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TRAINING OF MODEL FOR PROCESSING SEQUENCE DATA

BACKGROUND

[0001] The present disclosure, generally, relates to machine learning, more particularly, to technique of

training a model used for processing sequence data.

[0002] An end-to-end automatic speech recognition (ASR) system using CTC (Connectionist Temporal
Classification) loss function has been gathering attention due to its ease of training and efficiency of decoding. The
end-to-end ASR system uses a CTC model to predict a sequence of sub-words or words with or without a
subsequent language model. The CTC-based ASR can operate faster than related NN (Neural Network) / HMM
(Hidden Markov Model) hybrid systems. Thus, a significant reduction in power consumption and computational

resource cost is expected.

[0003] A combination of a unidirectional LSTM model with the CTC loss function is one of the promising ways
to build steaming ASRs. However, typically, such combination suffers from time delay between acoustic features
and output symbols during decoding, which increases latency of the streaming ASRs. The related NN/HMM hybrid
systems trained from frame-level forced alignments between acoustic features and output symbols do not suffer
from the time delay. In contrast to the hybrid models, the CTC models are typically trained with training samples
having different lengths of acoustic features and output symbols. This means that there is no time alignment
supervision. The CTC model trained without the frame level alignment yields output symbols after the models
consume sufficient information for the output symbols, which results in time delay between acoustic features and

output symbols.

[0004] To reduce the time delay between the acoustic features and the output symbols, a method of applying
constraints on the CTC alignment is proposed (Andrew Senior, et al., "Acoustic modelling with CD-CTC-sMBR
LSTM RNNSs," in Proc. ASRU, 2015, pp. 604-609.). It has been investigated that delay can be limited by restricting
the set of search paths used in the forward-backward algorithm to those in which the delay between CTC labels and
the “ground truth” alignment does not exceed some threshold. However, the method disclosed in this literature

requires iterative steps to prepare frame-level forced alignments prior to CTC model training.

[0005] U.S. patent application 20170148431A1 discloses end-to-end deep learning systems and methods to
recognize speech of vastly different languages, such as English or Mandarin Chinese. The entire pipelines of hand-
engineered components are replaced with neural networks, and the end-to-end learning allows handling a diverse
variety of speech including noisy environments, accents, and different languages. However, the technique disclosed

in this patent literature tries to modify neural network topologies.
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[0006] U.S. patent application 20180130474A1 discloses methods, systems, and apparatus, including
computer programs encoded on computer storage media for learning pronunciations from acoustic sequences. The
method includes stacking one or more frames of acoustic data to generate a sequence of modified frames of
acoustic data, processing the sequence of modified frames of acoustic data through an acoustic modeling neural
network including one or more recurrent neural network (RNN) layers and a final CTC output layer to generate a
neural network output. The technique disclosed in this patent literature merely adjusts the input to the encoder to

reduce frame rate.

[0007] Therefore, there is a need for a novel training technique capable of reducing time delay between
outputs and inputs of a model that is trained with training samples having different lengths of input observations and

output symbols in an efficient manner.

SUMMARY

[0008] According to an embodiment of the present invention, a computer-implemented method for training a
model is provided. The method includes obtaining a training sample that includes an input sequence of
observations and a target sequence of symbols that has length different from the input sequence of observations.
The method also includes feeding the input sequence of observations into the model to obtain a sequence of
predictions. The method further includes shifting the sequence of predictions by an amount with respect to the input
sequence of observations. The method further includes updating the model based on a loss using a shifted

sequence of predictions and the target sequence of the symbols.

[0009] The method according to the embodiment of the present invention enables the trained model to output

predictions at an appropriate timing to reduce latency of a prediction process with respect to an input.

[0010] In a preferable embodiment, the sequence of predictions can be shifted forward with respect to the
input sequence of observations to generate the shifted sequence of predictions and the model is unidirectional. The
method enables the trained model to output predictions earlier to reduce latency of a prediction process with

respect to an input. The model trained by the method is suitable for a streaming application.

[0011] In a particular embodiment, the model can be a recurrent neural network based model. In a particular

embodiment, the loss can be a CTC (Connectionist Temporal Classification) loss.

[0012] In a particular embodiment, shifting the sequence of predictions includes adjusting so that the lengths

of the shifted sequence of predictions and the input sequence of observations are the same.
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[0013] In a preferable embodiment, shifting the sequence of predictions and updating the model using the
shifted sequence of predictions can be performed at a predetermined rate. Thereby, the method enables the trained

model to balance accuracy and latency of the prediction process.

[0014] In a particular embodiment, the model can be a neural network based model having a plurality of
parameters. Feeding the input sequence includes conducting forward-propagation through the neural network
based model. Updating the model includes performing back-propagation through the neural network based model

to update the plurality of parameters.

[0015] In a further preferable embodiment, the model can be an end-to-end speech recognition model. Each
observation in the input sequence of the training sample can represent an acoustic feature and each symbol in the
target sequence of the training sample can represent a phone, a context dependent phone, a character, a word-
piece or a word. Thereby, the method can enable the speech recognition model to output a recognized result at an
appropriate timing to reduce overall latency of a speech recognition process, or provides more time for a

subsequent process to improve the recognition accuracy.

[0016] Computer systems and computer program products relating to one or more aspects of the present

invention are also described and claimed herein.

[0017] According to other embodiment of the present invention, a computer program product for decoding
using a model is provided. The computer program product includes a computer readable storage medium having
program instructions embodied therewith. The program instructions executable by a computer to cause the
computer to perform a method including feeding an input into the model to obtain an output. The model is trained
by: obtaining a training sample including an input sequence of observations and a target sequence of symbols
having length different from the input sequence of observations. It can be further trained by feeding the input
sequence of observations into the model to obtain a sequence of predictions, shifting the sequence of predictions
by an amount with respect to the input sequence of observations, and updating the model based on a loss using a

shifted sequence of predictions and the target sequence of the symbols.

[0018] The computer program product according to the embodiment of the present invention is able to output

predictions at an appropriate timing to reduce latency of a prediction process with respect to an input.

