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Deep	Neural	Nets	for	Acoustic	Models
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RNN	for Acoustic Modelling

• RNN	can be used in	speech recognition
• Speech	signal Sequence of features

• RNN	has shown to improve the ASR	performance
– Graves	et	al,	2013	
– Now,	it belongs to one of the state-of-the-art	techniques
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RNN	for Acoustic Modelling
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Fig. 1. Long Short-term Memory Cell

Fig. 2. Bidirectional RNN

cell activation vectors, all of which are the same size as the
hidden vector h. The weight matrices from the cell to gate
vectors (e.g. W

si

) are diagonal, so element m in each gate
vector only receives input from element m of the cell vector.

One shortcoming of conventional RNNs is that they are
only able to make use of previous context. In speech recog-
nition, where whole utterances are transcribed at once, there
is no reason not to exploit future context as well. Bidirec-
tional RNNs (BRNNs) [15] do this by processing the data in
both directions with two separate hidden layers, which are
then fed forwards to the same output layer. As illustrated in
Fig. 2, a BRNN computes the forward hidden sequence
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the backward hidden sequence
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h and the output sequence y

by iterating the backward layer from t = T to 1, the forward
layer from t = 1 to T and then updating the output layer:
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Combing BRNNs with LSTM gives bidirectional LSTM [16],
which can access long-range context in both input directions.

A crucial element of the recent success of hybrid HMM-
neural network systems is the use of deep architectures, which
are able to build up progressively higher level representations
of acoustic data. Deep RNNs can be created by stacking mul-
tiple RNN hidden layers on top of each other, with the out-
put sequence of one layer forming the input sequence for the
next. Assuming the same hidden layer function is used for
all N layers in the stack, the hidden vector sequences hn are
iteratively computed from n = 1 to N and t = 1 to T :
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where we define h

0
= x. The network outputs y
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Deep bidirectional RNNs can be implemented by replacing
each hidden sequence h

n with the forward and backward se-
quences

�!
h

n and
 �
h

n, and ensuring that every hidden layer
receives input from both the forward and backward layers at
the level below. If LSTM is used for the hidden layers we get
deep bidirectional LSTM, the main architecture used in this
paper. As far as we are aware this is the first time deep LSTM
has been applied to speech recognition, and we find that it
yields a dramatic improvement over single-layer LSTM.

3. NETWORK TRAINING

We focus on end-to-end training, where RNNs learn to map
directly from acoustic to phonetic sequences. One advantage
of this approach is that it removes the need for a predefined
(and error-prone) alignment to create the training targets. The
first step is to to use the network outputs to parameterise a
differentiable distribution Pr(y|x) over all possible phonetic
output sequences y given an acoustic input sequence x. The
log-probability log Pr(z|x) of the target output sequence z

can then be differentiated with respect to the network weights
using backpropagation through time [17], and the whole sys-
tem can be optimised with gradient descent. We now describe
two ways to define the output distribution and hence train the
network. We refer throughout to the length of x as T , the
length of z as U , and the number of possible phonemes as K.

3.1. Connectionist Temporal Classification

The first method, known as Connectionist Temporal Classi-
fication (CTC) [8, 9], uses a softmax layer to define a sepa-
rate output distribution Pr(k|t) at every step t along the in-
put sequence. This distribution covers the K phonemes plus
an extra blank symbol ? which represents a non-output (the
softmax layer is therefore size K + 1). Intuitively the net-
work decides whether to emit any label, or no label, at every
timestep. Taken together these decisions define a distribu-
tion over alignments between the input and target sequences.
CTC then uses a forward-backward algorithm to sum over all



Google	Home	Acoustic	Modelling

• Google	Home	uses	RNN-LSTM,	2017
• Trained	with	18k	hours	of	speech	data
• 4	LSTM	layers	with	1024	cells
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using asynchronous stochastic gradient descent (ASGD) opti-
mization [20].

