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Abstract. We describe an approach to extract attribute-value pairs frroduct
descriptions on the Web. The goal is to augment product databby represent-
ing each product as a set of such attribute-value pairs. Suejpresentation is
useful for a variety of tasks where treating the product ast @fsattribute-value
pairs is more useful than as an atomic entity. Examples diecproduct recom-
mendations, comparison of single products or completeinffe, and demand
forecasting. We formulate the extraction as a classifingifoblem and use Naive
Bayes combined with a multi-view semi-supervised alganiffco-EM). The ex-
traction system requires very little initial user supeiais using unlabeled data,
it automatically extracts an initial seed list that servefraining data for the clas-
sification algorithm. In addition to the automatically edted training data, the
co-EM algorithm uses the unlabeled data to extract prodtrithates and values.
Finally, the extracted attributes and values are linkedtmfpairs using depen-
dency information and co-location scores. We present gioigriresults on Web
product descriptions in two categories of sporting goodsipcts.

1 Introduction

Retailers have been collecting a growing amount of sales thait contains quite de-
tailed information about customers and related transastio contrast, the information
about the actual products that were sold is often sparseiaitéd. After discusions
with many large retailers, we found that most retailerstttbair products as atomic
entities with very few related attributes (typically brarsize, or color). At the same
time, they offer their products to customers (on a web sita) describes each product
in detail, specifying the product’s physical attributest typically in natural language,
making it difficult to be used directly in many applicatiofi$ie task we tackle in this
paper requires a system that can process product desositd extract relevant at-
tributes and values, and then form pairs by associatingegahith the attributes they
describe. This can be accomplished by different means diépgin the amount and
type of information available. In this paper, we assume a&de where a list of textual
product descriptions can be scraped from a company’s web®iie product descrip-
tions are assumed to be ‘unstructured’ natural languageTée system described in
this paper is able to extract attribute-value pairs frondpd descriptions with minimal
human supervision. We describe the components of our syatenshow experimental
results on a web catalog of sporting goods products.



2 Related Work

There has been a lot of research on extracting informatiom frext documents on
the Web but we are not aware of any system that addressesrtieetask as we are
addressing in this paper. A related task that has receivedtan recently is that of
extracting product features and their polarity from onlirser reviews.

Liu et al. [7] focus on extracting relevant product attrissitsuch as ‘focus’ in the
domain of digital cameras. These attributes are extragtesé of a rule miner, and are
restricted to noun phrases.The system then extracts petadescriptors, e.g., ‘good’,
‘too small’, etc. Popescu and Etzioni [10] describe a simalgproach: they first extract
noun phrases as candidate attributes, and then computeititerige mutual informa-
tion between the noun phrases and salient context patteucs @sscanner has.
Similarly to Liu et al. [7], the extraction phase is followbgl an opinion word extrac-
tion and polarity detection phase. Our work is similar inttagroduct is expressed as
a vector of attributes. The difference is that our work faxgusot only on attributes, but
also on extracting values, and on associating the extrattabutes with the extracted
values. Also, the attributes that are extracted from useewes are often different (and
described differently) than the attributes of the prodticts retailers would mention.
For example, a review might mention 'photo quality’ as anmilatite but specifications
of cameras would tend to use megapixels or the lens manuéaitithe specifications.

Information extraction with the goal of filling templatesge [5,9], is related to
the approach in this paper in that we extract certain parthefext as relevant facts.
It however also differs from such tasks in several ways, lnigthecause we do not
have a definitive list of ‘template slots’ available. Recemrk in bootstrapping for
information extraction using semi-supervised learningfleaused on the task of named
entity extraction [4, 2, 3], which is related to part of therwpresented here (classifying
the words/phrase as attributes or values or as neither).

3 Overview of the Attribute Extraction System

Our system consists of five modules: 1) Data Collection, 2iSgeneration, 3) Attribute-
Value Entity Extraction, 4) Attribute-Value Pair Relatsinp Extraction, and 5) User

Interaction. The modular design allows us to break the grobhto smaller steps, each
of which can be addressed by various approaches. In thig,papéiave chosen one

specific approach for each phase. We only focus on tasks ksipaper, where task

5 is largely future work that we however consider very impott

4 Data

The data required for extracting product attributes andastan come from a variety
of sources such as an internal product database or fromttikerevebsite. We crawled
the web site of a sporting goods retailer (www.dicksspggdiods.com), concentrating
on the domains of tennis and football. Sporting goods is &résting and relatively
challenging domain because unlike electronics, the atggare not easy and straight-
forward to detect. For example, a camera has a relativelldredined list of attributes
(resolution, zoom, memory-typetc.). In contrast, a baseball bat would have some typ-
ical attributes such as brand, length, material as well sretthat might be harder to
identify as attributes and valuesgrodynamic construction, curved hitting surfaete.)



