
Agent-SAMA: State-Aware Mobile Assistant

Linqiang Guo1, Wei Liu1*, Yi Wen Heng1, Tse-Hsun (Peter) Chen1†, Yang Wang2

1Software PErformance, Analysis, and Reliability (SPEAR) lab, Concordia University, Montreal, Canada
2Concordia University, Canada

g linqia@live.concordia.ca, w liu201@encs.concordia.ca, he yiwen@encs.concordia.ca, peterc@encs.concordia.ca,
yang.wang@concordia.ca

Abstract

Mobile Graphical User Interface (GUI) agents aim to au-
tonomously complete tasks within or across apps based on
user instructions. While recent Multimodal Large Language
Models (MLLMs) enable these agents to interpret UI screens
and perform actions, existing agents remain fundamentally
reactive. They reason over the current UI screen but lack
a structured representation of the app navigation flow, lim-
iting GUI agents’ ability to understand execution context,
detect unexpected execution results, and recover from er-
rors. We introduce Agent-SAMA, a state-aware multi-agent
framework that models app execution as a Finite State Ma-
chine (FSM), treating UI screens as states and user actions as
transitions. Agent-SAMA implements four specialized agents
that collaboratively construct and use FSMs in real time to
guide task planning, execution verification, and recovery. We
evaluate Agent-SAMA on two types of benchmarks: cross-
app (Mobile-Eval-E, SPA-Bench) and mostly single-app (An-
droidWorld). On Mobile-Eval-E, Agent-SAMA achieves an
84.0% success rate and a 71.9% recovery rate. On SPA-
Bench, it reaches an 80.0% success rate with a 66.7% re-
covery rate. Compared to prior methods, Agent-SAMA im-
proves task success by up to 12% and recovery success by
13.8%. On AndroidWorld, Agent-SAMA achieves a 63.7%
success rate, outperforming the baselines. Our results demon-
strate that structured state modeling enhances robustness and
can serve as a lightweight, model-agnostic memory layer for
future GUI agents.

Code — https://doi.org/10.5281/zenodo.15430187

Introduction
Mobile apps have become an important part of people’s
daily life, providing access to online shopping, communi-
cation, social media, and more. To automate and support
these interactions, recent research has introduced graphical
user interfaces (GUI) agents that are powered by Multimodal
Large Language Models (MLLMs) (Lee et al. 2024; Wen
et al. 2024a; Wang et al. 2024b; Zhang et al. 2023a, 2024;
Li et al. 2024; Wang et al. 2024a, 2025b). Given a user in-
struction, such as “using Chrome to search for the date of the
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next Winter Olympics opening ceremony, and then setting a
reminder for that date in Calendar”, GUI agents can auto-
matically complete these tasks without human intervention.
The agents can analyze and reason app UI screens, iden-
tify actionable UI elements (e.g., buttons, input fields), and
perform actions such as tapping, typing, or scrolling (Zhang
et al. 2023a; Wang et al. 2024b,a, 2025b). By chaining
these interactions together, GUI agents can complete com-
plex multi-step tasks across diverse app environments.

However, existing GUI agents remain fundamentally re-
active: they primarily reason the next action based on the
current UI screen, without maintaining a structured repre-
sentation of app behaviors—like tourists who navigate a city
one street at a time, knowing where they have been but lack
a coherent view of the route or how different locations are
connected. This lack of structural understanding of an app’s
navigation logic limits GUI agents’ ability to interpret exe-
cution context, detect unexpected execution outcomes, and
recover from errors. To illustrate, Figure 1 shows how a user
interacts with the Walmart app by performing a sequence of
actions (e.g., tapping), where each action may lead to a tran-
sition to a new state (i.e., a new UI screen). The user types a
query to search for products, selects a product from the re-
sults to view its details on product page, and taps the button
to add the product to the shopping cart. Then, the user can
tap “X” to return to the previously visited product page.

In app usages, every step depends and builds on the prior
one to follow a task-oriented logical flow according to the
app’s requirements and design. Understanding such inter-
action flows is essential. As illustrated in the right side of
Figure 1, app usage is not a series of isolated actions. In-
stead, the transitions between UI screens are triggered by
specific user actions, and follow a pre-defined and structured
changes in UI states. Having structured representations of
the transition provides several benefits for GUI agents: it
enables the agent to track its progress within a task, antic-
ipate the outcomes of actions, verify whether the resulting
state aligns with expectations, and assist in finding a recov-
ery state among the action sequences.

