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Abstract. Deep learning has substantially improved the accuracy of
Human Activity Recognition (HAR) from wearable sensors, but existing
pipelines mostly rely on fixed, high-frequency sampling strategies for the
inertial sensors. Such designs mostly lead to unnecessary sensing, com-
putation, and energy consumption, for instance during low-motion or
repetitive activities. We show in this work that many activities in cur-
rent benchmarks can be recognized accurately at much lower sampling
rates, while others do benefit from higher temporal resolution. We then
introduce a frequency-adaptive HAR framework that dynamically selects
the sampling rate most appropriate for each activity. The framework is
enabled by a single-checkpoint multirate ContinuousConvLSTM model,
whose continuous convolution kernels adjust their effective temporal sup-
port as a function of sampling frequency. We evaluate ContinuousConv-
LSTM and quantify the achievable accuracy—efficiency trade-offs relative
to fixed-frequency baselines.

Keywords: wearable activity recognition - inertial-based activity recog-
nition - human activity recognition - adaptive sampling

1 Introduction and Motivation

Human Activity Recognition (HAR) has evolved considerably in the past decade
with the advent of deep learning, enabling improved accuracy in classifying com-
plex, real-world human behavior from wearable sensor data [9/I]. However, as
the field matures, the focus is increasingly moving beyond raw performance met-
rics, towards efficiency, deployability, and real-world applicability [13/4]. The rise
of always-on, battery-powered wearables, from smartwatches to clinical-grade
health monitors, requires models that are both accurate and lightweight, as well
as energy efficient and capable of operating directly on resource-constrained
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Fig.1: Overview of the proposed multirate ContinuousConvLSTM. Instead of
training separate models for each sampling rate, a single checkpoint supports
different (50, 25, 12, and 6 Hz) inputs. ContinuousConv layers adapt their effec-
tive temporal kernel length (9, 5, 3, 1) according to the sampling rate, preserving
temporal coverage across resolutions while sharing a common recurrent classifier.

devices [4]. This shift has spurred innovation towards compact deep learning
architectures [I3], quantization-aware training [5], and on-device optimization.

In many wearable HAR applications, systems must operate for extended du-
rations on a single battery charge. Additionally, these deployments exhibit con-
siderable device heterogeneity: smartphones, smartwatches, fitness trackers, and
clinical-grade inertial units offer access to diverse sensors at varying default sam-
pling rates. Operating system-induced sample-timing variability further compli-
cates the use of fixed-interval models [I8]. Therefore, an effective HAR pipeline
should accommodate, and ideally exploit, sampling-rate variability.

Despite recent advances, a fundamental inefficiency remains: Most deep learn-
ing pipelines for human activity recognition assume fixed, high-frequency sen-
sor sampling rates, which are typically designed for worst-case scenarios, rather
than reflecting the dynamic and context-dependent nature of human activity.
This approach leads to unnecessary computational and energy costs, especially
when sensors collect redundant data during periods of inactivity or low-motion
contexts [14]. A significant technical challenge for deep learning in accommo-
dating variable sampling rates is that standard convolutional networks utilize
discrete kernels. A kernel of length k covers different time periods at different
sensor rates, breaking temporal alignment when switching between, for exam-
ple, 50 Hz and 6 Hz inputs. To keep comparable temporal receptive fields across
different rates, the effective kernel length must thus be adjusted to the sampling
frequency.

Stationary activities can be reliably recognized at low sampling frequencies
below 10 Hz, while highly dynamic motions need 25 to 50 Hz or higher [7]. Addi-
tionally, large-scale hyperparameter studies of deep HAR architectures indicate
that the optimal temporal kernel size varies across datasets and tasks, and that
no single discrete kernel generalizes effectively between recognition problems [17].
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These two issues, rigid sampling rates and discrete kernel sizes, are often
considered independent design choices. We argue that both relate to the funda-
mental question: What is the most efficient temporal representation of the signal
that enables the model to extract patterns across all activities?

