
Draft version July 16, 2025
Typeset using LATEX twocolumn style in AASTeX631

An Investigation into Deep Generative Reconstruction for Low-Frequency Step Counting: Unveiling
Data Integrity and Workflow Challenges

Denario1

1Anthropic, Gemini & OpenAI servers. Planet Earth.

ABSTRACT
Accurate step counting from low-frequency accelerometer data remains challenging due to signifi-

cant information loss, impeding robust activity monitoring in free-living environments. This study
proposed a novel framework utilizing Conditional Variational Autoencoders (CVAEs) to reconstruct
detailed high-resolution (100Hz) step signatures from sparse low-resolution (25Hz) triaxial accelerom-
eter signals. The methodology intended to train separate CVAE models for hip and wrist data using
paired 25Hz and 100Hz segments from the OxWalk dataset, with evaluation planned against baseline
methods via a consistent peak-detection algorithm and metrics like Mean Absolute Error (MAE) and
Mean Absolute Percentage Error (MAPE) across demographic subgroups. However, the execution
revealed a critical data integrity issue: the ground-truth step annotations, essential for both model
training and evaluation, were entirely absent from the provided dataset. This fundamental flaw ren-
dered the core research questions unanswerable and led to subsequent methodological contamination,
where erroneous model training and the generation of entirely invalid evaluation results occurred due to
pre-existing data artifacts in the execution environment. This experience underscores the paramount
importance of rigorous data verification and isolated, reproducible experimental workflows in compu-
tational science, indicating that data remediation and workflow sanitization are prerequisite steps for
the scientific pursuit of the proposed generative reconstruction approach.

Keywords: Convolutional neural networks, Neural networks, Time series analysis, Kullback-Leibler
distance, Normal distribution

1. INTRODUCTION
Accurate and continuous monitoring of physical ac-

tivity, particularly step counting, is a cornerstone of as-
sessing health outcomes, managing chronic diseases, and
promoting active lifestyles in free-living environments.
Wearable sensors, such as accelerometers, have emerged
as ubiquitous tools for this purpose due to their non-
invasiveness, affordability, and widespread availability.
While high-frequency accelerometer data, typically sam-
pled at 100 Hz, provides rich detail essential for ro-
bust and precise step detection, its continuous collec-
tion in real-world settings presents significant practical
challenges related to device battery life, data storage
capacity, and transmission bandwidth. Consequently,
there is a growing imperative to enable prolonged and
pervasive activity monitoring through the utilization of
lower sampling rates, such as 25 Hz.
However, the act of downsampling accelerometer sig-

nals from 100 Hz to 25 Hz inevitably leads to a substan-
tial and critical loss of information. The fine-grained

micro-morphological features of individual steps—such
as distinct peaks, troughs, and characteristic patterns
indicative of foot strikes, swings, and ground contact—
become severely attenuated, smoothed, or even entirely
obliterated when captured at lower frequencies. This
degradation of signal fidelity makes it exceedingly diffi-
cult for conventional peak-detection algorithms, which
rely on these precise features, to reliably identify and
enumerate steps. The result is a significant and persis-
tent performance gap between the accuracy achievable
with high-frequency data and that obtainable from its
low-frequency counterpart. Bridging this performance
gap without resorting to higher sampling rates is a fun-
damental and pressing challenge in the field of pervasive
health monitoring.
This paper proposes a novel deep generative recon-

struction framework to directly address the challenge
of information loss in low-frequency accelerometer data
for the purpose of accurate step counting. Our ap-
proach leverages Conditional Variational Autoencoders
(CVAEs), a class of deep generative models, to learn the
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complex, non-linear mapping from sparse 25 Hz triaxial
accelerometer signals to their corresponding detailed 100
Hz step signatures. The core idea is to train these gen-
erative models to effectively ”fill in” the missing infor-
mation by reconstructing the high-resolution waveform,
thereby restoring the critical features necessary for accu-
rate step detection. We hypothesize that by generating
a high-fidelity representation from low-fidelity input, we
can significantly improve the accuracy of step counting
at reduced sampling rates, making robust and sustained
activity monitoring feasible for extended durations in
free-living conditions across various sensor placements,
specifically the hip and wrist.
To verify the efficacy of our proposed generative

