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Abstract

We consider the problem for whichK di erent types of data are collected to characterize
an associated inference task, with this performed foM distinct tasks. It is assumed that
the parameters associated with the model for data type (modéty) k may be represented
in the form of a mixture model, with the M tasks representingM draws from the mixture.
We wish to simultaneously infer mixture models across alK modality types, using data
from all M tasks. Considering tasksm; and m,, we wish to impose the belief that if the
data associated with modality k are drawn from the same mixture component (implying
a similarity between tasks m; and my), then it is more probable that the associated data
from modality j 6 k will also be drawn from the same component. On the other handit
is anticipated that there may be \random e ects" that manife st idiosyncratic behavior for
a subset of the modalities, even when similarity exists betwen the other modalities. The
model employed utilizes a hierarchical Bayesian formalismbased on the local partition
process. Inference is examined using both Markov chain Moet Carlo (MCMC) sampling
and variational Bayesian (VB) analysis. The method is illustrated rst with simulated data
and then with data from two real applications. Concerning the latter, we consider analysis
of gene-expression data and the sorting of annotated images

Keywords:  Clustering, Nonparametric Bayesian, Hierarchical Model,Multi-Task Learn-
ing, Dirichlet Process, Blocked Gibbs Sampling, CollapsedGibbs Sampling, Variational
Bayesian, Mixture Model, Hidden Cause, Random E ect, Spare Factor Analysis, Data
Fusion.

1. Introduction

Traditional methods of information retrieval, clustering or classi cation are typically based
on one class of data. However, with the development of modermultimedia, a given item



may have joint representation in terms of words, images, aum, video, and other forms.
It is of interest to develop techniques that process these ¢&n disparate types of data
simultaneously, to infer inter-relationships between di erent information sources. While
this framework is of interest in the modern world of ubiquitous multi-media information
sources, it is also of general interest in multi-modality sesing. For example, in medicine
one typically employs di erent tests and measurements to dagnose and treat an illness.
The joint integration of these disparate data is of interest as is the desire to examine
the relationship between the multi-modality data from a given patient and a database of
previous related data from other patients.

In the above examples the multi-modality data are observabé. There are also problems
that may be posed in terms of multiple latent modalities, or factors. An important example
of this is Bayesian factor analysis (Carvalho et al.; Pournaa and Wernish, 2007; Fokoue,
2004; Knowles and Ghahramani, 2007), and in this case the derent \modalities" corre-
spond to the latent factors. We again want to perform clusteling of factors across multiple
(e:g: gene-expression) samples, but wish to do so in a exible marer, as detailed further
below.

A variety of methods from Bayesian statistics have been appéd to multi-modality learn-
ing (Taskar et al., 2001; Jeon et al., 2003; Brochu et al., 208 Barnard et al., 2003; Blei
and Jordan, 2003; Wood et al., 2006; Airoldi et al., 2008; Kem et al., 2004, 2006; Xu
et al., 2006), with a focus on inferring the associations amug the di erent types of data. In
(Taskar et al., 2001; Jeon et al., 2003; Brochu et al., 2003}the relational data are considered
as data pairs, and a generative model mixes the distinct datalistributions in the relational
feature space, to capture the probabilistic hidden causesAuthors (Barnard et al., 2003;
Blei and Jordan, 2003) have also extended the simple mixturanodels in (Taskar et al.,
2001; Brochu et al., 2003) by using the latent Dirichlet allocation (LDA) model (Blei et al.,
2003) to allow the latent causes to be allocated repeatedly ithin a given annotated im-
age. The Indian bu et process (IBP) prior (Gri ths and Ghahr amani, 2005) has been used
(Wood et al., 2006) to structure learning with in nite hidde n causes. Recent extension of
the latent stochastic blockmodel (Wang and Wong, 1987) appkd mixture modeling based
on a Dirichlet process prior for relational data, where eachobject belongs to a cluster and
the relationships between objects are governed by the corsponding pair of clusters (Kemp
et al., 2004, 2006; Xu et al., 2006). However, a limitation ofsuch a model is that each ob-
ject can only belong to one cluster. Since many relational dia sets are multi-faceted {.e.
proteins or social actors), researchers (Airoldi et al., 208) have relaxed the assumption of
single-latent-role for actors, and developed a mixed membship model for relational data.
The objective of integrating data from multiple modalities or \views" has also motivated
non-Bayesian approaches. For example, the problem of intest here is also related to pre-
vious \multi-view" studies (Livescu et al., 2008), in which a given item is viewed from two
or more distinct perspectives.

In this paper we considerK modalities associated with each \task"; a total of M tasks
are considered. It is assumed that the data associated withach of the tasks represent
draws from a mixture model. We wish to impose the belief that f data from modality k in
tasks m; and m, are drawn from the same mixture, it is more probable that moddity | 6 k
will also be drawn from a shared mixture model. This extends pevious multi-task learning
algorithms based upon the Dirichlet process (DP) (Xue et al, 2007), in which if sharing
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existed between tasksm; and m,, then all model components across these two tasks were
shared in the same way (termed here \global" sharing). At the other extreme, one may
employ an independent DP to each of theK modalities, and in this case sharing, when it
occurs, is only enforced \locally" within a given modality. The goal of mixing global and
local sharing motivated the matrix stick-breaking process(MSBP) (Dunson et al., 2008).
While the MSBP has proven successful in applications (Dunso et al., 2008), it leads to
substantial computational di culties as number of tasks an d modalities increases, and is
lack of interpretability.

This limitation of MSBP motivated development of the local p artition process (LPP)
prior for characterizing the joint distribution of multipl e model parameters, with this per-
formed within a Bayesian hierarchical model (Dunson). An LPP is constructed through
a locally-weighted mixture of global and local clusterings of which each clustering can be
accomplished by a DP; therefore, it allows dependent local lostering and borrowing of
information among di erent modalities (with respective mo del parameters). The original
LPP model assumed that all data in a task are drawn from a singt distribution. We are
here interested in the case for which the data from a given tds are assumed to be drawn
from a mixture model; this motivates extending the original LPP by replacing the DP-
type local and global components with hierarchical Dirichlet process (HDP) (Teh et al.,
2006) construction; this new model is referred to as HLPP. A Bce sampling (Walker, 2007)
inference engine was developed for the original LPP model ifDunson). However, such
an MCMC inference algorithm converges slowly, especiallydr a large number of tasks.
Therefore, additional contributions of this paper include development of a combination of
collapsed (MacEachern, 1998) and blocked (Ishwaran and Jaes, 2001) Gibbs sampling; we
also develop a variational Bayesian (VB) (Beal, 2003) infeence formulation for the HLPP
model.

We demonstrate the proposed model by rst using simulated da&a, followed by consid-
eration of data from two real applications, i.e. gene-expression analysis and the analysis of
annotated images. For the gene-expression analysis appditon, the HLPP prior is applied
to a sparse factor analysis model (Carvalho et al.; Pournaraand Wernish, 2007; Fokoue,
2004; Knowles and Ghahramani, 2007) to select the importanfactors and genes related to a
disease; for the annotated-image application, the HLPP moél is specialized to two modal-
ities (image and text features,i.e. K = 2), with the goal of organizing/sorting multiple
image-annotation pairs.

The remainder of the paper is organized as follows. In Sectip2 we review the basic
LPP model, and in Section 3 we extend this to an HLPP formulation. Section 4 develops
the MCMC-based sampling scheme, as well as the VB inferencerfmulation. A simulation
example is presented in Section 5. The gene analysis and ima@nnotation applications are
discussed in Section 6 and 7, respectively. Section 8 condes the paper.

2. Local Partition Process

Assume M tasks for which we wish to infer models, and each task is chacderized by K

di erent feature types (\modalities"). Our goal is to jointly design mixture models for each
of the K modalities, with the data in the M tasks representingM draws from the composite
mixture model. We seek to learn models for allK modalities simultaneously, allowing
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information from one modality to in uence the mixture model for the other modalities. In
the discussion that follows, for simplicity we assume the dea from each of the K modalities
are observable. In one of the real examples considered belgannotated images) the features
are observable, while in the other example the \modalities" correspond to di erent sparse
factors in a factor model (Carvalho et al.; Pournara and Werrish, 2007; Fokoue, 2004), and
therefore the modalities are latent.

The data for task m 2 f 1; 2; iMgareX n, = fxl(lin)g:;"i;;tzl , whereL, represents the

number of samples in taskm, and xl(l?”) represents thelth sample in task m associated with
modality k. It is assumed that when measuring thelth sample, data from all K modalities
are acquired simultaneously; this is generalized when coitgering the text-image example
in Section 7.4. Letxl(lz") fe( |(Iin)),forkzl;z; ‘K:m=1;2, M:1=1:2 :Lp;
wheref () is the likelihood for the kth modality, and |(|Ln) represents the associated model
parameters for the mth task, kth modality, and Ith sample. We initially assume the same
parameter (km) for all samplesl, with this generalized in Section 3.

