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Abstract
Foundation models (FM) have shown immense human-like capa-
bilities for generating digital media. However, foundation models
that can freely sense, interact, and actuate the physical domain is
far from being realized. This is due to 1) requiring dense deploy-
ments of sensors to fully cover and analyze large spaces, while 2)
events often being localized to small areas, making it di!cult for
FMs to pinpoint relevant areas of interest relevant to the current
task. We propose FlexiFly, a platform that enables FMs to “zoom
in” and analyze relevant areas with higher granularity to better
understand the physical environment and carry out tasks. FlexiFly
accomplishes by introducing 1) a novel image segmentation tech-
nique that aids in identifying relevant locations and 2) a modular
and recon"gurable sensing and actuation drone platform that FMs
can actuate to “zoom in” with relevant sensors and actuators. We
demonstrate through real smart home deployments that FlexiFly
enables FMs and LLMs to complete diverse tasks up to 85% more
successfully. FlexiFly is critical step towards FMs and LLMs that
can naturally interface with the physical world.

CCS Concepts
• Computer systems organization ↑ Embedded and cyber-
physical systems; • Hardware ↑ Sensors and actuators; •
Computing methodologies↑ Scene understanding; Cogni-
tive robotics.
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Figure 1: FlexiFly enables FMs to “zoom in” to areas of in-
terest with recon!gurable drones to better interface with
physical environments.

1 Introduction
While there are a number of works that incorporate large language
models (LLM) into robotic and egocentric systems [42, 52], such as
the Figure01 AGI robot [20] and digital voice assistants, there are
fewworks that explore the use of LLMs and foundation models (FM)
to actuate our physical environments. Unlike egocentric systems,
where sensing, processing, and control are often localized to the
vicinity of the autonomous agent, executing tasks and monitoring
spaces often involves sifting through heterogeneous streams of
sensing data spanning large areas of the space to detect and process
events localized to a tiny fraction. While FMs and LLMs have shown
strong performance on summarization tasks, they have di!culty
completing tasks that involve processing localized areas of interest
without mechanisms to help them “zoom in”. Much like how FMs
enable general human language and sensory understanding and
responses, our work explores how FMs could be used to enable a
diverse range of general interactions with objects and spaces that
likely cannot be actuated digitally through code. These interactions
form a large portion of our daily interactions.
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Figure 2: System architecture of intelligent assistant with FlexiFly.

For example, a personmaywant his/her home to physically bring
a snack or medicine; this would require a robotic system that could
physically identify and carry the payload. Another person, coming
into an o!ce area for the time may want to know the warmest
desk to sit at in the building; this would require the building to
utilize a dense deployment of temperature sensors. A third person
in a chemical lab may want the building to monitor and notify
him/her about the results of a chemical reaction that s/he started
before leaving; this situation could likely be accomplished with a
camera with special capabilities to detect these reactions. While it
is possible to enable all these applications, these examples highlight
three main challenges that prevent FMs and LLMs for achieving
the same amount of autonomy in our physical environments as we
have seen in the digital domain:
1. Each new application requires a new device or sensor, often
with built-in special capabilities. Each of the three examples we
discussed would require the user to purchase or engineer a system
to satisfy that task. Evolving new applications and functionality in
this way is also not scalable.
2. Events, tasks, and actions are often localized. Events and
tasks are often localized to small areas. As we will show in Sec-
tion 3, an FM that is analyzing data from multiple sensors covering
a large space often misses events occurring in small sections of a
large scene. While LLMs and FMs have shown great performance
in analyzing general trends, we will show that they have di!culty
detecting and responding to localized events in larger sensor de-
ployments (Section 3).
3. Achieving full coverage across an entire space requires
space-dependent dense deployments. The example of "nding
the “best desk” to sit requires a dense deployment of temperature
sensors. While it is common for smart spaces to deploy smart de-
vices and sensors, new applications may require dense deployments
that need to be tailored to the layout of the environment, making it
di!cult to achieve full coverage for each new application.

We propose FlexiFly, a platform that addresses the challenges
in enabling FMs to interface with the physical world by enabling
FMs, particularly visual-language models (VLMs), to “zoom in” to
localized areas of interest to obtain a higher resolution, "ne-grained,
and better understanding of the physical environment to carry out
the task at hand. FlexiFly accomplishes this goal with two critical
design choices, as shown in Figure 1.

First, we propose a novel image segmentation method called
Aspect Ratio Constrained K-Means (ARCK-Means) segmentation
to visually “zoom in” and identify potential locations pertinent to
the task. We show how existing state-of-art segmentation methods

(e.g., Segment Anything Model (SAM) [28]) often result in split
objects that reduce object identi"cation and localization accuracy.
ARCK-Means segmentation ensures that full objects are processed
and improves the analysis of localized areas of interest in FMs.

Second, we propose an adaptive, modular, and recon"gurable
sensing and actuation drone platform that FMs can actuate to “zoom
in” physically. Once the FM identi"es potential locations of interest,
it can select the relevant sensor or actuator to equip, before actuat-
ing the drone to analyze locations of interest up close. For example,
to answer the question: “where is the warmest place to sit?”, the
FM would identify potential locations that may indicate warmth
(e.g., sunlight), before sending a drone equipped with a temperature
sensor to con"rm. While there are several existing con"gurable
drone platforms [16, 22, 45, 47], these works focus on the physical
design and control of the drone rather than the sensing, analysis,
and actuation capabilities. Moreover, these existing works require
manual recon!guration, while FlexiFly autonomously recon!gures
sensing and actuation capabilities on-the-"y. Our motivation for
exploring the use of drones to empower foundation models inter-
facing with the physical world stems from our vision that humans
and robotic systems will coexist in the future.Moreover, our
design choices address the challenges mentioned previously:
1. Modularization enables easy integration of new applica-
tions. Much like single-lens re#ex (DSLR) cameras with inter-
changeable lenses, modularization 1) allows for the creation of
an ecosystem of sensors, actuators, and applications. Consumers
can therefore purchase only the sensors and actuators for the appli-
cations they need and improve drone reusability, expendability, and
sustainability. A static drone may not have all the required sensors
and actuators, which would require purchasing a completely new
drone. Layering and modularization also enables 2) evolving the
drone and enabling new applications independently. New sensors
and actuators purchased for new applications will still be compat-
ible as long as the interface remains the same. Drones carrying a
single sensor or actuator 3) can be designed much smaller, more
agile, less noisy, and more suitable for closed environments, such
as indoors.
2. Actuating a drone enables localized sensing and actuation.
A recon"gurable drone platform enables FMs to dynamically specify
what sensing or actuation modality at which location, without
relying entirely on static sensors that may not have been deployed.
3. Drones can achieve full spatial coverage while allowing
for sparser deployments. Because FMs can actuate a drone to
any location, there no longer is a need for dense deployments for
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all types of sensors. Instead, a single drone can be used to service
an entire space.

To demonstrate the utility of FlexiFly for LLMs and FMs inter-
facing with physical environments, we prototype and show how
FlexiFly could be integrated into a personal assistant system that
leverages static sensors deployed throughout the environment (cam-
eras) in conjunctionwith foundationmodels and penetrative AI [55]
to satisfy a wide range of useful tasks in a home, lab, or o!ce set-
ting. To the best of our knowledge, our work is the !rst to propose
a drone platform with recon!gurable sensing to address challenges
in coverage, localized sensing, and dense deployments for enabling
general LLM and FM interactions with our physical environments.
Our contributions are as follows.
1.We propose FlexiFly, a platform that enables FMs, particularly
VLMs and LLMs, to better understand and interface the physical
world by identifying localized areas of interest from large scenes,
equipping relevant sensors/actuators, and actuating the drone to
“zoom in” up close.
2. To realize FlexiFly, 1) we propose a novel image segmentation
method called ARCK-Means that aids FMs in identifying localized
areas of interest. We demonstrate that ARCK-Means improves the
understanding and detection of objects in large and cluttered scenes
over existing segmentation techniques, namely SAM, by reducing
the amount of disjoint and split objects produced by segmentation
masks. 2) We introduce a drone-based modular and recon"gurable
sensing and actuation platform that enables FMs to adapt to a
wide range of scenarios. FlexiFly actuates the drone, equipped with
task-relevant sensors and actuators, to identify areas of interest to
analyze up close.
3.We demonstrate how FlexiFly can augment LLMs and FMs and
easily enable new applications throughout our environments, be-
yond the capabilities of common IoT smart devices, by prototyping
a personal assistant system that leverages both static sensors (cam-
eras) and the mobility and #exibility of a recon"gurable drone. Our
deployments and demo [58] in realistic scenarios demonstrate that
FlexiFly can improve the success rate of a diverse array of tasks by
up to 85%.

