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Abstract—Machine learning and artificial intelligence are mov-
ing towards the edge, where the need for high throughput with
a constrained energy budget is more urgent than ever. During
the last few years, near-memory computing has emerged as a
promising solution to address the memory bandwidth and energy
efficiency limitations of conventional von Neumann systems.
The recently proposed NM-Carus architecture combines vector-
oriented computing capabilities within a RISC-V programmable,
configurable, and autonomous memory macro, addressing the
usability of near-memory computing from a software deployment
standpoint. In this paper, we explore the scalability of NM-
Carus in terms of computation parallelism, memory size and
energy consumption, As a benchmarking platform, we rely on
a low-power microcontroller that features multiple instances of
NM-Carus that target the execution of biomedical applications.
This exploration was performed on 16nm TSMC NM-Carus
implmentation, and we highlighted the benefits of technology
scaling for a previous implementation on 65nm with respect
to the overhead of replacing conventional on-chip data SRAMs
with near-memory computing banks. Overall, the paper presents
a solid baseline regarding the trade-offs in terms of area,
performance, and energy efficiency of integrating programmable
near-memory computing in an existing edge-oriented system on
chip towards efficient edge AI architectures at the system level.

Index Terms—Near-memory computing, Machine Learning,
RISC-V

I. INTRODUCTION

The increasing prevalence of data-driven workloads exe-
cuted close to sensors necessitates a paradigm shift in com-
puting toward enhanced energy efficiency and performance.
The conventional von Neumann architecture, the foundation
of computing for decades, exhibits inherent inefficiencies
for data-intensive tasks due to constant data and instruction
movement between the memory hierarchy and processing
units [1]. This issue is compounded by the ”memory wall”,
where the advancements of SRAM integration technology lag
behind logic scaling, resulting in SRAM accesses consuming
significantly more energy than arithmetic operations [2].

To address this challenge, Compute-In-Memory (CIM)
paradigm, which includes In-Memory Computing (IMC) and
Near-Memory Computing (NMC), has been proposed to re-
duce data movement and optimize utilization of the available
memory bandwidth [3]. NMCNMC does not require the

memory-array layout to be redesigned, but relies on com-
mercially available memories to store data tightly connected
to specialized data paths. However, controlling operations on
IMC and NMC IPs presents difficulties. While a simple ap-
proach involves streaming micro-operations to the CIM blocks,
complex runtime control demands either significant CPU
overhead for encoding operations or reliance on predefined
command sequences. This limitation has been addressed or
partially mitigated by Single Instruction Multiple Data (SIMD)
vector capabilities as in [4], [5], [6], [7], [8]. In particular,
the NM-Carus NMC IP [7], integrates a CPU-based controller
supporting a custom, vector-inspired CIM-oriented RISC-V
ISA extension (xmnmc) to handle and autonomously execute
virtually any data processing kernel, while the host system is
only responsible for storing the data in the NMC memory, ad-
hering to the kernel data placement requirements. Depending
on the target physical and performance constraints, selecting
the best combination of memory size and amount of computing
resources of the NMC blocks requires exploration of the trade-
off of wiring costs, performance, and energy [6]. In this
paper, we provide an exploration of the scalability of NM-
Carus in terms of throughput, area, and energy consumption.
Unlike [7], where the performance assessment was limited
to a single 32kB instance with 4 lanes, this work proposes
a broader design space exploration, whose major contribu-
tions are: (1) scalability analysis of NM-Carus single-instance
throughput and energy efficiency with varying memory size
and amount of computing resources; (2) Analysis of multi-
-instance performance scalability; (3) Assessment of the area
overhead at the instance and system level; (4) evaluation of the
technological benefits of a 16nm NM-Carus implementation
compared to its original 65nm variant. Section II analyses the
timing, area, and energy scalability of different configurations
of NM-Carus, while Section III evaluates the performance
improvement enabled by a system featuring multiple instances
of NM-Carus. Finally, concluding remarks and a summary of
the findings are presented in Section IV.

