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Abstract

Automating Graphical User Interface (GUI)
operations with Multimodal Large Language
Models (MLLMs) is promising but remains
bottlenecked in real-world long-horizon set-
tings. Key challenges include ensuring pre-
cise grounding across diverse interfaces and
handling irreversible errors in extended work-
flows. Current methods often struggle to dis-
tinguish targets in low Signal-to-Noise Ratio
(SNR) environments and lack sufficient pre-
execution verification to prevent error accu-
mulation. To address this, we propose the
Memory-augmented Debate System (MaDS).
Specifically, MaDS combines: (1) a Dual-
Layer Memory Module that integrates universal
interaction priors with scenario-specific opera-
tional experience to mitigate grounding halluci-
nations; and (2) Multi-Round Debate that per-
forms pre-execution verification, while trans-
forming execution failures into retrievable Neg-
ative Warnings to reduce repeated errors. Ad-
ditionally, we introduce MaDS-Benchmark, a
benchmark for long-horizon mobile GUI tasks
with process-oriented evaluation. Experiments
show that MaDS achieves a 90.23% Task Suc-
cess Rate on MaDS-Benchmark and strong
performance on public benchmarks including
AITW, AITZ, CAGUI, and GUIOdyssey.

1 Introduction

Automating Graphical User Interface (GUI) oper-
ations has emerged as a pivotal frontier for Multi-
modal Large Language Models (MLLMs) (Nguyen
et al., 2025; Tang et al., 2025; Zhang et al., 2025a;
Deng et al., 2024). While GUI agents have pro-
gressed in standard environments (Nguyen et al.,
2025; Tang et al., 2025), scaling to real-world work-
flows presents a barrier, as mobile interfaces feature
diverse elements, complex layouts, and deviations
from standard structures (Gou et al., 2025; Rawles
etal., 2023; Wu et al., 2024). Achieving reliability
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in this domain is a problem of visual perception
that demands precise grounding among these irreg-
ularities (Gou et al., 2025; Lu et al., 2024), and
a challenge of sequential decision-making under
irreversibility (Tian et al., 2025). In long-horizon
workflows, a single deviation can divert the agent
onto an error trajectory from which recovery is im-
possible (Nguyen et al., 2025; Tang et al., 2025;
Kong et al., 2025). Consequently, fulfilling these
requirements faces two hurdles:

Challenge 1: Achieving grounding precision
among diversity of interfaces. In real-world appli-
cations, agents must handle diverse elements and
dynamic content where the Signal-to-Noise Ratio
(SNR) varies significantly (Wu et al., 2025a; Gou
et al., 2025). Since metadata-based methods are
heavily dependent on the parsing of the underlying
view hierarchies, they inherently lack universal-
ity when faced with custom-rendered interfaces
or dynamic content where structural data are of-
ten encapsulated or obfuscated (Burns et al., 2021;
Deng et al., 2023; Rawles et al., 2023; Venkatesh
et al., 2023; Gur et al., 2024). Conversely, pure
vision-based paradigms operate solely on raw pixel
inputs, making them susceptible to the low SNR
inherent in dense layouts (Lu et al., 2024; Xu et al.,
2025b; Wang et al., 2025a; Baechler et al., 2024).
This visual clutter often overwhelms the model’s
feature extraction capability, making it difficult to
distinguish small targets from background noise
and leading to grounding hallucinations.

Challenge 2: Overcoming irreversibility in
long-horizon error recovery. Unlike static QA
tasks, a single minor planning deviation in a GUI
workflow can cascade into an error trajectory from
which recovery is impossible (Yang et al., 2025a;
Wu et al., 2025b). Current frameworks predomi-
nantly adopt a linear execution paradigm (Zhu et al.,
2025; Agashe et al., 2025), leaving agents vulner-
able to such error accumulation. Although some
methods attempt post-hoc correction (Liu et al.,
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2024; Nayak et al., 2024; Putta et al., 2024), they
operate on the assumption that errors are reversible.
Since the damage is done the moment an action is
executed, these remedial measures are inherently
too late in real-world irreversible environments.

We propose the Memory-augmented Debate
System (MaDS). To mitigate grounding halluci-
nations caused by low SNR in diverse interfaces
(Challenge 1), MaDS incorporates a Dual-Layer
Memory Module that synergizes universal seman-
tic knowledge with specific operational experience,
acting as contextual priors against visual noise.
Crucially, to handle task irreversibility (Challenge
2), we implement Multi-Round Debate that en-
forces pre-emptive verification by subjecting plans
to adversarial scrutiny and strict visual constraints
before execution, while a continuous Reflection
process converts failures into negative warnings to
strictly prevent error recurrence.

The main contributions of this paper are sum-
marized as follows, code and data are available for
further research !:

* MaDS: A system driven by Dual-Layer Mem-
ory and Multi-Round Debate. In particular,
MaDS emphasizes pre-execution verification
and uses failure-derived Negative Warnings
as retrievable constraints to reduce repeated
errors in irreversible workflows.

* MaDS-Benchmark: A benchmark focusing
on long-horizon tasks in real-world dynamic
mobile scenarios. We also introduce a process-
oriented evaluation method utilizing execution
logs to attribute failures at the trace level.

* Performance: MaDS achieves a 90.23% Task
Success Rate (TSR) on MaDS-Benchmark
and demonstrates generalization on public
datasets, attaining 94.74% on AITW (Rawles
et al., 2023), 95.24% on AITZ (Zhang et al.,
2024b), and 96.77% on CAGUI (Zhang et al.,
2025b).

2 Related Work

2.1 Achieving Grounding Precision among
Diversity of Interfaces

Achieving precise grounding across diverse real-
world applications remains a primary hurdle (Yang
et al., 2025b; Park et al., 2025; Wu et al., 2025a).
Early approaches relied on scripts or metadata, but
these lack universality as they are often restricted
by custom rendering or dynamic content (Chen

"https://github.com/PcCin37/MaDS

et al., 2025; Wen et al., 2024; Zhang et al., 2021).
Consequently, the field has shifted towards MLLM-
based architectures to process visual inputs directly
(Hoscilowicz and Janicki, 2025; Ma et al., 2024;
Xu et al., 2025b). However, models handling both
high-level reasoning and pixel-level localization
simultaneously face significant cognitive load (Xu
et al., 2024; Zhang et al., 2024a). Diagnostic stud-
ies suggest that perceptual hallucinations (Tao et al.,
2025; Wang et al., 2024b; Chen et al., 2024) are
distinct from reasoning errors, advocating for sys-
tems that decouple perception from reasoning (Jia
et al., 2025; Ni et al., 2025).

To support grounding in complex environments,
recent research adopts dual-process memory ar-
chitectures distinguishing between Episodic and
Semantic Memory (Hu et al., 2025; Zhang et al.,
2024e; Kim et al., 2023), as implemented in frame-
works like Agent S (Agashe et al., 2025), HAR-
GUI (Wang et al., 2025b) and MGA (Cheng et al.,
2025). However, retrieval accuracy is often com-
promised by low SNR in dense, diverse interfaces
(Hong and He, 2025; Agashe et al., 2025; Wang
et al., 2025b). While approaches using graph-based
retrieval or rigid filtering aim to address this (Shen
et al., 2025; Guan et al., 2025), balancing scenario-
specific precision with the recall of universal cross-
app knowledge remains a critical optimization area
to ensure reliable grounding.

Sustaining performance over long horizons also
relies on effective memory maintenance (Wu et al.,
2025d; Zhang et al., 2024e). Without proper man-
agement, data accumulation leads to information
dilution, which degrades retrieval efficiency and
consistency (Hong and He, 2025; Wu et al., 2025¢).
Current pruning methods predominantly utilize
heuristic rules or embedding similarity (Hong and
He, 2025; Zhang et al., 2024e). While recent
works like MemoryField (Anonymous, 2025) and
A-Mem (Xu et al., 2025a) explore autonomous
curation, utilizing causal analysis to establish struc-
tured constraints for preventing repeated errors in
irreversible tasks remains an open research direc-
tion.

2.2 Overcoming Irreversibility in
Long-Horizon Error Recovery

In long-horizon tasks, error accumulation poses a
severe threat to reliability. Multi-Agent Systems
(MAS) like Mobile-Agent (Ye et al., 2025), GAIR
(Wei et al., 2025) and COLA (Zhao et al., 2025)
attempt to mitigate this by separating planning
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Figure 1:

from execution. However, hierarchical structures
often prioritize upstream instructions (Cemri et al.,
2025), allowing initial planning deviations to prop-
agate downstream (Xinjie et al., 2025; Yang et al.,
2025a). Although frameworks like COLA (Zhao
et al., 2025) and AgentCPM-GUI (Zhang et al.,
2025b) introduce reviewer roles to challenge rea-
soning paths (Roh et al., 2025), these function as
post-hoc validators. In irreversible environments,
such remedial correction is often too late, and
there remains a need for pre-emptive verification to
check logical consistency before physical operation
(Wanyan et al., 2025; Zhang et al., 2024d).