2 Related Works
1. Language and foundation models. LLMs and FMs have seen
a surge in usage and research due to their powerful capabilities
in allowing computers to understand and interact using natural
human modes of communication in an unprecedented manner.
While most of these works focus on generating language, text,
and digital media, there is a growing trend on adapting them for
autonomous systems that interact with the physical world. Many
suchworks target robotic platforms [52], including drones and robot
vacuums, that only have an egocentric view of the vicinity around
them.Works that leverage FMs and LLMs for interacting with larger
spaces, namely smart homes, generally focus on actuating common
smart appliances to better respond to the needs of occupants [27,
41, 42]. These works, leverage LLMs to create a natural language
interface between humans and their environments, often leveraging
internet-connected devices and targetting applications that are
already widespread (e.g., television or air conditioning control).
Our work focuses on enabling new applications and interactions

that LLMs and FMs can havewith occupants and their environments
scalably without being limited to the constraints imposed by the
sensors and functionalities implemented and hard coded into the
devices found throughout the environment.
2. Recon!gurable and adaptive sensing platforms. There are
many recon"gurable and modular sensing platforms in existence.
In addition to the platforms provided by open-source do-it-yourself
(DIY) electronic vendors, such as Adafruit [25] and Sparkfun [19],
there are also platforms that operate on even lower resource micro-
controllers, without an operating system, that are less #exible in the
number of interfaces and con"gurations they support [57]. [59, 60]
are recon"gurable sensing platforms based on the Raspberry Pi that
have uni"ed and generic hardware interfaces, allowing sensors to
use the same set of connectors even if they are interfaced di$erently
in software (e.g., UART, SPI, or I2C). Several platforms leverage the
Berkeley TinyOS operating system [31], which allow developers
to develop extremely long-lasting applications with great #exibil-
ity [14, 18, 21, 37, 38, 43].

There are a few recon"gurable drone platforms, but most fo-
cus on enabling #exible physical design and control of drones [16,
22, 45, 47]. For example, [15] allows operators to recon"gure the
number of rotors the drone with locking mechanisms that connect
rotor modules. These works typically do not focus on sensing and
actuation recon"guration, unlike FlexiFly. Additionally, they typi-
cally require a person to manually recon"gure the drone, while we
introduce mechanisms that enables human-free con"guration of
the sensing and actuation. [54] recently proposed a recon"gurable
drone platform, but is only a demo abstract and leaves out many
details on how it autonomously swaps modules.

Prior works have also explored adaptive sampling strategies to
optimize sensor deployment and data collection, both in traditional
wireless sensor networks [30] and mobile sensing platforms like
underwater vehicles [12]. Unlike these approaches that focus on
sampling optimization, FlexiFly enables on-demand sensor recon-
"guration guided by foundation models.
3. Embodied systems. Traditional robotic systems often rely on
hand-crafted algorithms, making adaptation to new or unforeseen
situations challenging. Additionally, they struggle to generalize
learned behaviors across di$erent tasks, limiting their e$ective-
ness in real-world applications [23]. By leveraging LLMs and FMs
in robotics, including drones, the generalization problem in plan-
ning [24, 32] and control [13, 50, 56] in di$erent tasks is partially
resolved. However, these works still face severe limitations for
solving diverse and general tasks due to insu!cient real-world
interactions. This is primarily because traditional robotic systems
rely on limited and "xed sensing capabilities, often restricted to
cameras; once a robotic system is built, their hardware capabili-
ties are hardly ever upgraded. Many tasks require multiple sensing
modalities or may need the use of di$erent types of sensors to
e$ectively understand, interpret, and respond to events in the phys-
ical world. To resolve the aforementioned limitations, we propose
FlexiFly, a system that bridges the physical world with foundation
models through a modular sensing platform.
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3 Preliminaries and Challenges
In this section, we explore the limitations of current foundation
models in understanding and responding to events and tasks that
require interacting with physical environments. Such tasks a person
may ask his/her home or environment could include “where is the
warmest place to sit”, “where did I leave my phone”, ”bring me a
snack”, and much more.

The growth of the Internet of Things (IoT) is exponential, and
the number of internet connected sensors and devices is expected
to double by 2030 [51]. It is expected that all future buildings and
homes will be equipped with a wide array of di$erent sensors and
devices that will improve our e!ciency, automation, personalized
insights, and overall quality of life. We envision that foundation
models will be capable of understanding data collected throughout
our physical environments and act as a natural interface between
humans and their built environments.

3.1 Deployment
To test the current limitations of FMs for realizing this vision, we
created the deployment shown in Figure 8e, using a network of 4
cameras. Since FMs for language and vision are most mature, we
focus on these modalities; in the future, we believe that foundation
models capable of interpreting streams of heterogeneous sensing
modalities from sensors strewn throughout the environment will
be possible.

We deploy a camera network on the ceiling of our deployment
area, facing directly downwards. We generate #oor maps and stitch
together frames from individual camera views, according to [35],
which we input into the Large Language-and-Vision Assistant
(LLaVA) [33], a state-of-art visual-language model (VLM), along
with user speci"ed tasks and commands.

3.2 Types of Tasks
We identify and explore four classes of tasks in this work that are
useful for creating smarter physical spaces, but are not commonly
packaged into existing IoT smart devices:
T1: Object/Location Identi!cation (ID). This set of tasks requires
the system to observe the environment and identify an object or
location based on the user’s command (e.g., “where is my phone?”).
In our preliminary analysis, we look at one task in this category:
“where is my phone?” and place a phone at di$erent locations in
view of the cameras.
T2: Object/Location State (State). This set of tasks involves learn-
ing about the state or condition of a speci"c object or location. For
example, “is my food burning” would require the FM to identify
food that is being cooked and if the food is producing too much
smoke. In our preliminary analysis, we look at one task in this
category: “where is the warmest place to sit?” and arti"cially turn
up the heat in certain areas of the room by placing concealed space
heaters nearby.
T3: Surveillance (Surv). These tasks di$er from the previous two,
which are executed only once after the command is received. In
surveillance tasks, the system needs to continuously analyze the
environment until a potential event occurs (e.g., “Let me know if any
chemical in my experiment spills on the table”). In our preliminary
analysis, we look at one task in this category: “let me know if
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Figure 3: Preliminary study: (a) task completion rate of stan-
dard FMs leveraging VLM (camera) and dense sensor net-
works, compared to FlexiFly; (b) Example showing that the
VLMcould not detect the phone in plain sight unless “zoomed
in”.

any chemical in my experiment spill on the table?” and arti"cially
simulate this event by knocking over a glass of colored water.
T4: Actuation (Act). Unlike previous categories, which require
sensing, actuation tasks require direct physical interactions with
the environment (e.g., “bring me my medicine”).

3.3 Preliminary Analysis and Limitations
Using this basic camera network + FM setup (labeled VLM Baseline),
we attempt to satisfy one command from each of the classes of
actions we identi"ed. We also compared against an FM analyzing
data from a deployed sensor network (labeled Sensor Baseline); here,
we deployed 9 sensors (temperature for the state task and alcohol
sensors for the surveillance task) in a grid pattern and interpolated
between sensors to obtain a map spanning the entire space. We ran
70 trials for each scenario and show the success rate of identifying
or completing each task in Figure 3a. We see that the success rate is
low across the board for the VLM and sensor baseline, due to three
limitations.
Limitation 1: Physical size of environments and volume of
sensor information and is large, while events and objects of
interest are localized to small areas. A FM overseeing physical
environments need to process many streams of data covering a
large area, such as the space of our deployment. However, users are
generally interested in only a small portion of the environment. We
noticed that for the ID tasks (looking for phone) and surveillance
(detecting spills), our FM could often not detect these objects and
events due to the event occurring in a tiny portion of the environ-
ment and the limited resolution that can be captured. As shown
in Figure 3b, LLaVA could not identify many objects unless we
manually zoom in and reduce the camera’s area of coverage.
Limitation 2: Coverage and resolution of sensing modalities
required is limited and not practically scalable. The VLM could
not accurately identify the warmest place to sit (T2: state task) be-
cause it leverages a sensing modality where standard vision may
not perform well (temperature). Even when we included tempera-
ture sensors (sensor baseline), the success rate is still low. When we
simulated the warmest place to sit close to the sensor, the success
rate was high, but the sensor network cannot accurately capture
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the dynamics of the space at areas away from the sensors, which
is where success rate decreased. This highlights that the density
of sensors the performance and understanding an FM has about the
environment. Additionally, while detecting the warmest place to
sit may require a temperature sensor, di#erent applications require
di#erent sensor deployments (e.g., detecting falls could use audio
or vibration). For instance if audio is used to detect falls and the
bedroom does not have a smart speaker or microphone, then it
would be di!cult to enable this service in the bedroom.
Limitation 3: Actuation is restricted. An actuation task such as
bringing the user a snack or medicine cannot be accomplished with
only an FM along and static devices throughout the environments.

3.4 Design Philosophy
To address the limitations discussed previously, our design philos-
ophy involves creating mechanisms that enable FMs to “zoom in”
and sense targeted areas of interest with higher resolution. We
tackle these limitations on two fronts. First, we propose a novel
image segmentation technique called Aspect Ratio Contrained K-
Means (ARCK-Means) to aid in identifying potential locations of
interest to “zoom in”. Second, we propose FlexiFly, a drone platform,
with modular and recon"gurable sensing and actuation, that allows
FMs to pick and choose sensors and actuators depending on the
task at hand. The FM "rst leverages ARCK-Means to identify areas
of interest based on the current state of the environment and the
input command (Section 4), before actuating the drone with the
corresponding sensors to “zoom in”(Section 5).

