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Abstract—We present a sub-10-uW fully integrated SoC for on-
device spoken language understanding (SLU). Its analog feature
extractor (FEx) applies global and per-channel automatic gain
control (AGC) to extend the system’s dynamic range (DR)—a
critical requirement for real-world scenarios, including far-field
operations. The on-chip streaming-mode recurrent neural net-
work (RNN) accelerator exploits temporal sparsity and pooling,
reducing its power by 2.3X. By combining hardware-aware
training with a behavioral model of the FEx that captures circuit
nonidealities, the network is trained to maintain SLU accuracy
despite chip-to-chip variation. Fabricated in a 65-nm CMOS
process, the SoC occupies 2.23 mm? and consumes 8.62 uW for
end-to-end SLU. The 16-channel FEx achieves 93-dB DR while
dissipating 1.85 yW at 100-Hz feature frame rate. The SoC
is evaluated on the 32-class Fluent Speech Commands dataset
(FSCD), achieving 92.9% accuracy for 2.8-mV,,s inputs while
maintaining >85% accuracy over a 75-dB input range.

Index Terms—Automatic gain control (AGC), edge artificial
intelligence (AI), feature extractor (FEx), hardware—software
co-design, recurrent neural network (RNN), spoken language
understanding (SLU), tiny machine learning (TinyML), ultra-low
power, voice interface.

I. INTRODUCTION

HE recent trend of edge artificial intelligence (Al)

designs sees an increasing number of functionalities
being integrated into Internet of Things (IoT) nodes and
wearable devices for applications such as always-on health
monitoring and smart home automation [1]. Of these func-
tionalities, adding a voice interface to edge devices is useful
because it provides a hands-free means of user interaction [2].
However, the limited system power budget of these battery-
powered devices poses a challenge for adding new features.
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On-device voice interface
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Fig. 1. Audio classification tasks for on-device voice interface.

A typical smart ring, for example, has a battery capacity of
20 mAh and a target battery life of one week, setting a total
system power budget of less than 450 uW. The stringent
power requirement has led to growing research interest in
developing application-specific integrated circuits (ASICs) for
on-device voice interface [3], [4], [5]. Fig. 1 shows typical
lightweight audio classification tasks for an on-device voice
interface. voice activity detection (VAD) designs [6], [7],
[81, [91, [10], [11], [12], [13], [14] distinguish speech from
non-speech using frame-level context of tens of milliseconds.
The more complex keyword spotting (KWS) designs [15],
(161, [17], [18], [19], [20], [21], [22], [23], [24], [25], [26],
[27], [28], [29], [30], [31], [32], [33], [34] detect one or
a few keywords using word-level context of hundreds of
milliseconds. Both VAD and KWS can serve as wake-up
stages to activate the more expensive and power-consuming
on- or off-chip speech processor. Our recent always-on spoken
language understanding (SLU) design [5] aims to infer user
intent directly from continuous speech. It utilizes sentence-
level context of several seconds to support the detection of
more than 30 user intents from an SLU dataset [35]. In
addition, end-to-end audio-to-intent classification eliminates
the use of more power-consuming general-purpose automatic
speech recognition (ASR) processors [36], [37], [38] and
natural language understanding (NLU) engines [39], [40] for
low-power edge applications.

Fig. 2 depicts the major processing stages of an on-device
SLU system. The microphone output is fed to a feature
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Fig. 2. Processing stages for an on-device SLU system.

extractor (FEx), which produces a feature map representing
the time-varying spectral components. A deep neural network
(DNN) classifier then processes the feature map to produce
the score for each intent. Both the FEx and the DNN classifier
pose several design challenges for realizing an ultra-low-power
system-on-chip (SoC) for SLU, as explained next.

A conventional digital FEx consists of a cascade of ampli-
fiers, an analog-to-digital converter (ADC), and a digital signal
processor (DSP). The digital waveform sampled at Nyquist
rate (typically 8-16 kHz) is processed by the DSP using fast
Fourier transform (FFT) and frequency-domain filtering to
obtain the spectrogram features. However, due to the relatively
high ADC sampling rate and large number of DSP operations,
the digital FEx accounted for more than 50% of the SoC
power in prior designs [21], [27]. For speech understanding,
the typical audio feature frame shift is between 10 and 20 ms
[21], [22], corresponding to a frame rate of 50—100 Hz, which
is much lower than the sampling rate of the raw waveform.
Therefore, an analog FEx with direct analog-to-feature con-
version can be employed to reduce feature extraction power
[61, [71, [8], [91, [15], [16], [17], [18], [19]. However, due to
the analog circuit nonidealities such as transistor mismatch,
electronic noise, and large-signal distortion, prior designs
only demonstrated VAD or KWS on a limited (<15) number
of classes and sometimes required a costly off-chip DNN
classifier to compensate the FEx nonidealities [18], [19].
In addition, real-world applications require the FEx to have
an input dynamic range (DR) of at least 60 dB [41] due
to the varying speech volume and speaker distance to the
microphone. This large input DR has not been achieved yet
by previously reported analog FEx.

SLU requires a DNN capable of processing long, variable-
length contexts. In addition, since the start and end of a spoken
sentence are unknown a priori, the model should operate in
streaming mode to process input continuously. Convolutional
neural network (CNN), widely used for KWS [32], [34], have
a fixed context length and require extra activation memory
for processing long contexts. The Transformer [42] is a
powerful architecture for sequence modeling, but its self-
attention module is not suitable for streaming operation. In
contrast, gated recurrent neural network (RNN) using long
short-term memory (LSTM) [43] or gated recurrent unit
(GRU) [44] encodes an input temporal sequence into fixed-
size hidden states, enabling them to process a theoretically
unbounded context window while supporting streaming input.
Yet, realizing ultra-low-power RNN is difficult due to the
memory-intensive matrix-vector multiplication (MVM) and
limited activation sparsity [45]. Therefore, algorithm-hardware
co-design is required to reduce energy consumption while
retaining SLU accuracy.
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To address the aforementioned design challenges, in this
work, we describe the first fully integrated SoC for on-device
SLU, extending upon our conference paper [5]. The mixed-
signal ASIC demonstrates sub-10-yW end-to-end user intent
understanding with continuous speech input, achieving 92.9%
accuracy for 32-class SLU on the Fluent Speech Commands
dataset (FSCD) [35]. It also maintains >85% accuracy over
a 75-dB input range. The SoC interfaces directly with an
ultra-low-power single-ended (SE) micro-electromechanical
systems (MEMS) microphone [46], simplifying system inte-
gration. Our design is enabled by the following technical
contributions.

