A Graphical Framework for Contextual Search and Name Disambiguation
in Email
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Abstract

Similarity measures for text have histor-
ically been an important tool for solving
information retrieval problems. In this pa-
per we consider extended similarity met-
rics for documents and other objects em-
bedded in graphs, facilitated via a lazy
graph walk. We provide a detailed in-
stantiation of this framework for emalil
data, where content, social networks and
a timeline are integrated in a structural
graph. The suggested framework is evalu-
ated for the task of disambiguating names
in email documents. We show that rerank-
ing schemes based on the graph-walk sim-
ilarity measures often outperform base-
line methods, and that further improve-
ments can be obtained by use of appropri-
ate learning methods.
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important to understand how text-based document
similarity measures can be extended to documents
embedded in complex structural settings.

Our similarity metric is based on a lazy graph
walk, and is closely related to the well-known
PageRank algorithm (Page et al., 1998). PageRank
and its variants are based on a graph walk of infi-
nite length with random resets. Idazygraph walk,
there is a fixed probability of halting the walk at each
step. In previous work (Toutanova et al., 2004), lazy
walks over graphs were used for estimating word
dependency distributions: in this case, the graph
was one constructed especially for this task, and the
edges in the graph represented different flavors of
word-to-word similarity. Other recent papers have
also used walks over graphs for query expansion (Xi
et al., 2005; Collins-Thompson and Callan, 2005).
In these tasks, the walk propagates similarity to a
start node through edges in the graph—incidentally
accumulating evidence of similarity over multiple
connecting paths.

In contrast to this previous work, we consider
schemes for propogating similarity across a graph

Many tasks in information retrieval can be perthat naturally models a structured dataset like an
formed by clever application of textual similarity @mail corpus: entities correspond to objects includ-
metrics. In particular, The canonical IR problem ofng email addresses and dates, (as well as the usual
ad hocretrieval is often formulated as the task oftypes of documents and terms), and edges corre-
finding documents “similar to” a query. In modernspond to relations likeent-by We view the simi-

IR settings, however, documents are usually not isdarity metric as aool for performing searckacross
lated objects: instead, they are frequently connectdllis structured dataset, in which related entities that
to other objects, via hyperlinks or meta-data. (Arre notdirectly similar to a query can be reached via
email message, for instance, is connected via headgtlti-step graph walk.

information to other emails in the same thread and In this paper, we formulate and evaluate this ex-
also to the recipient’s social network.) Thus it istended similarity metric. The principal problem we
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consider iglisambiguating personal names in emailthat edge labels determine the source and target
which we formulate as the task of retrieving the pernode types: i.e., it —— » andw —— y then

son most related to a particular name mention. Wp(w) = T(z) andT(y) = T(z). However, mul-
show that for this task, the graph-based approach imiple relations can hold between any particular pair

proves substantially over plausible baselines. Afteéf nodes types: for instance, it could be that! y
retrieval, learning can be used to adjust the rankin v R .
x — y, wherel # ¢'. (For instance, an email

of retrieved names based on the edges in the pat 5

traversed to find these names, which leads to an agc 29 could besent-fromy, or sent-toy.) Note

ditional performance improvement. Name disam<§1Iso that edges need not denote functional relations:

biguation is a particular application of the sugges‘[e];:(l)r agivenr an£d£, there rpay be many d|§t|nct nodes
general framework, which is also applicable to any Such thatz — y. For instance, for a file;, there

has-term

real-world setting in which structural data is avail-are many distinct termgsuch thatt ="y holds.

able as well as text. In representing email, we also create iaverse
This paper proceeds as follows. Sections 2 arl@bel ¢~ for each edge label (relatiod) Note that

3 formalize the general framework and its instantithis means that the graph will definitely be cyclic.

ation for email. Section 4 gives a short summar)Table 1 gives the full set of relations used in our

of the learning approach. Section 5 includes expergmail represention scheme.

mental evaluation, describing the corpora and resul?

for the person name disambiguation task. The paper

concludes with a review of related work, summanB.1 Edge weights

and future directions.

