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A convolution in 1D
The Kernel (or Filters)

Chapter 10, Undersanding deep learning, Prince



A convolution in 1D
Padding



A convolution in 1D
Stride and Dilation



Equivariance by translation
Tm(xi) = xi+m

z(T (x)) = T (z(x))
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Z(T(x3 x4 x5)) = Z(x9 x10 x11) 
                        = x9 W1 + x10 W2 +  x11 W3 

T(Z(x3 x4 x5)) = Z(T(x3 x4 x5))  T(Z(x3 x4 x5)) ≠ Z(T(x3 x4 x5))  
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1D convolutional layer
Add activation function

activation f
yi  = f ( ∑ x    W  + b  )
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Channels
Add output channels

activation f
yi  = f ( ∑ x   W    + b  )
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Channels
Add input channels

activation f
yi  = f (∑  ∑ x   W    + b  )
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Channels
With input and output channels

activation f
yi  = f (∑  ∑ x   W    + b  )
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# 1d convolution
 conv = nn.Conv1d(
            in_channels=C_I,
            out_channels=C_O,
            kernel_size=K
        )

#inputs x [N, C_I,   L]
#outputs y [N, C_O,  L]
y = F.relu(self.conv(x))  



The receptive field



Pooling



Pooling
Pooling size = 3

Ci = 4

Co = 2
pool = 3

K = 7

L_in = 60

P = 60/3 = 20



Pooling
Pooling size = 20

Ci = 4

Co = 2
pool = 20

K = 7

L_in = 60

P = 60/20 = 3



Pooling
Control of receptive field

Ci = 4

Co = 2
pool = 20

K = 7

Ci = 4

Co = 2
pool = 3

K = 7

P = 60/20 = 3

P = 60/3 = 20



CNN Network

Parameters (weights) do not depend on L anymore!



CNN Network

Parameters (weights) do not depend on L anymore!



2D convolutions



2D Convolutions



1D Convolution Summary



Transcription initiation / TF / TF binding sites)



Transcription initiation / TF / TF binding sites)



PWM-like representations
(interpretability)

Kernnels as Position Weight Matrices 
representations of sequence motifs 

Ci = 4

Ci = 4 PWM1[K, CI] = W[K, CI, CO=1]

K = 7

PWM2[K, CI] = W[K, CI, CO=2]

A
C
G
T

A
C
G
T

CO = 2 = number of PWMs



DeepBind



DeepBind
One DeepBind model per TF

1. Inputs. One-hot encoded sequences x[L, 4].

2. Outputs. One single scalar output f(x), transformed to a probability
using the linear logistic function

x[L, 4]→ f(x)→ 1

1 + e−f(x)

3. Architecture

3.1 One 1D CNN layer, K = 12, Ci = 4, Co = 16,
3.2 ReLU (parameteric)

x[L, 4]→ y[L−K + 1, 16]

3.3 Pooling all L-K+1 features together

y[L−K + 1, 16]→ z[1, 16]

3.4 Fully connected (FC) layer Co → 1

z[1, 16]→ f [1]



DeepBind
Training

1. labels. Binding affinite scores sc(x) to the TF

2. Loss.

2.1 Minimum square errors for scores

MSE =
1

B

B∑
b

(sc(xb)− f(xb))2

2.2 binary cross-entrpy (for logistic-transformed scores)

t(x) =
1

1 + e−sc(x)

σ(x) =
1

1 + e−f(x)

CE = − 1

B

B∑
b

[t(xb) log(σ(xb)) + (1− t(xb)) log(1− σ(xb))]



DeepBind



Residual Networks

The vanishing gradient problem

Chapter 11, Undestanding deep learning, Prince



Residual Networks



Residual Networks
adapted from: UDL, Prince

 y = ReLU(h) = ReLU(linear(x)) ≥ 0  h
 h = linear(x) 

y



Residual Networks
Residual network order adapted from: UDL, Prince

 x + ReLU(h) >= x h
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Residual Networks
Residual network order adapted from: UDL, Prince

 x + ReLU(h) >= x 

 h + linear(ReLU(h)) 
h

 x + linear(ReLU(x)) = x if x < 0 

can only increase input

does nothing for neg inputs 

works with all inputs

h



Residual Networks
Residual network order adapted from: UDL, Prince

 x + ReLU(h) >= x 

 h + linear(ReLU(h)) 
h

 x + linear(ReLU(x)) = x if x < 0 

can only increase input

does nothing for neg inputs 

works with all inputs

 h + conv(ReLU(h)) 
h

conv
works with all inputs

h



Residual Networks



Recurrent Neural Networks

MLPs/CNNs process all inputs in parallel

RNNs take a sequential approach to processing the inputs



Recurrent Neural Networks



Long Short-Term Memory RNN



RNN code



DanQ: a hybrid convolutional and recurrent deep neural network for
quantifying the function of DNA sequences

K = kernel_size
CI = 4
Co = n_kernels

L_out  = L /pool_size

L = seq_length

lstm_units

lstm_units

W = [dense_units, n_targets]

y = [n_target]

x[4, L]

x[Co, L-K+1]

x[Co, L_out]

x[dense_units]

x[L_out, 2*lstm_units]

W = [2*lmst_units, dense_units]

DanQ 






