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Runtime Feature Compression for
Adaptive Keyword Spotting on Embedded Systems

Valentino Peluso Member, IEEE, Andrea Calimera Member, IEEE, Enrico Macii Fellow, IEEE, Paolo
Montuschi Fellow, IEEE

Abstract—Voice user interfaces rely on keyword spotting
(KWS) to detect wake-word commands, enabling low-power
devices to switch from drowsy to active states and initiate
more complex tasks. In embedded systems, KWS combines
handcrafted acoustic features extraction with lightweight neural
network classifiers to achieve accurate detection within strict
resource constraints. Adapting KWS to time-varying energy
budgets requires optimization strategies that operate at runtime.
Most existing approaches adjust the complexity of the neural
model but overlook that a substantial amount of latency, and thus
energy consumption, is due to feature extraction, which remains
unaffected by model scaling. This work introduces Runtime
Feature Compression (RFC), a dynamic rescaling strategy that
modulates the workload of the entire KWS pipeline. RFC
promotes the hop-length parameter of the Short-Time Fourier
Transform as a runtime control knob to adjust the number
of time frames in speech features, allowing a single model to
operate across multiple latency modes. To support this flexibility,
we introduce two training-time techniques: HopAugment, a data
augmentation scheme that exposes the model to variable hop
lengths during training, and Masked Layers, which preserve con-
sistent activation statistics during training and inference under
compressed feature settings. Evaluations on four KWS datasets
using the TC-ResNet model family show that RFC outperforms
model scaling techniques, offering a wider range of latency-
accuracy trade-offs. RFC achieves up to 31.8% lower latency
without accuracy degradation, or up to 0.30% higher accuracy
within equivalent latency bounds. That proves RFC improves
adaptability in energy-constrained IoT speech interfaces. A set
of ablation studies further demonstrates the robustness of RFC by
evaluating the role of its training components, batching strategies,
ability to preserve accuracy with a shared weight set, scalability
across operating modes, and applicability to different model
architectures.

Index Terms—Embedded Systems, Internet of Things, Key-
word Spotting, Adaptive Neural Networks, Runtime Reconfig-
urable Inference.

I. INTRODUCTION

THE growing popularity of consumer voice assistants in
smart speakers and smartphones has significantly re-

shaped expectations for voice-based interactions in portable
and wearable electronics. Intuitive conversational interfaces

Valentino Peluso, Andrea Calimera, and Paolo Montuschi are with the De-
partment of Control and Computer Engineering, Politecnico di Torino, 10129
Turin, Italy (e-mail: valentino.peluso@polito.it; andrea.calimera@polito.it;
paolo.montuschi@polito.it).

Enrico Macii is with the Interuniversity Department of Regional and Urban
Studies and Planning, Politecnico di Torino, 10129 Turin, Italy (e-mail:
enrico.macii@polito.it).

Copyright © 2026 IEEE. Personal use of this material is permitted.
However, permission to use this material for any other purposes must be
obtained from the IEEE by sending a request to pubs-permissions@ieee.org.

are now considered essential across a broad range of devices,
including laptops [1], extended reality headsets [2], and hear-
ing aids [3], many of which are battery-powered and operate
largely in low-power mode to preserve energy [4]. Keyword
Spotting (KWS), the task of detecting predefined single-word
voice commands, is commonly used as the primary mechanism
to wake the devices from drowsy to active power modes. One
common application is using KWS as the entry point for smart
assistants, where a detected wake word activates the system
and triggers the transmission of more complex user queries to
cloud-based speech processing services. KWS systems must be
fast to enable natural user interaction and deliver responsive
experiences. At the same time, they must be accurate to pre-
vent unintended activations that could trigger unnecessary au-
dio transmission to the cloud, thereby wasting communication
energy and potentially exposing confidential conversations.
These issues directly relate to the dual challenges of energy
efficiency and privacy that are increasingly critical in next-
generation communication networks [5]–[7]. The ultimate goal
is to design optimized and compact neural inference pipelines
that deliver low-latency and energy-efficient processing, while
reducing dependence on cloud-based computation [8]–[10].

Prior works demonstrated the feasibility of resource-
constrained KWS systems [11]–[19] using a two-stage soft-
ware pipeline consisting of a signal-processing front-end (FE)
followed by a neural network (NN) classifier. The front-end
implements the feature extraction computing log-Mel spec-
trograms [16], [19] or Mel-Frequency Cepstral Coefficients
(MFCCs) [11]–[15], [17], [18], which are then fed to the
neural network to estimate the likelihood that the audio stream
contains a target command. Although more sophisticated al-
ternatives exist, the FE+NN architecture is well-suited for tiny
IoT devices [20], [21] as it offers an effective trade-off between
computational efficiency and accuracy.

A current open issue is the adaptability of embedded KWS
systems to a wide range of hardware configurations and operat-
ing conditions. Distributed devices deployed in the field may
differ in terms of hardware specifications or energy budget.
Even on the same device, performance and compute capability
change over time due to factors such as residual battery life or
thermal conditions. Therefore, the same, statically optimized
KWS pipeline may result in degraded responsiveness or lower
prediction quality under adverse conditions. A high efficiency
requires adaptive strategies that dynamically adjust the work-
load based on runtime resource availability and constraints,
without compromising the quality of predictions.

A naive, yet practical approach to cope with hardware
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diversity is to train a family of neural network models that
share the same architecture backbone but differ in information
capacity and computational complexity, for instance, using
a different depth (number of layers) and width (number of
filters per layer) [11]–[19]. Each neural network has a different
weight set, and the most suitable variant is deployed based
on the hardware constraints and specifications. This method is
less efficient for runtime adaptation due to substantial memory
overhead and power and performance penalty for storing and
loading multiple weight sets on the same device. A more
flexible option consists of adaptive neural networks that can
rescale at runtime. Prior works explored different dynamic
strategies that adjust model depth [22]–[30], width [31]–[35],
precision [36]–[38], or compound attributes [39], based on
external triggers like the available energy, the input complex-
ity, or the desired accuracy. When applied to KWS pipelines,
these methods share a common limitation: only the neural
model complexity is rescaled, leaving the front-end stage
untouched. This is a source of weakness as the front-end
(i) dominates the total latency and energy consumption, and
(ii) it defines the size of features, which affects downstream
compute and memory loads. Ignoring these factors leads to
inefficient adaptive solutions.

This work introduces Runtime Feature Compression (RFC),
a novel online rescaling strategy that dynamically adjusts
the computational complexity of the entire KWS pipeline,
and hence the total latency and energy consumption. RFC
operates the hop-length parameter available in the Short-Time
Fourier Transform (STFT) of the front-end as a runtime control
knob. Unlike prior adaptive approaches that rely on neural-
network topology scaling through depth, width, or precision
modulation, RFC exploits hop-length rescaling as an orthog-
onal runtime knob to concurrently reduce the computational
cost of the front-end and lower the complexity of the neural
inference by compressing the temporal cardinality of the input
features. Modulating the hop length changes the number of
time frames in the extracted features, thereby lightening the
CPU workload for both the front-end and the neural network.
Features extracted with a smaller hop length show a finer
temporal granularity and yield better accuracy. A larger hop
length coarsens the temporal granularity, lowering the number
of arithmetic and memory instructions needed and bringing
substantial latency and energy savings at the cost of marginal
quality degradation. By working on the front-end stage, RFC
enables dynamic switching among multiple operating points
without modifying the neural network architecture or storing
entire model families. To make RFC feasible and attainable,
this work also presents two training-time techniques, HopAug-
ment and Masked Layers, whose aim is to maximize model
accuracy under different front-end configurations, enhancing
the quality-performance trade-off over the operating range.
RFC is architecture-agnostic and can be applied to existing
neural models without structural changes.

