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Abstract

Frameworks such as PyTorch, TensorFlow, and ONNX Runtime
(ORT) utilize handwritten kernels highly optimized for hardware
platforms such as x86, but not optimized for RISC-V. As RISC-V
CPUs and accelerators emerge through open-source initiatives,
mainstream frameworks such as PyTorch struggle to keep up with
rapidly evolving hardware. Adapting these handwritten kernels
for new configurations requires significant rework. Additionally,
the Python interpreter introduces runtime overhead that increases
inference time.

This study presents an end-to-end compiler pipeline to gen-
erate executable binaries from pre-trained PyTorch models. We
expose MLIR dialects and LLVM IR, enabling automatic optimiza-
tions offered by MLIR and LLVM tailored for RISC-V, with potential
extensions to various hardware architectures. We analyze the opti-
mizations provided by PyTorch and ORT and discuss the advantages
and limitations of the LLVM compiler for neural networks. We high-
light the optimizations available for the common layers and emerg-
ing layers in Recurrent Neural Networks (RNNs), Long-Short-term
memory (LSTMs), and Transformers.

In addition, we present a case study on nsNet2, with code variants
of increasing complexity (static and dynamic). All in all, instead of
relying on the manual fine-tuning of the neural networks performed
in PyTorch and ORT for specific platforms, this comparative study
will help to introduce robust automatic compiler optimizations to
neural network workloads.
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1 Introduction

The utilization of Deep Neural Networks (DNN) has surged ex-
ponentially over the past twenty years. As data volumes grow,
increasingly complex networks are employed to enhance the ac-
curacy of predictions. The majority of Neural Networks (NN) are
developed mostly using either interpreters or Just-In-Time (JIT)
frameworks such as PyTorch, TensorFlow, and PyTorch JIT. Python,
an interpreted language used by PyTorch and TensorFlow, exhibits
a significant performance slowdown compared to static languages
such as C [51, 13]. Although PyTorch and Tensorflow use highly
optimized manually fine-tuned kernels written in C or C++, the
Python wrapper can introduce performance delays due to library
calls [45]. Moreover, these frameworks are optimized for Intel, ARM,
and AMD CPUs and GPUs, and not for RISC-V platforms.

The RISC-V open-source Instruction Set Architecture (ISA) is
gaining popularity [23], leading to the development of RISC-V
cores [11, 2] and dedicated accelerators for Al workloads based
on RISC-V ISA (or extended RISC-V ISA) [50, 17, 38, 14]. While
efforts have been made to port PyTorch to RISC-V [6], they faced
significant challenges. Not all required libraries are readily available
for RISC-V (e.g. cpu info [8, 7]), and substantial efforts are needed
to rewrite optimizations for RISC-V, leading to large performance
gaps between the x86 and RISC-V architectures [7]. Alternatively,
there are ongoing efforts to lower pre-trained models to C [21, 13,
5], a compiled programming language. However, this approach still
requires implementing operations and/or hardware-specific opti-
mizations manually to achieve performance comparable to PyTorch
and Open Neural Network Exchange (ONNX)-Runtime (ORT).

A static compilation pipeline combined with automatic com-
piler analysis is essential to run neural networks efficiently on
RISC-V CPUgs, accelerators, and edge devices. The process begins
by translating the neural network into Low Level Virtual Machine
(LLVM) Intermediate Representation (IR) [18] or Multi-level Inter-
mediate Representation (MLIR) dialects [19], followed by MLIR
or LLVM optimizations. Finally, it ends with the generation of an
executable binary. To analyze code effectively and optimize it for
specific architectures and accelerators the LLVM IR abstraction is
widely used. LLVM passes are used for static analysis, loop analysis,
loop vectorization, loop tiling, and multiple compiler optimiza-
tions. This approach leverages the extensive and robust optimiza-
tion set developed by the LLVM community. Moreover, and most
importantly, future optimizations will be automatically available.
Additionally, optimizations can be extended and adapted for the
characteristics of each use case and target platform, to achieve
maximum performance.

