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Abstract

Recent advancements in Large Language Mod-
els (LLMs) have empowered home assistants
with natural language interaction capabilities.
However, current assistants overlook the pro-
gressive omission that occurs in human dia-
logue as shared context accumulates, leading
to more elliptical expressions for efficient com-
munication. Thus, current assistants still strug-
gle to interpret such elliptical expressions accu-
rately, which limits their effectiveness in real-
world applications. In practical smart home
scenarios, assistants face two major challenges
caused by elliptical commands: (1) referen-
tial ambiguity caused by different environmen-
tal expectations among multiple users; and (2)
intention ambiguity resulting from user pref-
erences that evolve over time or change with
the environment. To address these challenges,
we introduce PEC-Home, the first simulated
home dataset specifically designed for inter-
preting progressively elliptical commands in
smart homes. Extensive experiments on var-
ious LLMs, including GPT-40, show that ex-
isting home assistants struggle to execute user-
intended operations based solely on elliptical
commands. Even when equipped with tools
for storing and retrieving user dialogue his-
tory, execution accuracy remains below that
achieved with complete commands. Our code
and dataset are available at https://github.
com/BITHLP/PEC-Home.

1 Introduction

Home assistants automate routine household tasks
and enhance user interaction through intuitive,
context-aware support, seamlessly integrating into
daily life (Weiser, 1999). Specifically, their au-
tomation leads to increased convenience (Ur et al.,
2014), optimized energy usage (Sepasgozar et al.,
2020; Gupta et al., 2020) and so on.

In the pre-LLM era, home assistants primarily
focused on executing predefined rules and pattern
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Figure 1: An example of PEC-Home.
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recognition tasks like household routine automa-
tion (Dey et al., 2006; Ur et al., 2014) and activity
prediction (Tax, 2018; Kim et al., 2017; Khraief
et al., 2019). While these assistants achieved home
automation, they fundamentally lacked the capabil-
ity to interact with users through natural language.

The advent of LLMs (Vaswani et al., 2017) rev-
olutionized home assistants by enabling natural
language understanding across domains (Achiam
et al., 2023; Touvron et al., 2023; DeepSeek-Al
et al., 2024). Recent LLM-based home assis-
tants like Sasha (King et al., 2024) and SAGE
(Rivkin et al., 2024) demonstrate improved device
control capability facing commands like "Make
it less chilly”". However, these LLM-based as-
sistants operate under static, single-user assump-
tions or oversimplify dynamic user command shifts
as merely explicit or ambiguous states, disregard-
ing the progressive shift from explicit to elliptical
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through long-term interactions. Cognitive science
researches have shown that humans naturally de-
velop idiosyncratic and increasingly elliptical con-
ventions with familiar partners over repeated in-
teractions (Krauss and Weinheimer, 1964; Zwaan
and Radvansky, 1998; Hawkins et al., 2020). By
neglecting this phenomenon, current home assis-
tants fall short in handling naturally elliptical com-
mands, preventing users from interacting with them
as efficiently and intuitively as they would with hu-
man partners. This limitation fundamentally under-
mines home assistants’ ultimate goal of providing
intuitive, context-aware support.

To address this limitation, we introduce PEC-
Home, the first simulated home dataset that is
specifically designed for simulating progressively
elliptical commands in smart homes. The inter-
pretation of progressively elliptical commands en-
counters two core challenges in practical scenarios
(as shown in Figure 1): referential ambiguity aris-
ing from conflicts in multi-user preferences (e.g.,
conflicting "comfortable temperature" definitions
between family members), and intention ambiguity
in dynamic user preferences, where previously ex-
plicit commands (e.g., "set the humidifier to auto
mode") gradually lose specificity as the environ-
ment changes. PEC-Home comprises 1,780 dia-
logues from 1,424 personas (Zhang et al., 2018),
providing a novel and more practical perspective
for enhancing and evaluating the performance of
LLM-based home assistants.

To evaluate the effectiveness current LLM-based
home assistants in interpreting progressively ellip-
tical commands, we conduct extensive experiments
on PEC-Home. We investigate a range of LLMs us-
ing both zero-shot prompting and in-context learn-
ing to assess their ability to execute user-intended
operations based solely on elliptical commands.
The results show that none of the evaluated LLMs
are able to reliably interpret these elliptical instruc-
tions. Furthermore, we enhance LLMs with ex-
ternal tools, retrieval-augmented generation (RAG)
for accessing dialogue history, or fine-tuning LLMs
aimed at improving command interpretation capa-
bility. However, our experiments demonstrate that
even state-of-the-art models such as GPT-4o fail to
maintain their performance achieved on complete
commands when handling elliptical ones, highlight-
ing the limitations of existing methods.

* To the best of our knowledge, we are the first
to identify the task of progressively elliptical

commands interpretation in human—home as-
sistant interactions.

To facilitate the study of this task, we intro-
duce PEC-Home, the first simulated home
dataset modeling the progressive shift from
explicit to elliptical commands.

* Our experimental results on 10 distinct LLMs
demonstrate that all models experience sub-
stantial performance drops when interpreting
progressively elliptical commands. Even with
enhancements such as tool integration, RAG,
and fine-tuning, these models including GPT-
4o still fail to achieve reliable execution accu-
racy on highly elliptical commands.

2 Related Work
2.1 Pre-LLM Home Automation Systems

Home assistants in the pre-LLM era were essen-
tially home automation systems that relied on rule-
based or machine learning algorithms. Among the
earliest approaches, Dey et al. (2006) proposed
iCAP, a rule-based system enabling users to cre-
ate rules to automate home devices. Similarly, Ur
et al. (2014) explored trigger-action programming,
enabling users to create custom automation rules
(e.g., "If it is 6 p.m., then turn the lights on").

The advancement of machine learning has en-
abled home automation systems to integrate diverse
algorithms, including SVM for emotion-based au-
tomation (Jaihar et al., 2020), CNN for elderly fall
detection (Khraief et al., 2019), and LSTM for
next-activity prediction in multi-user environments
(Kim et al., 2017). Suman et al. (2022) investigated
how RL-based smart homes can influence human
behavior. Similarly, Gupta et al. (2020) proposed a
multi-objective RL framework aiming to optimize
power consumption in smart homes.

PEC-Home fundamentally differs from pre-
LLM automation systems by shifting from rule-
based automation and single-task pattern recogni-
tion to natural language driven progressive ellipti-
cal commands resolution.