At one extreme, within the prior the parameters associated vith the di erent modalities
may be drawn independently, using independent DP priors foreach modality:

™ G Gk DP(HW): k=1;2 K; m=1;2 M (1)

This formulation does not impose (within the prior) statist ical correlation between the
modalities. As another extreme, one may consider a shared DPBrior across all modalities:

K
(M G; G DP( o Hy);, m=1;2 ;M 2)
k=1

where (™ represents thekth set of parameters associated with (™, and Hj denotes
the base measure for thekth modality. The clustering properties being imposed via the
priors in (1) and (2) may be understood by recalling that a draw G DP(;H ) may
be constructed asG = J-1:1 Vi, with v = fy gjlzl denoting the probability weights
sampled from a stick-breaking process with parameter , and , denoting a probability
measure concentrated at ; (Muliere and Tardella, 1998), with the ; drawn i.i.d. from
H ; for notational convenience, we denote the draw ol asv  Stick( ). Hence, in (1) the
clustering is imposed \locally" (independently) for each o the K modalities, while in (2)
the clustering is imposed \globally" (simultaneously) across allK modalities. The \global"
clustering shown in (2) is similar to the methods developedn (Taskar et al., 2001; Jeon
et al., 2003; Brochu et al., 2003; Barnard et al., 2003; Blei ad Jordan, 2003; Wood et al.,
2006); the disadvantage of such an approach is that global siting doesn't account for
random e ects (for example) that may yield localized di ere nces in some of the modalities.
On the other hand, purely local sharing does not account for gpected statistical correlations
between theK modalities within a given task. We seek to impose the beliefhiat if tasks m;
and m; for modality k; are characterized by the same model parameters,, then it is more
likely that tasks mj and m; for modality k, will share the same parameter ,,; however,
the model should also allow random e ects, in which some of tk modalities from tasksm
and m, have distinct model parameters, despite the fact that many & the K modalities
share parameters (in other words, within the prior we allow partial sharing of parameters
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across theK modalities). We also desire that (1) and (2) are di erent limiting cases of our
model.

To obtain a prior that addresses such a goal, (Petrone et al.2008) proposed a hybrid
functional DP that allows local allocation to clusters through a latent Gaussian process.
Although the formulation is exible, the use of a latent proc ess to allow random e ects
in a subset of the modalities presents di culties in the inference procedure. To avoid the
complication of a latent Gaussian process, (Dunson) propa a simpler model constructed
through a weighted mixture of global and local clusterings ¢ecall that \global" clustering
occurs when allKk modalities share parameters between tasks, and \local" clstering corre-
sponds to independent clustering within a particular modalty). The local partition process
(LPP) is represented as

>(<|(|£“) B M) 121320 sLm; k=12 5K; m=1;2 M
(M) _ (M) o _(m) _
= # if z =0
R S
K K ifz. 7 =1
Zﬁm) kot+t(1 k) 1, k=1;2 K; m=1;2 ;M
k Beta(l; «); k=1;2 K
#M™M G m=1:2 M

¥
G DP( o; Hy
k=1
Gk DP( k;Hk); k=1;2, ;K ()
where#(M = f#{™ gk . 2™ = i denotes the class of clustering associated with modality

k in task m (i = 0 corresponds to global clustering andi = 1 to local clustering); ¢
and 1 ¢ respectively denote the probabilities of global and local usterings for modality
k. Additionally, one may place gamma priors on the parameters = f k°9'k<f&o and =
f kg'lle. We typically favor | near zero such that  is likely to be near one, implying
that most of the modalities are clustered in the same manner eross theM tasks. However,
with (relatively small) probability  , the kth modality will be clustered in an idiosyncratic
manner, constituting \random e ects". To simplify notatio n below, we henceforth represent
the 2nd to 6th lines in (3) as (km) LPP( ;G;kagEﬂ) for k =1;2; ;K and m =
12 M.
In the limit !'1 , we have ¢ =0, zl((m) =1and fxl(F)glL:”i are generated through

local (independent) clustering fork =1;2; ;K '; in this case, we obtain (1). In the limit

k! 0, we have y =1, zl((m) =0 and fxl(fq)gl';“i are generated via global clustering; in
this case, we obtain (2). For the general case & < 1 and hence 0< ¢ < 1, the
global clustering and local clusterings are combined by themixing weight y and 1 ¢
fork=1;2; ;K. This model allows a greater degree of exibility than the matrix stick-
breaking process (MSBP) (Dunson et al., 2008), which was d&loped with the same basic
goals (the MSBP model may achieve (1) as a limiting case, but at (2)).
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Dunson proved the following clustering properties of the LAP model (Dunson):

(ma) _ (m2) 1 1 2

PrC i, )= 1 2+ T Iv " #
2 2 2

() = (m2), (M) _ - (ma)y 1 1 2 4

Pk ki v ko )= 1¥ 2+ e Tae g @
Consequently, LPP has the properties:

i) Pr( h(m1> (m2)j (M0 = My py (M) = (M) for aII ki 6 ko and m; 6 m,.
iy Pr Pr( f(Tl) = (mZ)J f(’:l) f(’;”Z)) Pr( (le) = (mZ)) 2S >", for any Borel

subsetS [0;1], ki 6 ky, m; 6 my, and for some" > 0.

Inthe limit (!'1 fork=1;2; ; K, equality is achieved in Property i); while in the

limit ! Ofork=1;2 ;K,Pr( (™= ("] (™) = (M))=1 Therefore, when

0< k< 1,ifdata fxl(linl)g| 7t and fx(mZ)g| "% are contained within the same cluster, it

is more probable thatfx(ml)g| t and fx(mZ)g| "2 will be in the same cluster. Property ii)

implies that any degree of positive dependence in local clasring is supported by the LPP
prior.

3. Integration of HDP and LPP

The LPP assumes all data in a task are drawn from a model with tle same parameters,

ie. x™ £ (Myfor1=1;2 ;L™. We now wish to extend this to a mixture

model for |(|£n) To employ the LPP global and local clustering, with extension to a mixture

model, we may substitute the DP-type local and global compornts of the original LPP
with hierarchical Dirichlet processes (HDP) (Teh et al., 2006).

To construct an HDP, a probability measure Go DP( ;H ) is rst drawn to de ne
the base measure for each task, and then the measure assoedtwith the mth task is
G(m DP( ;G g); the parameters associated with the data in taskm are drawn i.i.d.
from G(M), therefore manifesting a mixture model within the task. Beause Gy is drawn
from a DP, it is almost surely composed of a discrete set of atos, and these atoms are
shared across theM tasks, with di erent mixture weights (Teh et al., 2006). The HDP
model is denoted as HDP(, ;H ).

The hierarchical LPP (HLPP) is expressed as

xie) fCiD: K PP GGl );
1=1;2; Lm; k=1;20 ;K; m=1;2, ;M
G HDP( «; kiHk): k=1;2 ;K; m=1;2 ;M

Y
G™ HDP( o; i Hy); m=1;2 ;M (5)
k=1
The global set of atoms are shared across the tasks witb‘((m) =0for k=1;2; 1K, with

the similarity in the global clustering controlled by the gl obal task-speci ¢ atom weights;
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the local set of atoms are shared across the tasks Withl((m) = 1 for modality k, with the
similarity in the local clustering controlled by the local t ask-speci ¢ atom weights.
Inthe limit !1 , we have ¢ =0, zﬁm) =1fork=1;2; K, yielding

(M g™: 1=1;2, ;Lm; k=1;2, ;K; m=1;2 ;M
G HDP( «; Hk) k=1;2, ;K; m=1;2; ;M (6)
In this case the tasks are clustered locally (HDP is appliedndependently across the di erent
modalities). In the limit ! 0, we have =1, zﬁm) =0for k=1;2; ;K, yielding
M GM; 1=1;2 Lm; m=1;2, ;M
¥
G™  HDP( o; o; Hy) m=1;2 ;M 7)
k=1

where (™ = f (™gK_ . In this case all of the tasks are clustered globally (the HDP
clustering is performed simultaneously across allK modalities). For the general case (<
k< 1,0< < 1, similar to the original LPP model, the global clustering and local
clusterings are combined by the mixing weight and 1 ¢ fork=1;2; ;K.
We obtain similar clustering properties to those of the LPP model:
) Pr( (W = () D= My p (M = 2y for all ky 6 ko, my 6
my, |, 2112 ;L(lml)g, l, 212 ;L(lmZ)g, I3 2f1;2 ;L(zml)g and I, 2
f1,2, ;L{"g

i
I1ky ki ) lsk2 = lakz Lk = Lk,) 2S >", for any Borel
subsetS  [0;1], k186 kz, m16 my, 13212 ;L(lml)g, I, 2f1;2; ;Lgmz)g,
13212 ;L8"g 1,2f152  ;L{"?g, and for some" > 0.

h
”) Pr Pr( (mq) — (m2): (m1) _ (mz)) Pr( (m1) _  (m2)

The proofs are presented in Appendices A and B.

4. Posterior Computation
4.1 Stick-Breaking Construction of Draw from HDP

Assume that we wish to draw parameter fm) from G(M, where G™  DP( ;G () and
Go DP(;H ). This may be represented via the stick-breaking construcion as

%

™ vi™ 121,20 iLm; m=1;2 M
i=1 '

viM  Stick( ); m=1;2 M

(m) R | .10 i1 — 1.0 .

( s =12 15 m=1;2, M
j=1

| Stick( )

i Hy =12 1 8)



Through the introduction of two indicator variables, the ex pression in (8) may now be
expressed as

fm)= (E“)); 1=1;2,  Lm; m=1;2, M
|
I(m) Mult(v™); 1=1;2 :Lm; m=1;2 M
viM  Stick( ); m=1;2 ;M
M Mult(t); g=1;2 ;1; m=1;2 M
| Stick( )
i H;, j=1,20 ;1 9)

In (9) the indicator ém) represents which atom in the setf J-gj1:1 is associated with the
gth stick in G(™), recognizing that the same atom may be used for multiple stiks. The

indicator fm) de nes which atom from G(™ the Ith sample in task m is drawn from. The

advantage of (9) is that consecutive components in the hienechy are in the conjugate-
exponential family, aiding inference. The inference in (Té et al., 2006) was performed
using a Chinese-franchise construction, rather than a stik-breaking framework; the latter

is useful for inference via the combination of collapsed (MeEachern, 1998) and blocked
(Ishwaran and James, 2001) Gibbs sampling and VB inferenceBeal, 2003).

