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What are structured input data?

String / Sequence

Graph

Example
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Task

Binding /not binding?

Effective / ineffective?




Three key questions

Structured

< Learn? 00 e e

Features
Discriminative/generative

models



Kernel methods

A modular framework to handle all kinds of complex data

Theoretical property well understood

Kernel
k(xl-, XJ)
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Kernel matrix

Kij = k(xi, %))

mXm

Time-series kernel
Sequence kernel
Graph kernel

Tree kernel

eramid kernel ...

Polynomial kernel : (x Tx' + c)‘N
: _ llox—x1||?
Gaussian kernel: exp (— )

202

J

[Scholkopf & Smola 02]
[Shaw-Taylor & Cristianini 04]

Algorithm

Support vector machines \
Fisher discriminant analysis

Logistic regression

Ridge regression

Novelty detection

Principal component analysis
Canonical correlation analysis
Clustering

Two-sample test

Independence test ... j}




Coloumb matrix

Molecular structure Permutation invariant Structured
Woem - mae l distribution
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R: coordinates Coulomb matrix:
Ciy = Z¢*
Cij = Z:iZ;/||R: — Ry|




Bag of structure (BOS) kernel

Two structured data points y and y’, a dictionary of substructures S

k(x, x') = Z #|s € x] - 7[5 € x']

SES
Count occurrence
Eg. RNA sequences (alphabet: A, G, C, U)
s={ cuu,uuc, ..., CAG, AGU }
y: 1cHuHuvHcHAHeHUF
X JeHuHuHaAHcHuHu-
1| cuu 2] cuu ,
1 | uuc 0 | uuc kQox')
o) =|: | : o) = ¢ | = (o), ¢(x")
1 | CAG 0 | CAG
1 | AGU 0 | AGU

[Leslie et al. 04]



Bag of subtrees for graph

(3,1245) C/?\
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((1,236), (2,13) (3,1245) (6,15))

[Shervashidze et al. 11]



1. Record subtree




2. Re-number (or hash)




3. Record subtree again
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4. Re-number (or hash) again

3224 —— 8
324 — 9
42233 — 10
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Final features

1234567891 ......... ...
»(x) =(6,3,2,1,0,1,2,2,0,1, ..........)T

d(x)=(6,3,2,1,2,1,0,0,2,1, 0. c0....)T
\ J L

J
|~ Y Y
Level 0 Level 1 Level 2 Higher level

feature feature feature features
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Big dataset, explosive feature space

Dataset Harvard clean

energy project
Size 2.3 million
Type Molecule
Alphabet# 6

4 h Avg node # 28

Organic o Avg edge # 33

Solar Panel @

Materials

feature dimension MAE

Level 3 1.6 million 0.143

Power Conversion Efficiency (PCE) Level 6 1.3 billion 0.096

(0-12 %)
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Kernels based on graphical models (GM)

one hot vector /
"%~ one-of-k representation
observed

Define conditional independence structure
using structure of the data

Model each data point as a Markov random field

p(lo) o | |waxie) | | waonxi10)

IEV (i,j)e€

[Jaakkola et al. 99] [Jebara et al. 04] 14



Fisher kernel vs. probability product kernel

X @ X A Each structured data point

® D @ ‘o o
o"o @ D a graphical model

@ @®
Fisher Kernel Probability product kernel

Share parameter? Yes No

m
Howtolearn? 6* =arg mgxz logp(x;l10) 0, = arg meaxlogp()d@)
i=1

: Foreach y
For all data points together

Kernel form .U)-(rl_lUX, J P(X|3X)1/2P(X'|9X,)1/2
k(x,x") Fisher vector:

U, =Vglogp(x %)
Fisher information matrix: Need to perform many
I =E[U,U]] graphical model inferences

[Jaakkola et al. 99] [Jebara et al. 04] 15




Limitation of existing two-stage approach

Stage 1 Stage 2
Construct big kernel matrix

Kij = k(xi, %))

