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Abstract 

 
In recent years, various deep models have been used for 

improving Automatic Speech Recognition (ASR). Among 
these advanced models, Convolutional Neural Networks 
(CNNs) and Long-Short-Term-Memory (LSTM) networks 
achieve state-of-the-art recognition accuracy, which 
generally outperforms feed-forward Deep Neural Networks 
(DNNs). In this work, CNN and LSTM networks with very 
deep structures were investigated as ASR acoustic models, 
and their performance was analyzed and compared with 
that of DNNs. The results show that CNN and LSTM 
significantly improves ASR accuracy for various tasks.  
 

1. Background and related work 
 

 
Figure 1: The structure of an ASR system, including HMM-GMM 
acoustic model, and a language model, which are combined to 
form the decoding graph. This example is cited from [1]. 

 
Figure 1 shows an ASR system that recognizes digits 

from continuous speech. An ASR system consists of a 
speech front end, an acoustic model, and a language model. 
The front end segments a speech waveform in time domain 
into overlapping short frames. Typically, each frame is 25-
ms long, with 10 ms spacing (stride) between adjacent 

frames. The front end converts each frame to a speech 
feature vector which compactly encodes useful spectral-
temporal information (speech feature learning will be 
illustrated in detail in Section 2). The entire sentence 
becomes a sequence of feature vectors. The objective of 
ASR is to obtain the mostly likely word sequence  , out 
of a wide range of possible word sequences W, given the 
feature sequence O, as: 
 

 
 
Using Bayesian rule, Eq.(1) can be rewritten as: 
 

 
 
in which the denominator term P(O) is dropped since this 
term does not depend on W. The term P(O|W) is defined as 
the acoustic model, and P(W) is estimated by a language 
model. In modern ASR systems, the acoustic model is 
typically a set of Hidden Markov Models (HMMs) [2], 
which learns the temporal patterns in speech. At training 
time, words in the transcription of each sentence are 
decomposed into phones according to a pronunciation 
lexicon, and each phone is modeled by an HMM. Each 
HMM typically has 3 emitting hidden states, with each state 
corresponding to a segment of a phone. An HMM state can 
only transition to itself or to the next state due to the 
sequence property of speech. Conventionally, each state 
emission distribution is represented by a Gaussian Mixture 
Model (GMM) [3]. The phone HMMs are connected to 
form word HMMs and further sentence HMMs. Then, the 
HMM-GMM parameters are optimized to maximize the 
likelihood of the speech data using the EM algorithm [4]. 
At test time, the language model (a unigram in Figure 1) 
forms a word search graph, in which each path specifies a 
candidate sequence of words and the inter-word transition 
probabilities, and each word consists of the connected 
phone HMMs. The Viterbi decoding is performed to find 
the optimal word sequence over the graph. 

From Eq.(1), it can be seen that speech recognition is a 
discriminative task. However, GMM is a generative model, 
in which the data likelihood is maximized during training. 
The use of DNN models, first proposed in [5], is a milestone 
for ASR. DNN replaces GMM, in that instead of 
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maximizing the likelihood of a feature vector o emitted by 
an HMM state s, i.e. P(o|s), a DNN maximizes P(s|o), 
which is the probability of a target HMM state given each 
observation. The DNN objective function maximizes the 
state level discrimination. As shown by literature [6], as the 
structure of a DNN gets deeper, the learned features become 
more discriminative over different states, and become more 
robust against distortions, such as noisy environment, 
different speakers, etc. Generally speaking, HMM-DNN 
acoustic model reduces the recognition error rate by 20% to 
30% relative to the HMM-GMM framework. 

CNN models have been adopted from computer vision 
tasks by ASR systems in recent years. The early CNN 
acoustic model, proposed in [7] uses simple one-
dimensional convolution along the frequency dimension of 
speech spectrum, and outperforms DNNs. Later, much 
deeper CNN models with carefully designed network 
structures, such as the VGG network [8], Residual Network 
(ResNet) [9] greatly advance the cutting-edge ASR acoustic 
modelling. Nowadays, deep CNN models are widely used 
in state-of-the-art ASR, such as in the Microsoft 2016 
evaluation [10]. In addition to recognition for clean speech, 
CNNs significantly enhance the noise robustness of ASR as 
well compared with DNN [11]. 

