
AgentSense: Virtual Sensor Data Generation Using LLM Agents in Simulated
Home Environments

Zikang Leng1*, Megha Thukral1*, Yaqi Liu1*, Hrudhai Rajasekhar1, Shruthi K. Hiremath1,
Jiaman He2, Thomas Plötz1
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Abstract

A major challenge in developing robust and generalizable
Human Activity Recognition (HAR) systems for smart homes
is the lack of large and diverse labeled datasets. Variations in
home layouts, sensor configurations, and individual behav-
iors further exacerbate this issue. To address this, we lever-
age the idea of embodied AI agents—virtual agents that per-
ceive and act within simulated environments guided by inter-
nal world models. We introduce AgentSense, a virtual data
generation pipeline in which agents live out daily routines in
simulated smart homes, with behavior guided by Large Lan-
guage Models (LLMs). The LLM generates diverse synthetic
personas and realistic routines grounded in the environment,
which are then decomposed into fine-grained actions. These
actions are executed in an extended version of the Virtual-
Home simulator, which we augment with virtual ambient sen-
sors that record the agents’ activities. Our approach produces
rich, privacy-preserving sensor data that reflects real-world
diversity. We evaluate AgentSense on five real HAR datasets.
Models pretrained on the generated data consistently out-
perform baselines, especially in low-resource settings. Fur-
thermore, combining the generated virtual sensor data with a
small amount of real data achieves performance comparable
to training on full real-world datasets. These results highlight
the potential of using LLM-guided embodied agents for scal-
able and cost-effective sensor data generation in HAR.

Code — https://github.com/ZikangLeng/AgentSense

Introduction
In 1999, The Matrix created a simulated reality, one in
which most humans lived unknowingly inside a computer-
generated illusion. That world was created by intelligent ma-
chines, built not to serve humanity, but to control it. Today,
we are building simulated environments of our own. But this
time, the purpose is different: to understand, model, and sup-
port human life through intelligent systems. With the advent
of large language models (LLMs) and rich, interactive sim-
ulations, we now have the tools to do so.

In 2018, Xia et al. (2018) introduced the Gibson Environ-
ment, a realistic 3D simulation platform designed for train-
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ing and evaluating embodied agents—AI systems that per-
ceive and act within physical or simulated environments.
Since then, virtual embodied agents (VEAs) have become
integral to a wide range of interactive and conversational
tasks. These agents take on diverse forms, from virtual
2D or 3D avatars to physical robotic androids equipped
with synthetic skin, expressive facial features, and motor-
ized mechanisms for controlling facial expressions and lip
movements (Fung et al. 2025). Recent advances have also
explored the use of world model-based approaches, which
allow agents to ground vision-language prompts within em-
bodied domains and learn complex behaviors through imag-
inative simulation (Mazzaglia et al. 2024).

Building on the foundation of prior work in embodied
AI, we shift the focus from simulating robotic behaviors
or dialogue agents to simulating human lives within vir-
tual smart home environments. Our aim is to translate the
simulated lives into sensor-level data. Specifically, we focus
on smart home based Human Activity Recognition (HAR),
which rely on ambient sensors to monitor daily activities.
HAR is crucial in domains such as healthcare, elder care,
and assisted living (Alam, Reaz, and Ali 2012; Qi et al.
2018; Chernova et al. 2024). However, the development of
effective HAR models is limited by the scarcity of large,
diverse, and annotated sensor datasets (Liciotti et al. 2020;
Bouchabou et al. 2021).

To address this challenge, we simulate diverse human per-
sonas and embed them as agents within virtual smart home
environments. Each persona is generated using large lan-
guage models (LLMs), which also direct the agent’s be-
havior by producing realistic daily routines and correspond-
ing actions grounded in the simulated home environment.
These actions are executed within VirtualHome, a 3D simu-
lation platform that we extend with ambient sensor capabil-
ities—referred to as X-VirtualHome.

