Towards a System-Theoretic Model for Transition of
Affect

Michelle Karg and Kolja K thnlenz and Martin Buss'

Abstract. This study investigates the dynamic properties of affectaverage behavior with system-theoretic tools. A second model gives
from a system-theoretic point of view. A psychological study wasestimates of how an individual would react to a specific stimulus in
conducted, in which affect was induced sequentially using picturesespect to the current affective state.

of the International Affective Picture System. Based on this experi-This paper is structured as follows. Section 2 gives a brief overview
mental data, a piecewise linear model is formulated which describesf related work. Then discrete affective states are defined for aur pu
average affective reactions of a human. System-theoretic analysis pbse in section 3. Section 4 describes the psychological experiment
this model reveals that the system shows complex dynamic characonducted to estimate the parameters for each model. Section 5 in-
teristics, which can not only be explained by an additive influence otroduces a model based on a piecewise linear system (PL), which
the stimulus on the current affective state. It suggests that there existodels average affective reactions. The parameters of the medel ar
internal fluctuations. Furthermore, the joyous region contains a staadapted to the experimental data, followed by a system-theoretic
ble attractor. A second model concentrates on individual differenceanalysis. It is concluded that internal fluctuations in affective reac-
of affective reactions between humans. A Markov Chain estimatesions exist. Section 6 uses a Markov Chain to estimate the next affec-
the probability that a person feels a specific affect depending on ative state of a person depending on the previous affective state and an
external stimulus and the previous affective state. Using this modetxternal stimulus. The paper concludes with plans for future work.
estimates on how a sequence of different affective stimuli influences

the affective state can be calculated.

The study proves that a system-theoretic approach is suitable fc@ RELATED WORK

modeling emotions, in particular affective states, and can give ad- I . .
. ge NP . . ' 9 Probabilistic models are currently investigated to model HCI for pre-
ditional insights on the dynamics of emotions.

diction the next emotional state of a human, analysis of the interac-

tion and design of the affective reaction of virtual avatars or robots.

1 INTRODUCTION Gockley at al. propose a model which is capable to calcluate syn-

thesized social reactions based on mood, emotion and attitude for a

Emotions influence cognitive processes, like decision making, learnyopoceptionist [9]. Their main goal is to model long-term effects to

ing, recognition and motivation. Studies analyze the source of emOanhance long-term relationships beteen human and robots.

tions, classification of emotions and how emotions relate to cognicattinelli et al. [4] consider an interaction model based on a proba-

tive processes[23, 19, 7]. Recent research investigates the titegra pjjistic finite state automaton. The automaton contains a finite set of

of emotions in Human-Computer Interaction (HCI). It is presumedsgates for the robot and the user. They conclude that the interaction is

that recognition of human emotions, modeling emotional reactiongtaple if both agents have similar personalities. If personalities differ

as well as interactions, and also expressing synthesized emotioRg, quick convergence of emotional state is exprected.

on a virtual avatar or robotic head enhances HCI [21, 20]. This reyjiggden Markov Models (HMM) can be used to connect actual

quires emotion recognition, expression and dynamic modelling ofe|t emotion with emotion expression. In [11], a HMM is proposed

emotions. A dynamic emotion model offers the possibility to pre-55 5 emotional core for a robot. Blewitt et al. present a computa-

dict emotional behavior, to enhance recognition systems by previougonal model for defining the emotional state of an agent based on

knowledge about temporal development of emotions and gives iny fzzy |ogic system [3, 2]. Further approaches regarding model-

sights in complex emotional reactions. Furthermore, implementatiofy,q emotional behavior of virtual agents or robots can be found in

of such a model on an emotion-expressive virtual avatar or roboti¢y ‘24 14, g, 5]

head has the benefit of compact programming compared to state Mg thjs study, we focus on a model for transition of affect itself and

chines for showing complex and versatile behavior. analyze it with system-theoretic tools.

