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Abstract

While integrating external tools into large lan-
guage models (LLMs) enhances their ability
to access real-time information and domain-
specific services, existing approaches focus
narrowly on functional tool selection follow-
ing user instructions, overlooking the context-
aware personalization in tool selection. This
oversight leads to suboptimal user satisfac-
tion and inefficient tool utilization, particularly
when overlapping toolsets require nuanced se-
lection based on contextual factors. To bridge
this gap, we introduce ToolSpectrum, a bench-
mark designed to evaluate LLMs’ capabilities
in personalized tool utilization. Specifically,
we formalize two key dimensions of person-
alization, user profile and environmental fac-
tors, and analyze their individual and syner-
gistic impacts on tool utilization. Through
extensive experiments on ToolSpectrum, we
demonstrate that personalized tool utilization
significantly improves user experience across
diverse scenarios. However, even state-of-the-
art LLMs exhibit the limited ability to reason
jointly about user profiles and environmental
factors, often prioritizing one dimension at the
expense of the other. Our findings underscore
the necessity of context-aware personalization
in tool-augmented LLMs and reveal critical
limitations in current models. Our data and
code are available at https://github.com/
BUAA-IRIP-LLM/ToolSpectrum.

1 Introduction

Integrating external tools into large language mod-
els (LLMs) enables them to transcend inherent
knowledge boundaries by dynamically accessing
specialized functionalities, driving unprecedented
progress in task automation and problem-solving
(Wang et al., 2024a; Qin et al., 2024; Qu et al.,
2025; Lin et al., 2024; Wang et al., 2024c; Qian
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Gender: Male Height: 174 Age: 15 Profession: Student, …
Preferences: Prefers budget-friendly options, seeks lowest prices, 
compares brands for best deals.

I need to book a flight to Xian, could you help me book the tickets?

Weather: Thunderstorm Time of Day: 9:00 Date: 2024-08-07, ….
Domain Policy: Users under 18 cannot independently purchase intercity 
or long-distance tickets (e.g., flights, trains) and must be accompanied by 
an adult or obtain guardian consent.

Ctrip: bookTicket(#from=beijing, #to=xian, #ticketType=one-way, #count=1,
#transportation=flight, #seatType=economy class)
Explaination: The user is a 15-year-old student with limited financial capacity,
therefore, the economy class ticket is more affordable and cost-effective.

Apps: Ctrip: An integrated software that can be used for renting cars, 
booking tickets for outings, and booking hotels. Tmall: …, …
APIs: rentCar(), bookTicket(), bookHotel()
Arguments: #from, #to, #ticketType, #shippingAddress, #category, …

User Instruction

User Instruction +

According to domain policy and profile information, you are not authorized to
book ticket.

User Instruction +

User Instruction +

Ctrip: bookTicket(#from=beijing, #to=xian, #ticketType=one-way, #count=1, #tr
ansportation=train)
Explaination: The user should take the train as it is safer and more reliable in th
understorm weather, avoiding delays and risks.

Profile

Env.

Tools

Figure 1: An example from our proposed
ToolSpectrum, illustrating the effects of user
profile and environment on personalized tool uti-
lization. This illustrates three distinct scenarios,
considering profile-only , environment-only , and

combined profile and environment factors .

et al., 2025). Recent researches demonstrate the
effectiveness of this integration in diverse domains,
including travel planning (Xie et al., 2024), on-
line shopping (Yao et al., 2022), and knowledge
acquisition (Wang et al., 2023a; Lin et al., 2024;
Wang et al., 2025). However, current research lacks
consideration for toolsets with overlapping func-
tionalities and primarily focuses on selecting the
tool to complete the user’s instruction solely (Wang
et al., 2024b; Qian et al., 2024; Ning et al., 2024).
This approach overlooks the reality that numerous
tools with similar capabilities exist, each capable of
achieving the same objective, which needs LLMs
integrating contextual factors during the tool uti-
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lization to significantly enhance user experience
(Liang et al., 2006; Lex and Schedl, 2022; Zhang
et al., 2024b).

It is crucial to recognize that users with differ-
ent contexts prefer to utilize different tools when
aiming to achieve the same objective (Burke and
Reitzes, 1981). As illustrated in Figure 1, when
a user prioritizes budget-friendly options, the sys-
tem should recommend an economy class flight
ticket as the most suitable option. Besides, sup-
pose environmental factors, such as thunderstorms,
make air travel unsafe. In that case, the system
should suggest a train ticket as a safer alternative,
providing the user with an explanation for this rec-
ommendation. Additionally, the system may face
further constraints when considering user profiles
and environmental factors. For instance, if the user
is a minor and domain policies require guardian
consent for ticket bookings, the system must re-
strict the purchase and prompt the user to provide
authorization from a guardian. This demonstrates
that LLMs must move beyond simple tool selection
and instead develop user-centric intelligence. Such
intelligence would allow LLMs to understand the
user’s context and make more appropriate, person-
alized tool utilization.

To this end, we develop ToolSpectrum, a novel
benchmark designed for evaluating personalized
tool utilization capabilities of LLMs, which is con-
structed through a three-stage methodology. Specif-
ically, we first collect commonly used Apps and
APIs from high-frequency user scenarios and manu-
ally introduce alternative Apps or APIs with similar
functionalities but tailored to meet the needs of dif-
ferent contexts (i.e., Temu1 and Amazon). Next, we
identify two critical factors influencing personal-
ized tool utilization: user profile and environment.
These factors have been widely discussed in pre-
vious personalization studies (Zhang et al., 2018;
Mao et al., 2024; Hui et al., 2024; Salemi et al.,
2024), and are known to have a significant impact
on human behavior patterns (Allport, 1937; Hall,
1969; Mischel, 1996). Finally, we simulate real-
world user instructions and tool call results, con-
sidering the toolset, user profile, and environment,
leading to the final ToolSpectrum, the comprehen-
sive benchmark for personalized tool utilization.

We further investigate the impact of personal-
ization on tool utilization through extensive ex-

1Temu is the competitor of Amazon with mostly lower
prices.