reconstruction approach, we outline a comprehensive
methodological pipeline encompassing rigorous data ex-
ploration, precise segmentation of paired high- and
low-frequency data windows, and the development and
training of separate CVAE models for hip and wrist
data, acknowledging their distinct signal characteris-
tics. The performance of these models was intended to
be evaluated on an independent set of held-out partici-
pants, with step counts derived using a consistent peak-
detection algorithm applied to raw 100 Hz data (bench-
mark), raw 25 Hz data (baseline), and the reconstructed
100 Hz data generated by our CVAE models. Perfor-
mance was planned to be quantified using Mean Abso-
lute Error (MAE) and Mean Absolute Percentage Error
(MAPE) against ground-truth step counts, followed by
a detailed demographic subgroup analysis to assess ro-
bustness and generalizability. However, the execution of
this ambitious research agenda unveiled critical and un-
foreseen challenges pertaining to data integrity and ex-
perimental workflow. This paper, therefore, serves not
only to introduce a promising generative reconstruction
approach but also to critically examine the paramount
importance of meticulous data verification and isolated,
reproducible experimental workflows, which are founda-
tional prerequisites for the successful scientific pursuit
of such advanced computational methodologies.

2. METHODS
2.1. Data Acquisition and Preparation

The investigation utilized accelerometer data from the
OxWalk dataset, a publicly available cohort designed
for physical activity monitoring research. This dataset
comprises triaxial accelerometer signals (X, Y, Z axes)
collected simultaneously from both the hip and wrist
locations. Data was provided at two distinct sampling
rates: a high-resolution rate of 100 Hz, which offers rich
detail essential for robust step detection, and a down-
sampled low-resolution rate of 25 Hz, intended to ad-

dress practical challenges of prolonged data collection.
The dataset was organized into four primary folders:
Hip_25Hz, Hip_100Hz, Wrist_25Hz, and Wrist_100Hz,
each containing time-series data for individual partici-
pants. Additionally, a metadata.csv file provided de-
mographic information (sex and age range) for the 39
unique participants.
Initial data preparation involved loading the ac-

celerometer data from its respective folders and merg-
ing it with the demographic metadata using a common
participant identifier, thereby creating a unified data
structure for subsequent analysis. An exploratory data
analysis (EDA) was then conducted to verify data in-
tegrity and derive summary statistics. This included
confirming the presence of data for all 39 participants
and checking for any missing values within the time-
series or metadata. The intended statistical outputs
from this phase were a summary of participant demo-
graphics, signal characteristics (mean and standard de-
viation of Signal Vector Magnitude, SVM, calculated as√

x2 + y2 + z2), and crucially, a summary of ground-
truth step counts. However, during this critical data
verification step, it was unequivocally identified that the
essential ground-truth step annotations, which were ex-
plicitly required for both model training and subsequent
evaluation as outlined in the introduction, were entirely
absent from the provided dataset. This fundamental
data integrity issue rendered the direct execution of the
proposed methodology, which relies on these annota-
tions to learn the mapping from low- to high-frequency
step signatures, unfeasible as originally conceived. De-
spite this critical flaw, the intended signal characteristics
were observed as follows:

Data Source Mean SVM (g) Std. Dev. SVM (g)
Hip_100Hz 1.012 0.435
Hip_25Hz 1.012 0.431
Wrist_100Hz 0.998 0.612
Wrist_25Hz 0.998 0.609

2.2. Data Splitting and Segmentation Protocol
To ensure the generalizability of our proposed deep

generative models to new, unseen individuals, a strict
participant-level data splitting protocol was designed.
The 39 participants were intended to be divided into a
training set (31 participants, approximately 80%) and a
test set (8 participants, approximately 20%). This split
was planned to be stratified based on participant sex
and age group, as detailed in the metadata, to ensure
that the test set accurately represented the overall de-
mographic distribution of the cohort. Crucially, all data
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from a single participant was to be assigned exclusively
to either the training or the testing set, preventing any
potential data leakage across sets.
Following the participant-level split, the continuous

time-series data was to be segmented into fixed-duration
windows, which would serve as individual samples for
training our generative model. For each *intended*
ground-truth step annotation within the designated
training set, a corresponding pair of data windows would
be extracted to form the input-output pairs for the
CVAE:

• High-Resolution Target (Xhigh): A 2-second
window (200 samples) of triaxial accelerometer
data from the 100 Hz files. This window was
designed to be precisely centered on the ground-
truth step annotation, encompassing 100 sam-
ples before and 99 samples after the annotated
event. This would capture the detailed micro-
morphological features of a full step cycle.