This study focuses on the temporal characteristics of affect. From a

system-theoretic point of view, it analyzes how the previous affec-

tive state and an affective stimulus, corresponding to external event§ ASPECTS OF MODELING AFFECT

effect the current affective state. A time-discrete model is developed .

based on experimental data. As there usually exists a large variatiop-1 ~ Affective States

of responses to emotional stimuli between humans, one model coQi . . . . . .

siders the average affective reaction of a human and analyzes th&rous theories eX|_st tq categonzg emot|o_ns af‘d aff_ect. According

to Lazarus, an emotion itself contains physiological disturbance, ac-

1 Technische Universit Miinchen, Germany, email{mkarg, koku, tiontendencies that are not necessarily acted out, and affect, whereas
mb} @tum.de affect is the subjective experience of a person during an emotion [13]




Most common theories are the dimensional PAD model [16], the ba3.2  System-theoretic Model

sic emotions [6] and the primary emotions [22]. The PAD model . . .
spans a 3-dimensional space with the independent and bipolar axdéS€re exists a large variety of system-theoretic models. In general,
they can be divided in stochastic and deterministic models. This

valence, arousal and dominance. The current emotion of each indr - h .
vidual can be described as a state within this space. The basic emp!dy uses a Markov Chain as a representative for a stochastic ap-

tions are anger, disgust, fear, joy, sadness, and surprise. Tdg-ar proach ar_ld a Piecewi§e Linear System fqr deterministic' modeling.
rived from facial expressions common among all cultures. In centra A data-driven concept is chosen to determine the properties for each
to the basic emotions, the primary emotions can be blent together, $9°del, as there is no physical law applicable to emotions in order to
that each emotion consists to a certain part of the primaries which afi€rive state equations. A psychological experiment is conducted for
acceptance, anger, anticipation, disgust, joy, fear, sadness and SH?IS purpose. The experiment is repeated over a number of partici-
prise.
In this work, we combine the dimensions arousal and valence with |,4,ce Affect —
the discrete emotions sad, joyous, neutral and quiet, which are de
rived from the basic emotions, see Fig. 1 . Mikels et al. collected
descriptive emotional categories for IAPS to identify images which u(t-1)
elicit one discrete emotion more than others. Based on their work, i Model emotional reaction
the discrete state sad represents the area in the arousal-valence space Estimate next emotional state
with which participants most associated the state sad in Mikels et
al.’s study.
Descriptive emotional categories as awe, content, and amusement drigure 2. A stochastic as well as a deterministic model are designedibase
mixed for pictures in the upper plane of the arousal-valence spac@” knowledge about the affective stimulu§ — 1) and the actual affective
[17]. We choose the area where arousal values range from 4 to 6 and’ tatez(t) of a pegzggazhnerg;wogs affective state — 1) is estimated

gs in the IAPS manual.
valence values range from 6 to 8 for the state joy.
Morris scored advertisements and emotion adjectives using SAM

in his study. The number of pictures available in the IAPS datapants, so that a model can be formulated which describes the mean
set shows a V-structure with its peak at medium pleasure and lowfective behavior. This model specifies the average affectitioza
arousal. In Morris studies, adjectives like quiet and solemn correpf 3 human. The analysis of this model concentrates on the effect of
spond to this area. We defined this area as the discrete state quiet.the previous affective state on the current affect in comparison to the
The discrete state neutral represents the area between sad and joyoifective stimulus. Furthermore, it investigates if in general more sta-
For equality of the states, each region spans a two times two square jj}e or instable affective regions exist.
the arousal-valence state space. Furthermore, the states sad, neuffalyever, emotional reactions vary within subjects and in-between
and joyous have the same range of arousal, so that state transitioggnjects. This leads to a Markov Chain which estimates the probabil-
depending only on pleasure can be investigated. ity that an individual person feels a specific affect. This model gives
estimates for each affective state considering the previous emotional
statex(t — 1) and the stimulus(t — 1).

Transition of Affect — Measure Affect

8 - ——————
7 AAA}’Q 4 PSYCHOLOGICAL EXPERIMENT
1 Al
| A psychological experiment is contucted in order to identify param-
61 | i - eters of the Piecewise Linear System and the Markov Chain. It is
o 8 ,’“\. f e essential to set the scene for interpretation and system-theoretic anal-
E | o " s ysis of each model.
o
K] fsex X X . . .
B g o ¥ 4.1 Preparation of Emotion Induction
(s OUET | P X E I . - )
5 | * QUIET Lo K IAPS was choosen for emotion induction because it is continously
= NEUTRAL updated and evaluated. The IAPS pictures are sorted by their va-
1 4 x SAD lence, arousal and dominance values. 18 pictures for each emotional
0 A JOY state were selected from the IAPS database. Each picture was shown
0 2‘ “1 5 E; only once. Criterion for selection was the standard deviation of

