObZKl4SxtqWQTNTfExmNjBlGge2MKPbNvDcW//NaKYZXfiZUkiJXbLooTCXBmIyfJ12hOUM5tIQyLeythPWppgxtRHkbgjf/8iKpn5W8cunirlysXM/iyMEhHMEJeHAJFbiFKtSAgYRneIU359F5cd6dj2nrkjObOYA/cD5/ALIIjxo=</latexit>

10�15

<latexit sha1_base64="LZNEUcKe24sAUoXNFOA08eJ9j8g=">AAAB73icbVDLSgNBEOz1GeMr6tHLYBC8GHYlQY9BLx4jmAcka5iddJIhs7PrzKwQlvyEFw+KePV3vPk3TpI9aGJBQ1HVTXdXEAuujet+Oyura+sbm7mt/PbO7t5+4eCwoaNEMayzSESqFVCNgkusG24EtmKFNAwENoPRzdRvPqHSPJL3ZhyjH9KB5H3OqLFSy3Mf0nOvMukWim7JnYEsEy8jRchQ6xa+Or2IJSFKwwTVuu25sfFTqgxnAif5TqIxpmxEB9i2VNIQtZ/O7p2QU6v0SD9StqQhM/X3REpDrcdhYDtDaoZ60ZuK/3ntxPSv/JTLODEo2XxRPxHERGT6POlxhcyIsSWUKW5vJWxIFWXGRpS3IXiLLy+TxkXJK5cqd+Vi9TqLIwfHcAJn4MElVOEWalAHBgKe4RXenEfnxXl3PuatK042cwR/4Hz+ALUSjxw=</latexit>
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In two-player zero-sum normal-form games, if                  magnetic mirror 
descent converges exponentially fast to a regularized equilibrium in self-play. 


What can we say about magnetic mirror descent?

⌘  ↵/L2

<latexit sha1_base64="WRIfI/virK/oO+3Kf0euWBQCDP4="></latexit>

10�1

<latexit sha1_base64="SJUNDXPj9V3b23Lx4Q4/42OIzrE=">AAAB7nicbVBNS8NAEJ34WetX1aOXxSJ4sSRS0WPRi8cK9gPaWDbbSbt0swm7G6GE/ggvHhTx6u/x5r9x2+agrQ8GHu/NMDMvSATXxnW/nZXVtfWNzcJWcXtnd2+/dHDY1HGqGDZYLGLVDqhGwSU2DDcC24lCGgUCW8Hoduq3nlBpHssHM07Qj+hA8pAzaqzU8tzH7Nyb9Eplt+LOQJaJl5My5Kj3Sl/dfszSCKVhgmrd8dzE+BlVhjOBk2I31ZhQNqID7FgqaYTaz2bnTsipVfokjJUtachM/T2R0UjrcRTYzoiaoV70puJ/Xic14bWfcZmkBiWbLwpTQUxMpr+TPlfIjBhbQpni9lbChlRRZmxCRRuCt/jyMmleVLxq5fK+Wq7d5HEU4BhO4Aw8uIIa3EEdGsBgBM/wCm9O4rw4787HvHXFyWeO4A+czx8+AY7d</latexit>

10�3

<latexit sha1_base64="t0MPKJ4TLUmEHK2UhZxad3KNqLA=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgxbCrET0GvXiMYB6QrGF20kmGzM4uM7NCWPIRXjwo4tXv8ebfOEn2oIkFDUVVN91dQSy4Nq777eRWVtfWN/Kbha3tnd294v5BQ0eJYlhnkYhUK6AaBZdYN9wIbMUKaRgIbAaj26nffEKleSQfzDhGP6QDyfucUWOlpuc+pmcXk26x5JbdGcgy8TJSggy1bvGr04tYEqI0TFCt254bGz+lynAmcFLoJBpjykZ0gG1LJQ1R++ns3Ak5sUqP9CNlSxoyU39PpDTUehwGtjOkZqgXvan4n9dOTP/aT7mME4OSzRf1E0FMRKa/kx5XyIwYW0KZ4vZWwoZUUWZsQgUbgrf48jJpnJe9SvnyvlKq3mRx5OEIjuEUPLiCKtxBDerAYATP8ApvTuy8OO/Ox7w152Qzh/AHzucPQQuO3w==</latexit>

