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Abstract

We present SensorLM, a family of sensor-language foundation models that enable
wearable sensor data understanding with natural language. Despite its pervasive
nature, aligning and interpreting sensor data with language remains challenging
due to the lack of paired, richly annotated sensor-text descriptions in uncurated,
real-world wearable data. We introduce a hierarchical caption generation pipeline
designed to capture statistical, structural, and semantic information from sensor
data. This approach enabled the curation of the largest sensor-language dataset to
date, comprising over 59.7 million hours of data from more than 103,000 people.
Furthermore, SensorLM extends prominent multimodal pretraining architectures
(e.g., CLIP, CoCa) and recovers them as specific variants within a generic archi-
tecture. Extensive experiments on real-world tasks in human activity analysis and
healthcare verify the superior performance of SensorLM over state-of-the-art in
zero-shot recognition, few-shot learning, and cross-modal retrieval. SensorLM also
demonstrates intriguing capabilities including scaling behaviors, label efficiency,
sensor captioning, and zero-shot generalization to unseen tasks. Code is available at
https://github.com/Google-Health/consumer-health-research/tree/main/sensorlm.

1 Introduction

The human experience unfolds as a continuous dialogue between sensory perception and language
articulation. A perceived change in raw physiological readings like “heart rate”, can be seamlessly
translated from low-level statistical descriptions (e.g., “heart rate spikes from 65 to 90”) to high-level
semantic abstractions (e.g., “periods of strength training noted”). This intrinsic interplay between raw
sensation and linguistic abstraction forms human comprehension of internal states, health conditions,
behavioral changes, and more [7, 16]. Wearable sensors now record these narratives at unprecedented
resolution, producing minute-level data that captures dense insights into an individual’s physiological
and behavioral states [24,41]. Aligning and interpreting this rich, continuous stream of fine-grained
sensor data with intuitive and actionable language descriptions is critical for user engagement [40],
clinical decision-making [38], personalized insights [7], and behavioral interventions [26].

However, directly interpreting continuous raw sensor data poses significant challenges. While large
language models (LLMs) excel at processing textual sequences, they inherently struggle with the
high-dimensional, continuous, and temporally extensive nature of wearable data [21]. For example, a
single day of minute-level multimodal sensor recordings (see Fig. 1(a)) would expand to over 200,000
tokens [24], far exceeding the practical context length limits of most contemporary LL.Ms [30, 32].
Interestingly, even with minimal subsampling to fit within context constraints, LLMs fail to perform
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Figure 1: Sensor-language foundation models (SensorLM) for wearable data. Aligning and interpreting
sensor data with natural language remains challenging. (A) We present a comprehensive study using over 59.7
million hours of multimodal wearable data from over 103,000 individuals. (B) We design a hierarchical pipeline
for automatic paired text generation that covers statistical, structural, and semantic sensor information. (C) The
SensorLM pretraining framework and its use cases for diverse downstream tasks. (D) Radar plot comparing the
performance of SensorLM and baselines across various tasks and settings (details in Sec. 5).

well: Fig. 1(d) illustrates the poor zero-shot performance of Gemma-3-27B [30] and Gemini 2.0 [29]
(details in Sec. 5). As such, standard LLM methods either become overwhelmed by data volume or
sacrifice the granularity needed for aligning sensor events with meaningful linguistic descriptions.

Furthermore, despite preliminary efforts in constructing paired sensor-text datasets to facilitate
effective cross-modal alignment, the absence of large-scale, high-quality sensor-language corpora
remains a significant bottleneck [6, 10, 15,40]. As illustrated in Table 1, current sensor-text datasets
are significantly limited in scale and primarily structured in restrictive question-answering formats
[6,15,40]. This highlights a fundamental gap — the lack of principled and scalable methods for
generating truly large-scale and diverse sensor-language datasets. Consequently, existing approaches
yield sparse and narrowly scoped sensor-text pairs, insufficient for training generalizable foundation
models capable of comprehensive multimodal understanding across diverse, open-ended tasks.

