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(a) Average precision

(b) Average recall

(c) Average synthesis time

Figure 3: Experimental Results

advantage over algorithms such as FlashFill which considers all
possible transformations that are consistent with the examples
before ranking them and choosing the best one.

5 EVALUATION

In this section we perform a comparative evaluation* involving
SynthEdit and an implementation of FlashFill from PROSE SDK?,
using 33 real world datasets®, used in a related work [12]. Each
dataset consists of up to 200 example instances from several
domains such as person names, websites, songs, etc.

We report the average precision, recall and synthesis time over
all datasets computed using K-fold cross-validation (k = 10) and
various number of examples. At each iteration (fold), we synthe-
size a transformation program from n randomly picked example
instances and test on the remaining instances. For the purposes
of computing precision and recall, we count as a true positive
any input string that is correctly transformed, i.e., the result of
the transformation is similar to the expected output; as a false
positive any input string that is incorrectly transformed; and as a
false negative any input string that is left unchanged, i.e., there is
no transformation synthesized for its format representation.

Comparative e [ectiveness: Avg. precision and recall as the
number of examples varies. The precision results are shown
in Figure 3a. SynthEdit achieves lower precision compared with
FlashFill for the different numbers of examples. The difference
can be explained by the ability of FlashFill to better generalize
transformations as more examples are added by using a clas-
sifier trained on example instances. This allows it to correctly
transform strings with format representations not covered by the
examples. Conversely, SynthEdit performs a strict mapping be-
tween format representations and transformations and, therefore,
requires at least one example instance for each format representa-
tion it transforms. For the last two cases, i.e., 64 and 128 examples,
FlashFill required more RAM memory than was available.

The classifier employed by FlashFill to pick the right transfor-
mation given a new input string can become confused when some
examples are too similar to each other in terms of the features
used during learning. This means that for some input strings
FlashFill fails to identify an appropriate transformation or the
transformation picked is not consistent with the input, e.g., the
transformation expects a type of token that is not present in
the input. The consequence is a drop in recall visible in Figure
3b as the number of examples increases. By contrast, SynthEdit

*Experiments were run on a 2.60 GHz Intel Core i7-4720HQ CPU with 8 GB RAM.
Shttps://microsoft.github.io/prose/
®www.microsoft.com/en-us/research/wp-content/uploads/2016/12/
WebTableBenchmark.zip

oo

achieves better recall because more examples enables it to better
differentiate between transformation cases.

Comparative e Lciehcy: Avg. synthesis time as the num-
ber of examples varies. Figure 3c confirms the high complexity
of FlashFill when the number of examples increases. Conversely,
SynthEdit proves more than two orders of magnitude faster in
synthesizing transformations. As opposed to FlashFill, SynthEdit
does not aim to exhaust the search space of transformations for
each example instance. Our algorithm uses edit distance com-
putations to find the shortest path between the token-type rep-
resentations of the source and target strings. Consequently, the
transformation language is simpler but more efficient to learn.

6 CONCLUSIONS

We have contributed an effective and efficient solution to the
problem of automating format transformation given input-output
examples. We have used an edit distance based approach that
identifies the shortest path from a source string to a target string
and uses fuzzy matching of source and target tokens to generalize
transformations applicable on new input strings, similar in format
representation with the examples. Results from a comparative
evaluation provide evidence that SynthEdit performs substan-
tially more efficiently than the state-of-the-art while achieving
better recall at the cost of slightly reduced precision.
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