arousal, valence and dominance, which ranges between 1 and 3 in
Arousal the data base. In the three subsets for sad, quiet and neutral, pictures
- were selected with a standard deviation lower than 2 for arousal and
valence. Pictures which induce joyous vary more in their standard
Figure 1. The four discrete emotional states quiet, sad, joyous antiaieu deV|at|or.1 so that the maximum standard deviation for arousal and
are arranged in the two-dimensional arousal-valence subsgahe PAD valence is 2.14.
model. The markers display the affective states of the IAP@ifs used for ~ The pictures were aligned in a presentation so that each transition
induction of a specific affect. between the four states is repeated three times. It was achieved
to keep arousal almost constant for transition between the states
sad, neutral and joyous. This allows independent investigation of
transitions along the pleasure axis.



Due to different reactions of humans to erotic pictures, they were
excluded.

4.2 Test Procedure

lence mean

The presentation which includes the IAPS pictures was shown with$
a video projector. The slide transitions were determined by a timer.
Each picture was shown 5 seconds. The participants had 15 secon
time to fill out the Self Assessment Mannequin (SAM) questionaire.
After that a start slide was shown with the number of the next transi-
tion for 5 seconds.

A maximum of 8 persons completed the experiment at the same time
Overall 50 persons participated at the experiment.

The handout for the participants contained a how-to-do manual fo
SAM, test questionaires, the SAM questionaires for the transitions
and an EPI personality test at the end.

The general procedure of the experiment was as follows

arousal mean
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e Time for questions
e 1testcycle (IAPS picture + SAM evaluation)

e 1 IAPS pictures of each state to identify a participant’s peculiar

response to emotion induction

e 3*3*4 test sequences (3 transitions for each state, 3 repetitions,
states)

e EPI personality questionaire.

One procedure took about 30 minutes.

Start Slide

1. Emotion Induction
(IAPS)

2. Emotion Induction
(IAPS)

SAM

Figure 3. This graph shows a single cylce to investigate the tramsftiom
one emotional state to another. First the start slide witmtiraber of the
cycle was shown. After 5 seconds the first IAPS picture wasepred. The
second emotion induction followed 5 seconds later and thengievas also
shown for 5 seconds. Then the SAM questionaire was filledThis cycle

was repeated 36 times.

4.3 Discussion of Experimental Data

Figure 4. The ratings for valence and arousal are lower in our expetimen
comparing to the lists in the IAPS manual. The standard deviasi almost
equal.

4

mean valence values over all participants are plotted separately for
each affective state in Fig. 5.The degree of valence is usually higher
for the second affective state if the previous state was quiet or neu-
tral. If the first affective state was sad, participants rated in average
their next emotional state with less valence. In average, the discrete
induced affect for the second state was always reached, netherthe-
less what the previous affective state was. The averaged arolisal va
ues were also within the expected discrete states. It is aimed that the
following state model is capable to model slight differences in emo-
tional reaction to a stimulus depending on the previous state.

1.state : * neutral ® sad joyous * quiet
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Figure 5. This plot shows the mean ratings of valence depending on the

The averaged ratings of our participants over all pictures differ from
the ratings listed in the IAPS manual. The mean arousal value is 1.8
lower in average to IAPS. The mean valence value is 0.8 lower in av-
erage to IAPS. This results in a shift of the discrete regions for quiet,
joyous, neutral and sad in the valence-arousal space (see Fih&) . T

previous affective state. In average, participants ratdeince higher if the
previous affective state was neutral or quiet.



5 MODELING THE MEAN TRANSITION OF The switching boundaries between the states are defined in Fig.6.
AFFECT: STATE MODEL Their mathematic description is as follows:

A time-discrete, time-invariant, Piecewise Linear System (PL) with fi=(10)X; — 3,2

state-depented switching is proposed to model transition from one

affective state to another [15, 10]. This model covers the average be fa=(10)Xk = 5,2 )
havior over all participants. As it is supposed that affective reactions f3=(01)Ki —2,2
are complex, dynamical and nonlinear, a set of linear dynamic equa-
tions are chosen for approximation.

