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1 Introduction

Program transformation is at the core of most software tools and processes.
Compilers, including just-in-time compilers for interpreted languages such as
JavaScript, transform code from a high-level language to lower-level, machine-
executable code. Optimizing compilers, as well as automated and manual refac-
torings, transform code to improve various aspects of its performance, from
time, memory, or energy consumption to softer aspects like maintainability or
readability.

1.1 Problem

Despite many years of extensive research, program transformation systems still
have trouble generating high performance code in many cases. For example,
automatic parallelization works well for specific cases (e.g., stencil code) but
fails to scale to more complex programs involving indirect memory references.
For most real-world problems, the optimal program is not reached through
one large transformation, but is the result of applying several finer-grained trans-
formations. Failures to generate optimal programs boil down to program trans-
formation systems having difficulty answering the following very basic question:

Given a program, a set of program transformations, and a goal,
which transformation gets the program closest to the goal?

As a community, we lack a good answer not because of lack of ingenuity but
because the problem is fundamentally hard and it does not have a unique an-
swer. For example, an answer in the context of sequential program optimization
may be the exact opposite to an answer in the context of automatic paralleliza-
tion. Furthermore, a transformation which may not seem like a good idea at
a particular step may be required for enabling a more powerful optimization
further down the pipeline (see Section 3.1). While more powerful program anal-
ysis techniques, better domain specific languages, and further specialization will
incrementally alleviate the problem, we propose an orthogonal approach which
we believe will provide a leap.



1.2 Proposed Approach

We propose to bypass the problem of choosing the optimal program transfor-
mation by simply not making the choice in the first place. At each step, instead
of making a set-in-stone choice which reflects some local optimum, we allow the
program transformation system to consider many possible transformations. Af-
ter one step, instead of having one new program, there are several new program
variants to consider. Thus, our proposed technique is to search for the globally-
optimal program among the program variants reachable via several fine-grained
transformation steps.

We believe that our approach is feasible. So far, program transformation
research has followed the restricting belief that we should give a single trans-
formation as the answer to the above question. This restriction arose from the
need for compilers to be very efficient, i.e., for the compilation time to be low.
In other areas, like refactoring, the restriction is rooted in human and technical
difficulties, or inconveniences, in dealing with more than one program variant.
But the restriction is no longer necessary. It it now technically feasible, and
also affordable, to explore multiple transformation paths. On the one hand,
cloud computing has made it easy and affordable to access large computational
resources—compiling and optimizing code in the cloud may become the norm
in the near future. On the other hand, developers have become accustomed to
working with multiple variants of their applications using tools such as Git [3]
or Mercurial [8].

We call the proposed approach evolutionary program transformation, be-
cause it enriches program transformation with techniques from the evolutionary
algorithms [13] field. Drawing inspiration from the biological mechanisms of
evolution, evolutionary algorithms build upon the idea that given a population
of individuals (which can be anything from constants that need to be optimized
to programs), applying environment pressure on them (i.e., removing individ-
uals which score low according to a fitness function) causes natural selection,
i.e., the fitness of the population as a whole increases, along with the emergence
of particularly fit individuals. New individuals are created by either recom-
bination, when two or more individuals (parents) are used to generate a new
individual, or mutation, when a single individual is changed directly to cre-
ate a new individual. For evolutionary program transformation, the idea is to
consider program transformations as mutation operators.

The cross-pollination of program transformation and evolutionary algorithms
has been mostly untaped, the notable exceptions being superoptimizers [28,46],
(though they are mostly restricted to loop-free, low-level instruction sequences)
and genetic programming [32]. Our approach can be seen as a genetic pro-
gramming approach with only mutation operators which have strong, specific
semantic meaning. This dramatically reduces the space of possible program
variants, thus increasing the probability of reaching a good solution.



1.3 Proposed Work

We propose two work goals which will provide a foundation for future evolu-
tionary program transformation research and further clarify its feasibility.

Framework. Our first goal is to build a general evolutionary program trans-
formation framework capable of expressing a wide range of program transfor-
mations (compilation, compiler optimizations, parallelization, refactoring, etc.)
over a variety of programming languages.

We are implementing our approach as an extension of the K framework [4,
44]. K is a rewrite-based framework for specifying executable semantics for
programming languages. The framework has been used to give formal semantics
for C [24], Java [15], JavaScript [5], PHP [25], Python [9], Verilog [36], and
Scheme [35]. Furthermore, K is an implementation of matching logic [19,43,45],
which generalizes both term rewriting and Hoare triples into a unified framework
for both operational semantics and program verification.

The missing piece in implementing our approach within K, and thus in
achieving our proposed work goal, is a way to specify strategies for searching
though the space of possible transformations. Once we have this, we will not
only be able to express evolutionary program transformation systems in K, but
we will also be able to prove their correctness using K’s verification machinery
(based on automatic translation to Coq [14]).

Applications. Our second goal is to evaluate the feasibility of the proposed
evolutionary program transformation approach on two real-world problems. We
will use the proposed K-based framework to implement the solutions, validating
and refining the framework in the process.

