


Table 3: Execution times (in seconds) for learning-based approaches

DBLP-ACM DBLP-Scholar Abt-Buy Go (;Agi‘;f,i‘:(‘l;c s
blocked | Cartesian | blocked | Cartesian | blocked | Cartesian | blocked | Cartesian
I[FEBRL [SVM TokenSet 3 244 20.0 | 249,364 8 23 14 124
SVM Trigram 5 859 79.0 | 250,920 25 127 46 415
SVM Winkler 8 2,022 196.5 | 295,800 62 409 110 1,225
SVM comb. (1 attr.) 13 2,400 275 >500,000 83 590 154 1,481
SVM comb. (2 attr.) 99 4,320 482 >500,000 232 1,364 196 36,090
IMARLIN [(ADTree ED (1) 329 76 10,090 22 64 41 161
IADTree ED (2) 582 96 17,427 37 119 57 244
IADTree Cosine (1) 157 71 301 1 89 2 98
IADTree comb. (1 attr.). 7 951 104 28,476 40 340 95 373
IADTree comb. (2 attr.) 12 1,553 324 46,501 551 3,456 10,299 41,615
SVM ED (1) 633 117 257,982 28 231 66 333
SVM ED (2) 979 146 445,575 44 192 80 465
SVM Cosine (1) 4 267 41 7,696 10 143 26 186
SVM comb. (1 attr.) 9 1,336 157 >600,000 68 552 127 498
SVM comb. (2 attr.) 20 2,196 375 >900,000 324 3,747 13,768 55,632

use the SVM for two combined match strategies using all three
similarity measures either on one or on two attributes. Figure 3b
shows the results for MARLIN separated by the employed learner,
first for MARLIN’s decision tree implementation ADTree
followed by the SVM results. For both learners we applied the
two similarity measures Edit Distance and Cosine. EditDistance
was used in the single-step as well as the two-step learning
approach. Cosine was just applied in the single-step approach as it
has limitations in the two-step implementation as mentioned by
the authors in [4]. We also tested combined match strategies using
the two similarity measures either on one or on two attributes for
single-step learning. In total, 15 different learning-based
approaches are considered.

For the easy bibliographic match task DBLP-ACM, we observe
that both FEBRL and MARLIN are able to achieve stable results
already for very small training sizes of 20 labeled entity pairs with
all evaluated approaches. For the more challenging bibliographic
match task DBLP-Scholar, for both FEBRL and MARLIN the
SVM strategies combining several matchers on two attributes
perform best and achieve F-measure results of 88-89%. The best
one-attribute strategies are the combined SVM approaches and
SVM using trigram (for FEBRL) or EditDistance (MARLIN). All
approaches have substantial difficulties with the e-commerce
match tasks, especially for training sizes smaller than 500 entity
pairs. The best match quality is always achieved for the combined
strategies using all similarity measures on two attributes, followed
by the combined approach on one attribute. This underlines that
the learners are able to effectively find a combination of several
matchers. The decision tree learner of MARLIN is mostly inferior
to the SVM-based results. The SVM learner of MARLIN
performs slightly better than the one of FEBRL for smaller
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training sizes. However, for 500 training pairs both SVM learners
perform similarly well and achieve a top F-measure of about 71%
for Abt-Buy and (only) 60% for Amazon-GoogleProducts. From
the single similarity approaches FEBRL with trigram and
MARLIN with cosine similarity performed best for the
e-commerce tasks. For MARLIN, the 2-step learning for Edit-
Distance was always better than the 1-step approach but still too
ineffective for the e-commerce tasks. Here the rather long product
names and product descriptions tend to favor token-based
similarity measures such as cosine, trigram, or the unsupported
TF/IDF similarity.

There are huge differences between the approaches regarding
execution time as can be seen in Table 3. In general, the execution
times for the considered learning-based approaches are
significantly worse than for the non-learning approaches. Nearly
all learning-based approaches do not scale with larger input sets
and are unable to match sufficiently fast on the Cartesian product.
For the largest match task DBLP-Scholar execution times of hours
to days are needed, the most effective combined approaches
exceeded our limit of 500,000 seconds. On the blocked datasets,
the approach with the fastest execution time for all match tasks is
the FEBRL approach with the TokenSet Cosine measure. The
combined match approaches on two attributes take the longest
time for blocking, too. They are more than a factor 2 slower than
the other learning-based approaches and (except for DBLP-ACM)
requires execution times in the order of minutes to hours.

3.2.3 Non-learning vs. learning-based

Table 4 shows a brief summary of the maximum F-measure results
achieved for each of the considered non-learning as well as
learning-based approaches. For three of four tasks the commercial



Table 4: Summary of evaluation results (F-measure in %, top values are underlined)

DBLP-ACM DBLP-Scholar Abt-Buy Go ;’;‘lzi‘,zr‘(’)‘;'uc "

1 attr 2 attr 1 attr 2 attr 1 attr 2 attr 1 attr 2 attr
COSY 96.2 93.8 84.5 82.9 70.7 65.8 62.1 62.2
FEBRL FellegiSunter 97.6 96.2 57.2 81.9 44.5 36.7 48.4 53.8
PPJoin+ 91.9 - 77.8 - 474 - 41.9 -
FEBRL SVM comb. 97.3 97.6 81.9 87.6 44.5 71.3 46.5 60.1
MARLIN ADTree comb 96.4 96.4 82.6 82.9 18.4 54.8 45.0 50.5
MARLIN SVM comb. 96.4 97.4 82.6 89.4 54.8 70.8 50.5 59.9

