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Abstract

Computational Fluid Dynamics (CFD) applications rely heavily on memory-
bound sparse linear algebra kernels like Sparse Matrix-Vector multiplication
(SpMV). Legacy frameworks such as OpenFOAM exploit MPI1 parallelism
but lack eledtive support for modern vector architectures, largely due to
internal matrix formats that prevent contiguous memory accesses.

With the emergence of the RISC-V Vector Extension (RVV), vector ar-
chitectures oler a compelling alternative to traditional SIMD and GPUs.
This thesis investigates this potential by optimizing a state-of-the-art Open-
FOAM multigrid solver across two contrasting RISC-V architectures: the
long-vector EPAC accelerator prototype and the commercial short-vector
Sophon SG2044 processor.

To overcome native memory bottlenecks, the main contributions of this
work include: i) vectorizing the SpMV kernel using RVV intrinsics and
vector-friendly sparse formats; ii) developing a custom smoother plugin for
OpenFOAM that performs runtime data conversion; and iii) a comprehensive
speedup and scalability evaluation scaling the problem size for the isolated
SpMV kernel, the custom smoother, and the end-to-end CFD simulation.

Experimental results demonstrate a 6x speedup for the custom smoother
on the EPAC test chip and a 1.5x speedup on the SG2044. Furthermore, end-
to-end CFD simulation evaluations reveal overall performance improvements
of 1.62x and 1.16x on the EPAC and SG2044 architectures, respectively. Ul-
timately, this work proves that legacy CFD codes can be successfully mod-
ernized and accelerated using emerging RISC-V hardware.
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Chapter 1

Introduction

1.1 Problem introduction and motivation

A signi cant portion of HPC applications involves the simulation of physi-
cal systems, such as uid dynamics. These applications have historically been
valuable for both scienti c and engineering purposes, allowing within certain
limits for the prediction of a uid's evolution (often air) and its properties in a
much more economical and rapid manner compared to physical experiments,
such as wind tunnels.

Due to the intrinsic nature of the phenomena they simulate, these sim-
ulations are computationally highly demanding. Consequently, they require
HPC systems to simulate scenarios of real-world interest e ectively.

From a computational perspective, these applications di er fundamen-
tally from other prevalent HPC workloads. Unlike Arti cial Intelligence
(Al) applications, which predominantly rely on dense linear algebra and of-
ten leverage reduced numerical precision, CFD simulations depend heavily
on sparse linear algebra requiring high numerical precision (64-bit Floating-
Point (FP64)). Consequently, these workloads exert signi cantly higher pres-
sure on system memory bandwidth compared to dense algebra applications,
often shifting the performance bottleneck from raw computation to data
movement.
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Figure 1.1: Arithmetic intensity of some common computational kernels [14].

Mathematically, these problems are initially formalized by partial di er-
ential equations related to uid physics (such as the Navier-Stokes equations).
Through numerical methods, they are discretized into simple linear systems.
Consequently, the problem reduces to the resolution of these linear systems,
which are typically very large and sparse. To solve these systems, the most
e cient approach is not found in classical direct methods (e.g., Lower-Upper
(LU) decomposition, Gaussian elimination, etc.) commonly used for dense
matrices but rather iterative methods [27]. These methods are termed "it-
erative" because they involve executing a sequence of consecutive iterations
such that, in the limit, the solution vector converges to the true solution
vector. From a computational perspective, a crucial aspect is that these
methods rely heavily on SpMV. It is precisely this speci ¢ kernel that must
be targeted to accelerate this type of application.

CFD simulations, therefore, serve as an excellent benchmark for evalu-
ating parallel computing systems in low arithmetic intensity regimes. This
is exempli ed by the High Performance Conjugate Gradients (HPCG) [8]
benchmark, which is designed to simulate precisely these workloads, in con-
trast to its dual, the more famous High-Performance Linpack (HPL) [26],
which evaluates dense algebra workloads characterized by high arithmetic
intensity.
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1.2 Vector architectures

Within the parallel computing landscape, various programming paradigms
are adopted depending on the architectural nature of the underlying sys-
tem. Currently, the standard approach in HPC involves a combination of
distinct parallelism levels: distributed parallelism via Message Passing Inter-
face (MPI) across multiple physical nodes, xed-length Single Instruction,
Multiple Data (SIMD) parallelism (e.g., Intel AVX [16], Arm Neon [2]), and
Graphics Processing Unit (GPU)-based acceleration (e.g., Compute Uni ed
Device Architecture (CUDA) [22], Single-source C++ Heterogeneous Pro-
gramming (SYCL) [17]).