We tested the RFC method using a KWS pipeline built
on TC-ResNet [12], a neural model architecture optimized
for deployment on resource-constrained embedded systems.
Training and evaluation were performed using four publicly
available KWS datasets. Experimental results demonstrate

that RFC offers a broader performance dynamic range, out-
performing model-only scaling strategies. Specifically, RFC
achieves up to 31.8% lower latency without accuracy loss,
or up to 0.30% higher accuracy for the same latency. More-
over, the experiments validated the enhanced training flow
customized for RFC, as models trained without it show
substantial accuracy drops, up to 15.17% in the worst case.
These results confirm that RFC substantially enhances the
adaptability, efficiency, and robustness of KWS in resource-
constrained settings that are typical of IoT applications. A
comprehensive set of ablation studies ultimately proves the
robustness of RFC by isolating the impact of the proposed
training techniques, analyzing generalization across hop-length
configurations under different batching strategies, comparing
against hop-specific specialized models, evaluating scalability
across multiple runtime operating points, and assessing appli-
cability to alternative neural architectures.

The main contributions of this work are as follows:
• propose a runtime adaptation mechanism that jointly

modulates front-end feature extraction and neural infer-
ence through hop-length scaling;

• introduce training-time techniques (HopAugment and
Masked Layers) that enable accurate and stable inference
under variable feature granularity;

• demonstrate that a single model trained and operated
with RFC can efficiently support a broad spectrum of
accuracy-latency operating points, consistently outper-
forming approaches based on neural-network topology
scaling.

The remainder of this paper is organized as follows. Sec-
tion II reviews the KWS pipeline and motivates our approach.
Section III summarizes recent advancements in runtime-
adaptive inference. Section IV presents the RFC framework
and the proposed training-time techniques. Section V details
the experimental setup, while Section VI shows the results and
their analysis. Finally, Section VII concludes the paper.

II. BACKGROUND ON EMBEDDED KWS PIPELINES

The typical workflow for embedded KWS consists of a two-
stage pipeline: a front-end (FE) for feature extraction and a
neural network (NN) for classification. The FE transforms the
raw input speech signal into compact representations, such
as log-Mel spectrograms or MFCCs; the NN processes such
features to identify the most likely keyword.

A. Front-end

The first substage of the FE is the Short-Time Fourier Trans-
form (STFT). The STFT segments the raw speech waveform
into partially overlapped frames of fixed length defined by
the window-length parameter. Each frame is multiplied by a
Hann function such that the signal tapers on the boundaries
and the spectral leakage is reduced before the Discrete Fourier
Transform (DFT). The DFT is computed over a fixed number
of frequency bins, commonly referred to as the FFT size,
selected to be greater than or equal to the window length,
and constrained to a power of two in order to enable efficient
Fast Fourier Transform (FFT) computation. When the FFT size
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exceeds the window length, the input frame is zero-padded
before transformation, increasing frequency-domain sampling
density without altering the underlying spectral content.

The resulting frequency spectrum is converted into a spec-
trogram by calculating the squared magnitude of the complex
values. Smaller values of window length enhance the temporal
resolution of the STFT, improving the ability to distinguish
events that are close in time, but reduce the frequency res-
olution, thereby lowering the ability to distinguish closely
spaced tones. The opposite does hold: larger values of the
window length reduce the temporal resolution in favor of
higher frequency resolution. This trade-off, known as the time-
frequency localization trade-off, must be balanced based on
the characteristics of the input signal. In speech processing,
the window length is typically in the range 20–40ms [40],
[41], as speech is considered stationary over short timescales.
The hop-length parameter defines the stride between consec-
utive frames, controlling the overlaps. Smaller hop lengths
help compensate for the information loss introduced by the
Hann function, which attenuates the signal near the window
boundaries, ensuring smoother temporal coverage between
adjacent frames. However, smaller hop lengths result in a
higher number of frames, and thus more FFT computations,
increasing the computational cost.

The spectrogram is further processed using a set of trian-
gular filter banks, known as Mel filters, spaced according to
the Mel scale. The Mel scale is a nonlinear frequency scale
that aligns with human auditory perception to emphasize the
lower frequencies. Moreover, Mel filters aggregate multiple
frequency bands into a single Mel frequency, reducing feature
dimensionality. This operation is implemented as a matrix
multiplication between the spectrogram frames and a coef-
ficient matrix representing the Mel filter bank. The output is
passed through a logarithmic function, producing the log-Mel
spectrogram, which mimics the human auditory perception of
loudness following a logarithmic scale.

The log-Mel spectrogram can be fed as an input feature
to the NN [16], [19] or further transformed via the Discrete
Cosine Transform (DCT) to compute MFCC features [11]–
[15], [17], [18]. The latter are usually preferred as they better
catch the spectral envelope of the speech signal and are
especially effective in phoneme-level recognition. Like for Mel
filtering, the DCT is implemented as a matrix multiplication
between the log-Mel frames and a set of DCT coefficients.
Given their popularity in embedded KWS implementation, in
this work we also opted for the MFCCs. However, our method
is compatible with both types of features.

B. Neural Networks

Most NNs deployed in embedded KWS pipelines are Con-
volutional Neural Networks (CNNs), which have proven to
reach the best trade-off between accuracy and computational
cost. The proposed CNN architectures can be broadly char-
acterized based on the dimensionality of the convolutional
kernels. There are models like [11], [15] that run 2D con-
volutions across both time and frequency dimensions of the
input features, and models that leverage 1D convolutions, often

called temporal convolutions [12], [14], [17] or time-channel
convolutions [13], where filters slide along the time axis and
integrate over frequency. A key advantage of 1D convolutions
is their ability to catch the whole frequency spectrum, whereas
2D convolutions are limited to local receptive fields that
cover a few consecutive bands at a time due to the limited
kernel size. A hybrid strategy named broadcasted residual
learning [16] combines both 1D and 2D convolutions to join
the strengths of each approach. Recent works [18], [19] also
explored cumbersome Transformer-based architectures.

Beyond the choice of the NN template (2D, 1D, a mix
of the two, or Transformers), an orthogonal design and im-
plementation issue concerns the scalability of the model to
different hardware settings and specifications. The mainstream
approach is to build and train a family of models with optimal
accuracy-efficiency trade-offs, leaving developers free to select
the most suited version at compile time, according to the
hardware constraints. Variants within the same family are gen-
erated through topology scaling, i.e., by rescaling the network
topology, both in width, by adjusting the number of channels
per layer, and depth, by tuning the number of layers. The
resulting model variants are typically trained using the same
FE configurations, despite there is evidence that joint optimiza-
tion of the FE hyper-parameters and NN topology can yield
superior results [40], [41], [43], [44]. It is worth emphasizing
that each variant must be trained independently, resulting in
substantial design and implementation overhead. Moreover,
this model-family paradigm barely meets the needs of runtime
scaling. Storing multiple models on-device and loading the
most appropriate one at runtime based on contextual variables,
such as input complexity [45], processing load [46], [47], or
on-chip temperature [48], has several drawbacks.

To better address the challenges posed by hardware hetero-
geneity and runtime adaptability, recent research has explored
more flexible and efficient adaptive strategies where a single
model is trained to operate across multiple configurations,
each representing a different point in the accuracy-efficiency
spectrum, while sharing a common set of weights. The follow-
ing section reviews the most promising of these approaches,
introducing a novel taxonomy to organize and compare them.

III. PREVIOUS WORK ON ADAPTIVE NEURAL NETWORKS

Despite the growing interest in adaptive neural networks,
relatively few techniques have been explicitly developed for
KWS. In this section, we thereby broaden the review to
include approaches from other domains such as image classifi-
cation (IC), depth estimation (DE), and object detection (OD),
which operate in embedded scenarios under similar resource
constraints. Table I summarizes a representative subset of
those methods. For a more comprehensive survey, we refer
the reader to [49]. Our taxonomy is organized along four
dimensions: (i) the control knob employed, (ii) the external
trigger prompting the adaptive scheme, (iii) the pipeline
module affected by the adaptive scheme (i.e., front-end, neural
network), and (iv) the application domain for which the
method was originally developed and evaluated.
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TABLE I
COMPARISON OF DIFFERENT IMPLEMENTATIONS OF ADAPTIVE NEURAL NETWORKS BASED ON THE CONTROL KNOB, THE TRIGGERING CONDITION, THE

AFFECTED PROCESSING MODULE (FE: FRONT-END, NN: NEURAL NETWORK), AND THE TARGET TASK (IC: IMAGE CLASSIFICATION, OD: OBJECT
DETECTION, DE: DEPTH ESTIMATION, KWS: KEYWORD SPOTTING).