The scraping process resulted in a set of product desangptidnere each product
is described by a list of phrases, which we use as training. &tme examples of
entries in these lists ark tape cutter 4 rolls of white athletic tapeCutout midfoat
Extended Torsion barSynthetic leather uppeAudio/Video Input JackPlay Dry tech-
nology offers moisture management and wicking propertfefcanized latex outsole
construction is lightweight and flexible

It can be seen from these examples that the entries are eatfaft sentences. This
makes the extraction task more difficult, because most gbtinases contain a number
of modifiers. There is often no definitive answer as to whatakteacted attribute-
value pair should be, even for humans inspecting the datainStance, should the
system extractutteras an attribute with two separate valuggndtape or should it
rather extractape cutteras an attribute antl as a value? To answer this question, it is
important to keep in mind the goal of the system to expresis peaduct as a vector of
attribute-value pairs, so as to compare between produutsetore, it is more important
that the system is consistent than which of the valid ansivgrges.

5 Pre-Processsing

The product descriptions collected by the web crawler ast fagged with parts of
speech (POS) using the Brill tagger and stemmed with theePsiemmer. We also re-
place all numbers with the unique tok#number#and all measures (e.diter, kg) by
the unique toke#tuom# Additionally, we compute several correlation scores €41Q
statistic, pointwise mutual information, and) between all pairs of words and recog-
nized one as a phrase if all of its correlation scores excegdin thresholds.

6 Seed Generation

Once the data is collected and processed, the next step isvime labeled seeds for
the learning algorithms to learn from.

Generic and domain-specific lists as labeled seed#/e use a very small amount
of labeled data in the form of generic and domain-specifis.liEhe generic value lists
were easily available on the web and are fairly domain-iedejent. We use lists of
colors, materials, countries, and units of measure. Intexhgdiwe use a list of domain-
specific (in our case, sports) values and attributes camgisf sports teams (such as
Pittsburgh Steelejs

These seeds are supplemented by automatically extrattibd-value seed pairs,
as described in the following section. In other words, asiden easily replaceable
generic and domain-specific lists, the system works in anpgrvised fashion.

Unsupervised Seed GenerationOur unsupervised seed generation method ex-
tracts a small number of attribute-value pairs from the lblad data that serve as
labeled data for classification. We use correlation scardmtl candidates, and make
use of POS tags by excluding certain words from being catedar extraction.

Extracting attribute-value pairs is related to the problehphrase recognition in
that both methods aim at extracting pairs of highly corelatords. There are however
differences between the two problems. Consider the foligwivo sets of phrasekack
pocketsfront pocketszip pocketsas compared t@ittsburgh SteelersChicago Bears
The first list contains an example of an attribute with sei@wasible values. The second
list contains phrases that are not attribute-value pains. Giggest difference between



the two lists is that attributes generally have more than prssible value, as in the
above example. We exploit this observation to automatiadtract high-quality seeds
by defining a modified mutual information metric as follows.

We consider all bigrams,;w; 11 as candidates for pairs, whetg is a candidate
value, andv,; is a candidate attribute. Although the modifying value doatsalways
occur (directly) before its attribute, this heuristic alous to extract seeds with high
precision. Suppose word (in positioni + 1) occurs withn unique wordsw; ., in
positioni. We rank the wordsv; ., by their conditional probability(w;|w), w; €
w1...n, Where the wordy; with the highest conditional probability is ranked highest

The wordsw; that have the highest conditional probability are candislébr val-
ues for the candidate attribute Clearly, however, not all words are good candidate
attributes. We observed that attributes generally haveitian one value and typically
do not occur with a wide range of words. For example, frequemtls such atheoccur
with many different words. This is indicated by their comatital probability mass being
distributed over a large number of words. We are interestezhses where few words
account for a high proportion of the probability mass. Faaraple, bothSteelersaand
onwill not be good candidates for being attribut8seelersonly occurs aftePittsburgh
so all of the conditional probability mass will be distribdton one value whereas
occurs with many words with the mass distributed over tooynatues. This goal can
be accomplished in two phases: in the first phase, we retaingénwordsw; to ac-
count for a part,0 < z < 1, of the conditional probability masglep(wﬂw). In
the experiments reported hereyas set to 0.5.

