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Abstract

Mobile agents show immense potential, yet current state-
of-the-art (SoTA) agents exhibit inadequate success rates
on real-world, long-horizon, cross-application tasks. We at-
tribute this bottleneck to the agents’ excessive reliance on
static, internal knowledge within MLLMs, which leads to
two critical failure points: 1) strategic hallucinations in high-
level planning and 2) operational errors during low-level
execution on user interfaces (UI). The core insight of this
paper is that high-level planning and low-level UI oper-
ations require fundamentally distinct types of knowledge.
Planning demands high-level, strategy-oriented experiences,
whereas operations necessitate low-level, precise instruc-
tions closely tied to specific app Uls. Motivated by these
insights, we propose Mobile-Agent-RAG, a novel hier-
archical multi-agent framework that innovatively integrates
dual-level retrieval augmentation. At the planning stage, we
introduce Manager-RAG to reduce strategic hallucinations
by retrieving human-validated comprehensive task plans that
provide high-level guidance. At the execution stage, we de-
velop Operator-RAG to improve execution accuracy by
retrieving the most precise low-level guidance for accu-
rate atomic actions, aligned with the current app and sub-
task. To accurately deliver these knowledge types, we con-
struct two specialized retrieval-oriented knowledge bases.
Furthermore, we introduce Mobile-Eval-RAG, a challeng-
ing benchmark for evaluating such agents on realistic multi-
app, long-horizon tasks. Extensive experiments demonstrate
that Mobile-Agent—RAG significantly outperforms SoTA
baselines, improving task completion rate by 11.0% and
step efficiency by 10.2%, establishing a robust paradigm for
context-aware, reliable multi-agent mobile automation.

Code&Supp. — https://github.com/george13zyx/MAR

Introduction

Mobile agents have demonstrated immense potential in in-
telligent automation, promising to autonomously accom-
plish complex user tasks by interacting with smartphone in-
terfaces (You et al. 2024; Yan et al. 2023). However, cur-
rent state-of-the-art (SoTA) agents still exhibit inadequate
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success rates when handling real-world, long-horizon, cross-
application tasks (Bai et al. 2024). We attribute this bottle-
neck to a fundamental issue: the agents’ excessive reliance
on static, internal knowledge embedded in multimodal large
language models (MLLMs) (Tang et al. 2025; Xie et al.
2025a). This reliance leads to two critical failure points:
1) strategic hallucinations in high-level planning requiring
multi-step reasoning (Xie et al. 2025b; Ji et al. 2024), and 2)
operational errors during low-level execution involving spe-
cific elements for user interfaces (UI) (Song et al. 2024; Guo
et al. 2025).

To address these challenges, hierarchical frameworks,
such as Mobile-Agent-E (Wang et al. 2025), have been
introduced, which decouple high-level planning from low-
level execution. Although this architecture improves task
performance to some extent, both planning and execution
modules still depend on the inherent reasoning capabilities
of the models themselves (Hou et al. 2024). This depen-
dence does not fundamentally resolve the hallucination is-
sue caused by static knowledge, resulting in error accumula-
tion during task execution. Retrieval-Augmented Generation
(RAG) (Lewis et al. 2020) provides a new approach to mit-
igate this issue by dynamically retrieving information from
external knowledge bases, which has shown success in do-
mains (Yao et al. 2023; Feng et al. 2024; Zhu et al. 2024).
However, the effective application of RAG in mobile auto-
motion to specifically address the aforementioned issues at
the planning and execution levels remains unexplored.

