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Abstract

Dynamic web navigation is challenging due
to infinite decision space and the constantly
changing nature of cyberspace. Existing meth-
ods rely on greedy strategies or value estima-
tion, struggle to achieve effective backtrack-
ing and are heavily dependent on proprietary
models. In this paper, we propose HINT-
NAVIGATOR, a cognitive multi-agent collabo-
ration framework that enhances cyberspace ex-
ploration capability through In-Context Explo-
ration (ICE). Inspired by the human cognitive
planning process, we categorize the interaction
history into Declarative History (environment
observations) and Procedural History (action
trajectories) to enhance historical reflection ca-
pability. These dual-history streams are dy-
namically integrated through specialized cog-
nitive agents, enabling effective self-directed
backtracking guided by working memory con-
solidation. Experiments show that HintNav-
igator achieves state-of-the-art performance
among open-source LLM agents, surpassing
proprietary model Claude-3.5 Sonnet on the
WebArena benchmark.

1 Introduction

Large Language Model (LLM) driven agents have
made significant progress in planning and reason-
ing, showing great potential as human assistants
(Liu et al., 2024; Wang et al., 2024b; Valmeekam
et al., 2023). As cyberspace expands and evolves,
users must navigate through overwhelming and
continuously changing information to find valu-
able content efficiently. Dynamic web navigation
tackles this challenge by enabling web agents to
autonomously explore dynamic web pages, accu-
rately locate target information, and effectively
complete user tasks in real time (He et al., 2024).

The key challenges for dynamic web naviga-
tion are that web agents must navigate in an in-
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Figure 1: Comparison of Exploration Strategies.

finite decision space while adapting to a con-
stantly changing environment. The unbounded
nature of the web presents agents with an over-
whelming number of navigation choices (Baeza-
Yates and Castillo, 2007), significantly increasing
decision complexity and risking inefficient paths
or dead ends. Furthermore, the dynamic nature
of web compounds this challenge: after interact-
ing with a link, pages often update content, alter-
ing their available choices. These dual challenges
of infinite decision-making and environmental dy-
namism underscore the complexity of developing
robust web navigation systems.

Existing approaches for dynamic web naviga-
tion can be broadly categorized into two groups:
Reactive Agents and Search Agents. Reactive
Agents (Figure 1.a) typically based on the Re-
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Act framework (Yao et al., 2023), focus on se-
lecting locally optimal actions for the current
states. However, their effectiveness is limited due
to the lack of exploration and the disregard for
backtracking (see Table 1). On the other hand,
Search Agents, which employ tree search methods
(Browne et al., 2012), construct state-space trees
to facilitate value-based backtracking (Figure 1.b).
Despite their potential, they encounter significant
challenges due to the vastness of the web pages.
The exponential growth of the search space results
in substantial computational overhead. Moreover,
the prevalence of irreversible actions in web nav-
igation makes state backtracking frequently im-
practical (Gu et al., 2024). Additionally, these ap-
proaches predominantly rely on proprietary mod-
els like GPT-4o (Hurst et al., 2024) or Claude-
3.5 Sonnet (Anthropic, 2024a), while the develop-
ment of open-source alternatives has significantly
lagged behind. This reliance on closed models not
only limits the reproducibility and extensibility of
research but also creates substantial barriers to en-
ter for the broader research community.

In this paper, we propose HintNavigator (Fig-
ure 1.c), a cognitive multi-agent collaboration
framework that addresses the critical challenges of
dynamic web navigation. Specifically, we intro-
duce In-Context Exploration, a strategy that lever-
ages Hint—reflects upon historical actions and
provides guidance for subsequent decisions—to
help the agent perform self-directed backtracking.
This approach enables the agent to efficiently nav-
igate in an infinite decision space by dynamically
refining its exploration strategy. To better adapt
to the constantly changing web environment, we
incorporate a dual-history multi-agent framework,
where multiple agents collaborate to adjust to en-
vironmental changes. Our approach is inspired by
human cognitive planning processes, in which dis-
tinct brain regions specialize in different types of
information processing before integrating them for
decision-making. We categorize historical infor-
mation into two distinct types: Declarative His-
tory, which captures factual and contextual infor-
mation, and Procedural History, which records the
sequence of previous actions. This dual-history
structure allows the agent to integrate procedural
knowledge with declarative cues, facilitating pol-
icy refinement and enabling the agent to dynami-
cally adjust its decision-making.

Experiments on the WebArena (Zhou et al.,
2024) demonstrate that HintNavigator achieves

Agent Go Back(%) Goto(%) Backtracking(%)

SteP 0.89 0.64 7.96
AgentOccam-J 3.39 1.22 15.76
WebArena 0.30 1.69 11.03

Human - - 30–50

Table 1: Comparison of Backtracking behavior
in web navigation: Reactive agent vs. Human
(See detailed description in Appendix B). Go Back,
Goto, and overall Backtracking ratios derived from
public trajectories and empirical human browseing
data (White and Drucker, 2007; COCKBURN and
MCKENZIE, 2001).

state-of-the-art success rate among open-source
LLMs and delivers results comparable to propri-
etary LLMs, highlighting its effectiveness in ad-
dressing the challenges of infinite dynamic web
navigation.

