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Abstract—Autonomous web navigation remains a complex
challenge, particularly due to the dynamic, diverse and unstruc-
tured nature of web environments. Traditional web scraping tech-
niques, while effective, require rigid configurations tied to specific
website structures, limiting their generalizability. To address
these challenges, this work explores the usage of autonomous
agents powered by Large Language Models for autonomous web
navigation, focusing on the retrieval of academic publications
from webs of preprint repositories.

The proposed solution, based on hyperlink exploration, is
designed as a component of a potentially broader system for
AI-driven paper search assistance. It leverages a multi-agent
architecture and a structured tree-traversal like approach to
explore and extract relevant documents. Each agent is assigned
a specific role, including relevant URL extraction, document
collection, planning, presentation and quality control. The system
is implemented using AutoGen, which enables flexible agent
interactions and modular design. Unlike traditional web informa-
tion extraction techniques, this approach generalizes navigation
patterns across different websites without relying on predefined
HTML selectors, allowing its usage on different websites.

Experimental results are promising, demonstrating the sys-
tem’s effectiveness in retrieving relevant academic content. How-
ever, challenges such as increased response times and occasional
hallucinations indicate areas for refinement. Future work aims
to enhance interactivity by integrating advanced form-based
search capabilities, optimize retrieval efficiency, and implement
more robust evaluation frameworks. These improvements could
contribute to fully automated AI-driven web exploration, facil-
itating the development of more generalizable autonomous web
navigation tools.

Index Terms—LLM, Agents, Web Scraping, Autonomous Nav-
igation

I. INTRODUCTION

In recent years, artificial intelligence (AI) and natural lan-
guage processing (NLP) have made considerable progress,
capturing significant attention, and driving extensive research
[1]–[3]. A key event in this evolution was the introduction of
the transformer architecture, presented in the influential paper
“Attention Is All You Need” [4]. This innovation changed how
models process sequential data, by using self-attention mech-
anisms, removing the need for recurrence and convolution,
and enabling greater scalability and efficiency. Transformers
enabled the development of a new class of models, known as
Large Language Models (LLMs), which have become central
to the field of NLP and one of the hot-topics in AI nowadays.

The release of GPT-3 marked a significant milestone for
LLMs, demonstrating remarkable capabilities in understanding
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and generating human-like text, significantly improving task-
agnostic, few-shot performance, and sometimes even achiev-
ing competitiveness with prior state-of-the-art fine-tuning ap-
proaches [3]. It showcased the potential of LLMs in diverse
applications, from text completion to creative content genera-
tion.

Building on this, the debut of ChatGPT brought generative
AI and LLMs to mainstream attention, collecting an unprece-
dented user base of one million users within just five days
of launch [5]. This rapid adoption highlighted the growing
interest in exploring the applications of LLMs. These models
quickly gained attention for their versatility and emerging
capabilities, motivating researchers and industries to explore
new applications and opportunities [6]. Just a few months later,
the release of GPT-4 marked a major leap forward, highlight-
ing the impact of scaling in model architecture, dataset size,
and computational resources. GPT-4 demonstrated improved
reasoning, contextual understanding, and task generalization,
sometimes even reaching human-level performance on various
academic and professional benchmarks, solidifying the role of
LLMs in AI and encouraging further research on their abilities
and limitations [7].

Despite their remarkable capabilities, foundational models
(FMs) based on LLMs exhibit inherent limitations, particularly
in handling complex tasks that require autonomous behavior,
decision-making, and action execution. While they excel at
generating text and providing contextually relevant responses,
FMs rely on explicit human input for each step, lacking
the ability to independently plan, execute tasks, or interact
with external systems. This dependency on user prompts for
every action makes their operation inefficient and increases the
likelihood of errors [8], [9].

This gap has led to a growing interest in the development
of FM-based autonomous agents, designed to address these
limitations by integrating LLMs into frameworks that enable
autonomy and goal-oriented functionality.

LLM agents represent an innovative approach that integrates
the language understanding and reasoning capabilities of FMs
with the ability to interact with other agents, modules for
planning, decision-making, code execution, and the use of
external tools. This combination enables them to adapt to
dynamic environments, autonomously decompose high-level
objectives into manageable tasks, and effectively orchestrate
their execution to achieve specified goals [8].

Currently, LLM agents represent an emerging field of
research, still in its early stages, but with a high potential
to address challenges requiring autonomy, complex planning,
language and contextual understanding, and goal-oriented



2 MASTER’S THESIS FOR THE MASTER’S DEGREE IN ARTIFICIAL INTELLIGENCE

functionality. Early explorations highlight applications such as
software engineering, where agents assist in automating tasks
such as code generation and debugging [10], [11], medical
assistance, enabling personalized healthcare services and in-
formed decision-making [12], [13], conversational database
querying, improving data accessibility by enabling natural
language interactions with databases [14] among others.

Additionally, one of the most compelling improvements of
FMs is to equip them with tools that allows them to access and
retrieve up-to-date information from the web. This addresses
one of their primary limitations: their knowledge is constrained
to the data available during their training, making them
unaware of recent information. Recent efforts have explored
frameworks for enabling LLMs to interact dynamically with
online content [15]. A prominent implementation of this con-
cept is OpenAI’s “GPT Search”, which equips ChatGPT with
real-time web search functionality, extending its knowledge
base to include the latest available information [16].

Nonetheless, while some applications aim to provide LLMs
with broad web knowledge, other research efforts focus on
more targeted or specialized searches, enabling in-depth ex-
ploration of specific domains or websites. These approaches
often require the ability to navigate internally within websites
and interact with web elements to achieve predefined objec-
tives, often requiring more advanced planning and interaction
capabilities, which aligns with the capacities of LLM agents.
While this is still a very recent research field, it has captured
significant interest, with several recent studies focusing on
enhancing the web interaction capabilities of agents [17]–[21].
However, despite these advancements, the field remains far
from achieving human level performance, requiring substantial
progress in areas such as web navigation and interaction
capabilities.

It is worth noting that, while these advancements still
require further refinement and research, LLM agents hold
significant promise for information extraction from specific
websites and targeted searches, since FMs capabilities offer
solutions to some inherent limitations in traditional automated
web information extraction systems.

Traditionally, web information extraction relies heavily on
techniques such as web scraping and web crawling. These
methods, while efficient, are inherently tied to the specific
design and structure of each website. They require specific
configurations for each website and are highly dependent on
how the HTML is written. Moreover, they often necessitate
constant maintenance to adapt to structural changes, which
can disrupt automated workflows and limit scalability across
different domains [22], [23].

In contrast, LLM-based web navigation agents leverage
their contextual understanding and planning abilities to achieve
greater abstraction and generalization. This allows these sys-
tems to generalize similar tasks across websites with varying
HTML structures without relying on rigid DOM selectors
or fixed layouts. By using LLM’s contextual comprehension,
these agents can make informed navigation decisions, dy-
namically adapting to new environments. This setup provides
a more flexible and adaptive approach to web information
extraction, potentially reducing web-specific dependency and

manual adjustments [22], [23].
In this context, this work explores the application of com-

mon design and development patterns for LLM-based agent
systems that have been used to address various tasks, focus-
ing specifically on their adaptation to the task of extracting
academic papers from preprint repositories. This task is often
approached by humans using similar interaction flows across
different websites. However, the heterogeneity and variability
in the HTML structures of these sites make it unfeasible to de-
velop tools capable of functioning effectively across multiple
websites using traditional information extraction methods.

To address this challenge, the proposed system relies on
LLM agents capable of autonomously generating plans, mak-
ing decisions, executing actions, and navigating websites based
on natural language queries.The proposed solution employs a
stateful multi-agent system with a partially restricted interac-
tion flow. In this setup, the agents maintain a dynamic search
state, enabling them to adapt their actions to observations at
each step. During the navigation process, relevant information
is gathered and stored. Once the search is complete, this
information is ranked based on its semantic similarity to the
initial query and presented to the user through a conversational
chat interface.

