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ABSTRACT
Web searches are increasingly formulated as natural language ques-
tions, rather than keyword queries. Retrieving answers to such
questions requires a degree of understanding of user expectations.
An important step in this direction is to automatically infer the type
of answer implied by the question, e.g., factoids, statements on a
topic, instructions, reviews, etc.

Answer Type taxonomies currently exist for factoid-style ques-
tions, but not for open-domain questions. Building taxonomies for
non-factoid questions is a harder problem since these questions can
come from a very broad semantic space. A few attempts have been
made to develop taxonomies for non-factoid questions, but these
tend to be too narrow or domain specific. In this paper, we address
this problem by modeling the Answer Type as a latent variable that
is learned in a data-driven fashion, allowing the model to be more
adaptive to new domains and data sets. We propose approaches
that detect the relevance of candidate answers to a user question by
jointly ‘clustering’ questions according to the hidden variable, and
modeling relevance conditioned on this hidden variable.

In this paper we propose 3 new models: (a) Logistic Regression
Mixture (LRM), (b) Glocal Logistic Regression Mixture (G-LRM)
and (c) Mixture Glocal Logistic Regression Mixture (MG-LRM)
that automatically learn question-clusters and cluster-specific rele-
vance models. All three models perform better than a baseline rel-
evance model that uses explicit Answer Type categories predicted
by a supervised Answer-Type classifier, on a newsgroups dataset.
Our models also perform better than a baseline relevance model
that does not use any answer-type information on a blogs dataset.
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1. INTRODUCTION
With the emergence of mobile devices and digital personal as-

sistants such as Siri, users have come to expect search engines to
answer well formed natural language questions. Recent improve-
ments in many search engines indicate an attempt to address such
complex information needs by better understanding users’ ques-
tions [1, 2, 6] and in turn providing better summaries of retrieved
passages and sometimes by directly extracting answers. For exam-
ple, both GoogleTMand BingTMreturn a factoid-style answer for the
question “Who is the president of the United States”. While these
approaches have been successful for a small class of factoid queries
or questions (typically on the topics of “people”, “weather”, “defi-
nitions”, “movie showtimes”, etc.), web-search engines still fail to
understand the vast majority of natural language questions. Specif-
ically, search engines still return the standard 10 blue links for sub-
jective questions that express complex information needs. Exam-
ples of such questions are: “Is abortion ethical?” and “What was
the impact on NYC of the stop-and-frisk practice by the NYPD?”
Users resort to social media, newsgroups and community QA sys-
tems for these kinds of questions [10]. In this paper we aim to
answer subjective questions of this nature by rooting our methods
in both Document Retrieval and Question Answering.

Usually Question Answering makes a broad distinction between
factoid and non-factoid questions [36]. Factoid questions have fixed,
fact-based answers, which can typically be easily categorized into
a small, well defined taxonomy. For example, the question “Who
was the first woman killed in the Vietnam War?” expects a person
name as an answer, while “Which country has the longest life ex-
pectancy?” expects for a country name. Conversely, non-factoid
questions such as the one on the ‘stop-and-frisk policy’ mentioned
above are more subjective in nature, and tend to have more than a
single correct answer.
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The task of finding an answer for factoid questions has received a
lot of attention in the past [36]. A popular approach in this domain
is to classify the question into an Answer Type class [19], which
gives clues about the nature of the answer sought by the question.
Answer Type determination is useful because it reduces the search
space of answers (one would not consider person names as candi-
date answers to the question “Which country has the longest life
expectancy?”), helps in building specific features and enables spe-
cialized answer-type-specific relevance prediction models.

For factoid question answering in a limited domain, it is likely
that a large set of the questions will fall into a limited set of An-
swer Type classes. However, there is evidence that the same does
not hold for non-factoid questions. Although authors have shown
the importance of determining the Answer Types for non-factoid
questions (e.g., see Razmara and Kosseim [33] for questions requir-
ing Lists as answers), it appears that determining a broad, reusable
taxonomy is a difficult task, even in limited domains and with re-
strictions on how questions are formulated. For example, Verberne
et al. [35] experiment with two different datasets of Why questions
and use different taxonomies for each. Designing a new taxonomy
for every dataset and then labeling training questions accordingly
requires considerable manual efforts and is costly.

We circumvent the difficulty of establishing an Answer Type tax-
onomy by using a latent variable as proxy for Answer Type or for
other categorization criteria that might be used to group questions.
We introduced supervised probabilistic framework that groups ques-
tions into latent clusters and models the relevance of a candidate
answer to the question jointly, using training data annotated only
for relevance.

Since our proposed techniques make no assumptions about ques-
tion categories, they can easily be adapted to new domains. We
can interpret our approach as one of joint question-clustering and
relevance-prediction, and show that our models result in better pre-
dictions via empirical evaluations on two different datasets.

Our contributions can be summarized as follows:

• We introduce a framework that assumes that non-factoid ques-
tions, like factoid questions, can belong to numerous cate-
gories or clusters which can be useful for relevance predic-
tion. Our assumption is validated in our experiments when
our models outperform a cluster agnostic baseline.

• We present three different probabilistic models that identify
these latent question clusters in a data driven manner and
build cluster specific relevance prediction models.

• We show that our models outperform competitive baselines [28]
which use manually labeled data to construct an Answer-
Type classifier by at least 5.5%.

• We compare our models to a method that uses an Answer-
Type Oracle and show that they perform competitively.

