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Fig. 1. Sensor2Text demonstrates an understanding of wearable sensor inputs and interactive capability, compared with
conversations generated from existing vision models on the ground truth videos. Sensor2Text accurately comprehends daily
activities through wearable sensor data, circumventing video-related constraints like inadequate lighting or obstructed
viewpoints.

Visual Question-Answering, a technology that generates textual responses from an image and natural language question, has
progressed significantly. Notably, it can aid in tracking and inquiring about daily activities, crucial in healthcare monitoring,
especially for elderly patients or those with memory disabilities. However, video poses privacy concerns and has a limited field
of view. This paper presents Sensor2Text, a model proficient in tracking daily activities and engaging in conversations using
wearable sensors. The approach outlined here tackles several challenges, including low information density in wearable sensor
data, insufficiency of single wearable sensors in human activities recognition, and model’s limited capacity for Question-
Answering and interactive conversations. To resolve these obstacles, transfer learning and student-teacher networks are
utilized to leverage knowledge from visual-language models. Additionally, an encoder-decoder neural network model is
devised to jointly process language and sensor data for conversational purposes. Furthermore, Large Language Models are
also utilized to enable interactive capabilities. The model showcases the ability to identify human activities and engage in
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Q&A dialogues using various wearable sensor modalities. It performs comparably to or better than existing visual-language
models in both captioning and conversational tasks. To our knowledge, this represents the first model capable of conversing
about wearable sensor data, offering an innovative approach to daily activity tracking that addresses privacy and field-of-view
limitations associated with current vision-based solutions.

CCS Concepts: • Human-centered computing! Ubiquitous and mobile computing systems and tools.

Additional Key Words and Phrases: human activity recognition, wearable sensors, large language models

1 INTRODUCTION
Visual Question Answering is an exciting task in computer vision and natural language processing that has
gained much progress in recent years; it involves generating a text response given an image and natural language
question [4]. Notably, visual question-answering can be applied in tracking personal daily activities, which
shows great promise for healthcare monitoring, especially for elderly people or patients with Alzheimer’s. While
traditional monitoring systems can only send raw footage generated by monitoring cameras to caregivers, current
question-answering systems enable conversational interactions with the users. This capability allows caregivers
to inquire about various aspects of the target’s well-being, such as medication adherence, dietary habits, sleep
patterns, and more.
However, using video as the input modality to question-answering has several issues. Video suffers from

obstructions, restricted viewpoints, and vulnerability to inadequate lighting, all of which are common occurrences
in daily activities monitoring. More importantly, using constant video surveillance has privacy concerns and
may make the subject feel uncomfortable. Therefore, it is crucial to devise an innovative approach to replace the
reliance on cameras, which enables the collection of data on subjects’ daily activities while also preserving their
privacy.
It is observed that sensor-based data, particularly those obtained from wearable sensors, can be a promising

alternative. Wearable sensors offer several advantages over video surveillance. Firstly, they allow the subject
to roam freely outside of designated areas, as opposed to video which requires the subjects to remain within
the camera coverage zones. Additionally, compared with video cameras, wearable sensors can provide more
information regarding one’s health and physical activity, making it a better option for healthcare monitoring.
Finally, they are less invasive in privacy compared to video cameras.
In this paper, we propose Sensor2Text, a sensor language model capable of conditioning itself on wearable

sensor data to perform the aforementioned question-answering, illustrated in Figure 1. Sensor2Text is interactive
and versatile for subjects and caregivers to track daily activities. Additionally, it functions without requiring
any visual input, making it less obtrusive than video monitoring and applicable in dark or occluded settings.
Furthermore, compared with existing video and sensor captioning models [30, 53, 73], Sensor2Text stands out for
its chat capabilities and proficiency in question-answering tasks, enhancing its utility in tracking daily activities.