In the second phase, we compute theenulativemodified mutual information for
all candidate attribute-value pairs. We again considep#rspective of the candidate
attribute. If there are a few words that together have a higkual information with
the candidate attribute, then we are likely to have foundtaibate and (some of) its
values. We define the cumulative modified mutual informagisfiollows:

Letp(w,wy. k) = 2?:1 p(w,w;). Then

plw,w1.. k)

(#3252, p(w))) * (A = 1) % p(w))

cemi(ws.. ;3 w) = log

A is a user-specified parameter, whére< A < 1. We have experimented with
several values, and have found that setthinp 1 yields robust results. Settingto 0
implies that a candidate pair is not penalized for the worgeing frequent, as long as
few words cover most of its conditional probability mas<l&l lists several examples
of extracted attribute-value pairs.

value attribute
carrying, storage case

main, racquet compartment
ball, welt, side-seam, ke¢gocket

coat, durable |steel

Table 1. Automatically extracted seed attribute-value pairs



As we can observe from the table, our unsupervised seedaj@mealgorithm cap-
tures the intuition we described earlier and extracts lgjgality seeds for training the
system. We expect to refine this method in the future. Cugremit all extracted pairs
are actual attribute-value pairs. One typical example ofxracted incorrect pair are
first name - last name pairs, e.§mithis extracted as an attribute as it occurs as part
of many phrases and fulfills our criteridde SmithMike Smith etc.) after many first
names. Other examples of incorrectly extracted attrilvatae pairs includerhore(at-
tribute) —much(value)’ and more(attribute) —achieve(value)’. However, some of the
incorrectly extracted examples are rare enough that theyotlbave much impact on
subsequent steps. The current metric accomplishes ab&utw6buracy in the tennis
category and about 68% accuracy in the football categoryh&@Ve experimented with
manually correcting the seeds by eliminating all those Wexe incorrect. This did not
result in any improvement of the final performance of the allesystem, leading us to
conclude that our algorithm is robust to noise and is able=&d @ith noisy seeds.

7 Attribute and Value Extraction

After generating initial seeds, the next step is to use tedsas labeled training data
to extract attributes and values from the unlabeled datafovaeulate the extraction
as a classification problem where each word or phrase carabsifgéd as attributes or
values (or as neither). The classification algorithm is dbed in the sections below.

7.1 Initial labeling
The initial labeling of data items (words or phrases) is dasewhether they match the

labeled data. We define four classes to classify words umtassigned, attribute, value,
or neither The initial label for each word defaults tmassigne@nd is changed to the
label of any labeled data that it matches on&itherif it is a stopword.

7.2 Naive Bayes Classification o B
The labeled words are then used as training data for Naiye®Bthat classifies each

word or phrase in the unlabeled data as an attribute, a vatuggither. The features
used for classification are the words of each unlabeled t&tg plus the surrounding
8 words and their corresponding parts of speech. With tlagife set, we capture not
only each word, but also its context as well as the parts cddpan its context. This is

similar to earlier work in extracting named entities usialgeled and unlabeled data [3].

7.3 co-EM for Attribute Extraction . . _
Since labeling attributes and values is an expensive pspa@suse the semi-supervised

learning setting by combining small amounts of labeled déta large amounts of
unlabeled data. We use the multi-view or co-training [1}isgt where each example
can be described by multiple views (e.g., the word itself #redcontext in which it
occurs). The specific algorithm we use is co-EM [8]. Co-EMhalitaive Bayes has
been applied to classification, e.g., by [8], but so far as meeagvare, not in the context
of information extraction. The separation into feature set use is that of the word to
be classified and the context in which it occurs. Each wordpsessed irviewlby the
stemmed word itself, plus the part of speech as assignedetriti tagger. Theview2
for this data item is a context of window size 8, i.e. up to 4@efplus parts of speech)
before and up to 4 words (plus parts of speech) after the wophmse inviewl If
the context around @iewldata item is less than 8 words long, we simply limit to the
context to what is available.



co-EM Algorithm: co-EM proceeds by initializing theiewl classifier using the la-
beled data only. Then this classifier is used to probalmaiii label all the unlabeled
data. The contextview? classifier is then trained using the original labeled déiis p
the unlabeled data with the labels provided byvlevlclassifier. Similarly, theriew?2
classifier then relabels the data for use byutesvlclassifier, and this process iterates
for a number of iterations or until the classifiers converge.

