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Abstract.   This paper describes a mathematical/computational model of 
emotions and temperaments (or personalities). This model has been 
implemented on cognitive mobile robots. Emotions such as fear, anger, sadness, 
happiness, disgust, surprise, and others can be modeled, and can vary due to 
reinforcers (e.g. rewards and punishments). The model incorporates exponential 
decay of the reinforcement effects, so without continual reinforcers the emotion 
will return to their steady-state values. It is shown that emotions and 
temperament are coupled through the theory. Most models of emotions do not 
relate emotions to temperament. The constants used in the model of emotions 
are related to the temperament of the robot. The main five temperaments 
discussed include Extrovert/ Introvert, Neurotic/Rational, 
Conscientious/Careless, Agreeable/Disagreeable, and Open/Reticent. The 
emotion and temperament model developed here has been incorporated into SS-
RICS, which is a cognitive architecture developed at the Army Research 
Laboratory and tested in both mobile robots and in simulators.  
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1 Introduction 

Emotions and temperament are crucial for animal survival (including human). 
Emotions allow rapid behavior adjustments to changing circumstances. Also, group 
survival is enhanced by having a mixture of temperaments. Temperament (or 
personality traits) and emotions are not the same thing. Temperaments are traits that 
an individual animal possesses that are innate and typically fixed for that animal’s 
life. Emotions vary continuously, sometimes on small time scales. In animals 
(including humans), temperament and emotion (and variations across groups) are as 
important to survival as cognition. They would make robots more effective also 
(LeDoux, 2000). Emotions and temperament would also be useful in human-robot 
interactions. 
 There are five main types of temperament in humans and other animals, often 
called the Big Five (Digman, 1990): Extrovert vs. Introvert, Neurotic vs. Rational, 
Conscientious vs. Careless, Agreeable vs. Disagreeable, and Open vs. Reticent.  
These are explained in more detail in Table 1, which shows definitions of the terms 
used to describe the Big Five. The first definition is from the Oxford dictionary 
(www.oxforddictionaries.com) and the second is from the Merriam-Webster 
dictionary (www.merriam-webster.com). 
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 The literature on emotions is extensive and growing rapidly every year. A lot 
of these papers and books relate to humans, and we still do not understand the 
complexity of the human mind. In developing models of emotions and temperament, 
we should set our sights lower at first, and focus on robots or simpler animals (i.e. 
walk before we run). The model presented here has been implemented on cognitive 
mobile robots [24, 25], and the results were very encouraging. Instead of trying to use 
this model to predict human behavior, it should be viewed as a means of making a 
robot more effective and survivable by rapidly changing it’s behavior in different 
situations. The particular emotions and temperaments discussed herein do relate to 
humans, but for robots we might use different emotions and temperaments, depending 
on the goals of the project. We are not trying to model human behavior or psychology 
here, although this model might eventually be useful for that. 

 When we design and build autonomous robots (for air, land, sea, or space) 
we do not generally think of behaviors varying across the group, but a heterogeneous 

Table 1. Big Five temperament definitions for humans from Oxford (1) and Merriam-
Webster (2) dictionaries. 

 
 Lower Extreme Upper Extreme 

1 

Extrovert: 
1) A person predominantly concerned 
with external things or objective 
considerations. 2) A friendly person 
who likes being with and talking to 
other people : an outgoing person 

Introvert: 
1) A person predominantly concerned with 
their own thoughts and feelings rather than 
with external things, 2) A shy person: a 
quiet person who does not find it easy to 
talk to other people 

2 

Neurotic: 
1) Abnormally sensitive, obsessive, 
or tense and anxious. 2) Often or 
always fearful or worried about 
something: tending to worry in a way 
that is not healthy or reasonable 

Rational: 
1) Able to think clearly, sensibly, and 
logically, 2) having the ability to reason or 
think about things clearly 

3 

Conscientious: 
1) Wishing to do what is right, espe-
cially to do one’s work or duty well 
and thoroughly, 2) very careful about 
doing what you are supposed to do: 
concerned with doing something 
correctly  

Careless: 
1) Not giving sufficient attention or 
thought to avoiding harm or errors, 2) Not 
using care: not careful: done, made, or said 
without enough thought or attention 

4 
Agreeable: 

1) Willing to agree to something, 2) 
Ready or willing to agree or consent 

Disagreeable: 
1) Unfriendly and bad-tempered, 2) Diffi-
cult to deal with: easily angered or an-
noyed 

5 

Open: 
1) Frank and communicative; not 
given to deception or concealment, 2) 
Characterized by ready accessibility 
and usually generous attitude 

Reticent: 
1) Not revealing one’s thoughts or feelings 
readily, 2) Inclined to be silent or uncom-
municative in speech 