The detailed HLPP model is

8
EXI(IT) () ) i =0

k©: " my)
0OI ,
2 ox) B M, ) itz =1
k(L m))
kl
l=1;2; iLm; k=12 K, m=1;2 M
2™ ko+(l Wy k=1;27 K; m=1;2; ;M
k Beta(l; ); k=1;2, ;K
& Muit(v®); 1=1;2  Lm; K°=0;1, K; m=1;2, M

v(kr(?) Stick( «o); k°=0:;1; K; m=1;2 M

&Tg) Mult(! yo); k°=0;1, K; m=1;2, ;M; g=1;2 ;1

o Stick( wo); k°=0:1; :K

wij) Hk 1=0;1 j=1;2 ;1; k=1;2 ;K (10)

wheref | 0;)g’-; andf ;)@ respectively represent the global and local set of atoms

for modality k; v(();“) is the jth component of the global task-speci c atom Weightsvg“)

and vl((;“) is the jth component of the local task-speci c atom weights vf(m). The tasks

that have similar global clustering will have similar vg“); while the tasks that have similar
local clustering for a given modality k will have similar v(km). While the model may appear
somewhat complicated, we note that the last ve lines in (10) correspond to repeated
application of the last ve lines of the HDP representation in (9); k = 0 corresponds to
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\global" HDP, and k = 1; ; K correspond to the independent \local* HDPs on the
respectiveK modalities. As before, the indicatorzl((m) de nes whether the atoms associated
with the kth modality in task m come from the \global" or \local" atoms.

For inference purposes, we truncate the number of sticks irG(™ and G(km) to T, and
the number of sticks in Gg and Gk to J (see the truncation properties of the stick-breaking
representation discussed in Muliere and Tardella, 1998); w imposeT J. Since =
f kogKosg = f ok, and = f oo, are key hyper-parameters controlling the
probability of global and local clusterings, we also place @mma hyper-priors on them to
allow the data to inform about their values, i.e. o Ga(a ;b), « Ga(a ;b ) and

kv Ga(a ;b).

To save space, we only present the Gibbs sampling procedurend VB update equations
for variables that are unique to the current analysis; the reader is referred to (Teh et al.,
2006) and (An et al., 2008) for related expressions employedithin the HDP model.

4.2 Combination of Collapsed and Blocked Gibbs Sampling

We follow Bayes' rule to derive the full conditional distrib ution for each random variable in
the posterior distribution

)= r PCXJ JpC | )

p( JX; (11)
p(X'j Jp( J )d
n
where = f )0 f! kog;fv(kT)g;f «g; Sgg)g;f ﬁgf)g;fz(m)g are hidden variables of
interest, X = fx(m)g are observed variables and = ff (og;f kg;f kog; g are hyper-

parameters ( denotes the hyper-parameters ofHy( ¢;j))).- The conditional posterior
computation proceeds through the following steps:

Sample K(ij ) fori=0;1; k=1;2 ;K andj =1;2 :J from

2 3
i ) (m). , .
P( ko) )/ Hk( k(O;J))E Fre (s k(O:J))z'

Y
(m)_o (m) _J
2 o 3
_ Y (m).
PC k)l )1 Hk( «ayy) feXu s kag)) (12)

(m)_ (m) ;
m;l:z, ' =1; (m) =j

Note that if no observation is assigned to a speci c cluster,then the parameters are
drawn from the prior distribution Hy( ;)). Also, if the prior is conjugate to the
likelihood then sampling is greatly simpli ed. However, non-conjugate priors can be
accommodated using rejection sampling or Metropolis-Hashgs steps.
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Sample! yq for k°=0;1, ;K andj=1;2 ;J by generating

p(' i )/
P P, P. P
Beta 1+ N_; goq 1( Iggng):j); o+ M T OTo g (m)

I 00 =1

and constructing ! yg = ! & th:11(1 1 0%.)-

Samplevi((?g) for K°=0:1; Ky g=1;2 :Tandm=1;2; ;M by generating

0 1
qm); Xe (m) Xm X (m)
P(Viog'] )/ Beta @1 + 1 = 9); Ko+ 1( g’ = A ;
=1 =1 h:h>g
g=1;2, ;T 1
vim =1 (14)
and constructing vgg‘; = vgorg) Q a vE.
Sample ¢ fork =1;2; ;K from
!
_ M m X
p( xkj )/ Beta 1+ 1(z," =0); «+ 1(z, 7 =1) (15)

m=1 m=1

Sampleﬁ%’forkozo;l; K;g=1;2, ;Tandm=1;2

;M from a multi-
nomial distribution with probabilities

. . Q
P( og M=) P( og (M = jjf égl)gg%g; 0) kizZ{mM=01: (:n)zgfk(xﬁin); k(©0;))
I+ goﬁg 1 (()m)_l) Q oo _a% g 1 (()gm°)>h) .
- Q1+ 0t 405 g 1( (gmo) iy hdoae +T 4% g 1( ((ngo) h) '

(m).
k2™ =0y =g T k)

| Q
Plig =i ) 1 Pl =iif (g 01Z™ =1)

:|E| )=g k( Ik k(l,j))
1+

gosgl( (m)_J) Q K+ 90591( (m) h)
- I+t g0 bl( o N 1+ gl g L ﬁm) h)
1(Z|(<m) =1) I ‘(dm):gfk(xm ; k(1,1))

(16)
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Sample |(£|]) for k=0;1, ;K;1=1;2 ;Lmandm =1;2, ;M from a
multinomial distribution with probabilities

, Q
o’ =d )/ g = ng R T kizlm= O:k(X(m), ko; {m))
14" 0 1({0=9 Q o+ 40@|1( I >h)

Lnd b
1+ ot 10100 @) M9 1k o+ g 1Y N

m).
k'Z(m)_O f|((X||( ’ k(O; (m)))

p(a"=d )/ p(yg= gi Wae; )1z ’—1)fk<x‘"", s ()
1+ 1({W=9 Q + 1({19>h)
_ + +'BO§I klo ) h<g +k +'-106I I(Om) (17)
= l( l; 101 1( k|(0)9) 1+ i 108 | (k|0 h)
m) _ m
1z = Dkl g})))
Samplezl((m) fork =1;2; K,andm=1;2; M from a Bernoulli distribution
with probabilities
QL
™ =0j ) 1 ™ =0if 7% gesk; k) I kO o o )
P m .
_ 1+ 'Eo%kl(zﬁoo):m Q., ™) oy
1+ 4+ on Lzlo 0 17 ' K(O; (m))
. Q
pE™ =1 ) 1 @M =1z g 0 T KT o )
K
1+PKO%k1(Zkoo—1) Kt '_ko(ékl(zf('go)>0) (18)
Q1L+ K+ ko%kl(zkoo) D1+ o+ ko%kl(z,((rgo) 0)
mfk(x|k 1 k(l ((m)))

In the above sampling procedure, we use collapsed Gibbs sating for the three indicator
variables o, |(£,]) and z(m) since the corresponding prior variabled o, v(kT) and can be

marginalized out. For example, if we use blocked Gibbs samjig, (16) should be

(m) Y (m). .
Plog =01 )/ Yo FeXi "> k@i)i
kiz{™=0;1: {M=g

(M= )1 g™ =1 P ki) (19)
I fdm)=g

In this general case, collapsed Gibbs sampling improves umoblocked Gibbs sampling by
marginalizing out the stick variables for the indicators, therefore dealing with them more
exactly. As discussed in (MacEachern, 1998), if «( ) is a multinomial distribution and its
prior is a Dirichlet distribution, we can further marginali ze out ;). However, here we
just consider the general case.

The full posterior p( jX ; ) can be constructed by collecting a su cient number of
samples after the above iteration stabilizes (Gilks and Spggelhalter, 1996). In our analysis
of the MCMC sampler, we have considered and con rmed the conergence tests as described
in (Geweke, 1992) and (Raftery and Lewis, 1992).
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4.3 Variational Bayesian (VB) Inference

Although MCMC typically yields accurate results (with suc ient samples) (Gilks and
Spiegelhalter, 1996), it often requires signi cant computtional resources and the conver-
gence of the algorithm is often di cult to diagnose. Variati onal Bayes (VB) inference (Beal,
2003) is an alternative method for approximating likelihoods and posteriors. Instead of di-
rectly estimating p( jX ; ), variational methods seek a distribution g( ) to approximate

the true posterior distribution p( jX ; ). Considering the log \marginal likelihood", i.e.

the integration in the denominator of (11)

logp(Xj )= L(a( )+ Dww (a( Ykp( iX; )) (20)
where Z . .
L )= g )logPEIIPLT )y (21)
«)
d
o z o« )

Dk (a( )kp( jX; )= q( )lOQW (22)

Since the Kullback-Leibler (KL) divergence between the appoximation q( ) and true pos-
terior p( jX; ) denoted by Dk, (q( )kp( jX ; ))is nonnegative, from (20) the approx-
imation of the true posterior p( jX ; ) using g( ) can be achieved by maximization of
L(q( )), which forms a strict lower bound on logp(X | ),

logp(X'j ) L (a( ) (23)

For computational convenience,q( ) is expressed in a factorized form, with the same func-
tional form as the priors p( j ) and each parameter is represented by its own conjugate
prior. For the HLPP model proposed in this paper, we assume

W)= 9 f el ©G TV gt (gt (et 5 gfz™g

3. ) "
¥ vy A A R A S
= 4 A kij))® q(! ko) (Vo) a( «)

k=1i=0 j=1 k=0 m=1 k=0 k=1

2 3 e #
v X ¥ m Yo ¥ m ) Y m

4 A( oy )2 Ad( ko) a(z, ) (24)
m=1 k0=0 g=1 k0=0 m=1 |=1 k=1 m=1

In the VB algorithm, the maximization of the lower bound in (2 1) is realized by taking
functional derivatives with respect to each term in (24), while xing the other q() distribu-
tions and setting @Q.(g)=@() = 0 (Beal, 2003). The update equations for the variational
posterior are listed as follows.