II. EXPLORATION

In this Section, different configurations in terms of mem-
ory size and number of lanes of the NM-Carus IP [7] are
explored to find the best trade-offs and scalability figures.
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Figure 1: Ratio between the area of differently configured NM-Carus instances
and conventional single-bank SRAM memories with equivalent sizes. The
dashed line represents the NMC overhead threshold defined in [7] as equal
to 2. Bars are split into internal SRAM area (lighter color) and the logic cell
area (darker color).

The NM-Carus architecture can be configured with two main
parameters: the number of processing lanes and the total
memory size. The architecture is built such that the number
of lanes is equal to the number of internal SRAM banks.
Increasing the number of lanes not only determines a linear
replication of the computational datapath (i.e., ALUs) but
also results in an increase in total area due to the inherent
overhead associated with memory sub-banking (i.e., the com-
bined area of multiple smaller memory banks exceeds that
of a single larger bank with equivalent size). Conversely, for
kernels exhibiting optimal mapping onto SIMD architectures,
like matrix multiplications, performance demonstrates a near-
linear scaling with the number of processing lanes, directly
increasing the throughput in terms of operations per cycle.
For instance, when running a matrix multiplication kernel, 4-,
8-, and 16-lane configurations are 1.93×, 3.61×, and 6.38×
faster than a configuration with 2 lanes, respectively. The size
of each sub-bank, MLANE is determined by:

MLANE = MTOT /NLANES , (1)

where MTOT is the total NM-Carus memory size and
NLANES is the number of lanes. The area overhead of
NM-Carus, relative to a standard SRAM bank of equivalent
capacity, is the ratio between the area of an NM-Carus instance
and that of a conventional single-bank SRAM with the same
capacity. Adopting the same threshold established in [7], a
ratio exceeding 2 indicates excessive area overhead, making
the NM-Carus IP instance impractical as a direct replacement
for a conventional SRAM bank. Figure 1 depicts the area
overhead of NM-Carus instances with different combinations
of memory capacity and lane count, subdivided in SRAM
area and logic cells area. To keep the total NM-Carus area
under constraints, both the internal sub-banks and the reference
single-bank SRAM memories were generated with the PDK
compiler targeting the minimal area. As shown in Figure 1, the
32KiB 16-lane NM-Carus configuration exhibits the highest
area overhead, at 2.9×. This substantial overhead can be
attributed to two primary factors: the area increase result-
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Figure 2: Critical path of the NM-Carus configurations. Bars are split into
two: the lighter part represents the portion of the timing portion taken by the
SRAM banks, while the darker part represents the delay introduced by logic
cells.

ing from partitioning the 32KiB memory into 16 individual
2KiB sub-banks (2.08×) and the area contribution of the 16
processing elements, including the integrated CPU controller
and its instruction memory, which constitutes 39.7% of the
total area. In general, the area overhead of the considered
NM-Carus variants demonstrates an inverse relationship with
their memory capacity. This trend arises from the diminishing
relative overhead associated with sub-bank splitting as the total
memory size increases. Furthermore, the area of the computing
logic is solely determined by the number of lanes and remains
constant regardless of the total memory size, thus contributing
to a smaller relative overhead for larger configurations. Con-
sequently, for memory capacities of 128KiB and greater, the
16-lane configurations exhibit lower area overhead compared
to their counterparts with smaller total memory sizes.

