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Abstract

Large-language-model (LLM) agents are be-
coming competent at straightforward web tasks,
such as opening an item page or submitting a
form, but still struggle with objectives that re-
quire long-horizon navigation, large-scale in-
formation extraction, and reasoning under con-
straints. We present WEBDART, a general
framework that enables a single LLM to han-
dle such complex chores. WEBDART (i) dy-
namically decomposes each objective into three
focused subtasks—navigation, information ex-
traction, and execution—so the model concen-
trates on one skill at a time, and (ii) continu-
ously re-plans the decomposition as new web-
pages are revealed, taking advantage of newly
discovered filters or shortcuts and avoiding re-
dundant exploration. Evaluated on WebChore-
Arena, WEBDART lifts end-to-end success
rates by up to 13.7 percentage points over pre-
vious state-of-the-art agents, while matching
their performance on the easier WebArena suite
and completing tasks with up to 14.7 fewer
navigation steps. Code is available at https:
//github.com/UCSB-NLP-Chang/WebDART.

1 Introduction

LLM-powered web agents have recently shown
promising abilities in web navigation tasks (Drouin
et al., 2024; He et al., 2024; Wei et al., 2025;
Yang et al., 2024a; Pan et al., 2024; Song et al.,
2024). Benchmarks such as WebArena (Zhou et al.,
2023) demonstrate that these agents achieve rea-
sonable accuracy on simple objectives, highlight-
ing their potential as general-purpose automation
tools. However, when the objectives require more
complex reasoning and multi-step exploration, the
performance of these agents often collapses. As
shown in Figure 1, on WebChoreArena (Miyai
et al., 2025), a benchmark designed to test higher-
complexity web tasks, agents powered by GPT-40
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achieve only 8.0% accuracy on tasks across differ-
ent web domains, far below the 46.6% accuracy on
WebArena. This gap highlights a critical weakness
of current worflows: while sufficient for simple
goals, they are not well equipped for tasks demand
multi-step reasoning, long-horizon navigation, and
structured information processing.

A closer examination reveals that the diffi-
culty arises from cognitive overload. Complex
tasks require agents to simultaneously navigate
across multiple web pages, extract and track large
amounts of information, and reason under con-
straints. Consider the following task from Web-
ChoreArena (Miyai et al., 2025): “Tell me the top
3 products with the highest number of reviews in
Home Audio of Electronics within the price range
of 81,000 to $9,999”. As illustrated in Figure 1,
product information is distributed across multiple
nested web pages. Each page may contain tens
of products with attributes such as price and num-
ber of reviews. To complete this objective, current
LLM agents (Yang et al., 2024a; Chezelles et al.,
2024) attempt to tackle all these aspects in a sin-
gle process: while browsing through pages, they
must also keep track of which products meet the
price requirement, remember which ones they have
already seen, and simultaneously apply the logic
needed to determine the top three by number of
reviews. This often overwhelms the agent, lead-
ing to frequent mistakes such as missing relevant
information, forgetting the user instructions, and
incorrect analysis (Miyai et al., 2025).

In contrast, human experts may naturally break
the task into distinct steps: @ first narrowing down
to the pages within the desired price range, ® then
collecting and recording the attributes of candi-
date products, and @ finally ranking the products
by number of reviews. This stepwise approach
reduces complexity of the task and makes the prob-
lem tractable, whereas forcing all operations to
occur simultaneously overwhelms current agents
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(Top) Existing LLM-based web agents perform well on simple tasks but struggle on complex ones

requiring non-trivial reasoning, such as applying price-range filters (Bottom Left). By dynamically decomposing
objectives into navigation, information extraction, and execution, WEBDART achieves state-of-the-art performance
on WebChoreArena across all task domains (Bottom Right). Backbone LLM: GPT-5.

and leads to frequent errors.

Motivated by this, we propose WEBDART
(Decomposition & Adaptive Re-planning for
Tasks), a framework that adaptively decomposes
complex web tasks into simpler, modular subtasks.
Unlike the typical agentic flow, where navigation,
information extraction, and execution are inter-
leaved in a single process, WEBDART separates
the original complex tasks into these three subtasks.
We adopt these three subtasks because complex
web tasks typically require distinct agent abilities:
browsing through multiple pages, extracting rele-
vant information, and performing analysis or acting
on the results. One example of the decomposition
is shown in Figure 1, where we leverage the LLM
to generate a decomposition conditioned on both
the task description and the initial web environment.
The task decomposition reduces the cognitive bur-
den on the LLM and makes complex objectives
more tractable by allowing the agent to focus on
one subtask at a time.

However, an initial decomposition based only on
the task description may be suboptimal. There are
multiple ways to decide what information should
be collected during navigation versus deferred to
later analysis, and these trade-offs cannot always
be known in advance. Moreover, as the agent ex-
plores, new web elements such as filters or sort
options may appear that were unavailable at the
beginning but can drastically reduce navigation
effort. For example, in Figure 1, the initial navi-

gation subtask is specified as “visit every product
listing page under Home Audio of Electronics”.
Once the agent enters the product page, it may dis-
cover a price filter that allows it to restrict results
to $1,000 to $9,999 and avoid traversing irrelevant
pages. To exploit such opportunities, WEBDART
incorporates a dynamic replanning mechanism dur-
ing navigation that allows the agent to revise its
plan after each step based on newly observed pages.
This adaptive adjustment helps correct mistakes
and eliminates redundant exploration. Together,
task-adaptive decomposition and navigation replan-
ning enable WEBDART to achieve higher accuracy
with lower cost.

We perform extensive evaluation of our method
on both WebChoreArena and WebArena across
three different LLM backbones. With the pro-
posed decomposition framework, WEBDART im-
proves state-of-the-art agent frameworks including
BrowserGym (Chezelles et al., 2024) and AgentOc-
cam (Yang et al., 2024a) by up to 13.7% on the com-
plex tasks in WebChoreArena. Our method also
achieves similar performance on WebArena com-
pared to existing state-of-the-arts, demonstrating
its robustness and flexibility. Finally, by combining
the dynamic re-planning module, the accuracy of
our method can be further increased by 7.7% on the
shopping tasks in WebChoreArena while reducing
the average navigation steps by 14.7.
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2 Related Work

Simulated Web-agent Environments. Progress
on web agents has largely mirrored progress on
the testbeds available to them. The first generation
of benchmarks—MiniWoB and MiniWoB++ (Liu
et al., 2018)—offers canvas-rendered “toy” sites
that evaluate low-level actions such as clicking or
typing within a single, synthetic page. WebShop
keeps the single-domain setting but increases real-
ism by simulating a full e-commerce catalogue, re-
quiring agents to search, filter, and purchase items.