II. RELATED WORK

As previously mentioned, multi-agent LLMs systems for
autonomous web navigation is still an emerging and promising
area of research. However, despite being in its early stages,
it has generated significant interest due to its potential to
address the limitations of traditional web content extraction
methods and to embrace new opportunities enabled by recent
advancements in AI and NLP, progressing toward more power-
ful systems for automated web interaction. Thus, recent studies
have explored various approaches to this problem, aiming to
improve task completion rates, enhance generalizability, and
leverage structured and flexible methodologies to navigate the
web effectively.

A. Reinforcement Learning Methods

One of the earliest line of research on web agents fo-
cuses on reinforcement learning methods. For instance, Liu
et al. [24] propose a workflow-guided exploration framework
that leverages demonstrations to constrain an RL agent’s
exploration paths, reducing the complexity of sparse reward
scenarios by introducing “workflows”. Their method uses a
neural network architecture, DOMNET, specifically designed
to perform flexible relational reasoning over the tree-structured
HTML representation of websites. Similarly, following the
RL strategy, a more recent work Yao et al. [25] introduce
WebShop, a large-scale simulation environment designed to
train RL agents for real-world e-commerce tasks. The authors
combined RL and imitation learning, along with pre-trained
language and vision models, replacing pixel-level mouse click
interaction of other works with high-level semantic actions.
Nevertheless, the authors stated that success rate remains
well below human performance, being the action selection a
bottleneck for the models with great room for improvement.
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B. HTML fine-tuned

Another significant and remarkably recent contribution
comes from WebAgent by Gur et al. [26], which addresses
challenges in web automation through specialized models and
a modular architecture. At its core is HTML-T5, a new pre-
trained LLM fine-tuned for long HTML documents using local
and global attention, capable of planning tasks and summa-
rizing long web pages. WebAgent interacts with web pages
programmatically, using Flan-U-PaLM for python code gen-
eration. Additionally, leveraging self-experience supervision,
the system aligns its models with real-world web interactions,
improving generalization and reducing human involvement in
manual annotation. Authors state that WebAgent achieves a
50% improvement in task success rates on real websites and
SoTA performance on benchmarks like Mind2Web. This work
demonstrated how modularity is highly beneficial for web
automation, nonetheless, the authors also mentioned how this
modular strategy may increase latency and computational over-
heads. They also mentioned additional limitations, including
challenges with the generalization capabilities of the system
and the complexity and high costs associated with evaluating
autonomous agents in real-world scenarios. It is also important
to note that while the execution of generated code offers
flexibility, it may be less reliable and secure in production en-
vironments, where harmful operations or dangerous behaviors
could unexpectedly arise.

C. World Model Approaches

In contrast, other even more recent and promising works
adopt world model-based approaches, formulating web navi-
gation as an environment dynamics problem. Chae et al. [18]
propose a World-Model-Augmented (WMA) framework that
equips LLM agents with the ability to simulate outcomes of
their actions before execution, predicting the next state of
the system, thus enhancing decision-making and exploration.
Their solution introduces a novel transition-focused observa-
tion abstraction, which simplifies the training of world models
by summarizing state changes in natural language rather than
relying on full HTML structures, allowing agents to focus
on key differences between states, minimizing computational
overhead. The agent leverages WMA simulated outcomes to
select the most optimal action during inference, without requir-
ing additional training of policy models. Evaluations of this
approach showed promising results. Nonetheless, the authors
highlight some limitations and potential improvements: The
framework focuses solely on text-based models, overlooking
the integration of visual information that could enhance web
navigation. Additionally, while it performs well in single-
step decision-making, it lacks multistep planning capabilities.
Future work could address these by incorporating visual data
and exploring advanced planning techniques, such as Monte
Carlo Tree Search, to improve long-term decision-making.

Similarly, Gu et al. [17] introduce WEBDREAMER, a
framework that leverages LLMs as implicit world models
for web navigation. Following a strategy similar to that of
previous work, the system uses LLMs to simulate and evaluate
action outcomes before execution, using two modules for

multistep planning. WEBDREAMER generates concise natural
language descriptions to represent predicted state changes,
enabling efficient trajectory planning and action simulation
while reducing the risks associated with direct interactions on
live websites. Evaluations reveal significant performance gains
over reactive strategies. Moreover, the authors highlight the
advantages over tree search methods, which, although achiev-
ing slightly higher accuracy in controlled environments, are
impractical for real-world web settings due to the possibility
to perform irreversible actions. Alongside its advancements,
the authors acknowledge certain limitations in their approach.
The simplicity of the planning algorithm, while effective in
demonstrating the concept, leaves room for refinement through
more sophisticated techniques like Monte Carlo Tree Search.
Additionally, the reliance on state-of-the-art models such as
GPT-4 results in high computational costs, highlighting the
need for future work to explore more cost-efficient alternatives,
such as fine-tuned models designed for simulation tasks.

D. Web Navigation as a State-Machine

A further line of research, more aligned with the method-
ology of the presented work, focuses on modeling web nav-
igation as a state machine, treating websites as deterministic
systems where transitions occur via predefined action spaces.
Deng et al. [27] present MIND2WEB, a dataset and frame-
work that defines web navigation tasks as sequences of state
transitions, where each state is represented by a webpage
and actions correspond to interactions like clicking, typing,
or selecting elements. Their methodology involves a two-
stage system, MINDACT, which first filters relevant DOM
elements using a smaller LM to create a small and relevant
snippet of the website. Then, it employs a larger LM to predict
the optimal action and the target element for interaction. In
this case, the authors also highlight certain limitations and
challenges faced by their proposal. One key issue lies in the
diversity and representativeness of the data, as most web pages
and tasks included in the dataset focus on English-speaking
contexts and are carried out by users with high technological
proficiency. Additionally, the system currently relies solely on
textual information, overlooking the potential of visual data to
enrich webpage representations. They also point out the need
for more effective modeling of interaction dynamics, such as
changes in the environment following previous actions, and
for incorporating more interactive configurations between the
agent and humans, since the system only relies on a single
description of the task goal.

A similar approach is LASER, proposed by Ma et al.
[21], which models interactive tasks as state-space explo-
ration, explicitly defining a finite set of high-level states that
encapsulate the structure of web environments. Each state
includes a restricted action space tailored to the state’s context,
reducing the likelihood of invalid actions and ensuring the
agent remains within the bounds of valid transitions. This
state-action mapping is complemented by a thought-and-action
framework inspired by ReAct, where the agent generates
intermediate “thoughts” to guide decisions and stores inter-
mediate results in a memory buffer for backtracking and
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error recovery. LASER demonstrated improved performance
over previous methods, but still inferior to human baselines.
Additionally, the authors describe several limitations of the
system. The followed strategy is task-specific, and LASER’s
scope is restricted to finding target items in the shopping
domain, leaving out other common e-commerce tasks such
as tracking orders or checking order history. Moreover, the
system relies on manual annotation of possible states and their
descriptions, which limits its applicability to specific domains
and makes it less suitable for open-world scenarios, suggesting
the usage of a hierarchical multi-agent system where domain-
specific agents like LASER collaborate with a general open-
world agent.

Another interesting contribution presents WEBARENA [28],
a benchmark and highly realistic environment designed to
evaluate web navigation agents in tasks like e-comerce, social
forum discussion etc. The research work also introduces an
agent-based system which relies on modeling web interactions
as transitions within a deterministic state space. Each state
represents a webpage, defined through observations such as
HTML DOM trees, accessibility trees, or screenshots, and
transitions occur based on predefined actions like clicking,
typing, or navigating through URLs or tabs.

In their experiments, the authors evaluate several state-
of-the-art agents, including GPT-4 and GPT-3.5, using both
direct action prediction and chain-of-thought prompting. De-
spite advancements in model capabilities, the results reveal
a pronounced performance gap between agents and human
benchmarks. The best-performing agent, GPT-4 with chain-of-
thought prompting, achieves a success rate of only 14.41%, far
behind human performance at 78.24%. This disparity becomes
even more pronounced in complex, long-horizon tasks.

