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Abstract

Knowledge is crucial for text-related applications. In this paper, we introduce
Microsoft Concept Graph, a knowledge graph engine that provides concept tag-
ging APIs to facilitate the understanding of human language. Microsoft Con-
cept Graph is built upon Probase, a universal probabilistic taxonomy consisting
of instances and concepts mined from the Web. We begin by describing the
construction of the knowledge graph through iterative semantic extraction and
taxonomy construction procedures, which extract 2.7 million concepts from 1.68
billion Web pages. We then employ conceptualization models to represent text
in the concept space, empowering various text-related applications such as topic
search, query recommendation, Web table understanding, and advertisement rel-
evance. Since its release in 2016, Microsoft Concept Graph has received more
than 100,000 page views, 2 million API calls, and 3,000 registered downloads
from 50,000 visitors across 64 countries.

1 Corresponding author: Lei Ji (Email: leiji@microsoft.com; ORCID: 0000-0002-
7569-3265)

1. Introduction

Concepts are indispensable for both humans and machines to understand the
semantic meanings underlying raw text. Humans comprehend an instance—
especially an unfamiliar one—through its basic-level concept, a process psychol-
ogists and linguists define as Basic-level Categorization (BLC). For example,
while people may not understand “Gor Mahia,” the concept “football club”
from Wikipedia enables them to grasp its semantic meaning easily. Psycholo-
gist Gregory Murphy began his highly acclaimed book [1] with the statement
“Concepts are the glue that holds our mental world together.” A Nature book
review [2] calls this an understatement, arguing that “Without concepts, there
would be no mental world in the first place.”
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To enable machines to understand instances as humans do, we need a knowledge
graph comprising instances, concepts, and their relationships. However, we
observe two major limitations in existing knowledge graphs that motivate us to
build Probase [3], a brand-new taxonomy for general-purpose human language
understanding.

First, previous taxonomies have limited concept space. Many existing
taxonomies are constructed by human experts and are difficult to scale. For in-
stance, the Cyc project [4] contains only about 120,000 concepts after 25 years
of evolution. Other projects like Freebase [5] rely on crowdsourcing to expand
their concept space, yet still lack general coverage across many domains, creat-
ing barriers for general-purpose text understanding. Automatically constructed
knowledge graphs such as YAGO [6] and NELL [7] also suffer from limited con-
cept coverage. Table 1 compares the number of concepts in Probase and other
popular open-domain taxonomies, demonstrating that Probase has a substan-
tially larger concept space.

Second, previous taxonomies treat knowledge as black and white. Tra-
ditional knowledge bases aim to provide standard, well-defined, and consistent
reusable knowledge, treating knowledge in binary terms. However, this approach
has clear limitations, especially when the concept space is extremely large, be-
cause different knowledge has varying confidence intervals or probabilities, and
the optimal probability threshold depends on the specific application. Unlike
previous taxonomies, our philosophy annotates knowledge facts with probabili-
ties and lets the application determine the best way to utilize them. We believe
this design is more flexible and can benefit a broader range of text-based appli-
cations.

Based on the Probase knowledge taxonomy, we propose a novel conceptual-
ization model to learn text representation in the Probase concept space. The
conceptualization model (also known as the Concept Tagging Model) aims to
map text into semantic concept categories with associated probabilities. It pro-
vides computers with commonsense computing capabilities and makes machines
“aware” of the human mental world, enabling them to better understand human
communication in text. Using this conceptualization model, the Probase taxon-
omy can facilitate various text-based applications, including topic search, query
recommendation, advertisement relevance, and Web table understanding.

Figure 1 [Figure 1: see original paper] illustrates the overall framework, which
consists of three main layers: (1) knowledge construction, (2) conceptualization,
and (3) application.

Knowledge Construction Layer. This layer addresses the construction of
the Probase knowledge network. First, isA facts are mined automatically from
the Web through a semantic iterative extraction procedure. Second, the taxon-
omy is constructed using a rule-based algorithm. Finally, we calculate probabil-
ity scores for each instance/concept relationship in the taxonomy.

Conceptualization Layer. Based on the constructed semantic knowledge net-

chinarxiv.org/items/chinaxiv-202211.00454 Machine Translation


https://chinarxiv.org/items/chinaxiv-202211.00454

ChinaRxiv [$X]

work, we design a conceptualization model to represent raw text in the Probase
concept space. The model comprises three major components: (1) single in-
stance conceptualization, (2) context-aware single instance conceptualization,
and (3) short text conceptualization.

Application Layer. The conceptualization model enables us to generate “Bag-
of-Concepts’representations of raw text, which can enhance various applications,
including but not limited to topic search, query recommendation, ad relevance
calculation, and Web table understanding. We also build a Probase browser
and a tagging model demo in this layer, providing users with quick insights into
specific queries.