This highly heterogeneous technology stack presents signi cant challenges
in software development. GPU programming typically relies on decomposing
workloads into thousands of threads managed by complex hardware schedul-
ing, often requiring the management of disjoint memory spaces. Conversely,
xed-length SIMD technologies, such as AVX, su er from inherent rigidity.
By exposing the vector length directly within the instruction set, they lack
versatility; any change in the hardware vector width necessitates code re-
compilation to maintain e ciency.

To address these limitations, the HPC landscape is currently witnessing
a renaissance of Vector Length Agnostic (VLA) architectures. This model
relies on the integration of dedicated vector registers within the processor,
paired with vector functional units capable of natively performing operations
on vector operands. A crucial feature of this paradigm is that the number
of elements processed in a given operation is determined at runtime, rather
than being xed in the instruction set.

Historically rooted in the seminal Cray supercomputers, this paradigm
has been revitalized by modern systems such as the Fujitsu A64FX (which
powers the Fugaku supercomputer [28]), NEC SX-Aurora TSUBASA [30],
and EPAC.

The primary architectural target selected for this thesis is EPAC, de-
veloped within the European Processor Initiative (EPI). Built upon RVV,
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Figure 1.2: EPAC1.0 Test Chip in GF22 Technology [9]

EPAC implements a highly aggressive long-vector architecture.

Complementing this, the research also targets the Monte Cimone RISC-V
cluster, a multi-node infrastructure powered by commercial RISC-V proces-
sors featuring vector support.

1.3 OpenFOAM framework

The OpenFOAM framework was selected as the primary application tar-
get for this thesis. OpenFOAM is an open-source software for CFD, it is
extensively utilized across both industrial and academic sectors. Currently,
OpenFOAM scales from individual workstations to large-scale supercomput-
ers, relying on MPI for distributed parallelism via domain decomposition.

However, hardware acceleration support remains limited. GPU accel-
eration is still in an experimental phase; while initiatives such as SPUMA
[7] (developed by CINECA) exist, they have not yet been integrated into
the standard, upstream release of the software. Similarly, support for xed-
length SIMD extensions (e.g., Intel AVX, Arm Neon) is constrained, rely-
ing primarily on compiler auto-vectorization rather than explicit optimiza-
tion. Crucially, the framework's internal data structures lack speci c memory
layouts designed to facilitate vectorization. Consequently, the objective of
implementing and exploring the vectorization of key framework kernels for
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Figure 1.3: OpenFOAM framework GUI

RISC-V Vector architectures serves as a compelling case study and a signif-
icant technological demonstrator.

1.4 Contributions

The objective of this project was to evaluate the feasibility of accelerating
OpenFOAM's multigrid solver, named GAMG, through vectorization based
on RVV intrinsics.

The central hypothesis was that by transitioning matrix storage from the
default format to a vector-friendly layout, and by isolating and vectorizing
the most computationally signi cant sections using RVV intrinsics, a net
performance gain could be achieved, outweighing the overhead introduced
by format conversion.

The main contributions of this thesis are the following:

i) The vectorization of SpMV kernel in di erent storage formats;

i) The integration of a fully vectorized smoother into OpenFOAM's multi-
grid solver;
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i) Performance benchmarking, microarchitectural pro ling, and scalabil-
ity study of both SpMV's microkernels and full-scale OpenFOAM sim-
ulation applications leveraging the optimized multigrid solver.

