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Abstract: The traditional von Neumann architecture faces a severe memory wall bottleneck in modern data-intensive
artificial intelligence applications. Memristor-based Computing-in-Memory (CIM) is a promising approach to reduce
data movement, but conventional analog CIM remains vulnerable to read noise, sneak path currents, device variation, and
the area and power overhead of high-resolution Analog-to-Digital Converters (ADCs). This work presents a schematic-
level digital near-memory computing architecture based on a 1-Transistor-3-Resistor (1T3R) bit-slicing scheme for 3-bit
signed weight storage. Each weight is mapped to three binary memristor states using two’s complement representation,
and the sensed digital outputs are processed by a low-bit pipelined Multiply-Accumulate (MAC) and Rectified Linear Unit
(ReLU) backend. This design avoids high-resolution analog current readout and shifts the main computation to compact
digital logic. The memristor array, write-inhibit and read control scheme, and digital processing blocks are implemented
and functionally verified at schematic-level in Cadence Virtuoso using the open-source SkyWater 130 nm Process Design
Kit (PDK) at a nominal 1.8 V supply. For system evaluation, a Python simulation framework is developed to incorporate
the same low-bit quantization, signed weight mapping, finite bit digital arithmetic, and modeled device nonidealities.
Hardware-aware simulations on Modified National Institute of Standards and Technology (MNIST) indicate that the
proposed architecture can maintain functional classification capability under 3-bit weight and 2-bit input constraints. The
reported macro power, performance, and area values are first-order projections from schematic simulations and scaling
assumptions. Layout implementation, parasitic extraction, and post-layout validation remain future work.

Keywords: computing-in-memory, memristor, 1-Transistor-3-Resistor (1T3R), quantization-aware training, edge Artifi-
cial Intelligence (AI)

1. Introduction

Artificial Intelligence (AI) and Deep Neural Networks (DNNs) are now widely used in computer vision and pattern
recognition. Their inference workloads rely heavily on repeated Multiply-Accumulate (MAC) operations and frequent
access to stored weights. In conventional von Neumann systems, the physical separation between memory and compute
units creates substantial data movement, which increases latency and energy consumption and contributes to the well-
known memory wall problem [1], [2].
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Computing-in-Memory (CIM) has therefore been explored as a way to perform computation closer to the stored data
and reduce memory access overhead. Memristor-based crossbars are a promising platform for this direction because they
can combine dense nonvolatile storage with local computation. At the same time, recent reviews have emphasized that
large scale deployment of memristor-based neural hardware is still limited by practical device and circuit nonidealities [3].

Among emerging nonvolatile memories, memristors, also known as Resistive Random Access Memory (RRAM)
devices, are attractive candidates for CIM because of their high integration density, nonvolatility, low power operation,
and compatibility with Complementary Metal-Oxide-Semiconductor (CMOS) processes. Prior studies have demonstrated
monolithic integration of memristive synapses and volatile neurons with spatiotemporal dynamics and gain modulation [4].
Other works have reported integrated memristor system-on-chip for edge learning tasks through hardware and algorithm
co-design [5], [6].

Despite this progress, analog memristor CIM remains challenging for deterministic DNN inference. Analog vector-
matrix multiplication based on Kirchhoff’s Current Law can provide high parallelism, but the computed result can be
affected by parasitic voltage drops, sneak path currents, resistance variation, and sensing noise [1]. In addition, converting
analog currents back to the digital domain often requires Analog-to-Digital Converters (ADCs), which can introduce
considerable area and power overhead.

These limitations have motivated interest in digital CIM and digital near-memory processing. Recent CMOS digital
CIM macros, such as the 4 nm design reported by Taiwan Semiconductor Manufacturing Company (TSMC) [7], show that
digital processing can provide accuracy and scalability advantages in advanced technologies. This work follows a related
design direction but applies it to binary memristor arrays, where memristors are used as low-bit digital storage elements
and the main arithmetic is performed by CMOS logic after sensing. This approach is intended to reduce dependence on
analog accumulation and high-precision data conversion.

