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(57) ABSTRACT 

Techniques are described for assigning, to target categories of 
a target scheme, items that have been obtained from a plural 
ity of Sources. In situations in which one or more of the 
Sources has organized its information according to a source 
scheme that differs from the target Scheme, the assignment 
may be based, in part, on an estimate of the probability that 
items from a particular source category should be assigned to 
a particular target category. Such probability estimates may 
be based on how many training set items associated with the 
particular source category have been assigned to the particu 
lar target category. Source categories may be grouped into 
clusters. The probability estimates may also be based on how 
many training set items within the cluster to which the par 
ticular source category has been mapped, have been assigned 
the particular target category. 
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ASSIGNING INTO ONE SET OF 
CATEGORIES INFORMATION THAT HAS 
BEEN ASSIGNED TO OTHER SETS OF 

CATEGORIES 

PRIORITY CLAIMAND CROSS-REFERENCE 
TO RELATED APPLICATIONS 

0001. This application claims the benefit as a divisional of 
U.S. patent application Ser. No. 1 1/373.726, entitled “Assign 
ing Into One Set of Categories Information That Has Been 
Assigned to Other Sets of Categories', filed on Mar. 10, 2006, 
which in turn claims benefit of priority to U.S. Provisional 
Application Ser. No. 60/548,346 entitled “Automatic Product 
Categorizer, filed Feb. 27, 2004, the entire contents of each 
of which are hereby incorporated by reference as if fully set 
forth herein. The applicanthereby rescinds any disclaimer of 
Scope in the parent application, or the prosecution history 
thereof, and advises the USPTO that the claims in this appli 
cation may be broader than any claim in the parent applica 
tion. 
0002 This application is related to U.S. patent application 
Ser. No. 10/789,839 filed Feb. 26, 2004 entitled “Scoring 
Mechanism Selection Along Multiple Dimensions' naming 
Acton et al. as inventors, which is incorporated by reference 
in its entirety for all purposes as if fully set forth herein. 
Herein referred to as 839. 
0003. This application is related to U.S. patent application 
Ser. No. 10/789,837 filed Feb. 26, 2004 entitled “Product 
Data Classification naming Acton et al. as inventors, which 
is incorporated by reference in its entirety for all purposes as 
if fully set forth herein. Herein referred to as 837. 
0004. This application is related to U.S. patent application 
Ser. No. 10/788,537 filed Feb. 26, 2004 entitled “Associating 
Product Offerings with Product Abstractions' naming Acton 
et al. as inventors, which is incorporated by reference in its 
entirety for all purposes as if fully set forth herein. Herein 
referred to as 537. 
0005. This application is related to U.S. patent application 
Ser. No. 10/920,588 filed Aug. 17, 2004 entitled “Automatic 
Product Categorization' naming Dom et al. as inventors, 
which is incorporated by reference in its entirety for all pur 
poses as if fully set forth herein. Herein referred to as 588. 

FIELD OF THE INVENTION 

0006. The present invention relates to automated catego 
rization and, more specifically, to automated categorization 
into one categorization scheme of items that have already 
been categorized in other categorization schemes. 

BACKGROUND 

0007 To make sense of information, humans tend to orga 
nize the information that they manage into categories. Once 
organized into categories, humans can locate specific pieces 
of information more quickly by first identifying the category 
to which the information belongs, and then searching through 
the information that has been assigned to that category. 
0008. The categorization schemes that people use to orga 
nize their information may vary significantly from person to 
person. For example, some people may use a single-tier cat 
egorization scheme. Other people may use a more complex, 
hierarchical categorization scheme in which "parent catego 
ries may have one or more “child' categories. Likewise, some 
categorization Schemes may be coarse-grained (resulting in 
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relatively few categories with relatively many members) or 
fine-grained (resulting in relatively more categories with rela 
tively fewer members). 
0009. In a variety of contexts, it is useful to organize into 
a single unified categorization scheme (the “target' scheme) 
information that comes from many sources. For example, it is 
becoming increasingly common for shoppers to search for the 
particular product in which they are interested using elec 
tronic search mechanisms, such as Internet-based search 
engines. As used herein, the term “product” refers to any form 
of sellable unit, including services, intangibles, and physical 
and software products. The complex systems used by Such 
electronic search mechanisms to process incoming product 
data from multiple merchants, and deliver that product data in 
the form of search results to millions of customers, must 
ensure that customers receive the best information available. 
0010. In order to do this, data that represents an offer to sell 
a particular product by a particular party, referred to herein as 
“product offering information', must be obtained formultiple 
product offerings. Once obtained, the product offering infor 
mation is categorized. In this example, the categorization 
scheme used by the search engine is the “target scheme'. 
0011. There may be a variety of reasons to organize into a 
single target scheme information obtained from multiple 
Sources. For example, in the context of a search engine, the 
product information may be categorized in order to, among 
other things, determine how much merchants associated with 
the product offerings are charged for inclusion of the product 
offerings in the corresponding search mechanism. Merchants 
are often charged a certain amount of money by the search 
engine owner every time a product of the merchant is selected 
by a user of the search mechanism—a cost-per-click (CPC) 
charge. 
0012. In many contexts, the sources from which informa 
tion is obtained may have their own categorization schemes 
(“source schemes'). For example, some or all of the mer 
chants from whom a search engine obtains product offering 
information may their own Scheme for categorizing their 
products. 
0013 When a target scheme is used to organize informa 
tion from many sources, the fact that Some or all of informa 
tion has already been categorized in a source scheme has not 
been particularly helpful to the party responsible for organiz 
ing the information into the target scheme. The usefulness of 
the source scheme information is diminished due to the dif 
ferences between the Source scheme and the target Scheme, 
and between the source scheme and the other source schemes 
that are feeding into the same target Scheme. The approaches 
described in this section are approaches that could be pur 
Sued, but not necessarily approaches that have been previ 
ously conceived or pursued. Therefore, unless otherwise indi 
cated, it should not be assumed that any of the approaches 
described in this section qualify as prior art merely by virtue 
of their inclusion in this section. 

BRIEF DESCRIPTION OF THE DRAWINGS 

0014. The present invention is illustrated by way of 
example, and not by way of limitation, in the figures of the 
accompanying drawings and in which like reference numer 
als refer to similar elements and in which: 

0015 FIG. 1 is a block diagram of an automated catego 
rization system, according to one embodiment of the inven 
tion; 
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0016 FIG. 2 illustrates a formula for use in classifying a 
product, according to an embodiment of the invention; 
0017 FIG. 3 illustrates a formula for estimating 
P(Ci-MC.MID>) using Laplacine's succession rule, which 
may be used in an embodiment of the invention; 
0018 FIG. 4 is a block diagram illustrating an example in 
which a test product is misclassified; and 
0019 FIG.5 is a block diagram of a computer system upon 
which embodiments of the invention may be implemented. 

