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Abstract

Cross-modal contrastive pre-training between natural lan-
guage and other modalities, e.g., vision and audio, has
demonstrated astonishing performance and effectiveness
across a diverse variety of tasks and domains. In this paper,
we investigate whether such natural language supervision can
be used for wearable sensor based Human Activity Recogni-
tion (HAR), and discover that—surprisingly—it performs sub-
stantially worse than standard end-to-end training and self-
supervision. We identify the primary causes for this as: sen-
sor heterogeneity and the lack of rich, diverse text descrip-
tions of activities. To mitigate their impact, we also develop
strategies and assess their effectiveness through an exten-
sive experimental evaluation. These strategies lead to signif-
icant increases in activity recognition, bringing performance
closer to supervised and self-supervised training, while also
enabling the recognition of unseen activities and cross modal
retrieval of videos. Overall, our work paves the way for better
sensor-language learning, ultimately leading to the develop-
ment of foundational models for HAR using wearables.

1 Introduction

Learning joint embedding spaces by pairing modalities with
natural language descriptions of their contents (e.g., image
captions or sound descriptions for audio) has proven suc-
cessful across modalities (Radford et al. 2021; Xu et al.
2021; Wu et al. 2022). Here, the task is to predict which
description goes with which input, for large-scale datasets.
The expressiveness of natural language enables it to oversee
a wider array of concepts, culminating in highly effective
representations (Radford et al. 2021).

Some advantages of such setups include: (i) zero-shot
prediction of classes through text descriptions, potentially
aided by useful auxiliary and context information (Shen
et al. 2022); and (ii) cross-modal retrieval, where natural
language can be utilized to retrieve relevant images, audio,
or sensor data, akin to performing search. The promise of
these models is that they are plug-and-play: they can be uti-
lized without further training or adaptation in diverse appli-
cation scenarios.

This paper focuses on Natural Language Supervision
(NLS) for wearables based Human Activity Recognition
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(HAR), which involves automatically predicting which ac-
tivity is being performed. It has numerous applications, in-
cluding health and fitness monitoring (Koskimaéki, Siirtola,
and Roning 2017) and eating detection (Bin Morshed et al.
2022). From a wearables standpoint, advantages of NLS
such as predicting unseen activities and performing recogni-
tion through text queries are desirable, as they would allow
new capabilities to be added on the fly.

Despite the astonishing success of NLS across modalities,
domains, and applications, we discover and demonstrate in
this paper that it is highly challenging to apply it in a plug-
and-play manner to wearables based HAR. Pre-training on a
large-scale dataset (Capture-24) followed by zero shot pre-
diction of activities is drastically worse by around 30-40%,
than simple end-to-end and self-supervised training, across
six target datasets. We discover two reasons that explain
this reduction in performance, underpinned by challenges
unique to wearable sensors and the HAR task: (i) Sensor
Heterogeneity: Diversity in sensors results in significant dif-
ferences in data distributions due to hardware constraints
and settings such as gain, data and signal processing, dif-
ferences in sampling rates — even if the sensor locations and
activities are the same (Stisen et al. 2015). This renders zero
shot prediction very difficult, as pre-trained models cannot
deal well with shifting distributions causing substantial per-
formance degradation when there is no opportunity for adap-
tation to (vastly) different test conditions; and (ii) Lack of
Rich Descriptions of Activities: Learning such joint embed-
ding spaces is data intensive, relying on diverse and unique
text descriptions to learn wide ranging concepts. However,
many HAR datasets contain only a handful of activity la-
bels and (in some cases) demographics information (Kwon
et al. 2020; Plotz 2023) — a far cry from the 400M image-
text pairs in the original CLIP paper (Radford et al. 2021).
Therefore, in scenarios with diverging data distributions, or
when there is paucity of diverse descriptions of data, NLS
can be an inferior option.

