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Deploying human activity recognition (HAR) at home is still rare because sensor signals vary wildly across houses, people,
and time, essentially requiring in-situ data collection and training. Prior approaches use cameras to generate training labels
for privacy-preserving sensors (LiDAR, RADAR, Thermal), but this forces sensors to detect prede!ned activities that cameras
can see yet the sensors themselves cannot reliably distinguish. In this work, we introduce OrganicHAR, an activity discovery
framework that inverts this relationship by placing sensor capabilities at the center of activity discovery. Our approach
identi!es naturally occurring signal patterns using privacy-preserving sensors, leverages Vision Language Models (VLMs) only
during these key moments for scene understanding, and discovers discrete activity labels at granularities that these sensors
can reliably detect. Our evaluation with 12 participants demonstrates OrganicHAR’s e"ectiveness: it achieves 79% accuracy
for coarse (4-5) activities using only basic ambient sensors (radar, lidar, thermal arrays), and 73% accuracy for !ne-grained
(8-9) activities when a wearable IMU, depth, and pose sensor are added. OrganicHAR maintains 77% accuracy on average
across con!gurations while discovering 4-8 categories per user (15 across all users) tailored to each environment and sensor
capabilities. By triggering video processing only at key moments identi!ed by local sensors, we reduce queries to VLM by
90%, enabling practical and privacy-preserving activity recognition in natural settings.
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interaction; Interactive systems and tools; Ambient intelligence; • Computing methodologies → Planning for
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1 INTRODUCTION
Smart homes that can infer the activities of their occupants and o"er them insights, automation, and assistance
without privacy-invasive cameras or microphones have been a longstanding vision of the research community
and companies [16, 17, 61]. Yet despite signi!cant advances in Human Activity Recognition (HAR) techniques,
their deployment remains largely unrealized in most households [65, 69]. While these HAR systems achieve
impressive performance using benchmarks and in controlled settings, they falter in real home settings. This
persistent disconnect stems not from technological limitations alone, but from a fundamental misalignment
in how we have conceptualized the problem: we face the dual challenge of (i) deploying models in organic
settings where users perform diverse, evolving activities in countless variations and (ii) simultaneously obtaining
high-quality training labels to identify what activities are occurring in these complex, unstructured environments.
Most existing HAR approaches start with a set of activities to detect and classify. For instance, Patidar et

al. [56] trained privacy-preserving sensors (e.g., radar, lidar) to detect 17 common activities of daily living at
home. While these approaches prove e"ective for short durations, the assumption that the same set of activities
happens with similar consistencies across all environments breaks down in the long term, as users engage in
everyday activities in their very own idiosyncratic ways [30, 65]. This reliance on pre-de!ned activity sets creates
challenges in aligning with activities that matter to users and what activities these sensors can reliably detect
in diverse environments. Rather than imposing a !xed set of activities across all environments, we need HAR
systems that can autonomously discover what activities are reliably detectable given the speci!c sensors deployed
in each unique setting. This discovery capability is crucial for practical adoption—users must understand their
sensors’ actual detection capabilities before making informed decisions about how they want to use these systems.
In this paper, we introduce OrganicHAR1 (Figure 1), a novel framework that takes the !rst step towards this

vision by discovering activities that naturally emerge from available sensing capabilities, rather than imposing
prede!ned categories. We start by identifying potentially meaningful patterns (i.e., recurring spatial patterns and
temporal $uctuations) within sensor data. Next, we selectively leverage Vision Language Models [15] (VLMs) to
understand what activities these patterns represent, and convert descriptions (in natural language) into discrete
labels to train HAR models. Our approach o"ers two advantages critical for practical deployment: (1) it allows us
to control the granularity of recognized activities for di"erent environments and available sensing capabilities;
and (2) it reduces computational overhead by processing only essential video segments during training.
Developing the OrganicHAR framework required solving two major technical challenges. First, we devel-

oped novel techniques to identify meaningful interaction moments from multimodal time-series sensor data,
without requiring prior activity models. Second, to address the inconsistent activity descriptions generated by
VLMs, we implemented a clustering method that transforms these variable VLM descriptions into consistent,
sensor-appropriate activity labels—e"ectively connecting rich semantic understanding of VLMs with the limited
capabilities of privacy-preserving sensors.
1 https://github.com/synergylabs/OrganicHAR
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Fig. 1. The OrganicHAR framework discovers activity labels through a three-step sensor-first approach. Step 1: Privacy-
preserving sensors identify “key moments” with recurring pa!erns (clusters) or anomalies (peaks). Step 2: A vision language
model (VLM) generates natural language descriptions only for these key moments. Step 3: Descriptions are converted into
activity labels with adaptive granularity tuned for downstream applications, following human-intuitive hierarchies where
specific activities (e.g., "Sandwich Prep") naturally group into broader categories ("Food Prep"→ "Counter Activity") while
maintaining semantic meaning. Unlike prior approaches that use predefined activities and continuous video monitoring (top
right), OrganicHAR discovers activities organically from sensor capabilities while reducing video processing by 90%.

To build and evaluate the performance of OrganicHAR, we collected a comprehensive multimodal dataset
(comprising a Doppler RADAR, a 2D LiDAR, a thermal array, a wearable IMU, pose and depth sensors) from 12
participants, who performed four di"erent breakfast preparation tasks (preparing sandwiches, tea, co"ee, and
cereal). Each participant performed these tasks naturally without instructions, allowing us to capture organic
activity patterns as they would occur in real homes. Our results show that OrganicHAR can reliably discover up to
4-8 labels per user (15 unique labels across 12 users) with 87% accuracy. Using these automatically discovered labels,
we trained downstream activity recognitionmodels for privacy-preserving sensors that achieved 70%-88% accuracy
(F1-Score: 68%), with performance varying based on activity label granularity and sensor con!guration. This
performance is notable because it emerges from activity patterns discovered in an organic setting and is not
limited to detecting manually de!ned activities. We further validated OrganicHAR’s e"ectiveness in the wild,
through deployment in 5 homes for 7 days each, where the system adapted to natural daily routines and diverse
kitchen environments, achieving 74.2% accuracy while demonstrating e"ective learning over time. Moreover, our
approach is computation and cost-e#cient since it only sends approximately 10% of video data to VLMs in the
cloud, which also reduces over time. These results highlight the potential for practical at-home HAR systems that
require no human labor and minimize reliance on privacy-invasive sensors. In summary, we make the following
contributions:

• OrganicHAR, a framework that reorients HAR by discovering activities from sensor patterns rather than
prede!ned categories, minimizing privacy concerns while enabling practical deployment in real homes without
continuous video monitoring. The source code is publicly available.

• Evaluation of OrganicHAR, which demonstrated that it achieves 70%-88% accuracy for di"erent hardware
con!gurations while automatically discovering up to 4-8 activities per user (15 unique across 12 users) without
manual annotation. Our real-world deployment in 5 homes further validates the practical e"ectiveness of
OrganicHAR, showing 74.2% accuracy across natural daily routines.

• Multimodal dataset comprising controlled evaluation data from 12 participants performing breakfast preparation
tasks across three distinct kitchen environments and real-world deployment data from 5 homes over 7 days
each (11 hours), captured through six sensor modalities [59]. We hope this dataset enables further research in
the space of HAR in unconstrained settings.
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2 BACKGROUND AND MOTIVATION
Ultimately, our goal is to develop context-aware systems that assist people in their homes—enabling aging in place, 
supporting complex daily activities, and promoting safety. In deploying such systems, cameras and vision-based 
models are powerful, but continuous monitoring violates privacy. On the other hand, sensors, such as RADAR, 
Thermal sensor, and IMU, protect privacy but require extensive manual labeling of training data that users cannot 
realistically provide.

We have worked toward this vision through a series of projects, each solving certain challenges while revealing 
others. VAX [56] demonstrated that privacy-preserving sensors (RADAR, LIDAR, Thermal sensor) could achieve 
85% accuracy after bootstrapping from camera data during the training phase, eliminating continuous camera-
based monitoring. However, like several prior studies, VAX uses a rigid taxonomy of prede!ned activities and 
fails to capture real-world diversity, with unrecognized behaviors relegated to an “Other” category. Then, as one 
of the applications meaningful to users, PrISM [4–7] was developed as a framework to support procedural tasks, 
such as cooking and self-care, with a context-aware, mixed-initiative assistant that combines HAR and dialogue 
interaction. While demonstrating e"ectiveness in certain scenarios, the PrISM assistant often faces challenges in 
HAR; people improvise, combine tasks, and create their own routines—variations that prede!ned activity models 
cannot anticipate. These prior projects have motivated this work: we need to discover what activities (1) occur in 
an environment ; (2) can be sensed by the system; and (3) are bene!cial to be tracked for the user.
Hence, we built OrganicHAR, which inverts the traditional paradigm by letting sensor capabilities drive 

activity discovery. OrganicHAR’s “sensor-!rst” approach enables each deployment to develop its own activity 
taxonomy matched to both the available sensing resources and how individuals actually behave. The convergence 
of these three technologies—VAX’s privacy-preserving sensing, PrISM’s procedural assistance, and OrganicHAR’s 
organic discovery—now enables systems that learn individual household patterns, monitor for safety concerns, 
and provide assistance tailored to each person’s unique routines. We are currently working with people living 
with Dementia [10] and post-operative skin cancer patients [26, 67] to provide daily task assistance and safety 
monitoring. In our deployments, the system learns each person’s unique patterns, monitors for safety concerns 
like forgotten appliances (e.g., stove left on), and provides task assistance tailored to their speci!c routines and 
cognitive abilities. By integrating bootstrapped sensing, adaptive interaction, and organic activity discovery, we 
move closer to systems that adapt to people’s actual needs and routines instead of requiring people to adapt to 
prede!ned technological constraints.

3 RELATED WORK
We begin with previous work using privacy-preserving sensors for recognizing human activities. Then, we review 
machine-learning methods for addressing the challenges of training HAR models in new environments. Finally, 
we focus on prior work for in-situ training to clarify the novelty of our approach.