Additionally, the authors pointed several limitations of
LLM-based agent systems: One prominent issue is the frequent
misclassification of achievable tasks as unachievable, with
GPT-4 erroneously marking 54.9% of such tasks as impossible.
Additionally, agents often fail to generalize across tasks de-
rived from the same template. These results illustrate the weak-
nesses of current agents in handling task variance, dynamic
content, and multistep planning. Moreover, agents exhibit a
lack of robust error recovery, often repeating invalid actions
or stopping prematurely when encountering ambiguities.

These limitations underscore the complexity of this task
and the challenges associated with navigating the dynamic
and highly diverse nature of web environments. The dy-
namic content of real-world websites, the variability in user
interfaces, and the need for long-horizon planning present
significant obstacles to scalability and robustness. Despite
recent advances, the performance of autonomous agents in re-
alistic web environments remains suboptimal, requiring further
exploration of multi-agent systems, state-based modeling, and
innovative methodologies to close the gap between human and
agent performance.

E. Current SOTA and Limitations

As mentioned, research into the use of LLM-based agents
for web navigation is still in its early stages. Due to the

growing interest in this area, several recent studies, such as the
discussed ones, aimed to establish foundational methodologies
and benchmarks to address the challenges inherent in these
tasks. However, most existing works highlight significant
limitations that underscore the complexity of the problem,
including the dynamic and ever-changing content of real-
world websites, the considerable variability in websites, and
the necessity for long-horizon planning. These factors create
substantial obstacles to achieving accuracy, scalability and
robustness, even for state-of-the-art systems.

Consequently, while the field has made promising advances
in developing structured frameworks, there remains consider-
able room for improvement. Current systems, despite their ad-
vancements, fall short of replicating human-level performance
in web navigation tasks. Thus, further research is needed,
leaving opportunities for innovation and refinement.

III. METHODOLOGY

A. Proposed Task

Web navigation is an essential, generic skill underlying a
multitude of specific tasks commonly performed online. These
tasks include a variety of domains, such as e-commerce (e.g.,
browsing products and completing purchases), reservation
systems (e.g., booking flights, hotels, or restaurants), research
activities (e.g., retrieving academic papers or exploring lit-
erature), and information retrieval (e.g., finding updates on
specific topics, acquiring technical documentation or seeking
for specific data). Despite their differences, these tasks share a
foundational requirement: the ability to navigate through and
interact with web environments effectively.

To address autonomous web navigation agents, some re-
search efforts aim to develop universal agents with maximum
flexibility and autonomy [17], [27]. These agents are designed
as general-purpose systems capable of solving any web navi-
gation and interaction task, regardless of domain. The primary
goal of such universal agents is to achieve a high level of
generalization, enabling them to dynamically adapt to new
tasks and environments without requiring task-specific tuning.

In contrast, other approaches focus on more targeted solu-
tions, designing agents specialized in solving domain-specific
or task-specific problems. For instance, LASER [21] concen-
trates on the particular domain of e-commerce. Such domain-
specific systems emphasize task precision, often achieving
higher performance within their narrow scope. Additionally,
to scale these tasks-specific systems, there are suggestions
to integrate them into hierarchical architectures controlled by
a universal agent, balancing specialization and flexibility by
allowing domain-specific agents to execute their respective
tasks while being orchestrated by a higher-level, general-
purpose agent.

The task of web navigation is extremely complex, even
for current state-of-the-art systems, thus, a divide-and-conquer
approach may prove beneficial, decomposing the problem
into smaller, task-oriented solutions. This strategy exploits
that, while the same task performed across different websites
exhibits significant variability, it also possesses many simi-
larities. By focusing on these shared characteristics, systems
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can achieve superior performance on addressing specific tasks,
maintaining website generalization. For instance, the process
of booking a flight shares fundamental interaction patterns,
regardless of the specific airline’s website design. Leveraging
these patterns allows systems to abstract the task and adapt
effectively to varying contexts.

Furthermore, different web navigation tasks often share
numerous interaction similarities, such us hyperlink naviga-
tion, form usage and information seeking. A system designed
to perform one specific task correctly can provide valuable
insights into designing systems for other related tasks. For
example, an agent developed to navigate e-commerce sites
for product selection may contribute to the development of
systems capable of handling reservation processes. These
shared interaction flows highlight the potential for cross-
task generalization and the reuse of successful methodologies
across domains.

Considering these factors, this work is framed as a domain-
specific approach, focusing on the application of autonomous
agents to a concrete task: retrieving academic papers from
open scientific repository websites such as arXiv, bioRxiv,
medRxiv etc. However, it is important to note that while this
specific task serves as the primary use case, the underlying
objective of this study is to explore the development and
implementation of autonomous web LLM-based agents. The
chosen task provides a scenario to test and evaluate the
system’s capabilities.

One of the objectives of this work is to be tested in real
web environments. However, one of the most limiting and
challenging factors of real-world websites is the dynamic
content generated with JavaScript, as well as restrictive entry
conditions such as login or registration forms and access
policies that block automated interactions. These challenges
significantly increase the complexity of developing and testing
such systems.

To create a realistic yet simplified experimental environ-
ment, this study focuses on exploring and navigating preprint
repository websites, since, while these websites differ substan-
tially in their specific HTML structures and DOM selectors,
they offer several advantages for this work. Many of them
are openly accessible, eliminating the need for complex login
forms, and their content is publicly available for exploration.
These characteristics make them a suitable choice for a project
of this nature, avoiding some web complexities out of the
project’s scope.

Thus, the proposed use case is an automated web navigation
system that employs LLM agents to search for, collect, and
present academic publications to users, addressing queries ex-
pressed in natural language. Additionally, the proposed system
is designed to generalize to different websites, decoupling
itself from the website-specific dependencies that traditional
systems often face.

The proposed system, as a web navigation and interac-
tion framework, is designed to operate within specific given
websites, performing focused and bounded searches. This
differentiates it from other systems that aim to conduct general
web searches through the World Wide Web, to answer broad-
domain questions. In the developed system, exploration occurs

within a given domain by interacting with and navigating
the specified website. However, to demonstrate the system’s
generalization capabilities, in scenarios where no specific
website is predefined for exploration, the agents are designed
to select appropriate websites to address the given query. This
is achieved by accessing a pool of websites from various
domains and conducting the search across one or multiple
selected ones, depending on the specific configuration.

B. Proposed Task: Additional Considerations

As outlined, the proposed system focuses on solving a
domain-specific task, resembling the approach used in LASER
[21]. However, it is key to emphasize that the primary objective
of this work is not to resolve the task of retrieving academic
papers itself. Instead, the task serves as a convenient use
case to explore the autonomous web navigation capabilities of
the agents. This selection aligns with the project’s scope and
addresses the complexities of real-world web environments in
a manageable way.

However, along with the advantages of the proposed task,
there are some challenges and considerations:

1) Long-Horizon Research Task: Retrieving highly relevant
results from preprint repository websites presents a particularly
challenging problem for autonomous web agents. The large
number of potential candidates makes exploratory searches
complex, requiring decisions on when to stop searching,
whether the results found are sufficiently relevant, or whether
to continue exploring. Additionally, if a search proves unpro-
ductive, the agent must determine whether to give up entirely
or refine its strategy. Such decisions represent significant
challenges frequently encountered in long-horizon tasks, as
noted in prior studies [28], and are particularly pronounced in
the proposed task.

2) API Usage: As discussed, exploratory navigation
through websites may not be the most efficient method for
retrieving publications due to the long-horizon challenges
described earlier, which arise from the sequential or batch re-
trieval of articles. However, many preprint repositories provide
APIs that offer a more efficient alternative, leveraging their
internal search engines to query entire document databases.
Despite this, several critical considerations arise:

• A system that relies on API usage instead of web in-
teractions, lacks generalizability to other domains, tasks,
or websites that do not offer APIs, conflicting with the
primary objective of this work.

