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Abstract—The future of computation is massively parallel and heterogeneous with specialized accelerator devices
and instruction sets in both edge- and cluster-computing.
However, software development is bound to become the
bottleneck. To extract the potential of hardware wonders, the
software would have to solve the following problems: heterogeneous device mapping, capability discovery, parallelization,
adaptation to new ISAs, and many others. This systematic
complexity will be impossible to manually tame for human
developers. These problems need to be offloaded to intelligent
compilers. In this paper, we present the current research that
utilizes deep learning, polyhedral optimization, reinforcement
learning, etc. We envision the future of compilers as consisting of empirical testing, automatic statistics collection,
continual learning, device capability discovery, multiphase
compiling – precompiling and JIT tuning, and classification
of workloads. We devise a simple classification experiment
to demonstrate the power of simple graph neural networks
(GNNs) paired with program graphs. The test performance
demonstrates the effectiveness and representational appropriateness of GNNs for compiler optimizations in heterogeneous systems. The benefits of intelligent compilers are time
savings for the economy, energy savings for the environment,
and greater democratization of software development.
Keywords—compiler optimization, GNN, reinforcement
learning, edge computing, heterogeneous computing, polyhedral model, machine learning

I. I NTRODUCTION
The future of computation is massively parallel and
heterogeneous with specialized accelerator devices and
instruction sets in both edge- and cluster-computing. With
a multitude of different domain-specific accelerators [1]–
[3], memory technologies [4]–[6], and different types of
processor architectures [7], the engineering effort required
to extract the potential of upcoming hardware wonders is
becoming an intractable problem [8].
To efficiently use the major potential of the many new
types of hardware, prevent software development from
becoming a bottleneck, but also improve the efficiency of
hardware research itself, we believe that many of the new
arising problems should be off-loaded to next-generation,
intelligent compilers. These compilers would have to solve
the following problems: heterogeneous device mapping,
device capability discovery, code partitioning, automatic
parallelization, adaptation to new hardware, and many
others. The growing systematic complexity will be impossible to manually tame for human developers. These types
of compilers would not only further improve software
development but also propel hardware research forward.
The deployment of actual code which needs to be tested
and compared on different kinds of hardware would be
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shortened, eliminating the need for hardware researchers
to write optimal code for the specific devices they tailor.
The earliest compiler optimizations which are still in use
today, such as dead code elimination, peephole optimization, function inlining, and similar, mostly relied on some
form of a graph representation of a program and a handtuned heuristic searching through it to find the appropriate
optimization [9]. What we will call the second generation
of compiler optimizations, which are still very prevalent
and are being researched today, came with the polyhedral
model. The polyhedral model abstracts sequential parts of
a program into polyhedra and tries to solve an integer linear program (ILP) defined by it [10]–[12], thus finding an
optimal schedule of the instructions which are considered
in the polyhedra without changing the semantics of the
code. The next or third generation of compilers are based
on the methods of previous generations but augmented
with machine learning methods [13]–[21].
In Section II, we discuss the related works on compiler
optimizations, with a focus on the up-and-coming machine
learning approaches and the polyhedral model. In Section III, we further describe the problems next-generation
compilers have to solve and propose a set of high-level
solutions to those problems. Next, in Section IV, we
experimentally demonstrate the effectiveness of simple
graph neural networks (GNNs) in encoding computational
patterns and finally conclude our work in Section V.
II. R ELATED WORK
A. Polyehdral model
The polyhedral model is a model for optimizing loops in
programs which we believe is the first step towards modern, intelligent compilers and automatic code deployment.
The model tries to find the optimal schedule of a sequential
part of a program by abstracting it into polyhedron.
The optimization task then reduces to finding an optimal
schedule without changing the semantics of the program.
It has to solve an Integer Linear Program (ILP), which is a
combinatorial optimization problem, where we try to find
the optimal transformations to be applied on a schedule
tensor. The model is extensively used in many generalpurpose and domain-specific language compilers, such as
GCC [22], [23], LLVM [24], TVM [25], Tiramisu [26],
MLIR [27] and has seen many new improvements and
use cases over the years, such as data-stream processing
[28], non-affine code optimization [29] compilation for
heterogeneous targets [30], automatic parallelization [31]
and many more [32]–[38]. We believe that the polyhedral
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model has its place in compiler optimizations, but its future
lies in machine learning augmentations. Recent advances
in the field have been going in this direction. Polyhedral
descriptions can be learned [39] and solving ILPs can
be sped up [40], [41]. The relatively recent PolyGym
[14] is a reinforcement learning framework for polyhedral
optimizations of programs.
However, some limitations of the model also have to
be addressed. The first limitation of the model is that it
can not represent explicit heterogeneous device mapping,
at least in its current form. It can be extremely useful
in optimizing code for a specific device, but it can not
explicitly map a part of code to it. Secondly, the current
optimization targets, i.e. the actual objective functions are
predefined for each device. While some work is being done
in the generalization of these objective functions [42], the
actual heuristics used are still hand-tuned. We address this
problem in Section III-A.
B. Manual-heuristic approaches
Some of the earliest compiler optimizations methods
rely on aggressively gathering data about a program’s behavior to be able to find the best way to optimize it. Most
of these methods try to use different graph representations
of a program. These approaches, such as finding dominator and post-dominator trees, constant folding, deadcode elimination, reachability, and liveness analysis [9],
[16], rely on finding different characteristics of a program
graph representation and accordingly optimizing, guided
by a hand-tuned (manual) heuristic.
C. Machine learning approaches
A plethora of machine learning approaches in compiler
optimization and source code analysis has recently started
to emerge. Translating between programming languages
[13], detecting code clones [20], [43]–[45], heterogeneous
device mapping [13], [16], [46] and other problems. Most
of these would be out of scope for manual-heuristic
approaches or the polyhedral model, but with different
code representations [13], [16], [17], [20], [45]–[47] and
intelligent, robust models which can make use of them,
a lot of new directions for compilers and program analysis tools have emerged. Specifically, recent graph-based
approaches have tried to leverage GNN models to embed
the program representation into a continuous space where
certain, known optimizations, such as gradient descent
can be used to find new optimizations or augment older
compilation methods [16], [19]–[21], [44], [45].
Other, syntax-based approaches, have tried to use natural language processing (NLP) methods, where they try
to leverage a program’s syntax to solve some optimization
tasks. While some NLP principles have been adopted, such
as using embeddings [13], [46], [47], most of them do not
generalize very well when trained on source code. The
drawback of NLP models is the focus on syntax, which
makes the models much more complex. An NLP model
first has to learn how to parse the language into a suitable
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Fig. 1: Intelligent compiler system