The remainder of this paper is organized as follows: Section 2 discusses related
work, Section 3 presents the construction of the Probase semantic network, Sec-
tion 4 introduces the conceptualization model built upon this network, and
Section 5 demonstrates example applications. Section 6 provides datasets and
statistics, and Section 7 concludes the paper.

2. Related Work

Knowledge graphs have attracted significant interest across many research fields.
Existing knowledge graphs are built either manually or automatically.

WordNet [8] differs from traditional thesauruses by grouping words based on
meaning rather than morphology. Terms are organized into synsets, each repre-
senting a distinct concept, with synsets interlinked through conceptual seman-
tics and lexical relations. WordNet contains over 117,000 synsets for 146,000
terms and is widely used for term disambiguation due to its definition of various
senses for each term.

DBpedia [10] extracts Wikipedia Infoboxes into knowledge facts that can be
semantically queried using SPARQL. This collaboratively edited knowledge base
has released 670 million RDF triples, providing an ontology with 280 classes, 3.5
million entities, and 9,000 attributes.

YAGO [6] (Yet Another Great Ontology) is an open-source large-scale semantic
knowledge base that fuses knowledge from WordNet, GeoNames, and Wikipedia.
YAGO combines WordNet’ s taxonomy with Wikipedia categories to assign
entities to over 200,000 classes, comprising more than 120 million facts about 3
million entities. Manual evaluation shows YAGO’ s accuracy is approximately
95%, with temporal and spatial information attached to entities and relations
through declarative extraction rules.

Freebase [5] is a large knowledge base containing substantial human-labeled
data contributed by community members. It extracts data from multiple sources
including Wikipedia, NNDB, Fashion Model Directory, and MusicBrainz, con-
taining over 125 million facts, 4,000 types, and 7,000 properties. Since 2016, all
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Freebase data has been transferred to Wikidata.

ConceptNet [11] is a semantic network built through crowdsourcing to cre-
ate a large commonsense knowledge base, focusing on commonsense relations
including isA, partOf, usedFor, and capableOf. It contains over 21 million edges
and 8 million nodes.

NELL [7] is a continuously running system that iteratively extracts facts from
hundreds of millions of Web pages, with patterns being boosted during the
process. NELL has accumulated over 50 million candidate beliefs and extracted
2,810,379 asserted instances across 1,186 different categories and relations.

WikiTaxonomy [9] automatically generates a taxonomy from Wikipedia cat-
egories, producing 105,418 isA links from a network of 127,325 categories and
267,707 links. The system achieves 87.9% balanced F-measure according to
manual taxonomy evaluation.

KnowItAll [12] aims to automate the extraction of large collections of facts
from the Web in an unsupervised, domain-independent, and scalable manner.
Tts three major components—Pattern Learning (PL), Subclass Extraction (SE),
and List Extraction (LE)—achieve significant improvements in recall while main-
taining precision and enhancing extraction rates.

Existing knowledge graphs suffer from low coverage and lack of well-organized
taxonomies. Moreover, none focuses on extracting the super-concepts and sub-
concepts of an instance. To automatically generate such taxonomies, we propose
Probase, which constructs a semantic network of isA facts automatically.

3. Semantic Network Construction

This section details the entire data construction procedure for the Probase se-
mantic network. Section 3.1 describes the iterative data extraction process,
Section 3.2 introduces the taxonomy construction step, and Section 3.3 presents
the probability calculation algorithm.

3.1 Iterative Extraction

The Probase semantic network [3] is built upon isA facts extracted from the
Web. isA facts can be formulated as pairs consisting of a super-concept and
a sub-concept. For example, “cat isA animal” forms a pair where “cat” is
the sub-concept and “animal” is the super-concept. We propose a semantic
iteration-based method to mine isA pairs from the Web.

3.1.1 Syntactic vs. Semantic Iteration Prior state-of-the-art information
extraction methods [7, 8, 12] rely on syntactic integrative (bootstrapping) ap-
proaches. These methods start with seed patterns to discover high-confidence
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example pairs, derive new patterns from extracted pairs, and continue itera-
tively until a stop criterion is met. However, we observe that syntactic iteration
methods face fundamental barriers in deep knowledge acquisition because high-
quality syntactic patterns are rare. Therefore, we propose a semantic interactive
approach that extracts new pairs with high confidence based on knowledge ac-
cumulated from existing pairs.