In the next section we describe related work. Section 3 describes
our predictive models and their training procedure in details, and is
followed by an empirical evaluation in Section 4. Section 5 con-
cludes the paper with a brief summary of the findings and a discus-
sion of future work.

2. RELATED WORK
Factoid and non-factoid questions have mostly been treated dif-

ferently, and there has been some previous work in identifying
whether a question requires a factoid answer, primarily for commu-
nity question answering. Li et al. propose a supervised [26] and a

co-training based approach [25] to address this problem. Aikawa et
al. [3] present a supervised approach using lexical features for the
same problem. While these approaches require hand-tagged data
for training, Zhou et al. [39] utilize social signals in Community
Question Answering (CQA) forums to collect training data.

The domain of factoid question answering has attracted a lot of
attention in the past. Srihari and Li [34] and Moldovan et al. [29]
had shown the usefulness of categorizing a question using the ques-
tion word alone or a combination of question word and answer’s
semantic class. Hovy et al. [19, 23] presented a system that classi-
fied a question according to the desired Answer Type followed by
a matching of questions and candidate answers using word level
and parse tree level information. Following this, numerous ef-
forts focused on two areas: question classification and improv-
ing answer pinpointing. Hermjakob [17] enriched question pars-
ing using the Penn treebank corpus with additional question tree-
bank while Li and Roth [27] hierarchically classified questions to
a coarse and fine classes using words, POS tags, chunks, named
entities, head chunk and semantically related words as features.
There have been several other attempts at identifying good sets
of features for question classification in factoid question answer-
ing such as those using subtree features [24] and head-words and
their hypernyms [20]. Moschitti et al. [30] exploited Predicate-
Argument Structure (PAS) for Question Classification, relevance
detection and answer re-ranking. All of these works focused on fac-
toid questions of the kind studied in the TREC QA task [36]. The
Watson computer system that competed (and won!) in the game-
show Jeopardy also made heavy use of components that classified
questions and determined the lexical answer type [22]. However,
the format of Jeopardy also largely deals with factoid questions.
As Watson is being adapted to other domains like medical 1 these
underlying components have to be adapted and re-trained.

The domain of non-factoid question answering is more challeng-
ing. Previous research has tried to exploit the idea of question clas-
sification for answer determination. However, this has been lim-
ited to retrieving answers to specific question types (like “Why"
or “How" questions) and/or often designing a new domain specific
taxonomy. For example, Oh et al. [31] suggest using sentiment
features and word class features to retrieve answers to Why ques-
tions, which are a small subset of general non-factoid questions.
Higashinaka and Isozaki [18] build a Japanese Why-Question An-
swering system using causal relationships extracted in a data-driven
manner. On the other hand, Bu et al. [8] addressed the general Chi-
nese non-factoid question-answering task by designing a taxonomy
of six Answer Type categories. Their system is based on Markov
Logic Networks trained on lexical features. Qu et al. [32] present a
supervised method to automatically classifying questions from the
popular CQA website, Yahoo! Answers into manually designed
topics arranged in a hierarchical scheme.

The idea of classifying a question into categories before search-
ing for an answer has also been extended to the domain of web
query processing. Broder [7] provided a taxonomy for web query
classification. Cao et al. [9] improve query classification using
user’s search history. This idea was further extended by Gohar-
ian and Mengle [16] using a dynamic window to look for previ-
ous queries and using Relationship Net to mine relationships be-
tween categories. Beitzel et al. [5] use semi-supervised learning to
classify queries according to a pre-determined typology. Chen et
al. [11] and Beitzel et al. [4] also propose methods to incorporate
unlabeled data to improve query classification.

1http://www-01.ibm.com/software/ebusiness/
jstart/downloads/MRTAWatsonHIMSS.pdf
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Another direction in the domain of web-search has focused on
query-rewriting and query clustering in search logs using session
information or the query-document click graphs (eg., [21, 38]).
These works aim at clustering queries with the same information
need. In the current work we are attempting to capture a much
broader categorization of the questions. We also don’t assume ac-
cess to click-through information or session information, though
those would provide for interesting extensions to our work.

Sometimes a particular question category is further divided into
sub categories to build a successful system. Razmara and Kosseim
[33] retrieve answers to List questions by further dividing this cate-
gory into nine sub-categories and use word co-occurrences to mine
the answer. Similarly, Verberne et al. [35] use Rhetorical Structure
Theory to mine answers for ‘Why’ questions. They experiment with
two ‘Why’ questions datasets and divide the ‘Why’ questions into
two and five sub-classes respectively. There have also been several
models proposed that implicitly cluster documents (e.g., [37]) for
ad-hoc retrieval. Those works usually assume that relevant docu-
ments are typically “near" each other in some Euclidean space. Our
work is orthogonal to these and looks at clustering questions.

Our work is significantly different from all of the above approaches.
Unlike previous approaches, our models do not rely on the exis-
tence of a taxonomy. They assume that questions belong to differ-
ent categories and each category could be modeled more effectively
by a different model. These categories are discovered automatedly
in a data-driven manner eliminating the need for human-guided tax-
onomy design or supervised Answer Type classifiers for questions.

3. JOINT QUESTION CLUSTERING AND
RELEVANCE PREDICTION MODELS

This section contains a detailed description of our models and
their training algorithms.

