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ABSTRACT

Large language models (LLMs) have demonstrated significant potential in the
development of intelligent LLM-based agents. However, when users use these
agent applications to perform file operations, their interaction with the file system
still remains the traditional paradigm: reliant on manual navigation through precise
commands. This paradigm poses a bottleneck to the usability of these systems as
users are required to navigate complex folder hierarchies and remember cryptic file
names. To address this limitation, we propose an LLM-based Semantic File System
(LSFS) for prompt-driven file management in LLM Agent Operating System
(AIOS). Unlike conventional approaches, LSFS incorporates LLMs to enable
users or agents to interact with files through natural language prompts, facilitating
semantic file management. At the macro-level, we develop a comprehensive API
set to achieve semantic file management functionalities, such as semantic file
retrieval, file update summarization, and semantic file rollback). At the micro-level,
we store files by constructing semantic indexes for them, design and implement
syscalls of different semantic operations, e.g., CRUD (create, read, update, delete),
group by, join. Our experiments show that LSFS can achieve at least 15% retrieval
accuracy improvement with 2.1× higher retrieval speed in the semantic file retrieval
task compared with the traditional file system. In the traditional keyword-based
file retrieval task (i.e., retrieving by string-matching), LSFS also performs stably
well, i.e., over 89% F1-score with improved usability, especially when the keyword
conditions become more complex. Additionally, LSFS supports more advanced file
management operations, i.e., semantic file rollback and file sharing and achieves
100% success rates in these tasks, further suggesting the capability of LSFS. The
code is available at https://github.com/agiresearch/AIOS-LSFS.

1 INTRODUCTION

In recent years, researchers have put great efforts in integrating AI to provide better services for
serving applications. For example, machine learning algorithms have been studied to optimize system
resource allocation and and improve system efficiency (Blair et al., 1987; Schneider et al., 2020; Gong
et al., 2024). The emergence of large language models (LLMs) has further catalyzed the integration
of AI into serving applications. The great reasoning and planning ability of LLMs facilitates the
development of LLM-based agents, including single-agent applications (Yang et al., 2024b; Zhang
& Zhang, 2023; Gur et al., 2023; Deng et al., 2024) and collaborative multi-agent applications (Wu
et al., 2024a; Ge et al., 2024; Shen et al., 2024; Hong et al., 2023).

In these LLM-based agents, file management operations primarily rely on the traditional way and
traditional file systems primarily rely on file attributes to build metadata. These attributes, typically
obtained by scanning the file, include file size, creation and modification timestamps. The actual
file content is stored as binary data, with traditional file systems leveraging index structures such as
B+ trees to efficiently locate this data. While these designs continue to evolve and improve, they
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generally overlook the semantic content information within �les, making it dif�cult for traditional
�le systems to support tasks that require deeper semantic understanding. It is unable to leverage
the high-level semantic meaning in the natural language context.¶ For instance, if two �les have
similar content which cannot be distinguished by simple string matching, traditional �le systems lack
the ability to organize or retrieve these �les based on content similarity.· User interactions with
traditional �le systems require complex operating system commands or manual navigation through
the user interface, forcing users to precisely recall �le names or locations. For systems with numerous
�les, this retrieval process can be inef�cient and time-consuming, reducing overall system usability.
Nowadays, based on the strong language understanding capability of LLMs, we can make better
use of the �le content and semantic information for �le management by introducing LLMs into the
system. However, existing works on using LLMs to facilitate �le management are mostly conducted
on the application level, which targets at designing speci�c agent for �le retrieval and manipulation
(Liu et al., 2024; Talebirad & Nadiri, 2023). The community still lacks a more generalLSFSto
serve as a common foundation that can be used by various agents on the application-level. Mei et al.
(2024) have proposed the AIOS, a foundational architecture for serving LLM-based agents. On top
of AIOS, we propose LLM-based Semantic File System (LSFS) to more effectively integrate LLM
and traditional �le system to provide fundamental semantic �le management services for AIOS.

For problem¶ , ourLSFSintroduces a semantic-based index structure that leverages a vector database
for �le storage. By extracting semantic features from the �le content and generating corresponding
embedding vectors,LSFSincorporates semantic information into its �le operations. Additionally, we
have designed numerous reusable syscall interfaces forLSFS, modeled after traditional �le system
functions. At the same time, we design several APIs that can realize complex �le functions based on
the syscalls. These syscalls and APIs not only can realize the basic functions of the �le system but
also can provide the operations that the traditional �le systems do not include.