We develop strategies to tackle these challenges, leading
to improved HAR performance, and more broader applica-
bility across scenarios. To deal with varying data distribu-
tions between pre-training and target datasets, we show how
updating/adapting some layers of the pre-trained network on
target data with as little as 4 mins of data/activity leads to
substantially improved recognition. This demonstrates that



adaptation with minimal amounts of target data can be suffi-

cient for improved HAR, and potentially, across other appli-

cations with distribution differences. To improve diversity in

text descriptions of activities, we not only explore the gen-

eration of additional prompts through LLMs, but also study

how external knowledge can aid in improved recognition.
The contributions of our work are as follows:

* We adopt and adapt natural language supervision (NLS)
for performing wearables-based HAR.

* We identify challenges rendering adaptation difficult and
less successful, such as sensor heterogeneity and a lack
of rich text descriptions accompanying sensor data.

e We develop strategies to tackle these challenges, en-
abling more successful application of NLS to sensor-
based HAR, and potentially opening up such cross-modal
training to other applications facing similar challenges.

2 Related Work

Cross-modal contrastive training between natural language
and other modalities has emerged as a highly effective train-
ing paradigm. Typically, the Internet is crawled for collat-
ing large-scale datasets (of hundreds of millions of samples)
with corresponding text descriptions. Contrastive Language-
Image Pre-training (CLIP (Radford et al. 2021)), in particu-
lar, delivered superb performance across target scenarios by
contrastively training to match images with corresponding
text captions, by using 400M image-text pairs. This training
setup was subsequently adopted for video (Ma et al. 2022;
Xu et al. 2021) and audio (Elizalde et al. 2023; Wu et al.
2022), as well. However, these methods require substantial
training data containing rich and diverse text captions. When
only keywords/class names are available, converting them
into sentences for effective contrastive training has also been
explored (Wu et al. 2023). These methods are largely ‘plug-
and-play’, i.e., they can perform zero-shot recognition.

This setup has been extended to wearable sensors, through
methods like IMU2CLIP (Moon et al. 2022), which uses
the Ego4d dataset (Grauman et al. 2022), containing head-
mounted IMU and fine-grained text descriptions of activi-
ties. As it was recorded at the head, it cannot be directly
used for HAR, where common recording locations include
the wrist or the waist. ImageBind (Girdhar et al. 2023) also
utilizes the Ego4d dataset to learn a joint embedding space
between six modalities (incl. text and IMU) through con-
trastive pairwise training with vision as bridge. Alterna-
tively, LLMs have also been fine-tuned to utilize pre-trained
sensor embeddings and text to recognize both seen and un-
seen activities, e.g.., SensorLLM (Li et al. 2024) and LLaSA
(Imran et al. 2024). However, early approaches (Mishra
et al. 2020; Matsuki, Lago, and Inoue 2019) used pre-trained
word embeddings for such unseen activity recognition.

For wireless sensors, TENT (Zhou et al. 2023) connects
large language models (LLMs) to IoT sensors such as video,
Radar, and LiDAR with text through a public dataset con-
taining all modalities, and uses the pre-trained CLIP text en-
coder for obtaining text embeddings. More recently, Ts2Act
(Xia et al. 2024) curated an image dataset for activity
classes, and performed cross-modal contrastive pre-training
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with IMU data, for few shot recognition. Other works per-
form zero-shot learning by learning to align IMU embed-
dings with synchronized video (Tong, Ge, and Lane 2021).
ContextGPT (Arrotta et al. 2024) inputs context information
(location, weather, etc.) into LLMs for predicting the most
probable activities, for use in neuro-symbolic HAR.

Both Ts2Act and IMU2CLIP utilize different splits (i.e.,
train and test) from the same dataset, and therefore, do not
perform HAR across datasets. Further, IMU2CLIP has ac-
cess to rich text annotations whereas Ts2Act trains with im-
ages, which may be hard to obtain for rare activities. Wear-
ables datasets however, typically lack access to text data, be-
yond activity names. Consequently, our work focuses on di-
rectly pre-training with text sentences derived from activity
labels. This brings the capability to flexibly describe (in nat-
ural language) the movements present in activities, for HAR.
We also develop strategies to address challenges inherent to
this setup, leading to the missing capability to function in
truly plug-and-play fashion.