To address these issues, this paper presents a schematic-level digital near-memory computing architecture that
combines binary 1-Transistor-3-Resistor (1T3R) memristor storage with low-bit CMOS digital processing. The current
validation includes schematic-level circuit simulations in Cadence Virtuoso and Python-based hardware-aware system
evaluation. Layout implementation, parasitic extraction, and post-layout verification are not included in this work and
remain future tasks. The main contributions of this work are as follows:

1. A 1T3R bit-slicing scheme is used to represent 3-bit signed weights in two’s complement form with three
binary memristor states. This mapping supports signed weight storage while avoiding high-resolution analog-to-digital
conversion.

2. A write-inhibit array control scheme is implemented and evaluated at schematic-level. The scheme reduces sneak
path effects and protects unselected cells from write disturbance during programming.

3. A pipelined digital MAC and Rectified Linear Unit (ReLU) backend is constructed using sky130 CMOS logic to
process the digitized outputs from the memristor array with finite-bit digital arithmetic.

4. A Python simulation framework is developed to evaluate the architecture under hardware constraints, including
quantization, signed weight mapping, finite-bit arithmetic, and modeled device nonidealities.

2. Background and motivation
2.1 Memristor fundamentals

A memristor is a two-terminal nanoscale device exhibiting hysteretic Voltage-Current (V-I) characteristics, typically
composed of a metal-oxide dielectric switching layer (e.g., HfOx or TiOx) sandwiched between two electrodes (Figure 1).

The resistance switching relies on the stochastic growth and rupture of internal Conductive Filaments (CF). Applying
a positive set Voltage (Vsgr) forms the CF, transitioning the device to a Low Resistance State (LRS, logic ‘1’), while a
reverse reset Voltage (Vrgpser) ruptures the CF, restoring it to a High Resistance State (HRS, logic ‘0”). The resulting
hysteretic V-I loop is shown in Figure 2, with the proposed memristor array and its peripheral circuitry are shown in
Figure 3.
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Figure 1. Physical structure of a metal-oxide memristor. The active switching layer (e.g., HfOy) is sandwiched between two metal electrodes; resistance
switching is governed by the formation and rupture of a Conductive Filament (CF)
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Figure 2. Hysteretic V-1 characteristic of a memristor. Under SET/RESET voltages the device toggles between Low Resistance State (LRS) and High
Resistance State (HRS), exhibiting the non-volatile bistable behavior exploited by the proposed digital-CIM scheme

Volume 5 Issue 2|2026| 413

[ Writing logic control }
BL BL 1

WL 0
SL_&% yﬁ
WL 1
SL_ls‘rJ_l y
WL 2
SLJ»;J—_I (y

WL n
N R&(
SL_nj |

[ Reading logic control ]

% % %
KELWAY.

A
A

ns

[ Data decoder

(N

Figure 3. Schematic of the 1T3R memristor array and its write/read circuit
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2.2 Challenges in analog computing-in-memory

Traditional memristive CIM architectures rely on Kirchhoff’s Current Law (KCL) to perform analog Vector-Matrix
Multiplication (VMM). While theoretically energy-efficient, analog CIM faces several practical physical bottlenecks:

* Precision Degradation: Sneak path currents [8], IR drops along parasitic wire resistances, and device-to-device
conductance variations can corrupt the analog summation.

* ADC Overhead: Converting high-precision analog currents back to the digital domain requires area- and power-
intensive ADCs, which can account for a large portion of the total macro area.

* Reliability: Multi-Level Cell (MLC) programming is highly susceptible to resistance drift, making it difficult to
maintain deterministic weights over time.

2.3 The digital-CIM paradigm

To mitigate these analog nonidealities, the digital-CIM paradigm has emerged as a promising alternative. By treating
memristor cells as binary storage elements and performing bit-wise operations in the digital domain, digital-CIM removes
the need for high-resolution ADCs and reduces sensitivity to small conductance fluctuations. This work applies the digital
design philosophy to a 1T3R bit-slicing architecture, connecting algorithm-level signed weights with device-level binary
operation.