In this paper, we propose Agent-SAMA, a novel mo-
bile GUI agent framework that leverages finite state ma-
chines (FSMs) to represent structured and state-aware
task executions. An FSM is a formal computational model
that represents systems as a finite number of states with

The Fortieth AAAI Conference on Artificial Intelligence (AAAI-26)

29459



state transitions triggered by specific actions. Given that mo-
bile apps are inherently stateful systems, where each UI
screen corresponds to a distinct state and user actions trig-
ger transitions, FSMs provide a natural abstraction for app
usages (Prajapati 2012; Wang 2004; Wagner et al. 2006; Es-
pada et al. 2015; Shahbaz et al. 2022).

Specifically, Agent-SAMA consists of four phases: 1)
Planning: given a task, the Planner Agent decomposes the
task into a sequence of subtasks. To improve the planning
process, Agent-SAMA generates several candidate plans
and applies LLM-as-judges to select the best among all (Gu
et al. 2025). 2) Execution: After planning, Agent-SAMA
guides subtask executions through the collaboration of three
agents. The Screen Parser extracts structured information
from the current UI screen, generating a description of the
screen and UI element locations (e.g., buttons). The out-
put is passed to the State Agent, which incrementally con-
structs an FSM in real-time to model the navigation flow
by mapping each screen’s natural language description to a
distinct state and associating user actions with transitions.
State Agent adds pre- and post-conditions to every state
and transition, allowing for better reasoning and verifica-
tion. Finally, the Actor Agent selects and performs the ap-
propriate action (e.g., tapping at a specific button) based on
the output from the State Agent. 3) Error Recovery and
Verification: If an unexpected error happens, the Reflec-
tion Agent compares the FSM-predicted transition (includ-
ing post-conditions) against the current screen and uses the
FSM to identify a previously verified stable state. It then
generates a recovery plan to return to that point for retry. 4)
Knowledge Retention: After completing a task, the Mentor
Agent stores the constructed FSMs and executed actions in
Agent-SAMA’s long-term memory storage to create useful
knowledge that can guide future task executions.

Experimental results show that Agent-SAMA achieves
significant improvement over the baseline Mobile-Agent-
E+Evo (Wang et al. 2025b) across two challenging cross-
app benchmarks (Wang et al. 2025b; Chen et al. 2025)
and also achieves a 63.7% success rate on Android-
World (Rawles et al. 2025). On Mobile-Eval-E (Wang et al.
2025b), Agent-SAMA improved the Success Rate by over
12% compared to the baseline, completing more tasks suc-
cessfully. It also encounters less error during task exe-
cution (32 vs. 49) and yet achieves a 4.53% higher Re-
covery Success rate. The results highlight Agent-SAMA’s
ability to detect and recover from execution errors during
runtime. We observe similar trends on SPA-Bench (Chen
et al. 2025), where Agent-SAMA outperforms the base-
line by 5% in Success Rate and a 13.81% improvement
in Recovery Success rate with less errors (63 vs. 70).
On AndroidWorld, Agent-SAMA outperforms several base-
lines such as Mobile-Eval-E+Evo (Wang et al. 2025b) and
AgentS2 (Agashe et al. 2025), indicating its strong perfor-
mance through stable planning and execution.
Our contributions are as follows:
• Introducing FSM Modeling to Mobile GUI Agents.

We are the first to incorporate finite state machine (FSM)
modeling into mobile GUI agents. By treating each app
as a state machine—with UI screens as states and user

actions as transitions—we enable structured, state-aware
reasoning that addresses key limitations of reactive exe-
cution. Source code and evaluation data are available at
Zenodo (Author s).

• A State-Aware Agent Framework with Persistent
Memory and Recovery. We implement FSM modeling
in Agent-SAMA, a mobile GUI agent that constructs per-
app state graphs during execution, tracks visited states,
infers state preconditions and postconditions, and uses
this structured representation for proactive planning and
robust error recovery.

• An LLM-Based Judge for Plan Selection and Replan-
ning. To enhance planning and decision-making, we in-
troduce a LLM–based judge that evaluates multiple can-
didate plans and selects the most reliable one based on
context and execution history. This mechanism further
improves the agent’s ability to adapt and recover in com-
plex mobile environments.

• Improved Task Performance Across Benchmarks.
Agent-SAMA achieves significant performance gains
over the baseline, Mobile-Agent-E + Evo, on both
Mobile-Eval-E and SPA-Bench benchmarks, including
up to 12% improvement in Success Rate, over 6.5% in
Action Accuracy, over 7% in Satisfaction Score, and up
to 13.81% in Error Recovery Rate.