10�5

<latexit sha1_base64="xvcH9C5TuLdxC9cDiey45U+toyc=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgxbArCXoMevEYwTwgiWF20psMmZ1dZmaFsOQjvHhQxKvf482/cZLsQRMLGoqqbrq7/FhwbVz328mtrW9sbuW3Czu7e/sHxcOjpo4SxbDBIhGptk81Ci6xYbgR2I4V0tAX2PLHtzO/9YRK80g+mEmMvZAOJQ84o8ZKLc99TC+q036x5JbdOcgq8TJSggz1fvGrO4hYEqI0TFCtO54bm15KleFM4LTQTTTGlI3pEDuWShqi7qXzc6fkzCoDEkTKljRkrv6eSGmo9ST0bWdIzUgvezPxP6+TmOC6l3IZJwYlWywKEkFMRGa/kwFXyIyYWEKZ4vZWwkZUUWZsQgUbgrf88ippXpa9Srl6XynVbrI48nACp3AOHlxBDe6gDg1gMIZneIU3J3ZenHfnY9Gac7KZY/gD5/MHRBWO4Q==</latexit>

10�7

<latexit sha1_base64="5FGM+A/RphYM3UE+MaGVVGtOUWU=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgxbArkXgMevEYwTwgiWF20psMmZ1dZmaFsOQjvHhQxKvf482/cZLsQRMLGoqqbrq7/FhwbVz328mtrW9sbuW3Czu7e/sHxcOjpo4SxbDBIhGptk81Ci6xYbgR2I4V0tAX2PLHtzO/9YRK80g+mEmMvZAOJQ84o8ZKLc99TC+q036x5JbdOcgq8TJSggz1fvGrO4hYEqI0TFCtO54bm15KleFM4LTQTTTGlI3pEDuWShqi7qXzc6fkzCoDEkTKljRkrv6eSGmo9ST0bWdIzUgvezPxP6+TmOC6l3IZJwYlWywKEkFMRGa/kwFXyIyYWEKZ4vZWwkZUUWZsQgUbgrf88ippXpa9SvnqvlKq3WRx5OEETuEcPKhCDe6gDg1gMIZneIU3J3ZenHfnY9Gac7KZY/gD5/MHRx+O4w==</latexit>

10�9

<latexit sha1_base64="SXDK0HWqcwZU3hP7HyDuDV+fRRM=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgxbArEfUW9OIxgnlAsobZSScZMju7zMwKYclHePGgiFe/x5t/4yTZgyYWNBRV3XR3BbHg2rjut5NbWV1b38hvFra2d3b3ivsHDR0limGdRSJSrYBqFFxi3XAjsBUrpGEgsBmMbqd+8wmV5pF8MOMY/ZAOJO9zRo2Vmp77mJ5dT7rFklt2ZyDLxMtICTLUusWvTi9iSYjSMEG1bntubPyUKsOZwEmhk2iMKRvRAbYtlTRE7aezcyfkxCo90o+ULWnITP09kdJQ63EY2M6QmqFe9Kbif147Mf0rP+UyTgxKNl/UTwQxEZn+TnpcITNibAllittbCRtSRZmxCRVsCN7iy8ukcV72KuWL+0qpepPFkYcjOIZT8OASqnAHNagDgxE8wyu8ObHz4rw7H/PWnJPNHMIfOJ8/SimO5Q==</latexit>

