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Abstract A construction method and a refinement method of fuzzy knowledge are 
proposed in order to apply them to intelligent multi-modal interfaces. This paper 
supposes that the interface requires the following three functions at least. 1) A 
function that constructs knowledge using instances instead of if-then rules. 2) A 
function that transforms mutually between the upper conceptual label represented by 
words and the lower conceptual label represented by physical values in order to realize 
multi-modality. 3) A function that refines the knowledge using macro qualitative 
instruction such as a human learning process. This paper proposes the methods using 
Fuzzy Associative Memory Organizing Units System (FAMOUS) in order to realize 
these functions and applies them to estimation of human movements. Experimental 
results show that the proposed methods provide the three functions and are suitable for 
application to intelligent multi-modal interfaces. 

1 I n t r o d u c t i o n  

In conventional human-machine interfaces, a person gives a command and 
numerical values to a machine and accepts numerical values from the machine. The 
commands and the values are represented in micro orders. Using this method to 
process very complex or "intelligent" tasks would require vast amount of time and 
personal resources. In contrast, humans use multi-modal macro qualitative 
representation to communicate. Multi-modality refers to the use of body language and 
facial expression as well as linguistic language. People communicate efficiently and 
smoothly by means of this multi-modality. Interfaces which understand and generate 
human macro qualitative representation need to be able to facilitate this kind of 
communication between people and machines. This paper supposes that the interface 
requires the following three functions at least. 1) A function that constructs 
knowledge using instances instead of if-then rules. 2) A function that transforms 
mutually between the upper conceptual labels represented by words and the lower 
conceptual labels represented by physical values in order to realize multi-modality. 3) 
A function that refines the knowledge using macro qualitative instruction such as a 
human learning process. 

The macro qualitative representation includes fuzziness. Fuzzy inference [1] is a 
method to process the fuzziness which can transform micro numerical values into 
macro linguistic expression. But the conventional fuzzy inference does not have the 
above-mentioned function 1) because the knowledge of the fuzzy inference is described 
by if-then rules. The feed forward neural networks which have been developed [2] have 



thefunction 1) because the knowledge is captured using numerical values of instances 
experimentally. But it is difficult for these neural networks to have the functions 2) 
and 3). Furthermore, the knowledge representation of the neural networks is not clear, 
and such clearness is required for the interface be able to analyze the process. 

To solve these problems methods which use Fuzzy Associative Memory 
Organizing Units System (FAMOUS) [3] are described in this paper. The FAMOUS 
has a hierarchical knowledge structure using bidirectional associative memories 
(BAMs) [4] and its knowledge representation is clear. The FAMOUS has three 
features as follows, i) Tne knowledge is constructed using instances, ii) It tr&-isforms 
mutually between the upper conceptual labels and the lower conceptual labels, iii) It 
is available for knowledge refinement by means of macro qualitative instructions. 
These features enable the system to perform functions 1), 2) and 3) described above. 
This paper shows a knowledge construction method and a knowledge refinement 
method which are applied to estimate human movement. 

Section 2 of this paper describes the construction method and the inference method 
of the FAMOUS. Section 3 describes the FAMOUS-based model which recognizes 
and generates human facial expressions using feature i), ii), and iii). Section 4 
describes the knowledge construction method to be applied to estimate human 
physical performance using feature i). Section 5 describes the knowledge refinement 
method using features ii) and iii). The refinement process is called "conceptual level 
learning". In Section 6, the methods are applied to a system which estimates human 
tennis shots, and experimental results are shown in Section 7. 

2 Fuzzy associative memory organizing units system 

Fuzzy Associative Memory Organizing Units System (FAMOUS) [3] is a kind of 
set of associative memories. It consists of several bidirectional associative memories 
(BAMs) [4]. Fuzzy associative inference is driven by node activation propagation in 
the BAMs. BAM has two layers La and Lb which are connected to one another (Fig. 
1). The strength of the connection is represented by the correlation matrix M. The 
BAM recall process is termed reverberation and is carded out according to Eq. (1). 

