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block b1
Feed Forward Networks
Protein 2D Structure



Feed Forward Networks (FFN)
Multilayer Perceptron (MLP)

Fully Connected Networks (FCN)
Fully Connected Layer (FC)



Feed Forward vs FeedBack Networks

Hopfield Networks are Feedback
memory adquisition/storage/retrieval





From single-neuron perceptron to MLP
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categorical variable = takes a fix number
of values

The state of a single neuron (active/inactive) (apple/orange) is a binary
categorical variable

Can be re-written using a one-hot representation
output/activity one-hot

t = {0, 1} t̄ = [t1, t2]

t = 1 (Apple) t̄(A) = [1, 0]

t = 0 (Orange) t̄(O) = [0, 1]



Easy generalization to more than two
categories

For a categorical variable to distinguish a neuron in one of three states:
Active / Inactive / Refractory

we can use the one-hot encoding
t = [t1, t2, t3]

t(Active) = [1, 0, 0]

t(Inactive) = [0, 1, 0]

t(Refractory) = [0, 0, 1]

One-hot encoding for categorical variables



MLP
1 neuron / many outputs
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MLP
many neurons / many outputs
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MLP
many layers
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many neurons many layers many outputs 
  multi-class
classification 

Multi-Layer Perceptron
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MLP: input flattening
Fully Connected Layer

input  output 

weights 
w[I,H], b[H]

x[I] h[H] 

flattening  
softmax



MLP: input flattening



MLP: weights

input  output 

weights 
w[I,H], b[H]

x[I] h[H] 

flattening  



MLP: weights



MLP: output softmax

input  
x[I] 

flattening  
softmax

y[D] p[D] 

p[d] =  
exp(y[d])  

sum.exp(y)  

Fully Connected Layer



MLP: output softmax



Why use a softmax output?
I It is a probability distribution! what gives you more information?

I sc(imax) = 14.475
I p(imax) = 0.95

I Can provide significance intervals

I Naturally works with the cross-entropy loss (next)

I It helps keep scores in range (not too large, not too small)

I It facilitates optimization by gradient descent
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Why use a softmax output?
I It is a probability distribution! what gives you more information?

I sc(imax) = 14.475
I p(imax) = 0.95

I Can provide significance intervals

I Naturally works with the cross-entropy loss (next)

I It helps keep scores in range (not too large, not too small)

I It facilitates optimization by gradient descent



MLP: Loss

input  
x[I] 

flattening  
softmax

y[D] p[D] 

Fully Connected Layer

one-hot label  
t[D] 

loss = -  �d=1 td log(pd)  
D  

cross-entropy loss  



MLP with one hidden layer



Protein 2D structure
The Qian-Sejnowski Model



Protein 2D structure
The ribbon representation
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Protein 2D structure
The Qian-Sejnowski Model



MLP with one hidden layer
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t[N, 3] 



Training - The loss function
Cross Entropy

Loss = 1
N

∑N
n=1 L

(n)(W 1, b1,W 2, b2).

L(n)(W 1, b1,W 2, b2) = −
∑O

k=1 t
(n)
k log y

(n)
k .

(I will drop the super index for the training example (n) after this)
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Perceptron for multiclass classification

Labels
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Training a multiclass perceptron
forward pass

aj =

I∑
i=1

xiWij + bj

yj = softmax(a)j =
eaj∑
j′ e
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L = −
O∑
j=1

tj log yj



Training a multiclass perceptron
stochastic gradient descent (SGD)

Wij ←− Wij − α
∂L

∂Wij
1 ≤ i ≤ I

bj ←− bj − α
∂L

∂bj
1 ≤ j ≤ O

W [I, O] b[O]



Training a multiclass perceptron
backpropagation
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Training a multiclass perceptron
backpropagation
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Perceptron for multiclass classification

Labels
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Perceptron for multiclass classification
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Training 1-hidden layer MLP
stochastic gradient descent (SGD)

W 1
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.

W 1[I,H] b1[H]
W 2[H,O] b2[O]
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Training 1-hidden layer MLP
backpropagation
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I∑
i=1

xiW
1
ij + b1j δW 1

ij = δa1j
δa1j
δW 1

ij

= δa1j xi

hj = f(a1)j δa1j =
∑
j′

δhj′
dfj′

da1j
δhj =

0∑
k=1

δa2kW
2
jk

a2k =
H∑
j=1

hjW
2
jk + b2k δW 2

jk = δa2j
δa2k
δW 2

jk

= δa2k hj

yk = softmax(a2)k δa2k =
∑
k′

δyk′
δyk′

δak
= yk − tk

L = −
O∑
k=1

tk log yk δyj = −
tj
yj



x1

xI

h1

hH

WIH WHO

h[H]

y1

yO

ak = ∑j=1 hj Wjk+ bk
H

aj = ∑i=1 xi Wij + bj 
I

hj = f(a )j

1

11 1

2

222

yk= softmax(ak ) 

x[I]

y[o]