This paper addresses this challenge by parameterizing convolutional filters in
continuous time. Instead of learning kernel values on a fixed grid, a coordinate-
conditioned kernel function is learned over normalized temporal offsets, which
enables the instantiation of discrete kernels for any target sampling rate. This
approach was initially developed for non-grid data such as 3D point clouds [14]
and has recently demonstrated effectiveness for general sequential data [I1]. This
papers investigates the use of parameterized convolutional filters and how they
can be extended to wearable human activity recognition (HAR). This exten-
sion allows a single model to process windows from multiple sensor rates, while
maintaining a consistent representation of physical time. When combined with
rate-specific feature extractors that share a common recurrent and classification
head, this method eliminates the need for both kernel size and per-rate retraining
as manual hyperparameters. Our contributions are threefold:

1. We demonstrate that replacing fixed discrete convolutional kernels with deep
parametric convolutions [I4] allows inertial-based human activity recognition
(HAR) architectures to dynamically adjust their effective kernel size based
on the sampling rate. This method is shown to eliminate manual tuning of
temporal kernel size across three HAR benchmarks: WEAR [2], RealWorld-
HAR [12], and WISDM-watch [15].

2. We introduce ContinuousConvLSTM, an extension of DeepConvLSTM [9],
which uses the parametric convolutions for feature extraction and inference
across multiple sampling rates within a single checkpoint. The recurrent and
classification components are shared for all rates, while dedicated convolu-
tional branches address the different temporal resolutions.

3. We evaluate ContinuousConvLSTM on three benchmarks against per-rate
DeepConvLSTM and pure-CNN baselines, showing that one checkpoint cov-
ers the full rate range without kernel-size tuning, and that the recurrent
stage is what preserves accuracy at the lowest rates.

2 Related Work

Deep Learning Approaches for Inertial HAR. Deep learning has emerged as the
dominant approach for inertial human activity recognition (HAR) due to its
ability to learn hierarchical temporal features directly from raw sensor data.
The DeepConvLSTM architecture [9] established a widely adopted baseline by
integrating temporal convolutions with recurrent modeling, thereby capturing
both local motion patterns and long-range temporal dependencies. Subsequent
research has investigated enhanced sequence modeling and attention mecha-
nisms [I], ensemble methods that improve performance stability across subjects
and sensor placements [626], and systematic hyperparameter analyses that de-
lineate the design space of deep, convolutional, and recurrent HAR models [17].
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More compact variants, such as a DeepConvLSTM with a single-layer LSTM [19],
the transformer-based TinyHAR [I3], and the ultra-lightweight TinierHAR [24],
have further reduced parameter count and computational cost while maintain-
ing recognition accuracy on standard benchmarks. The present work adopts the
DeepConvLSTM backbone as a fixed, well-understood foundation and focuses
on rate-aware feature extraction. Instead of seeking improved architectures, this
study examines how the convolutional stage should be structured when the sam-
pling rate is not a fixed design parameter.

Sampling Rate and Adaptive Sensing. The selection of sampling rate significantly
influences human activity recognition (HAR) performance, with several studies
demonstrating that the optimal rate depends on the specific activity rather than
the sensor or dataset [7)27]. Stationary and quasi-static behaviors can be reliably
recognized at low frequencies, whereas highly dynamic motions require higher
temporal resolution. This creates a trade-off that cannot be resolved by a sin-
gle global rate. Recent work further shows that sampling irregularity itself can
affect deployed HAR pipelines, linking rate selection to robustness under non-
ideal sensing conditions [25]. Practical approaches to sampling-rate adaptivity
have been explored in two main directions. Classical adaptive-sensing systems,
such as AdaSense [10], adjust the sampling rate of body sensor networks to
satisfy user-specified accuracy requirements while conserving sensing and com-
munication power. More recent learning-based methods treat the sampling rate
as a decision variable. For example, Datum-Wise Frequency Selection [3] learns
a per-sample sampling policy using a Markov decision process; FreqSense [16]
integrates a multi-resolution network with conditional early exit under a tunable
compute budget; and CoSS [8] jointly optimizes sensor modality and sampling
rate to avoid consistently sampling at the highest-rate configuration. These ap-
proaches all assume the availability of a separate model, or a model branch with
a separately tuned kernel, for each operating rate. The present work extends
this line of research by introducing a single architecture whose convolutional
feature extractor adapts internally to the sampling rate. As a result, runtime
rate selection-whether learned, oracle-guided, or rule-based-no longer requires
maintaining a separate model for each rate.

Energy-Aware Human Activity Recognition. A complementary research direction
enables human activity recognition (HAR) on resource-constrained devices by
reducing computational, memory, and communication requirements. Recent sur-
veys systematise this literature and contend that recognition performance and
energy consumption should be optimised jointly rather than independently [4].
Approaches in this domain include model compression, pruning, network-level
quantisation [5], adaptive inference [23], and efficient architecture design.

