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Abstract. Google’s Knowledge Graph offers structured summaries for entity
searches. This provides a better user experience by focusing on the main aspects
of the query entity only. But to do this Google relies on curated knowledge bases. In consequence, only entities included in such knowledge bases can benefit
from such a feature. In this paper, we propose ARES, a system that automatically discovers a manageable number of attributes well-suited for high precision
entity summarization. With any entity-centric query and exploiting diverse facts
from Web documents, ARES derives a common structure (or schema) comprising attributes typical for entities of the same or similar entity type. To do this,
we extend the concept of typicality from cognitive psychology and define a
practical measure for attribute typicality. We evaluate the quality of derived
structures for various entities and entity types in terms of precision and recall.
ARES achieves results superior to Google’s Knowledge Graph or to frequencybased statistical approaches for structure extraction.
Keywords: Entity Summarization, Schema Extraction, Knowledge Graph.

1

Introduction

Entity-centric searches account for more than 50% of the queries on the Web [13,
14]. There are two main types of entity search queries: those focused on finding entities and those returning properties of given entities. The first type has been extensively researched: many systems performing query by example for Related Entity Finding
(REF) or for Entity List Completion (ELC) have been published [5, 18]. Also belonging to the first category, searching for entities by means of properties e.g. “President
of USA” known as “Web-based Question Answering”, received significant attention
([8, 17, 27]). Systems like the well-known IBM Watson [23] stand as a proof of their
success. However, most queries are of the second type, popular entities according to
user search behavior (identified in [14]) being celebrities, organizations, or health
concerning issues like medical conditions. Unfortunately not much has been done to
accommodate such queries. The problem of entity-centric search focused on returning
information for given entities is the central topic of this paper.
Google’s Knowledge Graph represents the state of the art for such entity queries. It
summarizes knowledge of common interest using some fixed schema to provide an
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Figure 1: Knowledge Graph - result for “Barack Obama”.

overview. After typing some entity name into Google’s search field, an entity summary is provided on the right hand side of the search results, if the Knowledge Graph
contains the entity. A sample entity summary for ‘Barack Obama’ is shown in Figure
1. According to Google’s official blog (http://www.googleblog.blogspot.de/20
12/05/introducing-knowledge-graph-things-not.html), the Graph mainly relies on
manually curated data sources like Wikipedia Infoboxes, Google’s Freebase, and
schema.org annotations on the Web. But with this, the Knowledge Graph has a major
shortcoming: it only provides information on well-known entities already having a
Wikipedia article, Freebase record or sufficient schema.org annotations. Our extensive evaluation presented in Section 2 shows that this is indeed rather limited.
In this paper we argue that a data-driven approach of building entity summaries
directly from unstructured data on the Web is more suitable for entity-centric search.
Inspecting the popular ClueWeb09 (lemurprject.org/clueweb09/) data set consisting
of 500 million documents from the Web, we extracted approximately 11,000 statements regarding Barack Obama. The statements are structured as triples of the form
(subject, predicate, object), with predicates representing attributes and objects represent the corresponding values. But the volume of information is huge. With the information needs of the majority of users in mind, when browsing through the variety
of attribute: value pairs for ‘Barack Obama’, we found that many of them, e.g., visit:
Israel, love: Broccoli or spent_vacation_in: Hawaii, are irrelevant. Can such attributes
be recognized as irrelevant and pruned to obtain a suitable, yet concise structure?
The first idea that comes to mind is a frequency-based solution. Approaches like
the count of witnesses as a measure for the importance of attributes have often proven
efficient [8, 19]. Together with the Knowledge Graph, they will serve as baseline for
evaluating the approach presented in this paper. But browsing through the triples for
Barack Obama, one can observe that some of the information, like the year of election, term in office, being member of some party, etc., is common to all American
presidents. Intuitively, a data-driven entity summary for “Barack Obama” as an
“American president” would comprise a few, good descriptive properties selected
from these shared characteristics. Taking a closer look at how the attributes extracted
for Barack Obama are actually shared among the 44 American presidents (see Figure
2) a typical power law distribution can be observed. While the attributes that are
common and important for this small world of presidents fall into the head of the
distribution, the tail mostly comprises trivia about individual presidents. That means,

