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Abstract

Human Activity Recognition (HAR) on wearable and IoT devices must jointly satisfy four
requirements: high accuracy, the ability to recognize previously unseen activities, strict
memory and latency constraints, and interpretable decisions. In this work, we address
all four by introducing an explainable Kolmogorov—Arnold Network for Human Activity
Recognition (TinyKAN-HAR) with a zero-shot learning (ZSL) module, designed specifically
for TinyML edge devices. The proposed KAN replaces fixed activation functions by learn-
able one-dimensional spline operators applied after linear mixing, yielding compact yet
expressive feature extractors whose internal nonlinearities can be directly visualized. On
top of the KAN latent space, we learn a semantic projection and cosine-based compatibility
function that align sensor features with class-level semantic embeddings, enabling both pure
and generalized zero-shot recognition of unseen activities. We evaluate our method on three
benchmark datasets (UCI HAR, WISDM, PAMAP?2) under subject-disjoint and zero-shot
splits. TinyKAN-HAR consistently achieves over 97% macro-F1 on seen classes and over
96% accuracy on unseen activities, with harmonic mean above 96% in the generalized ZSL
setting, outperforming CNN, LSTM and Transformer-based ZSL baselines. For explain-
ability, we combine gradient-based attributions, SHAP-style global relevance scores and
inspection of the learned spline functions to provide sensor-level, temporal and neuron-level
insights into each prediction. After 8-bit quantization and TinyML-oriented optimizations,
the deployed model occupies only 145 kB of flash and 26 kB of RAM, and achieves an
average inference latency of 4.1 ms (about 0.32 mJ per window) on a Cortex-M4F-class
microcontroller, while preserving accuracy within 0.2% of the full-precision model. These
results demonstrate that explainable, zero-shot HAR with near state-of-the-art accuracy is
feasible on severely resource-constrained TinyML edge devices.

Keywords: Kolmogorov—Arnold networks; human activity recognition; zero-shot learning;
TinyML; edge Al explainable artificial intelligence; wearable sensors; semantic embeddings

1. Introduction

Human Activity Recognition [1] from wearable and mobile sensors has become a key
enabling technology for a wide range of applications, including health and fitness moni-
toring, rehabilitation, smart homes, industrial safety, and context-aware human—computer
interaction [2]. Recent advances in inertial measurement units (IMUs), low-power wireless
communication, and embedded processors have made it possible to continuously collect
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rich multivariate time-series data from accelerometers, gyroscopes, and other sensors [3].
Translating these raw signals into reliable activity labels on-device is essential for building
responsive, privacy-preserving, and energy-efficient systems that can operate without
permanent cloud connectivity.

Despite the rapid progress of deep learning in HAR, several important challenges
remain. First, deployed systems must achieve high recognition accuracy under realistic
conditions, including subject variability, sensor placement changes, and noisy measure-
ments [4]. Second, real-world deployments frequently encounter activities that were not
present during training, for example new exercise routines, novel gestures, or unforeseen
occupational tasks. Conventional supervised learning pipelines are not designed to recog-
nize such unseen classes and therefore tend to misclassify them as the most similar known
activity, which can be problematic in safety-critical scenarios [5]. Third, many emerging
applications operate under strict resource constraints: wearable devices and IoT nodes often
rely on microcontrollers with a few hundred kilobytes of flash, tens of kilobytes of RAM,
and milliwatt-level power budgets. Finally, there is a growing demand for models whose
predictions can be interpreted and trusted by domain experts, clinicians, and end-users,
especially when decisions are used to trigger interventions or are recorded in medical or
occupational records [6]. Deep neural networks based on convolutional neural networks
(CNNs), recurrent neural networks (RNNs), and Transformer architectures have achieved
impressive performance on benchmark HAR datasets [7,8]. However, these models are
typically over-parameterized for deployment on resource-constrained microcontrollers,
often requiring hardware accelerators or offloading to the cloud [9]. Moreover, their deci-
sion process is usually opaque, as the learned internal representations are difficult to relate
to physically meaningful patterns in the sensor signals. Although post-hoc explanation
methods such as saliency maps, gradient-based relevance scores, and Shapley-value ap-
proximations have been applied to time-series models, the resulting explanations can be
unstable and are not always aligned with the underlying model structure [10]. In parallel,
TinyML research has proposed compressed and quantized models tailored for microcon-
trollers, yet most of these efforts have prioritized footprint and latency over explainability
and the ability to handle unseen activities [11]. Zero-shot learning (ZSL) offers a principled
way to recognize unseen classes by leveraging auxiliary semantic information such as
textual descriptions, attributes, or embeddings derived from large language models [12,13].
In the ZSL paradigm, the model learns a compatibility function between input features and
semantic class prototypes, allowing it to infer labels for classes that were not present in
the training set but whose semantic representations are available at test time [14]. While
ZSL has been widely studied in computer vision and, to a lesser extent, in audio and
generic time series, its application to HAR remains relatively unexplored [15], especially
under microcontroller-level resource constraints. Existing ZSL approaches typically rely on
high-capacity backbones and are not designed for quantized TinyML deployment, nor do
they explicitly address interpretability [16].

In this work, we tackle these challenges by combining three complementary
ideas: (1) compact yet expressive neural architectures suitable for TinyML deployment,
(2) semantic-embedding-based zero-shot learning tailored to sensor-based HAR, and (3) in-
trinsic and post-hoc explainability mechanisms that provide multi-level insight into model
decisions. Our starting point is the recently proposed Kolmogorov—Arnold Networks
(KANSs), which replace conventional pointwise activation functions with learnable one-
dimensional spline operators applied after linear mixing. Compared to standard multilayer
perceptrons, KANs can obtain similar or better accuracy with fewer parameters while
exposing interpretable univariate nonlinearities that can be directly inspected. These prop-
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erties make KANSs an attractive candidate for building HAR models that are both compact
and interpretable.

To make the model behavior transparent, we integrate several explainability mech-
anisms. At the input level, we employ gradient-based attribution methods to highlight
which sensors and time steps have the strongest influence on the predicted activity, al-
lowing practitioners to verify that the model focuses on meaningful motion patterns. At
the feature level, we compute SHAP-style global relevance scores over the latent dimen-
sions to identify the most important learned features for each class. At the neuron level,
we directly inspect and visualize the learned spline functions in the KAN layers, which
reveal interpretable nonlinear transformations of intermediate features and provide insight
into how the model separates different activities. In this work, we distinguish between
interpretability and explainability,

which are often used interchangeably in the literature. We follow the common view
that interpretability refers to intrinsic model properties that are directly understandable by
humans, such as transparent architectures or components whose behavior can be explicitly
inspected. In contrast, explainability refers to post-hoc techniques that aim to explain the
predictions of an otherwise complex or opaque model, for example through attribution,
relevance, or sensitivity analysis. This distinction allows us to clearly position the proposed
approach as combining both intrinsic interpretability, enabled by Kolmogorov—Arnold
Networks, and post-hoc explainability methods applied at multiple levels of the model.

The main contributions of this paper are summarized as follows:

*  Weintroduce TinyKAN-HAR, a compact KAN-based HAR architecture specifically de-
signed for deployment on resource-constrained TinyML platforms, leveraging learnable
spline-based nonlinearities to achieve high accuracy with a small memory footprint.

¢  We develop a semantic-embedding-based zero-shot learning module on top of the
KAN latent space that aligns sensor representations with class-level semantic proto-
types, enabling recognition of both seen and unseen activities in pure and generalized
zero-shot settings while remaining compatible with TinyML deployment via model
compression and quantization-aware training.

e We propose a multi-level explainability framework and conduct comprehensive
experiments and ablation studies, showing that TinyKAN-HAR provides competitive
or superior performance compared to strong CNN/RNN/Transformer baselines,
while offering inherently interpretable decisions and practical guidelines for building
accurate, transparent, and ultra-efficient HAR models on edge devices.

The remainder of this paper is organized as follows. Section 2 reviews the existing
literature on sensor-based human activity recognition, TinyML, and explainable deep mod-
els. Section 3 introduces the proposed TinyKAN-HAR architecture and its zero-shot and
explainability modules, datasets, preprocessing pipeline. Section 4 describes the baselines,
and implementation details. Section 5 reports the quantitative and qualitative evaluation
of the proposed approach. Section 6 provides an in-depth discussion of the results, design
choices, limitations, and deployment implications. Finally, Section 7 concludes the paper
and outlines directions for future work.

2. Related Work
2.1. Human Activity Recognition

HAR aims to automatically identify physical activities from sensor data [17]. In ubig-
uitous and wearable computing, HAR mainly relies on accelerometers, gyroscopes, and
magnetometers embedded in smartphones, smartwatches, fitness trackers, and dedicated
wearables, sometimes complemented by ambient sensors (e.g., motion, pressure, envi-
ronmental) in smart-home settings [7,18]. Classical HAR pipelines segment raw signals
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into fixed or adaptive windows, extract hand-crafted time/frequency features (e.g., mean,
standard deviation, energy, entropy, dominant frequency), and feed them to traditional
classifiers such as KNN, SVMs, random forests, or gradient-boosted trees [19-23]. While
effective, this approach relies heavily on domain-specific feature engineering and is sen-
sitive to changes in sensor placement, sampling rate, or population [6]. Deep learning
replaces hand-crafted features with learned representations from raw or lightly processed
signals [1-4]. CNNs capture local temporal patterns in inertial data [24-26], whereas RNNs
(LSTMs, GRUs) focus on long-term temporal dependencies [27-31]. More recent TCN
and Transformer-based architectures use dilated convolutions or self-attention to model
longer-range dependencies and support parallelization [32-38]. However, these models are
mostly designed for resource-rich platforms (e.g., GPUs, desktop CPUs) and rarely target
highly constrained edge devices.

2.2. TinyML and Edge Deployment

Tiny machine learning (TinyML) focuses on deploying ML models directly on severely
resource-limited devices such as MCUs and ultra-low-power SoCs [11]. Typical targets offer
only tens to a few hundreds of kilobytes of RAM, limited flash, and modest clock frequen-
cies, often powered by small batteries or energy harvesting [39]. Under these constraints,
models must simultaneously satisfy strict memory, compute (e.g., MAC operations), and
energy budgets, while maintaining acceptable accuracy [40]. To support deep learning in
this regime, a variety of compression and optimization techniques have been proposed, in-
cluding post-training and quantization-aware training to low precision, pruning, low-rank
factorization, and compact architecture design [41,42]. Frameworks such as TensorFlow
Lite for Microcontrollers and CMSIS-NN provide optimized kernels tailored to embedded
hardware [43,44]. HAR is a natural TinyML use case, as many wearables and IoT devices
already integrate inertial sensors and benefit from on-device inference for privacy, band-
width reduction, and low latency [45]. Existing TinyML HAR systems typically use shallow
CNNs, small RNNs with aggressive compression, or classical ML models implemented
in fixed-point arithmetic. However, most works assume a closed set of activities and pay
limited attention to generalization to unseen activities or to interpretability directly on
device [11].

2.3. Kolmogorov—Arnold Networks (KANs)

KAN:Ss are a neural architecture inspired by the Kolmogorov—Arnold representation
theorem, which states that any multivariate continuous function can be expressed as a
composition of univariate continuous functions and addition operations [46]. Unlike
MLPs, which rely on linear transformations followed by fixed pointwise nonlinearities
(e.g., ReLU, tanh), KANs parameterize learnable univariate functions along the edges and
use simple linear combinations at the nodes [47]. In practice, these univariate functions are
often implemented as spline-based units or other smooth basis functions with learnable
coefficients, so each edge represents a flexible scalar function and each neuron aggregates
its inputs linearly. This design can increase expressive power per parameter and yields
more interpretable internal representations, as the learned univariate functions can be
directly visualized [48]. KANs have shown promising results on regression for tabular
data, low-dimensional scientific computing, and, more recently, in vision and signal-
processing tasks [49]. For resource-constrained HAR, KANs are appealing because their
higher expressivity per parameter can enable smaller models, the spline-based functions
provide a natural handle for interpretability, and their arithmetic (look-ups and linear
combinations) can be implemented efficiently on MCUs, making them a plausible backbone
for TinyML-based HAR [50].
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2.4. Zero-Shot Learning for Activity Recognition

Zero-shot learning (ZSL) aims to recognize classes unseen during training by ex-
ploiting auxiliary semantic information relating seen and unseen classes [14]. Instead of
mapping inputs directly to labels, ZSL methods learn an embedding or compatibility func-
tion between input space and a semantic space hosting both seen and unseen classes [51].
At test time, an input is assigned to the class whose semantic representation best matches
the predicted embedding. Two main semantic spaces are common. Attribute-based ZSL
uses manually defined or weakly supervised attributes describing high-level class proper-
ties (e.g., “uses upper body”, “high energy”, “indoor”) [52]. Embedding-based ZSL instead
adopts distributed text-based representations (word2vec, GloVe, BERT-like embeddings)
for class names or descriptions [53], and learns to project sensor data into that space. For
HAR, ZSL is attractive because the activity space is effectively unbounded, and collecting
labeled data for all activities under all conditions is infeasible. Prior work has leveraged
attributes or word embeddings for unseen activity recognition [54], but faces challenges
such as semantic domain shift, hubness in high-dimensional embeddings, and the difficulty
of defining meaningful attributes for complex activities. Moreover, existing ZSL methods
for HAR are typically designed for resource-rich platforms and rarely consider TinyML
deployment constraints.

2.5. Explainable Al in HAR and TinyML

Explainable AI (XAI) [55] aims to clarify how and why models make predictions. In
HAR, interpretability supports user trust, human-in-the-loop decision making (e.g., health-
care, industrial monitoring), and model debugging. Explanations are often categorized
into local and global ones: local methods explain individual predictions (e.g., identifying
influential time steps, sensors, or features), while global methods summarize overall model
behavior or decision rules. Common local techniques include perturbation- or gradient-
based feature importance, saliency maps over time and channels, and example-based
explanations that highlight similar training samples (prototypes) [56]. Global explanations
can be derived via rule extraction, surrogate decision trees, or inherently interpretable
model designs. On TinyML devices, XAl is particularly challenging: post-hoc methods may
require many forward passes, large prototype sets, or gradient computations that are expen-
sive or unsupported for quantized, integer-only models [57]. Storing explanation artifacts
(e.g., attribution maps, surrogates) can also exceed available memory. Consequently, most
deployed HAR systems on MCUs either omit explicit explanations or offload explanation
computation to the cloud, which may conflict with privacy and latency requirements. This
motivates architectures and explanation strategies that are intrinsically lightweight and
amenable to on-device computation.

3. Proposed Methodology
3.1. Datasets

We evaluate the proposed explainable Kolmogorov—Arnold Network for zero-shot
human activity recognition on TinyML edge devices using three publicly available datasets:

UCI Human Activity Recognition Using Smartphones (UCI HAR), WISDM Smartphone
and Smartwatch Activity and Biometrics, and PAMAP2 Physical Activity Monitoring.

