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B fRALEE  (Image Processing) D FfiT
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HSAS B2 (Natural Language Processing)
BRHPEEBOBOBRIZ T TIEARL, MGEELC
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= 3 55 D Physical, Physico-Chemical, Chemical, and Biological Properties
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1t &#) D Pharmaceutical Kinetics and Dynamics (PK and PD)
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Protein-Protein Interaction (PPI)
REE M OEERTA & & Engineering
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aFEET (1)
RUNRTBEDOT I/ BESA L. BEY A &Y Y N % Identify (Affinity)
aFaEr ()
278 - AL B DIESEED 3D Structural Docking (& Affinity)
EEAHOEFIEE
FIEBMME, PKand PD. 2. HFFRET (D) |
> YE D4 7 HEE  (Properties) ’P_&ETZ!S&FE (Reactlwty) ZBRET D720
D EHE
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Fully connected layers
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R

Input format: amino acid sequence

\

Input format: SMILES

(Converted to embedding using word2vec) (Converted to embedding using RDKit and GCN)
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Brief History of Artificial Mathematical Neural Network

Beginning of Mathematical Models in Neural Network Fields (1943)
Artificial Neuron
Mathematical Model of Neuron Proposed by McCulloch and Pitts
McCulloch, W. :  neurophysiologist
Pitts, W. . mathematician

1st Era of Artificial Neural Network Model (1950’s to 1960’s)
Perceptron : a Feed-Forward Neural Network Model, Proposed by Roseblatt, F.

In 1956
Computing Deep
Machinery Backpropaga Boltzmann Restricted Boltzmann
and ADALINE tion Machine Boltzmann LSTMs Machines
Dark Era Intelligence Widrow & Werbos (and |Neocogitron Hinton & Machine LeNet Hochrelter & Salakhutdinov GANs
Until 1940 Alan Turing Hoff more) Fukushima Sejnowski Smolensky Lecun Schmidhuber & Hinton Goodfellow
! % ? -- !
@ ® @ o @ o
l L j— A
Neural Nets Perceptron | XOR problem Self Hopfield Multilayer RNNs Bidirectional Deep Belief Dropout Capsule
McCulloch & Rosenblatt Minsky & Organizing Network Perceptron Jordan RNN Networks- Hinton  Networks
Pint Papent Map john Hopfield Rumelhan, Schuster & pretraining Sabour, Frosst,
Kohonen Hinton & Paliwal Hinton Hinton

Williams

D. Mourtzis and J. Angelopoulos, Int. J. Adv. Manuf. Syst. (2020)




Brief History of Artificial Mathematical Neural Network

2nd Era of Artificial Neural Network Model (1980°s to 90°s)
Feed Forward Multilayer Network : Learning (Training) by Back Propagation
Hopfield Networks, Boltzmann Machine, Cognitron (1975)
Cf)
“Expert System” : a System for Exploring the Accumulated Knowledge in
Relevant, Specific Fields

3rd Era of Artificial Neural Network Model (2010°s to the present days)
“Deep Learning” : a Trigger of the Beginning of this new Era.

Computing Deep
Machinery Backpropaga Boltzmann Restricted Boltzmann
and ADALINE tion Machine  Boltzmann LSTMs Machines
Dark Era Intelligence Widrow & Werbos (and |Neocogitron Hinton & Machine LeNet Hochrelter & Salakhutdinov GANs
Until 1940 Alan Turing Hoff more) Fukushima Sejnowski Smolensky Lecun Schmidhuber & Hinton Goodfellow
l ’ ? ! ¢
! : ‘ ¢
Neural Nets Perceptron | XOR problem Self Hopfield Multilayer RNNs Bidirectional Deep Belief Dropout Capsule
McCulloch & Rosenblatt Minsky & Organizing Network Perceptron Jordan RNN Networks- Hinton  Networks
Pint Papent Map john Hopfield Rumelhar, Schuster & pretraining Sabour, Frosst,
Kohonen Hinton & Paliwal Hinton Hinton
Williams

D. Mourtzis and J. Angelopoulos, Int. J. Adv. Manuf. Syst. (2020)




Brief History of Artificial Mathematical Neural Network

Neuron Model Proposed by McCulloch-Pitts (1943)

Biological Neuron

Inputs

Dendrite 31:,1 {'2

/
i ¥V

Myelin sheat

Myelinated axon

l—

T. Fukuchi et al.,

Heaviside
Step

cell bady Outputs

41 II
L - |
\ — Axon ::erminal
X
/ 2

McCulloch-Pitts Neuron Model (1943)

https://link.springer.com/article/10.1007/BF02478259

Summation of inputs

n
g = E XiWi
i=1

Function

Activation Function
1(g>0)

®© y

y:f(g):{o(gso)

https://www.sciencedirect.com/topics/mathematics/heaviside-unit-step



Perceptron-Type Neural Network

Activation Functions and their Derivatives

tanh(z)

. 1 / k 1 1
y max (0, z) Alz <0} =e” —1 Alz20) =2

A (2) A’ (2) A (2) A’ (2)

05 e 05
(14 e=2)°

cosh™(z)

max (0, 1) Az <0)=¢* Alz=20)=1

-1 1 e 1 i e ] i > 1 1 e

Figure 4: Some of the most common activation functions and their first-order gradient. From left to right: the
logistic (sigmoid) function, the hyperbolic tangent, the Rectified Linear Unit (ReLU), and the Exponential
Linear Unit (ELU).

https://www.researchgate.net/publication/346898697 Thermodynamics-based_Artificial _Neural Networks for constitutive_modeling



Perceptron (3 layers)

Activation Function

1
o(z) = 1+e™?
, do
o (Z) = E
e—Z

— — X
(1 + e~%)2 1+eZ

=0(2)(1-0(2))

Backpropagation

1

Input
layer

OO0

1.0
0.8 -
0.6 -
0.4 1
0.2

0.0

Multi Layer Perceptron-Type

Neural Network

Hidden
layer

Output
|<::) layer

—> Y VS Y
| owy ggperlwse
Ignals
O :
Sigmoidal
Function

-10.0 -75 =50 =25 0.0 2.5

5.0 7.5 10.0



Perceptron (3 layers)

Backpropagation

Hidden
Input layer
layer k::)

®_,

0,

Multi Layer Perceptron-Type
Neural Network

Output
layer

Yij .
’ <::>“"3G‘V55%
Wy, Supervise
Signals

W, = (w; )

= Zj wijyj = Woy®

Products of Matrices and \ectors




Backpropagation

Error Function / Loss Function

1 A~
E=-%i—9)*

Input
layer

dE _ 0FE dWU
dt  Zaow;; dt
l
tB<, ZZT
= — e e (%)
dt aWU
cH L

dE JE \°
O f 8
dt - aWU

l

ERY), EIXEZ AU

®_,

Hidden
layer

O

2
O

Multi Layer Perceptron-Type
Neural Network

Output
layer

Yij .
’(::>‘_*TViV55%
Wy, Supervise
Signals

t(r)
f(r)

E OF CF
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f(r)

Gradient (grad f (r) )

t(r)

Multivariable Function

|so-Surface

f(r

)(\f(r) — El (constant)

r=4xY,2)

Steepest Descent Minimization of

t(r)
t(r)

E OF CF

(

)




Backpropagation

Error Function / Loss Function

E = %Zi(%’ — 9 + R(w)

Training/Learning (#3&) (Z¥1F 5 Overfitting
(CBFE) #[EEET 5712, Regularization
(EEEME) WEELREE| ZRZT,

> L1 Norm, L2 Norm % &AL < AAWLvon s,

Overfitting : Training Dataset (ZX$ L TIlF1EL
CHATBH. REDTest Dataset (2 1FE8 - 7=
HN%5252 &,

Input
layer

Multi Layer Perceptron-Type

Hidden Neural Network

®_,

layer

O

2
O

Output
layer

Yj .
’<::>‘_*TViV55%
Wy, Supervise
Signals

t(r)
t(r)

