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A convolution in 1D
The Kernel (or Filters)

Kernel of size 3, W[3] = (w,, w,, W,)
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Z,=X W, +XW, +X, W, Z, =X W, + XW, +X,W,

adapted from: UDL, Prince

Chapter 10, Undersanding deep learning, Prince



A convolution in 1D
Padding

Kernel of size K=3, W[3] = (w,, w,, W,)
zero-padding no-padding
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=% =
2, =0"W, +X W, +X,W, Z,=X,W, +X,W, +X,W,;

k\

W
0

Z,=XW, +XW, +0*w,
dim(z) = dim(x) dim(z) = dim(x) - (K-1)

adapted from: UDL, Prince

Z,=X,W, + X,W, + XW,




A convolution in 1D
Stride and Dilation

Kernel size = K
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Dilation = 0 Dilation = 0
Stride Size = 3
Stride = 2
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Dilation

Dilation =1

adapted from:
UDL, Prince




Equivariance by translation
Ton(2i) = Tim
2(T(x)) = T(z(x))

Convolution +

Convolution Y .
position-dependent bias

(x)[A
G Z(x,x, %) = X, W, +x, W, + x, W,
w, A

=

B

==

Z(x, %, X5) = X, W, +x, W, + x,W_+ b,

=

T(Z(x,x, X)) T(Z(x, X, X))
=T(x;) W +T(x,) W, + T(xg) W, =T(x,) W, +T(x)W, + T(x )W, + b,
=X, W, +x,,W,+ x,,W,+b,

TOxx, %) = =%, W, +x,0 W, + x, W,
Xg X1 Xyq 10 Vs
translation
|T(Z(x3 X, X)) = Z(T(x,X,X,)) b, | T(Z(x, X, X,)) # Z(T(x, X, X))
w, A w,
W, G Z(T(x,X,X,)) = Z(X, X, X,,) w, Z(T(x,x,X;)) = E(xg X0 X4)
- x9W1 +X1UW2 + xﬂ W3+ bﬂ)

A = Xg W, 4%, W, + X, W,y w,




1D convolutional layer
Add activation function

1D Convolutional Layer

L L
C O
Xi 1Y yi
s O)
= w e
o N\
input convid (K=3)

activation f

yi = f ( zakxpk-z Wk + b )




Channels
Add output channels

1D Convolutional Layer

input convid (K=3)
activation f
Co 3 Co Co
xi yi = f ( kai+k-zwk +b )




Channels
Add input channels

1D Convolutional Layer

input convid (K=3)
activation f

Xy =f(E XX+ ET)

c; CiCo




Channels
With input and output channels

1D Convolutional Layer

# 1d convolution

conv = nn.Conv1d(
in_channels=C_l,
out_channels=C_O,
kernel_size=K

)

#inputs x [N, C_I, L]

input convid (K=3
activatign f ) #outputsy [N, C_O, L]

X° yico =f (ZciZini.ZW?%*' Bi%) y = Frelu(self.conv(x))




The receptive field

H3 Ha

OO0

stride =2
H3 H4

3
adapted from: UDL, Prince




Pooling

Downsampling strategies
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Pooling

Pooling size = 3

A Pattern 1: CACGTG Pattern 2: GTGCAC Pattern 3: CACNNNGTG
ool =3 = P —
P P = 60/3 = 20
T
I Filter 1: GTG
Filter 2: CAC

| L] [ | [T 11 | | 1
AGCTCTCACGTGAATAACTGGATGCAAAAGGTGCACCCTCGGTTTCACAATGTGCCGAAA

L_in=60



Pooling

Pooling size = 20

B Pattern 2: GTGCAC?
Pattern 1: CACGTG? Pattern 3: CACNNNGTG?
pool = 201 P=60/20=3
CcC =2 : Filter 1: GTG
o
Filter 2: CAC
K=7

“00>




Pooling

Control of receptive field

A Pattern 1: CACGTG Pattern 2: GTGCAC Pattern 3: CACNNNGTG
pool =3 P =60/3 = 20
% |
= Filter 1: GTG
C, =2
Filter 2: CAC
K=7
A N
cl ] 0
G
Cc=4 guu Ll m; i
1 AGCTCTCACGTGAATAACTG TGCAAAAGGTGCACCCTCGGTTTCACAATGTGCCGAAA i
B Pattern 2: GTGCAC?
Pattern 1: CACGTG? Pattern 3: CACNNNGTG?
- — P =60/20=3
pool =20
3
— Filter 1: GTG
c.=2
Filter 2: CAC
K=7




CNN Network

Convolutional Network 1D

WFO
softmax
input convild (K=3) pooling flatten FC  output
activation f pool-size (2) (F=C_P) (0) (0)

X y?’ =f (Zci Zix:k'_ZWiicc'F l;ic") P = L/pool-size




CNN Network

Convolutional Network 1D

WFO / (-
softmax
input convid (K=3) pooling flatten FC  output
activation f pool-size (2) (F=C P) (0) (0)
Ci Co mm 3.,6¢ ,CiC [N o .
X y'= f (Zcikam_zwk +b7) P = L/pool-size

Parameters (weights) do not depend on L anymore!




