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Abstract 

A simple way of implementing user adaptivity in emotion-based selection 
systems is the adaptation of behaviour-based control structures. In this 
case the user adaptation itself is handled as a kind of adaptive fusion of 
existing (collected off-line) human opinions (emotional models). Beyond 
the difficulties of collecting emotional models related to a set of objects 
from numerous individuals, these systems are also faced with the problem 
of economical model storage. For tackling the problem of model storage, 
the adaptation of HOSVD (High Order Singular Value Decomposition) 
based model reduction is proposed, as o kind of model pre-processing and 
handling method. 

1 Introduction 

One of the key goals of the emotion-based selection systems is to build an emotional 
user model, being the relation of the user emotion related requests (l ike "friendly" or 
"convenient") and the physical parameters characterising the objects to be selected. One 
of the main difficulties of building this relation is the highly user dependent 
interpretation of the physical meanings of the same emotional word. In many cases the 
same emotional word for different users covers quite different physical interpretations. 
The first systems applying the emotion-based structures were unable to handle this 
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probkrn. They had only one fixed emotional user modt:I, genr:rate<l off-line, based on a 
wide user inquiry, as a statistical average of the different answers (Imamura & Nomura 
I 996), (Fujii et al. I 999). Currently there is a lot of work n:lated to the on line user 
ndaptivity of the emotional user model. Some of this work applies learning methods to 
modify a global user model based on the on-line interventions, or interactions of the 
actual user (Yoshida ct al. IC,98), (Berlhouze & Kato 1999). Another view ofonline usc:r 
adaptivity of the emotional user model - based on behaviour-based control structures -
is introduced in (Kovacs et al. 2DtJ0a, 2000b) as on-line variable combination of some 
fixed existing (off-line collected) models. In this case the user adaptation itself is 
handled as a kind of adaptive fusion of existing emotional models in the manner of "the 
more similar the actual user to one of the exi�ting emotional model, the more similar 
must be the actual emotional model to that model". In other words, instead of identifying 
the actual emotional model itself, the user is classified in the manner of existing 
emotional models (or user types). The main benefit of this view is quick conve�gence, as 
in the most cases the problem of user classification related to some ex'.sting emotional 
models is much simpler than the identification of the complicated emotional mo,.kl 
itself. The ability of proper dcpictio:i of user emotion is highly dependent on the r,umbc:r 
and diversity of existing emotional models available in the system. The implementation 
difficulties of these structures, beyond the problems of collecting emotional modeb 
related to a set of objects from numerous individuals, are the problems of econflrnical 
model storage. For tackling the problem of model handling, in this paper an eflicienl 
technique of model storage and retrieval based on the adaptation of Higher Order 
Singular Value Decomposition (HOSVD) based model reduction (Yam et al. 1999), 
(Baranyi et al. 200 l) is suggested. In the following, section two will give a brit:f 
introduction to the structure of the user model based on the adaptive fusion of existing 
emotional models and section three will discuss the adaptation of HOS VD (Yam et al. 
1999), (Baranyi et al. 200 I) based model reduction techniques, with the main steps of 
the emotional model adaptation exeri•ted directly on the reduced form of the model. 

2 The adaptive emotional user model 

In behaviour-based conlrol sysli�:'1s, the actual behaviour of 1he system is fanned as oneof the existing system behaviou�s (which best fits the actual situation), or a kind of fusion of the known behaviours appearing to be the most appropriate.lo handle the actual
situation. Turning this structure to adaptive emotion based systein:., the actt.:al user model can be formed as a fusion of the known emotional models appearing to be the must appropriate to lit the taste of the actual user - interpreting the situation, or environment adaptiviiy of the behavioural-based control structures as user adaptivity. As a sample emotional model structure for the: rest uf the paper, the emotional model can be simply described as values of emotions r.elatt:d to physical objects in the fonn of a matrix £, 

1
, where i E [1,1] is the object identifier (e.g. the index of the physical 

description of the object) and j e [1,J) 1s the emotion identifier (e.g. Nice, Convenient,
FriendZi•, etc.). The emotional model generation can be based on questionnaires of individuals or groups representing the possible user clusters (each person, or group has a separate model). 

