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Introduction
Von N and Morg n have developed a very fruitful theory of

two-person zero-sum games in their book Theory of Games and Economic Be-
havior. This book also contains a theory of n-person games of a type which
we would call cooperative. This theory is based on an analysis of the interrela-
tionships of the various coalitions which can be formed by the players of the
game.

Our theory, in contradistinction, is based on the absence of coalitions in that
it is assumed that each participant acts independently, without collaboration or
communication with any of the others.

The notion of an equilibrium point is the basic ingredient in our theory. This
notion yields & generalization of the concept of the solution of a two-person zero-
sum game. It turns out that the set of equilibrium points of a two-person zero-
sum game is simply the set of all pairs of opposing “good strategies.”

In the immediately following sections we shall define equilibrium points and
prove that a finite non-cooperative game always has at least one equilibrium
point. We shall also introduce the notions of solvability and strong solvability
of & non-cooperative game and prove a theorem on the geometrical structure of
the set of equilibrium points of a solvable game.

As an ple of the application of our theory we include a solution of a
simplified three person poker game.

Formal Definitions and Terminology

In this section we define the basic concepts of this paper and set up standard
terminology and notation. Important definitions will be preceded by a subtitle

indicating the defined. The non-cooperative idea will be implicit, rather
than explicit, below.

Finite Game:

For us an n-person game will be a set of n players, or positions, each with an
associated finite set of pure gies; and corresponding to each player, 7, a

payoff function, p, , which maps the set of all n-tuples of pure strategies into the
real numbers. When we use the term n-fuple we shall always mean & set of n
items, with each item associated with a different player.

Mixed Strategy, s :

A mized strateqy of player i will be a collection of non-negative numbers which
have unit sum and are in one to one col dence with his pure strategies.

We write s; = 2 Ciaia With ¢ia = 0and . c(a = 1 to represent such a mixed
strategy, where the x.'s are the pure strategies of player . We regard the
8,'s as points in a simplex whose vertices are the =;.’s. This simplex may be re-
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StarCraft: What and Why

e Complex: among video games, considered to be at the peak of human ability
e Enduring: played by millions, esport endured 20 years of active human play
e Canonical: hundreds of submissions over 12 years of competition

ORTS ME
2003 2006 2009 2010 2011




AlphaStarf]DeepNash
The Challenge of StarCraft for Al

Large action space: simultaneous control of hundreds of units
o 107 actions
Long planning horizon
o 15,000 steps until the game is won/lost
Impoverished information
o Fog-of-war: only see opponent units within range of own units
o Active camera view: can only view/control units that are on-screen
Game theoretical challenges
o Cyclic strategies: discovered by pro players over 20 years
o Compounded by hard exploration, human alignment
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Value

Embedding

MLP

Baseline features

Core

Deep LSTM

Queued

MLP

Embedding

T

Selected units — Target unit Target point
Pointer Network Attention Deconv ResNet

Embedding Embedding

MLP

.........................................

Scalar encoder

MLP

Scalar features

Entity encoder

Transformer

Entities

Legend
Spatial encoder
ResNet Action .

Connection

Output R ———

Neural network Skip
connection
Minimap [EETE -------- Pu

Extended DataFig.3 | Overview ofthe architecture of AlphaStar. A detailed descriptionis provided in the Supplementary Data, Detailed Architecture.
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AlphaStar League

Prioritised fictitious play
o Play opponents in proportion to
their win-rate against agent
o Ensures the agent does not
forget old strategies
Exploiters discover counter-strategies
o By specialising against main
agents or against whole league
Thereby making main agents
more robust
Initialised by supervised learning
o Explores human-like behaviours

Main Agents

League Exploiters

® & A
v v v L
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Opponent race

w 0.05 Terran Protoss ) Zerg
LR T ' Avg 99.9% Max Avg 99.¢ Viax \Y 9%
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> 174 671 873 165 739 1,814 205 12594165
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11/14 a4 1012 E
S 0.02
5991 6,209 5,971 o
9983% 099.92%  99.82% 0.01
4/8 a/7 10115
0 1 T 1 ) T T T T I
9,795 5,531 6,500 0 300 600 900 0 300 600 900 O 300 600 900
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FFAlphaStarf9 24580~

1.