Multilayer Perceptron (MLP) 1  hidden layer

Labels

t1

to

t[o]

L = -∑j=1tj log(yj)

dWij = daj xi  

dak  = yk - tk  

1≤j≤Hdyk = -tk/yk

forward pass backwards pass

O

1≤i≤I

1≤i≤I

dv =: dL/dv

1

2

1≤k≤O

2

dWjk = dak hj  
2

1≤k≤O
1≤j≤H

dhj  = ∑k=1dak Wjk   

daj  = dhjf
’(a )j

1

1

1

1

2

2

2O



backpropagation by hand

Multilayer Perceptron (MLP) 1  hidden layer
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Multilayer Perceptron (MLP) 1  hidden layer

adapted from UDL, Prince Fig 3.12

Fully connected layer (FC)
Feed Forward Network (FFN)



Multilayer Perceptron (MLP) 1  hidden layer

adapted from UDL, Prince Fig 3.12

Fully connected layer (FC)

number of parameter:    Input-hidden:    3 x 4 + 4 = 16
                                        hidden-output:  4 x 2  + 2 = 10
                                        total                                     26  

Feed Forward Network (FFN)
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PyTorch is all you need for backpropagation
Multilayer Perceptron (MLP) 1  hidden layer

pytorch code



The Cross-Entropy Loss
K-class classification

input x
label t ∈ {1, . . . K}
Outputs (logits) y(θ) = (y1, . . . , yK)

covert to categorical probability distributions
q = (0, 1, 0, . . . , 0) if t = 2
p(θ) = softmax(y)

objective: optimize weights θ so that p(θ) ≈ q

minimize KL divergence KL(q||p) =
∑

k qk log
qk
pk



The Cross-Entropy Loss

θ∗ = argminθ
∑
k

qk log
qk

pk(θ)

= argminθ

[∑
k

qk log qk −
∑
k

qk log pk(θ)

]

= argminθ −

[∑
k

qk log pk(θ)

]
The cross-entropy

Minimizing the cross entropy is equivalent to minimizing the KL
divergence



The Cross-Entropy Loss
why entropy?

The Shannon information content of an event with probability p is
log 1

p
= − log p

it quantifies:
“How much information I get by seen this event to happen?”



The Cross-Entropy Loss
The average information content in a probability distribution is called

the entropy of the distribution
H(p) = −

∑
k pk log pk

The maximal information of a categorical distribution, corresponds
to the uniform distribution (pk = 1/K)

H(p) = log(K)

The cross-entropy
H(p||q) = −

∑
k pk log qk

is the amount of uncertainty in one distribution after taking into
account what we know from the other.



The Cross-Entropy Loss
What values can it take?

0 ≤ H(p||q) ≤ +∞

What values can it take for a perfect prediction?

For one-hot labels t ∈ {1, . . . K} and softmax logit outputs y,
H(t||y) = −

∑
k qk log yk = 1 log(yt)

perfect classification means: yk=t = 1, and

H(t||y) = −
∑

k qk log(yk) = 1 log(yt) = 0



Testing the performance of the
model

Large # parameters −→ overfit to training data



Testing Overfitting
Train-set/Test-set leakage

Perceptron

Perceptron

Qian-Sejnowski FIgure 14

Test set = homologous
                 Globin proteins

MLP

MLP

Train set = Globin proteins



Testing overfitting
Train-set/Test-set NO leakage

Train set = Globin proteins
Test set = non-homologous
                 Globin proteins

MLP

MLP
Perceptron
Perceptron

Qian-Sejnowski FIgure 8



Generalization is not trivial
Generalization?

Training set
Test set

no overlap

no      seq      similarity
no structural similarity!!

Bencharking different DL models!!!!!



Generalization is not trivial
Generalization?

Training set
Test set

no overlap

no      seq      similarity
no structural similarity!!

Bencharking different DL models!!!!!

a new testset!



