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Abstract : Abstract- In distant-talking environments, speech recognition performance degrades 

significantly due to noise and reverberation. Recent work of Michael L. Selzer shows that in 

microphone array speech recognition, the word error rate can be significantly reduced by 

adapting the beamformer weights to generate a sequence of features which maximizes the 

likelihood of the correct hypothesis. In this approach, called Likelihood Maximizing Beamforming 

algorithm (Limabeam), one of the method to implement this Limabeam is an UnSupervised 

Limabeam(USL) that can improve recognition performance in any situation of environment. From 

our investigation for this USL, we could see that because the performance of optimization 

depends strongly on the transcription output of the first recognition step, the output become 

unstable and this may lead lower performance. In order to improve recognition performance of 

USL, some post-filter techniques can be employed to obtain more correct transcription output of 

the first step. In this work, as a post-filtering technique for first recognition step of USL, we 

propose to add a Wiener-Filter combined with Feature Weighted Malahanobis Distance to 

improve recognition performance. We also suggest an alternative way to implement Limabeam 

algorithm for Hidden Markov Network (HM-Net) speech recognizer for efficient implementation. 

Speech recognition experiments performed in real distant-talking environment confirm the 

efficacy of Limabeam algorithm in HM-Net speech recognition system and also confirm the 

improved performance by the proposed method. 
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I. INTRODUCTION

In State-Of-The-Art Automatic Speech 

Recognition (ASR), the performance can be 

attained well when the speech signals are 

captured by close-talking microphone. 

However, in distant-talking environments, such 

as meeting room, inside car, information kiosk, 

etc., the speech recognition accuracy degrades 

significantly due to the effects of additive 

noise and reverberation. In these scenarios, 

microphone array can be used to compensate 

the distortions of the speech signals by spatial 

filtering to the sound field.

Many methods were proposed for 

microphone array speech recognition. The 

simplest approach is that of the delay-and-sum 

beamformer, in which delays were inserted in 

each channel to compensate for differences in 

travel time between the desired sound source 
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Fig. 1 (a) Conventional architecture and (b) 

Limabeam architecture for speech 

recognition with microphone array

and the various sensors before summing them 

to give a single enhanced output channel. This 

process ensures constructive in-phase addition 

of the desired signal during the summation. As 

the noise components in the signal are 

combined out of phase, the procedure leads to 

a relative increase in the signal level with 

respect to the noise level [1-4].

Other more sophisticated beamforming 

techniques which calculate the channel filters 

to optimize a particular criterion such as gain 

with respect to an isotropic noise field or a 

set of particular noise locations. The typical 

one is Generalized Sidelobe Canceller (GSC) 

[5], in which the array parameters are updated 

on a sample-by-sample or frame-by-frame 

basis. This method assumes that the target and 

jammer signals are uncorrelated. When this 

assumption is violated, as is the case for 

speech in a reverberation environment, the 

methods suffer from signal cancellation 

because reflected copies of the target signal 

appear as unwanted jammer signals.

All of microphone array processing 

approaches described above, shown in Figure 

1(a), were designed for signal enhancement 

(improve Signal to Noise Ratio - SNR). 

However, a speech system does not interpret 

waveform-level information directly. It is 

statistical pattern classifier that operates on a 

sequence of features derived from the 

waveform. Therefore, above techniques do not 

decrease the Word Error Rate (WER) 

significantly.

Recent work of Michael L. Seltzer shows 

that in microphone array speech recognition, 

the WER can be dramatically reduced by 

adapting the beamformer weights to generate a 

sequence of features which maximizes the 

likelihood of the correct hypothesis [6]. In this 

approach, called Likelihood Maximizing 

Beamforming (Limabeam), shown in Figure 

1(b), information from the recognition system 

is used to optimize the beamformer weights. 