3 Natural Language Supervision for HAR

Our NLS setup involves two stages: i) cross-modal con-
trastive pre-training; and ii) Human Activity Recognition.

3.1 Cross-Modal Contrastive Pre-Training

Sensor data windows are first embedded through an en-
coder and a projection head, resulting in N vectors S =
{S;}i=1...n, where N is the batch size. Correspondingly, the
textual descriptions of activities are also encoded through a
text encoder and a separate projection head, to obtain text
representations 7' = {T;};—1 .. n. Since only activity labels
are available, simple text templates are employed to obtain
sentences (Sec. 3.2). Both \S; and T; have dimension D.

In such a batch of N sensor-text pairs, the task is to iden-
tify which of the IV x N pairs are actual matches. We com-
pute the cosine similarity (C € RV*¥) for each S; and T},
and train a joint embedding space to maximize the similar-
ity of the IV actual pairs in the batch (i.e., the diagonal of
the matrix in Fig. 1), while minimizing the cosine similarity
of the N2 — N incorrect pairings (i.e., the off diagonal el-
ements in Fig. 1). In line with related work (Elizalde et al.
2023), the similarity is computed as follows, where 7 is the
temperature parameter used to scale the logits:

C=7%(S-T7)

7 is initialized to 1/0.07 and updated during training.

A symmetric cross entropy loss is optimized over these
similarity scores, to update the network parameters (Elizalde
et al. 2023; Radford et al. 2021):

L=0.5x% (gsensor(c) + Elext(c))

)

2

where, { = & ZiD:O log(diag(softmax(C'))), along the sen-
sor and IMU axes respectively.

This setup contains three major components: (i) IMU
Encoder, which provides embeddings of sensor data win-
dows for contrastive pre-training. We utilize a convolutional
encoder developed and utilized extensively in prior work
(Saeed, Ozcelebi, and Lukkien 2019; Haresamudram, Essa,
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Figure 1: Natural language supervision for sensor-based HAR: the network is pre-trained by learning to accurately match
windows of sensor data to the corresponding ground truth activities in form of textual descriptions. HAR is then performed by
computing cosine similarity scores between windows of test sensor data and all activity sentences. The sentence with highest
similarity score determines the final activity output (lower right part in phase 2). This figure is inspired by (Radford et al. 2021).

and P16tz 2022); (ii) Text Encoder, which is used to encode
sentences of activities — we employ the DistiIBERT model
(Sanh et al. 2019); and (iii) Projection layers, which are used
to project embeddings from the modalities to a common rep-
resentation space. In line with recent work, we use an MLP-
based projection head. Detailed descriptions of the architec-
ture are given in the Appendix (Haresamudram et al. 2024).

3.2 HAR Through Text-Based Classification

HAR is performed by using sentences derived from activity
labels (e.g., sitting, walking) and text templates (Fig. 1).
Unless specified differently we use the following, hand
crafted template to obtain activity sentences: This is
wearable sensor data for a person engaged in
{activity_name} where activity._name is replaced
with activities, e.g., walking, running, etc.

For a target dataset containing C' classes we generate the
sentences using the text template, and compute embeddings
from the pre-trained text encoder and the learned projection
head. Similarly, we compute embeddings for N windows of
target data using the learned encoder and projection heads.
As both embeddings are in a common space, we compute
cosine similarity between embeddings from each window of
the target data (i.e., /N embeddings), and the embeddings for
all target classes (i.e., C embeddings). The predicted label
for each window is the class embedding with the highest co-
sine similarity, i.e., the label is assigned based on the nearest
match to the window. This is shown in Part 2 of Fig. 1.

4 Experimental Settings

Sensor data are segmented into overlapping windows using
a sliding window approach, and used for training and eval-
uation. We now provide details of the datasets and segmen-
tation setup used for our experimental study, with further
details added to the Appendix (Haresamudram et al. 2024).

