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(57) Abstract

The method and system are used for recognising a time-sequential input pattern (20), which is derived from a continual physical
quantity, such as speech. The system comprises input means (30), which accesses the physical quantity and therefrom generates a sequence
of input observation vectors. The input observation vectors represent the input pattern. A reference pattern database (40) is used for storing
reference patterns, which consist of a sequence of reference units. Each reference unit is represented by associated reference probability
densities. A tree builder (60) represents for each reference unit the set of associated reference probability densities as a tree structure. Each
leaf node of the tree corresponds to a reference probability density. Each non-leaf node corresponds to a cluster probability density, which
is derived from all reference probability densities corresponding to leaf nodes in branches below the non-leaf node. A localizer (50) is used
for locating among the reference patterns stored in the reference pattern database (40) a recognised reference pattern, which corresponds to
the input pattern.
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Method and system for pattern recognition based on tree organised probability densities.

The invention relates to a method for recognising an input pattern which
is derived from a continual physical quantity; said method comprising:
accessing said physical quantity and therefrom generating a sequence of input
observation vectors, representing said input pattern;
locating among a plurality of reference patterns a recognised reference pattern,
which corresponds to said input pattern; at least one reference pattern being a sequence of
reference units; each reference unit being represented by at least one associated reference
probability density in a set of reference probability densities;
representing a selection of the reference probability densities as a tree structure,
where each leaf node corresponds to a reference probability density, and where each non-leaf
node corresponds to a cluster probability density, which is derived from reference probability
densities corresponding to leaf nodes in branches of said non-leaf node;
said locating comprising for each input observation vector o:
selecting a plurality of leaf nodes by searching said tree structure via non-
leaf nodes for which the corresponding cluster probability density gives an optimum cluster
likelihood for said input observation vector o; and
calculating an observation likelihood of said input observation vector o |
for each reference probability density which corresponds to a selected leaf node.
| The invention also relates to a system for recognising a time-sequential
input pattern, which is derived from a continual physical quantity; said system comprising:
input means for recurrently accessing said physical quantity and therefrom
generating a time sequence of input observation vectors, representing said input pattern;
a tree builder for representing a set of reference probability densities as a tree
structure with at least L = 3 hierarchical levels, where each leaf node, at level one of the
tree, corresponds to a reference probability density, and where each non-leaf node corre-

sponds to a cluster probability density, which is derived from all reference probability

‘densities corresponding to leaf nodes in branches below said non-leaf node;

a reference pattern database for storing a plurality of reference patterns; each

reference pattern being a sequence of reference units; each reference unit being represented
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by at least one associated reference probability density in said set of reference probability

densities, with at least one reference unit being represented by at least three associated
reference probability densities; said set of reference probability densities being stored as said
tree structure;,

a localizer for locating among the reference patterns stored in said reference
pattern database a recognised reference pattern, which coriesponds to said input pattern; said
locating comprising:

for each input observation vector o:

searching said tree structure stored in said reference pattern database by
selecting at the level immediately below the root node a number of nodes for which the
corresponding cluster probability density gives an optimum cluster likelihood for said input
observation vector o, and by repeating said selecting of nodes at successively lower levels of
the tree by using each selected node as a root node, until the selected node is a leaf node;

calculating an observation likelihood of said input observation vector o
for each reference probability density which corresponds to a selected leaf node; and

calculating for each reference pattern a pattern similarity score by
combining the observation likelihoods, which have been calculated for all reference
probability densities representing a reference unit of said reference pattern; and

locating said recognised pattern as one of said reference patterns for
which an optimum of said pattern similarity scores is calculated; and

output means for outputting said recognised pattern;

Recognition of a time-sequential input pattern, which is derived from a
continual physical quantity, such as speech or images, is increasingly getting important.
Particularly, speech recognition has recently been widely applied to areas such as Telephone
and telecommunications (various automated services), Office and business systems (data
entry), Manufacturing (hands-free monitoring of manufacturing processes), Medical
(annotating of reports), Games (voice input), voice-control of car functions and voice-control
used by disabled people. For continuous speech recognition, the following signal processing
steps are commonly used, as illustrated in figure 1 [refer L.Rabiner "A Tutorial on Hidden
Markov Models and Selected Applications in Speech Recognition”, Proceeding of the IEEE,
Vol. 77, No. 2, February 1989}:

- Feature analysis: the speech input signal is spectrally and/or temporally
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analyzed to calculate a representative vector of features (observation vector 0).
Typically, the speech signal is digitised (e.g. sampled at a rate of 6.67 kHz.)
and pre-processed, for instance by applying pre-emphasis. Consecutive samples
are grouped (blocked) into frames, corresponding to, for instance, 32 msec. of
speech signal. Successive frames partially overlap, for instance, 16 msec. Often
the Linear Predictive Coding (LPC) spectral analysis method is used to calculate
for each frame a representative vector of features (observation vector 3). The
feature vector may, for instance, have 24, 32 or 63 components (the feature
space dimension).

Unit matching system: the observation vectors are matched against an inventory

of speech recognition units. Various forms of speech recognition units may be

used. Some systems use linguistically based sub-word units, such as phones,
diphones or syllables, as well as derivative units, such as fenenes and fenones.

Other systems use a whole word or a group of words as a unit. The so-called

hidden Markov model (HMM) is widely used to stochastically model speech

signals. Using this model, each unit is typically characterised by an HMM,
whose parameters are estimated from a training set of speech data. For large

vocabulary speech recognition systems involving, for instance, 10,000 to 60,000

words, usually a limited set of, for instance 40, sub-word units is used, since it

would require a lot of training data to adequately train an HMM for larger
units. The unit matching system matches the observation vectors against all
sequences of speech recognition units and provides the likelihoods of a match
between the vector and a sequence. Constraints can be placed on the matching,
for instance by:

- Lexical decoding: if sub-word units are used, a pronunciation lexicon
describes how words are constructed of sub-word units. The possible
sequence of sub-word units, investigated by the unit matching system, is
then constrained to sequences in the lexicon. |

- Syntactical analysis: further constraints are placed on the unit matching
system so that the paths investigated are those corresponding to speech
units which comprise words (lexical decoding) and for which the words

are in a proper sequence as specified by a word grammar.

A discrete Markov process describes a system which at any time is in one
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of a set on N distinct states. At regular times the system changes state according to a set of
probabilities associated with the state. A special form of a discrete Markov process is shown
in figure 2. In this so-called left-right model, the states proceed from left to right (or stay the
same). This model is widely used for modelling speech, where the properties of the signal
change over time. The model states can be seen as representing sounds. The number of states
in a model for a sub-word unit could, for instance, be five or six. In which case, in average,
a state corresponds to an observation interval. The model of figure 2 allows a state to stay
the same, which can be associated with slow speaking. Alternatively, a state can be skipped,
which can be associated with speaking fast (in figure 2 up to twice the average rate). The
output of the discrete Markov process is the set of states at each instance of time, where each
state corresponds to an observable event. For speech recognition system, the concept of
discrete Markov processes is extended to the case where an observation is a probabilistic
function of the state. This resuits in a double stochastic process. The underlying stochastic
process of state changes is hidden (the hidden Markov model, HMM) and can only be
observed through a stochastic process that produces the sequence of observations.

