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Introduction

« Dyadic Data
— Relationship between two entities

o Examples
— (Users, Movies): Ratings, Tags, Reviews
— (Genes, Experiments): Expression
— (Buyers, Products): Purchase, Ratings, Reviews
— (Webpages, Advertisements): Click-through rate

« Co-clustering
— Simultaneous clustering of rows and columns
— Matrix approximation based on co-clusters

* Mixed membership co-clustering
— Row/column has memberships in multiple row/column clusters
— Flexible model, naturally handles sparsity
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Example: Gene Expression Analysis
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Co-clustering and Matrix Approximation

Iy 1 2 3 4 5 & oV 1 3 5 2 4 B
1 -6E H4 £3 93 51 96 4 30 32 80 83| -24 -1
2 35 87 37 26 84 22 2 35 37 84 B7 | -26 -22
3 -68 hE -B4 92 h2 94 5 B3 60| 53 &5 92 95
4 30 8.3 32 24 80  -21 1 BE 63| 51 54 93 96
5 63 h5 -60 92 h3 95 3 B8 -64 | 52 56 92 94

Onginal Matrix Z Reordered Matrix Z

N 2
1 0 UV 1 E - V.Vl 2 3 4 5 6
2 1 0 = s 7 T 0 1 0 0 0
3 0 1] x 2 640 535 937 z ¢ 1+ 0 0 1 0
; gl ? Low Parameter Matrix ) S C I O

Column Clustering
Fow Clustering

Bayesian Co-clustering



Example: Collaborative Filtering

users

movies
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Related Work

 Partitional co-clustering
— Bi-clustering (Hartigan ’72)
— Bi-clustering of expression data (Cheng et al., "00)
— Information theoretic co-clustering (Dhillon et al., ’03)
— Bregman co-clustering and matrix approximation (Banerjee et al., ’07)

* Mixed membership models
— Probabilistic latent semantic indexing (Hoffman, ’99)
— Latent Dirichlet allocation (Blei et al., ’03)
» Bayesian relational models
— Stochastic block structure (Nowicki et al, ’01)
— Infinite relational model (Kemp et al, ’06)
— Mixed membership stochastic block model (Airoldi et al, ’07)
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Background

o Bayesian Networks
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Latent Dirichlet Allocation (LDA) [BNJ'03]
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1. Choose 7 ~ Dir(«a)

documentl document2

2. For each of d tokens (z;,[7]1") in x:

(a) Choose a component z,; ~ Discrete(r).

(b) Choose x; from p(x;|3.,), a Discrete distribution conditioned
on the topic z;.
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Bayesian Naive Bayes (BNB) [BS’07]
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1. Choose 7 ~ Dir(«).

2. For each of the observed features f;, [7]1":
(a) Choose a class z; ~ Discrete(r) ,
(b) Choose a feature value x; ~ py(z;|z;, f;,0) .
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Bayesian Co-clustering (BCC)
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choose 7y, ~ Dir(ay).

. For each column v,[v]]
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choose 7y, ~ Dir(as).

For each non-m

1ssing entry

in row u and column v:

(a) Choose
(b) Choose

(c) Choose xy, ~ px|0.,.,).

Bayesian Co-clustering

21 ~ Discrete(m

29 ~ Discrete(ma, ).

n=1

% Zl()gp qn‘al o, )

10



Bayesian Co-clustering (BCC)

' Y
NI NI
Cx.l CXZ
v i L)
il
o . of ¥V — - - } -
T T, j}[_“i s M laes W20 Sl <200 I:“:I.Tl N [i]?g |(]:1.. {_'[2‘ C'_'))

mnq o
© .©N — (Hg;(ﬁluh‘rl}) X (Hj}[:?u'zt.h‘rg})

21\ /Z) u=1 v=1
k)

k, Boyu
Q _O H 1” Zluwv a'll"u)f}[ Z2uv |4'121 j} L |9~11!‘L Eouw ) wr
0

p(X|ay,a,0) —/ f
u= l .....

kq ko
~ — \Y ~ — ; ) 6"@1! P —
(H Z Z p{/fl’u’u|”11&}p£/‘21&1§|""21-‘}p{‘r’t&v Hzlm.?zgm.-) ) d‘“lu[uzl---nl]d”21:[1!:1----?19]+

UV 21y =1 2oy,=1

(H P(“ l'u,(ll)) (H p(ﬂ'ﬁvﬂﬂj)
v=1

u=1

Bayesian Co-clustering 11



Variational Inference

» EXxpectation Maximization

- E-step: Calculate posterior probability p(my, w2, 21, 22| a1, as, 0, X)

to obtain log-likelihood L(a, ©).

- M-step: Maximize L(a, ©) w.r.t a, ©.
e Variational EM

Introduce a variational distribution (71, 72, z1. 22|71, 72, @1, ¢¥2) to
appI‘OXImate p( VAR Zg|&1 o, O, )i}
Use Jensen’s mequallty to get a tractable lower bound for log-likelihood
logp(Xlay,as,©) ZE [logp(X,z1, 29, 71, Talay, (o, O)]
+ H(q(z1,22,71,72))
Maximize the lower bound w.r.t (¢,,~;, ¢»,~,) for the best lower bound,

.e., minimize the KL divergence between (i o, 21, zo|v1, V2. 1, 09)
and p(my, 7T, 21, Zg‘&l_ﬁg_(ﬂ_)i}

Maximize the lower bound w.r.t (aq, a.,0)
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Variational Distribution
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Variational EM for Bayesian Co-clustering

L(~1,72, 1, do; 01, 2,0) = lower bound of log -likelihood

1. E-step: Given the model parameters ( cug (f .0 find the variational parameters
(’rlf-i-l) (t+1) (‘b(f—H t+1)) —  arg max L(’Yl v, ¢51 qbg (f) .éf.j:@(t)) ‘
(Y1:Y2:P1,92)

Then, L('yl H), (t+1) ¢1f+1) qb(tﬂ ;1. (v9, O) serves as the lower bound function for
log p(X |0, a3, ©).

