
Understanding the Weakness of Large Language Model Agents
within a Complex Android Environment

Mingzhe Xing∗
mzxing@stu.pku.edu.cn

Peking University
Beijing, China

Rongkai Zhang
rkzhang@stu.pku.edu.cn

Peking University
Beijing, China

Hui Xue
xuehui@microsoft.com
Microsoft Research

Beijing, China

Qi Chen
cheqi@microsoft.com
Microsoft Research

Beijing, China

Fan Yang
fanyang@microsoft.com

Microsoft Research
Beijing, China

Zhen Xiao†
xiaozhen@pku.edu.cn
Peking University
Beijing, China

ABSTRACT
Large language models (LLMs) have empowered intelligent agents
to execute intricate tasks within domain-specific software such as
browsers and games. However, when applied to general-purpose soft-
ware systems like operating systems, LLM agents face three primary
challenges. Firstly, the action space is vast and dynamic, posing diffi-
culties for LLM agents to maintain an up-to-date understanding and
deliver accurate responses. Secondly, real-world tasks often require
inter-application cooperation, demanding farsighted planning from
LLM agents. Thirdly, agents need to identify optimal solutions align-
ing with user constraints, such as security concerns and preferences.
These challenges motivate AndroidArena, an environment and
benchmark designed to evaluate LLM agents on a modern operat-
ing system. To address high-cost of manpower, we design a scalable
and semi-automated method to construct the benchmark. In the
task evaluation, AndroidArena incorporates accurate and adaptive
metrics to address the issue of non-unique solutions. Our findings
reveal that even state-of-the-art LLM agents struggle in cross-APP
scenarios and adhering to specific constraints. Additionally, we iden-
tify a lack of four key capabilities, i.e., understanding, reasoning,
exploration, and reflection, as primary reasons for the failure of LLM
agents. Furthermore, we provide empirical analysis on the failure of
reflection, and improve the success rate by 27% with our proposed
exploration strategy. This work is the first to present valuable in-
sights in understanding fine-grained weakness of LLM agents, and
offers a path forward for future research in this area. Environment,
benchmark, prompt, and evaluation code for AndroidArena are
released at https://github.com/AndroidArenaAgent/AndroidArena.

∗This work is done during the internship at Microsoft Research.
†Corresponding author.

Permission to make digital or hard copies of all or part of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full citation
on the first page. Copyrights for components of this work owned by others than the
author(s) must be honored. Abstracting with credit is permitted. To copy otherwise, or
republish, to post on servers or to redistribute to lists, requires prior specific permission
and/or a fee. Request permissions from permissions@acm.org.
KDD ’24, August 25–29, 2024, Barcelona, Spain
© 2024 Copyright held by the owner/author(s). Publication rights licensed to ACM.
ACM ISBN 979-8-4007-0490-1/24/08
https://doi.org/10.1145/3637528.3671650

CCS CONCEPTS
• Computing methodologies → Planning and scheduling;
Robotic planning; • Human-centered computing → Human
computer interaction (HCI).

KEYWORDS
Large Language Model; AI Agent; Task Planning

ACM Reference Format:
Mingzhe Xing, Rongkai Zhang, Hui Xue, Qi Chen, Fan Yang, and Zhen
Xiao. 2024. Understanding the Weakness of Large Language Model Agents
within a Complex Android Environment. In Proceedings of the 30th ACM
SIGKDD Conference on Knowledge Discovery and Data Mining (KDD ’24),
August 25–29, 2024, Barcelona, Spain. ACM, New York, NY, USA, 12 pages.
https://doi.org/10.1145/3637528.3671650

1 INTRODUCTION
Large language models (LLMs) have shown great potentials in
understanding hidden intent from human and commonsense rea-
soning [28]. This makes it possible to utilize LLM as agent [30, 33],
an intelligent entity capable of making decisions and executing
actions based upon the perceived state of environment. An exam-
ple is for LLMs to interact with domain-specific software, such as
databases [13], games [29] and browsers [44], for task completion.

More recently, new LLM-based agents have emerged to interact
with general-purpose software systems, such as operating systems
along with their installed APPs, to accomplish more complex open-
domain tasks [38, 40]. These tasks range from simple actions like
setting reminders to more intricate activities like financial manage-
ment and staying connected with loved ones. Complex scenarios in
operating systems typically manifest the following characteristics:
1) a vast and ever-changing action space due to real-time inter-
net data exchange, APP installations, and upgrades; 2) an increasing
demand for cross-APP collaboration as user tasks become more
interconnected and multifaceted; and 3) heightened consideration
for personal interests and security concerns.

These characteristics motivate us to establish a new environment
and comprehensive benchmark to study the boundaries of LLM
agent’s capability within a complex software system. In this paper,
we introduce AndroidArena, an environment built on the Android
operating system, accompanied by an evaluation benchmark con-
taining annotated ground truth action sequences. AndroidArena
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supports real-time internet data exchange and dynamic APP man-
agement, and enables seamless operations across various APPs.
These features facilitate the evaluation of LLM agents in a vast
and dynamic action space and cross-APP scenarios. Additionally, we
propose a scalable method for semi-automatically constructing an
instruction benchmark, ensuring comprehensive coverage of APP
functionalities. Our open-source benchmark, informed by the afore-
mentioned characteristics, evaluates tasks not only within a single
APP but also complex tasks requiring collaboration across multiple
APPs. It further considers tasks subject to constraints such as user
preferences and security considerations.

Evaluating tasks within a complex operating system is non-
trivial [15], primarily due to the fact that the feasible action se-
quence for a task is often non-unique. This presents a significant
challenge to precisely evaluating agents in multi-step decision-
making scenarios. To address this issue, we devise adaptive met-
rics to evaluate task completion accurately. The evaluation
results reveal that all state-of-the-art (SOTA) LLM agents fall short
in cross-APP scenarios, with a success rate of less than 60%, and
struggle to fully adhere to specific constraints. Notably, GPT-3.5 [19]
achieves a 6x higher success rate than LLaMA2-70B [26]. Through
meticulous case analysis to understand the causes of failure, we
identify and abstract four key planning capabilities of LLM
agents, inspired by reinforcement learning (RL) [14, 25, 34, 35]:
understanding, reasoning, exploration, and reflection. We de-
sign metrics to measure these fine-grained capabilities, show-
ing improvement directions for LLM agents. LLaMA2 exhibits
weaknesses across all dimensions, and even advanced models like
GPT-4 [19] are no exemptions, exhibiting weak reflection and ex-
ploration abilities. Empirical analysis predominantly attributes the
weakness in reflection to low-quality trajectories and sparsity in
environment feedback. Moreover, we find that by integrating histor-
ical visited information into the prompt and balancing exploration
and exploitation by the agent, the success rate of specific APPs can
improve by 27%, and the exploration performance is enhanced.