3.1.2 The Semantic Iteration Algorithm We first extract candidate pairs
using Hearst patterns [13] (Table 2 ). For instance, from the sentence “--animals
such as cat " | we extract the pair <animal, cat>, meaning cat isA animal.
Pattern matching sometimes involves ambiguity. In the sentence “--animals
other than dogs such as cats ", we can extract two candidate pairs: <animals,
cats> and <dogs, cats>. The algorithm must determine the correct super-
concept between “animals” and “dogs” . Another example is “:-companies such
as IBM, Nokia, Proctor and Gamble ---” , where we have multiple sub-concept
choices: <companies, Proctor> and <companies, Proctor and Gamble>. The
algorithm should automatically determine their correctness.

Let Xs denote the candidate set of super-concepts for sentence s, and Ys denote
the candidate set of sub-concepts for sentence s. Let I' be the set of isA pairs
already extracted as ground truth. The algorithm’ s remaining task is to detect
correct super-concepts and sub-concepts from Xs and Ys based on knowledge
accumulated in I'. For each sentence s with multiple super-concept choices, we
must select one correct super-concept, based on the observation that only one
correct answer exists when ambiguity arises in super-concept matching. After
determining the correct super-concept, we filter out correct sub-concepts from
candidates in Ys. Unlike the super-concept case, we may expect multiple valid
sub-concepts, with results being a subset of Ys.

3.1.3 Super-Concept Detection We compute likelihood p(xk|Ys) for each
candidate xk. Assuming independence among sub-concepts given any super-
concept xk, we have:

p(z|Y,) o< play) H p(Yslwy)

y'ieys

where p(xk) is the percentage of pairs in I" containing xk as super-concept, and
p(yilxk) is the percentage of pairs in I having yi as sub-concept when xk is
super-concept. For pairs not existing in I'; we set p(yi|xk) = , where is a
small positive number. Without loss of generality, assume x1 and x2 are the
top two candidates with highest probability scores, and p(x1|Ys) > p(x2|Ys).
We compute the ratio:

p(x]Y)

) = Y,
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x1 is chosen as the correct super-concept if r(x1, x2) exceeds a predefined
threshold. Otherwise, the sentence is skipped in the current iteration and may
be recovered in later rounds when I' becomes more informative. Intuitively,
p(animals|cats) should be much larger than p(dogs|cats), enabling correct selec-
tion of “animals” as the super-concept.

3.1.4 Sub-Concept Detection Our sub-concept detection implementation
uses features extracted from original sentences, motivated by two observations:

Observation 1: The closer a candidate sub-concept is to the pattern keyword,
the more likely it is a valid sub-concept.

Observation 2: If we are certain that a candidate sub-concept at position k
(by distance from the pattern keyword) is valid, then candidate sub-concepts
from positions 1 to k—1 are also likely correct.

3

For example, in the sentence “--representatives in North America, Europe, the
Middle East, Australia, Mexico, Brazil, Japan, China, and other countries
~” . “and other” is the pattern keyword and China is the closest candidate
sub-concept. Obviously, China is correct. Furthermore, if we know Australia
is a valid sub-concept of “countries” , we can be more confident that Mexico,
Brazil, and Japan are also correct sub-concepts of the same category, while
North America, Europe, and the Middle East are less likely to be instances of
that category.

Specifically, we find the largest k such that likelihood p(yk|x) exceeds a prede-
fined threshold, then treat yl1, y2, ---, yk as valid sub-concepts of super-concept
x. Note that sub-concept yi sometimes involves ambiguity. In the sentence “-
companies such as IBM, Nokia, Proctor and Gamble ‘" at position 3, the noun
phrase could be “Proctor” or “Proctor and Gamble” . Suppose candidates at
position k are cl, c2, -~-We calculate each candidate’ s conditional probability
given super-concept x and all previous sub-concepts:

k=1
pleilm, yp, oY) o< ple;lz) Hp(l/ﬂcwx)
j=1
As before, y1, y2, -, yk-1 are assumed independent given super-concept x.

p(ci|x) is the percentage of existing pairs in I' where ci is a sub-concept when x
is super-concept. p(yjlci, x) is the likelihood that yj is a valid sub-concept given
x as super-concept and ci as another valid sub-concept in the same sentence. If
cl and c2 are the top two ranked concepts, we select cl as the final concept if
r(cl, ¢2) exceeds a certain ratio, where:

(C1|Jf7y1, ) yk—l)
<02|x7y17 "'7yk71)

p
r(cr,ep) =
1, €2 D
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Intuitively, p(Proctor and Gamble|companies) should be much larger than
p(Proctor|companies) after I' accumulates sufficient knowledge, enabling the
algorithm to automatically select the correct candidate.

3.2 Taxonomy Construction

The taxonomy construction procedure consists of three steps: (1) local taxonomy
construction, (2) horizontal merging, and (3) vertical merging. We first build a
local taxonomy for each sentence, then perform horizontal and vertical merging
sequentially on the collection to construct a global taxonomy.