Y(t)= S(MX(t)), X(t + I)= S(Mry(t)) (I) 

In Eq. (1), X(t) = [Xl(t), x2(t) ..... Xm(t)] T and Y(t) = [yl(t), y2(t) ..... Yn(t)] T �9 
The xi(t) is an activation of node ai and the Yi(t) is an activation of node bi at 
reverberation step t. The X(t) and Y(t) are activation vectors on the layers. S(.) is the 
sigmoid function of each node. The correlation matrices M and M T are given by Eq. 
(2): 

/=1 k=l 

In Eq. (2), X k ,Yk( k --1 to p ) are stored pairs of vectors in a BAM. ~i is an 
association parameter, in which each element of X k ,Yk [ 0, 1] is usually converted 
to a bipolar element [ -1, 1] based on the BAM energy function. The BAM recalls the 
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Fig. 1 Bidirectional Associative Memory. 
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Fig. 2 Configuration of FAMOUS. 

pair which is the most suitable for the input condition as a result of decreasing fuzzy 
entropy, which describes the degree of fuzziness of the inference output. 

The memorizing method based on Eq. (2) is a kind of inductive learning. This 
method is, however, limited in terms of the pairs that are memorized. That is, the 
pairs to be memorized cannot be similar. If there is a similarity between pairs or, if 
complex patterns have to be memorized, then several BAMs are used to construct a 
FAMOUS. 

There are two types of FAMOUS. One is rule-based FAMOUS and the other is 
instance-based FAMOUS. The first one is constructed using fuzzy rules and the 
second one is constructed using instances. Figure 2 shows an example of a three 
layered FAMOUS consisting of an x-layer, r-layer, and y-layer. Each node on the x- 
layer represents the fuzzy label given by the if-part of the fuzzy rules or the fuzzy 
label of the lower level feature obtained from the instances. Each node on the y-layer 



represents the fuzzy label given by the then-part of the fuzzy rules or the fuzzy label 
of the upper level concept which the instances belong to. Each node on the r-layer 
represents a fuzzy rule or an instance. The BAM connects the x-layer to the r-layer and 
the r-layer to the y-layer. Mxr and Mry are the resulting correlation matrices. Thus, 
the relations between the upper level concepts and the lower level values are 
constructed by means of the correlation matrices. This is the feature i) of the 
FAMOUS. 

During fuzzy associative inference, reverberation is performed with the correlation 
matrices Mxr, Mry, and each transposition correlation mat-ix. This reverberation 
permits bidirectional processing between the x-layer and the y-layer. The propagation 
of activations from the x-layer to the y-layer is bottom-up processing. Propagation in 
the opposite direction is top-down processing. This bidirectional processing carries 
out the mutual transformation between the upper level concepts and the lower level 
values. This is the feature ii) of the FAMOUS. The bidirectional processing interprets 
human macro qualitative representation into micro representation. The micro 
representation is available for refining the knowledge. This is the feature iii) of the 
FAMOUS. 

3 Facial expressions recognition and g e n e r a t i o n  

A facial expression model which recognizes and generates facial expressions has been 
proposed using FAMOUS [5][6]. The model employs the two features previous 
noted: inductive learning and bidirectional processing. Inductive learning enables 
model constructed by instances, if the fuzzy rule cannot be explicitly described. 
Bidirectional processing enables the model to recognize and generate facial expressions 
by means of the same architecture. The upper half of Figure 3 displays the facial 
expression model. The nodes in the concept layer indicate facial expression concepts. 
The nodes of the second layer from the top indicate generalized symbols obtained from 
instances of inductive learning for each facial feature: eyebrows, eyes, and mouth. 
Facial expression is separated into three aspects because it consists of pattern 
combinations of these different parts. The third layer from the top consists of nodes 
representing fuzzy labels which correspond to the abstract amount of facial 
characteristic movement. The node in this third layer is called the meaning element. 
The meaning elements have three types of fuzzy labels: small, medium, and big. 

In the recognition process, inputs are given to the meaning elements. Even 
though the inputs are lacking and/or vague, the combination of bottom-up processing 
and top-down processing recalls patterns appropriate to different contexts. Here, the 
contexts are the memorized patterns in the model. The activation values of nodes in 
the concept layer display the recognition results. In the generation process, one node 
in the concept layer is activated, reverberation occurs and the activations are 
propagated. Finally, the meaning elements are activated. The meaning element has a 
membership function and the activation value is transformed into a numerical value 
through defuzzification. Numerical value refers to a concrete amount of facial 
characteristic movement. The values are used in order to generate an image of a facial 
expression. 