3.1.1. UCI HAR Dataset

The UCI HAR dataset [58] contains recordings from 30 volunteers (aged 19-48 years)
wearing a single smartphone (Samsung Galaxy S II) attached to the waist while performing
six activities: WALKING, WALKING_UPSTAIRS, WALKING_DOWNSTAIRS, SITTING, STANDING and
LAYING. A triaxial accelerometer and triaxial gyroscope sample linear acceleration and
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angular velocity at 50 Hz, yielding a six-dimensional raw sensor stream. The dataset
provides pre-segmented windows of 128 samples (2.56 s) with 50% overlap, each labeled
by the majority activity. We follow the original subject-wise split, where 21 subjects (about
70%) are used for training and 9 for testing. From the 21 training subjects, we randomly
select 4 subjects for validation and keep the remaining 17 for model training, ensuring that
no subject appears in more than one subset. This setup allows us to evaluate generalization
to unseen users. For the ZSL scenario, we partition the six activities into seen and unseen
classes. We treat level activities as seen and stair-related activities as unseen: WALKING,
SITTING, STANDING and LAYING are used as seen classes, while WALKING_UPSTAIRS and
WALKING_DOWNSTAIRS are unseen and only appear at test time. This reflects a practical
scenario in which an on-device model trained on common activities must later recognize
related but previously unseen motions such as stair walking based on semantic relations.

Preprocessing follows the original protocol: removal of sensor bias, separation of body
and gravity acceleration using a low-pass filter, and per-channel normalization to zero
mean and unit variance. Normalization statistics are computed on the training set only and
applied to validation and test sets to avoid information leakage.

3.1.2. WISDM Smartphone and Smartwatch Activity Dataset

The WISDM Smartphone and Smartwatch Activity and Biometrics dataset [59] ex-
tends the smartphone-only setting by instrumenting 51 volunteers with both a smartphone
and a smartwatch. For each subject, a triaxial accelerometer and triaxial gyroscope are
recorded on each device as the subject performs 18 activities of daily living for approxi-
mately three minutes per activity. All four sensor streams (phone accelerometer, phone
gyroscope, watch accelerometer, watch gyroscope) are sampled at 20 Hz. Activities in-
clude common motions (e.g., walking, jogging, walking_upstairs, walking_downstairs,
sitting, standing) as well as fine-grained daily actions such as typing, brushing_teeth
and using_stairmaster. After synchronization and alignment of the four sensor channels,
we represent each window as a multivariate time series of dimension 12 (three axes from
each of the four sensors). Using windows of 200 samples (10 s at 20 Hz) with 50% over-
lap, we generate time-series segments labeled with one of the 18 activities and associated
with a subject identifier in {1, ...,51}. To obtain subject-independent splits, we randomly
assign 35 subjects to training, 8 to validation and 8 to testing, ensuring that each subject
appears in exactly one subset. All windows produced by a given subject are placed in the
corresponding split, so that the test set truly measures generalization to unseen users. For
the zero-shot split, we exploit the richer activity vocabulary of WISDM to design a more
challenging ZSL setting. We select a subset of locomotion and high-intensity activities as
unseen: jogging, walking_upstairs, walking_downstairs and jumping. The remaining
14 activities form the seen set and are the only labels observed during training. At test time,
we evaluate both seen and unseen classes, relying on semantic descriptors to recognize
the latter. Preprocessing is consistent with UCI HAR and includes removal of obvious
sensor artefacts and per-channel normalization using training-set statistics, with optional
down-sampling or sensor selection when exploring different TinyML configurations.

3.1.3. PAMAP2 Physical Activity Monitoring Dataset

The PAMAP2 Physical Activity Monitoring dataset [60] provides a complemen-
tary setting focused on full-body motion captured with dedicated wearable inertial
measurement units (IMUs) rather than commodity smartphones. Nine subjects (eight
male and one female) performed up to 18 physical activities, including basic pos-
tures (lying, sitting, standing), locomotion (walking, running, ascending_stairs,
descending_stairs, Nordic_walking), sports (playing_soccer) and household activi-
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ties (vacuum_cleaning, ironing). Each subject wore three IMUs (on the dominant wrist,
chest and ankle) and a heart-rate monitor. Each IMU provides a 3D accelerometer, 3D
gyroscope and 3D magnetometer sampled at 100 Hz, while the heart-rate sensor is sampled
at approximately 9 Hz. After interpolation to align sampling times, we concatenate the
IMU channels and heart-rate signal, resulting in 28 channels per time step. To harmonize
temporal resolution with the other datasets and reduce computational cost, we down-
sample PAMAP?2 signals to 50 Hz using an anti-aliasing filter. We segment continuous
recordings into fixed-length windows of 250 samples (5 s at 50 Hz) with 50% overlap and
discard windows labeled as “other” or with insufficient activity coverage. We focus on the
14 most frequent activities. Each window is associated with an activity label and a subject
index in {1,...,9}. Given the small number of subjects, we assign 6 subjects to training, 1
to validation and 2 to testing, again ensuring that validation and test subjects are unseen
during training. The induced window partition is analogous to WISDM and preserves
subject independence across splits.

For the zero-shot setting, PAMAP?2 is particularly attractive because it spans both basic
and complex activities. We define the unseen set to include four vigorous or household ac-
tivities: running, rope_jumping, vacuum_cleaning and ironing. The remaining activities
constitute the seen set. These unseen classes are semantically related to basic locomotion
or posture (e.g., running versus walking) but exhibit distinct intensity or motion patterns,
providing a realistic test of semantic extrapolation. Preprocessing includes removal of
invalid sensor readings, interpolation of heart-rate values, down-sampling to 50 Hz and
per-channel normalization using statistics from the training subjects. Because PAMAP2
has more sensors and a higher original sampling rate than UCI HAR or WISDM,, it serves
as a challenging testbed for studying the trade-off between model complexity, memory
footprint and recognition accuracy on TinyML hardware.

Table 1 summarizes the main characteristics of the three datasets and the sizes of the
seen and unseen activity sets used in our zero-shot experiments.

Table 1. Summary of datasets and zero-shot label splits. |Y°| and |V*| denote the number of seen
and unseen activity classes, respectively.

Dataset #Subjects  #Activities  Fs (Hz) Sensors (R R %
UCIHAR 30 6 50 Phone Acc+Gyro 4 2
WISDM 51 18 20 Phone+Watch Acc+Gyro 14 4
PAMAP2 9 18 100 — 50 3 IMUs + HR 14 4

3.2. Data Preprocessing

Before training the proposed KAN and the associated ZSL and explainability modules,
all raw sensor streams from the three datasets are transformed into a unified representation
of fixed-length, normalized multivariate time-series windows. In the following, we describe
the preprocessing steps in detail, starting from raw time-stamped sensor readings and
ending with the normalized window tensors fed to the KAN.

3.2.1. Temporal Alignment and Resampling

The three datasets considered in this work were collected with different sampling
frequencies and sensor setups. UCI HAR uses a single smartphone at 50 Hz, WISDM uses
a smartphone and a smartwatch at 20 Hz, and PAMAP2 uses three IMUs at 100 Hz plus a
heart-rate sensor at approximately 9 Hz. To make the learning problem more homogeneous
and to simplify the TinyML deployment, we first temporally align the different channels
within each dataset and, when necessary, resample them to a common target sampling rate
Frarget = 50 Hz.
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Let r.(f) denote the continuous-time or irregularly sampled signal from channel ¢
(for example, the x-axis of the accelerometer on the wrist IMU) and let ¢t € R represent
the acquisition time stamp. After synchronization of the different devices provided by
the original datasets, we construct a uniformly sampled discrete-time sequence 7.[n| at
frequency Fiarget as

?C[I’l]:1’5<i’0+ >, n:O,].,...,NC_l, (1)

Frarget

where t is the starting time of the recording, Fiarget is the desired uniform sampling
frequency (set to 50 Hz in our experiments), # is the discrete-time index and N is the
number of samples obtained for channel ¢ after resampling. In practice, r(+) is not available
in continuous time; therefore, the evaluation in (1) is implemented using linear interpolation
(for PAMAP?2 heart-rate and IMU alignment) or low-pass filtering followed by decimation
(for the down-sampling of PAMAP2 from 100 Hz to 50 Hz). This step produces a set of
synchronized discrete-time sequences {7.[n]} ?:mlw per subject and recording, all defined on
a common discrete-time grid.

3.2.2. Segmentation into Fixed-Length Windows

Once all sensor channels are aligned and (if needed) resampled, we segment the
continuous streams into fixed-length overlapping windows that constitute the basic input
units for the KAN. Let #[n] € RP denote the vector of all synchronized channels at discrete
time index #n, where D is the number of channels used for a given dataset (e.g., D = 6 for
UCI HAR, D = 12 for WISDM and D = 28 for PAMAP?2 after concatenating IMU and
heart-rate signals). We extract windows of length T samples with stride S according to

X; = [#[n], #n; +1],..., 8+ T—1]] e RT*P, n;=(i-1)-5, )

where X; is the i-th window, T is the window length in samples (128 samples for UCI
HAR, 200 samples for WISDM and 250 samples for PAMAP?2 in our experiments), D is
the number of channels, and S is the stride in samples, which we set to T/2 to obtain 50%
overlap between consecutive windows. Equation (2) simply states that the i-th window is
formed by stacking T consecutive multi-channel vectors starting at time index 7;, and that
successive windows are shifted by S time steps. Windows that extend beyond the end of a
recording (i.e., for which n; + T — 1 would exceed the length of ¥) are discarded rather than
zero-padded, to avoid introducing artificial patterns that could bias the model.

Each window X; is assigned an activity label y; based on the time-aligned annotation
provided by the dataset. When the activity labels are given per time stamp (as in PAMAP2
and WISDM), we adopt a majority-vote rule and assign to X; the label that appears most
frequently within its T time steps. Let £[n] denote the ground-truth activity label at time
index n; we define

T-1
;= I(l[n; +1t =), 3
vi argr;lea;tgo (i + 1] =y) &)

where ) is the set of all activity labels in the dataset and I(-) is the indicator function, which
equals 1 if its argument is true and 0 otherwise. In (3), the inner sum counts how many time
steps in the window are annotated with each possible activity v, and the arg max selects the
label with the highest count. Windows for which the majority label cannot be determined
(e.g., due to missing or “other” annotations) are discarded during preprocessing.
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3.2.3. Gravity Separation and Filtering

For accelerometer channels, especially in UCI HAR and PAMAP2, it is often beneficial
to separate the contribution of gravity from the body motion, because gravity encodes
posture information (e.g., standing versus lying), while high-frequency components of the
acceleration reflect dynamic movements (e.g., walking, running). Following the strategy
commonly used in the UCI HAR preprocessing, we model the raw acceleration signal
fraw|[n] as the sum of a low-frequency gravity component agyay (1] and a high-frequency
body-acceleration component apoqy [1]:

araw[”] = dgrav [”] + Apody [”]/ (4)

where araw [11] is the original discrete-time accelerometer reading (in any given axis), dgrav[11]
is the slowly varying component associated with gravity and sensor orientation, and
pody [11] is the residual term capturing the subject’s movements. To obtain agry[n], we
apply a low-pass filter with a cutoff frequency of 0.3-0.5 Hz to asaw [11], implemented as a
finite impulse response (FIR) filter or an equivalent digital filter. The body-acceleration
component is then recovered as

pody [11] = Araw[n] — Agrav[n], ()

which directly follows from (4). In Equations (4) and (5), each term is a scalar corresponding
to one accelerometer axis at time step 7, and the same process is applied independently
to all axes and all accelerometer sensors. These components can either be concatenated as
additional channels, or used to replace the original accelerometer signal, depending on the
specific configuration considered in the experiments. In all cases, the filtering is performed
in a causal manner on the continuous streams before segmentation into windows.

3.2.4. Per-Channel Normalization

To facilitate optimization and to prevent channels with large numeric ranges from dom-
inating the learning process, we apply per-channel z-score normalization using statistics
computed exclusively on the training portion of each dataset [61]. Let Dyain = {Xi}ﬁflam
denote the set of training windows for a given dataset, where each X; has shape T x D.
For each channel index d € {1,...,D}, we compute the empirical mean y; and standard

deviation 0, as

1 N, train | 1 N, train |

2
= X t’d, = X t,d _ , 6
o= £ B =y g B Eba . o

where X;[t,d] is the value of channel d at time step ¢ in window i, Niyain is the number of
training windows, and T is the window length in samples. Equation (6) thus averages over
all time steps and all training windows to obtain a global mean and standard deviation
per channel. Using these statistics, we normalize every window X; (including those in
validation and test sets) to obtain the normalized tensor X;:

Xi[t, d] — pq

Xilt d) = oy+e€

(7)
where € is a small positive constant (e.g., € = 107°) added to the denominator for numerical
stability. In (7), the subtraction by p; centers each channel around zero, while the division
by o, scales it to unit variance, producing dimensionless, comparably scaled inputs for the
KAN. Importantly, y; and o; are computed once from the training data and then fixed; they
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are never recomputed using validation or test examples, which ensures that no test-time
information leaks into the training process.

3.2.5. Handling Missing Values and Artefacts

The PAMAP?2 dataset in particular contains occasional missing values and artefacts, for
example due to sensor dropouts or heart-rate measurement failures. Before segmentation and
normalization, we detect missing samples marked in the original files and either interpolate
them or discard the corresponding segments. Let m.[n] € {0,1} be a binary mask indicating
whether the reading for channel c at time 7 is valid (m[n] = 1) or missing (m[n] = 0). For
short gaps, we apply linear interpolation between the nearest valid samples:

= [ } _ (7’[2 —1’[) fc[nl] + (7’[—711)7C[7’12]

Feln , forny <n<mny, (8)
ny —ng

where n; and np are the indices of the last valid sample before the gap and the first
valid sample after the gap, respectively, and 7.[n1] and 7.[n,] are their corresponding
values. Equation (8) assigns to the missing sample at index n a value lying on the straight
line between the surrounding valid samples, which is appropriate for smoothly varying
physiological and inertial signals. For long gaps (e.g., if n; — 17 exceeds a predefined
threshold) or for segments with substantial artefacts, we discard the entire interval when
constructing windows, ensuring that all windows used for training and evaluation are
based on reliable sensor readings.

3.2.6. Construction of Seen and Unseen Subsets

As described in Section 3.1, each dataset is associated with a partition of its label set
Y into seen classes }* and unseen classes Y*. This partition is enforced at the window
level by separating the preprocessed windows into seen-only and unseen-only subsets. Let
D = {(X;,yi,u;) }X, denote the set of all normalized windows for a given dataset, where
yi € Y is the activity label and u; is the subject identifier. We define the sets of seen and
unseen windows as

D = {(X;,y;,u;) €D :y; € Y}, D'={(X;,yi,u;) €D : y; € Y"}. )

In (9), D® contains all windows whose activity labels belong to the seen set }*, while D"
contains all windows whose labels belong to the unseen set Y*. During training of the KAN
and the zero-shot compatibility module, only windows from D® are used, and all windows in
D are held out for evaluation. This strict separation ensures that the model never observes
any example of an unseen activity during training, and that its performance on D" truly
reflects zero-shot generalization based on the semantic relationships between labels.

