AutoEval: A Practical Framework for Autonomous
Evaluation of Mobile Agents

Jiahui Sun, Zhichao Hua*
Shanghai Jiao Tong University, Shanghai, China
{jason_2001, zchua} @sjtu.edu.cn

Abstract—Accurate and systematic evaluation of mobile agents
can significantly advance their development and real-world
applicability. However, existing benchmarks for mobile agents
lack practicality and scalability due to the extensive manual
effort required to define task reward signals and implement
corresponding evaluation codes. To this end, we propose Au-
toEval, an autonomous agent evaluation framework that tests
a mobile agent without any manual effort. First, we design
a Structured Substate Representation to describe the UI state
changes during agent execution, such that task reward signals can
be automatically generated. Second, we utilize a Judge System
that can autonomously evaluate agents’ performance given the
automatically generated task reward signals. By providing only
a task description, our framework evaluates agents with fine-
grained performance feedback to that task without any extra
manual effort. We implement a prototype of our framework and
validate the automatically generated task reward signals, finding
over 93% coverage to human-annotated reward signals. Moreover,
to prove the effectiveness of our autonomous Judge System, we
manually verify its judge results and demonstrate that it achieves
94% accuracy. Finally, we evaluate the state-of-the-art mobile
agents using our framework, providing detailed insights into their
performance characteristics and limitations.

Index Terms—Automatic Evaluation, Benchmarking, Mobile
Agent

I. INTRODUCTION

The advancement of Large Language Models (LLMs) has
empowered mobile agents to understand and interact effectively
with mobile platforms like Android, potentially freeing humans
from tedious daily tasks [1]-[7]. However, these agents still
struggle to perform reliably even on simple tasks like "setting a
9AM alarm labeled meeting". Therefore, benchmarking mobile
agent performance is critical. An effective benchmark with fine-
grained feedback reveals the agent’s bottlenecks and guides
targeted improvements.

However, existing mobile agent benchmarks are not practical
enough to evaluate. To provide fine-grained agent performance
measurement beyond binary feedback (i.e. success or failure),
most benchmarks evaluate task completion through a series
of milestone states. For example, some benchmarks [8]—
[13] compare agent trajectories with human demonstrations,
providing step-wise performance evaluation. Nevertheless,
these benchmarks face the problem of misleading because
agents can take multiple paths to solve tasks while human’s
demonstration cover only limited ways. For this reason, recent
benchmarks [14], [15] choose to evaluate agents leveraging
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reward signals like expected UI state or operating system state.
However, such benchmarks are impractical for two reasons.
First, they still require significant manual effort to define task-
specific reward signals. Second, checking these reward signals
requires extensive code development for pattern matching or
operating system state checking, introducing high engineering
overhead that scales poorly with the number of tasks. For
example, evaluating 138 tasks in AndroidLab [14] requires
an additional 3,000 lines of evaluation code, highlighting the
substantial development overhead.

To address the manual effort issue, previous work Agent-
Eval-Refine [16] designs a LLM-based evaluator for agent
evaluation. However, it only provides a binary answer of
whether the agent completes the task or not, which is too
coarse-grained for detailed diagnosis. Our work builds on top
of these advancements, seeking a fine-grained autonomous and
reliable evaluation of mobile agents.

In this paper, we propose AutoEval, a novel autonomous
evaluation framework for mobile agents. The core idea and
comparison with existing benchmarks is illustrated in Figure 1.
The key technical challenge in our work lies in how to
design a LLM-based pipeline to generate task reward signals
and evaluate agent performance autonomously while keeping
accuracy simultaneously. To tackle this challenge, we design
a Structured Substate Representation model to describe task
reward signal and implement the State Decomposer which can
automatically generate substates accordingly. Moreover, we
develop a Judge System that autonomously evaluates agent
performance through a three-stage pipeline: (1) capturing
structured textual description from agent execution screenshots
(2) evaluating agent performance by reasoning about screenshot
descriptions against generated substates (3) checking evaluation
results through consistency constraints to ensure the reliability
of the evaluation results. Based on the above design, AutoEval
can evaluate mobile agents without any manual effort.

We collect tasks from existing mobile agent benchmarks
and augment them with automatically generated substates.
Comparing these generated substates with human-annotated
ones, we find that they cover 93.28% of human-annotated
substates without additional knowledge. We then evaluate
our Judge System’s reliability, achieving 94.35% accuracy
compared with oracle human evaluation. Finally, we conduct
comprehensive evaluation of state-of-the-art mobile agents
using our benchmark, providing a detailed analysis of their
performance characteristics and failure patterns. We will make
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Fig. 1. Comparison of AutoEval (ours) with existing agent benchmarks.

