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Abstract001

Large Language Model (LLM)-based UI agents002
show great promise for UI automation but of-003
ten hallucinate in long-horizon tasks due to004
their lack of understanding of the global UI005
transition structure. To address this, we in-006
troduce AGENT+P, a novel framework that007
leverages symbolic planning to guide LLM-008
based UI agents. Specifically, we model an009
app’s UI transition structure as a UI Transi-010
tion Graph (UTG), which allows us to refor-011
mulate the UI automation task as a pathfinding012
problem on the UTG. This further enables an013
off-the-shelf symbolic planner to generate a014
provably correct and optimal high-level plan,015
preventing the agent from redundant explo-016
ration and guiding the agent to achieve the au-017
tomation goals. AGENT+P is designed as a018
plug-and-play framework to enhance existing019
UI agents. Evaluation on the AndroidWorld020
benchmark demonstrates that AGENT+P im-021
proves the success rates of state-of-the-art UI022
agents by up to 14.31% and reduces the ac-023
tion steps by 37.70%. Our code is available024
at: https://anonymous.4open.science/r/agentp-025
F7AF.026

1 Introduction027

With mobile applications (apps) woven into all028

parts of our daily life, it is critically important to029

ensure the high quality of apps. User interface (UI)030

automation, the process of programmatically exe-031

cuting sequences of UI interactions, has become an032

essential method for improving app quality by en-033

abling automated testing for bug and vulnerability034

detection (Lai and Rubin, 2019; Ma et al., 2025)035

and supporting user task automation (Orrù et al.,036

2023; Rawles et al., 2024; Li et al., 2025b; Zhang037

et al., 2023).038

While recent advances in UI automation, no-039

tably the integration of LLM-based UI agents (Liu040

et al., 2025; Zhao et al., 2024; Ran et al., 2024)041

that explicitly model the available actions in each042

UI screen, have demonstrated encouraging results, 043

the ever-growing complexity of modern UIs con- 044

tinues to hinder effective and efficient automation. 045

In particular, existing approaches struggle in long- 046

horizon planning tasks that require navigating via 047

multiple UIs since such multi-step planning often 048

leads to increased hallucination rates (Liu et al., 049

2023; Wei et al., 2025; Xie et al., 2025; Wu et al.). 050

For example, the LLM-based agents employed by 051

these approaches typically follow a depth-first strat- 052

egy to find valid action sequences, making deci- 053

sions based on local UI states without understand- 054

ing the global transition structure, where different 055

UIs can lead to distinct subsequent actions. Con- 056

sequently, they often fail to derive valid sequences 057

that accomplish task goals and repeatedly waste 058

effort on actions that diverge from those goals. 059

Key Insights. To address this fundamental limita- 060

tion, we introduce an external planner module that 061

provides LLM-based UI agents with global transi- 062

tion knowledge extracted through program analysis. 063

This module leverages established planning algo- 064

rithms to prevent redundant exploration and guide 065

the agent toward diverse action sequences that are 066

more likely to achieve the automation goals. Specif- 067

ically, we model an app’s global transition structure 068

via a UI Transition Graph (UTG) (Sun et al., 2025; 069

Wen et al., 2024), with nodes representing UIs and 070

edges representing user-triggered UI transitions. A 071

UI automation problem, navigating from a start UI 072

to a target UI, can thus be formulated as a pathfind- 073

ing problem on the UTG, where the objective is 074

to find an optimal path from the start node to the 075

target node. This formalization enables the use of 076

off-the-shelf symbolic planners to derive provably 077

correct and optimal plans, thereby fundamentally 078

mitigating high-level planning hallucinations and 079

enhancing the reliability of LLM-based UI agents. 080

Our Method. Building upon these insights, in this 081

paper, we introduce AGENT+P, an agentic frame- 082

work that leverages symbolic planning to guide UI 083

1

https://anonymous.4open.science/r/agentp-F7AF
https://anonymous.4open.science/r/agentp-F7AF
https://anonymous.4open.science/r/agentp-F7AF


agents. Given a natural language UI automation084

goal and the app for automation, AGENT+P op-085

erates iteratively in four stages, each executed by086

an LLM-based module, until the goal is achieved:087

the UTG Builder constructs a static UTG of the088

app and dynamically updates it during automation.089

The Node Selector maps the natural language goal090

to a targeted node in the UTG. The Plan Gener-091

ator translates the UTG into a pathfinding prob-092

lem using Planning Domain Definition Language093

(PDDL) (Aeronautiques et al., 1998), which is then094

solved by an external symbolic planner. The re-095

sulting symbolic plan is subsequently converted096

into natural language instructions. Finally, the UI097

Explorer interacts with the app to execute the trans-098

lated instructions to navigate to the goal.099

AGENT+P is designed as a plug-and-play plan-100

ning framework that can be incorporated with101

and enhance existing UI agents. We evaluate102

AGENT+P by integrating it with four state-of-the-103

art agents on the AndroidWorld benchmark. Our104

results demonstrate that by leveraging symbolic105

planning on the UTG, AGENT+P increases the suc-106

cess rates of baseline agents by up to 14.31% and107

reduces the action steps by 37.70%.108

Our primary contributions are as follows:109

• We propose AGENT+P, a novel framework that110

leverages symbolic planning to provide LLM-111

based UI agents with global transition informa-112

tion derived from program analysis, mitigating113

the long-horizon planning failures commonly114

faced by these agents.115

• We present a novel formalization that maps the116

problem of UI automation into a pathfinding117

problem in the UTG, making it solvable with118

provably correct symbolic planners.119

• We conduct extensive evaluation on the Android-120

World benchmark, demonstrating that AGENT+P121

substantially improves the success rate and effi-122

ciency of three state-of-the-art UI agents.123

2 Background and Motivation124

2.1 UI and UI Transition Graph125

To motivate our method, we begin by introducing126

the concepts of widget, UI, and the modeling of UI127

transitions (i.e., UTG).128

Definition 1 (Widget, Action). A widget, denoted129

as w, is a basic interactive element on a UI screen.130

An action, denoted as a, is a 2-tuple a = (w,e),131

where w is a widget, e is the user event (e.g., click,132

input).133

Table 1: Average number of UTG nodes and edges for
apps. SRapp > SR represents apps where the agent’s
success rate exceeds its overall average, while SRapp ≤
SR represents apps where it underperforms.

