
These are the slides accompanying the book Artificial Intelligence and Games through 
the gameaibook.org website
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AI as employed to games – A reminder from the intro lecture
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Here is a non-inclusive list of things humans can do with games. What if AI could take 
these roles?

In this lecture we will focus on play!
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As a reminder: “Play” is identified as one of the three major roles of AI in games in 
this book

• When we think of AI in games we think of an AI playing the game, or controlling an 
NPC . Maybe due to the associations between AI and autonomy, or between game 
characters and robots. 

• Playing games is a very important role for AI and the role with the longest history. 

• Many methods for content generation (Chapter 4) and player modeling (Chapter 5) 
are dependent on methods for playing games, 

• Therefore it makes sense to cover play before content generation and player 
modeling.
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So, let us focus on “play” and start by asking the question “why would one use AI to 
play games?”
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[see Section 3.1 for more details]

The question can be reduced to two more specific questions:

- “Is the AI playing to win?”

- “Is the AI taking the role of a human player?”
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AI could be playing a game to win or for the experience of play either by taking the 
role of the player or the role of a non-player character. This yields four core uses of 
AI for playing games as illustrated in the Figure. The figure illustrates the two possible 
goals (win, experience) AI can aim for and the two roles (player, non-player) AI can 
take in a gameplaying setting.

With these distinctions in mind, we will now look at each of the sfour key uses in 
more detail.
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[see Section 3.1.1 for more details]
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[see Section 3.1.2 for more details]
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[see Section 3.1.3 for more details]
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[see Section 3.1.4 for more details]
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[see Section 3.2 for more details]

13



When choosing an AI method for playing a particular game it is crucial to know the 
characteristics of the game you are playing and the characteristics of the algorithms
you are about to design. These collectively determine what type of algorithms can be 
effective. 
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[see Section 3.2.1 for more details]

We list a number of characteristics of games and we discuss the impact they have on 
the potential use of AI methods. All are tied to the design of the game but a few (e.g., 
input representation and forward model) are also dependent on the technical 
implementation of the game and possibly amenable to change. Much of our 
discussion is inspired by the book Characteristics of Games by Elias et al. which 
discusses many of these factors from a game design perspective. 
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[see Section 3.2.1.1 for more details]
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[see Section 3.2.1.2 for more details]
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[see Section 3.2.1.3 for more details]
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[see Section 3.2.1.4 for more details]
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[see Section 3.2.1.5 for more details]
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For illustrative purposes, this Figure places a number of core game examples onto the 
three-dimensional space of observability, stochasticity and time granularity. Note that 
the game examples presented are sorted by complexity (action space and branching 
factor) within each cube. Minimax can theoretically solve merely any deterministic, 
turn-based game of perfect information (red cube in the figure)—in practice, it is still 
impossible to solve games with substantially large branching factors and action 
spaces such as Go via Minimax. Any AI method that eventually approximates the 
Minimax tree (e.g., MCTS) can be used to tackle imperfect information, non-
determinism and real-time decision making (see blue cubes in figure). 
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Some board game examples
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Arcade game examples
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AAA digital game examples

Imagine having 6 different units that can each take 10 different actions at a given 
time—a rather conservative estimate compared to typical games of, say, StarCraft 
(Blizzard Entertainment, 1998) or Civilization (MicroProse, 1991)—then your 
branching factor is a million!
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[see Section 3.2.2 for more details]

Answers to these four questions lead to core algorithmic decisions. We will look at 
each one of them in detail
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[see Section 3.2.2.1 for more details]
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[see Section 3.2.2.2 for more details]

A very important factor when selecting an AI algorithm to play a game is whether 
there is a simulator of the game, a so-called forward model, available.

For many games, however, it is impossible or at least very hard to obtain a fast 
forward model.
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In some cases the computational complexity of the core game loop might still be so 
high that any forward models built on the

core game code would be too slow to be usable. 

