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Abstract

The advancement of Large Language Models
(LLMs) and Multimodal Large Language Mod-
els (MLLMs) has catalyzed the development of
mobile graphic user interface (GUI) Al agents,
which is designed to autonomously perform
tasks on mobile devices. However, a significant
gap persists in mobile GUI agent evaluation,
where existing benchmarks predominantly rely
on either static frame assessments such as An-
droidControl or offline static apps such as An-
droidWorld and thus fail to capture agent per-
formance in dynamic, real-world online mobile
apps. To address this gap, we present Android
Agent Arena (A3), a novel "essential-state"
based procedural evaluation system for mobile
GUI agents. A3 introduces a benchmark of 100
tasks derived from 20 widely-used, dynamic on-
line apps across 20 categories from the Google
Play Store, ensuring evaluation comprehension.
A3 also presents a novel "essential-state" based
procedural evaluation method that leverages
MLLM:s as reward models to progressively ver-
ify task completion and process achievement.
This evaluation approach address the limita-
tions of traditional function based evaluation
methods on online dynamic apps. Furthermore,
A3 includes a toolkit to streamline Android de-
vice interaction, reset online environment and
apps and facilitate data collection from both hu-
man and agent demonstrations. The complete
A3 system, including the benchmark and tools,
will be publicly released to provide a robust
foundation for future research and development
in mobile GUI agents.

1 Introduction

The rapid evolution of Large Language Models
(LLMs) and Multimodal Large Language Models
(MLLMs) has acted as a primary catalyst for inno-
vation in autonomous Al agents. Within this do-
main, Graphical User Interface (GUI) agents repre-
sent a critical area of research. Unlike systems that
interact with applications via APIs or textual rep-

resentations (e.g., HTML and XML), GUI agents
operate through a fundamentally visual modality,
executing tasks by directly processing screen pixel
information. This paper focuses on mobile GUI
agents, which are specialized for the interaction
paradigms of the mobile ecosystem. These agents
are becoming increasingly prevalent due to their
potential to autonomously execute user commands,
thereby streamlining workflows and minimizing
human intervention.

While research of mobile GUI agents has ad-
vanced in modeling, evaluation remains a persis-
tent challenge. The inherently sequential nature
of tasks makes ascertaining task success difficult.
Pioneering benchmarks (Chai et al., 2025; Rawles
et al., 2023; Li et al., 2024) address this via static
frame-step evaluation, assessing an agent’s abil-
ity to predict the next action from a single static
screenshot. Although this successfully measures
single-step accuracy, it fails to simulate real-world
fidelity, where it cannot account for dynamic state
changes or the cascading effects of early errors that
often lead to task failure. Furthermore, static eval-
uation penalizes valid alternative trajectories. For
instance, launching an app via the library versus
using ADB commands are both correct but static
evaluation would treat one of them as failure.

To overcome the limitations of static assessment,
the field has shifted toward dynamic evaluation
systems using interactive devices. A prominent
example, AndroidWorld (Rawles et al., 2025), eval-
uates agents by instrumenting the source code of
open-source apps to verify internal states in an in-
teractive virtual device. However, this reliance on
open-source software creates a significant gap in
ecological validity: widely used closed-source ap-
plications in categories such as shopping, travel,
news, ticketing, etc. are excluded. Other bench-
marks (Xu et al., 2025b; Lee et al., 2025) share
the same shortcomings. Consequently, agents are
rarely tested on the apps users interact with most.
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Figure 1: A3 consists of AITK (Android Interaction Toolkit), agents and evaluators.
actions to a unified action space and a controller to interact with the device. AITK also gets the state
of device at each step and save the data. After the task execution,
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Moreover, some dynamic frameworks (Chen et al.,
2024b; Xing et al., 2024) suffer from environmental
instability, difficult state resets, and high reliance
on manual human evaluation, leading to scalability
issues and potential inaccuracies.

To address these shortcomings, we propose the
Android Agent Arena (A3). Our evaluation system
introduces a comprehensive benchmark compris-
ing 100 daily-life tasks derived from 20 popular
applications spanning 20 categories in the Google
Play Store’s top charts. Crucially, A3 incorpo-
rates dynamic and online apps previously deemed
untestable due to the constraints of function-based
evaluation, such as news, navigation, travel, email,
shopping, etc. Because the internal states of these
constantly updating proprietary apps cannot be in-
strumented, we introduce a novel essential-state
based procedural evaluation method. This ap-
proach leverages MLLMs, either large commer-
cial models or samller fine-tuned open-source al-
ternatives, as reward models to autonomously and
progressively determine task success and essential
state achievements. This methodology not only ver-
ifies final objectives but also evaluates intermediate
progress even when the total task is not completed,
significantly reducing manual labor while maintain-
ing high evaluation reliability on dynamic online
apps and tasks. A3 pipeline is demonstrated in
Figure 1.

Our contributions are summarized as follows:

* We introduce the Android Agent Arena (A3), a
benchmark featuring 100 common tasks derived
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from 20 popular, dynamic online apps. This en-
ables the robust evaluation of agent performance
in complex, real-world scenarios that were previ-
ously difficult to assess.

* We propose a novel essential-state procedural
evaluation methodology that utilizes MLLMs to
progressively verify task success. We demon-
strate that both large commercial models and
our fine-tuned lightweight alternatives (A3RM)
can serve as effective reward models to assess
intermediate progress and final objectives.

* We release the complete pipeline and tools to ac-
celerate research in the field. This includes mod-
ules for streamlined agent execution, trajectory
data collection (for both agents and humans), and
a versatile evaluator module designed for easy
customization and community adoption.