• Furthermore, interacting with APIs frequently requires
executing code generated by LLMs to communicate with
the APIs. However, this process relies heavily on the
model’s understanding of the API specifications, which
depends on its training data and may not always reflect
the most up-to-date information. Additionally, LLMs can
produce hallucinations, potentially generating code that is
incorrect or harmful. This introduces significant security
risks, as the generated code could unintentionally cause
vulnerabilities, lead to resource misuse, or even execute
malicious actions if not properly validated.
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For these reasons, this study avoids the use of APIs, opting
for an approach that does not rely on LLM-generated code
execution and is more generalizable across domains.

C. Autogen: Development Framework

AutoGen [29], [30], developed by Microsoft in collaboration
with academic institutions such as Penn State University and
the University of Washington, is an open-source framework
designed to streamline the development of AI systems powered
by LLMs. It is particularly suited for creating multi-agent
systems, supporting both cloud-based and local execution
environments. AutoGen is very flexible, enabling to build
complex agent-based applications, leveraging typical design
patterns and facilitating customization.

One of the standout features of AutoGen is its support for
integrating tools and enabling diverse conversational patterns
between agents:

• Two-Agent Chat: This is the simplest interaction pattern,
involving a straightforward exchange between two agents.
It is ideal for tasks requiring minimal collaboration.

• Sequential Chat: This pattern allows a sequence of inter-
actions, where the output or summary of one conversation
is passed as context to the next. It is particularly useful
for workflows broken into sequential subtasks, enabling
continuity and context retention.

• Group Chat: AutoGen supports multi-agent conversa-
tions, orchestrated by a GroupChatManager. This man-
ager broadcast messages to other agents and decides the
next speaker in the group using strategies such as round-
robin, random selection, manual intervention, or LLM-
based decision-making. This flexibility allows dynamic
collaboration among agents, adapting to the needs of the
task.

• Constrained Speaker Selection: For applications requiring
stricter control, AutoGen enables developers to define
allowed or disallowed transitions between agents, effec-
tively modeling deterministic workflows.

AutoGen not only facilitates the creation of state machines
or transition graphs, but also enables the development of
custom interaction flows targeted to specific tasks, offering
further adaptability. This capability is particularly valuable for
projects like the one presented here, since as stated in [21], the
web navigation task may benefit from structured and controlled
interaction flows.

In this context, and given the characteristics of this project,
AutoGen has been chosen as the primary development frame-
work due to its flexibility, different levels of customization in
agent interactivity, and its focus on modularity and extensibil-
ity. This allows workflows to be encapsulated within agents,
which can then seamlessly participate in larger workflows, thus
enabling reuse and composability. Additionally, it is important
to highlight that, as the field of agent-based systems is still
relatively new, frameworks like AutoGen are under constant
evolution, introducing new features but also presenting chal-
lenges, such as occasional bugs or outdated documentation that
may hinder development efforts.

D. Used LLMs

In recent years, the surge of interest in LLMs has led to
the development of a wide range of different models, both
proprietary, such as OpenAI’s GPT series, and open-source
alternatives like Meta’s LLaMA [31] and Alibaba’s Qwen [32].
Each model offers different advantages and trade-offs in terms
of performance, cost, and usability, targeted to different use
cases and application requirements.

In the context of this project, which focuses on developing
an autonomous web navigation system, several key factors
influenced the choice of LLMs:

• Speed: Web navigation tasks are inherently token-
intensive due to the need for processing large HTML
documents to extract the contextual information and web
structure needed for decision-making. Additionally, after
executing actions, the system must observe changes in the
environment to assess the effects of its interactions. These
iterative processes demand high text-processing speed, as
slow models could significantly hinder the efficiency of
web navigation tasks.

• Reasoning: The system must interpret the environment,
make decisions, and generate plans to achieve user-
defined objectives. Advanced reasoning capabilities are
crucial for evaluating alternatives, aligning actions with
goals, and overcame errors or inefficient navigation paths.
Models with robust reasoning abilities can significantly
enhance the system’s effectiveness.

• World Knowledge: Successful interaction with the web
requires the ability to interpret webpages, including their
structure and functionality. This knowledge can be ob-
tained from specialized models, fine-tuned on HTML
data, or from large-scale datasets containing web-related
content. Such expertise enables the system to accurately
model and understand the dynamics of web environments.

• Resource Constraints: Due to the limited hardware re-
sources available, deploying large-scale LLMs locally
is not feasible for this project. This constraint leads to
reliance on cloud-executed models, which can accommo-
date the computational demands of web navigation tasks
while offering scalability.

• Cost: As previously mentioned, web navigation tasks
are highly token-intensive, emphasizing the importance
of balancing cost and performance. Selecting models
that optimize this trade-off is essential for sustainable
deployment.

Based on the previously stated considerations, OpenAI’s
GPT models were selected as primary candidates for this
project. Their performance and versatility make them well-
suited to address the requirements of this work. Thus, the
following models were selected:

• GPT-4o: It represents one of OpenAI’s state-of-the-art
models, excelling in advanced reasoning and knowledge-
intensive tasks, outperforming vanilla GPT-4 with a more
optimized processing. It has been employed in this
project for complex scenarios requiring strategic plan-
ning, decision-making, and in-depth contextual under-
standing. GPT-4o’s capabilities have been benchmarked
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Fig. 1: Tree-search based Web Navigation. [17]

extensively, achieving SOTA performance in reasoning-
centric evaluations such as the MMLU [33] benchmark,
proving its suitability for tasks with high complexity [34].

• GPT-4o-mini: It is a smaller variant of GPT-4o, optimized
for faster token processing and reduced operational costs.
While it offers inferior reasoning capabilities compared to
its larger counterpart, its performance remains adequate
for simpler tasks that are token-intensive and require less
reasoning complexity. In this project, GPT-4o-mini was
employed for specific subtasks, particularly those involv-
ing extensive text processing or repetitive observations,
where cost-efficiency and speed were prioritized over
advanced reasoning [35].

While other LLM alternatives could potentially address the
requirements of this project, the integration capabilities of
OpenAI’s GPT models with the AutoGen framework presented
a noticeable advantage. Therefore, the selection of GPT-4o and
GPT-4o-mini aligns with the project’s goals and constraints,
providing a balance of high reasoning capabilities, token-
processing speed, and cost-effectiveness. These attributes,
combined with their integration with AutoGen, display the
suitability of these models for addressing the challenges of
this work.

E. Explorative Search

As previously discussed, the proposed system of au-
tonomous agents is designed to interact with specific web-
sites to explore and extract information required by the user,
while maintaining generalizability across different web envi-
ronments. Humans perform this type of exploration frequently
and with ease, adapting effortlessly to diverse user interfaces.
This adaptability is possible in part due to core similarities
present in most websites, enabling generalizable interaction
flows. When interacting with preprint repositories to gather
academic publications, there are two main search methods:

1) Search Forms and Advanced Search Mechanisms: Many
preprint repositories provide search forms or advanced search
tools that allow users to query indexed documents using
standard information retrieval techniques, such as keyword
searches. These tools often include advanced options for
filtering and sorting results, enabling more efficient and precise

searches. For a web-based agent to leverage these search
mechanisms, it must be capable of:

• Accessing Search Forms: In some cases, search forms
or advanced search interfaces are not directly accessible
from the website’s index page, requiring the agent to
navigate through the website to locate them.

• Identifying Interactive Elements: The agent must cor-
rectly identify and interpret the various interactive ele-
ments within the forms, such as text inputs, date pickers,
radio buttons, dropdown menus, submit buttons, etc.

• Interacting with Form Elements: The system must possess
the ability to interact with these elements appropriately,
ensuring that inputs are correctly formatted and consistent
with the fields’ expected data types.

Given these requirements, implementing a system capable
of dealing with advanced search forms represents a signifi-
cantly complex task. It demands high levels of interactivity, ro-
bust web comprehension, and consistency when filling forms,
as errors or mismatches in input formats can compromise the
search process.

