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(57) ABSTRACT 

A scalable clustering system is described. In an embodiment 
the clustering system is operable for extremely large scale 
applications where millions of items having tens of millions 
of features are clustered. In an embodiment the clustering 
system uses a probabilistic cluster model which models 
uncertainty in the data set where the data set may be for 
example, advertisements which are Subscribed to keywords, 
text documents containing text keywords, images having 
associated features or other items. In an embodiment the 
clustering system is used to generate additional features for 
associating with a given item. For example, additional key 
words are Suggested which an advertiser may like to Sub 
scribe to. The additional features that are generated have 
associated probability values which may be used to rank those 
features in some embodiments. User feedback about the gen 
erated features is received and used to revise the feature 
generation process in some examples. 
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SCALABLE CLUSTERING 

BACKGROUND 

0001 Clustering items based on some notion of similarity 
is a problem that arises frequently in many applications. For 
example, clustering documents into groups of related docu 
ments is required for information retrieval applications, docu 
ment analysis applications and other tasks. The items to be 
clustered may be documents, emails, web pages, advertise 
ments, images, videos, or any other types of items. Clustering 
may also be referred to as categorizing or classifying. 
0002 Some previous approaches have involved super 
vised classification schemes. In these schemes manual label 
ing of a significant portion of the items to be classified is 
required in order to train a machine learning system to carry 
out the classification automatically. However, this approach is 
not practical for very large collections of items such as in 
web-scale applications. In such situations, it is not practical to 
provide a manual labeling of a significant portion of the items. 
0003. Unsupervised clustering approaches are also known 
whereby the clustering system is free to create whatever cat 
egories best fit the data. Examples of such approaches include 
k-means clustering and agglomerative clustering. However, 
many of these approaches do not scale up well for large data 
sets (hundreds of thousands of items to be clustered into 
hundreds of clusters) in that the training times required are 
very long and/or the quality of the results are poor. 
0004 Another type of unsupervised clustering approach 
has involved forming a clustering model using a mixture of 
Bernoulli profiles and learning the optimal values of the 
model parameters using maximum likelihood methods. Such 
maximum likelihood methods include direct gradient ascent 
and expectation maximization (EM). However, Such maxi 
mum likelihood methods require several passes over the data 
during training in order to converge and so these approaches 
are not suitable for extremely large data sets. In these 
approaches initialization is crucial due to multiple modes of 
the likelihood but this is very difficult to achieve in applica 
tions involving high dimensional data. 
0005. The embodiments described herein are not limited 
to implementations which solve any or all of the disadvan 
tages of known clustering systems. 

SUMMARY 

0006. The following presents a simplified summary of the 
disclosure in order to provide a basic understanding to the 
reader. This summary is not an extensive overview of the 
disclosure and it does not identify key/critical elements of the 
invention or delineate the scope of the invention. Its sole 
purpose is to present some concepts disclosed herein in a 
simplified form as a prelude to the more detailed description 
that is presented later. 
0007. A scalable clustering system is described. In an 
embodiment the clustering system is operable for extremely 
large scale applications where millions of items having tens 
of millions of features are clustered. In an embodiment the 
clustering system uses a probabilistic cluster model which 
models uncertainty in the data set where the data set may be 
for example, advertisements which are subscribed to key 
words, text documents containing text keywords, images hav 
ing associated features or other items. In an embodiment the 
clustering system is used to generate additional features for 
associating with a given item. For example, additional key 
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words are Suggested which an advertiser may like to Sub 
scribe to. The additional features that are generated have 
associated probability values which may be used to rank those 
features in some embodiments. User feedback about the gen 
erated features is received and used to revise the feature 
generation process in some examples. 
0008. Many of the attendant features will be more readily 
appreciated as the same becomes better understood by refer 
ence to the following detailed description considered in con 
nection with the accompanying drawings. 

DESCRIPTION OF THE DRAWINGS 

0009. The present description will be better understood 
from the following detailed description read in light of the 
accompanying drawings, wherein: 
0010 FIG. 1 is a schematic diagram of a clustering sys 
tem; 
0011 FIG. 2 is a schematic diagram of model parameters 
to be held in a data structure; 
0012 FIG. 3 is a schematic diagram of a method of train 
ing a clustering model; 
0013 FIG. 4 is a is a schematic diagram of advertisements 
having keyword Subscriptions and showing two clusters; 
0014 FIG. 5 is the schematic diagram of FIG. 4 showing 
an added advertisement; 
0015 FIG. 6 is a flow diagram of a method of training a 
clustering model; 
0016 FIG. 7 is an example directed graphical model for 
use in a clustering System; 
0017 FIG. 8 is an example factor graph for use in a clus 
tering system; 
0018 FIG. 9 is a schematic diagram of a clutter cluster 
engine and a garbage collection engine; 
0019 FIG. 10 is a flow diagram of a method at a garbage 
collection engine; 
0020 FIG. 11 is a flow diagram of another method at a 
garbage collection engine; 
0021 FIG. 12 is a flow diagram of another method at a 
garbage collection engine; 
0022 FIG. 13 is a flow diagram of a method of training a 
clustering system using parallel processing: 
0023 FIG. 14 is a flow diagram of a method of suggesting 
keywords to advertisers; 
0024 FIG. 15 is a table of most prominent features in two 
different clusters; 
0025 FIG. 16 illustrates an exemplary computing-based 
device in which embodiments of a clustering system may be 
implemented. 
0026. Like reference numerals are used to designate like 
parts in the accompanying drawings. 

