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Where It All Began

D. Yook, Robust Speech Recognition Using Neural Networks and Hidden Markov Models
-Adaptations Using Non-linear Transformations-, 1999

Since the parameters of recognizers are estimated from training examples

it would be better to use the data that is collected from testing environments
However, collecting a large amount of data from testing environments

to reliably estimate the parameters of recognizers is a very expensive task

In this research, a transformation approach based upon neural networks

is studied to handle the training and testing condition mismatches

Neural networks can be used for situations where speech feature vectors are non-linearly distorted
such as in noisy reverberant speech or telephone speech

By using a neural network the adaptation process requires a small amount of training data

First, a neural network is applied to the computation of an inverse distortion function

This type of network requires simultaneously recorded input and target pairs for training
Traditionally, neural networks are trained to minimize the mean squared error

between the network output and the corresponding target value

However, minimizing the mean squared error does not guarantee maximum recognition accuracy

Therefore, a new objective function for the neural network is proposed

which makes use of the conditional probabilities that come from hidden Markov model based recognizers
It maximizes the likelihood of the data from testing environments,

and allows global optimization of the neural network when used with HMM-based recognizers

The new objective function can be used for the transformation of data
or for the adaptation of recognizers to an testing environment

In the latter case the parameters of recognizers (i.e., mean vectors and covariance matrices)
are transformed to best match the data distribution
The new algorithm is evaluated on a large vocabulary continuous speech recognition task
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The Point that Has the Highest Power

Y. Cho, Robust speaker localization using steered response voice power, 2011

When a voice and noise are simultaneously activated

the location of the voice may not be found from the SRP-PHAT

because the SRP-based method finds the location of the sound with the highest output power
regardless of whether the sound is a voice or a noise

To handle this problem, we propose a new speaker localization approach
that uses the voice power of the spatial point where a beamformer is focused
The proposed method captures the meaningful frequency components of

a human voice under severely corrupted input signal conditions

Using the captured voice frequency components

the proposed method calculates the voice power of a beamforming signal

which is focused on each candidate location or direction

The point that has the highest voice power is selected as the location of the speaker

We compared the proposed method to SRP-PHAT in terms of speaker localization accuracy

The speaker localization accuracy of the proposed method was significantly better

than that of the conventional SRP-PHAT in various noisy environments

The speaker localization performance using the proposed method was improved by 27.4%

relative to that using SRP-PHAT in various noisy environments with a signal-to-noise ratio (SNR) of 0 dB



Always Listening and Focusing

H. Lee, Multi-channel voice activity detection using multi-source, 2015

To this end, we introduce the ‘always listening and focusing’ concept

whereby the system tracks a legitimate user at any time by using

multiple sources of information such as the speaker, speech, and video

This concept intends to simulate human listening in order to recognize behavior
so that the meaning of the signal and the concerns of the user can be

examined in a mobile environment

This thesis proposes a novel algorithm based on this concept

that works with multiple sources of information, including a microphone array and a video camera
The proposed algorithm adopts sound source localization to locate the source of the voice signal
and to reject noise in three dimensional space

a beamforming technique to enhance the voice signal and reduce noise

a voice activity detection method to isolate the voice interval and to reject noise in the time domain
and a speaker recognition approach to verify the identity of a legitimate user

Furthermore, the system determines the direction toward which the user is facing

and the voice is rejected if the user is talking to somebody else

The algorithm that is herein proposed has been named ‘Audio-Visual Space-Time voice activity detection’
The results of experiments with simulated and real-world data

indicate that the proposed method significantly reduces the error rate
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Be Related to Human

H. Lim, Speaker selective source localization for non-trivial noise environments, 2016

Sound source localization-based speech enhancements can improve
the quality of such speech-based interfaces by determining

the location of the speaker, and then boosting the signal from

the desired location while suppressing the sounds from other locations

Conventional sound source localization methods, however, cannot provide
reliable estimation of a speaker’s location in severe noise conditions

In conventional localization methods, the loudest sound source within

a given area is selected as the target location

though this may not necessarily be related to human speech

For speech-based interfaces, the locations with a high correlation to

human speech should be given preference

However, in real life applications, speech-like noises, including babble noises, can frequently occur
Therefore, locations showing a high correlation with the target speaker should be given preference

To accomplish this, this paper combines several speech analysis algorithms

including voice activity detection and speaker verification, with a sound source localization algorithm
By incorporating features that are closely correlated with human speech and target speakers
unrelated noise, including speechlike background noise, can be effectively suppressed

The proposed method was tested under a variety of conditions using both simulation data and real data
Experimental results indicated that the performance of the proposed method was superior to that

of a conventional algorithm for various types of noise and signal-to-noise conditions

In particular, the proposed method performed much better in severely degraded noise conditions



The Reasons of Acceleration

T. Lee, Parallel SRP-PHAT for GPUs, 2016

In the frequency. domain SRP-PHAT; 99.9% of per frame execution time is a SRP kernel

Since parallelization of.other kernels-is nearly ineffective, the SRP kernel has mainly parallelized
In the time domain SRP-PHAT, 19% and 77% of the per frame execution time are

cross specteum and SRP kernels respectively

Therefore, cross spectrum and SRP kernels have mainly parallelized

The reasons of accelerationare as follows

In the frequency domain, the SRP kernel has accelerated 1.5 times
The reason is'that the data'used in the operations have proecessed after
loading it into shared memory and registers

In the time domain, the cross spectrum kernel'has accelerated 17.7 times
There are three reasons

First, the proposed kernel has exploited registers

Second, unnecessary context switches of thread blocks have reduced in each SM
Third, allimemory accesses have coalesced to multiples of cache line size

In the time .domain, the SRPkernel also has accelerated 7.3 times

There are four reasons |

First, the proposed kernel has aggressively used the-shared memory and registers
Second, unnecessary context switches of thread blocks have reduced in.each SM
Third, all memory accesses have coales¢ed to multiples of cache line size

Fourth, operational intensity has quadrapled to exploit the limited bandwidth
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