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FRAMEWORK FOR LARGE-SCALE 
MULTI-LABEL CLASSIFICATION 

CROSS-REFERENCE TO RELATED 
APPLICATIONS 

0001. The present application is a continuation of U.S. 
patent application Ser. No. 13/956,070, filed Jul. 31, 2013, 
which is incorporated herein by reference in its entirety. 

TECHNICAL FIELD 

0002 This application relates to the technical fields of 
Software and/or hardware technology and, in one example 
embodiment, to a framework for large-scale multi-label clas 
sification. 

BACKGROUND 

0003 Multi-label classification problem, which aims to 
assign multiple class labels to a given object, has recently 
attracted much attention. A single-label Scenario, where each 
given object is associated with just one label, is rarely suitable 
for real applications, since real-world objects are usually 
associated with multiple labels. In text categorization, for 
instance, each document may belong to several topics or tags. 
For the purposes of this description, the terms document and 
electronic document may be used interchangeably. The main 
challenge associated with many real-world multi-label clas 
sification problems is to find the optimal mapping from the 
space of features to the space of label sets, which is particu 
larly difficult since the potential set of labels that might be 
assigned to a given object is quite large (exponential to the 
total number of labels). There have been attempts to deal with 
this intrinsic complexity of finding the optimal mapping. 
These attempts, however, typically assume that the label 
space is relatively small and that at least Some training data is 
available for each label. 
0004 One way of dealing with a multi-label classification 
problem is by treating it as a setting with independent binary 
classification instances, one for each possible label. This type 
of approach may be called a first-order approach. One poten 
tial problem with the first-order approaches is that their per 
formance is usually non-satisfactory, as they operate on an 
assumption that the labels are independent of each other. 
Another limitation of the first-order approaches is that, as the 
number of labels increases, obtaining any significant amount 
of training data becomes increasingly expensive, making 
these first-order approaches non-scalable. Other approaches 
include second- and third-order approaches, which utilize 
correlations between different labels. Second-order 
approaches leverage pair-wise label relations. Third-order 
approaches leverage hierarchical or more complex label rela 
tions. 
0005. An on-line social network may be viewed as a plat 
form to connect people in virtual space. An on-line social 
network may be a web-based platform, Such as, e.g., a social 
networking web site, and may be accessed by a use via a web 
browser or via a mobile application provided on a mobile 
phone, a tablet, etc. An on-line Social network may be a 
business-focused social network that is designed specifically 
for the business community, where registered members estab 
lish and document networks of people they know and trust 
professionally. Each registered member may be represented 
by a member profile. A member profile may be represented by 
one or more web pages, or a structured representation of the 
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members information in XML (Extensible Markup Lan 
guage), JSON (JavaScript Object Notation) or similar format. 
A member's profile web page of a social networking web site 
may emphasize employment history and education of the 
associated member. 

BRIEF DESCRIPTION OF DRAWINGS 

0006 Embodiments of the present invention are illus 
trated by way of example and not limitation in the figures of 
the accompanying drawings, in which like reference numbers 
indicate similar elements and in which: 
0007 FIG. 1 is a diagrammatic representation of a net 
work environment within which an example framework for 
large-scale multi-label classification may be implemented; 
0008 FIG. 2 is block diagram of a system to provide a 
framework for large-scale multi-label classification, in accor 
dance with one example embodiment; 
0009 FIG. 3 is a flow chart of a method for utilizing a 
framework for large-scale multi-label classification, in accor 
dance with an example embodiment; and 
0010 FIG. 4 is a diagrammatic representation of nodes 
discovered based on the output of one or more weak classifi 
ers; 
0011 FIG. 5 is a diagrammatic representation of an 
example expanded graph; 
0012 FIG. 6 is a diagrammatic representation of an 
example cut graph resulting from an application of a binary 
cut, and 
0013 FIG. 7 is a diagrammatic representation of an 
example machine in the form of a computer system within 
which a set of instructions, for causing the machine to per 
formany one or more of the methodologies discussed herein, 
may be executed. 

DETAILED DESCRIPTION 

0014. An example framework for large-scale multi-label 
classification is described. In the following description, for 
purposes of explanation, numerous specific details are set 
forth in order to provide a thorough understanding of an 
embodiment of the present invention. It will be evident, how 
ever, to one skilled in the art that the present invention may be 
practiced without these specific details. 
0015. As used herein, the term “or may be construed in 
either an inclusive or exclusive sense. Similarly, the term 
“exemplary is merely to mean an example of something or 
an exemplar and not necessarily a preferred or ideal means of 
accomplishing a goal. Additionally, although various exem 
plary embodiments discussed below may utilize Java-based 
servers and related environments, the embodiments are given 
merely for clarity in disclosure. Thus, any type of server 
environment, including various system architectures, may 
employ various embodiments of the application-centric 
resources system and method described herein and is consid 
ered as being within a scope of the present invention. 
0016 For the purposes of this description the phrase “an 
on-line Social networking application' may be referred to as 
and used interchangeably with the phrase “an on-line Social 
network” or merely “a social network.” It will also be noted 
that an on-line Social network may be any type of an on-line 
Social network, Such as, e.g., a professional network, an inter 
est-based network, or any on-line networking system that 
permits users to join as registered members. For the purposes 
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of this description, registered members of an on-line social 
network may be referred to as simply members. 
0017. Each member of an on-line social network is repre 
sented by a member profile (also referred to as a profile of a 
member or simply a profile). A member profile may be asso 
ciated with social links that indicate that members connec 
tion to other members of the social network. A member pro 
file may also include or be associated with comments or 
endorsements from other members of the on-line social net 
work, with links to other network resources, such as, e.g., 
publications, etc. As mentioned above, an on-line Social net 
working system may be designed to allow registered mem 
bers to establish and document networks of people they know 
and trust professionally. Any two members of a social net 
work may indicate their mutual willingness to be “connected 
in the context of the social network, in that they can view each 
other's profiles, profile recommendations and endorsements 
for each other and otherwise be in touch via the social net 
work. Members who are connected in the context of a social 
network may be termed each other's connections. 
0018. The profile information of a social network member 
may include personal information Such as, e.g., the name of 
the member, current and previous geographic location of the 
member, current and previous employment information of the 
member, information related to education of the member, 
information about professional accomplishments of the 
member, publications, patents, etc. The profile information of 
a social network member may also include a list of profes 
sional skills possessed or advertised by the member. The 
words and phrases describing professional skills of a member, 
Such as, e.g., “computer Science' or "cloud computing may 
be used as labels or tags for categorizing/classifying an elec 
tronic document. 