Limabeam has several advantages over 

classical methods such as enhancing those 

signal components which is important for 

accuracy recognition; no assumption about the 

interfering signals; requiring no prior 

knowledge of the microphone array geometry, 

room configuration, speaker-to -receiver 

impulse responses, etc. Limabeam is mainly a 

data-driven approach.

Originally, Limabeam was investigated with 

Sphinx3, an HMM-based large-vocabulary 

speech recognition system [7], and English 

database. In this paper, we present the results 

of investigation the performance of speech 

recognition using microphone array and the 

way to implement Limabeam algorithm with 

Hidden Markov Network (HM-Net) speech 

recognition system and Korean database. 

In practice, usually post-filter is applied to 

the output of beamformer for improving the 

system performance. Most approaches use the 

input channel auto- and cross-spectral 

densities to estimate a Wiener post-filter. 

These post-filters have been used successfully 

in a number of speech enhancement and robust 

speech recognition applications [13]. Feature 

Weighted Mahalanobis Distance (FWMD) is also 

known to be effective for improving the 

performance of Limabeam algorithm [16] and if 

we apply a Wiener-Filter combined with 

FWMD to the system, we can expect that the 

recognition performance of the system is 

improved.

The remainder of this paper is organized as 

follow. In Section II, HM-Net speech 

recognition system is briefly described. Section 
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III describes about Delay-and-Sum (D&S) 

beamforming, Limabeam algorithm, M. 

Sheltzer’s and our proposed implementation 

method, postfiltering technique, and FWMD. 

The implementations of our proposed 

Unsupervised Limabeam algorithm in HM-Net 

speech recognition system, which combines 

FWMD with post filtering technique, is 

presented in Section IV. Section V evaluates 

the performance of these algorithms through a 

series of experiments performed using 

microphone array with 4 elements. Finally, we 

present some conclusions in Section VI.

Ⅱ. Hm-net Speech Recognition System

HM-Net is a large-vocabulary, speaker - 

independent, HMM-based continuous speech 

recognition system [8]. The core structure of 

HM-Net is using Successive State Splitting 

algorithm to handle the problem of limited 

training data and unseen contexts in training 

step. HM-Net, shown in Figure 2, is a network 

of Hidden Markov Model which represents 

context dependent left-to-right HMMs in an 

efficient way. HMMs in HM-Net have various 

state lengths and share their state each other. 

Each node of the network is corresponding to 

an HMM state and has following information

- State number, 

- Acceptable context class, 

- Lists of preceding states and succeeding  

     states,

- Parameters of the output probability       

     density distribution,

-State transition probabilities.

In the HM-Net, if a phoneme context of a 

sample is given, the model corresponding to 

the context can be determined by 

concatenating several states, each of which 

can accept the context, using the restriction of 

the preceding state list and the succeeding 

state list. Since this model and an HMM are 

equivalent, we can treat the HM-Net as well 

Fig. 2 HM-Net Architecture.

as common HMMs and thus so Baum-Welch 

re-estimation and Viterbi decoding can be 

applied to them [9,10,11]. 

Ⅲ. The Limabeam Algorithm

3.1 Delay-and-Sum Beamforming

Delay-and-Sum (D&S) is the most popular 

and simplest method in microphone array 

processing. To process, one channel is chosen 

as a reference and the Time-Difference Of 

Arrival (TDOA) for the rest of the channels is 

estimated using Generalized Cross-Correlation 

(GCC) Phase Transform (PHAT) [12] or any 

other Time Delay Estimation (TDE) techniques. 

Next the time aligned speech signals are 

summed up as

  
  

 

    

where  is the number of microphones,   is 

a weight applied to the signal received by 

microphone m. Usually, all . Usually, all 

  .