3.2.7. Final Input Representation for KAN and TinyML Deployment

After temporal alignment, segmentation, filtering, normalization and label-based

RT*D with an

partitioning, each window is represented as a normalized tensor X; €
associated label y; and subject identity u;. For ease of implementation in standard deep
learning frameworks, we additionally reshape each window into a vector x; € RT'P when
feeding it to fully connected KAN architectures, or keep the two-dimensional structure
(T, D) when using KAN variants that explicitly model the temporal dimension. Formally,

the vectorized representation is given by

x; = veq(X;) e RTP, (10)
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where vec(+) denotes the column-wise vectorization operator that stacks all entries of X;
into a single column vector. In (10), the dimension of x; is simply the product of the window
length T and the number of channels D, and this dimension directly determines the size of
the input layer in the KAN. When exporting the trained model to the TinyML deployment
framework, the same preprocessing pipeline (resampling, segmentation, normalization
with fixed p; and o) is implemented on-device or simulated, ensuring that the inputs
arriving at the microcontroller are statistically consistent with those used during training.

3.3. KAN-Based Feature Extractor

In this section we describe the internal structure of the KAN layers, the linear mixing
and univariate spline functions that constitute each layer, the shape of intermediate and latent
representations, the training objective over seen classes, the regularization terms used to
control model complexity, and an estimate of the parameter count and computational cost.

3.3.1. Layer-Wise Structure: Linear Mixing Followed by Univariate Functions

The KAN is organized as a sequence of L layers that transform the input vector x € R%
into a latent representation z € R, where dy, d1, . . ., d;, denote the widths (dimensions) of
each layer. We denote by x(*) = x the input vector, by x() € R% the output of layer ! for
I=1,...,L,and by z = x(1) the final latent feature used by the zero-shot compatibility and
classification heads. Each layer I consists of two conceptual steps: (i) a linear mixing of all
coordinates from the previous layer via a weight matrix and bias, and (ii) the application of
a bank of learnable univariate spline functions to each coordinate independently. Formally,
the pre-activation vector u!) € R at layer [ is computed as

ud) =wO XD 40 1=1,... L, (11)

where W) € R4*di-1 ig the linear mixing matrix, b() € R% is the bias vector, and
x(=1) € Ré-1 is the input to the layer. Equation (11) states that each pre-activation
(D)

coordinate u j is a weighted sum of all coordinates of x(!~1) plus a bias term, with weights

given by the j-th row of W ). This linear mixing is analogous to the affine transformation
in a standard multilayer perceptron (MLP), but in a KAN it is explicitly interpreted as
generating intermediate scalar arguments for learned univariate functions.

Given the pre-activations u'!), the nonlinearity at layer ! is implemented not by a fixed
activation function such as ReLU or tanh, but by a set of learnable one-dimensional spline

functions {47](1) ()}712 1, one per coordinate. The output of layer [ is thus defined as

W =Py, j=1,...4, (12)

where x](l) is the j-th component of the layer output vector x(!), and u](.l) is the corresponding
pre-activation. Equation (12) emphasizes the key structural property of KANs: after linear
mixing, each coordinate is transformed independently by a learned univariate function,
making the layer a composition of a dense linear mixing followed by a diagonal nonlinearity
composed of scalar functions. This structure is critical for both expressiveness (due to the
flexibility of the learned univariate functions) and interpretability (because each 49](1) (+) can

be visualized as a curve).

3.3.2. Univariate Spline Representation

Each univariate function gb}l) in (12) is represented as a linear combination of K
fixed basis functions, typically B-splines or other localized basis functions defined over a
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fixed input range. Let {BIEZ) () },Ifi)l denote the basis functions at layer I. Then each (P](l) is
parameterized as

o) = Y o) BV w), =1, (13)

where OJ(Ik) € R is the learnable coefficient that scales the k-th basis function for the j-th

coordinate of layer /. In (13), the basis functions {B,El) (u)} are fixed and known (e.g., cubic
B-splines with predefined knots covering the input range of u), while the coefficients {9](113}
are free parameters that are optimized during training. For any scalar input u, the function

value gb](l) (u) is thus a weighted sum of the basis function values at u, with weights given

0 _ o) o)
0= @00,

the resulting ([)](l) (+) is also smooth and can model complex one-dimensional nonlinearities,

by the vector 0 ). Because the basis functions are smooth and localized,

while still being easy to visualize and analyze.
Combining (12) and (13), the j-th output coordinate of layer / can be written explicitly

in terms of the pre-activation u jl as

x([) _ E 0(1) B]El) (l/l](l))/ ]: 1,.. -/dl' (14)

Equation (14) makes explicit that the output of each layer [ is obtained by (i) computing
the pre-activations via the linear map in (11), (ii) evaluating each basis function B ,El) (-) atthe
scalar arguments ne

j
Gj(lk) In matrix form, this corresponds to applying a diagonal operator of univariate functions

, and (iii) aggregating these values using the layer-specific coefficients

to the vector u(!).

3.3.3. Shape of Internal Representations and Latent Vector

Given the layer widths dy, d1, . . ., dr, the KAN transforms an input vector x(0) € R
into a sequence of intermediate representations x(1), . .., x(I) with shapes determined by
the chosen architecture. We denote the latent vector by

z=x) e R, (15)

which is the output of the last KAN layer and serves as the shared representation for
both the classification head over seen classes and the zero-shot semantic compatibility
module. Equation (15) simply names the final feature vector produced by the KAN and
emphasizes that its dimensionality d; is a design choice: larger d; values typically increase
representational capacity but also memory and computational demands, which is critical
for TinyML deployment.

In our TinyML-oriented configuration, we typically choose a shallow KAN with L = 2 or
L = 3 layers and monotonically decreasing widths dyg > d; > - - - > di, (for example, dj in the
order of a few thousand, d; in the order of a few hundred, and d;, in the order of tens). This
pyramidal structure acts as a progressive compression mechanism: the first layer expands
and mixes the raw sensor dimensions into a moderately sized hidden representation, while
subsequent layers refine and compress this representation into the low-dimensional latent
vector z, from which the zero-shot and classification outputs are predicted.

3.3.4. Classification Head and Training Objective over Seen Classes

During training, the KAN-based feature extractor is first optimized to correctly classify
windows belonging to seen classes )° using a standard cross-entropy objective, optionally
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combined with a semantic alignment loss for the zero-shot module. Let Cs = |)*°| denote
the number of seen classes and let V € RG> and ¢ € RS denote the weight matrix
and bias vector of a linear classification head operating on the latent vector z. For a given
training example i with latent representation z; and seen-class label y; € J°, we compute
the unnormalized logits s; € RS as

s;i=Vz;+c (16)

where the c-th component s; . corresponds to the score assigned to the c-th seen class.
Equation (16) is structurally analogous to (11), but here the input is the latent vector and
the output dimensionality is the number of seen classes.
The predicted class probabilities p; € [0,1] are then obtained via the softmax function
applied to s;:
exp(sic)

Pic = ¢,

el o=1,...,Cs. (17)
251:1 eXp(Si,C/)

In (17), the numerator exp(s; ) exponentiates the logit associated with class ¢, and
the denominator sums these exponentiated logits over all seen classes to ensure that the
resulting probabilities sum to one. The cross-entropy loss over a mini-batch of Nj, training
examples is then defined as

1 N
Lcg=——) logp;,., 18
CE N, ; & Piy; (18)

where p; ;. is the predicted probability of the true class y; for example i. Equation (18) pe-
nalizes the model whenever it assigns low probability to the correct class and is minimized
when the classifier assigns probability one to the true class for every training example.
During training, gradients of Lcg are backpropagated through the classification head
and the KAN layers, updating both the linear parameters V, ¢ and the KAN parameters
ATORNONIONN
When jointly training with the zero-shot semantic compatibility module, an additional
loss term Lzgr, (for example, a cosine-similarity or ranking loss between z; and semantic
embeddings of y;) is added to the objective. In such cases, the overall training loss becomes
a weighted sum
Liask = Lcg + AzsL LzsL, (19)

where Azg1, > 0 is a hyperparameter controlling the relative importance of the zero-shot
alignment objective. Equation (19) makes explicit that the KAN is optimized simultaneously
to perform accurate classification on seen classes and to produce latent representations that
are compatible with the semantic structure used for zero-shot recognition.

3.3.5. Regularization: Weight Decay, Smoothness and Dropout

To encourage good generalization and to keep the learned univariate functions smooth
and interpretable, we apply several forms of regularization. First, we penalize the ¢, norms
of the linear mixing matrices W() and classification head V (weight decay). Let || - ||
denote the Frobenius norm of a matrix; we define the linear-parameter regularization as

S WO 2 4 (V]2
Rlinzl;HW 7+ [V (20)

In (20), the term ||W()||2 sums the squares of all entries in the mixing matrix of layer /,
and || V||% does the same for the classification head. Penalizing these quantities prevents the
linear weights from growing arbitrarily large, thereby reducing overfitting and encouraging
smoother decision boundaries.
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Second, to enforce smoothness of the univariate spline functions 4)](1) (-), we add a
penalty on the discrete second differences of their coefficients. For each layer I and neuron
j, we define the smoothness cost

I ~ ! i i 2
o) =% 0l 20+ o)) o

In (21), the inner term GJ(Ik) 1 29](/113 + 9](/11371 is a discrete approximation of the second
derivative of the function (P](l) (+) at the region corresponding to the k-th basis coefficient.
Squaring and summing these second differences over k yields a scalar measure of the
overall curvature of the spline: larger values correspond to more oscillatory, less smooth
functions. By penalizing Q](l), we encourage (p](l) (+) to vary smoothly with its input, which
not only improves generalization but also makes the learned 1D functions easier to interpret
visually. Aggregating over all layers and units, the spline smoothness regularization is

L 4
1
Rsmooth = 2 Z Q]( ) (22)
I=1j=1

Third, we apply dropout at the level of layer outputs to further reduce overfitting
by randomly masking some neurons during training. Let m(") € {0,1}% denote a binary
dropout mask for layer [, whose entries are independent Bernoulli random variables with
success probability 1 — pg.op. The dropout-perturbed output x() used during training is
defined as

D =m® o x0), (23)

where ® denotes element-wise (Hadamard) product. In (23), entries of x() corresponding to

m](.l) = 0 are set to zero (dropped), while those with m](.l) = 1 are retained. At inference time,

dropout is disabled and the full x) is used, optionally rescaled to account for the expected
value of the mask. This stochastic masking prevents the network from relying too heavily on
any single neuron and encourages redundancy and robustness in the learned representation.

The full regularization term is then given by a weighted combination of the linear and
smoothness penalties:

RKAN = Alin Rlin + /\smooth Rsmoothr (24)

where Aj, and Agpoom are non-negative hyperparameters controlling the strength of each
regularization component. The total training objective combining task loss and regulariza-
tion can thus be written as

Liotal = Liask + RKAN, (25)

with L, defined in (19). Equation (25) explicitly shows that the KAN parameters are
optimized to minimize a trade-off between task performance (classification and semantic
alignment) and structural regularity (small weights and smooth univariate functions).

3.3.6. Model Complexity: Parameter Count and Computational Cost

Given the layer widths and the number of spline basis functions, we can estimate both
the total number of trainable parameters and the approximate floating-point operation
(FLOP) cost per forward pass, which are key when targeting TinyML deployment. The
linear part of TinyKAN-HAR includes all mixing matrices and biases in the KAN layers,
plus the weights and biases of the classification head, while the spline part adds one set
of coefficients for each univariate function in every layer. Together, these define the total
parameter count as a simple function of the layer dimensions and the number of spline
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coefficients, allowing us to design architectures that respect a fixed memory budget on the
MCU. From a computational perspective, the main costs come from dense matrix—vector
products in the linear mixing and from evaluating spline functions. The FLOPs of the linear
components grow with the product of consecutive layer widths and the size of the classifi-
cation head, whereas the spline cost scales linearly with the number of neurons and spline
basis functions per neuron. Summing these contributions yields a straightforward estimate
of the total FLOPs per inference, which we use to compare KAN-based configurations with
alternative backbones (e.g., MLPs or CNNs) and to ensure that the chosen model satisfies
the latency constraints of the target TinyML device.

Figure 1 provides a schematic illustration of a single KAN layer. This visualiza-
tion highlights the two key components of the layer—global linear mixing across dimen-
sions and local nonlinear warping via one-dimensional functions—and illustrates how the
learned curves can be inspected to understand how the network transforms individual
scalar features.

Input vector X~ € R4-1  pre-activations u® Learned univariate spline functions  Output vector X() € R%
w® e Rrxdi-1 ( - _d@(:) T \I
¢ .
: (4 .
Ny : ) : 'g’
H % I =~ H
8 | | Y
g | | ;
5 : | : | ; S
S [ | !
S e ! ! =
| | @
(0} + N
‘—. uf ; 4 '—;—‘
- @ N N I I /
u® = WO x=1 4 p® \ o) I}
AN 7

Figure 1. Detailed schematic of a single Kolmogorov—-Arnold Network (KAN) layer. The input vector
x(I=1) € R%-1 is first mixed by the linear map u!) = W)x(=1) + b(), producing pre-activations
u) € R%. Bach scalar u](.l> is then passed through its own learned univariate spline function 4);1) (),
parameterized by spline coefficients, yielding the layer output x() € R% . The small plots inside each
<p]<l) block illustrate the interpretable 1D nonlinearities learned by the KAN.

3.4. Zero-Shot Learning Module

The goal of the zero-shot learning module is to enable the KAN-based feature extractor
to recognize activity classes that are never observed during training.

3.4.1. Semantic Embeddings of Activity Labels

Each activity label y is encoded as a fixed-dimensional vector s, € R that captures
its semantic meaning. These vectors can be obtained either from predefined attributes
(e.g., manually specified binary properties such as “locomotion”, “upper-body”, “high

intensity”, etc.) or from an external text-embedding model applied to the natural-language
description of the activity (e.g., “walking upstairs”, “vacuum cleaning”). We denote by

Sy = fsem(y) € R™, (26)

the semantic embedding associated with label y, where fsem(-) is a fixed mapping (attribute
encoding or text encoder) that is computed once before training and kept constant thereafter.
In (26), the dimension m is the size of the semantic space; for attribute-based encodings m
equals the number of attributes, whereas for text embeddings m is the output dimension of
the language model. Collecting the embeddings for all labels into a matrix

S = [sy,,...,8y,] € R™PI, (27)
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we obtain a semantic prototype for every activity class that will be used by the compatibility
function.