Method Control Knob Triggering Condition Module Task

BranchyNet [22] Model Depth Input Complexity NN IC
Runtime Configurable DNNs [31] Model Width Energy, Input Complexity NN IC
Runtime Neural Pruning [32] Model Width Input Complexity NN IC
ConvNet with AIGs [23] Model Depth Input Complexity NN IC
SkipNet [24] Model Depth Input Complexity NN IC
Dynamic Bit-width Reconfiguration [36] Model Precision Input Complexity NN IC
Feature Boosting and Suppression [33] Model Width Input Complexity NN IC
Slimmable Neural Networks [34] Model Width Energy NN IC
Scalable-Effort ConvNets [37] Model Precision Abstraction Level NN IC
Energy-Driven Precision Scaling [38] Model Precision Energy NN IC
Multi-Exit Neural Networks [25] Model Depth Energy, Input Complexity NN IC
EQPyD-Net [26] Model Depth Energy NN DE
WeNet [35] Model Width Energy NN IC
EdgeCompress [39] Model Depth & Width Input Complexity NN IC
Gated Compression Layers [27] Model Depth Input Complexity NN IC, KWS
T-RecX [28] Model Depth Input Complexity NN IC, KWS
LoCoExNet [29] Model Depth Input Complexity NN IC
VALO [42] Input Regions-of-Interest Input Complexity NN OD
Temporal Early Exit Networks [30] Model Depth Input Complexity NN IC, KWS
This work Hop Length Energy FE+NN KWS

A. Control knobs

The majority of control knobs derive from static optimiza-
tion strategies such as pruning and quantization. Both exploit
the over-parameterization of neural networks but act on dif-
ferent structural characteristics of the model. Pruning reduces
model complexity by removing components that contribute
minimally to prediction accuracy. For instance, methods based
on adaptive model width dynamically disable entire convolu-
tional channels at runtime, guided by pre-trained agents or
applying global scaling factors (e.g., width multipliers) [31]–
[35]. Similarly, model depth adaptations operate at a coarser
level, selectively bypassing entire layers to reduce computa-
tion [22]–[30]. These two approaches are orthogonal and can
be combined for compound scaling [39]. Quantization lever-
ages the intrinsic resilience of neural networks to arithmetic
precision by lowering the bit width of weights and activations
to improve efficiency. Adaptive model precision techniques
dynamically adjust the arithmetic precision at runtime, often
at the granularity of individual layers for the sake of regularity
and scalability [36]–[38].

Custom control knobs can be tailored for a specific task.
For example, VALO [42] proposed an anytime object detec-
tion framework that exploits spatial information to selectively
identify regions-of-interest to be filtered and processed first,
bypassing less relevant portions of the input and eventually
enabling progressive refinements over time of the prediction
until resources are available.

To our knowledge, no runtime control knob has been
proposed that specifically targets KWS. This gap motivates
our work, which introduces the hop length of the STFT as a
KWS-specific dynamic knob.

B. Triggering Conditions

Another differentiating aspect among adaptive methods is
the external condition that triggers the scaling mechanism.

Common triggers include abstraction level, input complexity,
and energy budget.

a) Abstraction Level: Neural networks trained on seman-
tically structured datasets can be adapted to perform classi-
fication at different levels of granularity. As shown in [37],
the abstraction level may serve as an external trigger that
governs computational effort. Coarse classification (e.g., dis-
tinguishing animals from vehicles) requires less computation
than fine-grained classification (e.g., identifying species or
models). Efficient systems exploit these semantic relationships
to adapt the computational load to contextual needs and use
a specific control knob (e.g., arithmetic precision [37]) to
minimize resource usage accordingly. While this approach is
effective in large-scale classification problems with thousands
of hierarchically structured classes, it is less relevant for KWS,
where the number of target classes in the dataset is limited and
lacks semantic organization.

b) Input Complexity: A widely adopted triggering mech-
anism is the input complexity, which assumes that not all
inputs require equal computational effort. Certain patterns
are easier to classify due to salient feature exposure, while
others are more ambiguous and require more effort [50].
In response, several methods apply iterative refinement by
gradually increasing computational effort until a confident
prediction is reached. This may involve activating additional
layers [22]–[25], [27]–[30] or channels [31]–[33], or in-
creasing arithmetic precision [36] till a consensus is reached.
Statistically, as most of the inputs have lower complexity,
the overall effort and resources consumed are lower. Being
data-driven, these strategies lack direct control as the trigger
is embedded into the input itself. Indeed, they suffer from
unpredictability and performance variance, with potential risk
of energy overhead and penalties [36], which is a key limiting
factor for applications with real-time constraints.
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Fig. 1. Front-end (FE) and neural network (NN) latency breakdown in KWS
pipelines built with the TC-ResNet model family on an STM32F767ZI MCU.

c) Energy: A more deterministic control is achieved
by using the energy budget as a direct constraint to drive
the control knob. Several neural network configurations are
defined and optimized at training time (e.g., via pruning [31],
[34], [35] or quantization [38]), then stored on chip and
deployed at runtime according to the remaining energy. This
avoids the unpredictability of data-driven triggers and enables
reliable, low-power operation, which is paramount for real-
time applications like KWS.

C. Target Modules & Tasks

The existing methods listed in Table I share a common
limitation: they adopt a model-centric view. Indeed, they
apply a predefined scaling mechanism operating on the neural
network, while the front-end stage remains unaffected. This
is mainly due to their origins in computer vision tasks, and
image classification in particular, where the pre-processing
stage is minimal, and the neural inference dominates the
overall computational effort. The few adaptive KWS methods
that do exist inherit this characteristic and share the same
model-centric view, for instance, proposing layer pruning as
the control knob [27], [28], [30]. However, in embedded KWS
pipelines, the front-end represents a dominant portion of the
total workload, and rescaling the neural network alone offers
marginal benefits in terms of latency and energy consumption.

For a quantitative analysis, we profiled end-to-end latency
for different topology configurations of the TC-ResNet fam-
ily [12], a standard suite for embedded KWS. The evaluated
models include TC-ResNet8, TC-ResNet8-1.5, TC-ResNet14,
and TC-ResNet14-1.5; the numeric suffix denotes the network
depth, namely, the number of layers, and the 1.5 factor denotes
the width multiplier applied to each layer to enlarge the num-
ber of convolutional filters for a higher accuracy [12]. Figure 1
presents latency breakdowns measured on a STM32F767ZI
ARM Cortex-M7 microcontroller unit (MCU) (see Section V
for a detailed description of the experimental setup), highlight-
ing the relative contributions of the front-end stage (blue) and
the neural network (orange). In all cases, the front-end domi-
nates execution time, ranging from 53.4% (TC-ResNet14-1.5)
to 85.9% (TC-ResNet8), and the overall latency improvement
achievable via topology scaling is limited to 1.6×. Intuitively,

model scaling leads to limited latency (hence energy) savings,
emphasizing the need for strategies that seamlessly cover both
the front-end and the neural network. Although our analysis
is focused on the TC-ResNet family statically rescaled using
different topology settings, the same conclusions hold for other
models and dynamic knobs: rescaling the neural network stage
alone weakly improves end-to-end performance. This insight
motivates the proposed Runtime Feature Compression method,
which introduces the concept of an adaptive front-end.

D. Beyond State-of-the-Art

The comparative review in Table I highlights three distin-
guishing aspects of our work. First, we introduce a novel
runtime control knob that enables dynamic inference by pri-
marily operating on the front-end stage. Second, this control
knob allows reshaping the computational complexity of the
entire KWS pipeline, jointly affecting both front-end feature
extraction and neural network inference. Third, the proposed
approach is specifically designed for the KWS domain, rather
than being adapted from techniques originally developed for
other application areas, such as computer vision, where do-
main mismatch can limit effectiveness.

Although other prior studies [40], [41], [43], [44] investi-
gated front-end hyperparameter tuning, including optimal hop-
length selection for better accuracy-latency trade-off, those
methods rely on static configurations and require training
and deploying separate models for each operating mode. The
resulting need to deploy multiple weight sets introduces non-
negligible memory overhead on the end devices and seriously
limits runtime flexibility in resource-constrained environments.
RFC fosters effective runtime adaptation by allowing a single
shared weight set to work reliably across multiple hop-length
configurations, thereby covering a wide range of accuracy-
latency operating points within a unified pipeline. This ca-
pability is enabled and made robust through two dedicated
training-time techniques (see Section IV) that ensure higher
generalization, an objective that cannot be achieved using
conventional KWS training pipelines (see Section VI-C).

