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ABSTRACT

Mobile GUI agents are becoming critical tools to improve user experience on
smart devices, with multimodal large language models (MLLMs) emerging as
the dominant paradigms in this domain. Current agents, however, rely on ex-
plicit human instructions, overlooking the potential to leverage the contextual
information (like location, time, user profile) and historical data for proactive
task suggestions. Besides, previous works focus on optimizing the success rate
during task execution, but pay less attention to the personalized execution tra-
jectory, thereby neglecting potentially vast differences in user preferences. To
address these challenges, we introduce the FingerTip 20K benchmark. We col-
lected 20K unique human demonstrations of multi-step Android device interactions
across a variety of everyday apps. These demonstrations are not isolated but are
continuously acquired from the users’ long-term usage in their real lives, and
encompass essential user-related contextual information. The benchmark contains
two new tracks: proactive task suggestions by analyzing environment observation
and users’ previous intents, and personalized task execution by catering to users’
action preferences. Our experiments reveal that the tracks we propose pose sig-
nificant challenges for leveraging user-related information in GUI tasks. We also
performed a human study to show that there exists a huge gap between existing
agents and humans. The model fine-tuned with the data we collected effectively
utilized user information and achieved good results, highlighting the potential of
our approach in building more user-oriented mobile LLM agents. Our code is open-
source at https://anonymous.4open.science/r/FingerTip-57B8
for reproducibility.

1 INTRODUCTION

Recent studies have explored how to utilize multimodal large language models (MLLMs) to build
graphical user interface (GUI) control agents (Koh et al., 2024; Zheng et al., 2024; Yan et al., 2023;
Kim et al., 2023; Deng et al., 2023), with a significant direction being mobile phone GUI control
agents. These mobile LLM agents have the potential to tremendously improve user experience with
mobile devices, since GUI is a universal interface across various applications. These agents receive a
natural language task instruction, such as "Set an alarm for 7:30 for me", and then perceive the device
state by observing the device screen (via screenshots or textual UI trees), and generate actions (click,
type, scroll, etc.) to interact with the device environment to fulfill human instructions.

Despite rapid progress, currently, most existing mobile LLM agents are confined to a completely
passive paradigm: they only perform tasks upon receiving a clear instruction. This paradigm restricts
their ability to proactively offer task suggestions and assistance in the absence of direct human
instructions. If users have to formulate detailed instructions for every intent when interacting with
mobile LLM agents, it will significantly increase the cognitive burden of mobile phone usage.
Moreover, humans sometimes may not clearly express some latent needs. Therefore, mobile LLM
agents need to be more proactive to provide users with more comprehensive and seamless services.
Furthermore, the existing agents utilize almost exclusively user instructions as textual information
when performing tasks, without taking into account any additional user-related information (e.g., time
and location, user profile, user historical intents and actions), thus failing to provide personalized
services to users. We argue that these limitations stem largely from the lack of suitable training data
and standardized evaluation benchmarks that incorporate rich user-related information.
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Figure 1: An overview task example in FingerTip 20K. The agent proactively offers task suggestions
to the user and personalizes the execution of tasks in a way that aligns with the user’s preferences.

To comprehensively evaluate the proactive and personalized capabilities of mobile LLM agents, we
propose the FingerTip 20K benchmark, which includes two new tracks: (i) proactive task suggestion,
where the agent needs to integrate the user’s past intents and the current environmental state to infer
the user’s potential current intent; (ii) personalized task execution, where the agent needs to refer
to the user’s past action preferences to execute current instructions. The overall task scenario we
envision is shown in Figure 1. Since existing benchmarks do not provide user-related contextual
information and historical data, we spent over one month collecting new diverse data from 95 users
in their daily mobile phone usage, including 21,437 episodes covering 506 apps. We then conducted
experiments on the FingerTip 20K benchmark to evaluate the capabilities of generalist models and
GUI-control agents built on specifically designed models and found that there is still much room
for improvement in their proactive and personalized capabilities. Current agents still find it hard to
reach or surpass the human level. The best-performing model achieved a success rate of 12.8%, while
humans reached 30.3%. We fine-tuned a small model using the collected data and achieved better
results.

In summary, the main contributions of this work include:

• We propose the FingerTip 20K benchmark, which includes two brand-new tracks, to evaluate
the ability of mobile LLM agents to proactively predict user intents and offer suggestions,
as well as their ability to personalize task execution in accordance with user preferences.

• We collect large-scale user-oriented mobile GUI-control data, derived from scenarios in
users’ daily lives, which includes user-related contextual information and users’ long-term
mobile phone usage patterns.

• We evaluated the capabilities of generalist models and GUI-control-specific models on
the FingerTip 20K benchmark, demonstrating the difficulty of the tracks we propose. The
excellent performance of the model fine-tuned with our collected data highlights the potential
of our approach in building more proactive and personalized mobile agents.
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