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Abstract

The estimation of affinity relationships between sets of entities can be aided by a variety of avail-
able sources of auxiliary information about these entities. Estimating the unknown affinity values
given a few known values forms an important class of problems in data mining. This paper intro-
duces a class of Bayesian mixture models - Side Information Aware Bayesian Affinity Estimation
(SABAE), that efficiently exploits all the available sources of information within a common frame-
work to predict affinity relationships. In particular, the models relate multiple information sources
such as available past affinities, independent entity attributes (covariates), and/or a neighborhood
structure over entities (e.g. a social network), to accurately predict missing affinities between each
entity pair.

Utilizing side information allows seamless handling of both warm-start and cold-start within
a single framework - affinities for previously unseen entities can be estimated using the auxiliary
information associated with these ‘new’ entities. We further embed a factorized representation of
affinities in SABAE to leverage the predictive power of matrix factorization based approaches. The
resulting ‘factorization aware Bayesian affinity estimation’ helps to achieve superior predictive ca-
pability. A Bayesian approach further allows us to infer the missing side information for the entities
conditioned on the available affinities along with other auxiliary information. In particular, we
show how missing entity attributes can be estimated within the SABAE framework. The estimated
attributes can then be leveraged for future affinity predictions.

Exploiting multiple sources of information entails the well-known feature selection problem. In
this paper, we extend the SABAE framework for learning sparse homogeneous decompositions of
the input affinity space that allows efficient feature selection from multiple available sources. Fur-
ther, we provide efficient generative models for model selection among choices at varying resolu-
tions. This joint feature and model selection framework results in more interpretable and actionable
models.

An important property of several datasets describing affinity relationships is that the available
affinities are often recorded in a self-selecting manner. We incorporate this self-selecting property
into SABAE by explicitly modeling the probability of observing an affinity between pairs of enti-
ties. This data observability model helps in unbiased parameter estimation, thereby improving the
prediction accuracy of the missing affinities. Yet another property of these datasets is their dynamic
nature characterized by constant arrival and/or departure of entities, continuously evolving prefer-
ences, tastes and hence affinity relationships. We incorporate this dynamic nature of the data into
a Bayesian affinity estimation framework with temporal dynamics resulting in better suited models
for each individual time stamp.

Moreover in some applications, the learnt affinities are often used to generate a ranked prefer-
ence list of one set of entities for another entity set. We further enhance the SABAE framework for
a supervised ranking task that allows efficient learning of such rankings. Finally, we show how the
models within the SABAE framework can be used in semi-supervised co-clustering settings, includ-
ing an efficient modeling of the traditional must-link/cannot-link based constrained co-clustering.
Efficient inferencing and learning algorithms for the SABAE framework based on variational mean
field approximations are provided that allow scaling to large real-life datasets. Extensive experi-
ments on simulated and real datasets illustrate the efficacy of the proposed models.



1 Introduction

Many datasets today contain affinity relationship information between two or more sets of entities. Es-
timating the unknown affinity values given a few known values forms an important class of problems in
data mining. For example, in recent years, recommender systems have proved to be very successful at
identifying affinities between users and items. Identifying personalized content of interest can greatly
enrich the user experience and help institutions offering the recommendations to effectively target dif-
ferent kinds of users by predicting the propensity of users towards a set of items. Marketing data lends
itself perfectly for an affinity estimation problem wherein effective marketing strategies can be formu-
lated based on the predicted affinities. Additionally, there are useful applications in estimating affinities
as clickthrough rates for online ads associated with users, search queries, or web pages. A common
footing ground for all these applications is that the data arising in such domains generally consists of
two sets of entities interacting with each other. Such data is known as dyadic data [1] and the goal
is to predict the affinities between pairs of entities from the two sets. For example, in a user-movie
recommendation engine, the interacting entities are sets of users and movies. The aim then, is to find
the propensity rating for a user-movie pair.

Many current approaches for affinity estimation have concentrated only on a small number of known
affinities to infer the missing ones ( [2], [3], [4]). However, there are often available, many auxiliary
sources of information associated with the entities that can aid the estimation of affinities between them.
The most common source of additional information is the set of descriptive attributes associated with
each entity. For example, in a movie recommendation engine, the attributes associated with a user
might consist of demographic information such as age, gender, geo-location etc. that are often collected
as profile information at the time of user registration. Similarly, movie attributes consist of readily
available features such as genre, release date, running time, MPAA rating etc. The attributes associated
with entities can have a strong bearing on the affinity relationships. For example, it may be common
for adolescent males to enjoy movies about comic book characters. In this case, it could be very helpful
to have the age and gender information of the user when attempting to predict the affinity of that user
for such a movie. Another important source of auxiliary information about entities is a neighborhood
structure over them. For example, users in a recommender system setting can also be a part of a social
network represented by a user-user directed graph. The linkage structure can have an impact on a user’s
affinities, since preferences are often influenced by preferences of one’s friends. Thus, one needs to
efficiently account for these sources of information for accurate affinity estimation. In this paper, we
introduce a class of Bayesian mixture models - Side Information Aware Bayesian Affinity Estimation
(SABAE), that efficiently relates multiple sources of information such as available past affinities, entity
attributes and/or neighborhood structure over entities, to accurately predict missing affinities between
each entity pair.

Another problem associated with the methods relying only on past affinities is their inability to
intelligently cater to affinity estimation for new entities with no prior history of affinities. This is referred
to as a cold-start problem. The best one can do with these methods is to utilize a global average model,
which however, fails to capture subtle correlations that might exist between a few existing and the
new entities. Accurate prediction of affinities for new entities is very crucial for many applications.
In the recommender system example, predicting affinities for a new product before its launch could
help companies to use more targeted marketing techniques, and could help users recently introduced
to the system to quickly find products that they will find useful. By efficiently utilizing the available
side information, SABAE allows accurate prediction of affinities for new entities. Specifically, in the
absence of past affinities, the available auxiliary information can be used to predict the missing affinities



for these new entities.

Even though, a majority of the factorization based approaches fail to handle the cold-start problem,
they are fairly effective in predicting affinities for the existing entities. This is evident in the plethora of
methods that have been proposed in the context of the movie recommendation systems, particularly for
the Netflix challenge [6]. However, generally it is hard to assign definitive interpretations to the learnt
factorized representation of the affinities. The different factors do not necessarily have meaning in an
external context, and it is difficult to use them to understand and explain the underlying causes for the
observed affinity relationships. Clustering frameworks on the other hand yield more interpretable and
actionable representations. In this paper we combine the best of both worlds - a factorized representation
is embedded within the mixture model based SABAE framework to leverage the predictive power of
the factorized representation and at the same time, retaining the interpretability of a clustering based
mixture model.

Existing approaches to affinity estimation assume that the missing affinities are missing at random
(MAR) [7]. However, this assumption is generally incorrect as is evident from a large number of affin-
ity expressing datasets that are highly sparse with highly non-random distribution of observed affinities;
a small fraction of entities account for a large fraction of the available data while the remaining ob-
servations are sparsely distributed among the remaining entities [8]. In a typical rating system, a user
often chooses to rate a particular item if there is a strong positive or negative affinity for that item. This
behavior suggests that that the observation of an affinity is dependent on the actual value of the affinity
itself. Ignoring this dependence can result in biased models thereby, significantly impairing a model’s
affinity predictions. To overcome this problem, we propose a novel Bayesian framework that explicitly
models the probability of observing an affinity, thereby getting away with the MAR assumption. The re-
sulting observation aware Bayesian affinity estimation framework significantly improves the prediction
accuracy of the missing affinities.

A key aspect of many affinity expressing datasets is their inherent dynamic nature. The preferences
of entities are often changing with time. Further, the arrival of new entities or the removal of the existing
ones can also greatly influence the affinity relationships. An accurate modeling of this evolution of
preferences can greatly improve the prediction accuracy of the missing affinities [6]. We extend the
SABAE framework within a state-space model of the input space for modeling the dynamic behavior
of the data. An efficient algorithm based on variational Kalman filtering [9] is used to update the
parameters of the state-space at each time step. This allows an efficient up to date modeling of the
affinity relationships reflecting their evolving nature at each time step.

In addition to estimating missing affinities, the proposed SABAE framework can be efficiently ex-
tended to solve many related problems as a side product. In particular, a Bayesian framework allows us
to estimate the missing entity attributes which is useful in a noisy data gathering process wherein the
attributes are either missing or noisy. The estimated attributes can then be leveraged for future affin-
ity predictions for the associated entities. The model for incorporating the neighborhood structure is
applied to a semi-supervised co-clustering setting, including the traditional must-link/cannot-link con-
strained co-clustering and matrix approximation. Further, the Bayesian methodology allows us to learn
generative models on the input affinity space resulting in an efficient feature and model selection frame-
work. Finally, the framework is further extended to a supervised ranking task for learning an ordering
on the missing affinities. Such an ordering can be used to generate preference lists for the entities (use-
ful in displaying query search results or making top-k recommendations to users in a recommendation
system).



1.1 Contributions

The key contributions of the paper can be summarized as follows:

1. A novel flexible Bayesian framework, Side Information Aware Bayesian Affinity Estimation
(SABAE), that relates multiple sources of information - past affinities, entity attributes and/or
neighborhood structure over entities, for an accurate affinity estimation in diverse data types. Uti-
lizing the auxiliary information allows seamless handling of both warm-start and cold-start within
a single framework.

2. An embedding framework for factorization and co-clustering based approaches that leverages
superior predictive capability of a factorized representation together with the interpretability of
a clustering framework. This results in highly accurate yet easily actionable and interpretable
models for affinity estimation.

3. A novel observation aware affinity estimation framework, that efficiently models the absence or
presence of affinities by moving away from the missing at random assumption and considering
different reasons why an affinity may be missing.

4. A dynamic Bayesian affinity estimation framework that efficiently captures the evolution of affin-
ity relationships between different entity pairs, resulting in accurate affinity predictions at each
time stamp.

5. A generative model for learning sparse homogeneous decompositions of the input affinity space
resulting in efficient feature selection from multiple available sources along with the suitable
model selection among choices at varying resolutions.

6. A consistent supervised ranking framework that efficiently learns an ordering on the missing
affinities to generate top-k preference lists. Such lists are widely used for making top-k recom-
mendations to users in recommendation engines.

7. An extension of the SABAE framework to infer the missing entity attributes which can then
be leveraged for future affinity predictions. Further, the paper shows how the models learnt
within the SABAE framework can be used in semi-supervised co-clustering settings, including
an efficient modeling of the traditional must-link/cannot-link based constrained co-clustering.

8. Efficient inferencing and learning algorithms based on a mean field approximation which ensure
that all the frameworks are scalable to large-scale datasets by avoiding the sampling based MCMC
methods.

The rest of the paper is organized as follows. We summarize some of the recent work for affinity
estimation problems in 2. The basic SABAE framework is introduced in section 3 by explicit modeling
of the entity attributes resulting in an attribute aware framework (AA-BAE). Neighborhood structure
information is brought in section 4 to yield a neighborhood sensitive framework (NA-BAE). Factorized
representation of the affinities is incorporated in section 5 resulting in a Factorization Aware Bayesian
Affinity Estimation framework (FA-BAE). The data observability is modeled in section 6 to obtain
observation aware (OA-BAE) framework while the temporal dynamics are modeled in section 7. Details
on missing entity attributes estimation is included in section 8, sparse models for joint feature and model
selection are learnt in 9 and rankings over the unknown affinities are learnt in section 10. We describe
how NA-BAE model can be used for a semi-supervised co-clustering task in 11 and finally conclude in
section 12.



2 Related Work

There is extensive literature in the data mining community for solving the problem of predicting un-
known affinities. Recently, latent factor models have become popular and successful approaches for
affinity estimation. Several authors have applied variants of these models to the Netflix problem
( [31, [5], [6], [10]). For instance, Probabilistic Matrix Factorization (PMF) [3] is based on the idea
that user-movie ratings can be represented as a product of user specific and movie specific latent fac-
tors. Different ways of regularizing the latent factors results in techniques with different properties
and generalization capabilities. While these techniques scale well, are able to address the sparsity and
imbalance of the Netflix data and improve accuracy, none of them consider any sort of auxiliary infor-
mation. Moreover, none of these approaches can efficiently handle the cold-start problem. Recently,
PMF was extended to a relational tensor factorization task [11], however the emphasis was still on the
past relations.

Content based filtering is an alternative prediction technique, where the predictions are based on the
entity attributes, e.g., annotations associated with books/blogs. Basilico and Hofmann [10] proposed
a unified approach that integrates past affinities and entity attributes. Their main contribution is the
design of a joint kernel over entity pairs that captures the similarity of past affinities as well as attribute
information. While there has been some more work in hybrid algorithms( [12], [1], [13]) and techniques
to address cold-start problems [8], none of these approaches simultaneously handle auxiliary side in-
formation and data imbalance. Other efforts ( [13], [1]) have concentrated on the entity attributes to
simultaneously co-cluster the input space as well as learn multiple predictive models for predicting the
unknown affinities, while a few others use the attributes information solely as moderating priors for the
latent factor models ( [8], [14]). While most of these approaches are able to handle cold-start problem
by collapsing to models based on attributes, however the attributes only indirectly affect the affinities.
This yields opaque models that are difficult to interpret.

Recently, attempts have been made to incorporate the social network data into the problem of pre-
dicting user-item ratings [15]. The authors incorporate user trust information into the PMF model
and illustrate that it improves the accuracy of predicting ratings on the Epinions dataset [15]. How-
ever, obtaining or estimating trust information for all pairs of users is difficult and expensive when
the only information available is largely just the social network’s graph structure. Our neighborhood
aware Bayesian affinity estimation framework only requires such a structure to obtain better prediction
accuracies. Lu et al. [14] construct a nearest neighbor graph structure using the available user-movie at-
tributes and then use the structure as a smoothing MRF prior for the PMF model. Though, this approach
can be utilized to utilize other available neighborhood structures, it cannot simultaneously handle both
attributes and the neighborhood structures. Several attempts have been made to include temporal dy-
namics into affinity estimation problems, especially in the context of the Netflix challenge. Koren [6]
identifies different reasons for dynamic behavior of recommender systems and systematically incorpo-
rates the dynamics in a latent factor model. The model however, involves a large number of user-defined
parameters which makes it very expensive to train using cross-validation. A linear state-space based
model was proposed in [14] for dynamic user-item affinity prediction, wherein the user latent factors
were smoothly evolved over time using a Gaussian process. However, dynamics over the items (such
as item popularity etc.) were ignored.

It is generally assumed in approaches to affinity estimation that the missing data is distributed at
random (often referred to as Missing at Random, or MAR [7]). However, in [16], the authors note that
this assumption is often incorrect. If the data is not MAR, it has been shown in [17] that failing to model
the distribution of missing data can significantly impair a model’s affinity predictions. [16] models the
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missing data distribution using Conditional Probability Tables, based solely on the affinity values (which
must be categorical). This approach is simplistic (and ad-hoc) and relies solely on the affinity values and
fails to provide insights into the reasons for the missingness of an affinity. Other approaches, include
the implicit feedback obtained as a result of the observation of an affinity ( [18], [5]). We introduce an
observation aware Bayesian affinity estimation framework that explicitly models the data missingness
probabilities in an efficient and systematic manner, including an exploration of the reasons responsible
for the data missingness.

Several Bayesian formulations have been proposed in the context of affinity estimation problems.
Mixed Membership stochastic Blockmodels (MMBs) [19] is one such method that utilizes affinity val-
ues to group the two entity sets via a soft co-clustering. A weighted average of the pertinent co-cluster
means is then used to estimate missing affinities. The model is shown to be quite efficient in scaling
to large datasets, however it fails to utilize any available side information. Other efforts include fully
Bayesian frameworks for PMF( [20], [21]) with differing inference techniques - ranging from Varia-
tional approximations to sampling based MCMC methods. However, the stress again is only on utilizing
the available affinities. Recently, Bayesian models based on topic models for document clustering [22]
have been utilized for estimating affinities between users and News articles [23]. Two sided general-
izations of topic models have also been utilized for co-clustering and matrix approximation problems
( [24], [26]) without taking into account auxiliary sources of information. In this paper, we extend the
topic models based approaches to systematically bring in different sources of information including past
affinities, entity attributes, neighborhood structures, temporal dynamics and/or observability models. A
taxonomy describing latent variables based approaches to affinity estimation can be obtained from Ap-
pendix E.