Each interaction with the environment—opening a door,
turning on a light, walking between rooms—triggers corre-
sponding virtual sensor signals, mimicking real-world smart
home sensor data. This process allows us to generate large-
scale, fully annotated, privacy-preserving datasets without
the need for intrusive real-world data collection.

Crucially, our simulation is not solely aimed at generating
large volumes of data, but at producing diverse and struc-
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tured sensor data that capture the heterogeneity of human be-
havior. By systematically varying personas, daily routines,
home layouts, and sensor configurations, our approach gen-
erates datasets designed to help HAR models generalize
across a wide range of real-world scenarios.

In our experiments, we simulate 18 distinct personas
across 22 unique home layouts, generating a total of 250
days of virtual sensor data. We evaluate the resulting mod-
els on five real-world smart home datasets—Aruba, Milan,
Kyoto7, and Cairo from the CASAS collection (Cook et al.
2012), as well as Orange4Home (Cumin et al. 2017)—and
find that HAR models pretrained on our simulated data con-
sistently outperform baseline methods. Notably, even when
fine-tuned with only a small amount of real data, these mod-
els achieve performance comparable to those trained en-
tirely on full real-world datasets. These results underscore
the practical value of our approach for developing more ef-
ficient and scalable HAR systems.

To summarize, through our LLM-based agents in simu-
lated home environments, we make the following contribu-
tions:

1. An embodied agent framework for smart home data
simulation: We present AgentSense, where LLM-driven
agents enact daily lives in virtual smart homes to generate
structured, privacy-preserving ambient sensor datasets.

2. Comprehensive evaluation of virtual sensor data for
HAR: We demonstrate the effectiveness of our ap-
proach through extensive experiments on five benchmark
smart home datasets. Our results show that models pre-
trained on virtual data significantly improve HAR perfor-
mance—especially in low-data regimes—and can match
full-data baselines when combined with minimal real-
world data.

Related Work
Embodied Agents and Simulation Platforms Embodied
agents are AI systems that perceive, reason, and act within
physical or simulated environments. This line of research
has become foundational to robotic navigation, task plan-
ning, and interactive learning. Simulation platforms have
been critical to this progress. The Gibson Environment (Xia
et al. 2018) introduced a photorealistic 3D simulator for
training and evaluating embodied agents in rich environ-
ments. Platforms such as AI2-THOR (Kolve et al. 2017),
Habitat (Savva et al. 2019), and VirtualHome (Puig et al.
2018) further expanded agent capabilities, enabling object
interactions, scripted activities, and complex navigation.

Recent work has broadened the scope of embodied agents
beyond physical interaction. Agents now include expressive
humanoid avatars and physically embodied androids capa-
ble of gaze, speech, and facial expression (Fung et al. 2025).
Others integrate world models that support abstract reason-
ing and future-state simulation (Mazzaglia et al. 2024), im-
proving planning and grounded decision-making.

Despite this progress, simulating human daily routines
in smart home contexts for data generation remains under-
explored. We build on this direction by generating struc-
tured, ambient sensor data from agents enacting daily lives

in simulated homes. Rather than creating one-to-one digi-
tal twins (Grieves and Vickers 2016), we adopt the digital
cousin approach (Dai et al. 2024), simulating diverse agents
and environments to support diverse data generation.

A natural extension of this approach is to integrate LLMs
to guide agent behavior.

Language Models for Behavior Simulation Recent ad-
vances in LLMs have enabled their integration into agent-
based systems for reasoning, planning, and interaction.
Several works have explored using LLMs to control au-
tonomous agents in virtual environments. For instance, Voy-
ager (Wang et al. 2023) uses GPT-4 to explore, plan, and
act in Minecraft by generating code and updating a skill li-
brary. Generative Agents (Park et al. 2023) simulate human
behaviors in a virtual town by assigning LLM-driven agents
memories, goals, and interactions. CAMEL (Li et al. 2023)
employs role-playing to facilitate multi-agent cooperation
toward task completion.

