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Philosophy/Objectives

I Learn first principles of DL

I Learn applications in molecular biology

I Not a survey course

I Will implement simplified version of the methods

I Learn to use chatbots critically (and without losing your own identity)

I Learn to design your own questions

I Question the jargon
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0,1, ..., 6 blocks

5 quizzes (20%)

6 + 1 homework (70%)







Some logistics

I canvas discussions

I video recordings

I colab/Google cloud cupons

I Questions for sections



The mcb128 Website
http://rivaslab.org/teaching/MCB128 AIMB/
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Asking for contributions





The Wall of Pets/Friends/Plants

Tuca

Asking for contributions
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A single neuron



activation

a = w0 +
I∑

i=1

xiwi
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Single Neuron (perceptron)
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The learning rule - Supervised
learning

Learning is equivalent to adjusting the weights

such that the outputs of the network are close to the input labels.
y(n) ≈ t(n) for all 1 ≤ n ≤ N examples



The Error (Loss) Function

G(w) = −
∑N

n=1

[
t(n) log(y(n)) + (1− t(n)) log(1− y(n))

]
where y(n) = y(x(n),w)



Training the perceptron

training = minimize G(w)

Adjust the weights so that G(w) ≥ 0
is as small as possible



Backpropagation - gradient descent

Adjust the weights by gradient
descent

wnew = w0ld − η g

where the gradient g = δG(w)
δw

η is the learning rate.



A bit of math to calculate
the gradient of the Loss

The error/loss function is

G(w) = −
∑N

n=1

[
t(n) log(y(n)) + (1− t(n)) log(1− y(n))

]
We want to calculate

δG(w)
δwk

for 1 ≤ k ≤ K.

The dependency on the weights is hiding in the outputs

y(n) = 1

1+e−wx(n) with wx(n) =
∑K

k=1wk · x
(n)
k .

Taking the derivative wrt the weights using the chain rule
δG(w)
δwk

= −
∑

n
δG(w)

δy(n)
δy(n)

δwk



The gradient of the Loss
The derivative of the loss wrt outputs is
δG(w)

δy(n) = −
[
t(n)

y(n) − 1−t(n)

1−y(n)

]
= − t(n)−y(n)

y(n)(1−y(n))

The derivative of the outputs wrt to the weights is

δy(n)

δwk
= x

(n)
k

e−wx(n)

(1+e−wx(n)
)2

= x
(n)
k y(n)(1− y(n)),

putting it together
δG(w)
δwk

= −
∑

n

[
t(n) − y(n)

]
x
(n)
k .

Taking all derivative together we construct the gradient vector[K],

g = δG(w)
δw = −

∑
n

[
t(n) − y(n)

]
x(n).

The vector

e(n) = t(n) − y(n)

is referred to as the error.



Gradient descent optimization
wit+1 = wit − η g(wit)

Batch gradient-descent learning algorithm
Update weights using all training examples

grandient descent algorithm

w1 = w0 + η

N∑
n=1

[
t(n) − y(n)(w0)

]
x(n)

w2 = w1 + η

N∑
n=1

[
t(n) − y(n)(w1)

]
x(n)

. . .

On-line gradient-descent learning algorithm
Update weights using one random example at the time

stochastic grandient descent algorithm

w1 = w0 + η
[
t(m) − y(m)(w0)

]
x(m) m ∈ [1, N ]

w2 = w1 + η
[
t(m

′) − y(m
′)(w1)

]
x(m′) m′ ∈ [1, N ]

. . .



How well does the learning
algorithm do?

N = 10, K = 2 + 1
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How well does the learning
algorithm do?

too well?

overfitting



Regularization:
beyond descent on the error

function

Loss(w) = G(w, {x(n)}N1 ) + αR(w)

where
R(w) = 1

2

∑
iw

2
i .

only depends on the weights.

The weight update rule in the presence of this regularization becomes

w′ = (1− αη)w + η
∑

n

(
t(n) − y(n)0

)
x(n),



Regularization:
beyond descent on the error

function
Loss = G(w,x) + αR(w); α = weight decay regularizer



What does a perceptron cannot do?

Frank Rosenblatt: The perceptron: a probabilistic model for information
storage and organization in the brain, 1958.

The Ice-Age of machine learning.
Misky & Papert 1968 −→ Multilayer perceptrons 1980sih
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Gradient descent Learning

I Calculate gradient

g = −
∑

n

{
(1− y(n))S(n), if S(n) is +

(−1− y(n))S(n), if S(n) is −
I Update weights
W ← W + ηg

Stormo’s training
It defines a threshold T (set to T=0), and does the following updates

I if S+ and S+ ·W < T , update: W ←W + S+

I if S− and S− ·W > T , update: W ←W − S−

I otherwise W remain unchanged



Translation Initiation sites with a
perceptron

The authors mention two advantages of their method over conventional
consensus sequence approach

I Each site S is evaluated quantitatively by S ∗W .

I Nothing is specified about the sequences except for their inclusion in
a class.
The algorithm finds the weights that best provide the classification.
This advantage has the side effect that the weights are often hard to
interpret.
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Translation Initiation sites with a
perceptron

Potential issues:

I Scores are not easily comparable

I Weights may be uninterpretable

I All example inputs have to have the same number of features.
problematic if each residue in input sequence is a one-ot feature
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