Related Work
Mobile GUI Agents
Recent advances in MLLM have significantly improved GUI
agents’ ability in executing complex tasks. Some agents
adopt a single-agent architecture (e.g., Mobile-agent (Wang
et al. 2024b), AppAgent (Zhang et al. 2023a), AppAgent
v2 (Li et al. 2024)), while others follow a multi-agent
paradigm (e.g., MobileExperts (Zhang et al. 2024), Mobile-
Agent-v2 (Wang et al. 2024a) and Mobile-Agent-E (Wang
et al. 2025b)) that distributes perception, planning, and ex-
ecution across specialized agents. To improve task success
rates, most existing mobile agents (Lee et al. 2024; Wen
et al. 2024a; Wang et al. 2024b; Zhang et al. 2023a, 2024;
Li et al. 2024; Wang et al. 2024a, 2025b) rely on prompt
engineering (Liu et al. 2025a), enriching LLM input with
UI information (e.g., screenshots, UI trees, OCR), short ac-
tion histories, and chain-of-thought (CoT) reasoning. A few
studies also explore training-based approaches, including
supervised fine-tuning (Ding 2024) and reinforcement learn-
ing (Liu et al. 2024b).

One similar study, GUI-Xplore (Sun et al. 2025), builds
GUI transition graphs from offline videos to support static
reasoning tasks such as screen recall. While both GUI-
Xplore and Agent-SAMA use graph-based representa-
tions of app navigation, GUI-Xplore focuses on evaluat-
ing agents’ ability to reason about app structure without
real-time interaction or execution. In contrast, Agent-SAMA
constructs FSMs online during task execution. Using the
constructed FSM, Agent-SAMA integrates state tracking
and reasoning, transition validation, and recovery planning
into the agent’s decision-making process. Our FSM-based
architecture is model-agnostic and compatible with existing

29460



Figure 1: An example of how Agent-SAMA represents real-time UI interactions as a Finite State Machine (FSM). The left side
shows the dynamic UI transitions of the Walmart App along with the user action (e.g., typing and tapping) that leads to a new
UI screen. The right side shows the corresponding FSM, where each UI screen is represented as a state (a natural language
description of the screen generated by MLLM) with its MLLM-generated pre- and post-condition. The user action defines the
transition between the states. Given the current state and the entire FSM, Agent-SAMA also predicts the possible next state.

agent designs, offering a potential avenue for improving fu-
ture mobile GUI agents.

Evaluation Benchmarks for GUI Agents
Numerous benchmarks have been proposed to evaluate mo-
bile GUI agents, including MobileEnv (Zhang et al. 2023b),
AutoDroid (Wen et al. 2024b), MobileAgentBench (Wang
et al. 2024c), AndroidArena (Xing et al. 2024), and An-
droidWorld (Rawles et al. 2025). However, many of these
fall short in realism, long-horizon task modeling, or cross-
app execution. For example, MobileEnv and AndroidWorld
rely on emulator-based environments. MobileAgentBench
mainly targets single-app interactions, while AndroidArena
supports some cross-app tasks but still lacks long-horizon or
highly complex workflows. In this work, We adopt Mobile-
Eval-E (Wang et al. 2025b) and SPA-BENCH (Chen et al.
2025), which provide 364 actions and 262 actions (in En-
glish version apps), respectively. These benchmarks support
realistic, multi-step, and cross-application tasks, enabling
rigorous evaluation of our proposed Agent-SAMA. They
also facilitate direct comparison with the baseline, Mobile-
Agent-E (Wang et al. 2025b), particularly for complex be-
havior modeling.

Agent-SAMA
Figure 2 provides an overview of Agent-SAMA. Agent-
SAMA employs various agents during the four phases of
task execution: 1) Planning, which generates a plan to ful-
fill a given task. 2) Execution, which models app UI tran-
sition and user actions (e.g., tap or swipe) as a Finite State

Machine (FSM), providing a structured representation of the
task execution. 3) Verification and Error Recovery, where
the Reflection Agent leverages the constructed FSM to re-
cover from any encountered error. 4) Knowledge Retention,
where the Mentor agent extracts reusable knowledge (i.e.,
guidance cues, action sequences, FSMs) from the execution
history, FSM, and error history for guiding future tasks.