2 Related Work
2.1 GUI Agents

Recent advancements increasingly leverage the
world knowledge and reasoning capabilities of
modern MLLMs for GUI control tasks, aiming
to build more general and autonomous interactive
agents (Liu et al., 2025a; Wang et al., 2025; Hu
et al., 2025). Existing approaches can be broadly
grouped into two categories. The first line finetunes
a single general-purpose base MLLM (Bai et al.,
2025b) as the GUI agent, relying on their unified
visual-textual understanding to directly plan and
execute actions in diverse interfaces (Qin et al.,
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Name Eval Mode # Tasks # General Apps Operation Inf. Query Online
AITW static - - v X X
AndroidControl static - - v X X
AMEX static - - v X X
GUI-Odyssey static - - v X X
AndroidArena dynamic 221 4 v X X
Mobile-Env dynamic 74 5 v X X
AndroidWorld dynamic 116 15 v v X
B-Moca dynamic 131 4 v X X
AndroidLab dynamic 138 5 v v X
SPA-bench dynamic 170 20 v X v
A3 (Our) dynamic 100 20 v v v

Table 1: GUI related datasets and benchmarks in English. The top four rows are GUI agent related datasets, which
provide static frame evaluation. The middle six rows are dynamic evaluation systems, which provide different
tasks from different apps in different settings. AndroidWorld provides 15 generals apps from non-mainstream
open-source F-Droid. SPA-bench provides another 20 apps and 170 tasks in Chinese.

2025; Gu et al., 2025; Liu et al., 2025¢; Xiao et al.,
2025, 2026). The second line comprises framework
style systems like Mobile-Use (Li et al., 2025) that
integrate GUI-specific perception or Ul-tree mod-
ules, multi-agent planning or shortcut guidance to
improve robustness and task efficiency.

2.2 GUI Agent Benchmarks

Early evaluations of GUI agents rely on static
benchmarks where agents predict the next action
from a single screenshot. Prior works such as
AITW (Rawles et al., 2023), AMEX (Chai et al.,
2025), and AndroidControl (Li et al., 2024) focus
on single-step action accuracy via element or co-
ordinate matching, but fail to capture sequential
decision-making in dynamic environments. Col-
orBench (Song et al., 2025) and Mobile-Bench-
V2 (Xu et al., 2025a) partially address this by in-
troducing multi-step, multi-path tasks, yet remain
limited in modeling fully interactive settings, moti-
vating our dynamic evaluation framework.
However, existing dynamic benchmarks exhibit
constraints in their task and application design.
Several systems are restricted by task simplicity
and diversity, such as Mobile-Env (Zhang et al.,
2023) and B-Moca (Lee et al., 2025). Others are
constrained by their app selection: AndroidArena
(Xing et al., 2024) focuses on system apps, fail-
ing to evaluate generalization to the third-party app
ecosystem, while prominent benchmarks like An-
droidWorld (Rawles et al., 2025) and AndroidLab
(Xu et al., 2025b) are restricted to open-source
and offline apps. ProBench (Yang et al., 2026) im-
proves evaluation by introducing more fine-grained
and accurate success metrics, yet still operates

within relatively constrained environments and lim-
ited app diversity. They exclude common real-
world stochastic events such as pop-up ads and
dynamic content updates and also omit online dy-
namic apps such as shopping, travel, and news,
which are common in real-life scenarios. While
SPA-bench (Chen et al., 2024b) includes online
apps, it suffers from instability and unreliable sys-
tem resets. More fundamentally, many benchmarks
rely on rigid evaluation protocols: matching pre-
defined answers (Xu et al., 2025b) or exact states
(Rawles et al., 2025), which fail to capture the nu-
ances of task completion in dynamic environments.
This highlights the need for ecologically valid tasks
and more flexible, semantically-aware evaluation
frameworks. The overall statistics of the existing
benchmarks are listed in Table 1.

3 Android Agent Arena (A3)
3.1 Apps & Tasks

Existing benchmarks exhibit significant limitations
regarding ecological validity and reproducibility.
Many rely on offline, open-source applications with
restricted functionality (Rawles et al., 2025; Xu
et al., 2025b). While these environments enable sta-
ble testing, they prioritize low-complexity system
utilities, such as starting a timer or starting a voice
recording which are often trivially solvable by API-
based assistants (e.g., Siri), or drawing and moving
boxes on a static HTML canvas which users would
never ask agents to do in the real-life. In contrast,
we consider that robust mobile GUI agents should
address user intents in common apps with in-the-
wild tasks, such as playing a tutorial video when
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Figure 2: Overview of A3 apps and evaluations. The
benchmark features tasks from 20 popular mobile ap-
plications and the framework supports essential-state
based evaluation by two MLLM-based methods, utiliz-
ing either a commercial or an open-source finetuned
model.

cooking, searching for the cheapest flight or find-
ing the fast route when navigating. While Chen
et al. (2024b) attempts to incorporate online apps,
it fails to provide reproducible test environments
or automated device-reset mechanisms. This lack
of standardization necessitates extensive human in-
tervention for initialization and cleanup, causing
large-scale, reproducible testing prohibitive.

To address these challenges, we adopted a sys-
tematic top-down curation strategy. First, we iden-
tified 20 distinct categories from the Google Play
Store top charts to ensure broad domain coverage.
Within each category, we evaluated multiple candi-
date applications using a rigorous filtering protocol
to select one representative app. Our final selection
of 20 applications, averaging 115 million down-
loads each (see Figure 2 and Appendix A.1), was
guided by a critical technical criterion: feasibil-
ity for automated state management, specifically
requiring minimal forced logins and supporting reli-
able environment resets. This curation resolves the
fundamental trade-off between ecological validity
and experimental reproducibility. A3 establishes
a unique framework that supports dynamic, online
apps while maintaining reliable, programmatic re-
sets to a consistent initial distribution, enabling the
robust evaluation of agents within a stable experi-
mental setting.

