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Abstract

Automating web navigation which aims to
build a web agent that follows user instructions
to complete tasks like booking flights by inter-
acting with websites, has received increasing
attention due to its practical value. Although
existing web agents are mostly equipped with
visual perception, planning, and memory abil-
ities, their reasoning process are still deviate
from human cognition. In this work, we study
the human thought pattern to empower agent
with more human-like abilities in web navi-
gation. To tackle this problem, we propose a
novel multimodal web agent framework called
WebExperT, which is designed to emulate the
human planning process of "thinking fast and
slow" to effectively decompose complex user
instructions. Furthermore, WebExperT lever-
ages experiential learning by reflecting from
failure for continuously refining planning and
decision-making outcomes. Experimental re-
sults on the MIND2WEB benchmark demon-
strate the superiority of WebExperT in both
supervised and unsupervised settings.

1 Introduction

Automating web navigation (Deng et al., 2023;
He et al., 2024) refers to a category of sequen-
tial decision-making problems where agents follow
user instructions to complete tasks on any given
website by controlling browsers. Common web
navigation tasks include booking tickets via a se-
quence of interactions with computer interface such
as Click or Type. As shown in Figure 1, a key as-
pect of automating web navigation is observing and
perceiving from the website environment through
leveraging inputs like HTML text and rendered
screenshots. With the advent of multimodal LLMs,
the perception paradigms in recent web agents have
shifted from text-based (Yao et al., 2022; Ma et al.,
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Figure 1: Overview of the web navigation problem.

2023) paradigm to multimodal (Zhou et al., 2024;
Lee et al., 2023) paradigm. Despite these advances,
existing web agents still struggle in browsing as ef-
fectively as humans, since their reasoning patterns
differ from human cognition a lot.

To make the web agent behave more like a hu-
man, recent studies focus on empowering web
agents with planning (Zheng et al., 2024c; Gur
et al., 2024; Kim et al., 2023a) and memory (Wang
et al., 2024c¢; Deng et al., 2024b) abilities. As il-
lustrated in Figure 1, when faced with complex
user instructions, multimodal web agent with plan-
ning ability can break down the instructions into
a sequence of necessary steps or sub-tasks, while
the memory mechanism helps revisit and apply
antecedent strategies effectively. However, the
planning mechanisms in existing multimodal web
agents, which typically rely on zero-shot prompt-
ing or in-context learning of multimodal LLMs,
are often limited to single-step reasoning that devi-
ates significantly from human cognitive processes.
Moreover, human learning often occurs by extract-
ing insights from experiences, enabling general-
ization to novel situations, but most web agents
proposed in current studies are limited to short-
term memory (previous trajectories) rather than
long-term memory (experiences). Such difference
of thought patterns results in their inferior perfor-
mance to humans in web navigation.

In this work, we propose WebExperT, a multi-
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modal web agent that emulates the human thought

pattern of "thinking fast and slow" (Kahneman,

2011). Dual-process theory posits that human cog-

nition is composed of two distinct manners: (1)

Slow and analytic thinking for deliberate reason-

ing, (2) Fast and heuristic thinking for intuitive

judgments. This dual-process mechanism is a fun-
damental aspect of human skill acquisition. At
the initial stages of learning, due to lack of expe-
rience, humans rely on slow and deliberate think-
ing to reason step by step and consolidate knowl-
edge through trial-and-error and reflection analysis.
Over time, this knowledge becomes internalized,
forming "muscle memory" that supports fast and
instinctive reactions in familiar scenarios. Specifi-
cally, WebExperT first marks interactive web ele-
ments on screenshots with bounding boxes and em-
ploys multimodal LLMs for encoding. Then we in-
troduce a dual-process planning mechanism, where
slow thinking is employed for deliberately gener-
ating comprehensive plans step-by-step and trans-
ferring knowledge to the lightweight model in fast
thinking through supervised fine-tuning. When fail-
ure occurs, the experience will be stored in mem-
ory and employed to generate natural language
insights through self-reflection, helping the agent
learn from prior mistakes as experiential learning.
Our contributions are summarized as follows:

* We propose a novel multimodal web agent frame-
work, called WebExperT, designed to emulate
the human planning process. The framework in-
corporates a dual-process planning mechanism,
enabling fast thinking to leverage the capabili-
ties of slow thinking for effectively decomposing
complex multimodal tasks.

* WebExperT further enhances its planning capa-
bilities by consolidating experiential knowledge
through trial-and-error processes and reflective
analysis, enabling continuous refinement of its
planning outcomes.

» Experimental results on the MIND2WEB bench-
mark show that WebExperT outperforms existing
methods and effectively takes advantage of fast-
and-slow thinking. Our code will be released via
https://github.com/Luohh5/WebExperT.

2 Related Works

Web Agent Evolving from early simulated web
environment data (Liu et al., 2018; Mazumder and
Riva, 2021; Wang et al., 2024b), many high-quality
real-world data have been proposed to explore web
navigation challenges in more realistic and com-

plex scenarios, with focusing on a wide range of
web domains and task types (Deng et al., 2023),
realistic and reproducible web environments (Zhou
et al., 2024), and visual UI understanding (Zheng
et al., 2024a). Based on these data, many studies
develop agents with LLM large-scale finetuning
(Gur et al., 2024), prompting LLM (Kim et al.,
2023b), and reinforcement learning (Humphreys
et al., 2022). Recent studies extend multimodal
web agents by solely relying on screenshots input
(Shaw et al., 2023), integrating screenshots with
HTML data to enhance website comprehension
(Furuta et al., 2024), and marking interactive web
elements on screenshots (He et al., 2024).

Planning Mechanisms of Agents Planning plays
a crucial role in solving complicated problems
in daily human life (Deng et al., 2024a; Zhang
et al., 2024), and it is also a fundamental capa-
bility for agents. Evolving from prior research
(Shen et al., 2023; Yao et al., 2023b) based on
divide-and-conquer approaches, most existing stud-
ies decompose complex tasks by Monte Carlo Tree
Search (Zhao et al., 2023), A* (Xiao and Wang,
2023), or Breadth-First Search (Yao et al., 2023a).
Another line of studies (Guan et al., 2023; Dagan
et al., 2023) combines symbolic planners with LLM
agents to create natural language plans. With the
development of LLMs, recent works (Kim et al.,
2023b; Xie and Zou, 2024) design various finetun-
ing and prompting strategies to enhance the plan-
ning abilities of agents. To make planning more
akin to humans, our work enhance the agent’s plan-
ning mechanism with the human thought pattern of
"fast and slow thinking".

Memory Mechanisms of Agents Just as humans
leverage prior thoughts, actions, and observations
for decision-making, agents require memory mech-
anisms to handle complex tasks effectively. In-
spired by the progression of human memory from
short-term to long-term, early approaches use in-
context learning to build short-term memory sys-
tems for various applications (Fischer, 2023; Song
et al., 2023; Wang et al., 2024a). To consolidate im-
portant information over time, recent studies (Park
et al., 2023; Zhu et al., 2023; Lin et al., 2023) lever-
age long-term memory pool to store prior expe-
riences, which can not only serve as exemplars
(Zheng et al., 2024c; Luo et al., 2024) to guide
actions but also allow agents to learn from error-
and-trial (Shinn et al., 2023; Zhao et al., 2024a).
In this work, we combine the experiential learning
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Figure 2: The overall framework of WebExperT. For instance, the user instruction, “Rent a truck ... and date.”
contains critical constraints such as the vehicle type “truck,” zip code “08817,” date “December 25, and time “11:30
AM” The dual-process planning breaks down the instruction into subtasks, e.g., “Step 1: Type 08817 ... Step 2:
Select Dec. 25 ... Step 3: Click ... truck ...,” providing structured guidance for action generation. When encountering

errors, reflective feedback like “...

and planning mechanism to empower web agents
with more human-like reasoning abilities.