The facial expression model can be refined through linguistic instruction learning 
[6]. This form of learning can be understood to occur on the conceptual level. The 
bottom of Figure 3 shows the instruction interpreter. Here, linguistic instructions are 



Meaning elements: 
1: Distance between eyebrows, 2: Movement of eyebrows center, 3: Movement of eyebrow edges, 
4: Movement of upper eyelids, 5: Movement of lower eyelids, 6: Width of mouth, 
7: Movement of upper lip, 8: Movement of lower lip. 

Fig. 3 A facial expression model and an interpreter of linguistic instruction 

transformed into amounts of modification in meaning elements. The interpreter 
consists of three layers: instructions, rules, and meaning element trends. 
The instruction layers are given linguistic instructions, such as "raise eyebrows". The 
rule layer transforms these instructions into meaning element trends. Each trend layer 
corresponds to a meaning element layer in the facial expression model. The direction 
of change in a meaning element is represented by the distribution of node activation 
in the trend layer. There are three types of change: increase (+), decrease (-), or no 
change (0). For example, when the distance between eyebrows is increased by the 
acceptance of an instruction, the (+) node has the biggest activation value within the 
trend of eyebrow distance layer. Image (a) in Figure 4 is the facial expression image 
before learning. Image (b) is after learning. The user can refine the model by 
linguistic instruction to obtain a model most closely approximately the user's mental 
image. 

(a) before learning (b) after learning 

Fig. 4 Angry faces generated by the facial expression model. 



Linguistic instruction learning could not be used if the user did not know how to 
communicate the user's mental image by linguistic instructions. Nevertheless, it is 
still possible to generate facial expressions which match the user's image by the 
chaotic retrieval method [7]. This method retrieves both the non-memorized and 
available facial patterns. Thus, the user does not have to know linguistic instructions. 
Instead, the user need only judge if a generated face matches the user's image. 

The chaotic retrieval method utilizes a chaotic steepest-descent method (CSD 
method). The state of neural network itinerates chaotically among local minima on 
the energy surface of the he,york. Time development is given by the equatiion, 

m/i, + f(ti,, cot)= e ~  wija j +d3init_a, 
J 

[ O(-u_ limit < u, < u ' limit) 

+t -ued limit(ui > u_ limit) 

[ ued_rmftt(u, <-u_limit) 
(3) 

f(ti,, cot ) :  [d o sin(cot ) + d I ]/li + d2/~2Sgfl(ui ) (4) 

The second term on the left-hand side of Eq. (3) is a nonlinear damper whose gain 
periodically oscillates. T)ae ui and ai terms are an internal state and an output for i-th 
neuron. Terms m and e are positive coefficients. The weight value from the j-tla 
neuron to the i-th one is wij.  The function f(.) describes the nonlinear damper, w 
represents the angular velocity by which the nonlinear damper change gain. Term d3 
is the coefficient for an external input and init._ai is an external input. The absolute 
value region of the neuron internal state is given by u_limit. The ued_limit is the 
revision value of the energy gradient. Terms do and dl are coefficients for the linear 
damper, d2 is the constant gain for the nonlinear ~rnper. Finally, sgn(.) is a sign 
function. 

Chaotic retrieval for the facial expression model involves the following steps [7]. 
(a) A happy facial expression is generated without the CSD method. 
(b) Chaotic retrieval is carried out around the patterns, adding the activation pattern for 

the happy facial expression to all of the nodes in the model as an external input. 
The Euclid distance between the external input pattern and the state of the model is 
calculated in each step. 

Fig. $ Happy faces retrieved by the CSD method. 



(c) The model state itinerates chaotically from valley to valley on the energy surface. 
When the state reaches the bottom of a valley, the corresponding facial expressio n 
is produced. 
Figure 5 provides three images of chaotic retrieval for a happy face. These results 

indicate that this retrieval method can perform the following functions. First, 
memorized patterns within a limited distance from an input pattern can be 
dynamically retrieved. Second, non-memorized and available patterns can also be 
retrieved. It is also apparent that the method can generate facial expressions which 
more closely resemble the user's image. Because of these functions, the method seems 
highly effective in supporting creative thinking in image generation. 