The main contributions of this paper are summa-
rized as follows:

• We design an exploration strategy, In-Context
Exploration, which incorporates self-directed
backtracking through Hint, significantly im-
proving the efficiency and accuracy in infinite
decision space.

• We propose a dual-history multi-agent frame-
work for reflecting on historical information,
enabling the agent to dynamically adjust its
decision-making in a constantly changing en-
vironment.

• We demonstrate that HintNavigator, built on
open-source LLMs, not only achieves state-
of-the-art performance for open-source mod-
els but also delivers performance comparable
to proprietary LLMs.

2 Methodology

In this paper, we introduce HintNavigator (Figure
2), a cognitive multi-agent collaboration frame-
work designed to enhance dynamic web naviga-
tion within infinite decision spaces through in-
context exploration. Our work is motivated by the
observation that existing LLM driven agents often
prioritize locally optimal decisions at each step,
which would lead to myopic behaviors. Specif-
ically, once an agent enters an incorrect naviga-
tion path, it tends to delve deeper indefinitely, un-
like humans who naturally employ iterative explo-
ration and backtracking to identify optimal routes
(Table 1).
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Figure 2: Overview of HINTNAVIGATOR framework. The multi-agent system collaboratively maintains and re-
flects on history, enabling self-directed backtracking through in-context exploration with dynamic hint generation.

We argue that this limitation stems from the
uniform treatment of all historical information in
prior approaches, which lack mechanisms for re-
flective reasoning. To address this, we draw inspi-
ration from the human cognitive architecture ACT-
R (Anderson, 1983, 1993). ACT-R is a cognitive
architecture theory that explains human cognition
and memory mechanisms, providing a framework
for understanding how brain processes informa-
tion and executes corresponding actions. At its
core, ACT-R establishes a critical dichotomy in
knowledge representation: declarative knowledge
(scattered information within observations) versus
procedural knowledge (past actions and the reason-
ing), which collectively constitute working mem-
ory to guide decision-making processes.

Building upon this theoretical foundation, we
will introduce in-context exploration (in Sec. 2.2)
and cognitive multi-agent collaboration frame-
work (in Sec. 2.3).

2.1 Problem Formulation

We formulate dynamic web navigation as a
Partially Observable Markov Decision Process
(POMDP, Silver and Veness (2010)), where the
agent operates under partial observability limited
to browser-rendered information (e.g., HTML).

The web environment is characterized by: (1)
hidden state space S; (2) observation spaceO con-
taining the navigation goal, the accessibility tree

and the URL of current web page ; (3) language-
action spaceA, including actions (e.g., click, goto,
etc.) and descriptions; (4) deterministic state tran-
sition function T : St × At → St+1; (5) terminal
reward functionR : S → R quantifying task com-
pletion success.

In this work, we aim to enhance the perfor-
mance of a fixed LLM policy πLLM. We propose
to achieve this through an optimal transformation
function f(·) that processes the historical context
H. Specifically, we seek to maximize the expected
reward of termination state by the policy agent
πLLM(A|O, f(H)).

2.2 In-Context Exploration in Web Space

Dynamic web navigation is an iterative process in
which a policy agent, starting with a specific goal
and an initial webpage, chooses an action from a
set of actions. This decision is informed by the
goal, the webpage’s URL, and the accessibility
tree, which serves as the observation space. The
selected action triggers a change in the webpage,
thereby refreshing the observation and repeating
the cycle. This process continues until the agent
determines an endpoint and stops navigating.

For instance in Figure 2, consider the goal “Tell
me the number of reviews”. On the initial home-
page, the agent selects to click on “REPORTS”.
This leads to an incorrect page, and for previous
reactive agents, finding reviews would be impos-
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sible since they only move forward. However,
with HintNavigator, guided by a Hint (introduced
in Sec. 2.3.1), the policy agent generates a back-
tracking action (goto and go back), enabling self-
directed backtracking. This allows the agent to
return to the homepage, now aware that clicking
“reporting” was a misstep. The agent is guided
by hint “Go back to Marketing” then selects to
click on “MARKETING”, ultimately successfully
locating the user reviews. We term this exploration
strategy In-Context Exploration.

2.3 Cognitive Multi-Agent Collaboration

Existing LLM-driven agents often treat historical
information uniformly, relying solely on the inher-
ent context-handling capabilities of LLMs without
distinguishing between different types of history.

This approach, where all historical informa-
tion is directly fed into policy agent without addi-
tional reflection, is the primary reason why exist-
ing agents struggle to self-directed backtrack and
recover from error paths. To address these limita-
tions, we draw inspiration from the ACT-R cogni-
tive architecture and categorize historical informa-
tion (H) into two distinct types: declarative his-
tory (D) and procedural history (P).