Continuous and Parametric Convolution. Standard convolutional networks uti-
lize discrete kernels that are fixed to an input grid, which restricts their ef-
fectiveness when inputs are irregularly sampled or exhibit variable temporal
resolution [2I]. Wang et al. [I4] introduced Parametric Continuous Convolution
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(PCCQC), a learnable operator in which the kernel is formulated as a coordinate-
conditioned function, approximated by a small multilayer perceptron (MLP) and
evaluated at the relative offsets of neighboring points. Initially developed for 3D
point-cloud segmentation, PCC eliminates the grid constraint and enables the
operator to function at arbitrary support resolutions. Romero et al. [TT] extended
this approach to one-dimensional sequence modeling with CKConv, parameter-
izing the convolutional kernel as a continuous function so that the receptive
field is defined in physical time, rather than in discrete taps. Related work on
FlexConv learns differentiable kernel sizes within a continuous-kernel formula-
tion [20]. Continuous convolution has also been explored for non-uniform event
sequences, for example in COTIC [22].

To the best of our knowledge, continuous-kernel convolution operators have
not previously been applied in wearable HAR. In this paper, we adapt para-
metric Continuous Convolution to wearable sensor time series, by constructing
convolution kernels from a continuous temporal support. This ContinuousConv
operator generates sampling-rate-specific kernels whose effective length is de-
termined automatically from the input frequency, while keeping a consistent
temporal receptive field. This decouples kernel support from the sampling rate,
to reduce the need for rate-specific architectural tuning.

3 Single-Checkpoint Multirate HAR with Parametric
Continuous Convolution

We argue in this paper for the need for a more flexible design: The sampling
rate should be chosen at runtime according to the activity, instead of being
fixed once during training. With a standard model such as the DeepConvLSTM,
however, this is difficult to realize in practice. A discrete temporal kernel of
length k; covers k;/fs seconds, which means that its physical receptive field
changes whenever the sampling rate changes. Supporting multiple rates would
therefore require multiple separately tuned kernel sizes, multiple independently
trained checkpoints, and an additional switching logic at inference time. This
section introduces a model that removes both costs: a single checkpoint that
operates at any target rate, with no per-rate kernel-size search.

3.1 Continuous Temporal Kernels

The coupling between kernel size and sampling rate happens because a discrete
kernel stores a fixed number of weights on the temporal grid. We can break
this coupling by representing each temporal kernel as a coordinate-conditioned
function rather than a stored tensor, following Parametric Continuous Convolu-
tion [I4]: A small multilayer perceptron (MLP) ¢ maps a normalized temporal
offset p € [—1,1] to a vector of kernel values, and the discrete kernel for a given
rate is obtained by querying ¢ on a grid whose length is set by a temporal
support fixed in seconds. For a target sampling rate f; and with 7 being the
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Fig.2: The single-checkpoint multirate ContinuousConvLSTM, assuming 50 Hz
data as an example: During training, windows are presented at all supported
sampling rates (50,25,12,6 Hz). During inference, the input rate is snapped to
the nearest supported rate and resampled accordingly. The resampled window
is routed through the corresponding ContinuousConv branch comprising four
stacked ContinuousConv-ReLU layers. The effective temporal kernel length is
determined by Eq. . Thus, the sampling rate controls the temporal support of
the convolution, while the ContinuousConv kernel-generation remains identical
across rates. Features are flattened and processed by a shared LSTM classifier.

temporal support, the effective discrete kernel length k; is obtained by:

ki = odd(max(1, round(rfs))) , (1)
where odd(-) rounds to the nearest odd integer so that symmetric “same” padding
preserves the temporal length. We initialize 7 = 0.18 s for 50 Hz inertial data,
matching the standard k; = 9 kernel at 50 Hz; The same 7 then yields k; = 5, 3,1
at 25,12,6 Hz. Since 7 is fixed in physical time, the kernel spans approximately
the same duration at every rate, and no separate kernel-size search is needed
when the sampling rate changes.