The next wave introduces multi-domain, fully
functional sites. WebArena (Zhou et al., 2023)
hosts independent applications for shopping, fo-
rums, software development, and content man-
agement, thereby capturing a broader range of
real-world behaviours. More recent suites push
two frontiers. (1) Multimodality: VisualWe-
bArena (Koh et al., 2024) and WebVoyager (He
et al.,, 2024) add image inputs so that agents
must reason jointly over text and vision. (2)
Task complexity: WebChoreArena (Miyai et al.,
2025) reuses the WebArena sites but issues longer
“chores” that demand capabilities beyond ordinary
browsing—e.g., arithmetic, cross-page memory,
and long-horizon planning.

Our study targets the text-only setting and there-
fore evaluates on WebArena and WebChoreArena,
which together provide diverse domains and richly
composed task intents while remaining fully repro-
ducible.

LLM-powered Web Agents. Current GUI-
based web agents can be broadly categorized into
four lines of work. (1) Leveraging execution feed-
back. Prompting schemes such as ReAct and its
variants interleave reasoning and actions during
rollout (Yao et al., 2023; Mialon et al., 2023; Hong
et al., 2024; Yang et al., 2024b; Amayuelas et al.,
2025; Yang et al., 2025), while later methods reuse
trajectories to improve future attempts, including
distillation of successful patterns (Wang et al.,
2024), self-evaluation and reflection (Pan et al.,
2024; Shinn et al., 2023), and MCTS-style explo-
ration (Zhang et al., 2025b). (2) Synthesising auxil-
iary data. Learn-by-Interact generates and relabels
synthetic tasks for retrieval at inference time (Su
et al., 2025; Li et al., 2020), and AgentSymbi-
otic co-generates training data using large—small
model pairs (Zhang et al., 2025a). While effec-
tive under distributional match, these approaches
risk contamination and degrade under shift. (3)

Optimising the interface. AgentOccam demon-
strates that pruning DOM observations and action
spaces alone can yield substantial gains and is now
widely adopted (Yang et al., 2024a). (4) Fine-
tuned web agents. These methods fine-tune policies
on domain-specific trajectories to improve multi-
step decision making, including curriculum-based
RL (Qi et al., 2024), webpage-specific contextu-
alization (Lee et al., 2025), and multimodal GUI
agents (Qin et al.). Despite strong in-distribution
performance, they require costly data generation
and are often brittle to distribution shifts. In con-
trast, our approach achieves strong generalization
through structured task decomposition and inter-
face optimization without additional training cost.

WEBDART departs from all of the above. (i) It
is training-free: no extra rollouts, synthetic data, or
fine-tuning are required. (ii) It tackles long-horizon
chores through dynamic task decomposition: dur-
ing execution, the agent continually observes the
current webpage and adaptively refines a three-part
plan—navigation, information extraction, and exe-
cution—allowing the same frozen backbone LLM
to focus on one capability at a time. This simple yet
principled design delivers state-of-the-art results
on both WebArena and WebChoreArena.

3 Method

In this paper, we focus on text-based web agents,
although the proposed approach naturally extends
to multimodal environments. Each task is specified
by a natural-language instruction and a ground-
truth target for evaluation. The agent receives the
instruction and interacts with a web environment
whose pages are represented as accessibility trees,
aiming to fulfil the stated objective.

Figure 2 illustrates the WEBDART workflow. A
complex web task is first dynamically decomposed
into a sequence of modular subtasks that are exe-
cuted in order. The central challenge is to choose a
decomposition whose subtasks are both tractable
and complementary.

Empirically, most web tasks require three dis-
tinct capabilities:

1. Navigation: browsing across multiple pages
to locate candidate information;

2. Information extraction: converting raw page
content into structured records;

3. Execution: analysing the collected data or
acting on the results.
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Figure 2: Overview of the WEBDART framework. A complex web task is dynamically decomposed into three
sequential subtasks-navigation, information extraction and execution.

Guided by this observation, WEBDART decom-
poses every complex task into the ordered sub-
tasks of navigation, information extraction, and
execution, continually updating intermediate ob-
jectives as new observations arrive. In what fol-
lows, we first describe the decomposition strategy
(Section 3.1), and then detail the navigation (Sec-
tion 3.2), information-extraction (Section 3.3), and
execution (Section 3.4) modules.

3.1 Task Decomposition

A web task can be decomposed in several ways,
and the most suitable granularity depends on the
structure of the target site. Consider the task in Fig-
ure 2: “Calculate the total number of comments on
the 30 most-commented posts in the OldSchoolCool
Sforum.” Two natural decompositions are

e Tightly coupled. Embed the numeric con-
straint in the navigation objective: “Browse
OldSchoolCool and open the 30 most-
commented posts.”

* Conservative. Keep navigation agnostic to
the constraint: “Browse OldSchoolCool and
visit all post-listing pages.” lIdentifying the
top 30 posts is then left to the analysis stage.

Both options are valid, but their efficiency hinges
on site features. If the forum provides a Sort by:
most commented control, the tight plan is ideal—it
satisfies the constraint while touching only a hand-
ful of pages. Conversely, when such affordances
are absent (or the total number of pages is already

small), the conservative plan is simpler and more
reliable: the agent just collects every listing page
and defers heavy reasoning to later stages.

Because these interface aids are unknown a pri-
ori, WEBDART adopts the conservative scheme
by default and adapts opportunistically. Specifi-
cally, all data—centric operations—filtering, sorting,
ranking—are initially assigned to execution, while
navigation is limited to page discovery. To steer the
LLM toward this partitioning, the prompt p con-
tains three in-context examples that consistently
push constraint handling to later stages:

i (Ta p) — (7;1aw Ties %xec)7

where f(-) is the LLM and the outputs 7pay,
Tie> Texec are the navigation, information-extraction,
and execution objectives.