Planning Phase
The planning phase is handled by a Planner agent,
which takes in the user’s high-level task instruction,
u, and generates a structured plan, π, that decomposes
the task into sequential subtasks. The Planner first ex-
pands u to infer user intent. Then, the Planner gener-
ates π = [(g1, r1), (g2, r2), . . . , (gk, rk)] with additional
reusable knowledge K, which generated by prior task exe-
cution. Each gi ∈ G represents a subtask (e.g., “open profile
settings”), and each ri ∈ R is a rationale that explains how
the subtask contributes to achieving the overall task u. As
shown in recent work (Gu et al. 2025; Mahmud et al. 2025;
Seo, Lee, and Bu 2025), relying on a single-path plan may
lead to suboptimal results due to lack of consideration on
other diverse strategies. Hence, the Planner agent employs
a two-step planning pipeline. In the first step, the Planner
generates multiple candidate plans, Π = {π1, π2, . . . , πn}
where n = 5. In the second step, we leverage LLM-as-
judges and ask the LLM agent to evaluate the candidate
plans against an evaluation rubric provided by the bench-
mark that considers factors such as goal relevance, execu-
tion efficiency, robustness, and clarity (Gu et al. 2025). The
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Figure 2: An overview of Agent-SAMA. The Planner, Actor, Screen Parser, StateAgent, and Reflection Agent are involved in
the main agent loop for each task, while Mentor contributes to updating long-term reusable knowledge across tasks. Decision-
making at each step is disentangled into high-level planning by the Planner and low-level actions by the Actor. The State Agent
builds FSMs dynamically, and the Reflection Agent verifies the outcome of each action, tracks progress, and provides error
recovery.

agent then selects the best candidate plan to guide the task
execution.

Execution Phase
The execution phase consists of i) Screen Parser, ii) State
Agent, and iii) Actor Agent. The Screen Parser serves as
the “eyes” of Agent-SAMA. For every screen that reflects
the current state of the device, the Screen Parser performs
OCR-based text detection, icon localization, and screen seg-
mentation to identify clickable elements and invokes the
MLLM to generate descriptive captions for visual elements,
helping agents interpret ambiguous or icon-based UI com-
ponents. The Screen Parser extracts screen perception infor-
mation on current screenshot si before executing any actions
and gets pi = [(e1, c1), (e2, c2), . . . , (ek, ck)], where each
(ej , cj) represents a pair of a GUI element (e.g., screen texts
or icon descriptions) and its coordinate. The perception re-
sult pi and the current screenshot si are provided to the State
Agent as input.

The State Agent constructs and incrementally expands
app interactions in real-time as a finite state machine
(FSM) (Wagner et al. 2006)—an abstract computational
model that represents the system as a set of discrete states
and transitions triggered by UI actions. This structured rep-
resentation of the app’s navigation flow enables the agent
to maintain execution context, detect abnormal transitions,
and reason about both past and future states. As illustrated
in Figure 1, the FSM represents the UI transitions during
task execution, where each state corresponds to a distinct
app screen (i.e., a state is represented as the natural lan-
guage description of the screen generated by the State
Agent), and edges represent transitions triggered by user ac-
tions such as taps and swipes, maintaining a structured rep-
resentation of the app’s navigation flow.

The FSM is defined as M = (S,A, T, s0, G), where S is
the set of discovered UI states, A is the action space, T is the
transition function, s0 is the initial state, and G denotes the
goal state for current subgoals in each iteration during the

task execution. For every perception result pi, screenshot ii
and subtask gi, each generated state node si contains:

1. a natural language state description di, summarizing the
current screen;

2. a description of next-state prediction di+1, estimating the
next expected screen based on the subtask; and

3. a pre- and post-condition: prei+1 and posti.

To reduce state explosion and avoid redundant states,
Agent-SAMA assigns each state a state beacon—a concise
semantic label derived from its state description di. Before
creating a beacon for the new FSM node, State Agent will
check the state description and decide whether this node can
be matched against previously seen beacons. Existing nodes
are reused if a match is found, which reduces state explo-
sion caused by redundant states. Each transition is defined
as T (si, ai) = (si+1, prei+1, posti) , where si is the UI state
at step i, ai is the corresponding action, si+1 is the result-
ing state, prei+1 is the precondition of si+1, indicating what
must hold before the next state begins, and posti is the post-
condition of si, representing what should hold after achiev-
ing the state in step i. The Actor Agent selects the corre-
sponding tool (e.g., the mobile API to perform tapping on
a specific coordinate) to perform the action ai based on the
current subtask gi and the perception information pi to ad-
vance to state si+1. Note that for cross-app tasks, we create
and maintain separate FSMs for each app.