by simply chopping off the tail, one might already identify common attributes of good
quality. Is such a distribution valid for all types of entities, i.e. can the lessons learned
from the small and homogeneous set of 44 American presidents be generalized? And,
how can this distribution efficiently be derived and pruned, i.e. can this also be performed for classes with thousands of entities or heterogeneous entity types with only
limited similarity?
Approach and contribution: Motivated by these observations we present ARES
(AttRibute selector for Entity Summaries) a system for extracting data-driven structure for entity summarization. Starting from a query comprising an entity and the
category of interest (like SCAD [2] we use categories for query disambiguation), e.g.,
“Barack Obama: American President”, ARES delivers highly typical attributes for the
query entity in the context of the provided category. To implement our approach we
extend the concept of typicality from cognitive psychology and define attribute typicality together with a novel and practical rule for actually calculating it. We evaluate
the quality of extracted attributes in terms of precision and recall deploying the basic
structure from matching Wikipedia articles as ground truth together with human assessment. As a baseline, we employ the well-known ReVerb Open Information Extraction (OpenIE) system [10] enhanced with frequency-based scoring and state-ofthe-art paraphrase discovery [4] and the Google Knowledge Graph. All measurements
have been performed over sufficiently large real-world datasets namely the freely
accessible part of PubMedCentral (www.ncbi.nlm.nih.gov/pmc) and ClueWeb09.

2

A Brief Glance at Google’s Knowledge Graph

According to Google the Knowledge Graph mainly relies on the Wikipedia Infoboxes, Freebase and schema.org annotations. Schema.org was launched in early
2011 as joint initiative of major search engine providers. It provides a unified set of
vocabularies for semantically annotating data published on the Web. But as we have
shown in [12] schema.org did not gain traction. One year after schema.org was introduced, only about 1.56% of the websites comprised annotated data. In consequence
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Figure 2: Distribution of extracted attributes (x-axis) sorted by how many American presidents (y-axis) share each attribute (with zoom-in on the first 100 attributes).

schema.org can’t significantly contribute to the Knowledge Graph. It seems that the
Knowledge Graph is mostly limited to entities from Wikipedia and Freebase.
Wikipedia and Freebase largely overlap in terms of the entities and entity structure.
Freebase is mainly focused on providing structured information (same as Wikipedia
Infoboxes but more extensive). Wikipedia additionally provides a textual description,
each entity being presented in a comprising article. Infoboxes are fixed-format tables
built on one or more hierarchical Infobox templates. The purpose of Infoboxes is to
consistently present a summary of some unifying aspects that articles share. The idea
is that articles of entities of a similar kind share the same Infobox structure. This way,
similar entities share the same structure that should flow into the corresponding
Knowledge Graph summaries. But the Infoboxes can be quite extensive, having much
more attributes than the Knowledge Graph snippet should comprise. Choosing the
“right” attributes to build the entity summary is vital for the whole system. For instance, the snippet for Barack Obama (Figure 1) comprises 6 attributes taken from the
Infobox Person template (en.wikipedia.org/wiki/Template:Infobox_person). However, nothing really specific regarding his activity as a president is mentioned, other than
the first sentence being copied from the Wikipedia article. The information presented
in the Knowledge Graph is quite general, common to any person be it a politician,
writer, actor, etc. In fact, the same snippet structure is provided also for actor Kevin
Bacon. But relevant information like the year Obama took office or which political
party he belongs to, are not being included here despite being present in the corresponding Infobox. It seems that for this entity, the Knowledge Graph only presents
the first few attributes of the broader Infobox template the entity is associated with –
in this case the Person Infobox. Instead, we believe that finding a sweet-spot between
too broad and too specific information, like for example a subset of the Office holder
template (en.wikipedia.org/wiki/Template:Infobox_officeholder), is sensible.
But is this only a problem of choosing the right attributes from Infoboxes, i.e. do
Infoboxes include the right attributes for entity summaries? Manually inspecting different entities with same Infobox templates it can be observed that for entities of
common type, the structure of Wikipedia articles is often very similar with nearly
identical first-level headings. Encouraged by this observation we analyzed a larger
number of entities. Starting from the list of 3,000 diseases featuring an article on Wikipedia we extracted the headings of all articles (structural headings of Wikipedia like
“References” and “External Links” were pruned). Indeed, even over large samples of
entities, a common structure can be extracted (see Figure 3). A similar result holds in
the case of American presidents, yet with lower percentages. Both entity types form
homogeneous groups. However, this is not always the case: the same experiment
performed on all companies from the S&P 500 list shows that, with the exception of
only two headings (Products and Acquisitions) there is no common article structure
for this category. Going a step further and inspecting the article headings for companies from the same business field, the structure becomes more homogeneous. For
instance, articles for automotive companies often cover topics like ‘Alliances’ or
‘Motorsport’, in contrast to articles for pharmaceutical companies, where topics like
‘Clinical Trials’ and ‘Litigation’ are more common. Despite articles for companies
being highly heterogeneous, all their Infoboxes follow the same template (the Com-