These efforts demonstrate the potential of LLMs to pro-
duce structured, plausible agent behaviors. However, most
focus on narrative, dialogue, or open-ended exploration
rather than generating structured data for downstream tasks,
though recent work has examined LLM–human equivalence
in annotation behavior (He et al. 2025). Our work extends
this line by using LLM-guided agents to simulate the daily
lives of diverse synthetic personas in virtual smart homes,
enabling ambient sensor data generation for training HAR
models—a new application of LLM-embodied simulation.

Synthetic Data Generation for Human Activity Recog-
nition Smart home-based Human Activity Recognition
(HAR) systems rely on ambient sensors to passively and
privacy-preservingly monitor daily activities (Cook et al.
2012; Cumin et al. 2017). However, building robust HAR
models is challenging due to the scarcity of large, diverse,
annotated datasets that capture variations in home layouts,
sensor setups, and resident routines (Liciotti et al. 2020;
Bouchabou et al. 2021).

To address data scarcity, recent work has explored syn-
thetic data generation, particularly for wearable HAR—e.g.,
generating IMU data from video (Kwon et al. 2020), au-
dio (Liang et al. 2022), and text (Leng, Kwon, and Ploetz
2023; Leng et al. 2024). However, these methods do not nat-
urally extend to ambient sensors, which involve distinct spa-
tial and triggering mechanisms.

Simulation environments like VirtualHome (Puig et al.
2018) have been used to model household activities. Some
approaches generate routines from program sketches (Liao
et al. 2019) or use LLMs for daily schedule genera-
tion (Yonekura et al. 2024) and action planning (Huang et al.
2022), but none produce ambient sensor data.

Our work bridges this gap by generating synthetic ambi-
ent sensor data from LLM-guided agents acting out daily
routines in simulated homes. By varying personas, routines,
and environments, we produce structured, diverse datasets
that better reflect real-world variability.
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Methodology
We present a system that uses LLMs and an extended ver-
sion of the VirtualHome simulator—X-VirtualHome—to
generate virtual ambient sensor data across diverse home
environments and resident profiles (Figure 1). Our pipeline
prompts LLMs to create personas and daily routines, which
are decomposed into simulator-executable action sequences.
We extend VirtualHome by adding virtual motion, appliance
door, and device activation sensors, enabling the simula-
tion of privacy-preserving ambient data for training activity
recognition models.

Multi-Level Prompting of LLM Agents to Generate
Daily Routines in Diverse Home Environments
We use a three-stage prompting pipeline to generate diverse,
simulator-executable daily routines from LLMs. Starting
from generated personas, we produce a high-level sched-
ule, which is then decomposed into fine-grained action se-
quences compatible with X-VirtualHome.

Persona Generation We aim to capture behavioral diver-
sity crucial for robust HAR models by generating a wide
range of personality profiles. Real-world routines vary sig-
nificantly by age, occupation, health, and lifestyle. Collect-
ing such varied real-user data at scale is costly and time-
intensive. Instead, we leverage LLMs to generate realistic
personality descriptions, inspired by prior work on persona
generation (Abbasiantaeb et al. 2024; Smrke et al. 2025;
Serapio-Garcı́a et al. 2023).

High-Level Daily Routine Generation We focus on sim-
ulating routines for a single resident. To generate a persona-
specific daily schedule, we prompt the LLM with:

1. Persona: A generated profile including age, occupation,
health status, and lifestyle. These attributes shape behav-
ior and introduce meaningful variability for HAR model-
ing.

2. Day of the Week: Daily activities differ across the week
(e.g., workdays vs. weekends). Specifying the day guides
the model to generate contextually appropriate routines.

3. Environment: A list of rooms in the selected Virtual-
Home layout. To ensure physical plausibility, the LLM
must know what rooms exist. Activities are tagged as “at
home” or “outside,” and only in-home activities are re-
tained for simulation.

