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Abstract—Compiling neural networks and Transformers for
edge devices faces significant challenges due to resource con-
straints and the reliance on manually optimized operations for
performance among others. These limitations hinder the scala-
bility and portability of neural networks on resource-constrained
platforms, such as edge devices utilizing the RISC-V ecosys-
tem. Addressing these issues, this paper introduces innovative
techniques to overcome the inefficiencies of current compilation
methods and reduce dependence on manual optimizations.

This work proposes a novel compilation flow, ONNX-
MLIR-LLVM (OML), which leverages MLIR and LLVM IR
to enable automatic optimizations and generate stand-alone
RISC-V binaries. Through comprehensive analysis, we iden-
tify key barriers preventing the auto-vectorizer from handling
vectorization-friendly operators, particularly reduction opera-
tions and vectorization-unfriendly data layouts. We address these
through a versatile MLIR reduction detection pass and a compile-
time transpose pass, respectively.

Our automatic transformations (OML-vect) unlock the capa-
bilities of the MLIR affine super-vectorizer, reducing reliance
on manual vectorization. Evaluations on both x86 and RISC-V
across eight neural networks and Transformer models demon-
strate that automatic vectorization via OML-vect achieves, on
average, 5% and 59% on x86 and RISC-V, respectively, compared
to baseline (manually vectorized libraries), offering an efficient
and portable solution for edge device deployments.

Index Terms—Compiler, neural networks, vectorization, reduc-
tion detection, data layout optimizations.

I. INTRODUCTION

Artificial Intelligence (AI) has experienced a remarkable
rise, driven by rapid advancements in algorithms, data avail-
able for training, and software frameworks. Particularly, Trans-
former architectures [68] have reshaped the AI domain. With
attention mechanisms, Transformers serve as the foundation
for state-of-the-art models such as BERT, VIT, and GPT [61].
This evolution has also influenced the need for specialized
hardware accelerators, compiler optimizations, and neural
network frameworks to address the growing computational
requirements of AI workloads.

PyTorch [3], for instance, has introduced optimizations to
enhance the most common layers (self-attention and multi-
head-attention) using fused kernels, achieving up to a 2x
speedup compared to PyTorch without these optimizations
for inference on CPUs and GPUs [55]. These improvements,
coupled with its extensive ecosystem and widespread adoption,

have established PyTorch as a leading framework for neural
network research and deployment [22]

PyTorch relies on hand-optimized kernels written in C
or C++. These kernels leverage techniques such as SIMD
vectorization, tiling, unroll and jam, and multi-threading to
deliver high performance on supported hardware. While these
optimizations ensure efficient execution, the Python interface
can introduce overheads due to frequent library calls [65].
Additionally, PyTorch is primarily optimized for architectures
such as Intel, ARM, and AMD CPUs and GPUs, resulting
in limited or no support and no optimizations for emerging
ISAs such as RISC-V. This creates challenges for developers
and organizations seeking to utilize RISC-V’s open-source and
flexible ecosystem for AI applications. Although efforts have
been made to port PyTorch to RISC-V, they have encountered
challenges [14]. Essential libraries are not readily available for
RISC-V (e.g., cpuinfo [16]), and substantial effort is required
to port the (low-level) manual optimizations to RISC-V, lead-
ing to a considerable performance gap between x86 and RISC-
V architectures [38]. To close this gap between established and
emergent architectures, a static compiler flow with automated
analysis and optimization is crucial for efficient inference of
neural networks and Transformers.

One such attempt was made through the Intermediate
Representation Execution Environment (IREE) compiler [26].
IREE consists of two components: IREE Turbine (formerly
Shark Turbine) and the IREE runtime. Nevertheless, currently,
the IREE runtime does not support generating executables
for RISC-V 64-bit [25]. Furthermore, IREE does not expose
the LLVM IR, which restricts the ability to create binaries
using the upstream LLVM toolchain without the entire IREE
runtime framework. Instead, it exposes higher-level dialects
such as Torch and Linalg. However, the Multi-Level In-
termediate Representation (MLIR) [27] code produced by
IREE is incompatible with upstream MLIR due to the use
of a custom dialect Utils [24]. This prevents the lowering
of IREE-generated MLIR abstractions to LLVM IR and gen-
erating executables without the IREE runtime. Additionally,
deploying the IREE runtime on edge devices is resource-
intensive, requiring significant memory due to dependencies
such as Python. TinyIREE [29] was proposed as an alternative
lightweight machine learning execution environment designed



for embedded systems, small-footprint edge devices, and bare-
metal platforms. Still, it cannot generate RISC-V 64 bit code.

Two other frameworks, Torch-MLIR [67] and ONNX-
MLIR [28], transform high-level neural network representa-
tions, PyTorch and Open Neural Network Exchange (ONNX),
respectively, to a compiler representation (MLIR).

Torch-MLIR, however, encounters difficulties in aligning its
abstractions with the MLIR and LLVM ecosystems. These
limitations include restricted support for just-in-time (JIT)
compilation [66], and challenges in fully leveraging LLVM
IR. Since Torch-MLIR and IREE have been designed indepen-
dently, they lack end-to-end compatibility in converting neural
network models into MLIR or LLVM IR abstractions and
generating executable binaries for RISC-V architectures [25].

In contrast, ONNX-MLIR exposes LLVM Dialect and is
compatible with the MLIR and LLVM ecosystems, but has its
own limitations. By default, ONNX-MLIR doesn’t support the
RISC-V backend and hence cannot generate an executable for
RISC-V CPUs [51].

Additionally, ONNX-MLIR does not utilize MLIR’s Affine
super-vectorizer but instead replaces critical layers such as
matrix multiplication with manually vectorized implementa-
tions. While this approach achieves performance gains, it lacks
flexibility and scalability. This decision stems from limitations
in MLIR’s reduction pass [44], which fails to recognize
reduction patterns in matrix multiplication when using the
complex operations such as math.fma(fused multiply and add
operation from Math Dialect). This capability to deconstruct
complex ops and detect reduction patterns is absent in the
current MLIR infrastructure. The reduction pass is essential
because the Affine super-vectorizer relies on identified reduc-
tion operations to safely and effectively apply vectorization
strategies along the reduction dimension [45]. Additionally,
matrix multiplication often exhibits non-contiguous memory
access patterns, which are not auto-vectorized by the MLIR
vectorization pass, as this is not beneficial, further hindering
the usage of the MLIR vectorization pass.

Our proposal is a compilation flow ONNX-MLIR-LLVM
(OML) for RISC-V, based on ONNX-MLIR, introduces prac-
tical innovations that significantly enhance auto-vectorization
within MLIR which allows us to automatically optimize the
neural networks both in MLIR and LLVM. This process
entails progressively lowering the neural network models from
frameworks such as PyTorch or ONNX into high-level MLIR
dialects, such as the ONNX dialects, followed by (mid-level)
MLIR dialects such as Affine [1]. These are then further
lowered to the LLVM dialect, LLVM IR, and finally to
assembly to produce executable binaries.

Such a hierarchical approach facilitates (multi-level)
compiler-driven optimizations, both hardware-agnostic and
tailored to the target platform. While higher-level dialects
(such as Affine) enable general-purpose optimizations, lower-
level transformations leverage LLVM’s capabilities to achieve
hardware-specific performance enhancements.