3 System

The overall architecture of MaDS is illustrated in
Figure 1.

3.1 Memory Module

The core objective of the Memory Module is to
equip the agent with an evolutionary memory for

The Overall Architecture of MaDS.

long-horizon GUI interaction. In dynamic mobile
environments, relying only on pre-trained knowl-
edge is insufficient. An effective system must lever-
age broadly applicable interaction priors for gener-
alized reasoning, while continuously accumulating
scenario-specific experience to navigate complex
layouts and reduce repeated mistakes in irreversible
workflows. To achieve this, MaDS implements
a Memory Module consisting of a Dual-Layer
Storage Structure (Section 3.1.1), which sepa-
rates Semantic Knowledge Memory from Opera-
tional Experience Memory, and a Retrieval-and-
Maintenance mechanism (Section 3.1.2), which
enables the memory to evolve with the agent’s in-
teractions.

3.1.1 Dual-Layer Storage Structure

Semantic Knowledge Memory encapsulates
broadly applicable interaction norms and static
facts derived from Android Material Design guide-
lines (Developers, 2024). We organize these as Uni-
versal Priors, covering action definitions, common
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Figure 2: Structure and Mechanism of the Memory Module.

visual semantics, and general interface transition
rules. This layer is lightweight, pre-installing 43
context-independent facts to provide probabilistic
priors for reasoning, helping the agent adhere to
basic interaction logic even in unseen apps within
the evaluated mobile setting. The detailed content
is listed in Table 6.

Operational Experience Memory stores evolv-
ing experiences accumulated during dynamic in-
teractions. Unlike metadata-based methods that
rely on fragile DOM structures (Burns et al., 2021;
Deng et al., 2023), and unlike memory designs that
primarily reuse successful trajectories, MaDS in-
troduces three noise-resistant techniques to handle
visual diversity and task irreversibility:

* Soft Partitioning: Instead of rigid database
sharding, we use the Task Scenario Lgcene
as a soft partitioning index. The Perception
Agent abstracts the current screen [; into a
semantic scenario. It clusters related expe-
riences to maximize the SNR. This structure
effectively supports knowledge transfer across
similar apps.

* Abstract Process Signature S,;,: To decou-
ple memory from pixel-level noise, we use
Ssig to record the Action Intent. Unlike raw
coordinates which are susceptible to resolu-
tion changes or dynamic layout shifts, Sg;q
records the action type and relative semantic
target.

* Dialectical Learning: To counter the irre-
versibility of errors, the memory stores not
only verified Positive Demonstrations but
also failed operations with causal analysis as
Negative Warnings. These warnings serve

as hard constraints to prune the search space,
preventing the agent from re-entering error
trajectories.

Formally, memory nodes are stored as:

v = (Lscenea DtasIm Ssigv -Foutv Labelsuw Reason)

In this representation, Lgccne and Sg;q allow expe-
rience to be retrieved at the appropriate semantic
granularity, F,,; is a hash summary of the execu-
tion result used for deduplication. Labelg,. and
Reason distinguish reusable positive demonstra-
tions from failure-derived constraints.

3.1.2 Retrieval and Maintenance

MaDS employs a dynamic mechanism to orches-
trate retrieval and maintenance, enabling evolution-
ary learning.

Retrieval Strategy. To combine general pri-
ors with scenario-specific experience under long-
horizon decision making, the retrieval process is
formulated as follows (see Appendix A.2 for pa-
rameter settings):

R(Qv M) = TOpK(Qu Msem)
U TOpK (Q7 SCOPC(Mexp, Lscene‘T))

The query q encodes the global task Dy, during
initial planning, but shifts to the specific step in-
struction gs¢ep during the Multi-Round Debate to
retrieve fine-grained constraints.

* Instruction-Driven Semantic Retrieval. For
Semantic Knowledge Memory M ¢y, the sys-
tem adopts an on-demand retrieval. The algo-
rithm performs semantic matching between
q and universal priors to recall Top-K facts
relevant to the immediate interaction norms.
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* Scenario-Prioritized Experience Retrieval.
For Operational Experience Memory M.,
the system implements a Priority-Based Strat-
egy to increase precision. The function
Scope(+) restricts the retrieval to the partition
defined by Lgcene, significantly increasing the
effective SNR. Crucially, a dynamic fallback
allows the scope to expand to the global pool
if the similarity score falls below T;.¢cq;, bal-
ancing specificity with recall. This design
aims to balance precision and recall: scenario-
prioritized retrieval increases specificity in
dense, app-specific interfaces, while global
fallback prevents the system from becoming
overly narrow when local experience is insuf-
ficient.

Maintenance. To ensure long-term efficiency,
the Maintenance adopts a Selective Storage Strat-
egy (Algorithm 1). New experiences vy gener-
ated from the Reflection undergo: (1) Hard Dedu-
plication using F,,; to discard redundant records,
(2) Semantic Fusion to merge new insights with ex-
isting nodes, and (3) Utility-Based Pruning to re-
move stale nodes while preserving Negative Warn-
ings, ensuring safety constraints are never forgot-
ten.

3.2 Collaborative Multi-Agent Architecture

The objective of the Collaborative Multi-Agent Ar-
chitecture is to address the irreversibility of long-
horizon tasks by shifting from linear execution
to a dual-phase process of Pre-Emptive Verifi-
cation and Continuous Evolution. In environ-
ments where a single deviation can lead to unre-
coverable failure, the system must examine can-
didate plans before execution and extract causal
feedback after interaction. To achieve this, MaDS
orchestrates four agents into a closed-loop system,
using Multi-Round Debate (Section 3.2.1) as a
pre-execution verification mechanism to intercept
risky actions, and updating memory via Reflection
(Section 3.2.2) to reduce the recurrence of error
trajectories.

3.2.1 Multi-Round Debate

Directly executing retrieved plans carries risks: his-
torical experience may contain noise, and the Plan-
ning Agent may over-rely on outdated spatial as-
sumptions while ignoring current layout shifts. To
prevent the agent from committing to such error
trajectories, we design Multi-Round Debate (Fig-
ure 3). Unlike approaches that mainly provide cor-

rective feedback after risky plans are formed or
executed, our debate mechanism serves as a pre-
execution verification process that checks reason-
ing against current visual evidence and retrieved
memory constraints before physical action is taken.

The workflow operates as follows:

1. Preliminary Planning: The Planning Agent
generates a plan P; based on the global task and
retrieved experiences.

2. Adversarial Scrutiny: While the Planner fo-
cuses on the global context (q,st), the Evaluation
Agent performs a step-specific retrieval using the
current instruction ¢, to recall precise ground-
ing constraints and Negative Warnings from the
Memory Module. This Cross-Check ensures that
high-level intent does not violate low-level physical
constraints. In particular, retrieved Negative Warn-
ings act as failure-derived constraints, enabling the
Evaluation Agent to reject actions that resemble
previously observed error trajectories rather than
only scoring them by apparent semantic relevance.

3. Structured Confidence Scoring: Instead
of free-form feedback, the Evaluation Agent out-
puts a structured assessment based on criteria (see
Appendix A.1 for parameter settings):

Cfinal = wlcrule + wQCgr‘ound + wSClogic

 Rule Compliance C.,;. € {0,1}: A binary
indicator. C,.,;. = 0 if the proposed action
violates any atomic interaction norms defined
in the Semantic Knowledge Memory or Neg-
ative Warnings from Operational Experience
Memory; otherwise Cje = 1.

* Visual Grounding Cy,ouna € {0,1}: A bi-
nary constraint validating Physical Existence.
The Evaluation Agent performs a QA check
on the screenshot I;: "Is the target element
[Description] visible?". We set Cyround =
1 if the element is confirmed visible, and
Cyround = 0 otherwise. We emphasize that
Cyround 1s not provided by an external oracle
or a dedicated detector. Instead, it serves as
a conservative visibility check performed by
the Evaluation Agent. The evaluator returns
a positive grounding signal only when the tar-
get is clearly and unambiguously visible in
the screenshot.

* Logical Consistency Cj,4;c € [0, 1]: A scalar
score generated by the Evaluation Agent via
prompting. The MLLMs evaluate the seman-
tic relevance between the planned action A;
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and the step instruction g, on a scale of 0
to 10, which is then normalized to [0, 1]. This
measures whether the action is contextually
optimal assuming the target exists.