H = D + P (1)

Declarative history refers to the scattered infor-
mation within the observation space. It is infor-
mation directly encode from the environment and
does not require much synthesization (Yengin and
Ince, 2014). It emphasizes the what—the explicit
facts relevant to the task. For instance, it may
involve the memorization and retrieval of HTML
snippets or other structured data. By capturing the
environmental context, declarative history plays a
pivotal role in informing the decision-making pro-
cesses of the agent, enabling it to leverage explicit,
structured knowledge for task resolution.

Procedural history refers to the agents past ac-
tions and the reasoning underlying its decisions. It
is information encoded from synthesizing and ob-
serving transformations of the environment (Yen-
gin and Ince, 2014). Unlike declarative history,
which focuses on explicit facts, procedural history
emphasizes the why—the rationale behind specific
actions or strategies. However, since these actions
and reasoning steps may not always be accurate
or optimal, they should not be directly incorpo-
rated into decision-making without careful evalu-

ation. Instead, procedural history serves as a re-
flective tool, enabling the agent to learn from past
experiences and refine its future behavior.

2.3.1 Hint Generation
We propose to leverage hint to guide the policy
agent in performing in-context exploration. These
hints are designed to provide actionable guidance,
and thus, we generate them using procedural his-
tory composed of action sequences. Specifically,
we employ a procedural agent (ψ) to generate
these hints, ensuring that they are both contextu-
ally relevant and actionable for the policy agent.

Hint = ψ(P) (2)

Hints guide the policy agent in its next steps. This
next step guidance distinguishes our approach
from orchestration-based methods, which typi-
cally rely on pre-defined global plans rather than
dynamic, fine-grained hints.

2.3.2 Working Memory Representation
Relying solely on hint leads to the loss of ob-
servational information from the declarative his-
tory, particularly regarding scattered information
that is distributed across the observation space. To
preserve this crucial information, we introduce a
declarative agent (ϕ) that maintains these observa-
tions and then integrate with hint to form a com-
prehensive working memory (W) for policy agent
πLLM(A|O,W).

W = ϕ(D) + Hint (3)

Theoretically, D should encompass the entire
observation space that has been visited. However,
due to the constraints imposed by the limited con-
text window of LLMs, we adopt an iterative ap-
proach to update D. Consequently, the updates to
D and P are formulated as follows:

Dt = ϕ(Ot,Dt−1)

Pt = Pt−1 + (actiont, thinkt)
(4)

Algorithm 1 presents the pseudocode for Hint-
Navigator. The Execute is a pre-defined pro-
gram that executes the action in the environ-
ment. The TerminationCheck function determines
whether the agent should terminate by evaluating
two conditions: (1) if the policy agent generates
a send msg to user action, or (2) if the maximum
number of t is reached. All prompt templates used
in HintNavigator are provided in Appendix J.

8221



Algorithm 1: HintNavigator
Input: Initial observation O0

Output: RewardR
1 t← 0;
2 D,P ← {};
3 while True do
4 D ← DeclarativeAgent(Ot,D);
5 Hint← ProceduralAgent(Ot,P);
6 W ← D +Hint;
7 At, Tt ← PolicyAgent(Ot,W );
8 Ot+1 ← Execute(At);
9 P ← P+ < At, Tt >;

10 t← t+ 1;
11 if TerminationCheck() = True then
12 break;
13 end
14 end
15 ReturnR(St);

3 Experiments and Analysis

3.1 Setup

Web Environment. We evaluate our approach
on two web interaction benchmarks: WebArena
(Zhou et al., 2024) and Online-Mind2Web (Xue
et al., 2025). WebArena is a locally deployed
benchmark for dynamic web interaction, designed
to avoid real-world issues such as anti-crawling
mechanisms. It contains 812 tasks across four
fully functional websites (Shopping, CMS, Reddit,
and GitLab), several utility sites (e.g., Maps, Cal-
culator, and Encyclopedia), and one multi-site col-
laboration task. Online-Mind2Web includes 300
tasks on real-world websites, providing a more re-
alistic evaluation than simulated platforms.

Evaluation Metric. Evaluations are conducted
once at task completion, with task success rate
(SR) serving as the primary performance met-
ric. To determine whether a task is successfully
completed, WebArena provides evaluation func-
tions that assess task success through a set of pre-
defined procedures.

Agent Backbone. For the policy agent, we im-
plement a ReAct agent base on Qwen-2.5 72B In-
struct (Qwen et al., 2025) and Llama-3.1 70B In-
struct (Dubey et al., 2024).

For the action space, prior work by Yang et al.
(2025) has demonstrated that the selection of the
action space plays a critical role in determining

the performance of such agents. Building on their
findings, we adopt a simplified action space that
maintains the agents full behavioral capabilities
while minimizing the gap with pre-trained tasks
(see Appendix A for details). This design choice
ensures that the agent can operate effectively with-
out requiring extensive task-specific fine-tuning.

For the observation space, it is essential to incor-
porate as much information as possible from the
environment to maximize the agents performance.
To this end, we utilize an accessibility tree aug-
mented with webpage URL information. The ac-
cessibility tree, a simplified representation of the
DOM tree, preserves the structural and semantic
clarity of web elements while reducing unneces-
sary complexity. This approach ensures that the
agent has access to rich, structured information
about the environment, enabling more informed
decision-making.

