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Abstract: Mobile graphical user interface (GUI) agents are designed to automate everyday tasks on smartphones. Recent
advances in large language models (LLMs) have significantly enhanced the capabilities of mobile GUI agents. However, most
LLM-powered mobile GUI agents operate in stepwise query-act loops, which incur high latency due to repeated LLM queries.
We present GraphPilot, a mobile GUI agent that leverages knowledge graphs of the target apps to complete user tasks in
almost one LLM query. GraphPilot operates in two complementary phases to enable efficient and reliable LLM-powered GUI
task automation. In the offline phase, it explores target apps, records and analyzes interaction history, and constructs an app-
specific knowledge graph that encodes functions of pages and elements as well as transition rules for each app. In the online
phase, given an app and a user task, it leverages the knowledge graph of the given app to guide the reasoning process of LLM.
When the reasoning process encounters uncertainty, GraphPilot dynamically requests the HTML representation of the current
interface to refine subsequent reasoning. Finally, a validator checks the generated sequence of actions against the transition
rules in the knowledge graph, performing iterative corrections to ensure it is valid. The structured, informative information
in the knowledge graph allows the LLM to plan the complete sequence of actions required to complete the user task. On the
DroidTask benchmark, GraphPilot improves task completion rate over Mind2Web and AutoDroid, while substantially reducing
latency and the number of LLM queries.
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1 Introduction
Mobile graphical user interface (GUI) agents have emerged
as a promising paradigm for automating smartphone tasks
through natural language instructions. Powered by recent ad-
vances in large language models (LLMs), these agents can
understand user intents and interact with apps in a general-
izable way. In contrast to traditional solutions that require
predefined scripts for each app and scenario, LLM-powered
mobile GUI agents leverage the understanding and reason-
ing abilities of LLMs to interact dynamically across different
interfaces [1].

Despite these advances, most contemporary LLM-
powered mobile GUI agents follow a stepwise interaction
paradigm. In this approach, the agent iterates through query-
act loops: at each interface, it queries the LLM with the
current GUI (often a screenshot [2] or view hierarchy [3]) and
the task description, receives a single action in return (such as

“click on button X”), performs that action, and then repeats
for the next interface until task completion. A simple example
of this process is shown in Figure 1. Although straightfor-
ward, this iterative process is highly inefficient, as repeated
LLM queries at each interaction accumulate substantial la-
tency. Such a stepwise design inherently trades computational
efficiency for incremental reasoning, leading to considerable
overhead in multi-step tasks.

Currently, GUI agents such as Mind2web [4] and Auto-
Droid [3] must issue multiple LLM queries per user task,
leading to significant network latency. So we introduce
GraphPilot, a mobile GUI agent that improves task com-
pletion rate while reducing latency by almost one LLM
query with the help of knowledge graphs. First, GraphPi-
lot constructs app-specific knowledge graphs that encode the
functions of pages and elements, as well as the transition
rules about element-to-page transitions for each app. Such a
representation of a knowledge graph naturally captures the
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complex relationships between pages and elements, provid-
ing structured contextual knowledge for reasoning. Second,
GraphPilot enables almost one LLM query to generate a
complete sequence of actions for a user task by leveraging
the previously constructed knowledge graph, thereby sig-
nificantly reducing the need for repetitive query–act loops.

: Click the 
"Stopwatch" button.

: Click the 
"Start" button.

Figure 1: A simple example of the process of the stepwise
GUI agents handling the task “start the stopwatch” in the
Clock app.

