TOWARDS A NEW APPROACH FOR INTEGRATING MULTIMODAL USER INPUT BASED
ON EVOLUTIONARY COMPUTATION

Frank Althoff, Marc Al-Hames, Gregor McGlaun, Manfred Lang

Institute for Human-Machine-Communication
Technical University of Munich (TUM)
Arcisstr. 21, 80290 Munich, Germany
email: {althoff, alhames, mcglaun, larj@ei.tum.de

ABSTRACT Various approaches have been discussed to process mul-
Multimodal interfaces provide flexible, intuitive, and error- timodal input signals (e.g. [3] and [4]), differing either in
robust interaction with complex information systems. In the specific method (rule-based, statistical, etc.) or in the
this work we describe an innovative statistical approach for level of integration (feature fusion, late semantic fusion).
combining multimodal user input that is based on principles To profit from the advantages of the individual approaches,
adopted from evolution theory. A population of individu- several hybrid architectures have been introduced that com-
als, each representing a solution to the integration problem bine these methods with regard to the current application[1].
compete for an optimal interpretation of the user interac-
tions. Specially designed genetic operators recombine vari-1.2. Application Domain
ous characteristics of these solutions. The fitness of a single ) _
individual, measuring the certainty and the confidence of OUr research work focuses on the design of a multimodal
an integration result, is calculated according to a weighted nterface for navigating in VRML worlds [5]. Conventional
scheme including the various information resources and thel@Ptic devices can freely be combined with special Virtual-
current system context. Our integration algorithm works ex- Reality hardware, and, as a key feature, with natural speech,

tremely robust. Moreover, it can easily be scaled up to ad-f"IS well qs dynamic head "_’md_ hand gestures. For exchanging
ditional input devices and various application domains. information between the individual modules of the system

we developed an extended context-free grammar formalism.
As the grammar completely describes the functionality vo-

cabulary of the application, it facilitates the representation

9f domain- and device independent multimodal information

contents. Thereby, the terminal symbols of the grammar
represent the smallest significant semantic units (caked

1. INTRODUCTION

The development of user interfaces has become a significan
factor in the software design process. Growing functional

gomplex@y and mosjtly restnc;hon to.purely haptic mtz_erac- mung of potential user interactions. Taking into account the
tion required extensive learning periods and adaptation by N .
current system context, the individual semuns are combined

the user to a high degree, which significantly increased user. . e
i o2 . i in a semantic unification process.

frustration. To overcome these limitations, various interface

types and interaction paradigms have been introduced in the

course of time. Multimodal interfaces currently resemble 2. GENETIC MULTIMODAL INTEGRATION

the latest step in this development, as they can be worked

with easily, effectively and, above all, intuitively [1]. Genet_ic algorithms (G_As) and othe_r techni_qL_les related to
evolutionary computation are adaptive statistical methods,

well established to solve complex optimization problems|[6].
Based on the principles of evolution, they work in direct
In multimodal systems, information is provided by various analogy of natural behavior. A population oidividuals
input devices either in parallel or within short periods of each representing a solution for a problem, compete with
time. These pieces of information have to be combined (in- each other. Characteristics of the best solutions are com-
tegrated) in a meaningful way to interprete the user intention bined to produce new solutions. Randomly some charac-
and generate appropriate system reactions. Besides manageristics are mutated, introducing new characteristics. Al-
ing redundant and complementary information streams thethough GAs do not guarantee to find the global optimum so-
main problem is to handle competing user input[2]. lution, they have proved to find good solutions very quickly.

1.1. Multimodal Integration
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2.1. System overview | Produce iitalpopunation |

¢ Add chromosomes
to the individ ualks

The structural elements of our genetic algorithm for inte-

| Calculate command chromosome

grating multimodal user input are shown in figure 1. A new 1

run of the integration process is initiated when any of the | Calculate fimess of the mdividuals | Tes
connected devices reports a new user input. At first, an ini- v .
tial population is produced. Each of the individuals is rated | Select individuals for recomh ination °
according to itditness including an estimation of the cer- v

tainty for the individual and the appropriate system com- | Recombination (Crusover, Mutation) |

mand. In the next step, some of the individuals are cho-

sen for recombination. The selected individuals are recom- | Caleulate command chromosome |

bined, using two problem adapted genetic operators. For v

the new individuals, the command, its certainty, as well as | Calculate fitness of the individuals |

a confidence measure is calculated. The fitness of all indi- v

viduals has to be recalculated, since the population fitness | Ob tain next generation

has changed, and the fitness of an individual depends on the

fitness of the whole population. Afterwards, the next gener- | Generate system command

ation is selected. The best individuals are chosen from the

parents and childs and inserted in the next generation. If the ) ) )
population has converged, an appropriate system command Fig. 1. Structural elements of the genetic algorithm
can be generated. Otherwise the algorithm is iterated. In
the case of any new input, additional data is added to the
individuals. Thus, new recognition results and devices can
be included online in the integration process.

