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ABSTRACT

Wearable sensors have become ubiquitous thanks to a variety of health tracking
features. The resulting continuous and longitudinal measurements from everyday
life generate large volumes of data. However, making sense of these observa-
tions for scientific and actionable insights is non-trivial. Inspired by the empirical
success of generative modeling, where large neural networks learn powerful rep-
resentations from vast amounts of text, image, video, or audio data, we investigate
the scaling properties of wearable sensor foundation models across compute, data,
and model size. Using a dataset of up to 40 million hours of in-situ heart rate,
heart rate variability, accelerometer, electrodermal activity, skin temperature, and
altimeter per-minute data from over 165,000 people, we create LSM, a multimodal
foundation model built on the largest wearable-signals dataset with the most ex-
tensive range of sensor modalities to date. Our results establish the scaling laws of
LSM for tasks such as imputation, interpolation and extrapolation across both time
and sensor modalities. Moreover, we highlight how LSM enables sample-efficient
downstream learning for tasks including exercise and activity recognition.

1 INTRODUCTION

Wearable devices that monitor physiological and behavioral signals have become ubiquitous. In-
creasing evidence suggests that these devices can significantly contribute to promoting healthy be-
haviors (Ringeval et al., 2020), detecting diseases (Yang et al., 2022), and enhancing the design and
implementation of treatments (Munos et al., 2016). These devices generate large volumes of con-
tinuous, longitudinal, and multimodal data. However such wearable time-series data can be difficult
for consumers and experts to interpret. To this end, algorithms have been developed to translate
time-series sensor data into human-readable representations, such as step counts and heart rates.

Historically, such algorithms for wearable sensors have relied on supervised, discriminative models
designed to detect specific events or activities (Lubitz et al., 2022). This approach faces several sig-
nificant limitations. First, the limited volume and severe data imbalance of labeled events results in
large amounts of valuable unlabeled data being left unused. Second, supervised models are typically
trained for a single task (e.g., classification), producing representations that may not generalize well
to other tasks. Third, training data is often collected from small study populations (usually involving
only tens or hundreds of participants), leading to a lack of diversity in the data.

Self-supervised learning (SSL) using generic pretext tasks (Noroozi et al., 2017; Caron et al., 2018;
Yang et al., 2023) can yield versatile representations that are useful for a wide range of downstream
applications. SSL allows for the use of a much larger proportion of available data without being
restricted to labeled data regions (e.g., a limited number of subjects who self-report labels for exer-
cises/activities). These advantages have motivated efforts to apply similar training strategies to build
models from large volumes of unlabeled wearable data (Adaimi et al., 2024; Thapa et al., 2024; Yuan
et al., 2024; Abbaspourazad et al., 2023) (see Table 1 for a summary).

Building on this, the empirical and theoretical success of scaling laws in neural models (Kaplan et al.,
2020; Bahri et al., 2024) suggests that model performance improves predictably as compute, data,

* Work done during an internship at Google.
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Figure 1: Scaling Foundation Models on Wearable Data. Self-supervised pretraining enhances
the performance of models trained on wearable sensor data. (A) We present a systematic scaling
analysis of sensor models using up to 40 million hours of multimodal data from over 165,000 people.
(B) Using a random masking pretext task, we evaluate on tasks of imputation, forecasting, and
downstream classification. (C) Experiments show scaling compute, data, and model size are all
effective. Scaling, in this figure, is shown on the random imputation task.

and model parameters increase. These findings raise a critical research question: Do scaling laws
apply to models trained on wearable sensor data? We aim to investigate whether the principles
that drive the scaling of neural networks in domains like language and vision also extend to large-
scale, multimodal wearable sensor data. Understanding how scaling manifests in this context could
not only shape model design but also enhance generalization across diverse tasks and datasets.

In this paper, we present the results of our scaling experiments on the largest and the most diverse
wearable dataset published to date, comprising up to 40 million hours of multimodal sensor data
from over 165,000 users (Fig. 1). Leveraging this data, we train a foundation model, referred to as
the Large Sensor Model (LSM), which is designed to capture generalizable representations across
diverse populations, wearable sensor modalities, and downstream tasks. We demonstrate the scaling
properties of LSM with respect to compute, data size, and model parameters, leading to substantial
performance gains on generative imputation, interpolation, and extrapolation, as well as on down-
stream discriminative tasks. Our contributions can be summarized as follows:

• Implementation of the largest study to date on the scaling of sensor models, encompassing 40 mil-
lions hours, over 165,000 users, and multiple sensor modalities, including photoplethysmography
(PPG), accelerometer, electrodermal activity (EDA), skin temperature, and altimeter signals.

• Identification of key strategies for training large-scale wearable sensor foundation models (LSM),
and the scaling properties of LSMs with respect to compute, data size, and model parameters.

• Demonstration of LSM’s ability to impute, interpolate, and extrapolate across temporal and sensor
modalities, with a particular focus on generalization to unseen users.

• Verification that the LSM learned representations can be applied to downstream classification tasks,
such as exercise and activity recognition, using ecologically valid, user-annotated events.

2 RELATED WORK

Sensor Foundation Models. Recent advances have demonstrated improved accuracy, robustness,
and generalizability of models for sensor data by utilizing self-supervised pretraining on large-scale
corpora of behavioral and physiological signals. Existing sensor foundation models primarily lever-
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Table 1:Comparisons of Studies on Wearable Sensor Foundation Models.
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Adaimi et al. (2024) 0.05 0.20 7 7 3 7 7 7 3
Abbaspourazad et al. (2023) 141 400 3 3 7 7 7 7 7

Yuan et al. (2024) 100 15,700 7 7 3 7 7 7 7

LSM(Ours) 165 40,000 7 3 3 3 3 3 3

ECG: Electrocardiography,PPG: Photoplethysmography,ACC : Accelerometer,
SCL : Skin Conductance Level,TMP: Skin Temperature,ALT : Altimeter

age contrastive learning, creating positive and negative data pairs. Yuan et al. (2024) employ time
domain augmentations (e.g., reversal, warping, permutation) to formulate the SSL task for motion
data. Abbaspourazad et al. (2023) adopt a similar strategy, incorporating Gaussian noise, time and
magnitude warping, and channel swapping. Thapa et al. (2024) generate data pairs using different
sensory modalities. Most recently, RelCon (Xu et al., 2025) extends these ideas to show the utility
of a relative contrastive loss in building a model more robust to false negatives and positives. In con-
trast, we focus onmasked input modelingdue to its generative capabilities and explore the resulting
properties when scaling compute, data, and model size. Compared to prior work we consider more
sensor inputs, a larger data sample, and systematically investigate scaling laws (Table 1).