GraphPilot operates in two phases. In the offline phase, it
explores target apps, records exploration history, and extracts
the functions of pages and elements, along with their transi-
tion rules, by querying the LLM. The extracted knowledge
is then organized into app-specific knowledge graphs, which
serve as a structured representation of the app interaction
logic. In the online phase, GraphPilot leverages this knowl-
edge graph to efficiently generate a complete sequence of
actions for a given app and a user task with almost one LLM
query. When uncertainty arises during reasoning, GraphPi-
lot dynamically extracts the current HTML representation of
the interface to guide subsequent reasoning. Finally, a val-
idator checks the generated sequence of actions against the
transition rules encoded in the knowledge graph, ensuring it
is valid. By integrating a structured app-specific knowledge
graph into LLM reasoning, GraphPilot bridges static under-
standing and dynamic task execution, achieving both higher
efficiency and reliability in mobile GUI automation.

Essence: In the stepwise paradigm, each LLM query
contains only limited contextual information. This requires
multiple incremental queries to process user tasks step by
step, which increases network latency. In contrast, GraphPilot
incorporates rich contextual information into LLM queries,
enabling the LLM to generate a more complete sequence of
actions. This approach significantly reduces the number of
LLM queries, effectively lowering network latency.

Experiments on DroidTask demonstrate that GraphPilot
outperforms both Mind2Web and AutoDroid. It achieves the
highest task completion rate of 74.1%, compared to 65.2%
for Mind2Web and 62.0% for AutoDroid, while reducing the
latency of LLM queries by 70.4% and 66.7%, respectively.

Our main contributions are summarized as follows:

1. The construction of app-specific knowledge graphs.
GraphPilot constructs a knowledge graph for each app, en-
coding page and element functions, as well as transition
rules. This structured representation enables a comprehen-
sive understanding of the app’s interaction logic, provid-
ing accurate, informative knowledge for task execution.

2. Almost one LLM query to generate a complete se-
quence of actions. GraphPilot departs from the prevalent

stepwise query–act paradigm, which suffers from high la-
tency due to repeated LLM queries. By leveraging the
informative knowledge graph for each app, GraphPilot
generates a complete sequence of actions in almost one
LLM query, substantially reducing the latency of LLM
queries while maintaining reasoning quality.

2 Related Work
Traditional mobile GUI task automation has predominantly
relied on scripted approaches and Robotic Process Automa-
tion (RPA) tools such as Monkey [5] and Sikuli [6], which
execute predefined sequences of GUI actions. However, these
conventional methods suffer from brittleness, necessitating
manual maintenance whenever interface layouts evolve [1].
In contrast, recent advances in large language model (LLM)-
powered agents demonstrate the capability to interpret high-
level natural language instructions and dynamically adapt to
evolving application interfaces. This section surveys the key
developments in LLM-powered mobile GUI automation.

2.1 Interface Representation

Effective GUI automation requires a comprehensive represen-
tation of interface elements and visual content. Contemporary
approaches can be broadly categorized into two primary rep-
resentation paradigms: text-based and multimodal (text and
image) categories. Text-based methods leverage structured
GUI data, including accessibility trees and Document Object
Model (DOM)-like structures, as demonstrated in DroidBot-
GPT [7] and AutoDroid [3]. Conversely, multimodal ap-
proaches integrate visual analysis through Vision-Language
Models (VLMs): ScreenAI [8] represents a dedicated vision-
language architecture for screenshot interpretation, while Vi-
sionDroid [9] and GUI Narrator [10] augment textual input
with OCR-extracted text and icon annotations via Set-of-
Mark (SoM) prompting techniques. Advanced multimodal
agents such as Mobile-Agent-v2 [11] and OmniParser [12]
incorporate sophisticated icon recognition and layout anal-
ysis capabilities. Our proposed GraphPilot adopts a text-
based paradigm via an HTML-based interface representation,
achieving high computational efficiency while preserving
semantic richness and avoiding visual processing overhead.