 



mix of traits in a group will make the group more successful. In addition, unlike in 
biology where these traits are relatively fixed over the life of the organism, these 
could be varied in intelligent mobile robots. It might be extremely valuable if we 
could quickly change a group of robots from docile to aggressive, for example. 
 While people do not completely agree on a complete list of emotions, 
Damasio (1994 and 2010) discusses six “universal” emotions: Fear, Anger, Sadness, 
Happiness, Disgust, and Surprise. Plutchik (2001) discusses the same six emotions, 
but also includes “trust” and “anticipation.” He also describes how there can be 
varying levels of each emotion in his emotion wheel. Ekman (1999) describes 15 
basic emotions. The six (or eight) emotions are common across animals [Braithwaite 
et al (2013)] and cultures. It might not be essential to define the basic or primary 
emotions, since there is little agreement on this [Ortony, et al (1988)]. The method 
described herein, however, is not dependent on which emotions are used, they can be 
readily changed depending on what is of interest to the modeler or situation.  
 Damasio refers to emotions as automated programs for action that have been 
created through evolution. Emotions are related to reward, punishment, drives, 
perceptions, expectations, and motivations. There are typically negative and positive 
emotions, and they are tied to reinforcers (rewards, punishments, lack of reward, and 
lack of punishments), see Gray (1990), Rolls (1990), and Rolls (2013). Ortony et al 
(1988) discuss the activations and valences of emotions.  They also discuss the 
difficulty in attaching words to emotions, and the futility of trying to list the basic 
emotions. Ortony et al (1988) also show a flowchart (their Figure 2.1) of how 
emotions might be structured. The figure shows three ways rewards and punishments 
can be triggered: events, actions of agents (self and other), and objects. For example, a 
tragic event might be a reinforcement that would tend to make you sad. A person 
(agent) could say something to you to make you sad, happy, etc.  And thirdly, you 
might see an object (e.g. a tiger) that would cause your fear to increase. 
 While many investigators have studied affective computing in robots, there 
are very few studies which quantitatively define temperament and emotions or 
incorporate them into mobile robots.  And the ones that do exist, do not properly 
distinguish temperament from emotions (e.g. Barteneva et al, 2007 and Canamero, 
2005). Gray (1990) discusses the connection between emotions and cognition. The 
model used here has been incorporated into a cognitive robot [Long, et al, (2015)]. 
Groups of mobile robots with a mix of personality and emotions will be more 
effective and have increased mission success.  
 An interesting anecdote relates to the well-known robot soccer competition. 
One of the researchers remarked that the robots play in the same manner at the start of 
the game as at the end, whereas a human would play very differently in the last few 
minutes of the game, especially if they were losing. The model presented here could 
allow the robots to change their behavior depending on the circumstances. Another 
example is group behavior. In nature there are many examples of groups (ants, fish, 
rats, humans, etc.) that are very effective, and the groups usually include a wide 
variety of personality types. 
 Emotions are basically state variables, and the robot could behave differently 
depending on which emotion it is experiencing. This is a very effective approach for 
rapidly changing a robots behavior, just as it is in animals. The temperaments, as 
described below, are fixed characteristics (although, unlike in animals, we could vary 



them in time). This model is also very well suited to coupling to cognitive 
architectures such as SOAR, ACT-R, or SS-RICS. 

2 Emotion and temperament Model 

The survival of animals (including humans) depends on emotions and temperament. 
Robots with emotions and temperaments will also allow better interactions with 
humans. If the robot could understand the humans emotional state, and the robot 
behavior could change accordingly, that would be very interesting. Likewise, it would 
be useful if the human could sense the robot’s emotional state. In addition, teams of 
animals (including humans) are more effective when the groups have a mix of 
temperaments. This has been shown true for robots (Eskridge et al, 2014), 
cockroaches (Planas-Sitja et al), fish (Mittelbach et al, 2014), ants (Pinter-Wollman, 
2012), spiders (Pruitt and Keiser, 2014)), humans (Pieterse et al, 2006; Moynihan and 
Peterson, 2004), sheep (Michelena et al, 2009), and other animals. Also, Eskridge and 
Schlupp (2014) state: 
 

The combination of different personalities within a group and the associated 
roles assumed by different members have been found to improve the overall 
success of the group (Couzin et al., 2005; Dyer et al., 2009; Modlmeier and 
Foitzik, 2011; Modlmeier et al., 2012). Studies have shown that these 
personality differences can be stable and maintained over time (Dal et al., 
2004; Oosten et al., 2010).” 