3.2 A Single-Checkpoint ContinuousConvLSTM

We obtain the multirate baseline by replacing the four discrete temporal con-
volutions of the DeepConvLSTM model [9] with four continuous-kernel layers,
leaving the recurrent and classification stages unchanged. To serve all target
rates from one checkpoint, the model instantiates one convolutional branch per
rate fs € F, with F = {50, 25, 12, 6} Hz; every branch shares a single LSTM and
linear classifier, so only the feature extractor is rate-specific (Fig. [2)).
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The discrete kernel for rate r, layer [ € {1,...,4}, output channel o, input
channel ¢, and tap position ¢ with coordinate p; € [—1,1], is given by:

T

7l r,l
K00 = 3 AT bntape), (2)
a=1
where ¢,.; : [~1,1] — R®" is the layer’s coordinate MLP producing R, basis

functions, and A" € RCu*CinxEr jg 5 block-specific channel-mixing tensor.
Compared with the discrete DeepConvLSTM kernel, where each tap Wélz) (t)
is an independently learned parameter tied to a fixed sample index ¢, Eq.
replaces the free tap weights by values generated from a continuous coordinate
p:. The learnable parameters are therefore the temporal basis functions ¢,
and the channel-mixing coefficients A", while the number of sampled taps k¢
can change with the sampling rate. This way, the kernel shape is parameterized
in normalized physical time rather than directly in discrete sample positions.
The kernel K™ is then applied as an ordinary temporal convolution with k;
taps from Eq. . During training, a rate is drawn uniformly from F per batch,
the one-second window is resampled to the corresponding length and routed
through the matching branch, so the shared head observes features from all
rates. At inference, the input is snapped to the nearest supported rate, fs =
argmingcr | f — fin|. The result is a single checkpoint that operates across F, in
contrast to the per-rate checkpoints the discrete baseline would require.

4 Experiments and Results

We evaluate on three publicly available inertial HAR benchmarks spanning dif-
ferent body locations, sensor configurations, native sampling rates, and activity
sets (including high-intensity activities as well as low-intensity ones).

WEAR [2] provides synchronized inertial data from four limb-worn de-
vices for 22 participants performing 18 outdoor workouts. We use the 3-axis
accelerometers from all four positions (12 channels) and treat the 18 exercises
plus background segments, represented as a null class, as 19 classes. The streams
are provided as uniformly resampled 50 Hz time series [2], which we use as the
highest-rate reference.

RealWorld-HAR [12] contains 3-axis waist accelerometer recordings from
15 participants across eight locomotion and posture activities. We use the data
at its native 50 Hz sampling rate.

WISDM-watch [I5] provides 3-axis smartwatch accelerometer data from 51
subjects across 18 daily-living activities, ranging from locomotion to fine-grained
hand motions, at a native sampling rate of 20 Hz.

Constructing lower-rate streams. To study sampling-rate behaviour under con-
trolled conditions, lower-rate inputs are derived from each native stream rather
than recorded separately, so the same motion is observed at every rate. We re-
cursively retain every second sample, doubling the sampling interval at each
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step: 50, 25, 12, and 6 Hz for WEAR and RealWorld-HAR, and 20, 10, and 5 Hz
for WISDM-watch (Fig. |3). This captures the primary effect of reduced tem-
poral resolution, although it may not fully reflect the filtering behaviour of a
sensor running natively at the lower rate, since most datasets underwent pre-
filtering and none of the activities contain truyly high-frequency components.
The window duration is fixed at one second across all rates, so the physical time
span remains constant and only the number of samples changes: 50/25/12/6 for
WEAR and RealWorld-HAR, and 20/10/5 for WISDM-watch.

Downsampled signal (10 s segment) Retained sampling locations (2 s excerpt)

101 s0mz
50 Hz
05 nf \ A A
0.
1

jorm. acc. magnitude

0.0

Fig. 3: Constructing lower-rate streams from a WEAR, burpees segment recorded
at the right arm. Left: the downsampled signal over a 10s segment. Right: the
retained sampling locations over a 2s excerpt.

Windowing, normalization, and labels. Each stream is segmented into one-second
windows with 50% overlap, and each window is assigned a single activity label
according to the dataset annotations. Per-channel normalization uses statistics
computed only from the training portion of each split, which are then reused for
validation and testing to avoid data leakage.

Training and Ewvaluation Protocol. All experiments use leave-one-subject-out
(LOSO) cross-fold evaluation, giving 22, 15, and 51 folds for WEAR, RealWorld-
HAR, and WISDM-watch, respectively. Models are trained with Adam using a
learning rate of 10~%, weight decay of 1079, and a step schedule with decay
factor 0.9 every 10 epochs. Training is performed for 30 epochs using class-
weighted cross-entropy loss. We report mean per-class Fy (macro-Fp) averaged
across folds, with standard deviations computed across held-out subjects.