The core insight of this paper is that high-level plan-
ning and low-level Ul operations require fundamentally
distinct types of knowledge. Planning demands high-level,
strategy-oriented experiences, whereas operations neces-
sitate low-level, precise instructions closely tied to spe-
cific app Uls. Motivated by these insights, we propose
Mobile—-Agent—RAG, a novel hierarchical multi-agent
framework explicitly designed for long-horizon, multi-app
mobile automation tasks. Our framework innovatively inte-
grates dual-level retrieval augmentation, significantly boost-
ing agent performance through real-time, contextually rel-
evant external knowledge. At the planning stage, we in-
troduce Manager-RAG, retrieving human-validated com-
prehensive task plans to provide high-level guidance for
long-term strategies, effectively reducing strategic halluci-
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Figure 1: Mobile-Agent—RAG is a novel hierarchical multi-agent framework explicitly designed for long-horizon, multi-app
mobile automation tasks. Mobile—-Agent—RAG’s proposed Manager-RAG retrieves human-verified task demonstrations to
guide high-level plans, while Operator-RAG retrieves UI-grounded examples for atomic action generation.

nations. At the execution stage, we develop Operator-RAG,
which retrieves most precise low-level guidance for accurate
atomic actions aligned with the current app and subtask, sub-
stantially improving execution accuracy.

To accurately deliver these knowledge types, we con-
struct two specialized retrieval-oriented knowledge bases.
The framework dynamically leverages these two core RAG
components to systematically overcome the limitations of
current agents. Furthermore, we introduce Mobile-Eval-
RAG, a challenging benchmark featuring realistic multi-
app, long-horizon tasks. Extensive experiments demonstrate
that our approach significantly surpasses existing state-of-
the-art baselines, e.g. Mobile-Agent-E (Wang et al.
2025), achieving notable improvements in task completion
rates, operator accuracy, step efficiency, and success rates.

In summary, this paper makes the following contributions.

e We propose Mobile-Agent—RAG, a hierarchical
multi-agent framework enpowered with contextually rel-
evant external knowledge through dual-level retrieval
augmentation, namely Manager-RAG and Operator-
RAG, for robust long-horizon mobile automation.

We design two retrieval-oriented knowledge bases, spe-
cialized to support Manager-RAG and Operator-RAG,
for reducing agent hallucinations and execution errors,
and release Mobile-Eval-RAG, a benchmark tailored for
evaluating such retrieval-augmented mobile agents.

Extensive experiments demonstrate that our proposed
Mobile—-Agent—RAG significantly outperforms SoTA
baseline algorithms, improving task completion rate by
11.0% and step efficiency by 10.2%, establishing a robust
paradigm for context-aware, reliable multi-agent mobile
automation.

Related Work

Mobile Agents for UI-Based Task Automation Early
mobile task automation focused on enhancing agents’ con-
text understanding for graphic user interfaces (UI) through
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tools and exploratory actions, e.g., Mobile-Agent (Wang
et al. 2024b) and AppAgent (Zhang et al. 2025). These
single-agent systems struggled with complex tasks, prompt-
ing the shift to multi-agent approaches (Xie et al. 2024). For
instance, M3A (Rawles et al. 2024) improves task comple-
tion by employing multiple agents for collaborative plan-
ning and decision-making. Mobile-Agent-v2 (Wang
et al. 2024a) further decomposes tasks into planning, deci-
sion, and reflection agents. However, its planning compo-
nent functions more as a tracker than a strategic planner,
and decision-making spans multiple levels. Hence, MLLM-
based agents like DroidBot—GPT (Wen et al. 2023) and
AutoDroid (Wen et al. 2024) automate Ul interactions by
converting GUI states into natural language prompts. Addi-
tionally, Mobi1eGPT (Lee et al. 2024) introduces a human-
like memory system that modularizes tasks into reusable
sub-modules via an “explore, select, derive, recall” model.
Despite advancements, existing MLLM-based agents face
hallucinations (Zheng et al. 2024; Li et al. 2025), undermin-
ing their reliability in multi-step mobile tasks. Therefore,
we instead propose Mobile-Agent-RAG, a retrieval-
augmented generation framework that integrates external
knowledge to improve context accuracy and reduce hallu-
cinations.