Datasets Profile Environment Both Tool
PersonaChat (Zhang et al., 2018) ✓ ✗ ✗ ✗

CharacterEval (Tu et al., 2024) ✓ ✗ ✗ ✗

BARS (Zhu et al., 2022) ✓ ✗ ✗ ✗

LaMP (Salemi et al., 2024) ✓ ✗ ✗ ✗

AI Persona (Wang et al., 2024d) ✓ ✗ ✗ ✗

MovieLens 10M (Rendle et al., 2019) ✓ ✗ ✗ ✗

SocialBench (Chen et al., 2024a) ✓ ✓ ✗ ✗

ToolBench (Xu et al., 2023) ✗ ✗ ✗ ✓

API-Bank (Li et al., 2023) ✗ ✗ ✗ ✓

AgentBench (Liu et al., 2023b) ✗ ✗ ✗ ✓

τ -Bench (Yao et al., 2024) ✗ ✓ ✗ ✓

AgentBoard (Ma et al., 2024) ✗ ✗ ✗ ✓

AppBench (Wang et al., 2024b) ✗ ✗ ✗ ✓

UltraTool (Huang et al., 2024b) ✗ ✗ ✗ ✓

T-Eval (Chen et al., 2024b) ✗ ✗ ✗ ✓

ToolSpectrum (Ours) ✓ ✓ ✓ ✓

Table 1: Comparison between the ToolSpectrum and
other benchmarks, with detailed analysis provided in
Appendix A.1.

periments using ToolSpectrum. The experimen-
tal results reveal two key insights: (1) integrating
personalization into tool utilization significantly
improves its effectiveness, and (2) current LLMs
generally underperform on the task of personalized
tool utilization.

Overall, the contributions of this paper are as
follows:

• To the best of our knowledge, we are the first
to define personalized tool utilization, which
proposes a new challenge: current LLMs focus
solely on planning tools that fulfill user instruc-
tions without considering personalization to se-
lect the most suitable tool.

• To mitigate this challenge, we propose
ToolSpectrum, the first benchmark designed to
evaluate personalized tool utilization capabilities
of LLMs considering user profiles, environment,
and their joint effects.

• We conduct extensive experiments and analysis
based on ToolSpectrum. Results demonstrate
that incorporating personalization into tool uti-
lization significantly improves its effectiveness.
However, existing LLMs struggle with this new
task, particularly with more personalized factors
considered.

2 Related Work

2.1 Tool Learning Benchmarks
Integrating external tools into LLMs leads to signif-
icant advancements in their capabilities, enabling
them to perform complex real-world tasks. For
instance, tools such as retrievers and calculators
enable them to address challenges related to fac-
tual accuracy and computation, thereby broadening
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their potential applications (Mialon et al., 2023;
Qin et al., 2024). Therefore, evaluating how ef-
fectively LLMs utilize these tools becomes a key
research focus. Existing benchmarks primarily as-
sess general tool execution performance, including
the interaction capabilities of LLMs with tools (Qin
et al., 2023; Liu et al., 2023b; Huang et al., 2024b;
Li et al., 2023), planning and reasoning capabilities
with tools (Han et al., 2025; Wang et al., 2024b;
Huang et al., 2024b; Chen et al., 2024b), as well as
the models’ resistance to hallucinations and robust-
ness in tool utilization (Zhang et al., 2024a; Huang
et al., 2024c; Ning et al., 2024; Zhan et al., 2024;
Ye et al., 2024). However, existing benchmarks
overlook the presence of the toolset with overlap-
ping functionalities. They typically select the tool
to complete the user’s instruction solely, without
considering how user profiles and environmental
factors could influence the selection of the most
effective tool. To mitigate this gap, we introduce
ToolSpectrum, which explicitly considers the im-
pact of user profiles and environmental factors on
tool utilization.

2.2 Personalized LLMs

Personalization has long been a core of research in
domains such as dialogue systems and recommen-
dation systems, where its ability to enhance user ex-
perience and satisfaction is well-established (Ado-
mavicius and Tuzhilin, 2005; Geng et al., 2022). A
significant portion of this research focuses on per-
sonalizing content to match users’ preferences, par-
ticularly through personalized recommendations
(Dai et al., 2023; Du et al., 2024; Hou et al., 2024;
Liu et al., 2023a), tailored search results (Spathari-
oti et al., 2023; Joko et al., 2024; Zhou et al., 2024),
dialogue systems (Shi et al., 2023; Liu et al., 2022),
and content generation tasks (Zhang et al., 2023).
However, these approaches tend to focus mainly
on user profiles, often overlooking the influence
of environmental factors on personalization, such
as natural and digital environments or real-world
constraints that could further refine personalization.
Another promising direction is the role-playing ca-
pabilities that enable models to adopt specific per-
sonas or professional roles. This paradigm allows
LLMs to deliver context-sensitive interactions such
as providing emotionally nuanced support (Wang
et al., 2023b) or professional assistance across var-
ious fields, including finance (Liu et al., 2023c),
health (Liu et al., 2023d), and education (Gonzalez
et al., 2023). Generally, while significant progress

has been made in personalized LLMs, current ap-
proaches still haven’t explored the potential of in-
tegrating tool learning. Table 1 presents a detailed
comparison of existing benchmarks.

3 ToolSpectrum: Towards Personalized
Tool Utilization

To accurately evaluate the ability of LLMs to uti-
lize tools in a personalized way, we introduce
ToolSpectrum, the first benchmark that considers
both user profiles and environmental factors. In
this section, we first provide a formal definition
of personalized tool utilization and then describe
our data collection pipeline, designed to efficiently
and effectively gather the necessary information
for evaluation.

3.1 Task Definition

The personalized tool utilization model processes
user instruction I through a mapping function
t = Model(I,P, E , T ), where P = {(ki, vi)}mi=1

represents user profile attributes (e.g., age, gender),
E = {(kj , vj)}nj=1 represents environmental con-
text (e.g., location, network condition), and T rep-
resents toolset. The output t is structured as a dictio-
nary {APP 7→ a,API 7→ s,RP 7→ r,OP 7→ o}
with four compulsory keys: APP specifies the
target application, API determines the service in-
terface, RP (Required Parameters) extracts manda-
tory arguments from I , and OP (Optional Parame-
ters) provides personalized parameters based on P
and E . If the user’s instruction I , when taking into
account both the user profile P and the environ-
mental context E , violates the target application’s
policy, the system should return t = None to com-
ply with the policy.

3.2 Data Collection

As shown in Figure 2, we implement rigorous con-
struction steps to ensure the high quality and di-
versity of ToolSpectrum. (a) Toolset Collection
(§3.2.1), (b) Profile and Environment Collection
(§3.2.2, §3.2.3), (c) Tool-call Result Collection
(§3.2.4) and (d) Quality Assessment (§3.2.5).

3.2.1 Toolset Collection
To cover diverse user instructions and applications,
we identify 9 commonly used application domains
based on previous studies (Guo et al., 2024; Wang
et al., 2024b) and app analysis from App Store2

2https://apps.apple.com/us/charts
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Filtered Profile Database

(d) Quality Assessment (c) Tool-call Result Collection(b) Profile and Environment Collection(a) Toolset Collection

Domains

APPs

APIs

RP OP
#category
#searchQuery
#count
#paymentMethod

#bodySize
#priceRange
#gender
#prederence

getProductList()
buyProduct()

......