-based-benchmark [14], [15]: requires manual reward signal definition and

extensive code development for agent evaluation, leading to high accuracy but high cost. LLLM-based-benchmark [16]: inputs the agent’s execution trajectory
and utilizes LLM to generate a binary answer of whether the agent completes the task or not. It reduces the costs significantly but sacrifices the accuracy
and fine-grained agent performance feedback. AutoEval: introduces automatically generated substates along with an autonomous Judge System to provide
fine-grained feedback on agent’s performance, achieving both high accuracy and low cost.

our data and code publicly available upon acceptance.
Our Contributions can be summarized as follows:

« We propose Structured Substate Representation with State
Decomposer for autonomous substate generation, and
create a benchmark with 93 tasks across 9 applications.

« We design an autonomous Judge System that replaces
human-written evaluation code and provides fine-grained
and reliable performance feedback.

« We implement a prototype system based on the proposed
design and evaluate its effectiveness.

« We test existing mobile agents in our framework, com-
paring and analyzing their performance in a fine-grained
manner.

II. SYSTEM DESIGN
A. Overview

We propose AutoEval, an autonomous evaluation framework
for mobile agents that aims to fulfill two design goals (DG).

DG1. Autonomous: Minimize human effort in evaluating
mobile agents. AutoEval seeks to automate the entire evalua-
tion process by eliminating manual definition of task reward
signals and paired evaluation code.

DG2. Reliable: Comparable evaluation accuracy to
human evaluation.

To achieve DGI1, AutoEval uses a State Decomposer that
autonomously generates a specific task’s substates. Then,
Judge System (Section II-D) autonomously evaluates the
agent’s performance by checking substate completion given
screenshots-trajectory during the agent’s task execution.

To achieve DG2, we design Structured Substate Represen-
tation (Section II-B) that captures UI states as reward signals
during task execution. We guide the Judge System to evaluate
each substate using a reasoning-then-checking approach.

The architecture of AutoEval is illustrated in Figure 1. To
evaluate how an agent performs on a given task, our framework
operates in two phases: Offline Phase and Online Phase.

o Offline Phase: The State Decomposer (II-C) automatically
generates substates in Structured Substate Representation
(II-B).

o Online Phase: AutoEval launches the agent with a specific
task and captures its screenshots-trajectory. Then, the
Judge System (II-D) is responsible for autonomously
evaluating the agent’s performance by iterating over the
screenshots-trajectory and checking the completion of
each substate.



B. Structured Substate Representation Model

In this section, we introduce the Structured Substate
Representation Model (SSR) which describes the Ul state
during the agent’s task execution.

Substates are defined as some inescapable UI states like
“Firefox’s main page is visible”, indicating the correctness
of agent task execution, serving the same purpose as reward
signals [15]. Substates can be further represented as StateNodes;
each StateNode contains a natural language description of

a specific Ul state and a pointer to its parent StateNode.

Based on the observation that the agent’s interaction with
mobile apps primarily consists of navigating between pages
and performing operations (e.g., typing and clicking) within
each page, StateNodes are then categorized into two types:
PageNodes and UnitNodes.

« PageNode: represents page state (e.g., “The app’s search
page is visible”). PageNode’s parent MUST be another
PageNode, which represents the previous page from which
the current page was entered.

« UnitNode: represents unit state (e.g., “The search input
field contains ‘Large Language Model’”). UnitNode’s
parent MUST be a PageNode, which represents the page
containing this unit.

C. State Decomposer

State Decomposer(LLMs) Database(optional)
Task App Tutorials Q&A forums
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Related App:
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Fig. 2. The process of automatically generating task-specific Structured
Substate Representation with State Decomposer.

Figure 2 illustrates the process of generating substates with
State Decomposer. It incorporates a pre-defined prompt that
describes the SSR model and guides LLM to output substates
corresponding to a specific task. These substates are structured
as a tree, where the app’s home screen typically serves as the
root PageNode.

Our key insight is leveraging LLM’s knowledge of common
apps gained from pre/post-training to generate substates for
specific tasks. For a new app that LLM has never been trained
on, it can still generate roughly accurate substates through
transfer of knowledge from past experiences with similar apps,
supplemented by app-specific RAG when needed.