Retrieval-Augmented Agents vs. Memory-Driven Agents
Retrieval-Augmented Generation (RAG) enhances MLLMs
in knowledge-intensive tasks by combining parametric gen-
eration with non-parametric memory through semantic re-
trieval (Lewis et al. 2020). In agent-based systems, RAG
facilitates dynamic access to external knowledge during in-
ference, improving factual consistency and planning (Singh
et al. 2025). This is evident in web-based agents like
WebGPT (Nakano et al. 2021) and reasoning-action frame-
works like ReAct (Yao et al. 2023). Meanwhile, memory-
driven agents, such as MemGPT (Packer et al. 2023), support
long-horizon tasks by retaining context across sessions, en-
suring stable reasoning over time (Song et al. 2025). Re-
cent mobile UI agents combine these techniques to ad-
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Figure 2: Framework overview of Mobile—-Agent—RAG: A hierarchical multi-agent system empowered by dedicated knowl-
edge providers, namely Manager-RAG and Operatoer-RAG, for enhanced high-level planning and precise atomic action
generation. Its core operational loop is illustrated: Manager plans, Operator executes, with Perceptor, Action Reflector, and
Notetaker providing comprehensive support for mobile task automation.

dress multi-step interactions. Representative works such
as AppAgent-v2 (Li et al. 2024) builds a structured
knowledge base during offline exploration for retrieval-
driven decision-making, while AppAgentX (Jiang et al.
2025) logs execution history to enhance adaptability. Al-
though Mobile-Agent-E (Wang et al. 2025) improves
task efficiency through agent-driven heuristic summariza-
tion, it remains susceptible to hallucinations and lacks ex-
plicit task abstraction. To overcome this challenge, our
proposed Mobile—-Agent—RAG integrates a hierarchical
multi-agent framework, combining retrieval at both plan-
ning and execution levels. By utilizing both structured UI
knowledge and external documents, this approach enhances
context grounding, reduces hallucination risks, and supports
reliable long-horizon mobile automation.

Methodology

This section details Mobile-Agent—RAG, a novel frame-
work addressing long-horizon mobile automation by em-
powering a hierarchical multi-agent system with contex-
tual knowledge. We first elaborate on its multi-agent ar-
chitecture and execution flow. Subsequently, we detail
how our proposed knowledge components enhance core
agent decision-making, followed with their correpsonding
knowledge base collection, providing a robust solution to
challenges like hallucination. As illustrated in Figure 2,
Mobile-Agent—RAG integrates our proposed dedicated
knowledge providers, i.e. Manager-RAG and Operator-
RAG, into the Manager and Operator agents, facilitating
high-level task planning and low-level precise atomic ac-
tions. Notation definitions used in Mobile-Agent-RAG
are provided in Appendix A.

Hierarchical Multi-Agent Architecture

Mobile-Agent—-RAG is built upon a hierarchical
multi-agent framework, inherited and extended from
Mobile-Agent-E (Wang et al. 2025). This architecture

29941

is designed to achieve a clear separation between high-level
planning and low-level execution in mobile task automa-
tion, ensuring robustness and adaptability across diverse
mobile environments. The framework comprises a central
decision-making loop facilitated by a Manager Agent
and an Operator Agent, supported by several specialized
modules including a Perceptor, an Action Reflector, and a
Notetaker.

Core Agents: Manager and Operator The interaction
between the Manager and Operator constitutes the backbone
of task execution, coordinating high-level strategic planning
and low-level fine-grained operations.

* Manager Agent ()/) empowered by Manager—RAG:
The Manager Agent is responsible for high-level strate-
gic planning and subtask decomposition. At each
timestep ¢, it devises the overall plan (FP;) to achieve the
user’s task instruction (/) and generates the next subtask
(T{*") with the relevant application.

