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Abstract— People play games for fun. Yet we are lacking a 
fundamental understanding of what fun is and how fun works 
in games and other media. For example, why do thousands of 
people spend millions of dollars playing slot machines, 
especially when most know they will lose money in the long 
run? To answer this question, I present an aesthetic analysis of 
slot play using a Bayesian-information approach. The finding is 
that fun in slots can be seen as arising from a difference in 
information gained from good versus bad outcomes. This 
difference is modeled by marginal entropies and the result is a 
measure of fun in slot play, showing for what range of payoff 
probabilities slots are fun and at what probability they are 
most fun. The approach is extended to games of skill and the 
same Bayesian-information theory is used to derive 
computational measures of fun in these games.  

I. INTRODUCTION 
UN is serious business, especially in the entertainment 
industry. But games are also used in other industries for 

testing-out strategies and training of employees, and real 
fights against competitors and enemies are driven by 
feelings of tension and pleasure. Yet these feelings and fun 
are poorly understood, especially from a computational 
perspective. This may be acceptable and even desirable for 
game consumers, but it is not acceptable for game designers 
if they are to advance the state of their art and practice 
through systematic engineering. 

This paper takes a small step towards understanding fun 
in games, with a focus on gambling in slot machines. The 
approach is one of computational aesthetics, which is 
relevant to computational intelligence because human 
emotions affect human cognition, and vice versa. From a 
practical perspective, aesthetics are important to efforts 
aimed at: (i) designing machines that adapt to the feelings of 
users, i.e., in human-computer interface design, and (ii) 
designing machines that can simulate human behavior, i.e., 
in artificially intelligent agents. The bottom line is that 
human actions are driven by both thinking and feelings, in 
both occupational work and recreational play; hence a 
computational understanding of intelligence must include a 
computational understanding of aesthetics. 

The question is: Why do people play gambling games like 
slot machines, even when they know they will lose in the 
long run? Clearly they play for fun, but then what is fun? 
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 In one answer, Koster [1] writes, “Fun is just another 
word for learning” (pg. 46); “Games that are too hard kind 
of bore me, and games that are too easy also kind of bore 
me.” (pg. 10). But all learning is not so fun, and 
“Goldilocks” statements about people liking things “not too 
hard or too easy” are really just common sense. 

Slot machines are a good example because playing them 
is clearly fun for many people, and yet the game does not 
seem to be much of a learning challenge. In fact it is rather 
remarkable that slots, which are so repetitive [2], are such a 
popular amusement for cognitive intelligence. Therefore, a 
theory of fun must address the pleasure that comes from 
repetition as well as the pleasure that comes from a learning 
challenge; plus slots are not fun for everyone so personal 
preferences must be part of the equation, too.  

Here I develop an equation, f = G * E + G’ * E’, for fun 
in slots, based on a general theory of aesthetic experience 
called EVE’ [3]. According to EVE’, fun comprises two 
types of pleasure, each stemming from subjective success in 
different but related types of cognitive processing. One type 
is pleasure that arises from success in forward-looking 
Expectations (E) of what will happen in a media experience 
(e.g., game). The other type is pleasure-prime that arises 
from success in backward-looking Explanations (E’) of 
what has happened in a media experience (e.g., game). The 
two are related by Violations (V) of E that create 
opportunities for E’ in the sequence E-V-E’ . 

Here, following EVE’, I argue that fun in slots is a 
tradeoff between pleasure (p) at E and pleasure-prime (p’) at 
E’, where p corresponds roughly to the idea of repetition [2] 
and p’ corresponds roughly to the idea of a learning 
challenge [1]. In expanding and evaluating the equation, f = 
G * E + G’ * E’, I show that while fun in slots involves both 
repetition at E and a learning challenge at E’, logically most 
of the fun must come from E’. I also discuss how E’ itself is 
governed by a tradeoff between good/bad outcomes, and 
how personal preferences and a sense of humor affect the 
computed measure of fun.  

The analysis is generalized beyond slots to games of skill, 
and the same basic equation is shown to apply. The main 
finding is that fun in slots and other games can be modeled 
and measured as a difference in information gained from 
good outcomes versus bad outcomes, where information is 
measured by marginal entropy. The net fun in games is 
made possible by Violations (V) of Expectations (E) for 
good and bad outcomes, which create tension that is 
ultimately resolved with pleasurable or displeasurable 
Explanations (E’). 
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II. DISCUSSION 
When used in its most general sense, the term “gambling” 

refers to games in which the outcome is unknown – and in 
that sense most games can be considered gambling games 
(see Section III). When used in a more specific sense, the 
term “gambling” refers to the genre of game play found at 
casinos and race tracks and other venues where one pays 
some amount of money A (ante) with the chance P<1 of 
getting a payoff J (jackpot) where J>A.  

Financially speaking, casino gambling is a zero-sum game 
because whatever is lost by one player is gained by another 
player, i.e., “the house”. Psychologically speaking, the same 
is not true, and in fact the casino industry thrives on a win-
win phenomenon whereby the house wins money and the 
player wins pleasure. That is, people play even though they 
lose money, and the only plausible explanation for this 
rather puzzling behavior is that they must be having some 
fun. 