3 WebExperT

Given a real-world website V' and user instruc-
tion ¢, multimodal web agent aims to generate the
executable action sequence A = [a1,ag, ..., ay),
where action a; at time step ¢ is determined based
on ¢, observation of the current webpage environ-
ment wy, and previous actions sequence A;_1
la1,ag, ..., a;—1]. Specifically, the environment ob-
servation w = {s, h} consists of a screenshot s
and HTML texts h of the website. Each action
a = {e,0,v} represents a triplet comprising three
essential variables for a browser event, where e € £
identifies the interactive element (e.g., search bar)
selected from the interactive elements set £ in web-
site, and o specifies the corresponding operation
(e.g., Click or Type) chosen from the set of pre-
defined operations . The variable v provides any
additional value required for the corresponding op-
eration (e.g., zip code 08817 for a Type operation).

3.1 Architecture

As illustrated in Figure 2, we first process the en-
vironment observation by simplifying HTML con-
tent and grounding the interactive elements in ren-
dered screenshot. Following the MINDACT frame-
work (Deng et al., 2023), we employ a small pre-
trained language model (e.g., DeBERTa (He et al.,
2021)) to rank the top-N candidates DOM ele-

incorrectly to type the date ...” helps the agent learn from past failures.

ments C = {cy, ¢, ..., cn } that are most relevant
to the task and the current status. Then we fol-
low (Zheng et al., 2024b) to overlay a bounding
box with a label for each candidate element on
screenshot s°*. To generate high-quality plans,
we introduce a dual-process planning mechanism
Fplan = {F fast: Fsiow} With reference to the hu-
man thought pattern of "thinking fast and slow". Su-
pervised by groundtruth action a;, we finetune the
action executor F,.4i0n to leverage the generated
plan as guidance to execute action a;. To induce
longer-horizon planning and better action through
feedback, we introduce an experiential learning
mechanism to generate insights from failure his-
tory via self-reflection .. fiect-

3.2 Dual-Process Planning

To empower multimodal web agent with more
human-like planning abilities, we introduce a
dual-process planning mechanism that emulates
the human thought pattern of "thinking fast and
slow" (Kahneman, 2011), featuring deliberate
thinking process and intuitive thinking process.

Deliberate Thinking Process User instructions
may involve numerous constrained requirements
(e.g., price), making it challenging for agent to un-
derstand. Therefore, we design a deliberate think-
ing process to decompose the instructions into sub-
tasks based on the key requirements. Specifically,
we first introduce a keypoints extractor module
Gr E to identify the key requirements in the in-
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struction as keypoints K = {ki, k2, ..., ky, } that
need to be considered by the action executor:

lC:gKE(Q?‘S)’ (1)

Subsequently, to mimic the human web browsing
habits and the logic of web design (from top to
bottom, from left to right), we propose a path finder
module Gpr to generate a rough route K, based
on the identified keypoints and their position in
screenshot:

Ky =Gpr(K,s), (2)

Finally, we develop a reasoning planner module
Grp to complement the corresponding operation
and other information of each keypoint in generated
route as golden plan p:

]/7\: fslow(‘]a 5) = gRP(]CTa 5)7 3)

By employing these three modules, we introduce
a Chain-of-Thought reasoning strategy (Wei et al.,
2022) to make planning step-by-step. Note that
the deliberate thinking process is only triggered
in training procedure and implemented with off-
the-shelf multimodal language models (details in
Appendix A), leveraging their world knowledge to
drive the three modules.

Intuitive Thinking Process While the deliberate
thinking process can make more comprehensive
planning due to its careful consideration, the slow-
ness of multi-step reasoning results in higher web
interaction latency, limiting its practical usability
in real-world scenarios. In fact, humans often uti-
lize an empirical thinking pattern by forming mus-
cle memory through repeated practice. Inspired
by this, we design an intuitive thinking process to
perform single-step inference by incorporating a
lightweight model to inherit the planning ability
of deliberate thinking. Specifically, we perform
supervised fine-tuning using the golden plans p
in deliberate thinking process to distill knowledge
into the lightweight language model:

b= ‘Ffast(q) S) = gEP(CL S)a (4)

where p denotes the plan generated by empirical
planner G p in intuitive thinking process. By this
means, the intuitive thinking process exhibits ca-
pabilities comparable to deliberate thinking and
improves the planning efficiency.

Algorithm 1 Two-Stage Training Procedure

Require: The action executor Faction and its parameters 0,
the empirical planner Fyqs; and its parameters 6, the
failure history pool M, the training dataset D.

1: Initialize the failure history pool M = ()

2: // Stage 1: Finetuning Action Executor

3: for {Ai_1,q,5%°%,C, @} € Ddo

4. ﬁ(‘ -Fslow (qa S)

5: Generate a; = Faction (At717 q, Sb0z7 C7 i)\) super-

vised by a

6:  Update 0, by optimizing £(a¢, az) via Eq. (7)

7. if a; # a; then

8: Update M by adding the failure trial m =

(At -1,9, i)\)

9: end if
10: end for

11: // Stage 2: Finetuning Empirical Planner
12: for {A;—1,q,5"°%,C,a} € Ddo
13:  if M # () then

14: Retrieve top-k relevant trials {m1,ma, ..., mg}
from history failure pool M via Eq. (9)

15: r%fmﬂect(ml,mg,...,mk)

16: Refine the golden plan D, < Fsiow(q, s,7)

17: Generate p = Fast(q, s) supervised by Dy

18: Update 6, by optimizing L(p, p»-) via Eq. (7)

19: end if

20: end for

3.3 Experiential Learning

Inspired by the cognitive abilities inherent in hu-
man learning, we develop an experiential learn-
ing mechanism to improve our agent’s decision-
making and planning capabilities through error-
and-trial. Specifically in training procedure, we
construct a failure history pool M to store the fail-
ure trials. For each failure trial m = {A;_1, q, p},
we keep the user instruction, previous actions, and
golden plan in mind while discarding the rest. Then
the agent retrieves from M with top-k task-relevant
trials {my, ma,...,my} (details in Appendix A)
and extracts insights as reflection 7 from them to
learn from experiences of a behavior policy:

r = Frefiect(mi, ma, ..., my), )

A part of reflections related to planning are treated
as verbal feedback (Shinn et al., 2023) to refine the
deliberate thinking process, and other reflections
are added into the prompt of action executor to
guide decision-making for future trial by

ay = faction(At—la q, Sbox? C7p7 T), (6)

Experiential learning helps our agent identify the
reasons for failure and avoid repeating mistakes in
decision-making and planning phase.