1) An analog FEx with integrated global and per-channel
automatic gain control (AGC). It achieves the highest
reported DR and state-of-the-art Schreier figure of merit
(FoM) [17], [19].

2) A Python-based behavioral model of the FEx that
incorporates analog circuit nonidealities. By combining
the FEx behavioral model with hardware-aware train-
ing (HAT), our SLU model is trained without costly
chip-in-the-loop training.

3) A temporal-sparsity-aware RNN accelerator operating
in streaming mode. By exploiting fine-grained temporal
sparsity and temporal pooling, digital power is reduced
by 2.3x.

The rest of this article is organized as follows. Section II
describes the SoC’s architectural design, encompassing the
analog FEx and its behavioral model, as well as the algorithmic
optimization for the RNN. Section III details the circuit imple-
mentation of the SoC building blocks. Section IV presents the
measurement results for both the building blocks and the final
end-to-end system. Section V concludes this article.

II. SOC ARCHITECTURE AND ALGORITHMIC
OPTIMIZATION

Fig. 3 illustrates the overall architecture of the SLU SoC,
consisting of an analog front end (AFE) and a digital backend
(DBE). The AFE is driven by an off-chip SE microphone
and directly converts this analog input into 16-channel digital
features (Dapg) using an analog FEx (see Section II-A). The
per-channel features represent the instantaneous log amplitude
within a particular frequency band. The feature frame rate
is 100 Hz and each Dapg value consists of 8 bits. An FEx
behavioral model (see Section II-B) is developed in Python
for generating features for network training. It also models
the nonidealities of the FEx. Together with HAT, the SLU
network is trained to maintain SLU accuracy and to withstand
chip-to-chip variations without using costly chip-in-the-loop
training. The DBE sequentially processes the incoming stream
of feature frames and produces an output stream of per-class
probabilities. It employs a temporal-sparsity-aware A-GRU
network (see Section II-C) and a training pipeline tailored for
streaming-mode operation (see Section II-D).

A. Analog FEx

Speech understanding in natural environments requires a
wide DR of more than 60 dB [41], which poses a significant
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Fig. 3. Architecture of the sub-10-4W mixed-signal SLU SoC, including an AFE and a DBE.

challenge to realize low-power FEx. Lookup table (LUT)-
based logarithmic compression has been applied in prior
designs [17], [27] to allow the features to encode a wider
range using the same number of bits. However, the FEx’s DR
is still limited by the analog circuits preceding the logarithmic
LUT.

The wide DR of over 120 dB in human hearing is enabled
through two AGC mechanisms [47]: first, global AGC by the
acoustic reflex of the middle ear, and second, local AGC by
the outer hair cells of the biological cochlea. Global AGC
acts on all spectral components of sound, while local AGC
acts on individual frequency bands. Previous silicon cochlea
designs [48], [49], [50], [51] have implemented various AGC
mechanisms with continuously tunable gains using only analog
circuits, and some designs [48], [49], [50], [51] also imple-
mented cross-channel coupling to model the lateral inhibition
phenomena in the auditory system. However, these designs
[48], [49], [50], [51] required high power (4.5-100 uW) per
channel. More recent analog FEx designs [19], [52] adopted
capacitively coupled amplifiers with discrete tunable gain
levels due to their better power efficiency but relied on an
off-chip digital controller.

In this work, we combine logarithmic compression with
both global and per-channel digitally assisted AGC to realize
a low-power FEx with a wide DR. As shown in Fig. 3, the
microphone signal is first amplified by a low-noise amplifier
(LNA) and then decomposed into different frequency channels
through a bank of 16 bandpass filters (BPFs). The central fre-
quencies of the BPFs are equally spaced on a logarithmic scale
from 100 Hz to 8 kHz. Within each channel, a programmable-
gain amplifier (PGA) further amplifies the bandpass filtered
signal. Thereafter, an amplitude extractor extracts the PGA
output amplitude, digitizes it every 10 ms with an ADC,
and then log-compresses the ADC output via an LUT. As a
result, the amplitude extractor output (Dy og) represents the log
amplitude of its channel. The LNA and PGA gains are set by
their individual AGC feedback loops. The per-channel AGC
loop reuses the amplitude extractor after the PGA, while the
global AGC loop requires an additional amplitude extractor to
monitor the LNA output. The feature normalizer subtracts the
logarithmic gains of the LNA (Kyna) and PGA (Kpga) from
D1 oG, resulting in the final features, Dafpg.

PGA Amplitude Extractor /’ RNN Accelerator Action
- s A-Encoder) ( Output Buffer f
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X: Addr ( ( ( Object
| §55
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Fig. 4. Simulated SLU accuracy of the analog FEx with AGC versus
conventional digital FEx with various ADC resolutions.

To compare the DR of our analog FEx with that of a
conventional ADC+DSP digital FEx, we train an RNN model
(see Section II-D) using simulated features from each FEx
and evaluate SLU accuracy across different amplitudes. The
analog FEx features are computed using the behavioral model
presented in Section II-B, while the digital FEx features are
obtained by quantizing the waveform samples at the selected
bit resolution and applying a standard log-Mel filterbank [27].
No AFE circuit nonidealities are included in either case except
for quantization. The evaluation results are shown in Fig. 4.
Thanks to AGC and analog signal processing, our analog
FEx achieves comparable accuracy and input DR to a digital
FEx with a 16-kS/s, 16-bit ADC while using only 0.1-kS/s,
8-bit ADCs in the amplitude extractors. In terms of power
consumption, a state-of-the-art 5-kHz-bandwidth 16-bit ADC
[53] already consumes 4.5 W without including the power
for decimation filter and FFT engine, while our analog FEx
with AGC only consumes 1.85 uW (see Section IV-A). Note
that the ADC resolution is at least 16 bits [54] for digital FEx
used in far-field applications, where the speaker-to-microphone
distance is beyond 1-2 m [55].

B. Python-Based Behavioral Model

Analog signal processing using transistors is prone to circuit
noise, large-signal distortion, and device-to-device mismatch.
These nonidealities may impair the quality of the extracted
features, leading to an unacceptable accuracy drop in the
downstream algorithm. Reducing these circuit nonidealities
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No circuit nonidealities were included in the shown features.
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Fig. 6. Workflow for modeling analog circuit nonidealities via Python-based
behavioral model and training DNN models resilient to nonidealities by HAT.

typically requires increasing the bias current, supply voltage,
and/or circuit area of the amplifiers and filters. To address this
power—area—accuracy tradeoft, it is therefore critical to develop
a behavioral model for verifying the degree of nonidealities
that can be tolerated by the design for a given task. The model
can also be used to explore the extensive design space of the
analog FEx.