2.2 LLM-Based Home Assistants

Humans often bridge abstract concepts (e.g., ‘com-
fort”) and device-specific actions (e.g., ‘turning on
the air conditioner’) through intuitive semantic as-
sociations (King et al., 2024). LLMs demonstrate
the ability to understand the underlying concrete
actions intended by humans (He et al., 2024). This
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Ell_lg‘)’:s Example Components
Level 1 "Hey, could you turn on the bedroom and set the temperature to 2¢
rees at 1( tonight? I'm heading to bed soon and want it comfortable." All components clear
Level 2 "Hey, can you set the to 2 es at 10:00 PM? Getting ready for Room omitted
bed and want it nice and cool."
Level 3 "Can you do something with the efore | sleep? Make it comfortable Operation & Parameters
for tonight." omitted
" St . o
Level 4 Hey, you know the , right? Could you take care of it for me tonight? Only device specified
Components: //f// room device operation operation parameters

Figure 2: Examples of progressively elliptical user commands across four levels (Lv1-Lv4) illustrate the defined
standards and the systematic omission of four core components (room, device, operation, and operation parameters).

We color room, s , and
simplified for better understanding.

capability has inspired recent works to integrate
LLMs in resolving ambiguous commands.

Sasha (King et al., 2024), an LLM-based smart
home assistant that generates action plans for under-
specified user commands through iterative reason-
ing. Rivkin et al. (2024) proposes an LLM-based
agent SAGE that dynamically generates prompt
trees and toolchains to flexibly handle user requests.
Yin et al. (2024) introduces Harmony, a framework
leveraging the locally deployable LLM to address
user needs. AwareAuto (Shi et al., 2024), the first
end-user programming system leveraging LLMs to
bridge user expressions with smart home automa-
tion.

In contrast to prior research focus on ambiguous
commands, our work identifies the task of progres-
sively elliptical commands interpretation, which
is intuitively emerging through long-term interac-
tions.

3 Problem Definition

The ultimate task of home assistants is to interpret
a user’s command u; at turn ¢ within a smart home
environment H. Each command, which can be ex-
plicit or elliptical, must be accurately mapped to
a specific, executable assistant response a;. This
response typically takes the form r;.d;.my(0), in-
dicating a target room r;, a device-method d;.my,
and parameters 6.

While baseline approaches (e.g., prompt-based
methods) perform this mapping using only the

. We emphasize that the examples in the figure are

current command and home state, fyaseline
(u¢, H) — ay, the challenge of interpreting ellipti-
cal commands necessitates leveraging contextual
information. Primarily, this involves the dialogue
history, C = {(u1,a1),..., (w—1,a¢—1)}, lead-
ing to advanced interpretation approaches such as
fadvanced : (uta Cv H) — Qg.

In practical smart home scenarios, assistants face
two major challenges caused by elliptical com-
mands: (1) Multi-User Preferences, which primar-
ily involves mapping fuuii(ut, C;, H) — ay using
selected user-specific dialogue histories C;, and (2)
Dynamic User Preferences, which adapts to envi-
ronmental states Clt and sensor data S; via the func-
tion fayn(ut,Cl, H,S;) — a;. We provide more
detailed problem definition in the Appendix C.1.

4 PEC-Home

PEC-Home (Progressively Elliptical Commands
Dataset for Smart Homes) comprises 1,780 dia-
logues involving 1,424 unique personas from Per-
sonaChat (Zhang et al., 2018). Each dialogue in-
cludes a sequence of 4 chats that become progres-
sively more elliptical. PEC-Home is designed to
capture and simulate the progressive ellipsis of
user commands over collaborative communication,
which is a well-studied phenomenon in cognitive
science (Krauss and Weinheimer, 1964; Clark and
Wilkes-Gibbs, 1986; Hawkins et al., 2020). To
capture different aspects of this progressive shift
from explicit to elliptical, PEC-Home is divided
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into two parts: 1) Multi-User Preferences and 2)
Dynamic User Preferences. In this section, we
provide a comprehensive description of the collec-
tion process of PEC-Home, a detailed comparison
with existing datasets, and a thorough presentation
of its statistics.

4.1 Dataset Collection

Virtual Environment Construction We con-
structed a virtual home environment that includes
12 types of devices, covering common device cat-
egories such as lighting, humidifiers, etc. Each
device is equipped with multiple personalized exe-
cutable methods, totaling over 50 distinct methods.
A comprehensive list of all devices and their exe-
cutable methods is provided in the Appendix B.1.
To simulate real-world scenarios, these devices are
distributed across multiple rooms in our virtual en-
vironment. A detailed list of devices in each room
is available in the Appendix B.1. In total, more than
350 personalized methods are allocated to differ-
ent rooms, ensuring diversity and comprehensive
scenario coverage in our dataset.

User Commands Generation Based on this vir-
tual environment, we first generated function-call
style device operations. Based on above, we uti-
lized unique personas for each user and generated
personalized parameters aligned with their prefer-
ences. For multi-user preferences, we randomly
selected three distinct users to form a household.
For dynamic user preferences, we generated two
preference parameters for each user within an de-
vice method, each corresponding to different envi-
ronmental states. We ensured that all operations
included memorable personalized parameters.

The increasing ellipsis in PEC-Home’s user com-
mands is designed to reflect patterns observed in
real human communication. Prior study (Krauss
and Weinheimer, 1964) have shown that when in-
terlocutors repeatedly refer to the same object, their
references becomes more elliptical in collaborative
process. Initial detailed descriptions are gradually
shortened by omitting elements which mutually es-
tablished within the shared context, converging on
brief labels. To capture this progressive shift from
explicit to elliptical commands in user-assistant
interactions, PEC-Home’s ellipsis levels are con-
structed by gradually reducing the amount of ex-
plicit information in commands. Inspired by King
et al. (2024), which identifies four core components
of smart home commands:room, device, opera-
tion, and operation parameters (e.g., ‘brightness

set to 3’), we define four ellipsis levels by omitting
these components. To ensure data quality and min-
imize manual effort, we utilize GPT-40 to generate
natural language commands based on function-call
style operations and user personas, ensuring clarity,
grammatical accuracy, and alignment with casual
conversation style. The four defined levels are:

* Level 1: The user command includes all four
core components.

* Level 2: As fundamental contextual elements
such as time and space are usually established
before introducing events in human commu-
nication (Zwaan and Radvansky, 1998), we
assume users first establish spatial location
during interactions. Following prior work on
conceptual pacts and common ground (Bren-
nan and Clark, 1996; Clark and Wilkes-Gibbs,
1986), once this spatial reference is mutually
established through previous commands, re-
peating it for subsequent commands within
the same space becomes redundant. Thus, we
omit the room information at this level.

e Level 3: Previous research (Carroll, 1980) has
found that descriptive modifiers in user lan-
guage are gradually omitted over time. After
removing location information, the remain-
ing modifiers mainly include explicit opera-
tion and operation parameters. Therefore,
we omit these descriptive components at this
level.