E OF CF

( )




Backpropagation

dE _ ) dWU ) -
dt ~ L.ow;; dt Error Function / Loss Function
o2 E =% — 91

dt GWU (%) o &I\ L

Chain Rule [Z & V)

an] ayl axl an] (yl yl)o-(xl)( O-(xl))y]

LT AN
(.) aw, aWUZWUy]’C% ), wy CIRED T DT, yjd)%kﬁ»%%)
£27TC, (%)X
dWU R
dt = —(y; — )’i)U(xi)(l - U(xi))y]'
Aw;; “
== = 900 () (1 — a(x)y;

Aw;j = Wi(jn+1) - Wl(]n) —At(y; = 9o (x)(1 = o(x))y;



Backpropagation
db _ " 0E dwjx Wgtjlyiin
TPAtT A B e
dwy ~ OE ' ' '

. |
®—’®—]’®_’y1 Vs J;

Wik Wij

Chain Rule & V) i Q

aW]k B Oyl axl ay] ax] aW]k

= (v = 9o (x)(1 — o (x))wijo(x;) (1 - U(xj)) Xl

27T, (W&
dw:
c‘;zk =~y — 9o (x)(1 — o(x))wijo(x;) (1 - G(xj)) Tk
Aw:
ALZR =~y — 90 (x)(1 — o(x) )wijo(x;) (1 - J(xj)) Tk

Aw;; = Wj(,:lﬂ) — Wj(:) = —At(y; — yi)a(xi)(l — J(xl-))wija(xj) (1 — a(xj)) X



Backpropagation Vanishing/Exploding
Hidden =~ Gradient Problems

ar e d; Input layer Output
7k layer O layer
dwj, ~ OE ' '

. |
®—’®—]’®_’y1 Vs ¥

Wij

Chain Rule & V) i Wik Q

aW]k B ayl 6xl ay] 6x] aW]k

dw:
C‘gk =—(y; — yi)U(xi)(l — U(Xi))WijU(xj) g 1- U(xj) zxk

Aw.
ALZR = —(y; — 9)o(x)(1 — a(x))wijo(x;) S 1-o(x;) Zxk

Aw;; = Wj(:-*_l) — Wj(:) = —At(y; — yi)a(xl-)(l — J(xl-))wl-ja(xj) (1 — O'(Xj)) X

= (v = 9o (x)(1 — o (x))wijo(x;) (1 - U(xj)) Xl




Vanishing/Exploding
SERDEE & IR Gradient Problems

JR[A ¥ Back Propagation (C8 1} 5
Activation Function D4 & Weight @ “H 17 &>

ZRRVIRLEITT S EICHRD70 ! INzRETH72HICIE UTD 3200
EARTY,

RelL U (used as an Activation Function)
Batch Normalization (Cf. Mini-Batch)
Skip Connection (= Residual Network.  Cf. ODEnet)

etc.

£#2E . Scikit-Learn, Keras. TensorFlow|Z 2 32tk 73 5520, Aurélien Géron &



f(r)

f(r)

|so-Surface

Gradient (grad f (r) )

Steepest Descent Minimization of

Multivariable Function

f(r

f(r) = E,
—grad f W\
f(r)=E,

*

=e Ez/\
r=4x,v, 2)



Vector, Matrix, and Scalar Product

1| Vector R
y
r=(;)=x((1))+3’((1)) e; 2 e r:(
€1 (0 0
. > >
“Basis Set (BEK)” 0 eq X
=xe;t+ye,

Basis Set: {e;}7; & 0 IFEIERL, {e}}7, ([(ZE{L3E3E,
r=x'e; +y'e;

ERRD, EIUAINL r THOTH, BIORER x', y' (CEEENS.

BEEHNDERES 1 @ Basis Set Z4F(C,
“Orthonormal Basis Set” (IEARERZEEK)

EWLVD. FD—HE(C, Basis ESUNERTRWVEE, “RRBER" £LVD. > TIVILA
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Vector, Matrix, and Scalar Product

Matrix

a, = A A 2 X2 ® matrix
= 2D0OMDZFIIHININL a4, ay ZANRTZED (1)

, EEZDo

Y

2

BIE® Basis Set eq, e, ZEHI 3L,

Aeq, = A(é) = aq

t@b, a, ar ZEIDHE 5.

Ae, = A (O) = a, = Matrix (& Vector ZiARTZED !

1

W, FEEORD eq, e, BAMANTEREEITDE,

e1| |ex| | =1 |a1] |a2 DI, Matrix DFEICESHRZ SN,




Vector, Matrix, and Scalar Product

J:D_EQ(:, €1, €2 ZEE DRI P1, P2 L9,

( p¥ Matrix OENIE
Ap, = A (py> = FLTHEDDE
1

.\

| >AP1P2

= Matrix (& Vector ZARZEDTHIEN TN B,

Ex) 2 x 2 @ Matrix OENIEADIGH = 1 x 2 DRI ML2DICDERUTE XD

A
|
I 1 f \

a a 2 -3 _ Zal _3a’1

2 { ( ! ? )(5 4 ) N < +5a2 +4a2 2
RN \ \J

ZNEN 1 x 2 ORIV ZNEN 1 x 2 DHENT NIV




Vector, Matrix, and Scalar Product

Ex) A N 2 x 2 D Matrix ThHdET 3,

a()=("2)a(3)=()

Az 73

DEE,

w3k,

fEE) SABNIEERMICLD. BBIC
2 -2
‘AQ 3)=< >

a b

A A:(c d

)tEMTﬂ%bm<TEﬁH5ﬁ--°




Vector, Matrix, and Scalar Product

3| Scalar Product

aq
a-b =|al|b|cosb 4 = a,
< b seememuae g (b
a‘b=a1b1+a2b2 : >,h' bZ
|C'l| cos @
EsEaoiL: h=22p
3 % . —_ |b|2
'ﬁg(i/\ql\)b b &’_EDO I
a-b IaIMcose
- KZ2(X, |h| = —b| = = |a| cos @
b] M

g5, NNV a & b DRIE a- b (&, NNV a DIEGIEARINL h EXTRNL b (24D,
a-b = |h||b| EEBZENTED



Vector, Matrix, and Scalar Product
Scalar Product

RESH 1 ONTRNL €1 & €, %%iét,

ey eg, = Cos b,

;=0 @tg, €p
0, =m @tg, €p

.= eq &30 cosb; (FEK,
.= —eq E13D cos 6; (FE/]N

= NiE €1 - €y, (&,

NIV €1 k egi ) ”iﬁ'ﬂ;{'l‘in




Vector, Matrix, and Scalar Product

A 'B =

aq bl

A = Cl.z B = b.2

a, b,

tA—<a1 a, an> ‘B—<b1 b, 'bn>
AtLtB Of& BtiAD &

a, bl

92 ( by| |b,|-|b ) b, ( >
: 1 2| |Pn B tA = _ a| |Az|--|Qy

a, b'n
a-by - ap-by b,-a; - by-a,
a,-by - a,-b, - bn:al bn:an
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Vector, Matrix and Scalar Product

attention(Q, K, V) = softmax

E) 2 4% Multi-Head Attention T. B
Attention Mechanisms & XFIL £ L £ 9
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(Converted to embedding using word2vec) (Converted to embedding using RDKit and GCN)
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AT —% (BREEMNIE [NLP], etc.)
RNN, LSTM,
Transformer

BT — X
CNN
(SREBELTZRRDBEZSTT - - )

https://stanford.edu/~shervine/teaching/cs-230/cheatsheet-convolutional-neural-networks



Recurrent Neural Network (RNN)

1. Overviews and Aims of the Techniques
Neural Networks Capable of Handling Sequence Data or

Time Series Data.

