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ABSTRACT
An increasing number of environments, such as smart homes and
factories, are being equipped with multiple sensor systems to en-
able diverse intelligent applications. However, most existing sensor
coordination systems require manually predefined rules, limiting
their ability to handle flexible and complex tasks. While recent
approaches leverage large language models (LLMs) to interact with
external APIs, they struggle to fully understand the capabilities and
data dependencies of practical sensor systems. This paper intro-
duces TaskSense, a novel system that coordinates multiple sensor
systems in response to users’ complex queries. TaskSense intro-
duces a sensor language that automatically translates the capabili-
ties and data dependencies of sensor systems into vocabularies and
grammar rules that can be understood by LLMs. It then interprets
user intentions into executable task plans for sensor systems us-
ing this sensor language in combination with LLMs. Meanwhile,
TaskSense checks the solvability of user queries and verifies the cor-
rectness of task plan dependencies. To further enhance robustness,
TaskSense incorporates a dynamic plan execution mechanism that
adjusts plans based on real-time feedback from sensor data avail-
ability, data quality and execution results. TaskSense is deployed
on real-world smart home systems, utilizing six popular LLMs. The
system is evaluated across 4 scenarios involving 9 types of sensor
systems, over 60 APIs, 170 tasks and 5 types of data modalities.
Results show that TaskSense achieves up to 2× higher planning
accuracy and a 75% increase in answer accuracy using the similar
amount of tokens compared with baseline approaches.
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Figure 1: An example scenario of the TaskSense system. It can
handle users’ complicated queries by coordinating multiple
sensor systems.
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1 INTRODUCTION
Sensor systems have been widely deployed in various aspects of
human life, enabling diverse intelligent applications and tasks such
as healthcare and industrial logistics [40, 63]. The market size of
sensor systems is forecasted to grow to US$55.2 billion by 2030 [2].
Multiple sensor systems are increasingly deployed and coexist in
the same environment to support diverse intelligent applications.
Most existing sensor systems are designed for specialized tasks,
with their functions remaining fixed after deployment [50, 61, 63].
Recently, open-source ecosystems like Home Assistant [9] have
become mature, integrating with over a thousand different devices
and services. These ecosystems have led to a vision that it is possible
to control heterogeneous smart devices from different manufactur-
ers to handle complicated tasks. However, those ecosystems can
only support fixed coordination rules, like the automation scripts in
HomeAssistant platform, that are manually defined by the human
efforts in advance. Thus, these systems are not scalable to handle
flexible and complex tasks due to too many potential combinations
of smart devices.

Recently, Large Language Models (LLMs)-based studies, such
as HuggingGPT [49] and ControlLLM [35], have demonstrated
that LLMs can understand users’ inquires and coordinate multiple
AI models for complex tasks. Acting as central controllers, LLMs
have the potential to orchestrate heterogeneous sensor systems,
overcoming the limitations of traditional AI models restricted to
single, predefined tasks. Based on their powerful comprehension
capabilities, LLMs can understand flexible and complex queries
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expressed in natural language, generate correct plans based on
the user’s intention, and translate the plan execution results into
user-friendly responses. However, existing LLM-based coordina-
tion solutions only work with AI models or algorithms, but they
struggle to coordinate real sensor systems. Lacking knowledge of the
capability of real-world sensor systems and data dependencies among
their functional modules, existing methods fail to accurately judge the
solvability of user query and coordinate sensor systems in a correct
manner. They also have difficulty maintaining stable performance
under the uncertainty factors of real-world environments. Figure 1
illustrates an example scenario where a home is equipped with a
video surveillance system and a smart speaker. The user sends a
query to monitor the potential abnormal status of a baby at home.
The sensor systems should alert the user if the baby cries when the
falling is detected. Such queries require diverse combinations of
sensor systems and are highly dynamic. Other examples include,
“Was there anyone in the room yesterday?” and “Where are my keys?”.

To address this research gap, this paper explores the design of an
LLM-powered system that coordinates one or more sensor systems
by fully understanding their capabilities and the dependencies be-
tween the tools involved. The tool in this paper refers to a module
with a specific functionality within a sensor system, such as data
processing and sensor control. However, designing such a tasking
system presents several challenges. First, once the sensor systems
are deployed, the coordination system must be able to compre-
hend the diverse functionalities of the tools. These may include
specialized AI models, database operations, sensor controls, or data
transmission. Understanding the capability limits of each tool, as
well as their complex interdependencies, poses a significant chal-
lenge for LLMs. For instance, a surveillance camera system might
detect unusual behaviors but may not have the ability to identify
individuals. Meanwhile, a facial recognition tool might only accept
cropped face images as input, rather than full images captured di-
rectly by the sensor. Second, changes in real-world environments
can significantly affect data quality and availability, potentially
causing coordination failures. It is difficult for the coordination
system to automatically generate alternative plans by swapping
tools dynamically at runtime to complete the same task.

In this paper, we introduce TaskSense, a translation-based ap-
proach that enables LLMs to interact with sensor systems using
a specialized framework called sensor language. As illustrated in
Figure 1, we first develop a novel sensor language to help LLMs
comprehend the capabilities and data dependencies of sensor sys-
tems. Once these systems are deployed, our approach automatically
translates their functionalities into vocabularies and grammar that
LLMs can understand. When a user submits a query, TaskSense first
assesses its solvability through a solvability check, and then inter-
prets the user’s intent based on the sensor language and translates
it into an executable plan that sensor systems can carry out. Next,
TaskSense performs a grammar check to detect any dependency
errors of the plan. During execution, TaskSense employs a dynamic
plan adaptation mechanism, adjusting the plan in runtime based
on feedback from sensor data quality, data availability, and execu-
tion outcomes. This allows the system to maintain high accuracy
and adaptability in real-world environments. Finally, TaskSense

translates the sensor systems’ outputs back into natural language,
providing a clear response to the user.

We summarize the contributions of this work as follows:
• We develop TaskSense, the first translation-like approach that
enables LLMs to coordinate heterogeneous sensor systems to
complete complex tasks in user queries.

• We propose a novel sensor language that defines vocabulary sets
and grammar that enable LLMs to understand the capability
boundaries and interrelationships of functional modules in sensor
systems. This helps TaskSense automatically generate executable
plans to coordinate sensor systems and ensure task solvability
and data dependency.

• We design a dynamic plan adaptation mechanism for sensor sys-
tem coordination to address environmental uncertainty in run-
time. It allows TaskSense to dynamically adjust the plan execution
path based on sensor failure, data quality, and execution results.

• We implement TaskSense on 4 datasets, covering 9 sensor systems,
over 60 APIs, 170 tasks and 5 types of data modalities. Evalua-
tion results show that TaskSense can achieve up to 3 times the
planning accuracy and 1.75 times the responding accuracy using
the similar amount of tokens compared with the state-of-the-art
solutions.

