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Abstract

This paper presents a digitally controlled current-mode synaptic weighting cell in 28 nm
FD-S0I CMOS for low-complexity Multi-Layer Perceptron (MLP) inference in event-based
Non-Intrusive Load Monitoring (NILM). A compact bias-free [16,16] MLP is trained
offline by backpropagation for fixed-weight feedforward inference. Using 616 ON/OFF
events extracted from high-frequency REDD measurements, six appliance classes are
characterized by four event-level features: active-power variation, reactive-power variation,
current total harmonic distortion of the differential event signature, and event interval. With
16-level input quantization, the model achieves 92.9-93.4% test accuracy and 90.5-90.7%
test Macro-F1, requiring 320 weighted-sum branches across two hidden layers. A four-
input first-hidden-layer weighted-sum unit is selected as a representative circuit instance.
Its computation is mapped to bounded current ranges using current-coded inputs, an
8-bit magnitude-controlled current-mode multiplier, sign-bit current steering, differential
current accumulation, and signed-current scaling. The circuit contribution focuses on
the weighted-sum datapath, particularly the repeated synaptic weighting cell; activation
and complete classifier implementation are outside the scope of this work. Transistor-
level PVT and supply-variation simulations validate the signed weighted-sum path, while
post-layout extraction evaluates the repeated multiplier cell. The results demonstrate the
block-level feasibility of digitally programmable current-mode synaptic weighting for
compact event-based NILM inference.

Keywords: non-intrusive load monitoring; event-based NILM; current-mode synaptic
weighting cell; signed weighted sum; 28 nm FD-SOI; analog neural network

1. Introduction

Non-Intrusive Load Monitoring (NILM) estimates appliance-level activity from ag-
gregate electrical measurements and is a key technique for energy feedback, demand-side
management, and edge energy-monitoring systems [1-3]. Among NILM formulations,
event-based NILM is particularly attractive for embedded implementation because it avoids
continuous processing of long voltage or current waveforms. Instead, appliance activity is
represented by switching events and by compact electrical descriptors extracted around
each transition [4,5]. In this work, a six-class event-based NILM task is derived from
high-frequency Reference Energy Disaggregation Dataset (REDD) measurements [6], where
each retained ON/OFF event is represented by four features: active-power variation AP,
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reactive-power variation AQ, current total harmonic distortion of the differential event
signature THD;(AI) , and event interval At [7].

Neural classifiers have been widely applied to NILM because their nonlinear decision
boundaries can capture correlations among multidimensional electrical features [8-11].
For the present hardware-oriented study, a Multi-Layer Perceptron with Backpropagation
(MLP-BP) is selected as a compact nonlinear model whose elementary inference operations
are the weighted-sum computation and nonlinear activation [12]. The weighted-sum oper-
ation can be naturally mapped to current-domain analog computation, while the activation
operation can be implemented by a compact nonlinear back end. Backpropagation is used
in this paper only as an offline training algorithm to obtain fixed weights [13]. The targeted
hardware operation is therefore feedforward analog inference, not on-chip learning. Accord-
ingly, the circuit-level investigation is deliberately restricted to the repeated weighted-sum
operation. The nonlinear activation and output decision stages are retained in the software
model and are therefore beyond the transistor-level scope of this work.

Digital Field-Programmable Gate Array (FPGA) and System-on-Chip (SoC) imple-
mentations have demonstrated the feasibility of local NILM processing [7,14,15]. However,
in very low-power edge nodes, the energy cost may still be affected by Analog-to-Digital
Converter (ADC) activity, memory accesses, clocked multiply—accumulate operations,
and data movement. This motivates current-mode analog inference approaches in which
the weighted-sum operation is performed locally in the current domain through feature-to-
current coding, magnitude-controlled weighting, sign handling, and current accumulation.
In a current-mode neuron, feature values can be represented by input currents, weight
magnitudes can be implemented by current scaling, and the weighted-sum operation can
be obtained by accumulating signed-current contributions. Such current-domain princi-
ples are consistent with analog Very-Large-Scale Integration (VLSI) and neuromorphic
computation, and with programmable current-mirror Vector-Matrix Multiplier (VMM)
approaches [16,17]. Recent current-mode analog Artificial Neural Network (ANN) clas-
sifiers also confirm the relevance of current-domain neural computation for low-power
inference [18].

Although neural-network-based NILM and embedded digital NILM inference have
been widely investigated, and analog circuits have been reported for low-power classifi-
cation [19], their combination at the NILM-oriented transistor-level design stage remains
limited. In particular, prior works rarely provide an explicit mapping from compact event-
based NILM features and fixed signed MLP weights. This work therefore focuses on the
current-mode weighted-sum path required for a compact event-based NILM MLP-BP infer-
ence path. This path combines repeated weighted-sum branches, sign-bit current steering,
and signed-current accumulation.