3.1 Human Activity Recognition (HAR) with Privacy-preserving Sensors
Human Activity Recognition (HAR) has been extensively studied for its promising applications. Video-based 
HAR has traditionally dominated [55], bene!ting from large-scale datasets [19, 28] and advanced understanding 
toolboxes [48, 49]. VLMs have recently revolutionized this !eld, enabling zero-shot activity recognition [45, 62]. 
However, deploying video-based systems in real homes faces signi!cant challenges: substantial computational 
resources (often gigabytes of GPU memory) and serious privacy concerns from continuous monitoring [1, 80]. 
Researchers have investigated alternatives such as privacy-preserving ambient sensors—Doppler radars [3, 13], 
lidars [36], low-resolution thermal arrays, subsampled audio sensing [50], and environmental sensors [37]—and 
wearable devices with IMUs [14, 75, 82]. Wang et al. provide a comprehensive review of multi-modal sensor fusion
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techniques [71]. Researchers have also explored multi-modal sensing [47], sensor fusion [2, 52], and generative
training approaches [43, 74] to enhance accuracy.

Most existing HAR approaches rely on supervised learning with prede!ned activity labels, requiring designers
and developers to anticipate activities before data collection. This creates challenges in selecting the appropriate
granularity: too !ne-grained (e.g., distinguishing between chopping di"erent vegetables) reduces accuracy due to
subtle signal di"erences and increased complexity; too coarse-grained (e.g., simply detecting “cooking”) diminishes
utility by lacking meaningful and actionable task insights. These challenges highlight the need for approaches
that discover and recognize activities autonomously at appropriate granularity. Notably, while clustering-based
methods can identify patterns without prede!ned labels [8, 21], they require manual interpretation to assign
meaningful labels [29, 73], limiting practical applications like monitoring speci!c home events. OrganicHAR
addresses this gap by streamlining the process through advances in vision and language foundational models.

3.2 Transfer Learning and Domain Adaptation
Transfer learning and domain adaptation techniques address HAR training challenges with privacy-preserving
sensors by leveraging knowledge from data-rich but privacy-invasive modalities (video and raw audio) to
generate synthetic training data for privacy-preserving sensors. Researchers have developed methods converting
audio/video/images to synthetic IMU signals [35, 42, 78], video to doppler sensor readings [3, 24], or IMU signals
to doppler sensor readings [13]. This paradigm has strengthened with advances in foundational models [39, 40],
with researchers using VLMs as zero-shot or few-shot learners for HAR [9, 41, 62]. These approaches require
continuous video data access and substantial computational resources, making them impractical where privacy,
cost, and latency matter. Self-supervised learning o"ers another direction to minimize reliance on labeled
data [23, 31, 60], but still requires prede!ned activity sets and struggles to discover new activities autonomously.
Unlike approaches that transfer knowledge into prede!ned activity sets, our work explores a novel bootstrapping
framework focusing on the signal representation of each sensor. We use targeted video analysis of key moments
to build robust models that subsequently operate using only privacy-preserving sensors, leveraging VLMs’
understanding capabilities while maintaining privacy and practical deployability in real-world settings.

3.3 Approaches for In-situ Training
In-situ training approaches aim to bootstrap HAR systems to new environments while minimizing data collection
and annotation burden. Clustering-based methods group similar sensor patterns, and then request user labels for
representative samples from each cluster [29, 73]. While reducing annotation burden, users must still manually
provide labels, and systems remain limited to prede!ned activities. For instance, some systems temporarily deploy
cameras to capture ground truth labels for training models that operate on privacy-preserving sensors alone,
but these typically struggle with complex or unknown activities [48, 56]. Other approaches explore interactive
learning strategies that gradually re!ne activitymodels based on user feedback [34]. These often require signi!cant
user involvement or struggle to capture activity diversity. Unlike prior approaches, OrganicHAR uses privacy-
preserving sensors to identify key moments for targeted video analysis rather than requiring continuous video
recording or extensive user annotation. By leveraging VLMs’ scene understanding capabilities during these brief
moments, we bootstrap location awareness and rich activity recognition without prede!ned labels. This enables
autonomous activity discovery while minimizing privacy concerns and user burden.

4 HARDWARE DESIGN
Our system implements a modular sensing infrastructure that can be con!gured with di"erent combinations of
sensors based on application requirements and user privacy preferences. We categorize our sensors into three
tiers: (1) a basic ambient sensing setup (Ambient (Basic) Only) ambient sensors including position sensing with 2D
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Fig. 2. Visualizing information across various activities from various privacy-preserving sensors inspired by our prior work
on VAX [56]. (a) shows the movement range and radial velocity of moving objects using a Doppler sensor and object distance
and angle using a Lidar sensor in the sensor plane across a sequence of activities happening in the living room. (b) shows
snapshots of the Thermal and Depth Array at a given timestamp for various kitchen activities. For depth visualization, pixels
grow darker when the user is closer to the sensor. (c) shows our hardware rig used to collect sensor data.

lidar, movement sensing with a doppler radar, and infrared sensing using low-resolution (10x10) thermal arrays;
(2) an intermediate sensing setup (Ambient (Basic) + Wearable (IMU)) combining ambient sensors with wearable
motion (IMU) data from smartwatches; and (3) an advanced setup (Ambient (Advanced) + Wearable (IMU)) that
includes on-device human pose and depth estimation. Our current prototype integrates these sensing modalities
(See Figure 2c) through a small form factor PC (Intel NUC, 8-core, 16GB RAM) that handles all processing locally.
For the initial training phase only, we use an iPhone for video capture to enable VLM-based scene understanding.

Basic Ambient Sensing:Our basic con!guration focuses on non-optical sensors that capture coarse movement
and presence information. This includes: (i) FMCWDoppler Radar using a 77GHzmmWave radar (AWR1642BOOST-
ODS) operating at 5Hz that captures movement through RF re$ection, providing velocity and range information
for detecting signi!cant movements (Figure 2a), (ii) 2D Lidar that measures distance using Time of Flight (ToF) or
laser beam parallax. We utilize a Slamtec RPLIDAR A1M8, which delivers 360-degree horizontal measurements
at 6-8Hz with 1-degree angular resolution. This data identi!es spatial occupancy patterns and environmental
changes (Figure 2a), and (iii) Low-Resolution Thermal Camera that provides a 10x10 pixel thermal map at 8Hz.
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Fig. 3. Overall architecture of OrganicHAR. Raw sensor signals from di"erent hardware configurations (§4) are featurized for
each sensor separately (§5.1), and used to identify key moments (§5.2) for targeted video processing using VLMs. The raw
descriptions are then converted to discrete activity labels using LLMs (§5.3), and further refined using a relaxation parameter
𝐿 (§5.4). The final activity labels are used to train activity recognition models (§5.5) for deployment.

While the original sensor (FLIR Lepton 3.5) o"ers higher resolution, we reduce it to preserve privacy [56] while
still capturing thermal signatures associated with di"erent activities, such as using appliances or engaging in
tasks that have thermal signatures (e.g., heating kettle, accessing a fridge; see Figure 2b).
Wearable Sensing: We also support con!gurations where a user-worn wearable device is utilized, enabling

the capture of personalized motion data using Smartwatch IMU, and a custom iOS app to capture detailed motion
data from Apple Watch. The IMU provides acceleration, gyroscope, and magnetometer data at 50Hz, enabling
recognition of hand movements and gestures that complement the ambient sensing data. This sensor captures
personal movement data and does not record any environmental information.
Advanced Ambient Sensing: Our advanced con!guration adds on-device processing capabilities through

the OAK-D Lite platform [58]. It includes: (i) On-Device Pose Sensing that outputs normalized pose coordinates
(640x480 frame) from device, and (ii) Low-Resolution Depth Maps using stereo vision capabilities on OAK-D Lite
(Figure 2b). This low-resolution depth information provides valuable context about spatial relationships while
making it extremely hard to reconstruct any part of the original images [32].
Each sensing tier presents distinct privacy-capability tradeo"s. The basic ambient con!guration maximizes

privacy as its sensors cannot capture personally identi!able information, requiring no user interaction after
installation. The wearable con!guration enables personalized motion tracking but requires the device to be worn
consistently. The advanced con!guration provides detailed user information through processed pose and depth
information, though optical sensors may raise privacy concerns despite no raw image output, making it better
suited for common areas. Notably, future hardware-limited sensors that constrain functionality at the hardware
level [25, 51, 72] could potentially address these concerns. As we demonstrate later, OrganicHAR’s multiple
con!guration options enable deployments that balance privacy preferences with recognition capabilities based
on individual needs and spatial contexts.

5 SYSTEM DESIGN
Figure 3 presents the overall architecture of our OrganicHAR framework, highlighting its major components.
OrganicHAR operates through a sensor-!rst approach where privacy-preserving sensors drive activity discovery.
Raw sensor signals from di"erent hardware con!gurations (§4) are !rst featurized for each modality separately
(§5.1). These features are then used to identify key moments (§5.2) that warrant targeted video processing
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using VLMs. The resulting raw descriptions from VLMs are converted to discrete activity labels using LLM-
based clustering (§5.3) and further re!ned using a relaxation parameter 𝐿 (§5.4) to control semantic granularity.
Finally, these discovered activity labels are used to train activity recognition models (§5.5) that operate solely on
privacy-preserving sensors during deployment, eliminating the need for continuous video monitoring.

5.1 Featurization
Each sensor modality produces unique signal patterns with inherent capabilities and limitations, requiring
tailored featurization methods to maximize their strengths. OrganicHAR employs a sliding window approach
with !xed-length 5-second segments and 0.5-second stride length for both training and inference. For feature
extraction at timestamp 𝑀𝐿 , we compute features using sensor data from interval [𝑀𝐿 ↑ 5, 𝑀𝐿 ] seconds. This window
size is consistent with recent sensor fusion approaches [12, 66] to capture su#cient temporal context while
maintaining computational e#ciency. During !nal activity recognition, we aggregate consecutive predictions
from overlapping windows to determine activity boundaries and durations, accommodating both brief interactions
and extended tasks. This multimodal approach achieves complementary fusion, which enables our system to
identify scene-relevant moments and activity patterns across di"erent environments and sensor con!gurations
more robustly than any single modality. We provide sensor-speci!c featurization details in Appendix A.1.

