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Abstract

We introduce a novel ranking algorithm
called GRASsHOPPER which ranks items
with an emphasis on diversity. That is, the
top items should be different from each
other in order to have a broad coverage
of the whole item set. Many natural lan-
guage processing tasks can benefit from
such diversity ranking. Our algorithm is
based on random walks in an absorbing
Markov chain. We turn ranked items into
absorbing states, which effectively pre-
vents redundant items from receiving a
high rank. We demonstratBRASSHOP-
PERSs effectiveness on extractive text sum-
marization: our algorithm ranks between
the 1st and 2nd systems on DUC 2004
Task 2; and on a social network analy-
sis task that identifies movie stars of the
world.

Introduction

j vangael ,

andrzej e}@s. W sc. edu

it likely conveys the central meaning of the articles.
On the other hand, we do not want multiple near-
identical sentences. The top sentences should be di-
verse.

As another example, in information retrieval on
news events, an article is often published by multi-
ple newspapers with only minor changes. Itis unde-
sirable to rank all copies of the same article highly,
even though it may be the most relevant. Instead,
the top results should be different and complemen-
tary. In other words, one wants ‘subtopic diversity’
in retrieval results (Zhai et al., 2003).

The need for diversity in ranking is not unique to
natural language processing. In social network anal-
ysis, people are connected by their interactions, e.g.,
phone calls. Active groups of people have strong in-
teractions among them, but many groups may exist
with fewer interactions. If we want a list of people
that represent various groups, it is important to con-
sider both activity and diversity, and not to fill the
list with people from the same active groups.

Given the importance of diversity in ranking,
there has been significant research in this area. Per-
haps the most well-known method is maximum

Many natural language processing tasks involvmarginal relevance (MMR) (Carbonell and Gold-

ranking a set of items. Sometimes we want the togtein, 1998), as well as cross-sentence informational
items to be not only good individually but alsti- subsumption (Radev, 2000), mixture models (Zhang
versecollectively. For example, extractive text sum-et al., 2002), subtopic diversity (Zhai et al., 2003),
marization generates a summary by selecting a feghiversity penalty (Zhang et al., 2005), and others.
good sentences from one or more articles on thehe basic idea is to penalize redundancy by lowering
same topic (Goldstein et al., 2000). This can be folan item’s rank if it is similar to items already ranked.
mulated as ranking all the sentences, and taking th#owever, these methods often treat centrality rank-
top ones. A good sentence is one that is represeimg and diversity ranking separately, sometimes with
tative, i.e., similar to many other sentences, so théeuristic procedures.
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We proposesRASSHOPPERGraphRandom-walk The user can optionally supply an arbitrary rank-
with Absorbing StateS that HOPs amongPEaks ing on the items as prior knowledge. In this
for Ranking), a novel ranking algorithm that en-caseGRASSHOPPERcan be viewed as a re-ranking
courages diversityGRASSHOPPERS an alternative method. For example, in information retrieval,
to MMR and variants, with a principled mathemat-the prior ranking can be the ranking by relevance
ical model and strong empirical performance. Iscores. In text summarization, it can be the po-
ranks a set of items such that: 1. A highly rankedition of sentences in the original article. (There
item is representative of a local group in the seis evidence that the first few sentences in an ar-
i.e., it is similar to many other itemsdntrality); ticle are likely good summaries.) Somewhat un-
2. The top items cover as many distinct groups asonventionally, the prior ranking is represented as
possible diversity); 3. It incorporates an arbitrary a probability distributionr = (ry,---,r,)" such
pre-specified ranking as prior knowledgerior). thatr; > 0, , r; = 1. The highest-ranked item
Importantly GRASSHOPPERachieves these in a uni- has the largest probability, the next item has smaller
fied framework ofabsorbing Markov chain random probability, and so on. A distribution gives the user
walks The key idea is the following: We define more control. For example, = (0.1,0.7,0.2)7
a random walk on a graph over the items. Itemandr, = (0.3,0.37,0.33)" both represent the same
which have been ranked so far become absorbimgnking of items 2, 3, 1, but with different strengths.
states. These absorbing states ‘drag down’ the inWwhen there is no prior ranking, one can tet=
portance of similar unranked states, thus encouragt/n,---,1/n)7, the uniform distribution.
ing diversity. Our model naturally balances central- . _
ity, diversity, and prior. We discuss the algorithmz'2 Finding the First Item
in Section 2. We presem@RASSHOPPER empiri- We find the first item inGRASSHOPPERanking by
cal results on text summarization and social networteleporting random walks. Imagine a random walker

