APPENDIX
A. WEAK SIMILARITY

Q-grams. The g-gram set of a string is the set of @llength sub-
strings of the string. We denote the g-gram set of a worlly
gg(w). To ensure that characters at the start and end of the word
appear in a sufficient number of g-grams, we paat the beginning
and end withy — 1 occurrences of a special padding character #. So
for ¢ = 3, gg(“china”) = {“##c”, “#ch”, “chi”, “hin”, “ina”, “na#",
“a##’}. Next, we derive the g-gram set for an attribute value by
taking the union of the g-grams in the words comprising the value.
More formally, for a value, the g-gram sefg(v) = Uwewvqg(w).

Observe that the above similarity functiciim, (u,v) that re-
turns a similarity score between 0 and 1. We refer to this as the
weak similarityscore between andv. Further, we say that values
u andv areweakly similarif the similarity score between the val-
ues is greater than or equal to a weak similarity thresfipldElse,
they are considered to be dissimilar. In case an attribute is missing
from a page, we usBIULL to represent the value of the missing
attribute. If either of the attribute valuesor v is NULL, then the
similarity score between the values is 0.

Typically, we need to compute the similarity between two val-
uesu andwv of an attributea, where one is an attribute value in a
seed record and the other is text within a web page. It may hap-

It is easy to see that g-grams can cope with spelling errors betterpen that the IDF value for a word within the valuev from a
than whole words. For instance, the Jaccard similarity between thepage is not defined since it is not part of the attribute in the seed

strings “beijing bites” and “bejing bites” is onlg in Example 1.1

database. For such words, we $&F,(w) to the IDF weight of

because “beijing” and “bejing” are treated as separate words. Butthe closest wordy’ appearing in the attribute of seed records.

with g-grams instead of words, the Jaccard similarity is more than
2
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Q-gram weights. We associate a weight with each g-grangériv)
based on the importance of the word that it originates from. Here,
we adopt the populainverse document frequengiDF) weight
from the IR literature [19] to capture the importance of each word
w that appears in attributeof a seed record. For a word, attribute
pair (w, a), we definel DF,(w) aslog ijw , whereN = |R]| is

the number of records in the seed databésamdNa,w is the num-

ber of records iR for which the attribute: containsw. Informally,

the IDF score of a word decreases as its frequency increases, an

so common words have low IDF scores. Note that the IDF value of

a word can vary depending on the attribute. For example, the word

“avenue” has a low IDF score if it is part of the address attribute,

but a much higher score if it belongs to the name attribute. For clar-

ity of presentation, we will drop the subscript for attributevhen
it is clear from context.

We assign a weight, (e) to each g-grana in ¢gg(v) equal to the
sum of the IDF weights of all the words inthat contaire. More
formally, letes, ..., e be the instanges of g-gramappearing in
wordsw, ..., w; of v. Thenc,(e) = '_, IDF(w;). The intu-

ition here is that g-grams should inherit importance scores from the

Here, we use the Jaccard similarity between g-gram sets to mea-
sure closeness betweenandw’; thus,w’ is the word with the
maximum JC'(gg(w), gg(w’)) score. In the event that there are
multiple wordsw’ with the max.JC(gg(w), gg(w’)) value, then

we setl DF,,(w) to the average of their IDF weights.

B. EXAMPLE FOR FINDATTRPOS

The following example illustrates the workings of Algorithm 3.

ExampPLE B.1. Consider the seed databageand pagey1, p2
in Figure 1. Let us number the positions for name and address val-
es at the top of the pages as 1 and 2, respectively, and the po-
sitions for values under “Nearest Transit:” and “Related Restau-
rants:” as 3 and 4, respectively. Now, suppose that the (record,
page) pairs with strongly similar values for the various (attribute,
position) pairs are as follows:

e 5SS
e 5SS
e SS
e SS

name, 1) = {(r1,p1), (r2,p2)}.
name,4) = {(rz2,p1), (r1,p2)}.
address,2) = {(r1,p1), (r2,p2)}.
address,3) = {(r1,p1)}.

—~ ~ —~

words that they originate from. Thus, by associating the IDF scores The first bullet states that the name values in recerdandr are

of words as the weights of g-grams in them, we can ensure that g-
grams belonging to important words are assigned higher weights.

strongly similar to the values in position 1 in pagesand p2, re-
spectively. Similarly, it follows from the final bullet that the address

lower weight compared to its weight in “davenport” which is less

pagep:. Let the minimum support parametér= 1. Observe that

common. This is in contrast to previous approaches [17] that as- the support of all four (attribute, position) pairs above is at ledst

sign a single IDF weight to each g-gram based on its individual

frequency irrespective of the frequencies of the words that contain

it. So for instance, in [17], a frequent g-gram like “ave” will end
up with a single low weight irrespective of whether it belongs to a
rare word like “davenport” or a common word like “avenue”.

Similarity score. We can conceptually map each valuento a

and so they will be added 10, .

In the second iteration, the following four sets of (attribute, posi-
tion) pairs will be added ta@’,: S1 = {(name, 1), (address,2)},
Sa = {(name, 1), (address, 3)}, Sz = {(name, 4), (address, 2)},
and Sy = {(name,4), (address, 3)}. Of these onlyS; has sup-
port 2 (since name and address values in recardand ro will
match the values in positions 1 and 2 in pagesand p2, respec-

vector in g-gram space, with the component in the dimension cor- tively). Sz has support 1 (since name and address values in only

responding to g-gram in gg(v) set toc, (e). We then define the
similarity between values andv as the widely used Cosine simi-

record r1 will match the values in positions 1 and 3 in pagg,
and bothS3 and S have zero support. Thus, all bist and S

larity metric between their corresponding vectors in g-gram space. Will be pruned fromC'; due to lack of support, and the s&t will

DEFINITION A.1. Given a pair of values andv for attribute
a, the similaritysim, (u, v) is given by
P

o€ (q9(u)Ngg(v) 5 Ee) “co(e)

1+

sima(u,v) = S

ecqg(u) Cu (6)2 :

e€qg(v) Cv (6)2
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be returned by procedufeINDATTRPOSSInce it has the maximum
support of 2. O

C. DATASET DETAILS

The following table lists the 17 test sites in the restaurant dataset
along with the number of pages. The sites were a combination of
head (sites with a few hundreds of thousands of pages) and tail



(sites with a few thousands of pages) sites.

Site Number of Pages
cityguide.aol.com 81038
dinesite.com 1186
tupalo.com 4245
www.8coupons.com 1700
www.agoda.com 13485
www.blogsoop.com 7413
www.city-data.com 17152
www.insiderpages.com 32205
www.menupages.com 9207
www.opentable.com 17423
WWw.restaurantrow.con 46494
www.savorycities.com 2613
www.travelmuse.com 3323
www.tripadvisor.com 421275
www.urbanspoon.com 46293
www.yellowbot.com 106572
www.yelp.com 173368
Total 984992

il sites as test sites.

Site Number of Pages
arxiv.org 119564
citeseerx.ist.psu.edu 51573
ieeexplore.ieee.org 321325
libra.msra.cn 2282
portal.acm.org 21897
www.citeulike.org 778130
www.sciencedirect.com 4558
Total | 1299329

For the bibliography dataset, we use the following 7 head and
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