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Local phonetic scores and sequence modelling
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Compute state observation scores (acoustic-frame,
phone-model) – this does the detailed matching at the
frame-level

Chain observation scores together in a sequence – HMM
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Phonetic scores

Task: given an input acoustic frame, output a score for each phone
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/zh/  .15
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(at time t)
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(at time t)
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Phone state scores

Output a score for each phone state

Acoustic frame
(at time t)

Phonetic state 
scores

(at time t)
f(xt)

xt

aa_1  .01

aa_2  .03

aa_3  .01

ao_1  .04

…

b_1  .67

b_2  .06

…

zh_3  .15

ASR Lecture 10 Neural Network Acoustic Models 1: Introduction 4



Phonetic scores

Compute the phonetic scores using a single layer neural network
(linear regression!)
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Each output computes its score
as a weighted sum of the current inputs

…
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Phonetic scores

Compute the phonetic scores using a single layer neural network

Write the estimated phonetic scores as a vector
f = (f1, f2, . . . , fJ)

Then if the acoustic frame at time t is x t = (x1, x2, . . . , xD):

fj = wj1x1 + wj2x2 + . . .+ wjDxD + bj =
D∑

d=1

wjdxd + bj

f = Wx + b

where we call W the weight matrix, and b the bias vector.

Check your understanding:
What are the dimensions of W and b?
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Error function

How do we learn the parameters W and b?

Minimise an Error Function: Define a function which is 0
when the output f (x t) equals the target output r(t) for all t

Target output: for phone classification the target output
corresponds to the phone label for each frame

Mean square error: define the error function E as the mean
square difference between output and the target:

E =
1

2
· 1

T

T∑

t=1

||f (x t)− r(t)||2

where there are T frames of training data in total
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Notes on the error function

f is a function of the acoustic data x and the weights and
biases of the network (W and b)

This means that as well as depending on the training data (x
and r), E is also a function of the weights and biases, since it
is a function of f
We want to minimise the error function given a fixed training
set: we must set W and b to minimise E

Weight space: given the training set we can imagine a space
where every possible value of W and b results in a specific
value of E . We want to find the minimum of E in this weight
space.

Gradient descent: find the minimum iteratively – given a
current point in weight space find the direction of steepest
descent, and change W and b to move in that direction
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Gradient Descent

Iterative update – after seeing some training data, adjust the
weights and biases to reduce the error. Repeat.

To update a parameter so as to reduce the error, move
downhill in the direction of steepest descent. Thus to train a
network compute the gradient of the error with respect to the
weights and biases:

∂E

∂w
=




∂E
∂w10

· ∂E
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. . .
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. . .
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∂wJD
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(
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∂b1

· ∂E
∂bj

· ∂E
∂bJ

)
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Stochastic Gradient Descent Procedure

1 Initialise weights and biases with small random numbers

2 Randomise the order of training data examples
3 For each epoch (complete batch of training data)

Take a minibatch of training examples (eg 128 examples), and
for all examples

Forward: compute the network outputs f
Backprop: compute the gradients and accumulate ∂E/∂w for
the minibatch
Update the weights and biases using the accumulated
gradients and the learning rate hyperparameter η:
w = w − η∂E/∂w

Terminate either after a fixed number of epochs, or when the error
stops decreasing by more than a threshold.
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Gradient in SLN

How do we compute the gradients ∂E t

∂wjd
and ∂E t

∂bj
?

E t =
1

2

K∑

j=1

(f tj − r tj )2 =
1

2

J∑

j=1

(
D∑

d=1

(wjdx
t
d + bj)− r tj

)2

∂E t

∂wji
= (f tj − r tj )x ti = g t

j x
t
i g t

j = f tj − r tj

Update rule: Update a weight wjd using the gradient of the error
with respect to that weight: the product of the difference between
the actual and target outputs for an example (f tj − r tj ) and the
value of the unit at the input to the weight (xd).

Check your understanding: Show that the gradient for the bias is

∂E t

∂bj
= g t

j
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Applying gradient descent to a single-layer network

x1 x2 x3 x4 x5

f2 =
5X

d=1

w2dxd

w24

�w24 =
X

t

(f t
2 � rt

2)x
t
4
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Softmax

Our network that predicts phonetic scores is a classifier – at
training time each frame of data has a correct label (target
output of 1), other labels have a target output of 0

At test time the the network produces real-valued outputs
which we can interpret as the probability of the jth label given
the input frame x t , P(qt = j |x t)

We can design an output layer which forces the output values
to act like probabilities

Each output will be between 0 and 1
The K outputs will sum to 1

A way to do this is using the Softmax activation function:

yj =
exp(aj)∑K

k=1 exp(ak)
aj =

D∑

d=1

wjdxd + bj
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Cross-entropy error function

Since we are interpreting the network outputs as probabilities,
we can write an error function for the network which aims to
maximise the log probability of the correct label.