As a simple and concrete example, consider a “fair” slot 
machine in which the player antes one coin and there are 
only two possible outcomes: either the player gets a jackpot 
of J coins or the player gets nothing. The machine is “fair”, 
because J=1/P where P is the probability of hitting the 
jackpot. Of course most slots are more complex than this 
because there are a number of payoffs {J1, J2, …, Jn}, each 
with a corresponding P that is equal or at least roughly equal 
to 1/J, i.e., {P1, P2, …, Pn}. Real slots are also not “fair”, 
because the house takes a percentage (typically around 5%), 
and so the payoffs are reduced accordingly. 

Nevertheless, here I analyze a test tube game in which 
there is only one P and J=1/P. The results generalize to the 
more complex case simply by treating a real machine as a set 
of single-P machines with various Ps. 

From a normative perspective, the player’s expected 
utility in this slot game is zero because the average outcome 
is P*J=1, which equals the ante of one coin. Yet, from a 
cognitive perspective, the player must be getting some sort 
of  subjective utility or net fun, otherwise he would not play. 
Here it is relevant that research in the field of behavioral 
decision making [4] has shown that people have subjective 
(cognitive) utilities that deviate from objective (normative) 
utilities. That is, the mental value of a dollar gained or lost, 
called the marginal utility, is more or less than a dollar.  

But this only makes fun in slots more puzzling, since the 
cognitive deviations from normative behavior are usually 
such that people are risk averse – which means that they not 
only avoid “fair” bets but actually require better than even 
odds in gambling choices. This finding is exactly the 
opposite of what one would expect to find if cognitive 
biases in subjective utility were the reason that people play 
slots. For example, a typical subjective-versus-objective 
utility function [4] is shown in Fig. 1. Here the subjective 
utility (y-axis) increases with objective utility (x-axis), but 
the slope decreases as utility increases, which means that 
people are risk averse. 

 
The applicability of such curves to human behavior in 

decision gambles has been well established by numerous 
studies [4]. The underlying intuition, which says that a 
dollar is worth less as the number of dollars increases, can 
be traced back at least as far as Bernoulli [5] who proposed 
that subjective utility is roughly proportional to the 
logarithm of objective utility – as plotted in Fig. 1. 

The point here is that people have been shown to be risk 
averse in gambling studies, which suggests that they would 
not play slots even if the slots were known to be “fair”, let 
alone if the odds were known to be stacked against them. 
But people do play, and this makes the slot craze even 
harder to explain, i.e., it further highlights the need for a 
computational understanding of fun in games. 

 

 
 
Fig. 1. A typical utility curve, plotting subjective utility (y-axis) 
versus objective utility (x-axis) as y = log x.  
 

Below I present an analysis that leads to a plausible 
explanation for why people play slots. The approach uses a 
Bayesian-information theory, and the results suggest that the 
reason people play slots is that they get more information 
from winning jackpots than they do from losing antes, i.e., 
the net fun comes from an informational gain even when 
there is no financial gain. And since net fun or pleasure can 
offset the displeasure of losing money, this finding may also 
explain why people play casino slot machines that are not 
even “fair”. In short, the idea is to analyze slots as an 
informational game, which a player can win, rather than a 
financial game, which a player cannot win. 

A. Expectations 
To begin the analysis, consider a player’s beliefs before a 

payoff. For the fair machine (above), a player’s Expectation 
(E) of a jackpot J can be modeled as log P [6]. Note that this 
is an informational measure of expectation that refers to the 
occurrence of the event (jackpot), not a financial measure of 
either the amount of the jackpot J or the expected utility of 
the jackpot P*J. 



 
 

 

 
 Note also that the measure of E is log P rather than raw P. 

Referring to Fig. 1, log P increases monotonically with P, as 
it should if it is to be a measure of expectation. However, 
there are three reasons [3] for using log P instead of raw P, 
namely: (i) log P is the information-theoretic measure of 
expectation that gives rise to a measure of entropy [6], (ii) 
log P is consistent with common wisdom [5] and 
experiments [4] on subjective utility, and (iii) log P and its 
additive inverse log 1/P = -log P are “linear” [6] measures 
that are symmetric about an anchor of zero – and cognitive 
processes for measuring quantities are known to be 
governed by a number “line” [7]. 

Here, the player expects to win a jackpot with probability 
P and expects to win nothing with probability 1-P. So, in 
information-theoretic terms: EJ = log P provides a 
mathematical measure of success in forming Expectations 
when the payoff J is actually observed; and E0 = log (1-P) 
provides a mathematical measure of success in forming 
Expectations when the payoff 0 is actually observed. Thus, 
weighing the E for each informational outcome (J or 0) by 
its frequency of occurrence (P or 1-P) in repeated play, the 
total measure of success in forming Expectations (E) while 
playing slots is given as follows: 

 
E = {EJ + E0} = {P * log P + (1-P) * log (1-P)} 
 
Notice that this expression is equal to the negative of total 

entropy for the set of possible outcomes {0, J}, since the 
entropy for a set {si} of i signals (outcomes) with 
probabilities {Pi} is defined as -Σi Pi * log Pi [6]. The plot 
for E in Fig. 2 shows that E is highest at P=0 and P=1, while 
E is lowest at P=0.5. That is, the maximum negative-entropy 
(minimum entropy) occurs at P=0 and P=1 where the 
machine is completely predictable, while the minimum 
negative-entropy (maximum entropy) occurs at P=0.5 where 
the machine is completely random. 

