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ABSTRACT

Speech is a vital form of communication among humans and thus understanding speech in the context of communication results in directly
influencing our actions. Researchers all around the world have been trying to teach machines how to recognize speech. Speech understanding and
recognition by machines even though is a challenging proposition but nevertheless researchers have been successful in applying machine learning
algorithms to speech recognition which is commendable. With the advent of deep learning researchers have further enhanced the state of the art of
speech recognition. With more computation speed and GPU , it has become possible to train large datasets even in PC and Laptops.

In this paper we adopt a deep learning approach to teach machine how to convert speech into text. The main objective of this paper is to apply deep
learning techniques to speech data and convert into textual form using Convolution neural network . It has always been believed in the deep
learning community that CNN is good only with classifying images. But recent trends have suggests that CNN are applied to NLP, Speech and
other domains for better results and have shown that it indeed works .
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1.INTRODUCTION

Speech recognition techniques have evolved over the years. Initially,
researchers have successfully applied Hidden Markov Models to
speech recognition. But with the advent of deep learning many
researchers have successfully used deep learning techniques such as
recurrent neural network and convolution neural networks to classify
speech.

Technical advancements have fueled the growth of speech interfaces
through the availability of machine learning tools, resulting in more
Internet-connected products that can listen and respond to us than ever
before. Recently Mozilla released it’s speech recognition software to
the public. We believe this technology can and will enable a wave of
innovative products and services, and that it should be available to
everyone.

And yet, while this technology is still maturing, we’re seeing there a
lot of unknown areas to be explored and remove the barriers which
would improve the speech recognition technology.

Recently Mozilla also made publicly available voice dataset, which
was contributed to by nearly 20,000 people globally.

This paper, has taken the CNN route rather than sequence modelling
neural network like recurrent neural network, LSTM or the recent
published GTU. We provide the architecture of CNN and we also
provide code snippets for both the model build phase and model
training phase an the accuracy and error logs to see how CNN can also
be applied to speech data rather than images , but due to other
constraints we do not provide the full source code rather we provide
only a few code to get the idea.

To help predict text from speech we chose to collect data from the
internet and other sources .and clean up the data so that these sentences
can be fed into the neural network layer. We used Scikit-learn, a Python
machine learning framework along with Pandas, Numpy, Keras,
Tensorflow and CNN.

With this we believe that some of the applications such as movie sub
titles could be generated by listening to the movie dialogues. The list
of applications for speech recognition are many , imagine a person
speaking in his or her native language could be translated into text, this
would provide a giant step in today’s communication.

We choose Convolution neural network , a form of neural network
used mostly in classification of images to identify speech recognition
and emits words from the audio signals.

2. Previous Work
Li Deng and Xiao Li [9] paved the way for many Machine learning

paradigms that are motivated in the context of ASR technology and
applications. These new insights from modern ML methodology
shows great promise to advance the state-of-the-art in ASR
technology. They intended to foster further cross-pollination between
the ML and ASR communities than has occurred in the past.

3.Data Types

TensorFlow recently released the Speech Commands Datasets. It
includes 65,000 one-second long utterances of 30 short words, By
improving the recognition accuracy of open-sourced voice interface
tools, we can improve product effectiveness and their accessibility.

One reason so few services are commercially available is a lack of data.
Startups, researchers or anyone else who wants to build voice-enabled
technologies need high quality, transcribed voice data on which to train
machine learning algorithms. Right now, they can only access fairly
limited data sets.

To address this barrier, we launched Project Common Voice this past
July. Our aim is to make it easy for people to donate their voices to a
publicly available database, and in doing so build a voice dataset that
everyone can use to train new voice-enabled applications.

Today, we’ve released the first tranche of donated voices: nearly
400,000 recordings, representing 500 hours of speech. Anyone can
download this data.