[0019] Additional features and advantages are realized through the techniques of the present invention.
Other embodiments and aspects of the invention are described in detail herein and are considered a part of the

claimed invention.
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BRIEF DESCRIPTION OF THE DRAWINGS

[0020] The subject matter, which is regarded as the invention, is particularly pointed out and distinctly
claimed in the claims at the conclusion of the specification. The foregoing and other features and advantages of the
invention are apparent from the following detailed description taken in conjunction with the accompanying drawings
in which:

FIG. 1 illustrates a block diagram of a speech recognition system including a forward-shifted CTC (Connectionist
Temporal Classification) training system for training a CTC model used for speech recognition according to an
exemplary embodiment of the present invention;

FIG. 2 shows a schematic of a unidirectional LSTM CTC model as an example of a CTC model to be trained
according to the embodiment of the present invention;

FIG. 3 shows a speech signal for an example sentence "this is true" and resultant phone probabilities computed for
the example speech signal from bidirectional and unidirectional LSTM phone CTC models trained by standard
training process;

FIG. 4 depicts a way of a forward-shifted CTC training with one frame shift according to the exemplary embodiment
of the present invention:

FIG. 5is a flowchart depicting a novel forward-shifted CTC training process for training a CTC model used for the
speech recognition according to an exemplary embodiment of the present invention;

FIG. 6 shows posterior probabilities of phone CTC models trained by the forward-shifted CTC training where the
maximum number of frames to shift was set to 1 and the rate of samples to shift varied from 0.1 t0 0.3;

FIG. 7 shows posterior probabilities of phone CTC models trained by the forward-shifted CTC training where the
rate of samples to shift was set to 0.1 and the maximum number of frames to shift varied from 1 to 3;

FIG. 8 shows posterior probabilities of word CTC models trained by the forward-shifted CTC training where the
maximum number of frames to shift was set to 1 and the rate of samples to shift was set to 0.1;

FIG. 9 shows a time delay by phone and word CTC models with respect to a hybrid model; and

FIG. 10 depicts a schematic of a computer system according to one or more embodiments of the present invention.

DETAILED DESCRIPTION

[0021] Hereinafter, the present invention will be described with respect to particular embodiments, but it will
be understood by those skilled in the art that the embodiments described below are mentioned only by way of

examples and are not intended to limit the scope of the present invention.

[0022] One or more embodiments according to the present invention are directed to computer-implemented
methods, computer systems and computer program products for training a model used for processing sequence

data, in which a sequence of predictions obtained from the model being trained is shifted by an amount with respect
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to an input sequence of observations and the shifted sequence of predictions is used to update the model based on

aloss computed.

[0023] Hereinafter, first referring to FIGS. 1-4, a computer system for training a model according to an
exemplary embodiment of the present invention, in which the model to be trained is a CTC (Connectionist Temporal
Classification) model for speech recognition and the sequence data to be processed is a sequence of acoustic
features, will be described. Then, referring to FIG. 5, a computer-implemented method for training a model
according to an exemplary embodiment of the present invention, in which the model to be trained by the method is
a CTC model for speech recognition and the sequence data to be processed is a sequence of acoustic features, will
be described. Then, experimental studies on novel CTC training for speech recognition according to the exemplary
embodiment of the present invention will be described with reference to FIGS. 6-9. Finally, referring to FIG. 10, a
hardware configuration of a computer system according to one or more embodiments of the present invention will

be described.

[0024] Hereinafter, referring to FIG. 1, a block diagram of a speech recognition system 100 including a
forward-shifted CTC training system 110 according to an exemplary embodiment of the present invention is

described.

[0025] As shown in FIG. 1, the speech recognition system 100 can include a feature extraction module 104
for extracting acoustic features from an input; and a speech recognition module 106 for performing speech

recognition for the input.

[0026] The speech recognition system 100 according to the exemplary embodiment of the present invention
further includes the forward-shifted CTC training system 110 for performing novel CTC training to obtain a trained
CTC model 170 that constitutes the speech recognition module 106; and a training data store 120 for storing a

collection of training data used in the novel CTC training performed by the forward-shifted CTC training system 110.

[0027] The feature extraction module 104 can receive, as an input, audio signal data 102 digitalized by
sampling audio signal at a predetermined sampling frequency and predetermined bit depth. The audio signal can be
input from a microphone, for instance. The feature extraction module 104 can also receive the audio signal data
102 from a remote client device through a network such as the internet. The feature extraction module 104 is
configured to extract acoustic features from the received audio signal data 102 by any known acoustic feature

analysis to generate a sequence of extracted acoustic features.

[0028] The acoustic features can include, but are not limited to, MFCC (Mel Frequency Cepstral Coefficient),

LPC (Linear Predictive Coding) Coefficient, PLP (Perceptual Liner Prediction) Cepstral Coefficient, log Mel
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spectrum, or any combinations thereof. The acoustic features can further include 'dynamic' acoustic features such

as, for example, delta features and double-delta features of the aforementioned acoustic features, which are static.

[0029] Note that elements of the acoustic feature sequence are called "frames" whereas the audio signal
data 102 includes a series of sampled values of the audio signal at predetermined frequency. Generally, the audio
signal data 102 is sampled at 8,000 Hz for narrowband audio and 16,000 Hz for broadband audio. The time

duration of each frame in the acoustic feature sequence can be, but is not limited to, approximately 10-40 msec.

[0030] The speech recognition module 106 is configured to convert the input sequence of the extracted
acoustic features into an output sequence of words. The speech recognition module 106 predicts most plausible
speech contents for the input sequence of the extracted acoustic features using the CTC model 170 and outputs a
result 108.

[0031] The speech recognition module 106 according to the exemplary embodiment of the present invention
uses the CTC model 170 and can be an end-to-end model. In a particular embodiment, the speech recognition
module 106 can include a sub-word (e.g., phone, character) unit end-to-end model. In other embodiment, the
speech recognition module 106 can include a word unit end-to-end model. Examples of the unit of the end-to-end
model can include phones, characters, context-dependent-phones such as triphones and a quinphones, word-
pieces, words, etc. The speech recognition module 106 includes at least the CTC model 170. The CTC model 170
is a target of the novel CTC training performed by the forward-shifted CTC training system 110. The CTC model 170

is defined as a model trained by using a CTC loss function and its architecture is not limited.

[0032] When the speech recognition module 106 is configured as the sub-word (e.g., phone) unit end-to-end
model, the speech recognition module 106 includes an appropriate language model such as an n-gram model and
aneural network-based model (e.g., RNN (Recurrent Neural Network)) and a dictionary in addition to the CTC
model 170 that outputs a sequence of sub-words. When the speech recognition module 106 is configured as the
word unit end-to-end model, the speech recognition module 106 can merely include the CTC model 170 that

outputs a sequence of words directly, and the language model and the dictionary are not required.

[0033] Also, the speech recognition module 106 can complete speech recognition merely with the neural
network and does not require complex speech recognition decoders. However, in other embodiment, a language
model can be further applied to the result of the word unit end-to-end model in order to improve accuracy of the
speech recognition. Also, in the described embodiment, the speech recognition module 106 receives the input
sequence of the acoustic features. However, in another embodiment, a raw waveform of the audio signal data 102
can also be received by the speech recognition module 106. Thus, the raw audio signal data 102 can be treated as

akind of acoustic feature.
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[0034] The speech recognition module 106 finds a word sequence with maximum likelihood based on the

input sequence of the acoustic features, and outputs the word sequence as the result 108.

