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Generalist Models for Wearable Data
Contributions
● Hierarchical Captioning Pipeline: generates statistical, structural, 

and semantic captions for raw sensor data.
● Largest Sensor-Language Dataset: 59M+ hours of paired data 

enabling large-scale training.
● Unified Foundation Model: extends CLIP/CoCa to sensor data, 

excelling in zero-/few-shot tasks, retrieval, and captioning.

Dataset Details
● 59.7 million data hours from 103,000+ subjects.
● 5 sensor modalities: PPG, accelerometer, skin conductance, skin 

temperature, altimeter.
● Input of 26 minute-aggregated sensor features x 24 hour window. 
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Resource Scaling
(Compute, Data, Model Size)

Zero-shot activity and concept classification

Generalizable to 
unseen activities!

Sensor-to-Text Retrieval: Given a sensor data segment, find the best text description.
● SensorLM achieves near-perfect retrieval (0.96 Recall@1 on 50k samples) 
● LLM baselines struggle (<0.1 Recall@1 on 100 samples). Ablations

Hierarchical Captioning Pipeline

Modular Multimodal Pretraining Architecture

Combining Training 
Objectives

Generation of the largest paired 
sensor-language dataset to date!

Enabling Large-Scale 
Sensor-Language 
Alignment 

Ablations

Caption Generation: Generates descriptive natural language from sensor data.
● SensorLM generates much more meaningful captions compared with LLMs.

Comparing Caption Variants

Comparing Model Variants

Sleeping Elliptical Statistical 
q The heart rate readings show a mean of 65.3, a standard deviation of 14.7 …
q Accelerometer log energy features a mean of 49.2, a maximum of 194.0, a 

minimum of 0.0, and a standard deviation of 46.9 …

Structural
q A peak heart rate is detected at minute 840 …
q From minute 840 to 1120, accel log energy exhibits an decreasing trend …
q Skin temp slope indicates a decreasing trend spanning minute 40 to 480 ….

Semantic
q Elliptical episode occurred between minute 830 and 850 ...
q Sleep took place during the minutes 5 through 449 …

HR

Temp.

Steps

EDA

…
…

0:00 4:00 8:00 12:00 16:00

…

Daily Multimodal Sensor Data (24 hours)

Semantic (activity, sleep, mood)

q Aerobic Workout during minutes 1127 to 1140
q ...

q The wrist temperatures show a mean of 27.6, a standard 
deviation of 4.2, and a value range of 22.0–34.3

q ...

q Increasing trend in heart rate from minutes 640 to 840
q A spike occurs in the steps readings at minute 840
q …

Structural (trend, pattern, fluctuation)

Statistical (mean, min, max, std)
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Captioning Loss Lcap
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pooling + projection

[s] heart rate … event

heart rate … event…

cross-attention

Sensor Encoder Text Encoder
Lconheart rate increases between minutes 

640 and 840. … … … … During minutes 
1127 to 1140 the individual reported an 
Aerobic Workout event.
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sensor text

q Ground Truth
Run was recorded between minute 432 and 436. Treadmill recorded within the 
428-434 minute range. Period of Strength training noted from minute 437 until 
504. Sleep took place during the minutes 2 through 366.

q Similar Caption 1
Walk was detected between minutes 432 and 437. From minute 481 to 496, the 
user had a period of Walk. Sleep episode occurred between minute 1 and 238.

q Similar Caption 2  
An instance of Run was identified from minute 561 to 566. Period of Treadmill 
noted from minute 556 until 565. An instance of Strength training was 
identified from minute 574 to 635. 

q Dissimilar Caption  
A Bike event was detected between minutes 516 and 541. 

SC: 0.34

SC: 0.32

SC: -0.05

SC: 0.47

Strength 
Training

Treadmill Sleeping

Elliptical recorded within the 750-763 minute range. A Strength training event 
was detected between minutes 764 and 797.

Elliptical was detected between minutes 750 and 765. Strength training was 
detected between minutes 765 and 796.

Elliptical state observed from minute 591 up to 599. A Spinning period between 
minutes 603 and 625. Walk recorded within the 540-566 minute range.

Elliptical was recorded between minute 591 and 599. Period of walk noted from 
minute 540 until 567. Workout was detected between minutes 589 and 622.

Predicted Ground TruthA B

C

Correct Example

Partially Correct Example

Table 2: Zero-shot activity and concept classification. We compare SensorLM with representative LLM
baselines across (a) main activity classification, (b-d) activity-related concept classification, and (e-f) fine-grained
recognition. Gemini 2.0 with supervised fine-tuning (SFT) does not output class-probability scores; therefore
AUROC is not reported (“�”). Detailed task definitions and experimental setups are provided in Appendix B.5.