......

......

Nature Env
Digital Env
Domain policy

Sample from Seed Data

Environment Database

Raw Profile Database

Demographics
Personality
Preference

Seed Data ToolSet

ToolSpectrum

Scoring

Instruction
Collection

Manual
Assessment

Tool Result
Collection

Automatic
Assessment

Figure 2: The overall construction process of ToolSpectrum, including (a) Toolset Collection, (b) Profile and
Environment Collection, (c) Tool-call Result Collection, and (d) Quality Assessment.

3. These domains include shopping, entertainment,
travel, delivery, grocery, knowledge, news, health
and finance. In each domain, we leverage GPT-4o
to generate initial designs for Apps and APIs with
similar functions. We then manually curate the out-
puts, refining them with additional enhancements
to ensure high quality. For example, in the shop-
ping domain, users can choose between Amazon
or Temu at the APP level to meet the same shop-
ping needs. In the travel domain, users can choose
different APIs within the Ctrip4 to search for train
or flight tickets. We also design corresponding RPs
and OPs for each API to meet the reality and di-
verse user needs, following existing works (Wang
et al., 2024b). The collected toolset is denoted as
T , and all Apps and APIs are listed in Table 7.

3.2.2 Profile and Environment Definition
To model the relationship between user profiles,
environments, and personalized tool utilization, we
need to create a database that captures both user
profiles and environmental factors. In this section,
we start with a comprehensive definition of both of
these personalized factors.

Profile Definition. Inspired by previous person-
alization studies in other fields (Zhang et al., 2018;
Wang et al., 2024d), we categorize existing user
attributes into three major field: demographics, per-
sonality, and preference.

• Demographics: This field includes fundamental
user information, presented as key-value pairs,

3https://play.google.com/store/apps
4Ctrip is a comprehensive app that offers fast booking for

rooms, tickets, and a variety of other travel services.

including gender, age, weight, height, profession,
education background, and income level. These
details significantly influence the user’s daily
app usage behaviors. For instance, height and
weight may affect a user’s clothing size choices
when shopping, and income level could deter-
mine price sensitivity.

• Personality: This field outlines the user’s in-
terests, expressed in natural language. These
interests play a key role in shaping app usage
behavior. For example, users who enjoy fitness
and healthy living (e.g., “Users enjoy exercising
regularly.") might frequently use health-tracking
apps like MyFitnessPal or Strava.

• Preference: This field captures the user’s histor-
ical interactions with apps, described in natural
language. E.g., “Users tend to use Amazon for
shopping." In many cases, users prefer to stick
with familiar apps, even if these are not always
the best fit for their needs.

Environment Definition. To ensure efficient tool
utilization, it is essential to consider environmental
factors. We identify three main types: the natu-
ral environment, the digital environment, and App
domain policies (Yao et al., 2024).

• Natural Environment: This refers to the real-
world context in which the user is situated, rep-
resented as key-value pairs, including weather,
date, time, and location. These factors can di-
rectly or indirectly influence the result of tool
utilization, particularly in scenarios that require
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interaction with the physical world. For exam-
ple, weather conditions may affect the mode of
transportation a user chooses.

• Digital Environment: This refers to the network
and technological context of the user’s device,
represented as key-value pairs, such as network
condition and device-specific configurations. For
example, if a user has a slow or unstable net-
work connection, the system might reduce image
quality or preload content to ensure smoother
performance and a better user experience.

• App Domain Policy: These are the specific pol-
icy rules for each app, described in natural lan-
guage. They refer to regulations that govern the
use of a particular app. For example, a policy
might prohibit users under 18 from purchasing
goods over 10,000 dollars without parental ap-
proval or offer discounted train tickets for chil-
dren shorter than 1.2 meters.

3.2.3 Profile and Environment Collection
This section describes the construction of the pro-
file and environment database. We implement a
two-stage database generation methodology.

Seed Data Acquisition Establishing seed data
enhances the controllability and transparency of
data generation by predefining parameter ranges.
We gather seed data for profiles and environments.
For profiles, we use GPT-4o to generate value
ranges for a part of demographic attributes (e.g.,
income, profession) and keywords for personality
traits and preferences. For environments, we col-
lect real-world weather data and manually define
value ranges for natural and digital environments.

Profile and Environment Generation Given the
seed data, we construct the database as follows:

• Profile. For demographics, we sample age,
height, and weight from a normal distribution
for realistic representation and randomly select
other demographic attributes (e.g., gender, pro-
fession) from their value ranges. For personality
and preference, which are generated by randomly
combining keywords and processing them with
GPT-4o, using prompt templates shown in Fig-
ures 8, 9, 10 to produce natural language descrip-
tions. This yields the initial profile database.

• Environment. We sample parameters for both
natural and digital environments from seed data

and design domain-specific policies to represent
daily life. This process results in an environment
database, denoted as E .

Quality Control. For the profile, we employ a
two-stage quality control process. First, GPT-4o
automatically evaluates each profile, assessing De-
mographic Coherence and Preference Alignment.
The scoring range is from 1 to 10. We discard
profiles scoring below 8. Second, we manually re-
view the remaining profiles to finalize the profile
database P . For the environment, since we care-
fully considered the relationships between various
features during the sampling process, no further
quality control is needed.

3.2.4 Tool-Call Result Collection
The setup for ToolSpectrum is completed in the
previous section. This section will focus on de-
veloping the user’s instructions and corresponding
personalized tool-call results.

Instruction Collection. To enhance the diver-
sity and controllability of user instructions, we
first manually construct a database of RP for each
API, which serves as seed data, as shown in Ta-
ble 6. Then, we use the seed data samples from
this database and predefined toolsets T as input for
GPT-4o, which generates instructions within each
API denoting as I = {Ii}. The prompt template
used in this process is shown in Figure 12.

Tool Result Collection. Given the user instruc-
tion, we aim to investigate the effects of user profile,
environment, and their combined influence on per-
sonalized tool utilization. Specifically, we input the
user instruction I ∈ I, predefined toolsets T , and
either a user profile p ∈ P , an environment e ∈ E ,
or both into GPT-4o to obtain the corresponding
tool call results. This process generates three dis-
tinct datasets: Profile, Environment, and Profile
& Environment, with the prompt template shown
in Figure 13.