Update ) fori=0;1k=1;2; ;K andj=1;2 ;J according to
"Pw Pk g PT oy

- - z =0 _ =

loga( ko;))/ logHk( ko)) + PPt K oz ) 1oy =)

LAY = 9logfx s ki) |
o P ™= T o ("‘):J)#
loga( k@) / 10gHK( kaj))+ P ML KSRk g=1 ™ kg (25)
) : Ln o $" = 9log fr(x{y”;  kaj))
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If the prior is conjugate to the likelihood then we can easilyget the update equations.

Update ! K9 for k°=0;1; ;K andj =1;2;, ;J 1according to

2
o' %) = Beta(! f: i ~G)

Py, Pr ) P, P

G N L a @ =0T et M g e 95 = N)26)
Since! kg = ! 0 Qi l 11 1%,), updating of ! % is equivalent to updating the pos-
terior of ! yo.

Updatevﬁg‘g)forkozo;l; K;g=1;2 ;Tandm=1;2; ;M according to

q(vqm)) — Beta( qu) _(m1), (m 2))

kg
P P P
-l =1+ Al = 9) ~fg]g V= et g did =) @7)

Since v('g'g) = vgorg) Qg _ta vy, updating of v&™ is equivalent to updating the
(m)

posterior of vy, ”.
Update  fork=1;2; ; K according to
d( k) =Beta( «; “k1; ~kz);P
Ta=1+ o Mo dzM =0 Te= kt me oz =1) (28)

Update kB"g) for k°=0: 1 Kyg=1;2 'Tandm=1;2; ;M according to a
multinomial distribution with probabilities

q( om) _ J)/ exp p_1[ ( (2)) (~(1) (2) )] +[ (~(()j|-)) ( (1) (2))]

L™ =0) " 1 ol {7 = Dlogfx{™: vogy .
(2 (1) (2) (1) (1) (2)
™) ex ,5,1“ 2)) (~th N+l (D) (- 1
Cig = D1 e oo™ =1 o ™= gloghe ™y 22

where (A) = @@Alog (A) and ( ) represents the Gamma function.

Update |(£,]) for k°=0;1;, ;K;1=1;2 ;Lmandm=1;2 ;M according to
a multinomial distribution with probabilities

1[ ( (m; 2)) ( (m'l) (m 2))] 1

(=01 e +[P<~‘”‘ by (o s o) K

+ ko1 G2 km)_o) JJ1CI( om)_l)logfk(xm , k(O;j))l

h 1[ ( (m; 2)) (~f(m ;1) (m,2))]

o M=0)/ exp@ +_ (- oy (g (’“ 2] %(30)
P (m) _ J (m) _ (m). )
+ k:1 CI( o =1) j=1 CI( = j)logfe(Xy ' kag))
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Update ka) for k = 1,2 K, and m = 1;2; ;M according to a Bernoulli
distribution with probabilities
() Ca* el o0 |
q(z (m)_o)/ exp L’ “ (m) “ k(ﬁn) =1 gzl(m) ;
J =1 Q( 0g = J)q( o - g) |ngk(X|k ; k(O;j)) |
1+ o)+ bm o T '
q(ka) “1) / exp L( k2) (m( k1t k2l =1 g=1 (31)

721 A ig

Y= aC M = g)log Fx ™ k)

The local maximum of the lower bound L(q) is achieved by iteratively updating the
parameters of the variational distributions q( ) according to the above equations. Each
iteration guarantees to either increase the lower bound ordave it unchanged. We terminate

the algorithm when the change in L(q) is negligibly small.
substituting the updated q() and the prior distributions p( |

L(g) can be computed by
) into (21). To mitigate

sensitivity of VB to initialization considerations and loc al-optimal solutions, we typically

run the VB algorithm multiple times with di erent initializ
the maximum lower bound.
In the analysis considered here we perform VB inference

ations, and select the result with

on #original model, since

this was relatively e cient computationally. One may alter natively perform VB inference

on the collapsed model (MacEachern, 1998; Teh et al.,

20073s applied to the combination

of collapsed and blocked Gibbs sampling discussed in detadlbove.

5. Simulation Example

We rst consider simple synthesized data to illustrate the HLPP model, with the data set

shown in Figure 1. The data are generated W|thx(m)

M =4, L, =10, and

(

(. (M 1 "with K = 5,

M=r 2 2f; 1=1,2 ;5 m=1;2

M =2 2], 1=6;7, ;10; m=1;2;

M=2 21"; 1=1;2, ;5 m=3;4

M= 2 2I"; 1=6;7, ;10; m=3;4;

(M= 5 5; k=2;34; 1=1;2, ;5 =1;2;
(M =5 5", k=2;34;, 1=6;7, ;10 m=1;2;
(M =5 5T, k=2;34; 1=1;2, ;5 m=3;4
(M= 5 5T; k=2;34;, 1=6;7, ;10; m=3;4
M= 10 10; 1=1;2 ;10; m=1;3;

M =110 10"; 1=1;2, ;10; m=2;4;

|(|L“)= 065 0?5 , k=1;2, ;5 1=1;2, ;10 m=1;23 4

These data are constructed with the following motivations. From Figure 1 we note
that for each task modalities 1-4 are each characterized bywo mixture components, with
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modality 5 characterized by a single task-dependent cluste Note also that modalities 1-
4 have the same mixture construction in tasks 1 and 2, as well & (separately) the same
mixture construction in tasks 3 and 4. The task-dependent poperties of modality 5 are
distinct from those of modalities 1-4. Therefore, we anticpate that modalities 1-4 will
exhibit \global" clustering, with tasks 1 and 2 clustered together, and similarly tasks 3
and 4 clustered together. By contrast, modality 5 is expecte to exhibit distinct \local"
clustering, with tasks 1 and 3 clustered together, and tasks2 and 4 clustered together.
Global clustering across all ve modalities is clearly inagpropriate. However, one may in
principle cluster the data independently across tasks for ach of the ve modalities; this
has motivated the construction of the data in modality 1. Note that the di erences in the
mixture components for modality 1 are far more subtle than those associated with modalities
2-4. Below we demonstrate that when an independent HDP priolis used for task-dependent
clustering for each of the modalities, the subtleties assaated with modality 1 are missed.
By contrast, the HLPP captures the clear clusterings assocted with modalities 2-4, and
in so doing \pulls along” the same task clustering for modalty 1, thereby improving the
mixture model for modality 1. The HLPP also allows idiosyncratic \local" clustering for
modality 5.

Task 1 Task 2 Task 3 Task 4
—
> 10 10 10 10
s 0o @ of %@ of @° of &°
8 10 -10 10 10
N 10 0 10 10 0 10 -10 0 10 -10 0 10
>
e e 1. 8.
é 10 @ a0 @ |0 @ 0| @
. 10 0 10 -0 0 10 -10 0 10 -10 0 10
>
. ue e |9 e |8 e
é -10 @ 110 ® || © 10| @
S 10 0 10 -0 0 10 -10 0 10 -10 0 10
>
oo % e |9 e |8 e
123 -10 @ 110 @ |40 © 10| @
- 10 0 10 10 0 10 -10 0 10 -10 0 10
> 10 10 @] 10 10 5]
S0 0 0 0
g -0 ® -10 -10 | @ -10

10 0 10 10 0 10 -10 0 10 -10 0 10
X X X X

1 1 1 1

Figure 1. Synthetic data, wherexy and X, represent components of the vectoix .

The HLPP model is implemented for tr&s synthetic data set, with J =50 and T = 50.
The base distribution is specied asHy = ﬁzl IN( kn;fon;to kn) Ga( «kn;do;Son)] for
k=1;2 5, with ron = 0, tgp = 0:01, dg = 4, and sg, = 1. We place Gamma priors
Ga(10 6;10 ®)on and , Ga(10 6;1) on . These parameters were not tuned, and many
di erent settings yield comparable results. The MCMC algorithm described in Section 4.2
is used to obtain samples of posteriors under the HLPP. The rsults shown below are based
on 10,000 collection samples obtained after a burn-in perig of 5,000 iterations. Rapid
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Figure 2: Pairwise posterior probabilities of two data sampes being assigned to the same
cluster for the simulation example analyzed using the HLPP,independent HDP
and HDP models. (a) HLPP results; (b) independent HDP results; (c) \global"
HDP results.
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Figure 3: Posterior means and 95% credible intervals for themean parameters of each
modality in the simulation example. The red solid bar indicates the estimates
for the HLPP model, the blue shows those for the independent IBP model, the
green shows those for the HDP model, and the dark shows the trivalues of the
mean parameters. (a) the rst dimension of the data; (b) the second dimension
of the data.
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convergence has been observed in the diagnostic tests dabed in (Geweke, 1992) and
(Raftery and Lewis, 1992).

From the indicators fz{™ g% .., in the HLPP model, we observed that tasks 1-4
selected global clustering and task 5 selected local clusiag. Since the two clusters in
modality 1 are subtle, the good clustering performance of mdalities 2-4 helps modality 1
obtain the correct clustering, as indicated above. Figure Pa) plots the posterior probability
of two data samples being assigned to the same cluster sep&ely for each of the ve
modalities, as inferred via the HLPP model. It is apparent that the true clustering structure
is well represented by the HLPP model. For comparison, Figues 2(b) and 2(c) present the
corresponding results obtained by the independent HDP modie(special case with ¢ !'1 )
and global HDP model (special case with ! 0), respectively. The similarity matrix of
the independent HDP model is not correct for modality 1, impacting model performance as
discussed further below. Because of the idiosyncratic cltisring structure of modality 5, the
similarity matrix of the HDP model is very poor. Figure 3 shows the inferred data-speci c
posterior means and 95% credible intervals for the mean paraeters f flzn)gllff’;le;mzl via
the HLPP model (red), along with the results for the independent HDP model (blue) and
the HDP model (green). The black lines represent the true valles of the mean parameters.
It is clear the posterior densities via the HLPP model are comentrated around the true
values, while there are mistakes for modality 1 via the indegndent HDP model and for
modality 5 via the HDP model. In addition, the 95% credible intervals from the HLPP
analysis are the tightest, compared with the independent HOP and HDP analysis; this is
attributed to proper global and local sharing explicitly im posed by HLPP.

