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Abstract

In automated web testing, generating test cases
and performing testing using functionality de-
scriptions in natural-language is crucial for im-
proving efficacy. These tasks require such a
testing agent to carry out tasks on the target
application and generating tests autonomously.
We introduce HXAGENT, an iterative LLM-
based planning agent with a proactive correc-
tion strategy. After each step, HXAGENT re-
assesses the web state to determine the next
action using (1) current observations, (2) short-
term memory of past actions, and (3) long-term
experience extracted from past (in)correct se-
quences of actions. HXAGENT achieves 97.4%
Exact-Match accuracy on MiniWoB++, com-
parable to the best baselines without human
demonstrations. On a dataset of 350 web tasks,
it attains 83.8% Exact-Match and 91.8% Prefix-
Match, surpassing baselines by 11.4%. On On-
lineMind2Web, it further improves by 19.3%,
demonstrating robust generalization.

1 Introduction

In web UI testing, much of the process remains
manual and error-prone. Testers execute tex-
tual task descriptions using tools such as Sele-
nium (Selenium) or Katalon (Katalon), which
record user interactions to form Sequences of Ac-
tions (SoAs)—automated test scripts. While effec-
tive, this manual recording is time-consuming and
susceptible to human error, motivating automation.

Recent LLM-based approaches (Humphreys
etal., 2022; Jia et al., 2018; Liu et al., 2018; Drouin
et al.; Liu et al., 2023a; Sumers et al.) advance au-
tomated interaction but cannot directly generate
executable test scripts. Existing Ul agents face
four main limitations: (1) Models such as We-
bArena (Zhou et al., 2023) and WebLINX (Lu
et al., 2024) prioritize task completion over cap-
turing executable SoAs, focusing on end-user au-
tomation rather than test generation. (2) Visual and

multimodal planners (e.g., SeeClick (Cheng et al.,
2024), UI-TARS (Qin et al., 2025), SeeAct (Zheng
et al., 2024), CogAgent (Hong et al., 2024b)) rep-
resent actions as absolute screen coordinates or
textual descriptions—fragile under UI changes and
difficult to translate into executable scripts. (3)
Pattern-based agents (e.g., MindAct (Deng et al.,
2024), RCI (Kim et al., 2024), AdaPlanner (Sun
et al., 2024), Synapse (Zheng et al., 2023)) depend
heavily on human demonstrations, limiting scala-
bility. (4) Li e al. (Li et al., 2023) avoid demonstra-
tions via self-reflection, yet often fall into unguided
trial-and-error loops lacking reasoning over prior
state—action pairs.

We introduce HXAGENT, an iterative LLM-
based planning approach for automatically generat-
ing executable SoAs from task goals. Inspired by
ReAct (Yao et al., 2023), HXAGENT continuously
reasons over (1) the current page, (2) feasible ac-
tions, (3) short-term memory of prior state—action
pairs, and (4) long-term experience with rule ab-
stractions extracted from past correct and incorrect
trajectories. Each action is executed and its out-
come informs the next step until completion. By
anchoring reasoning in textual and visual evidence,
HXAGENT mitigates hallucinations and ensures
decisions remain grounded in real screen context.

Unlike reactive reflection methods, HXAGENT
performs proactive correction—reassessing and ad-
justing its plan after each step. It restricts actions
to feasible, executable elements, and combines
short-term memory with long-term experience to
enhance reasoning and stability.

Empirically, HXAGENT outperforms baselines
by 19.3%, 5.7%, and 11.4% in Exact-Match ac-
curacy on OnlineMind2Web, MiniWoB++, and
Real-world datasets, respectively, and achieves
77.3%-100.0% success in test script generation.
On challenging tasks, it attains 81.6% Exact-Match,
while others largely fail. In brief, this paper pro-
vides the following contributions:



1. HXAGENT: an LLM-based approach to
support automated web testing by generating the
sequences of actions (SoAs) to perform on a web
application to accomplish a given task.

2. An iterative LLLM-based agent planning
with both short-term and long-term experience.

3. An empirical evaluation to show its effective-
ness over the baselines and a dataset (HxAgent)
containing tasks and actual SoAs, which can serve
as a benchmark for future studies.

2 Key Ideas

We design HXAGENT with the following key ideas:

Key Idea 1 [Iterative LLM-based Agent Plan-
ning]. To explicitly model executable action se-
quences, we design an iterative LLLM-based plan-
ning mechanism that continuously controls the next
action in a feedback loop, grounding the model
in both textual and visual screen contexts to pre-
vent irrelevant or hallucinated actions. HXAGENT
determines each action based on four inputs: the
current page, feasible actions, memory of previ-
ous state—action pairs, and experience from past
(in)correct sequences. Each action is executed
in a testing environment, and the resulting page
state guides the next iteration until task comple-
tion. Unlike prior Ul-agent methods, actions are
explicitly represented as tuples of operations on
web elements with optional input values. Distinct
from self-reflection approaches, HXAGENT per-
forms proactive correction by reassessing and ad-
justing its plan after each step, avoiding delayed
and repeated execution of faulty plans.

Key Idea 2 [Sequence action memory as short-
term memory].A crucial aspect of navigating com-
plex web tasks is maintaining a persistent aware-
ness of previous steps and the evolving states of
webpages. Drawing inspiration from this necessity,
we introduce a short-term memory mechanism that
involves feeding LLLMs with information about the
previous steps taken and the corresponding states of
the website after each action. HXAGENT maintains
a structured memory of prior interactions, allowing
it to avoid previously failed decisions and inform
future reasoning with explicit historical context.

Key Idea 3 [Combining action memory with
experience reinforcement]. Building on LLM
reflection mechanisms (Shinn et al., 2024; Li et al.,
2023), we propose a two-phase strategy with a train-
ing and an evaluation phase. In training, the LLM
gathers state—action sequences with success or fail-

ure feedback, which are aggregated to guide per-
formance in evaluation. Short-term memory com-
plements this process by retaining recent actions
and outcomes—such as clicks, inputs, or naviga-
tions—providing continuity, while accumulated ex-
perience enables the model to generalize from past
patterns and apply effective strategies in new tasks.

Key Idea 4 [Vision enhancement]. The states
of the real-world websites represented as HTML
can be extensive. This behavior can lead to ex-
ceeding the context length of LLMs. Moreover, se-
lecting elements for interaction can be challenging,
especially when complex webpage layouts make
it difficult to fully extract the element’s context.
For example, in a date picker, an agent might de-
tect "Day 1" as interactable but fail to distinguish
between different months. This ambiguity results
in confusing options. To address them, we use
the multi-modal capabilities of LLMs by providing
them with the screenshot and actionable elements
of the current webpage. These inputs along with
others support LLMs in choosing the next action.

3 HXAGENT

3.1 Formulation

We model web-based task execution as a Partially
Observable Markov Decision Process (POMDP)
M= (5,A0,T,R,v) where s; € S denotes
the latent web environment state at time ¢, a; € A
is an executable action, o; € O is the observation,
T is the transition function, R is the reward func-
tion, and 7y € (0, 1] is the discount factor.

Multi-modal observation. Since the agent
can only partially observe s;, it receives a multi-
modal observation o; = Q(s;) = (0}, 0%, of'™).
where o contains textual DOM information, o}
is a webpage screenshot, and of'™ denotes the set
of interactable elements.

The feasible action set is defined as A(o;) =
{(op,e,v) | e € o§™, op € O, v € VU{@}}
where op denotes an operation (e.g., click or input),
e a web element, and v an optional input value.