2. Theory and Network Architecture
Previous Outputs to be Used as Inputs While Having Hidden States.

y Yoo Yoy Y

t

— > |-

h
T f ho) T hi) T
X X X
“Hands-On Machine Learning with X (0) (1) (2)
Scikit-Learn, Keras & TensorFlow.” B Time
2nd Edition
Advantages Drawbacks

* Possibility of processing input of any length
» Model size not increasing with size of input
« Computation takes into account historical information

« Computation being slow
« Difficulty of accessing infermation from a long time ago

, , « Cannot consider any future input for the current state
« Weights are shared across time



Recurrent Neural Network (RNN)

Highlight of the Theory

Forward
ht = pn(WipX, + Wiphe_q + by)
- ¢o (Wyhht + by)

Weight is shared across time.
Activation Function ¢, is usual to use a saturating

nonlinear function (such as sigmoid or a tanh)

Backward

L=YT__ Ly, V), . .

a Zk‘la(y" i) o Vanishing/Exploding

L L L X X .

aw = Zk=13 = 2k=1Gy, x aw) Gradient Problems
X 22X = [T, W diag (6, (Xic1)) W lloh (Xl < 1 (tanh < 1, sigmoid < 1/4)

00Xy i= tax,_ l

Gradient clipping
https://stanford.edu/~shervine/teaching/cs-230/cheatsheet- Gated RNN (GRU, LSTM etc.)

recurrent-neural-networks



https://stanford.edu/~shervine/teaching/cs-230/cheatsheet-recurrent-neural-networks

Recurrent Neural Network (RNN)

Applications :
RNN models are mostly used in the fields EHED) R
of Natural Language Processing (NLP) and roinor B Ul s
- - - - - \J J\J

speech recognition. Various applications of

RNN are summarized in the right table. :
1t}”$l a<0>|— | = | . | Sentiment classification
I‘J:; - I - : T : N tit
B yT y<:"p>

https://stanford.edu/~shervine/teaching/cs-230/cheatsheet- o . 1

recurrent-neural-networks



https://stanford.edu/~shervine/teaching/cs-230/cheatsheet-recurrent-neural-networks

Recurrent Neural Network (RNN)

Reference
1) “Hands-On Machine Learning with Scikit-Learn, Keras &
TensorFlow.” 2nd Edition, OREILLY

2) [¥RAdSEBDeeplearning2] FF7A4 V= w5y

3) “On the difficulty of training Recurrent Neural Networks.” arXiv
preprint arXiv:1211.5063v2

4) https://stanford.edu/~shervine/teaching/cs-230/cheatsheet-
recurrent-neural-networks

5) https://mmuratarat.github.io/2019-02-07/bptt-of-rnn



https://stanford.edu/~shervine/teaching/cs-230/cheatsheet-recurrent-neural-networks
https://mmuratarat.github.io/2019-02-07/bptt-of-rnn

LSTM (Long Short-Term Memory )

Hochreiter, S., Schmidhuber, J., Long short-term memory.
Neural Computation 1997, 9, 1735-80.

Overviews and Aims of the Techniques
« RNN OFEJZ T, Gated RNN D& D

"The key idea is that the network can learn what to store in the long-term state, what to throw away, and what
to read from it." -- Geron, p 516

« Simple RNN @ FR=ETd» %, Back Propagation Through Time T®
BECH KIS

BERTHEN0ICHD L, TNUFIOFENETHKRT S

Back Propagation <«

y Yoo Yoy Yo
. O3

T T h(o>T hmT

X oo X Xe

P Time



LSTM

2. Theory and Network Architecture

» 3 Gate Controllers & Main Layer

 Gate Controllers £ Dense Layer 75 Y, FE9 5
» Hidden State Vectors: Short-term State, Long-term State

long-term state

1

I

I

LSTM » LSTM » LSTM
cell | cell > cell
t—1 t t+1

Ct—1

short-term state

he 1

C )
>(+) + > Gt
'Y I
new
* tanh
A
0
ft ’it gt Ot
o o tanh o
Wir|Whyr| [Wii|Whi WigWhe| |Wio|Wheo
fT 11 11 11
 LSTMcell ) "
\_ ® ¢ ¢ ce - new

long-term state

@ input

short-term state

https://medium.com/@andre.holzner/Istm-cells-in-pytorch-fab924a78blc



https://medium.com/@andre.holzner/lstm-cells-in-pytorch-fab924a78b1c

LSTM cell

gt == tanh(wigTXt + blg + WhgTht—l + bhg)

Gates : % € [0,1]

ii=0(W TXt +by; + Wy "he_y + by)
ft = o(W; "X, + bp + wthht 1+ by
0 = a(Wy, 'X¢ + byp + Wy, Thy_g +bpy)

Long-term State
¢t =fioc,q+i;og;

PyTorch documentation & V)
https://pytorch.org/docs/stable/generated/torch.nn.LSTM.html

o: Hadamard product
t: step
o: sigmoid function

Ct—1 a >+ ) >(+) | A > G
Short-term State N : ]
h; = o, o tanh(c;) =

_____________________________________________ ft 1t gt O¢

input FA weight — TW W“Tw‘ W@ﬁf —
ngi Wi, W » Wio 117 171 1
Short-term State )EH Weight e \_ ‘ ‘ ‘ ) o "
Whg; Whii th, whO
Bias @

b, etc.



Applications of LSTM

Natural language Processing, speech recognition, handwriting recognition, music compaosition,
market prediction ...

Hojjat Salehinejad, Sharan Sankar, Joseph Barfett, Errol Colak, Shahrokh Valaee. Recent
Advances in Recurrent Neural Networks. arXiv preprint, arXiv:1801.01078, 2017.
https://arxiv.org/abs/1801.01078

..., and drug design
Molecular Graph
SMILES O
String Molecular Representation /
\N N
CN1c2ncn(C)c2C(=0)N(C)C1=0 — é\ | »
1 0 |}| N
T ‘--\ T ‘-~-\ T ‘\ E_TS
N N
Celli—1 Ia Celli=a |—-{ Celli=a [ Celli=4 Reference
7 N7 N REINVENT (AstraZeneca):
GO Marcus Olivecrona, Thomas Blaschke, Ola Engkuvist,

Hongming Chen., Molecular de-novo design through
deep reinforcement learning, Journal of Cheminformatics
2017, 9, 48.


https://arxiv.org/abs/1801.01078

LSTM-Related Architecture

GRU (Gated Recurrent Unit)
Forget Gate & Input Gate @ Controllers 2’\—2 (2 £ & £ Y Update Gate Controller (Z
« Long-term State & Short-term State Vectors & —2 (X & £ o 7=
« Update Gate z,7° LSTM @ forget gate D1&E, (1 — z,)»" input gate D1 E|
* Reset Gate r, | Main Layer (Z A % Hidden State Vector h,_; # X7 —Y > 79 5,
ZDhHH b)) Output Gate (L

gt == tanh(Wl-gTXt + blg + WhgT(I‘t o ht—l) + bhg)

Reset Gate 1

- N

h :
r. = o(W;, "X + by + Wy, The_; + by, e 2 z

=0
Update Gate z; / E
z, = 0(W;, "X + by + Wy, The_y + by,) & L)
04 )

output (= new hidden state vector) o Fo
hy =z,0h +(1—-2) o g, L ) 1 GRU cell

Kyunghyun Cho, Bart van Merrienboer, Dzmitry Bahdanau, Yoshua Xt
Bengio. On the Properties of Neural Machine Translation: Encoder- 5
Decoder Approaches. arXiv:1409.1259, 2014.

https://arxiv.org/abs/1409.1259

> T
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Transformer

transformer
o BASEEMIE (NLP) VEGREFATREDL VAR T, KERAKE |
e "EZICiFR (attention) IBhH ZEZELLHS. AIHNFER |

Output
Frobabilities

|

Scaled Dot-Product Attention Multi-Head Attention
MatMul
Add & Norm
Feed SoftMax t;
Forward P {

Scaled Dot-Product ﬂ& h
[ Add &.Norm ;: Attention
g N ] L — 1|
Forward ) Aﬁe’nhon : Nx Linear P Linear P Linear
Nx | —{"Add & Norm Ad:a&él:m @ Kk V¥
Multi-Head Multi-Head \Y K Q
Attention Attention
_tr 2 S
C— J ——' ) ' Q K v !
?r?fi’tigrzal 5 4 Positional i Q= QWl. , Ki=KW;,V,=VW;j
coding Encoding ! Q K T
Emgsgéing ErT?DLgs;itng i attentionl‘= SOﬂmaX( L )Vl
] ] = Ve
Inputs Outputs : . .
" ishited right) | multi- head attention=
transformer by Google ! concat (attention,,... attention,)W°

(Attention is all you need)



Transformer

1. Overviews and Aims of the Techniques
an Encoder-Decoder model involving the Multi-Head Attention
without employing RNNs or CNNs.
2. Theory and Network Architecture
The Transformer Architecture is shown below (Figs. 1 and 2).