However, developing a sensor-language model like Sensor2Text presents several challenges. Firstly, wearable
sensors lack the density of information found in video data regarding human activities. To overcome this, we
employ cross-modality supervision using teacher-student networks. In this approach, a model trained on visual
camera data acts as a teacher, efficiently transferring its knowledge to models analyzing sensor data after relatively
few sensor examples.
In addition, a single wearable sensor is often insufficient when differentiating between similar activities. To

fix this, we use multiple wearable devices to track human activities. We jointly process the data modalities
using a multi-modal encoder-decoder neural network architecture and align the temporal dynamics between the
modalities with time-dependent output tokens.
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Furthermore, even if the model can comprehend sensor data, it lacks the capacity for Question-Answering
or interactive conversations. To tackle this obstacle, Large Language Models are integrated into Sensor2Text to
endow it with conversational abilities.

We conducted a comprehensive evaluation of the Sensor2Text model, assessing its performance through both
qualitative and quantitative analyses. The results demonstrate that Sensor2Text exhibits robust capabilities in
responding accurately to queries and providing detailed descriptions based on wearable sensor data input. In our
tests, Sensor2Text achieved captioning scores comparable to those of leading video-language models, with an
average BLEU score of 73.0 and a CIDEr score of 62.2. This closely aligns with the scores of existing vision-language
models, which average a BLEU score of 76.7 and a CIDEr score of 62.5, underscoring its competitive sensor
recognition capabilities. Moreover, Sensor2Text shows remarkable performance in challenging conditions, such
as low-light or occluded environments where vision-based models are ine�ective. Furthermore, it demonstrates
strong generalization across di�erent users and e�ective utilization of multiple sensor data modalities. Additionally,
ablation studies were conducted to ascertain the contributions of individual components to the model's overall
e�cacy and training methodology.

In summary, the major contributions of our work are:

� To the best of our knowledge, we are the �rst to create a chatbot capable of engaging in Q&A and
conversations regarding various human daily activities, achieved through comprehension of multi-modal
wearable sensor data.

� We design a transformer-based neural network encoder, including late fusion and a 1D convolutional
tokenizer, and use auxiliary training losses to extract useful sensor representations while e�ciently
transferring knowledge from video.

� We evaluate our model through extensive experiments, including qualitative and quantitative assessments,
generalization tests on unseen subjects, and ablation studies.

2 RELATED WORK
Our study is closely connected to research within the domains of Human Activity Recognition, Video Captioning,
and Multi-modal Large Language Models. Below, we provide an in-depth exploration of these areas, elucidating
how Sensor2Text leverages insights from prior research to pioneer a novel approach enabling conversations and
question-answering about content in wearable sensors. This innovative approach mitigates privacy concerns and
viewpoint limitations in existing vision-based solutions, making it a promising alternative in applications such as
healthcare monitoring.

2.1 Human Activity Recognition
The domain of Human Activity Recognition (HAR)[19], which focuses on identifying human actions through
sensor data analysis, has witnessed notable progress in recent years, particularly in leveraging machine learning
techniques for interpreting human activities from sensor data. Researchers have utlized machine learning
techniques such as kernel discriminant analysis and Long Short-Term Memory (LSTM)-based Neural Structured
Learning [35, 65], Decision Trees, Support Vector Machines, and Neural Networks [61] to recognize activities
from smartphone data. Another area of interest involves the use of radio signals interacting with human bodies to
comprehend movements and behaviors. Speci�cally, previous studies have demonstrated the use of radio signals
for tasks such as location tracking [1, 30, 48], extraction of 3D skeletons of nearby individuals [78], and action
classi�cation [47]. Finally, some studies also employ wearable sensors and deep learning techniques for HAR and
other related tasks [7, 11� 18, 20, 22� 25, 28, 34, 39, 55, 62, 70?], including unsupervised domain adaptation [9],
contrastive predictive coding [38], and deep unsupervised clustering [54].
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While recent studies have made signi�cant progress in Human Activity Recognition (HAR), the predominant
focus lies in classifying recognized activities. However, Sensor2Text is capable of performing captioning and
utilizing information from multiple modalities of wearable sensor data. Additionally, our approach endeavors to
perform question-answering and have conversations regarding the content gleaned from wearable sensor data
during daily activities rather than only simple text messages from captioning.