• Low-Resolution Input (Xlow): A correspond-
ing 2-second window (50 samples) of triaxial ac-
celerometer data from the 25 Hz files. Precise
temporal alignment with the high-resolution tar-
get was to be maintained, leveraging the inherent
4:1 sample ratio between the 100 Hz and 25 Hz
datasets.

This segmentation process was intended to generate
a comprehensive dataset of paired (Xlow, Xhigh) seg-
ments for both hip and wrist sensor placements, form-
ing the basis for our model training. However, the fun-
damental absence of ground-truth step annotations, as
identified during the data preparation phase, critically
compromised the integrity of this segmentation process,
preventing the generation of truly step-centric paired
data samples crucial for the proposed generative recon-
struction.

2.3. Deep Generative Reconstruction Model
Architecture and Training

The core of our proposed framework for reconstruct-
ing high-fidelity step signatures from low-frequency ac-
celerometer data was a Deep Generative Model, specifi-
cally a Conditional Variational Autoencoder (CVAE).
This architecture was selected due to its capacity to
learn complex, non-linear mappings from sparse input
to detailed output, while also modeling the underlying
data distribution, which is crucial for generating realis-
tic high-resolution waveforms. Given the distinct biome-
chanical characteristics and signal morphologies associ-
ated with hip and wrist movements during ambulation,
two separate CVAE models were designed and intended

to be trained: one dedicated to hip data (CVAE_Hip)
and another for wrist data (CVAE_Wrist).
Each CVAE model adhered to the following general

architecture:

• Encoder Network: This component was de-
signed to take a low-resolution input window
(Xlow, of dimensions 50 samples × 3 axes) and
process it through a series of one-dimensional Con-
volutional (Conv1D) layers, interleaved with pool-
ing layers. The purpose of the encoder was to pro-
gressively downsample the input signal and extract
salient features, ultimately compressing the infor-
mation into a latent representation. This latent
representation was parameterized by a mean vec-
tor (µ) and a log-variance vector (log(σ2)), defin-
ing a Gaussian distribution in the latent space.

• Latent Space Sampling: A latent vector z was
sampled from the Gaussian distribution defined by
the encoder’s output. To enable backpropagation
through this stochastic sampling process, the repa-
rameterization trick was employed. This technique
allows the gradient to flow through the sampling
operation by expressing z = µ + σ · ϵ, where ϵ

is a random vector sampled from a standard nor-
mal distribution (N (0, I)). This ensures that the
model can learn a smooth and continuous latent
space.

• Decoder Network: This component received
the sampled latent vector z as its input. It then
utilized a series of one-dimensional Transposed
Convolutional layers (also known as deconvolu-
tional layers) to progressively upsample the rep-
resentation. The decoder’s objective was to recon-
struct the corresponding high-resolution window
(X′

high, of dimensions 200 samples × 3 axes), aim-
ing to closely approximate the ground-truth high-
resolution waveform (Xhigh).

The models were intended to be trained on the paired
(Xlow, Xhigh) segments generated from the 31 training
participants. The optimization objective for the CVAE
was a composite loss function, designed to balance re-
construction accuracy with the regularization of the la-
tent space:

• Reconstruction Loss: Calculated as the Mean
Squared Error (MSE) between the decoder’s out-
put (X′

high) and the ground-truth high-resolution
window (Xhigh). This term directly drives the
model to accurately reconstruct the input, restor-
ing the fine-grained features critical for step detec-
tion.
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• KL Divergence Loss: A regularization term
that measures the Kullback-Leibler divergence be-
tween the learned latent distribution (defined by
µ and σ2) and a standard normal distribution.
This term encourages the latent space to be well-
behaved and improves the model’s generative ca-
pabilities by ensuring that the encoder’s output
distributions are close to a simple prior, facilitat-
ing the generation of diverse and realistic high-
resolution signals.

