
Open, cross-architecture acceleration of data analytics
with SYCL and RISC-V

Ivan Donchev Kabadzhov1 José Morgado2

Aleksandar Ilic2 Raja Appuswamy1

1Data Science Department, Eurecom, Biot, France
2INESC-ID, Instituto Superior Técnico, Universidade de Lisboa, Lisbon, Portugal

Abstract. The past few years have witnessed the growth in popularity of two
standards for accelerating AI and analytics. On the hardware front, the advent
of RISC-V, an open instruction set architecture, has ushered in a new era in
standards-based design and customization of microprocessors. On the program-
ming front, SYCL has emerged as a cross-vendor, cross-architecture, data par-
allel programming model for all types of accelerators. In this work, we take the
first steps towards bringing these two standards together to enable a new line of
work on fully-open, vendor-neutral, cross-architecture-accelerated database en-
gines by developing SYCLDB–a SYCL-based library of key relational operations
that works together with the oneAPI Construction Kit (OCK) to target multi-
vendor CPU and accelerator backends. Using SYCLDB, we perform a compara-
tive evaluation with micro and macrobenchmarks to show that SYCLDB can (i)
exploit vectorization provided by RVV accelerators, (ii) provide performance on-
par with CUDA counterparts on NVIDIA GPUs, and (iii) exploit multithreading
in x64 and RISC-V CPUs, all the while using a single code base.
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1 Introduction

The growing popularity of AI and analytics in virtually all application domains has led
to a rapid increase in the amount of data gathered by enterprises and scientific institu-
tions alike. Modern analytics and AI workloads are incredibly diverse and consist of
a range of scalar, vector, and matrix computations. Thus, the traditional workhorse of
the computing industry, the general-purpose CPU, cannot be optimized to meet the di-
verse requirements of such heterogeneous workloads [6]. This shortcoming of CPUs,
in combination with the cessation of Dennard scaling, has led to a Cambrian explosion
in the adoption of hardware acceleration solutions that can meet the demands of ex-
treme scale AI and analytics workloads. Unfortunately, most popular solutions today,
be it vertically-integrated, application-specific accelerators like Google TPU, or gen-
eralized, massively data-parallel SIMT processors like NVIDIA GPU, use proprietary,
closed hardware—software stacks, leading to a monopolization of the analytics acceler-
ation market by a few large industry players. Thus, there has been a growing interest in
developing open, standards-based, cross-vendor approach to hardware acceleration as
witnessed by the rise in popularity of two key standards, namely, RISC-V and SYCL.
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Over the past few years, RISC-V, a standardized, free, open Instruction Set Archi-
tecture (ISA), has emerged as an alternate solution in the AI acceleration space. At its
core, RISC-V has a very simple ISA with 47 instructions. But application verticals can
customize the ISA with optional extensions that are often realized through specific li-
censing deals between a RISC-V vendor and the licensee. Thus, RISC-V creates a new
business model that allows companies to provide commercial support and other deliver-
ables that are needed for the processor verification or integration into a chip. Further, the
RISC-V ISA, with recent extensions like support for IEEE-754 floating-point standard,
and the highly customizable RISC-V vector extension (RVV), has emerged as a viable
alternative to x64 and ARM for supporting compute- and data-intensive workloads. For
instance, SG2042 is a RISC-V CPU designed for high performance workloads [3].

As the RISC-V ecosystem continues to evolve, we are also starting to see RISC-
V accelerator solutions. This naturally necessitates an open programming model that
supports a cross-vendor, cross-architecture computation offloading. Over the past few
years, SYCL has emerged as a higher-level programming model that brings hardware
acceleration to mainstream C++ with the goal of making it easy to write new soft-
ware similar to CUDA. Expressing data-parallel computations in SYCL provides two
key advantages over other competing programming models. First, SYCL builds on a
portable high-level programming language by implementing an open standard in con-
trast to other data-parallel languages that are proprietary (CUDA) or low level in nature
(OpenCL). In doing so, SYCL enables the development of portable, cross-architecture
applications. Second, SYCL is a single-source by nature as it allows host and device
code to co-exist in a single file unlike other programming models. This allows the SYCL
compiler the ability to analyze and optimize across the entire program regardless of the
device on which the code is to be run.

