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Abstract—Deep neural network (DNN) accelerators are
increasingly integrated into sensing applications, such as wear-
ables and sensor networks, to provide advanced in-sensor
processing capabilities. Given wearables’ strict size and power
requirements, minimizing the area and energy consumption of
DNN accelerators is a critical concern. In that regard, computing
DNN models in the time domain is a promising architecture,
taking advantage of both technology scaling friendliness and
efficiency. Yet, time-domain accelerators are typically not fully
digital, limiting the full benefits of time-domain computation.
In this work, we propose an all-digital time-domain accelerator
with a small size and low energy consumption to target precision
in-sensor processing like human activity recognition (HAR). The
proposed accelerator features a simple and efficient architecture
without dependencies on analog nonidealities such as leakage and
charge errors. An eight-neuron layer (core computation layer) is
implemented in 22-nm FD-SOI technology. The layer occupies
70 x 70 pm while supporting multibit inputs (8-bit) and weights
(8-bit) with signed accumulation up to 18 bits. The power dissi-
pation of the computation layer is 576 W at 0.72-V supply and
500-MHz clock frequency achieving an average area efficiency
of 24.74 GOPS/mm? (up to 544.22 GOPS/mm?), an average
energy efficiency of 0.21 TOPS/W (up to 4.63 TOPS/W), and a
normalized energy efficiency of 13.46 1b-TOPS/W (up to 296.30
1b-TOPS/W).

Index Terms—Edge computing, human activity recognition
(HAR), inertial measurement unit (IMU), in-sensor processing,
multiply-and-accumulate multiply and accumulate (MAC), neu-
ral network accelerator, smart sensor interface, time-domain
signal processing.

I. INTRODUCTION

HE development of embedded sensing applications is
crucial to continue advancements in areas such as the
Internet of Things (IoT), autonomous driving, and, more
generally, new usage for connected objects around us.
In particular, sensing and data processing based on inertial
measurement units (IMUs) is a widely used principle in
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Fig. 1. ML applied to HAR [4].

various applications, for instance, in wearables for the gen-
eral consumer market, in biomedical and health monitoring
applications, or in automotive. Many of these applications
are evolving toward sensory systems that combine accurate
sensors with advanced signal processing or machine learning
(ML) capabilities to develop more intelligent sensing systems,
for example, motion or activity recognition. An example is
human activity recognition (HAR), based on smart wearable
sensors [1], [2], which is getting popular for the daily mon-
itoring of health data (sleep and recuperation) and physical
activities [3]. Fig. 1 shows an example of ML applied to
HAR, to classify a range of activities performed by a user
equipped with a wearable [4]. Here, the system starts by
extracting features from the IMU sensors (a gyroscope and an
accelerometer) and dividing them into sliding windows. These
features can consist of, for example, statistical characteristics
of the signal, such as mean, variance, or peak detection. Then,
the obtained features are quantized and fed to a classifier that
detects the current activity.

Optimizing the energy efficiency and the form factor of
embedded sensing systems can be realized with in-sensor
processing, where the sensor device is directly intercoupled
with advanced data-processing capabilities offered by ML,
particularly deep learning and deep neural network (DNN)
models. However, the hard constraints required for the design
of typical low-power tiny wearables necessitate utilizing
highly efficient hardware to execute these DNNs. In this
context, dedicated hardware accelerators are necessary to
execute computation-hungry DNN models. These accelerators
typically focus on executing efficient multiply and accumulate
(MAC) operations, which are at the core of every DNN
computation (i.e., every neuron performs a weighted sum of
its inputs). The MAC operation realized by one neuron is
expressed as

N
MAC:ZX,-W,- (1)

i=1
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where N is the number of connected neurons, X; refers to
each neuron’s inputs, and W; represents the synaptic weights.
In classical processors, the MAC computation is heavily
dominated by memory transfers, as these processors have
separate calculation and memory units. Dedicated accelera-
tors solve this bottleneck by bringing the MAC operation
closer to memory, using Near-Memory Computing approaches,
or directly inside the memory, using Compute-In Memory
approaches [5]. As most DNN inference routines can be
accommodated with low-resolution integer computation of 5-8
integer bits [6], [7], MAC operations can be realized either in
the digital or analog domain, which implies design tradeoffs.
Analog-domain MAC has shown better efficiency than digital
implementations for low bit-width (up to 6-8 bits integer) [8]
but falls steeply for higher bit-widths, due to noise constraints
requiring four times more power per extra bit of preci-
sion [6]. Hence, digital-domain MAC is typically preferred
for resolutions higher than 6-8 integer bits using their lower
susceptibility to noise and better scaling properties. In this
context, similar to other circuit blocks such as ADCs or sensor
interfaces, time-domain implementations of MAC operations
could offer a tradeoff between analog and digital computing
methods. Indeed, time-domain MACs can be implemented
using mostly digital circuits, benefiting from scaling; they
consume less power than digital MACs due to lower switching
activities (thanks to the reduction of digital buses) [9], [10].
Hence, multiple time-based computing methods have been
proposed [11], [12], [13], [14], [15], [16]. Time-based MAC
accelerators to attain energy efficiencies of 10-100 TOPS/W
[11], [12], [16], which are among the best reported for Al
accelerators [17]. However, the time-based nature limits the
throughput of the system to 0.1-5 GOPS, hence time-based
MAC:s are generally suited for applications requiring efficient
computing but lower throughput requirements, for instance,
HAR. Despite these good results, challenges remain in the
development of time-based MAC accelerators. For instance,
most existing implementations are not fully digital and rely
on analog circuits for signal generation. Hence, these blocks
suffer from analog nonidealities, in particular, leakage and
charge errors, which can limit the accuracy of the system.
In addition, they tend toward increasing complexity when
multibit inputs/weights are enabled requiring a relatively com-
plex design of the key components.