For example, an FM looking to answer “where is the warmest
place to sit” previously could only rely on analyzing and sifting
through a large amount of sensor data from static sensors through-
out the environment. With FlexiFly, an FM identi"es local areas
of interest with ARCK-Means, before actuating a temperature sen-
sor equipped drone to areas of interest to measure and compare
temperature readings.

ARCK-Means alleviates the "rst limitation by aiding the FM in
identifying local areas of interest in large cluttered scenes. Our
recon"gurable sensing and actuation drone platform alleviates lim-
itation 2 and 3. Instead of requiring a dense deployment of static
sensors (limitation 2), FMs can recon"gure and actuate the drone
to the precise location it needs to sense, which reduces deployment
overhead. Moreover, a mobile drone platform enables actuation
of items in the physical environment that are more restrictive for
static sensors and devices (limitation 3).

4 Identifying Local Areas of Interest via
Segmentation.

As mentioned in Section 3, when a user command arrives, we input
the command along with frames stitched together from the camera
network in LLaVA. We found that LLaVA was not able to reliably
detect objects of interest in a scene when we passed in an image
or a large space (e.g., a single chair in a large room); the larger the
scene, the less detailed and more high-level the responses became.

One way to alleviate this is to segment and analyze smaller por-
tions of the full image. Instead of directly passing the entire scene
into LLaVA, we use the state-of-art image segmentation model,
Segment Anything Model (SAM), to extract key objects and smaller

Figure 4: Segmentation and clustering to break down scenes
into smaller more manageable pieces for LLaVA and DINO.
(a) Object masks after applying Segment Anything Model
(SAM); (b) Extracted frames after clustering object masks
based on K-Means; (c) Hierarchical clustering, and (d) ARCK-
Means. For ARCK-Means, we constrain the aspect ratio of
extracted frames to be between 0.67 and 1.5.

areas of the scene [28]. Figure 4a shows an example of the object
masks that are output by SAM. These object masks are then input
into LLaVA, along with the user command, and outputs (in text)
the names of potential objects in the scene that might be of interest.
These text outputs from LLaVA and the segmented images are input
into Grounding DINO [34], a state-of-art language model for zero-
shot object detection and localization, which then outputs localized
bounding boxes of potential objects of interest. In implementing
this segmentation pipeline for identifying locations of interest, we
noticed a number of limitations that impacted performance, as
discussed next.

4.1 Limitations of Current Segmentation
Methods

1. SAM often generates segmentationmasks that split objects
between two di"erent masks. As such, LLaVA and Grounding
DINO often identify the same object multiple times at slightly
di$erent locations when directly using the masks from SAM, adding
to the processing time.
2. The segmented masks are not rectangular, which reduces object
detection performance. We observed that directly inputting the
segmented masks into LLaVA and Grounding DINO saw a large
performance degradation. This performance degradation persisted
even if we zero pad the segmented images into a rectangular shape.
We suspect this is because LLaVA andGroundingDINO are typically
trained with rectangular images, with standard aspect ratios (e.g.,
640 x 480), in natural settings; whereas, the inputs we were trying
are non-rectangular with most of the background removed (zero
padded).

4.2 Aspect Ratio Constrained K-Means
(ARCK-Means) Segmentation

To address the limitations of current segmentation methods in
aiding FMs identify potential locations of interest, we propose
Aspect Ratio Constrained K-Means (ARCK-Means) Segmentation.
ARCK-Means operates on the segmented objects generated by SAM.

To alleviate the challenge of splitting objects between di$er-
ent masks (limitation 1), ARCK-Means "rst clusters the centroids
of the masks generated into 𝐿 clusters. We leverage hierarchical
clustering [40], but also benchmark against K-means [7].
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Figure 5: Di"erent clustering methods and thresholding evaluated for segmentation. Prompt 1: Describe the image in detail.
Prompt 2: Is there a {object name} in the image?

To ensure that whole rectangular images are analyzed by LLaVA
and Grounding DINO (limitation 2), we "nd the minimum-area
rectangle that encompasses all masks of each cluster. Moreover, we
constrain the aspect ratio of clustered masks between to ensure
aspect ratios of typical images used during training, resulting in the
full ARCK-Means method. To accomplish this, we check if adding
a new segment into the existing cluster causes the aspect ratio to
fall below or above our constraints; if these constraints are broken,
then we do not make the assignment. The resulting image segments
are then analyzed by LLaVA and DINO.

4.3 Analysis and Benchmarking
Figure 4b-d shows an example of segmentation and clustering. We
see that for ARCK-Means the clustered masks generated tend to be
more square. Additionally, the cluttered table in the bottom right
hand corner is fully encompassed by ARCK-Means, but both K-
Means and hierarchical clustering do not capture all of the items on
the table in a single segment. These improvements of ARCK-Means
over the other clustering methods yields higher performance in
detecting objects of interest, as shown in Figure 5. In this case
and for the rest of the paper, a successful “recall” means that the
Grounding DINO model was able to detect and localize the object
interest in any one of the segmented clusters it was given, regardless
of any additional detections.

First, we tested two prompts with the LLaVA model and vary the
size of the object with respect to the frame of one camera (Figure 5a).
The "rst prompt is more general, asking LLaVA to describe the
objects present. The second prompt is more speci"c, asking if the
speci!c object of interest is present in the scene. We see that the
more speci"c a prompt is, the higher the recall, which is the reason
why we used more speci"c prompting. Second, we see that as the
size of the object gets smaller with respect to the image frame, the
recall gets smaller, since the signal-to-noise ratio of the object gets
smaller.

In Figure 5b, we compare the recall of each clustering method af-
ter clustering each scene into 5 segments, and see that ARCK-Means
has the highest recall due to improvements in the masks it clusters
(addressing limitation 1) and the shape of the resulting segments
(addressing limitation 2); as such, we adopt ARCK-Means into the

"nal system. Figure 5c shows the run time and recall of ARCK-
Means as a function of the number of clusters or segments we split
the scene into. We see that the recall levels out at around 90% after 5
clusters, while taking around 100ms to run the full pipeline. Adding
in more clusters does not yield signi"cant improvements in detec-
tion, but signi"cantly increases run time; as such, we segment the
scene into "ve segments in the "nal system. To generate these plots,
we used 47 images of indoor home, o!ce, and lab environments.
We took 35 images from the ADE20K scene parsing dataset [61]
as well as 12 images from our own deployment. We implement
and run the full visual-language model pipeline (SAM, clustering,
LLaVA, and DINO) on an Nvidia RTX 3090 GPU server.

5 Modular and Recon!gurable Sensing and
Actuation Drone

In this section, we introduce the recon"gurable and modular sens-
ing and actuation platform for drones, which FMs can actuate to
identi"ed locations of interest (Section 4).

5.1 Challenges and Design
The primary challenges in realizing an automated and recon"g-
urable sensing platform for drones is two fold.
1. Drone and module connector. To allow recon"guration, the
sensor and actuation modules need to be detachable from the
drone’s main body. While there are drone platforms that can be
recon"gured with di$erent frames, wings, or motors [15, 17, 47],
the vast majority leverage mechanical connectors with locking
mechanisms that often requires additional force and complex mech-
anisms to fasten and remove (e.g., grippers with joints much like
human hands). Instead, we leverage a fully magnetic connector. The
advantage of this design choice is two-fold.

First, it simpli"es the design of the mechanisms for removing
and fastening new modules on the mechanical layer. Second, less
force is required to fasten and remove the module. Compared to
a mechanical design, such as [15], that requires the application of
force with several mechanisms at multiple locations, potentially
damaging the module, connector, or drone, a magnetic connector
enables gripper to bring a new module within vicinity of the drone
before the magnet automatically aligns the pins and fastens the
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Figure 6: a) Physical drone system, b) Carrier board, c) Several sensor modules, d) Actuation module, e) Gripper for swapping
sensor and actuation modules

Figure 7: Di"erent landing platforms designed and benchmarked. The average landing time took 7.8 seconds.

module in place. Removing the module follows a similar procedure.
We tested the success rate in swapping a module on a drone with both
magnetic [8] and standard PCB mezzanine connectors [9, 10] using
our gripper (Figure 6e) that actuates vertically to bring modules up
and down. We ran 10 trials and found that our system could swap
in new modules successfully every time when the connectors are
magnetic. However, our system failed at swappingmodules with the
standard mezzanine connectors because our mechanical grippers
could not apply enough force to remove nor attach modules.
2. Alignment. Swapping in new modules onto the drone can only
occur successfully if the drone is oriented correctly with the gripper
after landing. This challenge is not directly related to the well
studied problem of drone landing [53], which aims to guide the
drone to the landing platform before descending. As the drone
descends closer to the ground, nonlinearities in drone stability
(ground e$ect) [36], for which there is no promising method to
compensate, can cause the drone to become misaligned. Instead,
we focus on the design of the landing platform that automatically
calibrates the orientation of the drone as it touches down.

Rather than creating a #at landing pad that is similar to the land-
ing pads for helicopters, we take inspiration from the Ring Always
Home Drone, which uses a funnel [4]. As long as the drone lands
within the opening of the funnel, the drone will automatically slide
towards the bottom of the funnel with an opening that latches onto
the onboard module (Figure 7c-top). To further improve alignment,
we propose a new design that includes additional grooves to further
improve module and drone alignment (Figure 7c-bottom).