Local Taxonomy Construction. Figure 2 [Figure 2: see original paper]
illustrates building a local taxonomy from each sentence. For example, from
sentence “A such as B, C, D” , we extract three pairs <A, B>, <A, C>, and
<A, D> where A is super-concept and B, C, D are sub-concepts. We build a
local taxonomy with A as root node and B, C, D as child nodes.

Horizontal Merging. After building local taxonomies for each sentence, we
perform horizontal merging. Suppose we have two local taxonomies T1 and
T2 rooted by Al and A2 respectively, where A1 and A2 correspond to the
same surface form. If we are confident that Al and A2 express the same sense,
we can merge the two trees horizontally (Figure 3 [Figure 3: see original pa-
per]). We design a similarity function to calculate the probability that Al and
A2 are semantically equal. Intuitively, greater overlap between children of Al
and A2 increases confidence that they share the same sense. Therefore, we
adopt absolute overlap for similarity calculation: sim(Al, A2) = |children(A1l)

children(A2)|, using a constant threshold d to determine whether two local
taxonomies can be horizontally merged.

Vertical Merging. Given two local taxonomies rooted by Ai and B1, where
B is a child of Ai, if we are confident that B shares the same sense as BI,
we can merge the two taxonomies vertically. As shown in Figure 4 [Figure 4:
see original paper], after merging, Ai becomes the root, the original subtree B
merges with the taxonomy rooted by Bl, and other subtrees C and D remain
in their positions. To determine if B and B1 share the same sense, we calculate
the absolute overlap between R1’ s children and B’ s siblings (highlighted nodes
in Figure 4).

A more complicated case is shown in Figure 5 [Figure 5: see original paper].
Both T1 and T2 have child nodes of R1 and R2 with considerable overlap with
B’ s siblings in Ti, so both can be vertically merged with Ti. However, child
nodes of R1 and R2 lack sufficient overlap, indicating R1 and R2 may express
different senses. In this case, we split the two senses in the merged taxonomy,
merging T1 and T2 as two distinct subtrees in taxonomy Ti.
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3.3 Probability Calculation

Probability is a crucial feature of our taxonomy design. Unlike previous ap-
proaches that treat knowledge as black and white, our solution embraces noisy
data with probability scores and lets applications make optimal use of it. We
provide two probability scores: plausibility and typicality.

Plausibility is the joint probability of an isA pair. For each isA claim E, we
use p(E) to denote its probability of being true. We adopt a simple noisy-or
model for calculation. Assuming E is derived from sentences {sl, s2, -+, sn}, a
claim is false only if every piece of evidence from {sl, s2, ---, sn} is false. With
independent evidence pieces:

p(E) =1 - [0 —pls)

i=1

where p(si) is the probability of evidence si being true. We characterize each si
by features Fi including: (1) PageRank score of the Web page containing si; (2)
the Hearst pattern used to extract <x, y> from si; (3) number of sentences with
x as super-concept; (4) number of sentences with y as sub-concept; (5) number
of sub-concepts extracted from si; (6) position of y in the sub-concepts list from
si. Assuming feature independence, we apply Naive Bayes [14] to derive p(si)
from Fi. We exploit WordNet to build a training set: for pair <x, y> appearing
in WordNet, if a path exists between x and y (i.e., x is an ancestor of y), we
treat it as positive; otherwise negative.

Typicality is the conditional probability between a super-concept and its in-
stance (sub-concept). Intuitively, robin is more typical of “bird” than ostrich,
and Microsoft is more typical of “company” than Xyz Inc. Therefore, we need
a probability score representing instance typicality to its super-concept. The
typicality measure of instance i to super-concept x is:

n(x, Z) -p(:l?,i)
Zje]w TL({E7]) ~p($,j)

T(ilz) =

where x is super-concept, i is an instance of x, n(x, i) is the number of appear-
ances supporting i as an instance of x, p(x, i) is the plausibility of pair <x,
i>, and Ix is the set of all instances of super-concept x. For example, with x
= Company, i = Microsoft, j = Xyz Inc, n(x, i) should be much larger than
n(x, j), giving Microsoft a much higher typicality score than Xyz Inc for Com-
pany. Similarly, we define typicality representing the probability of concept x
to instance i:

A n(x,i)~p(:17,i)
T(l'|l) - Zceci n(c,i) 'ﬁ(C,i)
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4. Conceptualization

This section introduces the conceptualization model that leverages the Probase
semantic knowledge network to facilitate text understanding. The conceptual-
ization model (also known as the Concept Tagging Model) aims to map text
into semantic concept categories with probabilities. It provides computers with
semantic commonsense and makes machines “aware” of the human mental world,
enabling better understanding of human communication in text.