In terms of experimental results, our intrinsic-based vectorization ap-
proach yielded signi cant performance improvements. Speci cally, for the
isolated vectorized smoother, we achieved a 6x speedup on the EPAC pro-
cessor and a 1.5x speedup on the SG2044 processor. When evaluating the
complete end-to-end simulation, the overall speedup reached 1.62x on EPAC
and 1.16x on SG2044, compared to the respective scalar baseline versions.
This demonstrates that substantial performance gains can be realized by
adopting alternative data formats compared to OpenFOAM's defaults and
by leveraging intrinsic-based vectorization.



Chapter 2

SIMD, Vector processors and
EPAC accelerator

As mentioned before, nowadays parallelism is exploited in current archi-
tectures in many forms. To systematize these diverse implementations, the
possible parallelism paradigms are described by the taxonomy introduced by
Michael Flynn in 1966 [11]. This classi cation categorizes computers based
on two independent dimensions: parallelism in the Instruction Stream and
parallelism in the Data Stream. The combination of these two streams gen-
erates four main categories:

Figure 2.1: The four categories of Flynn's computer architecture taxonomy.
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~ Single Instruction, Single Data (SISD): This category represents
the traditional sequential uniprocessor. At any given moment, a single
instruction acts on a single data stream. Although seemingly simple,
modern SISD processors heavily exploit Instruction-Level Parallelism
(ILP) through technigques such as pipelining, speculative execution, and
superscalar execution, while maintaining the illusion of sequential exe-
cution for the programmer.

Examples: Intel Pentium.

A

SIMD: In this model, a single instruction is sent to multiple processing
units, which execute the same operation on di erent data elements
simultaneously. This approach exploits DLP. It is particularly energy-
e cient as it reduces the overhead of instruction fetch and decode: a
single instruction controls multiple arithmetic operations.

Examples: Vector architectures (RVV, SVE), GPUs, xed-length SIMD
(AVX, Arm Neon (NEON)).

A

Multiple Instruction, Single Data (MISD): In this architecture,

multiple instructions operate independently on the same data stream.
It is a theoretical category that has found little commercial practical
application.

A

Multiple Instruction, Multiple Data (MIMD): Each processor

in the system executes its own instruction stream on its own data in-
dependently. This is the most exible and general model, capable of
exploiting Thread-Level Parallelism (TLP). However, it is generally
more expensive and complex to manage than SIMD.

Examples: Modern multicore processors.

In the following section, we focus on vector processors within the context
of the SIMD paradigm, highlighting similarities and di erences with their
xed-length and GPU counterparts.
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2.1 Vector Processors

The main idea behind vector processors is to exploit DLP by amortizing

the overhead of instruction fetch and decode. Unlike the scalar execution

model, which operates on single values, vector architectures process vectors

containing multiple elements through a single instruction. This paradigm

shifts the focus from optimizing the execution of individual instructions to

sustaining a high throughput of data operations.

2.1.1 Key Architectural Features

A vector processor is characterized by three fundamental architectural

pillars that distinguish it from traditional scalar processors:

N

A

N

VLA: Unlike xed-width SIMD units that expose the hardware register
size to the programmer, vector architectures decouple the instruction
set from the physical implementation. The hardware provides a Vector
Length Register (vl) that controls the number of elements processed.
This allows the same binary code to run on hardware with di erent
vector register sizes, adapting dynamically to the available parallelism
without recompilation.

Flexible Memory Access: Vector processors are designed to operate

e ciently on non-contiguous data structures, a common occurrence in
scienti c computing (e.g., sparse matrices in CFD). While traditional
SIMD often requires data to be packed contiguously or relies on of-
ten ine cient gather/scatter implementations, vector architectures are
optimized to natively support strided access and gather/scatter oper-
ations (indexed loads/stores). This capability allows the processor to
fetch distributed data elements directly into vector registers, e ectively
decoupling the memory layout from the processing logic.

Amortized Instruction Overhead: While scalar processors also uti-
lize pipelined functional units, vector architectures exploit them to
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amortize the control overhead. A single vector instruction initiates
a sequence of operations on multiple elements (controlled by vl). This
implies that the cost of fetching and decoding the instruction is paid
once but amortized over the entire length of the vector. Consequently,
the processor spends a larger fraction of cycles performing actual com-
putation rather than control logic, sustaining high throughput even
with deep pipelines.