5.2 Key Moments Identification
Once we have featurized data, we start by identifying key moments for each modality. This critical module
determines which segments of sensor data warrant further analysis by the VLM. The module ingests featurized
sensor streams and processes them through two complementary approaches: (1) a spatial clustering module that
identi!es recurring patterns representing consistent activities in the feature space, and (2) a temporal change
detection module that identi!es segments with notable signal shifts indicating activity transitions.

5.2.1 Spatial Clustering. We employ clustering in the feature space of each sensor modality to identify recurring
patterns representing distinct activity signatures. While we refer to this as “spatial clustering,” it operates not in
the physical space but in the high-dimensional feature space speci!c to each sensor, where sensor signals from
similar activities form natural clusters regardless of their physical location. We leverage HDBSCAN (Hierarchical
Density-Based Spatial Clustering of Applications with Noise) [46], selected for its ability to discover clusters of
varying densities without requiring a prede!ned cluster count, crucial for unsupervised activity discovery in
unfamiliar environments. After applying standard preprocessing (robust scaling and dimensionality reduction
using principal component analysis), we optimize the clustering process through careful hyperparameter tuning.
The key hyperparameters governing our feature space clustering include:

• min_cluster_size ↓ {𝑁1,𝑁2, . . . ,𝑁𝑀}: Determines the minimum points required to form a cluster, directly
in$uencing the granularity of detected activity patterns.

• min_samples ↓ {𝑂1, 𝑂2, . . . , 𝑂𝑁}: Controls clustering conservativeness, with higher values producing more
stringent cluster formation.

• n_components ↓ {𝑃1, 𝑃2, . . . , 𝑃𝑂 }: De!nes the dimensionality of the feature space after reduction.
Central to our approach is a carefully designed scoring function that evaluates clustering quality across all

sensor modalities for a given combination of hyperparameters:

score = 𝑄1 · 𝑅𝑂𝑃𝑄𝑅𝑆 +𝑄2 · 𝑅𝑅𝑃𝑇𝐿𝑈 +𝑄3 · 𝑅𝑉𝑊𝑃𝑁 (1)
This function balances three essential aspects of e"ective activity clustering for our use case:
• 𝑅𝑂𝑃𝑄𝑅𝑆 : Evaluates how well the number of discovered clusters aligns with activity diversity (between 𝑆𝑋𝑇𝑅

and 𝑆𝑋𝑀𝑌 clusters), penalizing overly granular and overly coarse solutions.
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• 𝑅𝑅𝑃𝑇𝐿𝑈 : Assesses the proportion of data points assigned to meaningful clusters rather than noise, preferring
solutions with noise ratios below 𝑇𝑋𝑀𝑌 . It separates random sensor activations from meaningful patterns.

• 𝑅𝑉𝑊𝑃𝑁 : Captures the average cluster membership probability, re$ecting the con!dence in cluster assignments
and favoring well-de!ned, distinct activity signatures.

This scoring framework consistently evaluates cluster quality across diverse sensing modalities while accom-
modating their varying signal characteristics. The weighted combination balances cluster count appropriateness
(𝑄1) with noise handling and assignment con!dence (𝑄2 and 𝑄3). From each cluster, we select representative
windows with high membership con!dence as key moments for VLM analysis, signi!cantly reducing the required
video processing requests while capturing essential activity patterns. Our approach excels at activity discovery
by identifying natural signal groupings that correspond to distinct behaviors — cooking activities might cluster
in Doppler feature space despite di"erent kitchen locations, while refrigerator interactions might form clusters in
thermal feature space despite varying user movements. Through empirical evaluation across sensors, we selected
hyperparameter ranges that provide optimal clustering: min_cluster_size ↓ {3 ↑ 8}, min_samples ↓ {2 ↑ 5}, and
n_components ↓ {8↑80}, with modality-speci!c adjustments (e.g., thermal sensing uses cluster_selection_epsilon
↓ {0.01 ↑ 0.03} for tighter clusters). The scoring weights (𝑄1 = 0.3 ↑ 0.4,𝑄2 = 0.15 ↑ 0.3,𝑄3 = 0.1 ↑ 0.3) and
target parameters (desired clusters between 20-40, maximum noise ratio of 0.8) are consistent across modalities.

5.2.2 Change Detection. We also leverage the temporal changes in signals of each modality, expecting that these
moments can capture useful actions. We used an algorithm based on multimodal anomaly detection, speci!cally
the one proposed by Yamanishi et al. [76]. This algorithm is online, unsupervised outlier detection using the
Gaussian Mixture Model (GMM), which can capture changes in time-series signals without prior knowledge.
Whenever a new data sample is received, it computes an anomaly score based on its likelihood under the current
GMM and simultaneously updates the model parameters. Speci!cally, let y𝑆 ↓ R𝑍 denote the input sample at
time 𝑀 , and let 𝑈𝑇,𝑆 , 𝑉𝑇,𝑆 , and ω𝑇,𝑆 represent the weight, mean vector, and covariance matrix of the 𝑊th component
(for 𝑊 = 1, . . . ,𝑋 ) of the GMM at time 𝑀 . The anomaly score for y𝑆 is then de!ned as

𝑂𝑆 = ↑ ln

(
𝑎∑
𝑇=1

𝑈𝑇,𝑆↑1 N
(
y𝑆 | 𝑉𝑇,𝑆↑1, ω𝑇,𝑆↑1

))
. (2)

Following this, the parameters of the GMM are updated according to

𝐿𝑇,𝑆 =
𝑈𝑇,𝑆↑1 N

(
y𝑆 | 𝑉𝑇,𝑆↑1, ω𝑇,𝑆↑1

)
∑𝑎

𝑏=1 𝑈 𝑏,𝑆↑1 N
(
y𝑆 | 𝑉 𝑏,𝑆↑1, ω 𝑏,𝑆↑1

) ,
𝑈𝑇,𝑆 = (1 ↑ 𝑌) 𝑈𝑇,𝑆↑1 + 𝑌 𝐿𝑇,𝑆 ,

𝑉̃𝑇,𝑆 = (1 ↑ 𝑌) 𝑉̃𝑇,𝑆↑1 + 𝑌 𝐿𝑇,𝑆 y𝑆 , (3)

𝑉𝑇,𝑆 =
𝑉̃𝑇,𝑆
𝑈𝑇,𝑆

,

ω̃𝑇,𝑆 = (1 ↑ 𝑌) ω̃𝑇,𝑆↑1 + 𝑌 𝐿𝑇,𝑆 y𝑆y𝑆𝑐 ,

ω𝑇,𝑆 =
ω̃𝑇,𝑆
𝑈𝑇,𝑆

↑ 𝑉𝑇,𝑆 𝑉
𝑐
𝑇,𝑆 ,

where 𝑌 is a forgetting factor that controls the in$uence of past observations. After computing the anomaly score
for each 𝑀 using Equation 2, we selected the top 𝑇 points as detected moments. The parameters 𝑋 ,𝑍 and 𝑌 are
hyperparameters of this component. We empirically set 𝑋 = 2,𝑍 = 10, and 𝑌 = 0.1, which works well on average
across all modalities.
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5.3 Label Discovery
After identifying key moments through spatial clustering and temporal change detection, our framework translates
these sensor-identi!ed moments into meaningful activity labels using a multi-stage approach described below:

5.3.1 Semantic Description Generation. For each key moment, we prompt a VLM to generate semantic descriptions
from video frames—the only stage where video data is processed, occurring exclusively during initial training.
We iteratively tested multiple con!gurations to determine optimal video input parameters. Higher frame rates
and resolutions frequently led to hallucinations and inconsistent descriptions. Our empirical testing revealed that
low-resolution frames (640×480) sampled at 1 FPS for 5-second clips provided the ideal balance between detail
and consistency for current (as of July 2025) VLM capabilities, though this balance may shift as vision-language
models improve.
A critical challenge in prompt design was achieving dual objectives: controlling VLM speculation while

balancing speci!city and consistency. VLMs tend to infer intentions beyond what is directly observable and
struggle with appropriate granularity—either overgeneralizing activities (e.g., labeling everything as “kitchen
activity”) or focusing on irrelevant details. We addressed these tensions by explicitly instructing the model
to “focus only on what you can clearly see” while providing structured categories guiding appropriate detail
levels. We directed the VLM to analyze four aspects: (1) actions, including movements between locations; (2)
objects the person interacts with; (3) location where activity occurs; and (4) activity structure (initial conditions,
main actions, results). For each category, we provided examples at appropriate granularity levels to establish
consistent reference points. By requiring JSON-structured output with self-assessed con!dence scores, we enabled
systematic !ltering of observations (𝑎𝑂𝑃𝑅𝑑 = 0.8), rejecting both speculative and overly generic descriptions.
While accurate, the resulting descriptions exhibited inconsistent terminology and granularity across similar
activities—addressed in our label consolidation process. We provide our complete prompt in Appendix A.2.

5.3.2 Location Consolidation. We implemented a two-step label consolidation process: location consolidation
followed by activity description consolidation. The location-based approach works well with privacy-preserving
ambient sensors, which often provide clean separation in signals for spatial di"erentiation. Additionally, the VLM
outputs were more consistent for location references than for action descriptions, providing a stable foundation for
generating location-speci!c activity labels. We design an LLM prompt to consolidate various location references
from VLM outputs (e.g., “at sink,” “by sink,” “near sink basin”) into consistent functional zones like “sink area,”
“counter area,” and “co"ee machine area.” The prompt instructs the LLM to group locations based on supported
activities, merge functionally similar spaces, and maintain separation between distinct activity zones. This spatial
organization helps disambiguate semantically similar actions through their context (e.g., distinguishing “washing
hands” from “washing dishes” based on precise sink location) and creates a foundation for more accurate activity
recognition that leverages the spatial detection capabilities of our sensors.