2. M-step: Obtain an improved estimate of the model parameters:

( 1t—|—1) 2f-|—1} O ¢+1)) (t—|—1’ (t+1) Qﬁ'lt—i_l) qb(H_l

= arg max L(~ Ty, g, 0) .

(crl as.0)

Bayesian Co-clustering 14



EM for Bayesian Co-clustering

* Inference (E-step)
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Fast Latent Dirichlet Allocation (FastLDA)

* Number of varlatlonal parameters ¢: m*n —n.

Introduce a different variational distribution g(m

approximation of p(m,z|a.0,x).
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FastLDA vs LDA: Perplexity
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FastLDA vs LDA: Time
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Word List for Topics (Classic3)

LDA
Topic 1 Topic 2 Topic 3
information | patients How
library cells boundary
systeimn cases pressure
data normal layer
libraries orowth number
research blood mach
svstems found results
retrieval treatment theory
science children heat
scientific cell method

Word List for Three Topics on Classic3 Dataset

Fast LDA
Topic 1 Topic 2 Topic 3
information | patients flow
library cells boundary
system cases pressure
libraries normal laver
data orowth number
research blood mach
retrieval treatment results
systems found theory
science children shock
scientific cell heat
19
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Word List for Topics (Newsgroups)

LDA
Topic 1 | Topic 2 | Topic 3
ood space vear
people carth game
don nasa. don
time launch team
oood orbit baseball
religion system oood
make shuttle time
objective moon oanes
point time hit
evidence | mission players

Fast LDA
Topic 1 | Topic 2 | Topic 3
ood space vear
people earth game
don nasa don
religion launch team
time time baseball
objective orbit oood
cood system oames
moral don time
make shuttle hit
point IMOOoI players

Word List for Three Topics on CmuDiff Dataset
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BCC Results: Simulated Data

Gaussmn—True EStlI‘Il”Lted

Bernmﬂh True EStlI‘ﬂ"Lted

(Gaussian | Bernoulli | Poisson
Row 100% 09.5833% 100%
Column 100% 08.5833% 100%

Table 1: Cluster accuracy on simulated data.
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BCC Results: Real Data

* Movielens: Movie recommendation data
— 100,000 ratings (1-5) for 1682 movies from 943 users (6.3%)
— Binarize: 0 (1-3), 1(4-5).
— Discrete (original), Bernoulli (binary)
« Foodmart: Transaction data
— 164,558 sales records for 7803 customers and 1559 products (1.35%)
— Binarize: 0 (less than median), 1(higher than median)
— Poisson (original), Bernoulli (binary)

 Jester: Joke rating data
— 100,000 ratings (-10.00 - +10.00) for 100 jokes from 1000 users (100%)
— Binarize: 0 (lower than 0), 1 (higher than 0)
— Gaussian (original), Bernoulli (binary)
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Perplexity

BCC vs BNB vs LDA (Binary data)
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BCC vs BNB (Original data)

3.35 . 55 . . :
) —e— BCC —e— BCC |
S0r —e—BNB ||
45
40
Py b oy
) @ 35/
o o
& & 30f
0.85¢
0.8 ;—/—e-\ o - o 1.2r 1]
{
1 & .
D?E 1 1 1 1 1 1
5 10 15 20 25 5 10 15 20 25
Number of Clusters Number of Clusters
Training Set Test Set

Perplexity on Movielens Dataset with Different Number of User Clusters

Bayesian Co-clustering 24



Perplexity Comparison with 10 User Clusters

Training Set Test Set
BNB BCC LDA BNB BCC LDA
Jester 1.7883 | 1.8186 | 98.3742 Jester 4.0237 | 2.5498 | 98.9964
Movielens | 1.6994 | 1.9831 | 439.6361 Movielens | 3.9320 | 2.8620 | 1557.0032
Foodmart | 1.8691 | 1.9545 | 1461.7463 Foodmart | 6.4751 | 2.1143 | 6542.9920
On Binary Data
Training Set Test Set
BNB BCC BNB BCC

Jester 15.4620 18.2495 Jester 39.9395 24.8239
Movielens 3.1495 0.8068 Movielens 38.2377 1.0265
Foodmart 4.5901 4.5938 Foodmart 4.6681 4.5964

On Oriainal Data
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Co-cluster Parameters (Movielens)

users

movies

Bayesian Co-clustering

26



Co-embedding: Users
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Co-embedding: Movies
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Summary

e Bayesian co-clustering
— Mixed membership co-clustering for dyadic data
— Flexible Bayesian priors over memberships
— Applicable to variety of data types
— Stable performance, consistently better in test set
 Fast variational inference algorithm
— One variational parameter for each row/column
— Maintains coupling between row/column cluster memberships
— Same idea leads to FastLDA (try it at home)
* Future work
— Open problem: Joint decoding of missing entries
— Predictive models based on mixed membership co-clusters
— Multi-relational clustering

Bayesian Co-clustering
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