3.4 Two-Stage Training Procedure

We design a two-stage training procedure to train
WebExperT by supervised finetuning multimodal
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AlgOl‘ithl’n 2 Inference Procedure Split # Tasks # Domains # Websites Avg # Actions
Require: The action executor Fyction, the empirical plan- Train 1,009 17 73 7.7
ner Fyast, the reflection generator Fi.cyiect, the failure Cross-Task 177 17 64 7.6
history pool M from training procedure, the test dataset Cross-Website 142 9 10 7.2
Dy. Cross-Domain 694 13 53 5.9

1: for {A;_1,q,5"°%,C} € D; do
© P4 Fras(q,s)

3:  Retrieve top-k relevant trials {m1, ma, ..., my } from
history failure pool M via Eq. (9)

4 1 Freflect(m, ma, ..., mg)

5. Generate ar = Faction(At—1,¢, s"°%, p, 1)

6: end for

LLMs, as shown in Algorithm 1.

Stage 1: Finetuning Action Executor We em-
ploy the user input Uy = {A;_1,q,s**, C} and
golden plan p to finetune action executor Fction.

Stage 2: Finetuning Empirical Planner The
reflections about planning generated from the fail-
ure trials in Stage 1 will refine the golden plan p,
which will subsequently be utilzied to finetune the
empirical planner F ¢, for intuitive thinking.

In each stage, we have the same training ob-
jective that minimizes the sum of negative log-
likelihood loss averaged over tokens:

Lod) =7 3, Bilog (%) Y

; XD

where L is the max length of output sequence, ¥;
and y; denote the [-th token in the groundtruth se-
quence ¥ and generation sequence y, respectively.

Inference Procedure Given the user input /;, em-
pirical plan p, and reflections r from experience,
the action executor attempts unseen tasks with ac-
tion a; as Eq. (6) during inference, as shown in
Algoithm 2. Note that the failure history pool only
gathers experience from training procedure and will
not be updated during inference to further reduce
the latency in real-world application.

4 Experiment

4.1 Experimental Setups

Datasets We evaluate on MIND2WEB (Deng
et al., 2023), a comprehensive dataset designed
for real-world web navigation, featuring over 2,000
complex web tasks collected from 137 real-world
websites spanning 31 different domains, such as
travel and shopping. It supports key operations
like Click, Type, and Select, with Hover and Press
Enter incorporated into Click to minimize ambi-
guity. The test splits are designed to evaluate web
agents’ generalization across tasks, websites, and

Table 1: Dataset statistics of MIND2WEB.

domains. Cross-Task setting tests agents on un-
seen tasks within included domains and websites.
Cross-Website setting introduces tasks from 10
new websites per top-level domain. Cross-Domain
setting assesses performance on tasks from two en-
tirely unseen top-level domains. The details of
dataset statistics are presented in Table 1.

Evaluation Metrics We adopt four metrics that
are widely used for web agent evaluation: 1) Time
Cost calculates the average inference time in sec-
ond. 2) Element Accuracy (Ele. Acc) compares
the selected element with the ground-truth ele-
ments. 3) Operation F1 (Op. F1) calculates the
token-level F1 score for the predicted operation and
additional value. 4) Step Success Rate (Step SR)
measures the success of each step; A step is consid-
ered successful only if both the selected element
and the predicted operation are correct. For each
step, they provide previous “groundtruth” actions
with the assumption that the model successfully
completes all previous steps.

Baselines Besides the general baseline in
MIND2WEB, i.e., MINDACT (Deng et al., 2023),
we compare WebExperT with the state-of-the-
art multimodal web agent frameworks, including
SEEACT (Zheng et al., 2024b), Auto-Intent (Kim
et al., 2024), WebGUM (Furuta et al., 2024) for
supervised finetuning (SFT) and GPT (OpenAl,
2023), CogAgent (Hong et al., 2024) for in-context
learning (ICL). Notably, we employ the same mul-
timodal LLM, Flan-T5 (Chung et al., 2024), as
the backbones of all baselines for SFT to prevent
the impact caused by the differences of different
models’ power. More details about baselines and
experimental setups are presented in Appendix A.

4.2 Overall Performance

Offline Evaluation Results Table 2 compares
WebExperT with previous state-of-the-art models,
showing its consistent outperformance across three
test splits. Moreover, WebExperT’s performance
improves with larger backbone models, highlight-
ing its adaptability to advanced multimodal LLMs.

Regarding the ICL setting, GPT-40, with its mul-
timodal reasoning abilities and knowledge, outper-
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Cross-Task

Cross-Website

Cross-Domain

Method Base Model  Time Cost
Ele.Acc Op. F1 Step SR Ele.Acc Op. F1 Step SR Ele.Acc Op. F1 Step SR

In-Context Learning

Few-shot GPT-3.5 0.9s 19.4 59.2 16.8 14.9 56.5 14.1 25.2 57.9 24.1

Few-shot GPT-4 1.3s 40.8 63.1 323 30.2 61.0 27.0 354 61.9 29.7

Few-shot GPT-40 3.5s 42.0 63.9 32.8 31.5 61.3 27.9 36.6 62.1 30.5
_CogAgent (Hongetal, 2024) CogAgentigg__ 4.7s___ 224 530 176 184 422 134 206 420 155

WebExperT GPT-40 16.2s 45.6 67.4 39.2 39.3 63.5 36.4 429 64.9 37.1

Supervised Fine-Tuning

MINDACT (Deng et al., 2023)  Flan-T5x;, 9.5s 55.1 75.7 52.0 42.0 65.2 38.9 42.1 66.5 39.6

SEEACT (Zheng et al., 2024b) Flan-T5xg, 10.7s 529 74.9 50.3 41.7 74.1 38.3 43.8 73.4 39.6

Auto-Intent (Kim et al., 2024)  Flan-T5x, - 55.8 73.3 50.1 47.6 64.0 40.0 47.3 66.3 42.5
_WebGUM (Furutaetal, 2024) Flan-T5x, - o 372 803 337 453 709  4l6 439 722 4l4

WebExperT Flan-T5g,se 14.9s 45.2 81.5 41.1 44.9 77.0 39.4 38.3 78.1 33.9

WebExperT Flan-T5parge 15.1s 55.0 83.1 49.9 49.1 78.2 43.7 44.8 81.0 40.4

WebExperT Flan-T5x 15.4s 60.3 84.4 54.9 53.9 79.6 49.0 48.5 81.5 44.0

Table 2: Offline evaluation results on MIND2WEB dataset.
Method Cross-Task Cross-Website Cross-Domain
Ele.Acc Op.F1 StepSR Ele.Acc Op.F1 StepSR Ele.Acc Op. F1 Step SR

WebExperT 60.3 84.4 54.9 53.9 79.6 49.0 48.5 81.5 44.0

- w/o Intuitive Thinking 60.1 84.4 54.8 53.8 79.6 48.9 48.3 81.4 439

- w/o Deliberate Thinking 57.6 82.6 53.7 47.0 77.1 43.0 45.3 80.2 425
_2WioDual-Process Planning _ _56.1 __ 824 536 _ 465 _ 761 422 449 798 = 425

- w/o Experiential Learning 59.3 84.1 542 52.7 77.9 48.1 473 80.4 43.2

- w/o Screenshot 58.4 83.2 52.6 52.5 79.4 46.7 479 79.5 432

- w/o HTML 34.0 82.3 29.6 33.9 78.4 29.7 29.0 79.8 25.1

Table 3: Ablation study of WebExperT with Flan-T5x;, .

forms GPT-3.5, GPT-4 and CogAgent among ICL
baselines but fails to surpass WebExperT. Lever-
aging its well-designed planning and experien-
tial learning, WebExperT outperforms GPT-40 by
6.4%, 8.5%, and 6.6% Step SR in Cross-Task,
Cross-Website, and Cross-Domain settings, respec-
tively.

