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Abstract

We proposeDirichlet-Bernoulli Alignment(DBA), a generative model for cor-
pora in which each pattern (e.g., a document) contains afsast@nces (e.g.,
paragraphs in the document) and belongs to multiple cla®¥ggasting prede-
fined classes as latent Dirichlet variables (i.e., instdena labels), and modeling
the multi-label of each pattern as Bernoulli variables d¢toded on the weighted
empirical average of topic assignments, DBA automaticaliyns the latent top-
ics discovered from data to human-defined classes. DBA fsilfse both pattern
classification and instance disambiguation, which aretesh text classification
and named entity disambiguation in web search queriescteply.

1 Introduction

We consider multi-class, multi-label and multi-instantassification (MC), a task of learning de-
cision rules from corpora in which each pattern consists oltiple instancesand is associated
with multiple classes. NC finds its application in many fields: For example, in web pelgssifi-
cation, a web pagepéttern) typically comprises of different entitienstancey(e.qg., texts, pictures
and videos) and is usually associated with several diffeiagics (e.g., finance, sports and poli-
tics). In such tasks, a pattern usually consists of a setstéites, and the possible instances may
be too diverse in nature (e.g., of different structures pesy described by different features) to be
represented in a universal space. What makes the problem coonplicated and challenging is
that the pattern is usually ambiguous, i.e., it can belorggt@ral different classes simultaneously.
Traditional classification algorithms are typically inedybe of handling such complications.

Even for corpora consisting of relatively homogenous dasgting the tasks as M might still

be advantageous since it enables us to explore the innetwies and the ambiguity of the data
simultaneously. For example, in text classification, a deent usually comprises several separate
semantic parts (e.g., paragraphs), and several diffespittst are evolving along these parts. Since
the class-labels are often only locally tied to the docun@eugt, paragraphs are often far more topic-
focused than the whole document), base the classificatidgheowhole document would incur too
much noise and in turn harm the performance. In additiomtitng the task as RC also offers a
natural way to track the topic evolution along paragraptask that is otherwise difficult to handle.

M3C also arises naturally when the acquisition of labeled dagxpensive. For example, in scene
classification, a picture usually contains several objéxt., cat, desk, man) belonging to several
different classes (e.g., animal, furniture, human). léealotation requires a skilled expert to specify
both the exact location and class label of each object inrttage, which, though not completely
impossible, involves too much human efforts especiallydoye image repositories. The annotation
burden would be greatly relieved if each image is labeledwalsae (e.g., a caption indicating what
is in the image), which, however, requires the learningesysb be capable to handle*ka tasks.

A “pattern” or “example” is a typical sample in a data colleatand an“instance” is a part of a “pattern”.



Recently, the Latent Dirichlet Allocation (LDA, [4]) modéks been established for automatic ex-
traction of topical structures from large repository of downts. LDA is a highly-modularized
probabilistic model with various variations and extensi¢e.g., [2, 3]). By modeling a document
as a mixture over topics, LDA allows each document to be @t with multiple topics with
different proportions, and thus provides a promising wagapture the heterogeneity/ambiguity in
the data. However, the topics discovered by LDA are implicit, each topic is expressed as a dis-
tribution over words, comprehensible interpretation ofehhrequires human expertise), and cannot
be easily aligned to the topics of human interests. In agldithe standard LDA does not model the
multi-instance structure of a pattern. Hence, LDA and ks tannot be directly applied to\.

In this paper, by taking advantage of the LDA building blacke present a new probabilistic gener-
ative model for multi-class, multi-label and multi-instancorpora, referred to &srichlet-Bernoulli
Alignment(DBA). DBA assumes a tree-structure about the data, i.eh paulti-labeled pattern is a
bag of single-labeled instances. In DBA, each pattern isateablas a mixture over the set of pre-
defined classes, an instance is then generated indepgndenditioned on a sampled class-label,
and the label of a pattern is generated from a Bernoulliibision conditioned on all the sampled
labels used for generating its instances. DBA is essentidthpic model similar to LDA except that
(1) an instance rather than a single feature is generatatitmored on each sampled topic; and (2)
instead of using implicit topics for dimensionality redioctas in LDA, DBA casts each class as an
explicit topic to gain discriminative power from the datahrdugh likelihood maximization, DBA
automatically aligns the topics discovered from the datdnéopredefined classes of our interests.
DBA can be naturally tailored to RC tasks for both pattern classification and instance disguabi
tion. In this paper, we apply the DBA model to text classifimatasks and an interesting real-world
problem, i.e., named entity disambiguation for web seargdrigs. The experiments confirm the
usefulness of the proposed DBA model.

