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Curriculum Vitae

Speaker Name: Mina Rho, Ph.D.

» Personal Info

Name Mina Rho
Title Professor
Affiliation Hanyang University

P Contact Information

Address 222, Wangsimni-ro, Sungdong-Gu, Seoul, 04763
Email minarho@hanyang.ac.kr

Phone Number  010-3460-9257

Research Interest

Translational bioinformatics, machine learning, and (meta)genomics

Educational Experience

1998 B.S. in Computer Science, Ewha Womans University, Korea
2001 M.S. in Computer Engineering, Boston University, USA
2009 Ph.D. in Computer Science, Indiana University, USA

Professional Experience

2009-2012 Postdoctoral Associate, Dept. of Computer Science, Indiana University, Seoul, Korea

2012-2013 Assistant Professor, Dept. of Biostatistics and Bioinformatics, Roswell Park
Cancer Institute, Buffalo, USA

2013-2017 Assistant Professor, Dept. of Computer Science, Hanyang University, Seoul, Korea

2017-2023 Associate Professor, Dept. of Computer Science, Hanyang University, Seoul, Korea

2023-Current Professor, Dept. of Computer Science, Hanyang University, Seoul, Korea

Selected Publications (5 maximum)

1. HJ Gwak, M Rho (2022) “ViBE: a deep learning model to classify viruses using metagenome
sequencing data”, Briefings in Bioinformatics: bbac204

2. ) Jeon, J Lee, SM Jung, JH Shin, WJ Song, M Rho (2021) “Genomic Determinants Encode for
the Reactivity and Regioselectivity of Flavin-Dependent Halogenases in Bacterial Genomes and
Metagenomes”, mSystems: 6(3)

3. Y Park, J Lee, H Moon, Y Choi, M Rho (2021) “Discovering microbe-disease associations from
the literature using a hierarchical long short-term memory network and an ensemble parser
model”, Scientific Reports: 11(5874)

4. HJ Gwak, M Rho (2020) "Data-driven modeling for species-level taxonomic assignment from
16S rRNA: Application to human microbiomes”, Frontiers in microbiology :11

5. SK Lim, D Kim, DC Moon, Y Cho, M Rho (2020) "Antibiotic resistomes discovered in the gut
microbiomes of swine and cattle”, Giga Science :9(5)



Machine Learning

Function approximation

Problem setting:

Set of instances (examples) X = { x1, ..., x"}

Unknown target function f: X > Y

Set of function hypothesisH={h | h: X -> Y}

Input:

Training examples { (x!, y') } of unknown target function f




Deep Learning

REVIEW

d0i:10.1038/nature14539

Deep learning

Yann LeCun'?, Yoshua Bengio® & Geoffrey Hinton**

Deep learning allows computational models that are composed of multiple processing layers to learn representations of
data with multiple levels of abstraction. These met ve tically improved the state-of-the-art in speech rec-
ognition, visual object recognition, object detection and many other domains such as drug discovery and genomics. Deep
learning discovers intricate structure in large data sets by using the backpropagation algorithm to indicate how a machine
should change its internal parameters that are used to compute the representation in each layer from the representation in
the previous layer. Deep convolutional nets have brought about breakthroughs in processing images, video, speech and
audio, whereas recurrent nets have shone light on sequential data such as text and speech.

'Facebook Al Research, 770 Broadway, New York, New York 10003 USA. “New York University, 715 Broadway, New York, New York 10003, USA. *Department of Computer Science and Operations
Research Université de Montréal, Pavillon André-Aisenstadt, PO Box 6128 Centre-Ville STN Montréal, Quebec H3C 3J7, Canada. ‘Google, 1600 Amphitheatre Parkway, Mountain View, California
94043, USA.*Department of Computer Science, University of Toronto, 6 King's College Road, Toronto, Ontario M5S 3G4, Canada.

436 | NATURE

VOL 521 28 MAY 2015

© 2015 Macmillan Publishers Limited. All rights reserved

What is Representation?