4. Controllable Termination & Fallback: To
address the unpredictability of LLM interactions,
we introduce the following procedure. If C't;p,q is
below the threshold 7,7, the Evaluation Agent
provides specific rebuttal to trigger replanning. To
prevent infinite cognitive cycling, we enforce a
limit K,,,,. If no consensus is reached, the sys-
tem executes the plan with the highest recorded
confidence, ensuring the task proceeds rather than
stalling.

3.2.2 Reflection

The goal of Reflection is to close the loop between
execution and planning by transforming transient
interactions into persistent memory. Rather than
merely summarizing actions, MaDS uses diagnos-
tic reflection to convert execution outcomes into
reusable experience for future decision making.
The Evaluation Agent receives the Visual Evidence
Pair (pre- and post-action screenshots) together
with the Operational Intent to analyze the execution
outcome.

By parsing semantic changes, the agent adju-
dicates the outcome (Labels,.) and attributes the
cause (Reason). This output is encapsulated into
an experience node v; and backpropagated to the
Memory Module. Crucially, this directly addresses
Challenge 2: failures are converted into Negative
Warnings, which are subsequently retrieved during
the Debate phase to serve as hard constraints, pre-
venting the agent from re-entering error trajectories.
At the same time, the quality of reflected experi-
ence remains bounded by the underlying model’s
ability to correctly interpret visual changes and ex-

ecution outcomes, which may still be imperfect in
highly ambiguous cases.

4 MaDS-Benchmark

We propose MaDS-Benchmark, comprising 271
real-world tasks spanning 11 top-tier applications
across global and Chinese markets. Crucially, the
average task length reaches 15.5 steps, substan-
tially exceeding that of mainstream GUI-agent
benchmarks (Table 7). Rather than relying solely
on outcome-based evaluation, MaDS-Benchmark
adopts a process-oriented protocol that helps local-
ize failures to specific stages such as perception,
retrieval, planning, and execution.

4.1 Task Design

To ensure broad coverage of realistic mobile work-
flows, we established three representative scenarios:
Content, E-commerce, and Services. Targeting
these scenarios, we selected widely used applica-
tions with over 100 million Daily Active Users
(DAU), as detailed in Table 1.

These scenarios present specific challenges in-
herent to real-world workflows:

Dynamic Unstructured Layouts. Tasks take
place in apps featuring live windows, infinite feeds,
and transient visual noise (e.g., Danmu/bullet com-
ments). The system must demonstrate the ability
to filter noise and capture targets in dynamic pages
filled with random pop-ups.

Long-Horizon and Strict Constraints. Tasks
span multiple pages with deep navigation hierar-
chies. Agents must make complex sequential deci-
sions while satisfying strict parameter constraints,
such as specific dates, passenger counts, or price
ranges.

To improve benchmark validity, we adopted a
collaborative construction and verification proto-

26163

6



Table 1: Core Scenarios and Covered Applications in MaDS-Benchmark.

Scenarios Applications (China) Applications (Global)
Content Douyin, Xiaohongshu, Weibo, Toutiao  YouTube, Instagram
E-commerce Douyin, Taobao, JD.com Amazon

Services Douyin, Meituan, Ctrip Booking

col involving 3 master’s students, 2 undergraduate
students, 2 associate professors, and consultations
with 10 industry practitioners from product, UI/UX,
data, and engineering backgrounds. Each task un-
derwent cross-review by 5-8 participants, and am-
biguous, infeasible, or interactionally inconsistent
tasks were removed. Only tasks verified to be fully
executable were retained in the final set of 271
tasks.

4.2 Process-Oriented Evaluation

To enable a more granular analysis of agent behav-
ior in dynamic environments, we adopt a Process-
Oriented Evaluation protocol. Unlike evaluations
that record only final success or failure, our frame-
work preserves a step-level execution trace through-
out task completion. During execution, the frame-
work records a structured log (history.jsonl) cap-
turing the Visual Evidence Pair, Operational In-
tent, and Causal Analysis at each step (data format
shown in Appendix D.2). This enables detailed
evaluation by linking final outcomes to specific
breakdowns in perception, memory retrieval, plan-
ning, or logical reasoning.

Beyond improving diagnostic granularity, this
protocol also reduces ambiguity in benchmark in-
terpretation, since failures can be traced to specific
intermediate breakdowns rather than being treated
as undifferentiated end-task failures.

5 Experiments

In this section, we evaluate MaDS through com-
parative experiments against strong baselines and
ablation studies on its components. Our experi-
mental design examines the system from two per-
spectives: (1) Comparative Evaluation: We com-
pare MaDS against foundation MLLMs and spe-
cialized agent frameworks to assess its effective-
ness on long-horizon, cross-page, and dynamically
complex workflows; (2) Ablation Analysis: We
conduct ablation studies to isolate the contributions
of the Dual-Layer Memory Module and the Multi-
Round Debate.

5.1 Experimental Setup

To evaluate long-horizon planning and generaliza-
tion, we utilize the proposed MaDS-Benchmark
alongside three public datasets: AITW (Rawles
et al., 2023), AITZ (Zhang et al., 2024b), CAGUI
(Zhang et al., 2025b), and GUIOdyssey (Lu
et al.,, 2025) as an additional external bench-
mark. We compare MaDS against two base-
line groups: (1) Foundation MLLMs, including
GPT-5 (OpenAl, 2025), Gemini-3-Pro (DeepMind,
2025), Qwen-2.5-VL (Qwen, 2025), Doubao-1.5-
UI-TARS (Seed, 2025), and Claude-3.5-Sonnet
(Anthropic, 2024), to assess intrinsic end-to-end
capabilities; and (2) Specialized Agent Frame-
works, including AgentCPM-GUI (Zhang et al.,
2025b), AutoGLM (Liu et al., 2024), and An-
droidArenaAgent (Xing et al., 2024), to evaluate
architectural effects beyond the base models them-
selves.

Performance is measured using Task Success
Rate (TSR) for final outcomes, alongside Step-
level Planning Success Rate (SPSR) and Step-
level Success Rate (SSR) to diagnose planning and
grounding errors. Detailed definitions of datasets,
baselines, and metrics are provided in Appendix D
and E.

5.2 Main Results
5.2.1 Foundation MLLMs

We first evaluate several foundation MLLMs to as-
sess their intrinsic end-to-end capability in GUI
automation. As shown in Table 2, all evaluated
foundation models obtain a TSR of 0.00% on
MaDS-Benchmark, while achieving non-zero suc-
cess rates on existing public benchmarks including
AITW, AITZ, and CAGUI. These results suggest
that foundation MLLMs are not uniformly inca-
pable of GUI automation. Instead, their failures on
MaDS-Benchmark reflect the difficulty of maintain-
ing reliable performance over substantially longer
task horizons.

A closer look at the step-level metrics reveals
different failure patterns. General-purpose MLLMs
such as GPT-5 and Claude-3.5-Sonnet show rela-
tively strong intent understanding, achieving high
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Table 2: Performance of Foundation MLLMs on public benchmarks and MaDS-Benchmark. The metrics are
reported in the format of TSR/SPSR/SSR (%).

Foundation MLLMs AITW AITZ CAGUI MaDS-Benchmark
(TSR / SPSR / SSR) (TSR / SPSR / SSR) (TSR / SPSR / SSR) (TSR / SPSR / SSR)

GPT-5 2.70/91.86/46.33 0.00/91.26/25.97 0.00/93.70/19.53 0.00/94.21/18.01

Claude-3.5-Sonnet 35.13/94.99/72.51 42.86/96.21/78.21 32.26/93.70/78.23 0.00/90.96/77.76

Doubao-1.5-UI-TARS  37.84/93.23/90.43 47.62/76.79/87.32

Qwen-2.5-VL-7B
Gemini-3-Pro

19.35/54.33/71.93

37.84/90.98/90.33 52.38/88.88/89.65 38.70/77.98/83.20

5.41/88.60/47.67

4.76/81.91/65.58

0.00/80.64 /53.15

0.00/43.51/87.71
0.00/73.59/86.39
0.00/79.61/49.14

Table 3: Comparison with SOTA GUI agents on public benchmarks and MaDS-Benchmark. The metrics are
reported in the format of TSR/SPSR/SSR (%).