DETAILED DESCRIPTION 

0027. The detailed description provided below in connec 
tion with the appended drawings is intended as a description 
of the present examples and is not intended to represent the 
only forms in which the present example may be constructed 
or utilized. The description sets forth the functions of the 
example and the sequence of steps for constructing and oper 
ating the example. However, the same or equivalent functions 
and sequences may be accomplished by different examples. 
0028. Although the present examples are described and 
illustrated hereinas being implemented in a clustering system 
for clustering keywords to which advertisements have sub 
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scribed, the system described is provided as an example and 
not a limitation. As those skilled in the art will appreciate, the 
present examples are suitable for application in a variety of 
different types of clustering systems. 
0029 FIG. 1 is a schematic diagram of a clustering system 
101 which takes information about items 100 with features as 
input. For example, the items may be advertisements and the 
features may be keywords to which the advertisements have 
subscribed. However, this is not essential, the items may be 
text documents and the features may be text words in those 
documents. In other examples, the items may be images or 
Video clips and the features may be visual words, textons, or 
other features. That is the items may be of any suitable type 
Such as documents, files, emails, web pages, advertisements, 
audio files, Voice messages, text Snippets, images, names, or 
other items. The features are any characteristics associated 
with the items. In the embodiments described herein there is 
high dimensionality in the input to the clustering system since 
there are a high number of possible features for a given item 
(for example, hundreds to millions of possible features). 
0030 The input to the clustering system is provided in the 
form of binary vectors in the embodiments described herein. 
For example, if the items are documents and the features are 
text words the input for a given document is a vector of 1S and 
Os with the 1's indicating text words that are present in the 
document. The O's indicate text words which are absent from 
the document. In another example, the items may be stocks 
and the features may be prices that the stocks have sold at 
during a specified time interval. Ranges or “bins' of price 
values may be specified Such that a binary vector may be 
formed for each stock and provided as input to the clustering 
system. In another example, the items are advertisements and 
the features are keywords to which the advertisement is sub 
scribed. In this case the binary vector for an advertisement 
comprises 1’s for each keyword that the advertisement sub 
scribes to and 0's for each keyword that is absent from that 
advertisement's Subscription. 
0031. The clustering system 101 comprises a clustering 
engine having a memory holding a data structure 102. The 
data structure holds a cluster model which begins in a default 
state and is trained using a large set of training data. The 
training data comprises binary vectors as described above. 
The training process is carried out by an update engine 103 
which uses a Bayesian update process as described in more 
detail below. During the learning process parameters of the 
model are learnt as well as uncertainty about those model 
parameters. The clustering system 101 provides as output 
cluster information 104 Such as details about the learnt clus 
ters and parameters of the model. The model is arranged to 
take into account uncertainty about the model parameters and 
effectively to learn this uncertainty during the training or 
update process. Previous approaches have not been able to 
take uncertainty into account in this way. 
0032 FIG. 2 illustrates details of the cluster model 102 in 
a schematic manner. The model comprises a plurality of clus 
ters 201. Only three clusters are shown for clarity but in 
practice hundreds or thousands (or more) of clusters may be 
used. The number of clusters that are used depends on the 
particular application and the processing resources that are 
available. The model also comprises a cluster prior 200 for 
each cluster. This is a prior probability distribution represent 
ing belief that any one of the items is a member of that cluster. 
These clusterpriors are stored using statistics (or parameters) 
which describe the prior cluster probability distribution. Any 
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suitable type of probability distribution may be used to rep 
resent the clusterpriors and in embodiments described herein 
Dirichlet distributions are used. However, this is not essential, 
other types of distribution may be used. By using cluster 
priors in this way the model has a “soft representation of 
clusters because which items are members of a cluster is 
defined in a probabilistic way. When the model is initialized 
there is great uncertainty about which items are members of 
which clusters and as training progresses this uncertainty may 
reduce. The model is able to capture knowledge about this 
uncertainty because the cluster priors are parameters of the 
model. 

0033. The model also comprises a feature prior probability 
distribution 204 for each cluster 201 and feature 202 combi 
nation. For example, in FIG. 2 the feature prior probability 
distribution for cluster 1, feature A is t. The feature prior 
probability distribution t represents belief that an item in 
cluster 1 has feature A. The feature priors are stored as sta 
tistics or parameters which describe the prior feature distri 
bution. Any suitable type of probability distribution may be 
used to represent the feature priors and in the embodiments 
described herein Beta distributions are used. A Beta distribu 
tion may be described by parameters C. and B and these may 
be stored by the model for each of the feature priors. In order 
to provide a sparse representation, the feature prior probabil 
ity distribution may be set to a default for many of the cluster 
and feature combinations. This is described in more detail 
below. 