Figure 1: A �ne-grained example of the pipeline of
changing �le of traditional system and our LSFS.

To address problem· , we integrate LLM into
the API for complex functions and introduce
a template system prompt. This allows us to
utilize LLM to extract keywords from the natu-
ral language of user input and map them effec-
tively as API calls or syscalls, streamlining the
interaction between users and the system. The
comparison of commands executed by users in
traditional �le systems andLSFSis shown in
Figure 1. In Figure 1(a), When a user wishes
to modify the content of �les, they must input a
speci�c command in the terminal, requiring them to remember the correct operator and the exact
paths for both the target and source �les, placing heavy burdens on users. However,LSFScan
effectively solve this problem. Users only need to manage �les by typing a natural language prompt
as a command. For example, as shown in Figure 1(b), the user just needs to input a simple natural lan-
guage description, ourLSFSis able to understand prompts and perform the corresponding operation,
which greatly simpli�es the operation complexity. Furthermore, to reduce the hallucination problem
of generating inaccurate instructions of LLM, especially those irreversible operations, we design
systematic safety insurance mechanisms inLSFS, such as safety checks for irreversible operations
and user veri�cation before instruction execution.

Overall, our research contributes as follows:
• We introduce anLLM-based Semantic File System (LSFS) to manage �les in a semantic way.

By altering the �le storage structure and method,LSFSincorporates the semantic context of �les,
optimizing the fundamental functions of traditional �le systems. Additionally, we develop a variety
of reusable syscalls and APIs withinLSFS, allowing for extended functionality and enabling future
developments based on this system.

• Our system designs aLSFS parser, which can parse natural language prompts into executable
APIs supported byLSFS, enabling the execution of relevant �le management tasks. This allows
users to control and manage �les using simple natural language prompts, acting as a bridge that
translates user/agent instructions into system actions.

• To avoid unintended operations inLSFS, especially those irreversible operations, we design
systematicsafety insurance mechanisms, such as safety checks for irreversible operations and user
veri�cation before instruction execution, ensuring the safety and accuracy of LSFS.
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• Through our experiments, we validate the completeness of functions ofLSFS, while also evaluating
the performance ofLSFSin various �le management tasks. Our experiments show thatLSFS
performs better in semantic �le management tasks, e.g., achieve at least 15% retrieval accuracy
improvement with 2.1� higher retrieval speed in the semantic �le retrieval. Besides,LSFSalso
maintains good functionality in traditional �le management tasks, i.e., keyword-based �le retrieval
and �le sharing, with usability improvement.

2 RELATED WORK

2.1 SEMANTIC FILE SYSTEM

Currently, �le storage and retrieval primarily rely on an index structure maintained by the system,
where �le metadata points to the location of �le on the disk (Dai et al., 2022). While optimizing the
index structure can enhance retrieval ef�ciency, the current storage model is still largely dependent
on the keywords extracted from the content of �le. Gifford et al. (Gifford et al., 1991) were the �rst
to propose a semantic �le system, which introduced a layer that generates directories by extracting
attributes from �les, enabling users to query �le attributes through navigation. (Eck & Schaefer,
2011) proposed a semantic �le system to manage the data. Many subsequent works have integrated
semantics into metadata (Hua et al., 2011; Mahalingam et al., 2003; Hua et al., 2009; Hardy &
Schwartz, 1993; Mohan et al., 2006). (Hua et al., 2013) utilized semantics to reduce the relevance of
queries using the semantic similarity between �les based on the semantic naming system. Leung et
al. (Leung et al., 2009) used semantic information combined with the �le system design of graphs
to provide scalable search and navigation. On the other hand, Bloehdorn et al. (Bloehdorn et al.,
2006) proposed to manage �les through semantic tags. Schandl et al. (Schandl & Haslhofer, 2009)
developed an approach for managing desktop data using a semantic vocabulary. In contrast, our
semantic �le system is based on the strong language understanding ability of LLMs. Besides, it
integrates comprehensive semantic information across all aspects of the �le system–from storage
and �le operations to practical applications. This holistic approach enhances the ability of system to
understand and manage �les, signi�cantly improving functionality beyond what traditional systems
and earlier semantic �le systems offer.