In terms of exploring the feasibility of the evolutionary program transforma-
tion approach, we implemented a prototype specialized for a particular kind of
translation, called MOLD [40], and we showed that it is capable of transform-
ing a representative set of sequential imperative implementations of well-known
algorithms (e.g., word count) into efficient functional MapReduce [33] programs.

We will validate and test the new K-based framework by using it to reim-
plement the MoOLD translator, and we will use K’s verification capabilities to
prove that the translator is correct. Furthermore, in order to test the new K-
based framework in a new context, we will build a verified LLVM optimizer.
We believe that, at the price of significantly increased compilation time, the
evolutionary approach will allow our optimizer to achieve better performance
then the official one [6].

2 Background

The proposed approach sits at the intersection of program transformation and
evolutionary algorithms.



2.1 Program Transformation

Rewriting strategies. Eelco Visser [52] gives a taxonomy of program trans-
formations, and surveys rewriting strategy approaches. Relevant to our ap-
proach are ELAN [16], Maude [18], and Stratego [51], which are the inspiration
for our strategy language. Related to the evolutionary approach, Bournez and
Kirchner [17] discuss the theoretical aspects of extending ELAN with a proba-
bilistic choice strategy.

2.2 Evolutionary Algorithms

Evolutionary algorithms. Our proposal builds upon techniques developed
in the evolutionary algorithms [13] field, and is most akin to genetic program-
ming [32]. The main differentiating aspect from genetic programming is that
program transformation mutation operators have strong, specific semantic mean-
ing (see Section 3.1 for an example). Furthermore, there is no crossover operator
in the proposed system (though integrating crossover is a possible future exten-
sion).

2.3 Existing Approaches

Program synthesis. An extensive body of work concerns the use of program
synthesis techniques to generate efficient code. Particularly relevant to our
approach is superoptimization, where programs are enumerated and checked
against supplied test cases to find a desired code sequence. This may be ex-
haustive as in the original superoptimizer, goal-oriented [28], or stochastic [46].
In many of these applications, the context is a peephole optimizer that reorders
the instructions of a critical inner loop at ISA (instruction set architecture) level.
This is also the case for component based program synthesis [27]. In contrast,
our approach is not limited to low-level code, but applies to much larger scale
transformations, including loops, higher-order functions, and objects.

2.4 Applications

Refactoring. There is also work on refactoring toward parallelism or a more
functional form. For example, [23] proposes a refactoring tool to parallelize Java
loops, and [26] presents an automated refactoring of Java code to use the Java
8 collection operators. Both approaches transform the original program AST
directly and are limited to specific access patterns.

Optimizing compilers. Compiler optimization is an old and well-established
research field. Particularly interesting for us are instances where the optimiz-
ers have difficulty reaching a good solution. The prevalence of general purpose
GPUs has catalyzed the interest in source-to-source transformations from se-
quential codes to parallel orchestration languages (e.g., OpenMP, OpenCL) or
GPU languages (e.g.,, CUDA). In [38] for example, a number of these approaches



are evaluated and a new skeleton-based compiler is described. A common theme
in these efforts is the reliance on a programmer to identify and annotate their
source code to aid the compiler in generating a suitable and correct parallel
implementation. By comparison, in our approach, the system automatically
discovers if a loop is suitable for translation into a MapReduce style and applies
term rewriting rules to enumerate a number of candidate implementations.

3 Approach

We discovered the need for an evolutionary approach while working on the prob-
lem of automatically translating sequential, imperative code to functional, par-
allel MapReduce. In this section we describe the problem and how evolutionary
program transformation proves to be a promising solution.

MapReduce is a programming model which has gained traction both in re-
search and in practice over the last decade. Mainstream MapReduce frame-
works [1,21] provide significant advantages for large-scale distributed parallel
computation. In particular, MapReduce frameworks can transparently sup-
port fault-tolerance, elastic scaling, and integration with a distributed file sys-
tem. Additionally, MapReduce has attracted interest as a parallel programming
model, independent of difficulties of distributed computation [42]. MapReduce
has been shown to be capable to express important parallel algorithms in a
number of domains, while still abstracting away low-level details of parallel
communication and coordination.

Automatically translating sequential imperative code into a parallel MapRe-
duce framework would be very useful. An effective translation tool could greatly
reduce costs when re-targeting legacy sequential code for MapReduce. Further-
more, a translator could simplify the process of targeting MapReduce in new
programs: a developer could concentrate on sequential code, letting the trans-
lator handle parallel computation.

Translating an imperative loop to the MapReduce model inherits many of the
difficulties faced by parallelizing compilers, such as proving loops free of loop-
carried dependencies. However, the MapReduce framework differs substantially
from a shared-memory parallel loop execution model. Notably, MapReduce im-
plies a distributed memory programming model: each mapper and reducer can
operate only on data which is “local” to that function. So, an automatic trans-
lator must at least partition memory accesses in order to create local mapper
and reducer functions which do not rely on shared memory.