In this work, we take the first steps towards bringing together these two standards
to enable the development of a new generation of data analytics engines that can sup-
port and exploit open, standards-based hardware acceleration. We present SYCLDB,
a library of relational primitives implemented in SYCL, that can be used to execute
SQL operations on RISC-V CPUs and RVV accelerators. Using SYCLDB, we per-
form an experimental evaluation of a real RISC-V CPU (SG2042) and present the first
Cache-aware Roofline Model (CARM) analysis of a database workload on a RISC-V
CPU to understand (i) how effectively SYCLDB exploits underlying hardware, and (ii)
what are the bottlenecks in executing SYCLDB queries. We also provide an evalua-
tion and analysis of an x64 CPU as a point of comparison. On the accelerator side, we
demonstrate the ability to execute SYCLDB on an FPGA-based RISC-V accelerator
platform. In addition, we also present an evaluation of using SYCLDB on NVIDIA
GPUs to show that it can match the performance of its state-of-the-art CUDA counter-
parts. Finally, we outline new opportunities provided by SYCL and RISC-V in devel-
oping performance-portable, cross-architecture-accelerated database engines. We make
SYCLDB open source 1 to enable further research on these topics.

1 https://github.com/SYCLOPS-Project-EU/SYCLDB
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2 Design

In this section, we first present the design of SYCLDB while highlighting relevant as-
pects of SYCL. Then, we describe the infrastructure based on oneAPI Construction Kit
used to execute SYCLDB queries on RISC-V CPUs and RVV accelerators.

2.1 SYCLDB Relational Operations

Primitive functions.
SYCLDB is structured around a set of low-level primitives designed to implement

relational operators efficiently across heterogeneous hardware. The current set includes
selection, hashtable build, hashtable probe, and aggregation. These primitives follow
established design patterns from prior database acceleration efforts [13] and can be
composed to support complex operations.

Selection supports multiple conditions by scanning each tuple only once. Instead of
materializing intermediate results per condition, we use a compact flag array to track
which tuples satisfy the conjunction of conditions.

Join is implemented using a combination of build and probe primitives. The build
primitive constructs a hash table using the smaller relation, employing linear probing
for its simplicity and regular memory access patterns. The probe primitive scans the
larger relation and performs lookups in parallel using a remainder-based hash function.

Aggregation relies on the reducer abstraction introduced in the SYCL 2020 re-
vision, enabling efficient computation of sum, product, minimum, and maximum over
trivially copyable C++ types.

Implementing SQL queries. SYCLDB is not a full-fledged database engine. Con-
structing a cross-architecture-accelerated database engine with SYCLDB requires sev-
eral other components, like a SQL query parser to produce a query plan, an optimizer to
perform cost-based optimization of the plan, etcetera. In this work, we focus on study-
ing the individual SYCL-based relational primitives in SYCLDB rather than focusing
on a full-fledged database implementation. Thus, similar to other CUDA-based accel-
eration libraries [13], SYCLDB implements SQL queries by directly invoking relevant
primitives instead of parsing and interpreting SQL.

Real-world queries often involve complex multi-way joins and conjunctive selec-
tion predicates. A naive implementation might assign each primitive to a separate ker-
nel, submitted independently to the SYCL queue. However, this strategy incurs high
overhead from repeated kernel launches and necessitates full materialization of inter-
mediate results. Instead, SYCLDB adopts a pipelined execution strategy, combining
multiple primitives within a single parallel_for. For instance, a selection primitive
operates per-tuple, evaluating predicates and updating a local boolean flag. If the tuple
satisfies all conditions, it is immediately passed to the aggregation logic within the same
kernel. This approach avoids redundant memory accesses and eliminates intermediate
materialization by maintaining selection state in-kernel. Listing 1 illustrates this pattern.