4 Constructing knowledge of physical performance 
estimation 

People can easily estimate human movements using macro qualitative language. 
For example, sports instructors estimate physical performance of tennis and golf. The 
instructor experimentally captures knowledge of estimation. There are two problems 
in constructing this type of knowledge in an artificial machine. First, the relation 
between numerical values and macro qualitative language is vague. Second, the 
estimation results depend on the appraisers. To solve these problems, this section 
proposes a FAMOUS-based construction method of knowledge which estimates 
human movements. The feature i) is used in the method. The method also uses results 
estimated by human appraisers. The appraisers observe instances of  human 
movements, estimate them, and select the most suitable linguistic label from a list of 
labels. A FAMOUS is constructed using instances and their estimated results. 

Figure 6 shows a model which estimates haman physical performances. The 
model consists of three types of layers: an x-layer, several r-layers, and a y-layer. The 
x-layer has nodes which represent fuzzy labels about the trends of meaning elements. 
The meaning elements (MEs) are micro representations of physical movements. The 
trend of an ME is fuzzified difference in the ME between a standard movement and a 
movement to be estimated. The nodes in the x-layer are called "trend-nodes". Several 
r-layers have nodes which represent instances estimated by the appraisers; these nodes 
are called "instance-nodes". Each r-layer corresponds to an appraiser. For example, the 
r(a)-layer has nodes representing instances which are estimated by an appraiser(a). The 
knowledge of the FAMOUS is increased by increasing the number of r-layers. The y- 
layer has nodes which represent linguistic labels of estimation; these nodes are called 
"estimation-nodes". The most activated estimation-node represents the result of 
inference. 

A correlation matrix between the x-layer and one of the r-layers is obtained as 
follows. The instances are compared with a standard movement in terms of MEs, and 
the differences in MEs are fuzzified using membership functions. A fuzzy grade is 
regarded as an activation of the corresponding trend-node. These activations are 
elements of an activation vector in the x-layer. The activation vector in the r-layer is 
made by having an inslance-node corresponding to the instance given activation 1 and 
the other nodes given activation 0s. The matrix is obtained using activation vectors of 
the x-layer and the r-layer by means of Eq. (2). 

A correlation matrix between the y-layer and one of the r-layers is obtained as 
follows. The activation vector in the r-layer is given in the same way described above. 
In the y-layer, an estimation-node corresponding to estimated result by an appraiser is 
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Fig. 6 FAMOUS-based knowledge representation 
for estimating physical performance. 

given activation 1 and the other nodes are given activation 0s. The activation vectors 
of the r-layer and the y-layer are used to calculate the matrix. 

The associative inference is carded out as follows. When a new instance is given 
to the model, the nodes of instances which have similar features in terms of MEs 
have higher activations in the r-layers. The estimation-nodes which are closely related 
the activated instance-nodes have higher activations in the y-layer. Even if the 
estimations by the appraisers are different in constructing knowledge, the activations 
converge into the most suitable state by reverberation. The converged state reflects the 
estimation results of appraisers. 

5 Refining knowledge using conceptual level learning 

In learning to play sports or drive a car, the students learn by means of macro 
qualitative instructions which are represented by language and teaching motions. 
Conceptual level learning (CLL) is proposed as a method which imitates such a 
human learning process. CLL uses the FAMOUS's features ii) and iii). Being an 
extension of linguistic instruction learning [8], CLL can also be used for multi-modal 
instructions represented by gestures and other means, in addition to language. Figure 
7 shows the image of CLL. The supervisor observes system performance, evaluates it 
on several criteria, and gives instructions to it using a macro instruction represented 
by words, gesture, or other means. The system interprets the macro instructions as 
trends of  MEs using a FAMOUS-based interpreter. It then modifies standard 
knowledge represented by MEs. The FAMOUS-based CLL can be used to modify 
details through macro instructions and to accommodate gestures as well as language. 
This paper applies a FAMOUS-based CLL to refine MEs of standard movements 
which are used in estimating human movement. The CLL discussed here consists of 
linguistic and gestural instruction learning. 

The CLL uses the features ii) and iii) of the FAMOUS-based knowledge. In other 
words, the estimation model described in Section 4 is used as an interpreter for macro 
instructions. 
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Fig. 8 The system for estimating human tennis shots. 