During navigation the agent may encounter help-
ful widgets (e.g., the aforementioned sort button)
that can fulfill part of the constraint immediately.
When detected, WEBDART invokes dynamic re-
planning: the current navigation goal Tp,y is up-
dated on-the-fly, allowing the agent to skip irrele-
vant pages and accelerate completion. Details of
this mechanism are presented in Section 3.2.

Fast-path routing. Finally, the decomposition
module also incorporates a lightweight router that
decides whether the task can be satisfied with
only a subset of the three modules. For in-
stance, the instruction “Post "Hello, world!"” on
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Figure 3: Illustration of the WEBDART framework in
navigation. The navigation is dynamically re-planned
when observing new web elements.

/01dSchoolCool" requires navigation (and possi-
bly execution) but no information extraction; the
router therefore bypasses the extraction stage and
invokes the minimal workflow.

3.2 Navigation

The navigation module drives the agent through the
website, issuing low-level browser actions until ev-
ery page that might contain task-relevant informa-
tion has been visited. Our interactive setup follows
prior work (Yang et al., 2024a; Wang et al., 2024;
Zhang et al., 2025a).

At time step t the agent outputs a pair
(r¢,ar): a natural-language reasoning trace
r+ and an action a; € A, where A =
{click, type, go_back, stop}. The choice is con-
ditioned on (i) the current navigation objective Thay,
(ii) the current observation o; (the page rendered as
an accessibility tree), and (iii) the interaction his-
tory hy = (01.4—1,a1.4—1,r1.¢—1). After execution,
(r¢, at) is appended to the history; when the agent
finally emits stop at step 7', the full interaction
history h = (o177, aj1.77, T[1:7)) is passed to the
information-extraction module. Figure 3 illustrates
the workflow.

Plan-guided browsing. Before the first action,
the LLM is given the navigation objective 7p,y and
the initial page og and asked to generate a high-
level plan qg. The plan lists (i) pages to visit, (ii)

information to capture, and (iii) a stopping crite-
rion. During browsing the agent is prompted with
Taav, the current plan q;_1, the observation oy, and
the history h,. Conditioning on q;_; stabilises
behaviour and substantially reduces premature ter-
mination (sample plans are shown in Appendix
A.1.2).

Dynamic replanning. The conservative decom-
position from Section 3.1 defers all constraint han-
dling to the execution stage; this guarantees cov-
erage but can be wasteful when helpful interface
widgets (filters, sort menus, etc.) appear mid-
navigation. To exploit such shortcuts, the agent
performs dynamic replanning.

At the start of each step ¢ the agent evaluates,
based on (o, hy—1,q;—1, T ), whether the naviga-
tion objective or plan should be revised. If a useful
widget has been discovered, it outputs an updated
pair (7,%,,q;) that incorporates the shortcut; other-
wise it keeps the previous version. The (possibly)
updated objective and plan are fed back into the
action-selection prompt to produce (r¢, a;).

Dynamic replanning preserves the safety of
a conservative start while allowing the agent to
exploit opportunistic efficiencies—for example,
switching from “visit every listing page” to “ap-
ply sort by: most-commented and scan only the
first 30 posts.” The prompt template used for this
mechanism is provided in Appendix A.1.5.

3.3 Information Extraction

When navigation ends at step 7', we obtain the
transcript hy = (oy.7,a1.7,r1.7), where o1.p
contains every page the agent observed. Blindly
extracting from all pages would add substantial
noise—for example, products in the wrong cate-
gory or outside a specified price range. The extrac-
tion module therefore proceeds in two stages:

Page selection. An LLM is given the original
task 7, the navigation objective Tnay, and the
full history hy. It returns an index set 7 C
{1,...,T} that marks the pages most likely to con-
tain the required information (prompt template in
Appendix A.1.3).

Field extraction. For each chosen page
o (t € 7), a second LLM call extracts the
target fields—e.g., post title and comment
count—directly from the page’s accessibility tree,
producing a uniform JSONL record. The resulting
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structured collection is passed to the execution
module.

We also experimented with an LLM-generated
parser baseline, where the model generates code
on the fly to traverse the accessibility tree of each
0. In practice, this approach proved brittle: ac-
cessibility trees are deeply nested and site-specific,
and minor layout changes frequently break the gen-
erated code. Prompt-based extraction avoids these
issues and requires no hand-crafted logic; therefore,
WEBDART adopts it as the default strategy.

3.4 Execution

The execution module converts the structured
records produced by the information-extraction
stage into the final deliverable requested by the
task. Depending on Texec, this entails one of two
sub-routines.

Data-analysis objectives. When the task calls
for statistics, rankings, or other derived quantities,
the agent generates and runs code (Python by de-
fault) over the extracted JSON file. Typical opera-
tions include filtering under constraints, aggrega-
tion, and sorting. To increase robustness we adopt
a self-reflection loop (Shinn et al., 2023): if the
program throws an exception, the LLM examines
the traceback, amends the code, and re-executes it
until success or a timeout. Implementation details
are provided in Appendix A.2.

Action-oriented objectives. Some tasks require
injecting the computed result back into the environ-
ment—for example, posting a summary to a forum
or submitting a completed form. In these cases the
module invokes a short-horizon navigation policy
that is initialised with the analysis output (e.g., the
text to post or the value to enter). Because the des-
tination elements are already known, this policy is
far simpler and more reliable than the primary nav-
igation module, yet it preserves the same interface
and action space.

In both settings, once the required code or inter-
actions have concluded, the agent returns the task’s
final answer and the execution stage terminates.