IV. RUNTIME FEATURE COMPRESSION

A. Overview

The KWS pipeline, made up of the front-end (FE) pro-
cessing stage followed by a neural network (NN) classifier,
is fed with an input audio waveform x ∈ RN , where N is the
number of discrete samples acquired over a fixed temporal
window (e.g., N = 16, 000 for a one-second recording at
16 kHz). The FE stage transforms the 1D waveform into a
2D time-frequency representation X, either a log-Mel spectro-
gram or Mel-Frequency Cepstral Coefficients (MFCCs), via a
transformation Tw,h : RN → RF×T , where F is the number
of frequency features (Mel bins or cepstral coefficients) and
T is the number of time frames. The transformation Tw,h

is parametrized by the window length w and hop length
h of the STFT. While in a conventional KWS pipeline, h
is statically defined at training time and kept fixed during
inference, our proposal operates with a variable parameter.
Since the number of time frames T scales inversely with
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Fig. 2. Schematic overview of the proposed Runtime Feature Compression (RFC) mechanism. RFC introduces the STFT hop length h as a runtime control
knob to modulate the temporal dimension of audio features, and hence the computational complexity of both the front-end and the classification stages.

h (i.e., T ∝ 1/h), modifying h directly affects the com-
putational load across both FE and NN stages. A smaller
h increases the overlap between adjacent STFT windows,
thereby reducing the information loss due to Hann windowing
and enhancing the resulting classification accuracy of the
NN stage. A larger h results in fewer frames T , leading to
a coarser temporal granularity and hence potential accuracy
drops. From a resource perspective, the larger the hop length,
the lower the computational costs. Indeed, h indirectly affects
the number of FFTs performed, as well as the downstream
transformations such as log-Mel filtering and MFCCs, which
involve matrix multiplications whose cost scales with the input
feature size. Furthermore, the dimensionality of the tensor
input to the NN classifier is likewise affected, impacting the
number of operations and the latency of the inference stage.
Overall, increasing (reducing) h results in faster (slower) and
less computationally intensive (more expensive) KWS, with a
potential penalty (gain) in accuracy. The proposed RFC mech-
anism leverages these relationships to implement dynamic
energy-quality scaling at runtime. Specifically, a KWS system
enhanced with RFC supports a predefined discrete set of hop
lengths H = {hi | i ∈ [1, L], hi < hi+1}, corresponding
to L distinct operating modes. Each mode reflects a different
trade-off between accuracy and computational cost, allowing
on-the-fly adaptation to runtime constraints such as energy

availability, thermal conditions, or processor workload.

Figure 2 illustrates the RFC mechanism. It graphically
shows how changing the hop length rescales the temporal
resolution of extracted features and, consequently, the overall
computational burden. The figure depicts two runtime config-
urations: one with hi =

1
3w (Fig. 2a), resulting in Ti frames,

and another with hi+1 = 2
3w (Fig. 2b), yielding Ti+1 = 1

2Ti

frames. The latter configuration, with reduced frame overlap,
has reduced representation and higher energy efficiency.

The key advantage of RFC lies in its ability to modulate
the computational cost of the entire pipeline without any
architectural changes to the deployed model or multiple model
instantiations. However, this flexibility introduces a major
challenge: models trained under a given hop length experience
substantial accuracy degradation once deployed on-field when
features are extracted with other hop lengths (see Section VI-C
for a quantitative assessment). This issue must be carefully
addressed to avoid prediction quality from falling below an
acceptable threshold. We thereby introduce two complemen-
tary techniques aimed at improving model robustness against
variable hop lengths: HopAugment, a training-time data aug-
mentation scheme, and Masked Layers, a mechanism to fix the
batch normalization and global average pooling layers of the
NN, ensuring statistical consistency in intermediate features
during training and inference.
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B. Rationale for Hop-Length-Based RFC

Among the front-end configuration parameters, the hop
length is uniquely suited to serve as an effective runtime
control knob for latency and energy scaling. Other front-
end hyper-parameters provide limited benefits or introduce
prohibitive overheads when adjusted at runtime.

Reducing the sampling rate requires band-limited interpo-
lation and anti-aliasing filtering of the input signal. These
operations introduce non-negligible computational overhead
that can partially or fully offset the savings achieved through
low-rate processing, especially in tightly constrained em-
bedded scenarios. Moreover, supporting dynamic resampling
typically needs different interpolation kernels for each target
rate, introducing extra memory overhead.

Modifying the window length has a marginal impact on
computational complexity. For an input waveform of N sam-
ples, the number of time frames T generated by the STFT is
given by

T =

⌊
N − w

h

⌋
+ 1,

where w is the window length and h is the hop length.
Since w ≪ N (the window length is constrained to a
narrow range of tens of milliseconds to preserve frequency
resolution), any modulation applied to it has a negligible
impact on T . Whereas, increasing h proportionally reduces T ,
with a direct impact on the number of STFT evaluations and
feature transformations.

Adjusting the FFT size is similarly unsuited for runtime
adaptation. The FFT size is selected as the smallest power-of-
two value greater than or equal to w to maximize computa-
tional efficiency, leaving no room for additional gains.

Reducing the number of Mel filterbank channels or MFCC
coefficients affects the frequency dimension of the features,
but not the number of time frames. This severely limits the
latency-scaling range achievable by modern embedded KWS
models based on temporal convolutions [12], [13], for which
the number of time frames defines the number of convolutional
windows, and hence the number of operations of the whole
network. On the other hand, the frequency dimension influ-
ences the computational cost of the first convolutional layer,
with no impact on the next layers. As a result, frequency-
resolution scaling yields negligible savings. Furthermore, sup-
porting a variable number of Mel bins or MFCC coefficients
would require storing separate Mel filterbanks or DCT matri-
ces, increasing the on-chip memory consumption.

Based on the above observations, hop-length scaling is
the only FE control knob that can effectively reduce the
computational cost of both the feature extraction and neural
inference stages, enabling efficient runtime adaptation without
introducing additional compute or memory overhead.

C. HopAugment

To enable accurate classification under variable front-end
configurations, HopAugment implements a training-time data
augmentation method that exposes the NN to features extracted
with hop lengths spanning the predefined discrete set H.

During training, each raw input waveform is randomly as-
signed a hop length hi uniformly picked from the discrete
set H and then transformed by the FE to produce the cor-
responding feature tensor. The procedure helps the model to
generalize across varying temporal dimensions introduced by
different hop settings, which is paramount for effective runtime
adaptation. However, with changes in the hop length, the
resulting feature tensors differ in the number of time frames,
with shorter hop lengths producing longer sequences. Since
deep learning frameworks typically require uniform tensor
dimensions within a training batch, all feature tensors are zero-
padded along the time axis to match the maximum length
observed, i.e., the length corresponding to the smallest hop
length in the set H.

It is worth noticing that HopAugment is fully compati-
ble with standard data augmentation techniques employed in
KWS training, including random time shifts, additive back-
ground noise, and spectro-temporal masking strategies such
as SpecAugment [48], which further enhance the model’s
robustness to temporal jitter, noise conditions, and spectro-
temporal masking. As discussed in Section V, we implemented
an augmentation pipeline that combines many of such tech-
niques, demonstrating that models trained with HopAugment
maintain high accuracy across all hop lengths in H, consis-
tently outperforming fixed-hop baselines.

As a final remark, we emphasize that training-time aug-
mentation specifically designed for variable hop lengths rep-
resents a key novelty of this work. Conventional augmentation
techniques deployed in image or audio tasks that rely on
resizing or resampling incur additional interpolation costs and
are therefore unsuitable for adaptive systems aimed at re-
ducing the computational loads. With hop-length modulation,
entire portions of the input signal are skipped during STFT
computation, resulting in a true reduction of the processing
workload. HopAugment enables the neural network to exploit
these benefits, preserving accuracy across multiple hop-length
configurations while fully realizing the computational gain.