Minimizing Transfer Overheads and Scaling to Multiple Accelerators Prior work
on GPU-accelerated database design has demonstrated that in order to achieve max-
imum performance with GPUs, it is necessary for all data to be GPU resident [13].
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template <typename T> void select_primitive( // acting on 1 element
bool &sf, T c, logic_op log /*AND, OR*/, comp_op comp /*<, >*/, T v){
logic(log, sf, compare<T>(comp, c, v));

}
q.parallel_for(F.len, [=](sycl::id<1> i...){

bool sf; // selection flag (accumulates condition)
select_primitive<float>(sf, f1[i], NONE, GT, 3); // sf=(f1[i]>3)
select_primitive<float>(sf, f2[i], AND, LT, 5); // sf=sf&&(f2[i]<5)
// if row satisfies predicate, add f3[i] to sum
if (sf) sum.combine(f3[i]);

}

Listing 1: SYCLDB query corresponding to the SQL statement SELECT SUM( f3)
FROM F WHERE f1 > 3 AND f2 < 5

However, as each GPU has limited onboard memory, it might not be feasible in all
cases for data to reside on a single GPU. Thus, some GPU database engines use host
CPU memory to store all data and perform staged query execution. SYCLDB also sup-
ports such staged execution by partitioning data stored in CPU memory into chunks
such that it can overlap the transfer of one chunk with the kernel execution of another
chunk. For some operators, like selection or projection, this is relatively straightforward
to implement; columns that are input to these operators are partitioned on the fly to en-
able overlap. However, a join operation cannot be arbitrarily partitioned as it has distinct
build and probe phases. Typical analytical databases often follow a star schema [11] that
result in join queries having one or more dimension tables that are very small, and one
large fact table. Distributed database engines [5] perform query execution across nodes
by first creating a copy of the small dimension tables on each node, using them to build
a hashtable in parallel. The probe table is then partitioned across nodes to perform the
join in parallel. SYCLDB follows a similar strategy by building a hash table on each
accelerator. The probe table, in contrast, is partitioned into distinct chunks, with each
accelerator processing a unique subset of chunks. In terms of implementation, we use
SYCL events to overlap data transfers and kernel execution.

2.2 SYCLDB on RISC-V with OCK

As mentioned earlier, one of the goals of our work is to investigate the suitability of
SYCL for exploiting RISC-V CPUs and more importantly, offloading database opera-
tions to RVV accelerators. We use the recently open-sourced oneAPI Construction Kit
(OCK) to enable this. OCK provides the OpenCL driver for RISC-V that enables run-
ning SYCL kernels on the RISC-V CPU. We use it to execute SYCLDB queries on
the 64-core SG2042 RISC-V CPU. For offloading SYCLDB queries to custom acceler-
ators (including RVV accelerators), OCK provides supporting infrastructure to enable
the development of an accelerator-specific OpenCL backend using a Hardware Abstrac-
tion Layer (HAL). In reality, an RVV accelerator would be an ASIC. However, for this
work, we relied on SYCLARA [1]–an end-to-end, hardware–software testbed consist-
ing of a CVA6 RISC-V soft core [14] and ARA2 [4] RVV1.0 implementation running
on a Xilinx Virtex UltraScale+ FPGA. SYCLARA also contains relevant support to
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enable booting and running Linux with networking support on the RISC-V soft core.
To offload SYCLDB queries to SYCLARA, we relied on the OCK remote Hardware
Abstraction Layer which provides a server and a client, which are programs that can
be run on any standard Linux installation, and use socket connections to communicate
with each other. We run the OCK server on the FPGA Linux distribution and the OCK
client on an x64 machine. The OCK client provides an OpenCL backend that when
targeted, will result in SYCL kernels being JIT compiled to generate RVV instructions
that are forwarded for execution to the server. Using this approach, when SYCLDB is
executed targeting the OCK client, its queries get offloaded to the OCK server, and the
generated RVV instructions are executed on SYCLARA RVV accelerator.