Sequence of actions. An action sequence to
perform a task up to time ¢ is defined as

T = ((so,ao),(sl,al),...,(st,at)) (D

where the state transitions according to Sty ~
T (s¢,a;) and a; is determined using the grounding
function (5).
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Figure 1: HXAGENT Architecture

Sequence action memory (SAM). This short-
term memory at step ¢ is defined as

Mt - {(étfka at7k>7 ceey (ét—la a’t—l)} (2)

where §; denotes the observed state representation
and k is the memory window size. This memory
maintains recent interaction context to guide subse-
quent decisions to accomplish the current task.

Long-term experience memory. This mem-
ory stores historical interaction trajectories from
multiple tries for each task, their outcomes, and
behavioral rules:

E={(rW,yONN~, 3)

where 7(") denotes a complete SoA and y( €
{0, 1} indicates task success or failure. Abstracted
behavioral rules can be derived as

KUt = o(r ), B) “)

where ¢ denotes a rule-based knowledge extraction
function, which is based on the LLM for extract-
ing generalized behavioral rules (e.g., “verify label
before clicking”).

These memory components complement each
other: the short-term memory maintains immedi-
ate context and the current sequence of actions
required to accomplish the task, while the long-
term experience captures learned strategies dis-
tilled from many SoAs explored during the training
phase.

Action grounding. Inspired by ReAct (Yao
et al., 2023), which enables LLMs to interleave rea-
soning and acting by pausing after each decision to
observe the environment, we adopt an iterative ac-
tion grounding mechanism that conditions decision
making on the current observation o;, short-term
memory M;, and accumulated experience E. At
each time step ¢, the agent selects an action accord-
ing to

ag ~ 71'(. | Ot,.A(Ot),Mt,E) (5)

where the grounding function 7 is implemented by
an LLLM and constrained to the feasible action set
A(ot). This formulation enables iterative, memory-
aware, and experience-driven decision making to
support long-horizon task execution in dynamic
web environments.

State transition. After grounding an action, the
agent executes the action on the test environment
and transitions to the next state s;+1 ~ T (s¢, at).

State evaluation. At each new state, the agent
evaluates the state to determine whether the task
has been successfully completed or whether exe-
cution should terminate early due to failure. The
evaluation is defined as follows:

{success, stop} ~ G (74, My, E) (6)

If the task is completed, the outcome y(*) of the
experience memory F updated automatically when
human judgment is not involved in determining
task success.

3.2 Architecture

Fig. 1 shows HXAGENT’s architecture with LLM
indicating LLM-based agents. It takes as input the
web application and the task description, and pro-
duces the SoA to complete the task. HXAGENT
operates with two key components: 1) Iterative
LLM-based Agent Planning to produce action se-
quences, and 2) Experience Reinforcement to sup-
port the decision-making.

Given a target web application and task descrip-
tion, HXAGENT initiates its iterative process from
the specified starting page URL. The process be-
gins with Content Extractor @), which operates on
the current webpage state s; to capture the con-
tent §; and enumerate feasible actions .A(o;). State
Evaluator 9 implements the evaluation function G
by employing the LLM to evaluate the current state
of the action sequence using the action sequence
Ty, sequence action memory M;, and experience



Algorithm 1 Iterative LLM-based Agent Planning

1: Input: task to complete, url of the target webpage, and
Experience of previous action sequences E

2: Mt — J

3: procedure ITERATIVEAGENTPLANNING(task, url)

4 st < TestEnvironment.load(url)

5 while t < M AX, do

6: ¢, A(oy) <= Content Extractor(s;)

7:

8

9

success, stop < G (1e, My, E)
if success = true then
: if training then
10: E+ EU(M1)

11: end if

12: break

13: end if

14: if stop = true then //early termination
15: if training then

16: E + EU (M,0)

17: end if

18: break

19: end if

20: at %WﬁﬁM(ét,A(Ot),Mt,E)

21: if count(at) > 1 then // a; is duplicated
22: at < weem(0), ar, My, E)

23: end if

24: if a; requires input then

25: inputvalue < LLM (as, My, E)
26: atr < a¢ U inputvalue

27: end if

28: Mt %Mtu(&,at)

29: St < T(st,at)

30: t—t+1

31: end while
32: if t = M AX; then

33: if training then

34: E + EU (M.,0)
35: end if

36: end if

37: E <+ EU ¢rem(Te, E) Il update rules
38: end procedure

memory E. Within a single prompt, the agent (i)
summarizes previous interactions, (ii) describes the
current state, (iii) determines whether to stop ex-
ecution early due to significant divergence from
the expected state, (iv) decides whether the task is
complete, and (v) evaluates whether the intended
goal has been successfully achieved.

At each iteration ¢, Action Grounding @) imple-
ments action grounding 7 (.) to determine the most
suitable next action a;. In our implementation pre-
sented in Algorithm 1, the agent first uses the LLM
with textual presentation of the current page s;, and
if there exists two or more applicable actions, the
agent uses the image or visual observation o, .

The Rule Extractor @ component implements
the long-term experience memory E by extracting
rules from previous action sequences.

3.3 Test case generation

HXAGENT produces test scripts by converting an

action sequence that successfully completes a task
into a test case, where the task description serves
as the test case name. Each step in the test case
corresponds to an action executed on a given state.
An action is defined by its type (e.g., click, text
entry), value (e.g., input text), target web element,
and the state of a webpage. The test cases can be
automatically replayed in the target environment
during regression testing.

4 Experimental Methodology

We seek to evaluate (1) the effectiveness of HX-
AGENT in generating action sequences (Sequence
Action Effectiveness), (2) its effectiveness in gen-
erating test cases (Test Generation Effectiveness),
(3) the impact of long-term experience memory, (4)
the cost of LLM usage, and (5) the effect of each
HXAGENT component (Ablation Study).

Datasets. We use three datasets. First, Real-
world dataset (Table 7), includes 350 tasks from
seven popular websites (50 each) generated from
task templates (e.g., “Subscribe to the channel”).
Second, MiniWoB++ (Liu et al., 2018), provides
44 sampled tasks with 25 instances each (1,100
total). Third, OnlineMind2Web (Xue et al., 2025a),
extends Mind2Web (Deng et al., 2024) with 300
tasks from 136 websites across multiple domains.
After removing 15 inaccessible ones, 285 tasks
from 132 sites were used.

Baselines. We use 10 baselines (Table 8). The
first eight baselines including WebNT5, HTML-
T5-XL, WebGUM, WGE, CC-Net, RCI, AdaPlan-
ner, and Synapse were evaluated exclusively on
MiniWoB++, as these methods depend on human
demonstrations, which are unavailable in the other
two datasets. For SeeAct, we use SeeAct hoice
which grounds actions via textual choices. Refer to
the Related Work section for the rationale behind
our selection of benchmarks and baselines.

Procedure. We set up Selenium test environ-
ment via ChromeDriver. The task in the text string
is used as input to HXAGENT and baselines. We
use GPT—4o0 in our experiments, as it serves as
the primary LLM in most baselines and is widely
regarded as a state-of-the-art model.

For MiniWoB++, we first run the training phase
for 20 task instances, to obtain the maximum of
8 few-shot examples and a set of textual rules to
be used as experience. As in Li et al., we evalu-
ated each task on 50 instances. For the real-world
dataset, we evaluate on 50 instances for each task.