7. Results
7.1. fCLP

Our first set of experiments compare lmel and fCLP methods.
For these experiments, 832 cells/layer were used in the time
LSTM as the experiments ran quicker. First, Table 1 shows that
the fCLP,WS method outperforms the fCLP,AR method, show-
ing that it is beneficial to give more freedom to each look di-
rection with the WS method. In addition, the factored CLP,WS
layer gives up to 7% relative improvement over the log-mel sys-
tem. While our previous result had shown the benefit of the
fCLP layer over log-mel for simulated data [6], the table con-
firms the benefits on the rerecorded data as well. The remainder
of the experiments will be conduced with the fCLP,WS layer,
and for simplicity it will be referred to as fCLP.

Model clean simulated rerecorded rerecorded
noisy noisy

lmel 12.5 20.0 20.0 32.8
fCLP, AR 12.7 19.1 21.5 32.9
fCLP, WS 12.3 18.6 20.2 31.6

Table 1: WER of fCLP.

7.2. GridLSTM

We further add in the bidirectional Grid-LSTM layer for better
modeling of the time-frequency correlation of speech signals.
We used 128D LSTM cell states to track the changes across time
and frequency separately. For the frequency processing, filters
of size 16 and stride 16 are used. This configuration was found
to work well. Again, 832 cells/layers are used for the LSTM
and no WPE is used in these experiments. From Table 2, Grid-
LSTM layer consistently improves the recognition performance
across all the test sets. Especially for the noisy sets, a relative
7-11% WER reduction are obtained.

Model clean simulated rerecorded rerecorded
noisy noisy

w/o 12.3 18.6 20.2 31.6
w 11.4 16.6 18.3 28.9

Table 2: WER of the recognition system with (w) and with-
out (w/o) Grid-LSTM layer in between the fCLP layer and the
LDNN stack.

7.3. WPE

Table 3 shows the performance with and without dereverbera-
tion for the fCLP. For speed purposes, these experiments were
conducted without a Grid-LSTM layer, and with 1,024 LSTM
cells states. For both training and evaluation, N = 10 taps have
been applied for each frequency bin. This value proved to be a
good balance between complexity and performance. The delay
� used was 2 frames and the forgetting factor ↵ is set to 0.9999.
The tap values are all initialized to zero at the beginning of each
new utterance.

The largest relative improvement, about 7%, is obtained on
the rerecorded noisy dataset. A possible reason for this is that

Model clean simulated rerecorded rerecorded
noisy noisy

No Drvb 11.7 18.2 20.5 32.2
With Drvb 11.7 17.5 19.7 30.1

Table 3: WER Impact of Derverberation.

not only is there benefit from the dereverberation, but the dere-
verberation allows the implicit beamforming performed by the
neural network to better suppress the noise. Also, examining
the performance in the clean environment shows that there is
no negative impact in the absence of reverberation and noise.

7.4. Adaptation

In this section, we combined WPE, fCLP and Grid-LSTM mod-
ules, and report results after sequence training. Rather than re-
porting results on the “rerecorded” sets, which were more for
our understanding that different modules were working prop-
erly, we now report performance on the Google Home test set,
which is representative of real world traffic. The first two rows
in Table 4 show that the proposed system offers a 16% relative
improvement compared to the existing log-mel LSTM produc-
tion system. The major win comes in noisy environments, es-
pecially in speech background noise (26% WERR) and music
noise (18% WERR) where we would expect beamforming and
the Grid-LSTM to help more.

Next, we further adapt the proposed model by continuing
sequence training with the 4,000 hours real traffic training set.
The third row of Table 4 shows that adaptation gives an addi-
tional 4% relative improvement. Overall, the proposed techni-
cal and system advances provide approximately a 8-28% rela-
tive improvement over the production system.

Model Full Clean Noise Type
Speech Music Other

prod 6.1 5.1 8.5 6.2 6.0
home 5.1 4.9 6.3 5.1 5.0

home(adapt) 4.9 4.7 6.1 4.9 4.8

Table 4: WER on Google Home test set.

8. Conclusions
In this paper, we described the various aspects of the Google
Home multichannel speech recognition system. Technical
achievements include a WPE to perform dereverberation, fCLP
to perform beamforming jointly with acoustic modeling, and a
Grid-LSTM to model frequency variations. In addition, we also
presented results by adapting the model based on data from real
traffic. Overall, we are able to achieve a 8-28% relative reduc-
tion in WER compared to the current production system.