3.1 Problem Setting
We address the problem of predicting if a given snippet a (a short

excerpt of a document, e.g., a sentence) provides an answer to a
given non-factoid question q. If a answers q, we say that it is a rel-
evant snippet, otherwise we say it is irrelevant. Our training dataset
consists of question and snippet pairs labeled with the correspond-
ing relevance judgments. A relevance judgment r equals to 1 or
0, denoting that the snippet was judged by human annotators to be
relevant or irrelevant to the question, respectively. The questions
are not assumed to be labeled with any Answer Type categoriza-
tion and the only supervision given to the model during training is
in form of relevance judgment.

3.2 Model Description
We propose three different joint question-clustering and relevance-

prediction models that assume that each question belongs to a latent
category c (the terms category and cluster are used interchangeably
in the rest of the discussion), and that relevance prediction should
partly depend on this cluster assignment. Also, during the genera-
tive process, each of the three models assumes that the cluster as-
signment is conditionally independent of the answer snippet given
the question. To model the influence of the cluster-assignment on
the answer, we introduce a new binary relevance variable r that rep-
resents the relevance of the answer to the question and the cluster
assignment. As shown in the graphical models in Figure 1, when
r is observed, it activates the v-structure between c and a, making
them conditionally dependent on each other. For this purpose, for
each training instance we design two distinct feature vectors:

For every data instance:
1. Generate the cluster assignment, c ∈ {1...K}, given

the question, q, using P (c|q) (using weights λ)
2. Generate the relevance prediction, r, given the clus-

ter assignment, c, question, q and answer snippet, a,
using P (r|q, a, c) (using cluster specific weights, ~wc,
and global weights, ~ω, if applicable)

(a) Logistic Regression Mixture (LRM) and Glocal Logistic Regression
Mixture (G-LRM)

For every data instance:
1. Generate the cluster assignment, c ∈ {1 . . .K}, given

the question, q, using P (c|q) (using weights λ)
2. Generate the global vs local choice, h ∈ {0, 1} with

bias π
3. (a) If h = 0, generate the relevance prediction, r,

given the question, q and answer snippet, a, using
P (r|q, a) (using global weights, ~ω)

(b) If h = 1, generate relevance prediction, r, given
the cluster assignment, c, question, q and an-
swer snippet, a, using P (r|q, a, c) (using cluster
weights, ~wc)

(b) Mixture Glocal Logistic Regression Mixture (MG-LRM)

Figure 2: Generative stories for generating relevance prediction, r,
for the three proposed models.

• the clustering feature vector, fq , used by the clustering com-
ponents of our models, uses features extracted from only the
question
• the relevance feature vector, fqa, used by the relevance pre-

diction components of our models, consists of features ex-
tracted from questions and potential answers and both.

All the three proposed models, as well as the baselines described
later, use the same set of features described above. Using these
definitions and assumptions, the probability of relevance given the
question and the answer can be modeled by the following equation:

P (r|q, a) =

K∑
c

P (c|q, a)P (r|q, a, c)

≈
K∑
c

P (c|q)P (r|q, a, c) (1)

All the proposed models parametrizeP (c|q) as a log-linear model:

P (c|q) = e
~λc ~fq∑
k e

~λk ~fq
(2)

where, fq is the feature vector describing the question q, and ~λc is
the weight vector of the log-linear model for the cluster c. There
are K weight vectors, one corresponding to each of the K clusters.

Differences in the three models lie in the ways they use logistic
regression to formulate P (r|q, a, c). We now describe the three
models in detail.

Logistic Regression Mixture (LRM).
The first model (shown in Figure 1a) assumes that each ques-

tion cluster has a separate relevance prediction model. Hence, each
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Figure 1: Plate diagram of the three proposed models. Question, q, potential answer, a and relevance, r are the observed variables while
cluster assignment, c and global vs cluster-specific model choice, h, are the latent variables. All other nodes are the model parameters to be
learned during training. ~λ are the clustering weights used to generate cluster assignment for the question, ~w are the cluster specific relevance
prediction weights and ~ω is the global cluster agnostic relevance prediction weight. π is the bias of the global vs cluster specific model
chooser, h.

Model Name Objective Function

LRM P (r|q, a,w,λ) =
∑K
c

e
~λc ~fq∑
k e
~λk

~fq

(e~wc
~fqa )r

1+e~wc
~fqa
− α

∑K
k (||~wk||2 + ||~λk||2)

G-LRM P (r|q, a, ~ω,w,λ) =
∑K
c

e
~λc ~fq∑
k e
~λk

~fq

(e~ω
~fqa+~wc ~fqa )r

1+e~ω
~fqa+~wc ~fqa

− α
(
||~ω||2 +

∑K
k (||~wk||2 + ||~λk||2)

)
MG-LRM P (r|q, a, ~ω,w,λ) =

∑K
c

e
~λc ~fq∑
k e
~λk

~fq

[
(1− π) (e

~ω~fqa )r

1+e~ω
~fqa

+ π (e~wc
~fqa )r

1+e~wc
~fqa

]
− α

(
||~ω||2 +

∑K
k (||~wk||2 + ||~λk||2)

)
Table 1: Objective functions used by the proposed models.

P (r|q, a, c) has a separate logistic regression model:

P (r|q, a, c) = (e~wc
~fqa)r

1 + e~wc
~fqa

(3)

where fqa is the feature vector constructed from the question q, and
answer snippet a.