2D convolutions

h2s)”
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hat L h3b
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adapted from: UDL, Prince




2D Convolutions

2D Convolutional Layer

. w conv2d (KxK) K=3 pooling (2x2)
input activation f

x;, b= (Y X W+ )




1D Convolution Summary

1D CNN [K=5, C, =192, C =48]

Cc

C °
o x @ —

input layer W [c output layer

x[C,,L] .Gk y[C, L]

y; =f (X ZX. W, +5%)

k=1

number of operation = (L x C ) x (Kx C,) = L x 48x5x192 = L x 46,080




Transcription initiation / TF / TF binding sites)

fUNA




Transcription initiation / TF / TF binding sites)

Enhancer

TF binding site
RNA pol Il

TF binding site

TATA Initiator  Open Reading
box sequence Frame



PWNM-like representations
(interpretability)

Kernnels as Position Weight Matrices
representations of sequence motifs

C,= 2 = number of PWMs

Filter 1: GTG
AL ]
C=4 é: —| PWMI1IK, C] = WIK, C, C_=1]
Filter 2: CAC
A n
c=4% | PWM2[K, C] = WIK, C, C,=2]
G _
1 K=7
50
-1



DeepBind

DeepBind model

Current batch Motif scans Features %,
of inputs o%% “

"oy,
ﬁ ! if(s‘) no
) ﬂ > 1(s,) yes
Thresholds Weights '
Current model . .
parameters

Parameter juiniany ﬁ:’

updates
Fig 2a. Alipanahi et al. 2015

R Fora sequences,
DeepBind computes a binding score f(s) using four stages:

f(s) = netyy (pool(rect, (convyy (s))))

features
c, =
X — — ' — 01
C=4 [ 1
LK+ o
R features logit
output
motif 1 z* £
o
one-hot convolution1d foatures
+ v
rectification (relu) N

DeepBind: K=12, C =16
#param = 4 x C x K(convlD) + C (relu) + C_(FC)




DeepBind

One DeepBind model per TF

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

2. Outputs. One single scalar output f(z), transformed to a probability

using the linear logistic function
1

z[L,4] — f(x) — 11 eT@

. Architecture

3.1 One 1D CNN layer, K =12, C; =4, C, = 16,
3.2 RelLU (parameteric)

x[L,4] = y[L — K + 1, 16]
3.3 Pooling all L-K+1 features together
y[L — K 4+ 1,16] — z[1, 16]
3.4 Fully connected (FC) layer C, — 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

B

MSE = %Z(scm) — fla))?

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

1
t(.’L‘) = 71 T efsc(z)
1

1 B

CB = -2 > [t(wy) log(o(ay)) + (1~ t(xy)) log(1 — o)
b



DeepBind

# DeepBind-like model
# DeepBind is a 1D-CNN

we use PyTorch nn.Convid()
convid inputs [N, C_!
convid outputs [N, C_0=
covidW [4, C_0, motif_w]

. L_in]

6, L_out=L_in-motif_w+1] (no padding)

#
#

#

#

#

# MaxPoolld[kernel=L_out]

# poolld inputs [N, C_0=16, L_out]
# poolld outputs [N, C_0=16, 1]
#

#

#

#

#

<

Linear([C_0, 1]
linear inputs [N, C_0=16]
linear outputs N, 1]

lass DeepBind(nn. Mudulei
def _init_(self, L_in, C_0=16, motif_\
Super (DeepBind, welh). _init_()

# 1d conv
self.conv = nn.Convld(
in_channels=4,
out_channels=C_0,
kernel_size=motif_w

)

# max pool layer
L_out L in - motif_w + 1 w no padding
# pools all features together

_pool = L_out
self.punl nn.MaxPoolld(kernel_size=L_pool) # stride = kernel size

# dense layer
L_dense = int(L_out/L_pool) # L_dense = 1
self.fc = nn.Linear(L_densexC_0, 1)

def forward(self, x
# x shape: [batch, 4, L_in]
x = F.relu(self.conv(x))
x = self.pool(x)
X = x.squeeze(-1)

# [batch, C_0, L_out]
# [batch, num_filters,
# [batch, num_filters]

# [batch,1]

x = self.fc(x)
# [batch]