To fill the gap, we introduce SensorLM, a family of sensor-language foundation models that unlock
meaningful interpretation of raw wearable data and enable novel sensor applications through natural
language. The effectiveness of SensorLM stems from three innovations: (1) a hierarchical, automated
caption-generation pipeline that systematically captures multi-level features—sratistical, structural,
and semantic—from fine-grained sensor streams; (2) building upon this pipeline, the curation of the
largest-scale sensor-language dataset to date, comprising over 59 million hours of wearable data
from more than 103,000 individuals; and (3) a generic pretraining framework that integrates diverse
multimodal architectures (e.g., CLIP [25], Cap [33], CoCa [39]) for scalable and robust learning.

To rigorously evaluate SensorLM, we benchmark its performance against state-of-the-art (SOTA)
methods across a diverse range of real-world tasks in domains such as human activity analysis and
metabolic health. Extensive experiments verify the efficacy of SensorLM on multimodal understand-
ing and its ability to enable new sensor-driven applications. Our contributions are as follows:

* We introduce a hierarchical captioning pipeline for raw sensor data, enabling the curation of the
largest sensor-language study to date with over 59 million hours of data from over 103,000 people.

* We design SensorLM, a family of sensor-language foundation models that enable diverse sensor
capabilities through natural language.

* We conduct extensive experiments across various tasks in human activity analysis and metabolic
health, verifying the superior performance of SensorLM against SOTA methods.

* Further analyses reveal intriguing properties of SensorLM on its scaling behaviors, data efficiency,
multimodal understanding & generation, and zero-shot generalization to unseen tasks and concepts.



Table 1: Comparisons of studies on sensor-text modeling.

Sensorg Text

Study #People #Hours — )
(000s) PPG ACC EDA TEMP AEkTatistical structural  semantic

Xing et al.[36] 4 1 7 3 7 7 7 7 7 3
Moonet al.[23] 60 <1 7 3 7 7 7 7 7 3
Yu et al.[40] 60 5 7 3 7 7 7 7 7 3

Li etal.[15] 214 37 7 3 7 7 7 7 3 3
SensorLM(ours) 103,731 59,749 3 3 3 3 3 3 3 3

Y PPGPhotoplethysmographyACCAccelerometer. EDAElectrodermal Activity. TEMPTemperature. ALT. Altitude.

2 Related Work

Aligning Sensor with Language.Despite growing interests in integrating sensor data with natural
language, large-scale paired corpora derived from uncurated wearable data remain scarce, yet are
crucial for training effective cross-modal models [25, 35, 39]. Prior work typically addresses this
integration by using pre-derived textual summaries of sensor features or ingesting raw sensor values
as tabular inputs to LLMs in downstream prediction tasks [7, 13, 16, 20]. Other multimodal methods
incorporate specialized sensor encoders with alignment modules to enhance an LLM's capability to
interpret sensor data [6,10,14]. Recent efforts initiate the creation of sensor-text data primarily through
employing sensor question-answering frameworks [15, 40], explicitly tailored towards human activity
recognition. However, these approaches often rely on manual summarization and are inherently
limited by sparse and narrowly-scoped sensor-text pairs, restricting generalization to broader scenarios
(see Table 1). In contrast, we focus on learratignedsensor-language representations directly from
large-scale hierarchical captions, enabling strong zero-shot generalization across diverse tasks.

Multimodal Sensor Foundation Models.Recent advances in sensor data modeling have demon-
strated improved accuracy, robustness, and generalization by leveraging self-supervised pretraining
on large-scale physiological and wearable sensor datasets [24, 41]. Existing sensor foundation
models primarily focus on single-modal but multi-channel sensor data, utilizing either contrastive-
based [1, 31, 37,41] or reconstruction-based pretraining objectives [24]. More recent efforts have
explored multimodal sensor foundation models by aligning individual physiological signals (e.g.,
ECG, EEG) or IMU sensor data with other modalities, including language or vision, through joint
representation learning [11, 23, 45]. Our work extends sensor foundation models towards comprehen-
sivemultimodal sensor-languagenderstanding, enabling novel sensor applications (see Fig. 1) and
multimodalcapabilities via joint modeling of diverse sensor types and natural language.