6. Gene-Expression Analysis Application

To further illustrate the proposed HLPP model, we consider an application to gene-expression
data, here for a Dengue virus study (Fink et al., 2007). The HLPP is applied to sparse factor
analysis (Carvalho et al.; Pournara and Wernish, 2007; Fokae, 2004; Knowles and Ghahra-
mani, 2007), where the latent factors correspond to the \modlities". The factor scores
represent the data, although now these data are latent. For he Dengue gene-expression
data under study we have expression values at multiple time pints after cell exposure with
the virus, and each of the times represents a task; for each &k (time) we have multiple
gene-expression samples (from cells exposed to either liee heat inactivated virus). We
wish to impose the belief that the factor scores, which can benterpreted as meta-gene
expression levels underlying many genes in a pathway, clust across tasks (time). How-
ever, as di erent meta-genes are involved in di erent biologic pathways and have varying
relationships with viral exposure, the factor scores may vay in their temporal clustering
structure. Therefore, we do not expect all components of thefactor scores to cluster in
the same way. This anticipated phenomenon mitigates the usef global HDP clustering
(i-e:, the same clustering across all factor scores). However, e cluster the individual
components of the factor scores independently, we do not aoant for anticipated statistical
correlation. This therefore motivates the HLPP construction.
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6.1 Sparse Factor Analysis for Gene Expression Data

Assume yl(m) is an N 1 vector representing the gene expressions fdd genes, for cell

| at time m, with m = 1;2; M and | = 1;2; :Lm. It is assumed that Y =
[y(ll) y(l_ll) y(lM) yg)] is already normalized to zero mean in each row. We con-
sider the caseN K= mzl L m, which is typical. The parametric sparse factor analysis

model (Pournara and Wernish, 2007) characterizes dependee in the high-dimensional gen
expression measurements using

y™=8 M+ ™ =12 Lp; m=1;2 M

™ N (0;1); 1=1;2 Lm; m=1;2; ;M

Bk N (0 ) n=1;2 ;N; k=1;2 ;K

nk Ga(agihp); n=1;2, N; k=1;2; ;K

WONC© ) 15152 iLm m=1;2 M5 n=1;2 N

"n  Ga(@:;ho); n=1;2, ;N (32)

where B is the (n; k)-component of the factor-loading matrix B , and represents the
factor score associated with cell at time m. Typically one setsK , with K N . Note that
the components of B are drawn independently from a Student-t distribution, and hence
with appropriate choice of ag and by the matrix B is sparse. Alternatively, one may use a
\spike-slab" sparseness construction, as in (Carvalho et lg); (Pournara and Wernish, 2007)
gives a comprehensive review of di erent sparseness priotssed for sparse factor analysis.
Both B and all ,(m) are inferred by the model simultaneously. As discussed in (@rvalho
et al.), sinceB is \sparse", which means many of the elements oB are close to zero, each
column ideally will represent a particular biological \pat hway", composed of a relatively
small number of relevant genes related to a given latent faar, which correspond to those
having factor loadings not close to zero. This is discussedufther when presenting results
for the time-evolving Dengue virus data (Fink et al., 2007).

"

6.2 The Extended Factor Model with the HLPP Prior

In the HLPP factor analysis (HLPP-FA) model, the constructi on of B and I(m) is unchanged

from above, and therefore for simplicity it is not repeated below. What is di erent is the

manner in which the factor scores I(m) are drawn from the prior. Speci cally, we have

1
i ONCCR ] DGR D) LPPC 6™ G Mgl )
1=1;2, Lm; k=1;2, ;K; m=1;20 ;M
G HDP( «; wHK); k=1;20 K; m=1;2 ;M

¥
G™ HDP( ¢; i Hi); m=1;2 ;M
k=1
Hk= N Ga(ro;to;do;So); k=1;2, ;K (33)
where here (k; k) = . Note that (32) assumes that the latent factors are normally

distributed and have the same distribution at the di erent t imes. In contrast, (33) charac-
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terizes the distribution of the latent factors using a exib le mixture of normals, which can
vary over time, while borrowing information. This borrowin g is accomplished by incorpo-
rating the same mean and variance in the normal mixture compaents at the di erent times
through the HDP structure, while also exibly clustering la tent factors over time through
favoring allocation to the same mixture component. Howevey the LPP structure does not
force a latent factor to be allocated to the same component a@ll times, but allows occa-
sional local switching of components. This is important in exibly characterizing changes
that can occur as a result of the virus.

In the following examples, we also put Gamma priors on , and . The model in
(33) is a direct combination of (5) and (32), and therefore the MCMC inference can also
be directly derived based on Section 4.2 and (Fokoue, 2004)Here we only give the main

modi cation concerning sampling latent variable |(|£n)

P
Let yi" =y, omkBio o for k = 1;2  ;K; 1 =1;2 Lpandm =
1,2, M. Slncey(m) N By (™;diag (")), we can sample (M from
8
TA: ' 1
(B diag(" )Bk + K. ((m)
T (m)
n( I(Izn)J (B diag(" )y~ + K(O: (m(zn)) K(O; (m) ) if Z(m) =
T %
(B diag(" )Bk + k©; (™
0 (8 TdingC )8, + é’.‘” ¥ 1 (34)
k g k k(l (m (m))
BT (m)
p( (M; a kdiag( )y + k(L. (m()m)) @ ™, ) if 2™ =1
k
(B diag( )B+

(m
k(1; m))

The symbols correspond to those used in (10), Where(qi;j VK )) = k(ij)- The remain-
ing variables speci ed in (33) are sampled in a similar manneas in Section 4.2 and (Fokoue,
2004).

6.3 Experimental Results for Gene-Expression Data

The Dengue data considered here is time-evolving expressiaata, and is publicly available
at http://www.ncbi.nlm.nih.gov/projects/geo (accessio n number is GSE6048). The data
consist of six groups (tasks) of samples measured at six timpoints. The six time points

are 3, 6, 12, 24, 48 and 72 hours after a HepG2 cell is exposedttee NGC Dengue virus (both
live and heat-inactivated/dead viruses are used). At each ime point the transcriptome is

pro led using biological repeats. The corresponding humbe of samples at the six time
points are 10, 12, 12, 12, 12, 11. The number of genes in this @&set is 20,160. The
detailed description of these genes can be found in (Fink etla 2007). In the plots that

follow, the samples are ordered according to their time poits, from early to late time. One

guestion of interest is whether cells with live virus have a gstematically di erent pro le
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Figure 4: Posterior means for the components of each factorcere, as computed via the
sparse factor analysis model in (Carvalho et al.). Di erent color denote di erent
time points (tasks), time increases from left to right across the horizontal axis;
\." represents the cell cultures exposed to live virus, and X" represents the cell
cultures exposed to heat inactivated virus.
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Figure 5: Posterior means for the components of each factorcere, as computed via the
sparse factor analysis model with the HLPP prior, where di erent color denote
di erent time points (tasks), time increases from left to ri ght across the horizontal
represents the cell cultures exposed to live virus and \x" represents the

Figure 6: The average indicator matrix for selecting globalor local clustering via the sparse
factor analysis model with the HLPP prior.

0f?
5

Factor 1 Factor 2 Factor 3 Factor 4 Factor 5
10
5 5. X , 20
o X . 5 *Xex 3% . -
: . 2 : ' O[3 A 10 w3
P WK 0 [ ot i e P B %
-%X‘&g 0%)% 5 ’%( %? 5 ,§-X _18 % _lé)dw B
0 0 0 50 0 50 0 50 0 50
Factor 6 Factor 7 Factor 8 Factor 9 Factor 10
% 10 10 : B Xaa o e K
. . . N . . 10
XX 3%k 0% ':)234’2%2 2. S & 0 %)é \'>S><<. X RND B e
0 50 0 50 0 50 0 50 0 50
Factor 11 Factor 12 Factor 13 Factor 14 Factor 15
X 10 X 10 X 5l X . &
. 5/. N 5 K2 o ;& e ke
'xgsx ‘54 e 0 p¥eagke e X5 ol x 0% A
PR x 50 g FEA o [T 5 %" _1-8 Koo X
0 50 0 50 0 50 0 50 0 50
Factor 16 Factor 17 Factor 18 Factor 19 Factor 20
X 10 10 .
X e 10 %‘55 X e X . :%"X 5 N 5f.x= *x
L%, BT (0153 25%% 0 -;5(">§< 0% . O 5 0 X -,XX.,',&
£ N 10 [BARE 10 bx=X ’X;X 5 -?gx g‘%\( 5 PRexe X K
0 50 0 50 0 50 0 50 0 50
Factor 21 Factor 22 Factor 23 Factor 24 Factor 25
= N 4 10
10 S 10 e 2 hxe X, x
emind 3 :%0 X .10 PEWK Wi S HA g
0 50 0 50 0 50 0 50 50
Factor 26 Factor 27 Factor 28 Factor 29 Factor 30
. 15 gt 10f.x + X 10
,-23;’;(( '%Z)X 18 . O 32(‘;? 0 ;X>>s<<.>x ,{i >§ (5) y X
. ; SKHA - : pees X o
) O 20001 X 10 [x X% R S
0 50 0 50 0 50 0 50 0 50
Data Index Data Index Data Index Data Index Data Index

axis; \."

cell cultures exposed to heat inactivated virus.