We benchmark both the vanilla funnel and the grooved funnel
landing platform design, as shown in Figure 7d. For each design, we
had the drone land and swap modules 75 times and found that the
swap rates are fairly similar. However, the grooved design corrects
for greater drone misalignments from the platform, as re#ected

Total Module Fly Drone Module Cost
Mass Mass Time Power Power

Drone Only 344.7g - 3m47s 195.4W - $344
PM2.5 411.9g 67.2g 3m16s 226.0W 0.29W $40

Temp&Moisture 372.3g 27.6g 3m43s 198.8W 3.3𝑀W $12
Light Sensor 372.8g 28.1g 3m43s 199.3W 10𝑁W $10

CO2 372.8g 28.1g 3m42s 199.8W 86𝑁W $16
Alcohol 376.2g 31.5g 3m39s 201.7W 0.75W $8
Actuator 394.8g 50.1g 3m08s 235.1W 1.22W $7

Table 1: FlexiFly’s supported sensors/actuators and their
mass, power consumption, and cost.

in the higher maximum tolerable orientation and o$set errors. As
such, we adopt our proposed grooved funnel design into FlexiFly.

5.2 Platform Components and Implementation
Details

This section discusses the implementation of the rest of the recon-
"gurable platform.
Drone platform.We build FlexiFly o$ the open-source Crazy#ie
drone [1], as shown in Figure 6. We replaced its brushed motors
with more powerful brushless motors (3800 Kv powered by a 4-
cell 850mAh battery) . To improve payload capacity and ensure
operational safety in areas with human presence, we designed
and fabricated a enclosed drone frame using lightweight foaming
polylactic acid (LW-PLA), as shown in Figure 6a.
Carrier board. The carrier board, attached to the base of the drone,
provides the physical data, power, and communication connections
between the drone platform and each sensor/actuation module. We
implement the carrier board on a lightweight $15 Raspberry Pi
Zero 2W [3], which has magnetic connections for one sensor or
actuation module.
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Sensor and Actuation Modules. FlexiFly comes with a collection
of sensor and actuation modules (full list in Table 1). These modules
are attached or detached from the drone by the ground station and
comes with a 3D printed structure that increases the surface for the
ground station to pick up modules. The actuation module, shown
in Figure 6d, is a container structure with a motor that opens and
closes a hatch. Small items (e.g., medication, candy, pet food, etc.)
can be loaded into this module for the drone to deliver.
Ground station and automated takeo" and landing. The
ground station consists of a gripper mechanism and a conveyor
belt to position modules below the drone. We created the platform
leveraging the chassis of the open-source Ender-3 3D printer [2].
The gripper in Figure 6e removes and attaches modules onto the
drone.

To land, the ground station guides the drone using two cameras
facing up on top (Figure 7b). We also print and attach two ArUco
markers to the bottom side of the drone to easily detect the posi-
tion of the drone and its orientation. ArUco markers, commonly
used for camera pose estimation, are similar to QR codes, but carry
less encoded information, which makes them more computation-
ally e!cient to detect [46]. In future work, we plan to leverage
more complex computer vision models to automatically determine
the position and orientation of the drone without needing to add
additional markings.

6 Implementation of a Foundation Model and
Drone-based Assistant

We show how FMs can leverage our novel methods for identifying
local areas of interest (Section 4) and recon"gurable drone platforms
(Section 5) to better understand and interact with physical envi-
ronments, with the implementation and evaluation of a personal
assistant system.

Figure 2 shows the work#ow of our prototype. Static cameras
in the environment provide a high-level and coarse-grained view
of the environment, just like in our preliminary deployment (Sec-
tion 3.1). When a user gives a voice command, the system leverages
LLaVA and ARCK-Means segmentation (Section 4) to identify local
areas of interest and the relevant sensor or actuator. Then, the sys-
tem actuates the FlexiFly drone with the sensor/actuator to each
location to complete the task. We carry out and evaluate this system
on the four classes of tasks we identify in Section 3.2.
Implementation Details. A local server runs the Ollama frame-
work, hosts the LLMs (Llama-3.1-8B), VLM (LLaVA 1.6-8b), and
Grounding DINO open-set object detection model. Upon user re-
quest, a snapshot is taken from the ceiling camera network and
stitched into a single image. The server identi"es required sensing
modules and key areas of interest, manages pipeline execution, and
sends commands to the drone. A validation LLM (Llama-3.1-8B)
is used that ensures properly formatted outputs throughout the
process. For sensing tasks (ID or State tasks from Section 3.2), the
drone #ies to each location while reading sensor values from the
attached module. If the sensing modality involves camera-based
object identi"cation (e.g., an object or location ID task), the cap-
tured drone image is processed on our local server. However, for
time-series data analysis, the system uses GPT-4 [44], as we found
that locally hosted LLMs often produce unreliable results when

generating code to analyze the sensor data. In an actuation task,
the system attaches the actuation module with the relevant payload
(e.g., snack or medicine) before #ying to the destination for dropo$.
Prompting users for more context. Some phrases require more
context to properly identify locations, sensors, or actuators. For
example “tell me the ‘best’ location to sit”. The word “best” could
have many meanings (e.g., warmest, coolest, quietest, etc.). If a user
gives a command with a non-speci"c adjective, such as “best”, the
system will prompt the user to clarify and be more speci"c. In the
case of an actuation task, the system aims to deliver its payload to
one location. If the visual-language model detects multiple potential
locations, it will ask the user to clarify the location, either through
voice or a web application that we implemented.

6.1 Drone Navigation
During #ight, we use images from the camera network to guide
the drone by attaching an ArUco marker to the top of the drone,
just like the patterns used for landing the drone in Section 5. To
move the drone to speci"c locations, we use the straight line path
from the drone’s current location to the closest point of interest.
Throughout our deployments in Section 7, we observed anmedian 2-
D localization error of 3.29cm, using our camera network. Moreover,
as shown in Figure 8, the localization error does not increase over
time, as is common in inertial measurement unit and dead reckoning
approaches. While there are more practical approaches for drone
navigation, the focus of this work is to demonstrate the utility of
FlexiFly to LLMs that interact with the physical world. Hence, we
leave these aspects for future work.

7 Deployment and Evaluation
We deployed our system into an o!ce/lab setting as shown in Fig-
ure 8e, just as in our preliminary study. The goal of this deployment
is to demonstrate improvements in task completion rate FlexiFly
provides to FMs for more general and less structured applications.

7.1 Benchmarking
We ran 2-3 tasks in each of the categories of tasks, as we discuss
next. For each task, we issued 70 di$erent trials. The scenarios are
described in more detail next.
1) Phone. In this ID task, the user asks “where is my phone”. The
system will actuate the drone with a camera module to potential
locations to detect the phone.
2) Key. This ID task is similar to the phone task, but instead users
are looking for keys.
3) Sit - X. In this series of ID tasks, users ask “where is the best
place to sit”, based on some sensing modality (e.g., ‘sit - temp’ is
where the user asks for the coolest or warmest place). We arti"cially
increase or lower temperatures at di$erent seats by placing space
heaters or fans nearby.
4) Faucet. In this state task, users ask “is my faucet still on”; the
system will then actuate the drone with a moisture sensor to detect
the presence of large amounts of water leaking.
5) Stove. In this state task, users ask “is my stove still on”; the
system will then actuate the drone with a temperature sensor to
detect the state of the stove.
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Figure 8: a) 2-D drone localizaton CDF. b) Height localization error when drone is at di"erent heights. c) Example ground truth
and localized path of drone. d) Localization error of drone vs. length of mission. The localization error remains relatively
constant, even as the time of the mission gets longer, demonstrating that the system is not susceptible to localization error
drifts. e) deployment #oormap. f) camera module used in ceiling camera network.
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Figure 9: Summary of object and event detection by the LLaVA + DINO visual-language pipeline averaged (a) and broken down
by category of sensing tasks (b-d).
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Figure 10: Breakdown of accuracy and false positive detections by sensing task category with and without FlexiFly. We see that
leveraging FlexiFly in conjunction with static cameras greatly reduces false detections and improves accuracy because the
drone can get a closeup view or sense an important part of the environment that a camera alone cannot (e.g., humidity).

6) Food. In this surveillance task, users ask “let me know when
my food is burning”. We simulate burning food by boiling water.
The system will then actuate the drone attached with a particulate
matter sensor.
7) Chemical. In this surveillance task, users ask “let me know if
any chemicals spill”. We will then knock down and spill a glass of
alcohol. The system will then actuate the drone with an alcohol
sensor to con"rm.
8) Medicine. In this actuation task, the user will ask “please bring
me my medicine” and wave his/her arms at a camera above. The
system will then attach an actuation module loaded with vitamins
on the drone, which will then deliver it to the person.
9) Poison. In this actuation task, the user will direct the drone
to “deliver rat poison” to a speci"c location in the environment.
The system will load an actuation module with rat poison pellets

(simulated with small snacks) and the drone will dispense them at
the speci"ed location.