Vision-Language Pretraining. Vision-language pretraining (VLP) has signi cantly advanced
multimodal Al, enabling models to effectively learn representations that integrate visual and textual
data [25, 39]. Leveraging large-scale image-text datasets, VLP methods have produced multimodal
foundation models capable of strong zero-shot image classi cation, captioning, visual question
answering, and cross-modal retrieval [25, 35, 39]. Key VLP methods include contrastive learning (e.g.,
CLIP [25]), which aligns image and text embeddings while separating dissimilar pairs, and generative
pretraining (e.g., SimVLM [35]), which employs a pre x language modeling objective. More recent
models like CoCa [39] combine both contrastive and generative objectives for enhanced multimodal
performance. The success of VLP has inspired similar pretraining strategies in other modalities such
as video, audio, time series [8,23,44], as well as specialized domains such as medicine [9,19,46]. Our
work extends VLP paradigms to tisensor domainimplementing a generic pretraining framework

that incorporates prominent multimodal architectures for scalable sensor-language modeling.

3 Sensor-Language Dataset Construction

Building a sensor-language foundation model requires two essential components: (1) a large-scale,
diverse collection oensor dataand (2) correspondingaptionsthat capture useful properties of the
data. We summarize prior efforts on sensor-text modeling in Table 1, and detail our study below.



Figure 2: Hierarchical sensor caption generation pipeline Given multimodal wearable data, we generate
three levels of captions: (E)atistical capturing basic quantitative metrics; @juctural describing temporal
patterns, trends, and signal dynamics; andsé@hantic providing contextual information such as behavioral
states or physical activity. When applicable, each caption is annotated with its time frame (marked in ).

3.1 Sensor Data and Processing

We collected wrist-worn wearable sensor data from Fitbit and Pixel Watch devices. The dataset
includes multimodal time series signals from photoplethysmograpB( 3-axis accelerometer

(ACQ, altimeter ALT), skin temperatureTEM), and electrodermal activitfgDAsensors. From these

time series, we extracted 26 features: twelve metrics related to heart rate and heart rate variability
(HRV) derived from the PPG signal, ten accelerometer-based features (e.g., jerk, steps), as well as the
mean and slope of skin temperature, mean tonic electrodermal activity, and mean altimeter pressure
(full details are in Appendix A.1). The input to the model consists of one-day windows of sensor data
at minutely resolution, resulting in input matrices of shif# features 1440 minutes] .

3.2 Hierarchical Sensor Caption Generation

A signi cant challenge in sensor-language pretraining is the general absence of paired textual
descriptions for wearable sensor data. Unlike domains such as vision or clinical imaging, where data
often comes with associated text (e.g., image captions or clinical reports) [9, 25, 39], sensor data
collected in the wild typically lacks such naturally occurring pairings. Existing annotations, when
available, are often sparse and limited to coarse labels such as discrete activity categories (Table 1).

To bridge this gap and enable robust alignment between natural language and multimodal sensor
streams, we proposehgerarchical caption generation strategy. This approach creates captions at
threedistinct levels of abstraction—statistical, structural, and semantic. By doing so, we aim to train

a model capable of representing not only basic numerical summaries and dynamic temporal patterns,
but also high-level events and contextual states observed in daily sensor data. An illustrative example
of the overall process and all three level of captions is shown in Fig. 2.

Statistical Captions. Statistical captions provide a quantitative summary of the sensor data. For each
distinct sensor feature channel (e.g., heart rate, temperature, step count), basic statistical measures—
includingmean maximumminimum andstandard deviationare computed. To enhance linguistic
diversity, these values are embedded into a variety of sentence structures using a set of templates
(details in Appendix A.2). This offers a concise, data-driven overview of individual sensor streams.

Structural Captions. Structural captions focus on encoding the dynamic characteristics and patterns
within time-series sensor data. This includes identifying and describing natabtss uctuations,

and othetemporal featuresicross sensor channels. Methodologically, we apply sliding windows to
each time series to detect signi cant increasing, decreasing, or stable trends, as well as identifying
sharp spikes and drops. Similar to statistical captions, these identi ed patterns are then verbalized
using a diverse set of templates, from which a random subset is selected for each data sample. This
enables the model to learn the temporal shape and behavioral dynamics of the sensor signals.