Sampling Rate’s Recognition Impact. A single fixed sampling rate is rarely opti-
mal across all activities (Table. . Activities with limited body movement can
typically be recognized effectively at low sampling rates, others require higher
temporal resolution for accurate recognition. To examine the potential benefits
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Table 1: Per-activity performance along the sampling rates, on the WEAR
dataset, using two standard models, a pure CNN and the DeepConvL.STM
model. Values are mean, per-class F; scores from LOSO cross validation. For
each model, the best scores are underlined, with close scores (within a 2 percent
range) in green. Results illustrate that several activities (e.g., stretching and sit-
ups) can still be detected accurately at lower sampling rates.

Model: Pure CNN DeepConvLSTM
Activity 6 12 25 50 6 12 25 50
null 0.467 0.495 0.539 0.529  0.633 0.684 0.697 0.698
bench-dips 0.652 0.650 0.660 0.650  0.695 0.614 0.616 0.636
burpees 0.553 0.570 0.628 0.590  0.580 0.605 0.602 0.639
jogging 0.804 0.838 0.888 0.866  0.799 0.847 0.848 0.859

jogging (butt-kicks)
jogging (rotating arms)
jogging (sidesteps)
jogging (skipping)

0.735 0.811 0.842 0.831
0.666 0.737 0.795 0.786
0.832 0.878 0.899 0.891
0.747 0.834 0.890 0.874

0.736 0.800 0.799 0.828
0.700 0.774 0.790 0.797
0.857 0.877 0.876 0.884
0.800 0.874 0.862 0.882

lunges
lunges (complex)

0.439 0.451 0.518 0.489
0.588 0.597 0.594 0.603

0.501 0.537 0.544 0.541
0.628 0.634 0.641 0.638

push-ups
push-ups (complex)

0.582 0.611 0.623 0.600
0.596 0.619 0.641 0.606

0.570 0.574 0.574 0.603
0.602 0.630 0.635 0.619

sit-ups
sit-ups (complex)

0.625 0.624 0.636 0.638
0.680 0.664 0.683 0.671

0.670 0.658 0.648 0.643
0.681 0.682 0.692 0.687

stretching (hamstrings)

stretching (lumbar rotation)

stretching (lunging)
stretching (shoulders)
stretching (triceps)

0.701 0.695 0.700 0.707
0.884 0.898 0.906 0.897
0.594 0.616 0.647 0.654
0.520 0.517 0.541 0.526
0.757 0.752 0.746 0.748

0.718 0.705 0.723 0.715
0.877 0.876 0.878 0.867
0.682 0.701 0.709 0.694
0.653 0.701 0.700 0.685
0.765 0.768 0.749 0.759

Macro mean

0.654 0.677 0.704 0.692

0.692 0.713 0.715 0.720
0.723

Macro Fi optimal per-activity 0.702

of adaptive sampling rates, we perform first illustrative study using the WEAR
dataset [2], known for its many, highly-dynamic fitness activities, and evaluate
the recognition performance for individual activities and over the whole data.
For the other datasets, results can be seen in Appendix [A] For each sampling
rate, separate models (a pure CNN and DeepConvLSTM [J]) are trained and
evaluated using leave-one-subject-out (LOSO) cross validation. Averaged over
all activities, the recognition quality decreases only slightly as the sampling rate
is reduced, from 0.720 for the 50 Hz model to 0.692 for the 6 Hz one, a drop of
just 0.028 absolute F; across an eight-fold reduction in rate. The drop is gradual
rather than abrupt: halving the rate from 50 to 25 Hz costs only 0.005 absolute
F; (0.720 — 0.715), and a further halving to 12 Hz remains within 0.01 of the
full-rate model. The recurrent LSTM stage shows to be most valuable where
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the convolutional receptive field is smallest: at the lowest rates, the discrete ker-
nel shrinks to a few taps, and the LSTM recovers temporal context that the
convolutional front-end can no longer capture on its own.

Optimal sampling rates thus vary by activity, so matching each activity to its
preferred rate improves recognition accuracy over any fixed-rate model. Assign-
ing each window to its activity-optimal rate (see the “per-activity best” row in
Table achieves a mean per-class Fj of 0.723. While this aggregate gain is mod-
est, it is achieved while recognizing most activities below the full rate. There is
also the argument for data efficiency: Since the sampling rate directly determines
the number of samples acquired and processed per window, reducing this rate
proportionally decreases sensing and computation costs. For example, operating
an activity at 25 Hz instead of 50 Hz reduces the data volume by 50%, while 12 Hz
and 6 Hz yield reductions of approximately 76% and 88%, respectively. For many
WEAR activities, these reductions do not compromise accuracy: Among the 19
classes, 16 achieve their optimum at 25 Hz or lower, including bench-dips, both
sit-up variants, and several stretching exercises. For these activities, reducing the
sampling rate from 50 Hz saves at least half the data while maintaining or even
improving accuracy. The effect is clearest for static and low-motion classes such
as bench-dips and sit-ups, which peak at 6 Hz and therefore retain full accuracy
at roughly one-eighth of the data rate. Even for activities that perform best at
50 Hz, the per-class trade-offs presented in Table [I] are often minimal, allowing
for a modest reduction in accuracy, in exchange for significant energy savings.

