
ABSTRACT

ZHANG, GUOQIANG. Cross-Boundary Optimization of Data Analytics Programs. (Under the
direction of Xipeng Shen).

Performance is critical to data analytics programs. To address the performance issue, people
have developed many third-party components (TPCs), e.g., Numpy, Spark, and SQL engines,
with various performance optimization techniques, including data parallelism, lazy evaluation,
and query planning. Most of these traditional optimization techniques only focus on the TPC
that they are embedded in, but do not consider the code outside the boundary of the TPC. This
in-boundary view misses a lot of optimization opportunities across the boundary of TPC.

We thus propose cross-boundary optimization, a type of optimization that focuses on
optimizing code around the TPC boundaries. The core challenge of cross-boundary optimization
is to retain the unified semantics of the code on both sides of the boundary, which involves
unifying different design patterns, different abstractions, and different languages.

In this thesis, we identify three types of TPC boundaries respectively between TPC and
host code, between TPC and user-defined extension, and between different TPCs. For each type
of boundary, we identify optimization opportunities around it and propose a novel method to
optimize them. Experiments on these methods show that they can significantly accelerate data
analytics programs.
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CHAPTER

1

INTRODUCTION

Data have been a driving force of modern society. People rely on insights produced by data
analytics programs to make all kinds of decisions. To obtain timely and economic data insight,
data analytics programs need to be efficient. However, as the amount of data to be analyzed is
ever-growing, high-performance data analysis has been an increasingly challenging problem.

To address the performance challenge, people have developed for data analytics many
third-party components (TPC), including libraries (e.g., Numpy [WCV11]), frameworks (e.g.,
Spark [Zah+10]), and DSL runtimes (e.g., SQL [GWO99] engines). These TPCs have various
kinds of performance optimization techniques built-in. Some widely employed techniques
are data parallelism [HS86], lazy evaluation [Mor+11; FTA14; CMSL16], and query plan-
ning [Cha98].

Most of these traditional optimization techniques share one common trait: Their optimization
scopes are all within the TPC boundaries. In other words, they are only effective when data
flowing through the TPC that they are embedded in, but have no control on how data are
processed in other components as well as how data are fed into the TPC. This in-boundary
optimization strategy is a reasonable choice, because it is generally hard to obtain knowledge
about other components.

1
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Figure 1.1: Types of boundaries enclosing a third-party component (TPC)

However, how a TPC cooperates with other components is important to the performance
of data analytics programs. Traditional TPC-embedded techniques cannot effectively optimize
inefficient cooperation, as they either are not aware of other components or simply treat other
components as black boxes. Thus we start from a holistic perspective of data analytics pro-
grams and propose novel methods that focus on optimizing cooperation of multiple program
components. We call such methods cross-boundary optimization.

From a high-level view, cross-boundary optimization involves two challenging tasks: (1)
to understand the unified semantics of the code on both sides of the boundary, such that the
program can be safely optimized; and (2) to rewrite the code to achieve better performance.
Both tasks are challenging because they need to unify boundary-separated components, which
involve different design patterns, abstractions, and languages.

As shown in Figure 1.1, we classify the boundaries of TPCs into three types. First, the
boundary type 1 is between the TPC and the code hosting it. This is usually materialized as
invocations of TPC programming interfaces in the host code. Second, the boundary type 2 is
between the TPC and a user-defined extension. Many TPCs allow users to implement modules
that can extend their built-in functionalities. For instance, a SQL query engine often allows
calling user-defined functions (UDF) written in general procedural languages (e.g., Scala).
Finally, the boundary type 3 is between two TPCs. In this thesis, we focus on the case of
exploiting existing optimization techniques in one TPC (e.g., Spark SQL [Arm+15]) to optimize
programs written in API of another TPC (e.g., Spark RDD [Zah+12]). Unlike type 1 and type
2 boundaries which have explicit programming interfaces, type 3 boundaries are implicit as
there is no direct communication between involved TPCs. In case that one TPC calls API of
another TPC, or one TPC is an extension of another TPC, the boundary belongs to type 1 or
type 2 correspondingly rather than type 3.

2



Table 1.1: Domains of data analytics programs and involved boundaries studied in this thesis

Chapter Domain Boundary
Type TPC The other component

3 Python programs 1 TPC with Python APIs Host code in Python
4 SQL queries with UDFs 2 SQL engine UDF
5 Functional queries 3 Functional query engine SQL engine

For each boundary type, we identify an important domain of data analytics programs and
propose a novel cross-boundary optimization method to optimize it. Table 1.1 lists these domains
and involved boundaries. More details can be found in Section 1.1.

The remaining content of this thesis is organized as follows. Section 1.1 introduces the
motivations of the three works (one for each boundary type) included in this thesis. Chapter 2
gives common backgrounds of the works. Chapter 3, 4, and 5 present the details of each work.
Finally, Chapter 6 concludes the thesis and discusses future works.

1.1 Motivations of Works

1.1.1 Across the Boundary between TPC and Host Code

To study the optimization opportunity around the boundary between TPC and host code, we
focus on TPCs with Python APIs, as Python has been a popular hosting language for many in-
fluential data analytics libraries and frameworks, including NumPy [WCV11], pandas [McK11],
Spark [Zah+10], Tensorflow [Aba+16], and PyTorch [Pas+19].

A fundamental requirement for program optimization is to understand the data dependency
between program parts, such that the optimizer can adjust the program without changing its
semantics. When it comes to the case of hosting API calls in Python, the data dependency
between API calls and host code is generally hard to analyze because of the dynamic data types
of Python.

We thus propose best-effort lazy evaluation (BELE), a method to dynamically capture data
dependence between Python API calls and the host code during execution of the program. Based
on BELE, we implement a framework called Cunctator that enables holistically optimizing the
host code and API calls. Supported by Cunctator, we develop four proof-of-concept optimizers
for NumPy, Pandas, and Spark. We evaluate the optimizers on real programs collected from
Github and observe significant speedups. Details can be found in Chapter 3.
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1.1.2 Across the Boundary between TPC and User-Defined Extension

For cross-boundary optimization with user-defined extensions, we focus on the user-defined
functions of SQL. Many SQL execution engines allow users to register and call their own
functions defined using general procedural languages (e.g., C, Java, and Scala). While user-
defined functions (UDFs) improve the flexibility of SQL, queries with UDFs are often inefficient,
mainly because most of query optimizers treat UDFs as black boxes and thus do not holistically
optimize them with other parts of SQL queries.

In fact, many UDFs can be translated to SQL expressions using built-in SQL functions.
A previous work Froid [Ram+17a] leverages this fact to translate an SQL query with UDFs
to a UDF-free SQL query before further optimizing the query, such that the computations in
UDFs can be optimized together with other parts of the query. Froid performs the translation
using syntactic rewrite rules, and cannot handle loops. However, in modern big data analytics
programs that utilize SQL (e.g., Spark SQL [Arm+15]), UDFs with loops are common.

To translate UDFs with loops to SQL expressions, we turn to a program synthesis method.
Program synthesis means searching for a target program that satisfies a given specification.
In our case, the specification is a UDF, and the target program is an SQL expression that is
semantically equivalent to the UDF. However, traditional program synthesis methods do not
scale well, and take too long time to find complicated target programs. To address the scalability
issue, we propose compositional lazy inductive synthesis (CLIS) that exploits the composiblity
of both source UDFs and target SQL expressions. Evaluation on real UDFs collected from
Github shows that CLIS can translate most of UDFs to SQL expressions if a translation exists.
After the translation, the programs’ performance is significantly improved. See Chapter 4 for
details.

1.1.3 Across the Boundary between TPCs

For optimization across multiple TPCs, we study a fundamental problem of translating a program
written with one TPC to a program written with another TPC. If such a translation is feasible,
we can generalize it to the cases of programs written with multiple TPCs, through translating
program parts using different TPCs to parts using the same TPC. And once the program parts
are unified with the same TPC, we could apply traditional in-boundary optimization techniques.

Particularly, we are interested in translating to SQL big data queries written in functional
APIs, e.g., map(), filter(), and reduce() in Spark RDD [Zah+12] APIs. Functional APIs and SQL
are two popular ways of writing data analytics programs. Moreover, such translation brings to
functional APIs the advanced SQL optimization techniques developed in decades, which are
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currently not applicable to functional APIs, because SQL optimization techniques require a
theory foundation of relational algebra that functional APIs do not have.

We again seek for a program synthesis method, as such a method requires few assumptions
on source programs. Initially, we employ a variant of the CLIS algorithm. However, preliminary
results show that such an algorithm still suffers serious scalability problems: Many programs
cannot be translated within reasonable amount of time.

Further examination of the problem leads to a novel algorithm that we call column-wise
decomposition. The algorithm exploits the insight that a multi-column SQL query can usually
be decomposed to several smaller queries, each of which corresponds to one column in the
original query. Since the one-column queries are smaller, they take less time to synthesis. Thus
the algorithm first synthesizes one-column queries and then compose them into a complete
query. Evaluation on real Spark RDD programs collected from Github shows that column-wise
decomposition can translate most of Spark RDD programs into SQL if a translation exists. After
the translation, the queries are significantly accelerated. Details can be found in Chapter 5.
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CHAPTER

2

BACKGROUND

In this chapter, we first give background knowledge of the third-party components that we study
in this thesis. They are Numpy (Section 2.1.1), Pandas (Section 2.1.2), Spark RDD (Section
2.1.3), and Spark SQL (Section 2.1.4). In addition, we introduce in Section 2.2 counter-example
guided inductive synthesis (CEGIS) [SL+06] - the fundamental technique used by the two works
presented in chapters 4 and 5.

2.1 Third-Party Components Studied

2.1.1 Numpy

Numpy [WCV11] is a Python library designed to manipulate large multidimensional arrays. It
provides a large collections of high-performance mathematical functions, ranging from common
arithmetic operations (e.g., add) to linear algebra functions (e.g., matmul).

The core of Numpy is ndarray, a data type for n-dimension arrays. Unlike Python’s built-
in list type, ndarray stores homogeneous values in continuous memory. While Numpy
provides high-level Python interface to user, at low-level, ndarray and its mathematical
functions are impelemented in C/C++ and Fortran. Moreover, Numpy leverage CPU SIMD
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instructions to accelerate operations on ndarray. As a result, Numpy functions enjoy huge
performance advantage over counterparts written in pure Python.

2.1.2 Pandas

Pandas [McK11] is another Python library for data analytics. It focuses on tabular data,
also known as Dataframe - a data structure first introduced in the R programming lan-
guage [Tea14]. Conceptually, a Dataframe is a table with labeled columns and rows. To
manipulate Dataframes, Pandas provides APIs to import/export Dataframes from/to var-
ious data formats (e.g., csv and json), and allows a spectrum of operations on Dataframes,
such as selecting, updating, and reshaping. Moreover, Pandas is based on Numpy and thus
inherits Numpy’s high performance. Powered by these features, Pandas has become a handy
tool for data cleaning and data wrangling tasks.

2.1.3 Spark RDD

Spark [Zah+10] provides APIs that can be utilized to write data analytic programs running in
parallel on a cluster through data partitioning. One important set of Spark APIs manipulates
so-called resilient distributed data (RDD) [Zah+12].

RDD is defined as a generic type which represents a logical collection of data. For example,
RDD[Int] represents a collection of integers. Usually, a Spark program does not need to care
about how an RDD is materialized. Spark runtime tries to determine an RDD’s best possible
materialization, such as how the collection is partitioned and distributed to machines, and
whether the data is stored on the disk or in the memory, or even in the register.

Since RDD is just a logical abstraction, it could be virtual, which means that the data it
holds does not have to be materialized until the data is really needed, hence the lazy evaluation

feature in Spark. For instance, for the following Spark program:

sc.textFile("foo").map(x => x.toInt).reduce((x,y) => x+y)

the file loading and the integer conversion in the map call do not get executed until the execution
reaches the reduce call. This lazy evaluation strategy enables pipelining operations, and thus
improve data locality.

As seen in the Spark program example above, many Spark RDD APIs (e.g., map and
reduce) are second-order functions that take as arguments first-order user-defined functions

(UDFs). While the second-order APIs enable automatic parallelization of the program, the
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UDFs offer flexibility of using general-purpose programming languages (e.g. Scala) to express
program-specific logic.

2.1.4 Spark SQL

In addition to RDD APIs, Spark also supports SQL [Arm+15]. Although Spark RDD and
Spark SQL share Spark’s scheduler for distributed processing, their execution paths above the
scheduler are independent to each other, and thus we consider them as two different TPCs. They
not only differs on programming interfaces, but also utilize different optimization techniques.

In general, Spark SQL enjoys better performance than Spark RDD, thanks to the sophisti-
cated SQL optimization techniques developed in decades. Specifically, there are two main SQL
language features that enable its performance advantage over Spark RDD. First, unlike RDD
that can contain objects of polymorphic types, SQL requires the column types of involved tables
to be pre-defined and concrete. Thus, while in-memory RDD are stored as lists of objects, Spark
SQL stores in-memory data more compactly in continuous memory pages, leading to better
data locality and less network load when exchanging data between cluster nodes. Secondly,
SQL’s builtin functions allow users to write queries without UDFs in most cases. Since built-in
functions’ semantics are known, the query optimizer can leverage them in many optimizations,
such as cost-based query rewriting [Sel+89] and whole-stage code generation [Neu11]. On the
other hand, semantics of UDFs are generally hard to decide.

2.2 Counter-Example Guided Inductive Synthesis

Since the two works presented in chapters 4 and 5 are based on counterexample-guided inductive
synthesis (CEGIS) [SL+06], we now give a brief overview of this method for readers who
are new to program synthesis. As shown in Figure 2.1, the CEGIS approach takes as input a
semantic specification ϕ which describes the desired behavior of the output program as well as a
syntactic specification S that constrains the high-level syntactic structure of the output program.
Given these inputs, the goal of CEGIS is to produce a program satisfying both the semantic and
syntactic constraints.

Overview. At a high level, the CEGIS paradigm involves a series of interactions between an
inductive synthesizer and a verifier (see Figure 2.1). The inductive synthesizer takes as input a
set of input-output examples E (initialized to ∅) and the syntactic specification S , and produces
a program P whose semantics is consistent with all examples in E and whose syntax conforms
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Figure 2.1: CEGIS Overview

to S. The proposed candidate program P is then passed to a verifier, which is responsible for
checking whether P actually satisfies the full semantic specification ϕ. If it does, P is returned
as the solution; otherwise, the verifier generates a new input-output example that P does not
satisfy but that any correct program should satisfy. This counterexample is added to the example
set E and the inductive synthesizer is invoked again. This back and forth process continues until
a program is found which matches the semantic specification.

Syntactic specification. The syntactic specification in the CEGIS paradigm consists of (1) the
grammar of the target programming language (in our case, SQL), and (2) an (optional) program
sketch [SL08] that further constrains the general structure of the target program. While the exact
nature of the sketch depends on the application domain, a sketch contains holes that stand for
unknown expressions to be synthesized. Generally, a sketch is useful both for constraining the
search space and also for acting as a regularizer; so, the effectiveness of the inductive synthesizer
often depends on the quality of the provided sketch.

Semantic specification. The CEGIS approach supports a variety of different semantic spec-
ifications, including logical specifications (e.g., expressed in first-order or temporal logic) as
well as reference implementations written in a different programming language than the target
program. Since our goal in this thesis is to transpile UDFs or functional queries to SQL, our
semantic specifications take the form of a reference implementation (i.e., Spark SQL [Arm+15]
UDF and Spark RDD query [Zah+12]).

Inductive synthesizer. In general, there are a number of ways to implement an inductive
synthesizer, including search-based techniques and constraint solving [GPS17]. However, most
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inductive synthesizers perform some form of enumeration, where candidate programs conform-
ing to the syntactic specification are iteratively sampled from the target language and checked
for compliance against the example set. Since inductive synthesis is ultimately a search problem,
almost all instantiations of the CEGIS paradigm impose an upper bound on the size of the
search space considered by the inductive synthesizer. As standard, we assume that the size of
the synthesized program is proportional to the size of the reference implementation [Wan+19b;
VG+20; SSA13].

Verifier. As the synthesizer performs inductive generalization from a set of input-output
examples, the use of a verifier is crucial for ensuring the correctness of the synthesized program.
In addition, the verifier is also responsible for constructing useful counterexamples that the
inductive synthesizer can generalize from. Due to this counterexample requirement, verifiers
that are based on over-approximate static analysis techniques like abstract interpretation [CC77]
are not suitable in this context. Hence, almost all instantiations of the CEGIS paradigm use
techniques like symbolic execution or (bounded) model checking in order to produce valid
counterexamples.
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CHAPTER

3

BEST-EFFORT LAZY EVALUATION

3.1 Introduction

Modern software is built upon APIs. Although APIs typically encapsulate highly optimized
code, suboptimal usage of APIs can cause large performance degradation. Such a problem
is especially common in Python programs, as Python has become the host language of many
popular libraries or domain-specific languages (DSL) targeting performance-demanding tasks,
such as NumPy [WCV11], Pandas [McK11], PySpark [Zah+10], TensorFlow [Aba+16], and
PyTorch [Pas+19].

Suboptimal usage of APIs typically involves a sequence of API calls. For illustration purpose,
we show a simple example in Figure 3.1(a). While the code is simple, it suffers the performance
flaw of a redundant temporary value: S1 creates an object and assigns it to x, but after x points
to another object in S2, Python garbage collector (GC) releases the former object as it now
has zero reference count. The program can be optimized by replacing the second statement
with an in-place operation: numpy.add(x, c, out=x). The argument out=x instructs
numpy.add to reuse x to store the result. The optimization not only improves data locality,
but also reduces memory usage.
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S1:	x	=	numpy.add(a,b)
S2:	x	=	numpy.add(x,c)

(a)

S1:	wa=	weldarray(a)
S2:	x	=	weldnumpy.add(wa,b)
S3:	x	=	weldnumpy.add(x,c)
S4:	x.evaluate()

(b)

S1:	wa	=	weldarray(a)
S2:	x	=	weldnumpy.add(wa,b)
S3:	x	=	weldnumpy.add(x,c)
S4:	a[0]	=	0
S5:	x.evaluate()

(c)

Figure 3.1: NumPy example and WeldNumpy variants

Existing work to tackle the problem of suboptimal API sequence relies on lazy evaluation.
Several API sets, such as Spark [Zah+10], TensorFlow [Aba+16], and WeldNumpy [Pal+17],
have been designed and implemented in that way. They designate some APIs as eager APIs and
the rest as lazy APIs. Invocations of lazy APIs only log the APIs in a certain form rather than
execute them. Once an eager API is encountered, the logged sequence of APIs will be optimized
together and then executed. For instance, Figure 3.1b shows the WeldNumpy version of the
code in Figure 3.1a; the two add operations are not evaluated until S4; before the evaluation
happens, the WeldNumpy runtime optimizes the two add operations and avoids the unnecessary
object creation for x in the second add operation.

A fundamental problem underlying the API-based lazy evaluation is the data dependence
that arises between the invocations of the APIs and the host Python code. Figure 3.1c gives an
illustration. Compared to Figure 3.1b, the difference is that a Python statement S4 updates the
input of S1 before evaluate(). Python statements, by default, are eagerly evaluated. But as
the weldnumpy.add API is lazily evaluated, S2 would end up using the wrong values of a.

Existing frameworks either leave the issue to the programmers (e.g., in WeldNumpy
[Pal+17]), relying on them to put in eager APIs at the right places, or design the library
such that any API that might incur dependencies with the host code is designated as an eager
API, regardless of the context (e.g., in Spark [Zah+10] or TensorFlow [Aba+16]). The former
increases programmers’ burdens, while the latter often misses optimization opportunities due to
its conservative design.

Listing 3.1 shows an example in Spark. It loads a text file (Line 1), splits the lines into
words (Line 2), filters out illegal words (Line 3), counts the number of words (Line 4), sums the
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Listing 3.1: A Spark program with performance issues that are hard to automatically optimize
away

1 lines = sc.textFile("foo")
2 ws = lines.flatMap(lambda l: l.split())
3 ws = ws.filter(lambda x: re.match("^[\w]+$", x))
4 word_count = ws.count()
5 total_len = ws.map(lambda w: len(w)).sum()
6 avg_len = total_len / word_count

lengths of all words (Line 5), and finally outputs the average word length (Line 5). In Spark,
the APIs textFile, flatMap, filter, and map are always lazily evaluated; both count
and sum are always eagerly evaluated APIs because they return values to the host code and
hence the value, in general, could potentially be operated on by the host code. When an eager
API is invoked, Spark fuses relevant lazy APIs together into a pipeline; intermediate results
are not cached. As there are two eager API calls, the lazy operations textFile, filter,
and flatMap are evaluated twice at lines 4 and 5. The solution from Spark is to introduce
extra APIs such that programmers can use them for caching. This “band-aid” solution further
increases the burdens of programmers, who now need to be concerned of not only the usage of
the many existing APIs but also the best places to use the caching APIs.

Our study (Section 3.9) shows that these limitations prevent existing frameworks from
tapping into the full potential of lazy evaluations for Python+API programs, leaving up to 14X
performance improvement yet to harvest.

The primary goal of this work is to create a solution that overcomes the limitations of the
existing methods for enabling lazy evaluation for Python+API programming. The principles
for developing our solution are two fold: (1) It should be automatic such that programmers do
not need to worry about manually finding the best places in their code to insert APIs to trigger
evaluations; (2) it should be effective in postponing API evaluations to places as late as possible
to maximize API optimization opportunities.

The key to both principles is to effectively analyze data dependencies between the host
code and the APIs in a Python program. The problem is challenging. Many features of Python,
such as dynamic typing and reflection, make analysis of the host code difficult. The difficulty is
exacerbated by the extra need to analyze library APIs and their interactions with the host code.
The lack of such automatic data dependence analysis is plausibly one of the main reasons for
the unsatisfying solutions being used today.

13



In this chapter, we address the challenge by developing a minimum interference runtime

watching scheme (MIN-watch for short). The basic idea underlying MIN-watch is simple,
tracking data accesses at runtime to detect data dependencies. The novelty is in how MIN-watch
makes the tracking efficient and effective for sound dependence detection in the context of
Python+API programs. MIN-watch does it by taking advantage of the characteristics of Python
and the special needs in lazy evaluation for Python+API. It is resilient to Python language
complexities. It minimizes runtime overhead through a focused tracking scope in data and
an efficient runtime checking mechanism (bit-level flagging and deferred flag resetting). It
meanwhile imposes near-zero burdens on programmers. MIN-watch is based on a dependence
theorem we introduce to formulate the correctness of lazy evaluation in this host+API context
(Section 3.3).

Based on MIN-watch, we further develop Cunctator, a software framework for materializing
the extended lazy evaluation. Cunctator consists of an intermediate representation (lazy IR)
for the deferred operations, a lazy IR evaluator, a class that delegates the results of deferred
operations and postpones operations applied to itself, and a set of interfaces for redirecting
API calls and registering optimizers. With these components together, Cunctator provides
programmers the conveniences of enabling the automatic Best-Effort Lazy Evaluation (BELE)

for a Python library and harvesting the optimization benefits.
To demonstrate the usefulness of Cunctator, we implement four optimizations enabled by

BELE for three API packages (Numpy, Spark, Pandas). Experiments on 15 programs
show that the optimizations generate 1.03-14.2X speedups. Stress testing shows that the overhead
of Cunctator is no greater than 2.25% (in its default setting).

In summary, this work makes the following major contributions:

• It introduces the concept of Best-Effort Lazy Evaluation, and shows that MIN-watch
is effective in enabling data dependence analysis for Python+API programs to support
Best-Effort Lazy Evaluation.

• It develops the first software framework to support Best-Effort Lazy Evaluation for
Python+API programs.

• It demonstrates the effectiveness of the proposed techniques in enabling optimizations of
Python+API programs.
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L1	=	np._add(a,	b)

L1[0]	=	0

L2	=	np._add(L1,	c,	out=L1)

del	L1
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Figure 3.3: Running example. Numbers on directed edges indicate the order of actions.