M(I,Dap, Siey), ift=1
M(IaPt—17TtaEplyst—17Gt—17
N;_1), ift>1and F;_; = False
M(IaPtflaTtagplvstflthflaL[E_k]v

N,_1), ift>1land F,_, = True

At the initial timestep (tf = 1), the Manager leverages
the input task instruction (1), a retrieved Manager-RAG
document (Dprg), and the initial screenshot (S;_1)
to formulate the first overall plan (P;) and subtask
(T1*). For subsequent timesteps (t > 1), it refines its
plan based on previous states. In case of consecutive
errors (F;_ True), it consults recent error logs
(LF_ k:]) for error recovery. The Manager primarily
focuses on abstract planning, thus avoiding fine-grained
visual information (V;_1) that might introduce noise for
high-level decision-making.

app __
P, T, =



Operator Agent (O) empowered by Operator—-RAG:
The Operator Agent translates the Manager’s subtasks
into concrete, executable atomic actions. It interacts di-
rectly with the mobile environment via Android Debug
Bridge (ADB).

At7 St = 0(17 DORa Pt7Ttappa St—la V;f—la
Gt717 Lﬁk;])Lﬁk;]7Nt71>

The Operator generates an atomic action (A;) based on
the current context, including the input task instruction
(I), a retrieved Operator-RAG document (DopRr), the
overall plan (P;), the current subtask (7}™), the screen-
shot before action (S;_1), and crucially, the fine-grained
visual information before action (V;_1). The combina-
tion of S;_1 and V;_1 enables precise action parameter
generation (e.g., specific tap coordinates). The atomic
actions A; are selected from a predefined set, including
Open_App, Tap, Swipe, Type, Enter, Back, Home, and
Wait. Refer to Appendix B for more details.

Supporting Modules: Perceptor, Action Reflector, and
Notetaker These modules augment the core Manager-
Operator loop by providing essential information and feed-
back, ensuring the system’s awareness and adaptability
within the mobile environment.

* Perceptor (P): Fine-grained Visual Perception. The
Perceptor analyzes screenshots (S;) to convert raw vi-
sual information into structured, fine-grained informa-
tion (V). This information includes identified text, icons,
their precise locations, and contextual descriptions, pro-
viding the crucial visual context for other agents. Refer
to Appendix C for details.

Vi = P(St)

¢ Action Reflector (R): Reflection on Action QOutcome.
The Action Reflector evaluates the outcome of the Op-
erator’s most recent action (A;), providing critical feed-
back to the system. It compares the UI states before
(St—1,Vi—1) and after (S, V;) the action, considering
the current subtask (7;™") and global progress status
(G¢—1). It classifies outcomes (e.g., successful, failed due
to wrong page, failed due to no change) and updates the
global progress status (G), action logs (L7'), and error
logs (LiE ). This feedback loop is vital for error detection
and recovery.

Outcome,Gt,Lf,Lf = R(I,T{™, Ay, S -1,
Sta‘/t—la‘/th—l)

Notetaker (/V): Information Aggregation. The Note-
taker maintains and updates task-critical information
(V) throughout execution. It aggregates dynamic details
(e.g., search results, extracted phone numbers) from the
current state (S, Vi, G¢) and previous notes (N;_1). This
ensures persistent tracking of information across multiple
steps, which is crucial for long-horizon tasks to maintain
contextual awareness.

Ny = N(Ia Pthfpp; S, Vi, G, Nt—l)
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Iterative Execution Flow As illustrated in Figure 2, the
system operates in a dynamic iterative loop, where agents
and modules continuously interact to achieve the user’s task
instruction by processing information and executing actions.
This process ensures adaptive responses to the mobile envi-
ronment, evolving step-by-step toward task completion. The
general flow at each timestep ¢ is as follows:

1. Perception: The Perceptor module analyzes the current

screenshot to extract fine-grained visual information.

High-Level Planning: The Manager Agent uses raw
screenshot, along with the overall task and contextual
knowledge, to refine the global plan and determine the
next high-level subtask.

. Low-Level Action: Based on the Manager Agent’s sub-
task, the Operator Agent generates and executes a pre-
cise atomic Ul action on the mobile device.

Post-Action Perception: Immediately after an action
is performed, the Perceptor captures the updated fine-
grained visual information for Action Reflector to reflect
the changes.

. Reflection: The Action Reflector evaluates the outcome
of the executed action by comparing raw and fine-grained
visual information before and after, providing critical
feedback for progress tracking and error detection.