0019. In order to classify or categorize documents that 
may potentially be associated with topics from a vast topics 
dictionary, such as a dictionary of skills that may be listed in 
member profiles of an on-line professional networking sys 
tem an example framework for large-scale multi-label clas 
sification may be utilized. A framework for large-scale multi 
label classification may also be referred to as simply 
“framework for the purposes of this description. In one 
embodiment, the entries in the dictionary of skills are used by 
the framework as labels or tags for categorizing electronic 
documents. An electronics document may be associated with 
multiple topics and thus may be assigned multiple labels by 
the framework. For example, the contents of an electronic 
document may be related to computer programming, cloud 
computing, and streaming video, and may be labeled by the 
framework with “computer programming. "cloud comput 
ing,” and “streaming video' labels. The entries in the dictio 
nary of skills—referred to as labels when utilized by the 
framework—may be assigned correlation values. A correla 
tion value for a pair of labels may be calculated based on 
co-occurrence of the labels in the member profiles, as 
described further below. 

0020. In one embodiment, the framework first generates 
the graph representation of labels that are potentially related 
to the given document, and then produces the final set of 
labels associated with the document by using a clustering 
algorithm. For example, the framework may be built upon a 
semi-supervised graph learning algorithm, as it assumes the 
absence of Sufficient training data while it assumes the avail 
ability of label correlation data. Given a set of documents to 
be classified or categorized, the first step is to employ differ 
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ent multi-class classifiers that are trained over the given train 
ing dataset to produce some initial labels for each document. 
The outcome of Such classification results is combined and 
then expanded in a graph structure, where nodes weights 
represent classification results in the first step, while edge 
weights represent label correlations. In the final step, a binary 
cut is performed using a clustering algorithm, in which one of 
the produced binary cuts corresponds to labels that best rep 
resent the topics associated with the given document. 
0021. Thus, the framework may be described as consisting 
of three layers: (1) Weak-Classification. (2) Graph Construc 
tion & Expansion, and (3) Binary Cut. During the weak 
classification stage, standard classification techniques 
(termed the weak classifiers) are utilized to produce a set of 
label candidates that may be referred to as “seed labels.” The 
classifiers from this layer, weak classifiers, may (or may not) 
be trained over a very limited training data. In some embodi 
ments, an ensemble of different weak classifiers may be used 
that complement each other. The outcome of different classi 
fication results is combined in the graph construction and 
expansion layer. During graph construction and expansion, a 
graph structure is produced, in which the nodes in the graph 
correspond to the union of all labels (seed labels) produced by 
weak-classifiers from the previous layer. During this step, the 
set of seed labels is expanded by complementing them with 
additional labels through the exploitation of label correla 
tions, as described in more detail further below. Additional 
labels are discovered for the purpose of increasing the overall 
recall of the multi-label classification task, as it is highly 
likely that during the initial weak classification stage not 
every label that is possibly related to the given document has 
been properly discovered. 
0022. Using the seed labels, together with the additional 
labels determined based on the correlation information, the 
framework constructs an expanded graph, where nodes cor 
responding to the seed labels are termed “seed nodes' and the 
nodes corresponding to additional nodes are termed 
“expanded nodes. The seed nodes are assigned respective 
weights that are calculated as a combination of classification 
scores or confidence scores. The edges between nodes in the 
expanded graph are assigned values of correlation scores 
associated with the respective labels. 
0023. During the binary cut step, the framework uses a 
clustering algorithm that can produce a binary cut that can 
best represent labels that are related to the given document. 
The accuracy of a particular clustering algorithm used for the 
binary cut may have an impact on the final precision of the 
multi-label classification task, as during the previous steps it 
is likely that precision was somewhat sacrificed for the sake of 
maximizing the recall. Example weak classifiers, example 
graph construction and expansion algorithms, and example 
clustering algorithms are described below. 

Weak Classification 

0024. As mentioned above, one or more weak classifiers 
may be used to discover the initial set of seed labels. In one 
embodiment, two different types of weak classifiers are used 
by the framework. One of the weak classifiers is based on the 
entity extraction, and the other is based on traditional text 
classification techniques. The first weak classifier is a condi 
tional random field based tagger (termed CRF-Tagger) that 
used the principles of named entity recognition. The named 
entity recognition (NER) task is a typical natural language 
processing task of extracting named entities from the contents 
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of a document. The first layer of an example CRF-Tagger may 
be built using traditional conditional random field (CRF) of 
the second degree, using, e.g., CoNLL2003 dataset as train 
ing data or some other training data. CoNLL2003 dataset (a 
dataset provided at the Conference on Computational Natural 
Language Learning of 2003) Supports four types of label 
entities, namely "Organization.” “Person.” “Location, and 
“Misc. The second layer of the CRF-Tagger is an additional 
layer that is designed to incorporate entries from a dictionary 
of skills of an on-line professional networking system into the 
dictionary set of the CRF-Tagger. The CRF-Tagger employs 
traditional SVM-based classification approach to determine 
whether an entry from the skills dictionary should be associ 
ated with the given document or not. SVM stands for “support 
vector machines, which are Supervised learning models for 
data analysis and pattern recognition. All four types of label 
entities produced by the first layer of the CRF-Tagger are used 
as possible candidates for Such classification. 
0025. The second weak-classifier that may be used by the 
framework is the maximum-entropy-based text classifier 
(MaxEnt Classifier). In one embodiment, the training data for 
the MaxEnt classifier is the set of wikipages for respective 
entries in the skills dictionary. Such wikipages may be pro 
vided by the on-line social networking system. I will be noted, 
that various off-the-shelf or modified weak classifiers 
together with ant limited training data may be used to deter 
mine the seed labels. 
0026 Graph Construction & Expansion 
0027. Using the result of weak classification, a graph 
structure is constructed. The set of nodes, V, in the graph 
structure G=(V,E), consists of the union of “seed nodes (the 
nodes that represent the seed labels) and “expanded nodes 
(the additional nodes discovered utilizing correlation data 
with respect to entries in the skills dictionary). Let w(i) denote 
the weight for node i, which represents the likelihood of node 
i (representing a certain topic or label) being relevant to the 
given document, according to the output of the weak classi 
fiers. Let w(i) be the linear combination of weak classification 
scores ifieSeeds, and let w(i) be a constant value, e.g., Ö, if 
ie Expanded. While the overall graph construction step may 
be fundamentally the same regardless of what clustering 
algorithm is being used, some specifics of it may vary depend 
ing on the clustering algorithm. Let "labels graph” refer to the 
constructed final graph. 