# of #, (.)f
malicious
words
words

mail #1 256 0 3 7| s 1 (Yes)
mail #2 56 1 0 3 0 (No)
mail #3 24 1 0 IR [ 0
mail #4 672 0 0 0 . 0
mail #5 67 2 4 = O | 1
mail #6 48 0 2 6 - 0
mail #7 79 1 3 i 1

X! = (m% ,m%,...,m,}z)




Learning representations for images

= Hand-engineered features are time-consuming and not scalable in practice.

= Can we learn the underlying features directly from the data?

Low level features Mid level features High level features

Edges, dark spots Eyes, ears, nose Facial structure

X'=(x,x),...,x} » Z'l=(z,2),....20)

«» body part

¥ o b _.)’ropd
city_.?- ot 0 :

Learning representations for words TR SRR

3 relative | ¢

[1]0.2]0.1|0.3[0.21{0.1| A
[2]0.6[0.310.7]0.61{ 0.5| Aaron
[3]]o.1]0.90.4[0.51 0.7| And

"Leave no stone unturned"
[5,311] [6,251] [8,662] [9,489]
l0.01]

[0.33

‘0,05|

[5,311]f0.75{0.3/0.46{0.4| 0.1| Leave

Vocabulary
Size

o

[6,251]j0.4|0.1]0.9]0.2 [0.6] NO

& X

[8,662]0.910.5 [0.330.05{0.8| Stone

[9,489]0.670.44 0.1[0.2|0.1| Unturned

[10,000]

0.2]0.1]0.7 |0.48| Zzah

0.5
l_Embedding
Size
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Learning representations for graphs
o
. ™ 06} » o
iy y . ® .08 Gge L o
all B
AR » sl - ’. - °
e e -®
= ~® 12{ 09 @
- o s
;o\ \\. 14}
/ L
* . 16}
L -8 18 L - .l 1 1 1 I 1 1
-10 -05 0.0 0.5 1.0 15 2.0 2.5
Graph 2-dimentional embedding
-Nodes are individuals and connected if -Two dimensional node representation
the corresponding individuals are
~ friends. -The distances between nodes in the
b embedding space reflect similarity in the
-,hg nodes are coI.o.red according to the original graph.
erent communities.
: 7
KDD 2014

Learning representations for genomic sequences

ACGCGCTGATGCCCGACACTGACTGACGCG

X! =(z],21,...) 9(A,C,G, C, )
(ACG, CGC, GCGgG, ...)




Learning representations for protein

Sequences can diverge during evolution while maintaining the same function |
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Protein sequence of length L
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Learning representations for protein

b)

ELMo One-hot Structural
embeddings encodings features
I.i Amino
QN N - - acid-level --{ |l
L| F features
1024 26 17
k-mer
Average counts
1 ! 7 1 [ 1 ITI ]_ o Protein-level L
1024 26 1024 features

Protein 3D structure

DeepFold

-[ 1

398

Contact
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Image

gg

Graph adjacency matrix

R
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Learning representations for chemical compounds
CHp C G
HC TCH ¢ e
| | = | | =% | = c1cecect _
Hzc\CH/cm C\c P c\\C G I !
2 -
HyC—CH,—N—CH,—CHj
CH; C
(I: cl CCN(CC)CC
IR 1
HC \‘C' kc (a) CC1=CC(Br)CCC1
ch CH ch (b) CC1=CC(CCC1)Br
CH{ Br \
chemical One-hotcoding C C 1 : - :
compound
1j1(o|o}].|oO
CHy SMILES representation
CC1:C:C:C:C:C: R R LR AE
* » ojJo|of1].|12
11

Learning representations for chemical compounds

o To obtain words from each molecule,

@("” the Morgan algorithm was used to
Sentence extraction 5
847957139, 2592785365 ... generate all atom identifiers at radii !;:
Corpus: 19.9 million compounds . b

L = L 0 and 1, resulting 119 and 19,831
identifiers.
“"7"51""-“" 3“'3r"‘"< Identifiers are ordered in the same order
02,00, ooo] 103,05 o] e as the atoms in the canonical SMILES

High dimensional vector representations of
Morgan substructures

Lookup
table

representation for consistency reasons.