. Information Aggregation: Concurrently, the Notetaker
module continuously updates and aggregates essential
dynamic information as notes, maintaining a persistent
and comprehensive context for the ongoing task.

Mobile-Agent—RAG is built upon this hierarchical
multi-agent architecture. To further enhance this framework,
we introduce Contextual Knowledge Empowerment, a
mechanism utilizing RAG to incorporate external, task-
specific knowledge into both the Manager and Operator
agents. By mitigating the limitations associated with exclu-
sive reliance on internal representations from MLLMs, our
approach significantly improves Mobile-Agent-RAG’S
capability to address complex and previously unseen mo-
bile tasks. Detailed implementation is described in the sub-
sequent section.

Contextual Knowledge Empowerment via RAG

This section details how external knowledge is retrieved and
integrated to empower the Manager and Operator agents,
forming the core of Mobile-Agent—-RAG’s innovation.
This process allows the agents to leverage a rich reposi-
tory of past experiences and domain-specific insights, signif-
icantly enhancing their performance beyond what is achiev-
able with internal MLLM knowledge alone.

Manager-RAG (M R) Manager-RAG aims to guide high-
level planning, especially during the initial stages of a task.

* Retrieval: At the beginning of a task (¢ 1), the
Manager-RAG module takes the input task instruction
(I) and retrieves the top-k most relevant (task instruc-
tion Ipsr, human steps Hjsr) documents (Djsr) from
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Figure 3: A flow of knowledge base collection for Manager-RAG and Operater-RAG.

Method Framework Type CR OA RA Steps Efficiency SR
Single-App Task Execution

AutoDroid Single-Agent 24.4 59.7 - 30.0 0.81 0.0

Appagent (Auto) Single-Agent 25.4 63.5 91.0 30.0 0.85 0.0

Appagent (Demo) Single-Agent 29.2 73.7 92.4 30.0 0.97 0.0
Multi-App Task Execution

Mobile-Agent Single-Agent 33.7 60.3 - 29.0 1.16 12.0

Mobile-Agent-v2 Multi-Agent 38.5 61.9 92.5 235 1.64 44.0

Mobile-Agent-E Multi-Agent 58.3 74.1 89.3 224 2.60 48.0

Mobile-Agent-E + Evo Multi-Agent 61.2 77.2 91.0 21.8 2.81 56.0

Mobile-Agent-RAG (Ours) Multi-Agent 75.7 90.1 94.7 18.8 4.03 76.0

Table 1: Comparison results of Mobile-Agent —-RAG with previous SoTA algorithms for single-app and multi-app task execu-
tion with both single-agent and multi-agent frameworks. Bold indicates the best-performing results; the same applies hereafter.

10010 Mobile-Agent-E OMobile-Agent-E+Evo Method CR OA RA StepsEffic. SR

90| Mobile-Agent-RAG [ Gain from Knowledge Base oo ps e

go|D Gain from MLLM Self Evolution Simple Operation Tasks
&\‘:70 Mobile-Agent-E 63.4 81.8 89.7 203 3.12 80.0
or 60 Mobile-Agent-E + Evo 68.3 859 86.3 16.8 4.07 80.0
Os59 Mobile-Agent-RAG (Ours) 78.0 91.1 97.3 14.6 5.34 90.0

40 Complex Operation Tasks

0 ——

Gemini-1.5-pro GPT-40 Claude-3.5-Sonnet Mobile-Agent-E 549 69.7 89.1 23.8 231 267

) ) ) Mobile-Agent-E + Evo 56.5 81.3 932 25.1 225 40.0
Figure 4: Comparison of performance gain sources Mobile-Agent-RAG (Ours) 74.2 89.6 93.5 21.6 4.30 66.7

for Mobile-Agent-RAG, Mobile-Agent-E, and

Mobile-Agent-E+Evo across different MLLMs. Table 2: Comparison resutls of Mobile-Agent —RAG with

previous SoTA algorithms on tasks with varying complexity.

its manually curated knowledge base (K ;). These doc-
uments are selected based on the semantic similarity be-
tween the input task instruction and indexed task in-
structions, as determined by the Contriever-MSMARCO
model (Izacard et al. 2022). The detailed retrieval algo-
rithm is provided in Algorithm 1 in Appendix D.