If r tj is the 1/0 target of the the jth label for the tth frame,
and y tj is the network output, then the cross-entropy (CE)
error function is:

E t = −
J∑

j=1

r tj ln y tj

Note that if the targets are 1/0 then the only the term
corresponding to the correct label is non-zero in this
summation.

ASR Lecture 10 Neural Network Acoustic Models 1: Introduction 14



Cross entropy and softmax

A neat thing about softmax: if we train with cross-entropy
error function, we get a simple form for the gradients of the
output weights:

∂E t

∂wjd
= (y tj − r tj )
︸ ︷︷ ︸

x td

In statistics this is called logistic regression

Check your understanding:
Why does the cross-entropy error function correspond to
maximising the log probability of the correct label?
Why does the softmax output function ensure the set of
outputs for a frame sums to 1?
Why are the target labels either 1 or 0? Why does only one
target label per frame take the value 1?
Why are the network outputs real numbers and not binary
(1/0)?
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Extending the model: Acoustic context

Use multiple frames of acoustic context

/aa/  .01

/ae/  .03

/ax/  .01

/ao/  .04

/b/   .09

/ch/  .67

/d/  .06

…

/zh/  .15

/aa/  .11

/ae/  .09

/ax/  .04

/ao/  .04

/b/   .01

…

/i/  .65

…

/zh/  .01

Acoustic input
xt with +/-3 frames 

of context
Phonetic Scores

(at time t)
f(t)

xt-2xt-3 xt-1 xt xt+1 xt+2 xt+3
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Extending the model: Hidden layers

Single layer networks have limited computational power –
each output unit is trained to match a spectrogram directly (a
kind of discriminative template matching)

But there is a lot of variation in speech (as previously
discussed) – rate, coarticulation, speaker characteristics,
acoustic environment

Introduce an intermediate feature representation – layers of
“hidden units” – more robust than template matching

Can have multiple hidden layers to learn successively more
abstract representations – deep neural networks (DNNs)
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Hidden Units

/aa/  .01

/ae/  .03

/ax/  .01

/ao/  .04

/b/   .09

/ch/  .67

/d/  .06

…
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/ae/  .09
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/ao/  .04
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…
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…
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xt-2

xt-3

xt-1

xt

xt+1

xt+2

xt+3
h(t)

hk = σ

(
D∑

d=1

vkdxd + bk

)
yj = softmax

(
K∑

k=1

wjkhk + bj

)
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Sigmoid function

4 2 0 2 4

0.0

0.2

0.4

0.6

0.8

1.0

σ(x) =
1

1 + e−x

Derivative: σ′(x) =
d

dx
σ(x) =

e−x

(1 + e−x)2
= σ(x)(1− σ(x))
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Rectified Linear Unit – ReLU

4 2 0 2 4

0

1

2

3

4

5

relu(x) = max(0, x)

Derivative: relu′(x) =
d

dx
relu(x) =

{
0 if x ≤ 0

1 if x > 0
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Training deep networks: Backprop and gradient descent

Hidden units make training the weights more complicated,
since each hidden units affects the error function indirectly via
all the output units

The credit assignment problem: what is the “error” of a
hidden unit? how important is input-hidden weight vkd to
output unit j?

Solution: back-propagate the gradients through the network –
the gradient for a hidden unit output with respect to the error
can be computed as the weighted sum of the deltas of the
connected output units. (Propagate the g values backwards
through the network)

