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Abstract—The development of accurate and robust compute-
in-memory (CIM) architectures is a central research focus for
accelerating artificial intelligence (AI) tasks, particularly deep
neural networks (DNNs). Significant interest has emerged in ana-
log and mixed-signal CIM architectures to improve the efficiency
of data storage and computation, as well as to manage the large
data volumes required by DNNs. Recent advances in emerging
non-volatile memory (eNVM) solutions have driven progress in
resistive mixed-signal CIM cores. However, mixed-signal CIM
computing cores continue to face integration and robustness
challenges that limit their widespread adoption in end-to-end
AI computing systems. From an integration perspective, resistive
and eNVM-based CIM cores require integration with a control
processor to enable programmable acceleration. Additionally,
SRAM-based CIM architectures remain more efficient and easier
to program than eNVM-based alternatives. In terms of robust-
ness, analog circuits are more susceptible to variations, leading to
computation errors and reduced accuracy. This study addresses
both challenges by introducing a self-calibrated mixed-signal
CIM accelerator system-on-chip (Acore-CIM), fabricated using
22-nm FD-SOI technology. Integration is achieved through (1) a
CIM architecture that combines the density and programmability
of SRAM-based weight storage with multi-bit computation using
linear resistors, alongside (2) an open-source programming and
testing strategy for CIM systems. Accuracy and robustness
are enhanced through automated RISC-V-controlled on-chip
calibration, which improves compute signal-to-noise ratio (SNR)
by 25–45 % across columns (reaching 18–24 dB) and reduces
process-induced multiply-and-accumulate (MAC) error spread
by up to 82 %. To demonstrate scalability, the proof-of-concept
system-on-chip (SoC) is shown to be extendable to recent high-
density linear resistor technologies, further enhancing computing
performance.

Index Terms—AI accelerator, computing-in-memory (CIM),
deep neural network (DNN), self-calibration, RISC-V.
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I. INTRODUCTION

THE recent push for embedded artificial intelligence (AI),
particularly deep neural networks (DNNs), in resource-

limited systems has intensified the need for energy-efficient
hardware accelerators. Compute-in-memory (CIM) cores have
consequently attracted significant attention [1]. CIM leverages
the inherent parallelism of DNN computations, which primar-
ily consist of numerous multiply-and-accumulate (MAC) op-
erations, by performing MAC directly in memory to minimize
data transfers. Mixed-signal CIM further enhances efficiency
by utilizing analog computing principles [2]. In these systems,
MAC operations adhere to Ohm’s law, with DNN weights rep-
resented as variable resistances (conductances) [3] or capaci-
tances [4], and are multiplied by analog inputs. Accumulation
is achieved natively through currents [3], [5] or charge shar-
ing [4], [6]. Progress in resistive-based CIM cores is closely
linked to the advancement of emerging non-volatile memories
(eNVMs), which aim to enable multi-bit weight encoding,
straightforward access, and non-volatility. Notable eNVMs
include resistive RAM (RRAM) [7]–[10], spin-transfer torque
magnetoresistive RAM (STT-MRAM) [11], ferroelectric RAM
(FeRAM) [12], and phase change memory (PCM) [13]. Al-
though these emerging technologies offer significant promise,
substantial challenges remain in developing robust mixed-
signal CIM solutions. Specifically, the analog nature of com-
putations continues to present obstacles to the widespread
deployment of mixed-signal CIM designs.

As a starting point, CIM architectures must provide suffi-
cient computational accuracy for typical DNN tasks. In partic-
ular, a compute signal-to-noise ratio (SNR) in the 20´ 22 dB
range limits the loss in computational accuracy to 5% com-
pared to fixed-point computation [14]. This study adopts the
compute SNR definition from [15], which explicitly considers
both noise and distortion. For resistive-based CIM arrays,
recent evaluations using multiple eNVM technologies [16]
indicate that inherent device variability prevents achieving suf-
ficient compute SNR without calibration. This challenge has
prompted research into calibration strategies for various CIM
cores [3], [8], [17]–[19] and resistive-based architectures [20],
[21]. However, calibration techniques often introduce area,
power, or timing overheads, thereby reducing system ef-
ficiency. Therefore, there is a need to develop automated
and integrated calibration routines that minimize system-level
overheads in area, power, and latency while achieving the
required compute SNR.
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Based on the initial observation, three key challenges are
identified for developing more accurate and robust resistive-
based CIM cores: 1 providing efficient and variation-tolerant
computation units that leverage SRAM integration and weight
storage, while opening the path for future eNVM adop-
tion, particularly high-density linear resistive technologies;
2 simplifying the integration of CIM cores into complete

AI acceleration systems with RISC-V processors through
open-source programming, testing, and calibration routines;
and 3 offering automated RISC-V-controlled self-calibration
solutions to meet required accuracy targets. This work adopts
a holistic approach to address these challenges and achieve
accurate, robust mixed-signal CIM designs.

To address Ch. 1 , an accuracy- and robustness-oriented
MAC cell is designed, employing a multiplication scheme
based on a multi-bit current-mode R-2R multiplying digital-to-
analog converter (MDAC) topology, where each weight bit is
stored in a 6T-SRAM cell [22], [23]. A key advantage of this
approach is the use of SRAM weight storage and high-linearity
resistors instead of multi-state eNVM devices, such as high-
density linear resistor (HDLR) technologies [12], [24]. HDLRs
offer higher resistance values and occupy smaller areas than
typical poly resistors in CMOS, and can be post-processed
on top of CMOS wafers. To tackle Ch. 2 , a complete proof-
of-concept SoC is designed, composed of a CIM core and
a RISC-V control processor. The programming framework is
fully open source, facilitating the testing and characterization
of CIM-based designs in full systems. To address Ch. 3 , an
automated built-in self-calibration (BISC) routine is demon-
strated on the SoC, operating in real time and fully controlled
by the RISC-V core. The BISC mitigates offset and gain
errors, improving the compute SNR by 25 to 45 % (6´8 dB)
across all CIM columns, and raising the compute SNR to
18 to 24 dB. BISC further compensates for mismatch and
process variations, reducing MAC error spread by up to 82%.
This approach ensures sufficient computational accuracy while
minimizing calibration overheads by leveraging the existing AI
computation system. The proof-of-concept SoC was fabricated
and measured in 22-nm FD-SOI technology. Additionally, all
hardware and software integration and calibration routines
have been released as open source, including a model of the
complete SoC. This release enables comprehensive testing of
the architecture and programming routines in software prior
to deployment on the physical device.

The structure of this paper is as follows. Section II reviews
challenges in the design, robustness, and accuracy of mixed-
signal CIM, with a focus on resistive-based arrays. Section III
describes the proof-of-concept accelerator SoC that serves as
the baseline for this study. Sections IV, V, and VI address
the three aforementioned challenges within the proposed SoC
architecture. Section VII presents measurement results from
the proof-of-concept chip. Finally, Section VIII presents the
conclusions drawn from this study.

