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Abstract—Europe’s semiconductor industry relies heavily on
Asian and US manufacturers. The EU Chips Act seeks to
strengthen Europe’s capabilities across the semiconductor value
chain. Aligned with this goal, the Bavarian Chip Design Center
(BCDC) supports local chip design, manufacturing, and talent de-
velopment, with a focus on RISC-V computing and heterogeneous
integration. Within BCDC, the Technical University of Munich
and Fraunhofer are developing a chiplet-based architecture opti-
mized for low-power edge AI. The system integrates two chiplets,
combining a security-enhanced RISC-V core and AI accelerators,
connected via a chiplet-optimized serial interface that supports
encrypted data. The chiplets are mounted on a custom interposer
with low-capacitance wires for efficient data transmission. System-
and component-level development is currently ongoing, with a
tapeout in 22 nm FD-SOI planned for 2027. The overall goal is to
deliver a proof of concept for a small-scale energy-efficient chiplet
system that demonstrates Bavaria’s and Europe’s capability to
drive innovation in novel chip design fields.

Index Terms—chiplet, chiplet architecture, SoC, heterogeneous
integration, edge AI, RISC-V, ASIC, interconnect design

I. INTRODUCTION

The European semiconductor landscape remains dependent
on manufacturing and packaging capacity in Asia and the
United States. Recent initiatives, such as the EU Chips Act,
therefore aim not only to expand domestic fabrication capabil-
ities but also to strengthen Europe’s position in semiconductor
research, system design, and advanced integration strategies.
Within this context, the Bavarian Chip Design Center (BCDC)
aims to support local chip design, to strengthen local supply
chains, and to train new semiconductor engineers. A central fo-
cus of the BCDC is the exploration of RISC-V–based comput-
ing platforms and heterogeneous system integration approaches
for flexible, energy-efficient architectures. This project is a
small part of a much larger-scale strategy by the government
of Bavaria to further establish the state of Bavaria as a center
for microelectronics within the European Union (EU) [1]. The
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Fig. 1: The BCDC demonstrator system: Two identical chiplets
connected via a fast and power-efficient Chiplet-to-Chiplet
(C2C) interface (I/F) on a silicon interposer. Chiplet-to-FPGA
(C2F) and off-chiplet memory I/Fs for evaluation purposes.

goal is to help establish a sustainable semiconductor design
ecosystem within Bavaria and Europe.

As part of this effort, the Technical University of Munich,
in collaboration with Fraunhofer, is investigating a compact
chiplet-based architecture tailored for low-power edge Artificial
Intelligence (AI). Rather than relying on a large monolithic
System on Chip (SoC), the system splits its functionality across
two chiplets in a shared package. Each chiplet implements
a SecureSoC comprised of a processing subsystem with a
security-enhanced CVA6 core [2], a systolic array General
Matrix Multiplication (GeMM) core, and a Coarse Grained Re-
configurable Arrays (CGRA) unit for dense and sparse compute
acceleration, respectively. As depicted in Fig. 1, two equivalent
SecureSoC chiplets are mounted on a custom silicon interposer
with low-capacitance interconnect lanes, which is placed on



a demonstrator printed circuit board (PCB) featuring off-chip
Pseudo-Static Random Access Memory (PSRAM). The system
includes a Field Programmable Gate Array (FPGA) for outside
communication, system bring-up, and debugging. Responsible
for connecting the SecureSoCs is a smart chiplet interconnect
that builds on and extends the Parallel Ultra Low Power
(PULP) Serial Link. In addition to basic data transfer between
chiplets or a chiplet and the demonstrator host FPGA, the
interconnect incorporates mechanisms for secure (encrypted)
communication, as well as optional power reduction and re-
liability features, enabling efficient data movement with a
low pin count. Furthermore, the SecureSoC features on-chip
Static Random Access Memory (SRAM) for tightly-coupled
instruction and data memory. Software development proceeds
in parallel and includes a Machine Learning (ML) compiler
and runtime tailored to the GeMM and CGRA accelerators that
operate on an edge AI application.