This work addresses state-of-the-art’s limitations in compil-
ing neural networks and Transformer models and generating an

executable for RISC-V. Furthermore, through automatic code
transformations, it enables automatic vectorization on these
applications, in a bid to reduce the dependence on manually
optimized operations.

In this paper, we make the following contributions:

• We propose a compilation flow ONNX-MLIR-LLVM
(OML) that (1) exposes MLIR and LLVM IR to enable
automatic optimizations and (2) generates stand-alone
RISC-V binaries (Section IV. The entire framework,
along with the ported libraries, will be made publicly
available to encourage adoption and further research.

• We analyze the reasons why the auto-vectorizer cannot
handle (apparently) vectorization-friendly operators, such
as matmul, and identify two of its main challenges:
(1) reduction operations are not automatically identified
and (2) the data layout is not suitable for vectorization
(Section III). We tackle these challenges one by one.

• Identifying reduction operations: We exhibit the limita-
tions of the mainstream MLIR pass to identify reduc-
tion operations and how this prevents auto-vectorization.
Next, we propose a more versatile, stand-alone MLIR
reduction pass compatible with upstream MLIR, able to
identify multiple reductions and build reduction maps,
which are essential for the MLIR super-vectorizer (Sec-
tion IV-C). We show that our pass identifies on average
2.5× more reductions than the mainstream MLIR pass
(Section VI-A). Helps in MLIR interoperability (affine
to vector transformation)

• Data layout transformations: We analyze the data layouts
that prevent the auto-vectorizer from being applied due
to the performance penalties of the vectorized code. In
response, we write a stand-alone pass that transposes the
vectorization-unfriendly matrices at compile time, thus
exposing contiguous memory locations (Section IV-A).

• Finally, we demonstrate how our automatic transfor-
mations to prepare the code for vectorization (OML-
vect) effectively enables the mainstream MLIR super-
vectorizer (Section VI-B).

• We demonstrate the benefits of our approach both on x86
and RISC-V on a set of eight neural networks and Trans-
former models and show that automatic vectorization en-
abled by our passes outperforms the manually vectorized
libraries. We achieve on-par performance compared to
ONNX-MLIR manually vectorized libraries ( 92% com-
pared to ONNX-MLIR without manual optimizations).
On RISC-V we surpass the performance of the ONNX
Runtime for 4 out of 8 models. ONNX Runtime is
highly optimized manually for x86, but its performance
significantly falls behind on RISC-V, emphasizing the
need for automatic optimizations (Section VI-B).

II. BACKGROUND

This section provides a description of auto-vectorization in
MLIR as well as an overview of ONNX and ONNX-MLIR.



A. Auto-Vectorization in MLIR

Auto-vectorization is an optimization technique that au-
tomatically converts scalar operations in loops into vector
operations, enabling parallel execution. This process is key to
improving performance, especially for loop-heavy tasks such
as those found in neural networks.

In MLIR, auto-vectorization is facilitated through passes
such as the affine super-vectorizer, accompanied by helper
passes such as the reduction pass. These passes analyze loop
nests, identify opportunities for vectorization, and transform
them into efficient vector operations, maximizing hardware
performance, and reducing execution time.

1) Reduction Identification: Reductions are essential op-
erations used to combine values across loop iterations, such
as summing elements in an array or finding the maximum
value in a dataset. Efficiently handling reductions is crucial for
achieving optimal performance, particularly in loop-intensive
programs. In MLIR, a reduction pass helps identify and
optimize these operations within loop nests.

To this end, it detects generic reductions within loop nests
by examining a list of iteration-carried arguments (iterCar-
riedArgs) and the position of the potential reduction argument
(redPos). If a reduction is detected, the utility returns the
reduced value and a topologically sorted list of combiner
operations involved in the reduction. If no reduction is found,
the utility returns a null value.

The matching algorithm relies on several key invariants:
the first combiner operation must involve both the iteration-
carried value and the reduced value as operands; the iteration-
carried value and combiner operations must be side-effect-free,
with a single result and use; and the combiner operations must
be nested within the code region (operation) performing the
reduction. In addition, the reduction def-use chain must end
with a terminator operation that yields the next iteration or
output values in the same order as the iteration-carried values.
Furthermore, iterCarriedArgs must include all iteration-carried
values of the operation that performs the reduction.

Identified reduction operations are usually used to generate
reductionMaps and will be sent to the Affine loop vectorizer
to vectorize along the reduction dimension.

2) Affine Loop Vectorizer: The process of vectorizing affine
loops begins by identifying super-vectorization patterns in
nested affine loops, defined by specific annotations like reduc-
tion, or vectorization, and contiguous memory accesses. These
patterns are located within the AffineForOp tree structure.

Once detected, the algorithm evaluates the potential for
vectorization by assessing performance gains. If profitable,
the vectorizer iteratively rewrites loops and operations in
topological order. Scalar operations (e.g., affine load/store,
constants, and uniform operands) are converted into vectorized
forms, and the loop is coarsened with the operations inside
transformed into vectorized versions.

If vectorization succeeds, the scalar loop is replaced with the
vectorized version in the intermediate representation (IR). If it
fails, the scalar loop remains. The algorithm then continues

Input: Matrix A of size m× k, Matrix B of size k × n
Output: Matrix C of size m× n where C = AB

for i = 0 to m:
for j = 0 to n:
C[i][j] = 0
for l = 0 to k:
C[i][j]+ = A[i][l] ·B[l][j]

Fig. 1: Standard Matrix Multiplication (MatMul)

to check and vectorize subsequent patterns while avoiding
interference from previously vectorized loops.

B. ONNX Graph

ONNX is an open-source format for artificial intelligence
models, including deep learning and traditional machine learn-
ing. ONNX aims to provide a common language that any
machine learning framework can use to describe its models.
ONNX implements a Python runtime that can be used to
evaluate ONNX models and to evaluate ONNX operations.
This is intended to clarify the semantics of ONNX and help
to debug ONNX tools and converters. It is not intended to be
used for production, and performance is not a goal.

C. ONNX-MLIR

ONNX-MLIR is an open-source compiler that generates
optimized inference code from ONNX models. Built on the
MLIR infrastructure in LLVM, it uses a structured lowering
pipeline: the ONNX graph is first converted to the ONNX
dialect and then lowered to the Krnl dialect for loop-level
optimizations.

At the Krnl stage, operations like MatMul and GEMM
are optimized using manual libraries with techniques such
as tiling, unroll and jam, and vectorization. The code is then
lowered to the Affine and LLVM dialects.

The final LLVM dialect is compiled into a shared library,
which, combined with runtime libraries and a main program,
enables efficient inference across diverse platforms.

1) MatMul: A basic code of MatMul is provided in Fig-
ure 1. The innermost loop of MatMul consists of a combiner
or reduction operation of addition. This reduction operation is
often vectorized by accumulating partial sums across vector
lanes, which are then reduced to a final scalar result. The
problem is that B is iterated in columns, and hence it cannot
be vectorized by MLIR. To solve this, ONNX-MLIR has
implemented a different algorithm to improve vectorization
benefits.