Additionally, the communication model in MapReduce is more limited than
traditional distributed memory parallel programming with message-passing. In-
stead, mappers and reducers communicate via a shuffle operation, which routes
mapper outputs to reducer inputs based on on key fields in the data. These
restrictions allow practical MapReduce frameworks to run relatively efficiently
at large scale; however, they also introduce constraints on the programmer and
challenges for an automatic translator.



3.1 Motivating example

Consider the challenge of automatically generating efficient parallel code for
wordcount, the problem of counting the number of occurrences of each word in
a set of documents. Below is the inner loop (counting the occurrences in a docu-
ment) of a sequential-style, unoptimized, implementation of the algorithm. The
implementation is an intermediate step in transforming the code from a sequen-
tial imperative form to MapReduce. Programmers could also write this code
directly, especially if they have an imperative programming background. The
program iterates, using a fold (left) operator, through the given words collec-
tion accumulating the word occurrence counts into a map. fold is a higher-order
function taking as arguments a binary function, an initial value, and a collection.
At each step, starting with the initial value, the function is applied to the current
value and new element of the collection. The result of the function application
is the new current value, and it iterates until the entire collection is covered.
In our example, starting with an empty map, updateCount incrementally takes
the current count map and a word, and returns a new map that is identical to
the input map except that the count for the given word is incremented.

counts = Awords .
let updateCount = X count word . count{word := count[word] + 1]

in fold updateCount EmptyMap words

The program above exposes no parallelism since the fold operation is se-
quential. There are several approaches we could take to parallelize this code.

Via synchronization. A straightforward approach is to parallelize the fold
directly by sharing the count map between multiple threads, while avoiding races
by adding a synchronization mechanism over the count map. Synchronization
is needed because, due to thread scheduling non-determinism, accesses to the
count map can happen in any order. This means that at each step the word
may have any value, independent of the underlying order of the fold operator.

Via tiling. Another common way to parallelize such code is by taking advan-
tage of the commutativity of the counting operation in order to tile the fold
[34], as exemplified below. The input words collection is first split into NV tiles.
Then, the tiles are mapped to their word counts using the previous fold oper-
ator. Finally, the partial word counts, tiledCounts, are folded using the plus
(@) of a map monoid. a @ b is another map with the same keys and the values
the sum of their values. If a value is missing in either map, it is replaced by the
value type’s zero, i.e., 0 in our case. The map operator can be parallelized or



even distributed.

counts = Awords .
let updateCount = X count word . count{word := count[word] + 1]
tiles = groupInTiles0fSize N words
tiledCounts = map (fold updateCount EmptyMap) tiles
in fold @ EmptyMap tiledCounts

Via shuffling (MapReduce style). Instead of avoiding the non-linear word
value, a program can inspect it [20] to reveal parallelism. In our example this is
achieved by the groupBy operator, which takes a unary function and a collection,
clusters the elements of the collection according to the function, and returns a
map from function return values to their corresponding clusters. After group-
ing the collection of words by the identity function, the parts of computation
operating on distinct word values are independent so they can be executed in
parallel. Thus, the map operator computing the size of each collection of identical
words (via fold ) is parallelizable and, as there is no sharing, also distributable.
As groupBy creates collections of identical words, the computation is not yet
efficient, but this can be improved by subsequent optimizations.

counts = Awords .
let grouped = groupBy (Az.z) words
let mapF = Aword copies. fold (A sum word. sum + 1 0 copies)

in map mapF grouped

We see how even for a small snippet of code there are at least three very
different parallelization approaches. The best choice between them depends
on multiple factors including the runtime platform, data size, surrounding code,
other transformations which have already been applied, and, importantly, trans-
formations which could be applied further down the optimization pipeline. Syn-
chronization is generally a good choice in a shared memory environment, tiling
offers good performance in most cases, while the group-by approach works well
when there is specialized support from the runtime platform (e.g., MapReduce
frameworks or FPGAs). But these are just rough guidelines. Actual perfor-
mance depends on many factors, from CPU speed and cache size to communi-
cation cost in a cluster. Furthermore, even for a particular runtime platform, the
best performance may be obtained by combining several of the above transfor-
mations. For example, the words could be tiled to distribute them to multiple
nodes, each node using its multiple cores to update a synchronized counts tile.
Finally, the transformation choice depends on surrounding code and possible
future transformations. For example, instead of applying one of these transfor-
mations, a loop fusion transformation could be applied to merge the fold with
another computation, increasing granularity. If the other computation has a
different loop dependence structure, it may not be possible to use a groupBy



approach anymore. Still, the overall solution may have better performance due
to increased granularity.

3.2 Evolutionary Program Transformation

We first attempted to solve the problem above in the traditional way, by trying
to make a unique choice between transformations. When the system was not
making the right transformation choice, we tried to employ more powerful anal-
ysis to generate heuristics that work in most cases. We mostly failed on this
path. We could not figure out powerful enough heuristics to obtain consistently
good results.

The proposed solution came from dropping the requirement to make a unique
choice at each step. We thus allowed our system to explore the space of seman-
tically equivalent programs obtained by applying multiple program transforma-
tion rules at each step.

Transformation rules. The basic building blocks of program transformation
systems are transformation rules. A rule represents one atomic step in the
overall program transformation.