To this end, we have developed a custom Python-based
behavioral model of the analog FEx to convert dataset record-
ings into simulated FEx features. It employs simplified models
for the circuit blocks shown in Fig. 3, including amplifiers,
filters, amplitude extractors, and gain controllers. Fig. 5 shows
the close similarity between simulated features from the
behavioral model and those obtained from transistor-level
Spectre simulation, even though its simulation time is lower
by five orders of magnitude. The cosine similarity between
the Spectre- and Python-simulated features, computed using
the 16-D feature vectors per frame, is greater than 0.98. The
Python model can be easily parallelized, allowing large-scale
datasets to be converted within a reasonable time.

To address analog circuit nonidealities and avoid costly
chip-in-the-loop training after fabrication, we employ the
hardware—software co-design workflow shown in Fig. 6. The
dataset recordings are fed to the behavioral model, which
incorporates nonidealities in the signal chain. The parameters
of the nonideality models [see Fig. 7(b)] are extracted from
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transistor-level simulation of the schematic designs using
Spectre. The simulated features with nonidealities are then
used to train the DNN model. Depending on the SLU accuracy
of the trained model, we either relax or tighten the spec-
ifications of analog circuits (e.g., noise and offset), adjust
the schematic design accordingly, and perform the circuit
simulations again to extract the nonideality parameters. This
iterative process is repeated until all circuit specifications are
satisfied by the schematic designs and the SLU accuracy
requirements are fulfilled by the DNN trained with nonideal
features. After the chips are fabricated, the model weights
are directly ported to the accelerator without modification.
With HAT, the DNN is able to maintain good classification
accuracy across fabricated chips during measurement without
requiring expensive chip-in-the-loop training, as reported in
Section IV-B.

The feature generation process for HAT is shown in
Fig. 7(a). For each clean audio recording of the dataset, we
apply data augmentation (see Section II-D) and feed the
augmented waveform to the Python-based behavioral model
to generate simulated features. The nonideal features are then
processed by the DNN (see Section II-C) along with the
corresponding groundtruth intent to calculate the loss function
and output score (see Section II-D). Prior works [7], [56]
also modeled nonidealities in software. However, the nonideal
features were used only for evaluation but not during training
[7], or the results were limited to simulations [56]. Here,
we trained the network with simulated nonideal features and
achieved a higher accuracy on measured hardware features.

Fig. 7(b) shows the nonideality models of the analog
circuits, covering both deterministic effects such as signal
clipping and large-signal nonlinearity, as well as stochastic
effects such as noise, offset, gain error, and bias current
mismatch. Mismatch-induced effects, including offset, gain
error, and BPF center frequency variation, are sampled per
recording, while the noise of the amplifiers and comparators
is sampled per simulation time step. Regarding large-signal
distortion, the output clipping of the amplifiers is modeled
using simple thresholding, while the nonlinearity of the BPF
(see Section III-C) is modeled using a set of nonlinear ordinary
differential equations (ODEs) derived from nodal analysis. The
I-V characteristics of the subthreshold transconductors (G,,
cells) of the BPF are modeled using the hyperbolic tangent
function.

Another important class of analog circuit nonidealities is
process, voltage and temperature (PVT) variations. While
noise, mismatch, and distortion mainly limit the precision
of the circuits, PVT variations could have a more detrimen-
tal effect, potentially altering the bias point and affecting
the correctness of the circuits. Therefore, instead of using
behavioral modeling and HAT to counteract PVT variations,
we apply multiple circuit techniques to directly improve the
PVT robustness of the circuits: 1) using replicate biasing with
local feedback to address process variation; 2) adopting fully
differential topology to enhance supply noise rejection; and
3) integrating on-chip proportional to absolute temperature
(PTAT) current source to ensure constant transconductance
(in weak inversion) across temperature. Further details are
provided in Section III.
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Section II-D) followed by the Python-based behavioral model (see Section II-B). Circuit nonidealities are extracted from a transistor-level Spectre simulation.
(b) Ideal analog circuits and the corresponding Python model with nonidealities.

C. Temporal-Sparsity-Aware RNN

Biological neurons operate in an event-driven manner,
remaining largely inactive until their membrane potential
exceeds a certain threshold, at which point they emit a
spike. This threshold-triggered firing results in sparse and
efficient communication in the brain. Inspired by this event-
driven behavior of biological neurons, spiking neural networks
(SNN5s) encode information in binary spikes, allowing neurons
to fire only when necessary. While promising for ultra-low-
power computation, SNNs are typically limited by their binary
activations and non-differentiable nature, making them less
compatible with gradient-based deep learning workflows. To
combine the biological efficiency of sparse updates with the
practicality of deep learning, temporal-sparsity-aware RNNs
introduce a similar thresholding mechanism into conventional
RNN architectures. Unlike SNNs, they retain multi-bit acti-
vations and remain fully differentiable, making them more
practical for existing deep learning frameworks.

A representative model within this paradigm is the
A-GRU [45], [57], [58], [59], which builds on standard GRU
by incorporating a threshold (Ay) on the temporal changes,
reducing computational complexity while preserving inference
accuracy once trained properly. Standard gated recurrent unit
(GRU) cells, characterized by update and reset gates, con-
tinuously recompute their hidden activations irrespective of
the magnitude of changes between time steps. In contrast,
A-GRU selectively updates its states only when changes sur-
pass Ay, thus exploiting the temporal sparsity inherent in many
sequential inputs.

The mathematical formulation begins by defining the thresh-
olded vectors for T-step-Dj,-dim input activation sequence
xi € X={x, € RPn|t=1,...,T} and T-step-Dpq-dim hidden
activation sequence hj, € H = {h; € RDPwa | ¢ = 1,...,T)} as
follows:

o VX X = i1l = An
Xit = 3y . ~
Rirts xip = Rigm1l < A
. h; his—hi gl > A
PR L2 |hjs = hjs1] = Am 0

Jit 2 7
i1, hje—hj1] < Ap

where i and j represent the input and hidden neuron indices,
respectively. The A-activations are then computed from the

chen
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Fig. 8. First-layer GRU activations and the corresponding sparse A-activations
(with Ay, = 0.125) in response to a spoken sentence. Darker color indicates
larger absolute value.

thresholded vectors X; and B,

Ax; =%, - %1, Ah;=h;—h, ;.

