








Perceptron:

This is convolution!
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Shared weights



CƛƭǘŜǊ Ґ ΨƭƻŎŀƭΩ ǇŜǊŎŜǇǘǊƻƴΦ
Also called kernel.



Yann [Ŝ/ǳƴΩǎMNIST CNN architecture



DEMO

http://scs.ryerson.ca/~aharley/vis/conv/

Thanks to Adam Harley for making this.

More here: http://scs.ryerson.ca/~aharley/vis

http://scs.ryerson.ca/~aharley/vis/conv/
http://scs.ryerson.ca/~aharley/vis/conv/












Think-Pair-Share

Input size: 96 x 96 x 3
Kernel size: 5 x 5 x 3

Stride: 1 
Max pooling layer:4 x 4 

Output feature map size?
a) 5 x 5
b) 22 x 22

c) 23 x 23

d) 24 x 24 
e)25 x 25 

Input size: 96 x 96 x 3
Kernel size: 3 x 3 x 3

Stride: 3
Max pooling layer: 8 x 8

Output feature map size?
a) 2 x 2
b) 3 x 3

c) 4 x 4

d) 5 x 5
e) 12 x 12





Our connectomicsdiagram

Conv 1
3x3x4
64 filters

Max pooling
2x2 per filter

Conv 2
3x3x64
48 filters

Max pooling
2x2 per filter

Auto-generated from network declaration by nolearn(for Lasagne/ Theano)

Conv 3
3x3x48
48 filters

Max pooling
2x2 per filter

Conv 4
3x3x48
48 filters

Max pooling
2x2 per filter

Input
75x75x4



Reading 
architecture 
diagrams

Layers
- Kernel sizes
- Strides
- # channels
- # kernels
- Max pooling



AlexNetdiagram (simplified)
Input size
227 x 227 x 3

Conv 1
11 x 11 x 3
Stride 4
96 filters

227

227

Conv 2
5 x 5 x 96
Stride 1
256 filters

3x3 
Stride 2

3x3 
Stride 2

[Krizhevskyet al. 2012]

Conv 3
3 x 3 x 256
Stride 1
384 filters

Conv 4
3 x 3 x 192
Stride 1
384 filters

Conv 4
3 x 3 x 192
Stride 1
256 filters



²ŀƛǘΣ ǿƘȅ ƛǎƴΩǘ ƛǘ ŎŀƭƭŜŘ ŀ ŎƻǊǊŜƭŀǘƛƻƴ ƴŜǳǊŀƭ ƴŜǘǿƻǊƪΚ

It could be.

Deep learning libraries actually implement correlation.

Correlation relates to convolution via a 180deg rotation 
of the kernel. When we learnkernels, we could easily 
learn them flipped.

Associative property of convolution ends up not being 
important to our application, so we just ignore it.

[p.323, Goodfellow]



What does it mean to convolve over 
greater-than-first-layer hidden units?



Yann [Ŝ/ǳƴΩǎMNIST CNN architecture



Multi-layer perceptron (MLP)

Χƛǎ ŀ Ψfully connectedΩ ƴŜǳǊŀƭ ƴŜǘǿƻǊƪ ǿƛǘƘ ƴƻƴ-
linear activation functions.

ΨFeed-forwardΩ ƴŜǳǊŀƭ ƴŜǘǿƻǊƪ

Nielson



Does anyone pass along the weight without an 
activation function?

No ςthis is linear chaining.

Output vector
Input
vector



Output vector
Input
vector

Does anyone pass along the weight without an 
activation function?

No ςthis is linear chaining.



Are there other activation functions?

Yes, many.

As long as:

- Activation function s(z) is well-defined 
as z -> -қ ŀƴŘ Ȋ -Ҕ қ

- These limits are different

Then we can make a step! [Think visual proof]
It can be shown that it is universal for function 

approximation.



Activation functions:
Rectified Linear Unit
ÅReLU



Cyh24 - http://prog3.com/sbdm/blog/cyh_24



Rectified Linear Unit

Ranzato



What is the relationship between SVMs 
and perceptrons?

SVMs attempt to learn the support vectors which 
maximize the margin between classes.



What is the relationship between SVMs 
and perceptrons?

SVMs attempt to learn the support vectors which 
maximize the margin between classes.

A perceptron does not. 
Both of these perceptron classifiers are equivalent.

ΨtŜǊŎŜǇǘǊƻƴ ƻŦ ƻǇǘƛƳŀƭ 
ǎǘŀōƛƭƛǘȅΩ ƛǎ ǳǎŜŘ ƛƴ {±aΥ

Perceptron
+ optimal stability
+ kernel trick 
= foundations of SVM



Why is pooling useful again?
What kinds of pooling operations might we consider?



By pooling responses at different locations, 
we gain robustness to the exact spatial 
location of image features.