2.2 Knowledge and Memory Representations

To handle diverse app functionality, recent agents augment
LLMs with memory or knowledge structures. AutoDroid [3]
builds a GUI Transition Graph (UTG) by exploring the app
and injects this app-specific memory into prompts. Mobi-
leGPT [13] stores a hierarchical memory of tasks, subtasks,
and actions for recall. AppAgent [2] uses autonomous ex-
ploration and human demonstrations to build a multimodal
knowledge base for each app. RAG-based updating appears
in AppAgentX [14] and AdaptAgent [15]. These approaches
show the benefit of app-level context. While GraphPilot is
novel in organizing app-specific knowledge into knowledge
graphs that capture both the behaviors and structures of apps,
enabling the reasoning process in nearly a single LLM query.
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2.3 Task Planning and Action Execution

Most LLM-driven GUI agents operate in an iterative query-
act cycle, where a single agent repeatedly observes the inter-
face state and then determines the next action. For example,
DroidBot-GPT [7] and AutoDroid [3] both use an LLM to
choose the next UI element to interact with at each step, con-
tinuing this loop until the task is completed. This stepwise
strategy offers adaptability to dynamic interfaces but incurs
the overhead of multiple LLM queries. To improve efficiency,
MobileGPT [13] introduces a hierarchical “explore-select-
derive-recall” workflow and a multi-level memory (tracking
tasks, subtasks, and actions) that significantly boosts automa-
tion accuracy and speed through better context management.
Likewise, CogAgent [16] follows a similar iterative paradigm,
leveraging a visual-language model to reason about the GUI
for each incremental action.

To handle more complex tasks, some agents focus on
making plans described in natural language executable on
real interfaces or even employ multiple specialized agents.
SeeAct [17] first drafts a tentative sequence of actions, then
performs action grounding and element alignment to locate
the correct target element and translate each step into a
concrete click or input action. The emphasis is on this ground-
ing and alignment procedure, which reliably turns high-level
plans into runnable operations. Alternatively, multi-agent sys-
tems have been proposed to divide responsibilities among
cooperative agents. For instance, MMAC-Copilot [18] co-
ordinates multiple modalities through role-specific agents,
and MobileExperts [19] uses a dynamic team of tool-driven
agents to accomplish tasks jointly. Other works integrate
specialized modules into the agent framework. For exam-
ple, ClickAgent [20] combines an MLLM-based reasoner
with a dedicated GUI locator model to better pinpoint inter-
face elements, while Ponder & Press [21] adopts a divide-
and-conquer design that splits the problem into high-level

instruction interpretation followed by low-level visual ele-
ment localization. By partitioning the task in these ways,
such approaches aim to reduce error propagation and improve
success rate.

Despite these advances, the majority of LLM-driven
agents still rely on incremental action generation, which accu-
mulates latency over multiple iteration cycles. In contrast, our
proposed GraphPilot agent generates a complete action se-
quence in almost a single interaction with the LLM by lever-
aging knowledge graphs, rather than looping through each
step individually. This one-step planning capability eliminates
the need for repeated LLM queries, significantly reducing
network latency.

3 Design of GraphPilot
This section provides a detailed design of the two-phase ar-
chitecture of GraphPilot and the functions of its components.

3.1 Overview

The overview of GraphPilot is shown in Figure 2. GraphPilot
operates in two phases: an offline phase and an online phase.

The offline phase focuses on constructing knowledge
graphs for each app. These knowledge graphs provide enough
and accurate information for the online phase of GraphPilot.
During this phase, GraphPilot first explores mobile apps to
build a comprehensive understanding of their functions and
structures. It maintains detailed exploration history ❶ about
the sequence of actions and corresponding interface changes.
Then GraphPilot analyzes the functionality of each page and
its constituent elements using an LLM. Additionally, Graph-
Pilot records transition information in the history, such as
“interacting with element X on page A will lead to page B.”
This element-to-page transition information provides direc-
tional guidance for the online phase of GraphPilot. Finally, all
such information is consolidated into a knowledge graph ❷