Increasing the complexity of the near-memory processing
logic not only affects the silicon area but also the maximum
operating frequency, which is still primarily influenced by both
the number and the timing characteristics of the sub-banks.
As illustrated in Figure 2, the 128KiB, 16-lane configuration,
comprising 16 8KiB sub-banks, exhibits a 1.14× reduction in
operating frequency compared to a 128KiB variant configured
with 8 lanes and thus 8 larger 16KiB sub-banks. This disparity
arises from a combination of factors: the higher speed of
the larger 16KiB sub-banks (to minimize the area, banks are
generated with wider rows, thus slower decoders and increased
depth of multiplexers) and the increased latency introduced
by the more complex vector slide logic required to move data
across different lanes. In contrast, for a 32KiB instance, the
configuration with 2 banks of 16KiB achieves the highest
operating frequency, running 1.02× faster than the 32KiB
variant with 16 smaller 2KiB banks. In this scenario, while the
smaller 2KiB sub-banks exhibit better timing characteristics,
the deeper vector slide logic associated with the larger number
of banks ultimately limits the overall performance. Figure 2
highlights how the critical path is dominated by the clock-to-
output delay of the memories (lighter color). Configurations
that share the same internal memory bank sizes have the same
critical path, as the 32KiB 4-lane and the 64KiB 8-lane
variants, both using 8KiB internal memory sub-banks. Figure
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Figure 3: Power, energy and area energy product of NM-Carus for different
configurations when running at 100MHz an 8-bit matrix multiplication
(A[10× 10]×B[10× 1024])). Power and energy bars are split into two: the
lighter part represents the portion of the power dissipated by SRAM banks,
while the darker part represents the logic cells.

3 shows the power consumption of NM-Carus configurations
when running an 8-bit matrix multiplication at 100MHz under
typical conditions (0.8V, 25 ◦C). Power consumption is dom-
inated by the internal memory sub-banks (lighter color). Given
a fixed memory capacity, a higher number of lanes is associ-
ated with a near-linear increase in computational logic power,
mostly due to its dynamic power contribution, whereas the
embedded CPU controller’s consumption remains negligible,
accounting for only 5% to 7% of the total power depending
on the configuration. Regarding energy consumption, Figure 3
illustrates how the increase in power consumption associated
with a higher number of processing lanes is compensated
by the improved performance of the matrix multiplication
kernel executions, showing that a higher number of lanes
improves performance more than the power overhead in all
configurations. However, when taking into account the area
overhead, which is crucial for considering NM-Carus an
SRAM replacement, the best compromise depends on the
configuration. Figure 3 shows the area-energy product on a
logarithmic scale, revealing that 2, 4, and 8 lanes are optimal
for 32KiB, 64KiB, and 128KiB respectively. While for
256KiB and beyond, 16 lanes offer the best trade-off.

Comparing the 32KiB 4-lane 16 nm NM-Carus configu-
ration from Figures 1 to 3 with its 65 nm counterpart from

[7], it is possible to appreciate the benefits of technological
scaling on such memory-oriented architectures. In the former
case, the area overhead is 27%, significantly lower than
the 58% overhead in 65 nm. The lower scaling trend in
SRAM manufacturing compared to logic scaling ensures more
headroom for cost-performance optimization. From a timing
perspective, the 16 nm implementation features a much higher
operating frequency at 1.16GHz compared to the 330MHz in
65 nm. Such timing characteristics support the exploitation of
NM-Carus in integrated last-level data cache, as proposed in
[8]. Similarly, technological scaling allows for an estimated
2.1× reduction in power consumption at 100MHz.