We consider three sub-tasks: (1) Single Instance Conceptualization, which
returns BLC for a single instance (e.g., “Microsoft” maps to Software Company
and Fortune 500 company with prior probabilities); (2) Context-Aware Sin-
gle Instance Conceptualization, which produces appropriate concepts based
on context (e.g., “Apple” maps to Fruit or Company without context, but to
Fruit with higher probability given context “pie” ); (3) Short Text Concep-
tualization, which returns types and concepts for short text sequences (e.g., in
“He is playing game on Apple iPhone and eating an apple,” the first “Apple” is
Company while the second is Fruit).

4.1 Single Instance Conceptualization

Assume e is an instance and c is a super-concept. We obtain BLC results
based on typicality scores P(e|c) and P(c|e), where P(e|c) denotes instance e’ s
typicality to concept c, and P(c|e) denotes concept ¢’ s typicality to instance e.
We propose several representative metrics for BLC [15].

MI is the mutual information between e and c:

Ple,c)

MI(e,c) = Zp(e,c)logm

PMI denotes pointwise mutual information, widely used to measure association
between discrete variables:

PMI(e,c) =log

NPMI is a normalized PMI version, proposed to make PMI less sensitive to
occurrence frequency and more interpretable:

PMI(e,c
NPMI(@,C) = —10gP<<ei)

Both PMI and NPMI suffer from a trade-off between general and specific con-
cepts. General concepts may be correct but cannot distinguish sub-category
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instances, while specific concepts may be more representative but have low cov-
erage. Therefore, we propose PMIk and Graph Traversal measures to address
this.

PMIk compromises to avoid overly general or specific concepts:

Rep(e,c) =

Taking the logarithm yields:

log Rep(e, c) = 2log P(e, c) —log P(e) —log P(c) = PM1I,(e,c)

This corresponds to PMI2, a normalized form in the PMIk family [16].

Graph Traversal calculates relatedness between two nodes in a large network.
Scores from general graph traversal can be formulated as:

Time(e,c) = Z Py(e,c)
k=1

where Pk(e, ¢) is the probability of starting from e to ¢ and back to e in 2k
steps. For k = 2 (4-step random walk):

Time(e,c) =2 Py(e,c) =4- P(e,c) - (1 — Ple,c))

Thus, the simple, easy-to-compute Rep(e, ¢) method is equivalent to graph
traversal under the 4-step random walk constraint.

4.2 Context-Aware Single Instance Conceptualization

«

One instance may map to distinct concepts depending on context. For “ap-
ple ipad,” we want to annotate “apple” as company/brand and “ipad” as de-
vice/product. The major challenge is distinguishing and detecting correct con-
cepts in different contexts. We propose a framework for context-aware single
instance conceptualization [17] comprising offline knowledge graph construction
and online concept inference.

4.2.1 Offline Knowledge Graph Construction The Probase semantic net-
work contains millions of concepts. We first cluster all concepts into 5,000
clusters using a K-Medoids algorithm [18]. We use concept clusters instead of
individual concepts for noise reduction and computational efficiency. In the
following, “concept” denotes concept cluster. We build a large offline knowl-
edge graph comprising three sub-graphs: (1) instance-to-concept, (2) concept-to-
concept, and (3) non-instance term-to-concept. Figure 6 [Figure 6: see original
paper] shows a subgraph around the term “watch.”
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Instance-to-concept graph. We directly use the Probase semantic network,
where P(cle) serves as the typicality probability of concept (cluster) c to instance
e:

P(cle) = > P*(c’le)

c*ec

where ¢* is a concept in cluster ¢ and P (c|e) is ¢* s typicality to e.

Concept-to-concept graph. We assign transition probability P(c2|cl) to
edges between concepts cl and c2, derived by aggregating co-occurrences be-
tween all unambiguous instances of the two concepts:

261661,62602 n<61a 62)

2616(11,6265 TL(el? 62)

P(eyley) =

where £ is all instances and the denominator normalizes the probability. In
practice, we only use the top 25 related concepts for each concept.

Non-instance term-to-concept graph. Some terms cannot match any in-
stances or concepts (e.g., verbs, adjectives). To better understand short text, we
mine lexical relationships between non-instance terms and concepts. We use the
Stanford Parser [19] for POS tagging and dependency relationships, revealing
each token’ s type (e.g., adjective, verb). Our goal is to obtain two distributions:

P(z|t) represents the prior probability that term t is of type z. For example,
“watch” is a verb with probability P(verb|watch) = 0.8374. We compute:

Ly l52)

where n(t, z) is the frequency of term t annotated as type z, and n(t) is t’ s
total frequency.