Binary Cut 
0028. As mentioned above, a clustering algorithm is 
applied in order to generate the binary cut over the graph 
constructed in the previous step. The produced left cut may be 
treated as representing the set of labels that are associated 
with the given document. Some example clustering algo 
rithms, such as MinCut algorithm, Markov clustering, and the 
normalized graph cut algorithm are described below. 
0029 MinCut algorithm is an algorithm for the metric 
labeling problem. While the metric labeling problem is NP 
hard when the number of partitions is greater than two, the 
binary metric labeling problem has a polynomial algorithm, 
MinCut, which is based on the classical Max-Flow/Min-Cut 
notion. A problem is NP-hard if an algorithm for solving it 
can be translated into one for solving any NP-problem (non 
deterministic polynomial time) problem. In metric labeling, 
there are the notions of “positive” and “negative’ labels, 
which correspond the likelihood of nodes being parts of the 
left cut and the right cut respectively. Node and edge weights 
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are constructed based on the following proposals. The first 
proposal is that the “seed nodes have higher chance of being 
“positive’ labels than “expanded nodes and therefore only 
seed nodes are connected to the source node (which means 
that seed nodes are dominantly “positive’ labels) with 
weights reflecting the outcome of weak classification. The 
second proposal is that every node in the graph has some 
chance of being a “negative’ label and therefore it is con 
nected to the sink node with some minimal weight, while 
expanded nodes have higher sink edge weights than seed 
nodes as these were not produced by weak classification. 

Let V 0.030 denote the Source node and v denote the 
sink node of the S-T graph resulting from the cut. The S-T 
graph is constructed from the original graph G=(V,E) as fol 
lows: 

0031. For every veSeeds, add edge e' between v. 
and v, whose weight, w(i,j), is the linear combination of 
the weak classification scores for i. 

0032) For v, v,eV: izj, add edge e', betwenv, v, if there 
is an edge between V, V, in the original graph G, whose 
weight w(i,j) will be B'w(i,j) for some constant B. 

0033 For every viev, addedgee' between vandv, 
whose weight, w(i, Snk), is given as: constant Ö if vie 
Seeds and X w(i,j) otherwise. 

0034 MinCut algorithm is then applied to the constructed 
s-t graph to produce the final cut for the labels graph. 
0035. While the MinCut approach described above is dis 
crete and deterministic in nature, a statistical approach may 
also be utilized to generate the binary cut. A statistical 
approach for producing the binary cut for the given labels 
graph may be a random-walk-based Markov Clustering 
(MCL). The idea behind the MCL’s random walk is that, 
when the random walk is performed on a graph, there will be 
more links within the same cluster, while there will be fewer 
links between different clusters. In MCL, the random walks 
on the labels graph are computed using “Markov Chains.” 
That is, the probability of walking into any specific node does 
not depend on the past probabilities, and therefore the trajec 
tory of the current random walk is what matters. Any trajec 
tory of the random walks is an example of a Markov chain 
expressed through the transition matrices. 
0036 More formally, given the expanded graph, G=(V,E), 
edge weights w(i,j): i,jeVizj} and node weights w(i): ieV} 
as input, the original MCL algorithm is modified to reflect the 
node weights as part of the random walk. Two example ways 
of incorporating node weights to construct the transition 
probabilities of the random walk include (1) using the node 
weights as priors for starting the random walk, or (2) using the 
node weights to directly adjust the transition probabilities of 
the random walk. Another constraint that may be introduced 
for the transition probabilities are that we need to make sure 
that seed nodes are more stronger attractors in the random 
walk than other non-seed members. Thus, the transition prob 
ability from a non-seed node ieSeeds to a seed node Iel will be 
bigger than other transition probabilities. Finally, an arbitrary 
weight, I for self-loops will be used as P(i, j) if i ij to 
prevent periodic steady states in the random walk. Thus, the 
un-normalized raw transition probabilities of the random 
walk, p(i, j) (or P, using the matrix notation), will be 
given as follows: 

g 
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f3 if i = i 
p(i, j) = w(i, j) + n, w(j) if i i Seeds, je Seeds, 

w(i, j) else 

where m is a parameter that determines the importance of 
node weights in the MCL algorithm. 
0037 Let P be the transition matrix that is obtained by 
normalizing P. Following the original MCL algorithm, the 
random walk of MCL is started from a uniformly distributed 
initial state and two algebraic operations are alternated itera 
tively. The first algebraic operation is called expansion, which 
coincides with normal matrix multiplication of a random 
walk matrix. Expansion models the spreading out of flow, as 
it becomes more homogeneous. It multiples the current state 
by the matrix P, where the standard matrix multiplication is 
taken place. The second algebraic operation is called infla 
tion, which is a Hadamard power followed by a diagonal 
Scaling of another random walk matrix. Inflation models the 
contraction of a flow becoming thicker in regions of higher 
current and thinner in regions of lower current. It multiplies 
the current state by the matrix P, where r controls the infla 
tion rate. Normalization may be made mandatory after each 
iteration, and the random walk is stopped when the matrix 
becomes steady. 
0038. Note that the MCL algorithm, by its design, gener 
ates a number of different clusters. By Swapping the columns 
of the final steady matrix, different clusters could be obtained. 
The question remains, therefore, on which set of labels to 
choose in order to produce the final output. Since one goal is 
to produce a binary cut rather than a number of different 
clusters, the framework examines every generated cluster and 
selects a cluster with the biggest number of seed-labels as the 
left cut, while treating the union of all unselected clusters as 
the right cut. All label nodes in that biggest cluster, regardless 
of whether they are seed nodes or expanded nodes, are 
included in the final output of the binary cut and are produced 
as the set of labels associated with the given document. Note 
that different strategies of constructing the binary cut can be 
explored. 