Qutput h
Probabilities T
—
Encoder Decoder
. 2 3 Am <Bos>

Encoder Decoder

i step2 I am
Add & Norm /
{Add & Norm ) Multi-Head ]
Feed Attent
Snien Encoder Decoder

Forward ) Nx
| Add & Norm :—: T T
<BOS> I

Nx T
~>{_Add & Norm | Vasked

Mult-Head Multi-Head AN WEN) EEN
Attention Attention
L_) L—} step3 | am a
1 /U —
Positional A Positional ] T
Encoding D ¢ Encoding Encod Decod
i T ncoder ecoder
Embedding Embedding T _fT
Inputs Outputs Ao e | Am Iifem * <BOS> : Beginning of sentence
(shifted right)
Fig.1. Fig.2

Architecture of Transformer An overview of Translation (Japanese -> English)



Transformer

Highlight of the Theory-1

OQutput
Probabilities

.
Multi-Head Attention v |
KT e
Attention(Q, K,V) = softmax|— |V Forvag 7] )| ™
Vd, v | e | |
V : Value, — J —)
d, : The dimension of key(512-dim) Egiggrg @_@ & E?ili'éiil;'
Lemomtrg | cramaig
Divide Q, K, and V into 8 parts (the number of heads), and f I
calculate the Attention. Finally, they are concatenated in one part. s hifos ight

Multihead(Q K, V) = Concat(head,, ..., headh)W
where head,= Attention(QWiQ, K Wl-K , VWl-V)

512-dim 64-dim
l_‘_|
5
2 512 T
O
o
c
=1
QlK, v|

1UNo) pJop

64-dim
_—

WO, WK WY (i=1~8) QK V; (i =1~8)

Multi-Head Attention

Linear

Concat

!

Attention N

l l |
[Enear],l[ Gnear ]J [ rLinear],]
¥

(

\Y K Q

L
Scaled Dot-Product J& T

Scaled Dot-Product Attention

MatMul

Mask (opt.)

Fig.3
Multi-Head Attention



Transformer

Highlight of the Theory-2

BOS - - -

BOS

Masked Multi-head Attention ¢ e

eSO O

100 | 80

Use(Add) “-inf” to hide future information. (Q!\'T.

(Prevention of cheating)
Calculation is the same as Multi-head Atten.
| Softmax

Positional Encoding, Feed-Forward layer

v/ (Absolute)Positional Encoding
Add positional information with sinusoid.

PE(pos,Zi) = Sin(pos/l()()()oZi/dmodel)
PEpos2i+1) = cos(pos/100002t/dmodely

d 04 : Number of vector dimensions when word Embedding is performed
i denotes how many dimensions of vector, pos : the number of vectors

v/ Feed-Forward Networks(FFN) layer is a simple linear layer.

FFN(x) = max(0,xW; + by) W, + b,

RelLU

Va;

X

=

vd

0 -inf | -inf  -inf @ -inf @ -inf -inf | -inf | -inf | -inf | -inf
0 0 | -inf  -inf | -inf @ -inf inf | -inf | -inf | -inf
0 0 0 | -inf | -inf | -inf | — 100 | -inf | -inf | -inf
+ 0 0 0 0 | -inf | -inf - 100 | -inf | -inf
0 0 0 0 0 | -inf -inf
0 0 0 0 0 0
e softmax(-inf)=0
Qx
Softmax +
vd
Fig.4
Masked Multi-head Attention
dmodel= 512
‘ 1
| N
(afo4----- 1.2{-- 0.8 pos =2
m
. - S
f -
Fig.5

Positional Encoding



Ref)

Molecular Transformer

Output
Probabilities

| Linear |

N
(o Rom ) |

Nx

tional
Dding

f Feed
Forward
- ~\ Add & Norm  J=—
_ :
Add & Nomm Multi-Head
Feed Attention
Forward 3 )
—
N Add & Norm
X (—>| Add & Norm | Nasked
Multi-Head Multi-Head
Attention Attention
At 1t
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Embedding Embedding
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Encoderfdl
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Decoderfdl
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1) arXiv:1706.03762v5 [cs.CL] 6 Dec 2017, “Attention Is All You Need”
2) ACS Cent. Sci. 2019, 5, 1572—-1583 < Molecular Transformer



<transformerCPI >

Bioinformatics, 36(16), 2020, 44064414
doi: 10.1093/bicinformatics/btaa524

Advance Access Publication Date: 19 May 2020 Interaction probabilites
Original Paper OXFORD )

f

Fully connected layers

Structural bioinformatics

TransformerCPIl: improving compound-protein ;
interaction prediction by sequence-based deep learning 64 YVinteraction
with self-attention mechanism and label reversal 4
experiments Interaction sequence
AaxX064 XXk
Lifan Chen'2, Xiaoqin Tan'%, Dingyan Wang'?, Feisheng Zhong'?, Xiaohong Liu'3, _T
Tianbiao Yang'?, Xiaomin Luo’, Kaixian Chen™?, Hualiang Jiang™** and Protein sequence s e e §
i Tox I ransrormer
Mingyue Zheng ® T :
\_____Decoder ____ .
'Drug Discovery and Design Center, State Key Laboratory of Drug Research, Shanghai Institute of Materia Medica, Chinese Academy
of Sciences, Shanghai 201203, China, 2University of Chinese Academy of Sciences, Beijing 100049, China and *Shanghai Institute for rm——————t——————— 1
Advanced Immunochemical Studies, School of Life Science and Technology, ShanghaiTech University, Shanghai 200031, China | Encoder |
I I
| ConvlD+Gate :
Table 1. List of compound atom features : | Linear Units :
I
Atom type C,N, O, F P,S, Cl, Br, I, other (one hot) e e e i il s |
Degree of atom 0,1,2,3,4,5,6 (one hot)
Formal charge Oorl Protein sequence Atom sequence
Number of radical electrons Oor1 embedding embedding
Hybridization type sp, sp2, sp3, sp3d, sp3d2, other (one hot) bx100 p,,p P, & i " a % 64
: . v 20 o= ) 10 €2, +¢., Cq
Aromatic Oorl Input format: amino acid sequence Input format: SMILES
Number of hydrogen 0,1, 2, 3,4 (one hot) (Converted to embedding using word2vec) (Converted to embedding using RDKit and GCN)
atoms attached _— = L o AN o
Chirality O(False) or 1(True) S < / Eﬁyﬁg% ~ 7 lN )b1t 1t = %}ﬁ; %/\ 7 IN )l/1t

Configuration R, S (one hot)




<transformerCPI >

Bioinformatics, 36(16), 2020, 4406-4414
doi: 10.1093/bicinformatics/btaa524
Advance Access Publication Date: 19 May 2020
Original Paper OXFORD
Structural bioinformatics

TransformerCPIl: improving compound-protein
interaction prediction by sequence-based deep learning
with self-attention mechanism and label reversal
experiments

Lifan Chen'2, Xiaoqin Tan'%, Dingyan Wang'?, Feisheng Zhong'?, Xiaohong Liu'3,
Tianbiao Yang'Z, Xiaomin Luo’, Kaixian Chen'3, Hualiang Jiang™>* and
Mingyue Zheng ® "*