Datasets For pre-training, we use the large-scale Capture-
24 dataset (Willetts et al. 2018), which has 177 fine-grained
labels after some data cleaning (correcting minor typos and
removing semi-colons, etc.), as they allow us to learn more
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concepts present in data. Following (Haresamudram, Essa,
and Plotz 2022), we evaluate on a diverse set of six tar-
get datasets, covering different recording locations (wrist,
waist, ankle/leg), conditions, number of users, and types of
activities. Primarily, they contain locomotion-style activities
(HHAR (Stisen et al. 2015), Mobiact (Chatzaki et al. 2016),
Motionsense (Malekzadeh et al. 2018), PAMAP2 (Reiss and
Stricker 2012)) and gym exercises (Myogym (Koskimaki,
Siirtola, and Roning 2017), MHEALTH (Banos et al. 2014)),
in addition to daily living activities (PAMAP?2). Details of
the datasets are given in the Appendix.

Sampling Rate and Segmentation We utilize raw ac-
celerometer data, and downsample them (if necessary) to
50Hz to match the lowest frequency across datasets. Fol-
lowing (Haresamudram, Essa, and P16tz 2022), the sliding
window size is set to 2 seconds, with 50% overlap.

5 Plug-and-Play NLS for HAR

We evaluate the effectiveness of NLS for HAR using the
standard setup (refer to the Appendix for details (Haresamu-
dram et al. 2024)), and compare against supervised training
and self-supervision with a large dataset in Tab. 1.

5.1 Human Activity Recognition Experiments

Here, we summarize the baselines of our evaluation (details
in the Appendix), followed by a discussion of the results.

Baselines (i) Supervised learning: the Conv. classifier
contains 1D convolutional layers whereas DeepConvLSTM
(Ordoéiiez and Roggen 2016) has 2D convolutional layers
followed by an LSTM network. These methods are trained
end-to-end on the target datasets; and (ii) Self-supervised
learning: the Autoencoder (Haresamudram, Essa, and P16tz
2022) is trained to reconstruct the input window after being
passed through encoder and decoder layers. SimCLR (Tang
et al. 2020; Chen et al. 2020) contrasts randomly augmented
versions of the same input window whereas Enhanced CPC
(Haresamudram, Essa, and P16tz 2023) performs contrastive
training on future timesteps of sensor data. They use 1D con-
volutional encoders along with an MLP classifier for HAR.



Wrist Waist Leg
Method - -
HHAR Myogym Mobiact Motionsense = MHEALTH PAMAP2
Baselines
Conv. classifier * 5563 £2.05 3821+0.62 78.99+0.38 89.01 £0.89 4871 £2.11 59.43 +1.56
DeepConvLSTM * 5237+£2.69 3936+ 156 8236£042 84.44+044 4443 +£095 48.53 +0.98
Autoencoder + MLP classifier * 53.64 £1.04 4691 +£1.07 72.19+£0.35 83.10+0.60 40.33 £0.37 59.69 £0.72
SimCLR + MLP classifier * 5634 £ 128 47.82+1.03 7578 £0.37 87.93 £0.61 42.11 £0.28 58.38 +0.44
Enhanced CPC + MLP classifier * 59.25 + 1.31 40.87 £0.50 78.07 £0.27 89.35+0.32 53.79 +0.83 58.19 + 1.22
Natural language supervision + zero shot prediction
NLS w/ pre-training on Capture-24 31.05 1.47 16.93 38.97 11.15 10.88
NLS w/ pre-train. on train split of target data 29.05 33.30 59.09 73.36 41.72 48.36

Table 1: HAR performance of natural language supervision (NLS) [mean F1]: zero shot prediction is substantially worse
than supervised and self-supervised baselines. *: from (Haresamudram, Essa, and Pl6tz 2023) (five random classifier runs).