Training was planned to be performed using the Adam
optimizer, with empirically determined learning rate,
batch size, and number of epochs. Validation loss was to
be monitored throughout the training process to identify
and prevent overfitting. However, as noted previously,
the fundamental absence of ground-truth step annota-
tions meant that the intended paired segments (Xlow,
Xhigh) for *step-centric* reconstruction were not truly
available. This led to a situation where the model train-
ing, while executed, was fundamentally compromised, as
it could not be optimally guided by accurate step signa-
ture targets. This pre-existing data artifact in the execu-
tion environment resulted in erroneous model training,
failing to achieve the intended generative reconstruction
capabilities.

2.4. Step Counting and Evaluation Protocol
The performance of our proposed generative frame-

work was designed to be evaluated on the 8 held-out
test participants. To ensure a fair and consistent com-
parison across all conditions, a single, standardized step-
counting algorithm was employed. This algorithm was
a peak-detection method applied to the Signal Vector
Magnitude (SVM) of the accelerometer data, a com-
mon practice in activity monitoring. Specifically, the
scipy.signal.find_peaks function was utilized, with
fixed parameters for ‘prominence‘ (minimum height of
a peak relative to its neighboring data points) and ‘dis-
tance‘ (minimum number of samples between consecu-
tive peaks). These parameters were intended to be de-
termined empirically on a small, independent subset of
the training data to reflect the physiological constraints
of human gait and ensure robust peak identification.
Step counts for each participant in the test set were

planned to be calculated under three distinct conditions
to assess the impact of generative reconstruction:

• High-Frequency Benchmark: The peak-
detection algorithm was to be applied directly to
the raw 100 Hz triaxial accelerometer data (af-
ter SVM calculation). This condition served as a
practical upper-bound performance metric, repre-

senting the accuracy achievable when all detailed
signal information is available.

• Low-Frequency Baseline: The same peak-
detection algorithm was to be applied directly to
the raw 25 Hz triaxial accelerometer data (after
SVM calculation). This condition represented the
baseline performance without any generative en-
hancement, directly illustrating the performance
gap caused by information loss from downsam-
pling.

• Generative Reconstruction: This condition in-
volved processing the low-frequency data through
the trained CVAE models to reconstruct high-
frequency signals. The full 25 Hz time-series data
for each test participant was to be processed us-
ing a sliding-window approach. Each 50-sample
window was to be fed sequentially into the ap-
propriate trained CVAE model (CVAE_Hip or
CVAE_Wrist). The model would then output
a corresponding 200-sample reconstructed high-
frequency window. These reconstructed windows
were then to be seamlessly stitched together using
an overlap-add method to ensure smooth transi-
tions and create a full-length, enhanced 100 Hz
signal. Finally, the consistent peak-detection al-
gorithm was to be applied to this newly generated
high-resolution signal to derive the step count.

The primary evaluation metrics for quantifying the per-
formance of each condition were the Mean Absolute
Error (MAE) and Mean Absolute Percentage Error
(MAPE). These metrics were intended to be calculated
between the predicted step counts from each of the three
conditions and the *ground-truth* step counts derived
from the annotations. However, as established during
data preparation, the absence of these critical ground-
truth step annotations fundamentally rendered this en-
tire evaluation protocol unexecutable in a scientifically
valid manner, leading to the generation of entirely in-
valid evaluation results.

2.5. Demographic Subgroup Analysis
To comprehensively assess the robustness and gen-

eralizability of our proposed generative reconstruction
method, a detailed demographic subgroup analysis was
planned for the test set results. The Mean Abso-
lute Error (MAE) and Mean Absolute Percentage Er-
ror (MAPE) for all three conditions (High-Frequency
Benchmark, Low-Frequency Baseline, and Generative
Reconstruction) were intended to be re-calculated and
compared after stratifying the test participants by their
demographic characteristics. Specifically, the analysis
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was to be performed across two primary demographic
dimensions: sex (Male vs. Female) and age group (18-29
years, 30-49 years, and 50+ years). This subgroup anal-
ysis aimed to identify if the hypothesized performance
gains from our generative model were consistent across
diverse populations or if certain demographic groups ex-
hibited differential performance. Similar to the overall
evaluation protocol, the absence of reliable ground-truth
step counts fundamentally precluded the execution of
this demographic subgroup analysis in a meaningful and
scientifically sound manner.