Speech is sequence data, in which the identity of the 
HMM state given a frame at time t is dependent on both the 
previous and future frames. Recurrent Neural Networks 
(RNNs) and their advanced LSTM version are able to 
exploit long historical information to predict the current 
class label. Deep RNN and LSTM have been powerful 
sequence acoustic models recently [12]. Based on LSTMs, 
researchers developed Bidirectional LSTM (BLSTM) [13]. 
Each layer in a BLSTM unfolds the time sequence both 
from the first to last, and from the last to first time instances. 
Thus, BLSTM takes advantage of both historical and future 
frame information to determine the current target label, 
which yields better performance than uni-directional 
LSTMs. 

In this work, various deep models, including DNN, 
CNN, LSTM and BLSTM are extensively studied, 
compared and evaluated for various ASR tasks. The models 
implemented in this work (including the HMM-GMM 
model) cover almost all the model types in the CS231n 
course materials. In addition to evaluate recognition 
accuracy, feature visualization and image gradient are used 
to analyze the results. It is also of great interest to interpret 
speech as image data and gain insights. In Section 2, a 
detailed illustration of feature learning is provided, and in 
Section 3 and 4, ASR experiments are carried out. Finally, 
Section 5 provides a brief summary and future work.  

2. Speech feature learning 
This section provides a detailed description of learning 

speech patterns from raw features using various models. 

We start from illustrating raw speech features. 

2.1. Raw speech features (FBANK features) 

     
Figure 2: Raw speech features are computed by taking the 
weighted sum of the STFT of each frame, weighted by the 40-
channel Mel filter bank. Each feature vector has 40 dimensions. 
 

 
Figure 3: Frequency response of a Mel filter bank. The bandwidth 
becomes wider for higher frequencies (in Hertz), denoting lower 
resolution. This figure is cited from [14]. 
 

Figure 2 illustrates the raw feature extraction processing. 
The speech front end segments the time domain waveform 
into 25 ms short frames, with 10 ms frame spacing. For each 
frame (indexed by m), its magnitude-squared Short Time 
Fourier Transform (STFT) is taken to convert the time 
domain signal to its frequency domain spectrum: 
 

 

 
in which N=512 is the number of discrete frequencies in the 
resulting spectrum,  is the samples of the zero-
padded mth frame (since each frame has 0.025 sec * 16000 

samples/sec = 400 samples),   denotes the kth 

discrete frequency (Figure 2 uses continuous frequency f in 

Hertz, , where =16000 Hz is the sampling 



 

3 

frequency of the speech), and j denotes imaginary number. 
The STFT transforms a speech waveform to a time-
frequency (TF) plane (also referred to as a spectrogram) by 
stacking the spectra along the time axis and using colors to 
represent the power value, i.e.  of each TF bin 
(red means large values, blue means small values). 

However, human ears are not equally sensitive to all 
frequencies. It’s easier to discern low frequencies than high 
frequencies. In high frequency region, a wider range of 
frequency components in a waveform are perceptually 
similar. This perceptual frequency resolution is quantified 
by the Mel frequency scale [15]: 
 

 

 
in which f denotes the linear frequency in Hertz. In ASR, a 
Mel filter bank (plotted in Figure 3) that typically consists 
of 40 channels groups the linear (along frequency) spectrum 

 to the Mel scale by: 
 

 

 
where m is the frame index, l=1,2,…,40 is the channel 
index, N=512 is the number of STFT points (the higher half 
of the spectrum is not used due to symmetry), and  
is the lth Mel filter frequency response, which takes a 
triangular shape. Note that these Mel filters are equally 
spaced over the Mel scale. As a result, on the linear 
frequency scale, the filter bandwidth becomes wider for 
higher frequencies, which represents lower resolution, 
since frequency components in the same band are 
perceptually identical. Finally, a logarithm is taken to 
compress the range of feature values, resulting in the 
FBANK features: 
 

 

2.2. MFCC features for HMM-GMM 

As Figure 3 shows, there is large overlapping between 
Mel filters. Therefore, the FBANK features are heavily 
correlated among dimensions. In HMM-GMM, it’s often 
assumed that each Gaussian mixture has a diagonal 
covariance matrix. Thus, the FBANK features are 
decorrelated by a Discrete Cosine Transform (DCT), and 
are reduced to 12 coefficients. The resulting features are 
termed as Mel Frequency Cepstral Coefficients (MFCCs) 
[16]. For each frame, the ith MFCC feature  is: 
 

 

where N=40 is the total number of FBANK features. 
Usually, the log energy of each frame is used as another 
feature. To characterize the feature trajectory over time, the 
time difference of the MFCCs (including the log energy 
feature), referred to as delta and acceleration (delta of delta) 
features [17] are often appended to the MFCCs, yielding 39 
features (3*(12+1)) for each frame. These 39 MFCC 
features have been “standardized” for HMM-GMM 
acoustic models.  