'Drug Discovery and Design Center, State Key Laboratory of Drug Research, Shanghai Institute of Materia Medica, Chinese Academy
of Sciences, Shanghai 201203, China, 2University of Chinese Academy of Sciences, Beijing 100049, China and *Shanghai Institute for
Advanced Immunochemical Studies, Schooal of Life Science and Technology, ShanghaiTech University, Shanghai 200031, China

Problems

1. Using inappropriate datasets

2. Hidden Ligand Bias

3. Splitting dataset inappropriately

Chen L, Cruz A, Ramsey S, Dickson CJ, Duca JS, Hornak V, et al.,
“Hidden bias in the DUD-E dataset leads to misleading performance
of deep learning in structure-based virtual screening”, PLoS ONE, 14
(2019), e0220113. https://doi.org/10.1371/journal.pone.0220113



Predicted score

Fig 8. Actives and decoys are generally distinguishable for DUD-E targets. (A) The prediction score of actives and
decoys in AA2AR as a representative example; (B) Performance of ligand-trained CNN models trained on small sets of

RESEARCH ARTICLE

Hidden bias in the DUD-E dataset leads to

misleading performance of deep learning in

structure-based virtual screening

Lieyang Chen® 2, Anthony Cruz: '3, Steven Ramsey'2, Callum J. Dickson?, Jose
S.Duca®, Viktor Hornak®, David R. Koes®, Tom Kurtzman 23 *

1 Department of Chemistry, Lehman College, Bronx, New York, United States of America, 2 Ph.D. program

in Biochemistry, The Graduate Center of the City University of New Y ork, New York, United States of

America, 3 Ph.D. program in Chemistry, The Graduate Center of the City University of New York, New York,

United States of America, 4 Computer-Aided Drug Discovery, Global Discovery Chemistry, Novartis

Institutes for Biomedical Research, Cambridge, Massachusetts, United States of America, 5 Department of
Computational and System Biology, University of Pittsburgh, Pittsburgh, Pennsylvania, United States of

America
DB.,.- s r ” ';"}i}; . 5y A
= .-" e . + actives }'hl ‘\h g}{'{l}{} P'}]h} |l> {} ET{“’H }

> e REEE +  decoys ;_11'__7\'1 4 FT i l" i : = H‘i TH |
064, . - ' I HH fl .'T! } } ] ‘ I’{
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Ligand index Target

(A) (B)

five actives and five decoys. The dots represent mean values, and the bars represent standard deviation.
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Receptor-ligand CNN Model

Fig 4. Correlation between the performance of the receptor-ligand CNN model and ligand-only CNN model. The
receptor-ligand CNN model was trained on receptor-ligand 3D binding poses, and the ligand-only CNN model was
trained on ligand binding poses alone. Each blue dot is a target from DUD-E; there are 102 targets in total.

1
7 4
A
A
©
5095
ES
A
A
09
& & D B F S A D P F gD O D X E IS A T A R B S OB N 3 RO VOB R ® e g
SEFR B FRSFTL TIPS DR OG> X W FS R AL TSI F ISR L F L OL R LB N
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«dr=N0 Receptor «=#=Receptor

Fig 5. Performance of the receptor-ligand model for the same ligand test sets with and without receptor information. For
each target, red dots indicate performance when the receptor structure was provided in the test set, while blue triangles indicate
performance when the receptor structure was replaced by a single dummy atom. The x-axis displays each DUD-E target in the
same order as they appear in the DUD-E database (http://dude.docking.org/targets). The targets with even indices are not
labeled on the x-axis due to space limitations.

Chen L, Cruz A, Ramsey S, Dickson CJ, Duca JS, Hornak V, et al., “Hidden bias in the DUD-E dataset leads to misleading performance of
deep learning in structure-based virtual screening”, PLoS ONE, 14 (2019), e0220113. https://doi.org/10.1371/journal.pone.0220113



Problems

<transformerCPI >

1. Using inappropriate datasets

2. Hidden Ligand Bias

3. Splitting dataset inappropriately
A

F i

KT
attention(Q, K, V) = softmax K- Vv

\
|
!
A
o
O
/S > Ve
~

~N*

N \ b
v dk ‘/-\\\,/" \l‘ A —‘I< ‘J ‘\
L /l b 2
i AN /
Non-interaction with Histamine H1{ receptor Interaction with 5-HT . receptor
o The substtuent al the enc of the side chan s a
B \~._/ ~ nivogen-coniaining basic group, and the side
g " chain substituted with piperazing nas the
I /:.\L strongest effect
AN A—\\Y/ S
\f \
XN X
w 4
N ‘:’ " it The benzene ring subslituied with The introduction of olecton-withdrawing groups
i’ o] » L | i sufur al the 2-position can reduce ot 2-posdion enhancos antpeychobc effcacy
) A < ) 1 exirapyramiaal sice effects.
v o :#r =
"Ta3 Fig. 4. Artention weights of atoms in different compounds. The atoms, which have

high attention scores extracted from TransformerCPl, are highlighted in red. (A) A
certain ligand shows different attention score distributions when interacting with

| Histamine H1 receptor and 5-HT,c receptor, respectively. (B) The SAR of pheno
thiazine and its attention scores

Table 4. Comparison results of the proposed model and baselines

on human dataset

Method AUC Precision Recall
KNN 0.860 0.927 0.798
RF 0.940 0.897 0.861
L2 0.911 0.913 0.867
SVM 0.910 0.966 0.969
GraphDTA 0.960 = 0.005 0.882 = 0.040 0.912 = 0.040
GCN 0.956 = 0.004 0.862 = 0.006 0.928 = 0.010
CPI-GNN 0.970 0.918 0.923
DrugVQA (VQA-seq)* 0.964 = 0.005 0.897 = 0.004 0.948 + 0.003
TransformerCPI 0.973 = 0.002 0.916 = 0.006 0.925 = 0.006

It should be noted that DrugVQA uses protein structural information as
input, while its alternative version VQA-seq only using protein sequence in-
formation is listed here for a fair comparison.

Table 5. Comparison results of the proposed model and baselines
on C.elegans dataset

Method AUC Precision Recall
KNN 0.858 0.801 0.827
RF 0.902 0.821 0.844
L2 0.892 0.890 0.877
SVM 0.894 0.785 0.818
GraphDTA 0.974 = 0.004 0.927 = 0.015 0.912 £0.023
GCN 0.975 = 0.004 0.921 = 0.008 0.927 = 0.006
CPI-GNN 0.978 0.938 0.929
TransformerCPI 0.988 = 0.002 0.952 = 0.006 0.953 = 0.005

Table 6. Comparison results of the proposed model and baselines
on BindingDB dataset

Method AUC PRC

GraphDTA 0.929 0.917
GCN 0.927 0.913
CPI-GNN 0.603 0.543
TransformerCPI 0.951 0.949
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< ansformer> b
Problems —f
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1. Using inappropriate datasets 72/ BAREDFRH <
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2. Hidden Ligand Bias -~ \( =
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Possible Issues to Construct a New System for P-L Analysis Based on Transformer ) {5
1. Involvements of Protein 3D Structures

—> Recognition of Atoms in Side Chains _/
2. Equivalent Double Recognition of Protein and Ligand
—> Amino Acid Sequences and Compound Chemical Structures

3. Construction of Database of Decoy Ligands
—> Reduction of False Positives and the Bias Derived from Ligands
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transformerCPI EIVRET)LEDLESR

CNN block CNN block
Embedding layer Embedding layer
Label encoding Label encoding