representation before doing the actual optimizations on
it. This representation needs to be able to encode the
sequences of computations, but also the long-range dependencies which are often present in programs. The natural
way of representing such sequences and dependencies is
with graphs, which we can already extract from programs
manually. Therefore, we can avoid the first part of the
NLP problem and focus on the optimizations by directly
working with graph representations. However, some utility
can be found in NLP models, one of which we describe
in Section III-B.
Modern machine learning models have reduced comprehensibility and they must be coupled with explainability
methods to enable faster innovation and debugging [48]–
[50]. Of special interest for compilers are new explainable
approaches for supervised and reinforcement learning over
GNNs. Additionally, AI methods are subject to limits
[51] which may affect the security and performance, both
aspects that need further inquiry.
III. ROADMAP TOWARDS INTELLIGENT COMPILERS
Currently, most modern compilers focus on a specific set
of optimizations, which can be domain-specific [25], [26],
[52], [53] or even device-specific [3], [54]. This limits their
viewpoint substantially, as we believe the focus should
be on general compiler optimizations and eliminating
hand-tuned heuristics from different parts of compilation
systems. Most applications today are larger systems, consisting of multiple domain-specific tasks which need to be
optimized. Our goal is to provide a vision of generalized
compilers of the future. Instead of domain-specific languages and optimizations, we believe that the compiler itself should be able to identify which optimizations are best
performed on specific parts of code, as the domain-specific
focus can limit cross-domain optimization opportunities.
In this section, we present our view of next-generation
intelligent compilers by addressing some of the problems
we mentioned in the previous sections. Our approach (see
1) focuses on using graph neural networks (GNN) and
reinforcement learning to find the best optimization on
a multitude of specified problems. We present our view
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through a hierarchy of intelligent models and methods
which need to work in tandem.

the source code by dynamically injecting functionality
augmented with runtime information.