2.3. Creating an initial population

At first, the preset number of individuals for the population
is created. Each individual is initialized with one admin-
2.2. Problem adapted natural coding istration and one command chromosome. While the com-
o ) ) mand chromosome is kept empty, the data of the adminis-
Ina GA, every individual in a population represents a solu- yration chromosome is copied from the last generated com-

tion for a given problem, consisting of various parameters mang heing equal for all individuals in the start population.
(geney. Each gene describes one parameter. Parametergqr each input device, standardrecognizer chromosome

belonging together are joined to form a set of val@Bd- 5 inserted, even if specific device is not currently active.

mosomeks All chromosomes represent ogenotype This For example in a bimodal system with speech and keyboard

genotype contains the complete information to generate ajnn ¢ two standard recognizer chromosomes are inserted in
solution, i.e. a concrete system commaplenotype The  he phenotype. If a devices reports more than one recog-

decoding function maps the genotype on the phenotype.  izeq semunextra chromosomes are added to the pheno-
Following [7], our GA uses an abstract data type as non- yne - Finally, the generated chromosomes are filled with
standard natural coding that is specially adapted to the in-qaia either from the input devices or from a look-up-table

tegration problem. Moreover, to allow meaningful recom- (LUT), as far as general information is needed.
bination, application specific knowledge is incorporated in

the genetic operators. A potential solution consists of three

chromosome parts. Thadministrationchromosome con- 2 4. Determine the command chromosome

tains information about the pre-command (supplied with ex-

act time and certainty), alternative pre-commands of pre- The command chromosome represents a potential integra-
vious integration steps, mutation possibilities and potential tion result. Apart from the trivial case that all filled recog-
following commands as well as matching partners for com- nizer chromosomes contain the same semun, special rules
plementary interactions. Theammandchromosome con-  have to be applied to estimate the consistence of the so-
tains the generated system commands, i.e. a word of thdution. If a specific semun dominates the phenotype, it is
grammar formalism with a specific certainty and a confi- chosen, possibly in combination with a dominating com-
dence measure, as well as information about absolutely necplementary semun. If no single semun dominates the phe-
essary additional commands. Finally, a numbereafog- notype, the algorithm searches for potential complementary
nizerchromosomes, one for each input device, compromisesemuns. In the case of multiple complementary semuns,
detailed information on the recognized semantic units, recogeither the combination of a dominating semun and a dom-
nition times, certainties, as well as lists of complementary, inating complementary semun or the combination with the
supplementary and competing information contents. highest overall certainty is selected.



2.5. Measuring the quality of a solution Calculating the fitness of the individuals in a population
is then just a straight forward process, because the certainty

;rhe q:?.“?./ o:la commagd chrorp?hsomﬁ IS calculateq ?ﬁedata already provides a measure of the quality of a pheno-
0 a stalistically weighted sum of th€ chromosomes in etype. This measure simply needs to be standardized and

genotype. .TO. rate a semun with rega_rd toits occurrence, acompared to the other individuals. Therefore, the overall
time factor is integrated in the calculation process. The final

N o . certainties in the population are summed, giving a measure
certainty is a probability that has to be interpreted carefully for the fitness of the whole population. The individual fit-
with regard to the number of connected devices.

: : X , . ness of an individual resolves to its certainty divided by the
The first step in the calculation process is to multiply the y y

o : ) fitness of the whole population.
certainties of the recognizer chromosomes with the general

certainty of the specific input device obtained from a LUT. )

This results in probabilities that depend on both the individ- 2-6. Selection process

ual recognition results and the type of recognition modules. |, the parent selection process, individuals are chosen for
. Iq the second step, the certainty is calculated as fo.llows: recombination and producing offspring. The genes of these
if N is the total number of recognizer chromosomes in the jgividuals are combined according to genetic crossover and
phenotypef' is the number of chromosomes representing a randomly changed by mutation. Fitter individuals are more
specific command, of the grammar, ang; represents the  |ike|y 10 be selected for the recombination process than weak
modified probability of chromosomg the overall certainty  members of the population. btandardselection, individu-

P is calculated byP(c,) = (3_,—; pi)/N. All certainties 45 are chosen in direct proportion to their fitness. As a dis-
representing, are summarized and standardized. advantage of this method, the existence of super fit individu-

~Inthe next step, chromosomes that contain competing5is can disturb the whole evolution process. Therefore:
information, are time weighted and subtracted from the over-, o mentselection is preferred. Individuals of the population

all certainty. Concerning complementary information in the compete against each other in a tournament with a prede-
phenotype, the certainty has to be increased. Thus, chromosined tournament sizé. T individuals from the population
somes containing complementary semuns are time scaledyye randomly chosen, independently from their fitness. The
and added to the overall certainty. Furthermore, informa- inqividual in the tournament with the highest fitness is se-
tion about the precomman(_j is integrated in the calculation. |gsted in the mating pool. As an alternative option, not only
If the generated command is complementary to the precom-e winner, but the second and the third placed individuals

mand, its certainty is time weighted and added to the overall may by chosen, too. The selection pressure is proportional
probability, otherwise, if the precommand and the generated; ihe tournament sizg.