To solve these issues, this article presents an all-digital neu-
ral network accelerator that utilizes time-domain approaches
to realize highly efficient multibit MAC operations with no
dependency on analog nonidealities. It consists of an array
of combined eight MAC units §/8/18 (neurons) to act as
the core processing layer in a multilayer perceptron (MLP)
NN for HAR. The UCI HAR dataset [18] is used to ver-
ify the capability of the proposed architecture to process
precision sensing data with a signed accumulation of up
to 18 bits while achieving more than 90% classification
accuracy. The main characteristics of this design are as
follows.

1) A native precision-scalable and multibit support (up to

8 bits), allowing tailor design as per the application’s
needs, thereby saving area and power.
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2) A sequential processing of input features enables the use
of an arbitrarily large number of features for the system
without redesigning the architecture. For this reason, the
output can accumulate up to 18 bits.

3) A simple design and compact footprint to achieve a
state-of-the-art area per MAC for time-based acceler-
ators of 612.5 um?. It relies on a simple design based
on a single clock source in an event-triggered (on-need)
activation. In addition, dynamic frequency scaling can
be deployed for extra power saving at low computation
demands. These features ease the integration of many
cores for parallel in-sensor processing applications.

The proposed circuit is simulated using a 22-nm FD-
SOI technology. The layer only occupies 70 x70 um, and
it dissipates 576 uW at 0.72 V supply and 500-MHz clock
frequency. It achieves an average operation rate of 0.12 GOPS
(up to 2.67 GOPS), measuring an average energy efficiency
of 0.21 TOPS/W (up to 4.63 TOPS/W), and an area effi-
ciency of 24.74 GOPS/mm? (up to 544.22 GOPS/mm?).
It achieves also an average normalized energy efficiency [19]
of 13.46 1b-TOPS/W (up to 296.30 1b-TOPS/W).

This article is organized as follows. Section II discusses
the target application (HAR), including model training, quan-
tization, and optimization. Section III reviews the recent
development of time-domain neural accelerators. Section IV
presents the design objectives and the proposed architecture.
The circuit implementation and simulation results are dis-
cussed in Section V. A conclusion is given in Section VI.

II. TARGET APPLICATION: ONLINE ACTIVITY
RECOGNITION

The proposed accelerator will be evaluated on online
activity recognition applications. These applications require
moderate inference speed (in the order of hundreds of millisec-
onds) but high energy efficiency to be run in the background
of portable devices such as wearables or smartphones. Two
different activity recognition benchmarks will be compared,
the UCI HAR [18] containing six activities, and PAMAP con-
taining 18 output activities [20]. In the following, we highlight
the analysis for the HAR dataset, yet a similar analysis has
been performed for PAMAP and illustrated in Figs. 2 and 3.

A. Human Activity Recognition

The HAR dataset was collected from experiments carried
out with a group of 30 volunteers within an age bracket of
19-48 years. Each person performed six activities (walking,
walking upstairs, walking downstairs, sitting, standing, and
laying) wearing a smartphone (Samsung Galaxy S II) on
the waist. The smartphone’s embedded accelerometer and a
gyroscope were used to capture three-axial linear acceleration
and three-axial angular velocity at a constant rate of 50 Hz.
From these acquired signals, a large number of features can be
extracted with preprocessing blocks, typically involving noise
filtering, applying various time- and frequency-domain trans-
formations, and extracting statistics and other information like
mean, variance, max, and entropy from these signals. These
preprocessing steps are designed to capture the characteristics
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of human activities in a form that is suitable for ML models.
Although many ML models performed well on this dataset,
enhancing the hardware efficiency typically requires heavily
quantized data and computation with integer numbers, with the
constraint of doing the inference in integer hardware. In that
regard, ML models such as decision trees, SVMs, forests, and
regression can have their performance drastically decreased
under heavily quantized weights. On the other hand, neural
networks have shown strong resilience and efficiency after
quantization [21]. Given that the HAR dataset is composed
of time-series data, which are essentially 1-D, classical MLPs
can be aptly suited. MLPs can model relationships in sequen-
tial data effectively without necessitating the spatial context
exploited by 2-D convolutional neural networks (Conv2D) or
more advanced architectures like recurrent neural networks.
In addition, the relative simplicity and lower computational
demands of MLPs make them an efficient choice for HAR.