Verification and Error Recovery Phase
One major benefit of using an FSM to provide a struc-
tured representation of app navigation and task execution
is its effectiveness in detecting and recovering from execu-
tion errors. By explicitly modeling discrete UI states, transi-
tions triggered by user actions, and expected pre- and post-
conditions, the FSM allows the system to detect deviations
from the intended task flow. Hence, in this phase, the Re-
flection Agent determines whether an action, ai, was suc-
cessful by examining the result from the FSM (i.e., the prior
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state si, the predicted next-state description di, and prei−1
and posti), the perception result on the new screen pi+1, the
screenshots (i and i + 1), the current subtask gj , and the
knowledge base K . The agent then outputs one of the three
outcomes: Success, NoChange, or Fail (unexpected transi-
tion or violation of the predicted state).

In the cases of NoChange or Fail, the Reflection agent
also generates the reason for the failures. Then, the agent
activates the recovery mode and uses the FSM to identify a
previously verified and stable state, sj to resume the current
subtask gi. Then, the reflection agent constructs a recovery
plan, πr = [ai−1, ai−2 . . .], to revert to a recovery point.
When executing the recovery plan, the Reflection Agent ver-
ifies each step using the same process as in the normal exe-
cution flow. If Agent-SAMA accumulates repeated failures
while executing the recovery plan (n=2), the recovery pro-
cess is terminated and Agent-SAMA re-invokes the Planner
Agent to reassess the current state and generate a revised
plan. This fallback mechanism prevents the agent from get-
ting stuck in repetitive recovery loops and ensures that high-
level reasoning can reorient execution when low-level strate-
gies fail (Wang et al. 2025b; Chang and Geng 2025).

Knowledge Retention Phase
Agent-SAMA generates various types of process data dur-
ing task execution, including: 1) the action history, 2) error
details, and 3) transition history. As shown in prior stud-
ies (Wang et al. 2025b; Liu et al. 2025b), data from prior
task execution can be useful to guide future tasks. Hence,
at the end of every task, Mentor Agent analyzes this pro-
cess data to extract reusable knowledge K, which includes:
(i) action sequences, which are sequential actions annotated
with preconditions; and (ii) guidance cues, which are natu-
ral language tips distilled from prior executions to help with
future task reasoning. In addition, Mentor also stores the
FSM in K to better support further tasks if they share similar
functionality or design (e.g., shopping events can be similar
between Amazon and Walmart). When a new task begins,
Agent-SAMA checks long-term memory for K, and selec-
tively loads it as external context (i.e., part of the prompt) to
improve planning, execution efficiency, and robustness.

Evaluation
Benchmarks and Evaluation Settings
We evaluate Agent-SAMA on two sets of benchmarks: (1)
fully cross-app tasks: Mobile-Eval-E (Wang et al. 2025b)
and SPA-Bench (Chen et al. 2025), and (2) mostly single-
app tasks: AndroidWorld (Rawles et al. 2025).
Running cross-app benchmarks on a physical device
with human evaluation. Cross-app tasks, such as e.g., using
Chrome to search for the date of the next Winter Olympics
opening ceremony, and then setting a reminder for that date
in Calendar, are more realistic and inherently more complex
to plan, execute, and recover from (Liu et al. 2025b). Thus,
Mobile-Eval-E and SPA-Bench provide a more rigorous test
of GUI agents’ capabilities (Table 1). To run these two
benchmarks, we deploy Agent-SAMA on a physical Google
Pixel 7 Pro, controlled via Android Debug Bridge (ADB).

Metric Mobile-Eval-E SPA-Bench
#Tasks 25 20
#Multi-App Tasks 19 20
#Apps 15 25
Avg # Actions 14.56 13.10
Total # Actions 364 262

Table 1: An overview of the cross-app benchmarks, showing
the number of tasks, multi-apps, apps, and actions.

Following the setup in prior work (Wang et al. 2025b), we
record execution traces and perform human evaluation based
on the rubrics defined by Mobile-Eval-E. Mobile-Eval-E is
composed of 25 manually designed tasks across 15 apps.
It has the highest complexity (i.e., requires significantly
more actions per task) compared to other existing bench-
marks (Wang et al. 2025b), and requires multi-app interac-
tions in 76% of the tasks. SPA-Bench provides 40 cross-app
tasks, 20 in English and 20 in Chinese, covering both system
and third-party apps. For our evaluation, we focused on the
20 English cross-app tasks.
Running single-app benchmark in an emulator with au-
tomated evaluation. To complement the real-device experi-
ments, and enable large-scale automated evaluation, we also
evaluate Agent-SAMA using AndroidWorld. It provides 116
task templates across 20 apps in an emulator environment
and supports automated evaluation. Unlike the benchmarks
mentioned above, around 90% of AndroidWorld’s tasks are
limited to single-app interactions.