In summary, we make the following contributions.
• We open-source AndroidArena, a benchmark based on the
Android operating system, to evaluate daily tasks requir-
ing cross-APP collaboration, as well as considerations for
constraints such as security. Additionally, our scalable and
semi-automated approach reduces the cost of benchmark
construction.

• Our findings indicate that STOA models underperform in
daily tasks and are not ready for direct product integration.
We propose fine-grained metrics that reveal failure causes
and highlight four areas for future research: understanding,
reasoning, reflection, and exploration. Initial analysis show
the failure reasons of reflection, and 27% of improvement
when enhancing exploration.

2 BACKGROUND
2.1 Frameworks of LLM Agent
With the emergence of LLMs, the study of LLM agents has begun
to thrive. Early research work [1, 11, 20] prompt LLMs to directly
generate actions based on environment observations. ReAct [42]
is a pioneer work to integrate reasoning and acting in LLM for

general task solving. It first generates reasoning traces based on
history context, subsequently producing actions to interact with
the environment. Building upon this task-solving paradigm, subse-
quent agents have been proposed to enhance capabilities in various
dimensions. Reflexion [23] summarizes textual feedback from the
environment and then incorporates it as additional context for the
LLM agent in the subsequent episode. The self-reflective context
acts as a semantic gradient signal, offering the agent a concrete
direction to improve upon, and facilitates the learning process from
prior mistakes for enhancing task performance. This paper focuses
on evaluating the abilities of LLM agents and understanding their
weaknesses. We adopt ReAct as the basic agent strategy and Reflex-
ion as an approach to assess the agent’s ability of self-reflection.

2.2 Existing Operating System Task Benchmark
Operating Systems (OS) serve as crucial environments with which
humans interact daily, and numerous benchmarks have emerged to
evaluate the performances of agents within OS. AITW [21] stands
out as a static image dataset that offers human demonstrations of
device interactions. However, the static nature of AITW prevents
agents from obtaining a reproducible environment. On the other
hand, AndroidEnv [27] provides support for dynamic interactions
with APP. Despite this, it only supports single APP’s interaction in
each environment instance, which limits its capability to evaluate
complex and realistic tasks. WebArena [44] creates tasks simulating
human behavior on web browsers. However, it is also limited to
automate tasks on a single website, which poses a constraint on its
applicability. While these works have been a source of inspiration,
they also highlight the significant challenges of evaluating tasks
on OS. Tasks performed by real-world users are often more com-
plex and demanding, requiring the collaboration of multiple APPs.
Additionally, agents need to consider various constraints such as
security and user preference. Therefore we propose AndroidArena,
a reproducible mobile environment that allows for cross-APP ac-
cess. Alongside this, we introduce a new dataset that encapsulates
the richness, difficulty, and constraints of instructions. The detail
comparison with other works is listed in Table 1.

2.3 Existing Metrics for Multi-step Decision
To assess the performances of LLM agents, a range of metrics
are proposed. SmartPlay [32] and LASER [17] employ success
rate and reward to evaluate task completion. However, these met-
rics cannot reflect the detailed completion within individual tasks.
TPTU [22] and Mind2Web [7] incorporate a step-wise action align-
ment method, offering a more nuanced analysis of task completion.
Nevertheless, when applied to multi-step decision-making scenar-
ios where the feasible action sequence for completing a task is not
unique, this kind of step-wise matching method may introduce in-
accuracies. In this paper, we propose an adaptive way to accurately
assess the task completion, and a set of fine-grained ability evalu-
ation metrics to understand the weaknesses of agents, providing
valuable insights into improvement directions for LLM agents.

3 ANDROIDARENA ENVIRONMENT
In this section, we introduce the AndroidArena environment, dis-
tinguished by its vast and dynamic action space, along with its
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Table 1: The comparison between our AndroidArena benchmark and existing benchmarks.

Benchmark Online
Evaluation

Realistic
Environment

Scalably
Generated

Collaborative Tasks
between APPs

Tasks with
Constraints

MineCraft [29] ✓ ✗ ✗ ✗ ✗

Mind2Web [7] ✗ ✓ ✗ ✗ ✗

AITW [21] ✗ ✓ ✗ ✗ ✗

AndroidEnv [27] ✓ ✓ ✗ ✗ ✗

WebArena [44] ✓ ✓ ✗ ✗ ✗

AndroidArena ✓ ✓ ✓ ✓ ✓
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(a) APP screenshot. (b) Compressed observation.

Figure 1: An example of the Contacts APP page and its corre-
sponding compressed observation.

capability to facilitate cross-APP and constrained task execution.
We begin by offering a formal definition of the mobile task automa-
tion process, followed by an overview of the system implementa-
tion. Subsequently, we explore the intricacies of the action space,
highlighting its dynamic and expansive nature.

3.1 LLM Agent for Mobile Task Automation
Given a task presented with a user instruction in natural language,
the agent is responsible for making action decisions to complete
this instruction on the phone. This process can be formulated as a
Contextual Markov Decision Process (CMDP) [9] ⟨C,S,A,T , 𝑟 ⟩.
Context 𝑐 ∈ C is the mobile task explicitly expressed as a textual
instruction. State 𝑠 ∈ S is the current observed phone state, i.e., the
displayed content on the screen. Action 𝑎 ∈ A can be performed on
the current phone screen, e.g., clicks or typing. Transition function
T (𝑠′ |𝑠, 𝑎) represents the change in the phone on performing an
action. Reward 𝑟 is awarded for successful completion of the task.