The circuit objective is to validate a compact MLP-compatible current-mode weighted-
sum path, centered on a repeated synaptic weighting/multiplier cell and its associated
signed-current processing principle. Based on previous analog MLP specification studies
from our team [20], where non-ideal multiplier and activation blocks were injected at
system level, the present Cadence-level design targets a relative error below £20% for the
current-mode weighted-sum path. This value is used as a first circuit-level specification for
the weighted-sum path, not as a complete classifier-level robustness guarantee. The weight
magnitude and weight sign are treated separately: a magnitude-controlled multiplier
generates a non-negative weighted current, while a sign-bit-controlled steering stage and
signed-current scaling translate the sign information into positive or negative current
contributions around a midpoint current. This organization avoids a fully signed multiplier
at branch level and keeps the activation input current within a prescribed range. The
circuit is implemented in 28 nm Fully Depleted Silicon-On-Insulator (FD-SOI), selected for
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compact repeated current-mode branches and low-voltage and low-power operation [21,22].
The body-bias capability of FD-SOI may provide a future calibration knob, although body-
bias calibration is outside the scope of the present work [23]. The Sigmoid activation
function is retained in the software model because it represents a suitable candidate for
future hardware implementation: its characteristics are compatible with compact weak-
inversion CMOS circuits, and it can provide a bounded nonlinear current response at the
output of each hidden-layer stage [16,24-26]. However, the transistor-level design and
validation of the Sigmoid activation circuit are beyond the scope of this work. Figure 1
summarizes the proposed modeling-to-circuit flow from event-based NILM preprocessing
to the instantiated current-mode weighted-sum path and activation feasibility interface.
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Figure 1. Conceptual overview of the proposed low-complexity event-based NILM MLP and the
corresponding instantiated 28 nm FD-SOI current-mode synaptic weighting path.

The main contributions of this work are as follows. First, a compact no-bias [16,16]
event-based NILM MLP is selected as a hardware-oriented inference target by jointly con-
sidering classification performance, input quantization, bias removal, and hidden-layer
branch count. Second, the selected MLP is mapped to bounded current targets for current-
mode implementation, including 0-75 nA input currents and a 0-6 pA activation-input
current range. Third, a current-mode weighted-sum path is proposed for fixed-weight
MLP-BP inference, combining repeated weighted-sum branches, sign-bit current steering,
and signed-current accumulation. Fourth, the proposed first-hidden-layer weighted-sum
path is evaluated in 28 nm FD-SOI through transistor-level Process, Voltage, and Tempera-
ture (PVT) variations simulations and post-layout verification of the multiplier.

The remainder of the paper is organized as follows. Section 2 presents the event-based
NILM dataset, preprocessing, quantization, and compact MLP selection. Section 3 describes
the instantiated current-mode weighted-sum path architecture and its bounded current
mapping. Section 4 reports transistor-level PVT validation of the weighted-sum path and
multiplier-core post-layout validation results. Section 5 discusses the implementation scope
and remaining integration steps, and Section 6 concludes the paper.

2. Low-Complexity Event-Based NILM Model

The purpose of the modeling stage is to define a compact and hardware-compatible
inference target. The event detection and feature extraction follow the referenced event-
based NILM methodology [7], while the present work focuses on the subsequent selection
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of a low-complexity MLP and on translating its inputs and fixed signed weights into
bounded current-domain quantities. Consequently, the software model is evaluated only to
verify that the retained architecture remains a reasonable classification target under input
quantization and bias removal.

2.1. Event Dataset and Feature Definition

The event set is obtained from the high-frequency part of the REDD dataset after event
detection and feature extraction [6]. Switching events are detected using a Cumulative-
Sum (CUSUM) change detector, following the event-based NILM methodology used in
previous work [7]. This preprocessing is used to obtain a compact event-level dataset for
hardware-oriented MLP selection.

After event localization, only events for which stable pre-event and post-event win-
dows can be identified are retained. Each retained event is represented by four quantities:
active-power variation AP, reactive-power variation AQ, current total harmonic distortion
of the differential event signature THD;(AI), and event interval At. The interval feature is
expressed as a number of samples. ON and OFF events are kept, and different sub-power
operating modes of the same appliance are merged into a single appliance class. This pro-
cess gives 616 ON/OFF events distributed over six classes: Bath-GFI, Electronics, Furnace,
Kitchen outlet, Microwave, and Washer-Dryer [7]. The distribution of these events among
the six appliance classes is summarized in Table 1.

Table 1. Class distribution of the event-based NILM dataset.

Appliance Class Samples Percentage

Bath-GFI 31 5.0%
Electronics 100 16.2%
Furnace 192 31.2%
Kitchen outlet 91 14.8%
Microwave 64 10.4%
Washer—-Dryer 138 22.4%
Total 616 100.0%

The dataset is imbalanced: Furnace and Washer-Dryer dominate the samples, whereas
Bath-GFI and Microwave are less represented. This motivates two choices in the modeling
flow. First, balancing is applied only during training. Second, Macro-F1 is evaluated to-
gether with accuracy when selecting the classifier, because Macro-F1 gives equal importance
to minority and majority classes [27].

Because the retained event set contains only 616 events, the classification results should
be interpreted as an event-level hardware-oriented model selection result rather than as
a definitive NILM generalization benchmark. The objective of this stage is to identify a
compact MLP architecture that remains compatible with the subsequent current-mode
weighted-sum path.

2.2. Leakage-Free Preprocessing and Current-Compatible Quantization

The preprocessing stage is designed to avoid data leakage and to produce bounded
feature values that can later be represented by input currents. Polarity normalization is
applied first. For ON and OFF transitions of the same appliance, the signs of AP, AQ,
and THD; (AI) are opposite; the three differential features are therefore multiplied by —1
for OFF events and left unchanged for ON events. The interval feature At does not carry a
sign and is kept as measured.
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The dataset is split before oversampling using three train/validation/test ratios:
0.6/0.2/0.2,0.5/0.3/0.2, and 0.5/0.2/0.3. The corresponding split sizes and class counts
before training-only oversampling are reported in Table 2.

Table 2. Train/validation/test split sizes and class counts before training-only oversampling.