For speech, the observations represent continuous signals. The observa-
tions can be quantised to discrete symbols chosen from a finite alphabet of, for instance, 32
to 256 vectors. In such a case a discrete probability density can be used for each state of the
model. In order to avoid degradation associated with quantising, many speech recognition
systems use continuous mixture densities. Generally, the densities are derived from log-
concave or elliptically symmetric densities, such as Gaussian (normal distribution) or
Laplacian densities. During training, the training data (training observation sequences) is
segmented into states using an initial model. This gives for each state a set of observations,
referred to as training observation vectors or reference vectors. Next, the reference vectors
for each state are clustered. Depending on the complexity of the system and the amount of
training data, there may, for instance, be between 32 to 120 elementary clusters for each
state. Each elementary cluster has its own probability density, referred to as reference
probability density. The resulting mixture density for the state is then a weighted sum of the
reference probability densities for a state.

To recognise a single speech recognition unit (e.g. word or sub-word unit)
from a speech signal (observation sequence), for each speech recognition unit the likelihood
is calculated that it produced the observation sequence. The speech recognition unit with
maximum likelihood is selected. To recognise larger sequences of observations, a levelled

approach is used. Starting at the first level, likelihoods are calculated as before. Whenever
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the last state of a model is reached a switch is made to a higher level, repeating the same
process for the remaining observations. When the last observation has been processed the
path with the maximum likelihood is selected and the path is backtraced to determine the
sequence of involved speech recognition units.

The likelihood calculation involves calculating in each state the likelihood
of the observation (feature vector) for each reference probability density for that state. Parti-
cularly in large vocabulary speech recognition systems using continuous observation density
HMMs, with, for instance, 40 sub-word units, 5 states per sub-word unit and 64 clusters per
state this implies 12800 likelihood calculations for, for instance, 32 dimensional vectors.
These calculations are repeated for each observation. Consequently, the likelihood caiculation
may consume 50%-75% of the computing resources.

It is known from EP-A-627-726 to reduce the percentage of time required
for the likelihood calculation by organising the reference probability densities, using a tree
structure, and performing a tree search. At the lowest level of the tree (level 1) each of the
leaf nodes corresponds to an actual reference probability density. As described earlier, a
reference probability density represents an elementary cluster of reference vectors. At level
two of the tree, each non-leaf node corresponds to a cluster probability density, which is
derived from all reference probability densities corresponding to leaf nodes in branches
below the non-leaf node. As such a level two non-leaf node represents a cluster of a cluster
of reference vectors. This hierarchical clustering is repeated for successively higher levels,
until at the highest level of the tree, one non-leaf node (the root node) represents all
reference vectors. During the pattern recognition, for each input observation vector a tree
search is performed starting at one level below the root. For each node at this level, the
corresponding cluster probability density is used to calculate the likelihood of the observation
vector. One or more nodes with maximum likelihood are selected. For these nodes the same
process is repeated one level lower. In this manner, finally a number of leaf nodes are
selected for which the corresponding reference probability density is used to calculate the
likelihood of the observation vector. For each leaf node, which is not selected, the likelihood

is approximated by the likelihood of its mother node, which was last selected.

It is an object of the invention to provide an improved method and system
of the kind set forth.

To achieve this object, the method according to the invention is

characterised in that said method comprises representing the reference probability densities
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associated with each reference unit as a separate tree structure, and said locating comprises
selecting leaf nodes of each separate tree structure by performing said searching for each
separate tree structure.

Instead of organising all reference vector into one tree, separate trees are
built for each reference unit. So, if there are N1 reference patterns (e.g. HMM’s), each
having N2 reference units (states), then N1*N2 trees are built and searched for each
observation vector. If in the known system a relatively small subset of reference probability
densities is selected, the corresponding set of elementary clusters will be dominated by
reference vectors (sounds) which are ‘near’ the observation vector. The inventors have
established that in this way, there typically is a large group of reference vectors, which are
not near enough to be selected but are not that far away to not contribute significantly to the
likelihood calculation. This means that, although for this one observation vector a reference
vector of this group is not a very good match, the reference pattern, which the reference
vector represents, may very well be a good match for the entire sequence of observation
vectors. It is, therefore, important to be able to distinguish between reference vectors of this
group. In the known system, for all reference vectors in this group the likelihood is
approximated by the likelihood of the lowest branch of which they are a member and for
which the likelihood has been calcule_lted. This implies that similar sounds, represented by
reference vectors in the same non-selected branch, can not be discriminated, resulting in a
degradation of the recognition. The inventors have concluded that for more accurate
recognition a further discrimination is required. This is achieved by using a plurality of trees.
For the recognition of the entire pattern, for each observation vector the likelihood of the
observation matching an HMM state needs to be calculated (and the entire likelihood needs
to be accumulated). This implies that for each state at least one reference probability density
needs to be involved (preferably the one giving the highest likelihood for that state). To
achieve this in the known system, the selected set needs to be relatively large. According to
the invention, separate trees are used for each state, ensuring that each state is involved with
at least one representative reference probability density. As a consequence, the set of selected
leaves, which is required for accurate recognition, can be significantly reduced. This reduces
the processing time required for the maximum likelihood calculation.

In a further version according to the invention, the method is
characterised in that searching said tree structure via non-leaf nodes includes searching at at
least one level of said tree structure a path via one non-leaf node for which an optimum of

said cluster likelihood is calculated, supplemented by paths via non-leaf nodes for which said
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cluster likelihood is within a predetermined range of said optimum cluster likelihood. A
range (threshold) is used to determine whether to select at each level of the tree only one
subset or more. At each level of the tree the subset with the highest likelihood (the ‘nearest’
to the observation vector) is determined. If another subset has a likelihood which is similar to
the highest likelihood (i.e. the difference of the highest likelihood and the likelihood of the
other subset is below a threshold), then also the other subset is computed further. In this way
the number of reference probability densities, which are finally selected at level one of the
tree, is dynamically determined. This has the advantage that if for a certain observation
vector not many reference probability densities give a relatively high likelihood, it is likely
that the subset will be small. So, if there are only a few good candidates for matching the
observation vector, then the recognition in general will be fast. If, however, for a certain
observation vector many reference probability densities give a similar, relatively high likeli-
hood, it is likely that the subset will be large. So, if there are many good candidates for
matching the observation vector, then the recognition in general will be more discriminative,
resulting in a high accuracy. 7
In a further version according to the invention, the method is
characterised in that said tree structure is a quaternary tree, in which each non-leaf node is
hierarchically one level above a maximum of four nodes and at least one non-leaf node is
hierarchically one level above four nodes. In principle, the accuracy of recognition improves
if a tree structure is used with many branches at each non-leaf node of the tree. In this case
the division into clusters is more accurate and the chances for the correct cluster to be
selected are higher. The amount of calculations, however, increases if the amount of
branches increases, reducing the performance of the recognition. The inventors have
established that for a typical large vocabulary speech recognition system a quaternary tree
strikes a good balance between accuracy and performance.
In a further version according to the invention, the method is