III. SYSTEM INTEGRATION USE-CASE

To demonstrate the performance improvement of the NM-
Carus instances, two distinct configurations were integrated
into the memory subsystem of the X-HEEP [9] RISC-V micro-
controller. The X-HEEP system has been configured to include
one CV32E40P [10] core, four DMA channels, standard
peripherals, and a 352KiB on-chip SRAM memory subsystem
partitioned into 64KiB for instruction storage, 32KiB for
private data, two 64KiB banks for extra data, and 128KiB
with interleaving addressing scheme on four banks. The two
64KiB banks for extra data have been replaced with the NM-
Carus instances, configured as one with 4 processing lanes, and
one with 8 processing lanes. Unlike Arcane [8], where several
homogeneous instances of NM-Carus are used within a cache
and exploited by means of host CPU custom ISA extensions,
in this work the memories are scratch-pad memories which
require explicit data tiling and layout at application level, as
well as loading specific near-memory computing kernels for
each instance, which allows running heterogeneous kernels in
parallel. The two NMC instances can operate either in memory
mode or as computational acceleration engines, depending on
the operational mode as detailed in [7]. The X-HEEP [9]
system was synthesized using the TSMC 16nm LVT process
node, targeting a worst-case operating frequency of 330MHz
(0.72V, 125 ◦C, slow process conditions). Figure 4 shows
the area breakdown of the X-HEEP system, including the
NMC IPs. The area overhead of the 4-lane and 8-lane NM-
Carus instances relative to equivalent SRAM implementations
is 1.23× and 1.74×, respectively, contributing with an increase
of 10% of the overall system area. To showcase the speedup
that NM-Carus can introduce in an actual system, a matrix
multiplication task has been executed on the X-HEEP system
with the two NM-Carus instances as a benchmarking appli-
cation. The size of the two matrix operands are A[30 × 15]
and B[15 × 2048]. Both are stored in an off-chip flash chip
and copied with quad SPI to the on-chip SRAN memory.
We analyzed three different scenarios: execution of the matrix
multiplication on the CPU, execution on a single instance of
NM-Carus, and execution on both the NMC instances. For the
reference execution on the CPU, first, the DMA copies both
matrices from the external flash to the interleaved memory
banks, then the CPU executes the kernel, storing the result in
another portion of the same memory region. For the single
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NM-Carus execution, tiling is performed as the output of the
matrix multiplication would not fit the NMC memory. After
the DMA has copied the 15 rows of A and the complete matrix
B, NM-Carus executes the kernel in place. When done, the
results are copied to the system memory to leave space for
the next tile. This solution requires an extra data-movement
operation as the NM-Carus size is smaller than the problem
size. While the deployment using both instances of NM-Carus
splits the matrix A into two and replicates the matrix B,
allowing for the execution of the matrix multiplication using
two parallel NM-Carus banks. The multi-channel DMA is used
to hide latencies in a double-buffering scheme. Employing
configurations with 4 and 8 lanes balances execution. Due to
the sequential nature of data transfers from flash memory, the
higher speed of the configuration with 8 lanes, is exploited to
complete concurrently, despite starting later. The execution of
the application with NM-Carus shows a speedup of 19.85×
and 29.34× faster than the CPU for the single and double
NM-Carus configurations, respectively.

IV. CONCLUSIONS

This study has presented a scalability analysis of NM-Carus
IP [7], investigating the trade-offs between memory capacity
and the number of parallel processing lanes. We quantitatively
compared the area, maximum frequency, power, and energy
characteristics of various NM-Carus configurations against
equivalent standard SRAM implementations in the TSMC
16nm LVT technology node. The results indicate that the
most significant contributor to area overhead is the partitioning
of the total memory into smaller sub-banks. In contrast, the
impact on the area of the integrated computational logic
decreases for larger total memory capacities. The maximum
frequency exhibits a nonlinear relationship with the number
of lanes and memory organization. In some configurations,
increasing the number of sub-banks (resulting from a higher

lane count) leads to a reduction in maximum frequency due
to the increased complexity of the addressing. Conversely, in
other configurations, the utilization of larger capacity sub-
banks with faster access due to area-optimized sub-bank
configurations can mitigate or even reverse this trend. In
addition, while the power is dominated by the internal sub-
banks’ consumption, energy shows that more parallelism is
always beneficial. However, when combining area and energy,
the best configurations depend on the total memory size.
Finally, we integrated two heterogeneous configurations into
the X-HEEP system, showing that at the system level, using
two instances of NM-Carus increases only by 10% the total
area, while improving speed up to 29.34×.
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