The MatMul algorithm implemented in ONNX-MLIR
works differently, as illustrated in Figure 2. Assuming a matrix
multiplication C = AB, for each element of matrix A,
the corresponding row of matrix B is selected. Specifically,
for element A[i][k], the k-th row of matrix B is chosen,
and the value of A[i][k] is multiplied by each element in
the k-th row of B. This multiplication is carried out using



Input: Matrix A of size m× k, Matrix B of size k × n
Output: Matrix C of size m× n where C = AB
VL = Vector Length

for i = 0 to m:
for j = 0 to n with step size VL:
C[i][j : j + VL − 1] = 0
for l = 0 to k:
A brd = vector broadcast(A[i][l],VL)
C[i][j : j + VL − 1] += A brd ◦B[l][j : j + VL − 1]

Fig. 2: Vectorized ONNX-MLIR MatMul

vectorized operations to enhance performance. Unlike basic
MatMul where B is accessed column-wise (see Figure 1). This
algorithm accesses matrix B row-wise, it ensures that matrix
B data accesses are consecutive and thus can be vectorized
better. The resulting products are accumulated and stored in
the corresponding row (i-th row) of matrix C. This process
is repeated iteratively, adding the partial sums to compute the
final product of A and B. The algorithm continues until all
elements are processed and the complete matrix product C is
obtained. In addition, ONNX-MLIR performs a 2D unrolling
pattern for full tiles. 2D unrolling is key to achieve significant
performance improvements [11].

As partial values of the result matrix C are computed in each
iteration, this algorithm requires loading and storing the i-th
row of matrix C multiple times. This repeated access leads to
an increase in the number of vector load and store operations.

III. MOTIVATION

The Transformer architecture, particularly the attention
mechanism, has become a foundational component in gener-
ative AI and various other domains. The attention mechanism
computes attention weights to quantify the relative importance
of different elements within the input, which are then used to
modulate the contribution of each input token to the output.

Matrix multiplication (MatMul) operations account for a
substantial portion of the execution time in both the attention
layers and overall Transformer models. For example, in the
BERT model, approximately 97% of the execution time in the
attention layer is spent on MatMul operations. This pattern
holds across BERT-based Transformer models, where MatMul
operations typically contribute to around 95% of the total
execution time. In addition, other reduction operations such
as maximum are also widely used, particularly in functions
such as SoftMax [68]. To auto-vectorize this mechanism
in MLIR, reduction operations are identified and passed to
the auto-vectorizer, which then vectorizes the loop along the
reduction dimension [45].

A. Challenges with Reduction Passes in MLIR

The MLIR framework match-reduction-test [44,
46] a reduction pass designed to identify simple reduction
patterns, such as addition (addf ) operations from the arith

TABLE I: Ability of MLIR to identify common reduction
operations in Transformers

Kernel Dialect Reduction op. Identified Candidates
MatMul (float) math fma No Yes
MatMul (float) arith addf Yes Yes
MatMul (int) arith addi Yes Yes
SoftMax arith maxnumf No Yes

 auto_Opset18
 bert

 bgesmallenv1.5
 deberta

 distilbert
 nsnet2

 phonemizerbig
 roberta

 wispher

 Av
era
ge

0.0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1.0
1.1
1.2

N
or

m
al

iz
ed

 e
xe

cu
tio

n 
tim

e ONNX-MLIR OML-reduction2.0

Fig. 3: Performance degradation on on Intel Xeon (x86) due
to forceful vectorization when data access is non-consecutive

dialect. However, it fails to recognize more complex reduction
patterns, such as reduction operations from the math dialect,
e.g. fused multiply-add (FMA), maximum, or minimum oper-
ations. In certain scenarios, it may even fail to identify addf
operations [43]. Table I summarizes the reduction operations
commonly found in Transformer models, indicating whether
the MLIR reduction pass is capable of identifying or fails to
recognize them. In addition, the reduction pass operates at
the function level and produces results that cannot be directly
passed to the affine super-vectorizer. However, all of these
reduction operations are candidates to be identified by the
OML-reduction.

Our goal: Identify reduction operations across multiple
dialects and build a comprehensive reduction loop map [39].
This map could be directly used by the Affine Super-Vectorizer
in MLIR to enable a more effective and extensive vectorization
of reduction operations.

B. Data Layout vs Auto-Vectorization Cost Model

Vectorization is extensively studied, but auto vectorization
still lacks capability to match manually vectorized libraries.
One of the key challenge for auto vectorization is non-
contiguous memory accesses and data layout transforma-
tion. Vectorization is beneficial when the memory accesses
are contiguous, while non-contiguous memory accesses can
lead to performance degradation. Figure 1 illustrates a basic
pseudocode for MatMul, clearly showing that matrix A has
contiguous memory accesses, in contrast to matrix B. MLIR’s
vectorizeLoops [45] does not vectorize MatMul due to its
data access patterns (see Section II-A2). Forcing vectoriza-
tion against the indication given by the cost model leads to
performance degradation as shown in Figure 3. Prior works
[56, 31] have explored runtime data layout optimization, they
come with runtime overheads (see subsection VII-D

Our goal: Convert to a more vectorization-friendly data
layout at compile-time, ensuring that memory accesses target
contiguous data.



C. ONNX-MLIR Vectorization

Section II illustrates the current approach in ONNX-MLIR
for vectorizing MatMul operations. The decision to employ
manual vectorization libraries arises from MLIR’s reduction
pass inability of identifying a broad range of reduction op-
erations, as well as the inability of the affine vectorizer to
vectorize MatMul operations due to their data access patterns.
Although the ONNX-MLIR’s manual optimizations ensure
consecutive memory accesses for both input matrix A and
B, it significantly increases the number of loads, stores (see
Section II-C1). For a matrix multiplication with A of size
1×8×768 multiplied by B of size 768×768 (a common case
found in the Bert model [8]), this approach, vector loads
account for 3.53% of total loads and vector stores are 54.72%
of total stores1. Consequently, increasing the number of loads
and stores can lead to memory bottlenecks, weakening per-
formance due to excessive data transfers. Optimizing memory
accesses is crucial to improve computational efficiency.

Our goal: Accumulate the partial results and write the final
sum to the output matrix C only once to reduce memory
operations as much as possible.

D. Putting It All Together

Given these challenges, the process of improving auto-
vectorization can be broken down into four key steps:

1) Apply data layout changes (e.g., by statically transposing
matrices) to yield memory accesses to contiguous data.

2) Update the MatMul algorithm to accumulate the partial
results and write the final sum to the output matrix only
once.

3) Detect reductions.
4) Apply vectorization.
Although data layout changes can be performed either

before or after detecting reductions, it is generally more
efficient to carry out this step at the highest abstraction level.
In Section IV, we discuss our proposal in detail.

IV. OML-VECT COMPILATION FLOW

We propose two multi-stage compiler pipelines named
ONNX-MLIR-LLVM (OML) and ONNX-MLIR-LLVM-vect
(OML-vect), shown in Figure 4 on the bottom, with blue and
purple boxes, respectively. Unmodified sections of the pipeline
are shown in gray. Furthermore, our pipeline leverages MLIR
to implement compiler passes highlighted in pink, such as a
reduction pass and a data preparation pass, to enhance auto-
vectorization and improve performance.

The pipeline begins by exporting the pre-trained neural
network to ONNX graphs. The ONNX graph is then traversed,
and its data layouts are modified to optimize the code for
auto-vectorization. Subsequently, the graph is lowered to the
ONNX dialect, followed by the krnl dialect, and finally to the
affine dialect using ONNX-MLIR. At the affine dialect level,
reduction patterns are identified and the Affine loop-vectorizer
is invoked. The vectorized code is then progressively lowered

1Statistics obtained with Spike[58], a RISC-V ISA simulator

to SCF, CF, and LLVM dialects, ultimately generating LLVM
IR, assembly, and eventually standalone binaries are generated.