Building on this foundation, we designed 100
representative tasks aligned with the core function-
alities of the selected applications (e.g., restricting
Amazon tasks to shopping and CNN tasks to news
retrieval). To provide a structured evaluation, tasks
are classified along two primary axes. Based on
their objective, they are designated as either Oper-
ation (requiring a sequence of state-changing ac-

tions) or Information Query (which additionally
requires the agent to extract information to answer
a question). The difficulty of each task is quan-
titatively defined by the number of steps (V) re-
quired by a human expert: Easy (/N < 7), Medium
(7 < N <11),and Hard (N > 11).

3.2 Essential-State Evaluation

Existing evaluation methodologies for mobile
agents often rely on metrics that lack suffi-
cient granularity and flexibility for in-depth anal-
ysis. The widely-used AndroidWorld bench-
mark (Rawles et al., 2025), for instance, primar-
ily employs a binary Success Rate (SR), calcu-
lated as the ratio of successful tasks to the to-
tal (Nsuccess/Ntotar)- While straightforward, this
coarse-grained metric provides no insight into par-
tial progress or specific failure modes, and it cannot
differentiate the capabilities of agents that achieve
the similar final score. To address this, Android-
Lab (Xu et al., 2025b) introduced an additional,
more granular sub-goal success rate. While this
approach offers a more detailed view by tracking
intermediate steps, its implementation has signifi-
cant limitations. The sub-goals are pre-defined in
arigid JSON format (e.g., Phone: 12345678 ) for
the evaluation function and are only applicable to
certain operation tasks.

To address the need for a granular yet flexible
metric, we introduce the core of A3’s framework:
the essential-state evaluation method. We define
an essential state as a critical, observable seman-
tic milestone that must be achieved for a task to
be considered successful. Instead of assessing a
binary final outcome, our method decomposes the
execution trajectory into a sequence of these veri-
fiable states. This approach differs fundamentally
from the rigid sub-goals employed in systems like
AndroidLab (Xu et al., 2025b). While Android-
Lab sub-goals are typically bound to specific in-
ternal element key-value pairs (e.g., exact view
IDs or string matches), essential states are defined
by higher-level semantic outcomes. This abstrac-
tion makes our metric and evaluation resilient to
UI variations and diverse execution paths, which
is crucial for dynamic apps and open-ended infor-
mation query tasks. For example, consider the
task: "Search ‘marvel comics’ in Pinterest. Who
is the author of the first pin?" We define three es-
sential states: (1) The query 'marvel comics’ is
searched; (2) The first pin is selected; and (3) The
author of the pin is identified. Crucially, because
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these states are defined by what is achieved rather

than how the underlying code renders it, they re-

main invariant even as app content dynamically
refreshes or evolves. A detailed list of tasks and
their corresponding essential states is provided in

Appendix A.2.

Defining such semantic milestones in human-
centric tasks inherently involves qualitative judg-
ment. To ensure rigor and mitigate annotator bias,
we established a strict three-stage, human-in-the-
loop protocol for defining these states:

* Trajectory Diversity: Two human operators in-
dependently complete the same task using dis-
tinct strategies to generate diverse successful tra-
jectories.

* Collaborative Definition: Based on the col-
lected trajectories, the operators collaboratively
propose a set of essential states. These states
must meet three criteria: (1) Visual Verifiability
(identifiable from consecutive screenshots and
actions); (2) Criticality (representing a "must-
be-done" step); and (3) Sufficiency (the set must
cover the entire task logic).

e Independent Audit: A human evaluator audits
the proposed states to verify they are logical,
comprehensive, and achievable across different
valid interaction methods.

We acknowledge that defining essential states
incurs an initial manual design cost. However, this
represents a strictly one-time investment. As es-
tablished, essential states capture high-level task
logic rather than transient UI elements or specific
pixel coordinates. Consequently, these states re-
main invariant as long as the core task objective is
unchanged, effectively decoupling the evaluation
logic from the dynamic content refreshes inherent
to online applications. This stability ensures that
the benchmark remains valid over time without
frequent re-annotation, offering a long-term evalu-
ation reliability.

For essential-state evaluation metric, we define
ESAR = Nups/Nrgs, where ESAR is the
Essential-State Achieved Rate, N4gg is the num-
ber of achieved essential-states and N7 gg is the to-
tal number of essential-states. Overall task success
is then determined by the successful completion of
all its associated essential states. We formalize this
as:

1, if eval(ES;) =1
for Vj € [0,...,NES]

0, otherwise

Sliding Window Interval
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Figure 3: Illustration of the sliding window mechanism.
A window of a predefined size and interval traverses the
trajectory. At each position, the screen frames within the
window are passed to a judge. The judge then assesses
whether any of the task’s essential states have been
achieved within that segment. This process repeats until
the entire trajectory has been evaluated.

where A; is the success status of task 7, /'S; is the
7-th essential-state for the task, Ngg is the total
number of the essential-states for task 7 and eval(-)
is the method that verifies the achievement of an
essential-state. Thus, the complex problem of end-
to-end task evaluation is simplified into a series of
more manageable essential-state assessments.

To implement the essential-state evaluation, we
process the agent’s full interaction trajectory us-
ing a sliding window mechanism. A window of
a predefined size traverses the sequence of screen
frames from start to finish, advancing at a specified
interval. At each position, the contents of the win-
dow are submitted to our MLLM-based evaluator,
which judges whether any of the essential-states
are satisfied within that specific segment. This eval-
uation process is illustrated in Figure 3.