Baselines. We compare HintNavigator against
both proprietary and open-source LLM-based ap-
proaches. Specifically, we compare against the
following baselines in Webarena: (1) TreeSearch
(Koh et al., 2024), which utilizes tree search with
backtracking for task execution; (2) AgentLab
(Chezelles et al., 2024), which reports results for
multiple models under a unified reactive agent; (3)
SteP (Sodhi et al., 2024), a method that manually
stratifies task-solving strategies; (4) AWM (Wang
et al., 2024c), a method that finds trajectory pat-
terns to enhance memory; (5) WebPilot (Zhang
et al., 2025), a multi-agent system with strategic
exploration; and (6) AgentOccam-J (Yang et al.,
2025), a proprietary LLM-based method represent-
ing the current state-of-the-art.

On the Online-Mind2Web, we compare our ap-
proach with two representative systems: Claude
Computer Use (Anthropic, 2024b), a closed-
source web automation agent, and Browser Use
(Team, 2024), an open-source browser-control
framework. These baselines provide a compre-
hensive comparison across diverse methodologies,
highlighting the strengths and limitations of Hint-
Navigator.

3.2 Main Results

We conducted a comprehensive evaluation of Hint-
Navigator by comparing it against both proprietary
and open-source LLMs to demonstrate the effec-
tiveness, with the results presented in Table 2-3.
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Agents Model SR Shop. CMS Red. Git. Map Mul.

Proprietary LLMs

Tree Search (Koh et al., 2024) GPT-4o 19.2 - - - - - -
SteP (Sodhi et al., 2024) GPT-4 Turbo* 33.3 33.2 32.4 52.8 26.7 35.8 12.5
AWM (Wang et al., 2024c) GPT-4 35.5 - - - - - -
WebPilot (Zhang et al., 2025) GPT-4o 37.2 - - - - - -
AgentLab (Chezelles et al., 2024) Claude-3.5 Sonnet 36.2 - - - - - -
AgentOccam-J (Yang et al., 2025) GPT-4 Turbo 45.7 43.3 46.2 67.0 38.9 52.3 16.7

Open-sourced LLMs

AgentLab (Chezelles et al., 2024) Llama-3.1 70B 18.4 - - - - - -
AgentLab (Chezelles et al., 2024) Qwen-2.5 72B** 15.5 23.0 13.2 8.5 16.7 14.7 8.3
AgentOccam-J (Yang et al., 2025) Qwen-2.5 72B** 28.6 33.2 23.1 60.4 22.8 15.6 12.5

HintNavigator (ours) Llama-3.1 70B 27.2 26.2 24.7 41.5 30.6 22.9 6.3
HintNavigator (ours) Qwen-2.5 72B 36.5 35.3 41.2 51.9 39.4 22.9 8.3

Table 2: Experiment results on WebArena. All open-source LLMs refer to their Instruct versions. * denotes that
we obtain their detailed results from AgentOccam. ** denotes that we rerun their code with specific LLM.

Method Model SR (%)

HintNavigator (ours) Qwen-2.5 72B 28.7
Browser Use (Team, 2024) GPT-4o 24.3
Computer Use (Anthropic, 2024b) Claude-3.5 Sonnet 26.0

Table 3: Experiment results on Online-Mind2Web. We
use WebJudge-7B for evaluation.

HintNavigator achieves state-of-the-art perfor-
mance among open-source LLM agents. Hint-
Navigator attaining a success rate of 36.5% with
the Qwen-2.5 72B Instruct model in WebArena,
surpassing the results of the current SOTA method,
AgentOccam-J, when using the same model. With
Llama-3.1 70B Instruct, HintNavigator achieves a
success rate of 27.2%, a 47.8% relative improve-
ment over AgentLab using the same model. No-
tably, HintNavigator, utilizing the Qwen-2.5 72B
Instruct model, surpasses the performance of the
Claude-3.5 Sonnet in both benchmarks.

HintNavigator Excels in Single-Site Tasks with
Room for Multisite Enhancement. HintNavi-
gator demonstrates strong performance on Reddit
(51.9%) and Gitlab (39.4%) tasks, showcasing its
effectiveness in diverse web interactions, while its
lower success rate on Multisite tasks (8.3%) high-
lights potential areas for future improvement.

3.3 Ablation Studies
3.3.1 Impact of Working Memory
To investigate the impact of working memory, we
conducted ablation studies on HintNavigator un-

der various working memory configurations in We-
bArena, with the results presented in Table 4.

HintNavigator achieves the optimal working
memory configuration. We observe substantial
performance gains across both Qwen and Llama.
This performance improvement is primarily at-
tributed to single-website tasks, where the model
benefits from focused contextual cues. However,
the advantage diminishes in multi-website, which
we attribute to potential interference from cross-
website declarative history that may introduce cog-
nitive conflicts. Overall, HintNavigator demon-
strates consistent performance advantages.

