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ABSTRACT
There have been significant advances in machine learning-
driven performance modeling in recent years. One key limi-
tation of such approaches is that their success depends, to a
large degree, on the formulation of the outcome or objective,
which is typically done by human experts. In this paper, we
propose a novel approach to automatically generating new
optimization heuristics using inductive program synthesis.
To explore the feasibility of this approach, we investigated
the graph-coloring register allocation heuristic used in state-
of-the-art compilers today. In particular, we focused on the
task of live range splitting. The results show that when using
a Genetic Algorithm, we can obtain splitting heuristics that
are within 10% of the optimal split after 202 generations.

1 INTRODUCTION
Machine learning has emerged as an effective strategy for
performancemodeling, code optimization, and autotuning [2,
5, 9, 10, 17, 18]. In ML-driven performance modeling, a hu-
man expert first identifies a candidate optimization (e.g.,
vectorization) and a set of controlling parameters for the
optimization (e.g., interleaving factor). A model, supervised
or unsupervised RL, is then trained to learn the relationship
between program features (e.g., dependencies), the execution
environment (e.g., vector register size), and the optimization
parameters. When a new program is fed into the model, it
draws from its learning to predict the parameter values that
will maximize the performance of the input program. At a
high level, the model formulation can be generalized as

Given a representation of a program as input, predict the
optimization parameter(s) that maximizes performance

Although this approach has been proven successful, it has
one key limitation: the effectiveness of the model hinges, to
a large degree, on the choice of the initial parameters. For op-
timizations like vectorization [8] or prefetching [11, 13, 15]
the choice is straightforward. But for many critical low-level
optimizations, such as register allocation and instruction
scheduling, identifying suitable control parameters is ex-
tremely difficult and in some cases infeasible [4, 14, 16]. This
is because the impact of such optimizations is determined by

many small decisions embedded within the heuristic, which
creates an exponential space of parameter configurations.
To address this limitation of ML-based models, we pro-

pose a new approach of automatically generating compiler
optimization heuristics. First, we reformulate the predictive
modeling task as follows

Given a program representation and a specification of an
optimization task as input, generate an algorithm for that

optimization that maximizes performance

Intuitively, instead of telling us what the best parameter
values are, this new formulation tells us how to get to the
best values.We attempt to build such amodel using inductive
program synthesis, in which a new program (or heuristic)
is inferred from a given set of input-output examples [3].
Although technically, any optimization can be expressed as a
transformation over a control-flow graph, we focus on data
flow and optimization problems that are intractable and are
solved using heuristics in practice.

In this poster, we investigate the register allocation prob-
lem, one of the most challenging optimization tasks in com-
pilers [6, 12]. Register allocator in current compilers applies
a complex set of heuristics for live range splitting and coa-
lescing, eviction, spilling, and coloring [7, 16]. We developed
a framework to synthesize register allocation heuristics com-
prising the above tasks [1]. Given an SSA-live range and an
interference graph, the inductive model attempts to gener-
ate a graph transformation algorithm that is most likely to
minimize the spill cost. In the interest of space, we limit the
discussion to the task of live range splitting only.

2 METHODOLOGY
Fig. 1 gives an overview of our framework. We define the
synthesis of a live range (LR) splitting algorithm as follows
Given a set of input-output samples, generate a program

that transforms an input LR graph through a sequence of split
operations, to produce an output LR graph, which is most likely
to minimize spill cost

The input-output samples represent SSA graphs with em-
bedded LR information. The input represents the LRs of the
original program while the output represents the LRs after
applying a sequence of split operations. To create a large set
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Figure 1: Overview of inductive synthesis framework

of input samples, we developed CGG, a compiler graph
generator that can generate many of the graphs used in com-
piler analysis and optimization, including SSA, live range,
and interference graphs. CCG is capable of generating ar-
bitrary graphs for each type. Here, we generate LR graphs,
varying the length, overlap, and number of live ranges.

Output samples are generated by applying a sequence of
graph transformation operations on the input graph. To this
end, we define GTL, aGraphTransformation Language to
express the operations commonly found in compiler analysis
and optimization including, meet and join, splitting, coa-
lescing, and coloring. We develop GPG, a Graph Program
Generator, that can generate arbitrary legal programs in
GTL. We build an interpreter which, given an input graph
generated by CGG and a program generated by GTL, ap-
plies the program to the input graph and produces the re-
sulting output graph. A program consists of a sequence of
𝑆𝑝𝑙𝑖𝑡 (𝑛1, 𝑛2, 𝑛3) operations where 𝑛1 and 𝑛2 represent nodes
denoting the endpoints of the original LR and 𝑛3 denotes the
node around which the LR is going to be split.
To synthesize, we employ a Genetic Algorithm. In a GA

formulation, a GTL program is an individual with a single
chromosome and a split is a gene. The fitness score is calcu-
lated as a function of the number of LRs and the length of
each LR. Intuitively, a chromosomewith a higher fitness score
is likely to result in fewer spills. The GA starts with an initial
population of 𝑁 individuals and selects 𝑘 programs for the
next stage based on their fitness score. In stage 2, we apply
crossover, mutation, and roulette selection on the top 𝑘 pro-
grams. New genes and chromosomes are randomly inserted
in stage 3 and validated in stage 4. The search converges
when a program is generated that has a fitness score that
falls within a pre-specified threshold of the optimal split.

Figure 2: Average fitness score across GA generations

3 EXPERIMENTAL RESULTS
We conducted a preliminary evaluation of the proposed ap-
proach with a series of experiments in which we varied the
characteristics of the LR graphs and the GTL programs, and
the parameters of the GA. Fig 2 shows results from one set
of experiments in which the number of overlapping LRs var-
ied between 5-10 (avg. for SPEC17 [16]) and the number of
GA generations was capped at 500. We observe that the GA
results stabilize after about 210 generations and about 90%
of the optimal split can be achieved after 202 generations.

4 CONCLUSIONS AND FUTUREWORK
This work provides initial evidence that inductive synthe-
sis can be an effective tool for creating new heuristics for
complex code optimizations. In the long run, the synthesis
approach has the potential to create brand-new code trans-
formations that human experts have yet to conceive. Our
future plans include extending the framework to tackle other
optimization and analysis tasks such as value numbering and
instruction scheduling.We also plan to replace GAwithmore
sophisticated techniques such as the Multi-Armed Bandit.
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