2.2 SEMANTIC PARSER

Researchers have also devoted efforts to developing semantic parsers (Kamath & Das, 2018; Mooney,
2007; Wong & Mooney, 2006; Clarke et al., 2010; Yih et al., 2014; Jin et al., 2025a) capable of
transforming natural language into a machine-interpretable format. Iyer et al. (Lawrence & Riezler,
2018) subsequently focused on parsing database commands, while Berant et al. (Berant et al., 2013)
proposed a question-answer pair learning approach to enhance parsing ef�ciency. In further work,
the same authors explored a paraphrasing technique (Berant & Liang, 2014) to improve semantic
parsing performance. Poon et al. (Poon & Domingos, 2009) introduced a Markov logic-based
approach, and Wang et al. (Wang et al., 2015) addressed the challenge of building parsers from
scratch in new domains. Ge et al. (Ge & Mooney, 2005; Jin et al., 2025b) proposed a parse tree-based
method for more accurate semantic analysis. Some paper using the long CoT to make LLM parser
the sentence(Jin et al., 2024b;a). Notably, Lin et al. (Lin et al., 2018) were the �rst to integrate a
semantic parser into an operating system, leveraging a dataset of bash commands and expert-written
natural language to establish a mapping between the two. However, this approach faced limitations
in handling complex semantics and unseen natural language. In contrast, ourLSFSis built upon
constructing semantic indexes for �les in the format of embedding vectors, improving its generation
ability to understand and process diverse natural language inputs.

2.3 OS-RELATED LLM- BASED AGENTS

The power of LLMs have fostered the development of LLM-based agents in many �elds, including
chatbox (Achiam et al., 2023; Team et al., 2023; Guo et al., 2025; Yang et al., 2024a), code assistant
(Wei et al., 2023; Hui et al., 2024; Nijkamp et al., 2023; Zhu et al., 2024) and recommender systems
(Xu et al., 2025; Zhang et al., 2024; Wang et al., 2023). Recent works (Yang et al., 2024b; Qian et al.,
2023; Wu et al., 2024b; Bonatti et al., 2024; Wang et al.; 2024; Yang et al., 2023) focus on leveraging
LLM-based agents to solve OS-related tasks. To help users solve more practical OS-related tasks
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Figure 2: (a) provides a overview of theLSFSarchitecture, and (b) shows the internal APIs and
syscalls in LSFS.

with natural language interaction, different agents are proposed for both PCs (Wu et al., 2024b;
Bonatti et al., 2024) and mobile devices (Wang et al.; 2024; Yang et al., 2023). Wu et al. (Wu
et al., 2024b) developed LLM-based agents for co-piloting users' interaction with computers, such
as drawing charts and creating web pages. MetaGPT (Hong et al., 2023) employs a sophisticated
large language model in a multi-agent conversational setting to automate software development,
assigning speci�c roles to various GPTs for seamless collaboration. Beyond the application-level
research on LLM-based agents, researchers also explored integrating LLMs into the system-level
(Mei et al., 2024; Bonatti et al., 2024), which target at low-level and general management services
(e.g., scheduling and resource allocation) for agent applications running on the top. While researches
of agent systems primarily focus on build of LLM applications that can leverage �le resources,
our represents a fundamental innovation in the infrastructure that manages �le resources based on
semantics to support LLM-based agent systems.

3 ARCHITECTURE OFLSFS

Design considerations.Before delving into the architecture of ourLSFS, we outline several key
considerations that guided its design.Isolation and modularization:A layered architecture can
better separate concerns and assign distinct responsibilities to each layer. This isolation can reduce
the complexity of individual components and enable each layer to evolve independently without
introducing unintended dependencies. A modular approach to build components in this system also
enables individual components to be easily modi�ed or scaled. In this way, it supports �exibility,
enabling replacement, optimization, or extension of individual modules without requiring signi�cant
changes to the overall system.Performance and Ef�ciency:To ensure the performance of the system,
streamlined data �ow mechanisms are necessary. Each stage of the pipeline is carefully designed
to handle data transformations ef�ciently. Besides, to improve ef�ciency, each component of the
system should consider the lightweight choice and operations between different components should
be decoupled to ensure parallelism. processing.Fault Tolerance and Reliability:Fault-tolerant
mechanisms are necessary to ensure uninterrupted operation, for example, the rollback mechanism to
reverse mistaken operations or recover from unexpected errors, improving overall reliability.