The rest parts of this paper is organized as follows. Se@ibriefly reviews some related topics
and Section 3 presents the formal description of the conpeed in MC and the basic assumptions
of our model. Section 4 introduces the detailed DBA modelSéation 5, we establish algorithms
for inference and parameter estimation for DBA. And in Set8, we apply the DBA model to text

classification and query disambiguation tasks. Finallgti®e 7 presents concluding remarks.

2 Related Works

Traditional classification largely focuses on a singleelaingle-instance framework (i.€.;.d pat-
terns, associated with exclusive/disjoint classes). Hewehe real-world is more like a web of
(sub-)patterns connected with a web of classes that thenbeb. Clearly, MC reflects more of
the reality. Recently, two partial solutions, i.e., muftstance classification (MIC) [7, 11, 1] and
multi-label classification (MLC) [10, 8, 5] were investigat MIC assumes that each pattern con-
sists of multiple instances but belongs to a single classreds MLC studies single-instance pattern
associated with multiple classes. Although both MLC and M#&@e drawn increasing attentions in
the literature, neither of them can handle the cases whelteimatance and multi-label are simulta-
neously present. Perhaps the first work investigatifg@Ns [13], in which the authors proposed an
indirectsolution, i.e., to convert an #C task into several MIC or MLC sub-tasks each of which is
then divided into single-label and single-instance cfasgion problems and solved by discrimina-
tive algorithms such as AdaBoost or SVM. A practical chajlenf this approach is its complexity,
i.e, the number of sub-tasks can be huge, making the trathate extremely sparse for each sub-
classifier and the computation cost unacceptably high ih training and testing. Recently, Cour et
al proposed a discriminative framework [6] based on conuerogate loss minimization for clas-
sifying ambiguously labeled images; and Xu et al establishdwybrid generative/discriminative
approach (i.e., a heuristically regularized LDA class)fid2] to mining named entity from web
search click-through data. In this paper, we preseageraerativeapproach for MC.

Our proposed DBA model can be viewed as a supervised ver$impic models. A widely used
topic model for categorical data is the LDA model [4]. By mbidg a pattern as a random mixture
over latent topics and a topic as a Multinomial distributmrer features in a dictionary, LDA is
effective in discovering implicit topics from a corpus. Teagpervised LDA (sLDA) model [2], by
linking the empirical topics to the label of each patterrglie to learn classifiers using Generalized
Linear Models. However, both LDA and sLDA are in essence disienality reduction techniques,
and cannot be employed directly for theé®tasks.
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Figure 1: (a): Tree structure of a multi-class multi-labelltirinstance corpus. (b):A graphic repre-
sentation of the DBA model with multinomial bag-of-featimetance model.

3 Problem Formalization

Intuitively, we can think of a pattern as a document, an imstaas a paragraph, and a feature as a
word. In M3C, we are interested in inferring class labels for both theudoent and its paragraphs.

Formally, letX ¢ R® denote the instance space (e.g., a vector spate){1,2,...,C} (C > 2)
the set of class labels, add = {f1, f2,..., fp} the dictionary of features. A multi-class, multi-
label multi-instance corpu® consists of a set of input pattergs(,, }n—1.2,.... .~ along with the
corresponding label§Y;, },,=1 2,.... n, Where each patter,, = {Xun }m=1,2,....m, CONtains a set
of instancex,,, € X, andY,, C ) consists of a set of class labels. The goal ¢fQMs to find a
decision ruley” = p(X) : 2% — 2, where2* denotes the power set of a sét For simplicity, we
make the following assumptions.

Assumption JExchangeability]: A corpusis a bag of patterns, and eatfepais a bag of instances.

Assumption ZDistinguishablity]: Each pattern can belong to severalksks, but each instance
belongs to a single class.