Split Ratio  Subset Total Bath-GFI  Electronics  Furnace  Kitchen-Outlet Microwave Washer-Dryer
0.6/0.2/0.2 Train 369 19 60 115 55 38 82
Validation 124 6 20 39 18 13 28
Test 123 6 20 38 18 13 28
0.5/0.3/0.2 Train 309 16 50 96 46 32 69
Validation 184 9 30 58 27 19 41
Test 123 6 20 38 18 13 28
0.5/0.2/0.3  Train 309 16 50 96 46 32 69
Validation 123 6 20 38 18 13 28
Test 184 9 30 58 27 19 41

For each split ratio, the partition is performed at the event level before any oversam-
pling or preprocessing step. Controlled bootstrap oversampling is applied only to the
training subset, where each class is expanded to 500 samples, while the validation and
test subsets are kept unchanged. Therefore, oversampled duplicates cannot appear in
validation or test data.

The present evaluation is based on an event-level split derived from a single REDD
household event set. Therefore, it does not constitute a household-independent NILM
evaluation. Since episode-independent splitting was not enforced, temporally related
events from the same appliance operation may appear in different subsets. The reported
accuracy and Macro-F1 values are therefore used to select a compact hardware-oriented
MLP target under the specified leakage-free preprocessing protocol, rather than to claim
general NILM robustness.

Standardization, clipping, normalization, and quantization parameters are determined
from the training subset and then kept fixed for validation and test evaluation. This leakage-
free preprocessing prevents information from the validation or test subsets from being used
during model preparation, while allowing different input quantization resolutions to be
compared under the same protocol.

2.3. Compact MLP Selection

A Multilayer Perceptron (MLP) is retained as a compact nonlinear classifier. The model
is trained offline in software using backpropagation and is subsequently used for fixed-
weight feedforward inference. The hardware study reported here implements only the
repeated weighted-sum operation; it does not implement the complete MLP inference chain.

The MLP maps the four event-level features onto six appliance classes. Sigmoid
functions are used in the two hidden layers, and a Softmax function produces the six output
probabilities in the software model. These nonlinear and decision functions are required
for complete model inference, but their circuit implementation is outside the scope of
this work.

The explored model space includes 6, 8, 10, 12, 16, 20, and 32 input quantization levels,
one to three hidden layers, 4, 8, 16, 32, and 64 neurons per hidden layer, and both biased
and bias-free variants. For each tested configuration and split ratio, seven independent
training runs were performed with different random initializations. The reported accuracy
and Macro-F1 values correspond to the mean test performance over these repeated runs.
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For all results in Table 3, the trained weights are quantized using the circuit-compatible
representation: an 8-bit magnitude code plus one sign bit. The final selection is not based
only on the highest software accuracy. It also accounts for analog complexity, represented
here by the number of hidden-layer weighted-sum branches, the number of additional bias
current sources, and the resolution required for input-current generation.

Table 3. Quantization-level and compact MLP selection results across different dataset splits and
seven independent training runs.

Levels Configuration Bias Branches Bias Src. Mean Test Acc. Mean Test Macro-F1
6 [16,16] No 320 0 79.9% 76.0%
8 [16,16] No 320 0 81.0% 76.7%

10 [16,16] No 320 0 80.2% 75.8%
12 [16,16] No 320 0 86.7% 83.6%
20 [16,16] No 320 0 89.7% 88.5%
16 [16,16] No 320 0 93.2% 90.6%
16 [16,16] Yes 320 32 93.3% 90.0%
16 [32,32] No 1152 0 93.5% 90.9%
16 [32,64,32] No 4224 0 92.9% 89.9%
16 [64,64,32] No 6400 0 93.0% 90.0%

Table 3 highlights the accuracy-complexity trade-off used to select the hardware-
oriented MLP. Among the tested configurations, the 16-level no-bias [16,16] network
provides the most favorable compromise, reaching 93.2% test accuracy and 90.6% test
Macro-F1 with only 320 hidden-layer weighted-sum branches. Increasing the network
size to [32,32] or adding bias terms provides only marginal performance gains, while
significantly increasing hardware complexity through more weighted-sum branches or
additional bias current sources. The no-bias [16,16] architecture is therefore retained as
the compact hardware-oriented design point.

The retained no-bias [16,16] network was also evaluated under the three proposed
train/validation/test partitions to verify that the selected architecture was not tied to a
single data split. Across these partitions, the test accuracy remained between 92.9% and
93.4%, and the test Macro-F1 stayed in the 90.5-90.7% range.

Figure 2 reports one test-set confusion matrix obtained for the retained no-bias [16, 16]
architecture under the 0.5/0.2/0.3 train/validation/test split. Most predictions remain on
the diagonal, giving a test accuracy of 94.6%. The remaining errors are mainly associated
with the Kitchen outlet class, while Electronics and Washer-Dryer are correctly classified in
this run.

Consequently, the model passed to the circuit-design stage contains four input features,
16 input quantization levels, two hidden layers with 16 Sigmoid neurons per layer, no neural
bias terms, and a six-class Softmax output kept at the system level. This configuration is
used as a compact hardware-oriented design point, fixing the main current-mode neuron
requirements: four first-layer inputs, 320 hidden-layer weighted-sum branches, finite
input-current coding, and a reusable nonlinear activation range.
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Figure 2. Test confusion matrix of the final architecture.

3. Current-Mode Low-Complexity Weighted-Sum Path Architecture

This section presents the current-mode weighted-sum path derived from the compact
no-bias [16,16] MLP selected in Section 2. The objective is to validate the repeated
hardware branch used to implement the MLP weighted-sum operation during fixed-weight
feedforward analog inference. The circuit prototype corresponds to a four-input weighted-
sum unit of the first hidden layer. The same principle can be extended to the second hidden
layer by increasing the number of weighted-sum branches and adapting the signed-current
scaling ratios.