D. Masked Layers

The CNNs deployed in KWS pipelines typically include
Batch Normalization (BN) layers to improve training stability
and Global Average Pooling (GAP) layers to reduce the
size of intermediate features. Unfortunately, the output of
these two layers is affected by the zero-padding introduced
by HopAugment on the input features to unify temporal
dimensions across the batch. This padding skews the activation
statistics computed by BN and GAP, leading to distribution
mismatches between training (with padding) and inference
(when no batching and hence no padding is used) that degrade
model performance, as demonstrated in Section VI-C.

To mitigate this effect, we introduce the Masked Layers,
which are a modified version of BN and GAP layers able to
account for the zero-padding by applying binary masks during
training. These masks ensure that only valid (i.e., non-padded)
elements contribute to the batch statistics, shielding BN and
GAP from distortions introduced with the HopAugment tech-
nique.
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a) Masked Batch Normalization: Let A ∈ RN×C×U×V

be a tensor representing a batch of intermediate activations,
where N is the batch size, C the number of channels, and
U × V the spatial resolution1. Standard BN layers compute
the per-channel mean µc and variance σ2

c as:

µc =
1

NUV

N,U,V∑
n,u,v=1

anchw, (1)

σ2
c =

1

NUV

N,U,V∑
n,u,v=1

(ancuv − µc)
2. (2)

where ancuv is the generic element at batch index n, in
channel c, height u, and width v.

Due to zero-padding introduced along the time dimension
(the tensor width), many entries ancuv are zero, especially for
configurations with larger hop lengths, distorting the computed
statistics and leading to mismatched behavior during inference,
when no batching and hence no padding is used. To correct
such skew, we define a binary mask M ∈ {0, 1}N×C×U×V

indicating whether the corresponding input position carries
valid data (1) or not (0). The masked BN statistics are then
computed as:

µc =
1∑N,U,V

n,u,v=1 mncuv

N,U,V∑
n,u,v=1

mncuvancuv, (3)

σ2
c =

1∑N,U,V
n,u,v=1 mncuv

N,U,V∑
n,h,w=1

mncuv(ancuv − µc)
2. (4)

This formulation ensures that only valid values contribute
to the mean and variance used for normalization, preserving
consistent activation statistics across training and inference.

b) Masked Global Average Pooling: In the standard GAP
operation, the pooled output znc for sample n and channel c
is given by:

znc =
1

UV

U,V∑
u,v=1

ancuv. (5)

As the average might misestimate the actual feature mag-
nitude due to zero-padding, we introduce the masked version
as follows:

znc =
1∑U,V

u,v=1 mncuv

U,V∑
u,v=1

mncuvancuv. (6)

Like for a masked BN layer, the resulting features reflect
the true input content, thereby enabling better model learning
under variable hop configurations.

To note that masked layers are only needed during training.
At inference time, padding is unnecessary since inputs are
processed individually, without batching, with a specific hop
length. Therefore, the masking operations can be safely omit-
ted from the inference graph, and the deployed model retains
the same structure as the original CNN architecture.

1Here, U and V are used instead of common W and H to avoid conflict
with FE parameters.

V. EXPERIMENTAL SETUP

Datasets. We evaluated the performance of the proposed
RFC using four widely adopted KWS benchmarks:

• Google Speech Commands datasets versions 1 (GSCv1)
and 2 (GSCv2) [51]. GSCv1 collects 64,727 recordings
of 30 commands from 1,881 speakers, while GSCv2
contains 105,829 recordings of 35 commands from 2,618
speakers. As done in previous works [11], [12], [14]–
[18], we selected ten commands as the target classes
(“Yes”, “No”, “Up”, “Down”, “Left”, “Right”, “On”,
“Off”, “Stop”, “Go”) and two additional classes for
“Silence” (background noise) and “Unknown” (populated
with samples from the remaining commands). In both
versions, the recordings have a maximum length of 1 s,
with a sampling rate of 16 kHz and a bit depth of 16
bits. We followed standard splits for training (80% of all
samples), validation (10%), and test (10%).

• Multilingual Spoken Words Corpus (MSWC) [52].
MSWC is a large-scale multilingual dataset designed
to support the development and evaluation of KWS for
voice-enabled consumer devices. In this work, we used
the English subset of the Microset version, which com-
prises approximately 96k one-second utterances spanning
31 target keywords. The recordings originally sampled at
48 kHz with 16-bit resolution were resampled to 16 kHz
to match the feature extraction pipeline used for the other
datasets. We followed the standard training, validation,
and test splits provided by the dataset.

• Hey Snips dataset [53]. This dataset targets wake-word
detection for the expression “Hey Snips” and includes a
diverse set of English accents, speakers, and recording
backgrounds. It consists of approximately 11k positive
utterances containing the wake word and 46k negative
utterances. All recordings were originally sampled at
16 kHz with 16-bit resolution. We adopted the standard
data splits defined in the original dataset.

Front-End and Augmentation. We extracted 40 MFCC
features using a frame length of 30ms, 40 Mel bins ranging
from 0 kHz to 8 kHz. During training, we set the proposed
HopAugment to generate MFCCs by randomly selecting
among three hop length values in the set H = {10ms, 15ms,
20ms}. These three values also define the three operating
modes of RFC that will be supported at runtime. We also
applied augmentation techniques commonly used in KWS
[11], [12], [14]–[18], including time shift in the range of
−100ms to 100ms, random background noise mixing with
a probability of 0.8, and SpecAugment [54] with 10 time and
5 frequency masks.

Neural Networks. We primarily focus on the TC-ResNet ar-
chitecture, which belongs to the family of models based on 1D
convolutions along the time dimension. TC-ResNet is widely
recognized as a competitive and efficient implementation of
time-channel convolutional KWS models and was commonly
adopted as a reference architecture by prior work [13], [14],
[16]–[19]. Compared with traditional 2D convolutional KWS
models, time-channel convolutional architectures reduce the
number of parameters and multiply–accumulate operations
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while maintaining competitive accuracy. This makes them
particularly suitable for deployment on microcontroller-class
devices, where computational resources, memory, and energy
budgets are tightly constrained. Alternative architectures, such
as transformer-based models, typically incur higher computa-
tional and memory costs and are usually devised for high-
end embedded CPUs. Nevertheless, we also consider two
other time-channel 1D convolutional networks in our study,
MatchboxNet [13] and TENet [14], which are representative
architectures to demonstrate the generality of RFC (Sec-
tion VI-C5).

Training. The training ran for 80k iterations using stochas-
tic gradient descent optimizer with momentum to 0.9, weight
decay to 1e−3, batch size to 100, and a learning rate linearly
increasing from zero to 0.1 over the first 2k iterations and then
decaying to zero with a cosine annealing schedule. Moreover,
we applied the proposed masked implementation to the BN
and GAP layers of the model.

Quantization. After training, we converted the 32-bit
floating-point model to an 8-bit integer representation using
post-training quantization (PTQ) for a more efficient de-
ployment. We implemented PTQ using the quantization API
provided by the ONNX Runtime2. The calibration set used to
collect quantization statistics was built randomly, taking 100
samples per class from the training set.

Deployment. The experiments were conducted on an
STM32 NUCELO-F767ZI board, featuring a 216-MHz
STM32F767ZI ARM Cortex-M7 core, 2MB of FLASH, and
512 kB of SRAM. For the FE processing, we borrowed the
MFCC implementation from the CMSIS-DSP library (ver-
sion 1.16.2) by ARM, which offers signal-processing func-
tions optimized for Cortex-M architectures. The quantized
ONNX models were converted into optimized C code using
the STEdgeAI-Core3 toolchain (version 2.20.0). Finally, we
cross-compiled the C code using the GNU Arm Embedded
Toolchain (arm-none-eabi-gcc version 11.3.1) with the
optimization flags -O3 and -ffast-math to maximize
performance.

Evaluation. For the assessment of the prediction quality,
we evaluated the top-1 classification accuracy of the quantized
model on the test set. We repeated training, quantization, and
evaluation on models initialized with 10 different random
seeds and reported the average and standard deviation of
accuracy over the 10 runs. This evaluation protocol accounts
for the inherent stochastic nature of neural network training
and is commonly adopted to obtain statistically reliable per-
formance estimates [12], [13], [16], [18]. To profile latency,
we performed on-board measurements for each RFC operating
mode by computing the average latency over 100 consecutive
inference runs interleaved by a 0.1-second pause following a
warm-up phase of 50 runs. Each inference run consists of the
FE and NN stages on a one-second input.