DETAILED DESCRIPTION 

0020. In the following description, for the purposes of 
explanation, numerous specific details are set forth in order to 
provide a thorough understanding of the present invention. It 
will be apparent, however, that the present invention may be 
practiced without these specific details. In other instances, 
well-known structures and devices are shown in block dia 
gram form in order to avoid unnecessarily obscuring the 
present invention. 

Functional Overview 

0021 Techniques are described herein for assigning, to 
target categories of a target scheme, items that have been 
obtained from a plurality of sources. In situations in which 
one or more of the sources has organized its information 
according to a source Scheme that differs from the target 
scheme, the assignment may be based, in part, on "category 
to-category probabilities”. 
0022. A category-to-category probability is an estimate of 
the probability that items from a particular source category 
should be assigned to a particular target category. This prob 
ability may be based, at least in part, on what percentage of 
items in a training set, which belong to the particular source 
category, have been assigned to the particular target category. 
Thus, if no training set items from source category X have 
ever been assigned to a target category Y, then the category 
to-category probability of category X relative to Y is low. 
Conversely, if all training set items from Source category X 
have been assigned to target categoryY, then the category-to 
category probability of category X relative to Y is high. 
0023. According to one embodiment, category-to-cat 
egory probabilities are used as one of the factors to determine 
the target category to which a new item is assigned. For 
example, an item from source category X may be assigned to 
target category Y if 90% of all previous items from source 
category X have been assigned to target category Y. On the 
other hand, the same item may be assigned to a different target 
category (e.g. target category Z) if only 10% of all previous 
items from source category X have been assigned to target 
category Y. 
0024. In some situations, different sources apply different 
meanings to the same category name. For example, an "orna 
ment from a car dealership may be very different from an 
"ornament from a Christmas store. Accordingly, in one 
embodiment, the source of an item is treated as a component 
of the source category. Thus, “category X from Source A' is 
treated as one category, and "category X from Source Y' is 
treated as another category. In Such an embodiment, the cat 
egory-to-category probability that an "ornament' item from a 
car dealership should be assigned to a particular target cat 
egory is not affected by how many "ornaments' from the 
Christmas store have been assigned to that particular target 
category. 
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0025. According to one embodiment, a threshold test is 
performed to determine whether category-to-category prob 
abilities will be used to categorize a new item. For example, 
category-to-category probabilities may only be used to deter 
mine the target category for a new item from source category 
X when more than a predetermined number of items from 
Source category X have already been categorized in the target 
scheme. 
0026. In one embodiment, source categories are mapped 
to Source category clusters and the cluster-to-category prob 
abilities are used to assign items to target categories. A clus 
ter-to-category probability generally represents the likeli 
hood that an item that maps to a particular source category 
cluster should be assigned to a particular target category. For 
example, assume that source categories X,Y and Zall map to 
Source category cluster C. In this example, the cluster-to 
category probability that an item from any of Source catego 
ries X, Y and Z should be assigned to a particular target 
category B may be based on how many previously assigned 
items from source categories X, Y and Z were assigned to 
target category B. Ifmany items from categories Y and Zwere 
assigned to category B, then the cluster-to-category probabil 
ity that an item form source category X should be assigned to 
category B may be high, even iffew or no items form category 
X have been assigned to category B. 

Product Categorization 
0027. For the purpose of explanation, examples shall be 
given of how the categorization techniques described herein 
may be applied in the context of a product categorization 
system. While examples shall be given in the context of 
product categorization, product categorization is merely one 
example of a context in which the categorization techniques 
described herein may be applied. 
0028 Product categorization is an important business 
application of text categorization. The 588 application, 
referred to above, describes a product categorization environ 
ment in great detail. In a typical product categorization sys 
tem, paying merchants Supply product offer feeds, in which 
each product offer is a separate record. An example of one 
such record is: <title:Stacky Wrappy><model:><partnum: 
><brand:><isDblChecked:><price: 13><merchantCategory: 
Baby and toddler nursery Nursery Themes><ppath: 
966.05758-3manufacturer:><mid: 
mid=1012440><oldBccat:96365799><upc:><description: 
Ring around the stroller. Its an entertaining travel toy . . . its 
a coordination-building stacking ring. Twist this flexible 
friend around a stroller or car seat bar and baby will eagerly 
explore its rattles ribbons and crinkly sounds. Then take it off 
the stroller bar and use it as a stacking ring that challenges 
baby's fine motor skills. Forages 6 months and up. Imported. 
><lastUpdatedOn:25-AUG-04-><mid pid: 
101.2440 10413><createdOn:03-MAR-04><merchantSta 
tus: 1 > 
0029 Depending on the product categorization system, 
some fields in the product offer records may be considered 
“required, while others are “optional'. For example, a prod 
uct categorization system may be designed such that every 
offer must have values for: title, merchantid (mid), sku and 
price. The other optional fields may include, for example, 
description and merchant category (mc). 
0030. Within a product offer record, a merchant category 
field stores a value that indicates how the merchant Supplying 
the product offer record has categorized the product repre 
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sented in the product offer record. However, the category 
indicated in the merchant category field is a category from the 
merchant's categorization scheme, not the categorization 
scheme used by the categorization system that receives the 
product offer record. Thus, in the context of product catego 
rization system, the “source scheme' is the categorization 
scheme used by a merchant that is Submitting a product offer 
record, and the merchant category field of the product offer 
record indicates the “source category' of the product. Con 
versely, the categorization scheme used by the product cat 
egorization system is the “target scheme'. The goal of the 
product categorization system is to assign to the product 
represented by the product offer record to the category within 
the target Scheme that most accurately applies to the product. 
0031. In embodiments described hereafter, merchant cat 
egories and merchant identifiers are used to improve catego 
rization accuracy within a product categorization system. 
Because products of most merchants are distributed in a lim 
ited number of target categories, the product-category distri 
bution of a merchant may be used to model the prior category 
probability in the Naive Bayes model. This special modeling 
of prior category probability may result in a significant 
improvement in categorization accuracy. 

