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An Improvement to 3-D N-best Search Using Path-Distance Based
Clustering for Recognizing Multiple Sound Sources
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Abstract A problem which requires solution in the recognition of distant talking speech is the talker localization. In
some approaches the talker is localized by using short- and long-term power. However, in the case of low SNR the talker
localization appears to be difficult. The 3-D Viterbi search based method, proposed by Yamada T. et.al, integrates
talker localization and speech recognition. Although, the method provides high recognition rates its applications are
restricted only to the presence of one talker. In previous work we introduced a method able for simultaneous recognition
of multiple sound sources. The method is an extension of the 3-D Viterbi search and performs N-best search in a
3-D trellis space composed of input frames, HMM states and direction. This paper describes the improvement of the
method by using path-distance based clustering of the hypotheses.
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1 Introduction

The recognition of the distant talking speech is of an im-
portant role in any practical speech recognition system.
Moreover, factors such as noisy and reverberant environ-
ment, presence of multiple sound sources, moving talkers,
etc. should be, also, considered.Due to the fact that a
microphone array can take advantage of the spatial and
acoustical information of a sound source, most of those
systems are microphone array-based. )

A complex problem, which requires solution in a such
system is the talker localization and the speech recogni-
tion. In some approaches [1, 2, 3, 4] the talker is localized
by using short- or long-term power, then the beamformer
is steered to the hypothesized direction and recognition is
performed by extracting the feature vectors in this direc-
tion. However, these approaches face a serious problem.
Namely, in low SNR the talker localization appears to
be difficult. The 3-D Viterbi search method, proposed
by Yamada et.al [5, 6] , integrates talker localization and
speech recognition and performs Viterbi search in a 3-
D trellis space, composed of input frames, HMM states
and direction [Fig. 1]. By steering a beamformer to each
direction a locus of the sound source and a feature vec-
tors sequence can be obtained simultaneously. Although,
the 3-D Viterbi search using adaptive beamforming based
system provides high recognition rates, it can be applied
only in the case of one sound source.

In previous works [7, 8] a novel method able for rec-
ognizing multiple sound sources simultaneously had been
proposed. The method is based on the 3-D Viterbi search
and extended to 3-D N-best search. The method per-
forms full search in the direction and considers N-best
word hypothesis and direction sequence. As a result, the
algorithm provides an N-best list, which includes the di-
rection sequences and the phoneme sequences of the mul-
tiple sound sources.

This paper describes, also, the improvement to the pro-
posed method by using path distance-based clustering.
The speech recognition system based on this method op-
erates in two pass. In a first forward-pass the required
top N hypotheses are found. During this pass the direc-
tion sequences are, also, found and stored. An additional
second pass is integrated, which traces back the direction
sequences of the provided top N hypotheses and calcu-
lates for each hypothesis-pair a distance. Based on this
distance the hypotheses are clustered into a pre-defined
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Figure 1: 3-D Trellis space
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Figure 2: Locus of sound Source

number of clusters. As a result, the sound sources located
in different direction sequence are included in different
cluster. By finding the top N for each cluster the sound
sources and their direction sequences can be obtained.

2 3-D Viterbi search

The 3-D Viterbi search attempts to solve the localization
problem in the case of low SNR, by integrating the talker
localization and speech recognition. The algorithm per-
forms Viterbi search in a 3-D space and finds an optimal
(d, §) path with the highest likelihood as the Formula 1
shows. In this formula g is state, d is direction, M is the
HMM model and X is the feature vector.

(4,d) = argmaz Pr(X|d,q, M) (1)
q,d

In the hypothesized path a direction sequence and a fea-
ture vector sequence can be obtained as Figure 2 shows.
The direction sequence corresponds to the locus of the
sound source and the feature vectors sequence to the ut-
tered speech or to other sound source.

The speech recognition system based on 3-D Viterbi
search and using adaptive beamforming provides high recog-
nition rates and operates efficiently, even in the case of
moving talker. However, the system focuses on the pres-
ence of one sound source only. In order to avoid this
disadvantage we extended the 3-D Viterbi search to the
3-D N-best search capable for considering multiple sound
sources.