The state vectoX, consists of two dimensions arousal and valence.
It is measured with the SAM rating during the experiment. As the
SAM test ranges between 1 and 9, the componenis;olso range
continuously between 1 and 9. joyous

valence

X}, = {valence, arousal}” 1) 59

The influence of emotion induction is modeled by the input vector
ug. It reflects the difference of the expected PAD values of 2 con- quiet neutral
secutive IAPS pictures. Furthermore, the influence of the emotion 32 o
inductionuy, is delayed and affects the statg._;. T

ur = Au = {Avalence, Aarousal}” 2 sad

The output vectorY, is a unit vector e, of Sy =
{€joy, €ncutral, €sad, €quict }- EACh unit vector e, represents
one discrete affective state sad, neutral, quiet or joyous.

The state space for arousal and valence is divided in four regions
according to Fig. 6. The behavior in each region is approximated by
the following linear dynamic equations: Figure 6. This graph shows the switching boundaries between themsgio

The most probable discrete stafg is estimated by superposition of the
Xrer1 = AgXe+ Bour + Xy 3) functionsfi, f2 andfs .

Yi = CXp+Yo+wk (4)
q € {sad,joyous,neutral,quiet}

»
»

2,2 4,2 arousal

The signs off1, f2 and f5 differ depending on the discrete states,
The probability matrix4, describes internal fluctuations in human e.g. for a specific state in the region for neutfaland f5 are positive
emotions. Even if no external stimuli is present, the emotion willand f» is negative.

drift. The impact of the external stimuliy, is defined by the matrix ~ The first element of the vector calculated 6YX; + Yo is asso-
B,.

The mapping between the continuous stite and the discrete af-
fective outputY, is realized by the matrix’. This mapping can be
derived from our definition of the discrete outputs. The martingale Table 1. Values of functions in discrete regions
wy, is required so that’x reaches the most probable output calcu-
lated byC X, (4). The value of the martingale increment is adapted

[htbp]

regon fi fa fs

joy + + +
for each time step k. The sample rate is 0.2 Hz. neutral  + - +
If the present stat&(;, would not influence the next emotional state sad - - +
and if the input underlies no damping or amplification, the state equa- quet  + - -

tion would look as follows:

_ (10 10 0 ciated with the discrete state joy, the second with neutral, the third
Xk+1 = Xk + Uk + (5) . . . .
0 1 0 1 0 with sad and the last with quiet. So that the first row represents the

superposition of the functions for the state joy in that way, that the

emotional behavior is completely covered by Equ. (5), affectiveres‘?lting function is maximum if the stgte isinthe region of joy oth-
reactions are barely a reaction to affective stimuli and the previou§™iSe less (according to table 1). This procedure is analog for the
affective state does not influence the current affective state. following three rows ofY;.. The following equation combines the

If this hypothesis does not hold, the conclusion can be drawn tha§uperposition of the decision functions for the four discrete states.
complex dynamics underlie emotional reactions.

The matrices4, and B, are identity matrices for alf. If mean

2 1 —-10,6
Y = ?2 i Xi + _60722 + wg (8)
5.1 Estimation of the Output 0 -1 4:2

The output describes the mapping between the continuous states s

lence and arousal to the four discrete states joyous, neutral, sad an(jua"y’ probabilities range between 0 and 1. The above equations
. ) ! ! hif iti | for valence rangin we ,an
quiet. The matrixC' and the offsel; need to be estimated. are shift to positive values for valence ranging betweéands), and

arousal ranging betweeh and 9, so that the result is positive for
Y. = CXp + Yo + wi (6) all possible SAM ratings. Also, they are normalized to guarantee a



maximum value of 1 and a minimum value of 0. State equation for the region sad:
The martingalavy, is required so thaY, reaches the most probable

state and can be represented by unit vectors. Xpsr = ( 1(.)66 —10:.))8 ) Xp it
2 1 0.0426 Lo . 3 ’ .
1 0 1 0.4113 n 0 =033 ( , ) (16)
Ve=mal -2 1 || oesss | T O ( —0.1 038 ) 0.7
o 05674 State equation for the region quiet:
5.2 Estimation of State Equation Xps1 = < 1(.)38 (1).; >Xk N

Actually, one state equation was considered. However, it is not pos-

sible to reflect complex behavior within one linear equation. So the L1 00 —24 17
- + 9 Uk + 4 17)

state equation were extended to a PL systdm). B,, and X, are 02 06 8

adapted separately for each state. There are large variations in the parametersigffor each region.