3. Proposed 1T3R digital-CIM architecture

3.1 System overview

The proposed architecture adopts a modular dataflow to improve throughput, as summarized in Figure 4. It consists
of a digital input decoder, a 1 T3R memristive array, and a pipelined digital backend. Unlike analog CIM that accumulates
currents on a bitline, this design digitizes the outputs after the sense amplifiers, so the following MAC operations are
performed in the digital domain and are less sensitive to analog read noise.
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Figure 4. Top-level dataflow of the proposed digital-near-memory architecture: digital input decoder, 1T3R memristive array with sense amplifiers,
and a pipelined digital MAC and ReLU backend
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3.2 3-bit spatial bit-slicing and signed representation

To implement the signed weights required by neural network algorithms, we propose a 1-Transistor-3-Resistor (1T3R)
spatial bit-slicing scheme. A 3-bit signed logical Weight (Wy,gic) is mapped onto three independent binary memristors
(Gpa, Gp1, Gpo) according to two’s complement logic:

Wiy = —4G2+2G1 + Gy )

where G, serves as the sign bit. By assigning a negative weight to G, the architecture can execute signed MAC operations
within a unified digital adder tree. This choice avoids separate subtraction logic or sign-magnitude handling, providing a
consistent numerical foundation for Quantization-Aware Training (QAT) (Table 1). The complete bit-to-cell mapping is
illustrated in Figure 5.

Table 1. Mapping logic between 3-bit logical weights and 1T3R physical states

Weight (Wiogic) 2’sC Menmristor state Physical mapping Wy
+3 011 HRS—LRS—LRS 0(—4)+1(2)+1(1)=3
+2 010 HRS—LRS—HRS 0(=4)+1(2)+0(1)=2
+1 001 HRS—HRS—LRS 0(—=4)+0(2)+1(1)=1

0 000 HRS—HRS—HRS 0(—4)+0(2)+0(1)=0
-1 111 LRS—LRS—LRS  1(—4)+1(2)+1(1)=—-1
-2 110 LRS—LRS—HRS  1(—4)+1(2)+0(1) =-2
-3 101 LRS—HRS—LRS  1(-4)4+0(2)+1(1)=-3
—4 100 LRS—HRS—HRS  1(—4)+0(2)+0(1) = —4

G 0 (LSB: b0 x 1)

G1 l < : )
(Mid Bit: bl x 2) Wiegic

G2
(Sign Bit: b2 x -4)

Figure 5. 3-bit spatial bit-slicing scheme. A signed weight Wiqgic is decomposed into three binary memristors Gya, Gp1, Gy following two’s-complement
encoding, with Gy, acting as the sign bit

3.3 Array control and disturbance mitigation

To verify the 1T3R logic, a 6 x 3 test array was implemented using the sky130 PDK. To isolate sneak paths and
reduce write disturbance during programming, a write-inhibit biasing scheme is employed. During the SET phase, selected
wordlines are driven to 1.7 V while unselected sourcelines are pulled to an inhibit voltage of 1.2 V. This keeps the voltage
differential across unselected cells below the switching threshold and reduces the risk of accidental state transitions. The
resulting bimodal resistance population across programmed cells is plotted in Figure 6.
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Figure 6. Resistance state distribution of the 1T3R memristor array. The bimodal populations correspond to LRS, logic 1, and HRS, logic 0, supporting
reliable two level programming

3.4 Pipelined MAC and digital ReLU engine

The digitized outputs from the array are processed by a pipelined MAC engine. At the schematic level, an 8-bit
accumulator is implemented and verified as a representative accumulation block for partial-product processing. In the
Python hardware-aware system evaluation, the 64-product MAC operation is partitioned across multiple 8-bit accumulator
blocks rather than being accumulated in a single 8-bit register. This block-level implementation is used to verify the digital
accumulation and ReL U datapath under the low-bit operating conditions of the proposed architecture.