II. DESIGN AND ROBUSTNESS CHALLENGES OF
MIXED-SIGNAL CIM

A. SRAM versus eNVM CIM design

On the one hand, SRAM-based CIM has evolved from
binary and ternary content-addressable memory for search
applications to architectures that support logic and MAC
operations, particularly in AI edge devices. This evolution is
driven by its high endurance, rapid write speeds, low write
energy, and compatibility with modern CMOS processes [25].
Various cell architectures are employed: compact 6T cells en-
able energy-efficient MAC operations, while less area-efficient
7T, 8T, and 10T cells enhance signal margin, reduce read
disturbances, and support more complex functions [25], [26].
As a result, SRAM-based CIM systems now support multi-bit
MAC operations [3]. However, several challenges persist. For
instance, increasing MAC precision with compact 6T-SRAM
cells often reduces signal margins, which diminishes readout
accuracy and raises the probability of read disturbances, partic-
ularly when the signal margin is less than the analog-to-digital
converter (ADC) input offset due to limited bitline voltage
swing. Multi-bit MAC operations require additional cycles,
increasing latency and reducing area efficiency. Furthermore,
activating multiple wordlines can improve energy efficiency
but may induce read instability due to larger bitline voltage
swings, potentially leading to data flipping. Process variations
also introduce input offsets in analog readout circuits, neces-
sitating larger signal margins to maintain precision.

On the other hand, eNVM-based CIM cores integrate mem-
ory and processing within a single cell. Recent advancements
in these architectures [7]–[10] have leveraged metal-oxide
layers to achieve high-speed switching and computation. For
example, RRAMs utilize a metal-insulator-metal structure in
which conductive filaments are formed and ruptured through
redox reactions. This mechanism makes RRAMs suitable
for high-density, low-power, multi-bit memory applications.
By supporting both logic operations and data storage within
the same cell, MAC operations can be executed directly in
memory, reducing data movement and substantially improving
energy efficiency and computational speed.

Despite recent advancements, several challenges continue
to affect the design of eNVM-based systems [10], [27]–[29].
For example, eNVM cells may struggle with higher multi-bit
MAC operations. Implementations that use an 8-to-1 bitline
multiplexer and serial access can reduce area and energy
efficiency by up to 97 % and 94 %, respectively, compared
to 1-bit operations [8]. Furthermore, eNVM cells typically
require precise high-voltage pulses for programming, which
increases circuit complexity. Additional peripheral circuits
may also be necessary to prevent unintentional overwriting,
known as write-disturb issues. From a computational perspec-
tive, increasing the number of active wordlines reduces the
current-domain sensing margin, leading to errors caused by
parasitic resistances in bitlines and multiplexers. Moreover,
analog non-idealities, particularly in the summing amplifier,
degrade current-sensing linearity and necessitate complex cor-
rective measures.
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In that regard, SRAM-based CIM cores remain up to 7ˆ

more efficient than their eNVM-based counterparts [26]. This
efficiency advantage is attributed to three primary factors:
(I) SRAMs continue to benefit substantially from technology
scaling, (II) eNVMs have not yet achieved the same level of
integration as SRAMs and are generally more challenging to
program, and (III) the use of analog weights increases the
demands on peripheral circuits such as amplifiers and data
converters, thereby reducing both area and energy efficiency.
Consequently, it is advantageous to develop a MAC computing
unit that leverages the efficient programming and weight
storage of SRAM, while also enabling the integration of
eNVMs and HDLRs for power-efficient computation.

B. RISC-V as a co-processor for end-to-end CIM acceleration

While CIM arrays provide high throughput for MAC opera-
tions, a standalone CIM core is typically insufficient to execute
complete deep learning workloads. Practical DNN inference
requires additional processing beyond MACs, including data
reshaping, control flow, and non-linear or element-wise op-
erations, which are not efficiently supported within 2D CIM
arrays [30]. Prior work has therefore highlighted the need for a
general-purpose processing core to orchestrate end-to-end ex-
ecution and to handle operations that remain outside the CIM
datapath. Recent studies identify RISC-V and CIM co-design
as a promising approach to bridge this gap: compute-intensive
convolution/MAC kernels are offloaded to CIM, while a RISC-
V core executes remaining layers and auxiliary tasks (e.g.,
depthwise convolutions, element-wise functions, and system-
level control), optionally augmented with custom instructions
or small accelerator blocks to reduce overhead [31]–[33]. This
heterogeneous approach enables full-model deployment within
an IoT/edge device context and provides a programmable
interface for testing and characterization.

Motivated by these observations, this work adopts a RISC-
V core as a co-processor to (I) orchestrate CIM operation
through a clean memory-mapped interface, (II) support end-
to-end execution by managing non-MAC workloads, and (III)
automate calibration and characterization routines in software,
enabling repeatable bring-up and evaluation of mixed-signal
CIM cores in full systems.

C. Robustness of mixed-signal CIM cores

Resistive-based CIM cores are inherently susceptible to
multiple non-idealities that degrade computational accuracy.
These non-idealities originate from peripheral components,
interconnect resistances, and device-level variations, resulting
in errors that propagate throughout the CIM core [34]. Ensur-
ing signal integrity for DNN workloads necessitates a com-
prehensive understanding of these effects and the application
of appropriate corrective measures. Fig. 1 presents a detailed
breakdown of the primary non-idealities impacting resistive-
based CIM cores, organized as follows:

a) Non-ideal DACs 1 : Input DACs exhibit inaccuracies
due to finite output impedance (RDAC), load dependency (RL),
and process variations, causing deviations in applied voltages
(VDAC) across CIM array rows.
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Fig. 1. Sources of non-idealities in resistive CIM cores: (1) DAC non-
linearities, (2) driver resistance, (3) grid parasitics, (4) input attenuation, (5)
summation-node voltage drop, and (6) process/mismatch variation. Example
plots show DAC error, signal attenuation, and VREG drop. These effects
accumulate in MAC outputs (IMAC Ñ VMAC), causing gain (g) and offset
(ϵ) errors, motivating BISC calibration.

b) Driver resistance 2 : The finite output resistance of
driver circuits (RD) introduces voltage drops along the rows,
further altering applied input levels.

c) Parasitic wire resistances 3 : Interconnect resistances
(rx, ry) introduce voltage attenuation across both rows and
columns, leading to signal degradation.

d) Input signal attenuation 4 : The combined effects
of driver resistance and wire parasitic elements progressively
reduce the input voltage (VIN) at successive cross-points.

e) Summation node regulation voltage drop 5 : Parasitic
resistances along the columns affect the virtual ground regu-
lation voltage (VREG), reducing accuracy in the accumulated
current summation.

f) MAC cell conductance variability 6 : After chip
fabrication, device-level variations and mismatch can shift
operating points and add additional errors.

g) Summing amplifier offset and gain errors 7 : The
Summing Amplifier (

ř

Amp) at the column outputs introduces
offset and gain errors—input-referred offset voltage shifts
MAC outputs, causing systematic bias, while a finite open-
loop gain reduces I-V conversion accuracy. Additionally, the
finite input impedance disrupts the virtual ground (VREG), al-
tering the accumulated currents. These distortions collectively
degrade computational precision and linearity.
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Fig. 2. Architecture of the Acore-CIM SoC: Top-level block diagram with
32-bit RISC-V, mixed-signal CIM accelerator, and AXI4-Lite interconnect.

The plots in Fig. 1 illustrate how these non-idealities affect
CIM operation:

‚ DAC Non-Idealities ( 1 + 2 + 3 + 6 )ÑIncreased DAC
output (VDAC) errors, mainly due to load resistance (RL)
variations.