D. Judge System

The architecture of Judge System is shown in Figure 3.
Given the substates of a task and the screenshots-trajectory

Judge System
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|

Capturer(VLM)
1 Database(optional)
Reasoner(LLM) RAG App Tutorials Q&A forums
Checker Memory
Judgments

Fig. 3. The architecture of Judge System.

during the agent’s task execution, Judge System autonomously
evaluates the agent’s functionality correctness with substate-
level feedback. It has three key components: Capturer, Reasoner
and Checker. The overall judging process is summarized
in Algorithm 1. We provide a detailed description of each
component in the following.

Algorithm 1 Judging Process
Require: Task description ¢, initial substates S;, screenshots
trajectory SCy
Ensure: Final evaluated substates S;
1: Initialize memory M « ()
2: for each screenshot sc; € SC; do
3:  d; < CAPTURER(sc;) {Convert screenshot to text}
4 r;, info < REASONER(d;, Sy, M)
5. M <+ MuU{info} {Update memory}
6
7
8

S; < CHECKER(r;)
: end for
: return S;

Capturer. The Capturer is built upon a Vision Language
Model (VLM) that converts screenshots into detailed textual
descriptions of layout, content, and app identification.

Reasoner. The Reasoner is based on a Large Language
Model (LLM) and plays a crucial role in judging an agent’s
performance. Given the description of the ith screenshot d;,
task ¢, task substates representation S;, Reasoner generates an
analysis a and a judge result j; for each substate s € S;. The
judge result ji for substate sy is either Success if d; matches
sy, or Uncertain otherwise.

Integrated with the structured substates representation, we
can prompt the Reasoner to reason about each of the substates
following Algorithm 2. We enhance Reasoner with a memory
module storing critical information the Reasoner proactively
reported and successful substates, and optionally use Retrieval-
Augmented Generation (RAG) to incorporate app-specific
knowledge for more accurate results.

Checker. During our empirical evaluation, we find that the
Reasoner occasionally generates unexpected outputs, failing
to strictly follow the reasoning process in Algorithm 2.
Consequently, we incorporate a Checker module to guarantee
the Reasoner’s output is acceptable and consistent with the



Algorithm 2 Reasoning Process

Require: Screenshot description d;, Substates S; (sorted by
hierarchy), Memory M
Ensure: Judgment results J
1: Initialize judgments J < ()
2: for each substate s, € S; do
3. info,ak, jr + MATCH(d;, s, M)
if s; is a UnitNode then
Let p be the parent of sy,
if J[p] # Success then
Ji < Failure {Parent constraint}
end if
end if
10:  Append j; to J
11: end for
12: return 7, info

D A

reasoning process. There are two rules that Checker guarantees:
1) Each substate judge result must be either Success or
Uncertain. 2) UnitNodes can only be judged as Success if
their parent PageNode is also Success. If violated, Checker
retries or skips the current judgment.

III. EVALUATION

We evaluate AutoEval on a variety of popular Large
Language Models (LLMs) configurations and mobile agents.
Our evaluation seeks to answer the following questions:

Q1. What is the accuracy and completeness of the substates

generated by State Decomposer (Section II-C) compared

to human-annotated substates?

Q2. What is the accuracy of the Judge System (Section II-D)?

Q3. Can our framework effectively demonstrate the fine-
grained and comprehensive performance of mobile agents?

Models and Environments. We evaluate AutoEval across
multiple LLM configurations, including GPT-40 [17], DeepSeek
V3 [18], Gemini-2.0-flash-thinking [19]. The Capturer in Judge
System utilizes Gemini-2.0-flash as its backend VLM. We
conduct our experiments on an Android Virtual Device (AVD)
emulator as the mobile environment for agent execution.

Mobile Agent. We evaluate a prompt-based agent and
a training-based agent using our framework. Each agent
starts performing tasks in an identical manually initialized
environment.

« Mobile-Agent-E [7]: Hierarchical multi-agent framework.
We select Qwen-VL-Plus [20] as its caption model
following the original paper and use gemini-2.0-flash-
thinking as its reasoning model.

o CogAgent [6]: Training-based agent. In our evaluation, we
test on the latest version of the CogAgent-9B-20241220.

A. State Decomposer Evaluation

To answer QI, we collect 93 tasks from the following
benchmark and augment these tasks with substates using State
Decomposer. We then manually evaluate the quality of substates
generated by State Decomposer.

AndroidLab [14]: An open-source Android agent bench-
mark emphasizing generalizability. We evaluate all Operation
Tasks across 9 applications.

Metrics. To evaluate the quality of automatically generated
task substates (Say), We compare them with manually defined
substates (Sguman) Using Cover Rate, Redundant Rate, Optional
Rate, and Incorrect Rate metrics.