10�11

<latexit sha1_base64="28OONLrmby1Xtw05r12r5o7BRX4=">AAAB73icbVBNSwMxEJ2tX7V+VT16CRbBi2UjFT0WvXisYD+gXUs2zbah2eyaZIWy7J/w4kERr/4db/4b03YP2vpg4PHeDDPz/FhwbVz32ymsrK6tbxQ3S1vbO7t75f2Dlo4SRVmTRiJSHZ9oJrhkTcONYJ1YMRL6grX98c3Ubz8xpXkk780kZl5IhpIHnBJjpQ52H9IzjLN+ueJW3RnQMsE5qUCORr/81RtENAmZNFQQrbvYjY2XEmU4FSwr9RLNYkLHZMi6lkoSMu2ls3szdGKVAQoiZUsaNFN/T6Qk1HoS+rYzJGakF72p+J/XTUxw5aVcxolhks4XBYlAJkLT59GAK0aNmFhCqOL2VkRHRBFqbEQlGwJefHmZtM6ruFa9uKtV6td5HEU4gmM4BQyXUIdbaEATKAh4hld4cx6dF+fd+Zi3Fpx85hD+wPn8Aa7+jxg=</latexit>

10�13

<latexit sha1_base64="uF1wOA9XkYjH+3QKJPyM3L5SrDo=">AAAB73icbVDLSgNBEOz1GeMr6tHLYBC8GHY1osegF48RzAOSNcxOZpMhs7PrTK8QlvyEFw+KePV3vPk3Th4HTSxoKKq66e4KEikMuu63s7S8srq2ntvIb25t7+wW9vbrJk414zUWy1g3A2q4FIrXUKDkzURzGgWSN4LBzdhvPHFtRKzucZhwP6I9JULBKFqp6bkP2al3PuoUim7JnYAsEm9GijBDtVP4andjlkZcIZPUmJbnJuhnVKNgko/y7dTwhLIB7fGWpYpG3PjZ5N4RObZKl4SxtqWQTNTfExmNjBlGge2MKPbNvDcW//NaKYZXfiZUkiJXbLooTCXBmIyfJ12hOUM5tIQyLeythPWppgxtRHkbgjf/8iKpn5W8cunirlysXM/iyMEhHMEJeHAJFbiFKtSAgYRneIU359F5cd6dj2nrkjObOYA/cD5/ALIIjxo=</latexit>

10�15

<latexit sha1_base64="LZNEUcKe24sAUoXNFOA08eJ9j8g=">AAAB73icbVDLSgNBEOz1GeMr6tHLYBC8GHYlQY9BLx4jmAcka5iddJIhs7PrzKwQlvyEFw+KePV3vPk3TpI9aGJBQ1HVTXdXEAuujet+Oyura+sbm7mt/PbO7t5+4eCwoaNEMayzSESqFVCNgkusG24EtmKFNAwENoPRzdRvPqHSPJL3ZhyjH9KB5H3OqLFSy3Mf0nOvMukWim7JnYEsEy8jRchQ6xa+Or2IJSFKwwTVuu25sfFTqgxnAif5TqIxpmxEB9i2VNIQtZ/O7p2QU6v0SD9StqQhM/X3REpDrcdhYDtDaoZ60ZuK/3ntxPSv/JTLODEo2XxRPxHERGT6POlxhcyIsSWUKW5vJWxIFWXGRpS3IXiLLy+TxkXJK5cqd+Vi9TqLIwfHcAJn4MElVOEWalAHBgKe4RXenEfnxXl3PuatK042cwR/4Hz+ALUSjxw=</latexit>
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In two-player zero-sum normal-form games, if                  magnetic mirror 
descent converges exponentially fast to a regularized equilibrium in self-play. 


What can we say about magnetic mirror descent?

