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ZX : Build and train machine learning models on our new Google Cloud TPUs, Jeff Dean (2017) https://blog.google/topics/google-cloud/google-cloud-offer-tpus-machine-learning/
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Source: Mastering the game of Go with deep neural networks and tree search, Nature SsPRi
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Value network

Source: Mastering the game of Go with deep neural networks and tree search, Nature @ SPri 1
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ZX : Silver, David, et al. "Mastering the game of go without human knowledge." Nature 550.7676 (2017): 354. s sSPRI | 14
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ZX : Silver, David, et al. "Mastering the game of go without human knowledge." Nature 550.7676 (2017): 354.
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ZX : AlphaStar: Mastering the Real-Time Strategy Game StarCraft Il, Deepmind, https://deepmind.com/blog/alphastar-mastering-real-time-strategy-game-starcraft-ii
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Starcraft Viewer
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: Vinyals, Oriol, et al. "Starcraft ii: A new challenge for reinforcement learning."
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arXiv preprint arXiv:1708.04782 (2017).
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ZX : Vinyals, Oriol, et al. "Starcraft ii: A new challenge for reinforcement learning." arXiv preprint arXiv:1708.04782 (2017).
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ZX : Vinyals, Oriol, et al. "Starcraft ii: A new challenge for reinforcement learning." arXiv preprint arXiv:1708.04782 (2017). s SPri 27
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ZX : AlphaStar: Mastering the Real-Time Strategy Game StarCraft I, Deepmind, https://deepmind.com/blog/alphastar-mastering-real-time-strategy-game-starcraft-ii/ s SrPRi 28



https://deepmind.com/blog/alphastar-mastering-real-time-strategy-game-starcraft-ii/

AlphaStar 2|12| stz

MaNa Agent 4 Training Progression

Size indicates Matchmaking Distribution

Wne ®
E ¥ o
.“.
. @
LI
.
a oy
- ® . *'*W
-..'. .

Unit Composition . e ¥,
ogh
LA I »n

r
!

T T T T IIIII
T
AMTEREEERE 8 g
E8ecek - * e
iE - $!
.}

SsPRi | 29

ZX : AlphaStar: Mastering the Real-Time Strategy Game StarCraft I, Deepmind, https://deepmind.com/blog/alphastar-mastering-real-time-strategy-game-starcraft-ii/
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ZX : AlphaStar: Mastering the Real-Time Strategy Game StarCraft Il, Deepmind, https://deepmind.com/blog/alphastar-mastering-real-time-strategy-game-starcraft-ii s SPr 30
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