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Abstract—Polyhedral optimizations play a central role in im-
proving the performance of loop-intensive programs, yet existing
tools such as Pluto, LLVM Polly, and the MLIR Affine dialect rely
on heterogeneous infrastructures, input formats, and compilation
pipelines. This fragmentation hinders reproducible experiments
and fair comparisons across polyhedral frameworks. To address
these challenges, we introduce Kiriko, a unified and automated
benchmarking infrastructure designed to systematically evaluate
polyhedral optimizers under consistent experimental conditions.
Kiriko integrates multiple toolchains into a single workflow,
providing end-to-end support for optimization, lowering, com-
pilation, and execution. A key contribution of this work is the
creation of a complete PolyBench suite rewritten in the MLIR
Affine dialect, enabling native experimentation with MLIR-based
transformations. Using Kiriko, we conduct a comprehensive
performance study of Clang, Polly, Pluto, and MLIR Affine
across the PolyBench benchmarks, collecting both execution times
and hardware performance counters. The results demonstrate
the variability of existing polyhedral approaches and highlight
the importance of standardized infrastructures for advancing
research in loop optimization. Overall, Kiriko establishes a re-
producible foundation for developing, comparing, and analyzing
modern polyhedral optimization techniques.

Index Terms—Polyhedral Optimization, Compiler Optimiza-
tion, MLIR, LLVM Polly, Pluto, Loop Transformations, Bench-
marking, Performance Analysis, PolyBench, Clang

I. INTRODUCTION

The polyhedral model provides a mathematical framework
for representing and analyzing loop nests by viewing their
iteration spaces as geometric objects in a multidimensional
space.1 Ultimately, this abstraction enables precise reasoning
about dependencies among loop iterations, allowing compilers
to model transformations as affine mappings over iteration and
data spaces.

In fact, polyhedral techniques are particularly effective
for optimizing loop-intensive programs, which dominate the
runtime of many scientific and high-performance applications.
Thus, exploiting the regular structure of loops and array
accesses, compilers can safely apply advanced transforma-
tions, such as loop interchange, loop tiling, and loop fusion,
to improve cache locality, enhance parallelism, and expose

1Concepts of iteration and data spaces appeared independently in several
works from the 1980s and 1990s [23, 22, 5, 4, 2, 9, 16, 6, 10, 17, 18, 20, 15,
19], later forming the Polyhedral Model.

opportunities for vectorization and parallel execution [1, 25,
8, 21, 24, 13, 3, 14].

Over the past two decades, several tools have implemented
the polyhedral model to perform loop optimizations. Among
them, the Pluto optimizer [3] introduced practical scheduling
algorithms for automatic parallelization and tiling. The LLVM
Polly project [7] brought these techniques to a modern com-
piler infrastructure, integrating polyhedral analysis directly
into LLVM. More recently, the MLIR Affine dialect (part
of the MLIR project [11]) has provided a flexible, extensible
representation for expressing affine transformations at multiple
abstraction levels.

Despite the benefits of polyhedral optimizations, there is
no unified infrastructure to systematically explore, compare,
and evaluate state-of-the-art polyhedral optimizers. Therefore,
each tool is typically evaluated in isolation, using its own
compilation pipelines and testing environments. Consequently,
this fragmentation makes comparative analysis difficult, as it
is challenging to maintain consistent benchmarking conditions
and experimental setups.

To address these challenges, we present Kiriko, a unified
infrastructure for developing and benchmarking polyhedral
optimizations. Kiriko provides a consistent and automated
pipeline to evaluate the performance of LLVM Polly, Pluto,
and the MLIR Affine dialect under the same benchmarking
conditions using the PolyBench suite. Besides, a key contri-
bution of Kiriko is a fully functional PolyBench implemen-
tation written in the MLIR Affine dialect, generated with the
help of the Polygeist tool [12]. This unified setup enables
reproducible side-by-side experiments across different poly-
hedral frameworks, reducing the complexity of comparative
analysis.

The main contributions of this paper are as follows:
• We introduce Kiriko, a unified infrastructure for de-

veloping and evaluating polyhedral optimizations across
different compiler frameworks.

• We release a complete PolyBench Affine implementation
to facilitate future research on MLIR-based polyhedral
optimization and reproducibility.

• We provide a systematic performance comparison of
LLVM Polly, Pluto, and the MLIR Affine dialect using
the PolyBench benchmark suite.