2)

A-GRU updates its internal memory states (M,.;, M,,;, and
so on) based on these A-activations, cumulatively preserv-
ing previous computational efforts and updating only when
necessary

Mr,t = W, Ax; + W, Ah,_; + Mr,t—l
Mu,t = quAXt + WhuAht—l + Mu,t—l
ch,z = W, Ax; + ch,t—l

My, = WicAhp g + Myerg. 3

Subsequently, the gates and hidden activations are updated
through sigmoid (o) and hyperbolic tangent (tanh) activations

=0 (MVJ) > W=0 (M”J)
¢, = tanh (M, + 1, © My)

h=(1-uw)oc,+u,0h,. “)

The theoretical speedup of A-GRU is quantified by the
proportion of computations skipped via A-activation sparsity,
which is demonstrated in Fig. 8. The top panel shows the GRU
first-layer activations for a spoken sentence, while the bottom
panel illustrates the significantly sparser updates triggered by
a threshold of Ay = 0.125. By incorporating the thresholding
mechanism during training, A-GRU achieves a significant
reduction in computational cost with negligible accuracy loss
(see Section IV-B).
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amplitude Apy. Results from global AGC behavioral model.

In this work, a custom A-GRU accelerator is implemented
and tightly integrated with the FEx in the SoC. As shown
in Fig. 3, it first normalizes the 16-D Dagg every 10 ms,
then performs the SLU classification task through a two-layer
A-GRU network with 64 neurons per layer [see Fig. 7(a)].
A fully connected (FC) layer then outputs the probabilities
of up to 32 classes. All inputs, intermediate activations, and
weights are quantized to 8 bits via quantization-aware training
(QAT), enabling storage of the entire model’s weights in 48 kB
of on-chip weight memory (WMEM). The implementation
details of the accelerator are provided in Section III-D.

D. Streaming-Mode SLU

Our SLU model is trained and evaluated using the publicly
available FSCD [35], which consists of 19 h of 16-kHz,
single-channel recordings from 97 speakers. Each record-
ing contains a spoken English sentence for controlling a
smart home device. Every sentence corresponds to one of
the 31 possible user intents, each comprising an action, an
object, and a location. As an example, for the sentence
“Increase the temperature in the kitchen,” the correspond-
ing action, object, and location are “increase,” “heat,” and
“kitchen,” respectively. Each intent can be expressed with
various sentences. For example, both “Lights on in the
washroom” and “Bathroom lights on” express the same
intent ““activate”+“lights”+“washroom/bathroom.” There are
248 different sentences in total.

We apply the data augmentation pipeline shown in Fig. 7(a).
First, the clean speech recordings from FSCD are mixed
with noise recordings using signal-to-noise ratio (SNR) values
between 5 and 30 dB. Then, the signal is convolved with a
room impulse response (RIR) to model the reverberation. The
noise recordings and RIRs are randomly selected from the
OpenRIR dataset [60]. Finally, the amplitude of the noisy-
and-reverberant speech is randomly chosen from 8.9 Vi
to 0.28 V., corresponding to 30-120-dB sound pressure
level (SPL) assuming a microphone sensitivity of —37 dBV
(ICS-40310 [46]).

To enable streaming intent classification, we train the
A-GRU model (see Section II-C) using the connectionist
temporal classification (CTC) loss [61] for 500 epochs. It

e MMM
FWRIN \ /-\ /
Ideal \/

FWR OUT > ﬁ >\p Ehopper-gased N\ #

Fig. 10. Behavioral simulation of chopper-based FWR versus ideal FWR.

allows the model to handle variable-length output sequences
and automatically align them with label sequences of different
lengths. CTC loss requires an extra output label <blank> that
indicates no intent has been detected. Together with the 31
possible intents, these form the 32 output classes of the A-
GRU model.

We also employ an auxiliary cross-entropy (CE) loss during
the first 100 training epochs to aid model convergence. During
this stage, the model learns to classify the sentence by mapping
the final output to the intent label using a softmax classifier.
The auxiliary CE loss enables the model to better align the
output and label sequences during subsequent CTC training,
thereby improving the model’s ability to predict the real-time
intent in a streaming setting. After training, our SLU model
outputs <blank> for both silence/noise and unfinished sen-
tences, and it only outputs the predicted user intent after the
sentence is complete, without any assumptions about sentence
length.

III. CIRCUIT IMPLEMENTATION
A. Global and Per-Channel AGC

Fig. 9(a) shows the design of the global and per-channel
AGC feedback loops. A fully differential, capacitively coupled
amplifier provides a programmable gain of Cin/Crp = 2X by
reconfiguring the input capacitance Cyy. The logarithmic gain
K has a step size of 1, so the amplifier gain can be set in 6-dB
steps. Different amplifier designs are employed in the global
and per-channel AGC. The LNA for global AGC interfaces
directly with the microphone, so it is optimized for low noise
and has a nominal tuning range of 0-48 dB. The PGAs for
per-channel AGC contribute negligible amount of noise due
to the LNA amplification, so they have less stringent noise
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Fig. 11. Three-stage capacitively coupled chopper LNA.

requirements and a smaller nominal tuning range of 0-36 dB.
The load capacitance C;, is adjusted along with Cy to set the
closed-loop bandwidth and improve the phase margin.

The amplitude extractor converts the analog output of the
amplifier into digital values Dyog that represent its instanta-
neous log amplitude. It consists of a cascade of a full-wave
rectifier (FWR), a first-order low-pass filter (LPF), a 10-bit
successive approximation register (SAR) ADC, and an LUT.
The FWR and LPF down-convert the amplitude of the original
high-bandwidth (up to 8 kHz) signal into a low-bandwidth
signal (up to 50 Hz), allowing it to be digitized by the ADC
at only 100 Hz. The ADC output code is log-compressed by
the LUT after offset removal. A unit-length capacitor array
[62] is employed for the SAR ADC to minimize its area.

The FWR plays a central role in extracting the instantaneous
signal amplitude. The current-domain FWR in [7] employed
an open-loop operational transconductance amplifier (OTA) for
linear voltage-to-current conversion. Achieving sufficient DR
with this approach requires a large OTA bias current, with
the FWR contributing over 50% of the AFE’s power. In [15],
FWR power was reduced by using the nonlinear voltage-to-
current conversion of a single subthreshold NMOS, though
at the expense of sensitivity to PVT variation. Instead, we
employ the low-power chopper-based FWR proposed in [63],
which uses a chopper controlled by a dynamic comparator.
This approach requires no static bias current and is robust to
PVT variation. Fig. 10 shows that the output of the chopper-
based FWR deviates from the ideal due to the discrete-time
operation of the comparator. This effect is included in the
FEx behavioral model [see Fig. 7(b)], allowing the DNN to
compensate for the nonideal rectification. The comparator is
clocked at 20 kHz, which provides a favorable power—accuracy
tradeoff as shown in [63]. The measured per-channel FWR
power is 10x lower than [7].