Clcccjccl)nCccso MAAVRT...DFGFGDFGGDG
Input :SMILES Input Sequence
AttentionDTA

EBREB7 I /KRS, 1LEWY
SMILES A" 5 Word2vec CHFE3H
H L T E T T L2 BE
(Davis dataset D SOTA)

https://github.com/zhaogichang/AttentionDTA_BIBM

* Davis dataset : (442kinase) x (68ligand) D & &
30,0567 — Xt v b CRIBESEL

™M
w0
EEE 3 kn:if%L_ g S e
OnionNet
$§ATZIS®3‘A NREETFET — &é: l,

Z2fEIY 7% Shell _t I, tEmEERER
%OD%E%L/\bﬁf%?EE&L MW*““%TH/%
B

https://github.com/zhenglz/onionnet
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1) Scikit-Learn. Keras. TensorFlow(Z J.5 2 Eeplms 78 5520,
Aurélien Géron & (FEMRZBEIDOL £7)
2) NE— R E CM. B ay T B (EEEREBEIDLET)
3) A RVEE T (RS E T 0T 2yt a L ) —X), BINEUE %
& Bayes Statistics (Al ICHERSHZEATS )
Ex) VAE, GPLVM, etc.
4) thaR LRy B 2
< Differential Geometry, Riemann Geometry
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Variational Autoencoder (VAE)

Application
Loss function —L(¢,0,x) = Eqy(z10) [log q¢(z]x) —logpgy(z) —logpg (x|z)]
= Dy [0 (2120)1po (2)] = Eq (s [l0g o (x12)]
Regularization Reconstruction
Since g4 (z|x) = N (i, Z) and py(2) = N(0, 1), Monte carlo estimation
KL-divergence by represent in closed-form by z,, ~ q¢(2n|%n)
1% 1%
Di1[q¢ (212)||pe (2)] = 5 Z (trZ+p'p— D —logdetX) N Z Loss(xpn, ¥n)
n=1 n=1
Reconstruction loss
I Regularization loss I
Mean ' '
Data Encoder Hn € R Latent variable Decoder Output
X, €ERP fo(x) Cov. Z, ~ N (U, Xp) 9o(2) y, € RP
zn € RLXL
Prior

z, ~N(0,1)



ODEnet I : Genome Science

Application to transcriptomics with VAE-joined ODE model

a) mRNA Transcript Count Single-cell RNA Velocity
Cells RNA sequencing _Cells
- g x @%@% % dx/dt
o ONPAD)
K O
=
o X
= AL f,(x)
D E (Denoising Autoencoder) v
g 2 0.2
& 1 :
8 e

Reduce Dimensionality

0

e

Input

Restrict Degrees-of-freedom Output

A Variational Autoencoder (VAE), trained to predict the rate of
gene expression change (e.g., RNA velocity is an example of a model
representing the turn over of mMRNA), is embedded in the ODE, to
infer continuous temporal changes in the gene expression within
individual cells. The system learns the vector field of gene expression
values, and thereby can accurately reproduce the rates.

Zhanlin Chen, William,

C. King, Aheyon Hwang, Mark Ge
rstein, Jing Zhang, “DeepVelo:
Single-cell Transcriptomic Deep
Velocity Field Learning with
Neural Ordinary Differential
Equations”, arXiv, 2022
https://doi.org/10.1101/2022.02.
15.480564

ODEnet
arXiv:1806.07366v5 [cs.LG] 14
Dec 2019



ODEnet I : Genome Science

Application to transcriptomics with VAE-joined ODE model

: —, ax
Gene Expression: x; Velocity:
ot Zhanlin Chen, William,
= C. King, Aheyon Hwang, Mark Ge
rstein, Jing Zhang, “DeepVelo:
P — . Single-cell Transcriptomic Deep
— % - £.G) Velocity Field Learning with
- ot Jalxe Neural Ordinary Differential
Equations”, arXiv, 2022
https://doi.org/10.1101/2022.02.
15.480564
AR DIRREZEEIC B 1T
The first-order Euler's method for finding the state x,, is 3 5| #5238 L 71-%..
Xer1 = X¢ + f(X7) Z DAl (ODEnet) I
- - - %HHEQJkIU\ %?E -g- %
ODEs can be solved in the VAE-joined model. ZLHhTES

arXiv:1806.07366v5 [cs.LG] 14 Dec 2019  https://giita.com/kenchin110100/items/7ceb5h8e8b21c551d69a



ODEnet I : Genome Science

Application to transcriptomics with VAE-joined ODE model

a) mRNA Transcript Count Single-cell
RNA sequencing

@ Velocity Field = e
N 1K k- kR

5] ® I
i f
= b f,(x) b
— — X —
o A
© 0 (Denoising Autoencoder ) 0
2 02
1 0
+&
. L, oo
f A Restricf

uuuuuu

DeepVelo Methodology

X : gene-expression value (cell state)

ox : :
S, . gene-expression velocity

By learning the velocity field in terms of the gene expression, a VAE-
joined ODE model can predict the future cellular state across the time.
This can be employed to explore the crucial factors that induce the
specific cellular state in our analysis, and thereby it is expected to use the
neural ODE model to identify target proteins that are responsible for a
disease. This is based on an accurate, high quality prediction by ODEnet,
whereas other Al models do not usually accomplish.

Zhanlin Chen, William,

C. King, Aheyon Hwang, Mark Ge
rstein, Jing Zhang, “DeepVelo:
Single-cell Transcriptomic Deep
Velocity Field Learning with
Neural Ordinary Differential
Equations”, arXiv, 2022
https://doi.org/10.1101/2022.02.
15.480564

R DIREEZE R IcFH 1T
3 [i5] 258 L71-&.
Z®DAl (ODEnet) &
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ZEHTES
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Solving the fractional electron problem
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Kirkpatrick e al, Science 374, 1385-1380 (2021)

QUANTUM CHEMISTRY (The delocalization error of electron density and

. . . . ] ] B l training data

Pushing the frontiers of density functionals The spin symmetry breaking) : & —

. . | w
by solving the fractional electron problem In a DFT calculation, the functional determines the ‘ ° w4 v
James Kirkpatrick™ 1, Brendan McMorrow't, David H. P. Turban't, Alexander L. Gaunt't, i i H P H c . X
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Paula Mori-Sanchez®. Demis Hassabic. Aron J. Cohent®* of electrons which minimizes energy. Thus, errors in o -
Density functional theory describes matter at the quantum level, but all pepular approximations the funCtlonal can Iead to errors in the CalCU|ated jeTo) =)
suffer from systematic errors that arise from the violation of mathematical properties of the exact . 8 1 1 | i
functional. We overcame this fundamental limitation by training a neural network on molecular electron density. ; —— /2 + /2 exact X
data and on fictitious systems with fractional charge and spin. The resulting functional, DM21 L ) i J//’
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and incorporating exact properties into the training data.

Fig. L Overview of the functional architecture and training. (A) Features of 1he dectron densty
Ref: WebSite of DeepMind https://www.deepmind.com/blog/simulating-matter-on-the-quantum-scale-with-ai
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Deep Learning of Wave Function to
Construct a Precise XC Functional

The followings are for you reference to get an overview of e S —
the present issues.

> ’ Functional | > Energy

Nearly a century ago, Erwin Schrodinger propsed his famous equation govering the behavior of QM particles.

Then, Pierre Hohenberg and Walter Kohn realised that it is not necessary to track each electron individually, and
instead, knowing the probability for any electron to be at each position (i.e., the electron density) is sufficient to exactly
compute all interactions. After proving this, Kohn founded Density Functional Theory (DFT).

Eprrlp(M)] =Tlp()] + Vg +J[p(1)] + Exclp(r)]

The density functional has remained unknown and has to be approximated.
By using a neural network to represent the exact functional, we found that

we could solve the problems.