Agent AITW AITZ CAGUI MaDS-Benchmark
(TSR / SPSR / SSR) (TSR / SPSR / SSR) (TSR /SPSR / SSR) (TSR / SPSR / SSR)
AndroidArenaAgent 81.08/91.86/96.27 71.43/85.42/87.64 64.52/78.49/87.39 0.00/39.91/79.24
AgentCPM-GUI 86.49/95.56/96.69 80.95/94.08/94.24 77.42/94.37/95.89 42.86/64.10/90.72
AutoGLM 83.78/90.46/86.16 90.48/95.17/97.15 90.32/96.15/98.44 71.43/86.69/95.48
MabDS (Ours) 94.74/96.41/97.03 95.24/96.83/97.49 96.77/98.24/99.37 90.23/95.83 / 98.34

Note: We also evaluated other agent frameworks, like Mobile-Agent (Wang et al., 2024a) and Agent S (Agashe et al., 2025).
However, they are excluded from this table as they failed to successfully execute the initial step across the MaDS-Benchmarks.

Table 4: Ablation study on the contribution of each
component. The metrics are reported as TSR/SPSR/SS-
R/RSR (%).

Sem. Exp. Deb. TSR/SPSR/SSR/RSR

X X v 5.56/57.86/66.35/26.71
v X v 19.44/63.20/66.89/12.23
X v v 72.22/82.94/88.61/40.54
v v x  22.22/65.25/67.24/36.20
v v v’ 91.67/88.25/91.25/85.71

SPSR on public benchmarks. For example, GPT-
5 reaches over 91% SPSR across AITW, AITZ,
and CAGUI, while Claude-3.5-Sonnet reaches
94.99% on AITW and 96.21% on AITZ. How-
ever, their lower SSR indicates difficulty in map-
ping these plans to executable screen targets.
GPT-5, for instance, records SSR values of only
46.33%, 25.97%, and 19.53% on AITW, AITZ,
and CAGUI. By contrast, GUI-oriented models
such as Doubao-1.5-UI-TARS and Qwen-2.5-VL-
7B achieve much higher SSR, with Qwen-2.5-
VL-7B reaching 90.33%, 89.65%, and 83.20%
on AITW, AITZ, and CAGUI. Nevertheless, even
these stronger grounding-oriented models still fail
to complete the full long-horizon task sequences
on MaDS-Benchmark.

This contrast highlights a long-horizon scaling
bottleneck. The average task length of MaDS-
Benchmark is 15.5 steps, which is substantially
longer than those of existing public benchmarks.
Under such long trajectories, even a single uncor-
rected grounding deviation may accumulate into
terminal failure as the trajectory extends. There-

fore, MaDS-Benchmark should be interpreted as a
harder stress-test for long-horizon reliability rather
than as a benchmark specifically favoring MaDS.

5.2.2 Agent Frameworks

We further compare MaDS with specialized agent
frameworks under a unified experimental setting.
To ensure a fair comparison and isolate the contri-
bution of system architecture, all frameworks use
Doubao-1.5-UI-TARS (Seed, 2025) as the visual
encoder and GPT-40 (OpenAl, 2024) for reason-
ing. In addition, all frameworks are provided with
an identical set of successful historical trajecto-
ries. Under these conditions, MaDS achieves the
strongest overall performance across the evaluated
benchmarks.

On MaDS-Benchmark, MaDS reaches a TSR of
90.23%, which is substantially higher than Auto-
GLM at 71.43% and AgentCPM-GUI at 42.86%.
MaDS also maintains an SPSR of 95.83%, indi-
cating stronger long-horizon planning consistency
under dynamic and cross-page workflows. We at-
tribute this gain to the combination of scenario-
aligned memory retrieval and pre-execution debate-
based verification. The former helps the agent re-
main aligned with the current task context, while
the latter intercepts risky actions before execution
and reduces the chance that local grounding devia-
tions develop into terminal failures.

On public benchmarks, MaDS also shows con-
sistently strong results. On AITW, MaDS achieves
a TSR of 94.74%, which is 13.66% higher than the
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strongest compared framework. On AITZ, MaDS
reaches 95.24%, exceeding the strongest baseline
by 23.81%. On CAGUI, MaDS achieves 96.77%,
improving over the strongest compared framework
by 32.25%. In addition, on GUIOdyssey, MaDS
achieves 92.86% TSR, 96.60% SPSR, and 94.22%
SSR, providing further external evidence beyond
the proposed benchmark.

Overall, these results show that the advantage of
MaDS is not limited to MaDS-Benchmark. MaDS
consistently achieves strong performance on AITW,
AITZ, CAGUI, and GUIOdyssey, which indicates
that the combination of scenario-aligned memory
retrieval and pre-execution verification remains ef-
fective across multiple GUI agent evaluation set-
tings.

5.2.3 Efficiency Analysis

MaDS improves reliability at the cost of additional
inference overhead. Based on our execution logs,
MabDS requires 32.66 seconds per step on aver-
age and 4083.66 tokens per step. Compared with
a single-pass execution setting, the Multi-Round
Debate introduces an average marginal overhead
of 8.93 seconds per step, while memory retrieval
contributes 3.36 seconds per step on average. In
addition, the average number of debate rounds is
1.54, indicating that the verification process re-
mains bounded in practice rather than repeatedly
cycling for most steps. These results show that
the overhead introduced by Multi-Round Debate is
measurable but remains controlled in practice (Liu
et al., 2026). For long-horizon workflows with irre-
versible operations, we view this additional cost as
a necessary trade-off for improved reliability and
early error interception.

5.3 Ablation Study

To analyze the contribution of each component, we
conducted an ablation study on a representative
subset of MaDS-Benchmark (Table 4).

Operational Experience Memory: Comparing
the Baseline (Row 1) with the configuration using
only Operational Experience Memory (Row 3), the
TSR increases from 5.56% to 72.22%. This result
shows that task-specific experience substantially
improves long-horizon consistency. By retriev-
ing prior demonstrations and avoiding previously
recorded warnings, the agent better maintains the
correct trajectory, which also raises the SPSR to
82.94%.

Semantic Knowledge Memory: Adding Se-

mantic Knowledge Memory (Row 5) further raises
the TSR to 91.67%, while using this module alone
(Row 2) results in only 19.44% TSR. This result
indicates that semantic priors alone are insufficient
for full task completion, but they effectively com-
plement operational experience by supporting rea-
soning on unfamiliar interface components and pro-
viding general interaction constraints for verifica-
tion.

Multi-Round Debate: Removing Multi-Round
Debate (Row 4 vs. Row 5) leads to a substantial per-
formance drop. The configuration without debate
performs worse than the setting using only Oper-
ational Experience Memory, which suggests that
memory alone is insufficient when risky actions are
not explicitly verified before execution. The large
RSR gap of 36.20% versus 85.71% further shows
that debate plays a critical role in pre-execution ver-
ification, helping reject risky actions before local
errors propagate into irreversible failures.

6 Conclusion

In this paper, we presented MaDS, a collabora-
tive multi-agent framework designed to improve
the reliability of GUI agents in dynamic and long-
horizon task automation. By synergizing a Dual-
Layer Memory Module, which decouples broadly
applicable interaction priors from scenario-specific
operational experience, with Multi-Round Debate
for pre-execution verification, MaDS effectively ad-
dresses the critical challenges of visual grounding
precision and irreversible error accumulation. Ex-
tensive evaluations on MaDS-Benchmark, public
GUI benchmarks, and GUIOdyssey demonstrate
that our system achieves strong performance, val-
idating its effectiveness on long-horizon and dy-
namic mobile GUI workflows.

Future work will extend the framework to the
domain of automated GUI testing. We aim to lever-
age the system’s adversarial evaluation capability,
which is currently used for self-verification, to ac-
tively probe for Ul rendering errors and functional
regressions. This direction seeks to evolve Multi-
Round Debate from a verifier of decision quality
into a more general testing mechanism for identi-
fying edge-case bugs in application development
workflows.

Limitations

While MaDS demonstrates strong performance on
MaDS-Benchmark and public benchmarks, several
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limitations and directions for further improvement
remain.

First, the current architectural focus on verifi-
cation prioritizes safety and success rates, leaving
room for efficiency improvements in lower-stakes
scenarios. Although Multi-Round Debate effec-
tively intercepts hallucinations in complex and ir-
reversible workflows, the system’s inference pro-
cess is not yet fully optimized for high-throughput
or latency-sensitive settings where lightweight re-
sponses may suffice. Future work may explore
adaptive efficiency mechanisms that dynamically
modulate verification depth based on task complex-
ity and execution risk.

Second, the performance ceiling of MaDS re-
mains fundamentally bounded by the perceptual
and reasoning limits of the underlying founda-
tion models. While Reflection improves long-term
adaptability, it cannot fully eliminate the halluci-
nations of current MLLMs. Residual errors may
still persist in highly ambiguous visual contexts
or scenarios requiring domain-specific knowledge,
where the model may misinterpret validation sig-
nals. Without an external oracle, such uncorrected
edge-case successes could gradually reduce the pre-
cision of the Operational Experience Memory over
extended deployment cycles. A more robust mem-
ory sanitation strategy will therefore be important
for improving long-term stability.