2.2 Video Captioning
Video captioning refers to the generation of descriptive text for video content. One strategy for video captioning
involves applying image captioning models to uniformly sampled frames [32, 49]. Recent advancements employ
recurrent neural networks (RNNs) [68], attention mechanisms [66], hierarchical architectures [69, 75] to capture
more temporal intricacies in the video. Furthermore, recent work studies the integration of audio and video
comprehension through advancements in multi-modal learning [10, 73].

Another development pertinent to video captioning is Vision-Language Pre-training (VLP), which aims to
enhance the performance of multi-modal foundation models across various vision-language tasks through
unsupervised learning. For instance, CLIP [60] utilizes conservative loss between image/text pairs to pre-train a
model on internet-scraped data. These models often adopt architectures like dual-encoders [56, 60, 72], fusion-
encoders [63], or a hybrid of both as encoder-decoder architectures [46]. VLP models can be applied across a
range of vision-based tasks, including classi�cation and captioning, among others.

While great advancements have been made in video captioning, our work, in contrast, is intended to employ
wearable sensor data for conversational interactions with the user. However, the sensor-language model continues
to leverage advancements in video captioning and VLP by employing visual language models in transfer learning
to distill the learned knowledge to wearable sensor data. After training, the user will be able to conduct Q&A
conversations using wearable sensor data as input, without requiring any visual input.

2.3 Multi-modal Large Language Models
Large Language Models (LLMs) have garnered signi�cant attention in recent years for their ability to comprehend
and generate human-like text. There is a growing interest in extending their capabilities to process modalities of
inputs other than language. One approach is to use LLMs as controllers, with existing multi-modal models serving
as tools [8, 40, 41, 57, 74]. In this setup, the LLM decides which tools to call based on the user's text instruction and
incorporates results from these multi-modal models. Other work focuses on developing fundamental multi-modal
LLMs by aligning the representation space of pre-trained unimodal models with that of LLMs, allowing the
language model to natively understand other data modalities rather than through a proxy. Models like BLIP2 [46]
and LLaVA [51] exemplify this approach.

Despite these advancements, the majority of multi-modal LLMs primarily accept images as input [76]. Some
studies have explored processing other data modalities, such as 3D point clouds [36] or audio [77], but few
have attempted to extend the capabilities of LLMs to comprehend wearable sensor data. Our proposed model,
Sensor2Text, aims to bridge this gap by enabling the understanding of wearable sensor data and its integrate
them withLLMs.

In summary, our research extends the existing body of literature on Human Activity Recognition, Video
Captioning, Vision-Language Pre-training (VLP), and multi-modal Large Language Models. What sets our model
apart is its utilization of wearable sensor data, rather than conventional visual data, to perform Q&A and chat
about an individual's daily activities.
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Fig. 2. Visualization of body tracking data using wearable sensors. Di�erent activities display distinct body positions,
demonstrating the feasibility of using wearable sensors to identify daily activities.

3 PRELIMINARY STUDY
This section �rst explores the capability of wearable sensor data in recognizing and distinguishing daily activities.
It then assesses the feasibility of training such a sensor model due to the scarcity of comprehensive multi-modal
wearable sensor datasets.

3.1 Sensor Characteristics for Activity Tracking
We observe that wearable sensor data can e�ectively be used to identify human activities for the following
reasons. Firstly, activities that may appear similar through video cameras often yield distinct sensor readings.
Illustrated in Figure 2, while actions like peeling or cutting cucumbers may seem alike in video images, the
corresponding human skeleton representations derived from sensor data exhibit notable di�erences.

Additionally, wearable sensors reveal dynamic variations. Each wearable sensor gathers time series data rather
than static snapshots, capturing a subject's movement patterns over time that can further aid in distinguishing
similar activities.