* Level 4: Following the findings that inter-
actions often converge towards idiosyncratic,
shared references (Krauss and Weinheimer,
1964), commands at this level only explicitly
specify the device, simulating the ultimate
reference collaborators have achieved.

The prompt used to guide LLMs in generating com-
mands at each level was manually reviewed and
adjusted to ensure generated commands met the
defined standards. Detailed examples of progres-
sively elliptical commands are provided in Figure 2,
and specific prompts used to guide GPT-40 in gen-
erating commands are detailed in Appendix B.2.
Quality Assessment Inspired by Zeng et al.
(2024), we apply manual sampling and valida-
tion procedures to validate the reliability of our
operation generation process. Three graduate re-
searchers conducted a manual evaluation of 500
randomly selected function-call style device opera-
tions. The results demonstrated that 100% of the
operations were correct, and 96% were properly
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Dataset Prog. Ellipsis Multi Pref. Dynamic Pref. Long-Inter. Persona Pers. Size Total
IFTTT (Yu et al., 2021) X X X X X 0 50,000+
Sasha (King et al., 2024) X X X X X 0 60
SAGE (Rivkin et al., 2024) X X X X v 3 50
PEC-Home(Ours) v v v 4 4 1,424 7,120

Table 1: Comparison of existing simulated home datasets. Key features include Progressively Elliptical Commands
(Prog. Ellipsis), Multi-User Preferences (Multi Pref.), Dynamic User Preferences (Dynamic Pref.), Long-Term
Interaction Support (Long-Inter.), and Persona Size (Pers. Size). * The IFTTT dataset uses a hard-coded ‘If This
Then That’ format, which differs from the natural language instructions used in the other datasets (Sasha, SAGE,

PEC-Home).
Multi-User Preferences Dynamic User Preferences

Statistics Lvl Lv2 Lv3 Lv4 Lvl Lv2 Lv3 Lv4
Avg. Tokens 42.08 34.54 33.88 28.43 42.10 34.70 33.87 28.11
Num. Commands 1,068 1,068 1,068 1,068 712 712 712 712
Room (%) 99.34 1.59 1.03 12.36 99.02 1.26 0.98 11.10
Device (%) 98.97 95.69 82.30 91.29 98.60 96.63 79.92 91.57
Operation (%) 91.48 79.49 26.40 4.49 90.73 77.25 26.54 6.04

Table 2: Statistics of PEC-Home across different ellipsis levels (Lv1-Lv4) for two tasks: Multi-User Preferences
and Dynamic User Preferences. Core component percentages reflect the presence of Room, Device, and Operation

specifications in user commands.

aligned with environmental states, highlighting the
high accuracy and reliability of our operation gen-
eration approach. To confirm the credibility of our
user commands generation framework, the same
three researchers manually assessed 200 dialogues
which involving multiple progressively elliptical
commands. The results revealed that 94.5% of
these commands met the defined standards, demon-
strating the reliability of the entire process.

4.2 Comparison

Table 1 compares PEC-Home with existing simu-
lated home datasets, highlighting its unique con-
tributions. Unlike existing datasets, PEC-Home is
specifically designed to model the shift from ex-
plicit to elliptical that naturally arises from long-
term human-assistant interactions. In practical
smart home scenarios, interpreting such progres-
sively elliptical commands presents two core chal-
lenges (as illustrated in Figure 1). To address these,
PEC-Home not only captures these ambiguities but
also provides personalized long-term interaction
data to facilitate the study of progressively ellipti-
cal commands interpretation.

4.3 Statistics

Table 2 summarizes the statistics for the PEC-
Home dataset across two tasks: Multi-User Prefer-

ences and Dynamic User Preferences. Both tasks
show a clear trend where the average token count
decreases from Lv1 to Lv4, indicating that the user
commands become progressively shorter and el-
liptical. Additionally, the percentages of Room,
Device, and Operation components also decrease
as the commands become more elliptical, further
supporting that the commands are becoming more
elliptical and less specific.

The lack of statistics for Operation parame-
ters component is due to the presence of highly
common parameters, such as “up”, “sleep”, etc.
These words frequently appear in user commands
making them difficult to track accurately. Addition-
ally, time-related parameters often appear in the
12-hour format (e.g., "11:30 PM") rather than the
24-hour format, further complicating the precise
identification of time-related parameters. As a re-
sult, we didn’t provide statistics for the operation
parameters component.

S Experiment

5.1 Setup

Models We select several open-source and closed-
source LL.Ms for a comprehensive evaluation
(Zhuang et al., 2023; Wang et al., 2024a). Specif-
ically, the open-source models including: Llama-
3.1-8B-Instruct (Al@Meta, 2024), Mistral-7B-
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Multi-User Preferences