Our models, including the LRM, are inherently conditional since
they model P (r|q, a) and not the joint probability P (r, q, a). How-
ever, conditioned on the question, q and the answer-snippet a, there
is a step-by-step generative process by which they make predic-
tions, r. This process for LRM is shown in Figure 2a. To avoid
problems of over-fitting, we regularize the model weights using L2
regularization. The complete optimization objective used by this
model is given in Table 1. We learn the values for model parame-
ters, ~wc and ~λc during training.

Glocal Logistic Regression Mixture (G-LRM).
The previous model learns separate logistic regression weights

for each cluster. However, there can be some features which are
cluster independent and are equally important (or unimportant) ir-
respective of the cluster assignment of the question. A measure of
lexical overlap between question and answer snippet could be one
example of such a feature. The previous model would need to re-
peatedly learn independent weights for this feature for each cluster.
We reduce this extra effort in our second model, G-LRM, (shown
in Figure 1b and Figure 2a) by allowing one cluster independent
global weight vector, ~ω, and several cluster specific local weights,
~wc:

P (r|q, a, c) = (e~ω
~fqa+~wc ~fqa)r

1 + e~ω
~fqa+~wc ~fqa

(4)

where, as before, fqa is the feature vector constructed using the
question q, and answer snippet a and the weights are L2 regular-
ized. The complete optimization objective used by this model is
shown in Table 1. In addition to ~wc and ~λc, this model also learns
the value for ~ω during training.

Mixture Glocal Logistic Regression Mixture (MG-LRM).

In this model we propose another way of incorporating the global
and the local weight vectors. We model the relevance probability
using a mixture of two logistic regression models: a global cluster
independent model Pg(r|q, a), with weight ~ω andK different local
cluster specific models Pl(r|c, q, a), with weights ~wc. The mixture
membership is controlled using π which is learned during training.

P (r|q, a, c) = [(1− π)Pg(r|q, a) + πPl(r|c, q, a)]

=

[
(1− π) (e~ω

~fqa)r

1 + e~ω
~fqa

+ π
(e~wc

~fqa)r

1 + e~wc
~fqa

]
(5)

Table 1 shows the complete equation used by the model, the plate
diagram of this model is shown in Figure 1c and the story for mak-
ing the relevance prediction is shown in Figure 2b. In addition
to the latent cluster assignment variable, c, this model assumes
another latent variable, h, which is binary in nature and helps in
choosing between the global model with ~ω as weights when h = 0
and the cluster specific model which use ~wc as weight when h = 1.

3.3 Training
We train the three models by maximizing the log-likelihood of

the data. Since the log likelihood function is non-convex, we use
Expectation-Maximization [12] for training. During the E-step we
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compute the expectations for latent variable assignments using pa-
rameter values from the previous iteration and in the M-step, given
the expected assignments we maximize the expected log complete
likelihood with respect to the model parameters.

Notations.
Our description of EM algorithm uses the following notations:

N refers to the total number of training instances and a subscript
of n represents the nth training instance; ckn is a notation for the
nth instance getting assigned to the kth cluster; <> refers to the
expected value and R is a general shorthand for regularizer terms.
A symbol with~represents a vector and one in bold face represents
a collection of vectors. The regularizer terms for the three different
models are shown in Table 1. Also, P (rn|qn, an, ckn) in the above
equations is modeled using Equations 3, 4 and 5 for LRM, G-LRM
and MG-LRM respectively.

LRM and G-LRM:
.

E-Step:

< ckn >∝
e
~λk ~fqn∑K

k′ e
~λk′

~fqn
P (rn|qn, an, ckn)

M-Step objective:

< L >R =

N∑
n

K∑
k

< ckn > (log
e
~λk ~fqn∑K

k′ e
~λk′

~fqn

+ logP (rn|qn, an, ckn))−R

MG-LRM:.
For MG-LRM, we have two latent variables: c for cluster assign-

ment and h for the choice between the global relevance model and
the cluster-specific relevance model. Using zn(c, h) to represent a
configuration of c ∈ 1...K, and h ∈ 0, 1 assignments for the nth
instance and δa(x) for the Kronecker delta function which takes
the value of 1 whenever x = a and 0 otherwise, EM could be per-
formed using the following equations:
E-Step:

< zk,hn > ∝ e
~λk ~fqn∑K

k′ e
~λk′

~fqn
((1− π)Pg(rn|qn, an))δ0(hn)

(πPl(rn|qn, an, ckn))δ1(hn)

M-Step objective:

< L >R=

N∑
n

K∑
k

∑
h∈{0,1}

< zk,hn > (log
e
~λk ~fqn∑K

k′ e
~λk′

~fqn

+ δh(0) log(1− π)
(e~ω

~fqa)r

1 + e~ω
~fqa

+ δh(1) log π
(e~wc

~fqa)r

1 + e~wc
~fqa

)−R

Optimization:.
For LRM and MG-LRM, the M-step objective functions are con-

vex in the parameters ~wc and ~ω and π (where applicable). There-
fore, in the M-step of these models, we have used BFGS [14, 15]
to minimize the negative of the objective function.

However, for G-LRM, the M-step objective is bi-convex in ~wc
and ~ω. Consequently, we adopt an alternate optimization strategy

where the a single iteration of EM has two steps. In the first step,
we compute< zk,hn > and optimize for the global variable ~ω using
BFGS algorithm, keeping the local variables ~wc and ~λc constant.
In the next step we recompute < zk,hn > and optimize the local
variables ~wc and ~λc using the BFGS algorithm, keeping the global
variable ~ω constant.