Useful for classification, ǿƘŜƴ L ŘƻƴΩǘ ŎŀǊŜ 
ŀōƻǳǘ ψǿƘŜǊŜψ L ΨǎŜŜΩ ŀ ŦŜŀǘǳǊŜΗ

Convolutional 
layer output

Pooling layer 
output



Pooling is similar to downsampling

ΧŜȄŎŜǇǘ ǎƻƳŜǘƛƳŜǎ ǿŜ 
ŘƻƴΩǘ ǿŀƴǘ ǘƻ ōƭǳǊΣ
as other functions might 
be better for classification.

Χōǳǘ ƻƴ ŦŜŀǘǳǊŜ ƳŀǇǎΣ 
not the input!





Wikipedia

Max pooling



OK, so does pooling give us rotation invariance?

Whataboutscaleinvariance?

/ƻƴǾƻƭǳǘƛƻƴ ƛǎ ǘǊŀƴǎƭŀǘƛƻƴ ƛƴǾŀǊƛŀƴǘ όΨǎƘƛŦǘ-ƛƴǾŀǊƛŀƴǘΩύ ς
we could shift the image and the kernel would give us a 
corresponding shift in the feature map.

But if we rotated or scaled the input, the same kernel 
would give a very different response.

Poolingletsus aggregate (avg) or pick from (max) 
responses, but the kernels themselves must be trained 
on and so learnto activate on scaled or rotated instances 
of the object.



Fig 9.9, Goodfellow et al. [the book]

LŦ ǿŜ ƳŀȄ ǇƻƻƭŜŘ ƻǾŜǊ ŘŜǇǘƘ όІ ƪŜǊƴŜƭǎύΧ









LΩǾŜ ƘŜŀǊŘ ŀōƻǳǘ Ƴŀƴȅ ƳƻǊŜ ǘŜǊƳǎ ƻŦ ƧŀǊƎƻƴΗ

Skip connections

Residual connections

Batch normalization

ΧǿŜΩƭƭ ƎŜǘ ǘƻ ǘƘŜǎŜ ƛƴ ŀ ƭƛǘǘƭŜwhile.









Training Neural Networks
Learning the weight matrices W



Gradient descent

x

f(x)



General approach

Pick random starting point.

ὥ x

f(x)



General approach

Compute gradient at point (analytically or by finite differences)

​Ὢὥ

x

f(x)

ὥ



General approach

Move along parameter space in direction of negative gradient

ὥ ὥ ‎​Ὢὥ

x

f(x)

ὥ ὥ

‎= amount to move
= learning rate



General approach

Move along parameter space in direction of negative gradient.

ὥ ὥ ‎​Ὢὥ

x

f(x)

ὥ ὥ

‎= amount to move
= learning rate

ὥ



General approach

{ǘƻǇ ǿƘŜƴ ǿŜ ŘƻƴΩǘ ƳƻǾŜ ŀƴȅ ƳƻǊŜΦ

ὥ ȡ

ὥ ‎​Ὢὥ 0

x

f(x)

ὥ ὥὥ ὥ



Gradient descent

ÅOptimizer for functions.

ÅGuaranteed to find optimum for convex functions.
ÅNon-convex = find local optimum.

Åaƻǎǘ Ǿƛǎƛƻƴ ǇǊƻōƭŜƳǎ ŀǊŜƴΩǘ ŎƻƴǾŜȄΦ

ÅWorks for multi-variate functions.
ÅNeed to compute matrix of ǇŀǊǘƛŀƭ ŘŜǊƛǾŀǘƛǾŜǎ όάWŀŎƻōƛŀƴέύ

x

f(x)



Why would I use this over Least Squares?

If my function is convex, 
ǿƘȅ ŎŀƴΩǘ L Ƨǳǎǘ ǳǎŜ ƭƛƴŜŀǊ ƭŜŀǎǘ ǎǉǳŀǊŜǎΚ

Analytic solution = normal equations

You can, yes.

ὼ ὃὃ ὃὦ



Why would I use this over Least Squares?

But now imagine that I have 1,000,000 data points.

Matrices are _huge_.

Even for convex functions, gradient descent allows 
me to iteratively solve the solution without requiring 
very large matrices.

²ŜΩƭƭ ǎŜŜ ƘƻǿΦ



Train NN with Gradient Descent

Åὼȟώ= n training examples

ÅὪ● = feed forward neural network

ÅL(x, y; ̒ ) = some loss function

ÅLoss functionƳŜŀǎǳǊŜǎ Ƙƻǿ ΨƎƻƻŘΩ ƻǳǊ ƴŜǘǿƻǊƪ ƛǎ 
at classifying the training examples wrt. the 
parameters of the model (the perceptron weights).



Train NN with Gradient Descent

Model parameters
(perceptron weights)

ὥ ὥὥ ὥ

Loss function
(Evaluate NN
on training data)



utput



What is an appropriate loss?

ÅDefine some output threshold on detection

ÅClassification: compare training class to output class

ÅZero-one loss ὒ(per class)

ÅIs it good?
ÅNope ςƛǘΩǎ ŀ ǎǘŜǇ ŦǳƴŎǘƛƻƴΦ

ÅI need to compute the gradientof the loss.