Notation. Before describing the SABAE framework, a quick word on the notation. We use capital
script letters for sets, {-} denote a collection of variables for unnamed sets and { represents transpose
of a matrix. Let & = {e1}, [m]’l"’ and & = {ea}, [n]/lv represent the sets of entities between which
affinities need to be estimated. YV = {y,,»} is a set of M x N affinities between pairs of entities of the
form (e1m, €2n), e1m € &1 and ey, € &,. The subset Yops C Y is a set of observed affinities while
Hunobs = Y\Yops denotes a set of missing affinities. A weight wy,, is associated with each affinity
ymn (affinity between a pair of entities ey, and ep,) such that wy,, = 1 if y,, € Yops and wy,, = 0
if yin € Yunobs. The set of all M x N weights is denoted by ‘W. The set of entity attributes associ-
ated with & and &, are respectively described by the sets X1 = {x},,} and X, = {x,}. The notation
Xy = [xfmx;n]f is used to denote the attributes associated with the entity pair (ey,,, €2,)-

3 Attribute Aware Bayesian Affinity Estimation

This section introduces Side Information Aware Bayesian Affinity Estimation (SABAE), a generative
framework for estimating affinities between two sets of entities. In this section, we only consider the
available side information to be a set of attributes (covariates) associated with each entity. Additional
sources of side information such as network structures over entities will be discussed in the next section.
Figure 1 shows the graphical model for Attribute Aware Bayesian Affinity Estimation (AA-BAE) - a
mixture model of KL clusters obtained as a cross-product of clustering the two sets of entities into K
and L clusters respectively.

Each entity e, € & is assigned to one of K clusters, by first sampling the mixing coefficients
71, from a Dirichlet distribution Dir(a;). The cluster assignments z1,, € {1,..., K} are then sampled
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Figure 1: Graphical model for Attribute Aware Bayesian Affinity Estimation

from a discrete distribution Disc(xry,,) over the mixing coefficients. Similarly, the entities ey, € &,
are clustered into L clusters by first sampling the mixing coeflicients mp, from Dir(a;) followed by
sampling cluster assignments z5, € {1, ..., L} from a discrete distribution Disc(sr;,,). We denote the set
of mixing coeflicients for the entities in &; and &; by &; and x, respectively. Similarly, Z; and Z, are
respectively the sets of cluster assignments for the two entity sets.

The attributes x1,, associated with the entity ej,, are drawn from one of K possible exponential
family distributions of the form py, (x1,4/614,,)!, such that the parameter 6y, of the family, is chosen
according the entity cluster assignment zy,,. Likewise, attributes x», for an entity e,, are generated from
one of L possible exponential family distributions py,(x2,162z,,). The cluster assignments z1,, and z,
over the two entities together determine a co-cluster (zy,,, 22,), which then selects an exponential family
distribution, py,, (Vimn Iﬁilmmxmn) (out of KL such distributions), to generate the affinity y,,, associated
with the entity pair (ej, €2,). The parameters B, . = of the distribution are specific to the co-cluster
(Zim»> Zon)- In summary, the generative process for the attributes and the affinities between each pair of
entities is as follows (Figure 1):

1. For each entity ey, € &;

(a) Sample mixing coefficients: my,, ~ Dir(a)
(b) Sample cluster assignment: zj,, ~ Disc(r,,)

(c) Sample entity attributes: x1,, ~ py, (X1ml01z,,)
2. For each entity ey, € &

(a) Sample mixing coefficients: m,, ~ Dir(a;)
(b) Sample cluster assignment: 2z, ~ Disc(m,)

(c) Sample entity attributes: x2, ~ py,(x2,162z,,)
3. For each pair of entities (ey,, e2,) such that ey, € E1,e2, € E

(a) Sample affinity: y,,;;, ~ pw(ymnlﬂllmmxmn)

"We use the canonical form of exponential family distributions: p,(x6) = po(x) exp({x, 6) — ¥(6))



Note that within each co-cluster (k, 1), [k]X, [[]%, the affinities are modeled via a generalized linear
model [27] conditioned over the entity attributes. This property, along with the use of exponential
family of distributions for modeling the attributes, provides a great flexibility in modeling diverse data
types within a single framework. The overall joint distribution over all observable and latent variables
is given by

P, X1, X2, Z1, 22,1, mol@y, @2, 01,02, B) = (1)

[]_[ Pl @) P(Z1nlT 1Py, (xlmwmm)) (]—[ 2|2 P(22nl2) Py <x2n|02m>] [l_[ pW(ymnwLmzz,,xmn))

m,n

Marginalizing out the latent variables, the probability of observing the known affinities and the attributes

1S:
P obs, X1, Xolay, @2, 01,0,,8) = y ff(np(ﬂlmlal))[np(ﬂznlaz)] ()

) []—[ PPy, <x1m|01z],,,>] (]—[ P@2nlm20)Py, (xznwm,l)] [H pw(ymnwil,,,zz,lxmo) dY unosdm1drey
n m,n

Z1 Zo \m

It is easy to see that AA-BAE extends the Bayesian co-clustering (BCC) [24] to a prediction framework
by explicitly modeling the attributes associated with the entities. A crucial departure from BCC (and
from most other mixture models) is that cluster assignment latent variables zi,,, 22, are sampled only
once for entities ey, and ey, respectively. The assignments then combine to generate the set of affinities
Vm- and y., thereby inducing coupling between these affinities. In contrast, in BCC cluster assignments
are sampled for every entry y,,,.

3.1 Inference and Learning

The model parameters (@, @2, @1, @,, ) can in theory, be learnt by maximizing the observed log-
likelihood in equation (3) using the expectation maximization (EM) family of algorithms [28]. How-
ever, computation of log p(Yobs, X1, Xala1, @2, 1, Oy, B) is intractable for AA-BAE, rendering direct
application of EM infeasible. To overcome this problem, we propose a variational mean field approxi-
mation [29] to the true posterior distribution of the latent variables. This allows us to construct tractable
lower bounds on the observed likelihood, which can be efficiently maximized with respect to the model
parameters.

3.1.1 Inference using Naive Mean Field Approximation

To get a tractable lower bound, we approximate the true posterior distribution over the latent variables
by a fully factorized distribution of the following form:

4Yunovss Z1, Zowm) = | [ | qOmn) (]_[q(nlmm(zlm))(]_[q(m)q(zzn)] 3)

m,n
Ymn €J/unobs

Applying Jensen’s inequality [30], the following lower bound then exists for the observed log-likelihood:

log p(Yobs, X1, Xalay, @z, ©1, @2, B) > Hlq] +Ey[log p(Yobs, X1, X2, Z1, Lo, 71, malay, @2, O, 02, B)]
“4)



where H[qg] is the entropy of the variational distribution g while IE,[-] is the expectation with respect
to gq. Let Q be a set of all distributions having a fully factorized form (3). Among all variational
distributions g € Q, we then seek a distribution that provides the tightest lower bound on the observed
log-likelihood. The optimal distribution corresponding the tightest lower bound is then given by:

q" = argrgax H[q] + E4[log p(Yobs, X1, X2, Z1, Lo 1, molay, a2, O, 02, B)] 5)
qe

Let i be an index variable corresponding to individual factors of the variational distribution in (3) such
that ¢ = []; gi. The optimal solution for the factor ¢; then assumes a Gibbs’ distribution of the following
form( [31], Chapter 10):

|
6; = i exp (Eqgllog pYobs. X1.X2. Z1. Zo. 71 ol @2, 01, 02, B)]) (6)
l
E¢j4,[-] is the conditional expection with respect to g conditioned on the factor g; and I; is the normal-
ization constant.
Using (6), the optimal variational distribution over the latent variables then assumes the following
form:

q" (Yunobs, L1, L2, 1, T2) = (N

[T 4, Cmidm) ]_[q*(mmlylm)q*(zlm|rlm))(]_[ 9" @only2)9" (2211 20)

m,n
Ymn€Y unobs

where gy, (Vinn|@mn) 18 an exponential family distribution of the same form as the one assumed for the
affinities and with natural parameter ¢, g(m1,|¥1,,) and g(m2,ly,,) are K and L dimensional Dirichlet
distributions with parameters y,,,¥,, respectively. Variational distributions over cluster assignments
q(Z1mlr1m) and g(zo,|r2,) follow discrete distributions over K and L clusters with parameters ry,,, 2,
respectively. (@,7%;,¥2,r1,r2) are collectively known as the variational parameters. The variational
parameters satisfying (6) are as follows:

K L
Omn = Z Z F'imk"2nl (ﬂ]t[xmn) (8)

=1 =1
Yimk = Mimk + @1k )

Yoni = on + @2; (10)
N L

I'lmk & €XP []Og Py (x1ml01x) + Y(y1mk) + Z Z T2ni (Wmn IOg pl,by(ymnlﬁzlxmn) +(1- Wmn)]Eq [lOg pl//y(ymnlﬂilxmn)])

n=1 I=1

an

M K
Iopl O €Xp [log Py (X246021) + ¥ (y2m) + Z Z imk (Wmn log pxpy()’mnlﬁ/ilxmn) + (1 = wyn) By [log ptﬁy@mnlﬂllxmn)]))

m=1 k=1
(12)

The expectation £ [log pl/,y(ymnlﬂllxmn)] is computed for unobserved affinities with respect to the va-
rational exponential family distribution gy, (Vunl@mn). 1mx can be interpreted as the responsibility of
the k" cluster for entity e,,. Similarly, 5, represents the responsibility of the I cluster for the en-
tity epn. Vimk 18 the Kt component of the Dirichlet distribution parameters y,,, while yy,; is the [t

|



Algorithm 1 Learn AA-BAE
Input: Yo, X1, X2, K, L
Output: ¢, @,,0,,0,,p

(ml}, [n)Y, [KIF, [(0F

Step 0: Initialize @}, @,, 01,0,
Until Convergence
Step 1: E-Step
Step 1a: Initialize 7y, 12
Until Convergence
Step 1b: Update ¢,,, using equation (8)
Step 1c: Update v, using equation (9)
Step 1d: Update y,,; using equation (10)
Step 1e: Update ry,, using equation (11)
Step 1f: Update r,,, using equation (12)
Step 2: M-Step
Step 2a: Update 6, using equation (13)
Step 2b: Update 6,; using equation (14)
Step 2c¢: Update B, using equation (15)
Step 2d: Update @, using equation (16)
Step 2e: Update a, using equation (17)

component of the Dirichlet distribution parameters y,,, and W¥(-) is the digamma function. The set of
coupled update equations (8) through (12) for the variational parameters are collectively known as mean
field equations and can be satisfied iteratively. Often, to avoid the local minima problem, deterministic
annealing [32] with geometric cooling schedule is used to update the cluster assignment parameters

{rll’H9 r2n}’ [m]‘;wa [n]llv

3.1.2 Parameter Estimation

The optimized lower bound obtained from the inference step can then be maximized with respect to
the free model parameters. Taking partial derivatives of the bound with respect to the model parameters
(a1, @2,01,0,,B) and setting them to zero, the following updates for the parameters can be obtained:

M
1T X
o = vy (—Z’“;; - 1’") (13)
Zmzl mk
SN rawxan
0y = VWI(”‘— (14)
? SN ou

M N
ﬂkl = arg max Z Z YimkT2nl [((Wmnymn + (1 - Wmn)va(¢mn)) ’ﬂTxmn> Yy (ﬂTxmn)] (15)
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M K K
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Figure 2: Graphical model for Latent Dirichlet Attribute Aware Bayesian Affinity Estimation

The updates for the natural parameters 64, 6 follow from the conjugacy” of the mean parameter and
the natural parameter for an exponential family distribution [4]. The update for 8, is a weighted GLM
regression [27] over the attributes {x,,,} for the dependent variables set to the actual affinity y,,, if y,., €
Yobs, 1.€. Wy, = 1, while if the affinity is missing i.e. Yy € Munobs OF Wi = 0, the value is replaced
by its expected value Vi y () under the variational exponential family distribution gy, (Yin|@mn). The
weights in the weighted regression are the co-cluster responsibilities given by r1,,x72,;. Any off-the-shelf
regression software can be used to efficiently update B;; (e.g., glmfit function in matlab). Further, any
form of convex regularization such as ¢-1, £-2 can be used to prevent overfitting in the ;,. Finally, we
see that the parameters of the Dirichlet distribution (@, @>) can be efficiently learnt using the Newton-
Raphson’s method. Further, to constrain the parameters a(@;) to K (L) simplex, one can follow an
adaptive line search strategy employed in [24].

Variational mean field approximation leads to an EM style algorithm wherein E-step consists of
constructing a tight lower bound to the observed log-likelihood for fixed values of the model param-
eters. The optimized lower bound is then maximized with respect to the free model parameters in
the subsequent M-step to get an improved estimate of the parameters. Starting with an initial guess
of the model parameters, the algorithm iterates between the two steps till convergence. The resulting
algorithm to learn the parameters of AA-BAE is given in algorithm 1.

3.2 Latent Dirichlet Attribute Aware Bayesian Affinity Estimation

In the generative process for AA-BAE model, the mixing coefficients my,,(2,) are sampled once for
every entity ej,,(ez,) from the prior Dirichlet distributions Dir(a)(Dir(a;)). Hence, conditioned of
the parameters of the two Dirichlet distributions, the cluster assignment variables z1,,(z2,) are sampled
independently for every entity ej,,(e2,). The generative process is thus, unable to capture the dependen-
cies between different entities due to these independent cluster assignments.

To overcome this problem, we induce dependencies between the cluster assignments by sampling
the mixing coefficients mr(m2) only once for entity set £;(E,). Hence, all the entities in a particular
set share the same mixing coefficients, thereby inducing statistical dependency between them. Once

ZFor an exponential family distribution p,(x]6), the expected value follows: E[x] = Vy(6)
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the mixing coefficients are known, the cluster assignments are then sampled independently by discrete
distributions over these mixing coefficients. It is easy to see that by sharing mixing coeflicients across
entities in a set, the model is an attribute sensitive two sided generalization of the Latent Dirichlet
Allocation (LDA) [22] model. Hence, the generative process for ‘Latent Dirichlet Attribute Aware
Bayesian Affinity Estimation (LD-AA-BAE)’ is then given by (figure 2):

1. Sample mixing coefficients: | ~ Dir(a)
2. Sample mixing coefficients: m ~ Dir(a>)
3. For each entity ey, € &;

(a) Sample cluster assignment: zj,, ~ Disc(s;)

(b) Sample entity attributes: X1, ~ py, (X1u01z,,)
4. For each entity ey, € &)

(a) Sample cluster assignment: z», ~ Disc(irp)

(b) Sample entity attributes: x2, ~ py,(¥2,1022,,)
5. For each pair of entities (ey,,, €2,) such that ey, € E1,e2, € E

(a) Sample affinity: y,;, ~ pl,,y(ymnlﬁ;mmxmn)

The overall joint distribution over all observable and latent variables is then given by:

P, X1,X2, Z1, 2o, i, Moy, @2,01,0,,B) =

plmler)p(malar) []_[ PE1mlT)Py, (xlmwmm)) (]—[ P2l Py, <x2n|02m>] []_[ pwy@mnw;mzz,,xmp]

Marginalizing out the latent variables, the probability of observing the known affinities and the attributes
is:

P(Yobs, X1, Xolay, a2,01,0,,B) = ff(ﬂ(ﬂﬂal))(p(ﬂzldz))
yunobs T VYT

> (]—[ PPy, <x1m|alzlm>] []_[ P@2l2) Py, (x2n|02z2n)) (]—[ Puy (ymnwi.mzz"xma] dY unovsdd1dres

Zy Zp \m

Note that even marginalization of only the mixing coefficients r; and m, induces dependencies between
the clustering assignments Z; and Z5.