5.3.3 Activity Consolidation. With established functional zones, we transform unstructured action descriptions
from the VLM into discrete activity labels. For each functional zone, we use an LLM prompt to create high-
level clusters based on action descriptions from this zone. The prompt di"erentiates between actions (physical
movements like “pouring” or “washing”) and purpose/context (the goal or situation, such as “breakfast preparation”
or “dishwashing”). This distinction helps maintain important separations – for example, keeping “pouring cereal”
and “pouring co"ee” as di"erent activities despite sharing the same physical action. In the sink area, “washing
dish with sponge” and “scrubbing plate with sponge” merge into “washing dishes with sponge,” while remaining
distinct from “washing hands with soap.”

We then use LLM-assisted matching to assign each activity description to existing clusters based on interaction
patterns. For each description, we extract action and object information, then use an LLM to calculate weighted
similarity scores based on action alignment (𝑄𝑀 = 60), object consistency (𝑄𝑃 = 25), and location match (𝑄𝑒 = 15).
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These empirically determined weights re$ect the relative importance of each factor in determining activity
similarity. The mechanism e"ectively consolidates variations like “!lling cup using co"ee machine” and “using
co"ee machine with mug” into “preparing co"ee drink” while distinguishing them from functionally di"erent
activities occurring at the same location.

5.4 Label Refinement and Semantic Granularity Control
While our two-step consolidation produces well-de!ned activity labels, we also need to provide users control
over label merging at di"erent granularities. From a human perspective, certain distinctions are more meaningful
than others—“rinsing dishes” and “washing dishes with sponge” should merge before “washing hands with
soap” and “washing dishes” despite textual similarity. We analyze semantic relationships across six dimensions.
We use an LLM to expand each activity label along: (1) action type (e.g., “cleaning,” “preparing”), (2) objects
involved (e.g., “dishes,” “sponge,” “water”), (3) sub-location (e.g., “sink basin,” “counter edge”), (4) purpose/goal
(e.g., “remove food residue,” “prepare beverage”), (5) access patterns (e.g., “reaching for scrubber,” “turning faucet”),
and (6) related activities (e.g., “rinsing dishes” relates to “drying dishes”). This multi-dimensional characterization
provides rich semantic representation. Next, we compute a pairwise similarity matrix 𝑅 where the score 𝑅𝑇 𝑏
between activity labels 𝑏𝑇 and 𝑏 𝑏 is calculated by combining weighted cosine similarities across these dimensions:

𝑅𝑇 𝑏 = 𝑄action · simaction (𝑏𝑇 ,𝑏 𝑏 ) +𝑄object · simobject (𝑏𝑇 ,𝑏 𝑏 ) +𝑄location · simlocation (𝑏𝑇 ,𝑏 𝑏 )+
𝑄purpose · simpurpose (𝑏𝑇 ,𝑏 𝑏 ) +𝑄access · simaccess (𝑏𝑇 ,𝑏 𝑏 ) +𝑄relation · simrelation (𝑏𝑇 ,𝑏 𝑏 )

(4)

For each dimension, we generate textual embeddings using an embeddingmodel and compute cosine similarities
between them. The weights re$ect each dimension’s contribution to human-relevant distinction: action type
(𝑄action = 0.20), object involvement (𝑄object = 0.25), sub-location (𝑄location = 0.15), purpose/goal (𝑄purpose = 0.15),
interaction patterns (𝑄access = 0.15), and explicit relationships (𝑄relation = 0.10). Finally, we apply hierarchical
clustering with a relaxation parameter 𝐿 to group activity labels into clusters 𝑆 such that ↔𝑏𝑇 ,𝑏 𝑏 ↓ 𝑃𝑓 , 𝑅𝑇 𝑏 ↗ 1 ↑ 𝐿.
The values of 𝐿 are typically in the range from 0 (one cluster per activity) to 1 (merge all activities in a single
cluster). This gives users control over recognition granularity through a single parameter—smaller 𝐿 values
preserve !ne distinctions between activity labels, while larger values merge semantically related activities.

5.5 Training Privacy-preserving Human Activity Recognition Models
The !nal phase trains HAR models on privacy-preserving sensors without video after initial training. For each
sensor modality, we evaluate multiple classi!ers robust to imbalanced datasets, implementing leave-one-session-
out cross-validation to assess generalizability. This addresses real-world sensor challenges including missing
values and class imbalance across di"erent environments. After training individual classi!ers, we employ grid
search to identify suitable sensor-classi!er combinations for each functional zone. We evaluate two ensemble
methods: soft voting (combining probability distributions from multiple classi!ers) and hard voting (weighted
voting using each classi!er’s highest-con!dence prediction) [11]. Our framework computes balanced accuracy
(macro-recall) for each con!guration to determine e"ective deployment combinations. Ultimately, after training,
OrganicHAR implements a hierarchical approach towards inferring activities: !rst identifying the user’s functional
zone, then applying appropriate zone-speci!c activity recognition models using the selected sensor ensemble.
This context-aware structure recognizes that activities present di"erent signatures in di"erent zones while
managing computational resources. By activating only necessary sensors and models, the system balances privacy
preservation with recognition accuracy while operating on local sensors after training.
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(a) Kitchen 1 (b) Kitchen 2 (c) Kitchen 3

Fig. 4. Kitchen environments used in our study: (le#) Kitchen 1 with compact galley layout, (middle) Kitchen 2 with island
counter, and (right) Kitchen 3 with integrated appliances.

5.6 Detailed Implementation
OrganicHAR is implemented in Python with approximately 8,000 lines of code and consists of three main
components: (i) key moment identi!cation from privacy-preserving sensors, (ii) semantic label discovery using
VLMs, and (iii) training privacy-preserving sensor models with discovered activity labels. For sensor data
processing, we utilize NumPy [27] for array manipulation, Pandas [54] for time-series analysis, and OpenCV [22]
for video processing. The key moment identi!cation implements Gaussian Mixture Models from scikit-learn
[57] for temporal change detection and HDBSCAN [46] for spatial clustering. During the training phase only,
we leverage OpenAI’s API [53] with the GPT-4o model to generate semantic descriptions for the key moments,
which are then organized into hierarchical activity clusters using SciPy’s [68] squareform and linkage functions.
For model training, we employ multiple classi!er implementations from scikit-learn and imbalanced-learn
[38], including RUSBoost [64], Balanced Random Forest [77], EasyEnsemble [44], KNN [18], and SVM [18].
We open-sourced the OrganicHAR implementation [59], which can be used with di"erent combinations of
privacy-preserving sensors with minimal implementation changes.

6 DATA COLLECTION
We collected data from 12 participants in three distinct kitchen environments. Participants performed four
breakfast preparation tasks: preparing tea, making co!ee from a co!ee machine, preparing cereal, and making
sandwiches with various spreads. Critically, participants received no explicit instructions on how to execute these
tasks, and researchers did not intervene or provide prompts during the activities. Each participant approached the
tasks in their own way, using natural movements and sequences that re$ected genuine everyday behavior rather
than scripted demonstrations. The data collection for each user lasted approximately 1.5 hours, with participants
performing each task 2-3 times with natural variations. To ensure clear segmentation while maintaining ecological
validity, participants washed their hands before each task and used a hand clap to mark segment boundaries.

We collected data across three kitchenettes (Figure 4): Kitchen 1 (P1-P4) featured a compact galley-style
layout with a single countertop, refrigerator at one end, sink in the middle, and co"ee machine at the opposite
end; Kitchen 2 (P5-P8) had an open layout with an island counter separate from the main preparation area,
featuring a sink and co"ee machine; and Kitchen 3 (P9-P12) was a medium-sized kitchenette with microwave,
co"ee machine, and sink aligned along a single wall, with a refrigerator perpendicular to the main counter.

Our dataset comprises ↘4300 !ve-second snippets (approximately 6 hours) of breakfast preparation activities
across six sensor modalities: doppler radar, 2D lidar, low-resolution thermal array, wearable IMU, on-device
pose sensing, and depth processing. Unlike existing HAR datasets featuring scripted activities, our dataset
captures natural variations in how people perform everyday tasks. Ground truth annotation was performed by
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Fig. 5. Percentage of video data requir-
ing VLManalysis across configurations.
Our approach processes only 9-11% of
total video data, demonstrating e"i-
ciency compared to continuous moni-
toring.

Granularity Metrics Sensor Con!g

Ambient
(Basic)
Only

Ambient
(Basic)+
Wearable
(IMU)

Ambient
(Advanced)+
Wearable
(IMU)

Conservative Accuracy 90.4%±8.9% 91.1%±6.7% 91.7%±6.9%
F1 Score 89.4%±9.8% 90.6%±6.4% 90.3%±7.4%

Balanced Accuracy 89.9%±6.3% 85.5%±7.1% 87.1%±7.9%
F1 Score 84.1%±8.7% 78.0%±9.9% 81.1%±11.8%

Relaxed Accuracy 86.7%±4.9% 83.8%±6.5% 85.9%±6.7%
F1 Score 73.2%±10.9% 72.4%±8.7% 75.6%±9.9%

Table 1. Average accuracy and F1 scores (mean±std) of discovered activity labels
compared to ground truth across three semantic granularity se!ings. Conser-
vative (𝐿 = 0.4) represents coarse-grained activities, Balanced (𝐿 = 0.3) shows
medium granularity, and Relaxed (𝐿 = 0.2) captures fine-grained activities. Higher
performance is observed with more advanced sensor configurations, particularly
for fine-grained recognition.

an unbiased observer who labeled each snippet without prior knowledge of system-generated labels. Our dataset
is open-sourced [59], including all sensor data, VLM annotations, and ground truth labels.

7 EVALUATION
Our evaluation of OrganicHAR focuses on two primary research questions:

• RQ1: How e"ective and e#cient is our activity discovery pipeline in identifying meaningful activity labels
compared to traditional approaches?

• RQ2: How do the HAR models trained on these discovered labels perform across di"erent sensor con!gu-
rations and semantic granularity settings?

• RQ3: How does OrganicHAR perform in real-world deployment scenarios, and how does its performance
evolve over time?

For each user and sensor con!guration, we evaluated OrganicHAR across three semantic granularity settings,
i.e., (Conservative: 𝐿 = 0.4, Balanced: 𝐿 = 0.3, and Relaxed: 𝐿 = 0.2) to determine how permissively activities are
merged based into single activity label based on their semantic similarity, as discussed in §5.4.