2.1 The s�ructurc of the adaptive model 

Tht: task of forming the adaptive emotional model is twofold. First the simi!arities of the 
actual user and the existing emotional models have to be approximated in an iten:tive 
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ncr based on user feedback, and then the existing models as a functio� of �e man 
anding similarities are fused to form the actual user model. Fo� the fii:5t tterativ_ecorresp_ . t k . ·n (Kovacs et al 2000a 2000b) fuzzy automata is applied. In thisnpproxunauon as . i · ' 

• -1 · • he actual state of the automaton is a set of similarity values (actual s1m1 antte�, �ee c�se 

i', the iteratively approximated similarities . of the _user opinions_ �nd the ex1s1tngFig. 
t" \al models (emotional descriptor sets on fig. I.). 1 he state-trans111ons o'. the fuzzyerno io 

t re dr·1ven b}' fuzzy reasoning (Fuzzy state transition rulebase on F1g. l .), as aautoma a a · · · · t of the cision based on the previous actual state (the previous 1terat1on s ep . . 
�;proxirnation) and the similarities of the user opinions (user feedback) to the ex1stmg
emotional models. 

The selected 
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figure 1. Tht: structure of the iterative emotio�al _user model adaptation 

(in an object selection appltcauon) 

f formin the adaptive emotional model, for the emot;onal r:iodel For_ the _second �ask 
� I 2000�) (Kovacs et al. 2000b) the adaptation of interpo/a11ve
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:�sting emotional models in the function of their correspondmg 
necessities, approximated by the fuzzy automata in '.he �orrn of the state vec_tor:The function suggested for the emotional model fusion 1s simply the following. 

K 

Lw•·E,.,.• 
E =,.:.h::.,.I�--
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z:w. 
,.1 '\>'i€[ul, \>'je[l.1], w, =S,, \>'ke[l, N], (I) 

I d I is the tensor of the all where £ is the matrix of the actual emotiona mo e , £,_
1

_1 

cxistin •:motional models, ie[U] is the object identifier, je[l, J� is the
_
emot10�g 

· · 'fi _ s is the k'h model weight, S 1s the kidentifier, k e[!,N] 1s the model 1drnt1 1er, w, - , t . 
• bl fthe state veclor sand N is the number of the models (or state variables). state vana e o 
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2.2 The steps of emotional model adaptation 

The goal or the actual emotional user model modifications from the user side is to tune th.: model to be closer to his/her opinions. Starting from an initial stage (e.g. where the similarities to the existing models are equal) in the events of user interaction - user fe.:dback, opinions given relat(:d to the evaluation _of an object presented by the system -first the approximated similaritii,s of the user opinions related to the existing emotional models (state vector} are recalculated, then the actual model is reformed. This means that the actual model is always changing in the manner of the model fusion, not only in parts affected directly by the user interaction. In case of an object selection applicatit,,-., the steps of emotional model adaptation could be the following: I. The user states his/her requirements in the form of emotional values (levels).2. As an answer, the system orders the objects, in the accordance with the simil;,ritybetween the user requirements given and the object related emotional values (fetchedfrom the actual emotional model), and presenting the results together with itsemotional values to the user.3. The user can select some object, and give his/her opinions (in the form of someemotional values} related to the selected object in contrast to the evaluation of thesystem.4. Getting the user feedback, the system first calculates the similarities of r.r,e existingemotional modt!ls and the emotional values given by the user. Having thesesimilarities and the previous state, the system recalculates its state.Based on the new state, the new actual model is fused from the existing emotional models. 
3 Emotional model reduction 

Most cases the main implemc:ntatiun difficulties of the emotional systems are to collect relevant emotional related information, e.g. by organising wide queries and asking numerous individuals to fill in qt1estionnaires. Moreover, in case of adaptive emotional models based on model i:..sion, not only a kind of "average" model is stored - as the adaptability of the structure is highly depending on the number and diversity of the stored emotional models - but as many as collected, or as many as are be able to stored in the system. For retaining the benefits of the model fusion based adaptive emotional model strucrures, and maintaining the overall low ccmputational resource demand, in this paper the adoption of Higher Order SYD (Yam et al. 1999), (Baranyi et al. 2001) based model reduction technique is suggested. In the following the Higher Order SYD reduction method, and the main steps of the emotional model adaptation executed directly on the reduced form of the model will be briefly introduced. 
3.1 Singular Value Decomposition (SYD) based reduction 

The key idea or using SYD in modd reduction is that the singular values can be applied to decompose a given model and indicate the degree of significance of the decorr.:,c-:.,'d parts. Reduction is conceptually obtained by the truncation of those parts, wr,ich have weak or no contribution at all to the model, according to the assigned singular values. 
Singular Value Decomposition: Every matrix Be �Jl 11 .,, can be written as the product

B= u, ·BJ U
1T 

(2) 
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where matrices u, an<l u 
2 

are orthogonal, and diagonal matrix B' contains the singular
values in decreasing magnitude. 
Exact non-exact SVD reduction:' 1 d d ti D' u T h e " " denotes Assume a matrix Be 91 1,· •. The exact re uce orm B = U

1 
• • 1 , w er r 

"reduced", is defined by matrix B' e 9l 1• •1• and basis matrices U. e 9t '· .,: , V n : 1; !.. I.
which are the result of the SVD, where only zero singular values and the corresponding
singular vectors are discarded ( BJ = 0 ): 

d [B' o] [U' I u•1r - u· -B' .u·T B=[U;IU,J· O BJ· 1 2 - 1 2 
(3) 

where matrix o contains zero eltments, matrices U I and U,. are orthogonal, and
diagonal matrix B' contains the singular values in decreasing magnitude.
The non-exact reduced fonn fl = u; . B' . u; T is obtained if not only zero singular values
and the corresponding singular vectors are discarded ( B' o< 0 ). 