2 RELATEDWORK
2.1 Tasking Sensor Systems
Various smart sensor systems have been integrated into our daily
lives [11, 60, 66]. Traditional sensor systems rely on rule-based
task execution strategies. ADmarker [39] combines diverse sensors
and AI models in elders’ homes to detect early Alzheimer’s Dis-
ease. Kratos+ [51] uses a policy negotiation algorithm to manage
multiple sensors, handling various user requests without conflicts.
However, these solutions are limited to predefined and fixed tasks
and cannot adapt to dynamic user requirements. Recent works uti-
lize LLMs to solve complex tasks in embedded systems. Works in
[14, 48] use LLMs to assign tasks to AI modules and IoT devices,
meeting diverse user requirements. Sasha [25] employs LLMs to
manage home devices and generate action plans in response to
open-ended instructions. However, these solutions do not consider
environmental uncertainties when tasking sensor systems, limiting
their robustness in real-world applications.

2.2 LLM for Task Planning
LLM Agents. Some works propose using LLMs as the decision cen-
ter to call external tools for solving complex tasks. ToolFormer [45]
shows LLMs can learn to use the API of external tools to generate
more reliable answers. HuggingGPT [49] and TaskMatrix.AI [33]
use LLMs as a controller to propose task solution plans and then
select the corresponding tools for each step. To find the best choice
from all possible plans, ToolLLM [44] and ControlLLM [35] adopt
tree-based and graph-based methods, respectively, for optimal plan
searching. However, these systems only focus on calling general
tools like the calculator, Wikipedia, and AI models designed for
specialized tasks, without considering the complex environments
and data dependencies in practical sensor systems.
Improving the Quality of LLM Planning. Self-check [36] uses
an additional LLM as a validator to recognize errors in its own
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step-by-step reasoning process. ToolLLM [44] and KwaiAgents [42]
improve LLM’s planning ability by fine-tuning it on a high-quality
instruction dataset. In addition, many studies employ feedback-
based strategies to improve plan quality. TaskMatrix.AI [33] and
Sasha [25] use feedback from users to improve the plan quality of
LLMs. Other studies also employ error messages as feedback to
enhance plan quality. Voyager [58] and LLMind [14] use program
execution errors as feedback to improve the plan quality of LLMs.
Some works also attempt to augment LLMs with observations from
objective environments [68, 70]. However, these methods either
require additional validators for evaluation or rely on execution
errors and human feedback to improve the plan quality, without
fully utilizing the information from the sensor systems.

2.3 LLMs for Open-ended Question Answering
in Sensor Systems

Adapting Sensor Data to LLM Embedding Space.M4 [69] and
OneLLM [21] use a large amount of multi-modal sensor data to
train adapters. These adapters can map raw sensor data into the
embedding space of an LLM, enabling open-ended question answer-
ing based on sensor data. However, adapting diverse sensor data
modalities into the embedding space of natural language requires a
large amount of training data and is difficult to achieve, especially
for complex and information-sparse modalities like IMU.
Retrieval and Summarizing.Many works explore LLMs’ capabil-
ities in sensor data reasoning within embedded systems [41, 62, 64].
LLMTrack [67] uses Chain-of-Thought [27] prompting to analyze
IMU data for trajectory recognition, while LLMSense [41] uses
LLMs for high-level reasoning on daily activity logs from human ac-
tivity recognition models. In addition, some studies utilize retrieval-
augmented generation (RAG) techniques [23, 62] to access exter-
nal knowledge bases such as patients’ daily wearable data [65].
However, these systems face two major limitations: some require
continuous execution of various task-specific models to update the
data log, posing significant challenges in terms of computational
resources and flexibility, while others focus primarily on sensor
data understanding and reasoning, neglecting a broader range of
task types.

3 MOTIVATION
This section examines current methods for tasking sensor systems,
involving three steps: generating a tool calling plan based on user
queries, executing the plan, and delivering a response from the
execution results. Insights from measurement studies on existing
approaches and our real-world testbed shape our design goals.

3.1 Planning from Queries
To understand the capability of existing sensor systems in handling
real-world user queries, we use a query set to test the state-of-the-
art (SOTA) approach, HuggingGPT [49], within a home elderly
care scenario. In this scenario, multiple sensor systems, including
a home surveillance system, deep action recognition system and
sound detection system, are deployed in an elderly person’s home
to monitor and record their daily activities. We use HuggingGPT to
understand clinical queries derived from MDS-UPDRS [20] about
human activities and emotions and then generate tool-calling plans.
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Figure 2: Distribution of planning errors using HuggingGPT
for tasks in elderly care scenario.

We construct 38 elderly care queries in total. Given 19 tools from 3
different sensor systems, LLMs need to select from these tools to
form a plan for each query.

Figure 2 shows the distribution of errors made by GPT-4 [5] and
GPT-3.5 [29], which are mainly from the following aspects:
1. Misjudging Solvability: Current approaches often fail to recog-

nize the capability limitation of the toolset and identify queries
that exceed its capabilities. User queries that exceed the toolset’s
capacity usually happen in two cases. First, the toolset may lack
a specific function needed for the query. For example, with a
query like “Summarize Bob’s blood glucose”, if the toolset lacks
a blood glucose monitoring tool, the system cannot handle it.
Second, even if the toolset includes relevant tools, their label
setting may not cover the target of the query, such as a HAR tool
that includes labels of “Sitting" and “Dancing" but not “Playing
Chess". In these cases, instead of generating a misleading plan,
the system should notify the user that it cannot fulfill the query.
However, accurately understanding the solvability of each query
is challenging, as the toolset’s capability boundary is complex.

2. Wrong Plan: Another major error type involves generated
plans that contain incorrect dependencies or tools. Each tool has
specific functionalities and distinct input-output requirements,
meaning data dependencies between tools are constrained. LLMs
may produce infeasible plans by introducing incorrect depen-
dencies. For example, a facial expression recognition tool, which
requires face images as input, can only follow a face detection
tool in the plan. If it follows a facial emotion recognition or
speaker diarization tool, which does not output detected faces,
the execution results will be incorrect. Aside from dependency
issues, the generated plans may include incorrect tools. These er-
rors occur when LLMs select inappropriate tools from the toolset
or generate non-existent tools. For instance, the generated plan
for a query about sleep quality might incorrectly include a fall
detection tool.
The highest proportion of errors in Figure 2 is due to the models’

failure to accurately recognize queries that exceed the toolset’s ca-
pability boundary. Incorrect dependencies result from the models’
difficulty in determining valid dependencies between tools. Besides,
wrong tool selection often results from models’ challenges in under-
standing diverse query expression styles. These limitations cause
existing methods to struggle to generate high-quality plans.