II. KIRIKO

A. Design Goals and Motivation

Polyhedral optimizations are being explored on multiple
fronts and in various contexts within the compiler community.
Thereby, established tools in the polyhedral domain, such
as Pluto, Polly, and MLIR Affine, operate within distinct
compiler infrastructures and require different input formats
and compilation pipelines. As a result, performing fair com-
parisons or analyses across these tools is time consuming
and makes it difficult to maintain equivalent experimental
conditions.

Therefore, Kiriko was designed as a unieifd, reproducible,
and extensible research infrastructure for evaluating and ana-
lyzing polyhedral optimizers. Mainly, Kiriko design goals
are:

• Unification, through a common interface that manages
benchmarking pipelines for multiple compiler frame-
works.

• Reproducibility, by providing an easy to use environ-
ment to configure compiler flags, benchmark conditions,
and optimization pipelines.

• Automation, offering an end-to-end workflow to com-
pile, execute, and collect performance metrics automati-
cally.

• Fairness, enabling consistent experimental setups that
minimize external variability and ensure comparable con-
ditions across compilers.

B. MLIR Affine PolyBench

A key contribution of Kiriko is a fully functional version
of the PolyBench 3.2 benchmark suite rewritten in the MLIR
Affine dialect. As in the original PolyBench/C distribution,
this version includes 30 benchmark kernels grouped into
the standard categories: linear algebra kernels, linear algebra
solvers, datamining, medley, and stencils. With that, Kiriko
enables researchers to evaluate MLIR-based polyhedral trans-
formations natively and to experiment with novel MLIR passes
and dialects under controlled and reproducible conditions.

The MLIR Affine version of PolyBench was generated from
the original PolyBench C implementation using Polygeist [12].
However, producing a correct and consistent Affine represen-
tation required several manual interventions and preprocessing
steps, since Polygeist operates better on fully expanded C
code. Thus, we first generated a completely preprocessed
version of all PolyBench/C kernels, resolving macro expan-
sions, #include directives, and other preprocessor con-
structs. From this uniform representation, the kernel functions
were isolated and translated into MLIR. Following this, the
Affine kernels were then manually refined to correct structural
issues, normalize index expressions, and ensure compatibility
with MLIR optimization and lowering pipelines. The example
in figure 1 shows a PolyBench kernel in MLIR Affine.

As a result, Kiriko distributes all 30 PolyBench kernels in
their Affine form, along with the corresponding preprocessed

func.func @kernel_trmm(%arg0, %arg1 , %arg2, %arg3)
{
%0 = arith.index_cast %arg0 : i32 to index
affine.for %arg4 = 1 to %0 {

affine.for %arg5 = 0 to %0 {
affine.for %arg6 = 0 to #map(%arg4) {
%1 = affine.load %arg2[%arg4, %arg6]
%2 = arith.mulf %arg1, %1
%3 = affine.load %arg3[%arg5, %arg6]
%4 = arith.mulf %2, %3
%5 = affine.load %arg3[%arg4, %arg5]
%6 = arith.addf %5, %4
affine.store %6, %arg3[%arg4, %arg5]

}
}

}
return

}

Fig. 1: TRMM benchmark Kernel in MLIR Affine (shapes and
types omitted).

benchmark driver (main function) that handles input genera-
tion, timing, and verification. Therefore Kiriko ensures that
both the MLIR and C pipelines share the same main driver
and exhibit fully comparable behavior during benchmarking.

In addition, Kiriko provides full support for compiling
and optimizing these benchmarks within MLIR. In this way,
users can apply arbitrary MLIR pass pipelines, lower the
Affine kernels, and finally generate executable binaries us-
ing the LLVM toolchain. This results in end-to-end Poly-
Bench executables implemented and optimized entirely within
the MLIR ecosystem, enabling comprehensive evaluation of
MLIR Affine and related optimization frameworks.

C. Workflow

Figure 2 illustrates the end-to-end benchmarking workflow
implemented in Kiriko. The infrastructure integrates MLIR
Affine, LLVM Polly, Pluto, and Clang into a unified execution
pipeline, ensuring that each optimizer is evaluated under
equivalent and reproducible conditions. Despite the inherent
differences between the input formats and transformation
mechanisms of these compiler frameworks, Kiriko abstracts
their compilation flows into a high-level and similar sequence
of stages.

At this point, we can divide the workflow process into 4
stages: kernel optimization, lowering and object genera-
tion, benchmark construction, and evaluation. Thus, each
polyhedral optimizer was integrated in this structure preserving
consistency across experiments.

a) Kernel Optimization Phase: The pipeline begins with
two possible sources of kernel code: a C implementation (used
for Polly, Pluto, and Clang) or the MLIR Affine implemen-
tation (used for the Affine optimizer). Kiriko automatically
dispatches the kernel to the appropriate optimization backend:

• Kernels written in MLIR Affine are passed through a
configurable Affine optimization pipeline.