Product Categorization System 

0032 FIG. 1 is a block diagram of a product categorization 
system 100 in which the categorization techniques described 
herein may be used. System 100 includes a categorizer102. 
an attribute extractor 104 and a product database 106. 
0033 Categorizer102 receives product offer feeds from a 
plurality of Sources. The Sources may include participating 
merchants, and "crawled merchants’. Participating mer 
chants are merchants that prepare and provide feeds of prod 
uct offer records to the product categorization system 100. 
Crawled merchants, on the other hand, are merchants whose 
product offering information is obtained by using a web 
crawler to crawl the site of the merchant, extract information 
therefrom, and build a feed similar to that provided by the 
participating merchants. 
0034 Categorizer 102 determines, for each product offer 
record received, which category in the target Scheme is most 
appropriate for the product represented by the product offer 
record. In one embodiment, categorizer102 determines both 
a target category, and a confidence value. The confidence 
value estimates the likelihood that the selected target category 
is the most appropriate category, in the target Scheme, for the 
product associated with the product offer record. The confi 
dence value may take into account a variety of factors, such as 
the estimated cost of erroneously categorizing a particular 
product. 
0035. When the confidence value for a particular product 
to-category assignment is low (or the cost of miscategoriza 
tion is high), the product offer record may be sent to quality 
assurance 110 for manual review. At quality assurance, a 
relatively more expansive analysis is performed on the prod 
uct offer record to determine the appropriate target category 
for the product represented by the record. The analysis may be 
a more rigorous automated algorithm, or may actually involve 
human analysis. 
0036. Once a product offer record has been assigned a 
target category in quality assurance 110, the product-to-cat 
egory assignment is added to the training set 112, which is 
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used in the training/learning 114 of the categorizer 102 to 
improve the accuracy of future automated assignments made 
by the categorizer 102. 
0037. Once assigned to a target category, attribute extrac 
tor 104 determines attributes of the product based on infor 
mation in the product offer record, and stores information 
about the product and its attributes in a product database 106. 
A search file 108 may be generated from the product database 
106. The search file 108, in turn, may be used by a search 
engine to answer search queries Submitted by users searching 
for products. Search file 106 may also be used by a search 
engine to provide appropriate advertisements to include in 
web pages that are to be provided to users that are not neces 
sarily searching for products. 
0038. In the illustrated embodiment, categorizer 102 
includes a tokenization unit, a feature calculator, and a clas 
sifier. The tokenization unit breaks the raw product offer 
record into tokens. The tokens may, for example, correspond 
to fields within the record. Feature calculator counts the num 
ber of instances of each type of token. The classifier deter 
mines the target category for the product represented by the 
record, and the confidence value associated with the target 
category determination. 
0039. The classifier may use, for example, the Naive 
Bayes model to determine the target category for a product 
offer record. The classifier may provide, as input to the Naive 
Bayes model, a “text parameter and “special parameters. 
The text parameter may include, for example, text from vari 
ous text fields within the product offer record. Those text 
fields may include a title field, a description field, and a 
merchant category field. The special parameters may include 
values from fields such as merchant ID, price, and brand. 

Using Merchant Categories in Product 
Categorization 

0040 Techniques shall be described hereafter utilizing 
merchant id (mid) and merchant category (mc) in product 
categorization. Various techniques shall be described of how 
the <mid, mc combination of values associated with a prod 
uct offer record may be used by a categorizer to determine the 
appropriate target category for the product represented by the 
product offer record. 
0041. For the purpose of explanation, consider the follow 
ing scenario (scenario 1): Eight products from merchant X 
associated with merchant category Y are in the training set 
112 of product categorization system 100. Quality assurance 
110 has assigned six of those products to a target category A, 
and two of those products to target category B. No products 
from merchant X associated with merchant category Y have 
been assigned to category C. 
0042. In a simple embodiment, newly received product 
offerings that have a given <mc, mid combination are forced 
into the Subset of categories in which there are training 
examples with that same <mc, mid combination. Under the 
circumstances presented in scenario 1, categorizer102 would 
only consider target categories A and B when assigning a 
target category to new products from merchant X when those 
new products are associated with merchant category Y. 
0043. In the simple embodiment describe above, the <mc, 
mid combination associated with a new product determines 
the target categories that are considered by categorizer 102 
(the “qualifying categories'). Instead of or in addition to 
determining a set of qualifying target categories, the <mc. 
mid combination may be used to select the best target cat 
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egory for a product offering. For example, according to a 
more Sophisticated embodiment, a <mc, mid-specific cat 
egory-to-category probability p(c.<mc, mid) is determined 
for each target category, and is one of the factors used by the 
categorizer102 to determine which target category to assign 
to a new product offering. 
0044. In the context of product categorization, the cat 
egory-to-category probability represents a merchant-cat 
egory-specific a priori category probability. Specifically, 
p(c|<mc, midd) represents the apriori probability that a prod 
uct offering associated with a particular <mc, mid combi 
nation should be assigned to a particular target category c. 
0045 Given the facts presented in scenario 1, the prob 
ability that a product offering associated with <X,Y > should 
be mapped to category A is 75%. Thus, p(A|<X,Y >)=75%. 
On the other hand, the probability that a product offering 
associated with <X, Y should be mapped to category B is 
25%. Thus, p(B|<X,Y >)=25%. The probability that a product 
offering associated with <X, Y should be mapped to cat 
egory C is 0%. Thus, p(C|<X,Y >)=0%. 
0046. The fact that no product offering associated with 
<X,Y > has been mapped to category C does not necessarily 
mean that the probability that a new offering associated with 
<X,Y > should be mapped to category C is actually zero. After 
all, the <X, Y products in the training set 112 are only a 
sampling of all possible <X,Y > products. Therefore, accord 
ing to one embodiment, the probability values used by the 
categorizer102 are smoothed. The probability values may be 
smoothed, for example, by computing probability estimates 
using Laplace's rule of Succession. However, Laplace 
Smoothing is merely one example of how probability esti 
mates may be Smoothed. The techniques described herein are 
not limited to any particular Smoothing mechanism. 
0047. In an embodiment that uses smoothing, even though 
no <X,Y > products in the training set have been mapped to 
category C, the probability that a new offering associated with 
<X,Y > should be mapped to category C may actually be some 
value greater than Zero. Similarly, even though exactly 75% 
of the <X,Y > products in the training set have been assigned 
to category A, the probability that a new offering associated 
with <X,Y > should be mapped to category A may actually be 
some value less than 75%. 

Assigning a Product Category Based on Merchant 
Category 

0048. As mentioned above, how a merchant has catego 
rized a product (the Source category) may be used as a factor 
in determining how to categorize the product in a target 
scheme. However, in various embodiments, the merchant 
category is not the only factor. For example, the product offer 
record that represents a product may include numerous other 
pieces of information that are factored into the categorization 
determination. Those factors may include, for example, the 
words contained in the textual description of the product, the 
title of the product, the price of the product, etc. 
0049 According to one embodiment, the target categori 
zation is chosen based on the formula: cargmax p(x|c)p 
(c-mc, midd), where 
0050 c is the target category that is selected for the prod 

uct, 
0051 X is the feature vector produced based on the product 
offer record, 
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0.052 p(x|c) is the global (independent of <mc, midd) 
probability that the feature vector x should be assigned to 
category C, 
0053 <mc, midd is the merchant category, merchant iden 

tifier combination associated with the product offer record, 
and 

0054 p(c|<mc, midd) is the a priori (independent of the 
feature vector x) probability that the <mc, midd associated 
with the product offer record should be mapped to the cat 
egory c. 

0055. Note that in this example, the source category is 
actually the combination of two pieces of information: the 
merchant identifier and the merchant category. Treating the 
merchant identifier as a component of the Source category 
helps avoid inaccuracies that may result from two different 
merchants using the same category labels to mean very dif 
ferent things. However, in environments where disparate use 
of the same labels is less likely, using the merchant category 
by itself may be sufficient. 
0056. According to another embodiment, when sufficient 
data exists for all source categories, a category-conditional 
feature vector X probability p(x|c.<mc, midd) can be com 
puted from only those training documents in <mc, mid 
whose manual category is c. This would amount to having a 
separate classifier for each particular <mc, midd. Thus, the 
target categorization would chosen based on the formula: 
e-argmax p(x|c, <mc, midd) p(cKmc, midd). 
0057 These are merely two examples of how source cat 
egories may be used as a factor in determining the appropriate 
target category for items obtained from sources that have 
already assigned the items to categories within their own 
categorization schemes. The techniques are not limited to any 
particular manner of factoring the Source categorization 
information into the target categorization determination. 