Nodes Edges

Agent SRapp > SR SRapp ≤ SR SRapp > SR SRapp ≤ SR

DroidRun 27.0 71.2 62.7 168.0
LX-GUIAgent 29.3 53.8 65.9 129.2
AutoGLM 39.4 42.0 90.6 100.3
Finalrun 23.8 55.0 59.5 125.6
UI-Venus 18.0 50.7 66.0 108.0

Following existing UI agents that represent a UI 134

as a sequence of widgets and supported actions (An- 135

droid World, 2025; Ye et al., 2025; Dai et al., 2025; 136

Li et al., 2025b), we define the UI state (shortened 137

as UI) as follows: 138

Definition 2 (UI). A UI, denoted as u, is an n- 139

tuple of all unique actions available on the screen, 140

u = (a1,a2, . . . ,an), where n is the total number of 141

available actions. 142

This level of abstraction is sufficient to represent UI 143

transitions while avoiding state explosion (Valmari, 144

1996). 145

Definition 3 (UI Transition Graph). A UTG for an 146

app is a directed graph G = (U ,T ,ε) that models 147

the transition structure of the app. 148

• U is a finite set of nodes, where each node u∈U 149

represents a UI u in the app. 150

• T ⊆U ×U is a set of directed edges. An edge 151

(ui,u j) ∈T represents a transition from UI ui to 152

UI u j. 153

• ε : T →A is an edge-labeling function. It maps 154

each transition (ui,u j) to the action a = (w,e) 155

that triggers it, where the widget w is an element 156

of the source UI ui. 157

Figure 2 shows an example of UTG of an An- 158

droid app named Simple Calendar Pro in Android- 159

World benchmark. 160

2.2 Motivational Study 161

To investigate how UI complexity affects agent 162

performance, we conduct a motivational study us- 163

ing the AndroidWorld benchmark (Rawles et al., 164

2024). This benchmark consists of 116 program- 165

matic tasks across 20 Android apps, where an agent 166

must navigate a given app to satisfy a natural lan- 167

guage instruction. 168

Performance is evaluated using a task-level “suc- 169

cess rate”. While published results typically re- 170

port a single average across all tasks, we aim to 171

uncover performance variations across different ap- 172

plications. We define SR as the agent’s overall 173
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average success rate across the entire benchmark.174

For any given app, we calculate SRapp, the success175

rate specific to that app.176

Based on these metrics, we classify apps into two177

categories: those where the agent exceeds its aver-178

age performance (SRapp > SR) and those where it179

underperforms (SRapp ≤ SR).180

Table 1 compares the UI complexity, measured181

by the number of UTG nodes and edges, between182

these two categories. Our statistical analysis shows183

that apps where agents underperform (SRapp ≤ SR)184

have significantly more UTG nodes and edges185

than those where they succeed (p = 0.03). This186

indicates that existing agents struggle with high-187

complexity UIs, motivating our approach to lever-188

age the app’s transition structure.189

3 Problem Formulation190

In this section, we first define the problem of tar-191

geted UI automation, and how to convert it into an192

equivalent classical planning problem.193

3.1 Problem Definition194

With the structure of the app modeled as a UTG, we195

can now formally define the task of UI automation.196

Definition 4 (UI Automation). UI automation is197

the process of programmatically executing a se-198

quence of actions π = ⟨a1,a2, . . . ,aN⟩, where each199

action ai ∈A .200

In this work, we focus on a specific, goal-201

oriented variant of this task.202

Definition 5 (Targeted UI Automation). Given an203

app with an initial UI uinit and a target UI utarget ,204

the objective is to find a valid sequence of actions205

π = ⟨a1,a2, . . . ,aN⟩, where ai = (wi,ei), that navi-206

gates the app from uinit to utarget .207

We formulate targeted UI automation as a208

pathfinding problem on the UTG. Let κ : A →209

R+ be a cost function that assigns a positive cost to210

each action, representing computational resources,211

execution time, or other relevant metrics. The prob-212

lem is then to find a path from uinit to utarget that213

minimizes the total execution cost:214

π
∗ = argmin

π

N

∑
i=1

κ(ai).215

To simplify the formulation, in this work, we adopt216

a uniform action cost. This reduces the cost-217

minimization task to the classical shortest path218

problem, where the objective is to find the path219

from uinit to utarget with the fewest actions.220

Listing 1: Domain PDDL for targeted UI automation.
1 (define (domain utg -automation)
2 (: requirements :strips :typing)
3
4 (:types
5 node - object
6 )
7
8 (: predicates
9 (at ?n - node)

10 (connected ?from - node ?to - node)
11 (visited ?n - node)
12 (goal -node ?n - node)
13 (goal -achieved ?n - node)
14 )
15
16 (: action navigate
17 :parameters (?from - node ?to - node)
18 :precondition (and
19 (at ?from)
20 (connected ?from ?to)
21 )
22 :effect (and
23 (not (at ?from))
24 (at ?to)
25 (visited ?to)
26 (when (goal -node ?to) (goal -achieved ?to))
27 )
28 )
29 )