Dataset #classes Vocab. size Vocab. + template size
Capture-24 177 282 292
HHAR 6 9 19
Myogym 31 55 65
Mobiact 11 23 33
Motionsense 6 8 18
PAMAP2 12 16 26
MHEALTH 13 27 37
ImageNet-21k* ~19.2k 13.5k -
YFCC 14M* ~142M 24IM -

Table 2: Vocab. sizes of datasets. *: from (Shen et al. 2022)

Pre-training is performed on Capture-24 whereas the classi-
fier layers are updated during classification on target data.

Results Both end-to-end training and self-supervision
substantially outperform NLS — across datasets. In partic-
ular, NLS-based pre-training on Capture-24 and zero shot
prediction on target datasets leads to very poor performance.
This is because zero shot prediction involves no further
training on target data. Baselines perform substantially bet-
ter than pre-training on Capture-24, as they have the chance
to adapt to target conditions, by training at least some parts
of the network with target data. Similarly, pre-training on
train splits of target datasets is also much better, as the model
does not have to contend with (vastly) differing data distribu-
tions between training and testing. This leads to substantial
increases of 30-50%, yet under performing baselines. Over-
all, we find that zero shot prediction of activities for wear-
ables based HAR is difficult and less effective than exist-
ing baselines. Consequently, we conduct an analysis into the
challenges affecting the performance of NLS.

5.2 Challenges

Differences in distributions between pre-training and target
data have substantial impact on HAR performance. Such
differences are unique to wearables, where there is high di-
versity in sensors deployed, along with associated hardware
constraints and settings (Fig. 6 in the Appendix shows these
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differences for three datasets). As a result, pre-training on
Capture-24 and performing zero shot HAR on target datasets
results in substantial performance drop, because there is no
opportunity for the model to adapt to the new target data.

The resulting diversity in recorded data, even for similar
activities and movements, is referred to as ‘Sensor Hetero-
geneity’ (Koskimaki, Siirtola, and Roning 2017). This is a
challenge and it prevents the use of large-scale pre-training,
followed by zero shot prediction in diverse target conditions
without adaptation — in contrast to other domains, e.g., com-
puter vision, where this is standard practice.

NLS benefits strongly from pre-training on large datasets
containing rich and descriptive text about diverse concepts,
leading to generalization and effective zero shot prediction.
In contrast, most wearable datasets only contain activity
names, thereby limiting what the model can learn. Conse-
quently, effectively learning sensor-language joint embed-
ding spaces is difficult, as seen in Tab. 1. We summarize the
number of classes and vocab. size used for pre-training in
Tab. 2, and observe that the vocab. size is 3-4 orders of mag-
nitude smaller than for vision datasets like ImageNet-21K
(Deng et al. 2009) and YFCC-14M (Thomee et al. 2016) (as
tabulated by (Shen et al. 2022)). As such, the lack of rich text
descriptions is another challenge limiting performance.

6 Tackling NLS for HAR Challenges

Here, we detail strategies to tackle challenges in employing
NLS for sensor-based HAR.

6.1 Tackling Sensor Heterogeneity: Adapting
Projection Layers on Target Data

Self-supervised methods shown in Tab. 1 were also pre-
trained on Capture-24, yet, training classifier layers with tar-
get data enables them to perform effective HAR. Clearly,
learning / adapting at least some layers of the network (e.g.,
the classifier) on target data is necessary for usable HAR.
We propose to perform additional cross-modal contrastive
training on the train split of the labeled target data, updat-
ing the weights of only the text and sensor projection heads,
while keeping the IMU and text encoders frozen. This is
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Figure 2: Adapting projection layers increases HAR per-
formance of sensor-based NLS by 20-40%.

an established practice in multi-modal setups, as it enables
the alignment of modalities, especially when the encoders
for different modalities are already pre-trained on different
datasets (Moon et al. 2023; Verma et al. 2024). We note that
such an adaptation step, strictly speaking, violates the zero
shot setup which does not allow further training. Rather, it
resembles few-shot learning, where small quantities of an-
notated target data can vastly improve HAR.

For Fig. 2, we utilized the entire train split of target
datasets for adaptation. Consistently, we observe substan-
tial performance improvements resulting from adaptation.
HHAR, Mobiact, MHEALTH, and PAMAP2 see increases
of around 30-50%, indicating the necessity of access to tar-
get annotations, bringing NLS closer to / beyond baselines.