¢ Generation: The Manager-RAG module receives the
overall task instruction Iquery and the retrieved set of &
relevant documents R j; from its retrieval mechanism.
The MLLM generates the overall plan P as follows:

P = PromptGeny (Iquery; Ras)

Operator-RAG (OR) Operator-RAG is responsible for
retrieving app-specific knowledge to support the generation
of atomic actions required to accomplish a given subtask.

* Retrieval: When the Operator is about to execute an
atomic action, it sends the current subtask with the iden-
tified app name Tgiy to Operator-RAG. The system
then restricts retrieval to the app-specific knowledge base
KZ&% for (subtask Top, screenshot Sog, action Aog)
document (Do r). The subtask is embedded via the same
embedding function f(-) (Contriever-MSMARCO) into

where PromptGen,,(-) is a function that formulates the
input prompt for the MLLM by combining Iquey with
the retrieved examples in R 5s as few-shot examples.

29943

a vector representation. The system performs retrieval
within the app-specific embedding space, selecting the
entry with the highest cosine similarity between the



Method CR OA RA StepsEffic. SR
Gemini-1.5-Pro

Mobile-Agent-E 58.3 74.1 89.3 224 2.60 48.0

Mobile-Agent-E + Evo 61.2 77.2 91.0 21.8 2.81 56.0

Mobile-Agent-RAG (Ours) 75.7 90.1 94.7 18.8 4.03 76.0

GPT-40

Mobile-Agent-E 67.0 81.5 90.2 18.6 3.60 60.0

Mobile-Agent-E + Evo 733 85.6 924 17.8 4.12 76.0

Mobile-Agent-RAG (Ours) 79.1 88.4 97.8 18.4 4.30 84.0
Claude-3.5-Sonnet

Mobile-Agent-E 723 91.0 94.8 17.3 4.18 60.0

Mobile-Agent-E + Evo 76.7 91.3 95.6 17.1 449 72.0

Mobile-Agent-RAG (Ours) 79.6 92.7 95.1 18.7 4.26 84.0

Table 3: Comparison results of Mobile-Agent -RAG with
previous SoTA algorithms, evaluated by different MLLMs.

query and indexed subtasks. The detailed retrieval algo-
rithm is provided in Algorithm 2 in Appendix D.

Generation: For the Operator-RAG, the reasoning
model receives the current subtask, a representation of
the current screenshot, and the top-1 most relevant docu-
ment R from its app-specific knowledge base. This de-
tailed context allows the MLLM to accurately generate
the correct atomic action needed to address the current
subtask and the current screen state. The generation pro-
cess can be expressed as:

Tapp

query

A = PromptGeng ( Seurrent, RO)

where PromptGeng (-) is a function that formulates the
input prompt for the MLLM by integrating Tgeerys Scurrents
and the retrieved example Ro.

Retrieval-Oriented Knowledge Base Collection

To enable retrieval-augmented reasoning for both high-level
task planning and low-level action execution, we construct
dedicated knowledge bases for Manager-RAG and Operator-
RAG, as illustrated in Figure 3. By combining automated
logging with human validation, our data collection pipeline
produces high-quality, context-rich supervision signals that
effectively ground model inference. For additional technical
details, please refer to Appendix E.