4. Example Schedules: We provide few-shot examples
adapted from the Homer dataset (Patel and Chernova
2022), which reflects real human routines. We also in-
struct the LLM to avoid overly neat time slots (e.g., al-
ways ending in 0 or 5) to better mimic natural scheduling.

Decomposing High-Level Routines into Low-Level Ac-
tions We decompose each high-level activity into a se-
quence of simulator-executable actions. To do so, we prompt
the LLM with the following inputs:

1. Persona: Generated personality profile, which in-
cludes age, occupation, lifestyle, and health status.

These attributes affect how actions are realistically per-
formed—e.g., a retiree may move slower or take more
steps.

2. Activity: A scheduled high-level activity and its start/end
time. Only in-home activities are decomposed for com-
patibility with X-VirtualHome.

3. Environment: The target room and a list of objects avail-
able within it. A separate LLM identifies the appropri-
ate room, and we pass the full object list to ground the
model’s outputs in the actual environment.

4. Actions: A predefined set of 18 allowed simulator ac-
tions with descriptions (e.g., [walk] <bedroom>) to
constrain output format and ensure simulator compatibil-
ity.

5. Example Decompositions: Reference examples demon-
strate how to convert high-level tasks into action se-
quences. These clarify structure and formatting, improv-
ing consistency across generated outputs.

Converting LLM Output to Executable Actions in
VirtualHome
To ensure LLM-generated routines are executable in X-
VirtualHome, we convert them into simulator-compatible
commands. Left unchecked, raw LLM output may include
hallucinated or out-of-vocabulary tokens that cause execu-
tion failures. We address this through a five-step process that
cleans and validates the output against VirtualHome’s ontol-
ogy.
1. Output Cleaning. We remove extraneous metadata

(e.g., day labels, high-level activities), retaining only
low-level actions annotated with location and timestamp
(e.g., [walk] <doorjamb> (06:42{06:42)
(bedroom)).

2. Embedding the VirtualHome Vocabulary. Define

A = {valid actions}, O = {valid objects}.
Each x ∈ A ∪ O is embedded using OpenAI’s
text-embedding-3-small:

e(x) = Embed(x) ∈ Rd.

These are stored in FAISS indices—one for actions, one
for objects (Douze et al. 2024).

3. Nearest-Neighbor Retrieval. For each LLM token g, we
compute e(g) and retrieve

x∗ = argmax
x∈V

cos(e(g), e(x)),

where V = A for actions or V = Or ⊂ O for room-
specific objects, and

cos(u,v) =
u · v

∥u∥∥v∥
.

4. Thresholding and Replacement. Accept x∗ only if

cos(e(g), e(x∗)) ≥ τ,

where τact = 0.8 for actions and τobj = 0.6 for ob-
jects. Otherwise, the line is flagged as invalid and regen-
erated by the LLM using surrounding context. After a
fixed number of retries, unfixable lines are discarded.
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Figure 1: Overview of the framework. The LLM first generates diverse synthetic personas. For each persona, it then produces
daily routines grounded in the context of a simulated environment. These routines are decomposed into fine-grained actions,
which are executed in the X-VirtualHome simulator. The simulator, augmented with ambient sensors, captures virtual sensor
data as the agent enacts its daily life.

5. Final Command Assembly. Validated tokens replace
the originals, yielding simulator-ready commands:

[action*] <object*> (start--end) (room).

We implement this embedding and grounding workflow
using LangChain (Chase and contributors 2023) with FAISS
and OpenAI embeddings. This ensures semantic alignment
with the simulator’s ontology, eliminating hallucinations and
preserving execution correctness.