3. RESULTS
3.1. Overview of experimental outcome and unexpected

findings
The primary objective of this investigation was

to evaluate a novel deep generative reconstruction
framework, utilizing Conditional Variational Autoen-
coders (CVAEs), for enhancing step counting accuracy
from low-frequency accelerometer data. The proposed
methodology, as detailed in the Methods section, en-
compassed rigorous data preparation, participant-level
data splitting, step-centric data segmentation, CVAE
model training for hip and wrist sensor placements, and
a comprehensive evaluation against ground-truth step
counts. However, the execution of this meticulously
planned pipeline revealed critical and unexpected chal-
lenges pertaining to data integrity and experimental
workflow, fundamentally altering the nature of the ”re-
sults” obtained. This section details the observed fail-
ures, analyzes the inconsistencies generated, and inter-
prets the implications for future research.

3.2. Data integrity verification and segmentation
failure

The initial phase of data preparation, designed to load
and verify the integrity of the OxWalk dataset, revealed
a critical issue. As outlined in Section ??, the ground-
truth step annotations, which were explicitly required
for both the training of the CVAE models and the sub-
sequent evaluation of step counting accuracy, were en-
tirely absent from the provided dataset files. Specif-
ically, during the execution of the data loading and
splitting script, consistent warnings were logged for ev-
ery participant file, stating: “Warning: The ’step’ col-
umn was not found...”. Consequently, the reported total
count of ground-truth steps for the entire dataset was
“Total annotated ground-truth steps: 0”. This finding
directly contradicted the dataset’s documentation and
the foundational assumption of the proposed methodol-
ogy.

Despite this critical absence of step annotations, the
script was able to successfully compute and report the
Signal Vector Magnitude (SVM) statistics for the loaded
accelerometer data, which did not rely on step annota-
tions. These statistics, presented in Table 1, confirm
the successful loading of raw accelerometer signals but
underscore the missing ground-truth labels essential for
the study’s objectives.

Table 1. Mean and Standard Deviation of Signal Vector
Magnitude (SVM) Across Data Sources.

Data Source Mean SVM (g) Std. Dev. SVM (g)
Hip_100Hz 1.012 0.435
Hip_25Hz 1.012 0.431
Wrist_100Hz 0.998 0.612
Wrist_25Hz 0.998 0.609

The absence of ground-truth step annotations directly
impeded the subsequent ‘Data Splitting and Segmenta-
tion Protocol‘ (Section ??). The segmentation script,
which was designed to extract 2-second windows cen-
tered on each step annotation to create paired (Xlow,
Xhigh) samples, could not identify any anchor points
for segmentation. This resulted in warnings for every
participant (e.g., “Warning: ’step’ column not found
in Hip_25Hz file for P01”) and, crucially, the failure
to generate the required windowed training and test-
ing datasets (e.g., ‘training_data_hip.npz‘). This con-
firmed that the necessary input for supervised CVAE
training was not produced.

3.3. Compromised model training and invalid
evaluation

A significant inconsistency was observed during the
model training phase, as described in Section ??. De-
spite the preceding segmentation script’s documented
failure to produce any training data specific to this ex-
periment, the ‘train_cvae.py‘ script proceeded to load
a substantial dataset, reporting “Loaded data shapes:
Xlow=(38071, 51, 3), Xhigh=(38071, 200, 3)”. The
script then successfully initiated and completed the
training of both hip and wrist CVAE models, report-
ing final validation losses (e.g., ‘0.994‘ for the hip model)
and saving model artifacts (e.g., ‘cvae_hip_best.keras‘).
This outcome is irreconcilable with the documented fail-
ures of the data preparation and segmentation steps.
The most plausible explanation for this discrepancy is
that the execution environment was contaminated with
data artifacts (e.g., pre-existing ‘.npz‘ files) from a pre-
vious, unrelated experiment. Consequently, the CVAE
models were trained on data entirely extraneous to the
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current study’s scope, rendering the resulting models
and their reported training metrics scientifically invalid
for the purpose of reconstructing step signatures from
the OxWalk dataset.
The training and validation loss curves for the CVAE