We present the proposed OML-vect flow in detail. We begin
by discussing data layout modification in Section IV-A, high-
lighting the efficiency of modifying the data layout (compile-
time) at the ONNX graph level. Next, we cover the lowering
of the ONNX graph to the Affine dialect in Section IV-B,
followed by the reduction pass in Section IV-C, and discuss
the process of generating executable binaries in Section IV-D.

A. Data Layout Transformations

We traverse the ONNX graph bottom-up to identify op-
erations that cannot be auto-vectorized due to vectorization-
unfriendly data access patterns. One such example is matrix
multiplication MatMul (A×B) (see Section III-B). At complie-
time, to convert the data layout into one suitable for vector-
ization, we transpose the second matrix in the multiplication
(B matrix).

Matmuls in Transformers can be classified into two types
based on the second matrix’s role, such as whether it is
available at compile time or not: Weighted MatMuls and
Generic MatMuls.

1) Weighted MatMuls: For MatMuls with embedded
weights available at compile time (see Figure 5a MatMul (1)),
we transpose the second input, the B matrix (which represents
the weight matrix in this case) at compile time and annotate
the node with metadata by setting transB to 1 indicating
the transposed weight matrix [50] (see Figure 5b MatMul
(1)). OML-Vect does not alter ONNX-graph semantics. We
leverage the flags transA and transB [23] in the ONNX
ecosystem, without introducing any new attributes. Since the
weight matrix is used only within this kernel, the original
matrix is not retained, avoiding data duplication and reducing
the memory footprint.

2) Generic Matmuls: For non-weighted MatMuls, where
both A (first input) and B (second input, which is not the
weight matrix in this case) matrices have runtime inputs
unavailable at compile time (Figure 5a MatMul (2)), a different
optimization strategy is required. In the Transformer attention
layers, non-weighted MatMuls (or Generic Matmuls) typically
involve a transpose node providing input to the MatMul [68],
particularly for the B matrix (the second input). This charac-
teristic can be leveraged to optimize the transpose operation
without introducing additional runtime overhead.

To achieve this, we traverse the ONNX graph to locate
the B input for the matrix multiplication (MatMul) operation
(see Figure 5a, green box). The traversal stops when a non-
scalar operation, such as a transpose, is encountered 2. After
identifying the transpose node, we can introduce a second
transpose operation to ensure the ”transposed B” 3 is used
as input to the MatMul. But as per the ”Composition of Two

2If the node is not a transpose operation, it is skipped, as these cases fall
outside the scope of our use cases (all Transformers)

3The matrix B is not a 2D matrix; the most common ones are 4D
matrices, which are transposed across any two dimensions. Therefore, Trans-
pose(Transpose(B)) is not the same as the original B matrix.
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Fig. 5: ONNX graph before and after data layout optimization

Transpose Operations,” [4] we do not need two separate trans-
pose operations. Instead, we can adjust the permutation of the
existing transpose node. Algoirthm 1 shows the algorithm to
combine for Composition of Two Transpose Operations. This
adjustment allows us to eliminate the need for an additional
transpose, directly optimizing the MatMul input as shown in
an example below.

Example: Given two transpose operations:

• First transpose: perm1 = [0, 2, 3, 1] (perm for Transpose
node in Figure 5a)

• Second transpose: perm2 = [0, 1, 3, 2] (perm to get

Algorithm 1 Algorithm to combine two transpose operations
1) Get perm from the Transpose node.
2) Compute perm transpose to swap the last two dimen-

sions of the output from step 1.
3) For i = 0 to len(perm transpose) − 1:

compute combined perm[i] = perm1[perm2[i]].
4) Update the perm of the transpose node to the com-

bined perm.

B transpose)
Instead of applying both transposes separately, we combine

them into a single permutation:

combined[i] = perm1[perm2[i]] for i = 0, 1, 2, 3

This results in the combined permutation:

combined = [0, 2, 1, 3]

Thus, permutation attributes are updated accordingly, and
metadata is added to the MatMul node to indicate the presence
of the transposed B input (see Figure 5b MatMul (2)). As
before, we verify that the transpose node is exclusively used
by the current MatMul, thus applying this operation in-place
has no undesired side effects.

Modifying the data layout of the second matrix (B) impacts
the matrix multiplication algorithm. These changes are dis-
cussed in Section IV-B, and our updated matrix multiplication
algorithm is illustrated in Figure 6.

Unlike runtime-based transpose operations, such as mem-
ref.transpose, which introduce additional runtime instructions,
overherad and additional memory consumption [31, 57, 35],
our approach performs these optimizations at compile time.
This eliminates runtime overhead and runtime data copying
while paving the road to enable auto-vectorization.



Input: Matrix A of size m× k, Matrix B of size k × n
and B Transposed = Tranpose(B)
Output: Matrix C of size m× n where C = AB

if transB = 1:
for i = 1 to m:

for j = 1 to n:
C[i][j] = 0
for l = 1 to k:
C[i][j]+ = A[i][l] · B Transposed[j][l]

else:
for i = 1 to m:

for j = 1 to n:
C[i][j] = 0
for l = 1 to k:
C[i][j]+ = A[i][l] ·B[l][j]

Fig. 6: OML-vect Matrix Multiplication (MatMul)

B. ONNX to Affine Dialect

Once the data layout has been changed by compile-time
transposing the input matrix, the modified ONNX graph is
passed to ONNX-MLIR. Initially, the ONNX graph is lowered
to the ONNX dialect and then to the Krnl dialect flowing
ONNX-MLIR flow. The transpose-metadata flag dictates how
the matrix multiplication is performed. If set, OML-vect swaps
the indices of the B matrix during MatMul as shown in
Figure 6; if the flag is not set, the standard MatMul algorithm
is employed as shown in Figure 1. Furthermore, based on the
data type of the operations, the code generation adapts the
MatMul logic: if the operations involve floating-point values,
fused multiply-add (FMA) instructions are used; otherwise, for
integer computations we retain the ONNX-MLIR algorithm,
the MatMul is lowered using multiplication (muli) followed by
addition (addi). Finally, the Krnl dialect is lowered to the affine
dialect. Affine dialect servers as a structured intermediate
representation where transformations such as vectorization are
applied to further optimize the generated code.

C. Reduction Pass

The affine dialect represents an abstraction level higher
than LLVM IR but lower than linalg, making it suitable for
vectorization. The affine dialect provides auto-vectorization
functions, which we utilize to enhance performance. The affine
super vectorizer relies on LoopReduction [33], which inter-
nally uses arith::AtomicRMWKind. LoopReduction is a shared
component used by both the affine loop vectorizer and loop
parallelism passes in MLIR. The process begins by identifying
the innermost loop, detecting potential reductions, creating
Loop reduction maps, and invoking the auto-vectorizer.

The reduction pass starts by locating the innermost for loop
in the affine representation. We focus on loops that include
iter args [40], which are values updated during each iteration
and contribute to the final affine.yield [40] operation. These

iter args are updated using combiner operations such as addf,
fmul, maxnumf [41], etc., which are subsets of the arith dialect
and are mapped to AtomicRMWKind [42] operations known
to represent reduction patterns.

If a complex operation consumes iter args and is not
directly mapped to AtomicRMWKind, we verify whether
it can be decomposed into operations that belong to
AtomicRMWKind. For instance, math.fma (fused multiply-
add from math dialect) can be split into mulf and addf,
where addf serves as a combiner/ reduction operation and
is included in AtomicRMWKind. This enables our pass to
identify complex reduction operations that are not detected by
the MLIR reduction pass.