In linguistic instruction learning, the estimation model transforms a supervisor's 
linguistic instruction into trends of MEs. Each estimation-node in the y-layer 
corresponds to a linguistic instruction of the supervisor. When an instruction is given 
to the estimation model, the corresponding estimation-node is activated. After 
reverberation according to Eq. (1), an activation vector of the x-layer is obtained. The 
activation of trend-nodes is defuzzified and the defuzzified value is used to modify the 
corresponding ME of a standard movement. The modification of the ME results in the 
refinement of the standard movement. 

In gestural instruction learning, a teaching movement of a supervisor is compared 
with a standard movement. The differences in terms of MEs are computed and a ME 
which has the largest difference is selected. This process imitates the human learning 
process in which the student detects point which has the biggest difference between 
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the person and the teacher. The difference of the selected ME is fuzzified and the 
fuzzified value is an activation of the corresponding trend-node. After. the 
reverberation, the relational trend-nodes and the estimation-nodes are activated. The 
activations of trend-nodes are used to modify MEs in the same way as in linguistic 
instruction learning. The most activated estimation-node shows a linguistic meaning 
of the teaching movement. 

In such a way, the CLL can refine the knowledge about standard movement by 
means of the bidirectional and multi-modal features of FAMOUS. 

6 T e n n i s  s h o t  e s t i m a t i o n  system 

6.1 System Configuration 
In this section, the FAMOUS-based knowledge construction and refinement 

method are applied to a system for estimating tennis shots. Figure 8 illustrates the 
configuration of the system. A player located in the upper left side who in this case is 
right-handed puts color markers on the joints of his body. The movement of the 
player is transformed into MEs through the use of two CCD cameras, a color image 
extractor, a color image tracker, and a feature detector. There are A) a recognition 
model [9], B) a generation model, and C) an estimation model in the lower side of 
Fig. 8. The models are constructed using FAMOUS. 

6.2 Recognition model [9] 
The model A) recognizes a shot type by using the right armpit's angles at the 

take-back and finish points. The shot types are forehand stroke, backhand stroke, and 
smash. The model consists of two layers. One layer has 6 nodes which indicate 
linguistic labels of right armpit's angles and the other layer has 3 nodes which have 
labels for the shot types. The value extracted by the extraction module is input to the 
membership functions and the inference is driven. 

All subjects were right handed and the angle q(t) (t = 1/60, 2/60 .... [sec]) under 
the right armpit was used for the time-series pattern in the experiment. Thus, an 
inflection point in the wave q(t) appears when the direction of the swing of the arm 
changes. The top or the bottom of the point in the wave corresponds to "take-back" or 
"finish". The height or the depth of the point is, thus, used as characteristic value. 
The characteristic value of "take-back" is defined as Xl; that of "finish" is defined as 
x2. There are three membership functions for each characteristic value. These 
membership functions are "FO" (forehand stroke), "BA" (backhand stroke), and "SM" 
(smash) in each point. The fuzzy rules, listed below, are embedded in the model A) as 
shown in Figure 8. 

Rule 1: IF Xl is FO and x2 is FO, THEN the motion is a forehand stroke. 
Rule 2: IF Xl is BA and x2 is BA, THEN the motion is a backhand stroke. 
Rule 3: IF Xl is SM and x2 is SM, THEN the motion is a smash. 

In the experiment, six subjects swung their arms six times for each tennis 
motion, producing 108 samples. To examine recognition robustness with unknown 
individuals, the primary subject, whose data was used to obtain the membership 
functions, was not included in the test group. Recognition performance of the 
proposed system was then compared with that of conventional fuzzy inference and a 
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Table 1 Correct recognition ratio (%) 

FAMOUS MLP Fuzzy 

Forehand 86.1 88.9 75.0 

Backhand 77.8 77.8 72.2 

Smash 88.9 69.4 66.7 

Total 84.2 78.7 71.3 

Number of samples : 108 
FAMOUS: Inference by FAMOUS 
MLP: Multi-layer perceptron trained by back-propagation 
Fuzzy: Conventional fuzzy inference 