Normalized Graph Cut 
0039. In addition to the Max-Flow/Min-Cut and MCL, the 
normalized graph cut algorithm may be applied as a candidate 
cut algorithm to generate multi-label classification for an 
electronic document. Formally, given an input graph G=(V, 
E), the normalized graph cut algorithm seeks to partition the 
graph into k disjoint partitions or clusters V. . . V. Such that 
their union is V. Let us denote link(A,B) to be the sum of the 
edge weights between nodes from two sets A and B. This can 
be expressed by equation (1) below. 

links(A, B) = ), wii, (1) 

10040) where w, is the edge weight between nodesiandj. 
In addition, let the degree of Abe the links of nodes in A to all 
Vertices, which is degree(A)-linkS(A, V). An approach may 
be used, which is to optimize the normalized cut criterion in 
generating the graph clusters. The normalized cut criterion 
measures both the total dissimilarity between the different 
groups, as well as the total similarity within the groups. Thus, 
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it provides very cohesive clusters, with very high confidence 
that the nodes within the same cluster are very similar to each 
other. Formally, the normalized cut criterion is defined by 
equation (2) below. 

is links(V., V\V.) (2) NCut(G) = miny...v.X. degree(V.) 

0041 After forming cohesive clusters, the next step is to 
identify the clusters that contain the topics that are applicable 
to the given article. To this end, we introduce a weight for each 
cluster V as equation (3) below. 

w(V) = . . . . . . w; (3) 
iew &&ieSeeds 

0042. In other words, each cluster is given a weight equal 
to the Sum of weights of seed nodes in that cluster. As previ 
ously described, each seed node has a weight generated from 
the weak learners, and this weight is a measure of the confi 
dence that the topic of the node is applicable to the document. 
The weight in Equation (3) is normalized by the total sum of 
all the cluster weights. After the normalization, those clusters 
are selected that have a normalized weight greater than a 
threshold ThredN. The labels that correspond to nodes in 
these clusters are assigned to the document. The rationale 
here is that if a cluster has a high normalized weight, it has a 
good proportion of high confidence seed nodes. If many high 
confidence seed nodes are present in a cluster, the cluster is 
good candidate to be selected. However, if a cluster has only 
a few seed nodes or many low confidence seed nodes, the 
labels in that cluster have a low likelihood of being applicable 
to the document. 
0043. Some examples of deploying the framework for 
multi-label classification using three different cut algorithms 
are described below. 

Experimental Dataset Description 
0044) For the purposes of an experimental deployment, 
1200 labels were selected from the 50K label space. This set 
of labels was chosen such that it would be exhaustive enough 
to cover a very wide diversity of topics. More specifically, a 
data set consisting of 4000 documents (news articles) 
sampled from a news database of an on-line Social network. 
These articles cover a diverse and broad range of topics. This 
document corpus was submitted to crowdsourcing to get the 
document set labeled by human judges. Crowdsourcing is a 
technique in which a job traditionally performed by an indi 
vidual or a small team is completed by a virtual workforce. 
For each document, the candidate topics were identified by 
applying an ensemble oftechniques including: (1) weak topic 
classifiers followed by label expansion, (2) high quality 
industry classifiers followed by expansion to corresponding 
topics using information stored in member profiles of an 
on-line professional networking system; and (3) labels 
selected based on the Source of the document. On average, 
each document was tested against 100 labels. 
Label Correlations 

0045. In the course of an experimental deployment, label 
correlation may be treated as an important factor to boost the 
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result by expanding the original labels set. For each label 
assigned by the weak classifiers, the label correlation is lever 
aged to find out most related labels and the corresponding 
correlation scores. As mentioned above, the label correlations 
are computed information stored in member profiles of an 
on-line professional networking system that allows members 
to create and editan organized resume. In the example on-line 
professional networking system, members can also explicitly 
list their professional skills by selecting from a set of stan 
dardized words and phrases (termed "skills' for the purposes 
of this description). These skills were used as labels for 
experimental deployment of the framework discussed herein. 
The advantage of deriving label correlation data from mem 
ber profiles of an on-line professional networking system is 
that it may store millions of member profiles, which are 
carefully edited by individual members to reflect their pro 
fessional expertise. Thus, label correlations may be derived 
with high confidence by mining the skills co-occurrence in 
the member profiles. It will be noted, that, in some embodi 
ments, other approaches for deriving label correlations may 
be utilized. For instance, weak classifiers may be executed 
over an arbitrary set of documents and label correlations may 
be provided as an output of the executing of the weak classi 
fiers. 
0046. To facilitate the cut algorithm, pairwise label corre 
lations may be derived as symmetric Jaccard coefficient 
between the two skills. For skills, and s, izi, we denote P, P, 
as the set of profiles where skills s, and s, are both listed, and 
Corr(i,j) as the correlation between s, and s. Then the corre 
lation between s, and s, can be computed using equation (4) 
below. 

