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Abstract. We present a novel graph ranking model to extract a diverse set of
answers for complex questions via random walks over a negative-edge graph.
We assign a negative sign to edge weights in an answer graph to model the
redundancy relation among the answer nodes. Negative edges can be thought of
as the propagation of negative endorsements or disapprovals which is used to
penalize factual redundancy. As the ranking proceeds, the initial score of the
answer node, given by its relevancy to the specific question, will be adjusted
according to a long-term negative endorsement from other answer nodes. We
empirically evaluate the effectiveness of our method by conducting a
comprehensive experiment on two distinct complex question answering data
sets.
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1. Introduction
Automatically generating a set of answers for complex questions, e.g. definition,
opinion, and online community questions, remains a challenging task for several
reasons. First, the information needs underlying this type of questions are often
subjective and ill-defined [15]. Hence, it requires one or more answer passages to
generate a complete response to complex questions. Furthermore, the answers
themselves do not easily fall into predictable semantic classes [10]. So, name-entity
style answer extraction techniques are not likely to be effective. Moreover, it is more
desirable for the automatic response to return a set of factually diverse answers.
Suppose that there are two sets of answers, A and B, generated by two different
systems that response to a given question “what effect does steroid use have on
athletes’ performance?” Set A consists of two answers {steroid helps boost athletic
performance by improving muscle mass, steroids can cause many harmful effects}
while set B contains {steroids enhance athletic performance, athletes use steroids to
improve their performance}. An information seeker would find answers in set A to be
more useful than those in set B. As illustrated, the two facts in the first set are

relatively more novel than those in the second set. In other words, the factual
coverage of the second set is less diverse than the first one’s.
1.1 Contributions
In this research, we utilize a graph topology to rerank the answers according to their
relevance and novelty. The summary of our contributions is as follows:
1. We propose a graph ranking model called DiverseRank to extract a diverse set of
answers for complex questions. Our method is motivated by the ideas that a good
answer set should contain facts which are highly relevant as well as novel. The
main contribution of our work is in the use of a graph topology to reduce
redundancy among answers. We represent a set of answers as a set of vertices
whose edges correspond to the similarity between answer nodes. A negative sign is
assigned to the edge weights to model the redundancy relationship between nodes.
Then, the final ranking score for each answer node is derived from its long-term
negative endorsement.
2. We conduct a comprehensive experiment on two distinct question answering data
sets: a subset of Yahoo! Answers data and TREC 2006’s complex questions data,
to evaluate the performance of the proposed method. To measure the quality of the
extracted answers, we use a nugget pyramid [14] evaluation and a recall-by-length
curve as the performance metrics. Specifically, we measure diversity in terms the
amount of common information nuggets, a small text fragment that describes a
certain fact about a given question, between the extracted sets and the gold
standard set.
1.2 Paper Organization
The rest of the paper is organized as follows. First, we review related work in section
2. Next, we describe the proposed method in section 3. In section 4, we present the
experimental evaluation, including data sets, evaluation metrics, and procedures.
Finally, we discuss about the results and conclude the paper in section 5 and 6,
respectively.

2. Related Work
Several issues in web community question answering have been investigated, e.g.
finding high-quality answers [9][19], maximizing the facet coverage [16], etc.
However, answer diversity issue has not been explored as much. Diversity in ranking
has long been one of the major issues in many research areas, such as text
summarization and information retrieval. Many information retrieval researchers have
attempted to establish several theoretical frameworks of diversity ranking and
evaluation [2][7]. There are a growing amount of works in text summarization area

[6][9][12][20] which try to integrate diversity as part of the ranking function’s
properties. For example, Zhu et al. [20] proposes a unified ranking algorithm called
GRASSHOPPER which is based on random walks over an absorbing Markov chain.
Their method works by iteratively transforming the top-ranking nodes into absorbing
nodes, effectively reducing the transition probabilities to zero. The absorbing nodes
will drag down the scores of the adjacent nodes as the walk gets absorbed. On the
other hand, the nodes which are far away from the absorbing nodes still get visited by
the random walk, thus ensuring that the novel nodes will be ranked higher. Li et al
[12] approaches the diversity ranking from the optimization under constraints
perspective. They propose a supervised method based on structural learning which
incorporates diversity as a set of subtopic constraints. Then, they train a
summarization model and enforce diversity through the optimization problem.
Our method differs from other diversity ranking methods in the rank propagation.
Since most graph ranking models [6] [18][20] are inspired by the PageRank algorithm
[4], they rely on eigenvector centrality to measure the importance of nodes. In
contrast, our method uses the negative edges to propagate negative endorsements
among nodes. High redundant nodes are those which receive a substantial amount of
disapproval votes. Furthermore, the applications of negative edges in ranking model
have been explored in related domains, such as trust ranking [8], social network
mining [11][12], and complex question answering [1]. On the other hand, our method
considers the negative edges to represent redundancy relationship among answers.