[0035] The forward-shifted CTC training system 110 shown in FIG. 1 is configured to perform the novel CTC

training to obtain the CTC model 170 that constitutes the speech recognition module 106 at least in part.

[0036] In the described embodiment, the training data store 120 stores the collection of training data, each of

which includes speech data and a corresponding transcription.

[0037] Note that the speech data stored in the training data store 120 can be given in the form of a sequence
of acoustic features after feature extraction that can be the same as that performed by the feature extraction
module 104 in a frontend process for inference. If the speech data is given in a form of audio signal data that is the
same as the audio signal data 102 for the inference, the speech data can be subjected to the feature extraction
before the training to obtain a sequence of acoustic features. Also, the transcription can be given in a form of a
sequence of phones, context dependent phones, characters, word-pieces or words in a manner depending on the
unit that the CTC model 170 is targeting.

[0038] In the described embodiment, each training sample is given as a pair of an input sequence of
observations and a target sequence of symbols where the observations are the acoustic features and the symbols
are the sub-words (e.g. phones) or words. The training data can be stored in an internal or external storage device

operatively coupled to processing circuifry.

[0039] The forward-shifted CTC training system 110 performs the novel CTC training process to obtain the
CTC model 170. During the novel CTC training process, the forward-shifted CTC training system 110 performs
predetermined processing on a sequence of predictions obtained from the CTC model being trained before a CTC

computation and parameter update of the CTC model.

[0040] Before describing the novel CTC fraining, first, an exemplary architecture of the CTC model is

described.

[0041] With reference to FIG. 2, a schematic of a LSTM CTC model is shown as an example of the CTC
model. To train the CTC model, pairs of sub-word (e.g. phone) / word sequence and audio signal data without
alignment are fed. The LSTM CTC model 200 can include an input part 202 for receiving an input sequence of
acoustic features that are obtained from the given audio signal data via the feature extraction; a LSTM encoder 204,
a softmax function 206; and a CTC loss function 208. As an input for the CTC model, frame stacking, in which

successive frames are stacked together as a super frame, is also contemplated.
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[0042] The LSTM encoder 204 transforms the input sequence of the acoustic features into high level
features. The LSTM encoder 204 shown in FIG. 2 is unidirectional. Note that term "unidirectional" means, in
contrast to a bidirectional model where the network gets information from past and future states simultaneously, that
the network merely gets information from a past state and does not get a future state. Using the unidirectional
model is preferable for streaming (and possibly real-time) ASR since the unidirectional model does not require a
whole frame sequence before decoding. The unidirectional model can output a prediction in sequence as an

acoustic feature arrives.

[0043] The softmax function 206 computes a probability distribution by normalization based on the output
high level features that are obtained from the LSTM encoder 204. The CTC loss function 208 is a specific type of a

loss function designed for the sequence labeling tasks.

[0044] Note that related NN/HMM hybrid system training requires a frame-level alignment and requires the
length of the target sequence of phones to be equal to the length of the input sequence of acoustic features. This
frame-level alignment can be achieved generally by a forced alignment technique. However, this frame-level

alignment makes the training process complex and time-consuming.

[0045] In contrast to the related NN/HMM system, the target sequence of sub-words or words required for
training the CTC model can have a different length from the input sequence of acoustic features. Generally, the
length of the input sequence of acoustic features is much longer than the target sequence of sub-words or words.

That is, no frame-level alignment is required and there is no time alignment supervision for training the CTC model.

[0046] Due to the aforementioned nature, the CTC model with the unidirectional LSTM encoder trained
without the frame level alignment yields output symbols after the CTC model consumes sufficient information for the
output symbols, which results in time delay between the acoustic features and the output symbols (sub-words or

words). This time delay is not of the type that can be reduced by investing large amounts of resources.

[0047] FIG. 3 shows a waveform of a speech signal of an example sentence "this is true" at the top. FIG. 3
also shows resultant phone probabilities computed for the example speech signal from bidirectional and
unidirectional LSTM phone CTC models that were trained by standard CTC training process, at the middle and the

bottom.

[0048] The CTC model emits spiky and sparse posterior distributions over target output symbols (sub-words
or words) where most frames emit blank symbols with high probabilities and a few frames emit target output
symbols of interest. Note that the symbol having the highest posterior probability except for at least a blank at each
time index is called as a 'spike’ herein. In FIG. 3, probabilities of blank symbols are omitted for the purpose of

convenience. Spike timing that the trained CTC model emits is generally not controlled.
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[0049] As shown in the bottom of FIG. 3, the spike timings from the unidirectional LSTM model are delayed
from actual acoustic features and the speech signal that is shown in the top of FIG. 3. The spikes corresponding to
detected phones 'DH', 'H','S', 'H, 'Z', 'T', 'R" and 'UW" are output with a time delay relative to the input acoustic

features.

[0050] Note that the bidirectional LSTM model outputs posterior probabilities that are aligned to the acoustic
features as shown in the middle of FIG. 3. It means that the bidirectional LSTM model gives spikes in a more timely
manner than the unidirectional model. That is because the bidirectional LSTM model digests a whole input
sequence of acoustic features before decoding and leverages information from both past and future states. Thus,

using of the unidirectional model is preferable for streaming ASR.

[0051] In order to reduce the time delay between spike timings and acoustic features, the forward-shifted
CTC training system 110, according to the exemplary embodiment of the present invention, performs a forward
shifting on a sequence of predictions (posterior probability distributions) obtained from the CTC model being trained

before the CTC computation and the parameter update through back-propagation.

[0052] Referring back to FIG. 1 together with FIG. 4, a detailed block diagram of the forward-shifted CTC
training system 110 is further described. FIG. 4 describes a way of a forward-shifted CTC training with one frame

shift according to the exemplary embodiment of the present invention.

[0053] As shown in FIG. 1, the forward-shifted CTC training system 110 can include an input feed module
112 for feeding an input sequence of acoustic features into a CTC model being trained to obtain a sequence of
predictions with a forward shift module 114 for forwardly shifting the obtained sequence of predictions and an
update module 116 for updating parameters of the CTC model being trained in a manner based on the shifted

sequence of predictions.

[0054] The input feed module 112 is configured to first obtain a training sample including an input sequence
of acoustic feature and a target sequence of sub-words or words as correct labels. The input feed module 112 is
also configured to feed the input sequence of acoustic features included in each training sample into the CTC

model being trained to obtain a sequence of predictions.

[0055] Let X denotes a sequence of acoustic feature vectors over T time steps and xt be an acoustic feature
vector at a time index f (f=1, ..., T) in the sequence X. By conducting a normal forward propagation from the

sequence of acoustic feature vectors X={x1,..., x7} through the CTC model, a sequence of predictions O = {o1, ...,
o7} is obtained, as shown in the top of FIG. 4, where ot (=1, ..., T) denotes a prediction for each time index f and

each prediction ot is a posterior probability distribution over the target output symbols (sub-words or words).
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[0056] The forward shift module 114 is configured to shift the obtained sequence of predictions O by a
predetermined amount with respect to the input sequence of acoustic feature vectors X to obtain a shifted sequence
of predictions O' In a preferable embodiment, the obtained sequence of predictions O is shifted forwardly with

respect to the input sequence of acoustic features X.