Graph Similarity

Similarity between two nodes is defined by a lazy
walk process, and a walk on the graph is controlled
by a small set of paramete®& To walk away from

A graphG consists of a set of nodes, and a set of | noder, one first picks an edge labglthen, given
beled directed edges. Nodes will be denoted by let; one picks a nodg such that N y. We assume
ters likex, y, or z, and we will denote an edge fromthat the probability of picking the labél depends
z to y with label ¢ asz N y. Every noder has only on the typ€el’(x) of the nodez, i.e., that the
a type, denoted’(z), and we will assume that there 0utgoing probability from node: of following an
are a fixed set of possible types. We will assume fd?dge type is:
f:onvenit_a\nce that there are no edges from a node to Pr(t|z)=Pr(t|T) = Oy,
itself (this assumption can be easily relaxed.) o
We will use these graphs to represent real-worltiet S, be the set of possible labels for an edge leav-
data. Each node represents some real-world entii§)g @ node of typel;. We require that the weights
and each edge N y asserts that some binary V€' all outgoing ec_:l_ge type_s g?ven_the source node
relation £(z,y) holds. The entity types used herelype form a probability distribution, i.e., that
to represent an email corpus are shown in the left- Z Opr, =1
most column of Table 1. They include the tradi- (€5, ’
tional types in information retrieval systems, namely . _ o
file andterm In addition, however, they include the !N this paper, we will assume that oncss picked,
typesperson email-addresanddate These enti- ¥ 1S chosen uniformly from the set of aJlsuch that
ties are constructed from a collection of email mest — y. That is, the weight of an edge of type
sages in the obvious way—for example, a recipient ¢fonnecting source nodeto nodey is:
“Einat Minkov <einat@cs.cmu.edt’ indicates the . 01
existence of a person node “Einat Minkov” and an Priz —yll)= ———
email-address node “einat@cs.cmu.edu”. (We as-
sume here that person names are unique identifier$his assumption could easily be generalized, how-
The graph edges are directed. We will assumever: for instance, for the typ@&(xz) = file and

2 Email as a Graph
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source type  edge type target type and probability O to all other nodes, then the value

file sent-from person . . . L
sent-from-email  email-address given toy in V, can be interpreted as a similarity
sent-to . person measure betweenandy.
Zg?gztoof-emall g;“tg"'address In our framework, aqueryis an initial distribu-
has-subject-term  term tion V, over nodes, plus a desired output tyfig,,
has-term term and the answer is a list of nodesof type T,.:,

person 222::{:)9[“ v I::: ranked by their score in the distributidf. For in-
alias email-address stance, for an ordinarpd hocdocument retrieval
has-term term query (like “economic impact of recycling tires”)

email-address zggnfo‘fnmjr:anl I::g would be an appropriate distributidr, over query
alias-inverse person terms, withT',,; = file. Replacingdl},,; with person
is-email* term would find the person most related to the query—

term has-term * file e.g., an email contact heavily associated with the
has subject-term’  file retread economics. Replaciig with a point dis-
is-email email-address T " P I’EQ P .
has-ternt? person tribution over a particular document would find the

date date-of T file people most closely associated with the given docu-

Table 1: Graph structure: Node and relation typegnent.

¢ = has-termweights for termg such that L Y

3.3 Relation to TF-IDF

might be distributed according to an appropriate Iarf:[ Is interesting to view this framework in compar-
guage model (Croft and Lafferty, 2003).

3.2 Graph walks

ison to more traditional IR methods. Suppose we
restrict ourselves to two types, terms and files, and
allow only in-file edges. Now consider an initial

Conceptually, the edge weights above define tHgHery distributionl, which is uniform over the two
probability of moving from a node to some other t€'MS “the aardvark”. A one-step matrix multiplica-
nodey. At each step in a lazy graph walk therdion will result in a distributionV;, which includes
is also some probability of staying atz. Putting filé nodes. The common term “the” will spread
these together, and denoting by, the probability its probability mass into small fractions over many

of being at nodey at timet + 1 given that one is at file nodes, while the unusual term “aardvark” will
= at timet in the walk. we define spread its weight over only a few files: hence the

effect will be similar to use of an IDF weighting
M,, = { (1-7) %, Prz > 4l0) - Pr(fIT(z)) = #y scheme,
Y o z=y
If we associate nodes with integers, and mdke 4 Learning

a matrix indexed by nodes, then a walk lofteps .

: : C ..As suggested by the comments above, this graph
can then be defined by matrix multiplication: specif-
) . : L - framework could be used for many types of tasks,
ically, if V4 is some initial probability distribution

over nodes, then the distribution aftek-atep walk and itis unlikely that a single set of parameter val-
is bro ortio'nal toV, — VyMF. Larger values ofy ues will be best for all tasks. It is thus important to
'S prop Yk = VoV1'. -arg consider the problem déarninghow to better rank
increase the weight given to shorter paths betweenra h nodes
z andy. In the experiments reported here, we cond' 2P ) ' .
sider small values of, and this computation is car- Previous researchers have described schemes for
ried out directly using sparse-matrix multiplication"’_ldjustlng the pgrame_teéSusmg grao!lent descent-
methodst If V; gives probability 1 to some node like methods (Diligenti et al., 2005; Nie et al., 2005).