3.2 Overview

Figure 3.2 illustrates Cunctator’s architecture. When an application invokes a DSL API, the
API call is redirected to a Cunctator optimizer. Instead of evaluating the API, the optimizer
records the API in the form of Lazy IR (Section 3.5), and returns a lazy object. The lazy object
supports Lazy Value Propagation (LVP, see Section 3.4.2), which tries to propagate a new lazy
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object when an operation is applied to the lazy object. Cunctator employs MIN-watch (Section
3.4.1) to monitor accesses to objects related with the deferred operations. When MIN-watch
encounters host statements or APIs that prevent further delays (based on dependence theorems
in Section 3.3), it triggers the evaluation of the deferred operations. During the evaluation, the
Cunctator optimizer applies optimization passes (Section 3.6) onto the IR, and then invokes the
original DSL APIs for evaluation. To apply Cunctator to a domain, the developers of the DSL
optimizer only needs to use Cunctator interfaces to specify redirections of the domain APIs, to
support MIN-watch for some common types, and to write domain-specific optimizations. The
extra work an application developer needs to do is just to import one or several modules.

Figure 3.3 shows the execution flow of a NumPy program with Cunctator. First, the np.add
in line 1 is redirected to Cunctator optimizer, which records the API call as a lazy IR instruction
and returns a lazy object L1. Note, the assignment to x is not deferred but executed, and x now
points to the lazy object L1. The optimizer also sets up the two arguments, a and b, for watching.
At line 2, because x is lazy, the Lazy Object class automatically captures and logs this operation
and defers its execution. Line 3 is similar to line 1, and Cunctator defers and logs the operation.
That assignment makes x point to L2; L1’s reference count reduces to zero, which triggers
Python’s garbage collection on L1. L1’s deconstructor, however, rather than deconstructs L1,
defers the deconstruction and inserts a del instruction into the IR. Line 4 tries to update a,
which is captured by MIN-watch, which triggers the evaluation of all the deferred operations.
The evaluator first invokes the optimizer, which reduces redundant temporary variables, and
then evaluates the operations.

Before presenting the details of Cunctator, in the next section, we first define some terms
and prove a dependence theorem that formulate Cunctator’s correctness.

3.3 Dependencies between Operations

To ensure the correctness of Cunctator, one key aspect is to properly manage the dependencies
between postponed API calls and eagerly executed statements. We first introduce a set of terms
that are used in the following discussions.

Terminology Unless otherwise stated, an object denotes a Python object. An operator

denotes a Python built-in operator. An operation denotes the process of applying an operator to
its operands. For example, foo.bar() consists of two operations: The ‘.’ operator is applied
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to foo and "bar" to return a function object, which becomes the operand of the ‘()’ operator.
We in addition introduce the following terms.

• Contents of an object: All in-memory states that could be potentially accessed or up-
dated directly through the object’s fields and methods. Take the list object ["foo",
"bar"] as an example—its contents are the references to its two elements, the string
objects, rather than the characters of the strings. By this definition, two objects could share
contents, namely, their methods or attributes could access or update the same in-memory
state.

• Sealed object: An object that shares no content with other objects. This means the contents
of a sealed object can be accessed or updated only by its own attributes or methods.

• Domestic object: An object whose attributes and methods access no external resources
(e.g., files and network) but only the memory space of the current process. We are
interested in sealed and domestic objects (e.g., list objects).

• Dependents of an object: The object itself and the objects referred to in the contents of
the object. For example, the dependents of a list are itself and its elements.

• Relatives of an object: Object R is a relative of object O if and only if there is a dependent
chain O ← ...← R, in which x← y denotes that object y is a dependent of object x.

• Regular operation: An operation is regular if the relatives of its operands and return value
are all sealed and domestic, and it only accesses or updates the contents of its operands’
relatives or newly created objects during the operation. In most cases, a DSL API call is
a regular operation. One example of irregular operation is an API manipulating global
variables.

Without noting otherwise, the following discussions assume regular operations and sealed
and domestic objects and there is no exceptions. Section 3.4.4 discusses exceptions and other
complexities.

Dependency types Based on the above definitions, we classify potential dependencies
between an API call OA and a statement OB into three types:

• Return-access: The return value of OA is accessed (read or written) by OB, as illustrated
by the top left example in Figure 3.4.
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• Input-update: A relative of OA’s operands is updated in OB , illustrated by the bottom left
example in Figure 3.4.

• Update-access: OA updates a relative of its operand I and OB accesses that relative,
illustrated on the right side in Figure 3.4. Cunctator uses a conservative version of this
definition, which forgoes the requirement of the two relatives being the same. It simplifies
runtime checking as shown later.

v1	=	foo(...)
v2	=	v1.bar

Return-access

v1	=	foo(v2,	...)
v2.bar	=	v3

Input-update

def	foo(arg1,	...):
		...
		arg1.bar	=	v0
		...

v1	=	foo(v2,	...)
v3	=	v2.bar

Update-access

Figure 3.4: Three types of dependencies

Dependency Theorem. This part presents the dependence theorem governing the validity
of lazy evaluation for APIs, which underpins the design of Best-Effort Lazy Evaluation.

Lemma 1. For an API call A followed by a statement B, deferring the execution of A to a

point after B does not change the data dependencies between them if there are no return-access,

input-update, or update-access dependencies between them.

The lemma comes from the observation that for the properties of sealed and domestic objects
and regular operations, the three types of dependencies cover all possible data dependencies
(true dependencies, anti-dependencies, output dependencies) [AK01] between two statements.

Theorem 1. For an API call A followed by a sequence of statements S, deferring the execution

of A to a point after S is valid if there are no return-access, input-update, or update-access
dependencies between A and any of the statements in S.

This theorem is derived from the classic fundamental theorem of dependence [AK01],
which states the following: Any reordering transformation that preserves every dependence in
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a program preserves the meaning of that program. Deferring executions is clearly a kind of
reordering transformation. The deferring does not cause any dependence changes according
to Lemma 1 for none of the three types of dependencies exist between A and S. The theorem
hence holds.

Theorem 1 is essentially a variant of the fundamental theorem of dependence in the context
of API lazy evaluation; the benefits of having it are however significant. It entails what types of
dependencies are needed to consider during lazy evaluation, and what set of data objects are
needed to watch, which lay the foundation for the design of MIN-watch and BELE in the next
section.

3.4 Best-Effort Lazy Evaluation (BELE)

The purpose of BELE is to defer DSL API calls until the necessary moment. The central
challenge that BELE confronts is to satisfy three mutually constrained requirements: First,
BELE has to ensure correctness of the program. Second, the deferring period, or laziness, should
be as long as possible to harvest optimization opportunities. Finally, the overhead should be low.

To address these challenges, we introduce minimum interference runtime watching (MIN-
watch) in Section 3.4.1 to detect, with low overhead, input-update and update-access depen-
dencies between deferred API calls and host code. In addition, Cunctator employs lazy value

propagation (LVP) to manage return-access dependencies while ensuring enough laziness; see
Section 3.4.2. The overheads of Cunctator and strategies to control them are discussed in Section
3.4.3. Finally, Section 3.4.4 describes how to handle special scenarios.

3.4.1 Minimum Interference Runtime Watching (MIN-Watch)

Based on Theorem 1, the key for BELE is in detecting data dependencies. MIN-watch takes
the way of runtime object watching, which makes it not subject to the language complexities
Python imposes on compilers or other static methods.

3.4.1.1 Overview of MIN-Watch

What makes MIN-watch distinctive over common runtime access tracking is the strategy it
employs, which takes advantage of the characteristics of this problem setting and Python lan-
guage properties, and uses a lightweight type-based scheme for non-intrusive implementation.
Specifically, the design of MIN-watch draws on three observations: (1) In Python, most memory
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accesses go through object interface with multiple layers of redirection and procedure abstrac-
tions, hence a much reduced sensitivity to runtime memory access tracking overhead compared
to many other languages and settings. (2) The key to BELE is the dependence between API
and host. So many data accesses that are irrelevant to such dependencies can be exempted from
tracking. (3) Python object assignments and parameter passing are both through references; so
to check dependencies related to an actual object, it is not necessary to track references to it, if
the watching scheme is put onto that object.

Built on the observations, MIN-watch has the following features: (1) By focusing on API
to host dependencies and Theorem 1, MIN-watch concentrates runtime watching on only
relevant data objects. (2) It employs an efficient runtime checking mechanism (bit-level flagging
and deferred flag resetting) via the Python interpreters to minimize interference to program
executions. (3) It employs a type-based approach to enabling runtime object watching, but
does it in a non-intrusive way such that application developers need to make no changes to the
implementation of a data type for the approach to take effect. Moreover, the utilities in Cunctator
simplify the work an optimizer developer1 needs to do to enable MIN-watch (and BELE) for a
domain DSL. The first two features make MIN-watch efficient, and the other features make it
easy to use.

Figure 3.5 shows the architecture of MIN-watch, and Figure 3.6 uses numpy.add(a, b)

as an example to illustrate at a high level how MIN-watch works. The API was overloaded such
that when the API is called in a program, instead of doing the computation of arrays addition,
it sets up objects a and b and their relatives for runtime watching via function setupWatch.
Function setupWatch calls a function findRelatives() to go through each relative of
an object, and calls __set_watch__ of that object to set it up for runtime watching. The setup
process flags some special bits in the object header such that the extended Python interpreter,
when executing a statement, can recognize such objects and invoke Cunctator lazy evaluation
listener to evaluate deferred operations.

We next explain MIN-watch in detail, starting with the basic watch protocol on a single
object (Section 3.4.1.2), and moving on to describe the procedure in finding and watching all
relatives (Section 3.4.1.3).

3.4.1.2 Watch Protocol

Cunctator adds the following method into the root class in Python:

def __set_watch__(self, watchUpdateOnly):

1Please note the differences between an application developer and an optimizer developer.
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Figure 3.5: The architecture of MIN-watch. Arrows indicate invocation; dotted lines indicate
optional implementation.

#	in	module	numpy
#	gIR:	the	global	IR	scratchpad
def	add(a,	b):
			setupWatch(a,	True)
			setupWatch(b,	True)
			id	=	gIR.add_call(...)
			return	Lazy(gIR,	id)

def	setupWatch(obj,	watchUpdateOnly):
			for	r	in	findRelatives(obj):
						r.__set_watch__(watchUpdateOnly)

Figure 3.6: A high-level illustration of how MIN-watch works for API numpy.add(a,b)
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Figure 3.7: Default implementation of watch protocol
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# pseudo-code

self.watch_flag = WATCH_UPDATE_ONLY

g_watch_set.insert(self)

The parameter watchUpdateOnly determines whether the object should be watched for read
and write accesses (false) or just writes (true).

Figure 3.7 depicts the actions when the protocol takes place. In the setup time (e.g., when
numpy.add(a,b) is called in the example in Figure 3.6), __set_watch__ sets two bits in
the object head to indicate whether the object is to be watched for update only (01), read/update
(10), or nothing (00). These bits help the interpreter determine the corresponding action quickly.
Our implementation borrows the first two bits of the reference count field of an object. That saves
extra memory, and also helps ensure that most third-party binary libraries are still compatible
by keeping the length of the head unchanged. The method __set_watch__ in addition adds
the object into a global set watchSet. It is for fast resetting at the time when the deferred
operations are evaluated, which will be elaborated in Section 3.4.1.4.

We extend the Python interpreter such that it notifies Cunctator lazy evaluation listener when
the content of an object that is being watched is accessed by a bytecode (e.g., LOAD_ATTR and
STORE_SUBSCR).

The default implementation of __set_watch__ ignores the watchUpdateOnly pa-
rameter (i.e., assuming it is false). It is because when just encountering the statement, for some
data types, the interpreter sometimes cannot tell whether the access would update the object.
(Note that it is legitimate in Python for a seemingly read-only (e.g., foo.bar) operation to
update the object.) This conservative implementation may reduce the laziness but won’t cause
correctness issues. For a given data type, the optimizer developer can choose to customize its
__set_watch__() method and other methods to enable a more precise treatment.

It is worth noting that if an object is not sealed, accesses or updates to the object’s contents
through other objects are not watched with the default implementation. This is fixed in the upper
relatives discovering component by not supporting the specific type, which causes the watch
process to fail and thus triggers eager evaluations of involved operations.

3.4.1.3 Watching Relatives

With the watch protocol, we can watch a single object. MIN-watch requires watching all the
relatives of an object of interest as Figure 3.6 has shown. The watch framework holds a registry
that can register user-defined procedures to discover dependents of specific types. Through
recursively calling registered procedures, all relatives of an object can be found. For example,
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a list A contains objects B, C, and D, and D is another list that contains E and F . Then, the
dependent-discovering procedure registered for type list returns B, C, and D for object A,
after which a recursive call of the procedure for D returns E and F . Typically, a type-specific
dependent-discovering procedure is easy to implement. For example, the procedure for list is
as simple as2:

def list_deps(l):

for e in l:

yield e

Algorithm 1 shows the process of setting up to watch an object’s relatives. The SET-
WATCH procedure first checks existing watch flags and returns in two cases: The first case is
that the object is watched for access, when the procedure returns disregarding the parameter
watchUpdateOnly. The second case is that the object is watched for updates only and the
parameter watchUpdateOnly is True. In other cases, the procedure sets up to watch the
object through the watch protocol and then recursively calls SETWATCH for each of its depen-
dents (except for the object itself). If the type of the object is not registered in the registry, the
procedure raises an exception, which will be caught by Cunctator to trigger an eager evaluation
of the involved operation.

Algorithm 1 Setting up to watch an object’s relatives
1: DepReg ← the registry for discovering dependents
2: procedure SETWATCH(obj, watchUpdateOnly)
3: if obj is watched for access then return
4: if watchUpdateOnly ∧ obj is watched then return
5: obj.__set_watch__(watchUpdateOnly)
6: for all d ∈ DEPS(obj) do
7: SETWATCH(d, watchUpdateOnly)
8: procedure DEPS(obj)
9: if type(obj) is registered in DepReg then

10: return DepReg.getHandler(type(obj))(obj)
11: else
12: raise an exception

2yield is a Python construct that returns the next value in the next call of its enclosing function.
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When Cunctator defers an operation, it invokes the SETWATCH procedure for all the
operands except for lazy values, whose potential dependency is handled by lazy value propaga-
tion.

3.4.1.4 Unwatching Objects via Deferred Flag Resetting

After the deferred operations are triggered to get evaluated (or when a watch procedure is
aborted because of an unsupported type, see Section 3.4.1.3), Cunctator would need to clear the
watch flags of all watched objects. Otherwise, later accesses to them would trigger unnecessary
evaluations. Going through all the objects could incur substantial overhead. Cunctator circum-
vents it by introducing a global watchSet. Recall in Figure 3.7, __set_watch__() puts an
object to be watched into watchSet at setup time. That set is emptied once the evaluation of
deferred operations is triggered. Python interpreter, when it encounters an object with watching
bits set, would check whether that object is within watchSet. If not, it cleans the watch bits;
otherwise, it invokes Cunctator lazy evaluation listener.

3.4.2 Lazy Value Propagation

Return-access dependency is easy to detect for lazily evaluated operations, since all subsequent
visits to the return value fall to the actually returned lazy object, which can trigger the evaluation
whenever it is used, similar to how the modifier lazy works in some other popular languages
(e.g., Scala and Swift). However, too often, a lazy object is used shortly after it is returned. For
example, in the statement (a, b) = lazy_func(), the lazy object is used to unpack its
elements right after it is returned from lazy_func(). In such cases, an evaluate-when-used
semantics of lazy objects results in short-lived laziness, and leaves no optimization opportunities.
As a solution to ensure sufficient laziness, we enhance Python with lazy value propagation
(LVP), which propagates new lazy values for most operations applied to existing lazy values. In
this way, the return-access dependency is not violated, since the operation that uses the return
value is deferred as well.

When a lazy value is being operated, LVP records the operation into the lazy IR and
then returns a newly created lazy object. One problem that LVP has to solve is when the
propagation should stop – in other words, when the true evaluation should be triggered. An
evident scenario is when a lazy value is used to determine the execution branch (e.g., the if
condition). Theoretically, we could explore all possible paths and collect the lazy IR in the form
of computational tree logic (CTL) [CE82]. Such exploration, however, would introduce large
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Listing 3.2: Lazy value propagation
class Lazy:

def __init__(self, ir, v):
self.__ir, self.__v = ir, v

def __add__(self, r):
if self.__ir.evaluated(self.__v):

return self.__ir.value(self.__v) + r
watch(r)
newv = self.__ir.add_op2(’+’, self, r)
return Lazy(self.__ir, newv)

def __bool__(self):
return bool(self.__ir.evaluate(self.__v))

# More overwritten operations
...

overhead, while its benefit is unclear. Another situation of stopping LVP involves overhead
control (see Section 3.4.3).

Cunctator implements LVP within the class of lazy objects through operator overwriting, as
shown in Listing 3.2. A lazy object is bound with one lazy IR variable. The __add__ function,
for instance, overwrites the operation lazy + r. Their operands are set up for watching before
the operation is recorded in the lazy IR. Other operations are overwritten in a similar way, except
for the bool() operation, which triggers the evaluation, as the operation is invoked when a
value is used for branch selection. Although the bool() operation does not necessarily imply
branching, it is a good heuristic.

A special operation in Python is accessing an object’s attribute. Commonly, the attribute is
accessed by the ‘.’ notation (e.g. o.a), which can be overwritten by __setattr__() and __-
getattr__(). But the special __dict__ attribute can be used to access other attributes. For
example, o.__dict__["a"] is equivalent to o.a. Cunctator extends the Python interpreter
to invoke the lazy evaluation listener when the __dict__ attribute is accessed.

It is worth noting that Cunctator chooses to implement LVP in pure Python for fast prototyp-
ing. We plan to re-implement it as a part of Python interpreter in the future. This built-in LVP
will have lower overhead and know precisely when a value is used for branch selection.

25



3.4.3 Overhead Control

If there are too many inexpensive DSL API calls or too many propagated lazy values, generating
and evaluating the lazy IR could introduce too much overhead. Although such cases never appear
in our experiments, we still introduce a dynamic scheme to prevent it from happening in the
extreme cases. Cuncator employs a parameter NIRPS to control how many lazy IR instructions
can be generated per second. Initially, Cunctator sets a variableM to NIRPS . When the total
number of generated instructions is equal toM, Cunctator evaluates recorded IR, then it sets
M toNIRPS ∗T , in which T is the total elapsed time since the first API is deferred. IfM’s new
value is smaller than its old value, it indicates that the program is an extreme case; Cunctator
disables itself by avoding API redirection and LVP. In our experiments, we set NIRPS to 1000.

3.4.4 Additional Complexities

Exception. Theorem 1 assumes that neither OA nor OB raises exceptions. Exceptions could
direct the execution to their handlers. If there is no exception handler set up, which is the case
for most of the DSL programs we encountered, any raised exception would cause the program
to crash. Thus, Cunctator disregards potential exceptions of an operation when there is no
installed exception handler. When the current context has exception handlers, Cunctator disables
BELE, and thence, all operations are eagerly evaluated. Cunctator checks the currently installed
exception handlers through an interface added to the Python interpreter.

External dependency. Theorem 1 assumes that OA and OB are not dependent on each other
through external resources (e.g., one writes to a file, and the other reads the file). Cunctator
considers that the information of whether lazily evaluated APIs access external resources as
domain knowledge and relies on the optimizer’s developer to provide the knowledge. If none
of the lazily evaluated operations access external resources, there is no external dependency.
Otherwise, a monitor that watches the program’s system calls could notify Cunctator when the
program tries to access external resources; Cunctator can then avoid deferring the operations.

Unwatchable objects. Although the watch framework works in most cases, there are objects
that cannot be watched because they are not sealed or domestic. For example, if an object holds
a segment of shared memory, an update to the shared memory in another process will not notify
the listener. In addition, it is impractical to implement MIN-watch for all potential types; thus,
some uncommon types may not support MIN-watch. Any kind of unwatchable object causes an
involved operation to be eagerly evaluated.
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Loss of seal. A sealed object may become not sealed at runtime. For example, invocation of
numpy.ones() creates a sealed object O; however, O.reshape() may create a new object
P that shares O’ data buffer (not a Python object) through pointer alias, rendering that O is not
sealed any more, and updates to the data buffer by operating P cannot be monitored by watching
O. Therefore, if a type supports MIN-Watch, and there is a method of the type leaks the content,
the method needs to mark the involved object as unwatchable by setting watch flags’ value to 11
(see Section 3.4.1.2). Subsequent attempts to set watch on O will enforce eager evaluation.

3.5 Intermediate Representation

This section gives details on the design of the lazy IR in Cunctator. The lazy IR has a static
single assignment (SSA) form. Each instruction is a 4-tuple:

< ID,OP,Operands,Annotation >

ID is a globally unique name, which represents the result of current instruction. OP is the oper-
ator, such as ‘+’, ‘.’ (attribute access), ‘[]’ (array alike access), ‘()’ (function calls). Operands

are stored as a list. Annotation can be used to store any extra info that the optimizer may use.
For an API call, for instance, it is logged as a call instruction (OP is ‘()’), the function pointer
is stored in the Operands field along with the function’s arguments, and the API name is put
into the Annotation field.

An operand of an IR instruction could be either a lazy value or a non-lazy value. When an
operand is a lazy value, the instruction stores its ID. For a non-lazy value, the instruction stores
a reference to it. (In our discussion, Lx denotes a lazy value, Nx a non-lazy value, and Vx can be
any value.)

Cunctator provides a simple interface for optimizer developers of a DSL to register opti-
mization passes. Each optimization pass accepts a sequence of IR instructions as input, and
outputs an optimized sequence. Registered optimization passes are chained in order. During an
evaluation, the sequence of all recorded IR instructions since the last evaluation is passed down
through all optimization passes.

3.6 Optimizers

Cunctator is an enabler. By enabling BELE, it paves the way for many optimizations that
are not supported by existing DSL frameworks. We have implemented proof-of-concept DSL
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optimizers for NumPy, Pandas, and Spark. These optimizations fall into two categories: in-

language optimization and cross-language optimization. The in-language optimization tries
to identify inefficient API uses and replace them with some other APIs of the DSL. The
cross-language optimization tries to replace APIs of one DSL with APIs of another DSL. Two
techniques for each category are illustrated in the following sections.

3.6.1 Reducing Temporary Variables in NumPy

L1	=	np.add(Va,	Vb)
L2	=	np.add(L1,	Vc)
del	L1

L1	=	np.add(Va,	Vb)
L2	=	np.add(L1,	Vc,	out	=	L1)
del	L1

Figure 3.8: Reducing redundant temporary variables in NumPy

Redundant temporary variables are a performance issue in many NumPy programs. They
impair performance in two ways. First, value assignment to a new variable has worse data
locality than an in-place value update. Second, depending on the array size, a temporary variable
can consume a lot of memory and thus increase peak memory usage.

When the API call trace is collected as lazy IR in Cunctator, an optimizer can easily optimize
away a redundant temporary variable through pattern matching and IR rewriting. At the pattern
matching stage, the optimizer locates a redundant temporary variable La if the following
conditions are all satisfied:

• La’s value is initialized from the result of an operation that generates a new value rather
than performing in-place update.

• La participates in no in-place updating operations.

• La is passed to an operation O that generates a new value Lb, and O has a counterpart O′

that performs an in-place update.

• After being used in operation O, La is deleted and participates in no other operations.

At the IR rewriting stage, the optimizer replaces the operation O with O′, which saves the result
to La. Figure 3.8 shows an example of this optimization technique.
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3.6.2 Adaptive Caching for PySpark

L1	=	...
L2	=	L1.filter
L3	=	L2(Vf1)
L4	=	L3.count
L5	=	L4()
L6	=	L3.map
L7	=	L6(Vf2)
L8	=	L7.sum
...

filter
count

map sum

Collected IR

...

filter
count

map sum
... cache

L1	=	...
L2	=	L1.filter
L9	=	L2(Vf1)
L10	=	L9.cache
L3	=	L10()
L4	=	L3.count
L5	=	L4()
L6	=	L3.map
L7	=	L6(Vf2)
L8	=	L7.sum
...