3.1. Circuit-Level Accuracy Target

The current-mode weighted-sum path is designed with a first circuit-level relative-
error target of £20%. This target is derived from previous analog MLP specification work
from our team [20], where non-ideal multiplier and activation models were injected into the
neural-network model to evaluate their impact on classification performance. In that study;,
the multiplier and weighting-related errors were shown to be less critical than activation-
function errors, which provides a useful first specification for the present weighted-sum
path. In this work, the £20% criterion is therefore used as an initial Cadence-level design
target for the current-mode weighted-sum path only. It does not replace a future classifier-
level reinjection of extracted circuit nonidealities into the NILM MLP-BP model. This
target is used to interpret the PVT and post-layout results of the proposed weighted-sum
path and to identify which support blocks require further stabilization or calibration in a
complete implementation.

3.2. Weighted-Sum Path Architecture

Figure 3 shows the proposed four-input current-mode implementation of the MLP
hidden-layer operation. As highlighted in the figure, the left part implements the weighted-
sum operation in current mode, while the 12V-Sigmoid stage is retained only as a con-
ceptual functional block in the system-level signal-flow diagram to indicate the activation
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operation required for complete MLP inference. Each quantized NILM feature is repre-
sented by an input current and weighted by an 8-bit magnitude-controlled current-mode
multiplier. The multiplier output is routed by a sign-bit-controlled current-steering block
toward the positive or negative accumulation path. The signed contributions are then
accumulated around a midpoint current and processed by the I2V-Sigmoid interface.
In this work, the current-mode weighted-sum path includes the repeated input-current
generator, the magnitude-controlled multiplier, the sign-bit current steering stage, and the
signed-current accumulation block. Table 4 summarizes the current targets for the first-
hidden-layer weighted-sum path implementation.

MLP inference = weighted-sum operation (implemented in current-mode) + activation operation

1
1 1
: Input-Current Ii“ Current-Mode Im“‘ Sign-bit controlled :
| Generator Multiplier current steering : ____________________________
1
1 :: |
: Input-Current Lin Current-Mode Linu Sign-bit controlled 1 :
Generat Multiplie current steeri il L - .
: enerator ultiplier current steering Signed-f:urrem ]]_U I 12V Circuit V( Slglnolﬁi Ac.tlvatmn I-Vlg :
! scaling y Circuit \
: Input-Current L Current-Mode Tinui Sign-bit controlled ! . — N !
' Generator Multiplier current steering i, 12V—Sigmoid interface (Conceptual Level) |
g = olemolC hicriace (L-oucepiudl _Level)
X I
B - 1
: Input-Current Iy Current-Mode Ll Sign-bit comrglled 1
| Generator Multiplier current steering I !
! . . A A L mid 1
1 Main contribution: repeated weighted-sum branch '
| e e e e e e e e e e o o o = = = = = = ———————————————————————————
Figure 3. Architecture of the current-mode hidden-layer neuron.
Table 4. Current targets of the proposed hidden-layer weighted-sum path.
Block/Quantity Input Range Output Range Role in the Architecture
- Four-bit current coding of the
Input-current generator Digital code 0-75nA -
p & & quantized NILM feature.
. . 8-bit magnitude-controlled
Magnitude multiplier 0-75nA 0-1912.5nA - & .
weighted-current generation.
. . . " . Branch-level handling of the
Sign-bit controlled current steering 0-1912.5 nA Positive or negative current path . ) &
weight sign.
. . - Limits each first-layer branch
Signed-current scaling stage Steered branch current £750 nA max. contribution 4

contribution around I 4.

3 1A plus four signed
contributions

Midpoint-biased signed

Current summation/I2V input accumulation before activation.

0-6 A

3.3. Current-Coded Inputs and Magnitude-Controlled Multiplier

The 16-level input quantization retained at the MLP level is implemented with binary-
weighted current branches. With a least significant current step of Iy = 5 nA, the input-
current generator produces

Iin[j] = q]'I(), gj € {0, 1,.. .,15}, Iy =5nA, (1)

where j = 1,...,4 for the first-hidden-layer prototype. This gives the input-current range
Iin[j] € [0,75] nA. In circuit form, the four control bits switch binary-weighted current
branches of 40 nA, 20 nA, 10 nA, and 5 nA.

The magnitude-controlled multiplier is implemented as a digitally controlled switched-
current-mirror block. The MLP weights are trained offline and then represented by digital
control words during analog inference. At the branch level, this block forms the weighting
core of the repeated weighted-sum branch. Each enabled branch copies and scales the input
current according to its binary weight, and the enabled branch currents are added in the
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current domain. In this way, the multiplier generates a non-negative current proportional
to the input current and to the stored weight magnitude:

. IWillia[j]
Inall = 55— 0< Wl <255. )

Here, |W;| is the 8-bit digital magnitude of the synaptic weight, while the weight sign
is handled by the following sign-bit controlled current steering block. This magnitude-
plus-sign representation is the same as that used in the MATLAB R2025a MLP evaluation.
The factor 10 is introduced by the current-mirror sizing and normalization used to set
the multiplier output-current range before the signed-current steering and scaling stages.
The values Iy = 5 nA, the normalization factor of 10, and I ;g = 3 1A are hardware design
parameters chosen from a power—area trade-off. The 5 nA step keeps the 16-level input
range limited to 0-75 nA, while the factor 10 restricts the multiplier output before signed
scaling. After scaling, the four-input accumulation is bounded within £3 pA, and the 3 A
midpoint current shifts it to the 0-6 pA input range required by the I12V-Sigmoid back end.
These values can be retuned by changing the unit current source and current-mirror ratios.