B. Model Training and Quantization

The HAR dataset is composed of 561 features extracted to
describe the activity window. As detailed earlier, the chosen
model is an MLP computing all 561 input features, where each
neuron necessitates accumulating 561 multiplications. This
accumulation of numerous products leads to substantial growth

IEEE TRANSACTIONS ON VERY LARGE SCALE INTEGRATION (VLSI) SYSTEMS, VOL. 32, NO. 12, DECEMBER 2024

in the dynamic range of intermediate values, up to 16 bits [7].
Various models address this accumulation problem within a
limited-resources context (e.g., a wearable device) [4], [22].
These works highlight that quantizing weights and biases to
lower bitwidths reduces the model’s computational burden, yet
the inference is performed on a 32-bit microcontroller, thereby
setting the maximum dynamic range of intermediate values to
32 bits. This computation bottleneck is solved in the proposed
architecture by performing a successive accumulation of all
the features in a single high-resolution accumulation block,
accommodating a large dynamic range. The accumulator is
the only computation block with higher resolution, as detailed
in Section IV.

The MLP model is composed of an input layer of 561 fea-
tures, one hidden layer with a variable number of neurons
(4, 8, 16, and 32), and one output layer of six neurons for
HAR (one for each activity). The model is initially trained in
Keras and compressed using the TFlite framework to perform
quantization-aware training [23], which converts the pretrained
32-bit floating point (FP) weights to 8-bit integer (INT) values.
In that regard, it has been proved that INTS8 provides a superior
efficiency than FP8 for DNN inference [7]. Quantization-aware
training reduces the memory footprint of the model by up
to 90%, depending on the final NN architecture. From there,
a uniform quantization is done to further obtain the weights
and biases fitting the proposed architecture (4-8 bits).

C. Model Selection

Fig. 2 shows the obtained classification accuracy values for
both HAR and PAMAP benchmarks for various configurations
of the hidden MLP layer (varying number of bits in the
weights and biases for four different neuron configurations).
First, we target to attain 90% accuracy on both benchmarks,
which requires at least an 8-bit quantization of weights and
biases. Then, we evaluate the minimum number of neurons
in the hidden layer, common to both benchmarks, to find
the best compromise between accuracy and computation effi-
ciency around this baseline. For HAR, the best accuracy
is for 16 hidden neurons with 94.3% (32 neurons have a
92.9% accuracy). Using eight neurons, the accuracy drop is
only 0.4%, which we consider acceptable considering the
substantial gain in terms of computations in the hidden layer
(50%). Reducing to four neurons drops the accuracy to 63%
which we considered too low for the application. For PAMAP,
the maximum accuracy in our design space was 90.5% with
32 hidden neurons. This accuracy reduces to 88.3% with
eight neurons, which we consider again acceptable considering
75% less computational load for this layer. Reducing to four
neurons significantly degrades the accuracy to 42%. Fig. 3
shows how the two benchmarks perform with varying numbers
of bits in the hidden layer’s accumulator. The PAMAP dataset
has 243 variables but it still requires a high accumulator
precision, similar to the HAR which had 561 inputs, to prevent
a significant accuracy loss. Hence, the chosen configuration for
both datasets is to use 8-bit weights and biases, eight neurons
in the hidden layer, and 18-bit resolution for the accumulator.
It should be noted that the proposed hardware is fit for this
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application but could be made more generic by integrating
spare hardware neurons.

III. BACKGROUND ON TIME-DOMAIN ACCELERATORS

Time-domain accelerators represent and compute data in the
time domain. A time-based MAC operation can be encoded
in the timing properties of a pulse, such as delay, phase,
or frequency. As such, time-domain computing allows the
representation of multibit data in a single wire, which can
reduce the dynamic power dissipation. Fig. 4 depicts a baseline
time-based architecture, based on a digital-to-time converter
(DTC). The DTC converts multibit digital data (inputs X and
weights W) into a single pulse, acting as an interface between
the digital and time domain. To perform a MAC operation, the
DTC is followed by an accumulation phase, governed by the
output pulse. The signal is converted back to digital using a
time-to-digital converter (TDC).