3.2 Symbolic and Classical Planning 221

Symbolic planning is a long-standing area of AI 222

concerned with finding a sequence of actions to 223

achieve a predefined goal. The most fundamen- 224

tal and widely studied form is classical plan- 225

ning where a planning problem instance, P, is for- 226

mally described as a tuple P = ⟨D ,sinit ,G ⟩, where 227

D = ⟨F ,A ⟩ is the planning domain. These com- 228

ponents are defined as follows: 229

• States: F is a set of fluents or predicates that 230

describe the properties of the world. A state s is a 231

complete assignment of truth values to all fluents 232

in F . The set of all possible states is the state 233

space S . 234

• Initial State: sinit ∈S is the initial state of the 235

world. 236

• Goal: G is the goal specification, a set of condi- 237

tions on states. Any state s ∈S that satisfies all 238

conditions in G is a goal state. 239

• Actions: A is a set of actions. Each action a ∈ 240

A is defined by its preconditions, pre(a), and its 241

effects, eff(a). An action can only be executed 242

in a state where its preconditions are met, and its 243

effects describe how the state changes after its 244

execution. 245

A plan, π , is a sequence of actions ⟨a1,a2, . . . ,aN⟩ 246

that transforms the initial state sinit into a goal state. 247

This is achieved by applying the actions sequen- 248

tially, where each action ai is applicable in the state 249

resulting from the execution of ai−1, and the final 250

state after executing aN satisfies G . 251
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Table 2: Mapping of UI automation notation to classical planning equivalent.

UI Automation Notation Classical Planning Equivalent

A UI state (UI) u ∈U A state s ∈S where the predicate at(u) is true
The set of all UIs U The state space S
The initial UI uinit The initial state sinit , defined by at(uinit)
The target UI utarget The goal G , specified by the condition at(utarget)
A UI transition via the edge (ui,u j) with label a A planning action

Precondition: the app is on UI ui pre(a) : at(ui)
Effect: the app moves to UI u j e f f (a) : ¬at(ui)∧at(u j)

A path from uinit to utarget via the sequence of action π A plan π

The Planning Domain Definition Language252

(PDDL) (Aeronautiques et al., 1998) is the standard253

language for representing such planning problems,254

typically using two files: a domain file defining F255

and A , and a problem file defining sinit and G .256

3.3 UI Automation to Classical Planning257

The pathfinding problem can be naturally cast into a258

classical planning problem, allowing us to leverage259

classical planners to compute the solution, i.e., the260

shortest path. Table 2 illustrates the mapping from261

the UI automation domain to the classical planning262

domain, which is elaborated as follows:263

• States: A planning state s corresponds to the app264

being at a specific UI u. We can define a pred-265

icate at(u) which is true if the app is currently266

on UI u ∈U . The state space S is the set of all267

possible UIs, U .268

• Initial State: The initial state sinit is defined by269

the predicate at(uinit) being true.270

• Goal: The goal G is specified by the condition271

that the predicate at(utarget) must be true.272

• Actions: For each UI transition (ui,u j) in the273

UTG triggered by an action a = (w,e), we define274

a planning operator with precondition at(ui) and275

effects ¬at(ui) and at(u j).276

Following this formulation, we define a general277

PDDL domain file template applicable to any tar-278

geted UI automation task, as shown in Listing 1.279

Any specific user task, represented by UTG with280

a specified target UI, utarget , can be translated into281

a corresponding PDDL problem file via this tem-282

plate. For instance, to solve the “Change the time283

zone” task in the Simple Calendar Pro app, the284

UTG from Figure 2 is converted into the problem285

file presented in Listing 4. This symbolic represen-286

tation allows us to employ a classical planner to287

efficiently compute a valid and optimal sequence288

of actions to navigate the app from the initial UI,289

uinit , to the target, utarget .290

4 AGENT+P 291

Figure 1 illustrates the overall architecture of 292

AGENT+P, while the step-by-step workflow is de- 293

tailed in Algorithm 1. Specifically, given a natural 294

language goal specified by the user, AGENT+P op- 295

erates through four primary modules that interact 296

in a continuous loop until the goal is achieved (suc- 297

cess or failure): the UTG Builder, the Node Se- 298

lector, the Plan Generator, and the UI Explorer. 299

In the following subsections, we elaborate on the 300

design rationale and functionality of each module. 301

4.1 UTG Builder 302

Existing methods for constructing a UTG rely on ei- 303

ther dynamic analysis (Wen et al., 2024; Sun et al., 304

2025), which is accurate but often suffers from 305

high cost and incomplete coverage, or static analy- 306

sis (Azim and Neamtiu, 2013; Yang et al., 2018), 307

which is more comprehensive but can introduce 308

infeasible transitions (Liu et al., 2022). 309

To overcome these limitations, AGENT+P uti- 310

lizes a hybrid approach that synergizes both tech- 311

niques to build UTG. AGENT+P begins by perform- 312

ing static analysis to construct an initial UTG (Line 313

1 of Algorithm 1), following established practices 314

that track API calls responsible for UI transitions in 315

the app’s source code (Yang et al., 2018; Liu et al., 316

2022). 317

Based on the environment feedback, the initial 318

UTG is dynamically verified and refined as the 319

UI Explorer explores the app (Line 10 and Line 320

16) (Zhu et al., 2025b). Specifically, let the current 321

UTG be G = (U ,T ,ε). During UI automation, 322

an observed transition (ui,aobs,u j), where ui ∈U , 323

updates the graph to G′ = (U ′,T ′,ε ′) in one of 324

three ways: 325

• Update Edge: An action leads from an existing 326

source node to a target node, but the recorded ac- 327

tion does not match the corresponding one in the 328
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Figure 1: Overview of AGENT+P.