Transformation rules can concisely express complex transformations. For
example, the “fold to groupBy” rule below encodes a very general form of the
parallelization-via-shuffle transformation explained in the motivating example.
We use a vertical notation for rules: the pattern above the bar is rewritten to the
term underneath the bar. Capital letters (V, E, and B) are pattern variables
and side conditions are on the right. B[g/r[E]] denotes replacing all instances
of r[E] in B with g.

fold (ARV .R[E :=B]) Ry C = Blg/R[E]]
(mapAkl.(fold (AgV.C) Ry[k]l)) R¢CAR¢FEANIVEE
o (groupBy (AV . E))

The rule matches any fold with body an update of a collection at index E. The
output code first groups the elements of the collection by the index expression
(groupBy AV . E), then it folds each of the groups using the update expression
B from original loop body. groupBy’s output is a map from each distinct value
of E to the corresponding subset of the input collection. The map operation’s
parameters are k, which binds to the keys of the grouped collection (i.e., eval-
uations of E), and [ which contains a subset of the input collection. The fold
starts from the k value of Ry, and folds [ using operation C (i.e., the original B
with accesses to index E of the old reducer replaced with g, the new parameter
corresponding only to the k-index of R).

The side condition requires that R does not appear in either the new expres-
sion C or the index expression . Otherwise, the result of the of computation
could depend on fold’s evaluation order, so the transformation would not be
correct. To avoid grouping by an invariant expression, resulting in a single
group, the side condition also requires that F is dependent on V.



Revisiting the original example, the expression below is the program before
applying the rule (with a beta reduction applied to better highlight the rule
match):

fold (A count word . count|word :=count[word] + 1]) EmptyMap words

EmptyMap matches Ry, count matches R, and count [word]+1 matches B. Both
V and E are matched by word, but this is just a particularity of this simple
example. The rule is general and allows any indirection expression E, as long
as the side conditions are satisfied. In our example the expression is rewritten
to:

((map Ak l.fold (Asum word.sum+ 1) 01) o (groupBy id)) words

Transformation strategies. Transformation strategies provide a way of or-
chestrating complex transformations from basic rules. When the rewrite system
defined by the transformation rules is confluent and terminating, there is less
need for strategies as the input program is reduced to a normal form, regardless
of the order in which rules are applied. Still, many program transformation
systems (optimizing compilers, refactorings, etc.) are not confluent, nor termi-
nating. Transformation strategies are thus needed to ensure that the rules are
selected in a way which leads to a desirable program, and that the transforma-
tion terminates. mite Experimenting with MOLD, we learned that our translator
needs to distinguish between what we call refinement and exploration rewrite
rules. Refinement rules make definite improvements to the input term, e.g.,
eliminating a redundant operation such as fold (Ar v.r) ro. Ezploration rules
may either improve the original code or bring it to a form that allows other
rules to apply, e.g., loop fission is not necessarily an optimization but may allow
parallelization of one of the loops.

Exploration rules are treated as transitions between states, i.e., applying a
transition rule generates a new state in the system. Refinement rules do not
generate new states but are applied exhaustively to the output of an exploration
rule. The set of refinement rules form a separate confluent rewrite system.
One transition in our translator consists of one application of an exploration
rule followed by a complete reduction using the set of refinement rules. In
Kiama [47], the Stratego-inspired [51] transformation library we used for our
prototype implementation, the orchestration of the above behavior is expressed
as the following transformation strategy:

repeat(exploration Rules <x reduce(optimizationRules))

repeat instructs the system to apply the argument strategy repeatedly until
failure, and return the result of the last successful application. The <x binary
operator applies its left argument and, on success, its right argument. The
strategy succeeds if both arguments succeed. reduce is similar to repeat, but
the argument is also applied to all sub-terms.
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Figure 1: Fitness function

Evolution strategies. While traditional program transformation rules pro-
vide powerful ways to order rule application, they are limited to fixed heuristics.
While developing the parallelization rules for our translator, we attempted but
failed to find fixed heuristics which would consistently lead the transformation
towards a highly optimized program. A transformation which may not seem like
a good idea at a particular step may be required for enabling a more powerful
subsequent optimization, and the interactions between transformation effects
on performance are complex enough that they are hard to predict and encode
in a fixed heuristic.

This led us to the need for strategies which, drawing inspiration from evo-
lutionary algorithms [13], guide the transformation by using estimates of code
quality, i.e., a fitness function. MOLD searches through the state space guided
by a fitness function which approximates the runtime performance of a program
variant.

Figure 1 shows the fitness function for generating MapReduce programs.
The fitness function is a cost estimation function computed recursively over a
given term. The cost of function composition/application and tuples is the sum
of the cost of their subexpressions. The cost for collection accesses has an extra
weight (C’ggil“”"" and Ccollection) 6 encourage access localization. map and
fold operators have an initial cost meant to model the start of a distributed

operation (CI2F  Cfold and CEO®) and have their operation cost multiplied

B . L
by a constant (Cgy", CIoM, and C§,°*"™) representing an approximation for

the size of the array. Binary operations are curried, and their function has a
constant cost. All other functions have a predefined, constant, cost.