P(clt, z) denotes the probability of concept ¢ given term t of specific type z. For
example, P(movie|watch, verb) depicts how likely the verb “watch”is lexically as-
sociated with concept movie. We detect co-occurrence relationships between in-
stances, verbs, and adjectives in Web documents parsed by the Stanford Parser,
requiring dependency-based rather than mere sentence-level co-occurrence. We
first obtain P(elt, z), representing how likely term t of type z co-occurs with
instance e:

P(elt, z) = n
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where nz(e, t) is the frequency of term t and instance e having a dependency
relationship when t is type z. Then, using instances as bridges, we calculate
relatedness between non-instance terms (adjectives/verbs) and concepts:

P(c|t,z) =Y _ Plelt, z) - P(cle)

eec

In Equation (18), e ¢ means e is an instance of concept ¢, assuming concept ¢
is conditionally independent of term t and type z given instance e.

4.2.2 Online Concept Inference We use the offline-built heterogeneous se-
mantic graph to annotate query concepts. First, we segment the query into
candidate terms using Probase as lexicon and identify all term occurrences. Sec-
ond, we retrieve the subgraph from the heterogeneous semantic graph focusing
on query terms. Finally, we perform multiple random walks on the subgraph to
find concepts with highest weights after convergence.

4.3 Short Text Conceptualization

Short text is difficult to understand for three reasons: (1) Unlike long sentences,
short text lacks syntactic features and cannot directly apply POS tagging; (2)
Short text has insufficient statistical signals; (3) Short text is usually ambiguous
due to lack of context. While many works focus on statistical approaches like
topic models [20] to extract latent topics as implicit semantics, we argue that
semantic knowledge is needed for better short text understanding. We aim to
utilize the semantic knowledge network to enhance short text understanding
[21].

Unlike the knowledge graph for context-aware single instance conceptualization
(Section 4.2), we add a novel sub-graph: typed-term co-occurrence graph—an
undirected graph where nodes are typed-terms and edge weights represent lex-
ical co-occurrence. However, the enormous number of typed-terms increases
storage costs and affects computational efficiency. Therefore, we compress the
original typed-term co-occurrence network by retrieving Probase concepts for
each instance, replacing typed-terms with related concept clusters and aggregat-
ing edge weights accordingly. Figure 7 [Figure 7: see original paper| shows this
compression.

Given short text, each term is associated with a type and corresponding concepts.
Types include instance, verb, adjective, and concept. For each instance-type
term, we also learn its concepts. The online inference procedure involves three
steps: text segmentation, type detection, and concept labeling. Figure 8 [Figure
8: see original paper] illustrates the example “book disneyland hotel california.”
The algorithm first segments it as “book disneyland hotel california,”then detects
each segment’ s type, and finally labels concepts for each instance. The output
“book[v] disneylande hotel[c] californiae” indicates: book is a verb, disneyland
is a park instance, hotel is a concept, and california is a state instance.
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4.3.1 Text Segmentation Text segmentation divides short text into mean-
ingful components. We define two heuristic rules: (1) Except for stop words,
each word belongs to exactly one term; (2) Terms must be coherent (mutually
reinforcing). Intuitively, {april in paris lyrics} is better than {april in paris
lyrics} for “april in paris lyrics” because “lyrics” is more semantically related to
songs than months or cities. Similarly, {vacation april in paris} is better than
{vacation april in paris} for “vacation april in paris” because “vacation,” “april,”
and “paris” are highly coherent.

The algorithm proceeds as follows: First, construct a term graph (TG) with
candidate terms and relationships. Add edges between non-mutually-exclusive
candidate terms, weighting them to reflect mutual reinforcement strength. Fi-
nally, transform best segmentation finding into a clique-finding task in TG,
maximizing average edge weights while achieving 100% word coverage.

4.3.2 Type Detection Type detection annotates each term as verb, adjective,
instance, or concept. For example, “watch” appears in instance-list, concept-
list, and verb-list, yielding possible typed-terms watch|c], watch[e], and watch[v].
The algorithm determines the best typed-term from candidates. In “watch free
movie,” the best typed-terms are watch[v], free[ad]], and movie[c].

Traditional approaches use POS tagging algorithms considering only lexical fea-
tures (e.g., Markov Model [22]), which are insufficient for short text type deter-
mination. Our solution calculates probability using both lexical and semantic
coherence features, formulating type detection as a graph model with two vari-
ants: Chain model and Pairwise model.

Chain model adopts first-order bilexical grammar, considering topical coher-
ence between adjacent typed-terms. It builds a chain-like graph with typed-term
nodes, adding edges between adjacent terms and weighting them by affinity
scores (Figure 9 Figure 9: see original paper). However, it only considers con-
secutive term relations, leading to mistakes.