3.3 MLLM-Based Judgment

A critical challenge in our framework is how to ver-
ify the achievement of each essential state. Tradi-
tional function-based methods, which rely on pars-
ing UI structures like the XML or View Hierarchy,
are not suitable for this task of dynamic, constantly
updating apps. These methods often struggle for
two primary reasons: (1) many third-party propri-
etary apps feature mis-aligned or inconsistent UI
trees that are difficult to parse reliably, and (2) they
suffer from a semantic gap, as many essential states
are defined by high-level concepts (e.g., "the first
product is selected") that cannot be verified by sim-
ply checking for a specific widget ID or text string
in an constantly updating environment.
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To overcome these limitations, we leverage the
sophisticated visual and language understanding
capabilities of modern MLLMs. Inspired by works
on using MLLM:s as evaluators (Chen et al., 2024a),
we employ an MLLM to act as the core judgment
mechanism for A3. Our approach, however, refines
how the MLLM is applied. Prior work like SPA-
bench (Chen et al., 2024b) pioneered the use of an
MLLM to directly evaluate an entire, multi-step
task trajectory based on the screenshots combina-
tion. This naive end-to-end judgment is a complex
reasoning task that resulted in an accuracy of ap-
proximately only 80% in trajectory evaluations,
which is unreliable. In contrast, our essential-state
evaluation method is perfectly designed to address
this challenge by decomposing the overall task into
a series of simpler, more discrete verification steps
of essential-states. This simplifies the reasoning
required of the MLLM, as it makes a focused judg-
ment on a single, much simpler milestone rather
than a long sequence, thereby aiming for higher
and more reliable evaluation accuracy.

Commercial MLLMs The advanced capabilities
of commercial MLLMs, such as Gemini-2.5-pro,
make them highly effective for the role of an au-
tomated evaluator. Their robust performance in
visual comprehension and instruction following
provides a reliable evaluation for judging whether
an essential-state has been achieved within a given
set of screen frames. Though commercial MLLMs
performs good as an evaluator, a significant prac-
tical challenge associated with these commercial
models is the monetary cost of their API services,
as each evaluation call incurs a fee. This creates
a critical trade-off between evaluation granularity
and cost. Therefore, to ensure our framework is
both accurate and economically viable, we find an
optimal sliding window parameters, specifically
the window size and interval size, to minimize the
total number of API calls without compromising
evaluation fidelity (experiments and results detailed
in Appendix A.3).

Open-source MLLMs While optimizing the
sliding window parameters mitigates the expense
of using commercial APIs, a persistent monetary
cost remains for each evaluation. To address this
fundamental challenge of cost and accessibility, we
propose a lightweight, open-source alternative that
eliminates API fees and allows for local deploy-
ment, thereby providing researchers with greater
control and transparency. To this end, we introduce

the A3RM (Android Agent Arena Reward Model),
a specialized reward model fine-tuned from Qwen3-
VL-8B (Bai et al., 2025a). We selected this base
model due to its strong demonstrated capabilities
in GUI related tasks, making it an ideal foundation
for our evaluator. In summary, A3RM serves as an
accurate, cost-effective, and transparent judge for
essential-state verification.

3.4 A3 Pipeline Suite

To accompany our benchmark, we introduce a com-
prehensive, open-source software pipeline, as il-
lustrated in Figure 1. The core of this suite is the
AITK (Android Interaction Toolkit), a lightweight
and customizable framework for managing agent-
device interaction, data collection, and task execu-
tion. AITK is mainly designed for model-based
agents and it features a plug-in architecture for in-
tegrating custom agents and tasks. Another compo-
nent of the suite is evaluator, which implements our
essential-state evaluation methods. This evaluator
is designed to be agent-agnostic, allowing it to be
applied to any standard trajectory data, independent
of the agent and framework that produced it. The
complete pipeline, including our human annotation
tools, will be open-sourced to foster reproducibility
and advance future research.

4 Experiments

4.1 A3 Reward Model (A3RM)

We developed the A3RM (Android Agent Arena
Reward Model) as a deployable alternative reward
model. We selected Qwen3-VL-8B (Bai et al.,
2025a) as the base model, given its strong per-
formance on GUI related tasks. Our preliminary
experiments revealed that a small window size of
2 yielded the best performance for the 8B model.
This is likely due to its more limited context capac-
ity. Therefore, we adopted a window size of 2 and
interval size of 1 for all A3RM data collection and
training.

Data Construction We constructed a compre-
hensive training dataset by collecting an average
of three distinct, successful human trajectories for
each of the 100 benchmark tasks, ensuring the
coverage of diverse valid trajectories. Human
annotators manually identified the specific state
transitions where essential states were achieved;
these constitute our positive samples, while all
other transitions within these expert trajectories
serve as negative samples. To further improve the
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Metric Gemini-2.5-pro A3RM
Essential State Level

Precision 87.3 95.7

Recall 96.3 94.8

F1 Score 91.5 95.3

Accuracy 89.5 96.6
Task Level

Precision 85.7 96.0

Recall 96.0 96.0

F1 Score 90.6 96.0

Accuracy 95.0 98.0

Table 2: A3RM evaluation metric performance across
different models. Metrics are reported for both Essential
State (Ess. State) and Task levels.

model’s discriminative capability, we employed a
negative sample mining strategy. Leveraging the
high-recall, low-precision characteristic (Table 2)
of the Gemini-based evaluator, we processed agent-
generated trajectories and labeled additional nega-
tive samples. The final dataset comprises 8241 step-
wise samples derived from expert trajectories (981
positive and 7260 negative samples), augmented
with 1083 negative samples from agent trajectories.

Training We finetuned Qwen3-VL-8B using the
dynamic sampling policy optimization (DAPO) al-
gorithm (Liu et al., 2025b) on our curated dataset.
Given the natural class imbalance in our data (far
more negative samples than positive ones), we over-
sampled the positive class by a factor of four in
each training epoch to prevent the model from col-
lapsing to a trivial solution of always predicting a
negative outcome.