Hint plays a crucial role in working memory.
Specifically, using Hint alone achieves subopti-
mal performance, which is notably superior to us-
ing only P , only D, or the combination of D + P .
Furthermore, the use of Hint alone yields the
best success rate in multi-website tasks, highlight-
ing their effectiveness in cross-domain scenarios.
These results suggest that the role of D may be
limited in certain contexts, warranting further in-
vestigation in future work to better understand its
scope and applicability.

Using history without distinction leads to sub-
optimal performance. Specifically, when D +
P are directly incorporated into the working mem-
ory, we observe performance degradation com-
pared to using D alone, as evidenced by exper-
imental results on the Llama. Furthermore, our
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Experimental Settings SR Shopping CMS Reddit Gitlab Map Multisite

Qwen-2.5 72B Instruct

HintNavigator 36.5 35.3 41.2 51.9 39.4 22.9 8.3
W = Hint 30.1 33.7 30.2 41.5 30.6 19.3 12.5
W = Declarative History 27.6 31.6 22.0 41.5 25.6 27.5 10.4
W = Procedural History 26.4 34.2 19.8 41.5 26.7 16.5 8.3
W = Decl.+ Proc. History 28.5 30.5 27.5 46.2 26.7 21.1 8.3

Llama-3.1 70B Instruct

HintNavigator 27.2 26.2 24.7 41.5 30.6 22.9 6.3
W = Hint 25.9 26.2 26.4 36.8 25.0 21.1 12.5
W = Declarative History 25.1 25.1 24.7 31.1 27.8 22.9 8.3
W = Procedural History 22.2 24.6 20.3 37.7 21.1 14.7 6.3
W = Decl.+ Proc. History 24.4 25.7 23.1 32.1 26.7 21.1 6.3

Table 4: Component-wise analysis of HintNavigator: Evaluating the contribution of history and hint.

Agent Go Back(%) Goto(%) Backtracking(%) SR

AgentLab* 0.09 3.22 6.90 16.0
AgentOccam-J* 3.46 4.93 24.80 28.6

HintNavigator 3.46 3.80 40.76 36.5
W = Hint 2.91 3.30 36.95 30.1
W = D 2.94 2.56 12.81 27.6
W = P 4.61 2.27 23.52 26.4
W = D + P 3.18 4.61 39.04 28.5

Human - - 30–50 78.2

Table 5: Comparative analysis of backtracking in
Qwen. W denotes working memory. * denotes that
we rerun their open-sourced code with Qwen.

findings demonstrate that the direct application
of P yields inferior outcomes compared to hint,
strongly validating the rationale behind adopting
Hint as an alternative to P .

3.3.2 Impact of Backtracking
To investigate the impact of backtracking, we
conducted a quantitative analysis of backtracking-
related actions on the Qwen-2.5 72B Instruct. The
detailed results are presented in Table 5, and
the complete action frequency statistics are illus-
trated in Figure 3. This analysis provides insights
into the frequency and necessity of self-directed
backtracking in our framework, which is crucial
for understanding the model’s navigation behav-
ior. Specifically, we measured two metrics: (1) the
proportion of backtracking actions (including Go
Back and Goto) in all actions. (2) the percentage
of trajectories that including backtracking action.

HintNavigator enhances the backtracking rate.
In evaluations conducted on the same Qwen

model, HintNavigator exhibits a 15.96% increase
in backtracking rate over AgentOccam-J, the state-
of-the-art reactive agent. This improvement under-
scores the effectiveness of HintNavigator in nav-
igating infinite decision spaces by leveraging in-
context exploration strategy for error recovery.

Hint is the key to backtracking. Under only
Hint, agent achieves 36.95% backtracking ratio,
outperforming only D (12.81%) and P (23.52%).

3.4 Case Study
To investigate the advantages and limitations of In-
Context Exploration, we conducted a qualitative
analysis on several instances of HintNavigator.

Effectiveness of In-Context Exploration. In-
context exploration can guide the agent to recover
from error paths. Given the infinite decision space
and the dynamic nature of web environment, an
agent is prone to being led astray once it makes
suboptimal decisions. In-context exploration en-
ables the agent to recognize when it has deviated
from the correct path through reflective analysis
of its history. By leveraging hints, the agent can
perform self-directed backtracking and realign it-
self with the correct path. One example is Task
#13 (see in Appendix G), where the agent initially
diverges into an incorrect path but successfully re-
verts to the correct path with the aid of hints.

Error Analysis. We conducted a manual analy-
sis of 100 error cases sampled from the trajectories
generated by HintNavigator in Qwen-2.5 72B In-
struct, with the results illustrated in Figure 4. The
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errors were categorized into four types: (1) Com-
pletion Hallucination, where the agent incorrectly
assumes that the goal has been either completed or
not completed. For example, the agent might pre-
maturely conclude that a user’s request to “book a
flight” is completed after selecting a flight, without
proceeding to the payment confirmation page; (2)
Information Extraction Failure, where the agent
fails to extract all answers or information from the
page. For instance, when asked to find the price of
a product on an e-commerce page, the agent might
only extract the price missing the additional fees
such as shipping costs; (3) Goal Misunderstanding,
where the agent misinterprets the intended goal.
For example, the user’s goal is “What is the top-
1 best-selling product in 2022”, the agent might
misinterpret this as searching for best-selling prod-
uct, regardless of year; (4) Fail to Recover, where
the agent is unable to identify the optimal path to
achieve the goal. For instance, when navigating a
complex website to complete a multi-step task like
applying for a visa, the agent might get stuck in a
loop of revisiting the same pages.