Initiatives such as Torch-MLIR [46] and Intermediate Representa-
tion Execution Environment (IREE) [16] aim to address this problem
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by lowering neural network models to MLIR abstraction, as run-
ning Python on embedded systems is heavy in terms of memory
usage. However, these tools, developed independently, are not yet
fully compatible end-to-end, from neural network model conver-
sion to MLIR [19] or LLVM IR [18] abstraction and the generation
of executable binaries for RISC-V [15].

The IREE compiler consists of two components: IREE turbine,
formerly known as shark turbine, and IREE ( IREE compiler + IREE
runtime). The IREE runtime is currently unable to generate exe-
cutables for RISC-V (64-bits) [15]. IREE does not expose the gener-
ated LLVM IR, which hampers the creation of executable binaries
through the LLVM project [24]. Instead, it exposes higher-level
dialects such as the torch dialect and the linalg dialect. However,
the generated MLIR code is not compatible with upstream MLIR
due to the custom dialect "Utils" and hence it cannot be lowered to
LLVM IR and subsequently to executable binaries without the use
of the IREE Runtime. Additionally, running the IREE runtime on
edge devices is complex and requires significant memory due to
dependencies such as Python. TinyIREE [22], the subset of IREE
generates a compact NN workload that are optimized for embedded
systems. Since TinyIREE is built on IREE, it inherits the same issues
as IREE. Torch MLIR frameworks also face challenges in produc-
ing abstractions that align with the established MLIR and LLVM
ecosystems, often resulting in limited support for JIT, incompatible
MLIR dialects, or LLVM IR. This can lead to integration issues and
difficulties in exploiting the full potential of LLVM and MLIR.

This work aims to provide a comparative analysis of the man-
ually fine-tuned optimizations of frameworks like PyTorch and
ORT, along with the advantages and limitations of the LLVM com-
piler for neural network workloads. Additionally, we present an
end-to-end compilation pipeline to generate executable binaries
for neural networks, utilizing MLIR and LLVM IR as intermediate
representations. We also analyze the nsNet2 usecase and extract
insights to enable powerful automatic compile-time optimizations
specifically tailored for RISC-V-based CPUs and accelerators.

In this paper, we make the following contributions:

e Compile/interpret these use cases using different frame-
works, including PyTorch, PyTorch-JIT, ONNX-Runtime, and
onnx-mlir-llvm (OML).

e Provide performance comparisons and insights regarding
the optimizations performed in each framework.

e Build a compilation chain onnx-mlir-llvm (OML) that ex-
poses compiler intermediate representation IR to enable
powerful optimizations.

e Extend and enhance the compilation chain by compiling
onnx-mlir runtime libraries and porting them to RISC-V
platforms, addressing the typical compatibility limitations of
state-of-the-art tools, which by default are only compatible
with x86 architectures.

e Study complex benchmarks, such as dynamic neural net-
works and transformers, and analyze in-depth a use-case
(nsNet2), comparing its behavior and performance when
compiled with various frameworks and on two distinct ISAs
(x86 and RISC-V). The analysis of the automatic optimiza-
tion and vectorization capabilities for this use case unveiled
the compiler limitations in autovectorizing neural networks,
which we aim to address in our future work.

OML compiler pipeline

torch.onnx.export
ONNX onnx-mlir/ LLVM )
Pytorch ’
Y Graph Dialect
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’ LLVM IR
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main.cpp clang / gcc
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Figure 1: OML compiler pipeline to generate executable bi-
nary for neural networks

2 Compiling neural network models to
executable binaries for RISC-V

We propose a multi-stage compiler pipeline onnx-mlir-llvm (OML)
shown in Figure 1, to expose MLIR and LLVM IR and generate an
executable binary for neural networks. The pipeline starts with
exporting the neural network to the ONNX graphs. PyTorch of-
fers torch.onnx.export and torch.onnx.dynamo_export (beta)
functions to export PyTorch models to ONNX computation graph.
Likewise, frameworks such as Tensor-Flow and Scikit-learn offer
methods to convert the models to ONNX graphs. The next step
is to translate ONNX graph to the LLVM dialect of MLIR [19] us-
ing ONNX-MLIR [20], going through the affine dialect. The LLVM
dialect is a wrapper class for LLVM IR, which maps LLVM IR
within MLIR by defining the corresponding operations and types.

