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Abstract—This paper presents LUCIA, an architecture tailored
for multi-chiplet systems optimized for convolutional neural
network (CNN) acceleration through configurable hardware
engines and distributed workload mapping. The architecture
accommodates multiple independent near-memory computing
(NMC) units in close proximity to their respective memory
banks, tightly coupled with a low-power RISC-V processor.
Dedicated memory control units facilitate efficient intra-chiplet
and inter-chiplet data transfers, reducing execution time by
34 % and consequently improving bandwidth utilization. Fab-
ricated in 22 nm FDSOI technology, LUCIA achieves a peak
clock frequency of 565 MHz and demonstrates an energy-area
efficiency of 0.82 TOPS/W/mm2, outperforming state-of-the-art
implementations in comparable or more advanced technologies.

Index Terms—Chiplet, convolutional neural network (CNN),
edge artificial intelligence of things (AIoT), near-memory com-
puting (NMC), SRAM.

I. INTRODUCTION

In the artificial intelligence of things (AIoT) era, inference
is increasingly performed on edge devices, driving the need
for highly integrated system-on-chips (SoCs) that deliver high
performance under strict memory and energy constraints.
However, implementing large-scale designs on a single mono-
lithic die exposes systems to significant yield risks [1]. To
address this challenge, disaggregating monolithic designs into
interconnected chiplets has emerged as a promising solu-
tion, enabling parallel and modular architectures that improve
yield and scalability for edge-AI acceleration. Nevertheless,
chiplet-based systems introduce new challenges in workload
partitioning, scheduling, and inter-chiplet communication.

Manticore [2] and Occamy [3] introduce large chiplet-based
architectures with many RISC-V cores for data paralleliza-
tion, using a passive silicon interposer as the interconnection
medium. As an alternative to a large cluster of RISC-V
cores, the integration of tailored hardware acceleration units
with low-power general-purpose platforms enables resource
sharing, offering efficient solutions to process computation-
intensive tasks on edge devices.

This work introduces a customized near-memory computing
(NMC) architecture built on the framework of [4], purposefully
engineered to exploit the parallelism and data locality of
multi-chiplet systems. The proposed architecture processes
convolutional neural network (CNN) models through modular
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workload distribution and task mapping strategies for high
performance and energy-area efficiency.

The contribution of this work centers on a versatile and scal-
able hardware acceleration platform, where parallel processing
with dedicated intra-chiplet data transfer units improves the
energy efficiency per chip area. Furthermore, the proposed
architecture includes an area-efficient interface for inter-chiplet
communication, enabling low-cost communication for multi-
chiplet systems bound together via interposer technology.

II. LUCIA IMPLEMENTATION

LUCIA embeds NMC banks alongside memory macros of a
RISC-V-based microcontroller SoC, enabling tightly coupled
hardware acceleration, as shown in Fig. 1. This shared integra-
tion of compute and memory forms the architectural backbone
of a scalable implementation for a chiplet architecture, where
distributed NMC banks together with a dedicated NMC data
transfer unit (DTU) minimize energy-costly data movement
while enhancing parallelism. The system features three pe-
ripheral memory access (PerMA) modules, with 2-bit TX/RX
interfaces for chiplet-to-chiplet (C2C) communication. The ar-
chitecture is customizable at the RTL level, enabling a flexible
configuration of NMC banks, processing element (PE) array
and memory capacity, enabling the generation and verification
of multiple configurations with minimal engineering effort.
The presented work is realized as four NMC banks, where
three banks are implemented with accurate PEs, while the
fourth facilitates approximate multipliers (AMs), intended for
a parallel research project. The NMC banks are configurable to
operate either cooperatively or independently, allowing flexible
task scheduling within the multi-bank architecture, and thereby
supporting distributed workload scheduling.

A. Memory Sub-System

The on-chip SRAM is integrated as a tightly coupled
memory, facilitating concurrent and low-latency access by
the RISC-V and NMC units. A shared banking strategy for
general-purpose operations (RISC-V) and hardware accelera-
tion (NMC units) is defined. This doubles the number of banks
per processor, resulting in reduced load capacitance and mit-
igated access contention [5]. The accelerator engines benefit
from a unified memory pool, eliminating data duplication, and
thereby reducing the total storage requirements. The proposed
architecture offers substantial improvements in area efficiency,
power consumption, and memory bandwidth utilization.
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Fig. 1. High-level view of the LUCIA implementation with memory access
units and embedded NMC units for hardware acceleration.