3.2.5 Quality Assessment
To enhance data quality, we first use GPT-4o to
score each data sample across three dimensions:
(1) whether the tool call result met the user’s needs,
(2) whether the result aligned with the user’s pro-
files, and (3) whether it matched the environmental
factors (Liu et al., 2020). The scoring range is
from 1 to 10, and the prompt template is shown
in Figure 14. We then exclude data points with an
average score below 8, removing 21.8% of the data.
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Statistic Profile Environment Both

# Samples 450 220 330
# Domains 9 9 9
# APPs 22 22 20
# APIs 39 40 33

Profiles 158 - 62
Environments - 87 122
Avg. Params 4.36 9.34 9.45
Avg. RPs 3.05 2.55 2.78
Avg. OPs 1.31 6.79 6.67

Table 2: The data statistic of ToolSpectrum. ‘Both’
refers to Profile & Environment.

Subsequently, we randomly sample 50 data points
from each domain and manually scored them on the
same 1 to 10 scale. After manual evaluation, the av-
erage score of the filtered data was 8.7, confirming
its high quality.

3.3 Data Statistic

Overall, as Table 2, ToolSpectrum includes 9 do-
mains, featuring 23 APPs, 42 APIs, and a total
of 34 required parameters, 22 personalized param-
eters, and 7 environmental parameters at the pa-
rameter level and these parameters are mutually
exclusive and non-overlapping, ensuring clear dis-
tinction and no redundancy between categories. De-
tailed information is provided in the appendix A.
ToolSpectrum consists of three types of data: Pro-
file, Environment, and Profile & Environment, with
450, 220, and 330 data, respectively.

4 Experiments

4.1 Setup

Models. We select two types of models
for evaluation: Open-source and API-based.
Specifically, the Open-Sourced models include
the Qwen series (Team, 2024), LLaMA se-
ries (AI@Meta, 2024), Mistral series (Jiang
et al., 2023) and GLM series (GLM et al.,
2024), while the API-Based models include
OpenAI GPT API5 (gpt-3.5-turbo-16k-0613,
gpt-4o-20241120), and Anthropic Claude API6

(claude-3.5-sonnect-20241022).

Implementation Details. For all models, we
set the temperature and top-p to 0.1 to mini-
mize stochastic variations in the output, ensur-
ing a consistent evaluation of model performance.
Open-source models are evaluated on NVIDIA

5https://chatgpt.com/
6https://anthropic.com/

A800 GPUs, while API-based models are assessed
through direct API calls to OpenAI and Anthropic.

Evaluation Metrics. This paper follows prior
research and employs the F1 score as the primary
evaluation metric (Wang et al., 2024b; Xiao et al.,
2024). In particular, we independently compute
the F1 score across four distinct hierarchical levels:
APP , API , RP , and OP to assess the model’s
personalized capabilities at a more granular level.

4.2 Main Results
Table 3 shows the result of different LLMs for
user instructions with Profile, Environment, and
Profile & Environment types on ToolSpectrum.
Several conclusions can be drawn from the results.

Closed-source models generally surpass open-
source models; increasing model size yields dimin-
ishing returns in complex scenarios. GPT-4o
and DeepSeek-R1 achieve the best overall perfor-
mance, yet it scores only 0.50 on the OP metric for
tasks involving Profile & Environment instructions,
highlighting the difficulties posed by such tasks.
Models like DeepSeek-V3 and QwQ-32B perform
similarly to GPT-4o on certain metrics, reducing
the gap between open and closed-source models.
Importantly, scaling up model size does not signif-
icantly improve personalized tool utilization. For
instance, Qwen2.5-72B-Instruct shows little im-
provement over Qwen2.5-32B-Instruct, suggesting
that simply increasing model size may not be effec-
tive for complex tasks.

LLMs exhibit varying performance in person-
alization across different levels of granularity;
the coarser the granularity, the better the results.
Specifically, LLMs demonstrate superior perfor-
mance at the APP and API levels compared to
the parameter level, with required parameters yield-
ing better performance than optional parameters at
the parameter level. This is because the model can-
not correctly understand the relationship between
personalized features and corresponding parame-
ters, resulting in a low recall rate, where many
optional parameters are not returned.

The more factors considered in personalization,
the worse the performance. The effects of indi-
vidual conditions tend to outperform the combined
conditions, as the model struggles to effectively
integrate multiple personalized factors simultane-
ously. The trend across the four metrics—APP ,
API , RP , and OP—generally follows: Profile
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Profile Environment Profile & EnvironmentModel
APP API RP PP APP API RP OP APP API RP OP

Open-Sourced
Qwen2.5-3B-Instruct 0.16 0.15 0.12 0.12 0.55 0.53 0.38 0 0.12 0.12 0.23 0.04
Phi-3.5-mini-instruct 0.34 0.30 0.23 0.07 0.48 0.36 0.28 0.01 0.05 0.04 0.15 0
LLaMA-3.2-3B-Instruct 0.31 0.28 0.13 0.06 0.35 0.32 0.15 0 0.09 0.08 0.14 0.02
Qwen2.5-7B-Instruct 0.73 0.71 0.59 0.27 0.66 0.65 0.55 0.03 0.22 0.22 0.46 0.06
LLaMA-3.1-8B-Instruct 0.49 0.77 0.59 0.16 0.54 0.68 0.58 0.02 0.24 0.36 0.55 0.03
Ministral-8B-Instruct-2410 0.50 0.47 0.38 0.12 0.54 0.53 0.41 0.03 0.14 0.15 0.37 0.02
Glm-4-9B-chat 0.69 0.68 0.56 0.13 0.68 0.63 0.57 0.07 0.19 0.19 0.48 0.03
Mistral-Nemo-Instruct-2407 0.42 0.38 0.28 0.12 0.42 0.42 0.29 0.13 0.13 0.07 0.17 0.03
Qwen2.5-14B-Instruct 0.73 0.73 0.61 0.32 0.70 0.81 0.70 0.14 0.24 0.24 0.58 0.13
Qwen2.5-32B-Instruct 0.74 0.76 0.67 0.47 0.77 0.78 0.71 0.14 0.24 0.23 0.60 0.15
LLaMA-3.3-70B-Instruct 0.72 0.78 0.65 0.39 0.70 0.62 0.53 0.25 0.25 0.23 0.59 0.20
Qwen2.5-72B-Instruct 0.77 0.77 0.67 0.50 0.64 0.63 0.60 0.24 0.26 0.24 0.64 0.19
QwQ-32B 0.81 0.80 0.69 0.55 0.70 0.69 0.63 0.31 0.30 0.27 0.68 0.39
Deepseek-V3-671B 0.76 0.75 0.68 0.57 0.74 0.73 0.66 0.47 0.31 0.31 0.70 0.40
Deepseek-R1-671B 0.84 0.84 0.73 0.62 0.80 0.80 0.73 0.53 0.32 0.31 0.69 0.50
API-Based
GPT-3.5-turbo 0.52 0.50 0.40 0.15 0.48 0.47 0.35 0.04 0.22 0.12 0.34 0.02
Claude-3.5-sonnet 0.78 0.78 0.69 0.53 0.75 0.73 0.63 0.47 0.30 0.30 0.67 0.39
GPT-4o 0.80 0.77 0.73 0.52 0.81 0.80 0.74 0.50 0.32 0.30 0.62 0.45
o1-mini 0.82 0.81 0.70 0.60 0.79 0.77 0.65 0.38 0.32 0.32 0.65 0.38

Table 3: The main results of ToolSpectrum. Each number corresponds to different levels of F1 score. Bold denotes
the best score among all models, and underline denotes the best score under the same model scale.