Third, the current study primarily validates
MaDS within the Android ecosystem. Android
was selected as the primary platform because its
open-source environment and mature automation
interfaces, such as ADB, provide the technical sup-
port required to verify complex causal logic in
long-horizon tasks. Although the Semantic Knowl-
edge Memory is architecturally designed as a plug-
gable and extensible module, and could in prin-
ciple be adapted by replacing the current priors
with platform-specific guidelines such as the i0OS
Human Interface Guidelines, its empirical perfor-
mance and potential gains on iOS or desktop en-
vironments remain to be verified through future
large-scale experiments. Accordingly, the current
evidence should be interpreted as demonstrating
generalization across the evaluated mobile GUI
benchmarks rather than full cross-platform valida-
tion.

Ethical Considerations

The deployment of MaDS in real-world environ-
ments entails critical considerations regarding User
Privacy and Operational Safety. While mechanisms
like Abstract Process Signatures (S,;4) reduce re-
liance on raw pixels, the system inevitably pro-
cesses visual evidence (I, I++1) that may contain
Personally Identifiable Information (PII). To ad-
dress this, we implemented strict protocols: For the
construction of MaDS-Benchmark and all experi-
ments, we utilized controlled dummy accounts and
synthesized mock data. To ensure strict compliance
and data safety, researchers manually reviewed all
visual evidence and applied blurring to any regions
containing potentially sensitive patterns before the
data entered the Memory Module or was trans-
mitted to cloud-based MLLMs. This ensures that
only verified, anonymized visual data is used for
reasoning and storage. Despite the pre-emptive ver-
ification provided by the Multi-Round Debate, the
probabilistic nature of LLMs means that zero-error
execution in irreversible tasks cannot be guaran-
teed with absolute certainty. Consequently, we rec-
ommend retaining a "Human-in-the-loop" mecha-
nism for final confirmation in high-stakes decision-
making nodes, ensuring that the agent remains an
assistant rather than an autonomous executor in
critical scenarios.
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A Parameter Specifications

To ensure experimental reproducibility, we detail
the hyperparameter settings for the components of
the MaDS system in this section. All parameters
were calibrated based on a held-out validation set
comprising 20 representative long-horizon tasks
and remained fixed across all evaluation bench-
marks.

A.1 Confidence Scoring in Multi-Round
Debate

In the Multi-Round Debate (Section 3.2.1), the
final confidence score is calculated as Cfrinq =
w1 Cryte + W2Cground + W3Cjogic- To enforce a
safety-first principle during GUI operations, we
adopted a hard-constraint dominant configuration.

The specific parameter settings are presented in
Table 5.

A.2 Memory Retrieval and Fallback
Mechanism

For the Retrieval within the Memory Module (Sec-
tion 3.1.2), we implemented a dynamic fallback to
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Parameter Value Description & Rationale

Weights

w1 (Crute) 0.4 Weight for Rule Compliance. We assign a high weight to ensure that
any violation of universal interaction norms (e.g., performing a ‘type’
action on a non-input widget) is strictly penalized.

w2 (Cyround) 04 Weight for Visual Grounding. We assign a high weight to align with
the binary nature of Cgyrouna (0 or 1). This ensures that operations tar-
geting hallucinated (non-existent) elements are effectively intercepted.

w3 (Clogic) 0.2 Weight for Logical Consistency. This weight allows the system to
distinguish which action is contextually optimal among those that are
already compliant and physically valid.

Thresholds

Teonf 0.8 Consensus Threshold. Setting this threshold to 0.8 creates a math-
ematical “Veto Mechanism.” Since w; + w3z = 0.6 < 0.8 and
we + w3 = 0.6 < 0.8, if either Cry1e (Rule Check) or Cyrouna (Vi-
sual Check) evaluates to 0, the final score C'finq; cannot exceed Teon
regardless of the logic score. This forces the system to reject the plan
and trigger the Rebuttal process.

Kaz 3 Maximum Debate Rounds. We limit the debate to a maximum of 3

rounds to prevent excessive computational costs associated with infinite
reasoning loops.

Table 5: Parameter specifications for the Multi-Round Debate mechanism.

balance retrieval precision and recall.

Retrieval (TopK): Set to 5. We retrieve the
top-5 most relevant experiences. This number was
empirically chosen to provide sufficient context for
the Planning Agent while preventing information
overload and maintaining low inference latency.

Retrieval Similarity Threshold (7;.c.q;;): Set to
0.75. The system first attempts to retrieve opera-
tional experiences within the specific scope defined
by the current scenario index Lgcene. If the vector
similarity score of the Top-1 retrieved result falls
below the threshold (Sim < 0.75), the system in-
fers that the current scenario-specific memory is
insufficient. Consequently, it automatically dis-
ables the scenario constraint and falls back to the
global memory pool. This ensures that experiences
are not excluded due to potential granularity issues
in scenario clustering.

A.3 Memory Maintenance Strategy

Algorithm 1 demonstrates how memory is main-
tained.

B Composition of Semantic Knowledge
Memory

Table 6 shows each of the three dimensions of Se-
mantic Knowledge Memory contains.

C Prompts Templates

We provide the prompts templates used in the
MaDS. Note that {{variable}} denotes dynamic

slots filled at runtime.

C.1 Planning Agent Prompt

The Planning Agent utilizes both Semantic Knowl-
edge Memory and retrieved Operational Experi-
ence Memory to generate the next step-level in-
struction.

Core Principles

Atomicity: Each task must describe only one imme-
diate operation. Do not merge multiple steps.
Completeness: Strictly follow the logical order of the
global task. Never skip any necessary steps required
by the global instruction.

Specificity: Always prioritize specific element names,
titles, or content descriptions over positional indices
(e.g., "Click the ’Settings’ icon" instead of "Click the
first icon").

Prompt 1

System Instruction:
You are a Ul task decomposition expert.
Global Task: {{whole_task}}

Task Generation Instruction:

Based on the following context, reason and gener-
ate the [Single-Step Interaction Task] for the current
page:

Input Context:

Current Screenshot: (Image Uploaded)

History Summary: {{history_summary}}

Relevant Experience: {{experience_guidance}}

Output Requirement:
Directly output the final task description string. Do
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Algorithm 1 Memory Maintenance Strategy

Require: New experience node vy, (from Reflection phase)

Require: Operational Experience Memory M.,

Require: Thresholds g, Tprune, Weights o, 3, A

Stage 1: Hard Deduplication
1: Scenario < Vpew-Lscene
2:
A v.Labelg,e = Vpew-Labelgye:
return
end if
Stage 2: Semantic Fusion

5: €pew < Embed(vpew.Digsk ® Unew-Ssig)
6: Utop, d <— RetrieveTopl (ep e, Meyp[Scenariol)
7. Sim <+ 1—d
8: if Sim < 74y, then
9: Me:pp — Memp U {Unew}
10: else
11: Umerged < LLM_Fusion(vnew, Vtop)
2 My (M \ {0t0p}) U {0yergea)
13: end if
14:
Utility-Based Pruning
15: for all v € M), do
16: Us(v) <= a - Nyeeess (V) + - e
17: if Uy (v) < Tprune A v.Label sy # Fail then
18: Mexp — Mexp \ {U}
19: end if
20: end for

> Filtering redundant Reflection outputs

if 3v € Myp[Scenario] s.t. v.Four = Vpew.Four then

> Discard: Exact match found

> Integrating new insights

> Case 1: Novel experience

> Case 2: Logic fusion or optimization

> Removing stale data

> Prune low-utility nodes (Strictly preserve Warnings)

not include extra explanations.

Special Scenario Constraints:
1. [Specific Element Recognition Requirements]

* When the task involves clicking an element at a
specific position (e.g., "Click the second product”,
"Select the third option"), you must carefully ob-
serve the specific content in the screenshot.

* The subtask description must contain specific ele-

ment information rather than ordinal descriptions.

Incorrect: "Click the second product card"

Correct: "Click the ’OPPO Reno5’ product card"

2. [Component Visibility & Scrolling Planning]

* When clicking a component, first determine if it
is "fully visible" in the current screenshot (not
obstructed and not outside screen boundaries).

* If the component is not fully displayed, partially
obstructed, or outside the viewport, the current
subtask must be planned as a scroll operation
(Scroll Up/Down) to bring the component into
full view.

