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Abstract

Memristor-based neuromorphic computing is a promising approach
for efficient Al processing. However, device variation and analog
imperfections can affect computational reliability. This study
proposes a hybrid architecture that combines an Al model with a
conventional Complementary Metal-Oxide-Semiconductor (CMOS)
fallback path to improve execution reliability. A lightweight Al
model developed to classify four types of arithmetic and logical
operations. The model trained and evaluated using a test set of 1,800
samples. The network architecture and required Multiply-
Accumulate (MAC) operations were analysed to characterize its
computational cost. A confidence-based mechanism then used to
identify low-confidence decisions and route them to the CMOS
fallback path. Energy and latency were analysed using published
hardware references as analytical projections rather than direct
hardware measurements. The Al model achieved 99.28% accuracy.
The Al path processed 94.83% of the test samples, while 5.17%
routed to the CMOS path. The hybrid system achieved 99.94%
accuracy and corrected 12 of the 13 errors produced by the Al-only
model. The results indicate that a CMOS fallback path can improve
system reliability while limiting the use of conventional execution.
Future work should implement the proposed architecture on physical
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hardware and directly measure its energy and latency. The effects of
memristor variation and noise should also be investigated.
Keywords: memristor, CMOS, computing-in-memory,
neuromorphic computing, neural network, hybrid architecture,
hardware-aware analysis.
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1-Introduction

Artificial intelligence workloads require a large number of
arithmetic operations and frequent data movement between
memory and processing units. This movement can increase energy
consumption and limit computational efficiency. Computing-in-
memory (CIM) addresses this issue by performing computation
close to the stored data. Memristive devices are particularly
suitable for CIM because their conductance states can represent
computational weights and support parallel multiply-accumulate
operations (Aguirre et al., 2024; Huang et al., 2024).

Memristive CIM systems investigated as a way to improve the
efficiency of Al acceleration. Chen et al. demonstrated a 65-nm
Complementary Metal-Oxide-Semiconductor (CMOS)-integrated
Resistive Random-Access Memory (ReRAM) CIM macro and
reported 16.95 TOPS/W (tera operations per second per watt) with
a 14.8-ns Multiply-Accumulate (MAC) computing time (Chen et
al., 2019). These results demonstrate the potential of integrating
memristive computation with conventional CMOS technology. Cai
et al. developed an integrated memristor-CMOS system that
combined a memristor crossbar with mixed-signal interfaces and
digital processing (Cai et al., 2019). Their work showed that
memristive computation could be combined with CMOS circuits to
form a complete processing system.

CMOS remains important for digital control, data processing, and
peripheral functions. Its integration with memristive devices can
therefore provide complementary computational paths. However,
memristive computing affected by device variation and analog
non-idealities. These effects can reduce computational reliability
(Huang et al.,, 2024; James, 2024). Several studies have
investigated methods for handling such uncertainty. Bonnet et al.
studied Bayesian inference with memristor-based neural networks

3 ISTJ — Volume 39-2 2 - 39 2aall - Al 5 o hell Al gall Alnall


http://www.doi.org/10.62341/istj-vol39-2-fd04

International Science and Volume 39 1) Ty el Tl Al

mtrraational heimers mad Terlasiags Jemraal

ﬁg‘;ﬁ;‘fiﬁi‘;‘;m‘ Part 2 sl I S TIJ %

Integration of Memristor Technology with CMOS: An Al-Based
Hybrid Architecture for Neuromorphic Computing Applications
http://www.doi.org/10.62341/istj-vol39-2-fd04

(Bonnet et al., 2023), while Xu et al. investigated fault-tolerant
computation for imperfect analog hardware (Xu et al., 2026). These
studies demonstrate the importance of considering hardware
uncertainty when developing practical memristive Al systems.
Despite these advances, most existing approaches focus on
improving the memristive computing path or compensating for
hardware imperfections. In the studies considered in this work, less
attention given to using a conventional CMOS path selectively for
uncertain Al decisions. A confidence-based routing mechanism
can provide an additional reliability layer while allowing the
primary Al path to process most inputs.