3.2 Plan Execution and Responding
After developing the execution plan, TaskSense should execute it
and respond to the user query. To understand the execution quality
of the plan in real-world environments, we conducted experiments
in a smart home scenario using the framework of HuggingGPT [49].
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We analyzed the execution of plans based on user queries, consid-
ering environmental uncertainties that may affect the outcome.
In this experiment, we separately execute three different plans
on three different sensor systems for the same user query: “Was
Bob overworking today without adequate bathroom breaks?”. Fig-
ure 3 demonstrates several periods of the plan execution results.
The results show that each plan performs differently when the
environment changes. For example, the plan executed on the RGB
camera-based home surveillance system fails to produce correct
results in the latter two periods due to poor lighting conditions and
occlusion. Similarly, the plans executed on the deep action recogni-
tion system and sanitary monitoring system do not yield accurate
outcomes in the last and first two time periods, respectively, due
to occlusion and the subject being out of frame. This demonstrates
that although the plan is correct, its execution is highly suscepti-
ble to environmental factors. Moreover, the environmental factors
vary significantly across different plan execution paths. However,
we notice that although some of these systems fail to detect the
target in certain time periods, it can still be completed by others,
demonstrating a high degree of complementarity among the differ-
ent sensor systems. Our study highlights three primary types of
environmental factors that affect plan execution:
1. Data Missing: Tool execution within a plan often requires sen-

sor data input. If a sensor fails due to hardware failure or is
accidentally turned off, the required data may not be recorded,
leading to failures in the execution.

2. Data Noise: Factors like changing light conditions that affect
RGB cameras, or noise levels that affect speech capture, can
reduce the quality of sensor data. Data noise introduces errors
in the plan execution results.

3. Content-Related Issues: Issues like objects moving out of the
camera frame, occlusions, or individuals in challenging poses
cannot be detected by assessing data noise levels alone, but they
can also significantly impact the accuracy of results.
These observations indicate the challenges faced by current ap-

proaches in handling dynamic environmental factors in real-world
settings. To address these issues, leveraging the complementarity

between different sensors can be a promising strategy. For instance,
while light conditions may affect the performance of the generated
plans using RGB camera-based tools, they have minimal impact on
the plans using depth camera-based tools. Besides, with multiple
human detection sensors placed at various locations and angles in
a home, detection results can be guaranteed by switching between
plans using different sensors based on the user’s location. Therefore,
adaptively switching between different plan execution paths can
mitigate the impact of environmental uncertainties and enhance
the system’s overall robustness.

Furthermore, after plan execution, existing approaches also face
challenges during the response generation phase. Multiple sensor
systems can produce substantial result data in the execution. How-
ever, processing extensive data sequences and performing complex
computations pose challenges for LLMs to produce responses to
the user [72], causing forgetting issues or hallucinations like wrong
data association among tools. To understand this issue, we con-
structed 30 test queries and use GPT-4 to comprehend the plan
execution results to generate the answer for each query. Among the
test set, there are 5 failed cases due to the incorrect results associa-
tion among different tools and 3 cases presenting incomprehensive
answers. Therefore, it is necessary to implement strategies ensuring
the accuracy of the generated answers to address the limitations
associated with LLMs.

4 SYSTEM OVERVIEW
In this paper, we introduce sensor language and propose a het-
erogeneous sensor system tasking approach, TaskSense, which
leverages LLMs to coordinate sensor systems for understanding
and responding to user queries in dynamic environments. Figure 4
overviews the design of TaskSense. TaskSense first employs an
LLM-based sensor system automatic registration approach (§5.1)
to initialize the vocabulary set, grammar, and seed examples, re-
ducing the manual effort required for system initialization and
updates. When TaskSense receives a query from the user, it first
interprets the user’s intention based on the sensor language and
retrieved examples, translating it into executable tool-calling plans
to coordinate sensor systems (§ 5.2). After the coordination plan
is generated, TaskSense employs a dynamic plan adaptation mech-
anism (§5.3) to further adjust the plan execution path in runtime,
ensuring they adapt to environmental changes and robust against
interferences in embedded systems. Finally, TaskSense translates
the sensor language back into natural language feedback based on
the plan execution results(§5.4).

5 DESIGN OF TASKSENSE
This section presents the design details of TaskSense. Section 5.1
introduces the necessary components and their initialization pro-
cess when applying TaskSense into a new scenario, including the
sensor language definition and example library. Section 5.2 and
Section 5.3 illustrate the plan checking and dynamic plan adapta-
tion techniques, respectively. Section 5.4 introduces the response
generation module.
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Figure 5: An example of vocabulary set.
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5.1 Understanding Systems with Sensor
Language

5.1.1 Definition of Sensor Language. In TaskSense, user queries are
inputted in the form of natural language, which cannot be directly
used to execute the tools in sensor systems. To bridge this gap, we
develop a translation-like solution that converts user intentions
into executable tool-calling plans using the LLM, which utilizes
LLM’s impressive ability in language translation tasks [15, 28]. We
conceptualize tools and their dependencies as a language, termed
Sensor Language. In this paradigm, tools aremodeled as vocabularies
in the Sensor Language, dependencies are modeled as the grammar,
and plans are like sentences formed by combining vocabularies
following grammatical rules. Sensor Language incorporates two key
definitions: vocabulary set and grammar rules. They are included
in the LLM prompt with the retrieved examples (Section 5.1.2),
enabling the LLM to translate user intents effectively.
Sensor Vocabulary Set. It defines detailed information of all the
tools and the basic elements available for the LLM when creating
executable plans. As shown in Figure 5, for each tool, each vocab-
ulary includes the following items: category (e.g., small AI model,
sensor control), tool name, modalities (e.g., RGB, IMU), devices (e.g.,
VZense DCAM710), functionality description, inputs (e.g., thermal
image), outputs (e.g., label, video), and output label setting (e.g.,
[“sitting”, “running”, ...]).
Sensor Grammar. It defines dependency rules among tools that
each plan should follow. The sensor grammar consists of a set of
directed acyclic graphs (DAGs), where nodes represent tools and
edges represent valid dependencies among tools. When included
as part of the prompt for LLMs, the graphs will be converted into

text format, consisting of node lists (e.g., [“Face Recognition”, “Face
Detection”, ...]) and edge lists (e.g., [“Human Detection -> Fall Derec-
tion”, ...]). Each valid plan is a subgraph of the sensor grammar. As
shown in Figure 6, two types of dependencies exist in the sensor
grammar: data dependencies and control dependencies.

Data dependencies define data input-output relationships among
tools, where certain tools require outputs from others as inputs,
thereby constraining executable plans. These dependencies are used
to validate LLM-generated plans (see Section 5.2 for more details).
On the other hand, control dependencies, different from data de-
pendencies, mainly define the potential execution preconditions
for tools. A control dependency between two tools specifies the
conditions under which one tool can execute, which depends on the
other one’s output. For instance, in Figure 6, the Speaker Diariza-
tion tool is triggered only if the RGB Human Detection tool detects
at least one person. Once a generated plan passes data dependency
verification, control dependencies are automatically inserted into
the plan before plan execution.

