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Architectures and Methods: Computer Vision 
and Image Classification

Deep Learning

Thanks to John Canny, Ian Goodfellow, Yoshua
Bengio, Aaron Courville, Efstratios Gavves, Kirill 
Gavrilyuk, Berkay Kicanaoglu, and Patrick Putzky
and many others for making their  materials 
publically available.

The present slides are mainly based on slides from John Canny
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Computer Vision – a brief history
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David Marr’s approach 1970-80s
• Computation
• Algorithm
• Implementation

primal sketch and 2 ½ D sketch 

Computer Vision – a brief history
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Skeletons and Cylinders: Marr and Nishihara 1978:

Tom Binford, generalized
cylinders 1971

Computer Vision - Shape descrip4on
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ACRONYM (Brooks 1982) matching with generalized cylinders + 
search!:

Computer Vision - Shape matching
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Turk and Pentland 1991:     

A data-driven approach? 

Computer Vision - Eigenfaces
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Computer Vision – Invariant Features
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Computer Vision – Bag-of-words
Sivic and Zisserman (2003) “Video Google”

SIFT à SA and MS regions                    code words
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Computer Vision - Shape matching
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Computer Vision – Challenge Datasets
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Computer Vision – Deep Networks
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Computer Vision – Deep Networks
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Computer Vision – Deep Networks
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Image Classification: 
a core task in Computer Vision

cat

(assume given set of discrete labels)
{dog, cat, truck, plane, ...}
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The problem: seman&c gap

Images are 
represented as 3D 
arrays of numbers, 
with integers 
between [0, 255].

E.g. 
300 x 100 x 3 

(3 for 3 color 
channels RGB)
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Challenges: Viewpoint Variation
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Challenges: Illumination
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Challenges: Deformation
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Challenges: Occlusion
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Challenges: Background clutter
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Challenges: Intraclass varia1on
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An image classifier

Unlike e.g. sorting a list of numbers,

no obvious way to hard-code the algorithm for recognizing 
a cat, or other classes.
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Classifying using constraints? ?
???
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1. Collect a dataset of images and labels
2. Use Machine Learning to train an image classifier
3. Evaluate the classifier on a withheld set of test images

Example training set

Data-driven approach:
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First classifier: Nearest Neighbor Classifier
Remember all training images 
and their labels

Predict the label of the most 
similar training image
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10 labels 
50,000 training images, each image is tiny: 32x32
10,000 test images.

Example dataset: CIFAR-10
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For every test image (first column), 
examples of nearest neighbors in rows

10 labels 
50,000 training images
10,000 test images.

Example dataset: CIFAR-10
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How do we compare the images?
What is the distance metric?

L1 distance:

add
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Nearest Neighbor classifierNearest Neighbor 
classifier
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Nearest Neighbor classifier

remember the training data

Nearest Neighbor 
classifier
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Nearest Neighbor 
classifier

for every test image:
- find nearest train image 

with L1 distance
- predict the label of nearest 

training image
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Nearest Neighbor classifier

Q: how does the 
classification speed 
depend on the size of the 
training data?

Nearest Neighbor 
classifier
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Nearest Neighbor classifier

Q: how does the 
classification speed 
depend on the size of the 
training data? linearly :(

This is backwards:
- test time performance is 
usually much more 
important in practice. 
- CNNs flip this: expensive 
training, cheap test 
evaluation

Nearest Neighbor 
classifier
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Aside: Approximate Nearest Neighbor
find approximate nearest neighbors quickly
(and you can even learn binary hash codes
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The choice of distance is a 
hyperparameter,
common choices:

L1 (Manhattan) distance L2 (Euclidean) distance
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k-Nearest Neighbor
find the k nearest images, have them vote on the label

the data NN classifier 5-NN classifier

h0p://en.wikipedia.org/wiki/K-nearest_neighbors_algorithm
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For every test image (first column), 
examples of nearest neighbors in rows

10 labels 
50,000 training images
10,000 test images.

Example dataset: CIFAR-10
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Q: what is the accuracy of the nearest 
neighbor classifier on the training data, when 
using the Euclidean distance?

the data NN classifier 5-NN classifier
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Q2: what is the accuracy of the k-nearest 
neighbor classifier on the training data?

the data NN classifier 5-NN classifier
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What is the best distance to use?
What is the best value of k to use?

i.e. how do we set the hyperparameters?