This study proposes a hybrid AI-CMOS architecture based on
confidence-driven routing. Unlike previous approaches that mainly
improve memristive computation or address hardware
imperfections, the proposed approach uses Al confidence to
selectively route uncertain predictions to a CMOS reference path.
The Al controller serves as the primary computation path, while
CMOS used only for low-confidence cases. The architecture
evaluated on four digital-operation classes using classification
accuracy, error correction, Al coverage, and CMOS fallback rate.

2- Proposed Hybrid Architecture

The proposed system contains two computational paths:

(a) Primary Al path: a compact neural controller.

(b) Fallback CMOS path: a conventional Multilayer Perceptron
(MLP) reference model.

The Al path receives the original 24-dimensional input
representation. It produces four class probabilities corresponding
to Addition, Logical, Comparison and MAC. The highest-
confidence prediction accepted when the confidence exceeds the
selected threshold. Otherwise, the sample passed to the CMOS
reference model.

The execution flow is:

Input — AI Controller — Confidence Decision — Al Result /
CMOS Fallback

The CMOS model does not replace the Al model for all samples.
It used only for samples that do not satisfy the confidence criterion.
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Al Controller: The implemented AI model named Improved Al
Controller. It contains three fully connected linear layers with
2,476 trainable parameters and approximately 0.0094 MB of FP32
parameter memory. The first layer maps 24 input features to 48
neurons and requires 1,152 MACs per inference. The second layer
maps 48 neurons to 24 neurons also require 1,152 MACs. The third
layer maps 24 neurons to the four output classes and requires 96
MAC:s. Therefore, the total computational cost of the Al controller
is:

MAC_AI = 24(48) + 48(24) + 24(4) = 2,400 MACs/inference.

The three linear layers correspond to three sequential matrix-vector
multiplication (MVM) stages under the hardware mapping used in
the analytical latency model.

CMOS Reference Model: The CMOS reference model is a
conventional Multilayer Perceptron (MLP) classifier with an
architecture of 24 — 32 — 16 — 4. The first layer maps 24 input
features to 32 neurons and requires 768 MACs per inference. The
second layer maps 32 neurons to 16 neurons and requires 512
MAC:s. The third layer maps 16 neurons to the four output classes
and requires 64 MACs. Thus, the total computational cost of the
CMOS reference model is:

MAC_CMOS =24(32) +32(16) + 16(4) = 1,344 MACs/fallback
inference.

The fallback energy calculation therefore uses 1,344 MACs per
CMOS inference, rather than the 2,400 MACs required by the Al
controller

3- Experimental Methodology

3.1- Dataset and Classification Task: The dataset contains 12,000
samples, with 3,000 samples generated for each of the four classes:
Addition, Logical, Comparison, and MAC. The dataset was
divided into training, validation, and test sets using a
70%/15%/15% split. This resulted in 8,400 training samples, 1,800
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validation samples, and 1,800 test samples. The test set contains
450 samples per class.

3.2- AI Model and Training: The AI controller receives 24
memristor-transformed features and uses three fully connected
layers with the structure 24 — 48 — 24 — 4. ReLU activation used
in the hidden layers. The model contains 2,476 trainable
parameters.

The model trained using cross-entropy loss and the Adam
optimizer. The learning rate was set to 0.001 and the weight decay
tol X 107>, Training used a batch size of 128 and a maximum of
100 epochs. Early stopping applied with a patience of 10 epochs.
The model with the highest validation accuracy saved and used for
the final test evaluation.

The memristor transformation used 5% conductance variation
during training and validation feature generation. The test features
were generated without additional variation for the main
performance evaluation.

3.3- CMOS Reference Model: The CMOS reference model
trained separately using the original input representation. It uses
two hidden layers with 32 and 16 neurons, followed by the four
output classes. The model uses ReLU activation and the Adam
solver. The batch size was set to 128, the initial learning rate to
0.001, and the maximum number of iterations to 300. The
regularization parameter was set to 1 X 10™*. A random state of 42
used for reproducibility.

3.4- Confidence-Based Routing: For each test sample, the Al
controller produces a class prediction and its corresponding
confidence score. The maximum class probability is used as the
confidence score. A threshold of 0.79 selected using the validation
set. Predictions with confidence > 0.79 accepted from the Al path.
Predictions below this threshold routed to the CMOS reference
model. The selected threshold resulted in 1,707 Al executions and
93 CMOS fallback executions on the 1,800-sample test set,
corresponding to 94.83% Al coverage and a 5.17% fallback rate.
3.5- Confidence Threshold Selection: The Al confidence was
defined as the highest class probability obtained from the softmax
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output. The confidence threshold was selected using the validation
set rather than the final test set.