Regarding the SFT setting, all ICL methods sig-
nificantly lag behind SFT methods, underscoring
SFT’s superiority in web agents. Specifically, de-
spite leveraging visual input, SEEACT offers no
advantage over MINDACT due to CLIP’s limited
ability to capture image details essential for web
navigation (Shen et al., 2022). Furthermore, Auto-
Intent which extends web agent with intent dis-
cover ability outperforms SEEACT and MINDACT
in Cross-Website and Cross-Domain splits. Al-
though WebGUM demonstrates better perception
and multi-step reasoning, it falls short of WebEx-
perT. WebExperT achieves a 1.2% Step SR im-
provement in Cross-Task settings and leads by 7.4%
and 4.4% in Cross-Website and Cross-Domain set-
tings, respectively. The consistent high perfor-
mance across ICL and SFT further validates Web-
ExperT’s effectiveness.

Additionally, across the three test splits, most
methods in both ICL and SFT perform better on
tasks seen during training, except GPT-3.5. How-
ever, compared to strongest baseline such as We-
bGUM and Auto-Intent, the relative improvement
of WebExperT on Cross-Domain split is higher
than that on Cross-Task split. Therefore, the con-
sistent performance across tasks, websites, and do-
mains, highlighting the generalizability and scala-
bility of our WebExperT framework.

However, well-crafted web agent framework
such as SEEACT and MINDACT generally incur
higher time costs compared to the few-shot meth-
ods. This is because the effective sub-modules
(e.g. element grounding) enhance decision-making
performance but also increase computational over-
head. Similarly, while the dual-process planning
and experiential learning mechanisms in WebEx-
perT do result in higher time costs than GPT-40 by
11.9s, they also enable the system to achieve the
best decision-making performance. Meanwhile, a
latency of approximately 15 seconds is acceptable
in the context of existing automated web navigation
studies and exhibits promising practical usability.
More details about the time cost of dual-process
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Method Whole Task SR(%)
FLAN-T5-XL 8.9
GPT-4 13.3
SEEACT 31.5
WebExperT 33.2

Table 4: Online evaluation results of MIND2WEB tasks.

planning are presented in Section 4.4.

Online Evaluation Results Following the set-
tings of SEEACT (Zheng et al., 2024b), we pair a
web agent with a human annotator to conduct on-
line evaluation experiments of MIND2WEB tasks
in real-world browser, where the human annota-
tor’s task was to monitor agent’s actions that may
alter real-world states and determine whether each
task was completed successfully. And we utilize
the Whole Task Success Rate as the evaluation met-
ric. Additionally, we re-write time-sensitive tasks
to ensure they are still valid when the evaluation
is conducted. For instance, we update the dates
for flight-related tasks. Furthermore, the online
evaluation was conducted on a subset of 90 tasks
from the three test splits. As shown in Table 4,
SEEACT with well-designed web agent framework
outperforms both GPT-4 and FLAN-T5-XL by a
large margin of over 20% whole task success rate.
Additionally, despite leveraging GPT-4’s superior
generalization capabilities, SEEACT still fails to
outperform the fine-tuned WebExperT in terms of
the Whole Task Success Rate. This demonstrates
that fine-tuned frameworks do not necessarily have
poor real-world applicability, as long as they are
equipped with sufficiently well-crafted scalability
enhancement modules. These results further con-
firm the potential of our WebExperT framework
for real-world scenario usability.

4.3 Ablation Study

As summarized in Table 3, we conduct ablation

studies of WebExperT in SFT setting to assess the

impact of each component and leave additional

results of ICL setting in Appendix B. There are

several notable observations as follows:

¢ In dual-process planning, "w/o Intuitive Think-
ing" refers to using deliberate thinking in place of
intuitive thinking during inference stage, which
measures the extent to which intuitive thinking in-
herits the capabilities of deliberate thinking. The
minor performance decline demonstrates a better
inheritance and successfully developing "muscle

Modules Rel. Coh. Mat. Overall
RP 3.82 391 407 394
KE + RP 4.64 4.02 4.18 4.19
PF + RP 401 4.19 4.03 4.13
KE + PF+RP 4.64 4.23 431 4.59

Table 5: Human evaluation of golden planner genera-
tion with difference module collocations. KE: Keypoint
Extractor, PF: Path Finder, RP: Reasoning Planner

Cross-Task
B-4 R-L B4 R-L B-4 R-L

Cross-Website  Cross-Domain

Base Model

Empirical Planner

- InternVL2 758 742 832 836 801 79.8
- Qwen-VL 749 742 752 735 183 750
-LLaVA 748 739 785 781 763 745
- InstructBLIP 712 70.5 69.1 69.7 688 677

Table 6: Detailed performance of empirical planner with
different base models.

memory" through training. Additionally, "w/o
Deliberate Thinking", which means discarding
the deliberate thinking in training stage, causes
Step SR to drop by 1.2%, 6.0%, and 1.5% in
Cross-Task, Cross-Website, and Cross-Domain
splits, respectively. Moreover, eliminating the
entire planning module leads to most sharp de-
clines across all splits, with a notable 6.8% drop
in Cross-Website performance, further validating
the effectiveness of "fast and slow thinking" in
planning.

* When we drop experiential learning mechanism,
We can see a performance decrease of 0.7%,
0.9%, and 0.8% Step SR across three test splits,
which demonstrates that the experience and re-
flection extracted from failure history indeed help
WebExperT avoid repeated mistakes and refine
its decision-making.

* As for the environment observation, dropping
either the rendered screenshot or the HTML doc-
ument results in a substantial decline in perfor-
mance across three test splits, particularly with a
2.3% and 25.3% decrease in Cross-Task split. It
highlights the advantages of incorporating both
visual and textual information in automating web
navigation task.

4.4 Further Analysis

Analysis of Deliberate Thinking To further in-
vestigate whether the golden plans are appropri-
ate enough to supervise the finetuning of empirical
planner, we conduct a human evaluation to evaluate
the quality of golden plans generated in deliberate
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Figure 3: The response time of fast-and-slow thinking.

thinking process. Specifically, we randomly select
50 golden plan samples and employ three annota-
tors in our lab to rate them from 1 (worst) to 5 (best)
based on 4 metrics: (1) Relevance (Rel.): measures
whether the golden plans capture all the key require-
ments in user instruction; (2) Coherence (Coh.):
measures whether the orders of golden plans are
aligned with human web browsing habit; (3) Match
(Mat.): measures whether the operations in golden
plans match the corresponding element in screen-
shot; (4) Overall: measures whether the plan is
effective enough to guide decision-making. All
annotators are graduate student major in computer
science with native-level fluency in English. Clear
and detailed guideline is provided to the annota-
tors to ensure consistency and reliability in their
evaluations, as presented in Appendix E.

Table 5 presents human evaluation results for
golden planner generation with different module
configurations. Our deliberate thinking process,
utilizing all three modules, achieves an impressive
Overall score of 4.59, validating the quality of the
generated plans. Removing any module results in
performance declines across all metrics, while rely-
ing solely on the reasoning planner for single-step
reasoning yields the poorest performance among
all configurations.