|P, nP, (4) 
Corr(Si,S) = 

Implementation Detail and Running Time 

0047. The Max-Flow/Min-Cut algorithm may be imple 
mented using the classical FordFulkerson approach with 
breadth first search. The weights between the nodes (exclud 
ing the Source and sink) are naturally obtained from the label 
correlation values. The node weights on seed nodes are con 
verted to edge weight to the source node Src. Also, every 
node, including the seed nodes and the expanded nodes are 
made connected to the sink node Snk. The parameters for the 
Max-Flow/Min-Cut approach may be chosen as m=0.05 and 
B=0.07. 
0048 For the Markov Clustering random walkapproach, a 
Java implementation of the MCL algorithm may be used. The 
parameters for MCL include the inflation parameter r. By 
default, inflation parameter may be set as r-2. Another 
parameter is the loopGain weight, which is the edge weight 
placed on self-loops. Also, in this application of MCL the 
node weight is incorporated when building the transition 
matrix and making the seed nodes more “attractive.” The 
effect of the node weight is controlled by the parameterm. In 
one embodiment, loopGain weight and m are set as loop 
Gain=0.2 and m=1:0. 
0049. For the normalized cut, Normalized Cut Clustering 
algorithm implemented by the Graclus library maybe 
executed. This algorithm takes, as input, the number of clus 
ters that the graph should be partitioned into. However, in 
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order to maintain very cohesive clusters, a large graph may 
need to be partitioned into more clusters than a smaller graph. 
0050. An example framework for large-scale multi-label 
classification may be implemented in the context of a network 
environment 100 illustrated in FIG.1. As shown in FIG.1, the 
network environment 100 may include client systems 110 and 
120 and a server system 140. The client system 120 may be a 
mobile device, such as, e.g., a mobile phone or a tablet. The 
server system 140, in one example embodiment, may host an 
on-line Social network system 142. As explained above, each 
member of an on-line Social network is represented by a 
member profile that contains personal and professional infor 
mation about the member and that may be associated with 
social links that indicate the members connection to other 
member profiles in the on-line social network. Member pro 
files and related information may be stored in a database 150 
as profiles 152. 
0051. The client systems 110 and 120 may be permitted to 
access the server system 140 via a communications network 
130, utilizing, e.g., a browser application 112 executing on 
the client system 110, or a mobile application executing on 
the client system 120. The communications network 130 may 
be a public network (e.g., the Internet, a mobile communica 
tion network, or any other network capable of communicating 
digital data). As shown in FIG. 1, the server system 140 also 
hosts a multi-label classification system 144. In one example 
embodiment, the multi-label classification system 144 is con 
figured to determine the topics discussed or referenced in an 
electronic document. The multi-label classification system 
144 may be configured to first apply weak classifiers and 
identify seed labels, then determine additional labels based on 
the seed labels and derived from member profiles maintained 
by the on-line Social network system 142, and then construct 
an s-t graph comprising nodes that correspond to the seed 
labels and the additional labels. The multi-label classification 
system 144 may then apply a classification algorithm to the 
constructed graph to arrive to a so-called labels graph. The 
labels graph is deemed to include nodes that correspond to 
topics discussed or referenced in the Subject electronic docu 
ment. In one embodiment, the multi-label classification sys 
tem 144 utilizes weak classifiers, graph construction and 
expansion approaches, and clustering algorithms described 
above. An example multi-label classification system is illus 
trated in FIG. 2. 

0.052 FIG. 2 is a block diagram of a system 200 to provide 
a framework for large-scale multi-label classification, in 
accordance with one example embodiment. The system 200, 
for the purposes of this description, may be referred as the 
“framework. As shown in FIG. 2, the system 200 includes an 
access module 202, a weak classifiers module 204, an 
expanded nodes detector 206, a graph generator 208, a graph 
cutting module 210, and a resolved labels module 212. The 
access module 202 may be configured to access an electronic 
document that is the Subject of classification or categoriza 
tion. The weak classifiers module 204 may be configured to 
apply one or more weak classifiers to the contents of the 
electronic document in order to identify one or more seed 
labels. The seed labels represent preliminary content topics 
associated with the electronic document. As explained above, 
example weak classifiers include a conditional random field 
based tagger (termed CRF-Tagger) and a maximum-entropy 
based text classifier (MaxEnt Classifier). The expanded nodes 
detector 206 may be configured to derive one or more addi 
tional labels based on co-occurrence of labels in member 
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profiles of an on-line Social networking system, utilizing the 
one or more seed labels. The graph generator 208 may be 
configured to generate an expanded graph comprising nodes 
and edges, the nodes representing the one or more additional 
labels and the one or more seed labels, and the edges in the 
expanded graph having respective edge weights. The edge 
weights may be constructed using values that reflect correla 
tion between labels represented by nodes connected to the 
edge. 

0053. In one example embodiment, the framework lever 
ages co-occurrence of skills in the member profiles of an 
on-line Social networking system to derive correlation values 
(also referred to as label correlation values) associated with 
pairs of skills in the associated skills dictionary. The label 
correlation values may be represented as directed and un 
directed edge. As mentioned above, Jaccard Similarity algo 
rithm may be used to calculate label correlation values. 
0054 Consider two skills, A and B. Let’s denote the num 
ber of occurrences of skill A as A and the number of occur 
rences of skill Bas B. The number of co-occurrence (both A 
and Boccurring in the same member profile) as A and Bl, and 
the number of occurrences either A or B or both—as A or B. 
An un-directed edge weight is calculated as A and B/A or 
B. A directed edge weight from A to B is calculated as A and 
BI/IA. A directed edge weight from B to A is calculated as IA 
and B/IB|. This approach, using directed edge weights, 
makes it easier to expand from “smaller' topics to “larger 
ones, rather than the from the “larger” ones to the “smaller” 
ones. The notion of “larger and “smaller' topics’ may be 
illustrated as follows. For example, if A=ava programming 
and B is “software engineering the topic of java-program 
ming is definitely related to Software-engineering but the 
other way is not guaranteed. The topic of java-programming 
is considered as larger than the topic of software-engineering. 
0055. The procedure of graph expansion utilizing node 
weights and edge weights can be described as follows. Each 
seed node identified by the weak classifiers has an associated 
score produced by the weak classifiers. These scores may be 
utilized as node weights. The expanded graph generated by 
the graph generator 208 may also include label correlation 
scores as edge weights. In one embodiment, the expanded 
graph is an S-T (Source-to-sink) graph that incorporates both 
the edge weights and node weights. The edge weights and 
node weights are aggregated as the ultimate edge capacities in 
the S-T graph. A parameterbalancing the importance of edge 
weights and node weights may be utilized to translate the 
node weights of the seed nodes into the flow capacities of the 
edges between the seed nodes and the source node. The label 
correlation values are used as edge weights of the edges 
connecting the seed nodes and the expanded nodes, as well as 
edge weights between the seed nodes or between the 
expanded nodes. The expanded, as well as the seed nodes, are 
all connected to the sink, with carefully chosen parameters 
controlling the edge capacities. Thus, in the expanded graph 
generated by the graph generator 208, the seed nodes and the 
expanded nodes are connected with associated capacities, 
Such that both categories of nodes may or may not survive the 
cut algorithm, depending on how they are connected to each 
other. In one embodiment, an expanded graph is stored by the 
associated on-line social networking system. In one embodi 
ment, the graph generator 208 may be configured to generate 
an expanded graph in an ad-hoc fashion. As new correlations 
or new skills are identified within the associated on-line social 
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networking system, the existing correlations and the respec 
tive edge weights of the expanded graph may be updated. 
0056 Returning to FIG. 2, the graph cutting module 210 
may be configured to apply a clustering algorithm to the 
expanded graph generated by the graph generator 208 to 
produce a so called labels graph. The resolved labels module 
212 may be configured to identify nodes of the labels graph as 
a set of resolved content topics associated with the electronic 
document. As discussed above, example clustering algo 
rithms include a minimum cut and maximum flow algorithm, 
Markov clustering, and the normalized graph cut algorithm. 
0057 Example operations performed by the system 200 
may be described with reference to FIG. 3. 
0058 FIG.3 is a flow chart of a method 300 for utilizing a 
framework for large-scale multi-label classification, accord 
ing to one example embodiment. The method 300 may be 
performed by processing logic that may comprise hardware 
(e.g., dedicated logic, programmable logic, microcode, etc.). 
Software (such as run on a general purpose computer system 
or a dedicated machine), or a combination of both. In one 
example embodiment, the processing logic resides at the 
server system 140 of FIG. 1 and, specifically, at the system 
200 shown in FIG. 2. 