characterised in that searching said tree structure via said non-leaf nodes comprises for a
group of non-leaf nodes within a same branch of said tree structure and at a same level of
said tree structure:

calculating for a selected pair of said non-leaf nodes a cluster comparison score
between the two corresponding cluster probability densities and said input observation vector
'0; said cluster comparison score indicating which of the two corresponding cluster probabil-
ity densities gives the highest likelihood for the input observation vector o;

repeating calculating said cluster comparison score for the non-leaf node, for
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which the previously calculated cluster comparison score indicated the highest likelihood, and
another non-leaf node of said group for which no cluster comparison score has been
calculated yet, until a cluster comparison score has been calculated for all non-leaf nodes of
said group; and v

including in said searching a path via the non-leaf node for which the cluster
comparison score indicated the highest likelihood. |
The cluster likelihood, which is calculated for each non-leaf node, is only used to select at
the lowest level of the tree a number of leaf nodes. For these leaf nodes the corresponding
reference probability densities are used for the pattern recognition. This makes it possible to,
instead of fully calculating the cluster likelihood, calculate the difference in likelihood
between pairs of clusters. Since for certain densities, the comparison calculation is simpler
than the full likelihood calculation, this makes it possible to determine quicker which cluster
is most likely.

A further version of the method according to the invention, wherein the
probability densities are derived from a sequence of training observation vectors,
representing known input patterns; and wherein said representing said set of reference
probability densities as a tree structure comprises clustering said training observation vectors
into a hierarchical set of clusters and calculating for each cluster a cluster probability density,
is characterised in that said representing said set of reference probability densities as a tree
structure comprises:

segmenting said sequence of training observation vectors into a sequence of
corresponding reference patterns and corresponding reference units; and
iteratively:

clustering for each reference unit the corresponding training observation
vectors into a hierarchical set of clusters, forming separate tree structures, each of which
corresponds to a separate reference unit; and

time aligning said sequence of training observation vectors according to
said sequence of reference units by:

determining for each training observation vector a corresponding reference
unit, which according to a predetermined optimality criterion is most likely, and

assigning each training observation vector to one of said clusters by
searching the tree structure of the corresponding reference unit for the cluster with an

optimum cluster likelihood.

During the training phase clustering is performed, resulting in estimating the
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density parameters, as well as assigning the training observation vectors to reference units.
These operations are performed in an iterative manner. According to the invention, a
separate tree structure is built in this way for each reference unit. The inventors have
established that by integrating the tree building into the iterative procedure, the accuracy of
pattern recognition is improved. Furthermore, since training observation vectors are re-
assigned to reference units during the iteration and, consequently, need to be re-assigned to
the appropriate cluster, it has been found that the time required for training the system
significantly reduced by using the partly built tree for determining the most appropriate

cluster.

To achieve the object of the invention, the system according to the
invention is characterised in that:

said tree builder is conceived to for each reference unit represent the associated
reference probability densities as a separate tree structure;

said reference pattern database further stores for each reference unit said sepa-
rate tree structure, and
said locating comprises selecting leaf nodes of each separate tree structure by

performing said searching for each separate tree structure.

These and other aspects of the invention will be apparent from and
elucidated with reference to the drawings.

Figure 1 illustrates the processing steps which are commonly used for
continuous speech recognition,
Figure 2 shows an example of a left-right discrete Markov process,
Figure 3 shows a block-diagram of an embodiment of a system according
to the present invention, |
| Figure 4 illustrates tree-organised probability densities,

Figure 5 illustrates two-dimensional cell boundaries for a binary tree with
four leaves, and

Figure 6 shows a flow-diagram for the iterative training process

Figure 3 shows a block diagram of a system 10 according to the
invention, for recognising a time-sequential input pattern 20 which is derived from a

continual physical quantity, such as speech or images. Input means 30 recurrently accesses
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the physical quantity. For speech, this usually involves sampling the physical quantity at
regular intervals, such as 6.67 kHz. or 16 kHz. and digitising the sample. The input means
30 processes a group of consecutive samples, corresponding to, for instance 32 msec. of
speech signal, to provide a representative vector of features (the input observation vector 0).
In this way a time sequence of input observation vectors is generated, which represents the
input pattern. Typically, the input means 30 may be implemented using a microphone, an
A/D converter and a processor, such as a Digital Signal Processor (DSP). Optionally, the
input means 30 may comprise a speech detector for effecting the sampling only when speech
is effectively received. As an alternative to sampling and digitising the input signal, the
signal may have been stored in memory in a digitised form or may be supplied digitally via a
communication network. A reference pattern database 40 is used for storing reference pat-
terns. The reference database 40 may be stored in memory, such as a harddisk, ROM or
RAM as an integrated database or, alternatively, as separate data files. As described earlier,
speech recognition units are used as réference patterns for recognising speech. Each
reference pattern comprises a sequence of reference units. Each reference unit is represented
by at least one associated reference probability density. Using pattern recognition based on
Hidden Markov Models, each reference pattern is modelled by a Hidden Markov Model,
where the states of the model corresp_ond to a reference unit. Using continuous observation
densities, the reference probability densities are usually Gaussian or Laplacian densities. It
should be noted that it is known to use a one-state Hidden Markov Model for modelling
special patterns which do not have a clear time-sequential behaviour, such as the pattern for
the silence occurﬁng before or in between words. For the purpose of this invention, such
patterns are not described separately. It will be obvious to persons skilled in the art how to
integrate such patterns in the system according to the invention.

The system 10 further comprises a tree builder 60, which organises the
reference probability densities, which correspond to a reference unit, into a tree structure.
This is repeated for each reference unit. The tree structures are stored in the reference
pattern database 40. Each leaf node of the tree structure corresponds to a reference
probability density. Details of the tree structure and the building of the structure are
described later. The tree builder may be implemented using a DSP or micro-processor.
Advantageously, the tree is built in advance during the training of the system.