pany Infobox template - en.wikipedia.org/wiki/Template:Infobox_company), summarizing information with 41 generic attributes. Does this general structure provide suitable selections of attributes that reflect article differences?
Focusing on the structure provided by the Infoboxes we conducted an experiment
to investigate two aspects: The number of expected attributes (i.e., how many an entity summary should feature) and the suitability of generic attributes for building
knowledge snippet structures reflecting the heterogeneous Wikipedia articles. We
selected 50 companies, split into 10 groups, each group corresponding to a major
business field (e.g. Automotive, Energy, Financial, IT, Retail, etc.). Each company
and its corresponding attributes and values have then been presented to 25 human
subjects with the task to select those few relevant properties they would like to see in
a short description of the company. The experiment was conducted through a
crowdsourcing platform (CrowdFlower). In total we collected 1250 judgments. Companies were presented in random order and attributes were shuffled for each task.
The number of selected attributes over all judgments on all companies ranges from
1 to 18, with a clear focus between 3 and 7, an average of 5.3 and a standard deviation
of 3.12. This behavior is consistent for all companies: averages of the selected number
of attributes per company range between 5.1 and 6.0. Also in terms of attribute relevance there is large consensus: the same few typical attributes are considered relevant
by most subjects for all companies. The histogram presented in Figure 4 shows companies from the financial sector (histograms for all other companies are very similar).
In fact, low standard deviation values for each attribute on all companies, show subjects selected the same attributes over and over, regardless of the company. As a consequence, histogram based similarity metrics like the Minkowski distance measured
pairwise between all companies, can’t really differentiate between various business
sectors or other semantically meaningful criteria.
Of course, since the Infobox structure has to cover all kinds of companies, the respective attributes were general. But the fact that popular attributes selected from this
structure are not correlated to the different topics presented in the articles suggests
more sophisticated measures have to be taken when categories are heterogeneous. Our
experiments show a clear tendency regarding the number of attributes an entity summary should feature and a surprisingly high consensus about what attributes are considered important. A good entity summary structure highlights between 3 and 7 at60
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Figure 3: Wikipedia Article Structure – % of entities (y-axis) belonging to the same
category and sharing a certain heading (x-axis, values shared by less than 10% omitted).

Figure 4: The number of subjects (y-axis) that have selected an attribute (x-axis) for a certain
company (z-axis). For companies from the financial sector only.

tributes, and focuses on typical properties of the entity. But overall, seeing the respective articles’ richness, considering just generic properties may poorly reflect the real
world. If the entity is part of a homogeneous category, properties are usually typical
for the entire category. But, if categories are heterogeneous, good structures have to
be derived in a data-driven fashion with properties typical for a more homogeneous
semantic subgroup.

3

Related Work

Knowledge graphs have been used in the past for entity summarization. In [22] the
authors present a greedy algorithm that adapts the idea of diversification from information retrieval [1] to extract entity summaries from subject-predicate-object triples.
The authors argue that a diversity unaware system is likely to present only certain
aspects of an entity. For instance in a knowledge base representing movie information, entity Tom_Cruise is connected multiple times to movies by the acted_in
predicate but just once to the literal representing his birthday through the
born_on_date predicate. In this case, the many movies Tom Cruise played in would
be more likely to be included in the summary. Personal data would be ignored. To
incorporate the concept of diversification into the summarization algorithm they rely
on a knowledge graph built form the triples. Added to the edges, weights should represent the “importance” of the attributes of the entity. These weights are assumed to
be provided as input. We consider that the concept of attribute typicality introduced in
this paper is perfect for establishing such weights. Furthermore, we separate between
predicates and values. Each predicate is considered only once. In consequence, acted_in has same chance of making it into the summary as born_on_date has. The decision which attributes to include in the summary is made based on the attribute typicality, value controlled by the user through the entity category.
Related to our work, in [16] the authors propose a probabilistic approach to compute attribute typicality. But there is a fundamental difference: the authors ignore the
difference between entities and sub-concepts representing instances of a concept. This

way for any concept, say company, both IT company and Toyota are instances of
company. This simplifying assumption doesn’t consider data heterogeneity: for concepts comprising heterogeneous entities the extracted attributes only loosely represent
the corresponding entities. In contrast, our approach distinguishes between concepts
and sub-concepts. It follows a data-driven approach with attributes typical for each
sufficiently homogeneous semantic subgroup.
From a broader perspective, our work is related to the field of schema matching
and mapping. Such systems use various matching techniques and data properties to
overcome syntactic, structural or semantic heterogeneity. But most approaches focus
on data from relational databases [20]. Systems like WEBTABLES [7] or OCTOPUS
[6] rely on semi-structured data like html lists and tables on the Web to extract data
structure. In contrast, our system may use all extractions from text without any restrictions increasing the number of supported entities.