‚ Input Voltage Drop ( 1 + 3 + 4 )ÑProgressive attenua-
tion of VIN across MAC cell inputs, highlighting the effect
of interconnect resistances.

‚ Summation Node Voltage Drop ( 3 + 5 + 7 )ÑDecrease
in VREG across rows due to parasitic resistance buildup.

‚ Accumulated Error ( 1 to 7 )ÑDiscrepancies between
ideal and actual VMAC, where gain (g) and offset (ϵ)
errors emerge from the cumulative impact of these non-
idealities. Error accumulation in CIM arrays is not strictly
correlated with physical distance; it depends on the array
state, programmed conductances, and input patterns. In
addition to systematic errors, random variations—such
as thermal noise, flicker noise, and inherent device mis-
matches—also contribute to performance variability.

In summary, resistive-based CIM cores suffer from inter-
dependent non-idealities, where errors vary with array size,
conductance states, input patterns, process variations, and
random noise sources. To ensure robust compute accuracy
under variations and analog non-idealities, a self-calibration
mechanism is essential. Section VI details our BISC-based
calibration strategy, which primarily targets systematic errors
while recognizing that a residual random error floor remains.

III. PROOF-OF-CONCEPT CIM ACCELERATOR SOC

This section provides a high-level overview of the proposed
Acore-CIM proof-of-concept CIM accelerator SoC. As illus-
trated in Fig. 2, the system integrates a RISC-V processor,
a mixed-signal CIM core, and an AXI4-Lite interface for
configuration and control. The subsequent discussion details
the internal organization of the CIM core, including the array
structure, the SRAM-based control hierarchy, and the column-
level readout and digitization path.
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and latching of 32 columns, and (5) digital readback. Cycle counts shown at
100MHz RISC-V clock.

A. RISC-V core and AXI4-Lite interface

The backbone of the proposed Acore-CIM is a custom-
designed, five-stage RV32IMFC RISC-V compliant core, il-
lustrated in Fig. 2 and made available as open-source [35].
This RISC-V core integrates 64 kB of program memory and
64 kB of RAM. It supports integer multiplication and division,
single-precision floating-point operations, and compressed 16-
bit instructions via the I, M, F, and C extensions. The core and
AXI4-Lite interface, developed in Chisel HDL [36], are fully
parameterizable to facilitate selection of application-specific
extensions. In this work, all extensions are enabled, and the
core achieves benchmark scores of 0.628 DMIPS{MHz and
2.07 Coremark{MHz. Programming of the core is accom-
plished via a JTAG interface, while communication with the
CIM core and other peripherals, such as UARTs and GPIOs,
is managed via an AXI4-Lite interconnect, which provides
processor-controllable interfaces for external communication.

The RISC-V processor manages the CIM core through
memory-mapped registers exposed on the AXI4-Lite bus.
These registers enable writing instructions and configuration
fields, initiating operations, and polling completion status.
The timing diagram in Fig. 3 illustrates the resulting task
parallelism. Execution begins with a C program loaded onto
the RISC-V, which encodes the complete layer sequence,
including register writes for weights, activations, and control
strobes. During runtime, the C program coordinates the follow-
ing sequence over AXI4-Lite: 1 streaming layer weights into
the CIM SRAM banks; 2 loading input activations into the
input SRAM; 3 asserting the S&H trigger to broadcast inputs
and complete the analog MAC within a single 1 µs window; 4
time-multiplexing the 32-column output voltages into the 6-
bit flash ADC for conversion at 32MHz during the subsequent
1 µs, with codes latched as they are generated; and 5 reading
back the latched results into on-chip RAM, thereby completing
one inference pass.

B. CIM accelerator core

The CIM accelerator is organized into four main architec-
tural blocks.

1) CIM Array and Bank Structure: The CIM core consists
of a 36ˆ32 crossbar array composed of multi-bit weight
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cells. Each cell is implemented as a 7-bit current-mode R–2R
MDAC, with switches programmed by local SRAM. The 32
columns are grouped into 16 banks, each containing two
columns that share SRAM control and peripheral I/O circuitry.
Fig. 4 provides an overview of the CIM bank organization
and the detailed MWC sub-array structure, highlighting the
SRAM-controlled MDAC network and the column BISC sum-
ming amplifiers utilized for readout and calibration.

The input DAC array (Bank-0) employs the same banking
scheme, with each DAC assigned to a row and driving 36
horizontal lines. Each DAC output is buffered by a sample-
and-hold (S&H) circuit, which ensures stable signal distribu-
tion across the 32 columns. The S&H stage stabilizes the
DAC outputs, suppresses noise, and aligns timing, thereby
preserving input integrity prior to entering the CIM array.
This configuration also provides flexibility to accommodate
both analog and digital inputs with minimal architectural
modification [37]. Fig. 5(a) depicts the input DAC cell, which
is an R-2R MDAC with BD “ 6` 1 bits: a 6-bit digital input
(D5:0) and a sign bit (D6) for polarity control. For positive
inputs, the DAC selects VINL “ 0.2 V, while for negative
inputs, it selects VINH “ 0.6 V. To support signed MAC
results, the analog zero level is set at VINH`VINL

2 “ 0.4 V
(VBIAS), establishing a zero-centered operating point. The
corresponding transfer function is presented in Fig. 5(b).

2) SRAM Control Blocks: Fig. 6 illustrates the SRAM
interface blocks. These blocks are configured by the RISC-
V core, which writes RD, WR, ADDR, and DIN into memory-
mapped registers using C code. These signals are transmitted
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Fig. 7. BISC-controlled dual current summing amplifier (2ΣAmp) archi-
tecture. The circuit accumulates positive and negative column currents and
converts them into VMAC, which fully settles within the 1 µs S&H window.
Integrated BISC blocks provide offset calibration and programmable gain
control.

via the AXI4-Lite bus to the global control block. The global
control block operates a clock generator for read and write
operations and a top-control decoder (TCD) that combines the
programmed address with pre-decoded signals. The resulting
wordline (WL) signals are distributed to local decoders within
each bank. On the bitline (BL) side, write drivers (WDs)
generate BL/BLB pairs, and I/O blocks provide precharge
and BL multiplexing for left- or right-array selection. The
half-butterfly SRAM architecture optimizes area efficiency and
routing complexity while maintaining stable access for weight
storage.