2https://onnxruntime.ai
3https://www.st.com/en/development-tools/stedgeai-core.html

VI. RESULTS

A. RFC vs Topology Scaling

The TC-ResNet-14-15 model trained with our setup sup-
ports three runtime operating modes corresponding to hop
lengths used during training with HopAugment: 10ms, 15ms,
and 20ms. Each mode exploits the same model architecture
and weights, allowing the target system to select the operating
mode either statically (at compile-time based on hardware
constraints) or dynamically (at runtime based on time-varying
energy, latency, or power constraints).

Figure 3 shows the accuracy and latency of the three RFC
modes on the four benchmark datasets. The three configura-
tions are represented by blue dots: the leftmost point represents
the 20ms mode (lowest accuracy and latency), while the
rightmost corresponds to 10ms (highest accuracy and latency).
These three configurations define a Pareto frontier, demonstrat-
ing that RFC enables flexible trade-offs between quality and
efficiency across a wide range of deployment scenarios. The
vertical error bars indicate the standard deviation of accuracy
over the 10 random seeds.

To evaluate the effectiveness of RFC compared to alternative
adaptive approaches, we compare it against Topology Scaling
(TS)—a standard strategy that adapts runtime behavior by
selecting from a set of independently trained network variants
of varying complexity. Specifically, we considered four TC-
ResNet variants: TC-ResNet-8, TC-ResNet-8-1.5, TC-ResNet-
14, and TC-ResNet-14-1.5 [12]. All models were trained using
the same standard pipeline described in Section V, with a fixed
hop length of 10ms (as in [12]), and without HopAugment
and Masked Layers. Each TS variant is trained separately
with a dedicated weight set to ensure optimal performance.
While some weight-sharing approaches to NN scaling exist
(see Section III), they typically result in reduced accuracy.
For this reason, despite being less suited for runtime adapta-
tion, TS represents a more challenging baseline for accuracy
comparisons.

In Figure 3, the performance of the four TS variants is
marked with a red cross. The plots show that RFC achieves
a superior latency-accuracy trade-off compared to TS. Across
the four datasets, RFC provides up to 31.8% latency reduction
at the same accuracy, or 0.30% higher accuracy at equivalent
latency, demonstrating a more efficient scaling behavior. These
gains stem from RFC’s unique ability to jointly modulate the
FE and NN workload, unlike TS (and other adaptive inference
strategies), which only scales the NN architecture, keeping the
FE stage unaltered.

The advantages of compound FE+NN rescaling in RFC can
be observed in the latency breakdown shown in Figure 4.
The bar chart illustrates the separate contributions of the FE
and NN components across the three RFC operating modes,
all based on the same TC-ResNet-14-1.5 architecture. As the
hop length increases, both FE and NN latencies consistently
decrease, yielding up to 1.9× faster processing (20ms vs.
10ms). This achievement demonstrates that the hop length
acts as a more effective knob for coordinated latency scaling
across the full KWS pipeline. As shown in Figure 1, with TS,
only the NN latency decreases across model variants, while the
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Fig. 3. Accuracy vs. Latency trade-offs obtained with Topology Scaling (TS) and the proposed Runtime Feature Compression (RFC) on an STM32F767ZI
MCU. Results on (a) GSCv1, (b) GSCv2, (c) MSWC, (d) Hey Snips.
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Fig. 4. KWS Latency using TC-ResNet-14-15 with different hop lengths on
an STM32F767ZI MCU.

FE latency remains constant. That is because all TS models
operate with the same hop length in the feature extraction
stage, leading to an unchanged number of STFT frames and
the same FE computational cost. The total achievable latency
reduction with TS is therefore limited to 1.6× (from TC-
ResNet-14-1.5 to TC-ResNet-8) due to the unchanged and still
dominant latency contribution of the FE. Moreover, the limited
latency scaling in TS comes at the cost of reduced model
capacity. Achieving lower latency in TS requires aggressive
reduction in the number of network parameters and arithmetic
operations, leading to noticeable accuracy drops in the fastest

TABLE II
INPUT FEATURE SHAPE (F × T ), NUMBER OF

MULTIPLY-AND-ACCUMULATE OPERATIONS (# MACS), AND SRAM
REQUIREMENTS WITH DIFFERENT HOP LENGTHS (hi).

hi F × T # MACs SRAM

10ms 40× 101 7.91M 13.04 kB
15ms 40× 67 5.30M 10.65 kB
20ms 40× 51 4.07M 9.52 kB

configuration: down to 96.06% on GSCv1 and 96.70% on
GSCv2. In contrast, RFC achieves its latency reduction with-
out modifying the network topology across operating modes,
thus preserving the full expressive power of the neural model.
Instead of sacrificing parameters, RFC leverages redundancy
in the input representation by scaling down the number of
input frames via increased hop length, significantly reducing
the computational demand of both FE and NN stages while
preserving accuracy. As a result, RFC enables wider and more
effective latency scaling while maintaining higher accuracy:
96.17% on GSCv1 and 96.84% on GSCv2 in its fastest mode.

Table II provides a detailed analysis of the impact of RFC
on the computational workload of the KWS pipeline, including
the input feature shape (F × T ), the number of multiply-
and-accumulate operations (# MACs), and the peak SRAM
requirement during neural inference. Increasing the hop length
reduces the number of time frames T from 101 at 10ms
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TABLE III
MEMORY REQUIREMENTS IN TERMS OF FLASH AND SRAM FOR RFC

AND T-RECX.

Method FLASH SRAM

RFC (Our) 360.03 kB 9.52–13.04 kB
T-RECX 367.38 kB 13.07 kB

to 67 at 15ms and 51 at 20ms, resulting in a proportional
reduction of the computational cost. The number of MACs
decreases from 7.91 M to 5.30 M and 4.07 M, respectively,
yielding inference speed-ups that closely follows the hop-
length scaling factors (15ms/10ms ≈ 148ms/101ms and
20ms/15ms ≈ 101ms/79ms). Due to lower values of T ,
the intermediate activation tensors are also shrunk accordingly,
leading to a reduction in peak SRAM usage from 13.04 kB
to 10.65 kB and 9.52 kB. Such memory compression repre-
sents an extra savings brought by RFC, which facilitates co-
execution with other tasks.

These results demonstrate that the FE, traditionally treated
as a static, fixed-cost pipeline stage, can instead be adjusted
at runtime, enabling performance and efficiency improvements
beyond those achievable through topology scaling alone. The
HopAugment and Masked Layers techniques contribute sub-
stantially to these remarkable results, as we demonstrate in
Section VI-C through dedicated ablation studies.

B. RFC vs. Early-Exit

In this subsection, we compare RFC against T-RECX [28],
an adaptive inference strategy based on early exit and designed
for resource-constrained edge devices such as MCUs. T-
RECX augments the neural network with an intermediate
classifier placed along the network depth, enabling early ter-
mination of inference when a confidence criterion is satisfied.
Specifically, if the confidence score produced by the interme-
diate classifier exceeds a predefined threshold, its prediction is
accepted; otherwise, inference proceeds to the final classifier.
The lower the threshold, the larger the probability of early
exits, which results in faster, yet less accurate inference.

For a fair comparison, we applied the T-RECX mechanism
to the TC-ResNet-14-1.5 architecture. Following the original
setup introduced in [28], we placed the early-exit block at
50% of the network depth, and we trained the model using a
weighted sum of the cross-entropy losses at the early and final
outputs, with the early-exit loss weighted by a factor of 0.3.

Figure 5 reports the achievable accuracy-latency trade-offs
for both approaches. The red crosses indicate the operating
points of T-RECX, obtained by sweeping the confidence
threshold from 0 (leftmost cross) to 1 (rightmost cross) in
increments of 0.1. The number of distinct operating points
may be smaller due to overlapping configurations, as varying
the threshold might not change the early versus late prediction
ratio.