A. Baseline Time-Based Computing

In basic time-based computing, multibit data can be pre-
sented by pulsewidth modulation (PWM), such that the
pulsewidth represents the magnitude of the data [15], [16],
[24]. Hence, DTC-based processing elements (PEs) are used
to output PWM pulses with a duration proportional to the
inputs or the inputs—weights product (X, W). Thus, a single
PE can perform time-domain multiplication, while cascading
multiple PEs in a chain can carry out addition (accumulation)
as the input pulse propagates through the chain. This process
is expressed as

Tow = Tin + (XiWi1 + XoWo + - - + Xy Wy) AT

N
=T+ (Z X; W,-)Ar 2)
i=1
where Tj, is the duration of the input pulse and At is the DTC
resolution. The PE can be realized in different manners.

1) Single-Bit PE Multiplication: Fig. 5(a) illustrates a first
DTC-based PE implementation [15]. It performs a single-bit
multiplication using a voltage generator and a starved inverter
with cascaded nMOS devices. The voltage generator produces
four distinct voltage levels Vy, Vi, V5, and V3, each increasing
the duration of the input pulse (7;,) by 1Az, 2A7, 3Ar,
or 4At, respectively. One voltage level is selected based on
the digital input (X;) using a decoder. The delay path is only
activated when the binary weight W; = ’1’; otherwise, the
DTC is disabled by skipping the delay path. More delay levels
can be generated by producing more distinct voltage levels or
by cascading more PWM stages with binary weighted loads.
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Fig. 5.  DTC-based processing: (a) DTC-based PE implementation using
PWM circuitry [15]. (b) DTC-based PE implementation using a ladder
inverter [16].

2) Multibit PE Multiplication: To avoid using a voltage
generator and allowing multibit multiplication, Fig. 5(b) shows
a PE using ladder inverters [16], [25]. It relies on the sequential
charging of voun t0 Vous When vy, decreases. vou directly
transits from low-to-high via the pMOS device Py. While
Vout1 transits via pMOS devices Py and P;, thus it can only
transit after the transition of vgy. Similarly, vy, only transits
after vy, and voy transits after voyp. Following the ladder
inverters, a multiplexer is used to map the input—weight
product to one of the outputs and therefore set Ty, with respect
to the rising edge of vjy.

3) Challenges of the basic architecture: The architecture in
Fig. 4 dedicates separate DTC-based PE for each input/weight
pair (spatially unrolled). Hence, it relies on the ability of the
DTC to output accurate absolute delays proportional to the
input or the input-weight product. Utilizing this architecture
for precision applications that require generating many delay
levels (e.g., 255 levels for an 8-bit product) can be tedious
because it necessitates using complex delay calibration and
tuning and/or using larger devices to overcome mismatches
between the PEs, reducing the overall area and power effi-
ciencies. In a trial to overcome this limitation, more advanced
architectures have been presented [11], [12].
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B. Advanced Time-Based Computing

1) Single DTC With GROs: The area efficiency can be
improved by employing a single DTC, with the accumulation
performed in the phase domain using a gated ring oscillator
(GRO) [11], as Fig. 6(a) shows, when the oscillator is enabled
by the DTC output (DTCoyr), its phase ¢ advances by
oln] = ¢ln — 1] + 2w /10)X; W; for a 5-stage oscillator,
otherwise it holds its phase information. The pulsewidth of
DTCgur is proportional to the digital input X;, and the
oscillation frequency is linearly controlled by the weight W;.
To realize continuous accumulation, a counter detects when
the GRO phase returns to 0. The readout logic samples the
GRO phase and the counter output to generate the MAC
operation result. Fig. 6(b) shows how to realize a signed
accumulation by utilizing bi-directional GRO. The output of
the DTC is provided to the forward-direction GRO when the
sign is positive and to the reverse-direction GRO when the
sign is negative. This allows the phase to increment (resp.
decrement) when the sign is positive (resp. negative). In this
case, an up/down-counter detects when the oscillator returns to
its initial state, such that it increments its value in the forward
direction and decrements its value in the reverse direction. This
architecture is very efficient (see Table II), but nonidealities
must be carefully considered, specifically when scaling up. For
instance, leakage and charge-injection errors [26] can degrade
the oscillator phase information. Also, linearly controlling the
oscillator frequency with high bit-width can be challenging.
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Fig. 7. GDL-based MAC [12]. (a) GDL block diagram and modes of

operation. (b) GDL timing diagram.