7.2 Results and Analysis
We compare FlexiFly against two baselines: camera + LLaVA setup
from our preliminary study (Camera Baseline) and augmenting the
camera baseline with ARCK-Means only (Camera + ARCK-Means).
For non-actuation tasks, Figure 9 shows a breakdown of the visual-
language model performance in identifying the locations to send
the drone versus the clustering method (Section 4). We see that the
ARCK-Means clustering method yields the highest recall, across
all scenarios, due to improvements in maintaining common aspect
ratios and whole objects over other methods.

Figure 10 highlights improvements that FlexiFly brings com-
pared to a purely static camera-based system across all sensing
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Camera Baseline Camera + ARCK-Means only (Section 4) Camera + FlexiFly (Sections 4 and 5)
Scenario Precision Recall F-1 Accuracy Precision Recall F-1 Accuracy Sensor Used Precision Recall F-1 Accuracy
Object / Location Identi!cation
Find Phone 33.33% 26.00% 29.21% 37.00% 68.85% 84.00% 75.68% 73.00% Drone Cam 100.00% 84.00% 91.30% 92.00%
Find Key 26.67% 10.00% 14.55% 21.67% 78.05% 80.00% 79.01% 71.67% Drone Cam 100.00% 80.00% 88.89% 86.67%
Sit - Temperature 15.91% 56.00% 24.78% 17.48% 23.47% 92.00% 37.40% 25.24% Temperature 76.67% 92.00% 83.64% 91.26%
Sit - Humidity 20.45% 66.67% 31.30% 21.00% 25.81% 88.89% 40.00% 28.00% Humidity 82.76% 88.89% 85.71% 92.00%
Sit - Light 20.88% 79.17% 33.04% 25.96% 20.62% 83.33% 33.06% 22.12% Light Sensor 95.24% 83.33% 88.89% 95.19%
Average (ID) 23.45% 47.57% 26.58% 24.62% 43.36% 85.64% 53.03% 44.01% 90.93% 85.64% 87.69% 91.42%
State of Object / Location
Faucet Open 72.83% 74.44% 73.63% 65.71% 80.00% 97.78% 88.00% 82.86% Humidity 93.62% 97.78% 95.65% 94.29%
Stove Open 69.49% 58.57% 63.57% 57.27% 79.22% 87.14% 82.99% 77.27% Temperature 96.83% 87.14% 91.73% 90.00%
Average (State) 71.16% 66.51% 68.60% 61.49% 79.61% 92.46% 85.50% 80.06% 95.22% 92.46% 93.69% 92.14%
Surveillance
Food Burning 44.64% 62.50% 52.08% 42.50% 50.91% 70.00% 58.95% 51.25% PM 93.33% 70.00% 80.00% 82.50%
Chemical Spill 18.03% 55.00% 27.16% 34.44% 25.40% 80.00% 38.55% 43.33% Gas (Alcohol) 88.89% 80.00% 84.21% 93.33%
Average (Sur.) 31.34% 58.75% 39.62% 38.47% 38.15% 75.00% 48.75% 47.29% 91.11% 75.00% 82.11% 87.91%

Average (all) 31.18% 51.74% 34.46% 32.17% 46.54% 83.17% 55.70% 48.99% 91.93% 84.79% 87.78% 90.80%
Table 2: Summary of end-to-end performance between FlexiFly and camera-only for all sensing tasks.

tasks. A successful or “accurate” trial in this context means that the
system was able to correctly identify the correct object or location
(object/location ID task), correctly identify the state of the object
or location (object/location state task), or correctly identify when
a targeted event occurs (surveillance task); any additional points
of interest identi"ed are counted as incorrect identi"cations (false
positives). Because we are often looking for small item(s) and lo-
cations in a large scene, the visual-language model pipeline often
identi"es multiple points of interest (e.g., DINO draws multiple
bounding boxes and locations). Without a platform such as a drone
that can “zoom in” and con"rm, the sensing capabilities of this
system is limited, and the false positive rate becomes extremely
high, and the precision becomes low with additional locations iden-
ti"ed. However, adding in the FlexiFly-equipped drone allows the
system to actuate the drone to each location to obtain a closeup
view of the location and remove extraneous locations or sense an
aspect of the environment that a camera cannot (e.g., humidity).
This both reduces false positives and improves overall accuracy.
Table 2 breaks down the recall, precision, and f-1 score across all
individual tasks to further illustrate improvements in true detection
rate (recall). In total, integrating FlexiFly with FMs improved the
task success rate by 85%.

For the two actuation tasks, we observed a median o$set of the
drone, from where it was supposed to travel to drop its payload,
of 9.1cm and 10.3cm for the “poison” and “medicine” tasks, respec-
tively. The o$set is on orders of centimeters, meaning the system
was able to e$ectively deliver items to the proper location in most
cases.

Table 3 shows statistics about the number of tasks per category
that could be performed per full charge of battery, execution time
and the number of times the system needed to prompt the user for
a more speci"c description or a more accurate location. We see that
the average number of user prompts per command is on average
2. For state tasks, this value averaged just 1 prompt (user’s initial
command). However, for surveillance and ID tasks, the system often
times needed to ask for more information from the user. For all tasks,
the average execution time of the visual-language model is on order

Scenario # of user prompts # of executions Execution
per execution per battery Time

Object / Location Identi!cation
Find Phone 1.0 7 44.4s
Find Key 1.0 7 46.0s
Sit - Temperature 2.6 3 84.3s
Sit - Humidity 1.9 3 87.7s
Sit - Light 2.3 4 70.4s
Average (ID) 1.8 4.8 66.6s
State of Object / Location
Faucet Open 1.0 6 49.5s
Stove Open 1.0 5 54.2s
Average (State) 1.0 5.5 51.9s
Surveillance
Food Burning 3.1 4 62.5s
Chemical Spill 3.7 5 55.2s
Average (Sur.) 3.4 4.5 58.9s

Average (all) 2.0 4.9 61.6s
Table 3: System performance metrics across benchmarked
commands.

of seconds, while actuating the drone and analyzing the sensor data
is on order of tens of seconds, which is acceptable latency in all of
these scenarios. The object/location identi"cation task had a longer
average execution time because these tasks generally require the
drone to #y and observe multiple locations for each task.

7.3 Recon!guring Mid-Mission
The previous section demonstrated how FlexiFly could be used in
conjunction with static sensors in the environment to better per-
form tasks requiring a single sensor or actuator in a home or o!ce
setting. Here, we look at scenarios where a user issues commands
that require multiple sensing modalities and actuators, highlighting
how FlexiFly could be easily recon"gured mid-mission to satisfy
multi-layered tasks.
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Figure 11: Example of identi!ed locations andmeasurements
in our multi-step “sense + sense” task.

Common tasks that require FlexiFly to recon"gure the dronemid-
mission come in three di$erent #avors: 1) actuate + actuate: multiple
individual actuation tasks aggregated into one task (e.g., “bring me
my medicine AND a snack”), 2) sense + sense: a task that involves
multiple sensing modalities (e.g., “"nd me the coolest (temperature)
place to sit out of the sunlight (light)”, 3) sense + actuate: tasks that
involve performing actuation in response to sensing (e.g., “place
rat poison (actuation) in dark areas (sensing)”). Table 4 summarizes
our results, where we show the success rate of the "rst task (P1),
the second task (P2), and the aggregate. We execute each task 20
times. We discuss each task in more detail, next:
T1: Actuate + Actuate - “Bring medicine AND snack”. In this
task, the user wants two (P1 and P2) items brought to him/her. We
see that the success rate of delivering both items is high, just like
we observed in Section 7.1. The second item (snack) failed two
times (P2) because the swapping failed; the drone landed with a
high o$set from the center of the landing station (Figure 7d).
T2: Sense + Actuate - “Put poison in the warmest area”. In this
task, the user may want to place poison (P2) for rats and bugs in
warm areas (P1) where they are likely to congregate (e.g., warm
places). We simulate “warm places” boiling water in a kettle in
locations visible to cameras. There were three times that a location
away from the kettle was chosen (P1). In these instances, our image
segmentation approach cut out the area we placed the kettle, so the
failure point was from the camera rather than FlexiFly. Improving
sensing with foundational models in future work is key to realizing
a robust version of this end-to-end system.
T3: Sense + Sense - “What is the most humid and brightest
location for placing a plant”. Users may want to know a humid
(P1) and bright (P2) place for optimal plant growth. We simulate
the “correct” location by placing a lamp and kettle at the desired
location. There was one instance where the task needed human
intervention (failed) because of unsuccessfully swapping in the
second sensor; again, the failure came from landing the drone (P2).
The foundational model correctly identi"ed the location we placed
the lamp, and the drone #ew to these locations with the humidity
sensor. However, we stopped the run when the drone landed with a
high o$set that the funnel-shaped landing station could not realign.

Category Success P1 Success P2 Success Total
T1: Actuate + Actuate 20/20 = 1.0 18/20 = 0.90 18/20 = 0.90
T2: Sense + Actuate 17/20 = 0.85 20/20 = 1.0 22/25 = 0.85
T3: Sense + Sense 19/20 = 0.95 18/19 = 0.95 18/20 = 0.90

Table 4: Summary of success rate for tasks that require re-
con!guring the drone mid-mission, broken down by success
rate of the !rst leg (P1) and second leg (P2).