4 Experiment Results and Analysis

4.1 Experiment Setup

Environment. We conduct experiments on two
benchmarks: WebChoreArena and WebArena.
WebChoreArena (Miyai et al., 2025) is our pri-
mary evaluation benchmark, as it extends the We-

bArena (Zhou et al., 2023) environment with more
realistic and challenging chores that require han-
dling constraints, information extraction, and data
analysis in addition to navigation. These tasks bet-
ter reflect the complexity of real-world web usage
and thus serve as the main testbed for demonstrat-
ing the effectiveness of our method. In parallel, we
also evaluate on WebArena tasks to ensure that our
approach does not reduce performance on simpler
navigation-oriented objectives. Both benchmarks
share the same set of interactive web environments
(e.g., shopping, administration, forums, and code
management), which allows us to make a direct
comparison between simple and complex tasks un-
der consistent conditions.

Baselines. We compare WEBDART against four
baselines: SteP (Sodhi et al., 2023), Browser-
Gym (Chezelles et al., 2024), AWM (Wang et al.,
2024) and AgentOccam. SteP (Sodhi et al., 2023)
(Stacked LLM Policies) is a method that decom-
poses the web-agent policy space into multiple sub-
policies, dynamically composing them to adapt to
task complexity. BrowserGym (Chezelles et al.,
2024) provides a unified evaluation framework for
web agents with standardized observation and ac-
tion spaces, enabling fair and reproducible compar-
isons across different benchmarks. AWM (Wang
et al., 2024) induce commonly reused rountines
from web tasks to guide subsequent generations.
AgentOccam (Yang et al., 2024a) is our main base-
line, as it employs a navigation agent design closely
aligned with ours; by focusing on observation and
action spaces that match LLM pretraining distri-
butions, it achieves strong results on WebArena
without relying on in-context examples or exter-
nal search. Together, these baselines allow us to
evaluate WEBDART against diverse approaches
while ensuring a fair comparison with a closely
related navigation agent. We compare WEBDART
with these baselines with three different backbone
LLMs including GPT-5, GPT-40, and GLM-4.5-
air-fp8. The configurations for each model and
experiment setup is detailed in Appendix A.2

4.2 Evaluation on Complex Web Tasks.

Table 1 presents the main results on the Web-
ChoreArena benchmark, which evaluates agent
performance on complex multi-step web tasks
involving constraints and information extraction.
We compare WEBDART against three baselines:
SteP, AWM, BrowserGym, and AgentOccam, un-
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Model Method Shopping Reddit Admin GitLab Overall
SteP (Sodhi et al., 2023) 2.6 44 0.7 4.7 3.1
BrowserGym (Chezelles et al., 2024) 154 154 26.5 27.6 21.2
GPT-5 AWM (Wang et al., 2024) 18.0 14.3 30.3 26.8 224
AgentOccam (Yang et al., 2024a) 21.3 11.0 30.8 22.8 21.5
WEBDART 35.0 26.4 33.8 29.1 31.1
SteP (Sodhi et al., 2023) 2.6 0.0 0.0 4.7 1.8
BrowserGymt (Chezelles et al., 2024) 0.9 5.5 2.3 39 3.2
GPT-40 AWM (Wang et al., 2024) 34 8.8 4.5 4.7 54
AgentOccamt (Yang et al., 2024a) 10.3 9.9 4.5 7.1 8.0
WEBDART 18.8 19.8 12.9 9.4 15.2
SteP (Sodhi et al., 2023) 0.0 2.2 1.5 24 1.5
BrowserGym (Chezelles et al., 2024) 6.0 4.8 6.1 94 6.6
GLM-4.5-air-fp8§ AWM (Wang et al., 2024) 0.9 5.6 4.3 8.7 4.9
AgentOccam (Yang et al., 2024a) 18.8 4.4 114 8.7 10.8
WEBDART 26.5 16.5 18.9 154 19.3

Table 1: Results on the WebChoreArena benchmark across different web domains (Shopping, Reddit, Admin,
GitLab). WEBDART consistently outperforms all baselines across models , achieving the highest overall success
rate. Results with t are reported by WebChoreArena (Miyai et al., 2025).

der three different backbone models (GPT-5, GPT-
40, and GLM-4.5-air-fp8).

Across all model backbones, WEBDART
achieves the highest overall success rates, demon-
strating its robustness and effectiveness on com-
plex tasks. With GPT-5, WEBDART reaches 31.1
overall, outperforming SteP (3.1), BrowserGym
(21.2), AWM (22.4), and AgentOccam (21.5). The
gains are particularly pronounced in the Shopping
and Reddit domains, where WEBDART improves
over AgentOccam by +13.7 and +15.4 points re-
spectively. This highlights the advantage of shift-
ing constraint handling to the data analysis stage,
which reduces error propagation from fragile navi-
gation.

The improvements are consistent for GPT-4o,
where WEBDART achieves 15.2 overall compared
to 8.0 for AgentOccam, and for GLM-4.5-air-fp§,
where WEBDART reaches 19.3 overall compared
to 10.8 for AgentOccam. These results suggest that
our method generalizes across different backbone
models, even when the underlying LLM has weaker
navigation or reasoning capabilities.

We also note that SteP underperforms signifi-
cantly on WebChoreArena compared to other base-
lines and WEBDART, reflecting its limited ability
to handle tasks with deep constraint hierarchies.
In contrast, WEBDART consistently maintains a
strong margin over all baselines, confirming that
decomposition is the key to solving complex web
chores efficiently.

4.3 Evaluation of Dynamic Re-planning.

In Section 3.2, we introduced dynamic re-planning,
where the navigation agent adapts its decomposed
subtasks and plan based on newly discovered web
elements (e.g., filters or sorting options) that can
directly apply task constraints. This mechanism
aims to reduce redundant navigation and improve
efficiency, while preserving or even improving ac-
curacy. Figure 4 reports the results of compar-
ing agents with and without dynamic re-planning
across four domains in using GPT-40 as the back-
bone model. We report both task accuracy and the
average number of navigation steps.

The results show that dynamic re-planning sub-
stantially reduces the number of navigation steps.
In the Shopping domain, the average navigation
steps decrease from 32.9 to 18.2 while accuracy
improves from 18.8% to 26.5%. A similar trend
is observed in Reddit, where the step count drops
from 25.1 to 20.8, with a modest accuracy gain
(19.8% to 20.9%). The only exception occurs in
the Shopping Admin domain. This is because the
website inherently relies on numerous filters and
sorting elements, without which the tasks cannot
be completed. These improvements confirm that
dynamically adapting the decomposition and plan
allows the agent to bypass unnecessary exploration
and focus on relevant parts of the environment.