Furthermore, a digital ReLU activation is implemented without additional comparators. By using the two’s
complement representation, the most significant bit, A, [7], indicates the sign of the result. A simple multiplexer,
controlled by the Most Significant Bit (MSB), truncates negative values to zero:

0, Agce[7] =1
Aoul = (2)
Aucc; Aacc [7] =0

This architecture shows a schematic-level combinational delay of 3.78 ns in the evaluated digital datapath, supporting
operation at the target frequency of 100 MHz under the current simulation assumptions.

4. Hardware-aware simulation and results
4.1 Quantization-aware training model

To evaluate the system-level behavior of the hardware architecture, we constructed a QAT model that reflects the
main physical constraints rather than relying only on a floating-point model. In PyTorch, a custom Straight-Through
Estimator (STE) is used to approximate gradients through discrete quantization during backpropagation. To further
connect algorithmic QAT and physical deployment, recent studies have emphasized the need to include realistic SPICE-
level conductance errors and cycle-to-cycle variations in the simulation loop [9]. Following this direction, our model
includes STE-based quantization and modeled analog instability. In addition, recent comparative studies on memristor
crossbars show that the fraction of cells in the LRS strongly affects inference power at the edge [10]. Motivated by this
constraint, the QAT framework introduces L2 regularization to penalize LRS formation, which can reduce static array
leakage and dynamic power consumption.
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In the Python hardware-aware model, a finite-bit activation approximation is applied to reflect the limited precision of
the digital backend. Specifically, the accumulated hidden-layer output is shifted and clamped as Ag;,, = clip(floor(A,../4),
—4, 3), where clip(., —4, 3) limits the activation to the 3-bit signed range used in the low-bit simulation.

This shift-and-clamp operation is used only in the Python hardware-aware simulation to model finite-bit digital
arithmetic effects and is distinct from the schematic-level ReLU implementation. The schematic ReLU datapath uses the
mux-based sign truncation described in Eq. (2), which sets negative accumulated values to zero.

4.2 Performance evaluation
Original ‘0" (28 x 28) Original *1” (28 x 28) Original ‘3’ (28 x 28)
n E

Figure 7. Original 28 x 28 grayscale MNIST input

Downsampled ‘0’ (8 x 8) Downsampled ‘1’ (8 x 8) Downsampled ‘3’ (8 x 8)

nE

Figure 8. Down-sampled 8 x 8 representation used to match the macro’s input dimension

Quantized ‘0’ (2-bit) Quantized ‘1’ (2-bit) Quantized ‘3’ (2-bit)

Figure 9. Inputs after 2-bit linear quantization (values € {0, 1, 2, 3}), corresponding to four discrete read voltage magnitudes applied to the array

We evaluated the architecture on the Modified National Institute of Standards and Technology (MNIST) dataset,
which consists of grayscale images of handwritten digits categorized into 10 classes (0-9). Taking a minimalist two-layer
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Multi-Layer Perceptron (MLP) of 64 x 32 to 32 x 10 as a case study, the original 28 x 28 images (Figure 7) are down-
sampled to an 8 x 8 (64 pixels) size (Figure 8) to fit the macro dimensions. Furthermore, the original 8-bit grayscale pixel
intensities (0-255) are linearly quantized into 2-bit unsigned values (0, 1, 2, 3), as illustrated in Figure 9. This non-negative
unsigned input naturally corresponds to the four non-negative discrete read voltage magnitudes without requiring a sign
bit. The corresponding numerical 8 x 8 input matrices after 2-bit quantization are shown in Figure 10.