The back-propagation of error (backprop) algorithm thus
provides way to propagate the error graidents through a deep
network to allow gradient descent training to be performed
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Training DNNs using backprop
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<latexit sha1_base64="j8lKIrHghgS9cBCU5BcqkJj3oAA=">AAAB6nicdVDLSsNAFL2pr1pfVZduBovgKiQ1tnVXcCOuKtoHtKFMppN06OTBzEQooZ/gxoUibv0id/6Nk7aCih64cDjnXu69x0s4k8qyPozCyura+kZxs7S1vbO7V94/6Mg4FYS2Scxj0fOwpJxFtK2Y4rSXCIpDj9OuN7nM/e49FZLF0Z2aJtQNcRAxnxGstHQbDK+H5YplXjRqVaeGLNOy6nbVzkm17pw5yNZKjgos0RqW3wejmKQhjRThWMq+bSXKzbBQjHA6Kw1SSRNMJjigfU0jHFLpZvNTZ+hEKyPkx0JXpNBc/T6R4VDKaejpzhCrsfzt5eJfXj9VfsPNWJSkikZkschPOVIxyv9GIyYoUXyqCSaC6VsRGWOBidLplHQIX5+i/0mnatqOeX7jVJrOMo4iHMExnIINdWjCFbSgDQQCeIAneDa48Wi8GK+L1oKxnDmEHzDePgF2H43k</latexit>
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<latexit sha1_base64="Med/A9v31W3vUvHHSVr+JdlmIas="></latexit>
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<latexit sha1_base64="qcKss9k80ptZpYjT4ZL1PFJ6Zb0=">AAACHHicdVDLSsNAFJ3UV62vqEs3g0Wom5JoRTdCQQSXFewDmhgmk0k7dPJgZlIsIR/ixl9x40IRNy4E/8ZJW7G+Dlw4nHMv997jxowKaRjvWmFufmFxqbhcWlldW9/QN7daIko4Jk0csYh3XCQIoyFpSioZ6cScoMBlpO0OznK/PSRc0Ci8kqOY2AHqhdSnGEklOfqh5XOEUytGXFLE4Hn2xYdOOvCyDJ7C3nVaMfczZwBvHA86etmsGmNA4xf5tMpgioajv1pehJOAhBIzJETXNGJpp/kazEhWshJBYoQHqEe6ioYoIMJOx89lcE8pHvQjriqUcKzOTqQoEGIUuKozQLIvfnq5+JfXTaR/Yqc0jBNJQjxZ5CcMygjmSUGPcoIlGymCMKfqVoj7SKUlVZ6l2RD+J62DqlmrHl3WyvXaNI4i2AG7oAJMcAzq4AI0QBNgcAvuwSN40u60B+1Ze5m0FrTpzDb4Bu3tAwxIoUA=</latexit>
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Multiple hidden layers

Outputs
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1 g

(3)
j g

(3)
J

Hidden

Hidden

y1

<latexit sha1_base64="9pjORbe/prqAMmmebKIc15Grw7w=">AAAB6nicbVBNS8NAEJ34WetX1aOXxSJ4KolU9Fjw4rGi/YA2lM120y7dbMLuRAihP8GLB0W8+ou8+W/ctjlo64OBx3szzMwLEikMuu63s7a+sbm1Xdop7+7tHxxWjo7bJk414y0Wy1h3A2q4FIq3UKDk3URzGgWSd4LJ7czvPHFtRKweMUu4H9GREqFgFK30kA28QaXq1tw5yCrxClKFAs1B5as/jFkacYVMUmN6npugn1ONgkk+LfdTwxPKJnTEe5YqGnHj5/NTp+TcKkMSxtqWQjJXf0/kNDImiwLbGVEcm2VvJv7n9VIMb/xcqCRFrthiUZhKgjGZ/U2GQnOGMrOEMi3srYSNqaYMbTplG4K3/PIqaV/WvHrt6r5ebdSLOEpwCmdwAR5cQwPuoAktYDCCZ3iFN0c6L86787FoXXOKmRP4A+fzBwuYjZs=</latexit>
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<latexit sha1_base64="9oB75Tm/Qb3hZeMNtmFmZFsInuw=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoseCF48V7Qe0oWy203btZhN2N0II/QlePCji1V/kzX/jts1BWx8MPN6bYWZeEAuujet+O4W19Y3NreJ2aWd3b/+gfHjU0lGiGDZZJCLVCahGwSU2DTcCO7FCGgYC28HkZua3n1BpHskHk8boh3Qk+ZAzaqx0n/Yf++WKW3XnIKvEy0kFcjT65a/eIGJJiNIwQbXuem5s/Iwqw5nAaamXaIwpm9ARdi2VNETtZ/NTp+TMKgMyjJQtachc/T2R0VDrNAxsZ0jNWC97M/E/r5uY4bWfcRknBiVbLBomgpiIzP4mA66QGZFaQpni9lbCxlRRZmw6JRuCt/zyKmldVL1a9fKuVqnX8jiKcAKncA4eXEEdbqEBTWAwgmd4hTdHOC/Ou/OxaC04+cwx/IHz+QNh/I3U</latexit>
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<latexit sha1_base64="7smp5rgvKoAUCikTGCpGlDjCxPY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoseCF/FU0X5AG8pmu2mXbjZhdyKE0p/gxYMiXv1F3vw3btsctPXBwOO9GWbmBYkUBl332ymsrW9sbhW3Szu7e/sH5cOjlolTzXiTxTLWnYAaLoXiTRQoeSfRnEaB5O1gfDPz209cGxGrR8wS7kd0qEQoGEUrPWT9u3654lbdOcgq8XJSgRyNfvmrN4hZGnGFTFJjup6boD+hGgWTfFrqpYYnlI3pkHctVTTixp/MT52SM6sMSBhrWwrJXP09MaGRMVkU2M6I4sgsezPxP6+bYnjtT4RKUuSKLRaFqSQYk9nfZCA0ZygzSyjTwt5K2IhqytCmU7IheMsvr5LWRdWrVS/va5V6LY+jCCdwCufgwRXU4RYa0AQGQ3iGV3hzpPPivDsfi9aCk88cwx84nz8xfI20</latexit>
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<latexit sha1_base64="DK5HYi2akuuO3SbalU3GvRf7eYY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoseCF48V7Qe0oWw2k3bpZhN2N2Ip/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAqujet+O4W19Y3NreJ2aWd3b/+gfHjU0kmmGDZZIhLVCahGwSU2DTcCO6lCGgcC28HoZua3H1FpnsgHM07Rj+lA8ogzaqx0/9QP++WKW3XnIKvEy0kFcjT65a9emLAsRmmYoFp3PTc1/oQqw5nAaamXaUwpG9EBdi2VNEbtT+anTsmZVUISJcqWNGSu/p6Y0FjrcRzYzpiaoV72ZuJ/Xjcz0bU/4TLNDEq2WBRlgpiEzP4mIVfIjBhbQpni9lbChlRRZmw6JRuCt/zyKmldVL1a9fKuVqnX8jiKcAKncA4eXEEdbqEBTWAwgGd4hTdHOC/Ou/OxaC04+cwx/IHz+QNXXo3N</latexit>