Or compute high-d explicit features

123456178910
¢(x) =(6,3,2,1,0,1,2,2,0,1)"7

Or learn many graphical models

Not scalable for large datasets Feature construction not aware of

supervised tasks
16



Represent data point as latent variable model

One hot vector / \ I\;Ia:(:ig?:e

One-of-k representation
Observed

Model each data point as a Markov random field
with latent variables

p((H, x)0) o | [ xil0) | | woc, Hyl6)

IEV (i,j)e€

[Dai et al. 16] 17



Recursive nonlinear feature extraction

Iteration 1:

Iteration T':

T T
uih ush

Aggregate

uiT) C I I )

= u, (W, x) | classification/regression
P olole with parameter I/

Label y

T
@

-+ @+[®
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Parameter learning

Estimate parameters W/ and VV which minimize empirical loss

m
min L(V,W): = Z(Yi — VW, x))*
' i=1

Computation | ____Operation ___|__ Similarto___

Objective A forward sequence of Graphical model

LV, W) nonlinear mappings inference

Gradient Chain rule of derivativesin  Back propagation in
oL reverse order of the deep leamning

ow mappings

19



Posterior embedding as features
Embedding p(Hy|{x},0)
uioele] JE@U]

Hr[@]0]0] «EUL)]

| p(H,|{x;},0) osterior

® 4
Feature of a data point y

Aggregate

1 00 e

+ p({H;},{X;}|0)
H2 @00
W, (H;, X;16) W, (H;, H;|0)
=u* o0 e
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Posterior embedding as features
Embedding p(Hy|{x},0)
uioele] JE@U]

Hr[@[0[0] 2V

| p(H,|{x;},0) osterior

3. Pick feature map, integrate

p({H;},{X;}|6) x

qul(Hi:Xilg) 1_[ ¥, (H;, H;|0)

IEV (i,j)e€

1. learn parameters

21



Operator view of mean field inference

q.1(Hy) q6(Hs)  qs(Hs)
Approximate joint posterior G = (V,€)

p(Hy, ., Hv)|1%;},6)

~ HQi(Hi)

LEV

For each i, iterate till convergence:
qi(H;) < ¥, (H;, x;10) -

[T exo( [ asC)ronteti o)) an,

JEN (1)

Operator view
qi(H) < T(0) o (xi' {qf(Hj)}jeN(i))
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Hilbert (feature) space embedding of distribution

£\ AP&)
() = s AL
> X .
$aX) 4 Mean )
___IE_[ibf)f)_] _______ Variance,
o / higher
> \ order
) moment

\. J
Rich representation: p(x) = q(x) iff. ||y — ukll?

One-to-one mapping: iy is a sufficient statistic of p (X)

Operator 7: P » H

Top(x)=:7'oux

[Smola, Gretton, Song and Scholkopf. 2007]
[Song et al. 10a,b, 11a,b] 23




Mean field update using embedding

Operator view
aiH) < 70) o (x0 {a;)} L,y o)

Represent as embedding

q;(H;) = p; = j}[CP(Hi)CIi(Hi) dH;

’

Embedding update
i T o (xi’ {‘uj}je]\f(i) )

24



Parameterize mean field update

Uy < T(W) e (xi' {‘uj}jeN(i))
One can parameterize it as any flexible nonlinear model

Assume y; € R%, x; € R™, parametrize as one-layer neural network

Wi < 0<W1xi + W, Z lij)

T JEN (D)
Max{0,-} ‘ ‘
dxXxn dxd
matrix matrix
1\ )

Y
Learn with supervision
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Mean field iterations as nonlinear mappings

Iteration 1:

Iteration T':
(T) (T)

Hq

Aggregate

uiT) C I I )

T
ug)t O

- +|@]+@

classification/regression
with parameter VV

Label y
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Benefit of the new view: belief propagation
Approximate p (H;|{x;},0) as D

q;(H;) = Y1 (H;, x;|0) §

m;;(H;) “J W, (H;, x;|0)¥,(H;, H;|0) - (%
i

my;(H;) dH;