ONNX-MLIR doesn’t expose LLVM IR, hampering the creation
of executable binaries through the LLVM project [24]. OML exposes
LLVM IR by lowering the LLVM dialect to obtain LLVM IR, thus
aiding the generation of stand-alone executable binaries. The ob-
tained LLVM IR is an entry point to the LLVM compiler, enabling
automatic optimizations and the generation of assembly (asm) code
through the robust LLVM static compiler (llc) back-end. The assem-
bly code is then passed to a native assembler and linker to generate
a native executable. ONNX-MLIR currently does not have built-in
support for the RISC-V ISA [29]. We statically compile ONNX-MLIR
runtime libraries such as OMInstrument.c, OMRandomNormal.c,
OMTensor.c, etc., to generate RISC-V runtime libraries. 1 The gen-
erated RISC-V runtime library, assembly code, and the main file
(to call inference for neural networks) are linked using clang (or
gec) to generate an executable optimized for the RISC-V architec-
ture?. The proposed approach generates statically linked binaries
for neural networks bypassing the runtime overhead of Python
and other shared libraries [30]. Our approach contrasts onnx-mlir
which can generate only shared library files and therefore requires
more memory.

OML exposes MLIR dialects and LLVM IR for a wide range of
optimizations, from high-level (such as vectorization, buffer alloca-
tion and optimization) to low-level and hardware-specific (such as

ISince these libraries were not readily prepared for RISC-V, the porting process involved
manually fixing compile-time errors [29].

Zstatically compiled ONNX-MLIR runtime libraries and the OML pipeline flow is found
at [28]
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macro-ops fusion, fine-tune vectorization, specific ISA extensions,
etc., to fully leverage hardware capabilities).

3 Analysis of optimizations offered by
State-of-the-Art frameworks

Since 2019, PyTorch has experienced a surge in its adoption, primar-
ily due to dynamic computation graph, ease of debugging, data par-
allelism, and a rich ecosystem of handwritten libraries [12]. Unlike
PyTorch, ORT is specifically engineered to boost the performance
of machine learning models at the cost of development ease. It aims
to optimize the neural network execution across various platforms,
ensuring smooth integration and improved inference speeds. We
decided to evaluate the performance and analyze the optimizations
of PyTorch and ORT to understand their strengths and limitations
with a focus on neural network workloads, as shown in Figure 2. We
inferred the model using the Python interpreter and used PyTorch
JIT for compatible models such as AlexNet, and MobileNet. We in-
ferred the ONNX graph using ORT. Finally, we compiled the ONNX
graphs to generate executable binaries as discussed in Section 2.

Both PyTorch and ONNX-Runtime utilizes external and manu-
ally optimized libraries such as MKL-DNN [27] and XNNPACK [47]
to leverage hardware-specific optimizations and to achieve bet-
ter performance. Notably, MKL-DNN and MKL functions such as
mkldnn_relu, mkldnn_max_pool2d, and mkldnn_binary_fusion
leverage hardware-specific optimizations, including vector exten-
sions such as AVX512 instructions on compatible CPUs, thereby
improving performance through parallelism and efficient memory
management. Additionally, PyTorch’s fusion_unary_attr_map
functionality enables efficient fusion of unary operations in activa-
tion functions, e.g., ReLU with attribute mapping, and reducing data
movements, thus enhancing performance. mkldnn_binary_fusion
further optimizes convolution operations by fusing them with com-
patible binary operations, reducing data movements. These opti-
mizations in PyTorch ensure that complex neural network computa-
tions are executed efficiently on x86 CPUs. Moreover, PyTorch uses
the external library XNNPACK [47] for function calls such as sig-
moid, Global Average Pooling, and Leaky ReLU, which implements
optimized algorithms for these NN layers [9, 10].

ORT uses efficient graph optimizations on ONNX graphs, such as
removing redundant nodes and computations, statically computing
constants, and fusing multiple nodes into a single node. These
optimizations run before partitioning the graphs into subgraphs,
ensuring they apply to all execution providers. Furthermore, ORT
optimizes sub-graphs for different hardware configurations based
on the assigned Execution Providers (EP), e.g., convolution and
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activation fusion on CPU EP. These optimizations are specific to
the assigned EP. This approach maximizes performance across
CPUs and ORT supported EPs.