For scenarios where it can be impractical to collect and
annotate multiple hours of data, we also study if adaptation
with small quantities of data can be useful. To do so, we
randomly sample {2, 5,10, 25,50, 100} windows/class for
adaptation and report the performance on the test split, for
five randomized runs in Fig. 3. Clearly, adapting projecting
layers is highly advantageous, with performance increases
of 20-40% (across datasets) with just 100 labeled windows,
i.e., less than 4 minutes per activity.

6.2 Tackling Lack of Rich Activity Descriptions:
Increasing Text Diversity with LL.Ms

We propose two measures to increase text diversity, and tab-
ulate their impact in Tab. 3. For this setting, pre-training is
performed on the train split of the target datasets, whereas
the performance is reported on the test split:

(i) Additional text templates: We hand-crafted eight text
templates, and further employed ChatGPT to generate 25 ad-
ditional (similar) templates, leading to a total of 33 templates
for both pre-training and recognition. The underlying con-
tent of the sentences remains largely similar, while the activ-
ity information is presented in more diverse variations. As a
result, any resulting performance improvements indicate the
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Figure 3: Adaptation on target data: access to even small
quantities of target data (<2 min) substantially improves
performance. Full figure in the Appendix (Fig. 10).

importance of text diversity. We list the text templates in Tab.
15 in the Appendix (Haresamudram et al. 2024).

Similar to (Fan et al. 2023), we also explore further di-
versification of the activity sentences (i.e., the sentences ob-
tained after applying the template to activities) via ChatGPT,
by rewriting into 15 different variations. Consequently, each
of the 33 templates results in 15 variations per activity.
—Insight: Diversity in the text descriptions is important.
From Tab. 3, we observe that increasing diversity through
multiple text templates generally results in improved perfor-
mance. We observe only minor changes in recognition per-
formance when using the base template vs. randomly sam-
pling from the larger set. However, utilizing ChatGPT to di-
versify activity sentences results in substantial boosts in per-
formance across target datasets. For example, for Motion-
sense and HHAR, we see increases between 5-7% over uti-
lizing the base template (row 1 vs row 3 in Tab. 3).

(ii) Leveraging external knowledge about activities: Ad-
ditional context about classes, obtained through external
knowledge sources, potentially enables improved general-
ization to new concepts as they can be described using
known concepts (Shen et al. 2022). In our experiments, we
utilize ChatGPT as the source of external knowledge, and
query it to obtain the following information about activities:
(i) body parts; and (ii) description of movements required,
for performing the activities. For reference, Tab. 12 and Tab.
13 in the Appendix show external knowledge for Mobiact.
We observe that the information about body parts focuses on
the muscles such as quadriceps, etc., but places less empha-
sis on how the movements are performed. In contrast, de-
scription of the movements details the sequence of actions
more clearly, which are made using the body parts.
—Insight: External knowledge about activities improves
performance. Information about body parts and movements
used for activities generally results in increased performance
(rows 4-6 in Tab. 3). Even while using the base handcrafted
template, HHAR, Mobiact, and Motionsense, observe im-
provements of around 6-10% over the base setup. There are
further increases when randomly sampling the set of tem-
plates during pre-training (i.e., from the 33 templates), and
tuning for the best text template during activity recognition.
We also observe that information about body parts leads to



Wrist Waist Leg
# Pretrain Setup HAR Setup HHAR Myogym Mobiact Mot.sense MHEALTH PAMAP2
1 Base handcrafted template Base handcrafted template ~ 29.05 33.30 59.09 73.36 41.72 48.36
2 Randomly sample text template Best template 33.88 33.40 59.55 72.19 39.69 48.42
3 Randomly sample ChatGPT Best template 36.01 33.89 61.93 78.25 43.84 479
diversified sentences
4  Base handcrafted template +  Base handcrafted template ~ 34.73 31.54 62.77 81.00 39.61 48.78
body parts info + body parts info
5 Randomly sample text template Best template + body 36.43 32.80 65.68 82.93 40.36 51.90
+ body parts info parts info
6 Randomly sample text template Best template + 27.01 32.11 65.29 78.13 39.41 51.62

+ movement descriptions movement descriptions

Table 3: Increasing text diversity in activity descriptions: Additional information about activities leads to better outcomes.