0034. As mentioned above, the model begins in an initial 
state with the parameters set to default values. A learning or 
training process then takes place to train the model on a large 
data set. For example, the data set may comprise hundreds of 
thousands or more of items. The parameters of the model are 
treated as random variables. Inference comprises computing 
posterior distributions of the parameters, which capture the 
uncertainty about their true value. This allows to exert caution 
in the interpretation of parameter values about which much 
uncertainty remains. It also allows for experimental design, 
since the model declares what parameter values it is most 
uncertain about. In addition, it is sufficient if the training 
process accesses each data point (or item) only once. This 
enables the process to scale Successfully to large corpora Such 
as those typical in web applications. 
0035 FIG. 3 is a flow diagram of a method of training the 
cluster model 102. The clustering system stores 300 a data 
structure holding the cluster model. The cluster model has 
parameters as described above which capture uncertainty 
about their optimal value. The parameters are initialized 301 
and the clustering system receives 301, from a store of items 
to be used for training, a first data point comprising an item 
having features. Noise is optionally introduced to the model 
parameters 303 and a Bayesian update process is used to 
update the prior probability distributions on the basis of the 
observation in order to obtain posterior probability distribu 
tions. The posterior distributions obtained after processing 
one data point are passed as prior distributions for processing 
the next data point. This is achieved by updating the data 
structure 304 and optionally deleting the stored observation 
305. The process proceeds for the next data point as indicated 
in FIG.3 and each data point need be processed only once. 
That is, the training process may be used to access each data 
point more than once if required but this is not essential. 
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0036 FIG. 4 is a schematic diagram of advertisements 400 
having keyword Subscriptions 401 and showing two clusters 
403 represented in a cluster model. For each cluster, feature 
priors 405 are shown for each feature 404 which in this 
example are keywords. Each cluster has a cluster prior (not 
shown). In this example, the keyword subscription prior Beta 
distribution for cluster 1, office has a mean of 0.8 indicating a 
relatively strong belief that any advertisement in cluster 1 
subscribes to the keyword “office'. In this example, only the 
means of the Beta probability distributions are shown 
although the method is able to take into account uncertainty in 
the belief about those mean values. Keyword subscription 
priors for the other cluster and feature combinations are also 
given. 
0037 Suppose the next data point is obtained from the 
training items and used to update the model during training. 
This is illustrated in FIG. 5 which is the same as FIG. 4 but 
showing another advertisement 500. This additional adver 
tisement 500 has keywords “office”, “TV shows” and “com 
edy’. In this example, the keyword “comedy has not been 
observed by the model before and so this keyword is added to 
each cluster with a default keyword subscription prior (shown 
as 0.5 in the example). The update process then takes place. 
During this update process a responsibility 402 is calculated 
for each cluster. The responsibility of a cluster can be thought 
of as the probability of that cluster generating a particular 
item (in this case advertisement 500). The responsibilities 
402 Sum to 1. The update process results in changes to the 
feature priors (in this case the keyword subscription priors) 
and this is indicated in FIG. 5 by the arrows 502. An upward 
pointing arrow indicates that a feature prior probability is 
increased by an amount represented by the size of the arrow. 
A downward pointing arrow indicates that a feature prior 
probability is decreased by an amount represented by the size 
of the arrow. 
0038. The magnitude of the update to a feature prior is 
related to the responsibility and also to the amount of uncer 
tainty about that feature prior. For example, a feature prior 
which is known with relatively high certainty is less likely to 
be changed a lot by the update process than a feature prior 
which is very uncertain. Also, if the responsibility is high the 
magnitude of change to the feature prior is greater than for a 
low responsibility. After the update process for the single data 
point (advertisement 500) the responsibility values may be 
discarded and the process moves onto the next data point. 
0039. The cluster model may be stored in the data struc 
ture as a factor graph. With reference to FIG. 6 a factor graph 
is created 600 and nodes of the factor graph are instantiated 
601 with default parameter values of the model. During train 
ing a first item is taken from the training item set and infor 
mation about this “observed item 603 is input to the factor 
graph. Message passing may be performed 602 on the factor 
graph to update the parameters using Bayesian inference. The 
process then moves to the next item in the training set and 
repeats until each item from the training set has been pro 
cessed once. 

0040 Part of an example factor graph for use in the cluster 
model is illustrated in FIG. 8 and is described in more detail 
later in this document. 
0041. A detailed example of a clustering system is now 
described in which the items are advertisements and the fea 
tures are keywords that the advertisements are subscribed to. 
However, it is noted that this example is also applicable to 
other types of items and features. 
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0042 
-e 

X is described by a D-dimensional vector of binary vari 
ables. In a concrete application, these objects are online ads in 
paid search, described by the set of keywords to which they 
subscribe. There are a total of Dunique keywords, and vector 
-e 

X contains a 1 for those keywords that the i-th advertisement 
has subscribed to: If the i-th advertisement subscribed to the 
d-th keyword, then X-1, else X, 0. 
0043 

Consider a set of N objects, where the i-th object is 

The keyword vector of an ad is generated by one of 
-e 

K clusters, or mixture components. Each ad X has a variable 
c, e {1,....K. associated with it that indicates the index of the 
cluster to which the ad belongs. If the i-th ad belongs to cluster 
j then c. j. Within a cluster, ads subscribe to keywords fol 
lowing independent Bernoulli probability distributions. If the 
i-th ad belongs to cluster then the probability that it sub 
scribes to the d-th keyword is given by t p(x,-1|c, j). As a 
result, the probability that the i-th ad belongs to cluster j is 
given by a cluster-dependent Bernoulli profile: 

Which cluster an ad belongs to is unknown a priori, and that 
uncertainty is captured by the prior probability that the i-th ad 
(or in fact any other ad) belongs to clusterj:t p(c, j). If the 
cluster priors {t} and the probabilities of subscribing to 
keywords {t} are known, the sampling distribution of the 
model is given by a mixture of Bernoulli profiles: 

K (1) 

Sampling an ad from this model involves selecting first one of 
the K clusters by drawing it from a discrete distribution with 

-e 

parameter vector t=It1,.... tc. In a second step, keywords 
that the ad subscribes to are drawn from the selected cluster's 
Bernoulli profile. 
0044) For the mixture of Bernoulli profiles presented here, 
the Bernoulli probabilities of keyword subscription are given 
conjugate prior Beta distributions tsBeta(t;C.f3). The param 
eters C. and B can be interpreted as pseudo-counts: C. as the 
number of times the keyword was switched on and B has the 
number of times the keyword was off. The probability density 
function (PDF) of the keyword subscription probability t is 

The higher the sum of the pseudo-counts, the smaller the 
uncertainty about the value oft. 
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0045. The other unknown variables of interest are the prior 
cluster probabilities {t}: these are given a Dirichlet prior 
distribution, 

-e 

with parameter vector Y. Similar to the Beta distribution, Y, 
can be interpreted as a pseudo-count of the number of ads that 
belong to clusterij. 
0046 FIG. 7 shows the directed graphical model corre 
sponding to the full Bayesian model, including the param 
eters of the Beta and Dirichlet distributions. The parts of the 
graph enclosed in plates 700, 701 are replicated according to 
the index in the plate. For example, for the fixed value of i in 
the outer plate, the inner plate is replicated D times, once for 
each value of the keyword index d. The arrows indicate the 
dependencies between variables. 
0047. The graph representation has the advantage of 
clearly revealing conditional independence between vari 
ables, which is important for computing the marginal poste 
rior distributions efficiently. FIG. 8 shows the factor graph 
representation of a slice of the directed graph in FIG. 7 for a 
single datapoint indexed by i. Factor graphs are bipartite 
graphs that represent joint probability distributions by means 
of variable nodes (circles) 801, 803 connected to factor nodes 
(shaded squares) 800, 802. Factor nodes express the func 
tional relation among the variables connected to them, and the 
product of all factors corresponds to the joint probability 
distribution. Marginal distributions are obtained by comput 
ing messages from factor nodes to variable nodes: the mar 
ginal distribution of any given variable nodes is the product of 
its incoming messages. Inference in factor graphs is thus 
known as message passing which is described in detail in 
Bishop, C. M. “Pattern Recognition and Machine Learning 
Springer 2006 which is incorporated herein by reference in its 
entirety. The representation in FIG. 8 absorbs the observed 
variables X, d-1,....D into the factors f. The marginals of 