Sensor vocabulary and grammar are essential for LLMs to trans-
late user queries into executable plans. The vocabulary defines the
toolset’s capability boundary, while the sensor grammar specifies
dependency rules among tools. They will be separately used in
the solvability check (§5.2.1) and grammar check (§5.2.2) modules
to improve planning quality. When applying TaskSense to a new
application scenario, the vocabulary set and grammar need to be
constructed first. Existing solutions, like HuggingGPT [49] and
Sasha [46], require manual efforts to create a toolset. In contrast,
TaskSense achieves automatic initialization. Specifically, TaskSense
first constructs the sensor vocabulary set. The user only needs to
provide the source codes for software tools (e.g., human detection
and activity recognition) and/or a detailed description of the sensor
system’s APIs provided by the manufacturers (e.g., video captur-
ing and human presence). TaskSense specifies the format of the
new vocabulary in the prompt: a list of JSON objects and each
JSON object represents a vocabulary. Each JSON object has the
following keys: “category”, “tool name”, “modality”, “description”,
“input”, “output” and “label setting”. Additionally, TaskSense also
provides 5-6 predefined showcases of vocabulary in JSON form to
help the LLM understand the format. Then, TaskSense sends the
prompt containing the source codes/detailed description of new
tools and the showcases to the LLM to generate vocabularies for
all the new tools. After constructing new vocabularies, TaskSense
starts to construct the new grammar rules. Similarly, it specifies in
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the prompt that the grammar rules should be organized as a list of
strings. Each string contains the names of two tools connected by
an arrow, like “Face Detection -> Face Recognition”, representing
a dependency. TaskSense also includes a list of strings following
this format of grammar rules as the showcase and the vocabularies
of the new tools into the prompt. With the prompt, LLMs generate
grammar rules for the new tools. After that, TaskSense will then
check whether each newly generated grammar rule is valid based
on the inputs and outputs of each pair of tools. Users can also add
or delete new vocabularies or grammar rules manually.

5.1.2 Example Library. Providing only a vocabulary set and gram-
mar rules is insufficient for learning sensor language. In machine
translation, example libraries, known as parallel corpora, are com-
monly used to organize translation examples for training mod-
els [24, 26, 30]. As shown in Table 1, we adapt this approach into an
LLM-based method for Sensor Language, designing each example
as a query-plan pair. Each query-plan pair includes a user query ex-
ample and the corresponding plan to solve it. From these examples,
LLMs learn to break down user queries into tool-calling steps and
organize them as executable plans. The example library serves two
key purposes: (i) helping LLMs accurately understand the capability
boundaries of the toolset to identify unsolvable queries, and (ii)
improving planning robustness to varied styles of user expressions.
To achieve the first goal, TaskSense includes both solvable and
unsolvable examples in the library. For the second, TaskSense cate-
gorizes and samples seed examples, then employs LLMs to expand
them automatically.
Seed Example Categorization. We refer to the initially con-
structed examples as seed examples. The primary purpose of seed
examples is to ensure broad and diverse coverage in the example
library. Given that such diversity is essential for improving instruc-
tion tuning performance [12, 71], we propose expanding seed ex-
amples through categorical sampling. Possible query categories are
organized based on specific applications, and examples are created
for each category. For example, categories “activity”, “cognition”,
“emotion” are organized for home elderly care scenario [39]. Within
each category, seed examples are organized to be as distinct as
possible. Categorization and intra-category diversity enhance the
system’s performance on unseen user queries.
Solvable and Unsolvable Examples. In real-world scenarios, our
system may receive queries beyond the toolset’s capability bound-
ary. The system needs to recognize these unsolvable queries, thus
preventing misleading responses. However, simply creating exam-
ples by category is insufficient for the system to accurately assess
query solvability. To address this, we advance the design of the
example library by creating both solvable and unsolvable exam-
ples for each category. A solvable example includes a processable
query and its corresponding plan, while an unsolvable example
includes an unprocessable query and an empty plan, indicating
that no tool-calling plan is available. This approach significantly
enhances LLMs’ ability to recognize query solvability.
Example Library Augmentation. Users often exhibit various
expression styles, which can affect the accuracy of LLMs’ outputs.
To address this, we propose using LLMs to diversify the expression
styles of queries in the examples. For each seed example, we input
the query to an LLM and instruct it to generate several semantically

Table 1: Example library in TaskSense.

Type Query Planning Result

Activity Did Bob show repeated
action yesterday?

{ “query-video-rgb”,..,“human-activity-
recognition-rgb”, “activities” }

Emotion How was Bob’s
mood today?

{ “query-video-rgb”,..,“expression-
recognition-rgb”, “expressions” }

Language Did Bob mention
his travel yesterday?

{ “query-audio-data”,...,“speaker
-recognition”, “speaker ID” }

Unsolv-
able

Did Bob have a fever or
fatigue this week? {“Unsolvable”}

... ... ...

equivalent queries in different styles. Each new query is paired with
the seed example’s plan to create a new example for the library.
Based on the benefit of LLM-based instruction re-writing [32, 59],
this approach can effectively augment the example library.

Similar to the construction of new vocabularies and grammar,
TaskSense also automates the construction of seed examples. It
specifies that the format of examples should be a list of JSON object
pairs. Within each pair of JSON objects, one contains a “role” key
with its value as “user” and a “content” key with its value as a user
query. The “role” key of another JSON object is “assistant” and the
“content” key is the corresponding plan for the user query. This for-
mat demonstration is included in the prompt. Like the construction
of vocabularies and grammar rules, a few predefined showcases
following this format are also included in the prompt by TaskSense.
The vocabularies and grammar rules of the new tools generated in
the previous steps are included, too. Then, the prompt will be sent
to LLMs to generate seed examples for the new tools. This process is
performed separately for each seed example class. After generating
all new seed examples, TaskSense instructs LLMs to discard invalid
or overly similar examples and then performs grammar checking
for the rest. It then calculates pairwise semantic similarities among
the rest of the examples, and provides ranking based on the sim-
ilarities as a reference for users to remove redundant examples
manually by specifying their IDs.

5.2 Plan Generation
Upon receiving a user query, TaskSense employs a text encoder
to generate an embedding of it, which is used to retrieve the most
similar examples from the example library based on cosine simi-
larity. TaskSense precomputes and stores embeddings of example
queries to reduce the system’s latency of each retrieval. To ensure
the diversity of retrieved examples, TaskSense retrieves examples
evenly across each category. This category-based retrieval strategy
enhances diversity among examples, improving the system’s gen-
eralization by avoiding excessive similarity among the examples.
These examples are then combined with the sensor vocabulary,
grammar, and user query for plan generation using LLMs. However,
plans generated by LLMsmay contain errors, such asmisjudging the
solvability of user queries and incorrect dependencies. TaskSense
adopts two key modules to solve these issues: solvability checking
and grammar checking.
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Figure 7: The workflow of dynamic plan adaptation.

