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ABSTRACT

The need to construct data transformations arises frequently in
data preparation, integration, discovery, and analysis. Systems like
Auto-Join [16] or FlashFill [5] automate this task by composing
primitive operations into transformations that achieve a given ob-
jective. Transformation search is challenging due to the large search
space as well as the diversity of operations and objectives. Because
of this heterogeneity, optimizations proposed in prior work are
often limited to specific applications. In this work, we leverage
cheap column-level statistics to improve the search efficiency of
any transformation search system by pruning a large portion of the
search space. Integrating our approach into the Auto-Join system,
we improve its runtime by ~ 2000X on average.
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1 INTRODUCTION

Due to the heterogeneity of data and schemas, transformations are
often a necessary precursor of data discovery, integration, prepara-
tion, and analysis. Manually composing such transformations from
atomic operations is a challenging and time-consuming task, and
in most cases, requires both domain knowledge as well as a deep
understanding of downstream tasks.

However, efficient automation of transformation search is chal-
lenging for several reasons: (i) large search space: most tasks require
atomic operations to be composed into sequences or workflows,
resulting in a search space that is exponential in the number of
steps in a transformation. Furthermore, the number of candidate
operations for each step is already quite large as operations are
often parameterized. (ii) diversity of operations: use cases of trans-
formation search are quite diverse in terms of the operations they
consider (e.g., string operations for programming-by-example in
spreadsheets versus type and unit conversions for discovery of
unionable tables). The net effect is that strategies for pruning the
search space are often specific to the set of considered operations
and do not generalize to other use cases. (iii) lack of effective progress
metrics: efficient exploration of the large search space requires
heuristics that estimate, for a partial solution, how much progress
has been made towards the target to guide search into productive
directions. However, for transformation search there are often no
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Figure 1: Searching for transformations for equi-join.

obvious ways to estimate progress, requiring the execution of many
candidate transformations.

These challenges have motivated a broad body of work on au-
tomating transformation search across several settings: generalizing
input-output examples for spreadsheet transformations into trans-
formation programs [1, 5-7, 14, 17], transformation search for data
discovery and joinability [10, 16], interactive data wrangling [8],
learning-based program synthesis using large language models [11],
and data-driven optimizations that exploit syntactic or semantic
profiles to accelerate search [12, 13].

However, despite this progress, transformation search remains
an expensive operation, and existing optimizations are mostly lim-
ited to specific tasks and classes of transformations. In this work,
we propose a radically different approach for improving the effi-
ciency of transformation search. Instead of proposing yet another
transformation search method, we identify common primitives that
are applied in the majority of transformation search algorithms
and study techniques for optimizing these primitives. Any existing
transformation search algorithm can then utilize this library to
improve search performance. As operations are typically parame-
terized, e.g., substr(x, b, e) returns a substring of x and is parameter-
ized by b (start) and e (end), search algorithms have to apply many
candidate operations to columns! for a large space of parameter
settings. For example, in Figure 1, a valid sequence of operations to
transform the left column (Csoyree) into the right column is to ap-
ply split(Csources ¢ ;»0) (splitting on semicolon and returning the
first element). A transformation search algorithm will have to test
many such candidate operations. However, most such candidates
will fail, e.g., split(Csources ¢, ’,0) is not applicable as there are no
commas in the source column. We model such failure cases through
preconditions of operations. We demonstrate how to automatically
select appropriate lightweight statistics which we refer to as column
profiles, and use them to test preconditions of operations without
having to evaluate them over all values in a column. Furthermore,
we exploit profiles to prune large parts of an operation’s parameter
space. As long as the preconditions are correct, we only prune can-
didates guaranteed to fail, preserving the results of the underlying
search algorithm. The preconditions can be manually crafted by
the user or inferred using existing techniques such as symbolic or
concolic execution [2, 3], LLM-based precondition synthesis [9, 15],
or program transformation-based predicate formulation [4].