Recap:	Word	Embeddings
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Word	Embeddings

• Another way was	proposed by Mikolov et	al,	(2013)
• https://code.google.com/p/word2vec/	
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Word	Embeddings

• Linear	relations between words:
– v(king)	– v(queen)							v(man)	– v(woman)
– v(japan)	– v(tokio)						v(germany)	– v(berlin)
– v(italy)	– v(wine)						v(germany)	– v(?)
– v(japan)	– v(sushi)							v(germany)	– v(?)

• It can be used to solve analogy tasks
– Rome :	Italy Berlin	:	?
– Compute v(Berlin)	– v(Rome)	+ v(Italy)		
– Find	the closest vector
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RNN	for POS	Tagging
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V(‚Tom‘) V(‚saw‘) V(‚the‘) V(‚plant‘)

PN D NV



RNN	for Slot	filling
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V(‚from‘) V(‚Munich‘) V(‚to‘) V(‚Tokyo‘)

OTHER OTHER DESTDEPART

• e.g.	A ticket	from Munich to Tokyo	please



RNN	for Language	Modelling

• Training	data:	‚It is a	great day‘
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RNN	for Sentiment	Analysis

• Input	is a	sentence
• Output	is positive,	negative	or neutral
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V(‚This‘) V(‚movie‘) V(‚is‘) V(‚good‘)



RNN	for Machine Translation

• Input	is a	sentence in	the source language
• Output	is also	a	sentence but	in	the target language
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V(‚Happy‘) V(‚birthday‘) V(<s>)

‚Alles‘ ‚Gute‘ ‚zum‘



RNN	for Chit-chat	Dialog	Modelling

• Input	is fed to the source side
• Output	of the system in	the target side
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V(‚How‘) V(‚are‘) V(‚you‘)

‚I‘m‘ ‚fine‘

V(‚<s>‘)



Chatbot-style	Systems

• Examples:
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Chatbot-style	Systems

• Examples:
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A Neural Conversational Model

Machine: is it a windows machine ?
Machine: we have linux on your machine .
Machine: is it windows xp or windows 7 ?
Human: i am using linux
Machine: let me take a remote of your machine
and check if issue has been pushed properly .
Human: ok
Machine: please open terminal and run the be-
low commands in one computer :
Machine: sudo apt - get update
Machine: sudo apt - get upgrade
Machine: sudo <COMMAND> - updater
Human: done
Machine: let me try connecting now
Human: ok
Machine: its done
Machine: should use the second or hit run on
the background
Human: done
Machine: try signing out now and follow the
prompts as per the message given above
Machine: shd i reboot the machine .
Human: ok , please go ahead
Machine: once its completed please try to login
.
Human: sure
Machine: please ping me back once you have
tried to login
Machine: are we still connected
Human: i now logged in
Machine: thanks for your confirmation
Human: what should i do now ?
Machine: wait for 1 5 minutes to complete the
login policy
Machine: and then try logging in
Human: ok
Machine: is there anything else to help you ?
Human: let my try browsing a little bit and if it
keeps crashing i will let you know
Machine: sure will do
Machine: seems the mail is not loading
Machine: are we still connected to the chat ?
Machine: <reinvite>
Human: it seems good now , cool , thank you ,
bye
Machine: you , too
Machine: bye

Conversation 3: Password issues.

Describe your problem: i forgot my password
Machine: hi , this is <NAME> from helpdesk
connect , what can i help you with today ?
Human: hi , i forgot my password

Machine: ok great
Human: can you tell me how i can recover it ?
Machine: i ’ ll need to verify who it is at that
machine
Machine: can we do a hangout
Machine: ?
Human: yes
Machine: <anonymized hangout instructions
and verifications>
Human: cool , i am good now
Machine: how ’ s this looking good ?
Machine: i ’ ll go ahead and close this chat .
Machine: take care . : )
Human: bye
Machine: bye .

5.2. OpenSubtitles experiments

In this experiment, we trained a two-layered LSTM using
AdaGrad with gradient clipping. Each layer of the LSTM
has 4096 memory cells, and we built a vocabulary consist-
ing of the most frequent 100K words. To speed up the soft-
max, we project the memory cells to 2048 linear units be-
fore feeding the information to the classifier.