In EVE’ [3], this measure E of success in forming 
Expectations gives rise to pleasure (p). An example is the 
pleasure that people get from listening to the same songs 
over and over again, i.e., because they like hearing the notes 
that they expect to hear. Now, while this is clearly part of an 
aesthetic experience, it is certainly not the whole story, as 
we know from the fact that sometimes people like to hear 
new songs. And, in the case of slots, if all the pleasure came 
from success at E then, as shown in Fig. 2, people would 
prefer to play slot machines that are completely predictable 
– which is obviously not the preference observed at casinos. 

B. Explanations 
According to EVE’ [3], the rest of the story after E is V 

and E’. That is, incurring a Violation (V) of an Expectation 
(E) will create tension – which in turn leads to pleasure-
prime (p’) if and when the tension is resolved by an 
Explanation (E’). An example is the release of tension that 
causes laughter (pleasure) when one “gets” a joke in 
comedy, which comes after a punch line (Violation) but only 
when the audience “gets it” (Explanation). 

Thus, pleasure at E and pleasure-prime at E’ are both part 
of the aesthetic equation modeled by EVE’. The two 
pleasures (p and p’) are different, because pleasure p is 
related to avoiding Violations while pleasure-prime p’ is 
related to incurring Violations, but they are both part of total 
pleasure.  

To complete the story of EVE’ in slots, consider a 
player’s belief after a payoff. In either case, payoff J or 
payoff 0, there will be some Violation (V) of Expectation 
(E) because the outcome actually occurred with probability 
1 and yet the modeled probability was <1; either P (for 
payoff J) or 1-P (for payoff 0). Because payoff J is expected 
with probability P, the measure of Violation when payoff J 
occurs is as follows: VJ = log (1/P) = log 1 - log P = -log P. 
Likewise, because payoff 0 is expected with probability 1-P, 
the measure of Violation when payoff 0 occurs is as follows: 
V0 = log (1/(1-P)) = log 1 - log (1-P) = -log (1-P). 

Now for either outcome (J or 0), the player experiences 
both a measure of E and a measure of V = -E. The E causes 
pleasure (see above) and the V causes tension which, if 
resolved by E’, leads to pleasure-prime. Conceptually, E and 
E’ are different in that E (before V) involves the forward-
looking Expectation of possible outcomes, while E’ (after V) 
involves a backward-looking Explanation of the actual 
outcome. Computationally, the equation for E can be written 
from information theory (see above), but the equation for E’ 
must apply Bayesian theory. That is, using H (hypothesis) to 
denote a player’s mental model of cause and effect in the 
game: E involves predicting the likelihood of a datum Di in 
the set {Di} of possible outcomes, given a set of hypotheses 
{Hk}. Conversely, E’ involves perceiving the most likely 
hypothesis Hk in the set {Hk}, given the actual datum Di. In 
the latter case, for E’, perception can be modeled as a 
process of Bayesian inference [8]. 

 

 
Fig. 2. A plot of the function E in slots. E measures the average rate of 
success in forming Expectations for payoffs J and 0. 



 
 

 

  
The basic difference between E and E’ is that E is 

governed by likelihoods of the form P(Di|Hk), while E’ is 
governed by posteriors of the form P(Hk|Di). The details are 
explained elsewhere [3], [9], [10], but here for slots the 
Bayesian analysis is simplified by the fact that there are only 
two hypotheses, denoted L = “good luck” or ~L = “bad 
luck”. Using ~J to denote a payoff of 0, the priors before 
each outcome are P(L)=P and P(~L)=1-P, and the 
likelihoods are P(J|L)=1, P(J|~L)=0, P(~J|~L)=1 and 
P(~J|L)=0. Now the problem is to compute the posteriors 
P(L|J), P(~L|J), P(~L|~J) and P(L|~J), which can be done 
with Bayes Rule. 

By Bayes Rule, P(L|J) = P(L)*P(J|L) / [P(L)*P(J|L) + 
P(~L)*P(J|~L)] = (P*1)/(P*1+(1-P)*0) = 1, and similarly 
P(~L|J)=0, P(~L|~J)=1 and P(L|~J)=0. Thus, for this special 
case of 0/1 likelihoods, the posteriors are simply equal to the 
corresponding likelihoods. In short, a good outcome (payoff 
J) is explained as “good luck” with posterior probability 1, 
P(L|J)=1, and a bad outcome (payoff 0) is explained as “bad 
luck” with posterior probability 1, P(~L|~J)=1. 