X = x.squeeze(-1)
# return as logits

return x




Residual Networks

Sequential network

x Lf L f | _fs L f | y

y =f,( £, £, £(x))))
dy dy Oof, df, o&f,
5f, &f, 8f, 5f, df,

adapted from: UDL, Prince

The vanishing gradient problem

Chapter 11, Undestanding deep learning, Prince



Residual Networks

Residual network

adapted from: UDL, Prince

X ’» f1 }»é} ’;
e

h1= x+fl[x]
h2 = h1 + f2[h1]
h3 = h2 + f3[h2]

y = h3 + f4[h3]
By 52 53

51 =1

T Tor etz oft et ¢

f2 j’é —>, f3 j"é ’»’ f4 ’é -y
h, - h,
y= x + f1[x]

+ f2[x + f1[x]]

+ f3[x + f1[x] + f2[x + f1[x]]]

+ f4[x + f1[x] + f2[x + f1[x]] + f3[x + f1[x] + f2[x + f1[x]]] ],

of4 of3  of4 of3 of2

St4 of2 5f4 Bf3 of4 Bf3 B2
5f3 o1 * of3 of2 off

of2 of1

of3 of2  of4




Residual Networks

adapted from: UDL, Prince

h = linear(x)

x  >ltinear] N y y=ReLU(h) = ReLU(linear(x)) 2 0



Residual Networks
Residual network order ~ coeoonvon e

Y
x| g e xRl >



Residual Networks
Residual network order ~ coeoonvon e

Y
x| g xRl >

can only increase input



Residual Networks
Residual network order ~ coeoonvon e

Y
x| g xRl >

can only increase input

) 4
x B> x +linear(ReLU(x)) = x if x < 0




Residual Networks
ReSiduaI network order adapted from: UDL, Prince

Y
S—_— xRl >

can only increase input

) 4
x B> x +linear(ReLU(x)) = x if x < 0

does nothing for neg inputs




Residual

Networks

Residual network order

x| h b x+ReLU(h) >=x

can only increase input

x @R > >  x+ linear(ReLU(x) = x if x < 0

does nothing for neg inputs

x H-‘hL-+"» h + linear(ReLU(h))

works with all inputs




Residual Networks
ReSiduaI network order adapted from: UDL, Prince

x| h b x+ReLU(h) >=x

can only increase input

x @R > >  x+ linear(ReLU(x) = x if x < 0

does nothing for neg inputs

x H-‘hL-+"» h + linear(ReLU(h))

works with all inputs

x A-Jh*-aé'}» h + conv(ReLU(h))

works with all inputs




Residual Networks

Residual network order = wovecmonuonrie

xg‘_.—’hé» x + ReLU(h) >= x

can only increase input

X —‘—»@—».—»é}» x + linear(ReLU(x)) = x if x < 0

does nothing for neg inputs

x H-Jh* &> h +linear(ReLU(h))

works with all inputs

X —> &> h+ conv(ReLU(h))
h works with all inputs

X —> RelU &




Recurrent Neural Networks

MLPs/CNNs process all inputs in parallel

RNNs take a sequential approach to processing the inputs



Recurrent Neural Networks
simple RNN (with hidden layer)
output 0,

Ot ot+1
layer
A - N
e e e |
I

input X, X X,

t t+1

1=4 [1,0,0,0] [0,0,1,0] [0,0,0,1]

| |

sequence A G U
t=1,..., T sequence length
inputs  outputs weights-hidden layer
H ,[H] H[H] W, [I,H] W, [HH] b,[H]

X, [I] 0,[0]

' Tty weights-output layer
I=input dimension

H=hidden dimension Wh [H,O] b [O]
O=output dimension ° °

H=0X*W_  +H_*W, + b)
O, =H*W_+ b,




Long Short-Term Memory RNN

—
1]
intornarstate ©
forget input
gate gate
F input
L node
hidden state H, }
)
X, WGl rc layer with sigmoidal activation
input - FC layer with tanh activation
. elementwise operation
inputs  outputs gates weights
H_,[H] H[H] F [H] W_[I,H] W_[H,H] b, [H]
C.,[H] cC.[H] I [H] W,[I,H] W, [HH] b [H]
X, [I] O, [H] W, [I,H] W [H,H] b [H]
I=input dimension ¢ W [I,H] W [H,H H
H=hidden dimension C.tH] L [1/H] W, [H H] b, [H]
gates Fc= o(xt*wxi + H:—1*Wh£ + bE)
It = o(xt*wxi + Htfl*whi + bx)
9(:: o(xt*wxo + Htfl*whc + bo)
C,= tanh (X *W_+ H_*W,_ + b))
tput: = oXe}
outputs ¢ = r,oc,, + I,OF,
H = 0, ©Otanh(C)




