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Abstract

Despite recognized limitations in modeling long-range temporal
dependencies, Human Activity Recognition (HAR) has traditionally
relied on a sliding window approach to segment labeled datasets.
Deep learning models like the DeepConvLSTM typically classify
each window independently, thereby restricting learnable temporal
context to within-window information. To address this constraint,
we propose DeepConvContext, a multi-scale time series classifica-
tion framework for HAR. Drawing inspiration from the vision-based
Temporal Action Localization community, DeepConvContext mod-
els both intra- and inter-window temporal patterns by processing
sequences of time-ordered windows. Unlike recent HAR models
that incorporate attention mechanisms, DeepConvContext relies
solely on LSTMs — with ablation studies demonstrating the su-
perior performance of LSTMs over attention-based variants for
modeling inertial sensor data. Across six widely-used HAR bench-
marks, DeepConvContext achieves an average 10% improvement
in F1-score over the classic DeepConvLSTM, with gains of up to
21%. Code to reproduce our experiments is publicly available via
github.com/mariusbock/context_har.

CCS Concepts

+ Human-centered computing — Ubiquitous and mobile com-
puting design and evaluation methods; - Computing method-
ologies — Neural networks.
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1 Introduction

Inertial-based Human Activity Recognition (HAR) has, over the
past two decades, notoriously relied on a sliding window-based
classification approach [7]. Enabling near real-time prediction, this
method divides continuous sensor data into overlapping windows,
each of which is independently classified by a machine learning
model such as the DeepConvLSTM [14]. While subsequent research
has sought to enhance models’ capabilities through the integration
of mechanisms like attention [26] to better model temporal pat-
terns, these models remain fundamentally constrained by their
dependence on sliding windows, restricting broader temporal un-
derstanding across windows [7].

In 2021, Bock et al. introduced the Shallow DeepConvLSTM [4],
a more lightweight version of the DeepConvLSTM that removes
the second LSTM layer. While this simplification led to improved
performance across multiple HAR benchmark datasets, it also un-
intentionally introduced a novel form of inter-window learning.
Specifically, the model applied the LSTM across windows within
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a batch, violating the traditional assumption that samples within
a batch are independent. Although this design choice was not dis-
cussed in the original paper, suggesting it may have been unin-
tentional, the reported results highlight the potential benefits of
such cross-window temporal modeling. Similarly, the strategy of
processing sequences of time-dependent sliding windows is well-
established in a closely related field: single-stage Temporal Action
Localization (TAL) [25]. More recently, TAL models have been
successfully applied to inertial data and shown to outperform estab-
lished HAR architectures such as DeepConvLSTM across various
datasets [6]. As researchers continue to emphasize the importance
of capturing both local and global temporal patterns in HAR [9],
this paper introduces DeepConvContext, a novel inertial-based ar-
chitecture inspired by TAL methodologies, which is is specifically
designed to model both short-term (intra-window) and long-term
(inter-window) temporal dependencies across sequences of sliding
windows.
Our contributions are three-fold:

(1) We propose DeepConvContext, a novel architecture which
employs a multi-scale recognition approach capable of cap-
turing temporal dependencies both within and across a
series of sliding windows.

(2) An extensive evaluation on six widely-used HAR bench-
mark datasets, shows that DeepConvContext outperforms
both the classical and Shallow DeepConvLSTM architec-
tures, combining strengths of both architectures.

(3) Ablation experiments show that LSTMs are capable of out-
performing attention-based techniques by a significant mar-
gin, raising the question whether they remain a more suited
choice for HAR.