Table 1: Performance of Sequence Action Generation
on Real-world dataset

Website Exact-Match (%) Prefix-Match (%)
HXAGENT]Li ef al.[SeeAct| HXAGENT]|Li ef al.[SeeAct
YouTube 100.0 20.0 | 100.0 100.0 20.0 | 100.0
Linkedin 92.0 46.0 | 100.0 98.4 71.0 | 100.0
Facebook 93.3 333 | 66.7 96.7 39.0 | 79.2
Google 96.0 0.0 | 100.0 98.6 0.0 | 100.0
Amazon 93.4 54.0 | 100.0 94.4 56.0 | 100.0
Stackoverflow|  80.0 36.0 | 40.0 90.0 454 | 633
Expedia 32.0 0.0 0.0 64.4 9.4 441
Tot./Avg 83.8 27.0 | 72.4 91.8 344 | 83.8

Evaluation Metrics. We define an action as
correct if both the selected element (its content) and
the predicted operation are correct. For sequence
action generation, we use:

Exact Match Rate (Exact-Match): We consider
the generated SoA for a task as correct only if all
actions are correct. Exact-Match is defined as the
ratio of correct results to the total number of results.

Prefix Match Rate (Prefix-Match):
Prefix-Accuracy is the accuracy of the prefix
of a generated SoA for a task instance, which
is the ratio of continuous correct actions from
the start to the first error, divided by the total
number of actions. Prefix-Match is the average in
all instances.

5 Empirical Results

5.1 Sequence Action Effectiveness

Performance on the Real-world dataset:  As
seen in Table 1, HXAgent achieves the highest per-
formance on the Real-world dataset, with 83.8%
Exact-Match and 91.8% Prefix-Match, outperform-
ing Li et al. by +56.8% and exceeding SeeAct by
+11.4%. Owing to its iterative planning mecha-
nism (ReAct) and integration of short-term mem-
ory, HX Agent effectively adapts to interface vari-
ations and dynamic webpage states. In contrast,
Li et al. employ a static, screen-based planning
strategy with full HTML representations, which
frequently exceed context limitations and fail to
generalize when interfaces change. SeeAct, while
demonstrating strong performance on structured
platforms such as YouTube, LinkedIn, and Ama-
zon, exhibits a substantial decline on highly dy-
namic websites like Expedia. Overall, HXAgent
demonstrates superior adaptability and generaliza-
tion capabilities, maintaining high accuracy even in
complex, multi-screen tasks that require sequential
reasoning and action execution.

Performance on OnlineMind2Web: Table 2
summarizes results on the Online-Mind2Web
dataset. HXAGENT achieves 50.7% Exact-Match

Table 2: Performance of Sequence Action Generation
on OnlineMind2Web dataset

Level |No Exact-Match (%) Prefix-Match (%)
‘|HXAGENT]LI ef al.[SeeAct| HXAGENT]LIi ef al.[SeeAct
Easy 80 81.3 40.0 | 63.8 90.8 54.0 | 75.8
Medium [135|  40.7 148 | 304 55.0 262 | 424
Hard 70 30.0 5.7 10.0 41.2 13.8 | 202
Tot./Avg|285]  50.7 20.2 | 34.7 62.4 31.3 | 46.1

Table 3: Action Sequence Generation on MiniWoB++.
Exact-match (%), Correct runs (975 total).

’ Approach [ Metrics |
[ Exact-Match (%) [# Correct runs |

WebNT5 59.1% 532

HTML-TS 88.3% 861

WebGUM 89.9% 877

WGE 64.3% 627

CC-Net 93.8% 915

RCI 89.5% 926

A.Plan. 88.0% 853

Synapse 97.3% 958

Li (40) 91.7% 949

SeeAct 69.9% 682

HxAgent 97.4% 950

and 62.4% Prefix-Match over 285 tasks from 132
websites, consistently outperforming Li et al. and
SeeAct across all difficulty levels. Its accuracy
reaches 81.3% on easy, 40.7% on medium, and
30.0% on hard tasks.

Compared to the Real-world dataset, Online-
Mind2Web includes more complex Ul elements
such as dropdowns and calendar pickers, where
HXAGENT’s iterative planning proves effective. It
surpasses Li et al. by up to 5.3x and SeeAct by
+33.9%, particularly in tasks requiring multi-step
reasoning and handling of dynamic state changes.

Despite these gains, HXAGENT still struggles
with large interactive elements such as datetime
pickers, enter-to-submit fields, and large interactive
components that may exceed LLM context limits.

Performance on MiniWoB++: As seen in Ta-
ble 3, for 975 task instances from 39 tasks, HX-
AGENT achieves 97.4% Exact-Match and 99%
Prefix-Match. Tasks with fewer than three screens
or actions reach near-perfect accuracy (97-100%),
while those with higher complexity slightly de-
crease to 93%.

Notably, HXAGENT attains performance compa-
rable to leading baselines without human demon-
strations—matching WebGUM (401K demos) and
surpassing CC-Net (BC + RL) (2.4M demos). Al-
though Synapse achieves perfect accuracy, it de-
pends on 154 handcrafted exemplars and task-
specific prompts, which risk overfitting by reducing
the need for multi-state exploration.

Among approaches without human demonstra-
tions, HXAGENT slightly outperforms Li et al.



Table 4: Performance on 125 Challenging Task In-
stances (MiniWoB++).

Tasks Exact-Match (%)
HXAGENT Lietal. SeeAct

choose-date 92.0 24.0 0.0

book-flight 100.0 24.0 0.0

flight. AA 100.0 0.0 40.0

flight. Alaska 96.0 0.0 0.0

flight. Alaska-auto 20.0 0.0 0.0
Total/Avg. 81.6 (£34.6) 9.6 (£13.1) 8.0 (£18)

Table 5: Success Rates of Generated Test Scripts

Test scripts for

Valid / Successful Trial

MiniWoB++
Real-world Application
OnlineMind2Web

1048/1048 = 100.0%
276/304 = 90.8%
109/141 =77.3%

(97% vs 94%) and exceeds SeeAct by 20% in
Exact-Match. On 125 challenging MiniWoB++
tasks (Table 4) involving an average of five screens
and seven actions, HXAGENT achieves 81.6%
Exact-Match, compared to 10% for Li et al. and
8% for SeeAct.

As shown in Table 3, SeeAct attains 69.9%
Exact-Match overall but falls to 8% on complex
tasks, limited to the flight.AA case. Its failures arise
from difficulty handling datetime pickers, drop-
downs, and icon-only buttons. In contrast, HXA-
GENT exhibits superior robustness and accuracy on
multi-step, dynamic tasks.

Accuracy by Task Complexity: We evaluate
HXAGENT by task complexity, measured through
action sequence length and actions per screen.

Next-step prediction accuracy by action se-
quence length. As shown in Fig. 2a, HXAGENT
achieves 100% first-step accuracy on MiniWoB++
and Real-world datasets, with a gradual decline
as sequence length increases. A similar trend
appears in Online-Mind2Web, where Exact-Match
drops from 81.3% (easy) to 40.7% (medium) and
30.0% (hard).

Exact-Match sequence accuracy by number of
actions per screen. In Fig. 2b, HXAGENT main-
tains high Exact-Match even with up to 500 actions
per screen. Performance decreases on long or dy-
namic tasks (e.g., pop-ups, date pickers, complex
forms), with some outliers below 70%, mainly due
to hidden options or invalid data generation.