2) Single DTC With GDLs: To provide a fully digital
implementation, GROs can be replaced with a bi-directional
gated delay line (GDL) [12]. Fig. 7(a) shows that the GDL is
enabled by the DTC output, which allows a signal to propagate
in the GDL (forward or reverse direction); otherwise, the
DL state is preserved by the memory (latch) mode. The
state of the delay line increases/decreases when the signal
propagates in the forward/backward direction by the amount
of the pulsewidth [27]. Fig. 7(b) shows a timing diagram
example. When the sign is positive, the GDL state increases
(’1” propagates in the forward direction). For X; = 4, the
state (thermometer code) increases by the amount of the
pulsewidth DTCoyr = 414: “0000000000” (initial state) to
“1111000000.” When the sign is negative, the GDL decreases
(’0” propagates in the reverse direction). When the signal
reaches the edge of the delay line, a full-scale signal is asserted
to allow the signal’s complement to propagate in a loop
configuration through an inverter. An up/down-counter is used
to detect the full-scale condition. This configuration enables
long-duration time accumulation. In this architecture, no delay
control is implemented. This means that multibit weights are
realized either by utilizing a single delay line with configurable
length sequentially or by utilizing multiple delay lines for each
weight bit to allow parallel operation, which could impact the
area efficiency.
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C. Summary of the Current Challenges

Analog-based implementations are generally achieving
competitive results for low precision of inputs, weights, and
outputs (I/W/O), for instance, 1-8/1/8 precision with calibra-
tion in [15] or 1/3/4 with calibration in [16]. However, to the
best of our understanding, these analog-based implementations
follow a similar trend as described in [6]: when the preci-
sion increases, the efficiency falls steeply with an increasing
implementation cost due to analog nonidealities (matching,
leakage, noise, etc.). Thus, these implementations are typically
targeting low-precision applications. Using analog blocks such
as voltage generators or GROs increases the systems’ suscepti-
bility to leakage, noise, and variations, specifically considering
modern CMOS technologies and high-precision applications.
This may induce computation errors and/or highly increase the
system complexity. Replacing GROs with delay lines allows
for fully digital implementation, but maintains a relatively
high complexity to build multiple proportional delay lines.
Hence, this work targets a more elegant and efficient all-digital
implementation for in-sensor processing applications.

IV. PROPOSED ARCHITECTURE

Fig. 8 depicts the proposed computation layer for the HAR
application (which could be easily adapted to other applica-
tions integrating more neurons). In this section, we present
the original time-based MAC array based on our previous
work [28] and its extension toward a full system.

1) The precision of the TAC is upgraded to support up to

18-bit signed accumulation with 8-bit signed inputs and
8-bit weights (as decided in Section II).

2) Various postaccumulation functionalities integrated into
the neurons including RELU activation, bias addition,
and quantization.

3) The implementation of an SRAM memory, to store all
necessary DNN weights and biases.

A. Time-Domain MAC Circuit

The proposed time-domain MAC architecture [28] is shown
in Fig. 9. The topology has been chosen to enable a simple
and fully digital implementation, which can easily be scaled
according to the needs of in-sensor processing applications.

CONTROLLER

RESET W; SIGN;

I

X DTCour Time
! Accumulator I‘II LsB
A

Fig. 9. Proposed time-based architecture.

It is composed of a DTC which converts 8-bit digital input
X; into a PWM signal DTCoyr, and a time accumulator
(TAC) which uses 8-bit weights W; and a sign bit SIGN; =
1('1"), —1(0") to perform signed accumulation governed by
the DTC. An 18-bit accumulation result Doyt (six most-
significant-bits MSB, and 12 least-significant-bits LSB) is
produced by the TAC state machine. The data required by
the DTC and the TAC (X;, W;, and SIGN;) are provided by
an FIFO (memory macro), while the required control signals
(TRIG and RESET) are provided by a controller (sequencer).

1) Digital to Time Converter (DTC): Fig. 10 shows the
implementation of the proposed DTC and its timing diagram.
As shown in Fig. 10(a), the DTC is composed of a falling-
edge-triggered counter and a digital comparator. A DTC
operation is triggered on need by the TRIG signal, which resets
and enables a counter.

The digital comparator continuously compares the counter
value CNT and the input value X;. As long CNT < X;, the
comparator outputs ”1” (DTCoyr ="1”). Otherwise, it outputs
”0” (DTCour ="0") and activates the HOLD signal to freeze
the counter state and then wait for the trigger of a new
operation.

The timing diagram of the DTC when a sequence of inputs
equal 9, 5, and 7 is applied (these numbers are chosen for
illustrative purposes) is shown in Fig. 10(b). The DTC uses the
clock period T¢rk as its time reference, that is, the pulsewidth
(duration) of DTCqoyr equal to X; x Tcrk.
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Fig. 10. Proposed DTC: (a) DTC block diagram. (b) DTC timing diagram.
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2) Time Accumulator: The proposed TAC is implemented
by the state machine shown in Fig. 11(a). The state machine is
triggered by the clock’s rising edge and it advances when the
DTCgur is high. It can advance bi-directionally based on the
sign of the accumulation SIGN;, while the step size of each
advancement is determined by the weight W;.