3) Output Summing Stage:

a) Summing amplifier: Each column terminates in a
dual summing amplifier (2ΣAmp) circuit, depicted in Fig. 7.
This circuit individually accumulates positive and negative
column currents, then performs differential subtraction using a
programmable feedback resistor network to produce a voltage
output. A thermometer decoder modulates the effective tran-
sresistance for gain control, and offset calibration is achieved
through a voltage-mode DAC and counter. The 2ΣAmp is
instantiated 32 times, corresponding to one per CIM column.
Each inference operation is completed within a single S&H
period (TS&H “ 1 µs), during which all outputs reach full
settling. The output voltage, VMAC, is given by:
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VMAC “ RSA ¨ IMAC ` VCAL, (1)

where RSA denotes the transresistance of the amplifier and
VCAL represents a programmable offset, initially set to VBIAS.
Each operational amplifier in the 2ΣAmp has a DC gain of
60 dB and is configured to maintain the summing node at
virtual ground, VGND “ VBIAS. This configuration ensures
that the current from the array cells remains proportional to the
applied row voltages and is summed linearly on each branch.

b) BISC Control flow: The BISC circuitry is embedded
into the output summing stage, where it calibrates and corrects
non-linearities in the analog MAC output. As this process
occurs in the analog domain prior to digitization, BISC elimi-
nates offset and gain errors before the ADC, thereby enhancing
the effective precision of the analog MAC. The calibration
routine is managed by the RISC-V core via a 32-bit memory-
mapped register, bisc_ctrl, which is accessible through the
AXI4-Lite interface (Fig. 7). This register includes fields for
mode selection (AUTO or CFG), manual configuration values,
fine-tuning of the offset (˘1 LSB), gain codes, and reset com-
mands. In AUTO mode, a 6-bit up-counter iteratively sweeps
calibration codes to minimize the residual offset. In CFG
mode, the value written to bisc_ctrl is directly applied to
the offset DAC. A 2:1 multiplexer selects between counter and
register outputs, followed by a fine-tuning stage that drives the
offset DAC (VCAL) to adjust the summing amplifier’s virtual
ground. Gain codes are simultaneously applied to scale the
transresistance. From the software perspective, a C program
writes to bisc_ctrl to configure, initiate, and monitor
calibration. The sequence involves: (1) programming the mode
and parameters, (2) triggering AUTO or CFG calibration,
(3) waiting for completion, and (4) reading back status or
results. Further details regarding BISC operation are provided
in Section VI.

4) Quantization/Flash ADC: Fig. 8 shows the on-chip 6-
bit flash ADC shared across 32 CIM columns through a 32:1
analog multiplexer. During each inference cycle (TS&H “

1 µs), the 32 summing-amplifier outputs are time-multiplexed
and digitized at 32MHz (one column per clock). The ADC
consists of a resistor ladder, comparator array, and prior-
ity encoder, with default reference levels pV L

ADC , V
H
ADCq “

p0.2, 0.6q V. The ADC employs a compact resistor-ladder
topology. While area-efficient, this architecture imposes a
hardware-level upper bound on the achievable column com-

WL IMAC

VDAC

VBIAS

RU

W6

W7

6T-SRAM 6T-SRAM 6T-SRAM

BL5 BL5 BL4 BL4 BL0 BL0

W5 W5 W4 W4 W0 W0

IMAC
+ IMAC

-

MWC
R-2R DAC

7b SRAM

Sign

MAC VBIAS (V)
0.36 0.38 0.40 0.42 0.44

w/o BISC
w/ BISC

*1LSB= 3.125mV

M
AC

 E
rr

or
 (L

SB
)

0

2

4

-2

-4

Nominal
VBIAS

(a) (b)
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7-bit R-2R DAC with 6-bit weight value W5:0 and dual sign bits W6, W7

for polarity control and idle mode. (b) Post-layout result of MAC output error
against deliberate VBIAS offset injection and recovery using BISC.

pute SNR due to quantization noise and inherent comparator
non-idealities (e.g., input-dependent offset variations). Con-
sequently, the ADC-column SNR is defined by SNRcol “
´

1
SNRA

` 1
SNRADC

¯´1

[26], where SNRA is the pre-ADC
analog SNR and SNRADC accounts for both quantization and
these residual circuit non-idealities.

At the network level, DNN inference typically does not
require resolving the full bit-growth precision, and prior work
shows that maintaining a moderate dot-product compute SNR
(e.g., SNRcol in the 10-40 dB range, depending on the
model and training strategy) is often sufficient to preserve
inference accuracy, especially when using quantization-aware
training (QAT) [26]. Accordingly, selecting BQ “ 6 provides
a favorable trade-off between energy/area and accuracy for this
proof-of-concept SoC, while leaving clear headroom for future
readout-chain improvements if higher effective precision is
required. The quantized per-column output Q̂c is computed
as:

Q̂c “
VMAC ´ V L

ADC
`

V H
ADC ´ V L

ADC

˘

{
`

2BQ ´ 1
˘ . (2)

IV. MULTI-BIT MIXED-SIGNAL CIM CORE WITH LINEAR
RESISTORS

This section presents the contribution addressing Ch. 1 ,
which introduces a reliability-oriented R-2R MDAC weight
cell (MWC) configuration, as illustrated in Fig. 9(a). The
proposed MWC stores weight values in fast, high-density
SRAM cells and utilizes an R-2R MDAC to enable efficient
multi-bit multiplication. This design reduces dependence on
wordline activations and mitigates read disturbances. Further-
more, it enhances signal stability and exploits the compact
6T-SRAM cell without sacrificing performance. From an in-
tegration standpoint, various HDLR technologies may serve
as the computing element, enabling a denser implementation.
For instance, the mega-ohm resistor (MOR) [12] integrates
a 5MΩ resistor within a 0.25 µm2 area, corresponding to
approximately 20MΩ per 1 µm2, which is substantially higher
than conventional high-density polysilicon resistors.

A. MDAC weight cell architecture

The MWC employs an R-2R MDAC topology with SRAM-
based weight storage. The digital weight (BW = 6+1 bits)
modulates the MDAC conductance, enabling multi-bit multi-
plication of the input voltage (VDAC) to produce the output
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TABLE I
PERFORMANCE ESTIMATION OF THE PROPOSED CIM CORE WITH

VARIOUS RESISTIVE TECHNOLOGIES

Polysilicon (22-nm)
(This work)

MOR
[12]

WOx
[24]

RRAM (22-nm)
[38]

Unit Resistance
RU (MΩ) 0.385 7 28 0.03

MWC Area
(1 bit - 6 bit)

(µm2)
17 - 120 1 - 8 1 - 8 0.05 - 0.4

Unit Current
(µA)˚ 2.6 0.15 0.036 33

Area Improv.
Power Improv. Baseline 14ˆ

17ˆ

14ˆ

70ˆ

225ˆ

0.08ˆ

˚ per MWC, assuming 1V operation, i.e., I “ 1{RU

current (IMAC). The 6 LSBs (Wr5:0s) define the effective
weight, while two sign bits (W6, W7) control polarity and idle
mode. These values are written into the local SRAM cells via
the memory-mapped register sram_din, which configures
both weight and sign bits. When both sign bits are 0, the
MWC is disabled, reducing leakage and minimizing offset at
the 2ΣAmp and ADC. With W6 “ 1, the current is directed
to the positive summation line (I`

MAC); with W7 “ 1, to the
negative line (I´

MAC). This ensures that like-signed currents
align across rows. The net column current is therefore:

IMACc “

N
ÿ

i“0

´VDACpiq ´ VBIAS

RU
¨
Dpiq

2BW

¯

¨
`

W6ris ´W7ris
˘

, (3)

where VBIAS is the bias voltage, set to 0.4 V to establish
the zero level in the analog data path. RU represents the R-
2R MDACs’ unit resistance, D is the 6-bit weight value (in
integer format) corresponding to the ith cell, and pW6 , W7q

is the state of the sign bit.
The MWC is highly sensitive to the bias voltage VBIAS ,

which sets the analog zero level of the MAC operation.
Unlike global supply variations, small deviations in VBIAS

directly induce systematic offsets at the summation amplifier
input, degrading MAC accuracy across columns. As shown
in Fig. 9(b), a ˘50 mV shift in VBIAS results in multi-
LSB errors in the accumulated MAC output. The integration
of BISC compensates for this sensitivity by re-centering the
operating point, reducing MAC error by over an order of
magnitude.