Semantic Captions.Semantic captions aim to capture the high-level meaning and context embedded
in the sensor data, re ecting what the individual might be doing or experiencing. This layer incorpo-
rates information about recognized activities and sleep periods, specifying start and end times of each
event—e.g.;Observed Outdoor Bike activity from minute 550 to 56 &dditionally, user-logged

mood data with corresponding timestamps is integrated, suthhasperson logged their mood as



Figure 3: The SensorLMarchitecture, pretraining objectives, and representative variants.Our framework
integrates both contrastive {n) and generativel(cap) objectives, extending prior approaches (e.g., CLIP [25],
Cap [33], CoCa [39]) to sensor data and recovering them as speci ¢ con gurations within a single architecture.

Frustrated at minute 1110JIntegrating this contextual information enables the model to associate
real-world events and subjective states with underlying sensor patterns.

3.3 Large-Scale Pretraining Sensor-Text Dataset

Building upon the collected sensor data and caption generation pipeline, we construct the largest
sensor-language paired pretraining dataset to datders of magnitudelarger than prior studies

(Table 1). All data are de-identi ed and used with participant consent and IRB reidva(ra ).

The dataset comprises 2,489,570 person-days of data from 103,643 people across 127 countries,
collected between MarchHand May £, 2024. (Further details are provided in Appendix A.1.)

We generate multiple caption combinations and evaluate their effectiveness in Sec. 5. Unless otherwise
speci ed, we use the combination of structural and semantic captions in our main experiments.

4 SensorLM

SensorLMpresents a generic framework for training sensor-language foundation models (Fig. 3).
Inspired by prominent VLP architectures with contrastive (e.g., CLIP [25], SigLIP [42]), generative
(e.g., Cap [33]), and hybrid (e.g., CoCa [39]) objectiv@ensorLMextends these approaches to
sensor data and recovers them as speci ¢ con gurations within a single architecture.

From Unimodal to Multimodal Paradigms. We rst position SensorLMwithin the broader family

of foundation models that leverage language supervision, adapting these paradigms to the sensor
domain. Traditional discriminative single-encoder models perform well on xed-vocabulary tasks like
activity recognition but lack exibility for open-ended language grounding. Contrastive dual-encoder
approaches [25] enable zero-shot generalization and ef cient retrieval by aligning modalities in a
shared space. Encoder-decoder architectures, in contrast, generate rich natural language conditioned
on the input (e.g., sensor data), offering ne-grained interpretability via language. While expressive,
they may struggle with robust cross-modal alignm&gnsorLMintegrates these complementary
strategies into a single framework for sensor-language pretraining.

Architecture. SensorLMcomprises a sensor encoder, a text encoder, and a multimodal text decoder
(Fig. 3). Thesensor encoddransforms time-series sensor data into a compact latent representations.
We adapt a Vision Transformer (ViT) architecture to handle sensor data by segmenting the sequence
into patches, applying linear embeddings, and processing them through transformer blocks to capture
both local and long-range temporal dependencies. t&kteencodefollows a similar process to
encode input text into unimodal representations. Finallynl#imodal text decodds a causally
masked transformer that integrates both sensor features (via cross-attention) and text features to
produce multimodal text representations.



Pretraining Objectives. SensorLMis pretrained with a composite loss function that combines both
contrastiveandgenerativeobjectives. Given a batch &f sensor-text pairs(Xn;yn)g, 2[NT’ the
contrastive loss o, is applied to normalized unimodal text embeddirggfrom the text encoder)
and sensor embeddings (from the sensor encoder) via a symmetric cross-modal objective [5]:

Lcon= i X log P exp(sim(si; vi)= ) + X log P exp(sim(vi;si)=) )
" = e i{e7Xp(sim(si;v,— )= )} = P16 i{e7Xp(3im(Vi 1Sj)= %
sensor-to-text text-to-sensor

wheresim( ; ) is the similarity measure between embeddings, addnotes the temperature param-
eter. Thecaptioning losd. c4p is @ standard cross-entropy loss applied to the outputs of multimodal
text decoder. It maximizes the conditional likelihood of the pairedyegiven the sensor input
under a forward autoregressive factorization:
X 7 _
Lcap= iy 0GP (Yt ]y<t;x):

Combined Objective and Representative VariantsThe nal objective is a weighted combination:
LsensortM= con Lcont cap Lcap Where conand cqpcontrol the balance between contrastive and
generative learning. Under this uni ed formulatiddensorLMseamlessly recovers representative
variants within a single framework (Fig. 3): (1) CLIP (i.ecap= 0), (2) Cap (i.e., con=0), and (3)
CoCa (i.e., con= cap= 1). We investigate these model variants in Sec. 5.3.

