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Generative Model and Discriminative Model

* Given an observed variable x and a target variable y

* Discriminative model is a model of a conditional distribution P(y|x)
* e.g., neural networks (supervised)

* Generative model is a model of a joint distribution P(x,y) (or P(x))
* e.g., Boltzmann machines, sum-product networks (unsupervised)

y = cat
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Why Generative Model?

* Generative models model a full probability distribution given data

* P(x,y)enables us to generate new data similar to existing (training) data
e This is impossible under discriminative models

* Sampling methods (e.g., Markov chain) are required for generation
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Examples of Generative Models

* Modelling a joint distribution of x
* Mean Fields

+ P(x) =, P(a)

* Tractable inference, low expressive power

* Multivariate Gaussian distributions
« P(x)ocexp (—g(x— @)= (x—p))
* Tractable inference, low expressive power

* Graphical models (e.g., RBM, DBM, etc.)
* P(X) X exp (Zz bza:z + zi,j wijxia:j)
* Intractable inference, high expressive power with compact representation

e @Generative adversarial networks

e P(x) o |f~1(x)| for some neural network
* Intractable inference, high expressive power with complex expression
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Energy Based Model

* Energy based model (EBM) is a joint distribution on a vectorx satisfying
P(x) o< exp (—E(x))

\ Energy

* Assignments with high energy appear less likely in EBM

* Examples of EBM
* Gaussian distribution

P(x) o< exp (—5(x — p) "2 (x — p))
* Bernoulli distribution

P(z) = exp (log(P(x =1))1,-1 + log(P(x = 0))1,—9)

* Poisson, binomial, ....
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Boltzmann Machine

* Given a graph (V, E), Boltzmann machine (BM) is a joint distribution on a
binary vector x = [z;] € {0,1}!V] such that

P(x) o exp (ZiEV b;x; + Z(i’j)eE wijmimj>

* Given a neighborhood of ¢, conditional distribution of x; is
« o(x) =1/(1 + exp(—=x)) : logistic sigmoid function

where N (i) ={j: (i,7) € E} is a set of neighbors of i

* To generate new data using BM, we need to learn parameters of BM
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Learning BM

Given training data {x), ..., x(")} |earn the distribution P(x)

Goal (Maximum Likelihood Estimation):

Maximize /(b,w) = ijzl 10g Prode1 (x(™)

{(b, w)is a convex function of parameters b;, w;;

Gradient descent converges to the global optimum with gradients

or or
8bz — Edata[aji] — Emodel [331] O

— Edata[ajixj] — Emodel [xzxj]
wij

N
1
where Egatalf ()] = N Z F(x™) is an empirical expectation

n=1
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Learning BM

* Problem: Calculating Ey,,04e1]¢] is intractable in general, i.e., NP-Hard
* Naive approach requires Q(2/V!) summations

* Instead of exact gradient, we approximate it using samples from Ppode1(X)

* Gibbs sampler is the most popular sampling algorithm in BM

Choose an arbitrary
initial state x € {0, 1}V

-)

Repeat for fixed number of iterations

r

Pick a random 7 € V

»

\
Update x; according

to P(i|Tnbas))

S
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Learning BM

* Learning BM
1. Choose initial b, w
2. Generate samples from Pmodel<X) using Gibbs sampler
3. Update parameters with approximated gradients from samples

b; < b; + ’Y(Edata[xi] o EmOdel [:CZ])

W;j <— Wij + ’Y(Edata[miwj] — Emodel [xszD

4. Repeat 2-3 until convergence

Algorithmic Intelligence Lab
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Restricted Boltzmann Machine [Smolensky, 1986]

* Restricted Boltzmann machine (RBM) is a bipartite Boltzmann machine with
visible nodes and hidden nodes

P(x) < >, exp (Zz bizi+ ), cihj+ ), wz‘jﬂ?z‘hj) QOO0 h

/ ': ':':x:':' :'
| RRORRIN |
Higher order potential @0000 X

* Hidden nodes can be described by hidden features of visible nodes

* In RBM structure, all hidden nodes are conditionally independent given visible
nodes and vise versa