Implementing Virtual Ambient Sensors in
X-VirtualHome Simulator
We extend the VirtualHome simulator (Puig et al. 2018)
to support ambient sensors—specifically motion, appliance
door, and device activation sensors—aligned with LLM-
generated routines. While VirtualHome allows for the sim-
ulation of scripted household activities and supports mul-
timodal outputs (e.g., action logs, video, segmentation), it
lacks support for privacy-preserving sensor simulation. To
address this, we integrate virtual motion sensors that track
character movement and simulate door/device activations
by monitoring environment graph state changes (Puig et al.
2021).

Incorporating Motion Sensors in X-VirtualHome We
augment each home environment by placing motion sensors
based on room size. During simulation, character trajectories
are tracked at fixed intervals, and motion detection events

are recorded when the character enters a sensor’s detection
radius. Below is the detailed procedure:

1. FindAllRooms: All rooms in a home environment are
detected using VirtualHome’s FindAllRooms, which
traverses the hierarchy to find active game objects tagged
as TYPE ROOM.

2. DetermineSensorCount: For each room, the area is
computed from its bounding box. Sensor count is as-
signed as follows:

• Small (≤ 30m2): 1 sensor
• Medium (30 < area ≤ 60m2): 2 sensors
• Large (> 60m2): 3 sensors

3. CalculateSensorPositions: Sensors are placed near cor-
ners of the room, offset by 0.3m horizontally and verti-
cally (from floor and ceiling). Placement varies depend-
ing on the number of sensors required.

4. CreateVirtualSensor: Each sensor is instantiated with a
unique ID, room name, and detection radius (r = 5.0m).
A Motion sensor component is attached, and the sen-
sor is registered in MotionSensorManager.

5. TrackCharacterPosition: The character’s position p(t)
is logged every ∆t = 0.2 s using Unity’s position
property. Motion detection is computed as:

∥p(t)− si∥ ≤ r

where si is the i-th sensor’s 3D position.
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6. MotionDetectionEvent: On detection, we log: {frame
number, character ID, sensor ID, room name, (x, y, z)}.
All events are saved for analysis.

7. MotionTriggers: Using recorded positions, we derive
ON/OFF states. A segment [ton, toff] is triggered if:

∥p(t)− si∥ ≤ r and ∥p(t)− p(t−∆t)∥ > ϵ

with ϵ = 0.1m for distinguishing motion from jitter.
These states are exported as virtual motion sensor read-
ings.

Simulating Door and Device Activation Sensors

Environment Graph. The Environment Graph is a struc-
tured representation of the VirtualHome simulation environ-
ment. It encodes objects as nodes and their spatial or seman-
tic relationships as edges. Formally, it is defined as a graph
G = (V,E), where:
• V is the set of nodes, each representing an object instance

(e.g., chair, table, toothbrush).
• E is the set of directed edges representing object rela-

tions (e.g., on top of, next to). For example, the object
cup may be “ON” the kitchen counter.

Each node maintains attributes including the object’s
class, associated room, and dynamic states (e.g., OPEN,
ON), as well as static properties like CAN OPEN and
HAS SWITCH.

We simulate two types of ambient sensors—door sensors
and device activation sensors—by monitoring environment
state transitions as recorded by the Environment Graph after
each simulated action. Specifically:
• A door sensor event is triggered when an object with

the property CAN OPEN (e.g., doors, cabinets) transitions
from CLOSED to OPEN.

• A device activation sensor event is triggered when an ob-
ject with the property HAS SWITCH (e.g., microwave,
washing machine) transitions from OFF to ON.

These virtual sensor events are logged along with meta-
data such as timestamp, object ID, room location, and up-
dated object state. This enables a temporally aligned am-
bient sensor stream suitable for privacy-preserving HAR
model training.

Experiments
To evaluate the effectiveness of the virtual sensor data gen-
erated using our approach, we conduct experiments using
established real-world smart home datasets. These bench-
marks provide a controlled, reproducible setting for assess-
ing model performance and allow us to demonstrate the
practical utility of our virtual data generation—without de-
ploying physical hardware. The following sections detail the
datasets and classifier training setup.