We aim to harness the insights gained from existing frameworks
in our compilation pipeline. While many of these optimizations
have been manually fine-tuned, we aim to bring these optimizations
to our compiler and tailor them in an automatic manner.

4 Results and discussion

This section presents our findings for 10 pre-trained neural network
models. The training and testing datasets used for these models
are detailed in the corresponding references. We studied six basic
models: MobileNet [37], AlexNet [36], YOLOv6 [48], YOLOv7 [49],
ResNet_101 [39] nsNet2 (default) [4, 26]. There are two dynamic
neural networks: two versions of nsNet2 and two transformer mod-
els, Google BERT [3] and RoBERTa [40]. We verified the correctness
and compared the performance of the verified models, as shown
in Figure 2. The trained PyTorch models were inferred using the
PyTorch-Python interpreter. Second, we used PyTorch JIT to JIT
compile the compatible models and perform inference. Third, ONNX
graphs were inferred with the ORT-default. Fourth, we lowered
the ONNX graphs to executable binaries through our compilation
pipeline OML discussed in Section 2. All models were inferred on
two platforms: x86_64 Intel(R) Xeon(R) CPU E5-2630 v4 @ 2.20GHz
and Xilinx U55C FPGA emulating Atrevido 423 RISC-V 64-bit core
with V8 vector unit [2, 43].

Correctness We verified the correctness of twelve models on
both ISAs (x86 and RISC-V). The models were trained using the
PyTorch framework, and PyTorch inference values serve as the
baseline. We observed that for most models, the relative and abso-
lute error is less than 1e-3. Classification models such as Mobilenet
and Google BERT can accommodate this error range without sig-
nificantly affecting the final prediction accuracy. For models like
YOLOv6, YOLOv7, and NsNet2 this error is insignificant after post-
processing steps like non-maximum suppression and confidence
thresholding. But for Model Unet and Super ImageNet, we noticed
large errors leading to incorrect results, likely because of failure in
the torch.onnx.export function. Addressing these errors is beyond
the scope of this paper, hence we focus on performance analysis of
verified ONNX graphs only.

Experiments on x86. Figure 3 shows our results for the ten ver-
ified models inferred on the x86 Intel CPU, comparing the speedups
of ORT and OML normalized to PyTorch. The execution time of 10
runs was averaged to ensure consistent results. ORT-default consis-
tently outperforms PyTorch and PyTorch JIT, achieving on average
45% faster execution time compared to PyTorch, due to the use of
hand-tuned libraries and dedicated Execution Providers optimized
for specific hardware platforms (see Section 3). Both PyTorch and
ORT are multi-threaded by default and disabling parallelization
requires building PyTorch and ORT from source. We did not at-
tempt this in a bid to evaluate the best performance achievable with
mainstream frameworks (PyTorch and ORT in our study). PyTorch
JIT (not shown in the graph) offers speedups of 30% over the eager
mode PyTorch execution, for compatible models such as AlexNet
and MobileNet. However, PyTorch JIT may return incorrect results
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Figure 3: Speedup of ORT-default and OML (single-threaded)
on x86 normalized to PyTorch

for more complex models with variable input tensor dimensions,
such as Google BERT, RoBERTa, and all nsNet2 versions [25]. Both
PyTorch and ORT use Python as a high-level wrapper for user inter-
action. PyTorch and ORT leverage C++ for their core operations to
ensure high performance through hardware-specific optimizations.
Libraries such as libTorch [31] and MKIDNN are implemented in
C++, with certain kernels, e.g., the single precision softmax opera-
tion directly invoking assembly code in ORT for faster execution.
In contrast, our approach uses LLVM out-of-the-box optimizations
(-O3 at both the opt and llc levels). It is a single-threaded execution
and does not use any hand-tuned libraries like MKD-DNN or MLAS.
Consequently, it is difficult to surpass the performance of PyTorch
and ORT-default, which have been fine-tuned and multi-threaded
on the x86 architecture.