Time-Series Foundation Models.Wearable sensor data typically takes the form of multivariate
time-series signals. Historically, time-series models such as TiDE (Das et al., 2023), PatchTST (Nie
et al., 2023), and TimesNet (Wu et al., 2023) have focused on tasks such as anomaly detection, and
single target forecasting and imputation in speci�c domains such as energy use, transportation, �-
nance, and climate. More recently, models such as TimesFM (Das et al., 2024), Chronos (Ansari
et al., 2024), and MOMENT (Goswami et al., 2024) have shown the utility of self-supervised pre-
training in building representations that better generalize to diverse applications. Recent works have
also explored the potential of language foundation models to zero-shot reason on temporal data (Liu
et al., 2023; Merrill et al., 2024), and to bootstrap time-series models (Zhou et al., 2023). Despite
these advances, signals from disparate domains may exhibit considerably different properties. As
such, we focus our exploration of generalist models in thewearable sensordomain.

Scaling Laws in Deep Learning.The scaling of computational resources, data volume, and model
size has driven remarkable advances in deep learning (Zhai et al., 2022; Kaplan et al., 2020; Xie
et al., 2023). Recent investigations indicate that testing loss follows a power law relationship with
each of these three resources when the other two are held constant (Kaplan et al., 2020). Power
law behavior has been observed across various domains, including large language models (Kaplan
et al., 2020), large vision models (Zhai et al., 2022), transfer learning (Hestness et al., 2017), and
multimodal models (Aghajanyan et al., 2023). In this work, we further this research direction and
investigate the scaling behavior of models trained with multimodalwearable sensordata.

3 DATA FOR WEARABLE FOUNDATION MODELS

3.1 SENSORDATA AND PROCESSING

Fitbit Sense 2 and Pixel Watch 2 have �vesensorsof highest relevance to this work: photoplethys-
mography, accelerometer, skin conductance, skin temperature, and altimeter/pressure sensors. From
these input signals we compute a set of 26signals(features), as described in Table 18 of Appendix G.
Raw sensor data is not stored at this scale as it would impact the battery life and memory on the de-
vice. Thus, we focus on one-minute resolution signals (see Appendix G for additional discussions).

PPG Photoplethysmography. A validated algorithm (Nissen et al., 2022) is used to extract heart
rate (HR) once per second via PPG. The per-minute HR data was calculated by taking the mean of
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the interpolated, per-second data across non-overlapping one-minute windows. An on-device peak
detection algorithm identi�ed PPG-based R-wave peaks from which RR intervals were calculated.
RR intervals are susceptible to noise from multiple sources, including movement, electronic noise,
and missed heartbeats. To account for noise, outliers were removed using a sliding 5-minute window
median-�lter (Natarajan et al., 2020). The percentage of valid RR intervals for the 5-minute window
is then calculated. Nine standard heart rate variability (HRV) metrics (Shaffer & Ginsberg, 2017)
are calculated every minute over a sliding 5-minute window: RR 80th percentile, RR 20th per-
centile, RR median, RR mean, RR Shannon Entropy, RR differences Shannon Entropy, percentage
of RR intervals greater than 30ms (PNN30), root mean squared difference of RR intervals, standard
deviation of RR, and a boolean indicator of whether the optical sensor was on the wrist.

ACC Accelerometer. Ten signals are extracted from the 3-axis accelerometer: jerk, steps, ac-
celerometer log energy, covariance, log energy ratio, the mean and standard deviation number of
zero crossings, arm-tilt, kurtosis, and sleep coef�cient. These signals are extracted by converting the
3-axis accelerometer to root mean squared magnitude (1D) and applying a high-pass �lter (HPF) to
the remove the DC component. In parallel, the 3-axis accelerometer signal is put through a second-
order band-pass �lter (BPF) and the principal component of the �ltered 3-axis signal covariance
matrix is calculated and updated every 25 seconds. Jerk is a measure based on the time-derivative
of the acceleration calculated from the principal component. It is the logarithm of the ratio of the
absolute of the t=1 autocorrelation lag over the t=0 autocorrelation lag. Steps is a per-minute count
of steps taken calculated based on a machine learned classi�er. Log energy is the logarithm of the
sum of the squared HPF signal over the window. Covariance is the log of the condition number of
the acceleration covariance matrix. Log energy ratio is the logarithm of the ratio of energy computed
from principal-component over the magnitude of the HPF signal. Zero-crossings are the number of
crossings in the principal component. Mean and standard deviation are calculated from the sample
window. Arm tilt is the log of mean square root of squared X and Z axes. Kurtosis is calculated from
the BPF signal. Each of these features is originally computed every 51 seconds and then resampled
to a minutely resolution. Sleep coef�cient is calculated as the sum of the 3-axes max-min range and
binned into 16 log scaled bins before being input into a classi�er to predict sleep probability.

SCL Skin Conductance. The electrodermal activity (EDA) sensor is used to infer sympathetic
arousal via changes in micro-sweat levels, a physiological response to stress. Two electrodes on
the back of the device measure changes in skin conductance level (SCL), which varies with skin
moisture levels. SCL data is sampled at 200 Hz, downsampled to 25 Hz via a boxcar �lter, and
smoothed with a 5-minute median low-pass �lter (McDuff et al., 2024). Per-minute tonic SCL slope
and magnitude are then calculated. Due to the nature of the sensing mode operation, SCL data is
only collected during non-exercise wake-periods.

TMP Skin Temperature. A temperature sensor located near the wrist-facing surface of the device
takes measurement every 10 seconds. Per-minute slope and magnitude values are calculated via
linear regression. Skin temperature signals are available whenever EDA signals are available.

ALT Altimeter. The standard deviation of the altimeter (pressure sensor) measurements.

All sensor signals were globally normalized (z-score) to remove differences in magnitude due to dif-
ferent units of measurement. As the masked autoencoder cannot process missing data, we imputed
minutes that had missing values. Within each 300-minute window, missing data between valid data
points was linearly interpolated, and leading missing minutes were back�lled.