Overall, these results validate the effectiveness
of dynamic re-planning as a complementary strat-
egy in WEBDART. By allowing the agent to adjust
its task structure in real time, we achieve shorter
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Figure 4: Efficiency evaluation of dynamic re-planning
on WebChoreArena with GPT-40 as backbone LLM.

Method Shopping Admin Reddit GitLab Overall
WebArena 13.9 10.4 6.6 15.0 11.5
AutoEval 39.6 20.9 20.8 25.0 26.6
AWM 32.1 29.1 54.7 35.0 37.7
SteP 36.9 242 59.4 31.7 38.0
HybridAgent 25.7 41.2 51.9 444 40.8
WebPilot 36.9 24.7 65.1 394 41.5

AgentOccam 37.4 44.0 66.0 38.9 46.6
WEBDART 36.0 41.2 67.9 47.2 48.1

Table 2: Results on the WebArena benchmark. Bold
numbers indicate the best performance, and underlined
numbers indicate the second best. All the methods are
tested using GPT-40 as backbone model. The baseline
results are taken from previous works (Zhang et al.,
2025b; Song et al., 2024).

navigation paths and, in several domains, notable
accuracy improvements. We also included further
case study of dynamic re-panning in Appendix A.3.

4.4 Evaluation on Simple Navigation Tasks.

While WEBDART is primarily designed for com-
plex web tasks involving constraints and analysis, it
is also important to verify that the framework does
not degrade performance on simpler navigation-
oriented tasks. To this end, we evaluate on the
original WebArena benchmark, where most tasks
can be completed through direct navigation with-
out requiring decomposition. For these tasks, we
adjust the agent to bypass the decomposition stage
and focus solely on the navigation module.

Table 2 reports the results, comparing WEB-
DART against a wide range of existing web agents.
We observe that WEBDART achieves competitive
or superior performance across domains, reaching
an overall success rate of 48.1, which is higher than
all baselines including AgentOccam (46.6).

These results confirm that WEBDART main-
tains robustness across task types: it significantly
improves over baselines in complex settings by
leveraging decomposition, while also remaining
competitive on simpler navigation tasks by bypass-
ing unnecessary modules. This adaptability demon-
strates the generality of our design.

—s— AgentOccam  —#— WebDART (Ours

assive Memory
(28.1%)

Long-term

Memory
(415%)

Calculation
(21.4%)

Figure 5: Error analysis. (Left) Accuracy across differ-
ent task types. (Right) Error distribution of WEBDART
at different stages.

4.5 Error Analysis.

We conduct error analysis by first analyzing the per-
formance on different task types and then calculate
the accuracy at different stages of WEBDART.

From the left panel, we observe that AgentOc-
cam performs poorly on the three dominant task
types—Massive Memory, Long-Term Memory, and
Calculation. In contrast, WEBDART introduces
a structured decomposition that enables the agent
to more effectively utilize and process memory,
leading to substantial performance gains across all
three categories. The Other category accounts for
only a small fraction of the dataset and thus does
not carry meaningful statistical significance.

The right panel in Figure 5 analyzes error
sources in WEBDART over 100 randomly sampled
trajectories by attributing each failure to its earliest
error. Navigation is the dominant bottleneck, ac-
counting for nearly 60% of failures, far exceeding
errors from decomposition, information extraction,
and execution. Typical navigation errors include
loss of earlier context, premature termination, and
diversion to irrelevant pages, confirming naviga-
tion as the primary challenge for LLM-based web
agents and motivating WEBDART’s conservative,
stage-wise decomposition strategy.

4.6 Generalization to Real-World Websites

To further assess generalization in open-web set-
tings, we evaluate WEBDART on WEBVOYAGER,
a benchmark covering 13 popular real-world web-
sites with diverse structures and interaction patterns.
We conduct a comparison against the strongest
baseline, AgentOccam, using GPT-40 as the back-
bone model for both methods. Figure 6 summarizes
the results across all websites.

Overall, WEBDART achieves a success rate of
45.74 %, outperforming AGENTOCCAM (41.09%)
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Figure 6: Evaluation on WEB VOYAGER, a benchmark
spanning 13 real-world websites, using GPT-40 as the
backbone model.

by 4.65 percentage points. More importantly, WEB-
DART outperforms or matches the baseline on 11
out of 13 websites (84.6%), indicating stronger
robustness across heterogeneous real-world envi-
ronments.

These results suggest that the advantages of
WEBDART are not limited to a narrow evaluation
domain, but transfer to a broad range of real-world
websites. This stronger cross-website performance
highlights the practical utility of WEBDART for
open-web agent deployment.

5 Conclusion

We introduced WEBDART, a framework that en-
hances web agents on complex tasks through ex-
plicit subtask decoupling and dynamic re-planning.
By shifting constraint handling and other data-
related operations from navigation to the analy-
sis stage, WEBDART reduces error propagation
and alleviates the burden on fragile navigation pro-
cesses. At the same time, dynamic re-planning
enables the agent to adapt plans in real time when
new web elements are discovered or when the ini-
tial decomposition is suboptimal. Experiments
on WebChoreArena demonstrate that WEBDART
improves task success rates by up to 13.7% over
strong baselines while also reducing navigation
steps, and evaluation on WebArena confirms that
WEBDART generalize well on simpler tasks.
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Limitations

While our method achieves state-of-the-art perfor-
mance on complex web tasks and generalizes well
to easy web tasks, it is currently limited to text-
based web environments. Specifically, the agent
operates on textual representations such as acces-
sibility trees and does not leverage visual signals
from webpages. Extending our framework to multi-
modal settings that incorporate screenshots or other
visual cues would enable broader applicability and
is an important direction for future work.

In addition, although our dynamic replanning
module already improves efficiency robustness dur-
ing navigation, it is currently implemented in a
training-free manner. Incorporating learning-based
mechanisms to further adapt the replanning strategy
to the structure and dynamics of real-world web
environments may yield additional performance
gains. We leave these extensions to future work.
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A Appendix

A.1 Agent Prompts & Examples

Inside this section, we displayed the prompts as
well as some intermediate outputs as demonstration
examples for for each module of WEBDART.