2) Search Through Exploration of Accessible Hyperlinks:
The second common search pattern involves exploring hy-
perlinks within a website to locate relevant content. This
iterative process typically begins on the website’s main page,
where users evaluate navigation options, click on hyperlinks to
access specific sections, and analyze the content of each page.
This approach can be compared to a tree traversal process as
shown in Fig.1, where the main page acts as the root node,
and the hyperlinks represent edges connecting to child nodes
(i.e., subpages). Users navigate the website by exploring the
tree, where each click to a hyperlink is equivalent to moving
to a child node and returning to a previous page mirrors
backtracking. An autonomous agent capable of leveraging this
navigation process require several capacities:

• Evaluating Page Content: Agents must assess whether the
accessed page contains the objective information.

• Identifying Navigation Paths: They must analyze avail-
able hyperlinks or navigation entries to decide which path
might lead to the target content.

• Backtracking When Necessary: If a chosen path proves
ineffective, agents should backtrack to explore unvisited
routes, reconsidering their navigation strategy.

This exploratory pattern is widely applicable across most
websites on the internet, and preprint repositories are no
exception. These repositories generally organize their content
into categories and subcategories, which are often accessible
through URLs. It is noteworthy that, while this approach is
less efficient than advanced search tools for retrieving relevant
academic publications, exploratory navigation is sometimes
essential. For instance, advanced search forms may not always
be available directly on the main page, so an initial exploration
is needed to find them. Additionally, not all information on a
website is indexed by its search engine, certain content may
only be accessible through navigation.

Therefore, although the specific proposed task in this work
is retrieval of academic papers, the real objective of the project
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is to explore autonomous agents navigating the web. As such,
this exploratory method is considered a priority.

Moreover, since the creation of a fully interactive system
capable of solving all these challenges exceeds the scope
of this project due to its complexity, this work focuses on
addressing only the second pattern: Navigation through the
exploration of accessible hyperlinks.

F. Search Context

In the proposed solution, the autonomous agents iteratively
explore a given website by following hyperlinks, navigating
a tree-like structure as outlined in the previous section. At
each stage, the agent analyzes the content of the current page,
determines whether relevant information is present, and—if
necessary—follows embedded hyperlinks to potentially reach
more pertinent sections. To accomplish this, the agent must
maintain a record of which pages have been accessed and
which potentially relevant links remain unexplored, as well as
any relevant documents collected so far. This record has been
called Web Context, denoted by W .

1) Web Context: Let’s define W as a structure that captures
the local state of exploration for a single website. Specifically,
it tracks:

• The set of already discovered and not yet visited, poten-
tially relevant URLs.

• The set of already visited URLs,
• Any relevant papers identified so far.
• A priority queue of URLs awaiting further exploration.
Thus, let U represent the set of all possible URLs, and let

P be the set of URLs pointing to paper entries. Then, W can
be expressed as:

W = ⟨C, CP, DP, DU, V U⟩,

where:
• C ⊂ U is the priority queue of collected URLs that are

pending analysis.
• CP : P → Desc., is a partial function storing collected

papers and their descriptions.
• DP ⊂ P is the set of discovered paper URLs, used to

avoid duplicates in CP .
• DU ⊂ U is the set of discovered URLs (whether visited

or not).
• V U ⊂ U is the set of already visited URLs.
This structure ensures that each page is visited at most

once and that the system can easily identify new hyperlinks.
It also enables storage of all relevant encountered papers
without repetition, and provides a mechanism for returning
to previously discovered nodes to explore alternative routes if
a chosen path proves unproductive. Essentially, whenever an
agent follows one hyperlink but finds minimal relevant content,
the other stored links from earlier pages remain in the priority
queue, allowing the agent to backtrack and switch to a different
path.

2) Extending to Multiple Websites: Search Context: While
the Web Context (W ) tracks the state for only one website, the
proposed system also handles scenarios in which no specific
website is provided. In such cases, the system dynamically

chooses one or more relevant websites for the given query. To
manage the broader state of the search across multiple sites,
a Search Context is defined, denoted by S.

Let Σ∗ be the set of all possible query strings, and let U
again denote the universe of URLs. Moreover, let Ppool ⊂
U represent the pool of websites from which the agent may
choose based on relevance to the given user query. Thus, S is
defined as:

S =
〈
Q, P, α, β, γ

〉
,

where:
• Q ∈ Σ∗ is the user query string.
• P ⊆ Ppool is priority queue of pages to visit, each drawn

from the broader pool of accessible websites.
• α ∈ U ∪ {⊥} is the current page being analyzed or

crawled (e.g., ArXiv).
• β ∈ U ∪ {⊥} is the previous page visited.
• γ ∈ {false, true} is the completion state, indicating

whether the overall search has ended successfully or been
interrupted due to an error or exceeding optional search
limitations (e.g., the maximum number of pages to visit).

In this way, S provides a broader, query-level perspective
of the search process. While each individual W controls the
traversal of a single website, S maintains the global navigation
flow, ensuring the agent can sequentially explore multiple
candidate websites and terminate the search successfully once
the requested content has been found or when no further
progress is possible.

G. Agent Organizational Chart

To navigate the web and dynamically update the search
context, the proposed solution employs a multi-agent system
composed of LLM-powered agents. Each agent serves a spe-
cific role within the system for efficient and accurate data
collection, processing, and presentation. This section presents
a detailed description of each agent and their responsibilities
within the system.

1) Web Selector Agent: Serves as the entry point for the
multi-agent system, being responsible for identifying the most
relevant web resources to initiate the search, which can be
gathered directly from the user query or from a pre-defined
website pool (i.e., Ppool).

Given that the task performed by this agent does not require
high token consumption but demands a strong understanding
of the user’s query and objectives to select the appropriate
websites, the LLM supporting this agent is GPT-4o.

2) Paper Collector Agent: It is the system’s dedicated web
scraper, tasked with retrieving and storing the main entries
of research papers from a specified URL, by updating the
Web Context. This agent plays a key role by identifying
pages where abstracts, authors, publication dates, and other
essential details are usually available. It uses the existing
contextual information, such as paper titles, to ensure that only
highly relevant papers are stored, filtering them based on their
alignment with the user’s query and scoring their relevance
on a scale from 0 to 10. Finally, the agent briefly reports the
collected papers. However, if no relevant papers are found,
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the agent provides a brief summary of the page’s content and
suggests further navigation strategies.

It is noteworthy that the task assigned to this agent generally
requires a high input token consumption, as it processes
lengthy web pages seeking for entries to relevant papers. For
this reason, GPT-4o-mini would appear to be a suitable choice
to support this agent. However, experimental results have
shown that this model tends to generate false positives when
identifying relevant documents, hindering the search process
and misaligning it with its main objective. This issue has been
resolved by using GPT-4o, which is why this latter model is
the selected one to support this agent.

3) Crawler Agent: It is the system’s URL Extractor and
Evaluator. Its primary role is to identify, evaluate and collect
hyperlinks within a given page that may lead to relevant
resources for the bibliographic search. This agent processes
all navigation links on a given page, categorizing them based
on their relevance to the user’s query and assigning a relevance
score. This agent ensures that the system can dynamically
update the Web Context, enabling the discovery of potentially
relevant navigation paths and the efficient traversal of the
web’s tree-like structure.

This agent, similarly to the Paper Collector, also has a high
input token consumption. However, contrary to the previous
case, GPT-4o-mini has proved to be powerful enough to
perform this task effectively.

4) Planner Agent: It acts as the orchestrator of the naviga-
tion task, managing the workflow and coordinating the actions
of other agents. It begins by breaking down the user’s query
into actionable steps and iteratively consulting the top k most
relevant URLs from the priority list WC . At each step, it
selects which page to explore next to continue the search.
This way, the Planner coordinates navigation, leveraging the
capabilities of other agents and receiving reports on their tasks.

When sufficient data has been gathered, it delegates the
responsibility to the Supervisor Agent for final evaluation.
By overseeing the entire process, the Planner Agent ensures
that the system operates efficiently and effectively, aiming
to minimize unnecessary navigation while maximizing the
quality of the search results.