Overview of the architecture. Under the above considerations, we present the design of ourLSFS.
Figure 2(a) outlines the overall architecture of ourLSFS. LSFSoperates as an additional layer on
top of traditional �le systems, working as a bridge between agents/users and traditional �le systems.
We leverage the layered architecture with segregatedLSFSAPIs andLSFSsyscalls so that APIs
can focus on aligning with natural prompts whileLSFSsyscalls focus on aligning with low-level
operations over �les and databases. To build semantic index for �les in theLSFS, we leverage an
a lightweight embedding model, i.e., all-MiniLM-L6-v2 (Reimers & Gurevych, 2019), commonly
used in vector databases, thereby supporting more advanced �le operations which requires semantic
understanding of �le content.LSFSincludes a supervisor that monitors changes in the traditional
�le system and synchronizes them withLSFSin real time. This synchronization, combined with
the rollback mechanism, ensures fault tolerance and maintains consistency betweenLSFSand the

4



Published as a conference paper at ICLR 2025

underlying �le system. Figure 2(b) presents an overview of the syscall structure inLSFS, which
contains three parts and we will elaborate in Section 4.1.

4 IMPLEMENTATION OF LSFS

In this section, we introduce our implementation of theLSFS. We present the key functions im-
plemented in ourLSFSand compare the counterparts with traditional �le systems, which can be
seen from the Table 1. We introduce the implementation ofLSFSfrom the bottom to the top in

Table 1: Comparison of some key functions between our LSFS and traditional �le system (TFS).

Function Implementation in TFS Implementation inLSFS
create new directory mkdir() create()

create �le touch() create_or_get_file()
open �le open() create_or_get_file()
read �le read() create_or_get_file()

get �le state and metadata stat() create_or_get_file()
delete directory rmdir() del_()

delete �le unlink() / remove() del_()
write data write() add_()

overwrite data write() overwrite()
update the access time utime() update_access_time()
automatic comparison — compare_change()

generate link symlink() / link() / readlink() generate_link()
lock or unlock �le flock() lock_file() / unlock_file()

rollback snapshot + rollback rollback()
�le group — group_keywords() / group_semantic()
merge �le cat file_join()

keyword retrieve grep keyword_retrieve()
semantic retrieve — semantic_retrieve()
hybrid retrieval — integrated_retrieve()

theLSFSarchitecture shown in the Figure 2. In the following parts, we start by introducing the
basic syscalls implemented inLSFSand introduce the supervisor which interacts betweenLSFS
syscalls and traditional �le systems. Then we present the APIs that built upon the syscalls to achieve
more complex functionalities. After that, we introduce theLSFSparser on top to show how natural
language prompts have been decoded into executableLSFSAPIs. At last, we use different concrete
prompts to show how different modules in the LSFS are executed to achieve functionalities.

4.1 BASIC SYSCALL OF LSFS

In this section, we introduce the syscalls implemented forLSFS. These syscalls are primarily
categorized into two types: atomic syscalls and composite syscalls. Atomic syscalls involve operations
covering the most basic operations, e.g., create, retrieve and write of �les. Composite syscalls are
combinations of two or more atomic syscalls to execute composite functions, e.g., join and group by.
A comparison of the operational complexity of LSFS and traditional operating systems is shown in
the Table 5. This section shows the differences in detail with a few commands.

Atomic Syscall ofLSFS. These syscalls involve the atomic operations that cannot be divided further
into sub operations, i.e., creation, retrieval, write, and deletion of �les.

• create or get file() This syscall integrates various functions of traditional �le systems,
including creating, reading, and opening �les, and performs speci�c operations based on the pro-
vided parameters. The return value of this syscall can be used to retrieve �le metadata, modi�cation
timestamps, the �le's memory path, and other essential information.

• add () This syscall is used to write new content to the end of a speci�ed �le within the LSFS.
• overwrite() This syscall is used to overwrite the contents of the original �le with the new �le

and generate new metadata for this �le as required by the user.
• del () This syscall is designed to delete speci�ed �les and offers two methods of deletion. First,

it allows deletion by specifying the �le name or �le path. Second, it supports keyword-based
deletion, identifying and removing �les that contain a given keyword. Additionally, if all �les
within a directory are deleted, the syscall automatically remove the directory itself.