4

The Concept of Typicality

Leading the quest for defining the psychological concept of typicality [21], Eleanor
Rosch showed that the more similar an item was to all other items in a domain, the
more typical the item was for that domain. Her experiments show that typicality
strongly correlates (Spearman rhos from 0.84 to 0.95 for six domains) with family
resemblance a philosophical idea made popular by Ludwig Wittgenstein in [25].
Wittgenstein postulates that the way in which family members resemble each other is
not defined by a (finite set of) specific property(-ies), but through a variety of properties that are shared by some, but not necessarily all members of a family. Based on
this insight, Wittgenstein defines a simple family-member similarity measure based
on property sharing:
𝑆(𝑋1 , 𝑋2 ) = |𝑋1 ∩ 𝑋2 |

(1)

where X1 and X2 are the property sets of two members of the same family. However,
this measure of family resemblance assumes that a larger number of common properties increase the perceived typicality, while larger numbers of distinct properties do
not decrease it. To overcome this problem, the model proposed by Tversky in [24]
suggests that typicality increases with the number of shared properties, but to some
degree is negatively affected by the distinctive properties:
𝑆(𝑋1 , 𝑋2 ) =

|𝑋1 ∩ 𝑋2 |
|𝑋1 ∩ 𝑋2 | + 𝛼|𝑋1 − 𝑋2 | + 𝛽|𝑋2 − 𝑋1 |

(2)

where α and β ≥ 0 are parameters regulating the negative influence of distinctive
properties. In particular, when measuring the similarity of a family member X 2 to the
family prototype X1, a choice of α ≥ β poses the same or more weight to the properties of the prototype itself. For α = β = 1 this measure becomes the well-known Jaccard coefficient. For α+β ≤ 1 more weight is given to shared features, while for α+β >
1 diverse properties are emphasized, which is useful for heterogeneous families.

4.1 Attribute Typicality
Applying Tversky’s family resemblance model enables the selection of a most typical family member or entity. However, our main goal is to find a common structure,
i.e. a most typical set of attributes for some entity and its respective entity type.
Hence, we need to find out which of the attributes occurring in a family actually are
typical with respect to this family. Since the family definition relies on the measure of
members’ similarity, we adapt Tversky’s measure as follows: assume we can determine some family F consisting of n entities 𝐸1 , … , 𝐸𝑛 and a total of k distinct attributes given by predicates 𝑝1 , … , 𝑝𝑘 are observed for family F. Let Xi and Xj represent
the respective attribute sets for two members 𝐸𝑖 and 𝐸𝑗 , then:
|𝑋𝑖 ∩ 𝑋𝑗 | = 1𝑋𝑖 ∩𝑋𝑗 (𝑝1 ) + 1𝑋𝑖∩𝑋𝑗 (𝑝2 ) + ⋯ + 1𝑋𝑖∩𝑋𝑗 (𝑝𝑘 )
1 𝑖𝑓 𝑝 ∈ 𝑋
where 1𝑋 (𝑝) = {
is a simple indicator function.
0 𝑖𝑓 𝑝 ∉ 𝑋

(3)

Now we can rewrite Tversky’s shared similarity measure to make all attributes explicit:
𝑆(𝑋𝑖 , 𝑋𝑗 ) =

∑𝑘𝑙=1 1𝑋𝑖∩𝑋𝑗 (𝑝𝑙 )

|𝑋𝑖 ∩ 𝑋𝑗 | + 𝛼|𝑋𝑖 − 𝑋𝑗 | + 𝛽|𝑋𝑗 − 𝑋𝑖 |
where the same conditions as above apply to 𝛼 and 𝛽.

(4)

According to Tversky, each attribute shared by Xi and Xj contributes evenly to the
similarity score between Xi and Xj. This allows us to calculate the contribution score
of each attribute to the similarity of each pair of members:
Let p be an attribute of a member from F. The contribution score of p to the similarity of any two attribute sets Xi and Xj, denoted by 𝐶𝑋𝑖,𝑋𝑗 (𝑝), is:
1𝑋𝑖∩𝑋𝑗 (𝑝)
(5)
𝐶𝑋𝑖,𝑋𝑗 (𝑝) =
|𝑋𝑖 ∩ 𝑋𝑗 | + 𝛼|𝑋𝑖 − 𝑋𝑗 | + 𝛽|𝑋𝑗 − 𝑋𝑖 |
where 𝛼 = 𝛽 ≥ 0. (Additionally further normalization could be applied to avoid small
values.) The contribution of some attribute towards the similarity of two family members is this way dependent on the degree of similarity between the two members. This
is a fundamental difference to simply performing property set intersections (like in
Figure 2). In particular, this enables us to cope even with difficult cases where entity
collections are heterogeneous. Building on the contribution score we are now ready to
introduce the notion of attribute typicality.
Definition 1: Attribute Typicality. Let F be a set of n entities 𝐸1 , … , 𝐸𝑛 of similar
kind represented by their respective attribute sets 𝑋1 , … , 𝑋𝑛 . Let U be the set of all
distinct attributes of all entities from F. The typicality 𝑇𝐹 (𝑝) of an attribute/predicate
𝑝 ∈ 𝑈 w.r.t. F is the average contribution of p to the pairwise similarity of all entities
in F:
𝑛−1