UTG. Formally, if (ui,u j) ∈T and ε((ui,u j)) ̸=329

aobs, the labeling function is updated such that330

ε ′((ui,u j)) = aobs, while U ′ = U and T ′ = T .331

• Add Edge: An action connects two existing UI332

nodes, but no corresponding edge exists in the333

UTG. This occurs when u j ∈U and (ui,u j) /∈T .334

A new transition is added by setting T ′ = T ∪335

{(ui,u j)} and extending ε ′ with ε ′((ui,u j)) =336

aobs.337

• Add Node: An action leads to a UI that is not yet338

in the UTG. If u j /∈U , a new node and edge are339

added to the graph: U ′ = U ∪{u j}, T ′ = T ∪340

{(ui,u j)}, and ε ′ is extended with ε ′((ui,u j)) =341

aobs.342

This approach allows AGENT+P to maintain a343

UTG that is both comprehensive and dynamically344

accurate, combining the breadth of static analysis345

with the precision of real-time exploration.346

4.2 Node Selector347

A critical challenge in AGENT+P is mapping an348

unstructured, natural language goal (e.g., “Create a349

playlist”) to a concrete UI state (utarget) within the350

app (Line 5). To bridge the semantic gap between351

user intent and UI elements (Baechler et al., 2024;352

Li et al., 2021, 2025a), we implement a hierarchical353

identification strategy that leverages both the rea-354

soning capabilities of LLM and efficient semantic355

retrieval.356

MLLM-based Identification. We query a Multi-357

modal Large Language Model (MLLM) with the358

user’s goal and the representations of candidate359

UIs. The MLLM is prompted to analyze the screen360

content and directly identify which UI screen corre-361

sponds to the user’s objective. The specific prompt362

template used for this reasoning process is detailed363

in Listing 5.364

Algorithm 1: Workflow of AGENT+P
Input: Natural language goal gnl , App A , Max

running steps maxStep
Output: Automation outcome: Success or Failure
Aliases: UB← UtgBuilder; NS← NodeSelector; PG
← PlanGenerator; UE← UiExplorer

1 G← UB.buildStaticUTG(A );
2 ucur← getCurrentUI(A );
3 steps← 0;
4 while steps≤ maxStep do
5 utarget ← NS.selectTargetNode(gnl ,G);
6 Plan← PG.generatePlan(ucur,utarget ,G);
7 if Plan is valid then
8 for each action ai in Plan do
9 unext ← UE.act(ai);

10 G← UB.update(G,ucur,ai,unext);
11 ucur← unext ;
12 else
13 neighbors← PG.getNeighbors(ucur,G);
14 a← UE.decideAction(neighbors,ucur);
15 unext ← UE.act(a);
16 G← UB.update(G,(ucur,a,unext));
17 ucur← unext ;
18 if UE.evaluate(gnl)) then
19 return Success;
20 steps← steps+1;
21 return Failure;

Embedding-based Fallback. In cases where the 365

MLLM fails to return a confident result, AGENT+P 366

computes semantic embeddings for both the user’s 367

input query and the textual representations of all 368

UI nodes in the UTG. We then calculate the co- 369

sine similarity between the query embedding and 370

each node embedding, selecting the node with the 371

highest similarity score as the target. 372

4.3 Plan Generator 373

Once the target node utarget is identified, the task 374

becomes a classical planning problem: finding the 375

shortest sequence of actions from the current UI 376

state to the target state. The Plan Generator or- 377

chestrates this by first converting the UTG into the 378
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PDDL format. It then invokes a classical planner379