The SensorLMFamily. We train four variants oSensorLMwith increasing sizesSensorLM-S
SensorLM-B SensorLM-L, andSensorLM-XL These variants employ sensor encoders &ih
114M404M and1.27B parameters (details in Appendix B.1). We study the effects of model scaling
in Sec. 5. Unless otherwise speci ed, we report results uSiergsorLM-B

5 Experiments & Results

Datasets.We utilize three evaluation datasets for activity recognition, health-related tasks and cross-
modal retrieval. Detailed information and demographic breakdowns are provided in Appendix A.3.

« Activity dataset.The Activity dataset comprises 22,289 person-days from 10,013 individuals. We
randomly sampled 1,000 test examples for each activity for zero-shot activity recognition (AR)
and few-shot adaptation. This dataset is from the same population as our pretraining sensor data.

» Metabolic datasetThe metabolic dataset, used fatypertensiothand “Anxiety prediction tasks,
were sourced from a held-out, IRB-approved observational study of adults in the US [22]. The
data comprises 241,532 examples (151,346 training and 90,186 testing) from 1,979 individuals.
It includes self-reported information covering demographics (e.g., age, sex, weight) and medical
conditions (e.g., Mypertensiohand “Anxiety), providing rich labels for health analyses.

» Sensor-text retrieval datasetVe construct a retrieval dataset of 39,766 examples sourced from a
separate set of 975 individuals who were not included in the pretraining set. The same selection
criteria and caption generation method used in pretraining were applied.

Baselines. For zero-shot classi cation and cross-modal retrieval, there are currently no existing
multimodal baselines with these capabilities. We therefore compare against two LLMs, Gemini 2.0
Flash [29] and Gemma-3-27B [30], by formatting sensor data as tabular input. In addition, we netune
Gemini 2.0 with paired sensor and activity data through supervised ne-tuning (SFT). For few-shot
learning and linear probing, we compare with SOTA SSL methods including SimCLR [5], DINO [3],
and Masked Siamese Network (MSN) [2]. Implementation details can be found in Appendix B.

Metrics. For zero-shot classi cation, we report area under the ROC curve (AUROC), Macro F1-
score, and Balanced Accuracy (BAcc). For few-shot learning, we report AUROC across 5, 10, 20, 50
samples per class. Cross-modal retrieval is evaluated using Recall@1 and Recall@5 (R@K).

5.1 Main Results

Zero-Shot Learning. One of the key capabilities enabled 8gnsorLMis zero-shot classi cation,
which we evaluate on a range of AR tasks. We use prompt ensembling [25] from the text encoder



Table 2: Zero-shot activity and concept classi cation. We comparesensorLMwith representative LLM
baselines acroga) main activity classi cation(b-d) activity-related concept classi cation, afe-f) ne-grained
recognition. Gemini 2.0 with supervised ne-tuning (SFT) does not output class-probability scores; therefore
AUROC is not reported (“ ”). Detailed task de nitions and experimental setups are provided in Appendix B.5.

(a) Activity recognition (20-class)

(b) Activity by environmental context

Metrics AUROC F1 BAcC Metrics AUROC F1 BAcC'
Gemma-3-27B[30]  0.50 0.01 0.05 Gemma-3-27B[30]  0.51 0.22 0.25
Gemini 2.0 [29] 0.51 0.03 0.07 Gemini 2.0 [29] 0.50 0.19 0.25
Gemini 2.0 (SFT) [29] 0.06 0.10 Gemini 2.0 (SFT) [29] 0.25 0.28
SensorLM 0.84(+33%) 0.29(+23%) 0.31(+21%) SensorLM 0.64(+13%) 0.33(+08%) 0.38(+10%)
(c) Cardio vs.strength training (d) Locomotion vs. stationary
Metrics AUROC F1 BAcC Metrics AUROC F1 BAcC’
Gemma-3-27B[30]  0.53 0.42 0.49 Gemma-3-27B[30]  0.51 0.40 0.51
Gemini 2.0 [29] 0.50 0.39 0.50 Gemini 2.0 [29] 0.55 0.52 0.55
Gemini 2.0 (SFT) [29] 0.44 0.53 Gemini 2.0 (SFT) [29] 0.53 0.55
SensorLM 0.71(+18%) 0.63(+19%) 0.66(+13%) SensorLM 0.61(+06%) 0.58(+05%) 0.58(+03%)