3 Evaluation

In this section, we will present the results of our experimental evaluation. Our goal
is to answer the following questions: (i) how does SYCLDB scale on NVIDIA GPU
and compare with CUDA-based, state-of-the-art Crystal library [13]?, (ii) how well
does SYCLDB utilize RISC-V CPUs? and (iii) how well does SYCLDB benefit from
offloading its query to the RVV accelerator?

3.1 Setup

Hardware and Software Setup. Our hardware testbed consists of the following:

– A x86-64 server equipped with a 24-core Intel(R) Core(TM) i9-10920X Cascade
Lake CPU clocked at 3.50GHz and 128GB of DDR4 RAM. The system runs
Ubuntu 22.04.5 LTS. We compile SYCLDB with ACPP compiler (v25.02.0).

– Two NVIDIA GeForce L40S GPUs accessed via a PCI-Express Gen4 x16 interface,
which provides a theoretical peak bandwidth of 31.5 GB/s in each direction. We use
the same ACPP v25.02.0, built with NVCC v12.4 support, to target the GPUs.

– A System-on-Chip equipped with a 64-core SG2042 RISC-V CPU clocked at 2GHz
and 128 GB of DDR4 RAM. We use DPC++ from cross_riscv branch of the
PietroGhg/llvm repository 2, specifically the commit f56b10a.

– The SYCLARA RISC-V accelerator. We use the DPC++ compiler (v2024-06-03)
to cross compile SYCLDB, and communicate with the device via OCK v4.0.0.

Benchmarks. For the workload, we generate a synthetic database containing two tables
F and D. Table F is a large fact table containing two columns f1 and f2 both of which
are 4-byte floating point values. Table D is a small dimension table containing two
columns d1 and d2 which are also 4-byte floating point values. We consider two queries:
(i) a projection query, which computes a linear combination of the columns on the
fact table, i.e. SELECT a× f1 + b× f2 FROM F , and (ii) a join query that performs
SELECT SUM ( f1×d1) FROM F,D WHERE f2 = d2. For all experiments, the D table
is fixed at 128MB and the F table is 2GB, following the setup used in prior Crystal

2 https://github.com/PietroGhg/llvm/tree/pietro/cross_riscv
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Fig. 1. Projection query execution time
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Fig. 2. Join query execution time

evaluations [13]. Each experiment is run five times. We discard the first cold run and
report the average of the remaining four. Error margins are omitted as runtime variation
is consistently under 5%.

3.2 Cross-architecture performance of SYCLDB on CPU and GPU backends

Figures 1 and 2 show the execution time of SYCLDB and Crystal on various CPU and
GPU backends. While SYCLDB can support out-of-GPU data access, Crystal is de-
signed explicitly for scenarios where all data sits on the GPU. As our goal here is to eval-
uate SYCLDB and Crystal side by side, all data was made GPU resident for both sys-
tems. There are several important observations to be made. First, comparing SYCLDB
with Crystal, we see that their performance is identical under both queries. Prior work
comparing SYCL versus CUDA for database acceleration had shown CUDA-based im-
plementation to be 4× faster than a SYCL-based one [9]. Our result shows that this
gap has been closed, thanks to improvements in SYCL compiler toolchains. Second,
comparing CPU and GPU, we can see that both queries exhibit a similar trend; the
NVIDIA GPU is 11× faster than the x64 CPU, which in turn, is 2.5× faster than the
RISC-V CPU for the projection query, and 1.4× faster for the join query. This can be
explained by the fact that the memory on the NVIDIA GPU has an order of magnitude
higher memory bandwidth compared to the x64 and RISC-V CPUs. Similarly, SG2042
is one of the earliest RISC-V CPU tape outs available in the market. Given this, it is
understandable that its performance is not competitive with the more mature x64 CPU.