 
The model used herein builds upon the model for happiness by Rutledge et al (2014): 

 
where Happiness ranges from 0 to 100 and: 
 

   CR    = Certain Reward  (e.g. 10)   
   EV    = Expected Value  (e.g. 10) 
   RPE  = Reward Prediction Error  (e.g. 10) 
   wo     = Steady state value of  happiness (e.g. 50)     
   w1     = Magnitude of change (e.g. 0.52)  
   w2     = Magnitude of change (e.g. 0.35) 
   w3     = Magnitude of change (e.g. 0.80) 
   g       = Rate of decay   (e.g. 0.72) 

 
The model has exponential decay given by γ. If the subject chose a certain reward 
(CR), then EV and RPE were zero. If the subject chose a gamble, then CR was zero. 
They also state: 
 

“Conscious emotional feelings, such as momentary happiness, are core to 
the ebb and flow of human mental experience. Our computational model 

Happiness(t) = wo + γ (t− j )(t− j ) w1CRj +w2 EVj +w3 RPEj( )
j=1

t

∑



suggests momentary happiness is a state that reflects not how well things are 
going but instead whether things are going better than expected.” 

 
The model discussed here is guided by the above model, but modified to fit the task of 
modeling multiple emotions and temperament. The model is: 

 
where there are eight emotions (Fear, Anger, Sadness, Happiness, Disgust, Surprise, 
Anticipation, and Trust), each denoted by the subscript i, and there is exponential 
decay of rewards also. It would be quite easy to remove or add more emotions. The 
emotions change with time. The current time is given by t, and the subscript j denotes 
a previous time instance. At the present time, 45 previous steps are being used, but 
fewer would probably be fine too.  R+ and R- denote positive and negative reinforcers, 
respectively; and they have weights associated with them. These R terms are 
completely general, and could include reward prediction errors.  
 So the emotional state is a vector of length eight, but could be smaller or 
larger to accommodate different sets of emotions. Each emotion varies from 0 to 100, 
which is similar to the variations shown in Plutchik’s (2001) color wheel, which 
might not be the best analogy for emotions. One could use the maximum current 
emotional value, and conclude that that is the current emotion, but it might be better 
to consider all the emotions. The winner take all approach was used in Breazeal and 
Brooks (2003).  
 Figure 1 shows the 
data flow of this approach. 
Events, agents, or objects in 
the environment generate 
reinforcers, which are used 
in the emotion model. The 
model outputs the value of 
each emotion, and it also 
computes which emotion has 
the highest value.  
 In order to illustrate 
how the emotions vary with rewards (R+) and punishments (R-), a simulation was 
performed for just one emotion with a fairly complicated reward/punishment input. 
Figure 2 shows the input time history and the resulting emotion values. The left figure 
shows the time histories of the positive and negative reinforcers. The figure on the 
right shows the emotion value as a result of those. The model described here has been 
programmed in C++ (and the code is available from the author). 

Emotion(t)i = woi
+ γ i

(t− j )(t− j ) w1i Rij
+ −w2i Rij

−( )
j=1

t

∑

 
 

Figure 1. Flowchart showing data flow.  



 The positive and negative reinforcers can be due to numerous things in the 
environment. Ortony et al [33] discuss emotions being tied to events, agents, and 
objects. All of these could be incorporated into the above model. For example, the 
robot might hear a loud explosion (an event), it might see an animal, human, or other 
robot (agents), or it might see an object that triggers an emotion. The implementer of 
the model needs to convert these into quantitative positive or negative reinforcers for 
one or more of the emotions. These reinforcers could be used to effect more than one 
emotion also. 
 Mood is also an important topic, and is related to emotions and temperament. 
One could model mood as a longer-term variation of the steady-state values (i.e. W0). 
The model would produce this effect if there was a sustained low-level reinforcer for 
a longer period of time. This would cause the emotion to increase or decrease and 
remain at that level while the reinforcer was active, effectively varying the steady-
state value for that period of time.  An example of this is shown in Figure 3, where a 
small (R+ = 1) positive reinforcer was applied during time steps 10 to 170. 
 This model is well suited to 
coupling to a cognitive architecture or 
other rule-based system. Using IF-
THEN rules one can manage the values 
of the reinforcers. For example, if the 
robot sees something dangerous (e.g. a 
gun), the R+ for fear at that time step 
could be set to a non-zero value. So 
there would be a set of rules needed to 
activate the positive and negate 
reinforcers. There would also need to be 
rules to handle the emotions. For 
example, one could determine which 
emotion has the highest value and then 
have some rules to handle it, e.g. if 
robot is afraid then run and hide.   
 One of the very interesting and 

 
Figure 2.  Input time history to emotion model with resulting emotion levels 

 
Figure 3. Modeling mood using a small rein-

forcer over a long period of time. 



crucial aspects of this model is that it also models temperament (i.e. personalities) 
through the coefficients. The temperament matrix Tij can be defined as: 
 

    𝑇!"   =                
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Each row of this matrix is associated with a particular emotion. The first column 
represents the steady state value of each emotion (0 to 100). The second and third 
columns are the weighting factors (0 to 1) on the rewards and punishments, 
respectively. The fourth column represents the decay rate (0 to 1), where the smaller 
the value the larger the decay rate. These 32 values can be used to define a person or 
robots personality. Few, if any, previous works have delimited the difference between 
modeling emotions and modeling temperament. It should be possible to model (using 
the above matrix) the big five temperaments presented earlier, but that is a very long-
term goal. 
 The simplest form of the temperament matrix would have all the rows the 
same (all the emotions would then vary in the same way, but to different inputs), i.e. 
 