The results highlight the main limitation of early-exit strate-
gies such as T-RECX. Moving on the curves from left to right,
after a first region characterized by modest speedups and low
accuracy loss, the trade-off curve exhibits a sudden drop where

TABLE IV
TOP-1 CLASSIFICATION ACCURACY (IN %) MEASURED ON THE TEST SET

(AVERAGE OVER 10 RANDOM SEEDS AND STANDARD DEVIATION) OF
TC-RESNET-14-1.5 TRAINED WITH A STANDARD TRAINING (FIRST ROW),
ADDING HOPAUGMENT (SECOND ROW), AND ADDING MASKED LAYERS

(THIRD ROW) FOR DIFFERENT HOP-LENGTH VALUES. RESULTS ON
GSCV1, GSCV2, MSWC, AND HEY SNIPS.

Dataset Training Test-time Hop Length
10ms 15ms 20ms

GSCv1
Standard h=10ms 96.73±0.21 93.24±0.37 81.93±0.58

+ HopAugment 96.70±0.18 95.90±0.20 93.62±0.40

+ Masked Layers 96.79±0.22 96.70±0.23 96.17±0.21

GSCv2
Standard h=10ms 97.22±0.17 94.77±0.24 85.69±0.81

+ HopAugment 97.22±0.17 96.70±0.22 95.06±0.24

+ Masked Layers 97.24±0.23 97.21±0.16 96.84±0.13

MSWC
Standard h=10ms 94.58±0.10 91.96±0.23 83.13±0.50

+ HopAugment 94.46±0.13 94.33±0.15 93.29±0.21

+ Masked Layers 94.82±0.16 94.50±0.20 93.86±0.22

Hey Snips
Standard h=10ms 99.38±0.02 98.96±0.12 95.45±0.87

+ HopAugment 99.36±0.03 99.33±0.02 99.28±0.03

+ Masked Layers 99.40±0.04 99.38±0.03 99.36±0.03

lowering the confidence threshold leads to marginal latency
reductions. This behavior arises because the latency of the
front-end stage becomes the dominant contribution, and does
not benefit from an early exit of the NN stage. In other words,
even in the fastest configuration (corresponding to a confidence
threshold of 0), the end-to-end latency is bounded by the front-
end cost. To notice that such a fastest T-RECX configuration
is still dominated by RFC in both latency and accuracy.

Just like other early-exit strategies, T-RECX inherently
lacks predicability. Indeed, the confidence score is input-
dependent, and actual savings do change with the input
streams, with potential deviations from what is observed
during the test phase. In the worst case, when the data
are particularly complex, consistently low confidence scores
force execution of the full network, resulting in no savings
at all. Instead, RFC offers deterministic control, which is
paramount for IoT applications requiring predictable latency,
energy consumption, and responsiveness.

Table III shows a comparison of the memory footprint in
terms of FLASH, used to store network weights, and SRAM,
required for intermediate activations. While RFC preserves
the original model footprint (360.03 kB of FLASH, 13.04 kB
of SRAM for the most accurate configuration), T-RECX
introduces memory overhead due to the additional early-exit
classifier, incurring 7.35 kB of extra FLASH and up to 3.55 kB
of additional SRAM (compared with the fastest the RFC con-
figuration). Even though the overhead may seem negligible,
memory is a critical and tightly constrained resource shared
with other software components, like buffers, control logic,
and peripheral drivers. Therefore, approaches like RFC that
enable runtime adaptation without extra memory are better
suited for deployments on tiny IoT platforms.

C. Ablation Studies

To further motivate and demonstrate the advantages brought
by the proposed training optimizations, we conducted a struc-
tured set of targeted ablation studies. The first study focuses
on the contributions of HopAugment and Masked Layers,
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Fig. 5. Accuracy vs. Latency trade-offs obtained with early-exit (T-RECX [28]) and the proposed Runtime Feature Compression (RFC) on an STM32F767ZI
MCU. Results on (a) GSCv1, (b) GSCv2, (c) MSWC, (d) Hey Snips.

demonstrating their role in preserving accuracy across different
operating modes. The second study compares the proposed
HopAugment strategy based on mixed-hop-length batches
against an alternative baseline that enforces a uniform hop
length within each training batch, thereby assessing the impact
of multi-hop length batch composition on the model’s ability
to generalize across multiple configurations. The third study
compares RFC against a baseline where separate weight sets
are trained for single hop lengths, highlighting RFC’s ability
to match with, and eventually improve over models specialized
to a single hop configuration. The fourth study evaluates RFC
on a larger number of operating modes, assessing its ability to
support fine-grained runtime scaling. Finally, the fifth study
investigates the applicability of RFC to a different model
architecture.

1) HopAugment and Masked Layers: To assess the contri-
bution of HopAugment and Masked Layers, we conducted an
ablation study comparing three training configurations:

(i) Standard training: training with fixed hop length of
10ms, no HopAugment, no Masked Layers;

(ii) Training with HopAugment only;
(iii) Training with both HopAugment and Masked Layers, as

detailed in Section IV.
After training, each model was evaluated across all three
hop lengths (10ms, 15ms, and 20ms). Table IV reports the
average and standard deviation of accuracy across 10 random
seeds for each configuration.

The results show the limitations of standard training to
supporting hop-length scaling (row Standard h=10ms). For
example, on GSCv1, the model trained with fixed hop length
achieves 96.73% accuracy at 10ms but drops sharply to
93.24% and 81.93% at 15ms and 20ms, respectively. Such
large degradation clearly indicates that conventional training
cannot generalize across different hop lengths.

HopAugment improves generalization (row + HopAug-
ment), resulting in less accuracy loss under longer hop lengths.
On GSCv1, for example, accuracy improves to 95.90% at
15ms and 93.62% at 20ms, yet a notable performance gap
remains. This is due to a mismatch in activation statistics in
the output of BN and GAP layers, caused by the zero padding
used in training that is absent at inference time.

The introduction of the Masked Layers effectively fixes
these issues (row + Masked Layers). The resulting model
achieves consistent accuracy across all operating modes: from
96.79% to 96.17% on GSCv1, and from 97.24% to 96.84% on
GSCv2, showing minimal degradation with hop-length scaling.

The results confirm that HopAugment alone is insufficient
to maintain competitive accuracy across all hop-length con-
figurations. Masked Layers are important to preserve compat-
ible normalization and pooling statistics under dynamically
compressed features. The combined use of HopAugment and
Masked Layers is key to enabling RFC to generalize properly.
These findings also reveal that HopAugment fundamentally
differs from conventional augmentation techniques, like resiz-
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TABLE V
TOP-1 CLASSIFICATION ACCURACY (IN %) MEASURED ON THE TEST SET

(AVERAGE OVER 10 RANDOM SEEDS AND STANDARD DEVIATION) OF
TC-RESNET-14-1.5 TRAINED WITH MIXED-HOP-LENGTH BATCHES AND

UNIFORM-HOP-LENGTH BATCHES (SECOND ROW) FOR DIFFERENT
HOP-LENGTH VALUES. RESULTS ON GSCV1 AND GSCV2.

Dataset Training Batches Test-time Hop Length
10ms 15ms 20ms

GSCv1 Mixed (RFC) 96.79±0.22 96.70±0.23 96.17±0.21

Uniform 96.57±0.19 95.91±0.24 95.44±0.13

GSCv2 Mixed (RFC) 97.24±0.23 97.21±0.16 96.84±0.13

Uniform 97.26±0.14 96.54±0.19 96.45±0.21

ing, which typically produce features with similar statistics
and do not require such kind of mechanisms.

2) Training with Mixed- vs. Uniform-Hop-Length Batches:
A potential alternative to the proposed training strategy con-
sists of avoiding mixed-size features by enforcing a uniform
hop length per batch. In this setting, all samples within
a training batch share the same hop length, avoiding the
need for feature padding and Masked Layers. Batches cycle
over the target hop lengths. For instance, batch 0, 10ms,
batch 1, 15ms, batch 2, 20ms, (and then loop) batch 3, 10ms.
We implemented this Uniform-Hop-Length strategy, whose
results are reported in Table V together with those obtained
with our Mixed-Hop-Length strategy. For both methods, the
collected numbers refer to the average and standard deviation
of accuracy over 10 random seeds.