The system 10 further comprises a localizer 50 for locating in the refer-
ence pattern database 40 a reference pattern which corresponds to the input pattern. The

localizer 50 may be implemented using a DSP or micro-processor. The located reference
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pattern is referred to as the recognised reference pattern. The localizer 50 performs the
locating by, for each observation vector, searching the tree structure corresponding to a
reference unit until at the lowest tree level a number of leaf nodes are selected. For the
selected leaf nodes, the localizer 50 determines how well the observation vector matches this
reference unit. This involves for each selected leaf node using the reference probability
density, which corresponds to the leaf node, to calculate an observation likelihood for the
observation vector. For each reference unit the observation likelihoods, which have been
calculated for one observation vector, are combined to give a reference unit similarity score.
For each reference pattern, the reference unit similarity scores of the reference unit, which
correspond to the reference pattern are combined to form a pattern similarity score. This is
repeated for successive observation vectors. The reference pattern for which an optimum,
such as a maximum likelihood, is calculated for the pattern similarity score is located as the
recognised pattern. The description focuses on locating reference probability densities and
calculating observation likelihoods. It is well understood in the art how this key element can
be used in combination with other techniques, such as Hidden Markov Models, to recognise
a time sequential pattern, which is derived from a continual physical quantity. It is also well
understood in the art how techniques, such as a levelled approach, can be used to recognise
patterns which comprise a larger sequence of observation vectors than the reference patterns.
For instance, it is known how to use sub-word units as reference patterns to recognise entire
words or sentences. It is also well understood how additional constraints, such as a
pronunciation lexicon and grammar, may be placed on the pattern recognition. The additional
information, such as the pronunciation lexicon, can be stored using the same memory as used
for storing the reference pattern database.

Output means 70 are used for outputting the recognised pattern. This may
take various forms, such as displaying the recognised pattern on screen in a textual format,
storing the recognised pattern in memory or using the recognised pattern as input, such as a
command, for a next processing operation.

Using Hidden Markov Models, for each Hidden Markov Model and each
state s of the model, the likelihood of an observation vector o is given by:

N
p©) =Y w.p0]k)

k=l

where w, is the weight of the k-th observation mixture density (cluster) and N is the number

of clusters for a state. For simplicity, the state index s is not shown in the formula. Speech
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recognition systems usually use Laplacian or Gaussian probability densities to model the

probability distribution of a cluster. Using the L -norm, defined as:

R D |
d,a, y) =“i - 5’"; = (E Ixi = yl_lr)‘r

where the L;-norm is used for Laplacian densities and the L,-norm is used for Gaussian
densities, gives as one of the possible formulas for the probability:

N ,
p©) =Y w.a.e IRl

k=]

where the reference vector p, is the mean vector of the k-th observation mixture density.
The coefficients a and b ensure that the probability integrates up to 1 if the observation
vector 0 is run over all possible values. It will be appreciated that also other distance
measures than the L.-norm may be used. Various forms or extensions to above formula are

well known. As an example, the following three types of multi-variate Gaussian densities are
given:

1 P P
. L 1 - CFKICE,)
Full covariance matrix K _: p(0 | k) = e’
D

JemPdetk,

l D

-n Y (0=p)io}

l e B

QmPI;.0,2

Diagonal covariance matrix (K_,),, = ¢} p(© | k) =
1 o 2
. . 2 1 ‘-2—7I°'F.Ix

Scalar variance matrix K., = 1.oj;: p(0 | k) = —0nnm—.¢ *

Q)°(op)”

In this formula, s is an index to the Hidden Markov Model state and k an index to the
density (reference vector) within the state.

Scaling can be used to prevent that terms fall below the precision range of
the processor and to normalise the vectors according to the variance of the density.
Advantageously, if diagonal covariance matrices are used that are tied (such as a state
dependent covariance matrix K, = K, or a grand covariance matrix K, = K), the

observation vector 0 and the mean vectors y, are scaled before the likelihood calculation

- takes place. Scaling is well-known in the art. Advantageously, the reference vectors are

scaled in advance and the observation vector is only scaled once before starting the actual
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likelihood calculations.

Due to the nature of the densities, the sum of probabilities can be approxi-
mated by the maximum, i.e. the density which contributes the largest probability. This
implies that a key step in locating a reference pattern which corresponds to the input pattern
is finding the reference vector which is ‘nearest’ the observation vector (nearest neighbour
search), where ‘distance’ is defined as the negative logarithm of the likelihood:

po) = max{wk.a.e"’“z'm: | k = 1,...,N}

By taking the negative logarithm, this gives:

-log(p(@)) = min{b | o- ||/-log(w)-log(@) | k = 1,...,N}

For multi-variate Gaussian densities this gives:

-log(p(0)) = min{logwi + -lzzlogZ-rr

k
1 - . -
+ Slog detk,, + 2GRIKIG - B | k=1L..M @

Tree structure

Using, for instance, 40 sub-word units, 5 states per sub-word unit and 64 elementary clusters
(each represented by an associated reference probability density) per state implies 12800
likelihood calculations involving, for instance, 32 dimensional vectors. These calculations are
repeated for each observation. Instead of calculating all likelihoods in full, a tree structure is
used to select a subset of reference probability densities for which the likelihood is calculated
in full. A tree structure is built for each state. In the example, this would imply 200 (40*5)
trees, each comprising 64 reference probability densities which form the mixture density for
the state. The N elementary clusters and the associated reference probability densities (with
for instance N being 32, 64, 128 or 256) divide the feature vector space into N cells
(actually there may be more than N cells if the variances of the densities vary a lot. The
formulae implicitly handle this). As will be explained later in more detail, the reference
probability densities are derived from training observation vectors. It will be appreciated that
a reference probability density may represent an elementary cluster of training observation
vectors as well as only one training observation vector. Even if only one training observation
vector is involved, this is still referred to as an elementary cluster,

The N cells are hierarchically organised into a B-nary tree structure with
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L levels. B indicates the maximum number of branches at each node. Advantageously, a
fully balanced tree is used, where N = B'. In practice, during training some clusters and
associated reference probability densities may become obsolete. As a consequence some
leaves or even branches of the tree may be removed from the tree. At the top level L the
root node represents the entire set of cells. These cells are divided into B subsets (also
referred to as clusters), each comprising N/B cells (or less if N is not a power of B). Each of
the clusters is represented by an intermediate node (non-leaf node) at level L-1. In its turn
each of these clusters is again divided into B sub-clusters (or less if some branches have
become obsolete), each of which is represented by an intermediate node at level L-2. This
dividing into sub-clusters is repeated until at the lowest level (level one), each node
represents one elementary cluster of training observation vectors. Associated with each
elementary cluster is a reference probability density, which is derived from the cluster of
training observation vectors. Using Gaussian densities, each reference probability density can
be described by a mean vector ; and covariance matrix K; (for clusters also the mixture
weight w; is used). A cluster, which corresponds to a node at level two of the tree or higher,
is associated with a cluster probability density. This cluster probability density represents all
elementary clusters, which are hierarchically in branches below the node. As such the cluster
probability density can be derived from the reference probability densities associated with
those elementary clusters. This mechanism is repeated for all higher levels.