3.2 BUILDING A L ARGE SCALE PRETRAINING SENSORDATASET

To build the large dataset for our experiments we sampled wearable data from 165,090 subjects
during the period January 1st 2023 to July 2nd 2024. The subjects wore Fitbit Sense 2 or Google
Pixel Watch 2 devices and consented for their data to be used for research and development of new
health and wellness products and services. We sub-selected individuals wearing one of these devices
as older device generations included fewer sensors. The subjects were asked for self-reported sex,
age and weight. Table 2(a) summarizes the characteristics of the pretraining data. All data were
de-identi�ed and not linked with any other information. To create a dataset that maximized the
number of subjects we randomly sampled 10 5-hour windows of data from each subject, for a total
of 8 million hours (6.6 million pretrain hours, 1.7 million test hours). We explore the extremes
of data scaling by experimenting with a subject-imbalanced 40 million hour pretraining dataset
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Table 2:Details of the Datasets.Summary of the demographic composition of our pretraining set
and class distribution of our downstream set samples.

(a) Demographics of the Pretraining Set.

Category # People %

Sex Female 110,780 67.1%
Male 53,895 32.6%

Not Speci�ed 415 0.3%
Age 18-39 55,653 33.7%

40-59 75,627 45.8%
60-79 32,251 19.6%
� 80 1,548 0.9%

Not Speci�ed 11 0.0%
BMI Healthy (< 25) 57,015 34.6%

Overweight (25-30) 52,950 32.1%
Obese (� 30) 54,727 33.1%
Not Speci�ed 398 0.2%

Total 165,090 100%

(b) Class Distribution of the Downstream Set.

Class # Training # Testing

Exercise 3,272 671
Non-Exercise 6,195 1,329

Total 9,467 2,000

Biking 1,191 412
Elliptical 152 49

High Intensity Training 332 104
Strength Training 229 425

Swimming 2,332 441
Running 1,860 315
Walking 7,607 1,418

Weightlifting 669 98
Total 14,372 3,262

(Appendix C.1). Note that these datasets are comprised of wearable data from daily-living, including
diverse timestamps and a range of life events, and are not biased toward speci�c events or activities.

The dataset was split 80-20, based on subjects, into train-test splits (132072 subjects in training,
33018 subjects in testing) as described in Table 2(a). We then created several “slices” of the training
set to conduct the scaling experiments. The test set remains identical throughout all experiments. In
the “sample-scaling” experiments we shuf�ed the training data and tookN samples per experiment.
In the “subject-scaling” experiments we grouped the training data by subject identi�er and took all
samples fromM subjects per experiment.

4 SENSORMODELING TASKS

4.1 GENERATIVE TASKS

We posit that de�ning generative tasks in the training of wearable sensor models may not only
result in learned representations that are useful for downstream classi�cation tasks, but also produce
models that can impute missing or incomplete data (interpolate) and extrapolate future sensor values
(forecast). To train the model and to test these capabilities we de�ne several tasks (see Fig. 2).

Random Imputation. Our primary pretext task involves removing patches randomly from the input
sample across the time-axis and signal-axis. During training this requires the model to infer missing
values and make predictions based on the partial input.

Temporal Interpolation. Sensor inputs can be missing for a number of reasons. Devices need to
be removed from the wrist for charging, and certain sensors might be turned off for periods to save
on battery life (McDuff et al., 2024). Interpolation of sensor data is an important and necessary step
for many algorithms. In this task we test the model's ability to �ll gaps in the data where all sensor
data is missing for a period of time, usually between two observations.

Sensor Imputation. Sensor imputation refers to the process of inferring a subset of partially miss-
ing sensor-streams, from other continuously online sensing modalities. By leveraging correlations
between different physiological signals, sensor imputation ensures that insights can be derived even
when some sensor modalities are absent, enhancing the overall versatility and capabilities of multi-
sensor systems. Under the constraints of hardware limitations (battery, wireless connectivity, etc.),
sensor imputation can enable the delivery of more realistic metrics to the user (e.g., step count,
average resting heart rate) even if when sensors are not continuously online.

Temporal Extrapolation (Forecasting). A more challenging task than interpolation is extrapo-
lation of sensor values forward in time. Temporal extrapolation involves predicting future sensor
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Figure 2:GenerativeLSMTasks and Pretraining. We de�ne four distinct generative tasks: random
imputation, temporal interpolation, signal/sensor imputation, and temporal extrapolation (forecast-
ing). Random imputation was empirically chosen as the pretraining task.

measurements. The ability to anticipate future physiological states based on current and histori-
cal data has applications in areas such as health interventions, where extrapolation can be used to
schedule recovery times, detect early signs of fatigue, predict wake-up times, and detect anoma-
lies. Accurate signal extrapolation is a key task that can empower wearable devices to provide more
just-in-time, proactive, and personalized health recommendations.

4.2 DISCRIMINATIVE TASKS

Discriminative tasks focus on classifying or identifying speci�c activities, states, or conditions based
on sensor data. These tasks are essential for translating raw sensor inputs into actionable, personal-
ized, and relevant feedback. The corresponding datasets are split 80-20 into user-strati�ed train-test
splits unless otherwise speci�ed. Two exemplary tasks are considered here. Additional discrimina-
tive tasks (sex, binned age, and subject dependent mood) and results can be found in Appendix C.7.

Activity Recognition. Activity recognition is the process of classifying different user activities such
as biking, running, or walking, based on the patterns detected in sensor data. This allows wearable
devices to monitor daily routines accurately, providing insights into �tness levels, activity trends,
and overall health. Effective activity recognition enables applications like �tness tracking, lifestyle
monitoring, and personalized coaching. Our dataset includes eight user-labeled activities:Biking,
Elliptical, High-Intensity Interval Training (HIIT), Strength Training, Swimming, Running, Walking,
andWeightlifting. The activity event labels are self-reported by users post hoc.

Exercise Detection. Exercise detection identi�es when a user is exercising, enabling real-time
feedback and performance tracking. This task involves recognizing exercise events from continuous
sensor data, allowing devices to log workout sessions, track progress, and provide personalized
recommendations. Additionally, detecting exercise unlocks related experiences, such as identifying
exercise types, marking session start times, or tracking post-exercise feedback. We developed a
dataset with windows of user-labeled exercise and non-exercise events (see Table 2(b)). The exercise
event labels are based on self-reported activity labels.