3.2.1 Inference and Learning

As a result of the induced dependencies, direct maximization of the observed log-likelihood is in-
tractable using an EM algorithm. Hence, we construct tractable lower bounds using a fully factorized
mean field approximation to the true posterior distribution over the latent variables. Following analysis

11



of section 3.1.1, the optimal factorized distribution over the latent variables (Yunobs, <1, L2, 1, 2) that
corresponds to the tightest lower bound on the observed likelihood is then given by:

q*(yun0b57 Z1, 2o, m) = 61*(7T1|71)q*(7f2|72) 1—[ q*(ymnlfpmn) (l_[ q*(zlmlrlm)) (l_[ q*(12n|r2n)]

m,n
Ymn ey, unobs

(18)
Note that, since the mixing coeflicients are shared across entities from the same set, we only have
two variational factors corresponding to the mixing coefficients r; and m,. On the other hand, for
AA-BAE there are (M + N) variational factors for mixing coefficients, one for each entity in the two
sets. The rest of the model however is similar to AA-BAE. As such, gy, (Yunl¢mn) 1s an exponential
family distribution with natural parameter ¢,,,, g(ar1|y1) and g(m;|y») are K and L dimensional Dirichlet
distributions with parameters y; and y; respectively while the cluster assignments z;,, and z;, follow
discrete distributions over K and L clusters with parameters ry,, and r,, respectively. The variational
parameters (y1, ¥2, ®mn> '1m» F2n) are then given by (see Appendix B for derivation):

K L
= Z Z "mk"2nl Bklxmn) (19)

=1 1=1
M

Yik = Z Fimk + @1k (20)
m=1
N

Yo = Z Fonl + @y 2D
n=1

N L
I'tmk o €XP (log Py X1ml016) + Y(yie) + Z Z T2ni Wmn log pl//y(ymnlﬁklxmn) + (1 = wan) By [IOg plﬂy())mnlﬁklxmn)])]
n=1 [=1

(22)
M K
Fani € €Xp [log Py (X201021) + W (y21) + Z Z Flmk Wmn 108 Pyy GnlBl%mn) + (1 = Wyn) g [log Puy Ymn wk,xmn)])]
m=1 k=1
(23)

The optimal lower bound on the observed log-likelihood with respect to the variational distribution in
(18) is then given by:

log p(Yobs, X1, Xolay, @2, 01,02, B) > H[g |+ E,[log p(Yovs, X1, X2, Z1, Lo, 1, maolay, a2, 01,02, B)]

This bound can be maximized with respect to the free model parameters to get their improved estimates.
Taking partial derivatives of the bound with respect to the model parameters and setting them to zero,
we obtain the following updates (see Appendix B for details):

M
-1 2im=1 T1mkX1m
o = Vi (M—) (24)
m=1 Tlmk
1 ZnN]r2nlx2n
6y = vyl |Zusl 2 25)
n=1"2nl

12



Algorithm 2 Learn LD-AA-BAE
Input: Yo, X1, X2, K, L
Output: ¢, @,,0,,0,,p

(ml}, [n)Y, [KIF, [(0F

Step 0: Initialize @}, @,, 01,0,
Until Convergence
Step 1: E-Step
Step 1a: Initialize 7y, 12
Until Convergence
Step 1b: Update ¢,,, using equation (19)
Step 1c: Update yy; using equation (20)
Step 1d: Update y,; using equation (21)
Step 1e: Update ry,, using equation (22)
Step 1f: Update r,,, using equation (23)
Step 2: M-Step
Step 2a: Update 6, using equation (24)
Step 2b: Update 6,; using equation (25)
Step 2c¢: Update B, using equation (26)
Step 2d: Update @, using equation (27)
Step 2e: Update a, using equation (28)

Bu = arg max Z Z P20t [{Wonnn + (1= W)V ($un)) s B X ) = 00y (BT xmn)|  (26)

BERP 01 =1

@) = argmax (log L) ow) + i [a’lk + i Flmk — 1] (‘P(Ylk) - ‘P(i 711«]]) (27)
@R, M Tl = m=1 k=1

@ = argmax [log (@yow) ZL] [ay ' ﬁ] Faut ~ 1] [‘I’(sz) - [i m}]] (28)
@eERY, [T e I=1 n=1 r=1

Note that the form of updates for the parameters (61, 627, By;) is similar to ones obtained for AA-BAE.
The updates for the parameters of the Dirichlet distributions @ and a;, can be efficiently performed
using the Newton-Raphson’s method. An EM algorithm for learning the model parameters of LD-AA-
BAE is given in algorithm 2.

4 Neighborhood Aware Bayesian Affinity Estimation

An important source of auxiliary information for affinity expressing datasets is in the form of network
structures over the entity sets &; and &,. For example, in a recommendation engine, such a structure
might be available in the form of a social network of users. In addition, a taxonomy might also be
available for the items. Such network structures encode important preference characteristics of differ-
ent entities, thereby influencing the affinities between them [15]. Systematically accounting for such
networks can greatly improve the estimation of missing affinities. Consider an example of a movie
recommendation engine with additional network information; users that are mutual friends in a given
social network often have similar tastes and preferences for some movies. Similarly, movies connected
by same actors tend to solicit similar affinity behaviors from the users. Hence, leveraging network
structures over the two sets of entities can greatly improve the prediction of missing affinities. In this

13
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Figure 3: Graphical model for Neighborhood Aware Bayesian Affinity Estimation

section, we incorporate such network structures into the SABAE framework. The resulting ‘Neigh-
borhood Aware Bayesian Affinity Estimation’ (NA-BAE) framework greatly improves the prediction
accuracy both for warm and cold-start scenarios.

Let Ni = {Nim, &4} [m]’l"l represent a weighted network structure over the entities in the set &;.
N1m is the set of entities ej; € &; that lie in the neighborhood of entity ej,,. In addition, the strength
of the neighborhood relation is encoded by a set of weights {,, = {{imi},i € Nin. Similarly, let
M = {Non, &5}, [n]le be a network structure over the entities in the set &. The neighborhood along with
the associated weights for an entity e, € & are denoted respectively, by No, and &5, = {{14)}, ] € Non.
Assuming that the network structures along with the link strengths are known apriori, we incorporate
the neighborhood structures in the form of separate Markov random field priors [29] over cluster as-
signment latent variables Z and Z» (see figure 3 for a graphical model representation). The joint prior
distribution of the latent cluster assignment variables is then given by:

PZiNL 7)o ﬂexp[z amiﬂmm:zu}+logmzlm] (29)
m €N

P(ZaNy. £pomy) ]_[exp[z szn,-ﬂ{ZZ,,:zZ,;+1og%] (30)
n jENZn

where 1, -, 1S an indicator random variable that assumes a value 1 if the clustering assignments
Zim, 21; match.  Similarly, the indicator random variable 1(;,-, assumes a value 1 if the entities
(e2n, €2;) are assigned to the same cluster. The MRF priors defined above capture an essential neighbor-
hood property by assigning the two neighboring entities e,, and ey; (2, and e ;) to the same cluster with
a prior probability proportional to the strength of neighborhood weight, ¢ (e£2/). Hence, the affinity
relationships for a particular entity is influenced by its neighborhood in the given network structure.
The mixing coefficients &r; and m, represent the probability of entities in &; and &, respectively, being
assigned to a particular cluster independent of their neighborhood. This helps to capture entity level
cluster assignment probabilities. The mixing coefficients can first be obtained as expectations under the
Dirichlet distribution prior with learnt parameters «; and a; using the LD-AA-BAE model described
in section 3.2.

14



The overall joint distribution over all observable and latent variables is given by:

p(ky’ XI’X29 -Z19 ZZ|®19 ®29 ﬁ9 [N1’517 [N2’ {25”1’”2) =

p(z1|N1,§1,m>p<zz|n\|z,;2,nz)[]_[ Py, (xlmwlzlm))(]_l sz(x2n|92z2n)][n Puy OmnlBLy 20, %mn)

The marginal distribution of the observed affinities and the attributes is obtained by integrating out the
latent variables:
PYobs, X1, X2|O1, @2, B, N1, {1, Na, £, 711, 712) =

fz Zp(y’X17X2’ ZI,Z2|®1,®2$ ﬁ’ [N13§13 |N2,§2,7r1,7r2)d~yunobs
Z1 D

The free model parameters (@1, ®,, ) can be estimated by maximizing the observed log-likelihood.
However, due to the correlations induced by the MRF priors, computation of the observed likelihood is
intractable and requires a marginalization over all configurations of Z; and Z (exponential in the size
of largest clique in the network structures).

4.1 Inference and Learning

To overcome the intractability of directly maximizing the observed log-likelihood, we construct tractable
lower bounds to the likelihood using a mean field approximation to the true posterior distribution of the
latent variables. The lower bound can then be maximized with respect to the free model parameters to
get a better estimate of their values.

We approximate the true posterior distribution over the latent variables by a fully factorized distri-
bution of the following form:

1Yworss 20,20 =[] 20w (l_[ q(m)](]_[ q(zzn)) (31)

m,n m n
Ymn ey unobs

Under this distribution over the latent variables, the observed log-likelihood is bounded from below as
follows:
logp(yObS7X17X2|®l’ ®2’ ﬁ’ N17§]7 N27 {2771-1771-2) 2

H[Q] + Eq[logp(y, Xla X29 Zla Z2|®1>®2> Ba [Nlag]a [N2= {27”15”2)]

Maximizing this lower bound over all possible factorized distributions of the form in (31), the distribu-
tion corresponding to the tightest lower bound is then given as follows (see section 3.1):

& Gunorss 2,20 =[] a5, Omaldm) (]_[ q*(zlmmm))(]_[ q*<z2n|r2n>]

m,n
Ymn es‘/unobs

The variational distribution qzy@mn|¢mn) is an exponential family distribution having same form as the
one assumed for the affinities while ¢,,, is the natural parameter of the distribution. Similarly, varia-
tional distributions over the cluster assignments ¢*(Z|71,») and g*(2an|r2,) follow discrete distribution
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Algorithm 3 Learn NA-BAE
Input: yobs,Xl,Xz, Nl’gl, N27£2, K,L
Output: 0,,0,,f

[m)¥, (1Y, (K15, 1015

Step 0a: Initialize ©,, ®,, B, @, @, using algorithm 2
Step Ob: Assign 7, = <%

K
Zpr—1 A

Step Oc: Assign my = <2

L
Xy r

Until Convergence
Step 1: E-Step
Step 1a: Initialize 7y, 20
Until Convergence
Step 1b: Update ¢,,, using equation (32)
Step 1c: Update 7y, using equation (33)
Step 1d: Update r,,, using equation (34)
Step 2: M-Step
Step 2a: Update 6, using equation (35)
Step 2b: Update 6,; using equation (36)
Step 2c: Update 8, using equation (37)

over K and L clusters with parameters ry,, and r,, respectively. The variational parameters (¢, F1m F21)
are then given by the following equations (see Appendix B for details):

K L
¢mn = Z Z Yimk"2nl (lexmn) (32)
=1 1=1
T'imk o €xp [1og py, (X1,|01k) + Z Limirik + log ik (33)
ieNlm

N L
+ Z Z pl Wmn log pwy(ymnwklxmn) +(1 - Wmn)E [log plﬁy()’mnlﬂklxmn)])]

n=1 I=1

ran1 < €xp | 1og py, (x24|62) + Z Qojiraji + log oy (34)
j€N2n

M=

)

m=1

Mimk Wmn log Pl//y(ymnlﬁklxmn) +( - Wmn)]E [log pzpy()’mnlﬂklxmn)])]

>~
Il

1

The coupled mean field equations for the variational parameter updates can be satisfied iteratively to ob-
tain a lower bound on the observed log-likelihood. Note that the estimate of the posterior cluster respon-
sibilities ry and r; are influenced by the MRF based priors (the terms ;e {1mir1ik and 2, jeN, G2jirji in
the updates for ry,,x and ry,;). In particular, the posterior cluster assignment probability for each entity
is influenced by its neighboring entities. This helps us to capture the notion of neighborhood similarity
wherein neighboring entities tend to have similar affinities with a high probability.

The lower bound obtained from the inference step can be then maximized with respect to the free
model parameters. Setting partial derivatives of the bound with respect to the model parameters to zero,
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the following updates are obtained (see Appendix B for details):

(M X,
O = wll(,;— (35)
m=1 Tlmk
ZN—l 2n1X2n
0y = Vg (— (36)
? ZnN:1r2nl

M N
Bkl = arg gax Z Z F1mk2nl [<(Wmn))mn +(1- Wmn)va((ﬁmn)) ’BTxmn> —Yy (ﬁTxmn):I (37)
BeRP

m=1 n=1

An EM style algorithm can then be derieved wherein E-step a tight lower bound is constructed on
the observed likelihood by iteratively satisfying the mean field equations (32) through (34) for a fixed
value of the free model parameters. The optimized lower bound is then maximized in the subsequent
M-step to get an improved estimate of the model parameters. The resulting EM algorithm is given in
algorithm 3.

5 Factorization Aware Bayesian Affinity Estimation

The major data mining tasks associated with affinity expressing datasets are two folds, first an inter-
pretable understanding of the affinity relationships between the entities and secondly, inferences about
the missing affinities. While clustering based approaches yield easily interpretable results, they often
suffer from a weaker prediction capability. Recently, factorization based approaches have been shown
to give good performance on imputing the missing affinities ( [33], [3], [8]). In this section, we embed
a factorized representation of the affinity relationships into SABAE framework. The resulting factor-
ization aware Bayesian affinity estimation (FA-BAE) framework allows us to achieve the twin goals of
interpretability and superior predictive performance.

Most factorization based approaches assume that the affinity relationship between two entities is
dependent on a small number of entity specific unobserved factors. If u,, € R’ are ¢ dimensional factors
associated with entity ey,, € &;, while v, € R’ are the factors corresponding to e, € &, then the
expected value of the affinity y,,, between the two entities is modeled as a linear combination of the two
factors [3]:

]E[ymn] = uLvn

We embed the above factorized representation into the SABAE framework by enforcing the affinities
in the same cluster to have similar factorized represenation. Specifically, we assume that the individual
factors are sampled from a normal distribution with co-cluster specific parameters. Let U = {u,,}, [m]JIM
and V = {v,}, [n]ilv denote the factors associated with the entities in sets &; and &; respectively, then
the conditional distribution of the factors can be expressed as follows:

M
p((l/{|zl) = N(umlﬂlz“n’ZlZlm)
m=1
N
PVIZy) = | | NOula,, Zoz,)

n=1
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Figure 4: Graphical model for Factorization Aware Bayesian Affinity Estimation

where N(-|u, X) denotes the Gaussian distribution with mean g and covariance matrix X. To account for
the attribute information, we model the expected value of an affinity as:

E[ymn] = uLvn +ﬁzlmzznxmn

For simplicity in inference, we further assume the conditional distribution of the affinities conditioned
on the cluster assignment variables to be a Gaussian distribution. Hence, the complete likelihood over
all observed and latent variables is then given by:

p(y’ XI’X27 Z17Z2’ﬂ17ﬂ27ﬂa (V|a'1,a'2, GI’ 92’ ﬁ,ﬂl’IJZ,Zl’EZ) =

p(mila)p(mlaz) (1_[ PZimlm ) Py, (X 1ml€12,, )N @mlpy 4, » lelm)) (1—[ P(Z2nl2) Py, (X20|022,, NVl s E2zy,)
m n

i f 2
[1_[ N(ymnlumvn + ﬁzlmzbzxmn’ O-ZlmZZH )]
m,n

5.1 Inference and Learning

The free model parameters (@1, @2, O, @2, B, 11, 15, X1, o, o?) can be learnt by maximizing the ob-
served log-likelihood using an EM algorithm. However, due to the sharing of the attributes and the fac-
tors for affinities associated with an entity, computation of the observed log-likelihood is intractable. To
overcome the intractability of directly maximizing the observed log-likelihood, we construct tractable
lower bounds using a mean field approximation to the true posterior distribution of the latent variables.

Following the analysis of section 3.1, we approximate the true posterior distribution by a fully
factorized distribution of the following form:

q*(yunobS7ZI,ZZJTIJTZaws(V) = (38)

61*(7T1|)’1)q*(7fz|72) 1_[ q*(ymn|l9mne Smn) l_[q*(zlm|rlm)q*(umlplm7 Alm)) [1_[ q*(Z2n|"2n)q*(Vn|szAzn)

m,n
Ymn €Y, unobs
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where (¥1, Y2, Pmns Smns Fims> F2ns Pims Pan» Am» A2pn) are the variational parameters. The variational pa-
rameters corresponding to the tightest lowest bound with respect to the factorized distribution in (38)
can then be expressed by the following coupled mean field equations:

The variational distribution g* (Y%, Smn) 1 @ Gaussian distribution with mean 9,,, and variance
S$mn SUch that,

KL rimkron @t
Zk’[zl %ﬂk[xmn

_ T Tk
O = PimPon + K.L LionkP (39)
Zkl 1 U-kl
S — (40)
mn ZKL Tk 20l
k=1 O-il

Distributions ¢*(mly,) and ¢*(z2|y,) are K and L dimensional Dirichlet distributions with parameters
Y1, 7> respectively.