3. The Proposed Method
Our method focuses on two key aspects to find a diverse set of answer. First, a set of
answer should contain many relevant facts pertaining to an information need. Second,
Each answer should be novel or contain a distinct fact with respect to the other
answers. To achieve that, we employ a graphical model to rank the relevant answers
according to the balance between relevance and novelty. Two set of relations are
represented by two signed graphs. First, the relevance relation is denoted by the
positive edges between the question node and the answer nodes. On the other hand,
the redundancy relation is represented by the negative edges between answer nodes.
The negative sign is used to propagate a negative endorsement or disapproval vote
between the nodes. The absolute value of edge weight represents the degree of
similarity between answers. A formal description of our method is described below.
Given a question q and a set of n relevant answers, we first define G = (V,E) as an
undirected graph where V is a set of vertices representing the relevant answers, E is a
set of edges representing the similarity between vertices where E ½ V £ V . Next, we
can represent G as an n x n weighted matrix S where Sij is a similarity score sim(i,j) of
node i and j and sim(i,j) has a non-negative value. If i and j are unrelated, then Sij = 0.
Given S, we can derive an n x n normalized adjacency matrix A such that each
S
element Aij in A is the normalized value of Sij such that Aij = Pn ij S and

Pn

j=1 Aij

k=1

ik

= 1. Next, given the question q, we define a vector r where each element ri is

the relevance score rel(i,q) of node i given q. Then, we transform r into an n x n

matrix B from the outer product of an all-1 vector and rT such that each element
Bij = Pnri r and Pnj=1 Bij = 1. Given two probability distributions, we define the
k=1 k

transition matrix P as:

P = dA +(1 ¡d)B

(1)

where d is a damping factor with a real value from [0,1], A is the initial answer
adjacency matrix, B is the question-answer relevance matrix. Since all rows in P have
non-zero probabilities which add up to 1, P is a stochastic matrix where each element
Pij corresponds to the transition probability from state i to j in the Markov chain.
Thus, P satisfies ergodicity properties and has a unique stationary distribution
~¼P = ~¼. At this stage, each answer can then be ranked according to its stationary
distribution. At this point, we have derived a random walk model over the answer
graph which incorporates both answer relevance and answer similarity. However, it
does not take into account factual redundancy between answers.
In order to employ the negative edges to reduce factual redundancy, we modify the
aforementioned graph G such that all edge weights in G have a negative sign. As
such, we define G- = (V,E-) as an undirected graph where V is a set of n relevant
answer vertices, E- is a set of negative edges where E¡ ½ V £V . Then, an adjacency
matrix M, corresponding to edge weights in G-, is defined as an all-negative matrix of
S where Mij = ¡ P nSij S and Pnj=1 Mij = ¡1.
j=1

ij

Next, similar to the process of deriving the transition matrix P, we define a
modified transition matrix Q to incorporate the negative adjacency weights defined in
M and the answer relevance defined in B. To ensure that Q is still ergodic, we
multiply matrix B with a scaling factor c. The value of c is determined by the
conditions that all elementsPin Q should be non-negative and each i-th row of Q
should add up to 1. That is, nj=1 Qij = 1. Since all rows of M sum to -1 and all rows
of B add up to 1, c is a function of d where c = 1+d
.
1¡d

Q = dM + (1 ¡ d)cB

(2)

where M is an all-negative answer adjacency matrix. Since ergodicity properties
still hold, Q has a unique stationary distribution ~
¼Q = ~¼ . Finally, we rank each
¼i. From the matrix notations, the
node i according to its stationary probability ~
simplified equation of the DiverseRank score can be formulated as follow:

X
rel(i; q)
sim(i; j)
Pn
DRt(i) = (1¡d)¢c¢ Pn
¡d
DRt¡1(j)
rel(i;
q)
sim(j;
k)
i=1
k=1

(3)
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Where d is a damping factor with a real value in [0,1] range. Additionally, d serves
as a penalty factor of redundancy. c is a scaling factor defined as a function of d
where c = 1+d
. rel(i,q) is the relevance score of answer i given the question q. And
1¡d

sim(i,j) is a similarity score of answer i and j. To estimate the value of rel(i,q), we
employ a sentence weighting function described in Allen et al. [3] as it is shown to
consistently outperform other relevance models at the sentence level.