2.3. DNN and CNN based feature learning 

From Section 2.1 and 2.2, it can be seen that both the 
FBANK and MFCC features are derived from signal 
processing, combined with human perception of speech. As 
will be shown in Section 3, these features lack 
discrimination and invariance over phone classes or HMM 
states, since there is no discriminative learning involved. 
 

 
Figure 4: HMM-DNN feature learning. Input to the DNN is a 
stacked vector of FBANK features surrounding the center frame, 
and the input is mapped to the HMM state posterior probability. 
 

Figure 4 depicts the structure of the HMM-DNN acoustic 
model. For each frame, the input to the HMM-DNN model 
is a context window of FBANK features (mean and 
variance normalized) surrounding the center frame. The 
features in this window are stacked into a long vector, then 
passed through the DNN, which maximizes the probability 
of the HMM state for the center frame of the context 
window. The target HMM states are obtained by first 
training a seed HMM-GMM model, which does not require 
supervised HMM state information, and search for the 
optimal state sequence given the correct word sequence 
transcription in the training set. As in the decoding stage 
mentioned in Section 1, each word sequence from the 
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training set is converted to a chain of concatenated phone 
HMMs, then, the optimal state sequence is obtained by the 
Viterbi algorithm, and used as DNN targets. At test time, 
the decoder needs the state emission probability P(o|s), 
which can be computed as: 
 

 

 
in which the term P(o) is dropped since it’s irrelevant to the 
state. P(s|o) is provided by the DNN output, and P(s) is 
estimated by a frequency count of how many times the state 
s is visited as a byproduct of obtaining DNN targets from 
the training set.  

Note that when training HMM-GMM models, MFCC 
features are used, whereas when training the DNN, FBANK 
features without the DCT transform are used. It’s pointed 
out in literature [18] that in order for the DNN to learn 
meaningful speech patterns, its input should have less hand-
crafted components. The DCT in MFCC is a lossy data 
compression processing, thus is eliminated from DNN 
inputs. In some other literatures, such as [19], even the Mel 
filter bank (which is also human devised) is not used, and 
the STFT features are directly input to the DNN, and the 
filters are learned from data by inserting a “filter bank layer” 
in front of the hidden layers. 

The general HMM-CNN structure is similar to that of 
HMM-DNN. The important difference is that the frames in 
the context window are no longer stacked into a long vector, 
instead, they are left as an “image” as shown in Figure 5. 
Thus, the FBANK TF plane surrounding the center frame 
becomes an image, and the state classification is analogous 
to an image classification task. Sometimes, the delta and 
acceleration features are appended to the FBANK features, 
in which case there are 3 feature maps, analogous to the 
RGB channels in a color image. 
  

 
Figure 5: CNN input features. The frames in the context window 
form an image. Each neuron (small block) learns local pattern. 
 

The image perspective of speech data brings benefits for 
ASR. Due to speaker and environment variations, the 
speech patterns are often distorted, and present strong 
locality. CNN employs weight sharing and pooling. Since a 
neuron in a convolutional layer learns the same local pattern 
over the TF plane, and pooling summarizes the local 

variations, CNN is more powerful than DNN at extracting 
local invariant patterns. Also, the weight sharing and 
pooling mechanisms in CNN greatly reduce the number of 
parameters relative to fully connected DNN, which enables 
much deeper hierarchical structures than DNN. 

2.4. LSTM and BLSTM 

CNN and DNN assume that the frames are independent. 
Though the context window contains neighboring frames, 
CNN and DNN are not able to exploit long term history or 
future information.  