In AlexNet, ORT fuses the General matrix multiply (GEMM)
layer with the adjacent activation layer ReLU by identifying ad-
jacent layers that can be fused and generating a new, optimized
ONNZX graph accordingly. ORT utilizes partial loop unrolling for
GEMM and convolution layers with a fixed unrolling factor of 8 for
double and single precision to exploit better SIMD AVX-512 vector-
ization. In contrast, PyTorch’s default eager execution mode uses
pragma hints to guide vectorization. For the GEMM layer, PyTorch
combines loop unrolling, and nested loop splits to enhance vector-
ization [32]. Additionally, PyTorch also employs template-driven
partial loop unrolling [33]. PyTorch’s convolution operations search
for unary operator fusion, for instance, fusing convolution with
ReLU. In addition to this default mode, PyTorch-2 [1] introduced
TorchDynamo as the JIT compiler for PyTorch and TorchInductor as
the default compiler backend. PyTorch JIT compiler works by trac-
ing PyTorch models into an intermediate representation (FX graph)
that can be optimized and executed more efficiently using graph
optimization techniques such as constant folding, dead code elimi-
nation, and operator fusion. The scheduling phase of TorchInductor
does operator fusion, reordering kernels, and bufferization. These
optimizations help PyTorch JIT to achieve an average speedup of
30% compared to eager mode execution. However, this speed-up is
observed after a couple of warm-up runs for inputs with the same
shape. PyTorch JIT needs warm-ups to fine-tune optimizations such
as the fusion of elementwise and pointwise operations and tensor
reduction operations.

Drawing inspiration from the optimized libraries of PyTorch and
ORT, we can integrate these optimizations into the MLIR and LLVM
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Figure 4: Speedup of OML and ORT-SMD on RISC-V normal-
ized to ORT-default

Compiler. These optimizations can be extended to various layers
found in RNNs, LSTM, and Transformer models. Consequently,
these optimizations will apply to all hardware platforms and neural
network kernels, eliminating the need for manual rewrites.

Experiments on RISC-V. Figure 4 shows our results comparing:
(1) ORT: the open-source version of ORT, cross complied for a RISC-
V architecture; (2) OML, compiled using our compiler pipeline
presented in Section 2, and (3) ORT-SMD: ORT ported to RISC-V
by Semidynamics [41] with a developed and optimized Execution
Provider (EP) that takes advantage of Semidynamics’ vector and
tensor units [43, 42]. More than 40 ONNX operators are already
supported and optimized for the Semidynamics hardware [2]. Due
to the lack of available libraries for building PyTorch on RISC-V [7],
PyTorch performance could not be evaluated on this architecture.

For most neural networks, the performance of OML falls between
the open-source ORT-default, and the ORT-SMD manually opti-
mized version. Unlike for x86, there is less fine-tuning for RISC-V for
the ORT-default, thus OML is almost on par. ORT-SMD brings hand-
tuned optimizations, but only for selected operators for instance
GEMM, convolution, and matmul. The OML compiler pipeline (1)
exposes both MLIR and LLVM intermediate representations and
(2) leverages the LLVM back-end. First, MLIR and LLVM IR ex-
posure enables high-level, target-agnostic compile-time optimiza-
tions. Second, relying on the LLVM back-end brings in dedicated
hardware-specific optimizations. Moreover, the LLVM back-end
can be extended to support emerging hardware, benefiting from all
prior optimizations.

Discussion. We found that PyTorch and ORT are highly opti-
mized for layers such as convolution and matrix multiplication,
which are predominant and are bottlenecks in traditional neural
networks such as AlexNet and MobileNet. However, there are fewer
optimizations for layers found in RNN and RNN-based LSTM, and
Transformer models, such as tanh activation, layer normalization,
encoders, decoders, and Gated Recurrent Unit (GRU) [44]. These lay-
ers are becoming increasingly popular with the rise of Transformers
and will be an immediate target for automatic optimizations.

5 Case study: nsNet2

In this section, we analyze the use case of nsNet2 [4, 26], a model
specifically designed for edge devices such as earphones. It is devel-
oped for real-time denoising, necessitating compiler optimizations.
We studied three versions: (1) nsNet2 baseline including recurrent
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Figure 5: nsNet2 baseline (nsNet2) topology
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Figure 6: nsNet2 dynamic layerwise (nsNet2 dyn) topology