2 Related Work

With the rise of deep learning, researchers have adapted convo-
lutional neural networks (CNNs) for use on time series sensor
data, eliminating the need for manual feature extraction that pre-
viously relied on domain expert knowledge. In 2016, Ordéiiez and
Roggen extended this approach by incorporating recurrent layers
into inertial-based architectures, enabling them to capture tem-
poral relationships between convolutional features [14]. In their
original architecture, Ordéiiez and Roggen employed a 2-layered
LSTM as their recurrent method of choice. While many researchers
have since improved upon the original DeepConvLSTM model
[1, 13, 23, 24, 26], the architecture remains a viable and frequently
used benchmark for inertial-based human activity recognition. De-
spite significant progress in improving methods for extracting
temporal information, e.g. via including attention-mechanisms
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[1, 13, 26], architectures have historically relied on the sliding win-
dow approach, where each window of sensor data is processed
independently to predict its label. As detailed by Bulling et al. [7],
this approach, with its fixed window size, limits the model’s abil-
ity to capture inter-window temporal dependencies, making the
choice of window length a critical factor in HAR performance, with
an incorrectly chosen window size resulting in significant perfor-
mance drops. Recent research has therefore emphasized the need
for models that can capture both local and global temporal patterns
to overcome the limitations of the sliding window approach [8, 9].

In [16], Pellatt and Roggen propose CausalBatch, an improved
training method for HAR, where windows within a batch are
causally dependent on windows at the same position in neigh-
boring batches. This allows the LSTM states to persist between
batches, extending the model’s temporal horizon without increas-
ing the window size. Similarly, Hiremath and Ploetz [9] explored
the impact of larger context lengths on HAR performance, aggre-
gating convolutional features using larger kernels before passing
them through an LSTM. In [20], Shao et al. present an inter- and
intra-window learning approach, which learns attention-based fea-
tures both within and across windows, referred to as frames in their
work. Compared to [16], our approach introduces a second LSTM
specifically designed for learning inter-window context. Following
the ideas proposed in [9], we aim to provide our model more flex-
ibility by learning both local and global context separately at the
cost of increased model complexity. This approach also aligns with
trends in the TAL community, which separates local learning from
global timeline reconstruction. In contrast to [20], our model relies
on LSTMs, which, as shown in ablation experiments, outperform
attention-based techniques.

3 Methodology

3.1 Architecture Overview

Figure 1 illustrates the data flow of the proposed DeepConvContext
architecture. This architecture follows a multi-scale approach, in-
corporating methods for extracting temporal features from inertial
sensor time series, inspired by both the original [14] and Shallow
DeepConvLSTM [4]. Given a multivariate time series from a set of
inertial sensor axes, DeepConvContext begins by segmenting the
sequence into equal-sized patches using a sliding-window approach.
Features are extracted from each patch through multiple convo-
lutional layers, followed by an LSTM, which mirrors the feature
extraction process of the original DeepConvLSTM. This stage is
designed to capture discriminative temporal dependencies within
each sliding window. Unlike the original DeepConvLSTM, which
performs classification based on the final element of each patch,
DeepConvContext introduces an additional stage that captures de-
pendencies across patches. This inter-patch learning mechanism is
inspired by the design of the Shallow DeepConvLSTM. To achieve
this, each patch is reduced to a one-dimensional feature vector of
size 1 X LSTMj,, where LSTMj, represents the number of hidden
units in the last layer of the intra-patch LSTM. These patch repre-
sentations are then treated as a new sequential input to a second
LSTM, which models temporal dependencies across patches. The
output of this second LSTM is passed through a dropout layer and a
fully connected classification layer. Because each patch is processed
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Figure 1: Overview of the proposed DeepConvContext archi-
tecture. The architecture follows a multi-scale approach in
which an input timeseries is segmented into equal-sized
patches. These patches are individually processed by a Deep-
ConvLSTM-like feature extraction, i.e. a combination of mul-
tiple convolution and a LSTM. The resulting intra-patch
temporal context vectors are dimensionally reduced to a
1-dimensional feature vector. The sequence of feature vec-
tors of all patches are then passed to a second LSTM, to learn
inter-patch temporal features. Resulting patch-wise feature
vectors are then classified and a sequence of patch-wise ac-
tivity labels is returned.

by both intra- and inter-patch LSTMs, it retains information about
its internal temporal structure, as well as its temporal relationship
with earlier patches in the sequence.