These assumptions are equivalent to assuming a tree sedictuhe corpus (Figure 1(a)).

4 Dirichlet-Bernoulli Alignment

In this section, we present Dirichlet-Bernoulli AlignmgitBA), a probabilistic generative model
for the multi-class, multi-label and multi-instance cospdescribed in Section 3. In DBA, each
patternX in a corpusD is assumed to be generated by the following process:

1. Sampleéd~Dir(a).
2. For each of thé/ instances inX:

> Choose a class ~Mult(8);

> Generate an instanee~ p(x|z, B);
3. Generate the labgk p(y|z1.a7,A).

We assume the total number of predefined classésjs known and fixed. In DBAa =
[a1,...,ac]"” with a. > 0,c = 1,...,C, is aC-vector prior parameter for a Dirichlet distribu-
tion Dir(a), which is defined in the(f-1)-simplex:0. > 0, chzl 6. = 1. zis a class indicator, i.e.,
a binaryC-vector with the 1-of¢' code: z. = 1 if the c-th class is chosen, and # ¢, z; = 0.

Yy = [y1,...,yc] " is also a binaryC-vector withy,. = 1 if the patternX belongs to the-th class
andy. = 0 otherwise.

In this paper, we assume the label of a pattern is generate@dbst-sensitive voting process accord-

ing to the labels of the instances in it, which is intuitiveiyasonable. Asaresult, (c=1,...,C)is
generated from a Bernoulli distribution, i.e(y.|r.) = (7.)¥% (1—m.)(1~%), wherer is a probabil-
ity vector based on a weighted empirical average of the Blgirealization\"z,z = [z;,...,Z¢] |
is the average dofy, ...,z Z. = % Zﬁf:l zZme- FOr examplesr can be a Dirichlet distribution
w~Dir(A1z1,. .., AcZ¢). In this paper, we use a logistic model:

plye = 1]z, 3) = —2PLE) ®

C 14 exp(Aeze)”
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In practice, the set of possible instances can be quite shyesuch as pictures, texts, music and
videos on a web page. Without loss of generality, we follo& tlonvention of topic models to
assume that each instances abag of discrete feature§fi, fo,. .., fr.} and use a multinomial
distributior?:

p(X|z, B) = p({f1, -+, fr}|2, B) o< Ui bes - bep|ee=1,

where L is the total number of feature occurrencesilfe.g., the length of a paragraph}, =
[b1,...,bp] is aC x D-matrix with the ¢, d)-th entryb.q = p(fs = 1|z. = 1) andx, is the
frequency off in x. The joint probability is then given by:

M L
p(vaa Z70|avaA) :p(0|a) H < Zm|0 Hp ,fml|B Z’m )p(y|27A) (2)
m=1 =1

The graphical model for DBA is depicted in Figure 1(b). We sae that DBA has a diagram very
similar to that of sLDA (Figure 1 in [2]). The key differencase: (1) Instead of using implicit
topics for dimensionality reduction as in SLDA, DBA casts firedefined classes as explicit topics
to discover the discriminative properties from the datd;A2ag-of-feature instance rather than a
single feature is generated conditioned on each sampléexi(tdass); (3) DBA models a multi-class,
multi-label multi-instance corpus and can be applied diygo M3C, i.e., the classification of each
pattern as well as the instances within it.

5 Parameter Estimation and Inference

Both parameter estimation and inferential tasks in DBA im@dntractable computation of marginal
probabilities. We use variational methods to approximadsé distributions.

5.1 Variational Approximations

We use the following fully-factorized variational distition to approximate the posterior distribu-
tion of the latent variables:

M C M
0(2,617,9) = 4(81) T] a(zulbn) = - H 1% a0 <9 11 ¢,sz> @)
m=1 c= 1 c=1 =

wherey and®=[¢1,. .. ¢)/] are variational parameters for a patte¥n We have:

log P(X,y[a, B, \) = log /0 S p(X,y, Z,6la, B, \)d6
Z

(4)
=L(v,®) + KL(4(Z, 6}, ®)||p(Z, 612, B, X)) ~ max L(7, ).
whereK L(q(z)||p(z)) = [, q(x 1og (I) ) dz is the Kullback-Leibler (KL) divergence between two
distributionsp andg, andﬁ( ) is the variational lower bound for the log-likelihood:
p(Xa ya Z,0|a,B, )‘)
P zlog/ q(Z,0|~,P)log df = E,[logp(8la
M M (5)
+ ) Eyllogp(zm|0)] + > Eqflog p(Xm|B, zm)] + Eqllog p(y|z, A)] + H,.
m=1 m=1