(e) Fine-grained recognition (gym cardio)

(f) Fine-grained recognition (outdoor sports)

Metrics AUROC F1 BAcC' Metrics AUROC F1 BAcC’
Gemma-3-27B [30] 0.49 0.16 0.25 Gemma-3-27B [30] 0.50 0.18 0.25
Gemini 2.0 [29] 0.52 0.20 0.26 Gemini 2.0 [29] 0.54 0.22 0.29
Gemini 2.0 (SFT) [29] 0.28 0.35 Gemini 2.0 (SFT) [29] 0.26 0.32
SensorLM 0.76(+24%) 0.50(+22%) 0.51(+16%) SensorLM 0.83(+29%) 0.52(+26%) 0.53(+21%)

with diverse prompts to compute average label embeddings, and classify by selecting the label whose
embedding is closest to the sensor embedding. We include 6 tasks in total, in@Qelitass activity
recognition activity concept classi catioif2-4 classes by “environmental” context or “physiological”
type), andne-grained recognition4 classes within “gym cardio” or “outdoor sports”). As shown

in Table 2, LLM baselines perform near random on sensor-based activity classi cation. In contrast,
SensorLMdemonstrates strong zero-shot capabilities across all metrics and tasks. For abstract
concepts such as “environmental” or “physiological” type, the superior performance suggests that the
model captures both explicit activity categories &igher-level conceptualnderstanding.

Zero-Shot Cross-Modal Retrieval. We evaluate the zero-

shot cross-modal retrieval performanceSeinsorLMby Taple 3:Zero-shot cross-modal retrieval.
assessing its ability to retrieve relevant text descriptioggnsorLMachieves consistently strong re-
given sensor queries (SendorText) and vice versa (Texttrieval performance on a held-out dataset.
I Sensor). Sensor-to-text retrieval enables querying Baseline LLMs struggle, with most tasks
scription based on sensor input, while text-to-sensor irdeasible due to context limits (marked as
trieval supports use cases such as expert-driven querying- Detailed experimental setups and com-
for speci ¢ sensor patterns using natural language. Talplgte results are in Appendix B.7 and C.2.

3 con rms SensorL Vs exceptionally strong performance
across all sample sizes, signi cantly outperforming LLM
baselines, which largely failed at this tasBensorLM _Metrics
achieves perfect retrieval on a 100-sample benchmark agéhsor  Text:
maintains high accuracy even at larger scales (5k and 4@k~~~ (0] 10 50

samples; full results in Appendix C.2). Gemini 2.0 [29] 50 9.0

SensorLM 100.0 100.0 98.2 99.4

100 samples 5,000 samples
R@1 R@5 R@1 R@5

Qualitatively, Fig. 4 veri esSensorLMs ability to retrieve
accurate descriptions for unseen sensor data involvifg:t' Sensor:
multiple activities. In addition to correctly retrieving the cemma-3-278 [30]
ground truth, the top similar captions are also semanticall§emini 2.0 [29]
relevant — capturing either similar activities occurring apensortM

the same time (e.qg., “Wall¥/s. “Run”) or the same activity

at different times. This re ects its understanding of both

activity semantics and temporal alignment.

100.0 100.0 96.7 99.2




Figure 4: Zero-shot sensor-to-text retrieval qualitative example We show similarity scores (SC) for the
correctly retrieved ground truth, top similar captions, and a dissimilar caption. Green highlights correct events
and time frames; indicates partial matches; and Red denotes incorrect events and time frames. In addition
to correctly retrieving the ground trutBensorLMalso demonstrates semantic understanding by assigning high
similarity scores to partially correct candidates.