-e 

the cluster assignment probabilities at and of the keyword 
Subscription probabilitiest obtained by message passing are 
thus the posterior distributions desired. 
0048. The factor graph in FIG. 8 represents only a single 
ad, but already contains on the order of DxK variables, with 
the number of keywords D potentially in the millions, and the 
number of clusters K in the hundreds. Most keywords are 
actually key phrases, akin to typical search engine queries, 
which is why D can become so large. The full graph further 
replicates this slice N times (number of training data), with N 
in the tens of millions. It is not practical to store a graph that 
size in memory, or to compute and store the necessary mes 
SageS. 

0049. To make the inference practical, an online learning 
scheme is used based on approximate inference with 
Assumed Density Filtering (ADF). Data points (ads) are pro 

-e 

cessed one at a time, and the posterior distributions of TL and 
t, obtained after processing one data point are passed as prior 
distributions for processing the next data point. 
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0050. Because the factor graph is a tree in this online 
learning scenario, messages only need to be computed once 
from a root node to the leaves and back. A practical schedule 
for processing the i-th data point is the following: 

0051. Set the prior distributions g(t) and 

g(t) 

-e 

to the posterior marginals on t. and JL obtained from pro 
cessing the previous datapoint. 

0.052 Compute the messages 

{mi-c; (c). 

from the keyword factors f, to the cluster assignment variable 
C:. 

0.053 Compute the message 

from the cluster assignment factor 

to the cluster assignment probability variable . 
0054 
0.055 For each keyword factorf compute the outgoing 
messages {m, (t)}d-1. 

0056 

Compute the message m, (c.). 

Compute the new marginals 

Note that no messages need to be stored between the ADF 
steps, but only on the order of DXK marginal distributions. 
0057 The message from f. to c, is given by 

raid 1–xiii (cii) (2) mic, (c) = f; (1 - it id) id 
i=l 

where 
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is the mean of g(t), and II() is the indicator function, equal 
to 1 if its argument is true, and to 0 if it is false. The message 
from c, to factor his m, ,(c,)-II, Dm (c.), and there 
fore the message from factor 

K D 
-X . xi 1-x; h to it is m (i) = y April (1 - ua)'". 

The message from h to c,c, sends the (scaled) average cluster 
assignment probabilities under the Dirichlet prior 

In some embodiments a parameter referred to as a responsi 
bility is optionally computed as an intermediate step. This is 
the marginal distribution of the cluster index. This responsi 
bility can be thought of as the probability that a given cluster 
will generate a particular ad as discussed above with refer 
ence to FIG. 5. The marginal distribution of c, given by the 
normalized product of its incoming messages is: 

P . 1-x; (3) ypt: (1-4)'' 
d=1 

and referred to here as the responsibility of cluster 1 for 
advertisement i, with Osrs 1 and X, *r-1. 
0058. The message from f. to t can be written as the 
linear combination of a Bernoulli distribution in ti and a 
COnStant: 

ti (1-t)''id (4) 
mi (ta) = rit - + (1 - rit). p: (1 - utd)'' 

0059 Given that the message (4) from f. to the to nodes is 
a mixture Beta distribution plus a constant, the marginal 
distribution of t is therefore not a Beta distribution either, 

P(ld) & mid-ta (ild) mga t (ild) (5) 

= rit Beta (ild; aid + xid, Bid + (1 - vid)) + 

(1 - rit) Beta (tid; aid; Bid) 
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0060 Instead, it is the convex combination of the prior and 
the posterior Beta distributions on to under the assumption 
that the current advertisement belongs to cluster 1. The pos 
terior has larger weight the larger the responsibility of cluster 
1. 

I0061. In order to keep the message m, (t) in the Beta 
family, the marginal p(t) itself may be projected onto a Beta 
distribution by moment matching. For the first order moment 
of the marginal, 

ld Wid Cld 
- + (1 - rit) aid + fid + 1 aid + fid 

and for the second non-central moment, 

(aid + xid)(aid + xid + 1) 
'(a + B + 1)(a + B + 2) 

aid (aid + 1) 1 - rit) - - + (1 - rit) (aid + fid)(aid + Bid + 1) 

0062. Note that the first order moment, i.e., the mean of the 
marginal, is a convex combination of the prior mean and the 
posterior mean under a full update of the Beta distribution 
(without taking the responsibility term r, into account). 
Using the expressions of the parameters of a Beta distribution 
in terms of its moments, the parameters of the approximating 
Beta are computed as 

where 

N = M2(xid) - M(xid) = did + B. 

is the updated pseudo-count (including pseudo-count coming 
from the prior), roughly the total number of observed ads. 

-e 

0063. The exact marginal distribution of It is a mixture of 
Dirichlet distributions, 

L. 

p(i) = X. rit Dir(iy+e), 

-e 

where e, is the i-th unit vector of length K. There is one 
Dirichlet mixture per cluster, and its value is the result of 
assuming that the corresponding cluster is fully responsible 
for the ad visited. The mixing coefficients are the actual 
responsibilities that the clusters had for the ad. An approxi 
mation is made to stay in the family of Dirichlet distributions. 
For example, the means are preserved and it is ensured that 
the sum of they, is increased by one. This can be achieved by 
adding the cluster responsibilities to the corresponding 