5.2 Test Case Generation

We used HXAGENT to generate regression test
scripts for the 1,493 tasks with correct Sequences
of Actions (SoAs) and executed them on the target
web applications. A script is considered valid if it
(1) executes all steps without errors and (2) success-
fully reaches the intended goal. As shown in Ta-
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Figure 2: Performance by Task Complexity

ble 5, all successful SoAs in MiniWoB++ produced
valid scripts, while 90.8% of successful SoAs from
real-world applications executed correctly. The
higher reliability in MiniWoB++ stems from its
static, controlled environment, whereas real-world
sites introduce dynamic content and runtime vari-
ability—for example, layout changes or fluctuating
search results may invalidate XPath locators. On
LinkedIn, the “Jobs” button may yield different
XPaths across layouts, and on Expedia, network de-
lays occasionally caused actions to execute before
elements fully loaded, resulting in failures.

On the OnlineMind2Web dataset, our approach
achieves a 77.3% success rate. Although many
tasks resemble those in the Real-world dataset, the
broader variety of website types introduces failures
on pages with dynamic banners, dropdowns, or
frequently changing navigation paths. For example,
when searching “SAM?2” on GitHub, the generated
script may succeed during execution but later return
a 429 Too Many Requests error due to dynamic
request limits.

Techniques such as generating more robust lo-
cators (Nguyen et al., 2021; Leotta et al., 2016)
or selecting relevant ones (Nass et al., 2023) may



mitigate these issues.

5.3 Experience Analysis
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Figure 3: Moving average of selected tasks in training

Fig. 3 displays the moving average for Experi-
ence, i.e., the average of the correct SoA generated
over a window of 10 recent runs during the training
phase. Comparing Figures 3c and 3d (without expe-
rience rules), the moving average in Figure 3c starts
at 0.5, indicating 5 correct action sequences over 10
runs, while in Figure 3d, the starting point is 0, with
no correct sequences. Consequently, after 20 runs,
the agent without experience rules reaches only a
0.4 moving average (4 correct sequences over the
last 10 runs) compared to a 0.9 moving average (9
correct sequences over the last 10 runs) as experi-
ence rules are included. As shown, the increase in
the moving average over subsequent runs indicates
that HXAGENT keeps acquiring more and more cor-
rect knowledge during training. For click-button
with the best possible initial performance (Fig. 3a),
the knowledge retention remains consistent during
training with 100% moving average. However, for
acomplex task (Alaska-auto), the moving average is
lower as it is harder to obtain the correct sequence.
Tracking the moving average during the training
phase helps monitor the quality of the knowledge
in the experience memory and select the best set
of few-shot examples and textual rules in predic-
tion. We can halt the training after a certain number
of runs if the moving average exceeds a threshold
(Fig. 3c), and then capture the knowledge at that
point in Experience prompts for next predictions.

5.4 Ablation Study

Ablation Study on Key Components. We removed
HXAGENT’s key components and compared their
performance. For each component, we removed the

Table 6: Contribution of Different Components

Module EM (%) PM (%)
HXAGENT (40) 97 99
w/o experience 88 93
w/o (SAM + experience) 47 67
w/o iterative planning 75 85

corresponding section in the main prompt. How-
ever, for the variant w/o iterative planning, we
changed the main prompt to ask LLM only once to
generate a complete SoA without the loop for plan-
ning. As seen in Table 6, all variants have lower
accuracies than HXAGENT, indicating the contribu-
tions of each component. Without sequence actions
memory, the variant w/o (SAM + experience) has the
most drop in Exact-Match (47 vs. 97). Thus, SAM
is most important with its retaining the history of
previous steps and evolving states to decide the
next action. We found that w/o (SAM + experience)
kept repeating some action multiple times until the
step limit. HXAGENT w/o iterative agent planning
exhibits a decrease of 23% in Exact-Match where
it struggles on tasks with multiple screens. The
variant w/o experience has the smallest drop of 9%
in Exact-Match. This confirms our idea that expe-
rience with reflection (used in Li ef al.) has less
impact than the combination of SAM+experience and
iterative planning.

Ablation Study on Varying Sizes of Short-term
Memory. Our results show that restricting memory
to only 1-3 most recent actions reduces Exact-Match
by 6% and 3%, respectively. Full access to short-
term memory proves beneficial for tasks where the
current state does not fully reflect the completion
of prior steps. For example, in the click-tab-2 task,
full memory access enables HXAGENT to track
all visited tabs, preventing redundant clicks on the
same tab—an issue with limited memory.

5.5 Cost Analysis

Figure 10 shows the token distributions in the
prompts and generated outputs for each component
of HXAGENT: content tokens from the Content
Extractor module, agent tokens from the Action
Grounding module, and rule fokens from the Rule
Extractor module. These components are invoked
multiple times during the iterative loop, and the
number of tokens in the prompts varies depending
on the complexity of the web application and the
length of the action sequence. Among the com-
ponents, Action Grounding consumes the most to-
kens, followed by Content Extractor, as both man-
age the web state and play critical roles in the it-



erative process. Figure 11 presents the token con-
sumption for input generation in Action Grounding,
which is executed multiple times depending on the
number of input fields in the task. Overall, the aver-
age cost across all tasks is 80k input tokens and 22k
output tokens for both the training and evaluation
phases.

6 Related Work

Benchmarks for Web Task Completion and Ul
Agents. The rapid progress of web Ul agents has
been supported by realistic benchmarks for navi-
gation and interaction, such as WebArena (Zhou
et al., 2023), WebLINX (Lu et al., 2024), We-
bGames (Thomas et al., 2025), OSUniverse (Davy-
dova et al., 2025), BEARCUBS (Song et al.,
2025a), and EconWebArena (Liu and Quan, 2025)
BrowseComp (Wei et al., 2025). Since these bench-
marks are defined in natural language rather than
executable form, we collected our own real-world
dataset (Table 7) and adopted MiniWoB++ (Liu
et al., 2018) and OnlineMind2Web (Xue et al.,
2025b), which better align with test generation us-
ing available or extensible sequences of actions
(SoAs).

Web Task Completion and Web UI Agents.
Several approaches have been proposed to build
task completion and UI agents including Brows-
ing (Song et al., 2025b), ShowUI (Lin et al.,
2025), OpenAI’s Operator (Anonymous, 2025),
SeeClick (Cheng et al., 2024), CogAgent (Hong
et al., 2024b), InfiGUIAgent (Liu et al., 2025), UI-
TARS (Qin et al., 2025), UI-AGILE (Lian et al.,
2025), UI-Venus (Gu et al., 2025).

However, most represent the actions as absolute
coordinates or textual descriptions, which are brit-
tle for regression testing and not directly executable.
We did not include these approaches in our com-
parison, as their outputs (textual descriptions or ab-
solute coordinates) would require conversion into
executable actions for test generation, a process
that could introduce errors and lead to unfair com-
parisons. We thus use SeeAct (Zheng et al., 2024)
as a baseline, as it can prompt LLMs to output exe-
cutable SoAs and it was shown to outperform the
state-of-the-art approaches.

Computer-Using Agents. Beyond the
web, agents have been developed for mobile
(Guardian (Ran et al., 2024), GPTDroid (Liu
et al., 2023c), AutoDroid (Wen et al., 2023),
DroidAgent (Yoon et al., 2023)) and desk-

top use (TaskMatrix.Al (Liang et al., 2024),
Computer Use (Gur et al., 2023b), Claude 3.5
Sonnet (Anthropic, 2025)).