Pairwise model adds edges between typed-terms from all term pairs, not
just adjacent ones. In Figure 9(b), edges exist between non-adjacent “watch”
and “movie.” The goal is finding the typed-term sequence whose maximum
spanning tree (MST) has the largest total weight. In Figure 9(b), as long as
edges (watch[v], movie[c]) and (free[ad]], movie[c]) have the largest total weight,
{watch[v], free[adj], movie[c]} is successfully recognized as the best type detec-
tion sequence for “watch free movie.”We employ the Pairwise model as it achieves
higher experimental accuracy than the Chain model.

4.3.3 Concept Labeling Concept labeling re-ranks candidate concepts by
context for each instance. The main challenge is handling ambiguous instances.
Our intuition: a concept is appropriate for an instance only if it is both a com-
mon semantic concept of that instance and supported by surrounding context.
In “hotel California eagles,” both animal and music band are popular concepts
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for “eagles,” but finding concept song in context increases confidence that music
band is correct.

After type detection, we have a set of instances for concept labeling. For each
instance, we collect concept candidates and perform disambiguation using a
Weighted-Vote approach combining Self-Vote and Context-Vote. Self-Vote is the
original affinity weight (normalized co-occurrence) between concept cluster ¢ and
target instance. Context-Vote leverages affinity weights between target instance
and other context concepts. For “hotel california eagles,” eagles’ original con-
cept vector is (<animal, 0.2379>, <band, 0.1277>, <bird, 0.1101>, <celebrity,
0.0463>, --), while context “hotel california” yields (<singer, 0.0237>, <band,
0.0181>, <celebrity, 0.0137>, <album, 0.0132>, --). After Weighted-Vote dis-
ambiguation, eagles’ final conceptualization is (<band, 0.4562>, <celebrity,
0.1583>, <animal, 0.1317>, ---).

5. Application

Probase Browser displays the Probase taxonomy backbone and provides an
interface to search for super-concepts, sub-concepts, and similar concepts for a
given query. Figure 10 [Figure 10: see original paper] shows a browser snapshot.

Tagging Service provides text tagging capability with concept vectors, en-
abling semantic similarity calculation and various text processing applications.
Figure 11 [Figure 11: see original paper| shows a single instance conceptual-
ization demo for “python.” Figure 12 [Figure 12: see original paper]| shows
context-aware results for “apple” with contexts “pie” and “ipad,” demonstrat-
ing correct concept mapping under different contexts. Figure 13 [Figure 13: see
original paper] illustrates short text conceptualization for “apple engineer is eat-
ing the apple,” showing the algorithm’ s ability to distinguish different “apple”
senses.

Topic Search [23] aims to understand underlying topics in queries for better
search relevance. Figure 14 [Figure 14: see original paper| shows a query for
“database conference in Asian cities” correctly ranking VLDB 2002, 2006, and
2010 (held in Hong Kong, Seoul, and Singapore). Traditional Web search treats
queries as keyword sequences without semantic understanding, making correct
answers difficult. Our framework improves Web search using Probase knowl-
edge and conceptualization models by classifying queries into patterns based
on concepts, entities, and keywords, then interpreting queries with Probase se-
mantic concepts. Preliminary results show the framework understands various
topic-like queries and achieves much higher user satisfaction.

Understanding Web Tables [24] uses Probase to interpret Web tables, un-
locking information hidden in Web pages. We built a pipeline to detect Web
tables, understand their contents, and apply derived knowledge to semantic
search. From 300 million Web documents, we extracted 1.95 billion raw HTML
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tables. Many lack useful relational information (e.g., used for page layout) or
have overly complex structures. Rule-based filtering yielded 65.5 million ta-
bles (3.4%) with potentially useful information. We use Probase taxonomy to
associate table content with semantic concepts, building a semantic search en-
gine over tables. Figure 15 [Figure 15: see original paper| shows that querying
“American politicians birthday” returns aggregated Web tables with birthday
and related knowledge for various American politicians.

Channel-based Query Recommendation [25] anticipates user search needs
when browsing different channels by recommending hot, highly related queries.
Figure 16 [Figure 16: see original paper| shows News, Sports, and Entertainment
channels with recommended queries for exploring hot topics. A major challenge
is representing short text queries and channels. Traditional bag-of-words repre-
sentation suffers from surface form mismatches, especially with short text. We
leverage Probase taxonomy to obtain “Bag of Concepts” representations, avoid-
ing surface mismatching and handling synonyms and polysemy. Using Probase’
s large taxonomy, we learn a concept model for each category and conceptualize
short text into relevant concepts. A concept-based similarity mechanism classi-
fies short text into the most similar category. Experiments show our framework
maps queries to channels with high precision (average precision = 90.3%).