3. [Pop-up/Overlay Handling Rules]

 If the interface displays a pop-up, permission
request, advertisement overlay, update prompt,
login/registration window, or guidance mask that
is irrelevant to the global task and blocks exe-
cution, the current step must be prioritized to

Close/Reject/Dismiss that pop-up.

C.2 Evaluation Agent - Multi-Round Debate
Prompt

This prompt corresponds to the Multi-Round De-
bate described in Section 3.2.1. Before execution,
the Evaluation Agent scrutinizes the plan based on
constraints and logical consistency.

Core Principles

Evaluate the next step instruction generated in the
previous step using three criteria listed in 3.2.1.

Prompt 2

Input Context:

Current Screenshot: (Image Uploaded)

History Summary: {{history_summary}}

Relevant Experience: {{experience_guidance}}
Step-level instruction generated by Planning Agent:
{{instruction}?}
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Table 6: Three Dimensions of Semantic Knowledge Memory.

Category

Definition & Mechanism

Typical Examples / Parameters

L. Physical Bound-
aries of Action
Space A

Mechanism: Defines the legal bounds of
interaction as hard constraints. We utilize
parameterized functions to anchor outputs to
real Ul elements.

Rationale: Strictly prevents action halluci-
nations common in open-ended generation
by enforcing a grounding verification step.

e click(box=[x,y,w,h])

e double_tap(box=[x,y,w,h])

e long_press(box=[x,y,w,h])

e scroll(start_box, end_box, direction)
e drag(start_box, end_box)

e type(content="text")

e hotkey(key="name")

ewait / finished

II. Visual-
Semantic Map-
pings

Mechanism: Establishes mappings between
visual features and functional semantics.
Crucial Design: We treat these mappings as
Probabilistic Priors rather than rigid rules.
Contextual Overriding: Real-world designs
may deviate. During the Multi-Round De-
bate, if strong contextual evidence contra-
dicts the prior, the specific visual context
takes precedence.

e Color(Red/Orange) — Warning
e Icon(Gear) — Settings

e Icon(Magnifier) — Search

e Animation(Spinner) — Loading
...

III. General In-
terface Transition
Rules

Mechanism: Encapsulates the logic of inter-
face flow and standard sequential procedures.
Rationale: Endows the system with cold-
start reasoning capabilities, allowing it to
handle routine tasks (e.g., login, pop-ups) via
logical inference even in the absence of spe-
cific operational experience.

e Login: Input User — Pass — Click

e Cold-Start: Launch — Privacy Pop-up — Close
e Navigation: Sub-page — Back — Home

o ...

Output Format:

EVAL :

{
"decision”: "PASS" | "REJECT",
"confidence_score”: 0.0-1.0,
"rationale”: "If REJECT, detailed

specific reasons, pointing out which

criterion was violated,

and providing a

correction strategy."”

}
TASK:

<The final step-level operation instruction.

Only one line. Do not merge steps.>

C.3 Action Agent Prompt

The Action Agent receives the verified instruction

and converts natural language into precise physical
coordinates or ADB commands using the following

prompt.

Prompt 3

Input Context:

If the target component is not fully displayed,
partially obstructed, or outside the viewport, the
current step must correspond to a Scroll operation
(Up/Down/Left/Right) to reveal the component
completely.

Execute the Click operation ONLY when the com-
ponent is fully visible.

If overlays/pop-ups exist, clear them according
to the Pop-up Handling Rules before scrolling or
clicking.

[Scroll/Drag Operation Output Format]

You must output both the start and end coordi-
nates:
start_box=[x1, y1,
y3, x4, y4]

x2, y21, end_box=[x3,

C.4 Evaluation Agent - Reflection Prompt

After action execution, the Evaluation Agent diag-

noses whether the current step-level operation was
successfully executed by comparing screenshots
before and after the operation.

Prompt 4

Action Space shown in Table 6

Step-level instruction evaluated by Evaluation Agent:

{{instruction}}

[Direct Input Rules]
* When the subtask is "Input xxx", directly use the
command: type(content="xxx").
* Do not click the input box first; execute the input
operation directly.

[Visibility Check]
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System Instruction:
You are a Ul automation diagnosis expert. Your task
is to analyze the execution result of the previous step.

Input Context:

Below is the detailed information of this operation:
[Global Task]: {global_task}
[Current Step-level Instruction]:
{current_step-level_instruction}



[Executed Action]: {action_type}
[Reasoning Thought]: {thought}

Pre-action Screenshot: {image_before}
Post-action Screenshot: {image_after}

Output Format Constraint:

Please output ONLY a pure JSON object. Do not
include Markdown code blocks or extra text:
{’success’: True | False, ’reason’:
’Detailed explanation of the judgment.’}

D Benchmarks

D.1 Comparison of Public Benchmarks

Table 7 details the key statistics, task categories,
evaluation purposes, and collection methodologies
of various datasets. As shown in the table, most ex-
isting benchmarks primarily focus on outcome eval-
uation, measuring the success rate of task comple-
tion. In contrast, our proposed MaDS-Benchmark
is designed for process-oriented evaluation, analyz-
ing the underlying causes of agent failures. Further-
more, our collection method leverages a approach
of human-defined tasks, automated collection and
annotation, then human check.

D.2 MabDS Diagnostic Evaluation

The data captured in structured log (history.jsonl)
are as followed:

Visual Context (I, I111): The screenshot pair
capturing the interface state immediately before
and after the action, superimposed with grounding
markers.

Perception: Logs the semantic abstraction of
the screen [, including the parsed Ul elements and
the identified Lscene-

Retrieval Context: Archives the Dual-Track Re-
trieval results, including the universal priors from
Semantic Knowledge Memory and the retrieved
memory from Operational Experience Memory.

Planning & Debate: Records the finalized plan
P/ along with the full Multi-Round Debate history,
including the Rebuttal Rationale provided by the
Evaluation Agent and the C'f;yq-

Action Execution (A4;): Documents the con-
crete ADB commands executed.

Reflection: Records the Labely,. and Reason
generated by the Evaluation Agent, encapsulating
the system’s self-assessment of the outcome.

D.3 Selection of Benchmarks for Experiments

To ensure a comprehensive evaluation of the MaDS
system, we selected three public benchmarks from
Table 7 that represent different challenges in GUI

automation for our experiment: scale, application
diversity, and layout complexity. Given the diverse
task categories encompassed within these bench-
marks, we specifically sampled tasks focused on
Android mobile applications for our experiments.

D.3.1 Android In The Wild (AITW)

Source & Scale: Proposed by Google Research,
AITW (Rawles et al., 2023) is currently the largest
dataset for GUI agents. It comprises 715,000
episodes spanning 30,000 unique natural language
instructions. The dataset captures interactions
across four distinct subsets:

* GoogleApps: Interactions within the Google
ecosystem (Gmail, Calendar, Photos, etc.).

¢ Install: Tasks involving app installation and
login permissions.

* WebShopping: E-commerce tasks on browser-
based shopping websites.

* General: Miscellaneous tasks across various
third-party applications.

Reason for Selection: We selected AITW to
evaluate the system’s fundamental capability to
handle standard, English-language tasks. Its mas-
sive scale and diverse instructional phrasing allow
us to benchmark MaDS against SOTA models in a
standardized environment.

D.3.2 Android In The Zoo (AITZ)

Source & Scale: AITZ (Zhang et al., 2024b), in-
troduced by Zhang et al., focuses on essential tasks
in the Android ecosystem. It contains 2,504 inter-
action episodes comprising 18,643 screen-action
pairs. Distinct from AITW’s focus on Google apps,
AITZ explicitly targets a diverse set of 71 third-
party applications (e.g., Spotify, WhatsApp, Uber)
covering widely-used categories such as Communi-
cation, Media, and Navigation. The dataset features
478 unique task types, collected across multiple de-
vice sizes to introduce resolution variance.