Uniform-Hop-Length batching achieves comparable, and
in some cases slightly higher, accuracy working under the
smallest hop length (e.g., −0.22% on GSCv1 and +0.02%
on GSCv2 at 10ms). However, it exhibits substantial degra-
dation when tested with larger hop lengths, namely, for faster
operating modes. Specifically, accuracy drops by 0.79% and
0.73% on GSCv1 at 15ms and 20ms, respectively, and by
0.67% and 0.39% on GSCv2.

These findings suggest that training with mixed hop lengths
within each batch is important to learning model weights
that generalize robustly across the available operating modes.
While uniform hop length simplifies tensor handling, it pre-
vents robust learning from variable configurations, resulting
in weaker generalization at larger hop lengths. This further
motivates the joint use of HopAugment and Masked Layers
to enable effective runtime hop-length scaling.

3) RFC vs. Specialized Models: RFC operates using a
single, shared weight set across all supported hop lengths.
To evaluate its effectiveness, we compared RFC against a
set of models individually trained for a fixed hop length.
Specifically, we trained three separate instances of TC-ResNet-
14-1.5 using hop lengths of 10ms, 15ms, and 20ms, and the
standard training procedure, namely, without HopAugment and
Masked Layers. Table VI summarizes the results. Each model
is evaluated under the three hop-length settings at inference
time. For ease of comparison, we also included the RFC results
(already reported in Figs. 3a and 3b). Two key insights emerge
from the analysis of the collected results.

First, all models trained with a fixed hop length (first three
rows in each section) exhibit significant accuracy degradation

TABLE VI
TOP-1 CLASSIFICATION ACCURACY (%) COMPARISON BETWEEN RFC
AND INDIVIDUALLY RETRAINED MODELS SPECIALIZED TO FIXED HOP
LENGTHS (10ms, 15ms, AND 20ms). RESULTS ON GSCV1, GSCV2,

MWSC, AND HEY SNIPS.

Dataset Training Test-time Hop Length
10ms 15ms 20ms

GSCv1
Standard h=10ms 96.73±0.21 93.24±0.37 81.93±0.58

Standard h=15ms 93.15±0.49 96.56±0.20 94.77±0.27

Standard h=20ms 81.56±1.07 94.95±0.26 96.29±0.27

RFC 96.79±0.22 96.70±0.23 96.17±0.21

GSCv2
Standard h=10ms 97.22±0.17 94.77±0.24 85.69±0.81

Standard h=15ms 94.15±0.22 97.18±0.12 96.04±0.22

Standard h=20ms 81.83±1.16 95.46±0.23 96.93±0.15

RFC 97.24±0.23 97.21±0.16 96.84±0.13

MSWC
Standard h=10ms 94.58±0.10 91.96±0.23 83.13±0.50

Standard h=15ms 90.44±0.24 94.52±0.13 93.17±0.09

Standard h=20ms 81.36±0.77 92.46±0.15 94.13±0.18

RFC 94.82±0.16 94.50±0.20 93.86±0.22

Hey Snips
Standard h=10ms 99.38±0.02 98.96±0.12 95.45±0.87

Standard h=15ms 99.23±0.04 99.38±0.03 99.30±0.02

Standard h=20ms 98.17±0.15 99.25±0.06 99.37±0.04

RFC 99.40±0.04 99.38±0.03 99.36±0.03

when evaluated with a different hop length than used in
training. For example, on GSCv1 (top section of the table),
the model trained with 15ms-hop length achieves its highest
accuracy when evaluated with 15ms (96.56%), but perfor-
mance drops to 93.15% at 10ms and 94.77% with 20ms. The
drop is quite evident for 10ms, where a shorter hop length,
despite delivering finer features, results in worse performance
due to a mismatch in temporal granularity between training
and test. Similar trends are observed on GSCv2, MSWC and
Hey Snips. These findings reveal that models trained with a
fixed hop length lack robustness to hop-length variations and
are therefore unsuited for runtime adaptation.

Second, and perhaps more remarkably, the RFC-trained
model not just holds high accuracy across all hop lengths, but
often outperforms models specialized for each configuration,
where the train-time and test-time hop lengths do match.
For instance, on GSCv1 with 10ms, RFC achieves 96.79%
accuracy, exceeding the 96.73% achieved by the fixed-hop
model. With 15ms, RFC achieves 96.70% vs. 96.56% for the
fixed-hop model. The only exception is with 20ms, where
the fixed-hop model slightly outperforms RFC (96.29% vs.
96.17%). The same pattern is observed on GSCv2.

The above results demonstrate that, compared to static,
hop length-specific training, the proposed RFC-enhanced train-
ing enables effective runtime adaptivity, without compromis-
ing, and sometimes improving, accuracy. This highlights the
strength of HopAugment and Masked Layers, which enable
single models to generalize across varying hop lengths without
performance penalties.

4) Number of Operating Modes: This subsection aims to
assess whether the proposed approach gets stable under a
finer trade-off with more operating modes. We evaluated RFC
using five operating modes, corresponding to hop lengths
h ∈ {10, 12.5, 15, 17.5, 20}ms. Figure 6 shows the resulting
accuracy-latency trade-offs on GSCv1 and GSCv2, using
topology scaling (TS) as the baseline. RFC achieves a superior
trade-off even with a larger number of operating modes,
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Fig. 6. Accuracy vs. Latency trade-offs obtained with Topology Scaling (TS)
and RFC with five operating modes on an STM32F767ZI MCU. Results on
(a) GSCv1 and (b) GSCv2.

demonstrating effective fine-grained runtime scaling.

5) RFC with Other Model Architectures: While the previ-
ous studies were conducted on the TC-ResNet architecture,
well known for its favorable balance between accuracy and
efficiency, and therefore commonly adopted for deployment
on resource-constrained devices, RFC is conceived as an
orthogonal strategy that can be seamlessly applied to other
model architectures. To demonstrate its general applicability,
we conducted additional experiments using MatchboxNet [13],
a more recent KWS model based on time-channel separa-
ble convolutions, and TENet [14], a time-channel convolu-
tional architecture built with inverted bottleneck blocks. The
MatchboxNet family includes three variants with increasing
depth and width (MatchboxNet3x1x64, MatchboxNet3x2x64,
and MatchboxNet6x2x64), while the TENet family comprises
four variants (TENet6Narrow, TENet12Narrow, TENet6,
TENet12), which serve as the backbones for the topology
scaling (TS) strategy. Figures 7 and 8 report the corresponding
accuracy–latency trade-offs, comparing TS variants against
the RFC-enhanced MatchboxNet6x2x64 and TENet12 models,
respectively. The results confirm that RFC delivers superior
quality compared to TS, preserving higher accuracy while
enabling faster inference. These findings demonstrate that the
benefits of RFC extend across different neural architectures,
proving its broad applicability.

VII. CONCLUSION

This work introduced Runtime Feature Compression (RFC),
a novel strategy that enhances the adaptability of keyword
spotting (KWS) systems deployed in energy-constrained and
latency-sensitive IoT environments. Unlike conventional adap-
tive approaches that rescale only the neural network architec-
ture, RFC enables joint runtime rescaling of both the front-
end and the neural network by dynamically adjusting the hop
length in the early stages of the processing pipeline. This
compound scaling mechanism allows a single trained model to
operate efficiently across multiple accuracy-latency operating
points without requiring multiple weight sets or architectural
modifications.

Extensive experimental evaluations on four widely used
KWS benchmarks demonstrated that RFC consistently
achieves superior latency-accuracy trade-offs compared to
state-of-the-art adaptive methods. In particular, RFC attains
up to 31.8% latency reduction without accuracy degradation,
or up to 0.30% higher accuracy under equivalent latency
constraints. These gains stem from RFC’s ability to reduce
the computational load of both feature extraction and neural
inference in a coordinated manner, rather than limiting adap-
tation to the classifier alone.

A comprehensive set of ablation studies further validated
the robustness and generality of the proposed approach. The
ablations showed that HopAugment and Masked Layers are
both essential to preserve accuracy under variable hop-length
configurations, that mixed-hop-length batching is critical for
effective generalization across operating modes, and that RFC
can match or outperform models specialized to fixed hop
lengths while using a single shared weight set. Additional
studies demonstrated that RFC supports fine-grained runtime
scaling with an increased number of operating modes and gen-
eralizes effectively to different neural network architectures.
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