In this paper, we suggest an alternative approach of

‘We have also explored an altemative approach based @8arning to re-order an initial ranking. This rerank-
sampling; this method scales better but introduces some addi- h h b d in th tf t
tional variance into the procedure, which is undesirable for exNg approac as been used In the past 1or meta-

perimentation. search (Cohen et al., 1999) and also several natural-



language related tasks (Collins and Koo, 2005). The Evaluation

advantage of reranking over parameter tuning is that , ,
" ) Ve experiment with three separate corpora.
the learned classifier can take advantage of “globa . .
The Cspacecorpus contains email messages col-

features that are not easily used in walk.
lected from a management course conducted at

anNa(L)Itzr;h;itvgogev{/:agr Irzga{n\iNTJIIIZtig?]n itt)eisuzzftjter arnegie Mellon University in 1997 (Minkov et
9 P ’ [., 2005). In this course, MBA students, orga-

viewed as a complementary approach, as the tech-

. ) ) . hized in teams of four to six members, ran simu-
niques can be naturally combined by first tuning th N .
. . ated companies in different market scenarios. The
parameter®, and then reranking the result using a . :
. . . . corpus we used here includes the emails of all
classifier which exploits non-local features. This hy-

brid approach has been used successfully in the pé%?ms over a period of four days. Tharon cor-

on tasks like parsing (Collins and Koo, 2005). pus is a collection of mail fr_om the Enron cor
. i . pus that has been made available for the research
We here give a short overview of the reranking ap- . :
) : . : community (Klimt and Yang, 2004). Here, we
proach, that is described in detail elsewhere (Collins . .
. . . Used the saved email of two different usérslo
and Koo, 2005). The reranking algorithm is pro-

: ) U . eliminate spam and news postings we removed
vided with a training set containingexamples. Ex- - . .

) . : . email files sent from email addresses with suf-
amplei (for 1 < i < n) includes a ranked list of

fix “.com” th re not Enron’s; widely distri
l; nodes. Letw;; be thejth node for example, com” that are not on's; widely distributed

. . email files (sent from “enron.announcement”, to

and letp(w;;) be the probability assigned io;; by ( ” ;

. : all.employees@enron.com” etc.). Text from for-
the graph walk. A candidate nods; is represented :

. warded messages, or replied-to messages were also
throughm features, which are computed by fea-

: : . removed from the corpus.
ture functionsfy, ..., f,,. We will require that the . )
' el - Table 2 gives the size of each processed corpus,

features be binary; this restriction allows a closed

form parameter update. Thanking functionfor anq the numb_er of nodes in the graph representation
) . _ of it. In deriving terms for the graph, terms were
nodez is defined as:

Porter-stemmed and stop words were removed. The

m ) :
. processed Enron corpora are available from the first
F(z,a) = aoL(z) + kz_:l a fi(x) author’s home page.
g corpus Person set
whereL(z) = log(p({ﬁ)) anda is a vector of real- files  nodes| train  test
value parameters. Given a new test example, the out- Cspace 821 6248 26 80
put of the model is the given node list re-ranked by Sager-E 1632 9753 11 51
Flz,a) Shapiro-R 978 13174| 11 49
To learn the parameter weightswe use a boost- Table 2: Corpora Details

ing method (Collins and Koo, 2005), which min-
imizes the following loss function on the training5.1  Person Name Disambiguation

data: 5.1.1 Task definition

Consider an email message containing a common
name like “Andrew”. Ideally an intelligent mailer
would, like the user, understand which person “An-
wherez; ; is, without loss of generality, a correctdrew” refers to, and would rapidly perform tasks like
target node. The weights for the function are learnegtrieving Andrew’s prefered email address or home
with a boosting-like method, where in each iterapage. Resolving the referent of a person name is also
tion the featuref, that has the most impact on thean important complement to the ability to perform
loss function is chosen, and, is modified. Closed named entity extraction for tasks like social network
form formulas exist for calculating the optimal ad-analysis or studies of social interaction in email.
ditive updates and the impact per feature (Schapimzspm we used the “atfocuments” folder, including
and Singer, 1999). both incoming and outgoing files.