Method Modifications HHAR Mobiact PAMAP2
NLS w/ pre-training on train split of target data - 29.05 59.09  48.36
NLS w/ pre-training on train split of target data Improved activity sentences + SLIP 50.2 63.69  51.95
objective + CLIP text encoder
NLS w/ pre-training on Capture-24 - 31.05 16.93 10.88
NLS w/ pre-training on Capture-24 + adapt. on target data - 58.63 65.22  54.80
NLS w/ pre-training on Capture-24 + adapt. on target data Improved activity sentences 63.43 65.28 54.99

Table 4: Improving sensor-language systems: Putting together findings from our exploration results in improved HAR.

more accurate HAR than the movements involved, as the
underlying description of the body parts is more distinct
across activities. Further, the addition of external knowledge
is most advantageous for waist-based datasets, which con-
tain locomotion-style activities along with transitions (in the
case of Mobiact). From Tables 1 and 3, we see that overcom-
ing the impact of Sensor Heterogeneity is more difficult than
dealing with the Lack of rich descriptions of activities, even
though Capture-24 is significantly larger than target datasets.
Overall, using train splits of target datasets for pre-training
is a better option, as LLMs can be utilized to improve text
diversity as well as a source of useful external knowledge.

7 Going Beyond HAR through NLS

In Sec. 6, we presented our experimental evaluation of NLS
for standard HAR. Here, we go beyond, by exploring alter-
natives to network components, examining how our adapted
NLS method recognizes unseen activities, and performing
cross-modal search (full details available in Sec. A.4 and
Sec. A.8 of the Appendix (Haresamudram et al. 2024)).

7.1 Improving the NLS Setup

We explore alternatives to components of the NLS setup,
in order to further improve performance: (i) IMU Encoder:
Surprisingly, using simple convolutional encoders results in
better performance than more complex ResNets; (ii) Text
Encoder: BERT (Devlin et al. 2018), RoBERTa (Liu et al.
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2019), and the CLIP Text encoder (Radford et al. 2021) per-
form better than DistilBERT, though they can have more
parameters; and (iii) Training Objective: Advancements to
the CLIP objective, e.g., allowing multiple matches between
sensor windows and sentences (UniCL (Yang et al. 2022)),
and using an additional SimCLR loss (SLIP (Mu et al.
2022)) are advantageous. SLIP is the overall best option.
Incorporating Better Alternatives: We obtain substan-
tial improvements in performance with the use of the afore-
mentioned alternatives, as shown in Tab. 4. Using the CLIP
text encoder and adding the SimCLR loss is a consistently
superior option when pre-training on the train split of tar-
get datasets. When studying adaptation on target data, using
improved activity sentences (Sec. 6.2) is also advantageous.

7.2 Recognizing Unseen Activities

A core advantage of NLS based classification is the ability
to predict classes not seen during (pre-)training. To evaluate
this capability, we utilize the protocol detailed in Sec. A.4,
where we partition datasets into 3-4 groups where the test set
contains unseen activities, which are non-overlapping across
groups. We tabulate results in Tab. 5, and present the average
of mean F1-scores obtained across groups. We also modify
the activity sentences based on the findings from Sec. 6.2.
Solely using the base template performs well across the
datasets, and is generally a good option. Incorporating ex-
ternal knowledge from ChatGPT about the body parts in-
volved is overall the best option, giving substantial increases



Wrist Waist Leg
Setup HHAR Myogym  Mobiact Mot.sense MHEALTH PAMAP2
Pre-training and HAR using the base text template 55.01 36.96 56.71 40.68 39.54 55.33
Pre-training and HAR using base text template + body 33.16 19.96 64.01 51.01 30.33 53.73
parts utilized
Randomly sample text template during pre-training, and ~ 44.82 28.85 54.46 63.86 41.13 54.02
HAR with base template + body parts utilized

Randomly sample text template during pre-training, and ~ 34.45 35.69 52.51 41.48 35.85 53.14

mean of all test sentence embeddings for HAR

Table 5: Recognizing unseen activities: We obtain improved recognition on some datasets with addition of external knowledge.