[0057] The forward shift module 114 is further configured to adjust so that the lengths of the shifted sequence
of predictions O' and the input sequence of acoustic feature vectors X are the same. In a particular embodiment,

the adjustment can be conducted by padding the end of the sequence of predictions O’ with one or more copies of

the last element of the predictions, or, for example, corresponding to the predetermined amount to shift. So, the

length of the sequence of predictions O'is kept to T. The use of the copy of the last element of the predictions ot is
one example. In the described embodiment, padding can be employed as the way of the adjustment. However, the
ways of adjusting are not limited to padding. In another particular embodiment, the adjustment can be conducted by
trimming the sequence of the acoustic feature vectors X from the end according to the predetermined amount to
shift.

[0058] When the predetermined amount to shift (the number of frames to shift) is one frame, the shifted

sequence of predictions O"holds remaining predictions except for the beginning and the shifted sequence of

predictions O'is a set {02,..., 07,07}, as shown in the middle of FIG. 4. Note that the last element of the predictions

ot is doubled in the shifted sequence of predictions O". Also Note that merely predictions (posterior probability

distributions) are shifted and others including the input acoustic feature vectors are not shifted.

[0059] In a preferable embodiment, shifting of the sequence of predictions O is not performed on every
training sample and merely performed for a part of the training samples, which can be determined by a
predetermined rate. The predetermined rate of training samples to shift can range from approximately 5% to 40%,
more preferably, approximately 8% to 35 %. Also, the unit amount of the training samples to shift can be one

training sample or a group of training samples (e.g. mini-batch).

[0060] Additionally, that the amount to shift (or the number of frames to shift) can be fixed to an appropriate
value in a particular embodiment. The fixed value can depend on the target of reducing delay time and the time
duration of each frame. Areduction in delay commensurate with the time duration of each frame and the number of

frames to shift would be obtained.

[0061] In another embodiment, the amount to shift can be determined probabilistically within a predetermined
range. The term “probabilistically” means that relying upon a predetermined distribution such as uniform distribution.
The predetermined range or an upper bound of the predetermined range can be determined in a manner depending

on the target of reducing delay time and the time duration of each frame. A reduction in delay commensurate with
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the time duration of each frame and the average number of frames to shift would be obtained as will be shown

experimentally later.

[0062] The update module 116 is configured to update the model based on a loss function using the shifted
sequence of predictions O and the target sequence of the symbols (sub-words or words) included in the training
sample. As illustrated in the bottom of FIG. 4, by computing CTC loss based on the shifted sequence of predictions
0" and conducting a back-propagation through the CTC model, the parameters of the CTC model are updated.
Also, the parameter update can be conducted each time one training sample (online) or a group of training samples

(e.g. mini-batch) are processed.

[0063] CTC computation includes a process of CTC alignment estimation. Let y denote a sequence of target
output symbols having a length of L and y; (i=1,...,L) be ith sub-word or word in the target sequence y. In contrast

to the related alignment-based NN/HMM hybrid system training that requires L to be equal to T, the CTC introduces

an extra blank symbol ¢ that expands the length-L sequence y to a set of length-T sequences ®(y), allowing
alignment-free training. Each sequence in the set of length-T sequences, y" (' is an element of ®(y) and is a set of

1" y2" y3' ... yr1" y7)), is one of the CTC alignments between the sequence of the acoustic feature vectors X

and the sequence of the target output symbols y.

[0064] For example, let us assume that a given output phone sequence is 'ABC' and the length of the input
sequence is 4. In this case, possible phone sequences would be {AABC, ABBC, ABCC, ABC_, AB_C, A_BC, _ABC}

where '_' denotes the blank symbol ().

[0065] The CTC loss is defined as the summation of the symbol posterior probabilities over all possible CTC

alignments as follows:

Lere = — z P()’AX)=_ z ll[P(y”xt)...(l).

y'ea(y) yead(y) t=1

[0066] The CTC training maximizes the summation of the possible output sequences or minimizes the

negative of the summation while allowing blank output for any frame probabilities. The update module 116 updates
parameters of the CTC model so as to minimize the CTC Loss Lcte. Note that minimizing a loss (CTC loss)
includes maximizing the negative of the loss, which can be called a reward, a utility, or a fitness. The update module
116 can calculate the CTC loss LcTc based on the shifted sequence of predictions O' and conduct back-
propagation through the whole network based on the CTC loss LcTc to update the parameters of the CTC model

each time the training sample (online) or a group of training samples (e.g. mini-batch) are processed.
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[0067] The background idea for the forward-shifted CTC training is as follows: If a CTC alignment (1" y2"

y3' ... yT1" yT') has ahigh probability P(y"|X) in the aforementioned equation (1) before the forward-shifting, the
forward-shifting of the sequence of predictions translates into a high probability for the forward-shifted CTC
alignment (y2" y3" ... y71" y7', y7'). Due to the high probability of the forward-shifted CTC alignment, the whole

network of the CTC model is trained to promote the forward-shifted CTC alignment through the back-propagation,

which results in reduced time delay after the entire training.

[0068] In the described embodiment, the CTC model is described to be unidirectional LSTM models.
However, the architectures of the CTC that is a target of the novel forward-shifted CTC training is not limited and
can be any RNN type models, which includes a basic RNN, LSTM (Long Short-Term Memory), GRU (Gated
Recurrent Unit), Elman network, Jordan network, Hopfield network, etc. Also, the RNN type models can include
more complex architectures such as any one of the aforementioned RNN type models used in combination with

other architecture such as CNN (Convolutional Neural Network), VGG, ResNet, and Transformer.

[0069] Note that the novel forward-shifted CTC training is only used in training. The trained CTC model can
be used the same as a model trained by the normal CTC training. The topology (e.g. the way the neurons are
connected) and the configuration (e.g., the numbers of hidden layers and units) of the CTC model and a way of

decoding with the CTC model are unchanged.

[0070] In particular embodiments, each of the modules 104, 106 and the forward-shifted CTC training system
110 and each of the modules 112, 114 and 116 of the forward-shifted CTC training system 110 described in FIG. 1
can be, but not limited to, implemented as a software module including program instructions and/or data structures
in conjunction with hardware components such as a processor, a memory, etc.; as a hardware module including

electronic circuitry; or as a combination thereof.

[0071] They can be implemented on a single computer device such as a personal computer and a server
machine or over a plurality of devices in a distributed manner such as a computer cluster of computer devices,

client-server system, cloud computing system, edge computing system, etc.