Factor Index

3hr

6hr

12hr
Tas

24hr
k Index

22

48hr

72hr

1:Local

0:Global




of changes in the latent factor score distributions over tine relative to cells with dead
virus. For factors exhibiting such changes, it is also of inerest to identify the associated
genes {.e., those having loadings not close to zero) and assess whethtrey have known
biological signi cance. In (Fink et al., 2007), di erentia | gene expression was noted between
cells exposed to live or heat inactivated virus at 48 hours pst exposure onset.

Factor 1~4, 6~20, 24~30 Factor 5 Factor 21

3hr { )

6hr {5 )
12hr { 5
24hr < 84

o
48hr
72hr
20 40 60 20 40 60 20 40 60 0
Data Index Data Index Data Index

Factor 22 Factor 23

3hr { 1
ohr < 1 0.8
x 20
120 { § 3 0.6
[
24hr g 40 0.4
48hr 50 0.2
72hr 4 69 '
0
0 20 40 60

20 40 6
Data Index Data Index

Figure 7: Pairwise posterior probabilities of two data samges being assigned to the same
cluster for the Dengue data, analyzed using the sparse fact@nalysis model with
the HLPP prior.

The traditional sparse factor analysis model (FA) in (32) and the sparse factor analysis
model with the HLPP prior (HLPP-FA) are applied to the normal ized gene expression data
using K = 30 factors, with truncation levels J = 50 and T = 50; in (32) all factors ,(m)
are drawn independently. The hyper-parameters arergx = 0 for k = 1;2; ; 20, to =
0:01,dp =4, sjx =1for k=1;2; ;20, ag=0:1, bp=10 © g =10 ®andhg=10 ©
. We also place Gamma priors Ga(10%;10 ®) on and , and Ga(10 6;1) on . These
hyper-parameters were not optimized, and the results are ratively insensitive to most
\reasonable" settings. The results given below are based oa0,000 samples collected from
the combination of collapsed and blocked Gibbs sampling, &r a burn-in period of 5,000
iterations. Rapid convergence has been observed in the diagstic tests as described in
(Geweke, 1992) and (Raftery and Lewis, 1992).
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Figure 8: Two important factors and corresponding top-20 g@es via the sparse factor anal-
ysis model with the HLPP prior. These factors are deemed impdant because
they are characterized by factor scores that exhibit localdistinctive clustering
with increasing time. (a) posterior means for Factor 21, whee dierent colors
denote di erent time points, time increases from left to right across the horizontal
axis; \." represents the cell cultures exposed to live virus and \x" represents the
cell cultures exposed to heat inactivated virus; (b) top 20 gnes contributing to
Factor 21; (c) posterior means for Factor 5, where di erent wlor denote di erent
time points, time increases from left to right across the hoizontal axis; \." rep-
resents the cell cultures exposed to live virus, and \x" repesents the cell cultures
exposed to heat inactivated virus; (d) top-20 genes contrilnting to Factor 5.
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Table 1: Detailed gene description of the top 20 genes corre-
sponding to Factor 21 via HLPP-FA. These genes are highly
correlated with viral infection (per analysis by the fth au -
thor), and are found to be dierentially expressed between
the experimental sets in (Fink et al., 2007).

Name | Group Description
IL8 NFkB related Chemokine activity, attracts neutrophils, basophils, and t-cells
MDAS5 Interferon related | interferon induced with helicase C domain 1;IFIH1
HERCS5 Ubiquitin related | ubiquitn-protein ligase, cyclin-E binding protein 1
G1P2 Interferon related Proteolysis, interferon-stimulated protein, 15 kDa (ISG1 5)
IFIT3-1 Interferon related | merferon-induced protein with tetratricopeptide repea ts3
IFIT1 Interferon related | interferon-induced protein with tetratricopeptide repea ts 1;IFIT1
ATF3 Interferon related | mrNA transcription regulation;induction of apoptosis
VIPERIN-1 Interferon related | virus inhibitory, endoplasmic reticulum-associated, int erferon inducible
IFNB1 Interferon related | interferon, beta 1, broblast
MX1 Interferon related | myxovirus (in uenza virus) resistance 1, interferon-indu cible protein p78
KRT17 Intermediate lament;Structural protein
LOC93082 ortholog of mouse Iung-inducible C3HC4 RING domain protein
IFIT2 Interferon related | interferon-induced protein with tetratricopeptide repea ts 2
IP10 NFkB related Cytokine and chemokine signaling;Macrophage-mediated im munity
LGP2 Nucleoside, nucleotide and nucleic acid metabolism
OAS1 Interferon related | nucleotide and nucleic acid metabolism;Interferon-media ted immunity
VIPERIN-2 Interferon related | virs inhibitory, endoplasmic reticulum-associated, int erferon inducible
OAS2 Interferon related | nucleotide and nucleic acid metabolism;Interferon-media ted immunity
CCL5 NFkB related Cytokine and chemokine mediated signaling pathway
I-TAC NFkB related Cytokine and chemokine signaling;Macrophage-mediated im munity

The posterior means of the factor scores, computed for all 3factors via the two methods,
are shown in detail in Figures 4 and 5 (di erent colors denotedi erent time points, time
increases from left to right across the horizontal axis; \." represents the cell cultures exposed
to live virus, and \x" represents the cell cultures exposed b heat inactivated virus), from
which we observe that factor 15 via FA and factor 21 via HLPP-FA distinguish between cells
exposed to live virus and cells exposed to heat-inactivatedvirus, with separation between
the groups noted at 48 hours and continuing through 72 hours pst inoculation. In addition,
three factors (factor 9, factor 26 and factor 28) via FA and (factor 5, factor 22 and factor 23)
via HLPP-FA change in a correlated manner with time, and seemto be associated with cell
splitting and growth (based upon the associated important ggnes in the associated factor
loadings). All biological interpretation of these results were performed by the fth author.

Comparing factor 15 inferred via FA and factor 21 inferred via HLPP-FA, it is clear
that HLPP-FA enhances the separation of the factor scores focells exposed to live virus
relative to cells exposed to heat-inactivated virus. This B likely because the factor scores
in the FA model are drawn from independent normals, while thase in the HLPP-FA model
are drawn from a exible mixture of normals. The factor scores associated with factor 21
from HLPP-FA are represented in terms of two clusters at late times, with one cluster
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associated with cells with live Dengue virus, and the other tuster associated with heat-
inactivated virus. Note that this association was inferred from the model, since knowledge
of the di erent states of the virus was not imposed in the modé.

Figure 6 shows the average indicator matrix for selecting gibal and local clustering
via HLPP-FA, where factors 5, 21, 22 and 23 select local clusting after 24 hours, while
other factors select global clustering. It is deemed therafre that factors 5, 21, 22 and 23
are associated with the idiosyncratic (time-evolving) prgperties of the virus as well as non-
virus-related cell splitting and growth (perhaps less evignt in the expression data before
24 hours). The other factors, that do not evolve with time, are by contrast deemed to be
associated with cell activities (or other aspects) unrelaéd or weakly related to the virus
nor time evolving properties of the cells (it is important to note that this product is unique
to the HLPP-FA, relative to the model in (Carvalho et al.), pr oviding an important tool
for interpreting the factors). While one may also infer Dengue-related factors from the FA
results shown in Figure 4, one must \eyeball" all the factor ores as a function of time, and
the human must decide which ones are of interest. By contrastHLPP can automatically
point to the important factors via the local sharing depicted in Figure 6.

Figure 7 plots the posterior probability of two data samples being assigned to the same
cluster for factors 5, 21, 22, 23 and the other factors as comyted via the HLPP-FA model.

It is apparent that the clustering structure we nd in Figure 5 is well represented by the
similarity matrices obtained by the posterior indicators in HLPP-FA. In addition, note there
are two clusters at 48 and 72 hours for factor 21 (as mentionedbove, one associated with
live virus, and the other with heat-inactivated virus). Thi s means the data from each of the
two tasks are drawn from a mixture distribution rather than a single distribution, which is
the main motivation of the HLPP model (as compared to using the original LPP alone).

The posterior means for factor 21 and factor 5 via HLPP-FA areshown more clearly in
Figure 8(a) and 8(c). By ranking the absolute values of the coresponding factor loading
weights, we infer the top 20 genes contributing to factor 5 awl factor 21, with these depicted
in Figure 8(b) and 8(d). Table 1 lists the detailed gene desdption of the top 20 genes in
Figure 8(b). These genes are highly correlated with viral irfiection, and are found to be
di erentially expressed between the experimental sets in Fink et al., 2007). We now con-
sider a more-detailed analysis on the selected genes shownkigures 8(b) and 8(d). Many
bioinformatics applications can be used to classify genesepresented into categories. One
such program, GATHER (Gene Annotation Tool to Help Explain R elationships) groups
genes by Gene Ontology categories and provides an assessinginhow strongly a GO anno-
tation is associated with a particular gene list (Chang and Nevins, 2006). Notably, factor
21 genes cluster in the GO categories of immune responsp € 0.0001), defense response
(p < 0:0001), and response to biotic stimulus f < 0:0001), as well as response to virus
(p < 0:0001) and regulation of viral life cycle o < 0:0001). The factor score associated
with factor 5 (similar to factors 22 and 23) evolves in a coheent manner post inoculation,
but it does not discriminate between cells infected with live versus heat-killed virus. Genes
represented in these factors were highly associated with rtwsis, the cell cycle and nuclear
division (p < 0:0001), as would be expected as representative of cellulardsion in cell
culture across time.