⌘  ↵/L2

<latexit sha1_base64="WRIfI/virK/oO+3Kf0euWBQCDP4="></latexit>

10�1

<latexit sha1_base64="SJUNDXPj9V3b23Lx4Q4/42OIzrE=">AAAB7nicbVBNS8NAEJ34WetX1aOXxSJ4sSRS0WPRi8cK9gPaWDbbSbt0swm7G6GE/ggvHhTx6u/x5r9x2+agrQ8GHu/NMDMvSATXxnW/nZXVtfWNzcJWcXtnd2+/dHDY1HGqGDZYLGLVDqhGwSU2DDcC24lCGgUCW8Hoduq3nlBpHssHM07Qj+hA8pAzaqzU8tzH7Nyb9Eplt+LOQJaJl5My5Kj3Sl/dfszSCKVhgmrd8dzE+BlVhjOBk2I31ZhQNqID7FgqaYTaz2bnTsipVfokjJUtachM/T2R0UjrcRTYzoiaoV70puJ/Xic14bWfcZmkBiWbLwpTQUxMpr+TPlfIjBhbQpni9lbChlRRZmxCRRuCt/jyMmleVLxq5fK+Wq7d5HEU4BhO4Aw8uIIa3EEdGsBgBM/wCm9O4rw4787HvHXFyWeO4A+czx8+AY7d</latexit>

10�3

<latexit sha1_base64="t0MPKJ4TLUmEHK2UhZxad3KNqLA=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgxbCrET0GvXiMYB6QrGF20kmGzM4uM7NCWPIRXjwo4tXv8ebfOEn2oIkFDUVVN91dQSy4Nq777eRWVtfWN/Kbha3tnd294v5BQ0eJYlhnkYhUK6AaBZdYN9wIbMUKaRgIbAaj26nffEKleSQfzDhGP6QDyfucUWOlpuc+pmcXk26x5JbdGcgy8TJSggy1bvGr04tYEqI0TFCt254bGz+lynAmcFLoJBpjykZ0gG1LJQ1R++ns3Ak5sUqP9CNlSxoyU39PpDTUehwGtjOkZqgXvan4n9dOTP/aT7mME4OSzRf1E0FMRKa/kx5XyIwYW0KZ4vZWwoZUUWZsQgUbgrf48jJpnJe9SvnyvlKq3mRx5OEIjuEUPLiCKtxBDerAYATP8ApvTuy8OO/Ox7w152Qzh/AHzucPQQuO3w==</latexit>

10�5

<latexit sha1_base64="xvcH9C5TuLdxC9cDiey45U+toyc=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgxbArCXoMevEYwTwgiWF20psMmZ1dZmaFsOQjvHhQxKvf482/cZLsQRMLGoqqbrq7/FhwbVz328mtrW9sbuW3Czu7e/sHxcOjpo4SxbDBIhGptk81Ci6xYbgR2I4V0tAX2PLHtzO/9YRK80g+mEmMvZAOJQ84o8ZKLc99TC+q036x5JbdOcgq8TJSggz1fvGrO4hYEqI0TFCtO54bm15KleFM4LTQTTTGlI3pEDuWShqi7qXzc6fkzCoDEkTKljRkrv6eSGmo9ST0bWdIzUgvezPxP6+TmOC6l3IZJwYlWywKEkFMRGa/kwFXyIyYWEKZ4vZWwkZUUWZsQgUbgrf88ippXpa9Srl6XynVbrI48nACp3AOHlxBDe6gDg1gMIZneIU3J3ZenHfnY9Gac7KZY/gD5/MHRBWO4Q==</latexit>

10�7

<latexit sha1_base64="5FGM+A/RphYM3UE+MaGVVGtOUWU=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgxbArkXgMevEYwTwgiWF20psMmZ1dZmaFsOQjvHhQxKvf482/cZLsQRMLGoqqbrq7/FhwbVz328mtrW9sbuW3Czu7e/sHxcOjpo4SxbDBIhGptk81Ci6xYbgR2I4V0tAX2PLHtzO/9YRK80g+mEmMvZAOJQ84o8ZKLc99TC+q036x5JbdOcgq8TJSggz1fvGrO4hYEqI0TFCtO54bm15KleFM4LTQTTTGlI3pEDuWShqi7qXzc6fkzCoDEkTKljRkrv6eSGmo9ST0bWdIzUgvezPxP6+TmOC6l3IZJwYlWywKEkFMRGa/kwFXyIyYWEKZ4vZWwkZUUWZsQgUbgrf88ippXpa9SvnqvlKq3WRx5OEETuEcPKhCDe6gDg1gMIZneIU3J3ZenHfnY9Gac7KZY/gD5/MHRx+O4w==</latexit>