If the accumulation contains more states than what is
encoded in the state machine LSB[11 : 0], the number of times
the state machine returns to its initial state in both directions is
tracked by MSBI5 : 0] bits allowing long-time accumulation
as needed (see Fig. 11(a)). A return while the state machine
is advancing in the positive direction (4ve sign) leads to an
increment (MSB+ = 1), and a return while the state machine
is advancing in the negative direction (-ve sign) leads to a
decrement (MSB— = 1). Both the MSB bits and the current
state LSB[11 : 0] represent the result of the MAC operation.

For example, the operations described in (3) are executed as
shown in Fig. 11(b). First, the state machine advances from its
initial state (0) in the positive direction (its value increments)
by a step of 6 as defined by W;. The advancement continues
for 9 clock cycles as defined by X; (DTCoyr pulse duration).
This operation results in an output equal to 54.

Following the first operation, the second operation (X, =5
and W, = 15) is triggered with a negative sign. Therefore,
the state machine advances in the negative direction (its value
decrements) starting from the last state (MSB = 0 and LSB =
54). As shown in Fig. 11(b), the state machine returns to its
initial state while it advances indicating that the output of this
operation is negative. This return is tracked by decrementing
the MSB (MSB = —1). In this case, the output of the operation
is —21.

The last operation (X3 = 7 and W3 = 12) in Fig. 11(b) is
triggered with a positive sign. The resultant advancement in
the positive direction returns the state machine to its initial
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SIGN =1
X, =9

MSB =0 MSB = -1 MSB =0
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Fig. 11. Proposed time accumulator TAC. (a) TAC state machine. (b) Accu-
mulation example. (¢) MAC operation timing diagram.

state leading to a positive output equal to 63. This value is
reserved until a new operation is triggered.

Fig. 11(c) shows the timing diagram of the MAC operation
in (3) obtained by the simulation results utilizing both the
proposed DTC and TAC. Note that having the DTC operating
at the falling clock edge and the TAC operating at the rising
clock edge, makes the architecture immune to time domain
nonidealities like jitter and skew

97 (+)06
X.SIGN)W = |5 || ()15
71| (12

(54 —75) + 84 = —21 4 84 = 63. 3)
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Fig. 12. Operation rate versus input and clock frequency.

B. Determination of the Operation Rate

In the proposed architecture, the necessary time 7 to
perform 2N operations (MAC) depends on the clock frequency
1/TcLx and the absolute values of the inputs abs(X;). T can
be determined as

N
T = Zabs(xi)TCLK + 2Tcik
-1

x~ (Xavg TCLK + 2TCLK) x N. (4)

Here, Xay, X TcLk represents the average time required by
the DTC (per MAC operation) while +27¢1x represents the
controller overhead.

Similarly, the operation rate R is a function of the input X;
can be determined as follows:

2N 2
R=—=x~ . 5)
T (XaeTok + 2Tcix)

Fig. 12 shows the operation rate R in GOPS as a function of
the average input X,, at different clock frequencies. A larger
operation rate is obtained for lower input values and higher
clock frequency. Also, employing more computation cores for
the same number of operations increases the operation rate
further.

C. Postaccumulation Functionalities

As shown in Fig. 8, the input vector [xi, X7, ...Xs61] 1S
applied sequentially (one-by-one) to the eight-neuron compu-
tation layer (the hidden layer in a two-layer neural network).
For each signed input X;, a vector of unsigned weights
[wi1, wia, ... w;g] and a vector of sign bits [s; 1, i 2, ... Sig]
is applied to neuron 1 to neuron 8, respectively. Here, the
sign of the accumulation is determined by an XNOR gate (see
Fig. 8). If the sign bit and the extracted sign of the input are
the same (e.g., both are negative or both are positive), positive
accumulation is carried out (the state machine advances in the
positive direction). Otherwise, negative accumulation is carried
out (the state machine advances in the negative direction).
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Similarly, the biases [by, by, ... bg] are applied to the neu-
rons in the last operation (zero biases are applied for other
operations).

As shown in Fig. 8, the 18-bit accumulation result is
quantized by level shifting (<-2°=19). Then, the quantized 8-
bit outputs of the hidden layer can be applied directly to the
output layer which requires six neurons for the activities to
be classified (walking, walking upstairs, walking downstairs,
sitting, standing, and laying).

1) FIFO Using SRAM Array: As described in Fig. 9, the
proposed architecture requires a first-in-first-out (FIFO) or
a memory macro to store the application data as needed.
An array of 6T SRAM is implemented for this purpose. Using
SRAM leverages its unique architectural characteristics for
high-speed data processing and low power consumption, for
example, its quick access times, making it an ideal implemen-
tation choice for low-power applications that require fast data
enqueueing and dequeuing. For our application, the SRAM
occupies 180 x97 um, and it operates at frequencies up to
712MHz.