𝑛

1
𝑇𝐹 (𝑝) = 𝑛 ⋅ ∑ ∑ 𝐶𝑋𝑖,𝑋𝑗 (𝑝)
𝐶2
𝑖=1 𝑗=𝑖+1

(6)

where 𝐶𝑋𝑖,𝑋𝑗 (𝑝) is the contribution score of attribute p regarding the similarity between 𝑋𝑖 𝑎𝑛𝑑 𝑋𝑗 (eq. 5) and 𝐶2𝑛 is the number of all combinations of entities from F.

5

Designing the Retrieval System

Building on state-of-the-art information extraction, our prototype system discovers
all those attributes that are typical for the entity and entity type provided by the user.
Figure 5 shows an overview of the system. In brief, the system works as follows:
5.1

Information Extraction

Documents from the Web, are processed with Open Information Extraction
(OpenIE) methods. This results in a large number of (subject, predicate, object) triples. Since the same entity can be expressed in multiple forms, an Entity Dictionary
listing unique entities and their possible string representations is kept and updated.
Two problems have to be discussed regarding the entity dictionary: synonymy, i.e.
every entity can have more than just one string representation form, e.g. “Barack
Obama”, “B. H. Obama”, etc. and ambiguity, i.e. every string can refer to different
entities e.g. “Clinton” may refer either to “Bill Clinton” or to “Hillary Clinton”. Since
synonymy is not our main focus, our prototype uses thesauri like WordNet, Mesh and
entity string representations from Wikipedia. The problem of ambiguity is known as
Entity Disambiguation. In order to solve this, the assumption is made that any ambiguous reference to some entity, say “Clinton”, is preceded in the document by some
clear entity reference like “President Clinton” or “Mrs. Clinton”. If no such reference
is found, we relax our assumption like in presented [19] and assume that each entity
string is uniquely addressing exactly one entity within a document.
Predicates may also have synonym terms e.g. president_of, won_elections_in,
was_elected_president_of, etc. Also in this case we keep listing unique predicates –
the Paraphrase Dictionary. However, for predicates there are no acceptable thesauri.
The field of paraphrase discovery is concerned with this problem [4]. State-of-the-art
methods rely on a class of metrics called distributional similarity metrics [15]. In the
context of paraphrase discovery, this hypothesis is applied as: two predicates are paraphrases of each other, if they are similarly distributed over a set of pairs of entitytypes. However, in contrast to the entity ambiguity problem, a simplifying assumption
is made: predicates can’t have multiple meanings (single-sense assumption [26]).
Following on these insights and similar to the method presented in [11], we applied
hierarchical clustering to the predicate/entity-type pairs distributions. As a similarity

Figure 5: ARES – System Architecture.

measure we have used the well-known cosine metric with mean linkage as criteria.
Still, despite experimenting with different similarity thresholds, the success of the
paraphrasing process is rather limited. While on manual inspection the clusters prove
good precision, just about 7% (for 0.9 similarity threshold) actually build clusters.
The rest of the predicates build single node clusters although a substantial number of
cases show obvious paraphrases. This is consistent with results from the literature
[26], where, the recall barely reaches 35%.
All extracted facts are cleaned based on these dictionaries. Then, they are stored in
a knowledge base (we use a Virtuoso RDF database in our prototype).
5.2