3.2 Limabeam Algorithm

Limabeam uses the filter-and-sum approach 

for beamforming. The signal captured by each 

microphone is time-delay-compensated and 

then convoluted with its associated filter and 

the filtered outputs are then summed up 

together

  
  

 


  

 

   

where   is time-delayed signals,  is 

the output signal,   is the filter associated 

with channel m. All filter coefficients for all 
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microphones are represented by

             

The feature vector of the filter-and-sum 

output     is the function of 

both the incoming speech and the array 

processing parameters.  There cognizer 

chooses a hypothesis  according to

 argmax 

Limabeam tries to optimize the recognition 

performance by finding the parameter vector  

that maximizes the likelihood of the correct 

transcription of the utterance that was spoken. 

Assuming that the correct transcription  is 

known, the optimal parameter vector   can be 

selected by maximizing the acoustic 

log-likelihood of the given transcription 

 arg max log 

Let  represents the set of all possible 

state sequences  and  represents one such 

state sequence, then the maximum likelihood 

estimate of  can written as

arg max log 


log  
∈



According to (6), in order to find   is a 

weight applied to the signal received by 

microphone m. Usually, all 

3.3 M. Seltzer’s Implementation Method

In the previous section, the theory of 

Limabeam algorithm was presented in which 

prior knowledge of correct transcription is 

required in order to maximize its likelihood, 

but if the prior knowledge of correct 

transcription is known, we do not need to do 

any recognition. To solve this problem, M. 

Seltzer proposed two different implementations 

of Limabeam in practice. The first method, 

called Calibrated Limabeam, is appropriate for 

situations in which the environment and the 

user’s position do not vary significantly over 

time while the second method, called 

Fig. 3 Flowchart of proposed implementation of 

Limabeam algorithm in HM-Net Speech 

Recognition System.

Unsupervised Limabeam, is more appropriate 

for time-varying environments. So, we choose 

an unsupervised Limabeam that can improve 

recognition performance in any situation of 

environment. 

In Limabeam algorithm, array parameter 

optimization is performed in the LogMelSpec 

domain. For this reason, M. Seltzer employed a 

parallel set of HMMs trained on log mel 

spectra, rather than cepstral by using the 

Statistical Re-estimation (STAR) algorithm 

[12], which ensures that the two sets of 

models have identical frame-to-state 

alignments. 

3.4 Proposed Implementation Method

LogMelSpec can be derived from MFCC 

feature by taking Inverse Discrete Cosine 

Transform (IDCT) of MFCC

    

Based on (14), Limabeam algorithm can be 

implemented in another way, in which the 

optimal state sequence is estimated in cepstral 

domain, and do not need to employ the parallel 

model. LogMelSpec HMM model will be 

calculated directly from MFCC HMM model 

through IDCT and thus it is easy and efficient 

to implement. Figure 3 illustrates the flowchart 
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of this alternative implementation.

3.5 Post-filtering technique

Zenlinski, McCowan and Leukimmiatis [13, 

14,15] proposed a Wiener post-filter to the 

output of beamformer for improving the system 

performance. By using the auto-spectral and 

cross-spectral densities between channels, this 

technique could enhance the output signal. It 

can be used in both spatial and frequency 

domain. The formula in frequency domain is 

presented as following 

     

where  is the desired signal and   is the 

noise on microphone . The general Wiener 

filter expression for a microphone array is 

given as

    

 


where   and   are the auto-spectral 

density of the desired  and the noise at 

the output of the beamformer  

respectively.

Practically,   is calculated as the 

average of auto - spectral densities and

   is the average of cross - 

spectral density between channels.

3.6 Feature Weighted Mahalanobis Distance

In our previous work [16, 17], the proposed 

Feature Weighted Mahalanobis Distance 

(FWMD) is effective to improve the 

performance of Limabeam algorithm. The 

FWMD basically gives less weight to noise 

features and higher weight to noise free 

features and written as

∀  


  



  

        To improve speech recognition performance 

of the system, we can estimate the recognition 

performance using this distance after post 

filtering.