4. Experimental Evaluation
4.1 Data Sets
Two question answering data sets are used in the evaluation: a subset of Yahoo!
Answers data set (YahooQA) used in Liu et al.’s work [15] and a complex interactive
question answering test set (ciQA) used in TREC 2006 [10]. YahooQA data
comprises subjective and ill-defined information needs formulated by the community
members. The subjects of interests span widely from mathematics, general health, to
wrestling. In contrast, ciQA data largely focus on the complex entity-relationship
questions. Their information needs reflect those posed by intelligence analysts. From
data quality perspective, YahooQA data are much noisier than ciQA data as they
contain mostly informal linguistic expressions. To prepare YahooQA data set, we
randomly select 100 questions and 10,546 answers from the top 20 most frequent
categories (measured in terms of a number of responded answers) to use as a test set.
A set of information nuggets for YahooQA is automatically created by matching
relevant answers with the corresponding questions. The best answer chosen by askers
for each question is marked as a vital nugget while the other answers are marked as an
okay nugget. In the case of ciQA data set, 30 question topics and their free-form
description are prepared by human assessors at National Institute of Standards and
Technology (NIST).
4.2 Evaluation Settings
We employ the nugget pyramid metric to evaluate the diversity of the answer set.
Generally, we assume that the factual diversity of the extracted answers can be
measured in terms of a number of information nuggets the extracted sets have in
common with the benchmark nuggets. The formulas to compute the pyramid F-score
are described in [14]. In summary, the pyramid F-score is computed as a weighted
harmonic mean (F-score) between nugget recall (NR) and nugget precision (NP). NR
and NP are derived from summing the unigram co-occurrences between terms in each
information nugget and terms from each extracted answer set. Following the standard
procedure in TREC 2006, we set the evaluation parameters to ¯ = 3 and l = 7,000 and
use Pourpre [14] script version 1.1c to automatically compute the scores.
Additionally, we further perform a fine-grained analysis of the algorithmic
performance at varying sizes of answer set using a recall-by-length performance curve
[13]. Better methods will produce curves that rise faster as more relevant and novel
facts are included in the answer set.
Starting from the preprocessing step, we extract word features from a collection of
answers by splitting answers into unigram tokens, removing non content-bearing

words, e.g., articles, conjunctions, prepositions, etc., and stemming the tokens using
Porter Stemmer. After the preprocessing step, we use a vector-space model to retrieve
the relevant answers. Free-form narrative field associated with each question is used
as a query. The relevance scores between the answers and query are computed from
the TFIFS weighting function [3]. The next step is to rerank the list of relevant
answers obtained from the retrieval step. To achieve that, we first transform the list of
relevant answers into an undirected graph with negative edges. Different edge
weighting schemes based on inter-sentence similarity measures are employed. Next,
the relevance scores of the retrieved answers and a query are calculated using various
relevance models.
We compare the effectiveness of four baseline methods and the DiverseRank
variants in answer re-ranking task. They are: Maximal marginal relevance (MMR)
[5], SumBasic [17], Topic-Sensitive LexRank [18], and a backward ranking of TopicSensitive LexRank (henceforth LexRankInv). The last baseline method is defined to
test whether diversity can be promoted by simply reversing the eigenvector centrality
ranking. Next, several DiverseRank variants are tested based on the combinations of
the initial ranking distribution and inter-sentence similarity functions. For the initial
ranking distribution, we consider SumBasic (SB), TFISF-based relevance function
(REL) described in section 3, a normalized sum of inverse document frequency (IDF)
of the matching terms between the question and answer, and a uniform distribution
1/n (in the case of novelty-only variant). Next, two inter-sentence similarity measures
are evaluated: N-Gram phrasal overlap (NG) and TFISF-weighted cosine similarity
(TFISF). Moreover, we also evaluate two novelty-only variants of DiverseRank:
1+NG and 1+TFISF. The uniform distribution 1/n is assigned as the initial ranking
distribution of the two novelty-only variants. After the ranking scores are calculated,
we select top-k answers into the answer set. The default cut-off level for answer
length is 7,000 characters.