Optimized IR

Figure 3.9: Adding cache operation in Spark

PySpark is Spark’s Python programming interface. Although Spark’s runtime employs lazy
evaluation to optimize its API call sequences, it fails to handle performance flaws similar to that
in Listing 3.1, because an eager API does not know whether the intermediate result of a lazy
API will be used by a subsequent eager API.

With Cunctator, the performance problem in Listing 3.1 can be optimized away by adding
cache operations for intermediate results used by more than one eager operation, as shown in
Figure 3.9. The IR shown on the left side of the figure is collected by Cunctator. Note that del
instructions are omitted for concision. Based on the collected IR, the optimizer constructs a data
flow graph for all Spark operations. If two or more eager operations share a common ancestor,
the optimizer inserts a cache operation at the fork.

Another similar performance problem involves unnecessary cache operations, namely,
cache operations for intermediate results used by only one eager API. Such operations intro-
duce unnecessary memory writing and consume a lot of memory. Based on the same graph
analysis as was used for inserting cache operations, the optimizer can identify and remove
unnecessary cache operations.

3.6.3 From NumPy to WeldNumpy

WeldNumpy 3 was developed as a replacement for NumPy with better performance, which
was achieved via two main techniques. First, WeldNumpy exploits lazy evaluation instead

3https://www.weld.rs/weldnumpy/
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L6=np.random.rand(N1)
L1=weldarray(L6)
L2=L1+0
L3=L1*1
L7=L3.evaluate
L8=L7()
L4=L1==L2
L9=L4.evaluate
L10=L9()
L5=np.array_equal(L1,L3)
del	L1
del	L2
del	L3

L1=np.random.rand(N1)
L2=L1+0
L3=L1*1
L4=L1==L2
L5=np.array_equal(L1,L3)
del	L1
del	L2
del	L3

Figure 3.10: Translating NumPy to WeldNumpy

of eager evaluation, which is used in NumPy. Second, WeldNumpy implements its APIs
using Weld IR [Pal+17], an intermediate representation designed for parallel data processing.
Through lazy evaluation, the IR fragments of invoked APIs are combined into an IR program.
During a true evaluation, the IR program is compiled and optimized for native hardware.
Some major optimization techniques are loop fusion, loop tiling, and vectorization. WeldNumpy
provides weldarray, a subclass of NumPy’s ndarray. Thus, after an ndarray is converted
to a weldarray, the new object supports most NumPy operations and enjoys improved
performance.

However, as WeldNumpy is lazily evaluated, it requires users to explicitly call evaluate()
when necessary. The evaluate() method should not be invoked too often; otherwise, the
WeldNumpy runtime misses optimization opportunities and introduces overheads of compiling
the Weld IR. Neither should it be too late as that would cause errors. Thus, a NumPy-to-
WeldNumpy translator needs to figure out the appropriate positions to insert evaluate().

The evaluating positions can be located by identifying exposed lazy variables. A variable is
exposed if it is used beyond the DSL’s APIs, which means the true value of the variable may be
required, or it is alive at the end of the collected lazy IR, which allows potential external usage
of the variable during subsequent execution. When a variable is exposed but lazy, it should be
explicitly evaluated. Such variables can be identified within an one-pass scan of the lazy IR. The
translator can thence insert evaluate() for these variables.
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Figure 3.10 shows an example of translating NumPy to WeldNumpy. The translated IR first
converts L1, an ndarray, to a weldarray, such that L2, L3, and L4 enjoy WeldNumpy’s
optimization. However, np.array_equal() is not supported by WeldNumpy; thus, operand
L3 has to be evaluated before being passed. While L4 is explicitly evaluated because of potential
exposure, L2 remains lazy, since it is deleted and has no external use.

Such a translator leverages the laziness analysis enabled by Cunctator. It might be tempting
to think that the translation could be done through a compiler without Cunctator. Note that that
compiler would have to face the laziness analysis problem as Cunctator tackles; if it ignores that,
its replacement of an eagerly evaluated NumPy API with a lazy evaluated WeldNumpy could
cause errors. Doing the laziness analysis is difficult for a compiler for the many challenges (e.g.,
Python complexities, API-host interplay) mentioned in the introduction section.

3.6.4 From Pandas to Spark

pd.read_csv() ['Incident Zip'] str.slice(0, 5) == '00000'

T[I]= np.nan

T['Incident Zip'] = S ['Incident Zip'] unique()

spark.read.csv()

T.withColumn
('Incident Zip',  C)

['Incident Zip']

select('Incident Zip') distinct() toPandas()
['Incident Zip']

T

P
T

P
I

P

S P

P

P

P

T

S
C

S

UDF(C)

C S

S S S

UDF

@pandas_udf('string')
def	func(pdf):
		pdf1=pdf.str.slice(0,5)
		pdf2=pdf1=='00000'
		pdf1[pdf2]=np.nan
		return	pdf1

synthesize

Pandas

Spark

PP S SPandas DataFrame  Pandas Series  Spark DataFrame Spark Column Output

Figure 3.11: Pandas to Spark
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Both Pandas and Spark provide a class called DataFrame. They both represent logical
tables, which have named and typed columns. While Pandas’ operations in DataFrame

are eagerly evaluated, most of Spark’s DataFrame methods are lazily evaluated. During a
true evaluation, Spark employs a code generation technique [Neu11] to compile an operation
sequence. Such technique renders the Spark DataFrame API a performant replacement of Pandas.
In addition, Spark has native support for Pandas, including Pandas UDF 4, by which a user can
apply Pandas operations to a Spark Column. Spark also contains type casting APIs that convert
between Spark DataFrame and Pandas DataFrame. These features offers conveniences to
translation of a Pandas program to a Spark program.

Similar to NumPy to WeldNumpy, the laziness analysis by Cunctator puts down the basis
for the development of an automatic Pandas-to-Spark translator. Our prototype focuses on a
common use pattern of Pandas: A program first loads a file as a DataFrame, then performs
some operations on it, and finally outputs the result. In such a pattern, only one DataFrame
object is involved, and no Pandas DataFrame object or Series (typically represents a
column) object is exposed, so all instances of the two types only participate in Pandas operations.
When such a pattern is matched, the translator tries to optimize it.

During the translation, the Pandas file loading function is replaced by a counterpart in
Spark, thus creating a Spark DataFrame. Correspondingly, the Series objects selected from
Pandas’ DataFrame become Spark Column objects. If there is a sequence of operations on
a Series that outputs another Series, the sequence is synthesized into a Pandas UDF for
Spark, which is applied to the corresponding Spark Column. If a Series is assigned to the
Pandas DataFrame, the corresponding Column is assigned to the Spark DataFrame as
well. When an operation on a Series returns an object other than a Series, if the operation
(e.g., unique()) has a counterpart in Spark, the Column is applied to the corresponding
Spark operation, and then the result is converted to the expected type; otherwise (e.g., diff()),
the Column is selected and converted to a Series before applying the operation. Figure 3.11
illustrates the translation for a Pandas program collected from the Pandas Cookbook 5.

3.7 API Redirection

If a DSL’s runtime needs to leverage Cunctator to perform optimization, the optimizer developer
needs to redirect the APIs in the DSL through renaming and rewriting. With the Cunctator
framework, the process is made simple. For example, to redirect numpy.add in NumPy’s

4https://databricks.com/blog/2017/10/30/introducing-vectorized-udfs-for-pyspark.html
5https://nbviewer.jupyter.org/github/jvns/pandas-cookbook/tree/v0.1/cookbook/
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runtime, current implementation of numpy.add could be renamed to numpy._add; then,
a new implementation of numpy.add will just record API calls as lazy IR instructions and
returns a lazy object as shown in Figure 3.6.

To simplify the process, Cunctator offers some utilities. For the aforementioned example,
what the optimizer developer needs to write to put the following into the module numpy:

def add(*args, **kwargs):

return lazy_call("numpy.add", numpy._add, args, kwargs,

kwargsToUpdate={"out"})

Method lazy_call is the utility interface that Cunctator offers. Its first argument is for the
annotation field of a call instruction (see Section 3.5). The argument kwargsToUpdate
specifies that numpy._add is going to update only its argument out (if there is one). The call
to lazy_call in this example will essentially materialize the method shown in Figure 3.6.

3.8 Efforts in Applying Cunctator

There is some work needed from the library developers. This work needs to be done only
once for a given library; the results can benefit all programs using that library. This one-time
work includes: (1) redirecting some APIs that are important for performance (other APIs can
be left alone, which will be treated in the same way as host Python code is); (2) supporting
MIN-watch for some common types; and (3) implementing optimization passes. Table 3.1 shows
our prototype optimizers’ summary in this work. For a common programmer that uses a library,
the only change she needs to make to her code is to insert one or several lines of code to import
the optimizer.

We initially considered automatic library transformations, but found that it was difficult to
do for the complexities of Python. It is, for instance, often impossible for static code analysis to
tell whether an argument is subject to modifications, due to dynamic types, aliases, higher-level
functions, and inter-procedural complexities. The design choice made in Cunctator is a choice
for practicability.

3.9 Evaluation

In this section, we conduct a series of experiments to (1) demonstrate the usefulness of the
four optimizations (Section 3.6) enabled by Cunctator, and (2) measure the runtime overhead
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Table 3.1: Summary of optimizers

Optimizer #APIs∗ Supported types† Opt pass LoC‡

NumPy 45 ndarray, dtype
50 (Section 3.6.1)
93 (Section 3.6.3)

Spark 24 RDD, StorageLevel 201 (Section 3.6.2)
Pandas 28 DataFrame, Series 436 (Section 3.6.4)

* The number of redirected APIs.
† The types that support dependent discovery.
‡ Lines of code for implementing the optimization passes described in Section 3.6.

of Cunctator. Time usage is collected by the timeit command of jupyter 6, which adaptively
chooses a number of repetitions in favor of timing accuracy. Peak memory usage is collected by
memit command extended by memory-profiler 7, which profiles a program’s memory usage line
by line. The test platform for NumPy and Pandas is a Linux machine with Intel Xeon Silver
4114 CPUs. Spark programs run on a cluster of eight Linux machines with AMD Opteron 6128
CPUs.

3.9.1 Optimizers

We collect 15 programs for the experiments that are relevant to the example optimizations
described in the previous section; five for each of the three packages (NumPy, Spark, Pandas).
Thirteen of them were collected from GitHub; the other two were the examples used in the
earlier sections of this chapter—we included them to show the performance benefits for the
described optimizations. Table 3.2 shows the descriptions and inputs of all benchmarks. Their
source code can be found in the Docker image of Cunctator 8. Figure 3.12 shows the speedups
in different optimizer settings. Detailed results are presented in Table 3.3. Each program set is
discussed separately in following subsections.

3.9.1.1 NumPy

The temporary variable reducer (abbr. reduceTmp) accelerates all benchmarks, with speedups
ranging from 1.19X to 1.54X. The highest speedup is achieved on P1, because its operations are
easy to compute and hence the cost of temporary variable is prominent. Besides time benefits,

6https://jupyter.org/
7https://pypi.org/project/memory-profiler/
8https://github.com/sangongs/Cunctator_docker
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Table 3.2: Descriptions of collected benchmarks

Description Input
NumPy

P1 Program in Figure 3.1a vectors of size 109

P2 Compute vibration energy vectors of size 5×108

P3 Find least-squares solution vectors of size 5×108

P4 Find log-likelihood of N (µ, σ2) vectors of size 5×108

P5 Compute Black-Scholes model vectors of size 108

Spark
P1 Program in Listing 3.1 text file of 90MB
P2 Demultiplex a file to multiple files xml file of 244MB
P3 Transform data format json file of 62MB
P4 Intersect IDs in two tables two csv files of 34MB
P5 Find counts of different words text file of 460MB

Pandas
P1 Find names of median occurrence csv file of 273MB
P2 Find top complaints csv file of 526MB
P3 Find ratios of noise complaints csv file of 526MB
P4 Find unique zip codes after data cleaning csv file of 526MB
P5 Find top occupations wrt. male ratio csv file of 240MB

Table 3.3: Benchmark results

P1 P2 P3 P4 P5
NumPy time usage (mean ± std. dev.)

baseline 12.5s±2.95ms 41.1s±75.4ms 27.4s±5.51ms 43.2s±57.6ms 39.1s±23ms
reduceTmp 8.14s±2.14ms 34s±15.3ms 22.9s±105ms 33.7s±26.9ms 32.9s±22.7ms

Weld 1T 6.38s±34.1ms 39.1s±87.6ms 21.8s±45ms 42.7s±144ms 22.6s±28.3ms
Weld 10T 995ms±9.24ms 27s±142ms 17.4s±60.3ms 15.6s±44.4ms 9.94s±35ms

NumPy peak memory usage (MB)
baseline 38181 19131 19130 15316 9213

reduceTmp 30577 11503 15317 3873 6251
Spark time usage (mean ± std. dev.)

baseline 31.9s±123ms 82s±698ms 38.5s±116ms 20.9s±36ms 49.1s±272ms
w/o opt 32.1s±215ms 81s±639ms 38.5s±178ms 21.1s±75.8ms 49.2s±392ms

optimized 17.1s±93.4ms 48.8s±348ms 28.8s±66.8ms 20.3s±317ms 47s±226ms
Pandas time usage (mean ± std. dev.)

baseline 6.03s±50.3ms 9.65s±21.8ms 9.8s±13.4ms 9.72s±40.7ms 7.7s±37.4ms
Spark 1T 17.1s±100ms 5.51s±152ms 3.01s±127ms 5.76s±101ms 7.45s±241ms

Spark 10T 2.92s±203ms 951ms±51ms 690ms±26.9ms 1.3s±145ms 1.29s±59ms
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reduceTmp also reduces peak memory usage. P4 highlights the reduction with a rate of 75%.
The high rate is because of pipelined operations, which means each temporary variable is only
used one time and then discarded.

For WeldNumpy converter, we test it with one thread (abbr. Weld 1T) and ten threads
(abbr. Weld 10T) separately. Weld 1T shows speedups ranging from 1.01X to 1.95X. Because
WeldNumpy currently supports only a limited number of NumPy APIs, for unsupported APIs, it
needs to transform data from Weld format to NumPy format to perform the operations, and if
necessary, the results need to be transformed back. As WeldNumpy evolves to support more
APIs, Weld 1T is going to perform better. Moreover, with ten threads, WeldNumpy achieves
significant speedups up to 12.5X. Note that Weld has built-in support for multi-threading but
NumPy does not.

3.9.1.2 Spark

The Spark optimizer shows speedups ranging from 1.03X to 1.87X. Among the benchmarks, P1
and P2 lack cache(); P3 and P5 have unnecessary cache(); P4 has a cache() operation
at a useless location, while the place that needs cache() does not have one. Our optimizer
fixes them all. It adds cache() to P1 and P2, removes cache() from P3 and P5, and corrects
P4 by removing the unnecessary cache() and adding one at the appropriate place.

In addition, we test the benchmarks with Cunctator enabled but optimizing pass disabled(abbr.
w/o opt). The results show no performance degradation. This confirms that MIN-watch has
almost no overhead for non-watched objects, as PySpark programs typically invoke user defined
functions written in Python frequently.

3.9.1.3 Pandas

The Pandas-to-Spark optimizer is tested with one Spark thread (abbr. Spark 1T) and ten
Spark threads (abbr. Spark 10T). Note that Spark supports multi-threading but Pandas does
not. Spark 1T shows speedups on three programs. This is impressive because, while Pandas
enjoys the high performance of SIMD instructions, Spark’s query compiler emits Java bytecode.
The slowdown on P1 is dominated by Spark’s CSV loader, which performs much worse than
Pandas’ loader in this case. Nevertheless, Spark 10T enjoys speedups as high as 14.2X.
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Table 3.4: Overhead (percentage of 10s program runs)

CPS
50 500 1000 2000 10000

T
hr

es
ho

ld

50 0 0.85 0.85 1.7 0
500 0.35 3.05 1.05 1.8 0

1000 0.25 2.35 2.25 1.7 0
2000 0.15 2.15 2.05 2.5 0.1

10000 0.15 1.25 1.75 2.9 11.8

3.9.2 Overheads

For programs that cannot be optimized, a major concern is the overhead, which is highly related
to the number of lazy IR instructions recorded. To investigate the overhead in different cases,
we design an adversarial case for stress-testing:

def cps_simulator(M, N):

for i in range(M):

numpy.ones(N)

The program calls M times of numpy.ones(N), which initializes a vector of size N . By
tuning M and N , we can control the number of calls per second (CPS) and the total run time. We
then combine some representative values of CPS and overhead control thresholds (see Section
3.4.3). For each combination, we run a ten-second experiment with Cunctator. By subtracting
the results with the corresponding baseline results, we obtain an overhead matrix, shown as
Table 3.4.

The overhead increases when CPS increases. When CPS exceeds the threshold, Cunctator
disables itself for the later part of the run; the overhead drops. For the default threshold (1000),
the worst overhead is 2.35%, which happens in the extreme case where there are 1000 function
calls per second. In practice, a program is unlikely to have a stable CPS rate close to the
threshold, thus the overhead is much lower. In addition, it is worth noting that Cunctator is
mainly implemented in Python, except for the MIN-watch. If we reimplement some critical
components in C, such as the lazy IR evaluator, a lower overhead is expected.

It is worth noting that, in the domains that we explored, the number of relatives per object
is few, hence our benchmarks bear little overhead of finding relatives. For example, a NumPy
array usually has no relative if its buffer belongs to itself, or only one relative if its buffer is from
another object. For domains where deeply nested objects are common, the overhead control
threshold can be adjusted to fit the need of the domains.
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3.9.3 Threats to Validity

Cunctator is evaluated based on Python 3.7.3, NumPy 1.17.0, WeldNumpy 0.0.1, Pandas 0.25.0,
and Spark 2.4.3. The APIs and implementation of these software packages may change after
new versions are released. Thus the new releases may invalidate our optimization techniques
and evaluation results. Nevertheless, new patterns of API misuses related to these new releases
are likely to appear. Unless the new versions employ a technique similar to BELE, Cunctator
can be leveraged to optimize the new patterns.

The soundness of a Cunctator-based optimizer relies on the correctness of the API knowledge
provided by the optimizer’s developer. Such knowledge includes how to discover the relatives
of an object, which arguments of an API could be updated during the API call, and how to apply
optimization passes onto the recorded lazy IR. If any of the knowledge is incorrect, programs
optimized by Cunctator may yield unexpected results.

3.10 Related Work

Lazy evaluation has been studied extensively in functional programming [HM76; Joh84; BHY88;
Lau93; Hud+07]. Scala [OR14] provides a lazy keyword to express the call-by-need semantics
of a variable. However, Scala does not manage the potential side-effect of a thunk, the expression
bound to the lazy variable; thus, the correctness of lazy evaluation relies on the programmer.
Many hosted DSLs (e.g., Spark [Zah+10] and TensorFlow [Aba+16]) employ lazy evaluation;
their limitations have been discussed in Section 3.1.

There are some studies on optimizing DSLs. Weld [Pal+17] and its limitations have been
discussed and compared with. Delite [Suj+14] is a framework for developing Scala-hosted DSLs
by leveraging generative programming [CE00]. Similarly to Cunctator, it lazily evaluates DSL
operations and logs them as a form of IR, which will be optimized and executed at a certain
point in time. However, Delite provides no mechanism to handle the dependencies between DSL
operations and their host code.

There are several earlier studies (e.g., telescoping languages [Ken+05], Broadway [GL05])
that try to use manual annotations of libraries to help optimizations. They give no systematic con-
siderations of the host-API dynamic dependencies. Numba [LPS15] is a JIT compiler of Python
that targets optimizing manipulations of ndarray in NumPy. AutoGraph [Mol+19] employs
static code conversion and generative programming to transform PyTorch-style programs to
TensorFlow-style programs. All these methods and tools offer a closed set of optimization tech-
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niques for specific program semantics. Cunctator does not include any optimization technique
but provides a general framework to simplify the creation of a DSL optimizer.

Finally, the NumPy optimizer presented in Section 3.6.1 replaces list copies with in-place
updates. In this sense, it is similar to deforestation, an optimization technique usually used in
programming environments where referential transparency ends up being very costly[Wad88;
KPP11; FSFP19; UM19].

3.11 Conclusion

This chapter introduces the concept of BELE, and describes MIN-watch, the first efficient
runtime monitoring method tailored to data dependence analysis between host code and APIs
for BELE. The chapter demonstrates the usefulness of Cunctator in enabling four optimizations
that are not supported by existing frameworks, giving 1.03-14.2X speedups. While Cunctator
targets Python-hosted DSLs, we believe the potentially applicability of the techniques goes
much beyond Python.
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CHAPTER

4

COMPOSITIONAL LAZY INDUCTIVE
SYNTHESIS

4.1 Introduction

As the most popular language for querying relational data, SQL provides a convenient and
efficient mechanism for interacting with data stored in relational databases. Beyond providing
the familiar relational algebra operators, SQL also allows programmers to perform computations
on data through SQL’s highly optimized built-in functions as well as through user-defined

functions (UDFs). For example, Apache’s Spark SQL allows programmers to write UDFs in a
variety of conventional programming languages, such as Scala, Python, and Java. While such
UDF-based extensions to SQL provide more flexibility to programmers as opposed to only
using SQL’s built-in functions, invoking UDFs from SQL queries typically incurs substantial
performance overhead for the following reasons:

• First, since the SQL optimizer does not know the semantics of UDFs, they largely appear
as black boxes to the query optimizer. As a result, the SQL compiler cannot perform any
meaningful optimizations when the query involves UDFs.
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• Second, executing a query with UDFs often requires expensive cross-language type conver-
sion.

• Finally, SQL’s built-in functions are highly-optimized, whereas user-defined functions tend to
be much less efficient compared to their built-in counterparts.

Motivated by this problem, prior work [Ram+17a; RP19; GPR20] has proposed techniques
for automatically translating UDFs to SQL expressions. For example, Froid [Ram+17a] and
BlackMagic [RP19] translate loop-free user-defined functions to relational algebra expressions,
and Aggify [GPR20] extends these techniques to deal with UDFs that contain so-called cursor

loops (i.e., loops over query results). However, because these techniques are based on syntactic
rewrite rules, their applicability is limited (e.g., loop-free, cursor loops); many practical user-
defined functions are beyond their scope.

In this chapter, we propose an alternative and more expressive approach based on inductive

program synthesis for converting queries with UDFs to semantically equivalent pure SQL
expressions over built-in functions. Unlike prior work in this space, our approach does not rely
on rewrite rules over specific language constructs and can therefore convert a broader class of
UDFs to SQL expressions. At its core, our approach is based on the standard counterexample-

guided inductive synthesis (CEGIS) paradigm [Alu+13] and tries to learn the target SQL
expression by generalizing from input-output examples provided by an equivalence checking
engine as counterexamples. However, because pure inductive synthesis suffers from scalability
problems, our method addresses this challenge by using a novel compositional approach.

At a high level, the main idea underlying our method is to break apart the given UDF into
independent pieces, synthesize small SQL expressions for each piece using standard CEGIS,
and then stitch these pieces together in a syntax-directed manner. In general, if we have a very
fine-grained decomposition, the resulting inductive synthesis problems are much easier, allowing
the technique to scale well to large UDFs. However, a key problem is that we do not know a

priori what the right decomposition strategy is for an arbitrary UDF. For instance, consider
a piece of code that is the sequential composition of three statements S1, S2, and S3. If each
statement Si has an equivalent SQL expression, we can then potentially decompose our original
synthesis problem into three independent, much simpler sub-problems, one for each Si. On
the other hand, even though the code S1;S2;S3 may have an equivalent SQL expression, each
Si may not be individually expressible in pure SQL (e.g. node D of Figure 4.3b). Thus, it is
unclear how to decompose a UDF to simpler synthesis sub-problems without placing syntactic
restrictions on the class of UDFs that the method can handle.
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Figure 4.1: Schematic overview of our approach

Our method overcomes this challenge using a new paradigm that we dub lazy inductive

synthesis that is illustrated schematically in Figure 4.1. At a high level, the key idea is to
construct a sequence of (progressively coarser) decompositions of the original synthesis task
based on the dataflow graph (DFG) representation of the UDF and solve each sub-problem
using CEGIS. For a given decomposition, if every sub-problem can be solved using inductive
synthesis, these solutions can be composed together to obtain a solution for the original task.
Furthermore, because our method starts with the most fine-grained decomposition, the initial
inductive synthesis tasks are easy to solve (i.e., they need to consider a small search space).
However, due to limitations of the available SQL APIs, the inductive synthesizer may fail to
find a solution for the sub-problems even though a solution exists for the original problem. Our
method deals with this challenge by gradually coarsening the decomposition through merging
of nodes in the data flow graph. We refer to this approach of gradually constructing harder
and harder synthesis problems as lazy inductive synthesis, and we refer to our entire synthesis
framework as compositional lazy inductive synthesizer (CLIS).