Next, we present an evaluation of SYCLDB when data is not GPU resident. Figures
3 and 4 show the result of executing the two queries on one/two GPU(s) in two scenar-
ios: (i) when data is entirely in GPU memory, and (ii) when the data sits in host CPU
memory. For the former case, the fact table F is partitioned across the two GPUs, and
the dimension table D is copied in each GPU. Thus, SYCLDB executes both projec-
tion and join queries in parallel on both GPUs. For the latter case, when data is in CPU
memory, SYCLDB partitions the data on the fly and performs staged query execution to
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Fig. 3. Projection query execution time on
GPU in various data residency scenarios
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Fig. 4. Join query execution time on GPU in
various data residency scenarios

overlap PCIe data transfers with kernel execution. Here, we present the execution time
of both queries while varying the number of partitions.

First, focusing on the cases where data is in GPU memory, in the projection query,
we can observe a 2× reduction in execution time scaling from one to two GPUs.
Whereas, for the join query, each GPU would need to pay the constant cost of 6ms
for the build table creation. Isolating the build time, we reach 2× improvement. This
shows that SYCLDB can effectively use multiple accelerators for parallel query execu-
tion. Second, when data is in host memory, we can see that the performance of staged
query execution improves with more partitions due to better overlap between data trans-
fers and kernel execution. However, using excessively large numbers of partitions intro-
duces two bottlenecks: (i) decreased PCIe bandwidth efficiency due to smaller transfer
sizes, and (ii) increased kernel launch overhead. Currently, we determine the optimal
number of partitions manually, balancing transfer and execution overlap against these
overheads. In future work, we aim to automate this based on runtime profiling and hard-
ware characteristics.

Finally, the rate of improvement achieved via overlap in staged execution differs
between projection and join queries. For the projection query, execution time drops
from 178.5ms in the non-partitioned case to 95.2ms with partitioning, resulting in a
1.88× speedup. The observed PCIe host-to-device and device-to-host bandwidths on
our hardware was in the range of 22-23GB/s. For this query, the input consists of two
columns amounting to 2GB. Thus, just the transfer of the 2GB input table on which
the projection is being done will take around 90ms. The output of the projection query
consists of one column amounting to 1GB. Thus, the device to host transfer would take
an additional 45ms. Hence, even excluding the kernel execution time, the projection
query without any overlapped transfers would take 135ms. In contrast, our execution of
95.2ms shows that SYCLDB is able to overlap the host-to-device transfer with device-
to-host transfers and kernel execution to reduce overall execution time. For the join
query, the total runtime improves from 161ms to 105.75ms, that is a 1.52× speedup.
The speedup is less than what was achieved with projection due to the fixed overhead of
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Fig. 5. CARM on RISC-V CPU

Fig. 6. CARM on x64 CPU

12 ms for build-side transfers and 6 ms for building the hash table. In addition, the probe
phase incurs a lot of random memory accesses due to hash table lookups compared to
the sequential scans performed with projection.

3.3 CARM analysis on CPUs

Having presented a comparative evaluation of SYCLDB on various processor backends,
we now answer the question “how well does SYCLDB utilize the RISC-V CPU?” by
presenting a Cache-Aware Roofline Model (CARM) analysis using the CARM Tool [7,
10]. From a theoretical standpoint, the performance of any SYCLDB query can be lim-
ited by two architectural upper-bounds: i) the peak compute performance, typically for
Floating Point (FP) operations in GFLOPS; and ii) peak memory bandwidth of various
memory levels. Regarding the maximum compute performance, both tested RISC-V
and Intel CPUs are capable of retiring up to two FP instructions per cycle (IPC), due to
the presence of 2 FP units per core, both capable of performing FP SIMD instructions
from the widest supported extension (RVV or AVX512). On the memory side, the In-
tel CPU contains three load/store units capable of delivering up to three memory IPC,
while the SG2042 only contains one load/store unit per core offering a maximum of
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one memory IPC. However, these theoretical limits might not always be achievable in
their respective systems, thus we rely on the tailored microbenchmarks integrated in the
CARM Tool to accurately evaluate these limits [10]. In this section, we first present a
CARM analysis of RISC-V and x64 CPUs to understand these limits. Then, we present
a CARM analysis of SYCLDB queries to identify how well they perform relative to
these limits.