Analysis of Intuitive Thinking To assess knowl-
edge transfer from the reasoning planner to the
empirical planner, we use BLEU-4 (Papineni et al.,
2002) and ROUGE-L (Lin, 2004) to evaluate the
match between the empirical plan p and the golden
plan p. As shown in Table 6, the empirical plan-
ner achieves 83.2 BLEU-4 and 83.6 ROUGE-L
in the Cross-Website split, demonstrating it effec-
tively inherits the reasoning planner’s capabilities

Action Execution
W
Dual-Process Planning
2.65

Element Grounding
7.8s

Experiential Learnin;
5 3.55 g

Figure 4: The response time of all modules in WebEx-
perT.
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Figure 5: The overall performance with varying number
of retrieved failure trials.

and forms "muscle memory" through practice. To
validate InternVL2 (Chen et al., 2024) as the base
model for the empirical planner, we compare it
against Qwen-VL (Bai et al., 2023), LLaVA (Liu
et al., 2023), and InstructBLIP (Dai et al., 2023),
using identical prompts for fairness. Table 6 shows
InternVL2 outperforms the alternatives, highlight-
ing its suitability for the empirical planner. De-
spite minor performance differences among the
base models, all show strong results across test
splits, confirming the effectiveness and versatility
of our dual-process planning framework.

Analysis of Time Cost In real-world scenarios,
time cost is a critical metric for evaluating the us-
ability of an agent. However, as mentioned in
Section 4.2, well-crafted frameworks with more
components tend to incur higher time costs. To
address this challenge, we propose intuitive think-
ing process to speed up planning by employing
single-step reasoning. To justify the effectiveness
and superiority of intuitive thinking in efficiency,
we conduct an experiment to evaluate and compare
the time costs of intuitive thinking and deliberate
thinking. Specifically, we create a subset of total
100 samples by randomly selecting instances from
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the three test splits and measure the response times
for dual-process thinking when making planning
on this subset. As shown in Figure 3, deliberate
thinking generally requires 7.5 to 10 seconds to per-
form multi-step planning, with an average response
time of 8.5 seconds. In contrast, the response times
of intuitive thinking remain consistently below 3
seconds and have an average response time of 2.6
seconds, which is over 3 times faster than deliber-
ate thinking. Therefore, intuitive thinking can in-
deed be witnessed to speed up the planning process
and improve inference efficiency. Furthermore, we
utilize the same setting to evaluate the response
latency of each component in WebExperT to fur-
ther investigate the time cost distribution of our
framework. As shown in Figure 4, the Element
Grounding module incurs the highest time cost
during inference, which we follow MINDACT and
SEEACT to design it. Therefore, it’s obvious to
find that these two representative frameworks also
have high response latency as shown in Table 2.

Effect of Number of Retrieved Failure Trial In
experiential learning, we allow the agent to retrieve
from failure history with top-k task-relevant trials
for reflection generation. To further analyze the
potential impact of the number of reflections on
action generation, we vary the number of retrieved
task-relevant trials k. As shown in Figure 5, we
observe a sharp decrease in both Ele. Acc and Step.
SR score as k increases from 1 to 3. This is because
the tasks in MIND2WEB dataset are not highly
correlated with each other. Retrieving too many
failure experiences would lead to redundant and
irrelevant knowledge that distract decision-making.

4.5 Case Study

To intuitively present the advantages of different
components, including the dual-process planning
mechanism and experiential learning mechanism,
we conduct the case study. The example in Figure
6 illustrates the output of keypoints extractor, path
finder, reasoning planner, and empirical planner
in dual-process planning mechanism. By identify-
ing all constraint requirements and generating plan
based on the logic of web design, dual-process
planning mechanism effectively enhances the com-
prehension of complex user instructions and refines
the web browsing habits of web agent. Addition-
ally, Figure 7 demonstrates that the experiential
learning mechanism can generate reflection from
failure history to avoid repeating errors and induce

[ User Instruction

Screenshot

Add my birthday detail Tz 5. T980] and @airvland peanuallergy in my profile, | B —
fove ramen moodlegto my bio.

also add[[ove

Keypoints Extractor

Path Finder

(1) Month: January

(3) Year: 1980
(4) Allergies: dairy The 4th req
(5) Allergies: peanut

(6) Bio: love ramen noodles

Reasoning Planner

The 15t requirement: January
(2) Date: § ‘The 2nd requirement: §

‘The 3rd requirement: 1980

ove ramen noodles
The Sth requirement: dairy

The 6th requirement: peanut

1. Click “Month” to display the drop-down menu and select “January™
the

in the recommended option of “*ALLERGIES™
the recommended option of “ALLERGIES™

Empirical Planner

e “Month” drop-down menu

* drop-down menu
dles” in the “SHORT BIO” box

pS: option in “ALLERGIES”™
Step 6: Click the “Peanuts” option in “ALLERGIES™

Figure 6: Case study about the dual-process planning.

I Instruction:
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:store in New York.

I Instruction:
'Find a flight from New York to
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Action (w/o Reflection)

Element: B

| —

Operation: CLICK|
Value: None

I failed before in
asimilar task. ... T

Action (w/ Reflection)
Element: A

the three identical Action: CLICK
“Schedule” in the

screenshot ... Value: None

Plan (w/o Reflection)

1. Click “Flight” ...
2. Select "New York” .

——

:Bangkok for[2 adults|in Jun 1st

3. Select “Bangkok” ...

I failed before ina
similar task. When
planning, I didn't see
the “"Adult” element
due fo its small

size ...

Plan (w/ Reflection)

1. Click “Flight”
2. Select “2 adults” ..

3. Select “New York"

Figure 7: Case study regarding the experiential learning.

better planning and decision-making. Specifically,
we present more detailed analysis about these cases
in Appendix D.

5 Conclusions

In this paper, we propose a multimodal web agent
framework called WebExperT, which combines ex-
periential learning with human thought pattern of
"thinking fast and slow" to effectively complete au-
tomating web navigation like humans. Specifically,
we first mark and encode the most important inter-
active web elements on screenshots. Subsequently,
we introduce a dual-process planning mechanism
to decompose complex user instructions with fast-
and-slow thinking. When failure occurs, the ex-
perience will be stored in memory and employed
to generate natural language insights through self-
reflection, helping agent learn from prior mistakes
to continuously optimize its behavior. Our exper-
iments on MIND2WEB benchmark demonstrate
that WebExperT outperforms existing methods and
achieves new state-of-the-art performance.
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Limitations

Operation Types There are various types of in-
teractions with websites in real-world web brows-
ing, and we acknowledge the limitation that we
haven’t supported all possible operations in our
framework, including scaling operation and tab-
related operations. Scaling operation enables web
agents to better identify tiny elements in web
screenshots, while tab-related operations provide a
more authentic replication of human web browsing
habits compared to maintaining everything in a sin-
gle tab. Consequently, these limitations highlight
the need for further research to extend WebExperT
with additional operation types to enhance its ap-
plicability to real-world websites.

Element Grounding As mentioned in Section
4.3, dropping HTML leads to a more significant
performance decline compared to dropping screen-
shot. One of the primary reasons is that our element
grounding strategy may result in the overlapping
of bounding boxes in screenshot. When numerous
elements are densely packed in a screenshot, their
bounding boxes and associated labels often overlap
together. Such situation often leads to small-sized
icons and labels being obscured, significantly hin-
dering the agent’s ability to observe and interpret
the elements. Actually, these limitations are not
exclusive to our work. Existing studies heavily rely
on overlaying bounding box to ground the inter-
active elements in screenshot. Therefore, we ac-
knowledge the need for future research to explore
a better element grounding strategy.