AlphaStangit T — 12 ERMSEIR. XA, ir2F S5 EAIHEMEEE
19, FEXNFMNEZIHER T BRI (autoregressive) %15, Mﬁ'ﬁ%er
BTSRRI E= E),
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. HIFEEZMIRERUF I HiALUNBE SR 255K EE,

HEZR0nEim) 5 dERmEAENTERR, XTI, RE3ERR
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Fig. 2. Overview of R-NaD. (A) Overview of the R-NaD approach at scale aims at converging to a Nash equilibrium (D). The approach relies on
underlying DeepNash, which allows for learning to play the imperfect two core ideas to reach convergence: replicator dynamics and reward
information game Stratego. (B to D) R-NaD learns a policy represented transformation. Their equations are shown for illustrative purposes in their
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Fig. 1. Overview of the proposed learning framework. Components shown in bold were optimized during their corresponding stage and transferred to the subsequent
stages. (A and G) An example frame of the motion capture behavior (gray) and the low-level controller optimized to reproduce matching behaviors (beige). (B to E and
H and I) lllustrations of the four mid-level drill tasks and their corresponding training procedures to obtain per-task expert policy and subsequently per-task, skill prior.
(F, J, and K) An example frame of a 2v2 football match with the two teams sampled from the population of agents. The agents were optimized end to end by RL, reusing
the low-level controller while regularized toward pretrained skill priors. Proprio, and Context, denote the proprioceptive and game context (e.g., ball position) observations,
and Drill; denotes the drill-specific observation (e.g., desired ball position in the dribble drill task). Future Traj denotes the future trajectory. See Materials and Methods
and section S1.4 for more details of each stage.
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ﬁ *%Hﬁif@*}iﬁg L/UBD Figure 1 | We created matching simulated (left) and real (right) soccer environments. The pitch
M2s A SHmEAYEEER /7, is 5m long by 4 m wide. The real environment was also equipped with a motion capture (mocap)
system for tracking the two robots and the ball.
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Stage 1: train teacher policies Stage 2: train the 1v1 policy
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Figure 3 | We trained soccer agents in two stages. In the first stage (left), we train a separate soccer
teacher and get-up teacher (Section 3.2.1). In the second stage (right), we distill these two teachers
into a single agent that can both get up from the ground and play soccer (Section 3.2.2). The second
stage also incorporates self-play: the opponent is uniformly randomly sampled from a pool that
consists of policy snapshots from earlier in training. We found that this two-stage approach leads to
qualitatively better behavior and improved sim-to-real transfer, compared to training an agent from
scratch for the 1v1 soccer task.
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Policy Architecture

Generate masks from frontal
vision cone and line of sight
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Figure 2: Agent Policy Architecture. All entities are embedded with fully connected layers with
shared weights across entity types, e.g. all box entities are encoded with the same function. The
policy is ego-centric so there is only one embedding of “self” and (#agents — 1) embeddings of
other agents. Embeddings are then concatenated and processed with masked residual self-attention
and pooled into a fixed sized vector (all of which admits a variable number of entities). = and v
stand for state (position and orientation) and velocity.
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grid-sensor of
the catcher robot

Fig. 3. Illustration of each kind of robot in the catching team and their
corresponding primary type of perception in both simulation and the real world.
The communication robot receives a small grid-sensor observation and a vector
observation (e.g., locations and velocities). The catcher robots and observer
robots receive, respectively, a smaller and larger grid-sensor as inputs. If the
observer robots are present in the catching team, they send the location of the
runner robots to the catcher robots.
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Watch DARPA's Al vs. Human in Virtual F-16 Aerial Dogfight (FINALS)
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