3.2 Datasets

We base our experiments on six widely used HAR datasets. These
include the Wetlab [19], WEAR [5], SBHAR [17], RWHAR [21],
Opportunity [18], and Hang-Time datasets [10]. This selection pro-
vides a diverse set of prediction scenarios, each posing distinct
challenges for activity recognition models to address. Among these
challenges are variations in the number of participants and activ-
ity classes, the presence of a NULL-class [5, 10, 18, 19], and the
inclusion of complex, short-duration, transitional, and locomotion
activities [5, 10, 17-19, 21]. Additionally, the datasets vary in sensor
configurations, with several collected in multi-sensor environments
[5, 18, 21].

3.3 Architecture Variants

By default, LSTMs operate in an unidirectional manner, processing
input sequences from past to present. Within the DeepConvCon-
text architecture, this means that patches, i.e. windows, are fed
sequentially into the model, with the first patch corresponding to
the earliest time point and each subsequent patch representing the
next point in time. This design limits the LSTM to only past and
present information, preventing it from incorporating any future
context into its predictions. However, certain activities, such as
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sit-to-stand present in the SBHAR dataset [17], can benefit from
access to future context during prediction. To address this, we also
evaluate a variant of the DeepConvContext that uses a bidirectional
LSTM to model inter-patch temporal dependencies. In this variant,
the second LSTM within the DeepConvContext module (depicted in
Figure 1) processes each batch sequence in both forward and back-
ward temporal directions. For every patch, it outputs two vectors
of size 1 X LSTM},, where LSTMj, is the number of hidden units in
the LSTM. These vectors are then concatenated to form a combined
representation, which is passed, just like in the unidirectional case,
into a fully connected layer that serves as the classifier.

LSTMs, though effective at modeling local temporal dependen-
cies, often struggle to learn long-range relationships when the tem-
poral distance between relevant sequence elements increases [2, 15].
In contrast, self-attention mechanisms can capture dependencies
between all elements of a sequence, regardless of their relative
position in time. While this capability comes with increased compu-
tational overhead, it has led to notable performance gains in inertial
sensor-based architectures such as Attend-and-Discriminate [1]
and TinyHAR [26]. In line with these developments, we further
evaluate two additional variants of the DeepConvContext architec-
ture: one using multi-head self-attention and another incorporating
a transformer module, as described in [12]. To maintain consistency
with the LSTM-based setups, we implement unidirectional versions
of both attention-based mechanisms, specifically, causal attention
and causal transformers, to ensure that each model only learns
from past temporal information.

3.4 Training

For each experiment, we perform Leave-One-Subject-Out (LOSO)
cross-validation, where each participant in the dataset is used as the
validation set once, while all other participants are used for training.
We report two key metrics for each experiment: the class-averaged
macro F1-score and the mean Average Precision (mAP), both aver-
aged across all validation splits (i.e., participants). The mAP, which
evaluates the overlap between predicted activity segments and
ground truth annotations, is computed across five different tem-
poral Intersection-over-Union (tloU) thresholds. To calculate both
mAP and F1-score, we first convert the windowed predictions of
each model back to per-sample predictions by unwindowing them.
This ensures that both metrics are computed on the same temporal
resolution. The final reported values per dataset are the averages
of the tloU-averaged mAP and class-averaged F1-score across all
validation subjects. All model architectures are trained using a
weighted cross-entropy loss and the Adam optimizer, with a learn-
ing rate of 1e™#, weight decay of 1e~°. Each model is trained for 30
epochs, using a learning rate schedule that multiplies the learning
rate by a factor of 0.9 every 10 epochs. A training batch size of 100
is used for all experiments. For evaluation, the original DeepCon-
vLSTM is tested using a batch size of 1, while models that rely on
inter-window features, namely the Shallow DeepConvLSTM and
DeepConvContext, are evaluated with a test batch size equal to
the training batch size (100), to maintain the temporal structure
required for inter-window learning. All architectures evaluated in
this benchmark use four convolutional layers with 64 filters, each
of size 9 X 1, except for the Opportunity dataset, where a smaller

filter size of 5 X 1 is used due to the lower sampling rate of the
input signal. LSTM layers are configured with a hidden size of 128
and no dropout between layers. In ablation experiments where
LSTMs are replaced with transformers or multi-head self-attention
mechanisms, we use four attention heads with no dropout. The
transformer-based variants use three layers. Same as Ordéfiez and
Roggen [14], embeddings get passed through a dropout layer with
a probability of 0.5 before being passed to the classifier.