g
(2)
1

<latexit sha1_base64="Wl7rEMYlgxUXp2p2GKpNqEKudVs=">AAAB8HicdVBNS8NAEJ34WetX1aOXxSLUS0liaOut4MVjBfshbSyb7bZdutmE3Y1QQn+FFw+KePXnePPfuGkrqOiDgcd7M8zMC2LOlLbtD2tldW19YzO3ld/e2d3bLxwctlSUSEKbJOKR7ARYUc4EbWqmOe3EkuIw4LQdTC4zv31PpWKRuNHTmPohHgk2ZARrI92O7tKSezbrO/1C0S5f1CquV0F22barjutkxK165x5yjJKhCEs0+oX33iAiSUiFJhwr1XXsWPsplpoRTmf5XqJojMkEj2jXUIFDqvx0fvAMnRplgIaRNCU0mqvfJ1IcKjUNA9MZYj1Wv71M/MvrJnpY81Mm4kRTQRaLhglHOkLZ92jAJCWaTw3BRDJzKyJjLDHRJqO8CeHrU/Q/abllx/Brr1j3lnHk4BhOoAQOVKEOV9CAJhAI4QGe4NmS1qP1Yr0uWles5cwR/ID19gkDNo/Y</latexit><latexit sha1_base64="Wl7rEMYlgxUXp2p2GKpNqEKudVs=">AAAB8HicdVBNS8NAEJ34WetX1aOXxSLUS0liaOut4MVjBfshbSyb7bZdutmE3Y1QQn+FFw+KePXnePPfuGkrqOiDgcd7M8zMC2LOlLbtD2tldW19YzO3ld/e2d3bLxwctlSUSEKbJOKR7ARYUc4EbWqmOe3EkuIw4LQdTC4zv31PpWKRuNHTmPohHgk2ZARrI92O7tKSezbrO/1C0S5f1CquV0F22barjutkxK165x5yjJKhCEs0+oX33iAiSUiFJhwr1XXsWPsplpoRTmf5XqJojMkEj2jXUIFDqvx0fvAMnRplgIaRNCU0mqvfJ1IcKjUNA9MZYj1Wv71M/MvrJnpY81Mm4kRTQRaLhglHOkLZ92jAJCWaTw3BRDJzKyJjLDHRJqO8CeHrU/Q/abllx/Brr1j3lnHk4BhOoAQOVKEOV9CAJhAI4QGe4NmS1qP1Yr0uWles5cwR/ID19gkDNo/Y</latexit><latexit sha1_base64="Wl7rEMYlgxUXp2p2GKpNqEKudVs=">AAAB8HicdVBNS8NAEJ34WetX1aOXxSLUS0liaOut4MVjBfshbSyb7bZdutmE3Y1QQn+FFw+KePXnePPfuGkrqOiDgcd7M8zMC2LOlLbtD2tldW19YzO3ld/e2d3bLxwctlSUSEKbJOKR7ARYUc4EbWqmOe3EkuIw4LQdTC4zv31PpWKRuNHTmPohHgk2ZARrI92O7tKSezbrO/1C0S5f1CquV0F22barjutkxK165x5yjJKhCEs0+oX33iAiSUiFJhwr1XXsWPsplpoRTmf5XqJojMkEj2jXUIFDqvx0fvAMnRplgIaRNCU0mqvfJ1IcKjUNA9MZYj1Wv71M/MvrJnpY81Mm4kRTQRaLhglHOkLZ92jAJCWaTw3BRDJzKyJjLDHRJqO8CeHrU/Q/abllx/Brr1j3lnHk4BhOoAQOVKEOV9CAJhAI4QGe4NmS1qP1Yr0uWles5cwR/ID19gkDNo/Y</latexit><latexit sha1_base64="Wl7rEMYlgxUXp2p2GKpNqEKudVs=">AAAB8HicdVBNS8NAEJ34WetX1aOXxSLUS0liaOut4MVjBfshbSyb7bZdutmE3Y1QQn+FFw+KePXnePPfuGkrqOiDgcd7M8zMC2LOlLbtD2tldW19YzO3ld/e2d3bLxwctlSUSEKbJOKR7ARYUc4EbWqmOe3EkuIw4LQdTC4zv31PpWKRuNHTmPohHgk2ZARrI92O7tKSezbrO/1C0S5f1CquV0F22barjutkxK165x5yjJKhCEs0+oX33iAiSUiFJhwr1XXsWPsplpoRTmf5XqJojMkEj2jXUIFDqvx0fvAMnRplgIaRNCU0mqvfJ1IcKjUNA9MZYj1Wv71M/MvrJnpY81Mm4kRTQRaLhglHOkLZ92jAJCWaTw3BRDJzKyJjLDHRJqO8CeHrU/Q/abllx/Brr1j3lnHk4BhOoAQOVKEOV9CAJhAI4QGe4NmS1qP1Yr0uWles5cwR/ID19gkDNo/Y</latexit> g