As the main coordinator and decision-maker of the naviga-
tion process, the LLM used for this agent must possess high
reasoning skills, broad world knowledge and strong contextual
comprehension, as stated in Section III-D. Thus, the selected
LLM to support this agent is GPT-4o. However, one of the
challenges of using this model is its higher cost. Therefore, to
mitigate this, the agent maintains a very low token consump-
tion, as it does not directly consult the web pages. Instead,
it obtains information about their content through summaries
generated by the Paper Collector Agent.

It is worth mentioning that, although the Planner can consult
the top k most relevant URLs according to the scores assigned
by the Crawler in order to select the path to follow, it does
not have direct access to these scores. This design choice is
intentional, as the Planner has a broader context of the overall
search process, and it also serves as a double confirmation
mechanism for the relevance of the hyperlink. Furthermore,
as previously noted, since the Planner is supported by GPT-

4o, this double confirmation using a more powerful model
helps to avoid paths misclassified as relevant by the weaker
GPT-4o-mini used by the Crawler Agent.

5) Supervisor Agent: It is responsible for assessing the
completeness and relevance of the gathered information. It
uses a provided tool to retrieve both the list of collected
papers and the user’s query, this agent evaluates whether
the search objectives have been met. If the collected papers
fully satisfy the query, the Supervisor Agent approves the
completion of the task. Otherwise, it provides constructive
feedback, identifying gaps in the collected information and
suggesting further actions. This agent ensures that the system’s
output meets the standards of quality and relevance before
presenting it to the user.

Given the relevance of identifying correctly if the navigation
task has been fully completed, the chosen LLM for this agent
is GPT-4o.

6) Presenter Agent: Once the search is completed and
approved by the Supervisor, the Presenter Agent retrieves the
collected papers and compiles a detailed report, ensuring that
the information is complete, accurate, and well-structured.
It presents the data in Markdown format for clarity and
readability, including essential details such as titles, authors,
publication dates if available, and links to the sources. The
Presenter Agent ensures that the final output is adjusted to
the user’s query, providing all relevant information in a clear
and structured format, also aligning the result with the user’s
language.

It is noteworthy that, to compile all the information into
a single report, the Presenter Agent must process extensive
data, requiring a long context window and, ideally, a low token
processing cost. For this reason, GPT-4o-mini has been chosen
to support this agent.

7) Critique Agent: It is the final layer of quality control,
tasked with reviewing the report generated by the Presenter
Agent. This agent evaluates the report’s structure, content,
and references, providing actionable feedback to enhance
its quality. It identifies any missing or weak points, such
as incomplete citations or gaps in coverage, and suggests
improvements to ensure the report fully addresses the user’s
query. By offering constructive critique, this agent helps the
system to provide comprehensive, accurate, complete and well
referenced outputs.

This task is key, as the feedback provided by this agent di-
rectly contributes to the generation of the final report delivered
to the user. As mentioned, the report is created by the Presenter
Agent using GPT-4o-mini due to its high token consumption.
However, to enhance the results produced by this model, GPT-
4o has been used as the Critique Agent, thereby improving the
baseline outputs of GPT-4o-mini.

H. Hierarchical Organization

To allow interaction among the agents described in the
previous section, they are arranged in a hierarchical structure,
where the first level is organized as an AutoGen Group Chat
[29], illustrated in Fig.2. This group of agents consists of two
primary types:
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Fig. 2: Group Chat. Gray boxes indicate LLM-powered agents,
while green boxes represent non-LLM proxies for accessing real

agents or hidden workflows.

1) LLM-Based Agents: These include agents such as the
Planner, which leverage the capabilities of LLMs.

2) Proxy Agents: These agents do not utilize LLMs directly.
Instead, they serve as abstractions for more complex
workflows, acting as proxies or entry points to access
these workflows. Additionally, Proxy Agents can act as
intermediaries for external elements, such as the user or
tools.

Some of these proxies serve as entry points to a pipeline or
sequence of actions known as a Nested Chat [29]. A Nested
Chat is a feature of AutoGen that enables the encapsulation
of agent conversations organized sequentially, hiding these
interactions from the main chat. This makes it particularly
suitable for scenarios where:

• Within a group chat, a specific event should trigger a
task that can be divided into sequential subtasks, and
it is preferable to isolate this task from the general
conversation. Useful for hierarchical structures.

• Tool calls need to be encapsulated within a single agent
for better organization and clarity.

For better understanding, the following subsections detail
the purpose of the different proxies.

1) User Proxy: This proxy serves as the intermediary
between the user and the system. Its main purpose is to process
user inputs and forward them to the group. Additionally, it
includes some automated messages that allow the system to
receive instructions on behalf of the user in special situations
(e.g., notifying of a forced interruption due to reaching the
limit of subpages to visit on a single website).

2) Encapsulation proxies: Both the Supervisor Proxy and
the Page Selector Proxy have a different purpose. In this case,
since the tasks performed by these agents are independent
and do not require external context about the navigation
process, their operations are encapsulated within a Nested
Chat. This approach prevents these agents from needing to
process the entire navigation history to carry out their tasks.
Furthermore, it allows for decoupling their tasks from the main
conversation, simplifying the message history and isolating
tool calls, making the latter transparent to the rest of the agents.

3) Scraper Nested Chat: Whenever the Scraper Proxy is
invoked with a target URL from which to extract information
and a query to guide the process, a sequential two-step
procedure is triggered, illustrated in Fig.3a.

In the first step, the Crawler uses its tools to access
the specified webpage and extract its content. The Crawler
inspects the retrieved content, evaluating and collecting URLs
that might lead to relevant resources for addressing the user’s

query. Subsequently, it uses a dedicated tool to update the
Web Context, storing potentially relevant hyperlinks. These
hyperlinks will later be accessed by the Planner for further
navigation.

Once the Crawler completes its task, the Paper Collector
performs a similar operation by accessing the cached web
content to locate relevant academic paper entries. Using its
assigned tool, the Scraper stores any relevant paper entries
found. If no papers are identified, it reports their absence.
Additionally, the Scraper generates a brief description of the
visited page to provide context for the Planner, reporting either
the papers collected or the lack of them.

It is worth noting that the provided tools programmatically
manage the Web Context to ensure correct usage, relieving
the agents of this responsibility and thus avoiding potential
inconsistencies.

4) Presenter Nested Chat: Similarly, once the search pro-
cess is completed and the Presenter Proxy is invoked, a
sequential process detailed in Fig.3b is triggered.

Since the search process often involves multiple pages, there
are generally more papers collected than initially requested,
in those cases where a specific number was provided (except
for high numbers, where the search process may have been
interrupted before reaching the target). Therefore, the first step
of the Presenter Agent is to retrieve the top k most relevant
papers. This is achieved using a dedicated tool that accesses
each paper entry and extracts its content, usually including
information such as title, abstract, authors, publication dates,
and relevant links (e.g., direct access to the full content in PDF
format, among others).

At this stage, the previously assigned scores for each paper
are no longer relevant for ranking purposes, as these scores
were determined based only on the publications within the
contextual window of the LLM at the time of scoring. To
compare all the collected papers simultaneously and rank them
by relevance, the system employs the BAAI/bge-reranker-v2-
m3 [36] [37], a lightweight cross-encoder model for document
retrieval ranking. This model is particularly suited for the task
due to its strong multilingual capabilities and fast inference
performance. It was chosen specifically for its high efficiency
in multilingual tasks, as reflected in the MTEB benchmark
[38] [39], enabling the system to maintain the multilingual
capabilities of an LLM-based architecture while ensuring fast,
local execution.

After obtaining the top k papers ranked by the cross-
encoder, the Presenter Agent generates a preliminary report.
This report is subsequently reviewed by the Critique Agent,
which provides the necessary feedback to produce the final
report to be delivered to the user.