[0072] The training data store 120 and a storage for parameters of the CTC models 170 can be provided by
using any internal or external storage device or medium, to which processing circuity of a computer system

implementing the forward-shifted CTC training system 110 is operatively coupled.

[0073] Also in a particular embodiment, the feature extraction module 104, the speech recognition module

106 including the CTC model 170 that is trained by the forward-shifted CTC training system 110 are implemented
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on a computer system of a user side while the forward-shifted CTC training system 110 is implemented on a

computer system of a provider side of speech recognition system.

[0074] In a further variant embodiment, merely the feature extraction module 104 is implemented on the user
side and the speech recognition module 106 is implemented on a provider side. In this embodiment, the computer
system of the client side merely transmits the sequence of the acoustic features to the computer system of the
provider side and receives the decoded result 108 from the provider side. In another variant embodiment, both of
the feature extraction module 104 and the speech recognition module 106 are implemented on the provider side
and the computer system of the client side merely transmits the audio signal data 102 to the computer system of

the provider side and receives the decoded result 108 from the provider side.

[0075] Hereinafter, referring to FIG. 5, a novel forward-shifted CTC training process for training a CTC model
used for speech recognition according to an exemplary embodiment of the present invention is described. FIG. 5is
a flowchart depicting the novel forward-shifted CTC training process. Note that the process shown in FIG. 5 can be
performed by processing circuitry such as a processing unit of a computer system that implements the forward-
shifted CTC training system 110 and its modules 112, 114 and 116 shown in FIG. 1.

[0076] The process shown in FIG. 5 can begin at step S100 in response to receiving a request for the novel

forward-shifted CTC training from an operator, for example.

[0077] At step S101, the processing unit can set training parameters that includes the maximum number of

frames to shift (the amount to shift) and a rate of samples to shift in the novel forward-shifted CTC training.

[0078] At step S102, the processing unit can prepare a collection of training samples from the training data
store 120. Each training sample can include an input sequence of acoustic feature vectors X having the length T

and a target sequence of symbols (sub-words (e.g. phone) or words) y having the length L.

[0079] At step S103, the processing unit can initialize a CTC model. Initial values of the parameters of the

CTC model are set appropriately.

[0080] At step S104, the processing unit can pick up one or more training samples in the prepared collection.

A mini batch of training samples can be picked up.

[0081] At step S105, the processing unit can conduct, for each picked-up training sample, a forward-
propagation through the CTC model by feeding the input sequence of acoustic feature vectors X to obtain a

sequence of predictions O having the length T.
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[0082] At step S106, the processing unit can determine whether to perform forward-shifting based on the rate
of samples to shift given at step S101. The mini-batch can be selected randomly with the predetermined rate as the

target of the forward-shifting.

[0083] At step S107, the processing unit can branch the process in a manner depending on the
determination conducted at step S108. In step S107, when the processing unit determines that the picked-up

training samples are the target of the forward-shifting (YES), the process can proceed to S108.

[0084] At step S108, the processing unit can determine the number of frames to shift based on the maximum
number of frames to shift given at step S101. The number of frames to shift can be determined probabilistically
based on a particular distribution. In a particular embodiment, the number of frames to shift can be determined, for
the selected mini-batch, from an integer uniform distribution to an upper bound (the maximum number of frames to
shift).

[0085] At step S109, the processing unit can perform forward shifting on the sequence of predictions O

obtained at step S105 to generate a shifted sequence of predictions O".

[0086] On the other hand, in response to determining in step S107 that the picked up training samples are

not target of the forward-shifting (NO), the process can proceed to S110 directly.

[0087] At step S110, the processing unit can calculate CTC loss using the shifted sequence of predictions O
or the original sequence of predictions O and conduct a back-propagation through the CTC model to update the
parameters of the CTC model. The forward-shift can be performed for the selected mini-batches. For the remaining

mini-batches, the CTC training can be performed as normal.

[0088] At step S111, the processing unit can determine whether the process ends or not. When a
predetermined convergence condition or termination condition is met, the processing unit can determine that the

process is to be terminated.

[0089] In response to determining in step S111 that the process does not end (NO), the process can loop
back to S104 for subsequent training samples. On the other hand, in response to determining in step S111 that the
process ends (YES), the process can proceed to $112. At step S112, the processing unit can store the currently

obtained parameters of the CTC model into an appropriate storage device and process can end at step S113.

[0090] According to the aforementioned embodiments, a novel training technique capable of reducing time
delay between outputs and inputs of a model that are trained with training samples having different lengths of input

observations and output symbols in an efficient manner is provided.
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[0091] The novel CTC training enables the trained model to output predictions at an appropriate timing to
reduce latency of a prediction process with respect to an input. Preferably, the trained model outputs predictions
earlier and it is possible to reduce latency of the prediction process with respect to the input. The trained model is
suitable for a streaming ASR application. As demonstrated in the experimental results described later, the latency

and speech recognition accuracy can be balanced by tuning the training parameters of the novel CTC training.

[0092] While the actual overall latency of streaming end-to-end ASR is affected by other factors, reducing the
time delay between the acoustic features and the symbols would either result in lower latency of streaming ASR or
allow more time for subsequent (post) processes to improve accuracy. Compared with the normal CTC training, the
novel forward-shifted CTC training does not require any additional information such as frame-level forced
alignments. In addition, in decoding, the CTC model trained with this forward-shifted training can be used the same

as the model trained with the normal CTC training.

[0093] Furthermore, as demonstrated in the experimental results described later, there is almost no adverse

effect on the accuracy of the CTC model for the speech recognition.

[0094] In the aforementioned embodiment, the CTC model trained by the forward-shifted CTC training
system 110 is described to be used directly as the CTC model 170 that constitutes the speech recognition module
106. However, in other embodiments, the CTC model trained by the forward-shifted CTC training system 110 may
be not used directly as the CTC model 170. In a particular embodiment, the CTC model trained by the forward-
shifted CTC training system 110 can be used in a knowledge distillation framework. For example, a unidirectional
LSTM trained by the forward-shifted CTC training system 110 can be used as a guiding CTC model and a
bidirectional LSTM model trained under guidance of the guiding CTC model can be used as a teacher model for
knowledge distillation to a student unidirectional LSTM model, which is used as the CTC model 170. For example, a
bidirectional LSTM model trained under guidance of a guiding CTC model can be used as a teacher model for
knowledge distillation to a student unidirectional LSTM model, in which the student unidirectional LSTM model is

trained based on the forward shifting.

[0095] Also note that, in further other embodiment, the CTC model trained by the forward-shifted CTC
training system 110 may be not used solely as the CTC model 170. In other particular embodiment, a posterior

fusion involving the CTC model trained by the forward-shifted CTC training system 110 is also contemplated.