≈ Environment > Profile & Environment. This
finding aligns with our intuition, as scenarios that
consider Profile and Environment separately are in-
herently less complex for the model to process than
those that combine both factors. The performance
gap arises because handling multiple interacting
personalized conditions increases the model’s pro-
cessing complexity, making tool selection more
error-prone. This suggests that the model’s ability
to deliver personalized results is significantly influ-
enced by the complexity of the conditions it must
consider, with simpler, isolated conditions yielding
more accurate and reliable outcomes.

5 Analysis

In this section, we conduct a comprehensive anal-
ysis to answer three research questions RQ1: Is
personalization truly necessary when LLMs utilize
tools? (Sec 5.1) RQ2: What are the differences
in personalized capabilities of LLMs in different
domains? (Sec 5.2) RQ3: What are the bottlenecks
of LLMs in personalized tool utilization, (Sec 5.3)
and can a prompt strategy alleviate it? (Sec B.2
and Sec B.3)

Figure 3: Win rates for personalized vs. non-
personalized settings in GPT-3.5-turbo and GPT-4o.

5.1 The Importance of Personalization in Tool
Utilization

This section investigates how integrating person-
alized factors enhances the effectiveness of tool
utilization. Specifically, we compare the results of
tool utilization with and without personalized in-
formation. We then use GPT-4o to evaluate which
output from the two approaches more effectively
aligns with the user’s contexts, with the prompt
template shown in Figure 15. To ensure robustness,
we supplement the automated evaluation with hu-
man evaluation. We randomly sample 100 outputs
for manual evaluation and calculate the Kappa co-
efficient between GPT-4o’s and human scores. The
Kappa coefficient is 0.85, indicating a very high
level of agreement between the GPT-4o’s assess-
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(a) Profile (b) Environment (c) Profile & Environment

Figure 4: Performance comparison of different models across various domains for three distinct data types.

ments and human evaluations. As illustrated in
Figure 3, two key conclusions can be drawn: (1)
The incorporation of personalized factors improves
the effectiveness of tool utilization. In general, both
GPT-3.5 and GPT-4o show higher effectiveness
when personalization is applied. (2) The effec-
tiveness of personalization increases with model
strength. While both models benefit from personal-
ization, GPT-4o shows a more significant improve-
ment, as more advanced models better understand
the relationship between personalized features and
their corresponding parameters.

5.2 Analysis of Model Performance Across
Various Data Types in ToolSpectrum

To better understand the effects of personalization
across different domains, we analyze the average
performance of four metrics (i.e., APP, API, RP,
and OP). Figure 4 shows the final results. On the
one hand, when considering a single personalized
factor, the model’s performance varies significantly
across domains. The worst performance occurs
in the News domain, whether the model consid-
ers only the user profile or the environment. We
attribute this to the fact that user preferences for
News are primarily derived from natural language
descriptions (personality) in ToolSpectrum. Com-
pared to features represented in key-value pairs,
such descriptions are generally more challenging
to interpret.

On the other hand, when Profile and Environ-
ment are jointly combined, the models perform
worse in the Grocery and Knowledge domains.
This is mainly due to the increased complexity of
policies in these domains. For instance, in the Gro-
cery domain, when individuals with a high BMI7

7BMI is calculated as weight (kg) / height² (m²) and is used
to assess weight status in health and epidemiology.

are advised to avoid purchasing high-sugar and
high-fat foods, the model must first recognize the
policy, then calculate BMI, and finally assess the
nutritional content of the food. This multi-step rea-
soning process significantly increases the difficulty
of understanding and decision-making.

5.3 Error Analysis

We thoroughly analyze the errors generated by
GPT-4o on ToolSpectrum. We identify five main
error categories by randomly sampling 100 error
instances and classifying them based on their under-
lying causes, which are further discussed in §B.5.

Insufficient Understanding of Personalized Fea-
tures and OP (37%) Each optional parameter is
closely related to profile or environment features.
However, when generating the calling results, the
model performs poorly in recalling these parame-
ters, leading to missing corresponding parameters
and affecting the accuracy of the final result.

Lack of Understanding between Profile and En-
vironment (31%) In the Profile & Environment
data type, the model fails to interpret the domain
policy correctly. Despite some instructions violat-
ing the policy, the model still generates and returns
calling results that do not meet expectations, sug-
gesting a lack of understanding or failure to comply
with the given constraints.

Misunderstanding of User Instructions (22%)
This type of error typically occurs when the model
fails to accurately capture the user’s intent, lead-
ing to the selection of an incorrect domain. For
instance, if a user intends to buy groceries but the
model incorrectly suggests a delivery service app,
this misinterpretation causes errors in later steps,
reducing the accuracy and effectiveness of the task.
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6 Conclusion

This paper introduces personalized tool utilization,
which considers functionally similar tools and user-
specific factors to optimize tool utilization in real-
world scenarios. Specifically, we define two critical
factors: user profile and environment, and present
ToolSpectrum, a benchmark designed to evalu-
ate personalized tool utilization. Through exten-
sive experiments conducted on ToolSpectrum, we
demonstrate that incorporating personalized tool
utilization significantly enhances its effectiveness.
However, current LLMs face challenges in perform-
ing effectively on this new task.

Limitations

This paper introduces ToolSpectrum, a benchmark
designed to assess LLMs’ performance in person-
alized tool utilization. However, a major limitation
of this evaluation is the excessive context length
required. This arises from the need to include de-
tailed descriptions of Apps, APIs, parameters, and
the necessary profile and environment data. The in-
clusion of such extensive information significantly
increases the context length, which challenges the
model’s ability to manage it effectively. As a re-
sult, this imposes a heavy computational burden,
reducing the efficiency and effectiveness of the per-
formance evaluation.