P(z; =1h) =0 (Zj wighj + bi) P(h; = 1]x) = U(Zi Wigi + Cj)
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Learning RBM

Given training data {x(l), . ,X(N)}, learn the distribution P(x)

Goal: Maximize /(b,c,w) = 25:1 10g Prodel (x(™)

£(b, w) is a non-convex function of parameters b;, w;;

e But we still use gradient descent with gradients

ov
:Eaa i_Emoe 7
. data|Ti] del | Ti]
N
ov 1
— Pmoe =1 (n) _Emoe '
o, N; del(hj = 1[x") det |[P;]
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Learning RBM

* Due to conditional independence of RBM, block Gibbs sampling is possible

h 000 000 000
7N/ N/ N\
X @@ 000 000 000

e Samples generated by BM and RBM

BM  @0000 X

QOO0 h
RBM .. : ‘l.;.l' : . ..-..

Algorithmic Intelligence Lab *reference : http://arkitus.com/files/bms-eslami-slides.pptx 14
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Contrastive Divergence [Hinton, 2002]

* Convergence of a Gibbs sampler requires exponential number of iterations

e Contrastive divergence (CD-k) is a sampling method which runs only &
iterations of a Markov chain without convergence guarantee

* For rapid mixing, CD chooses a initial state of the Markov chain from the
training data

h 000 00O

7 N/ N\

X 000 000

e CD-1 works surprisingly well in practice even though there is no guarantee
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Persistent Contrastive Divergence [Tieleman, 2008]

* Persistent Contrastive divergence (PCD- k) runs k iterations of a Markov chain
with initial state from the last Markov chain output

* We expect PCD chain approximates the full Markov chain of long iterations

* PCD requires more iterations than CD, but it shows better performance

h 000 00O 000 00O

7 N/ 2N /7N

X 000 000 |000 =000| OO0 O0OO0O0

MNIST examples generated from RBM trained with PCD-1 and CD-1

0030364




Application: Classification using RBM [Nguyen et al., 2017]

* For a supervised learning using RBM, add a class variable to RBM
e X: binary input, y: multinomial label
* Assume P(y|x,h) = P(y|h)

P(x,h,3) = P(y|x,h)P(x,h) = P(y|h) P(x, h)
P(y|h) = exp (dy +2, ’U?hj)
P(X7 h) X exXp (Zz bZZL‘z -+ Zj thj -+ Zi,j ’wijﬂ?@'hj)
* Gradient descent for parameter learning
« Goal: Maximize log likelihood ¢(b,c,d, v, w) = ij:l 10g Proder (x™, (™)
* Similar to learning RBM, computing gradient requires Ppodel(h; = 1\x(”), y(”))

but block Gibbs sampler is not available (inefficient sampling)
* P(hlx,y) # [, P(hjlx,y)

Algorithmic Intelligence Lab
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Application: Classification using RBM [Nguyen et al., 2017]

* Gradient descent for parameter learning
* Solution: Use Q(h) =[], Q(h;) for approximating Pyode 1(h]x(”) (”))
* Such an approximation is called the mean field approximation

* Solve the optimization minimizing KL divergence
min K L(Q(h)||P(hfx.y)

= min (B llog Q)] — Equlog P(x, b,)]) ~ log P(x,y)
* Formulation Egn)[log Q(h)] as a function of ji; = Q(h; = 1)

Eqm[log Q(h Z (HQ ) log (1}@(@)) = ? (l:[@(%)) (;mg Q(hj)>
= Zh: (1;[@ ) (Zlog@ (hj = 1)1p,=1 + log Q(h; )1h3—0> / 1: Indicator function
(o) (S ) o) -

=zlog@<hj=1>( 5 H@(hm)@log@(m:m( 5 HQ(M)

h:h;j=1 j h:h;=0 j’

—ZQ 1)log Q(h; = 1) +ZQ 0)log Q(h; = 0)

- Zuj log 11 + (1 — 1) log(1 — uj) « — Gradient w.r.t. K4; is tractable
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Application: Classification using RBM [Nguyen et al., 2017]