8 parameters of the Dirichlet distribution, Y "Y,+r. 
0064. As described above using ADF to process a single 
data point at a time leads to large saving in terms of compu 
tation time and memory use. Even within this online learning 
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framework, clustering large datasets is computationally 
demanding. A typical dataset can contain millions of adver 
tisements with millions of unique keywords. If every cluster 
contained one Beta distribution for every possible keyword 
then the memory requirements would be on the order of 
hundreds of gigabytes. In addition, the computation of the 
responsibility for each advertisement would involve tens of 
millions of terms, which would make training extremely 
slow. Several steps may be taken to ensure that the clustering 
system can run in a reasonable amount of time and use a 
reasonable amount of memory. 
0065 While there are potentially millions of unique key 
words in a dataset, individual advertisements are very sparse, 
typically subscribing to on the order often keywords each. If 
one assumes that a cluster of similar ads should also be sparse, 
then that property can be exploited by using a sparse repre 
sentation for the clusters. This property also applies to other 
application domains for other types of items and features. 
However, the example here is discussed with reference to ads 
and keywords for clarity. In this representation, only key 
words that are “important to a cluster are represented by 
explicit Beta distributions, and all other keywords are repre 
sented by that same single “default' Beta distribution for that 
cluster. “Important here is a combination of 1) being con 
tained in a significant number of that ads in the cluster, and 2) 
being sufficiently discriminative for that cluster. If every clus 
ter contains hundreds of unique distributions instead of mil 
lions then the model will use a small amount memory, and 
computation of equations (3) can be done quickly. Several 
steps may be taken to ensure that the model remains sparse. 
0066 FIG.9 is an example of part of a clustering system in 
which the data structure holding the model 900 is in commu 
nication with a clutter cluster 901 and a garbage collection 
engine. 
0067. The garbage collection engine 901 may be arranged 

to carry out any or both of the methods of FIGS. 10 and 11 for 
example. These methods (or other similar methods) may be 
carried out at intervals to cull features (such as keywords) 
from the model. For example, as illustrated in FIG. 10 key 
words with a similar probability across all clusters may be 
identified 1000. These may be keywords with a similar mean 
of the associated Beta distribution. The explicit probability 
distributions of the identified keywords may be replaced 1001 
by a default probability distribution. 
0068 FIG. 11 is a flow diagram of a method carried out 
within a cluster. A keyword probability distribution within 
that cluster is replaced 1100 (for test purposes at this stage 
rather than actual replacement) by a default probability dis 
tribution. If a significant change to the responsibility occurs 
as a result 1101 then the keyword probability distribution is 
retained 1102. Otherwise the keyword probability distribu 
tion is removed and replaced by the default 1103. 
0069. In some embodiments the cluster model comprises a 
clutter cluster although this is not essential. A clutter cluster 
may be used as part of the cluster model in order to avoid 
pressing new concepts into clusters that are not appropriate 
for that information. For example, Suppose there are two 
clusters, one about books and one about DVDs. A new ad is 
observed about baby food. A responsibility value is calcu 
lated as described above for the baby food ad with respect to 
each of the two clusters. The sum of the responsibility values 
is required to be 1 as previously explained and so the new ad 
is given a responsibility of 0.5 for each of the two clusters. In 
the case that a clutter cluster is provided the clutter cluster will 
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have a higher responsibility value for the baby food ad. The 
clutter cluster is arranged so that it does not specialize on a 
particular group of features. In this way the baby food ad will 
effectively “disappear. 
0070 FIG. 12 is a flow diagram of an example method 
carried out during garbage collection. Clusters likely to con 
tain a low number of items are identified 1200 and merged 
with other (possibly larger) clusters. For example, in a case 
with ten different specialized clusters a clutter cluster may be 
added to account for any examples which do not fit into one of 
the other ten clusters. This clutter cluster is given a single Beta 
distribution in order that it does not specialize on a particular 
group of features. In an example, consider two large clusters, 
one about office furniture and one about office spaces. A tiny 
cluster for office catering also exists. During a garbage col 
lection process with respect to the Small cluster, the garbage 
collection engine may decide to merge that tiny cluster with 
the office furniture cluster. In other cases the garbage collec 
tion may decide to merge the tiny cluster with a clutter cluster. 
A rule-based system may be provided in the garbage collec 
tion engine to decide which approach to take in different 
situations depending on the number, type, size and other 
factors about the current state of the cluster model and/or the 
particular application. 
0071. In some embodiments the clustering system com 
prises a plurality of processors arranged to assist with the 
process of training the cluster model. The processors may be 
provided at a multi-core computer or may be separate entities 
in a distributed computing environment. FIG. 13 is a flow 
diagram of an example method at Such a clustering system. 
The model in its initial state (before training) is first trained 
serially 1300 as described above with reference to FIG. 3. At 
this stage the model is referred to as the “prior model for ease 
of reference. The serial training is carried out using a Subset of 
the available training data. The remaining (as yet unused) 
training data is split 1301 into batches and a plurality of child 
copies of the prior model are formed 1303. The training data 
is split into more batches than there are child copies of the 
model. The child copies are trained 1304 in parallel using a 
different batch of training data for each child copy and using 
the training method described above with reference to FIG.3. 
For each trained child copy a difference is then computed 
between the prior model and that trained child copy 1305. 
This difference is computed by dividing the child's posterior 
distribution by the prior distribution. This delta is a message 
that tells the prior how to update itself to be equal to the child's 
posterior. The differences obtained from each of the children 
are applied to the prior, in order to collect the information 
learned by all children. That difference is applied to the prior 
model to obtain a posterior distribution 1306. The posterior 
distribution is used in place of the prior model. New child 
copies are created using the updated prior model and the 
training process is repeated using batches of training data that 
have not yet been used. This process carried on until all the 
batches are used. As more batches than child models are used 
the models that the children build up do not drift too far apart 
and are consolidated at regular intervals. 
0072. If the parallel copies of the model settle on different 
modes then a given cluster in one copy is unlikely to describe 
the same natural cluster as the corresponding cluster in 
another copy. To address this, the training is started with only 
one process initially, until the cluster models have formed at 
least partially. This may be referred to as a “differentiation 
step’ and it reduces the freedom of the parallel copies of the 
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model to settle on different modes which is a significant 
problem as the model is multi-modal. The differentiation step 
is only needed before the very first parallel step and not in 
Subsequent parallel steps. Also, because the parallel training 
is carried out one batch at a time, and after each batch the 
posterior produced in step 1306 is used as the prior, then 
multiple copies of a single cluster cannot drift too far apart 
during the parallel training phase. 
0073. In some embodiments a feature suggestion appara 
tus is provided for Suggesting features for associating with a 
particular item. For example, the item may be a document, 
video, image, file or the like and the features may be keywords 
to be associated with (or tagged to) those items to aid later 
retrieval of those items from a store, using keyword search. In 
this case the clustering system of FIG. 1 may be used in a 
generative manner to generate features for associating with a 
given item. 
0074. In one example, the items are advertisements and 
the features are keywords to which the advertisements are 
Subscribed. In this case the goal may be to Suggest to an 
advertiser a plurality of keywords that are related to those 
already subscribed to, in order to increase the reach of the 
advertisement. FIG. 14 is a flow diagram of a computer 
implemented method of achieving this using the clustering 
system of FIG. 1. Although this method is discussed with 
respect to advertisements and keywords it is also applicable to 
other types of item and feature. 
0075. In online advertising (for example, in paid search) 
ads are often displayed based on the keywords that the adver 
tiser subscribes to. For example, the ads that are considered to 
be shown may be those that subscribe to keywords contained 
in the query issued by the user. However, even if an ad is 
relevant to a specific query, it is not eligible for being dis 
played unless it has subscribed to keywords present in the 
query. For the advertisers, this entails the problem of choos 
ing the right keywords to subscribe to. In addition, the sub 
scribed keywords have a strong influence on the so-called 
bidder density. The number of available ad slots is limited, 
with the slot at the top of the page being much more attractive 
than slots at the bottom of the page. The slots may be auc 
tioned using a generalized Second Price Auction (Vickrey 
Clarke-Groves), where the price charged to the advertiser is 
determined by the bid of the advertiser in the immediately 
inferior slot and the click-through rates of the ads in these 
consecutive slots. As a result, prices are generally higher if 
there is a high bidder density, that is, more advertisers par 
ticipate in the auction. 
0076. In order to increase advertising revenue, there is a 
need to increase coverage and bidder density. This can be 
achieved by two mechanisms: Increase the number of rel 
evant keywords an advertiser subscribes to, and provide tools 
that allow the identification of topics with a low number of 
advertisers. 