Algorithm 2 Algorithm for identifying reductions
1) Identify the innermost affine loop in the loop nest.
2) Get the iter_args (values updated during each iter-

ation).
3) Get the users of iter_args in the loop.
4) Decompose any complex operation that consumes

iter_args into an instance of AtomicRMWKind if
possible.

5) Check if the detected operations maps to Atomi-
cRMWKind.

6) Analyze the input-output shape relationship to verify
reduction.

7) Create the reductionMap using the parent operation,
combiner operation, and associated iter_args.

To detect reductions, we also analyze the relationship be-
tween input and output shapes. For example, an input tensor
with a shape of ⟨1×3×f32⟩ reducing to a scalar f32 indicates a
reduction. Using the parent operation, the specific combiner,
and the associated iter args, we construct a reductionMap that
encapsulates the reduction behavior. Algorithm 2 offers an
overview of the reduction algorithm. Finally, the affine super
vectorizer is invoked to optimize the identified reduction. The
vectorized code is lowered to the LLVM dialect.

D. Generating Executables for RISC-V

The LLVM dialect is a wrapper class for LLVM IR, map-
ping LLVM IR within MLIR by defining the corresponding
operations and types. ONNX-MLIR does not directly expose
LLVM IR (see Green box Figure 4), which limits the ability
to create executable binaries using the LLVM project [32].
OML and OML-vect address this limitation by translating the
LLVM dialect to obtain LLVM IR, enabling the generation of
standalone executable binaries. The obtained LLVM IR acts
as an entry point to the LLVM compiler, facilitating automatic
optimizations and the generation of assembly code through the
robust LLC back-end. The assembly code is then processed by
a native assembler and linker to produce a native executable.

Although LLVM supports RISC-V, as ONNX-MLIR does
not expose LLVM-IR by default, it is not possible to gener-
ate ELF for RISC-V out-of-the-box. Exposing LLVM-IR is
particularly important for the RISC-V target, as it enables



generating statically linked binaries via the LLVM toolchain.
We proposed the OML pipeline to explicitly expose LLVM-IR
and use the LLVM toolchain to lower LLVM-IR to statically
linked binaries for RISC-V. Thus, we compiled ONNX-MLIR
Runtime-libraries to RISC-V, porting manually libraries (OIn-
strument, OMRandomNormal, OMTensor) and fixed well-
known porting issues [51].

Currently, ONNX-MLIR lacks built-in support for the
RISC-V ISA [51]. To address this, we statically compile
ONNX-MLIR runtime libraries, such as OMInstrument.c,
OMRandomNormal.c, and OMTensor.c, to generate RISC-V-
compatible runtime libraries. 4 The generated RISC-V runtime
libraries, along with the assembly code and the main file (used
for neural network inference), are linked using clang (or gcc)
to produce an executable optimized for the RISC-V archi-
tecture. This approach generates statically linked binaries for
neural networks, eliminating the runtime overhead associated
with Python and other shared libraries [52]. Unlike ONNX-
MLIR, which generates only shared library files and requires
additional memory, our approach is more efficient.

E. Discussion

Although transformer models can accept dynamic input-
shapes, the weights (second-input matrix) remain static and
known at compile-time, as they are fixed after training [34].
In the case of weighted-MatMuls, we modify the data-layout
of the weights only (see section IV-A1, since they are
compile-time constants). For generic-MatMul operations, in
self-attention [62] and cross-attention [17] layers, where a
transpose node precedes the second input matrix, we optimize
such patterns by permuting the transpose attributes (see sec-
tion IV-A2). There is no need for a runtime conditional trans-
pose in these cases, but runtime-aware layout handling may be
needed for the first-input matrix, which has dynamic shapes.
Our focus is on compile-time data-layout optimizations, and
such runtime considerations fall outside of our scope.

V. METHODOLOGY

To assess the effectiveness of our OML and OML-vect
pipelines, we perform a comprehensive evaluation using seven
Transformer models and one recurrent neural network model.
The training and testing datasets for these models are described
in their respective references. The recurrent neural network
model is nsNet2 [13, 37]. The eight Transformer models are
auto Opset18, bert google [9], bgesmallenv [10], deberta [18],
distilbert [19], phonemizerbig [54], and roberta [59].

The models are evaluated on two platforms: an x86 64
Intel(R) Xeon(R) E5-2630 v4 CPU @ 2.20GHz and a Xilinx
U55C FPGA emulating5 an Atrevido 423 RISC-V 64-bit core
with a 512-bit vector unit [6]. Since we use FPGA emulation
to verify RISC-V results, running full Transformer models
is time-consuming. Thus, we decided to evaluate only the

4Since these libraries were not initially prepared for RISC-V, the porting
process required manually resolving compile-time errors [51].

5The FPGA emulates a production core(Atrevido), being 100% cycle
accurate [63]
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Fig. 7: Number of reductions identified

attention layers on both platforms. The evaluation measures
the impact of our proposed optimizations on both x86 and
RISC-V architectures.

The evaluation process consists of three stages:

1) Reduction Pass Evaluation: We compare the number
of reductions identified by our OML reduction pass, with
those identified by the reduction pass ”match reduction
test” in MLIR.

2) Performance analysis on x86 and RISC-V: We analyze
the performance of attention layers (selecting the most
common attention layer for Transformer models and
the most common MatMul + GRU layer for nsNet2)
under five configurations: (a) ONNX-MLIR-no-custom-
opts – ONNX-MLIR with O3 optimization level and
manual optimizations disabled; (b) OML – ONNX-
MLIR-LLVM compilation flow using the OML flow,
without our reduction identification pass and without
our data layout optimization. It uses the default MLIR’s
reduction pass test-match-reduction-pass and runs the
MLIR auto-vectorizer and LLVM’s auto vectorization
pass at OPT O3 pass including SLP vectorization,
Loop vectorization, and vplan [7] and LLC O3 pass;
(c) ONNX-MLIR-default (with manual opts) as our
baseline – ONNX-MLIR with O3 optimization level
and manual optimizations enabled; (d) OML-vect –
OML with our OML-reduction pass and with our data
layout optimization pass using MLIR auto-vectorization.
This configuration shows the cumulative benefits of our
techniques when preparing the code for a more effective
and efficient auto-vectorization. and (e) ORT – ONNX
Runtime [49] with hand optimized C/C++ hardware-
specific libraries;

3) Other metrics: We analyze the instruction count, binary
size, and memory footprint and compilation time of the
models compiled with OML-vect versus ONNX-MLIR-
default (manual).

VI. EVALUATION

This section evaluates the impact of OML and OML-vect
pipeline on x86 and RISC-V CPUs. We (1) investigate the total
number of reductions identified by our pass and missed by
MLIR ”match reduction test pass”, (2) perform a performance
analysis of ONNX-MLIR, OML and OML-vect pipeline, and
(3) discussion on memory consumption analysis, instruction
count and binary sizes.



 auto_Opset18

 bert_google

 bgesmallenv
 deberta

 distilbert
 nsnet2

 phonemizerbig
 roberta

 Ge
om
ean

0
0.1
0.2
0.3
0.4
0.5
0.6
0.7
0.8
0.9
1.0
1.1
1.2
1.3

N
or

m
al

iz
ed

 e
xe

cu
tio

n 
tim

e
ONNX-MLIR-no-custom-opts OML (ONNX-MLIR-LLVM) ONNX-MLIR-default (manual) OML-vect ORT

13.3 11.3 317.3 20.4 12.0 10.6 12.0 9.8 45.245.25.3

Fig. 8: Performance on Intel Xeon (x86)

A. Impact of the Reduction Pass

We first analyze the number of reductions identified by the
match reduction test pass in MLIR compared to our proposed
reduction pass. Figure 7 presents the total reductions identified
for each of our workloads. Our proposed pass demonstrates
significant improvements over the ”match reduction test” pass
for the following reasons:

• The pass identifies reductions across multiple dialects,
such as arith and math, whereas match reduction
test works on arith dialect only.