Evaluator Performance Table 2 presents the per-
formance of our fine-tuned A3RM compared to the
Gemini-2.5-pro baseline on a held-out A3 test set.
Despite its significantly smaller size, A3RM sur-
passes the commercial model across key metrics.
At the essential state level, it achieves 95.7% Pre-
cision (+8.4 points), and at the task level, it dom-
inates with 96.0% Precision (+10.3 points) while
maintaining parity in Recall. This performance val-
idates our data construction strategy, which condi-
tions the model to reject ambiguous states that zero-
shot models frequently hallucinate as successes.
However, we emphasize that A3RM is a specialized
model optimized for the A3 task distribution; while
this specialization yields superior in-domain per-
formance compared to the general-purpose Gemini,
it is designed specifically for this benchmark. Ul-

timately, this high precision is critical for reward
modeling, as it minimizes the risk of inadvertently
reinforcing agents for failed trajectories.

4.2 A3 Benchmark

Experimental Setup To establish a comprehen-
sive baseline, we evaluated a diverse suite of mo-
bile GUI agents. We selected seven representa-
tive single-model agents: Qwen2.5-VL-7B (Bai
et al., 2025b), Qwen3-VL-8B (Bai et al., 2025a),
UI-TARS-1.5-7B (Qin et al., 2025), UI-Genie-7B
(Xiao et al., 2025), UI-Venus-7B (Gu et al., 2025),
InfiGUI-R1-3B (Liu et al., 2025¢), and GUI-OWL-
7B (Ye et al., 2025). Additionally, we evaluated
two agent frameworks: Mobile-Use (Li et al., 2025)
(powered by Qwen2.5-VL-7B) and T3A (Rawles
et al., 2025) (evaluated with both Gemini-2.5-pro
and Qwen2.5-VL-7B). All agents were evaluated
on the A3 benchmark using their official, publicly
available prompts and inference settings to ensure
reproducibility. Detailed results are presented in
Table 3 (A3RM evaluation) and Table 6 (Gemini
evaluation in Appendix A.4).

Performance Analysis The results indicate that
A3 poses a rigorous challenge for current state-
of-the-art agents. Among open-source single-
model agents, InfiGUI-R1 distinguishes itself as
the leader with a Success Rate (SR) of 27.0%.
However, the broader landscape reveals significant
fragility, where most models exhibit precipitous
performance declines on "Hard" tasks, where suc-
cess rates frequently approach zero. In sharp con-
trast, the proprietary T3A + Gemini-2.5-pro agent
establishes a strong upper bound with a 53.0% SR.
This nearly two-fold performance gap underscores
a critical reality: while specialized open-source
agents are evolving, they still lag significantly be-
hind large-scale commercial MLLMs in the com-
plex, multi-step reasoning required for dynamic
GUIs. Ultimately, with even the top-performing
system failing nearly half the tasks, A3 reveals sub-
stantial room for improvement across the board,
positioning the commercial model’s performance
as a current "skyline" for the open-source commu-
nity to pursue.

Frameworks vs. Foundation Models Our abla-
tion of frameworks versus base models reveals crit-
ical insights. First, structured frameworks signif-
icantly enhance weak base models: Qwen2.5-VL
fails almost completely as a standalone agent (3.0%
SR), but when integrated into the Mobile-Use or
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Agent ‘ Metric Easy Medium Hard ‘ Operation  Inf. Query ‘ Overall
SR 20.0 10.0 4.0 13.9 7.1 12
UFTARS-1.5 | ESAR 353 21.8 239 312 209 282
UL Venus SR 285 15.0 16.0 20.8 17.8 20
| ESAR 41.2 29.7 27.1 339 275 32.0
UL Genie SR 25.8 10.0 0.0 16.7 3.6 13
| ESAR 412 25.8 323 34.9 253 32.1
SR 343 30.0 12.0 34.7 7.1 27
InAGULRI | ESAR 553 50.8 51.0 54.6 46.2 52.1
SR 314 75 0.0 18.1 3.6 14
GUI-OWL | ESAR 494 26.6 239 35.8 23.1 32,0
SR 5.7 0.0 4.0 42 0.0 3
Quen23VL | gsar 10.5 10.9 21.8 15.6 11.0 14.2
SR 343 12.5 0.0 20.8 7.1 17
Quen3-VE 1 EsaR 50.6 35.2 313 44.0 24.2 38.2
Mobile-Use + SR 343 10.0 0.0 222 0.0 16
Qwen2.5-VL | ESAR 482 39.9 313 43.1 30.8 39.5
T3A + SR 314 10.0 40 19.4 3.8 15
Qwen2.5-VL | ESAR 37.6 28.1 28.1 294 34.1 30.7
T3A + SR 57.1 55.0 44.0 55.6 46.6 53
Gemini-2.5-pro | ESAR 68.2 67.9 62.5 72.9 50.5 66.4

Table 3: Benchmark results evaluated by our A3RM. We report Task Success Rate (SR) and Essential State Achieved

Rate (ESAR) across task categories and difficulties.

T3A frameworks, its performance jumps to 16.0%
and 15.0% respectively. This suggests that well de-
signed frameworks can compensate for limited rea-
soning capabilities. However, the backbone model
remains the upper bound of performance. When the
exact same T3A framework is powered by Gemini-
2.5-pro, performance skyrockets to 53.0% (com-
pared to 15.0% with Qwen2.5). This demonstrates
that while frameworks provide necessary structure,
they cannot fully mitigate the reasoning deficits of
the underlying vision-language model. We also ob-
serve rapid evolution in base models; Qwen3-VL
(17.0% SR) naturally outperforms its predecessor
Qwen2.5-VL (3.0% SR) by a wide margin without
any framework assistance.