Fig. 2: Kiriko benchmarking workflow integrating MLIR
Affine, LLVM Polly, Pluto, and Clang pipelines into a unified
framework.

• C kernels destined for analysis by Polly are compiled
with Clang into LLVM IR, which is then optimized by
Polly.

• C kernels destined for Pluto are optimized and produces
an optimized transformed C file.

• Baseline Clang configurations (O0, O1, O2, O3) are also
compiled directly from the original C kernels.

The output of this phase is an optimized kernel in a represen-
tation for subsequent lowering: MLIR Affine IR, LLVM IR,
or C source code.

b) Lowering and Object Generation: After optimization,
each backend follows its dedicated lowering path until reach-
ing an object file. MLIR Affine kernels uses standard lowering
pipelines and subsequently generate object code through the
standard LLVM toolchain. Polly optimized kernels already
in LLVM IR are compiled directly to object files. Pluto
optimized C kernels are compiled with Clang to produce their
corresponding object files.

Despite differing intermediate representations, Kiriko en-
sures that all optimizers ultimately produce comparable stan-
dalone object files containing only the optimized kernel logic.

c) Final Benchmark: To provide consistent benchmark-
ing conditions, Kiriko compiles a preprocessed version of
the PolyBench main driver, which handles input generation,
timing, and output verification. Then, the framework links this
driver with the object file of the optimized kernel to produce
a complete executable ready for evaluation.

This step ensures that all kernel variants use equivalent
benchmark driver, removing variability from unrelated code.

d) Execution and Evaluation: Once the benchmark ex-
ecutables are generated, Kiriko conducts the evaluation
phase under controlled and repeatable conditions. After that,
users may configure the number of runs for the benchmarks,
and Kiriko executes all variants of the same benchmark
sequentially, one backend after another, before moving to the
next program in the suite. As a result, this execution strategy
minimizes temporal fluctuations in system load and reduces
noise when comparing different optimization frameworks.

Moreover, execution times are collected using PolyBench’s
built-in timing infrastructure, ensuring consistency with prior
literature. Additionally, Kiriko also integrates Linux
perf to gather dynamic hardware performance counters,
including metrics such as cpu-cycles, branches, and
cache-misses. Doing that, these complementary metrics
provide deeper insight into the effects of each optimization
strategy, enabling analyses that go beyond time performance.

Overall, Kiriko automates the complete evaluation loop,
from optimization to execution and data collection, and con-
solidates heterogeneous compiler toolchains into a coherent
benchmarking environment. Also, by standardizing runtime
conditions and enhancing measurements with low-level per-
formance counters, Kiriko enables systematic, fair, and re-
producible comparisons among modern polyhedral optimizers.

III. EXPERIMENTAL SETUP

As a proof of concept, we evaluated the performance of
all optimization tools supported by Kiriko: Clang (-O0 and
-O3), LLVM Polly, Pluto, and the MLIR Affine Dialect. The
Clang -O0 version was used as the baseline. Along with
that, our experiments were conducted on the PolyBench 3.2
benchmark suite, using both its original C version and the
MLIR version introduced by Kiriko. However, from the 30
PolyBench kernels, the Symm benchmark was excluded due to
corruption problems involving our chosen MLIR optimization
pipeline.

Each benchmark-tool pair was executed 30 times
(SAMPLE_SIZE = 30). Following the Kiriko
methodology, the same benchmark is executed for all
tools in sequence before moving to the next benchmark,
which reduces temporal noise and improves result stability.
Furthermore, although several dynamic performance metrics
were collected via perf (e.g., cpu-cycles, branches,
cache-misses), this study focuses primarily on execution time.

A. Test Environment

All experiments were performed under controlled condi-
tions, and Kiriko compiled every kernel using the same
harness and produced executables under identical runtime
conditions. Additionally, we have used the default versions
of each tool and avoided specific tuning for each benchmark,
keeping the same conditions all the way.
Hardware and System:

• CPU Model: Intel(R) Xeon(R) CPU E5-2680 v2
@2.80GHz

• Cores per Socket(2): 20
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Fig. 3: Side-by-side speedups of arithmetic mean of execution time by benchmark

• L3 Cache: 50MiB
• Memory: 32 GB (8 x 4GB) DDR3 @ 1333 MT/s

Software Versions:
• OS Version: Ubuntu 20.04.6 LTS
• Clang/LLVM: version 20.1
• Polly: version 20.1
• Pluto: version 0.13.0
• MLIR: version 20.1
• Kiriko: version 1.0.0