4 Results

4.1 Benchmark analysis

In Figure 2, we present an overview of the results for the classic
DeepConvLSTM [14], the Shallow DeepConvLSTM [4], and the
proposed DeepConvContext model, all using a single LSTM layer
per module. On average, the multi-scale DeepConvContext achieves
the highest prediction performance, with an average F1-score of
59.04%, compared to 49.09% for the intra-window DeepConvLSTM
and 54.01% for the inter-window Shallow DeepConvLSTM, across
the six evaluated datasets. When comparing the intra-and inter-
window models, we observe that the inter-window DeepConvLSTM
struggles to produce coherent activity segments, reflected by its
average mAP being close to zero across all datasets. In contrast,
both the Shallow DeepConvLSTM and DeepConvContext leverage
temporal relationships across windows and thus produce fewer
rapid switches between activities, achieving significantly higher
average mAP values of 16.79 and 18.23, respectively. It is worth
noting that the RWHAR dataset does not include a NULL class
and contains only a single segment per activity per participant.
This makes mAP evaluation particularly sensitive, since the metric
is biased toward zero unless a model predicts an activity nearly
perfectly across its full duration in the participant’s data stream.

The Shallow DeepConvLSTM outperforms the classical Deep-
ConvLSTM on all datasets except Opportunity. This highlights the
importance of inter-window context for accurate activity recog-
nition, as the Shallow DeepConvLSTM does so by only relating
convolutional features of the final sequence element from each
window in a batch. It is capable of recognizing both periodic activ-
ities such as sitting (found in datasets like SBHAR and RWHAR)
and non-periodic or transitional activities such as sit-to-lie in SB-
HAR. However, as shown in the confusion matrices in Figure 3,
the DeepConvLSTM still outperforms the Shallow DeepConvLSTM
for strictly periodic activities. This is likely because such activi-
ties are often characterized by short, repeating patterns that can
be effectively captured by convolutional filters and do not require
modeling of long-range temporal dependencies [3]. Understanding
this, the DeepConvContext effectively combines the strengths of
both intra- and inter-window learning, maintaining high predic-
tive performance on all activity types. Finally, Figures 2 and 3 also
show the results for a variant of DeepConvContext that uses a
bidirectional LSTM for inter-window learning. By incorporating in-
formation from future windows, this variant improves the accuracy
of predictions for individual windows and leads to a substantial
increase in overall mAP.
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Figure 2: Average F1-score and mAP results of the DeepConvLSTM [14], Shallow DeepConvLSTM [4] and proposed Deep-
ConvContext being applied to the WEAR [5], Wetlab [19], Hang-Time [10], RWHAR [21], Opportunity [18] and SBHAR
[17]. The DeepConvContext is additionally evaluated using bidirectional LSTM to perform inter-window learning. Results
are the class- and participant-averaged scores averaged across three runs using different random seeds. One can see that the
DeepConvContext combines strengths of both architectures and improves upon results across all datasets, with the bidirectional
version of the architecture providing the highest F1-score and mAP.
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Figure 3: Per-class confusion matrices of the DeepConvLSTM, Shallow DeepConvLSTM and DeepConvContext being applied
to the SBHAR dataset using LOSO cross-validation. The DeepConvContext is further applied using bidirectional LSTM as
described in Chapter 3.3. One can see that the DeepConvContext improves upon both variants of the DeepConvLSTM, with the
bidirectional variant producing the overall highest prediction results. Especially transition classes such as sit-to-stand are
more reliably detected.

