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Figure 10: Contribution of com- Figure 11: Contribution of at-
ponents on matching (N-P). tributes.

on (N, P), as the logical similarity and appearance similarity dif-
fer for P. Figure 10 shows F-measure of matching when we vary
var and we observed similar pattern for clustering. We observe
that (1) simply applying clustering without the augmentations im-
proves the results over initial clustering only slightly, if any; (2)
applying multi-value penalty makes significant improvement when
var is small and increases robustness with respect to var; and (3)
considering appearance-similarity can further improve the results
(by 8% on average).

Effect of attributes: We also examined how the number of unique-
ness attributes can affect our performance. We started with data of
schema (NN, A) and then added more uniqueness attributes whose
logical and appearance similarity are the same. Figure 11 shows the
F-measure of matching and clustering. We observe clear improve-
ment when the number of uniqueness attributes increases until it
reaches 4; after that, adding more uniqueness attributes has only
slight benefit. Finally, our algorithm finishes in 8.35 minutes when
there are 6 uniqueness attributes; this is adequate given that linkage
and fusion are often conducted offline.

D.2 Considering soft constraints

D.2.1 Data generation

We considered m = 4 entities, each with two attributes: N (the
key) and A. We considered violations of uniqueness constraints on
each side and control them using two sets of parameters: violation
rate (p~— 4 and pa—, n) and number of associated values per viola-
tor (# As/N-violator and # Ns/ A-violator). We ranged the former
from 0 to 1 and the latter from 2 to 10; we set their default values
to .25 and 2 respectively. We generated the standard (true) values
and source data as described in Section D.1.1 and used the default
values in Table 7 for other parameters.

Our algorithm computes the similarity between perturbed val-
ues of the same standard value as before, but sets it to 0O between
perturbations of different standard values (as we can have up to
13 standard values for each attribute, two neighbor values can be
very close). We applied Eq. (12) for multi-value penalty and set
p(S) = .9 for each source (using .75 obtained similar results).

D.2.2 Results

Figure 12 shows the performance of MATCH when we varied
different parameters. We have the following observations.

e To a certain extent, MATCH handles soft constraints quite
well. For N — A violations (similar for A — N violations),
the F-measures of both matching and clustering are above .8
when pny_ 4 is up to .5 and # As/N-violator is 2, and above
.7 when pa_, n is .25 and # As/N-violator is up to 5.

e MATCH is fairly tolerant to the number of violations and the
number of values each violator is associated with. For N —
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Figure 12: Performance of MATCH in presence of soft constraints.
Our algorithm handles violations quite well.

A violations (similar for A — N), when py_; 4 increasesto 1
and # As/N-violator is 2, we still obtain a F-measure of above
.6 in matching and in clustering. When # As/N-violator is in-
creased to 10, the F-measure of clustering is above .8 and that
of matching is around .6. Note that inaccurate clustering of
A-values is mainly because of incorrectly clustering different
A-values of the same entity; also note that the drop in match-
ing performance is mainly because some perturbed values of
an N-violator are not merged with the standard value, so not
matched with the multiple A-values and cause a big penalty
on recall. Finally, although a lower pSame can lead to a
lower F-measure, the difference is very small.

Because we first consider V-nodes and then A-nodes in clus-
tering, we obtained better results with A — N violations
than with N — A violations; but if we change the order, the
pattern of the results also switch.

D.3 Summary

We summarize observations from experiments as follows.

1. Our techniques significantly improve over traditional tech-

niques on a variety of data sets and are less sensitive on the
variety of representations and erroneous values.

based association update further improves our algorithm.

. The accuracy of our techniques increases with the number of
uniqueness attributes.

. Our algorithm handles soft constrains well and is fairly stable.
. Our algorithm scales well.

. Applying multi-value penalty is critical, and appearance-similarity