Matrix: Digit ‘0’ Matrix: Digit ‘1° Matrix: Digit ‘3’
10 o0 o0 o o0 o0 o Of(40 0 O 0 O O O O|40 O O O O O O O
10 0 o0 o0 o0 o0 o0 O0f(40 0 O 0 1 o0 o0 0|40 0 O 1 I 1 0 O
{0 o0 o0 1 2 2 1 o0(40 0 O 0 2 o0 O 0|40 0 o0 1 1 1 1 O
{10 o0 1 2 1 1 2 1{40 0 0 0 2 o0 O 0|40 0 0 O O 1 1 O
{40 0 2 1 o0 o0 2 1{40 0 o0 o0 2 o0 o0 0|40 o0 1 1 1 2 1 0
40 -0 2 1 o0 o0 2 1{40 0 0 0 2 0 0 0|40 0 0 0 0 0 0 O
10 0 1 2 2 2 2 0(40 0 O 0 2 o0 o0 o0|40 0 0 O O 1 1 O
40 o0 o 1 1 1 o0 oO0({40 0 o0 o0 1 o0 o0 o040 0 o0 1 1 1 0 O

Figure 10. Numerical 8 x 8 input matrices after 2-bit quantization for representative MNIST digits. Each entry belongs to {0, 1, 2, 3} and corresponds
to the discrete input level applied to the digital near memory evaluation flow

Table 2. Ablation study of hardware constraints on the 8 x 8 MNIST task

Model Input/Weight Hardware constraints Sparsity reg. Test accuracy Zer‘ge;i)lgll}lftsslcal

FP32 software baseline FP32/FP32 No quantization or No 95.37% 0.00%
hardware activation

Input quantized baseline 2-bit unsigned/FP32 Input quantization only No 92.16% 0.00%

Weight quantized baseline 2-bit unsigned/3-bit Input and weight No 81.28% 44.93%

signed quantization

Hardware activation 2-bit unsi gned/3-bit Quantization p!us shlft No 75.96% 50.00%
baseline signed and clamp activation

Proposed hardware-aware 2-bit unsigned/3-bit Quantization plus shift Yes 79.70% 78.08%
model signed and clamp activation

Table 2 summarizes the ablation study using the same 8 x 8 MNIST input representation and the same 64 to 32
to 10 MLP topology. The FP32 software baseline reaches 95.37% test accuracy without any hardware constraints.
Applying only 2-bit unsigned input quantization reduces the accuracy to 92.16%, indicating that low-precision input
encoding introduces a moderate accuracy loss. Adding the 3-bit signed weight quantization associated with the 1T3R
two’s complement mapping further reduces the accuracy to 81.28%, showing that aggressive weight quantization is the
dominant source of degradation. When the hardware style shift and clamp activation is included, the accuracy becomes
75.96%, reflecting the additional cost of finite-bit digital activation. With sparsity regularization enabled, the proposed
hardware-aware model reaches 79.70% test accuracy while increasing the zero physical weight ratio to 78.08%. This
result suggests that sparsity regularization improves the hardware friendly weight distribution and also recovers part of
the classification accuracy.

Overall, the ablation study, as summarized in Figure 11, shows that the reported classification performance should
be interpreted as a hardware-constrained tradeoff rather than as an isolated software accuracy result.
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As an additional capacity sensitivity check, the number of hidden neurons was swept from 16 to 128 under the
same 2-bit input quantization, 3-bit signed weight quantization, hardware style activation, no bias setting, and sparsity
regularization. In this fixed seed sweep, the test accuracy remains around 76% for 16, 32, and 64 hidden neurons, while
the 128 hidden neuron model reaches 80.12%. The overall zero physical weight ratio also increases from 62.92% to
91.75%. These results suggest that increasing model capacity can partially recover accuracy under strict low-bit hardware
constraints, while sparsity regularization continues to push a large fraction of physical weights to the zero state.

(a) Accuracy ablation b) Hardware friendly sparsity
100
- 0,
1001 9537% 95 1604
81.28% 79.70% S 80 4 78.08%

80 75.96% . | <
S B
g i 5 60 4
g oo z 50.00%
3 S 44.93%
g 2
2 4 = 40 A
% 40 g_
[l =

3]
N
20 20 A
0 T T T T 0 T T
FP32 2 bit 3bit Hardware Proposed Weight Hardware Proposed
software  input weight activation model quantized activation model