The AGC controller subtracts the logarithmic gain K from
the log output amplitude Dipg to compute the log input

amplitude D;og — K. Since all arithmetic is performed in the
log domain, no division or multiplication is required. The
gain mapper updates K after each ADC conversion using
the staircase function in Fig. 9(b), decreasing the amplifier
gain for large-amplitude inputs. Ciy and Cp are configured
via two LUTs according to K. Finally, K and Dy gg are
sent to the feature normalizer to calculate Dapg. Compared
to fixed-gain amplification, AGC enlarges the represented
input range by applying the proper gain to prevent ADC
overflow or underflow. This enables low-power wide-DR
feature extraction by relaxing the noise requirements of all
analog circuits following the amplifiers, including the BPFs,
PGAs, and amplitude extractors, thereby reducing their static
bias currents. Furthermore, clipping and distortion are also
avoided at large input amplitudes by reducing the gain on-
demand. Therefore, a high power supply is not required to
accommodate the otherwise large amplifier output swing.

B. Low-Noise Amplifier

Fig. 11 shows the design of the LNA. A three-stage design is
adopted for the core amplifier (g,,1,m.m3) to achieve sufficient
(>70 dB) open-loop gain. The dominant pole is placed at the
last stage since it must drive a large capacitive load due to the
BPFs. The first two stages g,,; and g,,» employ current-reuse
inverter-based amplifiers to reduce the bias currents required
to achieve the target noise level, while the last stage gn,3 adopts
a simple common-source topology for larger output swing.

A 0.6-V supply is chosen to reduce the LNA power. To
ensure robust operation under process variation at this low
supply voltage, the PMOS and NMOS input pairs of g,
and g, are biased independently using PVT-robust pseudo-
resistors [64] with an equivalent resistance of 2 GCQ. The
PMOS bias voltages Vg and Vg, are generated by local
feedback loops to maintain a 0.1-V headroom for the tail
current source, while the NMOS bias is set by the OTA output
via dc feedback to prevent the OTA offset from saturating its
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Fig. 12. (a) Doubly terminated LC ladder filter. (b) Corresponding SFG.
(¢) G;,-C BPF implementing the SFG. (d) Simplified BPF schematic.

output [65]. To achieve optimal input and output biasing at
each stage, AC coupling is employed between stages, and each
OTA has an individual common-mode feedback (CMFB) loop.
The CMFB amplifier adopts Miller compensation with Cj,.

Chopping at fcpop = 100 kHz is employed to suppress
flicker noise, and the chopping ripple is rejected by the AC
coupling between g,, and g,3 [66]. To minimize micro-
phone output attenuation, the LNA should have a relatively
large input impedance Ziy = 1/(2CNfcuop) compared to the
microphone output impedance Zoyr, which is typically less
than 15 kQ [46]. Using two minimum-sized 10-fF metal-
insulator-metal (MIM) capacitors for Cpg, Cixy < 5.2 pF and
Zin > 900 kQ are achieved, and the microphone attenuation
is less than 0.15 dB.

C. Bandpass Filter

The frequency selectivity of the BPF is critical for extracting
distinctive spectral features and improving the accuracy of
downstream tasks. Behavioral simulation shows that a fourth-
order Butterworth BPF with Q = 4 provides good SLU
classification accuracy. Comparing with second-order BPFs
implemented in prior analog FEx designs [7], [15], [16], [17],
[18], [19], the steeper roll-off of the fourth-order BPF improves
SLU accuracy by 0.93% from 83.92% to 84.85% on the FSCD
validation set.

Fig. 12 illustrates the half-circuit of the fully differential
G,,-C BPF, consisting of nine G,, cells, four capacitors, three
internal nodes, and an output node. Part of the BPF’s output
load capacitance is shared with the PGA input capacitance
to account for the PGA input impedance and reduce total
capacitor area. The topology of the G,,-C filter is derived from
a doubly terminated LC ladder filter due to its low sensitivity
to component mismatch [67]. Specifically, given the LC ladder
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filter in Fig. 12(a), we perform nodal analysis and represent
the equations using the signal flow graph (SFG) in Fig. 12(b).
Then, the SFG is implemented using the G,,-C topology in
Fig. 12(c), where the integrators in the SFG are realized by
G,,-C integrators. The topology can be further simplified as
shown in Fig. 12(d) containing two coupled resonators.
Source-follower-based BPFs have been widely used in prior
analog FEx designs [7], [15], [18], [68] due to their simplicity
and power efficiency. However, to realize a fourth-order BPF
with Q = 4, two biquads with Q > 5.5 are required. The super
source follower (SSF)-based BPF [7] has a passband gain > Q
at the internal node, while the flipped voltage follower (FVF)-
based BPF [15] has a passband gain of Q? at the output node.
Such high passband gains lead to excessive output distortion.
In contrast, as shown in Fig. 13(a), our G,,-C topology allows
independent scaling of the G,, cells to ensure near-0-dB gain
at the output and all internal nodes, enhancing BPF linearity.
The design of the G,, cell is shown in Fig. 13(b). It achieves
>70-dB dc gain using the telescopic cascode topology. The
input and output common modes are set to 0.3 V to allow
DC coupling with the LNA. Each internal node, as well as
the output node, contains an individual CMFB loop similar to
that of the LNA. The NMOS cascode bias Vyy is generated by
local feedback to maintain a 0.1 V headroom for the CMFB
NMOS, while the PMOS cascode bias is fixed at 0.15 V to
ensure >0.1 V headroom for the input PMOS. The OTA bias
currents for CMFB and Vy generation are proportional to the
central frequency of the BPF channel, thereby reducing power.

D. RNN Accelerator

Fig. 14 shows the computation steps of the two techniques
implemented in our A-GRU accelerator (the DBE block in
Fig. 3), which collectively reduce the compute workload and
therefore improve the energy efficiency. The first technique
is to leverage the A-activation sparsity (see Section II-C) by
using the A-Encoder in Fig. 15. The A-Encoder calculates
the temporal changes of its input and hidden neuron activa-
tions (x, and h,) and zeros out the neurons with a temporal
change below a preset threshold Ag. As shown in Fig. 14,
these inactive neurons, depicted as white elements in the
A-activation vectors, have no downstream effects; and their
associated multiplications and WMEM accesses are skipped.
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Compared to the existing A-GRU accelerators [45], [57],
[58], [59], we further employ the second technique: adding an
average temporal pooling (T-Pool) layer to the A-GRU outputs.
By collapsing activations across time steps into a single vector,
T-Pool reduces both arithmetic operations and memory access
in all subsequent layers. Fig. 16 illustrates the time schedule
of the temporal pooling. The output of each A-GRU layer
is averaged over T, successive frames and activates the next
layer’s computation only for the final frame, where T, is
defined as the pooling window size. By skipping the preceding
T, — 1 frames, this approach reduces multiply-accumulate
(MAC) operations by 48% (T, = 4) for the SLU task
without accuracy drop. Despite the benefits, temporal pooling
results in an imbalanced processing workload across different
frames and limits the processing element (PE) utilization.
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Fig. 17. (a) Chip micrograph. (b) Measurement setup block diagram.