Implementation. Our implementation is based on UIAutoma-
tor [8], a UI testing framework that enables direct operations on UI
components. With UIAutomator, we offer flexible configurations
to render APP page content (i.e., the observation space) in two
modes: 1) the phone screenshot, a pixel-based representation as
perceived by humans, and 2) the textual XML description of the
phone screen (depicted in Fig. 8 in §A). It is important to note that,
given the focus of this work on LLM agents, we exclusively utilize
the text modality, while acknowledging that our implementation is
capable of supporting multi-modal models. Each UI component in

the screen corresponds to an XML entry, containing its role (e.g.,
a button), text content, and properties (e.g., if clickable) informa-
tion. A statistic conducted on eight popular APPs indicates an
average token count for the XML exceeding 10,000. Consequently,
directly feeding the XML into the LLM is impractical due to con-
text length limitations. To address this challenge, we propose a
two-stage heuristic compression method, involving the removal
of decision-irrelevant XML tags and the merging of non-visible or
non-functional nodes (the detailed algorithm is provided in §A)
to compress the XML. As illustrated in Fig. 1(b), the compressed
observation maintains the hierarchical structure of the original
XML, enabling the LLM agent to comprehend the UI layout via
text. Subsequent to compression, each entry is assigned a unique
ID (e.g.,[nd725]), facilitating agents in locating the UI element. Our
proposed method achieves a compression ratio of 86.6% across sev-
eral tested APPs (please see Table 6 in §A). Motivated by previous
research [12] showing superior performance by regarding LLM as
reward functions, we employ GPT-4 to quantify the reward 𝑟 , and
validate its effectiveness through experiments in §6.2.

3.2 Vast and Dynamic Action Space
Unlike prior environments [27, 44] focusing on a single APP and
only supporting specific actions, our action space is vast and dy-
namic. It is attributed to the fact that a typical APP may feature
hundreds of UI elements available for manipulation, and these UI
components exhibit variability owing to real-time internet data ex-
change. The vast and dynamic natures are further amplified when
considering all the APPs within AndroidArena. Our designed ac-
tions can be categorized into four groups: 1) APP-level actions
are responsible for installing, launching, and stopping APPs; 2)
Component-level actions directly operate the UI components such
as clicking, typing, and swiping etc; 3) System-level actions include
turning the screen on and off, adjusting the volume, and taking
screenshots etc; and 4) Task-level action is issued when the agent
deems the task should finish. The complete action space is in §B.

4 SCALABLE MOBILE TASK GENERATOR
The tasks executed in AndroidArena environment are distinguished
from other benchmarks by incorporating cross-APP collaboration
and constrained tasks scenarios, commonly encountered in real-life
but ignored in existing benchmarks. Even for single-APP tasks,
existing benchmarks are either small-scale [40] or derived from
the PixelHelp forum [21, 39], a platform dedicated to discussing
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Atlanta International
Airport

Constraint: I prefer to use Email
rather than instant messaging APPs

Tell Bob the meeting is moved to tomorrow 

Extract the email titled "flight confirmation",
and find the direction to the airport.

Cross-APP Task

Constrained Task

Figure 2: Examples of cross-APP and constrained tasks.

Table 2: The statistics of our benchmark.

Task Type #Tasks Avg. Len. of Action Sequence
single-APP tasks 164 6.13
cross-APP tasks 22 11.14
constrained tasks 35 6.03

phone-related issues, thus deviating from routine tasks. These short-
comings underscore the necessity for a benchmark that exhibits
higher scalability and aligns closely with human experiences,
while accounting for cross-APP and constrained tasks.

This section outlines our proposed Mobile Task Generator (MTG
in short), a framework for scalable task construction. MTG not only
aligns with typical human interaction patterns, but also encom-
passes a diverse array of APP functions, enabling to evaluate the
agents across a broader spectrum. The constructed benchmark com-
prises three task categories: single-APP tasks, cross-APP tasks, and
constrained tasks. The single-APP and cross-APP tasks are crafted
to assess the agents’ proficiency in solving general tasks, and more
complex tasks requiring cooperation between two APPs. In con-
trast to the former two categories focusing on task completion, the
constrained tasks are designed to evaluate agents’ proficiency in
comprehending predefined constraints. In our benchmark, each
task consists of a natural language instruction and a sequence of
labeled actions for task completion. Constrained tasks additionally
include a field of constraints represented in natural language. Ex-
amples of cross-APP and constrained tasks are shown in Fig. 2. The
statistical information of our benchmark is presented in Table 2.

4.1 Single- and Cross-APP Tasks Construction
APP Functionalities Extraction.We incorporate 13 testing APPs
from pre-installed Google suite, including Calendar, Camera, Clock,
Contacts, YouTube, Weather, Settings, Photos, Messages, Google
Maps, Google Drive, Gmail and Firefox. They are designed to work
seamlessly with the Android OS and provide essential services.
Our objective is to formulate the task instructions that cover rich
and diverse functionalities of APPs while aligning with the authen-
tic usage behavior of humans. To achieve this goal, we propose
leveraging insights gleaned from human discussions and shared ex-
periences regarding APPs available on the internet. Concretely, we
first formulate queries centered on the usage of specific APPs and
employ search engines to retrieve related webpages. As depicted in

Fig. 3, exemplified constructed queries are “Gmail and Calendar col-
laboration features” and “How to use Gmail and Calendar together for
tasks”. We then build a vector database to store these high volume
of webpages containing rich functionalities that genuinely engage
and concern users. By retrieving from the database with LLM and
a specific prompt, we can extract confined APP functionalities.

Instruction Generation and EvolutionOur next step involves
utilizing a LLM with a functionality-to-instruction prompt to gen-
erate initial task instructions grounded in the identified APP func-
tionalities. To automatically mass-produce more instructions, we
employ the Evol-Instruct [36] strategy to expand the original in-
structions. In the application of this strategy, each evolutionary
iteration involves using LLM along with two prompts, namely
in-depth evolving and in-breadth evolving. The in-depth evolving
prompt encourages LLM to rewrite instructions by making them
more complex and challenging, while in-breadth evolving prompt
aims to enhance the feature coverage and overall dataset diversity.
Through the iterative execution of multiple evolutions, we sequen-
tially derive evolution datasets, thereby expanding and refining the
pool of task instructions.

Human Verification and Annotation To construct the bench-
mark, we engage annotators proficient in operating the testing
APPs. They are first instructed to discern and filter tasks exhibit-
ing repetitiveness, ambiguity, or impossibility to complete. Subse-
quently, they document their interactions with the phone. Given
that there might be multiple feasible action sequences for complet-
ing a task, they are encouraged to opt for the most concise action
plan with the shortest action sequence. After completing a task,
annotators re-execute the annotated action sequence with a replay
script, enabling them easily to verify the accuracy of annotated
action sequence. Subsequently, the compiled task instructions and
action demonstrations are collected into the benchmark dataset.