5 EXPERIMENTS& RESULTS

5.1 TRAINING PROCEDURES

We pretrain our wearable foundation models on a diverse collection of multimodal sensor data. Each
sample is processed as a two-dimensional matrix of 26 signals by 300 minutes (see Fig. 2). Our pri-
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Figure 3:Scaling Performance ofLSM. We show performance ongenerative tasksacross varying
data and model sizes.LSMbegins to saturate at approximately107 hours of data. The effects of
scaling are more pronounced in imputation, interpolation, and extrapolation tasks. Results indicate
that as model size increases, signi�cantly larger data volumes are required to prevent over�tting.

mary pretraining objective is to optimize the masked signal reconstruction loss (i.e., mean squared
error), averaged over randomly masked patches from the input matrix (He et al., 2022). The primary
performance metric is the mean squared error on the held-out test set, evaluated across all the nor-
malized signals. We employ a masked autoencoder (MAE) due to its ability to handle multitarget
generative tasks like forecasting and interpolation, and discriminative tasks such as activity recogni-
tion, unlike traditional time-series models that focus on single-target prediction (Ansari et al., 2024).
Furthermore, MAE gracefully handles missingness which is inherent in wearable data. MAE has
proven effective in pretraining and scalable learning across domains (Huang et al., 2022; Xie et al.,
2023), which aligns with our focus on establishing scaling laws in the wearable data domain.

We pretrain our models on Google v5e TPUs with a total batch size of 4,096 across 50,000 training
steps. The training process uses the AdamW optimizer with a base learning rate of5e� 3 and weight
decay set to1e � 4. A linear warm-up schedule is applied for the �rst 2,500 steps, followed by a
cosine learning rate decay to zero. All pretraining experiments use an 0.8 masking ratio (masking
out random patches that cover 80% of the total input signals). Additional details on implementation
and hyperparameters can be found in Appendix E.

5.2 RESULTS& D ISCUSSION

Do Scaling Laws Apply to Wearable Data?We present the Pareto front of the downstream recon-
struction loss as a function of resource scaling (compute, data size, model size) (Fig. 1(c)). Over
multiple orders of magnitude, the relationship between the scaled resource and performance follows
a power-law (L = aCb), resulting in a near-linear trend on the log-log plot. Similar to behavior
observed for scaling language (Henighan et al., 2020) and vision models (Zhai et al., 2022), we
observe saturation, where the loss does not asymptotically approaches zero; we therefore include an
additive constantc to model this effect:L = aCb + c.

We highlightcompute scalingacross data and model sizes in Fig. 1(c), and �nd that though effective,
even the largest model, trained with the largest data volume, experiences some saturation effect.
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(a) Scaling Subjects (b) Scaling on Downstream Tasks (c) Learning Ef�ciency

Figure 4:Analysis on ScalingLSM. (a) Performance improves with both scaling subject count and
data hours, with longer durations yielding additional gains (additional insights in Section 5.2).(b)
Data scaling on discriminative tasks with ViT-110M.(c) Larger models are more sample ef�cient.

We illustratedata scalingacross various model sizes (Fig. 3(a)). Performance improves monoton-
ically to approximately105 data hours, beyond which the rate of improvement diminishes, partic-
ularly around107 hours. We validated that scaling beyond107 hours yields minimal bene�ts by
training with 40 million hours (see Appendix C.1). Consequently, results in Table 3 are pretrained
with 6.6 million hours of data. Larger models, especially the ViT-110M, continue to bene�t from
data scaling, showing substantial gains when training on over 1 million hours of data. These obser-
vations underscore the large data requirements needed to fully exploit the capacity of larger models,
which are far greater than those required by smaller models. A similar trend is observed in discrimi-
native tasks (Fig. 4(b)). We further note that these trends are based on minutely aggregated wearable
data; raw sensor signals are traditionally collected at substantially higher sampling frequencies and it
is possible that feature extraction on more �ne-grained sensor data may require even larger models.

Model scalingresults as a function of data size demonstrate that as both model size and dataset size
are scaled, suf�cient data is essential to prevent over�tting (Fig. 3(b)). Models trained on smaller
datasets exhibit limited generalization capacity, whereas scaling up to108 parameters results in
signi�cant gains in test loss and generative zero-shot performance. These �ndings highlight the
need to align model size with adequate data to fully leverage the model's representational power.
Our experiments also show larger models are more sample ef�cient as illustrated in Fig. 4(c).

By scaling compute, data, and model size together,LSMachieves improvements of 16% to 23%
in temporal interpolation MAE and 20% to 21% in extrapolation MAE across �ve time durations
as compared to the best baseline method (Table 3(a)). Additionally,LSMoutperforms baselines in
exercise detection and 8-class activity recognition improving upon the supervised baseline by 27%
and 29% in accuracy and 57% and 54% in mAP, as detailed in Table 3(c). Such baseline approaches
are commonly used by existing sensor algorithms (Gershon et al., 2016; van Rossum et al., 2023).
More scaling results can be found in Appendix C.

Is Scaling Subjects or Wearable Data Hours per Subject More Helpful?Fig. 4(a) demonstrates
that both scaling strategies are equally important, though a minor bene�t is observed using additional
per-subject data, especially when the total data-volume is low. One possible hypothesis to explain
this effect is that the diversity of activities per-subject (as re�ected by increased hours per-subject)
plays a crucial role. Alternatively, inter-subject diversity may become more important when learn-
ing representations for longer context windows (e.g., days or weeks as opposed to hours). While
additional subject-hours are crucial for capturing intra-subject variability, increasing the number of
subjects introduces valuable inter-subject diversity. Therefore, scaling both dimensions, subjects
and hours, are essential and valid strategies to fully leverage the model's capacity and realize gains.

Can Wearable Foundation Models Impute the Past and Predict the Future?As shown in Fig. 3,
scaling laws apply to imputation, interpolation, and extrapolation tasks, with larger models and more
data resulting in improved performance. The utility ofLSMis further emphasized in Table 3(a).
However, despite these quantitative gains, the qualitative results in Fig. 11 of Appendix C.6 reveal
that these tasks remain highly challenging. Imputing large portions of missing data, especially over
extended time intervals, often leads to degraded accuracy, with performance deteriorating as the
missing data window increases. Similarly, extrapolation further into the future (e.g., several hours
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Table 3:Comparisons ofLSMand Baseline Methods on Generative and Discriminative Tasks.

(a) Generative Task Results.