Dynamic User Preferences

Method Lvl Lv2 Lv3 Lv4 Lvl Lv2 Lv3 Lv4
EA F1 EA F1 EA F1 EA F1 EA F1 EA F1 EA Fl1 EA Fi1
LLaMA3-8B
0-Shot 45.04 3894 787 6.80 1.12 194 056 221 36.66 2942 632 583 056 095 028 0.96
ICL 79.21 75.57 1049 10.71 2.81 429 140 549 7458 72.18 7.87 923 140 294 0.84 393
RAG 73.97 72.04 71.82 69.97 58.71 58.41 42.88 43.19 74.30 66.73 58.29 58.54 35.67 38.46 24.02 28.51
Mistral-7B
0-Shot 58.43 47.68 684 598 122 1.06 131 1.56 57.16 4024 6.60 5.03 126 049 056 0.62
ICL 90.36 77.77 16.11 15.63 2.81 3.79 0.66 4.57 8876 79.32 19.52 17.83 2.25 459 1.12 4.89
RAG 88.76 83.46 83.15 79.92 63.76 62.20 47.47 49.75 79.92 73.05 70.93 67.44 44.24 4494 3399 37.51
Gemma2-9B
0-Shot 48.41 51.76 833 9.30 0.84 336 028 343 4494 50.62 8.15 9.02 056 1.82 028 3.26
ICL 93.26 75.33 16.20 13.18 2.53 3.63 0.66 4.25 91.85 77.55 1587 12.57 197 3.73 0.56 4.57
RAG 92.60 90.76 82.68 82.24 55.24 59.75 38.30 47.73 92.13 89.89 79.78 77.19 42.42 47.62 32.72 42.69
Gemma2-27B
0-Shot 48.60 57.06 693 793 1.03 277 094 270 4551 4727 744 822 056 147 028 2.40
ICL 93.63 77.80 1536 14.02 2.81 482 0.84 525 91.01 78.25 1390 11.01 197 321 0.84 432
RAG 91.95 78.46 87.36 82.58 62.27 65.60 45.04 53.14 9298 76.98 88.37 78.59 57.87 59.55 43.12 51.06
Qwen2.5-7B
0-Shot 54.59 55.00 9.46 9.65 094 243 0.66 3.16 5421 4544 11.38 9.76 0.70 1.03 0.28 1.51
ICL 88.58 83.95 1545 1242 2.62 3.61 122 485 8694 80.10 17.42 13.69 225 3.85 140 4.89
RAG 91.76 87.25 89.79 85.18 64.04 65.05 48.50 53.94 93.68 86.88 91.57 85.97 52.67 57.17 43.40 50.56
Qwen2.5-14B
0-Shot 50.94 5826 8.71 9.50 2.06 3.38 131 3.60 38.48 4835 800 9.71 098 297 0.84 3.36
ICL 85.86 74.83 10.67 10.87 2.62 398 1.69 4.79 81.88 71.18 12.08 12.68 2.67 4.14 197 3.98
RAG 88.11 88.79 86.61 87.13 69.19 73.50 48.41 57.86 79.21 81.65 66.57 68.68 47.33 53.79 40.73 49.33
Qwen2.5-32B
0-Shot 55.06 61.27 10.21 1198 2.15 524 1.12 4.75 50.14 5597 927 11.19 140 3.73 1.12 4.33
ICL 92.13 89.89 14.23 14.14 2.15 452 1.69 422 8820 8535 646 593 1.55 220 126 291
RAG 89.14 84.01 87.92 75.08 68.07 58.54 48.97 47.68 90.31 84.01 79.92 75.08 58.43 58.54 43.68 47.68
Qwen2.5-72B
0-Shot 39.32 51.76 7.68 9.87 262 4.67 197 3.83 3427 47.82 7.16 9.61 239 444 169 3.74
ICL 89.42 88.11 15.72 13.17 4.03 441 225 446 8890 7576 16.29 1590 2.81 4.58 2.11 391
RAG 95.51 92.47 92.32 89.48 69.10 70.27 52.25 57.73 84.55 85.43 79.21 80.55 54.49 61.41 45.65 55.07
GPT-40
0-Shot 55.99 61.57 5.06 620 1.03 3.07 131 2.68 52.81 65.14 562 7.21 1.12 4.03 0.70 4.63
ICL 92.98 90.25 14.75 1494 337 574 140 525 93.26 92.02 1798 17.86 346 585 1.69 6.18
RAG 93.07 90.98 92.70 90.72 76.05 77.69 55.71 64.21 91.57 82.23 88.34 78.97 61.24 65.53 50.70 58.47
DeepSeek-V3
0-Shot 55.15 62.58 11.24 13.00 2.81 4.72 206 5.18 52.81 5997 6.74 8.69 140 259 1.69 3.37
ICL 92.79 89.42 13.02 11.84 3.18 441 1.78 5.13 92.84 88.43 478 485 1.69 2.01 098 4.55
RAG 94.10 81.72 92.88 80.46 76.78 70.57 53.37 54.68 80.62 62.91 78.65 61.71 62.08 52.52 49.58 46.12

Table 3: Performance comparison across ellipsis levels for Multi-User Preferences and Dynamic User Preferences.
Results are evaluated using Execution Accuracy (EA) and F1 Score (F1), where orange indicates the best

performance and | purple denotes the second-best performance. 0-Shot, ICL, and RAG refer to Zero-Shot Prompting,
In-Context Learning, and Retrieval-Augmented Generation, respectively.

Instruct-v0.3 (Jiang et al., 2023), Google’s Gemma  (DeepSeek-Al et al., 2024). For closed-source mod-
series (gemma-2-9b/27b-it) (Team et al., 2024), els, we choose GPT-40 (Achiam et al., 2023). We
the Qwen2.5 Series (Qwen2.5-7B/14B/32B/72B-  exclude reasoning models as LLM-based assistants
Instruct) (Yang et al., 2024), and the DeepSeek-V3  require rapid responses, and such models typically

19994



introduce delays by first generating reasoning tra-
jectory.

Methods We experiment with Zero-Shot
Prompting, In-Context Learning, and Retrieval-
Augmented Generation on LLMs mentioned above.
For specific implementation details, please refer to
the Appendix C.

5.2 Metrics

Following previous LLM-based home assistants
(Shi et al., 2024; Rivkin et al., 2024) and code gen-
eration tasks (Chen et al., 2021; Yu et al., 2018),
we use Execution Accuracy (EA) as the primary
metric to evaluate the performance of the home
assistant in executing user instructions. Specifi-
cally, the correct execution of the home assistant
is defined as generating the precise device control
operations required to accurately fulfill the user’s
command within our virtual environment.

To evaluate the operational accuracy of home
assistants in executing operations accurately, we
utilize the F1 score (Devlin et al., 2019; Wang et al.,
2024b). The specific formula for calculating F1 is
provided in the Appendix C.2.

5.3 Results

Table 3 shows the results of the experiments on
PEC-Home. Several conclusions can be drawn
from the results.

The results indicate that no models can accu-
rately execute user-intended operations based
solely on elliptical commands. Even when aug-
mented with RAG to access dialogue history, the
performance of these models on elliptical com-
mands does not match that achieved with complete
commands. Specifically for RAG methods, while
dialogue history offers some assistance, the perfor-
mance in correctly executing user operations still
declines as the commands become more elliptical.

While increased model parameters can en-
hance a model’s ability to leverage dialogue his-
tory for command interpretation, this advantage
sharply declines when addressing highly ellipti-
cal commands. Experimental results demonstrate
that although larger models (e.g., Qwen2.5 and
Gemma?2 series) show improved performance on
less elliptical commands (Lv2), these gains rapidly
diminish facing highly elliptical commands. Even
SOTA model like GPT-40, under In-Context Learn-
ing, underperforming some smaller RAG-equipped
models on Lv4 commands. This emphasizes that
merely increasing parameter size is not a suf-

ficient strategy for accurately executing user-
intend operations facing elliptical commands.

EA and F1 reveal divergent failure modes
across ellipsis levels. On less elliptical commands,
EA is often higher than F1. This discrepancy is
primarily attributed to two factors: firstly, as de-
tailed in Appendix C.2, EA does not require output
format to be strictly correct, unlike F1, which high-
lights the current limitations of LLMs in adhering
to precise required formats. Secondly, models may
exhibit "over-execution", where they correctly com-
plete the core instruction but also generate extra
operations, thereby lowering the F1 score but not
affecting the EA. Conversely, on highly elliptical
commands, EA tends to be lower than F1. This phe-
nomenon often occurs because models take "short-
cuts". For instance, in response to a command like
"turn on the light and set brightness to 4," a model
might only generate the simpler "turn_on" oper-
ation. Such partially matched simple operations
can boost F1 scores, but the EA score remains low,
leading to the observed divergence between these
two metrics.