• keywords retrieve() This syscall is used to implement a keyword search function that
retrieves �les containing a keyword in a speci�ed directory. It supports single condition matching
and multi-condition matching, and returns the �lename and �le contents.
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• semantic retrieve() This syscall is used to implement the semantic matching function to
retrieve the top-n highest semantic similarity �les in directory and retrieval conditions according to
the similarity score. It returns the �lename and �le contents.

Composite Syscall ofLSFS. These syscalls involve composite operations that are built by combining
two or more atomic syscalls to perform operations.

• create() This syscall is used to create �les in bulk inLSFSby importing the path of the folder
in memory and importing all the �les in the folder under the corresponding directory.

• lock file() / unlock file() The two syscalls are used to lock/unlock a �le by changing
the �le state to read-only vialock �le and changing the �le permission to read-write viaunlock �le .

• group semantic() The syscall can select the content in the speci�ed directory and retrieve the
�les that have high similarity with the query, create a new directory, and place the selected �les in
the directory to facilitate the operation of the �les that have the same subject.

• group keywords() This syscall can select the �les that contain the retrieved keywords in the
speci�ed directory, create a new directory, and place the selected �les in the directory to facilitate
the operation of the �les that contain the same keywords.

• integrated retrieve() This syscall combines two retrieval methods to retrieve the �les
that contain a particular keyword and that are similar in content to the retrieval query. The order of
retrieval is keyword search �rst, and then semantic search.

• file join() This syscall can be used to concatenate two �les into a single �le, either by creating
a new �le to concatenate or by concatenating the original �le directly.

4.2 SUPERVISOR

The supervisor is implemented to track the changes in the �les in the disk and sync the changes
to theLSFS. The supervisor periodically scans the �les within its speci�ed directory. When it
detects any change or deletion of the �le content, it automatically synchronizes this information
with theLSFSby invoking the appropriate syscall. This ensures that the state of the �le in theLSFS
re�ects the current state of the �le in memory.LSFSalso leverages the process lock mechanism
to ensure that multiple processes can access the �le correctly without synchronization problem.

Figure 3: The example of using LLMs to extract the key
information from natural language prompt.

The supervisor also supports the change
log, for example, when a �le is mod-
i�ed, the supervisor invokes the LLM
to generate a detailed modi�cation log,
compares the contents of the �le before
and after modi�cation.

4.3 API OF LSFS

In this module, we introduce the APIs
that are implemented on top of the
syscalls mentioned in Section 4.1 to sup-
port higher-level semantic �le management functions. Speci�cally, we provide the following APIs
that cover the basic semantic �le management requirements, i.e.,semantic CRUD(create, read,
update, and delete) of �les. The details of APIs are presented in Appendix B.

• Retrieve-Summary API. This API implements the retrieval operations inLSFS, including
keyword search and semantic search, and feeds back the retrieved content to the user through LLM.

• Change-Summary API. This API implements the modi�cation of the �le content of the object
�le in LSFS, and it also can helpcompares the contents of the �le before and after modi�cation
through LLM and gives a summary of the change.

• Rollback API. This API allows you to rollback a given �le and provides several ways to do
so, which includes rollback by date or rollback by version number.

• Link API. This API generates a shareable link for a given �le. Users can set an expiration date
for the link, after which the link will be invalid.
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We also design and implement theLSFSparser to parse natural language prompts into API calls that
can be executed in the LSFS, which will be introduced in Section 4.4.

4.4 LSFS PARSER

To parse natural language prompts into executable API calls, we implement aLSFSparser based on
the LLMs and designs well-structured json-format schemas for each API inside the parser. Previous
works explore the parser to parse natural language into well-structured data (Kamath & Das, 2018;
Mooney, 2007; Wong & Mooney, 2006). Recently, related studies tend to explore LLMs for this
translation (Mior, 2024; Chen et al., 2024; Wu et al., 2024b) Inpired by these works, we design the
LSFSparser that parse natural language into well-structured json data. Without speci�c mention,
our parser is based on GPT-4o-mini by default, evaluations of using other LLMs will be reports
in Section 5.1. By leveraging this parser, natural language prompts can be parsed into executable
API calls (i.e., API function names and API function arguments), enabling seamless execution of
the API command. This can help deal with natural language prompts with multiple and complex
situations, bene�ting interactions between natural language prompts andLSFS. As illustrated in
the accompanying Figure 3, when input alongside the command of user, theLSFSparser is able to
extract the key parameters, including function names and arguments in a comma-separated format.