System- and component-level development is currently un-
derway, with RTL of the individual SoC and FPGA prototypes
scheduled for Q4 2026. Tapeout of the SoC is planned for Q2
2027, followed by integration into a system of chiplets starting
in Q1 2028, as depicted in Fig. 1. The resulting demonstrator
aims to serve as an initial reference platform, showcasing a
small-scale, energy-efficient RISC-V-based system of chiplets.
We outline the early-stage development process for a large-
scale prototyping effort of a chiplet-based design, spanning
multiple disciplines of semiconductor design. The presented
system-level design for digital computing and communication
within a security-driven framework is a unique, multi-partner
effort. In summary, this work has the following contributions:

1) We review the current state-of-the-art (SotA) in accelera-
tors, compilers, and chiplet interconnects and highlight the
need for a lightweight, open, and secure architecture and
present a novel smart chiplet interconnect that incorporates
encryption, compression, and reliability features.

2) We describe the incorporation of open-source tools and
software, describing how the system integrates our own
CGRA and GeMM accelerators with IREE-based compiler
and runtime support to enable distributed, heterogeneous
AI workloads across multiple chiplets.

3) We outline the modernization of the open-source CVA6
software development kit to simplify integration of novel
RISC-V security extensions, ensuring long-term maintain-
ability and accessibility for new developers.

II. RELATED WORK

Compute Acceleration for Dense and Sparse Problems:
Recent research in the domain of edge AI acceleration primarily
focuses on optimizing dense and sparse matrix operations. In
dense calculations, large systolic arrays are effective for high-
throughput GeMM operations, as discussed in designs like
Google’s TPU [3] and NVIDIA’s Tensor Cores [4]. Open-
source frameworks, such as Gemmini [5] and VTA [6], de-
velop flexible exploration of dataflows, tiling strategies, and
mixed-precision arithmetic. Recent design VerSA [7] proposes
advanced architectures with efficient interconnects, tiling tech-

niques, and low-latency data flows, which help increase uti-
lization and throughput. CGRA designs, on the other hand,
increasingly integrate support to achieve a wider application
range, as well as more agile compilation and mapping, in
parallel with the long-respected target of performance and
efficiency optimization. To that end, a variety of efforts are
proposed in terms of microarchitecture, Instruction Set Archi-
tecture (ISA), and compilation toolchain. Control flow operator
[8]–[11], speculative execution [12], [13], and dynamic tem-
poral pipelining [14] are reducing the limitation of traditional
Compute Unit based CGRA, which only accelerates the inner-
loop kernel. Therefore, CGRAs have gained the ability to cope
with irregular memory access and control flow, bridging the
gap of sparse linear algebra and graph analytics execution.

ML Compilers - Retargeting for Efficient Hardware: ML
compiler frameworks have evolved to support heterogeneous
and distributed hardware targets. Apache TVM [15] provides
an end-to-end stack, ranging from high-level graphs (Relax)
to tensor-level code, TensorIR (TIR), with automated opti-
mization and a Bring-Your-Own-Codegen (BYOC) interface
for vendor-specific accelerators. Recent work also explores
retargetable and distributed ML compilation beyond monolithic
SoCs. MATCH [16] introduces a model-based abstraction for
automatic retargeting across microcontrollers and accelerators
on top of the TVM stack. While TVM offers strong auto-
tuning and heterogeneous scheduling, its runtime integration
remains coarse-grained for controlling device dispatch and
synchronization across execution domains. The Intermediate
Representation Execution Environment (IREE) [17] builds
on the Multi-Level Intermediate Representation (MLIR) [18]
and LLVM [19] compiler infrastructure and demonstrates a
modular, end-to-end approach to heterogeneous ML deploy-
ment. Unlike TVM’s optimization-centric design, IREE fo-
cuses on portability through its multi-backend architecture.
TinyIREE [20] extends IREE for bare-metal systems targeting
deeply embedded edge devices. Additionally, Google’s most
recent effort with the open-sourced Coral NPU platform [21]
integrates IREE and its Hardware Abstraction Layer (HAL)
to compile and deploy workloads efficiently on custom RISC-
V-based NPUs. Furthermore, the MLIR framework has been
used in recent studies to facilitate systematic compilation for
CGRAs. ML-CGRA [22] presents a unique MLIR dialect to
express CGRA operations, interconnects, and configuration
semantics. [23] introduces MLIR passes for placement, rout-
ing, and configuration and specifies explicit CFG-to-CDFG
transformations for CGRAs. HDCC [24] targets heterogeneous
systems, including CPUs, CGRAs, and FPGAs, employing a
dataflow-centric compilation model, which analyzes high-level
affine loop programs to extract parallel kernels as dataflow.
Multi-chip and chiplet inference systems, such as Simba [25]
and Occamy [26], a RISC-V platform from the PULP initiative
[27], demonstrate that die-to-die communication and partitioned
workloads can deliver scalable edge performance.