-(I:—SIZ; \:jeg?z;;zuzfl 22%‘@'& T(;e ::/Ifjlelu'e}?]gvez;ri”tﬁzr?lglzaents were Cq'his proofs that an individual model for each region is required. The
P ycle. y on eéements ofB, are similar. As expected, the elements on the diag-

and represent the emotional state of a participant after the secon hal are larger than the elements on the secondary diagonal so that

stimulus. The emotional state after the first stimuli was not measure . .
: . . e component arousal of the stimulus influences arousal more than
and is derived from the values in the IAPS manual. Besifgs: .
valence of the state and vice versa.

and X, uy is known. It is the difference in arousal and valence be- . . .

: ) So far, this model covers only the average emotional behavior of hu-
tween the first and the second stimulus. mans
Least Square was used for estimation of the parameters. Exemplar-—
ily, the calculation ofai1,ai2,b11,b12 and Xy, is shown for the ]
discrete state joyous. These parameters are required to estimate tae3 Evaluation

valence component o x41. ;
P k1 5.3.1 Evaluationof A;, B;
X410 = a1 Xy + 012Xk 0 The root mean-squared errey is calculated between the measured
+b11Uk,» + br2uk,e + +Xo,v (20) values X ;; over all participants for each transitidrand the sim-
ulated valueX. The erroe; is calculated for each discrete state

The unknown parameters are combined in the vector =
e o .
,[Aalm Q;Q’hbl}.’ bz, Xo,0]". IEach transition W?ls repeated three gmes. tis averaged over the three repetitions of each transition and over all
so, if the |_rst emotional state is joyous, the next state can € S2q;5sition from one discrete state.
neutral or quiet. In total, we have nine times measured state variables
and input variables for the above equation. So that a data niatisx

separately.

introduced, whose rows j contain the input and state values for each n
of the nine transitions. ej = Z (Xjp = X;0)%/(n—1)
Dj = [Xk.vj Xkaj Uk Uka; 1] (11) o
withj € 1...9 3
— )2 .
d= [Xk+1,v,1-~-Xk+1,v,9]T (12) - Z (AX;)?- 0.5 (18)
=1

The next stateX1.+1,.,; are combined in the vector d. Least Square
is used to solve the overdetermined system

d=Cuz. (13)

The following table shows the mean quadratic error for valence
(v) and arousal (a) for each transition:

This procedure was repeated for arousal, which is the second com- Table 2. Root mean-squared error of simulation

ponent of X and for each region. This results in the following state

equations.
State equation for the region joy: 7 state
A vla sad joy neutral quiet overall
. 0. —0.6 1.state
K1 = ( 0.7 —04 )Xk + sad v\ 0.9 0.1 03 05
a 0.5 0.4 0.3 0.4
09 -04 5.2 joy v 05 \ 0.2 0.2 0.3
+ < 0.3 08 ) uet o ) (14) a 05 \ 05 06 04
neutral v 0.1 0.3 \ 0.2 0.2
State equation for the region neutral : ) a 03 01 0.2 0.2
quiet v 04 0.4 0.4 \ 0.3
a 0.4 \

3.6 (15) The error alternates between 0.2 and 0.5. However, emotion in-
0.4 duction has a large variation (standard deviation between 1 and 2), so

1.0 —1.2 03 0 0.6 0.4
Xpy1 = ( 0 0 )Xk +

13 —03
+( 03 1.0 )“k+



that the simulation errors are minor comparing to variations caused
by individual emotional responses or reactions.
The total root mean-squared error is 0.32 for valence and 0.35 for

Table 4. Eigenvalues of the state matrik,

arousal.
regionqg 1l.Eigenvalue 2.Eigenvalue
. sad 2.1 0.8 saddle point
5.3.2 Evaluation of State Order joy 0.5i —0.5i stable fixpoint
neutral 0.8 1.2 saddle point

Fig. 5 shows that participants felt more valence, if the previous state

was neutral or quiet. The same plot was generated by the PL system.
Comparison of both plots showed that the model predicts the same
behavior for joyous, neutral and sad as the second state. If thedsecon A
state is quiet, the mean values for a neutral and joyous previous state §
lie close to each other. In the simulation, their order is vice versa. %
Same results are gathered for analyzing the mean values of arousal. >

quiet 1.0+ 0.9¢ 1.0 —0.9¢ instable fixpoint

5.3.3 Reachability of the Discrete States 5,2

N,
In average, all participants reached the induced emotional states for \_//\
all transitions. The same holds for simulation of all transitions.