Since the posterior Explanation of a Violation in slots is 
equal to 1, the tension of the Violation will be completely 
resolved [3] such that E’=V. But here I assume that the 
resolution will give rise to pleasure when P(L|J)=1, and 
displeasure when P(~L|~J)=1. That is, L is like “getting” a 
good joke, which feels good, and ~L is like “getting” a bad 
joke, which feels bad, so L and ~L lead to pleasure and 
displeasure, respectively. 

Thus, weighing each E’=V by its frequency (probability) 
of occurrence in repeated play, and negating the measure E0’ 
for the case of payoff 0 because it give rise to displeasure, 
the total measure of success in forming pleasurable 
Explanations is given as follows: 

 
E’ =  {E’J - E’0} =  -{P * log P -  (1-P) * log (1-P)}  
 

The result, plotted in Fig. 3, shows that E’>0 when P<0.5 
and E’ is maximized at a P value of about 0.15.  

Notice that an implicit assumption in the above 
expression for E’ is that pleasure and displeasure are 
equally weighted. That is, the equation assumes that 
resolving a unit of tension in a good way (pleasure), and 
resolving a unit of tension in a bad way (displeasure), are 
equal in absolute value. But in fact this may not be so, and it 
clearly depends on the personal preferences of a particular 
player. Said another way, different people may have 
different tastes for good/bad payoffs, which by analogy to 
comedy might be called their sense of humor in the game of 
slots. Thus, the expression for E’ should really be written as 
follows: 

 
E’ =  -{H+ *  P * log P  - H- *  (1-P) * log (1-P)}  
 

where H+ and H- are weighting factors that account for the 
player’s sense of humor in slots, 0≤H+≤1 and 0≤H-≤1. 

 

 
 
Fig. 4. A plot of the function E’ in slots for a player with a good sense 
of slot humor. 

 

 
 
 
Fig. 3. A plot of the function E’ in slots. E’ measures the average rate 
of success in forming pleasurable Explanations after Violations of 
Expectations. 

For example, if a person has a good sense of slot humor, 
which might be described in behavioral terms as a positive 
disposition because one likes good outcomes more than one 
dislikes bad outcomes, then H+ > H-. Conversely, if a player 
has a bad sense of slot humor, which might be described in 
behavioral terms as a negative disposition, then H- > H+. To 
see the effect on the measure of E’, the above equation is 
plotted for two cases: H+/H- = 1.0/0.5 in Fig. 4 and H+/H- = 
0.5/1.0 in Fig. 5. These plots show how the personality of 
the player, or sense of slot humor if you will, affects E’ by 
magnifying and shifting the player to either the left or the 
right of the average curve shown in Fig. 3.  

Now, putting E and E’ together, the total pleasure or fun 
(f)  from playing slots is given as follows: 

 
f = G * E + G’ * E’ 



 
 

 

where E and E’ are measures of success in forming 
Expectations (E) and Explanations (E’). Here, G and G’ are 
scaling factors that translate a level of success (E or E’) to a 
unit of pleasure (p or p’). They are similar to the factors H- 
and H+ above in that they account for personal preferences. 
However, while H- and H+ are concerned with a player’s 
preferred mental attitude in E’, G and G’ are concerned with 
a player’s preferred mode of processing in E versus E’, i.e., 
the relative enjoyment they get from success in forming 
Expectations (E) versus Explanations (E’). 

 
 
Fig. 7. A plot of the fun function f, where the scaling factors for E and 
E’ are G/G’=1/3, showing that fun is positive for 0<P<0.2 and peaked 
at P=0.05. 

Finally, substituting the measures of E and E’ derived 
above, the total fun (f) can be written as follows: 

 
 f  =   G * {P * log P + (1-P) * log (1-P)} + 

- G’ * {H+ * P * log P - H- * (1-P) * log (1-P)} 
 

 

 
 
Fig. 5. A plot of the function E’ in slots for a player with a bad sense 
of slot humor. 

Here it is useful to examine some specific cases for H-/H+ 
and G/G’ to see how fun varies. First, assume that H-=H+=1 
and G=G’=1. Then, fun is the sum of Fig. 2 for E and Fig. 3 
for E’, as shown in Fig. 6. In this case (Fig. 6) we see that p 
dominates p’, such that fun is maximized at P=0 or P=1 
where the machine is completely predicable, and fun is 
always negative in between. Thus, a person with these G and 
H preferences would not find slots fun. 

 Fig. 7 shows a case where H-=H+=1 but G/G’=1/3, which 
means the player enjoys a unit of success at E’ three times 
more than a unit of success at E. Here we see positive fun 
between P=0 and P=0.2, with peak fun around P=0.05. 
Finally, Fig. 8 shows a player who has the same G/G’ 
preference but who also has a good sense of slot humor (H-

=0.5 and H+=1.0). Here we see a broader and higher range 
of positive fun, with peak fun at about P=0.10. 

 
 
Fig. 8. A plot of the fun function f, where the scaling factors for E and 
E’ are G/G’=1/3, for a player with a good sense of slot humor, 
showing that fun is positive for 0<P<0.4 and peaked at P=0.10. 