!Even though transformation algorithms such as creating spreadsheet transformations
by example would seem to not fit this pattern, we can in fact consider the input
examples (output examples) as columns to handle such approaches in our framework.
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2 FRAMEWORK

We now present our framework for pruning the search space during
transformation search using operation preconditions and column-
level statistics. We first describe transformation operations and
preconditions supported by our framework, then we cover lifting of
operation preconditions to profile-based preconditions, and finally
demonstrate how these are leveraged during search.

2.1 Operations and Preconditions

Data model. We consider scalar types including B (Boolean values),
S (strings), A (single characters), N (integers), ...and use v, vy, . ..
to denote values of a scalar type. Every scalar type contains the
special value L. A column C is a vector of scalar values of a type 7:

C =(v1,02,...,0p)

We use [7] to denote the type of vectors with element type 7, use
C,C’,Cy, ... to denote column types, C[i] to denote the i" element
of a column C, and |C| to denote the number of elements in C.

Atomic operations. We consider transformations that are built
from atomic operations, or operations for short, which are strictly
typed functions that take as input one or more arguments of a
column type and return one or more columns. Optionally, opera-
tions can take additional non-column arguments that we refer to
as parameters. To simplify notation, we only consider operations
that take a single column of type C;;, as input (by convention the
first argument of the operation) and return a single column of type
Cout- That is, an operation op with n parameters has type:
op: Cip X oX...Xx1 =  Cout

~—— ———— —

input col. parameters output col.

For example, a parameterless operation tolower that changes every
value in a string column to lower case would have type [S] — [S]
and the operation substr with two parameters (begin and end) has
type [S]XNXN — [S]. Note that we expect operations to return L
to indicate failure.? As a convention, scalar arguments of functions
are denoted as x, column arguments as X, and parameters as p
and other lowercase letters. We often will specify operations as
functions that take scalar values as input and implicitly assume
that their semantics on columns is defined as mapping the scalar
operation over the values in a column. For instance, the substr
operation from above, could be defined as a scalar operation with
type SX N XN — S:

x|b:e] ifb<eAe<len(x)Ax# L

L otherwise

substr(x, b, e) = {

That is, substr returns the substring of v between b and eif (i) b < e,
(ii) the string is longer than e characters, and (iii) the input is not
L. Otherwise, the operation fails (returns L).

Preconditions. It is often possible to identify preconditions for
operators that determine whether an operation is applicable to a
value in a column (returns v # L on inputs other than ). Formally,

2In the actual implementation of the framework in Python, operations may return
None or raise an exception to indicate failure. Such implementations can be wrapped
to comply with the requirements of our framework and we can adjust the choice of
what value is used to encode L to simplify adoption of our framework.

for an operator op : [7in] X 71 X ... X T, = [Tout], @ precondition
Vi Tin X 71 X ... X T, — B has to satisfy forall v # L:

=(x,p1s---spn) = op(x,p1,...,pn) =L

That is, preconditions are sound indicators of inapplicability of
operations: if the precondition fails for a value v and parameter
values vy, . . ., v, then the operation will fail on v for this parameter
setting. This is important, because for more complex operations,
it may be infeasible to specify a condition that covers all possible
failure cases. The power and generality of our framework stems
from the fact that inapplicability of operations to a column under
some parameter settings can be determined based on these precon-
ditions alone without requiring further semantic understanding
of the operation, the objective of the transformation search, and
how the search algorithm traverses the search space. Furthermore,
we present techniques for automatically lifting a general class of
operation preconditions to preconditions over column statistics.

For example, consider the substring operation substr from above,
one possible precondition is that the input string x should be long
enough for the substring to be well-defined:

¥ (x,b,e) :=len(x) > e (1)

As another example, consider operation split(x, d, j) which splits
string x on each occurrence of delimiter d and returns the j** (start-
ing from 0) element. Obviously this is only possible if d appears
at least j times in x. Using a function count(s, u) that counts the
number of occurrences of u in string s, we can test this with the
following precondition:

" (x,d,j) = count(x,d) >j 2)

This precondition counts occurrences of a delimiter in a string
ensuring that there are sufficiently many occurrences for the split
to produce at least j + 1 elements.