Datasets
Real Datasets We conduct experiments on five pub-
licly available datasets: Aruba, Milan, Kyoto7, and Cairo
from the CASAS collection (Cook et al. 2012), and Or-
ange4Home (Cumin et al. 2017) from the Amiqual4Home

environment. Among the CASAS datasets, Aruba has the
most data points and balanced sensor modalities (motion,
door, temperature), with a floorplan similar to Milan, which
shares the same sensor types. Kyoto7, Cairo, and Orange
are multi-story homes with more diverse layouts and fewer
samples. Cairo and Kyoto7 include two residents, adding be-
havioral variability, while Orange has one. Sensor types also
vary: Cairo includes motion and temperature; Kyoto7 adds
item usage, light switches, and device activations; Orange
features 18+ modalities, including noise, voltage, and hu-
midity.

Virtual Dataset We generated virtual sensor data for 18
distinct personas across 22 simulated home environments,
yielding 250 days of activity data. The final dataset includes
3,266 activity windows, each containing between 3 and 393
sensor triggers (average: 36). All environments represent
single-story homes with a single resident.

During data generation, LLM agents freely produced
open-ended routines without restrictions on the activity
space. To align these with real-world benchmarks, we
mapped the LLM-generated activities to the label sets de-
fined in the target HAR datasets. This was done by prompt-
ing the LLM with (1) the high-level activity name, (2) its
decomposed sequence of low-level actions, and (3) the com-
plete set of activity labels from the target dataset. The LLM
then selected the most appropriate label, which we assigned
to the corresponding virtual sensor data.

Since the simulation assumes single-resident settings,
overlapping activities from multi-resident datasets were in-
terpreted as being performed by one individual. Addition-
ally, when real-world activity labels were not reflected in the
virtual data—due to unconstrained routine generation—we
assigned them the label “Other.”

Classifier Training:
We adopt the TDOST-based HAR framework proposed by
Thukral et al. (2025), which transfers across diverse home
layouts and sensor configurations. Unlike transformer- or
graph-based models that assume fixed topologies, TDOST is
layout-agnostic, making it well-suited for cross-environment
evaluation. This allows us to directly assess the impact of
pretraining on virtual data.

We use a pre-segmented, activity-level windowing ap-
proach, selecting the first 100 sensor triggers from each ac-
tivity window. Each trigger includes contextual metadata
(e.g., sensor type, location, and timestamp), which we con-
vert into natural language sentences using two TDOST vari-
ants:

• TDOST-Basic: Encodes sensor type and location. For
example, ”Motion sensor in bedroom fired with value
ON”.

• TDOST-Temporal: Adds time information to the above,
e.g., ”Motion sensor in bedroom fired with value ON at
twelve hours six minutes PM”.

These sentences are embedded using the
all-distilroberta-v1 model from Sentence-
Transformers (Reimers and Gurevych 2019). The resulting
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Aruba Milan Cairo Kyoto7 Orange

Accuracy

Real (TDOST-Basic) 91.00 ± 0.53 90.07 ± 0.70 69.01 ± 2.16 70.31 ± 1.53 82.40 ± 0.64
Real+Virtual (TDOST-Basic) 93.19 ± 0.22 91.97 ± 0.42 75.61 ± 1.93 70.31 ± 1.53 85.21 ± 0.82

Real (TDOST-Temporal) 91.24 ± 0.41 86.58 ± 0.12 57.20 ± 1.00 48.09 ± 0.49 67.40 ± 0.39
Real+Virtual (TDOST-Temporal) 93.67 ± 0.04 91.60 ± 0.70 67.10 ± 2.60 49.31 ± 0.49 67.60 ± 0.15

Macro F1 Score

Real (TDOST-Basic) 63.98 ± 0.66 70.81 ± 1.94 51.51 ± 1.58 52.48 ± 1.59 21.56 ± 3.75
Real+Virtual (TDOST-Basic) 72.20 ± 0.62 74.44 ± 0.85 62.47 ± 1.95 56.07 ± 1.43 41.83 ± 2.58