3 3-D N-best search

The 3-D N-best search is an extension of the 3-D Viterbi
search and it’s based on the idea, that recognition of mul-
tiple sound sources can be performed by introducing the
N-best paradigm. While the 3-D Viterbi search consid-
ers only the most likely path in the 3-D trellis space, the
3-D N-best search considers multiple hypotheses for each
direction and in this way the N path with the highest
likelihood can be obtained. In a similar way with the
conventional 3-D Viterbi search the direction-feature vec-
tor sequences are extracted by steering the beamformer to
each direction every time frame. After a direction-feature
vector sequence is extracted, matching is followed between
the extracted vector sequence and the HMM models.
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Figure 3: Path distance of a hypothesis-pair

The baseline 3-D N-best search is an one-pass search
algorithm, which performs full search in the direction. In
each time frame the arriving hypotheses to a node are con-
sidered and the N-best are found by sorting the unique
ones with different direction. Equation 2 shows the gen-
eral way to find the N hypotheses with the highest likeli-
hood.

a¥(g,d,n) = Sd(,)lg,t{gN (¢',d',n~1) +logai(d', q)

+logax(d',d)} + logb(g,x(d,n)) (2)
Considering a node at time n , the overall o™ (¢',d',n—1)
predecessor hypotheses are sorted and by adding to those
the a; state and g direction transition, and b output
probabilities the a’¥(g,d,n) N-best hypotheses can be
found.

At the last stage of the recognition system based on the
3-D N-best search the overall provided word-hypotheses
are sorted according to the likelihood and the top N with
the highest likelihood are selected. The correct sound
sources are included in the top N hypotheses and the di-
rection sequences can be, also, obtained.

4 Clustering Hypotheses Using the
Information of the Path Distance

The original 3-D N-best search was extended by imple-
menting the path distance-based clustering. Using the
information of the provided direction sequences the top
N hypotheses are classified into several clusters. Figure 3
shows the direction and power sequences of two hy

Table 1: Results for top 4. Sorting according to the
likelihood. Only one sound source is included in the N-
best list.

MHT FSU
Input | /omoshiroi/ | /wagamama/
[ Top } Word I Likelihood |
1 /wagamama/ -78.5579
2 /hanahada/ -78.9105
3 /hanabanashii/ | -78.9776
4 [wazawaza/ -79.2003
7 /omoshiroi/ -79.5485

potheses. Using the Equation 3 the path distance D(k, k)
for the two hypotheses is calculated.

N-1
D(k,K') = Y (dr(i) = dw (2))* (p(dr (), §) + p(dw (6),4)) (3)
i=0
In the Equation 3 N is the number of total frames, & and
k' the directions at final frame of the two hypotheses, dj
is the direction sequence which ends at k£ and p(ds) is
the power sequence corresponding to dy. The power se-
quences are used in the calculation of the path distance in
order to avoid the impact effect of the non-speech region.
The path distance provides the measure the clustering is
based on. By using the path distance the top N hypothe-
ses are classified in different clusters, which corresponds
to the sound sources. The number of the clusters corre-
sponds to the number of the sound sources and the sound
sources can be found by picking up the top N of each clus-
ter. The direction of the sound sources can be obtained
by examining the direction sequences of the hypotheses
included in each cluster.
Figure 4 shows the transitions of four hypotheses in the

case of the pronounced words /omoshiroi/ and /wagamama/.

The two words were pronounced by different talkers. The
talkers are located in fixed position at 10 and 170 degrees
respectively. The aim is to classify those hypotheses into
two clusters based on their direction sequences. It’s ex-
pected that the words /omoshiroi/ and /wagamama/
will be included in a different cluster and in high order.

Due to its implementation simplicity the bottom-up
method has been chosen as clustering method. The al-
gorithm operates as following :

o Find the minimum of the overall path distances.

Merge the hypotheses with the minimum distance.
1st cluster is generated.

Find the 2nd minimum of the remained path dis-
tances.

Merge the hypotheses with the 2nd minimum dis-
tance. 2nd cluster is generated or the hypotheses
are merged with previous clusters.

Continue the previous steps until the required num-
ber of clusters is generated.

A very difficult problem, which must be solved is to find
the number of the clusters necessary for our task. In this
paper the number of the clusters is pre-defined and is the
same as the known number of the sound sources.

5 Experiment and Results

To perform evaluation of the 3-D N-best search method,
isolated-word recognition experiments were carried out on
simulated data (only time delay). Results are provided for
both of cases, namely with and without clustering.
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Table 3: Results for top 4. Sorting according to the
likelihood. Only one sound source is included in the N-
best list.