4.2 Constrained Tasks Construction
In the context of real-world mobile tasks, often confined by spe-
cific user preferences or security considerations, we introduce a
constrained task set to assess the agents’ capability to comprehend
user-defined constraints and make decisions adeptly to avoid viola-
tions. Specifically, we consider three types of constraints: APP-level,
page-level and component-level constraints. APP-level constraints
involve the preferences of using specific APPs, exemplified by con-
straints like “preferring not to use instant message for communica-
tion”. Page-level constraints restrict access to a specific page, as seen
in scenarios such as “refraining from entering the label list page in
Gmail due to the presence of sensitive information”. Component-level
constraints identify specific UI components as sensitive actions,
e.g., “do not click the payment button”. It is noteworthy that the
constrained tasks are meticulously selected from the single-APP
task set and manually labeled with natural language constraints
along with the corresponding correct action sequences.

4.3 Benchmark Construction Cost
The main cost in constructing our benchmark lies in filtering low-
quality generated tasks and annotating action sequences. During
the task filtering phase, we found that most generated single-APP
tasks were reasonable and could be readily incorporated into the
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Figure 3: Illustrative example of the MTG workflow for cross-APP (i.e., Gmail and Contacts) tasks construction procedure. The
single-APP tasks are generated with the same process but with different query templates and LLM prompts.

benchmark. However, the cost of filtering cross-APP tasks was
considerably higher. This is due to the exponential increase in task
combinations in the two-APP collaboration scenario, resulting in a
total of 𝑁 ∗ (𝑁 − 1)/2 task sets. Many of these combinations, such
as the collaboration between Google Contacts and Camera, are
not practically applicable in real-life scenarios. The task filtering
process required a total of four person-days to complete. Regarding
the action sequence annotation, it was easy to recruit annotators
who are proficient in operating the Android phone and APPs with
several hours of standardized training on the annotation process.
The annotation and verification process required twelve person-
days to complete.

5 EVALUATION METRICS
Designing precise metrics is essential for accurately and comprehen-
sively evaluating agent’s performance. However, existing metrics
employed in multi-step decision-making scenarios [7, 22] exhibit
imprecise and surface-level evaluation issues, which hinder them
to fully understand the performance and weakness of LLM agent.
To address these limitations, we propose a novel set of metrics
to evaluate agent performance in a more adaptive and precise
manner, and to assess fine-grained agent planning abilities.

5.1 Adaptive and Precise Task Completion
Evaluation

To begin with, we introduce the notations of action sequences.
Given a task, its annotated action sequence can be represented
as a of length 𝐿, and the actual executed actions is â of length �̂�.
Exemplary instances of a and â are illustrated as follows:

a =𝐴𝐵𝐶𝐷𝐸𝐹𝐺 (1)
â =𝐴𝑋𝑌𝐵𝑈𝑉𝑊𝐸𝐹𝐹𝐹𝐺𝑍, (2)

where each uppercase character denotes a distinct type of action.
Many existing metrics [7, 22] adopt the step-wise matching method,
which is imprecise in this scenario. In Eq. 2, the agent identifies
the correct action 𝐵 after two steps of exploration (i.e., 𝑋 and 𝑌 ).
Despite this action sequence not aligning with the ground truth

(i.e., Eq. 1) in the step-wise manner, it leads to the correct subse-
quent step and constitutes a valid action sequence for completing
the task. Therefore, previous metrics exhibit inaccuracies in the
multi-step decision-making environments where multiple feasible
action sequences exist. In contrast to previous greedy step-wise
matching, we propose to align the two sequences in an adaptive
way, i.e., calculating their longest common subsequence (LCS)
a𝑙𝑐𝑠 (marked in red in Eq. 1 and 2). The LCS accurately and adap-
tively reflects task completion in the multi-step decision-making
scenario. Based on the accurate LCS, we propose our metrics to
evaluate the task completion as follows:

• Task Reward (TR). 𝑇𝑅 =
∑𝐿
𝑖=0 𝛾

(𝐿−𝑖 )
1𝑖 , where 𝛾 ∈ [0, 1]

is the reward discount factor, 𝛾 (𝐿−𝑖 ) assigns higher rewards
to the actions that are closer to the final action (e.g., 𝐺 in
Eq. 1), and 1𝑖 equals 1 when the 𝑖-th action is in the LCS. This
metric considers both the action matching and the distance
towards task success.

• Task Completion Ratio (TCR). 𝑇𝐶𝑅 = 𝑘/𝐿, where 𝑘 is
the index of the last matched action in the LCS. This metrics
measure the progress of task completion.

• Reversed Redundancy Ratio (RRR). 𝑅𝑅𝑅 = 𝐿/�̂�. It can
be used to evaluate the efficiency of the agent completing a
task. We inverse it for the convenience of comparison, i.e.,
the higher this metric, the greater the efficiency of the agent.

• Success Rate (SR). Unlike the above three metrics relying
on ground truth action sequence, the SR is judged by the
GPT-4 solely given the trajectory including historical actions
and observations. SR equals 1when GPT-4 perceives that the
task has been successfully completed, and 0 when the task is
deemed unsuccessful. This metric is devised for the unsuper-
vised scenario, enhancing the scalability of the evaluation.
In §6.2, we provide statistical evidence to demonstrate the
accuracy of SR.

5.2 Understand Root Cause with Fine-grained
Abilities Evaluation

In addition to providing adaptive and accurate metrics for evaluat-
ing task completion in complex decision-making scenarios, another
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Algorithm 1 Deep Q-learning
Initialize replay memory D and action-value function 𝑄
for episode = 1, 𝑀 do

Initialise state 𝜙1 = 𝜙 (𝑠1)
for 𝑡 = 1,𝑇 do

With probability 𝜖 select a random action 𝑎𝑡 ⊲ Explore
the environment

otherwise select 𝑎𝑡 = max𝑎 𝑄∗ (𝜙 (𝑠𝑡 ), 𝑎;𝜃 ) ⊲ Reason the
next action

Execute action 𝑎𝑡 in emulator and observe reward 𝑟𝑡 and
state 𝑠𝑡+1

Preprocess observation 𝜙𝑡+1 = 𝜙 (𝑠𝑡+1) ⊲ Understand the
environment and observation

Store transition (𝜙𝑡 , 𝑎𝑡 , 𝑟𝑡 , 𝜙𝑡+1) in D
Optimize Q based on a minibatch sampled from D ⊲

Reflection from experience
end for

end for

primary objective of our study is to investigate the underlying root
cause contributing to the success or failure of agents planning. Rec-
ognizing that RL serves as a classical and effective approach to ad-
dress the CMDP problem [9], we abstract the fundamental elements
and mechanisms in RL agents, and propose fine-grained capabilities
tailored to assess LLM agents. Here we use the DQN [18] (Algo-
rithm 1), one of the most classical RL algorithms, as an example.
We decompose it into four key dimensions, i.e.,understanding,
reasoning, exploration, and reflection.