WEAR RealWorld HAR WISDM-watch

097 . ‘ :
£ 0 G ! H—H—*F
t ' Iai

o
o
—e—
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Macro-F;

’
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cC1 3 5 7 9 11 cC1 3 5 7 9 11 cC1 3 5 7 9 11
ContinuousConv(CC) and temporal kernel size
WEAR / RealWorld WISDM-watch
-8-50 Hz 25Hz -e-12Hz -e-6Hz —e-20 Hz 10 Hz --5Hz

Fig.4: Comparing the macro-F; scores for ContinuousConvLSTM (left of each
plot) and the standard DeepConvLSTM (right of each plot) for the tree datasets.
Shown is the performance to the discrete temporal kernel size k; across fixed sam-
pling rates. The ContinuousConvLLSTM model uses a single temporal support 7
and derives k; automatically from Eq. . Across datasets and sampling rates,
the optimal discrete kernel varies substantially, whereas ContinuousConvL.STM
consistently achieves performance close to the best manually tuned configuration
without rate-specific kernel selection.

Can ContinuousConvLSTM eliminate per-rate kernel tuning? The continuous-
kernel design rests on the claim that a discrete kernel size is a sub-optimal way
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to specify temporal support, since k; taps cover a different physical duration at
each sampling rate. We test this directly by sweeping the standard CNN over
discrete temporal kernel sizes k; € 1,3,5,7,9,11 at every sampling rate, and
overlaying the ContinuousConvLSTM model performance, which fixes the sup-
port 7 once and derives k; from Eq. . Figure 4| reports these sweeps across
all three datasets. Two patterns hold across all three datasets: First, there is
no single discrete kernel size that is optimal everywhere: the best k; shifts with
the sampling rate and differs between datasets, so a fixed-kernel model must be
retuned whenever the operating rate or the task changes. Second, the Continu-
ousConv model, which never selects k; manually, sits at or near the best discrete
configuration at every rate. The continuous formulation therefore removes kernel
size as a hyperparameter at a negligible accuracy cost, making a single multirate
checkpoint feasible.

5 Conclusions

We investigated in this paper how deep-learning-based human activity recogni-
tion can operate across multiple sampling rates without requiring separate mod-
els or rate-specific architectural tuning. We introduced ContinuousConvLLSTM, a
multirate extension of the DeepConvLLSTM architecture, in which convolutional
kernels are parameterized through a continuous temporal support measured in
physical time. The resulting architecture adapts its effective kernel length auto-
matically according to the input sampling frequency while maintaining a single
deployable checkpoint.

Experiments on three different benchmark datasets, WEAR, RealWorld-
HAR, and WISDM-watch, demonstrated three main findings: (1) continuous
kernels consistently matched or approached the performance of the best man-
ually tuned discrete kernels across sampling rates, eliminating kernel size as a
rate-dependent hyperparameter. (2) Activity-dependent sampling-rate sensitiv-
ity was observed across all datasets: many activities remained within a small per-
formance margin of their optimum at substantially reduced sampling rates, with
mostly highly dynamic activities benefitting from the original higher temporal
resolution. (3) A single multirate ContinuousConvLSTM checkpoint supports op-
eration from 6 to 50 Hz, while maintaining competitive recognition performance
and substantially reducing deployment complexity, compared with maintaining
separate models for each rate.

These results suggest that sampling rate can be adapted during runtime,
rather than being a fixed, design-time constraint: One checkpoint can replace
multiple rate-specific models, while preserving a competitive recognition accu-
racy. Our further investigations will now investigate integrating the proposed
multirate architecture with learned rate-selection policies and evaluating the re-
sulting energy savings on resource-constrained wearable devices.

All experiment scripts and code for reproducing figures and results of this
paper can be found in the following Github repository: https://github.com/
pavan1609/ContinuousConvLSTM.
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Appendix
A Recurrent vs. Convolutional Front-End per Activity

Table 2: Per-activity sampling-rate sensitivity on RealWorld-HAR, pure CNN
vs. DeepConvLSTM (mean per-class Fy, LOSO over 15 subjects).