10�9

<latexit sha1_base64="SXDK0HWqcwZU3hP7HyDuDV+fRRM=">AAAB7nicbVDLSgNBEOyNrxhfUY9eBoPgxbArEfUW9OIxgnlAsobZSScZMju7zMwKYclHePGgiFe/x5t/4yTZgyYWNBRV3XR3BbHg2rjut5NbWV1b38hvFra2d3b3ivsHDR0limGdRSJSrYBqFFxi3XAjsBUrpGEgsBmMbqd+8wmV5pF8MOMY/ZAOJO9zRo2Vmp77mJ5dT7rFklt2ZyDLxMtICTLUusWvTi9iSYjSMEG1bntubPyUKsOZwEmhk2iMKRvRAbYtlTRE7aezcyfkxCo90o+ULWnITP09kdJQ63EY2M6QmqFe9Kbif147Mf0rP+UyTgxKNl/UTwQxEZn+TnpcITNibAllittbCRtSRZmxCRVsCN7iy8ukcV72KuWL+0qpepPFkYcjOIZT8OASqnAHNagDgxE8wyu8ObHz4rw7H/PWnJPNHMIfOJ8/SimO5Q==</latexit>

10�11

<latexit sha1_base64="28OONLrmby1Xtw05r12r5o7BRX4=">AAAB73icbVBNSwMxEJ2tX7V+VT16CRbBi2UjFT0WvXisYD+gXUs2zbah2eyaZIWy7J/w4kERr/4db/4b03YP2vpg4PHeDDPz/FhwbVz32ymsrK6tbxQ3S1vbO7t75f2Dlo4SRVmTRiJSHZ9oJrhkTcONYJ1YMRL6grX98c3Ubz8xpXkk780kZl5IhpIHnBJjpQ52H9IzjLN+ueJW3RnQMsE5qUCORr/81RtENAmZNFQQrbvYjY2XEmU4FSwr9RLNYkLHZMi6lkoSMu2ls3szdGKVAQoiZUsaNFN/T6Qk1HoS+rYzJGakF72p+J/XTUxw5aVcxolhks4XBYlAJkLT59GAK0aNmFhCqOL2VkRHRBFqbEQlGwJefHmZtM6ruFa9uKtV6td5HEU4gmM4BQyXUIdbaEATKAh4hld4cx6dF+fd+Zi3Fpx85hD+wPn8Aa7+jxg=</latexit>

10�13

<latexit sha1_base64="uF1wOA9XkYjH+3QKJPyM3L5SrDo=">AAAB73icbVDLSgNBEOz1GeMr6tHLYBC8GHY1osegF48RzAOSNcxOZpMhs7PrTK8QlvyEFw+KePV3vPk3Th4HTSxoKKq66e4KEikMuu63s7S8srq2ntvIb25t7+wW9vbrJk414zUWy1g3A2q4FIrXUKDkzURzGgWSN4LBzdhvPHFtRKzucZhwP6I9JULBKFqp6bkP2al3PuoUim7JnYAsEm9GijBDtVP4andjlkZcIZPUmJbnJuhnVKNgko/y7dTwhLIB7fGWpYpG3PjZ5N4RObZKl4SxtqWQTNTfExmNjBlGge2MKPbNvDcW//NaKYZXfiZUkiJXbLooTCXBmIyfJ12hOUM5tIQyLeythPWppgxtRHkbgjf/8iKpn5W8cunirlysXM/iyMEhHMEJeHAJFbiFKtSAgYRneIU359F5cd6dj2nrkjObOYA/cD5/ALIIjxo=</latexit>