B. Tools Configuration

1) Clang and Polly: All Clang and Polly experiments were
executed using their standard optimization flags:

• clang -O0 kernel.c (baseline)
• clang -O3 kernel.c (standard Clang

optimization)
• clang -O3 -mllvm -polly kernel.c (LLVM

Polly)
2) Pluto: Pluto requires an optimization step and a compi-

lation step:
• polycc kernel.c -o pluto-kernel.c (Pluto

optimization)
• clang -O3 pluto-kernel.c (final compilation)
3) MLIR Affine: The MLIR workflow consists of two

phases: an optimization pipeline in the Affine dialect, followed
by lowering to LLVM IR.

• MLIR Optimization Pipeline

ml i r − o p t k e r n e l . m l i r
− c a n o n i c a l i z e
− c s e
−mem2reg
− a f f i n e − loop − t i l e = t i l e − s i z e =32
− a f f i n e − loop − f u s i o n
− a f f i n e − loop − u n r o l l = u n r o l l − f a c t o r =4
− a f f i n e − loop − c o a l e s c i n g
− a f f i n e − loop − i n v a r i a n t −code − mot ion
− a f f i n e − s c a l r e p
− a f f i n e − super − v e c t o r i z e

• MLIR Lowering Pipeline

ml i r − o p t o p t i m i z e d − k e r n e l . m l i r
−−lower − a f f i n e
−− c o n v e r t − s c f − to − c f
−− c o n v e r t −cf − to − l lvm
−− c o n v e r t −math − to − f u n c s
−− c o n v e r t −math − to − l lvm
−− c o n v e r t − a r i t h − to − l lvm
−− c o n v e r t − func − to − l lvm
−− f i n a l i z e −memref − to − l lvm
− r e c o n c i l e − u n r e a l i z e d − c a s t s

Across all tools, we executed each benchmark under iden-
tical build and runtime conditions, using the same harness
and measurement infrastructure. Due to this, the uniform
setup ensures fair comparisons and minimizes variability not
attributable to the optimization techniques themselves.

IV. RESULTS

The 30 executions of each benchmark under every optimiza-
tion tool in Kiriko’s pipeline were aggregated by computing
the arithmetic mean runtime for each (program, tool) pair.
Thus, we can mitigate the influence of outliers and system
fluctuations, ensuring that the reported values reflect the typ-
ical performance of each optimization tool accurately. Based
on these mean values, we then calculated the normalized
speedup relative to the Clang -O0 baseline, which works
as a common point for comparison across the PolyBench
benchmarks. Figure 3 presents the speedups achieved by each
optimization tool across the PolyBench suite.2

Subsequently, in order to summarize the performance across
all PolyBench kernels in a single representative metric, we
computed the aggregate geometric mean of the programs
speedups relative to Clang -O0. With that, we can provide
a scale-independent notion of the speedups and avoid bias
toward benchmarks with large absolute runtimes. As a result,

2The gemm benchmark was omitted from figure 3 chart for readability, as
its values were extreme: O3: 1.045×, Pluto: 1.72×, Polly: 26.98×, MLIR:
0.97×.
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Fig. 4: Side-by-side speedups of geometric mean of execution
time by optimization tool
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Fig. 5: Speedups for Linear Algebra Kernels

Figure 4 reports the aggregated speedups obtained for Clang
-O3, Pluto, Polly, and MLIR Affine, revealing how each
technology performs when considering the entire benchmark
suite.

The speedups presented in Figure 3 reveal substantial vari-
ability in how each optimization tool performs across the
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Fig. 6: Speedups for Linear Algebra Solvers
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Kernels
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Fig. 12: Geometric Mean of Speedups for Medley
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Fig. 14: Geometric Mean of Speedups for Datamining

PolyBench programs. Overall, no tool achieved consistently
high speedups for all benchmarks. For example, Polly ob-
tained strong results in benchmarks such as correlation
and covariance, but showed lower speedups in trmm
and bicg. Similarly, both MLIR Affine and Clang -O3
exhibited cases of notable improvement alongside benchmarks
where the performance gains remained limited. In contrast,
although Pluto delivered strong speedups in specific cases,
such as 2mm and covariance, its results generally re-
mained close to the baseline or fell below it, as observed in
seidel-2d and trmm.

The geometric mean results in Figure 4 reinforce these ob-
servations, highlighting the overall performance improvements
achieved by the tools. Among them, Clang -O3 attained
the highest geometric mean speedup, followed by Polly and
MLIR Affine. Additionally, Pluto’s geometric mean remains
close to the baseline, consistent with the behavior seen in the
first visualization.