3.4 Feature Engineering
Questions and candidate snippets are analyzed by our informa-

tion extraction pipeline [13], which extracts entity mentions, per-
forms within-document and cross-document coreference, detects
relations between entity mentions, compute parse trees, and assigns
semantic roles to constituents of the parse tree. The features used
for relevance prediction are an extension of those used in the [28].
We have engineered two classes of features – the first set of features
are derived from a syntactic and semantic analysis of the question
only. The second class of features attempt to capture the relevance
of the snippet to the query.

3.4.1 Question Clustering Features
These features aim to capture the category of the question. Sev-

eral of these features rely on the output of our parser that annotates
the question with a Penn-tree-style parse2.

1. The first word in the question.

2. The part-of-speech (POS) of the first word in the question.

3. The first WH-word or Verb if no WH-word is found. This
feature captures words like Who, List, What, Describe etc.
This feature can be different from the one in (1) as there are
some questions where the WH word is not the first word, e.g,
in the question List reasons why married people have affairs.,
the first word is List but the first WH-word is why.

4. The POS tag for the first WH-word found before.

5. The Noun Phrase to the right of the first WH-word or Verb
found before.

6. A binary feature that captures whether a PP → IN_NP
structure exists.

7. The PP word in the PP → IN_NP structure if it exists.

8. If the Noun Phrase in the PP → IN_NP is a named en-
tity two additional features are generated (a) a categorical
feature indicating the type of the named entity is generated
(b) a feature where the form of the PP is lexicalized captur-
ing patterns like “about:PERSON", “against:PEOPLE", “be-
tween:ORGANIZATION" and so on.

9. A number of dictionary based features were used. The dic-
tionaries captured “How Words", “Effect Words", “Relation-
ship words" and so on.

3.4.2 Snippet Features
These features are used to capture the quality of a snippet as a

possible candidate answer independent of the query.

• Structural features, such as the length of the snippet.

• Grammatical features, capturing aspects of the snippet rang-
ing from the presence of a verb, the presence of a quotation,
or the detection of whether the snippet contains a question.

2http://www.ling.upenn.edu/courses/Fall_
2003/ling001/penn_treebank_pos.html
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• Garbage-detection features, that help the models reject, for
instance, snippets with excessive profanity.

• Entity mention features, such as features that compute the
density of entity mentions in a snippet–for example weather
reports or professional team sport result reports have a high
density of entity mentions.

• Lexical features, such as dictionary based features that detect
whether the snippet contains words that belong to specific
dictionaries.

3.4.3 Question and Snippet Features
These features capture similarities between the question and the

candidate snippet.

• Text matching features, that compute the overlap score be-
tween the query and the snippet using a broad variety differ-
ent approaches.

• Entity matching features, that match entities in the question
with entities in the snippet, and that account for proxies,
such as matching “the Obama Administration" with “the U.S.
Government".

• Relation matching features, that compare the relations be-
tween entities in the question to relations between entities in
the snippet and correspondingly produce a match score.

• Event matching features, where an event is represented by:
a collection of entity mentions; a collection of verbs that act
as “anchors" of the event; a set of relations between the enti-
ties and the verbs; and a set of relations between the entities.
Event matching features compute similarity scores between
events detected in the question and events that appear in the
candidate answer.

• Syntactic features, such as the similarity score between syn-
tactic dependencies in the question and in the snippet, and
features that match portions of the parse trees of the question
and of the candidate snippet.

• Semantic features, computed from the semantic roles asso-
ciated with constituents of the query and with those of the
snippet.

4. EMPIRICAL EVALUATION
In this section we present results for the empirical evaluation of

each of the three proposed models.

4.1 Datasets
In our experiments we have used two distinct datasets of non-

factoid questions and a pre-retrieved pool of relevant and irrele-
vant answers, retrieved from a large collection by an IR engine.
In both datasets, each question has multiple answer snippets, and
each answer snippet has been manually annotated as relevant or ir-
relevant. 1/6th of these questions (along with the corresponding
answer snippets) were randomly selected as the test set, and the
remaining were used for training and development.

BOLT Dataset.
3 Participants in the DARPA BOLT task must build systems to

answer questions using a corpus of posts collected from threaded
3BOLT is the acronym for the DARPA Broad Operational
Language Translation program, see http://www.darpa.
mil/Our_Work/I2O/Programs/Broad_Operational_
Language_Translation_(BOLT).aspx

Internet discussion forums in 3 languages: Arabic, Chinese and
English.

The training and test set for the relevance models were created
by us over the course of more than one year. Professional anno-
tators first generate queries by browsing the corpus using a search
tool and find questions that have more than 2 relevant answers in
the corpus. According to the official BOLT Information Retrieval
(IR) task rules, annotators cannot generate questions that (1) re-
quire reasoning or calculation over the data to compute the an-
swers; (2) are vague or ambiguous; (3) can be broken into multiple
disjoint questions; (4) are multiple choice questions; and (5) are
factoid questions—the kinds that have already been well studied in
TREC [36]. Any other kind of question is allowed.