Figure 4 illustrates a tree structure representing a mixture with 16
reference probability densities, represented by 16 mean vectors g .. u3;. The leaf nodes
djg .. d3; of the tree, at level one, each correspond to one of the reference probability
densities and the associated elementary cluster. The intermediate nodes dg .. d,s at level 2
each represent a cluster with two sub-clusters. As an example, node dg is the parent node of
nodes d ¢ and d;;. As such dg represents the cluster comprising training observation vectors
of the two clusters which are represented by d,¢ and d,,. The cluster probability density,
which corresponds to dg, is represented by the mean vector ;8. This cluster probability
density is derived from the two reference probability densities represented by % ¢ and % 5.
Similarly, d4 represents the cluster comprising training observation vectors of the two
clusters which are represented by dg and dy, and, as such, d, represents the cluster
comprising training observation vectors of the four clusters which are represented by dies
dy7, dg, and dyg. The cluster probability density, which corresponds to d, is represented by
the mean vector u,. This cluster probability density is derived from the cluster probability

densities g and 4, and, as such, from the reference probability densities represented by
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B16> H175 #1g and po. It should be noted that the cluster probability densities, represented

by 74-1 . -ﬁ,s, are used to locate in the set of reference probability densities, represented by

7[16 . ;31’ a subset of reference probability densities, which give a high likelihood for the

observation vector o. For Gaussian densities, the mean vectors , .. j s can be derived

from the mean vectors ¢ .. 3, Of the reference probability densities by calculating a
weighted average in the following way: |

_ M, M,

BTt T T ey
P P
M, =M, +M,,

where M; is the number of reference vectors in the subset represented by node d;.

The corresponding covariance matrix K; for each probability density, represented by Tfi is

given by:

M M M M
_ % 2p+l " 2pl — - -1

Building a tree

For each state, a mixture of probability densities is determined during the acoustic training.
It is well known how an initial set of training data (training observation vectors or reference
vectors) can be used to construct appropriate models (e.g. determine the sequence of
reference units) and cluster the observation vectors for the pattern recognition. Each cluster
is associated with a cluster probability density, represented by a mean vector and variance. It
is also well known how the training can be used to improve an aiready trained system.
Typically, the well-known k-means clustering method is used to cluster the training

observation vectors, refer [L. Rabiner, "Fundamentals of speech recognition”, Prentice Hall,

‘section 3.4.4]. Advantageously, this clustering method is adapted to build the tree structure

by remembering the clustering (for each cluster: which child clusters of one level lower it

contains). In this way, during the training a tree structure is built for each state. As an

example, a binary tree structure can be built as follows:

1. Determine one density with a mean vector (centroid) y and variance for the
entire set of training observation vectors. The mean vector y is the average of

all training observation vectors.
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2. Split the density into two densities, by determining two new centroids y* and
y" (and variances) according to the rule: y* =y + ¢,y =y - ¢, where ¢
is a splitting vector, typically with components in the order of 1.0.

3. For each training observation vector determine which of the two densities is

most likely for the training observation vector and assign the training observa-

tion vector to that density. In this way two clusters are formed.

-4, Recalculate the densities (centroid and variance) of the two clusters.

Iteration: repeat step 3 and 4 until a stop criterium is reached, such as no
significant improvement is reached any more, or a predetermined number of
iterations has been performed.
6. Iteration: repeat for each cluster step 2 to 5 one level lower in the tree, until the
desired number of tree levels has been reached.
By ensuringh that in step 6, the boundary which was been determined between two clusters is
maintained at a level lower (so a vector which was assigned to a branch of a tree is not
reassigned during the forming of sub-clusters one level lower), a binary tree is built. By
leaving out levels of the tree, other tree structures with a branching factor of a power of two,
such as a quaternary tree, can be built. It is obvious how trees with other branching factors
can be built by changing the splitting of step 2 accordingly. The description of the clustering
focuses on pooled covariance matrices. It is well-known how clustering can be performed

using densities with other covariance matrices.

Tree search

The tree is searched, starting at the level below the root node (level L-1)
until at least one reference probability density (and corresponding elementary cluster) at level
1 is located. For each non-leaf node at level L-1 the likelihood that the observation vector o
is produced by the subset of reference probability densities, represented by the non-leaf node,
is calculated by using the cluster probability density corresponding to the non-leaf node. As
an example, the density may be given by formula (a), in which for the mean vector ;s,k the
mean vector is taken which represents the cluster probability density. The branch for which a
largest likelihood was obtained is selected to be searched further. Optionally, more than one
branch may be selected according to a defined criterium. For the selected branches, the same
process is repeated, one level lower in the tree. In this way, at level two of the tree at least
one subset of reference probability densities is located. For the located subsets the likelihood

of the observation vector o is calculated for each reference probability density in the subsets.
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As described earlier, for the actual pattern recognition, the calculated likelihoods are kept
and combined per reference pattern and also combined with the likelihoods calculated for
subsequent observation vectors.

Since the top level of the tree is not used during searching, it will be
appreciated that the tree comprises at least L=3 levels. Using this search strategy for a fully
balanced tree, a total of L = logg(N) levels need to be chécked, requiring B likelihood
calculations at each level of the tree. If at each level of the tree one branch is selected, this
gives a total of B.logg(N) calculations, with some additional overhead for traversing the tree.
This compares favourably to calculating the likelihood of all N cells. The drawback of the
tree search is that it is not guaranteed that always the reference probability density is located
which gives the highest likelihood for the observation vector (the average hit rate is less than
100%). This is illustrated in Figure 5, which gives a two-dimensional example of cell
boundaries for a binary tree with four leaves (d4 to d). The figure shows the cell boundaries
which were achieved as a result of clustering at the top level (level 3) and at level two. The
clustering gave four cells separated by cell boundaries indicated by a thick line. The optimal
division into cells is shown by the thin boundary lines, which deviates partly from the top
level boundary (the assignment at the second level of the tree is accurate). The dotted area
shows the mis-assigned area. '

This method has been tested in the Philips automatic timetable information
system AIS. This speaker-independent recognition system uses forty Hidden Markov Models,
each modelling a context independent phoneme, using six states. Continuous mixture
densities are used. The recognition lexicon comprises 1850 entries. Training and test corpora
consist of German real-life train schedule enquiries (spontaneous utterances recorded over the
telephone network). The system was trained on 8793 utterances, representing 7.3 hours of
speech (of which 47% was labelled as silence). The test corpus consists of 2278 utterances
(1.5 hours of speech) making up a total of 7078 spoken words, of which 224 are out of
vocabulary. The following table shows the results which have been achieved using trees with
64 leaves (6 splits). A total of 40 Hidden Markov Models were used to model 40 sub-word
units. Each model had six states. For the six states, three different mixtures were used: two
successive states shared the same mixture (state 1 and 2, 3 and 4, and 5 and 6). Each
mixture comprised 64 densities. Additionally, a special model with only one state was used
to model silence. This gives in principle (40*3 + 1)*64 = 7744 densities. Since during
training some densities were identified as being obsolete and were purged from the tree, in

practice a total of approximately 7600 densities were used. The table shows the result
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achieved for various branching factors ranging from B = 2, giving a binary tree, to B = 64
giving a flat tree, which effectively is a full search. At each level in the tree only one branch
was selected.