Online Phase

Offline Phase

LLM extracts
page and element functions

� Exploration History
<Page, Action> Sequence

Page X Page Y Page Z
Action A Action B

� Knowledge Graph of App

Page 1
- <Page 1 Function>

  - Element 1 Function（<Next Page ID>）

  - Element 2 Function（<Next Page ID>）

  - ……

  - Element 2 Function（<Next Page ID>）

Page 2

Page N

Page 1
- <Page 1 Function>

  - Element 1 Function（<Next Page ID>）

  - Element 2 Function（<Next Page ID>）

  - ……

  - Element 2 Function（<Next Page ID>）

Page 2

Page N

� Knowledge Graph of App

Page 1
- <Page 1 Function>

  - Element 1 Function（<Next Page ID>）

  - Element 2 Function（<Next Page ID>）

  - ……

  - Element 2 Function（<Next Page ID>）

Page 2

Page N

app information

� Prompt Generator
- Task description

- HTML of the current interface

- Knowledge graph of the current app

- Current page ID

(- Invalid sequence of actions)

HTML of the
current interface Prompt

� Validator

Is the sequence of actions valid in 

the knowledge graph of the app?

� Validator

Is the sequence of actions valid in 

the knowledge graph of the app?
Confident

Sequence of actions

Invalid sequence of actions

Valid sequence of actions

Unconfident

LLM requests the HTML of the current interface from the 
device, and the device sends the HTML to LLM

app information

Figure 2: Overview of GraphPilot.
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that captures both the behaviors (functions of pages and ele-
ments) and structures (element-to-page transition rules) of the
apps. An example of the knowledge graph for an app is shown
in Figure 3. The nodes in the knowledge graph represent the
functions of pages and elements, and the edges represent the
element-to-page transition rules. Finally, in the online phase,
GraphPilot will use the knowledge graph as an informative
context to support its task planning.

Page 1

<Function of Page 1>

Element 1
<Function of Element 1>

Element 2
<Function of Element 2>

Element 3
<Function of Element 2>

Page 1

<Function of Page 1>

Element 1
<Function of Element 1>

Element 2
<Function of Element 2>

Element 3
<Function of Element 2>

Page 2

<Function of Page 2>

Element 1
<Function of Element 1>

Element 2
<Function of Element 2>

Page 2

<Function of Page 2>

Element 1
<Function of Element 1>

Element 2
<Function of Element 2>

Page 3

<Function of Page 3>

Element 1
<Function of Element 1>

Element 2
<Function of Element 2>

Element 3
<Function of Element 2>

Page 3

<Function of Page 3>

Element 1
<Function of Element 1>

Element 2
<Function of Element 2>

Element 3
<Function of Element 2>

Interacting with Element 2 on 
Page 2 will jump to Page 3.

jump to

Figure 3: An example of the knowledge graph for an app.

The online phase leverages the knowledge graph con-
structed in the offline phase to perform task planning. Given a
user-specified task, a prompt generator ❸ generates a prompt
that includes the task description and the knowledge graph
(erroneous actions from the validator may also be included,
which will be discussed later). The generated prompt is sent
to the LLM to generate a candidate sequence of actions. This
approach differs from traditional stepwise GUI agents that
query the LLM at each interaction step. GraphPilot may en-
counter uncertainty during its reasoning. When this happens,
it can dynamically request the HTML of the current inter-
face. This provides additional context to proceed when the
knowledge graph is insufficient. After GraphPilot generates
a candidate sequence of actions, a validator ❹ examines its
correctness by checking the transition rules in the knowl-
edge graph. If any rule violations occur, the validator detects
the specific erroneous actions and sends them back to the
prompt generator for resubmission, guaranteeing that only
valid sequences are executed.

This two-phase architecture enables GraphPilot to
achieve both high accuracy and low latency. The offline phase
ensures comprehensive coverage of behaviors and structures
of apps, while the online phase enables rapid task completion
through almost one LLM query with prompt refinement when
necessary.