LLM-based Mobile Testing. LLMs enabled
applications in mobile testing (Liu et al., 2024a;
Wen et al., 2024; Liu et al., 2023b, 2024b; Ran
et al., 2024), unit testing (Lemieux et al., 2023; Rao
et al., 2023; Dakhel et al., 2024; Yuan et al., 2024),
test oracles (Nashid et al., 2023), web agents (Thil
et al., 2024; Hong et al., 2024a; Cheng et al.; Lai
et al., 2024; Chen et al., 2024; He et al., 2024).

7 Conclusion

Novelty. We present HXAGENT, a multi-modal,
iterative Web testing agent using LLMs with vision
capabilities to generate test scripts for GUI tasks
described in natural language. We showed the long-
term experience memory with rules extracted from
past experience helps the agent to make better de-
cisions. We also found that our iterative process
grounding the model’s reasoning in the actual text
and visual context at each step helps reduce hallu-
cinations in Ul agents. Moreover, we found that
proactive correction in HXAGENT continuously re-
assesses the state after each step to adjust its plan
as needed. In contrast, the state-of-the-art self-
reflection approaches use a reactive repair strategy,
where corrections are attempted only after an en-
tire action trajectory has failed. Our evaluation
on three state-of-the-art datasets shows its superior
performance over the baselines.

Impacts on Future Research. This work sug-
gests promising directions for test generation and
autonomous end-to-end testing with agents. As
LLMs and multimodal reasoning continue to ad-
vance, future frameworks may not only generate
reliable action sequences but also autonomously
perform tests, further reducing human effort in
end-to-end testing. Research may move toward
fully autonomous, self-reflective agents that contin-
uously learn to test and verify diverse applications
without human intervention. Ultimately, these ad-
vances point to a future in which Al-driven testing
agents act as trustworthy collaborators, improving
software reliability while reducing human effort.

10. Data Availability. Data/code are available on
our website (HxAgent).
Limitations

There are several concerns that might affect the
validity of this study. One internal threat to validity



is concerned with the hallucination of the LLMs
as their outputs are not guaranteed to be consis-
tent between different runs (Huang et al., 2025).
To alleviate this concern, we set the temperature
parameter, which affects the randomness of gen-
erated responses of the LLMs, to zero to produce
a more consistent and deterministic output. We
also defined the prompts to be focused and to re-
quest specific outputs. As a result, our experiments
showed consistency in the generated outputs by the
LLM:s.

The use of three datasets may limit the gener-
alizability of our study. The applications in those
datasets might not be representative for Web apps,
and their Ul elements and interactions may not
reflect all types of elements found in general appli-
cations. Nonetheless, the MiniWoB++ dataset is
widely used as a benchmark for automating com-
puter tasks in previous studies (e.g., (Liu et al.,
2018; Li et al., 2023; Zheng et al., 2023; Thil et al.,
2024; Furuta et al., 2023)). The Online-Mind2Web
includes tasks from 136 real-world websites, cov-
ering diverse scenarios that users perform online.
Seven real-world applications in our dataset are
popular from various domains from social net-
works (Facebook, LinkedIn) to e-commerce (Ama-
zon) to professional support (Stackoverflow). They
are modern and well-updated applications that use
common and diverse sets of Ul elements. They in-
clude UI elements and actions that are typically
found in modern web-based applications today.
Taken together, the combination of MiniWoB++,
Online-Mind2Web, and our curated dataset pro-
vides both controlled dynamic tasks and realistic
real-world applications, offering a broad and mean-
ingful representation of modern web environments.
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A Motivation Example

An important step in web testing is generating a se-
quence of actions on the web pages from a natural
language description of a task. Fig. 4 displays the
task with the description: “Use the textbox to enter
‘Macie’ and press ‘Search’, then find and click on
the 8th search result.” The tester is expected to
follow this description and perform the described
actions on the web pages under test. The tester uses
a testing environment (Selenium or Katalon) to exe-
cute the application. First, the tester must type “Ma-
cie” into the textbox and click the “Search” button.
They then need to click the “>" hyperlink twice
before selecting the hyperlink associated with the
entry “Macie” as shown in Step 4. The process of
the tester’s performing a SoA (e.g., clicks, inputs)
to interact with the environment (browser), ulti-
mately changes the application’s states (e.g., GUI,
HTML, or screenshot).

B State-of-the-art Approaches

First, several LLM-based solutions have emerged
to automate the manual process (Gur et al., 2023a).
First, the UI agents for Web task execution such
as UI-TARS (Qin et al., 2025), SeeClick (Cheng
et al.), SeeAct (Zheng et al., 2024), CogA-
gent (Hong et al., 2024a), and the models used
in WebArena (Zhou et al., 2023) and WebLinx (LU
et al., 2024), focus on completing the task of "click-
ing on the 8th search result", i.e., the link with the
word "Macie" (Fig. 4). They do not explicitly gen-
erate the executable actions that are needed for
test script generation for Web applications. For
example, the WebArena benchmark would check
only whether a model finally clicks on the "Macie"
link.

Second, in contrast, UI-TARS (Qin et al., 2025),
SeeClick (Cheng et al.), and CogAgent (Hong et al.,
2024a) generate the sequences of actions (SoAs)
where an action is expressed as an operation on
an screen area defined by absolute coordinates,
e.g., a "click" on [0,25,75,90] for the "Macie" link.
This is an unreliable locator approach for regres-
sion testing, since even small Ul modifications
(e.g., shifting, resizing, or adding elements) can
break coordinate-based references. It is not trivial
to transform an action description with absolute co-
ordinates into executable actions that are suitable
for regression test script generation.

Third, another prominent line of approaches de-
scribe the actions or SoA in natural language. In
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Figure 4: Step-by-step actions of an example search-engine task in the MiniWoB++ dataset (Liu et al., 2018).

our example, at step 4, SeeAct (Zheng et al., 2024)
could describe the action as "click on the word "Ma-
cie"". However, there are two appearances of that
word on the screen after step 4, which might make
the model confused. In fact, it was reported that
SeeAct suffers much lower accuracy in SoA gen-
eration when outputting executable actions (Zheng
et al., 2024), which are crucial for Web test script
generation.

Fourth, several prompt-based approaches with
demonstrations such as MindAct (Deng et al.,
2024), RCI (Kim et al., 2024), AdaPlanner (Sun
etal., 2024), and Synapse (Zheng et al., 2023) lever-
age few-shot or many-shot prompting by providing
exemplars to the LLMs. As shown in Fig. 4, these
demonstrations involve sequences like text entry
and result navigation. However, they are limited by
the heavy manual effort required for curation and
the risk of overfitting to specific patterns.

Fifth, the prompt-based approaches without
demonstrations leverage the self-reflection capabil-
ity of LLMs to identify and revise the first critical
mistake after a failed attempt, and retry the task.
However, they operate in a reactive repairing strat-
egy, where corrections are attempted only after
an entire action trajectory has failed. Moreover,
without maintaining a record of prior state-action
pairs, for instance, at step 3 in Fig. 4, the model
might mistakenly click the hyperlink labeled “1,”
returning to the previous screen. A heuristic based
on textual similarity (e.g., matching the word “Ma-
cie”) fails, as multiple links share that label in steps
3 and 4. Relying on DOM indices is also unreliable,
as not all search results are visible on a single page
due to pagination.