5.2.1 Solvability Checking. Some queries are unsolvable because
their target labels (e.g., activities, emotions, or events) fall out-
side the toolset’s capability boundary. To handle these unsolvable
queries, apart from including unsolvable examples in the example
library, we also develop an LLM-based checker to assess queries’
solvability based on the toolset’s capability limits. Before assessing
the solvability, the checker first identifies whether a query is an
open-ended query, which refers to those ambiguous queries that do
not restrict the response to specific labels, allowing any reasonable
response. (e.g., “How do you feel about Alice’s exercise routine on
Nov 14?”). Open-ended queries will be skipped for further solvabil-
ity analysis. For queries with specific target labels (e.g., “When did
Bob lie on the bed on Nov 13, 2023?”), the checker assesses solv-
ability based on the toolset’s capability. It checks if the toolset has
the necessary tools for the target functions and, if available, checks
whether their label lists include the target labels. Queries targeting
labels beyond the toolset’s capabilities are marked as unsolvable,
and no plans are generated, while the rest pass the check.

5.2.2 Grammar Checking. To identify dependency errors in gener-
ated plans, TaskSense uses subgraph matching to verify grammar
correctness. TaskSense first converts grammar rules into a directed
acyclic graph (DAG) that contains all valid tools and dependencies.
The plan is also represented as a DAG, with each node correspond-
ing to a distinct tool. TaskSense then checks if the plan’s DAG
is a subgraph of the DAG representing the grammar rules. This
method not only identifies incorrect dependencies but also flags
any mistakenly generated tools not in the predefined toolset.

5.3 Runtime Plan Adaptation
Various dynamics of real-world environments, such as lighting
and obstructions, can degrade tool performance. As shown in Sec-
tion 3.1, static plan execution is vulnerable to such environmental
factors. However, the vocabulary set often contains tools with simi-
lar functionalities, such as Facial Expression Recognition and Speech
Emotion Classification. Due to this redundancy, multiple feasible
plans may exist for the same user query, utilizing different sensor
modalities or devices deployed in different locations. Inspired by
this, we propose a plan adaptation approach that enables TaskSense
to identify replaceable parts of a plan and dynamically select the
optimal execution path among alternatives with similar functional-
ities, based on the runtime quality of sensor data and the outputs
of each path. Figure 7 shows the workflow of the dynamic plan
adaptation, which is described as follows.

5.3.1 Replaceable Parts Recognition and Alternative Group Match-
ing. First, TaskSense utilizes LLMs to categorize tools in the toolbox
by function, grouping similar ones. Then, TaskSense replaces each
tool in each group with a plan ending with it by adding the minimal
necessary tools it depends on. Such a plan with no redundant tools
is called alternative path. If multiple alternative paths end with the
same tool, they are included in the same group as different paths.
All these groups will be gathered together, and we call each group
an adaptable group and call the group collection pool of adaptable
groups. At runtime, when a plan is generated, TaskSense traverses
the pool of adaptable groups to find groups containing paths that
are subgraphs of the generated plan. The matched group is selected
as the adaptable group for the corresponding path in the generated
plan, as the paths in this group are functionally equivalent to it. If
multiple groups match, TaskSense selects the one with the longest
path. TaskSense then removes the matched part from the original
plan and repeats the process until no more adaptable groups are
found. This process converts the LLM-generated plan into a set of
adaptable groups and irreplaceable parts.

5.3.2 Pre-execution Filtering. During execution, various real-world
factors can affect the availability and quality of sensor data. To
select the appropriate paths at runtime, we apply pre-execution
filtering before executing each group, considering both data avail-
ability and quality. Specifically, for each group with alternative
paths, TaskSense first divides the sensor data’s time range into
equal intervals, e.g., one hour. Then, for each interval, TaskSense
examines each alternative path to check if its required sensor data
is missing and to assess data quality. If the data is missing or has
a significantly low signal-to-noise ratio, that alternative path is
skipped for the interval.

5.3.3 Post-execution Selection. Some factors that induce uncer-
tainty cannot be identified by examining missing data or assessing
data quality, yet they affect execution results. For example, the
occlusion and limited field of view can cause target detection at
one location to fail, but other similar tools may work. To address
such factors, TaskSense switches to other alternative paths if the
current path yields invalid execution results (e.g., empty results).
This evaluation serves as feedback to dynamically adjust the plan.

Besides, to reduce the latency of plan execution, TaskSense
adopts a cache mechanism. A cache database stores the execu-
tion results of each tool on specific data traces. When executing
each tool in a plan, the system checks the cache database to see if
the output has already been generated.

5.4 Response Generation
Plan execution results are then sent to LLMs for responses gener-
ation. As discussed in Section 3.2, there are two main challenges
for LLMs in understanding the results: 1. The results exceed the
token limits. 2. Generating a response may involve logical under-
standing and calculation, which LLMs handle poorly. To address
these challenges, we propose a formatting method to convert the
execution results to a more readable format. TaskSense uses unique
identifiers (IDs) to represent the outcome items of each tool and
converts the original results to a format that is easily understood
by LLMs.
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Table 2: Details of datasets.

Datasets Sensor Modality # Tools # Seed
Examples # Queries

In-lab HAR RGB, Depth 6 8 30

DAHLIA RGB, Depth 6 8 30

Synthetic RGB, Depth,
Audio, IMU 18 10 50

Real-world
RGB, Depth, Audio,
Light, IR, Zigbee,

Humidity, Temperature
58 10 60

Outcome-wise ID. To track correspondence among outcome items
from different tools, TaskSense assigns a long, randomly generated
string as the unique ID to each outcome item of the tools. This ID,
along with the tool’s original outcomes, is passed to the next tool
in the plan as its pre-IDs. As a result, each tool records its input
and output arguments, along with the pre-IDs and IDs. By using
these IDs and pre-IDs, we can construct result trees.
Results Format Conversion. After obtaining execution results
with outcome-wise IDs, we apply the lowest common ancestor
matching algorithm [6] to identify objects and their corresponding
labels like activity, gender, and identification, constructing the result
table. For example, the execution results may contain face and
activity recognition according to the sensor grammar DAG shown
in Figure 6. By identifying the lowest common ancestor for object
detection, we can determine people’s activities and emotions. The
final formatted results are organized in the form of a table.
Response from Formatted Results. Since the table can exceed
LLM token limits and LLMs have limited numerical calculation
capabilities [72], TaskSense extract required information from the
result tables, similar to SQL queries.

6 IMPLEMENTATION AND DATASETS
6.1 System Implementation
The overall architecture of TaskSense consists of an LLM on the
server and multiple tools deployed on the server or edge devices.
Sensor data is collected by edge devices. We utilize APIs from
Microsoft Azure [37], Amazon Bedrock [8] and Poe [43] platforms
to access various LLMs. For the retrieval of examples, we utilize APIs
from the Cohere [7] platform for obtaining text embeddings and
use the Annoy [52] package to select examples based on similarity.