3.2 Formulation of Offline Phase

The offline phase constructs a knowledge graph for each app
by exploring the target app, analyzing the functions of its
pages and elements, and extracting element-to-page transi-
tion rules from the recorded interaction history. We formally

define the knowledge graph construction process as shown in
Algorithm 1.

Algorithm 1 Offline Knowledge Graph Construction for app
Ai

Require: Exploration history Si = {(H(t),s(t),H(t+1))}T
t=1

Ensure: Knowledge graph Ki
1: Ki←∅
2: for t = 1 to T do
3: pprev← PAGEID(Ai,H(t−1)) (set to null if t = 1)
4: pcurr← PAGEID(Ai,H(t))
5: pnext← PAGEID(Ai,H(t+1)) (set to pcurr if t = T )
6: if Fpage

pcurr is undefined then
7: Fpage

pcurr ← QUERYPAGEFUNCTION(

H(t−1),s(t−1),H(t),s(t),H(t+1))
8: Ki← Ki∪{(“Page”, pcurr,F

page
pcurr )}

9: end if
10: (a(t),e(t))← s(t) (set e(t) = 0 if t = T )
11: if e(t) ̸= 0 and Felem

pcurr,e(t)
is undefined then

12: Felem
pcurr,e(t)

← QUERYELEMENTFUNCTION(

H(t),s(t),H(t+1))
13: Ki← Ki∪{(“Element”, pcurr,e(t),Felem

pcurr,e(t)
)}

14: Ki← Ki∪{(“Transition”, pcurr,e(t), pnext)}
15: end if
16: end for
17: return Ki

App and Exploration History. Consider a target mo-
bile app denoted as Ai, where i is the app index. Dur-
ing exploration, we record the exploration history Si =
{(H(t),s(t),H(t+1))}T

t=1, which consists of T sequential inter-
action steps. Each step is represented by a tuple containing:
(1) H(t), the HTML representation of the current interface
state at step t; (2) s(t), the action performed at step t; and (3)
H(t+1), the resulting HTML representation after the action.

Actions and Elements. Each action s(t) is decomposed
as s(t) = (a(t),e(t)), where a(t) represents the specific action
type and e(t) represents the target element at step t. The
action type a(t) is selected from a predefined action space
{click, text, stop}. The element e(t) identifies element being
interacted with on page p(t), while e(t) = 0 indicates no ele-
ment interaction (used for the stop action). For the terminal
step, we enforce a(T ) = stop and e(T ) = 0, indicating that the
exploration sequence finishes without targeting any specific
element. Function PAGEID(·) extracts the page ID based on
the given HTML representation. When t = 1, pcurr denotes
the initial page ID (line 4), and no preceding page pprev exists.
Accordingly, we set pprev to null in this case (line 3).

Knowledge Graph Structure. The constructed knowl-
edge graph for app Ai is denoted as Ki. For each page p j,
the knowledge graph stores three types of information: (1)
Fpage

p j , a natural language description of the function of page
p j, which is obtained by function QUERYPAGEFUNCTION(·)
(line 7); (2) Felem

p j ,ek
, a natural language description of the func-

tionality of element ek on page p j, which is obtained by
function QUERYELEMENTFUNCTION(·) (line 12); and (3)
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You are an expert at planning tasks on mobile apps.  You will be given the following information:

- Current Task Specification

- HTML Code of Current Page

- Knowledge Graph of the Current App

- Current Page ID

Please provide the steps to complete this task.

Current Task Specification: Turn on the stopwatch.