B Nt Hit rate Word error rate | Relative loss
| 2 11.9 70% 26.3% 1.3%

-4 11.9 76% 26.0% 6.1%

8 15.9 82% 25.0% 2.0%

16 20.0 80% 25.2% 2.9%

64 63.3 100% 24.5% .

In the table, N, indicates the number of distances which were in average computed for each
state of the model. It should be noted that due to the purging of some reference vectors
during the training, N, is in average slightly below the numbers for a full tree, being 12,
12, 16, 20 and 64 respectively. The hit rate indicates the percentage of time that the full
search and the tree search locate the same reference vector as being nearest to the
observation vector. The Word Error-Rate (WER) indicates the percentage of time that the
spoken word is not correctly recognised. This includes substitutions (a word was wrongly
identified as another word), insertions (a ‘long’ word was wrongly identified as a sequence of
shorter words) and deletions (a sequence of ‘short’ words was wrongly identified as a long

word).

For the various types of trees, the following computational effort is
required:

B l Number of calculations

2 12 (6 levels, each requiring 2 caiculations)

4 12 (3 levels, each requiring 4 caiculations)

8 16 (2 levels, each requiring 8 calculations)

16 | 20 (2 levels, one of 16 calculations and one of 4 calculations)
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64 | 64 (1 level, requiring 64 calculations)

As a consequence, the computational effort required for a binary tree is the same as for a |
quaternary tree. The previous table aiready illustrated that a quaternary tree gave better
results than a binary tree (a quaternary tree has less branching levels and results in
calculating more distances in full, giving a more accurate result). It is, therefore,
advantageous to use a quaternary tree structure. It will be appreciated that for the same
reason using a tree structure with more branches, such as B=8 or B=16, gives even better
results. However, due to the increase in computational effort, it is advantageous to use a

quaternary tree with more nodes as an alternative to using more branches. This is illustrated

in the following table:

#leaves | Full search Quaternary tree search

#Den- | Ny | WER #Den- | N, | Hit WER Relative

sities sities rate loss
16 1936 [ 16.0 |26.7% |[1929 |7.6 |8% [27.8% |4.1%
32 3862 [319 |249% |3838 |10.0 [78% |26.5% |6.4%
64 7655 | 633 |245% |7543 {119 [76% |26.0% |6.1%

128 15049 | 124.8 | 24.4% | 14539 | 139 |[67% |25.5% {4.5%

256 28998 | 242 243% | 26861 | 156 |65% |24.8% |2.1%

This table shows that by using more densities a better result (lower word error rate) is
obtained. By comparing the result for 128 and 256 nodes using the quaternary tree (B=4) to
the results obtained using a tree with B=8 and 64 nodes (previous table), it is clear that for
less or similar computational effort the quaternary tree, using more densities, gives better
results.

The table also indicates that the increase in number of densities results in_
a lower hit rate. The hit rate can be improved by selecting at some or all of the levels of the
tree more than just one branch. One way of doing this is, for instance, selecting in a

quaternary tree two branches at each level. For a quaternary tree with 64 leaves this would
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require 28 computations, compared to 12 computations if only one branch is selected at
every level. It will be appreciated, that if at a certain level in the tree one of the four
possible branches gives a much higher likelihood for the observation vector than the other
three branches, that it is highly likely that the reference probability density which gives the
highest likelihood is a member of that branch. On the other hand, if a group of more than
one branch gives a similar, relatively high likelihood for the observation vector, then
selecting only one branch leads more likely to a wrong decision.

Therefore, in a further embodiment a threshold T is used. At each level of
the tree the node with the cluster probability density, which gives the highest likelihood, is
selected. If the difference in log-likelihood of the best node and the second best node is
below the threshold T, then also the second best node is selected and both branches are
searched further. This method has been tested for various values of T, as indicated in the

following table:
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#Leaves | Threshold T | Ny Hit rate | WER Relative loss
64 full search 63.3 100% 24.5% -
64 0 11.9 76% 26.0% 6.1%
64 2 14.2 87% 25.8% 5.3%
64 4 16.3 93% 25.7% 4.9%
64 6 18.4 95% 25.3% 3.2%
256 full search 242 100% 24.3%
256 0 15.7 65% 24.8% 2.1%
256 2 20.7 82% 24.4% 0.4%
256 4 26.2 89% 24.2% -0.4%
256 6 | 31.6 92% 24.3% 0.0%

The table shows results for a tree with 64 leaves and a tree with 256 leaves. For each tree,
the first row shows the result using a full search (no threshold is used). The row with T=0
gives the results if only one branch is selected at every level. For the higher thresholds the
likelihood that at a certain level two branches are selected increases, as reflected by the
number of distances which were actually computed for each state of the model (Nggp).
Particularly, for large trees, such as 256 leaves, significant increases in performance can be
achieved without noticeable loss in accuracy. Persons skilled in the art will be able to select
for their system the most appropriate threshold. It will be appreciated that the threshold
mechanism can also be used to allow the selection of more than two branches, if this would
be required.

At the intermediate levels the cluster likelihood of the observation is
actually not used for the real likelihood caiculation, which is only performed for the
reference probability densities represented by the leaf nodes. At the intermediate levels it is
only required to know which cluster probability density gives the highest likelihood for the
observation vector, not what the actual likelihood is.

For Gaussian densities, which use the Euclidian norm (L,-norm), it is

possible to determine which cluster probability density gives the highest likelihood by using a
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simpler calculation, requiring mainly a vector scalar product calculation (also referred to as
inner product or dot product). By using Gaussian densities with only a single scalar variance

per Gaussian density:

K, 6 =102

sk *Vsk

formula (a) becomes:

-log(p(0)) = min{logl + 210g27r + log 0, + "0 "’*"2 | k = 1,...,N}
w, 2 2 2(,"
By defining:
~ 1 ,D lo-7. 2
; = log— + Zlog2 —_—
fo.p) ngk + 3 Ogem + 2log 0, + 70

g.,(‘—)) = .ﬂa’;_,.,') = f@.ﬁ,J)

the discriminating function gij(?)-) indicates which of cluster probability densities (represented
by the mean vectors u; or u;) gives the highest likelihood for 0. Only the sign of g;(0) is
relevant: if g;j(0) is positive, the cluster probability density represented by u; gives the
highest likelihood for o; if g;j(0) is negative, the cluster probability density represented by
Ii gives the highest likelihood for 0. Using the following principle:

lo-wl3 = 121 - 207, + 1&l;

gives for g;(o):

W, D L% T
0) = log—< + Zlog2 - Y
gq( ) W,. 2 iy UJJZ 20’.r.i2 20-\'.1'2
1 - -1, By, B
+( -_4un o= - =
20:.1‘ J s asj

In this formula, the first four terms can be calculated once, for instance during training. Of
the fifth term, the first factor can also be calculated once. The second factor (the squared
norm of 0) only needs to be calculated once for each observation vector and can be used for
all reference vectors. Only the last term, which is a vector scalar product, needs to be
calculated for each observation vector and each reference vector. Using this formula, gij(a)
is first used to determine whether cluster probability density 1 gives a higher likelihood for ©
than the cluster probability 2. Next, the cluster probability density which gave the highest
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likelihood is compared to the cluster probability density 3. This is repeated until all cluster
probability densities at this level of the tree have been tested. The sequence in which the
cluster probability densities are selected for calculation is not important.