4.2 Ablation experiments

Revisiting shallow LSTMs. When introducing the Shallow Deep-
ConvLSTM in [4], Bock et al. demonstrated that shallow LSTMs
might be a better option for inertial-based activity recognition,
challenging the widely held belief based on the earlier findings
of Karpathy et al. [11]. However, since the original Shallow Deep-
ConvLSTM paper unintentionally focussed on the use of LSTMs
for learning inter-window features, their analysis does not provide
evidence to conclude that shallow LSTMs are superior for learning
intra-window dependencies. To revisit this claim, we conducted
a comparative evaluation using the original DeepConvLSTM, the
Shallow DeepConvLSTM, and our proposed DeepConvContext

model. Each architecture was tested with both single-layer and two-
layer LSTM configurations. As shown in Table 1, the results indicate
that single-layer LSTMs tend to outperform their two-layer coun-
terparts across all datasets, with the exception of the Opportunity
dataset [18]. Moreover, the performance gains from using shallower
LSTMs are more significant when applied to inter-window learning.
We attribute this due to the longer inter-window sequences likely
containing a richer set of learnable patterns than intra-window
sequences, which may make the limitations of deeper LSTMs more
evident and highlight the advantages of shallow 1-layered variants.

LSTMs vs. Attention. With the rise in popularity of attention-
based mechanisms, architectures such as those proposed in [1]
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Table 1: Average F1-score results of the DeepConvLSTM
[14] (DC-LSTM), Shallow DeepConvLSTM [4] (Shallow D.)
and proposed DeepConvContext using either 1-layered (1-L)
or 2-layered LSTMs (2-L) within the architectures. We re-
port results for the WEAR [5], Wetlab [19], Hang-Time [10],
RWHAR [21], Opportunity [18] and SBHAR [17]. Results are
the class- and participant-averaged scores averaged across
three runs using different random seeds. One can see that
one-layered LSTMs outperform 2-layered LSTMs across all
architectures and datasets, except the Opportunity dataset.
Best results per dataset are underlined.

Table 2: Comparison of average F1-score results of the Deep-
ConvContext using either an LSTM, attention or a Trans-
former to learn inter-window context. We assess both unidi-
rectional and bidirectional versions of the three techniques.
We report results for the WEAR [5], Wetlab [19], Hang-Time
[10], RWHAR [21], Opportunity [18] and SBHAR [17]. Re-
sults are the class- and participant-averaged scores averaged
across three runs using different random seeds. One can see
that on average LSTMs outperform both attention and Trans-
formers. Best unidirectional and bidirectional results per
dataset are underlined.

D DC-LSTM Shallow D. DeepConvContext D Unidirectional Bidirectional

1-L 2-L 1-L 2-L 1-L 2-L LSTM  Att. Tran. | LSTM  Att. Tran.
(5] 72.56% 70.04% | 78.66% 74.27% | 77.39% 75.12% (5] 77.39% 76.21% 76.15% | 80.99% 80.25% 75.34%
[19] | 27.67% 26.26% | 38.68% 33.64% | 38.21% 33.61% [19] | 38.21% 31.64% 28.81% | 43.24% 37.45% 28.03%
[10] | 34.38% 33.76% | 40.72% 38.24% | 41.20% 39.80% [10] | 41.20% 38.44% 37.85% | 45.94% 42.45% 36.62%
[21] | 72.10% 70.90% | 85.38% 83.36% | 86.49% 84.42% [21] | 86.49% 86.59% 63.60% | 86.42% 89.71% 62.14%
[18] | 32.49% 37.66% | 27.20% 31.03% | 39.08% 33.39% [18] | 39.08% 36.68% 38.96% | 43.96% 32.36% 33.79%
[17] | 55.35% 54.37% | 68.17% 63.50% | 71.88% 61.03% [17] | 71.88% 67.43% 75.65% | 76.34% 71.25% 76.15%
Avg | 49.09% 48.83% | 56.47% 54.01% | 59.04% 54.56% Avg | 59.04% 56.17% 53.50% | 62.82% 58.91% 52.01%