Chiplet Interconnects: Commercial and open-source
chiplet interconnects today are mainly designed for very high
bandwidth. A leading example is Universal Chiplet Intercon-



nect Express (UCIe), which is emerging as the primary industry
standard alongside proprietary solutions. UCIe targets large
multi-chiplet systems and supports at least 4 GT/s per lane
with a minimum of eight parallel lanes [28], enabling system
scaling without the yield penalties of large monolithic dies.
However, such high-performance links are excessive for small,
low-power systems. In these designs, chiplets are motivated by
flexibility, faster development, and cost- and power-efficiency
through mixing technology nodes. To support this domain,
simpler, lower-bandwidth interconnects are needed to reduce
power, input/output (I/O) pin count, and interposer complexity,
while still allowing interoperability through an open standard,
which current high-end solutions do not provide.

The PULP Serial Link [29] addresses these requirements
by being open-source and scalable. It is developed within the
PULP platform [27], which also provides the CVA6 RISC-V
core used in this work. The Serial Link offers configurable
numbers of channels and lanes at single or double data rate
frequencies, supporting both high and low bandwidths, in-
cluding compact, low-power chiplet setups as targeted here.
It follows a three-layer stack aligned with the Open Systems
Interconnection (OSI) model. The network layer maps Ad-
vanced eXtensible Interface (AXI) to AXI-Stream, the data
link layer manages channel allocation and synchronization,
and the physical layer provides transmit/receive paths with
parallel lanes and a forwarded clock [29]. Only the digital
specification is defined; analog implementation is left to the
designer. Occamy [26] utilizes this Serial Link to integrate
CVA6 clusters with AI cores in a multi-chiplet architecture.

III. CHIPLET FEATURES AND INTERCONNECT

To meet the power, area, and I/O constraints of our system,
the chiplets are connected through high-frequency interfaces
that communicate over a few low-capacitance wires. Placing
the chiplets on a shared silicon interposer, rather than using
separately packaged dies, enables higher interconnect frequen-
cies at lower power. The analog aspects of the physical layer are
outside the scope of this work; the digital components, higher
layers, and additional features are discussed in later sections.

A. Smart Chiplet Interconnect

Building on the PULP Serial Link and motivated by the need
for lower-bandwidth chiplet interconnect standards, we intro-
duce a smart chiplet interconnect that adds advanced capabili-
ties inspired by standards such as UCIe. Its primary function,
described below, is implemented through a custom network-
layer protocol, with additional enhancements integrated across
the stack. While the physical layer is split for the C2C and C2F
interfaces, as shown in Fig. 1, the upper layers are unified.

a) Inter-Chiplet Memory Access: The protocol enables ef-
ficient memory transfers across chiplets with minimal changes
to standard intra-chiplet AXI transactions. Processing units on
one chiplet can issue AXI read and write operations target-
ing reserved remote address ranges. The interconnect stack
performs packet assembly, metadata handling, and routing in
partially connected topologies, without system bus involvement.