M

Yik = Z Fimk + @1k (41)
m=1
N

Yo = ) T+ @y (42)
n=1

The variational distributions g*(@;,|01,,, A1m) and g*(v,|p,,,, A2,) corresponding to the optimal lower
bound are multivariate Gaussian distributions with means py,,, p,, and the precision matrices Ay, and
Ay, respectively. The mean field equations for the parameters of these multivariate Gaussian distribu-
tions are then given by:

K N L
onip
Pim =D Fimk [Elkulk £ D = G - ﬁk,xmn)) (43)
k=1 n=1 I=1 O'kl
K N
A = Z Fimk [Zlk + Z Z = (A + PznP;n)] (44)
=1 n=11=1 Tk
L A < "mkP
Porn = Z onl [2211121 + Z Z - 1m(ymn Bklxmn)) (45)
=1 m=1 k=1 O'kz
L M K im
Aoy = Z 2l {221 + Z Z — (Alm + leplm)] (46)
=1 =1 k=1 9kl

Finally, the optimal variational distributions for the cluster assignment latent variables z;,, € Z; and 25, €
Z» are K and L dimensional discrete distributions with parameters ry,, and r;, respectively. The up-
dates for the individual parameters is then obtained by the following equations:

1 - -
Flmk O EXP (log Do (X1ml€11) + P (yie) — 3 [(P1m — 1) "1k — 1) + TEELATL) + log Elk] +

N L
—Inl
§ § s [Wmnymn +(1 - Wmn)(§mn + ﬁfnn) = 2(WimnYmn + (1 = Wmn)ﬂmn)(plmpzn + B;zlxmn)"'
n=1 [=1
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Tr(By e}, g [v293]) + (Bymn)® + 2(01,,02,) BuuXmn) + o log o) (47)

1 . .-
ol & €Xp (log D (X24|6027) + P (y21) - 3 [(Pzn — 1) Zoi(pa, — o) + Tr(E5) ASD) + log 2:21] +

M K
- k - i
Z Z 2o = Wmnymn +(1- Wmn)(gmn + ﬁg,m) = 2(WmnYmn + (1 = Wmn)ﬂmn)(plmlhn +ﬁk1xmn)+
m=1 k=1

Tr(E g [ttt} 1Eq[vav]]) + Bkmn) + 2(0},02,) Bmn) + 0y log o) (48)

where Tr(-) denotes the trace of a square matrix and W(-) is the digamma function. The expectations
E[umu,Tn] and IE)[vnvZ] are the second moments of the factors u,,, and v,, under the variational multivariate
Gaussian distributions with mean and precision matrices given by equations (43) through (46). Note
that by utilizing the weights w,,, associated with each rating y,,,,, we ensure that for any missing rating
(i.e. wmy = 0), the expressions involving the ratings are replaced by appropriate expectations under the
variational distribution ¢*(VnlSmn> Pmn)-

The mean field equations derived above can be satisfied iteratively to obtain a lower bound on the
observed log-likelihood. The bound can then be used as a pseudo likelihood for parameter estimation.
Specifically, maximizing the lower bound with respect to the free model parameters we obtain the
following update equations:

M
r X
o = Vui' (—Z’" T 1’") (49)
m=1 Fmk
Yin=1 F2n1%X2n
0 = Vy5' (— (50)
? SN Fou

The updates for cluster specific parameters for the factors (u;, u,, X1, X2) can be obtained in closed
form expressions:

M
Zmzl FimkUm

M = —(—mw . (51
N Fimk
SN v

py = =S/ (52)
n=1"2nl

ZnAle F'imk [Al_riz + (plm - ”lk)(plm - ﬂlk).l‘]

i = (53)
M ik
SN o A5} + (P2 = 1) (P2 — )]
Ly = [ N ] (54
n=1"2nl

A Gaussian distribution assumption over the affinities also results in a closed form updates for the glm
coeflicients B;. In fact, the updates are a solution to a weighted least squares problem for the covariates
X, over the residual affinities (v, — pimp%). Note that the missing affinities are replaced by their
expectations under the variational distribution. Finally, the weights are the co-cluster weights 7y,,,72,.

MN Lrmun
Bkl = Z rlmernlxmnxmn} I: Z (WmnYmn + (1 - Wmn)ﬂmn - P;mezn) (55)
m,n=1 m,n=1
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Algorithm 4 Learn FA-BAE

Input: Yo, X1, X2, K, L

Output: @1, >,0,0,, 8,4, 11,, %1, X, 0%
(ml}, [n)Y, [KIF, (00F

Step 0: Initialize 1, @2, @1, @y, B, 1y, 1y, X1, X2, 07,
Until Convergence
Step 1: E-Step
Step 1a: Initialize 7y,k, 72015 P1yns Pon
Until Convergence
Step 1b: Update (9, $inn) using equations (39) and (40)
Step 1c: Update (yix, y2;) using equations (41) and (42)
Step 1d: Update (p,,,, p,,) using equations (43) and (45)
Step le: Update (A,,, Ay,) using equations (44) and (46)
Step 1f: Update (7, 2,;) using equations (47) and (48)
Step 2: M-Step
Step 2a: Update (6}, 6,) using equations (49) and (50)
Step 2b: Update (u,,, f1,) using equations (51) and (52)
Step 2c¢: Update (X, Xy) using equations (53) and (54)
Step 2d: Update S,, using equation (55)
Step 2e: Update o7, using equation (56)
Step 2f: Update (@, ) using equations (57) and (58)

Finally, the updates for the co-cluster variances o; and the paraneters of the Dirichlet distribution priors
a1, @ are given by:

MN .
Zm 1 k21 B[ (Vimn — m Vn _ﬂ}dxmn)z]
o= — (56)
Oh = MN
D=t Fimkl2nl

MEeaw  « S
arg max (log m + Z [mk + Z Fimk — 1| P(yie) —

{5 o

a) =
(}'1€]Rf+ k=1 m=1
L o) | <
@y = argmax|log—— + az+ ) rg— 1Y) ¥ Yor (58)
@eRE, ( I-[l 1F(a21) ; ; 1 Z

The resulting variational EM algorithm for learning the parameters of the model is given in algorithm 4.

5.2 Neighborhood Aware Factorization

A factorized representation can easily be embedded into the NA-BAE (see section 4) framework, by
enforcing the affinities within the same co-clusters, now driven by the network structure sensitive prior
on the cluster assignment variables Z; and Z5, to have a similar factorized representation. Hence,
following treatment introduced for factorized aware Bayesian affinity estimation, the individual factors
u,, and v, are sampled from a normal distribution with co-cluster specific parameters.

The complete likelihood for observed and latent variables is then given by:

p(y7X1,X2,Zl,Z2,(L[9(V|®1,®2,B,ﬂpﬂzyzl,zz,Nl,§1,n\|2,§2,771,71'2) =

p(le[Nl’ {1, ﬂl)P(ZZHNZ’ {2’ NZ) l—[ Py (x1m|0111m)N(um|ﬂlzlm9 Z121,7,)] (l_l p(ﬁz(x2n|0222n)N(v”|ﬂ212n’ ZZZ%)

21



" 2
1_[ N(ymnlujnv" + BayzaXmns 07,20, )]
m,n

where similar to the case of NA-BAE framework, the mixing coefficients 1 and 7, can be first learnt
using the FA-BAE framework without the network structure information. Similar to FA-BAE, inference
and parameter estimation can be done using a mean field approximation to the true posterior distribution
over the latent variables.

‘I(yunobs, 21,22, U, V) = (59)

[1 9Gml®mms n) (]‘[ q(z1m|r1m)q<um|p1m,AW)(]_[ 9(220lr2)40nlP2, A2)

m,n
Ymn ey, unobs

Since, the neighborhood aware factorization differs from the FA-BAE framework only in terms of the
prior distribution over the cluster assignment variables, the mean field equations remain unchanged
for all the variational parameters except for the cluster assignment parameters ry,x and r,;, where the
terms involving the Dirichlet distribution variational parameters for the mixing coefficients are replaced
by the neighborhood terms from the MRF prior. Also, since the mixing coefficients are first learnt using
the FA-BAE framework, no variational distribution is assumed in the factorized variational distribution.
The mean field equations for the cluster assignment variational parameters is then obtained by the
following equations:

1 -
Fimk © €Xp [10gp¢/1(x1m|91k) + Z Simirix + logmie = 5 [(le — 1) Ty, — pyy) + Tr(EG AT, + log Z1k] +
iENm

N L
—Ini
§ § 20_; [Wmny%m +(1 - Wmn)(g;%m + ﬂzm) - 2(Wmnymn +(1 - Wmn)ﬁmn)@Impzn +ﬂ;£lxmn)+
kl

Tr(Eq[umuL]IEq[vnvZ]) + (ﬁ’klxmn)2 + 2(p';mp2n)(ﬁklxmn) + o-%l log (rkl]) (60)

1 .-
T2l O €XP [log Py, (X24|602)) + Z Qonjraji +logmy — 3 [(Pzn — 1) Zoi(pa, — o) + Tr(E5) ASD) + log Zzl] +

jENZn
M K
-r t t
Lk Wmn)’;%m +(1 - Wmn)(ggnn + ﬂ;%nn) = 2(WmnYmn + (1 = Wmn)ﬂmn)(p; Pon + B, Xmn)+
2 2 m kl
m=11t=1 “Yl
Tr(By [ttt} 1B [vav]1) + (BuXmn) + 2(0},02:) Biamn) + 03 log o) (61)

6 Observation Aware Bayesian Affinity Estimation

In developing the SABAE framework for estimating affinities between sets of entities we have assumed
that the missing affinities are missing uniformly at random (often referred to as Missing at Random
(MAR) assumption. For a further explanation of the MAR assumption, see [7]). However, for most
datasets describing affinity relationships, the observed affinities are recorded in a self-selecting manner.
For example, in an internet-based movie recommendation engine, a user is likely to watch a movie that
he or she expects to enjoy. If that expectation is fully met, the user is more likely to record the high rating
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Figure 5: Graphical model for Observation Aware Bayesian Affinity Estimation

so as to share the recommendation to others. Additionally, if the movie was strongly disappointing, the
user is also more likely to share the low rating so as to warn others about it. On the other hand, if
the movie does not evoke a strong reaction from the user, the likelihood that he or she will rate the
movie at all is significantly lower. This behavior suggests that the event of observing a rating depends
on the value of the rating. In this section, we extend the SABAE framework to incorporate this self-
selecting property by explicitly modeling the probability of observing an affinity between a pair of
entities. The resulting observation aware Bayesian affinity estimation (OA-BAE) framework relaxes
the MAR assumption, thereby improving the prediction accuracy of the missing affinities.

We begin by extending the latent Dirichlet attribute aware Bayesian affinity estimation framework
introduced in section 3.2 to account for the probability of observing a particular affinity. Without loss
of generality, we assume that the affinities are recorded by the entities in the set &, for the entities in
the set &;,. For the movie recommendation example, the set &; corresponds to the users while the set &;
represents the movies. To model the probability of observing an affinity y,,,, let the associated weight
W be a Bernoulli random variable such that it takes a value one in the event the affinity is observed
and is zero for a missing affinity.

Since, the probability of observing the affinity is expected to be high for both strongly positive and
negative propensities than for a neutral affinity, an inverted Gaussian function of the affinity value can
be used to efficiently model such a dependence. However, the sense of neutrality is often a property
specific to entities recording the affinities (for example, in a movie recommendation engine, some users
are heavy recorders characterized by large number of recorded ratings including for movies for which
they have neutral affinities). Such a behavior can be easily captured by learning the expected value of
the inverted Gaussian function which represents the value of a neutral affinity. On the other hand, an
entity soliciting the affinities also influences the observation probability by evoking specific reactions
in entities recording the affinities. Continuing with the movie recommendation example, some movies
evoke a strong reaction in users resulting in a large number of recorded ratings. This suggests that a
slight deviation from the neutral affinity value for such entities results in a high observation probability.
This property can be learnt by modeling the spread of the Gaussian function using the variance term.
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Figure 6: Probability of observing an affinity as a function of the affinity value.

This term controls the degree of monotonicity of the tails of the Gaussian curve as the affinities move
away from the lowest neutral point.

The probability of observing the affinity y,,, is then modeled by the following parameterized form
(see figure 6):
=(Vmn — Vzlm)z] (62)

262,

where, v, is the expected value of the inverted Gaussian function and is shared for the entities record-
ing the affinities and assigned to the same cluster. Similarly, &, is the variance of the function and
is shared by the entities soliciting the affinities and assigned to the cluster. Finally, the strength of the
Gaussian function is captured by the parameter Ay; € [0, 1] for the affinities assigned to the co-cluster
defined by the cluster assignments of the entity pairs. Incorporating the observation probability model
into the LD-AA-BAE framework, the resulting graphical model is shown in figure 5. The complete
likelihood for all observed and latent variables is then given by:

pY, W, X1,X2, Z1, Lo, w1, M|y, @2, 601,60,B,v,8, 1) = (63)

p(Wmn|ymna Zlms z2n) =1- /IZImzZn exp(

p(ri|ay)p(malasz) [n P(Zimlm1) py, (x1m|01zlm)) (n P(Zonlm2) Py, (X2n1022,, )]

T
[l_[ pl//y (ymn Iﬁzmzznxmn)p(wmn |ymm VZIm ’ é‘:ZZn ’ /lzlmZZn )}

m,n

6.1 Inference and Learning

Maximization of the observed log-likelihood yields free model parameters. To overcome the intractabil-
ity of this direct optimization, tractable lower bounds are obtained using a mean field approximation to
the true posterior distribution over the latent variables. The posterior distribution is then approximated
using a fully factorized distribution having the following form:

q(Yunobs, L1, L2, w1, m2) = q"(711y1)q" (7wo1y2) l_[ q* mn) (1_[ q*(mmlrlm)] (]_I q*(mnlrzn)]

m,n
Ymn €Y, unobs
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where similar to the case of LD-AA-BAE, g*(m1|y1) and g*(mr2)y2) are Dirichlet distributions with varia-
tional parameters 7y and y,; respectively while the variational distributions corresponding to the tight-
est lower bound, for the cluster assignment variables are discrete distributions with parameters r; and
ry respectively. The optimal variational distribution for the unobserved affinities is given by:

K.L K.L O y )2
* —Vk
g mn) < po(Ymn) €XP | YVimn E rlmkrznl(ﬂ]tlxmn)) - g rlmk”anmnzT

k=1 k=1 [

(64)

where po(y,) is the Radon-Nikodym derivative with respect to the reference measure for the expo-
nential family distribution assumed over the affinities. If the distribution is assumed to be Gaussian,
i.e. pyy, Vimn Iﬁzlxmn) = Numn Iﬁzlxmn, 0'131), the optimal variational distribution g*(v,,,) is also a Normal
distribution with mean and variance given as follows:

K,L 2t 2
Dipei=1 TlmkT2ni (flﬂklxmn + O'kl"k) 1

K.L 2 4 o2 " @KL 1,1
Zk,l:] "mk"2nl (fl + o—kl) Zk,}:l FmkV2nl (f_zz + ‘T_gz)

q*(ymn) =N|Ymn

Following analysis in 3.1, the mean field equations for the variational parameters (yix, Y21, '1mk> 2n1) 1S
obtained by following equations:

M
Yik = Qi+t Z T'imk 65)
m=1
N
Ya = ag+ Z Ioni (66)
n=1
N L _(Ymn - Vk)z
Fimk & exp | log p¢1(x1m|91k) + vk + Z Z 201 S Wmn (log pl/,y(Ymnw;tlJCmn) + log (1 — Ay exp (2—§2))]
n=1 [=1 :
—Wmn —V, .
+(1 = wpun)E, |log p¢y(ymn|Blemn) + log (Akl exp (% 67
1
M K —Vmn — Vi)?
onl < €Xp [log Py, (X201021) + yor + Z Z T imk {Wmn (log plﬁy()’mn'ﬂltlxmn) +log (1 ~ Ay exp [@TD]
m=1 k=1 :
—Vmn —V :
+(1 = win)Ey [log pl/!y()’mn'ﬂltlxmn) +log (ﬁkl exXp (% (68)
l

Iteratively satisfying the mean field equations, one can attain a lower bound on the observed log-
likelihood. This lower bound can then be used in place of the actual likelihood for parameter esti-
mation. Maximizing the lower bound with respect to the model parameters results in following update
equations:

(M e
O = WII(W (69)
m=1"1mk
ZN— 2niX2n
-1 =1
0y = vy, |2t (70)
n=1"2nl
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Algorithm 5 Learn OA-BAE

Input: Yo, X1, X2, K, L

Output: @, @,;,0,,0,,8,A,v,§
(ml}, [n)Y, [KIF, [(0F

Step 0: Initialize @, @>, 01,0, p,A, v, &
Until Convergence
Step 1: E-Step
Step 1a: Initialize 7y, 12
Until Convergence
Step 1b: Update g*(y,,,) using equation (64)
Step 1c: Update (yix,y2) using equations (65) and (66)
Step 1d: Update (7, 2;) using equations (67) and (68)
Step 2: M-Step
Step 2a: Update (6, 6,) using equations (69) and (70)
Step 2b: Update S3;; using equation (71)
Step 2c: Update (@, @,) using equations (72) and (73)
Step 2d: Update Ay, using equation (74)
Step 2e: Update v, using equation (75)
Step 2f: Update ¢ using equation (76)

ﬁkl = arg max Z Z F'imkT2nl [<(Wmnymn + (1 Wmn)]E ymn]) B xmn> - 'J/y (ﬂfxmn)] (71)

BERP 0 =1

MEL o) < % &
a; = argmax|log ——— + Z Qg+ Z Fimk — 1| POrw) =¥ Z Yik (72)
aeRE, Hk 1 Flew) 135 m=1 k=1
M(Xf, o) | < [ - ][
@ = argmax|log————— + ay+ » rog—1{1Poyu)=¥| ) yu (73)
@eRE, [ Hl 1r(a21) ; ; ;

A closed form expression cannot be obtained for the updates of the parameters associated with ob-
servability model (A, vk, &7). However, the following constrained optimization problems can be solved
efficiently using the Newton-Raphson’s method.