7.1 Performance of Label Discovery Pipeline
7.1.1 E!iciency of Key Moment Identification. One of the primary advantages of our sensor-!rst approach
is minimizing the amount of video data that requires processing during the training phase. Figure 5 shows
the percentage of video data selected for VLM analysis across di"erent sensor con!gurations and granularity
settings. The error bars show variability (standard deviation) across di"erent users. Our key moment identi!cation
approach demonstrates remarkable e#ciency, requiring analysis of only approximately 9-11% of the total collected
video data across all con!gurations. The Ambient(Basic) Only con!guration required the least video processing
(around 9%), while the advanced con!guration with Ambient(Advanced)+Wearable(IMU) utilized slightly more
(around 10.5%). This modest increase is expected as richer sensing capabilities can identify more nuanced activity
transitions that warrant VLM analysis.
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Counter Activity

Coffee Preparation
Beverage Preparation
Kitchen Organization

Eating/Drinking

Having Tea/Coffee

Dish/Hand Washing

Using Sink

Undefined

Coffee Preparation
Beverage Preparation

Kitchen Organization

Eating/Drinking

Having Tea/Coffee

Dish/Hand Washing
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Food Preparation
Preparing Cereal/Sandwich
Preparing Sandwich
Cabinet/Drawer Access

Filling Kettle
Using Sink
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( )
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Fig. 6. Discovered activity labels across three semantic granularity se!ings: Conservative (𝐿 = 0.4, le#), Balanced (𝐿 = 0.3,
middle), and Relaxed (𝐿 = 0.2, right). The flow width represents the proportion of data with each label, showing how broader
categories branch into more fine-grained activities as granularity increases. For example, the “Counter Activity” broad
category (le#) di"erentiates into “Food Preparation,” “Cleaning Counter Area,” and other activities in the Balanced se!ing.

7.1.2 Discovered Activity with Di!erent Granularity. Figure 6 illustrates the discovered activity labels across
granularity settings, revealing how broader categories in the Conservative setting (left) branch into !ne-grained
distinctions in the Balanced (middle) and Relaxed (right) settings. The Conservative setting identi!ed four primary
activities: “Counter Activity,” “Using Sink,” “Dish/Hand Washing,” and “Eating/Drinking,” capturing kitchen zones
and behaviors at a high level. Some users showedmore nuanced counter activities, thoughwith low discovery rates.
In the Balanced setting, “Counter Activity” branches into speci!c categories like “Food Preparation,” “Cleaning
Counter Area,” and “Cabinet/Drawer Access,” discovering activity hierarchies matching the task groupings. The
Relaxed setting continues this di"erentiation, breaking “Counter Activity” into !ne-grained parts, with “Food
Preparation” splitting into “Preparing Cereal/Sandwich” and other specialized tasks.
We observe several patterns through this granularity analysis. For instance, speci!c activities like “Eating/-

Drinking” remain stable across all settings, having distinctive sensor signatures consistently recognized regardless
of granularity. “Using Sink” appears broadly in Conservative mode but becomes less prominent in Relaxed settings
as the system re!nes it to “Dish/HandWashing” speci!cally, demonstrating how our approach clari!es ambiguous
activities as similarity thresholds change. Flow patterns follow logical parent-child relationships rather than
arbitrary recombination—“Cabinet/Drawer Access” emerges speci!cally from “Counter Activity,” not unrelated
categories. Overall, our system discovered 15 distinct activity labels, with users typically having 4-8 relevant
activities depending on settings and sensor setup. This result suggests that OrganicHAR can adapt to what each
sensor con!guration reliably detects while maintaining meaningful relationships matching human understanding
of kitchen activities, o"ering clear advantages over prede!ned activity sets.

7.1.3 Accuracy of the Discovered Activity. We evaluated our discovered activity labels against ground truth
annotations as shown in Table 1. Since discovered labels often use di"erent terminology than human-annotated
ground truth, we performed manual mapping to convert annotations into the discovered activity label space for
comparison. The Conservative setting (coarse-grained activities) demonstrates high accuracy above 90% and
strong F1 scores across all sensor con!gurations. Performance moderately declines with increasing granular-
ity, yet remains robust with accuracy above 83% even in the most challenging scenarios. The Ambient(Basic)
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Table 2. Average accuracy and F1 scores (mean±std) of the HAR models across sensor configurations and granularity se!ings.
These models perform e"ectively despite being trained on organically discovered labels rather than predetermined categories.
The Balanced se!ing (𝐿 = 0.3) o"ers an optimal compromise between recognition granularity and performance for most
deployments, while Conservative se!ings excel in accuracy (84-88%) when coarser activity recognition su"ices. Relaxed se!ing
results (shown in gray) represent exploratory findings illustrating current technical boundaries rather than recommended
configurations.

Granularity Metrics Sensor Con!g
Ambient(Basic)

Only
Ambient(Basic)+
Wearable(IMU)

Ambient(Advanced)+
Wearable(IMU)

Conservative Accuracy 83.9%±10.1% 85.1%±6.5% 87.8%±8.4%
F1 Score 82.9%±10.6% 82.5%±9.3% 86.8%±9.3%

Balanced Accuracy 75.2%±9.2% 72.5%±6.6% 78.8%±8.9%
F1 Score 65.5%±13.3% 63.7%±9.7% 70.6%±11.1%

Relaxed Accuracy 70.4%±11.5% 69.0%±9.0% 73.2%±10.4%
F1 Score 51.4%±10.3% 47.8%±10.5% 55.6%±14.8%

Only con!guration sometimes outperforms Ambient(Basic)+Wearable(IMU) in !ner-grained settings, suggesting
wearable data occasionally introduces variability when distinguishing semantically similar activities. The Ambi-
ent(Advanced)+Wearable(IMU) con!guration delivers the strongest Relaxed setting performance (85.9% accuracy),
highlighting depth and pose information’s value for !ne-grained recognition. The more pronounced F1 score
decline (72-75%) in the Relaxed setting re$ects inherent challenges in precisely identifying !ne-grained activities
with VLMs processing low-frame-rate data (1 FPS), camera angle limitations, and partial occlusions. Given these
results, we recommend the Balanced setting (𝐿 = 0.3) as the optimal compromise for most deployments, o"ering
meaningful activity di"erentiation while maintaining strong accuracy (85-89%) and F1 scores (78-84%). The
high average performance demonstrates that OrganicHAR can automatically identify meaningful activity labels
aligning well with human observations.
Moreover, to validate robustness across VLM architectures, we tested three state-of-the-art models (GPT-4.1,

Gemini 2.5 Flash, and Claude Sonnet 4). Our 1 FPS, 640×480 con!guration remains optimal across all VLMs,
though detection rates vary signi!cantly (50.2-92%). Consistent !ne-grained recognition limitations across all
models (F1 scores of 35.6-55.4%) suggest these challenges re$ect current VLM capabilities generally. Detailed
analysis is presented in Appendix A.3.

7.2 Performance of Human Activity Recognition Models
In this section, we examine how HAR models trained on our discovered labels perform across di"erent sensor
con!gurations. Regarding this, the label discovery evaluation in the above revealed low F1-scores (72-75%) in the
Relaxed setting, indicating imperfect alignment between some discovered !ne-grained labels and ground truth.
This misalignment would a"ect HAR models trained on these labels, where the system attempts to distinguish
between highly similar activities. This informs us that the Conservative and Balanced settings (𝐿 = 0.4 and
𝐿 = 0.3) represent more realistic deployment scenarios for OrganicHAR with current sensing capabilities. In
other words, the Relaxed setting results (𝐿 = 0.2) should be interpreted as exploratory !ndings that illustrate
current technical boundaries rather than de!nitive performance benchmarks.

7.2.1 Overall Performance. Table 2 shows our trained HAR models’ performance across sensor con!gurations.
The HAR models demonstrate robust performance with 70-88% accuracy and 48-87% F1 scores, varying by
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(a) Ambient(Basic) Only (b) Ambient(Basic)+Wearable(IMU) (c) Ambient(Advanced)+Wearable(IMU)

Fig. 7. Per-participant accuracy across three sensing configurations. Kitchen 1 participants (P1-P4) show consistently high
accuracy even with basic ambient sensing, Kitchen 2 participants (P5-P8) show greater degradation with finer granularity,
and Kitchen 3 participants (P9-P12) benefit most from wearable IMU. Horizontal dashed lines indicate average performance
per granularity se!ing.

(a) Ambient(Basic) Only (b) Ambient(Basic)+Wearable(IMU) (c) Ambient(Advanced)+Wearable(IMU)

Fig. 8. Per-participant F1 scores across sensing configurations, revealing sharper performance drops than accuracy metrics 
with increasing granularity. F1 scores for the Relaxed se!ing (green) show particularly large variance between participants and 
kitchens, illustrating the impact of environmental layout on the precision-recall balance in fine-grained activity recognition.

sensor con!guration and semantic granularity. Performance decreases with increasing granularity: Conservative 
(𝐿 = 0.4) achieves 84-88% accuracy and 83-87% F1 scores across all con!gurations, Balanced (𝐿 =  0.3) reaches 
72-79% accuracy and 64-71% F1 scores, and Relaxed (𝐿 = 0.2) attains 69-73% accuracy and 48-56% F1 scores. The 
Ambient(Advanced)+Wearable(IMU) con!guration consistently outperforms others, particularly for !ne-grained 
activities, achieving 73% accuracy and 56% F1 score even in the challenging Relaxed setting. Additional spatial 
awareness from pose estimation and depth sensing helps resolve ambiguities between semantically similar 
activities. Interestingly, Ambient(Basic) Only occasionally outperforms Ambient(Basic)+Wearable(IMU), indicating 
wearable data can introduce noise when movements aren’t consistently captured.