* Gradient descent for parameter learning
* Formulation of Egm)[log P(x,h,y)] as a function of 11; = Q(h; = 1)

EQ(h) [1OgP(X7h7 y)] — EQ(h) [log(P(y‘h)P(X7h)]

'1 ( exp (dy +2, v;’hj) exp (Zi biwi + ) ¢ihy+ 2, ; wz‘j%hj> )]
og

i Z exp (dy + Z , ’Uyh, ) Z h €XP (Z b;x; + Z . thj + Zi,j ’LUijiEihj)

= Eqn)

= Eqm) dy+z v h; +bel+zcjh +Zw”xz — A(d,v,h) — B(b,c,w)

= EQ(h) Z ’U;/hj + Z thj + Z wijazihj — A(d, v, h) -+ EQ(h) dy + Z b;x; — B(b, C,W)]
L J J ,J i

Z g (’U;J +c; + Z wwxz> EQ(h) [A(d, v, h)] d’ + Z b;x; — B(b, C, W)

Gradient w.r.t. 1 is tractable

where  A(d,v,h) =log (Zy exp (dy +2 Ubyhj))
B(b,c,w) = log (Zx’h exp (ZZ bivi + D5 cihy + 2 wz‘jxihj))
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Application: Classification using RBM [Nguyen et al., 2017]

* Gradient descent for parameter learning
* Problem: Computing below is hard

0 EQ(h)[A(d’V’h)]:i.Z<:—[“J (1—py)t j) (Zexp (dy—f—ZUyh))
h

O O, ;
- 5 (T o (S ()

h:h;=1 j’;:étj
— Z (H,uj/ — )t h’)log(Zexp (dy+Zvyh>>

h:h;=0 \ j'#j

* Solution: Approximate Egn)[A(d, v, h)] into tractable expression
e 1storder Taylor series approximationat h = p

EqmlA(d,v,h)] ~ Eqm[A(d, v, p) + (h — )" Vi A(d, v, h) [n=p]
= Eom [A(d, v, )] + Egum[(h — )" VL A(d, v, h)|n—,]
= A(d, v, ) + Eqmy[(h — p)"]VhA(d, v, h)[h—y

=|A(d, v, p)

Z U exp (dy+2j U;'/:LLJ
5o (1 3, o
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Application: Classification using RBM [Nguyen et al., 2017]

* Gradient descent for parameter learning
* Approximate Eqm)[A(d, v,h)] into polynomial
» 2nd order Taylor series approximation at h = p
EqmlA(d, v,h)] ~ Equ[A(d, v, p) + (h — )" Vi, A(d, v, h) =]

1
+ o [ 3(b— )7 V3AQ ¥, 1) )

o 0
Yy :u])(hj' - :uj')aT ah_/A(davah)|hu]

)] 2 0o 0
Oh; Oh

o 9

52 ] Closed form
(1-— Mj)a_h? (d, v, h)[n=pf —> gradient exists

—A(d, v,h)|h=y

(d,V, h)|h:N

* After Taylor series approximation, ft can be optimized using coordinate descent
* Also, gradient can be approximated by approximating Q(h) ~ P(h|x,y)

Algorithmic Intelligence Lab
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Application: Classification using RBM [Nguyen et al., 2017]

* Evaluation: Exact inference is intractable, use approximated inference

P(ylx) = 2. P(y/h) P(h|x) =

where v; = P(h; = 1|x)

 Classification using

1. Above approximated output
2. kNN, SVN on the hidden feature space of RBM

Table 1: Classification errors (%) on testing sets.

exp(zj wi v, —|—by)

Zy exp(zj w?uj—i—by)

MNIST | 20 Newsgroups

RBM+ANN 3.03 56.15
RBM+SVM 1.76 41.79
ClassRBM+ANN 2.98 57.80
ClassRBM+SVM 1.68 40.88
ClassRBM 3.39 24.9
sRBM+ANN 2.94 55.89
sRBM+SVM 1.42 38.43
sRBM-1st 2.27 24.1
sRBM-2nd 2.21 23.2

Algorithmic Intelligence Lab
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* Evaluation: Exact inference is intractable, use approximated inference

Application: Classification using RBM [Nguyen et al., 2017]
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SVN on the hidden feature space of RBM

Q=N TINDIST

U

1. Above approximated output

2. kNN

V=T VO NG
Q= (n\9 Nbe o

* Generation of RBM using Gibbs sampler

 Classification using
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Deep Boltzmann Machine [Salakhutdinov et al., 2009]

* Deep Boltzmann machine (DBM) has a deeper structure than RBM

* Higher expressive power as DBM becomes deeper

x 3 ow (Shact Nan+3dn VBT b’
k g

h'l h?