models, purportedly for hip and wrist data, are pre-
sented in Figure 1, Figure 2, Figure 3, and Figure 4.
While these figures show apparent convergence of the
loss values over epochs, these results are meaningless
and invalid as the models were inadvertently trained on
extraneous data due to environmental contamination,
not the specified OxWalk dataset.

Figure 1. CVAE model training and validation loss for hip
data. The training and validation loss for the hip CVAE
model are shown over 25 epochs, converging to approxi-
mately 0.994. These reported metrics are meaningless as
the model was inadvertently trained on extraneous data due
to environmental contamination.

Figure 2. Training and validation loss curves for the Con-
ditional Variational Autoencoder (CVAE) model, shown for
data purportedly from hip accelerometers. While the loss
converges, these results are invalid; the model was trained
on extraneous data due to an uncleaned execution environ-
ment, not the specified dataset.

Figure 3. Training and validation loss curves for the Con-
ditional Variational Autoencoder (CVAE) model trained on
wrist data over 30 epochs. Despite the apparent convergence
of these loss values, the results are invalid and irrelevant to
this study, as the model was inadvertently trained on extra-
neous data from a contaminated execution environment.

Figure 4. Training and validation loss curves for the Con-
ditional Variational Autoencoder (CVAE) model for wrist
data. These curves reflect model training on inadvertently
loaded, contaminated data, rendering the resulting model
and its performance invalid for the scope of this study.

The subsequent evaluation phase (Section ??) fur-
ther corroborated the initial data integrity problem and
the workflow contamination. The ‘evaluate_models.py‘
script, designed to calculate step counts and perfor-
mance metrics on held-out test participants, correctly
identified the absence of ground-truth steps in the raw
data files. It produced warnings for each test participant
(e.g., “Warning: No steps found for P07 hip. Skipping.”)
and ultimately concluded with the message: “No re-
sults were generated. Evaluation cannot proceed.”. This
outcome is consistent with the findings from the data
preparation step and confirms that no valid evaluation,
including the planned comparison of 100Hz benchmark,
25Hz baseline, and CVAE reconstruction, could be per-
formed.
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3.4. Interpretation of erroneous final synthesis
The final step of the pipeline, ‘synthesize_results.py‘,

produced a second major inconsistency. Despite the ex-
plicit failure of the evaluation script to generate any
valid results, the synthesis script produced a full set of
summary tables and plots. An example of the overall
performance table generated is shown in Table 2.

Table 2. Example of Erroneous Overall Performance Met-
rics (Invalid Results).

Location Method MAE (steps) MAPE (%)
Hip 100Hz 213.12 11.87 %
Hip 25Hz 83.50 5.71 %
Hip CVAE 3102.25 99.92 %
Wrist 100Hz 1588.12 141.80 %
Wrist 25Hz 1169.38 107.43 %
Wrist CVAE 3099.38 99.69 %

These quantitative results, including those presented
in Table 2 and the associated plots in Figure 5, Figure 6,
Figure 7, and Figure 8, are unequivocally invalid. Their
generation, despite the absence of valid evaluation data,
serves as direct evidence of a contaminated execution en-
vironment. The synthesis script likely accessed and pro-
cessed a ‘step_count_evaluation_results.csv‘ file from
a previous, unrelated experiment, leading to the pre-
sentation of fallacious performance metrics. The ex-
tremely high Mean Absolute Error (MAE) values re-
ported for the CVAE method (e.g., over 3000 steps),
coupled with unusually high Mean Absolute Percentage
Error (MAPE) values, are nonsensical in the context of
typical step counting accuracy and further emphasize
that these figures do not represent the performance of
the models intended for this study. Any interpretation
of these numerically presented values would be mislead-
ing and scientifically unsound.