Figure 5 shows the results obtained from the CARM tool under the SG2042 RISC-
V CPU. The figure shows the bandwidths and peak GFLOPS obtained for both Scalar
(red lines) and RVV (black lines) using single precision FP operands on 1 thread. As
can be seen, the use of RVV results in approximately 4 times higher L1 bandwidth and
peak GFLOPS for both the Add and Fused-Multiply-Add (FMA) instructions, which is
expected since this RISC-V CPU implements RVV operands with a width of 16 bytes,
capable of executing instructions with up to four single precision FP operands. We can
also notice that for the higher memory levels the performance gain from RVV lowers
to only double of the Scalar performance. We can also verify from the IPC reported for
both L1 and peak GFLOPS that the theoretical limits outlined previously were achieved
with an average deviation of around 0.5%.

The CARM plot for the x64 Intel Cascade Lake CPU is presented in Figure 6,
containing both AVX512 (black lines) and Scalar (red lines) roofs. We can observe
substantial performance improvements from AVX512, with gains of 16 times for peak
GFLOPS and 13 times for L1 bandwidth when compared to Scalar, with diminishing
benefits in higher memory levels. We can also observe that 2.10 and 2.30 IPC for L1
cache were achieved for AVX512 and Scalar, respectively. Although these values do
not reach the theoretical value of three memory IPC, they are in-line with the "sustained
bandwidth" reported by Intel for the Skylake-X architecture (2.08 IPC) [8].

Following the CARM-based hardware evaluation, we now explore the performance
of the SYCLDB projection query on both CPUs in relation to the architectural perfor-
mance limits. The projection query consists of three FP operations (two multiplications
and one addition) that require two loads and one store operation for every element,
which results in an Arithmetic Intensity of 0.25. By measuring the GFLOPS performed
during the execution of the projection query, CARM tool can plot its performance on
the CARM graph for each system, as presented in Figures 5 and 6. As mentioned earlier,
the RISC-V CPU supports both scalar instructions and SIMD computation with vector
instructions. However, the vector instructions supported are based on RVV v0.7.1 spec-
ification, which is deprecated with the official ratified standard being RVV 1.0. Thus,
no SYCL compiler today has complete support for RVV0.7.1. As a result, it was not
possible to compile SYCLDB to generate vectorized RVV instructions and obtain what
could be the peak vectorized performance of the projection query on the RISC-V CPU.
Instead, we were only able to generate scalar RISC-V instructions. Thus, we focus our
analysis on the scalar implementation of the projection in RISC-V. The FPGA accel-
erator results presented in Section 3.4 cover SYCLDB’s ability to exploit RVV 1.0 to
improve performance.

To gain further insight on the performance difference between SYCL and assembly-
specific implementations, we also developed two customized, RISC-V-assembly-based
functions. The first assembly function (referred to as Scalar Assembly in Figure 5) uses
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Fig. 7. Projection times on a RISC-V accelerator

scalar RISC-V instructions to implement the projection query directly in assembly. The
second (referred to as Unrolled Assembly) applies manual unrolling to develop a more
optimized version that can provide performance closer to the peak scalar performance.
Figure 5 shows that the scalar assembly function achieves a 1.3× speedup compared to
the SYCL implementation. We can also see that the unrolled scalar approach improves
performance even more, and is very close to architectural limits defined by the CARM
for scalar instructions. We believe that the difference in performance between SYCL
and assembly can be explained by the fact that SYCL compilation on RISC-V follows
the intermediate SPIR-V path, with the SPIR-V code being JIT compiled by the OCK
OpenCL runtime. It is well known that this path adds some overhead. Recently, a Native
CPU compilation path has been introduced in DPC++ compiler for x64 CPUs where
the kernel code is not compiled to an intermediate SPIR-V, but rather directly to x64
assembly and linked with the rest of the program as a shared library. We will show
the CARM analysis of x64 CPU next using this Native CPU compilation path, but
unfortunately, this path is not available for RISC-V host CPUs.