Higher order &
complex potential

* DBM also contains conditionally independence

P(z; = 1|h!) _a(z w]

Z 1 1 Z 1 1122 e -
,J gk

Lhl + b,

\ 9§

VAT RIA
JOB 0O hl

ARG W/W//
'v'-
L > x X 1
‘n"l‘\-
PATHAEIAN

P(hy = 1%, 0%) = o ( 3, whs + 3 whhd +c} )
P(hi = 1|ht) = J(Zj w?khjl -+ ci)

Algorithmic Intelligence Lab
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Learning DBM

* Learning DBM is similar to learning RBM

* Pretraining each layer with RBM empirically achieves better performance

Pretraining

W\ / COOOO0) v

____________ WOO000 e o [ W?
********* nO0000 (OOO00) bt
w” \}v‘ [ w!
CO000) 00000
X X | X

* As used in [Nguyen et al., 2017], the mean field approximation is a good
alternative for slow Gibbs sampler in DBM [Salakhutdinov 2010]

QMF hl h2|$ HHq
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Learning DBM

e Samples generated by BM, RBM and DBM

BM  @0000 X

O - -
Q\,Q_._.Q,.Q,Q h?

B v
vocee alkahmtabahate

*reference : http://arkitus.com/files/bms-eslami-slides.pptx 26
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Application of DBM: Multimodal Learning [Pang et al., 2017]

e Goal: Extract a joint feature from image and audio data

i
e Joint DBM consisting of sub-DBMs corresponding (O/QOO\‘\@
to modalities h;’@OOI/OO) (OO\(\)OO) h}
QOO0 O)| [COOOO K
* Learning joint DBM s @QOO00)| [©OO0D)s
1. Extract features from each modality

2.
3.
4

Pretrain sub-DBM for each modality using extracted features
Pretrain the shared parameters
Fine tune the joint DBM with pretrained parameter

n’

OQOOO

r¥QO000 @000k W ’N

O s i
w! W, R”QOOO00O OOOOOHK
K QOOOO ooooo::;» W@OO'OO% » w. W/ !
W W, / \ K QOO000O ©OOOOOH
s ©0000) ©O000)f QO000 WOOOO ; W,

W
DBM, et DBMiyce g(h?)s) q(hz| 1) s OO000O) OOO O, Of
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Application of DBM: Multimodal Learning [Pang et al., 2017]

e Evaluation: Person identification using face image and audio data
* Logistic regression classifier is used for extracted DBM features

Method IR (%)

SVM (concatenated features) 94.33 + 0.087
Bimodal DAE [9] 88.70 + 0.256
Bimodal DBN (Fig. I¢) 88.33 + 0.465
Bimodal DBM (conventional training) [11] 93.90 +0.114
score fusion [14], [15] 93.70 + 0.247
jDBM (proposed three-step training) 96.33 + 0.074

 DBM also shows robustness on noisy unimodal data
100 T T T T T

90 r

80

X 70t
)
© 60T
3
g i
< SVM
40 + DBN
DAE clean qf 20 af 6 af 4
30 i DBMface
20 ' ' : ; '
Clean qf 20 gf 10 qf 6 af 4

JPEG Compression (quality factor)
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Recall: Examples of Generative Models

Complex and tractable model?
* Modelling a joint distribution of x

* Mean Fields
+ P(x) =T, P(a))
* Tractable inference, low expressive power Simple and

tractable models
 Multivariate Gaussian distributions

« P(x)ocexp (—g(x— @)= (x—p))
* Tractable inference, low expressive power

* Graphical models (e.g., RBM, DBM, etc.)
* P(x) oxxexp (ZZ bizi+ wijxixj)
* Intractable inference, complex but simple expression Complex and

intractable models
e @Generative adversarial networks

e P(x) o |f~1(x)| for some neural network
* Intractable inference, complex expression