We evaluate CLIS in the context of UDF optimizations for Spark SQL programs. For a given
Spark SQL program containing Scala UDFs, CLIS produces an equivalent Spark SQL program
with some UDFs replaced with expressions composed of pure built-in SQL functions. Our
evaluation on 63 real-world benchmarks collected from public repositories shows that CLIS
can successfully synthesize equivalent SQL expressions for 92% of the cases, which is 2.8×
more than prior solutions can solve within a given time limit. Furthermore, the optimizations
performed by CLIS result in significant speedups in terms of run-time performance.

Overall, this work features two important novelties: (i) To the best of our knowledge, CLIS
is the first general solution for transforming a broad class of UDFs into SQL; and (ii) it is based
on a new synthesis paradigm that we call compositional lazy inductive synthesis. While UDF-
to-SQL translation provides a useful application of this paradigm, we believe that our proposed
approach may potentially be useful in other synthesis and code translation/optimization tasks as
well.
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In summary, this work makes the following key contributions:

• We propose a new technique for translating SQL queries with UDFs to pure SQL expressions.
Compared to prior work, our method can handle a broader class of user-defined functions.

• We show how to achieve a good trade-off between expressiveness and scalability using a
technique that we dub lazy inductive synthesis. Our method uses a form of deductive reasoning
to decompose the problem, but it solves each sub-problem using counterexample-guided
inductive synthesis.

• We evaluate our implementation, CLIS, on real-world queries written in Spark SQL. Our
evaluation shows that CLIS is effective at translating UDFs to SQL expressions and that it
significantly improves query performance.

The rest of the chapter is organized as follows: Section 4.2 gives a high-level overview of
our method by running through a motivating example, and Section 4.3 presents our formal
problem definition. Next, Section 4.4 introduces some background knowledge on dataflow
graphs, and Section 4.5 presents our core synthesis algorithm. The following three sections
(Sec. 4.6-4.8) describe our implementation and evaluation and discuss related work. Finally, we
discuss limitations and conclude.

4.2 Overview

In this section, we give an overview of our method with the aid of the motivating example shown
in Figure 4.2 that implements a SQL query in the Spark framework. Here, the query involves
a user-defined function called makeTitle implemented in Scala. This function converts a
string into a “title” format, in which the initial letter of each word is in upper case. The second
argument of the function indicates if the input string needs to be trimmed. While this UDF is
implemented correctly, the same functionality can actually be implemented using the following
pure SQL expression:

def makeTitle(s:String, trim:Boolean){
  val s1 = if(trim) s.trim() else s
  val s2 = s1.toLowerCase()
  var init = true
  val ans = s2.map(c => {
      val t = if (init) c.toUpper else c
      init = c == ‘ ‘
      t })
  return ans }

spark.udf.register(“makeTitle”, makeTitle)
spark.sql(“select makeTitle(col1, col2) from tbl”)

spark.sql(“select initcap(if(col2, trim(col1), col1)) from tbl”)

which is 1.98 times faster compared to the original query containing the UDF.1 We now explain
how our technique automatically synthesizes the SQL query shown above given the original
Spark program.

1Tested on randomly generated 10 million rows on a Linux machine with an Intel Core i5-4570 CPU (four
3.2GHz cores).

44



def makeTitle(s:String, trim:Boolean) = {
  val s1 = if(trim) s.trim() else s
  val s2 = s1.toLowerCase()
  var init = true
  val ans = s2.map(c => {
      val t = if (init) c.toUpper else c
      init = c == ‘ ‘
      t })
  ans }

spark.udf.register(“makeTitle”, makeTitle)
spark.sql(“select makeTitle(col1, col2) from tbl”)

Figure 4.2: A Spark query containing a UDF

def makeTitle(s: String, t: Boolean)= {
    val s1 = if (t) s.trim() else s
    val s2 = s1.toLowerCase()
    var init = true
    val ans = s2.map(c => {
        val t = if (init) c.toUpper else c
        init = c == ' '
        t })
    ans }

spark.udf.register("makeTitle", makeTitle))
spark.sql("select makeTitle(col1, col2) from tbl")
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Figure 4.3: Illustration of our approach on running example
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Our method starts by constructing the UDF’s dataflow graph (DFG) (see Figure 4.3b). Here,
each node corresponds to a fragment of the source UDF, and an edge from node X to node Y

labeled with v indicates that Y accesses a variable v computed by X . Initially, our algorithm
tries to synthesize a separate SQL statement for each DFG node by invoking a CEGIS-based
synthesizer. In this case, it can find equivalent SQL expressions for nodes (A), (B), and (C); the
result is shown in Figure 4.3c as nodes (A’), (B’), and (C’). However, synthesis fails for node
(D) as there is no built-in SQL function that captures the computation performed in lines 4-8.

In the next iteration, our technique tries a less aggressive decomposition by merging nodes
(C) and (D) in the original data-flow graph into a single node (E) (see Figure 4.3b). Note that
the new DFG corresponds to a less fine-grained decomposition in that node (E) represents
a bigger code fragment, so the CEGIS-based synthesizer needs to consider a larger search
space. However, despite this larger search space, the target SQL expression is quite small, and
the synthesizer returns the SQL expression initcap(s1) as ans as a solution to this
sub-problem.

At this point, the algorithm has found a decomposition where each component is individually
synthesizable. As a last step, we compose together each of the synthesis sub-results into the
SQL expression of Figure 4.3d with the help of the DFG from Figure 4.3c. After eliminating
intermediate variables and integrating this expression into the original query, we finally obtain
the desired result.

Based on this example, we highlight the following salient features of our approach:

• Even though the final SQL query is quite large, the result of each synthesis sub-problem is
small. Thus, decomposition allows our technique to scale to search spaces that cannot be
traditionally handled by inductive synthesizers.

• Both the initial decomposition and its subsequent coarsening are guided by the dataflow graph,
and the DFG representation is crucial for composing together the results of each subproblem.

• In contrast to prior work [Ram+17a], our method can utilize built-in SQL functions such as
trim and initCap, and it can also handle higher-order combinators like map.

4.3 Problem Definition

In this section, we formally define the synthesis problem addressed in the remainder of the
chapter. At a high level, our goal is to convert a SQL program containing user-defined functions
(UDFs) to one without any UDFs.
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Program P → D1; ...Dn;Q
UDF Defn. D → def f(a1, ..., an) = ⟨ScalaExpr⟩
SQL Query Q → σ | with V1; . . . ;Vn σ
View V → TblName as (σ)
Select σ → select Π from T1, ...,Tn [where E]

[group by Π] [order by Π]
Projection Π → UDFm(C1, ..., Cn) | C1, ..., Cn

Column C → E | E as ColName
Expression E → Const | T.ColName | F (E1, ..., En)
Function F → UDFs | f ∈ BuiltInFuncs

Figure 4.4: The grammar of our source language.

As shown in Figure 4.4, our source language consists of a set of UDF definitions written in
Scala, followed by a SQL query. 2 A UDF can contain arbitrary Scala expressions, including
but not limited to loops and conditional statements. A query Q is a standard SQL query which
may refer to temporary tables (views) defined using the with syntax in the grammar. Both
projection operations Π and expressions E can involve built-in SQL functions/operators f as
well as user-defined functions. In the grammar, we use the notation UDFs to represent a UDF
with a scalar return value and UDFm to denote a UDF that returns multiple values (i.e., tuple).

Definition 1. (UDF elimination problem.) Given a program P conforming to the grammar

from Figure 4.4, our problem is to find a SQL query Q without any user-defined functions such

that P is equivalent to Q (denoted P ≃ Q) — i.e., given any input data, P and Q produce the

same output.

In this work, we solve this problem by translating each UDF definition D to an equivalent
projection Π without UDFs and then inlining the call to this UDF by its equivalent projection.
Thus, we can alternatively state our synthesis problem as the following UDF-to-SQL translation
task:

Definition 2. (UDF-to-SQL translation) Given a Scala function definition D with arguments

a, the UDF-to-SQL translation problem is to find a SQL projection expression Π without UDFs

such that D ≃ λa. Π.

2Because our implementation targets the Apache Spark framework, we consider UDFs written in Scala; however,
our technique can, in principle, be applied to UDFs written in other programming languages as well.
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4.4 Background on Dataflow Graphs

In the rest of the chapter, we represent UDFs as dataflow graphs defined as follows:

Definition 3. (Dataflow graph (DFG)) A dataflow graph for a function f is a directed acyclic

graph G = (NA, NS, NR, E, L) where:

• NA is a list of nodes representing f ’s arguments in order.

• NS is a set of nodes representing statements (i.e., code snippets) in f ’s body.

• NR is a list of return nodes representing f ’s return values in order.

• E ⊆ {(n, n′, v) | n ∈ NA ∪ NS, n
′ ∈ NS ∪ NR, v ∈ Vars(f)} is a set of directed edges

(arcs).

• L is a mapping from nodes to labels. In particular, we have:

– For n ∈ NA, we have L(n) ∈ {argk | 1 ≤ k ≤ Size(NA)}

– For n ∈ NR, we have L(n) ∈ {retk | 1 ≤ k ≤ Size(NR)}

– For n ∈ NS , we have L(n) ⊆ Stmts(f)

Semantically, an edge (n, n′, v) indicates that the computation performed in node n′ depends
on the computation from node n through variable v (i.e., n′ reads from variable v that is modified
in n). As expected, argument nodes n ∈ NA do not have incoming edges, and return nodes

n ∈ NR do not have outgoing edges. The labeling function L assigns each argument (resp.
return) node n ∈ NA (resp. NR) to its sequential number in the list. Finally, for statement nodes

n ∈ Ns, the label of n corresponds to some code fragment in f .

Example 1. Figure 4.5a shows a function called addPower, and Figure 4.5b shows a dataflow

graph for this function. Since the UDF takes two arguments, the DFG has two argument nodes

labeled arg1 and arg2. It also has two return nodes labeled ret1 and ret2 because the UDF

returns a pair. The statement node E represents the loop and has two outgoing edges (labeled

with p) to nodes F and G: this indicates a data dependence through variable p between E

and F as well as E and G. Observe that a given code fragment does not have a unique DFG

representation. Figure 4.5c shows another valid DFG representation of the same addPower

function.

Because a program has many possible DFG representations, we define a refinement relation

between two DFGs as follows:
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1 function addPower(a, b) {
2 c = a + b;
3 n = b < 0;
4 if(n) b1 = -b;
5 b2 = n ? b1 : b;
6 for (p=1,i=0;i<b2;i++)
7 p *= a;
8 if(n) p1 = 1/p;
9 p2 = n ? p1 : p;

10 return c, p2;
11 }

(a) An example UDF
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Figure 4.5: An example UDF and its two possible DFGs

Definition 4. (DFG refinement) Let G = (NA, NS, NR, E, L) and G′ = (NA, N
′
S, NR, E

′, L′)

be two valid DFGs for the same function. We say that G′ is a refinement of G, written G′ ⪯ G,

iff:

∀n ∈ NS. (∃n1 ∈ N ′
S., . . . ,∃nk ∈ N ′

S. L(n) ≡ L(n1); . . . ;L(nk))

where L(n1); . . . ;L(nk) indicates the sequential composition of the statements labeling nodes

n1, . . . , nk.

In other words, dataflow graph G′ is a refinement of G if it “splits" one or more of the nodes
in G into multiple nodes.

Example 2. For the two DFGs in Figure 4.5, we have G ⪯ G′ because L(A′) = L(A),

L(B′) = L(B), L(D′) = L(E), and

L(C ′) = L(C);L(D) L(E ′) = L(F );L(G)

As we will see in Section 4.5.1, if G ⪯ G′, our approach prefers G over G′.
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Algorithm 2 Top-level synthesis algorithm
1: function UDF2SQL(F )
2: Input: A user-defined function F

3: W ← {ConstructDFG(F )}
4: Ω← ∅
5: while W ̸= ∅ do
6: G← PickMostPromising(W,⪯)
7: (E, n)← SYNTHFROMDECOMP(G,Ω)
8: if E ̸= null then return E

9: W ← W∪ COARSENDECOMP(G, n)
10: return null

4.5 Synthesis Algorithm

In this section, we describe our lazy inductive synthesis algorithm for translating user-defined
functions to SQL expressions. We first give a high-level overview of the algorithm and then
describe the details of the core procedures.

4.5.1 Top-Level Algorithm

Algorithm 2 shows the outer loop of our synthesis algorithm called UDF2SQL. This procedure
takes as input a user-defined function F and returns a SQL expression E that is semantically
equivalent to F (or null if no equivalent expression is found). To simplify presentation and
avoid naming collisions, we assume that the UDF has been converted to static single assignment
(SSA) form [Cyt+91]. At a high level, the UDF2SQL procedure maintains two data structures:

• A worklist W contains a set of decompositions of the UDF, where each decomposition is
represented by a dataflow graph.

• A map Ω of partial results, mapping each code snippet S in function F to its corresponding
SQL expression E. In other words, Ω is used to memoize partial synthesis results.

In the beginning of the algorithm (line 3), the worklist contains the initial DFG of the input
function — i.e., output of ConstructDFG. While the details of the ConstructDFG procedure are
not important for the synthesis algorithm, it is worth noting that our implementation constructs
this DFG in a way that minimizes the size of the code snippets labeling each node. In other
words, the initial DFG corresponds to the most aggressive decomposition of the UDF.
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Algorithm 3 Compositional synthesis from DFG
1: function SYNTHFROMDECOMP(G,Ω)
2: Input: DFG G = (NA, NS, NR, E, L)
3: Input: Mapping Ω containing partial synthesis results

4: for each n ∈ NS do
5: S ← L(n)
6: if S ̸∈ Domain(Ω) then
7: Ω[S]← CEGIS(S, InLabels(n),OutLabels(n))
8: if Ω[S] = null then return (null, n)

9: E ← CODEGEN(G,Ω)
10: return (E, null)

After initialization, the algorithm enters a loop that terminates either when it finds an equiva-
lent SQL expression or exhausts all possible decompositions of the initial DFG. Specifically, it
dequeues the most promising decomposition from the worklist using the PickMostPromising

function, which returns the most fine-grained decomposition in W . Since the search space of
the inductive synthesizer is proportional to the size of the input program (recall Section 2.2),
picking the most fine-grained decomposition translates into solving simpler inductive synthesis
problems first. More formally, PickMostPromising returns a dataflow graph G ∈ W with the
following property:

∀G′ ∈ W. G ̸= G′ ⇒ G′ ̸⪯ G

Next, given a decomposition strategy represented by G, UDF2SQL invokes the SYN-
THFROMDECOMP procedure to synthesize an equivalent SQL expression using the chosen
decomposition. If synthesis succeeds (e.g., returned expression E is not null), the algorithm
terminates and returns E as a solution. Otherwise, SYNTHFROMDECOMP populates the map
Ω with its partial synthesis results and produces a node n ∈ G for which synthesis failed.
Finally, the COARSENDECOMP procedure coarsens the current decomposition G by merging
the failed node n with one of its neighboring nodes and produces a set of new decomposi-
tions that are added to the worklist at line 9. In the remainder of this section, we explain the
SYNTHFROMDECOMP and COARSENDECOMP procedures in more detail.

4.5.2 Synthesis from Dataflow Graph

Our algorithm for synthesizing SQL code for a given decomposition (i.e., dataflow graph) is
presented in Algorithm 3. The procedure SYNTHFROMDECOMP takes two inputs:
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• A dataflow graph G = (NA, NS, NR, E, L) representing the current decomposition,

• Partial synthesis results Ω.

The idea behind SYNTHFROMDECOMP is as follows: For each statement node n ∈ NS of
the current decomposition, it uses counterexample-guided inductive synthesis (line 7) to find
an equivalent SQL expression for L(n). If CEGIS is successful for every node n ∈ NS , it then
stitches together the resulting SQL expressions by calling CODEGEN at line 9. However, if
synthesis is unsuccessful for any DFG node n, the algorithm returns n as a “problem” node (line
8). It is worth noting that SYNTHFROMDECOMP uses partial results Ω to avoid re-synthesizing
statements that have already been synthesized previously: In particular, if S is already in the
domain of Ω (line 6), our algorithm does not invoke CEGIS and simply reuses the previous
synthesis result.

Next, we explain how to instantiate the CEGIS paradigm in our setting as well as how to
generate a full SQL query from individual synthesis results.

4.5.2.1 CEGIS Instantiation

Figure 4.6 illustrates how we instantiate the CEGIS paradigm in our context. Specifically, our
CEGIS instantiation takes the following inputs:

• A code snippet S for which we want to synthesize an equivalent SQL expression

• The set of input variables x — these correspond to the label of incoming edges of the
corresponding DFG node

• The set of output variables y (i.e., edge labels for outgoing edges of the DFG node)

Given these inputs, our CEGIS instantiation works as follows. First, we generate an initial
set of inputs by choosing random values of x and executing S on these inputs to get corre-
sponding values for outputs y. We then use an off-the-shelf programming-by-example (PBE)
engine [Mar+19] to find a SQL expression S ′ that satisfies these input-output examples. Next,
we translate both the synthesized SQL expression S ′ and the original code snippet S to C code
in a syntax-directed way and invoke an off-the-shelf model checker [CKL04] to test equivalence
between S and S ′. If they are not equivalent, we obtain an arbitrary counterexample from the
model checker and invoke the PBE engine with this additional example.

Example 3. Consider the following code snippet in a DFG node:
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Figure 4.6: Our instantiation of the CEGIS paradigm

var isPalindrome = true

for (i <- 0 until s.size)

if (s(i) != s(s.size-i-1)) {

isPalindrome = false

break

}

This piece of code tests if a string is a palindrome. The input variable is s and the output

variable is isPalindrome. We start by choosing a few random inputs, say “a” and “xy”,

and then execute the code on these inputs to get the following examples E:

E = {“a” 7→ true, “xy” 7→ false}

Given these examples, the PBE engine returns the candidate expression λx.x == “a”. This is

clearly wrong, and the verifier returns a counterexample, say “b”. We then execute the reference

implementation on this input and obtain the following examples:

E ′ = {“a” 7→ true, “xy” 7→ false, “b” 7→ true}

Next, the PBE engine returns another incorrect expression λx. length(x) == 1, so the verifier

finds a new counter-example “aba". Our new examples now become:

E ′′ = {“a” 7→ true, “ab” 7→ false, “b” 7→ true, “aba” 7→ true}
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Algorithm 4 Code Generation for Each DFG Node
1: function CODEGEN(n,Ω)
2: Input: A DFG node n
3: Input: Synthesis results Ω

4: E ← Ω(n)
5: for each e ∈ InEdges(n) do
6: (n′, v)← (Source(e), Label(e))
7: if IsArg(n′) then
8: subExps[v]← L(n′)
9: else

10: parentRes← CODEGEN(n′,Ω)
11: subExps[v]← parentRes[v]

12: return map(E, λt.(Var(t), replace(Def(t), subExps)))

Finally, in the third iteration, the PBE engine returns the expression λx. reverse(x) == x

which can be proven equivalent to the reference implementation, so the CEGIS loop terminates.

4.5.2.2 Code Generation

Once we obtain the synthesis results for each node n in the dataflow graph, we generate the
final SQL expression by traversing the DFG and substituting synthesis results for intermediate
variables. In particular, Algorithm 4 describes our code generation procedure for each node in the
DFG. The idea behind CODEGEN is as follows: For a given node n, we first recursively generate
code for all of its parents, which corresponds to obtaining SQL expressions for intermediate
variables used in Ω(n) (lines 5–11). We then substitute these intermediate variables used in
Ω(n) with their corresponding SQL expressions obtained through the recursive call (line 12). In
more detail, consider a synthesis result such as (e1 as t1, . . . , en as tn), where each ei refers to
intermediate columns defined in its parent block 3. Line 12 of Algorithm 4 returns the mapping
[t1 7→ e′1, . . . , tn 7→ e′n] where each e′i is obtained by substituting intermediate variables in
ei with a SQL expression over the arguments. The following example illustrates this code
generation process.

Example 4. Consider the DFG and synthesis results shown in Figure 4.3(c). The CODEGEN

procedure generates SQL expressions for each node in the DFG as follows.

• For node A′, we generate the SQL expression trim(arg1).

3For a SQL expression e′ ≡ e as t, we use the notation Var(e′) to refer to t and Def(e′) to refer to e.
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• For node B′, we generate the expression if(arg2, trim(arg1), arg1)) where the second argument

is obtained through a recursive call.

• For node E ′, we generate the expression:

initcap(if(arg2, trim(arg1), arg1))

This is also the return value of CODEGEN for the whole DFG.

4.5.3 Coarsening the Decomposition

Recall that our main synthesis procedure (Algorithm 2) performs lazy inductive synthesis by
gradually coarsening the initial decomposition. In this section, we explain the COARSENDE-
COMP procedure, shown in Algorithm 5, for generating new decompositions when inductive
synthesis fails. This procedure takes two inputs:

• A failing decomposition represented by dataflow graph G

• A DFG node n for which inductive synthesis fails

The idea behind COARSENDECOMP is quite simple: For each neighbor n′ of n, we generate
a new dataflow graph that is the same as G except that nodes n and n′ have been merged. To
merge nodes n and n′, we follow the following steps:

• Generate a new node m with label L(n);L(n′)

• The incoming (resp. outgoing) edges of m become the incoming (resp. outgoing) edges of
both n and n′ (except for those edges between n, n′)

• G′ includes m and all nodes of G except n, n′

• G′ includes all edges of G except those involving n or n′ as well as all new edges involving m

Note that line 9 of Algorithm 5 checks whether the resulting graph G′ is acyclic before
adding G′ to the worklist because a valid dataflow graph is required to be acylic.

Example 5. Figure 4.7a shows a new DFG obtained by merging nodes A and B in the left

DFG. Figure 4.7b shows the graph obtained by merging nodes A and C. However, this graph is

rejected since it is cyclic and therefore an invalid DFG.
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Algorithm 5 Coarsen decomposition
1: function COARSENDECOMP(G, n)
2: Input: DFG G = (NA, NS, NR, E, L)
3: Input: n ∈ NS , the node for which synthesis failed
4: Output: A new set of dataflow graphs

5: S ← ∅
6: for each n′ ∈ NS do
7: if isNeighbor(n, n′) then
8: G′ ← MergeNodes(G, n, n′)
9: if isAcyclic(G′) then

10: S ← S ∪G′

11: return S
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Figure 4.7: Merging two nodes

As mentioned earlier, coarsening the decomposition is useful after an unsuccessful synthesis
attempt because the previous decomposition strategy may have been too aggressive. That is,
while a statement S may not have an equivalent SQL expression, it is possible that a larger
code fragment S ′;S does have an SQL equivalent, as illustrated in Section 4.2. Of course, the
bigger the code fragment, the larger the search space that needs to be considered by the CEGIS
engine. Thus, coarsening the decomposition in a demand-driven way allows the overall synthesis
algorithm to be more scalable in practice, as we discuss next.
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4.5.4 Complexity Analysis

We first analyze the time complexity of the CEGIS procedure in Algorithm 3. Let N be the
number of statements in a DFG node, so the size of the target program is bounded by αN

for some constant α. In the worst case, CEGIS explores the entire search space, so its worst-
case time complexity is O(FαN), where F is the number of built-in SQL functions that the
synthesizer supports.