l;
ExpLoss(@) = Z Z o~ (F(i,1,8) = F(zi,5,a))
i j=2



However, although the referent of the name i46 common American nicknames to identify nick-
unambiguous to the recipient of the email, it camames that mapped uniquely to full person names
be non-trivial for an automated system to find oubn the “Cc” header line.
which “Andrew” is indicated. Automatically de- For each dataset, some examples were picked ran-
termining that “Andrew” refers to “Andrew Y. Ng” domly and set aside for learning and evaluation pur-
and not “Andrew McCallum” (for instance) is espe-poses.
cially difficult when an informal nickname is used, - _
or when the mentioned person does not appearinthe  — ';“1“2'02 ”'C'g’f;ﬂ/‘:s 0;2%%
email header. As noted above, we model this prob- Sager-E ) 10.2% 89.8%
lem as a search task: based on a name-mentioninan _ Shapiro-R - 15.0% 85.0%
email messagen, we formulate query distribution  Table 3: Person Name Disambiguation Datasets
V,, and then retrieve a ranked listpérsonnodes.

5.1.2 Data preparation 5.2 Results for person name disambiguation
Unfortunately, building a corpus for evaluatings 2.1 Evaluation details

this task is non-trivial, because (if trivial cases are All of the methods applied generate a ranked list

eliminated) determining a name’s referent is Ofte%f person nodes, and there is exactly one correct an-

non-trivial for a human other than the intended regwer per examplé. Figure 1 gives resulfsfor two

cipient. We evaluated this task using three Iabelegf the datasets as a function of recall at rankup
datasets, as detailed in Table 2. to rank 10. Table 4 shows the mean average preci-

The Cspace corpus has been manually annotatggh, (vap) of the ranked lists as well as accuracy,

with personal names (Minkov et al., 2005). Addi~hich we define as the percentage of correct answers
tionally, with the corpus, there is a great deal of .o 1 (i.e., precision at rank 1.)
information available about the composition of the ’

individual teams, the way the teams interact, anf.2.2 Baseline method

the full names of the team members. Using this To our knowledge, there are no previously re-
extra information it is possible to manually resolveported experiments for this task on email data. As a
name mentions. We collected 106 cases in whighaseline, we apply a reasonably sophisticated string
single-token names were mentioned in the the boqﬁatching method (Cohen et a|_, 2003) Each name
of a message but did not match any name from th@ention in question is matched against all of the per-
header. Instances for which there was not SUeron names in the corpus. The s|m||ar|ty score be-
cient information to determine a unique person enween the name term and a person name is calculated
tity were excluded from the example set. In additiorys the maximal Jaro similarity score (Cohen et al.,
to names that refer to people that are simply not inpp3) between the term and any single token of the
the header, the names in this corpus include peopirsonal name (ranging between 0 to 1). In addition,
that are in the email header, but cannot be matCh% incorporate a nhickname dictionér}such that if
because they are referred to USiﬁgiti&lS—thiS is the name term is a known nickname of a name, the
commonly done in the sign-off to an emailick-  similarity score of that pair is set to 1.
namesincluding common nicknames (e.g., “Dave”  The results are shown in Figure 1 and Table 4. As
for “David”), unusual nicknames (e.g., “Kai" for can be seen, the baseline approach is substantially
“Keiko”); or American names adopted in place ofjess effective for the more informal Cspace dataset.
a foreign name (e.g., “Jenny” for “Qing”). Recall that the Cspace corpus includes many cases
For Enron, two datasets were generated automafgch as initials, and also nicknames that have no

ically. We collected name mentions which correfiteral resemblance to the person’s name (section

spond uniquely a names that is in the email “Cc™———— _ _ _
header line: then, to simulate a non-trivial matchin% If a, ranklng contains a block of items with the sa‘tme sc”ore,

T node’s rank is counted as the average rank of the “block”.
task, we eliminate the collected person name from “gegyits refer to test examples only.

the email header. We also used a small dictionary of *The same dictionary that was used for dataset generation.



