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Abstract—The behavior of autonomous characters in virtual
environments is usually described via a complex deterministic
state machine or a behavior tree driven by the current state of
the system. This is very useful when a high level of control over
a character is required, but it arguably does have a negative
effect on the illusion of realism in the decision making process
of the character. This is particularly prominent in cases where
the character only exhibits idle behavior, e.g. a student sitting in
a classroom. In this article we propose the use of discrete time
Markov chains as the model for defining realistic non-interactive
behavior and describe how to compute decision probabilities to
normalize by the length of individual actions. Lastly, we argue
that those allow for more precise calibration and adjustment for
the idle behavior model then the models being currently employed
in practice.
Index Terms—DTMC, AI, animation, virtual agents

I. I NTRODUCTION
Games and simulations often require autonomous decision
making on the level of non-player characters (NPC) that
would create an illusion of independent thought. The result
of such a decision then manifest itself via an animation that
is constructed based on the underlying simulation strategy, as
illustrated in e.g. [1]. This is usually governed by a decision
making system, which based on a certain strategy selects
an action, executes the given action, waits until it finishes,
selects the next action and so on [2]. This decision process is
typically modeled either as a state machine, a behavior tree,
or a utility function [3]. This is arguably a good solution for
a sequence of actions with effects, e.g. walk to a door, open
the door, walk through the door, close the door. However, we
would argue that for situations where the NPCs are idle, this
might yield a sub-optimal result. This is given by the fact
that the decision systems expect the NPC to mostly execute
non-repetitive activities, even in the case where the animation
would be looped, e.g. during walking, there is still a nonrepeating action of transportation from one point to another.
This allows for a high degree of control, which is however
usually detrimental to the naturalness of the behaviour [4].
Contrary to that, when animating an NPC that is inherently
idle, e.g. waiting in a queue, sitting in a class, sleeping, etc., we
would like the characters to stay in a loop for a period of time
and only occasionally switch to a different action. To this end
we present an approach based on discrete time Markov chains
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(DTMC) which are commonly used for decision making under
uncertainty [5]. For our purpose DTMC can be viewed as a
direct extension of a state machine, but allows for probabilistic
choice of a next state. We show how to use the probabilistic
decision making to specify, on average, how long should an
NPC stay in a single state, preventing unrealistically fast state
switching between possible actions.
Naturally, many other authors considered adding probability
to the decision process, e.g. on the level of the state machine [6], [7], the behavior tree [8], by introduction of fuzzy
logic [9], etc. These however always only provide a nondeterministic selection to the next selected activity and do
not reflect the time of the activity itself. To the best of our
knowledge our approach is the only published one that reflects
length of an activity directly on the level of decision making
process.
II. M ETHODOLOGY
A. Discrete Time Markov Chains
The DTMC [10] is given as a pair (X , P) where X =
{x1 , . . . , xn } for n 2 N⇤ is a set of states and P 2
P n⇥n , s.t. P = [0, 1] is a square transition probability matrix.
We denote pi,j the probability of transition from xi to xj . The
evolution of the systems is then given as a sequence of random
variables X 1 , X 2 , X 3 , . . . , that take on values from X . The
sequence is said to have the Markov property, meaning that
in any state the selection of the next state does not depend
on any of the previous states, i.e. P (X k = x | X k 1 =
xk 1 , . . . , X 1 = x1 ) = P (X k = x | X k 1 = xk 1 ).
Understandably the probabilities of outgoing
transitions need
P
to sum to one, i.e. 8i 2 {1, . . . , n} : j2{1,...,n} pi,j = 1.
For illustration consider the following system:
X

=

P

=

{A, B, C}
A B
A .1 .6
B .1 .2
C 0 .5

C
.3
.7
.5

This system can be visualized as a labeled oriented graph:
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B. Animation State Machine
Obviously, the DTMC can be interpreted as a state machine
by an animation engine, e.g. the Unity Mecanim system [11].
Consider for example a character sitting in a classroom who
can look at a teacher, out of a window, or on a laptop. We
could the assign the states such that:
A = look at a teacher,
B = play with a laptop,
C = look out of a window,
we then obtain a state machine whose transitions are guarded
by probabilites of taking the transition.
However, in the usual scenario we are less interested in
the probability of individual transitions but rather in the
probability of a certain action. For example we expect that a
student in class spends considerably more time looking at the
laptop than focusing on a speaker. We can therefore simplify
the construction by assigning probabilities to states directly:
P ( look at the teacher ) = .1,
P ( play with a laptop ) = .6,
P ( look out of a window ) = .3.
This is then interpreted by each incoming transition being
assigned the probability of the respective state, i.e.:
.6

.1
.1

play with a laptop

look at the teacher

.3

.6
.3

First note that we at this
second. Therefore we need
stay for at least t seconds,
be equal to the probability
random samples.

point expect each loop to take 1
to make sure that if we want to
the probability of the state must
of still being in the state after t

Lemma 1. Have P (x) the probability of persisting in s state
x for t 2 N consecutive random samples. Then the probability
of the a self transition is:

C

.1

C. Time-adjusted DTMC

.3
.6

look out of a window
We are now in a situation where a character can be driven
between its states and we control the probability of the
transition happening. However in the case of idle behavior
we are usually having shorter loops of singular activity that
we would like to keep repeating at least for certain time. In the
classroom scenario imagine that each loop is exactly 1 second
long, we would then focus on the speaker mostly just for that
second as we leave the state with probability of .3 + .6 = .9.
To prevent this behavior we need to adjust the probabilities
on the transitions.

ptx,x = e

ln(P (x))
t

.