Manager-RAG Knowledge Base (/K j5;z) This knowl-
edge base is designed to support high-level task planning.
Each entry in the knowledge base consists of a natural lan-
guage task instruction paired with its corresponding human-
annotated operation steps. These (task instruction, human
steps) documents (Djsr), are directly extracted from the
Mobile-Eval-RAG dataset we construct below. For each
task in Mobile-Eval-RAG, the task instruction is treated as
a retrieval query, and the human execution trace is simpli-
fied and structured into reference steps for downstream use
by MLLMs. All data is manually collected and curated to
ensure task-level coherence and accuracy.
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Operator-RAG Knowledge Base (K(3») This knowledge
base is intended to support atomic action generation during
low-level app interactions. Its construction follows a semi-
automated process. During agent execution, we dynamically
log three types of information: the current subtask being per-
formed, the corresponding screenshot at that step, and the
atomic action generated by the Operator. These (subtask,
screenshot, action) documents (Dpp) are collected in real
time and subsequently verified by human annotators. Invalid
or low-quality entries are manually corrected or discarded,
ensuring data quality and consistency. To avoid cross-app in-
terference and enhance retrieval precision, we maintain sep-
arate retrieval libraries for each mobile application.

Experiments

This section develops the evaluation benchmark Mobile-
Eval-RAG and designs experiments to thoroughly assess
and analyze the performance, module roles, and general-
ization capability of Mobile-Agent-RAG. Due to space
constraints, further details on the experiments, e.g. case
study and more analysis, can be found in Appendix F-M.

Benchmark Dataset: Mobile-Eval-RAG

We introduce Mobile-Eval-RAG, a benchmark dataset of 50
diverse and challenging tasks designed specifically to eval-
uate Retrieval-Augmented Generation (RAG) performance
in mobile agent systems. Unlike existing benchmarks such
as Mobile-Eval-E (Wang et al. 2025), which have limited
suitability for assessing RAG’s generalization due to pro-
gressively increasing difficulty and insufficient task simi-
larity, Mobile-Eval-RAG emphasizes cross-application co-
ordination and long-horizon planning. Specifically, Mobile-
Eval-RAG expands upon Mobile-Eval-E’s five core cate-
gories—Information Searching, What’s Trending, Restau-
rant Recommendation, Online Shopping, and Travel Plan-
ning—Dby introducing cross-application tasks averaging 16.9
steps across 2-3 applications. These tasks closely reflect
realistic scenarios demanding substantial coordination and
planning. Additionally, region-specific constraints of appli-
cation have been removed to enhance general applicability.
Queries are MLLM-generated and human-verified to ensure
feasibility and consistency. Tasks are divided into simple op-
erations (Information Searching, What’s Trending), involv-
ing basic searches, and complex operations (Restaurant Rec-
ommendation, Online Shopping, Travel Planning), requir-
ing detailed interactions and multi-step coordination, main-
taining consistent difficulty levels within each category. In
summary, Mobile-Eval-RAG effectively evaluates retrieval
alongside long-horizon planning and inter-task coordina-
tion, providing a concise yet comprehensive platform for as-
sessing RAG models in complex, multi-app environments.

Experimental Setups

Baselines To evaluate Mobile—-Agent—-RAG, we com-
pare it with state-of-the-art open-source mobile agent
frameworks, including AutoDroid (Wen et al. 2024),
AppAgent (Auto) (Zhang et al. 2025), AppAgent
(Demo) (Zhang et al. 2025), Mobile-Agent (Wang
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Figure 5: Ablation study results of Mobile-Agent-RAG,
with (a) showing a radar chart comparing evaluation met-
rics across different ablation variants, and (b) presenting CR
variations over 10 trials for each variant.
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Figure 6: Error type distribution over three task failure
modes corresponding to the three evaluation criteria of SR.

et al. 2024b), Mobile-Agent-v2 (Wang et al.
2024a), Mobile—-Agent-E (Wang et al. 2025), and
Mobile-Agent-E+Evo (Wang et al. 2025). These
frameworks include both single-agent and multi-agent
architectures, all utilizing MLLMs for mobile task au-
tomation. Specifically, Mobile-Agent-E+Evo enhances
Mobile-Agent-E by integrating a “Self-Evolution”
strategy, while AppAgent (Auto) and AppAgent
(Demo) represent two variants proposed by (Zhang
et al. 2025) for autonomous exploration and human-
demonstration modes, respectively.

