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L iInear classifier and neuron
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Example II: Given training sample, how do you learn weights?
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Example Il: Given training sample, how do you learn weights?
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Example Il: Given training sample, how do you learn weights?
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Example Il: Given training sample, how do you learn weights?
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Py lorch representation
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<SigmoidBackward>

p = torch.sigmoid(v)
tensor(0.7311, dtype=torch.float64, grad fn=<SigmoidBackward>)
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Example lll: vector representation
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Computational graph of the learning
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Backprop In vector representation

Loss layer —log(o(yz))
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Backprop In vector representation
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Backprop In vector representation
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Backprop In vector representation




Backprop In vector representation
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Backprop In vector representation
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Linear classifier + sigmoid = neuron
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Relation to biological neuron

W1 =-1

\
T1=+7 /@ =l
@

Wo=+1
\
To = +1/®

027

Dendrites

Axon

27



Relation to biological neuron
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Relation to biological neuron
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Fully-connected neural network
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Fully-connected neural network
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Fully-connected neural network
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Fully-connected neural network
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Fully-connected neural network
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Fully-connected neural network
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Fully-connected neural network
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Fully-connected neural network




Fully-connected neural network
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Fully-connected neural network
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Fully-connected neural network
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Fully-connected neural network
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Fully-connected neural network
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Fully-connected neural network
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Fully-connected neural network
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Fully-connected neural network

w = vec(W) v = vec(V)
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Chainrule and Jacobian
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Chainrule and Jacobian
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Chainrule in fully-connected neural network
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Chainrule in fully-connected neural network
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Chainrule in fully-connected neural network
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Chainrule in fully-connected neural network
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Chainrule in fully-connected neural network
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Chainrule in fully-connected neural network
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Chainrule in fully-connected neural network
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Chainrule in fully-connected neural network

1. Estimate all required jacobians
2. Update weignts;
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Backprop In Pytorch avoids Jacobians
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Backprop In Pytorch avoids Jacobians
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Backprop In Pytorch avoids Jacobians
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Backprop In Pytorch avoids Jacobians
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Backprop In Pytorch avoids Jacobians

M-dim N-dim
vector vector scalar

AN

| oss gradient %4 ®,. . 0Z Upstream
M-dim vector OX

0L\ oz Qradient
Vpr( P ) N-dim vector
grad fn=<fBackward>
0L . /0%
0X B Vjpf< 07 )
M-dim vector-dacobian

vector product

6/



Backprop In Pytorch avoids Jacobians
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Backprop In Pytorch avoids Jacobians
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Example: Jacobian vs vector-jacobian-product function

y = SEE(X) = Select Even Element from input vector X
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Backprop In Pytorch avoids Jacobians
Vector-dacobian products allows to preserve data dimensionality (avoid vectorization)

=>@Gradient In Pytorch is the tensor of the same dimensionality as the input.
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Backprop In Pytorch avoids Jacobians
Vector-dacobian products allows to preserve data dimensionality (avoid vectorization)

=>@Gradient In Pytorch is the tensor of the same dimensionality as the input.
u = torch.tensor([[1,2], [3, 4]], dtype=torch.float32, requires grad= )
v = torch.sigmoid(u)
v.sum( ) .backward()

(u.grad)
tensor([[0.1966, 0.1050]7],
[0.0452, 0.0177]1])

KXK MxM NxN
matrix matrix matrix scalar

Loss gradient (35/” y,. Ky (35/” w®,. .. &SZ ®
KxK matrix gy

_ 0%\ 0X 83 07 . i [
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KXK VIxM NxN scalar
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Example: Jacobian vs vector-jacobian-product function
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Neural nets summary

Neural net is a function created as concatenation of simplier functions

(e.g. neurons or layers of neurons)

Fully connected neural net is neural network created from neurons, where all
outputs from previous layer are connected to all inputs of the following layer
Backpropagation is gradient optimization of a neural net concatenated with a
loss-layer on a training set.

't Is Impleneted as backward concatenation of vector-jacobian functions.
Deep learning frameworks (Pytorch, Tensorflow) has many predefined layers.
Spoiler alert: Fully connected NN does not work on structural data (images,
sound) well.
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Dataset Learned weights of linear classifier Error
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Dataset
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Dataset Error
Linear FCNN  ConvNet

39 / 8
&9/ ¢ 4
&7 0 7 O
MNIST EXdM 7 8% 2% 0.2%
Z 9 3 g
/ 89 X 7 [CVPR 2013]
3 i ¥ o
sSée L q 9
207 ¢ 3
] 9 & 2 3
:::?nn:bl m
i, b "—ﬂ ﬂ’&'a A 7.“‘%!&
CIFAR-10 2 e el LA B

w MRS S o 550 o
| o T 037 907 | .1 /o
T [EfficientNet,
e gl e P R D 2018]

o 0 D D

https://benchmarks.ai

82



Dataset Error
Linear FCNN  ConvNet
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W

w' = argmin (Z — log(p(yi|xi, W))> + (—logp(w))

(

loss function prior/regulariser

Class of function represented by a FCNN is too general (it allows for many
leprechauns).

Naive regulariser helps a bit, but dimensionality/wildness is huge => curse-of-
dimensionality, overfitting,...

What is number of weights between two 1000-neuron layers?

Next lecture: study animal cortex to find a stronger prior on the class of suitable
functions.

Spoiler alert 2:

reduce very general class of functions "neuron layer” to very specific sub-class
of functions “convolution layer”
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Competencies required for the test T1

e Ability to draw a computational graph.
o Compute edge gradients/jacobians.

¢ Per

‘orm one step of backpropagation in a vectorized form
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