With the maximum input current and the maximum weight magnitude, the multiplier

output reaches

255 x 75 nA
Imul,max = T = 1912.5 nA. (3)

Thus, the multiplier core provides the programmable magnitude of the weighted cur-
rent, whereas the subsequent steering and scaling stages determine the signed contribution
delivered to the I2V-Sigmoid back end. The corresponding input-current generator and
magnitude multiplier are shown in Figure 4.

VDD
10,000, 3750 1900 1000 540
100 MPUE] E 300 E Mo 55 E 300 E"' 300

lo

b3 b, b4 bo

1 In
104
mMncj I—_° Vbias

GND

(a) Binary-weighted input-current generator.

I | o
Bl b, l b3 l b4l bs l bel b7l bgl

2300 200 425 890 1620 3700 7400 14,80 29,600
WM"f’:“‘ [:M’”% [:M"ZW [:M”W [:M”“W [:M"SW [:M"GW [: 300 [:M"B 30

pu

GND

(b) An 8-bit magnitude-controlled current-mode multiplier.

Figure 4. Current-mode front-end for feature and weight-magnitude currents.
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3.4. Sign-Bit Controlled Current Steering and Signed-Current Scaling

The multiplier provides only the non-negative weight magnitude current. The weight
sign is handled by a sign-bit controlled current-steering block placed after the multiplier,
as shown in Figure 5a. For each branch, the steered current is routed either to a positive
path or to a negative path. The positive-path currents are first summed together, and the
negative-path currents are summed separately:

4 4
Lxy=) 1y, lLx=) 1, (4)
j=1 j=1

The two accumulated currents are then scaled by matched current mirrors, as shown
in Figure 5b, and subtracted around a fixed midpoint current:

Iiy—1 5

1)
Ksigned

Iipv = Imig + p Imia = 3 HA. )

Thus, a positive weight increases the 12V input current above the midpoint, a negative
weight decreases it below the midpoint, and equal positive and negative contributions
cancel around I;4.

The scaling factor is chosen so that the four-input neuron covers the full 0-6 pA 12V
range without exceeding it. Since one multiplier branch can deliver up to

255 x 75 nA
Ll max = Tn =1912.5nA, ©6)
the four maximum positive branches produce 4l max = 7.65 LA before scaling. This
current must correspond to a +3 pA displacement from the midpoint. Therefore,

Klipeg = 550 — 255 ?
or equivalently a mirror ratio of about 1/2.55 >~ 0.392.

With this choice, all four branches at maximum positive weight give Ipy = 6 uA,
all four branches at maximum negative weight give Iy = 0, and balanced positive and
negative contributions keep the 12V input close to 3 pA.

The second hidden layer follows the same signed-current principle but has a different
fan-in. Since it contains 16 input branches per neuron, the maximum signed displacement

per branch must be reduced to

% =187.5nA
if the same 0-6 pA 12V-Sigmoid input range is to be preserved. The exact second-layer
scaling factor therefore depends on the selected second-layer multiplier current range,
while the midpoint-biased I12V-Sigmoid back end can remain unchanged.

Before the I2V-Sigmoid interface, the current-mode weighted-sum path remains fully
current-domain: quantized inputs are converted into 0-75 nA feature currents, weighted
by the magnitude-controlled multiplier, routed according to the sign bit, and accumulated
through the signed-current scaling stage. The resulting current Iy is then applied to the
12V converter.

This four-input implementation therefore validates the first-hidden-layer current-
mode weighted-sum path up to the midpoint-biased output Ijpy. Extension to the second
hidden layer would require 16 input branches and adapted signed-current scaling, while
the downstream 12V-Sigmoid implementation remains outside the scope of this work.
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(a) Sign-bit controlled current steering module. (b) Signed-current scaling module.

Figure 5. Sign-bit controlled current steering and signed-current scaling structure.

4. Circuit Implementation and Simulation Results

This section evaluates the proposed four-input current-mode weighted-sum path at
the transistor level. The simulations focus on the first-hidden-layer prototype defined
in Section 3. The results are organized from the current-domain front-end blocks to the
signed-current path, and the post-layout verification of the multiplier core. The objective is
to assess the block-level circuit behavior of the proposed weighted-sum implementation.

4.1. Simulation Setup

The circuits are designed and simulated in a 28 nm FD-SOI technology with a nominal
supply voltage of 1.0 V. Table 5 summarizes the PVT conditions used in the transistor-level
validation. The TT corner is used as the nominal operating condition. The FF and SS corners
are combined with temperature and supply-voltage shifts in order to stress the current-
mode behavior under faster and slower device operation. The supply voltage is swept
over a £10% range around the nominal 1.0 V supply in order to evaluate the robustness
of the proposed current-mode weighted-sum path under wider voltage conditions. These
conditions are used as a block-level PVT validation and do not constitute a complete
classifier-level robustness assessment.

The signed-current accumulation path is simulated under the same PVT sweep for
several representative weight magnitudes and for both positive and negative steering
configurations. Post-layout verification is carried out for the multiplier without the signed-
current steering and scaling stages, because the multiplier is the repeated magnitude-
generation core of the weighted-sum branch.

In each figure, the TT response is shown as the nominal reference together with the
two PVT responses that produce the largest deviation for the corresponding block.

4.2. Block-Level Validation

The first validation step evaluates the main current-processing blocks: the input-
current generator, the magnitude-controlled multiplier, and the sign-bit controlled signed-
current path.