Predefined Criteria Another limitation of We-
bExperT is that the strict reliance on predefined
failure criteria could reduce the agent’s capacity
for self-exploration or inhibit creativity. In fact,
there are many scenarios where the current step de-
viates from the groundtruth but the overall task still
succeeds. However, this challenge is not unique
to our work. Nearly all existing studies employ
off-line metrics like Step SR to predefine failure
criteria for performance evaluation. Due to the in-
herent complexity of the web’s tree structure, it is

challenging to evaluate the situation of “Different
roads lead to Rome” in offline datasets. Therefore,
we believe that exploring the balance adherence to
ground truth with flexibility in allowing alternative
approaches will be a valuable and promising future
research direction in web navigation task.

Transferability and Generalization We ac-
knowledge the limitation that our framework is
only evaluated on automated web navigation task
utilizing MIND2WEB dataset. Actually, the mod-
ules in our framework, including dual-process plan-
ning and experiential learning, rely solely on user
instructions, previous action sequences, environ-
ment images and being independent of web HTML,
which makes them highly adaptable to other tasks
and domains. Additionally, the fixed pattern of
fast-and-slow thinking usage without any dynamic
switching may also limits the flexibility of Web-
ExperT framework. Consequently, there remains
room for our future research to integrate our frame-
work into other applications, such as robotic pro-
cess automation or GUI-based software interac-
tions and explore more flexible fast-and-slow think-
ing strategy.

Ethics Statement

We emphasize that the human evaluation experi-
ments in this study adhere strictly to ethical guide-
lines. Human annotators provided informed con-
sent prior to participating in the study, and their pri-
vacy and confidentiality were strictly maintained.
No personally identifiable information was col-
lected. Annotators were compensated at a fair
rate, ensuring alignment with ethical standards and
platform-specific wage guidelines. Hence, the hu-
man evaluation experiments are ethically harmless
to society.
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A Implementation Details

HTML Simplification Following (Deng et al.,
2023), we use Sentence-Transformers! and fine-
tune DeBERTa-v3-base (He et al., 2021) as the
backbone. We employ top-26 ranking results as
the candidate pool with labels A to Z. During the
training, we set the batch size as 32, the learning
rate as 3e %, and trained for 5 epochs.

Action Generation For in-context learning, we
use the OpenAl API and experiment with gpt-4o.
we include three demonstration examples for in-
context learning. The complete prompt is shown in
Table 10. Note that the action executor F qtjon Il
Stage 1 is only used to generate without updating
its parameters, which means skip Step 6 in Algo. 1.
And all steps in Stage 2 remain unchanged, which
means only the empirical planner will be fine-tuned
during training, while the action executor will not.
For supervised finetuning, as Flan-T5 has been cho-
sen to be the base model in most research work, we
also utilize it as our backbone. Specifically, we use
three sizes of Flan-T5 (Chung et al., 2024) as the
backbone multimodal LLMs, including Flan-T5-
Base, Flan-T5-Large, and Flan-T5-XL. We set the
max length of both input and output sequence to
2048. Due to insufficient CUDA memory, we uti-
lize Q-LoRA (Dettmers et al., 2023) as our finetune
strategy and reduce the batch size to 1. Besides, we
finetune the model up to only 1 epoch, with a learn-
ing rate of 1e~* and a warmup ratio of 0.03. As
For the vision encoder, we leverage the ViT-L/14
336px pretrained from CLIP (Radford et al., 2021)
with an image resolution of 2,048.

Dual-Process Planning For training empirical
planner in intuitive thinking process, We employ
InternVL2-8B (Chen et al., 2024) as the backbone
multimodal LLM and utilize the default finetuning
configuration of SWIFT framework (Zhao et al.,
2024b).

In deliberate thinking process, the Keypoints
Extractors, Path Finder, and Reasoning Planner are

1https ://www.sbert.net/examples/applications/
cross-encoder/README . html

all driven by GPT-40 API. The prompts of three
modules are shown in Table 11.

Experiential Learning For experiential learning,
we still employ the off-the-shelf GPT-40 API to
extract insights from failure history. The prompts
of reflection generation are shown in Table 12. For
task-relevant trial retrieval, we first encode the fail-
ure trial m into a semantic vector by also using
DeBERTa-v3-base (He et al., 2021)

V= ]:encode (m)7 (8)

where Fepcode(+) and V denote the encoder and
vector representations, respectively. All the vectors
lie in a latent sample space that contains rich se-
mantics. If two vectors are close in the latent space,
they are more likely to share similar information
in analogous field. Subsequently, we calculate the
cosine similarity of semantic vector between the
current instance and each other failure trial, then
retrieve the nearest neighbor in the latent space as
the most relevant example:

iNT
7 = argmax maX(H )"V ), 9)

i€{1,2.... T} m

where 7 denotes an index of the most relevant trial
among all T failur trials.

B Ablation Study of GPT-40 Based
WebExperT

To further justify the necessary of each compo-
nent in our framework, we also conduct an ablation
study of WebExperT in ICL setting, as shown in
Table 7. Despite being driven by the powerful GPT-
40 base model, we can see performance decreases
when dropping any components, similar to what
is observed in the SFT setting. This confirms the
necessity and versatility of all sub-modules in both
SFT and ICL settings.

C Further Analysis of Model Size

To further analyze the resource requirements and
model size trade-offs of our WebExperT frame-
work, we conduct comparative experiments utiliz-
ing Qwen2.5-VL families, including 3B and 7B ver-
sions, as alternative base models. As shown in Ta-
ble 8, Qwen2.5-VL, which benefits from better pre-
training, has superior reasoning and multimodal
perception abilities compared to Flan-T5 with the
same parameter size (3B). Additionally, as the size
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Cross-Task

Cross-Website Cross-Domain

Method
Ele.Acc Op.F1 StepSR Ele.Acc Op.F1 StepSR Ele.Acc Op. F1 Step SR
WebExperT 45.6 67.4 39.2 39.3 63.5 36.4 42.9 64.9 371
- w/o Intuitive Thinking 455 67.4 39.1 39.2 63.5 36.2 429 64.8 37.0
- w/o Deliberate Thinking 44.0 67.0 38.5 354 61.9 32.8 39.3 62.7 35.0
_zWoDual-Process Planning __43.1 = 668 382 350 _ 617 326 _ 388 626 349
- w/o Experiential Learning 44.7 67.0 384 37.5 62.3 32.9 40.2 63.7 35.5
- w/o Screenshot 433 66.9 38.6 36.1 63.0 35.7 39.5 64.5 36.1
- w/o HTML 232 60.5 27.0 20.7 55.3 25.3 225 57.0 27.4
Table 7: Ablation study of WebExperT with GPT-40 .
Base Model Size Cross-Task Cross-Website Cross-Domain
Ele.Acc Op.Fl StepSR Ele.Acc Op.Fl StepSR Ele.Acc Op.Fl Step SR
Flan-T5pye  250M 45.2 81.5 41.1 44.9 77.0 39.4 38.3 78.1 33.9
Flan-TSp e 780M 55.0 83.1 49.9 49.1 78.2 43.7 44.8 81.0 40.4
Flan-T5x 3B 60.3 84.4 54.9 53.9 79.6 49.0 48.5 81.5 44.0
Qwen2.5-VL 3B 62.8 86.6 56.5 56.1 82.3 513 52.1 84.0 46.2
Qwen2.5-VL 7B 71.4 93.0 63.8 65.1 91.4 57.7 61.5 92.9 55.7

Table 8: Detailed performance of our WebExperT framework with different sizes of base models.

of base model increases (250M to 7B), the perfor-
mance of WebExpert also improves, demonstrating
its adaptability to not only low-resource scenarios
but also advanced multimodal LLMs. However,
we ultimately chose the relatively classical Flan-T5
as the base model because it is commonly used
in most existing fine-tuning-based methods, ensur-
ing fairness by avoiding discrepancies arising from
differences in the capabilities of base models.