" =8
40
1k
= S
g T | ===
£ T | =
< £
S0 2V =—aie
= =8
-20
10 100 Tk 0k 100k 100 K Tk
Frequency (Hz) Frequency (Hz)

Fig. 18. Measured LNA gain and IRN spectrum.

A time-borrowing scheme alleviates this imbalance by redis-
tributing idle clock cycles from frames processed by only
the first A-GRU layer to those requiring deeper processing.
The optimal scheduling improves the PE utilization by 1.5x
to 2x and lowers the clock frequency requirement from
400 to 250 kHz.

With both optimizations in place, eight parallel PEs perform
the sparse MVM in a row-level parallel style. Each weight
column is partitioned into eight-element blocks, one element
for each PE. On each clock cycle, the activation of one
active neuron is broadcast to eight PEs and multiplied with
a weight block. After processing the first block of this active
neuron (cycle 1 in Fig. 14), the engine immediately moves
to the first block of the next active neuron (cycle 2). This
process continues until all active neurons are serviced. Once
the first block of outputs are computed, the engine returns to
process the second weight block of the first active neuron.
In comparison, prior A-GRU designs [45], [57], [58], [59]
process an entire weight column before moving to the next
neuron and must store column-wide partial sums in a buffer
memory. By reducing the partial sum size from the whole
column to a single block, the partial sums can be stored
using local flip-flops, thereby eliminating the need of a buffer
memory and reducing the memory-access power. In addition,
each PE includes two LUTs to implement the tanh and sigmoid
activation functions used in the GRU model. LUT inputs
and outputs are quantized to 8 bits. Synthesis results show
that these LUTs occupy a negligible 0.6% of the total DBE
area.

IV. MEASUREMENT RESULTS

Fig. 17 shows the micrograph of the fully integrated SLU
SoC and its measurement setup. The chip is fabricated in
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Fig. 21. Measured Kina, Kpga, and Dapg for an FSCD sample.

TSMC 65-nm CMOS low-power process. Out of the active
area of 2.23 mm?, the AFE and DBE occupy 1.38 mm?
(62%) and 0.844 mm? (38%), respectively. The digital circuits,
including the A-GRU accelerator and the digital parts of
the AGC feedback loops, are implemented with the standard
automatic place-and-route flow. An on-chip SPI interface
is implemented for configuring the SoC and sending the
FEx/DNN outputs off-chip. Source-follower-based test buffers
are added between the analog blocks to facilitate circuit
characterization and are disabled during end-to-end operation.
All bias currents and reference voltages are generated by
on-chip circuits.

A. Analog Front End

Fig. 18 shows the measured LNA gain and input-referred
noise (IRN) spectrum at different gain settings. The closed-
loop gain is tunable as expected and the closed-loop bandwidth
is greater than 10 kHz at all gain settings. The IRN density is
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Fig. 22. Measured FEx IRN spectrum and DR.

59.7 nV/VHz at the highest gain level. For comparison, the
microphone output noise density is >60 nV/VHz [46]. The
LNA IRN is dominated by thermal noise since flicker noise
is up-modulated by chopping. The low IRN of the amplifier
allows usable acoustic features to be extracted from soft sound.

Fig. 19 shows the measured transfer functions of the
16 BPFs. The results show that the filters have a flat passband
response, in agreement with the transfer function of a fourth-
order Butterworth filter. The passbands of adjacent filters do
not overlap despite central frequency variation due to transistor
mismatch. The measured mean quality factor Q of all channels
is 4.17 with a 1o deviation of 0.05. The frequency responses
are well-matched across all channels without per-channel
calibration due to the mismatch-insensitive G,,-C topology
derived from LC ladder filters.

Fig. 20 shows the measured ADC output spectrum for a
near-Nyquist-frequency input tone. The signal-to-noise and
distortion ratio (SNDR) is measured to be 54.95 dB, resulting
in an effective number of bits (ENOB) of 8.8 bits, which is
higher than the 8-bit design target.

Fig. 21 shows the measured features Dapg along with the
global (Kina) and per-channel (Kpgs) gain settings for a
2.8-mV,ys spoken sentence “Turn up the temperature in the
kitchen.” The spectral components of the input audio are
clearly visible in the Dagg feature map. For example, the four
phonemes /k/, /1/, /t[/, and /on/ of the word “kitchen”
are discernible at the end of the sentence. Kina is adjusted
according to the instantaneous amplitude of the audio, while
Kpga of each channel varies with the signal energy within the
corresponding frequency band.

To quantify the DR of the AFE, denoted as DRpg, we
apply sinusoidal test inputs of different amplitudes to the
LNA and measure the amplitude detected by the FEx by
using Kyna, Kpga and the ADC output codes Dapc of the
corresponding channel. Note that Dapc is recorded after ADC
offset removal, as shown in Fig. 9. The amplitude detected
by the FEx is defined as Dapc/2KatKesa Fig., 22 shows
the detected amplitude versus test input amplitude, indicating
that the FEX is able to detect up to 200-mVp, input without
saturation, while the low end of the curve is limited by the
signal source SR780. The curve is extrapolated toward the IRN
floor of the FEx, which is measured to be 0.41 uV ;s within
the 50-Hz ADC bandwidth, leading to a DRagg of 93 dB.