Essential State Evaluation The Essential State
Achieved Rate (ESAR) provides a more granular
view of agent capabilities than the binary SR met-
ric. A consistent trend across all agents is that
ESAR is substantially higher than SR. This dis-
crepancy highlights the primary failure mode of
current agents: they possess sufficient semantic
understanding to initiate tasks and navigate early
stages (high ESAR) but lack the long-horizon ro-
bustness required to reach the final state without

encountering a terminal error (low SR). This phe-
nomenon also corresponds to our case studies in
Appendix A.5, where current agents mostly fail in
progress awareness.

We also provide more A3RM and essential state
evaluation generalization in Appendix A.6, sliding
window analysis in Appendix A.3 and Gemini eval-
uation experiments and results in Appendix A.4.

5 Conclusion

We introduced the Android Agent Arena (A3), a
benchmark that bridges the gap between static eval-
uations and real-world utility by incorporating dy-
namic tasks from popular online applications. To
overcome the opacity of closed-source apps, we
proposed the essential-state evaluation method and
the fine-tuned A3RM, offering a scalable, visual-
based metric that captures granular agent progress
beyond binary success. Our experiments reveal that
while current agents struggle with long-horizon ro-
bustness, our open-sourced pipeline provides the
necessary infrastructure to accelerate the develop-
ment of truly autonomous mobile assistants.
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Limitations

First, our benchmark is confined to the Android
ecosystem. Expanding to iOS remains effectively
unsolvable due to restrictive system policies that
prevent the virtualization and programmatic control
necessary for reproducible testing. Second, despite
our rigorous curation, we exclude specific high-
frequency categories like instant messaging, where
strict authentication protocols and privacy concerns
make automated account resets impractical. Fur-
thermore, while our A3RM evaluator demonstrates
high precision, it is inherently a probabilistic model
and still has hallucinations. Consequently, while
A3 significantly advances ecological validity, these
constraints highlight the trade-offs required to bal-
ance reproducibility with the closed, secure nature
of modern mobile platforms.
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A Appendix

A.1 App List

We select 20 apps in 20 categories from Google
Play Store top charts as listed in Table 4.

App Category
CNN News
TripAdvisor Events
Amazon Shopping
Omio Travel
Bluecoins Finance
Tasks Productivity
N Calendar Calendar
File Tools
eboox Read
YouTube Video
Home Workout Fitness
Pinterest Lifestyle
Chrome Browser
CityMapper Navigation
Joytity Music
Joplin Notes
Wikipedia Entertainment
Weather Forecast Weather
Supercook Food
Gmail Business

Table 4: List of apps and corresponding categories.

A.2 Tasks & Essential States

For clearer demonstration of our tasks and essential
states, we list 10 examples in Table 8.

A.3 Sliding Window and Interval Study

We conduct experiments on the sliding window
size and interval size (number of steps) for the com-
mercial MLLMs (Gemini) evaluation to identify
the optimal parameters to minimize the number of
API calls without compromising evaluation fidelity.
Table 5 summarizes the evaluation results across
different sliding window sizes and interval settings.
Specifically, the sliding window size ranges from 2
to 6, with interval sizes set to half of the window

size. From the results, we observe that sliding win-
dow sizes of 3 and 4 yield the highest evaluation
accuracies for both essential states and overall task
performance. Among these, the configuration with
a sliding window size of 4 and an interval size of
2 achieves the lowest average computational cost,
making it the preferred setting for the evaluation
method.

Further analysis of our results reveals a distinct
trade-off in the selection of the sliding window
size, with the MLLM evaluator’s performance de-
grading at both small and large extremes. When a
small window is combined with a non-overlapping
stride (e.g., size of 2, stride of 2), evaluation accu-
racy suffers. This occurs because a critical state
transition can be split across the boundary of two
consecutive windows. For example, an agent’s ac-
tion and its immediate on-screen result might fall
into separate windows, depriving the MLLM of the
necessary context to make a correct judgment. Con-
versely, when the window size becomes too large
(e.g., greater than 4), performance degrades due to
loss of visual fidelity. To be processed, frames in
the window are concatenated into a single compos-
ite image. With larger window sizes, each frame
is significantly downscaled, causing a severe loss
of resolution that can render small text and Ul ele-
ments illegible. This image compression impairs
the MLLM’s ability to accurately identify essential
states, leading to misjudgments.

A.4 Gemini Evaluation

Gemini-Based Evaluation Analysis The results
from the Gemini-based evaluation (Table 6) high-
light the critical importance of foundational model
capability and agentic scaffolding. The propri-
etary T3A + Gemini-2.5-pro agent establishes a
dominant upper bound with an Overall Success
Rate (SR) of 58.0%, significantly outperforming
all open-source alternatives. Among single-model
agents, InfiGUI-R1 leads with a 29.0% SR, demon-
strating that specialized fine-tuning can yield com-
petitive results. We also observe a substantial
generational leap in the Qwen family: Qwen3-
VL achieves a 23.0% SR, a nearly five-fold im-
provement over the baseline Qwen2.5-VL (5.0%).
Furthermore, the data underscores the efficacy of
agent frameworks; wrapping the weak Qwen?2.5-
VL base model in the T3A framework boosts
its performance from 5.0% to 24.0%, effectively
bridging the gap to the stronger Qwen3-VL base
model. However, despite these gains, the sharp
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Window Size Interval Size Essential-State Acc Task Acc Average Cost ($)
’ 1 0.94 0.91 0.196
2 0.88 0.86 0.099
3 1 0.95 0.91 0.195
2 0.94 0.90 0.098
4 2 0.95 0.91 0.098
3 0.95 0.90 0.071
5 2 0.93 0.89 0.097
3 0.92 0.89 0.069
6 3 0.91 0.88 0.070
4 0.89 0.87 0.050

Table 5: Sliding window and interval size study for essential-state evaluation. The highest accuracy is in bold. The
average cost is computed by the total API cost of three MLLMs over 30 tasks.

decline in performance on "Hard" tasks—where
most open-source agents drop to single-digit suc-
cess rates—indicates that complex, multi-step rea-
soning remains a significant bottleneck.