Proof. We require that the probability P (x) is equal to the
probability of ptx,x being repeated t times in a row, i.e. (ptx,x )t
[10]. Then:
(ptx,x )t

=

P (x)

ln((ptx,x )t )
t · ln(ptx,x )

=

ln(P (x))

=

ln(ptx,x )

=

ptx,x

=

ln(P (x))
ln(P (x))
t
ln(P (x))
e t

Now we need to set the probabilities of the outgoing
transitions. This can be derived from the previous expression
in the following way:
Lemma 2. Have P (x) the probability of persisting in s state
x for t 2 N consecutive random samples and a state y 6= x
with the probability P (y) of being selected when exiting x.
Then the probability of entering y from x is:
ptx,y = (1

e

ln(P (x))
t

)·

1

P (y)
.
P (x)

Proof. As the outgoing probability from each state needs to
sum to 1 we can see that if the probability of transition to self
is ptx,x , then the probability of exiting the state through any
of the exit transitions is in total its complement, i.e.:
X
ptx,y = 1 ptx,x .
y2X \x

Now we need to distribute this probability over the outgoing
transitions. We know that the sum of probabilities of all the
other states but x is also its complement, i.e.:
X
P (y) = 1 P (x)
y2X \x

For a state y 6= x we therefore know that the under the
condition that we exit the state x the probability of entering
any y 2 X \ x is:
P (X k = y | X k

1

= x ^ X k 6= x) =

P (y)
.
1 P (x)
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Then if we remove the condition X k 6= x we obtain our final
equation:
ptx,y

= (1

e

ln(P (x))
t

Then we have, e.g.:
ln(.6)
1

p10,5
B,A = (1

P (y)
)·
.
1 P (x)

e 10·5

= (1

e

ln(.6)
2

Lemma 3.
8t 2 (0, 1), 8x 2 X :

X

y2X \x

=e
=e
=e
=1

ln(P (x))
t

ln(P (x))
t

+ (1
+ (1
+ (1

e
e
e

ln(P (x))
t

ln(P (x))
t

ln(P (x))
t

)·

y2X

X

y2X \x

) · (1

(P (y)) ·

P (x)) ·

1

ln(P (x))
t·l 1

e

pt,l
x,y

=

(1

e

1

pt,l
x,y = (1
= (1
= (1
= (1

P (y)
P (x)
ln(P (x))
P (y)
e 1 )·
1 P (x)
P (y)
eln(P (x)) ) ·
1 P (x)
P (y)
P (x)) ·
1 P (x)
e

ln(P (x))
t·l 1

)·

1

= P (y)
meaning the probability remains without any adjustment as we
would expect.
The final state with the length-adjusted states then is as
follows:

)

,

ln(P (x))
t·l 1

) · .25

= (1
.
= .225 · .25
.
= .056

1
P (x)

Theorem 1. Have the states x, y 2 X s.t. x 6= y, time t 2
N, and l 2 R+ the length of the animation in x. Then the
following holds:
=

= (1

1
P (x)

In this form we can obtain a DTMC that has a specific
expectation about how long, on average, each individual state
persists. However, up till now we placed an expectation that a
single loop animation has the length of exactly 1 second. We
now extend the method to arbitrary lengths.

pt,l
x,x

.6

Note that if the length of the state is equal to the expected
time, i.e if l = t then we get:

ptx,y = 1.

Proof. This can be observed already from Lemma 2, however
for completion we will derive the proof here:
X
ln(P (x))
ln(P (x))
P (y)
1=e t
+
((1 e t ) ·
)
1 P (x)
ln(P (x))
t

.1
1

e
) · .25
p
eln(.6) · .25
p
.6) · .25

= (1
Having derived the transition probability for each state and
thus completed the transition matrix it remains to be proven
that the transition matrix is sound, i.e. the sum of probabilities
out outgoing transitions is 1.

ln(.6)
10·5 1

)·

)·

1

P (y)
.
P (x)

Proof. Follows by replacing t for t · l
in Lemma 1 and
Lemma 2. As we have proven in Lemma 3 that the process
is sound for any t 2 (0, 1) and l itself is in (0, 1) then
t · l 1 2 (0, 1) and the above is a simple substitution.
1

To illustrate the method we put the requirement on average
length to 10 second, i.e. t = 10, and consider the length
function L : X ! R+ that provides the length of the animation
in each state and the following valuation of our example:
L( look at a teacher ) = 10,
L( play with a laptop ) = 5,
L( look out of a window ) = 1.

.775

.1
.056
look on the teacher
.016
.3

focus on a laptop
.6
.886

.169
.097

look out of window
Note that for the states with a shorter length the self-transition
probabilities are greatly increased.
III. C ONCLUSION
We have implemented our state machine using the Unity
Mecanim system with a set of animations given provided in
our running example. An example project is available at [12].
Note that the lengths of individual animations differ from our
running example where we selected values better illustrating
the mathematical properties of the system.
As our solution can be implemented in just a few lines of
code we believe that it presents a useful, novel tool for creation
of state machines of non-interactive idle characters, or can be
potentially combined with a different NPC control system to
take control of the behavior in the time the character is idle.
Additionally, it should be noted that our approach can be
easily composited with additional elements typical to realistic
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character simulation like eye motion, breathing etc. [13].
Conversely, the approach is not limited to virtual characters
only, any animated entity could be modeled in this way.
Lastly, the DTMCs have been very thoroughly studied
for their properties. Hence using this well-known framework
allows for application of the methods of the field to this use
case and further analysis or fine-tuning of this system.
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