Threshold Test 

0058. In scenario 1 described above, the training set had 
only eight products associated with the source category <X. 
Y>. The smaller the number of <X,Y > products in the train 
ing set, the greater the chances that the training set does not 
accurately reflect the entire population of <X, Y products. 
Similarly, the greater the number of target categories to which 
<X,Y > products have been assigned, the less useful the <X. 
Y> Source category designation is in predicting the appropri 
ate target category to assign to a product associated with the 
<X,Y > source category. 
0059. Therefore, in one embodiment, the category-to-cat 
egory probability is not used as a factor in determining the 
target categories of products associated with all <mc, mid 
pairs. Specifically, if a product is associated with an <mc. 
midd combination that either (1) has too few products in the 
training set, or (2) spans too many categories, then category 
to-category probability is not used to determine the appropri 
ate target category for the product. 
0060 A source category that has too few products in the 
training set is referred to herein as an “insufficiently sampled 
Source category'. A source category whose items in the train 
ing set have been assigned to too many target categories is 
referred to herein as a “non-determinative source category'. 
0061 According to one embodiment, when the source 
category associated with a new product offer record is either 
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an insufficiently sampled Source category or a non-determi 
native source category, rather than determine the target cat 
egory according to the formula: 

0062 
formula: 

the target category may be chosen according to the 

6–argmax p(x|c)p(c) or with a so-called “discrimina 
tive' classifier of which a common form is 6=argmax 
p(cx). 

0063. In this example, the global a priori probability p(c) 
that any product should be assigned to a particular category is 
used instead of the probability that a product with a particular 
Source category should be assigned to the particular category 
p(cKmc, midd). In other words, how popular a target cat 
egory is across all products in the training set affects how a 
new product is categorized, not how popular the target cat 
egory is for only those products in the training set that are 
associated with the same source category as the new product. 

Non-Determinative Source Categories 

0064. The threshold used to determine whether a source 
category is non-determinative source category may vary from 
implementation to implementation. For example, if the target 
scheme includes a million categories, then it may still be 
useful to take into account a source category even though 
products from that source category have been assigned to a 
thousand different categories. However, if the target scheme 
only includes two thousand categories, it may not be useful to 
take into accounta Source category whose products have been 
assigned to a thousand different categories. 

Insufficiently Sampled Source Categories 

0065. The threshold used to determine whether a source 
category is an insufficiently sampled source category may 
also vary from implementation to implementation. For 
example, in one environment the source categories may be 
very specifically defined. Consequently, there may be little 
variation in the types of things that are associated with any 
given source category. For example, it is not likely that there 
will be much variation between items that belong to an “elec 
tric toothbrush” source category. 
0066. On the other hand, another environment may have 
vary coarse and loosely defined source categories, resulting in 
significant variation among the things that are associated with 
any given source category. For example, a source category 
"household goods’ can include anything from a sponge to a 
bed. 
0067. In an environment that has finely defined source 
categories, it may be useful to consider the source category in 
the target category selection process even though the training 
set has few products in the Source category. For example, 
assume that the training set has only a few products that are 
associated with an “electric toothbrush” source category. If it 
is known that there is little variation among the products from 
that Source category, then the fact that all products in the 
training set, that are associated with that particular source 
category, have been assigned to the same target category may 
be useful. 
0068. On the other hand, if there is significant variation 
between products associated with a source category (e.g. 
household goods), then the fact that all products in the train 
ing set that are associated with that particular source category 
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have been assigned to the same target category may not be 
particularly useful. Taking the source category into account 
under Such circumstances may result in over-fitting, produc 
ing less accurate results. 

Handling Items that do not Specify a Source 
Category 

0069. In categorization systems where “merchant cat 
egory' is an optional field for product offer records, some 
merchants may provide product offer records that do not 
contain merchant category information. According to one 
embodiment, for merchants that do not supply a merchant 
category (mc), their merchant identifiers (mids) are treated in 
exactly the same manner as a <mc, mid pair. In other words, 
Such products are considered to be associated with the cat 
egory <mc, null. 

Source Category Clusters 

0070. To reduce the number of insufficiently sampled 
Source categories and to benefit from the statistical-sampling 
related benefit of having more samples from which to esti 
mate probability parameters, source categories may be 
grouped into Source category clusters. When determining the 
category-to-category probabilities for an item, all training set 
items that belong to the same source category cluster are 
considered. 
0071. For example, assume that source categories A, B and 
Chave been grouped into the same source category cluster X. 
Assume that the training set includes five items associated 
with source category A, ten items from Source category B, and 
three items from source category C. Thus, the total number of 
items in the training set from the Source categories that belong 
to source category cluster X is 18. 
0072 Assume that the threshold for determining whether 
a source category is an insufficiently sampled source category 
is 10. Under these circumstances, each of source categories A, 
B and C, when considered individually, are insufficiently 
sampled source categories. However, when considered col 
lectively, source categories A, B, C have 18 items in the 
training set, and therefore do not qualify as insufficiently 
sampled source categories. 
0073. According to one embodiment, source category 
clusters are used to determine the probability that the source 
category of the item should be mapped to target categories. 
For example, assume that nine of the eighteen training set 
items of Source category cluster X have been assigned to 
target category Z. Under these circumstances, the classifier 
may estimate a probability of 50% that a new item from 
Source category A should be assigned to target category Z. 
0074 This estimate is based on all training set items that 
belong to categories that belong to Source category cluster X. 
Thus, the probability estimate may be 50% even though no 
training set items from category A were assigned to target 
category Z. 
0075 Since the probability estimate is determined based 
on all training set items that belong to a source category 
cluster, the probability estimates for new items from source 
categories A, B, and C will typically be the same, regardless 
of the specific category within source category cluster X to 
which they belong. For example, if source categories A, B and 
Call belong to category cluster X, the estimated probability 
that a new item from source category A should be assigned to 
target category Z is 50%, then the estimated probability that a 
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new item from source category B or C should be assigned to 
target category Zwill also be 50%. 
0076 Various mechanisms may be used to determine how 
many source category clusters to use, and how map source 
categories to those source category clusters. The techniques 
described herein are not limited to any particular type of 
mechanism for establishing source category clusters. 
0077. With respect to how many source category clusters a 
categorization system should have, both having too many 
clusters, or too few clusters, may lead to inefficiency. Specifi 
cally, if the number of Source category clusters is too high, 
then some source category clusters may not have enough 
items to exceed the threshold. For example, if the number of 
training set items in category cluster X is still below the 
threshold, then source categories A, B, and C are still treated 
as insufficiently sampled source categories. At the other 
extreme, if the number of source category clusters is too 
Small, then the types of items in a source category cluster may 
be so diverse that source category cluster membership ceases 
to be an accurate indication of how items should be catego 
rized. 