S /S

3,2

5.4 Systemtheoretic Analysis

Methods from control and system theory are applied to the obtained Q\
state equations, so that conclusions can be drawn about stability, ob-
servabilty and detectability for each affective region. This analysis B
interprets the mean affective behavior over all participants. The ex- 2,2 4,2 arousal
ternal stimulusyy, is set to zero. This means that the external stimulus
stays constant, e.g. in case of our experiment showing the same joy-
ous or sad IAPS picture for a longer time period and try to induce
the same affective state for a longer time period. The reaction differs
depending on the affective state at the beginning.

Figure 7. This graph shows the phase diagramm for each region for
Uk = 0

is shown repetitively, the mean reaction over all participants would
- be, that a stable joyous affect is reached. However, a sad stimulus
54.1 Sability with less pleasure and medium arousal would lead to more sadness
First, the fixed point for each affective region is calculated using theand eventually anger. Starting with a quiet or neutral affect, arousal
corresponding linear dynamic equation. The fixed points of the dyincreases over time.

namic equations for joyous and sad lie within their regions, the others

outside. Table 3 lists the coordinates for each fixed point. 542 Controllability

Table 3. Fixed points Kalman method is used to analyze controllability of the PL system
for each region. For all regions, the rank of the controllability matrix
@B, = [Bq, AqBg) was equal the number of states, so that each
region is controllable.

regionq valence arousal

sad 2.6 2.7

joy 5.4 2.9 -
neutral 12.3 2.9 5.4.3 Observability
quiet 5.8 0.5

In analogy, observability is studied for each region. The observabil-
ity matrix Qo,q = [CT, ATC"] is calculated. As the rank for all

As the system is time-discrete, the absolute value of the eigenvalué’&’sert\)’ab'l'%lmatr'cesgoﬂ is equal the number of states, all regions
must be lower than one for a stable fixed point. Applying Lyapunov’sare observable.
Indirect Method to each fixed point, yields that the system has one

stable fixed point, one instable fixed point and two saddle points (seg  MODEL OF AFFECTIVE TRANSITIONS FOR

Table 4). _ o ~ ONE INDIVIDUAL: MARKOV CHAIN
The phase diagram of the PL system is plotted in Fig.7. However, this

diagram is plotted for, = 0. This case, repeating the same stim- A Finite Markov Chain is considered to model individual fluctuations
ulus, was not included in the experiment, so that the state equatiorfsom mean affective behavior [12]. This model calculates the prob-
are only approximated by data for alternating stimuli. Interpreting theability that a specific person feels a specific affect influenced by an
phase plot leads to assumptions which need to be checked in a seexternal stimulus. The affective state and the stimulus can take four
ond experiment which includes repeating the same stimulus. For thidiscrete values joyous, neutral, quiet and sad. The probability vector
model, the following interpretations are drawn. If a joyous picturep;, at a specific time step contains the probability for each affective



state. . . o
Table 8. Probability matrix for quiet stimulus

Pk = (pjoy7pneutral7psadapquiet) (19)
The parameters of the probability matfiX; ... depend on the
external stimulus. predicted state
joyous neutral sad quiet
Qstimulus € {QjoyouS: Qneutral: Qsad7 Qquiet} (20) previous state
- e . j 0.3 0.06 0.12 052
The probability that a specific person feels a specific affect depends Jnoeyl?tlrj; 0.12 01 008 07
only on the external stimulus and on the previous affective state. sad 0.04 0.12 0.44 0.4
quiet 0.25 0.25 0.25 0.25

Pr+1 = kastimulus (21)

The probability matrices differ for each type of stimulus. Table 5 to

8 lists the matrices for joyous, neutral, sad and quiet stimuli sepa-7 DISCUSSION

rately. As the same stimulus was not repeated in this experiment, thene first model based on a piecewise linear system analyzes aver-

according row is filled with equally distributed probabilities. These age affective transitions of a human. The linear approximations in

probabilities need to be estimated in a continuative experiment. Theach region joyous, neutral, quiet and sad differ from equation 5.