6 Analysis

In this section, we extend our analysis by conduct-
ing three additional research questions (RQs) to
further investigate elliptical command interpreta-
tion. These RQs are designed to systematically
explore the key factors that influence the assistants’
ability to resolve elliptical command, focusing on
memory management (RQ1), model optimiza-
tion (RQ2), and external tools integration (RQ3).
For experiment details, please refer to Appendix C
and a comprehensive error analysis is provided in
Appendix D.

Sasha (Multi-User Pref.) Sasha (Dynamic User Pref.)

2 N

60 - 60 -
4
40 - \ _—— u 40 - |
[ | 74-/
20 - ‘§k * 20 - ‘\*\*
A\w A\’\’
A A\
A
0= i i 0= i i i
1 2 3 4 1 2 3 4

Ellipsis Level Ellipsis Level

B Mem0 [ Mems [ Mem10 [ Mem20

Figure 3: Execution Accuracy of Sasha on Qwen2.5-
7B-Instruct across varying amounts of preloaded mem-
ory in multi-user preferences and dynamic user prefer-
ences scenarios. ‘Mem number’ indicates the amount
of preloaded irrelevant memory.
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6.1 RQ1: How Does Preloaded Irrelevant
Memory Affect Interpretation Accuracy?

In practical applications, home assistants often
need to handle a large number of commands, and
external memory tools are considered to enhance
model performance (Lewis et al., 2020; Gui et al.,
2022). However, the effectiveness of utilizing mem-
ory is influenced by the amount of preloaded irrel-
evant memory. Figure 3 shows the EA of Sasha
and Figure 5, 6, and 7 in Appendix show the EA of
SAGE, RAG (Qwen2.5-7B) and RAG (Gemma2-
9B) across varying amounts of preloaded memory.

This section investigates how the amount of
preloaded irrelevant memory impacts interpreta-
tion performance. For Sasha when no irrelevant
memory is present in its database, Sasha can ef-
fectively leverage dialogue history to enhance its
performance on highly elliptical commands. How-
ever, when irrelevant information is preloaded into
the database, a general trend is observed across
all evaluated methods that their EA declines as
the commands become more elliptical. This phe-
nomenon underscores the challenges current meth-
ods face in filtering and utilizing relevant history
dialogue from a noisy memory environment when
interpreting increasingly elliptical commands.
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Figure 4: Execution Accuracy of Qwen2.5-7B-Instruct
model in test dataset under different training steps.

6.2 RQ2: Does Fine-tuning Enhance Elliptical
Commands Resolution?

Fine-tuning is a common approach to adapting
LLMs to specific domains. We split the dataset into
training, validation, and test sets in a 5:1:4 ratio,
and then used the training dataset to fine-tune the
Qwen2.5-7B and Gemma2-9B models. These mod-
els are selected as our main experiments involve
evaluations of both the Qwen and Gemma model
series. Figure 4 shows the results on Qwen2.5-
7B and figure 8 in Appendix shows the results on
Gemma2-9B.

We use the same prompt as the one used for the
ICL method to guide fine-tuned model inference.
The results show that while fine-tuning significantly
boost performance on low-ellipsis, its performance
collapse on highly elliptical commands. This per-
formance on highly elliptical tasks mirrored that of
ICL methods in Table 3, demonstrating that fine-
tuning, despite aiding in interpreting complete com-
mands, fails to resolve the core challenge of inter-
preting progressively elliptical commands.

Multi-User Preference

Method Lvl Lv2 Lv3 Lv4
SAGE 5140 3025 1573 4.49
Sasha  55.34 2325 37.36 43.26

Dynamic User Preference

Method Lvl Lv2 Lv3 Lv4
SAGE 52.00 34.55 18.67 5.33
Sasha  54.33 19.93 38.33 41.33

Table 4: Execution Accuracy of SAGE and Sasha on
Qwen2.5-7B-Instruct across varying levels of ellipsis
in multi-user preferences and dynamic user preferences
scenarios.

6.3 RQ3: How Do External Tools Improve
Ellipsis Command Handling?

The integration of external tools has become main-
stream in the current home assistants and au-
tonomous agents (Qiao et al., 2024; Chen et al.,
2024; Zhang et al., 2024). For instance, Sasha
and SAGE represent two mainstream approaches
among current LLM-based assistants. For spe-
cific implementation details, please refer to the
Appendix C.1. Thus, this section explores the per-
formance of current tool-based home assistants in
PEC-Home. Table 4 shows the results.

Both Sasha and Sage fall short compared to ICL
approaches facing complete commands. This sug-
gests that tool-based methods struggle with basic
user commands. Among L.v2 commands, where
instructions are moderately elliptical, Sasha fails
to decide whether invoke external memory, lead-
ing to lower EA scores compared to more ellipti-
cal commands. In contrast, SAGE exhibits consis-
tently poor performance across all command levels.
These results show that while tool-based methods
can handle some elliptical commands, but they fail
to consistently resolve elliptical commands.
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7 Conclusion

We identify the task of interpreting progressively
elliptical commands in smart homes, which is nat-
urally arises from human communication and rep-
resents a well-studied phenomenon in cognitive
science. To facilitate the study of this crucial task,
we introduced PEC-Home, the first simulated home
dataset specifically designed for interpreting such
progressively elliptical commands. Our experimen-
tal results demonstrate a significant challenge for
current LLM-based assistants. All evaluated mod-
els struggle to accurately execute user-intended
operations based solely on elliptical commands.
Furthermore, even augmented with advanced tech-
niques such as RAG, external tools, and fine-tuning,
these LLMs, including state-of-the-art models like
GPT-4o, still exhibit substantial performance degra-
dation as commands become more elliptical com-
pared to their performance when facing complete
commands.

Limitations

Our virtual environment encompasses a diverse
range of devices and each device is associated with
numerous methods. These methods often come
with detailed descriptions. When these descriptions
are provided as input to the model, the context be-
comes very long, leading to higher computational
costs.