0078. With respect to mapping source categories to source 
category clusters, the greater the similarity between the 
Source categories that are mapped to a source category clus 
ter, the better the training set items for the source category 
cluster will be for predicting the assignments for new items in 
the cluster. For example, if source categories A, B and C 
correspond to three different types of shoelaces, the collective 
statistics of training set items in cluster X will probably be 
good predictors for new items from Source categories A, B 
and C. However, if source categories A, B and C respectively 
correspond to apples, cars and nails, then the collective sta 
tistics of training set items in cluster X will probably not be 
good predictors for new items from source categories A, B, 
and C. 

0079. In some embodiments, probabilities for certain 
Source categories may be calculated based on the Source 
category itself, while probabilities for other source categories 
may be calculated relative to the cluster in which the source 
categories belong. For example, one embodiment may Sup 
port three possible states for a source category: (1) a state in 
which the source category is fully addressed without cluster 
ing it, (2) a state in which the Source category is clustered, and 
(3) a state in which the Source category is not treated as 
independent factors (e.g. an insufficiently sampled Source 
category). 
0080 Benefits of clustering sources and giving each clus 
terspecial treatment (either specially modeling its prior prob 
ability, or building a specific classifier for each cluster) is 
useful when it would not be efficient to specially treating each 
source specially. The number of sources could be a lot. It is 
too computationally expensive to model each Source indi 
vidually. 
0081. Some sources may be similar. For example in a 
shopping site, different merchants (e.g. Kings Jewelry, New 
York Jewelry, Zeals) may sell similar types of products. In 
other words, these merchants have similar product-category 
distributions. Therefore, it is reasonable to put them into one 
cluster and build a model for this cluster. 
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I0082. There are a variety of advantages to using such 
clustering structure, including: 
I0083 (1) Clustering similar sources could significantly 
reduce the computational complexity, and make the special 
structure of classification scalable with the increase of data 
SOUCS. 

I0084 (2) Clustering similar sources could also alleviate 
overfitting which is often caused by fitting too well a limited 
(e.g. single) set of information. 
0085. In one embodiment, merchants are based on their 
product-category distribution (e.g. using distributional clus 
tering). A classifier is then built for each merchant cluster. 
These classifiers can be organized in a hierarchical structure, 
according to different granularity. For example, the root clas 
sifier is a generic classifier. The middle layer are classifiers for 
merchant clusters. The bottom layer are classifiers for each 
(or major) individual merchants. Each classifier is a tree node. 
I0086 Products from a new merchant can be assigned to a 
tree node whose products are similar to the new products, and 
are classified using the corresponding classifier. The root 
classifier may then be used for classifying the new products 
where no similar merchant (cluster) specific classifiers are 
found. Root classifier corresponds to the “unclustered state, 
mentioned above. 

Classification Contexts 

I0087 Many of the examples given herein are in the context 
of a product classification system. However, the techniques 
described herein are applicable to any contextin which things 
that have already been categorized in one domain are 
assigned to categories in another domain. For example, the 
techniques described herein may be used to assign job listings 
obtained from numerous job listing services to job categories 
used by a job listing site. Each of the job listing services from 
which the job listings are obtained may have categorized their 
listings according to their own source scheme, and those 
Source categories may be used as a factor in determining the 
target categories, within the target Scheme, for those job list 
ings. 
I0088 As another example, one party may want to classify, 
in a target scheme, documents obtained from a variety of 
Sources. One or more of those sources may have used their 
own categorization scheme to categorize their documents. 
Using the techniques described herein, the appropriate cat 
egory of the target scheme may be selected based, at least in 
part, on the Source categories assigned to the documents. 
I0089. As yet another example, to maximize the effective 
ness of advertisements, a web portal may want to make Sure 
that the advertisements displayed by web pages relate to the 
Subject matter of the web pages. To accomplish this, the 
advertisements may be assigned to target categories in a target 
scheme, and web pages (which may contain search results) 
may be assigned to target categories in the same target 
scheme. Thus, when a web page is requested, the target cat 
egory of the web page can be determined, and advertisements 
from that target category may be selected for inclusion. In this 
example, if the advertisements have been categorized by 
advertisers, those source categories can be used to assign the 
advertisements to target categories. Similarly, if web pages 
(or search queries) have been categorized based on one or 
more source schemes, then the source categories associated 
with the web pages or queries may be used to assign target 
categories to them. 
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0090. In another example, it is common for computer 
users to categorize items (events, photos, etc.) by assigning 
tags to them. Frequently, the tagging mechanism does not 
impose any particular tagging scheme, but allows users the 
flexibility to develop their own. For a variety of reasons, it 
may be useful to impose a unified tagging scheme on items 
that have been tagged by a diverse and non-uniform set of 
taggers. In this context, the user-assigned tags themselves 
reflect how the users have categorized the items (the source 
categories). The techniques described herein may be used to 
assign target tags (the target categories) to Such previously 
tagged items. 
0091. These are merely non-limited examples of situa 
tions in which items from a diverse set of categorization 
schemes may be assigned to a unified or “common catego 
rization scheme. By taking into account the Source category 
to which Such items are assigned, the accuracy of the target 
category assignment process is improved. 

Example Implementation 

0092. The techniques described herein may be imple 
mented, for example, at a shopping web site that obtains 
product information from multiple merchants, where the 
product information includes merchant category information 
for the products. In a shopping site implementation, a prod 
uct-offer record may include, for example, product title, 
description, price, merchant category (MC) and MID, etc. 
0093. For identification purpose, each merchant is associ 
ated with a unique merchant ID (MID) in the shopping site's 
databases. Each merchant also uses one or more merchant 
categories, e.g. Computers and Software, to describe the type 
(s) of set(s) of its products. Merchant categories (MCs) are 
freely chosen by merchants and have no necessary connection 
with shopping site's categorization taxonomy. 
0094. While it is reasonable to assume that merchants 
select words carefully to make their MCs indicative for the 
shopping categories of their products, a product categorizer 
that does not use the techniques described herein may not 
treat the MC any differently than other fields of the product 
offering. Specifically, the product categorizer may merely 
take each MC keyword (a non-stop word after being trimmed) 
as a textual product feature. In this context, a non-stop word 
refers to a word which is not a stop word. A stop word is 
functional word like “of”, “for”, “in”. The product categorizer 
may then model the different values of feature MID using the 
multi-variate Bernoulli model. 
0095 To improve product categorization accuracy, the 
shopping web site's categorizer may be modified to imple 
ment the techniques described herein. For example, while 
each merchant can label itself with different MCs with respect 
to different sets of their product feeds, different merchants 
can choose the same MC. The <MC, MID> pair describes a 
finer level of merchant specific product cluster than either MC 
or MID. For example, a general merchant (e.g., Walmart. 
com) sells a wide range of products, and the <MC, MID pair 
represents a Subset of its products more specifically than 
either MID or MC. 
0096. In a real-world scenario, it is typical that the major 

ity of the <MC, MID pairs have products that are distributed 
in no more than ten shopping categories. In this situation, it is 
apparently more informative to model the prior category 
probabilities in the naive Bayes model using the product 
category distribution of a merchant, than the conventional 
MLE (maximum likelihood estimation) which doesn't make 
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use of merchant information. This special modeling of prior 
probability gives higher weight to those most likely candidate 
shopping categories, and significantly improves categoriza 
tion accuracies. 