Evaluation Metrics
Cross-app benchmarks. App tasks are inherently open-
ended and do not always allow a strict binary success
criterion (Wang et al. 2025b). Therefore, following prior
work (Wang et al. 2025b; Liu et al. 2025b; Wang et al.
2024a, 2025a), we rely on human evaluation using the task-
specific rubrics provided by Mobile-Eval-E. We then manu-
ally adapt the rubrics for SPA-Bench. The first two authors
assess the task outcomes separately. In the event of disagree-
ment, the third author serves as the deciding vote to resolve
any conflicts. We evaluate Agent-SAMA using five metrics.

• Success Rate (SR) measures the percentage of tasks that
are completed successfully (Chen et al. 2025).

• Satisfaction Score (SS) quantifies the proportion of
rubrics fulfilled for each task, providing a finer-grained
view of partial task completion.

• Action Accuracy (AA) captures how closely the agent’s
executed actions align with the human reference trajec-
tory, computed as the ratio of correctly matched steps.

• Termination Rate (TR) reflects the percentage of tasks
that terminate unsuccessfully. Following the definition in
Mobile-Agent-E (Wang et al. 2025b), this includes exits
to the home screen, closing the app, or entering unrecov-
erable states before task completion.

• Recovery Success (RS) evaluates the performance of
GUI agent’s recovery ability, and is defined as the per-
centage of failed subtasks that are successfully recovered.
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MLLM Agent SS% AA% TR% SR% RS%

Mobile-Eval-E
AppAgent∗ 25.20 60.70 96.00 – –
Mobile-Agent∗ 45.50 69.80 68.00 – –
Mobile-Agent-v2∗ 53.00 73.30 52.00 – –
Mobile-Agent-E+Evo 78.97 76.65 24.00 72.00 67.34
Agent-SAMA 86.15 83.24 16.00 84.00 71.88

SPA-Bench
Mobile-Agent-E+Evo 80.30 77.86 25.00 75.00 52.86
Agent-SAMA 88.64 84.35 20.00 80.00 66.67

Table 2: Comparison of evaluation metrics on Mobile-Eval-
E and SPA-Bench. Higher is better except for Termination
Rate (TR). We adopted the results from prior work (Wang
et al. 2025b) for the agents marked with ∗.

MLLM Agent Success Rate (%)
GPT-4 Turbo∗ 30.6
GPT-4o∗ 34.5
GPT-4o+UGround∗ 44.0
GPT-4o+Aria-UI∗ 44.8
Mobile-Agent-E 45.7
UI-TARS∗ 46.6
Mobile-Agent-E+Evo 53.4
AgentS2∗ 54.3
V-Droid∗ 59.5
Agent-SAMA 63.7

Table 3: Task Success Rate (%) on AndroidWorld bench-
mark. We adopted the results from V-Droid (Dai et al. 2025)
for the agents marked with ∗.

Single-app benchmark. AndroidWorld includes an auto-
mated evaluation script that verifies task correctness. We
also use Success Rate (RS) as the primary metric, where
a task is considered successful only if the final UI state pre-
cisely matches the expected outcome.

Experiment Settings
Backbone MLLMs. We use GPT-4o-2024-11-20 (Ope-
nAI 2024) as the backbone MLLM in our experiments
with a temperature of 0 to reduce variations. GPT-4o is
a state-of-the-art MLLM capable of processing both text
and images, making it suitable for complex mobile interac-
tion tasks. GPT-4o offers strong performance with particu-
larly low latency and efficient image-text alignment. Screen
Parser Implementation. Our Screen Parser is implemented
in alignment with Mobile-Agent-E (Wang et al. 2025b).
For OCR detection and recognition, we adopt DBNet (Liao
et al. 2020) and ConvNextViT-document from ModelScope,
respectively. Icon grounding is performed using Ground-
ingDINO (Liu et al. 2024a), while Qwen-VL-Plus (Bai et al.
2023) is used to generate textual captions for each detected
icon crop.