4.Process flow
Apply
Reading audio Convert input data Convolution
Raw Speech signal |—»| for feeding into |-———»| neural network
convolution neural steps.
network
Convert into
text.
FIGURE 1

The above figure 1 shows the flow diagram of the Speech recognition
architecture. The dataset is divided into training an testing sets. Further
from the training set a validation is reserved to serve as a virtual way of
forming the actual testing set. The data size is not much and since the
data size is less there was always a chance of overfitting , and the avoid
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overfitting we could have made synthetic audio noise data as part of data
augmentation technique. Further, the convolution layers convolution and
applying activation function to the result along with the bias and then
pooling could have been added to see if it improved the accuracy.

5.Speech CNN implementation .

window_size=.02

window_stride=.01

window_type='hamming'

normalize=True

max_len=101

batch_size = 64

train_iterator = SpeechDirectorylterator(directory=train_path,

batch_size=batch_size,
window_size=window_size,
window_stride=window_stride,
window_type=window_type,
normalize=normalize,

max_len=max_len)

FIGURE2

from keras.models import Sequential

from keras.layers import Conv2D, MaxPooling2D, Flatten, Dense,
Dropout

model = Sequential()

model.add(Conv2D(12, (5, 5), activation = 'relu, input_shape=train

iterator.image shape))

model.add(MaxPooling2D(pool_size=(2, 2)))

model.add(Conv2D(25, (5, 5), activation = 'relu'))

model.add(MaxPooling2D(pool_size=(2, 2)))

model.add(Flatten())

model.add(Dense(180, activation = 'relu'))
model.add(Dropout(0.5))

model.add(Dense(100, activation = 'relu'))
model.add(Dropout(0.5))

model.add(Dense(len(classnames), activation = 'softmax")) #Last

layer with one output per class

model.compile(loss='categorical crossentropy', optimizer='"Adam’,
metrics=["accuracy"])

model.summary()

FIGURE 3

The above figure 3 shows the code for ingesting audio files using
custom made similar to Keras function Directory Iterator to take data
using batch size.

6. Architecture

In order to perform speech recognition , the raw audio file which contains
short speeches , which are in the form of commands are read using librosa
a python library to read audio files. As the speech length are of different
lengths , we need to convert these audio files into same size.

6. CNN parameters.

We will be showing only the important part of the code , the CNN
architecture summary is shown below, the model architecture and the
parameters whichis 3,690,329

The model summary.

Layer (type)

Output Shape Param #

conv2d_1 (Conv2D) (None, 97, 157, 12) 312

imax_pooling2d 1 (MaxPooling2 (None, 48, 78, 12) 0

conv2d_2 (Conv2D) (None, 44, 74, 25) 7525

imax_pooling2d 2 (MaxPooling2 (None, 22, 37, 25) 0

flatten_1 (Flatten) (None, 20350) 0
dense 1 (Dense) (None, 180) 3663180
dropout_1 (Dropout) (None, 180) 0
dense 2 (Dense) (None, 100) 18100
dropout_2 (Dropout) (None, 100) 0
dense_3 (Dense) (None, 12) 1212

Total params: 3,690,329
Trainable params: 3,690,329
INon-trainable params: 0

from keras.callbacks import EarlyStopping, ReduceLROnPlateau

early = EarlyStopping(monitor='val loss', min_delta=0, patience=5,
lverbose=1, mode="auto")

reduce = ReduceLROnPlateau(monitor='val_loss', factor=0.5,
patience=3, verbose=1, mode="auto’, min_1r=0.00001)

imodel.fit_generator(train_iterator,

steps_per_epoch=int(np.ceil(train_iterator.n / batch_size)),
epochs=8,

validation_data=val iterator,
validation_steps=int(np.ceil(val iterator.n / batch_size)),

verbose=1, callbacks=[early, reduce])

Epoch 1/8

338/338 [ 1 -418s Is/step
- loss: 1.5899 - acc: 0.4472 - val loss: 0.8523 - val _acc: 0.7465
Epoch 2/8

338/338 [ ]-393s s/step
- loss: 0.8568 - acc: 0.7113 - val_loss: 0.6969 - val_acc: 0.7875
Epoch 3/8

338/338 [ ]-426s ls/step
- loss: 0.6566 - acc: 0.7807 - val_loss: 0.5926 - val_acc: 0.8170
Epoch 4/8

