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Introduction to Deep Neural Networks
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Introduction to Deep Neural Networks
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Introduction to Deep Neural Networks
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Neural Networks oversimplified
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Neural Networks oversimplified

rain probability from
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weather forecast a rainy day y truth:is tomorrow a
X rainy day

Y y prediction: is tomorrow
0.6 1 a rainy day?
0.4 —_— 1 x local forecast rain prob.
0.2 0
0.8 1

« Single Neuron

y=1 Y
X; 6 @ p(y=1)=}7_ py//

0

o~

v

MRC Molecular Haematology Unit




Neural Networks oversimplified
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Neural Networks oversimplified

y truth is tomorrow a
X w y rainy day
y prediction: is tomorrow
06 0.3 UK 1 :
— ‘ a rainy day?
04 0.9 > 1 X
85 8? ? w how rainy is my
' ' current location in
general?
ry=1)
x191 + ngz
parameters

aim: tweak the parameters to get the best
predictions
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Neural Networks oversimplified
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The Power of Non-Linear Activations

A Feed-forward network Single neuron

Hidden layer

Weights Non-linear Output
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Training Process

Optimise parameters g :

loss function | — how bad do we perfom? — minimize [
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Training Process

. for simple NN — gradients can be calculated by hand
. for larger architectures by computers

. but for very large/complex NNs — normal CPU computation takes ages ...

. Two major developments:

. better algorithms to calculate partial derivatives along large networks

« using graphics cards (GPU) computation

UNIVERSITY OF
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Training Process

1)Training:

1) Start with random parameters <

2) Take a batch of inputs

3) Calculate predictions

4) Calculate your performance (loss)

5) Calculate gradient for every parameter

"*9|geadljou aouewlouad ul JuswaAoidwi ou [un

6) Adjust parameters along the gradient
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Training Process

a Data Inputs Targets b Parameter update C Monitoring
|'~ . ]
E : Observed Predicted A
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Training ' ¥ T Parameter .
set A . = update
: O O O Model - Validation
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s — N T = . Training
Validation N :
set - | Input . R
- Number of parameter updates
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Gokcen et al. Nature Reviews Genetics 2019
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Overview of Network Types

Network type Fully connected

Output Q

Parameters .

Input Q

Invariance -

Input Predefined features such as
example number of k-mer matches,

total conservation
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Convolutional Recurrent Graph convolutional

QOO0 O0-0-0-0-0
N/

Translation Time Node index permutation
* DNA sequence * DNA sequence * Protein—protein interaction network
* Amino acid sequence * Amino acid sequence e Citation network
* Image e Time series measurements e Protein structure
—>» Parameterized information flow =—— Link O Node in the neural network (scalar or tensor)

Gokcen et al. Nature Reviews Genetics 2019
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Introduction to Convolutional Neural Networks
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Convolutions for Image Analysis

Image Grey values per pixels

v
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Convolutions for Image Analysis

Image Grey values per pixels

88 89 87

Filter
(8T
BN el

1*a + 0*b + 0*c + 1*d = x 0; 0,

01 0, _  parameters
to optimize

MRC Molecular Haematology Unit




Convolutions for Image Analysis

Edge detection — Sobel operator

origional image Final Image

-1 0 1 1 2 1
-2 0 2 O 0 O
-1 0 1 -1 -2 -1
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Convolutional networks

Inpuc layer @ (S1) 4 feature maps

1 (Cl) 4 feature maps (52) 6 feature maps  (C2) 6 feature maps

| sub-sampling layer | convolution layer | sub-sampling layer lfully connected MLP |

N =
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Convolutions for DNA

Logo for MA0035.2

n
c: P
— - f—

1 "2 3 4 5 6 7 8 9 10 11

bit:
-

A [1423 7082782 04000 27 3887 3550 799 1432 1487 ]
C[5601633 31 0 0 29 0 4 681 897 829]

G [1242 1235 104000 0 109 6 3832296 1360 1099 ]
T [775 4241177 0 03835 107 63 224 311 585]

ACAGATAAGTAGAGGCTATTCC..
A[1010101100101000010000..]
C[0100000000000001000011..]
G[0001000010010110000000..]
T[0000010001000000101100..]

hot coded sequence
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Convolutions for DNA

Logo for MA0035.2

n
(: e
— - f—

1 "2 3 4 5 6 7 8 9 10 11

bit:
-

Rosition
A [1423 7082782 04000 27 3887 3550 799 1432 1487 ]
C[5601633 31 0 0 29 0 4 681 897 829]
G [1242 1235 104000 0 109 6 3832296 1360 1099 ]
T [775 4241177 0 03835 107 63 224 311 585]

ACAGATAAGTAGAGGCTATTCC..
Al[1010101100101000010000...]
C[0100000000000001000011..]
G|[0001000010010110000000...]

T{00000100010j00000101100..]
|

|

1005 506 501 501 40 55 501 ...

hot coded sequence

»
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Convolutions for DNA

a b c
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Transcript exon prediction

...TAG

E - _ 20% transcripts

GTAAG.. ...CAG
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Transcript exon prediction

...TAG

; - _ 90% transcripts

GTAAG.. ...AAG

UNIVERSITY OF

MRC | etcser OXEORD MRC Molecular Haematology Unit

Haematology Unit



Transcript exon prediction

ATCG...GTAAG.................. CAG...TAG......... GTGAG....TGAAAA Sequence

Etc.