Figure 6 presents the CARM analysis on the Intel CPU. Similar to SG2042, we
also developed a customized, hand-coded AVX512 assembly to see the difference with
SYCL code. Here, the hand-coded implementation resulted only in marginal speed-
up when compared with the SYCL implementation. This indicates that the different
SYCL compiler target architectures (x64 versus RISC-V) can significantly impact the
performance optimization of the same SYCL code, leading to a better exploration of
the x64 CPU when compared with the RISC-V CPU, and that SYCLDB queries are
able to effectively exploit vectorization when targeting x64 CPUs but not RVV0.7.1 on
RISC-V. Thus, this clearly highlights the need for further work on compiler support for
RVV, especially given the newly ratified RVV 1.0 standard.

3.4 SYCLDB on RISC-V accelerator

Finally, Figure 7 analyzes the scalability of SYCLDB’s projection operator on a RISC-
V accelerator. As discussed in Section 2.2, this evaluation uses the SYCLARA platform,
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which integrates the CVA6 RISC-V soft core with the ARA2 implementation of RVV
1.0. While the SYCLDB benchmark is launched from an x64 host, kernel execution
is remotely offloaded to SYCLARA using the OCK HAL interface. Due to hardware
constraints—specifically, a 1GB memory limit and the overhead of a full Linux OS on
board – we restrict input size to a fact table of size 128MB (224 tuples).

We evaluate projection in two configurations: (i) using RVV-enabled vector exe-
cution on ARA2, and (ii) using scalar execution on CVA6 without RVV. As Figure 7
shows, RVV achieves up to a 2.8× speedup over scalar execution, highlighting that
the SYCL compiler toolchain is capable of generating efficient vector code for RVV
targets, while execution time scales linearly with input size in both modes.

Compared to x64 CPUs and GPUs (Figures 1 and 2), the absolute performance of
the RISC-V FPGA is one to two orders of magnitude lower, which is expected due to
the use of a soft core, limited memory bandwidth, and remote kernel offloading. Nev-
ertheless, this experiment serves to demonstrate the portability of SYCLDB to RISC-V
vector accelerators via OCK, rather than to compete on raw throughput.

4 Future Work & Conclusion

The growing popularity of RISC-V and SYCL has made it feasible to create an open,
standards-based stack for data analytics and AI. In this work, we took the first step
in bringing these two standards together by developing SYCLDB. Our work opens up
several avenues of future research. On the RISC-V front, this is the investigation of
RVV 1.0, the ability of SYCLDB to exploit it, and its comparison to SIMD support in
other architectures. More broadly, the ability to modify the ISA with RISC-V opens
up several opportunities for hardware–software codesign, from developing custom ISA
extensions for functionalities like compression/decompression, to developing RISC-V-
based near-data processors and computational storage solutions. On the SYCL front,
further work is required to understand if newly introduced functionalities, like kernel
fusion that enables multiple SYCL kernels to be fused into one at runtime [12], or SYCL
graphs that enable computations across several kernels to be scheduled together, can be
used to improve query execution on CPUs and GPUs [2]. Recently, SYCL implemen-
tations like AdaptiveCPP have started to add support for automatic, cross-device kernel
execution. Thus, another line of work is investigating policy–mechanism split that can
enable database engines to share information with SYCL runtimes, and vice versa, to
enable automatic query execution on multi-vendor accelerators.
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