7.2.2 User-level Performance Variability. Figures 7 and 8 show accuracy and F1 scores across participants for 
three sensor configurations and granularity levels. Participants P1-P4 (Kitchen 1) maintain high performance 
across granularity settings with basic ambient sensing, while P5-P8 (Kitchen 2) show significant degradation with 
increased granularity. This suggests environment layout impacts recognition—Kitchen 1’s constrained layout 
enables more reliable activity differentiation than Kitchen 2’s open layout. For P9-P12 (Kitchen 3), wearable IMU 
data notably improves performance, providing valuable complementary information in certain environmental 
configurations. F1 scores prove more sensitive to sensor configuration and granularity due to label imbalance,
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(a) Conservative (𝑔 = 0.4) (b) Balanced (𝑔 = 0.3)

(c) Relaxed (𝑔 = 0.2)

Fig. 9. Confusion matrices showing the HAR performance using basic ambient sensors across three granularity se!ings. As
granularity increases from Conservative (a) to Relaxed (c), more fine-grained activities emerge, revealing specific confusion
pa!erns between semantically or spatially related activities.

dropping 31-35 percentage points from Conservative to Relaxed settings versus 13-16 points for accuracy. This
steeper decline highlights challenges in maintaining precision and recall when distinguishing semantically
similar activities with limited sensing. The Ambient(Advanced)+Wearable(IMU) con!guration shows a smaller
Conservative-to-Relaxed performance gap (15% accuracy di"erence) than other con!gurations, indicating richer
sensing enables !ne-grained recognition without sacri!cing coarse-grained performance. These results suggest
that OrganicHAR achieves robust performance across various hardware con!gurations by adapting recognition
granularity to available sensing capabilities rather than forcing predetermined labels,

7.2.3 Activity Confusion Analysis. Figure 9 shows confusion matrices for the Ambient(Basic) Onlycon!guration
across three granularity settings. The Conservative setting (Figure 9a) achieves high accuracy with minimal cross-
category confusion. “Counter Activity” confuses with other activities as it encompasses multiple !ne-grained
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(a) VLM queries required across sessions (b) Recognition accuracy across sessions

Fig. 10. Incremental training analysis of OrganicHAR: (a) Count of VLM queries a#er incorporating new training session. (b)
Recognition accuracy measured on all future sessions. Error bars represent 95% confidence intervals across users.

activities; “Co"ee Preparation” confuses with “Using Sink” due to spatial proximity. The Balanced setting (Figure
9b) shows increased confusion with !ner distinctions. “Food Preparation” has the lowest accuracy, confusing with
“Kitchen Organization” and “Using Sink” due to similar ambient signatures. “Beverage Preparation” signi!cantly
confuses with cabinet access and washing activities since preparation incorporates these actions. In the Relaxed
setting (Figure 9c), “Beverage Preparation” degrades further, confusing primarily with “Kitchen Organization” as
ambient sensors cannot distinguish !ne manipulations in similar locations. Kettle-related and washing activities
show substantial confusion, illustrating di#culty di"erentiating tasks with similar postures and locations using
only ambient sensors. Despite increasing confusion at !ner granularities, “Eating/Drinking” maintains excellent
performance across all settings with distinctive ambient signatures. “Cabinet/Drawer Access” similarly maintains
high accuracy through distinctive movement patterns captured by basic ambient sensors.

These patterns validate our sensor-!rst approach—OrganicHAR adapts activity granularity based on reliable
detection capabilities rather than forcing potentially indistinguishable predetermined categories. This analysis
identi!es which sensor con!gurations suit speci!c recognition goals, enabling informed privacy-capability
tradeo"s (Appendix A.4 covers other con!gurations).

7.2.4 Incremental Training Analysis. To understand how cloud VLM query requirements and recognition accuracy
evolve with increasing training data, we conducted an incremental training analysis simulating sequential session
processing. We used Ambient(Advanced)+Wearable(IMU) as it has the highest VLM usage among con!gurations.
With each new session, OrganicHAR identi!es interesting segments across all data, applies the current model,
invokes VLM analysis for low-con!dence predictions or novel patterns, and retrains with the expanded dataset.
Figure 10a shows total VLM queries required after incorporating each session, including queries for new data
and previously-seen data that becomes signi!cant due to pattern repetition across sessions. Query counts remain
stable (25-30 per session) for the !rst 9 sessions despite the growing dataset, as the system continuously reassesses
historical data alongside new observations, sometimes identifying patterns in earlier sessions not initially $agged
when the dataset was smaller. The downward trend in sessions 10-11 (17-19 queries) is notable, though extended
data collection is needed to con!rm this pattern. Figure 10b shows recognition accuracy (measured on sessions
not included in training) improving from 57.6% after the !rst session to 85.4% after 11 sessions, with most
gains in early sessions. These results demonstrate promising trends: steady accuracy improvement coupled with
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(a) Home-1 (b) Home-2 (c) Home-3 (d) Home-4 (e) Home-5

Fig. 11. Kitchen environments used in real-world home deployments: (Home-1) compact galley layout captured from overhead
diagonal perspective, (Home-2) medium-sized kitchen with distinct functional zones, (Home-3) narrow galley configuration
from elevated angle, (Home-4) spacious kitchen with multiple countertops from horizontal perspective, and (Home-5) linear
wall-mounted kitchen with integrated appliances from horizontal viewpoint.

potential VLM query reduction in later sessions, suggesting OrganicHAR could become both more e"ective and
computationally e#cient over time.

7.3 Real-world Deployment Evaluation
We extended our evaluation to examine OrganicHAR’s performance in actual home environments, where users
engage in daily routines without experimental constraints. We deployed OrganicHAR in 5 homes for 7 days, with
participants collecting 6-8 sessions each based on their kitchen usage frequency. Participants used their kitchens
normally—cooking, cleaning, snacking, socializing—without task restrictions or researcher guidance, capturing
the complexity of real environments including activity interruptions and varying lighting conditions (See Figure
11). The deployment generated approximately 11 hours of sensor data across diverse home layouts and activity
patterns. For accuracy evaluation, we sampled 250 !ve-second segments per participant using temporal strati!ed
random sampling: 60 from early sessions (1-2), 60 from middle sessions (3-5), and 130 from late sessions (6-8),
enabling analysis of learning progression and mature system performance. We annotated ground truth using our
established methodology (§6), mapping labels to discovered activities. Based on controlled evaluation results, we
used the Balanced granularity setting (𝐿 = 0.3) and Ambient(Advanced)+Wearable(IMU) sensor con!guration for
all real-world deployment analyses.

7.3.1 Overall Performance. Figure 12 presents the overall recognition accuracy across homes using leave-one-
session-out cross-validation. OrganicHAR achieves an average accuracy of 74.2%±14.8% across the !ve homes,
with performance ranging from 60% to 95%. This represents a moderate decrease compared to the controlled
evaluation results (78.8%±8.9% for the same sensor con!guration and granularity setting), re$ecting the additional
complexity of unstructured home environments. Performance for individual homes varied signi!cantly, with
Home-1 achieving the highest accuracy at 95%, followed by Home-2 at 85%. Home-3, Home-4, and Home-5
achieved lower performance at 69%, 63%, and 60% respectively. This variability appears partially related to both
kitchen layout constraints and camera positioning challenges (See Figure 11). Home-4 and Home-5 utilized
more lateral camera placements due to their linear kitchen con!gurations, which limited the VLM’s ability to
capture comprehensive activity context compared to the elevated diagonal perspectives used in Home-1 and
Home-2. Additionally, Home-4’s consistently dim lighting conditions throughout most sessions further degraded
VLM performance during key moment analysis. These real-world constraints, which are di#cult to replicate in
controlled settings, highlight the importance of strategic camera positioning and adequate lighting for e"ective
VLM-based activity discovery.
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Fig. 12. Overall recognition accuracy in real-world
home deployments using leave-one-session-out cross-
validation with Balanced granularity se!ing and
Ambient(Advanced)+Wearable(IMU) configuration. Each bar
represents average performance when training on all other
available sessions (including future ones) and testing on
one held-out session. The horizontal dashed line indicates
average accuracy (74.2%) across all participants.

Fig. 13. Incremental training trajectories showing forward-
looking evaluation in chronological session order, where
the system trains on sessions 1 through N and tests on all
remaining future sessions (N+1 onwards).Note: Performance
pa!erns di"er from Figure 12 due to temporal dependencies,
varying amounts of training/test data, and chronological
activity pa!ern evolution—reflecting realistic deployment
conditions where future data is unavailable.

7.3.2 Discovered Activity Pa"erns. Across all 5 homes, OrganicHAR identi!ed 4 common kitchen activities:
“stovetop cooking”, “refrigerator interaction”, “sink area tasks”, and “countertop food preparation”. These represent
behaviors that occur typically across these kitchen environments. Beyond these commonly occurring behaviors,
we discovered activities speci!c to usage in each home. Home-4 had “co"ee preparation” routines with patterns
for co"ee station tasks and co"ee machine operation. Home-5 showed “rice cooker usage” with separate patterns
for preparation and serving phases, along with “dishwasher interaction” patterns. Home-3 was the only home with
“waste disposal” detected as a standalone recurring activity. Home-2 demonstrated granular activity detection, with
“refrigerator door interactions” separate from “general refrigerator access”. This dual-layer discovery—common
activities plus individual speci!c patterns—shows that users can expect baseline functionality while the system
adapts to their speci!c routines.

7.3.3 Incremental Training Analysis. Figure 13 shows learning trajectories using forward-looking evaluation in
chronological session order, where accuracy represents the system’s performance on all future sessions after
training exclusively on sessions 1 through N. The performance patterns may di"er from Figure 12 due to several
temporal factors: (1) the amount of training data increases with each session while test data decreases, and
(2) activity patterns evolve di"erently, making early sessions good/poor predictors of later behavior based on
what kind of activities is performed in later sessions. While computationally expensive (and cost-prohibitive)
combinatorial approaches (training on all possible session combinations) could provide alternative insights, this
chronological evaluation re$ects actual deployment scenarios. The results demonstrate varied adaptation across
participants. Home-5 showed substantial improvement (28% to 86% accuracy), indicating successful learning
of evolving activity patterns. Home-2 maintained consistently high performance (92% to 72%), re$ecting stable
routines that enable reliable prediction. Home-1 achieved stable moderate performance (64-79% range). Home-3
and Home-4 exhibited variable patterns, suggesting the system requires additional training or user assistance
when participants have irregular routines. These trajectories indicate that OrganicHAR adapts e"ectively to
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Fig. 14. Interface for customizing the sensors to be used and activity labels. The percentage(%) values show how well a
deployed sensing configuration can predict activities when compared with discovered activity labels.

individual activity patterns, with performance stability correlating to routine consistency—regular kitchen usage
enables more stable recognition, while variable patterns present ongoing adaptation challenges.