A similar technique can be applied if the covariance matrix for the
Gaussian densities is tied among all densities of a mixture: the covariance matrix Kk = K,
where s is the state of the Hidden Markov Model and k indicates a density for that state.
This results in the boundaries between the clusters represented by different branches of the
tree being hyperplanes. Formula (a) becomes:

-log(p(0)) = min{log.‘i_ + §10g21r

k
+ 5log detk, + 2G-RIK'G - B | k= 1,...N)
By defining:
1

Wi

1

f6.7,) = log— + Zlog2 + Slog detk, + 261, )'K;'G - E,)

the discriminating function g;(0):

g'l(a) = ,ﬂa,ﬁ”) - ﬂ59ﬁ;‘,‘)
becomes:

. w. - o - - - o — = '
8@ =logt + 2O, VK'G - B, - 265K @R,)

i

w, ) I - - - - =
= log—‘j * 7[(“’5,)'_“:.1')77(3 ’l) * OTKS l(ﬁ:.i-#s.i) * P’s.x‘K ly's.i - I‘LSJK ll"'xJ]

Since in general:

a™b = (@a™™b)T = b"™MT"a

and K" is a symmetrical matrix, this gives:

- W, - — - .= l— =
gu(()) = 10gw" * OTKSl(“s.i—l“x.i) * E“s.iK 1I"'.v.i - E"LSJK l“s.i

]

In this formula, terms 1, 3 and 4 can be calculated once, for instance during training. Of the

second term, the vector K"(Zs’j - Fs,i) can also be calculated in advance, implying that only
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the vector scalar product of this vector with o remains to be calculated on-line.

Tree search during training
During training the unknown parameters of the Hidden Markov Models are estimated. This
involves estimating the unknown sequence of reference units (states) and the unknown model
parameters (mixture density parameters). Figure 6 illustrates a typical training process. The
same step of acoustic analysis as used for speech recognition is used to transform a training
utterance into a time sequence of training observation vectors. In an iterative process, the
time alignment of the training observation vectors to the states and the model parameters are
improved. At each loop of the iteration the model, which has been constructed at that
moment, is used to time align the training observation vectors. It is well known how this can
be done, for instance by using the Viterbi algorithm. The Viterbi algorithm determines the
best state sequence for a given sequence of observation vectors. As a result of the time
alignment, each training observation vector is assigned to a state and its mixture density.
Next, the observation vectors for each mixture density are collected (clustered) and used to
re-estimate the parameters of the density. The described k-means clustering method can be
used for this. As is clear, due to the time alignment some observation vectors will be
assigned to another state and mixture density. Since at the same time a certain level of the
tree is being constructed (as part of the clustering), the reassignment affects the already
performed clustering and building of the tree. Instead of restarting the clustering from scratch
at the top level of the tree, advantageously, the described tree search algorithm is used to
preliminary assign the training observation vectors to a cluster. This can be integrated into
the clustering procedure as one more level of iteration. As an example, a binary tree
structure can be built as follows (note that the following procedure is performed in parallel
for each state):
1. Determine one mixture density with a mean vector (centroid) y and variance
for the entire set of training observation vectors for the state. The mean vector
y is the average of all training observation vectors.
2. Time align the system, by determining for each training observation vector the
most appropriate state.
3. Recalculate the mixture density.
4. Iteration: repeat step 2 and 3 until a stop criterium is reached, such as no

significant improvement is reached any more, or a predetermined number of

iterations has been performed.
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Split the mixture density into two mixture densities (one level lower), by
determining two new centroids y* and y- according to the rule: y* =y + ¢,
y =y - ¢, where ¢ is a splitting vector, typically with components in the
order of 1.0. (The variances of the new two densities are, for now, copied from
the original density).

For each training observation vector determine which of the two mixture
densities is most likely for the observation vector and assign the observation
vector to that density. In this way two clusters are formed.

Recalculate the mixture densities (centroid and variance) of the two clusters.
Iteration: repeat step 6 and 7 until a stop criterium is reached, such as no
significant improvement is reached any more, or a predetermined number of
iterations has been performed.

Time align the system, by determining for each training observation vector the
most appropriate state.

Use the tree search algorithm to assign each training observation vector to a
cluster at the tree level which is currently being built.

Recalculate all mixture densities starting at the current tree level, going
upwards.

Iteration: repeat step 10 and 11 until a stop criterium is reached, such as no
significant improvement is reached any more, or a predetermined number of
iterations has been performed.

Iterétion: repeat starting at step 9 until a stop criterium is reached, such as no
significant improvement is reached any more, or a predetermined number of
iterations has been performed.

Iteration: repeat starting at step 5 for each mixture density at the currently

lowest level (which has become stable now) until the desired number of tree
levels has been reached.

As a starting point for the iterations of figure 6, each of these training sentences (sequence of

observations) may be manually segmented into states or, alternatively, automatically

segmented into states, either linearly or using an older model, if available.

Using the tree search during training results in a significant reduction in

the time required to train the system. In the AIS system operating at maximum resolution of

29000 densities, the training time was reduced from 108 hours to 25 hours. It should be
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noted that this leads to a degradation in recognition. The following table shows that for a low

resolution system (16 leaves per tree, a total of 1900 densities), which is more affected than

a high resolution system, the relative loss is approximately 2%.