I. Interaction Flow
In order to improve the system’s reliability, making it more

robust and less error-prone, a state-based flow was designed
to select the next speaker depending on the previous speaker
and the status of the Search Context. The flow begins with the
user submitting a query through the User Proxy, which is first
processed by the Web Selector to initialize SP with the most
relevant websites for exploration.
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(a) Scraper Nested Chat (b) Presenter Nested Chat

Fig. 3: Sequential Nested Chats. [29]

Subsequently, the Planner initiates a navigation process,
assisted by the Scraper: In this phase, each page is explored to
collect papers until the Supervisor grants approval or the con-
figured per-page exploration limit is reached. This procedure
is repeated for all pages in Sp. Once these pages have been
processed, the Presenter compiles all gathered information into
the final report. High-level descriptions of this process are
shown in Fig.4 and the pseudocode in Alg.1.

J. Additional Details

1) HTML to Markdown: As discussed, web navigation
through the processing of HTML pages with LLMs is highly
token-intensive. HTML files are inherently verbose, with a sig-
nificant portion of tokens dedicated to structural elements such
as tags, attributes, and inline scripts. This verbosity not only
increases token consumption, leading to higher computational
costs, but also introduces noise that can hinder the model’s
ability to focus on the relevant textual content.

To address this challenge, the proposed strategy is to parse
HTML to Markdown before it is processed by the agents.
This approach preserves all the relevant text content from the
webpages, including hyperlinks, while significantly reducing
the number of tokens required to represent the same infor-
mation. This strategy is particularly viable in this scenario,
as direct interaction with HTML elements, such as forms or
dynamic components, is not necessary. In cases where such
interactions are required, an alternative strategy would be
needed, potentially integrated as a separate module.

For the web content extraction and the Markdown con-
version, the system relies on Crawl4AI [40], an open-source
project designed for efficient and lightweight web scraping
and data extraction. Crawl4AI employs a custom conversion
strategy that does not rely on language models, making it
both fast and cost-effective. This ensures that the process
remains scalable even when dealing with a high volume of
webpages. By using this approach, we can efficiently process
relevant information from webpages while minimizing token
consumption and improving the overall performance of the
system.

Algorithm 1 High-Level Interaction Flow Pseudocode
1: function SELECTSPEAKER(lastSpeaker, S)
2: if lastSpeaker is PresenterProxy then
3: return Report
4: end if
5: if Search in Sα is stuck then ▷ Abort search in Sα

6: if SP then
7: Move to next page
8: else
9: All pages done → Presenter compiles results.

10: end if
11: end if
12: if lastSpeaker is UserProxy then
13: if not SP then ▷ First message. Select Webs
14: Invoke WebSelector
15: else
16: Invoke Planner
17: end if
18: else if lastSpeaker is WebSelector then
19: Invoke Planner
20: else if lastSpeaker is Planner then ▷ Planner decides
21: Invoke ScraperProxy or Supervisor
22: else if lastSpeaker is ScraperProxy then
23: if per-page scraping limit reached then
24: if SP then
25: Move to next page
26: else
27: All pages done → Presenter compiles results
28: end if
29: else
30: Return control to Planner
31: end if
32: else if lastSpeaker is Supervisor then
33: if Sα search completed then
34: if SP then
35: Move to next page
36: else
37: Search Completed → Presenter compiles results
38: end if
39: else
40: Return control to Planner
41: end if
42: end if
43: end function
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Fig. 4: High-Level Interaction Flow Representation.

2) Hint Injections: One observed problematic behavior in
LLMs is the loss of focus on the task or specific details
when processing long contexts. For instance, when the Planner
performs navigation actions continuously, the past context
passed to the model can introduce a bias, making it more likely
to continue navigating instead of stopping, even if the search
process has already been sufficiently productive. This behavior
often leads to unnecessary repetition of previous patterns and
inefficient use of resources.

This work propose a strategy to address this issue called
hint injection. This technique involves injecting instructions
or prompts that guide or reorient the model during critical
situations. In our case, hint injection is primarily applied
during function calls. When an agent invokes a tool and
expects a response, the response is typically accompanied by
a hint containing key instructions. Since these hints appear in
the more recent part of the context, they are more likely to
influence the model’s behavior effectively.

For example, when the Planner retrieves URLs, it is ex-
plicitly instructed via a hint that if the search process is
completed, control should be transferred to the Supervisor,
avoiding unnecessary navigation. At the same time, in cases
of early termination, the Supervisor can return control to
the Planner, ensuring that the workflow remains efficient and
avoids redundant actions.

Thus, by embedding hints into function calls, the effects of
long-context bias are mitigated, improving task focus and the
overall reliability of the system.1

IV. EVALUATIONS AND RESULTS

A. Evaluation Methods

Evaluating the proposed system presents several challenges
and limitations. One of the initial goals of this project was to
test and evaluate the system in real-world web environments.
As discussed, building a fully interactive autonomous web
navigation system, capable not only of navigating through

1 Hint Injection Example: “Select one of the above URLs to navigate. But
remember: It’s not necessary to scrape all URLs. If enough info has been
collected, give the turn to the Supervisor.”

relevant URLs but also interacting with other web elements
such as advanced search forms, is considerably complex, chal-
lenging even for SOTA works. For this reason, as mentioned
in Section III-E, this work has focused solely on exploratory
navigation through hyperlinks, treating it as a first step toward
a more complete and fully interactive system.

This interaction constraint makes evaluation using some
existing web agent benchmarks premature and challenging.
Several of these benchmarks assess open-domain tasks, such as
WebArena [27], including diverse tasks designed for general-
purpose web agents, like e-commerce, booking, and infor-
mation extraction tasks. In contrast, this work focuses on a
task-specific solution. On the other hand, other benchmarks
designed for specialized tasks, such as WebShop [25] for e-
commerce, assume broader interaction capabilities than those
presented in this work. Therefore, evaluating the system with
these benchmarks would not be appropriate at this stage.
However, as the system evolves and incorporates more ad-
vanced interaction capabilities, benchmarking against these
standardized evaluation frameworks would be appropriate and
could be considered in future work.

Given this context, an evaluation methodology that allows
to assess the system’s navigation capabilities in real-world
preprint repositories is considered. There are two primary
approaches for evaluating an agent-based system like the one
proposed:

1) Task-level evaluation: This approach assesses system
performance based on its success rate in completing the
assigned task. It focuses on evaluating how well the final
outcome satisfies the task requirements.

2) Action-level evaluation: Multi-agent systems typically
involve a sequence of actions for task resolution. This
evaluation method is more granular and aims to measure
the correctness of each individual action, rather than just
the final result. By analyzing the decision-making pro-
cess at each step, this method provides deeper insights
into the system’s reasoning, limitations, and weaknesses.

Although action-level evaluation is generally more infor-
mative and provides a better understanding of the system’s
performance, its implementation often requires a corpus of an-
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notated navigation paths or action sequences for comparison.
Additionally, integrating this type of evaluation into AutoGen’s
workflow presents technical challenges, as it requires capturing
and recording all actions taken by the agents. Due to these
complexities, this work adopts the first evaluation approach,
focusing on task-level assessment. Specifically, the system’s
performance is measured based on its ability to retrieve and
present relevant publications that match the user query.

B. Used Metrics

An important aspect of the evaluation process, which intro-
duces additional challenges, is the dynamic and ever-changing
nature of the web. This, combined with the large number of
relevant papers that could be potential candidates for retrieval,
results in a scenario where multiple different responses could
be equally valid and correct. In other words, the proposed task
lacks a fixed ground truth or gold standard against which the
system’s responses can be directly compared.

This challenge is commonly encountered in information
retrieval systems operating over large or continuously evolving
document corpora. Due to these similarities, three widely used
metrics from RAG systems have been selected to evaluate
the proposed solution. These metrics, often referred to as the
“RAG triad” [41], allow for the use of LLM-based evaluators
to mitigate the absence of a predefined ground truth. They are
defined as follows:

• Answer Relevance: Measures how closely the generated
answer aligns with the user’s original query, ensuring
that the response is both directly relevant and sufficiently
complete to fully address the request.

• Context Relevance: Evaluates how well the retrieved con-
text matches the user’s query, ensuring that the extracted
information is relevant for answering the question.

• Groundedness: Assesses the extent to which the gen-
erated answer is supported by the retrieved documents.
This metric helps determine factual accuracy and identify
potential hallucinations.