Å¢Ƙƛǎ ƭƻǎǎ ƛǎ ƴƻǘ ŘƛŦŦŜǊŜƴǘƛŀōƭŜΣ ŀƴŘ ΨŦƭƛǇǎΩ ŜŀǎƛƭȅΦ

ώ ὸὶόὩὰὥὦὩὰ
ώ ὴὶὩὨὭὧὸὩὨὰὥὦὩὰ



Classification as probability

Special function on last layer -ΨSoftmaxΩΥ
ά{ǉǳŀǎƘŜǎ" a C-dimensional vector Oof arbitrary real 
values to a C-ŘƛƳŜƴǎƛƻƴŀƭ ǾŜŎǘƻǊ ˋόO) of real values in the 
range (0, 1) that add up to 1.

Turns the output into a probability distribution on classes.



utput

Softmax

Softmax



Cross-entropy loss function

ÅNegative log-likelihood

ÅMinimizing this is equivalent 
to minimizing KL-divergence
on predicted and target
probability distributions

ÅIs it a good loss?
ÅDifferentiable
ÅCost decreases as 

probability increases

ὒ●ȟώȠⱣ ώÌÏÇὴὧȿ●

L

p(cj| x)



utput

Softmax

























But the ReLUis not differentiable at 0!

Right. Fudge!

- ΨлΩ ƛǎ ǘƘŜ ōŜǎǘ ǇƭŀŎŜ ŦƻǊ ǘƘƛǎ ǘƻ ƻŎŎǳǊΣ ōŜŎŀǳǎŜ ǿŜ 
ŘƻƴΩǘ ŎŀǊŜ ŀōƻǳǘ ǘƘŜ ǊŜǎǳƭǘ όƛǘ ƛǎ ƴƻ ŀŎǘƛǾŀǘƛƻƴύΦ

- Ψ5ŜŀŘΩ perceptrons

- ReLUhas unbounded positive response:
- Potential faster convergence / overstep





Optimization demo

Åhttp://www.emergentmind.com/neural-network

ÅThank you Matt Mazur

http://www.emergentmind.com/neural-network






Wow

so misclassified

false positives

no good filtr

what class

cool kernel



Stochastic Gradient Descent

ÅDataset can be too large to strictly apply gradient 
descent.

ÅInstead, randomly sample a data point, perform 
gradient descent per point, and iterate.
ÅTrue gradient is approximated only
ÅtƛŎƪƛƴƎ ŀ ǎǳōǎŜǘ ƻŦ ǇƻƛƴǘǎΥ άmini-batchέ

Pick starting ὡ and learning rate ‎

While not at minimum:
ÅShuffle training set
ÅFor each data point iҐмΧƴ  όƳŀȅōŜ ŀǎ Ƴƛƴƛ-batch)
ÅGradient descent

ά9ǇƻŎƘά



Stochastic Gradient Descent

Loss will not always 
decrease (locally) as 
training data point is 
random.

Still converges over 
time.

Wikipedia



Gradient descent oscillations

Wikipedia



Gradient descent oscillations

Slow to 
converge to 
the (local) 
optimum

Wikipedia



Momentum

ÅAdjust the gradient by a weighted sum of the 
previous amount plus the current amount.

ÅWithout momentum:     Ᵽ Ᵽ ‎
Ᵽ

ÅWith momentum (new ‌parameter): 

Ᵽ Ᵽ ‎‌
Ᵽ Ᵽ



.ǳǘ WŀƳŜǎΧ

ΧL ǘƘƻǳƎƘǘ ǿŜ ǿŜǊŜ ƎƻƛƴƎ ǘƻ ǘǊŜŀǘ ƳŀŎƘƛƴŜ ƭŜŀǊƴƛƴƎ 
like a black box? I like black boxes.

Deep learning is: 
- a black box 

ClassifierTraining data



.ǳǘ WŀƳŜǎΧ

ΧL ǘƘƻǳƎƘǘ ǿŜ ǿŜǊŜ ƎƻƛƴƎ ǘƻ ǘǊŜŀǘ ƳŀŎƘƛƴŜ ƭŜŀǊƴƛƴƎ 
like a black box? I like black boxes.

Deep learning is: 
- a black box 
- also a black art.

http://www.isrtv.com/



.ǳǘ WŀƳŜǎΧ

ΧL ǘƘƻǳƎƘǘ ǿŜ ǿŜǊŜ ƎƻƛƴƎ ǘƻ ǘǊŜŀǘ ƳŀŎƘƛƴŜ ƭŜŀǊƴƛƴƎ 
like a black box? I like black boxes.

Many approaches and hyperparameters: 

Activation functions, learning rate, mini-batch size, 
ƳƻƳŜƴǘǳƳΧ

Often these need tweaking, and you need to know 
what they do to change them intelligently.



Nailing hyperparameters + trade-offs



Lowering the learning rate = 
smaller steps in SGD

-[Ŝǎǎ ΨǇƛƴƎ ǇƻƴƎΩ

-Takes longer to get 
to the optimum

Wikipedia



Flat regions in energy landscape