S e e
tree used for Nt Hit rate WER Relative
. . . loss
training testing -
no no 16.0 100% 26.7% -
yes yes 1.6 88% 27.8% 4.1%
yes no 15.9 100% 27.2% 1.9%
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CLAIMS:

1. A method for recognising an input pattém which is derived from a
continual physical quantity; said method comprising:

accessing said physical quantity and therefrom generating a sequence of input
observation vectors, representing said input pattern;

locating among a plurality of reference patterns a recognised reference pattern,
which corresponds to said input pattern; at least one reference pattern being a sequence of
reference units; each reference unit being represented by at least one associated reference
probability density in a set of reference probability densities;

representing a selection of the reference probability densities as a tree structure,
where each leaf node corresponds to a reference probability density, and where each non-leaf
node corresponds to a cluster probability density, which is derived from reference probability
densities corresponding to leaf nodes in branches of said non-leaf node;

said locating comprising for each input observation vector o:

selecting a plurality of leaf nodes by searching said tree structure via non-
leaf nodes for which the corresponding cluster probability density gives an optimum cluster
likelihood for said input observation vector o; and
calculating an observation likelihood of said input observation vector o

for each reference probability density which corresponds to a selected leaf node,
characterised in that:

said method comprises representing the reference probability densities
associated with each reference unit as a separate tree structure, and

said locating comprises selecting leaf nodes of each separate tree structure by
performing said searching for each separate tree structure.
2. A method as claimed in claim 1, characterised in that searching said tree
structure via non-leaf nodes includes searching at at least one level of said tree structure a
path via one non-leaf node for which an optimum of said cluster likelihood is calculated,
supplemented by paths via non-leaf nodes for which said cluster likelihood is within a prede-
termined range of said optimum cluster likelihood.

3. A method as claimed in claim | or 2, characterised in that said tree
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structure is a quaternary tree, in which each non-leaf node is hierarchically one level above a
maximum of four nodes and at least one non-leaf node is hierarchically one level above four
nodes.

4. A method as claimed in claim I, 2 or 3, characterised in that searching
said tree structure via said non-leaf nodes comprises for a group of non-leaf nodes within a
same branch of said tree structure and at a same level of said tree structure: -

calculating for a selected pair of said non-leaf nodes a cluster comparison score
between the two corresponding cluster probability densities and said input observation vector
'0; said cluster comparison score indicating which of the two corresponding cluster probabil-
ity densities gives the highest likelihood for the input observation vector o

repeating calculating said cluster comparison score for the non-leaf node, for
which the previously calculated cluster comparison score indicated the highest likelihood, and
another non-leaf node of said group for which no cluster comparison score has been
calculated yet, until a cluster comparison score has been calculated for all non-leaf nodes of
said group; and

including in said searching a path via the non-leaf node for which the cluster
comparison score indicated the highest likelihood.
5. A method as claimed in claim 1, 2, 3 or 4, wherein the probability
densities are derived from a sequence of training observation vectors, representing known
input patterns; and wherein said representing said set of reference probability densities as a
tree structure comprises clustering said training observation vectors into a hierarchical set of
clusters and calculating for each cluster a cluster probability density,
characterised in that said representing said set of reference probability densities as a tree
structure comprises: ,

segmenting said sequence of training observation vectors into a sequence of
corresponding reference patterns and corresponding reference units; and

iteratively:

clustering for each reference unit the corresponding training observation vectors
into a hierarchical set of clusters, forming separate tree structures, each of which
corresponds to a separate reference unit; and

time aligning said sequence of training observation vectors according to said
sequence of reference units by:

determining for each training observation vector a corresponding reference unit,

which according to a predetermined optimality criterion is most likely, and
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assigning each training observation vector to one of said clusters by searching

the tree structure of the corresponding reference unit for the cluster with an optimum cluster
likelihood.

6. A system for recognising a time-sequential input pattern, which is derived
from a continual physical quantity; said system comprising:

input means for accessing said physical quantity and therefrom generating a
sequence of input observation vectors, representing said input pattern;

a tree builder for representing a selection of reference probability densities from
a set of reference probabilities as a tree structure, where each leaf node corresponds to a
reference probability density, and where each non-leaf node corresponds to a cluster
probability density, which is derived from all reference probability densities corresponding to
leaf nodes in branches below said non-leaf node;

v a reference pattern database for storing a plurality of reference patterns; at least
one reference pattern being a sequence of reference units; each reference unit being repre-
sented by at least one associated reference probability density in said set of reference
probability densities; said selection of reference probability densities being stored as said tree
structure;

a localizer for locating among the reference patterns stored in said reference
pattern database a recognised reference pattern, which corresponds to said input pattern; said
locating comprising for each input observation vector o:

selecting a plurality of leaf nodes by searching said tree structure via non-
leaf nodes for which the corresponding cluster probability density gives an optimum cluster
likelihood for said input observation vector 0; and

calculating an observation likelihood of said input observation vector o
for each reference probability density which corresponds to a selected leaf node; and

output means for outputting said recognised pattern;
characterised in that: |

said tree builder is conceived to for each reference unit represent the associated
reference probability densities as a separate tree structure;

said reference pattern database further stores for each reference unit said sepa-
rate tree structure, and

said locating comprises selecting leaf nodes of each separate tree structure by
performing said searching for each separate tree structure.

7. A system as claimed in claim 6, characterised in that searching said tree
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structure via non-leaf nodes includes searching at at least one level of said tree structure a
path via one non-leaf node for which an optimum of said cluster likelihood is calculated,
supplemented by paths via non-leaf nodes for which said cluster likelihood is within a prede-
termined range of said optimum cluster likelihood.
8. A system as claimed in claim 6 or 7, characterised in that said tree
structure is a quaternary tree, in which each non-leaf node is hierarchically one level above a
maximum of four nodes and at least one non-leaf node is hierarchically one level above four
nodes.
9. A system as claimed in claim 6, 7 or 8, characterised in that searching
said tree structure via said non-leaf nodes comprises for a group of non-leaf nodes within a
same branch of said tree structure and at a same level of said tree structure:

calculating for a selected pair of said non-leaf nodes a cluster comparison score
between the two corresponding cluster probability densities and said input observation vector
'0; said cluster comparison score indicating which of the two corresponding cluster probabil-
ity densities gives the highest likelihood for the input observation vector 0;

repeating calculating said cluster comparison score for the non-leaf node, for
which the previously calculated cluster comparison score indicated the highest likelihood, and
another non-leaf node of said group for which no cluster comparison score has been
calculated yet, until a cluster comparison score has been calculated for all non-leaf nodes of
said group; and

including in said searching a path via the‘ non-leaf node for which the cluster
comparison score indicated the highest likelihood.
10. A system as claimed in claim 6, 7, 8, or 9, wherein the probability
densities are derived from a sequence of training observation vectors, representing known
input patterns; and wherein said representing said set of reference probability densities as a
tree structure comprises clustering said training observation vectors into a hierarchical set of
clusters and calculating for each cluster a cluster probability density,
characterised in that said representing said set of reference probability densities as a tree
structure comprises:

segmenting said sequence of training observation vectors into a sequence of
corresponding reference patterns and corresponding reference units; and

iteratively:

clustering for each reference unit the corresponding training observation vectors

into a hierarchical set of clusters, forming separate tree structures, each of which



WO 97/08686 PCT/1B96/00860

31
corresponds to a separate reference unit; and

time aligning said sequence of training observation vectors according to said
sequence of reference units by:

determining for each training observation vector a corresponding reference unit,
which according to a predetermined optimality criterion is most likely, and

assigning each training observation vector to one of said clusters by searching

the tree structure of the corresponding reference unit for the cluster with an optimum cluster
likelihood.
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