(_(ymn —Vk 2

Ax = arg max Z Z FlmkF2nl [Wmn log (1 — Ay exp e ) D + (1 = wypp) log /lkl] (74)
!

Ak€l0,1] m=1 n=1

SEuhy G =2 ) (1 = W)
Vg = arg max Z Z Z PimkF2nl | Winn log(l - A exp( = 5 + zmn E, [—(ymn - Vk)z]
VER T =1 1= % 2]
(75)
SEuhy O =0?)), (L= )
& = arg max P21 | Wonn log(l - eXp( i + By |~ Omn = i)
Hap D) e ey el
(76)

The resulting EM algorithm for learning the model parameters is given in algorithm 5.
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7 Bayesian Affinity Estimation with Temporal Dynamics *

Affinity relationships between sets of entities are dynamic in nature with constantly evolving prefer-
ences. For example, a multitude of datasets recording user preferences for items indicate a strong
temporal behavior [6]. Popularity of different items is constantly changing as new selections emerge,
in turn resulting in a change in the user preferences. Static affinity estimation frameworks ignore this
dynamic nature of the data and hence suffer from inferior predictive capability. Thus, modeling tem-
poral dynamics is an important step towards accurate affinity relationship modeling. The importance
of modeling the dynamic behavior for affinity estimation is evident from the recently concluded Netflix
challenge, where temporal modeling had a significant role in the grand-prize winning solution [33].
This section extends the SABAE framework for modeling the dynamic behavior of affinity expressing
datasets. Specifically, temporal dynamics are incorporated into the LD-AA-BAE framework to specify
a statistical model of cluster evolution.

To model the temporal dynamics, it is assumed that the data is divided into different time slices. For
example, in a user-item system, the different time slices might correspond to different months of the year
to account for the seasonal effects in the user preferences or item popularity. Two changes are made to
the LD-AA-BAE model to account for the temporal behavior. First, the Dirichlet distribution priors over
the mixing coefficients 711 and 7, are replaced by logistic-normal priors [34] with mean parameters a
and a; respectively, and secondly, within each time slice ¢, the affinity relationships are modeled using
a static LD-AA-BAE model with a logistic-normal prior, where the entity clusters associated with the
time slice ¢ evolve form clusters associated with slice t — 1. Cluster evoluation is encoded by assuming
a linear dynamic model over the mean parameters @ and «; of the logistic-normal priors along with an
evolution of the co-cluster GLM coefficients . The dynamics associated with the model are then given
by

ajlamr ~ Nalae-1,67) (77)

s ~ Nealay 1,60 (78)
2

BuBrii—1 ~ NBilBri—1>w 1) (79

The variances in the dynamic model can be set using cross-validation and are then held fixed. The
attribute parameters @, @,, however are assumed to be static, since entity attributes (such as user zip
code and movie release year or running time) are not expected to evolve over time. The graphical
model for a dynamic Bayesian affinity estimation model is shown in figure 7. When the horizontal
arrows representing time evolution are removed, the graphical model reduces to a set of independent
attribute aware Bayesian affinity estimation models with a logistic-normal priors. Modeling temporal
dynamics, causes the clusters to evolve smoothly over time.

7.1 Approximate Inference using Variational Kalman Filtering

The non-conjugacy of the logistic-normal prior over the mixing coefficients and the multinomial distri-
bution for the cluster assignments renders exact posterior inference intractable. Non-conjugacy further
complicates the use of stochastic sampling methods based on Gibbs sampling. To overcome this prob-
lem, we formulate a parameterized variational approximation to the true posterior distribution. The
variational parameters are then estimated to minimize the KL divergence between the true posterior
distribution over the latent variables and the assumed variational distribution. In the dynamic Bayesian

#Joint work with Yubin Park, yubin.park@gmail.com
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Figure 7: Graphical model for Dynamic Bayesian Affinity Estimation

affinity estimation model, the latent variables are the logistic-normal prior mean a; .7, @2,1.7, the mix-
ing coefficients 71 1.7, 72,1.7, the cluster assignments Zy 1.7, Z2,1.7 and the GLM coefficients S .7.
The approximate variation posterior distribution is

1:T
q(@1,1.7, @2, 1.7, Y ynopsr FLLT 2,07 L1175 L2175 Bri1:1) = (80)
T
qlayy...ayrl@yr...a1 1) X glas ... .axrl@ ... &) X 1_[ l_[ GOmn i Fmnis Smn) | X
=1 m,n
ym"vte‘yimobs

T M N K L
1_[ q(m1 4Py > A1.0G(2,41102,1 A2y l_l q(Z1ml 1mk.r) l_l q(Zonal72n1e) X]—[ l_[ 9Bt - - -BrrlBriy - - -Brar)

=1 m=1 n=1 k=1 I=1

where, the variational distribution over the missing affinities is a Gaussian with mean #,,, and variance
Smns> 41101 45 A 1.09(72,4|0, 1, A2,) are multivariate Gaussian distributions with means p, ;, p, , and di-
agonal covariance matrices A, Ay, respectively. The variational distributions for cluster assignment
variables are discrete distributions with parameters ry,;; and ry,;; respectively. The dynamics are cap-
tured by “Gaussian variational observations” & 1.7, &2,1.7, Bkl,l:T- The variational observations & ;.r,
@»,1.7 and ﬁkl’l:T can be expressed by following Gaussian distributions:

ardar, ~ N(@ e, 5, D (81)
arary ~ N(@olas,, 3, D) (82)
BudBits ~ NBuailBris ¥, 1) (83)
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where 92, 92, and 9/231(1 , are the variances of the three distributions respectively and can be seen as the

variational parameters associated with these distributions. These variational observations and parame-
ters are not observed basically. As in Blei and Lafferty [9], these values are “hypothetical outputs” to
facilitate inferencing using a linear state space model such as Kalman filtering [41].

These hypothetical outputs correspond to a variational Gaussian distribution over the dynamic latent
variables. This choice of variational distribution allows a direct application of Kalman filtering to update
the linear state space model expressed by these variational distributions. Then, the lower bound can be
expressed in terms of the variational parameters (means and variances of these Gaussian distributions)
which can be defined by following expressions:

Mg ¢ = B(a & 1.7) (84)

Vo 1 = B((@ s = g )*1¥.1:7) (85)
Mgy.s = BBiailBit.1:1) (86)
Vst = E(Bus — gy 1Brirr)- (87)

The Gaussian assumption over the dynamic latent variables has three positive aspects. First, by using
such a linear model, we can readily compute 7o , Vy s, i1, and Vg, , by the standard Kalman filter
equations. Kalman filter equations give us the recursions for 7, s, Vy 1, it and Vg, ,, which are
functions of & 1.1, &2.1.7, Bkl,l:T, f/il’t, ‘A’(sz,t and ‘%kz,t‘ Second, using the symmetry properties of the
Gaussian density, f,s(x) = fyx(u), we can easily maximize the lower bound on the observed log-
likelihood with respect to variational Gaussian observations and parameters. Finally, the additional
variational parameters (‘%1,1’ 173”, f’,g’u,t)’ provide an additional degree of freedom to optimize over,
resulting in a tighter lower bound.

Therefore, the iy, Vo, fiig,, Vg, can be obtained by maximizing the lower bound resulting in
the following coupled equations (For a detailed derivation of the Kalman filtering updates and the

corresponding lower bound please refer to Appendix E):

0L (g, V, 0L (g, V,
-E(mci ozl) —0and -E(miy 04) -0 (88)
ok aVa,
L, V, dL(ng, V,
—(é ﬂ):O and —(mfg ﬂ):O
aﬁ avlg
Assuming a fixed value of the free model parameters, we next derive an optimal lower bound corre-
sponding to the factorized approximation to the true posterior distribution over the latent variables. The

optimal lower bound can then be optimized over the free model parameters to learn the model parame-
ters.

(89)

We next move on to the updates for the remaining variational parameters to obtain an optimal lower
bound to the observed log-likelihood. Since the mixing coefficients are sampled from a logistic-normal
prior, the log-likelihood of the cluster assignment variables Z, is obtained as follows:

T M K K
log p(Z1,1.7lm1,1:7) = Z Z Z Zmkt [ﬂlk,t —log [Z eXP(mk',t)J]

t=1 m=1 k=1 k=1
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Since, log is a concave function, using Jensen’s inequality [30], a family of lower bounds can be ob-
tained for the above log-likelihood expression:

log p(Zy1.7lw11.7) 2 Z Z Z Lkt | Tyt — 81_} Z exp(mix,y) + 1 —logey,

T M K [ K
t=1 m=1 k=1 k=1

where &1, [t]lT are the variational parameters corresponding to the family of lower bounds. The varia-
tional parameters corresponding to the tightest lower bound is then given by:

X Ak
N
ey = ZeXP(Plk,z"‘T) (90)
=
L Aoy
&y = eXp |21 + — On
=1

where €1, [t]lT are the variational parameters corresponding to the cluster assignment variables Z».
Proceeding with the maximization of the lower bound on the observed log-likelihood with respect to
the variational parameters corresponding to missing affinities, the following updates for the variational
mean and variance can then be obtained:

K,.L  TimkiTonls | .1
Zk,lzl 2 (mﬂkl,txm”)

_ ki

ﬂmn,t - Z:K,L lmk,t"2nl,t (92)

- 2

k=1 oy

1
2 - -

gmn,t - K,L  Timks"2nlt (93)

ki=1 o2,

Using the variational Gaussian distribution of the missing affinities, the following expression evaluates
the expectation of the log-likelihood function of the affinites.

Eq[()’mn,t _ﬁzl’txmn)z] = Wmny,%m,[ +(1 - Wmn)(gzm,t + ﬂyzym,t) (94)

_Z(Wmnymn,t + (1 - Wmn)ﬁmn,l)(ﬁz;gkl’txmn) + x;m(f/ﬁ’k,,l + ﬁzﬂk,,tﬁz;k[’[)xmn
Note that the expression uses the known affinity values for non-missing affinities (represented by
wmn, = 0) and for the missing affinities, relevant expectations are taken under the variational distri-
bution. Maximization with respect to the variational discrete distributions over the cluster assignment
variables yields following updates for the variational parameters ry,, and ry,:

1
20—/{12

N L
1
Fimks o Xp [plk,, +10g Py, (X1nl1) + D ras (—zlog o = 53— EqlOmns —ﬂ,i,,,xmnf])J 95)

n=1 I=1

M K

1 1

Foply ¢ €XPp [le,t + lOg Pg!lz(x2n|021) + Z Z Tkt (—5 IOg O-l%l - REq[(Ymn,t _BZl,txm”)z])] (96)
m=1 k=1 kit

Similarly, the mean field equations for the mean parameters of the variational distribution over the
mixing coefficients 7r; and 7, corresponding to an optimal lower bound on the observed log-likelihood
is given by following equations:

M AL M
. 2 2 Lkt - 2
Plks = Mays + 0 Z Fimks = W =M&\ 07 eXp| —= + a1 + 07y Z Tkt o7
m=1 m=1
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n=1 n=1

where W is the Lambert’s W function. The updates for the individual diagonal entries of the (diagonal)
covariance matrices is obtained as a solution to following constrained optimization:

K

i = argmax - — ZAW Mey, )" exp (mk, + —) Zlog INTY (99)
AR,y 207 £ =1
1 L L All
Agyy = argmax — — > Agi; = Neay ) exp (py,, ) Z log Az, (100)
Az r€Rs 95 1= =1

The set of coupled update equations for the variational parameters can be satisfied iteratively which
yields a tight lower bound on the observed log-likelihood. Note that the convergence in guaranteed
since the bound is convex with respect to the variational parameters [31]. The optimal bound can be
maximized to get an improved estimate of the model parameters. The following updates are obtained
for the natural parameters of the exponential family distributions over the entity attributes:

S SM kX m
0 = Yy 1( i (101)
: HD Y e
T N
nltX2n
0, = W’EI(Z,IZM 2nl,t 2] (102)
Z[ 1 Zn 1 F2nlt

The variances associated with the logistic-normal prior and the affinities within each co-cluster are
updated by following equations respectively,

T
1

0'% KT Z I plt g, 1 1P +2Tr(Vo, 1) + Tr(A f)) (103)
T

2o L > (1p2 = it 1P +2Te(Via, ) + Tr(As,) (104)

27 LT (g e v ’
ZTZI ZM’NI Mmk,t"2nl,t ]Eq[(_Ymn,t _ﬁZl xmn)z]
O']%l _an mn= ( ot ) (105)

pyvl 12,” | Mkt T2nl.z

8 Entity Attributes Estimation

In most datasets recording affinities between sets of entities, the auxiliary entity attributes are collected
from different connected sources. Often such sources are noisy and incomplete resulting in a large num-
ber of missing entity attributes. For example, in internet-based applications such as online recommender
systems, online advertisement targeting etc., the attributes associated with the targeted customer base is
often collected from the user profiles. The users are asked to submit the profile information at the time
of their registration with the system. In many cases, users can choose not to provide this information
resulting in missing user attributes. Similarly, attribute information might be unavailable for many items
or products due to un-documented attributes or as a result of a noisy data collection process. In such
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a scenario, it is imperative to impute the missing entities so as to aid in the prediction of the missing
affinities.

This section extends the LD-AA-BAE framework to automatically impute the missing attributes,
for both entity sets &; and &;. We assume that for an entity with missing attributes, at least a single
associated affinity is observed. This is a reasonable assumption, since a lack of attribute as well as any
prior recorded affinity information means that the entity is absent from the system with no available data.
Subsets Xjunobs S X1 and Xoypobs € X2 denote the missing attributes for two entity sets respectively.
Similar to the weights associated with the affinities, we assign a weight wy,,(w»,) with each entity
eim € E1(eay € &) such that wy,, = 0((wy,) = 0) if X1, € Xiunobs(X2, € Xounobs). For computational
convinience during inference, we assume that the conditional distribution of the affinities conditioned
on the cluster assignment variables is a Gaussian distribution.