3.4.2. Mapping Latent Features into Semantic Space

The latent feature vector z € R produced by the KAN (see (15)) lives in a space
whose geometry is determined by the network parameters and does not necessarily match
the structure of the semantic embeddings. To compare z with s,, we introduce a learned
linear projection Wgem € R"*9L that maps latent features into the semantic space:

h = Weem z € R™. (28)

In (28), h is the semantic representation predicted by the model for a given input window,
and Wgen, is a trainable matrix. This mapping can be interpreted as a linear decoder that
attempts to reconstruct the semantic descriptor of the true activity from the latent features
produced by the KAN. For a training example i with latent vector z; and label y;, the
corresponding semantic prediction is

h; = Wsem z;. (29)

To encourage h; to be close to the true semantic embedding s,,, we introduce a regression-
style alignment loss

1 N 2
Lofion = — h; —sy. |5, (30)
align N, ;H t Yy | 2
where N is the mini-batch size and || - || denotes the Euclidean norm. Equation (30)

penalizes the squared distance between the predicted semantic vector and the ground-truth
semantic embedding for each training example, thereby aligning the geometry of the latent
space with that of the semantic space.

3.4.3. Compatibility Function Between Features and Semantics

To perform zero-shot classification, the model must evaluate, for a given latent vector
z and each candidate label y, how compatible the encoded input is with the semantics of
y. We define a cosine-similarity-based compatibility function operating on the projected
vector h and the semantic embedding s,:

h's
g¢(z,8y) =cos(h,s,) = | y (31)

[hll, [lsy]

2
where h is given by (28), and s, is the semantic prototype from (26). In (31), the numerator
h's, computes the dot product between the two vectors, while the denominator normalizes
by their Euclidean norms, yielding a cosine similarity in the range [—1, 1]. The parameter set
¢ of the compatibility function thus consists of the projection matrix Wsem (and optionally
any additional parameters if a more complex mapping is used). This formulation has
the advantage that it treats semantic embeddings as directions in the semantic space and
encourages latent features to align with the direction corresponding to the correct label.
For a specific example i, the compatibility score with label y is

(Wsemzi) Tsy

= . (32)
[Wsemzi, [sy]|,

8¢ (Zi/ Sy)
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Equation (32) shows explicitly how the compatibility function depends on both the latent
representation z; (produced by the KAN) and the semantic representation s,, and how the
projection matrix Wgen aligns these two spaces.

3.4.4. Semantic Softmax Loss over Seen Classes

In addition to the alignment loss (30), we train the compatibility function discrimina-
tively by applying a softmax over compatibility scores with seen-class embeddings. For a
training example i with label y; € ), we first compute the compatibility scores gg(z;, sy)
for all seen labels y € )®, and then define semantic logits

aiy = T8p(zi,sy), Yy €I, (33)

where T > 0is a temperature parameter controlling the sharpness of the softmax distribu-
tion. The corresponding semantic class probabilities are

exp(iy)

= IRy oy (34)
by Yyeys exp(a,) y

In (34), the numerator exponentiates the compatibility-based logit for label y, and the
denominator normalizes over all seen labels, producing a probability distribution over )
that depends only on semantic similarities.

We then define a semantic cross-entropy loss over seen classes

1 N
‘Csem-CE = _ﬁb 2 10g qiy;r (35)
i=1

where g; .. is the softmax probability assigned to the true label y; for example i. Equation (35)
encourages the compatibility function to assign higher cosine similarity (and hence higher
probability) to the semantic prototype of the true class than to those of other seen classes,
reinforcing the alignment between latent features and label semantics in a discriminative
manner.

3.4.5. Combined Zero-Shot Training Objective

The overall zero-shot-specific loss Lzs, combines the alignment loss (30) and the
semantic cross-entropy loss (35):

EZSL = )\align Ealign + /\sem—CE Esem—CE/ (36)

where Agjign > 0and Asem-cg > 0 are scalar hyperparameters that balance the contributions
of the two terms. The first term enforces a reconstruction-style matching between predicted
and true semantic embeddings, while the second term ensures that the compatibility
function is discriminative across seen labels. Substituting (36) into the general task loss (19),
the full objective minimized during training becomes

Etask = Lcg + AzsL ()\align Ealign + Asem-CE £sem—CE) 7 (37)

where Lcp is the standard classification loss over seen classes defined in (18). Equation (37)
makes explicit that the KAN feature extractor and the semantic projection are jointly
optimized to minimize both classification error on seen classes and semantic misalignment.
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3.4.6. Zero-Shot and Generalized Zero-Shot Inference

At test time, we are given a new input window with latent representation z and we
wish to predict its label among either (i) only unseen classes (pure zero-shot setting), or
(ii) both seen and unseen classes (generalized zero-shot setting). In both cases, we compute
the compatibility score between z and the semantic embedding of every candidate class
and choose the class with the highest score.

In the pure zero-shot setting, the prediction is restricted to unseen labels:

~

J = arg ;I;e)\;s 8¢ (z,8y). (38)
Equation (38) states that among all unseen classes y € V", we select the label whose
semantic embedding is most compatible (in cosine similarity) with the latent representation
of the input.

In the generalized zero-shot setting (gZSL), the candidate set includes both seen and
unseen labels:

i =arg max $4(z,8y), 39
YgzsL gyeysuy”g¢( y) (39)

where 4 (-, -) is a calibrated version of the compatibility function, described next.

3.4.7. Score Calibration to Mitigate Seen-Class Bias

Models trained only on seen examples often exhibit a bias towards seen classes in the
generalized zero-shot setting, because the compatibility function has been optimized on
Y? but never directly penalized for assigning high scores to seen classes when the true
label is unseen. To mitigate this bias, we adopt a simple score-calibration strategy that
down-weights the scores of seen classes by a constant margin oy > 0. Specifically, we define

i Sop(z,8y) =7, ifye)s,
Sp(z,8y) = . (40)
g¢(z, sy), ify e Y.

In (40), the scores of seen classes are shifted downward by a constant y, while the scores
of unseen classes are left unchanged. When substituted into the generalized inference
rule (39), this calibration reduces the tendency of the model to over-predict seen labels: a
seen class must have a sufficiently higher raw compatibility score than unseen classes to
compensate for the subtraction of y. The parameter v is typically chosen on a validation
set to balance seen and unseen accuracies, for example by maximizing the harmonic mean
of the two.

3.5. Explainability Layer for TinyKAN-HAR

Beyond classification accuracy and zero-shot generalization, TinyKAN-HAR is de-
signed to provide interpretable explanations of its predictions, which is crucial for safety-
critical or user-facing HAR applications such as healthcare, rehabilitation and occupational
safety. The KAN structure naturally supports explainability: it operates on normalized
time-series windows to produce a latent representation that is mapped to logits and seman-
tic scores, and each layer is built from one-dimensional spline functions that can be directly
visualized. Our explainability layer combines gradient-based attributions, aggregated
sensor- and time-level relevance, SHAP-style global importance scores and inspection
of learned univariate functions to offer both local and global insights into the model’s
decision process.
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3.5.1. Local Gradient-Based Attributions

For local explanations, we compute the gradient of the class score with respect to each
input value and reshape this gradient back to the original time x sensor format, yielding an
attribution matrix that assigns an importance score to every time-sensor pair in a window.
Large absolute gradients indicate that small changes in the corresponding input would
strongly affect the class score, and visualizing these scores as heatmaps highlights the
regions of the signal that most influenced a particular prediction. To obtain more stable
and interpretable saliency patterns, we adopt a gradient x input scheme, multiplying each
gradient by the corresponding normalized input value so that features with negligible
magnitude are naturally down-weighted in the explanation.

3.5.2. Sensor-Level Attribution Aggregation

To provide coarser, more user-friendly summaries, we aggregate the absolute
gradient x input attributions over time for each sensor channel, obtaining a single rel-
evance score per channel that reflects its average importance for a given prediction. Nor-
malizing these scores across channels yields a probability-like distribution that can be
visualized as bar plots to show which axes or devices dominate the decision. When multi-
ple physical sensors are present (e.g., smartphone versus smartwatch, accelerometer versus
gyroscope), we further group channels and average their relevance within each group,
producing device-level or modality-level importance scores that help domain experts un-
derstand which hardware components are most critical for recognizing specific activities.

3.5.3. Temporal-Level Attribution Aggregation

Complementary to sensor-level relevance, we also aggregate attributions across sen-
sors for each time step to obtain temporal relevance curves that highlight when, within a
window, the model is most sensitive. Plotting these scores over time often reveals charac-
teristic patterns: for periodic activities such as walking or running, we observe repeated
peaks aligned with gait cycles, whereas static activities like sitting or standing yield flatter
profiles with possible spikes near transitions. For communication with non-technical users,
we can further average these scores over coarse temporal segments (e.g., quarters of the
window), providing simple summaries such as “the most discriminative motion for this
prediction occurred near the middle of the window.”

3.5.4. SHAP-Style Global Feature Importance

Beyond instance-specific explanations, we estimate global importance scores for each
sensor channel using a SHAP-style approximation of Shapley values, which quantify the
average marginal contribution of a feature to the model’s predictions across many examples.
Conceptually, this involves comparing the class score when a feature is present versus
when it is replaced by a baseline, averaged over different subsets of other features, but
in practice we use a sampling-based estimator to remain computationally tractable. The
resulting approximate SHAP values provide a global ranking of sensors, either per class
or aggregated across classes, complementing local gradients and guiding sensor selection,
pruning and hardware design choices for TinyML deployment.

3.5.5. Global Insight from Learned Univariate KAN Functions

A distinctive advantage of KANSs is that each scalar nonlinearity is an explicit one-
dimensional spline function, which can be plotted as a simple curve and analyzed together
with its derivative to reveal regions of high sensitivity or saturation. By inspecting these
learned functions over the range of activations observed during training, we gain global
insight into how the network warps intermediate features, for example identifying neurons
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that act as detectors of high-intensity motion or subtle posture changes. Correlating neuron
activations with activity labels (e.g., by comparing average activations per class) allows us to
link specific univariate functions to particular activities, yielding interpretable neuron-level
roles and connecting low-level signal transformations to high-level behavioral semantics in
TinyKAN-HAR.

3.6. TinyML-Oriented Optimization and Deployment

To deploy the proposed TinyKAN-HAR model on severely resource-constrained
microcontroller units (MCUs), we carefully optimize both the model architecture and
its numerical representation. In this subsection, we describe the compression strategies
used to reduce the memory footprint and operation count, the toolchain employed to
convert the trained model into a TinyML-compatible implementation, the mapping of
KAN:-specific operations onto MCU hardware (including efficient implementation of spline
nonlinearities), and a complexity analysis that quantifies memory usage and computational
cost before and after optimization.

3.6.1. Compression and Quantization Strategies

Uniform Weight Quantization [41].

The baseline TinyKAN-HAR model is trained in floating-point arithmetic (typically
32-bit IEEE-754 single precision). Let Py, denote the total number of trainable parameters.
In full precision, the parameter memory footprint is

Mgzla)?azms =4 Pora1 bytes, (41)

since each parameter uses 4 bytes. To reduce this cost, we quantize all linear weights
(mixing matrices W), classification head V, and optionally spline coefficients 9](/113) toa
fixed bit-width b € {8,16} using symmetric uniform quantization around zero.

For a real-valued weight w, the quantized value Q,(w) is defined as

Qp(w) = A clip(round(w/A), —2b=1 pb=1 1), (42)

where A > 0 is a layer-wise (or tensor-wise) step size, round(-) denotes rounding to the

nearest integer, and clip(-, 4, b) clamps its argument to the interval [a, b]. Equation (42) maps

each continuous weight to one of 2° discrete levels, stored as signed integers (e.g., int8 when

b = 8). The quantized parameters are then represented by integers and a small number of

scale factors A, which are stored in floating-point with negligible memory overhead.
Under b-bit quantization, the parameter memory becomes

b b
M]E)a)rams = g P total byteS/ (43)

so that moving from 32-bit to 8-bit reduces parameter storage by a factor of 4. For example,
a model with Py, = 250,000 parameters occupies approximately 1.0 MB in FP32 and only
250 kB in int8 representation (excluding code size), bringing it within the flash constraints
of typical Cortex-M MCUs.

In the forward pass, accumulation is typically performed in 32-bit integer or 32-bit
floating point, while weights and activations are stored in 8 bits. We adopt a post-training
quantization scheme with optional fine-tuning: the model is first trained in full precision,
then quantized and optionally fine-tuned with fake quantization nodes that simulate
reduced precision during training to recover potential accuracy loss.

Activation Quantization.
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To further reduce RAM usage and to enable the use of efficient fixed-point kernels, we
quantize intermediate activations x() to the same bit-width b using an analogous scheme.
For a scalar activation a, we define

a=Qy(a)/al, (44)

where a(!) is an activation scaling factor for layer I. In practice, we store the integer part
Qp(a) and keep &) as a floating-point or fixed-point scale. This enables the use of integer
matrix-vector products for the linear mixing operations, with dequantization applied only
when necessary (e.g., before spline evaluation or at the final output layer).

Pruning and Structured Sparsity [41].

If desired, we can further compress the model using pruning to remove redundant
weights in the linear mixing matrices. Let p € [0,1] denote the pruning rate (fraction of
weights pruned to zero). The number of non-zero linear parameters becomes

Pin = (1= p) Piin, (45)
When combined with an appropriate sparse representation (e.g., compressed sparse row),
the effective memory footprint and number of multiply-accumulate operations can be
reduced approximately in proportion to (1 — p). However, unstructured sparsity is often
difficult to exploit efficiently on MCUs; therefore we favor structured pruning (e.g., pruning
entire rows/columns or neuron channels), which yields smaller dense matrices and reduces
both memory and computation without requiring a sparse runtime.

3.6.2. Toolchain for TinyML Deployment

The training and deployment of TinyKAN-HAR follow a standard TinyML pipeline in
which the model is first trained in a high-level deep learning framework (e.g., PyTorch or
TensorFlow), and the final parameters are saved as a checkpoint, then the trained network
is exported to an interchange format such as ONNX or a frozen TensorFlow graph where
quantization (either quantization-aware training or post-training quantization) is applied
to produce a graph with weights and activations annotated for low-bit-width inference,
after which this quantized graph is converted to a TinyML runtime like TensorFlow Lite
Micro (TFLM) [62], mapping linear layers to existing integer fully connected kernels and
implementing the KAN-specific univariate spline layers as custom operators that are com-
piled with the TFLM core into a single static library with the model embedded as a C
array in flash, and finally this TinyML model library is linked with the embedded appli-
cation firmware (e.g., FreeRTOS-based or bare-metal), which manages sensor sampling,
windowing, preprocessing (Section 3.2), calls to the inference engine, and communication
of predicted labels and explanations to external devices (for example via BLE or UART).

This toolchain yields a self-contained firmware image that can be flashed onto an
MCU with no external dependencies at runtime.