[0096] Note that the languages to which the novel training for speech recognition according to the exemplary
embodiments of the invention may be applicable is not limited and such languages can include, but by no means be
limited to, Arabic, Chinese, English, French, German, Japanese, Korean, Portuguese, Russian, Swedish, Spanish,
for instance. Since the novel training has alignment-free nature, the GMM/HMM system for the forced alignment

can be omitted. Also, when a word unit end-to-end model is employed, any dictionary and any language model are
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not required. Hence, the novel training is suitable for certain languages where the GMM/HMM system and/or

dictionary are difficult to prepare.

[0097] Furthermore, in the aforementioned embodiments, the novel forward-shifted CTC training has been
described to be applied to the speech recognition. However, applications to which the CTC model is applicable are
not limited to the speech recognition. The CTC model can be used in various sequence recognition tasks other than
the speech recognition. Also, the issue of delay time would arise not only in the speech recognition but also in other
sequence recognition tasks. Such sequence recognition tasks can include handwritten text recognition from images
or sequences of pen strokes, optical character recognition, gesture recognition, machine translation, etc. Thus, the

novel forward-shifted CTC training is expected to be applied to such other sequence recognition tasks.

[0098] Although the advantages obtained with respect to the one or more specific embodiments according to
the present invention have been described and will be described below, it should be understood that some
embodiments could not have these potential advantages, and these potential advantages are not necessarily

required of all embodiments.

Experimental Studies

[0099] A program implementing the forward-shifted CTC training system 110 shown in FIG. 1 and the
forward-shifted CTC training process described in FIG. 5 according to the exemplary embodiment was coded and
executed for a given set of speech data. ASR experiments were conducted with a standard English conversational
telephone speech data set to verify working of the novel forward-shifted CTC training. The novel forward-shifted
CTC training was applied to train unidirectional LSTM phone CTC models and unidirectional LSTM word CTC
models. The time delay was measured from a sufficiently strong offline hybrid model trained from frame-level forced

alignments.

Experimental setup

[0100] 262 hours of segmented speech from the standard 300-hour Switchboard-1 audio with transcripts
were used. For acoustic features, 40-dimensional logMel filterbank energies over 25 msec frames every 10 msec
were extracted. This static feature and its delta and double-delta coefficients were used with frame stacking having
a decimation rate of 2, For evaluation, the Switchboard (SWB) and CallHome (CH) subsets of the NIST Hub5 2000
evaluation data set were used. Considering that the training data consists of SWB-like data, testing on the CH test

set is a mismatched scenario for the models.

[0101] For unidirectional LSTM phone CTC models, 44 phones from the Switchboard pronunciation lexicon

and the blank symbol were used. For decoding, a 4-gram language model with 24M words was trained from the
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Switchboard and Fisher transcripts with a vocabulary size of 30K. ACTC decoding graph was constructed. For
neural network architecture, 6 unidirectional LSTM layers (unidirectional LSTM encoder) with 640 units and a fully-
connected linear layer of 640 x 45 was stacked, followed by a softmax activation function. All neural network
parameters were initialized to samples of a uniform distribution over (-¢,€), where € is the inverse square root of the

input vector size.

[0102] For word CTC models, words with at least five occurrences in the training data were selected. This
resulted in an output layer with 10,175 words and the blank symbol. The same 6 unidirectional LSTM layers were
selected and 1 fully-connected linear layer with 256 units was added to reduce computation. A fully-connected linear
layer of 256 x 10,176 was put, followed by a softmax activation function. For better convergence, the unidirectional
LSTM encoder part was initialized with the trained phone CTC model. Other parameters were initialized in similar
fashion as the phone CTC models. For decoding, a simple peak-picking was carried out over the output word

posterior distribution and repetitions and blank symbols were removed.

[0103] All models were trained for 20 epochs and Nesterov-accelerated stochastic gradient descent was
used with a learning rate starting from 0.01 and annealing at (0.5)2 per epoch after epoch 10. The batch size was

128.

[0104] For the novel forward-shifted CTC training, two parameters, including "shift max" indicating the
maximum number of frames to shift and "shift rate" that is the rate of the mini-batch whose output posterior
probabilities are shifted. The training mini-batches were selected randomly with the "shift rate" and the forward-shift
was performed on the selected mini-batches. For the shift size, the shift size was selected for each selected mini-
batch from an integer uniform distribution over 0 to an upper bound, which is provided by the training parameter
"Shift max".

Posterior spikes

[0105] As noted above, the CTC models emit very spiky posterior distributions. Posterior probabilities for an
utterance “this(DH IH S) is(IH Z) true(T R UW)" from the SWB test set was investigated.

[0106] FIG. 6 shows posterior probabilities of phone CTC models trained by the novel forward-shifted CTC
training where the maximum number of frames to shift (shift max) was set to 1 and a rate of samples to shift (shift
rate) varied from 0.1 to 0.3 (Examples 1-3). Compared with posterior spikes from the normal CTC training
(Comparative Example 1) at the top, posterior spikes from the forward-shifted CTC training (Examples 1-3)

appeared earlier, which is the expected behavior of the novel forward-shifted CTC training.
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[0107] FIG. 7 shows posterior probabilities of phone CTC models with forward-shifted CTC training where the
rate of samples to shift (shift rate) was set to 0.1 and the maximum number of frames to shift (shift max) varied from
1to 3 (Examples 1, 4 and 7). While some earlier spikes appeared here as well, some spikes were not forward-

shifted, especially with cases of the larger maximum number of frames to shift (shift max).

[0108] Finally, the posterior probabilities of word CTC models with the forward-shifted CTC training was
investigated. FIG. 8 shows posterior probabilities of word CTC models with forward-shifted CTC training where the
maximum number of frames to shift (shift max) was set to 1 and the rate of samples to shift (shift rate) was set to
0.1 (Example 10). As shown in FIG. 8, it was confirmed that earlier spike timings was obtained from the CTC
models trained with the forward-shifted training. Note that for all word CTC models with the normal and the forward-
shifted CTC training, the unidirectional LSTM phone CTC model trained with the normal CTC training was used for

initialization.

Time delay from hybrid model

[0109] Next, the time delay of each word after decoding for the SWB and CH test sets was investigated. FIG.
9 shows a definition of time delay by phone and word CTC models with respect to a hybrid model. In FIG. 9, each
box represents unit of output symbol prediction for each model. Note that due to lower frame rate realized by input
frame stacking and decimation in CTC models, unit sizes are different between hybrid model and CTC models. For
hybrid model, “-b", “-m", and “-¢" represent three states of HMM and identifier of context-dependent variants for

each state is omitted from this figure for simplicity.