HTML Code of Current Page:

<button id=0 text='Clock'></button>

<button id=1 text='Stopwatch'></button>

<button id=1 text='Timer'></button>

<button id=2 text='Settings'></button>

Knowledge Graph of the Current App:

| Page ID | Page Content | Element Functions |

| 0 | "Clock page" | "Go to the stopwatch page (e_0_0, 1)", "Go to the timer page (e_0_1, 2)", "Go to the settings page (e_0_2, 3)" |

| 1 | "Stopwatch page" | "Start the stopwatch (e_1_0, 1)", "Stop the stopwatch (e_1_1, 1)" |

| 2 | "Timer page" | "Start the timer (e_2_0, 2)", "Stop the timer (e_2_1, 2)" |

| 3 | "Settings page" | "Select theme (e_3_0, 3)" |

​​Current Page ID:​​ 0.

Analysis:

1. From Page 0 (Clock page):

- Now I am on the clock page. By observing the HTML code of current page and the row with Page ID 0 in the knowledge 

graph, I think I should now go to the stopwatch page to find the start button.

- Element '"Go to the stopwatch page (e_0_0, 1)" targets Page 1.

- Currently I have opened the video category list but the stopwatch is not started.

2. From Page 1 (Stopwatch page):

…

Sequence of actions:

1. click 0 -> Page 1

2. click 0 -> Page 1

3. Complete.

Figure 4: A simple example of the prompt generated by the prompt generator. The gray part represents a fixed background
description. The red part represents dynamic content. The green part shows an example output generated by the LLM. (X, A)
in the knowledge graph represents that interacting with element X will jump to page A.

the tuple starting with “Transition” in Ki represents the tran-
sition rules, and the following three elements represent the
starting page, the element interacted with, and the arrival
page, respectively (line 14).

3.3 Formulation of Online Phase

During the online phase, GraphPilot generates a sequence
of actions utilizing the knowledge graph constructed in the
offline phase. GraphPilot iteratively proposes a sequence of
actions and refines it according to the transition rules through
the validator. As illustrated in Figure 4, while generating the
Analysis part, the LLM may reach an intermediate step where
the knowledge graph no longer provides enough informa-
tion to proceed. When this happens, the LLM is unconfident
to continue the inference and therefore requests the HTML
representation of the current interface to obtain the missing
context. Conversely, if the LLM can complete the reasoning
process in the Analysis part without encountering informa-
tional insufficiency, it is considered to be confident. This
process is shown in Algorithm 2.

Algorithm 2 Online Action Sequence Generation for app Ai

Require: User task description d, knowledge graph Ki, cur-
rent page pcurr

Ensure: A validated action sequence S
1: S←∅
2: I←∅
3: while S = ∅ and maximum number of iterations is not

reached do
4: prompt← PROMPTGENERATOR(d,Ki, I, pcurr)
5: S← QUERYACTIONSEQUENCE(prompt)
6: I← VALIDATOR(S,Ki)
7: if I ̸=∅ then
8: S←∅
9: end if

10: end while
11: return S

Given app Ai and user task description d, GraphPilot gen-
erates a sequence of actions S = {(p(t),a(t),e(t), p(t+1))}T

t=1,
where each step t contains: (1) p(t), the page at step t; (2)
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a(t), the action type from {click, text,stop}; (3) e(t), the tar-
get element; and (4) p(t+1), the page at step t + 1, which is
the next page. We enforce a(T ) = stop and e(T ) = 0 for the
terminal step. Let pcurr denote the current page at the begin-
ning of the action sequence generation, which provides the
starting context (i.e., the HTML representation of the current
interface and the current page ID) for task planning. The on-
line action sequence generation process follows an iterative
refinement approach. The PROMPTGENERATOR(·) function
constructs a prompt from the task description d, knowledge
graph Ki, invalid step indices I, and the current page pcurr.

Figure 4 illustrates a concrete example of the prompt gen-
erated by the prompt generator. The prompt consists of both a
fixed background description and dynamic content based on
the current scenario. The knowledge graph transitions are rep-
resented as (X, A), indicating that interacting with element X
will navigate to page A. The notation e i j within the brackets
represents the element with id j on page pi.