• Within the arith dialect, our pass identifies reductions
that are not handled by the match reduction test
pass (e.g., arith.maxnumf. This operation originates from
SoftMax operations found in self-attention layers [68].

• In Transformers, where matrix multiplication is a primary
computational bottleneck, it is more efficient to use
math.fma operations instead of separate mulf and addf
operations. However, the MLIR match reduction
test pass does not recognize the addition reduction
present in math.fma, which adversely affects the vec-
torization of matrix multiplications. In contrast, our
approach identifies the addition reduction present in
math.fma as a reduction operation.

In summary, our OML-reduction introduces a systematic
decomposition strategy to identify and vectorize complex
ternary reductions, including operations such as fused
multiply-add (FMA). This fills a gap in MLIR, which lacks
such reduction pattern detection. As a result, OML-reduction
achieves up to 2.5× greater reduction coverage in NNs than
default MLIR, especially benefiting auto-vectorization.

Discussion: OML-reduction detects reductions in non-
Transformer workloads, e.g. in elementwise operations such
as softmax, maxpooling (and related variants), and in con-
volutions. Convolutions use fused multiply–add instructions,
where add is the reduction operation. However, convolution
is inherently non–vectorizable despite the detection of the
reductions.

B. Performance Analysis

We evaluated the performance of several approaches (see
Section V) compared to ONNX-MLIR-default (manual) as a
baseline. Figure 8 shows our results on x86 while Figure 9
shows the results on RISC-V. We focus primarily on Trans-
former models, where MatMul is the main bottleneck.
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MLIR out-of-the-box auto-vectorization fails to vectorize
most of the MatMuls due to failure in reduction identifications
and Therefore, there are no significant performance gains in
ONNX-MLIR-no-custom-opts (light green bar in Figure 8 and
Figure 9). The OML-reduction pass identifies more reductions
than the original ONNX-MLIR-no-custom-opts flow, yet it
does not yield performance gains when applied without data
layout optimizations because the cost model (both MLIR and
LLVM) predicts performance penalties due to non-contiguous
data and hence it prevents vectorization. Hence, no perfor-
mance improvements in OML (light blue bar).

ORT includes a C/C++ library with manually vectorized
code optimized for RISC-V and x86 (bar ORT in Figure 8 and
Figure 9). ORT (gray bar) consistently outperforms ONNX-
MLIR-default (manual) (see dark-green bar) and OML-vect
(dark-blue bar) on x86 due to the extensive optimization,
parallelization, and vector intrinsics tailored for x86, delivered
by manually fine-tuned libraries. ORT is multi-threaded by
default, we tried disabling multithreading through environ-
ment variables(OMP NUM THREADS=1) and runtime op-
tions (opts.op num threads=1), but VTune showed multiple
threads still running. On x86, the OneDNN library directly
queries hardware-core data, overriding OMP settings [48] and
giving ORT a performance advantage over ONNX-MLIR and
OML-vect. Disabling parallelization requires building the ORT
from source. We did not attempt this in a bid to evaluate
the best performance achievable with mainstream frameworks
(ORT). In contrast, ONNX-MLIR-default (manual) and OML-
vect are single-threaded by default. Such optimizations need
to be exposed from ORT in MLIR to be leveraged in ONNX-
MLIR-based frameworks. This work focuses on automating
manual (pattern-based) vectorization as a fist step. Unlike for
x86, there is less fine-tuning for RISC-V for the ORT, thus
OML-vect outperform ORT on RISC-V for 4 out of 8 models
(see Figure 9). ORT includes special optimizations for popular
Transformer models such as BERT-based architectures[53].
These optimizations are manually designed and fine-tuned
for specific cases. However, in lesser-known models such as
phonemizerbig, absence of such targeted optimizations leads
to a significant performance gap between ORT and OML-vect.

On average, auto-vectorization in OML-vect (OML-
reduction + data layout optimizations) achieves 5% and 59%
performance improvements over the baseline on x86 (see
Figure 8) and RISC-V (see Figure 9) respectively. These
findings highlight the necessity of combining the reduction
pass with data layout optimizations to fully leverage auto-



vectorization capabilities of MLIR and LLVM and achieve
significant performance gains.

ONNX-MLIR-manual runs a more efficient manually gen-
erated MatMul algorithm (see Section II-C1) combined with
hand vectorization, unroll and jam, and tiling. Notably, OML-
vect approach works on top of the standard MatMul algorithm
(Figure 1) and does not tile the matrices. We observed that
tiling combined with packing only becomes beneficial for very
large matrices, i.e., larger than 3000×1000, and for smaller
matrices it incurs additional overhead on x86 and RISC-V.
For example, in attention layers from models like BERT and
RoBERTa, where matrix dimensions are typically 768×768,
tiling introduces overhead.

Transposing the matrix enables consecutive memory ac-
cess, making auto-vectorization both feasible and beneficial.
Without transposition, vectorization is either disabled by the
compiler’s cost model or, if forced, proves non-beneficial (Fig-
ure 3). The ONNX-MLIR implementation adopts a different
strategy by interchanging the innermost loops. This improves
data reuse for the first matrix (A) while ensuring consecutive
memory accesses for the second matrix (B). However, this
approach requires computing partial results, which increases
the number of loads and stores to the output matrix. RISC-V
runtime traces show that the proposed OML-vect reduces vec-
tor loads by 18.83% and stores by 99% compared to ONNX-
MLIR-manual, thereby improving memory efficiency and data
reuse through complie-time data-layout transformation.

Without manual optimizations, OML-vect achieves perfor-
mance comparable to ONNX-MLIR-default (manual) imple-
mentation for most attention layers on both x86 and RISC-
V CPUs. Given that the attention layers are the most time
consuming fraction of the models (ranging between 90%-
97%), we observe the same trends when we run the full
Transformer model (on x86 and RISC-V).

C. Instruction Count, Binary Size, Memory Footprint, and
Compilation Time

We analyzed the binaries size, instruction count, memory
footprint and compilation time of the manually optimized
ONNX-MLIR library and OML-vect.

Binary Sizes and Instruction Count: We observed that
OML-vect’s binaries are 2.67% larger than manually
optimized ONNX-MLIR’s binaries, while OML-vect’s
instruction count is 2.2% lower.

Memory Footprint: We analyzed the memory footprint on
Intel platforms with VTune. Profiling tools required for such
an analysis on RISC-V are currently unavailable. Our study
shows that OML-vect requires 35% less memory compared
to the ONNX-MLIR flow, which is critical when running
on resource-constrained devices. The primary advantage
comes from avoiding explicit copying of tiles and padding
(due to partial tiling). In contrast, ONNX-MLIR always
tiles and pads partial tiles, increasing memory usage. For
memory-constrained environments, our approach efficiently

vectorizes operations, achieving on-par performance while
reducing the memory footprint by more than a third.