to solve for an optimal PDDL plan (Line 6).380

This symbolic plan is subsequently translated381

back into a sequence of clear, natural language in-382

structions for the UI Explorer to execute. An exam-383

ple of a raw PDDL plan and its corresponding nat-384

ural language translation are shown in Appendix in385

Listing 6 and Table 6, respectively. In cases where386

the classical planner fails to find a valid path (e.g.,387

if the target is unreachable), AGENT+P implements388

a fallback strategy. Instead of a plan, it generates389

a textual summary of the k-hop neighboring nodes390

from the current UI, providing contextual informa-391

tion to help the agent decide on its next steps (Line392

12-14).393

4.4 UI Explorer394

The UI Explorer acts as the AGENT+P’s execution395

engine, emulating user interactions with the app396

(Line 9, Line 14-15, and Line 18-19). It takes397

the natural language plan and executes each step398

programmatically. After each action, it evaluates399

whether the resulting UI state matches the expected400

goal.401

A key design feature of the UI Explorer is its402

modularity. It is a plug-and-play component, al-403

lowing AGENT+P to be integrated with various404

types of UI agents, including those based on LLMs,405

MLLMs, or other specialized models that incor-406

porate capabilities like reflection and grounding.407

This flexibility is demonstrated in our evaluation408

(Section 6), where we integrate AGENT+P with409

different UI agents to showcase its broad applica-410

bility.411

5 Evaluation Setting412

5.1 Datasets413

We evaluate AGENT+P in two distinct UI automa-414

tion scenarios: user task execution and automated415

UI testing.416

User Task Execution. We use Android-417

World (Rawles et al., 2024), which is a standard418

benchmark for evaluating how well UI agents per-419

form real-world tasks. It provides automatic met-420

rics to assess the success rate of an agent. For this421

scenario, we evaluate a subset of apps from the422

AndroidWorld benchmark. This subset consists of423

apps where baseline agents most frequently failed,424

as identified in our motivational study in subsec-425

tion 2.2. Table 5 summarizes the characteristics of426

these apps, including the number of tasks and the427

complexity of their UTGs (nodes and edges). 428

Automated UI Testing. No established benchmark 429

currently exists. Therefore, we design a custom 430

test case that requires the agent to navigate to an 431

app’s privacy policy page. We choose this case for 432

two primary reasons: (1) Relevance: Every app 433

is mandated to include a privacy policy page, yet 434

these pages often require security auditing for vi- 435

olations (Yang et al., 2022; Slavin et al., 2016), 436

creating a strong need for automated UI testing. (2) 437

Complexity: The visual implementation and loca- 438

tion of entry points (e.g., settings icons, hamburger 439

menus) vary significantly across apps, posing a 440

non-trivial navigation challenge for agents attempt- 441

ing to locate the target UI without errors. For this 442

scenario, we evaluate on all the apps from the An- 443

droidWorld benchmark. 444

5.2 Baselines 445

We compare AGENT+P against two categories of 446

state-of-the-art approaches in UI automation: 447

General UI Agents. We select DroidRun, Mo- 448

bileUse, and the T3A agent from the official An- 449

droidWorld leaderboard (Android World, 2025). 450

We chose these specific agents because other leader- 451

board entrants are either not open-source or their 452

released code is non-functional. For our evalua- 453

tion, we integrate each as the UI Explorer module 454

within AGENT+P. Note that T3A is tightly coupled 455

with the AndroidWorld infrastructure and cannot 456

be adapted for the UI testing scenario. 457

UI Testing Tools. We also compare against three 458

approaches specifically for the automated UI test- 459

ing: 460

• Guardian (Ran et al., 2024): An LLM-based 461

UI agent for automated testing with traditional 462

planning. 463

• AutoDroid (Wen et al., 2024): An LLM-based UI 464

agent for UI Testing that utilizes UTGs without 465

symbolic planning. 466

• GoalExplorer (Lai and Rubin, 2019): A fully 467

symbolic UI automation approach based on 468

UTGs. 469

Since these three approaches do not support the 470

AndroidWorld environment, we evaluate them ex- 471

clusively on the automated UI testing scenario. 472

5.3 Metrics 473

Consistent with prior work (Rawles et al., 2024; Li 474

et al., 2025b), we employ Success Rate (SR) as the 475

primary metric to evaluate the effectiveness of each 476
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Table 3: AGENT+P compared with existing UI agents
and traditional UI Automation approaches. We highlight
the rows where AGENT+P is integrated. SR is short for
Success Rate.

Approaches User Task Execution Automated UI Testing

SR (%) Steps Time (s) SR (%) Steps Time (s)

DroidRun 15.91 5.18 33.38 60.00 6.10 19.90
+ AGENT+P 28.41 17.09 99.50 60.00 3.80 16.90

MobileUse 9.09 20.45 256.02 40.00 7.36 22.32
+ AGENT+P 11.36 19.61 219.28 50.00 4.00 18.45

T3A 24.32 17.89 114.39 –
+ AGENT+P 38.63 13.43 95.90 –

AutoDroid – 35.00 9.42 46.43
Guardian – 35.00 12.31 128.37
GoalExplorer – 15.00 3.60 8.40

UI automation approach.477

Since the integration of a symbolic planner in-478

troduces planning latency, it is critical to assess479

whether the improved effectiveness justifies this480

cost. Therefore, to evaluate the overall efficiency,481

we report the average number of Steps (UI actions)482

and the total Time required to complete a task.483

6 Evaluation Results484

Table 3 presents our evaluation results across two485

UI automation scenarios.486

6.1 User Task Execution487

Effectiveness. As detailed in the left-hand section488

of Table 3, AGENT+P improves the success rate489

for all three baseline agents. The integration yields490

the most substantial gains for DroidRun, where491

the success rate nearly doubles from 15.91% to492

28.41%. Similarly, T3A achieves a gain 14.31% ab-493

solute improvement (24.32%→ 38.63%). Notably,494

the combination of T3A + AGENT+P achieves the495

highest overall success rate of 38.63%, surpassing496

all standalone baselines. These results confirm that497

augmenting LLM-based agents with global tran-498

sition information effectively resolves navigation499

bottlenecks, allowing them to complete complex500

tasks that standalone agents fail to solve.501

Efficiency. The impact of AGENT+P varies de-502

pending on the agent’s baseline behavior. For T3A503

and MobileUse, AGENT+P reduces both the av-504

erage steps and execution time, indicating that505

the planner helps the agent avoid “dead ends”506

and solve tasks more directly. Conversely, for507

DroidRun, we observe an increase in average steps508

(5.18→ 17.09) and total time. This inverse trend509

is because of the drastic increase in success rate;510

the standalone DroidRun agent tends to fail quickly511

on complex tasks (resulting in low step counts),512

whereas AGENT+P enables it to persist and suc- 513

cessfully navigate deeper into the app to com- 514

plete harder tasks, naturally incurring a higher step 515

count. 516

6.2 Automated UI Testing 517

Effectiveness. As shown in the right-hand sec- 518

tion of Table 3, the success rates of general UI 519

agents surpass those of dedicated UI testing tools. 520

Specifically, DroidRun + AGENT+P achieves a suc- 521

cess rate of 60.00%, outperforming AutoDroid and 522

Guardian by 25.00%. Furthermore, the purely sym- 523

bolic approach GoalExplorer struggles (15.00%). 524

Efficiency. While the integration of AGENT+P 525

yields varying improvements in effectiveness 526

(boosting MobileUse by roughly 10% while 527

DroidRun remains consistent), it drastically re- 528

duces the effort required to reach the target UI. 529

Since the privacy policy page is a fixed target, the 530

step count provides a direct measure of navigation 531

optimality. DroidRun + AGENT+P reduces the 532

average path length from 6.10 steps to 3.80 steps 533

(a 37.70% reduction) and total time from 19.90s 534

to 16.90s compared to the standalone configura- 535

tion. Similarly, MobileUse + AGENT+P reduces 536

the average steps from 7.36 to 4.00. These results 537

demonstrate that while standalone agents often rely 538

on exploration or trial-and-error to find a specific 539

page, AGENT+P guides them via the optimal path 540

derived from the underlying UTG, minimizing re- 541

dundant interactions and accelerating the testing 542

process. 543

7 Discussion 544

Symbolic Planning as a Remedy for LLM Hal- 545

lucination. Our study demonstrates that integrat- 546

ing classical symbolic planning with LLM-based 547

agents substantially mitigates long-horizon plan- 548

ning failures. Unlike end-to-end LLM reasoning, 549

which often suffers from hallucination and my- 550

opic exploration, symbolic planners provide global 551

guarantees on correctness and optimality. This 552

synergy leverages the complementary strengths of 553

both paradigms: the interpretability and reliability 554

of symbolic reasoning, and the perception and lin- 555

guistic versatility of LLMs. We believe that such 556

hybrid architectures represent a promising direction 557

for future UI automation and broader embodied AI 558

research. 559

Generalization. AGENT+P’s methodology ex- 560

tends beyond Android UI automation to any do- 561
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main modeled by state–transition graphs, includ-562