Each iteration consists of collecting evidence for eacla dam from all the data
items in the other view that it occurs with. For example, ifiew2data itenwiew?2y,
occurs with (i.e., in the context ofjewldata itemsiewl;; andviewl;s, then the prob-
ability distribution forview?2y, is the averaged distribution of the probabilities curngntl
assigned taiewl;; andviewl;s, weighted by the number of timesew?2;, appears
together withview1;; andviewl;s, respectively, as well as by the class priors.Our goal
is to label unlabeled training examples that are attribateslues, and leave the others
unlabeled. Co-EM can be summarized by the following stepsnitialize based on
labeled data (see above). 2) Usew] to labelview?2. 3) Useview? to labelview]l. 4)
Repeat for steps 2 andrBiterations. 5) Assign final labels to words using the predic-
tions from both views.

Estimating class priors: When estimating class priors for labeling a view, the class
priors are estimated from the respective other view's podityadistributions. As each
data item is associated with a set of data items from the eflker with which it co-
occurs, together with a count of how many times the two datastco-occurred, we
could gather the class prior information by traversing tigtoeach data item and weigh-
ing the probability distributions from the aligned datare@ats by the co-occurrence
counts.

Conceptually, however, it is easier to think of the clas®nsrias simply obtained
from the training data’s current distribution in the othéew. In other words, when
labelinguview?2 fromviewl, the class priors for the Naive Bayes classifier are congpute
only onwviewl, without reference to theiew?2 data items. The resulting probability
distributions from these two approaches are the same.

The class probabilities are thus estimated as follows:

14> ent(viewl;) x P(cg|viewl;)

Pcy) =
(k) numclasses + ;' ent(viewl;)

Estimating word probabilities: As with class priors, word probabilities fromew1
are used as training data faew2 For example, if aiewlelement has a probability dis-
tribution of p(value) = 0.5 andp(attribute) = 0.5, then the data element is counted
as a value example with weight 0.5, but also as an attribiaemple with weight 0.5.

For all wordsview2;, estimate the new probability for each clagsl < k < 4,
from all wordswviewl;,1 < i < n;. In practice, the algorithm considers only those
view?2; items whose cooccurrence count witlew1; is greater than zero.

14 >0 cooc(viewls, view2;) « P(cx|viewl;)

P(view2|ex) =
(view2;lex) ng + > 1%, cooc(viewl;, view2;)

1+ Z;lil cooc(viewl;, view2;) * P(ck|view2;)

P(viewl; = o - -
(viewlsex) n1 + Y72, cooc(viewls, view?2;)



Labeling unlabeled examples: In each iteration, we want to use the computed class
and word probabilities to label unlabeled data items in #epective other view. This
can be done as follows:

P(cklview2;) < P(ck) * P(view2;|ck)

if view2, doesnotmatch the labeled training data. )
After computing the probabilities for all classes, we mestarmalize:

P(cg|view2;)
Sopumelasses p(ey lview?2;)

P(cklview2;) =

However, ifview?2; matches the labeled training data,
P(ck|view2;) = Initial Labeling.

P(cklviewl;) o< P(ck) * P(viewl;|ck)
if viewl; doesnot match the labeled training data. As in the casewefv2, we will

need to renormalize after computing the probabilities frteclass. Also as above, if
viewl; matches the labeled training data,

P(ck|viewl;) = Initial Labeling.

Assigning co-EM probabilities to (view1l;, view2;) pairs: After co-EM is run for
a pre-specified number of iterations, we assign final co-Edbability distributions to
all (viewl;, view2;) pairs as follows:

P(cklviewl;) + P(ck|view2;)
2

Final labels are assigned to words and phrases by averdgimgédictions of each
view's classifier. It should be noted that words that are ¢alggs attributes or values
are not necessarily extracted as part of an attribute-\@direin the next phase. They
will only be extracted if they form part of a pair, or if they@a frequently enough by
themselves or as part of a longer phrase. The next sectibdesitribe this in greater
detail.