6.2 Datasets
We evaluate TaskSense on four datasets shown in Table 2:
In-lab HAR Dataset1. This dataset for Human Activity Recogni-
tion (HAR) is collected in our lab, including data from 30 partici-
pants performing 30 different behaviors. Three participants are used
for evaluation and others for model training. A Vzense DCAM710
camera system (RGB and Depth) and 6 tools are used in the evalua-
tion.
DAHLIA Dataset [56]. This is an open-source dataset commonly
used for HAR. We utilize data from three individuals for evaluation
and others for model training. This dataset is collected using three

1The data collection and study has been approved by the authors’ IRB.
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Figure 8: Hardware setup of the real-world dataset.

Kinect v2 sensors (RGB and Depth). In the evaluation, we use 6
different tools with the dataset.
Synthetic Dataset. To eliminate the influence of tool accuracy
on the performance of TaskSense, we synthesize a virtual dataset
using LLMs for mock testing. This dataset contains the behaviors
of two individuals over five days by prompting LLMs to generate
tool outputs for each individual in every time interval, reasonably
simulating their daily activities. These simulated outputs are di-
rectly stored in the execution cache. Sensor systems are simulated
with failure conditions according to the virtual environment setup.
We simulate placing 4 different sensor systems in this virtual envi-
ronment and use 18 tools in the evaluation.
Real-world Dataset1. We collected this dataset in three rooms
with 8 heterogeneous sensor systems, including data from 12 indi-
viduals. Three individuals’ data are used for evaluation. As shown
in Figure 8, Room 1 (Living Room) includes a TP-link TL-IPC44AW
camera system (RGB), a Waveshare USB to Audio module (Audio),
a Xiaomi smart light, and an Aqara temperature sensor. Room 2
(Home Entrance) has a TP-link TL-IPC45AW security camera (RGB)
and an Aqara door sensor (Zigbee). Room 3 (Bedroom) includes
a Xiaomi motion sensor 2s (IR) and a behavior analysis system
using a Vzense DCAM710 camera (RGB and Depth), simulating
monitoring for groups with special needs in a bedroom, such as the
elderly. 58 tools in total are used for this evaluation.

Since the original datasets lack the corresponding queries, we
utilize queries from the real-world surveys and medical question-
naires, including MDS-UPDRS [20], PSQI [10], IPAQ [13], NBI [18],
ZBI-C [53], FAS [47], and IADL [31]. Besides, additional queries are
created to ensure comprehensive testing. In this way, we construct
a specific user query set and toolset for each dataset. For the In-lab
HAR and Dahlia datasets, we simulate environmental factors by
randomly adjusting videos’ brightness and adding Gaussian noise.
Implementation of Tools.We integrate code and documents from
various platforms as input for automatic system component con-
struction in datasets. They include TP-link IPC Control APIs [55],
Home Assistant [9], Vzense DCAM SDK [57], HuggingFace [17],
and FFmpeg [16], as well as public models from GitHub and our
own trained models. To enable the execution module to call the
tools in a unified form, we encapsulate each tool as a function with
standardized input and output formats. Tools in the evaluation
mainly include three types: 1. specific AI models (e.g., Fall Detec-
tion). 2. Database Operation Tools (e.g., Retrieve Sensor Data). 3.
Sensor Control Tools (e.g., Set Light Brightness).
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Figure 9: An end-to-end application.

7 EVALUATION
7.1 Evaluation Metrics and Baselines
7.1.1 Evaluation Metrics. We evaluate the overall performance of
TaskSense from three dimensions.
Planning Accuracy. This metric measures the portion of correct
plans generated by the LLM. The ground truth plan for each query
is manually provided, and a generated plan is correct only if its tool
selection and dependencies exactly match the ground truth. If mul-
tiple valid plans exist for a query, any matching plan is considered
correct. Additionally, to enable a more fine-grained comparison
between plans, we also define another metric Planning Score,
which measures the similarity between generated and ground truth
plans: 𝑆score = 1

𝑛

∑𝑛
𝑖=1

2 𝑃𝑅𝑖 ·𝑅𝐶𝑖

𝑃𝑅𝑖+𝑅𝐶𝑖
, where 𝑔𝑖 and 𝑝𝑖 represent the

collections of ending nodes (tool callings without subsequent tool
calling) in the ground truth and generated plans, and 𝑅𝐶𝑖 = |𝑔𝑖∩𝑝𝑖 |

|𝑔𝑖 | ,

𝑃𝑅𝑖 =
|𝑔𝑖∩𝑝𝑖 |
|𝑝𝑖 | , 𝑔𝑖 = {𝑡𝑔

𝑖1, 𝑡
𝑔

𝑖2, . . . , 𝑡
𝑔

𝑖𝑘
}, 𝑝𝑖 = {𝑡𝑝

𝑖1, 𝑡
𝑝

𝑖2, . . . , 𝑡
𝑝

𝑖𝑚
}. By us-

ing Planning Score, we aim to measure both the coverage of tools
in each generated plan relative to the corresponding ground truth
plan and the proportion of correct tools within the generated plan
itself.
Execution Accuracy.We measure the percentage of correct out-
puts for each query and then calculate the average percentage
across all queries to determine execution accuracy.
Response Accuracy. It measures the percentage of user queries
that receive correct answers.

7.1.2 Baselines. We use two approaches with similar problem set-
tings, HuggingGPT [49] and Sasha [46], as baselines. HuggingGPT
uses LLMs to break down complex tasks into sub-tasks. It performs
simple format checks, without considering the solvability of user
queries or the grammar correctness of plans, and does not provide
feedback to improve planning quality. Different from HuggingGPT,
Sasha involves extra steps to prompt LLMs to evaluate the solvabil-
ity of each user query and to improve the quality of the generated

Table 3: Overall performance of different methods (using
GPT-4 as the base LLM).

Dataset Methods Planning
Accuracy

Execution
Accuracy

Response
Accuracy

In-lab
HuggingGPT 0.80 0.55 0.47

Sasha 0.86 0.56 0.50
Ours 0.97 0.75 0.73

DAHLIA
HuggingGPT 0.86 0.43 0.50

Sasha 0.76 0.42 0.40
Ours 0.93 0.60 0.70

Synthetic
HuggingGPT 0.66 0.59 0.50

Sasha 0.32 0.67 0.48
Ours 0.96 0.72 0.74

Real-world
HuggingGPT 0.55 0.35 0.55

Sasha 0.66 0.37 0.62
Ours 0.82 0.64 0.75

plan based on user feedback. To address identification issues in
response generation for the baselines, we apply the same results
formatting approach to them, enabling them to respond effectively.
Besides, for a fair comparison, we provide Sasha with the same
base information used by TaskSense’s dynamic plan adaptation
module, including data missing, data quality and execution results,
for LLM-based plan regeneration.
LLMs.We use six popular LLMs as base models for the baselines
and TaskSense: four commercial models (GPT-4 [5], GPT-4o [3],
Claude-3 [22], and Claude-3.5 [22]), and two open-source models
(Llama-3-70B [54] and Mistral [1]). Commercial ones are accessed
via official APIs, while open-source models are accessed through
AWS Bedrock. We set the temperature of LLMs to zero to mini-
mize output randomness, with other settings left as default unless
specified otherwise.