The function QUERYACTIONSEQUENCE(·) generates a
candidate sequence of actions from the prompt, while the
function VALIDATOR(·) examines the sequence against tran-
sition rules in Ki and returns invalid steps, if they exist. This
process repeats until a valid sequence is produced or the
maximum number of iterations is reached.

4 Implementation and Evaluation
4.1 Experimental Setups

We implement GraphPilot using GPT-4o [22] to evaluate its
performance. We conduct comprehensive experiments on the
DroidTask dataset [3], a benchmark specifically designed to
assess the performance of end-to-end mobile task automa-
tion agents. DroidTask dataset comprises 158 high-level tasks
extracted from 13 popular Android apps, providing a com-
prehensive evaluation suite that encompasses diverse mobile
interaction scenarios and varying task complexities. We em-
ploy AutoDroid [3] to extract the HTML representations of
mobile app interfaces. Mind2Web [4] and AutoDroid [3] are
selected as our baseline methods.

4.2 Task Completion Rate

We evaluate task completion performance using the task com-
pletion rate (TCR) metric, which is the percentage of tasks
successfully completed out of the total number of evaluated
tasks. A task is considered successfully completed when its
generated sequence of actions exactly matches the ground
truth sequence provided in the DroidTask dataset. This met-
ric directly reflects the accuracy and effectiveness of a GUI
agent.

We evaluate TCR for Mind2Web, AutoDroid, and Graph-
Pilot. As summarized in Table 1, GraphPilot achieves the
highest overall TCR of 74.1% and consistently outperforms
both baselines, leading Mind2Web by 8.9% and AutoDroid
by 12.1%. The per-app breakdown in Figure 5 further shows
that GraphPilot attains superior TCR on the majority of
apps, indicating robust generalization across diverse tasks and

interfaces. While performance varies across apps due to dif-
ferences in task structure and GUI complexity, the advantage
of GraphPilot remains stable.

Table 1: TCR comparison across different GUI agents.

Agent Mind2Web AutoDroid GraphPilot

TCR (%) 65.2 62.0 74.1
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Figure 5: TCR by apps and average TCR across different
GUI agents.

To analyze the relationship between task complexity and
performance, we measure task complexity by the number of
actions required to complete the task. Figure 6 presents the
TCR across different numbers of actions, revealing a down-
ward trend as the number of actions increases for all GUI
agents. Notably, GraphPilot almost always maintains a higher
TCR than Mind2Web and AutoDroid across virtually all
complexity levels, demonstrating its robustness in handling
tasks of varying difficulty.

2 3 4 5 6 7 8
Number of Actions

20
40
60
80

100

TC
R 

(%
)

Mind2Web
AutoDroid
GraphPilot

Figure 6: TCR in different numbers of actions required to
complete the task across different GUI agents.

4.3 Latency

We measure both the latency of LLM queries and the num-
ber of queries required for each task, as these represent the
primary time costs for mobile GUI agents. We compare the
performance among Mind2Web, AutoDroid, and GraphPilot.
The results are presented in Figure 7 and Table 2.

The results demonstrate that GraphPilot achieves signif-
icantly lower latency than Mind2Web and AutoDroid across
all apps. In particular, GraphPilot reduces latency by 70.4%
compared to Mind2Web and by 66.7% compared to Auto-
Droid. The reason is that GraphPilot requires substantially
fewer LLM queries, representing a 77.3% reduction in query
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frequency. This improvement stems from GraphPilot’s archi-
tectural design. This design typically requires only a single
LLM query for each task to produce the complete sequence
of actions. In contrast, agents like Mind2Web and AutoDroid
must query the LLM for each action, which incurs additional
latency.

Table 2: Comparison of the number of queries for each task
across different GUI agents.

Agent Number of Queries Each Task

Mind2Web 4.54
AutoDroid 4.54

GraphPilot 1.03
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Figure 7: Latency comparison across different GUI agents.