0077. A new advertising campaign is received 1400 com 
prising information about keywords the advertiser has Sub 
scribed to for a given ad. Based on the given ad, cluster 
responsibilities are calculated based on the keywords that are 
actually subscribed 1401. Keyword probability distributions 
are computed and weighted by the responsibility values 1402. 
These computed probability distributions are then used to 
draw keywords to be suggested to the advertiser 1403. Those 
keywords are then Suggested 1404 with a clear ranking crite 
rion and user selection information is received 1405 indicat 
ing whether the advertiser requires any of the Suggested key 
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words. That feedback information is used to re-compute the 
cluster responsibilities 1401 and the method repeats if 
required. 
0078 More detail about this method is now given. The 
clustering system described hereincan be used in a generative 
form, following the directed graphical Such as that model 
shown in FIG. 7. For keyword Suggestion, a specific ad rep 
resents partially observed data: An advertiser may have put 
some thoughts into which keywords to subscribe to, but still 
may have missed out on some important ones. Subscribed 
keywords thus act as an indicator of the advertiser's intent, but 
the (huge) set of non-subscribed keywords is treated as “not 
observed. 

0079. With this partially observed data, message passing 
is carried out in order to compute the probability of the unob 
served keywords, given the subscribed keywords. This works 
as follows: Let S C {1 ... D} be the set of all subscribed 
keywords in the i-th ad. All factors {f}, deS, send messages 
of the form of equation 2 to nodec, where it is combined with 
the incoming message from factorh. As in the update scenario 
in equation 3, a responsibility of clusters for the ad is com 
puted, but this information is only based on the keywords that 
are actually subscribed: 

y pi (1 - ua) 'id (6) 
deS 

1-x; ypt: (1 - 4a) ii 
deS 

The expectation of the data (keyword) nodes that are implic 
itly attached to the factors fin FIG. 8 are computed to obtain 
for the unobserved keywords d (É S 