Table I compares the state-of-the-art analog FEx designs
for voice interface applications. Our analog FEx achieves 38
dB higher DR than the prior state-of-the-art [17], enabled by
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TABLE I
COMPARISON OF ANALOG ACOUSTIC FEX

. [7] Yang [8] Oh [15] Yang [17] Kim [18] Ray [19] Mostafa .
Symbol — Unit  josco19  JSSC’19  JSSC21  JSSC22  JSSC’23  ISSCC’24  Lhis work
Process - nm 180 180 65 65 65 65 65
Signal Domain - - Voltage Voltage Voltage Time Time Time Voltage
Number of Channels N - 16 32 16 16 31 16 16
Supply Voltage Vbp \% 0.6 0.6/1.4 0.6 0.5 0.6 0.4 0.6/0.9
Area/Channel AcH mm? 0.1 0.052 0.056 0.1 0.017 0.0094 0.086
Power P A\ 0.38 0.06 0.053 9.3 0.08 0.988 1.85
Frame Rate R Hz 100 1.95 100 62.5 100 100 100
Frequency Range fL—fu Hz 100 - 5k 75 — 4k 100 — 5k 111 - 104k 100 — 4k 125 — 5k 100 — 8k
Normalized Power Pyorwm! uw 0.354 0.037 0.049 4.708 0.047 0.879 1.183
Normalized Energy/Frame Enorm' nJ 3.54 18.83 0.49 75.32 0.47 8.79 11.83
Dynamic Range DRArg dB 40 47 - 54.89 35 42 93
Figures of Merit FoMg? dB 121.5 121.2 - 123.1 125.2 119.6 169.3
FoMacy® dB 135.9 131.2 - 139.1 147.4 147.8 180.8
Task - - VAD VAD KWS KWS KWS KWS SLU
Number of Classes - - 2 2 54 12 11 10 32
On-Chip DNN - - v v v v X X v

1 From [69]2 PNORM =P (1 — r)/(l — T‘N) . 20kHZ/fH, T = (fL/fH)l/(Nil), ENORM = PNORM/R~
2 From [17]: FoMg = DRarg + 101og;(R/2Pxorm), re-calculated with R in Hz.
3 From [19]: FoMp cy = FoMg — 20 logo(Vbop/1V) —10logo(Acu/1 mm?), re-calculated with per-channel instead of total area.

4 Reported in [16], 4 keywords and 1 filler.

100

®
1SSCC'22
1SSGC19
1SSCC'24
’_:T 10 (]
= ISSCGyl8
o
o
W &
&3
.
s 2
3
045 80 100

60
DRare (dB)

Fig. 23. Comparison of state-of-the-art analog acoustic FEx designs.
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Fig. 24. Measured MAC per frame and DBE power reduction.

the integrated global and per-channel AGC. The normalized
energy per feature Enorm [69], which factors in the possibly
different frequency range (fi—fy), number of channels (N),
and frame rate (R) of different FEx designs, is measured to be
11.83 nlJ. To fairly compare the energy efficiency of the designs
with different DR, we use the Schreier figure of merit FoMg
[17] and its area- and supply-normalized variant FoMu cy [19].
Our design achieves 169.3-dB FoMg, 44-50 dB higher than
prior designs. Fig. 23 further visualizes different designs in
terms of DRarg, Enorm, and FoMg. It also achieves the best
reported 180.8-dB FoMu i, 33 dB higher than the prior state
of the art [19].

The high energy efficiency of the AFE is achieved by a
synergistic combination of multiple techniques. At the system
level, we use the Python-based behavioral model and HAT
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Fig. 25. Measured DBE instantaneous power for different Ay, values for a
speech sample in the presence of noise.

(see Section II-B) to define circuit specifications and avoid
unnecessary power consumption due to circuit overdesign. At
the architectural level, we use global and per-channel AGC
(see Section II-A) to reduce the bias current and supply voltage
of the analog circuits without sacrificing DR. At the circuit
level, we also employ various optimizations within the analog
building blocks to further reduce power (see Section III). In
addition, our design is also the first analog FEx that supports
audio classification with more than 30 classes.

B. System-on-Chip

Fig. 24 shows the MAC operations and power savings
achieved by jointly applying temporal pooling and A-encoding.
Measured at fox = 250 kHz, combining pooling window
size T, = 4 with the A-threshold Ay = 0.125 reduces MAC
operations by 4.2x and digital power by 2.3x (from 15.8 to
6.8 uW) compared to the baseline (fqx = 400 kHz, T, = 1,
and Ay, = 0). Future work will focus on reducing DBE power
consumption. In particular, the use of custom memory cells
can help reduce both the DBE power supply and SRAM
leakage [22], [27], [33], [59]. The custom SRAM design
[59] in the same 65-nm technology reduced read power by
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Fig. 26. Measured SLU accuracy, A-activation sparsity, and DBE power
across different threshold Ag,’s.

100 e

DRsoc =75 dB
0,

9%
43 dBsp.” i 118 dBsr*

o
=1
-

SLU Accuracy (%)

* ICS-40310 sensitivity = -37 dBV

e%u 0m

100y m____ 10m 100
Input amplitude (Vims)

Fig. 27. Measured end-to-end 32-class SLU accuracy on FSCD.

TABLE 11
COMPARISON OF SLU ACCURACY WITH AND WITHOUT HAT

Test Set Accuracy (%)’

Train Features HAT Acc. Drop (%)
Simulated  Measured
Simulated X 96.0 89.7 6.3
Simulated v 93.1 924 0.7

! Averaged over 40 dB input range.

6.6x over foundry SRAM and lowered the supply voltage to
0.6 V. Applying this design to our WMEM and using a lower
DBE power supply, we expect a reduction of at least half of
the current DBE power. Adding an integrated VAD module
to selectively activate the accelerator can further reduce the
standby power consumption [33].

Fig. 25 shows the measured DBE instantaneous power for
a 2.8-mV,, speech sample mixed with white noise at 10-dB
SNR. Owing to its temporal-sparsity-aware compute, the DBE
power adaptively scales with the input activity, automatically
lowering the power consumption for non-speech input by
13.7% compared to speech when Ay, = 0.125.

Fig. 26 shows the measured SLU accuracy, A-activation
sparsity, and DBE power at different Ay,’s. When Ay, = O,
we observe a non-zero A-activation sparsity of 27.7% due
to the quantization of the activation values. Using larger Ay,
increases A-activation sparsity, leading to lower DBE power
but also slightly lower SLU accuracy. By sweeping Ay, we find
that Ay, = 0.125 provides a good tradeoff between accuracy
and power, achieving a 67% A-activation sparsity and 31%

4013
Amplitude Extractor
1.5% BG"/
070 Others
AG&—%LK 12.2%
i WMEM
_‘ \ 41.4%

DBE

i ﬂ
17.3%
PE

1.

BPF
53.4%

29.1%

Fig. 28. SoC power breakdown.
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Fig. 29. (a) Coin-cell-powered SLU demo system. (b) FSCD sample, the
corresponding measured features (Dafpg), and the output scores for <blank>
and the correct intent class.

power reduction with a minor 1.4% accuracy drop compared
to Ay = 0.