A.1.1 Decomposition

The following prompt illustrates an example of
decomposition for data-analysis objectives. It ex-
plicitly encourages a conservative strategy, as dis-
cussed in our method section, by deferring data-
related operations to the analysis stage. In addition,
we provide three in-context examples to help the
LLM better follow this decomposition approach.

You are conducting a complex web task that
requires information from the web to an-
swer correctly. Directly navigating the web
environment to provide a final answer can-
not always yield the correct result. There-
fore, you need to decompose the task into
two decoupled parts to complete it success-
fully.

The two parts are the navigation part and
the analysis part. The navigation part in-
volves visiting all pages that contain the
data needed to solve the task. The observa-
tion, the accessibility tree of full web page,
at each step will be recorded during naviga-
tion.

The analysis part involves extracting infor-
mation from the observations and writing
code to provide the final answer. Note that
the extracted information processed dur-
ing analysis part may be imperfect, which
means they may include unnecessary data or
not in correct format, you need to make sure
the analysis code can be robust to handle
such cases.

Another important consideration is to sim-
plify the navigation, as it is a more challeng-
ing task. Ignore constraints such as ranges
or filters in the navigation objective. Instead,
include such constraints in the analysis part
to be handled later.
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Given the original complex user task and
some tips for using the target website, de-
compose it into these two parts following
this approach. Your output must follow this
format with exact the same headers:

#i## Part 1 — Navigation
### Part 2 — Analysis

In addition, below are some decomposition
examples for your reference:

Example 1:

User task “List the average rating for every
movie genre, using only titles released be-
tween 2015 and 2024. Output: ‘Drama :
8.1, Comedy : 7.4, ...°”

### Part 1 — Navigation Go to the pages
which include each film’s genre, release
year, and numeric user rating. Do not go to
each film detail page if all the information
is available in film listing page.

### Part 2 — Analysis Filter and only keep
only films released 2015-2024. Compute
the average rating per genre and show them
as ‘Drama : X.X, Comedy : Y.Y, ... .

Example 2:

User task “Among products tagged ‘wire-
less earbuds’, count how many cost below
$50, $50-$99, and $100+. Return: ‘<50 :
_,50-99: _ ,100+:_"”

### Part 1 — Navigation Visit the pages con-
taining product title and price information
for “wireless earbuds” products. Do not go
to each product detail page if all the infor-
mation is available in product listing page.

### Part 2 — Analysis Group the collected
items by price brackets < $50, $50-$99,
$100+. Count how many fall into each
bracket and output the counts in the follow-
ing format: ‘<50 : _ ,50-99: _ , 100+ :

’

Example 3:



User task “In the travel forum, among the
200 latest hotel reviews, how many men-
tion ‘noise’ or ‘quiet’ in the text? Give two
numbers: noisy_count, quiet_count.”

### Part 1 — Navigation Navigate to the
pages including the text body of the hotel
reviews in most recent order in the travel
forum. Go over all hotel reviews in total.
Do not go to each review detail page if all
the information is available in review listing

page.

### Part 2 — Analysis Only keep first 200
reviews. Search each saved review for the
words “noise”, “noisy” (noisy_count) and
“quiet”. Return two integers: noisy_count

and quiet_count.

Below is one decomposition example generated
conditioned on the prompt above:

Original Task:

Extract the title of reviews with a rating of
2 or below out of 5 stars from ‘“Tea Gift Set
for Tea Lovers - Includes Double Insulated
Tea Cup 12 Uniquely Blended Teas and All
Natural Honey Straws | Tea Gift Sets for
Women Men | Tea Gifts Bag Presented in
Beautiful Gift Bag’ and output them as a
list in alphabetical order, separeted by line
breaks.

Navigation Objective:

Navigate to the product page for ‘Tea Gift
Set for Tea Lovers - Includes Double Insu-
lated Tea Cup 12 Uniquely Blended Teas
and All Natural Honey Straws | Tea Gift
Sets for Women Men | Tea Gifts Bag Pre-
sented in Beautiful Gift Bag’. Visit the re-
views section of the product and collect the
review titles along with their star ratings.

Analysis Objective:

Filter the collected reviews to include only
those with a rating of 2 stars or below. Ex-
tract the titles of these reviews and sort them

in alphabetical order. Output the sorted ti-
tles as a list, with each title separated by a
line break.

A.1.2 Navigation

In this section, we display the prompts for each part
of navigation module and provide corresponding
examples.

Prompt - Navigation

You are an Al assistant performing naviga-
tion tasks on a web browser. You will be
provided with task objective, current step,
web page observations, current plan, and
interaction history. You need to issue an
action for this step.

Your task is mainly about navigating to each
page that may contain the needed informa-
tion.

Generate the response in the following for-
mat: {output_specifications}

You are ONLY allowed to use the following
action commands. Strictly adheres to the
given format. Only issue one single action.
{navigation_specifications }

{website_tips}

\. J

Prompt - Navigation Plan Generation

You are an Al assistant that generates initial
plans for web navigation tasks. Given a task
objective and an initial web page observa-
tion in accessibility tree, you need to create
a clear, step-by-step plan that will guide the
navigation agent.

Directly output the navigation plan in your
response without other irrelevant informa-
tion.

Your plan should be:
1. Clear and actionable
2. Broken down into logical steps

3. Specific enough to guide navigation

11707



4. Concise, only including necessary steps.
Do not dive into more pages if the current
page already contains the needed informa-
tion

5. Focused only on how to navigate, do
not include other steps including extraction,
analysis, opening website, closing environ-
ment, etc

Consider common web navigation patterns
like:

- Searching for information
- Navigating through menus and links
- Going over the necessary pages

- Interacting with buttons and controls

Example - Navigation Plan

Objective:

Search for the product “Manhattan Com-
fort Avesta Double Side Table 2.0 Collec-
tion Free Standing Modern Side Table /
TV Stand with Storage Includes 2 Doors
with 3 Shelves and Features Splayed Legs,
White/Stamp/Grey Legs” on the website.
Navigate to the product page that contains
detailed information including customer re-
views. Ensure to collect review data that
includes the rating scores or star ratings.