8 Finding Attribute-Value Pairs

After the classification algorithm has assigned a (prokstiz) label to all unlabeled
words, a final important step remains: using these labelgatiributes and values in
the actual product descriptions, i.e., in the original datad finding correspondences
between words or phrases tagged as attributes and valuesladsification phase as-
signs a probability distribution over all the labels to eawbrd (or phrase). This is
not enough, because aside from n-grams that are obvioushgged some subsequent
words that are tagged with the same label shoulchbegedo form an attribute or value
phrase. Additionally, the system must establistks between attributes (or attribute
phrases) and their corresponding values (or value phrasea} to form attribute-value
pairs. Some unlabeled data items contain more than onbuaérand more than one
value, so that it is important to find the correct associaibetween them. We accom-
plish merging and linking in an interleaved fashion, usimg following steps:

P(ci|(viewl;, view2,)) =

— 1:Link attributes and values if they match a seed pair.



— 2: Merge words of the same label into phrases if their cormatesicores exceed a

threshold.

— 3: Link attribute and value phrases based on directed deperedess given by a
dependency parser [6]: attribute phrases and value phrtasgerm a pair if there
is a governor-dependent relationship between them.

4: Link attribute and value phrases if they exceed a correladimore threshold:

unassigned attribute phrases are linked with value phitifesir words exceed a

correlation threshold.

are linked with value phrases if if they are adjacent.

or if the unlabeled data item consists of only one word.

5:Link attribute and value phrases based on proximity: ugassl attribute phrases

6: Adding known, but not overt, attributes: material, counayd/or color.
7: Extract binary attributes, i.e., attributes without valpiéthey appear frequently

Even after all the above pair identification steps, soméatt or value phrases can
remain unaffiliated. Some of them are extracted noise, and@imot be output. Others
are valid attributes with binary values. For instance, thadtemimportedis a valid
attribute with two possible valuesue or false where the value is simply assigned by
the absence or presence of the attribute. We extract ondgtatiributes that are single
word data items and those attributes that occur frequemtlya data as a phrase.

9 Evaluation

We present evaluation results for experiments performetéonis and football cate-
gories. The tennis category contains 3194 unlabeled datssi{i.e., individual phrases
from the bulleted list of product descriptions), the fodtisategory 72825 items. Au-
tomated seed extraction resulted in 169 attribute-valirs iz the tennis category and
180 pairs for football. Table 2 shows a sample list of exedetttribute-value pairs (i.e.,
the output of the full system), and the phrases that they ertracted from. We ran

Full Example Attribute Value

1 1/2-inch polycotton blend tape polycotton blend tape 1 1/2-inch

1 roll underwrap underwrap 1roll

1 tape cutter tape cutter 1

Extended Torsion bar bar Torsion
Synthetic leather upper #material# upper leather
Metal ghillies #material# ghillies Metal
adiWear tough rubber outsole rubber outsole adiWear tough
Imported Imported #true#
Dual-density padding with Kinetofoam |padding Dual-density
Contains 2 BIOflex concentric circle magrtOflex concentric circle magngt

93% nylon, 7% spandex

#material#

93% nylon 7% spand

PX

10-second start-up time delay

start-up time delay

10-second

Table 2. Examples of extracted pairs for system run with co-EM

our system in the following three settings to gauge the @ffesess of each compo-
nent: 1) only using the automatically generated seeds andeheric lists (‘Seeds’ in



the tables), 2) with the baseline Naive Bayes classifieB{{Nand 3) co-EM with Naive
Bayes (‘coEM’). To make the experiments comparable, we dwvay pre-processing
or seed generation, and keep the pair identification stepstaot as well.

The evaluation of this task is not straightforward. The n@ioblem is that people
often do not agree on what the ‘correct’ attribute-value ghibuld be. Consider the
exampleAudio/JPEG navigation menThis phrase can be expressed as an attribute-
value pair in multiple ways:

Possible Attribute Possible Value
navigation menu Audio/JPEG

menu Audio/JPEG navigation
Audio/JPEG navigation mengtrue#

In the last case, the entire phrase is considered a binaiyuatt All three pairs
are both possibly useful attribute-value pairs. The ingtian is that a human annotator
will make one decision, while the system may make a diffedeision (with both of
them being consistent). For this reason, we give partialicte an automatically ex-
tracted attribute-value pair, even if it does not completeatch the human annotation.
In some cases, an extracted pair deserves only partiakcvddie in other cases, the
automatically extracted pair is an equally valid attribuédid pair.

