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Traditional Deep Learning
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Traditional Deep Learning

* RNN
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Graph structured Data
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Inspiration from CNN

* Pros of CNNs
* Local connections
e Shared weights
* Use of multiple layers

e Cons of CNNs « T
* hard to define convolutional and \o
pooling layers for non-Euclidean data 5 o
B O
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Graph in non-Euclidean space



GCN: Definitions

* Input:
e N X D feature matrix

* N: number of nodes
* D:dimension of input features

* Adjacent matrix A(with shape N X N)

* Output

* Node level output Z
* An N X F feature matrix, where F is the feature dimension of output per node

* Hidden neural network layer
H+1) — f(H(l),A)
H® =X and H) = Z(L: number of layers) and f is a non-linear function



GCN: the intuition

* A simple example
f(H(l),A) — J(AH(Z)W(D)
w. weight matrix for the [-th neural network layer
o(:): non-linear activation function like ReLU

* Despite its simplicity, this model is already quite powerful



GCN: the intuition

* A simple example
f(H(l),A) — J(AH(Z)W(D)
w. weight matrix for the [-th neural network layer
o(:): non-linear activation function like ReLU

* Limitations:
* Sum up all feature vectors of all neighbor nodes except the node itself
* Ais not normalized

* Tricks:
* Enforce self-loop in graph: add identity matrix to A

* Normalize A: all rows sum to one

* i.e. D714 (D: diagonal node degree matrix)
1 1

* Use symmetrical normalization in practice: D 24D 2



GCN

* A simple example
f(H(l),A) — J(AH(Z)W(D)
w. weight matrix for the [-th neural network layer
o(:): non-linear activation function like ReLU

* Real used propagate rules
~_1. 1
f(H®,4) = o(D72AD2ZHOWW)
where A = A + I and D is the diagonal node degree matrix of A

* Note:

1
* In the forward propagation, D 24D 2 only needs to be calculated once.

(Y



Examples

* Construct a two layer GCN
Z = softmax(A ReLU(AXW @) W)

- ~_l .1
where A =D 2AD =

 Add loss for nodes with labels

F

leyr f=1
F is the number of classes(output feature dimension)

y; is the set of node indices that have labels



Examples

* 3-layer GCN with random initialized weights

(a) Karate club network
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(b) Random weight embedding




Examples

* Semi-supervised learning
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Molecule representation

e for each molecule, extract
* Adjacent matrix with shape N X N

e feature vector for each node
o different feature vectors for the same atom

Molecule
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Model: one layer

* internal layer transition
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Model training

* molecule=feature vectors=feature vectors=prediction
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Expectation Maximization

EM algorithm for GMM



EM: the intuition

First experiment
* We choose 5 times one of the coins.

 We toss the chosen coin 10 times

HTTTHHTHTH
number of heads using C1

0, =
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number of heads using C2

0,

HTHTTTHHTT " total number of flips using C2
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slide from Stefanos Zafeiriou: Statistical Machine Learning



EM: the intuition
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EM: the intuition

Assume a more challenging problem

HTTTHHTHTH

HHHHTHHHHH +Wedonot know the identities

of the coins used for each

HTHHHHHTHH

set of tosses (we treat them as
hidden variables).
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slide from Stefanos Zafeiriou: Statistical Machine Learning



EM: the intuition

E-step
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Import library

pd.set option('display.width’, )

pd.set _option('display.max_columns’,

Image




Generate Dataset

140
120
i 100
mu_true =
sigma true
lambda true &0
_ &0
np.random.binomial(1l, lambda_ true, n)
np.array([np.random.normal (mu_true[i], sigma true[i]) i o
plt.hist(x, bins=20); M0
0



Supervised learning

rain_test split

ztrain, ztest, xtrain, xtest = train test split(z,x)

plt.hist(xtrain);

lambda train=np.mean(ztrain)

mué train = np.sum(xtrain|[ztrain==0])/(np.sum(ztrain==0))

mul train = np.sum(xtrain|[ztrain==1])/(np.sum(ztrain==1))
xmus=np.array([mue train Z== mul train yi ztrain])

xdiffs = xtrain - xmus
sigma train=np.sqrt(np.dot(xdiffs, xdiffs)/xtrain.shape[@])
lambda train, mu® train, mul train, sigma train
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Supervised learning

e 0 = {W],M],Z]]}
p(zW =j,xD|0)  px®@)z0=j0)p(zY = j |6)

° (i) — ] (D). — =
p(Z ]‘x '6) p(x®|0) p(x(]6)

(x):
foro= - (x-mu@ train)*(x-mu@ train)/(2.0%*sigma train®*sigma train)
fore + np.log(l.-lambda train)
- (x-mul_train)*(x-mul train)/(2.0*sigma train®*sigma train)
forl + np.log(lambda train)
*(for1 - fore »>= 0)

pred = np.array([loglikdiff(test x) for test x in xtest])
print "correct classification rate", np.mean(ztest == pred)




norm

(x, mu, sigma, lam):
= lam * norm.pdf(x, mu[@], sigma[@])
(1. - lam) * norm.pdf(x, mu[1], sigma[1])
b/ (a + b)