MHT FSU
Input | /omoshiroi/ | /daidokoro/
[ Top | Word | Likelihood |
1 | /daidokore/ -76.6489
2 /daihyoo/ -76.6958
3 /zairyoo/ -76.8843
4 /imagoro/ -76.9619
10 | /omoshiroi/ -77.5794

Table 4: Results for top 4. The hypotheses are classified
using the path distance.
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Figure 4: Results show the transitions of hypotheses

Table 2: Results for top 4. The hypotheses are classified
using the path distance.

MHT FSU
Input | /omoshiroi/ | /daidokoro/
[ Top ] 1st Cluster | 2nd Cluster |
1 /omoshiroi/ | /daidokoro/
2 - /daihyoo/
3 - /zairyoo
4 - /imagoro/

MHT FSU
Input | /omoshiroi/ | /wagamama/
[ Top | 1st Cluster | 2nd Cluster |
1 /omoshiroi/ | /wagamama/
2 - /hanahada/
3 - /hanabanashii
4 - [wazawaza/

5.1 Experimental Conditions

The speech recognizer is based on tied-mixture HMM
with 256 distributions. The 54 context dependent phoneme
models are trained with the 64 speakers ASJ speaker-
independent database. The testing data are 216 phoneme
balanced words of the MHT- and FSU-speaker of the ATR
database SetA. The feature vectors are of length 33 (16
MFCC, 16 AMFCC and Apower). A linear array com-
posed of 16 microphones is used and the distance between
them is 2.83 cm. The sound sources are located in fixed
position at 10 and 170 degrees, respectively as Figure 5
shows.

Male (MHT)

Female (FSU)

Figure 5: Source positions

5.2 Experimental Results

Table 1 shows the achieved results for the case described
by Figure 4. The hypotheses are sorted according to the
likelihood and clustering isn’t implemented. As Table 1
shows only one sound source included in the top 4. Table
2 shows the results when clustering is implemented. As
can be seen the two sound sources are included in different
cluster and both are on the 1st order. Table 3 and Table
4 show another example. As can be seen by implement-
ing clustering the correct words are recognised as top 1.
Table 5 and 6 show an example when the clustering fails
to classify correctly the words. Table 7 and Table 8 show
the results of the experiments were carried out. As can
be seen by implementing the clustering algorithm an im-
provement in accuracy was achieved in almost all cases,
because two clusters have been generated and therefore,
two top 1 and two top 5 exist.

5.3 Error’s Investigation

As Table 7 and Table 8 show results aren’t efficiently high.
In order to improve the performance of the recognition

Table 5: Results for top 4. Sorting according to the
likelihood. Only one sound source is included in the N-
best list.

MHT FSU
Input | /omoshiroi/ | /hyoojuN/
{ Top | Word | Likelihood ]
1 /hyoojuN/ -77.8488
2 /omoshiroi/ | -78.1610
3 /ryoogae/ -78.2200
4 /gikochinai/ -78.2943




Table 6: Results for top 4. The hypotheses are classified
using the path distance.

MHT

/omoshiroi/

FSU
/hyoojulN/

Input

TTop [ 1st Cluster | 2nd Cluster |

1 /oboe/ /hyoojuN/
2 - /omoshiroi/
3 - /ryoogae/

4 - /gikochinai/

Table 7: Experimental results without clustering

Accuracy [%)]

Top 1 | Top 5

One source 72.09 | 93.05

One source - Correct direction | 64.65 | 91.21
Both sources 37.16

Both sources -Correct direction * 30.55

system based on 3-D N-best search error’s investiga-
tion is necessary. The following factors appear to have an
impact effect to the performance of the system :

e Different duration of the sound sources. The search
attempts to search the sound source which has longer
duration. A possible solution to this problem is the
implementation of word-spotting.

e Likelihood normalization appears to be necessary.

e The clustering accuracy appears to be lower as the
expected. A possible solution is the implementation
of different clustering method.

e Due to the fact that the delay and sum beamformer
isn’t sharp enough, the performance of the system
decreases. The use of the adaptive beamformer could
offer a solution to this problem.

An additional problem is the computation amount neces-
sary. A possible solution to this problem is to consider
only hypotheses from the directions where power is over
a given threshold.

6 Conclusion

In this paper the 3-D N-best search method was described.
The clustering technique based on the path distance was,
also, implemented to the original 3-D N-best search, which
offers recognition rate improvement. However, results
aren’t efficiently high. Several problems must be solved
in order to improve the performance of the system . As
future work error’s investigation will be performed and
it’s expected that by offering solutions to the described
problems the performance will be increased. Moreover, as
future work we’ll consider the case of moving talker, too.
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