LSTM [20] are recurrent models, in which the current 
time prediction is dependent on all past time inputs. Also, 
by carefully designed gating structure, LSTM reduces the 
gradient vanishing and explosion problem associated with 
RNNs when training on long sequences. Therefore, LSTM 
are suitable for modeling speech, which is naturally 
sequence data. In addition, by concatenating LSTM layers, 
one on top of the other, the learned patterns possess two-
dimensional depth, along the time dimension and the 
feature hierarchical dimension. For each layer, the LSTM 
progresses over time t by computing: 
 

                 (9.1) 
            (9.2) 

                  (9.3) 
             (9.4) 

                                                           (9.5) 
                                                              (9.6) 

 
in which i, f, o, g are the gates, c is the internal cell states, 
and h is the hidden states, which is also the input to the 
higher LSTM layer. 
 

 
Figure 6: Deep BLSTM structure cited from [21]. The horizontal 
arrows denote two temporal directions, and other arrows show 
feature and layer stacking. 
  

LSTM only takes advantage of past information. 
However, since we have the recording of the entire 
utterance, it’s possible to make use of future information as 
well. Figure 6 depicts the BLSTM structure. In each 
BLSTM layer, there are a forward track, and a backward 
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track. The forward track unfolds the network from the first 
time instance to the last instance according to Eq.(9), 
whereas the backward track does the reverse by changing 
all t-1 to t+1in Eq.(9). The two tracks work in parallel, each 
keeps separate weights and biases. Their hidden states h are 
simply stacked together at each time t and are transmitted 
as input to the two tracks of the higher layer. The hidden 
states of the top layer are converted to state probabilities by 
a softmax classifier as in uni-directional LSTM. Therefore, 
to predict the identity of an HMM state at time t, all the 
historical and future frames are involved. 

3. TIMIT phone recognition experiments 

3.1. Database and system description 

TIMIT database [22] is designed for English phone 
recognition from continuous read speech. This database is 
often used for algorithm verification and parameter tuning, 
because it has relatively small size, and thus moderate 
training time. As the typical use of this database, it is 
partitioned into a training set, a validation set, and a test set. 
The training set has 462 speakers, 8 utterances/speaker. The 
validation set consists of 50 speakers, totally 400 utterances, 
and the test set contains 192 sentences from 24 speakers. 
Each utterance is approximately 3.5 seconds long on 
average. For the purpose of data balance, the reading 
material of TIMIT is designed to be phonetically balanced 
among 61 target phones. Figure 7 shows these phones and 
their frequency counts in the training data (similar for the 
validation and test sets). At training time, we train a 3-state 
HMM-GMM model for each of the 61 phones, and each 
deep model thus has 183 target HMM states. At test time, 
the 61 phones are reduced to 39 phone categories, indicated 
by the “+” sign in Figure 7. It can be seen that except for 
the silence phone category, other phones are approximately 
uniformly distributed. For the language model, a phone 
bigram trained from the training set transcription was used 
for decoding.  
 

 
Figure 7: 61 TIMIT phones at training time and 39 phone 
categories at test time. 
  

As illustrated in Section 2, 39 MFCC features including 
delta and acceleration per frame were extracted for HMM-
GMM, and 40 FBANK features per frame were used for 
DNN and CNN. The context window for DNN contains 17 
frames (8 frames on each side). It was found that increasing 

the context size for DNN did not affect the recognition 
accuracy. However, the context size makes a difference for 
CNN as will be shown. For LSTM and BLSTM, the input 
features consist of 40 FBANK and their delta and 
acceleration (120 features per frame). Since 
LSTM/BLSTM naturally makes use of context information, 
there is no frame concatenation. For LSTM/BLSTM, the 
first 5 frames of each sentence were removed, and the last 
frame was replicated 5 times and appended to the sentence. 
This is to facilitate predicting the current state label using 
future frames. The MFCC features were mean and variance 
normalized based on each sentence, and the FBANK 
features were normalized globally. 

The seed HMM-GMM model has 32 mixtures per state. 
The DNN has 5 hidden layers with 2048 RELU neurons per 
layer. Batch normalization was conducted for the DNN 
before every RELU nonlinearity. The CNNs have variable 
number of layers and pooling size to show their effects. The 
LSTM/BLSTM also have variable number of layers and 
hidden size. The optimization rule is Adam for all deep 
models. 