Pure CNN DeepConvLLSTM

Activity 6 12 25 50 6 12 25 50
Climbing Down 0.453 0.611 0.682 0.693 0.594 0.643 0.666 0.684
Climbing Up 0.598 0.673 0.708 0.727  0.675 0.714 0.721 0.722
Jumping 0.427 0.778 0.840 0.847  0.718 0.857 0.850 0.846
Lying 0.947 0.976 0.975 0.950 0.972 0.976 0.976 0.974
Running 0.599 0.800 0.810 0.811  0.728 0.802 0.790 0.799
Sitting 0.716 0.695 0.660 0.665 0.654 0.669 0.716 0.700
Standing 0.580 0.626 0.595 0.604 0.545 0.639 0.654 0.641
Walking 0.430 0.642 0.721 0.755 0.649 0.695 0.774 0.787
Macro mean 0.594 0.725 0.749 0.756  0.692 0.749 0.768 0.769
Macro Fi optimal 0.762 0.767

per-activity

Table 3: Per-activity sampling-rate sensitivity on WISDM-watch, pure CNN
vs. DeepConvL.STM (mean per-class Fy, LOSO over 51 subjects).

Pure CNN DeepConvLSTM
Activity 5 10 20 5 10 20
Walking 0.601 0.581 0.599  0.631 0.566 0.648
Jogging 0.781 0.806 0.854  0.820 0.898 0.894
Stairs 0.368 0.395 0.468  0.404 0.453 0.491
Sitting 0.583 0.556 0.572  0.569 0.450 0.508
Standing 0.601 0.645 0.705 0.630 0.639 0.675
Typing 0.401 0.416 0.497 0.523 0.535 0.546
Brushing Teeth 0.240 0.366 0.389  0.563 0.622 0.671
Eating Soup 0.137 0.224 0.315 0.377 0.393 0.422
Eating Chips 0.162 0.195 0.220 0.213 0.248 0.267
Eating Pasta 0.194 0.234 0.275 0.350 0.354 0.359
Drinking 0.245 0.349 0.414 0.354 0.376 0.403
Eating Sandwich 0.064 0.106 0.119  0.115 0.128 0.161
Kicking 0.494 0.506 0.557 0.582 0.574 0.562
Catch 0.442 0.449 0.594  0.467 0.531 0.559
Dribbling 0.438 0.516 0.524  0.580 0.649 0.685
Writing 0.504 0.482 0.493 0.570 0.606 0.637
Clapping 0.493 0.541 0.599 0.588 0.620 0.638
Folding Clothes 0.268 0.335 0.365 0.414 0.479 0.516
Macro mean 0.390 0.428 0.476  0.486 0.507 0.536

Macro Fi optimal per-activity 0.476 0.536
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These tables expand the main-text comparison of the DeepConvLSTM against
a pure CNN (LSTM replaced by temporal average pooling) to the activity level.
The recurrent stage helps most at the lowest rate, where the discrete kernel
shrinks to a single tap: the macro-F; gap at the lowest rate is +0.038 on WEAR
, +0.086 on WISDM-Watch, and +0.098 on RealWorld-HAR.

B Single-Checkpoint ContinuousConvLSTM per Activity

The single multirate checkpoint preserves the activity-dependent rate structure
seen with the per-rate baselines. Aggregate macro-F} is

0.715/0.689/0.689/0.678 for WEAR at 50,/25/12/6 Hz,
0.767/0.733/0.723/0.626 for RealWorld-HAR at 50/25/12/6 Hz,
0.536,/0.503,/0.467 for WISDM-watch at 20/10/5 Hz.

This shows that the shared checkpoint does not simply collapse to a single glob-
ally preferred rate. Instead, several activities remain close to their best score at
lower sampling rates, while others still benefit from the highest available rate.
The per-activity results below therefore provide a more detailed view of where
the single-checkpoint model preserves low-rate robustness and where higher tem-
poral resolution is still useful.

Table 4: Per-activity sampling-rate sensitivity for the single-checkpoint Continu-
ousConvLSTM across WEAR, RealWorld-HAR, and WISDM-watch. Values are
mean per-class F; across LOSO. For each activity, the best values are underlined,
with close scores within 0.02 absolute F; of the best performance in green. The
activity-optimal macro F} is computed by selecting the lowest sampling rate
whose score lies within 0.02 absolute F; of the best score for each activity.

