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Abstract—This work presents an on-chip feature extractor and
classifier that reduces sensor transmission by >1000x through
on-chip data analysis. The classifier includes reservoir com-
puting (RC) layer for unsupervised feature extraction followed
by an artificial neural network (ANN) layer for supervised
classification. The RC layer is implemented using switched-
capacitor circuits, while the ANN uses a delta-sigma modulator-
based 9T1C compute-in-memory (CIM) macro that supports
variable-resolution precision. A test chip, fabricated in a 28nm
process, is demonstrated for stress and seismic event detection.
The test-chip achieves mean classification accuracies of 97.0%
for stress detection and 95.8% for seismic event detection,
with energy consumption of 1.3nJ/classification for stress and
4.25n]J/classification for seismic events.

Index Terms—Classifier, Compute-in-Memory, Reservoir Com-
puting, SRAM, Switched Capacitor circuits

I. INTRODUCTION

Edge sensors are soon expected to produce exabytes of
data per second that will consume Mega-watts power just for
transmission. While techniques such as compressive sensing or
adaptive sampling exploit data sparsity to compress data [1],
[2] and reduce transmission power, they generally reduce
sensor energy only by < 10x. In contrast, this work proposes
a machine-learning (ML) approach to perform data analysis
inside the sensor itself and transmit only classification re-
sults which reduces data transmission volume by two-to-three
orders-of-magnitude and sensor energy by > 50x compared
to naive transmission of digitized sensor data and by > 19X
compared to compressive-sensing analog-to-digital converter
(ADC) before transmission as shown in Fig. 1. The energy
numbers in Fig. 1 are calculated for state-of-the-art ADCs and
transmitter reported in [1], [3], [4].

A fully analog approach is adopted for the proposed ML
circuit design to reduce power consumption. The key contri-
butions of this work are — a) unsupervised reservoir-computing
(RC) for extracting features from the input data directly in ana-
log domain; b) supervised artificial neural network (ANN) as
the output layer that uses delta-sigma modulator (DSM)-based
SRAM compute-in-memory (CIM) with switched-capacitors.
The proposed technique is demonstrated for detecting stress
from electro-cardiogram (ECG) signals and for identifying

earthquake events from seismic data and reduces data trans-
mission by 4200x and 1400x respectively.

Existing sensor data processing techniques
High-DR ADC

12-bit | no compression
ADC

total-energy: 73.6nJ

a)
1000 samples 45.6nJ@3.8pJibit [JSSC'14][4]
28nJ@27.6fJ/step [ISSCC'21](3]

Compressive-
sensing ADC
b) m WXN]E] 8:1 compression total-energy: 25.7nJ
1000 samples 5.7nJ

20nJ [JSSC7](1]

Proposed sensor data processing using in-sensor feature extraction and classification

m % 1000:1 compression _ > total-energy: ~1.3nJ
1000 samples a9

45.6pJ
Analog feature extraction and classification

1.3nJ (this work); 2nJ [ISSCC'24][15]; 24nJ [ISSCC'23][13]

Fig. 1. Overview of the proposed in-sensor classification technique that ad-
dresses sensor data transmission problem and reduces sensor energy compared
to existing techniques

II. PROPOSED ARCHITECTURE
A. Comparison with prior silicon reservoir-computers

RC is a popular computing paradigm that uses static non-
linearity to project the input signal to a high-dimensional
space, facilitating easier separation of input classes by a
supervised output layer following the reservoir layer. Recurrent
connections between the reservoir neurons impart properties of
infinite-impulse response (IIR) filters to the reservoir neurons
which makes their state-space infinite dimensional and allows
RC to extract features from the input data with a small number
of physical neurons. The weights in the input and reservoir
layers are drawn from static, random distributions enabling
unsupervised feature extraction, minimizing training require-
ments. Since RC uses nonlinearity for input projection, the
otherwise undesired nonlinearities in analog circuits become
useful attributes and reduces energy and area requirements of
the circuits by trading-off power and area for linearity. This is a
key motivation for adopting RC for analog feature extraction in
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this work. The silicon RC realizations in [5], [6] require either
large capacitors to realize biological time-constants which
is energy-inefficient, or background calibration for analog
delay elements or nonlinearity element. An on-chip analog
RC in [7] used time-multiplexing to create multiple virtual
neurons from a single physical neuron without requiring large
capacitors or calibration. However, it relied on always-on
continuous-time circuits which are not power efficient for
sensor applications, and did not realize the output layer in
silicon. The key differentiation of this work over [7] is the
adoption of switched-capacitor architecture for reservoir neu-
rons which reduced energy consumption by 20x and silicon
implementation of output layer. The work in [8] presented
silicon RC and output layers but did not integrate them on a
single die, used continuous-time circuits for RC and binary-
weighted capacitors to encode model weights in the output
layer which resulted in 8x higher energy consumption than
this work.
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Fig. 2. a) Reservoir computing circuit schematic, b) switched-capacitor

implementation of the reservoir neuron c¢) measured transfer curve of a
Teservoir neuron.