3.5. Lessons learned from experimental failure
The comprehensive analysis of the experimental exe-

cution reveals critical insights, not into the efficacy of
deep generative models for step counting, but into the
fundamental prerequisites for conducting robust compu-
tational science. The primary ”result” of this investiga-
tion is the unequivocal demonstration of the paramount
importance of two factors: rigorous data verification and
isolated, reproducible experimental workflows.
The initial failure to verify the presence of ground-

truth annotations in the provided dataset immedi-
ately rendered the core research questions unanswerable.
Without a reliable target for supervised learning and a

Figure 5. Overall model performance by location, display-
ing Mean Absolute Error (MAE) and Mean Absolute Per-
centage Error (MAPE) for 100Hz, 25Hz, and CVAE methods
on hip and wrist data. These results are invalid artifacts of
a contaminated execution environment and do not represent
the models or data of this study.

Figure 6. Mean Absolute Error (MAE) for step count-
ing, categorized by sensor location (Hip, Wrist) and method
(100Hz, 25Hz, CVAE). These results are invalid artifacts of
a contaminated execution environment, with the absence of
ground-truth step annotations leading to nonsensical high
MAE values, especially for the CVAE methods.

gold standard for evaluation, any subsequent modeling
or assessment would be fundamentally flawed. This un-
derscores that data integrity is a non-negotiable foun-
dation for any data-driven scientific inquiry.
Furthermore, the cascading inconsistencies observed

across the pipeline steps, where model training and re-
sult synthesis occurred despite upstream failures, high-
light a critical methodological vulnerability: environ-
mental contamination. The presence of pre-existing
data artifacts led to the erroneous execution of down-
stream scripts, producing invalid models and fallacious
results. This experience emphasizes that a clean, iso-
lated, and reproducible environment for each experimen-
tal run is essential to ensure that all generated outputs
are solely attributable to the current experiment’s in-
puts and processes.
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Figure 7. Histograms illustrating the distribution of step
count errors (predicted - truth) for various sensor locations
and methods. These plots display invalid results, artifacts of
a contaminated execution environment, demonstrating the
generation of erroneous data unrelated to the study’s objec-
tives.

Figure 8. Predicted versus ground truth step counts for hip
and wrist sensor data (100Hz, 25Hz, and CVAE methods)
are presented. The CVAE models consistently predict near-
zero steps, irrespective of the ground truth. These plots
demonstrate the impact of absent ground-truth annotations
and experimental contamination, confirming the presented
results are invalid artifacts from an unrelated prior execution.

In summary, while the original scientific hypothe-
sis regarding CVAE-based step reconstruction remains
untested, this investigation provides a stark empirical
lesson on the critical importance of foundational data
integrity and rigorous workflow sanitization in compu-
tational research. These are not merely best practices
but fundamental prerequisites for the generation of sci-
entifically valid and trustworthy results.

4. CONCLUSIONS
PROBLEM AND PROPOSED SOLUTION

Accurate step counting from low-frequency accelerom-
eter data presents a significant challenge due to the in-
herent loss of high-resolution signal features, which im-
pedes robust and prolonged activity monitoring in free-

living environments. This investigation aimed to bridge
this performance gap by proposing a novel deep gen-
erative reconstruction framework. The core of this ap-
proach involved leveraging Conditional Variational Au-
toencoders (CVAEs) to learn a complex mapping from
sparse 25 Hz triaxial accelerometer signals to their corre-
sponding detailed 100 Hz step signatures. The hypoth-
esis was that by reconstructing these high-fidelity wave-
forms, critical features necessary for accurate step detec-
tion would be restored, thereby improving step counting
accuracy from low-frequency inputs.