Furthermore, integrating multiple modalities from wearable sensors enhances the di�erentiation of human
activities. While certain activities may exhibit similar body tracking readings, they may yield entirely di�erent
readings from other wearable sensors. For instance, although body tracking data excels in distinguishing activities
with various movements, it may struggle to discern certain nuances, such as di�erentiating between cutting a
cucumber and a potato. However, by integrating muscle activation sensors that monitor electromyography signals,
it becomes possible to di�erentiate between the objects the subject is holding [21, 31], e�ectively distinguishing
the action of cutting a potato from cutting a cucumber. By processing multiple modalities of sensor data through
a multi-modal deep learning architecture, it becomes possible to make use of each modality in determining the
details of the activity.
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Fig. 3. Architecture diagram of Sensor2Text.

To summarize, through the integration of diverse and carefully selected data modalities alongside appropri-
ate temporal-aware processing, it is possible that sensor data can be utilized to classify daily activities with
performance equal to, or even surpassing, that achieved with video data.

3.2 Feasibility
A signi�cant concern regarding the feasibility of constructing a sensor-language model is the scarcity of large-
scale wearable sensor datasets. In contrast, visual-language models bene�t from abundant datasets, facilitating
extensive training or �ne-tuning for robust performance in captioning tasks. Consequently, an insightful approach
emerges: we can transfer the knowledge acquired from training visual-language models to sensor data through
transfer learning and teacher-student networks.

Indeed, prior research [36, 37] demonstrates the feasibility of leveraging large visual-language datasets for
downstream �ne-tuning by aligning the encoder of new modality data with an existing visual encoder. This
signi�cantly mitigates the need for an extensive amount of wearable sensor data. Accordingly, employing wearable
sensor data to train a sensor language model is feasible.

4 METHOD
Sensor2Text is a novel model designed to generate textual responses based on sensor data and textual prompts.
The primary challenges in developing such a model are the low information density of single modal sensor data
and the limited sizes of existing sensor datasets. To address these challenges, a unique architecture is proposed,
illustrated in Figure 3. The model consists of two main subcomponents: a sensor encoder and a language decoder.
The sensor encoder takes multiple modalities of sensor data as input and outputs a learned representation vector
that incorporates information from all sensors. The language decoder then takes this representation along with
the language prompt and generates the textual response.

To e�ciently train the model despite the lack of sensor data, a vision encoder is introduced as a teacher network
to train the sensor encoder. Additionally, transfer learning techniques are employed to train the language decoder.
To facilitate the training process, a dataset is carefully selected to include videos, labels, and multiple sensor data
modalities.

The following subsections provide a detailed description of the architecture, including the sensor encoder and
language decoder, as well as the procedure used to train both components.
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4.1 Sensor Encoder
This section introduces the sensor encoder, which extracts useful features from time series data collected by the
various wearable sensors and integrates them into a single representation.

We utilize distinct encoders to extract features from each sensor data modality separately before combining
them with late fusion. A transformer encoder [66] is applied to each data modality due to its excellent performance
in capturing intricate dependencies within the sequential data. Each sequence of wearable sensor data, denoted as
G¹8º 2 R) 8� 38 for the 8th sensor modality, where38 denotes the number of features and) 8 represents the number
of timesteps, is processed via a 1D convolutional tokenizer. This converts the raw sensor data into tokens that are
more easily ingested by the downstream transformer. The sequential data is segmented into �xed-length windows
and a learned 1D convolution is applied to each window. The resulting token for each window is represented as
D¹8º

9 = \ >
tokG

¹8º
B� 9•”””•B� 9̧ 3� 1, where3 indicates the window size,Bdenotes the stride between consecutive windows,

\ tok 2 R3� 3encoder represents the learnable weights of the tokenizer, andD¹8º
9 2 R3encoder represents the output

tokens.
The tokenizer then applies a sine/cosine positional encoding onto each token to inject temporal information

into each token, rendering di�erent positions distinguishable to the downstream transformer. The positional
encoding for the9C� position and3C� dimension is given as PE¹9•3º, where:

PE¹9•2: º = sin¹9•100002: •3encoderº

PE¹9•2: ¸ 1º = cos¹9•100002: •3encoderº

Each positional encoding is directly added onto the token sequence for each input data modality, resulting in a
modi�ed sequence of position-aware tokens denoted asD0