Hyperparameter tuning:
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Recall from sta-s-cs (or ML), given a true func-on y=f(x) 
(mapping an input x to a label y), a machine learning algorithm is 
a sta-s-cal es-mator gD(x). Here D is a data sample. 
Es-mators have:

• Bias: gD(x) is systema-cally different from f(x), i.e. ED(gD(x)) ¹
f(x)

• Variance: VARD(gD(x)). Even if no bias, gD(x) may be far from f(x) 
at most points x. 

Bias and Variance
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Increasing k in the kNN algorithm should have what effect on:

Bias: ?

Variance: ?

Bias and Variance
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Increasing k in the kNN algorithm should have what effect on:

Bias: Should increase. The large k is, the further (on average) are 
the points being aggregated from x. i.e. the value depends on 
f(x’) for x’ further from x. 

Variance: ?

Bias and Variance
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Bias 

f(x) 5 neighbors

Aggregate is systema5cally
Biased down
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Increasing k in the kNN algorithm should have what effect on:

Bias: Should increase. The large k is, the further (on average) are 
the points being aggregated from x. i.e. the value depends on 
f(x’) for x’ further from x. 

Variance: Should decrease. The average or majority vote of a set 
of equal-variance values has lower variance than each value. 

Bias and Variance
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Variance 

f(x)
5 neighbors

Variance of mean of k samples
scaled by 1/k
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Compared to simpler (fewer parameters), complex models have 
what kind of Bias and Variance?:

Bias: ?

Variance:?

Bias and Variance Rule of Thumb
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Compared to simpler (fewer parameters), complex models have 
what kind of Bias and Variance?:

Bias: ? Lower, because complex models can better model local 
variation in f(x). 

Variance:?

Bias and Variance Rule of Thumb
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Compared to simpler (fewer parameters), complex models have 
what kind of Bias and Variance?:

Bias: ? Lower, because complex models can better model local 
variation in f(x). 

Variance:? Higher, because the parameters are generally more 
sensitive to few data values. 

Bias and Variance Rule of Thumb
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Compared to simpler (fewer parameters), complex models have 
what kind of Bias and Variance?:

Bias: ? Lower, because complex models can better model local 
variation in f(x). 

Variance:? Higher, because the parameters are generally more 
sensitive to few data values. 

Complex models are prone to overfitting. They require/benefit 
from large training datasets in order to reduce variance. This 
includes most Deep Networks. 

Bias and Variance Rule of Thumb
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Bias and Variance Rule of Thumb
This rule of thumb is important to keep in mind, but it is only a 
rule of thumb, not a theorem.  It applies to typical ML 
algorithms and deep networks, but not all.

A mathematical theorem is like a hammer. A rule of thumb is no 
match for it…
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What is the best distance to use?
What is the best value of k to use?

i.e. how do we set the hyperparameters?

Very problem-dependent. 
Must try them all out and see what works best.

Hyperparameter tuning:
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Try out what hyperparameters work best on test set.
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Trying out what hyperparameters work best on test set:

Very bad idea. The test set is a proxy for the generalization performance!
Use only VERY SPARINGLY, at the end.
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Valida&on data
use to tune hyperparameters

Validation Set:
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Cross-validation
cycle through the choice of which fold is 
the validation fold, average results.

Validation Set:
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Example of
5-fold cross-validation
for the value of k.

Each point: single
outcome. 

The line goes
through the mean, bars
indicated standard
deviation

(Seems that k ~= 7 works best
for this data)

Hyperparameter tuning:
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k-Nearest Neighbor on images never used.
• terrible performance at test 5me
• distance metrics on level of whole images can be very 

unintui5ve

(all 3 images have same L2 distance to the one on the left)
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What have you learnt?
• Image Classification: given a Training Set of labeled images, 

predict labels on Test Set. Common to report the Accuracy of 
predictions (fraction of correct predictions)

• We introduced the k-Nearest Neighbor Classifier, which predicts 
labels based on nearest images in the training set

• We saw that the choice of distance and the value of k are 
hyperparameters that are tuned using a validation set, or 
through cross-validation if the size of the data is small. 

• Once the best set of hyperparameters is chosen, the classifier is 
evaluated once on the test set, and reported as the performance 
of kNN on that data.