Ethics Statement

In developing ToolSpectrum, we adhere strictly to
established ethical standards, ensuring full com-
pliance with legal and regulatory requirements
throughout the data collection and processing
stages. ToolSpectrum has been meticulously cu-
rated to exclude any content that promotes vio-
lence, discrimination, hate speech, or other harm-
ful behaviors. We construct ToolSpectrum using
carefully selected seed data, allowing for both con-
trol over its composition and transparency. This
approach ensures we can effectively identify and
mitigate biases related to race, gender, ethnicity,
age, and other sensitive attributes. Our commit-
ment to fairness, inclusivity, and equity is central
to the design and evaluation processes. To fur-
ther ensure accountability, we conduct regular ethi-
cal reviews to address potential risks and societal
impacts, upholding the highest standards of trans-
parency throughout.
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A ToolSpetrum Details

A.1 Comparasion With τ -bench

τ -bench is a benchmark tool designed to simu-
late dynamic dialogues between users and agents.
Specifically, τ -bench constructs three databases
(user, product, and order) and incorporates APIs
capable of reading or modifying these databases to
simulate user-agent interactions. During this pro-
cess, the agent executes these APIs (while adhering
to predefined domain policies) to alter the database
state. The success of the user’s instructions is deter-
mined by comparing the final database state with
the ground truth state. Although the tool involves
user-environment interactions, it primarily focuses
on real-time dynamic interactions rather than pro-
filelized user calls. The user database emphasizes
order history rather than individual user characteris-
tics, while the environment database is constructed

based solely on domain policy constraints, exclud-
ing personalized factors.

This study explores the concepts of profile and
environment in greater depth to understand their
impact on personalized tool invocation. The profile
encompasses not only basic user attributes such
as income level, occupation, and interests but also
dynamic data like consumption habits, historical
behavior patterns, and personal preferences. These
elements collectively form a comprehensive user
profile, enabling more precise tool invocation. On
the other hand, the environment extends beyond
domain policy constraints to include natural and
digital environmental factors. These environmen-
tal variables, when combined with user profiles,
provide a holistic representation of user needs in
specific contexts, thereby directly influencing the
strategy for optimal personalized tool invocation.
This multidimensional analysis allows the system
to adapt to complex and dynamic real-world sce-
narios intelligently, delivering more personalized
and efficient services to users.

A.2 Construction Details

Raw Profile Database Filtering. As mentioned
earlier, after generating the raw profile database,
we scored each profile based on Demographic Co-
herence and Preference Alignment, then filtered out
those with low scores.

• Demographic Coherence evaluates the internal
consistency of the demographic attributes within
a profile. It ensures that characteristics such as
age, height, and education background are logi-
cally related, avoiding unrealistic combinations
(e.g., an implausible age-height relationship or
mismatched education-occupation pairing).

• Preference Alignment assesses whether the pref-
erences in a profile are consistent with its demo-
graphic attributes. For instance, a high-income
profile should demonstrate purchasing habits
aligned with that income level. This evaluation
ensures that the profile’s preferences match what
would be expected based on its demographic con-
text.

Seed Data Details. We provide examples of
seed data used in constructing the ToolSpectrum,
specifically for building the profile and environ-
ment databases in Sec §3.2.3 and for constructing
instructions in Sec §3.2.4 (using the shopping do-
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Parameter Option

Gender Male, Female
Age

No need for seed data, sample directly as a normal distributionHeight
Weight
Profession Designer, Student, Teacher, Doctor, Farmer
Income Level <3k, 3k-10k, 10k-50k, >50k
Education Background Bachelor, Master, PhD, ...

Personality & Preferences
Cost-effectiveness, Product quality, service experience
Science discoveries, DIY and crafts, Gaming
Tmall, Ctrip, Vishop, Amazon, ...

Table 4: Seed data for Profile database collection, used for subsequent sampling and generation of Profile database
P .

Parameter Option

Weather Sunny, Rainy, Snowy, Thunderstorm, ...
Time 0:00, 1:00, 2:00, 3:00, ...
Date 01-01, 01-02, 01-03, ...
Location China, USA, India, Germany, France, ...
Network Condition Wifi, Mobile Network, No Network, ...
Battery Level 100%, 99%, 98%, 97%, ...
Device-specific Configuration Hearing Impairment, Blindness, Color Blindness, ...

Table 5: Seed data for Environment database collection, used for subsequent sampling and generation of Environment
database E .

Parameter Option

Search keyword

Clothing: dress, shoes, t-shirt, jeans, coat, skirt, socks, ...
Electronics: laptop, phone, tablet, camera, headphones, ...
Furniture: sofa, table, chair, bed, desk, bookshelf, ...
Books: fiction book, textbook, novel, biography, ...
Toys: toy car, doll, puzzle, board game, ...
Food: snack, chocolate, candy, instant noodles, ...
Sports: basketball, football, tennis racket, yoga mat, ...,

Conditions brand new, slightly used, heavily used
Shipping addresses Beijing, London, New York, ...
Payment methods WeChat Pay, Alipay, UnionPay, ...

Table 6: Seed data for Shopping domain, used for subsequent sampling and generation of user instructions I.
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main as an example). These are illustrated in Table
5 and Table 6, respectively.

B Experimental Details

B.1 Details of Main Experiments

In the main experiments, we also test other models,
such as LLaMA2-7B-Instruct, Mistral-7B-Instruct-
v0.2, and Vicuna-13B-v1.5 (Chiang et al., 2023).
However, these models fail to produce results in
the correct format, making it difficult to assess their
performance accurately.

In addition, we generate experimental code by
combining GPT-4O generation with manual mod-
ification. We implement it using PyTorch, Trans-
formers, and VLLM open-source packages.

B.2 The Effects of Different Prompt Methods

Besides simply zero-shot prompting used in the
main experiments, we also explore the effects of
in-context learning and Chain-of-Thought prompt-
ing (Kojima et al., 2022; Wei et al., 2022). Table 8
shows the performance of GPT-3.5-turbo and GPT-
4o when using different prompt methods. In de-
tail, from the APP perspective, adding shots causes
the model’s output distribution to be influenced
by the examples, preventing it from selecting the
appropriate APP based on user profiles and other
personalized information. This leads to a decrease
in the F1 score. In contrast, including Chain-of-
Thought (CoT) enables the model to demonstrate
its reasoning process, resulting in an improved F1
score. The API undergoes minimal change, as the
inherent complexity of API calls and their depen-
dencies remain largely unaffected by the addition
of shots or reasoning processes. Both RP and OP
show some improvement, as adding shots helped
the model identify the relationship between person-
alized features and OP, thereby enhancing recall.