338/338 [ 1-373s ls/step
- loss: 0.5111 - acc: 0.8309 - val loss: 0.5835 - val acc: 0.8306
Epoch 5/8

338/338 [ ] - 388s 1s/step
- loss: 0.4342 - acc: 0.8584 - val loss: 0.5437 - val_acc: 0.8359
Epoch 6/8

338/338 [ ] - 382s Is/step
- loss: 0.3597 - acc: 0.8818 - val_loss: 0.5694 - val_acc: 0.8413
Epoch 7/8

338/338 [ ]-379s ls/step

- loss: 0.3074 - acc: 0.8997 - val loss: 0.5793 - val acc: 0.8483

Step 1 Step 2 Step 3 Step 4 Step 5
Speech data [Read data [Augmentation [CNN Prediction
FIGURE 4
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[Epoch 8/8

338/338 [ ]1-381s ls/step

- loss: 0.2644 - acc: 0.9172 - val loss: 0.6259 - val_acc: 0.8394
keras.callbacks.History at 0x2440cea3438>

FIGURE 5

As we can see after running 8 epochs we achieve a score of 0.9172 on
the training data and a score of 0.8394 on validation which indicates
overfitting.

6. Training Results and Discussion

The training result in Figure 5 shows that it achieved 0.9172 while
validation score is merely 0.8394 which means it has overfitted . To
alleviate overfitting we could have added artificially generated noise
and could have trained along with the data set. We haven’t used
BatchNormalisation technique and it would be interesting to see how
batch normalization would help to the overall performance.

1. Prediction Results and Discussion

import math
from keras.utils import Sequence
from keras.preprocessing.image import img_to_array

def load AndSpect(fname, window_size, window _stride,
indow_type, normalize, max_len):
img = spect_loader(os.path.join(test_path_audio, fname),

window_size,
window_stride,
window_type,
normalize,
max_len)
img=np.swapaxes(img, 0, 2)

x =1img_to array(img, data format='channels last')
return X

class WavSequence(Sequence):

def __init_ (self, x_set, batch_size=64, window_size=0.02,
window_stride=0.01, window_type="hamming',

normalize=True, max_len=101):

self.x =x_set

self.batch_size = batch_size
self.window_size = window_size
self.window_stride = window_stride
self.window_type = window_type
self.normalize = normalize
self.max_len = max_len

def len  (self):
return math.ceil(len(self.x) / self.batch_size)

def getitem (self, idx):
batch_x = self.x[idx * self.batch_size:(idx + 1) * self.batch_size]

return np.array([
loadAndSpect(file_name, window_size, window_stride,
indow_type, normalize, max_len)
for file_name in batch x])

seq = WavSequence(test_filenames, batch_size=batch_size)
preds = model.predict generator(generator=seq, steps=len(seq),
workers=1,verbose=1)

2478/2478 |
1s/step

FIGURE 6

1-2714s

7. Performance improvement using different architecture

We believe that trying with sequence modelling could have been used
instead of CNN. The reason why we chose CNN is that the data is not a
long conversation data rather a sample of short form of speech is
uttered in a few seconds. While doing we could have added noise data

which are generated artificially to the datasets , these noise data could
have certainly improve the accuracy of the models.

To improve performances different deep learning architecture could be
used, hyper parameters could be selected and selected and tuned.
Different optimizers could be used and the learning rate could be
adjusted and different iterations could be experimented. We believe
that using different architecture, using dropouts to avoid overfitting,
using Batch Normalization and tuning of hyper parameters could help
boost the performance of sentiment analysis.

8. Conclusion and Future Work

Teaching machines speech recognition is extremely challenging task
and thus there is ample scope for improvement. Even using deep
learning needs a lot of improvement. Speech recognition is indeed a
very interesting topic and it is still very limited. Our aim and objective
as mentioned before is to give some reference point from where
researchers and other deep learning students can get an idea how to
start processing audio files and convert into text.

‘We hope that this paper has brought some ideas to try out and get good
accuracy and hope it has found to be interesting and useful.

We hope this paper brings about understanding and inspiration
amongst the research communities of ASR.
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