7.2 An End-to-End Application
To demonstrate TaskSense’s workflow, we set up a prototype in a
smart home environment. We deploy our system onto an NVIDIA
Jetson AGX Orin [38] with 32 GB of GPU memory, connected to
the internet to interact with LLM providers. We establish proof-
of-concept testing with this setup, allowing users to query the
system to acquire daily behavior insights with plans generated by
TaskSense.

Figure 9 illustrates the plan generation, execution, and response
steps based on the query posed by referring to the report of In-
ternational Labor Organization [4]. From 12 p.m. to 4 p.m., the
system dynamically switches between different execution paths for
activity recognition based on environmental factors. For instance,
when light levels drop below the RGB camera’s threshold at 1 p.m.,
TaskSense switches to an alternative execution path using a depth
camera, ensuring accurate behavior detection and correct response.

7.3 Overall Performance
The overall performance of TaskSense is evaluated by comparing
its planning, execution, and response accuracy against baseline
models across four datasets. Additionally, TaskSense’s robustness
is tested by comparing it with the baselines in six different LLM
settings on the In-lab HAR dataset.

Table 3 shows evaluation results across different datasets using
GPT-4, with TaskSense using hyperparameter 𝑘 = 10 as the num-
ber of selected seed examples. The results indicate that TaskSense

221



SenSys ’25, May 6–9, 2025, Irvine, CA, USA K. Liu, B. Yang, L. Xu, Y. Guo, G. Xing, X. Shuai, X. Ren, X. Jiang, Z. Yan

Table 4: Overall performance on the In-lab dataset using
different LLMs.

LLM Methods Planning
Accuracy

Execution
Accuracy

Response
Accuracy

GPT-4o
HuggingGPT 0.83 0.51 0.60

Sasha 0.83 0.47 0.63
Ours 0.97 0.72 0.70

Claude-3-
Opus

HuggingGPT 0.87 0.55 0.57
Sasha 0.60 0.23 0.53
Ours 0.97 0.65 0.77

Claude-3.5-
Sonnet

HuggingGPT 0.73 0.54 0.50
Sasha 0.83 0.48 0.73
Ours 0.93 0.67 0.70

Llama 3 70B
Instruct

(Open-source)

HuggingGPT 0.47 0.27 0.37
Sasha 0.63 0.48 0.37
Ours 0.77 0.54 0.57

Mistral Large
(Open-source)

HuggingGPT 0.73 0.58 0.47
Sasha 0.40 0.18 0.30
Ours 0.97 0.74 0.70

achieves up to 0.64 higher planning accuracy than the baselines.
Most errors from TaskSense are due to solvable queries being
treated as unsolvable, which can be mitigated with more precise
queries. The planning accuracies of HuggingGPT are much lower
than TaskSense because it does not conduct any check on the solv-
ability and plan validity. Besides, the examples in its example li-
brary are randomly given, lacking sufficient diversity. Among its
incorrect test samples, both cases of misjudging solvability and gen-
erating wrong plans account for large proportions. Sasha cannot
achieve reliable planning performance as TaskSense, especially on
the Synthetic dataset. It is because Sasha relies on LLMs for plan
adjustments, but the comprehension abilities of LLMs are limited
and their outputs involve a degree of randomness. Therefore, it is
difficult for LLMs to make effective adjustments to the generated
plans based on the complex feedback information from the external
environment, resulting in incorrect or inaccurate adjustments. In
contrast, the dynamic plan adoption mechanism of TaskSense uses
a predefined module to adapt plans based on external information
more accurately and promptly. With its dynamic plan adoption,
TaskSense outperforms the baselines, improving execution accu-
racy by 0.29 and response accuracy by 0.30. Most of TaskSense’s
execution and response errors result from tool inaccuracies. Be-
sides, tool inaccuracies cause inconsistency between the plan and
execution accuracies for HuggingGPT and Sasha on the Synthetic
dataset, where Sasha generates fewer correct plans but more tools
with superior performance. TaskSense avoids this inconsistency as
it always selects the optimal execution path for each plan.

Table 4 shows the results of TaskSense with five different LLMs.
TaskSense consistently outperforms baselines, indicating its robust-
ness and effectiveness across various LLMs. HuggingGPT tends to
misclassify unsolvable queries as solvable (50% on average), while
TaskSense handles these better with only a 4% error rate. Sasha
struggles with solvable queries, showing a high error rate of 35%,
while TaskSense has a lower error rate (10%). Unlike the baselines,
TaskSense maintains consistent performance across LLMs. With
GPT-4o, TaskSense performs best with 92.2% planning accuracy
on average. With Claude-35-Sonnet, it handles solvable queries
well but struggles with unsolvable ones. Due to Llama3’s limited

Figure 10: Planning accuracy
under different numbers of re-
trieved seed examples.

Figure 11: Execution accu-
racy under different levels of
tool failure hours.

capabilities, TaskSense performs poorly with it, often confusing
complex queries. The open-source model Mistral Large provides
results comparable to commercial ones.

7.4 Microbenchmark
We examine 4 microbenchmarks: (1) the effect of retrieved seed
example quantity during plan generation, (2) the impact of environ-
mental factors’ interference levels, (3) the comparison with RAG
methods, and (4) the impact of the seed example library size.

7.4.1 Effect of Retrieved Seed Example Quantity. Figure 10 shows
TaskSense’s planning performance as the number of retrieved seed
examples 𝑘 varies on the In-lab dataset. The results indicate that its
planning accuracy improves as 𝑘 increases but converges when 𝑘

reaches 6, after which more retrieved examples yield insignificant
performance improvement.

7.4.2 Impact of Environmental Interference Levels. To evaluate the
impact of environmental factors’ interference levels, we use data
with tool failures caused by environmental or device issues from the
Synthetic dataset. Figure 11 shows TaskSense’s execution perfor-
mance as the tool failure hours through the day change. The results
indicate that TaskSense with the design of dynamic plan adaptation
effectively handles these changes and failures when the failure rate
remains within a reasonable duration. For example, TaskSense can
use a depth camera as an alternative during 8-hour RGB failures at
night to maintain performance.

7.4.3 Comparison with RAG-based Approaches. TaskSense is fur-
ther evaluated by comparing it with two RAG-based settings. The
first setting, planning example RAG, applies RAG to the examples,
which is developed based on TaskSense by removing grammar and
query solvability checks and keeping only example retrieval dur-
ing planning. The second setting, tool output RAG, applies RAG to
inference results with the setting of continuously running all tools
and storing their outputs in a results database. Under this setting,
the system directly retrieves the corresponding tool execution out-
puts from the results database according to the user queries, while
TaskSense allows users to choose which tools run continuously and
which are invoked only on demand.