Understanding. The aspect of understanding encompasses the
agent’s proficiency in comprehending observation and adhering
to the action format and space specified in the prompt. Unlike RL
agents confining their output actions strictly within a predefined
action space, the output space of LLM spans the entire vocabulary.
This imposes a great demand on LLM agents to fully understand
and adhere to the specified action format and space. Additionally,
constrained by phone screen size limit, vital information such as
the succinct status description of a checkbox, poses challenges
for LLM agents in understanding crucial but brief observed details.
Consequently, to comprehensively gauge the agent’s understanding
ability, we formulate three metrics, where a smaller Invalid Format
and Invalid Action indicates a better understanding of specified
action rules, and a smaller Nuggets Mining denotes the agent can
better grasp important pieces of information from observation.

• Invalid Format. The ratio of outputting actions that deviate
from the format predefined in prompt.

• Invalid Action. The ratio of outputting actions outside the
action space specified in prompt.

• Nuggets Mining. The ratio of the target element length
to the entire observation, assessing the agent’s capacity to
understand the task context and identify pivotal pieces of
information. For example, when the agent correctly selects
the Bob as shown in Fig. 1, the Nuggets Mining can be com-
puted as the division of the length of the [nd725] entry by
the total length of the observation.

Reasoning. This dimension indicates the agent’s capacity to de-
duce the most suitable action based on the current observation. To
assess it, two metrics are employed:

• Operation Logic. The inverse number of incorrect actions
attempted before successfully finding the correct action. Con-
sider Eq. 1 and 2 as an example. The agent correctly executes
action B after two erroneous attempts, i.e., 𝑋 and 𝑌 . There-
fore, the Operation Logic for this subsequence is calculated
as 1/2.

• Awareness of Completion. The ratio of cases that the
agent correctly finds the task completed and issues a finish
action. A higher value indicates the agent’s better ability to
reason the task-complete action.

Exploration. LLM agents make decisions from pretraining-derived
prior knowledge. Due to the static nature of their prior knowledge,
certain LLM agents exhibit a proclivity to iteratively execute the
same erroneous action [44]. It precludes them from exploring al-
ternative action pathways to ascertain the correct execution path.
This phenomenon reflects the agent’s exploration ability, which we
quantify by counting the instances of action repetition.

• Repeat Actions. The ratio of actions resulting in repeti-
tive or cyclical patterns. A higher value denotes the agent
tends to be stuck in a specific state and cannot explore the
environment.

Reflection. Similar to RL agents, the LLM agents are proven to
have the capability to extract insights from previous trials and
leverage the insights for subsequent executions [23]. We utilize the
Reflexion mechanism to gauge the agent’s proficiency in extracting
pertinent experiences and applying them judiciously.

• Reflexion@K. 𝑅𝑒 𝑓 𝑙𝑒𝑥𝑖𝑜𝑛@𝐾 =
∑𝐾
𝑖=1 (𝑆𝑅𝑖 − 𝑆𝑅𝑖−1), where

𝐾 is the number of Reflexion iterations. It measures the differ-
ences between the original trail and the trail after Reflexion,
and a higher value indicates the agent’s stronger ability to
learn from experience and reflection from previous trials.

Following AgentBench [16], we normalize these metrics to [0, 1]
across all agent models. It is important to note that smaller metrics
in understanding and exploration indicate better performance in
these dimensions, while larger values for the metrics in reasoning
and reflection denote superior performance in those aspects. The
calculations for the four dimensions are specified as follow:

Understanding = (1 − Invalid Format Ratio)+
(1 − Invalid Action Ratio) + (1 − Nuggets Mining)

Reasoning = Operation Logic + Awareness of Completion
Exploration = 1 − Repeat Action Ratio
Reflection = Reflexion@K

Remark: The four dimensions are not mutually independent.
For instance, a prerequisite for reasoning the optimal action is a
thorough understanding of the environment and observation. Our
objective is to assess agent abilities from diverse perspectives rather
than segregating them into independent components. It is worth
noting that our proposed dimensions andmetrics can be generalized
to other LLM agents, enabling the evaluation of their capabilities
in different environments.
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Table 3: Performances evaluated on single-APP and cross-APP tasks.
Cross-APP tasks pose a significant challenge for SOTA agents, and high-
light a substantial disparity between GPT-4 and other agents.

Single-APP Tasks Cross-APP Tasks
Model TR TCR RRR SR TR TCR RRR SR

LLaMA2-13B 0.025 0.038 0.007 0.023 0.027 0.084 0.000 0.000
LLaMA2-70B 0.237 0.301 0.047 0.127 0.062 0.089 0.000 0.000

GPT-3.5 0.413 0.555 0.262 0.449 0.214 0.390 0.021 0.048
GPT-4 0.502 0.689 0.755 0.759 0.421 0.746 0.685 0.571

Table 4: The Pearson Correlation Coefficient
of SR with information richness (IR), and with
Operation Simplicity (OpS), and with the mul-
tiplication of IR and OpS.

Metrics GPT-3.5 GPT-4
IR 0.37 0.62
OpS 0.61 0.28

IR × OpS 0.68 0.57

6 EXPERIMENTS AND FINDINGS
In this section, we setup the experiments, and present the experi-
mental results. We summarize noteworthy findings as follows. First,
existing SOTA agents still exhibit substantial room for improve-
ment (§6.2). Second, in contrast to the results observed in prior
benchmarks [6, 16], LLaMA2-70B exhibits inferior planning
abilities across various dimensions. GPT-4, while advanced,
requires further improvement in the exploration and reflec-
tion dimensions. (§6.3).