Next, we analyze the time complexity of lazy inductive synthesis. In the best case, no
coarsening is required, so each statement in the UDF is mapped to a DFG node. In this case,
the time complexity of our technique is O(SFα). Since F and α are constants, this is O(S),
in which S is the number of statements in the UDF. Hence, the complexity of our technique
can be exponentially better than standard CEGIS. In general, if there are C coarsening passes,
and the largest coarsened node has NC statements, then the time complexity is O(CFαNC). In
practice, we observe that the number of coarsening steps is small (approximately 2 on average
in our evaluation); thus, our proposed lazy inductive synthesis technique works significantly
better than standard CEGIS in practice.

4.6 Implementation and Optimizations

We have implemented our proposed method in a tool called CLIS targeting the Spark frame-
work [Zah+10]. We choose Spark as the test-bed due to its popularity and extensive use of
UDFs. CLIS aims to accelerate Spark programs by replacing user-defined functions written
in Scala with built-in SQL expressions whenever possible. Thus, CLIS can be viewed as a
super-optimizer targeting Spark SQL programs.

In the rest of this section, we discuss some optimizations over the basic synthesis algorithm
from Section 4.5.

4.6.1 Parallelization

The compositional synthesis technique of Algorithm 3 is embarrassingly parallel in that each
DFG node can be translated independently. Thus, CLIS creates a new thread to run the CEGIS
synthesizer for each DFG node. If there is no idle CPU, CLIS waits until one thread is finished
before creating a new thread. If any thread exits with synthesis failure, then CLIS abandons the
current DFG and coarsens its decomposition.
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4.6.2 Type-Based Pruning

Our implementation performs one important optimization over the algorithm from Section 4.5.
In our description of the UDF2SQL algorithm, the inductive synthesizer does not consider the
input-output types of the code fragment to be synthesized. However, in practice, UDFs often
involve intermediate types that are not supported by SQL. For instance, consider the following
UDF:

def regexMatch(str: String, pattern: String): Boolean = {

val regex: Regex = pattern.r

return regex.matches(str)

}

Here, each of the two lines can be represented using separate nodes in the DFG. However,
the data dependence between these nodes is through a variable of type Regex, which is not
supported by SQL. Since it is impossible to find a SQL expression that returns a value of type
Regex, we are guaranteed that the inductive synthesizer will fail on these DFG nodes. Our
method uses this observation to rule out failing decompositions by eagerly merging DFG nodes
that “return" a value whose type is not supported by SQL.

4.6.3 UDF-Level Transformations

CLIS performs a few transformations on the input UDF in order to make subsequent analysis
easier.

Handling global variables. While UDFs can access global variables, SQL expressions cannot.
But, in practice, many UDFs only access global variables without modifying them; so it is,
in fact, possible to translate them into an equivalent SQL expression with some additional
book-keeping. To enable the conversion of such UDFs to SQL expressions, we first append
each global variable accessed by the UDF to its argument list. Then, if synthesis is successful,
executing the synthesized SQL expression requires the table to contain a column whose value is
equal to the value of the global variable. To facilitate this, we explicitly add such columns for
global variables. For instance, consider the Spark program:

spark.udf.register("addx", (c:Int)=>c+x)) // x is global

spark.sql("select addx(c) from t")
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Here, we first rewrite the original UDF into:

(c:Int,x:Int) => c+x

for which CLIS is able to find the equivalent SQL expression @arg1 + @arg2. To integrate
the synthesized SQL expression into the query, we generate the following code:

spark.table("t").withColumn("x",lit(x)).registerTempTable("t1")

spark.sql("select c+x from t1")

The code snippet above first creates a temporary table t1 that contains an additional column x
that contains the value of global variable x. Then, the SQL query on the second line uses this
temporary table t1 instead of the original table t.

Flattening structs. While Spark allows columns of type struct, our synthesis engine does not
support field accesses. To convert UDFs with field accesses to equivalent SQL expressions, we
first flatten structs into multiple arguments. For instance, consider the following simple UDF:

(x:(Int,Int)) => x._1+x._2

In a pre-processing step, this UDF is rewritten to (x1:Int,x2:Int) => x1+x2. Then,
once CLIS finds an equivalent SQL expression, we perform a post-processing step to map the
flattened columns to the original fields.

4.6.4 PBE Back-End

Our implementation leverages the Trinity programming-by-example framework [Mar+19] for
finding an expression that is consistent with a given set of input-output examples. To specialize
Trinity for a given domain, one needs to specify (1) syntax of the DSL in which programs are to
be synthesized, and (2) an optional abstract semantics of this DSL (which is used for pruning the
search space). In our case, the DSL syntax corresponds to SQL projection expressions as defined
in Figure 4.4, and we include a total of 73 built-in SQL functions. To help the programming-by-
example engine, we also provide coarse-grained abstract semantics (i.e., logical specifications)
for 33 of the 73 commonly used built-in functions. For instance, for the string concatenation
function, our specification states that the length of the output is the sum of the lengths of the
input strings. For constants, we restrict the search space of the synthesizer to a fixed set of
commonly occurring values, such as 1, 0, and −1 for integers.
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In addition, we employ an optimization called incremental grammar generation introduced
in CASPER [AC18]. Specifically, CLIS accelerates synthesis using two different grammars:
The first (complete) grammar contains all 73 built-in SQL functions, but the second grammar
contains only the 15 most-commonly used ones. For each DFG node, the synthesizer first tries
to find an equivalent SQL expression using the partial grammar; and, if none is found, it runs
the PBE engine using the complete grammar.

4.6.5 Checking Equivalence

We leverage the CBMC [CKL04] bounded model checker for checking equivalence between a
Scala UDF and a SQL expression. However, since CBMC only works for programs written in C,
we first convert both the source UDF and target SQL expression to C code. This is achieved by
modeling Scala and SQL types and functions in C. For instance, a Scala String is modeled
in C using a struct with two fields, namely size and buffer. Similarly, the ‘+’ operation on
two Scala Strings is modeled by a C function String_concat(). Our implementation
of the Scala-to-C (resp. SQL-to-C translator) is a prototype and does not yet handle all Scala
(resp. SQL) features.

4.7 Evaluation

In this section, we describe the results of our evaluation that is designed to answer the following
research questions:

RQ1. How often do programmers write user-defined functions for computations that can be
expressed using SQL expressions with existing built-in functions?

RQ2. How effective is CLIS at synthesizing SQL expressions for those UDFs that have a SQL
equivalent?

RQ3. How much does decomposition help with synthesis? (i.e., how effective is the idea of lazy

inductive synthesis?)

RQ4. How much of a performance improvement do we obtain by translating UDFs to equivalent
SQL expressions?

RQ5. How much more expressive is CLIS compared to prior work in this space?
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Table 4.1: Statistics about the benchmark set

Total # of UDFs 100
LOC per UDF 3 - 35, avg 5
AST size per UDF 9 - 235, avg 38
# UDFs with loops 78
# UDFs that have SQL equivalent 63

4.7.1 Benchmarks

To answer the research questions listed above, we collected a benchmark set consisting of 100
Spark UDFs using the following methodology. First, we downloaded all Github repositories
that are (a) written in Scala, (b) use the Spark framework, and (c) contain at least one star.
Next, we implemented a tool to extract from these projects all UDFs that conform to CLIS’s
requirements (e.g., no unmodeled Scala features like exceptions). Then we filtered out trivial
UDFs that contain at most one operator. Finally, among the remaining UDFs, we randomly
sampled 100 to use for our evaluation. Table 4.1 gives statistics about these UDFs in terms of
their AST size, number of lines of Scala code, and whether they contain loops.

4.7.2 Manual Study

In order to answer RQ1, we manually inspected all 100 UDFs in our benchmark set and deter-
mined that 63 of them have an equivalent SQL expression. For the remaining 37 benchmarks,
Figure 4.8 summarizes why these UDFs cannot be converted to an equivalent SQL expression.
We identified four different reasons that prevent these UDFs from being expressible in SQL:

• Dynamic features: Some of these UDFs use dynamic Scala features such as reflection or
virtual dispatch that cannot be expressed in SQL. These account for 43% of all UDFs that
cannot be converted to SQL.

• User-defined types: 10 of the 37 UDFs use a custom Scala class defined by the user.

• Side effects: 5 of the 37 UDFs modify global variables.

• No built-in SQL operator: 6 of the 27 UDFs use Scala functions (e.g., matrix multiplication,
AES encryption) for which there are no built-in SQL operators.
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Figure 4.8: Types of UDFs that do not have SQL equivalent

Table 4.2: Main synthesis results

Total convertible UDFs 63
Median synthesis time 9 seconds
Synthesized in 1 minutes 46 (73%)
Synthesized in 5 minutes 54 (86%)
Synthesized in one hour 58 (92%)
Decomposition coarsened 22 (35%)
Max top-level iterations 12
Avg top-level iterations 1.97

Result #1: 63% of the UDFs in our benchmark set have equivalent SQL expressions.
The remaining ones cannot be expressed in SQL due to side effects, dynamic language
features, custom types, and use of operators that do not have a built-in SQL equivalent.

4.7.3 Effectiveness of CLIS

In this section, we present the results of running CLIS on the 63 UDFs that have SQL equivalents.
The experiments described here are performed on a Linux machine with an Intel Core i5-4570
CPU (four 3.2GHz cores) with a time limit set to one hour.

As summarized in Table 4.2, CLIS can successfully synthesize equivalent SQL expressions
for 92% of these benchmarks (58 out of 63) within the given time limit of one hour. Furthermore,
the median synthesis time across all benchmarks 9 seconds; about three quarters of benchmarks
(73%) can be synthesized within one minute, and 86% of the benchmarks can be synthesized
within 5 minutes. Also, as reported in Table 4.2, the initial decomposition is unsuccessful for
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35% of the benchmarks, meaning that the decomposition needs to be coarsened in order for syn-
thesis to be successful. The average number of iterations (i.e., decomposition coarsening steps)
across all benchmarks is approximately 2; however, some benchmarks require up to 12 iterations.

Result #2: Among the 63 UDFs that have SQL equivalents, CLIS can successfully
synthesize SQL expressions for 58 benchmarks (92%) within a time limit of one hour.
Furthermore, synthesis terminates within 9 seconds for half of the benchmarks and
within one minute for 73% of the UDFs.

4.7.4 Benefits of Decomposition and Laziness

In this section, we perform comparisons and ablation studies4 to answer RQ3. In particular, we
compare CLIS against an ablated version that does not perform lazy inductive synthesis. In
particular, this baseline tries to find a SQL expression that is equivalent to the entire UDF rather
than decomposing it into small snippets. In addition, we also compare the performance of CLIS
with the synthesis technique used in CASPER [AC18]. However, since CASPER is designed for
translating Java programs to MapReduce programs, we cannot directly use it in our setting. Thus,
we re-implement CASPER’s key techniques for our problem, including incremental grammar
generation and the CEGIS synthesizer backed by SKETCH [SL+06].

The results of this comparison are included in Figure 4.9. Here, the x-axis shows the number
of benchmarks (sorted according to synthesis time), and the y-axis shows cumulative running
time in seconds. In this plot, the blue line (with dots) shows the results for CLIS running
on four CPU cores, the red line (with triangles) corresponds to the results for CLIS without
parallelization, the yellow line (with squares) represents the ablated version, and the green line
(with diamonds) corresponds to CASPER. Overall, CLIS (running on 4 CPUs) solves 2.4×more
benchmarks than the non-compositional (ablated) version and solves 2.8× as many benchmarks
as CASPER. The parallel version of CLIS is slightly faster than the non-parallel version and
solves two additional benchmarks. Overall, these results demonstrate that the lazy inductive
synthesis idea proposed in this chapter is effective and that our DFG-based decomposition is
highly beneficial in practice.

4Ablation study is to compare a system against its variants generated by removing one or more parts of the
system.
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Figure 4.9: Comparing cumulative synthesis time of different settings and techniques

Result #3: The lazy inductive synthesis approach allows CLIS to solve 2.4× more
benchmarks within the one hour time limit compared to an ablation that does not
use this idea. Furthermore, CLIS solves 2.8× as many benchmarks compared to the
CASPER approach.

4.7.5 Performance Improvement

In this section, we evaluate RQ4 by measuring the performance improvement obtained by
converting UDFs to SQL. We measure performance improvement both for individual UDFs and
TPC-H workloads. We also consider two case studies for understanding end-to-end improvement
in terms of overall application performance.

4.7.5.1 Individual UDFs

In this section, we compare the performance of the 58 original Spark UDFs that can be solved by
CLIS against their SQL versions. To perform this comparison, we generate a synthetic dataset
containing 10 million rows for each benchmark. The results of this experiment are summarized
in Table 4.3. For all except two benchmarks, converting the UDF to a SQL expression results
in a speed-up, with the geometric mean speed-up being 3.5×. Furthermore, for 71% of the
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Table 4.3: Improvement on individual UDFs

Total solved UDFs 58 (92% of total convertible UDFs)
# UDFs with speedups 56
Speedup factors 1.3-16.3×, geometric mean 3.5×
# UDFs of 1-2× speedups 15 (26%)
# UDFs of 2-3× speedups 15 (26%)
# UDFs of 3-5× speedups 10 (17%)
# UDFs of 5-10× speedups 11 (19%)
# UDFs of >10× speedups 5 (9%)
# UDF with slowdowns 2 (0.7× and 0.9 ×)

benchmarks, we observe a speed-up exceeding 2×. Overall, these results confirm the hypothesis
that converting UDFs to SQL expressions is quite beneficial in terms of performance.

4.7.5.2 TPC-H Workloads

In this section, we evaluate our method on TPC-H workloads [TPC05]. Since the original TPC-H
queries do not contain UDFs, we rewrite the queries by replacing expressions with UDFs as
done in previous work [Ram+17b]. While the queries are synthetic, the workloads of TPC-H
represent real-world workloads. The rewritten queries are similar to those presented in the
extended version of the Froid paper [Ram+17b], except for that our versions have no subqueries
inside UDFs because they are not supported by Spark SQL. We then compare performance
between the original TPC-H queries and their rewritten versions on a 10GB dataset. In this
experiment, six of the rewritten queries show significant (> 10%) performance degradation;
thus, we use CLIS to optimize these six queries. Figure 4.10 shows the execution time of the
three variants (original, rewritten with UDFs, and optimized by CLIS) for these queries. CLIS
improves execution time of all six queries by 1.2− 7.4×, with the geometric mean speed-up
being 2.2× compared to the version containing UDFs. Furthermore, the queries optimized using
CLIS execute as fast as the original TPC-H queries.

4.7.5.3 Case Study on Real Spark Applications

In this section, we evaluate the performance benefits of converting UDFs to SQL expressions in
terms of end-to-end application running time. To perform this case study, we identify two relevant
Spark applications using the following methodology. First, we collect a set of Github applications
by searching for relevant keywords (namely, “SparkSession", “read", “groupByKey”). Among
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Figure 4.10: Improvement of TPC-H queries with UDFs. Since the original TPC-H queries
do not contain UDFs, we rewrite the queries by replacing expressions with UDFs as done in
previous work [Ram+17b]. Error bars are 95% confidence intervals.

the first 10 search results, 5 of them are Spark applications, and, based on our manual study,
only two of those (WordCount and CcyAggregator) seem to consume a significant portion of
their running time executing UDFs. In the remainder of this section, we describe our experience
with using CLIS to optimize these applications.

Case study 1: WordCount. This application counts the number of occurrences of each word
in a text file and contains a total of 7 Spark API calls. As shown in Table 4.4, two of these calls
involve UDFs, and both of them have an equivalent SQL expression. However, converting one
of these UDFs to SQL requires using a built-in function that CLIS currently does not support.
CLIS is able to optimize the other UDF used in this application.

To measure the end-to-end performance improvement obtained by converting this UDF
to SQL, we use the four different workloads/configurations summarized in Table 4.5. The
workloads are input files with randomly generated contents. As shown in Figure 4.11, converting
this single UDF to SQL improves end-to-end running time of the application by 30-50%
depending on the setting.
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Table 4.4: Summary of applications

WordCount CcyAggregator

# Spark API calls 7 19
# API calls with UDF 2 11
# convertible UDFs 2 9
# UDFs CLIS can handle 1 9

Table 4.5: Four different test settings

WordCount
input

CcyAggregator
input

# Unique
keys

Cluster
size

Setting A 463 MB 233 MB 10,000 8
Setting B 925 MB 466 MB 10,000 8
Setting C 463 MB 233 MB 1,000,000 8
Setting D 463 MB 233 MB 10,000 16

Case study 2: CcyAggregator. We also evaluate the performance improvement on CcyAg-
gregator, which is used for aggregating different currency rates. This application contains 19
Spark API calls, 11 of which contain UDFs. Among these eleven, nine have equivalent SQL
expressions, and CLIS is able to convert all nine to SQL.

We evaluate the performance improvement of the optimized application using the same
four workloads/configurations reported in Table 4.5. For this application, we observe much
larger speed-ups, ranging from 2.2× to 3.1×, depending on which setting is used. These larger

0.0 0.5 1.0 1.5 2.0 2.5 3.0 3.5
Speedups

CcyAggregator

WordCount

2.7

1.5

3.1

1.4

2.2
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1.4

Setting A
Setting B
Setting C
Setting D

Figure 4.11: End-to-end improvement for real applications
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Table 4.6: Comparison between CLIS and closely related work

Name∗ Technique Source program Target program Loops handled # Applicable
benchmarks†

CLIS Program synthesis Spark SQL with UDF UDF-free Spark SQL Arbitrary 58
Froid Syntax-driven T-SQL with UDF UDF-free T-SQL None ≤ 11

UDF Decorrelation Syntax-driven SQL with UDF UDF-free SQL Cursor loops ≤ 11
DBridge Syntax-driven Java ORM application SQL Cursor loops ≤ 11

QBS Program synthesis Java ORM application SQL Arbitrary ≤ 21
CASPER Program synthesis Java program MapReduce program Arbitrary 21‡

* Citations: Froid [Ram+17a], UDF Decorrelation [Sim+14], DBridge [Ema+17], QBS [CSLM13], CASPER [AC18]
† The number of collected benchmarks that can be solved within one hour. Upper bounds are conservatively estimated.
‡ The technique used by CASPER is re-implemented to translate UDF to SQL.

speed-ups compared to WordCount are expected, as CcyAggregator contains more UDFs that
can be optimized.

Result #4: At individual UDF level, we observe an average 3.5× speed-up by convert-
ing UDFs to equivalent SQL expressions. At query level, we see 1.2− 7.4× speed-up
by using CLIS to convert TPC-H queries with UDFs to pure SQL. In terms of end-to-
end application performance, CLIS enables significant improvements ranging from
1.3× to 3.1× for two representative Spark applications and four different test settings.

4.7.6 Expressiveness Compared to Prior Work

Table 4.6 lists prior techniques for translating code to SQL expressions and reports the max-
imum number of benchmarks that can be solved by each technique. As mentioned earlier,
Froid [Ram+17a] addresses a very similar problem setting but is only applicable to loop-free
UDFs. Since our benchmark suite5 contains exactly 11 loop-free benchmarks, an upper bound
on the number of benchmarks Froid can handle is 11. The next two techniques from Table 4.6
can handle loops, but they are restricted to cursor loops that iterate over query results. Since
Spark SQL prohibits cursor loops, these techniques cannot handle the types of loops that appear
in our benchmark suite. Thus, 11 is also an upper bound on the number of benchmarks that
can be handled by DBridge and the UDF decorrelation technique. Among the 11 loop-free
benchmarks, CLIS solves 10 of them within 20 seconds, and times out for only one benchmark,
in which there is a statement corresponding to a long SQL expression.

Next, we consider QBS [CSLM13] and CASPER [AC18], where the latter can be viewed
as an improvement over the former. As mentioned earlier, we have re-implemented CASPER’s

5Here, we only focus on 63 UDFs that have SQL equivalents
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synthesis approach approach for our setting and showed that it can only solve 21 out of the 63
benchmarks within a 1 hour time limit. Thus, this number also serves as an upper bound on
the number of benchmarks that can be solved by QBS and Casper. For only one out of the 21
benchmarks solved by CASPER, CLIS times out because it takes too long time to find a good
decomposition through coarsening.

Result #5: CLIS can handle more than 5.3× benchmarks compared to prior syntax-
driven techniques, as they cannot deal with the loops found in Spark UDFs. Compared
to prior work based on program synthesis, CLIS can solve at least 2.8× as many
benchmarks within a one-hour time limit.

4.8 Related Work

Among prior techniques for translating code to SQL, the most related one to ours is the Froid
tool [Ram+17a], which is now a feature of the Microsoft SQL Server [RP19] for translating
T-SQL UDFs to declarative SQL. Froid focuses on a loop-free subset of UDFs and generates
equivalent SQL expressions using rewrite rules. In contrast, CLIS can handle a much wider
class of UDFs using (lazy) inductive synthesis instead of term rewriting. However, since the
Froid approach neither involves search nor requires an equivalence checker, it can be more
efficient on the class of UDFs that it does handle. Simhadri et al. propose a query optimization
technique [Sim+14] to decorrelate UDFs, but this technique can only handle so-called cursor
loops that iterate over query results.

Another closely related tool is QBS [CSLM13], which also uses the CEGIS paradigm to
optimize ORM applications. The observation behind this work (as well as other papers [WC07;
WIC08; Ema+16; Ema+17] that focus on the query extraction problem) is that ORM applications
encourage developers to implement complex relational operations in application code, so the
idea is to optimize such applications by generating more efficient SQL queries. An improvement
over QBS is CASPER, which augments CEGIS with incremental grammar generation. As
described in Section 4.6, CLIS also uses the same optimization proposed in CASPER; however,
as demonstrated empirically in Section 4.7, that technique is not sufficient to solve many of
our benchmarks. Finally, the more recent DBridge work [Ema+16; Ema+17] focuses on the
same query extraction problem; however, similar to Froid, they solve this problem using a
(more efficient, but less general) rewrite-based approach. Aggify [GPR20] converts cursor loops
in UDFs or ORM applications to custom aggregates, which are also known as user-defined
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aggregate functions. Similar to Froid and DBridge, Aggify also uses a rewrite-based approach
and inherits the same general trade-offs between generality and efficiency.

Optimizing code with UDFs. There have been several recent efforts to optimize UDFs used
in data flow (MapReduce-style) programs. For instance, PeriSCOPE [Guo+12] tries to optimize
UDFs by breaking UDF code into pieces that can be moved around in the execution plan. The
Pact programming model [Hue+13] reorders UDFs based on semantic information obtained
from static code analysis. Sofa [Rhe+14] introduces UDF annotations to help optimization, and
the Tupleware [Cro+15a] compiler architecture unifies workflow and UDF in the LLVM IR to
perform optimization. Flare [Ess+18] unifies UDFs and queries in a generative programming
framework [RO12] to enable native code generation of the whole query. Biltz [Sch+17] optimizes
queries in an interestingly contrary direction to our work: Instead of converting UDF to SQL,
it synthesizes UDFs to replace certain expensive subqueries. Finally, the technique proposed
in [Sou+14] optimizes dataflow programs by re-using computations across different UDFs that
operate on the same data.