Task + Method Error (MAE / MSE)

Temporal Interpolation 10 mins 20 mins 30 mins 60 mins 120 mins

MEAN 0.36 / 0.42 0.36 / 0.43 0.37 / 0.44 0.38 / 0.46 0.39 / 0.49
MICE 0.36 / 0.42 0.36 / 0.43 0.37 / 0.43 0.38 / 0.45 0.39 / 0.48
NEARESTNEIGHBOR 0.21 / 0.29 0.26 / 0.37 0.28 / 0.42 0.33 / 0.51 0.38 / 0.62
L INEAR INTERP. 0.19 / 0.23 0.23 / 0.30 0.26 / 0.34 0.30 / 0.42 0.36 / 0.51
LSM(MAE) 0.16/ 0.14 0.19/ 0.18 0.20/ 0.21 0.24/ 0.26 0.29/ 0.33

GAINS OVER INTERP. +16% / 39% +17% / 40% +23% / 38% +20% / 38% +19% / 33%

Temporal Extrapolation 10 mins 20 mins 30 mins 60 mins 120 mins

MEAN 0.48 / 0.66 0.48 / 0.65 0.47 / 0.65 0.47 / 0.64 0.45 / 0.64
MICE 0.48 / 0.66 0.48 / 0.66 0.47 / 0.65 0.47 / 0.65 0.45 / 0.64
NEARESTNEIGHBOR 0.35 / 0.52 0.40 / 0.62 0.43 / 0.68 0.47 / 0.76 0.48 / 0.81
L INEAR INTERP. 0.35 / 0.52 0.40 / 0.62 0.43 / 0.68 0.47 / 0.76 0.48 / 0.81
LSM(MAE) 0.28/ 0.31 0.32/ 0.37 0.34/ 0.40 0.37/ 0.44 0.38/ 0.47

GAINS OVER INTERP. +20% / 40% +20% / 40% +21% / 23% +21% / 31% +21% / 27%

Sensor Imputation 10 mins 20 mins 30 mins 60 mins 120 mins

MEAN 0.36 / 0.42 0.36 / 0.43 0.37 / 0.43 0.38 / 0.45 0.39 / 0.49
MICE 0.30 / 0.33 0.30 / 0.36 0.31 / 0.38 0.33 / 0.46 0.37 / 0.61
NEARESTNEIGHBOR 0.21 / 0.29 0.26 / 0.37 0.28 / 0.42 0.33 / 0.51 0.38 / 0.62
L INEAR INTERP. 0.19 / 0.23 0.23 / 0.30 0.26 / 0.34 0.30 / 0.42 0.36 / 0.51
LSM(MAE) 0.15/ 0.11 0.15/ 0.12 0.16/ 0.13 0.17/ 0.15 0.19/ 0.17

GAINS OVER INTERP. +21% / 52% +35% / 60% +38% / 62% +43% / 64% +47% / 67%

(b) Exercise Detection.

Pretrain Probe/FT Acc. mAP

- RAND . FOREST 73.0 76.8
- LOGISTIC REG. 72.4 67.3
- SUPERVISED 70.9 61.7
MSN Linear Probe 67.6 60.0
DINO Linear Probe 66.0 57.0
SIM CLR Linear Probe 66.5 51.5
LSM(MAE) Linear Probe 84.7 89.0
MSN Fine-tune 76.7 74.6
DINO Fine-tune 78.2 80.3
SIM CLR Fine-tune 74.9 66.6
LSM(MAE) Fine-tune 90.3 97.0

GAIN OVER SUPERVISED +27% +57%

(c) Activity Recognition.

Pretrain Probe/FT Acc. mAP

- RAND . FOREST 56.5 43.1
- LOGISTIC REG. 60.4 39.3
- SUPERVISED 53.2 33.4
MSN Linear Probe 44.6 24.0
DINO Linear Probe 50.3 26.0
SIM CLR Linear Probe 45.3 20.8
LSM(MAE) Linear Probe 49.4 24.6
MSN Fine-tune 62.5 43.4
DINO Fine-tune 66.2 46.3
SIM CLR Fine-tune 67.3 46.0
LSM(MAE) Fine-tune 68.5 51.4

GAIN OVER SUPERVISED +29% +54%

All neural methods, including the supervised method, utilize a ViT-Base (110M) backbone. Relevant methods are pretrained
with 6.6 million hours of data. In the sensor imputation task, we randomly mask 67% of the sensor modalities.
MICE (Van Buuren & Groothuis-Oudshoorn, 2011), Random Forest (Breiman, 2001), MSN (Assran et al., 2022),
DINO (Caron et al., 2021), SimCLR (Chen et al., 2020), MAE (He et al., 2022).

ahead) introduces signi�cant uncertainty, making it dif�cult to predict �ne-grained physiological or
behavioral patterns. These �ndings suggest that while scaling helps improve generative capabilities,
substantial challenges remain, particularly in handling long-range dependencies and large data gaps.

Are Wearable Foundation Models Label Ef�cient on Discriminative Tasks? Our experiments
on probing, �ne-tuning, and few-shot learning for activity indicate that wearable foundation models
are highly label ef�cient. As shown in Table 3(b), 3(c), and Appendix Table 14, the performance
of the �ne-tunedLSMconsistently outperforms supervised baselines. A confusion matrix of the best
performing model is shown in Fig. 7 of the Appendix. As shown in Table 11 of Appendix C.2,
even in the low-data regime (e.g., 5-shot, 10-shot), these models demonstrate strong generalization
capabilities, achieving signi�cantly lower error rates compared to models trained from scratch or
with limited supervision. As the number of labeled examples increases, the performance gap widens,
with foundation models leveraging pretraining to more effectively transfer learned representations
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to downstream tasks. t-distributed Stochastic Neighbor Embeddings (t-SNE) plots illustrating the
impact of pretraining on more data and �ne-tuning are shown in Appendix C.4 (Fig. 8).

Why did Models Saturate? Our experiments indicate promising opportunities in scaling wearable
sensor models but also highlight several unresolved questions. Notably, we observe saturation in
scaling laws with a dataset size of107 hours and model sizes near 100M parameters. We attribute
this to three factors: (1) The current pretraining task may not be suf�ciently scalable. For example, it
is possible that vision-domain methods are ill-suited to fully leverage sensor data, or that a decoder-
only approach may outperform reconstructing masked inputs. (2) The dataset construction lacks
suf�cient challenge, and extending the sensor context window from 5 hours to a day or even a
week could introduce more complexity that enables the model to learn longer time dependency
relationships. (3) Our data cleaning process was minimal, and increasing data diversity, akin to
large-scale language model training, could signi�cantly enhance model generalization. For example,
while our dataset spanned all four seasons, there was an imbalance in temporal coverage, with two
years of data from January to June but only a single year from July to December. This uneven
distribution could bias the model towards activities more common in the earlier part of the year.