Even with a basic single-lane implementation, this model drastically re-
duces instruction bandwidth, as fewer instructions need to be fetched and
decoded to process large workloads.

2.1.2 Multi-lane Implementation

The natural evolution of the single-lane model involves complementing
the existing temporal parallelism (pipelining) with spatial parallelism. By
replicating functional units, the architecture creates parallel lanes.

In a multi-lane con guration, the vector register le and functional units
are distributed across lanes, allowing the processor to compute multiple data
elements simultaneously within the same clock cycle. Once the initial pipeline
startup latency is overcome, the system can sustain a throughput signi cantly
higher than one result per cycle, scaling with the number of lanes.

2.1.3 Comparison with Other DLP Paradigms

To better contextualize vector architectures, we compare them against
two distinct approaches to exploiting DLP:

~ Fixed-Length SIMD (e.g., Intel AVX, ARM NEON): This
model exposes the vector length through speci ¢ Instruction Set Ar-
chitecture (ISA) variants or binary encodings (e.g., 128-bit or 256-bit
registers). While hardware implementation is straightforward, it intro-
duces code rigidity: porting to a wider architecture typically requires
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Figure 2.2: Single lane vs multi lane vector processor [14]

recompilation. Furthermore, loops require explicit "tail" or "remain-
der" code to handle iteration counts that are not multiples of the vec-
tor width. In contrast, vector architectures utilize hardware-supported
strip-mining via the vl register (e.g., using vsetvli in RISC-V), elimi-
nating the need for manual tail loops and ensuring binary compatibility
across di erent hardware implementations.

"~ Graphics Processing Units (GPU / Single Instruction, Multi-

ple Threads (SIMT)):

GPUs utilize the SIMT model. SIMT can be viewed as an evolution of

Flynn's SIMD taxonomy: it combines the e ciency of hardware-level

vector execution with the exibility of a multi-threaded abstraction.

While the hardware executes instructions in lockstep (grouped into

"warps"), the programming model follows the Single Program, Multi-

ple Data (SPMD) paradigm. In SPMD, the programmer writes code

for a single scalar thread, and the hardware/runtime spawns thousands
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of instances to process di erent data elements in parallel. While e ec-
tive for massive throughput, this model relies on complex hardware
scheduling to hide latency.

Among these paradigms, vector architectures o er superior architectural
elegance and generality. By decoupling the programming model from the
hardware implementation details (speci cally register width), they ensure
VLA. This allows the same program to execute on di erent hardware im-
plementations, a key advantage for the longevity and portability of scienti c
codes.

2.2 RISC-V and the Vector Extension

RISC-V [33] is an open standard ISA based on established Reduced In-
struction Set Computer (RISC) principles. Unlike proprietary ISAs, it is
free regarding licensing fees, enabling broad adoption in both academic and
industrial settings. Its design is fundamentally modular: it consists of a
minimal base integer ISA combined with optional standard extensions. This
allows architects to tailor the hardware implementation to speci ¢ domain
requirements.

Within this ecosystem, the RVV was introduced as a vector-length ag-
nostic extension to the RISC-V ISA. It is designed as a general-purpose
approach, allowing for highly diverse hardware implementations.

The architectural state added by RVV includes:

" Vector Registers: 32 vector registers, named vO through v31, each
with a width of VLEN bits.

~ Vector Functional Units: Pipelined functional units capable of oper-
ating on vectors (e.g., Floating-Point (FP), Integer, Logic) completely
decoupled from memory access.

" Vector Load/Store Unit: Specialized hardware responsible for trans-
ferring data between memory and vector registers. It handles complex
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Figure 2.3: RV64V Architecture [14]

access patterns (stride, indexed scatter/gather) and manages the high
bandwidth required to feed the functional units.

Vector registers are characterized by several key parameters. Some are
constant hardware parameters de ned by the implementer (Vector Register
Length (VLEN), Element Length (ELEN)), while others are runtime con g-
urations stored in CSRs, speci cally vl and vtype.