6.1 Evaluation Setting
We conduct experiments on SOTA open-source and closed-source
LLMs. The detailed experiment settings are introduced as follows.
Agent Models. The selected LLMs encompass GPT-{3.5-turbo,
4} [19], LLaMA2-{13B-chat, 70B-chat} [26], representing two power-
ful closed-source and open-source LLMmodel families, respectively.
The open-source LLM agents are deployed on a server equipped
with 8*A100 GPUs, and GPT-3.5 and GPT-4 are accessed via through
Azure OpenAI API. Regarding the prompt settings for LLM agents,
please refer to §D.
Max Step. We set maximum step limits for agents to evaluate
their capabilities of completing tasks within reasonable timeframe.
According to the length of action sequences as shown in Table 2,
we empirically set the maximum step limit as 15 for single-APP and
constrained tasks, while for cross-APP tasks, it is set as 30.

6.2 Poor Performance in Mobile Tasks
In this section, we integrate the metrics introduced in §5.1 to assess
the task completion of LLM agents across various task types. We re-
port the results across single-APP, cross-APP, and constrained tasks
in Table 3 and Table 5. Recall that the Success Rate (SR) is assessed
by GPT-4. To validate its reliability, we perform cross-validation
between it with TR and TCR, where TR and TCR represent alter-
native perspectives on task completion. Specifically, we compute
the Pearson Correlation Coefficient (PCC) [5] between SR and TR,
resulting in a correlation of 0.87, and between SR and TCR, yielding
a correlation of 0.91. These high coefficients indicate a substan-
tial correlation between SR and both TR and TCR, validating the
rationale of adopting the GPT-4 judgment mechanism.

Table 3 reveals a significant deficiency of SOTA agents in
the real-world mobile tasks. While GPT-4 achieves a 75.9% SR
on single-APP tasks, all agents exhibit an inability to make effective
decisions across other task settings. Noteworthy the performance
gap between GPT-4 and GPT-3.5 is much larger for cross-APP tasks

Table 5: Constraints violation ratios for Constrained Tasks.

Model APP-level Page-level Component-level
GPT-3.5 0.207 0.072 0.33
GPT-4 0.000 0.050 0.00

than single-APP tasks. It indicates that the cross-APP tasks are
more complex and difficult, and can well reveal the significant
disparity in planning abilities between the two agents. In
contrast to prior benchmark studies, LLaMA2-70B demonstrates
inferior performance relative to GPT-3.5 and GPT-4.

We conduct a detailed examination of the APPs where the SOTA
agents, including GPT-3.5 and GPT-4, do not perform well. Our
investigation reveals a vulnerability in handling APPs charac-
terized by deficient textual information and intricate opera-
tional logics. To further substantiate this observation, we calculate
the PCC between SR and the information richness (IR) and Oper-
ation Simplicity (OpS). Specifically, we utilize the average length
of APP observation and the inverse length of ground truth actions
to quantify IR and OpS, respectively. The results in Table 4 demon-
strate that OpS poses a more substantial challenge for GPT-3.5 in
achieving a higher SR, while GPT-4 exhibits a greater sensitivity to
IR. The high values of IR × OpS further prove our findings.

Beyond basic task completion, we assess the agents’ capacity to
comprehend constraints and adeptly make decisions to avoid vio-
lations. Table 5 presents the constraint violation ratios of GPT-3.5
and GPT-4. LLaMA2 models are excluded as they face challenges
in completing basic tasks, rendering this assessment impractical.
Table 5 reveals that even for straightforward constraints, GPT-3.5
still may violate them. By reading its intermediate reasoning pro-
cesses, we discern that GPT-3.5 lacks awareness and understanding
of constraints. For instance, in the case of “Find the current weather
forecast” with the constraint “do not use the Weather APP”, GPT-3.5
directly opens theWeather APP, while GPT-4 comprehends the con-
straint and devises an alternative way using a web browser to search
for weather forecast. It highlights the considerable distance yet
to be covered before GPT-3.5 can be applied effectively in
permission-sensitive environments.

6.3 Four Weakness Leading to Failure
In this section, we employ the metrics introduced in §5.2 to quan-
tify the fine-grained planning abilities of these agents, so as to
understand their weaknesses that lead to failure. As shown in Fig. 4,
GPT-4 shows superior performances across various dimensions,
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Figure 4: Agent abilities evaluation on cross-APP tasks.
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Figure 5: Metrics for understanding, reasoning and explo-
ration dimensions.

further substantiating its excellence in task completion, as indi-
cated in Table 3. In contrast, LLaMA2models exhibit significant
weaknesses across all four dimensions. In Fig. 5, we present the
composed metrics of these dimensions. Due to space limit, we only
present part of the testing APPs, and the complete APP metrics can
be found in §C. Fig. 5(a) and 5(b) present the ratios of outputting
invalid format and out-of-space actions. The notably higher ratios
of LLaMA2 show its challenges in understanding and adhering to
prescribed action rules. Fig. 5(c) demonstrates the superior capacity
of GPT-3.5 and GPT-4 to apprehendmore nuanced information com-
pared to LLaMA2. In Fig. 5(d), LLaMA2 agents exhibit challenges
in identifying the correct subsequent actions even after multiple
attempts. Moreover, LLaMA2-13B lacks the awareness that the task
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(a) SR of GPT-3.5 agent.
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Figure 6: Performances evaluated on cross-APP tasks by in-
creasing the reflection times.

has been successfully completed, as depicted in Fig. 5(e). Fig. 5(f)
indicates a high repeat action ratio of LLaMA2, underscoring its
limited ability to explore the environment. GPT-4 also demon-
strates a notable proclivity for repeating erroneous actions
for several APPs. To improve the exploration ability of GPT-4,
we introduce an exploration strategy and examine its impact on
performance in §7.2. While GPT-4 shows certain improvement
through Reflexion, our analysis suggests that it stems from in-
herent opportunities for additional attempts to complete
the task rather than an enhancement in the agent’s policy.
Detailed experiments and analysis can be found in §7.1.

7 FUTURE DIRECTIONS FOR ENHANCING
LLM AGENT

Through experiments in §6.3, we observe that LLaMA2 models
display weaknesses across all four dimensions. Even for the lead-
ing model, GPT-4, still exhibits shortcomings in exploration and
reflection. In this section, we first analyze the ineffectiveness of
Reflexion and provide an empirical analysis of the factors contribut-
ing to this phenomenon. Second, we propose a novel prompt-based
exploration method, revealing that explicitly encouraging the agent
to explore unknown actions can enhance performance.