12
J Chem Inf Model 2018




Models that are composed of multiple processing layers

Xy

B (x| - |

m k
zi=wyl + Y zjw Zk,i Z'wc(),s) + 9(zk-15 Jwj;

k1 Jsi ‘
=1 j=1

di
~ 2 2
§i=gwid +Y gz )wi?)
i=1

BT

13

Loss optimization

* The loss of the network measures the cost incurred from incorrect predictions

* Cross entropy loss can be used with models that output a probability between 0 and 1
L(§,y) = —(ylogg + (1 —y)log(1 - 7))
y=1:L(§,y) = —logy ]
y=0:L(j,y) = —log(1-§) | 7

N
W)=+ Zl: L(f(z; W),y) ?

W?* = argminJ (W)

14




Neural Network

true class = 2 true class = 1

true class =7

true class =7 true class = 1

true class =0 true class = 4 true class = 1

true class = 4 true class =1

true class =9

true class = 4 true class =9 true class = 5

original image 28 x 28 grayscale 0:255 features permuted randomly

true class = 4

true class =5

« images are 28 x 28 pixels
* represent input image as a vector x € R

« Learn a classifier f(x) such that
fix —»{0,1,2,3,4,5,6,7,8,9}

15

Feature maps

Convolutions Subsampling Convolutions Subsampling Fully connected

16




Convolution neural network

= Each convolution can be seen as a locally-connected neuron sliding

on the entire input features

FULLY CONNECTED NEURAL NET LOCALLY CONNECTED NEURAL NET

Example: 1000x1000 image
1M hidden units
‘ 10”12 parameters!!!

Example: 1000x1000 image
1M hidden units
Filter size: 10x10
100M parameters

where i,j K d

17

Learning representation with CNN
. Convolutional Neural N k
one-hat coding onvolutional Neural Networ
DNAsequence A |21°]0[0[2].- olofofaff L ©
T (o|1]ofo|o].. ofl2]ojolo]].| . £ o0
ATGGA.. — - = | — T ¢
6 [o]ofa]2]o].. of o[a]ifol].] & o0
¢ {o|ofo]o]o].. ol o]o]o]o]] »
AT GGA
Learned filter
Al
b
chemical One-hotcoding C C 1
compound
. 1f1|0]o0 0
CH; SMILES representation noToTols 5
m) cci:c:c:c:C:C: W, 1 TPl ol =
1

HE

Learned filter i
e o : chemical
e = ik motif

18
BMC Bioinformatics 2018




Learning representation with CNN: DeepVariant
{Decpvariant M vcopvarantonnwainng M Plewpimago ovalaaton
| ] |
| Ao Rearce || g ais I :'cmzj:;:
| | | 1] Pileup ": Reads
| ‘ I — I
| |
Find candidate variants and I ol Shasthg

: e e I: genotypes CNN
| ]
| I 7
B B || (e ¥

1
| " :_ !

! Stochastic | |
' " i WcoNﬂc':m ?m : " Convolutional I
| oy 1) oo !
l ! AL |
| | e e - N Hom-rel _Het Hom-alt |
! I i i |

Trained
| n CNN h Heterozygous variant call |
\ 7 | e NI | SN
19
Nature Biotechnology 201§

Learning representation with CNN: NeuSomatic

BN; Pool 172

20
Nature Communications 2019
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Prediction of drug-target interaction using CNN