8 DISCUSSION
8.1 User Story: From Initial Adoption to Customization
OrganicHAR is designed to incrementally adapt to users and their environments while preserving privacy. First,
by continuing data collection and analysis, we can surface representative examples of detectable activities for
each environment, allowing users to form realistic expectations before deciding to deploy our system. The set of
activities that we can typically detect in each location, e.g., a kitchen, can be told to the user to manage their
expectations (see §7.3.2). Upon installation, the system begins by identifying activities that are reliably detectable
in the user’s home using only privacy-preserving sensors. As demonstrated in our deployment study, even with a
few days of data, OrganicHAR can detect 4–5 coarse activity categories using ambient sensors alone, and up to
8–9 !ne-grained categories with additional modalities like IMU, depth, and pose.
After this initial discovery phase, users can interact with our prototype customization interface (Figure 14),

which allows them to merge similar activity labels (e.g., “washing dishes”, “rinsing hands”) into broader categories
like “sink-related tasks”, or de!ne entirely new labels they want OrganicHAR to detect. While this interface has
not yet been formally evaluated, it is technically feasible by reusing components from our label clustering and
re!nement pipeline. Our contribution is not the interface itself, but the underlying paradigm shift, i.e., OrganicHAR
surfaces candidate activity labels that are grounded in what the sensors can actually detect in each environment,
which can then be reconciled with each user’s preferences and goals. Investigating how users make sense of,
recon!gure, or reject such sensor-driven candidates represents a promising direction for future HCI work.
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Notably, OrganicHAR does not require users to install all sensors we tested. The framework is designed to be 
modality-agnostic, which allows $exibility to any combination of available sensors without algorithmic changes. 
Users can select sensor combinations that balance privacy requirements, budget constraints, and recognition 
needs. The three-tier con!guration framework tested in our evaluation can inform such cost considerations.

8.2 Applications in Healthcare and Assistive Technologies
As we described in the Background (§2), OrganicHAR is particularly promising for healthcare applications, where 
continuous monitoring can support individuals with special needs while respecting privacy. For people with 
dementia and their caregivers, the system can notify household members when critical actions are forgotten 
(e.g., leaving the refrigerator open) or summarize high-level activities for clinicians without invasive video 
monitoring [10, 20]. Procedural task assistance is another example we are applying OrganicHAR to, for instance, 
to support wound care procedure for post-operative skin cancer patients [5, 67]. Unlike existing approaches 
constrained by manually-prede!ned step sequences, OrganicHAR could make procedural tracking more $exible 
by automatically identifying meaningful steps based on sensor capabilities rather than forcing predetermined 
sequences. The hierarchical nature of our discovered activities (from coarse to !ne-grained) enables adaptive 
assistance based on user needs, from general awareness of functional zone usage for those requiring minimal 
support, to detailed step-by-step guidance for those needing more comprehensive assistance.

8.3 Potential Privacy Concerns and Mitigation Strategies
While OrganicHAR uses privacy-preserving sensors during deployment, using VLMs during training can raise 
privacy concerns about transmitting domestic visual information to third-party cloud services. While OrganicHAR 
processes only 9-11% of video data during key moments rather than continuous monitoring, users may worry 
about data misuse, unintended inferences about their private lives, and potential access by service providers 
or authorities [33, 79, 81]. Several techniques can mitigate these concerns without compromising labeling 
e"ectiveness. For example, since our framework focuses on actions, locations, and object interactions rather 
than personal identi!cation, automatic face blurring, background anonymization, and removal of personally 
identi!able information can be applied. Additionally, user agency can be enhanced by providing transparent 
previews of what video segments would be transmitted to cloud services and enabling users to approve or decline 
each training session before any data is sent. Similarly, researchers have improved handling of sensitive content 
through targeted !ne-tuning of VLMs [63]. We will also explore emerging approaches such as federated learning 
and edge-based VLMs to minimize cloud dependencies while maintaining semantic understanding capabilities.

8.4 Limitations and Future Work
8.4.1 Towards In-the-Wild Deployment. Our real-world deployment revealed practical challenges: camera po-
sitioning constraints in linear kitchen layouts limited VLM e"ectiveness, varying lighting conditions a"ected 
recognition consistency, and participants’ evolving routines created temporal adaptation challenges requiring 
ongoing re!nement. Future work explores ways to improve OrganicHAR by considering these barriers, which 
will offer practical deployment guideline.

8.4.2 Beyond Discrete Activity Labels. Given challenges maintaining consistent activity labels across hetero-
geneous users and environments, we can explore alternatives to discrete classi!cation. One approach involves 
direct translations between sensor streams and natural language descriptions. Rather than forcing classi!cation 
between “washing dishes” or “washing hands,” the system could generate descriptions like “using the sink with 
small movements, likely washing hands.” This direction becomes increasingly feasible as small language models 
become more capable and deployable on edge devices [70]. While these compact models cannot perform complex 
reasoning, they could strategically interpret sensor patterns and generate contextual descriptions locally.
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8.4.3 Improving Fine-Grained Activity Recognition. Our evaluation reveals insights about current VLM capabilities 
and their downstream e"ects on HAR. While Conservative and Balanced settings achieve strong performance 
(72-89% accuracy), the Relaxed setting (F1 scores of 48-72%) explores current boundaries of !ne-grained activity 
recognition. Since VLM labeling quality in$uences t raining data f or p rivacy-preserving HAR models, this 
performance partially re$ects VLM capabilities in distinguishing subtle activity di"erences. Analysis across three 
state-of-the-art VLMs—GPT-4.1, Gemini 2.5, and Claude Sonnet 4 (See Appendix A.3)—shows consistent patterns, 
representing general characteristics of current VLM technology rather than framework-speci!c limitations. 
This cascading relationship positions OrganicHAR’s sensor-!rst architecture to bene!t from advances in VLM 
capabilities, particularly improved spatiotemporal reasoning and !ne-grained visual understanding.

8.4.4 Hybrid Approaches: Combining Supervised and Discovery Methods. Our clustering approach faces inherent 
tradeo"s: users must wait for su#cient data collection before meaningful clusters emerge (the "cold start" problem), 
and initial recognition performance remains lower until adequate training data accumulates. These limitations 
suggest promising hybrid approaches where supervised and discovery methods play complementary roles. Our 
real-world deployment revealed that certain activities occur consistently across diverse home environments, 
while others remain highly environment-speci!c. This observation suggests that supervised models could provide 
robust baseline recognition for common activities that generalize across homes, while unsupervised discovery 
captures the personalized routines that make each home unique. Future work should explore domain adaptation 
techniques that identify environment-invariant features for transferable activities while preserving the $exibility 
to adapt to environment-speci!c variations, potentially combining supervised representation learning with our 
sensor-!rst discovery paradigm.

9 CONCLUSION
This work introduces OrganicHAR, a framework for at-home human activity recognition (HAR) that removes the 
reliance on pre-de!ned labels and continuous video processing by leveraging local, privacy-preserving sensors to 
identify key moments for targeted video bootstrapping and activity discovery. This approach minimizes compu-
tational overhead and cloud dependency while maintaining robust recognition accuracy across varying levels 
of sensor granularity, as demonstrated in our evaluations across diverse kitchen environments. By integrating 
multimodal sensor data with VLMs during an e#cient training phase, our hierarchical bootstrapping technique 
successfully translates rich semantic information into discrete, sensor-compatible activity labels. Ultimately, 
our results validate the feasibility of scalable, privacy-aware HAR systems that can adapt to di"erent sensing 
configurations, paving the way for more efficient and user-centric smart environments.
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A APPENDIX
A.1 Featurization Pipelines for Various Sensing Modalities
This appendix provides detailed technical speci!cations for the featurization pipelines used for speci!c sensing
modalities. The following detailed descriptions outline the speci!c features extracted from each sensor, and
the rationale behind our design choices, providing the implementation details necessary for replicating our
multimodal sensing approach.

• Doppler Radar: We extract temporal features (velocity statistics, directional changes), spatial features
(distance from sensor, movement extent), complexity features (velocity entropy, motion transitions), and
motion type (stationary, slow/fast movement etc.) distributions. While Doppler provides precise and high
!delity velocity sensing, it only captures motion in the radial direction and struggles with distinguishing
movement at the same distance or complex spatial relationships.

• 2D LiDAR: Our approach !rst establishes a static boundary model in the horizontal 2D plane, then extracts
features from deviations that represent dynamic objects. Features include centroid positions, velocities,
point distributions, boundary interactions, and temporal patterns. LiDAR provides precise spatial mapping
but with decreasing granularity at greater distances, and it cannot capture !ne-grained movements or
height information.

• Low-Resolution Thermal Camera: From the 10×10 thermal array, we compute spatial features (tem-
perature statistics, gradients) and signature-based features that identify thermal patterns from humans,
appliances, and ambient sources. While thermal sensing excels at detecting heat-generating activities and
object interactions, it is limited to coarse human movements or thermal changes.

• IMU (Wearables):We leverage the pretrained SAMoSA [50] model to extract 128-dimensional motion
features from 2.88-second windows with a stride of 0.21 seconds. Wearable IMUs capture detailed hand and
arm movements but are limited to the wearer’s perspective and require consistent device wearing.

• Pose: From the raw 2D pose data over 25 body keypoints (in 640x480 frame) at 6-8Hz, we extract biomechan-
ical features that characterize body positioning and movement, including joint velocities and accelerations,
inter-joint con!gurations, working zones (based on torso and hand movements), and movement complexity.
Despite providing rich body movement data, pose estimation is constrained by occlusions and the limited
!eld of view (less than 60 degrees), sometimes missing key interactions outside the camera’s perspective.