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<latexit sha1_base64="DK5HYi2akuuO3SbalU3GvRf7eYY=">AAAB6nicbVBNS8NAEJ3Ur1q/qh69LBbBU0mkoseCF48V7Qe0oWw2k3bpZhN2N2Ip/QlePCji1V/kzX/jts1BWx8MPN6bYWZekAqujet+O4W19Y3NreJ2aWd3b/+gfHjU0kmmGDZZIhLVCahGwSU2DTcCO6lCGgcC28HoZua3H1FpnsgHM07Rj+lA8ogzaqx0/9QP++WKW3XnIKvEy0kFcjT65a9emLAsRmmYoFp3PTc1/oQqw5nAaamXaUwpG9EBdi2VNEbtT+anTsmZVUISJcqWNGSu/p6Y0FjrcRzYzpiaoV72ZuJ/Xjcz0bU/4TLNDEq2WBRlgpiEzP4mIVfIjBhbQpni9lbChlRRZmw6JRuCt/zyKmldVL1a9fKuVqnX8jiKcAKncA4eXEEdbqEBTWAwgGd4hTdHOC/Ou/OxaC04+cwx/IHz+QNXXo3N</latexit>
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Simple neural network for phone classification

1 hidden layer

~1000 hidden units

~61 phone classes

9x39 MFCC inputs

… …

P(phone | x)

xt-4 xt-3 xt xt+4
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Interim conclusions

Neural networks using cross-entropy (CE) and softmax
outputs give us a way of assigning the probability of each
possible phonetic label for a given frame of data

Hidden layers provide a way for the system to learn
representations of the input data

All the weights and biases of a network may be trained by
gradient descent – back-propagation of error provides a way to
compute the gradients in a deep network

Acoustic context can be simply incorporated into such a
network by providing multiples frame of acoustic input

Introductory reading for neural networks:

Nielsen, Neural Networks and Deep Learning, (chapters 1, 2, 3)

http://neuralnetworksanddeeplearning.com

Jurafsky and Martin (draft 3rd edition), chapter 7 (secs 7.1 – 7.4)

https://web.stanford.edu/~jurafsky/slp3/7.pdf
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Next Lecture

From frames to sequences to word level transcription – hybrid
HMM/DNN

Modelling context dependence with neural network acoustic
models

Hybrid HMM/DNN systems in practice
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