command do not evaluate to a correct word of the grammar,
its certainty is subtracted.
Finally, the generated command is checked for com-

pleteness. If the command already represents a correct wordrhe two standard operators crossover and mutation have
its certainty is left unchanged. In the other case, the cer-peen adapted to multimodal integration. While crossover
tainty of the generated command is time scaled itself. Thusjs the dominating technique for a fast exploration of the en-
even an incomplete command can still reach a high cer-tjre search space, mutation guarantees, that no possibility is
tainty. The probability of a following complementary se- assigned to the probability zero. Moreover, mutation helps
mun is high, but, concerning an old recognition result, that to avoid convergence on local maxima.
probability is very low. Therefore, the overall certainty is In the recombination phase, the selected individuals are
getting lower with time, if the command is not completed.  first combined with crossover to produce new offspring. In-
Merging the individual factors, the certainty of the com- formation saved in the administration and the recognizer
mand P(c,) can be calculated: Assum®, F, ¢, andi  chromosomes may be transposed between the individuals.
as introduced above. L&t denote the number of recog-  Offspring inherits randomly chosen chromosomes from its
nizer chromosomes representing competing information for parents. The more input devices are connected to the sys-
cg andtp; is the time weighted certainty of chromosome  tem, it is more likely that the recognizer chromosomes are
Furthermore assume that describes the number of recog-  well mixed from the parents, leading to different solutions.
nizer chromosomes that represent complementary informa-  Some individuals of the new population, containing both
tion to ¢, andipy is the time scaled certainty of chromo-  parents and childs, are then changed by the mutation opera-
somek. Finally, lettp, denote the certainty of the precom-  tor. For this purpose, in a predefined LUT for each semun,
mand (incompatible semuns modeled by negative values). mutation possibilities, and probabilities are stored that are
evaluated to change the administration and the recognition
Zf;pi — Zle tp; + ZkH:1 D chromosomes. The cqmmand chromqsomg is not changed,
N +ipp but recalculated each time a new individual is created.

2.7. Recombination process

P(cy) =



2.8. Convergence of the population bility, if some semuns dominate the phenotype, but none of
them has a dominating complementary chromosome, new

For estimating the convergence of a population, two fun- i gjiquals may be created. For each dominating comple-
damentally different criteria can be specified. The first ap- mentary chromosome, a new individual is created. The pop-

proach accepts a solution, if a predefined value for the pop-;|4tion size is not constant, but enlarges with this operator.
ulation fitness is reached. Since the absolute fitness values o 1o genetic drift, GAs normally do not stay on lo-

of the individuals depend on the number of connected in- .51 mayima. Ifn-best lists for the integration results are
put devices and the device types, they may strongly change, e produced, the next generation selection is to be modi-

from run to run. The sgcond approach is more approprla’[eﬁed: Child and parent generation do not compete any longer
for multimodal integration. It accepts a solution, if nearly a4aingt each other in a tournament selection. Each child is

all individuals share the same genes. If a predefined NUM-~,ot compared with its parents. If the child has similar at-

ber of individuals has reached the same fitness as the beslrributes compared to one of its ancestors and at the same
individual in the population, the population has converged. (e 4 higher fitness, the ancestor is replaced by its child.

Together with a new convergence criteria, similar attributes
3. PROTOTYPICAL EVALUATION are kept constant during evolution and the algorithm may
find not only the global optimum, but also local maxima
The multimodal integration algorithm has been implementedand can produce a-best list of commands. As a next step
in a prototypical environment and evaluated with regard to the identified options are to be evaluated and compared in
various factors. The population size should be kept con- different multimodal systems. Finally, the influence of de-
stant as differing sizes introduce various scaling problems, tailed user data from usability studies is to be evaluated.
and, in general, lead to worse recognition results. If the
start population is initialized with the-best lists of the con- 5. CONCLUSIONS
nected input devices instead of choosing the same value for
each individual, the convergence performance is improved. In this paper, a new approach towards combining multi-
An exponential time scaling function normally results in modal user input has been presented. The integration tech-
improved recognition results. But if several not necessarily nique is based on evolutionary computation: different inte-
realtime capable recognition modules are connected (e.g. @ration results compete against each other and are recom-
natural speech module) to the interface, a linear time weightbined by problem adapted crossover and mutation opera-
function reduces the potential of unintentional devaluation tors. Handling redundant, complementary, and competing
of the appropriate multimodal information. information is implicitly modeled by the algorithm. The in-
In the recombination process, we found out that the indi- tegration method can easily be scaled up to additional input
viduals have to be provided with more extra chromosomesdevices and different application domains.
than actually necessary. Therefore, the crossover operator
can be extended, leading to a significantly enlarged search 6. REFERENCES
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