Additional Information. Additional results of model design choices are presented in Appendix A.
Additional related work is highlighted in Appendix B. Qualitative examples of signal and embedding
are provided in Appendix C.4 & C.6. Discussions regarding scalingLSMto the edge, contextualizing
large sensor models, and the utility of physiological proxy tasks can be found in Appendix D.

6 LIMITATIONS & FUTURE WORK

A key characteristic of wearable sensor data is its inherent missingness. Handling missing data in
both pretraining and downstream tasks remains an open question. While we used imputation for
this study, a more principled approach would involve designing models that naturally account for
missing data without introducing imputation biases. The nature of missing data in wearable sensors
often correlates with real-world events (e.g., charging the device, loose �tting), which can mean that
data is missing not at random (MNAR). We recognize our study does deeply investigate the various
types of missingness in wearable data; understanding these factors and designing methods to handle
them robustly remains an important direction for future work. Lastly, we acknowledge the lack of
comprehensive evaluation on more discriminative tasks and diverse sets of wearable devices. Future
work will expand the dataset to include a broader range of classi�cation and regression tasks across
different dataset sources and devices.

We acknowledge that creating generic input representations for data from different sensors, each
with unique properties, is challenging. This motivated our choice to build the model on minutely
features derived from raw sensor data, which inherently vary in sampling rates. These features can
be similarly derived from a wide range of sensors, making the inputs somewhat device-agnostic.
However, wearable signals in their raw form (e.g., 120Hz accelerometer values) often exhibit strong
periodicity, which is not retained in the aggregated minutely features. As a result, we focused on
time-domain representations for our inputs, but we acknowledge that this approach may not fully
leverage the �ne-grained temporal or spectral characteristics of raw signals, potentially limiting
generalization across diverse modalities and resolutions. We acknowledge that the 5-hour window
represents a trade-off, balancing the complexity needed for pretraining with the temporal speci�city
required for downstream tasks. Future work will explore task-speci�c window sizes, re�ned mask-
ing strategies to better align with the temporal characteristics of downstream events, and the ability
of these models to generalize across wearable devices with varying sensor capabilities.

7 CONCLUSION

We presentLSM, a large multimodal foundation model trained on up to 40 million hours of wearable
sensor data from over 165,000 individuals, establishing scaling laws for sensor models.LSMim-
proves performance across generative tasks and discriminative tasks. Our results demonstrate that
scaling data, model size, and compute leads to substantial gains in generalization and ef�ciency.LSM
highlights the potential of scaling wearable sensor models for real-world health applications.
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APPENDIX

A M ODEL DESIGN CHOICES AND ABLATIONS

We perform ablations on the con�gurations used for our masked autoencoderLSMdesign. Following
the convention of previous works (He et al., 2022; Huang et al., 2022), we explore masking ratio,
masking strategies, patch sizes, and model sizes. Uniquely, we explore the ordering of sensor sig-
nals, as these signals do not share the same explicit ordered dependencies as exist in images and
audio spectrograms. We employ random masking, a 0.8 masking ratio, ordered sensor signal order,
a patch size of 10x5, and aLSM-Base (110M) backbone, unless otherwise speci�ed.

A.1 SELECTING A MASKING RATIO

Selecting the appropriate masking ratio is critical for ensuring effective representation learning in our
sensor MAE training. We explore different masking ratios, ranging from 30% to 90%, to evaluate
their impact on reconstruction quality and model generalization. We �nd that a masking ratio of
80% yields the best performance on temporal interpolation and extrapolation as shown in Table 4.

Table 4:Ablation Study of Masking Ratios.

Mask Ratio Interpolation 60 mins Extrapolation 60 mins

MAE MSE MAE MSE

0.3 0.29 0.31 0.38 0.47
0.4 0.35 0.39 0.38 0.45
0.5 0.25 0.27 0.39 0.46
0.6 0.44 0.57 0.38 0.45
0.7 0.40 0.51 0.37 0.44
0.8 0.24 0.26 0.37 0.44
0.9 0.31 0.33 0.40 0.49

A.2 SELECTING A MASKING STRATEGY

To train a wearable foundation model effective for both generative and discriminative tasks, mask-
based pretraining proves superior to contrastive pretraining. Choosing the right masking strategy is
crucial, as it directly in�uences the quality of the learned embeddings and the model's generaliz-
ability. In Table 5 we systematically compare �ve masking strategies and demonstrate that random
masking yields the best performance across the two generative tasks. We �nd that structured tem-
poral masking performs equivalently, and we select random masking to match prior work (He et al.,
2022; Huang et al., 2022). Example visualizations of these masking strategies can be seen in Fig. 5.

Table 5:Ablation Study of Masking Strategies.

Mask Strategy Interpolation 60 mins Extrapolation 60 mins

MAE MSE MAE MSE

RANDOM 0.24 0.26 0.37 0.44
STRUCTURED (TEMPORAL) 0.24 0.26 0.37 0.44
STRUCTURED (SENSOR) 0.54 0.71 0.53 0.73
TEMPORAL INTERPOLATION 0.41 0.48 0.52 0.66
TEMPORAL EXTRAPOLATION 0.43 0.51 0.51 0.64

A.3 SELECTING A PATCH SIZE.

Patch size, for our modeling, is de�ned by time steps and the number of sensor features per patch.
In contrast to previous works (He et al., 2022; Huang et al., 2022) we sweep across both feature and
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Figure 5: LSMMAE Pretrain Masking Strategies. All strategies employ a masking ratio of 0.8.
(A) original, unmasked sensor matrix,(B) random masking,(C) structured temporal masking,(D)
structured sensor masking,(E) temporal extrapolation masking,(F) temporal interpolation masking.
Both random and structured temporal masking enable strong down-stream performance. We select
random masking for all scaling experiments and evaluations.

temporal dimensions of the input. This is critical for sensor modeling, where both dimensions, of
time and sensor signals, share unique correlations and dependencies along their corresponding axes.

A time-step of 10 minutes strikes the best balance of low gFlops (15.94) and strong performance
(MAE of 0.24 for imputation, 0.37 for forecasting) (See Table 6). Similarly, �ve features per patch
achieves the best trade-off between accuracy and computational cost, outperforming both smaller
(10x1) and larger patches (10x26). Thus, a moderate patch size of 10 minutes by 5 features is
selected. As a patch-size of 10-minutes x 5-sensors (10x5) cannot evenly patch an input sensor
matrix of 300-minutes x 26-sensors (300x26), we zero-pad the sensor dimension to 30 resulting in
an 300-minute x 30-feature (300x30) input sensor matrix.