B. Proposed Reservoir Computer Layer

Fig. 2 shows circuit schematics of the proposed RC and
the reservoir neuron implementation using switched-capacitor.
The matrix multiplications are performed in the charge do-
main, and partial results are stored on feedback capacitors. The
recurrent neural network behavior is realized in circuit using
a leaky integrator with a low-gain amplifier (gain ~ 25). The
integrator resets if its output exceeds a threshold voltage. Each
reservoir neuron is connected to two neighboring neurons. The

reservoir has built-in lateral inhibition which resets all three
neurons if one of the neurons is reset and detects transients
in the input signal. The input weight matrix W is binarized
and derived from random distribution. To test the chip with
different input sample sizes D across different dataset, multi-
plication of the input samples with W is performed off-chip.
Input and feedback scaling factors are set by ratios of sampling
capacitors (Cjp, Cy1, and Cy2) to feedback capacitor (Cjpeg),
with sampling capacitors of 14.8fF. The circuit non-linearities
are absorbed into the reservoir dynamics through its non-linear
function H(-) (Fig. 2). Mismatches in the reservoir result
in chip-to-chip variation which are addressed by re-training
each chip. The key differentiation of this work over [7] are
— a) adoption of switched-capacitor architecture for reservoir
neurons which reduced energy consumption by 20x, and b)
silicon implementation of output layer and integration with
RC.
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Fig. 3. Slice of SRAM macro with 1-bit DSM and 4-bit weights.

C. Proposed DSM-SRAM output layer

Fig. 3 shows schematic of a 4-bit slice of the proposed
SRAM-CIM macro that uses 1-bit DSMs to convert input
and output activations into binary pulses. DSM output from
the last layer is digitally decimated using low-pass filters.
Decimation is not needed in intermediate layers. Use of
DSM improves linearity of matrix-multiplication since each
SRAM cell sees either ‘0/1° input, reduces quantization error
compared to [9] and allows re-configuring precision of input
and output activations by simply changing oversampling ratio
(OSR) without any change in hardware. Additionally, output
DSM allows mapping higher-precision weights (e.g., 8-bits)
onto the macro and easy combination of the partial results at
the output through bit alignment. As in [10], 9T1C SRAM
cells are used for charge-domain multiplications of input
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activations and model weights implemented on consecutive
columns (Fig. 4). The key difference with [10] is that in-
stead of passive combination of charge on the RBLs using
additional compensation and compute capacitors, this work
uses active charge transfer and combination which improves
signal swing of the output activations. While [11] also uses
DSM concept for CIM, a separate non-reconfigurable ADC
is used for digitizing output activation. During ®1, capacitors
are discharged, while in ®5, MAC outputs from RBLs are
sampled into the output DSM. To combine the RBLs with
appropriate binary weights, multi-cycle charge transfer ($s,
D39, P33) is performed, e.g., the RBL voltage corresponding to
weight of 2 is sampled twice on the feedback cap (P32). Active
analog unity-gain buffers are used to sample RBL voltage on
the corresponding DSM input capacitor. After the multi-cycle
charge-transfer, a strong-arm latch performs 1-bit quantization.

III. MEASUREMENT RESULTS

The test-chip is fabricated in 28nm CMOS (Fig. 5) and
occupies an area of 0.1 mm?. The reservoir consumes 7.2uW
at 31.25kHz while the ANN macro with 30x32-bit SRAM
consumes 12.3uW at 312.5kHz for an OSR of 10 (Fig. 6).
Fig. 6 also shows the in-the-loop training of test-chips that
suppresses chip-to-chip variations due to mismatches. 3 chips
are trained and tested for stress detection from ECG samples
obtained from wrist-worn sensor data [12] and seismic event
detection obtained from proprietary dataset. Fig. 7 shows
accuracy of chip 1 versus supply voltage and for 150 repeated
evaluations at OSR=10 on stress dataset. Compared to [7] ,
the proposed analog RC achieves 2x better energy-efficiency
as shown in Table IIl. The proposed analog neural network
achieves 1:4200x compression for stress data and 1:1400x
compression for seismic data (Table IV). Table V compares
this work with state-of-the-art on-chip mixed-signal feature
extractor and classifiers. This work consumes lower area and
achieves competitive energy-efficiency as state-of-the-art for