Algorithmic Intelligence Lab
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Network Polynomial

* Goal: Model tractable distributions over x € {0,1}"

* Any distribution can be represented by network polynomial

P(CIZl, .’L‘Q) 0.¢ F((L‘l = O, Ty = O)Zl_fli'g -+ F(il?l = O,CIZ‘Q = 1)%‘1@2
+ F(a:l =120 = 0)51_315172 -+ F(CEl =1,29 = 1)581332

* Idea: Learn coefficients of network polynomial which enables tractable inference
* Example: mean field

Iterative sum and product

P(x) o< F(x) = [] (fila: = D + fila, = 0)z,) «

ZF(X) =

Algorithmic Intelligence Lab

1

> 1 (i = Dai + fi(ws = 0)z;)

X

)

: (Z (fi(zi = 1)a; + filzs = 0)%))

Zq

: (filws = 1) + fi(z; = 0))
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Sum-product Network [Poon et al., 2012]

e Sum-product network (SPN) provides tractable distribution over x € {0, 1}"
* P(X) = F(:cl,fl,:cg,:i'g, . ,xn,in)/Z, F() is SPN

) Z pm— ZXG{O,l}n F(x]_7£17x273_32, .« o ,xn,ﬂ_fn)

* SPN consists of iterative sum and product nodes (operations)
* e.g. F((]Zl, T1,T2, f’g) 207(06.’131 + O4i‘1)(03$2 + O7f2)
+0.3(0.921 + 0.121)(0.225 + 0.8%2)

Algorithmic Intelligence Lab *reference : https://jmhldotorg.files.wordpress.com/2013/11/slidescambridgesumproductnetworks2013.pdf 32



Sum-product Network [Poon et al., 2012]

e Sum-product network (SPN) provides tractable distribution over x € {0, 1}"
* P(X) = F(:z:l,il, T2, T2, ...,Ty, Q_Sn)/Z, F()IS SPN

) Z:ZXG{O,l}n F(x17jljx2,£2,...,xn,a_jn)
* Direct calculation of Z requires 2" number of summations but...

e Observation: If I’ is a polynomial with a form

F(.CCl, T1,T2, fg) = F(O, 1,0, 1)51_31f2 + F(l, 0,0, 1)37152‘2
+ F(O, 1,1, 0)531332 + F(l, 0, 1, 0)5615[32

then F(1,1,1,1) = Y cro1y2 F(x) = Z

 What if there exist monomials such as x; or x;x;?

Algorithmic Intelligence Lab *reference : https://jmhldotorg.files.wordpress.com/2013/11/slidescambridgesumproductnetworks2013.pdf 33



Any SPN Produces Tractable and Valid Distribution?

* Theorem:SPNisvalid (Z = F(1,...,1)) if
* (consistent) There is no monomial containing both x;, X;
e (complete) Children of sum node have same set of descendant leaf node

Incomplete Inconsistent

X, X,

F(%l,i‘l,aig,ig) = 0.7z1 4+ 0.322 F(g;ljg_jl) = 1T
Z=2>F(,1,1,1) =1 Z=0<F(,1)=1

* Theorem implies that SPN is valid if it only contains n-th order monomials
which consist of all z; or x; for all;

Algorithmic Intelligence Lab *reference : https://jmhldotorg.files.wordpress.com/2013/11/slidescambridgesumproductnetworks2013.pdf 34



Joint Probability in Valid SPN

Algorithmic Intelligence Lab

* Goal: calculate joint probability in valid SPN
° P(X):F(CEl,Zl_ﬁl,ZEQ,ZEQ,...,CUn,Lf‘n)/Z
¢ Z:ZXF(xha_jlaaniéa“°7xn7'fn)

:F(a?l:l,ﬂ_il:1,332:1,@2:1,...,In:1,$n:1)