Compositional program synthesis. The technical approach used in this work is related to
other techniques that try to decompose a program synthesis problem into simpler sub-problems.
For example, λ2 [FCD15] and FlashMeta [PG15] perform compositional programming-by-
example by inferring input-output examples for sub-problems, and Synquid [PKSL16] performs
compositional synthesis from refinement types using so-called round-trip type checking and
abduction. CPS [RGMF15] leverages natural language descriptions (in addition to examples)
to decompose the synthesis problem into smaller sub-problems. Domino [Siv+16], a DSL
designed for programmable network switches, performs compilation using decomposition and
program synthesis: the compiler first decomposes a loop-free Domino program to a pipeline and
then employs a CEGIS synthesizer to generate code for each pipeline stage. Dexter [Ahm+19]
translates image processing libraries written in C++ to Halide (an image processing DSL) and ex-
ploits domain-specific knowledge to decompose the source program. Recent work by [Hua+20]
proposes a compositional synthesis framework that leverages both deductive and inductive to
solve SyGuS problems [Alu+13]. However, in contrast to these techniques, our decomposition
is guided by a dataflow graph, and it is iteratively coarsened to perform inductive synthesis in a
lazy manner.
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4.9 Conclusion

We have proposed a new technique, and its implementation in a tool called CLIS, for converting
Spark UDFs (written in Scala) to equivalent SQL expressions. Our method is based on a new
technical idea call compositional lazy inductive synthesis, where the goal is to reduce the search
space of the inductive synthesizer through speculative decomposition and then lazily coarsen
the decomposition if synthesis fails. Both the decomposition and gradual coarsening are driven
by the dataflow graph representation of the UDF.

To evaluate CLIS, we collected 100 scalar Spark UDFs written in Scala and manually con-
firmed that 63 of them can be converted to SQL. Among these 63 UDFs, CLIS can successfully
synthesize 58 of them within a time limit of one hour, and its median synthesis time is 9 seconds.
We also performed an ablation study to evaluate the effectiveness of the proposed approach
and showed that CLIS can solve 2.4× more benchmarks compared to an ablation that does not
leverage DFG-guided decomposition. Finally, we demonstrated that CLIS yields significant
speeds-ups (average speed-up of 3.5× per UDF and between 1.3− 3.1× in terms of end-to-end
running time for two representative applications and several workloads).
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CHAPTER

5

COLUMN-WISE DECOMPOSITION

5.1 Introduction

Big data analytics frameworks like Spark [Zah+10] and Flink [Car+15] have become increasingly
popular for expressing queries over large amounts of data. These frameworks provide functional-
style programming interfaces incorporating both higher-order APIs (e.g., map and filter) as well
as first-order user-defined functions (UDFs). This style of programming is appealing because
the higher-order components enable concise expression of computations over large amounts of
data, while the first-order UDFs allow writing parts of the query in a familiar general-purpose
programming language like Scala.

However, queries written in such functional APIs often turn out to be less performant
than their pure SQL counterparts [Arm+15; Beg+18], making it desirable to automatically
transpile them to SQL. In fact, recognizing a similar problem for imperative query APIs,
a number of automated translators have been proposed for generating SQL code from an
imperative implementation [CSLM13; Ema+17; NF20]. However, these approaches are ill-
equipped to tackle the functional API translation problem because (1) they rely on intermediate
representations specific to the imperative APIs they consider (such as Java ORM programs and
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array loops) which are not applicable to functional APIs and (2) they often rely on hand-crafted
syntactic translation rules which limit their scope to a small set of stylized coding patterns.

In this chapter, we propose an automated technique for translating functional big data
queries to semantically equivalent SQL versions. At a high level, our solution is based on
inductive program synthesis, so it can be applied to a wide class of programs without requiring
hand-crafted translation rules to handle specific coding patterns. However, an obvious potential
down-side of such a synthesis-based approach is scalability: Because all inductive synthesizers
are based on some form of search, they tend to scale much more poorly compared to rule-based
translation techniques.

The technique we propose in this chapter aims to achieve the best of both worlds in terms of
generality and scalability by combining inductive synthesis with a novel query decomposition

technique. Unlike existing decompositional program synthesis techniques [AČR15; ARU17;
SA16; GFVH21], our approach leverages a key insight from the database query domain: A
query that produces a table with N columns can be decomposed into N different queries each
of which produces one column of the output table. Our technique, which we term column-wise

decomposition, leverages this insight by decomposing the full synthesis problem into several
smaller synthesis problems (one for each column of the output) and efficiently merges the results
into the desired SQL query. Because our decomposition strategy results in simpler synthesis
problems compared to the original one, our proposed solution helps alleviate many of the
scalability problems that are typically associated with inductive synthesis.

The key challenge in realizing this approach is that merging arbitrary queries is impractical,
as composing them is often just as hard as synthesizing the full query. To overcome this challenge,
we restrict each of the smaller queries to be instances of a shared query sketch that is amenable
to efficient merging. In particular, our algorithm automatically generates suitable query sketches
and uses them to decompose the top-level synthesis task into simpler sub-problems that can be
solved using an-off-the-shelf counterexample-guided inductive (CEGIS) approach. Critically,
our decomposition strategy does not sacrifice the completeness of our overall approach – i.e., if
there exists an equivalent SQL expression, our technique is guaranteed to eventually find it.

In principle, our proposed synthesis algorithm can be applied to a broad class of query
translation problems; however, our implementation focuses on input programs written in the
Spark framework (one of the most common big data analystics frameworks) and using its
functional RDD API (one of Spark’s most popular APIs). Specifically, we have evaluated our
tool, called RDD2SQL, on a set of 100 benchmarks collected from Github and find that most
of these functional queries (79%) can be translated to SQL and that RDD2SQL can automate
this translation process for 96% of the functional queries it is evaluated on. Our evaluation also
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1 // T: RDD[(String, String)]
2 val T1 = T.groupBy(x => x._1.toLowerCase())
3 val O = T1.mapValues(x => (
4 x.size,
5 x.map(y => y._1.length + y._2.length +

1).max()
6 ))

(a) Apache Spark Program

-- T: String | String
SELECT _1, count(), max(_2) FROM (

SELECT lower(_1) AS _1,
length(_1) + length(_2) + 1

AS _2
FROM T

) GROUP BY _1

(b) SQL Query

Figure 5.1: Apache Spark Program and Equivalent SQL Query

shows that the performance benefits of this translation are substantial: SQL queries are, on
average, 2× faster than their RDD counterparts and up to 7× faster in some cases. Finally, our
evaluation shows that the idea of column-based decomposition is crucial for the practicality of
our approach. Without this decomposition strategy, nearly half of the benchmarks cannot be
transpiled within a 60-minute time limit.

In summary, this work makes the following contributions:

1. We propose the first automated approach for translating functional big data queries to SQL.

2. We describe a novel column-wise decomposition technique which leverages sketch-based
program synthesis to decompose the full query synthesis problem into a set of smaller
single-column synthesis problems.

3. We prove our column-wise decomposition technique is both sound and complete.

4. We evaluate our implementation, RDD2SQL, on a benchmark of real-world Spark RDD
programs and find that it can translate the vast majority of RDD programs to SQL and that
this translation leads to significant performance benefits.

5.2 Overview

In this section, we give a high-level overview of our method using the Apache Spark program
shown in Figure 5.1a. Given a table with two String columns corresponding to last and first
names respectively, the program computes a table with three columns: the first contains the
unique last names (in lower-case), the second contains the number of occurrences of that last
name, and the third records the length of the longest complete name (first and last) among
people of that last name. As shown in Figure 5.1a, this program computes the output table O by
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Lee Alice
lee Bob
Bell Carol

lee 2 9
bell 1 10

lee [(Lee, Alice),

(lee, Bob)]

bell [(Bell, Carol)]

lee 9
lee 7
bell 10

groupBy(x => 

x._1.toLowerCase())

mapValues(x => 

(x.size,

 x.map(y => 

   y._1.length+y._2.length+1).max()))

SELECT 

  lower(_1) AS _1, 

  length(_1)+length(_2)+1 AS _2

FROM T

SELECT 

  _1, count(), max(_2) 

FROM T1 GROUP BY _1

Figure 5.2: Semantic difference between functional APIs and SQL

using higher-order functional operators like groupBy and mapValues. The SQL query Q

shown in Figure 5.1b computes the same output table but instead relies on relational operators
like SELECT. In fact, not only are the operators different, but even the semantics of how they
produce the desired output are different. For example, Figure 5.2 shows the intermediate tables
produced when executing both the Spark and SQL programs on a given input. As shown in this
figure, although both expressions produce the same output, their intermediate results are very
different. These syntactic and semantic differences between the source and target programs make
the problem of translating the Spark program into an equivalent SQL query quite challenging.

As mentioned in Section 5.1, our approach addresses this translation problem using a form
of counterexample-guided inductive synthesis (CEGIS). By way of background, the idea behind
CEGIS is to inductively generalize from a set of input-output examples to conjecture a program
P (in our case, a SQL expression) and check whether P satisfies the specification (in our case,
whether P is equivalent to its functional version). If the second verification step fails, the CEGIS
approach adds new examples and tries to perform inductive generalization from this larger set.
This process continues until the verifier proves (or at least fails to disprove) equivalence.

As is evident from the above discussion, CEGIS uses the source program merely as a
black-box for generating input-output examples, so it can be applied to a wide class of input
programs [Siv+16; Ahm+19; Zha+21]. However, this generality comes at the cost of scalability
compared to best-effort rule-based translation approaches. In fact, from a practical stand-point,
a straightforward application of CEGIS does not yield satisfactory results when transplating
real-world functional queries to SQL.

Our approach alleviates the scalability bottleneck of CEGIS by leveraging the column-based

decomposition idea mentioned in Section 5.1. To recap, the basic idea is as follows: rather
than generating a SQL expression to construct the entire output table, we instead synthesize N
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Q1

SELECT _1 FROM (
SELECT lower(_1) AS _1 FROM I

) GROUP BY _1

Q2

SELECT count() FROM (
SELECT lower(_1) AS _1 FROM T

) GROUP BY _1

Q3

SELECT max(_2) FROM (
SELECT

lower(_1) AS _1,
length(_1) + length(_2) + 1 AS _2

FROM T
) GROUP BY _1

Figure 5.3: Column queries for example

different SQL expressions, one for each of the N columns, and merge them into a single SQL
query for constructing the full output table. In particular, by carefully restricting the shape of
these so-called column queries Q1, . . . , QN to be instances of the same query sketch Qs, it is
possible to syntactically consolidate the N column queries into the desired SQL query in an
efficient way.

Going back to our running example, consider the following query sketch Qs:

Qs

SELECT ?1 FROM (

SELECT lower(_1) AS _1 ?2 FROM T

) GROUP BY _1

Here, the symbols ?1 and ?2 (in red) correspond to unknowns (“holes”) which can be filled with
an arbitrary expression. Observe that, by instantiating the holes of this sketch in different ways,
we can obtain different columns of the desired output table. In particular, consider the SQL
expressions Q1, Q2, Q3 shown in Figure 5.3. If we execute each column query Qi on the input
table from Figure 5.2, we obtain exactly the i’th column of the output table shown on the right
side of Figure 5.2. Furthermore, by concatenating each of the three instantiations of the holes,
we obtain precisely the desired SQL query in Figure 5.1b.

As illustrated by this example, our transpilation approach works as follows: First, it con-
structs a query sketch Qs with certain key properties that we describe in Section 5.4.1. Then,
given the source program P , it (syntactically) extracts programs P1, . . . , PN , where each pro-
gram Pi produces the i’th column of the output. Next, it generates N different synthesis problems
wherein the goal is to find a SQL query Qi (referred to as a column query) that (1) is an instanti-
ation of the query sketch Qs and (2) is semantically equivalent to Pi. Because each of the N
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Functional Query P → D1, ..., Dn, C
UDF Definition D → def f(a1, ..., an) = ⟨ScalaExpr⟩
Functional Call C → ⟨API⟩(C1, ..., Cn, F1, ..., Fn) |

⟨input⟩
UDF F → ⟨UDFName⟩ | ⟨lambdaExpr⟩

Figure 5.4: Functional source language grammar

synthesis problems is often much simpler to solve than the original one, these sub-problems
can be solved using a standard CEGIS approach. Finally. given solutions Q1, . . . , QN to the
synthesis sub-problems, our algorithm merges them in an efficient, syntax-directed way to obtain
the final synthesis result Q. Because of the properties of our query sketches, our algorithm can
guarantee that the produced SQL query Q is semantically equivalent to the input program P as
long as each sub-query Qi is semantically equivalent to the extracted program Pi for producing
the i’th column of the output.

5.3 Problem Statement

The problem that we address in this work is an instance of transpilation, where we want to
automatically translate an expression written in one programming language to an expression in
another language. Specifically, Figure 5.4 shows the syntax of our source (functional) language,
and Figure 5.5 shows that of the target (declarative) language.

Source language. A functional query in the source language consists of a list of user-defined
function (UDF) definitions followed by a call to a functional API. A UDF defines a function
f as an arbitrary Scala expression over its arguments a1, . . . , an. The functional API call can
invoke any of the 20 different API calls we support, including operators like map, filter, flatMap,
groupBy, and aggregate (see Appendix A for a complete list of supported APIs). In general,
these APIs can take as input nested API calls, UDFs, and lambda expressions. Furthermore,
the number and order of these arguments can vary by API. An input to a functional query can
be either a list of scalars (i.e., a single-column table) or a list of tuples, which we view as a
multi-column table. The output of the query can be either a list of scalars, a list of tuples, or a
non-list (scalar/tuple). If the output of a query is a scalar (e.g., the return value of count() API)
or a tuple, we treat it as a single-row table.
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SQL Query Q → Π | σ | ⋊⋉ | ∪ | G| ⟨inputTable⟩
Project Π → Project(Q,E1, ..., En)
Select σ → Select(Q,E)
Join ⋊⋉ → Join(Q1, Q2)
Union ∪ → Union(Q1, Q2)
Aggregate G → Aggregate(Q, {C1, ..., Cn}, E1, ..., En)
Expression E → C | ⟨func⟩(E1, ..., En) AS ⟨alias⟩
Column C → ⟨columnName⟩ | ⟨alias⟩

Figure 5.5: Target relational language grammar

Target language. Our target language, shown in Figure 5.5, is a SQL-like language that is
trivial to translate into standard SQL in a syntax-directed way. We use the target language
shown in Figure 5.5 rather than standard SQL to simplify our presentation; however, the
interested reader can find the translation rules between our target language and standard SQL in
Appendix B. In more detail, a relational query in the target language consists of a collection of
common relational operators over subqueries and/or the input table. Unlike standard relational
algebra that manipulates unordered sets or bags, our relational language processes and outputs
ordered lists to match the data types in the source language. In addition, the join operator
implicitly uses the first columns of both input tables to perform an inner join. Aggregate groups
the input table by a set of columns and then aggregates each group by a list of aggregate
expressions. The result of an Aggregate operation consists of the ‘group-by’ columns followed
by the columns of aggregate results. Note that expressions in this grammar can introduce new
columns by naming the result of a function call using the AS construct. Given an expression E,
we use the notation Def(E) to refer to the name of the column defined via this AS construct.
Conversely, we write Refs(E) to denote the column names referenced (rather than defined) in
E.

Problem statement. Our goal in this work is to find a SQL query (defined by Figure 5.5)
that is equivalent to the given functional Spark program (defined by Figure 5.4). Thus, in order
to formalize our problem, we first need to state what it means for two such programs to be
equivalent. For this purpose, we assume two operational semantics J·KSQL and J·KSpark which,
given an input table T and program P , produces an output table T ′.

Definition 5. (Program equivalence) Given a functional program P and SQL query Q, we say

that P is equivalent to Q, denoted P ≡ Q, if, for all input tables T , JP KSQL(T ) = JQKSpark(T ).
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Query Sketch Qs → Project(Q, ?)
Sub sketch Q → Π | σ | ⋊⋉ | ∪ | G| ⟨inputTable⟩
Project Π → Project(Q,E1, ..., En, ?)
Select σ → Select(Q,E)
Join ⋊⋉ → Join(Q1, Q2)
Union ∪ → Union(Q1, Q2)
Aggregate G → Aggregate(Q, {C1, ..., Cn}, E1, ..., En, ?)
Expression E → C | ⟨func⟩(E1, ..., En) AS ⟨alias⟩
Column C → ⟨columnName⟩ | ⟨alias⟩

Figure 5.6: The grammar of query sketch

In other words, we consider a target program to be equivalent to the provided source program
if it always produces the same output table given the same input table.

Definition 6. (Functional-to-SQL translation) Given a functional program P , the functional-

to-SQL translation problem is to find a SQL query Q, such that P ≡ Q.

5.4 Translation Algorithm

In this section, we describe our synthesis algorithm for translating functional programs to SQL
queries. First, we start by defining query sketches and discuss their key properties (Section 5.4.1).
Then, we introduce our new SQL query synthesis algorithm based on the idea of column-wise
decomposition (Section 5.4.2) and show how it can be made practical in Section 5.4.3. Finally, we
prove that our algorithm is sound and complete and discuss its time complexity (Section 5.4.4).

5.4.1 Dependence-Free Query Sketches

As stated earlier, our column-wise compositional synthesis approach hinges on the following
key observation: a column query Qi that only outputs the i’th column of Q is usually simpler
than Q and hence easier to synthesize. However, to leverage this observation, we need a way
of efficiently constructing the full query from a given set of column queries. To address this
problem, our approach only considers column queries that are instantiations of the same query
sketch, defined as follows:

Definition 7. (Query sketch) A query sketch is a SQL expression that can contain holes. More

formally, a query sketch is a word in the grammar of Figure 5.6, which augments the grammar
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of the target language by allowing ? in certain production rules. We refer to the symbol ? in the

sketch as a hole.

Note that our query sketches (as defined in Figure 5.6) only allow holes as arguments of
projection and aggregation operations. We also note that some sub-expressions in a query sketch
may not contain unknowns; we refer to such hole-free subexpressions as concrete expressions.
For example, consider the query sketch from Section 5.2 1:

Qs

SELECT ?1 FROM (

SELECT lower(_1) AS _1 ?2 FROM T

) GROUP BY _1
Here, lower(_1) is a concrete expression embedded inside Qs.

Next, we say that a concrete query Q is an instantiation of query sketch Qs if it can be
obtained from Qs by substituting every hole by a concrete expression. For example, concrete
queries Q1, Q2, Q3 from Figure 5.3 are all instantiations of Qs. More formally, we define sketch

instantiation as follows:

Definition 8. (Sketch instantiation) We say that a query Q is an instantiation of sketch Qs

if it can be obtained from Qs through a substitution σ = {?1 7→ L1, . . .?n 7→ Ln} where (1)

{?1, . . . , ?n} is exactly the set of holes in Qs and (2) each Li is a (possibly empty) list of concrete

expressions E1, . . . , En. In this case, we write Q = Qs[σ].

We illustrate the above definition through an example:

Example 6. The queries Q1, Q2, and Q3 in Figure 5.3 are instantiations of Qs in Section 5.2

through the following substitutions respectively:

σ1 = {?1 7→ [_1], ?2 7→ []}
σ2 = {?1 7→ [count()], ?2 7→ []}
σ3 = {?1 7→ [max(_2)], ?2 7→ [length(_1) + length(_2) + 1 AS _2]}

As the above example illustrates, a sketch instantiation can map a hole in the sketch to
nothing (i.e., an empty list). In the next example, we illustrate that a sketch could also be
instantiated by mapping a hole to a list with multiple elements:

Example 7. The query in Figure 5.1b corresponds to Qs[σ] where σ is the following substitution:

σ = {?1 7→ [_1, count(), max(_2)],

?2 7→ [length(_1) + length(_2) + 1 AS _2]}
1Note that query sketches in our system are expressed in the target language shown in Figure 5.5; however, for

clarity, we will sometimes express the equivalent SQL sketch obtained via the translation rules in Appendix B.
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Beyond restricting column queries to be instantiations of the same query sketch, our method
further restricts the space of query sketches in order to ensure that the synthesized column
queries can be correctly and efficiently merged into a full SQL query. We refer to this sub-class
of query sketches as dependence-free query sketches, abbreviated as DFQS. Intuitively, a DFQS
does not allow the result of a concrete expression to depend on how a given hole is instantiated,
so different instantiations of the same DFQS can safely share concrete sub-expressions without
affecting their semantics. As we prove later in this section, this dependence-freedom property
makes it possible to correctly and easily consolidate column queries.

We make this notion of DFQS more precise in the following definition:

Definition 9. (DFQS) Let E be a concrete subexpression in query sketch Qs. We say that E is

dependence-free in Qs, if, for every input table T , E has the same value when executing any
instantiation Q of Qs on T . Then, a query sketch Qs is said to be dependence-free if all concrete

expressions that occur in it are dependence-free.

We further clarify this notion of DFQS through examples and non-examples:

Example 8. Consider the following query sketch where T is the input table and x is a column

of table T :

Project(Aggregate(Project(T,MOD(x, 2) AS c1), {c1}), ?1)

This sketch is dependence-free because the values of concrete subexpressions are not affected by

how ?1 is instantiated. Now, consider the following sketch obtained by replacing the expression

‘MOD(x, 2) AS c1’ in the previous sketch with a hole:

Project(Aggregate(Project(T, ?2), {c1}), ?1)

This new sketch is not dependence-free because there exist two different instantiations σ1 =

{?2 7→ [1 AS c1], ...} and σ2 = {?2 7→ [2 AS c1], ...} that feed different values to c1 in

Aggregate.

As we will see in later in this section, the concept of dependence-freedom is important for
our synthesis algorithm and the correctness of our approach.

5.4.2 Compositional Synthesis

In this subsection, we describe our SQL query synthesis technique based on the idea of column-
wise composition. Our transpilation procedure is shown in Algorithm 6 and takes as input a
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Algorithm 6 Transpilation from functional query to SQL
1: function SPARK2SQL(P )
2: Input: A functional program P
3: Output: SQL query Q equivalent to P or ⊥
4: while true do
5: Qs ← GETNEXTDFQS( )
6: if Qs = ⊥ then return ⊥
7: done← true
8: for each i ∈ [1, ..., n] do
9: Pi ← P.map(x⇒ x._i)

10: Qi ← CEGIS(Pi, Qs)
11: if Qi = ⊥ then
12: done← false
13: break
14: if done then
15: return MERGE(Qs, Q1, . . . , Qn)

functional program P and outputs a SQL query that is semantically equivalent to P if one exists
(and ⊥ if it fails to find one).

At a high level, the synthesis algorithm iterates over the space of all possible dependence-
free query sketches and, in each iteration, tries to find a SQL query based on a specific DFQS
Qs (obtained via the call to GETNEXTDFQS in line 5 and discussed more in Section 5.4.3).
Given a query that produces a table with N columns, the basic idea is to synthesize a so-called
column query Qi for each column. Each Qi is an instantiation of the same query sketch Qs and
is equivalent to Pi = P.map(x⇒ x._i). In other words, for every input table T , the synthesized
column query is guaranteed to produce the i’th column of P (T ). The synthesis of column
queries is performed using the standard CEGIS technique (see Section 5.5 for more details) and
utilizing Qs as the sketch and Pi as the specification. If synthesis of any column query fails
(lines 11-13), then the algorithm moves on to the next query sketch. On the other hand, if it can
successfully synthesize all N column queries based on Qs, then it constructs the full SQL query
by calling MERGE at line 15.

The MERGE procedure for consolidating the column queries is shown in Algorithm 7. Given
a set of column queries Q1, . . . , Qn that are instantiations of the same sketch Qs, MERGE

produces a query Q with the following property: For any table T such that Qi(T ) = Ti where
Ti is a single column, then Q(T ) produces a table with columns T1, . . . , Tn. Thus, assuming
that each column query Qi is equivalent to program Pi from line 9 of Algorithm 6, the result
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Algorithm 7 Procedure for consolidating column queries
1: function MERGE(Qs, Q1, . . . , Qn)
2: Input: DFQS Qs

3: Input: Completions Qi of Qs

4: Output: A SQL query

5: σ ← {(?i, []) | ?i ∈ Domain(Qs)}
6: for each i ∈ [1, . . . , n] do
7: σi ← ExtractMapping(Qs, Qi)
8: for each ?i ∈ Domain(σ) do
9: σ[?i]← σ[?i] · σi[?i]

10: return Qs[σ]

of calling MERGE produces a query Q that is equivalent to the input query P in the source
language.