Candidate thresholds from 0.50 to 0.99 evaluated with a step of
0.01. For each threshold, Al coverage and selective accuracy were
calculated. Thresholds achieving 100% selective accuracy on the
validation set retained. Among these thresholds, the one with the
highest Al coverage selected.

The selected threshold was 0.79. During the final test evaluation,
samples with confidence > 0.79 were accepted by the Al path,
while samples with confidence < 0.79 were routed to the CMOS
reference model.

This procedure resulted in 1,707 Al executions and 93 CMOS
fallback executions, corresponding to 94.83% Al coverage and a
5.17% CMOS fallback rate.

3.6- Hybrid Decision: The hybrid system first evaluates every
sample using the AI controller. The confidence value then
compared with the selected threshold. Confident predictions
retained, while low-confidence predictions replaced by the
corresponding CMOS prediction.

4- Experimental Results:

4.1- AI-Only Performance

The Al-only model achieved an accuracy of 99.28%. For the 1,800
test samples, this corresponds to 13 incorrect predictions. The
model provides high classification accuracy before the confidence-
based CMOS fallback mechanism activated.

4.2- CMOS Fallback Performance

The CMOS reference model evaluated on the 93 samples selected
by the confidence-based routing mechanism. It achieved an
accuracy of 98.92% on these samples.

This result indicates that the reference model can provide an
effective alternative for low-confidence predictions. The reported
value represents the classification accuracy of the CMOS reference
model and does not represent a measured CMOS hardware
accuracy.
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4.3- Hybrid Performance

The Al predictions for the 93 low-confidence samples replaced with
the corresponding predictions from the CMOS reference model.
The resulting hybrid system achieved an accuracy of 99.94%.

As shown in Table 1, the hybrid architecture reduced the number of
errors from 13 to 1. It corrected 12 of the 13 errors produced by the
Al-only model. The Al path processed 94.83% of the test samples,
while 5.17% directed to the CMOS fallback path.

The accuracy improvement was 0.66 percentage points:

99.94 - 99.28 = 0.66

Thus, the confidence-based routing mechanism improved the
overall classification accuracy while using the CMOS path for only
a small portion of the test samples.

Table 1. AI-Only and Hybrid Results.

Metric Al-only Hybrid
Accuracy 99.28% 99.94%
Errors 13 1
Corrected errors — 12
Al coverage 100% 94.83%
CMOS fallback 0% 5.17%

4.4- Class-Level Results

The class-level performance of the hybrid architecture presented in
Table2. The model achieved perfect precision, recall, and F1-score
for the Addition and Logical classes. The Comparison class
achieved a precision of 0.9978 and a recall of 1.0000. The MAC
class achieved a precision of 1.0000 and a recall of 0.9978.

The macro and weighted averages were both 0.9994, indicating
consistent performance across the four classes. The support
balanced, with 450 test samples for each class.

Table 2. Class-level Classification Results.

Class Precision = Recall Fl-score  Support
Addition 1.0000 1.0000 1.0000 450
Logical 1.0000 1.0000 1.0000 450
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Class Precision = Recall Fl-score  Support
Comparison 0.9978 1.0000 0.9989 450
MAC 1.0000 0.9978 0.9989 450
Macro 09994 09994 09994 1300
average

The lowest recall was 0.9978 for the MAC class, while the lowest
precision was 0.9978 for the Comparison class. The remaining
class-level measures were 1.0000.

5- Hardware-Aware Compute Analysis

The hardware analysis uses the implemented network dimensions
and published hardware references. All energy and latency values
reported in this section are analytical estimates based on external
hardware references. They are not measured values from the
proposed architecture or a fabricated chip. The Al path requires
2,400 MAC:s per inference, or 4.32 million MACs for the 1,800-
sample test set. The CMOS reference requires 1,344 MACs per
fallback. For 93 fallback samples, this corresponds to 124,992
MAC:s.