3.2 Higher Order SVD (HOSVD) based reduction

The Higher Order SYD is a multi-dimensional extension of the SYD, propose� and
applied for fuzzy rule base complexity reduction e.g. in (Yam et al. 1999), (Barany1 et al.
2002). 
Definitions: 

N-mode matrix of a te11sor A: Assume an N -th order tensor A e 911
•·

1
•·····

1
• • The n­

mode matrix A1 , e 9i'•·J, J = TT /1 contains all the vectors in the n-th dimension of the" . 
tensor A. The ordering of the vectors is arbitrary, this ordering shall, however, �e
consistently u•ed later on. (A ) is called anj-th n-mode vector. Note that any matrix

-
(n) J 

of which the co:umns are given by n-mode vectors (A
1
.,), can evidently be restored to 

be the tensor A .
N-mode matrix-tensor product: Then-mode product of a tensor Ae91 1•·1=·····1• by amatrix u e 9l;.,. , denoted by Ax. u is an (J, x I, x ... x I._, x J x 1 •• 

1 
x ... x IN )-tensor of

which the entries are given by Ax. U = B, where 8
1
•1 = U · ·'\., · Let A� U. stand for

Ax, U,x
2 
u, ... XN u .•.

N-th Order SVD ur IJOSVD: Every tensor A e !Jl'•·1•·····'• can be written as the product
A"' S ® u., in which ti.,= [u,. u,.. . .. u,,.J is a unitary (/,. xi_. )-matrix called n-

•·• mode singular matrix. Tensor s e 91 1,·1, • .-1, of which the subtensors s,.-a have the
properties of all-orthogonality (two subtensors s,.,. and s, .. 11 are orthogonal (their
scalar product ::quals 0) for all possibie values of n,a and /J: (s,, .• ,S,.-p) = 0 when
a:,:. p (where ( B) =""···"a b is the scalar product of two tensorsA, � L � ,1,1 ,, ,1,1 . 1-'. 

A,8 em'•·',·· -•1, }). See t�e �eta;ied discussion and notation of matrix SYD and Higher
Order SYD (HOS YD) in (Baranyi et al. 2002) . 
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Exact, nn11-exact 1/0SVIJ reduction· Assume an ., th d • ,v- or er tensor Be 91'' ,,, • ...• ,, Exact reduced form B = B' ® v. • where "r" denotes "red11ced" ._, , is defined by tensor 
B' e 91 '; .,; • · .,; and basis matrices ,. ,,; , . . U, e 91 , ";In: 1. :S 1., which are t�,e result of I IOSVD, where only zero singular va!'.tes and the correspondt' . . 

.,·. . ng stngu1ar vectorr. .li.: u1sc<1rdcd. Non-exact reduced form • , N · · • B = B � U., ts obtained tf not only zero singular values and the corresponding singular vectors are discarded. 

3·3 Adaptation applying the reduced model
For retaining the benefits of the HOS VD b d . . . 
fusion based adaptive emotional d l

ase model 1educ11on techmque in the model . mo c structures maintain in, th II computallonal resource demand all the t f h • . g e overa low 
able to be executed on the red�ced fo 

s eps o t e emot1�nal model adaptation must be 
data to its original size). 

rm of the model directly (without extending the 

The reduced emotional model
In the case where the existing emotional models b dimensional tensor, e.g. as it is in the case of this 

can
, 

e charactensed by a three 
emotional models description can b . I 

paper s example (I), the size of the 
technique: 

e simp Y reduced by the HOSVD reduction 

E= E' � v. = ((E' x, u,)x l u,)x, u,
(4) 

where E Ee 91 1 •1•N is th t f h . e ensor o t e all existing emotional models, £', e 9l''•J'•N' is the tensor of the reduced mode ! u e 91"'' U rn,.,. ,v , • • . • , • 2 e,, , U, e 91 .,. are the basis matrices 
g the �?Ject tden1tfier, emotion identifier and model identifier respectively 

e:•�1 i�g on the demands of the implementation limitations and the maximump I e error bound, both ex�ct and non-exact reduction could be applied. The sl_orage gain of th.� model reduction: Applymg the model reduction, instead of the whole model tensor £ 9l'"•N th reduced model tensor £' 91r.,•.,v• d . .. e • e e an the three basis matrices u e !R,.,. U 91J.J' and U e 9,N•N' are t d Th . i ' i e 
• J s ore . e reciprocal storage gain of the model compression can be esumated by the following formula: 