three-layered perceptron. The membership functions and fuzzy rules in the 
conventional inference were the same as in the associative inference. The three-layered 
perceptron learned the ranges of the membership functions with a back-propagation 
algorithm. Table 1 lists ratios of correct recognition. The performance of the fuzzy 
associative inference system is better than that of the conventional fuzzy inference. 
This performance differential can be explained. When the input condition does not 
match a condition in a rule, conventional inference cannot select a rule or produce a 
result using a rule. Associative inference can overcome this handicap if another 
condition in the same rule is available. Activation of a node, indicates a condition is 
propagated from the feature layer to the motion category layer by bottom-up 
processing. Activation of the motion category layer is propagated to the other 
condition node in the feature layer by top-down processing. Associative inference 
recalls the most similar pattern among the memories by means of bi-directional 
processing. The performance of the perceptron is lower than that of the associative 
inference because it learned only the ranges of the membership functions. This is 
despite the fact that the perceptron needed considerable amounts of learning data. 

Vertical axis 

4, } 17 

Fig. 9 Model of a human skeleton. 
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6.3 Generat ion model  
The model B) generates ME's values for standard movements which correspond to 

the same types of shots recognized by the model A), The model B) consists of two 
layers. The motion category (MC) layer has three nodes representing tennis shots: 
forehand-stroke (FO), backhand-stroke 03A), and smash (SM). 

The meaning element layer (ME) has several fuzzy labels defining, at special 
states, the polar coordinates of the black circled joints illustrated in Figure 9. Two 
types of polar coordinates are used for each joint. One is the horizontal direction angle 

and the other is the ve.a_ical direction angle 0. The length be_tween the two joints is 
normalized. The special states are take-back (TB), impact (IM), and follow-through 
(F'r).- 

The relationship between the MC layer and the ME layer is represented by these 
fuzzy rules: 

IF 01(TB) is FO ... and r is FO ... and r is FO, 
THEN motion is forehand. 

IF 01(TB) is BA ... and ~2(IM) is BA ... and r is BA, 
THEN motion is backhand. 

IF 01(TB) is SM ... and ~2(IM) is SM ... and r is SM, 
THEN motion is smash. 

Each fuzzy label has a singleton membership function indicating a polar 
coordinate obtained from actual measurements. This membership function is called a 
standard membership function (SMF), because SMFs are used to generate standard 
shots. 

The condition parts of the rules are assigned to the ME layer. The conclusion 
parts are assigned to the MC layer. The connection between the two layers is obtained 
by calculating correlation matrices. 

In the ME layer, each fuzzy label, A { Pi (t) }, corresponds to a shot A (A = FO, 
BA, or SM), polar coordinate P (P = ~ or 0), joint i (i = l(right elbow), 2(right 
shoulder), or 3(right waist)), and special state t (t = TB, IM, or FT). The total 
number of MEs is 18 because there are three joints, two coordinates, and three states. 

To generate motion, a node corresponding to the shot to be generated is activated 
in the MC layer. Reverberation, the propagation of activation values throughout the 
model, occurs. The distribution of the values then converges. 

Polar coordinates in the form of the weighted-average in the SMFs are obtained 
using the activation values of the ME layer in the converged model. The standard 
time-series data for the corresponding motion are modified using these coordinates. As 
the human body is assumed to be symmetrical, the values for joint 5 can be calculated 
from those of joint 2. The values for joint 3 can be calculated from those of joint 6. 
Actual measured values are used to represent the values of joints 0, 4, and 7. Motion 
can thus be produced by computer animation using these polar coordinates. 

6.4 Est imat ion  model  
In order to estimate a player's shot, the shot is compared with the standard shot 

generated by B) in terms of MEs. The differences in MEs are fuzzified using 
membership functions and the outputs from the functions are given to the x-layers in 
the model C) as activations. 

The model C) has three types of layers as described in Section 4. The trend-nodes 
in the x-layer accept trends of MEs and the estimation-nodes in the y-layer output the 
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linguistic labels in the cases of estimation. The estimation-nodes accept linguistic 
instructions and the trend-nodes output trends of MEs in the case of  linguistic 
instruction learning. The trend-nodes accept and output trends of MEs and the 
estimation-nodes output linguistic labels in the case of gestural instruction learning. 
The corresponding instance-nodes in the r-layers are activated in all cases. 

Each ME has two types of trends: a negative trend and a positive trend. If a 
difference in an ME is negative the trend becomes negative, and if a difference in a 
ME is positive the trend becomes positive. The total number of trend-nodes in the 
model C) is 36 because there are 18 MEs. 
[~inguistic iabei~ 

Linguistic labels (Table 2) are used in estimations or the CLL. Each estimation 
label corresponds to an instruction label one-to-one. These labels are assigned to the 
estimation-nodes in the model C). 