Furthermore, each bank of the memory sub-system is par-
titioned (customizable) into sixteen 16 kB SRAM macros,
allowing high-throughput parallel access, which significantly
increases aggregate bandwidth for hardware acceleration. The
nominal memory bandwidth is preserved for the RISC-V core
accesses and external interfaces to maintain system-level con-
sistency. In contrast, the bandwidth available to NMC units is
scaled by a factor of 16, i.e., from 32 bit/cycle to 512 bit/cycle,
matching internal macro parallelism and supporting wide
concurrent data transfers. This elevated communication rate
imposes stricter demands on data orchestration and introduces
control overhead, addressed by the NMC DTU. Therefore,
a system-direct memory access (DMA) module retains the
baseline 32 bit/cycle transfer rate for streamlined integration.

B. Near-Memory Computing Architecture
Each NMC bank integrates a dedicated data address gen-

erator (DAG) module that orchestrates fine-grained access
to the SRAMs, coordinating an output-stationary scheduling
strategy. Within each bank, two register banks supply input
and weight data to a 4×4×2 PE cluster matrix. Each PE
performs four parallel multiply-accumulate (MAC) operations
and locally accumulates partial sums, enabling independent
output computation. The PEs use 8-bit precision for mul-
tiplication and 32-bit registers for accumulation. A high-
throughput data scheduler ensures continuous parallel access
to the input data, leveraging the enhanced memory bandwidth
and tightly couples compute with memory. Each NMC bank
processes workloads based on the parallel distribution of CNN
models. For convolutional operations, the input channel data
is distributed across the memory banks, with the scheduler
optimized for local data reuse, and thus, optimizing parallelism
while dramatically reducing data movement, see Fig. 2.

Inference-time quantization is applied in a pipelined fash-
ion, followed by activation functions via a dedicated module

Dataflow for a single bank conv configuration

w: weighti: input Input readPE: 4x4 grid Processing flow (16 parallel data read each step)
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Fig. 2. Data scheduler for convolution operations with sixteen parallel
memory accesses per bank.

Partition strategy

Input matrix Partition A: Input

Kernels

Bank #1 Bank #2 Bank #3 Bank #4 All Banks

Partition B: Kernels

Fig. 3. Partition strategies with shared data between NMC banks for multi-
bank computation.

that supports ReLU and other nonlinear functions through
configurable lookup tables (LUT). The parameters of the
latter are dynamically loaded during system initialization. A
register-mapped control interface orchestrates the operation
with start, stop, and configuration registers, which define the
execution state of the individual NMC banks. Synchronization
between the RISC-V core and NMC banks is achieved via an
interrupt-driven mechanism enabling flexibility in workload
configurations.

C. Versatile Workload Configuration

LUCIA is optimized for the acceleration of CNNs, which is
crucial in AI applications that demand high efficiency and fast
processing. The modular architecture design is optimized for
chiplet-based computation strategies, which enables scalable
extension to broader neural network (NN) workloads. Fig. 3
illustrates the NN partitioning strategy across the multi-bank
system: Partition A distributes input activations across banks
to exploit parallel data accesses, whereas Partition B assigns
kernel weights to enable a concurrent computation. These
partitioning schemes optimize compute density and memory
bandwidth utilization, while minimizing external communica-
tion overhead. Multi-bank configurations offer scalability and
flexibility for different NN architectures, offering increased
parallelization opportunities.
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Fig. 4. Micrograph of the LUCIA chiplet and low-level modules.

D. Data Orchestration

Two optimized and configurable custom memory control
units (NMC DTU and DMA) are implemented to provide a
mechanism for managing data transfers and workload distribu-
tion across both inter-chiplet and intra-chiplet hierarchies. Spe-
cialized data organization units alleviate contention between
NMC banks and peripheral systems, such as neighboring
chiplets.