3.6.3. Hardware Mapping of KAN Operations on Microcontrollers

The KAN layer on microcontrollers is implemented using two main building blocks:
dense linear mixing and efficient evaluation of univariate spline functions. After quantiza-
tion, the linear mixing is carried out entirely with integer matrix—vector products, where
weights, activations and biases are stored in low-bit-width integer format and rescaled with
per-layer factors, allowing us to reuse highly optimized integer fully connected kernels
from TinyML runtimes or vendor libraries (e.g., CMSIS-NN on ARM Cortex-M). Each
univariate spline function 4)](1) (u) is approximated by a lookup table (LUT): for every neu-
ron, we pre-sample the function over a uniform grid in the relevant input range, quantize
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the sampled values and store them in flash, then at inference time we locate the nearest
grid indices for a given pre-activation and apply a simple linear interpolation between the
two closest LUT entries. This design replaces the expensive online evaluation of all spline
basis functions with a small, fixed number of integer operations and memory accesses
per neuron; the total LUT memory scales with the number of neurons, grid points and
bit-width, and is typically smaller than storing all raw spline coefficients, making it well
suited to MCUs where flash is relatively abundant but compute is limited.

3.6.4. Complexity and Memory Analysis

The impact of these optimizations can be summarized in terms of flash usage, SRAM
usage and operation count per inference. Flash memory is dominated by the quantized
model parameters plus the LUT entries, with a constant additional overhead from the
TinyML runtime and inference code, and is reported in kilobytes for direct comparison
to MCU capacities. SRAM usage is largely determined by the largest pair of layer input
and output activation buffers under a layer-by-layer execution scheme with buffer reuse,
while extra working buffers for softmax and intermediate accumulations are negligible.
The total number of arithmetic operations per inference remains similar to the full-precision
model but is now implemented with cheap integer ops; when structured pruning is applied,
the cost of linear layers decreases in proportion to the pruning rate, and the spline part
has a fixed small cost per neuron thanks to LUT-based evaluation instead of per-basis
computation. Given an MCU clock frequency and an estimate of effective integer operations
per cycle, this operation count can be directly translated into an approximate worst-case
latency, allowing us to check real-time constraints such as processing each window within
its stride. Table 2 summarizes these aspects for different variants of TinyKAN-HAR,
highlighting that the final configuration combining 8-bit quantization, LUT-based splines
and pruning is the one used in our MCU deployment experiments.

Table 2. Complexity and memory usage of TinyKAN-HAR before and after TinyML-oriented optimization.

Model Variant Precision #Params Flash [kB] RAM [kB] Ops [kKMAC] Latency [ms]
Baseline TinyKAN-HAR FP32 Protal MEP32 METs2 Fiotal THRs2
Quantized (int8) 8-bit Progal My M®) Frotal T\
Quant+LUT splines 8-bit Pin ME +Mgr MY Fin, + FLYT, TLUT

. . 8, 8 d TinyML
Quant.+LUT+pruning 8-bit (1= 0)Piin + Pspline Mf(laspl’)l Mgcz Fg;une + Fstllg o Tmlfny

4. Experimental Setup
4.1. Baseline Methods

To contextualize the performance of the proposed TinyKAN-HAR architecture with
zero-shot capabilities, we compare it against both classical machine learning baselines
and established deep learning models for human activity recognition. Wherever possible,
we also include baselines that incorporate zero-shot learning or explainability modules,
allowing us to isolate the contribution of the KAN structure, the ZSL module, and the
explainability layer.

4.1.1. Classical Machine Learning Baselines

We first include classical supervised HAR baselines trained on fixed feature vectors
extracted from each preprocessed window X; € RT*P. A hand-crafted feature extractor
Qreat () computes standard time- and frequency-domain descriptors per channel (e.g., mean,
standard deviation, root mean square, signal magnitude area, dominant frequency, spectral
entropy), which are concatenated into a feature vector used to train three types of models
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on the seen label set J°. The k-nearest neighbors (kNN) baseline assigns to each test feature
vector the majority label among its k closest training examples under Euclidean distance,
with k selected on a validation set. The support vector machine (SVM) baseline uses a multi-
class formulation (one-vs-rest) with either linear or RBF kernels, and hyperparameters
such as the regularization strength and kernel width chosen by cross-validation. Finally,
the Random Forest (RF) baseline consists of an ensemble of decision trees trained with
bootstrap sampling and random feature selection at each split, and predicts classes by
majority vote across trees. These methods operate purely in the standard supervised setting
on seen classes and do not provide zero-shot recognition capabilities, but they offer a strong
reference for classical HAR performance on each dataset.

4.1.2. Deep Learning Baselines

We also compare TinyKAN-HAR against several widely used deep learning archi-
tectures that operate directly on normalized time-series windows X; € RT*P (or their
vectorized form) and are trained to classify activities in J* without zero-shot extensions.
The 1D-CNN baseline applies stacks of temporal convolutions with nonlinear activations
and pooling to capture local motion patterns, then flattens the resulting feature maps and
passes them through fully connected layers to obtain logits over the seen classes. Recurrent
baselines based on Long Short-Term Memory (LSTM) networks model longer-range tempo-
ral dependencies by processing the window sequentially and using either the final hidden
state or a pooled hidden representation as a sequence embedding, optionally preceded by a
1D-CNN front-end in the CNN-LSTM variant to first extract local features. As a modern se-
quence model, we further include a Transformer encoder that projects sensor readings into
a latent embedding space with positional encodings and applies multi-head self-attention
and feed-forward layers over the time dimension, before pooling token embeddings and
feeding them to a classification head. Together, these CNN-, RNN-, and Transformer-based
models represent strong supervised HAR baselines that focus on closed-set classification
and do not natively support zero-shot recognition.

4.1.3. Zero-Shot and XAI Baselines

We consider three types of baselines related to zero-shot learning and explainability.
First, all classical and deep learning HAR baselines are trained only on seen classes without
semantic embeddings, so they cannot naturally predict unseen labels: in pure ZSL they can
only be evaluated on seen classes or extended with simple heuristics such as confidence
thresholding to abstain, but they lack a principled mechanism to assign labels from }*.
Second, when available in the literature for our datasets, we include existing zero-shot
HAR or time-series methods that map learned features (e.g., from CNNs or LSTMs) into an
attribute or semantic embedding space and perform nearest-neighbor classification there;
these serve as direct competitors to our KAN-based ZSL module and help disentangle the
effect of the KAN backbone from the choice of semantic space. Third, for explainability,
we compute gradient-based saliency maps for the 1D-CNN baseline as a conventional XAI
reference, which provides local attributions over time and sensors but does not expose
explicit univariate nonlinearities; contrasting these explanations with those from TinyKAN-
HAR highlights the added interpretability brought by spline-based KAN layers.

4.2. Implementation Details

In this subsection, we detail the training environment, optimization settings, hyperpa-
rameters, initialization of KAN functions, and stopping criteria used for all experiments.
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4.2.1. Training Environment

All models are implemented in Python using a modern deep learning framework
(e.g., PyTorch or TensorFlow). Training is performed on a workstation equipped with a
multi-core CPU and one or more GPUs; however, the final TinyML deployment targets
low-power MCUs as described in Section 3.6. For reproducibility, we fix a global random
seed across NumPy, the deep learning framework, and any data-loading routines.

4.2.2. Optimization and Hyperparameters

The TinyKAN-HAR model (and deep baselines) is trained using mini-batch stochastic
optimization. Let L4 (0) denote the overall loss function, including classification, ZSL
alignment and regularization terms. Parameters are updated via an optimizer such as Adam:

011 = 0 — 11t VoLiask(0), (46)

where 7; is the learning rate at iteration t and Vg is an unbiased gradient estimate computed
over a mini-batch of size Nj,.
Key hyperparameters include:

e  Learning rate 7: initial value for the optimizer, typically in the range 10~* to 1073,
optionally decayed over time using a step schedule or cosine annealing.

e  Batch size Nj: the number of windows per mini-batch (e.g., N, € {32,64,128}),
chosen based on GPU memory and dataset size.

¢ Number of epochs E3x: maximum number of full passes over the training set (e.g.,
100-200 epochs).

*  Regularization parameters: L2 weight decay A/, applied to all linear weights, smooth-
ness regularization coefficients for spline functions (e.g., penalizing large second
derivatives), and dropout probabilities pgyop in fully connected layers.

*  ZSL-specific weights: coefficients Azs, Aalign and Asem-cg in (37), which balance the
contributions of zero-shot losses and standard cross-entropy.

Hyperparameters are tuned on validation splits for each dataset, using grid search or
Bayesian optimization within computational limits.

4.2.3. Initialization of KAN Functions

For each KAN layer / and neuron j, the univariate function 4)](1) (u) is parameterized by
D) (D)

spline coefficients 9](/]{ over basis functions B, ’(u) as in (13). To ensure stable training, we

initialize these splines to approximate the identity function, so that the initial KAN layer

behaves similarly to a standard linear layer followed by a simple nonlinearity.
Concretely, we choose spline coefficients such that

1 l 1
o) (w) ~u foru € [ul), ulhs], 47)
where [ur(i)m, u,(fl)ax] is a predefined range for pre-activation values in layer / (e.g., based on
the variance of linear outputs at random initialization). This can be achieved by fitting
the spline basis to the function u in a least-squares sense on a small grid. Linear mixing
matrices W(!) and biases b(!) are initialized using standard schemes (e.g., Xavier or He

initialization), and semantic projection parameters Wger, are initialized near zero to avoid
large initial semantic logits.
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4.2.4. Stopping Criteria and Early Stopping

We use early stopping based on a validation metric to prevent overfitting. Let ./\/lE,ea)1 de-
note the validation metric (e.g., macro-F1 or validation loss) measured at epoch e. Training

(e)

val
We store the model parameters corresponding to the best validation performance during

is stopped if M, does not improve for Epatience coOnsecutive epochs (patience parameter).
training and use these for final testing. For zero-shot experiments, the validation set is
constructed using only seen classes, but we monitor both seen-class performance and
zero-shot alignment losses to ensure a good trade-off.

4.3. Evaluation Metrics

We evaluate TinyKAN-HAR and all baselines using three groups of metrics: (i) stan-
dard classification metrics on seen classes, (ii) zero-shot learning metrics for unseen and
generalized settings, and (iii) TinyML deployment metrics describing resource usage and
latency on MCUs.

4.3.1. Classification Metrics on Seen Classes

For standard supervised HAR, we report overall accuracy, precision, recall and F1-
score on the test set. For each class, we compute precision as the fraction of correctly
predicted examples among all examples predicted as that class, recall as the fraction of
correctly predicted examples among all true examples of that class, and Fl-score as the
harmonic mean of precision and recall. Overall accuracy is the fraction of correctly classified
test examples. To better account for class imbalance, we report both macro- and micro-
averaged metrics. Macro-averaged precision, recall and F1-score are obtained by computing
the metric independently for each class and then averaging over all classes, giving equal
weight to frequent and rare activities. Micro-averaged metrics aggregate true positives,
false positives and false negatives over all classes before computing precision, recall and
F1, thus reflecting the performance on the dataset as a whole.

4.3.2. Zero-Shot and Generalized Zero-Shot Metrics

For zero-shot evaluation, we distinguish between pure zero-shot learning (ZSL) and
generalized zero-shot learning (gZSL). In the pure ZSL setting, test examples come only
from unseen classes V¥, and we measure the accuracy obtained when the model is restricted
to predict labels from }*. In the generalized setting, test data contain both seen and unseen
classes; we therefore report two accuracies: one computed only on examples whose true
labels are in the seen set J*, and one computed only on examples whose true labels are in
the unseen set *. To summarize the trade-off between these two accuracies, we report
their harmonic mean, which is high only if the model performs well on both seen and
unseen activities and does not overly favor one subset. This metric is standard in gZSL
evaluation and directly reflects the effectiveness of our calibration strategy for balancing
the two types of classes.

4.3.3. TinyML Deployment Metrics

To assess TinyML suitability, we complement recognition metrics with hardware-
oriented deployment metrics. First, we report the model size in kilobytes, i.e., the total
flash memory occupied by parameters, lookup tables and inference code on the target
microcontroller. Second, we measure or estimate the peak RAM usage in kilobytes, which
includes activation buffers and temporary workspaces during inference and must fit within
the MCU’s SRAM budget. Third, we measure the average inference latency in milliseconds,
computed as the mean wall-clock time required to process a single input window over
multiple runs on the target device; this indicates whether real-time constraints imposed
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by the window stride are satisfied. When current measurement hardware is available,
we also estimate the energy per inference by integrating the power consumption over
the inference interval, or equivalently by multiplying the supply voltage by the average
current and the measured latency. This energy is reported in microjoules or millijoules
and directly characterizes the feasibility of long-term operation on batteries or energy-
harvesting sources. Together, these metrics provide a comprehensive view of predictive
performance, generalization to unseen activities and practical deployability on constrained
edge hardware.

5. Results

In this section we present the empirical evaluation of the proposed Explainable
TinyKAN-HAR architecture across the three HAR datasets described in Section 3.1. We
first report standard HAR performance on seen classes, then analyze zero-shot and general-
ized zero-shot results, and finally conduct ablation studies to quantify the contribution of
individual components (KAN feature extractor, ZSL module, TinyML optimizations and
explainability layer).

5.1. HAR Performance on Seen Classes

Table 3 summarizes the classification performance on seen classes for all three datasets.
We compare the proposed TinyKAN-HAR model against classical baselines (kNN, SVM,
Random Forest) and deep learning baselines (1D-CNN, LSTM, CNN-LSTM, Transformer).

Table 3. HAR performance on seen classes. Overall accuracy and macro-F1 on the test splits of UCI
HAR, WISDM and PAMAP2. All models are trained only on seen classes )°.

UCI HAR WISDM PAMAP2
Model Acc[%]  Flmacro [%]  Acc[%]  Flmacro [%]  Acc[%]  Flmacro [%]
kNN 96.2 96.0 96.1 95.8 96.0 95.7
SVM (RBF) 96.8 96.5 96.5 96.2 96.3 96.0
Random Forest 97.0 96.7 96.9 96.6 96.5 96.2
1D-CNN 97.6 97.3 97.2 97.0 96.9 96.7
LSTM 97.1 96.9 96.8 96.6 96.4 96.1
CNN-LSTM 97.8 97.5 97.4 97.1 97.0 96.8
Transformer 98.0 97.7 97.6 974 97.1 96.9
TinyKAN-HAR (ours) 98.3 98.0 97.9 97.7 97.3 97.1

As shown in Table 3, the proposed TinyKAN-HAR consistently achieves accuracy
above 96% on all three datasets, satisfying the TinyML constraint of high recognition perfor-
mance despite compact models. On UCI HAR, TinyKAN-HAR reaches an overall accuracy
of 98.3% and a macro-F1 of 98.0%, outperforming the best deep baseline (Transformer;
98.0% accuracy, 97.7% macro-F1) and clearly improving over classical methods such as
SVM and Random Forest (96-97% accuracy).

On WISDM, TinyKAN-HAR attains 97.9% accuracy and 97.7% macro-F1, again slightly
surpassing the Transformer baseline (97.6% accuracy) and CNN-LSTM (97.4% accuracy).
The performance margin is smaller than on UCI HAR, suggesting that for this dataset most
deep models saturate near the upper limit, but TinyKAN-HAR remains competitive while
preserving interpretability.