Activity class of sensor
data window

s

GT: Walking GT: Standing
XCLIP: Jogging XCLIP: JOgging

"4 i

GT: Walking GT: Standing
XCLIP: Jogging XCLIP: Jogging

GT: Climbing up
XCLIP: Sitting

GT: Running
XCLIP: Jogging

GT: Walking
XCLIP: Jogging

GT: Si

GT: Walking H g
XCLIP: Sitting

XCLIP: Jogging

: ng
XCLIP: Jogging

Figure 4: Evaluating cross modal retrieval capabilities: For four of the six activities from Motionsense, correct videos are
retrieved among top-5 matches. ‘GT’ is the ground truth label from RealWorld, whereas ‘XCLIP’ comprises predictions from
the pre-trained X-CLIP model. Full figure in the Appendix (Haresamudram et al. 2024).

throughout. Similarly, adding descriptions of movements in-
volved in activities is useful for some datasets. This is in
line with works from other domains such as computer vi-
sion (Shen et al. 2022), where auxiliary information about
the classes (e.g., specific birds having red feathers) typi-
cally results in performance increases under zero shot con-
ditions. While natural language supervision for wearables-
based HAR has challenges, the ability to perform zero shot
prediction is a big plus for practical wearable systems.

7.3 Cross Modal Retrieval of Videos

We investigate whether we can use the text encoder from
a pre-trained video-language model (X-CLIP (Ma et al.
2022)) for contrastive training with sensor data, and sub-
sequently retrieve similar videos from a different dataset,
i.e., perform search. We evaluate on the RealWorld dataset
(Sztyler and Stuckenschmidt 2016), which contains videos
for locomotion-style activities, e.g., sitting, jogging. For
sensor-language pre-training, we use the X-CLIP text en-
coder and the Motionsense dataset. We compute cosine sim-
ilarity between sensor and video embeddings, and show the
5 closest video matches in Fig. 4 for a random window per
activity in Motionsense (for details, see Sec. A.4).

For four classes—Walking up the stairs, Walking, Running,
and Sitting—the correct video is retrieved among the top five
matches. On the other hand, the Standing and Sitting have
many incorrect matches, usually with other static activities,
where even supervised methods are routinely confused. Pre-
dictions by X-CLIP are often incorrect (despite being trained
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on large scale and diverse video-text datasets), and, conse-
quently, the closest matches obtained after sensor-language
training can also have reduced accuracy. In summary, this
experiment shows that NLS aids in cross modal retrieval of
videos, even though both sensor as well as the video en-
coders were not trained on same datasets.

8 Summary and Conclusion

We explored whether natural language supervision (NLS)
can be employed for zero shot prediction of activities from
sensor data in the typically promised plug-and-play man-
ner. We found that this is a very challenging endeavor and
identified its two primary causes: Sensor heterogeneity, and
the Lack of rich, diverse text descriptions of activities. Sen-
sor heterogeneity causes HAR in diverging target condi-
tions to be poor. To tackle this, we proposed to use small
amounts of labeled target data for adaptation. To increase
diversity in activity descriptions, we explored augmenta-
tion and incorporating external knowledge from pre-trained
LLMs. Both strategies resulted in substantial improvements.
While sensor-language modeling does not outperform state-
of-the-art supervised and self-supervised training for some
datasets, its additional capabilities, like recognizing unseen
activities and performing cross-modal search, are clearly ad-
vantageous for real world scenarios. Our solutions result
in improved sensor-language learning, paving the way for
foundational models of human movements.
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