Reason for Selection: We incorporated AITZ
to evaluate generalization in various applications.
While AITW is dominated by Google’s design
language, AITZ exposes the agent to the hetero-
geneous design patterns of third-party developers.
This benchmark is crucial for testing whether the
Semantic Knowledge Memory in MaDS can effec-
tively transfer universal interaction priors across
visually distinct applications that the agent may not
have encountered before.
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Benchmark #Apps #Ep. Avg. Steps Task Categories Purpose Collection & Annotation Key Annotations

AITW (Rawles et al., 2023) 159 715k 6.5 GoogleApps, Install, Webshopping, Training Human Collection + Human Anno- Instructions, Screenshots, Actions,
General, Single tation OCR Screen Features

AITZ (Zhang et al., 2024b) 70+ 2504 75 General, GoogleApps, Install, Web- Training & Evalua- Human Collection + GPT-4V Gen-  Screen Description, Actions (Includ-
Shopping, Single tion (Zero-shot & Fine-  eration with Human Verification and ~ ing Thinking)

tuning) Refinement

AndroidWorld (Rawles et al., 2025) 20 116 / Productivity, Communication, Mul- ~ Evaluation (Outcome) ~ Programmatic Generation + Verifi- System State, UI Elements
timedia cation

AndroidArena (Xing et al., 2024) 13 221  6.13/11.14/6.03  Single-App, Cross-App, Con- Evaluation (Outcome) Human Collection + Human Anno- Instructions, Action Sequences,

LlamaTouch (Zhang et al., 2024c)
AppWorld (Trivedi et al., 2024)

CAGUI (Zhang et al., 2025b)

57

11

30+

496

750

600

7.01

/

7.5

strained Tasks

Tools, Social, Shopping, General, In-

stall, Entertainment
Difficulty Levels

Visual Grounding, Action Predic-

tion

Evaluation (Outcome)

Evaluation (Outcome)

Evaluation (Outcome)

tation

Human Collection + Human Anno-

tation

Programmatic Gen. + Verification

Human Collection + LLM-Assisted

Constraints

Ul State, System State, Action,
View Hierarchy

Instructions, System State, Solu-
tions

Instructions, Screenshots, Actions,
XML

MaDS-Benchmark (Ours)

11

271

15.5

Content, E-commerce, Services (Dy-

Evaluation (Diagnos-

Human Defined Tasks + Automated

Diagnostic Logs (Section 4.2)

namic Scenarios)

tic) Trace Recording

Table 7:
D.3.3 Chinese Android GUI (CAGUI)

Source & Scale: CAGUI (Zhang et al., 2025b) rep-
resents the first large-scale benchmark dedicated to
the Chinese mobile app ecosystem. It consists of
55,000 task trajectories with over 470,000 action
steps. The dataset covers 30+ mainstream Chi-
nese applications (e.g., WeChat, Douyin, Meituan)
across eight domains including Life Services, Fi-
nance, and Social Networking. Notably, these
applications are characterized by the Super App,
featuring significantly denser information layouts,
complex nested navigation, and frequent dynamic
pop-ups compared to their Western counterparts.

Reason for Selection: We selected CAGUI
to serve as a complementary test to our self-
constructed MaDS-Benchmark, addressing the
need for evaluation:

* Breadth vs. Depth: Unlike our MaDS-
Benchmark, which specifically targets long-
horizon (avg. 15+ steps) and highly dy-
namic live scenarios in selected core scenarios,
CAGUI provides extensive coverage breadth.
It spans eight distinct domains (including Edu-
cation and Productivity) that are not fully cov-
ered in our specialized benchmark, allowing us
to verify the agent’s generalization capability
across a wider variety of app architectures.

» Standardized Comparison: As an estab-
lished public benchmark, CAGUI allows for
a standardized comparison against other agents,
mitigating potential bias inherent in self-
constructed datasets.

* Linguistic & Layout Complexity: It serves
as a test for linguistic generalization and lay-
out robustness, verifying that the improvements
gained from the Multi-Round Debate mecha-
nism are universally applicable and not limited
to specific task types.

Comparison of MaDS-Benchmark with existing GUI automation benchmarks.

D.4 Evaluation Metrics

We conduct a fine-grained evaluation across four
dimensions:

Final Task Success Rate (TSR): Since the accu-
mulation of successful actions does not guarantee
global task completion, we employ human evalua-
tion as the final safeguard. For each long-horizon
task, researchers strictly judge whether the task
was truly accomplished based on the global task
description, the final Post-Action Screenshot, and
the actual execution trajectory.

Step-level Planning Success Rate (SPSR):
Evaluates the correctness of the decision-making
logic (intent and target semantics), serving as a
proxy for reasoning capabilities.

Step-level Success Rate (SSR): Evaluates the
execution precision (Visual Grounding and Actu-
ation). This metric isolates execution errors from
planning errors.

Retry Success Rate (RSR): [Ablation Specific]
Defined as the ratio of successful recovery attempts
to the total number of retries, quantifying error
recovery capability.

E MLLMs and Agent Frameworks
Selection

To comprehensively evaluate the performance of
MaDS, we structured our comparative experiments
into two distinct groups: Foundation MLLMs (End-
to-End) and Agent Frameworks (System-Level).
This division allows us to isolate the contributions
of the architectural design from the raw capabilities
of the underlying models.

E.1 Foundation MLLMs

This group aims to verify whether SOTA MLLMs
can independently handle long-horizon tasks,
thereby demonstrating the necessity of the MaDS
architectural design. We selected models represent-
ing different capability tiers:
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GPT-5 (OpenAl, 2025) / Claude-3.5-Sonnet
(Anthropic, 2024): Representing the current pin-
nacle of closed-source model intelligence. We test
these to determine if top-tier reasoning capabili-
ties alone are sufficient to overcome the lack of
memory and grounding mechanisms.

Qwen-2.5-VL-72b (Qwen, 2025) / Gemini-3-
Pro (DeepMind, 2025): Selected for their superior
long-context understanding and multimodal pro-
cessing capabilities, serving as strong baselines for
handling the dense information flow in continuous
GUI operations.

Doubao-1.5-UI-TARS (Seed, 2025): We utilize
the Doubao-1.5-UI-TARS model in a "Screenshot
— Planning — Action" single-step inference mode
without mounting the MaDS memory module or
multi-round debate mechanism. This comparison
strictly isolates the performance gain attributed to
our proposed architecture.

E.2 Agent Frameworks

We selected three representative Agent frameworks
to evaluate MaDS against existing system-level so-
lutions. To eliminate performance variance caused
by different visual encoders, we standardized the
visual understanding module across all frameworks.
We replaced the native visual encoders of An-
droidArenaAgent (Xing et al., 2024), AgentCPM-
GUI (Zhang et al., 2025b), and AutoGLM (Liu
et al., 2024) with the identical Doubao-1.5-UlI-
TARS model used in MaDS.

E.2.1 AndroidArenaAgent (Google
DeepMind)

AndroidArenaAgent (Xing et al., 2024) is a pi-
oneering framework that introduced a scalable
environment and a unified action space for An-
droid agents. It typically relies on a standard
"Observation-Action" loop.

We selected AndroidArenaAgent as a classic
baseline for the standard agent paradigm. By up-
grading its visual encoder to Doubao-1.5-UI-TARS,
we can specifically evaluate whether its linear plan-
ning logic falls short compared to MaDS’s non-
linear debate and memory retrieval mechanisms in
long-horizon tasks.

E.2.2 AgentCPM-GUI (OpenBMB)

AgentCPM-GUI (Zhang et al., 2025b) focuses on
optimizing smaller models (e.g., 8B parameters)
for GUI tasks through Reinforcement Fine-Tuning

(RFT) and Chain-of-Thought (CoT) reasoning via
a "Critic-Play" mechanism.

This framework represents the "Fine-tuned Spe-
cialist" approach. Comparing MaDS against
AgentCPM-GUI allows us to verify whether our
training-free architectural enhancements can out-
perform a model that has been computationally
fine-tuned specifically for GUI interactions, given
the same visual capabilities.

E.2.3 AutoGLM (Zhipu Al)

AutoGLM (Liu et al., 2024) represents the current
SOTA in autonomous GUI agents. It employs a
"Type-Agent" and "Touch-Agent" architecture de-
signed for curriculum learning and self-evolution.

As one of the strongest existing autonomous
agents, particularly known for its high success
rate in cross-application Web and Android environ-
ments, AutoGLM serves as the primary competitor.
Outperforming it demonstrates MaDS’s superior-
ity in handling the specific challenges of complex
mobile application scenarios.

F Qualitative Case Studies

F.1 Efficacy of Multi-Round Debate

F.1.1 Case 1 - Clicking a Product Card with a
Specific Label

Instruction: Click the card with the "Live" tag to
enter the broadcast room.

MaDS, due to its Multi-Round Debate, directly
rejected the operation that could not find a valid
Visual Grounding, shown in Figure 4.

F.1.2 Case 2 - Inputting Text

Instruction: Input text "iphone" in the search box.

MaDS, due to its Multi-Round Debate, directly
rejected operations that did not follow general rules,
shown in Figure 5.

F.2 Robustness in Real-World Scenarios
F.2.1 Case 3 - Joining the Fans Club

Instruction: Join the Fans Club.

Dynamic Event: A system prompt appears
indicating "Insufficient Diamonds".

Common Failure: Other models and agents
enters a loop of repeatedly clicking "Join" or ac-
cidentally exits the interface, failing to recognize
that the task is unexecutable.