I * 2
pl//y(ymnlﬂzlmzhxmn) = N(ymnlﬁélmzhxmm O-ZImZZn)

As before, the free model parameters can be learnt using a variational EM algorithm with a mean
field approximation. Using a fully factorized variational distribution to approximate the true posterior
distribution, a parameterized variational distribution is then defined over the latent variables.

q(m1, 72, Yunobs> X 1unobs> X2unobss L1, Z2) = ¢ @iy 1,09  (T2nly2,) X% (106)
]m_[ NOmnlBns So) (l_l q*<z1m|r1m))(]_[ q*<z2n|rzn>] [T a:cuow|| [] @
N m n
Vmn eyum,bs " " xlmexlunobs X2n E~X2unobs

where 3, g,%m are the mean and variance of the variational Gaussian distribution for the missing affini-
ties while similar to the case of LD-AA-BAE, ¢*(m1,|y,,,) and ¢*(m2,ly,,) are K and L dimensional
Dirichlet distributions with parameters y, ¥, respectively. Likewise, ¢*(zim|rim), ¢*(z2nlr2,) are dis-
crete distributions over the cluster assignments. The variational distributions over the missing entities
are exponential family distributions with natural parameters wi,, and @, respectively. Optimization
over the variational parameters yields a tight lower bound on the observed log-likelihood. The result is
a set of coupled equations known as mean field equations that can be satisfied iteratively to yield the
optimal lower bound.

For notational convenience, we use the notation I£,[-] to denote the expectations of the functions of
latent variables with respect to the variational distributions. The expectation yields the actual values for
the observed variables and the difference will be clear from the context. Following inference methodol-
ogy for LD-AA-BAE (section 3.2), the updates for the variational parameters is obtained as following
equations.

K.L  rimkron 1l
Zk’[zl - kzr[2 . (ﬁ-{klEq[xlm] +B2k1Eq[XZn])

a
k
Bnn K.L  rimkron (107)
— 2
k=1 Ty
1
2 _
Smn = KL rimkroni (108)
kl=1 o2

kl
The variational distributions for the missing attributes that correspond to an optimal lower bound then
assume the following forms of exponential family distributions:

N KL
* 'mk2nl
g (x1m) < poCeim)exp| = D > = BrigXim)” [exp (Kt T1n)) (109)
n=1 k,I=1 ki
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g krzz
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q (x2n) oC pO(xZn) exp [_ Z il (ﬂZklen) )CXP (<xzn,ZD'2n>) (111)
m=1 k=1
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wWop = Z i

=1

(112)

M K
r g
021 +B2kl Z Z ;__n;k (Eq[ymn] _ﬂiklEq[xlt71])
ki

m=1 k=1

where @1, and @», are the natural parameters of the distributions respectively and ¢/, ¥} are the cor-
responding log partition functions. Finally, the updates for the parameters of the Dirichlet and discrete
distributions are given by:

Yik = a’lk"‘zrlmk (113)

m=

Y ay + Z nl (114)

Fimk o exp (Eq[log py, (X1l010] + Py 1)+

L
Zr2_2 E [ (ymn ﬂlklxlm ﬁz]den)z] logo-]d)] (115)
Tk

1 I=1

iM=

p) & EXP (Eq[log Pyr (X24162)] + P (y2)+

M K
Z Z rl_ ( [ Vmn — ﬁIklxlm _B;klen)Z:I — log O-il)) (116)

Maximizing the optimal lower bound with respect to free parameters, the following equations can be
used to get their improved estimates:

M
0 = Vd/fl(Zm:l”xInk(E [xlm])] (117)
m=1 Fmk
N (B glx2,]
0 = wgl[z”‘é@’f;ﬂf )] (118)

M,N
ﬁ]kl = Z rlmernlE [xlmx ]] l Z rlmernl(Eq[ymn] _ﬁ;klEq[XZn])Eq[xlm]} (119)

m,n=1 m,n=1

M,N
ﬂZk[ = Z rlmernlE [xan } [ Z rlmernl(Eq[ymn] _ﬂIklEq[xlm])Eq[xZn]] (120)

m,n=1 mn=1

2 Zmn 1 rlmernl( q [(ymn _ﬁiklxlm _ﬁ;kleI’l)z])
Ok = M,N (121)
et TimkF2nl
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Note that the update equations are similar to the updates for LD-AA-BAE framework with the missing
entity attributes replaced by the expected values taken with respect to the corresponding variational
distributions in equations (109) and (111).

9 Sparse Bayesian Affinity Estimation and Model Selection

This section extends the SABAE framework for learning minimum ¢, norm solutions to generalized
linear models for the affinities. The minimum zero-norm solutions result in sparse GLM models dis-
tinguishing contributing features from the redundant ones. Traditionally, this has been done by putting
a Laplace prior over the coefficients of GLM which is equivalent to penalizing an ¢; norm of the co-
efficients. The solution to the resulting optimization problem is achieved such that some of the coef-
ficients are zero [31]. However, rather than being dictated by the data, the resulting sparse solution is
completely determined by the obtained optimization problem. To overcome this problem, we propose
a Sparse Bayesian Affinity Estimation framework (Sp-BAE) that automatically discovers the sparsity
structure present in the data. Further, since within the SABAE framework, inherent data heterogeneity
is modeled by learning multiple local GLM models, the Sp-BAE framework is able to learn sparsity
structure within locally homogeneous partitions of the data. This results in an efficient feature selection
framework where the contributions of individual entity attributes towards the modeling of the affinities
is automatically learnt in an efficient manner.

The majority of the datasets arising in the domain of affinity relationships are extremely sparse
with majority of missing affinities. The resulting data heterogeneity is efficiently modeled within the
SABAE framework by simultaneously learning locally homogeneous decompositions of the input space
along with the predictive models for the affinities via the use of mixture models. However, the available
training data is often too sparse within the local partitions resulting in unreliable predictive models with
a limited generalization capability. Hence, in the absence of sufficient training data a trade-off exists
for modeling at varying resolutions of the input space. In the later part of this section, we propose an
unsupervised model selection framework that automatically learns the resolution of the input space best
suited for modeling different partitions of the input space. The resulting framework retains a strong
predictive capability for the sparse training data. Note that our definition of model selection is different
from the traditional definition prevalent for Bayesian mixture modeling. While in the context of mixture
models, model selection refers to an automatic determination of the number of mixture components,
we focus on a selection from models at varying resolutions of input affinity space. In the following
subsections, we begin with a detailed exposition of the sparse Bayesian affinity estimation framework
followed by the model selection for Bayesian affinity estimation.

9.1 Sparse Bayesian Affinity Estimation

In order to achieve sparse solutions within the SABAE framework, we assume that only a subset of
the available entity attributes contribute to the prediction of the corresponding affinity relationships.
Recall that the affinities are modeled by a mixture generalized linear models in which the affinities are
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assumed to be drawn from co-cluster specific exponential family distributions whose natural parameter
is modeled as a linear combination of the entity attributes, ﬁl \mzonXmn- In Sp-BAE, we assign a Bernoulli
random variable b/, with each affinity y,,, and the term i of the entity attributes such that the random
variable assumes a value 1 if the term contributes towards the modeling of the affinity relationship.
Hence, the mixture distribution of the affinities can then be written as

Ymn ~ pl//y(y;nnw;mzb, (binn ® Xmn)) (124)

where ® denotes element wise product. Such formulation was proposed in the context of sparse linear
regression in [35], for language modeling [36] as well as for sparse topic modeling [37]. The sparsity
structure can then be efficiently learnt by learning the posterior expected values of these Bernoulli
feature selector variables. Since, the affinities within a single co-cluster are assumed to be generated
from a single GLM distribution, they are expected to follow a common sparsity pattern. Hence, the
posterior probability of the selector variables for a specific term is assumed to be shared by affinities
within a single co-cluster. Let eélm 2, b€ the probability of the Bernoulli random variable bi . to assume
a value one. Then, the expected sparsity of a co-cluster (k, /) can be defined as follows

D
E[sparsity,leq] = 1 - Z e /D (125)
i=1
The sparsity model described above can be incorporated into the LD-AA-BAE framework for sparse
Bayesian affinity estimation. We next derive a variational EM algorithm for learning the free model
parameters including the Bernoulli probabilities E;lmmn. For ease of inference, we assume that the
affinities are drawn from a mixture of Gaussian distributions having the following form:

2
Ymn ~ N()/mnlﬂ;lmzhl (bmn ® xmn)’ O—ZImZZn)

We also assign to each affinity y,,,, an additional Bernoulli variable bgm which is always one and cor-
responds to the bias term of the linear model. Hence, 61?1 = 1 for all the co-clusters (k,[). Learning
model parameters by an exact EM algorithm requires computation of the observed log-likelihood by
marginalization of the latent variables. This requires KL2P computations for each affinity along with
the marginalization of the mixing coefficients. To avoid this expensive computation we introduce a fully

factorized mean field approximation to the true posterior distribution of the latent variables.

q(@1, 72, Yunobs, B, Z1, Z2) = ¢" @ imly 1,9 (@2l 2,)% (126)
1_[ N(ymnlﬂmn, grznn) (l_l q*(zlmlrlm)) (l_[ q*(ZanrZH)] [l_l ﬂ q*(birmksinn)}

Yimn€Y unobs

The variational distributions for different factors assume a form similar to the ones in LD-AA-BAE
model except for the missing affinities which are now approximated by a Gaussian distribution with
mean ,,, and variance g2, . The variational distribution for the feature selector random variables 5’ ,
is assumed to be a Bernoulli distribution with variational parameter &',,. Following analysis for the
LD-AA-BAE model, a tight lower bound can be constructed over the observed log-likelihood. The
variational parameters corresponding to an optimal lower bound then satisfy the following mean field
equations:

K.L rlmkrzm( D i i i )
Zk,l:l o2 2220 B0 Xmn

(127)
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35



1

2 _
Smn = TKL  rogron (129
ki=1 o2
M
Yik = Qi+t Z Fimk (129)
m=1
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Yau = au+t Z Fani (130)
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The coupled mean field equations can be satisfied iteratively to get a tight lower bound on the observed
log-likelihood (convergence is guaranteed by convexity of the lower bound). The lower bound can
then be maximized with respected to the free model parameters to obtain an improved estimate of the
parameters.
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i Zm,n:l rlmkr2n15£nn (Wmnymn + (1 = winn)Fmn — qutilgk](srjnnxmn)
Bl = T : (139)
Zm,n=1 Flmk2ni0mn

The update equations are similar to M-step update equations of LD-AA-BAE. Since a Gaussian distri-
bution assumption is assumed over the affinities, a closed form expression is obtained for the updates
of the GLM coefficients 8;,;. Further, each term i of the entity attributes is weighted by posterior feature
selector probability yielding the desired sparsity structure.

9.2 From Local to Global: Model Selection for Bayesian Affinity Estimation

Using the basic SABAE framework, the modeling of affinity relationship between a pair of entities can
be achieved at following resolutions of the input affinity space

1. Local Modeling corresponds to modeling the affinities by a mixture model with separate GLM
parameters for each co-cluster. This requires learning of KL models, one for each co-cluster.

Ymn ~ pl//y(ymnlﬂlrzlmzhxmn) (140)

2. Shrinked Modeling retains separate models for the clusters (in place of co-clusters) for the two
identity sets resulting in K + L models, one for each cluster. The affinities within a co-cluster are
modeled by borrowing the parameters of the corresponding clusters.

Yim ~ Piry OmnlBazy, X1m + Bh ¥2n) (141)

3. Global Modeling corresponds to modeling the affinities by a single global model and corresponds
to a model with fewest parameters.

Yon ~ Pury Gl BLXmn) (142)

In the presence of sufficient amount of training data, local modeling approach can efficiently capture
complex affinity relationship structures in the input space by discovering homogeneous partitions of
the data leveraging the flexibility provided by separate model for each co-cluster. However, if the
training data is sparse, this flexibility results in the models being overfitted to the given data resulting
in over-training and hence a limited generalization capability. On the extreme, one can utilize a single
global model to overcome this problem for sparse training data. However, a single global model fails to
capture the complex interactions between entities that are important for describing the resulting affinity
relationships. To avoid this extreme behavior associated with local and global models, one can follow a
shrinked methodology by sharing parameters across individual clusters as proposed in [13].

Often, the affinity relationships and hence the resulting heterogeneity structures are very complex
such that a single modeling assumption is unable to account for the complexity resulting in a sub-
optimal performance. What is needed is thus, an automated model selection framework that chooses
the modeling assumption that best describes the underlying heterogeneity structure. We propose such
a model selection framework that assumes the affinities to be generated from a mixture of the three
possible modeling choices

+
Ymn ~ Elmnpwy(Yman{zlmzznxmn) + 62mnp111y(ymn|ﬂ2zlmxlm +ﬂ;zznx2”) + €3mnpz//y(ymn|ﬂ3xmn) (143)
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where the mixing coefficients ¢, are the probabilities of each modeling choice. Hence, within a
Bayesian framework one can easily learn these mixing coeflicients to automatically determine the best
modeling assumption for each affinity. For a co-cluster with sufficient number of training affinities
where a reliable local model can be learnt, the above model selection framework reflects this property
by assigning a high value to the corresponding mixing coeflicient €y,,,. Similarly, varying proportions
of the coefficients enable modeling of varying levels of heterogeneity in the co-clusters. We extend
the LD-AA-BAE framework for such a model selection task by assuming the affinities to be generated
from the mixture distribution described in (143). Further, we constrain the affinities within the same
co-cluster to have similar mixture distribution by sharing the mixing coefficients ¢, in the co-cluster.

The model parameters can be learnt using a variational EM algorithm. The following variational
distribution can be assumed over the latent variables

Q(ﬂls”Lyunobs, ZI’Z2) = (144)

7@y i) @alya)| || @), Gmnldmn) (1—[ q*(mmlrlm))[l_[ q*(Zanrzn)]

m,n
Ymn E~yunobs

Similar to the mean field updates for the LD-AA-BAE model, the following mean field equations can be
derieved for the variational parameters (For the basic methodology, refer to variational EM algorithm
derivation for LD-AA-BAE model, section 3.2):

KL
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The update equations for the free model parameters can similarly be obtained by maximizing the re-
sulting optimal lower bound from the mean field updates.

(N rexy
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The parameters of the three modeling choices can be updated in the M-step using solutions to the
following optimization problem:

M,N

ﬂlkl = agg %X Z FimkV2nl €1kl (<(Wmnymn +(1 - Wmn)va(¢mn)),ﬂ1k1xmn> Yy (ﬂ-ltklxmn)) (154)
1K€ mn=1
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Closed form expressions can be derived for updating the mixture coefficients corresponding to each
modeling choice that assume the following forms:

Zl’ﬂnd,’nl\il rlmkrznl]Eq [log plﬂy(,)’mn'ﬂ-[klxmn)]

€1 = Ty - - e T
Z“m n=1 rlmkrznl( q [log pwy(ymnlﬂlk[xmn) + log p,/,y(ymnlﬁlkxlm +ﬂ21x2") + log p¢y(ymn|ﬁ3xmn)])
(158)
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Zm,n:l Yimk"2nl (Eq [log pwy(ymnlﬂlklxmn) + log p¢y(ymn|ﬁlkx1m +ﬂ21.XT2n) + log p¢y(ymn|ﬂ3xmn)])
(159)
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(160)
Thus, by explicitly learning the mixing coefficients, one can efficiently learn the contribution of each
choice for a specific co-cluster.

10 Learning to Rank Affinities

In many applications, the learnt affinities are used to generate a preference list over one set of entities for
an entity of the other. For example, the central goal in most collaborative filtering applications is to make
top-k recommendations to different users. This is often done by first estimating user specific affinities
for a given set of items, following which a preference list is generated by ranking the estimated affinities.
As such, the bulk of the effort is spent in accurately estimating the missing affinities [38]. However,
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to generate a preference list one only needs to learn an ordering on the missing affinities rather than
the actual values of the affinities themselves. This section introduces a supervised ranking model that
efficiently learns such an ordering. In particular, the model learns pair wise ordering of affinities as a
function of entity (‘user’ and ‘item’) attributes allowing efficient generation of preference lists.

We consider a supervised ranking setting in which each training example consists of a query, a set
of input results and a (partial) preference over the results. A query result pair (g, r) is characterized by
attributes x,-. The learning task is to discover a function, known as a scoring function that provides
a query specific ordering of inputs that best respects the observed preferences. Generally, the scoring
function is a parametric function of the attributes, f(x,,; ) and learning entails estimating the param-
eters 6. For example, in a movie recommendation engine, each query is a specific user for whom we
wish to generate a preference list over a set of movies (results). A partial ordering of the movies is
obtained from the observed ratings while the attributes can be obtained from covariates associated with
the user and the movies. For rest of the section, we describe our ranking models using the movie rec-
ommendation example. However, it should be noted that the models are generic in their applicability to
similar affinity ranking problems.