[0110] To set the ground truth of the timing of words, a sufficiently strong offline hybrid model trained on the
2000-hour Switchboard + Fisher dataset through iterative and careful forced alignment steps was used. More
specifically, a combination of two bidirectional LSTM and one Residual Network (ResNet) acoustic models and the
n-gram language model was used for decoding and time stamps were obtained for each word. WERs for the SWB
and CH test sets with this hybrid model were 6.7% and 12.1%, respectively, which were much better than those
with the following CTC models. This hybrid model is not for streaming ASR and was used to obtain appropriate

alignments for reference. In addition, also note that this hybrid model was trained with much more training data.

[0111] For the output from phone CTC models, the time stamps after decoding were also obtained. For both
the hybrid and phone CTC decoding, the same graph-based static decoder was used, while the blank symbols were
appropriately handled. For word CTC models, the first spike of each word occurrence was assumed as its
beginning time. To measure the delay, the recognition results from the hybrid and CTC models were first aligned
with dynamic programming-based string matching and the average delay at the beginning of the aligned words was

calculated, as shown in FIG. 9. For unidirectional LSTM phone CTC models, the shift max was changed from 1 to 3
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and the shift rate from 0.1 to 0.3 was investigated (Examples 1-9). The conditions and evaluated results of

Examples and Comparative Example for unidirectional LSTM phone CTC models are summarized in Table 1.

TABLE 1
shift max shift rate SWB CH
WER([%] DERAY WER([%] DERAY
Comparative - - 16.2 178.0 29.5 173.7
Example 1
Example 1 1 0.1 156.8 168.5 29.5 165.1
Example 2 1 0.2 16.2 151.7 29.4 148.5
Example 3 1 0.3 16.7 139.2 29.6 135.7
Example 4 2 0.1 16.5 162.8 294 158.6
Example 5 2 0.2 16.3 155.6 29.3 151.1
Example 6 2 0.3 16.6 138.5 29.8 135.5
Example 7 3 0.1 16.3 170.4 29.5 166.5
Example 8 3 0.2 16.3 155.7 29.8 151.3
Example 9 3 0.3 16.8 149.4 30.0 145.9
[0112] While there were some fluctuations in WERs and time delay, it was demonstrated that constant

reduction in the delay was obtained by using the novel forward-shifted CTC training. This trend was common both
in the matched SWB and the unmatched CH test sets. For example, as written in bold in Table 1, the time delay
was decreased by 25 msec without observing a negative impact on WERs. By setting the shift rate larger, further
reduction in the time delay was obtained while sacrificing WERS, which can provide developers of the streaming
applications with options to tune time delay. The same as with the previous investigation of the spike timing,

additional time delay reduction was not observed by setting the shift max larger.

[0113] For the unidirectional LSTM word CTC model, the same setting as in the previous investigation of
spike timings was used (Examples 10). The conditions and evaluated results of Example 10 and Comparative

Example 2 for unidirectional LSTM word CTC models are summarized in Table 2.
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TABLE 2
SWB CH
WER[%] DERAY WER[%] DERAY
Comparative Example 2 241 314.5 36.4 304.4
Example 10 24.7 288.2 36.4 280.1
[0114] It was confirmed that the time delay was reduced by approximately 25 msec with the novel forward-
shifted training, while a marginal WER degradation for the SWB test set was observed.
[0115] It was demonstrated that the novel forward-shifted CTC training can reduce the time delay between

acoustic features and output symbols in unidirectional LSTM phone and word CTC models. It was also investigated
that the novel forward-shifted CTC training enables the trained model to generate spikes earlier. It was also
confirmed that in most cases the time delay could be reduced by about 25 msec without a negative impact on the
WER. Itis noteworthy that the CTC models trained with the novel forward-shifted training simply generate output
symbols earlier and can be used without any change to the existing decoders for the models trained with the normal
CTC training. Note that reducing latency to less than 200 milliseconds, which is known as the acceptable limit in
human-machine interaction, is desired and various efforts have been conducted and combined to achieve this. The
25 milliseconds obtained by just a simple modification of the CTC training pipeline is preferable and can be

combined with other efforts.

Computer Hardware Component

[0116] Referring now to FIG. 10, a schematic of an example of a computer system 10, which can be used for
the speech recognition system 100, is shown. The computer system 10 shown in FIG. 10 is implemented as
computer system. The computer system 10 is only one example of a suitable processing device and is not intended
to suggest any limitation as to the scope of use or functionality of embodiments of the invention described herein.
Regardless, the computer system 10 is capable of being implemented and/or performing any of the functionality set

forth hereinabove.

[0117] The computer system 10 is operational with numerous other general purpose or special purpose
computing system environments or configurations. Examples of well-known computing systems, environments,
and/or configurations that can be suitable for use with the computer system 10 include, but are not limited to,
personal computer systems, server computer systems, thin clients, thick clients, hand-held or laptop devices, in-

vehicle devices, multiprocessor systems, microprocessor-based systems, set top boxes, programmable consumer
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electronics, network PCs, minicomputer systems, mainframe computer systems, and distributed cloud computing

environments that include any of the above systems or devices, and the like.

[0118] The computer system 10 can be described in the general context of computer system-executable
instructions, such as program modules, being executed by a computer system. Generally, program modules can
include routines, programs, objects, components, logic, data structures, and so on that perform particular tasks or

implement particular abstract data types.

[0119] As shown in FIG. 10, the computer system 10 is shown in the form of a general-purpose computing
device. The components of the computer system 10 can include, but are not limited to, a processor (or processing
unit) 12 and a memory 16 coupled to the processor 12 by a bus including a memory bus or memory controller, and

a processor or local bus using any of a variety of bus architectures.

[0120] The computer system 10 typically includes a variety of computer system readable media. Such media
can be any available media that is accessible by the computer system 10, and it includes both volatile and non-

volatile media, removable and non-removable media.

[0121] The memory 16 can include computer system readable media in the form of volatile memory, such as
random access memory (RAM). The computer system 10 can further include other removable/non-removable,
volatile/non-volatile computer system storage media. By way of example only, the storage system 18 can be
provided for reading from and writing to a non-removable, non-volatile magnetic media. As will be further depicted
and described below, the storage system 18 can include at least one program product having a set (e.g., at least

one) of program modules that are configured to carry out the functions of embodiments of the invention.

[0122] Program/utility, having a set (at least one) of program modules, can be stored in the storage system
18 by way of example, and not limitation, as well as an operating system, one or more application programs, other
program modules, and program data. Each of the operating system, one or more application programs, other
program modules, and program data or some combination thereof, can include an implementation of a networking
environment. Program modules generally carry out the functions and/or methodologies of embodiments of the

invention as described herein.