Ads Relevance [3] in sponsored search maps queries to related ad bidding
keywords. Since both queries and bidding keywords are short, traditional bag-
of-words approaches perform poorly. We leverage Probase concept taxonomy to
enhance relevance calculation. For each short text, we identify instances, map
them to basic-level concepts with score Rep(e, ¢), merge concepts into a con-
cept vector representing text semantics, and calculate relevance through cosine
similarity between query and bidding keyword concept vectors. Experiments
on real ad click logs from Microsoft Bing divided candidate query-bidding pairs
into 10 buckets by relevance score. Figure 17 [Figure 17: see original paper]
shows CTR has strong linear correlation with relevance scores from our model.

6. Data and Statistics
6.1 Data

Microsoft Concept Graph is available at https://concept.research.microsoft.com/,
representing a subgraph of our semantic network. The core taxonomy contains
over 5.4 million concepts, with distribution shown in Figure 18 [Figure 18: see
original paper] (Y-axis: number of instances per concept on logarithmic scale;
X-axis: 5.4 million concepts ordered by size). Our concept space far exceeds
other knowledge bases (Freebase: $ $2,000 concepts; Cyc: ~120,000 concepts).
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6.2 Concept Coverage

Using Microsoft Bing query logs, we estimate concept coverage. A query is
considered covered if at least one concept is found. We calculate coverage per-
centage for Probase and compare against four other taxonomies using the top
50 million Bing queries. Figure 19 [Figure 19: see original paper| shows Probase
has the largest coverage, YAGO ranks second, and Freebase has low coverage
despite its large instance space, demonstrating its skewed instance distribution
(most instances in several top categories lacking general coverage).

6.3 Precision of isA Pairs

To estimate Probase isA pair correctness, we created a benchmark dataset of
40 concepts across various domains. For each concept, we randomly selected
50 instances (sub-concepts) for human evaluation. Figure 20 [Figure 20: see
original paper] shows precision for all 40 concepts, with overall precision of
92.8% averaged across concepts.

Figures 21 [Figure 21: see original paper] and 22 [Figure 22: see original paper]
show average precision and discovered concepts/isA pairs after each iteration.
Precision degrades while discovered concepts and pairs increase with each round,
requiring a trade-off between precision and fact count (we set iteration number
to 11).

6.4 Conceptualization Experiment

6.4.1 Single Instance Conceptualization Dataset preparation. Human
labelers manually annotated concept correctness with four categories (Table 3
). Each (instance, concept) pair was annotated by three labelers, with majority
vote determining the final label (a fourth annotator broke ties). We collected
5,049 labeled records.

Measurement. We wuse Precision@k and nDCG. For Precision@k,
Good/Excellent = 1, Bad/Fair = 0:

Zle rel;
k

PrecisionQk =

For nDCG, Bad = 0, Fair = 1, Good = 2, Excellent = 3:

DCGQk Eogrel
D = — D — -
nPOCEk= Thogar POYCk ; log, (i + 1)

where reli is the relevance score at rank i, and IDCG uses ideal sorted order.

Experimental result. Figure 23 [Figure 23: see original paper| evaluates top
20 results using Precision and nDCG with and without smoothing, comparing
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our scoring functions against baselines MI, NPMI, and PMI3 (defined as PMI3(e,
c) = log P(e, ¢)® / (P(e)P(c))). Our scoring function outperforms baselines on
both precision and nDCG.

6.4.2 Short Text Conceptualization Dataset preparation. We built two
datasets: queries and tweets. For queries, we manually selected 11 ambiguous
terms: “apple,” “fox” (instance ambiguity); “watch,” “book,” “pink,” “blue,” “pop-
ulation,” “birthday” (type ambiguity); and “April in Paris,” “hotel California”
(segmentation ambiguity). We randomly selected 1,100 queries containing these
terms plus 400 unrestricted queries (1,500 total). For tweets, we randomly sam-
pled 1,500 tweets via Twitter’ s API, removing @Qusername, hashtags, and URLs.
Human labelers annotated correctness with at least three labelers per record,
using majority vote.

Experimental result. We compared our method with baselines: [27] (instance
disambiguation based on similar instances), [28] (based on related instances),
and [26] (based on both in tweets). Table 4 shows our conceptualization is both
effective and robust.

7. Conclusion

This paper presents the end-to-end framework for building and utilizing Mi-
crosoft Concept Graph, comprising three layers: semantic network construction,
conceptualization, and applications. In the semantic network construction layer,
we focus on knowledge extraction and taxonomy construction to build Probase,
an open-domain probabilistic taxonomy. Like human mental processes, we rep-
resent text in concept space using conceptualization models, empowering appli-
cations including topic search, query recommendation, ad relevance calculation,
and Web table understanding. Since its 2016 release, the system has received
wide public attention: over 100,000 page views, 2 million APT calls, and 3,000
registered downloads from 50,000 visitors across 64 countries.
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