Constant Parameters:

" VLEN: The width of a vector register in bits. It is a power-of-two
constant chosen by the implementer (typically 128 bits).

" ELEN: The maximum size of a single vector element in bits. RVV
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elements range from a minimum of 8 bits up to ELEN (usually 32 or
64 bits). It must be a power of two, with 8 ELEN VLEN.

Runtime Parameters:

"~ vtype: A CSR that describes the data format for the current operation.
It includes:

Selected Element Width (SEW): The size in bits of the ele-
ments currently being processed (8 SEW ELEN).
LMUL: A con guration that allows grouping multiple vector reg-

isters together.

~ vl (Vector Length): Species the number of elements to be processed
by the vector instruction.

Figure 2.4: Structure of an RVV Register [10]

To harmonize operations across di erent element sizes or to operate on
logical vectors larger than the physical registers, the LMUL parameter can
be adjusted:

"~ When LMUL = 1, operations use exactly one vector register group
(one physical register).
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" When LMUL < 1 (Fractional LMUL), operations use a fraction of a

vector register (LMUL 2 f1=2;1=4;1=8g), allowing for more e ective
register utilization with small data types.

"~ When LMUL > 1, the operation uses a vector group of LMUL con-
secutive vector registers. For example, with LMUL = 2, there are 16

vector groups, addressed by even indices: vO, v2, v4, ..., v30 (where vO
logically includes vO and v1).

Figure 2.5: Register grouping using the LMUL parameter [10]

Several key instructions form the backbone of RVV operations. These

include standard vector-vector arithmetic instructions, such as vadd (vector
add) and vmul (vector multiply).

Regarding memory access, RVV supports versatile addressing modes to
e ciently handle diverse data layouts:

~ Unit-stride loads (vle): For contiguous memory access. Function-

ally, these are a special case of strided loads where the stride equals the
element size (stride=1).
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~ Strided loads (vise): For non-contiguous access where elements are
separated by a constant distance (stride) in memory.

" Indexed loads or "Gather" (vluxei): For loading elements from ar-
bitrary memory locations speci ed by a vector of indices. (e.g., indirect
memory access like A[B]i]]).

However, the most distinctive feature of the ISA is arguably the con-
guration instruction, vsetvli. This instruction allows the application to
dynamically set the number of elements to be processed by subsequent vec-
tor instructions at any point in the execution ow. This mechanism is the
key to the vector-length agnostic programming model, as illustrated in the
following example.
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Scalar C implementation of y[i] =a x[i] + y[i]
/I Standard DAXPY implementation
void daxpy(size_t n, double a, const double *restrict x, double *restrict y)
{
for (size_t i = 0; i < n; i++) {
ylil = a * x[i] + y[il;
}
}
RISC-V Scalar RISC-V Vector (RVV) x86-64 Intel AVX
(One element per iter) (Vector Length Agnostic) (Fixed 256-bit width)
daxpy: daxpy: daxpy:
beqz a0, .L_end # N==07? beqz a0, .L_end # N==07? mov rex, rdi
exit exit and rcx, -4 # N mult
.L_loop: li a3, 0 #1i=0 4
fld fa5, 0(al) # Load .L_loop: xor rax, rax #1i=0
X[i] # Set vl & config (LMUL=2)
fld fad, 0(a2) # Load vsetvli a4,a0,e64,m2,ta,ma .L_vector:

YIi]