The input-current generator provides 16 current levels by controlling four binary-
weighted current branches, covering 0-75 nA with a 5 nA step. As shown in Figure 6a,
the simulated currents in the 5, 10, 20, and 40 nA elementary branches remain close to their
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target values under the displayed PVT conditions. The maximum observed error over all
simulated branches/codes is below 17%, and the generated currents therefore preserve the
intended 16-level feature-coding range used by the following multiplier stage.

Table 5. PVT conditions used for transistor-level circuit validation.

Corner Process Condition Temperature Supply Voltage
TT Typical-Typical 27 °C 1.00 V

FF Fast-Fast 85°C 11V

FF Fast-Fast 85°C 09V

FF Fast-Fast —40°C 11V

FF Fast—Fast —40°C 09V

SS Slow-Slow 85°C 1.1V

SS Slow-Slow 85°C 09V

SS Slow-Slow —40°C 11V

SS Slow-Slow —40°C 09V

The magnitude-controlled multiplier is evaluated before the signed-current path. Its
input-current range is 0-75 nA. When the weight magnitude is set to 255, the target output-
current range is 0-1912.5 nA. Figure 6b shows that the multiplier preserves the expected
current-scaling behavior under PVT variations. The largest deviation with respect to the
TT response remains below 2% over the simulated range. This result supports the use of
the multiplier as a non-negative current-magnitude generator before sign steering under
the considered PVT conditions.

The signed-current path between the multiplier and the 12V input is verified for
representative nonzero weight magnitudes. The verification focuses on the PVT-induced
deviation of the final signed-current difference,

IA,S = I+,S - I*,S/ (8)

where I, s and I are the scaled positive-path and negative-path currents. In this test,
the input current is kept constant at its maximum value of 75 nA. For each tested weight
magnitude, the worst-case PVT deviation is computed with respect to the nominal TT value
of I s. The resulting worst-case deviations are summarized in Table 6.

Table 6. Worst-case PVT deviation of the signed-current difference.

Weight Magnitude Alpmax (nA)
[W| =16 3.1
W] =32 7.8
|W| = 64 10.3
IW| =128 18.1
|[W| =192 25.1
IW| = 255 315

The maximum signed-current deviation is 31.5 nA at |W| = 255, which corresponds to
approximately 0.53% of the 0-6 uA signed-current path output-current window. Therefore,
although the positive and negative contributions use different steering paths and mirrors,
the signed-current path remains within a small deviation range with respect to the output-
current window.

4.3. Cascaded Current-Mode Weighted-Sum Path Validation

In addition to the individual validation of the input-current generator, the magnitude-
controlled multiplier, and the signed-current accumulation path, the complete cascaded
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current-mode weighted-sum path up to the 12V input was also verified. This path includes
the input-current generation block, the 8-bit magnitude-controlled current-mode multiplier,
the sign-bit-controlled current-steering block, and the signed-current scaling/accumulation
stage. This validation checks whether the cascaded module-level errors remain within the
£20% block-level target [20], and whether the final current delivered to the I2V converter
stays in the expected operating range.

T T T T T T T T T 1 I T T T
—10 —TT,VDD=1.0V,T=25°C 2 H=——TTreference: TT, VDD = 1.0 V, T=27 °C -
—1I1 --=-SS,VDD =09V, T=85°C - - -Upper worst: SS, VDD = 1.1 V, T=85 °C
R, R — FF, VDD =1.1 V, T=-40 °C - Lower worst: FF, VDD = 0.9 V, T=—40 °C
60 H—mn g 1.8+ i
1.6 :
50 -
_~ 13-FF = 46.796 nA —~ L _
< Z14
N— 3
g 40 I3-TT = 40.052 nA | E 12+ |
5]
g __________________________ o— I13-S8=3422nA E Zoomed view
3 30+ 4 2 I [l I © — 1.923617 uA I
=] 12-FF =23.049 nA = 192
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G\ 10-SS = 4.3722 nA 494 496 TS 75 702 1504 7506 7508
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(a) Input-current generator.

(b) Magnitude-controlled multiplier.

Figure 6. PVT simulation results of (a) input-current generator, (b) magnitude-controlled multiplier.

Figure 7 shows the complete PVT simulation results of the cascaded weighted-sum
path for iy = 75 nA, with the weight swept from —255 to 255. Table 7 summarizes the
current values and relative deviations corresponding to the worst-case PVT deviations.

The PVT corners mainly introduce a gain shift in the current-weight transfer, while
preserving its monotonic and approximately linear behavior. Under the TT condition,
when W = 32,64, 128, the positive-path currents are 378.6, 753.4, and 1502.6 nA, while
the negative-path currents are —375.2, —751.1, and —1504.2 nA, both close to a 1:2:4 ratio.
Similar proportional scaling is also observed under the other two PVT corners, indicating
that PVT variations mainly affect the transfer gain rather than the linear weighting behavior.

The maximum PVT error of the complete cascaded weighted-sum path occurs when
the positive current path is fully enabled. The corresponding error is 19.4%, which remains
below the £20% block-level error target defined in this work. Although the errors from the
current mirrors and switching paths accumulate after cascading, the final output current
still remains within the expected tolerance range.

Table 7. Cascaded signed-current path validation at [j; = 75 nA for the maximum positive and
negative weights.