Query Engine

The query engine module is responsible for extracting the entity structure for user
queries comprising the entity and corresponding type. The first step in this direction is
to identify all entities that belong to the same category as the query entity. To do this,
a mapping between the entities and the corresponding categories is needed. Such
mappings can be extracted in the preprocessing phase directly from text with lexicosyntactic patterns, like “…an X such as Y…” or “… all X, including Y…” expressing
“is-a” hierarchies between entity category X and entity Y.
Experiments in section 2 show that categories may comprise heterogeneous entities. Our approach relies on Tversky’s similarity measure (eq. 2) to find those knearest neighbors to the query entity. These entities not only belong to the same category as the query entity, but they also share similar structure. We call this special
collection of entities, the family of the query entity.
Definition 2: Family. Let X be the query entity and C be the set of entities of the
same category as the category given by the user to represent X. The family of X w.r.t.
category C, denoted FX,C, is a subset of entities from C, with:
𝐹𝑋,𝐶 = {𝑌|𝑌 ∈ 𝐶 ⋀ 𝑆(𝑋, 𝑌) > 𝜃}
where 𝑆(𝑋, 𝑌) represents the similarity between entities X and Y (see eq. 2) and θ is a
family specific threshold.
The value of θ has to be established dynamically, based on the start entity and the
entities falling into the same category. For this purpose, we employ automatic thresholding methods, in particular the ISODATA algorithm. Applied to the entities falling
into the same category as the query, this method identifies the similarity threshold that
splits the entities in two groups: one comprising homogeneous entities with high similarity to the query entity and one containing all the less similar entities.
With the query rewritten from “entity plus type” to “entity plus family”, we can
now proceed to extract the attributes that are central for the entity types’ structure.
Following the definition of attribute typicality, introduced in section 4.1, for each
attribute, we calculate its contribution to defining the family of the query entity. For
better overview of how the quantification of attribute typicality is performed we present the pseudo-code of our system’s algorithm in Algorithm 1. Being the online part
of the system, in the following we present an analysis of the systems’ efficiency.
Runtime Analysis: Even for broad categories with thousands of entities our system requires about 40 seconds per query. For instance, in the case of diseases, 3,513
entities in the disease category have articles on Wikipedia. For entity “hypertension”,

ARES needs 42.977 seconds to extract typical attributes on commodity hardware. The
time required is broken down as follows: computing the family of the query (lines 26
to 41 in Alg. 1) takes 22.472 seconds to complete. This covers the following parts:
extracting all attributes for all entities (13.350 seconds – an average of 3.8 milliseconds per entity); pairwise comparing the 1,329 diseases that also appear in PubMedCentral statements (8.917 seconds – an average of 6.7 milliseconds per comparison); computing the family threshold (21 milliseconds). All other operations (assignments, logical, arithmetical operators) for the family computation require 184 milliseconds. The computation of typicality values for all 2,711 attributes (lines 2 to 25 in
Alg. 1) takes 20.505 seconds to compute (about 7.5 milliseconds per attribute).
All tests have been performed single threaded. But since all major operations allow
for parallelization, ARES should run in real-time on a cluster with up to 100 nodes.
Algorithm 1: Extraction algorithm for typical attributes.
Input:

X

-

query

entity,

C

-

set

of

entities

of

same

category

ϕ - attribute quality threshold, RDF triple collection
Output: T - set of typical attributes
1: F ← FAMILY(X, C)
2: T ← {}; U ← {}
3: foreach X in F do
4:
x_attr ← ATTRIBUTES(X, RDF)
// all attributes from triples where X is the subject or the object
// stored in memory for heavy reuse (*)
5:
U ← U ∪ x_attr
6: end for
7: foreach a in U do
8:
a_typ ← 0
9:
for Xi ∈ F do
10:
for Xj ∈ F −{𝑋𝑘 |1 ≤ 𝑘 ≤ 𝑖 ⋀ 𝑋𝑘 ∈ 𝐹} do
11:
xi_ attr ← ATTRIBUTES(Xi, RDF)
// (*)
12:
xj_ attr ← ATTRIBUTES(Xj, RDF)
// (*)
13:
contr←0
14:
if a ∈ xi_attr ⋀ a ∈ xj_ attr then
1
15:
contr ← |x _attr∩𝑥 _attr|+𝛼|x _attr−𝑥 _attr|+𝛽|𝑥 _attr−x _attr |
𝑖

16:
17:
18:
19:
20:
21:
22:
23:
24:
25:
26:
27:
28:
29:
30:
31:
32:
33:
34:
35:
36:
37:
38:
39:
40:
41:

𝑗

𝑖

𝑗

𝑗

𝑖

// contribution of p to similarity between Xi and Xj (eq.5)
end if
a_typ ← a_typ + contr
end for
end for
𝑎_𝑡𝑦𝑝
|𝐹|
a_typ ← 2 ∙ |𝐹|∙(|𝐹|−1)
// the number of pairwise comparisons (𝐶2 )
if a_typ > ϕ then
T ← T ∪a
end if
end for
return T
function FAMILY(X, C)
F ← {𝑋}; x_attr ← ATTRIBUTES(X, RDF)
foreach Y in C do
y_attr ← ATTRIBUTES(Y, RDF)
sim←similarity(x_attr, y_attr)
// Tversky’s similarity, eq. 2
// computed only once then stored in memory for later use (**)
S←S ∪ sim
end for
θ ← ISODATA(S)
foreach Y in C do
y_attr ← ATTRIBUTES(Y,RDF)
sim←similarity(x_attr, y_attr)
// (**)
if sim ≥ θ then
F ← F ∪ Y
end if
end for
return F

as

X,
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Qualitative Evaluation

6.1 Experimental Setup
Dataset. For our tests, we used ClueWeb09 a 500 million Web documents corpus
and PubMedCentral comprising about 250,000 biomedicine and life sciences research
papers. All documents are processed offline by our IE module. For ClueWeb09 billions of noisy triples are extracted. After filtering out triples that are infrequent only
approx. 15 million triples remain. With the same process on the PubMedCentral corpus, we extracted about 23 million triples. The IE module needs about 1 minute to
process 8,000 sentences. On commodity hardware, the process took about 11 days.
Queries. We experiment with persons (in the sense of American presidents), organizations (in the sense of companies) and medical conditions, three types of entities
identified in [14] as most popular entity-centric queries on the Web.
Measures. Our goal is to extract a high quality structure with limited, yet precise
attributes. Therefore the success of all algorithms is measured in terms of precision
(also in aggregated form as mean average precision MAP). Given the small number of
attributes in an entity summary, recall is less important but still relevant for our task.
The frequency-based baseline algorithm. Drawing on the literature, we assume
that attributes frequently appearing together with either the query entity or with entities of the same type, build a good structure for the query. Relying on the same infrastructure as described in Section 5 we thus implemented the frequency-based baseline
approach (in the following called Frequency-based Entity Summarization - short
FES). Another reference system is of course Google Knowledge Graph, the attributes
from the knowledge snippet to be specific.
Establishing Ground Truth. For entity-centric search falling into the categories of
REF or ELC, TREC [3] and INEX [9] provide data samples and gold standards. Unfortunately, no such data is available for problem presented in this paper. We rely on
the basic structure from matching Wikipedia articles as ground truth together with
human assessment. For the evaluation based on human assessment all attributes provided by ARES, FES and the Knowledge Graph were mixed together and ordered
alphabetically for each query. We presented the resulting lists to subjects and provided the same instructions as in Section 2. We selected relevant attributes based on the
‘majority rule’. All assessments showed substantial agreement ([19]) showing Fleiss’
Kappa agreement levels between 0.71 and 0.76.
6.2 Experiments
In the following we present two sets of experiments: one set focused on evaluating
different query forms to proper disambiguate query entities and one for testing our
approach on large categories with either heterogeneous or homogeneous structure.
6.2.1 Disambiguation of Queries
A query consists of two parts: an entity and the corresponding entity category. This
is because a single entity is not enough to capture the user intent. Still, allowing users

to give examples might help disambiguation. For instance, with “Ronald Reagan” as a
query entity and “Clint Eastwood” as additional example, users will be referring to
American actors rather than American presidents. However, they might also have
other categories in mind like Western actors, actors from California, etc. The more
examples, the better the disambiguation, however increasing query complexity. On
the other hand, a user provided category leads to easy and high quality disambiguation ([13]). To establish which query form is better, we performed three experiments:
a) Users provide an entity. Since our approach relies on shared attributes, a single
entity cannot be disambiguated. This experiment is however interesting for FES.
b) Users provide five similar entities. The cognitive burden increases heavily beyond that. FES cumulates the frequency of the attributes over the five entities
and selects the most frequent ones. We modified ARES for this experiment to
use the five entities as a family.
c) Users provide an entity together with the category of interest. The frequencybased method cumulates the frequency of the attributes for all entities of the category and selects the most frequent ones. ARES works as described in Section 5.
In Figure 6 (a, b and c) we present the top 10 attributes for our running example:
American presidents. For just one entity (Fig. 6.a), the precision of FES proves really
poor. No disambiguation can be performed and thus, all kinds of attributes are considered. Barack Obama has proven to be an unlucky choice for FES: averaging the precision over multiple American presidents shows better results. In the case of five examples (Fig. 6.b), both the frequency-based method and the modified attribute-sharing
method achieve average results. Again, the reason is proper disambiguation: only a
small part of the personal aspects are evened out. Finally when the category of American presidents is also provided (see Fig. 6.c), both methods achieve quite good precision. Hence we can state that a query consisting of some entity and a respective type
leads to better disambiguation and allows us to extract better structure.
Experiment c) shows the normal functionality of both ARES and FES. The precision and recall values obtained by the systems are presented in Table 1. For the case
of American presidents, ARES is with a MAP of 0.75 superior to the other systems.
The Knowledge Graph focuses in this case on family and education, elements considered irrelevant by the assessors. This severely affects its recall.
6.2.2 The Structure of Categories
While categories are perfect for disambiguation, some categories may prove heterogeneous. Fortunately, our approach features a self-tuning resemblance measure able
to automatically refine categories: all queries are focused on a family of entities with
sufficiently homogeneous structure, while keeping the focus on the query entity. For
instance, out of the S&P 500 list of companies, for queries like “Toyota Motor Corporation”, “Renault S.A.”, or “Volkswagen A.G.”, our systems builds families with 17
to 24 entities, clearly focusing on car companies (30% - 50% of the selected family
members are car makers). For queries like “Apple Inc”, “Google Inc” or “Microsoft”
the results are similar, with 40% - 60% of IT companies in the selected family.
Indeed the self-tuning works well. In contrast to the results observed for generic
attributes from Wikipedia Infoboxes (Section 2), where Minkowski similarity metrics
(Manhattan distance) showed no difference between companies in different fields, for