Gemini VS A3BRM  Comparing these results with
the A3RM evaluation reveals a systematic "op-
timism bias" in the commercial Gemini evalua-
tor. Across virtually all agents, Gemini assigns
higher success rates than our fine-tuned A3RM.
For instance, the leading T3A + Gemini agent
is scored at 58.0% by the Gemini evaluator but
drops to 53.0% under A3RM. Similarly, InfiGUI-
R1 decreases from 29.0% to 27.0%, and Mobile-
Use drops from 19.0% to 16.0%. We attribute
this discrepancy to the design of A3RM: explic-
itly trained with human labels and hard negative
mining, A3RM is more aligned to human judgment
and Gemini suffers from the low precision situation.
This suggests that while commercial MLLMs offer
high recall, they lack the domain-specific precision
required for rigorous GUI evaluation. Crucially,
however, the relative rankings of the agents remain
largely consistent across both evaluators (e.g., T3A
> InfiGUI > Qwen2.5).

A.5 Case Study

Through observation and analysis of the ten agents
performance on A3 benchmark, we noticed some
representative and remarkable cases where re-
searchers would like to solve in the future study.

A.5.1 General Agent Issues

Progress Unawareness A critical failure mode
observed across most model-based agents is

Progress Unawareness, a fundamental inability to
track their position within a task sequence. This
limitation typically manifests in two ways:

* Redundant Actions: Agents often fail to rec-
ognize that a required step has already been
completed. We observed numerous instances
where an agent would get stuck in a loop, re-
peatedly attempting to achieve an essential state
that was already satisfied, even when its action
history was provided in the prompt (Figure 4).
This suggests a failure to effectively parse its
own operational history.

* Failure to Terminate: A related issue is
the inability to recognize overall task comple-
tion. Many agents, despite having successfully
achieved all essential states, do not issue a stop
action. Instead, they continue to perform ir-
relevant operations until the AITK framework
terminates them for exceeding the maximum
step limit.

This lack of progress awareness points to a
deeper deficiency in the agents’ planning and state-
tracking capabilities. An agent that cannot reli-
ably determine what it has already done or recog-
nize when its final goal has been met will struggle
with complex, multi-step tasks. Improving this
self-awareness and goal recognition is therefore a
crucial direction for future research in developing
more robust and efficient GUI agents.

Screen misunderstanding Another commonly
observed failure mode is a lack of Screen Compre-
hension, where an agent fails to accurately ground
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Agent Metric Easy Medium Hard Operation Inf. Query ‘ Overall

SR 14.3 50 4.0 9.7 35 8

UI-TARS-1.5 ESAR 294 17.2 9.3 20.2 13.2 18.1
ULVen SR 31.4 17.5 12.0 00 17.8 21

Tvenus ESAR 47.1 273 312 36.2 28.6 34.0
ULGenie SR 28.6 15.0 0.0 20.8 36 16

! ESAR 47.1 28.1 31.3 37.2 27.5 34.3

SR 40.0 325 8.0 36.1 10.7 29

InfiGUL-R1 ESAR 58.8 53.1 52.1 56.4 495 54.4
SR 25.7 50 4.0 15.3 36 12

GUI-OWL ESAR 517 273 21.8 36.2 23.1 32.4
SR 8.6 25 4.0 6.9 0.0 5

Qwen2.5-VL | poAR 25.9 14.8 26.0 22.0 19.8 21.4
SR 40.0 17.5 8.0 25.0 17.9 23

Qwen3-VL ESAR 553 40.6 36.5 50.5 37.4 46.7
Mobile-Use + SR 343 15.0 4.0 25.0 36 19

Qwen2.5-VL | ESAR 47.1 43.0 30.2 43.1 33.0 40.1
T3A + SR 40.0 17.5 12.0 26.4 17.9 24

Qwen2.5-VL | ESAR 44.7 32.8 313 32.1 43.9 35.6
T3A + SR 62.8 575 52.0 62.5 46.4 58

Gemini-2.5-pro | ESAR | 7176 70.3 65.6 76.6 51.6 69.3

Table 6: Benchmark results evaluated by the commercial Gemini-2.5-pro model. We report Task Success Rate (SR)
and Essential State Achieved Rate (ESAR) across task categories and difficulties.

its intended action to the correct visual element
on the screen. This issue, which primarily affects
click actions, manifests in two distinct ways:

* Incorrect Element Identification: In some
cases, the agent’s reasoning is sound (e.g.,
"click the menu button") but it visually misiden-
tifies the target, instead clicking a different ele-
ment like a profile icon. This represents a fail-
ure in high-level visual recognition, as shown
in Figure 5 left.

* Inaccurate Coordinate Localization: In other
instances, the agent correctly identifies the tar-
get element but fails to predict its precise coordi-
nates. This results in a "shifted click" that lands
on an adjacent area instead of the intended ele-
ment, as illustrated in Figure 5 right. This points
to a limitation in fine-grained spatial reasoning.

A.5.2 Dynamic Online Apps Specialty

We analyzed failure cases specific to the dynamic
nature of online apps and identified three primary
categories of error:

* Information Similarity and Ranking: Online
apps often present search results where the cor-
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rect item is buried among highly similar distrac-
tions. Agents frequently struggle to discern the
target from these visual distractors. For instance,
in YouTube tasks, agents often select the top-
ranked video rather than performing the neces-
sary scrolling actions to locate the specific target
content further down the list.