To provide a more detailed view of the performance
across different computational domains, we grouped the Poly-
Bench kernels into their original categories and computed
the speedups and geometric means for each group separately.
Hence, the speedup results and aggregated geometric means
for each category are shown in the respective figure of the



category.
For the speedup of linear-algebra/kernels category, Fig-

ure 5, the results display a broad range of speedups among
all tools. Clang -O3 consistently achieves improvements
over the baseline, while Pluto, Polly, and MLIR exhibit more
varied patterns depending on the specific kernel. As for the
geometric mean speedups, Figure 10, this group indicate
that Clang -O3 reaches the highest overall improvement
(2.125×), followed by MLIR (1.604×) and Polly (1.493×).
Pluto remains close to the baseline with a geometric mean of
0.909×.

In the linear-algebra/solvers category, Figure 6, the perfor-
mance variation across individual kernels is pronounced. Some
kernels show substantial speedups for multiple tools, while
others remain near the baseline. About the geometric means,
Figure 11, Polly achieves the highest aggregated speedup
(2.402×), followed by Clang -O3 (1.967×) and MLIR
(1.770×). Pluto again remains near the baseline (1.140×).

Additionally, medley category, Figure 7, exhibits the same
observed behavior: some tools show high gains, while others
remain close to the baseline. The geometric mean results,
Figure 12, emphasize this variation: Clang -O3 achieves
the highest aggregated speedup (7.771×), followed by MLIR
(4.495×) and Polly (1.665×). Pluto records a geometric mean
of 0.671×.

Next, for the stencils category, Figure 8, the tools achieve
a mix of moderate and high speedups across the kernels.
For the geometric mean results, Figure 13, show that Clang
-O3 (2.550×) and MLIR (2.291×) obtain the highest overall
improvements, while Polly achieves 1.494× and Pluto records
0.729×.

Finally, in the datamining category, Figure 9, the results
present similar behavior between the two programs. While
some tools achieve significant speedups, others remain near
or slightly below the baseline. The geometric mean values,
Figure 14, show that Polly obtains the highest aggregated
speedup (5.261×), followed by Pluto (3.852×), while Clang
-O3 and MLIR achieve geometric means of 0.912× and
0.888×, respectively.

Overall, the division of the benchmarks into categories
reveals substantial variation in performance across computa-
tional domains. The relative behavior of each optimization
tool depends strongly on the characteristics of the benchmarks
within each category, as reflected in both the individual
speedups and the aggregated geometric means.

V. CONCLUSION

This paper introduced Kiriko, a unified and reproducible
framework designed to support the development, evaluation,
and comparison of polyhedral optimizers across heterogeneous
compiler frameworks. Thus, by consolidating the compilation
flows of Clang, LLVM Polly, Pluto, and MLIR Affine into a
single benchmarking environment, Kiriko removes the frag-
mentation traditionally associated with evaluating polyhedral
tools. With that purpose, the framework standardizes input

preparation, compilation pipelines, and execution conditions,
thereby enabling fair and consistent performance comparisons.

A key contribution of this work is the complete and publicly
available PolyBench implementation in the MLIR Affine di-
alect. However, this version not only expands the experimental
capabilities of the MLIR ecosystem, but also establishes a
foundation for future research in MLIR Affine optimization
passes and pipelines. Therefore, Kiriko provides a MLIR
Affine entry point for experimentation, facilitates reproducibil-
ity and supports the development of new optimization passes
and dialect extensions.

As a proof of concept, we conducted a side-by-side per-
formance evaluation of four optimization technologies under
equivalent conditions using the Kiriko framework. The
results highlight that the effectiveness of polyhedral optimiza-
tions varies significantly across benchmarks and computational
domains, reinforcing the need for systematic and controlled
experimentation frameworks such as Kiriko. Moreover, the
geometric mean analyses demonstrate how each tool behaves
on average across the full suite and within specific categories,
further illustrating the role of Kiriko as a platform for
nuanced and domain-aware evaluation.

Overall, Kiriko provides a robust, extensible, and au-
tomated environment for advancing research in polyhedral
optimization. Furthermore, Kiriko offers a unified workflow,
comparable pipelines, and MLIR-native benchmark kernels,
lowering the barrier to experimentation and paves the way
for more comprehensive studies on performance, correctness,
and transformation design in modern compiler infrastructures.
Additionally, future work includes incorporating additional
MLIR dialects, expanding support for heterogeneous hardware
targets, and extending the framework metric collector and
enabling parallel execution models.
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