Real (TDOST-Temporal) 68.57 ± 1.21 57.20 ± 1.65 21.07 ± 2.28 29.51 ± 1.99 8.42 ± 2.58
Real+Virtual (TDOST-Temporal) 77.36 ± 0.34 73.41 ± 0.93 46.49 ± 2.89 31.62 ± 2.16 10.25 ± 1.46

Weighted F1 Score

Real (TDOST-Basic) 89.81 ± 0.55 90.20 ± 0.69 66.79 ± 1.83 66.43 ± 1.48 75.91 ± 0.86
Real+Virtual (TDOST-Basic) 92.41 ± 0.18 91.74 ± 0.30 74.65 ± 1.98 68.27 ± 1.02 83.42 ± 0.76

Real (TDOST-Temporal) 89.57 ± 0.40 84.99 ± 0.33 44.45 ± 0.29 41.70 ± 1.46 61.68 ± 5.73
Real+Virtual (TDOST-Temporal) 93.48 ± 0.12 91.23 ± 0.64 61.14 ± 2.85 43.96 ± 1.68 65.68 ± 0.43

Table 1: Model performance (Accuracy, Weighted F1, Macro F1) comparing training on real data only versus pretraining on
virtual data followed by finetuning on real data, using two TDOST embedding variants.

sequence of embeddings is passed into a bidirectional
LSTM (Bi-LSTM) with 64 hidden units, following the
architecture used by Thukral et al. (2025). Finally, a
linear classification layer maps the encoded sequence to a
probability distribution over activity classes.

Training Settings To evaluate the effectiveness of the
generated virtual sensor data, we conduct two types of ex-
periments across all real-world datasets: Real and Real +
Virtual. In the Real setting, the model is trained and evalu-
ated in a fully supervised manner on each dataset indepen-
dently, serving as our baseline. In the Real + Virtual setting,
we follow a two-stage training procedure inspired by Kwon
et al. (2020): the model is first pretrained on virtual sensor
data, then fine-tuned on real sensor data, with all weights
updated. Final evaluation is performed on the real test split.

Results
From Table 1, we note that models pretrained with vir-
tual data, Real + Virtual (TDOST-Basic) and Real + Virtual
(TDOST-Temporal), consistently outperform their counter-
parts trained exclusively on real data across the benchmark
HAR datasets.

For TDOST-Basic, the average accuracy increases across
datasets, with notable gains such as 69.01% to 75.61% on
Cairo, and 82.40% to 85.21% on Orange4Home. Similarly,
TDOST-Temporal shows substantial improvements, espe-
cially on low-resource datasets, as such accuracy improves
by 10% on Cairo and 5% on Milan. while performance
on other datasets such as Kyoto7 and Orange4Home re-
mains stable. Macro F1 Score shows substantial gains using
our Virtual+Real supervised pipeline. For TDOST-Basic,
the Macro F1 increases from 11% on Cairo and by ap-
proximately 20% on the Orange4Home dataset. Similarly,
TDOST-Temporal shows a sharp improvement from 68.57%
to 77.36% for Aruba, 51% to 73% for Milan. Weighted F1

scores follow a similar upward trend, with both TDOST-
Basic and TDOST-Temporal showing significant improve-
ments across datasets.

The consistency of improvements across all five
datasets—including Orange4Home, which is a large-scale
non-CASAS dataset with over 18 different types of sen-
sors—further reinforces the generalizability of pretraining
and robustness of our virtual sensor data across different sen-
sor types, activity sets, and home environments. To sum up,
substantial improvements in downstream HAR performance
validate our virtual data-generation approach as an effective
way to reduce reliance on costly real-world data collection,
especially for complex or low-resource environments.