For the expected edge AI workload, a single bidirectional
channel with eight lanes per direction (18 I/O pins total)
is sufficient. Since the interconnect stack includes an AXI
manager interface, processing units can perform transfers in the
style of remote direct memory access (RDMA) directly, with
CPU interrupts generated only when required. This allows ac-
celerators to write processed data directly into remote memory,
reducing orchestration overhead.

b) Application-Specific Enhancements: Beyond this base
function, the smart interconnect integrates optional, data-
selective processing features inspired by smart network inter-
face cards (SmartNICs), applied only when beneficial to avoid
unnecessary latency and power consumption. Data flows can
be classified via flags or inferred characteristics to determine
which hardware modules are used. A key extension is lossless
compression, which reduces interconnect bandwidth demands
and thereby lowers power, pin count, and complexity of
transceivers and interposers. A modified streaming Lempel-Ziv
4 (LZ4) variant with preloaded dictionaries and compression
ratio tracking is employed, chosen for its low latency and suit-
ability for repetitive data patterns. Data may be decompressed
upon receipt or stored in compressed form. Additional modules
provide the security features detailed in section III-B1, as well
as reliability features including packet- and sub-packet-level
error detection and correction. Retransmissions or redundant
transmission can be triggered when needed, offering more
flexible reliability control compared to UCIe. Furthermore, the
number of active lanes may be dynamically scaled to reduce
power consumption under low load.

In summary, the smart chiplet interconnect retains the sim-
plicity of the PULP Serial Link, while adding selected advanced
features typically found in more high-end interconnects. Its
modular design and open-source foundation makes it well-
suited for small-scale, energy-efficient chiplet-based systems
such as our BCDC edge AI system.

B. Security Features

1) Secure Interchiplet-Connect: Physical and logical inter-
faces connecting chiplets, especially via high-speed serial links
or interposers, introduce new attack surfaces largely absent in
traditional monolithic SoC designs. Disaggregating a design ex-
poses more interconnects and interfaces that are easier to access
and probe, making physical attacks more feasible. Interposer-
level wiring between chiplets offers adversaries a practical
surface for tampering or contactless probing [30], underscoring
the need for cryptographic protections.

In this project, ensuring confidentiality and integrity across
the chiplet interconnect is a key objective to achieve a secure
system for edge AI applications, similarly to emerging serial
link security standards such as Integrity and Data Encryp-
tion (IDE) defined by PCI-SIG and the security extensions
proposed in UCIe. The BCDC architecture integrates security
features directly into the interconnect stack of the PULP Serial
Link, including cryptographic primitives that ensure message
integrity and confidentiality between chiplets. To maintain high
throughput while providing these protections, Authenticated
Encryption (AE) is applied on a per-package basis.
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Fig. 2: Targeted communication scenarios (com1/com2/com3)
protected by the extensions of the PULP Serial Link interface.

In heterogeneous chiplet systems, several communication
scenarios arise that require dedicated security mechanisms
to ensure data confidentiality and integrity across potentially
untrusted boundaries. In the project, we focus on the following
scenarios illustrated in Fig. 2:

a) Communication scenario Com1: involves the secure
connection between Chiplet A and Chiplet B, where the direct
communication channel, such as the interposer link, is not
trusted and may be susceptible to eavesdropping or tampering.

b) Communication scenario Com2: covers secure access
from Chiplet A to external memory attached to Chiplet B. Since
Chiplet B is untrusted, data must be encrypted and authenticated
to prevent unauthorized observation or modification.

c) Communication scenario Com3: represents a multi-
hop path where Chiplet A communicates securely with
Chiplet C by routing traffic through Chiplet B, which acts only
as an intermediary. In this case, Chiplet B must not have access
to plaintext data or security credentials, requiring link-layer
protection schemes that preserve confidentiality and integrity.

2) RISC-V Security Extensions: Software vulnerabilities
based on unsafe languages, such as C/C++ (e.g., buffer over-
flows, use-after-free, and double-frees), are frequently used to
initiate attacks, targeting either other data or control flow, with
significant security implications. To protect a heterogeneous
software stack efficiently, new RISC-V security extensions have
been proposed to enable effective software security methods
by either mitigating the effects of such errors (e.g., through
enforcement of Control-Flow Integrity (CFI)) or preventing
initial memory errors entirely (through enforcement of memory
safety). The extensions rely on compiler instrumentation cou-
pled with automated hardware-based check logic, which avoids
the need to rewrite existing application source code.