Training set / Validation set / Test set

[Train / Validate] / Test

Training set

Test set
no overlap

Validation  set

During Training
Training set (80%)    
     use for optimizing weights

Validation set (20%) 
     use for testing performance while training
     use for setting metaparameter

After Training
Test set    
   use for testing performance

Input Data70% 30%





Basics of Neural Networks
Training

Update parameters (backpropagation)

titi

y y

adapted from CSC413 Neural Networks and Deep Learing, U of Toronto

W h(x, W) L(h(x, W),t) R=1/M ∑mLm

Labels lr

logits

forward pass

backwards pass



Basics of Neural Networks
Training

Inference
Input

x

   optimal
parameters

W*

Update parameters (backpropagation)

 Neural
Network

titi

y y

adapted from CSC413 Neural Networks and Deep Learing, U of Toronto

W h(x, W) L(h(x, W),t) R=1/M ∑mLm

Labels lr

logits

h(x, θ*)
        logits
(unnormalized)

y(x, θ*)
  prediction
(normalized)

softmax

forward pass

backwards pass



Inputs Outputs

 Neural
Network

 Neural
Network h(x, θ*)

        logits
(unnormalized)

y(x, θ*)
  prediction
(normalized)

softmax

real inputs
model inputs
(embedding)

AUGC

0100
0010
0001
1000

AUGC



Activation functions introduce non-linearity



Fitting the models

I Gradient descent

I Stochastic gradient descent

I Batch and epoch

I Adam (adaptive momentum estimation)





backpropagation/automatic differentiation

a2 = h * W2 + b2

y = f2(a
2)

L = -t log(y)

dW2 = da2 * da2/dW2 = hT  * da2 

da2 = dy * dy/da2  = dy f2
’(a2)

dy = dL/dy        = -t/y

a1 = x * W1 + b1

h = f1(a
1)

dh = da2 * da2/dh  = da2 * (W2)T db2 = da2 * da2/db2 = da2

da1 = dy  * dy/da1  = dy f1
’(a1)

dW1 = da1 * da1/dW1 = xT * da1

db1 = da1 * da1/db1 = da1 

forward pass backward pass

MLP with 1 hidden layer
.

.

.

xT[I,N]*da1[N,H] = ∑nx(n,i)da
1(n,j)=dW1[I,H]

hT[H,N]*da2[N,O] = ∑nh(n,j)da
2(n,k)=dW2[H,O]

da2[N,O]*(W2)T[O,H]= ∑kda
2(n,k)W2(j,k)=dh[N,H]

   

notation:  
dv := dL/dv, 1 <= n <= N (batch  dim)

1 <= i <= I (input  dim)
1 <= j <= H (hidden dim)
1 <= k <= O (output dim)



Minibatch and Epoch

θt ← θt−1 − α
∑

m∈batch
δLm
δθt−1

Lm = L(θt−1, y
(m), t(m))



Minibatch and Epoch
DataLoader



Adam (Adaptive momentum estimation)

θt−1 → θt
I Get gradients at time t
gt ← δL

δθt−1

I Update first momentum estimate
mt ← β1mt−1 + (1− β1) gt

I Update second momentum estimate
vt ← β2 vt−1 + (1− β2) (gt)

2

I Bias-correct first momentum
m̂t ← mt

1−βt
1

I Bias-corrected second momentum
v̂t ← vt

1−βt
2

I Update parameters
θt ← θt−1 − α m̂t√

v̂t+ε
α > 0 β1, β2 ∈ [0, 1)



Fitting the model



b1 Wed 11 Jan



Generalization

Performance on train set −→ Performance on test set?

Train set = Globin proteins
Test set = non-homologous
                 Globin proteins

MLP

MLP
Perceptron
Perceptron

Qian-Sejnowski FIgure 8



no Generalization −→
Memorization = overfitting

Spliceosome

U5 RNA

3RNAs + ~20 protein



no Generalization −→
Memorization = overfitting

Spliceosome
3RNAs + ~20 protein

U6 RNA



no Generalization −→
Memorization = overfitting

U6 RNA

predicted U6 structure



Generalization
Performance on train set −→ Performance on test set?

Loss

0
# of training examples0

Loss

0
# of parameters0

Loss

0
# of epochs0

testset

trainset

over-fit            good-fit 

testset

trainset

under-fit     good-fit      over-fit

testset

trainset

under-fit     good-fit     over-fit

A bag of (useful) tricks!



Effect of # training examples

6 training examples 60 training examples 600 training examples

overfitting good fit good fit

Larger training sets improve generalization



Generalization
I Adding more training data

I Increase the size of the training set only
I Be smart adding the data (find more distant homologs, or with not yet

explored base compositions,...)



Generalization
I Adding more training data

do to train on “too many” artifacts

do to train on “too many” artifacts



Generalization
I Adding more training data

I Increase the size of the training set only
I Be smart adding the data (find more distant homologs, or with not yet

explored base compositions,...)
I do to train on “too many” artifacts



Effect of # of parameters

overfittinggood fitunderfitting

2 parameters 3 parameters 15 parameters

high bias high variance

More parameters increase the chance of
overfitting to the training data



Reducing the number of parameters with a bottleneck
layer

A bottleneck layer

A linear layer
x1

xN

y1

YN

W1000x1000

x[1000] y[1000]

x1

xN

ZM

x[1000]

y1

YN

y[1000]

Z1

W1000x100
W100x1000

100,000 weights

20,000 weights

z[100]

forces to learn a compact representation (Autoencoders coming
soon...)