4.5 THE INTERACTION BETWEENMODULES

Figure 4: The accuracy ofLSFSparser in translating
natural language prompt to executable API calls.

In Figure 5, we present the examples to
demonstrate how components ofLSFSin-
teract with each other to achieve different
functionalities. The upper section of Fig-
ure 5 depicts the work�ow of theretrieve-
summary API, while the lower section out-
lines the work�ows of thechange-summary
API androllback API. In the upper part of
Figure 5, theLSFSparser decodes prompts
into API calls with API name and API ar-
guments. ThenLSFSexecutes the API to
check vector database to get results. We
used llamaindex to index the database and
subsequently retrieved the contents of the vector database by llamaindex. This API also provides
user-interaction interface for the users to verify results. After the veri�cation, the content will be
summarized by leveraging LLM. In the lower part of Figure 5, when a modi�cation request is submit-
ted, theLSFSparser decodes the �le information (name and location) that is to be modi�ed. The
LSFSthen modi�es the semantic changes in both the vector database and the �les stored in the disk.
Meanwhile, the supervisor of theLSFSis kept running to ensure consistency between the semantic
index of �les in theLSFSand the �les stored in the disk. Upon updated, the summarization API
compares the �le contents before and after the change to generate a detailed change log. Additionally,
the API stores the pre-modi�cation content in the version recorder. If a rollback is requested, the API
retrieves the speci�c version from the version recorder and synchronizes it in both theLSFSand �les
in the disk to keep the versions in sync between the two systems above.

5 EVALUATION

In this section, we propose the following research questions regarding the performance ofLSFSand
conduct experiments to answer these research questions.

• RQ1: What is the success rate of theLSFSparser to parse natural language prompts into natural
words which can map into the parameters and make API calls executable?

• RQ2: How does LSFS perform in semantic �le management tasks?

• RQ3: Can LSFS still maintain good performance in non-semantic �le management tasks?
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Figure 5: Details of different API callings inside theLSFS. In this �gure, (a)-(d) show interactive
examples of how LSFS solves �le management tasks step by step.

5.1 RQ1: EFFECTIVENESS OFLSFS PARSER

For RQ1, we assess the accuracy of theLSFSparser in translating user natural language prompt into
executableLSFSAPI calls. We evaluate the accuracy ofLSFSparser with 30 different samples for
each API on different LLM backbones, i.e., Gemmi-1.5-Flash, GPT-4o-mini, Qwen-2, and Gemma-2.
The results, illustrated in Figure 4, reveal that theLSFSparser performs exceptionally well on parsing
prompts related tochange-summary APIandlink API (for which the semantic information in the
user prompt is relatively simple), achieving higher accuracy across all LLMs (i.e., over 90%), where
GPT-4o-mini and Qwen-2 all reach 100% accuracy. For more complex prompts, such as those
intended for therollback APIandretrieve-summary API(for which the semantic information in the
user prompt is complex), accuracy remains above 85% for most models, except forGemma-2.

The average parsing accuracy reaches 90%. These results show that theLSFSparser can effectively
parse natural language information into executable API calls, showcasing its reliability in diverse
scenarios. For safety consideration, in all cases, the parsed API calls are provided to users for
con�rmation and approval before execution, avoiding irreversible �le operations like deleting �les or
directories. More experimental results are in the Section H.1.

5.2 RQ2: ANALYSIS OF LSFS IN SEMANTIC FILE MANAGEMENT TASKS

To answer RQ2, we evaluate the performance LSFS on semantic �le management tasks.

Performance Analysis inSemantic File Retrieval. In our experiments, we compare the perfor-
mance of usingLSFSand without usingLSFSunder the same LLM backbone. The details of the
prompts we use for the comparison are in the Appendix D. Speci�cally, we use Gemini-1.5-�ash and
GPT-4o-mini as the LLM backbone, respectively, for the comparison. We don't use Gemma-2 and
Qwen-2 because the unstable performance of them, this instability makes it challenging to assess
the model's reliability and to derive meaningful conclusions from the system's performance. As
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