0059. As shown in FIG. 3, the method 300 commences at 
operation 310, when the access module 202 of FIG. 2 
accesses an electronic document that is the Subject of classi 
fication or categorization. At operation 320, the weak classi 
fiers module 204 of FIG. 2 applies one or more weak classi 
fiers to the contents of the subject electronic document in 
order to identify one or more seed labels. The seed labels 
represent preliminary content topics associated with the elec 
tronic document. Example weak classifiers include a condi 
tional random field based tagger (termed CRF-Tagger) and a 
maximum-entropy-based text classifier (MaxEnt Classifier). 
The expanded nodes detector 206 of FIG. 2 derives one or 
more additional labels at operation 330. As explained above, 
additional labels may be derived utilizing the one or more 
seed labels, based on co-occurrence of labels in member 
profiles of an on-line Social networking system. Correlations 
values may be generated using Jaccard Similarity algorithm. 
At operation 340, the graph generator 208 of FIG. 2 generates 
an expanded graph. The nodes of the expanded graph repre 
sent the additional labels and the seed labels. The edges of the 
expanded graph have respective edge weights that may be 
calculated as described above. 

0060. At operation 350, the graph cutting module 210 of 
FIG. 2 applies a clustering algorithm to the expanded graph to 
produce a so called labels graph. As discussed above, 
example clustering algorithms include a minimum cut and 
maximum flow algorithm, Markov clustering, and the nor 
malized graph cut algorithm. The resolved labels module 212 
of FIG. 2 identifies nodes of the labels graph as a set of 
resolved content topics associated with the electronic docu 
ment at operation 360. 
0061 The various operations of example methods 
described herein may be performed, at least partially, by one 
or more processors that are temporarily configured (e.g., by 
Software) or permanently configured to perform the relevant 
operations. Whether temporarily or permanently configured, 
Such processors may constitute processor-implemented mod 
ules that operate to perform one or more operations or func 
tions. The modules referred to herein may, in some example 
embodiments, comprise processor-implemented modules. 
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0062 Similarly, the methods described herein may be at 
least partially processor-implemented. For example, at least 
some of the operations of a method may be performed by one 
or more processors or processor-implemented modules. The 
performance of certain of the operations may be distributed 
among the one or more processors, not only residing within a 
single machine, but deployed across a number of machines. In 
Some example embodiments, the processor or processors may 
be located in a single location (e.g., within a home environ 
ment, an office environment or as a server farm), while in 
other embodiments the processors may be distributed across 
a number of locations. 

0063 FIG. 4-6 illustrate example results of the weak clas 
sification, graph construction and expansion operations, and 
example results of a binary cut applied to the expanded graph. 
FIG. 4 shows a diagram 400 that includes seed labels (repre 
sented as nodes) discovered by applying weak classifiers to 
the contents of an electronic document. The seed labels are 
“Progressive Enhancement,” “Web Pages.” “Designs,”“Web 
mapping, and “Web Design.” FIG. 5 shows a diagram 500 
illustrating an expanded graph produced by utilizing correla 
tion information based on co-occurrence of words and 
phrases describing professional skills listed in member pro 
files of an on-line Social networking system. As shown in FIG. 
5, in addition to the seed labels, the nodes of the expanded 
graph include labels, such as “CSS.” “Logic Design, and 
“Web Mapping.” FIG. 6 shows a diagram 600 illustrating a 
labels graph produced by applying a binary cut to the 
expanded graph shown in FIG.5. The nodes that appearabove 
the broken line, termed “positive partition.” are identified as 
representing nodes resolved content topics associated with 
the electronic document. 