 

 
 
Fig. 6. A plot of the fun function f for the case where the scaling  
factors for E and E’ are G=G’, showing that fun is negative. 



 
 

 

These plots, which I call Goldilocks functions, are useful 
because they illustrate the basic tradeoff between E and E’ 
via G and G’, and the relative importance of H- and H+, to 
fun in slots. That is, people would only play slots (as they 
do) if G<G’, which means that the fun in slots comes more 
from Explanations (E’) that resolve Violations than from 
Expectations (E) that prevent Violations in EVE’. Moreover, 
for players with G<G’, a player’s sense of slot humor is also 
important, and players with H-<H+ will find slots more fun. 
In short, it only makes sense to reduce E and incur V to 
achieve E’ if the player enjoys a unit of E’ more than he 
enjoys a unit of E – and this makes even more sense to a 
player with a good sense of slot humor. 

C. Limitation 
One limitation of the above analysis is that it assumes the 

player’s mental models for J and P=1/J reflect the J and P of 
the machine he plays. But in fact a player’s models may be 
different, especially for P, since people are known to exhibit 
many biases in probabilistic inference and knowledge. For 
example, in the well-known bias called “gambler’s fallacy”, 
if a series of coin flips has come up with more heads than 
tails then the person will think he is “overdue” for tails, i.e., 
he thinks that the probability of tails on the next toss is 
>50%. This raises the question of how such a bias in the 
player’s model might affect fun, i.e., perhaps the fun comes 
from “wishful thinking” in a bias like the gambler’s fallacy. 

But here again, like the case of subjective utility discussed 
earlier (Section II.A), the bias does not explain fun in slots 
because it would make slots less fun not more fun. To see 
why, consider the following expression for E’ where P 
reflects the player’s model for the probability of a jackpot 
and F reflects the actual frequency of a jackpot from the 
machine: E’ =  -{F * log P -  (1-F) * log (1-P)}. Assuming 
F=cP where c=0.75<1, Fig. 9 plots the result for E’ (dotted 
line) compared to the baseline case (solid line) where c=1. 
The plot shows that fun is actually decreased by the bias. 

D. Validation 
As one test of EVE’, the predicted P for peak fun in slots 

can be compared to the actual P of real slot games that 
people play for fun. As noted in Section II.A, a real slot 
machine offers a range of jackpots {Ji}, where each Ji has a 
Pi that is roughly proportional to 1/Ji. Here, for a real 
machine, I consider the “Twenty-One Bell three-wheel 
nickel machine” analyzed by Scarne [11], who notes that the 
payback to players is 94% and who says, “I’d be playing it 
just for fun; I wouldn’t expect to beat it in the long run.” 

Presumably this real machine has been optimized for fun, 
or at least it is close to peak fun for slot players. Scarne’s 
detailed analysis shows that the set of payoffs {Ji} has i=8 
where Pi*Ji is roughly constant for all i. The average rate P 
of getting some payoff (i=1 through 8) is computed to be 
13%. This result compares well to the peak P of around 
0.10-0.15 given by EVE’s theory, as seen in Figures 3 and 8. 

III. EXTENSION 
Section II showed that fun in slots can be seen as arising 

from informational play rather than financial play. That is, 
the aesthetic experience of slot fun can be seen as a net 
difference in information gained from good outcomes versus 
bad outcomes, where information gain is measured by 
marginal entropy. 

Each instance of information gain (good or bad) is a 
Violation (V) of Expectation (E) that is resolved with either 
a pleasurable (good outcome) or displeasurable (bad 
outcome) Explanation (E’) – and net fun comes when the 
marginal entropy of good outcomes given by -P * log P is 
larger than the marginal entropy of bad outcomes given by -
(1-P) * log (1-P). 

But slots is a game of luck, and this raises the question of 
how EVE’ might apply to games of skill. Here, to 
generalize, I consider any game of skill in which the player 
can score a win or loss. The player cannot control all aspects 
of the game, so the outcome is unknown. Thus, a player of 
this game can be modeled by a win probability S, which is 
like P in slot games because it establishes a player’s 
Expectations for a win or loss on each attempt. 

Following EVE’ and focusing on the Violations (V) and 
Explanations (E’) that were seen to be the main source of 
fun in slots, the two possible outcomes in a game of skill are 
W=win or L=loss, which are akin to payoff J and payoff 0 in 
slots. Likewise, there are two kinds of Violations, namely: 
(i) VL, when the player scores a loss, where the magnitude 
of Violation is VL = -log (1-S), since log (1-S) is the 
measure of Expectation for a loss, and (ii) VW, when the 
player scores a win, where the magnitude of Violation is VW 
= -log S, since log S is the measure of Expectation for a win. 

Now the big difference between slot games and skill 
games is that a player’s Explanation (E’) for a Violation VL 
in a game of skill will involve causal logic like, “I lost 
because I did x and I might have won if I did y”. 