ing web (Zhou et al., 2023) and robotics (Zhu563

et al., 2025a). By substituting the UTG with anal-564

ogous structures (e.g., DOM), AGENT+P offers a565

blueprint for a unified symbolic–neural framework566

for general UI reasoning.567

Multi-Goal Automation. Our current implemen-568

tation simplifies UI automation tasks into single-569

goal navigation problems, where the objective is to570

reach a single target UI. However, many practical571

user tasks are inherently multifaceted and require572

achieving a sequence of sub-goals. For instance,573

a task like “Add an item to the shopping cart and574

then proceed to checkout” involves successfully575

reaching the item’s page (goal 1) and subsequently576

navigating to the checkout screen (goal 2).577

Extending AGENT+P to handle multi-goal sce-578

narios would involve evolving the Node Selector579

into a more sophisticated “Goal Decomposer” ca-580

pable of parsing a complex natural language in-581

struction into an ordered list of target UI nodes582

{utarget_1,utarget_2, . . . ,utarget_n}. Subsequently, the583

Plan Generator would leverage the native ability584

of PDDL to support multiple goal predicates, en-585

abling the generation of a single, cohesive plan that586

traverses the UTG to satisfy all sub-goals. This ef-587

fectively extends AGENT+P to a hierarchical plan-588

ning paradigm. However, this approach also raises589

new research questions regarding goal ordering and590

dependency resolution, especially when goals be-591

come infeasible at runtime.592

8 Related Work593

8.1 UI Automation594

Traditionally, research in UI automation has cen-595

tered on automated testing, where the primary ob-596

jective is to systematically explore an app’s UIs to597

discover bugs (Ran et al., 2024; Hu and Neamtiu,598

2011; Lai and Rubin, 2019), or security vulnerabil-599

ities (Shahriar and Zulkernine, 2009; Moura et al.,600

2023; Liu et al., 2020). With the recent advent601

of LLMs, the focus has expanded to task-driven602

GUI agents, which aim to complete specific real-603

world tasks rather than maximizing the exploration604

coverage (Wen et al., 2024; Rawles et al., 2024).605

8.2 LLM + Symbolic Planner606

Prior work demonstrates the mutual benefits of607

combining LLMs with symbolic planners. One608

prominent direction involves using LLMs to for-609

malize natural language problems into PDDL, al-610

lowing classical solvers to guarantee reliable ex- 611

ecution (Liu et al., 2023; Dagan et al., 2023; 612

Guan et al., 2023; Valmeekam et al., 2023). Con- 613

versely, other approaches use LLMs to augment 614

symbolic planners by interpreting environment 615

feedback (Zhu et al., 2025b,a). AGENT+P syn- 616

thesizes insights from both directions: it employs 617

a symbolic planner to guide the LLM’s decision- 618

making, while simultaneously leveraging the LLM 619

to interpret UI feedback and refine the symbolic 620

planning space. 621

8.3 UI Transition Modeling 622

Existing works construct UTGs (or similar con- 623

cepts) using various methods across multiple plat- 624

forms. One primary approach is dynamic analysis, 625

where the application is executed to observe real 626

transitions. This is seen in early, multi-platform 627

(e.g., web, mobile) systems like GUITAR (Nguyen 628

et al., 2014) and more recent tools such as GUI- 629

Xplore (Sun et al., 2025) and Autodroid (Wen et al., 630

2024). The other approach is static analysis, which 631

infers control flow from the app’s code, such as 632

A3E’s activity transition graph (Azim and Neamtiu, 633

2013) and Gator’s window transition graph (Yang 634

et al., 2018). AGENT+P constructs the UTG to 635

model UI transitions by synergistically combining 636

both static and dynamic techniques. 637

9 Conclusion 638

In this paper, we introduced AGENT+P, a novel 639

agentic framework designed to address the critical 640

challenge of long-horizon planning in UI automa- 641

tion. By modeling an app’s transition structure as 642

a UTG and leveraging an external symbolic plan- 643

ner, AGENT+P provides LLM-based agents with a 644

globally optimal, high-level plan, effectively miti- 645

gating hallucination that causes common automa- 646

tion failure. Our evaluation on the AndroidWorld 647

benchmark demonstrates that AGENT+P can be in- 648

tegrated as a plug-and-play module to substantially 649

improve the success rates of state-of-the-art UI 650

agents. We believe AGENT+P lays the foundation 651

for future research into neuro-symbolic planning 652

paradigms for creating more robust and reliable UI 653

agents for complex UI automation tasks. 654

Limitations 655

While AGENT+P effectively bridges global plan- 656

ning with local reasoning, several challenges re- 657

main. First, constructing accurate UTGs still de- 658
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pends on program analysis quality. Static analysis659

may include infeasible edges, while dynamic ex-660

ploration may yield incomplete coverage. Second,661

translating between natural language and PDDL662

representations introduces an additional layer of663

abstraction; errors in this translation can propagate664

through the pipeline. Finally, classical planners as-665

sume deterministic transitions, yet real-world GUIs666

often contain stochastic behaviors (e.g., pop-ups or667

async UI updates), which may lead to plan diver-668

gence during execution. Addressing these issues669

requires tighter integration between the planner and670

the environment to support real-time re-planning671

and uncertainty handling.672

Ethical Considerations673

Automated UI agents that can execute complex674

tasks on real applications must be deployed with675

care. Potential misuse, such as automating sensitive676

or privacy-related operations without explicit con-677

sent, highlights the need for transparent auditing678

and permission control. In our implementation, all679

experiments are conducted on benign benchmark680

apps under controlled environments.681
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A Implementation and Ablation Study 895