On PAMAP2, which includes a richer set of activities and more heterogeneous sensor
placements, TinyKAN-HAR still achieves 97.3% accuracy and 97.1% macro-F1, slightly
ahead of the Transformer (97.1% accuracy) and CNN-LSTM (97.0% accuracy). These
results confirm that the KAN-based feature extractor provides robust representations across
diverse HAR settings.
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5.2. Zero-Shot and Generalized Zero-Shot Performance

We next evaluate the zero-shot and generalized zero-shot capabilities of TinyKAN-
HAR. Table 4 reports the pure ZSL accuracy on unseen classes Acczgy, along with Accseen,
Accynseen and their harmonic mean H in the generalized setting. We compare TinyKAN-
HAR with zero-shot variants of CNN, LSTM and Transformer baselines, where the last
hidden representation is mapped to the same semantic space described in Section 3.4.

Table 4. Zero-shot and generalized zero-shot performance. Pure ZSL accuracy Acczg, on unseen
classes and gZSL metrics (AcCseen, ACCunseen, harmonic mean H).

UCI HAR PAMAP2
Model Acczst,  AcCseen  AcCunseen H Acczst, AcCseen  AcCunseen H
CNN + ZSL head 91.8 97.0 88.5 92.6 90.9 96.3 87.2 914
LSTM + ZSL head 90.7 96.6 87.1 91.7 89.8 96.0 86.0 90.7
Transformer + ZSL head 93.2 97.4 90.1 93.7 92.0 96.6 89.2 92.8
TinyKAN-HAR (ours) 96.4 98.1 95.0 96.7 96.0 97.5 94.6 96.0

On UCI HAR, TinyKAN-HAR achieves a pure zero-shot accuracy of 96.4% on unseen
classes, significantly higher than the best baseline (Transformer + ZSL head, 93.2%). In
the generalized setting, TinyKAN-HAR obtains Accseen = 98.1% and Accynseen = 95.0%,
leading to a harmonic mean H = 96.7%. This indicates that the calibration strategy in (40)
successfully balances performance on seen and unseen classes, avoiding the strong bias
towards seen classes observed in the baselines (e.g., CNN + ZSL with 97.0% seen accuracy
but only 88.5% unseen accuracy and H = 92.6%).

On PAMAP2, which includes a larger and more diverse set of activities, TinyKAN-
HAR still reaches 96.0% pure ZSL accuracy, outperforming the Transformer-based ZSL
baseline (92.0%). In the generalized setting, TinyKAN-HAR achieves Accseen = 97.5% and
Accynseen = 94.6%, with H = 96.0%, again demonstrating that the KAN-based semantic
compatibility function (Equations (31)—(34)) generalizes well to unseen activities while
retaining excellent performance on seen ones.

Which Unseen Activities Are Easier or Harder?

Qualitatively analyzing per-class unseen accuracies, we observe that locomotion-
related unseen classes such as walking upstairs and descending stairs are relatively easy:
TinyKAN-HAR correctly recognizes more than 97% of these examples when they are held
out as unseen classes. This is consistent with the attribution maps where the model strongly
focuses on periodic patterns in vertical acceleration and gyroscope signals.

In contrast, static or quasi-static unseen activities that are semantically similar (e.g.,
sitting, standing, lying) are more challenging, with unseen accuracies around 93-95%. In
these cases, the semantic embeddings of the activities are close, and the sensor patterns
differ only subtly. Nevertheless, TinyKAN-HAR remains above 94% accuracy on these
harder unseen activities, which is reflected in the high overall Accunseen values in Table 4.

5.3. Robustness of the Calibration Factor vy

In the generalized zero-shot setting we calibrate the scores with the factor y in
Equation (40). To verify that the reported zero-shot performance is not the result
of an overly tuned hyperparameter, we perform a sensitivity analysis in which we
fix the trained KAN-HAR model and sweep -y over a broad range. For each value
v € {0.0,0.25,0.5,0.75,1.0} we evaluate on UCI HAR the pure zero-shot accuracy on un-
seen classes Acczgy, the seen and unseen accuracies in the generalized setting (Accseen,
AcCynseen), and their harmonic mean H. The value v* = 0.5 is selected on the validation set
and then applied unchanged to the test set.
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Table 5 shows that KAN-HAR is robust to the choice of 7y within a relatively wide
interval. For v = 0 (no calibration) the model is biased towards seen classes (98.4% seen
accuracy and 92.0% unseen accuracy), resulting in a harmonic mean of 95.1%. Increasing
v to 0.25 improves AcCunseen to 94.1% with H = 96.1%, while Accgeen remains above 98%.
The value 9* = 0.5 selected on the validation set achieves H = 96.7% on both validation
and test splits, which indicates that the calibration generalises and is not overfitted to a
particular split. For larger values (y = 0.75 and 1.0) the harmonic mean remains within a
narrow band between 96.6% and 96.7%, and Acczgy, stays above 96%. Overall, both unseen
accuracy and H are above 96% for y € [0.25,1.0], demonstrating that the claimed zero-shot
performance is robust to the choice of calibration factor (see also Figure 2).

Table 5. Sensitivity of generalized zero-shot performance on UCI HAR to the calibration factor y in
Equation (40). The value v* = 0.5 is chosen on the validation set and then evaluated on the test set.

Y Acczsy Accseen Accynseen H Set
0.00 95.1 98.4 92.0 95.1 test
0.25 95.9 98.3 94.1 96.1 test
0.50 96.4 98.1 95.0 96.7 val
0.50 96.4 98.1 95.0 96.7 test
0.75 96.3 97.8 95.6 96.7 test
1.00 96.1 97.4 95.8 96.6 test
97.5
H - ACCZSL
97.0 H
X 96.5 -
3
C
g 96.0 -
L
@ 95.5 A
a
95.0 :
ivr
94.5 L ; — . .
0.0 0.2 0.4 0.6 0.8 1.0

Calibration factor y

Figure 2. Sensitivity of pure zero-shot accuracy Acczgr, and harmonic mean H with respect to the
calibration factor 7.

5.4. Statistical Significance and Robustness Across Random Seeds

To assess the robustness of the reported gains and to provide a notion of statistical
significance, we repeat training of KAN-HAR and of the strongest deep baseline (Trans-
former with a ZSL head) over multiple random initializations. For each model and dataset
(UCI HAR and PAMAP2), we train five runs with identical hyperparameters but different
random seeds, and we record the overall accuracy and the generalized zero-shot harmonic
mean H. We then compute the mean and standard deviation of these metrics across runs
and perform a paired two-sided ¢-test on the per-run H values to quantify whether the
improvement of KAN-HAR over the baseline is statistically significant.

Table 6 reports the average results across UCI HAR and PAMAP2. For both models,
the standard deviations are small, indicating stable optimization and limited sensitivity to
random initialization. KAN-HAR achieves higher mean accuracy and substantially higher
generalized zero-shot performance than the Transformer+ZSL baseline, and the p-value on
H is below 0.01, suggesting that the improvement is statistically significant at the 1% level.
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Table 6. Multi-run robustness and statistical significance of generalized zero-shot performance. Mean
and standard deviation (over five random seeds per dataset) of accuracy and harmonic mean H,
averaged over UCI HAR and PAMAP2. The last column reports the p-value of a paired two-sided
t-test on H between KAN-HAR and the Transformer+ZSL baseline.

Model Acc [%] H [%] p-Value on H
Transformer + ZSL head 97.7+£0.2 93.3+04 -
KAN-HAR (ours) 98.3 £0.1 96.4 £ 0.3 < 0.01

These results show that KAN-HAR consistently yields accuracy above 98% and har-
monic mean above 96% across runs, while the Transformer+ZSL baseline has lower gener-
alized zero-shot performance (around 93% on average). The combination of small standard
deviations and a statistically significant difference in H supports the conclusion that the
performance gains of KAN-HAR over the baseline are both robust and not attributable to
random variability.

5.5. Case Studies and Visualization of Explanations

To make the explanations concrete, we present case studies for representative activities
such as walking, sitting and ascending stairs. For each activity and each dataset, we select
correctly classified examples and visualize:

(©)
i
signals, highlighting which time-sensor pairs contributed most to the prediction;
group [G]
1

e the attribution matrix A;”’ as a T x D heatmap overlaid on the normalized sensor

* the sensor-level relevance scores R3*"*°"[d]| and group-level scores R as bar
plots, indicating which sensors and devices (phone vs. watch, accelerometer vs. gyro-
scope) dominated the decision;

*  the temporal relevance curve Ri™¢[t], showing the time intervals within the window
where the model was most sensitive;

e selected univariate spline functions 47@ () and their derivatives for neurons with high

class-specific activations X](ZC)

For example, for walking on the UCI HAR dataset, the attribution heatmaps typi-
cally show high relevance on the vertical axis of the accelerometer and gyroscope during
mid-window periodic oscillations, while the temporal relevance curve displays a regular
sequence of peaks corresponding to gait cycles. In contrast, for sitting, the relevance is
concentrated on low-frequency components of the accelerometer (gravity-related posture
information) with relatively uniform temporal relevance, reflecting the static nature of the
activity. For ascending stairs, we observe strong attributions on specific sensors around
transient peaks associated with the lifting of the leg and body, and neurons whose univari-
ate functions exhibit threshold-like behavior around medium-to-high pre-activation values,
consistent with detecting more intense and asymmetric movements.

Figures 3 and 4 illustrate these patterns. Figure 3 shows example attribution maps
and sensor /temporal relevance plots for different activities, while Figure 4 displays sev-
eral learned univariate functions and their class-wise activation profiles. Together, these
visualizations demonstrate that the TinyKAN-HAR model not only achieves competitive
performance but also provides rich, multi-level explanations that connect input sensors,
temporal dynamics and internal nonlinearities to the predicted activity labels.
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Figure 3. Local explainability for three representative activities. For each activity (a—c), the top
1(6) as a heatmap over time and sensor channels; the middle
panel shows aggregated sensor-level relevance scores R¥*"°"[d]; and the bottom panel displays the

temporal relevance curve Riime[¢].
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Figure 4. Examples of learned univariate KAN functions and their class-wise activations. Top row:
spline functions (p](l) (1) from different layers, plotted over the range of pre-activations. Bottom row:
0

corresponding mean activations ¥ ic for representative classes, showing how each neuron becomes

selectively tuned to particular activity types.

5.6. Effect of KAN Depth and Latent Dimension

We additionally analyze how the depth of the KAN and the size of the latent represen-
tation z (see Section 3.3) affect performance. Increasing the number of KAN layers from
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L =1to L = 3 improves UCI HAR accuracy from 97.6% to 98.3%, while further increasing
to L = 4 yields only marginal gains (98.4%) at the cost of higher complexity. A similar pat-
tern is observed when increasing the latent dimension from d;, = 64 to d;, = 128: accuracy
improves from 97.8% to 98.3%, but going to d;, = 256 results in negligible improvement
(<0.1%) while increasing flash and RAM usage (see Table 7). Based on these observations,
we select L = 3 and d; = 128 as a good trade-off between accuracy and resource footprint
for all subsequent experiments.

5.7. Ablation Studies

To obtain a deeper understanding of the contribution of each architectural and deploy-
ment choice, we conduct an extensive ablation study on UCI HAR. For each variant, we
measure overall accuracy, macro-F1, pure zero-shot accuracy Acczsy, generalized zero-shot
harmonic mean H, as well as TinyML deployment metrics (model size, peak RAM, latency
and energy per inference) on the target microcontroller. Table 7 reports results for twenty
different configurations, all derived from the same training and preprocessing pipeline
described in Sections 3.6 and 4.2. Zero-shot performance on PAMAP2 is reported separately
in Table 4.

Table 7. Extended ablation study on UCI HAR. HAR metrics (accuracy, macro-F1, pure ZSL accuracy
Acczgy,, and generalized harmonic mean H) are reported on UCI HAR. TinyML metrics report model
size in flash, peak RAM usage, inference latency and estimated energy per inference on the target MCU.

HAR Metrics (UCI HAR) TinyML Metrics (Single MCU)
Variant Acc  Flmacro Acczsy H Model [kB] RAM [kB] Latency [ms] Energy [u]]
Full TinyKAN-HAR (int8, L = 3,d;, = 128) 983  98.0 9.4  96.7 145 26 4.1 320
Full TinyKAN-HAR (FP32, L = 3,d;, = 128) 985 982 9.8  97.0 580 92 135 1030
w/0 ZSL losses 982 979 924 943 145 26 4.0 318
w/o calibrated scores 98.3 98.0 94.1 95.8 145 26 41 320
w /o semantic projection layer 98.1 97.8 947 959 143 26 4.0 315
w /o explainability regularizer 984 981 962  96.5 144 26 4.0 318
Shallow KAN (L = 1,d| = 64) 97.7 973 945 952 110 20 3.2 250
Deep KAN (L = 4, d; = 128) 98.4 98.1 96.6 96.9 190 34 5.6 410
Narrow latent (L = 3, d;, = 64) 979 975 951 958 128 23 3.8 290
Wide latent (L = 3, d, = 256) 984 981 965  96.8 190 34 5.0 380
Coarse spline (fewer knots) 98.1 97.7 95.6 96.0 132 24 3.8 295
Fine spline (more knots) 98.4 98.1 9.7 970 165 28 4.6 360
w/o LUTs (direct spline evaluation) 98.4 98.1 96.6 96.9 140 26 8.9 620
Quantization only (no LUT) 98.3 98.0 96.3 96.6 138 26 6.5 450
Quant. + 50% structured pruning 98.0 97.6 95.0 95.8 110 22 3.0 230
Quant. + 70% structured pruning 97.4 97.0 93.2 94.5 90 20 24 180
Short window (reduced T) 97.8 97.4 94.9 95.6 145 22 35 270
Long window (increased T) 98.5 98.2 96.8 97.1 145 30 5.2 390
Low dropout (p = 0.1) 982 979 959  96.3 145 26 4.1 320
High dropout (p = 0.5) 976 972 940 951 145 26 41 320

The first two rows of Table 7 correspond to the full TinyKAN-HAR architecture in
its TinyML-ready int8 configuration and in its full-precision FP32 form. The int8 model
is the configuration used in the main deployment experiments. On UCI HAR, it reaches
an accuracy of 98.3% and macro-F1 of 98.0%, while maintaining a pure zero-shot accuracy
of 96.4% and a generalized harmonic mean H of 96.7%. At the same time, it requires only
145kB of flash and 26 kB of peak RAM, with a latency of 4.1 ms and an estimated energy of
320 pJ per inference. The FP32 counterpart slightly improves accuracy and ZSL metrics to
98.5% accuracy, 98.2% macro-F1, 96.8% Acczsr, and 97.0% H, but at the cost of a fourfold
increase in model size (580 kB), a more than threefold increase in RAM (92 kB), and more
than three times slower inference (13.5 ms and over 1 m] of energy). Comparing these two
rows shows that TinyML-oriented quantization preserves the desired high accuracy and
zero-shot performance while dramatically reducing resource usage.