Category # Prompts # Exec Exec Time (s) Success
(vLLM + drone)

ID 1.0 21 0.51 + 51.30 15/21 = 0.71
State 1.0 13 0.13 + 37.20 11/13 = 0.85
Surveil. 1.2 22 0.21 + 43.87 19/22 = 0.87
Actuation 2.1 31 0.27 + 29.50 31/31 = 1.0

Table 5: Summary of tasks during in-the-wild deployments.
The number of prompts is the average number of times the
user needed to prompt the system. This number is often
greater than one because either the user used a non-speci!c
adjective (e.g., “best” rather than “warmest” location) or the
system needed to narrow down the potential candidate loca-
tions in the case of actuation tasks. Number of executions
is the total number of tasks issued during the deployment
period.

Another instance failed because our foundational model pipeline
did not identify the location we simulated high brightness and
humidity (P1). Figure 11 shows an example of a successful run,
displaying points where the foundational model identi"ed to send
the drone, as well as humidity and light measurements taken by
the drone for each of these locations to make the "nal location
determination. Here, we placed the kettle at location three.

7.4 In-the-Wild Deployment
After benchmarking several tasks per category, we allowed people
who occupied this o!ce space (Figure 8e) to freely use the system
over the course of 5 days. Table 5 summarizes the number of events
that occurred during this period. A total of 8 people issued 87
commands to the system during this time period.

We see that most of the actions issued throughout the deploy-
ment were actuation tasks. Around 90% of these tasks involved
bringing the user a snack, which we loaded and manually re"lled
into actuation modules throughout the deployment. ID tasks that
users issued generally fell into two categories: "nding an area with
the least amount of sunlight (our space has many windows and is
susceptible to glare) or "nding a lost item (e.g., a wallet or phone).
For the surveillance and the state tasks, most users asked the sys-
tem about a 3D print job, whether a heat element was left on (e.g.,
soldering iron), or if there were anyone occupying di$erent parts
of the space.

The category of tasks that had the lowest success rate was the
object/location ID category. This is because most of these tasks
relied on static cameras or the camera on the drone to "nd some-
thing extremely small in the landscape of a scene (e.g., a circuit
component or a phone), making it di!cult for the visual-language
pipeline to identify relevant locations. Even after #ying the drone to
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the speci"ed location, it can be di!cult to detect; we envision future
work focusing on how to design search algorithms and protocols
for drones to identify small objects of interest. Several items that
users wanted the drone to look for were also underneath furniture
or tables; a camera mounted on the ceiling or walls have limited
view of these items. Another avenue of research for realizing a
drone or robot-based personal assistant could be how to leverage
and design small robotic systems (e.g., physical design, path plan-
ning, search algorithms, etc.) to reach and look for items in areas
unobservable by static sensor deployments. On the #ip side, the
actuation task had the highest success rate particularly because
the system prompted users each time to con"rm the location to
make the delivery, which reduces reliance on language models and
perception algorithms to make this determination. Although there
are still improvements needed to realize a truly autonomous drone-
based personal assistant, all users were positively receptive to this
system and could see its value.

8 Discussion and Future Work
Usability. The deployment of autonomous drones in indoor en-

vironments raises critical usability challenges. A primary concern
is noise disruption from drone propellers, which could be miti-
gated through: 1) #ight path optimization that maintains higher
operating altitudes when possible, reducing perceived ground-level
noise [6]; 2) implementation of low-noise propeller designs that re-
cent aerodynamics research suggests could reduce noise by around
5dB [26, 48]; and 3) context-aware navigation that avoids occupied
areas during noise-sensitive periods. Beyond noise, user interaction
with the system requires streamlining. We envision developing
natural interaction paradigms including gesture control for intu-
itive drone guidance [5], and an augmented reality interface for
visualizing drone intentions and planned paths [29, 39].

Privacy. Privacy is a critical concern for camera networks and
camera-equipped drones in indoor spaces. In this work, camera
feeds are transmitted locally and processed on a local server for
scene understanding, vision-language grounding and drone naviga-
tion. The need for server can be bypassed as more e!cient, compact
foundation models and powerful edge computers emerge, as well
as leveraging compression techniques such as quantization and dis-
tillation to create dedicated smaller models [11, 49] for each vision
task mentioned above while preserving the generalizibility.

Extending to Diverse Environments. While we We demonstrated
the e$ectiveness of our implementation in several indoor environ-
ments, extending FlexiFly to new settings presents unique chal-
lenges and opportunities. Flexi#y can be adapted to environments
with existing camera infrastructure as long as the relative position
of the cameras are known; this can be achieved in a self-supervised
manner by leveraging recent advances in camera self-localization
and calibration techniques [35], potentially enhanced by "ne-tuning
vision-language models for speci"c deployment contexts. However,
we acknowledge signi"cant limitations in environments where
camera deployment is impractical or restricted. For spaces primar-
ily monitored by non-visual sensors (e.g., RF, vibration, or acous-
tic sensors), new methodologies beyond ARCK-Means and our
vision pipeline must be developed for localizing areas of interest

and decision-making. We envision that future FMs and penetra-
tive AI [55] could help process diverse sensor modalities spread
throughout environments, aided by novel segmentation approaches
for non-visual spatial data to enable accurate drone navigation.

9 Conclusion
Our work studies the possibility of LLMs and FMs as a general
intelligence for physical spaces. We identify that FMs analyzing
sensing data monitoring a large space have di!culty identifying
localized events that occur in small areas. As such, we propose novel
segmentation methods and drones with recon"gurable sensing and
actuation that enable FMs to identify and “zoom in” to analyze
targeted areas with higher resolution. We demonstrate through a
real deployment of a personal assistant application that FlexiFly can
improve the successful completion of complex tasks throughout
our physical spaces by up to 85%. FlexiFly is a critical step towards
FMs and LLMs that can naturally interact and actuate the physical
environment, just as they have shown in many applications in the
digital domain.

Acknowledgments
This research was partially supported by COGNISENSE, one of
seven centers in JUMP 2.0, a Semiconductor Research Corporation
(SRC) program sponsored byDARPA, as well as the National Science
Foundation under Grant Number CNS-1943396. The views and
conclusions contained here are those of the authors and should not
be interpreted as necessarily representing the o!cial policies or
endorsements, either expressed or implied, of Columbia University,
NSF, SRC, DARPA, or the U.S. Government or any of its agencies.

References
[1] 2023. Crazy#ie 2.1 Open Source Flying Development Platform. h!ps://www.

bitcraze.io/products/crazyflie-2-1/.
[2] 2023. Creality3D Ender-3, a fully Open Source 3D printer perfect for new users

on a budget. h!ps://github.com/Creality3DPrinting/Ender-3.
[3] 2023. Raspberry Pi Zero 2 W. h!ps://www.raspberrypi.com/products/raspberry-

pi-zero-2-w/.
[4] 2023. Ring Always Home Cam. h!ps://ring.com/always-home-cam-flying-

camera.
[5] Parastoo Abtahi, David Y Zhao, Jane L E, and James A Landay. 2017. Drone near

me: Exploring touch-based human-drone interaction. Proceedings of the ACM on
Interactive, Mobile, Wearable and Ubiquitous Technologies 1, 3 (2017), 1–8.

[6] Revant Adlakha, Wansong Liu, Souma Chowdhury, Minghui Zheng, and Mostafa
Nouh. 2023. Integration of acoustic compliance and noise mitigation in path
planning for drones in human–robot collaborative environments. Journal of
Vibration and Control 29, 19-20 (2023), 4757–4771.

[7] Mohiuddin Ahmed, Raihan Seraj, and Syed Mohammed Shamsul Islam. 2020.
The k-means algorithm: A comprehensive survey and performance evaluation.
Electronics 9, 8 (2020), 1295.

[8] Amazon. 2024. Magnetic Pogo Pin Connector. h!ps://www.amazon.com/
Magnetic-Connector-Female-Charging-16Pin/dp/B0D1CRN9R5 Accessed on
2024-11-12.