D Further Analysis of Case Study

D.1 Dual-Process Planning

We notice that most user instructions pro-
vided in real-world web navigation datasets like
MIND2WEB often involve numerous constrained
requirements (e.g., price). For example, as shown
in Figure 6, user instruction "Add my birthday de-
tail, January 5, 1980, and dairy and peanut allergy
in my profile, also add love ramen noodles to my
bio." describes a scenario where an user aims to
update profile with a total of 6 requirements like
date. Existing methods often struggle to compre-
hend such complex instruction and often ignore
some of the requirements. To address this common
limitation, the keypoints extractor is designed to
first identify and extract all the constrained require-
ments "(1) Month: January (2) Date: 5 (3) Year:
1980 (4) Allergies: dairy (5) Allergies: peanut (6)
Bio: love ramen noodles" in instruction. Addition-
ally, existing web agents and humans often exhibit
different web browsing habits, especially in their

actions order. Therefore, we introduce path finder
to generate a rough route of these keywords on the
screenshot "The Ist requirement: January; The 2nd
requirement: 5, The 3rd requirement: 1980; ..."
based on the human browsing habits (from top to
bottom, from left to right). The reasoning planner
elaborates on the rough path with supplementary
information to generate a comprehensive plan "/.
Click “Month” to display the drop-down menu and
select “January”; 2. Click “Date” to display the
drop-down menu and select “5”; 3. Click “Year”
to display the drop-down menu and select “1980”
..."" by identifying the corresponding element of
each key information in the screenshot. After fine-
tuning the empirical planner, the generated empiri-
cal plan "Step 1: Select “January” on the “Month”
drop-down menu; Step 2: Select “5” on the “Date”
drop-down menu; Step 3: Select “1980” on the
“Year” drop-down menu, ..." basically covers all
important information in the golden plan. Conse-
quently, we can see performance, particularly in
Step SR score, improve when integrating the dual-
process planning into the framework.

D.2 Experiential Learning

Figure 7 demonstrates that when faced with the
task where there are multiple interactive elements
in screenshot with similar or even identical descrip-
tions like the three "Schedule" in red boxes, the
web agent often fails to identify the correct one.
However, when we add the experiential learning
mechanism, the reflection "/ failed before in a simi-
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Task

Action

Reflection

Search for used
Jaguar XFs with no
black exterior color
and save the search
as Jaguar to get a
notification daily.

Type "Jaguar"

In this attempt, I was unsuccessful. The mistake occurred in selecting the
incorrect VALUE, "jaguar", instead of the specific "jaguar xf," which is
essential for accurately executing the user’s requirement to search for right
models. Next time, I will pay closer attention to the details of the user’s
plan to ensure that I select and input the precise make and model specified,
reducing the chance of errors in task completion.

Find the location
and operating hours
of the nearest CVS
pharmacy to zip code
90028.

Click "Element K"

In this attempt, I was unsuccessful. I made mistakes in selecting an
element that represented a location result, rather than choosing an element
related to submitting the search query. I incorrectly chose an initially
displayed option rather than verifying the need to complete the search
action tied to the entered zip code. Next time, I will focus on identifying
the step within the process that requires user interaction to execute a search,
especially after entering search criteria, to find the necessary information
like operating hours or locations tied to that query.

Table 9: Case study of reflection quality.

lar task. ... I didn’t distinguish the three identical
"Schedule’ in the screenshot ..." generated from fail-
ure history helps web agent attach more importance
on the context difference between the three "Sched-
ule" elements and avoid repeating errors, leading
to a satisfactory decision-making "ELEMENT: A

". Similarly, when an incorrect plan misleads
the decision-making, the reflection "I failed be-
fore in a similar task. When planning, I didn’t
see the ’Adult’ element due to its small size ..."
would correct the planning errors and induce a bet-
ter planning. Additionally, we present some cases
of generated reflections in Table 9. All reflections
contain failure reasons “I made mistakes in ...” and
guidance “Next time, I will ...”, which are clear and
interpretable to optimize agent’s decision-making.
To further quantify and investigate the quality of
generated reflections, we conduct a human evalua-
tion to assess the quality of generated reflections.
Specifically, we randomly select the reflections of a
subset of 90 tasks from the three test splits and em-
ploy 3 annotators to evaluate their appropriateness.
We utilize 3 metrics, including Reflection Accu-
racy, Step Success Rate, and Action Refinement
Rate. Reflection Accuracy evaluates whether the
reflections correctly identify the error location and
reasons, while Action Refinement Rate evaluates
whether the reflections make the agent aware of
its mistakes, even if the reflections are not entirely
correct. As shown in the table, the reflections gener-
ated by our Experiential Learning Module achieves
an impressive 84.4% accuracy. Additionally, even
when the reflections were not completely correct,
the 91.1% Action Refinement Rate demonstrates

that the reflections effectively made the agent aware
of its errors. Consequently, we can see performance
improvement when integrating the well-designed
experiential learning module into the framework.

E Guideline of Golden Plan Evaluation

We present the guideline of human evaluation for
golden plan generated in deliberate thinking pro-
cess in Figure 8.
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Role Content
System  Imagine that you are imitating humans doing web navigation for a task step by step. At each stage, you can see the
webpage like humans by a screenshot and know the previous actions before the current step decided by yourself through
recorded history. You need to decide on the first following action to take. You can click on an element with the
mouse, select an option, type text or press Enter with the keyboard. (For your understanding, they are like the click(),
select_option() and type() functions in playwright respectively) One next step means one operation within the three.
User Plan: {empirical plan}
Previous Actions: {previous actions}
Task: {task}
Combined with the screenshot and each step of the previous action history and their intention and based on the plan, in
conjunction with human web browsing habits and the logic of web design, what should be the next action to complete
the task? Please select from the following choices:
A: {candidates DOM element A}
B: {candidates DOM element B}
Z: None of the above
Conclude your answer using the format below. Ensure your answer is strictly adhering to the format provided below.
Please do not leave any explanation in your answers of the final standardized format part, and this final part should be
clear and certain. The element choice, action, and value should be in three separate lines.
ELEMENT: The uppercase letter of your choice. (No need for PRESS ENTER)
ACTION: Choose an action from { CLICK, SELECT, TYPE, PRESS ENTER, TERMINATE, NONE}.
VALUE: Provide additional input based on ACTION.
The VALUE means:
If ACTION == TYPE, specity the text to be typed.
If ACTION == SELECT, indicate the option to be chosen. Revise the selection value to align with the available options
within the element.
If ACTION == CLICK, PRESS ENTER, TERMINATE or NONE, write "None".
NOTE THAT your answer should strictly contains only 1 ELEMENT, 1 ACTION, and 1 VALUE!!!
By the way, you have attempted to solve a similar task before but failed. The following reflection(s) may help you avoid
failing the task in the same way you did previously. Use them to improve your strategy of solving the task successfully.
{failure trial}
{reflection}
Assistant ELEMENT: {selected interactive element}

ACTION: {corresponding action}
VALUE: {additional value}

Table 10: Prompt for action generation in WebExperT with GPT models.
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Role Content

Keypoint Extractor

System  Imagine that you are a keypoint extractor. Given a user request and web screenshot, you have to extract all the requirement
keypoints like location, date, etc.