In some of such cases, it might be practical to build and/or learn a simplified or 
approximate forward model, where the state resulting from a series of actions taken 
in the forward model is not guaranteed to be identical to the state resulting from the 
same series of actions in the actual game.
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[see Section 3.2.2.3 for more details]

What type of algorithm you will want to use depends largely on your motivation for 
using AI to play games. If you are using the game as a testbed for your AI algorithm, 
your choice will be dictated by the type of algorithm you are testing. If you are using 
the AI to enable player experience in a game that you develop then you will probably 
not want the AI to perform any learning while the game is being played, as this risks 
interfering with the gameplay as designed by the designer. In other cases you are 
looking for an algorithm that can play some range of games well, and do not have 
time to retrain the agent for each game.
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[see Section 3.2.2.4 for more details]

General game playing is typically motivated by a desire to use games to progress 
towards artificial general intelligence, i.e., developing AI that is not only good at one 
thing but at many different things

Frameworks for general game playing: 

- General Game Playing Competition

- General Video Game AI Competition

- Arcade Learning Environment
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[see Section 3.3 for more details]
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Given the success of deep reinforcement learning in Atari games and Go 
(predominately by Deepmind) one might conclude that it is the best algorithms 
available out there
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It is however just an opinion – let’s see why
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Here is an example of a AI playing Super Mario Bros. This is the winner entry of Robin 
Baumgarten (Imperial College at the time) that won the 2012 Mario AI competition.  
Surprisingly enough this is merely an A*-controlled agent which at any point simply 
tries to get to the right edge of the screen. 
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Here is an overview of methods that can be used to play games (and their 
corresponding requirements).

- Some algorithms do not need to learn anything about the game, but do need a 
forward model (tree search)

- Some algorithms do not need a forward model, but instead learn a policy as a 
mapping from state(s) to action (model-free reinforcement learning)

- And some algorithms require both a forward model and training time (model-
based reinforcement learning and tree search with adaptive hyperparameters).

Let us start with the assumption that a forward model is available and cover the 
planning based methods first
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[see Section 3.3.1 for more details]
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Algorithms that select actions through planning a set of future actions in a state 
space are generally applicable to games, and do not in general require any training 
time. They do require a fast forward model if searching in the game’s state space, but 
not if simply using them for searching in the physical space (path-planning).

Tree search algorithms are widely used to play games, either on their own or in 
supporting roles in game-playing agent architectures.
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A different taxonomy of the same algorithms [see Section 3.3.1 for more details]

- Algorithms that require a forward model appear in green

- Algorithms that do not require a forward model appear in red
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[see Section 3.1.1.1 for more details]

Classic tree search methods, which feature little or no randomness, (Minimax and α-
β pruning) have been used in game-playing roles since the very beginning of research 
on AI and games. 

In general, classic tree search methods can be applied in games that feature 

- full observability

- low branching factor

- fast forward model

Theoretically they can solve any deterministic game that features full observability 
for the player; in practice, they still fail in games containing large state spaces.
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[see section 3.3.1.1 for more details]

In the following slides we will focus on a popular algorithm of informed search (and 
classic tree search) in games: A*

Path-planning and A*: Best-first search, in particular a myriad variations of the A* 
algorithm, is very commonly used for path-planning in modern video games. When 
an NPC decides how to get from point A to point B, this is typically done using some 
version of A*. In such case no forward model is required.

NPC control: best-first algorithms such as A* can be used for controlling all aspects of 
NPC behaviour. To take an example, the winner of the 2009 Mario AI Competition 
was entirely based on A* search in state space [see Figure]
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Let us now see how A* worked in Super Mario Bros in more detail. Further details can 
be found in section 3.3.1.1 and in the following paper:

Julian Togelius, Sergey Karakovskiy, and Robin Baumgarten. The 2009 Mario AI 
competition. In Evolutionary Computation (CEC), 2010 IEEE Congress on. IEEE, 2010

The figures in the following slides illustrate the key steps of A* search for playing the 
game. Super Mario’s goal (heuristic to be maximised) is to reach the right boarder of 
the screen
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The agent considers a maximum of nine possible actions at each frame of the game, 
as a

result of combining the jump and speed buttons with moving right or left.
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Then the agent picks the action with the highest heuristic value.