|

output
ﬂ = The identification of novel drug—targe
T — (DT) interactions is a substantial part of
_ _Dropout | DeepDT; .
e — - the drug discovery process
L =l .
Fe ;E:! = A deep-learning based model that uses
Sy only sequence information of both
| —— | targets and drugs to predict DT
@ @ interaction binding affinities
CNN Table 6. The average r? and AUPR scores of the test set trained on
Blocks [_coma | five different training sets for the KIBA dataset
% Proteins Compounds 72, (std) AUPR (std) ,
KronRLS S-w Pubchem 0.342 (0.001) 0.635 (0.004)
T (Pahikkala Sim
’ Embedding ‘ etal.,2014)
L layer SimBoost S-W Pubchem 0.629 (0.007) 0.760 (0.003)
Label (Heetal., Sim
\ encoding ‘ 2017)
T DeepDTA CNN CNN 0.673 (0.009) 0.788 (0.004)
I 1
MEVKREHWATRLGLILAMAGNAVGLGNF . .
Sequence
21
Bioinformatics 2018
Word embedding with a simple neural network
books
laptops
output distribution
9§ = softmax(Uh + by) € RV
a /
U
hidden layer
o000000COCDOOOO®
h=f(We+b;) [ - ]
W
concatenated word embeddings
). (). .(3). .(4) (o000 oco0oe o000 o0o000]
e =[e'; e\ e e'?]

|

words / one-hot vectors the  students
m(l)’m(2),m(3),$(4) :B(l) :3{2)

| ]

opened their
2(3) @

22

-11 -



Embedding in RNN

3% = P(z®|the students opened their)
books
laptops

output distribution

#") = softmax (Uhm + bz) eRVI

a zZ00
U
jNE)) 5E)) R

hidden states ® @ (©]
() _ (t—1) ) o W:. |lo| W, |@
RO = o (Wih0) + Wee® +b,) . " @ o
h'" is the initial hidden state @ @ (0]
_ o o o
word embeddings @ e®)| @ @) @
() — (1) @] (@] (0]
g =Eo o @ )

T T

words / one-hot vectors the  students opened  their

=® e RIVI D 22 23 (@)

23

Encoder-decoder model

Target sentence (output)
Encoding of the source sentence. A
Provides initial hidden state
for Decoder RNN.

N

4
h

e hit me with a  pie <END>

z g
b 8
= o
= m
]
S o
c =
wi Z
. ) .
il a  m’ entarté <START> he  hit me with a pie
¥ J
Y
Source sentence (input)
24
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Encoder-decoder model

OUTPUT (Learning is fun)

A
> Internal . .
Representation

|
INPUT (Lara sig ar kul

Input Contextualised

Embeddin E i
neuT (LYDL ...) g SEncoder Embedding " Internal
(Amino acid) ‘ Representation

Machine
Learning — Classification/Regression

Model

25

Elife 2023

Encoder-decoder model

Use encoder-decoder model to generate efficient representations
L=~ 2|*

= ||z — d(e(z))||*

neural network neural network 1
encoder decoder -

Instead of encoding an input as a single
< point, encode it as a distribution over the
z=e(x) x=d(z) latent space.

JLAERNENEE

L=|lz— 2> + KL[N (2,0, ),N(0,1))
E reconstruction regularization
neural network
decoder
o ’
z~Nip o, x=d(z) “ O ‘. -~

26
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Encoder-decoder model

Integrated multi-omics analysis of ovarian cancer using variational autoencoders

Enc?der

27,579
256*23

Dec?der

c c
i 5]
k: s
£z -3
<zt 32/64/128 Latent Features Vector é
=] z=p+0€ [=]
/1 o €~N(, 1) /
g
g i 2
2 83 3
Z ~
& <
< =
Z £
<
E 0 s BT 1
! 2
$ g °1| 8
o©
@ L2
£s
il
I | - | L |
Input Layer Hidden Layers Bottleneck Layers Hidden Layers Output Layer

27
Sci Rep 2021

Attention model

Weighted sum of encoder

N
a; = Z ath; € R" |hidden states based on the
=1

attention distribution

Attention

Attention
distribution|

Softmax| )

at = softmax(e?) € RY

Do roduc] e

Attention
scores

e' =[s'hy,...,s] hy] € RY
@
E
Encoder hidden states -4
(78]
hi,...,hny € RF
Decoder hidden states