The top snippets in response to the queries returned by a sys-
tem being developed by our consortium for the BOLT IR task are
judged for relevance by human annotators. Each annotator judges
candidate answers to questions generated by different annotators, to
reduce possible biases. This data is used to train a relevance model
which is deployed in the system. The new model is in turn used
to create more answers for new questions. As data is accumulated,
the relevance model is intermittently retrained and redeployed to
collect more data. The process was iterated for several months, and
produced 455 questions and more than 62,000 annotated snippets,
out of which about 23.5% are relevant answers. These question-
answers pairs are used to train and test the final relevance model
used in our question-answering system. The train set consists of
387 questions and 48,000 question-snippet pairs while the test set
has 9500 question-snippet pairs consisting of 65 distinct questions.
All the 455 questions were also annotated with one of the follow-
ing ten Expected Answer Types: {Action-of-X-on-Y, Effect-of-X-on-
Y, Experience-of-X-with-Y, How-to-do-X, Relationship-of-X-with-
Y, Statement-of-X-on-Y, Persons-List, Organizations-List, Locations-
List and Other-List}. Note that these Answer Types were not used
in any of our proposed models, but were used to train the baseline
baseline system and directly fed to the oracle system we use in the
evaluation of our algorithms.

TAC Dataset.
This is a publicly available dataset from the Question-Answering

track of the TAC-2008 task 4. TAC-2008 consists of two sets of
questions: the Rigid list and the Squishy List. Out of the two, the
Squishy List consists of non-factoid questions. There were more
than 26,000 question-answer pairs each labeled with the number of
relevant ‘nuggets’ present in the answer snippet. Since we needed
binary annotations, all answers with at least one relevant nugget
were marked relevant. Additionally, since the skewed ratio of pos-
itive to negative class in this dataset made learning difficult, we
resampled the relevant classes so that the total number of instances
remained the same but the percentage of relevant snippets increased
from 14% to 50%. The dataset consisted of 89 distinct questions in
this list and they were not annotated with an Answer Type. Out of
89, 71 questions were used for training and the remaining 13 were
used during testing. The training set consisted of 22,000 instances
of question-snippet pairs while the test set had 4000 pairs.

Select representative questions from the BOLT and TAC datasets
are displayed in Table 2.

4.2 Baselines
We have compared our models with following baselines:

LR: This is our primary baseline and is a simple logistic regression

4http://www.nist.gov/tac/2008/qa/
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Question Answer Type
Find statements expressing suspicions about the murder of Rafik al-Hariri. Statement-on-X
Describe the relationship of former government adviser Lewis Libby to CIA agent Valerie Plame. Relationship-of-X-with-Y
Why do women like to hide their real age? Why
What are some experiences people have had as tourists in New York City? Experience-of-X-with-Y
Is abortion ethical? Debates
What are the effects of Beijing Olympic games on China? Effects-of-X-on-Y
How did China react to the 2011 earthquake in Japan? Action-of-X-regarding-Y
How does one start a garden? How-to
What reasons do adherents have for accepting intelligent design? -
Why do people like George Clooney? -
What complaints are made about Chinaś one-child per family law? -
What actions by Wolfowitz as President of the World Bank are praised? -
What was praised in the performance of the New York Philharmonic? -

Table 2: Above: Representative questions in the BOLT dataset and their corresponding Answer-types. Below: Representative questions in
the TAC Squishy questions dataset. Note that Answer-Types annotations are not available in the TAC dataset.

Model BOLT Data TAC Data
K P R F K P R F

Oracle – 63.73 42.33 50.87 – – – –
LR – 61.33 36.79 45.99 – 24.79 65.66 35.99
LR AnsTypeTruth – 50.12 44.69 47.25 – – – –
J48 [28] – 44.60 43.20 43.88 – – – –
LRM 4 59.36 39.03 47.09 9 24.43 71.41 36.40
G-LRM 4 59.97 40.36 48.25 2 24.41 71.80 36.44
G-LRM + Init 7 61.01 42.15 49.85 13 24.34 71.80 36.40
MG-LRM 6 59.66 41.75 49.12 18 26.31 58.88 36.37
MG-LRM + Init 7 64.48 39.43 48.93 2 24.53 72.98 36.72

Table 3: Performance comparison of the proposed models, LRM, G-LRM and MG-LRM, with the two baselines and the oracle. Their
performances are better than the baseline LR and J48 [28] and close to or better than the LR AnsTypeTruth and the oracle which use
additional human annotated information. A ‘+init’ represents a model variation where EM was initialized with baseline LRM’s vectors.

agnostic to the Answer Type categorization or clustering behavior.
Given a question-answer pair it predicts the answer’s binary rele-
vance. The model uses the same features as used by the relevance
prediction module of the proposed models.

J48 This model, proposed by Luo et al. [28], is a decision-tree clas-
sifier that, in addition to the standard features used in the LR model
, uses the predicted Answer Type of the question as an additional
feature. The Answer Type of the question is predicted using an
classifier that employs the same features as the question-clustering
component P (c|q) in all our models, described in Section 3.4.1.
The Answer Type classifier was trained on a set of questions differ-
ent from those used to train the relevance prediction component.

LR-AnsTypeTruth Since our models produce question-cluster-specific
relevance models, we introduce an additional baseline that uses the
manual Answer Type annotations for the questions. During train-
ing, the questions were divided into distinct subsets using the man-
ually tagged Answer Type annotations, and independent Logistic
Regression based relevance models were constructed for each An-
swer Type. During the testing phase, a test question was classified
into one of the Answer Types using the Answer Type classifier de-
scribed above, and the corresponding relevance model was used to
make relevance prediction for the question-answer pair. This is not
our primary baseline because this model uses oracle-style infor-
mation, that is, the manually generated Answer Type annotations
which are not available to our proposed models and to the first two
comparison systems.