« Cover Rate: measures how many substates in Syyman are
covered by Say-

« Redundant Rate: indicates the proportion of duplicate and
redundant substates in Sauco.

« Optional Rate: agents can take multiple paths to achieve
the same task goal, resulting in some substates being path-
dependent. We define these path-dependent substates in
Sauo as optional substates.

« Incorrect Rate: represents the percentage of invalid sub-
states in Say, due to hallucinated content.

Results. Table I compares State Decomposer performance
across different LLM configurations. Both GPT-40 and
DeepSeek V3 achieve a high Cover Rate with low Incorrect
Rate, indicating strong capability in identifying essential task
substates. Experimental results confirm the 10.49% redundancy
doesn’t impact accuracy. Since redundant substates are semantic
duplicates of the same UI state, they yield identical judgments
without introducing any additional false positives or negatives.
Both models exhibit similar Optional Rate, likely because
their knowledge is constrained to substates on all seen task
completion paths, limiting their ability to identify some
substates that could be non-existent in other unseen but valid
task completion paths.

B. Judge System Performance Evaluation

To answer Q2, we collect 93 screenshots-trajectory traces
from both human participants and Mobile-Agent-E during task
execution. These traces are then autonomously judged by the
Judge System with task-specific substates generated in Section
II-A. We evaluate Judge System reliability through human
verification, comparing its substate-level judgments against the
actual screenshots-trajectory traces using three metrics: Judge
Success Rate (SR), False Positive Rate (FP), and False Negative
Rate (FN).

Results. Table II shows the accuracy of Judge System
in judging both human and agent traces, while Reasoner is
configured with different models. Contributing to our design
of the Judge System and Structured Substates Representation,
we find that Judge System achieves high accuracy that aligns
with human judgments. The Gemini-2.0-flash-thinking based
Judge System achieves the highest accuracy (94.35%) among
all LLM configurations, demonstrating the strong capability of
reasoning models.

Error Analysis. We further analyze error cases in au-
tonomous judgments and identify two main causes:

1) Limited Capturer model capabilities (30.8% of errors):
Though Capturer performs well in most cases, it still
faces the problem of information loss when converting



TABLE I
COMPARISON OF STATE DECOMPOSER PERFORMANCE ACROSS DIFFERENT APPLICATIONS. WE COMPARE GPT-40 AND DEEPSEEK V3 ON FOUR KEY
METRICS. THE BEST RESULTS FOR EACH APPLICATION ARE HIGHLIGHTED IN BOLD. ARROWS INDICATE WHETHER LOWER (J) OR HIGHER (1) VALUES ARE
BETTER.

1 Cover Rate (%)

| Redundant Rate (%)

J Optional Rate (%) | Incorrect Rate (%)

Application
GPT-40 DeepSeek GPT-40 DeepSeek GPT-40  DeepSeek GPT-40  DeepSeek
Bluecoins 97.83 100.00 14.71 26.03 16.18 10.96 2.94 0.00
Calendar 94.23 98.08 11.76 33.77 14.71 0.00 1.47 0.00
Cantook 87.88 93.94 11.43 15.00 5.71 7.50 0.00 0.00
Clock 92.47 92.47 6.93 16.82 1.98 0.00 2.97 2.80
Contacts 98.04 92.16 6.90 13.51 6.90 17.57 0.00 5.41
Map 73.08 88.46 17.65 18.92 23.53 18.92 2.94 0.00
PiMusic 100.00 83.33 10.34 25.71 6.90 17.14 0.00 0.00
Setting 98.04 96.08 10.94 13.64 10.94 9.09 0.00 3.03
Zoom 95.00 95.00 5.00 5.00 0.00 0.00 0.00 0.00
Average 93.28 93.94 10.49 19.85 9.82 8.13 1.56 1.70
TABLE II 100 ——
JUDGE SYSTEM RELIABILITY ACROSS DIFFERENT REASONER BASE 9% p— gi’:q'";\fsl::”"
MODELS ON HUMAN AND AGENT TRACES. (DEEPSEEK: DEEPSEEK-V3; 9375 Owen25-VL-72B
GEMINI: GEMINI-2.0-FLASH-THINKING) 92 90.28 90.37
88!
Model Human Trace Agent Trace § . 593 css
T SR (%) | FP (%) | FN (%) 1 SR (%) | FP (%) | FN (%) § 417 o
GPT-40 87.76 1.90 10.34 87.70 2.05 10.25 ! el 278
DeepSeek  82.91 3.59 13.50 90.33 1.61 8.06 2
Gemini 94.31 0.42 5.27 94.35 2.02 3.63
0 TSR L FN | FP

screenshots into textual descriptions. Missing important
information leads to reasoning errors. For example, in
the case of judging the substate "Sort button is visible",
the Capturer may fail to identify the Sort button in its
output even though the button is actually present in the
screenshot, which leads to false negative judgments.