Figure 11. Hardware-aware ablation results on the 8 x 8 MNIST task. (a) Test accuracy decreases as low-bit input quantization, 3-bit signed weight
quantization, and hardware style activation are introduced, while sparsity regularization partly recovers accuracy; (b) The zero physical weight ratio
increases to 78.08% in the proposed hardware-aware model

Table 3. Bit-level robustness sensitivity under 1T3R physical weight mapping

Fault/Error rate  Read bit flip accuracy drop (pp)  Mixed stuck at fault accuracy drop (pp)

0.0% 0.00 pp 0.00 pp
0.1% 1.28 £ 1.70 pp 0.69 £ 0.99 pp
0.5% 13.76 £9.31 pp 4.49 +2.54 pp
1.0% 38.55+8.58 pp 15.60 + 4.40 pp
2.0% 39.61+6.23 pp 19.05 + 11.06 pp
5.0% 61.62 +5.93 pp 50.27 +5.40 pp

To further assess reliability under physical nonidealities, a bit level robustness sensitivity analysis was performed
using the same proposed hardware-aware setting. The primary clean accuracy reported for the proposed model remains
79.70% in Table 2. Because the robustness sweep was conducted as an independent stochastic training run, Table 3 reports
accuracy drops measured relative to the clean reference within that robustness run. These drop values are used to show
degradation trends and do not replace the primary 79.70% accuracy reported in Table 2. In this analysis, the trained 3-bit
weights were decomposed into the 1T3R binary memristor planes G, G, and Gy. Read bit flips and mixed stuck-at faults
were then injected into the physical bit planes before reconstructing the signed weight as Wypy = —4G2 +2G1 + Gp. At
a 0.1% error or fault rate, the mean degradation is small: 1.28 percentage points for read bit flips and 0.69 percentage
points for mixed stuck-at faults. Ata 0.5% rate, read bit flips become more damaging, producing a 13.76 point drop, while
mixed stuck-at faults produce a 4.49 point drop. The difference occurs because read bit flips invert the sensed bit during

Volume 5 Issue 2[2026| 419 Journal of Electronics and Electrical Engineering



inference, whereas mixed stuck-at faults affect only cells whose stuck value differs from the intended stored state. At 1%
and above, both models degrade noticeably, indicating that the current 1T3R mapping can tolerate very low physical bit
error rates but remains sensitive when the physical bit error or fault rate increases from the sub-percent range toward the
percent range. These results motivate future work on read margin improvement, fault-aware remapping, redundancy, and
error correction.

To provide a preliminary hardware feasibility analysis, a first-order Power, Performance, and Area (PPA) estimate
was conducted based on the open-source SkyWater 130 nm PDK and the associated sky130 _fd pr reram physical models.
For an assumed 64 x 32 macro operating at 100 MHz, the projected throughput is 6.4 Giga Operations Per Second (GOPS).
The target 100 MHz operating frequency is supported by schematic-level timing simulations: the measured write time is
8.91 ns in Figure 12, the read time is 4.38 ns in Figure 13, and the digital datapath delay is 3.78 ns in Figure 14. The
resulting timing margin suggests that the target frequency is feasible at schematic-level. Because no layout or parasitic
extraction has been completed, the reported macro area of approximately 0.02 mm? should be interpreted as a first-order
estimate rather than a post-layout result.

Using a low read voltage of 0.2 V and leveraging the 78.08% zero physical weight ratio observed in the proposed
hardware-aware model, the projected array read power is reduced to the microwatt range under the adopted assumptions.
When combined with the digital MAC tree, the projected total dynamic power is approximately 0.7 mW, corresponding to
an estimated energy efficiency of about 9.1 TOPS/W. These values are based on schematic-level simulations and first-order
scaling, and they require further validation through layout implementation and post-layout simulation.