analysis in Section 3. on the graph. At each step, the walker may do one of
two things: with probability\, she moves to a neigh-
2 TheGRrAssHOPPER Algorithm bor staté according to the edge weights; otherwise

she is teleported to a random state according to the

21 Thelnput distributionr. Under mild conditions (which are sat-
GRASSHOPPERequires three inputs: a graph, a isfied in our setting, see below), the stationary distri-
probability distributionr that encodes the prior rank- bution of the random walk defines the visiting prob-
ing, and a weighd € [0, 1] that balances the two.  abilities of the nodes. The states with large probabil-

The user needs to supply a graph witmodes, ities can be regarded as central items, an idea used
one for each item. The graph is represented by dh Google PageRank (Page et al., 1998) and other in-
n X n weight matrixW, wherew;; is the weight on formation retrieval systems (Kurland and Lee, 2005;
the edge fromito j. It can be either directed or undi- Zhang et al., 2005), text summarization (Erkan and
rected. W is symmetric for undirected graphs. TheRadev, 2004), keyword extraction (Mihalcea and Ta-
weights are non-negative. The graph does not neéau, 2004) and so on. Depending britems high on
to be fully connected: if there is no edge from itenrthe user-supplied prior rankingmay also have large
i to j, thenw;; = 0. Self-edges are allowed. For ex-Stationary probabilities, which is a way to incorpo-
ample, in text summarization one can create an undiate the prior ranking.
rected, fully connected graph on the sentences. TheAs an example, we created a toy data set with 300
edge between sentendeg has weightw;;, their co- points in Figure 1(a). There are roughly three groups
sine similarity. In social network analysis one carwith different densities. We created a fully con-
create a directed graph with;; being the number nected graph on the data, with larger edge weights
of phone callsi made toj. The graph should be if points are closét Figure 1(b) shows the station-
constructed carefully to reflect domain knowledgeary distribution of the random walk on the graph.
For examples, see (Erkan and Radev, 2004; Mihal- 1\ye ysestate nodeanditeminterchangeably.
cea and Tarau, 2004; Pang and Lee, 2004). 2We usew;; = exp(—||z; — x;]*/0.16), A = 1.
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Figure 1. (a) A toy data set. (b) The stationary distributioreflects centrality. The item with the largest
probability is selected as the firstitggm (c) The expected number of visksto each node aften, becomes
an absorbing state. (d) After bodth andg, become absorbing states. Note the diversity,iny., g3 as they
come from different groups.

Items at group centers have higher probabilities, arfl3 Ranking the Remaining Items

tighter groups have overall higher probabilities.

However, the stationary distribution does not a f—A‘S mentioned early, the key idea GRASSHOPPER

dress diversity at all. If we were to rank the items'f.S 1o trn rgnked ltems mFo absorbing states. We
by their stationary distribution, the top list would bel >t (N g1 into an absorbing state. Once the ran-
ym ary : P .. _dom walk reaches an absorbing state, the walk is ab-
dominated by items from the center group in Fig- . . .
ure 1(b). Therefore we only use the stationary diss_orbed and stays_there. It. SO Ipnger mformatlvg 0
tribution to find the first item. and use a metho ompute the stationary distribution of an absorbing
d ibed in th t fi t K th .. Markov chain, because the walk will eventually be
cescribed In the next section to rank the remalnlngbsorbed. Nonetheless, it is useful to compute the
ltems. expected number of visite each node before ab-
Formally we first define am. x n raw transition - gorption. Intuitively, those nodes strongly connected
matrix P by normalizing the rows ofV: Fj; = to g, will have many fewer visits by the random
wij /Y p—y Wik, SO thatP; is the probability that the \yalk, because the walk tends to be absorbed soon
walker moves tgj from i. We then make the walk after visiting them. In contrast, groups of nodes far
a teleporting random wall® by interpolating each away fromg, still allow the random walk to linger
row with the user-supplied initial distributian among them, and thus have more visits. In Fig-
ure 1(c), oncey; becomes an absorbing node (rep-
resented by a circle ‘on the floor’), the center group
is no longer the most prominent: nodes in this group
have fewer visits than the left group. Note now the

wherel is an all-1 vector, andr " is the outer prod- y-axis is the number of visits instead of probability.