5. Results and Discussion
5.1 Pyramid F-Scores
Table 1: The average F-Scores of the baseline and DiverseRank methods. The best methods are
in bold.
Method
MMR
SumBasic
LexRank
LexRankInv
DiverseRank

F-Score
0.2946
0.2895
0.3163
0.2391
0.3374

YahooQA
% Improvement
+14.52%
+16.54%
+6.65%
+41.12%
-

F-Score
0.2486
0.2956
0.3590
0.3516
0.3686

ciQA
% Improvement
+48.30%
+24.71%
+2.69%
+4.82%
-

Table 1 shows the average pyramid F-scores of the baseline methods and the best
DiverseRank variants. In both data sets, the proposed method significantly

outperforms all baseline methods, p-value<0.05. Considering the performance
between random-walk based methods (LexRank vs. DiverseRank), DiverseRank also
outperforms LexRank in both data sets although the improvements are relatively
minor (6.65% and 2.69%), compared to those of other baselines. Furthermore,
LexRankInv produces inferior scores to DiverseRank in both data sets.
Table 2: The average F-Scores of the DiverseRank variants. The best methods are in bold.
Method
SB+NG
SB+TFISF
IDF+NG
IDF+TFISF
REL+NG
REL+TFISF
1+NG
1+TFISF

YahooQA
0.2786
0.2725
0.3374
0.2674
0.3076
0.2501
0.2348
0.2740

ciQA
0.3433
0.3454
0.3442
0.3445
0.3400
0.3686
0.3456
0.3439

Table 2 displays the performance of DiverseRank variants according to the
combinations of relevance models and answer similarity measures. The best methods
are IDF+NG and REL+TFISF, for YahooQA and ciQA respectively. As it can be
seen, the best method differs between the two data sets. This is explained by the
distinct characteristics of YahooQA and ciQA data. Questions and answers in ciQA
originate from a more controlled environment since they are created by information
professionals. Thus, they are more linguistically well-formed than those of YahooQA,
which are created by the community members of unknown background. As such,
ciQA data are generally less sparse and less noisy than YahooQA data, making cosine
similarity-based variant (i.e., REL+TFISF) to perform better in ciQA case.
5.2 Recall-by-Length Performance Curves
Figure 2 shows recall-by-length curves of the baselines and the proposed method in
each data set. In YahooQA case (figure 2a), DiverseRank starts to produce a
significantly better performance than the best baseline method (LexRank) at the
answer length of 1,200 characters. On the other hand, DiverseRank does not perform
quite well in ciQA case (figure 2b). In this case, DiverseRank starts to outperform
LexRank after the answer length of 1,800 characters. This outcome is not entirely
unexpected. As a smaller answer set contains fewer number of information nuggets,
therefore there are fewer items to be diversified. As the answer set continues to grow,
DiverseRank continues to gain a better performance. Note that our results confirm the
previous results in [10] in which a method that produces the best F-score at a
predefined answer length does not necessarily perform equally effective across all
incremental lengths.
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Fig. 2. The recall-by-length performance curves of the best DiverseRank and baseline methods
on YahooQA (A) and ciQA (B) data sets.

6. Conclusion
We propose a graph ranking model to find a diverse set of answers based on random
walks over a negative-edge graph. Our main contribution is in the utilization of a
graphical model to reduce redundancy within the answer set. First, given a complex
question and a set of relevant answers, we represent the relevant answers as an answer
graph whose nodes correspond to answers and edges correspond to the similarity
between answers. Then, we assign a negative sign to edge weights in the answer
graph to model the redundancy relationship between nodes. Then, the final ranking
score for each answer node is derived from its long-term negative endorsement. The
evaluation results show that our method outperforms most baseline methods. The
analysis of recall-by-length performance curves suggests that the best baseline
method performs better than DiverseRank at smaller answer lengths. This is explained
by the fact that a smaller set of answers contains fewer facts, thus there is less room to
promote diversity. As the size of answer set increases, DiverseRank eventually
outperforms the baseline method.
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