(x, w):
lam = np.mean(1-w)

mu = [np.sum((1-w) * x)/np.sum(1-w), np.sum(w * x)/np.sum(w) ]

sigma = [np.sqrt(np.sum((1-w) * (x - mu[2])**2)/np.sum(1-w)),
np.sqri(np.sum(w * (x - mu[1])**2)/np.sum(w)) ]

mu, sigma, lam

The solution is

® Zz—l { - /}




while not converged:
if np.iénan(mu[ 1) or np.isnan(mu[1]) or np.isnan(sigma[©]) or np.isnan(sigma[1]):
print "Singularity!”

break

mu = np.random.normal(®, 10, size=2)
sigma = np.random.uniform(o,
lam = np.random.random()

w = Estep(x, mu, sigma, lam)

# M-step

mu new, sigma new, lam new = Mstep(x, w)

# Lonvergence

CDfHJEPgEHj . & np.all(np.abs((np.array(mu _new) - np.array(mu)) < crit))
& np.all(np.abs((np.array(sigma new) - np.array(sigma)) < crit)))
mu, sigma, lam = mu new, sigma new, lam new

: . iterations +=
1terations

nB: N({2:.4f}, {3:.4f}P)\nlam: {4:.4f}" ' .format(

mu new[©], sigma new[@], mu new|[1], sigma new[1], lam new))

9.4 [2, 5] [0.6, 0.6]
nitialization 67482614 -5.40579505] [ 2.18158241 2.34191484] ©.914875395098
I 1 ti 1 614 4 11 ]




Add Old Faithful 2D dataset

100

ofdata=pd.read csv("./oldfaithful.
ofdata.head()

plt.scatter(ofdata.eruptions, ofdata.waiting);
plt.xlabel('eruptions length")
plt.ylabel ('time between eruptions
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Create GMM with different cluster number

from import mixture

clfi = mixture.GMM(n_components= def (clf):
clfi.fit(ofdata.values) = clf.predict(ofdata.values)
clf2 = mixture.GMM(n_components= np.linspace(2, ©)
clf2.fit(ofdata.values) np.linspace (40, )

clf3 = mixture.GMM(n_components= — np.meshgrid(xx, yy)

clf3.fit(ofdata.values) np.c_[X.ravel(), Y.ravel()]
clf4 = mixture.GMM(n_components= clf.score samples(XX)[2]

clfa.fit(ofdata.values) Z.reshape(X. shape)
clf5 = mixture.GMM(n_components=
clf5.fit(ofdata.values) y plt.contour(X, Y, Z)

clfé = mixture.GMM(n_components= B = plt.colorbar(cs, shrink=0.2, extend="both")
clfé6.fit(ofdata.values) plt.scatter(ofdata.eruptions, ofdata.waiting, c=mask);
clf7 = mixture.GMM(n_components=

clf7.fit(ofdata.values)

clf8 = mixture.GMM(n_components=

clf8.fit(ofdata.values)




plot clf(clf1) plot clf(clf2) plot clf(clf3)
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Fit criteria: Choose the number of mixtures

aics=[clf1.
clf3.
clfs.
clf7.
bics=[clf1.
clf3.
clfs.
clfz.

aic(ofdata
aic(ofdata
aic(ofdata
aic(ofdata
bic(ofdata
bic(ofdata
bic(ofdata
bic(ofdata

.values),
.values),
.values),
.values),
.values),
.values),
.values),
.values),

clf2.
clfa.
clfe.
clfs.

clf2
clfa
clfe
clfs

plt.plot([1,2,3,4,5,6,7,8],aics)
plt.plot([1,2,3,4,5,6,7,8],bics)

aic(ofdata.
aic(ofdata.
aic(ofdata.
aic(ofdata.
.bic(ofdata.
.bic(ofdata.
.bic(ofdata.
.bic(ofdata.

values),
values),
values),
values) ]
values),
values),
values),
values) ]
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Plot areas of dominance of a component

(clf):
mask = clf.predict(ofdata.values)
XX = np.linspace(2, ©)
yy = np.linspace(40, )
X, Y = np.meshgrid(xx, yy)
XX = np.c_[X.ravel(), Y.ravel()]
cs=clf.score samples(XX)
Zline=cs[0]
Zline=Z1line.reshape(X.shape)
cs[1][:,0]
print 7
Z = Z.reshape(X.shape)
plt.imshow(Z, interpolation="nearest’,
extent=(X.min(), X.max(), Y.min(), Y.max()), aspect="auto’,
origin="lower’, cmap=plt.cm.PuOr _r)
CS = plt.contour(X, Y, Zline)
CB = plt.colorbar(cs, shrink=0.:2, extend="both")
plt.scatter(ofdata.eruptions, ofdata.waiting, c=mask);




plot clf post(clf2)
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