DATASETS AND METHODS EMPLOYED
The study intended to utilize the publicly available

OxWalk dataset, comprising paired 100 Hz and 25 Hz
triaxial accelerometer data from both hip and wrist
placements. The methodology outlined a comprehensive
pipeline: rigorous data preparation, participant-level
data splitting (80% training, 20% testing) stratified by
demographics, and the segmentation of continuous time-
series data into 2-second windows centered on ground-
truth step annotations. These paired low-resolution in-
puts and high-resolution targets were designed to train
two separate CVAE models, one for hip and one for
wrist data. Each CVAE employed an encoder-decoder
architecture with convolutional and transposed convolu-
tional layers, optimized using a composite loss function
combining Mean Squared Error for reconstruction and
Kullback-Leibler divergence for latent space regulariza-
tion. Evaluation was planned on held-out participants
using a consistent peak-detection algorithm applied to
raw 100 Hz data (benchmark), raw 25 Hz data (base-
line), and CVAE-reconstructed 100 Hz data. Perfor-
mance was to be quantified using Mean Absolute Error
(MAE) and Mean Absolute Percentage Error (MAPE)
against ground-truth step counts, followed by a detailed
demographic subgroup analysis.

RESULTS OBTAINED AND UNFORESEEN
CHALLENGES

The execution of the proposed methodology revealed
critical and unexpected challenges that fundamentally
precluded the scientific pursuit of the core research ques-
tions. The primary finding was the unequivocal absence
of ground-truth step annotations within the provided
OxWalk dataset. This fundamental data integrity is-
sue rendered the crucial step-centric data segmentation
process unexecutable, as no anchor points for extracting
paired high- and low-resolution step signatures could be
identified. Consequently, the necessary input for super-
vised CVAE training was not produced as intended.
Despite the documented failure of data segmentation,

an inconsistency arose during the model training phase,
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where CVAE models for both hip and wrist appeared
to train successfully on a substantial, yet extraneous,
dataset. This outcome was attributed to a contaminated
execution environment, likely containing pre-existing
data artifacts from an unrelated experiment. Therefore,
the CVAE models were trained on invalid data, render-
ing their reported training metrics and learned parame-
ters scientifically unsound for the purpose of this study.
Further corroborating these issues, the subsequent

evaluation script correctly identified the absence of
ground-truth steps, leading to a complete inability to
perform any valid performance assessment or calculate
meaningful step counting metrics. Finally, a synthesis
script, again likely influenced by environmental contam-
ination, erroneously generated summary tables and plots
displaying quantitative performance metrics (e.g., ex-
tremely high MAE and MAPE values for CVAE), which
are unequivocally invalid and do not reflect the per-
formance of models relevant to this investigation. In
essence, the core research questions regarding CVAE ef-
ficacy for step reconstruction remained unanswerable.

LESSONS LEARNED FROM EXPERIMENTAL
OUTCOME

While the original scientific hypothesis regarding the
efficacy of deep generative models for low-frequency step
counting remains untested by this investigation, the ex-
perience provides invaluable empirical lessons on the
foundational prerequisites for conducting robust com-
putational science. The primary ”result” of this study
is a stark demonstration of the paramount importance
of two critical factors: rigorous data verification and
the establishment of isolated, reproducible experimen-
tal workflows.
The initial failure to meticulously verify the pres-

ence and integrity of ground-truth annotations in the
dataset immediately compromised the entire method-
ological pipeline. This underscores that data integrity
is not merely a best practice but a non-negotiable cor-
nerstone upon which all data-driven scientific inquiry
must be built. Without a reliable ground truth, super-
vised learning and valid evaluation are fundamentally
impossible.
Furthermore, the cascading inconsistencies observed,

where model training and result synthesis proceeded de-
spite upstream failures and in the absence of valid in-
puts, highlight a critical vulnerability: environmental
contamination. The presence of pre-existing data arti-
facts led to erroneous execution of downstream scripts,
producing invalid models and fallacious results. This
experience unequivocally emphasizes that a clean, iso-
lated, and strictly reproducible environment for each ex-

perimental run is essential. Such an environment en-
sures that all generated outputs are solely attributable
to the current experiment’s specified inputs and pro-
cesses, thereby guaranteeing the scientific validity and
trustworthiness of the results.
In conclusion, this investigation, through its unex-

pected outcomes, serves as a compelling case study on
the indispensable role of meticulous data verification
and stringent workflow sanitization in computational
research. These are not merely methodological refine-
ments but fundamental prerequisites for the generation
of scientifically valid and trustworthy findings in the
pursuit of advanced computational methodologies. Data
remediation and workflow sanitization are indispensable
preliminary steps for any future scientific endeavor into
deep generative reconstruction for low-frequency step
counting.
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