2) SRAM and Input Control: The memory and input
sequence are controlled by an additional finite state machine
(FSM). The FSM starts setting up the initial SRAM address in
its idle state. Then, the controller generates the TRIG signal to
trigger the DTC and perform a signed accumulation (governed
by the DTC output pulse). The controller acknowledges the
end of the ongoing accumulation by detecting the falling
edge of the DTC pulse. A new operation is then initiated
by generating the TRIG signal. This process is shown in
Fig. 11(c), where the input values are applied sequentially,
and the TRIG signal is generated following the falling edge
of the DTC output (DTCqyr) initiating a new operation.

For each operation, the FSM progresses through states
to read the 8-bit input data, weights (64-bit, 8-bit for each
neuron), and biases, incrementing the SRAM address for each
step. The read data is then pushed to the accelerator for
processing. Afterward, the FSM waits for the accelerator to
complete the processing, to either loop back for more inputs
or to proceed to write processed data back into the SRAM.

These cycles repeat until all data is processed, culminating
in a cleanup phase that resets the system, making it ready
for the next computation. In this way, the FSM ensures the
sequential processing of data from reading, to processing, and
writing back in a controlled manner.

V. SIMULATION RESULTS

The eight-neuron computation layer only occupies
70 x 70 um, and it dissipates 576 uW at 0.72-V supply
and 500-MHz clock frequency. In this case, the equivalent
area of a single neuron is 612.5 wm?, which is the smallest
compared to other time-based architectures. This allows the
possibility of utilizing a large number of neurons even in
area-constrained applications, to enable more parallelism and
increase the system’s throughput.

As the accumulation is time-based, the operation rate of the
eight-neuron layer depends on the clock frequency and the
value of the sum of the magnitude of the inputs. Higher clock
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Fig. 13. Outputs of the computation layers. (a) Outputs of the hidden layer.

(b) Outputs of the output layer.

frequency and low values can lead to higher operation rates
(see Fig. 12).

A. Performances of the Proposed Architecture

The computation layer is characterized at 500 MHz and
around the average value ~64 of the input (magnitude) range
(0-128). Fig. 13 shows the RTL behavioral simulation of the
hidden and output layers to verify the quantitative outputs of
the TAC (signed 18-bit) and the final quantized outputs (signed
8-bit). The time taken for the hidden layer to output the quan-
tized final results in this test scenario is ~105 us (52 813 clock
cycles). While for the output layer, ~746 ns (373 clock cycles)
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TABLE I
POWER DISSIPATION VERSUS CLOCK FREQUENCY

Clock Frequency (MHz) | Power Dissipation (uW)

0.1 22.84

1 22.80

10 28.42
100 118.8
200 220.0
500 576.0
700 832.7

is required. The number of required clock cycles and operation
rate given are extracted from the timing diagrams, and they
can be determined from the formulas given in (4) and (5). The
highest rate is recorded for binary inputs with a unity average.
Note that the operation rate dependency on the clock frequency
allows deploying dynamic frequency and voltage scaling at
low computation demands for power savings. Table I shows
the average power dissipation (tool extracted) at 0.72-V supply
versus the clock frequency. We have included an extraction at
100 kHz operating frequency to match the settings used in [29]
and provide a fair power consumption estimation. Note that
below 10 MHz, the leakage dominates the power dissipation.

Since the performance is dominated by the hidden layer due
to a large number of required operations, a single eight-neuron
layer can be utilized for both the hidden and output layers
in a temporally sequential manner. Only five operations are
performed by the output layer with six neurons (two neurons
will be idle).

Given this configuration, the computation layer achieves
an average operation rate of 0.12 GOPS (up to 2.67 GOPS),
average energy efficiency of 0.21 TOPS/W (up to
4.63 TOPS/W), and area efficiency of 24.74 GOPS/mm? (up
to 544.22 GOPS/mm?). Its normalized energy efficiency [19]
is 13.46 1b-TOPS/W (up to 296.30 1b-TOPS/W). While
the normalized and scaled area efficiency is 1583.36
1b-GOPS/mm? (up to 18963.2 1b-GOPS/mm?).

If the accumulation number of bits is considered in this
metric, the normalized efficiency will increase 18 times. To the
best of our knowledge, the proposed circuitry achieves one of
the highest recorded accumulation ranges.

Moreover, thanks to the simplicity of the design, it can be
easily tailored to offer precision scalability as per the applica-
tion needs, thereby saving area and power. In addition, other
configurations can be easily implemented to target various
applications by integrating more neurons, or by utilizing more
computation layers.

B. Comparison With Existing Time-Based Architectures

A comparison with the state-of-art is conducted in Table II.
Based on the comparison, the key features of the proposed
architecture can be summarized as follows.

1) The architecture has no dependency on analog and
time-domain nonidealities, and it has an all-digital
implementation allowing more reconfigurability and eas-
ier integration into other digital circuits.