A unique set of constants is used for generating all programs in our evalua-
tion, i.e., the constants are not program-specific. We determined good values by
manually running experiments and refining the constants. This process could
be automated to find a more precise and possibly platform-specific set of con-
stants. Furthermore, our rough fitness function could be made more precise by
applying techniques such as those proposed by Klonatos et al. [30].

The separation of the transformation rules from the evolution strategy makes
the approach modular. It is very easy to generate optimized code for a new plat-
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[ lambda calculus with fold code variants MapReduce code (Scala)

[ Array SSA ]4—[ high-level code (Java) ]

Figure 2: Overview of the Mold translation system.

form by simply adopting a new appropriate fitness function. The transformation
rules do not need any adaptation.

3.3 Mold

Figure 2 illustrates the current design of our translator. The input program is
first translated into Array SSA form [31] which facilitates the derivation into a
lambda-calculus-style functional representation. In contrast with Appel’s and
Kelsey’s work on converting from SSA to functional code [12,29], our translation
uses a fold operator to maintain the structure of loops, which is essential for
later transformations.

The initial “lambda plus fold” representation of a program is still far from
an effective MapReduce program. While fold operations could be implemented
using reducers, the lack of mappers hinders parallelism, and the code still oper-
ates on shared data structures. To address these problems, we employ a rewrit-
ing system to generate a large space of MapReduce programs. The rewrite rules
govern where mapper constructs can be introduced in a semantics-preserving
manner. Critically, in more complex cases where loop iterations access overlap-
ping locations, we exploit the MapReduce shuffle feature to group operations by
accessed locations, exposing much more fine-grained parallelism than previous
approaches. Given the rewriting rules, our system performs a heuristic search
to discover a final output program, using a customizable fitness function to rank
programs.

We have implemented our techniques in MOLD, a tool that transforms in-
put Java programs into Scala programs that can be executed either on a single
computing node via parallel Scala collections, or in a distributed manner us-
ing Spark, a popular MapReduce framework [2,53]. MOLD leverages the WALA
analysis framework [11] to generate Array SSA and implements a custom rewrit-
ing engine using the Kiama [47] library. In an experimental evaluation, we
tested MOLD on a number of input kernels taken from real-world Java and
MapReduce benchmarks. In most cases, MOLD successfully generated the de-
sired MapReduce code, even for codes with complex indirect array accesses that
cannot be handled by previous techniques. To our knowledge, MOLD is the first
to automatically translate sequential implementations of canonical MapReduce
programs like wordcount into effective MapReduce programs.

We present some details regarding MoOLD’s implementation by following
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through the transformation phases in Figure 2. The translation from Java to
Array SSA is an extension of the SSA implementation in WALA [11] to han-
dle arrays and collections. The translation from Array SSA to Lambda IR is
implemented in Scala. For the rewrite system we extended Kiama [47] with sup-
port for state exploration, name-bindings aware operations (e.g., “subexpression
of”), and cost-guided exploration modulo a-conversion.

The Scala code is emitted by a pretty printer based on the work of Swierstra
and Chitil [48] and on Ramsey’s algorithm [41] for minimal parenthesization.
The generated code can be executed as traditional Scala code by simple implicit
conversions [39]. The same code can be executed either sequentially or using
the Scala parallel collections [10]. We also experimented with a backend based
on the Spark MapReduce framework [53]. This allows programs generated by
MoLD to be executed on Hadoop YARN clusters [50].

3.4 Prototype Evaluation

We experimentally evaluated our prototype transformation tool and the results,
while falling short in some regards, are encouraging. We answered the following
research questions:

1. Can we generate effective MapReduce code? By effective code we
mean code which: 1) should not do redundant computation; 2) should
reveal a high level of parallelism; and 3) accesses to large data structures
should be localized, to enable execution on a distributed memory MapRe-
duce platform.

2. Is Mold efficient and general? We measure how long it takes for
MoLD to find an effective solution. Then, we show that the core rewrite
rules are general and match many code scenarios.

To answer these questions, we study the results of using MOLD to trans-
late several sequential implementations of the Phoenix benchmarks [42], a well-
established MapReduce benchmark suite which provides both MapReduce and
corresponding sequential implementations. The benchmark suite provides C
implementations while our system expects Java code as input. We do a manual,
straightforward, syntactic, translation of the C sequential implementations to
Java.

Furthermore, we manually implemented and tuned each of the benchmarks
in Scala to provide a baseline against which we compare the performance of
the MoLD-generated code variants. We derived three hand-written implemen-
tations: the first uses sequential Scala collections, the second uses parallel Scala
collections, and the third uses Spark [53].