5.1.2), which are not handled well by the string simimentation, we adopted the following types of fea-
ilarity approach. For the Enron datasets, the basaires f for a nodex. The set of features are fairly
line approach perfoms generally better (Table 4). Igeneric. Edge unigram featuresdicate, for each
all the corpora there are many ambiguous instancesige label, whether/ was used in reaching from
e.g., common names like "Dave” or “Andy” that V;,. Edge bigram featuresdicate, for each pair of
match many people with equal strength. edge labeld,, /5, whether/; and/s were used (in
that order) in reaching from V. Top edge bigram
5.2.3 Graph walk methods featuresare similar but indicate if;, /> were used
We perform two variants of graph walk, corre-in one of the two highest-scoring paths betwégn
sponding to different methods of forming the quenandz (where the “score” of a path is the product of
distributionV;. Unless otherwise stated, we will usep, N z) for all edges in the path.)
a uniform weighting of labels—i.ef, 7 = 1/Sr;
v = 1/2; and a walk of length 2. We believe that these features could all be com-
In the first variant, we concentrate all the probPuted using dynamic programming methods. Cur-
ability in the query distribution on the name term/rently, however, we compute features by using a
The column labelederm gives the results of the Mmethod we callpath unfolding which is simi-
graph walk from this probability vector. Intuitively, 1ar to theback-propagation through timalgorithm
using this variant, the name term propagates it¢laykin, 1994; Diligenti et al., 2005) used in train-
weight to the files in which it appears. Then, weightnd recurrent neural networks. Graph unfolding is
is propagated to person nodes which co-occur frdiased on a backward breadth-first visit of the graph,
quently with these files. Note that in our graptstarting atthe target node at time steand expand-
scheme there is a direct path between terms to pdig the unfolded paths by one layer per each time
son names, so that they recieve weight as well. ~ Step. This procedure is more expensive, but offers
As can be seen in the results, this leads to verjiore flexibility in choosing alternative features, and
effective performance: e.g., it leads to 61.3% vaVas useful in determining an optimal feature set.

41.3% accuracy for the baseline approach on the In addition. we used for this task some addi-

QSpace dataset. However, it does_ not handle aMonal problem-specific features. One feature indi-
biguous terms as well as one would like, as the quefy,sa.q \yhether the set of paths leading to a node orig-
does not include any information of tlwwntextin inate from one or two nodes i1, (We conjecture
whic_h the name occurred: the top-ranked _answerf(?ﬁat in the file+term walk, nodes are connected to
ambiguous name terms (e.g., "[_)ave”) will alWaysooth the source term and file nodes are more rele-
be the Same person. TO so_lve this problem,_we al%mt comparing to nodes that are reached from the
used a‘||e.+term walk, in which the query/, 9VES " file node or term node only.) We also form features
eql_JaI yvelght to the name term node and the file 'that indicate whether the given term is a nickname of
which it appears. ) ] ] the person name, per the nicknames dictionary; and
We found that adding the file node ¥ provides \hether the Jaro similarity score between the term
useful context for ambiguous instances—e.g., thgnq the person name is above 0.8. This information
correct "David” would in general be ranked higherg gimilar to that used by the baseline method.
than other persons with this same name. On the
other hand, though, adding the file node reduces The results (for the test set, after training on the
the the contribution of the term node. Although thdrain set) are shown in Table 4 and (for two represen-
MAP and accuracy are decreased, file+term has béative cases) Figure 1. In each case the top 10 nodes
ter performance than term at higher recall levels, agere reranked. Reranking substantially improves

can be seen in Figure 1. performance, especially for the file+term walk. The
. accuracy rate is higher than 75% across all datasets.
5.2.4 Reranking the output of a walk The features that were assigned the highest weights

We now examine reranking as a technique for imby the re-ranker were the literal similarity features
proving the results. After some preliminary experand thesource counteature.



| MAP | Accuracy

CSPACE Cspa(_:e
1 — Baseline 49.0 41.3
S I — ] Graph - term 72.6 61.3
O e e 1 Graph - file+term 66.3 488
osf | = 1 Reranking - term 85.6 72.5
ol ¥ Reranking - file+term| 89.0 83.8

i Sager-E
g oot 1 Baseline 67.5 39.2
2 os| i i Graph - term 82.8 66.7
E i Graph - file+term 61.7 41.2
o oery ] Reranking - term 83.2 68.6
03} i Reranking - file+term| 88.9 80.4

0o i Shapiro-R

i Baseline 60.8 38.8
o1 1 Graph - term 84.1 63.3
0 . . . Graph - file+term 56.5 38.8
0 ° 10 1 % Reranking - term 87.9 65.3
SHAPIRO-R Reranking - file+term| 85.5 77.6