User Given the following web navigation task and screenshot, extract the keypoint requirements. Common keypoints consist
of location, date, zip, time, amount, price and other important named entity. You can use Named Entity Recognition to
assist you in extracting keypoints.

Task: {task}
Refer to the following examples and imitate their extracting strategy to guide your extraction. Separate the extracted
keywords using (1), (2), and (3).
Examples:
{Example 1}
{Example 2}
{Example 3}
Assistant  Keypoints:
(1) {keypoint 1}; (2) {keypoint 2}; ...

Path Finder

System  You are a proficient outline generator. Based on the provided keypoints and web screenshot, please give me a rough
route for my web navigation plan.

User Please help me generate a route of my web navigation plan. Try to sort the keypoints to generate a rough route based on
human web browsing habits and the logic of web design. Don’t include any specific details like action, explanation,
thought process, etc. You should use *The First’, *The Second’, *The Third’, etc., to indicate the order of the keypoints.
NOTE that In your route, only the keypoints mentioned in input can appear; absolutely no other names are allowed.
Keypoints: {keypoints}

Refer to the following examples and imitate their strategy to guide your generation.
Examples:
{Example 1}
{Example 2}
{Example 3}
Assistant Route:
(1) The 1st requirement: ...;
(2) The 2nd requirement: ...;

Reasoning Planner

System  You are a proficient planner. Based on the provided route and web screenshot, please give me a plan for the web
navigation task, including specific action and element(e.g. Type the zip code 123456).

User Given the route and web screenshot, you need to generate a plan based on the order of the requirements in route and
their corresponding context in web screenshot. Note that all the elements in your plan should be strictly derived from
the route. You must stritly adhere to the following format given in the example using (1). (2). (3). as separator. Don’t
include any specific detailed steps like [span]!

Route: {route}
Refer to the following examples and imitate their strategy to guide your planning.
Examples:
{Example 1}
{Example 2}
{Example 3}
Assistant Plan:
(1) {1ststep};
(2) {2nd step};

Table 11: Prompts for three modules in deliberate thinking with GPT models.
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Role

Content

System

User

You are an advanced reasoning agent who specializes in analyzing web navigation. You will be presented with a task,
an action trajectory, a plan, and your predicted action. Your objective is to provide a concise and clear rationale that
explains why the assistant’s response made a mistake and how to avoid failing the task in the same way.

Plan: {empirical plan}

Previous Actions: {previous actions}

Task: {task}

Your decision: {action}

You have made a wrong decision! The correct action is {groundtruth action}.

Compared with the correct action, reflect on your mistakes in the decision-making process, and generate your insights on
what will you do when facing a similar task again to avoid failing the task in the same way.

Conclude your response using the format below. Ensure your response is strictly adhering to the format provided below.
Format:

In this attempt, I was unsuccessful. {Where did you make mistakes?}. Next time, I will {your solution to avoid failing
the task in the same way}

Assistant In this attempt, I was unsuccessful. I ignored the floating calender ...

Table 12: Prompt for reflection generation in WebExperT with GPT models.
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Guideline of Plan Quality Evaluation

This study aims to evaluate the quality of the web navigation plan. Each case provides you with a task,
a list of keypoints, a rough route, and a corresponding website screenshot. You need to evaluate the
plans from the following aspects.

Case
Task: Screenshot:
Find a flight from New York to Bangkok for 2 adults in Jun 1st. s
Keypoints:
(1) New York; (2) Bangkok; (3) 2 adults; (4) Jun 1st Your Trip Starts Here
Route: i

2 adults — New York — Bangkok — Jun Ist
Plan:
1. Click “Adult” to display the drop-down menu and select “2”.

2. Type “New York” in the “Departure City or airport” box. — ; PR -
3. Type “Bangkok” in the “Terminal City or airport” box. S ET;E%o‘S}oW‘" ® L A “"H"
4. Click “Departure date” to display the calender and select } - B/ FINE, JrEuat

the Month “June” and date “1”.

Evaluation

» Relevance: whether the plans capture all the key requirements in user instruction.

Options 1. Completely relevant 2. Quite relevant 3. Moderate relevant
4. Mostly irrelevant 5. Completely irrelevant

Examples | 1) “I. Click ‘adult’... 2. Type ‘New York’... 3. Type ‘Bangkok'... 4. Click ‘June’... ‘1’” capture all the
keypoints in task exhibits a high level of relevance.

2) “I. Type ‘New York’... 2. Type ‘Bangkok’..” demonstrates moderate relevance since it has left out
some keypoints such as “2 adults” and “Jun 1st”.

3) “1. Click ‘Round-Trip’... 2. Click ‘Economy’” misses all the keypoints in task and even contains
completely irrelevant elements.

» Coherence: whether the orders of plans are aligned with human web browsing habit based on screenshot.

Options 1. Completely coherent 2. Mostly coherent 3. Fairly coherent
4. Mostly incoherent 5. Completely incoherent

Examples | Humans are used to browsing website from top to bottom, left to right on screenshot.

1) “1. Click ‘adult’... 2. Type ‘Bangkok’ ... 3. Type ‘New York'...4. Click ‘June’... ‘1’ shows fairly
coherent since two of the keypoints are in the wrong order.

2) “I. Type ‘Bangkok’... 2. Type ‘New York'... 3. Click ‘June’... ‘1’4. Click ‘adult’” is completely
incoherent because all the keypoints are in wrong order.

» Match: whether the operations in plans match the corresponding element in screenshot.

Options 1. Completely matching 2. Quite matching 3. Fairly matching
4. Minor matching 5. No matching

Examples | 1) “I. Click ‘adult’... 2. Type ‘New York’... 3. Type ‘Bangkok’... 4. Type ‘01/06/2024°” is quite
matching since it only mistakes the operation of departure date.

2) “I. Type ‘adult’... 2. Select ‘New York’... 3. Select ‘Bangkok’... 4. Type‘01/06/2024°” can’t match
any elements in the screenshot at all.

» Overall: whether the plan is appropriate enough to be the groundtruth overall.

Options 1. Completely appropriate 2. Quite appropriate 3. Moderate appropriate
4. Mostly inappropriate 5. Completely inappropriate

Examples | “I. Click ‘adult’... 2. Type ‘New York’... 3. Type ‘Bangkok’... 4. Click ‘June’... ‘1’” demonstrates
high level of relevance, coherence and totally matches the corresponding element in screenshot. As a
whole, the plan is completely sutable to be the groundtruth.

Figure 8: Guideline of human evaluation for golden plan generation quality.
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