To gauge the quality of the code generated by MOLD we pass each program
through our tool, we execute the resulting code and hand-written implemen-
tations, and we measure and evaluate the results. For each program: 1) we
measure MOLD’s execution time and log the sequence of applied rules to reach
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generated hand-written

program sequential parallel sequential parallel
WordCount 42.31 17.38 35.58 14.94
Histogram 9.65 717 9.98 6.60
LinearRegression 13.77 11.00 13.08 10.60
StringMatch 8.65 3.81 2.58 0.68
MatrixProduct 8.81 2.05 0.41 0.48
PCA 7.02 14.86 3.53 0.77
KMeans 11.90 40.31 0.61 0.89

(a) Scala

generated hand-written

program 1-thread 8-thread 1-thread 8-thread
WordCount 5.99 2.41 5.93 2.42
Histogram 8.84 2.42 8.65 2.59
LinearRegression 1.15 0.62 1.03 0.51
StringMatch 4.78 1.92 4.48 1.57
MatrixProduct 9.02 2.29 5.90 1.58

(b) Spark

Table 1: Execution results.

the optimal solution, 2) we check that the transformations preserved the se-
mantics of the original program by executing both the original program and the
generated one on the same input data set and asserting that the results are the
same, 3) we manually inspect the code to check whether the operators going
over large input data sets have been parallelized, and whether data accesses
have been localized, and 4) we execute the generated code with the three exe-
cution backends described at the end of Section 3.3, and then we execute the
hand-written implementations on the same data sets with the same backends.

When comparing with the hand-written implementations, we execute each
version of a benchmark on the same dataset five times within the same JVM
instance. We report the average of the measurements after dropping the highest
and lowest time values. We run the experiments on a quad-core Intel Core
i7 at 2.6 GHz (3720QM) with 16 GB of RAM. MOLD’s rewrite system state
exploration is parallelized.

Can we generate effective MapReduce code? We compared the gener-
ated code with hand-written implementations for each of the subject programs.
As our approach generates more then one solution for each input program, we
have inspected not only the top solution, but also the alternate proposed solu-
tions.
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Our prototype proposes acceptable solutions for five of the seven subject
programs, while falling short for the remaining two. In the first five cases,
the top solution is structurally similar to what a programmer would write if
targeting MapReduce. In several cases, the alternate proposed solutions are also
acceptable. For example, for wordcount, the basis for our motivating example
(Section 3.1), MoOLD generates the MapReduce-style program as the top solution
and the tiled solution as an alternative.

For the PCA and KMeans subjects our prototype shows its limitations.
While the generated code exposes good parallelism and access localization, it is
far from optimal. In PCA, there are three redundant maps and one redundant
fold, out of a total of twelve operators. They are leftover due to limitations
of our code motion rules in handling complex tuple structures. Furthermore, in
both cases the transformation leaves some additional no-op restructuring of the
results at the end of the computation pipeline.

Table 1 compares the execution time of the generated vs. hand-written
code. Columns 2 and 3 show the execution time of the generated code using
sequential and parallel Scala collections, respectively. Columns 4 and 5 show the
hand-written code using sequential and parallel Scala collections, respectively.
Columns 6 and 7 show the results of executing the generated code using Spark
with either 1 or 8 hardware threads. Columns 8 and 9 show the corresponding
results when executing the hand-written Spark implementations.

The generated versions using parallel Scala collections are between 23% and
80% faster than the generated sequential versions, with the exception of PCA
and KMeans which exhibit a drastic slowdown when executed in parallel. The
generated code for these two benchmarks was found to contain significant redun-
dant computation that severely impacts the performance of the parallel code.

Comparing the executions of the generated and hand-written versions that
use parallel Scala collections, we found the former is 4%-16% slower for Word-
Count, Histogram, and LinearRegression, 4x-6x slower for StringMatch and Ma-
trixProduct, and at least one order of magnitude slower for PCA and KMeans
(for the reason explained earlier). The 8-thread Spark-based versions of Word-
Count, LinearRegression, and StringMatch are faster than the Scala-based ones.
We believe Spark gains this advantage by caching intermediate results and by
using memory mapping for I0. The generated Spark codes for WordCount and
Histogram are slightly faster (1% and 7% respectively) than the hand-written
Spark versions. The remaining benchmarks are 22%-45% slower. We lack results
for KMeans and PCA because the generated code relies on nested distributed
data structures, which are not currently supported in Spark.

Is the approach efficient and general? Table 2 reports the MOLD execu-
tion time in column 4. For all but one program, the tool reaches the solution
in under 4 minutes, and in some cases, MOLD is fast enough that it could run
interactively, with the programmer getting the translated code within tens of
seconds. The outlier is KMeans, which is a larger program compared to the
others and has separated nested loops and complex control structure. Columns
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loop translation  explored transformations

algorithm loops  nests time (s) variants  (for best variant)
WordCount 2 1 11 944 15
Histogram 1 1 233 34 18
LinearRegression 1 1 28 293 2
StringMatch 1 1 68 554 2
Matrix X 3 1 40 2779 20
PCA 5 2 66 780 15
KMeans 6 2 340 3982 10

Table 2: Evaluation programs and applied transformations

5 and 6 show the total number of reached distinct program variants, and the
number of transformation steps reaching the best variant (according to the fit-
ness function). All transformations included rules exposing parallelism. With
the exception of LinearRegression and StringMatch, which reached the optimal
solution in two steps, all other programs also require the application of sev-
eral other complex transformations (code motion, loop fusion and fission, access
localization, etc.).