uct. If A < 1 andr does not have zero elements, GRASSHOPPERselects the second itegg with the

our teleporting random walR is irreducible (possi- largest expected number of visits in this absorbing
ble to go to any state from any state by teleporting)Markov chain. This naturally inhibits items similar
aperiodic (the walk can return to a state after anto g; and encourages diversity. In Figure 1(c), the
number of steps), all states are positive recurrent (thitem near the center of the left group is selected as
expected return time to any state is finite) and thug. Oncegs is selected, it is converted into an ab-
ergodic (Grimmett and Stirzaker, 2001). Thereforsorbing state, too. This is shown in Figure 1(d). The
P has a unique stationary distribution= PTx. right group now becomes the most prominent, since
We take the state with the largest stationary probdpoth the left and center groups contain an absorbing
bility to be the first itemg; in GRASSHOPPERank- state. The nextiterp in ranking will come from the
ing: g1 = argmax;._; ;. right group. Also note the range gfaxis is smaller:

P=A\P+(1-Nir', (1)
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with more absorbing states, the random walk will be Input: W, r, A
absorbed sooner. The procedure is repeated until gll
items are ranked. The naneRASSHOPPEReflects
the ‘hopping’ behavior on the peaks.

Itis therefore important to compute the expectel 5, computeP’s stationary distributionr. Pick the
number of VISIt.S in an absorbing Markov chain. Let firstitemg; = argmax; 7.
G be the set of items ranked so far. We turn the states
g € G into absorbing states by settifgy, = 1 and 3. Repeat until all items are ranked:
P, = 0,Vi # g. If we arrange items so that ranked
ones are listed before unranked ones, we can write

1. Create the initial Markov chainP from
W,r, A (D).

(@ Turn ranked items into absorbing

P as states (2).
I O (b) Compute the expected number of visitg
P= [ R Q } . () for all remaining items (4). Pick the next

item g|g 41 = argmax; v;

Herelg is the identity matrix ornG. Submatrices®
and@ correspond to rows of unranked items, those Figure 2: TheGRASSHOPPERaIgorithm
from (1). It is known that théundamental matrix

N=1I-Q)! (3) determine the appropriate number and control the
shape of clusters. In contraRASSHOPPERJOES
gives the expected number of visits in the absorbingot involve clustering. However it is still able to
random walk (Doyle and Snell, 1984). In particularautomatically take advantage of cluster structures in
N;; is the expected number of visits to stgtde- the data.
fore absorption, if the random walk started at state  |n each iteration we need to compute the fun-

We then average over all starting states to obtain damental matrix (3). This involves inverting an
the expected number of visits to stgte In matrix (n — |G|) x (n — |G]) matrix, which is expensive.

notation, . However the) matrix is reduced by one row and
_ N1 (4) one column in every iteration, but is otherwise un-
n— |G| changed. This allows us to apply the matrix in-

where|G] is the size ofG. We select the state with Version lemma (Sherman-Morrison-Woodbury for-
the largest expected number of visits as the next iteMula) (Press et al., 1992). Then we only need to

9|c/+1 iN GRASSHOPPERANKINg: invert the matrix once in the first iteration, but not in
subsequent iterations. Space precludes a full discus-
9jGl+1 = argmax?:‘GHl v;. (5) sion, but we point out that it presents a significant

speed up. A Matlab implementation can be found
The completeGRASSHOPPERalgorithm is summa- atht t p: / / www. ¢s. wi sc. edu/ ~j erryzhu/

rized in Figure 2. pub/ grasshopper. m

24 Some Discussions 3 Experiments

To see howA controls the tradeoff, note when= 1
we ignore the user-supplied prior rankingwhile
when A = 0 one can show thatRASSHOPPERe- Multi-document extractive text summarization is a
turns the ranking specified by prime application foGRASSHOPPERIN this task, we
Our data in Figure 1(a) has a cluster strucmust select and rank sentences originating from a
ture. Many methods have exploited such structurset of documents about a particular topic or event.
e.g., (Hearst and Pedersen, 1996; Leuski, 2001, Lithe goal is to produce a summary that includes all
and Croft, 2004). In fact, a heuristic algorithm isthe relevant facts, yet avoids repetition that may
to first cluster the items, then pick the central itemsgesult from using similar sentences from multiple
from each cluster in turn. But it can be difficult todocuments. In this section, we demonstrate that

3.1 Text Summarization
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GRASSHOPPER balance of centrality and diversity LexRank, edges in the graph correspond to text sim-
makes it successful at this task. We present enflarity. To create a sparse graph, we use the cosine
pirical evidence thatRASSHOPPERachieves results threshold value of 0.1 obtained in (Erkan and Radev,
competitive with the top text summarizers in the2004). Specifically, the edge weight between sen-
2004 Document Understanding Confererttet(p:  tence vectors; ands; is defined as

/I duc. ni st. gov). DUC is a yearly text summa- .

rization community evaluation, with several tasks in o {1 if m > 0.1

recent years concentrating on multi-document sum- Wij = 0 otherwise ’
marization (described in more detail below).