St ERh

\ J

,

<START>

m’  entarté

Y
Source sentence (input) ;
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3 heady,  head;  head heady
Concat{head,, ..., head),) = ﬁ @ @ @
L I
. Brpges = dy %1
Self- attention model
Ititead(Q, K,V) = }m.:ﬂ. ® [
Qutput
Probabilties — .
T Dmadat
Add & Norm
Feed
Forward )
_—n—) —
Nx 'AGd & Norm
Multi-Head
Aftention
LN =
Positional
Encoding
erbeeens |
T T K Q
S—
Inputs Outputs
(shifted right)
2 Attention(Q,K,V) = softmax (ﬂ) v
1 — o il Vi, I love y
X WQuer}'G % 2) =} QUET Yipre Query, K- Hiveyer 4
P — you
g ! [] Kex,
. love — X Wiey(4%2) - b KeYiase ,(M’) : el
you = KXo <
o Value,
X Wyaiue (4 %X 2) H— = Value,
L Valiteye,
0 Q, K, Vembedding NIPS, 2017

Self- attention model

N- QOO OO0O0O0O0O0®OO00C

R D
R X inference
R D N
K E
X £ constraint
K E
w v contact in 3D
W Vv
' t T
d coevolution Cc
el o' u
oaE i
=" "
e I- -I --
i e S
u L .
]
reconstruct contact map
30
Nature 2021
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Self-supervised learning

Supervised Unsupervised Self-Supervised

Labelled Dataset Unlabelled Dataset Unlabelled Dataset
X,y b b
‘
{
X, Z —
‘ '
4 4
X Z
| |
L~ L—

Self-supervised learning with image data

Pretext task

S ey
Self-supervised Pretext Task Training

Unlabeled Dataset Transformation Prediction

| I
! :
1 1
: . : z=90° z
& .- | T p—
| H 1 w .
I " N — —
: : *

Masked Prediction

Knowledge Transfer

Supervised Downstream Task Training
Labeled Dataset

.I ;
Lo

—_— 7

32
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Self-supervised learning with protein sequences

Biological structure and function emerge from scaling
unsupervised learning to 250 million protein sequences

Alexander Rives™®2(), Joshua Meier™', Tom Sercu®', Siddharth Goyal®', Zeming Lin®, Jason Liu®, Demi Guo“?,
Myle Ott?, C. Lawrence Zitnick?, Jerry Ma®*3, and Rob Fergus®

°Facebook Al Research, New York, NY 10003; *Department of Computer Science, New York University, New York, NY 10012; “Harvard University,
Cambridge, MA 02138; “Booth School of Business, University of Chicago, Chicago, IL 60637; and “Yale Law School, New Haven, CT 06511

Edited by David T. Jones, University College London, London, United Kingdom, and accepted by Editorial Board Member William H. Press December 16, 2020
(received for review August 6, 2020)

Biological property
oC #® Negatively charged
.G S P B Positively charged
oM
@ Hydrophobic
:’ ol 4 Aromatic Trained a deep
°
+F #W | o poar contextual language
, - model on 86 billion
2 Unique A K
amino acids across
Size .
e Small (<120 Da) 250 million protein
® Medium (120-150Da)  sequence
@ Large (>150 Da)

33

PNAS 2021

Self-supervised learning with protein sequences

Model Params Training ECE
(a) Oracle 1
Uniform Random 25
(b) n-gram 4-gram UR50/S 17.18
(© LSTM Small 284 M UR50/S 14.42
LSTM Large 1134 M UR50/S 13.54
(d) Transformer b-layer 426 M URS0/S 11.79
Transformer 12-|ayer 85.1 M UR50/S 10.45 Exponentlated Cross

(e) Transformer 34-layer 669.2 M UR100 10.32
Transformer 34-layer 669.2 M URS0/S 8.54 . . .
Transformer 34-layer 669.2 M UR50/D 8.46 which is the exponential

()  Transformer  10% data  669.2M  URs0/S 1099  of the model’s loss
Transformer 1% data 669.2 M UR50/S 15.01 averaged per token
Transformer 0.1% data 669.2 M UR50/5 17.50

entropy (ECE) metric,

the low-diversity dataset (UR100) uses the UniRef100 representative sequences
the high-diversity sparse dataset (UR50/S) uses the UniRef50 representative
sequences

igh-diversity dense dataset (UR50/D) samples the UniRef100 sequences evenly
UniRef50 clusters »