C Experience Reinforcement

Training phase

Initially, the experience is set to empty. During
the training phase, the experience is updated once
the task is successful. For update, the (in)correctly
generated sequences of actions are saved as expe-
rience. For an incorrect sequence, we use Rule

13

Extractor @ to extract a textual rule from the
(in)correct sequence, ensuring it differs from the
current rules, and update it to the current set of
rules. These rules act as textual heuristics, along
with the correct SoA serving as few-shot examples
embedded in the experience section of the main
prompt (Fig. 9). This part of the main prompt is
dynamically updated in the training phase. We
also track the average of the correct SoA generated
over a number of recent episodes in training (called
moving average). Consider Experience Reinforce-
ment with task click-tab-2. The first episode ini-
tializes the task: “Switch between the tabs to find
and click the link ‘et’” HXAGENT uses Iterative
LLM-based Agent Planning to generate and exe-
cute the action “click the link ‘et’,)” completing the
task. The correct sequence is then stored in the Ex-
perience (Algorithm 1, lines 8—13). In the second
episode, a similar task is initialized. The Experi-
ence guides the agent, but this time the generated
sequence is incorrect. It is saved as an incorrect
sequence, and Rule Extractor creates the rules. In
the third episode, with updated Experience (correct
sequences-+rules), it switches tabs before clicking
the link, creating a correct sequence. This is added
to Experience (Algorithm 1, lines 14-18). Specifi-
cally, if the task remains unfinished at t = M AX;
(the maximum number of steps), it is categorized as
an incorrect execution (Algorithm 1, lines 32-35).
Evaluation phase

We select the optimal experience from training
to be used as input for the evaluation phase. An
optimal experience is the combination of the cor-
rect SOA and rules that exhibits an upward trend
and stable pattern from the training, decided by
the moving average. The iterative planning is
the same, except for the fixed optimal experience
Eoptimai- Hence, with experience, the reasoning
for the next action a4 at the iteration ¢ become
a1 ~ 77(- | Ot, A(Ot)7 My, Eoptimal)-

D Iterative Agent Planning

D.1 Implementation Details



Algorithm 1 displays the pseudo-code of our it-
erative LLM-based Agent Planning algorithm. It
takes as input a natural-language task description
task and a webpage url for the process. First, the
Sequence Actions Memory (M) is also initialized
for the given task with an empty state-action his-
tory (line 2). The workflow begins by extracting
either the DOM or screen images from the active
webpage in the test environment (line 4). Next, an
iterative planning phase is executed (lines 6-31),
starting with the Content Extractor, which parses
the webpage to derive the initial state and a set of
feasible actions (line 6).

At line 7, the LLM is invoked to reason
whether the current trajectory has achieved the goal
(success = true) or an early stopping condition
has been met (stop = true). If either case occurs,
the algorithm logs the corresponding outcome in
the Experience E—( M, 1) for success or (M, 0)
for failure—during training mode, and then termi-
nates the loop (lines 8—19). This process allows
both successful and failed trajectories to contribute
to improving the Experience for future planning.

If the task is still ongoing, the LLM is queried
to infer the next action a; given the current obser-
vations (8, A(o;)), the Sequence Actions Mem-
ory M, and the Experience E (line 20). In cases
where the generated action is duplicated (i.e., mul-
tiple identical candidates appear), the LLM is in-
voked again using the visual observation o,""Y—a
screenshot of the current webpage—to select the
correct element (lines 21-23). When the chosen
action corresponds to an input operation, the LLM
is prompted once more to generate the appropriate
content for the target input field (lines 24-26). The
completed action is then appended to the Sequence
Actions Memory together with the current state
(line 28).

Next, the Test Environment executes the selected
action on the webpage to update the interface and
retrieve the new state s; (lines 29-30). The loop
counter ¢ is incremented, and the process continues
until the task is completed, an early stop condition
is reached, or the iteration limit M AX; is exceeded.
If the maximum number of iterations is reached
without completion, the trajectory is recorded as
a failed episode (M;,0) when in training mode
(lines 32-35). Finally, the Experience F is updated
through the function ¢1,1n/ (7, E) to refine future
action planning (line 37).

Let us take the iteration #4 of Fig. 4 as an ex-
ample. The HTML content of the webpage and
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its action transition arrow represent a state-action
pair. At the end of iteration 3, M; currently stores
the state-action pairs of the history including the
ones at 1) the iteration t=1 (No search results dis-
played, input text: “Macie”), 2) the iteration t=2
(No search results displayed, input text: “Macie”,
clicking “Search”), and 3) the iteration =3 (three
links displayed: “Leonie”, “Dannie”, “Myron”,
pagination links, and clicking the “<” hyperlink).
Then, an action a3 is performed to transit the 3"
page to the 4", Next, we extract the current state s,
and feasible actions A4 (including the input search
field, clicking Search button, clicking the “Macie”,
“Jess”, and “Marcella” hyperlinks, clicking the “<”
hyperlink, etc.). At the iteration ¢ = 4, the LLM
reasons and decides the next action a4 to be "click-
ing the “>” hyperlink" based on the observations
of current webpage state s4 and its corresponding
actions Ay, the sequence actions memory M; up to
iteration t3, and the experience E. Then the pro-
cedure at the end of iteration ¢ = 4 continues and
moves on to ¢ = 5 until the task is finished. Due to
maintaining the contents/states of the steps, it does
not stop and click at the “Macie” hyperlink at the
4th search result, and continues to “Macie” link in
the next iteration.

D.2 Task Description & Content Extractor

The input task is described in natural language.
This description is recorded in the Sequence Ac-
tions Memory (line 1, Algorithm 1). HXAGENT
utilizes Content Extractor @) (lines 6, Algorithm 1)
to extract information from the initial webpage and
update the information after the agent performs
actions (lines 28, Algorithm 1). The webpage is
provided to the LLM either in DOM format or as
screen images. This module has two functions: (1)
feasible action extraction and (2) state extraction.

First, the LLM receives the DOM of the page
and generates possible actions described as JSON
objects. We extract only the visible and interactable
HTML elements attached to specific user events
using the DevTools API. We also extract relevant
surrounding contexts. For example, the context for
a button and a container could be its inner content,
while an input field’s context could be its label. If
necessary, we traverse up the DOM tree to gather
more information from parent nodes and bind ac-
cordingly. After that, each interactable element
is mapped with its operation, resulting in a list of
possible actions on the current webpage in a JSON
file.



The search results are displayed in a div with the id ’page-
content’.
The first three search results are: ’Leonie’, ’Dannie’, and
’Myron’ with additional links and descriptions.
There is also a pagination section with links to navigate
through the pages.

Figure 5: State in summarized natural language descrip-
tion format extracted from 3"¢ webpage of Figure 4.

| ITERATIVE_ACTION_REASONING_PROMPT ’’’You are a
web assistant... You will complete the task
by taking a series of steps. Each step is a
description of the action you take and the
specific item, entity, or element on the
website that the action is applied.

2 {experience}

3 # Here is the actual task.

4 {sequence_actions_memory}

5 After completing the above steps, you reach a
state: {state} where the following feasible
steps exist:

6 {feasible_actions}

POSSIBLE NEXT ACTION #1: {action_1} ...

Your job is to choose the most possible next

steps to help you complete the task....

# The JSON response must strictly follow these

rules:

"chosen_action": (the index of the
potential action that you choose)
"action_description”: (a string
describing the action you choose)
"reason"”: (describing why you choose the
action)...

8

9

10

11

12

Figure 6: Iterative Action Reasoning Prompt (Main
Prompt).