 
 
Fig. 9. A plot of E’ for two cases. The dashed line applies to the case 
where the actual frequency F of a jackpot is less than the player’s 
mental model P, F=0.75*P. The solid line applies when F=P. 



 
 

 

Per EVE’ [3], such an Explanation would resolve some of 
the tension with pleasure where the amount of some would 
be proportional to the degree of might in the Explanation. In 
particular, if the Explanation was “… I would have won….” 
then the Explanation would resolve all the tension.  

Here, as a simple and bounding case, I assume that such 
Explanations resolve all of the tension from VL with 
pleasure. On the other hand, there can be no “what if” 
Explanation like this for a Violation VW because the win did 
occur. That is, the only Explanation for VW is “I won 
because I did x and I should not have won if I did x”. Since 
this Explanation does not explain anything, I assume it 
resolves all of the tension from VW with displeasure. 

Thus, writing the equation for E’ = EL’ - EW’ yields:  
 
E’ = -{(1-S) * log (1-S) - S * log S} 
 =  {S * log S - (1-S) * log (1-S)} 
 
Notice that this equation is the same as that for slots 

(above), except negated because the Violations are opposite. 
That is, in slot games the win/loss Violations VJ/V0 are 
resolved with pleasure/displeasure because it is a game of 
luck, while in skill games the win/loss Violations Vw/VL are 
resolved with displeasure/pleasure because it is a game of 
skill. In both cases a difference in marginal entropies is what 
gives rise to net fun, but the good/bad entropies are reversed 
because the goodness/badness of the information gain 
depends on the player’s Explanation of the Violation. That 
is, the amount of information gain is measured in light of the 
player’s mental models [10], which govern his Expectations, 
and the impact of this information is measured in light of the 
player’s mental models, which govern his Explanations. In 
short, the player’s feelings of fun depend on his 
interpretation of the information [3] via mental models [10]. 

Fig. 10 plots the function E’ for this skill game, which is 
the inverse of Fig. 3 for the slot game. As seen in Fig. 10, E’ 
is positive for P>0.5 and peak E’ occurs at a P of about 0.85. 
Thus, it is most fun to win often but not always. 

This analysis of skill games is admittedly speculative, but 
it does show how differences in Explanations of Violations 
for different games (e.g., luck versus skill) can give rise to 
different fun functions. It also shows how fun in skill games 
can be seen as arising from an information gain, much like 
that in slot games – and how the emotional impact of this 
information gain depends on the mental models that govern 
a player’s Explanations, which in turn give rise to feelings 
of pleasure/displeasure.  

In particular, the function E’ versus S would be different 
for a game where the Explanations were of a different sort 
or sign (+ or -). For example, consider a game of skill where 
the player’s causal logic is similar to the above in that 
Violations VL are still resolved with pleasurable 
Explanations, but different from the above in that Violations 
VW are not resolved at all rather than being resolved with 
displeasurable Explanations. 

 This might be the case if the player had a different sense 
of humor in the game, and/or if the player did not understand 
the game well enough to explain unexpected wins as 
something that should not have happened (see above). Here, 
retaining the assumption that a player always has an excuse 
(Explanation) for losing, and assuming that fun is dominated 
by E’ rather than E, then fun would be driven by the 
following equation for E’: 

 

 
 
Fig. 10. A plot of the function E’ versus win probability S, for a game 
of skill. E’ is positive for S>0.5 and the peak E’ is at about P=0.85. 

E’ = -(1-S) * log (1-S) 
 
which is simply the marginal entropy of the losing outcome. 
This Goldilocks function, plotted in Fig. 11, has the shape of 
an inverted bowl that is skewed towards large S and peaked 
at about S=0.6. 

 
 
Fig. 11. A plot of E’ versus win probability S, for a game of skill 
similar to Fig. 10 except with a different assumption about how the 
player resolves Violations VW when he wins. Here the Goldilocks 
function for peak fun is broader and peaked at about S=0.6. 



 
 

 

 As one point of empirical evidence, player’s judgments of 
enjoyment (which I call fun) were measured in an 
experiment [12] using a variant of the game “Punch Out”. 
This game is a simplistic simulation of a boxing match, 
where the player takes defensive actions and makes 
offensive attacks against a computer opponent, and each 
round is scored with a margin of victory ranging from -10 
(worst loss) to +10 (best win). After each round the player 
gave a subjective rating of enjoyment, and the mean values 
were correlated to the margin of victory. The results showed 
that peak fun occurred at a margin m of +1; the peak fun 
dropped off rapidly for m<1 and dropped off less rapidly for 
m>1; fun was negative for m<-2; fun was positive for m>-1. 

Here, to compare EVE’s theory to this data, a win 
probability S must be converted to a measure of margin m. 
Using the standard approach of a Rasch model [13], margin 
m would vary roughly as logit (S) = log (S/(1-S)). 