Many successful text summarization system¥he second input fOGRASSHOPPERIiS an initial
achieve a balance between sentence centrality arahking distribution, which we derive from the po-
diversity in a two-step process. Here we review theition of each sentence in its originating document.
LexRank system (Erkan and Radev, 2004), whicRosition forms the basis for lead-based summaries
is most similar to our current approach. LexRanKi.e., using the firstV sentences as the summary)
works by placing sentences in a graph, with edgeand leads to very competitive summaries (Brandow
based on the lexical similarity between the sentences al., 1995). We form an initial ranking for each
(as determined by a cosine measure). Each sesentence by computing ©, wherep is the position
tence is then assigned a centrality score by findingf the sentence in its document, andis a posi-
its probability under the stationary distribution oftive parameter trained on a development dataset. We
a random walk on this graph. Unlike the similarthen normalize over all sentences in all documents
PageRank algorithm (Page et al., 1998), LexRano form a valid distribution oc p~ that gives high
uses an undirected graph of sentences rather tharobability to sentences closer to the beginning of
Web pages, and the edge weights are either cosidecuments. With a larger, the probability assigned
values or 0/1 with thresholding. The LexRank cento later sentences decays more rapidly.
trality can be combined with other centrality mea- To evaluat&GRASSHOPPERWe experimented with
sures, as well as sentence position information. ADUC datasets. We train our parametesisand \)
ter this first step of computing centrality, a secusing the DUC 2003 Task 2 data. This dataset con-
ond step performs re-ranking to avoid redundanctains 30 document sets, each with an average of 10
in the highly ranked sentences. LexRank uses crosgsecuments about a hews event. We &8ASSHOP-
sentence informational subsumption (Radev, 200@ERs performance on the DUC 2004 Task 2, Tasks
to this end, but MMR (Carbonell and Goldstein,4a and 4b data. DUC 2004 Task 2 has 50 document
1998) has also been widely used in the text sunsets of 10 documents each. Tasks 4a and 4b explored
marization community. These methods essentiallgross-lingual summarization. These datasets consist
disqualify sentences that are too lexically similar t@f Arabic-to-English translations of news stories.
sentences ranked higher by centrality. In short, simnFhe documents in Task 4a are machine-translated,
ilar graph-based approaches to text summarizatiavhile Task 4b’s are manually-translated. Note that
rely on two distinct processes to measure each sewe handle the translated documents in exactly the
tence’s importance and ensure some degree of divslame manner as the English documents.
sity. GRASSHOPPERoON the other hand, achieves the We evaluate our results using the standard text
same goal in a unified procedure. summarization metric ROUGEhh{t p: // www.

We applyGRASSHOPPERO text summarization in i si . edu/ ~cyl / ROUGE/ ). This is a recall-based
the following manner. Our graph contains nodeseasure of text co-occurrence between a machine-
for all the sentences in a document set. Wegenerated summary and model summaries manually
used the Clair Library {ttp://tangra.si. created by judges. ROUGE metrics exist based on
um ch. edu/clair/clairlib) to split docu- bigram, trigram, and 4-gram overlap, but ROUGE-1
ments into sentences, apply stemming, and credafieased on unigram matching) has been found to cor-
a cosine matrix for the stemmed sentences. Cosinelate best with human judgments (Lin and Hovy,
values are computed using TF-IDF vectors. As ir2003).