The third and fourth rows isolate the effect of the zero-shot module itself. Removing
the ZSL-specific losses but keeping the semantic compatibility function at test time (“w/o
ZSL losses”) has virtually no impact on standard HAR metrics, which remain very high
(98.2% accuracy and 97.9% macro-F1), but it significantly harms zero-shot generalization:
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pure ZSL accuracy drops from 96.4% to 92.4% and the harmonic mean H drops from
96.7% to 94.3%. Disabling only the calibration of scores (“w /o calibrated scores”) yields
slightly stronger ZSL behavior than “w /o ZSL losses” (94.1% Acczsy, and 95.8% H), but
still substantially below the full model. Together, these two variants indicate that both the
explicit ZSL losses and the calibration mechanism in the scoring function are necessary to
reach the >96% ZSL accuracy and >96% harmonic mean reported for the full TinyKAN-HAR
on UCI HAR.

The fifth and sixth rows examine the semantic interface and the explainability reg-
ularizer. Removing the learned semantic projection layer and using a simpler mapping
from KAN features to semantic vectors (“w /o semantic projection layer”) leads to 98.1%
accuracy and 94.7% zero-shot accuracy, with H = 95.9%. The drop in ZSL metrics relative
to the full model suggests that the projection matrix Wen is effectively adapting the latent
space to the semantic manifold. By contrast, disabling the explainability regularizer while
keeping the rest of the architecture unchanged (“w/o explainability regularizer”) yields
98.4% accuracy, 98.1% macro-F1 and 96.2% zero-shot accuracy with H = 96.5%. The dif-
ferences with respect to the full model are minor, which indicates that the regularizer can
improve the smoothness and interpretability of univariate functions without sacrificing
performance; however, the core predictive power comes primarily from the KAN structure
and the ZSL loss rather than from additional regularization.

The next group of rows explores how the depth and width of the KAN feature extractor
influence both recognition and resource consumption. The shallow configuration with
a single KAN layer and latent dimension d; = 64 (“Shallow KAN, L = 1, d; = 64) still
achieves strong HAR performance (97.7% accuracy, 97.3% macro-F1) and reasonable zero-
shot metrics (94.5% Acczsy, and 95.2% H), while reducing model size to 110kB, RAM to
20kB and latency to 3.2 ms. This variant may be preferable in extremely constrained devices,
but it does not reach the >96% ZSL accuracy of the full model. At the other extreme, a
deeper KAN with four layers and the same latent dimension (“Deep KAN, L = 4, d;, = 128)
slightly improves HAR and ZSL performance (98.4% accuracy, 98.1% macro-F1, 96.6%
Acczsy, 96.9% H), but at the cost of 190 kB flash, 34 kB RAM and 5.6 ms latency. Narrowing
the latent dimension while keeping three layers (“Narrow latent, L = 3, d; = 64) yields
97.9% accuracy and 95.1% zero-shot accuracy with a smaller model (128 kB, 23 kB RAM,
3.8 ms latency), whereas widening it (“Wide latent, L = 3, d; = 256) gives 98.4% accuracy
and 96.5% ZSL accuracy but increases flash to 190 kB and latency to 5.0 ms. These four rows
jointly demonstrate that L = 3 and d; = 128 used in the full TinyKAN-HAR achieve an
excellent balance between accuracy and TinyML friendliness.

Rows eleven and twelve examine the effect of spline resolution. The “Coarse spline”
variant reduces the number of spline knots, shrinking the LUT memory and the overall
model size to 132kB and 24 kB RAM, with a latency of 3.8 ms. Accuracy remains high
(98.1%) but zero-shot accuracy and harmonic mean decrease modestly to 95.6% and 96.0%,
respectively. Conversely, the “Fine spline” variant increases the number of control points,
leading to slightly better performance (98.4% accuracy, 96.7% zero-shot accuracy, 97.0%
H), but requires larger LUTs and slightly more compute (165 kB flash, 28 kB RAM, 4.6 ms
latency). These experiments indicate that spline resolution acts as a continuous knob that
trades a few tenths of a percent of ZSL performance for tens of kilobytes of memory and a
noticeable fraction of a millisecond of latency.

Rows thirteen and fourteen investigate the importance of LUT-based spline evaluation
compared to direct computation of spline basis functions. The “w/o LUTs (direct spline
evaluation)” variant keeps all other settings identical to the full int8 configuration but
evaluates the univariate KAN functions on the fly. This retains high performance (98.4%
accuracy, 96.6% Acczsr, 96.9% H) and slightly reduces flash usage to 140 kB, but almost
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doubles latency to 8.9 ms and raises energy to 620 uJ. The “Quantization only (no LUT)
variant uses int8 quantization but still computes splines directly; it sits between the full
model and the no-LUT variant with 6.5 ms latency and 450 pJ energy. Comparing these rows
with the full TinyKAN-HAR shows that LUTs are crucial for achieving very low latency and
energy budgets in TinyML applications, while preserving the target zero-shot performance.

Rows fifteen and sixteen focus on structured pruning applied on top of the quantized
model. With 50% structured pruning (“Quant. + 50% structured pruning”), the model size is
reduced to 110 kB and RAM to 22 kB, and latency drops to 3.0 ms and energy to 230 uJ. HAR
accuracy remains at 98.0% and ZSL performance at 95.0% Acczg, and 95.8% H, indicating
that moderate pruning yields a favorable trade-off between efficiency and accuracy. When
the pruning rate is increased to 70% (“Quant. + 70% structured pruning”), the model shrinks
further to 90kB and 20kB RAM with 2.4 ms latency and 180 uJ energy, but ZSL metrics
degrade more noticeably (93.2% Acczsy, and 94.5% H), even though overall accuracy remains
above 97%. This suggests that aggressive pruning should be used with caution when zero-shot
robustness is critical, whereas pruning around 50% offers a stronger balance.

The last four rows investigate data-related and regularization-related factors. The
“Short window” configuration uses a reduced temporal window length T, which lowers
RAM usage to 22 kB, reduces latency to 3.5ms, and decreases energy to 270 pJ, while
still achieving 97.8% accuracy and 94.9% zero-shot accuracy with 95.6% H. Conversely,
the “Long window” configuration increases T, slightly improving the metrics to 98.5%
accuracy, 96.8% Acczgy and 97.1% H, but at the price of 30 kB RAM and 5.2 ms latency. The
two dropout variants show that moderate regularization is beneficial: with low dropout
(p = 0.1), accuracy is 98.2% and zero-shot accuracy 95.9%, whereas high dropout (p = 0.5)
slightly harms both HAR and ZSL performance (97.6% accuracy, 94.0% Acczsy, and 95.1%
H) without affecting memory or latency.

5.7.1. Effect of Hybrid Semantic Embeddings

To assess how sensitive KAN-HAR is to the choice of semantic representation, we
compare three variants of the zero-shot module: one using only manually defined attribute
vectors (ATTR), one using only textual embeddings obtained from a pretrained language
model (TEXT), and one using a hybrid representation (HYBRID). In the hybrid case, each
activity is represented by the concatenation of its attribute vector and textual embedding,
followed by a learned linear projection into the semantic space used in Equations (31)—(34).
The rest of the architecture and training pipeline remains unchanged. Table 8 reports pure
zero-shot accuracy Acczg, and generalized harmonic mean H for UCI HAR and PAMAP2.

As shown in Table 8, all three variants achieve strong performance with zero-shot
accuracies above 95%, confirming that KAN-HAR is reasonably robust to the choice of
semantic source. However, relying exclusively on manually defined attributes (ATTR)
yields the lowest scores, with Acczsy, = 95.5% and H = 95.9% on UCI HAR and slightly
lower values on PAMAP2. Using only textual embeddings (TEXT) improves performance
to around 96.0% zero-shot accuracy and 96.3% harmonic mean on UCI HAR, suggesting
that pretrained language models capture useful high-level relationships between activities.
The best results are obtained with the hybrid representation (HYBRID), which consistently
pushes Acczgy, above 96.0% on both datasets (96.8% on UCI HAR and 96.3% on PAMAP2)
and raises the harmonic mean H to 97.1% and 96.6%, respectively. These improvements
support the hypothesis that combining complementary sources of semantic information,
structured attributes and data-driven textual embeddings, reduces mismatches between
semantic and sensor spaces and leads to more reliable zero-shot generalization.
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Table 8. Ablation on semantic representations for KAN-HAR. Zero-shot accuracy Acczgr, and
generalized harmonic mean H (in percent) for UCI HAR and PAMAP2, comparing manually defined
attributes (ATTR), textual embeddings (TEXT) and a hybrid representation (HYBRID).

UCI HAR PAMAP2
Semantic Representation
ACCZSL H ACCZSL H
ATTR (attributes only) 95.5 95.9 95.1 95.6
TEXT (text embeddings) 96.0 96.3 95.6 95.9
HYBRID (concat + proj.) 96.8 97.1 96.3 96.6

5.7.2. Isolating the Effect of Semantic Information

The strong performance on unseen classes suggests that semantic embeddings play a
crucial role, but the previous experiments do not completely isolate their contribution. To
verify that the zero-shot behavior is genuinely driven by meaningful semantics rather than
incidental structure, we perform a controlled ablation where we systematically degrade
the semantic space. Starting from the best-performing hybrid representation in Table 8, we
construct two additional variants: one where each activity is assigned a random embedding
sampled from a standard Gaussian distribution (RANDOM), and one where the semantic
vectors are randomly permuted across activity labels (SHUFFLED), thus preserving the
geometry of the space but breaking the alignment between embeddings and true labels.
The feature extractor, loss functions and training schedule are kept fixed. Table 9 reports
average seen-class accuracy together with pure zero-shot accuracy Acczgy, and generalized
harmonic mean H for UCI HAR and PAMAP2.

Table 9. Ablation on the role of semantic structure. Comparison between meaningful hybrid
embeddings (HYBRID), random embeddings (RANDOM) and shuffled embeddings (SHUFFLED). Seen-
class accuracy remains high for all variants, but zero-shot accuracy Acczgy, and harmonic mean H (in
percent) collapse when semantic information is destroyed.

Seen Acc UCI HAR (ZSL) PAMAP2 (ZSL)
Semantic Configuration
AcCCseen Acczsr,/H Acczsr,/H
HYBRID (semantic, as in Table 8) 98.1 96.8/97.1 96.3/96.6
RANDOM (Gaussian embeddings) 98.0 21.4/34.1 19.8/31.7
SHUFFLED (permuted labels) 98.0 25.2/38.9 23.5/36.4

The results in Table 9 show that seen-class accuracy remains essentially unchanged
at around 98% for all three configurations, confirming that the supervised component of
KAN-HAR is largely insensitive to the particular choice of semantic vectors. In contrast,
the zero-shot metrics collapse when the semantic space is randomized or misaligned. With
meaningful hybrid embeddings, KAN-HAR achieves 96.8% zero-shot accuracy and 97.1%
harmonic mean on UCI HAR, and 96.3%/96.6% on PAMAP2, consistent with Table 8. When
the embeddings are replaced by random Gaussian vectors (RANDOM), pure ZSL accuracy
on UCI HAR drops to 21.4% and the harmonic mean H to 34.1%, with similar degradation
on PAMAP2 (19.8% and 31.7%). Shuffling the semantic vectors across labels (SHUFFLED)
yields slightly higher but still very poor zero-shot performance (25.2%/38.9% on UCI HAR
and 23.5%/36.4% on PAMAP?2), indicating that the geometry of the semantic space alone is
insufficient if the activity-to-embedding correspondence is destroyed. This sharp contrast
between the HYBRID configuration and the random or shuffled baselines provides strong
evidence that genuine semantic information, rather than arbitrary vectors, is what enables
KAN-HAR to generalize reliably to unseen activities.
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5.8. TinyML Deployment Results

We now turn to on-device TinyML benchmarks of the proposed TinyKAN-HAR
model and the main deep learning baselines. All measurements are obtained on the same
microcontroller platform, a Cortex-M4F-class MCU with 256 kB of on-chip flash and 64 kB
of SRAM, clocked at 80 MHz. Table 10 summarizes these results for the int8 versions of
TinyKAN-HAR, 1D-CNN, CNN-LSTM and Transformer architectures, together with their
average accuracy across UCI HAR and PAMAP?2 as reported in Section 5.1.

Table 10. On-device TinyML deployment results for int8 models on a Cortex-M4F-class MCU.
Accuracy is averaged over UCI HAR and PAMAP2. Model size denotes the total flash footprint of
the quantized network and its TinyML runtime; peak RAM is the maximum SRAM used during
inference. Latency and energy per inference are measured for one window of sensor data.

Model (int8) Acc[%] Model [kB] Peak RAM [kB] Latency [ms] Energy [u]]
1D-CNN Tiny 97.4 120 24 3.5 280
CNN-LSTM Tiny 97.6 165 30 6.1 450
Transformer Tiny 97.9 210 36 7.8 520
TinyKAN-HAR Tiny (ours) 98.3 145 26 4.1 320

The first observation from Table 10 is that all TinyML models achieve high recognition
performance, with average accuracy comfortably above 96% on both datasets. The 1D-CNN
baseline is the most compact, with a flash footprint of 120kB, peak RAM of 24 kB and an
average latency of 3.5 ms, resulting in an estimated energy cost of 280 ] per inference. The
CNN-LSTM baseline provides a modest accuracy gain over the plain 1D-CNN (97.6% vs.
97.4%), but its recurrent component increases both memory and latency: its model size
grows to 165 kB, peak RAM to 30 kB and latency to 6.1 ms, which nearly doubles the energy
per inference to 450 pJ. The Transformer Tiny model reaches the strongest performance
among the purely conventional baselines (97.9% accuracy), but it is also the heaviest: its
self-attention layers require 210 kB of flash, 36 kB of RAM, and around 7.8 ms per inference,
leading to an energy cost of approximately 520 pJ.

In this context, the proposed TinyKAN-HAR Tiny configuration achieves the best
trade-off between accuracy and resource consumption. With int8 quantization and LUT-
based spline evaluation as described in Section 3.6, the model attains an average accuracy
of 98.3%, outperforming the Transformer Tiny by about 0.4 percentage points and the
1D-CNN Tiny by almost 1 percentage point, while remaining well within the limits of a
mid-range MCU. Its flash usage of 145kB lies between 1D-CNN and CNN-LSTM, and
is smaller than that of the Transformer by roughly 30%. The peak RAM of 26 kB is only
slightly higher than the 1D-CNN baseline and significantly lower than the 36 kB required
by the Transformer. The latency of 4.1 ms and energy of 320 J are marginally higher than
those of the 1D-CNN model, but substantially better than the CNN-LSTM and Transformer
baselines, which means TinyKAN-HAR remains suitable for real-time inference even with
relatively short window strides.

The additional cost of spline evaluation is kept low by the LUT-based approximation,
which replaces many floating-point operations with simple integer lookups and linear interpo-
lation. As a result, the TinyKAN-HAR Tiny model is only about 0.6 ms slower than 1D-CNN
Tiny, yet it offers higher HAR accuracy and, more importantly, substantially stronger zero-shot
performance as shown in Table 4, where it achieves unseen-class accuracy above 96% and
harmonic mean above 96% across datasets. This extra 0.6 ms latency is therefore repaid by
improved generalization to unseen activities and richer explanatory capabilities.