For each of the metrics, we repdypeandtokenperformance. Type performance
(at the data item level, i.e., at the level of individual puotdescription phrases) refers
to performance for unique examples (each example con¢stihe same regardless of
frequency). The data sets contain a humber of duplicatemaay attributes apply to
more than one product. Token performance refers to perfocmacluding duplicates,
therefore emphasizing those examples that occur moredrgiyithan others.

9.1 Precision

To measure precision, we evaluate how many automaticaitgebed pairs match man-
ual pairs completely, partially, or not at all. The percetaf pairs that are fullpr par-
tially correct is useful as a metric especially in the cohtEhhuman post-processing:
partially correct pairs are corrected faster than comfyléteorrect pairs. Tables 3 and
4 list results for this metric for both categories, and fotttigpeandtokenevaluations.

Seedsi\NB |coEM Seeds\NB |coEM
# corr pairs 14 |20 |50 # corr pairs 252 |264 |316
# part corr pairs 54 |73 |132 ||# part corr pairs 202 |247 |378
% fully correct 20.29|21.2826.60||% fully correct 54.90/51.1644.44
% full or part correct {98.56/98.9496.81 ||% full or part correct {98.91/99.0397.60
% incorrect 1.44 |1.06 (3.19 ||% incorrect 1.08 |0.97 |2.39

Table 3. Type(left) andToken(right) Precision fofTennisCategory

The results show that all three systems achieve very higlompeance for partially
correct pairs. As expected, seed generation alone achiiegbsr accuracy than the
system achieves when using unlabeled, and thus noisy, Aatae will see in the
following section, however, the decrease in precision wteeiM is used is more than
offset by a large increase in recall.



Seeds\B |coEM SeedsNB  [cOEM
# corr pairs 12 |18 (39 # corr pairs 4704 (5055 |6639
# part corr pairs 63 |95 |159 ||# partcorr pairs 8398 (1025613435
% fully correct 15.38|14.4417.65||% fully correct 35.39|31.85|32.04
% full or part correct {96.15/90.4089.59||% part or full correct {98.56/96.4896.88
% incorrect 3.85 [9.60 |10.41||% incorrect 1.44 |3.52 |3.12

Table 4. Type(left) andToken(right) Precision foiFootball Category

9.2 Recall

Whenever the system extracts a partially correct pair faxample that is also given by
the human annotator, the pair is considered recalled. Thdtsefor this metric can be
found in tables 5 and 6. Unlike for precision, the recall&iff greatly between system
settings. More specifically, co-EM aids in recalling a mualger number of pairs,
whereas seed generation and Naive Bayes result in réygpiwer recall performance.

SeedsNB  |cOEM SeedsNB |coEM
#recalled |66 |87 [167 ||#recalled 451 |502 (668

% recalled|27.62,36.4069.87||% recalled|51.25|57.0575.91
Table 5. Type(left) andToken(right) Recall forTennisCategory

Seeds\B [coEM SeedsNB |coEM
#recalled |68 |98 |164 ||#recalled |126291461717868
% recalled|32.69|47.1278.85||% recalled|39.21|45.38|55.48
Table 6. Type(left) and Token(right) Recall forFootball Category

9.3 Word-based Label-independent Precision and Recall

Often there is partial overlap between an automaticallyaexéd pair and a pair given
by a human annotator. Sometimes both pairs are equally, \alii sometimes the au-
tomatically pair is useful even if it is not completely catebecause it can easily be
corrected by a human annotator. For this reason, we alsouneethe word overlap be-
tween manual and automatic pairs. This gives us an idea ofWeliwthe system can
predict that a word should be part of a pair, even though it oayfuse whether the
word should be tagged as an attribute or a value. We define ¢iné @verlap, word
precision, word recall, and word F1 in the standard way. We atleasure the amount
of ‘confusion’, i.e., how often a (human-tagged) value wass automatically labeled
as an attribute or vice versa. Tables 7 and 8 contain thelel@taisults for this metric.

As was discussed in the seed extraction section, we expeteaalso with correct-
ing the automatically extracted seeds and running our systith the corrected seeds.
This experiment was run only for tennis with co-EM. The résuhs no significant
change in performance. This leads us to conclude that oaritiign is quite robust to
noise. It also leads us to the conclusion that the time of agmuamnotator is likely bet-
ter spent correcting the final output of the system rather thainput seeds. Correcting
the input seeds does not necessarily lead to improved peafuce, whereas correcting
complete output pairs is likely to do so. We will explore tlsisue further in the context
of the active learning phase in our system.