9 = D9 ¸ PE¹9º. A learnable classi�cation token, denoted
as[CLS], is prepended to this sequence. After processing in the downstream sequence-to-sequence transformer,
the output of this token will serve as the single representation for the entire sequence. Consequently, we obtain a
sequence of tokensu = ¹[CLS]•D0

1• ”””•D0=º.
Next, the position-aware tokens are processed in a transformer encoder to obtain an intermediate representation

for each sensor. The transformer encoder consists of# layers of alternating self-attention and feedforward layers,
e�ectively capturing both long and short-term dependencies in the sensor tokens. The output vector of the[CLS]
token is extracted to obtain an intermediate representation for each sensor modality,~¹8º = Transformer¹u ¹8ºº,
where~¹8º 2 R3encoder.

Finally, the late fusion technique is employed to obtain the ultimate representation vector. This process
involves concatenating the representation vectors of each sensor and then applying a �nal feedforward layer to
capture potential interdependencies among all sensor modalities. The outcome is a single representation vector,
~sens2 R3output, which encapsulates all relevant information from the wearable sensor data, where3output is the
dimension of the �nal representation vector.

4.2 Auxiliary Training Objective
We leverage a visual encoder as a teacher network to train the sensor encoder. Through this method, the sensor
encoder can e�ectively distill valuable information from the visual encoder while avoiding the instability, high
computational cost, and susceptibility to over�tting that comes from training the encoder with an end-to-end
text generation loss. For this purpose, the ImageBind model [33] is utilized as the designated teacher network.
ImageBind has the capacity to encode diverse modalities such as visual, audio, IMU, thermal, depth, and text
data into a uni�ed embedding space. Its pro�ciency in learning representations that transcend modality-speci�c
boundaries makes it an ideal candidate to act as a teacher network.
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Speci�cally, the number of output features of the sensor encoder,3encoder, is set equal to the output dimension
of ImageBind and train the sensor encoder to align with the visual encoder using! 2 loss on paired sensor/video
examples. Adhering to the methodology adopted in ImageBind for video processing, two representative frames
are selected for each video for processing. For video8, denoted as+8 = »E0; ”””;E=8� 1¼, where=8 is the number of
frames, we selectE0 andE=8•2 to be inputted into ImageBind. The total loss is formulated as follows:

L aux¹G;\ º =
Õ

¹G8•+8º 2 D




 Encoder¹G8; \ º � ImageBind¹+8•0•+8•=8•2º




 2 ¸ ' ¹\ º

Here,G8 and+8 represent paired sensor and video data from the datasetD , with \ denoting the encoder's weights
and R denoting a regularization term. Through this approach, the sensor encoder can generate meaningful
representations without necessitating the execution of the entire Sensor2Text model in an end-to-end manner.
After this training phase, the weights of the sensor encoder are frozen for the duration of the remaining training
process.

4.3 Language Decoder
After acquiring the feature representation for a segment of sensor data, it becomes essential to devise a method to
process both the input textual prompt and the sensor data to generate a response. To accomplish this, the LLaMA
Large Language Model is employed as the language decoder [64]. Furthermore, a bridging layer is incorporated
to reconcile our sensor representation with the subsequent language decoder.

4.3.1 Primer on �erying Transformer.Prior to processing the encoded sensor representation with LLaMA,
we utilize the Querying Transformer [46] to bridge the sensor encoder's outputs to LLaMA's embedding space.
The Querying Transformer (Q-former) is a bottleneck architecture designed to distill textual information from
the outputs of an upstream encoder. The Q-former is a transformer-based model that utilizes a set of learned
queries as input and uses cross-attention to interact with the embeddings of the upstream encoder. Compared to
traditional methods, such as employing a linear layer or feedforward network, the Q-former is able to generate
any number of tokens for the downstream language decoder. Moreover, the use of attention and cross-attention
allows the Q-former to learn and output complex interdependencies between the output tokens. As a result, the
tokens produced are semantically coherent to the downstream LLM.