4 Related Work

Reactive Agents for Dynamic Web Navigation.
The development of reactive agents has progressed
in tandem with proprietary LLMs. These agents
operate reactively, making decisions based on im-
mediate observations without extensive planning,

often using frameworks like ReAct (Yao et al.,
2023). A significant body of work focuses on de-
signing specialized modules to decompose com-
plex tasks (Sodhi et al., 2024; Pan et al., 2024a;
Drouin et al., 2024), leveraging proprietary mod-
els such as GPT-4 or GPT-4o. Other approaches
improve performance by extracting patterns from
historical trajectories (Wang et al., 2024c). How-
ever, reliance on proprietary models raises scala-
bility and privacy concerns. In contrast, recent re-
search has demonstrated competitive performance
by fine-tuning open-source models on large-scale
trajectory data (Lai et al., 2024; Chae et al., 2024;
Qi et al., 2025; Su et al., 2025), circumventing
the limitations of proprietary systems. In this
work, we explore the shared challenges across
these paradigms and investigate the potential of
open-source models to achieve state-of-the-art per-
formance, aiming to advance accessible and scal-
able web agents.

Search Agents for Dynamic Web Navigation.
Tree search methods have shown promise in help-
ing agents balance exploration and exploitation in
environments. These methods typically rely on
value functions to estimate state rewards. How-
ever, real-world tree search (Koh et al., 2024) of-
ten requires state backtracking, which is infeasi-
ble due to irreversible operations on websites (Gu
et al., 2024). Model-based tree search introduces
web-world models to simulate interactions (Gu
et al., 2024; Chae et al., 2024), but this approach
compounds uncertainty, leading to suboptimal per-
formance. Additionally, value estimation in web is
challenging due to the absence of explicit reward
signals. To address these limitations, we propose
in-context exploration that enables autonomous
learning of exploration-exploitation balance. By
leveraging procedural history, our method gener-
ates dynamic hints to guide agents in escaping sub-
optimal trajectories, reducing reliance on explicit
value functions and mitigating the challenges of ir-
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reversible actions. This approach enhances adapt-
ability and decision-making efficiency in complex
web environments.

5 Conclusion

In this paper, we introduced HintNavigator, a Cog-
nitive Multi-Agent Collaboration Framework us-
ing In-Context Exploration strategy to address the
challenges of infinite dynamic web navigation. In-
spired by the ACT-R, we categorize history into
declarative history and procedural history, employ-
ing two specialized agents to generate working
memory and guide the policy agent through a self-
directed backtracking mechanism using hints. The
results on the WebArena demonstrate the effec-
tiveness of HintNavigator. Our findings not only
advance the state-of-the-art in open-source LLM-
based web navigation but also provide a founda-
tion for future research in cognitive-inspired multi-
agent systems for interactive tasks.

Limitations

We acknowledge the limitation of our study that
we aim to address in future work.

Limited exploration in training LLMs specifi-
cally for dynamic web navigation. Our study
primarily focused on utilizing pre-trained, static
LLMs without further fine-tuning or specialized
training. We hypothesize that incorporating large-
scale training using web navigation trajectories
could potentially enhance HintNavigator’s perfor-
mance by better capturing the dynamic nature
and state-dependent decision processes inherent in
real-world web environments.
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A Action Space

To ensure the agent’s ability to comprehensively
execute all possible actions on a web page while
minimizing the action space, we have carefully
optimized our action space. The detailed action
space is presented in Table 6.

Action Description

wait [time] Wait time
click [id] Click an element
fill [id] [content] Fill an element
goto [url] Goto URL
go back Go back of the page
send msg to user Send message to user

Table 6: Action space for agent to interact with web.

B Description of Action Behavior
Analysis

Due to the cyclic graph nature of web, certain click
actions may inadvertently cause backtracking be-
havior. Simply measuring the ratio of explicit “Go
Back” and “Goto” actions as the backtracking rate
could lead to significant measurement biases.

To obtain accurate statistics, we conducted a
meticulous annotation study with three annotators
holding Master’s degrees in Computer Science.
These annotators independently examined the first
100 task trajectories in WebArena. For cases with
disagreement, we held consensus meetings to re-
solve discrepancies through discussion.

The results in Table 7 reveal the key findings:
The proportion of backtracking caused by click
actions is sufficiently small that it doesn’t signif-
icantly impact our analysis of the ICE compo-
nent’s contribution. Moreover, browser navigation
actions and explicit jumps prove more efficient
than click-induced backtracking. This is particu-
larly evident in deep navigation scenarios, where
click-based methods (typically limited to top-level
navigation elements) are less effective than direct
jumps to specific pages.