PNAS 2021
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Masked Language Model

X is the masked version of x, we’re learning p(x| X )

* replace some fraction of words in the input with a special [MASK] token

* predict these words.

went to store
3 4 f
Transformer
Encoder

N |
| pizza to the [M]

[M] to the [M] I
[Replaced] [Not replaced] [Masked]

35

Pre-training of deep bidirectional transformers for language understanding (B F

NSP Mask LM Mask LM \ /@ /Mm Start/End Spah
E o
T

-
el
Masked Sentence A > Masked Sentence B Question Py Paragraph
Unlabeled Sentence A and B Pair / Question Answer Pair
Pre-training Fine-Tuning

* Apart from output layers, the same architectures are used in both pre-training
and fine-tuning

* The same pre-trained model parameters are used to initialize models for

different down-stream tasks

ine-tuning, all parameters are fine-tuned. e
\ NAACL-HLT 2019
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Task-specific Training

Pre-trained bidirectional encoder representation for DNA

(@ RNN CNN Transformer (b)
S O-0O-E-C-0 O D - OO I:] D = =
4 T t ¢ $ wx.)u/u ‘ .. { Clasaiior
ﬂ!i“ﬂ!iéiﬁlléi _—
T T : kG O O O

Classification result of
original sequence

t
| || o s e [ e o e

EEIEEE -E S
emonaang [ (B B (o] [ ] [ e B [ ][]

Feed 10 the Embedding layer
[MASK] [MASK] [MASK] CAG [SEP]

[CLS] AGC GCA CAC AC

-
4

i Mask (Only in pre-training)

-C G TGC GCA CAG [SEP]
t Tokenizo

AGCACTGCTAICAIGCT1GCAG

[CLS] AGC GCA CAC AC

37

Bioinformatics 2021

a
- "
...TGATTTGAGTG... ...TTGAACCTTTC...
sequenced reads
[CLS] . AG ... [SEP] ... TT .. [SEP]
Host read filtering
[CcLs) .. 1o Tm_u:s-_q_(n:a_sx-]lu_afx_] '.“fl' .. [SEP] ... TT .. [SEP] (bowtie2, Kraken2)
Max:' 512 |
(b) maln-level

M..-IEI E]EHEI[EIIE[E! IE] EHEHEIEIEEI IE]
ez, [ @@@@IEHE [Ea- @-@IIEIIEEI [

Bacteria Phage DM viru

(c) (

Input embedding:

(7 2\
Multi-Head
If-Attention

J

)

%20|q-19p0dU JAWIOJSUR

@ Queries (n x 512) )
Order-level Order-level
((Linear ] Linnear ] l_irjlear ] DNA 507250 RNA1s0250
12 Scaled Dot-product
Attention
| ./ R
(concat ] -
= Lowerlevel ] Lowerjavel ]
classifier classi
LSOO Lower-level
[ Softmax ] classifier H
[Confidence score for each labels] | | Seeereesssssssessssmnissssssssssnnnen Optional ...

38

Briefings in Bioinformatics 2022
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Predicting the lifestyle for bacteriophages using BERT

Sequence
Raw Input

Protein

Sentence

E;k::dding |Ees| | Eeen|  |Epcol m
Embedding

+ + + + + +
e, BB B
Embedding

= Used all the phage proteins from the RefSeq database

Clustered to generate protein token ID

39
Briefings in Bioinformatics 2023

Predicting the lifestyle for bacteriophages using BERT

I Dataset | [ Embedding | BERT-based model

A Self-supervised learning
Token

Masking
All RefSeq phages ﬁ ﬁ
(

& (
Pos embedding

< > O e g
Vocabulary Token embedding Reuse
B Fine-tuning B parameters

L

[] Data augmentation

e

IO, S

Classifier
(Fully connected layer + SoftMax)|

40
Briefings in Bioinformatics, 2023
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Various networks (Graphs)

"
/N

Citation network

NH,

L4

Gene network Metabolic pathway Molecules

o, .
. \ gl
ZNRF3 IGFIR
& .