30 A:13.6
— N .ous
Z 15 0.0V
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L6 891.9039 mV
2 08 ]
> ’ - T~
0.0 dx: 8.914885 ns
Lo dy: 891.9039 mV
>
S o8
0.0
T T LI N R L T Ty Tt T T Ty rrrrrrT T T
11.0 12.0 13.0 14.0 15.0 16.0
Time (us)

Figure 12. Write inhibit biasing scheme during the SET phase. Selected wordlines are driven to 1.7 V while unselected sourcelines are held at the
inhibit voltage of 1.2 V, keeping the differential across unselected cells below the switching threshold
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Figure 13. Read operation of a memristor cell. A low read Voltage (Vread = 0.2 V) is applied across the selected row; the resulting bitline current is
sensed and digitized before any analog accumulation occurs
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Figure 14. Representative 8-bit accumulator and ReLU block of the pipelined digital MAC datapath. The accumulator processes partial products, with
the MSB driving a multiplexer-based ReLU that sets negative results to zero
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Compared with fabricated CMOS digital CIM macros and fully integrated memristor-based Systems on Chips
(SoCs), this work targets a different validation scope. Recent Static Random-Access Memory (SRAM) digital CIM
macros demonstrate high silicon-level efficiency in advanced CMOS technologies, while fully integrated memristor chips
demonstrate edge learning with fabricated devices [6], [7]. In contrast, the present work focuses on a schematic-level 1T3R
signed weight mapping and low-bit digital near-memory backend using binary memristor states. Therefore, the reported
accuracy and PPA values should be interpreted as an early feasibility study rather than a direct post-layout or silicon-
level comparison. The main value of this work is the physical bit-slicing scheme, the write-inhibit array control, and the
hardware-aware evaluation flow for a 3-bit signed 1T3R digital near-memory architecture.

Table 4 summarizes the source and interpretation of the reported PPA metrics. It separates schematic-level simulation
results from calculated projections and first-order estimates, and clarifies that full layout implementation, parasitic
extraction, and post-layout power analysis have not been completed in this work.

Table 4. PPA methodology and assumptions

Metric Value Source/Method Interpretation
Write delay 891 ns Cadence Virtuoso schematic transient simulation, Figure 12 Schematic level result
Read delay 4.38 ns Cadence Virtuoso schematic transient simulation, Figure 13 Schematic level result

Digitz(illeiigap ath 3.78 ns Cadence Virtuoso schematic transient simulation, Figure 14 Schematic level result
Target frequency 100 MHz Selected based on schematic timing margin Projected operating point
Throughput 6.4 GOPS Calculated from the assumed 6;\1/—lcl>é)zeration macro evaluation at 100 Calculated projection
Macro area ~0.02 mm? First order cell and block level area estimate Not post-layout area
TOta}lg\Z[g?mic ~0.7mW Schematic level block estimates combined with scaling assumptions First order estimate

Energy efficiency  ~9.1 TOPS/W Projected throughput divided by projected total dynamic power Estimated metric

5. Discussion and future work

While the proposed architecture demonstrates potential tolerance for offline inference, future work is needed to
extend it toward in situ on-chip training [11]. The main future directions are summarized as follows.

5.1 Pulse-based in-situ weight updates

The current 1T3R digital slicing scheme provides a stable foundation for weight representation. Future work will
explore fine-grained voltage pulses for SET and RESET operations to modulate memristance states directly on-chip. Prior
work on monolithically integrated memristive networks [4] suggests that volatile memristive neurons may support richer
spatiotemporal dynamics. However, mapping learning rules such as Spike-Timing-Dependent Plasticity (STDP) onto
physical crossbars is affected by device variation. Therefore, future dynamic update schemes should be combined with
variation-tolerant online learning frameworks [12]. In addition, experimental demonstrations of multilayer memristor
networks have shown that closed-loop in situ learning can adapt to static device-to-device variation and IR drops [13].
Recent fully integrated memristor SoC work in Science [6] also indicates that simplified sign- and threshold-based learning
rules can train edge Al networks without high-precision conductance tuning. These results provide a possible direction
for extending the present 1T3R architecture toward low-precision on-chip learning.
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5.2 Hardware-mapped backpropagation

To further reduce power consumption during training, future work may investigate hardware mapping of backpropa-
gation. This would use the transposable nature of the 1 T3R crossbar array to pass error signals backward through the same
physical grid. Specialized peripheral circuits could then support partial derivative calculations using physical laws such as
Ohm’s Law and Kirchhoff’s Current Law. The feasibility of in situ learning has been explored in accelerators such as Ziksa
[14], which integrates regression and backpropagation modules with fabricated TiN/TaOx/TaTiN memristor crossbars.
Such systems show that hardware-oriented training can help mitigate the nonidealities of multilevel networks. As the
architecture moves toward spiking dynamics, future learning engines may also use surrogate gradient approximations to
support backpropagation through time [15].