7.1 Analysis of Reflection’s Failure
Recall that Reflexion summarizes experience and then re-executes
failed tasks, it inherently offers opportunities for additional at-
tempts and possesses potential for performance improvement. Ac-
cordingly, we conduct a comparative evaluation with re-executing
failed tasks without the Reflexion process, namely Re-execute. In
Fig. 6, we present the SR of Reflexion@5 and Re-execute@5. Con-
trary to expectations, we observe that Reflexion does not yield
positive outcomes compared to Re-execute. This unexpected
phenomenon motivates an investigation of the underlying mecha-
nisms of Reflexion and the challenges of applying it in our scenario.
To initiate our investigation, we provide a formal definition of the
Reflexion process, specified as follows:

𝑃 (new trajectory | reflection)︸                                 ︷︷                                 ︸
③

· 𝑃 (reflection |

①︷           ︸︸           ︷
old trajectory)︸                                ︷︷                                ︸

②

,
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Figure 7: GPT-4 andGPT-4+Exploration comparisons by vary-
ing the maximum step limit on the Camera APP.

where 𝑃 denotes the LLM agents. This equation describes the Reflex-
ion process, i.e., extracting valuable insights from past trajectories
and benefiting subsequent trials. Three key steps in this equation
may contribute to the degradation of Reflexion performance in our
scenario. The first and the most important reason is that the
old trajectory (marked in ①) is less informative compared with
previous scenarios. Unlike benchmarks [3, 41] characterized by one-
step decision, and virtual ALFWorld environment [24] with small
and static action space, our environment necessitates multi-step
planning within a vast and dynamic action space. This challenge
makes it hard to explore the entire action space and sparsifies the re-
ward feedback, thus cannot provide sufficient guidance for next trial.
Therefore, a potential improvement can be achieved by improv-
ing trace quality. In specific, employing exploration strategies to
broaden the explored action space for informative experience [17]
and devising intrinsic rewards to mitigate the sparse reward is-
sue [43]. Secondly, a constrained ability to distill reflection (i.e.,
part ②) diminishes the reflection efficacy. Lastly, regarding part ③,
the reflection may not be fully leveraged by agent or, conversely,
introduces bias [10] and degrades the performance compared to
the Re-execute that is without reflection.

7.2 Enhancing Exploration Boosts Performance
Upon reading the trajectories, we observe that even for GPT-4, it
still presents a pronounced tendency to repeat erroneous actions,
as illustrated in Fig. 5(f), indicating its limited exploration capabili-
ties. Furthermore, the repetition of actions degrades the quality of
preceding trajectories, rendering them insufficient for providing
informative guidance for reflection, as discussed in §7.1.

In this section, we introduce a novel prompt-based exploration
strategy for LLM agents. Diverging from prior approaches [4] that
treat the LLM as a RL policy network and employ exploration strate-
gies originating from RL, our strategy guides the exploration of
LLM agent by incorporating a prompt indicating the count
of previously visited observations 𝑀 (s) and issued actions
𝑁 (s, a). Specifically, we embed a hint prompt such as “You have
already been in the current state M times, and taken action A for N
times” at each decision step. This concept is inspired by the Upper
Confidence Bound (UCB) [2, 31]. Unlike UCB, we do not design
explicit exploration strategies. Instead, we integrate historical infor-
mation into the prompt, leveraging the powerful decision-making
capabilities of the LLM to balance exploration and exploitation.

We conduct an experiment on the Camera APP, where GPT-4 ex-
hibits the highest repeat action ratio, to evaluate the effectiveness
of the exploration strategy. We vary the maximum step limit in
{5, 15, 25, 35, 45}, and present SR and repeat action ratio in Fig. 7.
The results show that, with a simple counting-based prompt, SR
can achieve 27% of improvement. Furthermore, as the maximum
step limit increases, the exploration ability of GPT-4 degrades. In
contrast, for GPT-4+Exploration, effective exploration of the envi-
ronment persists, leading to continued performance improvement.

8 CONCLUSION
This study introduces AndroidArena environment and a scalable
benchmark. It would benefit a broad spectrum of audiences, in-
cluding both developers and users of LLM agents. For developers,
we open-sourced an easily accessible environment with a compre-
hensive action space and an elaborately designed observation com-
pression method, facilitating the practical development of phone
intelligent assistants. It supports the evaluation of cross-APP and
constrained task scenarios.We propose adaptive and precise metrics
to assess task completion, and fine-grained abilities of agents to un-
derstand their weaknesses. The results underscore significant room
for improvement among SOTA agents. Understanding the capabil-
ity boundary of SOTA LLM agents is crucial for making informed
decisions about their usage for customers, allowing them to maxi-
mize the benefits of the phone assistant. We highlight four research
directions for enhancing LLM agents. Additionally, we offer empiri-
cal insights into the failure of reflection and present a novel method
to enhance the exploration capabilities of agents. In the future, we
plan to investigate the weaknesses of multi-modal model agents.
Given that vision models excel at spatial understanding and reason-
ing, areas where LLMs struggle [37], we intend to scrutinize their
fine-grained abilities and identify promising research directions in
this domain. Our AndroidArena supports multi-modal evaluation,
and the benchmark can be easily extended to this setting.
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APPENDIX
A DETAILED OBSERVATION COMPRESSION

METHOD
The textual observation is derived from the XML representation
encapsulating comprehensive screen information as shown in Fig. 8.
However, directly inputting the entire XML into the LLM, proves
to be excessively lengthy as illustrated in Table 6. To mitigate this,
we employ a two-phase heuristic approach for compressing the
XML to a manageable length for LLM processing. The XML en-
tries are categorized into two groups: one for layout, which does
not support actionable operations, and the other for UI compo-
nents. We eliminate the XML entries related to layout, retaining
only those associated with UI components. In the second phase,
we merge non-functional and non-visible nodes upwards, incor-
porating their descriptive information into the parent nodes. This
strategy enhances the LLM’s ability to understand the semantic of
the hierarchical XML tree, and result in a more efficient compres-
sion. For components with nuanced state descriptions, we amplify
their textual information. For instance, when the switch compo-
nent is in the off position, we append a description stating “it is
currently unchecked, and you can switch it on.". To enable the agent
to accurately select the UI component for operation, a unique ID is
assigned to each component in the compressed observation. In the
compressed observation, components are structurally organized,
maintaining their ancestral-descendant relationships in the original
XML tree, aiding the LLM agent in comprehending the interface’s
layout through text and thereby enhancing its command efficacy.