COSY approach performs best for matching on one attribute.
However for two match tasks its quality degrades when using two
attributes. The learning-based approaches, on the other hand,
always improve for matching on two attributes compared to only
one attribute underlining their potential to effectively combine
different match criteria. SVM learning was most effective and the
FEBRL and MARLIN implementations perform similarly well for
training size 500. They achieve the top F-measure for three of the
four match tasks for matching on two attributes. The learning-
based approaches from FEBRL perform better than the non-
learning FEBRL (FellegiSunter) approach, especially when
considering two attributes. The good quality of the learning-based
approaches on two attributes comes at the expense of significantly
higher execution times. With a single matcher on just one attribute
the learning-based approaches could not exploit their potential to
combine several matchers and thus turned out to be inferior to the
non-learning approaches considering both match quality and
execution times.

The relatively low match quality for the e-commerce task asks for
further improvements, e.g., by considering additional similarity
measures such as TFIDF and/or further attributes and spending
more training effort on learning.

4. RELATED WORK

There has been a large body of research on entity resolution and
its variations. Recent surveys include [2], [20], and [24]. Most
previous studies used a single match approach like threshold-
based attribute matching (similarity join [5]), clustering [26], or
context-based matching [1], [12], [33].

Most published entity resolution evaluations also focus on
individual approaches and use diverse methodologies, measures,
and test problems making it difficult to assess the quality of each
approach, not to mention their comparative effectiveness and
efficiency. There have been few attempts for more comparative
evaluations, e.g., comparative evaluations of different string
similarity metrics [11], [19], blocking approaches [3], [14], and
clustering algorithms [17]. Standardized benchmarks for object
matching are useful for comparative evaluations; first proposals
exist [28], [32] but have not yet been implemented or applied.

Existing matching frameworks such as FEBRL and MARLIN
have been used in several evaluation scenarios for non-learning
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matchers. The authors of [8] present a comparison of FEBRL's
string similarity functions for personal name data. The evaluation
results demonstrate that there is no single best name matching
approach and the type of personal name data has to be considered
when selecting a matching technique.

Blocking techniques as provided by matching frameworks are also
subject to comparative evaluation. For example, [27] compares a
learned blocking scheme to a hand-crafted blocking strategy
implemented in MARLIN. The results indicate that learned
blocking schemes can achieve a significant higher reduction rate
by a comparable pairs completeness.

The decision model is a crucial aspect for match techniques that
combine different similarity measures and, thus, several
approaches have been compared individually to the techniques
implemented in FEBRL and MARLIN. A matching approach
based on genetic programming is presented in [5]. The
automatically generated similarity function can improve the match
quality in comparison to FEBRL's FellegiSunter method. [15]
introduces an enhanced clustering-based decision model of entity
resolution. The comparison to the probabilistic decision model of
FEBRL shows that it can achieve similar accuracy but with
smaller training data. Finally, the authors of [7] compare their
programmatic matching techniques to the SVM implementation of
MARLIN. They report that the recall values of their operator trees
are comparable to that of the SVM for their evaluation settings.
Unfortunately, without considering further quality measures such
as precision or F-measure and comparable evaluation settings the
generality of such findings remains open.

Most previous evaluations of learning-based approaches have
provided only limited information on how training examples
where acquired and how many were necessary to achieve the
stated results making it difficult to judge whether good results
were due to the approach or clever (time-consuming) manual
training data selection. The authors of [5] present a first study on
evaluation and training-set construction for training-based
approaches. We present a study of different generic methods for
automatically selecting training data to combine and configure
several matching techniques in [21].

In [22] we used the same test data sets as in this paper to evaluate
our own training-based approaches in comparison with COSY.
For all match tasks the learning-based approaches improved F-



measure compared to COSY and the results reported here. The
learning-based approaches in [22] combine the results of eight
matchers (four similarity measures on two attributes); the best
match quality was achieved by a multi-learner approach
combining the results of several learners.

S. SUMMARY AND OUTLOOK

We presented a comprehensive and comparable evaluation of
existing implementations of non-learning as well as learning-
based entity resolution approaches on challenging real-world
match tasks. Our evaluations reveal big differences regarding
match quality and execution times.

It turned out that the commercial implementation COSY is very
effective and efficient for matching on one attribute. However, it
was not always able to effectively use more than one attribute for
improved match quality. The learning-based match strategies
using SVM, on the other hand, outperformed the non-learning
approaches for the combined usage of several matchers on more
than one attribute. While the SVM approaches effectively solve
simple bibliographic match tasks with little training, more training
is needed for the challenging e-commerce tasks (500 training pairs
in our evaluation). Furthermore, the combined learning-based
approaches could only be executed on blocked datasets and
required the highest execution times of all match strategies.

The best scalability was observed for the very fast single-attribute
PPJoin+ implementation which was even faster than COSY and
can be applied on the unblocked Cartesian product (execution
time of at most 7 s). Hence scalability to large test cases needs to
be better addressed in future approaches, especially for learning-
based approaches.

The e-commerce tasks turned out to be quite challenging for all
approaches and could not be effectively solved. More
sophisticated methods are needed there.
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