C Introduction to ACT-R

HintNavigator draws inspiration from the Adap-
tive Control of ThoughtRational (ACT-R) architec-
ture, a cognitive framework that seeks to explain
higher-level human cognitive processes. ACT-R
provides a theoretical model of how humans pro-
cess information and subsequently take action. At
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Model Backtracking w/o click (%) Backtracking w/ click (%)

AgentOccam-J 16.0 22.0
SteP 5.0 6.0
HintNavigator 43.0 43.0

Human - 30-50

Table 7: Backtracking ratio with or without click.

its core, ACT-R posits that cognitive processes are
grounded in a unified system, meaning that all hu-
man thought, regardless of its nature, arises from
the same underlying neural mechanisms. This
principle bears a striking resemblance to the be-
havior of LLM-driven agents, particularly when
operating within the constraints of a fixed LLM.

One of the central tenets of ACT-R is the dis-
tinction between two types of knowledge: declara-
tive knowledge, which encompasses facts or rules
for solving mathematical equations, and procedu-
ral knowledge, which involves habitual behaviors
such as riding a bicycle or driving a car. This di-
chotomy offers a compelling explanation for the
limitations observed in earlier web agents, which
often struggled to perform deep exploration of
historical information. As a result, these agents
lacked the ability to engage in retrospective rea-
soninga critical exploratory capability that is fun-
damental to human cognition.

D Benchmarks for Web Navigation

The evaluation of web agents has evolved signif-
icantly, driven by the growing demand for auto-
mated web tasks powered by LLMs and VLMs.
Early benchmarks like MiniWob (Shi et al., 2017)
and MiniWoB++ (Liu et al., 2018) established the
foundation by using simplified web environments.
Subsequent advancements introduced more realis-
tic frameworks, such as Mind2Web (Deng et al.,
2023), which employed static snapshots of real-
world websites to better simulate web interac-
tions. More recently, WebArena (Zhou et al.,
2024) has emerged as a leading benchmark, offer-
ing a dynamic evaluation environment by hosting
real-world websites on local servers. Extending
this paradigm, Mind2Web-live (Pan et al., 2024b)
enables evaluations on live websites, though this
introduces challenges such as network variability,
anti-crawling mechanisms, and dynamic content
changes. These factors, while reflective of real-
world conditions, can obscure the assessment of
an agent’s decision-making capabilities. To fo-
cus on core decision-making, we adopt WebArena,
which provides a realistic yet controlled environ-

Method Model SR (%)

HintNavigator (ours) Qwen 2.5 72B 51.5
HintNavigator (ours) Llama 3.1 70B 39.4
AgentLab (Chezelles et al., 2024) Llama 3.1 70B 27.9
AgentLab (Chezelles et al., 2024) Claude 3.5 Sonnet 56.4
WorkArena (Drouin et al., 2024) GPT-4o 42.7

Table 8: Performance comparison on WorkArena.

ment, mitigating issues related to network reliabil-
ity and anti-crawling measures.

E Experiments on WorkArena

To evaluate HintNavigator’s capability in realistic,
complex scenarios, we conducted experiments us-
ing the WorkArena (Drouin et al., 2024), which is
built on the widely-used ServiceNow platform.

Our results in Table 8 demonstrate that HintNav-
igator achieves competitive performance across
proprietary models. Notably, HintNavigator with
Qwen 2.5 72B outperforms GPT-4o in WorkArena.

F Compare to Reflection Agent

F.1 Web Agents

Existing web agents typically employ trajectory-
level reflection mechanisms. For instance, Auto-
Eval (Pan et al., 2024a) conducts post-episode
evaluations to guide subsequent retries. In con-
trast, HintNavigator operates at step-level gran-
ularity, maintaining and utilizing contextual in-
formation across multiple decision points. Prior
attempts at step-level reflection in web environ-
ments often failed due to insufficient differentia-
tion of historical information treating webpage his-
tory and action history uniformly resulted in noisy
signals that hindered effective policy updates.

F.2 GUI Agents

GUI agents like Mobile-Agent-v2 (Wang et al.,
2024a) focus on post-action correction, modify-
ing the current action after observing its outcomes.
HintNavigator instead provides forward-looking
guidance through hints for subsequent actions.
The post-correction paradigm risks agent deadlock
when: (1) the correction module fails to diagnose
errors accurately, or (2) no valid correction can be
derived for the current state. HintNavigator avoids
these pitfalls through self-directed policy adjust-
ment, where the agent autonomously incorporates
hints into its decision-making process without ex-
ternal intervention.
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Intent: Tell me the the number of reviews that our
store received by far that mention term "decent"WebArena.13

Hint:Navigate to
the "Reports"

1

Hint:Click on the
'By Customers'

2
Hint:Go home

page
3

Hint:Navigate to
the “Marketing"

4

Hint: Click on
‘All Reviews'

5
Hint:send

answer to user
6

Figure 5: An illustrative example demonstrating HintNavigator’s capability in guiding agents to escape from sub-
optimal trajectories through in-context exploration with strategic hint utilization.