K 

p(xid = 1 {-Xibbs) = X. riptid, 
= 

a linear combination of the Bernoulli profiles for the unob 
served keywords, with weights based on the responsibilities 
computed from the observed keywords. Using this method, 
keywords can be suggested to users with a clear ranking 
criterion (the above probability or other related conservative 
probability estimates). For example, the mean probability LL 
may be used. It is also possible to compute a weighted Sum of 
keyword distributions, and from that compute either the mean 
or a conservative estimate for seeing/Suggesting a keyword 
(such as mean minus standard deviation). 
0080. In many application domains in which the clustering 
system described herein may be used, there is a problem 
caused by noise in the data. That is, noisy items can occur 
where that item has several associated features which are 
main thematic features of a given cluster and at least one 
completely unrelated associated feature. Because the cluster 
ing systems described herein are arranged to take into account 
uncertainty about item-feature associations the noisy data is 
not problematic as is the case with alternative clustering tech 
niques. This is now explained with reference to an example in 
which the items are advertisements and the features are key 
words. 
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0081. In an example, the topic of a cluster is determined by 
examining the keywords that have the largest probability of 
being subscribed to. Because of the noisy nature of the data, 
it is possible for certain unrelated keywords to spuriously 
have a high average Subscription probability. These keywords 
might have been subscribed to by noisy ads that also simul 
taneously Subscribe to some of the main thematic keywords 
of the cluster. The Bayesian treatment proposed allows one to 
deal with this problem by providing a measure of the uncer 
tainty about the subscription probabilities. FIG. 15 shows an 
example of a very homogeneous cluster where the keyword 
with highest mean Subscription probability L. pest con 
trol' does not fit. However, this keyword was seen active in 
fewer ads attributed to this cluster. The total pseudo-count C. 
of the Beta distribution represents the effective number of ads 
that were attributed to this cluster and subscribed to the key 
word in question. Given two keywords with identical mean LL 
but with different C. values, the model is more certain about 
the keyword with highest C. Sorting by C. instead of L thus 
takes into account the uncertainty, and in FIG. 15 the benefits 
are evident: the spurious keyword is relegated to a lower 
position. 
0082. The clustering systems described herein provide 
reduced training times as compared with previous clustering 
systems and in addition, provide good quality results where 
almost all the clusters that are produced are consistent with 
only a few comprising a mixture of topics (as assessed by a 
human assessor). A comparison of the clustering system 
described herein with several other clustering methods: 
K-means, agglomerative clustering, and a maximum likeli 
hood version of the inference for the mixture of Bernoulli 
profiles based on expectation-maximization (EM) is made. 
0083. The training times of different methods are assessed 
and visual inspection of the resulting clusters for consistency 
in the meanings of the most prominent keywords is carried 
out. Qualitatively, k-means and agglomerative clustering Suf 
fer from a collapse of most of the ads into a single cluster. This 
can be caused by the spurious connections between clusters 
introduced by ads that subscribe to incoherent sets of key 
words. The methods described herein attain qualitatively bet 
ter results thank-means and agglomerative clusters, manag 
ing to identify many more meaningful clusters and spreading 
the ads more evenly across these. Because it requires visiting 
the whole dataset many times, ML inference with the EM 
algorithm is computationally very intense. The most compu 
tationally efficient of the methods is that described herein, 
with training time of only 1 hour, which is short compared to 
the 40 hours required by EM. 
0084. The embodiments described herein provide away of 
computationally efficiently learning a clustering model from 
data, and using the clustering model for feature Suggestion. 
The clustering model used may be a mixture model, with 
product-of-Bernoulli distributions for the cluster-specific 
probabilities of subscribing to a feature. Previous clustering 
techniques require computationally demanding techniques to 
build the clustering model from data (for example, the Expec 
tation-Maximization EM algorithm). 
0085. As described above a Bayesian approach is used, for 
example, by equipping the clustering membership probabili 
ties with Dirichlet prior distributions, and Beta priors for the 
cluster-specific keyword probabilities. This allows to fully 
maintain uncertainty about all probabilities. 
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I0086 For learning the model from data, examples use 
approximate Bayesian inference based on Assumed Density 
Filtering (ADF), a technique for learning the clustering model 
in an online manner. Items are processed one by one; when an 
item is processed, the model parameters receive a (usually 
small) update, after which the item does not need to be re 
visited. In this manner the full learning of the clustering 
model requires visiting each item only once. This leads to a 
huge speedup compared to the iterative approaches for learn 
ing such models that have been proposed in the past. When 
new items become available, most existing methods require a 
re-training from the whole augmented corpus of items, 
whereas the proposed method allows incrementally updating 
the clustering system. Furthermore, representing the model in 
terms of a factor graph and approximate Bayesian inference 
with message passing allows parallelizing the learning of the 
cluster model. Speed is improved further by “garbage collec 
tion' strategies that remove rarely observed features from the 
model. 

I0087 FIG. 16 illustrates various components of an exem 
plary computing-based device 1600 which may be imple 
mented as any form of a computing and/or electronic device, 
and in which embodiments of a clustering system may be 
implemented. 
I0088. The computing-based device 1600 comprises one or 
more inputs 1606 which are of any suitable type for receiving 
media content, Internet Protocol (IP) input, items to be clus 
tered, feature information about items to be clustered, user 
input or other type of input. The device also comprises com 
munication interface 1607 for communicating with other 
entities over a communications network of any suitable type. 
For example, these other entities may be other clustering 
systems. 
I0089 Computing-based device 1600 also comprises one 
or more processors 1601 which may be microprocessors, 
controllers or any other Suitable type of processors for pro 
cessing computing executable instructions to control the 
operation of the device in order to cluster items. Platform 
Software comprising an operating system 1604 or any other 
Suitable platform software may be provided at the computing 
based device to enable application software 1603 to be 
executed on the device. 

0090 The computer executable instructions may be pro 
vided using any computer-readable media, Such as memory 
1602. The memory is of any suitable type such as random 
access memory (RAM), a disk storage device of any type Such 
as a magnetic or optical storage device, a hard disk drive, or a 
CD, DVD or other disc drive. Flash memory, EPROM or 
EEPROM may also be used. 
0091 An output is also provided such as an audio and/or 
Video output to a display system integral with or in commu 
nication with the computing-based device. The display sys 
tem may provide a graphical user interface, or other user 
interface of any suitable type although this is not essential. A 
display interface 1605 may be provided to control the display 
system. 
0092. The term computer is used herein to refer to any 
device with processing capability Such that it can execute 
instructions. Those skilled in the art will realize that such 
processing capabilities are incorporated into many different 
devices and therefore the term computer includes PCs, serv 
ers, mobile telephones, personal digital assistants and many 
other devices. 
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0093. The methods described herein may be performed by 
Software in machine readable form on a tangible storage 
medium. The software can be suitable for execution on a 
parallel processor or a serial processor Such that the method 
steps may be carried out in any suitable order, or Substantially 
simultaneously. 
0094. This acknowledges that software can be a valuable, 
separately tradable commodity. It is intended to encompass 
software, which runs on or controls “dumb' or standard hard 
ware, to carry out the desired functions. It is also intended to 
encompass software which "describes” or defines the con 
figuration of hardware, such as HDL (hardware description 
language) software, as is used for designing silicon chips, or 
for configuring universal programmable chips, to carry out 
desired functions. 

0095 Those skilled in the art will realize that storage 
devices utilized to store program instructions can be distrib 
uted across a network. For example, a remote computer may 
store an example of the process described as Software. A local 
or terminal computer may access the remote computer and 
download a part or all of the Software to run the program. 
Alternatively, the local computer may download pieces of the 
Software as needed, or execute some Software instructions at 
the local terminal and some at the remote computer (or com 
puter network). Those skilled in the art will also realize that 
by utilizing conventional techniques known to those skilled in 
the art that all, or a portion of the software instructions may be 
carried out by a dedicated circuit, such as a DSP program 
mable logic array, or the like. 
0096. Any range or device value given herein may be 
extended or altered without losing the effect sought, as will be 
apparent to the skilled person. 
0097. It will be understood that the benefits and advan 
tages described above may relate to one embodiment or may 
relate to several embodiments. The embodiments are not lim 
ited to those that solve any or all of the stated problems or 
those that have any or all of the stated benefits and advantages. 
It will further be understood that reference to an item refers 
to one or more of those items. 