In our prototype design, our goal is to implement a set of
extensions that enable a flexible protection scope, tailored to the
specific use case. In addition to adding the new instructions,
exceptions, and Control and Status Registers, we also modify
the relevant components in the CVA6 pipeline.

Shadow Stack (Zicfiss): Shadow stacks are separated stack
regions that are used to securely store return addresses, pro-
viding backward-edge CFI. With shadow stack enabled, in-
strumented instructions automatically verify the return address
before each function return to prevent such attacks. To adapt
the extension in CVA6, a check logic for return addresses is
added, along with an isolation mechanism for the shadow stack.

Landing Pads (Zicfilp): Landing pads are compiler-
generated indicators that assign metadata to jump targets,
enabling forward-edge CFI. By grouping valid jump targets,

the instrumentation sets up which branches are reachable from
a specific location. Changes to the branch logic enforce the
verification of the landing pads.

Memory Tagging (Zimt): In memory tagging, the so-called
tags (4 or 7-bit values) are added to both the upper pointer
bits and the memory object during allocation. Pointers are only
allowed to access data where the memory tag matches the one
stored in the pointer, ensuring memory safety by enforcing
in-bounds and in-lifetime accesses. Memory tagging relies on
a modified load-store unit to automatically verify memory
tags on reads/writes and new instructions for managing tag
memory. The integration of various software security extensions
within the same hardware design, for the first time, enables a
comprehensive evaluation of the respective resource costs and
timing implications. Importantly, this will provide the computer
architecture research community with a better understanding of
the design trade-offs when adapting these extensions.

IV. AI RETARGETING

A. Application Accelerators

The project utilizes two accelerators: systolic arrays as
GeMM engines and CGRAs to accelerate irregular workloads.

1) Systolic Array-based GeMM: The core computation in
DNNs is dominated by matrix multiplications, which can be
efficiently accelerated using Multiply-Accumulate (MAC) sys-
tolic arrays. SotA research has demonstrated various implemen-
tations of systolic arrays, showcasing significant performance
improvements in executing NN layers. However, when higher
energy efficiency is targeted, a key challenge arises due to the
rapid evolution of DNN architectures in which different models,
and even different layers within the same model, often require
varying precisions. To address this, our implemented AI accel-
erator employs a multi-precision MAC systolic array capable of
supporting flexible precision configurations for both activations
and weights, ranging from 2-bit up to 16-bit. This configuration
can be dynamically adjusted at runtime, enabling a tunable
balance between computational accuracy and throughput. As
a result, when lower precision is selected, the systolic array
can execute a greater number of MAC operations per cycle,
achieving higher speedup with minimal loss in model accuracy,
thereby offering an effective trade-off between performance
and precision. Fig. 3 shows the accelerator’s architecture.When
lower precision is selected, it can fetch more data from memory,
ensuring the systolic array remains fully utilized.

2) CGRA: CGRA features a Network on Chip (NoC) inter-
connected, ALU-like Processing Element (PE) array delivering
flexible parallelism. Though similar to the systolic array, with
reconfigurable PE and interconnect, CGRA is programmable
by mapping various workloads in the format of Data-Flow
Graph (DFG) onto the fabric. On the other hand, CGRA as a
spatial architecture is able to demonstrate higher computational
parallelism than the scalar CPU core by distributed functional
units. Despite the additional area consumption or compilation
effort required to achieve such advantages, CGRA is proven to
approach ASIC-level energy efficiency [8].
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a) Subsystem and Integration: As in Fig. 4, CGRA fabric
composed of router-connected PE array is the core of the
subsystem, following the specialized Control and Configuration
Logic. When the DFG to be accelerated cannot fit the fabric, it
would be partitioned into sub-graphs and intermediate results
are buffered on the scratchpad memory. The subsystem is
attached to the system bus by its AXI interface, and managed
by CPU through register configuration using bus transactions.