Ⅳ. Proposed Unsupervised Limabeam 

Algorithm

Limabeam algorithm is originaly developed 

by Michael L. Seltzer at CMU such as a 

framework for speech recognition system, 

another extension is that using N-best parallel 

model to maximum likelihood beamformers 

[18]. This system applies N-best parallel 

beamformers to multi-channel signals. In [19] 

K. Bahram et al proposed to use phone-based 

filter and sum parameter optimization, the 

parameters of array processing are adjusted in 

calibration phase based on phones used in 

language and maximum likelihood method.

In our works, to improve recognition 

performance of Limabeam algorithm we 

propose to combine FWMD and Wiener filter in 

Unsupervised Limabeam. We take the following 

steps:

1. Time-align the signals from the         

     microphones

2. Initialize  as    ,     ≠

3. Process the signals using  to generate   

     an output signal

4. Apply Wiener post-filtering to enhance 

the output signal

5. Perform speech recognition on the array 

output to obtain a word sequence in 

HM-Net

6. Determine optimal state sequence through 

the hypothesized transcription, array 

output signal, and HMM from speech 

recognition

7. Use optimal state sequence to estimate 

 using FWMD

8. If  has not converged, go tos tep 3.

The flowchart of Unsupervised Limabeam 

combined with post filtering schema in HMNet 

speech recognition system is shown in Figure 

4. From Figure 4, filter parameters were 

optimized afresh for each utterance in the 

following manner. Delay and Sum beamforming 

was used to process the array signals in order 
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Fig. 4 Flowchart of Unsupervised Limabeam 

combined with post filtering schema in 

HMNet speech recognition system

to generate an initial hypothesized 

transcription. This signal was enhanced by a 

Wiener filter. Using this hypothesized 

transcription and the features derived from the 

enhanced output signal, the state sequence was 

estimated, based on this state sequence. A 

second iteration could be performed by 

generating the hypothesized transcription from 

these optimal filters. This process could be 

iterated until the likelihood converged. 

V. Experimental Evaluations

HM-Net speech recognition system was 

used for all experiment in this paper. 1004 

states (8 Gaussians/state) HM-Net system 

were trained using Trade database, a 

speaker-independent database consisting of 

8892 utterances uttered by 90 speakers. The 

system was trained using 39-dimensional 

feature vectors consisting of 13 MFCC 

parameters, along with their delta and 

delta-delta parameters. A 25-ms window 

length and a 10-ms frame shift were used.

In order to investigate the performance of 

speech recognition with microphone array, we 

employed two microphone array databases 

recorded at Yeungnam University. In the first 

database, YUM4-6, we play backed Trade6 

databases (596 utterances uttered by 6 

speakers) through an Harman/Kardon 

loudspeaker and used a linear B&K microphone 

array with 4 elements spaced 20cm apart for 

recording. The distance between loudspeaker 

and microphone array is 150cm. This database 

was recorded in an office room which many 

noise sources, including computer fans, 

air-condition, voice, step and slam outside. 

Recording conditions are shown in Figure 5(a).

In the second database, YUM4-4, we used 

Trade4 database (396 utterances uttered by 4 

speakers) to playback through one of four 

loudspeakers (2 Harman/Kardon and 2 Creative 

loudspeakers). The active speaker was 

selected randomly during recording. The 

microphones were put randomly on the table. 

This database was also recorded in the same 

room as before. Recording conditions are 

presented in Figure 5(b). The beam-pattern of 

linear microphone array is shown in Figure 6.

5.1 Experiments Using D&S beamforming

In the experiment, the channels were 

aligned based on time delays estimated by 

GCC-PHAT method. The aligned channels were 

then averaged to generate the delay-and-sum 

beamforming output signal. MFCC features 

were extracted from the output signal and 

passed to the recognizer for decoding. The 

single channel, Trade6 and Trade4 database 

were also decoded for comparison. The results 

are shown in Figure 7. As the figure indicates, 

D&S beamforming can improve the 

performance over single channel in both 

corpora (6.3% absolute for YUM4-6 corpus and 

15.2% absolute for YUM4-4 corpus). In the 

figure, we can also see the results of closed 

tests representing 98.2% for Trade6 and 98.7% 

for Trade4. 