(6)
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Using the DUC 2003 training data, we tuned co-star relationship. Not surprisingly, actors from
and ) on a small grid ¢ € {0.125,0.25,0.5,1.0}; the United States dominate our dataset, although a
A € {0.0,0.0625,0.125,0.25,0.5,0.95}). Specifi- total of 30 distinct countries are represented. We
cally, for each of the 30 DUC 2003 Task 2 documenseek an actor ranking such that the top actors are
sets, we computed ROUGE-1 scores comparing oprominent. However, we also want the top actors to
generated summary to 4 model summaries. We abe diverse, so they represent comedians from around
eraged the resulting ROUGE-1 scores across all 3be world.
sets to produce a single average ROUGE-1 score toThis problem is framed as@RASSHOPPERank-
assess a particular parameter configuration. Aftémg problem. For each movie, we considered only
examining the results for all 24 configurations, wehe main stars, i.e., the first five cast members, who
selected the best ona:= 0.25 and\ = 0.5. tend to be the mostimportant. The resulting list con-

Table 1 presents our results using these paramigins 3452 unique actors. We formed a social net-
ter values to generate summaries for the three DU@ork where the nodes are the actors, and undirected
2004 datasets. Note that the averages listed are ageighted edges connect actors who have appearedin
tually averages over 4 model summaries per set, aadnovie together. The edge weights are equal to the
over all the sets. Following the standard DUC pronumber of movies from our dataset in which both
tocol, we list the confidence intervals calculated bctors were main stars. Actors are also given a self-
ROUGE using a bootstrapping technique. The fiedge with weight 1. The co-star graph is given to
nal column compares our results to the official SySSRASSHOPPERas an input. For the prior actor rank-
tems that participated in the DUC 2004 evaluationing, we simply letr be proportional to the number
GRASSHOPPERIS highly competitive in these text of movies in our dataset in which an actor has ap-
summarization tasks: in particular it ranks betweepeared. We set the weight= 0.95. It is important
the 1st and 2nd automatic systems on 2004 Task @. note that no country information is ever given to
The lower performance in Task 4a is potentially dUGSRASSHOPPER
to the documents being machine-translated. If they We use two measurements, ‘country coverage’
contain poorly translated sentences, graph edgasd ‘movie coverage’, to study the diversity and
based on cosine similarity could be less meaninggrominence of the ranking produced BRASSHOP-
ful. For such a task, more advanced text processimER We compareGRASSHOPPERO two baselines:
is probably required. ranking based solely on the number of movies an ac-

) _ tor has appeared imjOVIECOUNT, and a randomly
3.2 Social Network Analysis generated rankinggANDOM.
As another application c6RASSHOPPERWe iden- First, we calculate ‘country coverage’ as the num-
tify the nodes in a social network that are the modber of different countries represented by thek@z-
prominent, and at the same time maximally covetors, for allk values. Each actor represents a single
the network. A node’s prominence comes from itg€ountry—the country that the actor has appeared in
intrinsic stature, as well as the prominence of théhe most. We hypothesize that actors are more likely
nodes it touches. However, to ensure that the tope have co-star connections to actors within the same
ranked nodes are representative of the larger grapbuntry, so our social network may have, to some
structure, it is important to make sure the results amextent, a clustering structure by country. ‘Country
not dominated by a small group of highly prominentoverage’ approximates the number of clusters rep-
nodes who are closely linked to one another. This reesented at different ranks.
quirement makesRASSHOPPERa useful algorithm Figure 3(a) shows that country coverage grows
for this task. much more rapidly forGRASSHOPPERthan for

We created a dataset from the Internet Movi®OVIECOUNT. That is, we see more comedians from
Database (IMDDb) that consists of all comedy moviearound the world ranked highly bgRASSHOPPER
produced between 2000 and 2006, and have receivedcontrast, the top ranks efOVIECOUNT are dom-
more than 500 votes by IMDb users. This results ithated by US actors, due to the relative abundance
1027 movies. We form a social network of actors byf US movies on IMDb. Many other countries are
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Number of | Average GRASSHOPPER

Dataset Doc. Sets| ROUGE-1 95% C.I. Unofficial Rank
DUC 2004 Task 2 50 0.3755 | [0.3622, 0.3888] Between 1 & 2 of 34
DUC 2004 Task 43 24 0.3785 | [0.3613, 0.3958] Between 5 & 6 of 11
DUC 2004 Task 4h 24 0.4067 | [0.3883, 0.4251] Between 2 & 3 0f 11

Table 1: Text summarization results on DUC 2004 datassssSHOPPERvas configured using parameters
tuned on the DUC 2003 Task 2 dataset. The rightmost column lists what dumwauid have been if we
had participated in the DUC 2004 evaluation.