Second, HXAGENT extracts and represents the
state of a webpage in one of two formats, based on
the DOM size. For smaller DOMs, it generates a
simplified HTML containing interactable elements
and a mapping to the original HTML file. For large
DOMs that exceed the LLM’s context, it produces a
text summary generated by the LLM from the web-
page screenshot using vision capability (Fig. 5).

E Datasets

This appendix complements Section 4 by pre-
senting detailed descriptions and statistics of the
datasets employed in our experiences. The first, the
Real-world dataset (Table 7), was collected from
a set of well-known websites including YouTube,
LinkedIn, Facebook, Google, Amazon, StackOver-
flow, and Expedia. For each website url, we de-
signed a set of task templates (e.g., “Subscribe to
the {} channel”, “Login to YouTube with username
{} and password {}). Each template was then in-
stantiated into specific tasks (e.g., “Subscribe to the
‘TEDx Talks’ channel”). The final dataset consists
of 50 task instances per website across 7 websites,
yielding a total of 350 task instances.

The second dataset is from the MiniWoB++
benchmark (Liu et al., 2018). Each environment or
application is defined for a task, having a descrip-

"operation”
"target object”:
"attributes”:
"class”
"data-tampered”
nign

{
{

3,
"tagName"”
"xpath”

[SE=-IE-CREN B NV N N SR

11 "text"
12

13

Yoo

Figure 7: JSON representation of a feasible ‘Click’ ac-
tion extracted from the 3"¢ webpage shown in Figure 4.

= 19

SEQUENCE_ACTIONS_MEMORY_PROMPT
You are visiting the website title: {title}
You are asked to complete the following task:
{task}
You have completed the following steps:
{state_1}
{action_1}
{state_2}
{action_2} ...

1
”

4
5 > STATE #1:
6 > STEP #1:
7 > STATE #2:
8 > STEP #2:

Figure 8: Sequence Actions Memory Section of Main
Prompt.

EXPERIENCE_PROMPT = ’'~

# Here are the history of your trials
SUCCESS TRIAL #1: Task: {task_1}

STEP #1: {task_1_action_1}

STEP #2: {task_1_action_2}

TRIAL #8: Task:
{task_8_action_1}
{task_8_action_2}

SUCCESS
STEP #1:
STEP #2:

{task_8}

# Rules extracted from past attempts, use to
evaluate your policy:
RULE #1: {rule_1}

RULE #2: {rule_2}...
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Figure 9: Experience Section of Main Prompt.

tion (e.g., “Choose an item from a list”), a set of
utterances (e.g., “Bobine”, “Betty”) that were ran-
domly chosen for each episode to form a complete
natural language task instance (e.g., “Select Betty
from the list..."). We sampled 44 tasks from the
dataset, each with 25 instances, yielding a total of
1,100 task instances.

The third dataset is OnlineMind2Web (Xue
et al., 2025a), a recent and actively maintained
benchmark derived from the original Mind2Web
dataset (Deng et al., 2024). It contains 300 tasks
collected from 136 real-world websites across do-
mains such as clothing, food, housing, and trans-
portation. The dataset classifies tasks into three
difficulty levels: easy for those requiring up to 5
steps to complete (83 tasks), medium for those re-
quiring 6-10 steps (143 tasks), and hard for those
involving 11 steps or more (74 tasks). In our ex-
periments, 15 tasks were excluded because four
websites were inaccessible, resulting in a final set



Table 7: Real-world dataset statistics.

Application |#Actions/Screens | #Screens | SoAs
YouTube 291 4+ 144 2+1 [3+£1
LinkedIn 146 + 36 3+1 |4+1
Facebook 260 £ 110 31 |3£1

Google 91 4+ 189 3£1 [4+1
Amazon 330 = 82 241 |3£1
StackOverflow 296 £+ 151 31 |5%5
Expedia 135 + 22 4+1 |9+4
Total/Avg. 221 3 4

Table 8: Baseline approaches

Approach Model demos Feedback
WebNT5 T5+Fine-tuning v -
HTML-T5-XL T5+Fine-tuning v -
WebGUM ViT+T5+Fine-tuning v

WGE RL v -
CC-Net RL + SL v -
RCI LLM Prompting v v
AdaPlanner =~ LLM Prompting v v
Synapse LLM Prompting v -
Lietal. LLM Prompting - v
SeeAct LLM Prompting - v

of 285 tasks from 132 websites used for evaluation.

F Result Analysis

F.1 Analysis of the Real-world dataset

As seen in Table 1, HXAGENT outperforms Li et
al. by 56.8%, with the gap being most signifi-
cant in tasks that require navigating more than two
screens and completing at least two actions. In this
real-world dataset, websites are more dynamic than
those in MiniWoB++, particularly when dealing
with dropdown options (e.g., search tasks in Google
or filling in locations to book flights on Expedia,
Table 1). These dynamic features pose a challenge
for the staged planning approach of Li et al., which
plans all actions on a screen at once. The reflection
alone in Li ef al. learns from the entire passing/-
failing sequences, thus, less flexible than its com-
bination with ReAct and short-term memory as in
HXAGENT. Large state changes by an action often
lead to the failure of subsequent actions in the plan.
Moreover, Li et al. use the entire HTML for state
representation, resulting in exceeding LLM context
or selecting invalid actions.

In contrast, HXAGENT performs well on the
tasks in this dataset. These tasks involve state
changes after an action, making the iterative plan-
ning in ReAct effective in adapting to changes.
These tasks involve navigating up to four screens,
performing up to five actions, processing large
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HTML files.

However, some tasks still pose greater chal-
lenges due to highly dynamic layouts and vary-
ing action sequences across runs. For instance,
ordering a gift card may require navigating to the
product detail page and filling out a “Gift Card De-
tails" form, whereas ordering a smartphone might
only require clicking “Add to Cart" after searching.
These variations in layout/actions make planning
with prior experience more difficult, leading to oc-
casional inaccuracies.

For Expedia tasks, it achieves the lowest
Exact-Match of 32% and Prefix-Match score of
64.4%. It struggles to handle real-world date pick-
ers to select departure and return dates. HXAGENT
shows a performance with 80% Exact-Match and
90% Prefix-Match in Stackoverflow tasks. There is
one task that requires filling a long form with con-
straints, resulting in an incorrect actions.

We also evaluated the best-performing variant
of SeeAct (Zheng et al., 2024), SeeActcnoice, ON the
Real-world dataset. This model, which grounds ac-
tions using textual choices, was used to assess how
a strong web-task model could be adapted to a new
dataset. SeeAct achieved an Exact-Match rate of
72.4% and a Prefix-Match rate of 83.8%. It can han-
dle most tasks on platforms such as YouTube, Linked
Google, and Amazon. However, its performance drops
to 66.7% on Facebook, and it fails to complete tasks
on Expedia due to difficulties handling real-world
date pickers for selecting departure and return dates.

F.2 Analysis of the OnlineMind2Web

Table 2 shows the results obtained from running
three approaches on the Online-Mind2Web dataset.
HXAGENT consistently outperforms the baselines
across tasks in all difficulty levels. However, its
performance varies by difficulty, with 81.3% on
easy tasks, 40.7% on medium tasks, and 30.0% on
hard tasks. In this dataset, the websites are more
complex than those in the Real-world dataset, par-
ticularly due to dropdown menus, calendar pickers,
and similar components. Some Ul elements are
clickable while others are disabled, and task com-
pletion often depends on executing the correct se-
quence of clicks, further complicated by errors and
formatting artifacts in the Uls. These dynamic fea-
tures present significant challenges for the staged
planning approaches of Li ef al. and SeeAct. For
Li et al., using the DOM to represent the state of
a webpage leads to token limitations in the LLM.