For this Dengue data, the combination of collapsed and blockd Gibbs sampling as
applied to HLPP-FA and FA required about 1 and 3 hours, respedtively, using non-optimized

26



Matlab ™ software on a Pentium IV PC with a 2.1 GHz CPU. We found that VB- based
analysis typically yields similar results, but generally MCMC results are more reliable (as
a consequence of the local-optimal nature of the VB solutioh

7. Image-Annotation Analysis Application

In the above two examples, since the number of tasks was relatly small, we considered
MCMC inference. To demonstrate the performance of the VB-HLPP formulation, we con-
sider an application with a large number of annotated images The assumption in this
example is that we are given image-text pairs (annotated imges), and we seek to clus-
ter/sort them. Since there are only two modalities (text and image features), and because
the number of samples of each of these modalities may be di e@nt for an annotated image,
we adapt the general HLPP model.

7.1 Modied HLPP Model for Image-Annotation Application

In this setting one \modality” corresponds to the words in an annotation/caption, and the
other modality corresponds to features extracted from the mage. The model in (5) assumes
that the number of observations associated with the di erert modalities are the same, and
moreover that the individual samples characteristic of the di erent modalities are always
observed jointly. We modify this model, such that it is appropriate for the image-text
example of interest here. Speci cally, IetL(lm) represent the number of observations for
modality 1 in task m, with L(zm) similarly de ned for modality 2. The model structure for
K=2andfor L & L{™ is
e g <o
() Gm i gm =g
2" kot W1 k=125 m=12 M
k Beta(l; ¢); k=1;2

Col=1; ;Lf(m); k=1:2: m=1; M

#M cMj: 1=1; L™, k=1;2; m=1; ;M
(35)
The expression#l(li") G(Mj, implies that the kth mixture of parameters is drawn from

the kth marginal of G(™). The construction of G(™ and Gf(m) is same as that in (5) with
K = 2, and therefore for simplicity it is not repeated in (35). T he model implies that
when zl((m) = 0 the mixture weights of atoms used for the two modalities are linked, but
not the speci ¢ atoms associated with a given sample (sincetlte samples from the di erent
modalities are not explicitly linked, for the number of image and text features are not the
same). The hyperparameters are set such that it is probableHhat zl((m) = 0. We note that
the special casezl((m) =0 for all k and m corresponds to the assumptions used in (Barnard
et al., 2003; Blei and Jordan, 2003). To distinguish from theHLPP model discussed in
Section 3, this modi ed model is referred to as HLPP*. The MCMC and VB inference
formulations for (35) are very similar to those given in Secton 4, and are therefore omitted
here.
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7.2 Feature Extraction for Image-Annotation Data

(m) L{™ _ _ (m) L™
Let fx;; 'g2; denote the image feature vectors in themth task, and let fx,, g% denote
the corresponding text feature vectors. The image sizes anthe number of objects in these
images may be di erent; therefore, the number of feature vetors L(km) may vary between
tasks and modalities.

For imagery, we employ features constituted by the independnt feature subspace anal-
ysis (ISA) technique (Hyvarinen and Hoyer, 2000). These fatures have proven to be rela-
tively shift or translation invariant. In brief, the ISA fea ture extraction process is composed
of two steps: i) We employ patches of images as training datato estimate several inde-
pendent feature subspaces via a modi cation of the indepenent component analysis (ICA)
(Common, 1994). Thenth feature subspace withn =1;2; ;N1 is represented as a set
of orthogonal basis vectors,i.e., wys with f =1;2; :C, where C is the dimension of the
subspace. ii) The featureF of a new patch R is computed as the norm of the projections
on the feature subspaces

X
Fn(R)=  hwy;Ri% n=1;2 ;N (36)
f=1

whereN is the number of independent feature subspaces anli is the inner product. For a
patch of arbitrary size, the extracted feature vector isN;-dimensional. Interesting invariance
properties (Hyvarinen and Hoyer, 2000) enable the ISA featires to be widely applied in
image analysis. (Hoyer and Hyvarinen, 2000) also discussehow to extract the ISA features

(m)
from color images. For the extracted ISA feature vectors:fxl(f')g,L:l1 , We assume that each
feature vector is drawn from a Gaussian distribution with diagonal covariance,i.e., xl('ln)

N M= ™ My with ™ representing the mean vector and (" representing

the diagonal precision matrix, and thecg)aserplistribution caresponds to the product of a
normal-gamma distributions, i.e. Hy = ~ N2 N I(f:]); Fon:to I(f:]) Ga I(f:]);do;s()n
The text is modeled in a manner related to (Blei et al., 2003) ad (Blei and Jordan,
2003); speci cally, we let xl(;") 2 f1,2;:::;N»g correspond to an index of thelth word in
the caption for image m, with N, denoting the number of unique words in all the tasks.
We let x0V  Mutt( 0" = o), with %5 corresponding to anN, 1 probability vector,
i.e. a probability mass function (PMF) parameter. As a conjugate choice, we choose the
base distribution in the annotation model to correspond to a Dirichlet distribution, i.e.

Ha = Dir( %57; o).

7.3 Similarity Measure

For the image-annotation example considered below, we seefo cluster/sort annotated
images, including information from the image features as was the text. There are many
ways this may be performed, while here we count the relative amber of times a given
image-text pair is characterized by speci c atoms (from the stick-breaking representation
of the above model). Given a VB run, the posterior atom weighs for modality k 2 f 1;2g
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andtaskm 2f1;2;, ;Mginferred via HLPP* are de ned as

(m)

(m) _ aqzm=0) PL =
Wk;j = W |:k1 d(Coxt = J)
(m=qy P L™ :
ngrj’nz‘] = q(ZLiim)l) |:k1 a(Cwi =) @37)

where ¢y identi es the atom index for sample | of modality k if z(™ =0, and cyy is the
same whenz(™ = 1: the function q( ) denotes the posterior probability of the argument. It
is assumed that the stick-breaking representation is trunated such that there areJ atoms
of each type, and hencew (km) corresponds to ad 1 probability vector. To measure the
similarity of tasks m; and m, for modality k, we de ne a kernel function

D2(W ‘k"‘l)zkw ("))

SIM vg(my1; myjk) = exp (38)

where is a xed parameter (note that the choice of does not change the order of similar-
ities); D( k) denotes the Kullback-Leibler (KL) distance measure. Sine the KL distance is

asymmetric, when performing computations this distance isaveraged asDg (W (kml)jjw (ka))+

Dk (W f(mZ)ij f(ml))]=2, yielding a symmetric distance measure. Furthermore, atiough
the atoms have di erent meanings for di erent modalities (i.e., the base measures associ-
ated with each modality are di erent), we may use the combined posterior atom-weight vec-
tor over di erent modalities (after normalization) to meas ure the similarity between tasks.
The detailed approach is to substitute W (™ in (38) with W (™ = 1w (™7 ;w ™77 for
m = mj; m, to get the combined similarity measure SIM yg(my; m») (to avoid repeated
notation, the explicit expressions for the combined similaity measure are omitted here).

For a new taskfx,, glekl;;zkzl , we can predict its posterior weight on each atom associated
with each VB run as

P
(L DELT w4 El olfi(xyiEL ko))
+i(l ELD % EL g k(GG ED k)

wherei = 0;1; | =1;2;, ;J; fx() is the corresponding parametric model de ned in
Section 7.2; and EA] represents the posterior expectation of the variableA in the given VB

run. Then we can measure this task's similarity with other tasks by (38) or its extended
form for the combined similarity measure. Thus once we havedarned the HLPP* model

using one large-scale dataset (essentially learning the sef atoms), we can directly do

clustering for new datasets by the predicted posterior atoraweight vectors. Although the

learning procedure may be somewhat time-consuming, théesting on new data in the sense
discussed above is fast.

Before proceeding, we seek to provide insight into why HLPP*may provide better
sorting performance for image-annotation pairs than alwayg coupling the text-image atoms
(special case of HLPP* when = 0) or always treating them independently ( = 1). The
distance measure between any two image-text pairs, as summaed above, basically reduces
to a count of model atoms, and two image-text pairs are deemedimilar if the associated
atom counts are similar. In the clustering of tasks, the modéinfers an appropriate set of

Wij+ig ! (39)
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atoms representative of the image features and word countsyith this selection of atoms
playing a critical role in subsequent sorting (since these toms drive the subsequent atom
counts). If the mixture weights of image and text atoms are alvays coupled, then there can
be di culties when the (imperfect) image features are similar for two image parts that are
consistently characterized by di erent words. However, there are situations in which the
coupling of text features and words adds value, particulary for image features that are only
di erent in subtle ways (recall modality 1 in the synthesized problem considered above).
If the image features are di erent in a subtle way, and the words are consistently similar,
then HLPP* encourages the sharing of the subtle image featwes in a manner consistent
with the words. The HLPP* model therefore accounts for subtle but important di erences
in the image features, which are disambiguated by the word fatures, while also allowing
the image and word models to be treated independently on oc&ion, when the data deems
appropriate.

7.4 Experimental Results

We tested the HLPP* model on a subset of an image-annotation dtabase named \La-
belMe", available at http://labelme.csail.mit.edu/. We e mphasize that our assumption is
that we have access to annotated images, and our objective i® cluster or nd inter-
relationships between these; we arenot seeking to automatically annotate images. We
select six types of data in this database: highway, building coast, forest, bedroom and
o ce. Forty tasks are randomly selected from the database fa each type, where half the
tasks are used to learn the models and the rest are used to exame model prediction per-
formance, yielding a total of 240 tasks. Since the originalmages had much variability in
size, we down-sampled some large images, yielding imagessife varying from 256 256 to
300 400 pixels. To capture textural information within the imag e features, we rst divided
each image into contiguous 32 32-pixel non-overlapping patches (more than 20,000 patcte
in total) and then extracted ISA features from each patch.