A.1 Implementation 896

At the time of our experiments, MobileUse and 897

DroidRun claimed 0.91 on the official Android- 898

World leaderboard. However, the exact configura- 899

tions used to obtain these results (e.g., backbone 900

LLMs, enabling reasoning or vision capabilities) 901

were not publicly disclosed. To ensure a fair com- 902

parison, we rerun each agent using three state-of- 903

the-art LLMs: GPT-5, Gemini-3, and Grok 4, under 904

multiple parameter configurations. We adopt the 905

configuration with the best performance for our 906

evaluation. 907

The static UTG is constructed using IC- 908

CBot (Yan et al., 2022) and FlowDroid (Arzt et al., 909

2014). For the classical planner, we employ Fast 910

Downward with an A∗ search algorithm to find opti- 911

mal paths. To ensure the reliability of our findings, 912

all experiments were conducted three times, and 913

we report the average values. 914

A.2 Ablation Study 915

Table 4: Ablation study results for AGENT+P. We eval-
uate the impact of removing or replacing components
in the UTG Builder, Node Selector, and Plan Generator.

Component / Variant SR (%)

UTG Builder
w/o Dynamic Update 34.88

Node Selector
w/o Embedding 37.21
w/o MLLM 27.91

Plan Generator
DFS 23.26
BFS 24.65

AGENT+P (Full Method) 38.63

To validate the design choices within AGENT+P, 916

we evaluate the individual contribution of its three 917

core components: the UTG Builder, Node Selec- 918

tor, and Plan Generator. Table 4 summarizes the 919

success rates of AGENT+P (integrated with T3A) 920

compared to variants where specific features are 921

removed or replaced. 922

Impact of Plan Generator. We first assess the ef- 923

fectiveness of our symbolic planning approach by 924

replacing it with standard graph search algorithms: 925

Depth-First Search (DFS) and Breadth-First Search 926

(BFS). In this case, the output of Plan Generator is 927

11



UTG paths containing the target node. As shown928

in the table, replacing the symbolic planner leads929

to a huge performance drop, with DFS and BFS930

achieving only 23.26% and 24.65% SR, respec-931

tively. This degradation occurs because standard932

search algorithms blindly explore the large state933

space of Android apps, often exhausting the time934

budget or step limit before achieving the goal. In935

contrast, our symbolic planner leverages the high-936

level logic of the UTG to prune irrelevant paths,937

achieving a substantially higher SR of 38.63%.938

Impact of Node Selector. We investigate the role939

of the Node Selector by ablating its hierarchical940

strategies. Removing the MLLM (“w/o MLLM”)941

results in a sharp decline in performance to 27.91%.942

This underscores that the visual and semantic rea-943

soning capabilities of the MLLM are critical for944

correctly identifying relevant UI elements. Remov-945

ing the embedding-based filtering (“w/o Embed-946

ding”) yields a smaller reduction (37.21%), indicat-947

ing that while embeddings help refine the selection,948

the MLLM provides the primary guidance.949

Impact of UTG Builder. Finally, we examine950

the UTG Builder by disabling the dynamic update951

mechanism (“w/o Dynamic Update”). This vari-952

ant, which relies on a static or append-only graph953

without refining existing transitions, achieves an954

SR of 34.88%. The drop in performance confirms955

that dynamically updating the UTG is beneficial956

for maintaining an accurate UTG.957

B Details on Static UTG Construction958

We construct the UTG G = (U ,T ,ε) via a three-959

step static analysis of the source code of an Axn-960

droid app.961

UI Identification (U ). First, we identify the set962

of all possible UIs, U . In the context of Android963

applications, a UI state generally corresponds to964

one of three primary components:965

• Activity: An Activity represents a single, focused966

screen with a user interface. It serves as the entry967

point for interacting with the user and usually968

occupies the entire display window.969

• Dialog: A Dialog is a small window that appears in970

front of the current Activity. It captures user fo-971

cus for critical decisions or additional input with-972

out navigating away from the underlying screen.973

• Fragment: A Fragment represents a reusable por-974

tion of the user interface within an Activity. Frag-975

ments have their own lifecycle and input han-976

dling, allowing for dynamic and flexible UI de-977

signs (e.g., tabbed views or sidebars). 978

Listing 2: Code snippet of an activity.
1 public class CalendarActivity extends Activity { 979
2 @Override 980
3 protected void onCreate(Bundle 981

savedInstanceState) { 982
4 super.onCreate(savedInstanceState); 983
5 // We identify this onCreate call as the 984

creation of the activity. 985
6 setContentView(R.layout.activity_calendar); 986
7 } 987
8 } 988

Transition Extraction (T ). Next, we construct 989

the set of directed edges T . We analyze methods 990

containing navigation-related API calls to deter- 991

mine target UIs. 992

• Intents: For startActivity(Intent), we resolve the 993

target component class from the Intent constructor 994

or setClass method. 995

• Fragment Transactions: For internal transi- 996

tions, we track the target fragment class used 997

in FragmentTransaction. 998

If a source UI ui (e.g., CalendarActivity) contains a 999

reachable call that launches a target UI u j (e.g., 1000

EventActivity), we add an edge (ui,u j) ∈T . 1001

Edge Labeling (ε). Finally, we define the edge- 1002

labeling function ε by linking each transition 1003

(ui,u j) back to the specific widget interaction that 1004

triggers it. We perform a reverse reachability anal- 1005

ysis from the navigation call (identified in Step 2) 1006

to the enclosing event listener (e.g., onClick). 1007

This allows us to characterize the action a = 1008

(w,e) where w is the widget bound to the listener 1009

and e is the event type. As shown in Listing 3, 1010

the button btnAddEvent is identified as the widget w 1011

responsible for the transition to EventActivity. 1012

Listing 3: Linking a transition to an action a =
(w,click).