Document Categorization in a Shopping 
Embodiment 

0097. According to one embodiment, there are two major 
phases in document categorization: (1) training (a.k.a learn 
ing) and (2) categorization. A document categorization model 
is usually used in both phrases. During training, various 
parameter values of the model are determined based on manu 
ally categorized examples in an optimization process, and 
these values are used to categorize documents in production 
(at categorization time). Either training or testing process can 
be divided into three Subsequent modules: lexical analysis, 
feature calculation, and classification. The lexical analysis 
takes the raw document (i.e. the product record in our appli 
cation) as input and produces a stream of tokens and possibly 
a set of non-text data field values. A token corresponds to a 
word, a phrase, a punctuation mark, or a morphological word 
stem (more generally “lexeme'), etc. Non-text data are other 
attributes that arent really part of the token stream, e.g., MID 
and product price. Feature calculation (a.k.a. "extraction') 
operates on the token stream and non-text data to produce 
numerical, binary and categorical features. The numerical 
value of a feature is usually calculated based on the frequency 
that a feature appears in a document, e.g., TF or TFIDF. A 
document is usually represented by a feature vector (set of 
feature values). To reduce computational complexity or noisy 
features, various types of dimensionality reduction are some 
times used to reduce the number of features, e.g., DF thresh 
olding, LSI, or distributional feature clustering. Features are 
usually selected from training data. A test document is usually 
represented by only the features that are selected at the train 
ing phase. 
0098. The final module in document categorization pro 
cess is usually the classifier. The classifier takes the feature 
vector as input and produces the category identifier/label as 
output. The training phase computes the classifier parameter 
values that give the best classification accuracy, based on the 
training data and the selected feature set. The classifier 
learned in the training phase is used to predict the class labels 
of test documents. 

Classification Models 

0099 Because of semantic ambiguity, words that consti 
tute a merchant category may not be uniquely associated with 
a merchant, and therefore may not have a very high power of 
distinguishing categories in the bag-of-word model. For 
example, a merchant whose MC contains the word “pattern' 
provides products of types “Collectibles. Art Supplies'. 
Apparel, or Antiques and Collectibles'. However, the 
word “pattern” also appears in the titles and descriptions of 
products of many other types, such as "BookS.Magazines. 
“Electronics', and “Computers and Software'. 
0100 Merchants can be classified into as general mer 
chants or specific merchants. General merchants such as 
“Wal-Mart” or “Amazon' provide diverse products; specific 
merchants such as “talker.com’ or "www.cdconnection.com' 
provide only a limited number of product types. To categorize 
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a product from a specific merchant, a classifier may be 
designed to focus on the mostly likely candidate categories of 
this merchant. 
0101 The most likely candidate categories for a particular 
merchant can be estimated from the product-category distri 
bution of a merchant in the training dataset. Narrowing down 
the candidate categories improves classification accuracy in 
the following situations: (1) two categories are very similar to 
each other, but a <mc, mid pair is associated with only one 
of the two categories; (2) Some text features strongly indicate 
multiple categories, but a <mc, mid pair is only associated 
with some of the categories. Narrowing down the candidate 
categories may also save computation time. 

Modeling the Prior Category Probability Using the 
Product-Category Distribution of a Merchant 

0102 The techniques described herein may be used with a 
variety of classification models. One Such classification 
model is a Naive Bayes model. Example Naive Bayes cat 
egorizers are described in David D. Lewis, "Naive (Bayes) at 
forty: The independence assumption in information 
retrieval'; in Claire Nedellec and Celine Rouveirol, editors, 
Proceedings of ECML-98, 10th European Conference on 
Machine Learning, number 1398, pages 4-15, Chemnitz, DE, 
1998, herein referred to as “Lewis’. Examples of how such 
classifiers may be employed in the context of a product clas 
sification system are given in 588. 
0103) As explained above, the accuracy of such classifiers 
may be improved by taking into account information about 
Source categorization. With the knowledge of merchant prod 
uct-category distribution, classifying a product is casted to a 
problem as shown by the objective function 200 illustrated in 
FIG. 2, which is further reformulated as the function 210 
illustrated in FIG. 2. 
0104. To take into account the source categorization infor 
mation, the classifier may approximate p(x|<mc, midd, c.) 
with p(Xolc.) because the data may provide more robust esti 
mation on the likelihood of features conditional on the cat 
egory. One difference between formula 210 and a standard 
naive Bayes lies in the prior category probability. 
0105 Equation 300, illustrated in FIG. 3, shows the esti 
mation of p(c,<mc, mid) using Laplacine's succession rule 
(or additive Smoothing), where 6 is the Smoothing probability. 
Ö is usually set as 1, but can also be empirically set as other 
values such as 0.001. The classifier gives each category that is 
not affiliated with a chosen <mc, mid pair an equally small 
probability of “winning the final categorization. 
0106. In general, a “specific’ merchant can better take 
advantage of the idea of narrowing-down categories than a 
'general merchant. Although a <mc, mid pair corresponds 
to a more specific subset of products than either a MC or MID, 
the pair can still have a very diverse set of product types. 
Therefore, in one embodiment, the classifier sets an “affilia 
tion' threshold (Y) and chooses <mc, midd pairs that have 
products from at most Y categories, i.e., the <mc, mid pairs 
that are “affiliated with at most Y categories. 
0107 A fair estimation of product-category distribution 
needs a sufficient number of products of each merchant in the 
training data. Therefore, in one embodiment, another size 
threshold S0 is set for choosing <mc, midd pairs that have at 
least S0 products in the training set. 
0108. The classifier is constructed to accommodate both 
types of merchants. For the specific merchants which satisfy 
the above Y and S0 constraints, the classifier classifies their 
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products according to objective function 210. For the general 
merchants otherwise, a generic classifier, that uses standard 
naive Bayes model, that is trained on all training products for 
classification is employed. 
0109. In one embodiment, a classifier that is sensitive to 
the Source categories associated with items works in the fol 
lowing logic: 
0110 1. Build a mapping table between selected <mc, 
midd pairs and target categories from training products. The 
<mc, mid pairs are selected based on thresholds S0 and Y 
that are discussed above. 
0111 2. Build a feature vector for each test product and 
check if its <mc, mid pair is in the mapping table. If not, then 
the product is categorized by the standard naive Bayes model. 
0112. 3. If the <mc, mid pair of the test product is in the 
mapping table, classify the product according to Function 
210. 
0113 FIG. 4 shows an example in which a test product is 
misclassified as “Sports'. This product may have features that 
help achieve high classification scores in both “Sports” and its 
correct category Apparel'. However, the <mc, midd pair of 
this product is not seen to be affiliated with category “Sports” 
in the training data. The prior category probability p(c,<mc. 
mid) contributes correcting such misclassification. 
0114. It is possible that the products that a <mc, midd has 
in the training data is not a representative set of this <mc. 
midd pair. For example, a new merchant may have a limited 
diversity of products seen in the training data at the beginning. 
Setting a Smoothing probability helps classifying the product 
into the correct category which is not seen affiliated by the 
<mc, midd pair in the training data. 