B. Extension possibility with HDLR technologies
Although the proof-of-concept SoC demonstrates the func-

tionality of the proposed design concepts, the use of polysili-
con resistors impacts the area and energy efficiency. However,
alternative resistive technologies, such as HDLR materials,
offer the potential to significantly improve these metrics. To
explore this potential, we evaluated the performance of the
proposed MWC using different resistive technologies, taking
the unit resistance (RU) value of the polysilicon-based design
as a baseline. For HDLR technologies, we assume that the
R-2R resistor network can be post-processed atop an SRAM
cell, with a resistor value of 3RU occupying roughly 1 µm2.
This approach could enable a 128ˆ128 MWC cell array to fit
within the same footprint used by the proof-of-concept SoC.
Table I summarizes these comparisons and their implications.
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Fig. 10. Illustration of the open-source simulation framework of the proposed
Acore-CIM SoC, including the Acore RISC-V core (implemented in RTL),
the CIM core (modeled in Python), and various test benches.

a) Polysilicon resistors: The baseline design uses high-
density polysilicon resistors fabricated in a 22-nm FD-SOI
process. This implementation supports a 36ˆ32 MWC array
and provides a reference for evaluating other technologies.

b) Mega-ohm resistor (MOR) technology: MOR tech-
nology [12] can achieve a resistance of 5MΩ in a 0.25 µm2

area, translating to approximately 20MΩ per 1 µm2. For this
study, we assume an RU of 7MΩ, reducing current draw to
150 nA per MWC. This results in a 14ˆ improvement in both
throughput and area efficiency and a 17ˆ reduction in power
consumption, excluding peripherals.

c) WOx resistor technology: WOx-based resistors [24]
offer an even higher resistance density. With an estimated RU
of 28MΩ, each MWC draws only 36 nA of current, yielding
up to 70ˆ energy efficiency improvement compared to the
baseline, excluding peripheral components.

d) RRAM integration: We also evaluated RRAM, fabri-
cated using the same 22-nm node as the proof-of-concept de-
sign [38]. While RRAM provides dense non-volatile memory
integration, its current draw per cell (33 µA) limits its energy
efficiency, resulting in significantly higher power consumption
compared to other technologies.

V. OPEN-SOURCE SYSTEM SIMULATION AND
MEASUREMENT FRAMEWORK

This section details the contribution that tackles Ch. 2 .
To promote CIM-based systems, extend SoC testing, and
enable future integration, we developed a complete open-
source simulation framework for the proposed SoC1. It relies
on the System Development Kit (SyDeKick) environment
for system modeling2. This simulation framework supports
simulation, measurement, and test routines for complex SoCs,
where each block can be modeled at different abstraction levels
(behavioral, RTL, schematic, or post-layout), tested, and then
replaced with the physical design while keeping the same
measurement setup. It also supports efficient co-simulation
of software and hardware to prepare programming or test
routines. All measurements in the following subsections are
based on this framework.

1The complete source code is available at: https://gitlab.com/a-core/
2https://github.com/TheSystemDevelopmentKit

This article has been accepted for publication in IEEE Transactions on Computer-Aided Design of Integrated Circuits and Systems. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/TCAD.2026.3682622

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



8 IEEE TRANSACTIONS ON COMPUTER-AIDED DESIGN OF INTEGRATED CIRCUITS AND SYSTEMS, VOL. XX, NO. XXX, XXXX 2025

A. Framework description

Fig. 10 depicts the block diagram of the proposed simulation
framework, which has three main components: the Acore
RISC-V core in RTL, the CIM core in Python, and various
test benches. The RISC-V and accelerator communicate over
the same AXI4-Lite bus as the fabricated SoC. This interface
is implemented in the "CIMBlock" file, along with the pro-
cessor’s Verilog code. Because the CIM core is implemented
in Python, a co-simulation between the RTL (RISC-V and
AXI4-Lite interface) and Python (CIM) is required, which
is implemented using CoCoTB3. The “ACoreTestBenches”
file establishes a framework to halt the RTL simulation at each
clock cycle and run the “CIMtop” file for CIM simulation,
enabling bidirectional data transfer via “CIMBlock”. This
approach avoids long CIM simulation times and uses the same
test bench (compiled from C code by gcc) as the physical chip,
enabling efficient testing of various programs on the system.

B. Detailed simulation operation

Fig. 10 details the main files used in the simulation frame-
work. The explanation below links to their respective markers,
denoted with a circle X . The AcoreChip file includes the
complete RTL code for the processor in Chisel and the AXI4
interface to the CIM core 1 . This code is compiled into
Verilog via sbt, a Scala-based build tool. The CIM core
is modeled in Python 2 , with separate models for data
converters to enable independent testing and rapid prototyping.
The model interfaces with the “CIMBlock” via the AXI4
interface, so data can be sent to and from the Python model
during co-simulation. With SyDeKick functionalities, all CIM
core blocks can be replaced by their hardware entities, either
at the simulation level (netlist or RTL code) or as the physical
SoC itself. The "ACoreTests" file contains all system tests 3 ,
including standard RISC-V tests for the processor 4 and tests
for CIM core utility functions 5 . Each test’s C code can be
written and compiled with the RISCV-gcc compiler, producing
an .elf instructions file, which can also be loaded into the
SoC chip’s program memory. The "ACoreTestBenches" file
compiles all simulation source files and starts the simulation
with CoCoTB 6 , generating the co-simulation with the
RTL test bench and the compiled RISCV-gcc file running
the processor code 7 . The same test benches are used in
simulation and can be directly ported to the physical design,
ensuring consistency between pre- and post-silicon validation.

VI. RISC-V-CONTROLLED BUILT-IN SELF-CALIBRATION

This section covers Ch. 3 . As previously discussed, mixed-
signal CIM cores experience errors due to process variations,
device mismatches, parasitics, and amplifier non-idealities,
which degrade MAC accuracy. An on-chip BISC is introduced
to systematically identify and calibrate these errors. The BISC
method is managed by the RISC-V core and supports automa-
tion. This approach enables real-time error correction with
minimal system overhead. The complete BISC implementation
is available within the open source framework.

3https://www.cocotb.org/

A. Error modeling and correction strategy

Without errors, the nominal output of the 2ΣAmp is given
by VMAC,nom “ RSA IMAC `VCAL. In reality, the MAC re-
sult is affected by analog–domain non-idealities that introduce
both gain and offset errors. To model them, let us consider a
gain error factor αA (ideally 1) and an additive offset error
βA, which modify the output as:

VMAC,act “ αA RSA IMAC ` VCAL ` βA. (4)

To determine the appropriate calibration values, we intro-
duce gain and offset correction factors, γSA and ∆CAL. To
compensate for gain error, we define a correction factor γSA

so that γSA αA “ 1, yielding a calibrated transresistance:

R1
SA “ γSA RSA “

RSA

αA
. (5)

Second, we cancel the offset error by setting ∆CAL`βA “ 0,
resulting in a corrected calibration voltage:

V 1
CAL “ VCAL ` ∆CAL “ VCAL ´ βA. (6)

Hence, applying the corrected values R1
SA and V 1

CAL to the
actual MAC output (4) via the BISC circuits yields a cali-
brated output VMAC,BISC . This restores the ideal behavior of
VMAC,nom over the full range of IMAC. To correct these errors,
Fig. 7 shows the 2ΣAmp circuit uses a digital potentiometer
in its negative feedback path and a 6-bit voltage-mode R-2R
DAC controlled by an up-counter in the positive feedback loop.
This design makes RSA and VCAL tunable, as detailed in the
next subsection.