0.42

F(SL‘l = 1,:1_31 :0,332 :0,3_32 = 1)

P(J?l:l,ZEQZO): 7

*reference : https://jmhldotorg.files.wordpress.com/2013/11/slidescambridgesumproductnetworks2013.pdf 35



Marginal Probability in Valid SPN

* Goal: calculate marginal probability in valid SPN
° P(CBl = 1) :F(lel = 1,3_2’1 :0,332 = 1,3_2’2 = 17---73777, — 1,Zf‘n == 1)/Z

P(mlzl):

Algorithmic Intelligence Lab *reference : https://jmhldotorg.files.wordpress.com/2013/11/slidescambridgesumproductnetworks2013.pdf 36



Deep vs Shallow SPNs

* Any distribution can be encoded using shallow large SPN [Poon et al., 2012]

e Some distribution can be encoded using compact deep SPN
e e.g. uniform distribution over states with even number of 1’s

Deep compact SPN

Shallow large SPN B
8 8
Y@ S-B\ X O(N)

§888 -
S N TN
Y& o %

8 Q8 8

= _./\_f\\
T e @
§ Q8 ®
A
X X; Xs A«

Algorithmic Intelligence Lab *reference : https://jmhldotorg.files.wordpress.com/2013/11/slidescambridgesumproductnetworks2013.pdf 37



Extension to Multivariate/Continuous Models

* Replace sum nodes by integral (or weighted sum) nodes
* Integral for continuous models and weighted sum for multivariate models

 When all p are Gaussian, SPN defines very large mixture of Gaussian

X, X, X, X,

Binary SPN Continuous/multivariate SPN

Algorithmic Intelligence Lab *reference : https://jmhldotorg.files.wordpress.com/2013/11/slidescambridgesumproductnetworks2013.pdf 38



Learning SPN

* Learning SPN is similar to learning neural networks
* Select an appropriate structure for target dataset

* Define target loss function from target dataset/distribution
* |teratively update weights using back-propagation

* Learning SPN

1.
2.
3.

Initialize SPN with some ‘valid’ structure and random parameter

Choose an appropriate loss function (e.g., maximum likelihood:max > P(x("))
Update weight until convergence

* Weight update algorithm can be generally chosen (e.g., gradient descent)

e Gradient descent can be done using back-propagation

Prune zero weighted edges

39



Structure Learning of SPN [Gens et al., 2013]

e Recall: Intuition behind SPN
* Each sum node represents the mixture of distributions
* Each product node represents the independence of variables

e Given samples, structure learning of SPN is an iterative procedure of
* Finding independence (independence test, e.g., G-test of pairwise independence)
* Finding similar instances (clustering methods, e.g., k-means clustering)

Return: %o
Training set o’(ss
» ®
[<}]
o
c
Establish 2
approximate £
independence Variables Wheb [Vie1
4 return smoothed
2 univariate
© . distribution
‘2’ \ietllrrﬂ
= If no 3 /2| \2 )
Variables independence, /7] N7 ooo
group similar & \ )
instances o ®
Sl [T TTTTITNI]
EIIIIIIIII\]\I
» eee
S A EEEEEEEEE
LLLTTTITTTT]
Variables
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Application of SPN: Image Completion [Poon et al., 2012]

* Completing the missing left half of images
* SPN is trained using Caltech-101, Olivetti datasets
* Consider each pixel as a mixture of Gaussian with unit variance

 Comparison with several algorithms

Top to bottom: original, SPN, DBM, DBN, PCA, nearest neighbor

Algorithmic Intelligence Lab
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Application of SPN: Discriminative Learning [Gens et al., 2012]

Goal: Use SPN as an image classifier

Problem

* Finding deep valid structure for high dimensional variable may decrease the
classification accuracy as it restrict the number of edges

* Modelling continuous image pixels into Gaussian distribution may not be realistic

Idea: Ignore the distribution of input x. Only model the distribution of target
variable y given x

Learn SPN which maximizes log > |, p(y, h|x)
* Hidden variables are introduced to enhance the expressive power