We initialize the Q-former with pre-trained weights to leverage the existing vision-language knowledge
inherited from pre-training tasks [46] and further end-to-end text generation �netuning. Speci�cally, the pre-
trained Q-former from VideoLLaMA's [77] omni-modal (AL) branch is utilized because it has undergone the
aforementioned pre-training as well as further �netuning on vision-language tasks using ImageBind as the visual
encoder, serving as the ideal base model to transfer knowledge to sensor data.

4.3.2 Language Decoder.The language decoder not only interprets data from the sensor encoder but also handles
conversational tasks involving reasoning, leveraging world knowledge, and following instructions. Hence, we opt
for a pre-trained Large Language Model (LLaMA-7B) [64] as our optimal choice. LLaMA-7B, the most lightweight
model in the LLaMA family, is well-suited for our computationally intensive training process.

Similar to other transformer-based large language models [3, 58], LLaMA employs a text tokenizer to generate
embeddings from an input text sequence, represented asTokenizer¹Gº 2 R) � 3LLaMA, before processing it in the
transformer layers. Here,) is the number of tokens in the text sequence and3LLaMA indicates the size of each
token embedding. The output of the language model can then be written as~ = LLaMA¹Tokenizer¹Gºº.

To incorporate the sensor data, we apply the Querying Transformer to the output of the sensor encoder to extract
sensor embeddings and prepend them to the text embeddings. The resulting output is~ = !!0"� ¹&�>A<4A¹uB4=Bº�
)>:4=8I4A¹Gºº. Here,uB4=Bis the output from the sensor encoder, and&�>A<4A¹uB4=Bº 2 R � 3LLaMA is the output
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from the Q-former, where denotes the number of learned queries in the Q-former and3LLaMA denotes the size
of LLaMA's embedding space. Together, the computed sensor tokens and input text tokens allow the model to
respond conditioned on sensor inputs.

4.3.3 Temporal-Aware Tokens.The sensor representation encapsulates information regarding events within
a sequence of sensor data but lacks temporal clarity for the LLM. However, comprehending daily activities
necessitates di�erentiating the chronological sequence of events, which may be further inquired by the user in
detail. To tackle this issue,= segments of equal length are sampled from a speci�ed time interval of wearable sensor
data. Each segment is then encoded to yielduB4=B•Cfor C2 »1• ”””•=¼. These encoded segments are concatenated
with the output tokens from all= intervals when inputted into LLaMA. The �nal output is represented as
~ = !!0"� ¹&�>A<4A¹uB4=B•1º � ”””� &�>A<4A¹uB4=B•=º � �<14338=6¹Gºº. Given that each of the= sequences of
tokens carries meaningful information, di�erent values for= can be employed throughout training and inference.
This adaptability enables Sensor2Text to handle variable lengths of wearable sensor data sequences.

Finally, the outputs of all of the&�>A<4A¹uB4=B•8º are encapsulated in natural language, enabling us to leverage
more of LLaMA's inherent capabilities. An illustrative prompt is shown in Figure 4.

Stage Prompt / Ground Truth

Cross-Modal
Training

LLM Input:
[INST] <<SYS>>You are a helpful language and vision assistant. You are able to understand
the visual content that the user provides, and assist the user with a variety of tasks using
natural language.<</SYS>>

Open your eyes and imagine you see:<sensor embeddings>. Provide a brief description
of the scene.[/INST]
Ground Truth:
A person is slicing a cucumber.

Instruct
Finetuning

LLM Input:
[INST] <<SYS>>You are a helpful language and vision assistant. You are able to understand
the visual content that the user provides, and assist the user with a variety of tasks using
natural language.<</SYS>>

<image embeddings>What objects are the main focus of the image?[/INST]
Ground Truth:
The main focus of the image is a collection of stu�ed toy bears.

Fig. 4. Example prompts and ground truths for the two aforementioned finetuning stages. A�er the text is tokenized into
textual embeddings, the image or sensor embeddings outpu�ed by the �erying Transformer are inserted at the indicated
location, allowing the language model to process both the text and the image or sensor information when producing a
response. For stage 1, using our hyperparameters, there are 64 sensor embeddings and approximately 100 text embeddings
(depending on the training prompt). The same system prompt is used as the pre-trained vision model to maximize the
e�ectiveness of transfer learning.