2) The proposed architecture achieves good precision by
supporting multibit inputs (8-bit), weights (8-bit), and
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TABLE II
COMPARISON OF STATE-OF-THE-ART TIME-BASED MAC ARCHITECTURES

| JSSC’19 [11] | JSSC’20 [12] | ISSCC’19 [13] | JSSC’22 [14] | OJCAS’23 [16] | This work

Process 28 nm 40 nm
All-Digital Imp. NO YES
Domain Phase Time

Clock frequency (MHz) - 25
Power Dissipation (uW) 60.73 30.17
Supply Voltage (V) 0.7 0.537
Precision (I/W/O) 8/8/8 4/1/8

Area per MAC (um?) 960 124x103

Operation Rate (GOPS) 0.78 0.365
Energy Effic. (TOPS/W) 12.4 12.08
Norm. Effic. (1b-TOPS/W) 793.6 48.32
Area Effic. (GOPS/mm?) 1300 2.94
Norm. Area Effic. (1b-GOPS/mm?2) * 125243.11 32.42

65 nm 65 nm 65 nm 22 nm
NO NO No Yes
Time Hybrid Time Time

1x1073-15 2.12-90 - 500

0.3-34 126.72 697 576

04-1 0.7 - 1.1 1.2 0.72
3-8/3-8/- 4,7/4,7/16 1/3/4 8/8/18
200x10% 2000 ~5025 612.5

2.73x1073 5.98 4.03 ¢ 0.12

9.1 47.19 116 0.21

81.9 755.04 208.8 13.46

1.36 x1073 21.81 20 24.74
0.54 2191.42 376.79 1583.36

“Normalized to 1 neuron throughput

1 node?
bNormalized 1-b Area Efficiency = Area Efficiency (TOPS/mm?) x No. of input bits x No. of weight bits x (1 + 80%) %82 C22nm)? assuming 80% area

improvement per technology node

outputs (18-bit). Also, the precision can be tailored
based on the application requirements.

3) The eight-neuron computation layer achieves an average
operation rate of 0.12 GOPS and an average energy
efficiency of 0.21 TOPS/W (13.46 1b-TOPS/W).

4) The equivalent area of a neuron is 612.5 um? which
considered among the smallest implementations. The
eight-neuron computation layer achieves an area effi-
ciency of 24.74 GOPS/mm? (1583.36 1b-GOPS/mm?).
Note that, the normalized area efficiency in Table II is
scaled with respect to the 22-nm node (see [30] for better
insights).

5) The architecture utilizes a single-clock source, with an
operation rate proportional to the clock frequency. Using
high clock frequency leads to relatively high power
dissipation. Therefore, the proposed architecture fits well
with applications that do not require high operation rates
like smart IMU sensors.

C. Comparison With Other Activity Recognition
Implementations

To provide more comparison points with implementations
using activity recognition, we evaluated our approach against
state-of-the-art microcontroller units (MCUs) and custom
ASIC implementations targeting HAR. Regarding accuracy,
state-of-the-art MCU implementations reported for HAR are
92.3% for UCI HAR and 93.1% for PAMAP [4]. ASIC
designs improved this accuracy using additional sensors and
processing, achieving 95% on HAR [29]. Our implementation
achieves 93.9% for UCI HAR and 88.3% for PAMAP, with
standard data processing, which is competitive with state-of-
the-art accuracies. Regarding power, the DNN classifier used
in the digital ASIC implementation in [29] achieved 10 uW
power consumption at a 100-kHz frequency and 1-V power
supply. In comparison, Table I reports the estimated power
dissipation for various clock frequencies, showing that under
1-MHz frequency, leakage dominates the overall power dissi-
pation, at 22.8 uW. This difference is due to the technology
node (65 versus 22 nm). Yet, the proposed circuit can achieve

TABLE III
COMPARISON IN TERMS OF HAR ACCURACY
Ref. [4] [29] This Work
Implementation Microcontroller | ASIC ASIC
PAMAP Accuracy 93.1% - 88.3%
HAR Accuracy 92.3% 95% 93.9%

significantly higher frequency operation (700 MHz), opening
the possibility of heavy duty-cycling to reduce the general
power consumption.

Table III summarizes the achieved accuracies in HAR-
related work.

VI. CONCLUSION

This article presents a time-domain neural network archi-
tecture that targets in-sensor processing applications. The
proposed 8-neuron computation layer computes sequen-
tial inputs and supports a signed accumulation of up to
18 bits. A single clock is required allowing dynamic fre-
quency and voltage scaling for configurable performance
demands and power savings. Moreover, the architecture’s
small sizes and low complexity allow for utilizing a large num-
ber of neurons even in small chips to enable more parallelism
and increase the throughput. The architecture has an all-digital
implementation that benefits from technology scaling and it
has no dependency on analog nonidealities allowing easy
integration into other on-chip digital circuits. These features
make the proposed accelerator suitable for precision sensing
applications, adding advanced capabilities with low cost to the
next-generation smart sensors.
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