Weight TT Reference SS,T=85°C,Vpp =09V Rel.Dev.vs. TT FET = —40°C,Vpp =11V  Rel. Dev. vs. TT
W = 4255 +2872.9 nA +2461.5 nA —14.3% +3428.6 nA +19.4%
W = —255 —2987.4nA —2615.0 nA +12.5% —3455.7 nA —15.7%

4.4. Post-Layout Multiplier Verification

The post-layout multiplier deviations are interpreted using the £20% block-level target
defined in Section 3. The magnitude-controlled multiplier is further verified after layout
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extraction. This block is selected for post-layout validation because it is the repeated
current-magnitude generation element of the hidden-layer array. Figure 8a shows the
extracted multiplier layout. The layout area is

30.4 pm x 30.4 pm = 924 pm?. 9)

R — T T T T
Theoretical

DD=1.0 V,T=25°C -
. VDD =09 V, T =85 °C Iets -
F,VDD = 1.1 V.T=-40°C - <

3000

2000 -

1000 -

Output current (nA)
(=]
T

-1000 —

-2000 —

-3000

I I I I T |
—255 —128 —64  —32-16 0 16 32 64 128 255
Weight W

Figure 7. PVT simulation results of the complete cascaded current-mode weighted-sum path before
the I2V input.

The reported layout corresponds to a first conservative implementation intended for
post-layout PVT validation of the repeated weighting cell. The device dimensions were
selected with design margin: L = 300 nm was used to reduce short-channel effects (SCE)
and drain-induced barrier lowering (DIBL), and a 200 nm unit width was chosen for the
smallest branch, although Wi, = 104 nm, in order to preserve current accuracy and
matching margin.

The large devices were not implemented as single ultra-wide transistors. Instead, they
were realized by combining multi-finger structures with device multiplicity, i.e., parallel
repetitions of identical unit MOS devices. In addition, five dummy MOS devices identical
to the basic multiplicity MOS unit were placed at the array boundary to reduce edge effects
and to preserve a more uniform layout environment. The main analog current paths are
kept as comparable as possible across branches, and the digital control lines are routed
separately from the weighted-current nodes to limit unwanted coupling. The reported area
should therefore be interpreted as a conservative prototype-layout area, rather than as a
fully optimized array cell. A future compact version could investigate reducing the unit
width, provided that mismatch, current accuracy, and PVT robustness remain acceptable.

Figure 8b compares, at the maximum weight value of 255, the pre-layout TT response
with the post-layout TT response and the two post-layout PVT responses that produce the
largest output-current deviations.

Table 8 summarizes the post-layout deviations at the maximum input current,
Iin = 75 nA. The post-layout deviations remain below 1% with respect to the TT post-layout
response, and the TT post-layout/pre-layout difference is about 1.03%. The multiplier
remains well within the +20% block-level target under the considered PVT conditions.
These results indicate limited parasitic impact on the extracted multiplier core under the
reported maximum-input test condition.

In addition to the post-layout PVT verification, a post-layout Monte Carlo analysis
was performed at the maximum input current, I, = 75 nA, to evaluate the statistical
dispersion of the extracted multiplier output. Figure 9 shows the resulting output-current
distribution. The mean output current is u = 1920.79 nA, with a standard deviation of
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o = 93.57 nA, corresponding to a coefficient of variation of 4.87%. The MC mean remains
very close to the nominal post-layout TT simulation, with a difference of only —3.85 nA,
corresponding to approximately —0.20% and the 3¢ spread corresponds to approximately
14.6% of the mean value, remaining below the +=20% block-level target. This indicates
that the extracted multiplier keeps acceptable statistical robustness under the considered
maximum-input condition.

T T
2 H —— Pre-layout TT reference: TT, VDD = 1.0 V, T=27 °C .
—==Post-layout TT reference: TT, VDD = 1.0 V, T =27 °C
- - -Post-layout upper worst: FF, VDD =0.9 V, T =85 °C
1 8 Heeeeee Post-layout lower worst: FF, VDD = 1.1 V, T=—40 °C -
1.6 .
~~
<14
3
N—
=12+ |
[0
= Zoomed view
8 1F 1o Upper: 1.928938 uA T
ds L d/
808} oy I N o POSUTE: 1924644 |
=-°r /L=
O 1.92
0.6 .
Lower: 1.916397 pA
0 4 L 191 i
1905 /o\
Pre-TT: 1.905089 uA
02f |
74.94 74.96 74.98 s 75.02 75.04 75.06 75.08
R N RN 0 L L L L L
¥ 7 ! 0 20 40 60 80 100
= = = o Input current (nA)
(a) Extracted multiplier layout. (b) Post-layout PVT simulation.

Figure 8. Post-layout verification of the magnitude-controlled multiplier: (a) extracted layout and
(b) pre-layout TT response, post-layout TT response, and the two largest-deviation post-layout
PVT responses.

Table 8. Post-layout multiplier deviations at Ij, = 75 nA.

Comparison Current Deviation Relative Deviation
Upper PVT post-layout vs. TT post-layout +4.29 nA +0.22%
Lower PVT post-layout vs. TT post-layout —8.25nA —0.43%
TT post-layout vs. TT pre-layout +19.55 nA +1.03%
30 T T T I T T T
MC mean g | TT simulation p=1920.79
251 o =93.57|]
CV =4.87%
20
E
215
&)
10
5

1700 1800 1900 2000 2100 2200
Output current at Iin =75nA(nA)

Figure 9. Post-layout Monte Carlo distribution of the multiplier output current at I;, = 75 nA.
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Overall, the post-layout PVT and Monte Carlo simulations provide circuit-level evi-
dence for the feasibility of the proposed current-mode synaptic weighting cell and identify
layout area and statistical robustness as important aspects toward a complete MLP-BP
inference array.