Reasoning Models We use several MLLMs as reasoning
backbones in our framework, including GPT-40 (Hurst et al.
2024), Claude-3.5-Sonnet (Anthopic 2024), and Gemini-
1.5-Pro (Team et al. 2024). Among them, Gemini-1.5-Pro
achieves the best performance—cost balance, and we use it
as the default backbone for efficiency and scalability.

Evaluation Metrics To assess Mobile—-Agent—-RAG’s
mobile agent performance on complex tasks, we first use
the standard evaluation metrics from Mobile-Agent-E
and Mobile-Agent-v2, including Success Rate (SR,
%), Completion Rate (CR, %), Operator Accuracy (OA,
%), and Reflector Accuracy (RA, %), and then newly add
Steps and Efficiency to evaluate task execution efficiency;
Refer to Appendix G for details.

Main Results

To evaluate Mobile-Agent-RAG, we first bench-
marked it against SoTA single- and multi-app frame-
works, as summarized in Table 1. Results show that
Mobile-Agent—RAG consistently outperforms baselines,
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particularly in complex multi-app tasks, primarily due
to accurate human-annotated knowledge rather than less
reliable self-generated summaries. Furthermore, we as-
sessed its robustness across tasks of varying complexity
in Table 2. While methods like Mobile-Agent-E+Evo
yield modest CR improvements of 7.7% on simple
and 2.9% on complex tasks, our approach significantly
boosts CR by 23.0% (simple) and 35.2% (complex)
through effective knowledge augmentation. Furthermore,
to confirm Mobile—-Agent—-RAG’s generalization across
multiple MLLMs, we conducted additional experiments
shown in Table 3. Compared to Mobile-Agent-E,
Mobile—-Agent—-RAG achieves a 23.6% CR gain on
weaker models (Gemini-1.5-Pro) and a 5.8% advantage on
stronger ones (GPT-40 & Claude-3.5-Sonnet). Finally, Fig-
ure 4 confirms that the RAG’s benefit negatively correlates
with model strength—providing greater compensation for
limited reasoning in weaker MLLMs while continuing to
improve performance on more capable models.

Ablation Analysis

We conducted an ablation study on Mobile-Agent-RAG
to examine the roles of its two core modules, Manager-
RAG and Operator-RAG. Results in Figures 5(a), 5(b)
and 6 show that removing Operator-RAG significantly low-
ers OA, Efficiency, and SR by increasing repetitive and er-
roneous low-level actions. Conversely, removing Manager-
RAG reduces maximum achievable CR, highlighting its es-
sential role in long-horizon planning, although this bene-
fit requires accurate execution provided by Operator-RAG.
Further analysis illustrated by Figure 6 confirms their com-
plementarity: Manager-RAG focuses on global task de-
composition and provides a more concise strategy, while
Operator-RAG ensures precise and context-aware task exe-
cution, reducing repetitive local errors. Together, they enable
effective mobile automation for complex tasks.

Conclusions

We present Mobile-Agent-RAG, a hierarchical multi-
agent framework that introduces dual-level retrieval-
augmented generation (RAG) to address the core chal-
lenges of long-horizon, multi-app mobile automation. Our
approach mitigates the limitations of conventional mobile
agents, which often suffer from strategic hallucinations dur-
ing high-level planning and operational errors in low-level
execution due to static MLLM knowledge. By combin-
ing Manager-RAG for high-level, human-validated strategic
planning and Operator-RAG for low-level, app-specific ac-
tion grounding, our framework achieves robust and context-
aware decision-making across both planning and execu-
tion layers. To support this design, we constructed two
dedicated retrieval-oriented knowledge bases and released
Mobile-Eval-RAG, a challenging benchmark dataset of real-
istic, long-horizon, multi-app tasks. Extensive experiments
demonstrate that Mobile-Agent-RAG achieves signifi-
cant gains in task completion rate, operator accuracy, and
step efficiency over the state-of-the-art baselines, validating
dual-level contextual knowledge empowerment for multi-
agent coordination.
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