Figure 5: Few-shot adaptation to downstream tasksWe evaluate the label ef ciency of different pretrained
sensor encoders with varying numbers of training labels per class. Across divers&tasia] Machieves
comparable or superior performance than SOTA methods. Additional results are provided in Appendix C.1.

Few-Shot Transfer Learning. We evaluate the quality of the learned sensor representations through
few-shot learning on three tasks: 20-class AR usingittigvity dataset, and two binary prediction
tasks on clinical condition (“Hypertension”) and mental health (“Anxiety”) usingNtetabolic
dataset. Fig. 5 shows the few-shot performanc8eisorLMcompared to baseline SSL methods as
the number of training labels per class increases from 5 to 50. FoSARsorLMsigni cantly out-
performs baselines across all few-shot settings, achieving an AUROB&Wvith only 50 labels per
class, highlighting its effective representations in discriminating activities under limited supervision.
For “Hypertension” and “Anxiety” predictiorGensorLMshows competitive performance. Linear
probing results on the full training set support similar conclusions (Appendix C.1).

5.2 Analyses

Scaling Laws.We investigate the scaling behavior®nsorLMwhen trained on large-scale sensor-
language dataset by varyitaining compute dataset sizeandmodel scalg12]. As observed

in Fig. 6, the performance on zero-shot activity recognition improves consistently with increased
training steps and data size. For example, when scaling up the corSeumsyrLM-Bincreases

from an AUROC of 0.66 at 17.4 TPU hours to 0.75 at 174 TPU hours. Expanding training data
also yields consistent gains, especially for larger models. However, gains beyond 12 million hours
diminish, showing saturation trends as reported in prior work [12, 24]. Larger models such as
SensorLM-LandSensorLM-XLachieve higher performance when suf ciently trained, though under
low compute they may underperform due to undertraining (a phenomenon consistent with scaling
law observations). OveralgensorLMdemonstrates consistent and predictable scaling behaviors,
highlighting the applicability of scaling laws to sensor-language modeling.

Robustness to Out-of-Domain and Incomplete Data (Appendix C.7)WWe evaluaté&sensorLM's
robustness to out-of-domain (OOD) and missing data. With our metabolic downstream dataset
containing additional device types unseen during pretraining, we compare performance on in-domain
and OOD devicesSensorLMdemonstrates strong generalization with only a degradation in some of



Figure 6: Scaling behaviors ofSensorLM We show the zero-shot downstream performancesfsorLMas
a function of computeléft), data sizerhiddle), and model sizeright). Results demonstrate that increasing
compute, data, and model size each leads to consistent performance gains.

the tasks. We also assess missing-data scenarios, nding that performance degrades only marginally,
indicating thatSensorLMremains robust and exible with incomplete sensor inputs.

Zero-Shot Generalization to Unseen
Classes.To evaluateSensorLMs gen-
eralizability to novel activities, we con-
ducted a case study by pre-training on
data comprising 20 activity classes and
tested on previously unseen ones (de-
tails in Appendix B.8). The results of
one-versus-all AUROC and 95% Cls
for these classes are shown in Fig. 7(a).
The impressive zero-shot performance
achieved on these unseen activities indi-
cates thaBensorLMlearns the broader
concept of activities rather than memo-
rizing the training set. Speci cally, ac-
tivities that are conceptually similar to
those in the training set exhibit higher
performance (e.g., “Snowboarding” is
similar to “Skiing”). This is further sup-

ported by the visualization of label an igure 7: Zero-shot generalization analysis ofSensorLM

p : Overall performance on unseen activiti¢s) Learned rep-
sensor embeddings using t-SNE [3 )sentationg in both the sensor and text erﬁb)edding spacgs. We
(F'g'.?(b))' where semantically Fe'a.‘te isualize conceptually similar but previously unseen activities as
activities form coherent clusters, indicaty case study. The semantic alignment across modalities allows
ing thatSensorLMinfers unseen classessensorlMto infer the nature of unseen activities based on their
based on their proximity to known coneonceptual proximity to known ones.

cepts in the learned embedding space.