(a) Activity recognition (20-class)

Metrics AUROC" F1" BAcc"

Gemma-3-27B [30] 0.50 0.01 0.05
Gemini 2.0 [29] 0.51 0.03 0.07
Gemini 2.0 (SFT) [29] � 0.06 0.10
SensorLM 0.84 (+33%) 0.29 (+23%) 0.31 (+21%)

(b) Activity by environmental context

Metrics AUROC" F1" BAcc"

Gemma-3-27B [30] 0.51 0.22 0.25
Gemini 2.0 [29] 0.50 0.19 0.25
Gemini 2.0 (SFT) [29] � 0.25 0.28
SensorLM 0.64 (+13%) 0.33 (+08%) 0.38 (+10%)

(c) Cardio vs. strength training

Metrics AUROC" F1" BAcc"

Gemma-3-27B [30] 0.53 0.42 0.49
Gemini 2.0 [29] 0.50 0.39 0.50
Gemini 2.0 (SFT) [29] � 0.44 0.53
SensorLM 0.71 (+18%) 0.63 (+19%) 0.66 (+13%)

(d) Locomotion vs. stationary

Metrics AUROC" F1" BAcc"

Gemma-3-27B [30] 0.51 0.40 0.51
Gemini 2.0 [29] 0.55 0.52 0.55
Gemini 2.0 (SFT) [29] � 0.53 0.55
SensorLM 0.61 (+06%) 0.58 (+05%) 0.58 (+03%)

(e) Fine-grained recognition (gym cardio)

Metrics AUROC" F1" BAcc"

Gemma-3-27B [30] 0.49 0.16 0.25
Gemini 2.0 [29] 0.52 0.20 0.26
Gemini 2.0 (SFT) [29] � 0.28 0.35
SensorLM 0.76 (+24%) 0.50 (+22%) 0.51 (+16%)

(f) Fine-grained recognition (outdoor sports)

Metrics AUROC" F1" BAcc"

Gemma-3-27B [30] 0.50 0.18 0.25
Gemini 2.0 [29] 0.54 0.22 0.29
Gemini 2.0 (SFT) [29] � 0.26 0.32
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, including 20-class activity
recognition, activity concept classification (2-4 classes by “environmental” context or “physiological”
type), and fine-grained recognition (4 classes within “gym cardio” or “outdoor sports”). As shown
in Table 2, LLM baselines perform near random on sensor-based activity classification. In contrast,
SensorLM demonstrates 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 and higher-level conceptual understanding.

Table 3: Zero-shot cross-modal retrieval.
SensorLM achieves consistently strong re-
trieval performance on a held-out dataset.
Baseline LLMs struggle, with most tasks
infeasible due to context limits (marked as
“�”). Detailed experimental setups and com-
plete results are in Appendix B.7 and C.2.

100 samples 5,000 samples

Metrics R@1 R@5 R@1 R@5

Sensor ! Text:

Gemma-3-27B [30] 1.0 5.0 � �
Gemini 2.0 [29] 5.0 9.0 � �
SensorLM 100.0 100.0 98.2 99.4

Text ! Sensor:

Gemma-3-27B [30] � � � �
Gemini 2.0 [29] � � � �
SensorLM 100.0 100.0 96.7 99.2

Zero-Shot Cross-Modal Retrieval. We evaluate the zero-
shot cross-modal retrieval performance of SensorLM by
assessing its ability to retrieve relevant text descriptions
given sensor queries (Sensor ! Text) and vice versa (Text
! Sensor). Sensor-to-text retrieval enables querying de-
scription based on sensor input, while text-to-sensor re-
trieval supports use cases such as expert-driven querying
for specific sensor patterns using natural language. Table
3 confirms SensorLM’s exceptionally strong performance
across all sample sizes, significantly outperforming LLM
baselines, which largely failed at this task. SensorLM
achieves perfect retrieval on a 100-sample benchmark and
maintains high accuracy even at larger scales (5k and 40k
samples; full results in Appendix C.2).

Qualitatively, Fig. 4 verifies SensorLM’s ability to retrieve
accurate descriptions for unseen sensor data involving
multiple activities. In addition to correctly retrieving the
ground truth, the top similar captions are also semantically
relevant – capturing either similar activities occurring at
the same time (e.g., “Walk” vs. “Run”) or the same activity
at different times. This reflects its understanding of both
activity semantics and temporal alignment.
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Figure 6: Scaling behaviors of SensorLM. We show the zero-shot downstream performance of SensorLM as
a function of compute (left), data size (middle), and model size (right). Results demonstrate that increasing
compute, data, and model size each leads to consistent performance gains.

the tasks. We also assess missing-data scenarios, finding that performance degrades only marginally,
indicating that SensorLM remains robust and flexible with incomplete sensor inputs.

Figure 7: Zero-shot generalization analysis of SensorLM.
(a) Overall performance on unseen activities. (b) Learned rep-
resentations in both the sensor and text embedding spaces. We
visualize conceptually similar but previously unseen activities as
a case study. The semantic alignment across modalities allows
SensorLM to infer the nature of unseen activities based on their
conceptual proximity to known ones.