similar accuracies thanks to the RC that performs analog
feature extraction with a small area and power consumption.
Table I summarizes these classification accuracies for stress
dataset for 3 test-chips for different OSR. The maximum
accuracy obtained for stress data is 97.7% and average ac-
curacy across all chips is 97.0% with a standard deviation of
1.3% at an OSR of 10. We also conducted cross-chip testing
by training on one chip and testing on the others using the
trained model. The average accuracy drops by 3% when only
cross-chip training data is considered, and training each chip
individually reduces chip-to-chip accuracy variation by 3x.
Similarly, Table II shows seismic dataset accuracies for 3
test-chips for different OSR. The average accuracy of seismic
event detection is 95.8% at OSR=10 and training each chip
individually reduces chip-to-chip variation by 4x.
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Fig. 5. Layout and die photo of 28nm test-chip
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Fig. 6. a) Power break-down of the test-chip b) in-the-loop training of test-
chips for suppressing chip-to-chip mismatches.

A. Conclusion

This paper presented an on-chip machine learning tech-
nique using analog circuits for in-sensor classification that
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TABLE III
COMPARISON WITH STATE-OF-THE-ART RESERVOIR COMPUTERS
[5] [6] [7] This Work

Process(nm) 17 350 65 28
RC neuron e Ring Continuous- Switched-
type spiking Oscillator | time circuits cap
# of neurons 1024 128 50 30
Speed (kHz) - 0.05 40 31.25
Power (uW) 722 0.4 300 7.2%
EnergyMAC 117 5.2 50 2,50
()

*includes ADC power
**each reservoir neuron is considered to perform 3 MAC

TABLE IV
SUMMARY OF TRANSMISSION DATA COMPRESSION

Classification Task Stress Seismic

detection events
RC neurons 20 30
ANN structure 30-1 20-1
Tx data compression ratio 1:4200 1:1400
Classification accuracy™ 97.0% 95.8%

*average of 3 chips at OSR=10

Fig. 7.

evaluations at 0.9V for chip 1 on stress dataset at OSR=10.

TABLE 1
CLASSIFICATION ACCURACY SHOWING SAME-CHIP AND CROSS-CHIP
TRAINING FOR STRESS DATASET

Training chip | Testing chip | OSR=10 | OSR=15 | OSR=20
Chip1l Chipl 96.6 96.6 96.6
Chip2 95.5 95.5 95.5
Chip3 932 94.3 94.3
Chip2 Chip1l 93.6 93.6 93.6
Chip2 96.8 96.8 96.8
Chip3 96.8 96.8 93.6
Chip3 Chip1l 96.6 96.6 96.6
Chip2 932 932 932
Chip3 97.7 97.7 97.7
TABLE II

CLASSIFICATION ACCURACY SHOWING SAME-CHIP AND CROSS-CHIP
TRAINING FOR SEISMIC DATASET

a) Measured accuracy vs supply voltage and b) for 150 repeated

TABLE V
COMPARISON WITH STATE-OF-THE-ART ON-CHIP MIXED-SIGNAL
CLASSIFIERS
ISSCC’22|ISSCC’23[JSSC’19| ISSCC’24 This
[13] [14] [15] [16] work
Process (nm) 28 28 180 180 28
Adaptive Reservoir
Classifier IBDI—\I(IZ\INN sample+ | BNN +?.Z}% tC }I;IIEIN computer
RNN + ANN
Feature . . Time-
Extractor Time-domain Analog domain Analog
Classification | Voice |Keyword| Voice | Arrythmia |Seismic| Stress
task acitivity | spotiing | acitvity | detection | events |detection
# of classes 2 5 2 2 2 2
g;}::;‘ﬁ“am“ 100Hz | 60Hz | 100Hz | 2kHz 312.5kHz
Accuracy (%)| 90.1 92.8 84 98.9 95.8*% | 97.0%
Energyfelass | og 24 100 2 425+ | 1.3+
(nJ)
Chip area 0.8 0.8 2.1 2.9 0.1
(mm<)
*at OSR of 1
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