Table 2 Linguistic labels. 
Estimation Labels Instruction Labels 

Take-back is ( small / big ). 
Take-back is ( low / high ). 
Body-turn is (small / big ) when take-back. 
Swing is ( quick / slow ). 
Hit-point is ( low/h igh ). 
Body-turn is ( quick / slow ). 
Follow-through is ( quick / slow ). 
Follow-through is ( low / high ), 
Body-turn is ( small / big ) when follow-through. 

Make take-back ( smaller / bigger ). 
( Lower / Raise ) the arm when take-back: 
Turn the body ( smal ler /bigger ) when take-back. 
Swing ( quickly / slowly ). 
Hit at a ( lower / higher ) point. 
Turn the body ( quickly / slowly ). 
Swing ( quickly / slowly ) when follow-through. 
Swing ( lower / higher ) when follow-through. 
Turn the body ( smal ler /Ngger  ) when follow-through. 

Lin~,uistic Hedges 
A linguistic label cannot represent the amount of the difference in the ME. To 

solve the problem, linguistic hedges are used. The hedges are defined in hedge 
processing unit of Figure 8. 
The estimation process uses three types of hedges: slightly, rather, and very. One of 
the hedges is selected as follows. When selected estimation-node is activated and the 
reverberation is driven again, the most closely related trend-node has the highest 
activation in the x-layer. The coordinate value of the ME which corresponds to the 
most activated trend-node is computed and the value is compared with that of the 
standard shot. The computed result is then defuzzified using membership functions of 
linguistic hedges. The linguistic hedge which has the highest fuzzy grade is selected 
as the linguistic hedge of the estimation label. 

The linguistic instruction may also include linguistic hedges, such as "more". The 
system treats six types of linguistic hedges: non, 0.1; slightly, 0.2; rather, 0.4; 
more, 0.6; pretty, 0.8; very, 1.0. The linguistic hedges are followed by coefficients 
for modification. If the system is given a linguistic instruction, the corresponding 
nodes will be activated and the activation values will be propagated in it. Thus, the 
relational trend-nodes will have large activation values. The system modifies the 
SMFs according to Eqs. (5) and (6), 

d_mf  = hedge x (act_.v(N) x neg + act_v(p) x pos) 
I (act__v(N) x act v(P)) (5) 

n e w _ S M F  = d _ m f  + SMF (6) 
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Fig. 10 Membership functions for negative and positive trends 

In Eq. (5), d_mf is the amount of modification for a SMF. The term hedge is a 
coefficient for modification, act_v(.) is an activation of negative(N) or positive(P) 
trend-nodes. The neg andpos are values given in Figure 10. In Eq. (6), new_SMF and 
SMF are SMF values after and he fore modification. 

6.5 Knowledge generalization 
The method described in Section 4 requires an increased number of memories by 
increasing the number of appraisers. To solve this problem, we collect several r-layers 
into one r-layer and call this process knowledge generalization. The generalization 
method can be used under the precondition that all appraisers estimate the same 
instances completely. The method in Section 4 makes instance-nodes (Ria, Rib, 
Ric . . . .  ) for an instance i which is estimated by appraisers (a, b, c . . . .  ) and makes 
weighted connections (Wji a, Wjib, Wjic . . . .  ) between estimation-node Ej and the 
instance-nodes. The generalization method averages the weights according to Eq. (7). 

Wj~: + Wj, b + Wj~ + . . .  (7) 
WJi = N 

In Eq. (7), N is the number of appraisers. The generalization method collects nodes 
(Ria, Rib, Ric . . . .  ) into a node Ri. Wji is the weights of the connection between Ri 
and Ej, A non-generalization method requires the same number of r-layers as the 
number of appraisers but the generalization method uses only one layer even if the 
number of appraisers increases, thus preventing the need for an increase in the number 
of memories. 