A. Device capability discovery and device-specific optimizations

C. Heterogeneous device mapping

The first problem we will address is the device capability discovery problem. This is the problem of finding
out the set of instructions and/or operations a device is
capable of executing. Here we rely on the Bring Your
Own Codegen [55] principle. With this approach, we rely
on a generalized IR language [56] or even a framework
such as OpenCL [57], and a hardware vendor to write
the actual code generation. The compiler would be responsible for translating the general-purpose code into the
required language while performing device-specific optimizations in the process. Source-to-source compilers, such
as Facebook’s TransCoder [58] and R-Stream [59], can be
leveraged for code generation, but we turn to the polyhedral model for the actual optimization. We can leverage machine learning methods such as (semi-)supervised
and reinforcement learning to find the (constraint) linear
programming problem which would best represent the
device we are mapping to. Our model would either use
gathered statistics from previous code executions on the
device, reinforcement learning, or a combination of the
two, to search the hyperheuristic space. This would mean
we are essentially representing the device’s capabilities to
leverage the potential locality, parallelism, or any other
characteristic of our code for a significant performance
gain with a learned objective function and constrained
problem.
B. Code partitioning
The problem which naturally arises with the previously
mentioned approach is deciding which parts of code we
want to translate to a deployable representation. This
code partitioning problem could be viewed from multiple
viewpoints, however, the most straightforward approach
would be to implement an extended variant of the mincut algorithm on a program graph, where we partition the
graph based on a runtime cost prediction. However, with
this model, we also need to keep in mind that we will be
optimizing the newly deployed code with our previously
mentioned polyhedral model. Therefore our model needs
to take the learned device capability representation into
account, along with the actual program graph.
Another viewpoint on this problem is through the lens
of preprocessor directives. Many frameworks, such as
OpenMP [60], use preprocessing directives to automatically translate or parallelize parts of code. This problem
can be viewed as a type of automatic and intelligent
generation of such directives based on learned heuristics
over program representations, which would be a syntaxbased approach since we need to generate the directives.
Alternatively, we can also approach this problem with
a Just-In-Time (JIT) compilation model in which case
we can use a graph-based approach, therefore bypassing
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Automatic mapping to different heterogeneous devices
has been a long-standing problem in the compiler research
community. Recently, graph neural networks [16], along
with IR instruction embedding techniques [13], [46] were
used in automatically mapping OpenCL kernels to either
the CPU or GPU. Although these methods show some
promising results, they are far from mapping in entire
heterogeneous systems, where we can map tasks to a
combination of devices as well. Other approaches have
tried to leverage the polyhedral model [30] or handcrafted algorithms [61], while some limit themselves to
deep learning workloads [8]. So far the under-utilized
approach of graph neural networks may hold the potential,
but with certain augmentations to boost its precision and
effectiveness. Another augmentation to the model can
be added by using hardware portfolios. Analogous to
the works on algorithm portfolios [62], the model could
deploy the code on a multitude of devices simultaneously
and use the result it gets the quickest. This would allow
the model to be more fault-tolerant and use the statistical
variance of the runtime distribution for better performance
when running on different problem instances.
D. Statistics collection, empirical testing and continual
learning
To ensure longevity, robustness, and generalization
for upcoming hardware architectures, the next-generation
compilers need to be highly adaptable. For the compilers to
be usable in a similar to GCC or Clang compilers which
have stood the test of time, we would have to employ
some sort of continual learning methods [63], [64] for
our model to be usable through its lifetime. Contrary to
classic machine learning methods which learn in isolation
on a given dataset, continual learning methods try to steer
the model towards continual knowledge accumulation,
which it can use in future learning and problem-solving
tasks [63]. This means that the knowledge the model has
gathered through multiple training runs, possibly driven
by combinatorial designs [65], is not only remembered but
also reused and transferred to new problems. By collecting
statistics of previous compilation and program executions
on different hardware platforms we can compare our
model to its previous versions. The collected statistics can