1 Button btnAddEvent = findViewById(R.id.btn); 1013
2 // The event listener defines the action type $e$ ( 1014

click) 1015
3 btnAddEvent.setOnClickListener(new View. 1016

OnClickListener () { 1017
4 @Override 1018
5 public void onClick(View v) { 1019
6 // We link this navigation to widget $w_{ 1020

btnAddEvent}$ 1021
7 // Creates edge $(u_{calendar}, u_{event})$ 1022

labeled by $a$ 1023
8 Intent intent = new Intent(CalendarActivity. 1024

this , EventActivity.class); 1025
9 startActivity(intent); 1026

10 } 1027
11 }); 1028
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C Additional Figures and Tables1029

Table 5: Statistics of apps used in evaluation.

App Tasks Nodes Edges

VLC 3 85 190
Simple Calendar Pro 17 24 25
Tasks 6 86 127
Markor 14 14 17
OsmAnd 3 152 508

Listing 4: Example problem PDDL for the Simple Cal-
endar Pro app with the task Change the time zone.

1 (define (problem change -time -zone)
2 (: domain utg -automation)
3
4 (: objects
5 SplashActivity - node
6 MainActivity - node
7 EventActivity - node
8 SettingsActivity - node
9 AboutActivity - node

10 TaskActivity - node
11 SelectTimeZoneActivity - node
12 ManageEventTypesActivity - node
13 WidgetListConfigureActivity - node
14 ContributorsActivity - node
15 FAQActivity - node
16 LicenseActivity - node
17 )
18
19 (:init
20 (at SplashActivity)
21
22 (goal -node SelectTimeZoneActivity)
23
24 (connected SplashActivity MainActivity)
25 (connected MainActivity EventActivity)
26 (connected MainActivity SettingsActivity)
27 (connected MainActivity AboutActivity)
28 (connected MainActivity TaskActivity)
29 (connected EventActivity EventActivity)
30 (connected EventActivity SelectTimeZoneActivity)
31 (connected SettingsActivity

ManageEventTypesActivity)
32 (connected SettingsActivity

WidgetListConfigureActivity)
33 (connected AboutActivity ContributorsActivity)
34 (connected AboutActivity FAQActivity)
35 (connected AboutActivity LicenseActivity)
36 (connected TaskActivity TaskActivity)
37 )
38
39 (:goal
40 (goal -achieved SelectTimeZoneActivity)
41 )
42 )

Listing 5: Prompt template of Node Selector.
1 Given the user goal: "{user_goal}".
2
3 Select the most relevant UTG nodes to achieve this

goal.
4
5 Available UTG nodes:
6 {chr (10).join(nodes_information)}
7
8 Return your response in JSON format:
9 {{

10 "nodes": ["node1", "node2", ...],
11 "confidence": 0.8,
12 "reasoning": "brief explanation"
13 }}
14
15 For example ,
16 Available UTG nodes are:
17
18
19 Return ONLY the JSON , no other text.

Listing 6: The plan generated by Fast Downward A∗ for
the Simple Calendar Pro app with the task Add a new
event type named “1-on-1 meeting”.

1 (navigate SplashActivity MainActivity)
2 (navigate MainActivity SettingsActivity)
3 (navigate SettingsActivity ManageEventTypesActivity)
4 ; cost = 3 (unit cost)

13



EventActivity

SelectTimeZoneActivity

MainActivity

SettingsActivity

TaskActivity

AboutActivity

ManageEventTypesActivity

WidgetListConfigureActivity

SplashActivity

ContributorsActivity

FAQActivity

LicenseActivity

Figure 2: Graphviz visualization of the UTG of Simple Calendar Pro in AndroidWorld. An activity is an unit of
Android UI (Google Developers, 2025). Edge labels are removed for visual clarity.

Table 6: Example natural language prompt for the Simple Calendar Pro app with the task Add a new event type
named ‘1-on-1 meeting’.

Category Content

Natural
Language
Instructions

— UTG Navigation Guide —
Current UI: MainActivity

— NAVIGATION PLAN FOR YOUR GOAL —
Goal Analysis: Based on your goal, the system identified these target destinations:
• ManageEventTypesActivity
Confidence: 95%

OPTIMAL PATH (Follow these steps in order):
Step 1: Navigate from MainActivity to SettingsActivity
Step 2: Navigate from SettingsActivity to ManageEventTypesActivity
IMMEDIATE NEXT ACTION:
→ on click the ImageView widget with content-description “more options” via API call
"virtualinvoke r0.<android.content.Context: void startActivity(android.content.Intent)>(r1)’ ()"
This will take you to: SettingsActivity
Total steps in optimal path: 2

Usage Tips

This path was computed using PDDL planning for guaranteed optimality
— USAGE TIPS —
• If a NAVIGATION PLAN is shown above, follow it step by step for optimal path
• The plan was computed using formal PDDL planning algorithms
• If no plan exists, the target is unreachable from current location
• Some UI elements may not be visible - scroll if needed

Fallback

— ALL AVAILABLE NAVIGATION OPTIONS FROM HERE —
• TO REACH: EventActivity
→ on click ImageButton widget with context-description “New Event” via API call
"virtualinvoke r0.<android.content.Context: void startActivity(android.content.Intent)>(r1)’ ()"
• TO REACH: SettingsActivity
→ on click Button widget with content-description “Settings” via API call
"virtualinvoke r0.<android.content.Context: void startActivity(android.content.Intent)>(r1)’ ()"
• TO REACH: TaskActivity
→ on click ImageButton widget via api call "’virtualinvoke
r2.<android.content.Context: void startActivity(android.content.Intent)>(
r3)’ ()"
— End Navigation Guide —
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