Zero-Shot Generalization to Unseen
Classes. To evaluate SensorLM’s 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% CIs
for these classes are shown in Fig. 7(a).
The impressive zero-shot performance
achieved on these unseen activities indi-
cates that SensorLM learns the broader
concept of activities rather than memo-
rizing the training set. Specifically, 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 and
sensor embeddings using t-SNE [34]
(Fig. 7(b)), where semantically related
activities form coherent clusters, indicat-
ing that SensorLM infers unseen classes
based on their proximity to known con-
cepts in the learned embedding space.

Sensor Caption Generation. A key strength of SensorLM stems from its encoder-decoder archi-
tecture, trained with a generative objective. This design positions SensorLM to effectively process
multimodal sensor embeddings, yielding sensor captioning capabilities. Beyond its inherent clas-
sification and retrieval capabilities, SensorLM demonstrates strong generative performance. On a
dedicated evaluation set of 200 sensor-text pairs (sampled from the sensor-caption retrieval dataset),
SensorLM directly generates captions from sensor input (and a [START] 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 highlight SensorLM’s 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 on SensorLM, with complete results in Appendix C.4 and C.5.
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Gemini 2.0 Flash [29] and Gemma-3-27B [30]. These results highlight SensorLM’s 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 on SensorLM, with complete results in Appendix C.4 and C.5.
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Elliptical recorded within the 750-763 minute range. A Strength training event 
was detected between minutes 764 and 797.

Elliptical was detected between minutes 750 and 765. Strength training was 
detected between minutes 765 and 796.

Elliptical state observed from minute 591 up to 599. A Spinning period between 
minutes 603 and 625. Walk recorded within the 540-566 minute range.

Elliptical was recorded between minute 591 and 599. Period of walk noted from 
minute 540 until 567. Workout was detected between minutes 589 and 622.

Predicted Ground TruthA B

C

Correct Example

Partially Correct Example

Figure 8: Sensor caption generation results. (A) Captioning performance of SensorLM and baselines. For
SensorLM, only the sensor data and a [START] token are provided to generate captions. (B) A correctly generated
example. (C) A partially correct example with inaccurate components. SensorLM produces meaningful and
semantically accurate captions. Detailed experimental setups and additional results are in Appendix B.9 and C.3.

Table 4: Comparisons of SensorLM caption
variants. We evaluate different combinations of
caption types used during pretraining. AUROC"

is used as the metric. Best results of each column
are in bold and the second best are underlined.
Default setting used in the main experiments is
marked in gray .

Caption Variant Zero-Shot Linear Probing

statistical structural semantic Activity Activity Anxiety

3 7 7 0.51 0.76 0.67
7 3 7 0.50 0.78 0.63
7 7 3 0.71 0.95 0.65
3 7 3 0.66 0.84 0.68
7 3 3 0.84 0.94 0.65
3 3 7 0.49 0.79 0.67
3 3 3 0.66 0.86 0.68

Understanding the impact of pretraining caption
variants. We investigate how different levels of sensor
descriptions affect downstream tasks. Table 4 shows
that semantic captions are crucial for zero-shot AR,
whereas models trained solely on statistical or structural
captions underperform due to a lack of activity-level
concepts. Combining semantic and structural captions
improves zero-shot AR over semantic-only models, in-
dicating that local signal patterns and temporal struc-
ture contribute complementary information. However,
adding statistical captions to semantic ones reduces
zero-shot AR performance, likely because daily-level
statistics are less relevant to fine-grained activities. Yet,
statistical captions benefit “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.

Table 5: Comparisons of SensorLM architec-
tural variants. We compare different choices
used during pretraining. Default setting used in
the main experiments is marked in gray .

Zero-Shot Linear Probing

Arch Variant AUROC" F1" AUROC" F1"

SensorLM (CLIP) 0.83 0.29 0.93 0.53
SensorLM (SigLIP) 0.78 0.17 0.87 0.38
SensorLM (Cap) 0.55 0.01 0.90 0.32
SensorLM (CoCa) 0.84 0.29 0.94 0.57

Pretraining architectural variants. We study differ-
ent architectural variants trained with contrastive and
generative objectives. As Table 5 reports, SensorLM
(CoCa) consistently outperforms the single-objective
variants across key metrics for both zero-shot classi-
fication and linear probing. The generative objective
enhances the contrastive alignment by providing fine-
grained text supervision, leading to improved cross-
modal understanding. Notably, the SensorLM (Cap)
model performs poorly in zero-shot classification due
to the absence of a trained projection head.

6 Discussion

Limitations. It is crucial to understand that SensorLM is 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 specific 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 present SensorLM, 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 to date. SensorLM achieves 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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Figure 8: Sensor caption generation results. (A) Captioning performance of SensorLM and baselines. For
SensorLM, only the sensor data and a [START] token are provided to generate captions. (B) A correctly generated
example. (C) A partially correct example with inaccurate components. SensorLM produces meaningful and
semantically accurate captions. Detailed experimental setups and additional results are in Appendix B.9 and C.3.
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Limitations. It is crucial to understand that SensorLM is not a clinically validated diagnostic tool and
is not intended for clinical diagnosis, treatment, or medical decision-making; deployment for such
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