7 Experiments 

We used 40 instances of forehand stroke and 20 appraisers in the experiment. The 
instances and the appraisers were divided into two groups: a constructing group and a 
testing group. Ten appraisers estimated 20 instances each to construct knowledge of 
the model C) and the other 10 appraisers estimated the other 20 instances to test the 
constructed knowledge. 
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7.1 Estimation 
The estimation results obtained with the FAMOUS were compared with the these 

of the appraisers, and the ratio of agreement between the FAMOUS and the appraisers 
was calculated as follows. 

The FAMOUS outputted the results in a higher order of activations in the y-layer. 
An average of  the maximum activation and the minimum activation was calculated as 
a threshold. The estimation-nodes with an activation higher than the threshold were 
selected and the estimation labels corresponding to the selected nodes were regarded as 
the estimation result of the FAMOUS. The agreement ratio is given by Eq. (8) 

Ratio = Q / IN (8) 

In Eq. (8), Ratio is the agreement ratio, Q is the number of times in which there was 
agreement between an appraiser and the FAMOUS, I is the total number of instances, 
and N is the number of appraisers. Figure 11 illustrates the ratio. In the figure, the 
horizontal axis is the number of appraisers used in constructing the knowledge and the 
vertical axis is the ratio. In tests, the ratio of non-generalization was 0.873 and the 
ratio of generalization was 0.811 after FAMOUS had learned the estimation result of 
10 appraisers. As can be seen in the figure, the estimation result of  FAMOUS 
converged as the number of appraisers increased. The knowledge of the model C) is 
constructed by instances instead of if-then rules, and the result shows that the 
proposed method provides the system with the function 1). 

Ratio 
1.0 

0.8 

0.6 

0.4 

0.2 

0 
0 

_ _ . o -  - - 

-- Construction data (Non-generalization)~ 
~ -  - .  Construction data (Generalization) ] 
�9 Test data (Non-generalization) [ 
~ -  Test data (Generalization) ) 

I I I I I I I I I I 

1 2 3 4 5 6 7 8 9 10 
Number of appraisers who were used 

in knowledge construction 

Fig. 11 Estimating tennis shots: experimental result. 
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7.2 Linguistic instruction learning 
Figure 12 illustrates the results obtained for a shot refined by an instruction, 

"Lower the arm slightly when take-back". The broken line is the pre-instruction shot 
and the solid line is the post-instruction shot. The process refined the take-back and 
impact states, because this was the supervisor's macro-instruction intent. 

In another experiment, the generated shots were brought close to the target shot by 
linguistic instruction (Fig. 13). The horizontal axis is the number of instructions and 
the vertical axis is the averaged errors in terms of MEs. In comparing linguistic 
instruction learning with micro instruction learning, a hngu.~uc u,swa . . . . . . . . . . . . .  s 

several related MEs at one time but a micro instruction modifies only one. As a 
result, the error of linguistic instruction learning decreased faster than that of micro 
instruction learning. 

These results show that the bidirectional relations between linguistic instructions 
and MEs are constructed by means of instances. 

7.3 Gestural instruction learning 
Figure 14 shows the result of gestural instruction learning. In the figure, the 

broken line is the target shot and the solid line is the generated shots. In this case, the 
process detected the biggest difference point in the impact state and refined the related 
MEs according to the result of the reverberation in the model C). The process also 
transformed the target shot into the linguistic label "Hit at a lower point". 

Functions 2) and 3) are attained in the linguistic instruction learning and the 
gestural instruction learning by means of the features ii) and iii). 

8 C o n c l u s i o n  

A construction method and a refinement method of fuzzy knowledge were 
proposed in order to apply them to intelligent multi-modal interfaces. This paper 
supposed that the interface requires the following three functions at least. 1) A 
function that constructs the knowledge using instances instead of if-then rules. 2) A 
function that transforms mutually between the upper conceptual label represented by 
words and the lower conceptual label represented by physical values in order to realize 
multi-modality. 3) A function that refines the knowledge using macro qualitative 
instruction such as a human learning process. This paper proposed the methods using 
Fuzzy Associative Memory Organizing Units System (FAMOUS) in order to attain 
these functions and applied them to the estimation of human movements. The 
experimental results showed that the proposed methods provide the three functions and 
are suitable for application to intelligent multi-modal interfaces. 
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Fig. 12 Linguistic instruction learning: experimental result. 
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Fig. 13 Experimental comparison between macro instruction and micro instruction. 
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Fig. 14 Gestural instruction learning: experimental result. 
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