b) ISA: Integer and low-precision floating-point arith-
metic instructions are essential to workloads like EdgeAI, fitting
the limited power and memory budget on edge deployment.
Moreover, control flow behavior in irregular parallelism, i.e.,
conditional branches and synchronization, should be extracted
and attributed to a set of representative control flow instructions.

c) Microarchitecture: By heterogeneous PE, the ISA is
implemented in a distributed way as each PE type supports a
subset of instructions to improve area and energy efficiency; In
addition, dynamic scheduling of operations by dataflow execu-
tion is suitable for irregularity as the nondeterministic memory
access can be processed by the latency tolerant handshake
communication protocol in hardware, rather than challenging
the static scheduling over compilation.

d) Bitstream Generation: To pave the way from appli-
cation code to CGRA configuration, high-level language code
like C would first be converted to intermediate representation by
compiler front end e.g. Clang. Afterward, middle-end compiler
passes optimize and produce the DFG. The bitstream would
then be generated by mapping the DFG onto CGRA fabric.

B. ML Compilers and Retargeting

AI workloads are naturally suited for distributed and
heterogeneous execution, combining general-purpose cores
with domain-specific accelerators such as GeMM engines or
CGRAs. To enable such distributed inference across chiplets
within a unified compiler-runtime stack, IREE was adopted for
its flexible HAL, which abstracts memory management, com-
mand dispatch, and synchronization across diverse hardware
targets. The modular HAL design enables the integration of
new accelerators with minimal effort by implementing only a
lightweight driver that defines device setup, buffer handling,
and command execution. Together with IREE’s EmitC backend,
which generates portable C code, this supports rapid hardware-
software co-design with minimal compiler-side modifications.

Two runtime integration variants are explored for the BCDC
demonstrator (see Fig. 5): In the first configuration (Fig. 5a),
a TinyIREE-inspired runtime runs directly on the CVA6 of
Chiplet 1. Each hardware accelerator, namely the CGRA and
GeMM engines on both chiplets, as well as the CVA6 core
on Chiplet 2, is represented as an individual HAL device. The
MLIR model is static, compiled through the EmitC backend
into C code and linked into the minimal runtime binary. Work-
loads are therefore embedded at build time, with dispatches
to other chiplets handled via the smart chiplet interconnect.
This configuration minimizes runtime and Read-Only Memory
(ROM) footprint and enables embedded-class execution.

In the second configuration (Fig. 5b), a full IREE runtime
runs on the FPGA host. Chiplet 1 and Chiplet 2 are each
exposed as composite HAL devices, simplifying orchestration
since only two HAL entities are managed by the host. In
this setup, the MLIR model is compiled ahead-of-time into a
virtual-machine bytecode file (.vmfb), which can be dynam-
ically loaded and executed by the runtime at inference time.
This enables more flexible deployment and model exchange,
but incurs higher overhead due to the full bytecode interpreter.
The increased driver complexity inside each chiplet allows the
respective HAL driver to internally distribute workloads to
local compute elements and coordinate their execution. Overall,
this configuration reflects a scalable and adaptable model for
heterogeneous multi-chiplet AI systems, hiding system com-
plexity behind the HAL interface. In the future, the FPGA host
handling system-level orchestration will also be a chiplet.

1) Demonstrator Application - Real-time Object Detection:
The demonstrator uses Mobilenet-SSD [31], [32], a compact
Convolutional Neural Network (CNN) designed for real-time
object detection on embedded systems. The data flow, illus-
trated in Fig. 5b, is represented using numbered stages to
indicate the sequential movement of data through two chiplets.
The CPU manages configuration tasks, and the on-chip SRAM
(TCDM/TCIM) enables pipelined execution. The RAW frames
from the camera captures (for example, resolution of 1280×720
pixels) are sent to the FPGA. The FPGA resizes and outputs a
300×300×3 RGB frame (≈ 270 KB), which serves as the input
for Mobilenet-SSD (Flow 1). The CGRA (of Chiplet 1) divides
frames into tiles and schedules tiles with a size of 32×32×4
(≈ 4 KB each) and issues Direct Memory Access (DMA)
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Fig. 5: The BCDC system orchestration: Hardware abstraction and runtimes for the proposed system.