[9] Amphenol ICC August 2020. Datasheet: Amphenol FCI 91911-31321LF. Amphenol
ICC. h!ps://cdn.amphenol-cs.com/media/wysiwyg/files/drawing/91900.pdf

[10] Amphenol ICC August 2020. Datasheet: Amphenol FCI 91931-31121LF. Amphenol
ICC. h!ps://cdn.amphenol-cs.com/media/wysiwyg/files/drawing/91900.pdf

[11] Kaiwen Cai, Zhekai Duan, Gaowen Liu, Charles Fleming, and Chris Xiaoxuan
Lu. 2024. Self-Adapting Large Visual-Language Models to Edge Devices across
Visual Modalities. arXiv:2403.04908 [cs.CV] h!ps://arxiv.org/abs/2403.04908

[12] Baozhi Chen, Parul Pandey, and Dario Pompili. 2012. A distributed adaptive
sampling soluting using autonomous underwater vehicles. In Proceedings of the
7th International Conference on Underwater Networks & Systems (Los Angeles,
California) (WUWNet ’12). Association for Computing Machinery, New York, NY,
USA, Article 29, 8 pages. doi:10.1145/2398936.2398974

474

https://www.bitcraze.io/products/crazyflie-2-1/
https://www.bitcraze.io/products/crazyflie-2-1/
https://github.com/Creality3DPrinting/Ender-3
https://www.raspberrypi.com/products/raspberry-pi-zero-2-w/
https://www.raspberrypi.com/products/raspberry-pi-zero-2-w/
https://ring.com/always-home-cam-flying-camera
https://ring.com/always-home-cam-flying-camera
https://www.amazon.com/Magnetic-Connector-Female-Charging-16Pin/dp/B0D1CRN9R5
https://www.amazon.com/Magnetic-Connector-Female-Charging-16Pin/dp/B0D1CRN9R5
https://cdn.amphenol-cs.com/media/wysiwyg/files/drawing/91900.pdf
https://cdn.amphenol-cs.com/media/wysiwyg/files/drawing/91900.pdf
https://arxiv.org/abs/2403.04908
https://arxiv.org/abs/2403.04908
https://doi.org/10.1145/2398936.2398974


FlexiFly: Interfacing the Physical World with Foundation Models and Reconfigurable Drones SenSys ’25, May 6–9, 2025, Irvine, CA, USA

[13] Guojun Chen, Xiaojing Yu, Neiwen Ling, and Lin Zhong. 2024. TypeFly: Flying
Drones with Large Language Model. arXiv:2312.14950 [cs.RO] h!ps://arxiv.org/
abs/2312.14950

[14] David Culler, Jason Hill, Mike Horton, Kris Pister, Robert Szewczyk, and Alec
Wood. 2002. Mica: The commercialization of microsensor motes. Sensors (Apr. 1,
2002) (2002), 1–5.

[15] Murillo Augusto da Silva Ferreira, Maria Fernanda Tejada Begazo, Guil-
herme Cano Lopes, Alexandre Felipe de Oliveira, Esther Luna Colombini, and
Alexandre da Silva Simões. 2020. Drone recon"gurable architecture (dra): A
multipurpose modular architecture for unmanned aerial vehicles (uavs). Journal
of Intelligent & Robotic Systems 99, 3 (2020), 517–534.

[16] Saddam Hocine Derrouaoui, Yasser Bouzid, and Mohamed Guiatni. 2021. Nonlin-
ear robust control of a new recon"gurable unmanned aerial vehicle. Robotics 10,
2 (2021), 76.

[17] Saddam Hocine Derrouaoui, Yasser Bouzid, Mohamed Guiatni, and Islam Dib.
2022. A comprehensive review on recon"gurable drones: Classi"cation, char-
acteristics, design and control technologies. Unmanned Systems 10, 01 (2022),
3–29.

[18] N. Edmonds, D. Stark, and J. Davis. 2005. MASS: modular architecture for sensor
systems. In IPSN 2005. Fourth International Symposium on Information Processing
in Sensor Networks, 2005. 393–397. doi:10.1109/IPSN.2005.1440955

[19] SparkFun Electronics. 2022. Sparkfun Sensors. h!ps://www.sparkfun.com/
categories/23. Accessed: 2022-01-25.

[20] Figure. 2024. Figure. h!ps://www.figure.ai/ Accessed on 2024-6-30.
[21] Sean Harte, Brendan O’Flynn, Rafael V. Martinez-Catala, and Emanuel M.

Popovici. 2007. Design and implementation of a miniaturised, low power wire-
less sensor node. In 2007 18th European Conference on Circuit Theory and Design.
894–897. doi:10.1109/ECCTD.2007.4529741

[22] Daniel Hert, Tomas Baca, Pavel Petracek, Vit Kratky, Robert Penicka, Vojtech
Spurny, Matej Petrlik, Matous Vrba, David Zaitlik, Pavel Stoudek, et al. 2023.
MRS drone: A modular platform for real-world deployment of aerial multi-robot
systems. Journal of Intelligent & Robotic Systems 108, 4 (2023), 64.

[23] Yafei Hu, Quanting Xie, Vidhi Jain, Jonathan Francis, Jay Patrikar, Nikhil Keetha,
Seungchan Kim, Yaqi Xie, Tianyi Zhang, Hao-Shu Fang, Shibo Zhao, Shayegan
Omidsha"ei, Dong-Ki Kim, Ali akbar Agha-mohammadi, Katia Sycara, Matthew
Johnson-Roberson, Dhruv Batra, Xiaolong Wang, Sebastian Scherer, Chen Wang,
Zsolt Kira, Fei Xia, and Yonatan Bisk. 2023. Toward General-Purpose Robots via
Foundation Models: A Survey and Meta-Analysis. (2023).

[24] Wenlong Huang, Pieter Abbeel, Deepak Pathak, and Igor Mordatch. 2022. Lan-
guage Models as Zero-Shot Planners: Extracting Actionable Knowledge for Em-
bodied Agents. arXiv:2201.07207 [cs.LG] h!ps://arxiv.org/abs/2201.07207

[25] Adafruit Industries. 2022. Adafruit Sensors. h!ps://www.adafruit.com/category/
35. Accessed: 2022-01-25.

[26] Hannah Jansen. 2024. IMPACT OF TOROIDAL PROPELLER DESIGN ON UN-
MANNED AERIAL VEHICLE ACOUSTIC SIGNATURE AND AERODYNAMIC
PERFORMANCE. International Journal of Aerospace Engineering (IJASE) 2, 1
(2024).

[27] Evan King, Haoxiang Yu, Sangsu Lee, and Christine Julien. 2023. " Get ready for
a party": Exploring smarter smart spaces with help from large language models.
arXiv preprint arXiv:2303.14143 (2023).

[28] Alexander Kirillov, Eric Mintun, Nikhila Ravi, Hanzi Mao, Chloe Rolland, Laura
Gustafson, Tete Xiao, Spencer Whitehead, Alexander C Berg, Wan-Yen Lo, et al.
2023. Segment anything. arXiv preprint arXiv:2304.02643 (2023).

[29] Konstantinos Konstantoudakis, Kyriaki Christaki, Dimitrios Tsiakmakis, Dim-
itrios Sainidis, Georgios Albanis, Anastasios Dimou, and Petros Daras. 2022.
Drone control in AR: an intuitive system for single-handed gesture control, drone
tracking, and contextualized camera feed visualization in augmented reality.
Drones 6, 2 (2022), 43.

[30] EunKyung Lee, HariharasudhanViswanathan, andDario Pompili. 2011. SILENCE:
distributed adaptive sampling for sensor-based autonomic systems. In Proceedings
of the 8th ACM International Conference on Autonomic Computing (Karlsruhe,
Germany) (ICAC ’11). Association for Computing Machinery, New York, NY, USA,
61–70. doi:10.1145/1998582.1998594

[31] P. Levis, S. Madden, J. Polastre, R. Szewczyk, K. Whitehouse, A. Woo, D. Gay,
J. Hill, M. Welsh, E. Brewer, and D. Culler. 2005. TinyOS: An Operating System
for Sensor Networks. Springer Berlin Heidelberg, Berlin, Heidelberg, 115–148.
doi:10.1007/3-540-27139-2_7

[32] Kevin Lin, Christopher Agia, Toki Migimatsu, Marco Pavone, and Jeannette
Bohg. 2023. Text2Motion: from natural language instructions to feasible plans.
Autonomous Robots 47, 8 (Nov. 2023), 1345–1365. doi:10.1007/s10514-023-10131-7

[33] Haotian Liu, Chunyuan Li, Qingyang Wu, and Yong Jae Lee. 2023. Visual instruc-
tion tuning. arXiv preprint arXiv:2304.08485 (2023).

[34] Shilong Liu, Zhaoyang Zeng, Tianhe Ren, Feng Li, Hao Zhang, Jie Yang, Chunyuan
Li, Jianwei Yang, Hang Su, Jun Zhu, et al. 2023. Grounding dino: Marrying
dino with grounded pre-training for open-set object detection. arXiv preprint
arXiv:2303.05499 (2023).

[35] Yanchen Liu, Jingping Nie, Stephen Xia, Jiajing Sun, Peter Wei, and Xiaofan
Jiang. 2022. SoFIT: Self-Orienting Camera Network for Floor Mapping and

Indoor Tracking. In 2022 18th International Conference on Distributed Computing
in Sensor Systems (DCOSS). IEEE, 93–100.

[36] Antonio Matus-Vargas, Gustavo Rodriguez-Gomez, and Jose Martinez-Carranza.
2021. Ground e$ect on rotorcraft unmanned aerial vehicles: A review. Intelligent
Service Robotics 14, 1 (2021), 99–118.

[37] Konstantin Mikhaylov and Martti Huttunen. 2014. Modular wireless sensor and
Actuator Network Nodes with Plug-and-Play module connection. In SENSORS,
2014 IEEE. 470–473. doi:10.1109/ICSENS.2014.6985037

[38] Konstantin Mikhaylov, Tomi Pitkaäho, and Jouni Tervonen. 2013. Plug-and-
Play Mechanism for Plain Transducers with Wired Digital Interfaces Attached
to Wireless Sensor Network Nodes. Int. J. Sen. Netw. 14, 1 (sep 2013), 50–63.
doi:10.1504/IJSNET.2013.056336

[39] Dimitris Mourtzis, John Angelopoulos, and Nikos Panopoulos. 2022. Unmanned
Aerial Vehicle (UAV) manipulation assisted by Augmented Reality (AR): The case
of a drone. IFAC-PapersOnLine 55, 10 (2022), 983–988.