Plan:

1. Locate the search combobox labeled
Searchin the accessibility tree.

2. Input the product name: ‘“Manhattan
Comfort Avesta Double Side Table 2.0 Col-
lection Free Standing Modern Side Table
/ TV Stand with Storage Includes 2 Doors
with 3 Shelves and Features Splayed Legs,
White/Stamp/Grey Legs’ into the search
combobox.

3. Locate and activate the “Search” button
to initiate the product search.

4. On the search results page, look for the
product name or a closely matching link.

5. Click on the link corresponding to the
desired product to navigate to its detailed
product page.

6. On the product page, locate the section
containing customer reviews or star ratings.

\. J

A.1.3 Information Extraction

During information extraction, we first instruct the
LLM to select relevant observations based on the
overall trajectory. The prompt is given as follows.

You are a judge agent in a web navigation
and information seeking task.

Given a navigation objective (which in-
cludes the information to be found in the
web environment) and a list of web naviga-
tion agent interaction history (with reason,
action, and observation summary), select
the step numbers that their observations are
most likely to contain the information spec-
ified in the objective.

Analyze each step in one or two sentences.
After this, return a JSON list of step num-
bers (e.g., [2, 5, 7]) that you believe contains
the needed information in their observations.
Note:

1) The action in a step will be executed and
reflected in the observation in the next step.
For example, if the action is ‘click on the
home page button’, the observation in the
next step will be the home page.

2) The action you see at each step may con-
tain a number, like ‘click[1316]’. This num-
ber is the index of the element in the obser-
vation. You may not know which element
is clicked, but you can still use the reason
to infer what that element is.

After selecting the relevant observations, we will
first let the LLM to generate a prompt for extraction
at each page. The reason for this step is to fix a data
schema for easily integrating results from multiple

pages.
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You are an expert prompt engineer. Design
a SINGLE prompt that, when shown to-
gether with a web-page text accessibility
tree, makes another LLM extract and return
ONLY a list of JSON object containing the
fields that satisfy the user goal. Only ex-
tract the information specified in the user
goal. Make sure each extracted entry also
has one identifier field (add only one if there
is no such key specified in user goal) that
will helps accurate deduplication in the later
stage. You need to specify 1) what informa-
tion to be extracted, 2) what keys should
be used for each JSON object in extracted
list, 3) one simple example of the extracted
JSON list. Make your prompt concise and
only include these necessary infromation.

decomposition and navigation plan based
on new observations during web navigation.

Your role is to:

1. Assess whether the current decomposi-
tion and navigation plan are still appropriate
given the new web elements and informa-
tion discovered

2. Determine if modifications are needed to
better achieve the original objective

3. Update the decomposition and navigation
plan when necessary

You will be provided with: - The original
task objective - Current decomposition (Part
1 - Navigation, Part 2 - Analysis) - Current
navigation plan - Current web page obser-
vation - Interaction history

Based on this information, you need to de-

cide whether to:

- Keep the current decomposition and navi-
gation plan unchanged

- Modify the decomposition to better reflect
what needs to be done

- Update the navigation plan to account for
new web elements or information discov-
ered

A.1.4 Execution

Below we provide the prompt for writing data ana-
Iytic code during execution phase.

You are an analysis assistant that MUST
write Python code.

You will be provided with objective and data
samples (a small portion of all the data as a
reference) for analysis as a reference.

Adbhere to the following output format: {out-
put_specifications }

Guidelines:

- Only modify decomposition/plan if you
discover new web elements or information
that significantly changes the approach

- Be conservative - don’t change things un-
necessarily

- Focus on practical improvements that will
help achieve the objective more effectively

* The data is pre-loaded in a variable named
“data’.

* Assign your final answer to a variable
named ~answer".

Return only one fenced block:

*~ ~python# code here - Consider if new navigation paths or infor-
mation sources have been discovered
answer =...” "~ - Ensure any updates are clear and actionable

- Do not include any task in analysis objec-
tive into the plan, as the plan is only for
navigation

A.1.5 Re-planning

We provide the prompt of re-planning and one ex-

ample here. o
{website_tips}

You are a Dynamic Control Agent respon-
sible for monitoring and adapting the task
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Initial navigation plan:

1. Navigate to the "Forum" tab on the web-
site.

2. Click on "alphabetical" to view all fo-
rums listed alphabetically.

3. Visit each forum and locate submissions
made by the user "thebelsnickle1991".

4. If there are multiple pages for submis-
sions in a forum, continue navigating using
the "More" link until reaching the last page.

Re-planning reasoning:

The current observation reveals that we are
already on a page with submissions by the
user “thebelsnickle1991.” However, the
original objective and decomposition spec-
ify starting from the “Forum” tab, then navi-
gating to an alphabetical list of forums, and
finally visiting pages containing submission
data for this user. The current page already
provides access to numerous submissions
by the user, categorized under different fo-
rums, with a "More" link at the bottom for
additional pages. This suggests a more di-
rect path to fulfilling the objective.

The decomposition and navigation plan
should be updated to prioritize directly ex-
tracting and analyzing the user’s submis-
sions from this page and subsequent pages
accessed via the “More” link. This elim-
inates the need to navigate to the “Forum”
tab or the alphabetical list of forums, stream-
lining the process.

Updated navigation plan:

1. Extract submission data for "thebel-
snickle1991" directly from the user page.

2. Use the "More" link to navigate through
additional pages containing submissions by
"thebelsnickle1991" and extract data from
those pages.

A.1.6 Others

Here we provide the prompt detail of the website
tips we used and navigation specification for the

navigation prompts above.

Following the WebChoreArena (Miyai et al.,
2025), we used website tips for the evaluation in
our experiments for our method and all the other

baselines.

Shopping

1. This website provides very de-
tailed category of products. You can
hover categories on the top menu to
see subcategories.