HEE * HEN

- _ 90% transcripts
- —- 10% transcripts
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Transcript exon prediction -- application to mutagenesis

Trains function f where f(sequence) outputs probability
distribution of "x being a donor/acceptor” at genome positions

Can run:

1. f(sequence)
2. f(sequence + mutation)
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Transcript exon prediction -- Application to disease diagnostics

20 bases| | hgas

| 2z005315| 22095320 =22,005325| 22,005,330| 22,095335| 22,005,340 22,095345| 22,085350] 22,095,355 22,085,360 22,095,365 T
TCCAGGCACATAGGAGGCCCAGGGCTCTCATTTGGACTAAAACTCTGAAACAGCAGGGAAG

—) GENCODE V38 (3 items filtered out) |

300550.0009 [

OMIM Allelic Variant Phenotypes

Apply model with G -> T mutation
Model predicts inclusion of novel exon replicating known result in OMIN.

In fact -- such models act as precise predictors for known splice-altering
disease causing variants.
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Utility
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Interpretation

Interpretation method

Feature importance scores

o | 0 ]
CGTGAGTTTGCATAACAACATA TJ_[I;-,I_?':'AAI s
TGATCGAGGACGAGCTGCATCG —> — | LICCYLvoyye |
GTAGCTAGCTAGTCGATGTGCA

L QIII~CAI écAAIQ ‘
Y
b Perturbation-based Importance scores
Q\ p(BOUnd) C T ~ T T
Reference [[GTGAGTT. . . O 09 - 2]
: ! _— Q _ @—/
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Position
Perturbation impact
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¢ Backpropagation-based
CGTGAGTT... —m——> Predict
- > 0.9
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Gokcen et al. Nature Reviews Genetics 2019
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Learning Strategy
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Gokcen et al. Nature Reviews Genetics 2019
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« More Examples, More Architectures

Gokcen et al. Nature Reviews Genetics 2019
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AutoEncoders and GANs

. Input 7 Loss (@. @)
Cells f
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Gokcen et al. Nature Reviews Genetics 2019
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Attention networks & Enformer model for gene expression

a Input: DNA sequence

Receptive field: ~ 20K0 | Attention networks explicitly model

W‘ (potentially long range) interactions.

Conv. layers (7x)

i Similar to “YouTube” -- it learns “queries”,
e “keys” and “values”. All come from the
DOEQOD Key genetic sequence.
O o Disadvantage (for us) coming from model
Organism specific heads Sl Z e
(ssrswacks | (1,645 tacks J

Output: genomic tracks

DR pllaeee .
il

oL 1

b L

FFE

{

Kelley et al. Nature Methods 2021
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Deep Learning in Genomics
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Examples — Dilated Networks

Genome Sequence, 131 kb

CTCF Enhancer Promoter Enhancer SN CICE 1-hot
—a [ — 2 B code
Convolution Layers

Convolve
) filters
HE EE u! ip F__ RelLU
T e giEEy g
- = ﬁ - Max
pool
- ——
Dilated Convolution Layers
Exponential
‘ 1 1 (R R . [ 1 [ 1 dilating
\ = [T [ Tw] Ta] [ T [ 1 filters
[ [ [T L} NN (=] [ J [
[ I I ! f.." Dense
vov Y connect

Prediction

' DNase-seq

[T

ChIP-seq

- tCAGE
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Kelley et al. Genome Research 2018
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Examples — Dilated Networks
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Examples — Dilated Networks

A 40.78 mb 40.8 mb 40.82 mb 40.84 mb 40.86 mb 40.88 mb
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Kelley et al. Genome Research 2018
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Examples — Enhancer — Promoter - Contacts

A
Sequence 1 Sequence 2 One-hot c o
Input | (enhancer element) (promoter element) | encoding a
Identify : : 1024 kernels ¢
subsequences Convolution Convolution length: 40 = ---
T
l l - Rectification
R
dim:r%ljgr? Max-Pool Max-Pool stride: 20

- Batch normalization
- Dropout

N/

Identify long-range v ShorfeT - (LSTM) g e e 0
dependencies ong Short-Term Memory output dim: Q <_©<_ @
- Batch normalization
v - Dropout
Classify Dense 925 neurons
- Batch normalization
- Rectification
- Dropout
\ 4 > -
Output Prediction Probability of | /| ]
interaction

Singh et al. Quantitative Biology 2019
MRC Molecular Haematology Unit
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Examples — 3D Genome

Training Phase | Training Phase Il

Chromatin Interactions

Chromatin Features Dilated Convolutional
. L A Neural Network
- A &
—_—
_‘._‘._.L_‘._‘.l._
-§ c Convolutional Convolutional
g £ Neural Network Neural Network
o8
= =
O3
85
T &
T

1 kb sequence 1 Mb sequence

Schwessinger et al. bioRxiv 2019
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Overfitting / Underfitting

Tackle overfitting by in practice by:

Optimizing regularization (L1 penalty, L2 penalty, Dropout)

Use more data Error

Early stopping

Validation set

Ensemble

' Training set
0 Early Number of
stopping iterations
point

MRC Molecular Haematology Unit




Dropout

Dropout (mask) nodes during training, use all nodes for applying the network.
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(a) Standard Neural Net
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Overfitting / Underfitting

Tackle underfitting by in practice by:

« Increase the complexity / capacity of your model

o Use more data
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