Ablation Studies
Varying the Amount of Real Data Used for Finetuning
We analyze how varying the amount of real data used dur-
ing fine-tuning affects downstream HAR performance. This
experiment aims to identify the minimum quantity of real-
world data needed to achieve competitive performance when
models are pretrained on virtual data.

For each dataset, we first pretrain the model using all
available virtual data, then fine-tune it using randomly sam-
pled subsets of real data. The number of fine-tuning samples
varies per dataset, as illustrated in Figure 2. To ensure con-
sistency, the sampled subsets maintain the original distribu-
tion of activity classes. All experiments are conducted using
the TDOST-Basic variant.

Across all five benchmark datasets, we observe that the
Real+Virtual models consistently outperform those trained
solely on real data, regardless of the amount used. This indi-
cates that pretraining on virtual data provides a strong ini-
tialization, enabling robust performance even in low-data
regimes. Notably, using only 5% to 10% of real data, pre-
training on virtual data yields substantial gains over training
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Figure 2: TDOST Basic model performance when different amount of real data are used for training. The amount of virtual
data stays the same.

using only the real data. For example, we see a ∼10% im-
provement in macro F1 for Aruba and up to a 45% increase
for Kyoto7 when using just 5% of real data. These findings
support our hypothesis that virtual data can significantly re-
duce the need for large-scale real-world data collection.

In several cases, such as Orange4Home and Cairo,
Real+Virtual performance approaches the upper bound of
fully supervised training. On Cairo, for instance, models
reach ∼80% accuracy and ∼60% macro F1 using just 200
real samples. Similarly, fewer than 200 samples are suffi-
cient to achieve comparable results on Orange. This further
underscores the practical value of virtual pretraining for ef-
ficient HAR model development.

Env Days Personas Acc Macro F1 Weighted F1

92.72 68.35 91.66
✓ 92.76 70.69 91.84
✓ ✓ 93.22 71.01 92.38
✓ ✓ ✓ 93.19 72.20 92.41

Table 2: Effect of environment diversity, weekly routine cov-
erage, and persona variation on HAR performance

Effectiveness of Individual Components We evaluate
the impact of different generation settings—namely, per-
sonas, routines from multiple days of the week, and diverse
home environments—on the effectiveness of virtual sensor
data. All experiments are conducted on the Aruba dataset
using the TDOST-Basic variant. As shown in Table 2, when
virtual data is generated using a single persona, a single
day’s routine, and a single environment, the downstream
classifier achieves a macro F1 score of 68.35%. Introducing
diversity in environments (22 homes) increases performance
to 70.69%. Adding routines from all seven days of the week

further improves macro F1 to 71.01%. Finally, incorporat-
ing multiple personas leads to the highest performance of
72.20% macro F1.

These results indicate that each compo-
nent—environment, daily routine, and persona—contributes
positively to the performance of the downstream classifier.
We attribute this improvement to increased diversity in
the generated virtual sensor data, which enhances the
generalizability of the downstream classifier. Notably, the
total volume of virtual sensor data remains constant across
settings, achieved through repeated generation.

Conclusion
We introduced AgentSense, a data generation framework
that leverages LLM-guided embodied agents to simulate
human lives in virtual smart home environments. By gen-
erating diverse synthetic personas and their daily routines
grounded in varied home layouts, AgentSense produces
structured, richly annotated ambient sensor data designed to
reflect the heterogeneity of real-world settings. We extended
the VirtualHome simulator with virtual ambient sensors, en-
abling the conversion of LLM-generated action sequences
into sensor data.

Our experiments across five real-world smart home
datasets demonstrate that models pretrained on this vir-
tual data consistently improve downstream HAR perfor-
mance—particularly in low-resource scenarios. Even with
limited real data, these models approach the performance of
those trained on full datasets, highlighting the practical value
of our approach. This work illustrates a promising new di-
rection for scalable, privacy-preserving HAR development:
using LLM-guided embodied simulation to reduce depen-
dence on costly real-world data collection.
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