B.3 The Effects of Hierarchical and Flat
Prompt

In Sec B.2, we observe that the effectiveness of Cot
was promising when applied in a single-step man-
ner. However, this single-step approach may limit
the model’s performance, particularly when dealing
with long input contexts that exceed the model’s
processing capacity. In this section (5.5), we ex-
plore a potential improvement: breaking down the
Cot process into multiple steps. This hierarchical

Figure 5: The performance gap between hierarchical
and flat prompting on GPT-3.5 and GPT-4o.

method involves the model first predicting the rele-
vant domain based on the user’s instruction. If the
prediction is accurate, the corresponding toolset
for that domain is then provided to the model. By
doing so, we aim to address the limitations of ex-
cessively long contexts and enhance the model’s
ability to retrieve and process accurate information.

The improvements in all four evaluation dimen-
sions can be observed in Figure 5 when using the
hierarchical prompt. This enhancement is primarily
due to the reduction of irrelevant toolset informa-
tion in the context, which effectively lowers noise
intensity and allows the model to better understand
the relationships between different parameters and
personalized information.

More specifically, the performance improvement
is greater for GPT-3.5 than for GPT-4o. This is
because GPT-4o has a stronger ability to process
contextual information and handle noise, making
the removal of noise less impactful on its perfor-
mance. However, in the Profile & Environment
dimension, GPT-4o exhibits a noticeable improve-
ment. By eliminating irrelevant noise, GPT-4o can
focus more on understanding the relationship be-
tween policy and profile, thereby enhancing its per-
formance. In contrast, GPT-3.5 struggles to com-
prehend this relationship even after noise removal,
resulting in minimal improvement.

B.4 Cohen’s Kappa
Cohen’s Kappa (κ) measures agreement between
two raters classifying items into categories. It quan-
tifies agreement beyond chance, where 1 is perfect,
0 is chance level, and negative values are worse
than chance.

Calculated as: κ = po−pe
1−pe

, where po is observed
agreement and pe is expected agreement due to
chance. po is calculated from the confusion matrix
diagonal and pe from marginal probabilities.

Interpretation guidelines (context-dependent):
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Domain APPs APIs

Shopping Temu, Amazon, Poizon, Vipshop, Xianyu getProductList, buyProduct
Travel Baidu_Maps, Didi_Chuxing, Ctrip getDistance, getRoute, bookTaxi, rentCar, bookTicket, bookHotel

Entertainment Maoyan, Damai getShowSchedule, bookShowTicket
Grocery Freshippo, Duoduo Maicai getProductList, buyProduct
Delivery Cainiao Guoguo createShipment, getShipmentStatus, getCourierLocations,
Finance Bank, Tonghuashun getFundDetails, buyFund, getStockDetails, buyStock
Health Ping An Health, Keep createHealthPlan, logExercise

Knowledge Xiaohongshu, Zhihu, Dedao getKnowledge
News Toutiao, Weibo, Hupu getDailyNewsRecommendations

Table 7: List of all Apps and their corresponding APIs in the ToolSpectrum.

Model Method Profile Environment Profile & Environment
APP API RP OP APP API RP OP APP API RP OP

GPT-3.5-turbo
Zero shot 0.52 0.50 0.40 0.15 0.48 0.47 0.35 0.04 0.22 0.12 0.34 0.02
Few shot 0.37 0.50 0.48 0.26 0.27 0.51 0.35 0.23 0.23 0.08 0.33 0.04
CoT 0.58 0.49 0.54 0.34 0.51 0.50 0.36 0.25 0.24 0.17 0.37 0.07

GPT-4o
Zero shot 0.80 0.77 0.73 0.52 0.81 0.80 0.74 0.50 0.32 0.30 0.62 0.45
Few shot 0.75 0.78 0.72 0.55 0.77 0.81 0.74 0.68 0.32 0.18 0.63 0.46
CoT 0.82 0.76 0.73 0.56 0.75 0.73 0.75 0.73 0.34 0.25 0.64 0.49

Table 8: Performance of GPT-3.5-turbo and GPT-4o based on different prompt methods.

Figure 6: The relationship between the model parame-
ters and performance of the Qwen2.5 series model under
the profile&Environment setting.

0.81-1.00 almost perfect, 0.61-0.80 substantial,
0.41-0.60 moderate, 0.21-0.40 fair, 0.00-0.20 slight,
< 0.00 poor. These are guidelines only.

B.5 Error Analysis

Hallucination (7%) The hallucination issue re-
mains a significant challenge for large language
models (Huang et al., 2024a). The model may fab-
ricate parameters, randomly alter parameter names,
or invent function values when generating output,
leading to results that do not align with actual logic.

Output Format Errors (3%) ToolSpectrum en-
forces JSON formatting and employs multi-round

post-processing, yet the model still struggles to
consistently ensure accurate output formats, high-
lighting the inherent limitations of large models in
generating structured data.

B.6 Case Study

In this section, as Figure 7, we present examples of
various errors, with the specific details highlighted
in red. (1) Insufficient Understanding of Personal-
ized Features and OP: The user is unemployed with
a monthly income of less than 3,000. When recom-
mending a shopping app, cost-effectiveness should
be prioritized. However, Tmall, known for its high-
quality, high-priced products, was suggested, and
the recommendation system erroneously prioritized
quality when sorting. (2) Lack of Understanding
between Profile and Environment. In the shopping
domain policy, users under the age of 10 are not al-
lowed to purchase items exceeding $10,000. In this
case, the system should return None rather than
a result. (3) Misunderstanding of User Instruc-
tions. The user intended to purchase 12 apples,
which should have triggered an action in the gro-
cery domain app. However, the system mistakenly
identified the user’s intent and invoked Cainiao
GuoGuo, a delivery service app. (4) Hallucina-
tion. The toolset does not contain the #aircraftType
parameter, but the model erroneously returned a
result with this non-existent parameter due to hal-
lucination. (5) Output Format Errors. The model’s
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Figure 7: Error examples and specific errors are highlighted in red.

response was not in JSON format, which does not
comply with the specified format provided in this
paper.

C Prompt Templates
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Prompt Template for Generating Consumption Preference
Your current task is to generate a natural language description based on the provided purchase behaviour
preference keyword. The description should explain the user’s buying habits, preferences, or decision-
making style in a realistic and specific way.

Example:
Keyword: Cost-effectiveness
Output: Prefers to buy cost-effective products and is highly sensitive to prices.