2This is only a simple special case instance model for DBAs Huite straightforward to substitute other
instance models such as Gaussian, Poisson and other mopécaied models like Gaussian mixtures.



The first two terms and the fifth term (the entropy of the vaoisl distribution) in the right-hand
side of Eq.(5) are identical to the corresponding terms iDAI[2]. The third term, i.e., the varia-
tional expectation of the log likelihood for instance ohsgions is:

M M C D
Z ]Eq Ing XmlB Zm)] = Z Z Z (bmcxmd lOg bcd- (6)
m=1

m=1c=1d=1

The forth term in the righthand side of Eq.(5) correspondbéexpected log likelihood of observing
the labels given the topic assignments:

M C _
E,[log p(yl2, A) Z > e~ )Aebme - )
We bound the second term above by using the lower bound festiogunction [9]:
~ log(exp Afc +exp _A;zc) > —log(1 + exp(—&.)) — 5—0 +edeze — &) .
—log(1 + exp(—¢c)) — é + 26 (Aezebe — €2), v
where¢=[¢;, ..., &c]T are variational parametexg, = ﬁ tanh(%ﬂ), and the second order residue

term is omitted since the lower bound is exact whga- —\ Z..

Obtaining an approximate posterior distribution for theifa variables is then reduced to optimizing
the objectivemax £(q) or min K L(q||p) with respect to the variational parameters. By using La-
grange multipliers, we can easily derive the optimal caaditvhich can be achieved by iteratively
updating the variational parameters according to theviofig formulas:

AC c
Drme X H(bcd)m"“i exp (‘If(%) + m[2yc 1+ taunh(g )]),
d=1

M 1 M (9)
Ye = Q¢ + Z Qbmm gc = _/\CM Z ¢mc7
m=1

m=1

where¥ (-) is the digamma function. Note that instead of only one feata@ntributing tap,,,. as in
LDA, all the features appearing in an instance are now resptnfor contributing. This property
tends to make DBA more robust to data sparsity. Also, DBA realee of the supervision infor-
mation with a termzccz1 AcZe(2y. — 1) in the variational likelihood bound. As L is optimized,
this term is equivalent to maximizing the likelihood of sding the classes to which the pattern be-
longs: {max A, Zﬁfil Zme, If Y. = 1} and simultaneously minimizing the likelihood of sampling
the classes to which the pattern does not beldngin A. Zn]\le Zmey It ye = 0}, HereX. (-A.)
acts like a utility (cost) of assigning to thec-th class. As a result, it tends to align the Dirichlet

topics discovered from the data to the class labels (Belirmhgervationsy. This is why we coin
the nameDirichlet-Bernoulli Alignment .

5.2 Parameter Estimation

The maximum likelihood parameter estimation of DBA reliestloe variational approximation pro-
cedure. Given a corpi = {(X,,,V,,) }n=1,... n, the MLE can be formulated as:

a*, B*,\* =argmaxlog P(D|a, B, \) = arg max Z max ﬁ('yn,fb |a, B, A). (10)
aBA



Table 1: Characteristic of the data sets.
Data Set  #Train #Test D C Ywg #(Y[>1) Muvg Mpin  Mpax
Text 1200 679 500 10 1.4 721 (38.4%) 8.2 1 36
Query 300 100 2000 101 1.4 99 (24.8%) 65 3 731
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Figure 2: Accuracies(%) of DBA, MNB, MIMLSVM, and MIMLBoodgbr text classification.

The two-layer optimization in Eq.(10) involves two grouggarameters corresponding to the DBA
model and its variational approximation, respectively.ti@jzing alternatively between these two
groups leads to a Variational Expectation Maximization fElgorithm similar to the one used in
LDA, where the E-step corresponds to the variational agpration for each pattern in the corpus.
And the M-step in turn maximizes the objective in Eq.(6) tw.the model parameters. These two
steps are repeated alternatively until convergence.