¢ Dynamic Interference: Unlike static offline

benchmarks, online environments feature unpre-
dictable elements such as pop-up ads and spon-
sored content. In apps like Chrome and Home
Workout, agents often fail to distinguish between
organic results and sponsored links, or lack the
logic to identify and close sudden whole-screen
ads, leading to task deadlocks.

* Rich Information and Layout Complexity:

The dense information presentation and deep hi-
erarchical designs of modern apps hinder effec-
tive planning. In complex interfaces like Ama-
zon and Omio, agents are often overwhelmed by
the volume of product details or struggle to navi-
gate nested filtering and sorting menus, resulting
in incorrect navigation paths.



Metric Gemini-2.5-pro A3RM  A3RM-Continued
Essential State Level

Precision 87.5 93.1 97.7

Recall 93.3 91.1 95.6

F1 Score 90.3 92.1 96.6

Accuracy 87.1 90.0 95.7
Task Level

Precision 93.4 94.1 100.0

Recall 88.2 94.1 94.1

F1 Score 90.7 94.1 97.0

Accuracy 88.0 92.0 96.0

Table 7: Performance comparison on 25 newly intro-
duced tasks.

A.6 Generalization Analysis

To evaluate the generalization capability of the
proposed evaluator and the essential state repre-
sentation, we conducted experiments on 25 newly
introduced tasks outside the original training dis-
tribution, comparing Gemini-2.5-pro, A3RM, and
A3RM-Continued trained with additional data from
the new tasks. As shown in Table 7, A3RM still out-
performs Gemini-2.5-pro on unseen tasks across all
metrics. This result highlights the advantage of a
specialized evaluation model trained with struc-
tured supervision, demonstrating that A3RM is
able to generalize beyond its training distribution
to a meaningful extent, benefiting from structured
supervision rather than solely relying on the broad
reasoning capabilities of general purpose models.

More importantly, the performance gains of
A3RM-Continued highlight the extensibility of the
essential state representation. With continued train-
ing on new tasks, ABRM-Continued achieves con-
sistent improvements in Precision and Accuracy
while maintaining stable Recall, indicating that es-
sential states capture transferable structural regular-
ities of GUI task execution. By modeling seman-
tically coherent state transitions and task-relevant
state dependencies, essential states provide stable
and well-aligned supervision that naturally gener-
alizes to previously unseen task distributions. Con-
sequently, the essential-state framework supports
systematic expansion to new tasks, establishing
a general and scalable foundation for GUI-Agent
evaluation.

A.7 Risks & License

1. Since the apps are online and some of them
requires user login, agent’s wrong actions may
lead to content malfunctioning.

2. MIT license: GUI-OWL, Ul-Genie. Apache:

UI-TARS, UI-Venus, InfiGUI-R1, Qwen2.5/3-
VL. All use are consistent with the license.

A.8 Training Details

We use L40s (48G) to train A3RM for 600 GPU-
hour. We use EasyR1 (Zheng et al., 2025) as the
training codebase and use DAPO as the RL training
algorithm.

A.9 Al Declaration

We use Gemini to help paper writing and one of
the evaluation method.
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Figure 5: Examples for screen misunderstanding in an essential state.
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Table 8: Sample tasks and their corresponding essential states from the A3 Benchmark.

Task Instruction

Essential States

Navigate to CNN’s Science section and check the top
headline news. What is the title?

CNN Science section is selected
The top headline news in Science section is selected
The title of the article is answered

Search for "hotels in Seoul’ on Tripadvisor for 1 room and
2 adults, sorted by traveler ranking.

Room is set to 1 room

Guest details are set to 2 adults
“hotels in Seoul’ is searched

Results are sorted by traveler ranking

Open Amazon and search for ’Laptop Sleeve’. Filter the
material by ’carbon fiber’. What is the price of the first
result?

’Laptop Sleeve’ is searched
Results are filtered by material ’carbon fiber’
Price of the first result is answered

Find the cheapest flight from Paris to Rome for 2 adults
on Omio departing tomorrow. What is the total price?

Departure location is set to Paris

Arrival location is set to Rome

Passengers set to 2 adults

Departure date set to tomorrow

Flights are searched

Results for flights are sorted by *Cheapest price’
Cheapest flight price is answered

Open Citymapper and search route from London Bridge
to Oxford Street. How long is the estimated walking time?

Route starting location is set to London Bridge
Route destination is set to Oxford Street
Estimated walking time is answered

Open  Gmail and send an email to
’stock_notify_01@163.com’ with subject ’Meeting
time’ and body *When is the meeting?’

New email page is opened

Recipient set to ’stock_notify_01@163.com’
Subject ’Meeting time’ is added

Body *When is the meeting?’ is added
Email is sent

Search "How to cook steak’ in Youtube, play video by
’Hodder Books’ titled ’Gordon Ramsay’s Ultimate Cook-
ery Course’

’How to cook steak’ is searched

Video by "Hodder Books’ with title ’Gordon Ramsay’s Ulti-
mate Cookery Course’ is selected

Video is played

Open Home Workout, search Abs workouts, select ’abs
beginner’, and start training.

Abs workouts are searched
Workout *abs beginner’ is selected
Training is started

Remove butter from shopping list in supercook, mark it
as pantry ingredient, and tell me how many recipes can be
made.

Shopping list is accessed

Butter is removed from shopping list
Butter is marked as pantry ingredient
Number of recipes possible is answered

Search Quantum Computing’ in Wikipedia, select first
article, open table of contents, and go to Algorithms chap-
ter.

’Quantum Computing’ is searched
First article is selected

Table of contents is opened
Algorithms chapter is accessed
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