Keyword: Promotions
Output: Frequently shops during promotional events and enjoys comparing prices to find the best deals.

Keyword: Eco-certification
Output: Prefers purchasing eco-friendly and health-conscious products, paying close attention to
eco-certifications.

Keyword: {keyword}
Output:

Figure 8: Prompt Template for Generating Consumption Preference.

Prompt Template for Generating Use Habit
Your current task is to describe a user’s app usage habits based on the provided keyword. The description
should detail their typical behavior and preferences when interacting with mobile or web applications.

Example:
Keyword: Social media
Output: Spends at least 1 hour daily on social media platforms, scrolling through feeds in the morning
and evening.

Keyword: Short video platforms
Output: Frequently uses short video platforms during free time to watch entertaining and engaging content.

Keyword: Knowledge videos
Output: Regularly watch educational content on platforms like YouTube to expand their knowledge base.

Keyword: {keyword}
Output:

Figure 9: Prompt Template for Generating Use Habit.

Prompt Template for Generating Content Preference
Your current task is to write a description of a user’s content consumption habits based on the provided
keyword. The description should detail their interests and patterns when engaging with online content.

Example:
Keyword: Short videos
Output: Enjoys watching short videos and live streams, especially those focusing on entertainment and
humor.

Keyword: Tech articles
Output: Prefers reading technology and finance-related articles and staying informed about industry trends.

Keyword: Travel and food
Output: Loves exploring travel guides and food content, often seeking inspiration for their next adventure.

Keyword: {keyword}
Output:

Figure 10: Prompt Template for Generating Content Preference.
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Prompt Template for Scoring Profile
I am currently grading generated virtual personas based on their features’ internal consistency and
plausibility.

Requirements:

1. The profile must include the following attributes: gender, height, age, weight, occupation, in-
come level, and preferences (including consumption preferences, content consumption preferences, and app
usage history preferences).
2. The score reflects the [plausibility] and [internal consistency] of the profile. This means:
- Demographic Coherence: The combination of age, gender, height, weight, occupation, and income should
form a believable profile. For example, a 20-year-old high school dropout is unlikely to have a high income.
Similarly, a very short, elderly person is unlikely to be a professional basketball player.
- Preference Alignment: The profile’s preferences (consumption, content, app usage) should align with their
demographics, especially in terms of consumption preferences and income levels. For example, Individuals
with an income level below 10k are less likely to frequently purchase high-quality goods, while those with
an income above 50k typically place greater emphasis on the quality of the goods. A retired individual is
less likely to use professional networking apps heavily.
3. The scoring range is integer values from 1 to 10, where 1 is highly implausible and 10 is perfectly
plausible.
4. You must return only an integer value (1-10) and no other output.

Input: {profile}

Output:

Figure 11: Prompt Template for Scoring Profile.

Prompt Template for Generating Instruction
I am creating a dataset for tool calls, and I will input some keywords for you. Please help me output the
corresponding user commands based on the keywords.

requirement:
1. The input includes an API description and keywords. The API description is an introduction to the
current application scenario; Keywords are a dictionary containing some keywords, and you need to
concatenate them into instructions that fit the user’s usage habits.
2. The generated instruction is in the first person.
3. The generated instructions must include these keywords and cannot be modified in any way.
4. Do not output any irrelevant content, instructions should not contain any irrelevant symbols, and only
natural language is allowed.
5. Do not include keys in the keyword dictionary, as the generated instructions can only contain values.
6. Do not explicitly express the content of the API Description.

### Input:
##API Description
{api description}

## Keywords:
{keywords}

### Output:

Figure 12: Prompt Template for Generating Instruction.
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Prompt Template for Generating Tool-call Results
You are a personalized tool assistant. I will provide you with user instructions, a user profile, an external
environment, and a toolset. Please output the most reasonable tool invocation result.

Requirements:

1. The input consists of user instructions, user profile, and the external environment. The user
instruction is a string that describes the user’s needs; the user profile is a dictionary that includes the
user’s gender, height, age, weight, occupation, income level, and preferences (including consumption
preferences, content consumption preferences, and app usage history preferences); the environment is a
dictionary that includes Weather, Time of Day, Location, Date (month-day), and Network Condition; the
toolset is a dictionary that includes a description of each app’s functionality, along with all APIs and their
corresponding parameters, parameter types, and parameter ranges.
2. You should comprehensively consider the user instruction, profile, and environment to give the most
appropriate tool invocation result.
3. The output format should be a dictionary containing the app name, API name, corresponding
parameters, and the explanation, as shown in the following format:
{
"APP": "APP",
"API": "API",
"params": {
"key1": "value1",
"key2": "value2",
...
}
"explanation": "EXPLANATION"
}

4. There will be a policy field in the environment, and if you feel that the user’s instruction violates the
user’s profile, set the APP, API, and params to null.
5. Only output one dictionary, do not output any other content.

### Input
## User Instruction
{instruction}

## User profile
{profile}

## Environment
{environment}

## Toolset
{toolset}

### Output

Figure 13: Prompt Template for Generating Tool-call Results.
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Prompt Template for Scoring Tool-call Result
I am currently evaluating the quality of tool-calling datasets. I will provide you with user instructions,
user profile, external environment, and tool calling results. Please comprehensively consider these factors
and tell me whether the tool’s calling results meet expectations.

Requirements:

1. Please judge whether the tool calling results meet expectations based on user instructions, user
profile, external environment, and tool calling results.
2. Please rate the following three aspects separately, ranging from 1 to 10 points. The output format is
separated by commas.
3. You should evaluate whether the tool calling results meet expectations from three aspects:
- Whether the tool calling results can solve the user’s needs;
- Whether the tool calling results match the user’s profile;
- Whether the tool calling results align with the external environment.
4. Do not output any irrelevant content, only output the answer.

Below are the user instructions, user profile, external environment, and tool calling results I’m in-
putting:

### Input
## User Instruction
{instruction}

## User profile
{profile}

## Environment
{environment}

## Tool Calling Result
{tool call result}

### Output

Figure 14: Prompt Template for Scoring Tool-call Result.

Prompt Template for Selecting the Superior Results
I am conducting an evaluation of personalized tool utilization. Analyze which response better fulfills user
needs by following these requirements:

requirement:

1. The input includes a description of the toolset, user instructions, and results A and B.
2. You need to determine which result better meets the user’s needs.
3. You can only output A or B, do not output any other irrelevant content.

### Input
## Toolset
{toolset}

## User Profile
{profile}

## Response A
{response_A}

## Response B

{response_B}

### Output

Figure 15: Prompt Template for Selecting the Superior Results.
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