10.1 Supervised Ranking

We start with a brief introduction to supervised ranking using a movie recommendation example for
exposition of the basic ideas. In subsequent sections, we show how the basic supervised setting can be
enhanced to capture the dyadic property common to many affinity recording datasets, allowing genera-
tion of more entity-specific preference lists.

Let M be the number of users and N be the number of movies on which we intend to generate a
ranking for each individual user. A set of observed ratings can be represented as particular entries of
an M xX N matrix Y = {y;;;}, [m]zlw , [i]’lv . To distinguish observed entries from unobserved entries in the
matrix, we assign a weight w,,; € {0, 1} to each rating y;,, such that w,,; = 1 if y,,; is observed and 0
otherwise. Following [38], the supervised ranking problem can then be formulated as a minimization
of a conditional surrogate loss of the following form:

¢(0) = B | D haf)o(f(x;:0) - f(xi;0)) (161)

i,jeR

The loss is a weighted disagreement cost incurred when the scoring functions, f for the entities i, j in
the given preference ranking list R disagree with the given order. The incurred disagreement cost is
(aﬁ), where / is a function of the penalties as and ¢ > 0 is a non-increasing function. It was shown
in [38], for ¢ convex, the loss defined in (161) fails to asymptotically minimize the Bayes risk and
hence is inconsistent. However, it was shown that under certain conditions a regularized linear loss of
the following form is asymptotically consistent:

@(0) = x| > h@®)(f(xj:0) - fxi ) +v Y r(f(xis 0) (162)

i,jJER i

where v > 0 and r is strictly convex and 1-coercive. Further, the required conditions for consistency of
the linear loss in (162) are satisfied if the penalties /(a; ;) assume the following form [39]:

h(aij) = si — s, (163)
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where s; is a score associated with the entity x; to be ranked. Hence, for the movie recommendation
engine, the supervised ranking loss can be written as

M N M N
€O = > D> WniwnjOmi = ) o3 ) = fCeis ) +v Y > wiir(f(xniz ) (164)

m=11i,j=1 m=1 i=1

For remainder of the section, we concentrate on the loss given by (164) and develop efficient forms of
the scoring function f(x; ) that capture the dyadic nature of the data arising in these domains.

10.2 Ranking Affinities

A valid form for the scoring function f consists of a parameterized model over the query-input features.
For our case, a query corresponds to a user while the inputs are the sets of movies for which the ranking
needs to be generated. To efficiently capture the attributes associated with a user-movie pair, we assume
that the scoring function is a bi-linear model over the user-movie attributes [31]. Also, to include the
user (movie) specific biases which are an important property of datasets arising in such domains, we
include a factorization term comprising of a cross-product between user and movie specific factors. The
resulting parameterized scoring function is then obtained as follows:

fGmis T, v) = x Toeo +uf; (165)

Using (164), the model parameters (I', #, v) can then be learnt by minimizing the following loss function

M N M N

o, u,v) = Z Z WiniWmj(Ymi = Ymj) [x}Lmr(ij — X))+ U (v - Vi)] +v Z Z Wmir(xjmeri +uv)

m=11,j=1 m=1 i=1

M N

A

AU+ D w3+ 3 11 wi I (166)
m=1 i=1

wherein we have included ¢-2 regularizers on the model parameters. Since r is strictly convex, the
loss function can be efficiently minimized using stochastic gradient descent. The following equations
provide the resulting gradient expressions for each of the parameters:

M N M N
o ;
aF = Z Z WiiWinjOmi = ) [X1m (27 = %20 [+ 0 Y7 > i [ Ver(x], i + wjwi)| + AT
: ]: m:l l:1
oy al
- = Z WiniWm jVmi = Ymj) [(v] - vl)] +v Z Wini [Vumr(x1 Ixy +u v,)] + Au,,
m ij=1 i=1
dp M N M
ol Z Z WiniWinjOmi — Ymj) [“tm] + v Z Wini [Vvir(x;rmrxﬁ + HLVi)] + Av;
! m=1 j=1 m=1

Note that the scoring function consists of a global term x}Lmszl-, wherein a common I is shared for

every user movie pair, (m,i). Similarly, the function also contains a local term uj,,vi such that the
parameters u,, and v; are different for each user m and movie i respectively. However, such a param-

eterization on the two extremes fails to leverage the inherent heterogeneity brought in by the dyadic
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nature of such datasets. What is needed is a smooth parameter sharing mechanism in between the two
extremes. SABAE framework provides an efficient backdrop for such a smooth parameter sharing.
Since we are utilizing a conditional surrogate loss minimization within a decision theoretic framework
for ranking affinities, a hard assignment version of SABAE can be used to partition the data matrix into
a grid of blocks or co-clusters. The different parameters can then be shared across users and movies
within each co-cluster. Each co-cluster (k, /) is associated with model parameters (I'y;, ug, v;) that are
shared by the users and movies that belong to the co-cluster. However, a separate set of model param-
eters for every co-cluster can lead to severe overfitting when the data is very sparse that is usually the
case in such domains. To overcome this issue, one can assume a rank ¢ approximation on the bi-linear
model of the form I'y; = Ty kr;-

Let p be a mapping from the M users to the K user clusters and y be a mapping from the N movies
to the L movie clusters. The co-clustering assignments (o,7y) and the shared co-cluster parameters
(T, Topy ug, vp), [K1K, [l]f can be efficiently learnt by minimizing the following loss function

K

_ i i i i
SURETUEDIDY 2 miniOmimyng) %1, (05,25 = Bly%ai) + (v = vy |+
k=1 1;,lheC m:p(m)=k
ijy Dy el )

K L 1 K L K L
2 2 2 2
v D, D wirGel Tuljs+wv) + 2| 3 Tl + ) Tl + > w5+ > vl
k=1 I=1 k=1 I=1

k=1 I=1 m:p(m)=k
iy(i)=l

(167)
The set C is a set of all possible (é) + L movie cluster index pairs of the form (/;, /). The loss function
can be efficiently minimized using an iterative procedure to simultaneously learn the model parameters
and the co-clustering assignments [13]. Beginning with a random clustering assignments, the model
parameters are first learnt by gradient descent following which each user (movie) is assigned to a user
(movie) cluster that minimizes the loss function in (167). The two steps that directly minimize the loss
function guarantee convergence to local minima. The expression for the gradient with respect to each
paramter is as follows:

O t o (pt ¥
ory. 2 20 wiwmiOmi =) 1, (T ) = 15, )| +
e ylhec  mpm)=k
i@y (el b)

L
1 Z Z Wi [Vrlkr(xfml“lkr‘;[le' + uzvl)] + /ll“lk
=1 m:p(m)=k
ivy(i)=I
dp K K
- Z Z WiniWmj(Vmi—Ym ;) [_xZixImF 1k]+UZ Z Wini [Vrz,r(xImF ) NSO uZVz)]+/1F21
2 k=1 mipGmy=k k=1 m:p(m)=k
iy ()=l iy (i)=l
oy L
- Z Z WiniWinjYmi—Ym;) [(uy(j) - uy(i))]+vz Z Wi [Vukr(xImFZIF;lxli + uzvl)]"'/luk
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i, joy @),y (Detli b} i:y(i)=I
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11 Semi-supervised Co-clustering and Matrix Approximation

This section extends the NA-BAE framework to address the problem of co-clustering a data matrix in the
presence of side information on clustered entities. In particular, we solve the problem of co-clustering a
matrix with potentially large number of missing entries into a grid of blocks when some neighborhood
information is available for individual rows and columns. Similar to NA-BAE, the neighborhood infor-
mation is encoded using a markov random field prior on latent membership variables. The use of the
neighborhood information helps to address new rows and columns which the traditional co-clustering
methods fail to account for. A Bayesian approach helps to estimate the missing entries of the matrix as
a side product.

We intend to co-cluster an M X N data matrix into K X L blocks formed by an intersection of K row
clusters and L column clusters. The matrix has a potentially large number of missing entries represented
by the set Yunobs and a set of few known entries Yops. The set of all M X N entries is represented by
Y = Yobs U Yunobs- A weight wy,, [m]’l"’ ,[n]V, is associated with each entry y,,, such that w,,, = 1 if
Yin € Yobs and wyy,, = 0 for v, € Yunobs. A weighted neighborhood structure Ny, is used to denote a
set of rows that form the neighborhood of a row m along with the associated link strengths £,,. Such
neighborhoods can capture a variety of domain knowledge. For example, to represent must-link/cannot-
link constraints [40], the neighborhood N, will consist of all the rows included in the must-link and
cannot-link constraints involving the row m. For the must-link constraints, the link strengths can be set
to a large positive value while for cannot-link constraints can be set to an equally large negative value.
A similar weighted neighborhood N, [n]llv is defined for each column n with link strengths 5,,.

The Bayesian Semi-supervised Co-clustering (BSCC henceforth) co-clusters a data matrix into KL
co-clusters obtained as a cross-product of clustering the rows and columns into K and L clusters re-
spectively. The cluster assignments for row m and column n are represented by z1, € {1,..., K} and
Zon €{1,..., L} respectively. The neighborhood information is then incorporated in the form of separate
Markov random field priors [29] over the set of cluster assignment variables Z; and Z;. The joint prior
distribution of the latent cluster assignment variables is then given by:

P(ZiINyLE)) ]‘[exp(z glmin{zl,,lzzl,.}] (168)
m ieNlm

p(ZZlNZa{Z) & nexp[z gznj]'{ZZn:ZZj}] (169)
n j€N2n

The cluster assignments for a row-column pair, (21, 22,) together determine a co-cluster which then
selects an exponential family distribution, py,, (Vimnl0z,,z,,) (out of KL such distributions), to generate a
matrix entry y,,,. The parameters 6, ., of the distribution are specific to the co-cluster (21, 22,). The
overall joint distribution of the observed and latent variables is then given by:

(Y, Z1, 2210, N 1, N2, ¢, 4,) = p(Z1IN1,§1)p(Z2IN2, &) {l_l Pwy(Ymannzz,,)}
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The free model parameters ® can be estimated by maximizing the incomplete log-likelihood via Ex-
pectation Maximization [28]. Computation of incomplete log-likelihood requires marginalization over
all possible states of cluster assignments Z; and Z,. Due to the correlations induced by the MRF
priors, this marginalization requires a computation that is exponential in the size of the largest clique in
the given neighborhood structures. To overcome this problem, we employ a fully factorized mean field
approximation for an approximate inference.

As before, the true posterior distribution over the unobserved variables is approximated by the
following parameterized distributions

q(Yunobs» L1, L2lbmn, 71, 12) = l_l qu(ymz1|¢mn) (l_[ Q(Zlm|r1m)] (l_l Q(Z2n|r2n)] (170)

m,n
Ymn ey unobs

where similar to the case of NA-BAE, gy, (Yinl¢mn) 1s an exponential family distribution of the same
form as the one assumed for the matrix entries and with natural parameter ¢,,,. Variational distributions
over cluster assignments q(Z1,,71,) and q(z2,|r2,) follow discrete distributions over K and L clusters
with parameters ry,,, ry, respectively. Following analysis of section 3.1, a variational mean field ap-
proximation for posterior inference then results in following updates for the variational parameters

K L
Gmn = Z ik 2n10k1 (171)
=1 =1

L

D 720t (Wi 108 Py Gnnlz1123,) + (1 = W) By [10€ Py, Gl 2,)1)
=1

M=

Fimk & €XP Z {imirik +

iENlm n

(172)

M=

Z F1imk (Wmn log pAby(yr11nlgzl1z2n) +(1 - Wmn)Eq[log pwy(ymnleznzzn)])
1

Fapl & €Xp Z Qonjronj +
jENZn

K
k=

1

3
I

(173)
where the expectation IE,[log py,, (Viunl0z,,2,,)] is taken with respect to the variational distribution gy, (Yimn|®mn)
over the missing matrix entries. The coupled mean field equations can be iteratively satisfied for an
approximate posterior inference which can then be used to construct a lower bound on the observed
log-likelihood similar to (4). The lower bound can then be maximized with respect to the free model
parameters to update the natural parameters @ of the exponential family distributions over the matrix
entries. The update is given as follows:

Znﬂz’é\il Fimk"2nl (Wmnymn +(1- Wmn)vlﬁy (¢mn))

bkt = Vi, (174)

MN
D=t TlmkT2ni

Note that the missing entries (represented by wy,,, = 0) are replaced by their expected value, Vy,, (@)
under their variational distribution. An EM style algorithm can then be derived wherein E-step varia-
tional posterior inference is done by updating the mean field equations to construct a tight lower bound
on the observed log-likelihood. The optimized lower bound is then maximized with respect to free
model parameters O, in the subsequent M-step to get an improved estimate of their values. Starting
with an initial guess of @, the algorithm iterates between two steps until convergence.
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12 Concluding Remarks

Side information aware Bayesian affinity estimation is a promising framework that efficiently incor-
porates multiple sources of side information including past affinities, entity attributes, temporal infor-
mation, and/or neighborhood structures, within a Bayesian framework for an affinity estimation task.
The use of exponential family distributions for modeling entity attributes as well as the affinity rela-
tionships renders great flexibility for modeling diverse data types in numerous domains. Embedding
a factorized representation within the SABAE framework allows models with a strong generalization
capability without losing the interpretability of a mixture model. Bayesian framework further allows
an efficient modeling of the self-recording behavior of the affinity relationships leading to an improved
generalization ability. Many additional useful tasks such as estimating missing entity attributes, efficient
feature and model selection, a supervised ranking framework as well as a model for semi-supervised
constrained co-clustering are obtained as side products of the SABAE framework.

While in this paper we have followed a parametric approach towards Bayesian modeling that re-
quires the number of clusters as an input to the framework, the framework can easily be extended to
non-parametric models by replacing the Dirichlet distribution priors with the corresponding process
prior. This will enable an automatic estimation of the required number of clusters.
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A Variational Inference using Mean Field Approximation (MFA)

A maximum likelihood approach to parameter estimation generally involves maximization of the ob-
served log-likelihood log p(X|®) with respect to the free model parameters, i.e.,

£
®ML

arg max log p(X|®) (AD)
0

argmaxlogfp(X,Zl@)dZ (A2)
0 Z

where X and Z are sets of observed and hidden variables respectively. In the presence of hidden
variables, the maximum likelihood estimate is often done using the Expectation-Maximization (EM)
algorithm [28]. The following lemma forms the basis of the EM algorithm [29].

Lemma 1. Let X denote a set of all the observed variables and Z a set of the hidden variables in a
Bayesian network. Then, the observed log-likelihood can be lower bounded as follows

log p(X, Z|®) > F(Q,09)

where

F(0.0) = - fz 0(2)log Q(Z)dZ + fz 0(2)1og p(X. ZIO)IZ (A3)

for some distribution Q and the free model parameters ©.

Proof. The proof follows from the Jensen’s inequality and the concavity of the log function.

log p(X|®) = log %P(K Z10)dZ

p(X, Z|O)
log 2L,
f 0210 "% 2%z

- fz (D) 1og A(D)dZ + L 0(2)log p(X, Z|®)dZ
7(0.0)

\%

O

Starting from an initial estimate of the parameters, @y, the EM algorithm alternates between maximizing
the lower bound ¥ with respect to Q (E-step) and @ (M-step), respectively, holding the other fixed. The
following lemma shows that maximization the lower bound with respect to the distribution Q in the
E-step makes the bound exact, so that the M-step is guranteed to increase the observed log-likelihood
with respect to the parameters.