4.3.4 Cross-Modal Training.The language decoder is trained by employing a text generation loss over sen-
sor/caption pairs. This loss is computed utilizing the logits generated by LLaMA for each token in its vocabulary
and calculating a cross-entropy loss against the ground truth token. The total loss across a sequence of input
tokensfG8g8=1•”””•=and output tokensf~8g8=1•”””•< is the cumulative sum of cross-entropy losses for each output
token, conditioned on the preceding sequence of tokens. These tokens comprise a prompt, as illustrated in Figure
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4, and the outputs of the Q-former conditioned on wearable sensor data. The total loss is expressed as follows:

L gen¹G•~;\ º = �
<Õ

8=1

log?\ ¹~8jG•~1• ”””•~8� 1º

Here,\ denotes the weights of the language decoder and?\ is the probability that LLaMA assigns a given
token. The loss is e�ciently computed using a causal attention mask. This mechanism ensures that the model
calculates output logits for a token-based solely on preceding tokens, allowing simultaneous computation of all
summands in the generation loss for a given input/output sequence.

During training, LLaMA is frozen to preserve its language modeling abilities. In addition, the sensor encoder is
frozen to promote training stability and uphold alignment between the embedding space of the sensor encoder
and ImageBind's visual encoder. The loss incurred in text generation is transmitted through LLaMA to the
Q-former via the tokens it generates in the input token sequencefG=g.

Lastly, we rephrase activity labels into full, natural-language captions. This approach e�ectively leverages
LLaMA's existing textual reasoning abilities, avoiding a substantial decline in language performance that naive
�ne-tuning might cause. The Q-former is trained using text generation loss with the modi�ed input/output pairs
and subsequently learns to produce tokens meaningful to LLaMA and prompt accurate generation outputs after
the training.

4.3.5 Noise Injection for Robustness.Visual LLMs trained in a similar fashion [46, 51, 77] utilize much larger
datasets than existing wearable sensor datasets. Consequently, the language decoder may be less robust, susceptible
to over�tting, and exhibit signi�cantly di�erent behaviors with minor variations in the input distribution. To
mitigate this issue, noise injection is incorporated into the outputs of the Q-former before feeding them into
LLaMA. Noise injection involves adding a random Gaussian vector with a small variance to the inputs, enhancing
the model's resilience to minor input alterations. Speci�cally, we implement

&�>A<4A0¹uB4=Bº8 = &�>A<4A¹uB4=Bº8 ¸ X8•X8 � N ¹ 0• f 2�=º

where&�>A<4A¹uB4=Bº8 denotes the i-th token generated by the Q-former,f 2 represents a small variance, and
�= is an identity matrix with n rows and n columns. Since adjacent points in LLaMA's embedding space share
similar semantic meanings, this approach ensures robustness without substantially altering LLaMA's perception of
its inputs in the training stage. Following the incorporation of noise injection, our model demonstrates improved
performance on unseen data, as detailed in subsequent sections.

4.3.6 Instruct Finetuning.After completing the initial stage of cross-modal training, the model's performance in
conversational contexts, such as responding to user inquiries, diminishes, as it has been trained solely to output
activity labels. To address this issue, a second stage of �ne-tuning is introduced to restore instruction-following
capabilities. In this phase, the model is �netuned using question-answer pairs and example conversations. However,
due to the lack of such a dataset with wearable sensor data, a visual instruction dataset is utilized instead. Since
the sensor encoder has been trained with the ImageBind visual encoder as a teacher, the language decoder can
be �netuned using ImageBind as the encoder on a vision instruct dataset. The Q-former is �ne-tuned using
text generation loss on image/conversation pairs, using ImageBind to extract visual embeddings. Through this
process, the model retains its understanding of sensor data while also regaining instruction-following capabilities.
After training is completed, the model can engage in conversations about sensor data without prior exposure to
sensor-based discussions.