5.3 Endurance, fault tolerance, and reliability optimization

On-chip training imposes strict requirements on the write endurance of memristive devices. Future iterations of
this architecture will incorporate sparsity-aware update algorithms, which update only the most significant weights to
reduce physical wear on the memristors. In addition, memristor crossbars can suffer from hard defects such as stuck-
at faults during fabrication and prolonged operation. To improve system reliability, future online learning frameworks
may integrate hardware-efficient knowledge distillation techniques [16]. By using a multi-loss distillation mechanism
during online training, the architecture could identify and bypass stuck-at fault defects and maintain inference accuracy
under hardware degradation. Furthermore, edge deployment exposes the system to ambient input noise and cycle-to-cycle
programming variation. Prior evaluations of memristive edge Al indicate that aggressive weight quantization can increase
this vulnerability, while moderate noise injection during training can improve variation tolerance and support sublinear
energy scaling [17]. Therefore, adding a noise-aware regularization scheme is a useful future direction for improving
reliability in practical edge environments.

5.4 Reconfigurable bit-precision architecture

Driven by the diverse accuracy requirements of modern DNNs, recent digital CIM macros have explored reconfigu-
rable precision architectures [18]. While the current 1 T3R bit-slicing scheme is optimized for 3-bit weights, future designs
can explore dynamic precision configurability. By adding programmable shift-and-add logic in the digital peripheral
circuits, multiple 1T3R slices could be grouped to support higher precisions, such as 4-bit Integer (INT4) to 8-bit Integer
(INTB), for accuracy-sensitive layers, or used separately for more energy constrained layers. This adaptability may support
a more flexible multi-precision neuromorphic accelerator.

5.5 Cross-domain signal processing

While the current evaluation focuses on image classification, the high-throughput nature of the 1 T3R MAC pipeline
may also be useful for time series data. Future iterations could adapt this architecture for real-time biomedical signal
processing, inspired by neuromorphic diagnostic systems [19], expanding the application scope from static images to
dynamic sensing tasks.

5.6 Hybrid memristive-memcapacitive systems

While memristors provide a nonvolatile foundation for inference, frequent switching during on-chip training can
increase energy consumption. Recent co-design frameworks suggest that integrating memcapacitors, which rely on
reactive rather than dissipative properties, can reduce the power consumption of weight updates [20]. Future research
will evaluate a hybrid architecture where 1T3R memristive slices are complemented by capacitive elements to reduce
static leakage during gradient accumulation and improve edge Al efficiency.
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6. Conclusion

This paper presents a schematic-level digital near-memory computing architecture based on 1T3R memristor arrays
and a pipelined digital backend. By storing 3-bit two’s complement weights through spatial bit-slicing and using a write-
inhibit scheme for unselected rows, the design reduces dependence on analog current accumulation and high-resolution
ADCs. The MAC and ReLU backend processes digitized array outputs with low-bit digital arithmetic, while the Python-
based hardware-aware evaluation demonstrates 79.70% MNIST recognition accuracy with a 78.08% zero physical weight
ratio under strict quantization constraints. Additional bit-level sensitivity analysis indicates small degradation at a 0.1%
physical bit error or fault rate, but larger degradation as read errors or permanent defects approach the sub-percent to
percent range. The reported PPA values are first-order projections based on schematic-level simulations and scaling
assumptions. Full layout implementation, parasitic extraction, post-layout simulation, and larger benchmark evaluation
remain important future work.
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