5.3 Inference

DBA involves three types of inferential tasks. The first tésho infer the latent variables for a
given pattern, which is straightforward after the varintibapproximation. The second task, pat-
tern classification, addresses prediction of labels forw patternX: p(y. = 1|X;a B,\) =
exp(Aede)/(1 + exp(Aede)), whered, = & S°M_ 4, and the termde[2y. — 1 + tanh()]

is removed when updatingy in Eq.(9). The third task, instance disambiguation, findsela
for each instances within a patterp(z,,|X,y) = [gp(zm,0|X,y)d0 =~ ¢(zn|0,,), that is,

p(ch = 1|Xa y) = Ome-

6 Experiments

In this section, we conduct extensive experiments to tesDBA model as it is applied to pattern
classification and instance disambiguation respectiV@g/first apply DBA to text classification and
compare its performance with state-of-the-arft@algorithms. Then the instance disambiguation
performance of DBA is tested on a novel real-world task, hamed entity disambiguation for web
search queries. Table 1 shows the information of the dasaused in our experiments.

6.1 Text Classification

This experimentis conducted on thiedApt e split of theReut er s- 21578 text collection, which
contains 10788 documents belonging to the most popularaE8es. We use the top 500 words with
the highest document frequency as features, and repremgmtiecument as a pattern with each of
its paragraphs being an instance in order to exploit the sBnstructure of documents explicitly.
After eliminating the documents that have empty label s&tss than 20 features, we obtain a subset
of 1879 documents, among which 721 documents (about 38.4%) multiple labels. The average
number of labels per document is £@.6 and the average number of instances (paragraphs) per
pattern (document) is 8424.8. The data set is further randomly partitioned into a sib§ 1200
documents for training and the rest for testing.

For comparison, we also test two state-of-the-atOMilgorithms, theMIMLSVM andMIMLBoost
[13], and use the Multinomial Naive Bayes (MNB) classifiairted on the vector space model of the
whole documents as the baseline. For a fair comparisorarlikernel is used in both MIMLSVM
and MIMLBoost and all the hyper-parameters are tuned bylémss validation prior to training.
We use the Hamming-Accuracy [13] to evaluate the resultsPi®A and MNB, the label is esti-
mated by:y = d(p(y = 1|X) > t), where the cut-off probability threshold is also selectaddu

on 5-fold cross validation. Each experiment is repeatedfaandom runs and the average results
are reported by a bar chart as depicted in Figure 2. We carhatg(1) for most classes, the three



Table 2:Accuracy@V (N = 1, 2, 3) and micro-averaged and macro-averaged F-measures of MBB,and
SVM based disambiguation methods.

Method A@1 Gain A@2 Gain A@3 Gain Fricro Gain Frnacro Gain
MNB-TF 0.4154 | 30.4% | 0.4913 | 25.7% | 0.5168 | 25.4% 0.4154 30.4% 0.3144 47.0%
MNB-TF-IDF 0.4177 | 29.6% | 0.4918 | 25.6% | 0.5176 | 25.2% 0.4177 29.6% 0.2988 54.7%
SVM-TF 0.4927 | 9.9% NA NA 0.4927 9.9% 0.3720 24.2%
SVM-TF-IDF 0.4912 | 10.2% NA NA 0.4912 10.2% 0.3670 25.0%
DBA 0.5415 - 0.6175 - 0.6482 - 0.5415 - 0.4622
1 . . . . . 1 .
oA DBA
08r MNBTF i 081 - m:SIEIDF
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Figure 3:Precision and Recall scores for each of 101 classes by usi#g INB and SVM based methods.

M3C algorithms outperform the MNB baseline; (2) the perforaeaf DBA is at least comparable
with MIMLBoost and MIMLSVM. For most classes amayerall, DBA performs the best, whereas
for some classes, MIMLBoost and MIMLSVM perform even slightvorse than MNB. A possi-
ble reason might be: if the documents are very short, sgiitthem might introduce severe data
sparseness and in turn harms the performance. We also elikatvDBA is much more efficient
than MIMLBoost and MIMLSVM. For training, DBA takes 42 minsi@verage, in contrast to 557
minutes (MIMLSVM) and 806 minutes (MIMLBoost).