Fig. 27 shows the end-to-end measured 32-class SLU accu-
racy using the entire FSCD test set. A sound card is used to
playback the dataset recordings and the analog signal is fed to
the LNA input. The 92.9% accuracy is achieved for 2.8 mV
input, corresponding to 80-dB SPL with ICS-40310. We define
the usable DR of the SoC, denoted as DRg,c, as the input range
on which >85% SLU accuracy can be achieved. The measured
DRgyc is 75 dB with AGC enabled and 34 dB without. The
DRg,c is not limited by the training procedure, which covers
the entire measured input range of 90 dB (see Section II-D).
AGC boosts DRgoc by 41 dB. It also improves the SLU
accuracy by >6% for 280-uV,ys inputs, which correspond to
normal conversational speech at 60-dB SPL.

Table II compares the simulated and measured SLU accu-
racy with and without HAT. Both models are trained with
simulated features generated by the Python behavioral model.
After training, the models are evaluated using both simulated
features as well as measured features from the fabricated FEx.
Without HAT, no nonidealities are included in the simulated
features, and the model achieves 96.0% accuracy in simulation.
However, when tested with measured features, the accuracy
is only 89.7%, with a 6.3% drop due to the analog circuit
nonidealities. With HAT, the measured accuracy increases to
92.4%, showing the effectiveness of the Python-based FEx
model incorporating circuit nonidealities. In addition, our
analog FEx design achieves >90% task accuracy using on-chip
DNN, while previous designs [18], [19] relied on software
DNN. SLU accuracy is further measured on five fabricated
chips, all programmed with identical DNN weights obtained
through HAT and tested using a 2.8-mV,y,, input. The average
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TABLE III
COMPARISON OF FULLY INTEGRATED AUDIO CLASSIFICATION SOC

[16] Wang [27] Yang

[21] Giraldo

[17] Kim [33] Tan [32] Park

Unit - “yeqcoa5  JSSC24 JSSC20  JSSC’22 JSSC’25  VLSP24 s work
Speech Task - KWS KWS KWS KWS KWS KWS SLU
Context Length - Word Word Word Word Word Word Sentence
Number of Classes - 5 7 12 12 12 12 32
FEx - Analog Digital Digital Analog CNN Digital Analog
Algorithm - SNN! Skip GRU LSTM GRU CNN CNN A-GRU
Process nm 65 28 65 65 28 65 65
Memory kB 8.2 18 105 27 16 5 48
Area mm? 2.71 0.8 2.56 2.03 0.12 1.32 223
Accuracy % 90.2 92.8 90.9 86.0 91.8 92.7 92.9
DRsoc dB - - - - - - 75
FEx Power uw 0.11 0.77 8.982 13 - - 1.85
DNN Power N 0.46 0.71 3.377 10 - - 6.77
Total Power uw 0.57 1.48 16.1 23 1.73 5.6 8.62

! Including the SNN chip reported in [70].

2 Power breakdown reported in [71]. Leakage and clock power excluded.

accuracy is 93.3% with o =
variation.

Fig. 28 shows the SoC power breakdown. When running
inference on continuous FSCD samples, the SoC consumes
8.62 uW with 1.85 yW from the 0.6-/0.9-V AFE and 6.77
uW from the 0.75-V DBE. The amplifiers and filters together
account for 87.1% of the AFE power and AGC only 4.7%.
The WMEM is the most power consuming block in the DBE,
accounting for 41.4% of its power, followed by the PE array
(29.1%) and A-Encoder (17.3%).

To demonstrate the real-world applicability of the design,
the fabricated SoC is used to build a standalone SLU system
powered by a CR2450 coin cell, as shown in Fig. 29(a). The
SoC interfaces with an SE analog microphone, extracts the
acoustic features, and performs intent classification on-chip.
A microcontroller controls the display for output visualization
based on the user intent output from the SoC. Fig. 29(b)
shows the measured features (Dapg) and the normalized output
scores for two of the classes (<blank> and the correct
intent “increase”+*heat”’+“kitchen”) when the SoC processes
the corresponding FSCD sentence. For each input frame, the
user intent is obtained by taking the class with the highest
score.

Our design can also be used in non-speech applications.
As an initial study, we train a network on the SPRSound
dataset [72] to perform the binary normal-versus-adventitious
classification task on respiratory sounds. The network has the
same architecture as the SLU network except that the FC layer
now has only two output classes. It is again trained using
simulated features with HAT while evaluated with measured
features. Performance on this task is measured by the harmonic
score, which is defined as the harmonic mean of sensitivity and
specificity, ranging from O to 1. The harmonic score achieved
by the SoC is 0.856, which is 0.02 higher than the score
achieved in [73] using a larger CNN model with conventional
digital FEx.

Table III compares the state-of-the-art end-to-end audio
classification SoC, focusing on designs that support at least
five output classes. Our design is the first sub-10-yW fully
integrated SoC that supports on-device SLU. This task is more

0.59% despite chip-to-chip

challenging than the KWS task supported by prior works in
terms of context length and number of classes. In addition,
it achieves a competitive accuracy of 92.9% for 32-class
classification, exceeding the task accuracy of other designs that
support fewer classes. Importantly, input amplitude variation
is inevitable in real-world especially for far-field operation and
leads to a significant accuracy drop without a wide-DR FEx,
as shown in Fig. 27. By incorporating AGC in the FEx, our
design maintains >85% SLU accuracy over a wide DRg,c of
75 dB.

V. CONCLUSION

We present a fully integrated SoC for on-device SLU.
The mixed-signal ASIC implemented in 65-nm CMOS pro-
cess occupies 2.23 mm? and consumes only 8.62 yW when
continuously processing the incoming audio in real-time. By
combining global and per-channel AGC with logarithmic
compression, the analog FEx achieves the highest reported
DR, FoMg, and FoMy cy. The Python-based behavioral model
of the analog FEx enables quick generation of simulated
features and therefore design space exploration. When the
model is combined with HAT, the RNN model trained with
simulated features maintains high SLU accuracy on fabricated
chips despite analog circuit nonidealities and chip-to-chip
variation. The temporal-sparsity-aware compute exploited by
the streaming-mode RNN accelerator reduces its power con-
sumption by 2.3x. The SoC supports end-to-end user intent
understanding with up to 32 classes and achieves 92.9%
accuracy on FSCD. It also maintains >85% accuracy over
a wide DRgoc of 75 dB, enhancing its robustness in real-
world applications. The SoC interfaces directly with an SE
analog microphone, which significantly reduces the system-
level power since off-the-shelf digital or differential analog
microphones consume more than 200 yW. To the best of our
knowledge, this work is the first demonstration of sub-10-uW
fully integrated wide-input-DR on-device SLU. Future design
improvements include further optimization of the DBE power
as discussed in Section IV-B, as well as using gradient-based
methods to jointly optimize the FEx and DNN parameters [56],
[74], [75].
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