Table 4: Person Name Disambiguation Results

| has been applied to keyword search in structured
N | databases (Balmin et al., 2004). Analysis of inter-
term ~-xc-- | object relationships has been suggested for entity
R | disambiguation for entities in a graph (Kalashnikov
eremeeed = | etal., 2005), where edges are unlabelled. It has been
| suggested to model similarity between objects in re-
lational data in terms of structural-context similarity
Y 2 * (Jeh and Widom, 2002).
We propose the use of learned re-ranking schemes
Figure 1: Person name disambiguation results; R& improve performance of a lazy graph walk.
call at rank k Earlier authors have considered instead using hill-
climbing approaches to adjust the parameters of a
6 Related Work graph-walk (Diligenti et al., 2005). We have not
compared directly with such approaches; prelimi-
As noted above, the similarity measure we use isary experiments suggest that the performance gain
based on graph-walk techniques which have beef such methods is limited, due to their inability to
adopted by many other researchers for several diéxploit the global features we used HerdRelated
ferent tasks. In the information retrieval commu-research explores random walks for semi supervised
nity, infinite graph walks are prevalent for deter{earning (Zhu et al., 2003; Zhou et al., 2005).
mining document centrality (e.g., (Page et al., 1998; The task of person disambiguation has been stud-
Diligenti et al., 2005; Kurland and Lee, 2005)). Ajed in the field of social networks (e.g., (Malin et
related venue of research is spreading activa- al., 2005)). In particular, it has been suggested to
tion over semantic or association networks, whergerform name disambiguation in email using traf-
the underlying idea is to propagate activation fronfic information, as derived from the email headers
source nodes via weighted links through the networ{piehl et al., 2006). Our approach differs in that it
(Berger et al., 2004; Salton and Buckley, 1988).  allows integration of email content and a timeline in
The idea of representing structured data as @ddition to social network information in a unified
graph is widespread in the data mining community,——— _ _ _
N . . . For instance, re-ranking using a set of simple locally-
which is mostly concerned with relational or Sem"computable features only modestly improved performance of
structured data. Recently, the idea of PageRanke “random” weight set for the CSpace threading task.

Cumulative Rate




framework. In addition, we incorporate learning toChristopher P. Diehl, Lise Getoor, and Galileo Namata. 2006.

tune the system parameters automatically. Name reference resolution in organizational email archives.
In SIAM
7 Conclusion Michelangelo Diligenti, Marco Gori, and Marco Maggini.

2005. Learning web page scores by error back-propagation.
We have presented a scheme for representing a cordn HJCAI.

pus of email messages with a graph of typed entitiegjmon Haykin. 1994.Neural Networks Macmillan College
and an extension of the traditional notions of docu- Publishing Company.

me_nt similarity. to documents e_mbedded in & grapksjen geh and Jennifer Widom. 2002. Simrank: A measure of
Using a boosting-based learning scheme to rerank structural-context similarity. I$IGKDD.

OUtquS base(.j.on graph-walk r_EIated’ as W_e_” as OthBFnitri Kalashnikov, Sharad Mehrotra, and Zhaogi Chen. 2005.
domain-specific, features provides an additional per- Exploiting relationship for domain independent data clean-
formance improvement. The final results are quite ing- INSIAM

strong: for the explored name disambiguation taskgrown Kiimt and Yiming Yang. 2004. The enron corpus: A
the method yields MAP scores in the mid-to-upper new dataset for email classification researchEGML

80's. The person name identification task illustrategren kurland and Lillian Lee. 2005. Pagerank without hyper-
a key advantage of our approach—that context can links: Structural re-ranking using links induced by language
be easily incorporated in entity disambiguation. models. INSIGIR

In future work, we plan to further explore theBradely Malin, Edoardo M. Airoldi, and Kathleen M. Carley.

labili f th r h. an | W f inte- 2005. A social network analysis model for name disam-
scalability of the approach, and also ways of inte biguation in lists.Journal of Computational and Mathemat-

grating this approach with language-modeling ap- ical organization Theory11(2).

proaches for document representation and retrieval. _ _ o
A i ith reqard to contextual (m I,[._Elnalt Minkov, Richard Wang, and William Cohen. 2005. Ex-
n open queston wi g xtual (multi tracting personal names from emails: Applying named entity

source) graph walk in this framework is whether itis recognition to informal text. It{LT-EMNLP,

possible to further focus probability mass on node§aiqing Nie, Yuanzhi Zhang, Ji-Rong Wen, and Wei-Ying Ma.
that are reached from multiple source nodes. This 2005. Object-level ranking: Bringing order to web objects.

may prove beneficial for complex queries. In WWW
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