1) Intra-chiplet Data Orchestration: The realization of the
NMC architecture requires a tailored data layout over the
banked memory structure, introducing an additional overhead.
Furthermore, the data organization is workload dependent
and differs between data type, e.g., activations, weights, and
biases. This is mitigated by the DMA supporting multiple
address generation schemes, which makes data transfers to
a bank ”transparent” from a programming perspective. The
NMC DTU, situated by the AHB sub-interconnect, enables
high throughput data movement between NMC banks. It is
programmed with memory pointers, data dimensions, and
access sequencing, guaranteeing conflict-free transfers.

2) Inter-chiplet Data Orchestration: Three PerMA modules
are integrated to provide a low-latency interface for adjacent
C2C communication. The PerMAs operate as lightweight,
autonomous external communication endpoints, eliminating
the need for register-mapped configuration and thereby re-
ducing control overhead. In conjunction with the DMA, they
enable efficient off-chip data streaming and support a 2-bit
transmitter–receiver C2C interface that balances throughput
with external communication complexity.

III. MEASUREMENTS

LUCIA is fabricated in GlobalFoundries 22 nm FDSOI
technology, occupying a core area of 2.28 mm× 1.78 mm.
A custom-designed PCB serves as an integration platform,
providing high-speed I/O interfaces, debug access, and power
delivery for all parts of the design. A micrograph is shown
in Fig. 4, with an emphasis on the spatial organization of the
NMC banks. The architecture is centered around the RISC-
V core, surrounded by memory macros (shown in purple)
and data orchestration modules. The three PerMAs are placed
on the north, west, and east sides of the chip for external
communication while the DMA engine is strategically placed
to facilitate high-throughput internal data movement. Chip
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Fig. 5. (a) Measured operational frequency and energy response to the supply
voltage (VDD), and (b) VGG-16 convolutional layer tiles execution time with
intra-chiplet data transfers comparison between RISC-V and NMC DTU.

measurements were conducted at ambient temperature. The
measured power reduction of the NMC bank with approximate
PEs was scaled to ensure a fair comparison. Convolutional
layers are used as benchmark workloads to assess perfor-
mance and energy efficiency across varying configurations,
i.e., from single-bank to multi-bank NMC processing. A
voltage-frequency characterization is performed for the four-
bank configuration, as shown in Fig. 5a, revealing two distinct
operating regimes: a low-power mode optimized for energy-
per-cycle, and a high-performance mode supporting elevated
throughput with operation up to 565 MHz. The execution time
of four VGG-16 convolutional layer tiles following the parti-
tion of input data distributed across the four NMC banks and
intra-chiplet data transfer between layers, is shown in Fig. 5b.
Inter-bank data transfer using the custom NMC DTU unit
efficiently reduces Conv2 execution time by 34 % compared
to transferring data between banks using the RISC-V core.

Performance evaluation for standalone processing activity,
shown in Fig. 6a, is conducted across multiple active-bank
configurations, with each MAC operation counted as two
arithmetic operations. The frequency is characterized for each
configuration of active banks, where LUCIA achieves a peak
throughput of 0.58 TOPS under full parallel activation of four
NMC banks. Energy efficiency, detailed in Fig. 6b, reaches
3.34 TOPS/W in the low-power operating regime with four
active banks. To further reduce power consumption, the NMC
units employ fine-grained clock gating (CG), achieving a
28 % improvement in energy efficiency during single-bank
operation. Additionally, measured leakage power indicates the
impact of power gating (PG) on inactive banks. Power gating
three NMC banks, while keeping active the memory macros to
retain stored data valid, offers an estimated 15 % gain in energy
efficiency. The area composition of LUCIA is illustrated in
Fig. 6c, where SRAM blocks account for approximately 50 %
of the total silicon footprint. This includes both the shared
memory sub-system used for hardware acceleration and the
private memory regions allocated to the RISC-V core.