Trade offs: less expressive power but also less overfitting



Generalization

I Adding more data

I Reduction of parameters adding a bottleneck layer



Balance data / parameters

I Little data + Many params → overfitting

I Lots of data + Few params → underfitting

I Lots of data + Many params → balance

I lots of data < Many params →
overparameterization



Generalization

I Adding more data

I Reduction of parameters adding a bottleneck layer

I Balance data/parameters



Large weights are a problem

I They induce overfitting to small details in data

I They amplifies small changes in the data

I The decision boundary can flip due to small non
relevant variations

I They produce narrow margins. Generalization requires
larger margins.

y =logistic(w1*x1+w2*x2) 
w1 =  0.4 w2 = -0.2 w1 =  0.8 w2 = -0.4 w1 =  2.4 w2 = -1.6 w1 =  4.4 w2 = -3.2

y=0.5

y=0.75 y=0.75 y=0.75y=0.75

y=0.5
y=0.25

y=0.25 y=0.25y=0.25



Generalization

I Adding more data

I Reduction of parameters adding a bottleneck layer

I Balance data/parameters

I Large weights induce overfitting



Explicit regularization

θ∗ = argminθ [L(y, x, θ) + ηR(θ)]

The regularization function R(θ) returns an scalar

R(θ) is larger for parameters that are less preferred

L2 regularization R(θ) = 1
2θ

2

L1 regularization R(θ) = ||θ||



L2 vs L1

δRL2

δθ = ηθ
δRL1

δθ = ηsign(θ)

L2: θt ←− θt−1 − αηθt−1 pull proportional to weights

L1: θt ←− θt−1 − αη constant pull



Explicit regularization

Probabilistic interpretation

P (θ | x, y) = P (y|x,θ)P (θ)
P (y|x)

θ∗ = argmaxθP (θ | x, y)
= argmaxθ logP (θ | x, y)
= argmaxθ [logP (y | x, θ) + logP (θ)]

Compare to
θ∗ = argminθ [L(y, x, θ) + ηR(θ)]

thus
ηR(θ) = − logP (θ)



Generalization

I Adding more data

I Reduction of parameters adding a bottleneck layer

I Balance data/parameters

I Large weights induce overfitting

I Regularization of large weights with the L2 norm



Early stopping

Loss

0
# of epochs0

testset

trainset

early stop



Generalization

I Adding more data

I Reduction of parameters adding a bottleneck layer

I Balance data/parameters

I Large weights induce overfitting

I Regularization of large weights with the L2 norm

I Early stopping



dropout 

Understanding Deep Learning, Prince



Generalization

I Adding more data

I Reduction of parameters adding a bottleneck layer

I Balance data/parameters

I Large weights induce overfitting

I Regularization of large weights with the L2 norm

I Early stopping
I Stochastic regularizations

I Dropout



Batch normalization

For a layer of dimension D, (x1, . . . , xd, . . . , xD)

Mini-bach with m examples

inputs: (x
(i)
1 , . . . , x

(i)
D ) for i = 1, . . . ,m

For each d ∈ [1, D]
mean and variance over batch
µBd = 1

m

∑m
i=1 x

(i)
d and (σBd )2 = 1

m

∑m
i=1(x

(i)
d − µ

B
d )2

scale:

x̂d
(i) =

x
(i)
d −µBd√
(σB

d )2+ε

Batch Norm layer
outputs:

y
(i)
d = γx̂d

(i) + β
γ and β are BatchNorm parameters, learned during the training loop.



Generalization

I Adding more data

I Reduction of parameters adding a bottleneck layer

I Balance data/parameters

I Large weights induce overfitting

I Regularization of large weights with the L2 norm

I Early stopping
I Stochastic regularizations

I Dropout
I Batch normalization



Label smoothing

Replace

p(true label) = 1

p(others) = 0

with

p(true label) = 1− ρ
p(others) = ρ/(K − 1)

for some value 0 < ρ < 1.



Generalization

I Adding more data

I Reduction of parameters adding a bottleneck layer

I Balance data/parameters

I Large weights induce overfitting

I Regularization of large weights with the L2 norm

I Early stopping
I Stochastic regularizations

I Dropout
I Applying noise (to input data or weights)
I Batch normalization
I Applying noise (to input data or weights)
I Label smoothing