6- Hardware Reference Parameters

The hardware analysis uses published results from memristive and
CMOS-based neural accelerators. These values used as external
references for the analytical energy and latency estimates.

Table 3. Hardware Reference Parameters Used in the Analytical

Model.
Parameter Value Reference
ReRAM-CMOS energy | 16.95 Chen et al
efficiency TOPS/W (2019)
ReRAM-CMOS MAC 14.8 ns Chen et al.
computing time ) (2019)
CMOS reference energy 19.1 fI/MAC é\(f)elr ;())n ot al.

The memristive reference is the 65-nm CMOS-integrated ReRAM
CIM work reported by Chen et al. (2019), which reported an energy
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efficiency of 16.95 TOPS/W and a MAC computing time of 14.8
ns. The CMOS energy reference taken from the 65-nm neural-
network accelerator reported by Everson et al. (2019), which
reported an energy of 19.1 fJ/MAC at 3-bit resolution.

These values used only as external hardware references for
analytical estimation. They are not measurements of the proposed
architecture, its Al controller, or its CMOS fallback path.

7- Analytical Energy Model

The energy values in this section are analytical estimates derived
from published hardware efficiency and the MAC counts of the
implemented and reference networks. They do not represent
measured energy consumption of the proposed system.

7.1- Al Energy: The published reference efficiency of 16.95
TOPS/W corresponds to approximately 58.997 fJ/op. Since
TOPS/W conventions may differ in how a MAC is counted, two
cases are considered. The resulting Al energy estimates presented
in Table 4.

Table 4. Al Energy Estimates.

Case Energy/MAC | AI energy/inference
A:1op=1MAC- 58.997
equivalent fJ/MAC 141.5929 pJ
B: 1 MAC =2 elementary 117.994
operations IMAC 283.1858 pl

Both cases reported to avoid relying on a single TOPS convention.
7.2- CMOS Fallback Energy: The published CMOS reference
reports 19.1 fJ/MAC (Everson et al., 2019). The CMOS reference
architecture requires 1,344 MACs per inference. Therefore, the
estimated energy for one fallback inference is 25.6704 pJ.

With a fallback rate of 5.17%, the expected CMOS contribution is
1.3263 pl per original test sample. For the 93 fallback samples, the
estimated CMOS energy is 2,387.3472 pl.

These values are reference-based estimates and do not represent-
measured energy from the proposed system.
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7.3- Hybrid Energy: The resulting hybrid energy estimates
summarized in Table 5.

Table 5. Hybrid Energy Estimates.

Metric Case A Case B
Al energy (pJ/sample) 141.5929 283.1858
Expected CMOS

contribution (pJ/sample) 1.3263 1.3263
Hybrid energy (pJ/sample) | 142.9192 284.5121
Hybrid energy overhead 0.9367% 0.4684%

As shown in Table 5, the CMOS path activated after the Al path.
Therefore, fallback adds energy rather than replacing the Al
computation. The main measured benefit of the hybrid approach is
improved classification reliability.

8- Analytical Latency Model

The published ReRAM-CIM reference reports a 14.8-ns computing
time for the reported MAC operation (Chen et al., 2019). The
implemented AI controller contains three Matrix-Vector
Multiplication (MVM) stages. Assuming that each network layer
mapped to one sequential MVM stage, the projected Al latency is:

Tar =3 x 14.8 = 44.4 ns/inference.

This value is a reference-based analytical projection, not a measured
system latency.

8.1- CMOS Fallback Latency Sensitivity: Because the CMOS
fallback implementation not measured in hardware, no single
CMOS latency value assumed. Instead, the effect of different
hypothetical CMOS latencies evaluated. The results presented in
Table 6.
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Table 6. Al Latency and CMOS Fallback Sensitivity.

CMOS Al Ii:ﬁ;;tc‘f Hybrid
fallback | Latency o latency | Overhead
(ns) (ns) contribution (ns)
(ns)
10 44.40 0.5167 44.9167 1.16%
25 44.40 1.2917 45.6917 2.91%
50 44.40 2.5833 46.9833 5.82%
100 44.40 5.1667 49.5667 11.64%
250 44.40 12.9167 57.3167 29.09%
500 44.40 25.8333 70.2333 58.18%

As shown in Table 6, the 5.17% fallback rate limits its average
latency contribution when the CMOS path is relatively fast.
However, the actual latency impact can only be established after
hardware implementation and measurement.