Experiment and Results
Performance of Agent-SAMA. Table 2 compares Agent-
SAMA with prior baselines, including AppAgent (Zhang
et al. 2023a) and Mobile-Agent series (Wang et al. 2024b,a,
2025b) on the Mobile-Eval-E benchmarks across five evalu-
ation metrics. We re-ran Mobile-Agent-E+Evo as our main
baseline because it is the only prior agent with long-term

Benchmark Metric GPT-4o Claude 3.5 Gemini 1.5 Pro

M-Eval-E

SS 168 / 195 (86.15%) 158 / 195 (81.03%) 137 / 195 (70.25%)
AA 303 / 364 (83.24%) 289 / 364 (79.40%) 241/ 364 (66.20%)
TR 4 / 25 (16.00%) 5 / 25 (20.00%) 8 / 25 (32.00%)
SR 21 / 25 (84.00%) 20 / 25 (75.00%) 17/ 25 (68.00%)

SPA-Bench

SS 117 / 132 (88.64%) 108 / 132 (81.82%) 98 / 132 (74.24%)
AA 221 / 262 (84.35%) 215 / 262 (82.06%) 181 / 262 (69.08%)
TR 4 / 20 (20.00%) 4 / 20 (20.00%) 7 / 20 (35.00%)
SR 16 / 20 (80.00%) 16 / 20 (80.00%) 12 / 20 (60.00%)

Table 4: Comparison of Agent-SAMA’s performance across
Mobile-Eval-E and SPA-Bench using different backbones.

memory and knowledge reuse, which are key features for
fair comparison with Agent-SAMA. Other baselines lack
memory or structured agent frameworks and have been
consistently outperformed. We then compare Agent-SAMA
with Mobile-Agent-E+Evo on the SPA-Bench. To ensure
consistency, we re-ran Mobile-Agent-E+Evo five times us-
ing the same MLLM as Agent-SAMA, with two authors
evaluating the results independently. Finally, we report the
average.

Across both benchmarks, Agent-SAMA improves all
evaluation metrics compared to the baseline by 4.53% to
over 13.00%, indicating Agent-SAMA is able to finish
more cross-app tasks with higher accuracy and quality. On
Mobile-Eval-E, Agent-SAMA achieves a 7.18% improve-
ment in Satisfaction Score (SS), 6.59% in Action Accu-
racy (AA), 8% in Termination Rate (TR), 4.53% in Re-
covery Success(RS), and a notable 12% in Success Rate
(SR) in comparison with the strongest baseline Mobile-
Agent-E+Evo. We see similar improvements on SPA-Bench,
where Agent-SAMA achieves an 8.33% improvement in SS,
6.49% in AA, 5% in TR, a significant 13.81% in RS, and a
5% in SR. These results indicate that Agent-SAMA’s FSM-
based architecture contributes significantly to robust, accu-
rate, and resilient task execution in GUI agents.

Table 3 presents the result of Agent-SAMA on the An-
droidWorld benchmark. The table contains popular base-
lines such as AgentS2 (Agashe et al. 2025), V-Droid (Dai
et al. 2025), and Mobile-Agent-E (Wang et al. 2025b) and its
Evo version. Agent-SAMA demonstrates competitive per-
formance, achieving a success rate of 63.7%, outperforming
most existing mobile agent baselines. While AndroidWorld
tasks are generally shorter than those in Mobile-Eval-E and
SPA-Bench, the benchmark enforces strict step limits and
low fault tolerance (Rawles et al. 2025), making recovery
more costly. Despite this, Agent-SAMA maintains strong
performance through stable planning and execution.
Sensitivity of the results when changing the backbone
MLLM. Table 4 shows Agent-SAMA’s overall perfor-
mance across three widely used MLLMs: GPT-4o (OpenAI
2024), Claude-3.5-Sonnet (Anthropic 2024), and Gemini 1.5
Pro (Gemini Team et al. 2024) on both Mobile-Eval-E and
SPA-Bench benchmarks. The backbone MLLM has a large
impact on the performance of Agent-SAMA, with GPT4o
achieves the highest scores, followed by Claude 3.5, with
Gemini 1.5 Pro performing the lowest. This trend is consis-
tent across all three major evaluation metrics, suggesting that
stronger MLLMs improve GUI agent’s performance. Never-
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Ablation Setting Mobile-Eval-E SPA-Bench
Planning Multi-plans Pre/Post conditions Mentor SS (%) AA (%) SR (%) SS (%) AA (%) SR (%)

✓ ✓ 61.54 62.91 52.00 56.06 54.96 45.00
✓ ✓ ✓ 72.31 67.22 68.00 71.97 69.47 60.00
✓ ✓ ✓ 82.68 78.25 72.00 81.77 79.44 70.00
✓ ✓ ✓ 73.85 73.08 68.00 78.79 74.05 70.00
✓ ✓ ✓ ✓ 86.15 83.24 84.00 88.64 84.35 80.00