B. ADC integration and combined error analysis

When the CIM core is integrated into a system, the MAC
outputs are quantized by an ADC. Hence, in a complete ADC-
column analysis, the ADC’s error must be considered. The
nominal ADC transfer function is:

Qnom “ CADC

”

RSA IMAC ` VCAL ´ V L
ADC

ı

, (7)

where CADC is the constant ADC conversion factor defined
as

`

2BQ ´ 1
˘

{
`

V H
ADC ´V L

ADC

˘

. In addition to the MAC non-
idealities, the ADC itself introduces errors, which are modeled
using digital gain factor αD and offset factor βD. As a result,
the system’s response is expressed in a linear form as:

Q̂act “ αD CADC

«

αA RSA IMAC

` VCAL ` βA `
βD

αD CADC
´ V L

ADC

ff

. (8)

Since the ADC-column output is measured after digitization,
the column’s linear error can be expressed by modeling the
measured ADC output as:

Q̂act “ ĝtot Qnom ` ϵ̂tot , (9)

where ĝtot and ϵ̂tot denote the combined gain and offset errors,
arising from the complete CIM column, including the ADC.
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By comparing the coefficients of IMAC and the constant terms
in (7) and (8), and by setting VCAL “ V L

ADC, we obtain:

ĝtot “ αA αD, and ϵ̂tot “ αD CADC βA ` βD. (10)

The equations in (10) show that the overall gain error is the
product of the analog and digital gain errors, while the total
offset error is the sum of the digital offset and the analog
offset, scaled by the factor CADC and the digital gain.

Assuming that the ADC has been characterized indepen-
dently (i.e., its gain error αD and offset error βD are known),
the analog errors (αA and βA) of the CIM core outputs can
be extracted from the Equations in (10) as:

αA “
ĝtot

αD
, and βA “

ϵ̂tot ´ βD

αD CADC
. (11)

These values serve as correction factors to compute the final
calibrated parameters and are used to update the tunable ele-
ments in the 2ΣAmp circuit. Specifically, using the corrections
from (5) and (6), we obtain:

R1
SA “

αD RSA

ĝtot
, and V 1

CAL “ VCAL ´
ϵ̂tot ´ βD

αD CADC
. (12)

Fig. 11(a) shows the measured BISC-calibrated RSA and
VCAL values across the 32 CIM columns. After calibration,
RSA is adjusted within 10.2 ´ 11.4 kΩ and VCAL within
0.390–0.403 V, compared to the default uncalibrated values
of RSA “ 10.7 kΩ and VCAL “ 0.4 V.

C. BISC routine

Once the theoretical correction factors are determined, the
BISC routine must apply the appropriate test vectors to extract
the actual errors (the "online characterization" phase), then
calculate the optimal correction factors based on the previous
analysis (the "online correction" phase).

1) Online characterization phase: To characterize the com-
plete CIM column (the combined 2ΣAmp + ADC chain),
we apply a set of known MAC operations, leading to a
known accumulated current tIMACu. We then measure the
corresponding digital outputs Q̂act, which are then compared
with the nominal outputs tQnomu. Using the linear relationship
of (9), we estimate the measured gain and offsets with a least-
squares fit over Z test points, yielding:

ĝtot “

Z
ř

´

Qnom Q̂act

¯

´
ř

Qnom
ř

Q̂act

Z
ř

pQnomq
2

´ p
ř

Qnomq
2 , (13)

ϵ̂tot “

ř

Q̂act ´ ĝtot
ř

Qnom

Z
. (14)

Selecting the test set size (Z) involves a critical trade-off. A
full-range sweep, measuring every LSB, yields high accuracy
and reveals non-linearity but is too time-consuming for large
arrays. A minimal two-point method allows rapid calibration
with low overhead but risks missing mid-range distortions and
is more prone to noise. To balance these extremes, we use a
small set of 4-8 equally spaced test vectors across the dynamic
range and perform a least-squares regression. The BISC also
allows measuring the output multiple times at each test point to
average out random errors, such as thermal and flicker noise.
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Fig. 11. (a) Measured BISC-calibrated parameters (RSA, VCAL) extracted
across all 32-column array. (b) Measured MAC error distribution for a
CIM column, comparing normal operation before correction and after BISC
calibration. BISC reduces the mean systematic offset and the error variance.

2) Online correction phase: Based on the estimated ĝtot
and ϵ̂tot, the 2ΣAmp trimming values are updated as per
Equation (12). Specifically, the digital potentiometer in the
negative feedback path is fine-tuned for gain correction, while
the calibration DAC output in the positive feedback loop is
adjusted for offset correction. These updates compensate for
systematic, linear errors in the analog signal path.

D. Additional considerations for BISC

a) ADC Clipping: Residual errors may cause VMAC,act
to exceed ADC limits, leading to saturation. To ensure valid
calibration data and prevent clipping, adjust the ADC reference
voltages V L

ADC and V H
ADC so the full dynamic range, including

error margins, stays within the ADC’s linear region. For
example, if the nominal output VMAC,nom is 0.4´0.6 V and
a ˘5 % margin is expected, set the ADC references to about
pV L

ADC , V
H
ADCq « p0.39V, 0.61 Vq to keep all test points in

range.
b) Separate calibration: In the proposed BISC-

controlled 2ΣAmp, each amplifier may exhibit distinct
nonlinearities due to device mismatch, process variations,
and parasitic elements. Therefore, offset and gain errors are
measured and corrected independently for each amplifier to
achieve precise compensation for the unique non-idealities
and asymmetries of each line. Fig. 11(b) illustrates the
outcome of this process for a selected CIM column. The
“Positive Line” and “Negative Line” distributions display
distinct amplifier error profiles prior to calibration. The BISC
routine subsequently determines individual trimming values
for each amplifier. The “Normal Operation” distribution
shows that these adjustments substantially reduce errors,
underscoring the need for calibration to achieve precise,
robust mixed-signal CIM performance.

The pseudocode of the BISC routine is listed in Algo-
rithm 1. The BISC routine is flexible and can be executed after
a system reset, following a classification task, or periodically
at predefined intervals, depending on application needs. This
demonstrates the seamless integration of BISC with the RISC-
V core, ensuring efficient real-time calibration if needed.

E. Mismatch and process variation

Process and device mismatch are major challenges in
current-mode CIM architectures because they cause variations
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Algorithm 1: BISC calibration routine
Initialization:
Set RISC-V controls.
Initialize Calibration Variables:

- VCAL Ð VL`VH

2 , & RSA Ð RU

N .
- V L

ADC Ð 0.95V L,default
ADC .

- V H
ADC Ð 1.05V H,default

ADC .
Store ADC Parameters: pαD, βD, CADCq.
Define Test Vectors: tVtrZs,WtrZsu and Qexp.