Now, besides E’ per the above equation, the theory of 
EVE’ includes E from the equation E = S * log S + (1-S) * 
log (1-S). Also, E is scaled by a factor G and E’ is scaled by 
a factor G’. Here I assume G/G’=1/3, which is the same 
ratio used in the slot plot of Fig. 8. Fig. 12 plots the fun 
function, f = G * E + G’ * E’, against logit (S). Compared to 
the empirical data (discussed above), the theoretical results 
match the quantitative value of the margin (m=+1) for peak 
fun as well as the qualitative drop-off of the curve, which is 
faster for m<1 (going negative) than for m>1 (staying 
positive). 

This agreement between theory and data suggests that 
similar modeling with EVE’ [3] can be used to explain and 
predict fun in other games, and that the nature of players’ 
Explanations of Violations in “Punch Out” may be similar to 
those assumed in the above analysis. 

IV. CONCLUSION 
The contribution of this paper is to show how fun in 

games can be analyzed with a computational-aesthetic 
approach, using Bayesian-information theory. In particular, I 
showed how slots and other games can be seen as 
informational games, played in a cognitive progression of 
Expectation-Violation-Explanation (EVE’), where fun arises 
from information gains that can be measured by marginal 
entropies. This finding is important because it provides a 
plausible explanation for human behavior in slot play, and 
because the same Bayesian-information theory of EVE’ can 
be applied to other games and other aesthetic experiences in 
general – in order to model and measure how fun works. 

The analysis was obviously simplified in not modeling the 
aesthetics of bells, wheels, coins, etc., and in assuming that 
the player’s anticipations can be reduced to an average 
probability P of a payoff J. As such, the study does not 
capture all the nuances of each atomic E-V-E’ experience in 
the “time domain”. However, the results do capture major 
modes of time-averaged aesthetics in the “frequency 
domain”, plotted as Goldilocks functions. These functions 
show how enjoyment can be modeled and measured by 
Bayesian extensions to Shannon entropies. The analysis is 
also limited by the assumption of scaling factors, but 
theoretical bounds on these factors are discussed (e.g., 
G<G’), and the results are seen to be relatively insensitive 
within the bounds. 

REFERENCES 
[1] R. Koster, A Theory of Fun for Game Design. Scottsdale, AZ: 

Paraglyph Press, 2005, pg. 10, pg. 46. 
[2] E. Huhtamo, “Slots of fun, slots of trouble: An archaeology of arcade 

gaming,” in Handbook of Computer Game Studies, J. Raessens and J. 
Goldstein, Eds. Cambridge, MA: MIT Press, 2005, pp. 3-21. 

[3] K. Burns, “Atoms of EVE’: A Bayesian basis for aesthetic analysis of 
style in sketching,” Artificial Intelligence for Engineering, Design, 
Analysis and Manufacturing, in press. 

 
 
Fig. 12. A plot of the fun function f versus win margin m, where m is 
computed as logit (S) and S is the win probability. The function is the 
sum of fun from E and E’, weighted by G:G’ factors in ratio of 1:3. 
The peak fun occurs at m=+1 and fun drops off more rapidly for m<1 
than for m>1. This theoretical model matches empirical data on 
players’ enjoyment in a game of “Punch Out” [12].  

[4] J. Baron, Thinking and Deciding, Third Edition. New York, NY: 
Cambridge University Press, 2000, pp. 238-243. 

[5] D. Bernoulli, “Exposition of a new theory of the measurement of 
risk,” L. Sommer, Trans. Econometrica, vol. 22, 1954, pp. 23-26. 
Original work published 1738. 

[6] C. Shannon and W. Weaver, The Mathematical Theory of 
Communication. Urbana, IL: University of Chicago Press, 1949. 

[7] S. Dehaene, The Number Sense: How the Mind Creates Mathematics. 
New York, NY: Oxford University Press, 1997. 

[8] D. Knill and W. Richards, Perception as Bayesian Inference. 
Cambridge, UK: Cambridge University Press, 1996. 

[9] K. Burns, “Bayesian inference in disputed authorship: A case study of 
cognitive errors and new system for decision support,” Information 
Sciences, vol. 176, no. 11, 2006, pp. 1570-1589. 

[10] K. Burns, “Mental models and normal errors,” in How Professionals 
Make Decisions, H. Montgomery, R. Lipshitz and B. Brehmer, Eds. 
Mahwah, NJ: Lawrence Erlbaum, 2005, pp. 15-28. 

[11] J. Scarne, Scarne’s New Complete Guide to Gambling. New York, 
NY: Simon & Schuster, 1961, pp. 445-448. 

[12] P. Piselli, “Relating cognitive models of computer games to user 
evaluations of entertainment,” MS thesis, Dept. of Computer Science, 
Worcester Polytechnic Institute, 2006. 

[13] G. Rasch, Probabilistic Models for Some Intelligence and Attainment 
Tests. Chicago, IL: University of Chicago Press, 1980. 