10�15

<latexit sha1_base64="LZNEUcKe24sAUoXNFOA08eJ9j8g=">AAAB73icbVDLSgNBEOz1GeMr6tHLYBC8GHYlQY9BLx4jmAcka5iddJIhs7PrzKwQlvyEFw+KePV3vPk3TpI9aGJBQ1HVTXdXEAuujet+Oyura+sbm7mt/PbO7t5+4eCwoaNEMayzSESqFVCNgkusG24EtmKFNAwENoPRzdRvPqHSPJL3ZhyjH9KB5H3OqLFSy3Mf0nOvMukWim7JnYEsEy8jRchQ6xa+Or2IJSFKwwTVuu25sfFTqgxnAif5TqIxpmxEB9i2VNIQtZ/O7p2QU6v0SD9StqQhM/X3REpDrcdhYDtDaoZ60ZuK/3ntxPSv/JTLODEo2XxRPxHERGT6POlxhcyIsSWUKW5vJWxIFWXGRpS3IXiLLy+TxkXJK5cqd+Vi9TqLIwfHcAJn4MElVOEWalAHBgKe4RXenEfnxXl3PuatK042cwR/4Hz+ALUSjxw=</latexit>
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What can we say about magnetic mirror descent?
What about Nash equilibria?
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What about Nash equilibria?



What can we say about magnetic mirror descent?
Does it converge in extensive-form games?

MMD (Annealing 
Temperature)

MMD (Moving 
Magnet)

CFR

CFR+

Iterations

100

<latexit sha1_base64="0VXXdbYgYISBa9T50LdFhRw/L0o=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoseiF48V7Ae0sWy2m3bp7ibsboQS+he8eFDEq3/Im//GTZqDtj4YeLw3w8y8IOZMG9f9dkpr6xubW+Xtys7u3v5B9fCoo6NEEdomEY9UL8CaciZp2zDDaS9WFIuA024wvc387hNVmkXywcxi6gs8lixkBJtM8txHd1ituXU3B1olXkFqUKA1rH4NRhFJBJWGcKx133Nj46dYGUY4nVcGiaYxJlM8pn1LJRZU+2l+6xydWWWEwkjZkgbl6u+JFAutZyKwnQKbiV72MvE/r5+Y8NpPmYwTQyVZLAoTjkyEssfRiClKDJ9Zgoli9lZEJlhhYmw8FRuCt/zyKulc1L1G/fK+UWveFHGU4QRO4Rw8uIIm3EEL2kBgAs/wCm+OcF6cd+dj0Vpyiplj+APn8wcNTo2Z</latexit>
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What can we say about magnetic mirror descent?
Does it converge in extensive-form games?

MMD (Annealing 
Temperature)

MMD (Moving 
Magnet)

CFR

CFR+

Iterations

100

<latexit sha1_base64="0VXXdbYgYISBa9T50LdFhRw/L0o=">AAAB63icbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoseiF48V7Ae0sWy2m3bp7ibsboQS+he8eFDEq3/Im//GTZqDtj4YeLw3w8y8IOZMG9f9dkpr6xubW+Xtys7u3v5B9fCoo6NEEdomEY9UL8CaciZp2zDDaS9WFIuA024wvc387hNVmkXywcxi6gs8lixkBJtM8txHd1ituXU3B1olXkFqUKA1rH4NRhFJBJWGcKx133Nj46dYGUY4nVcGiaYxJlM8pn1LJRZU+2l+6xydWWWEwkjZkgbl6u+JFAutZyKwnQKbiV72MvE/r5+Y8NpPmYwTQyVZLAoTjkyEssfRiClKDJ9Zgoli9lZEJlhhYmw8FRuCt/zyKulc1L1G/fK+UWveFHGU4QRO4Rw8uIIm3EEL2kBgAs/wCm+OcF6cd+dj0Vpyiplj+APn8wcNTo2Z</latexit>
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What can we say about magnetic mirror descent?
Does it converge in extensive-form games?
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“Game-Theorified” Deep RL Approaches
Pros and Cons

- Shakier theoretical foundation


+ Scale naturally
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TLDR
Some approaches for large imperfect information games

1. Use deep reinforcement learning to approximate best response for fictitious 
play or double oracle.


2. Use deep learning to approximate regret values for CFR.


3. Use regularized deep policy gradient algorithms.
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