The feature extraction, HMM-GMM training, language 
model training and decoding used the HTK 3.4 ASR 
toolbox [23]. This toolbox does not support decoding with 
learned features (posterior state probabilities). Thus, the 
source code was modified to enable this functionality. HTK 
saved the features in HTK format by default, thus Python 
code adapted from [24] was used to convert the HTK 
FBANK features to Numpy arrays. All the deep models 
were trained using Pytorch. At test time, the posterior state 
probabilities are saved back to HTK feature format, and 
input to the modified decoder.  

3.2. Results and analysis for clean data 

In this section, the TIMIT data is recorded in clean 
environment without noise. Table 1 shows the phone 
recognition accuracy on the test set using HMM-GMM and 
HMM-DNN respectively. The learning rate for the DNN 
was set to 0.001 initially, and was multiplied by 0.1 
whenever the validation set state classification accuracy 
failed to increase by 0.25% after each epoch. Dropout was 
also used after each RELU layer, with the dropout rate set 
to 0.2. 
 
Table 1: Test set phone recognition accuracy using HMM-GMM 
and HMM-DNN. 

Acoustic model Phone accuracy (%) 
HMM-GMM 71.2 
HMM-DNN 78.1 

HMM-DNN+dropout 78.8 
 

DNN significantly improves the results compared with 
GMM. From now on, the HMM-DNN model is used as the 
baseline for other comparisons. 
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Next, two ResNet models were implemented. The 
ResNet code was modified from [25]. The 7x7 Conv layer 
and the 3x3 max pooling layer were removed from the 
original ResNet proposed in [9] since these layers did not 
improve the recognition performance. Table 2 lists the 
structure of the ResNet models. Each pair of brackets 
denote a residual block. The residual blocks did not use 
bottleneck operations. ResNet does not have explicit 
intermediate pooling layers in addition to the final average 
pooling. The downsampling is performed by conv2_1, 
conv3_1 and conv4_1 with a stride of 2. Batch 
normalization was inserted before each RELU. 
 
Table 2: Structures of the ResNet-17 and ResNet-33 acoustic 
models. 

layer 
name 

17 layers 33 layers stride 
size 

conv1_x x2  1 

conv2_x x2 x4 2 for 
conv2_1 

conv3_x x2 x6 2 for 
conv3_1 

conv4_x x2 x3 2 for 
conv4_1 

average pooling, 183-dimensional FC, softmax 
 

Table 3 shows the test set recognition accuracy. The 
context window size was also varied. The initial learning 
rate for ResNet-17 was set to 0.001, and for ResNet-33 was 
0.0005, and was decreased to 0.1 of the previous value after 
each epoch if the validation frame accuracy failed to 
increase by 0.25%. 
 
Table 3: ResNet recognition accuracy with different context 
window size and network depth. 

Window size Network depth Phone accuracy (%) 

17 frames 17 layers 81.1 
17 frames 33 layers 80.4 
31frames 17 layers 81.1 
31frames 33 layers 81.7 
41frames 17 layers 81.5 
41frames 33 layers 81.3 

 
The recognition accuracy using ResNet significantly 

outperforms DNN, which shows the benefits of learning 
local patterns. The performance does not improve as the 
network becomes deeper. This might be due to difficulties 
of training deeper networks, also might be due to overfitting. 
We will see in a later section that deeper architecture does 
improve recognition accuracy when the data is corrupted by 
noise, or when we have a large training set. Also, for clean 
data, the window size does not significantly affect the 
recognition performance. 

We can visualize the learned features by ResNet and 
compare the feature discrimination with the FBANK 
features. For this purpose, we randomly took 20,000 frames 

(images) from the validation set, and obtained the learned 
features from the output of the average pooling layer in the 
trained ResNet. Figure 8 (left) plots the projected FBANK 
features using t-SNE [26] over different phone classes, and 
the right panel plots the learned features. It’s clear that the 
learned features show much better discrimination over 
phone classes than the raw features. Also, within each 
phone class, the learned features tend to cluster tightly, 
which indicates strong inner-class invariance. 
 

 
Figure 8: Raw FBANK features (left) vs. learned features by 
ResNet (right). Learned features show much better phonetic 
discrimination and invariance. 
 