Seeds\B |coEM Seeds\B |coOEM
precision|93.84({93.3589.53||precision|96.19/95.8893.11
recall 64.88/76.7477.46||recall 80.11{84.1982.16
F1 73.73|82.2481.47||F1 85.29/88.1385.84
confusion10.27/22.6826.15||confusion4.76 |11.1416.64
Table 7. Type(left) andToken(right) Label-independent Word-based ResultsTennis

SeedsNB |coOEM Seeds\B |coEM
precision|91.03/83.5380.07 ||precision|97.76|94.2292.94
recall 61.71/69.5069.69||recall 76.10/81.3579.70
F1 71.17|73.7572.47||F1 83.05/85.2383.47
confusion18.59/26.0427.19||confusion17.80/25.3725.65
Table 8. Type(left) andToken(right) Label-independent Word-based ResultsFootball

9.4 Precision Results for Most Frequent Data Items
As the training data contains many duplicates, it is moreairtgnt to extract correct

pairs for the most frequent pairs than for the less frequeasoln this section, we re-
port precision results for the most frequently data itentssTs done by sorting the
training data by frequency, and then manually inspectilegphirs that the system ex-
tracted for the most frequent 300 data items. This was dohefonthe system run
that includes co-EM classification. We report precisiorultssfor the two categories
(tennisandfootball) in two ways: first, we do a simple evaluation of each unigua da
item. Then we weight the precision results by the frequeri@ach sentence. In order
to be consistent with the results from the previous secti@wlefine five categories that
capture very similar information to the information proetlabove. The five categories
containfully correctandincorrect Another category iElip to correct meaning that the
extracted pair would biilly correct if attribute and value were flippddip to partially
correctrefers to pairs that would hgartially correct if attribute and value were flipped.
Finally, we defingartially correctas before. Table 9 shows the results.

TnW|[TW |FnW|FW
% fully correct 51.2555.8951.9060.01
% flip to correct 12.0820.149.62 (10.25
% flip to partially correct [2.92 (1.75 |0.87 |2.14
% partially correct 32.92121.7435.2725.98

Table 9. Non-weightecand WeightedPrecision Results fofennisand Football Categories. ‘T’
stands fottennis ‘F' is football, ‘nW’ non-weightedand ‘W’ is weighted

10 Discussion

The results show that we can learn product attribute-vadies in a largely unsuper-
vised fashion with encouraging results. One conclusiohas there is some confusion
over which label an extracted word or phrase should haves iShdonsistent with hu-
man disagreement over the labels. Confusion levels inere@agn co-EM is added to
the system, indicating that there were not enough seedsitodrstrong classifier to
differentiate between attributes and values. Future wdltkrvelude user-specified lists
that can serve as attribute seeds. Such labeled examplé® gaovided as part of an
interactive step or before learning takes place, as is domeratly.



The baseline Naive Bayes algorithm also outperforms ted saly algorithm in
recall. This is not surprising, as the seeds are used asthlbr@lining data for Naive
Bayes, which in turn labels additional examples that cabhaddbeled by the seeds only.
It does, however, not match the recall performance of co-&d,only outperforms co-
EM slightly in terms of precision fotennis but not so foffootball.

Evaluating precision on the most frequent data items ywtddar results. We show
that there are few incorrect pairs, and we show that espedfale weight by the
frequency, the number of completely correct examples is@ragingly high. Further-
more, a fair number of examples can become completely daffégped. In the future,
we will investigate techniques to detect pairs that shoeldlipped, which could lead
to improved precision. Finally, we can conclude that thelltesare consistent for both
categories, making a strong case for the scalability of yiseesn to other domains.

11 Conclusions and Future Work

We plan to focus on adding an interactive step to the extracigorithm that will
allow users to correct extracted pairs as quickly and effitjeas possible. We are
experimenting with different active learning algorithroginimize the number of cor-
rections required to improve the sytem. We also plan on éxyeting with other cat-
egories such as office supplies. We believe that a powetfithatie extraction system
can be useful in a wide variety of contexts, as it allows fertlbrmalization of products
as attribute-value vectors, which in turn enables finergéicomparison between prod-
ucts and assortments and improve a variety of applicatioctsas product reommender
systems, price comparison engines, demand forecastisgitaent optimization and
comparison systems.
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