0064 FIG. 5 is a diagrammatic representation of a 
machine in the example form of a computer system 700 
within which a set of instructions, for causing the machine to 
perform any one or more of the methodologies discussed 
herein, may be executed. In alternative embodiments, the 
machine operates as a stand-alone device or may be con 
nected (e.g., networked) to other machines. In a networked 
deployment, the machine may operate in the capacity of a 
server or a client machine in a server-client network environ 
ment, or as a peer machine in a peer-to-peer (or distributed) 
network environment. The machine may be a personal com 
puter (PC), a tablet PC, a set-top box (STB), a Personal 
Digital Assistant (PDA), a cellular telephone, a web appli 
ance, a network router, Switch or bridge, or any machine 
capable of executing a set of instructions (sequential or oth 
erwise) that specify actions to be taken by that machine. 
Further, while only a single machine is illustrated, the term 
“machine' shall also be taken to include any collection of 
machines that individually or jointly execute a set (or multiple 
sets) of instructions to perform any one or more of the meth 
odologies discussed herein. 
0065. The example computer system 700 includes a pro 
cessor 702 (e.g., a central processing unit (CPU), a graphics 
processing unit (GPU) or both), a main memory 704 and a 
static memory 706, which communicate with each other via a 
bus 707. The computer system 700 may further include a 
video display unit 710 (e.g., a liquid crystal display (LCD) or 
a cathode ray tube (CRT)). The computer system 700 also 
includes an alpha-numeric input device 712 (e.g., a key 
board), a user interface (UI) navigation device 714 (e.g., a 
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cursor control device), a disk drive unit 716, a signal genera 
tion device 718 (e.g., a speaker) and a network interface 
device 720. 
0066. The disk drive unit 716 includes a machine-readable 
medium 722 on which is stored one or more sets of instruc 
tions and data structures (e.g., Software 724) embodying or 
utilized by any one or more of the methodologies or functions 
described herein. The software 724 may also reside, com 
pletely or at least partially, within the main memory 704 
and/or within the processor 702 during execution thereof by 
the computer system 700, with the main memory 704 and the 
processor 702 also constituting machine-readable media. 
0067. The software 724 may further be transmitted or 
received over a network 726 via the network interface device 
720 utilizing any one of a number of well-known transfer 
protocols (e.g., HyperText Transfer Protocol (HTTP)). 
0068 While the machine-readable medium 722 is shown 
in an example embodiment to be a single medium, the term 
“machine-readable medium’ should be taken to include a 
single medium or multiple media (e.g., a centralized or dis 
tributed database, and/or associated caches and servers) that 
store the one or more sets of instructions. The term “machine 
readable medium’ shall also be taken to include any medium 
that is capable of storing and encoding a set of instructions for 
execution by the machine and that cause the machine to 
perform any one or more of the methodologies of embodi 
ments of the present invention, or that is capable of storing 
and encoding data structures utilized by or associated with 
such a set of instructions. The term “machine-readable 
medium’ shall accordingly be taken to include, but not be 
limited to, Solid-state memories, optical and magnetic media. 
Such media may also include, without limitation, hard disks, 
floppy disks, flash memory cards, digital video disks, random 
access memory (RAMs), read only memory (ROMs), and the 
like. 
0069. The embodiments described herein may be imple 
mented in an operating environment comprising Software 
installed on a computer, in hardware, or in a combination of 
software and hardware. Such embodiments of the inventive 
subject matter may be referred to herein, individually or col 
lectively, by the term “invention' merely for convenience and 
without intending to Voluntarily limit the scope of this appli 
cation to any single invention or inventive concept if more 
than one is, in fact, disclosed. 

Modules, Components and Logic 

0070 Certain embodiments are described herein as 
including logic or a number of components, modules, or 
mechanisms. Modules may constitute either software mod 
ules (e.g., code embodied (1) on a non-transitory machine 
readable medium or (2) in a transmission signal) or hardware 
implemented modules. A hardware-implemented module is 
tangible unit capable of performing certain operations and 
may be configured or arranged in a certain manner. In 
example embodiments, one or more computer systems (e.g., 
a standalone, client or server computer system) or one or more 
processors may be configured by Software (e.g., an applica 
tion or application portion) as a hardware-implemented mod 
ule that operates to perform certain operations as described 
herein. 
0071. In various embodiments, a hardware-implemented 
module may be implemented mechanically or electronically. 
For example, a hardware-implemented module may comprise 
dedicated circuitry or logic that is permanently configured 
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(e.g., as a special-purpose processor. Such as a field program 
mable gate array (FPGA) or an application-specific inte 
grated circuit (ASIC)) to perform certain operations. A hard 
ware-implemented module may also comprise 
programmable logic or circuitry (e.g., as encompassed within 
a general-purpose processor or other programmable proces 
sor) that is temporarily configured by Software to perform 
certain operations. It will be appreciated that the decision to 
implement a hardware-implemented module mechanically, 
in dedicated and permanently configured circuitry, or in tem 
porarily configured circuitry (e.g., configured by Software) 
may be driven by cost and time considerations. 
0072 Accordingly, the term “hardware-implemented 
module' should be understood to encompassatangible entity, 
be that an entity that is physically constructed, permanently 
configured (e.g., hardwired) or temporarily or transitorily 
configured (e.g., programmed) to operate in a certain manner 
and/or to perform certain operations described herein. Con 
sidering embodiments in which hardware-implemented mod 
ules are temporarily configured (e.g., programmed), each of 
the hardware-implemented modules need not be configured 
or instantiated at any one instance in time. For example, 
where the hardware-implemented modules comprise agen 
eral-purpose processor configured using Software, the gen 
eral-purpose processor may be configured as respective dif 
ferent hardware-implemented modules at different times. 
Software may accordingly configure a processor, for 
example, to constitute a particular hardware-implemented 
module at one instance of time and to constitute a different 
hardware-implemented module at a different instance of 
time. 

0073 Hardware-implemented modules can provide infor 
mation to, and receive information from, other hardware 
implemented modules. Accordingly, the described hardware 
implemented modules may be regarded as being 
communicatively coupled. Where multiple of such hardware 
implemented modules exist contemporaneously, communi 
cations may be achieved through signal transmission (e.g., 
over appropriate circuits and buses) that connect the hard 
ware-implemented modules. In embodiments in which mul 
tiple hardware-implemented modules are configured or 
instantiated at different times, communications between Such 
hardware-implemented modules may be achieved, for 
example, through the storage and retrieval of information in 
memory structures to which the multiple hardware-imple 
mented modules have access. For example, one hardware 
implemented module may performan operation, and store the 
output of that operation in a memory device to which it is 
communicatively coupled. A further hardware-implemented 
module may then, at a later time, access the memory device to 
retrieve and process the stored output. Hardware-imple 
mented modules may also initiate communications with input 
or output devices, and can operate on a resource (e.g., a 
collection of information). 
0074 The various operations of example methods 
described herein may be performed, at least partially, by one 
or more processors that are temporarily configured (e.g., by 
Software) or permanently configured to perform the relevant 
operations. Whether temporarily or permanently configured, 
Such processors may constitute processor-implemented mod 
ules that operate to perform one or more operations or func 
tions. The modules referred to herein may, in Some example 
embodiments, comprise processor-implemented modules. 