Handmade (approximation) = Neural Networks (exact functional)

These longstanding challenges are both related to how functionals behave when presented with a system that exhibits

“fractional electron character.” By using a neural network to represent the functional and tailoring our training

dataset to capture the fractional electron behavior expected for the exact functional, we found that we could

solve the problems.
Ref: WebSite of DeepMind https://www.deepmind.com/blog/simulating-matter-on-the-quantum-scale-with-ai
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Fig. 2. Training on fractional electron constraints solves charge and spin generalizes to improved cation binding curves for DM21. The oracle is HF
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Fig. 3. Exact constraints improve perform- A
ance on challenging chemistry. (A) Charge — »
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Fig. 4. State-of-the-art performance by DM21 on benchmarks. All errors

benchmark sets: BBE (supplementary materials, section 8.1), GMTENSS,
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Multi-modal feature

Classification Findings:

(brain layer and electrophysiological property) Neurons can be defined into 28 types

Distinguished by their layer-specific connection patterns
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Integrated Morphoelectric and Transcriptomic
Classification of Cortical GABAergic Cells

Characterized types
- Congruent met-types

1) electrophysiological
and

2) transcriptomic
properties
|

Different met-types innervate
different cortical layers

-----
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Overview of deepManReg

modal 2 (e.g., gene

expressions)

modal 1 (e.g., SNPs)

samples

Phase 1 Concatenate
— NN outputs
LD
=5 . S
modal }” mE) L3 AR
1A ©°/ E:.." R Rk
| / H . ; . )
feature \ i H QW22
alignment =7 i o : _. S o 8
P i e @ @ 7
\ i T
modal \ :. R
//ii‘ R ® X
—r AN O—i @ 0
7 QW2
o A
9( Z
samples
)
o
. ':0030 *
sample oL Yo
input o e .... ':.. ;
> 0.. @ ~. ® >
o, %% 30e
.. L B '. ..
Q..‘" o
®

e o 0 o~

.
e e e e

oo =

o e I

R A

-

Embedding in
Stiefel manifold

3

—— —— —

feature network regularization

—— ——

Similarity
between features

1) Alignment of multi-
modal features onto a
common latent space

2) Embedding of data as
points on the Stiefel
manifold based on a set
of orthonormal vectors

Phase 2
Classification

classifcation model parameterized by [/

°
. n{}n Z ((U)+a Z(UJ - ZS,«U})Q + 8||U||2

v

p -:i.“
o... ’
o °

classifcation %utput
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deepManReg: Phase 1

Samples:

Single cells of neurons
In mouse visual cortex

Sample (3,654)
>
Modal 1:
Gene Gene expression
(500) "
X = {Cl% i=1
Y
Sample (3,654)
>
Modal 2:
E—Ee:";t;re Electrophysiological features
Y =A{y; 1
Y

Gene

E-feature

s F
__few)
dal 3~ EIED y : . i
m_";)/’ L e e e e |
| DY/ P @ RX XA re>
,’ A/ e e e el
' D/ H_QW2AT 2\ i |
L I e e e i
' ___________; [
dal ' ‘ i
O f—! i B .
,’AAD /Tt ele e e |
\ // L W’ i
S i & e-e |
9(; 2Z)
Sample
o
v
wn N g,
: © 5 ©
Gene ( ™ [0)
[
()
Y )
ﬁ
. (O]
E.feat j 5
b 5 <t ©
© . o ™M <D
n 0 :E
-

E]

— — — — — —

Embed dim
—

Gene L

1

E.Feat J

|

1) Alignment of multi-
modal features onto a
common latent space

2) Embedding of data as
points on the Stiefel
manifold based on a set
of orthonormal vectors

Laplacian eigenmaps

min tr(F' LF)
st F =1

F=FDY2 and L = D~ Y2 D~ 1/2,
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Phase 1. Manifold Alignment, Canonical Correlation Analysis (CCA)

See a description written by Chang Wang,
Peter Krat, and Sridhar Mahadevan.
https://people.csail.mit.edu/pkrafft/paper

s/wang-et-al-2010-manifold.pdf

Figure 5.2: Given two datasets X and Y with two instances from both dataset that are
known to be in correspondence, manifold alignment embeds all of the instances from each
dataset in a new space where the corresponding instances are constrained to be equal (or at
least close to each other) and the internal structures of each dataset are preserved.

g(Y)

® f(X)

Figure 5.3: An illustration of the problem of manifold alignment. The two datasets X and
Y are embedded into a single space where the corresponding instances are equal and local
similarities within each dataset are preserved.
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Phase 1. Manifold Alignment, Canonical Correlation Analysis (CCA)

Cost function: Weighted Euclidean distance

, if Xi and Yj are correspondence to each other

ZZ F(j,k)" W(i,j)  W(@,J) =

0, otherwise

- tT(F LF) D is an ), n; X ), n; diagonal matrix with D(z,7) =}, W(i, j).

L = D — W is the joint graph Laplacian

Laplacian eigenmaps

References

Wang C, Krafft P and Mahadevanand S. Manifold Alignment. Manifold Learning: Theory and
Applications, 2011. https://people.csail.mit.edu/pkrafft/papers/wang-et-al-2010-manifold.pdf

Belkin Mikhail and Niyogi Partha. Laplacian eigenmaps for dimensionality reduction and
data representation. Neural Computation, 15 (6):1373-1396, 2003.


https://people.csail.mit.edu/pkrafft/papers/wang-et-al-2010-manifold.pdf
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Phase 1. Manifold Alignment, Canonical Correlation Analysis (CCA)

d
Cost function: Weighted Euclidean distance
Embed dim . :
2 . , if Xi and Yj are correspondence to each other
ZZ F(j, k) W(i,5)  WC(, j) =
. . 0, otherwise

o | Genel IF(?,, )
2 :
2 | - tT(F LF) D is an ). n; x ). n; diagonal matrix with D(i,7) = Z;; W (i,7).
(O]
% E.Feat j F(y,-) L = D — W is the joint graph Laplacian
w ¥

This problem cannot be solved directly. Herein, the orthogonal constraint is imposed,
thereby leading to avoiding the trivial solution (F = 0). Thus, manifold alignment is possible
to be performed by using Laplacian eigenmaps on the joint graph Laplacian (see a
description written by Chang Wang, Peter Krat, and Sridhar Mahadevan, as shown later).

: T . =T 71
min t"“(F LF) min t’)”‘(F LF) This can be solved by

s,t,IE‘TDIF = S.t.I@‘TI@‘ — T Eigen Decomposition
Laplacian eigenmaps

[ is the d x d identity matrix.

F=FDY2 and L = D~Y2LD~"/2,
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Phase 1. Manifold Alignment, Canonical Correlation Analysis (CCA)

F(i, )

Z1IEH & 5 & Stiefel ZER{E |
% Z T Eigen Decomp. & Y %,
Stiefel Z#k4AD £ T
Gradient Z5TE L T&=@E1L L £ O

This problem cannot be solved directly. Herein, the orthogonal constraint is imposed,
thereby leading to avoiding the trivial solution (F = 0). Thus, manifold alignment is possible
to be performed by using Laplacian eigenmaps on the joint graph Laplacian (see a
description written by Chang Wang, Peter Krat, and Sridhar Mahadevan, as shown later).

ch other

: T . =1 71
min ¢r(F” LF) min t’)”‘(F LF) This can be solved by

stFIDF =1 S.t.FTF — T Eigen Decomposition

[ is the d x d identity matrix.

F=FDY2 and L = D~Y2LD~"/2,
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Phase 1: optimization on the manifold Laplacian eigenmaps
d : : .
Cost function Eigen Decomposition
Embed dim T high computational cost
min tr(F° LF) (high comp )
o | Genel |[[F(z.- =T
: ) st FTR =1 l
! Optimization on the manifold
)
% ereatj |F(j. ) Manifold Alignment
g
Stiefel manifold S, ,,
(Stiefel E, Commentarii Mathematici Helvetici, 1935)
o Set of n X p matrices satisfied XTX =1
b SECTHUR v

Snpi={X R : XX =1}

Feature — single point on S, ,,
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Gradient Descent in Manifold

Vaf
Ve 32 MR L(F) = tr(FTLEF) I R™P FCEZEI NI
TxS 1 BE#THY, S,, LCEESNZHDOTIERL

X“n,p
Vot
AF X B Ve HIEZERM TS, , EICH D E BRSO H L

> 22 A £ (ZIESTE (orthogonal projection)

S.
n,p T R‘nxp N TXSn,p

Vel = 7(Vl) =  argmin |Vl — X|}
XeT\ (Sm—}—-n.,d)

= I@'Sk:ew(lﬁ‘TV@E) + (I — I@'IE‘T)VFE.

where Skeuf(I@'TVFé) = % (IE‘TVFE — (V]ﬁ@)TIF‘).