At convergence the perplexity of the recurrent model on the
validation set is 17. Our smoothed 5-gram model achieves
a perplexity of 28. Interestingly, adding the soft atten-
tion mechanism of (Bahdanau et al., 2014) did not signifi-
cantly improve the perplexity on neither training or valida-
tion sets.

5.2.1. MODEL SAMPLES

In addition to the perplexity measure, our simple recur-
rent model does often produce plausible answers. Here
are a few sample question-answer pairs that allowed us to
understand the capabilities of the model when trained on
the noisy but large dataset of OpenSubtitles from movies.
Again, in these conversations,Machine is our Neural Con-
versationalModel, andHuman the human actor interacting
with it.

Conversation 1: Basic

Human: hello !
Machine: hello !
Human: how are you ?
Machine: i ’m good .
Human: what ’s your name ?
Machine: i ’m julia .
Human: when were you born ?
Machine: july 20th .
Human: what year were you born ?
Machine: 1977 .
Human: where are you from ?

A Neural Conversational Model

Machine: i ’m out in the boonies.
Human: are you a man or a woman ?
Machine: i ’m a woman .
Human: why are we here ?
Machine: i ’m not sure .
Human: okay, bye !
Machine: bye .
Human: see you later .
Machine: bye .

Conversation 2: Simple Q&A (contexts and multiple
choice)

Human: my name is david . what is my name ?
Machine: david .
Human: my name is john . what is my name ?
Machine: john .
Human: are you a leader or a follower ?
Machine: i ’m a leader .
Human: are you a follower or a leader ?
Machine: i ’m a leader .

Conversation 3: General knowledge Q&A

Human: who is skywalker ?
Machine: he is a hero .
Human: who is bill clinton ?
Machine: he ’s a billionaire .
Human: is sky blue or black ?
Machine: blue .
Human: does a cat have a tail ?
Machine: yes .
Human: does a cat have a wing ?
Machine: no
Human: can a cat fly ?
Machine: no .
Human: how many legs does a cat have ?
Machine: four , i think .
Human: how many legs does a spider have ?
Machine: three , i think .
Human: how many legs does a centipede have ?
Machine: eight .
Human: what is the color of the sky ?
Machine: blue .
Human: what is the color of water ?
Machine: water .
Human: what is the color of blood ?
Machine: it is the same as a black eye .
Human: what is the usual color of a leaf ?
Machine: it is a green one .
Human: what is the color of a yellow car ?
Machine: yellow .
Human: how much is two plus two ?
Machine: four .

Human: how much is ten minus two ?
Machine: seventy - two .

Conversation 4: Philosophical Q&A

Human: what is the purpose of life ?
Machine: to serve the greater good .
Human: what is the purpose of living ?
Machine: to live forever .
Human: what is the purpose of existence ?
Machine: to find out what happens when we get
to the planet earth .
Human: where are you now ?
Machine: i ’m in the middle of nowhere .
Human: what is the purpose of dying ?
Machine: to have a life .
Human: what is the purpose of being intelligent
?
Machine: to find out what it is .
Human: what is the purpose of emotions ?
Machine: i don ’t know .

Conversation 5: Morality

Human: what is moral ?
Machine: what empowered humanity , what in-
tellectual the essence is .
Human: what is immoral ?
Machine: the fact that you have a child .
Human: what is morality ?
Machine: what is altruism ?
Human: what is the definition of altruism ?
Machine: if you don ’t believe in god , then you
don ’t know .
Human: ok ... so what is the definition of moral-
ity ?
Machine: well , the truth is , you ’re not a be-
liever in god almighty .
Human: tell me the definition of morality , i am
quite upset now !
Machine: i ’m not ashamed of being a philoso-
pher !
Human: tell me the definition of morality .
Machine: i don ’t have ethics .
Human: look , i need help , i need to know more
about morality ...
Machine: i don ’t know what ethics is .
Human: seriously , what is morality ?
Machine: what is the definition of living ?
Human: why living has anything to do with
morality ?
Machine: you ’re not a cop .
Human: okay , i need to know how should i be-
have morally ...



Thanks	for	listening!
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