5.2 Experiments Using Proposed Methods

In this case, filter parameters were 

optimized afresh for each utterance in the 

following manner. D&S beamforming was used 

to process the array signals in order to 
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Fig. 5 YUM4-6 and YUM4-4 corpora 

recording conditions.

Fig. 6 The beam-pattern of linear microphone 

array, this array has 4-elements which were 

distributed equally at 20cm apart. 

generate an initial hypothesized transcription. 

Using this hypothesized transcription and the 

features derived from the delay-and-sum 

output, the state sequence was estimated via 

forced alignment. The filter parameters were 

optimized based on this sate sequence. A 

second iteration can be performed by generating 

the hypothesized transcription from these 

optimal filters. This process can be interated 

until the likelihood converges.

Unsupervised Limabeam(USL) algorithm with 

Fig. 7 Word Recognition Rate obtained using 

Delay-and-Sum Beamforming on the 

(a)YUM4-6 and (b)YUM4-4 corpora.

Fig. 8 Word Recognition Rate obtained using 

Unsupervised Limabeam on the YUM4-6 and 

YUM4-4 corpora with 25taps FIR filters. The 

results of single channel, D&S are also shown 

for references.

Fig. 9 Word Recognition Rate using 

USL-FWMD-WF compared with USL-FWMD 

and USL

25taps of FIR filters was estimated on both 

YUM4-6 and YUM4-4. The recognition results 

are presented in Figure 8. In both test sets, 

USL can improve the performance average 

1.3% absolute over that of D&S

In the second experiment, our proposed 

Unsupervised Limabeam algorithm which 

combined FWMD with Wiener 

Filter(USL-FWMD-WF) was estimated. The 

results are compared to those from 
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Unsupervised Limabeam algorithm with FWMD 

(USL-FWMD). The experimental results are 

shown in Figure 9.  We can see that the 

correct recognition rate of USL-FWMD-WF 

increases 1.4 % average approximately 

compared to USL-FWMD and the effectiveness 

of post filtering is proved. This is considered 

that when we use Wiener filter for the output 

signal, the incoherent signal components (noise 

and reverberant speech) are suppressed and 

the highly coherent speech signals are passed. 

So, the fluctuations in output signal that are 

caused by the higher recognition performance. 

Experimental results also show that proposed 

USL-FWMD-WF give approximately 5.8% 

higher recognition performance than USL.

Ⅵ. Conclusion

In this paper, we proposed an alternative 

way to implement Limabeam algorithm in 

Hidden Markov Network speech recognizer for 

efficient implementation and we proposed to 

add a post filter technique with Feature 

Weighted Mahalanobis Distance to Limabeam 

algorithm in order to improve recognition 

performance. From our prior investigation for 

the unsupervised Limabeam, we could see that 

because the performance of optimization 

depended strongly on the transcription output 

of the first recognition step, the output became 

unstable and that caused to lead lower 

performance.  When we applied a post filter 

for the output signal, the incoherent signal 

components (noise and reverberant speech) 

were suppressed and the highly coherent 

speech signals were passed.

We estimated recognition performance of 

our proposed Unsupervised Limabeam 

algorithm which combined FWMD with Wiener 

Filter (USL-FWMD-WF). The results were 

compared to those from Unsupervised 

Limabeam algorithm with FWMD (USL-FWMD). 

We could see that the correct recognition rate 

of USL-FWMD-WF was increased 

approximately 1.4% average compared to 

USL-FWMD, 5.8% to USL, and the 

effectiveness of post filtering was proved. 

Experimental results also showed that 

USL-FWMD-WF gave approximately 5.8% 

higher recognition performance compared to 

D&S algorithm in case of 25 taps filtering. 
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