Feb. 5, 2015 

0075 Similarly, the methods described herein may be at 
least partially processor-implemented. For example, at least 
some of the operations of a method may be performed by one 
or processors or processor-implemented modules. The per 
formance of certain of the operations may be distributed 
among the one or more processors, not only residing within a 
single machine, but deployed across a number of machines. In 
Some example embodiments, the processor or processors may 
be located in a single location (e.g., within a home environ 
ment, an office environment or as a server farm), while in 
other embodiments the processors may be distributed across 
a number of locations. 
0076. The one or more processors may also operate to 
Support performance of the relevant operations in a "cloud 
computing environment or as a “software as a service' 
(SaaS). For example, at least some of the operations may be 
performed by a group of computers (as examples of machines 
including processors), these operations being accessible via a 
network (e.g., the Internet) and via one or more appropriate 
interfaces (e.g., Application Program Interfaces (APIs)..) 
0077. Thus, the framework for large-scale multi-label 
classification has been described. Although embodiments 
have been described with reference to specific example 
embodiments, it will be evident that various modifications 
and changes may be made to these embodiments without 
departing from the broader spirit and scope of the inventive 
Subject matter. Accordingly, the specification and drawings 
are to be regarded in an illustrative rather than a restrictive 
SSC 

1. A method comprising: 
accessing an electronic document; 
identifying one or more seed labels, the one or more seed 

labels representing respective one or more preliminary 
content topics associated with the electronic document; 

generating a seed graph, nodes of the seed graph represent 
ing the one or more seed labels; 

based on co-occurrence of labels in member profiles of an 
on-line Social networking system and based on the one 
or more seed labels, deriving one or more additional 
labels; 

using at least one processor, generating an expanded graph 
comprising a first set of nodes representing the one or 
more additional labels and a second set of nodes repre 
senting the one or more seed labels; 

applying a clustering algorithm to the expanded graph to 
generate a labels graph; and 

identifying nodes of the labels graph, as a set of resolved 
content topics associated with the electronic document. 

2. The method of claim 1, wherein an edge in the expanded 
graph has an edge weight constructed as correlation between 
labels represented by nodes connected to the edge. 

3. The method of claim 1, wherein the edge weight is a 
directed edge weight. 

4. The method of claim 1, wherein the generating of the 
expanded graph comprises assigning respective weights to 
nodes of the expanded graph. 

5. The method of claim 1, wherein the labels in the member 
profiles of the on-line Social networking system correspond to 
entries in a dictionary of skills maintained by the on-line 
networking system, the entries comprising respective words 
and phrases describing professional skills of respective mem 
bers of the on-line Social networking system. 
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6. The method of claim 1, wherein the one or more weak 
classifiers comprises a conditional random field based tagger 
(CRF Tagger). 

7. The method of claim 1, wherein the one or more weak 
classifiers comprises a maximum entropy based text classi 
fier. 

8. The method of claim 1, wherein the clustering algorithm 
is based on a minimum cut and maximum flow algorithm. 

9. The method of claim 1, wherein the clustering algorithm 
is Markov clustering algorithm. 

10. The method of claim 1, wherein the clustering algo 
rithm is normalized graph cut algorithm. 

11. A computer-implemented system comprising: 
an access module, implemented using at least one proces 

Sor, to access an electronic document; 
an identifying module, implemented using at least one 

processor, to identify one or more seed labels, the one or 
more seed labels representing respective one or more 
preliminary content topics associated with the electronic 
document; 

a graph generator, implemented using at least one proces 
Sor, to generate a seed graph, nodes of the seed graph 
representing the one or more seed labels; 

an expanded nodes detector, implemented using at least 
one processor, to derive one or more additional labels 
based on co-occurrence of labels in member profiles of 
an on-line Social networking system and based on the 
one or more seed labels; 

an expanded graph generator, implemented using at least 
one processor, to generate an expanded graph compris 
ing a first set of nodes representing the one or more 
additional labels and a second set of nodes representing 
the one or more seed labels; 

a graph cutting module, implemented using at least one 
processor, to apply a clustering algorithm to the 
expanded graph to generate a labels graph, using the at 
least one processor, and 

a resolved labels module, implemented using at least one 
processor, to identify nodes of the labels graph as a set of 
resolved content topics associated with the electronic 
document, using the at least one processor. 

12. The system of claim 11, wherein an edge in the 
expanded graph has an edge weight constructed as correlation 
between labels represented by nodes connected to the edge. 
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13. The system of claim 11, wherein the edge weight is a 
directed edge weight. 

14. The system of claim 11, wherein the generating of the 
expanded graph comprises assigning respective weights to 
nodes of the expanded graph. 

15. The system of claim 11, wherein the labels in the 
member profiles of the on-line Social networking system cor 
respond to words and phrases describing professional skills 
of respective members of the on-line Social networking sys 
tem. 

16. The system of claim 11, wherein the one or more weak 
classifiers comprises a conditional random field based tagger 
(CFR Tagger). 

17. The system of claim 11, wherein the one or more weak 
classifiers comprises a maximum entropy based text classi 
fier. 

18. The system of claim 11, wherein the clustering algo 
rithm is based on a minimum cut and maximum flow algo 
rithm. 

19. The system of claim 11, wherein the clustering algo 
rithm is Markov clustering algorithm. 

20. A machine-readable non-transitory storage medium 
having instruction data to cause a machine to perform opera 
tions comprising: 

accessing an electronic document; 
identifying one or more seed labels, the one or more seed 

labels representing respective one or more preliminary 
content topics associated with the electronic document; 

generating a seed graph, nodes of the seed graph represent 
ing the one or more seed labels; 

based on co-occurrence of labels in member profiles of an 
on-line Social networking system and based on the one 
or more seed labels, deriving one or more additional 
labels; 

generating an expanded graph comprising a first set of 
nodes representing the one or more additional labels and 
a second set of nodes representing the one or more seed 
labels; 

applying a clustering algorithm to the expanded graph to 
generate a labels graph; and 

identifying nodes of the labels graph, as a set of resolved 
content topics associated with the electronic document. 
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