3.5 Limitations

Using MOLD, our prototype implementation, we have shown that the evolution-
ary approach is effective for parallelizing code. Still, there are several aspects
of our implementation that could be significantly improved:

e generality —-MOLD is limited to the specific problem of translating code
from Java to Scala, and cannot be easily extended. We want e a framework
that easily allows us to develop such MoLD-like systems.

e ad-hoc transformation rules — there were several instances where we
took advantage of Kiama’s seamless implementation with Scala to over-
come limitations of Kiama’s pattern matching and strategies. While we
believe the implementation is correct, deviating from pure rewriting makes
it very hard to prove the transformations are correct.

e flexibility — the system is a one-way pipeline taking Java bytecode to a
WALA intermediate representation, to an intermediate Lambda represen-
tation, and finally to Scala. This means we rely on the Java compiler,
WALA, and custom transformation code for parts of our pipeline. The
mix of technologies makes it difficult to prove that the entire pipeline is
correct. Furthermore, we don’t have the ability to use our tool as an
optimizer of existing Scala code.

e debugging — as shown, our prototype did not perform well in two case
studies. We attribute this limitations of our code motion rules in handling
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complex tuple structures. A more powerful and easy-to-use debugger, such
as that available in K, could be very helpful in tracking down the issues.

4 Proposed work

We explain in detail how we plan to leverage the experience we gained while
developing the MOLD prototype in order to develop a general evolutionary pro-
gram transformation framework based on the K framework [4,44]. We believe
it is possible to overcome MOLD’s limitations explained in Section 3.5, and
generalize the approach to make it applicable in most program transformation
contexts.

Furthermore, to show the generality, we will use the K-based framework to
apply the evolutionary program transformation approach in two new contexts:
optimizing LLVM code, and improving code readability.

4.1 K-based Evolutionary Transformation Framework

While there are systems implementing projections of the proposed approach for
specific problems, we aim to build a general framework capable of expressing
a wide range of program transformations (compilation, compiler optimizations,
parallelization, refactoring) over various languages, while remaining easy to use
and efficient. Such a framework is required to have several characteristics:

1. A programming-language-agnostic way of expressing fine-grained program
transformations

2. A way of specifying strategies for searching through the space of possible
transformations

3. A way of proving that a transformation is correct (e.g., that it preserves
semantics)

We believe that term rewriting provides a powerful foundation for such a
framework. Term rewriting systems allow us to naturally and compactly express
fine-grained program transformations. All that is needed to define program
transformations for a particular but arbitrary programming language is to define
the syntax of the that programming language (as well as potentially-needed
additional syntax for auxiliary operations as term constructors) and then write
transformations as rewrite rules over such terms. There has been extensive
work on rewriting strategies, which we will need to extend to include cost-driven
strategies inspired from evolutionary algorithms. Finally, rewriting logic [18,37,
44], has proven to be a solid and practical foundation to giving semantics to
programming languages. Such rewrite-based formal semantics can be used to
prove that program transformation rules, or at least particular transformation
paths, are correct.
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The K framework. We will implement our approach as an extension of
K [4,44], a rewrite-based framework for specifying executable semantics for
programming languages. K has several characteristics that make it an ideal
platform for implementing our approach:

e maturity and rigor — K has been used to give executable formal seman-
tics for C [24], Java [15], JavaScript [5], PHP [25], Python [9], Verilog [36],
and Scheme [35]. The C semantics [24] is the most complete and thor-
oughly tested formal definition of C to date, passing 99.2% of the GCC
torture test suite, more then both GCC and Clang (C compiler for LLVM).
The JavaScript semantics is the only formal semantics passing the entire
ECMAScript 5 conformance test suite (Chrome is the only JavaScript im-
plementation passing all tests, with no other semantics passing more than
90% of them).

e verification support — K is an implementation of matching logic [19,43,
45], which generalizes both term rewriting and Hoare triples into a uni-
fied framework for both operational semantics and program verification.
Matching logic enables us to use the executable semantics mentioned above
in order to prove that specific transformations over those languages are
correct (e.g., that they preserve semantics).

Rewriting strategies. We will extend the K framework with support for
transformation strategies. For the strategy language, we will draw inspiration
from the excellent work done in developing and incorporating rewrite strategies
in rule-based languages like ELAN [16], Stratego [51], and Maude [18].

The K-based framework will allow the strategy specification to have access to
the configuration (i.e., the code along with supporting information), and will al-
low regular transformation rules to change the strategy (similar to ELAN). This
is achieved by storing the transformation strategy in a cell of the configuration.

The “execution” of the strategy will be a regular evaluation of the strategy
language, just like the execution of any other language defined in K. For exam-
ple, let us consider the sequencing strategy expression a <* b (explained in the
Transformation strategies paragraph of Section 3.2). The strategy expression
is stored in the (...)strategy cell of the K configuration. In the K method [4],
an expression is evaluated by heating (i.e., separating from the rest of the com-
putation) one of its subexpressions, reducing it to a value, and cooling (i.e.,
replacing) it back into the same location of the original expression.