In the following we apply both the MCMC and VB algorithms for H LPP* modeling
of multiple image-annotation data. The hyper-parameters br the examples that follow
are: Ga(10 ;10 6) for and ; Ga(10 8;1) for ; ron, =0, to = 0:01, dg = Ny +2,
Son, = 1, %n, = 1=Ny for n; = 1, :Npand ny, = 1; :N>, where N; = 40 denotes
the dimensionality of image-feature, andN, = 147 denotes the number of unique words
with the stopwords removed according to a common stopword 8t provided by the dataset
website. The DP truncation levels are set toJ = 50 and T =50. The MCMC results are
based on 10,000 samples obtained after a burn-in period of @O0 iterations. Convergence
has been observed in the diagnostics tests described in (Geke, 1992; Raftery and Lewis,
1992). For VB, the algorithm was run ve times and the similar ity-measure results with
the largest lower bound are selected across these runs, assdebed in Section 7.1.

We compute the similarity of the posterior atom-weight vectors between any two tasks,
as discussed in Section 7.1. Figures 9(a) and 9(b) present ¢hrespective MCMC similarity
matrices on the posterior atom-weight vectors over image fatures and annotation features
alone, while Figures 9(c) and 9(d) show the MCMC and VB similarity m atrices on the
posterior atom-weight vectors over both imageand annotation features. As shown in Figures
9(a)-9(d), the combined clustering (image and text) outperforms the clustering over separate
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Figure 9: Similarity matrices based on the KL divergences onthe posterior atom-weight

vectors across tasks via HLPP*. (a) MCMC and using image-feture atoms alone;

(b) MCMC and using annotation-feature atoms alone; (¢) MCMC and using

both image- and annotation-feature atoms; (d) VB and using both image- and
annotation-feature atoms; (e) ¢ =0 (i.e. independent HDP), MCMC and using

only image features; (f) x = 0 (i.e. independent HDP), MCMC and using

only annotation features; (g) k =0 (i.e. independent HDP), MCMC and using
both image- and annotation-feature atoms; (h) x =1, MCMC and using image-

annotation feature atoms (Barnard et al., 2003; Blei and Jodan, 2003); where
k=1;2.
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image-feature atoms or annotation-feature atoms. For comprison, Figures 9(e)-9(h) present
the corresponding similarity matrices across tasks genetad using two extremes of HLPP*:
i) k=0,andii) =1, for k=1;2. We note that case i) corresponds to treating the image
and text features independently in the prior; while case ii) corresponds to the situation in
which the mixture weights of image and text atoms are always the same, as in (Barnard
et al., 2003; Blei and Jordan, 2003). Figures 9(e) and 9(f) oly use image features and text
features, respectively; Figure 9(g) uses both of the postér atom-weight vectors via the
models of Figures 9(e) and 9(f) to yield the combined similaity matrix (as discussed in
Section 7.3).

To provide more-quantitative comparisons, Figure 10 diret¢ly compares the correct clus-
tering rates of the above eight methods over categories. Inigure 10 each bar re ects the
average fraction of the top-19 closest members of each taskordered similarity list that are
within the same category as the task under test (there are 20)amples in each category;
therefore, this measure examines the degree to which a givemhata is deemed most similar
to all other data within the same class, before being similarto data from any other class).
It is clear from Figure 10 that ordering based on atom informaion from both the image
and text features yields best performance, and generally the M®IC and VB HLPP* im-
plementations provide similar performance. Typical exampe sorting results are depicted in
Figure 11. Considering Figure 10 more carefully, we note thiain some cases usingy = 1 for
k =1;2 (Barnard et al., 2003; Blei and Jordan, 2003) yields signicantly worse clustering
performance than HLPP*, in particular for Building, Coast, Forest, O ce and Bedroom.
Additionally, in some cases using x =0 for k = 1;2 (treating the image and text features
independently in the prior) and employing both of the posterior atom-weight vectors to mea-
sure similarity actually does better than directly coupling the mixture weights in the prior,
in particular for Coast, Forest, Bedroom and O ce, with this attributed to imperfections
in the image features and in the annotations.

To demonstrate the prediction performance of the HLPP* modd, Figure 12 reports
the correct clustering rates for test data (now based on the gerage fraction of the top-10
closest members of the ranking list for each data); here we dyishow the top-10 (rather than
19) because these samples wermt in the training set. From the results shown in Figure
12, we observe that MCMC and VB using the posterior atom-weidpt vectors over both
image and annotation features achieved good test results for highwaybuilding, coast and
forest categories (larger than 0.85). Since the bedroom and ce categories are somewhat
confused in the training procedure, their test results are &0 not as good as those of other
categories (about 0.75). Nevertheless, these are only cligsing results; it is anticipated
that one may design classi ers based on the posterior atom-wight vectors to improve the
test performance (in future work). In addition, the results using the posterior atom-weight
vectors over image features and annotation featureslone are also good (see Figure 12).
This demonstrates that our model may also be used for automat annotation and text-based
image retrieval.

The computation required for learning the models via MCMC is expensive: it required
over 48 hours (for the burn-in and collection period given almve), using non-optimized
Matlab ™ software on a Pentium IV PC with a 2.1 GHz CPU. By contrast, the VB solution
is much faster, requiring less than 4 hours, with typically ebout 50 iterations needed for
convergence. For both versions, theesting on new data in the sense discussed in Section 7.1
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Figure 10: Each bar re ects the average fraction of the top-P closest samples that are
within the same category as the sample under test (there are @ examples in
each category). The ranking is based on the KL divergences othe posterior
atom-weight vectors. Unless speci ed, the results are baseon MCMC. The
HLPP* results are computed via the posterior weights on imag-feature atoms
alone, annotation-features atomsalone, and both image-featureand annotation-
feature atoms. The results in two limiting regimes of the HLPP* model with
respect to f kgﬁzl are also shown, where y = 0 for k = 1;2 corresponds to
treating the image and text features independently in the prior; ¢ = 1 for
k = 1;2 corresponds to the situation in (Barnard et al., 2003; Bleiand Jordan,
2003)
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16
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Figure 11: Typical example sorting results based on VB HLPP* those for the MCMC
inference are similar. The results are based on the posteni@tom-weight vectors
over both imageand annotation features. Each row is for one category. The rst
column shows one template sample, and the next three columrehow examples of
ranked sorting results, with the number above the image spetying the closeness
rank order as computed by the KL divergences. The last columndenotes the
rst sample in the ranking that was in a wrong category.
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is fast (a few minutes in non-optimized Matlab™). This is important for online information
retrieval application.

8. Conclusion

We have developed a new hierarchical Bayesian model for hylar multi-task learning using
the LPP prior (Dunson). The LPP prior can combine global and local clusterings through a
locally-weighted mixture, and therefore it leads to depenent local clustering and borrowing
of information among di erent modalities. In order to exten d LPP to model multiple in nite
mixture models, the DP-type local and global components in he original LPP model have
been replaced with the HDP, yielding the proposed HLPP model This model shares data
across multiple modalities and multiple tasks. Inference $ performed via the combination
of collapsed and blocked Gibbs sampling and VB scheme.

The performance of HLPP model has been demonstrated using arsulated example,
gene-expression data, and image-annotation analysis. Cgmared with independent HDP
models for the di erent modalities and a completely dependat HDP model for combining
the multiple modalities, the HLPP model has demonstrated improved clustering perfor-
mance. In addition, the HLPP model can provide a smaller estination uncertainty for most
parameters, which is attributed to proper global and local haring explicitly imposed within
the HLPP prior. In addition, the developed VB solution allow s relatively fast computation,
which can be used for modeling and sorting large databasesyeh as the application of the
image retrieval system.

I HLPP-2 Image

1r [ HLPP-2 Annotation

! = [ THLPP-2 Image-Annotation

— I VB HLPP-2 Image-Annotation

0.8

0.6

0.2

Correct Clustering Rates for Test Data

| Ll | | Ll |
Highway Building Coast Forest Bedroom Office
Category Index

Figure 12: Using a separate set of data for testing the modelseach bar re ects the aver-
age fraction of the top-10 closest samples that are within tle same category as
the sample under test (there are 20 examples in each categdrty The ranking
is based on the KL divergences on the posterior atom-weight ectors. The re-
sults are computed via the HLPP* inferred posterior weights on image-feature
atoms alone, annotation-feature atoms alone, and both the image-feature and
annotation-feature atoms. The rst three results are for MCMC inference, and
the last one for VB.
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Concerning future work, there may be other forms of prior information that one may
wish to impose. For example, in the time-evolving gene-exmssion example, the di erent
tasks corresponded to data collected at known time points. Vpically one might expect the
likelihood of task clustering to enhance as the tasks becommore proximate. Related ideas
have been considered recently for simpler DP-based modelRén et al., 2008), and may also
be considered in future work for LPP and HLPP. One may also benterested in addressing
the realistic problem for which the data from a given task is ncomplete, in that not all
modalities have been employed for a given task. For the cas@ which such missing data is
manifested completely randomly, the model presented here ay be extended directly.

In addition, there are alternative means by which to implement the basic HLPP con-
struction. For example, rather than employing an HDP prior for draws of G(™ and Gy,
one may alternatively employ a nested Dirichlet process (Rdrguez et al., 2008). In such
a construction the sharing between tasks is more explicit, isice one need not always share
the same set of atoms across tasks, as in the HDP.

Appendix A.

In this appendix we prove Property i) of the HLPP model from Section 3:
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Since Varfg"j! 9 0, P22(;; ) O (while there s no analytical solution for Pas(; ).
We can easily proveF>2 1(( )) 1(; ), and then PFEE(;;; )) P 1(: ), therefore, Property

1 in Section 3 is satis ed.

Appendix B.

In this appendix we prove the Property ii) of the HLPP model from Section 3:
Proof . Note that
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HLPP model and easily obtain
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