Hardware Overview 

0115 FIG. 5 is a block diagram that illustrates a computer 
system 500 upon which an embodiment of the invention may 
be implemented. Computer system 500 includes a bus 502 or 
other communication mechanism for communicating infor 
mation, and a processor 504 coupled with bus 502 for pro 
cessing information. Computer system 500 also includes a 
main memory 506, such as a random access memory (RAM) 
or other dynamic storage device, coupled to bus 502 for 
storing information and instructions to be executed by pro 
cessor 504. Main memory 506 also may be used for storing 
temporary variables or other intermediate information during 
execution of instructions to be executed by processor 504. 
Computer system 500 further includes a read only memory 
(ROM) 508 or other static storage device coupled to bus 502 
for storing static information and instructions for processor 
504. A storage device 510, such as a magnetic disk or optical 
disk, is provided and coupled to bus 502 for storing informa 
tion and instructions. 
0116 Computer system 500 may be coupled via bus 502 to 
a display 512, such as a cathode ray tube (CRT), for display 
ing information to a computer user. An input device 514, 
including alphanumeric and other keys, is coupled to bus 502 
for communicating information and command selections to 
processor 504. Another type of user input device is cursor 
control 516. Such as a mouse, a trackball, or cursor direction 
keys for communicating direction information and command 
selections to processor 504 and for controlling cursor move 
ment on display 512. This input device typically has two 
degrees of freedom in two axes, a first axis (e.g., X) and a 
second axis (e.g., y), that allows the device to specify posi 
tions in a plane. 
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0117 The invention is related to the use of computer sys 
tem 500 for implementing the techniques described herein. 
According to one embodiment of the invention, those tech 
niques are performed by computer system 500 in response to 
processor 504 executing one or more sequences of one or 
more instructions contained in main memory 506. Such 
instructions may be read into main memory 506 from another 
machine-readable medium, such as storage device 510. 
Execution of the sequences of instructions contained in main 
memory 506 causes processor 504 to perform the process 
steps described herein. In alternative embodiments, hard 
wired circuitry may be used in place of or in combination with 
Software instructions to implement the invention. Thus, 
embodiments of the invention are not limited to any specific 
combination of hardware circuitry and software. 
0118. The term “machine-readable medium' as used 
herein refers to any medium that participates in providing 
data that causes a machine to operation in a specific fashion. 
In an embodiment implemented using computer system 500, 
various machine-readable media are involved, for example, in 
providing instructions to processor 504 for execution. Such a 
medium may take many forms, including but not limited to, 
non-volatile media, Volatile media, and transmission media. 
Non-volatile media includes, for example, optical or mag 
netic disks, such as storage device 510. Volatile media 
includes dynamic memory, such as main memory 506. Trans 
mission media includes coaxial cables, copper wire and fiber 
optics, including the wires that comprise bus 502. Transmis 
sion media can also take the form of acoustic or light waves, 
Such as those generated during radio-wave and infra-red data 
communications. All Such media must be tangible to enable 
the instructions carried by the media to be detected by a 
physical mechanism that reads the instructions into a 
machine. 

0119 Common forms of machine-readable media 
include, for example, a floppy disk, a flexible disk, hard disk, 
magnetic tape, or any other magnetic medium, a CD-ROM, 
any other optical medium, punchcards, papertape, any other 
physical medium with patterns of holes, a RAM, a PROM, 
and EPROM, a FLASH-EPROM, any other memory chip or 
cartridge, a carrier wave as described hereinafter, or any other 
medium from which a computer can read. 
0120 Various forms of machine-readable media may be 
involved in carrying one or more sequences of one or more 
instructions to processor 504 for execution. For example, the 
instructions may initially be carried on a magnetic disk of a 
remote computer. The remote computer can load the instruc 
tions into its dynamic memory and send the instructions over 
a telephone line using a modem. A modem local to computer 
system 500 can receive the data on the telephone line and use 
an infra-red transmitter to convert the data to an infra-red 
signal. An infra-red detector can receive the data carried in the 
infra-red signal and appropriate circuitry can place the data 
on bus 502. Bus 502 carries the data to main memory 506, 
from which processor 504 retrieves and executes the instruc 
tions. The instructions received by main memory 506 may 
optionally be stored on storage device 510 either before or 
after execution by processor 504. 
0121 Computer system 500 also includes a communica 
tion interface 518 coupled to bus 502. Communication inter 
face 518 provides a two-way data communication coupling to 
a network link 520 that is connected to a local network 522. 
For example, communication interface 518 may be an inte 
grated services digital network (ISDN) card or a modem to 
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provide a data communication connection to a corresponding 
type of telephone line. As another example, communication 
interface 518 may be a local area network (LAN) card to 
provide a data communication connection to a compatible 
LAN. Wireless links may also be implemented. In any such 
implementation, communication interface 518 sends and 
receives electrical, electromagnetic or optical signals that 
carry digital data streams representing various types of infor 
mation. 
0.122 Network link 520 typically provides data commu 
nication through one or more networks to other data devices. 
For example, network link 520 may provide a connection 
through local network 522 to a host computer 524 or to data 
equipment operated by an Internet Service Provider (ISP) 
526. ISP 526 in turn provides data communication services 
through the worldwide packet data communication network 
now commonly referred to as the “Internet 528. Local net 
work 522 and Internet 528 both use electrical, electromag 
netic or optical signals that carry digital data streams. The 
signals through the various networks and the signals on net 
work link 520 and through communication interface 518. 
which carry the digital data to and from computer system 500, 
are exemplary forms of carrier waves transporting the infor 
mation. 
I0123 Computer system 500 can send messages and 
receive data, including program code, through the network 
(s), network link 520 and communication interface 518. In the 
Internet example, a server 530 might transmit a requested 
code for an application program through Internet 528, ISP 
526, local network 522 and communication interface 518. 
0.124. The received code may be executed by processor 
504 as it is received, and/or stored in storage device 510, or 
other non-volatile storage for later execution. In this manner, 
computer system 500 may obtain application code in the form 
of a carrier wave. 
0.125. In the foregoing specification, embodiments of the 
invention have been described with reference to numerous 
specific details that may vary from implementation to imple 
mentation. Thus, the sole and exclusive indicator of what is 
the invention, and is intended by the applicants to be the 
invention, is the set of claims that issue from this application, 
in the specific form in which Such claims issue, including any 
Subsequent correction. Any definitions expressly set forth 
herein for terms contained in Such claims shall govern the 
meaning of Such terms as used in the claims. Hence, no 
limitation, element, property, feature, advantage or attribute 
that is not expressly recited in a claim should limit the scope 
of such claim in any way. The specification and drawings are, 
accordingly, to be regarded in an illustrative rather than a 
restrictive sense. 