Compilation Time: With OML-vect we noticed 3%-8.5%
of compilation time was spent on our transpose pass and
OML-reduction pass. Overall compilation time changes are as
follows. After adding transpose and reduction passes, RISC-V
compilation rises from 11sec to 23.1sec (≈ 40% slower), while
x86 time drops from 9.5sec to 8.2sec. The increase stems from
passes exposing additional vectorizable loops, which expand
RVV code, create larger machine-IR graphs for legalization
and scheduling, and prolong LLVM’s instruction selection and
linking, whereas the mature x86-backend lowers such vector
code efficiently.

VII. RELATED WORK

A. Neural Network Models for Edge Devices

The rapid development of edge computing has led to
specialized accelerators like Google’s Edge TPU, designed
to optimize neural network inference on resource-constrained
devices. However, these accelerators face limitations due to
their monolithic design, which does not address the diverse
requirements of different neural network models and layers,
especially regarding memory bottlenecks and layer-to-layer
communication overhead.

In response to these challenges, the Mensa framework [12]
introduces a more flexible and efficient approach by using a
collection of heterogeneous hardware accelerators.

Mensa also integrates data layout optimizations (such as
the im2col operation for convolution) used in the Edge
TPU, ensuring compatibility with existing hardware. However,
Mensa accelerators communicate between layers only during
execution transitions, significantly reducing communication
overhead. Notably, the Mensa scheduler efficiently handles
inter-layer and inter-accelerator communication, minimizing
the memory bottleneck issue observed in existing accelerators.

B. Porting PyTorch to RISC-V

Prior work [15] tried to port PyTorch to RISC V. How-
ever, several PyTorch dependencies, such as the Chromium
Breakpad library, the SLEEF vectorized Math Library, and the
PyTorch CPU INFOrmation library (cpuinfo), were not com-
patible with the RISC-V ISA. The authors extended support for
these libraries for RISC-V. The PyTorch CPU INFOrmation
library (cpuinfo) plays a crucial role in optimizing the neural
network for the underlying hardware, as it provides a uniform
cross-platform layer for accessing information about the host
CPU. PyTorch relies on cpuinfo to optimize performance
when running on a CPU, e.g., to detect support for SIMD
instructions or to pin threads to cores in NUMA architectures.
The intrinsically dynamic nature of the RISC-V ISA makes it
quite complex to fully port this library.

C. Auto-Vectorization with Imitation Learning

Mendis et al. [36] frame SIMD vectorization as a Markov
Decision Process and apply DAGGER imitation learning [60]



to guide instruction packing. A Gated Graph Neural Network
encodes instruction-graph dependencies, enabling fine-grained
packing decisions across multiple node types. The policy
is first trained with supervision and then refined through
DAGGER.

Evaluation shows a 22.6% greater static cost reduction than
LLVM’s SLP vectorizer, measured by the LLVM cost model.
This demonstrates the potential of learning-based methods to
complement LLVM heuristics and provide efficient, competi-
tive vectorization policies.

D. Run-Time Data Layout Optimization

Data layout optimization is crucial for efficient vectoriza-
tion. Previous works [30, 56] explores data replication, which
negatively impacts cache behavior, memory consumption, and
adds runtime overhead. Data replication leads to inefficient
use of cache because replicated data increases the working
set size, causing more frequent cache evictions and reducing
cache locality. Additionally, replication increases the memory
footprint, as multiple copies of the same data consume more
memory, which can lead to higher memory bandwidth usage
and reduced scalability for large datasets. Such data layouts
achieve improvements only if the benefits of layout optimiza-
tion outweigh the costs of data replication. SIMD code shows
performance improvements only for large array sizes because
the overhead of data permutations nullifies the performance
benefits of consecutive SIMD load/stores. In contrast, the
proposed work moves this data layout optimization to compile
time, ensuring that the transformations are vectorization -
friendly. This eliminates the runtime overhead associated with
data replication and ensures consecutive memory accesses.

VIII. CONCLUSION

Our proposed auto-vectorization approach OML-vect
demonstrates 5% and 59% performance improvements over
the baseline (ONNX-MLIR-manual) on x86 and RISC-V,
respectively, compared to manually optimized libraries. While
on x86 ONNX-MLIR-manual achieves higher performance
in some cases – such as bgesmallenv – our approach is
entirely automatic, making it more adaptable and efficient
across a wide range of workloads and architectures. The
OML-reduction pass relies on complementary optimizations,
such as complie-time data layout transformations, to achieve
highest performance. As demonstrated in this work, we enable
compile-time vectorization-friendly data-layout transforma-
tions, eliminating runtime transpose overhead and the reliance
on external, manually-optimized or manually-ported libraries.
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APPENDIX

ARTIFACT APPENDIX

A. Abstract

This is the supporting artifact for the paper titled ”Enabling
Automatic Compiler-Driven Vectorization of Transformers” as
published in CGO 2026. It includes the source code for the
proposed tool (oml-vect), along with scripts to compile and
reproduce all experimental results presented in the paper. We
provide a Docker image containing all necessary dependencies
preinstalled, enabling straightforward setup and execution of
the experiments. The setup supports running the experiments
on an x86 host, and it also allows cross-compilation for RISC-
V ISA, and it automatically transfers the statically linked
RISC-V binaries to the host to be then copied to the RISC-
V target via scp. The reported results were obtained on
Intel Xeon an x86 64 Intel(R) Xeon(R) E5-2630 v4 CPU @
2.20GHz and a Xilinx U55C FPGA emulating an Atrevido
423 RISC-V 64-bit core with a 512-bit vector unit [6].

B. Artifact Check-List
• Algorithm: Data-layout optimization and reduction identifica-

tion to enable auto-vectorization in MLIR
• Program: ONNX graph representations of transformer and

neural network models
• Compilation: Publicly available and included in this artifact:

LLVM v20.0, MLIR v20.0, and ORT v1.23.2
• Transformations: onnx-mlir toolchain to obtain vectorized

affine dialect code for each kernel and LLVM to statically
compile binaries for x86 and RISC-V, included in this artifact

• Binary: Linux executables for x86 and RISC-V included in this
artifact and scripts to generate these binaries automatically.

• Data set: Included in this artifact, testing datasets used for all
models are detailed in the corresponding references in section V

• Run-time environment:
1) x86 - The Docker container (see section E1)
2) RISC-V - The Docker container to cross-compile binaries

and RISC-V CPU with Linux OS to run the binaries (see
section E2)

• Hardware: Intel Xeon and RISC-V CPU with vector extension
• Execution: We recommend running the experiments in an

isolated environment, as the results may vary if other processes
are active.

• Metrics: Execution time and number of reductions identified
• Output: CSV files containing the normalized execution times,

performance improvements, and console logs reporting the
performance improvements.

• Experiments: Docker image included in this artifact contains
scripts to regenerate the results. Results may vary with respect
to hardware parameters such as vector width, L1, L2 cache size,
as the unroll-and jam-factor is hardware dependent.