Furthermore, due to strict privacy constraints
inherent in smart home environments, we are un-
able to collect large-scale, real-world user interac-
tion data. While real production data is the ideal
standard, large-scale access is currently unfeasi-
ble. To mitigate this limitation, we utilized LLMs
for data generation but took extensive measures
to ensure the simulated dialogues faithfully reflect
real human communication habits. Prior to dataset
construction, we conducted a pilot study on real
human-home interactions, observing that users nat-
urally tend to omit room and operation information
as shared context grows. These empirical findings,
firmly grounded in cognitive science and linguis-
tic theories, directly guided our simulation design.
Finally, we implemented a rigorous human-in-the-
loop verification process, where experts manually
assessed a random sample of 50 dialogues. The
results showed that 96.5% of the generated com-
mands were contextually natural and met human
linguistic patterns. Through these efforts, we en-
sure that PEC-Home serves as a reliable, highly

realistic, and privacy-safe proxy for actual human-
system interactions.

Ethical Statement

During the construction of PEC-Home, we adhered
to strict ethical standards and ensured that all proce-
dures complied with ethical standards. The virtual
environment and the devices within it were man-
ually constructed, carefully reviewed, and metic-
ulously validated to ensure their accuracy and re-
liability. Following the generation of user com-
mands, we conducted strict quality assessments
on the dataset to verify its integrity and ensure it
complies with high standards. As a result, we are
confident that PEC-Home does not contain any of-
fensive or biased content. Furthermore, all research
was performed with a strong commitment to ethical
principles, ensuring transparency, and fairness.
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A Detailed Problem Definition

Let a virtual smart home environment be repre-
sented as:

H={ry,ro,...,rn} (1)
where each room r; € H contains operable de-
vices:

Di:{dlad27"'7dm} (2)

Each device d; € D; is defined by:

dj = <Sj>Mj> 3)
where s; = [s}, e s?] is the device state vec-
tor and M; = {m}(&l), e ,mf(@k)} is the exe-
cutable method set.

Given the current user instruction u; at turn ¢,

the dialogue history is:

C={(ur,a1),...,(w—1,a,-1)} 4)
where each pair (ug, ar) (for k < t) represents the
user’s instruction uy and the system’s correspond-
ing response ag.

Mapping user instruction u; to system response
a; varies:

* Baseline systems (e.g., prompt-based meth-
ods) map u; to a; using only the home state
H:

fbaseline : (ut7 H) — Qg (5)

* Advanced systems (e.g., RAG) also use dia-
logue history C (Eq. 4) for contextual inter-
pretation of uy:

fadvanced : (Uta C, H) — Qg (6)

The model’s output a; = r;.d;.my(6) (target room
ri, device-method d;.my,, parameters 0) is the sys-
tem’s response. The new pair (uy, a;) updates the
dialogue history.

A.1 Multi-User Preferences Management

Let P = {p1,...,px} denote the user persona set
where each user p; maintains a distinct dialogue
history:
C = {(ullvall)w"7(uzl‘,717allffl)} @)
Advanced systems dynamically select relevant
history through:

C; = LLM_Select(ut, P) € {C1,...,Cr} (8)
The operational mapping then becomes:
Joutd © (ug, Cr, H) = 75.dj.my(6) )

A.2 Dynamic User Preferences Adaptation

For each user p;, their dialogue history contains
two environment-specific preference contexts:

G =A{C,C} (10)
where e and e represent distinct environmental
states. Given real-time sensor data S;, advanced
systems dynamically select the relevant context:

C; = LLM_Select(S;,C;) € {C[,C?} (11)
The operational mapping then becomes:
fayn : (ut,Clt,H, St) — ri.dj.my(6) (12)

B Dataset Details

B.1 Virtual Environment Details

This section provides comprehensive statistics on
our virtual environment. Table 5 provides a de-
tailed overview of all rooms in the virtual environ-
ment, along with the corresponding devices located
within each room. Table 6 presents a complete list
of devices and their associated executable methods,
detailing the executable methods available for each
device. These tables provide a comprehensive un-
derstanding of the virtual environment’s layout and
the operational interfaces of devices.

B.2 Commands Generation Details

In this section, we detail the specific prompts used
for guiding the LLMs to generate user commands.
Table 8 presents the prompt designed for generating
the complete and most clear (Le 1) user commands.
Additionally, the system prompts used for gener-
ating higher-elliptical commands are provided in
Table 9. We also provide an example of device
methods description in the prompt in Table 11.

C Experiments

C.1 Implementation Details of Baselines

For SAGE and Sasha, we use the framework pro-
vided by Rivkin et al. (2024). Since SAGE and
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Room Name

Devices

Master Bedroom
Guest Bedroom
Living Room
Dining Room
Study Room
Kitchen
Bathroom
Balcony

Store Room

light, air_conditioner, heating, fan, air_purifiers, aromatherapy, trash, humidifier, dehumidifiers, tv
light, air_conditioner, heating, fan, air_purifiers, trash, humidifier, dehumidifiers, tv
light, air_conditioner, heating, fan, air_purifiers, aromatherapy, trash, humidifier, dehumidifiers, media_player
light, fan air_purifiers, humidifier, dehumidifiers, trash
light, air_conditioner, heating, fan, air_purifiers, humidifier, dehumidifiers, trash, aromatherapy
light, fan, trash, water_heater
light, heating, trash, water_heater
light, aromatherapy, trash, media_player
light, air_purifiers, humidifier, dehumidifiers

Table 5: Distribution of devices across all rooms in the virtual environment.

Device Name

Methods

light turn_on; turn_off; set_brightness; set_mode
air_conditioner turn_on; turn_off; set_temperature; set_mode; set_fan_speed; set_swing;
heating turn_on; turn_off; set_temperature; set_mode; set_fan_speed

fan turn_on; turn_off; set_speed; set_swing

air_purifiers
water_heater
media_player

turn_on; turn_off; set_mode; set_fan_speed
turn_on; turn_off; set_temperature; set_mode
turn_on; turn_off; play; pause; stop; set_volume; set_song; set_artist; set_style

trash pack

aromatherapy turn_on; turn_off; set_intensity; set_interval
humidifier turn_on; turn_off; set_intensity; set_mode
dehumidifiers turn_on; turn_off; set_intensity; set_mode

tv turn_on; turn_off; set_volume; change_channel,

Table 6: List of devices and their associated executable methods in the virtual environment.

Sasha require the LLM to possess the capability
of tool calling, and only Qwen2.5 supports native
function-call ability among open-source LLMs, we
conducted evaluations on the Qwen2.5 series.

SAGE As a central hub, SAGE interfaces with
multiple specialized tools: smart_device_tool for
device control, memory_tool for command his-
tory, and weather_tool for environmental data
collection. The smart_device_tool, functioning
as an independent intelligent agent, provides es-
sential device management functions including
get_methods(), list_devices(), list_rooms(), and ex-
ecute_command(). Based on these multiple tools,
SAGE dynamically generates prompt trees and
toolchains to handle user commands. To opti-
mize system performance, we have streamlined
the toolset by removing non-essential components
such as code tools and external interaction capabil-
ities, thereby reducing potential interference with
the model’s decision-making process.