This concludes that superposition of external stimulus and affective

Table 5. Probability matrix for joyous stimulus state is not sufficient to explain affective transitions. Furthermore, the

states valence and arousal are controllable and observable in each re-

gion of the state space. As properties of nonlinear systems are only

locally valid, in this case in each region, a reachability analysis of the

predicted state . . . o .
joyous neutral sad  quiet complete PL system is considered in future works. Within the joyous
previous state region lies a stable fixpoint. It is assumed that repetition of joyous
joyous 0.25 0.25 0.25 0.25 stimuli maintains joy. However, reactions to a repetition of sad stim-
neutral 0.68 0.12 0 02 uli depends on the initial value of arousal and valence. It can drift to
sad 0.36 0.16 0.14 034 - . . .
quiet 074 002 004 02 anger or neutral. As the underlying experimental data did not contain

repetition of the same stimulus, these are assumptions. A continu-
aitive experiment is ongoing.

A second model predicts the probability for the next affective state

Table 6. Probability matrix for neutral stimulus depending on the current and an external stimulus. A Markov Chain
ist proposed with a separate probability matrix for each stimulus joy-

ous, neutral, quiet and sad. Mostly, the probability for the next state is
highest for affective state intended by the external stimulus. For neu-

_ predicted state , tral and quiet stimuli, the previous state influences the next stronger
previous state Joyous neutral sad  quiet comparing to sad or joyous stimuli. This model can be used to calcu-
joyous 02 014 044 014 Ia_te the propabilities_, for each gﬁecti\_/e state for a sequence Qf stim-
neutral 0.25 0.25 025 0.25 uli. For HRI interaction scenarios, this model offers the benefit, that
sad 0.06 0.16 052 0.26 combinations of different stimuli can be simulated with this model
quiet 0.5 0.08 0.14 0.28 beforehand.

The Markov property holds for both models. For simplification, we
assume that the future affective state depends only on the present
emotional state and is independent of its history. Long-term effects

Table 7. Probability matrix for sad stimulus are neglected within this study.

8 CONCLUSION AND FUTURE WORK

predicted state
joyous neutral sad  quiet This study shows that system-theoretic approach is applicable to
previous state model transitions of affect. Two models are proposed. One models
Jnoeyl?tlrjasl %012 8'82 8'22 %026 the average affective reaction of a human and gives insights on the
sad 0.95 0.25 025 0025 dynamics of affect. Simple superposition of external stimulus and
quiet 0 0.02 0.94 0.04 current affective state is not sufficient to predict the next affective

state. It is concluded that affect underlies more complex dynam-

ics. These dynamics are approximated by a piecewise linear sys-
interpretation of the tables is as follows. If the previous state is quietem. System-theoretic analysis revealed that a stable fixed point ex-
and the external stimulus is joyous, see Table 5, the probability thaists within the joyous region. This suggests that joyous is a stable
a person feels joyous is 74%. However if the previous state is sad;ondition over time. However, a continuative study is required which
the probability is only 36% that a person reacts to a joyous stimulugonsiders repeating the same stimulus in the experiment. A second
with joy. This model can be used to simulate the effect of a sequencemodel based on a Markov Chain estimates the probability how a per-
of stimuli. Alternating a sad and a joyous stimulus leads to a higheson reacts to an external affective stimulus. This model is capable to
probability that a person feels sad. So it can be concluded that theredict the affective reaction to a sequence of affective stimuli.
sad stimulus has a stronger effect. Up to this point, only transitions of affect have been considered. The



models need to be extended to cover also repetition of the same ex-
ternal stimulus. Furthermore, personal traits, like extrovert/introvert,
degree of anxiety, gender or mood, can have an influence on the af-
fective reaction. For both reasons, a similar psychological experi-
ment is planned. The long-term target is to test its validity in a real-
world HRI setting.
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