 


	I. Introduction
	II. Discussion
	A. Expectations
	B. Explanations
	C. Limitation
	D. Validation

	III. Extension
	Conclusion


<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /All
  /Binding /Left
  /CalGrayProfile (Dot Gain 20%)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (U.S. Web Coated \050SWOP\051 v2)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Warning
  /CompatibilityLevel 1.4
  /CompressObjects /Tags
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Default
  /DetectBlends true
  /DetectCurves 0.0000
  /ColorConversionStrategy /LeaveColorUnchanged
  /DoThumbnails false
  /EmbedAllFonts true
  /EmbedOpenType false
  /ParseICCProfilesInComments true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 1048576
  /LockDistillerParams false
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveDICMYKValues true
  /PreserveEPSInfo true
  /PreserveFlatness true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts true
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /CropColorImages true
  /ColorImageMinResolution 300
  /ColorImageMinResolutionPolicy /OK
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 300
  /ColorImageDepth -1
  /ColorImageMinDownsampleDepth 1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages true
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /ColorImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /CropGrayImages true
  /GrayImageMinResolution 300
  /GrayImageMinResolutionPolicy /OK
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 300
  /GrayImageDepth -1
  /GrayImageMinDownsampleDepth 2
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /CropMonoImages true
  /MonoImageMinResolution 1200
  /MonoImageMinResolutionPolicy /OK
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 1200
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /CheckCompliance [
    /None
  ]
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile ()
  /PDFXOutputConditionIdentifier ()
  /PDFXOutputCondition ()
  /PDFXRegistryName ()
  /PDFXTrapped /False

  /Description <<
    /CHS <FEFF4f7f75288fd94e9b8bbe5b9a521b5efa7684002000500044004600206587686353ef901a8fc7684c976262535370673a548c002000700072006f006f00660065007200208fdb884c9ad88d2891cf62535370300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c676562535f00521b5efa768400200050004400460020658768633002>
    /CHT <FEFF4f7f752890194e9b8a2d7f6e5efa7acb7684002000410064006f006200650020005000440046002065874ef653ef5728684c9762537088686a5f548c002000700072006f006f00660065007200204e0a73725f979ad854c18cea7684521753706548679c300260a853ef4ee54f7f75280020004100630072006f0062006100740020548c002000410064006f00620065002000520065006100640065007200200035002e003000204ee553ca66f49ad87248672c4f86958b555f5df25efa7acb76840020005000440046002065874ef63002>
    /DAN <>
    /DEU <>
    /ESP <>
    /FRA <>
    /ITA <>
    /JPN <>
    /KOR <FEFFc7740020c124c815c7440020c0acc6a9d558c5ec0020b370c2a4d06cd0d10020d504b9b0d1300020bc0f0020ad50c815ae30c5d0c11c0020ace0d488c9c8b85c0020c778c1c4d560002000410064006f0062006500200050004400460020bb38c11cb97c0020c791c131d569b2c8b2e4002e0020c774b807ac8c0020c791c131b41c00200050004400460020bb38c11cb2940020004100630072006f0062006100740020bc0f002000410064006f00620065002000520065006100640065007200200035002e00300020c774c0c1c5d0c11c0020c5f40020c2180020c788c2b5b2c8b2e4002e>
    /NLD (Gebruik deze instellingen om Adobe PDF-documenten te maken voor kwaliteitsafdrukken op desktopprinters en proofers. De gemaakte PDF-documenten kunnen worden geopend met Acrobat en Adobe Reader 5.0 en hoger.)
    /NOR <>
    /PTB <>
    /SUO <>
    /SVE <>
    /ENU (Use these settings to create Adobe PDF documents for quality printing on desktop printers and proofers.  Created PDF documents can be opened with Acrobat and Adobe Reader 5.0 and later.)
  >>
  /Namespace [
    (Adobe)
    (Common)
    (1.0)
  ]
  /OtherNamespaces [
    <<
      /AsReaderSpreads false
      /CropImagesToFrames true
      /ErrorControl /WarnAndContinue
      /FlattenerIgnoreSpreadOverrides false
      /IncludeGuidesGrids false
      /IncludeNonPrinting false
      /IncludeSlug false
      /Namespace [
        (Adobe)
        (InDesign)
        (4.0)
      ]
      /OmitPlacedBitmaps false
      /OmitPlacedEPS false
      /OmitPlacedPDF false
      /SimulateOverprint /Legacy
    >>
    <<
      /AddBleedMarks false
      /AddColorBars false
      /AddCropMarks false
      /AddPageInfo false
      /AddRegMarks false
      /ConvertColors /NoConversion
      /DestinationProfileName ()
      /DestinationProfileSelector /NA
      /Downsample16BitImages true
      /FlattenerPreset <<
        /PresetSelector /MediumResolution
      >>
      /FormElements false
      /GenerateStructure true
      /IncludeBookmarks false
      /IncludeHyperlinks false
      /IncludeInteractive false
      /IncludeLayers false
      /IncludeProfiles true
      /MultimediaHandling /UseObjectSettings
      /Namespace [
        (Adobe)
        (CreativeSuite)
        (2.0)
      ]
      /PDFXOutputIntentProfileSelector /NA
      /PreserveEditing true
      /UntaggedCMYKHandling /LeaveUntagged
      /UntaggedRGBHandling /LeaveUntagged
      /UseDocumentBleed false
    >>
  ]
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [612.000 792.000]
>> setpagedevice