We concede that 10x5 patching seems less grounded than 10x1 or 10x26. It is possible that for such
small input windows (e.g., 300 minutes) local feature clustering is extremely important. It is further
possible that this dependency may not exist for larger context windows (e.g., a day or a week).

Table 6:Ablation Study of Patch Sizes.

(a)Sweep Across Time-Steps per Patch.(5 feats. per patch)

Patch Size gFlopsInterpolation 60 mins Extrapolation 60 mins

MAE MSE MAE MSE

5X5 33.09 0.34 0.41 0.37 0.46
10X5 15.94 0.24 0.26 0.37 0.44
20X5 7.82 0.26 0.28 0.41 0.48
30X5 5.18 0.28 0.30 0.37 0.44

(b) Sweep Across Features per Patch.(10 mins. per patch)

Patch Size gFlopsInterpolation 60 mins Extrapolation 60 mins

MAE MSE MAE MSE

10X1 77.83 0.30 0.33 0.43 0.53
10X2 36.07 0.30 0.33 0.45 0.53
10X5 15.94 0.24 0.26 0.37 0.44
10X10 7.82 0.33 0.38 0.45 0.55
10X26 2.58 0.28 0.31 0.43 0.51

A.4 SELECTING A SENSORSIGNAL ORDER

For multimodal sensor data, the order in which signals are processed by the model can impact
performance. Speci�cally, for architectures, such as vision transformers, that take patched inputs,
the clustering of signals in patches may have a profound impact on the learned representation. We
evaluate ordering the sensor signals by: (a) sensor types (as in Table 18), (b) randomized order
(repeated with several random seeds) and (c) interleaving signals with uncorrelated signals. Cross
correlation matrices are shown in Fig. 10. We �nd that ordering by clustering sensor type generally
yields better results (see Table 7), particularly when dealing with heterogeneous sensor modalities
like PPG, accelerometry, and EDA. We posit that this ordering allows the model to leverage speci�c
sensor characteristics more effectively, improving performance on downstream tasks.

A.5 MODEL SIZE VARIANTS

In Table 8 we present four variants of theLSMmodels we trained. The model sizes and naming
conventions partially follow the tradition established by T5 (Raffel et al., 2020). Our results indicate
that scaling the model beyondLSM-B offers no additional improvements in either reconstruction loss
or downstream task performance. Based on this insight all neural methods in Table 3 employ a
ViT-110M backbone.
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Table 7:Ablation Study of Sensor Orders.

Sensor Order Interpolation 60 mins Extrapolation 60 mins

MAE MSE MAE MSE

CLUSTERED 0.24 0.26 0.37 0.44
RANDOMIZED (N=5) 0.28 0.32 0.38 0.45
MAX ENTROPY 0.30 0.34 0.45 0.55

Table 8:Vision Transformer Variants used in LSM. An LSM-[size] model indicates a ViT-[size] backbone.

Model Encoder Decoder Encoder Decoder Encoder Decoder Total gFLOPsBlocks Blocks Dim Dim Heads Heads Params

LSM-Tiny 4 2 192 128 3 4 2M 0.37
LSM-Small 8 2 256 192 4 4 7M 1.28
LSM-Base 12 8 768 512 12 16 110M 15.94
LSM-Large 24 8 1,024 512 16 16 328M 56.10

B ADDITIONAL RELATED WORK

Learning from Multimodal Sensor Data. A signi�cant body of work has explored representation
learning for multimodal physiological time-series data from wearable devices. Spathis et al. (2021)
employed pretext tasks to pretrain models on multimodal inputs such as heart rate and raw IMU
signals, demonstrating their effectiveness across various downstream tasks. Saeed et al. (2021)
introduced a self-supervised framework speci�cally designed for wearable sensors, emphasizing
robustness through representation learning from diverse signal types. Deldari et al. (2024) proposed
CrossL, a cross-modal self-supervised learning approach that utilizes latent masking to effectively
model interactions between modalities. Haresamudram et al. (2021) applied contrastive predictive
coding to human activity recognition, showcasing its capability to capture temporal dependencies
in wearable sensor data. Further advancements include multitask learning for multi-dimensional
clinical time-series (Raghu et al., 2023) and physiological measurements (Narayanswamy et al.,
2024). In contrast to prior work, our work emphasizesscalablemodeling across a broader range of
wearable sensor modalities and a signi�cantly larger data sample size. We systematically investigate
scaling behavior across compute, data size, and model capacity, and examine the generalizability of
the learned representations on large-scale real-world datasets.

Self-Supervised Learning for Health.A number of recent works have explored the utility of self-
supervised pretraining as applied to health. HeAR (Baur et al., 2024) explores MAE pretraining on
audio samples to embed information regarding a variety of respiratory sounds and conditions. Mer-
rill et al.( 2023) formulate a number of pretext takes useful in embedding sensor data to enable �u
and COVID-19 prediction. SimPer (Yang et al., 2023) uses a relative spectral contrastive pretraining
that enables robust modeling of periodic time-series, including PPG. Most recently, PaPaGei (Pillai
et al., 2025) used a PPG-morphology embedding similarity to train a PPG foundation model that
generalizes to a number of clinical and consumer health tasks

C ADDITIONAL RESULTS AND ANALYSIS

C.1 RESULTS OFSCALING EXPERIMENTS FORGENERATIVE TASKS

Generative Performance wrt. Data Scaling.Table 9 presents the full results for the generative
tasks, evaluated across four model sizes and all data scales, including an experiment on the largest
40 million hour pretraining set. TheLSMBase model, trained on 6.6 million hours of data, achieved
the best overall performance.

18



Published as a conference paper at ICLR 2025

Scaling Pretraining Data to 40 Million Hours. As mentioned in Sections 3 and 5, our dataset,
used for the presented scaling and downstream task results, comprises 6.6M hours of data balanced
across 160K people. To test the extremes of data scaling we also build a dataset comprising 40M
data hours by combining the 6.6M hours with an additional 33M hours of data from a 78,569 subject
subset of the total 160K subjects. However, as shown in Table 9, we observed that scaling bene�ts
taper off when training theLSM-Base model with this extended dataset. We believe this is due to two
key factors: the structure of our dataset and the inherent limitations discussed in Section 6. It is also
possible that the careful balance of the 6.6M hour dataset is disturbed by the uneven distribution
across subjects of the additional 33M hours.