from PSRAM to Chiplet 1’s SRAM (Flow 2). When DMA is
complete, CGRA (of Chiplet 1) performs early convolution and
the intermediate feature maps are stored in the on-chip memory
(Flow 3,4). The Chiplet 1 GeMM performs depthwise and
pointwise convolutions on these tiles for the mid-level layers
(Flow 5). The output feature tiles of size 32×32×8 (≈ 8 KB)
are sent across the chiplet interconnect to the on-chip memory
of Chiplet 2 (Flow 6). The GeMM (of Chiplet 2) processes the
deeper layers and classification heads, producing bounding-box
activations (≈ 1 KB per frame) (Flow 7,8). CGRA (of Chiplet
2) performs post-processing on these activations (Flow 9,10).
CGRA produces and sends the final detections to PSRAM
of Chiplet 2 (Flow 11) and then to the FPGA (Flow 12)
via DMA. Both chiplets store buffers and model weights in
PSRAM. The design enables real-time, low-latency, and high-
throughput object detection (30 FPS at 300×300 resolution),
while utilizing a limited amount of on-chip SRAM.

C. Software and Software Development Kit (SDK) Support

The software components that typically require adaptation
to integrate a new security extension on a Linux system are
(i) the compiler (gcc); (ii) OpenSBI; (iii) U-Boot; and (iv) the
Linux kernel. The OpenHW Group provides a SDK to build
and bundle these components to run them on the CVA6 [33].
However, the SDK is outdated, with the Linux kernel used
being 5.10.7, released in January 2021, and the GCC compiler
being version 10.3.0 from April 2021. This hinders the adoption
and testing of new software components and RISC-V security
extensions. For example, we want to add the RISC-V CFI
extensions for forward and backward branch protection, namely
landing pads (Zicfilp) and shadow stack (Zicfiss). However,
these extensions have yet to be included in Linux, while the
current patchset (v22) targets Linux 6.18-rc1 (Oct. 2025). We
adapt the SDK for the following goals:

1) Sustainable maintenance: Updating components alone is
not sufficient; it is also important to reduce maintenance efforts
to ensure an up-to-date SDK in the future. Similarly to the

original SDK, we built the setup around buildroot. Conversely,
we leverage the Buildroot infrastructure whenever feasible,
such as by utilising its provided interfaces to add external
packages. This streamlines the build process, thus ensuring that
workarounds and deviations from the buildroot workflow are
avoided. CVA6-specific changes are added as minimal patches,
applied by buildroot to the respective components at build-
time, to enable an upstream-oriented codebase. By that, the
components are automatically updated by upgrading buildroot
instead of having to manually upgrade each component.

2) Easy integration of new technologies: Buildroot has a
workflow for integrating patches to any of its integrated soft-
ware components. This facility enables the straightforward inte-
gration of patches adding support for new security technologies.
Buildroot also supports different configurations. This can be
used to test new extensions or target different platforms, such
as Qemu, by using different patches or components overall.

3) Reduce the training period for new workers in the RISC-
V space: We expand the documentation to provide a primer
for the CVA6 chip. It provides a thorough explanation of the
boot process, enabling new users to swiftly understand and
customize the system to their needs. As we adhere to the
infrastructure and interfaces provided by Buildroot, individuals
with experience will quickly become familiar with the SDK.

V. CONCLUSION AND FUTURE WORK

This work presents a path toward secure, energy-efficient
chiplet-based edge AI in Europe. By combining a security-
enhanced CVA6 core with specialized accelerators and a
lightweight, intelligent interconnect, we demonstrate how a
multi-chiplet system may outperform monolithic SoCs in terms
of flexibility and efficiency. The supporting open-source AI
software stack and enhanced SDK enable seamless model
deployment and enforce security from hardware to runtime. Our
real-time object-detection demonstrator validates the concept
and prepares a first use case for the tapeout. Overall, this
approach provides an open and scalable blueprint for advancing
Europe’s semiconductor autonomy.
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