Algorithmic Intelligence Lab
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Application of SPN: Discriminative Learning [Gens et al., 2012]

e Structure of SPN follows some convolutional structure
* Each parts affects the weight of a target variable y.
* Each mixture extracts image features using convolutional filters

* Hidden variable determine whether discard the part of filter/location of images
Classes

hll 8 \S

hi11 X Mixture
Sll

Locahon

Extracted features

from input . %&
GxGxK
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Application of SPN: Discriminative Learning [Gens et al., 2012]

» Test accuracy on CIFAR-10 dataset

* SPN estimation

maXxe P(yc‘xa h)

* |Input images are preprocessed by feature extraction algorithm [Coates et al., 2011]
* Vary number of extracted features for quality measure

* SPN works well even with a small number of feature size

84

Accuracy

--------------------------------------------

64

800

Dictionary Size
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Method Dictionary Accuracy

Logistic Regression [24] 36.0%
SVM [5] 39.5%
SIFT [5] 65.6%
............................................... mcRBM [24] 68.3%
mcRBM-DBN [24] 71.0%
Convolutional RBM [10] 78.9%

R S SO K-means (Triangle) [10] | 4000, 4x4 grid | 79.6 %
| &= Discriminative SPN HKDES [4] 80.0%
B8 Leamned Pooling, Jia et al. 3-Layer Learned RF | 12] 1600, 9x9 gl‘ld 82.0%

e—e K-means (tri.), white, Coates et al] Learned Pooling [20] | 6000. 4x4 erid | 83.11%

B PO Discriminative SPN 400, 7x7 grid | 83.96%

1600 2000 /
Size of features
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Application of SPN: Learning Graph Structured Data [Zheng et al, 2018]

* Goal: Learn the graph structured semantic map for predicting the labels of

unvisited location

* Each node represents a location of semantic place that a robot can visit
* Each node associate with some local observation X; (vision, sound, ...) and its

hidden label Y; (office, corridor, ...)

* Each edge represents a spatial relation between nodes representing navigability

Algorithmic Intelligence Lab

——

O =Graph node (Place)
.8 - Labels (Semantic categories)
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Application of SPN: Learning Graph Structured Data [Zheng et al, 2018]

* Encoding samples of arbitrary size of graph into 7 node template node template
SPN is hard On® O

* |Instead, learn SPN for small templates
* Given training data, learn template SPNs for O_O_O

3-node template 5-node template

modelling distribution of X;,Y; from subgraphs

* Modelling distribution of test data
1. Given a graph, decompose a graph into random disjoint templates

AR 26
f o—C

2. Add a product node and trained template SPNs on the graph as its children

O O Product node
O Y O ® Template SPNs of
\

corresponding sizes
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Application of SPN: Learning Graph Structured Data [Zheng et al, 2018]

* Modelling distribution of data

1.

Approximate the full
graph distribution using

smaller ones —~—, @

Given a graph, decompose a graph into random disjoint templates

2. Add a product node and trained template SPNs on the graph as its children
3.
4

Repeat 1-2 for fixed number

For added product nodes, add a sum node as their parent. Use resulting SPN as a
modelled distribution

The full distribution is
modelled as a mixture of
several approximations
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Application of SPN: Learning Graph Structured Data [Zheng et al, 2018]

* Experiment setup

* Generate labels and observations under some ground truth distribution of X;,Y;
* Add some noisy labels which are most likely to be correct except for the true label
* Add placeholders which have no label and observation

* Train SPN with above corrupted/missing data

e Comparison with usual graphical models (Markov random field) of pairwise

potentials and three nodes potentials

Corrupted
training
graph —*|}

O placeholder

Ground truth
Estimated result of SPN

Algorithmic Intelligence Lab

@ node with incorrect label

100

90

80

50

40

30

20
1

Noise Level

2 3 4 5 6

' —— GraphSPN

MRF-2
~— MRF-3
Std dev O
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Summary

* Generative models enables us to model the probability distribution of training
samples

 BM, RBM, DBM have high expressive power but both inference and learning are
intractable

* They lead major breakthrough of deep learning before 2012 (AlexNet arrives)

* Sum-product network exhibits complex structure, tractable inference and
efficient learning using back-propagation
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