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Crib for 4F12 Computer Vision 2026

Version: MJ/3

Marking guidelines: words in blue are key words that should be mentioned
in long-form answers. Notes in magenta are guidelines to use when marking
the answer.

Question 3

a)
i)

11(1,1,1) :WO(I,O,O)I[SO,O) + Wél,O,l)IéO,l) + Wé1’0’2)1(()0’2)—|—
Wél,l,O)Iél,O) + Wél,l,l)lél,l) + Wé1,1,2)1(()1,2)+
Wél,2,0)lé270) + Wél,2,1)lé2,1) + W0(1,2,2)I(()2,2)

ii)
Need to mention at least 2 types of padding and how they work, and
the fact that it is a padding of 1

This is achieved by using padding of 1 on all sides, so that when the filter
is applied at the edges and corners of the image the padding provides values
for the missing pixels. There are three kinds of padding that are normally
used: constant value, reflect, and repeat. Constant value uses a provided
value for all missing pixels. Reflect reflects values over the edge. Repeat repeats
the edge value.

iii)
This filter will have a strong positive response on edges oriented at 45° degrees,
and a strong negative response on edges oriented at 135°.

b)

)

The response needs to highight the advantages of incorporating hu-

man expertise, and the disadvantage of limiting the space of what the

network can learn. Any valid scenario they describe is acceptible.
The advantage of using engineered features as input to a CNN is that it

allows human domain expertise to be provided for use by the CNN. For some

kinds of data, this may be necessary, as it does not suit itself well to processing

by the network, for example if the data contains identifiable information.
The downside is that if that if only engineered features are provided and not



the original data then the network cannot learn new features appropriate to the
problem but is limited by those that were engineered by the human operators.
Aside from the scenario already mentioned, some possible scenarios include:
data scarcity, data that is not recorded as floating point numbers, access to
hardware acceleration.

ii)
One possibility is that W7 is M x 3 x 3 x N and applied with no padding. This

is just one possibility though, for example it could be 5 x 5 and applied with
padding of 1.

iii)

The key concept to communicate here is that the convolutional layer
assembles low-level image features into a more semantically coherent
entity, and the pooling layer reduces the image dimensionality as the
semantic structure increases. The exact term used, e.g., parts, does
not matter provided they make their meaning clear.

The filter bank helps extract image features. The next step is to assemble
those features into parts. The convolutional layer learns how to combine the
low-level features by convolving over them with three-dimensional ker-
nels, and the responses are then reduced in dimensionality by the pooling
layer. This relaxes the positional requirement on the parts, and also allows
the dimensionality of the image to be reduced as semantic depth and
complexity increases.

iv)

Needs to mention that fine-tuning adapts weights to a specific prob-
lem, and that there is the danger of catastrophic forgetting. Reducing
the learning rate on the fine-tuning layer or a similar mitigation for
handling this problem needs to be mentioned.

Fine-tuning is when pre-trained weights are adapted to a new problem by
small changes in their values via back-propagation. The engineered filters in
Wy may not be perfectly suited to the problem at hand, and this allow them to
get minor adjustments to make them better. The downside is that the network
may end up forgetting them entirely and having to relearn them from scratch,
but this can be avoided by lowering the learning rate.

c)

This module is performing positional embedding. Each dimension n in I;
corresponds to a different frequency, and the frequency response of the
pixel location is added to the pixel value. A Vision Transformer uses positional
embeddings like this to encode the position of a pixel or patch in the
original image, as it treats all patches as a stream of tokens without any 2D



structure. A CNN performs structural convolution, in which early layers
preserve the 2D structure of the image, thus implicitly encoding position.

d)

They need to explain that the patches are produced from the training
dataset without supervision, and that learned embeddings are neural
nets which convert patches to a latent space. Some version of patch
dictionaries being good for decoding and learned embeddings being
good for encoding is the key thing to communicate when comparing
and constrasting.

A patch dictionary consists of a codebook of patches produced from un-
supervised analysis of the training dataset, for example by k-means clus-
tering. Each patch in the grid is then assigned the integer value of the
codeword nearest to it in the dictionary, which is then turned into a one-
hot vector that is used as the token. The output tokens are generated from
probability distributions over the codebook. Because the output is a
distribution over codewords, this makes decoding using techniques like beam
search result in better output, thus making patch dictionaries a better fit for
Transformers which include a Decoder block.

By contrast, a learned embedding is a neural net (MLP or CNN) which
takes the input patch and produces a vector in a latent space, which then acts
as the token. This provides a richer representation than a patch dictionary, as
it is learned based on the task itself and each patch can have its own unique
representation. However, output tokens are harder to interpret unless the
embedding is invertible. As such, learned embeddings are better suited to
Encoder-Only Transformers.
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