What is claimed is: 
1. A method comprising: 
automatically assigning items to target categories in a tar 

get Scheme: 
wherein the items assigned to the target categories in the 

target scheme include a first set of items; 
wherein items in the first set of items have previously been 

assigned to source categories in a first source scheme 
that is different from said target scheme: 

wherein the first set of items includes a particular item; 
wherein the step of assigning items to categories in the 

target scheme includes: 
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receiving information about the particular item; 
determining, from the information, a source category to 
which the particular item was assigned in the first 
Source scheme: 

determining, based on a source-category-to-cluster 
mapping, a cluster to which said particular source 
category has been mapped, and 

assigning the particular item to a target category based, 
in part, on the cluster to which the particular source 
category has been mapped; 

wherein the method is performed by one or more comput 
ing devices. 

2. The method of claim 1 wherein the step of assigning the 
particular item to a target category based, in part, on the 
cluster to which the particular source category has been 
mapped includes: 

determining a set of probability values, wherein each prob 
ability value in the set of probability values corresponds 
to a target category and represents an estimate of the 
probability that items associated with categories that 
map to said cluster should be assigned to said corre 
sponding target category; and 

assigning the particular item to a target category based, in 
part, on said set of probability values. 

3. The method of claim 2 wherein: 
the source-category-to-cluster mapping maps source cat 

egories to clusters; and 
the clusters include at least one cluster to which source 

categories from multiple source Schemes have been 
mapped. 

4. The method of claim 2 further comprising: 
determining whether a cluster associated with a new item is 

a non-determinative cluster; and 
if the cluster associated with the new item is a non-deter 

minative cluster, then assigning the new item to a target 
category without estimating the probability that items 
associated with source categories that map to said clus 
ter should be assigned to each target category. 

5. The method of claim 2 further comprising: 
determining whether a cluster associated with a new item is 

an insufficiently sampled cluster, and 
if the cluster associated with the new item is an insuffi 

ciently sampled cluster, then assigning the new item to a 
target category without estimating the probability that 
items associated with said source categories that map to 
said cluster should be assigned to each target category. 

6. A non-transitory computer-readable medium storing 
instructions, which, when executed by one or more proces 
sors, cause one or more computing devices to perform opera 
tions comprising: 

automatically assigning items to target categories in a tar 
get scheme; 

wherein the items assigned to the target categories in the 
target scheme include a first set of items; 

wherein items in the first set of items have previously been 
assigned to Source categories in a first source scheme 
that is different from said target scheme: 

wherein the first set of items includes a particular item; 
wherein assigning items to categories in the target scheme 

includes: 
receiving information about the particular item; 

determining, from the information, a source category to 
which the particular item was assigned in the first 
Source scheme: 
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determining, based on a source-category-to-cluster 
mapping, a cluster to which said particular source 
category has been mapped, and 

assigning the particular item to a target category based, 
in part, on the cluster to which the particular source 
category has been mapped. 

7. The non-transitory computer-readable medium of claim 
6 wherein instructions for assigning the particular item to a 
target category based, in part, on the cluster to which the 
particular source category has been mapped includes instruc 
tions for: 

determining a set of probability values, wherein each prob 
ability value in the set of probability values corresponds 
to a target category and represents an estimate of the 
probability that items associated with categories that 
map to said cluster should be assigned to said corre 
sponding target category; and 

assigning the particular item to a target category based, in 
part, on said set of probability values. 

8. The non-transitory computer-readable medium of claim 
7 wherein: 

the Source-category-to-cluster mapping maps source cat 
egories to clusters; and 

the clusters include at least one cluster to which source 
categories from multiple source Schemes have been 
mapped. 

9. The non-transitory computer-readable medium of claim 
7 wherein the instructions, when executed by one or more 
processors, further cause the one or more computing devices 
to perform operations comprising: 

determining whether a cluster associated with a new item is 
a non-determinative cluster; and 

if the cluster associated with the new item is a non-deter 
minative cluster, then assigning the new item to a target 
category without estimating the probability that items 
associated with source categories that map to said clus 
ter should be assigned to each target category. 

10. The non-transitory computer-readable medium of 
claim 7 wherein the instructions, when executed by one or 
more processors, further cause the one or more computing 
devices to perform operations comprising: 

determining whether a cluster associated with a new item is 
an insufficiently sampled cluster, and 

if the cluster associated with the new item is an insuffi 
ciently sampled cluster, then assigning the new item to a 
target category without estimating the probability that 
items associated with said source categories that map to 
said cluster should be assigned to each target category. 

11. A system comprising: 
one or more processors; 
logic comprising instructions which, when executed by the 

one or more processors, cause the system to perform 
operations comprising: 
automatically assigning items to target categories in a 

target scheme; 
wherein the items assigned to the target categories in the 

target scheme include a first set of items; 
wherein items in the first set of items have previously 

been assigned to Source categories in a first Source 
scheme that is different from said target Scheme: 

wherein the first set of items includes a particular item; 
wherein the assigning items to categories in the target 

scheme includes: 
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receiving information about the particular item; 
determining, from the information, a source category 

to which the particular item was assigned in the first 
Source Scheme: 

determining, based on a source-category-to-cluster 
mapping, a cluster to which said particular source 
category has been mapped, and 

assigning the particular item to a target category 
based, in part, on the cluster to which the particular 
Source category has been mapped. 

12. The system of claim 11 wherein instructions for assign 
ing the particular item to a target category based, in part, on 
the cluster to which the particular source category has been 
mapped includes instructions for: 

determining a set of probability values, wherein each prob 
ability value in the set of probability values corresponds 
to a target category and represents an estimate of the 
probability that items associated with categories that 
map to said cluster should be assigned to said corre 
sponding target category; and 

assigning the particular item to a target category based, in 
part, on said set of probability values. 

13. The system of claim 12 wherein: 
the source-category-to-cluster mapping maps source cat 

egories to clusters; and 
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the clusters include at least one cluster to which source 
categories from multiple source Schemes have been 
mapped. 

14. The system of claim 12 wherein the instructions, when 
executed by one or more processors, further cause the system 
to perform operations comprising: 

determining whether a cluster associated with a new item is 
a non-determinative cluster; and 

if the cluster associated with the new item is a non-deter 
minative cluster, then assigning the new item to a target 
category without estimating the probability that items 
associated with source categories that map to said clus 
ter should be assigned to each target category. 

15. The system of claim 12 wherein the instructions, when 
executed by one or more processors, further cause the system 
to perform operations comprising: 

determining whether a cluster associated with a new item is 
an insufficiently sampled cluster, and 

if the cluster associated with the new item is an insuffi 
ciently sampled cluster, then assigning the new item to a 
target category without estimating the probability that 
items associated with said source categories that map to 
said cluster should be assigned to each target category. 
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