Oracle We further exploit the human Answer-Type annotations
to construct an upper bound to our models. As in case of LR-
AnsTypeTruth, the train questions were segregated into classes and
independent Logistic Regression models were constructed for each
class. During testing, instead of using the classifier’s prediction of
the Answer-Type as in LR-AnsTypeTruth, the oracle uses the test
question’s manually tagged Answer-Type annotation to select the
corresponding Logistic Regression model to be used for relevance
prediction.

4.3 Experimental Results
Since we are more interested in our performance on identify-

ing relevant answers only, we evaluate our models based on the
F1 score for the relevant class. Each of our models involves two
parameters, namely the number of clusters (K) and the regulariza-
tion coefficients, α. The optimal values of these parameters were
selected using 5-fold Cross Validation on the training set. Table 3
presents the performances of the proposed models and the baselines
on the two test sets. For all models and baselines, model selection
was done using 5-fold cross validation on the respective training
sets. The three proposed models were trained with random initial-
ization for EM. Additionally, training for G-LRM and MG-LRM
were also initialized with the baseline LR’s weight vectors and this
is represented by a ‘+ Init’ in the table. There is a ‘–’ in the K
column for the baselines and the oracle because these models are
cluster independent. Also, as the TAC dataset lacks the manual
Answer-Type annotations, the table does not include results for the
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Figure 3: Global and cluster weights visualization for the various
models. Each colored column represents a weight vector and each
row is a feature. Bright red colors indicate high positive weights,
bright green color represents high negative weights, and black de-
notes weights close to zero. Black columns were used as visual
cues to better separate the weights of the four models. Features
are sorted in decreasing weights as learnt by the logistic regression
model. The cluster weights for a particular model look different
from each other and from the LR weights and the global weight of
the model (if applicable). On the other hand, for G-LRM and MG-
LRM, LR weight vector is more similar to the global weight vector
than to any of the cluster specific weights of the same model.

LR ANsTypeTruth and the Oracle models, since they need these
annotations.

The table shows that all the three models, with or without random
initialization, outperform the baseline J48 and LR models. Interest-
ingly, for the BOLT dataset, their performance is also mostly better
than that of LR AnsTypeTruth and comparable to the Oracle even
though they do not use the additional Answer Type annotations.

A possible explanation for our models outperforming the base-
line model which uses a manually designed Answer Type taxon-
omy is that while designing the taxonomy, humans experts ana-
lyze only a small sample of the hundreds of questions present in
the dataset. This sample might not be sufficiently representative of
the dataset leading to incomplete or sub-optimal taxonomies. The
order in which the questions are seen by the taxonomy designers
might also possibly bias the taxonomy design process. On the other
hand, our models have a bird’s eye view of the data and discover the
clusters in a data driven manner and hence, the clustering (equiv-
alent to taxonomy) might be statistically more robust, leading to
better performances.

The improvements on the TAC dataset are consistent, but not
as pronounced as on the BOLT dataset. This could be due to the
nature of the TAC dataset – the questions not being very diverse,
thus reducing the usefulness of the cluster specific models – or to
limitations of the clustering features, fq , used by the clustering
components, which were developed while working on the BOLT
program and might fail to capture important characteristics of the
TAC Squishy questions.

4.4 Visual Exploration of Clusters
Our models are based on the assumption that questions belong

to different clusters and that each cluster uses features differently
to make relevance predictions: features important for the cluster-

(a) BOLT dataset

(b) TAC dataset

Figure 4: Cross validation performances of the various models with
increasing number of clusters, K, for the two datasets. There is
little variation in models’ performances with increasing K values

specific relevance model in a cluster might be irrelevant for the
model of a different cluster. We qualitatively evaluate our assump-
tion using a visualization approach. Figure 3 shows a heat map of
all feature weights on the BOLT dataset for the baseline Logistic
Regression and the three proposed models (after model selection
and with random EM initializations).

The leftmost column represents the weight vector learnt by the
baseline Logistic Regression (LR). The next four columns show the
four weight vectors for the LRM model, corresponding to the num-
ber of clusters, K = 4, automatically determined by the model se-
lection procedure. We see that the four columns look different from
each other and from LR weights. We also notice bright green color
on top, which indicates that the clusters are assigning high positive
weights to features that, in general, were weighted negatively by
the LR model. Similarly, the bottom portion of these four columns
contains shades of red color representing features that were posi-
tively weighted by the clusters but not by LR. This indicates that
the LRM model is indeed learning different weight vectors for dif-
ferent clusters which, in turn, are different from the cluster-agnostic
Logistic Regression model.

Similarly, the next 5 columns represent the global weight vector,
ω, and the four cluster specific weights, wc learnt by the G-LRM.
We see that the global vector looks similar to LR’s weight vector
since both of them are cluster-agnostic. On the other hand, the local
cluster weights, wc, look very different from each other and from
the global and LR’s weights. Similar behavior can be observed for
the global and six local weights learnt by the MG-LRM.

We conclude that the weights learnt by the models are dissim-
ilar to those of the baseline logistic regression model. Also, as
expected, the global weights look more similar to the logistic re-
gression model’s weight than the cluster-specific weights.