Table 5: The results of the ablation study when removing 1) Planner agent (i.e., no planning at all), 2) Selecting the best plan
across multiple plans, 3) Pre and Post conditions in State Agent, and 4) Mentor agent. The last row shows results from the full
version of Agent-SAMA.

theless, when using a weaker MLLM like Claude 3.5, Agent-
SAMA still outperforms Mobile-Agent-E Evo (GPT-4o ver-
sion), demonstrating the effectiveness of Agent-SAMA.

A notable comparison is on error occurrence and recov-
ery, as Agent-SAMA uses FSM to assist in reasoning and er-
ror recovery. We find that Agent-SAMA encounters notably
fewer less errors during execution compared to Mobile-
Agent-E + Evo (32 vs. 49 on Mobile-Eval-E and 63 vs. 70 on
SPA-Bench) with a higher recovery rate (4.53% and 13.81%
higher). The findings show that Agent-SAMA’s structured
FSM representation improves the agent’s ability to make
correct decisions, while also enhancing its capacity to re-
cover from errors.

Ablation Studies. Table 5 presents the results of our
ablation study on the contributions of four key compo-
nents in Agent-SAMA: 1) the entire planning (removing
the Planner Agent completely), 2) LLM-as-judges (Gu et al.
2025) to select the best plan among five generated plans, 3)
pre- and post-conditions in the State Agent, and 4) the en-
tire knowledge retention (removing the Mentor agent com-
pletely). We observe that each component contributes sig-
nificantly to Agent-SAMA’s performance, and their com-
bination leads to more substantial improvements. Remov-
ing each component reduces the performance metrics signif-
icantly, with planning having the largest impact (e.g., SR de-
creased from 84% to 52% in Mobile-Eval-E and from 80%
to 45% on SPA-Bench), followed by multi-plan selection,
Mentor agent, and then pre- and post-conditions. Impor-
tantly, when all components are combined, Agent-SAMA
achieves the highest performance across all metrics. This
demonstrates that these components complement and rein-
force one another: effective planning helps the system select
better paths, selecting the best plan from multiple ones may
help reduce the effects of having excessive states on sub-
task planning or re-planning during error recovery, pre- and
post-conditions enable better validation and recovery, and
the Mentor allows learning across tasks. Overall, the full in-
tegration leads to an effective state-aware GUI agent frame-
work.

Limitations
Benchmark Coverage. Our evaluation is limited to
Mobile-Eval-E and SPA-Bench. Although these are the
state-of-the-art benchmarks with the highest difficulties,
cross-app tasks, and represent realistic usage scenarios, they
cannot fully reflect all interactions. Some interactions (e.g.,
dynamic content, external interruptions like third-party ads)

may even trigger unpredictable states. Future studies are
needed to evaluate Agent-SAMA on more diverse scenarios
and tasks.
Baseline Comparison. We included the Mobile Agent se-
ries as our primary baseline, given its strong performance
on long-horizon mobile tasks. To provide border compari-
son, we also included additional agent frameworks such as
AppAgent (Zhang et al. 2023a) and AgentS2 (Agashe et al.
2025). Notably, the results we obtained from re-running
Mobile-Agent-E+Evo differ from those reported in its orig-
inal paper. To migrate variation across runs, we re-ran five
times with the same settings, and two authors evaluated the
results independently. Finally, we reported the average. We
also observe similar results across runs.

Conclusion
In this paper, we introduced Agent-SAMA, a state-aware
mobile GUI agent that models app navigation and task
execution as a Finite State Machine (FSM). By de-
sign, specialized agents for various phases of task ex-
ecution—planning, execution, verification, and recovery,
and knowledge retention—Agent-SAMA provides a struc-
tured representation and effective framework for mobile
task automation. Our evaluation on two real-world cross-
app benchmarks(Mobile-Eval-E and SPA-Bench) and one
mostly single-app benchmark(AndroidWorld) shows that
Agent-SAMA achieves up to 12% improvement in Success
Rate, and 13.8% in Recovery Success compared to the base-
line Mobile-Agent-E+Evo (Wang et al. 2025b) on cross-
app benchmarks, and it also achieves a high success rate of
63.7% on AndroidWorld. These results highlight the value
of FSM-based modeling for improving agent planning and
error recovery in complex mobile environments.
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