In contrast, SeeAct suffers from incomplete de-
scriptions of Ul elements, which often result in
suboptimal action choices.

For easy tasks, HXAGENT has relative improve-
ments of 2.03X over Li e al. and 27.4% over
SeeAct, with the substantial gains occurring in
tasks that involve complex interface elements such
as duplicate web elements, calendar pickers, and
dropdown menus. For example, in the task “Find
Florida internship programs in the Mayo Clinic
College of Medicine and Science,” Li et al. was
unable to reach the target page, whereas SeeAct
failed as it attempted to resolve duplicate “Search”
buttons.

For medium tasks, HXAGENT achieves relative
improvements of 2.75X over Li ef al. and 33.9%
over SeeAct. These tasks require managing state
changes triggered by user actions, where HXA -
GENT’s iterative planning is particularly effective
for adapting to such dynamic interactions. For ex-
ample, when a user enters a zip code into a search
box, the system must wait for the resulting state
change and the appearance of a dropdown list be-
fore selecting the appropriate item. In the task
“Browse pediatricians near zip code 90028 who
specialize in Internal Medicine and have a rating
of at least 4 stars,” after the user inputs “90028”
into the Location field, the system must wait for the
state update and then correctly select “Los Angeles,
CA 90028 from the dropdown.

For hard task, HXAGENT achieves improve-
ments of 5.3X over Li ef al. and 3X over SeeAct.
These tasks involve complex Ul elements such as
dropdowns and require multiple steps in the exe-
cution process. They also combine characteristics
of both easy and medium tasks, as they mix rela-
tively straightforward lookup operations with more
intricate interactions that demand careful sequenc-
ing of actions. For instance, in the task “Browse
dermatologists within 10 miles of zip code 10019
and filter by only those who accept Blue Medicare
Advantage,” the agent must first enter the zip code
“10019” into the Location field, wait for the inter-
face to update, and then correctly select “New York,
NY 10019 from the dropdown before applying the
remaining filters. Satisfying the task requirements
thus depends on completing the full sequence of
steps. Such tasks often unfold as relatively long
action chains, typically requiring three to four sub-
actions per screen before progressing further.

Although, HXAGENT demonstrates substantial
improvements over Li ef al. and SeeAct, HXA-
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GENT still struggles with complex components
such as datetime pickers, enter-to-submit search
boxes, and highly intricate websites that may cause
LLM context overflows.

F.3 Analysis of the MiniWoB++

As seen in Table 3, which reports 975 task instances
from 39 tasks, HXAGENT achieves a 97.4% av-
erage Exact-Match across the shared set of tasks
among the baselines. This set of tasks varies in
screens and actions, with screens ranging from 1 to
6, and a maximum of 6 actions needed to complete
the task. Tasks with fewer screens and actions tend
to have a higher average Exact-Match, with 97% to
100% reported for tasks with fewer than 3 screens
and actions. This percentage drops marginally to
93% for tasks containing more than 3 screens and
actions, with a maximum of 4 screens and 9 ac-
tions. With prefix-Match of 99%, in many cases
where HXAGENT does not fully succeed in a task,
the generated sequences contain correct prefixes of
action sequences, reducing correction effort.

Although HXAGENT achieves comparable
Exact-Match with the best baselines in each cate-
gory, note that it eliminates the need for human
demonstrations. Specifically, it matches the per-
formance of WebGUM, despite WebGUM utiliz-
ing 401K demonstrations with web screenshots to
jointly fine-tune the vision encoder ViT and TS5.
HXAGENT performed better than CC-Net (BC +
RL) in 10 task instances, with CC-Net employ-
ing 2.4M human’s demonstrations. Synapse, with
perfect results, relies heavily on 154 quality hand-
crafted exemplars, some of which further contain
task-specific filter prompts to convert raw HTML
states into clean observations. Their solution may
result in overfitting MiniWoB++, as they have a
high number of few-shot exemplars and the reduc-
ing of the difficulty of tasks requiring exploration
in multiple states with customized and obvious ob-
servation.

Among the approaches that do not rely on hu-
man demonstrations, HXAGENT performs slightly
better than Li ef al. (97% vs. 94%) and substan-
tially outperforms SeeAct by 20% in Exact-Match
accuracy. We further stratified results on 125 chal-
lenging task instances drawn from five MiniWoB++
tasks (Table 4). These tasks are considered chal-
lenging because they require navigation across an
average of five screens and the execution of ap-
proximately seven actions to complete. As seen in
Table 4, HXAGENT shows the effectiveness (81.6 %



Exact-Match) in more challenging tasks over Li et
al. and SeeAct, which have only 10% and 8%
Exact-Match in these complex actions.

As reported in Table 3, SeeAct achieves an
Exact-Match rate of 69.9%, which underperforms
Li et al. On the 125 most challenging tasks, its
Exact-Match rate drops to 8%, with successful com-
pletion limited to the flight.AA tasks (Table 4). Our
further analysis reveals that web components, such
as datetime pickers and dropdowns, remain signif-
icant obstacles for SeeAct. This is also true for
other non-descriptive elements like buttons with
only icons, which require action-oriented descrip-
tions to be processed effectively. In brief, HXA-
GENT achieves higher accuracies on the challeng-
ing tasks, while the baselines struggle with such
intricate actions.

F.4 Accuracy by Task Complexity

We evaluate the performance of HXAGENT with
respect to task complexity, measured by the length
of action sequences and the number of actions on
webpages.

Next-step prediction accuracy by action se-

quence length. In Fig. 2a, HXAGENT achieves
100% accuracy on the first step for all tasks in the
MiniWoB++ and Real-world datasets. However, as
a task requires more action steps, accuracy slightly
decreases. (For step 7, a slight increase is observed
due to the smaller number of tasks reaching this
stage, resulting in a relatively higher value). For
two tasks reaching Step 11, it did not predict the
correct action, despite the successes of the previous
10 steps. A similar trend is observed in the Online-
Mind2Web dataset, where Exact-Match drops from
81.3% on easy tasks to 40.7% on medium tasks
and 30.0% on hard tasks.
Exact-Match sequence accuracy by number of
actions per screen. The action space may contain
a large number of selectable actions per screen.
As shown in Fig. 2b, HXAGENT maintains high
Exact-Match accuracy even when the action space is
large, with up to 500 possible actions per screen.

There are eight outliers (shown in orange): two
tasks with sequence lengths of up to 11 steps, where
Exact-Match falls below 70%. For tasks involv-
ing dynamic content, such as confirmation pop-
ups in linkedin-3 and story posts in facebook-5,
HXAGENT performs reasonably well but with
limited consistency. Tasks requiring the selec-
tion of hidden options (flight-Alaska-auto) or ac-
tions that span multiple Ul elements (e.g., date-
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Figure 10: #tokens for each component’s input/output.

input-prompt I
—

10°

input-completion

10 10°
Number of Tokens

Figure 11: #tokens for input generator (log scale).

pickers in expedia-3 and expedia-5) achieve only
30% Exact-Match. Similarly, for tasks involving
complex forms (e.g., stackoverflow-3), the system
generated invalid data during form filling.

FE.5 Cost Analysis

Figure 10, 11 provides additional illustration for
the evaluation results discussed in Section 5.5.
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