• Depth:We extractmotion patterns and statistical features from the 10×10 depth array, establishing boundary
maps to identify deviations representing people and objects. While e"ective for detecting presence and
basic movements, depth sensing is limited by its narrow !eld of view and cannot capture !ne-grained
interactions.

A.2 Prompts for LLMs and VLMs
This appendix provides the detailed prompts used in the OrganicHAR framework for activity discovery. The
pipeline employs !ve main prompts for Vision Language Models (VLMs) and Large Language Models (LLMs)
that work in sequence to translate video clips into consistent activity labels at appropriate granularity levels. The
exact prompts can be found in the Supplemental File as a text !le. Here, we describe the key design for each
prompt to address speci!c challenges in the pipeline.
(1) The !rst step leverages a VLM to generate rich semantic descriptions from video frames captured during key

moments. This prompt instructs the VLM to analyze short video clips focusing on actions, objects, locations,
and activity structure. It speci!cally directs the model to focus only on clearly observable elements, provide
con!dence scores, and exclude low-con!dence observations.

(2) Since VLM outputs contain diverse location references (e.g., “at sink,” “by counter”), our second step
employs an LLM to consolidate these into consistent functional zones. This prompt directs the LLM to
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cluster locations based on supported activities, ensuring that areas like “sink area,” “counter area,” and
“co"ee machine area” are consistently identi!ed. This spatial context is crucial because activities have
di"erent meanings in di"erent locations.

(3) After establishing functional zones, we use a two-step process to transform the unstructured VLM descrip-
tions into discrete activity labels. First, we employ the clustering prompt to create initial activity clusters for
each functional zone. This prompt directs the LLM to preserve task-speci!c distinctions while minimizing
the overall number of clusters.

(4) Next, we match each VLM description to the appropriate cluster using the matching prompt. This prompt
directs the LLM to evaluate matches based on action alignment (60%), object consistency (25%), and location
match (15%), ensuring that descriptions are consistently mapped to appropriate activity labels.

(5) Finally, to enable granularity control through the relaxation parameter 𝐿, we analyze each activity’s
semantic properties across multiple dimensions. This prompt directs the LLM to break down each activity
in terms of action type, objects involved, sub-location, purpose, related activities, contrasting activities,
adjacent objects, and access patterns. These dimensions form the basis for computing pairwise similarity
scores between activities, which are then used with the relaxation parameter 𝐿 to determine which activities
should be merged at di"erent granularity settings.

A.3 VLM Variability and Configuration Analysis
We conducted additional analyses examining how di"erent VLM models and frame rate con!gurations impact
label generation performance. These evaluations provide insights into design choices and system adaptability
across di"erent VLM capabilities.

A.3.1 Performance of Label Discovery pipeline with di!erent VLMs. We evaluated OrganicHAR using three state-
of-the-art vision language models as of July 2025: OpenAI’s GPT-4.1, Google’s Gemini 2.5 Flash, and Anthropic’s
Claude Sonnet 4. These models represent di"erent architectures and training approaches currently available. For
consistency, all models used identical prompts with minor formatting adaptations for model-speci!c requirements.

Table 15 shows notable variations across models. GPT-4.1 and Gemini 2.5 Flash demonstrate similar accuracy
levels in Conservative and Balanced settings (80-85%), while Claude Sonnet 4 shows lower accuracy but reasonable
performance in the Balanced setting (60.4% accuracy, 55.4% F1). However, accuracy and F1 scores alone do not
capture whether VLMs can consistently provide meaningful activity descriptions. To measure this consistency,
we examine the detection rate—the percentage of video segments for which the VLM generates actual location
and action information rather than empty responses. GPT-4.1 maintains a high detection rate (92.0%) across all
settings, while Gemini 2.5 Flash achieves only 50.2% detection rate despite competitive accuracy when successful,
and Claude Sonnet 4 maintains a high detection rate (89.2%) but with lower overall accuracy. For our use case,
GPT-4.1 performs the best in terms of both accuracy and reliability, making it the most suitable choice for
consistent activity discovery across diverse scenarios.

A.3.2 Frame Rate Impact Analysis. Based on GPT-4.1’s combination of high accuracy and detection rate, we
selected it for frame rate analysis. Using GPT-4.1, we evaluated performance across three frame rates (1, 3, and 5
FPS) using identical 5-second video clips from our dataset. Table 16 shows an interesting pattern: increasing frame
rate from 1 to 5 FPS results in modest performance decreases rather than improvements. Accuracy drops from
84.9% to 82.4% in the Conservative setting, with similar trends observed across all granularity levels. This !nding
suggests that kitchen activities may operate at coarse timescales where meaningful changes occur over multi-
second intervals. Additional frames often capture intermediate postures, repetitive motions, or transitional states
that may not provide additional semantic information useful for activity classi!cation. The 1 FPS con!guration
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VLMModel
Comparison

Granularity Model
Acc
(%)

F1
(%)

Detection
Rate (%)

Conservative
(𝐿 = 0.4)

GPT-4.1 84.9 72.5 92.0
Gemini 2.5 80.9 69.7 50.2

Claude Sonnet 4 59.3 50.8 89.2

Balanced
(𝐿 = 0.3)

GPT-4.1 83.9 69.4 92.0
Gemini 2.5 79.0 67.2 50.2

Claude Sonnet 4 60.4 55.4 89.2

Relaxed
(𝐿 = 0.2)

GPT-4.1 72.0 55.4 92.0
Gemini 2.5 69.0 54.0 50.2

Claude Sonnet 4 48.7 35.6 89.2

Fig. 15. Label discovery performance across VLM models and
semantic granularity se!ings. Detection rate represents the %
of key moments that generate useful activity descriptions.

Frame Rate
Impact Analysis

Frame
Rate

Granularity
Acc
(%)

F1
(%)

Detection
Rate (%)

1 FPS
Conservative 84.9 72.5 92.0
Balanced 83.9 69.4 92.0
Relaxed 72.0 55.4 92.0

3 FPS
Conservative 82.9 70.5 91.3
Balanced 80.6 62.5 91.3
Relaxed 69.0 52.4 91.3

5 FPS
Conservative 82.4 67.5 90.6
Balanced 79.2 65.1 90.6
Relaxed 66.7 53.1 90.6

Fig. 16. Impact of frame rate on label discovery perfor-
mance using GPT-4.1. Detection rates remain consistent
across frame rate se!ings.

appears to capture key semantic moments while avoiding potential temporal noise. Frame rate selection also has
practical implications for deployment. Processing at 5 FPS requires !ve times the input context in the VLM API
calls compared to 1 FPS, with corresponding increases in latency, bandwidth usage, and cloud processing costs.
In conclusion, our analysis indicates that this increased computational overhead does not translate to improved
recognition performance under current VLM capabilities.

A.3.3 Implications for System Design. These evaluations provide several insights for OrganicHAR deployments.
The detection rate metric reveals that model selection involves trade-o"s between accuracy when successful
and reliability of processing, where consistent processing across all key moments may be more important than
marginal accuracy improvements on successfully processed segments. The frame rate analysis supports our
original con!guration choices (1 FPS, 640×480 resolution) as a reasonable balance between performance and
computational e#ciency. The consistent performance patterns across multiple VLMs indicate that !ne-grained
activity recognition limitations (F1 scores of 48-72% in Relaxed settings) re$ect current VLM capabilities rather
than weaknesses in our approach, as similar performance degradation occurs across di"erent model architectures
when distinguishing semantically similar activities. OrganicHAR’s modular architecture enables adaptation to
di"erent VLMs without modifying sensor processing components, allowing the framework to incorporate future
advances in VLM temporal reasoning and !ne-grained visual understanding while maintaining e#ciency for
current deployments.

A.4 Activity Confusion Analysis (Other Sensor Configuration)
We present the confusion matrices for the other con!gurations in our evaluation. First, adding wearable IMU
sensing to basic ambient sensors reveals complementary strengths and persistent challenges (Figure 17). Activities
with distinctive motion patterns like “Kitchen Organization” and “Cleaning Counter Area” show excellent
recognition across granularity settings. However, activities sharing similar motion signatures in di"erent locations
remain challenging to di"erentiate. In Conservative settings, “Co"ee Preparation” frequently confuses with
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(a) Conservative (𝑔 = 0.4) (b) Balanced (𝑔 = 0.3) (c) Relaxed (𝑔 = 0.2)

Fig. 17. Confusion matrices showing activity recognition performance for Ambient(Basic)+Wearable(IMU) configuration
across three granularity se!ings.

(a) Conservative (𝑔 = 0.4) (b) Balanced (𝑔 = 0.3) (c) Relaxed (𝑔 = 0.2)

Fig. 18. Confusion matrices showing activity recognition performance for Ambient(Advanced)+Wearable(IMU) configuration
across three granularity se!ings.

broader “Counter Activity” categories. The Balanced setting reveals confusion between “Beverage Preparation”
and “Using Sink,” while the Relaxed setting shows increased confusion between semantically related activities
like “Cabinet/Drawer Access” and “Food Storage Access.” These patterns demonstrate that wearable sensing
e"ectively complements ambient sensors for activities with unique motion signatures but cannot fully resolve
spatial ambiguities for activities with similar hand movements performed in di"erent contexts.
Secondly, the most advanced con!guration combining ambient sensors with wearable IMU, pose estimation,

and depth sensing shows notable improvements in activity disambiguation (Figure 18). With pose and depth
information, activities that were previously confused due to spatial ambiguity show clearer separation. Certain
activities like “Having Tea/Co"ee” and “Eating/Drinking” achieve particularly strong recognition rates across
settings. However, even with this rich sensing con!guration, some challenging distinctions remain—particularly
for activities with subtle di"erences like “Filling Kettle” (which often confuses with general “Kitchen Organi-
zation”) and “Food Storage Access” (which sometimes confuses with “Cleaning Counter Area”). The advanced
con!guration particularly excels at disambiguating !ne-grained activities that involve distinctive postures or
spatial relationships, con!rming that spatial awareness through pose and depth information provides a cru-
cial complement to motion and environmental sensing. This highlights how di"erent sensor modalities each
contribute unique capabilities to the overall recognition system.
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