#Y =Y + a*X
fmadd.d fa5,fa0,fa5,fa4

fsd fa5, 0(a2) # Store
Y[i]

addi al, al, 8 # X ptr
+=8

addi a2, a2, 8 # Y ptr
+=8

addi a0, a0, -1 # N--

bnez a0, .L_loop #
Repeat

.L_end:
ret

slli a5, a3, 3 # i * 8
add a6, al, a5 # &XJi]
add a5, a5, a2 # &VYIJi]
vie64.v v8, (ab) # Load
vec X

vle64.v v10, (a5) # Load
vec Y

sub a0, a0, a4 # N -= vl

#Y =Y + a*X
vfmacc.vf v10,fa0,v8

vse64.v v10, (a5) # Store
vec Y
add a3, a3, a4 # i += vl
bnez a0, .L_loop# Loop if
N!=0
.L_end:

ret

# -- MAIN LOOP (4 elems) --
vmovupd ymm1l, [rsi+rax*8]
vimadd213pd ymm2,ymmO,ymm1l
vmovupd [rdx+rax*8], ymmz2

add rax, 4 # i += 4
cmp rax, rcx
jl .L_vector
cmp rax, rdi # Tail?
jge .L_end

.L_tail:
# -- TAIL LOOP (1 elem) --
vmovsd xmm1l, [rsi+rax*8]

vimadd213sd xmm2,xmmO0,xmm1l

vmovsd [rdx+rax*8], xmm2
inc rax #0+= 1
cmp rax, rdi
jl .L_tail

.L_end:

ret

Figure 2.6: Code comparison: DAXPY implementation. Targets: RISC-
V Scalar (GCC -0O2 -fno-tree-vectorize), RVV (Clang -O2 -mllvm

-prefer-predicate-over-epilogue=predicate-dont-vectorize),

X86-

64 AVX (GCC -0O3 -mavx2). Note how RVV elegantly handles arbitrary
memory lengths within a single compact loop via vsetvli, whereas AVX

requires xed-width loop increments and a separate scalar tail loop. The

AVX assembly is simpli ed for readability.
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The example presented above represents a classic dense linear algebra ker-
nel, widely used in scienti c computing. The assembly code clearly demon-
strates the architectural e ciency and exibility of the RVV approach com-
pared to both scalar execution and traditional xed-width SIMD extensions
like AVX.

We can identify two macro-advantages:

" Instruction E ciency: RVV drastically reduces the dynamic in-
struction count compared to the scalar version. By processing vl el-
ements per instruction, the cost of loop control (pointer arithmetic,
counters, and comparisons) is amortized over the vector length. This
implies that the loop body is executed roughly N=vl times fewer, con-
sequently reducing the number of loop-control branches that the hard-
ware must predict and execute.

~

VLA and Portability: Since vl is adjusted at runtime based on the
hardware implementation (VLEN) and the remaining elements, the code
dynamically adapts to the available hardware parallelism. Crucially,
the same binary code is forward-compatible: it can run without recom-
pilation on future architectures with larger VLEN, inherently exploiting
the increased vector width. This contrasts with xed-width ISA exten-
sions (e.g., moving from AVX2 to AVX-512), which often require recom-
pilation or code duplication to leverage wider registers. Furthermore,
thanks to the hardware-managed vector length via vsetvli, RVV sim-
pli es the control ow by eliminating the need for explicit "cleanup”
loops (tails) to handle non-aligned element counts.

Driven by these considerations, the clear e ciency gains, and the open
nature of the architecture, the EPI has selected the RISC-V Vector agnostic
model for its vector accelerator, which we will analyze in the next section.
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Figure 2.7: Comparison between RVV, AVX-512, Arm SVE, NEC SX ISA
[10]

2.3 Long Vector Architectures and the EPAC

Accelerator

2.3.1 Motivation for long vector architectures

In the context of vector processors, the ideal scenario for SIMD parallelism
would be to have as many vector units as the number of elements mappable in
the vector registers, i.e., V kax = Num. Functional Units. In practice, for
architectures with very long vector registers (long vector architectures) this
is not feasible, as implementing hundreds of functional units is prohibitive in
terms of chip area, power consumption, production cost.

Given this limitation, it is interesting to investigate the e ciency and
behavior of long vector architectures where Vilax far exceeds the number
of functional units (V Lyax Num. Functional Units), and to explore the
optimal design trade-o between V lyax and the number of functional units.