Table 1. Precision & Recall by system and query category

the attributes extracted by our system these differences are much more expressive.
The average histogram distance for the attributes from Wikipedia Infoboxes selected
by the crowd for car companies is of 69.8. The same distance for attributes selected
by ARES for car companies is of 6.7. For IT companies the respective average values
are 56.4 for attributes from the Wikipedia Infoboxes vs. 1.4 for the ARES selection.
However, the average distance between different sectors stays large also for ARES:
78.16 vs. 65.3 for the selection from the Wikipedia Infoboxes and ARES respectively,
for car vs. IT companies. This shows that ARES is able to extract attributes particular
to homogeneous entities (small histogram distances for similar companies) while
keeping heterogeneous entities apart. It’s remarkable that, when presented with datadriven attributes, assessors picked attributes differentiating between business sectors.
In terms of precision, our approach achieves 0.73 MAP for all company queries,
superior to both baselines. We present the results, averaged by sector, in Fig. 6.d and
Fig. 6.e. For car makers, 8 attributes proved relevant according to the majority of
human assessors. There is an important difference regarding the precision achieved by
FES in the two sectors. Deeper inspection showed that there is more information
about IT companies than about car makers in ClueWeb09. In fact most information on
automotive topics actually refers to cars and not to the respective companies. Thus, it
is understandable that a frequency based method shows such poor results.
Motivated by these findings, we repeated the experiments on PubMedCentral with
diseases as query entities. Unlike in the case of companies, here we can’t recognize
any particular (especially taxonomically motivated) patterns regarding the members in
our automatically derived families. Cardiovascular diseases are mixed together with
infectious diseases, skin conditions and forms of cancer. We evaluated the systems
over five well-known medical conditions (“cancer”, “diabetes mellitus”, “hepatitis”,
“hypertension” and “tuberculosis”). Boosted by the high quality information (Fig.
6.f.), our method achieves an impressive MAP of 0.87. The Knowledge Graph returns
some of the National Library of Medicine headings obtaining fair average precision of
0.52. We would have expected that FES also performs better given the large amount
of relevant information. But it seems that the broad coverage of various subjects leads
to the frequency of attributes being spread rather evenly. Also in terms of recall
ARES is consistently superior, showing its overall practical usefulness.

7

Conclusions & Future Work

Google’s Knowledge Graph represents the state of the art for entity summarization.
However, our experiments show that even simple, frequency-based approaches already reach similar or even better quality results. But for good user experience, especially for heterogeneous collections of entities even more is needed. Therefore, tuning
the data-driven schema selection for entities over the vast variety of facts from the

Web is a major contribution of the ARES approach presented in this paper. ARES
relies on the concept of family resemblance introduced by cognitive psychology and
intelligently blends the homogeneity/heterogeneity of entity families with schema
integration techniques in the light of all extracted facts. ARES is self-tuning in the
sense that after family selection, entities within families show high intra-family similarity, while entities from heterogeneous categories show low inter-family similarity.
Given the current advances in OpenIE, that allow to work directly on text, any entity
being described somewhere on the Web, can thus be summarized appropriately. Our
experiments on real-world entity classes representing different degrees of class homogeneity show that ARES is indeed superior to both, frequency-based statistical
approaches and the Knowledge Graph, in terms of precision and recall. Moreover,
also the run-time performance is already quite practical.
In future work, the improvement of response times by advanced indexing techniques, parallelization, and the exploitation of specialized hardware will be addressed.
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Figure 6: Precision@k - for experiments a) and b) and c), for automotive companies (d), IT companies (e) and diseases (f).
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