(5} 
Model Fusion: 
The function (I) suggested for the emotional model fuc' following N-mode matrix-tensor product form: 

,ion can be simply rewritten in the 
E = £x

1 
w 

. (6) w�er_e E is the matrix of the actual emotional model £ 91 '•,.N 
. h ex1stmg emotional models and -[ ] 

. ' E 
. 1s t e tensor of the all 

h l!o • 
w - w,, w,, ... , w,. 1s the model weight vector ( w = S is I e k model weight). t i 
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for performing all the operations on the reduced model, applying (4), equation (6) can 
be rewritten to the following form: 

E = Ex, w =((£' x, (w · U,))x, u,)x, U, = U, · E' · u; (7) 

where E' = £' x
1 

(w. U 3) is the matrix of the reduced actual emotional model. 
According to (7), during the intermediate steps of the model fusion, an additional 
temporary storage area at least of size min(/. J', I' . J) is also required.

One object selection 
According to the 4-th step c:· the emotional model adaptation (introduced in section 
2.3.); getting the user feedback, the system has to calculates the similarities of all the 
existing emotional model., and the feedback emotional values given by the user. To 
perform these calculations, all the emotional values of all the existing models related to a 
selected object are required. For presenting these values directly from the reduced form 
of the models the following calculation is suitable: 

E, =((E'x, u,)x2 u l)x, u,. =((E'x, u,,}xl u,)x, u,
(8) 

where E e 91,.,. is the matrix of all existing emotional values related to the /1' object, ' 

ie:'J] :s the object identifier and U1
1 e !Rr is the ,<11 row of the object identifier basis 

matrix. According to (8), during the intermediate steps of the object selection, an 
additional temporary storage area at least of size min(J. N' ,J' -N) is also required. 

3.4 The estimated storage gain of the model reduction technique: 

Summing up the additional temporary storage requirements of the calculations (7), (8) to 
the needs of the reduced model storage, based on (5), the estimated reciprocal storage 
gain of the model compression can be characterised by the following formula: 

_!_ = �+ max{min(l-J' ,I' -J) min(J-N' ,J' -Nt 
G G M 

J-J•N 
_ I' -J' • N' + 1 -I'+ J · J' + N ·N' + max(min(I-J' ,/' -Jlmin(J · N' ,J' • N))_

l·J·N 

where /,J, N are respec.tively the number of objects, emotion and model identifiers, and

r ,J' ,N' are the dimensions of the reduced model tensor £' e 91 1
··,···•· . 

Disregarding the additional calculation demands of the structure, a storage gain could be 
achieved only in the case, if 

1-J-N > J'-J'-N' +l-l' +J-J' +N·N' +max(min(t-J',/' ·J1min( ... ··N',J' -N)).

This inequality also forms the upper plausible bound of the minimal HOSVD model 
reduction needed. Dependir,& on the demands of the concrete application, if this 
inequality cannot be fulfilled, e.g. higher level of reduction can not achieved because of 
the maximum permitted error bound of the emotional model, the proposed model 
reduction technique is nnt suitable for lowering the computational resource demands of 
the model fusion based adaptive emotional model structures. (For details related to the 
error bounds of the non-exact HOS VD reduction see (Baranyi et al. 200 l, 2002).) 
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4 Conclusion 

The main benefit of the application of behaviour-based control structures in interactive 
emotion-based selection systems is introducing a simple technique for handling user 
adaptivity. In this case the user adaptation itself is handled as a kind of adaptive fusion 
of existing (collected off-line) human opinions (emotional models). In case of online 
applications this adaptive structure also has the benefit of relatively quick iterative 
adaptation as the system tries to identifies the actual user in the space of the existing 
models, based on a series of user interactions (feedback), not the - usually much more 
complicated - actual model itself. l11e implementation difficulties of these structures, 
beyond the problems of coilecting emotional models related to a set of objects from 
numerous individuals, are the problems of economical model storage. For retaining the 
benefits of the model fusion based adaptive emotional model structures, and maintaining 
the overall low computational resource demand, the adoption of Higher Order SYD 
(HOSVD) (Yam et al. 1999), (Baranyi et al. 2001) based model reduction techniques 
together with the main steps of the emotional model adaptation executed directly on the 
reduced form of the model, as a kind of model pre-processing and handling method, was 
introduced in this paper. As an application guideline, for checking the plausibility of the 
proposed technique, the required minimal HOSVD moJel reduction, was also 
investigated. 
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