4.4 Ablation Study

To analyze the contribution of different components in
GraphPilot, we conduct ablation experiments by removing
components and evaluating their impact on TCR. The TCR
drops by removing transition rules, validator, and dynamic
HTML representation requests, shown in Table 3.

Table 3: TCR of GraphPilot with different components re-
moved.

TCR (%)

w/o transition rules 60.8 (13.3 ↓)
w/o validator 72.8 (1.3 ↓)

w/o HTML request 71.5 (2.5 ↓)

4.4.1 Transition Rules

The removal of transition rules underscores their critical
importance. The numbers in parentheses represent the perfor-
mance drop compared to the complete GraphPilot. Without
transition rules, GraphPilot experiences substantial perfor-
mance degradation (13.3% drop). This significant decline
highlights the key role of transition rules. They provide ex-
plicit navigation guidance during LLM reasoning, thereby
preventing invalid interaction paths and ensuring more reli-
able task execution.
4.4.2 Validator

Removing the validator results in a slight performance degra-
dation. While these drops are substantially smaller (1.3%
drop) than those observed when removing transition rules,

they demonstrate that correcting invalid sequences generated
by the LLM provides meaningful improvements to TCR. This
suggests that, although the transition rules are clearly speci-
fied in the prompt, even an advanced LLM may occasionally
produce action sequences that violate these rules. The val-
idator serves as a quality assurance mechanism to ensure the
reliability of execution.
4.4.3 Dynamic HTML Representation Request

Removing the dynamic HTML representation request causes
a slight performance degradation (2.5% drop). Because the
information in the knowledge graph is rich enough for the
LLM to provide the complete sequence of actions directly in
most cases, dynamic requests are rarely made. This compo-
nent serves as a fallback mechanism when uncertainty arises
during reasoning and provides additional context when the
knowledge graph is insufficient to support decision-making.

Overall, the experimental results demonstrate that transi-
tion rules, which represent the edges in the knowledge graph,
contribute most significantly to TCR improvement among all
evaluated components. This importance stems from their fun-
damental role in constraining the action space and providing
explicit navigation guidance during LLM reasoning.

5 Discussion
The knowledge graph can be naturally extended to multi-app
collaborative scenarios. In such cases, nodes can represent
functions of apps, pages, and elements, while edges can
capture inter-app (element-to-page) and intra-app (element-
to-app) transitions. This extension would enable GraphPilot
to coordinate complex tasks that span multiple apps.

Currently, GraphPilot supports a limited action space con-
sisting of click and text operations. Future work could expand
this action space by supporting additional interaction types,
such as drag, pinch, and long-press. This enhancement
would enable GraphPilot to handle more complex mobile
interactions and access a broader range of app functionalities.

Tasks can often be completed through multiple valid
pathways. However, current evaluation methods require the
output sequence to match the ground truth exactly, which
may incorrectly classify valid alternative approaches as fail-
ures. Future research could explore more flexible evaluation
approaches that assess task completion success rather than
strict sequence matching, thereby allowing for recognition of
alternative valid solution paths.

In the experiments, we assume that the information
GraphPilot needs to perform tasks is available in the knowl-
edge graph. GraphPilot currently relies on the integrity of
the knowledge graph. If the knowledge graph lacks corre-
sponding information, such as transition rules, the TCR of
GraphPilot will be affected. Making GraphPilot more robust
is our subsequent goal.

6 Conclusion
We present GraphPilot, a mobile GUI automation agent
that addresses the accuracy and latency limitations in con-
ventional stepwise approaches by constructing a knowledge
graph for each app. Evaluation on DroidTask demonstrates
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that GraphPilot outperforms Mind2Web and AutoDroid with
improvements in TCR while dramatically reducing query
latency and LLM queries. We believe that incorporating do-
main knowledge of apps into LLM prompts in an appropriate
form will allow LLMs to handle GUI task automation more
accurately and efficiently. This will enable the creation of
practical personal AI assistants.
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