It’s also interesting to visualize for different phones, 
which part of their TF plane is important for CNN. Figure 
9 (top left) plots the TF plane of the vowel “ay” (as in bite), 
and the top right panel plots the saliency map by taking the 
gradient of the TF plane. It can be seen from the TF plane 
that the energy of this vowel concentrates in the low 
frequency region (indicated by the dark red area). 
Correspondingly, the saliency map shows that the low 
frequency region contains important patterns whereas the 
high frequency region does not carry useful information. In 
the bottom left panel, we plot the TF plane of the consonant 
“dh” (as in then). From the TF plane and the saliency map, 
it can be seen that the high frequency components and its 
contexts make more contribution for pattern learning 
whereas the low frequency components play less important 
role.  

Next, a VGG network is implemented. All the Conv 
layers are 3x3. There are 2 Conv-64 layers, 2 Conv-128 
layers, 2 Conv-256 layers, 3 Conv-512 layers and 2 FC 
layers with 2048 neurons per FC layer (not counting the 
classifier). However, for pooling, some literatures such as 
[27] propose that pooling along time degrades ASR 
performance. Thus, in one experiment, the temporal 
pooling was conducted only after the Conv-256 and Conv-
512 layers, and in another experiment, the temporal pooling 
was performed after all consecutive Conv layers, as in the 
original VGG network [8]. In both experiments, the 
frequency pooling was conducted after all consecutive 
Conv layers. Batch normalization was performed before 
every RELU layer. The window size was fixed at 31 frames, 
since varying the window size did not bring significant 
impacts. The initial learning rate was 0.001 and the learning 
rate schedule was the same as in other network training. 
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Figure 9: TF planes (left) and saliency maps (right) for the vowel 
“ay” (top) and the consonant “dh” (bottom). 
 

Table 4 shows the test set recognition accuracy for the 
VGG network. It can be seen that using temporal pooling 
only in higher layers provides slightly better result. 
 
Table 4: VGG network recognition accuracy with different 
temporal pooling positions. 

Temporal pooling position Phone accuracy (%) 
After Conv-256 and Conv-512 81.7 

After all Conv layers 81.2 
 

Finally, the LSTM and BLSTM were implemented. 
Table 5 shows their performance varying with the depth and 
the hidden size. For BLSTM, the hidden size refers to the 
number of hidden cells per direction, and for LSTM, it 
means the hidden size per layer. Each batch contains 4 
sentences, and the learning rate was initialized at 0.0005, 
with the same scheduling as in other network training. 

As expected, BLSTM performs better than LSTM. For 
both network, the recognition accuracy increases as the 
hidden size gets larger and as the network becomes deeper. 
 

Table 5: LSTM/BLSTM phone accuracy results. 
Number of 

layers 
Hidden size LSTM Phone 

accuracy (%) 
BLSTM 
Phone 

accuracy (%) 
1 256 74.4 75.3 
1 512 77.1 77.0 
1 1024 77.6 77.9 
2 256 78.2 79.1 
2 512 79.6 80.0 

2 1024 79.6 80.6 
3 256 78.3 79.6 
3 512 80.6 80.5 
3 1024 80.8 80.8 
4 256 79.2 80.7 
4 512 80.4 81.3 
4 1024 80.5 81.7 

3.3. Results and analysis for reverberant data 

Deep models not only improve the recognition accuracy 
for clean data, they also achieve better results when the data 
is corrupted. In this section, all the TIMIT data was 
reverberated as if the speakers were in a large room and 
were far away from the microphone. The reverberation 
effects were created using the tool SOX [28]. The previous 
experiments were repeated to test various effects for 
reverberant data. All the model structures and learning rules 
were identical as in the clean data cases. 

Table 6 shows the results using HMM-DNN vs. HMM-
GMM. Not surprisingly, the DNN substantially 
outperforms the GMM. 
 
Table 6: Phone recognition accuracy for reverberant speech using 
HMM-GMM and HMM-DNN. 

Acoustic model Phone accuracy (%) 
HMM-GMM 57.2 
HMM-DNN 71.9 

 
Table 6 shows the results using HMM-DNN vs. HMM-

GMM. Not surprisingly, the DNN substantially 
outperforms the GMM. 

Next, Table 7 and 8 lists the results for ResNet and VGG 
network. From Table 7, it can be observed that as the 
ResNet gets deeper, better recognition accuracy is 
achieved. From both Table 7 and 8, using large context 
window significantly increases the recognition accuracy. 
These results show that deeper CNNs with larger input size 
are more powerful at learning invariant local patterns from 
corrupted speech. 
 

