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a) Provide a probabilistic interpretation for the network’s output and use this to justify
the form of the objective function. [20%)]

Answer

Let the probability that a person’s age is t* given the image of their face Z™ and the
network weights V, W be given by a Gaussian p(t(")Z™, V,W) = G(t™;z(", ¢2). In
this way, the output of the network :E(")(Z ) v, W) is the mean of the Gaussian and ¢°
is its variance. The probability of the dataset labels given the parameters is therefore:

N
p(DIV,W) = [ (™12, v, W)

n=1

- s (s e - <) O

n=1

Placing independent zero-mean Gaussian priors over the weights V;; and W;; with
variance 1/a and 1/ respectively, yields:

1 1
i Wle) = [Totwishotus) = T] g o0 (-3 W5 +62)) @
In this way we can interpret the objective function as relating to the probability of the
weight vector given the training data, p(W, V|D,a) = Wexp( G(V,W)).

b) Describe how to train the network’s convolutional weights W using gradient descent.
Compute the derivative required to implement gradient descent. Simplify your expres-
sion and interpret the terms. [40%)

Answer
The gradient descent algorithm operates as follows:
t. initialise the weights (e.g. using Gaussian noise with a small variance)

ii. compute the derivative of the objective function with respect to the convolutional
weights dG(IV)

aw;;
iii. step down the gradient W;; + W, ; ndcdgw) (7 is a user defined learning rate)

iv. loop to step (2) until AG(V, W) < tol

To compute the derivative we use backpropagation (aka the chain rule)

dG’ v, W) dz(m™ d,y(n) da(n) ‘
V W) = Z z dz™ dy(n) da (n) d“V R ﬁwfa,b- (3)
Wi 'vJ E

de

n=1 i,
where each of the terms are,

dG(V, W) dz®

1
= —(z™ ~ ) (4)
) 3(® , m
dztn a dy;;
dy? (n) dafy )
da (n) = ( ) dI’Va,b = Zi—a,j—b' (5)
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Combining the terms together yields

N
1
Wes = =3 2 (7 =) Y Vil @2 o+ AW (O
bt n=1 ij
So, the derivative is simply the sum over all datapoints of the error between the predicted
and true ages (a:(") — t(")) multiplied by the sensitivity of the network’s output on the
convolutional weights plus a linear weight decay term. The sensitivity is a convolutlon
between the product of the output weights and non-linearity derivative V; ; f’( ) and

the image flipped in the x and y directions Z(_':)_J
¢) Describe enhancements to the architecture of the network that might improve its ability

to estimate the age of a person from an image of their face. [40%]
Answer
Fhere are lots of possible ways of improving the architecture of the network.

i. A first enhancement would use additional sets of convolutional weights. Cur-
rently the method only uses one set and this means that it is only able to extract
a single feature (e.g. a specific oriented edge) to perform regression.

ii. A second enhancement, would use a pooling/subsampling stage after the non-
linear stage. This would pool over a local neighbourhood and pick e.g. the max
or average value. This will introduce shift invariance and reduce the number of
paraieters that ave required in the layers above.

iii. A third enhancement would be to use a neural network with ihany layers each of
which is structured as above. Together these enhancements lead to deep convolu-
tional neural networks.

The answer should describe these enhancements in detail which is bookwork.