G Role of Backtracking

We conduct a detailed analysis of existing meth-
ods’ behavior on WebArena Task #13 to demon-
strate how the absence of backtracking leads to
failure.

The objective of WebArena #13 is to count the
number of comments containing ”decent” in CMS.
In AgentOccam-J’s trajectory, the agent navigates
to the ”Reports” page—a seemingly intuitive but
ultimately incorrect path that only provides par-
tial comment information. After a series of sub-
sequent actions, the model concludes that no an-
swer exists (the red path in Figure 5). Without
backtracking capability, AgentOccam-J becomes
trapped in this wrong navigation branch and re-
turns an incorrect answer. Similar behavioral pat-
terns are observed in AutoEval (using reflection
agents) and SteP (with manually designed strate-
gies).

By contrast, HintNavigator demonstrates the ef-
fectiveness of hint-guided backtracking. When de-
tecting potential incompleteness in its findings, the
system utilizes hints to redirect the agent back to
the homepage. This enables correct navigation to
the “Marketing” section, where the complete an-
swer is ultimately located (see the green path in
Figure 5).

H Error Analysis of Multi-Site Tasks

We find that the success rate of multi-site tasks
is lower than that of other task types. To gain
deeper insights, we perform a dedicated error anal-
ysis. The most frequent error is Completion Hal-
lucination (53.2%), followed by Goal Misunder-
standing (19.5%) and Failure to Recover (27.3%).
This analysis sheds light on key failure modes and
may inform future efforts to improve the perfor-
mance of multi-site tasks.

I Experimental Rigor

To ensure experimental rigor, we perform compre-
hensive statistical significance tests to validate our
findings.

Given the complex distribution of evaluation
metrics in web agent tasks, we apply bootstrap
significance testing for a robust analysis of perfor-
mance differences. Following prior work (Koehn,
2004), we conduct 1,000 bootstrap iterations to as-
sess the significance of metric score differences.
The results, shown in Table 9, confirm that Hint-
Navigator consistently outperforms the baseline
with statistical significance, reinforcing the cred-
ibility of our conclusions.
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Agent Model SR (%)

HintNavigator (ours) Qwen-2.5 72B 36.5∗∗∗

HintNavigator (ours) Llama-3.1 70B 27.2∗∗∗

Agentlab (baseline) Qwen-2.5 72B 15.5

Table 9: Significance tests for main experiments over
baseline. ***: p < 0.005

J Prompt Templates

Prompt for Abstract Examples

# Abstract Examples
Here is an abstract version of the answer
with description of the content of each tag.
Make sure you follow this structure, but re-
place the content with your answer:
<think >
Think step by step. The date format should
use MM/DD/YYYY, write it down. De-
scribe the effect that your previous action
had on the current content of the page.
</think >

Prompt for Procedural Agent

# Instructions
You are an assistant agent supporting We-
bAgent in solving a user-assigned web task.
Your role is to evaluate whether WebAgent
should explore a new path, as the current
path may not be the most efficient. Encour-
age WebAgent to explore shortcuts and
alternative strategies for solving the task
more effectively. You should guide the We-
bAgent go back or goto a new path if it is
stuck or inefficient. Provide hints to help
WebAgent explore new paths. The hints
must can be done in the observation.
Note: Your reply will be interpreted and
executed by a program, so make sure to
adhere strictly to the formatting require-
ments. Respond thoughtfully. Only give
hints when you think the current action is
wrong.

Goal
Accessibility Tree
Procedural History
Abstract Examples

Prompt for Declarative Agent

# Instructions
You are an assistant agent supporting We-
bAgent in solving a user-assigned web task.
Your task is to assist the WebAgent in man-
aging the list of candidate answers by get-
ting potential answers from the observation
of current step and integrating them with
previous candidate answers. Be careful
candidate answer is not the element of the
page, but the answer to the question in the
goal. Please answer directly to the web task
without considering too many possibilities.
If the task is ambiguous, understand it the
way the user is most likely to understand it.
List detailed information to avoid getting
the same answer multiple times.
Note: Your reply will be interpreted and ex-
ecuted by a program, so make sure to ad-
here strictly to the formatting requirements.
Respond thoughtfully. Don’t give the in-
struction to WebAgent, just provide infor-
mation.

Goal
Accessibility Tree
Declarative History
Abstract Examples
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Prompt for Policy Agent

# Instructions
You are a UI Assistant. Your goal is to as-
sist the user in performing tasks using a
web browser. You can communicate with
the user via a chat, where the user provides
instructions, and you respond with a single
message. After responding, no further in-
teraction from you will occur unless explic-
itly prompted again.
You have access to a web browser that is
visible to both you and the user, but only
you can interact with it through specific
commands.
Carefully review the users instructions, the
current state of the page, and all other rele-
vant information to determine the best pos-
sible next action. Ensure that your response
is concise, precise, and aligned with the
user’s request.
Your reply will be interpreted and executed
by a program, so make sure to adhere
strictly to the formatting requirements. Re-
spond thoughtfully and make your one mes-
sage count.
## Chat messages:
Chat Messages

Accessibility Tree
Working Memory
Action Space
Abstract Examples
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