4.5 Choice of number of clusters
Our models assume that the questions in the dataset can be grouped

intoK distinct clusters and that each cluster has a distinct relevance
prediction model as well. Hence, it is reasonable to assume that
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Figure 5: Cross validation performances of the three proposed
models don’t vary considerably even for high values of number of
cluster, K, for the BOLT dataset

Figure 6: Mean cosine similarity between pairs of cluster weights
increases with number of clusters indicating that forcing the models
to learn high number of clusters results in highly similar clusters

there is an optimal value for K, below or above which the model
under-fits or over-fits the data respectively.

Interestingly, our experiments with measuring our models’ per-
formances as a function of K did not exhibit any such pattern. Fig-
ure 4 shows that there is no single peak in model performances and
also, the variation among performances for different values of K is
not huge. In fact, as depicted by Figure 5, the performances of the
three proposed models do not vary considerably even for values of
K as high as 40 or 50.

In order to investigate this unexpected behavior further, we plot
the average cosine similarity between the weights-vectors of all
pairs of clusters as a function of K in Figure 6. The plot illustrates
that as K grows, the cluster weight vectors become increasingly
similar on average. This indicates that if the model is forced to
learn high number of clusters, it learns highly correlated clusters.

We conclude that the models are not very sensitive to the choice
of the number of clusters. On the one hand, this is a positive result:
the models do not require a fine tuning of K. On the other hand,
this can make it difficult to assign semantic meaning to the clusters.

4.6 EM Convergence and Sensitivity
Our models are trained using Expectation Maximization which

often requires several iterations to converge. Hence, as a practi-
cal consideration, it is important to analyze the sensitivity of the
models’ performances to the number of EM iterations.

Figure 7 shows a plot of the mean-cross-validation performances
of the tuned models as a function of number of iterations. For
most models, the performance increases as the model learns good
weights and then stabilizes at a slightly lower value, which can
be attributed to the opposing effects of over-fitting and of the sta-
bilizing effect of the regularization coefficients. In particular, in
Figure 7a we see that for MG-LRM, the peak appears at a higher
number of iterations than the other models. We conjecture that it
is due to the higher complexity of this model: for example, if the
initialization favored the global component (low initial π value),

(a) BOLT dataset

(b) TAC dataset

Figure 7: Cross validation performance vs. training time for the
two datasets The performances improve as the models get trained,
achieves a peak and then stabilizes.

especially likely in MG-LRM+Init, then several iterations would
be needed to increase π enough to learn good cluster weights.

In conclusion, our models are not sensitive to the setting of num-
ber of iterations, as long as we run them beyond a minimum num-
ber, which is around 75 iterations for the BOLT dataset and 5 iter-
ations for the TAC dataset.

4.7 Regularization Coefficients
The proposed models have two parameters that need to be spec-

ified, namely the regularization coefficient, α (see Table 1) and the
number of clusters,K. In the rest of this section we study the effect
of these parameters on the models’ performances.

Figure 8 shows the variation in performances of the models with
changing values of the regularization coefficients for the two datasets.
Since the proposed models have another parameter i.e. K, the num-
ber of clusters, for the purpose of obtaining a plot, we experimented
with several values of K for a particular value of regularization co-
efficient and used the median for the plot.

The figure shows that the performances of the various models
are lower for very high and very low values of the regularization
coefficient. This is as expected, and represent regions of the model
underfitting and overfitting the data respectively.

5. CONCLUSION AND FUTURE WORK
In this paper we have addressed the problem of detecting if a

given snippet answers a given non-factoid question. The gist of
our approach is the assumption that, like factoid questions, non-
factoid questions belong to distinct categories related to the Answer
Type they elicit, and that relevance prediction models can benefit
from using these categories. We recognize that building a univer-
sal, domain-independent taxonomy of general questions would be
extremely difficult, and that constructing taxonomies for individual
specific domains would be expensive.

To address this challenge, we propose three probabilistic models
for joint question-clustering and relevance-prediction, that identify
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(a) BOLT dataset

(b) TAC dataset

Figure 8: Cross validation performances of the various models
with increasing values of regularization coefficients, α, for the two
datasets. The performances are lower for very low or high values
of α because of under-fitting and over-fitting respectively.

these categories in a data-driven manner and build category-specific
models. In a nutshell, these models differ in how explicitly they
capture the category-specific posterior probability of relevance and
how they account for the contribution of category-agnostic features.
Since they treat categories as latent variables, our models do not
require an explicit taxonomy of question type, a characteristic that
makes them applicable irrespectively of the domain.

Our experiments, conducted on two different datasets of non-
factoid questions and candidate answers extracted from social me-
dia, reveal that our approaches are better than baseline models built
on the same features that do not account for the latent categories.
Their performances also approach that of oracle which uses manu-
ally labeled question categories as input.

In our future work we intend to experiment with model-selection
criteria to automatically select the number of clusters, and to intro-
duce a penalty in the objective function that discourages learning
highly similar clusters. We also intend to experiment with differ-
ent regularization criteria that favor sparsity in the learned weight
vector; we conjecture that it might be possible to explore the under-
lying semantics of the clusters that have a small number of features
with high weights. Also, the present models are not personalized.
In future, it would be interesting to learn user-specific clusters of
questions using the user’s search behavior and preferences to pro-
vide a more personalized experience. The data-driven approach of
our models make them an ideal candidate to adapt to a large number
of users with varied preferences.
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