5. Discussion

The results demonstrate the feasibility of the proposed current-mode weighted-sum
path at the building-block level. Starting from the selected no-bias [16,16] MLP-BP
model, the first-hidden-layer operation is mapped into explicit circuit quantities: 0-75 nA
current-coded inputs, 8-bit magnitude-controlled current weighting, sign-bit-controlled
positive/negative current steering, midpoint-biased signed-current accumulation over a
0-6 pA activation-input range. Although a nonlinear activation operation is required for
complete MLP inference, its circuit implementation is outside the scope of the present work.

The main contribution of this work is the current-mode weighted-sum path, centered
on the repeated synaptic weighting/multiplier cell and its associated signed-current accu-
mulation principle. Compared with earlier analog MLP implementations based on analog
weight storage or general-purpose four-quadrant multipliers [20], the proposed approach
keeps the trained weights in digital form and performs the weighting operation through
switched current-domain branches. This avoids analog weight storage, removes the need
for a per-weight DAC, and simplifies the repeated weighted-sum branch.

The separation between weight magnitude and sign is central to the proposed
cell. The multiplier generates only a non-negative magnitude-controlled current, while
the sign-bit steering stage routes it toward the positive or negative accumulation path.
This avoids a fully signed four-quadrant multiplier at each branch and enables simple
local signed current.

At the circuit level, the current-mode weighted-sum path preserves the intended
operating behavior under the considered PVT conditions. The multiplier is the only block
verified after layout extraction and is identified as the most mature and most repeated
element of the future MLP-BP array. The signed-current path was validated at transistor
level before layout extraction.

Existing analog neural-network hardware has explored several complementary imple-
mentation directions. Programmable current-mirror VMMs have demonstrated current-
domain vector-matrix computation using floating-gate devices for programmable analog
weight storage [17]. At the synaptic-cell level, compact floating-gate circuits have been
developed to combine local analog weight storage with weighted-current generation [28].
More recently, multi-bit analog Multiply-Accumulate (MAC) cells implemented in FD-SOI
have combined dynamic capacitive weight storage, back-gate weight control, multiplica-
tion, and accumulation within compact computing cells [29]. For the multiplier mismatch
analysis, Négele et al. [29] report a relative standard deviation of approximately 11-12% at
the maximum positive and negative weights. By comparison, the post-layout Monte Carlo
analysis of the proposed multiplier gives a coefficient of variation of 4.87% at the maximum
weight magnitude under the reported maximum-input condition. These studies demon-
strate the feasibility of current-domain neural computation across VMM-array, synaptic-cell,
and integrated-MAC levels, and provide the broader hardware context for the development
of compact analog weighting structures. However, they differ in target function, technol-
ogy node, signal domain, weight implementation, and validation level. In this context,
the present work focuses on directly mapping a trained compact application-specific NILM
MLP-BP inference model into a transistor-level, digitally controlled, current-mode signed
weighted-sum path. Building on this model-to-circuit mapping, the main contributions
include a current-mode architecture with separate magnitude and sign processing and its
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circuit-level robustness verification, including post-layout PVT and Monte Carlo analyses
of the repeated multiplier.

This specialization is both an advantage and a limitation. It reduces the complexity
of the repeated branch compared with a fully analog four-quadrant multiplier and avoids
analog weight storage, but it does not provide the flexibility of a general-purpose analog
multiplier or a fully programmable VMM. The proposed cell is therefore best suited to
inference engines where the topology and weights are fixed after offline training. This
matches the targeted NILM MLP-BP use case, where training is performed offline and the
embedded hardware only executes feedforward inference.

The extracted multiplier area is 924 um?, and the reported block-level power is 2 uW.
These values provide an initial quantitative basis for positioning the proposed weighting
cell, but they should not be interpreted as complete neuron or classifier metrics. Further
integration will require array-level layout, optimized support blocks, and classifier-level
reinjection of circuit nonidealities.

Overall, the proposed block should be viewed as a step from system-level analog
MLP specifications toward a transistor-level current-mode weighted-sum implementation
in advanced FD-SOI technology. The next integration step is to extend this block toward
compact full-neuron and array-level implementations.

6. Conclusions

This work presented a digitally controlled current-mode weighted-sum path in 28 nm
FD-50I as a building block for low-complexity event-based NILM MLP inference. A no-bias
[16,16] MLP trained offline by backpropagation was selected as a compact system-level
target. This model provides the software-level inference target and the circuit constraints
for the proposed current-mode implementation.

The selected model was translated into bounded current-domain quantities using a
representative first-hidden-layer four-branch weighted-sum path. The proposed chain com-
bines current-coded inputs, an 8-bit magnitude-controlled current-mode multiplier, sign-bit-
controlled positive/negative current steering, and midpoint-biased signed accumulation.

Circuit simulations validate the main elements of the proposed current-mode
weighted-sum path. The multiplier shows limited deviation under the considered PVT con-
ditions and remains the most mature block of the implementation. Post-layout extraction
confirms the limited parasitic impact on the multiplier core, which occupies 924 pm? and
consumes 2 uW at block level.

The 12V-Sigmoid stage is shown only as a conceptual functional block in the system-
level signal-flow diagram to indicate the connection between midpoint-biased current
accumulation and the subsequent voltage-domain activation operation. Its circuit imple-
mentation and validation are outside the scope of the present work. Further integration will
focus on optimized support circuitry, compact full-neuron and array-level implementations,
complete post-layout verification of the signed-current path, and classifier-level reinjection
of the extracted circuit nonidealities.

Overall, the proposed block represents a step toward compact current-mode MLP-BP
inference hardware by combining digital weight storage, local current-domain weighting,
signed-current accumulation, and post-layout validation of the repeated multiplier.
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