also be used as a form of regularization of the model
so it does not forget the previously learned optimization
techniques. Since we are working with statistical models,
the model’s ability to adapt to new problems or hardware
platforms, while also maintaining performance on the old,
learned ones, would require a large of empirical tests to
ensure the robustness of the model.
E. Precompiling and JIT tuning
A problem with our approach is that every application
has to be compiled from a source for it to be optimized for
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a platform. This could be circumvented by precompiling
our code and then JIT tunning on the platform itself.
This would require us to design an annotated bytecode or
intermediate representation into which optimal code can be
injected. The code could also be precompiled for a family
of devices since certain types of computations are always
more suited for specific devices. For example, interacting
with files would always be done by the CPU, which means
there is no need for it to recompile each time we want to
deploy to a certain device.
IV. E XPERIMENTAL STUDY
We have put a lot of focus on graph-neural networks
in our proposed approach. In this section, we will demonstrate with a simple experiment that GNNs have sufficient
representational power and inbuilt bias to solve problems
over code graphs. We will focus on the device mapping
problem by solving an intermediate problem – extracting
characteristics and higher-level patterns from the program
graph. Reasoning over those patterns is just a matter
of scaling, and it is not covered here. Here we will
classify computational dwarfs from the OpenCL kernel
using graph neural networks. Dwarfs are reoccurring communication and computation patterns common to a class of
applications [66], [67]. We reuse the OpenCL kernels used
in the DEVMAP task [13], [16] which are collected from a
multitude of open-source benchmarks for GPUs, parallel
computing, and heterogeneous systems. After collecting
the set of 282 kernels, some are labeled using soft labels
as they can belong to multiple dwarfs, while some are
omitted since we were not sure of even a single dwarf the
kernel would belong to. Very few of the kernels have hard
labels (one-hot). After labeling, we split the kernels into
train and test data with 80:20% ratio and generate a total
of 3784 unique LLVM IR programs, by using the Clang
compiler with various combinations of compile flags. With
this approach, we aim to increase the size of the dataset,
but also to enrich it with noisy data so our trained models
become more robust and impervious to it. The distribution
of the dataset with regards to the highest probable labels
is shown in Figure 2.
We can observe that the dataset is not well-balanced
and some classes, which have less than 100 instances have
been omitted during training and testing. This stems from
the fact that most benchmarks for parallel computing and
heterogeneous platforms focus on GPUs and data-level
parallelism which is why classes with higher potential for
it are more prevalent. Also, some kernels may have been
mislabeled as there is room for human error in the labeling
process.
We use a simple graph convolutional network model
described in [68], with T = 4 message passes and
H = 128 + 16 node representation dimensions. The first
H1 = 16 dimensions are used to encode the type of the
node, which can be an instruction, variable or constant,
while the H2 = 128 encode the text of the node (IR). We
use a vocabulary used in CompilerGym’s [15] GNN cost
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Fig. 2: Dataset distribution.

Fig. 3: Test set confusion matrix.

model example, which contains embedding indices and we
train our embeddings. This gives us 78.3% accuracy on the
test set and the confusion matrix shown in Figure 3. This
level of performance demonstrates the effectiveness and
representational appropriateness of GNNs for compiler
optimizations in heterogeneous systems.
V. C ONCLUSION
Through the experiment, we show that encoding code
patterns can be effectively solved using GNNs. However,
if we want the next-generation compilers to be as widely
used as the general-purpose compilers we currently have,
further work needs to be done on specialized GNN architectures for specific purposes and the problems we
have proposed, which should efficiently boost the precision of next-generation compilers. Furthermore, automatically deploying optimal programs on every platform
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could prove beneficial for the environment by lowering
energy consumption [69], [70], the economy by lowering
development time, and also software development itself,
since the need for manually optimizing code would be
mostly eliminated. Just imagine the effects of intelligent
compilers on app stores, both from the developers’ and
customers’ views. Similar goes for distributed computing
in high-performance clusters where the first steps have
already been made for simpler scenarios [8].
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