[0123] The computer system 10 can also communicate with one or more peripherals 24 such as a keyboard,
a pointing device, a car navigation system, an audio system, etc.; a display 26; one or more devices that enable a
user to interact with the computer system 10; and/or any devices (e.g., hetwork card, modem, etc.) that enable the
computer system 10 to communicate with one or more other computing devices. Such communication can occur via
Input / Output (I/0) interfaces 22. Still yet, the computer system 10 can communicate with one or more networks

such as alocal area network (LAN), a general wide area network (WAN), and/or a public network (e.g., the Internet)
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via the network adapter 20. As depicted, the network adapter 20 communicates with the other components of the
computer system 10 via bus. It should be understood that although not shown, other hardware and/or software

components could be used in conjunction with the computer system 10. Examples, include, but are not limited to;
microcode, device drivers, redundant processing units, external disk drive arrays, RAID systems, tape drives, and

data archival storage systems, etc.

Computer Program Implementation

[0124] The present invention can be a computer system, a method, and/or a computer program product. The
computer program product can include a computer readable storage medium (or media) having computer readable

program instructions thereon for causing a processor to carry out aspects of the present invention.

[0125] The computer readable storage medium can be a tangible device that can retain and store
instructions for use by an instruction execution device. The computer readable storage medium can be, for
example, but is not limited to, an electronic storage device, a magnetic storage device, an optical storage device, an
electromagnetic storage device, a semiconductor storage device, or any suitable combination of the foregoing. A
non-exhaustive list of more specific examples of the computer readable storage medium includes the following: a
portable computer diskette, a hard disk, a random access memory (RAM), a read-only memory (ROM), an erasable
programmable read-only memory (EPROM or Flash memory), a static random access memory (SRAM), a portable
compact disc read-only memory (CD-ROM), a digital versatile disk (DVD), a memory stick, a floppy disk, a
mechanically encoded device such as punch-cards or raised structures in a groove having instructions recorded
thereon, and any suitable combination of the foregoing. A computer readable storage medium, as used herein, is
not to be construed as being transitory signals per se, such as radio waves or other freely propagating
electromagnetic waves, electromagnetic waves propagating through a waveguide or other transmission media (e.g.,

light pulses passing through a fiber-optic cable), or electrical signals transmitted through a wire.

[0126] Computer readable program instructions described herein can be downloaded to respective
computing/processing devices from a computer readable storage medium or to an external computer or external
storage device via a network, for example, the Internet, a local area network, a wide area network and/or a wireless
network. The network can comprise copper transmission cables, optical transmission fibers, wireless transmission,
routers, firewalls, switches, gateway computers and/or edge servers. A network adapter card or network interface in
each computing/processing device receives computer readable program instructions from the network and forwards
the computer readable program instructions for storage in a computer readable storage medium within the

respective computing/processing device.

[0127] Computer readable program instructions for carrying out operations of the present invention can be

assembler instructions, instruction-set-architecture (ISA) instructions, machine instructions, machine dependent
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instructions, microcode, firmware instructions, state-setting data, or either source code or object code written in any
combination of one or more programming languages, including an object oriented programming language such as
Smalltalk, C++ or the like, and conventional procedural programming languages, such as the "C" programming
language or similar programming languages. The computer readable program instructions can execute entirely on
the user's computer, partly on the user's computer, as a stand-alone software package, partly on the user's
computer and partly on a remote computer or entirely on the remote computer or server. In the latter scenario, the
remote computer can be connected to the user's computer through any type of network, including a local area
network (LAN) or a wide area network (WAN), or the connection can be made to an external computer (for example,
through the Internet using an Internet Service Provider). In some embodiments, electronic circuitry including, for
example, programmable logic circuitry, field-programmable gate arrays (FPGA), or programmable logic arrays
(PLA) can execute the computer readable program instructions by utilizing state information of the computer
readable program instructions to personalize the electronic circuitry, in order to perform aspects of the present

invention.

[0128] Aspects of the present invention are described herein with reference to flowchart illustrations and/or
block diagrams of methods, apparatus (systems), and computer program products according to embodiments of the
invention. It will be understood that each block of the flowchart illustrations and/or block diagrams, and
combinations of blocks in the flowchart illustrations and/or block diagrams, can be implemented by computer

readable program instructions.

[0129] These computer readable program instructions can be provided to a processor of a general purpose
computer, special purpose computer, or other programmable data processing apparatus to produce a machine,
such that the instructions, which execute via the processor of the computer or other programmable data processing
apparatus, create means for implementing the functions/acts specified in the flowchart and/or block diagram block
or blocks. These computer readable program instructions can also be stored in a computer readable storage
medium that can direct a computer, a programmable data processing apparatus, and/or other devices to function in
a particular manner, such that the computer readable storage medium having instructions stored therein comprises
an article of manufacture including instructions which implement aspects of the function/act specified in the

flowchart and/or block diagram block or blocks.

[0130] The computer readable program instructions can also be loaded onto a computer, other
programmable data processing apparatus, or other device to cause a series of operational steps to be performed
on the computer, other programmable apparatus or other device to produce a computer implemented process, such
that the instructions which execute on the computer, other programmable apparatus, or other device implement the

functions/acts specified in the flowchart and/or block diagram block or blocks.
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[0131] The flowchart and block diagrams in the Figures illustrate the architecture, functionality, and operation
of possible implementations of systems, methods, and computer program products according to various
embodiments of the present invention. In this regard, each block in the flowchart or block diagrams can represent a
module, segment, or portion of instructions, which comprises one or more executable instructions for implementing
the specified logical function(s). In some alternative implementations, the functions noted in the block can occur out
of the order noted in the figures. For example, two blocks shown in succession can, in fact, be executed
substantially concurrently, or the blocks can sometimes be executed in the reverse order, depending upon the
functionality involved. It will also be noted that each block of the block diagrams and/or flowchart illustration, and
combinations of blocks in the block diagrams and/or flowchart illustration, can be implemented by special purpose
hardware-based systems that perform the specified functions or acts or carry out combinations of special purpose

hardware and computer instructions.

[0132] The terminology used herein is for the purpose of describing particular embodiments only and is not
intended to be limiting of the invention. As used herein, the singular forms “a”, “an” and “the” are intended to include
the plural forms as well, unless the context clearly indicates otherwise. It will be further understood that the terms
“comprises” and/or “comprising”, when used in this specification, specify the presence of stated features, steps,
layers, elements, and/or components, but do not preclude the presence or addition of one or more other features,

steps, layers, elements, components and/or groups thereof.

[0133] The corresponding structures, materials, acts, and equivalents of all means or step plus function
elements in the claims below, if any, are intended to include any structure, material, or act for performing the
function in combination with other claimed elements as specifically claimed. The description of one or more aspects
of the present invention has been presented for purposes of illustration and description, but is not intended to be

exhaustive or limited to the invention in the form disclosed.

[0134] Many modifications and variations will be apparent to those of ordinary skill in the art without departing
from the scope and spirit of the described embodiments. The terminology used herein was chosen to best explain
the principles of the embodiments, the practical application or technical improvement over technologies found in the

marketplace, or to enable others of ordinary skill in the art to understand the embodiments disclosed herein.