These analyses were conducted in [32], where a customizable

Field-Programmable Gate Array (FPGA)-based setup was used to simu-
late and study a con gurable long vector architecture featuring 8 lanes and
very long registers (up to 256 double-precision elements, totaling 16 kbits).
The setup is con gurable to simulate di erent levels of memory bandwidth
(ranging from 1 to 64 Bytes per cycle) and memory latency (by adding an
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Figure 2.8: Short vectors vs Long vectors [6].

arbitrary number of extra cycles to main memory access). The experiments
were conducted on four computational kernels relevant to HPC workloads in
the sparse regime, including SpMV. These experiments were systematically
repeated using various combinations of vector length, memory bandwidth,
and memory access latency, evaluating whether using a high VL brings ben-
e ts despite the xed number of lanes. The conclusions of this work high-
lighted two key characteristics of long vector architectures:

1. Long vector architectures tolerate memory latency better than
their short vector counterparts: When latency is added to the
memory subsystem, vector architectures are less penalized than scalar
ones, a phenomenon that is even more pronounced in long vector ar-
chitectures compared to short vector ones.

2. Long vector architectures achieve higher bandwidth utiliza-
tion: It was observed that while single-core scalar implementations do
not benet from a bandwidth higher than 1 or 2 Bytes/Cycle, long
vector implementations can naturally utilize bandwidths of 32 or 64
Bytes/Cycle.
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Extra latency [cycles]

(a) Scalar vs Vector execution with increasing VL depending
on added latency. (low is better)

Maximum bandwidth [bytes/cycle]

(b) SpMV kernel execution time normalized to 1 Byte/Cycle
limit. (low is better)

Figure 2.9: Performance analysis of the SpMV kernel under various memory
latency and bandwidth constraints [32].

The experimental setup, named FPGA-SDV, was speci cally designed to
emulate parts of the EPAC, combining a RISC-V scalar core with a large
VPU.

Based on this rationale, the EPI decided to adopt a long-vector approach
for the project's vector accelerator, EPAC, which will be analyzed in detail
in the following section.
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2.4 EPAC 1.5 Accelerator Architecture

The EPAC, developed within the scope of EPI project, represents the con-
sortium's primary platform designed to address HPC workloads. Its latest
iteration, EPAC 1.5, was successfully manufactured in 2023 using Global-
Foundries 22FDX low-power technology.

EPAC 1.5 adopts a modular, heterogeneous tile-based architecture. Un-
like monolithic designs, the chip integrates distinct accelerators specialized
for di erent computational domains. These tiles are interconnected via a
high-speed Network-on-Chip (NoC) that allows them to share data e ciently.

Figure 2.10: EPAC 1.5 accelerator tape-out with multi-tile structure. [20]

The architecture comprises three distinct processing units:

" (STX) Many-core stencil/machine learning accelerator tile:
Designed by ETH Zurich and Fraunhofer IS, this unit is highly spe-
cialized for machine learning workloads and stencil computations, pro-
viding extreme e ciency for speci c dense kernels.

A

(VRP) Variable precision tile: Designed by CEA, this tile features

a general-purpose core extended to support variable precision arith-
metic. It o ers algorithmic exibility for scienti ¢ applications where
standard IEEE oating-point precision is either insu cient (requiring
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higher accuracy) or overkill (allowing for reduced precision to save en-
ergy).

N

(VEC) Vector accelerator tile: Designed by BSC and Semidynam-

ics, this tile combines a standard RISC-V scalar core with a long vector
unit VPU. It acts as the primary engine for general scienti c comput-
ing, capable of processing large amounts of data in parallel using long
vectors. This is the main focus of this thesis and it will be described
further below.

2.4.1 The VEC Tile Architecture

In its latest iteration, EPAC 1.5 integrates two independent General Pur-
pose VEC Tiles. Each tile operates as an autonomous unit, possessing its
own scalar core and a dedicated VPU. Although, these two cores can be
leveraged simultaneously by partitioning the application workload into two
threads, utilizing parallel programming models such as MPI or OpenMP.
This thesis focuses on the characterization and analysis of a single VEC tile
execution (single-threaded).

Figure 2.11: EPAC accelerator multi-tile structure with focus on the VEC
tile architecture. [20].

Speci cally, each VEC tile implements a heterogeneous coupling of a
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