Characterization Phase:
foreach column c in CIM array do

- Write Wt Ð Wmax. Vt Ð stepped input.
- tVtrZs,WtrZsu Ñ tIMACrZsu.
- Measure Q̂act per column.
- Compute: ĝtot Ð per Eq.(13), ϵ̂tot Ð per Eq.(14).

Correction Phase:
foreach column c in CIM array do

Gain Correction: R1
SA Ð

αD RSA

ĝtot
.

Offset Correction: V 1
CAL Ð VCAL ´

ϵ̂tot ´ βD

αD CADC
.

Update BISC circuits with R1
SA&V 1

CAL.

MAC Output w/o BISC MAC Output w/ BISC

# 
of

 S
am

pl
es

MAC Error (LSB)
0

20

40

60

-5.0 0.0 5.0 10.0

µ = 1.04LSB

+1σ = 3.1LSB

# 
of

 S
am

pl
es

0

20

40

60

MAC Error (LSB)
-5.0 0.0 5.0 10.0

µ = 0.074LSB

+1σ = 0.55LSB
82%

Reduction

(a) (b)

Fig. 12. Post-layout Monte-Carlo simulation of MAC error under mismatch
and process variation across 500 iterations: (a) without, and (b) with BISC.

in effective weights and accumulated currents across the array,
degrading accuracy. Fig. 12(a) shows post-layout Monte-Carlo
results (500 iterations) under mismatch and process variations,
where the proposed BISC significantly reduces MAC error
spread. BISC compensates for offset shifts from resistor and
transistor mismatch and re-centers the summation amplifier’s
operating point, improving robustness across process corners.

In comparison, prior works on process-variation resilient
current-domain CIMs, such as [39], employ additional replica
columns and custom wordline drivers to track and compensate
for global process drift. Our approach is distinct in that it
leverages the existing calibration path to compensate both
mismatch and process spread, incurring minimal area/power
overhead. As a result, we achieve up to 82% reduction in
process-induced spread across the CIM outputs, as quantified
in Fig. 12(b).

F. Applicability to other CIM readout architectures

Although demonstrated here on Acore-CIM, the proposed
RISC-V-controlled BISC is not tied to a specific memory
device. The key requirement is a column readout path that

(a) (b)
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Fig. 13. (a) Acore-CIM chip microphotograph. (b) Power distribution of the
Acore-CIM (1152 active MWCs).

can be approximated by a first-order transfer within the
operating range, i.e., a systematic offset and gain mapping
between the analog accumulated quantity (current/voltage at
the sensing node) and the digitized output code. This condition
is common in mixed-signal CIM macros that perform column-
wise accumulation and digitize the result through an analog
front-end (e.g., TIA/summing amplifier) followed by an ADC,
where column-to-column mismatch and global process shifts
introduce systematic dispersion in the effective transfer char-
acteristics. As a result, a BISC-style characterization and per-
column offset/gain compensation can serve as a lightweight
software-calibration layer for resistive CIM systems that use
current-domain sensing with TIA-based readout and ADC
digitization [19], [28], as well as voltage-sensing CIM macros
that rely on an analog conditioning/readout chain prior to
quantization [10].

VII. MEASUREMENT RESULTS OF THE ACORE-CIM
PROTOTYPE

Fig. 13(a) shows a microphotograph of the prototype SoC
chip, fabricated in 22-nm FD-SOI technology. The CIM core
occupies 0.73mm2 and integrates a 36ˆ32 MWC array, a
2ΣAmp stage, BISC, 36ˆ1 input DACs, SRAM read/write
controls, codecs, and a time-multiplexed flash ADC. The
RISC-V core and other digital circuits cover an additional
1.14mm2. Fig. 13(b) shows the power distribution of the
prototype chip. The measurement setup uses a custom PCB
connected to a ZC706 FPGA for control, with power supplied
and measured by Keysight N6705C DC Power Analyzers.

A. CIM variation and calibration

Table II presents a calibration-centric comparison of state-
of-the-art CIM architectures in current- and charge-domain
designs. The table contrasts calibration targets, mechanisms,
controllers, overheads (Area/Power/Latency/Complexity rated
as L/M/H), and peak recovery metrics, reported as accuracy
gains, noise reduction (SNR/ENOB), and linearity and off-
set statistics. Previous strategies typically address a single
non-ideality, such as sense amplifier offset, row or column
mismatch, or PVT drift, and often rely on replica circuits,
dedicated controllers, or offline characterization. In contrast,
the Acore-CIM architecture uses a unified BISC scheme that
corrects offsets, gain, mismatches, and process variation within
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TABLE II
COMPARISON OF CALIBRATION STRATEGIES IN CIM ACCELERATORS: TARGETS, MECHANISMS, OVERHEADS, AND RECOVERY

Work
Weight Memory
& MAC Domain

Readout
(Quantization)

Calib.
Targets

Calib.
Mechanism

Controller
Overhead
(A/P/L/C)

Max.
Recovery†

JSSC’24 [3]
6T-SRAM + LBDAC

Current-domain
Analog (no ADC)

/ 0.83 MHz
Row/col mirror

mismatch
Weight pre-distortion*

+ offline char.
Digital ctrl.
+ SPI host

– / – / H / M
σoffset: 2.66Ñ0.46 LSB

∆Acc: +1.55 pp

TCAAI’25 [40]
10T1C-SRAM bitcell

Charge-domain
DSCI SAR + SA

(digital O/P)
SA offset

+ LF noise
SA offset trim

+ kickback reduction
Digital FSM
+ SPI host

L / L / L / L
σINL P r0.3, 3.4s LSB
95% offsets ď 1 LSB

JSSC’22 [41]
8T-SRAM bitcell
Current-domain

Per-column SA-ADC
(1–5 b)

Per-column offset
Binary-search trim

+ 32 replica BC/col
Column-local

digital ctrl.
M / L / M / M

DNL: r´0.256,`0.314s LSB
INL: r´0.116,`0.270s LSB

JSSC’24 [18]
SRAM buffers + AMEM
Current-domain (ANU)

5b ADC + FIFO
(digital O/P)

PVT drift (MAC)
& AMEM retention

BG-bias auto-comp (MAC)
AMEM write-verify

pulse-subtraction VTC

Global digital
controller

M / L / H / H
σoffset: 1.9Ñ0.19 LSB

∆Acc: +2.9 pp (±10%V)
∆Acc: +1.3 pp (´20„85˝C)

This SoC
6T-SRAM + R-2R MWC

Current-domain
2ΣAmp front-end
+ TM flash ADC

Per-column offset/gain
(process, mismatch,

non-idealities)

BISC (per-col calib.:
least-squares fitting)

RISC-V
(via AXI4-Lite)

M / M / M / M

∆SNR: +6 dB (+1.1 bit ∆ENOB)
σoffset: 3.1Ñ0.55 LSB
σe P r´0.7, 0.4s LSB

∆Acc: +3.63 pp

† Reported values show the peak calibration gain, expressed as accuracy, noise (SNR/ENOB), or linearity/offset statistics (offset, INL/DNL).
* Hybrid calibration: characterization performed off-line.

Legend: A/P/L/C = Area / Power / Latency / Complexity; L/M/H = Low/Medium/High; “–” = not reported.