C.2 RESULTS OFSCALING EXPERIMENTS FORDISCRIMINATIVE TASKS

Figure 6:Few-Shot Experiments.
Activity recognition results.

Discriminative Performance wrt. Data Scaling. In Table
10, we demonstrate that scaling up the dataset signi�cantly
bene�ts downstream discriminative tasks, particularly in the
�ne-tuning stage. Furthermore, our pretrainedLSMmodel ex-
hibits superior performance in label-ef�cient transfer learning,
as shown in Table 11. Activity recognition few-shot results,
as compared to a supervised baseline, are also visualized in
Fig. 6. From the visualization it is clear that pretraining helps
LSMlearn a strong representation of sensor data that enables
more sample ef�cient performance on discriminative tasks.

Convolutional Probe. Following prior work (He et al., 2022)
we explore an intermediary evaluation to linear probing and
full-model �ne-tuning. Speci�cally, we explore the learnable
pooling of embeddings. This probe takes patch-embeddings,
produced by the encoder, and reshapes them to [num. patches
H , num. patchesW , embedding dimension], similar to the shape of the original patched sensor
matrix. This embedding is fed through two shallow convolutional layers and a linear head. We �nd
that with less that 0.2% of the trainable-parameters needed for full-model �ne-tuning, we are able to
achieve similar performance on exercise detection and activity recognition tasks. These results can
be seen in Tables 10 and 11.

C.3 CLASSIFICATION CONFUSIONMATRICES

Fig. 7 presents the complete confusion matrix for our activity recognition task from the full-model
�ne-tuned LSM-B model. Note that many classes get mistaken forWalk. This is likely as there are
signi�cant periods of walking in the 5-hour inputs, even if the activity is labeled otherwise.

C.4 FEATURE EMBEDDINGS

We present t-distributed Stochastic Neighbor Embedding (t-SNE) plots. Fig. 8 illustrates that scaling
pretraining data results in noticeable, albeit subtle, improvements of clustering across activities in
the learned representation. We also �nd that �ne-tuning the model is critical to effectively discrim-
inate between activities. In Fig. 9 we see that the learned representation does embed some subject
dependencies. This can be attributed to variance in the physiology and activity de�nitions of indi-
viduals (e.g., a hard run may look very different for two different people). We present quantitative
results of a subset of these embeddings in Table 12.

C.5 SIGNAL CORRELATIONS

The 26 signals used as input to our model are derived from �ve sensors (PPG, accelerometer, EDA,
temperature, and altimeter). Consequently, some features exhibit stronger correlations with speci�c
others. A signal diagonal correlation matrix was calculated to show the pairwise correlations be-
tween signals. Fig. 10 shows the correlation matrix for signals clustered by sensor and for signals
ordered to minimize the absolute correlation coef�cient between adjacent features.
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Table 9:Effect of Scaling on Generative Tasks (Full Results).Data size is in hours.

Data Size Model Size
Task Error (MSE)

Random Extrapolation Interpolation
Imputation 80% 60 min 60 min

0.005 M

Tiny 0.50 0.71 0.53
Small 0.57 0.77 0.62
Base 0.67 0.80 0.68
Large 0.64 0.82 0.75

0.05 M

Tiny 0.25 0.70 0.47
Small 0.29 0.58 0.36
Base 0.38 0.65 0.42
Large 0.38 0.65 0.43

0.5 M

Tiny 0.22 0.62 0.42
Small 0.21 0.53 0.37
Base 0.22 0.48 0.28
Large 0.22 0.50 0.34

3.8 M

Tiny 0.22 0.62 0.42
Small 0.21 0.49 0.36
Base 0.19 0.44 0.26
Large 0.21 0.64 0.46

6.6 M

Tiny 0.22 0.63 0.42
Small 0.21 0.49 0.35
Base 0.19 0.44 0.26

Large 0.20 0.54 0.40

40 M Base 0.19 0.45 0.27

Table 10:Effect of Data Scaling on Discriminative Tasks.Data size is in hours.

Data Size Method Exercise Detection Activity Recognition

Accuracy mAP Accuracy mAP

0.005 M

Linear Probe

60.6 49.8 35.1 17.5
0.05 M 67.3 61.0 39.6 23.4
0.5 M 84.5 78.8 47.1 24.7
3.8 M 88.0 85.0 47.6 25.3
6.6 M 84.7 89.0 49.4 24.6

0.005 M

Convolutional Probe

71.3 71.8 50.9 25.1
0.05 M 78.0 82.3 62.2 43.7
0.5 M 88.2 96.4 68.1 45.5
3.8 M 88.2 96.4 70.5 47.1
6.6 M 87.5 95.8 67.6 48.5

0.005 M

Fine-Tune

68.3 58.9 51.5 30.0
0.05 M 73.8 77.0 64.0 48.0
0.5 M 84.9 93.7 68.8 50.0
3.8 M 87.5 96.4 64.2 48.7
6.6 M 90.3 97.0 68.5 51.4

C.6 EXAMPLES OF RECONSTRUCTIONS

A qualitative example of ground-truth signals and corresponding reconstructions are shown in
Fig. 11. The gray regions are sections that were masked in the input. Additional sensor matrix
level reconstructions, across generative down-stream tasks (e.g., imputation, extrapolation, interpo-
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Table 11:Few-Shot Performance on Discriminative Tasks.

Samples per Class Method Exercise Detection Activity Recognition

Accuracy mAP Accuracy mAP

5

Linear Probe

51.3 48.0 12.2 17.5
10 58.3 57.1 20.1 18.4
15 65.4 68.8 21.0 18.7
20 65.1 69.8 22.3 18.8

5

Convolutional Probe

40.5 43.8 20.6 24.7
10 63.2 59.4 27.9 26.7
15 57.3 60.8 27.9 26.7
20 67.0 56.9 36.9 25.3

5

Fine-Tune

54.7 56.8 19.4 21.5
10 65.8 65.1 30.1 22.7
15 71.1 73.1 36.6 24.8
20 65.6 67.1 51.2 33.2

5

Supervised

43.1 52.9 10.3 14.5
10 49.3 46.0 16.4 14.6
15 49.6 50.6 16.3 14.4
20 48.2 45.8 18.5 23.0

Figure 7:Activity Recognition Confusion Matrix for the full-model �ned-tunedLSM-Base.

lation) can be seen in Fig. 12. Examples of the effect of scaling on reconstruction can be seen in Fig.
13. Note that these effects are often visually subtle (e.g., signal smoothness, patch aberrations, etc.)
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