Complex domains have relational structures, which can be represented as graphs
41

Graph representation

* Graph is a data structure that consists of two components: nodes and links
* We use graph data structure to represent relations (links) between entities
(nodes)

* Relations can be represented by using adjacency matrix

B & 0 |1 (1 |0

/ ; 1 (0 |1 (0

1 (1 |0 |1

a / 0 (0 |1 |0
1

G=(V,E) Adjacency matrix

V={1,2,3,4}E={(4,3),(3, 2),(1, 2), (1, 3)}

42
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Graph representation

Graph representation is defined as follows

G = (V,E,R,T)

v; € V{_ Nodes with node types

eij € E Edges between node i and node |
T (v;) Nodes type

Tij € R Relation type

Nodes and edges can have features

43

Graph representation learning
L N
- = 061 » .‘
/ . “ ® 08 Ggye ] o® »
. .‘—ﬂ\, =4 » 1.0} ¢ - ,. - @
7L\ @
Z_—— 3 12|09 ®
< —e *
NS = 14}
- 16f
* k3 18 L - ‘I 1 n 1 : ] i
-10 -05 0.0 0.5 1.0 15 2.0 2.5
Graph 2-dimentional embedding

* Agraph does not exist in Euclidean space (hard to represent by any coordinate
system)
Graph representation learning (embedding) transforms nodes and edges
= cluding their features into vector space that maximally preserve properties of

ructure and information

44
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Graph representation learning (node embedding)

d-dimensional
embedding space

Input network
fiu-R?

Node embedding maps nodes to d-dimensional embeddings such that similar

nodes in the network are embedded close together

45

Tasks based on the graph structure

Node classification

- predict a type of a given node

Link prediction
- predict whether two nodes are linked
*  Community detection

- identify densely linked clusters of nodes

Network similarity

- predict how similar two (sub)graphs are

Graph-level prediction/classification

46
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Node classification

v

47

Link prediction

Co-prescribed drugs Side Effects

f > |}
® —>

prob.

48
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Link prediction

E Polypharmacy E
side effects

Simvastatin

__Doxycycline

Mupirocin

|\
\ A<

e

A Drug O Protein H  Node feature vector
r1 Gastrointestinal bleed side effect A&—O Drug-protein interaction
I'> Bradycardia side effect O—O Protein-protein interaction

. R

49

Graph-level prediction/classification

Chemical landscape

Directed message Large scale predictions
ROCHN, H s passing neural network (upper limit 10° +)
N - T

Conventional small
molecule screening

o =
COH P il

penicillins A
S F el ¥

d
3 }9
ROCHN, N i
j;‘/ 5 Training set
F

Chemical screenlr&g
(upper limit 10° )

(104 molecules) lterauve

l re«tralnlng
COZH

new bond M h' | -
oxacephems vector lachine learning
concat l

H / t Predictions &

Hit validation
(1 - 3% hit rate)

model validation

HO

)R t wm .
N Q H V4 Lead
- @[ o N ——> | identification | «— /
2l bond 2-1 O fantibiotic] & optimization
carbapenems J - ~/
50
Cell, 2020
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Graph Neural Network: how to do embedding

encode node m _ decode neighborhood
i *
2]

VA
(embe&lding)

S[u,v] 2 Alu,v]

ENC:V — R
DEC : R% x R* — Rt
DEC(ENC(u), ENC(v)) = DEC(Zy,%Zy) = Z,2Z,

L= Z ¢ (DEC(2y, 2, ), S[u,v]) = > DEC(zu,2) - S[u,].