TABLE III
PERFORMANCE METRICS OF THE ACORE-CIM COMPARED WITH STATE-OF-THE-ART CIM DESIGNS

Work Tech (nm)
Max Precision

(I:W:O)
finf

(MHz)
Norm. 1b-TOPS†

“ 2B
∥
inN

∥
wfinf

Norm. Area Eff.
(1b-TOPS/mm2)¶

Norm. Energy Eff.
(1b-TOPS/W)¶

MNIST
Acc. (%)*

JSSC’24 [3] 180 4:4:Analog 0.83 2 ˆ p4q ˆ p16 ˆ 16 ˆ 4q ˆ 0.83 “ 0.0068 0.0068{0.1296 “ 0.053 0.0068{65µW “ 104.6 95.6

TCAAI’25 [40] 22 8:4:8 0.85‡ 2 ˆ p1q ˆ p1152 ˆ 256 ˆ 4q ˆ 0.85 « 0.50 2.55 125 98.6

JSSC’22 [41] 65 1:1:5 200 2 ˆ p1q ˆ p64 ˆ 128 ˆ 1q ˆ 200 “ 3.3 3.3{0.065 “ 50.8 3.3{0.21W “ 15.8 96.4

JSSC’24 [18] 28 5:5:5 2‡ 2 ˆ p5q ˆ p9 ˆ 28 ˆ 5q ˆ 2 “ 0.025/Path 0.025{0.2436 “ 0.10/Path 0.025{0.502mW “ 50/Path 98.1

This SoC 22 7:7:6 1 2 ˆ p7q ˆ p36 ˆ 32 ˆ 7q ˆ 1 “ 0.113 0.113{0.728 “ 0.155 0.113{15mW “ 7.5 97.0

† Normalization: 1b-TOPS “ 2B
∥
inN

∥
wfinf . ‡ Estimated/derived at the stated operating point. ¶ Uses the active macro/path/tile (area or power).

* Accuracies after calibration.

the existing 2ΣAmp stage, with minimal analog overhead
(area ă 10 %, power ă 5 %). Combined with RISC-
V–based control, this approach enables multi-metric recovery,
improving SNR, ENOB, linearity, and inference accuracy,
while maintaining moderate overheads. The main advantage
of this method is its versatility and system-level efficiency,
rather than optimization for a single error source.

Fig. 14(a) compares average CIM macro outputs to ideal
MAC values in uncalibrated and BISC-calibrated modes. The
uncalibrated outputs show a clear offset from the ideal curve,
while the BISC-calibrated results align closely, indicating
reduced spatial variation and improved accuracy. Fig. 14(b)
presents the per-column transfer error relative to the ideal
output code across the applied input sweep points. For each
column c, the code error ecrns “ Q̂c,actrns ´ Qc,nomrns is
reported in LSB, where 1 LSB corresponds to 3.125mV. The
marker represents the mean of ecrns across the sweep points,
while the error bar denotes ˘1σ. Following BISC, the column-
wise mean error is more uniform across the 32 columns
(« ´0.25 LSB), and the spread is reduced (« ˘0.5 LSB),
which demonstrates improved column-to-column matching of
the static transfer characteristics.

While BISC removes the dominant offset and gain errors,
the system’s final accuracy is limited by the hardware readout
chain. Two factors create a residual error floor that calibration
cannot fix: the finite resolution and imperfections of the com-
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Fig. 14. (a) A measured comparison of spatial variation enhancement across
CIM columns without and with BISC. (b) Measured per-column transfer error
ecrns relative to Qc,nom, before and after BISC.

pact flash ADC, and complex higher-order analog distortions
that our linear BISC model does not capture. Measurements
confirm this limit. Once BISC corrects the major mismatches,
further calibration yields diminishing returns as it reaches this
hardware noise floor. Future iterations will consider enhanced
readout architectures and extend the calibration framework to
model and compensate higher-order errors.
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B. Compute SNR Evaluation

The compute SNR of the CIM core is evaluated following
the method in [15], where the per-column SNR, SNRc, is
defined by:

SNRc “
σ2
Qnom

σ2
e

, with e “ Q̂act ´ Qnom. (15)

Here, σ2
Qnom

represents the variance of the ideal MAC output
and σ2

e the variance of the error signal, where e is the
difference between the expected and measured outputs.

Fig. 15 shows the measured SNR across the CIM columns,
comparing uncalibrated operation and BISC-calibrated results.
As shown, BISC provides up to 8 dB improvement in compu-
tational SNR (6 dB on average, with enhancements in every
column). Hence, the system’s ENOB can attain 4 bits (with
average increasing from 2.3 to 3.3 bits).

C. Neural network inference demonstration

To evaluate the system-level impact of BISC on end-to-
end inference, we deploy fully connected neural networks
(MLPs) for MNIST handwritten digit classification [42]. We
first consider a single-hidden-layer MLP (784I–72H–10O).
The fixed-point software baseline achieves 94.23 % accuracy.
On silicon, running inference without BISC yields 88.7 %
accuracy due to column-wise transfer-function mismatch and
analog non-idealities. After executing the on-chip BISC rou-
tine, which compensates per-column offset and gain by tuning
RSA and VCAL, the measured accuracy improves to 92.33 %,
corresponding to a 3.63 pp absolute improvement.

We further evaluate a higher-capacity two-hidden-layer
MLP (784I–72H–36H–10O). The corresponding fixed-point
software baseline is 98.1 % accuracy, while the hardware
accuracy with BISC is 97.0 % (Table III). This result is
consistent with the measured column compute SNR after
BISC (average SNRc « 22 dB, Fig. 15), indicating that the
calibration effectively reduces column-to-column variability
and enables accurate inference at the system level. At full
utilization, the CIM core consumes 16.9 nJ of energy per
inference cycle.

D. Chip performance summary

Table III compares the performances of our SoC with
state-of-the-art SRAM- and RRAM-based CIM designs. The

normalized CIM’s throughput is defined as 1b-TOPS “

2B
∥
inN

∥
wfinf , where B

∥
in is the number of input bits processed

in parallel per inference cycle, N∥
w is the number of weight

bit-cells active in parallel across the core per cycle, and finf
is the cycle rate. This explicitly counts weight-bit concurrency
within multi-bit MWCs and replicated weight-bit columns.
The CIM macro is evaluated at finf “ 1MHz and achieves a
peak throughput of 113 1b-GOPS, with an energy efficiency of
7.5 1b-TOPS/W. When considering the full system—including
input generation, weight updates, and output reading via the
RISC-V core—the system reaches a peak throughput of 3.05
1b-GOPS and an energy efficiency of 0.122 1b-TOPS/W.

VIII. CONCLUSION

This work presents Acore-CIM, a 22-nm FD-SOI SoC that
addresses the density, integration, and accuracy challenges
inherent in mixed-signal CIM architectures. By combining
an SRAM-based MDAC compute core with a tightly coupled
RISC-V co-processor and an automated calibration flow, we
mitigate analog non-idealities and process spread. Measured
results show that BISC achieves an average of 22 dB column
compute SNR and reduces MAC error spread by 82 %. These
results establish a viable path for programmable, robust CIM
systems. Future work will focus on enhancing digitization ef-
fectiveness, compensating for residual nonlinearities, integrat-
ing higher-density linear resistor technologies, and scaling the
compute core to support diverse end-to-end DNN workloads.
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