• How much disk space required (approximately)?: 80GB
• How much time is needed to complete experiments (approx-

imately)?: Dependent on the CPU and its operating frequency.
Completing the full benchmark suite requires 15 - 20 mins on



an Intel 13th Gen Intel(R) Core(TM) i7-13700K, 5.4 GHz with
64 GiB RAM

• DOI: [2]
• Publicly available?: Yes, github [47, 2]

C. Description
1) How Delivered: This artifact is available at Docker-hub [20]

2) Hardware Dependencies: A machine with vector units
is required. We evaluated on an Intel Xeon and Atrevido [5]
(RISC-V Core). OML-vect auto-vectorizes the code and improves
performance. Performance improvement may vary with the hardware,
therefore, we recommend similar platforms to reproduce the results.

3) Software Dependencies: Working Docker installation. This
has been tested on a Linux x86 host machine with Docker v28.1.1.
For RISC-V, we recommend Bianbu Star 2.1.7 or LINUX OS.

To test the state-of-the-art tool ORT on the RISC-V platform,
we used proprietary software Semidynamics ONNX-Runtime [64].
The open source alternatives, such as the Python package (pip install
OnnxRuntime), are not supported on RISC-V. Hence, while we used
ORT as a point of comparison to our proposal, it cannot be installed
on RISC-V without manual porting. This underlines the need for an
automatic neural networks compiler for RISC-V, such as oml-vect.

D. Installation
Download the docker image repository using the command

docker pull shreyasubhash/omlvect:r1

Verify availability of the image

docker images -a | grep "omlvect"

E. Experiment Workflow
1) x86: To compile, run, and verify the results discussed in this

paper (Figure 7, Figure 8), on host machine (x86 Intel), navigate
to the directory where the output should be stored and run the
command:

docker run -ti --volume ${PWD}:/workdir/shared \
shreyasubhash/omlvect:r1 \
bash -c "/workdir/scripts/infer.sh"

This command will compile the benchmarks as described in
section IV, execute them (for x86), process the execution time and
number of reductions identified for each kernel, and generate CSV
files. The resulting CSV files can be accessed on the host machine.

2) RISC-V: To cross-compile and generate binaries for RISC-V,
run the command:

docker run -ti --volume \
${PWD}:/workdir/shared \
shreyasubhash/omlvect:r1 \
bash -c "/workdir/scripts/compile-riscv.sh"

This command will cross-compile all the benchmarks as described
in section IV, and the statically linked ELFs will be available on the
host machine ${PWD}/elf-rvv along with infer-rvv.sh script to run
the files on the RISC-V CPU and generate the corresponding CSV
file.

To obtain speedup measurements for the RISC-V platform, first
copy the runtime.csv file generated on the RISC-V CPU into the
${PWD} directory on the host system. Then execute the following
command to process the results:

docker run -ti --volume \
${PWD}:/workdir/shared \
shreyasubhash/omlvect:r1 \
bash -c "/workdir/scripts/get-rvv-speed-up.sh \
/workdir/shared/<your-file>.csv"

Details of all generated CSV files are provided in Table II for both
x86 and RISC-V experiments.

TABLE II: Summary of output CSV files and their contents.

Filename Information
Runtime.csv Raw runtime
normalised runtime.csv Normalised runtime compared to baseline

(onnx-mlir-no-cust-opts)
performance.csv Percentage improvement in performance

over the baseline
reduction counts.csv Total number of reduction identified by

MLIR and OML-vect

F. Evaluation and Expected Results
We expect OML-vect will autovectorize the code and reduce the

execution time, but the performance improvements may vary across
different hardware platforms, since the vector width and unroll-and-
jam factor are hardware-dependent.

G. Reusability
The following instructions summarize how to reproduce the OML-

vect workflow. See the README in the Docker image shreyasub-
hash/omlvect:reusable [21] and the GitHub repo [47]

1) OML-Vect Toolchain Workflow: Here we describe the full
OML-vect workflow—from modifying the toolchain to generating
and executing the final ELF.

a) Code Changes for OML-Vect: The following subsection
details the complete OML-vect workflow, including the required
toolchain updates, compilation steps, and execution of the resulting
ELF.

• Incorporate the revised MatMul algorithm in the
file‘src/Conversion/ONNXToKrnl/Math/MatMul.cpp‘ as
discussed in Section IV-B

• Implement the reduction pass and invokes
the MLIR vectorization pipeline in file
‘src/Conversion/KrnlToAffine/ConvertKrnlToAffine.cpp‘
as discussed in section IV-C

Additional Scripts and other file modifications
• Preprocessing steps for data layout transformation are described

in Section IV-A.
• A CMake file enables cross-compilation when ONNX-MLIR

runtime libraries (Section IV-D) are not available for the target
hardware.

Follow the build instructions in the onnx-mlir repository [47]
with modifications to files as mentioned above to compile oml-vect

b) Data Layout Modification: Run:

data-layout.sh <input onnx graph>

This command applies Algorithm 1 (Section IV-A) to generate
transposed MatMul’s operand B.



c) Get Vectorized MLIR Code: Run:

<oml-vect-build-path>/bin/onnx-mlir -O3 \
--EmitLLVMIR \
--vlen=<vector length> \
--uf1=<unroll factor k> \
--uf2=<unroll factor m> \
--uf3=<unroll factor n> \
--EmitLLVMIR <input.onnx>

This command integrates the updated MatMul algorithm (Algorithm
1, Section IV-B), runs the reduction-mapping pass (Algorithm 2,
Section IV-C), and then invokes MLIR super-affine vectorization
using the resulting reduction map to generate vectorized LLVM
Dialect.

d) Get LLVM IR: Run:

mlir-translate \
--mlir-to-llvmir <input.mlir> > <output.ll>

This command converts vectorized MLIR to LLVM IR.

e) Optimize LLVM IR: Run:

opt -O3 -S \
<input.ll> -o <output.opt.ll>

This command applies LLVM IR O3 level optimizations

f) Get Assembly Code: Run:

llc -O3 \
-mcpu=<MCPU> --filetype=asm <input.opt.ll> \
-o <output.s>

This command generates architecture-specific assembly.

g) Compile ONNX-MLIR Runtime Libraries: Set the prop-
erty CMAKE C COMPILER in oml-vect/runtime to desired compiler
for target Hardware and

Run:

cd oml-vect/runtime && cmake .

This command cross complies the runtime support libraries cross
compiled for given target hardware required by ONNX-MLIR and
OML-vect generated kernels.

h) Get ELF for Target Hardware: To generate ELF by
Linking assembly, runtime libraries from step 7, and main.cpp and
other dependencies into the final ELF executable run:

./get-elf.sh <main.cpp> \
-march=<march> <asm_file.s>

i) Run the ELF Using the Command:

./<output_elf> <input_tensor_as_numpy_array.c>
<dim1*dim2*dim3*...>

2) Portability Across Hardware: Porting OML-vect to any
new hardware requires no modifications to our methodology. One
only needs to re-run Steps 6–9 with the target architecture’s -mcpu/-
march values. Because OML-vect relies exclusively on LLVM, all
LLVM-supported hardware targets are inherently supported.

3) Running New Benchmarks: To add new benchmarks, it is
sufficient to:

• Re-execute the data-layout preprocessing (Step G.1.B) to con-
struct a new ONNX graph with the transposed B input

• Run the provided script ‘run-infer.sh‘ using the new input
tensors to run the inference using the command
run-infer.sh <ELF name> \
<input_tensor_as_numpy_array.c> \
<dim1*dim2*dim3*...>‘

H. Notes
Depending on the host machine configuration, Docker com-

mands might require elevated privileges ( sudo). Shell scripts inside
${PWD}/shared/elf-rvv folder may need execute permissions, run
(sudo) chmod +x filename
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