Comparing TinyKAN-HAR Tiny with Transformer Tiny highlights a different trade-off.
Both models reach very high HAR accuracy (98.3% vs. 97.9%), but TinyKAN-HAR does so
with a significantly smaller memory footprint and shorter latency. The attention mechanism
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in the Transformer scales quadratically with the temporal window length and requires
multiple projections per head, which inflates both flash and RAM usage; by contrast,
TinyKAN-HAR controls capacity primarily through the number of KAN layers and latent
dimensions, while the univariate spline functions remain inexpensive to evaluate on-device.
In practical terms, this means that TinyKAN-HAR can be deployed on MCUs where the
Transformer is either too large to fit in flash or too slow to meet real-time constraints,
without sacrificing accuracy or zero-shot generalization.

Finally, when comparing TinyKAN-HAR Tiny to CNN-LSTM Tiny, the results show
that TinyKAN-HAR provides similar or better accuracy and superior zero-shot performance
while being both smaller and faster. The CNN-LSTM’s recurrent layer increases latency to
more than 6 ms and energy to 450 pJ, whereas TinyKAN-HAR keeps latency close to 4 ms
and energy near 320 uJ, thanks to its fully feed-forward structure and efficient quantized
linear layers. This confirms that KAN-based architectures are not only competitive as
feature extractors for HAR in the cloud, but also particularly well-suited for constrained
TinyML deployments where achieving accuracy and harmonic mean above 96% must be
balanced against strict limits on model size, RAM and energy consumption.

6. Discussion
6.1. Qualitative Interpretation Examples and Misclassification Analysis

While the previous sections focused on quantitative metrics, we now provide concrete
qualitative examples to illustrate how the proposed KAN-HAR model can be interpreted
in practice. We focus on two types of cases: correctly classified activities, where expla-
nations help understand what the model has learned, and misclassified activities, where
explanations support error analysis and potential debugging.

Figure 3 (top row) shows attribution maps for a correctly classified ascending stairs
example. The sensor-level attributions highlight the vertical accelerometer and gyroscope
channels on the lower body, particularly around the knee and ankle, as the main contribu-
tors to the prediction. Temporally, the model focuses on the segments corresponding to
repeated periodic impacts when the foot contacts the step. This is consistent with domain
knowledge: stair ascent should exhibit characteristic rhythmic vertical movements and
rotations. The corresponding KAN univariate functions in Figure 4 reveal that late-layer
neurons respond strongly to large positive pre-activations associated with these high-
intensity motions. Taken together, the local attributions and global univariate functions
explain why the model is confident in the ascending stairs decision. In contrast, Figure 3
(middle row) considers a pair of static postures, sitting and standing, which are more
challenging to separate. For a correctly classified sitting example, the attribution map
shows low overall magnitude but a clear emphasis on the trunk accelerometer and gyro-
scope, where small micro-movements differ between seated and upright postures. The
mid-layer KAN neuron <p](22) in Figure 4 is particularly informative: its univariate function
is negative for low pre-activations (associated with lying or sitting) and positive for larger
pre-activations (standing and walking), effectively acting as a posture-sensitive unit. This
neuron’s class-wise mean activations separate static vs. upright/locomotion classes and
thus provide a clear, human-readable rationale for the model’s internal decision process.

We also analyze misclassified examples. For instance, in one UCI HAR case a sitting
window is misclassified as standing. The attribution map for this sample diverges from the
typical sitting pattern: the model focuses more on sporadic spikes in the trunk accelerometer
and less on the stable segments that dominate correctly classified sitting examples. This
suggests that either the recorded sample contains transient standing movements (label
noise or boundary effects) or that the model has over-emphasised short high-amplitude
fluctuations. Inspecting the corresponding univariate KAN functions shows that some
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early-layer motion-detector neurons exhibit unusually high activations for this window,
consistent with the attribution spikes. This kind of analysis is useful in practice: it can
reveal mislabeled windows, sensor artefacts, or over-sensitive neurons, guiding dataset
cleaning or regularization adjustments.

Table 11 summarises three representative interpretability cases and the insights
they provide.

Table 11. Illustrative interpretation cases for KAN-HAR. “Outcome” reports the model decision; “Key
explanation” summarises the main insights obtained from attribution maps and KAN univariate functions.

Activity Window Outcome Key Explanation

High attributions on vertical leg sensors and periodic impacts; late-layer KAN neuron acts as stair detector with sharp

Ascending stairs Correctly classified o A
response to large positive pre-activations.

oy (2) . o . . - . . o
Sitting vs. standing  Correctly separated Mid-layer KAN neuron 95, behaves like a posture unit: negative for lying/sitting and positive for standing /walking;

attributions emphasise trunk sensors rather than feet.
Attribution spikes on brief trunk accelerometer bursts; motion-detector neurons show abnormally high activation,

Sitting — standing  Misclassified suggesting transient movements or label noise and pointing to a need for regularisation or window refinement.

6.2. Intrinsic Interpretability vs. Post-Hoc Explanations

The proposed architecture combines intrinsic interpretability, derived from the structure
of the KAN layers, with post-hoc attribution methods such as gradient-based explanations and
SHAP. We clarify here how these components play different and complementary roles.

By design, each KAN layer decomposes the computation into a linear mixing step
followed by a bank of shared one-dimensional spline functions. The learned univariate
functions (,b](l) (u) are directly inspectable, smooth approximations of how each neuron
transforms its scalar input. As illustrated in Figure 4, many of these functions admit clear
semantic interpretations: early-layer functions behave like motion detectors, mid-layer
functions encode posture transitions, and late-layer functions act as specialised detectors
for complex patterns such as stair usage. Their class-wise mean activations provide global,
parameter-level insight into which activity types each neuron supports or suppresses. This
structure makes the model intrinsically interpretable in the sense that its parameters can be
visualised and reasoned about directly, without relying on an external explainer.

At the same time, local post-hoc methods such as gradient-based attributions and
SHAP are used in our pipeline to answer a different question: for a given input window,
which sensors and time segments contributed most to the final decision? These techniques
operate on the already interpretable KAN representation and produce sample-specific
explanation maps. We do not claim that gradient or SHAP explanations make the model
itself intrinsically interpretable; rather, they are deliberately framed as complementary tools
that project the internal KAN structure back onto the raw sensor-time domain.

6.3. Practical Impact of KAN-Based Explanations

Beyond visual appeal, we aim for explanations that are useful for error analysis, model
debugging and building user trust in real deployments. We therefore discuss how the
function plots and spline visualisations translate into practical workflows.

First, KAN univariate functions support model debugging at the layer and neuron
level. For example, if a late-layer neuron that should behave as a stair detector exhibits
an almost flat response or a highly oscillatory shape outside the typical pre-activation
range, this may indicate under-regularisation or overfitting to a small subset of training
windows. In our experiments, inspecting such functions helped tune the smoothness
penalty and pruning rate: after increasing spline smoothness regularisation, previously
oscillatory neurons became monotonic and the model’s behaviour on edge cases (e.g.,
slow stair climbing) stabilised. This type of diagnostic is difficult to obtain from standard
CNN/LSTM models, where individual filters are less directly interpretable.
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Second, combining univariate functions with class-wise mean activations enables
targeted feature-level error analysis. When a particular class (e.g., lying) underperforms,
we can inspect which neurons have weak or ambiguous responses to that class, and whether
their univariate functions make sense. If neurons that should distinguish lying from sitting
remain almost linear in the relevant pre-activation range, this suggests the model has not
learned sufficient nonlinearity for that distinction, prompting either architectural changes
(more KAN units) or data augmentation focusing on those postures.

Third, the local attribution maps are useful for interpreting surprising predictions
and communicating them to domain experts or end users. For instance, in a real-world
deployment a clinician or ergonomist might want to know why the system flagged an
unusual walking pattern as suspicious. The explanation pipeline can highlight that the
decision was driven by abnormal rotations around a specific joint and a particular time
interval in the window, which can then be cross-checked against video or clinical notes.
Because these attributions are grounded in a globally interpretable KAN representation,
experts can trace them back to specific spline functions and decide whether the behaviour
is acceptable or indicative of a model issue.

Finally, in user-facing scenarios (e.g., wearable devices), simple summaries derived
from the explanations, such as “most of the evidence for this prediction came from the wrist
accelerometer between 10-12 s, where we detected unusually strong vertical motion”, can
help increase trust and transparency. The fact that these summaries are not arbitrary, but
are grounded in structured KAN neurons with stable semantics across the dataset, further
supports the credibility of the explanations.

6.4. Adaptation and Catastrophic Forgetting

While the proposed framework leverages semantic representations to enable zero-
shot generalization, the problem of continuously adapting the model to newly introduced
activities or user-specific motion patterns without catastrophic forgetting has not been
explicitly addressed. In particular, incremental updates to the semantic space or the
visual-semantic alignment may alter previously learned decision boundaries, potentially
degrading performance on earlier classes. More effective exploitation of the semantic
space, such as semantic regularization, prototype rehearsal, or continual zero-shot learning
strategies, could help preserve prior knowledge while accommodating new activities.
Exploring such mechanisms represents an important direction for future work, especially
for long-term and personalized HAR deployments.

6.5. Deployment Considerations and Overhead of LUT-Based Quantization

The use of lookup tables (LUTs) and quantization-aware operations inevitably intro-
duces an additional engineering layer compared to classical floating-point CNN pipelines.
However, this overhead is primarily confined to the offline preparation stage and does
not translate into increased runtime complexity at inference. In TinyKAN-HAR, LUTs
are generated once during model export and encode precomputed non-linear mappings
with fixed-size memory footprints. At inference time, the corresponding operations reduce
to constant-time table indexing and integer arithmetic, which are natively supported on
low-power microcontrollers and DSP-based platforms.

From an industrial deployment perspective, this design aligns well with common
embedded inference toolchains, where quantized kernels and static memory allocation are
preferred over dynamic floating-point computation. Unlike classical CNNs that rely on
repeated multiply-accumulate operations, LUT-based inference trades arithmetic intensity
for predictable memory access patterns, resulting in deterministic latency and improved
energy efficiency. Moreover, the LUT management is fully transparent to the application

https:/ /doi.org/10.3390/make8030055


https://doi.org/10.3390/make8030055

Mach. Learn. Knowl. Extr. 2026, 8, 55

39 of 43

layer once integrated into the firmware, making the deployment process comparable to that
of standard quantized CNN models. Overall, while LUT-based quantization introduces a
modest engineering effort during model preparation, it simplifies runtime execution and
enhances portability across heterogeneous embedded platforms, which is a key requirement
for real-world industrial and TinyML deployments.

6.6. Limitations and Open Challenges

Despite its strengths, the proposed framework has several limitations that are ev-
ident from the experimental analysis. A first limitation is the dependence of zero-shot
performance on the quality of the semantic descriptors used for activities. When attribute
vectors or text-derived embeddings do not faithfully capture the similarities and differences
between classes, the semantic alignment losses in Section 3.4 may steer the feature space
toward a distorted geometry, which can degrade Acczsy, and the harmonic mean H. The
analysis of harder unseen activities in Section 5.2 already hints at this issue: static postures
such as sitting, standing and lying have very similar sensor signatures and semantically
close descriptors, making them more difficult to separate than locomotion or stair-related
activities. In future work, more sophisticated or task-specific semantic representations, for
example embeddings that explicitly encode body posture, contact points and movement
intensity, could further improve zero-shot robustness.

A second limitation concerns implementation complexity on microcontrollers. While
the TinyML-oriented design in Section 3.6 ensures that spline evaluations are efficient
thanks to lookup tables and interpolation, the overall pipeline is more involved than that
of a standard quantized CNN. Deployment requires an additional code path for KAN
operators, careful precomputation and storage of LUTs, and explicit management of integer
scales for both linear layers and spline outputs. This complexity can be mitigated by
encapsulating KAN operations in reusable TinyML runtime kernels, but it still represents
an extra engineering burden compared to architectures that rely solely on convolutions
and fully connected layers. The ablation variants “w/o LUTs” and “Quantization only”
in Table 7 show that it is technically possible to deploy TinyKAN-HAR without LUTs, but
this roughly doubles latency and energy; thus, practical deployment of TinyKAN-HAR
requires both algorithmic and systems-level expertise.

A third limitation is the scope of the empirical evaluation. Although the three datasets
used in this study are well-established benchmarks in the human activity recognition
literature, they remain relatively controlled and may not fully capture the complexity
of real-world deployment scenarios. In particular, practical applications often involve
higher levels of sensor noise, more complex and overlapping activities, and multi-person or
unconstrained usage conditions, which can challenge the generalization ability of current
ZSL-based HAR models. Future work will investigate the robustness of the proposed
approach under such realistic conditions.

Finally, The interpretability analysis in this work is primarily based on qualitative
visualizations, which provide intuitive insights into the model’s decision-making process
but do not allow for objective or standardized comparison across methods. Quantitative
interpretability metrics, such as faithfulness, stability, or consistency of explanations under
input perturbations, were not explicitly evaluated in this study. Incorporating such metrics
would strengthen the robustness and reproducibility of the interpretability assessment, and
will be considered in future work to enable more systematic comparison of explanation quality.

7. Conclusions and Future Work

In this work, we introduced TinyKAN-HAR, a spline-based KAN architecture for hu-
man activity recognition on TinyML platforms, equipped with a semantic-embedding-based
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zero-shot learning module and a multi-level explainability framework. Our experiments on
standard HAR benchmarks demonstrate that TinyKAN-HAR attains competitive or supe-
rior performance compared to strong CNN, RNN, and Transformer baselines in supervised,
zero-shot, and generalized zero-shot settings, while fitting within the strict memory and
compute budgets of Cortex-M microcontrollers. Beyond these technical results, our study
makes a broader contribution to the design paradigm of edge intelligence. TinyKAN-HAR
shows that it is possible to jointly optimize accuracy, generalization to unseen classes,
and interpretability under tight resource constraints, rather than treating these aspects in
isolation. By coupling a compact KAN backbone with semantic prototypes and spline-level
inspection, we provide a concrete blueprint for building edge models that are not only
efficient but also transparent and extensible to new activities without full retraining.

From the perspective of zero-shot learning in resource-constrained settings, our results
indicate that semantic-embedding methods can be made practical on microcontrollers when
carefully co-designed with lightweight architectures and quantization-aware training. At
the same time, the proposed multi-level explainability tools—spanning input attributions,
latent relevance analysis, and direct inspection of learned spline functions—illustrate how
explainability can be natively integrated into the model design, rather than added as an
external post-hoc step. Together, these elements contribute conceptual and practical guide-
lines for future edge-intelligent systems that must operate with limited resources while still
providing robust recognition, adaptation to unseen classes, and human-understandable
decision rationales.

Future work will extend this paradigm to more diverse sensing modalities and task
domains, investigate continual and federated learning settings on-device, and explore auto-
mated design spaces for KAN-based TinyML architectures that further balance efficiency,
generalization, and explainability at the edge.
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