Figure 7: nsNet2 dynamic simultaneous extralayers (nsNet2
simul) topology

(GRU) and fully-connected (FC) layers: FC-GRU-GRU-FC-FC-FC
as shown in Figure 5. Each fully-connected layer is followed by a
ReLU activation, subsetting the layers’ activations to yield a mask.
The last layer is an exception, featuring a sigmoid nonlinearity. (2)
nsNet2 dynamic layerwise (nsNet2 dyn), with exit stages after each
fully-connected (FC) layer, and with each exit-stage (M) trained
one after the other as shown in Figure 6, (3) nsNet2 dynamic si-
multaneous extra-layers (nsNet2 simul), with exit-stages (M) after
each layer and additional data paths in the form of duplicate layers,
and all exit stages are trained jointly as shown in Figure 7. These
versions provide varying input dimensions and different numbers
of GRU and matmul layers with variable sizes. We present the
optimizations of ORT and comment on the optimizations and limi-
tations of the LLVM compiler. We used the PyTorch profiler [34]
and vtune [35] to retrieve thread information and PyTorch library
calls for x86. No similar profiling tools are available for RISC-V,
which prevented us from profiling on this architecture.

On x86, 32 threads were created for the nsNet2 baseline execution
and 35 threads for the nsNet2 dyn and nsNet2 simul, respectively.
PyTorch uses inter- and intra-operators level multi-threading and
other optimizations as discussed in Section 3.

We analyzed the LLVM vectorization pass reports for the nsNet2
baseline model and found that 37 loops were considered for vec-
torization and only 11 were vectorized. Among the top reasons
that prevented vectorization were: (i) unsafe floating-point oper-
ations (even with ffastmath flag), (ii) scalar cost being optimal,
and (iii) unvectorizable types such as function calls in the loop
body. We expect that through specific optimizations such as loop
fusion, partial loop unrolling, and effective vectorization at both
the MLIR and LLVM IR levels, we will be able to further increase
the performance of nsNet2 (and neural networks in general). In
the nsNet2 use case, the GRU layer is computationally intensive
and time consuming. In the ORT-default the GRU internally uses
the GEMM function, the only optimized function. With GEMM
no longer being the bottleneck, other computations such as the
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Table 1: Speedups summary: GRU and matmul in nsNet2 on
RISC-V core Atrevido 423

Model GRU | Matmul| GRU Matmul | overall
speedup| speedup | speedup
nsNet2 baseline | 2 4 1.4 1.2 1.7
nsNet2 dyn 2 4 1.8 1.3 4.2
nsNet2 simul 4 7 1.9 1.25 1.9

activation functions and for loops to compute bias addition become
the new bottleneck during GRU layer execution. It is challenging
to manually incorporate all optimizations discussed in sections 3
and 4 due to the rapid advancements in Al research and hardware
research. Conversely, using MLIR and LLVM, these optimizations
can be automated and extended to future developments, both in
software and hardware.

Figure 4 shows our results for nsNet2 comparing ORT-default,
ORT-SMD, and OML approach, illustrating the performance for the
three versions of nsNet2. OML achieves a maximum speedup of 4 for
the nsNet2 dyn, significantly outperforming ORT-default. Table 1
shows the number of GRU and Matmul layers in each nsNet2 use
case, and their speedups over ORT-default on Atrevido 423 RISC-V
core. Although nsNet2 simul has more GRU layers, leading us to
expect the highest speedup due to OML’s optimization of GRU,
the performance gains were limited to 1.9 due to the fine-tuned
performance of ORT-default in neural network kernels such as
Matmul, GEMM etc. Speedups achieved by manually fine-tuned
ORT-SMD highlight the potential for optimization in the ORT-
default and the OML. We aim to automatically incorporate similar
optimizations of ORT-SMD in the LLVM compiler.

6 Conclusion and future work

This paper studied the optimizations offered by state-of-the-art
frameworks such as PyTorch and ORT. We highlighted the sig-
nificant performance gap between manually fine-tuned libraries
and the proposed pipeline OML on x86 architectures. Our findings
indicate that neural network libraries for RISC-V are very imma-
ture, with the proposed OML mostly outperforming the default
implementations. While manual fine-tuning shows promise for op-
timizing performance on RISC-V, the process is labor-intensive and
not scalable. Therefore, our goal is to automate these optimizations
through the MLIR and LLVM compiler, bridging the gap and smooth
integration of neural network inference on RISC-V architectures.
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