Table 7: ResNet phone accuracy for reverberant data. 
Window size Network depth Phone accuracy (%) 

17 frames 17 layers 73.3 
17 frames 33 layers 73.3 
31frames 17 layers 74.4 
31frames 33 layers 75.2 
41frames 17 layers 74.3 
41frames 33 layers 75.5 

 
Table 8: VGG network phone accuracy for reverberant data with 
different context window size. These results use temporal pooling 
only after the Conv-256 and Conv-512 layers. 

Window size Phone accuracy (%) 
17 frames 73.1 
31frames 75.6 
41frames 75.4 
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Table 9 compares the effect of the temporal pooling positions 
for the VGG network. The window size was fixed at 31 frames. It 
can be seen that for reverberant data, using temporal pooling only 
in higher layers provides obviously better result. 
 
Table 9: VGG network recognition accuracy with different 
temporal pooling positions for reverberant speech. 

Temporal pooling position Phone accuracy (%) 
After Conv-256 and Conv-512 75.6 

After all Conv layers 74.4 
 

Finally, LSTM with 3 layers and 1024 cells per layer achieved 
73.7% phone accuracy, and BLSTM with 4 layers and 1024 cells 
per direction obtained 74.9% phone accuracy for the reverberant 
speech.  

4. Large vocabulary ASR experiments 
A large database was collected by the author’s company 

for training their ASR products. This database contains 
natural conversational telephone speech made in life 
environments. The training set has about 600 hours of data, 
39000 speakers, out of which 5% was randomly chosen as 
the validation set. The test set has 361 speakers. For large 
vocabulary ASR tasks, state-of-the-art systems use context-
dependent triphone HMMs, instead of monophone HMMs, 
and the triphone HMM states are tied according to their 
acoustic similarity using a decision tree method proposed 
in [29]. As a result, 3797 triphone HMM states were 
generated for DNN, CNN and LSTM targets. The DNN 
structure was identical to the ones in the TIMIT 
experiments. The context window size for the ResNet and 
VGG is 31 frames. The VGG temporal pooling was only 
conducted after the top 2 Conv layers. The LSTM and 
BLSTM have 4 hidden layers, with 512 cells in each 
layer/direction. At test time, a bigram language model was 
used for decoding. Table 10 summarizes the word 
accuracies using different acoustic models, and similar 
conclusions can be drawn as in the TIMIT cases. 
 
Table 10: Word accuracy obtained by different deep models for a 
large vocabulary ASR task. 

Acoustic model Word accuracy (%) 
HMM-GMM 69.7 
HMM-DNN 75.4 
HMM-VGG 79.6 

HMM-ResNet17 81.5 
HMM-ResNet33 82.1 

HMM-LSTM 81.4 
HMM-BLSTM 82.3 

5. Conclusions and future work 
This work extensively implemented a wide range of deep 

models for various ASR tasks. Also, this work covers 
almost all the knowledge presented by the course CS231n, 
including generative model (HMM-GMM), DNNs, two 
state-of-the-art CNNs originated from compute vision: 

VGG and ResNet, and sequence models LSTM/BLSTM. In 
addition to evaluating the recognition accuracy, two model 
visualization techniques were also employed: t-SNE and 
saliency maps. It’s of great value for the author, who is an 
ASR researcher, to implement and gain insights into these 
cutting edge acoustic models, and it’s extremely interesting 
to visualize and interpret speech data from a computer 
vision perspective. 

There are several research topics to proceed with in 
future work. First is the connectionist temporal 
classification (CTC) model [30], which has the same 
structure as BLSTM, but has different loss function. In the 
current work, all the model targets are obtained by a seed 
HMM-GMM by forced alignment. CTC does not require 
HMM at all. Instead, it learns a probabilistic phone 
alignment by considering the probability of all the possible 
frame level phone sequences. Thus, CTC has very elegant 
and concise structure than the hybrid model studied in this 
work, and more importantly, CTC maximizes the sequence 
level probability of the phone transcription, rather than the 
frame level probability. Second direction is to combine 
CNN and LSTM to fully make use of their advantages 
jointly, learning local patterns as well as long term context 
dependencies. A tentative idea is to use the last layer CNN 
features as inputs to a LSTM and jointly train the CNN and 
LSTM. Finally, in addition to improving the acoustic 
model, LSTM can be used to improve the language model, 
which is equally important as the acoustic model for ASR. 
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