Given an application-specific threshold 8 on the fraction of val-
ues in a column for which an operation has to be applicable to be
considered a valid candidate, we can lift a scalar precondition ¢ to
a column-level condition ¥p:

Yy (X,p1s---spPn) = Hilie[11X]] /\lf(ﬁx[i]’Pb-..

The threshold will be dependent on the application and may even
vary during search. For instance, for programming-by-example,
we may want to require that the operation is applicable to all user
inputs (the full column), while for transformation search for join
discovery, it may be acceptable if some fraction of column values
cannot be transformed and thus will not find join partners.

. )} >0

2.2 Column Profiles and Preconditions

Operation preconditions can be used to prune candidate instan-
tiations of operations for a given input column C and parameter
setting. However, this requires evaluating the precondition over
the full column. A major insight we exploit in this work is that
for every precondition ¢ in a very general class of preconditions it
is possible to automatically derive a profile-based precondition ¥
that implies or even is equivalent to ¥ and can be tested based on
lightweight column-level statistics we call column profiles. To speed
up transformation search, we would generate a column profile con-
taining the appropriate statistics for all operations considered in a



search and from then on only operate by testing preconditions over
the profiles, thereby reducing the cost of individual applicability
tests from O(|C|) to O(|Pc|) where P is the profile for the column
whose size is typically independent of |C]|.

Normalized preconditions. In this section, we only consider
preconditions in the normal form shown below where p and p =
p1s- .., pm are parameters of the operation for which we are con-
structing a precondition, k is a constant, and f is a black-box func-
tion:

f(x,p) =k f(x,p) = p (precondition normal form)

While this may seem limiting at first, note that because we do

not place any restrictions on f, any precondition we have observed
in practice can be translated trivially into this normal form. For
example, if { is an expression returning a Boolean value, i.e., { :=
e(x, p), then we can normalize it using the indicator function 1[-]:
Unorm = ' (x,p) = 1 for f' := 1[e(x, p)]; if ¢ := f(x,p) < k we can
normalize it using ' (x, p) := —f(x, p), and so on.
Column profiles. Given a normalized precondition i with func-
tion f and a threshold 0 for the fraction of column values that should
fulfill ¢, we can determine whether ¥y (X, p) holds based on the
value of the 1— 6-tile of f(v, p) over column C. That is, given a set P
of possible settings for p we have to compute the following statistic
for each ¢ € P:

PelfI[e] = qrue,_ ({fCLLD [ic[LIC)) O

Here, QTILE, (S) for y € [0, 1] computes the y-tile of ordered
set S, i.e., the smallest value such that precisely a fraction |y - |S|]
of values in S are smaller than or equal to QTILE, (S). Given a
set of normalized preconditions {lﬁi}Ll, a column profile Pc for a
column C then collects all relevant statistics needed to evaluate the
preconditions in {1//1-}5:1. That is, Pc stores parameterized statistics
for every function f appearing in some ; and every ¢ € P for each
Vi
Profile-based precondition. Given a normalized precondition
¥ = f(x,p) > k, we can derive a profile-based precondition ¥ that
only accesses the profile of a column as follows:

¥y (X, p) = Px[f][p] = k (profile-based precondition)

Critically, ¥ is equivalent to V.
PROPOSITION 1 (PROFILE PRECONDITION CORRECTNESS). Given a
precondition  := f(x, p) > k in normal form, we have:
¥y (X, P) = ¥o (X, P)
As an example of the generation of profile preconditions consider
the precondition ¢’ from Equation (1) for operation substr(x, b, e)

with a threshold of @ = 0.5. Furthermore, consider the column
shown below:

C =(‘Smith, Sr.’, ‘Bob,S’, ‘Johnson’, ‘Jobs, PhD’, ‘Bale’)

Precondition ¥j . (C, 1, 6) evaluates to true as 3 out of 5 values (more
than 50%) fulfill the condition as these values have more than e = 6
characters. This condition is almost in normal form, we can simply
substitute len(x) with len(x) — 1 to get:

" (x,b,e) =len(x) —12>e

Note that none of the parameters passed to substr are used in the
LHS of the comparison. Let f = len(x) — 1, applying f to all values in
a column values and taking the quantile, we get the profile statistic
for "’ as a single value:

Pcllen] = QTILE) 5 ({9,4,6,8,3}) =6.

As claimed in Prop. 1, we get ‘i’(;_’g(C, 1,6) = Pc[len] > 6 = true.

Now consider precondition /"’ from Equation (2) for operation
split(x, d, j) which is already in normal form and requires that the
input string has to contain at least j instances of delimiter d: "’ :=
count(x, d) > j. Note that parameter d is passed to count. Thus, the
profile for the column will contain the 0.5-tile for all values of d
considered by the search algorithm. For example, if we assume that
£’ are considered then we get

,7and ¢;
Pc[count][,’] =3 Pc[count][¢;’] =0,

’

as 3 values contain the character ¢, ’, but none contain *;’. Thus,
the (profile-based) precondition fails for ¢;’, but succeeds for *,’.

Note that storing quantiles for every possible parameter setting
in P for a precondition is feasible, because typically P for arguments
to f is small. In instances where this is not the case, we could group
parameter settings and maintain a lower bound on f across all
settings in the group as a smaller profile statistic with potentially
lower pruning power. We leave further exploration of this idea
to future work. Furthermore, profiles are specific to thresholds
and we allow the thresholds to vary across preconditions. While
in most settings such thresholds would be set globally, if we want
to allow search algorithms to adjust thresholds during the search
without requiring our framework to recompute column profiles
whenever a threshold is adjusted, we could precompute profiles
for a small number of thresholds and then use the next larger
precomputed threshold instead of the threshold provided to us by
the search algorithm. For example, if we only compute profiles for
0 €{0.1,0.2,...,0.9,1.0} then for threshold 0.35 we would instead
use the profile computed for 8 = 0.4 as it results in a more restrictive
condition.

2.3 Integration with Transformation Search

We model transformation workflows 7~ as directed acyclic multi-
graphs (DAGs) whose nodes are atomic operations and where edges
labeled (i, j) denote dataflow: the i*" output of an operation is
passed as the j" input of the next operation (here we consider
the more general definition of operations that can have multiple
input and output columns). Our framework integrates with an
existing search algorithm in two ways, both requiring operation
preconditions as part of the input.

Candidate-level pruning. The search algorithm generates can-
didate operations for a given column C and parameter assign-
ment ¢. Before executing a candidate operation op(C,c), it calls
1SAPPLICABLE(op, C, ¢) from our framework to test whether the can-
didate should be pruned. In turn ISAPPLICABLE generates a column
profile unless one exists already and then uses the profile-based
preconditions to determine whether the operation is guaranteed
to fail. When using 1SAPPLICABLE in this fashion, our framework
reduces the runtime of evaluating candidate operations as profiles
have to be created only once upfront and preconditions have to
only be checked on profiles instead of full columns.
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Figure 2: Size of the explored search space (number of instan-
tiated operators) for Vanilla Auto-Join versus Auto-Join with
our profile-based pruning techniques.

Parameter-space pruning. The search algorithm can also use
PRUNEPARAMETERS which returns a subset of an input parameter
space P for an operation. In the worst case, this requires testing
all settings in P. However, for preconditions that are monotone or
antimonotone in a parameter p, we can prune the search space
for p using binary search. For example, ¢’ (x, b,e) := len(x) > e
from Equation (1) is monotone in parameter e. If the maximum
string length in a column is 5, then all substr candidates with end
position e greater than 5 can be pruned without evaluating the
profile precondition explicitly for each such candidate.