not represented until further down in the rankedge curve is roughly linear in the number of ac-
list. This demonstrates thaRASSHOPPERankingis tors. By ranking more prominent actors highly, the
successful in returning a more diverse ranking. BeSRASSHOPPERand MOVIECOUNT movie coverage
cause of the absorbing statesGRASSHOPPERthe curves grow faster. Many of the US actors highly
first few highly ranked US actors encourage the seanked by MOVIECOUNT are co-stars of one an-
lection of actors from other regions of the co-stabther, SOGRASSHOPPERoUtperformsMOVIECOUNT
graph, which roughly correspond to different counin terms of movie coverage too.

tries. RANDOM achieves even higher country cover- We inspect thesRASSHOPPERanking, and find
age initially, but is quickly surpassed I®BRASSHOP- the top 5 actors to be Ben Stiller, Anthony Anderson,
PER The initial high coverage comes from the ranJohnny Knoxville, Eddie Murphy and Adam San-
dom selection of actors. However these randomlgller. GRASSHOPPERaISO brings many countries, and
selected actors are often not prominent, as we shawajor stars from those countries, into the high ranks.
next. Examples include Mads Mikkelsen (“synonym to

Second, we calculate ‘movie coverage’ as the tdl1 great success the Danish film industry has had”),
tal number of unique movies the tdpactors are Cem Yilmaz (“famous Turkish comedy actor, cari-
in. We expect that actors who have been in morgaturist ar_1d scenarist”), Jun Ji-Hyun (“face of South
movies are more prominent. This is reasonable b&orean cinema”), Tadanobu Asano (“Japan’s an-
cause we count an actor in a movie only if the actopWer o Johnny Depp”), Aamir Khan (*prominent
is among the top five actors from that movie. OuPB©llywood film actor”), and so oh These actors
counts thus exclude actors who had only small roled® ranked significantly lower BMOVIECOUNT.
in numerous movies. Therefore high movie cov- 1hese results indicate thatGRASSHOPPER
erage roughly corresponds to ranking more promp_lchieves both prominence and diversity in ranking
nent actors highly. It is worth noting that this mea-2ctors in the IMDb co-star graph.
sure also partiall)_/ accounts for diversity, §ince an  conclusions
actor whose movies completely overlap with those
of higher-ranked actors contributes nothing to movi€RASSHOPPERanking provides a unified approach
coverage (i.e., his/lher movies are already covered ligr achieving both diversity and centrality. We have
higher-ranked actors). shown its effectiveness in text summarization and

Figure 3(b) shows that the movie cover-Social network analysis. As future work, one direc-

age of GRASSHOPPERgrows more rapidly than tion is “partial absorption,” where at each abso_rt_)ing

MOVIECOUNT, and much more rapidly thaRAN- state_ the random walk ha_s an escape_probablllty to
DOM. The results show that, while theANDOM continue the random walk instead of being absorbed.
ranking is diverse, it is not of high quality be_Tuning the escape probability creates a continuum
cause it fails to include many prominent actors ifP€tween PageRank (if the walk always escapes) and

its high ranks. This is to be expected of a rangRASSHOPPEF{if always absorbed). In addition, we

dom ranking. Since the vast majority of the acWill explore the issue of parameter learning, and

tors appear in only one movie, the movie cover- 3Quotes from IMDb and Wikipedia.
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Figure 3: (a) Country coverage at ranks up to 500, showingdRassSHOPPERaNndRANDOM rankings are
more diverse thamoVvIECOUNT. (b) Movie coverage at ranks up to 500, showing thRASSHOPPERand
MOVIECOUNT have more prominent actors theaANDOM. Overall, GRASSHOPPERS the best.

user feedback (e.g., “This item should be rankedren Kurland and Lillian Lee. 2005. PageRank without hyper-

higher.”). We also plan to applgRASSHOPPERO a links: Structural re-ranking using links induced by language
o . o . . models. INSIGIR'05

variety of tasks, including information retrieval (for

example ranking news articles on the same event Aston Leuski. 2001. Evaluating document clustering for inter-

in Google News, where many newspapers might use active information retrieval. ICIKM'01.

the same report and thus result in a lack of diversity$;hin-Yew Lin and Eduard Hovy. 2003. Automatic evalua-

image collection summarization, and social network tion of summaries using n-gram co-occurrence statistics. In

. . . . . . NAACL'03 pages 71-78.
analysis for national security and business intelli-
gence. Xiaoyong Liu and W. Bruce Croft. 2004. Cluster-based re-
trieval using language models. 8iGIR’04
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