Due to our dependence-freedom assumption and restrictions on where holes can appear in
the query sketch, our technique can efficiently merge the column queries into a full query in
linear time. In particular, the MERGE algorithm works as follows: for each column query Qi,
we first extract a substitution σi such that Qi = Qs[σi] (recall Definition 8). Then, we generate a
new substitution σ such that, for any hole ?j , σ[?j] is the concatanation of all σi[?j]’s. Finally,
we obtain the merged query as Qs[σ]. In other words, the merging of column queries simply
boils down to concatenating the instantations of the holes in each column query. Furthermore,
as formalized by the following theorem, this simple merge procedure is guaranteed to return a
correct query:

Theorem 2. (Merge correctness). Let Q be the result of calling MERGE on column queries

Q1, . . . , Qn that are instantiations of sketch Qs. Then, for any input table T , Π(Q(T ), i) =

Qi(T ).

Proof. First, we assume that the expressions in σ1, ..., σn have unique aliases, such that there
are no name conflicts after merge. This is always possible because any expression in σi can only
be depended on by another expression in σi, thus if there are name conflicts, we can resolve
them by renaming. Note that this is not true if Qs is not dependence-free. Consider the following
example:

Qs = Project(Project(Project(Q, ?1), C), ?2)

σ1 = {?1 → [x AS C], ...}
σ2 = {?1 → [y AS C], ...}
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We cannot rename C in σ1 and σ2 to unique names as C is referenced concretely by Qs as the
second argument of the second Project.

Next, we prove the theorem by induction. Let N be the number of relational operators in Qs.
Base case. When N = 1, Qs = Project(t, ?), where t is the input table. We have Q =

Project(t, σ1[?], ..., σn[?]), thus Π(Q(T ), i) = Project(t, σi[?]) = Qi(T ).
Induction step. Assume the theorem is true for N = k, namely Π(Qk(T ), i) = Qk

i (T ).
Given Qk+1

s , we pick an arbitrary leaf relational operation O in Qk+1
s which has no sub query.

If there is no hole in O, let to = O(T ). Then we replace O in Qk+1
s , Qk+1, and Qk+1

i with to

to obtain Qk
s , Qk and Qk

i , and augment T with to by T ′ ← T ∪ to. We have Qk+1(T ) = Qk(T ′)

and Qk+1
i (T ) = Qk

i (T
′). Thus Π(Qk+1(T ), i) = Π(Qk(T ′), i) = Qk

i (T
′) = Qk+1

i (T ).
If there is a hole in O, in case

O = Aggregate(t, {C1, ..., Cm}, E1, ..., El, ?)

, let
Oi = O[σi] = Aggregate(t, {C1, ..., Cm}, E1, ..., El, σi[?])

OM = MERGE(O,O1, ..., On)

= Aggregate(t, {C1, ..., Cm}, E1, ..., El, σ1[?], ..., σn[?])

We know that tM = OM(T ) is a super relation of ti = Oi(T ), namely for all column
C ∈ ti → C ∈ tM . We then respectively replace O, OM , and Oi in Qk+1

s , Qk+1
M , and Qk+1

i with
tM to obtain Qk

s , Qk
M , and Qk

i , as well as augment T with tM by T ′ ← T ∪ tM . Similarly, we
have Π(Qk+1(T ), i) = Π(Qk(T ′), i) = Qk

i (T
′) = Qk+1

i (T ).
For the case of O = Project(t, E1, ..., Em, ?), similarly, let

Oi = O[σi] = Project(t, E1, ..., Em, σi[?])

OM = MERGE(O,O1, ..., On)

= Project(t, E1, ..., Em, σ1[?], ..., σn[?])

, and respectively replace O, OM , and Oi in Qk+1
s , Qk+1

M , and Qk+1
i with tM = OM(T ) to obtain

Qk
s , Qk

M , and Qk
i as well as let T ′ = T ∪ tM . Similarly, Π(Qk+1(T ), i) = Π(Qk(T ′), i) =

Qk
i (T

′) = Qk+1
i (T ).

5.4.3 Efficient DFQS Enumeration

Our synthesis algorithm from the previous subsection assumes that we can iterate over the
space of all possible DFQSs. However, this is difficult in practice because it is unclear how to
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Algorithm 8 Transpilation with DFQS extraction
1: function SPARK2SQL-OPT(P )
2: Input: A functional program P
3: Output: SQL Query Q equivalent to P or ⊥
4: while true do
5: P1 ← P.map(x⇒ x._1)
6: Q1 ← CEGIS(P1, ⊥)
7: Qs ← EXTRACTDFQS(Q1)
8: if Qs = ⊥ then return ⊥
9: done← true

10: for each i ∈ [2, ..., n] do
11: Pi ← P.map(x⇒ x._i)
12: Qi ← CEGIS(Pi, Qs)
13: if Qi = ⊥ then
14: done← false
15: break
16: if done then
17: return MERGE(Qs, Q1, . . . , Qn)

effectively enumerate all possible dependence-free query sketches. Furthermore, even if we had
a reasonable enumeration strategy, many of the enumerated sketches would likely be useless, so
this strategy would be inefficient in practice.

To deal with this concern, we propose an optimized version of Algorithm 6 that does not
require explicitly enumerating all DFQSs. Instead, the idea is to perform synthesis for a single
column first (without using any sketch), then extract a sketch Qs from the synthesized column
query, and finally perform synthesis for the remaining columns based on Qs. This approach
makes our algorithm more practical because (1) we do not need to consider useless sketches
that cannot be instantiated for any column and (2) we can extract the sketch from the column
query in such a way that the resulting sketch is guaranteed to be dependence-free.

Algorithm 8 shows the optimized version of our synthesis algorithm based on the above idea.
The key difference from Algorithm 6 is that the call GetNextDFQS is replaced by an invocation
of CEGIS and ExtractDFQS in lines 6–7. Specifically, we first synthesize a column query Q1

for the first column (line 6) by calling CEGIS with an empty sketch (indicated by ⊥), Then, the
call at line 7 to EXTRACTDFQS (presented in Figure 5.7 and discussed later) extracts a query
sketch from Q1. This query sketch Qs is then used when synthesizing column queries for the
remaining columns in lines 10–15. As in Algorithm 6, the loop terminates when queries for all
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EXTRACTDFQS(Q) = Project(Q′, ?) where ∅ ⊢ Q⇝ Q′

PROJECT

E ′ = {E | E ∈ E ∧ Def(E) ∈ C}
Refs(E ′) ⊢ Q⇝ Q′

C ⊢ Project(Q, E)⇝ Project(Q′,Concat(E ′, ?))

SELECT

C ′ = C ∪ Refs({E})
C ′ ⊢ Q⇝ Q′

C ⊢ Select(Q,E)⇝ Select(Q′, E)

JOIN

C1 = C ∪ {FirstColumn(Q1)} C2 = C ∪ {FirstColumn(Q2)}
C1 ⊢ Q1 ⇝ Q′

1 C2 ⊢ Q2 ⇝ Q′
2

C ⊢ Join(Q1, Q2)⇝ Join(Q′
1, Q

′
2)

UNION
C ⊢ Q1 ⇝ Q′

1 C ⊢ Q2 ⇝ Q′
2

C ⊢ Union(Q1, Q2)⇝ Union(Q′
1, Q

′
2)

AGGREGATE

E ′ = {E | E ∈ E ∧ Def(E) ∈ C}
C ′′ = C ′ ∪ Refs(E ′)
C ′′ ⊢ Q⇝ Q′

C ⊢ Aggregate(Q, C ′, E)⇝ Aggregate(Q′, C ′,Concat(E ′, ?))

Figure 5.7: Rules for extracting DFQS from a query.

n columns have been synthesized, and line 17 consolidates these n column queries into a single
one using the same MERGE procedure from Algorithm 7.

The idea behind the EXTRACTDFQS procedure, shown in Figure 5.7, is quite simple:
Given a query Q, it essentially generates the most general sketch Qs such that (1) Q is an
instantiation of Qs, and (2) Qs satisfies the dependence-freedom assumption. The basic idea is
to keep exactly those concrete expressions in the input query Q that are necessary for satisfying
dependence-freedom and replacing the remaining expressions with holes. Intuitively, this sketch
generation procedure allows reusing the general structure of the synthesized column query
while allowing maximal generalization for the remaining column queries without violating
dependence-freedom.

In more detail, the EXTRACTDFQS procedure is presented in Figure 5.7 using judgments
of the following form:

C ⊢ Q⇝ Qs

86



Table 5.1: Example of extracting DFQS from a query (Example 9)

C Query Rule Intermediate values Sketch

∅ Q = Project(Q1, c2) PROJECT
E = {c1}
E ′ = ∅

Refs(E ′) = ∅
Qs = Project(Q′

1, ?)

∅ Q1 = Select(Q2, c1 > 0) SELECT
E = c1 > 0

Refs({E}) = {c1}
C′ = {c1}

Q′
1 = Select(Q′

2, c1 > 0)

{c1} Q2 = Project(T,E1 AS c1, E2 AS c2) PROJECT
E = {E1 AS c1, E2 AS c2}

E ′ = {E1 AS c1}
Q′

2 = Project(T,E1 AS c1, ?)

Here, C refers to the set of column names referenced in the parent query of Q. The meaning
of this judgment is that, under the assumption that Q’s parents reference columns C, the most
general sketch that generalizes Q without violating dependence-freedom is Qs. Intuitively,
the column names on the left-hand-side of the entailment are used for determining which
expressions in Q can be replaced while respecting the dependence-freedom requirement.

Since many of these rules in Figure 5.7 are similar to each other, we only explain the
PROJECT rule to give the reader some intuition. Let us consider a subquery of the form
Project(Q, E) where the parent query references columns C. The expressions E ′ in the
generated sketch only include those expressions in E that define a column referenced by the
parent query; the rest of the expressions are replaced by a hole. Note that expressions in E ′ can-

not be further generalized (i.e., replaced by a hole) without violating the dependency-freedom
requirement, because, otherwise, the result of the parent query would be dependent on how the
hole is instantiated. In addition to replacing some of the expressions in the query by holes, the
PROJECT rule also (recursively) generalizes the sub-query Q to a DFQS Q′. Since the columns
referenced in Q’s parent query are the definitions in E ′, we use Refs(E ′) as the “context" when
generalizing from sub-query Q to a query sketch Q′.

Example 9. Consider the following query Q:

Project(Select(Project(T,E1 AS c1, E2 AS c2), c1 > 0), c2)

Table 5.1 presents a step-by-step evaluation of the EXTRACTDFQS procedure on Q. In the

table, each row applies a rule for the current relational operation and recursively uses the next

row to extract a sub-sketch from its subquery. The resulting sketch Qs is:

Project(Select(Project(T,E1 AS c1, ?), c1 > 0), ?)
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We conclude this section with a theorem stating that any query sketch extracted via EX-
TRACTDFQS satisfies Definition 9:

Theorem 3. (Correctness of ExtractDFQS) For any query Q, EXTRACTDFQS(Q) yields a

dependence-free query sketch.

Proof. According to Figure 5.7:

EXTRACTDFQS(Q) = Project(Q′, ?) where ∅ ⊢ Q⇝ Q′

Since there is no concrete expression in the top Project operation, we only need to prove
that Q′ is dependence-free. To prove this, we will prove a slightly stronger property, namely
that for any (potentially non-empty) C, if C ⊢ Q⇝ Qs then Qs is dependence free. It will be
beneficial in this proof to prove an additional property as well, namely that ∀T∀σ∀c c ∈ C →
Π(Qs[σ](T ), c) = Π(Q(T ), c), i.e., for arbitrary input table T , a column c ∈ C has the same
value when executing any instantiation of Qs on T .

We prove these properties by induction. Let N be the number of relational operators in Q.
Base case. When N = 0, Qs = Q = t where t references an input table in T . Both properties

trivially hold.
Induction step. Assume the two properties hold for any N <= k. Let Qk+1 be a query with

k + 1 relational operators.
Case 1: Qk+1 = Aggregate(Qk, C ′, E). After applying the AGGREGATE rule, we have

Qk+1
s = Aggregate(Qk

s , C ′,Concat(E ′, ?))

where E ′ = {E | E ∈ E ∧ Def(E) ∈ C} and C ′ ∪ Refs(E ′) ⊢ Qk ⇝ Qk
s . Thus, for each

c ∈ C ′ ∪ Refs(E ′), by the inductive hypothesis, we know that Π(Qk
s [σ](T ), c) = Π(Qk(T ), c)

for any input table T and completion σ. Note however, that C ′∪Refs(E ′) = Refs(C ′)∪Refs(E ′)
– in other words, C ′ ∪ Refs(E ′) are exactly the columns on which C ′ and E ′ depend. Thus, we
can conclude the following for all completions σ and input tables T :

∀c ∈ C ′ ∪ E ′. Π(Qk
s [σ](T ), c) = Π(Qk(T ), c) (5.1)

By the inductive hypothesis, we know Qk
s is dependence free. Thus, the only expressions

which could violate this property are C ′ ∪ E ′. However, Equation 5.1 shows these do not violate
the dependence free property, and thus Qk+1

s is dependence free.
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Furthermore, we can also use Equation 5.1 to prove the second property. In particular, we
know that C ⊆ C ′ ∪ E and by the definition of E ′ we know E ′ = E ∩ C, and thus, Equation 5.1
proves exactly the property we want.

Cases for operators other than Aggregate are similar to approve.

5.4.4 Properties of the Algorithm

In this section, we discuss some important properties of our proposed technique for transpiling
functional queries to SQL. We first prove soundness and completeness of our algorithm. Then
we show that our proposed column-wise decomposition idea leads to exponential reduction of
the search space.

5.4.4.1 Soundness

Assuming the soundness of the underlying CEGIS procedure, our proposed column-wise
decomposition technique preserves the soundness of the overall appraoch, as stated by the
following theorem:

Theorem 4. (Soundness) Let Q be the output of Algorithm 8 on input query P . Then, if Q ̸= ⊥,

we have P ≡ Q.

Proof. If the algorithm fails before calling MERGE, Q = ⊥. Otherwise, Qs is a valid DFQS by
Theorem 3, and ∀i.Qi ≡ Pi = P.map(x⇒ x._i). According to Theorem 2, for any input table
T and column i, Π(Q, i)(T ) = Qi(T ) = P (T ).map(x⇒ x._i). Therefore Q ≡ P .

5.4.4.2 Completeness

Our algorithm is also complete in the sense that the column-wise decomposition idea does not
cause us to miss any transpilation opportunities. More formally, we can state the completeness
result as follows:

Theorem 5. (Completeness.) Under the assumption that the underlying CEGIS procedure is

complete and that there exists a SQL query that is equivalent to the input program P , Algorithm 8

will return a query Q such that (1) Q ̸= ⊥, and (2) Q ≡ P .

Proof. To prove the completeness of our algorithm, we first will prove the following lemma:

Lemma 2. If ∅ ⊢ Q⇝ Q′, then there exists some σ such that Q′[σ] = Q.

89



Proof. Let us introduce ?E−E ′

i for each hole introduced to Q′ in the rules for Aggregate and
Project, where E − E ′ denotes the concrete expressions removed in that rule. Let ?∗ denote the
outermost hole argument to the added Project. Let us define σ as follows:

σ = {?E−E ′

i 7→ [e | e ∈ E − E ′] | ?E−E ′

i ∈ Q′} ∪ {?∗ 7→ [c1, . . . , cn]}

where n is the number of output columns in Q. Note, the order of expression arguments to
Project and Aggregate is not preserved by this substitution. However, as all expressions are
given a unique alias and all expressions are only referred to by their alias, ordering does not
matter.

Now, we continue with the proof of completeness. Let Q be a SQL query in G such that
Q ≡ P and let Q1 = Project(Q, c1). Due to the completeness of CEGIS, the call CEGIS(P1,⊥)
will eventually either (1) return some Q′

1 ̸= Q1 which leads to a query sketch Qs such that
all column queries are successfully synthesized and the correct full query is returned or (2)
return Q1. In case (1) the theorem is satisfied, so we will focus on case (2). In this case, let
Qs = ExtractDFQS(Q1) = Project((Q′, ?1), ?2) where ∅ ⊢ Q⇝ Q′. By Lemma 2, there exists
σ s.t. Q′[σ] = Q. Let σi = Qs[σ][?1 7→ ci][?2 7→ ci]. This gives us completion σi of Qs such
that Qs[σi] = Qi. Thus, by the completeness of CEGIS, the call CEGIS(Pi, Qs) will eventually
yield Qi. Therefore, by Theorem 2, we have Q = Merge(Qs, Q1, . . . , Qn).

5.4.4.3 Benefits of Columnwise Decomposition on Time Complexity

We now briefly discuss the time complexity benefits of our proposed column-wise decomposition
idea.

First, because our approach relies on an underlying CEGIS solver, the complexity benefits
of column-wise decomposition are dependent on the runtime complexity of CEGIS. In general,
inductive synthesis requires searching through a space that is exponential in the size of the
target program in the worst case; hence, in the following discussion, we model the complexity
of CEGIS as O(rk) where r is the number of productions in the grammar of the target language
and k is the (AST) size of the program to be synthesized. We will use the notation |P | to denote
the AST size of program P .

Now, let Q be the target query which produces a table with N columns. Thus, a baseline
approach that uses standard CEGIS without column-wise decomposition would have time
complexity:

O(r|Q|) (5.2)
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Now, to reason about the complexity of the method with column-wise decomposition, recall
that Algorithm 8 (1) first synthesizes a query Q1 for the first column using CEGIS, (2) then
extracts a sketch Qs from Q1 in linear time, (3) then performs synthesis of the remaining column
queries Q2, . . . , QN using CEGIS (going back to step (1) upon failure), and (4) finally merges
these queries. Thus, the overall complexity is the time to perform steps (2)-(4) multiplied by the
time to perform step (1). 2 Furthermore, note that (2) and (4) are both linear time, so we can
exclude those steps from our analysis. For step (1), the time complexity is O(r|Q1|). For step
(3), let H be the number of holes in Qs; Qi

h be the completion of hole h in column query i; and
finally, and let L be the maximum AST size of any Qi

h. We can now express the complexity of
step (3) as O(r|Q1| × (N − 1)× rH×L). Hence, the total worst-case time complexity is:

O(r|Q1| × (N − 1)× rH×L) = O((N − 1)× r|Q1|+H×L) (5.3)

However, in practice, we find that backtracking from step (3) to step (1) never happens —
i.e., the query sketch extracted from the first Q1 is always sufficient for overall synthesis to
succeed, so under this assumption, the complexity simplifies to:

O(r|Q1| + (N − 1)× rH×L) (5.4)

Now, to understand the benefits of column-wise decomposition, let us compare Equations 5.2
and 5.4. Clearly, the benefits of decomposition depend upon the relationship between |Q|, |Q1|,
and H×L. In practice, we find that |Q1| < |Q| and H×L < |Q|; thus, under this assumption, the
column-wise decomposition technique exponentially reduces the running time of the algorithm.
In Section 5.6.4, we empirically compare the values of |Q|, |Q1|, H × L observed in our
benchmarks to further justify the benefits of our proposed column-wise decomposition technique.
We also evaluate the number of backtracking steps to justify the assumption that allows us to
simplify Equation 5.3 to Equation 5.4.

5.5 Implementation and Optimizations

We implemented our proposed algorithm in a new tool called RDD2SQL that targets Scala
programs written using the Spark RDD API [Zah+10], which is the functional query API for
Apache Spark. We believe that Spark RDD is a good application for our approach because

2As standard, this analysis assumes that synthesis of Q1 is incremental, meaning that we do not start synthesis
from scratch every time, but rather continue from where the inductive synthesizer left off.
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it is the de facto functional query engine.Our tool is implemented in Python and uses the
Trinity [Mar+19] program synthesis tool as the inductive synthesis backend. This section
describes salient implementation details of RDD2SQL as well as some important optimizations
that allow it to scale to real-world translation tasks.

5.5.1 Source Program Analysis

Our implementation leverages the source code of the input RDD query to further speed up
synthesis. This optimization is based on the following key observation: although the high-level
structures of the source and target queries are quite different, they nonetheless often share
related subexpressions. For instance, consider the expression length(_1)+length(_2)+1
from the target SQL query in Figure 5.1. Even though this expression is not exactly identical
to any expression in the source program, it is quite closely related to the source expression
y._1.length+y._2.length+1 in Figure 5.1.

To exploit this observation, we leverage CLIS [Zha+21], a tool from prior work that can
synthesize an equivalent SQL expression for a given user-defined function. Note that, unlike
this work, CLIS can only translate UDFs to SQL expressions with no relational operators (like
Project and Join). However, we can nonetheless use CLIS to learn equivalent SQL expressions
(with no relational operators) for subexpressions of UDFs appearing in the source program and
then add these translated subexpressions to the grammar of the target language, as done in prior
work [Pai+21]. In particular, our algorithm uses static analysis to extract relevant UDFs (i.e.,
UDFs translatable by CLIS) from the source program and then invokes CLIS on each of these
to learn a SQL expression equivalent to the UDF. Then, for each SQL expression discovered in
this manner, it adds new rules to the grammar of the target language. For example, invoking
CLIS on y._1.length+y._2.length+1 results in the SQL expression length(_-

1)+length(_2)+1, so we add productions like E → length(_1) + length(_2) + 1 and
E → length(_1) to the grammar of the target language. This grammar augmentation strategy
allows us to re-use partial synthesis results obtained by invoking CLIS on UDFs used in the
source query.

Furthermore, we can tailor this process for the synthesis of each column-query individually.
To do this, we build off the observation that some expressions are only used in the calculation
of particular output columns. For example, notice that the expression y._1.length+y._-
2.length+1 is only used in the calculation of the values for the third column. We mechanize
this idea by performing data-flow analysis to determine which expressions in the source program
contribute to which output columns and construct a separate grammar for each column-query.
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5.5.2 API-Level Decomposition

In addition to our novel column-wise decomposition idea, RDD2SQL also employs other
types of decomposition strategies proposed in prior work [Zha+21]. Specifically, RDD2SQL
initially decomposes the source program into a data flow graph (DFG) where each node contains
only one functional API call and tries to perform translation for each node independently. If
RDD2SQL fails to find an equivalent SQL query for a specific node, it merges the node with
an adjacent node and retries synthesis. This try-and-merge process continues until all nodes
in the data flow graph are successfully translated. Finally, RDD2SQL composes the results
together to obtain the target SQL query using the same technique described in [Zha+21]. This
DFG-based decomposition can be viewed as an optimization of the underlying CEGIS solver
for the case where the semantic specification takes the form of a reference implementation.

5.5.3 Inductive Synthesizer

Recall that the underlying CEGIS solver consists of an inductive synthesizer and a verifier.
Our underlying CEGIS solver leverages Trinity [Mar+19], an extensible framework for syn-
thesizing programs that are consistent with a given set of input-output examples. Trinity is
parametrized over the (1) the grammar of the target language, as well as (2) the (optional)
abstract semantics [CC77] of the target language. In particular, the abstract semantics are
provided as (overapproximate) logical specifications of constructs in the language and are used
for pruning the search space. To instantiate Trinity in our setting, we use the SQL grammar from
Figure 5.5 and write logical specifications for reasoning about the number of rows/columns
in the table as well as the types of those columns. As mentioned in prior literature [Fen+17;
WCB17], reasoning about table dimensions provides good pruning power without adding too
much overhead to the inductive synthesizer.

5.5.4 Equivalence Checking

Since our specification is in the form a reference implementation, the verifier underlying the
CEGIS solver is a program equivalence checker based on symbolic model checking. Specifically,
our equivalence checker works as follows: First, we create a harness program that invokes both
the input functional query and the target SQL query on a symbolic input table and then asserts
that the query outputs are the same for any arbitrary input. We then feed this harness program to
CBMC [CKL04], a state-of-the-art symbolic model checker targeting the C language. In order
to leverage CBMC for this purpose, we compile both the functional and SQL queries to the C
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programming language by modeling a table as an array of structs and implementing C functions
to model SQL operators as well as those provided by the Spark RDD API.