3 CASE STUDY: AUTO-JOIN

As a proof of feasibility, we apply our framework to a joinability
task using Auto-Join [16] as the transformation search algorithm.

Auto-Join’s search algorithm. Auto-Join takes a source table T
and a target table T;, and searches for a transformation that makes
their key columns equi-joinable. It identifies candidate joinable row
pairs via g-gram matches and then uses them as input-output ex-
amples to find a transformation. The search algorithm enumerates
candidate operations and their parameter instantiations, returning
the transformation with the minimum number of operations that
is consistent with the examples.

Operations & preconditions. Auto-Join supports four operations:
Constant, Substr, SplitSubstr, SplitSplitSubstr. We manually con-
structed preconditions for these operations, some of which were
already discussed as examples in the previous section. For each
source column, we compute profiles with a pruning threshold 6 = 1.

Integration. We integrate our framework into Auto-Join by adding
a call to our library’s PRUNEPARAMETERS primitive after Auto-Join
enumerates the candidate parameter space for an operation. We
specify preconditions as Python lambdas alongside each operation’s
definition, which required fewer than 10 lines of code.

Setup. We ran experiments on an Apple MacBook Pro M3, with 8
GB RAM, running macOS 15.5. Our framework is implemented in
Python 3.14. We used the Web benchmark from [16], consisting of
31 transformation tasks with ground truth, with a one-hour-per-
task timeout, averaged over three runs (tasks that timed out are
excluded).
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Figure 3: Runtime of Vanilla Auto-Join versus Auto-Join us-
ing our framework on the benchmark tasks from [16]. Our
approach improves performance by one to over four OOM.

Results. We compare our approach with vanilla Auto-Join on two
metrics: runtime and search-space reduction. Profile-based prun-
ing improves runtime on every task (Figure 3), with an average
speedup of ~ 2000x and a maximum of ~ 22, 000X on vegetables,
where vanilla Auto-Join takes 458 seconds and our approach takes
0.02 seconds. Even on tasks where Auto-Join is already fast (0.2s on
sharif username to email), pruning still delivers a 78x speedup.
These gains come from skipping transformations whose precondi-
tions are bound to fail based on the column profile alone, avoiding
both candidate instantiation and the column scans needed to eval-
uate them. We expect the relative savings to increase further at
data-lake scale, where the cost of evaluating infeasible candidates
over full columns dominates. Figure 2 shows that our approach re-
duces the number of instantiated operator-parameter combinations
across all benchmark tasks. In addition to search space reduction,
runtime improvements are also affected by the cost of evaluating op-
erations on a column, e.g., dataset duke cs prof's has long strings,
so runtime improvements far exceed the reduction in search space
size while at the other end of the spectrum for sharif username
to email the cost of evaluating string operator is low and runtime
savings underperform the reduction in search space size.

4 CONCLUSION & FUTURE WORK

Automated search for transformations is essential for many applica-
tions including programming-by-example in spreadsheets, schema
matching, data discovery, and many others. However, developing
general and efficient transformation search techniques has been
challenging due to the large search space and diversity of operations
used in transformations. In this work, we present a framework that,
based on operator preconditions, automatically selects lightweight
statistics to maintain as column profiles and generates conditions
on profiles for pruning candidate operations. Our techniques can
be easily integrated into any transformation search algorithm to
improve its performance. In future work, we will evaluate our ap-
proach on a wider selection of transformation search algorithms,
consider probabilistic pruning based on column profiles computed
on samples for very large columns, and extend our approach to
more general classes of transformations, such as constraint-based
cleaning operations. We will also explore our framework’s integra-
tion with LLM-based transformation systems, to formally verify
transformations they produce and improve their scalability [11].
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