[40] Fionn Murtagh and Pedro Contreras. 2012. Algorithms for hierarchical cluster-
ing: an overview. Wiley Interdisciplinary Reviews: Data Mining and Knowledge
Discovery 2, 1 (2012), 86–97.

[41] Jingping Nie, Hanya Shao, Minghui Zhao, Stephen Xia, Matthias Preindl, and
Xiaofan Jiang. 2022. Conversational ai therapist for daily function screening in
home environments. In Proceedings of the 1st ACM International Workshop on
Intelligent Acoustic Systems and Applications. 31–36.

[42] Jingping Nie, Minghui Zhao, Stephen Xia, Xinghua Sun, Hanya Shao, Yuang Fan,
Matthias Preindl, and Xiaofan Jiang. 2022. Ai therapist for daily functioning
assessment and intervention using smart home devices. In Proceedings of the 20th
ACM Conference on Embedded Networked Sensor Systems. 764–765.

[43] Brendan O’Flynn, S. Bellis, K. Delaney, J. Barton, S. C. O’Mathuna, Andre Melon
Barroso, J. Benson, U. Roedig, and C. Sreenan. 2005. The Development of a Novel
Minaturized Modular Platform for Wireless Sensor Networks. In Proceedings of
the 4th International Symposium on Information Processing in Sensor Networks
(Los Angeles, California) (IPSN ’05). IEEE Press, 49–es.

[44] OpenAI. 2023. GPT-4. h!ps://openai.com/research/gpt-4 Accessed on 2023-11-
29.

[45] Dimitris Perikleous, George Koustas, Spyros Velanas, Katerina Margariti, Pantelis
Velanas, and Diego Gonzalez-Aguilera. 2024. A Novel Drone Design Based on a
Recon"gurable Unmanned Aerial Vehicle for Wild"re Management. Drones 8, 5
(2024), 203.

[46] Mohammad Fattahi Sani and Ghader Karimian. 2017. Automatic navigation
and landing of an indoor AR. drone quadrotor using ArUco marker and inertial
sensors. In 2017 international conference on computer and drone applications
(IConDA). IEEE, 102–107.

[47] Fabrizio Schiano, Przemyslaw Mariusz Kornatowski, Leonardo Cencetti, and
Dario Floreano. 2022. Recon"gurable drone system for transportation of parcels
with variable mass and size. IEEE Robotics and Automation Letters 7, 4 (2022),
12150–12157.

[48] Thomas Sebastian and Christopher Strem. 2020. Toroidal propeller. US Patent
10,836,466.

[49] Ahmed Sharshar, Latif U. Khan, Waseem Ullah, and Mohsen Guizani. 2025.
Vision-Language Models for Edge Networks: A Comprehensive Survey.
arXiv:2502.07855 [cs.CV] h!ps://arxiv.org/abs/2502.07855

[50] Ishika Singh, Valts Blukis, Arsalan Mousavian, Ankit Goyal, Danfei Xu, Jonathan
Tremblay, Dieter Fox, Jesse Thomason, and Animesh Garg. 2022. Prog-
Prompt: Generating Situated Robot Task Plans using Large Language Models.
arXiv:2209.11302 [cs.RO] h!ps://arxiv.org/abs/2209.11302

[51] Satyajit Sinha. 2024. Number of connected IoT devices growing 13% to 18.8 billion
globally. h!ps://iot-analytics.com/number-connected-iot-devices/ Accessed on
2024-11-13.

[52] Sai Vemprala, Rogerio Bonatti, Arthur Bucker, and Ashish Kapoor. 2023. Chatgpt
for robotics: Design principles and model abilities. Microsoft Auton. Syst. Robot.
Res 2 (2023), 20.

[53] Weiguo Wang, Luca Mottola, Yuan He, Jinming Li, Yimiao Sun, Shuai Li, Hua
Jing, and Yulei Wang. 2022. Micnest: Long-range instant acoustic localization of
drones in precise landing. In Proceedings of the 20th ACM Conference on Embedded
Networked Sensor Systems. 504–517.

[54] Stephen Xia, Rishikanth Chandrasekaran, Yanchen Liu, Chenye Yang, Ta-
jana Simunic Rosing, and Xiaofan Jiang. 2021. A drone-based system for in-
telligent and autonomous homes. In Proceedings of the 19th ACM Conference on
Embedded Networked Sensor Systems. 349–350.

[55] Huatao Xu, Liying Han, Qirui Yang, Mo Li, and Mani Srivastava. 2024. Penetra-
tive ai: Making llms comprehend the physical world. In Proceedings of the 25th
International Workshop on Mobile Computing Systems and Applications. 1–7.

[56] Jiange Yang, Wenhui Tan, Chuhao Jin, Keling Yao, Bei Liu, Jianlong Fu, Ruihua
Song, Gangshan Wu, and Limin Wang. 2025. Transferring Foundation Models
for Generalizable Robotic Manipulation. arXiv:2306.05716 [cs.RO] h!ps://arxiv.
org/abs/2306.05716

[57] Wei-Ying Yi, Kwong-Sak Leung, and Yee Leung. 2018. A Modular Plug-And-Play
Sensor System for Urban Air Pollution Monitoring: Design, Implementation and
Evaluation. Sensors 18, 1 (2018). doi:10.3390/s18010007

475

https://arxiv.org/abs/2312.14950
https://arxiv.org/abs/2312.14950
https://arxiv.org/abs/2312.14950
https://doi.org/10.1109/IPSN.2005.1440955
https://www.sparkfun.com/categories/23
https://www.sparkfun.com/categories/23
https://www.figure.ai/
https://doi.org/10.1109/ECCTD.2007.4529741
https://arxiv.org/abs/2201.07207
https://arxiv.org/abs/2201.07207
https://www.adafruit.com/category/35
https://www.adafruit.com/category/35
https://doi.org/10.1145/1998582.1998594
https://doi.org/10.1007/3-540-27139-2_7
https://doi.org/10.1007/s10514-023-10131-7
https://doi.org/10.1109/ICSENS.2014.6985037
https://doi.org/10.1504/IJSNET.2013.056336
https://openai.com/research/gpt-4
https://arxiv.org/abs/2502.07855
https://arxiv.org/abs/2502.07855
https://arxiv.org/abs/2209.11302
https://arxiv.org/abs/2209.11302
https://iot-analytics.com/number-connected-iot-devices/
https://arxiv.org/abs/2306.05716
https://arxiv.org/abs/2306.05716
https://arxiv.org/abs/2306.05716
https://doi.org/10.3390/s18010007


SenSys ’25, May 6–9, 2025, Irvine, CA, USA Zhao et al.

[58] Minghui Zhao, Kaiyuan Hou, Junxi Xia, Stephen Xia, and Xiaofan Jiang. 2024.
Connecting Foundation Models with the Physical World using Recon"gurable
Drone Agents. In Proceedings of the 30th Annual International Conference on
Mobile Computing and Networking. 1745–1747.

[59] Minghui Zhao, Yanchen Liu, Avik Dhupar, KaiyuanHou, StephenXia, andXiaofan
Jiang. 2022. A modular and recon"gurable sensing and actuation platform for
smarter environments and drones: demo abstract. In Proceedings of the 20th
Annual International Conference on Mobile Systems, Applications and Services.

626–627.
[60] Minghui Zhao, Stephen Xia, Jingping Nie, Kaiyuan Hou, Avik Dhupar, and Xi-

aofan Jiang. 2023. LegoSENSE: An Open and Modular Sensing Platform for
Rapidly-Deployable IoT Applications. In Proceedings of the 8th ACM/IEEE Confer-
ence on Internet of Things Design and Implementation. 367–380.

[61] Bolei Zhou, Hang Zhao, Xavier Puig, Sanja Fidler, Adela Barriuso, and Antonio
Torralba. 2017. Scene parsing through ade20k dataset. In Proceedings of the IEEE
conference on computer vision and pattern recognition. 633–641.

476


	Abstract
	1 Introduction
	2 Related Works
	3 Preliminaries and Challenges
	3.1 Deployment
	3.2 Types of Tasks
	3.3 Preliminary Analysis and Limitations
	3.4 Design Philosophy

	4 Identifying Local Areas of Interest via Segmentation.
	4.1 Limitations of Current Segmentation Methods
	4.2 Aspect Ratio Constrained K-Means (ARCK-Means) Segmentation
	4.3 Analysis and Benchmarking

	5 Modular and Reconfigurable Sensing and Actuation Drone
	5.1 Challenges and Design
	5.2 Platform Components and Implementation Details

	6 Implementation of a Foundation Model and Drone-based Assistant
	6.1 Drone Navigation

	7 Deployment and Evaluation
	7.1 Benchmarking
	7.2 Results and Analysis
	7.3 Reconfiguring Mid-Mission
	7.4 In-the-Wild Deployment

	8 Discussion and Future Work 
	9 Conclusion 
	Acknowledgments
	References