have demonstrated their applicability to HAR. However, as previ-
ous studies have primarily focused on architectures designed to
learn intra-window features, we conducted further experiments to
investigate whether multi-head attention [22] and ViT-style Trans-
formers [12] could serve as more effective alternatives to LSTMs
for modeling temporal dependencies between windows. To ex-
plore this question, and as described in Section 3.3, we replaced the
second LSTM in the DeepConvContext architecture with either a
multi-head attention block or a Transformer module. As shown in
Table 2, our results indicate that LSTMs outperform attention-based
mechanisms across the selected benchmark datasets. In particular,
for the Wetlab and Hang-Time datasets, LSTMs achieve an aver-
age Fl-score that is approximately 10% higher than that of the
Transformer-based variants. While attention mechanisms allow
features to interact across the entire input sequence, they typically
exhibit a reduced sensitivity to the natural order of events in time
and rely on positional encodings to provide temporal structure.
Although we included such encodings in our models, the relatively
lower performance of the attention-based variants suggests that
LSTMs may be more effective at capturing temporal relationships
among windows. Since many human activities do not require ex-
cessively long temporal contexts for accurate classification, LSTMs
may be better suited for such HAR tasks due to their strength in
modeling localized temporal patterns. This assumption is further
supported by the improved performance of attention-based Deep-
ConvContext variants on the RWHAR and SBHAR datasets. In
these cases, the long and sequential nature of activity segments
allows attention layers to learn extended temporal dependencies
more effectively. These dependencies enable the model to reproduce
the long, coherent activity sequences present in the data patterns,
which LSTMs may struggle to model as efficiently.

5 Limitations

The DeepConvContext architecture presents a novel approach to
processing inertial sensor data for activity recognition. Although
not specifically tested within this work, its architectural design
choices can be readily extended to other inertial-based models
such as TinyHAR [26] and Attend-and-Discriminate [1]. While
our analysis evaluates only modified versions of the original Deep-
ConvLSTM, we expect the observed performance improvements
to generalize to other architectures, as they follow a common de-
sign pattern of combining convolutional feature extraction with
some form of temporal modeling. Compared to CausalBatch [16]
as well as related work [9], our architecture introduces some addi-
tional computational complexity, as shown in Table 3. However, by
incorporating a projection layer between the two LSTMs, the over-
all increase in GPU memory usage and floating point operations
remains modest, being approximately 3.5% and 10%, respectively.
Furthermore, while Table 3 indicates that the attention-based ver-
sion of DeepConvContext uses fewer learnable parameters, LSTMs
are slightly more computational efficient. In our experiments, we
did not modify the data loading strategy of the evaluated HAR
datasets, apart from disabling batch shuffling to maintain temporal
consistency among batch elements. This consistency is essential,
and the same principle must be applied during testing. For instance,
using a test batch size of 1 would prevent the model from accessing
any contextual information across patches, thereby negating the
benefits of inter-window learning. In real-world applications, this
constraint means that DeepConvContext cannot be directly applied
in an online setting. Instead, it requires data to be collected for a
duration of b X (w — 0) seconds, where b is the training batch size,
w is the sliding window length in seconds, and o is the overlap in
seconds. This makes the context length a hyperparameter which
needs to be considered during training of a network as it influences
recognition of activities (see Table 4). Future research could focus
on designing an optimized data loader that maintains a running



Table 3: Model complexity of the original DeepConvLSTM
(DC-LSTM), Shallow DeepConvLSTM (Shallow D.) and archi-
tecture variants of the DeepConvContext (DCC) in terms of
number of learnable parameters (p), GigaFLOPS (GFLOPS)
and GPU memory consumption (Memory). All architectures
apply 1-layered LSTMs, if applicable. Attention-based archi-
tectures use 4 attention heads as well as 3 Transformer layers.
One can see that the DeepConvContext has around 2.5 times
more learnable parameters, yet only introduces a 3.5% and
10% increase in GFLOPS and memory consumption.