4.4 Training Procedure and Implementation Details
We select the datasets ActionSense [29] and MMAct [43] to evaluate our model. Each consists of subjects
performing various daily activities while collecting wearable sensor data, corresponding video footage, and
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textual activity labels; further details regarding each dataset are elucidated in the following section. We sample
the sensor data using a constant sampling rate of 50Hz or 100Hz, depending on the sensor data modality. We
further apply preprocessing steps, such as �ltering and normalization, to each wearable sensor data modality,
as speci�ed in the following section. Each video is cropped to 224 by 224 pixels and values across each color
channel are normalized. These steps ensure that negative e�ects from faulty sensor readings or video footage are
minimized.

We select paired sensor and video clips with a length of 2 seconds to train the sensor encoder. We set the size
and stride of each 1D convolutional tokenizer in the model to 10. The sensor encoders for each modality consist
of 6 transformer encoder layers, each with a hidden size of 512. Additionally, they feature a feedforward network
with a hidden layer size of 2048 and multi-head attention with 8 attention heads and a dimension of 64 per
head. Layer Normalization [5] is applied after each attention and feedforward layer in the transformers. Dropout
regularization with a dropout rate of 0.1 is also employed. The encoder is trained using the Adam optimizer
[42] with a learning rate of2 � 10� 4 and a batch size of 32. Training is conducted by using the auxiliary training
objective until validation loss stabilizes.

For the language decoder, a Q-former is employed, comprising = 8 query tokens, each with a dimension
equivalent to LLaMA-7B's embedding dimension of 4096.= = 8 temporal tokens are selected, and noise injection
is applied with a variance off 2 = 10� 4. In the �rst stage of �ne-tuning, the Q-former undergoes �ne-tuning
using the Adam optimizer [42] with a learning rate of2 � 10� 6 on an NVIDIA T4 GPU for 20 epochs, during
which the validation loss stabilizes. Moving to the second stage of �ne-tuning, the LLaVA-Instruct dataset [51] is
chosen, containing images from the Microsoft COCO [26] dataset alongside corresponding example conversations.
ImageBind is utilized to generate visual embeddings for images in LLaVA-Instruct. Training in this stage follows
the same settings as the �rst one, with the learning rate adjusted to3 � 10� 6 and conducted for 5000 iterations,
leading to a qualitative assessment indicating the restoration of instructive capabilities.

5 EVALUATION
In this section, a comprehensive evaluation of Sensor2Text's capabilities is provided. We showcase sample
conversations with Sensor2Text, demonstrating its pro�ciency in daily activity captioning, question answering,
and reasoning. We also systematically compare Sensor2Text against similar models using quantitative metrics.
Additionally, we explore Sensor2Text's pro�ciency in leveraging multiple modalities of sensor data, its robust
ability to generalize to unseen users, and ablation studies to assess the contribution of various components of the
model. Finally, we assess Sensor2Text's performance when applied on low information-density IMU sensors.

5.1 Dataset
We select the ActionSense [29] dataset, a multi-modal wearable sensor dataset for human activities in a kitchen
environment, for use in the primary qualitative and quantitative evaluations of the model. The ActionSense
dataset consists of 10 subjects, each performing kitchen activities in episodes spanning 60-120 minutes, such as
preparing food, cleaning tableware, and interacting with items. In total, there are 20 diverse kitchen activities
distributed between these categories. The full set of activities is depicted in Figure 5.

Various wearable sensor data modalities are collected during each episode and are paired with corresponding
visual footage and text labels. From the available data modalities, we select the body-tracking, muscle activation,
and eye-tracking due to them being consistently present for all episodes. The data is gathered using the Xsens
MTw Awinda body tracking system [71], the Pupil Core eye-tracking headset from Pupil Labs [45], EMG sensors
from Thalmic Lab's Myo Gesture Control Armband. Each wearable sensor records readings stored as sequential
data of di�erent frequencies. Additionally, we use visual footage collected from on-head cameras.
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