SUON
Operator view

ai(H) < 7O (xi fmuHY o)

[Song et al. 11a,b] mij (H]) A T, (9) © (xi’ {mﬁ (Hl)}fej\f(l)\])

[Song et al. 10a,b] 27




Belief propagation using embedding

Operator view
qi(H;) « T(0)° (xi' {mfi(Hj)}je]\f(i))
m;(H;) « T'(6) o (x;, {mei (HDYeewr i)

Embed q;(H;) = u;, mij(Hj) = Vij

N
Ui = To (xl’{vjl}]e]\f(l) ) =J"o (xv{vfl}feN(l)\J)
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“ Experiment Il: drug prediction

_dataset | MUTAG | NCI1__| NCI109 | ENZYMES | D& _

type Chem Chem Chem Protein Protein
#sample 188 4110 4127 600 1178
#class 2 2 2 6 2
Avg |V | 18 30 30 33 284
Avg |E]| 20 32 32 62 715
Alphabet I 37 38 3 82
size
Real world Mutagenic/  Active / Active / Enzymes / Enzymes /
bl non- inactive inactive non-enzymes non-enzymes
probiem mutagenic compounds compounds
compounds in an anti- in an anti-
for cancer cancer
Salmonella screen screen

Typhimurium

29



E Experiment lll: graph classification

B WL subtree BWL edge BRWL sp BEIR&G Ep-rand walk EJRand walk T—]Graphlet = sp [ S2v-MF__]S2v-BP

MUTAG NCI1 NCI109
90| g5l B 85
] 80| 80} ]
85| ]
>, > 75} {175
(] (@] Q
® © ®
380} 1370 1370
Q Q Q
© ® 65 165t
75+ 60 L 60
55 55
ENZYMES DD
: — 85 - :
80| — 1 |
_ 75 - S2V-MF
%) 10
© ® 70! ]
= =
8 18 g5l <+—— S2V-BP
60 |
55|

[Dai et al. 16] 30



Predicting efficiency of solar panel materials

Dataset Harvard clean

energy project
Size 2.3 million
Type Molecule
Alphabet# 6

Avg node # 28
Avg edge # 33

Organic

Solar Panel ¢
Materials

101paid

Power Conversion Efficiency (PCE)
(0-12 %)
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Characteristics of the data

Clusters of data points

[Dai et al. NIPS 14]
[Xie et al. NIPS 15]

«10% PCE distribution

0 2 4 6 8 10 12

PCE value

Unbalanced output value
Resample data during training
to make it balance

32



Small model but accurate prediction

| TestMAE | Test RMSE

10% data for testing
Mean predictor 1.986
WL level-3 0.143
WL level-6 0.096
S2V-MF 0.091
S2V-BP 0.085

2.406
0.204
0.137
0.125
0.117

We get ~4% relative error
with 10,000 times smaller model!

[Dai et al. 16]

1.6m
1378 m
0.1m
0.1m
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[Dai et al. 16]

0.3}

0.2}

0.1

w S2V-BP-iter-2
| —— S2V-BP-iter-3

Effects of inference iterations on errors

CEP test error

= S2V-MF-iter-1
= S2V-MF-iter-2

S2V-MF-iter-3
= S2V-MF-iter-4
= S§2V-BP-iter-1

y ﬂ‘ = S2V-BP-iter-4
WY

\ U
] v
l i i ¥

0.5 : 15
Number of training example (x 10°)

more inference
interactions

=
better features
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[Dai et al. 16]

Errors across different output range

Prediction quality

= §2V-MF-iter-1
= §2V-MF-iter-2

S2V-MF-iter-3
— S2V-MF-iter-4
e §2V/-BP-iter-1
—— §2V-BP-iter-2
— S2V-BP-iter-3
— S2V-BP-iter-4

PCE range
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Conclusion and future work

Structure2vec:

Structured . Like GM inference

- Small model
- Scalable
- Superior results

< Learn? 00 e e e

embedding
Discriminative/generative models

Codes: https://github.com/Hanjun-Dai/graphnn
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