Architecture p MFLOPS  Memory
DC-LSTM 277,062 1,739.98  114.42MB
Shallow D. 277,062 1,739.98 114.42MB
DCC (LSTM) 704,198 1,798.96  124.21MB
DCC (Bi-LSTM) | 837,062 1,799.19  128.09MB
DCC (Att.) 638,150 1,817.22  123.20MB
DCC (Tran.) 1,961,158  2,074.42 143.39MB

Table 4: Average F1-score and mAP results of the DeepCon-
vContext using varying train and test batch sizes (25, 50 and
200). We report results for the WEAR [5], Wetlab [19], Hang-
Time [10], RWHAR [21], Opportunity [18] and SBHAR [17].
Results are the class- and participant-averaged scores aver-
aged across three runs using different random seeds. One can
see that on average LSTMs outperform both attention and
Transformers.

D 25 50 200

F1 mAP F1 mAP F1 mAP
(5] 74.25% 22.81 | 76.44% 26.02 | 78.37% 37.44
[19] | 30.57% 1.83 | 35.35% 4.01 | 38.32% 6.78
[10] | 40.00% 7.66 | 40.44% 832 | 41.73% 8.72
[21] | 50.23% 0.02 | 84.09% 0.06 | 85.68% 0.00
[18] | 31.04% 6.26 | 34.68% 7.81 | 39.28% 10.84
[17] | 66.46% 38.08 | 68.25% 44.48 | 74.64% 55.66
Avg | 4876 12.78 | 56.54 1512 | 59.67  19.91

memory of previously seen windows. This would enable the archi-
tecture to function according to a first-in, first-out (FIFO) principle,
where features are computed only for the newly recorded window
and then related to past context. Such a strategy would allow for
an efficient and online deployment of the DeepConvContext archi-
tecture. Alternatively, one could extend the data loading process by
extending the sliding window input to a context dimension of previ-
ously recorded data. This would allow for shuffling batch elements,
possibly resulting in improved results as architectures would be
optimised on alternating contexts and activities.

6 Discussion & Conclusions

In this paper we introduced DeepConvContext, a novel architecture
for inertial-based activity recognition. Inspired by advancements in
the vision-based Temporal Action Localization community, the ar-
chitecture adopts a multi-scale approach that learns both intra- and
inter-window temporal dependencies to predict the label of a given
sliding window. Our analysis revealed that although this was not
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discussed in the original publication, the Shallow DeepConvLSTM
[4] introduced a unique method for learning inter-window tempo-
ral features by implicitly relating windows within a batch. While
this approach challenges the conventional definition of a batch, our
results highlight the importance of inter-window learning. Bench-
mark experiments showed that inter-window learning consistently
outperforms intra-window learning, as used in the original Deep-
ConvLSTM [14], across a range of Human Activity Recognition
datasets. DeepConvContext builds on the strengths of both prior
architectures by integrating both intra- and inter-window learn-
ing into a single unified model. Our benchmark analysis showed
that on average, our architecture outperforms both the original
and Shallow DeepConvLSTM, with gains up to 21% in F1-score.
Further ablation experiments, which involved testing architectural
variants of DeepConvContext, demonstrated that average mAP can
be significantly improved by making the second LSTM, which is
responsible for inter-window learning, bidirectional. Additional
experiments showed that LSTMs are more effective than attention-
based mechanisms, raising the question of whether their strong
focus on local temporal structures makes them better suited for rec-
ognizing human activities, which often do not require long range
temporal connections.

With DeepConvContext, we present the HAR community with a
novel method for processing windowed data and predicting activity
labels. We directly address the well-known sliding window problem
[7] and align with the community’s ongoing efforts to overcome it
[9, 16]. Although our current implementation does not yet incorpo-
rate an optimized multi-scale batch data loader, we consider this
a promising direction for future research and expect it to further
enhance the performance of our architecture. With our suggested
changes being easily extendable to other architectures, we hope
that our proposed multi-scale approach will become an essential
component within future works.
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