RealWorld-HAR

Activity ‘ 6Hz 12Hz 25Hz 50Hz Opt.
Walking 0.505 0.615 0.638 0.751 50Hz
Running 0.635 0.782 0.773 0.783 12Hz
Sitting 0.676 0.641 0.649 0.675 6Hz
Standing 0.578 0.629 0.630 0.621 12Hz
Lying 0.967 0.973 0.968 0.978 6Hz
Jumping 0.575 0.844 0.865 0.881 25Hz
Climbing Up 0.638 0.692 0.711 0.732 50Hz
Climbing Down 0.482 0.605 0.633 0.714 50Hz
Macro mean 0.632 0.723 0.733 0.767
Macro Fi at activity-optimal rates: 0.76
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WEAR
Activity ‘ 6Hz 12Hz 25Hz 50Hz Opt.
null 0.647 0.680 0.690 0.683 12Hz
bench-dips 0.615 0.581 0.565 0.641 50Hz
burpees 0.551 0.591 0.603 0.584 12Hz
jogging 0.815 0.834 0.831 0.863 50Hz
jogging (butt-kicks) 0.740 0.785 0.776 0.802 12Hz
jogging (rotating arms) 0.697 0.772 0.774 0.792 12Hz
jogging (sidesteps) 0.858 0.868 0.871 0.885 12Hz
jogging (skipping) 0.767 0.831 0.828 0.852 50Hz
lunges 0.496 0.515 0.536 0.542 25Hz
lunges (complex) 0.622 0.621 0.628 0.641 6Hz
push-ups 0.510 0.506 0.466 0.576 50Hz
push-ups (complex) 0.579 0.578 0.572 0.597 6Hz
sit-ups 0.660 0.635 0.631 0.662 6Hz
sit-ups (complex) 0.675 0.676 0.675 0.662 6Hz
stretching (hamstrings) 0.691 0.677 0.674 0.728 50Hz
stretching (lumbar rotation) 0.851 0.845 0.853 0.871 6Hz
stretching (lunging) 0.677 0.694 0.701 0.700 12Hz
stretching (shoulders) 0.650 0.647 0.660 0.669 6Hz
stretching (triceps) 0.771 0.759 0.760 0.827 50Hz
Macro mean 0.677 0.689 0.689 0.715
Macro Fy at activity-optimal rates: 0.708
WISDM-watch
Activity ‘5Hz 10Hz 20Hz Opt.
Walking 0.511 0.566 0.648 20Hz
Jogging 0.820 0.881 0.894 10Hz
Stairs 0.404 0.453 0.491 20Hz
Sitting 0.469 0.450 0.508 20Hz
Standing 0.630 0.639 0.675 20Hz
Typing 0.523 0.535 0.546 10Hz
Brushing Teeth 0.563 0.622 0.671 20Hz
Eating Soup 0.377 0.393 0.422 20Hz
Eating Chips 0.213 0.245 0.267 20Hz
Eating Pasta 0.350 0.354 0.359 bHHz
Drinking 0.354 0.376 0.403 20Hz
Eating Sandwich 0.115 0.128 0.161 20Hz
Kicking 0.462 0.534 0.562 20Hz
Catch 0.467 0.531 0.559 20Hz
Dribbling 0.580 0.649 0.685 20Hz
Writing 0.570 0.606 0.637 20Hz
Clapping 0.588 0.620 0.638 10Hz
Folding Clothes 0.414 0.479 0.516 20Hz
Macro mean 0.467 0.503 0.536
Macro Fy at activity-optimal rates: 0.533
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C Role of Per-Rate Branches

Table 5: Design space of the evaluated models, with macro-F} at each model’s
best sampling rate on the three benchmarks. F is the set of supported rates;
“kernel tuning” indicates whether a discrete kernel size must be chosen manu-
ally per rate. Standard DeepConvLSTM reports the best score over separately
trained per-rate checkpoints. Continuous single-branch is trained at a single rate
only and does not transfer to other rates (Appendix C). ContinuousConvLSTM
(ours) is the only single-checkpoint, tuning-free model, matching the per-rate
DeepConvLSTM within 0.005 macro-F.

Model Branches Kernel Rate Tuning %ﬁie Macro-Fy
WEAR RWHAR WISDM

Standard
DeepConvLSTM 1 fixed k; per rate no 0.720 0.769 0.536
Standard fixed k;
multi-branch || per branch  PT rate yes 0.665  0.701 0.443
Continuous \F| T fs none  yes 0.708 0.764 0.533
(ours)
Continuous

1 T fs none no 0.731 0.772 0.541

single-branch
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