6.2 Named Entity Disambiguation

Query ambiguity is a fundamental obstacle for search erngigapture users’ search intentions. In
this section, we employ DBA to disambiguate the named estiti web search queries. This is a
very challenging problem because queries are usually Vet §2 to 3 words on average), noisy
(e.g., misspellings, abbreviations, less grammaticatsire) and topic-distracted. A single named-
entity queryQ can be viewed as a combination of a single named entityd a set of context words
w (the remaining text ir))). By differentiating the possible meanings of the namedeima query
and identifying the most possible one, entity disambiguratian help search engines to capture the
precise information need of the user and in turn improveckehy responding with the truly most
relevant documents. For example, when a user inpisen are the casting calls for Harry Potter
in USA?, the system should be able to identify that the ambiguousethentity ‘Harry Potter’
(i.e., it can be anovie abookor agamg really refers to anoviein this specific query.

We treat the ambiguity oé as a hidden class overe and make use of the query log as a data
source for mining the relationship amoagw andz. In particular, the query log can be viewed
as a multi-class, multi-label and multi-instance corguX,,,Y;,)}n=12,...~, in which each pat-
tern X corresponds to a named-entityand is characterized by a set of instan€es }m=12....m
corresponding to all the contex{®v,, }.,=1.2.... a that co-occur withe in queries, and the lab&(
contains all the ambiguities ef

Our data was based on a snapshoan$wer s. yahoo. comcrawled in early 2008, containing
216563 queries fromL01 classes. We manually collect 400 named entities and labei titcording
to the labels of their co-occurring queries in Yahoo! CQAadomly chosen subset of 300 entities
are used as training data and the other 100 are used forgedtincompare our DBA based method
with baselines including Multinomial Naive Bayes classifising TF MNB-TF or TF-IDF (MNB-
TFIDF) as word attributes, and SVM classifier using BVM-TH or TFIDF (SVM-TF-IDR. For
SVM, a similar scheme as MIMLSVM is used for learning ®classifiers.

Table 2 demonstrates the Accuraci@N = 1, 2, 3) as well as micro-averaged and macro-average
F-measure scores of each disambiguation apprfoagh the results are obtained through 5-fold
cross-validation. From the table, we observe that DBA aasesignificantly better performance
than all the other methods. In particular, for Accuracy@drss, DBA can achieve a gain of about

3Since SVM only outputs hard class assignments, there is saracy@2,3 for SVM based methods.



30% relative to two MNB methods, and abaolt% relative to two SVM methods; for macro-average
F-measures, DBA can achieve a gain of aldj over MNB methods, and abo5% over SVM
methods. As a reference, in Figure 3, we also illustratedhted precision and recall scores for each
of the 101 classes. We can see that, DBA slightly outperfahmdaselines in terms of precision,
and significantly performs better in terms of the recall ssorin particular, for recall, DBA can
achieve a gain of more thai9% relative to MNB and SVM baselines.

7 Concluding Remarks

Multi-class, multi-label and multi-instance classificatiM>C) is encountered in many applications.
Even for task that is not explicitly an & problem, it might still be advantageous to treat it as
M3C so as to better explore its inner structures and effegtivehdle the ambiguities. R&C also
naturally arises from the difficulty of acquiring finely-lelled data. In this paper, we have proposed a
probabilistic generative model for N corpora. The proposed DBA model is useful for both pattern
classification and instance disambiguation, as has betdtesspectively in text classification and
named-entity disambiguation tasks.

An interesting observation in practice is that, althougkréhmight be a large number of
classes/topics, usually a pattern is only associated witera limited number of them. In our
experiment, we found that substantial improvement coulddigeved by simply enforcing label
sparsity, e.g., by using LASSO style regularization. lufat we will investigate such “Label Parsi-
moniousness” in a principled way. Another meaningful itigegion would be to explicitly capture

or explore the class correlations by using, for example L thgistic Normal distribution [3] rather

than Dirichlet.
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