Manifold-Based Geometrical Techniques

Similarity between different modal data

O Electrophysiological feature
O Gene
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Similarity between features

_ 1
S = 1+D

D: distance matrix

Dy = \/Zk(]F(i' k) — F, k))z

Normalization

> Sy =1

(Transition probability)

A network consists of
different modal features
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Phase 2: classification

Regularized Learning with Networks of Features

(Sandler T et al., NIPS, 2008) _ :
samples l classifcation c;utput
o® - classifcation model parameterized by [/ o® ‘.
o '000.0 o Y00®
’doo 0.0 @ o oo
% o B0 8° min Y 0)+a (U; =Y S;:U)*+ B||U|2 o °
e, 0% in Y (5 U) +a) (U Z )*+ AIVIE— G
®e ®eg e o'o.. ®
® ©°%e, 0° Cross Regularization L2 o®
....o..o ° entropy
o ®
Sample -
»  Classification model U
c | =
3, s - o
Sle 2 3 8 R w loss(U)
Yy E E
v S wun
-}
©
L
wy_

Prediction: layer in visual cortex
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deepManReg: summary

e Multi-Modal 77— 4% H &, Features Z¥iH L T. ZhoDfELEEIZL 3
Regularization (C & > TH > 7L = 7n%E

« 271 % Modals @ Features Z LLER T 5 7-8, Z 41 D Features # [@) U Z2fH]
iz~ 7 L7,

Laplacian eigenmaps > Stiefel manifold (manifold alignment)

« £7% Modal 0) Features Z# & DM ZEMHE]IZ Embed L THET %8BT EX
BE| (ERIHEORMLHD)
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Reference
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Our Tactics

Various Properties and Features
In Physics, Chemistry, and Biology

1

Deep Learning (DL) Al Systems and
Machine Learning (ML) Techniques

Data Analysis on Curved, General Multi-Scale Computer Simulations
Spaces (e.g. the Riemann Manifold) -> Data Augmentation
-> Unification of Multimodal Data
Ex) Quantum Simulation, Non-Equilibrium
Ex) Multi Omics Data, etc. Molecular Dynamics (MD) Simulation, etc.

Fundamentals and Principles
In Natural Sciences




Fundamental Mathematical and Physical Sciences
Oriented to Joined Al and First Principles-Driving DD Works

Fundamental Lecture FERE HEE
HE-EW HFEEH Fourier Analysis MBO-HDHECEEYVEAI—X)
ZEHEEABDOTETES Vector Analysis MBOHF (BRERDE)—X)
R 8- B TR — REOBEBKE
FLAR BEE SEE
-l o s W (4 I2 R4t) e
MBEE-EE hE-EfThE H oS (1 42 FL<H M BEEMTHE
BRAF HAEMIE
B]hz Iyh—1) and M EY PEILE—HFRIO7TO—F
HEthES IvHh— and UM EY VBILE—HFROT7IO—F
EFHES IYH— and Y/ EY YEILE—SFRHT7IO—F
=
eI fah ?
=
TR & FFH?
s BE 5y
PYQ + State Space Model € IRREZEfH
Curved Space € Bi%H' - 7=Z2[H
MD and M (Flat t& Fﬁﬂo)jj_ﬁ “in” t&a)b\ - ?)
TextBook
Molecular D . BAUNIEHERSE — O Ea1—2-22aL—2a OER (F2iR): 9 F0I/O44H
cular Lynamics BEBLAFEADIGH ZRATI-HIC
Quantum Chemistry EE"&%@;?&E>% AN BFENBEEE

Machine
Learning

scikit-learn & TensorFlow [C&KAREMBFEE A XAFEBEE
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Phase 1. Manifold Alignment, Canonical Correlation Analysis (CCA)

Ex) Instance Recognition
Similar Image Search
< Efficient methods employing a Hash Table

1) Alignment of multi-
modal features onto a
common latent space

1) Measurement of the distances between a query and all data in a

database. 2) Embedding of data as

points on the Stiefel
manifold based on a set

2) Sort of the data in the database according to the distances measured.
of orthonormal vectors

Spectral Hashing :
Ref) Weiss, Y., Torralba, A., and Fergus, R., Spectral Hashing,

In NIPS (2008).

Laplacian eigenmaps

Ref) (found in this paper)
1) Hotelling Harold, “Relations between two sets of variates”. In Breakthroughs in statistics, pages 162—190.
Springer, 1992.
2) Nguyen Nam D and Wang Daifeng, “Multiview learning for understanding functional multiomics”. PLoS
computational biology, 16 (4):e1007677, 2020. [PubMed: 32240163]
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Manifold

Topological space

A geometrical space which “closeness” (topology) can be defined for each

point as a set of open sets (neighborhoods)

« Example of topology: distance (metric topology)

Manifold

A topological space in which a topology-preserved bijective map

@: U — R™ from a neighborhood of each point U to Euclidean space R"

* Map ¢ is called local coordinates

« Example of manifold: 2-dimension sphere $?

https://en.wikipedia.org/wiki/Manifold
https://en.wikipedia.org/wiki/Differentiable _manifold
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Embedding in Stiefel manifold

n X p 175 R™P [HEICAEE ESH S 2 & T,

R"P R™P | 248 #5505 %
_ Stiefel ZH%(A Spp 1 R WOBRFEME LT
X HEHIAENS
I 4 N dim ( Sn,p) — np — p(p+1)

2

- n Ty T . o
Snp={X ERTF: XX =0} =zcly, R?RU'S,, DAL LT Eucid B

(Frobenius norm) ||-|| IZ & 2% AL 7=

An element in the Stiefel manifold S, ,, is defined as (W, e;, ..., e,) Le,
the p dimensional Real Vector Subspace W (c R")
in the n dimensional Real Vector Space R",
with the Orthonormal Basis Set{e;} (i =1, ... p), e, € R™
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Projection to Stiefel manifold

d R™P  FIIDNNA L DH A,
R™ NIZEH 2D S, RIZIZEL
Embed dim
g1k DALAE % B W
o | Genei |F(i,-) FhoDBMHIRETHD S, NORICHE (ESHE
’ Fx) FO] o
F=no — argmin { ]—X
% 1 [g(Y)] XESm—I—n,d g(Y) F
T Solution
’ - T
] - X - F = U]ITTI.+-?1,dV

f(X)]

where [f(X)] — UXV?T is the SVD decompostion of [g(Y)

_/ \ g(Y)

Snpi={XeR"? . X'X =1}
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deepManReg: algorithm

Algorithm 1: Deep Manifold Alignment

10
11

12
13

14

input
params: training step 1", learning rate n
output : parameters Wr, & Zr44
initialize Wy & Zg;

fort=0:7T do

: data for two modalities X &Y

// forward pass

fo— F(X:V):

gt < 9(Y: 2¢);

Rt “— ft :

gt

Calculate L : // L is the joint Laplacian
// project the output onto Stiefel manifold

[y« Ud I-'}T where [y = UtEtIf}T is the SVD decomposition of [?; and I is the identity
matrix;

{ ff(F;LFt) : // compute loss
€p th( . // compute Euclidean gradient
// project Euclidean gradient onto the tangent space of Stiefel manifold

pt < Frskew(FLer) + (1 — FeFY ey
// backpropagate the Riemannian gradient

Wy, 2; « backprop(p:) Wis1 < Wy + gWi, 1. t);

Zivq + 24+ g(24,n,1) where g is an optimizer (e.g., SGD)

end

Input data X, Y
J

Concatenate NN output

[f (X) g(Y)]

N)

Snp \CIEFTE (F)
\)

OX MBI L HETRE
\)

F TR™MS (Vet)
\J

BEZ2 R (ZIESTEY p,
NE

DEETETS, g D
INT A — R H B