Lemma 2. Let 7(Q, ©) denote a lower bound on the observed log-likelihood of the form in (A3), then

Q" = p(ZIX,0) = argmax¥ (Q, O)
o
and ¥ (Q*, 0) = log p(X|0).
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Proof. The lower bound on the observed log-likelihood is

F(0,0)

- fz 0(2)log QA Z2)dZ + fz 0(2)log p(X, Z1O)IZ

02) f p(X,Z|19)
— loge———d loge ————=d
fz ADlog T5 §d< ) QDo (75764
log p(X|®@) — KL(Q || p(ZIX, ©))

Maximum is attained when the KL-divergence KL(Q || p(Z|X, ®)) is zero, which is uniquely achieved
for Q" = p(Z|X, ®) at which point the bound becomes an equality for log p(X|0). m]

However, in many cases, computation of the true posterior distribution, p(Z|X, ®) is intractable. To
overcome this problem, the distribution Q is restricted to a certain family of distributions. The optimal
distribution within this restricted class is then obtained by minimizing the KL-divergence to the true
posterior distribution. The approximating distribution is known as a variational distribution [29].

There are a number of ways in which the family of possible distributions can be restricted. One way
of restricting the approximating distributions is to use a parameteric distribution Q(Z|®) determined by
a set of parameters @, known as variational parameters. In the E-step, the lower bound then becomes
a function of variational parameters, and standard non-linear optimization methods can be employed to
obtain the optimal values of these parameters. Yet another way to restrict the family of approximationg
distributions is to assume a certain conditional independence structure over the hidden variables Z. For
example, one can assume a family of fully factorized distributions of the following form

0=]]at (A4)

This fully factorized assumption is often known as a mean field approximation in statistical mechan-
ics. The following lemma derieves the expression for optimal variational distribution subject to a full
factorization assumption.

Lemma 3. Let Q = {Q} be a family of factorized distributions of the form in (A4). Then the optimal
Jactorized distribution corresponding to the tightest lower bound is given by,

o= l—[ g} (z;) = argmax¥ (Q, ) suchthat g} (z;) « exp (E_;[log p(X, Z|0)])
i 0@

where IE_;[log p(X, Z|®)] denotes a conditional expectation conditioned on z;.

Proof. Using lemma 2, the optimal distribution Q € Q is given by

o = argncl)in KL(Q || p(ZIX, 9))

KL(Q || p(ZIX, 9))

where the KL-divergence can be expressed as
log p(ZIX, O [ | 4j(z)dZ-i p dz

Zféh(z,')logt]i(zz')dzi—fqz'(zz'){f
— Jz 4 Z j#i

> f 4j(z))logq;(z))dz; + f qi(zi) log po (E_i[lggzzx ZIG)))]dZi

J#i

The second term in the above expression is a KL-divergence. Keeping {g(z;)} fixed, the optimum with
respect to g;(z;) is attained when KL-divergence is zero, i.e. g} (z;) « exp (E_;[log p(X, Z|®)]). O
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The above lemma shows that the optimal variational distribution subject to the factorization constraint
is given by a set of consistency conditions over different factors of the hidden variables. These coupled
equations are known as mean field equations and can be satisfied iteratively. Convergence is guaranteed
because the bound 7 is convex with respect to each of the factors [42].

B MFA for Bayesian Affinity Estimation

This appendix illustrates the derivation of a MFA based expectation maximization algorithm for param-
eter estimation of a Latent Dirichlet Attribute Aware Bayesian Affinity Estimation framework (LD-AA-
BAE). The techniques introduced in this appendix are also used for derieving updates for rest of the
models in the paper and the same analysis can be easily extended. For the purpose of exposition, we
however, concentrate only on the LD-AA-BAE model.

The joint distribution over all observable and latent variables for the LD-AA-BAE model is given
by:

P, X1, X2, Z1, Zo, w1, molay, @2, 01,02, B) =

pimlan)p@mles) | [ | pimlrps, (xlmwlzlm)J (]—[ P2l py, (xznwm,,)] []_[ Puy (ymnlﬂllmZZmen>]

(BI)
The approximate variational distribution Q over the hidden variables is

O(Yunobs» L1, L2, 1, 72) = q(mw1ly1)q(myy2) l_[ G mnldmn) (l—[ Q(zlmlrlm)J (l_l C](Zznlrzn)]

m,n m
Ymn€Y unobs

(B2)
The updates for factors corresponding to the optimal variational distribution is obtained using lemma 3.
E-step Update for g*(y,|¢mn): Collecting terms containing the affinities y,,, in the conditional expec-
tation of the complete log-likelihood, we obtain

K,L
q*(ymn) o< po(Ymn) exp[ Z rlmk’?nl()’mnaﬂzlxmn)J

K,L=1

which shows that variational distribution for the missing affinities is an exponential family distribution
having the same form as the one assumed for the affinities with the natural parameter given by:

KL

Gmn = Z T1mk"2nl (ﬂz]xmn) (B3)

k=1

E-step Updates for ¢*(m1|y1) and g*(my2): Conditional expectation with respect to the mixing coeffi-
cients 7 yields,

K M
g*(m) o exp (Z (Q/lk + Z rlmk} log ﬂlk]

k=1 m=1

K
l_[ (ﬂlk)(alwz,}‘::] Flmk)
k=1
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Easy to see that, the optimal variational distribution g*(sly;) is a Dirichlet distribution over a K-
simplex with parameters given by:

M
Yik = @ik + Z imk (B4)

m=1

Similarly, g*(m2ly,) is a Dirichlet distribution over a L-simplex with parameters:

N
Yo = ay + Z onl (B5)

n=1

E-step Updates for g(z,,|71,») and g(z2,|72,): Conditional expectation with respect to discrete cluster
assignment variable zj,,,; for the cluster k results in the following update:

q" Zimk = 1) = rik o exp|log py, (X11010) + P(yi) =¥

K
Z)’w]+

k=1

N L
Z Z nl (Wmn log pwy(ymnlﬂ]tlxmn) +(1 - Wmn)Eq [10g pl,Dy(ymnIﬁ]demn)])] (B6)
n=1 I=1

The first term is the log-likelihood of the entity attributes, the second term is the expectation of log 7y
with respect to the variational Dirichlet distribution while the last term involves the log-likelihood of
all the affinities associated with the entity e,. The known log-likelihood is used if the affinity is
observed (wy,, = 0), while the log-likelihood for the missing affinities is replaced by the corresponding
expecations under the variational distribution ¢*(V;;|émn). Analogously, the update equation for the
cluster assignment variable g*(z2,; = 1) is given by:

g (Zon = 1) = rap < exp|log py, (x2,1627) + P(y2) =¥

L
Z 7’21’] +

=1

M K
Z Z 'mk (Wmn log pwy(ymnwzlxmn) +( - Wmn)Eq [IOg pwy@mnwzlxmn)])} (B7)
m=1 k=1

M-step Updates for 6, and 0,;: Taking expectation of the complete log-likelihood with respect to the
variational distribution, we obtain the following expression for the lower bound ¥ as a function of the
entity attributes parameters:

M K N L
F(O1,0) = > > rim10g py, (X1mlb1i) + D > 12108 Py (x241601)

m=1 k=1 n=1I=1

Taking partial derivatives with respect to 61 and 8;, we obtain the following updates:

(2 e
O = WII(W (BS)
m=1"1mk
ZN— niX2n
-1 -1
021 = Vl//2 nN— (B9)
n=1"2nl
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M-step Updates for f;;: Collecting terms containing the GLM coefficients in the lower bound, we
obtain:

M N
?(Bk}) = Z Z Yimk2nl (Wmnymn +(1 - Wmn)v'vl’y@smn)) ,ﬂTxmn> lﬁy (ﬂ xmn)]

m=1 n=1

As earlier, the missing affinities are replaced by corresponding expected values under the variational
exponential family distribution. The lower bound can be maximized using a gradient ascent method.
The expressions for the gradient and the gradient-ascent updates are obtained as follows:

M N
V?d(ﬂkl) Z Z 'imk2nl [(Wmnymn +(1 - Wmn)V$y(¢mn)) Viy (ﬂ xmn)] Xmn (B10)

m=1 n=1

o= B+ nVF (By) (B11)

where 77 is the step-size for the update.
M-step Updates for a; and @,: The expression for the lower bound as a function of the Dirichlet
parameters a; is:

F(ay) =log ——— My o) + ZK: {a’lk + i Fimk — L[| ¥ri) —
Hk Tlaw) = m=1

K
¥ Z 711«]}
=1

Taking derivative with respect to ay yield:

OF X S
o = ‘I’[Z alk] — (o) + ‘P[Z ’}’lkJ =Yy

k=1 k=1

Note that the update for ayx depends on {ax, [k’ K k' # k), so a closed form solution cannot be
obtained. Following [22], Newton-Raphson’s method can then be used to update the parameters. The
Hessian H is given by

PF (N ,

Hkk) = — =W au|-¥w
daryy k=1

PF S
Hkk) = — =¥ kK #k
k) = o L; an| K #k
The update can then be obtained as follows:

ot = o+ nH'V(ay) (B12)

The step-size 1 can be adapted to satisfy the positivity constraint for the Dirichlet parameters. Similar
method is followed for update of a;.

52



C Variational Kalman Filtering

This appendix derieves a Kalman filtering based method for updating the variational distributions over
the time varying latent variables for Bayesian Affinity Estimation with Temporal Dynamics. The state
space model for these latent variables is formulated as follows:

2
aidai—1 ~ N(aydaye—1,070)

2
aylaz 1~ N(azgglaz1,051)

2
BrilBrii—1 ~  NBritlBri -1, w0 1)

To facilitate the use of Kalman filtering in updating the linear state space model, the variational param-
eters for the time varying latent variables are assumed to be Gaussian observations of the filter:

d’l,tla’l,t ~ N(CYI t|a’1 Y al ;I)
Qaglazy ~ N(@oazy,V a2 )
BB ~ NBuwdBus V5, D)

We follow the analysis in [9] for updating the dynamic variational parameters using Kalman filtering.
Calculation of /71, ;, Va1 t> May 15 Va2 15 By 15 Vﬁk,t

The smoothed estimators 7y, ;, Va] FRIIR Va2 Mg, and Vﬁw are derived by the standard Kalman
backward recursion.

62
1 ~
a,t—l+ l-— ma,t—l
alt+62) ‘ ( Va,,t+6%) ‘

52
My t— My, -1 +|1 — —————
@, t—1 ( azr +62) @s,t—1 ( Va2t —|—62) a/zt 1

w2
Vari-t = Va1 + (Valvf_l—ﬁ-lé)‘%)z( ot = Vay -1 +6 ))
Vaz,t—l = Va1 + (%Vtaj—lt:(sg)z( wmt — V-1 +52))

with initial conditions /m_r = m_r and V.’T = V_r. The values of m_r and V_ 7 are computed by the
standard forward Kalman Filter equations as follows.

Calculation Of mm’t, VLK[,[’ ma/z’t, de,f’ mﬁkl’t, Vﬁkl»t

My, 15 Vot Mas ts Vao i Mgyt» Vg, are computed and stored for every time step ¢ using forward Kalman
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Filter updates. The Kalman recursion formulas are then given as follows:

~2 52
My, = Yoz Mo, -1 +] 1 Yoz & (C1)
at = Y a,i- e we wl A3 W
V-1 + 067 + Vot Voo + 067+ Vo
~2 82
v v
.t .t ~
Mayr = v 52 1 92 ]maz,l—l + [1 - m]az,z (C2)
ma-1 103+ Ve, a0y Vo,
D 82
% %
Brist Brist N
Mgyt —— |mp-1 H|1 - —— | B (C3)
2.2 2. 2
VBui-1 + w* + Vet Vs + w0 + Vot

Similarly the update for the variances is obtained by the following forward Kalman filtering equations:

82
)4
1% = @t Vi1 + 62 (C4)
ot Vm,t—l + 6% + f/?n,t ( o l)
82
Vaps = foat )(Vaz,t_l +62) (C5)
Vaz,l—l + 62 + V(Zz,f

82
Vﬁkl,t

Vﬁk,,t (Vﬁkhf—l + 6()2) (C6)

2 4 52
V,Bkht—l + w” + Vﬁkht

with initial conditions specified by fixed m_o and V_o. Here we notice that these equations contain the
variational observations, &1, &2, Bk 17(22 e f/izl and f’éu,t' These are computed by maximizing the lower
bound on the observed log-likelihood.

Calculation of Variational Observations: First, we introduce the standard backward recursions for

O, 1]0Q1 5, Ofitg, /02 5, and iy, 1/ OB, s-

it - 67 ) O, .- 62\ om
Aal,t 1 _ ( 1 2) Aal,t 1 + (1 _ 1 . A ap,t (C7)
ay,s Va/l,[ + 51 al,s Val’t + 61 a1,

ity s 65 ) Oy, 6 ) om
Aa/z,t 1 _ ( 2 2) Aozz,t 1 4 (1 _ 2 : A ay,t (C8)
a’z,s Vaz,l + 62 aZ,s Vaz,t + (52 aZ,S

aﬁlﬁu,l—l _ ( w? ) amﬁkhl—l + (1 _ w? ) amﬁkl,t (C9)

- ol 5|
Br,s Vi + w Bris Vet + 07 Bias

with initial conditions aﬁ’lal,r/&'l,s = amm,f/&l,s, (91’7102]/&2,& = am%’]‘/d’z,s and aﬁ’lﬁkhr/ﬁkl,s = amﬁk],r/ﬁkl,s.
Also, Omg, 1/@1,5,0my, 1/02,s and Omg,, 7 /B, s are derived by the following backward recursions.

82 82
amal,t _ Vait amm,t—l 11 Vait (C10)
N - 2 D N - 2 ~D S,
0d Vears-1 +07 + 92, 0y 4 Vara + 67+ V7,
82 82
amaz,t _ V(IQ,I amaz,l—l + 1 _ V(lz,t (Cl 1)
5 - 2, 2 A 2 . a2 |9st
0ay ¢ Varim1 + 65+ 75 ) 0o Veora + 65+ V5,
82 82
amﬁkz,l _ VBut amﬁk!s[_l +l1- VBut s (C12)
= = Y = > 2 st
Pri,s V-1 + w” + VBt OBk V. + w” + VBut
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with initial conditions dmy, o/a@1s = 0,0mge,0/@2s = 0 and dmg, 1 /ﬁkl,s = 0 where ¢, denotes
Kronecker delta. Similar backward recursions can be formulated for 9, /0V1 s, Ofitg, :/0V2 5, and
Omg,, +/0Vi,s. The recursive equations can be satisfied iteratively to obtain estimates of the conditional
means and variances 7y, s, V(,M,m(,2 ts VOZ2 1> By 15 Vlgk]t of the Gaussian variational parameters. The
update equations for the remaining static variational parameters is expressed in terms of these Gaus-
sian parameters. Hence, following update of these parameters using the Kalman filtering technique
described above, the updates for the rest of the parameters can be obtained using lemma 3.

D Updates for Special Distributions

The following tables give updates for some special cases, often encountered in real affinity estimation
applications. For entity attributes, the updates can be obtained by plugging in the suitable inverse
cummulant functions for the updates of the corresponding natural parameters 61y, 6, of the family.
Similarly, suitable GLM regression and the required expected values of the missing affinities is given in
table 2.

Table 1: Important special case distributions for entity attributes
Distribution () Vi(6) vy (5
Bernoulli log(1 +exp(®) | (1+exp@®) | log()
Binomial | Nlog(l +exp(®) | N(1+exp®)™" | log(55)

Poisson exp(d) — 1 exp(6) logt
Gaussian % 4 t
Gamma —log(-6) é %

Table 2: Important special case distributions for affinities
Distribution B, Update E[m]
Gaussian Weighted least squares (Zf‘,ﬁl rlmkrz,l,ﬁzlxmn)

Bernoulli Newton Raphson’s method (1 + exp (Zfﬁ | rlmern,ﬂanm)y

Poisson Newton Raphson’s method exp (Zf}i | rlmkrzn,ﬁ,t,xmn)

B
Binomial Newton Raphson’s method | N’ (1 + exp (Zf}i1 rlmernlﬂ/t/xmn))
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E Latent Variables based Bayesian Affinity Estimation

A taxonomy on some of the related work for Bayesian affinity estimation involving latent variables can

be described as follows.

Latent Variables based BAE

Continuous Latent .
Variahl Dizcrete
ariables .
Latent Variables

L / \\
1. PDLF SMMB

1. SCO0AL

Factorization PMF

BCTF 1. Variational Te;“\"g‘;“'
3. MOMC !

Tensor Bavesian

1. Spatio-Temporal PNIF
2. SoRec: Social Recomm,

Network Entity Temporal Observation
Structures Artributes Dynamics Sensitivity
Side

Information

Figure 8: Latent Variables based Bayesian Affinity Estimation
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