5.5.5 Optimizing the CEGIS Loop

In the standard CEGIS paradigm, recall that the inductive synthesizer starts with an empty exam-
ple set, which is augmented with additional examples provided by the verifier in each iteration.
However, since each CEGIS iteration can be expensive, our implementation performs an opti-
mization to reduce the number of interactions between the verifier and the inductive synthesizer.
Specifically, rather than starting with an empty set of examples, we instead seed the CEGIS loop
with carefully chosen test cases that help reduce the number of iteration. In our implementation,
we first tried seeding the CEGIS loop with a set of random inputs; however, we found that
this strategy provides insufficient path coverage. Inspired by techniques in coverage-guided
fuzzing [Bey+13; Hol+10], our implementation instead inserts assert(false) statements
in the original query and then uses CBMC to generate inputs that reach these failing assertions.
We found that this model-checker-guided test generation strategy allows us to seed the CEGIS
loop with a good set of initial examples from which effective inductive generalization can be
performed.

5.6 Evaluation

In this section, we present the results of our evaluation that is designed to answer the following
research questions:

• RQ1. How often can functional big data queries be rewritten to semantically equivalent SQL?

• RQ2. How effective is our method at translating functional big data queries to SQL?

• RQ3. How important is the proposed column-wise decomposition idea?

• RQ4. How much of an impact do the optimizations described in Section 5.5 have on synthesis
time?

• RQ5. How much performance benefit is achieved by by translating functional big data queries
to SQL using our method?

All experiments were run on a Linux machine with Intel Xeon Silver 4114 CPU @ 2.20GHz.
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Table 5.2: Statistics about the benchmark set

Total # of functional queries 100
# API calls per query 3-14, avg 5
LOC per query 4-28, avg 9
AST size per query 39-342, avg 104

5.6.1 Benchmarks

To answer these research questions, we collected a set of 100 functional queries written in the
Spark RDD API. To collect these benchmarks, we downloaded all Github repositories that have
at least one star and that contain calls to the Spark RDD API. We then extracted all non-trivial
Spark RDD programs (e.g., containing at least three RDD API calls) and randomly sampled
100 to use for our evaluation. Table 5.2 gives statistics about these functional queries in terms of
the number of functional API calls, LOC, and AST size.

5.6.2 Manual Study

To assess how many big-data queries can be rewritten to SQL, we performed a manual study,
summarized in Table 5.3, of the 100 benchmarks. Overall, we found that 21 of the 100 bench-
marks cannot be translated to SQL, while the remaining 79 do have equivalent SQL queries. For
most of the queries that cannot be translated (14 of 21), the reason is that they contain API calls
and/or UDFs that access dynamic values (e.g., information from configuration files) which are
not expressible in SQL. The other 7 programs are not translatable because they define a custom
column type or contain a UDF that modifies the global state.

Additionally, there are 22 benchmarks involving language features not yet supported by
RDD2SQL but with no fundamental limitation in their ability to be translated. These features
include SQL window functions (e.g., running total), non-scalar column types (e.g., list), ‘ORDER
BY’ operator, random sampling functions, and Scala features not handled by our verifier. We
leave extension of RDD2SQL to these features as future development.

Result for RQ1: Most RDD queries in our benchmark set (79%) are expressible in
SQL, and a majority of those (72%) are supported for translation by RDD2SQL.
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Table 5.3: Manual study results

Total benchmarks 100
Supported 57

Total non-translatable 21
Dynamic 14
User-defined types 6
Side-effect 1

Total not supported 22
Window functions 7
Non-scalar column types 5
‘ORDER BY’ operator 3
High order functions 2
Random sampling 2
Not modeled Scala features 3

Table 5.4: Main synthesis results

Total supported benchmarks 57
Synthesized in one hour 55 (96%)
Median synthesis time 97 seconds
Average synthesis time 263 seconds

5.6.3 Effectiveness of Synthesis

To assess the effectiveness of our method at translating functional queries to SQL, we evaluated
RDD2SQL on the 57 benchmarks which are both translatable to SQL and that are also supported
by our tool. Figure 5.8 gives an overview of the results when running RDD2SQL on these
benchmarks with a time limit of 1 hour. The x-axis corresponds to the time (per benchmark)
and the y-axis corresponds to the percentage of benchmarks solved in that time-limit. As we can
see, almost all benchmarks (55 out of 57) are successfully translated within the hour time limit.
Furthermore, most of them (88%) can be translated within 7 minutes. Table 5.4 gives more
detailed statistics about the performance of RDD2SQL. As shown in this table, the median
synthesis time of RDD2SQL is just over one and half minutes, and the average synthesis time is
less than 5 minutes. Since RDD2SQL is meant to be used in an off-line manner, we believe that
the time to transpile functional queries to SQL at compile time is worth the run-time benefits (as
we show in Section 5.6.6).
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Figure 5.8: Cumulative distribution of synthesis time

Result for RQ2: RDD2SQL can successfully translate 96% of the supported RDD
queries within an hour, and the vast majority (88%) in under 7 minutes.

5.6.4 Evaluating Column-Wise Decomposition

Since the key technical novelty of this work is the idea of column-wise decomposition, we per-
form an ablation study to evaluate the impact of this idea. Specifically, we compare RDD2SQL
against an ablated version, called RDD2SQL-NODECOMP that does not perform column-wise
decomposition. In other words, RDD2SQL-NODECOMP corresponds to our implementation of
CEGIS with all optimizations described in Section 5.5 enabled.

Figure 5.9 shows the results of this experiment as a scatter plot. Each circle in the figure
represents a benchmark. The x-axis corresponds to the synthesis time of RDD2SQL and the
y-axis corresponds to that of RDD2SQL-NODECOMP. The label ‘T/O’ indicates the time
limit of 1 hour. As we can see from this scatter plot, RDD2SQL-NODECOMP translates fewer
benchmarks than RDD2SQL within the time limit. Specifically, RDD2SQL-NODECOMP

translates only 33/57 (58%) benchmarks while RDD2SQL translates 55/57 (96%) within
a hour. If we consider a shorter time limit of 5 minutes, RDD2SQL-NODECOMP translates
27/57(47%) while RDD2SQL translates 44/57(77%). For some simple benchmarks, especially
those that require less than one minute for both versions to solve, RDD2SQL-NODECOMP

is slightly faster, because RDD2SQL needs to check the correctness of all N column queries
while RDD2SQL-NODECOMP only needs to check one time for the complete query. This
overhead is cancelled out by the benefits of column-wise decomposition for more complicated
queries.
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Figure 5.9: Comparing synthesis time of RDD2SQL and RDD2SQL-NODECOMP

5.6.4.0.1 Understanding asymptotic complexity. To gain further intuition about the scal-
ability differences between RDD2SQL and RDD2SQL-NODECOMP, we also empirically
analyze the parameters that affect the time complexity of RDD2SQL and its ablated version
without decomposition. Recall from Section 5.4.4 that the complexity of CEGIS depends on
the size |Q| of the target query. In contrast, the complexity of our approach depends on (1) the
number of backtracking steps (N ) in Algorithm 8, (2) the size of the first column query (|Q1|),
and (3) H × L, the number H of holes multiplied by the maximum AST size over all hole
instantiations. In the remainder of this section, we look at the values of these parameters in our
benchmark set in more detail.

First, we find that N is always 1 for all of our benchmarks, so there is effectively no
backtracking in the synthesis algorithm in practice. In particular, it turns out that the query
sketch extracted from the first column query is sufficient to synthesize all remaining column
queries. This result indicates that our technique for extracting a query sketch from the first
column query is extremely effective and justifies the assumption behind Equation 5.4 from
Section 5.4.4.

Next, Figure 5.10 shows the ratio R = |Q|/max(|Q1|, H × L) as we vary query size. In
particular, the x-axis shows the size s of the query, and the y-axis shows the average R value
for all queries with at least size s. To interpret this plot, recall that a ratio R that is greater
than 1 corresponds to an exponential improvement in terms of time complexity. As we can see
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Figure 5.10: Evaluating asymptotic complexity with and without column-wise decomposition.
The x-axis shows query size s and the y-axis shows the average ratio R = |Q|/max(|Q1|, H×L)
for queries of at least size s.

from Figure 5.10, the average of R for all queries is 1.5. More importantly, R increases as the
target query size grows, exceeding 3 for queries of size 15. Hence, Figure 5.10 provides further
evidence about the effectiveness of column-wise decomposition in improving the scalability of
our proposed approach to larger target queries.

Result for RQ3: Our column-wise decomposition idea has a big impact on the
effectiveness of RDD-to-SQL translation in practice. Without this compositional
approach, 42% of the benchmarks cannot be solved within the time limit.

5.6.5 Evaluating Optimizations

In this section, we describe the results of another ablation study to evaluate the impact of the
optimizations described in Section 5.5. In particular, we consider the following ablations:

• RDD2SQL-NOSC: This is the variant of RDD2SQL that does not utilize the source program
to augment the grammar with new productions. In other words, this variant does not perform
the optimization described in Section 5.5.1.

• RDD2SQL-NODFG: This is the variant of RDD2SQL that does not perform the optimization
described in Section 5.5.2 (i.e., DFG-based decomposition adapted from prior work [Zha+21]).

The results of this ablation study are presented in Figure 5.11 as a bar graph. The x-axis
shows the time limit, and the y-axis shows the percentage of benchmarks solved within that time
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Figure 5.11: Comparing complete and ablated versions

limit for RDD2SQL and the two ablations. As we can see from this figure, both ablations solve
fewer benchmarks compared to RDD2SQL, but the impact of the DFG-based optimization from
Section 5.5.2 is even more pronounced. Furthermore, the benefit of the grammar augmentation
optimization from Section 5.5.1 is more substantial for more complicated target queries.

Result for RQ4: Both grammar augmentation and DFG-based decomposition are im-
portant for the effectiveness of RDD-to-SQL translation. Nearly half of the benchmarks
cannot be solved within a time limit of 1 hour without either of these optimizations.
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Figure 5.12: Distribution of speedups. The baselines are the original functional queries pro-
cessed on 8, 16, or 24 machines respectively.
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5.6.6 Performance Benefits of SQL Translation

A key motivation behind translating functional queries to SQL is the potential to improve
performance. Thus, we also conduct an experiment to evaluate the performance benefit offered
by translating functional queries to SQL. To this end, we compare the runtimes of the original
Spark RDD queries and their translated SQL version for the 55 benchmarks that RDD2SQL
was able to transpile.

To perform this evaluation, we run each source and target query on Spark 3.2.0 clusters of
8, 16, and 24 machines with AMD Opteron Processor 6128 CPUs. We use randomly sampled
in-memory data as query inputs and run each query 10 times for each input. The same input data
set is used for both source and target queries. Figure 5.12 shows the average speedup achieved
by the SQL query as compared to the original functional version. In particular, the x-axis shows
the magnitude of speedup (calculated as average runtime of source query divided by average
runtime of SQL) and the y-axis shows the number of benchmarks which achieve that speedup.
Across all benchmarks and all cluster sizes, all but 3 SQL translations are as fast or faster than
their spark equivalents. As we can see, most programs achieve a 1.5 to 3× speedup.

Table 5.5: Summary of speedups

# faster Max # slower Min Average

8 machines 52 7.57 3 0.74 1.92
16 machines 52 7.04 3 0.64 2.07
24 machines 52 7.43 3 0.63 2.23

Table 5.5 gives some additional statistics about the comparison. Across all cluster sizes, the
SQL query is over 7× faster than its Spark equivalent in the best case. On average, a SQL query
was approximately 2× faster, with the average speedup increasing as more machines are added
to the cluster. For three benchmarks, the SQL query is slower than its original functional version
(1.6× slower in the worst case). On manual inspection, we found these three benchmarks contain
string manipulation functions that are inefficiently executed by the Spark SQL engine.

Result for RQ5: Translating Spark RDD programs to SQL using RDD2SQL con-
ferred an average speedup of 2× and a maximum speedup of over 7× across a variety
of cluster sizes and randomly sampled inputs.
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5.7 Related Work

Translating other languages to SQL. To the best of our knowledge, our work is the first
to focus on translating functional big data queries to SQL. There are some prior papers that
translate from various languages into SQL. The most closely related is CLIS [Zha+21], which
converts UDFs used in SQL queries to pure SQL expressions. The DFG-based decomposition in
Section 5.5.1 was inspired by CLIS; however, in contrast to this work, CLIS can only translate
UDFs to SQL expressions without any relational operators. Allowing relational operators
significantly increases the complexity of the problem space, which motivates the invention of
column-wise decomposition in this work.

Another related work in this space is QBS [CSLM13], which introduces a technique for
automatically identifying translatable fragments of Java ORM programs and synthesizing their
SQL equivalents. It depends on an intermediate representation of the source program tailored for
ORM applications, not applicable to our domain. Similarly, DBridge [Ema+17] also synthesizes
SQL from Java ORM programs, and SQLgen [NF20] translates array loops to SQL. Both
approaches rely on a hand-crafted set of translation rules which handle only a predefined set of
commonly occurring coding patterns.

Compositional Program Synthesis. We are not the first to propose compositional program
synthesis. Given a partial program with unknowns, a number of works [PKSL16; SA16; FCD15;
OZ15] propose deductive techniques for decomposing a top-level synthesis specification into
individual specifications for each unknown in the partial program which can then be synthesized
independently. For example, SYNQUID [PKSL16] and BIGλ [SA16] infer type specifications
for unknowns given a top-level type specification, while λ2 [FCD15] and MYTH [OZ15] infer
input-output specifications for unknowns given a top-level inductive specification. In these
approaches, results are merged together by enumerating completions of the partial program
using the synthesized subprograms. In contrast, our approach uses dependence-free query
sketches to ensure that synthesized subqueries can be efficiently merged using a simple, linear-
time algorithm. Another line of work [AČR15; ARU17; GFVH21] decomposes the inductive
synthesis task per example in the specification and merges the results by synthesizing suitable
distinguishing predicates. In contrast to these techniques, our approach does not decompose by
example but by column of the output and uses query sketches to guarantee efficient merging.
SOLIS [Mar+20] uses a decompositional technique for synthesizing loop summaries in smart
contracts which synthesizes summaries for each variable in the loop independently and merges
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the results syntactically; however, their approach is particular to imperative loop summaries and
is not complete.

Synthesis of SQL queries. This work is related to a line of inductive synthesis work on
learning SQL queries from input-output examples. For instance, Scythe [WCB17], Query-
By-Output [TCP09], Trinity [Mar+19], SQLSynthesizer [ZS13], SqlSol [Che19], SQUARES
[Orv+20], EGS [Tha+21], and PATSQL [Tak+21] all employ some form of inductive synthesis to
learn SQL queries. While any of these tools could, in principle, be used as an inductive synthesis
backend in our CEGIS implementation, we choose Trinity [Mar+19] due to its extensible nature.
These prior efforts differ from our approach in that they neither perform synthesis from a
reference implementation nor employ the idea of column-wise decomposition.

In a broader scope, program synthesis has been widely employed in many DB-related do-
mains. For instance, SQLizer [Yag+17] synthesizes SQL from natural language; Foofah [Jin+17],
Mitra [YWD18], Hades [Yag+16], Dynamite [Wan+20], and Morpheus [Fen+17] all synthesize
programs from examples in order to automate transformations between different structures
and/or schemas. FlashFill [SG12] and BlinkFill [Sin16] automatically fill spreadsheet columns
by synthesizing string manipulation programs from examples. HYB [RG20] utilizes program-
by-example to synthesize programs for Web data extraction. Finally, [Sin+17] employs CEGIS
to learn entity matching rules for detecting records that refer to the same object.

Optimizing Spark programs. The Spark [Zah+10] framework executes programs written
in its functional RDD API [Zah+12] using a traditional volcano [GM93] query execution
model. Due to the extensive use of UDFs, further optimization of Spark RDD programs is
hard. To the best of our knowledge, there is no other work on optimizing Spark RDD programs,
although a number of efforts try to optimize UDF-rich queries in other big data frameworks.
Notably, PeriSCOPE [Guo+12] and Niijima [Xu+19] optimize SCOPE [Cha+08] queries by
eliminating, moving, and merging code in UDFs. PeriSCOPE reports an average speedup of
1.7× on 8 studied cases, and Niijima accelerates 21 queries by 1.24×; however, it is unclear
whether these optimizations are effective for Spark. In contrast, our method achieves an average
2× speedup through the innovative column-wise decomposition. Stratosphere [Ale+14] and
Tupleware [Cro+15b] perform static analysis on UDFs (e.g., cost estimation) to enable query
optimization such as operator reordering. Their techniques rely on new programming models
and are not applicable to Spark. Another work [Sou+14] avoids redundant computations in
UDFs across multiple queries; in contrast, our work focuses on optimizing single query.
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Other efforts focus on accelerating Spark programs by improving runtime components,
including distributed job scheduling [Wan+19a; SGM16], communication [Ngu+18], native
code generation [Ess+18; Nav+19], and memory management [Shi+19; Ngu+15; Maa+15].
These techniques have the potential to improve the performance of both Spark RDD programs
(source program of RDD2SQL) and Spark SQL (target program of RDD2SQL). These
approaches are orthogonal to ours and can be profitably combined with RDD2SQL to further
improve performance.

5.8 Conclusion

Motivated by the performance advantages of SQL over functional big data queries, this chapter
proposes the first method for transpiling functional queries to SQL. Based on the insight that
SQL queries are column-wise decomposable, our method first finds a SQL query for each output
column through program synthesis and then merges all column queries to a complete query. Our
method utilizes the novel idea of dependence-free query sketches (DFQS) and automatically
generates useful query sketches with this dependence-freedom property.

We implemented our method as a tool called RDD2SQL and tested it on real Spark RDD
programs collected from Github. Our results show that RDD2SQL can translate 88% functional
programs to SQL in under 7 minutes and 96% of them within one hour. The SQL queries that
RDD2SQL produces are 2× faster than original functional queries on average, with a maximum
speedup of 7×.

104



CHAPTER

6

CONCLUSIONS AND FUTURE WORKS

6.1 Overarching Conclusion

Motivated by the problem that many inefficient code across the boundaries of data analytics
TPCs cannot be effectively optimized by existing techniques, we propose cross-boundary
optimization. In particular, we identify three types of TPC boundaries and propose a novel
method to optimize programs of a specific domain for each boundary type:

• Type 1: Boundary between TPC and host code. We focus on the domain of data analyt-
ics programs written in Python. We first propose MIN-watch to dynamically determine
data dependency between TPC API calls and host code, and then create an optimization
framework called Cunctator featuring best-effort lazy evaluation enabled by MIN-watch
to optimize inefficient sequences of API calls.

• Type 2: Boundary between TPC and user-defined extension. We target the problem
of optimizing UDFs in SQL. We address it by translating UDFs into expressions of
SQL built-in functions through compositional lazy inductive synthesis (CLIS), a novel
program synthesis method that exploits composibility of both source and target programs
to dramatically improve scalability.
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• Type 3: Boundary between TPCs. We study how to apply optimization techniques of
existing SQL engines to functional big-data queries. Our strategy is to translate functional
queries into SQL querie before applying SQL optimization techniques. We fulfill the strat-
egy through our novel SQL synthesis method that leverages column-wise composibility of
SQL queries to address the scalability issue. The method is implemented in a tool named
RDD2SQL.

To evaluate the effectiveness of our methods, we implement our methods in tools to opti-
mize real-world benchmarks collected from Github. Results demonstrate that our methods are
applicable to most of benchmarks and significantly accelerate applicable ones:

• Cunctator accelerates all 15 benchmarks through 4 optimizers by 1.03-14.2×.

• CLIS translates 58 out of 63 benchmarks. After translation, 56 benchmarks gain speedups
averaged 3.5×.

• RDD2SQL solves 55 out of 57 benchmarks, in which 52 of them are accelerated. On
average, the speedup is approximately 2×.

6.2 Future Work

We now discuss the future works. We classify them into three directions: improvement, general-
ization, and unification.

Improvement. In all three works presented in this thesis, there are potential improvements left
for future works. For Cunctator, currently optimizer developers need to completely implement
the details of optimization passes as Cunctator only provides deferred API call sequence. As an
optimization framework, it will be helpful to provide APIs featuring commonly used program
optimization techniques, such as data-flow analysis and common sub-expression elimination.
Moreover, due to the overhead, Cunctator currently disables itself for programs calling more
than 1000 APIs per second. This could be improved by reducing Cunctator’s overhead, e.g.,
through re-implementing most parts of Cunctator using the C programming language. For CLIS,
one important unanswered question is whether we can further improve the scalability of the
algorithm through smarter decomposition or merge, rather than most-aggressive decompostion
and enumerative DFG node merge that the algorithm currently utilize. For RDD2SQL, the
synthesis time takes minutes and thus prohibits online application of the algorithm. A possible
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way to reduce the synthesis time is to efficiently predict the query sketch using machine
learning techniques. Finally, for both CLIS and RDD2SQL, the algorithms do not consider
the performance of synthesized programs as empirical results show significant speedups after
translation. We could further improve the performance through employing cost-guided synthesis
to produce optimal or near optimal programs.

Generalization. Another important future direction is to generalize our method to more
domains. For instance, we can generalize Cunctator to languages other than Python, such as
Julia. Similarly, we can generalize CLIS to transpile arbitrary programs from one programming
language to another programming language. For example, another use case for this technique
could be translating linear algebra or data cleansing code written in the basic Java language to
expressions in specialized APIs targeting these domains. Finally, we can leverage column-wise
decomposition to accelerate the synthesis of SQL in general (e.g., inductive SQL synthesizer),
or even other programs operating over tables (e.g., Pandas programs).

Unification. The methods proposed in this paper respectively targets one type of TPC bound-
ary. It is interesting to study the synergy of these methods. In other words, are there optimization
opportunities across multiple types of runtime boundaries that require a fusion of these methods?
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APPENDIX

A

SUPPORTED SPARK RDD APIS

Our tool RDD2SQL supports translating the following Spark RDD APIs to SQL: aggregate,
combineByKey, count, countByValue, distinct, filter, flatMap, flatMapValues, foldByKey,
groupBy, groupByKey, join, map, mapPartitions, mapValues, mean, reduceByKey, re-
duceByKeyLocally, union, and values.

We choose to support these APIs because they are commonly used. There is no fundamental
difficulty to extend RDD2SQL to support other RDD APIs.
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APPENDIX

B

TRANSLATING TARGET LANGUAGE TO
SQL

Fig. B.1 presents the rules that we use to translate our target language (shown in Fig. 5.5) to
SQL. The following example shows how the rules are applied during translation.

Example 10. Consider the following query Q in our target language:

Aggregate(Select(Project(T,E1 AS c1, E2 AS c2), c1 > 0), {c2}, sum(c1))

Table B.1 presents a step-by-step translation of Q to SQL. In the table, each row applies a rule

for the current relational operation and recursively uses the next row to translate its subquery.

The resulting SQL S is

SELECT c2, sum(c1) FROM (

SELECT * FROM (

SELECT E1 AS c1, E2 AS c2 FROM (T)

) WHERE c1 > 0

) GROUP BY c2
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PROJECT
Q⇝ S

Project(Q, E)⇝ SELECT E FROM (S)

SELECT
Q⇝ S

Select(Q,E)⇝ SELECT ∗ FROM (S) WHERE E

JOIN

Q1 ⇝ S1 Q2 ⇝ S2

C1 = FirstColumn(Q1) C2 = FirstColumn(Q2)

Join(Q1, Q2)⇝ SELECT ∗ FROM (S1) AS x, (S2) AS y WHERE x.C1 = y.C2

AGG
Q⇝ S E ′ = C ∪ E

Aggregate(Q, C, E)⇝ SELECT E ′ FROM (S) GROUP BY C

UNION
Q1 ⇝ S1 Q2 ⇝ S2

Union(Q1, Q2)⇝ SELECT ∗ FROM (S1) UNION (S2)

Figure B.1: Rules for translating target language (Fig. 5.5) to SQL

Table B.1: Example of translating target language to SQL (Example 10)

Query Rule SQL

Q = Aggregate(Q1, c2, sum(c1)) AGG S = SELECT c2, sum(c1) FROM (S1) GROUP BY c2
Q1 = Select(Q2, c1 > 0) SELECT S1 = SELECT ∗ FROM (S2) WHERE c1 > 0

Q2 = Project(T,E1 AS c1, E2 AS c2) PROJECT S2 = SELECT E1 AS c1, E2 AS c2 FROM (T )
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