Sensor Caption Generation.A key strength ofSensorLMstems from its encoder-decoder archi-
tecture, trained with a generative objective. This design posit@msorLMto effectively process
multimodal sensor embeddings, yieldisgnsor captioningapabilities. Beyond its inherent clas-

si cation and retrieval capabilitiessensorLMdemonstrates strong generative performance. On a
dedicated evaluation set of 200 sensor-text pairs (sampled from the sensor-caption retrieval dataset),
SensorLMdirectly generates captions from sensor input (af8ilART]token). As shown in Fig.

8, SensorLM(pre-trained on semantic captions) outperforms powerful LLM baselines, including
Gemini 2.0 Flash [29] and Gemma-3-27B [30]. These results highBghsorLMs capability as a
sensor-language foundation model that can both interpret sensor data and generate meaningful natural
language descriptions.

5.3 Ablation Studies

We provide main ablation studies &ensorLM with complete results in Appendix C.4 and C.5.



Figure 8: Sensor caption generation results. (ACaptioning performance &ensorLMand baselines. For
SensorLM only the sensor data andSTART]token are provided to generate captiofi®). A correctly generated
example.(C) A partially correct example with inaccurate compone&snsorLMproduces meaningful and
semantically accurate captions. Detailed experimental setups and additional results are in Appendix B.9 and C.3.

Understanding the impact of pretraining caption Table 4:Comparisons ofSensorLMcaption
variants. We investigate how different levels of sensorariants. We evaluate different combinations of
descriptions affect downstream tasks. Table 4 showaption types used during pretraining. AUROC
that semantic captions are crucial for zero-shot ARUsed as the metric. Best results of each column
whereas models trained solely on statistical or structupd® inbold and the second best anederlined
captions underperform due to a lack of activity-levéiefault setting used in the main experiments is
concepts. Combining semantic and structural captighérked ingray .

improves zero-shot AR over semantic-only models, i 5ion variant Zero-Shot _Linear Probing
?ul?stcl:g%tngtlgEglrs;)?grile%?;t&r?nsf(?rmafomnp%rgvlvzt/rg&a“mal structural semantic ~ Activity ~ Activity Anxiety
adding statistical captions to semantic ones reducesi
zero-shot AR performance, likely because daily-level
statistics are less relevant to ne-grained activities. Yet,
statistical captions bene t “Anxiety” and “Hyperten-
sion” predictions, either alone or when combined with
other caption types. Overall, the “semantic + structural”
combination provides the best trade-off across tasks.

0.51 0.76  0.67
0.50 078 063
0.71 095 0.5
0.66 0.84 0.68
084 094 065
0.49 079  _0.67
0.66 0.86 0.68
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Pretraining architectural variants. We study differ- Taple 5; Comparisons ofSensorLMarchitec-
ent architectural variants trained with contrastive arigral variants. We compare different choices
generative objectives. As Table 5 repo@gnsorLM used during pretraining. Default setting used in
(CoCa) consistently outperforms the single-objectivize main experiments is marked gray .
variants across key metrics for both zero-shot classi-

cation and linear probing. The generative objective Zero-Shot  Linear Probing
enhances the contrastive alignment by providing neArch Variant AUROC FI AUROC FI
grained text supervision, leading to improved CroSSsensorLmcLIP) 083 029 093 053
modal understanding. Notably, tiBensorLM(Cap) SensorLM(SigLiP) 078 017  0.87 038
model performs poorly in zero-shot classi cation dueggzzg:tmggipc)a) oo o a0 0%
to the absence of a trained projection head.

6 Discussion

Limitations. It is crucial to understand th&ensorLMis not a clinically validated diagnostic tool and

is not intended for clinical diagnosis, treatment, or medical decision-making; deployment for such
uses would require further analysis of applicable healthcare regulations. Additionally, our evaluation
is limited to speci c wearable devices and sensor data; while the method is general, further work is
needed to explore its generalizability on other types of sensor data.

Conclusion. We presenensorLM a family of sensor-language foundation models that unlock the
understanding of wearable sensor data through natural language, enabled by a novel hierarchical
captioning pipeline and the largest sensor-language dataset teateorL Machieves superior per-
formance in zero-shot, few-shot, and cross-modal retrieval tasks, as well as demonstrating intriguing
properties such as scaling, generative, and zero-shot generalization capabilities.
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