MaDS identifies operations that cannot be exe-
cuted due to system reasons and rolls back instead
of repeating, shown in Figure 6.
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- Planning Agent (Round 1): Proposes clicking the target coordinates directly.
- Evaluation Agent: REJECT.

- Rationale: Visual Grounding Violation (C_{ground}). The target element is
currently not visible.

- Planning Agent (Round 2): Revises the subtask to scroll(direction="up')
to reveal the target.

Figure 4: Case 1 Demo

F.2.2 Case 4 - Clicking the Tab

Instruction: Click the "Nearby Food" sub-tab.
Dynamic Event: A "New User Coupon" pop-
up appears immediately after the page transition.
Common Failure: Other models and agents
attempt to click the coordinates of the tab behind
the pop-up (occlusion error) or waits indefinitely.
MabDS identifies dynamic pop-ups and priori-
tizes processing them, shown in Figure 7.

F.3 TImpact of Memory Retrieval Mechanism

F.3.1 Case 5 - Sliding the navigation bar and
clicking the tab.

Instruction: Click the "Topic" tab.

Without Memory (Zero-shot) The agent fails
to locate the "Topic" label because it is hidden off-
screen in a scrollable navigation bar. It attempts
random clicks or fails to output an ADB command.

MaDS searches the memory and uses operational
experience as guidance to find possible operating
instructions, shown in Figure 8.

G Experiment Evaluation Artifacts and
Protocol

To ensure the rigor and reproducibility of our Di-
agnostic Evaluation Protocol, we adopt a post-hoc
auditing approach rather than real-time observation.
This allows researchers to scrutinize the decision-
making process at a granular level. The evaluation
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- Planning Agent (Round 1): Proposes executing type("iphone").
- Evaluation Agent: REJECT.

- Rationale: Violates the universal rule requiring a 'Click-then-Input'
sequence for this specific component.

- Planning Agent (Round 2): Revises the task to click(search_box).

Figure 5: Case 2 Demo

relies on two primary categories of structured arti-
facts generated by the system.

G.1 Global Task Metadata

For every evaluation episode, the system generates
a task_info. json file, shown in Figure 9. This
file serves as the Ground Truth for the researchers
to evaluate.

The researchers first reads the global_task
field to understand the full scope of the require-
ment. Then, we review the complete sequence
of screenshots stored in the img/ directory to de-
termine if the final visual state matches the task
completion criteria.

G.2 Step-Level Execution Logs

To diagnose specific failures, differentiating be-
tween a logic error and a grounding error. The
system archives a detailed trace for every ADB
operation.

When visual evidence is ambiguous, evaluators
inspect the action, reason, and adb_commands
fields. This white-box access allows evaluators
to confirm whether the system’s internal thought
process was logical, even if the physical execution
failed due to system latency or occlusion. Detailed
logs and corresponding annotated screenshots are
shown in Figure 10.
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- Perception: Doubao-1.5-UI-TARS detects the newly appeared pop-up.

- Planning: Recognizes the constraint (insufficient balance) prevents joining,
and plans to close the prompt to proceed with alternative tasks.

- Action: Closes the pop-up window.

- Outcome: After closing the pop-up, MaDS plans the next logical task (e.g.,
"Return to broadcast room").

AR

Figure 6: Case 3 Demo
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- Perception: Doubao-1.5-UI-TARS detects the obstruction caused by the
coupon pop-up.

- Planning: Closes the pop-up window.

- Action: Closes the pop-up window.

- Outcome: Once the path is clear, MaDS executes the original instruction
"Click 'Nearby Food' sub-tab".

Figure 7: Case 4 Demo

H Human Subjects and Annotation
Details

We recruited human annotators to perform two key
tasks: (1) Outcome Verification, where partici-
pants reviewed execution logs to verify Task Suc-
cess Rate (TSR) and identify failure causes with
automated annotations generated by our system;
and (2) Operational Supervision, where partic-
ipants monitored the device screens in real-time
during the agent’s execution to intervene in case of
unexpected behaviors.

[ep—

- Retrieval: Based on the scenario label L_{scene}, the system retrieves a
high-scoring S_{sig} from Operational Experience Memory.

- Guidance: Experience Hint - Swipe left on the top navigation bar to find the
topic tag.

- Result: The agent executes the swipe operation, reveals the specific tag,
and successfully clicks it.

Figure 8: Case 5 Demo

task_info.json

1 {

2 "task_id" ask_1_20251201_20 )e",

3 "global_tas Click Douyin Log > Click top [Search] +icon ->
Input 'AIGC' -> Click [Search] -> Swipe left on tabs until [Topic] is
visible -> Click [Topic] tab -> Click the first topic -> Swipe up to
browse videos -> Click [Participate] button -> Enter shooting page
Click bottom-left [Album] -> Select an image -> Click [Next] -> Click
top-left [Back] -> Click [Give Up] -> Click [Confirm] -> Return to

opic Pa

4 "app_name": "unknown_app",

5 "created_at": "2025-12-01T20:57:00.829520",
6 "status": "in_progr

7}

Figure 9: Structure of task_info.json (Global Task Meta-
data)

H.1 Recruitment and Payment

We recruited S participants through a public call
distributed via internal university blog. All par-
ticipants were required to have a background in
Computer Science or related fields and proficiency
in using Android smartphones. We compensated
participants at a rate of 60 CNY per hour. The
compensation provided is approximately 2x the
local minimum hourly wage, which we consider
adequate and ethical given the complexity of the
tasks.

H.2 Data Consent and Usage

Prior to the start of the tasks, informed consent
was obtained from all participants. We provided a
digital consent form explaining that:

1. Their annotations (judgments of success/fail-
ure) would be used to evaluate the system.

. The aggregated data would be published in an
academic paper and open-source dataset.

. No personally identifiable information (PII)
regarding the annotators themselves would be
released.

. They had the right to withdraw from the study
at any time without penalty.
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Figure 10: Structure of Step-Level Execution Logs (his-
tory.jsonl) and Corresponding Annotated Screenshots
of the Actions.

Participants were required to digitally sign this
form before accessing the annotation platform or
the experimental devices.

H.3 Ethics Review Board Approval

The data collection and annotation protocol de-
scribed in this study is currently under review. Al-
though the formal approval process is ongoing, we
have strictly adhered to ethical principles regarding
data privacy and subject protection throughout the
study. Crucially, all data utilized in this research
has already undergone de-identification and desen-
sitization processes prior to any collection and anal-
ysis, ensuring that no PII or sensitive content is
exposed regardless of the pending administrative
review.

H.4 Instructions Given to Participants

We prioritized clarity and safety in our instructions.
For the operational supervision task, we specifi-
cally emphasized the stop protocol to ensure safety
during GUI automation. The full text of the instruc-
tions provided to the participants is presented in
the following Box.

Full Instructions for Human Annotators
(Operational Supervision & Evaluation)

Overview: You will be monitoring an GUI Automa-
tion System operating a smartphone to complete long-
horizon tasks. Your goal is to (1) Monitor the agent
for safety, and (2) Evaluate if the task was successful,
double check the automated annotations generated by
systems.

Part 1: Safety Monitoring (Real-time)

* Watch the mirrored screen stream carefully.
¢ STOP PROTOCOL: Press the red "Emergency
Stop" button immediately if the agent attempts to:

— Navigate to "Settings" to reset the phone or
uninstall apps.

— Send messages containing gibberish or offen-
sive content.

— Make a payment.

¢ Disclaimer: The accounts used are dummy test
accounts. No real money or real user data is at risk,
but we must prevent system-level damage.

Part 2: Outcome Verification (Post-hoc)

* Read the "Task Goal" displayed at the top.

* Review the final screenshot and the step history.

* Success Criteria: Mark as "Success" ONLY if the
final state matches the goal perfectly.

¢ Failure Attribution: If failed, select the primary
reason from the dropdown:

— Grounding Error: Clicked the wrong button.
— Logic Error: Performed a step out of order.
— System Error: App crashed or network failed.

Risks: There are no physical risks associated with
this task. To minimize eye strain, please take a 5-
minute break every hour.

I Statement the Usage of Al

In accordance with the ACL Policy on AI Writing
Assistance, we disclose the scope of generative Al
utilization in this work: We used Gemini and Chat-
GPT to assist with paraphrasing, polishing, and
refining the language of the manuscript to enhance
clarity and readability. We affirm that all scien-
tific claims, novel ideas, experimental designs, and
the overall structure of this paper were conceived
solely by the human authors. All content refined
by Al tools was rigorously verified by the authors
for accuracy and completeness. We assume full
responsibility for the correctness and originality of
the final manuscript.
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