(u,v)e'D (u,v)G'D

51

Graph Neural Network: aggregation

TARGET NODE

|

hv,

@«

INPUT GRAPH

Layer-2 Layer-1 Layer-0

. Key idea is to generate node embeddings based on local network
neighborhoods

- = nodes can aggregate information from their neighbors using neural

52
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Graph Neural Network: aggregation

53

Graph Neural Network: aggregation

TARGET NODE

|

ey

o

INPUT GRAPH
Layer-2 Layer-1 Layer-O0

h(*+1) = yppate*) (hg@, AGGREGATE® ({h{M, vv € & (u)}))

h{F) =0 Wéfl)fhﬁ‘"” + W:r(j;ggh Z h{*~1) 4+ p*)

vEN (u)
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Graph Neural Network: aggregation

b = o | WY + Wflggh > hiY4p®
veEN (u)

(k) A7) d®) 5 (k=1
wself’rwneigh € R 7><

0  an element-wise non-linearity function

h&o) = Xy, Vu € V.

z, = h) vy ey

55

Self-supervised graph transformer on large-scale molecular data’

Subgraph masking Prediction

Node Embed Edge Embed ~, o
N Y
1
( LayerNorm J ( LayerNorm J )
node/edge
~ .‘p" :\
s § S N {7
—’[ Concat. ,_] ( Concat J'— | I} E
Wi Wi o
I masked part
( LayerNorm ) Long-range
idual . . L.
= Graph-level motif prediction
connection
Semantic motifs from -
domain knowledge Graph-level Prediction
@ o 0
R WA
R >“on - R=CHs
R—CH:s n,o_t& —_—
(g’ N - R—caq
ph
Input Graph ]— . mah

NeurlPS 2020
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Self-supervised framework for learning global representation

/ (A) PHD AttrMasking \
F ; O Collection node
/ i v Virtual edge
Lesmed ation fC.N,0,5,...}
4 i/ & Decomposition
Imput Molecule
7
Readout From same source
/ % or not
(p=05) / & / r IC.N.O,S, ...}
GNN o—M
\\MD.RW,H Goph Add Collection Node =Masked nluy

(B)

©) MolGNet
Unlabeled Molecule Library Self-supervised strategy Input Molecule é
3 o :

ks
L ]
L &
.

Transfer

MolGNet

Learned Representation

e

Capture chemical knowledge

Drug discovery tasks
" Molecular properties
. [1]4]]
\

DTI

Briefings in Bisinfarmatics, 2021

Knowledge graph-enhanced molecular contrastive learning

Cc based p Q9
Element-guided augmentation Contrastive learning
o = hg Z
@ y G e
- Retrieve 4 ve J u
— " (c) = Dlodonl s S — i ® . s { —. —-d —
w, O @,,® 'l&- = S
Input Original molecular . Elementrelation (@ 9 d molecular Graph encod P Maximize
molecule araph G ElementKG subgraph araph G ) gt agreement
(element knowledge)
I Ru/Sed) A J
-f- -
R h g
L]
hy g
Prompt-enhanced fine-tuning Parameter
sharing
] . R =
oén s Stimulate {% _. = —~m
= Property
- Prompt (e G
nced Pre-trained Property prediction
Input molecule Molecular graph meumhg.mph graph encoder network
1. Functional group detection 2. Functional prompt retrieval 3.F L prompt embedding
S
Carboxamide: B
| |
Phenyl: i = ! P — I
i Mediator:
ElementKG Nitiosor B S : F
““"ﬁmg;?"” ; Self-attention prompt
Entity embedding
Functional prompt generation
Nature Machine Intelligence, 2023
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Graph contrastive learning for molecular property prediction

) ) P i® i
i i : i w | !
Readoit 'I'—'—“'}l P ECTETz : !
o L A iprojection . py Ty 28" | ! :
P CECmCmAg ; b 2 | ; i
N SN W] | PorrmTmz? 5
Readont [ 1 W[ 1 A projection ! -1 W1 22 | : :
T 2 : d @) i i
| Pl e A : | Tz i ]
| oo i : i : i !
v : — P e
: || Graph Embedding | Proj Head 3 | Latent Vector | ' 4
! {0 ' i : 3 o : positive pairs |
1 B i : ) ' H == : negative pairs |
frmmemmmeed e (F S D A S S o S a e e " R e N A R A A S SR A R AR i
Parameter (a)PreGCACLNet
®) Joint Loss @©
Pusitive £= Ly Y Lsupct Positive or Negative ?

o : positive pairs
== 1 Negative pairs

(b) FinGCACLNet

CasANGCL

Briefings in Bioinformatics, 2023
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