Table 6:We randomly select several APPs and compare the to-
ken numbers before and after compression. Our compression
ratio reach a high of 86.6%, while preserving the semantic
information. This approach enhances the utilization of the
LLM agent context, allowing for the accommodation of more
historical observations in each decision-making process.

App Name #Token (Original) #Token (Compressed)
Gmail (email list) 11,707 1,155

Gmail (compose email) 7,273 413
Calendar 8,604 584

Google map 15,725 637
YouTube 12,005 939
Play Store 10,450 620

Google drive 11,060 651
Clock Alarm 9,633 505

Clock 7,980 285

B DETAILED ACTION SPACE
We support four-level’s action space, i.e., APP level, component
level, system level and task level. App level actions are responsible
for installing, launching and stopping APPs. Most actions are com-
ponent level which are responsible for operating UI components,
such as clicking, typing, and swiping. We also support system level
actions including turning the screen on and off, adjusting the vol-
ume, setting orientation, and taking screenshots. Task-level action
is designed for the agent to decide if a task should finish.

In previous work like AndroidEnv, the action is done by suc-
cessive touches and lifts, each consists a position (𝑥,𝑦) and an

𝐴𝑐𝑡𝑖𝑜𝑛𝑇𝑦𝑝𝑒 ∈ {𝑇𝑂𝑈𝐶𝐻, 𝐿𝐼𝐹𝑇 , 𝑅𝐸𝑃𝐸𝐴𝑇 }. AndroidEnv divides the
screen into a grid and restricts the ActionType to TOUCH, or groups
action sequences like [TOUCH, LIFT, TOUCH, LIFT] into a single
gesture, such as swiping, scrolling, or drag-and-drop. However, con-
tinuous touches and lifts bring additional inference overhead for
agents, and cannot accurately simulate the continuity and smooth-
ness of swiping. Instead of interacting with the phone by successive
touches and lifts, we directly operate the UI components of APPs
through UIAutomator. It is a testing framework for Android, send-
ing a series of events including pressing, dragging, and scrolling.
These events are consistent with real finger slides. Operating com-
ponents by sending action events is not only more accurate and
natural in simulating real user operations, but also superior in terms
of APP compatibility. We can get the executable actions that each
component can perform from the corresponding XML and main-
tain them in the compressed observation, such as clickable, double
clickable, long clickable, etc. At the same time, we also record the
type of each component in the compressed observation, such as
button, text-editor, which can assist the agent to give appropriate
action instructions. As we have set a unique ID for each component
in the compressed observation, the agent can operate a compo-
nent by specifying its ID and the corresponding action type. Since
UIAutomator locates and operates on components based on their
XPath, our implementation employs a mapping table to convert
component IDs into component XPaths, after which we perform
the operations.

Table 7: The complete action space, including action type and
the corresponding parameters.

Action level Action Type Action Parameters

APP level

Install APP Download link
Launch APP Package name
Stop APP Package name

Stop all APP

Component level

Click XPath
Double click XPath
Long click XPath
Set text XPath, Text

Swipe up/down/left/right Ratio
Press back
Press home

System level

Screen on/off
Volume up/down/mute

Set orientation Horizontal/vertical
Screenshot

Task Level Finish task

C COMPLETE RESULTS FOR TESTING APPS
Due to space limit, we present part of the testing APPs in §6.2. In
Fig. 9, we show the metrics for all testing APPs.

D PROMPT DESIGN
Following WebArena, our prompt for each decision-making step
incorporates environment descriptions, two-shot examples, task
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Search contacts

Zara

John

Bob

Alice

Contacts Fix & manage

J

+

Z

J

B

A

(a) Screenshot. (b) XML derived by UIAutomator.

[n0236] EditText open_search_bar ;click ;Search contacts : 

    [n54c6] ImageButton ;click ;Open navigation drawer : 

    [nb90c] ImageView ;click ;More options : 

    [nc3e7] selected_account_disc ;click ;Signed : 

[n1c26] ListView list ;long-click ; 4 contacts : 

    [nea52] ViewGroup ;click ;Alice : 

    [nd725] ViewGroup ;click ;Bob : 

    [nca5w] ViewGroup ;click ;John : 

    [ndsf3] ViewGroup ;click ;Zara : 

[n22ea] ImageButton floating_action_button ;click ;Create contact : 

[nf05c] contacts ;focusable selected ;Contacts : 

[n4eed] nav_manage ;click ;Fix & manage : 

 

(c) Compressed observation.

Figure 8: An example of the screenshot, original XML and compressed observation of Contacts APP page.

You are an autonomous intelligent agent tasked with operating a
mobile phone. 
You are able to assist with a wide range of tasks, ...... 

Here's the information you'll have:
......

To be successful, it is very important to follow the following rules:
......

input:
User's objective: open the email from Kaggle in Gmail.
Previous observations and actions ......
output: ......

input:
User's objective: open the email from Kaggle in Gmail.
Previous observations and actions ......,
output: ......

REMEMBER to think step by step, and generate the next action in the
correct format. 
......

Now, begin!
User's objective: ......

Previous observations and actions ......

Environment
Description

Two-shot
Example

Action
Prompt

Thinking: 
The user wants to find the best walking route to "Microsoft SVC
Building". The current view is the Google Maps home page. The
search box is available with the id [na928]. I should input the
destination "Microsoft SVC Building" into the search box. So, the next
action is #set_text [na928] [Microsoft SVC Building]#.

Agent
Output

Agent
Input

Figure 10: Prompt structure.
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(a) Invalid Action Ratio.
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(b) Invalid Format Ratio.
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(c) Nuggets Mining Score.
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(d) Operation Logic Score.
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(e) Aware of Completion Ratio.
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(f) Repeat Action Ratio.

Figure 9: Metrics for understanding, reasoning and explo-
ration dimensions on all testing APPs.

instructions, and historical observations and actions, as illustrated
in Fig. 10. We adopt the Reflexion prompt from its official imple-
mentation with modifications tailored to our specific scenario. The
prompt context limit is 4K for LLaMA2-13B, LLaMA2-70B, and
GPT-3.5, and at 8K for GPT-4. Given that historical observations
and actions may exceed the context limit, and to ensure a fair com-
parison, we apply the truncation strategy employed in WebArena
across all agents to maintain a prompt within the 4K context limit.
The detailed prompt can be found at our released Github project.
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