— RNN code

input_size =4 # 1-hot DNA/RNA sequence
hidden_size = 18 # RWN hidden units
nun_classes = 2 # binary classification
data
[batch, seq_length, input_size]

labels [batch]
outputs

ron_out [batch, seq_length, hidden_size]

last_out[batch, hidden_size]

logits [batch, nun_classes] = fc(last_out)

then compare
labels [batch]
preds [batch] = torch.argnax(logits, dim=1)

HwmEwE B EE R RS

# RN Model
class SimpleRWClassifier(nn.Module):
it_(self, input_size, hidden_size, nun_classes):
super()._init__()
nn.RAN(input_size, hidden_size, batch_first=True)

self.fc = nn.Linear(hidden_size, nun_classes)
forard(self, x
ran_out, h_n = self.rnn(x)
last_out = rnn_out[:, -1,
return self.fc(last_out)

# rn_out: (batch, seq_len, hidden_size)
# get output from last timestep
# pass through final classifier

model = SinpleRNNClassifier (input_size, hidden_size, num_classes)
criterion = nn.CrossEntropyLoss()
optimizer = torch.optin.Adan(model.paraneters (), Lr=

.o1)
# LSTH Mode]
class SimpleLSTHClassifier (nn.Module):
def _init_(self, input_size, hidden_size, num_classes):
super(). _init_()
self.lstm = nn.LSTH(input_size, hidden_size, batch_first=True)
self.fc = nn.Linear (hidden_size, nun_classes)
def forvard(self, x):
(hon, c_n) = self.lstm(x)
# out: (batch, seq_len, hidden_size)

last_out = outl:, -1, :] # Use output from last timestep
logits = self.fc(last_out)
return logits

model = SimpleLSTHClassifier (input_size, hidden_size, num_classes)
criterion = nn.CrossEntropyLoss()

optimizer = torch.optin.Adam(model.parameters(), 1r=0.01)



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

DanQ

o W = [dense_units, n_targets]
x(dense_units]

y = [n_target]

Istm_units

X(C, L_out]

Recurrent Dense Multi-task output

L_out =L /pool_size

Max pooling

/r XC, LK+

alnlnl ul K = kemel_size
c=4
H HHA 1M FC, = n_kemels

Convolution
=
=

-
[T W TTTT1
[ | [T

T -
A TCACTOATTCTTATCTTT

L= seq_length

One hot coding



Recurrent Dense Multi-task output

Convolution Max pooling

One hot coding

Lout

I I I

|_NEEE NEEN|

ACA

ACTCATTCTTATCTETT

L= seq_length

W = [2*Imst_units, dense_u

Istm_units

DanQ

cass ot posste
det _init,

In_target]

X{dense_units]

# velghts 4,n_kemels kerne_size]
AL}

"Hasfooalpoot size
LT

# weignts(n_kernels, stn_units
XL_out, 2'Istm_units]

e tirsteTrue
Istm_units )
Sett.dropout = nn.ropout dropout)
X(C, L_ou eiridrse s Linealz + st anits, demeniss) o vlan szt nits drse i)
SeLt.output = nn.Linear (dense units, n_target # Neignts dense init,n. targets]
St signoid = mn.Signotd()
det foraratselt,
y o shapes (hatch_size, 4, Leseq_ten]
L/pool_size * lgcony

prine(“input”, x.shape)

# outputluaten, n_kernets, Lokernel_sizest] (no padeing)

# outputibate, n_kernels, Lout]  L_out = (L-kernel_size1)/posl_size

X[C,, LK+1]

- gtninits (x 2 s co the bdirecionals
K= kemel vap 1o (batch, L out, n_kernels) for LsTH
4 AT b Astato0 #Loinou harchr Lot 2eiotm i
=n_kemels # output optior
1) bse st positions (sany-to-nany) hateh, L_out, 2+lsta-units]
£ (2 e onlyhe st vt Timesien's hidien st (oany-o-one) [ace Zelstmunits]
5 (3) take max over tine (used Zotstmunits]
Tt out, 5 torchenax Lot ot dimel) #lbateh, 2wtstannits)
# drog
T dropoutLstmout) sxtoateh, etsta-anits)
(4,11

# first dense layer weights 2elsta-units,
st dense(x) yloaten, dense_u
selt.reluly)

s anit)

# second dense Layer weights [2+lsta-units, dense_unit, n_targets]
2 ve Leave the outputs as lopits
¥ = selt.autput(y) sylbaten, n_targets)

return y