IV. DISCUSSION

A summary of relevant state-of-the-art (SoA) implemen-
tations is provided in Table I, encompassing both single-
chip and multi-chiplet architectures. Two notable single-chip

1032



0.55 0.6 0.65 0.7 0.75 0.8 0.85 0.9 0.95

VDD [V]

0.06

0.13

0.20

0.27

0.34

0.41

0.48

0.55

0.62

P
e

rf
o

rm
a

n
c

e
 [

T
O

P
S

]

1 Bank

2 Banks

4 Banks

0.58

0.34

0.21

+62%

+71%

(a)

0.75

1.1

1.45

1.8

2.15

2.5

2.85

3.2

3.55

0.55 0.6 0.65 0.7 0.75 0.8 0.85 0.9 0.95

E
n

e
rg

y
 E

ff
. 
[T

O
P

S
/W

]

VDD [V]

1 Bank

4 Banks

1 Bank w/ CG

2 Banks w/ CG

3.34

+28%

(b)

SRAM (49.3%)

NMC
Units (39.6%)

RISC-V (6.9%)

PerMA (2.7%)

DMA (1.5%)

(c)
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TABLE I
MEASUREMENT RESULTS AND COMPARISON WITH SOA.

Source ISSCC’22 [6] ESSCIRC’23 [7] VLSI’22 [8] CICC’25 [9] This work
Technology 65 nm 16 nm 22 nm 4 nm 22 nm
Design SNCPU Clust. + Acc. MCP NMC NMC
Configuration 1-chip 1-chip 4-chip 16-chip 1-chip
Core Area [mm2] 4.5 16 * 11.1 16 4.1
Voltage [V] 0.5 - 1 0.6 - 0.8 0.6 - 0.9 0.8 - 1.1 0.6 - 0.9
Max. Freq. [MHz] 400 530 492 500 565
Int Precision 8 2 to 8 16 8 8
Memory [MB/chip] 0.15 6.5 2.5 16 1
PEs/chip 100 36 1024 128 512
Performance 0.08 0.38 (int8) 1.07 2 ‡ 0.58[TOPS]
Energy Eff. 1.82 † 2.9 † (int8) 7.19 † 8.7 ‡ 3.34 †
[TOPS/W]
Energy-Area Eff. 0.4 0.18 (int8) 0.65 0.54 ‡ 0.82[TOPS/W/mm2]
* Silicon die area † @ Low VDD

‡ Dense computation mode

solutions are considered: the systolic neural CPU (SNCPU)
in [6], which offers a reconfigurable architecture capable of
operating as a multi-core RISC-V processor or a systolic CNN
accelerator; and the Siracusa platform in [7], which integrates a
RISC-V cluster with a tightly coupled accelerator for efficient
AI processing. Multi-chiplet systems are represented by the
NetFlex multi-chiplet package (MCP) in [8], designed for
scalable networked inference, and the SPGEMM chiplet-based
accelerator in [9], targeting sparse matrix multiplication work-
loads. While these works address the growing computational
demands of modern AI models, LUCIA advances the archi-
tectural paradigm by explicitly mapping compute-intensive
workloads onto a multi-bank topology. LUCIA leverages spa-
tial tile partitioning of memory banks, tightly integrated with
NMC units to achieve scalable acceleration with reduced data
movement and improved memory locality.

LUCIA achieves an energy–area efficiency of
0.82 TOPS/W/mm2, significantly surpassing comparable
SoA implementations fabricated in equal or more advanced
technology nodes. This result underscores the effectiveness
of the proposed distributed architecture in delivering high
throughput with superior energy efficiency per unit area.
Looking toward future 2.5D multi-chiplet integration, the
modular architecture supports scalable deployment across
multiple chiplets, each tightly coupled to NMC banks.
Interposer-based integration will further enhance C2C
communication density, reduce communication latency, and
unlock additional performance gains through high-bandwidth
and low-power interconnects.

V. CONCLUSION

In this article, we present LUCIA, a foundational chiplet
architecture suitable for parallel processing implementations,
with NMC acceleration units integrated in the memory banks
of a RISC-V-based platform. LUCIA is manufactured using
22 nm FDSOI technology and allows the configuration of
partitioned workloads in multiple memory banks with en-
hanced bandwidth. The measurement results show an energy-
area efficiency of 0.82 TOPS/W/mm2, with a performance of
0.58 TOPS.
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