2) Limited Reasoner model capabilities (69.2% of errors):
The Judge System can make incorrect judgments even
given all necessary information due to the limited capa-
bilities of reasoning and instruction following.

VLM Backend Ablation. To justify our choice of Gemini-
2.0-Flash as the Capturer backend, we evaluate the Judge
System accuracy with different Vision-Language Models on
26 tasks from AndroidLab. Figure 4 shows the compari-
son results. Gemini-2.0-Flash achieves the highest accuracy
(93.75%), outperforming Qwen2.5-VL-72B and GLM-4V-plus.
The superior performance of Gemini-2.0-Flash in screenshot
understanding enables more accurate textual descriptions,
reducing information loss during the captioning process.

Cost Analysis. Table III presents the per-round API costs for
the two LM-based components in the Judge System. Checker
overhead is negligible compared to Reasoner and Capturer. On
average, the Judge System requires 8 rounds to complete the
evaluation of a single agent task execution, taking about 132.7s
(Capturer: 52.4s, Reasoner: 80.3s). The total cost for evaluating
one task execution amounts to approximately 0.0224 USD.
Using multiple test phones/emulators can reduce evaluation

Fig. 4. Comparison of Judge System accuracy with different Vision-Language
Models.

TABLE III
TOKEN CONSUMPTION AND COST ANALYSIS FOR JUDGE SYSTEM
COMPONENTS. REASONER USES GEMINI-2.0-FLASH-THINKING WHILE
CAPTURER USES GEMINI-2.0-FLASH AS BACKEND VLM. ON AVERAGE, 8
ROUNDS ARE REQUIRED PER TASK EXECUTION.

Component Input Output Total ($)
Tokens Cost ($) Tokens Cost ($)

Reasoner 2,668 0.0011 750 0.0003 0.0014

Capturer 2,981 0.0012 466 0.0002 0.0014

Per Round 5,649  0.0023 1,216  0.0005  0.0028

Per Task (8x) 45,192 0.0184 9,728  0.0040 0.0224

time, and lower-cost models can further reduce evaluation costs.

Generalizability Analysis. To further validate the gen-
eralizability of the Judge System beyond AndroidLab, we
randomly sample 53 additional tasks from AndroidArena [10]
and AitW [9], covering 8 new application categories not present
in our primary evaluation. Human annotators manually execute
these tasks and record their interaction trajectories, which are
then submitted to AutoEval for autonomous evaluation. The
Judge System achieves 91.38% accuracy on these unseen tasks,
demonstrating strong cross-benchmark generalization.



C. Mobile Agent Performance Evaluation

To answer Q3, we evaluate the absolute capability of
different mobile agents using our framework on tasks with
substates generated in Section III-A. We choose Gemini-2.0-
flash-thinking as a backend model for Reasoner in Judge
System.

Metrics. AutoEval provides substate-level evaluation for
each task execution, enabling us to evaluate mobile agent
performance using Substate Completion Rate (SCR) and Task
Completion Rate (TCR).

o Substate Completion Rate (SCR): The average percentage

of successfully completed substates across all tasks.

o Task Completion Rate (TCR): The percentage of tasks

where all substates are successfully completed.

TABLE IV
PERFORMANCE OF DIFFERENT MOBILE AGENTS EVALUATED BY AUTOEVAL.

Agent SCR (%) TCR (%)
CogAgent 62.59 22.45
Mobile-Agent-E ~ 77.84 32.65

Results. Table IV shows the performance of different mobile
agents. We find a notable gap between SCR and TCR for
both agents, indicating that our evaluation framework can
give a more realistic and fine-grained evaluation of agent
performance. The substate completion feedback from AutoEval
reveals mobile agent weaknesses, including insufficient app-
specific knowledge and action space limitations (e.g., inability
to handle certain Ul interactions or gestures).

IV. CONCLUSION

In this study, we introduced AutoEval, a practical evaluation
framework that enables autonomous fine-grained evaluation
of mobile agents. By proposing a Structured Substate Repre-
sentation model, AutoEval can automatically generate reward
signals for a given task. Moreover, AutoEval designs a three-
stage Judge System to autonomously evaluate the performance
of mobile agents. Our results show that AutoEval produces
reward signals aligned with human annotations and reaches
human-level autonomous evaluation accuracy.
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