To allow an equally-powerful evaluation (and execution) of the strategy ex-
pression, the K framework only needs to be extended with one extra behavior:
A rule is only tried when its label is at the top of the (...)Stmtegy cell. For our
example, the rule labeled a is only tried when the expression a is at the top of
the strategy cell, i.e., when strategy cell matches (a ™ R)gtrateqy- If the rule
is applied, the rule expression is evaluated to T, so the strategy cell becomes
(T ™~ R)strategy- 1f the rule fails to apply, the top of the strategy cell is replaced
with L, so the strategy cell becomes (L ™ R)strategy-
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Figure 3: Evolutionary Program Transformation Framework

If the sequencing strategy mentioned above would not be provided by our
framework, it could be easily defined by the user:

(L <x A~ RYsirategy
<J— ~ R>strategy
(T <x B~ R)gtrategy
<B ~ R>stmtegy

if the left-hand side fails, the sequencing fails

if the left-hand side succeeds, try the right-hand side

1 and T denote a failed and successful strategy, respectively.

The approach is flexible and extensible. The semantics of the strategy lan-
guage is not hardcoded in the framework, but is defined as any other K language
definition. Users can easily extend the strategy language with new operators,
or can even define an entirely new strategy language, without any change to K,
the underlying framework.

Evolutionary strategies. The next step is to extend the K framework with
support for evolutionary strategies. Figure 3 shows a high-level overview of
the execution of a system built with our proposed framework, highlighting how
it blends program transformation with evolutionary algorithms. The program
variants are individuals of a population. The population evolves through ap-
plications of program transformation rules and strategies, and is guided by an
evolutionary algorithm based on a fitness function.

The algorithm is iterative. The initial population consists of just the input
program. At each step, for each new individual (i.e. program variant) in the
current generation the rewrite system applies all possible transformations. The
resulting individuals are considered the new individuals of the new generation.
The new and old individuals of the previous generation are added to the new
generation as old individuals, without transformation. Next, the new generation
is trimmed, selecting only the best-fit individuals according to the given fitness
function. After selection, the remaining new and old individuals form the cur-
rent generation. The algorithm iterates until some termination condition (e.g.,
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a fitness improvement ratio compared to the input program, or a time-based
cutoff) is reached.

The framework is parametric in the programming language, in the rules and
strategies defining the transformation, in the equivalence relation between pro-
grams, in the fitness function, and in the evolutionary algorithm. The selection
algorithm can be a simple selection of the top-segment of the population, or
part of a more complex, multi-objective optimization [22]. This parametric de-
sign will allow the framework to be adapted to most program transformation
problems without any change to the core code base.

Finally, in order to allow even more flexibility in the configuration of the
evolutionary framework, we will expose the selection step as a special nullary
operator in the K strategy language. The selection operator will behave like an
identity transformation that is only applied if the current individual is consid-
ered fit. If the current individual is not fit, the operator is evaluated to 1 and
this line of search is abandoned. Otherwise, if the individual is fit, the operator
is evaluated to T and added to the new generation.

4.2 Applications

Our second major goal is to validate the resulting K-based framework, and
evaluate the feasibility of the evolutionary program transformation approach,
by applying it to two challenging real-world problems.

Imperative-to-MapReduce translator. We will reimplement the MOLD
imperative-to-MapReduce translator (presented in Section 3) in order to validate
and test our K-based framework. In addition to not being limited to a particular
language and to a particular domain, we expect the new implementation to also
overcome the existing prototype’s limitations (see Section 3.5). Then, using K’s
verification capabilities, we will prove that the new, K-based implementation of
the MOLD translator is correct.

Verified LLVM optimizer. To test our framework in a different context,
we will build a verified LLVM optimizer. LLVM [6] is a collection of mod-
ular and reusable compiler tools and components. Its core is an intermediate
representation, the LLVM IR, and a library of optimizations written on this rep-
resentation. The imperative-to-MapReduce translator optimizes the code after
the translation to a functional form. Building an LLVM optimizer will allow us
to experiment with evolutionary program transformation in a new context, that
of an imperative programming language.

The syntax and semantics of the LLVM IR have already been partially for-
mulated in K in unpublished work [7]. LLVM provides large suite of optimiza-
tions over the LLVM IR, including dead code elimination, constant propagation,
function inlining, and strength reduction. There is ongoing work in our group
to reimplement a significant subset of the optimizations in K, and verify them.

We will extend this work with more powerful transformations (e.g., loop
fusion, tiling, etc.) and integrate it into the evolutionary system. We expect our
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system to be competitive with the LLVM optimizer, and we will run experiments
comparing it to other approaches, such as polyhedral compilation [49].

4.3 Timeline

summer 2015
fall 2015

spring 2016

summer 2016
fall 2016

(internship)

MorLp in K with improved results for PCA and KMeans

verify at least the core transformations (fold-to-map and fold-to-
groupby)

start work on the LLVM optimizer

finish the LLVM optimizer prototype

start work on verifying the LLVM optimizer

(possible internship)

submit optimizer work to PLDI ’17 and defend thesis
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