Sasha An intelligent agent designed for smart
home control. It communicates with devices using
JSON format and integrates memory and environ-
mental data to enhance device control capabilities.

Sasha uses its plan generation tool to generate high-
quality action plans for under-specified user com-
mands. Once the agents complete their operations,
we verify the success of the execution by check-
ing the final state of the devices. In contrast with
Sage, Sasha only has ReAct-style (Yao et al., 2023)
planner tool while Sage has multiple tools such as
smart_device_tool, memory_tool, and so on.

Zero-Shot Prompting We utilize the same
prompt as the In-Context Learning prompt but re-
move the examples and incorporate specific format
requirements. In this approach, the model does not
have access to the user’s dialogue history.

In-Context Learning We provide the prompt
used in In-Context Learning in Table 10. For each
level of elliptical commands, we include one il-
lustrative example. In this approach, the model
does not have access to the user’s dialogue history
neither.

RAG We implement retrieval-augmented gener-
ation using vector database. All user commands
and the corresponding generated device operations
are stored in a database. The user’s current in-
struction is used as a query to search through the
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Error Type User Command

Generated (red) / Golden (green)

“«

Room Missing , please! ...

light.turn_on(), light.set_mode(*‘cool white”)
bathroom.light.turn_on(),
bathroom.light.set_mode(*“‘cool white”)

Room Error “Hey, can you handle the

setup? living_room.aromatherapy.turn_on(),
living_room.aromatherapy.set_intensity(80)
balcony.aromatherapy.turn_on(),

balcony.aromatherapy.set_intensity(0)

Parameter Miss- “Hey, could you manage that
ing cussed?”

thing we dis-

dining_room.trash.pack()
dining_room.trash.pack(18:46)

Parameter Error
9

“Could you make sure the humidifier is off by

guest_bedroom.humidifier
turn_off(“23:30”)
guest_bedroom.humidifier
.turn_off(23:30)

Ignoring History
5

History: “Could you have the air conditioning

kick ...”
Hist. resp.:

“Hey, can you handle that thing with the

guest_bedroom.air_conditioner
.turn_on(07:00)
guest_bedroom.air_conditioner
turn_on(07:13)

Table 7: Five representative error types in PEC-Home: Room Missing, Room Error, Parameter Missing, Parameter

Error, and Ignoring History. The core component mentioned in user commands is shown in

, the error

response generated by LLMs is shown in red, and the golden answer is shown in green.

dialogue history, with a fixed setting of topk =
3 for all experiments. To evaluate the impact of
preloaded irrelevant memory, we additionally col-
lected fifty natural language instructions from users
and randomly introduced 5, 10, and 20 of these as
irrelevant memory.

C.2 Metrics
F1 is calculated as follows:

operation_cor rect_num

Precision = - (13)
operation_pred_num
Recall — operati(.)n_correct_num (14)
operation_gold_num
Fl—9 Precision - Recall (15)

" Precision + Recall

Here, Precision measures the proportion of cor-
rectly predicted operations out of all predicted op-
erations, while Recall measures the proportion of
correctly predicted operations out of all ground
truth operations.

In contrast to F1, Execution Accuracy (EA) is
measured by extracting the operations generated
by the model without requiring the model’s out-
put format to be strictly correct. (In this paper,
the model is required to enclose its generated in-
structions within { }; however, for EA calculation,
we consider whether the generated operations are
functionally correct, assuming format issues can be

addressed as an engineering problem later.) For F1,
we apply a stricter requirement that the format of
the generated instructions must also be correct.

Execution Accuracy (EA) assesses the functional
correctness of model-generated operations without
enforcing strict output formatting. In this work, al-
though models are instructed to enclose generated
instructions within curly braces ({}), EA consid-
ers only whether the predicted operations would
achieve the user intended operation execution in
the environment, treating syntactic inconsistencies
as engineering issues that can be addressed post
hoc. In contrast, F1 applies a more strict criterion
where outputs must not only be functional correct
but also strictly adhere to the prescribed format.

This two-tiered evaluation strategy enables a nu-
anced analysis by decoupling semantic understand-
ing from surface-level formatting compliance. EA
reflects the model’s core capacity to interpret natu-
ral language instructions and identify appropriate
device operations, independent of format errors.
Meanwhile, F1 captures practical deployability by
measuring conformity to interface standards re-
quired for downstream execution. The combination
of these metrics provides a more comprehensive
assessment of the model’s core interpretation ca-
pabilities and practical utility, enabling evaluation
of both its semantic understanding and its ability
to generate outputs suitable for real-world deploy-
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ment.

C.3 Implementation Details

The experiments with open-source models were
conducted on NVIDIA A100 GPUs and NVIDIA
A800 GPUs. For GPT-40, we utilized the APIs pro-
vided by OpenAl. When fine-tuning Qwen2.5-7B-
Instruct, we performed the fine-tuning experiments
on NVIDIA A800 GPUs using the LoRA (Low-
Rank Adaptation) (Hu et al., 2022) technique. The
hyperparameters for LoRA are configured as fol-
lows: =16, lora_alpha=32, learning_rate=1e-
5.

D Error Analysis

We conduct a comprehensive error analysis to iden-
tify the challenges in interpreting progressively el-
liptical commands. Inspired by Yin et al. (2024);
Yu et al. (2018), we categorize five representative
error types, as shown in Table 7. To ensure ac-
curacy beyond automated metrics and provide a
quantitative understanding, we conducted a manual
root-cause analysis on 100 randomly sampled error
cases from the Qwen2.5-7B (RAG) results. The
distribution of the primary failure modes is detailed
below:

Ignoring History (38%): The most frequent
error. It occurs when the model fails to leverage
dialogue history retrieved from the database. The
model treats the elliptical command in isolation,
failing to retrieve entities (e.g., air conditioner) or
states established in previous turns.

Room Missing (22%): Occurs when user in-
structions specify a device’s operation but omit its
location. The operation is correct, but the model
fails to infer the spatial context (e.g., outputting
turn_on without specifying bedroom).

Room Error (17%): Occurs when the model
infers the wrong room due to ambiguous context
switching.

Parameter Error (13%): Involves incorrect pa-
rameter formatting or value assignment. While
some type conversions (e.g., string to integer)
might seem trivial, models often hallucinate for-
mats (e.g., generating “11:30 PM” instead of the re-
quired “23:30”) or misinterpret vague values (e.g.,
“a bit warmer”). In strict API-based home automa-
tion, adhering to the exact schema is critical; a
“close enough” parameter usually results in execu-
tion failure (API Error). Thus, strictly capturing
these as errors is vital for evaluating an agent’s

robustness.