𝑇!"   =                

50
50
50
50
50
50
50
50

0.52
0.52
0.52
0.52
0.52
0.52
0.52
0.52

0.35
0.35
0.35
0.35
0.35
0.35
0.35
0.35

          

0.61
0.61
0.61
0.61
0.61
0.61
0.61
0.61

            

 
where for simplicity representative values from Rutledge et al (2014) have been used. 
This matrix is probably not a good idea as the model might continually (and quickly) 
jump from one emotion to another (some people behave that way!), and the different 
emotions and reinforcers will require different coefficients. For example, “surprise” 
might decay very quickly (i.e. small γ), while “trust” might decay very slowly.  The 
rows of this matrix relate to: fear, anger, sadness, happiness, disgust, surprise, 
anticipation, and trust; respectively. All 32 values in the temperament matrix can be 
varied however.  
 In humans the big five temperaments (Digman, 1990), as mentioned earlier, 
are: Extrovert vs. Introvert, Neurotic vs. Rational, Conscientious vs. Careless, 
Agreeable vs. Disagreeable, and Open vs. Reticent. Characterizing these via the 32 
adjustable constants corresponding to eight emotions is not trivial. The constants 
represent mean levels for each emotion, how fast perturbations decay, how strongly 



do they react to reinforcers, etc. Experiments would be required in order to compute 
the values of this temperament matrix for the various types of personalities. 
 The above 
model has been 
implemented on cog-
nitive robots and with 
the ARL’s SS-RICS 
software. It worked 
extremely well, as dis-
cussed in [Long, Kelley, 
and Avery, 2015]. It 
was implemented on the 
robot shown in Figure 4. 
As it roamed the build-
ing it could recognize 
objects such as guns, 
food, etc. These objects 
would act as reinforcers 
to the emotion engine. Its behavior would then change depending on its emotional 
state. 
 An example output from the robots emotion engine is shown in Figure 5 
from [24]. As the robot perceives different objects it’s emotions vary significantly.  

 For the robot studies we used a few different temperament matrices, and 
showed how the robot behaved differently depending on its “personality.” But we 
need a better approach to determining these coefficients, and we also need to show 
how the model varies with the input temperament.  
 

 
 

Figure 5. Emotion (six) variations of cognitive robot [24]. 

 
Figure 4. Robot used for emotion and temperament 

model. 



We can rewrite the above equation as: 

Emotion(t)i =woi
+w1i γ i

(t− j )(t− j ) Rij
+

j=1

t

∑ +w2i γ i
(t− j )(t− j ) Rij

−

j=1

t

∑  

So given some measurements (at several time steps) of the emotional state, some 
decay factors (γ) and the reinforcers (R+ and R-), we could solve this to find the 
weights (wo, w1, and w2) using a least squares approach. To make this clearer, lets 
rewrite this again as: 
 

Emotion(t)i =woi
+w1i Ai (t)+w2i Bi (t)  

where 

A(t)i = γ i
(t− j )(t− j ) Rij

+

j=1

t

∑ Bi (t)= γ i
(t− j )(t− j ) Rij

−

j=1

t

∑  

 
We could determine the coefficients for each emotion by performing some 
experiments on animals (or robots), where we measure the emotion and estimate the 
reinforcers.  For example, for happiness, H(t), we’d have: 
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The H vector contains the values of happiness at different times. If we rewrite this as: !

H =[M ]
!
W

[M ]
!
W =
!
H

 

Using a least-squares approach this can be rewritten as 
 

or 



[M ]T [M ]
!
W =[M ]T

!
H

!
W =([M ]T [M ])−1[M ]T

!
H

 

 
Thus, given experimental data for the reinforcers and the emotional responses, we 
could determine the appropriate values for W. That is we can quantify the 
personalities. 

4   Conclusions 

This paper has presented a mathematical and computational model for emotions and 
temperament. It is very flexible, and can be adapted to the needs of both biologists 
and roboticists. It is very well suited to coupling to a cognitive architecture (e.g. 
SOAR, ACT-R, or SS-RICS). Also presented is a least-squares approach for 
determining the proper coefficients for the model, given experimental data. The C++ 
computer code is available from the author. 
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