9- Discussion

The experimental results support the main system-level
objective of the proposed architecture. The Al-only model achieved
99.28% accuracy, while the hybrid system achieved 99.94%. Only
5.17% of the test samples routed to the CMOS path, and 12 of the
13 Al errors corrected.

These results show that the confidence-based fallback can
improve classification reliability while keeping the secondary path
limited to a small part of the workload. The Al controller remains
the primary computation path, while the CMOS model used
selectively for low-confidence cases.

The hardware analysis should be interpreted separately from
the experimental results. The reported energy values derived from
published hardware efficiency and the MAC count of the
implemented network. They do not include peripheral circuits,
Analog-to-Digital Converter (ADC)/ Digital-to-Analog Converter
(DAC) conversion, routing, control, memory, or communication
costs. These factors can affect the practical efficiency of
memristive-CMOS systems (Huang et al., 2024; Aguirre et al.,
2024).
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The same limitation applies to latency. The 44.4-ns value based
on a three-stage MVM mapping and the published 14.8-ns
reference. Actual latency will also depend on data transfer, sensing,
conversion, control, communication, and the CMOS fallback
implementation.

Therefore, the hardware values should consider reference-
based analytical projections, while the accuracy, error correction,
Al coverage, and fallback rate experimentally obtained results.

10- Limitations

The proposed hardware not fabricated. Therefore, none of the
reported energy or latency values should interpreted as chip-level
measurements.

The energy estimates derived from published hardware
references and the MAC counts of the implemented and reference
architectures. The memristive energy estimate also depends on the
interpretation of the published TOPS/W value. Two cases therefore
reported to make this assumption explicit.

The Al latency projected from the published ReRAM-CIM
computing time under a three-stage sequential MVM assumption.
Actual hardware scheduling and data movement may produce a
different latency. CMOS fallback latency has not been measured
and therefore evaluated through sensitivity analysis rather than
reported as a single hardware value.

The CMOS energy estimate based on a published accelerator
reference. It should not interpreted as the measured energy of the
software CMOS model used in the experiment.

Another limitation is the absence of physical memristor non-
idealities in the current implementation. Device-to-device variation,
conductance variation, programming errors, sensing noise, and
other analog imperfections not measured on fabricated devices.
ADC/DAC overhead, interconnect effects, and thermal effects not
included in the analytical model.

Finally, the experimental evaluation is limited to a four-class
classification task with 1,800 test samples. Larger datasets, more
diverse workloads, and hardware experiments are required to assess
the scalability and robustness of the proposed approach.
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12- Future Work

Future work should focus on hardware validation. The Al
controller, confidence mechanism, and CMOS fallback should
implemented and measured together so that controller, sensing,
conversion, and communication costs are included.

Device variation, conductance drift, analog noise, and other
hardware non-idealities should evaluated experimentally.
Hardware-aware training can then investigated to improve
robustness.

Adaptive confidence thresholds should also studied as a trade-
off among accuracy, energy, and latency. Further evaluation should
include larger neural networks and more diverse workloads to
determine whether the proposed hybrid strategy can scale beyond
the current four-class task.

13- Conclusion

This work presented a hybrid AI-CMOS architecture in which
a compact neural controller performs the primary classification and
a CMOS reference model handles low-confidence cases. The Al
controller requires 2,400 MACs per inference, while the CMOS
reference requires 1,344 MACs.

On 1,800 test samples, the Al-only model achieved 99.28%
accuracy. The confidence-based mechanism routed 93 samples to
the CMOS path and increased the final accuracy to 99.94%. Twelve
of the 13 Al errors corrected, leaving only one error.

The hardware analysis provides reference-based analytical
projections rather than measured chip-level results. The Al energy
estimated at 141.59 pJ/inference in Case A and 283.19 pJ/inference
in Case B. The three-stage Al latency projection is 44.4
ns/inference, while the expected CMOS fallback contribution is
1.3263 pJ per original test sample. These values derived from
published hardware references and architectural MAC counts and
should not interpreted as measurements of a fabricated
implementation. The main experimental contribution is the
demonstrated improvement in classification reliability with limited
fallback usage.
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