We compare our method with planning example RAG in terms of
accuracy (Figure 12) and with tool output RAG in terms of system
load (Figure 13) on the In-lab HAR dataset. The results indicate that
TaskSense achieves up to a 19% higher planning score than planning
example RAG across various numbers of retrieved examples. Besides,
unlike tool output RAG’s fixed computational load (the blue and
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gray curves in Figure 13), the cumulative load of TaskSense ’s
load gradually increases as queries span more time ranges. The
load of tool output RAG with dynamic plan adaptation (the gray
curve) serves as an upper bound for TaskSense. Furthermore, the
comparison between red and green curves indicates that more
continuously running tools in TaskSense introduce a more fixed
system overhead but reduce more response latency.

7.4.4 Impact of the Size of Seed Example Library. To assess the
impact of seed example library size, we conduct experiments by
varying the seed example library scale on the In-lab and Dahlia
datasets. As shown in Figure 14, we consider the default setting of
seed example scale used in §7.3 as ‘1.0’, with ‘0.8’ indicating the
use of 80% of the seed examples. The results show that TaskSense’s
planning performance declines as the seed example scale decreases,
indicating the importance of seed examples to optimize TaskSense’s
planning ability.

7.5 Ablation Study
Plan Generation. Table 5 shows the planning performance of
TaskSense and its variants with module ablations, using GPT-4 as
the base LLM on the Synthetic dataset. The results indicate that all
modules contribute to task planning. Among these modules, the
example library contributes the most to both planning accuracy and
score (0.28 and 0.23, respectively). Moreover, when the negative
examples are removed, our evaluation shows that the planning
accuracy and score drop to 0.92 and 0.95, respectively. The drops
are mainly due to incorrect tool selection, indicating the original
LLM’s limited understanding of the tool capability boundaries.

The creativity of LLMs also impacts the quality of plans. The
above experiments are conducted with a temperature setting of 0.
When the creativity of GPT-4 increases (temperature = 1.5), the
accuracy and score decrease to 0.74 and 0.80, respectively. In these
cases, plan verification becomes helpful as a remedy, improving
accuracy to 0.80 and score to 0.87.

Table 5: Impact of components on planning performance.

Methods Planning Acc. Planning Score

w/o Sensor Lang. Instruction 0.88 0.91
w/o Example Library 0.58 0.76
w/o Checking 0.88 0.91
TaskSense 0.96 0.99

Figure 15: Impact of cache
module on overall execution
latency.

Figure 16: Impact of sensor
data time range on laten-
cies during planning and re-
sponding stages.

Dynamic Plan Adaptation. The effectiveness of the plan adapta-
tion design is evaluated on the In-lab dataset. TaskSense with the
dynamic plan policy achieves the highest execution accuracy at
0.82, while methods using fixed plan policies with RGB and depth
modalities achieve lower accuracies of 0.56 and 0.60, respectively.
This demonstrates the effectiveness of dynamic plan adaptation in
enhancing execution accuracy compared to using fixed plan paths.
Results Formatting. The impact of results formatting on response
accuracy is evaluated using the In-lab dataset. With formatting,
response accuracy increases to 73.3%, compared to 66.7% without it.
This shows that results formatting effectively enhances the accuracy
of the system’s responses.

7.6 System Overhead
In this section, we evaluate the system overhead of TaskSense,
including execution latency and the API calling cost of LLMs.
Execution Latency. We evaluate the impact of the cache module
on overall latency using the In-lab dataset. Figure 15 shows that the
cache module significantly reduces the execution latency of the sys-
tem. Across varying numbers of cached tools, the total time drops
from 360 to 31 seconds, driven primarily by the decline in plan exe-
cution time from 342 to 11 seconds. Meanwhile, plan generation and
response generation latencies remain stable, fluctuating between
8-10 seconds and 10-12 seconds, respectively. Besides, Figure 16
shows the planning and response times across different time scales:
6, 12, 18, and 24 hours. The results indicate that as data amount
increases, both planning and response times rise accordingly.
LLM API Calling Cost. We evaluate the LLM API calling cost
of TaskSense on the In-lab dataset. Table 6 shows the detailed
breakdown of the token cost of each component in TaskSense. The
total fixed token count for goal descriptions in the planning and
responding stages of our approach is 745, which is comparable to
HuggingGPT (433) and Sasha (1069). This similarity in fixed token
usage does not result in a significant cost difference. For the variable
parts, TaskSense includes additional components, such as grammar
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Table 6: Breakdown of LLM (GPT-4) token counts.

Stage Module # Avg. Token Used

Planning

1. Goal Description 558
2. Examples 129/example
3. Vocabulary Set 137/tool
4. Grammar Rules 11/tool

Responding 1. Goal Description 187
2. Execution Results 63/time interval

and examples, which are not present in HuggingGPT and Sasha.
Specifically, HuggingGPT lacks grammar, while Sasha lacks both
examples and grammar. On average, each additional grammar rule
increases token usage by 11 tokens, and each example adds 129
tokens. Despite these increases, the overall cost of our method does
not rise significantly and remains acceptable, making our system
cost-effective for practical applications.

8 DISCUSSION
Scalability to FM tools. The current toolset only contains task-
specific AI models. Many multi-modal foundation models, such as
LLaVA [34] and ImageBind [19], can perform diverse downstream
tasks with one model. In future work, TaskSense could be enhanced
to support more complex tool dependencies and expanded to in-
tegrate these multi-modal models into the toolset, enabling it to
handle broader tasks.
Dynamic Plan Adaptation Strategy. TaskSense offers strong
compatibility, and its dynamic plan adaptation strategy can be
customized. Currently, TaskSense mainly focuses on the quality
of sensor data and execution results in real-world scenarios using
a strategy combining pre-execution filtering and post-execution
selection. Future work could extend TaskSense for additional needs
by implementing other strategies, such as path selection based on
execution latency for real-time performance or using multimodal
fusion with all available data streams to enhance downstream task
performance [39].
Reducing LLM API calling cost. At present, TaskSense needs to
call LLMAPIs for each new query, resulting in unavoidable financial
expenses and time overheads. Future work could introduce a cache
mechanism to avoid frequent API calls for similar queries and a
more compact representation of the plan execution results.

9 CONCLUSION
This paper studies utilizing LLMs to coordinate sensor systems for
complicated user queries. To achieve this goal, this paper proposes a
translation-like approach based on a Sensor Language definition to
interpret human intents to executable plans. To improve execution
robustness, TaskSense adopts a dynamic plan adaptation mecha-
nism, adapting plans based on feedback from environmental factors.
We prototyped TaskSense in an end-to-end application setting and
tested it with four datasets. Evaluation results show that TaskSense
offers up to 3× planning accuracy and 1.75× responding accuracy
compared with baselines.
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