Thus, an LLM with chain-of-thought (CoT) prompting
is employed to evaluate each query across all metrics. To
ensure evaluation consistency, the metrics rely on a binary
success/failure approach for each query, rather than a broad
scoring range, mitigating variability introduced by the LLM
evaluator. Thus, aggregating results across multiple queries
allows these metrics to be interpreted as a success rate. Ad-
ditionally, each evaluation includes the LLM-generated CoT
as a justification, enabling a more detailed analysis of the
system’s weaknesses. Notably, while LLM-based evaluation
has limitations, prior research in information retrieval has
shown that LLM-generated relevance labels can match human
annotators in accuracy [42], making them a viable alternative
when no fixed ground truth is available.

C. Experimental Setup

To automate the evaluation process, LangSmith [43] has
been used. LangSmith is a framework-agnostic evaluation tool,
making it suitable for various applications. Furthermore, to

maximize the quality and reliability of the evaluations, GPT-
4o has been selected as the LLM evaluator. Additionally, due
to inference costs, and to ensure that searches do not become
excessively long, the search per page has been limited to a
maximum of five subpages to explore.

D. Evaluation Queries

To assess the system’s performance, a set of 60 queries in
English was created, each containing specific requests targeted
at five different web pages. To ensure a controlled evaluation
of system performance across diverse pages, all searches were
conducted exclusively within the specified websites, avoiding
multipage searches.

An important aspect to consider is the inherent difficulty of
the task given the interaction limitations at the current stage.
Since the system is unable to use advanced search forms,
tasks requiring sorting or filtering of search results are not
yet feasible. Additionally, queries that involve highly specific
topics become nearly impossible to resolve solely through
hyperlink navigation. These cases often require extensive ex-
ploration, making the search process extremely complex even
for humans, given the same navigation constraints. However,
it is important to highlight that these limitations could be
mitigated in the future by adding form usage capabilities.

To properly evaluate the system performance in its current
state, the queries were designed to focus on relatively general
topics that allow for relevant retrieval through URL-based
navigation. Specifically, for each website, 12 queries were pro-
posed: Six general-topic queries, which facilitate information
retrieval through standard navigation, and six more challenging
and specific queries, which require more exhaustive searches,
as their content is harder to locate and not always immediately
accessible.

E. Experimental Results

The results in Table I show that the proposed system
effectively navigates different websites, highlighting its gener-
alization capabilities and its ability to retrieve relevant infor-
mation in most cases. The system achieves an average Context
Relevance score of 0.82, indicating that it consistently retrieves
contextually relevant content to user queries. A qualitative
query-level analysis reveals that the system usually finds
relevant information for more general queries, while its per-
formance naturally declines for more specific ones. However,
even when the system fails to locate relevant information, its
navigation and decision-making processes are generally well-
reasoned and appropriate, and it should be considered that the
search performance is constrained by the imposed per-page
search limitation and the available results in the sections. An
interesting observation is that the Planner Agent often detects
unsatisfactory search outcomes and suggests the use of an
advanced search form, a functionality currently unavailable
due to the absence of a module to handle such interactions.
This suggests that extending the system with advanced search
capabilities could significantly improve its effectiveness in
future iterations.
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On the other hand, the metric that exhibits the weakest
performance is Answer Relevance, which averages 0.73 and
shows extra variability across different websites. Notably, the
system performs significantly better on ArXiv, which can likely
be attributed to the platform’s well-structured category-based
URL navigation. ArXiv provides a broader range of catego-
rized access points, facilitating more effective searches through
URL-based navigation. Additionally, an analysis of failed
cases reveals that some Answer Relevance failures are related
to formatting issues rather than retrieval errors. Specifically,
some queries request presentation in a particular format, such
as displaying only titles and dates. However, in some cases, the
Presenter Agent prioritizes its system prompt instructions over
the user’s query. The system prompt is designed to ensure that
responses are complete and well-referenced when no specific
formatting details are provided. However, in certain instances,
it overrides explicit user instructions, leading to failures in
Answer Relevance.

Finally, Groundedness is a critical metric as it assesses
whether the system hallucinates information. Overall, the
system appears relatively robust, achieving a Groundedness
score of 0.92. However, while this result is high, it leaves room
for improvement given the importance of this metric. A closer
examination of failed cases reveals that most hallucinations
occur when the system provides data explicitly requested in
the query but not found in the search. An example involves
publication dates, which are sometimes hallucinated or con-
tain minor transcription errors. More severe cases include
hallucinated research papers. In some instances, if a precise
number of papers is specified and not enough are found,
the Presenter may correctly present the retrieved ones but
hallucinate additional ones to meet the requested count. While
this behavior appears to be infrequent based on the reported
metrics, it remains a critical issue. Addressing this problem
could involve implementing a hallucination detection module,
which would enhance the system’s robustness and reliability.

1) Additional Limitations: During the evaluations, several
additional challenges have been identified that are worth
mentioning:

• Web Compatibility: As previously discussed, the system
relies on Crawl4AI [40] for web content extraction.
While the system has been tested on various websites,
incompatibilities have been observed in some cases due
to outdated simulated browsers or JavaScript rendering
issues on certain pages.

• Response Time: Restricting the system to URL-based
navigation limits its capabilities and efficiency, increasing
response times. Additionally, the sequential nature of the
process, partially constrained by the Tokens Per Minute
(TPM) limit imposed by OpenAI’s API, further slows
down the search process.

• Cost: Due to the high token consumption resulting from
the observation-action pattern, the system incurs a non-
trivial usage cost. This cost varies depending on the
explored websites and configuration parameters, such as
per-page search limitations.

TABLE I: Retrieval Results for Different Sources

Source Answer
Relevance

Context
Relevance

Groundedness

Arxiv 0.92 1.00 0.75
Biorxiv 0.67 0.83 1.00
Chemrxiv 0.58 0.75 0.92
Medrxiv 0.67 0.83 0.92
Springer 0.83 0.67 1.00

Overall 0.73 ± 0.14 0.82 ± 0.12 0.92 ± 0.10

V. CONCLUSIONS AND FUTURE WORK

This work presents a component of a potentially broader
system for autonomous web navigation aimed at retrieving
academic publications from scientific repositories. The pro-
posed system focuses on hyperlink navigation, as it is a gen-
eralizable and fundamental task across multiple websites. The
solution follows a domain-specific approach and implements
a tree-traversal search pattern to explore relevant content.

While the current implementation exhibits limitations and
challenges, some of these can be mitigated by incorporating
additional modules to enhance interactivity, such as handling
search forms. Despite the complexity of the task, the results
are favorable and the findings suggest that LLM-based agents
provide a promising solution for achieving autonomous web
navigation, exhibiting adaptability across different real-world
websites.

To further enhance the system, several improvements and
extensions are suggested:

• Enhancing Interaction Capabilities: Introducing modules
that allow interaction with search forms would enable the
system to leverage built-in search engines and filtering
mechanisms of academic repositories, significantly im-
proving retrieval efficiency and effectiveness.

• Leverage more Robust Evaluations which not only as-
sess final task completion but also analyze action-level
decision-making. Once the system’s capabilities expand,
evaluating it against web navigation benchmarks will
provide a more comprehensive comparison with SOTA
approaches.

• Optimization: As access to SOTA LLMs with higher
TPM limits becomes more affordable, optimizing search
strategies—such as parallelizing searches across multiple
relevant sites—could significantly reduce retrieval times.

• Implementing a hallucination detection mechanism
would enhance the reliability of retrieved results, check-
ing factual accuracy and minimizing generated errors

• Exploring Multimodality by integrating visual informa-
tion processing, rather than solely relying on textual
content, could improve navigation and interaction with
dynamically generated webpages.

• Exploring new emergent models such as OpenAI’s
o1 [44] or DeepSeek [45], which leverage Test-Time
Compute [46] for enhanced reasoning, could unlock more
powerful interactions. Incorporating these models into
key agent roles, such as the Planner Agent, may notably
improve decision-making.
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