Parameter Missing (10%): Results from in-
complete parameter extraction for device opera-
tions.

It is important to note that structural formatting
errors are not separately categorized in this analy-
sis. This is because, during the Execution Accuracy
(EA) calculation, models’ responses that are oper-
ationally correct but have syntax-level formatting
errors are still considered correct. Such common
structural errors include missing the required curly
braces {} for function-call style operations, or the
erroneous use of other delimiters such as single
quotes ¢ ’ or angle brackets <>. This leniency
strictly applies to the outer syntax, whereas API
parameter values must remain precise as discussed
above.

SAGE (Multi-User Pref.)
60 - 60~

SAGE (Dynamic User Pref,)

2
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\ 20+ \
A\* |
0= \:§/§ 0= \A A‘>’:‘

Ellipsis Level Ellipsis Level
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Figure 5: Execution Accuracy of SAGE on Qwen2.5-
7B-Instruct across varying amounts of preloaded mem-
ory in multi-user preferences and dynamic user prefer-
ences scenarios. ‘Mem number’ indicates the amount
of preloaded irrelevant memory.

RAG (Multi-User Pref,)
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Figure 6: Execution Accuracy of RAG on Qwen2.5-
7B-Instruct across varying amounts of preloaded mem-
ory in multi-user preferences and dynamic user prefer-
ences scenarios. ‘Mem number’ indicates the amount
of preloaded irrelevant memory.
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Act as a homeowner interacting casually with a smart home assistant. Your task is
to generate natural language commands that you would use to instruct your virtual
assistant. A clear command should include the device, operation, room, and trigger
time or setting and you should ensure that the command you generated should
have those four parts. You should incorporate the environment parameters, and the
generated command should correlate with the environment. Remember, you are the
user issuing commands, not the assistant responding. Ensure your commands are
varied and reflect how a real person would naturally communicate with their virtual
assistant. You just need to generate one command.

<examples>

Here are some examples:

device : dehumidifier

required instruction : <turn_on(06:53)>

given persona : <my mom is my best friend. I have four sisters. I believe that
mermaids are real. i love iced tea.>

environment parameters : <“humidity”: 70>

respond content: <“Hey, can you turn on the dehumidifier in the living room at
6:53, please? It’s getting a bit too humid in here. Thanks!”>

</examples>

required instruction :
given persona :
environment parameters :
respond content :

Table 8: The prompt used to guide LLM to generate the most clear (Lv1) user commands. The illustration of the
manually defined ellipsis level is shown in orange and a few shots are shown in blue.

RAG (Multi-User Pref.) RAG (Dynamic User Pref.)
100 = 100 =
4
AN‘ IA\" Multi-User Pref. Dynamic User Pref.
100 - 100 -
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A ~ T T N———
80 - 804
5 60- 60 - \
Al
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40 - - 40 -
%e\* N

4

40 -
20 = T | T 20 = T i T
1 2 3 4 1 2 3 4

Ellipsis Level Ellipsis Level 0 7\/\/\/\/\/\/\ o W
B MemO [l Mem5 [l Mem10 [l Mem20
;0 4‘U Gb Bb 160 |2‘0 IAO 1(‘70 |é0260 2‘0 4‘0 6‘0 8‘0 |60 liU I“OO |(‘>0 lé‘iUZl‘JO
Figure 7: Execution Accuracy of RAG on Gemma2-9b- N
it across varying amounts of preloaded memory in multi-
user preferences and dynamic user preferences scenar- Figure 8: Execution Accuracy of Gemma2-9b-it model
ios. ‘Mem number’ indicates the amount of preloaded 1N test dataset under different training steps.

irrelevant memory.
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The system prompt used for generating Lv2 user commands:

Act as a homeowner interacting casually with a smart home assistant. You have
given a full command, specifying the operation, device, and room. Then, follow
up with shorter commands that assume context, using natural language and varying
sentence structures. You should exclude the room in your commands, while still
specifying the operation, device, and trigger time/settings. The chat history is provided
below. Remember, you are the user issuing commands, not the assistant responding.
Ensure your commands are varied and reflect how a real person would naturally
communicate with their virtual assistant. You just need to generate one command.

The system prompt used for generating Lv3 user commands:

... The third command should be a more vague version compared to the second
command, using natural language and varied sentence structures. In that command,
you should not include the room, and ensure that the trigger time or setting remains
ambiguous. Additionally, make the operation itself somewhat ambiguous, based on
the second command. Assume the assistant has interacted with the user multiple
times and has learned their preferences and habits. The chat history is provided below.

The system prompt used for generating L.v4 user commands:

... The fourth command should be the most vague version compared to the others,
using natural language and varied sentence structures. This time, you should avoid
including the operation, room, or trigger time/setting in the command, and only
reference the device. Assume the assistant has interacted with the user multiple times

and has learned their preferences and habits. The chat history is provided below. ...
. J

Table 9: The prompts used to guide LLM to generate user commands of other ellipsis levels. The illustration of
manually defined ellipsis levels is shown in orange.
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You are a helpful Al Assistant that controls the devices in a house. Complete the
following task as instructed or answer the following question with the information
provided only. The devices and the methods devices possess are provided below,
please only use the methods provided. Only output assistant instructions and enclose
them in {}. Please ensure that any parameters involving time are expressed in a
24-hour format. For example: Use 14:00 to represent 2:00 PM, not 2:00 PM. Use
08:30 to represent 8:30 AM, not 8:30 AM.

<device_method>

The following provides the methods to control each device in the current house.

. (Device methods, Table 11 shows an example.)

</device_method>

<example>

Here are a few examples, your output format should be consistent with the results
provided in the example:

user_instruction: “Hey, can you turn on the air conditioner in the study room and
set the temperature to 23 degrees? I’m getting ready to finalize some paperwork from
my recent fair, and I need a comfortable spot to focus.”

assistant_instruction: study_room.air_conditioner.turn_on(),

study_room.air_conditioner.set_temperature(23)

</example>

<environment>

The following provides the environment information of the current room.
</environment>

Here are the user instructions you need to reply to.
user instructions :

assistant_instruction :
- Y,

Table 10: The prompt used to guide LLM to generate device operation using In-Context Learning. Few shots are
shown in blue.

light

light.turn_on(time: Optional[str] = None, format: ‘%eH:%M’);
light.turn_off(time: Optional[str] = None, format: ‘%H:%M’);
light.set_brightness(brightness: int) (range: 0 — 4);

light.set_mode(mode: str) (options: [“soft warm”, “neutral”, “cool white”, “daylight”,

“cool”]);
- J

Table 11: Examples of home device methods.
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