46



But this action gets a high negative reward as an enemy is threatening Mario
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Hence, Mario takes the action second highest heuristic value (i.e., right, jump, speed 
in this example), 
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Then Mario takes the next move to a new state
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From this new state Mario considers all new possible action states
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And finally Mario evaluates the new action space by considering “unexplored” states
in the stack
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Potential question for the class

Potential answers: 

- Super Mario Bros is deterministic

- The game has locally perfect information (at any instant the information in the 
current screen is completely known)

- A good forward model is available: if the A* would not have used a complete 
model of the game including the movement of enemies, it would have been 
impossible to plan paths around these enemies.

- Levels are fairly linear; in a later edition of the competition, levels with dead ends 
which required back-tracking were introduced, which defeated the pure A* agent 
(see next slide). 
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An example level generated for the 2010 Mario AI Competition (a year after Robin’s 
agent won). 

Note the overhanging structure in the middle, creating a dead end for Mario; if he 
chooses to go beneath the overhanging platform, he will need to backtrack to the 
start of the platform and take the upper route instead after discovering the wall at 
the end of the structure. Agents based on simple A* search are unable to do this.
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[see Section 3.3.1.2 for more details]

Stochastic tree search refers primarily to Monte Carlo Tree search and its myriad
variants
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[see Section 2.3.4 for more details on the MCTS algorithm]

The basic steps of MCTS are given here as a reminder. 

We recommend an extensive lecture on MCTS
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Child nodes are chosen based on the upper confidence bound (UCB) criterion  

In brief

- With UCB we choose which node to explore based so as to balance

exploration and exploitation

- UCB only calculates average reward for all children of a node, and number of

visits
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There are certain challenges MCTS faces when it is applied for real-time control of 
fast-paced games (e.g. Ms Pac-Man or Super Mario Bros)
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An Example: Jabosen et al. (2014) applied a number of MCTS variants for controlling 
Mario (video: best result obtained)
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The various modifications on the paper by Jacobsen et al. (2014) that led to dissimilar 
results 
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See “Jacobsen, Greve, Togelius: Monte Mario: Platforming with MCTS. GECCO 2014.” 
for more details
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[see Section 3.3.1.3 for more details]

Decision making through planning does not need to be built on tree search. 
Alternatively, one can use optimization algorithms for planning. 
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[see Section 3.3.1.3 for more details]
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[see Section 3.3.1.3 for more details and references to papers]
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[see Section 3.3.1.4 for more details]

The last category of planning-based methods in games include classical planning with 
symbolic representations.
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[see Section 3.3.1.4 for more details]
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[see Section 3.2.2.2 for more details]

A very important factor when selecting an AI algorithm to play a game is whether 
there is a simulator of the game, a so-called forward model, available.

For many games, however, it is impossible or at least very hard to obtain a fast 
forward model.
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When a forward model cannot be produced, tree search algorithms cannot be 
applied. It is still possible to manually construct agents, and also to learn agents 
through supervised learning or some form of reinforcement learning

Note: the planning-based methods (described earlier) for playing games cannot be 
directly compared with the reinforcement learning methods described here. They 
solve different problems: planning requires a forward model and significant time at 
each time step; reinforcement learning instead needs learning time and may or may 
not need a forward model.
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[see Section 3.3.2.1 for more details]
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[see Section 3.3.2.2 for more details]

73



74



75



76



77



The various role neuroevolution has played across dissimilar games genres
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[see 3.4.3.3 for more details]
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[see Section 3.3.3 for more details]
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[see Section 3.3.4. for more details]

95



[see Section 3.4.1 and 3.4.2 for more details]
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[see Section 3.4.3 for more details]
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[see Section 3.4.4 for more details]
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[see Section 3.4.5 for more details]
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[see Section 3.4.6 for more details]
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[see Section 3.4.7 for more details]

101



[see Section 3.4.8 for more details]
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