0098. The steps of the methods described herein may be 
carried out in any suitable order, or simultaneously where 
appropriate. Additionally, individual blocks may be deleted 
from any of the methods without departing from the spirit and 
scope of the subject matter described herein. Aspects of any of 
the examples described above may be combined with aspects 
of any of the other examples described to form further 
examples without losing the effect sought. 
0099. The term comprising is used herein to mean 
including the method blocks or elements identified, but that 
Such blocks or elements do not comprise an exclusive list and 
a method or apparatus may contain additional blocks or ele 
mentS. 

0100. It will be understood that the above description of a 
preferred embodiment is given by way of example only and 
that various modifications may be made by those skilled in the 
art. The above specification, examples and data provide a 
complete description of the structure and use of exemplary 
embodiments of the invention. Although various embodi 
ments of the invention have been described above with a 
certain degree of particularity, or with reference to one or 
more individual embodiments, those skilled in the art could 
make numerous alterations to the disclosed embodiments 
without departing from the spirit or scope of this invention. 
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1. A computer-implemented method of clustering items, 
each item having at least one associated feature, the method 
comprising: 

storing a data structure in memory the data structure hold 
ing a plurality of clusters; 

for each item, one or more associated features; 
for each cluster, at least one cluster membership parameter 

related to a prior probability distribution representing 
belief about whether any one of the items is a member of 
that cluster; 

for each cluster and feature combination, at least one fea 
ture parameter related to a prior probability distribution 
representing belief about whether any one of the items in 
that cluster is associated with that feature; 

receiving and storing an input comprising an observed item 
having observed associated features; 

updating the parameters in the data structure on the basis of 
the received input and using a Bayesian update process; 

iterating said steps of receiving and updating a plurality of 
Such inputs. 

2. A method as claimed in claim 1 which further comprises, 
Subsequent to updating the parameters in the data structure, 
deleting the stored input and iterating this deleting step 
together with the other iterated steps. 

3. A method as claimed in claim 1 wherein the data struc 
ture is stored such that it holds a cluster model which is based 
on a mixture of Bernoulli profiles which are products of 
Bernoulli distributions. 

4. A method as claimed in claim 1 wherein the data struc 
ture is stored such that it holds a cluster model using factor 
graphs. 

5. A method as claimed in claim 4 wherein the data struc 
ture is stored Such that it holds the factor graphs as tree 
Structures. 

6. A method as claimed in claim 1 wherein the data struc 
ture is stored such that each cluster membership parameter is 
related to a Dirichlet distribution. 

7. A method as claimed in claim 1 wherein the data struc 
ture is stored such that each feature parameter is related to a 
Beta distribution. 

8. A method as claimed in claim 1 wherein the step of 
updating comprising using an assumed density filtering pro 
CCSS, 

9. A method as claimed in claim 1 which further comprises 
selecting a Subset of the feature parameters and setting those 
feature parameters to the same default value. 

10. A method as claimed in claim 1 which further com 
prises identifying features that have a similar feature param 
eter across all clusters and using the same default value for 
those feature parameters. 

11. A method as claimed in claim 1 which further com 
prises, within a cluster, checking whether replacing a feature 
parameter with a default value significantly changes results of 
the clustering method and in the absence of a significant 
change, using the default value for that feature parameter. 

12. A method as claimed in claim 1 which further com 
prises identifying clusters having a number of items below a 
specified threshold and absorbing those identified clusters 
into a single cluster. 

13. A method as claimed in claim 1 which further com 
prises training the data structure serially using training data; 
creating and storing a plurality of child copies of the data 
structure; accessing a set of further training data and forming 
that training data into a plurality of batches; training the child 
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copies of the data structure in parallel using a different batch 
for each child copy; updating the data structure using the 
trained child copies; creating new child copies using the 
updated data structure; training the new child copies using 
batches not previously used and updating the data structure; 
and repeating this process. 

14. A method as claimed in claim 12 wherein the items are 
advertisements and the features are keywords to which the 
advertisements are subscribed. 

15. A method as claimed in claim 14 which further com 
prises receiving an advertisement having a plurality of Sub 
scribed keywords and using the data structure to generate 
additional keywords for subscription to that advertisement. 

16. A computer-implemented method of identifying addi 
tional keywords to Suggest to an advertiser on the basis of an 
advertisement having a plurality of subscribed keywords the 
method comprising: 

receiving an advertisement having a plurality of subscribed 
keywords; 

accessing a clustering system comprising a data structure 
holding a probabilistic cluster model having been 
trained on a data set comprising a plurality of advertise 
ments having Subscribed keywords and that cluster 
model being arranged to model uncertainty in the data 
Set, 

using the clustering system to generate keywords and asso 
ciated probabilities on the basis of the received adver 
tisement; and 
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outputting the generated keywords as Suggestions to the 
advertiser. 

17. A method as claimed in claim 16 wherein the output 
comprises a list of at least Some of the generated keywords 
ranked using estimates of the associated probabilities. 

18. A method as claimed in claim 16 which further com 
prises receiving user feedback about at least some of the 
generated keywords and using that to revise the keyword 
generation process. 

19. A clustering system comprising: 
a memory storing a data structure holding a probabilistic 

cluster model having been trained on a data set compris 
ing a plurality of documents having associated features 
and that cluster model being arranged to model uncer 
tainty in the data set; 

an input arranged to receive information about documents 
for clustering that information comprising features of 
those documents; 

an output arranged to provide information about clusters of 
the documents. 

20. A clustering system as claimed in claim 19 which 
further comprises an input arranged to receive information 
about a document having specified features; and a processor 
arranged to use the data structure to generate at least one 
additional feature to be associated with the document. 
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