2. If you need to find information
about your previous purchases, you
can go My Account > My Orders,
and find order by date, order number,
or any other available information

3. An order is considered out of de-
livery if it is marked as "processing"
in the order status

4. When the task asks you to draft
and email. DO NOT send the email.
Just draft it and provide the content
in the last message

5. If the review star rating is not
directly available but the rating score
is provided, you can estimate the star
rating by dividing the rating score by
20. For example, a rating score of
80 corresponds to a 4-star review

6. Utilize the search if you need
to find the information of a specific
item, and use the top menu when
you need to visit a category
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Shopping Admin
Here are tips for using this website:

1. When you add a new product in
the CATALOG > Products tab, you
can click the downwardarrow beside
the "Add Product" button to select
options like "Simple Product”, "Con-
figurable Product", etc.

2. If you need to add new attribute
values (e.g. size, color, etc) to a prod-
uct, you can find the product at CAT-
ALOG > Products, search for the
product, edit product with "Config-
urable Product” type, and use "Edit
Configurations" to add the product
with new attribute values. If the
value that you want does not exist,
you may need to add new values to
the attribute.

3. If you need to add new values to
product attributes (e.g. size, color,
etc), you can visit STORES > At-
tributes > Product, find the attribute
and click, and add value after click-
ing "Add Swatch" button.

4. You can generate various reports
by using menus in the REPORTS tab.
Select REPORTS > "report type",
select options, and click "Show Re-
port" to view report.

5. In this website, there is a Ul that
looks like a dropdown, but is just
a 1-of-n selection menu. For exam-
ple in REPORTS > Orders, if you
select "Specified" Order Status, you
will choose one from many options
(e.g. Canceled, Closed, ...), but it’s
not dropdown, so your click will just
highlight your selection (1-of-n se-
lect UI will not disappear).

6. Configurable products have some
options that you can mark as "on" of
"oft". For example, the options may

include "new", "sale", "eco collec-
tion", etc.

7. You can find all reviews and their
counts in the store in MARKETING
> User Content > All Reviews. If
you see all reviews grouped by prod-
uct. so REPORTS > Bv Products
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Reddit

Here are tips for using this website:

1. when the task mentions subreddit,
it is referring to ‘forum’

2. if you need find a relevant subred-
dit or forum, you can find the name
after clicking "alphabetical” in the
"Forum" tab

3. you can visit the next page with
the link *More’, if the link "More’ is
NOT visible in the current observa-
tion, this means you have reached
the last page



Gitlab

1. your user name is byteblaze

2. To add new members to the
project, you can visit project infor-
mation > members tab and click
blue "invite members" button on top
right

3. To set your status, click profile
button on top right corner of the page
(it’s next to the question mark but-
ton) and click edit status

4. To edit your profile, click pro-
file button on top right corner of the
page (it’s next to the question mark
button) and click edit profile

5. You can also access to your in-
formation e.g. access token, notifica-
tions, ssh keys and more from "edit
profile" page

6. Projects that you have contributed
to are listed under Project / Yours /
All tab of gitlab.site. You can sort
repos using dropdown button on top
right

7. Projects’s repository tab has
menus like Commits, Branches,
Contributors, and more. Contribu-
tors tab shows contributors and their
number of commits

8. If you want to see all the issues
for you, you can either click button
on the right of + icon on top right
menu bar

9. When the task mentions branch
main, it often means master
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“click”

click [id]: To click on an element
with its numerical ID on the web-
page. E.g., ‘click [7]° If clicking
on a specific element doesn’t trigger
the transition to your desired web
state, this is due to the element’s lack
of interactivity or GUI visibility. In
such cases, move on to interact with
OTHER similar or relevant elements
INSTEAD.

“go_back”

go_back: To return to the previously
viewed page.

13 ‘type, b
type [id] [content]
[press_enter_after=0/1]: To

type content into a field with a
specific ID. By default, the "Enter"
key is pressed after typing unless
“press_enter_after™ is set to 0.
E.g., “type [15] [Carnegie Mellon
University] [1]° If you can’t find
what you’re looking for on your
first attempt, consider refining your
search keywords by breaking them
down or trying related terms.

“StOp”

stop [answer]: To stop interaction
and return response. ONLY use this
action when you believe the objec-
tive is fully achieved and there is
no need to furthur explore the web-
site. Indicate the reason why you
think the task objective has been
completed within the brackets. E.g.,
“stop [The review and rating infor-
mation of all the products under
electronic category has been tracked.
There are 5 pages of products in total
and all of them have been visited.]"



A.2 Implementation Details

A.2.1 Experiement Details

In our main experiments, we utilize GPT-40, GPT-
5, GLM-4.5-air-fp8 as backbone models. For GPT-
40 and GLM model, following AgentOccam, we
utilize the same configuration, setting temperature
as 0.5, top_p as 0.95. For GPT-5, we set reason-
ing effort to minimal, due to time and budget con-
straints.

We report results on four domains. Although
the WebArena environment also contains a Map
domain, we found that the service for this website
was no longer accessible and therefore excluded
it from evaluation. Moreover, since many multi-
domain tasks involve the Map website, we also
removed these tasks to ensure fair comparison with
other methods that reported results only on the
remaining domains.

We also did not compare with AgentSymbi-
otic (Zhang et al., 2025a) and Learn-by-Interact (Su
et al., 2025), as the performance of these meth-
ods depends heavily on their proprietary retrieval-
augmented generation (RAG) databases. Because
neither of these works has released their databases,
a direct comparison would not be fair or repro-
ducible, and we therefore exclude them from our
evaluation.

A.2.2 Navigation & Execution

In our implementation, we follow the action selec-
tion mechanism introduced by AgentOccam (Yang
et al., 2024a). Specifically, after the navigation
agent generates candidate actions at each step (e.g.,
clicking an element, entering text, following a link,
or stopping), we invoke a separate judge module
to evaluate these candidates. The judge receives as
input the task instruction, the current observation,
the interaction history, and the candidate actions
with their rationales. It then ranks or filters the can-
didates, selecting the action that is most consistent
with the high-level objective.

This design allows the system to correct poten-
tial errors from the navigation agent. The judge
therefore serves as a lightweight second-opinion
layer, ensuring that the final action executed at each
step is both safe and aligned with task goals.

During the final execution, if the task requires
the analysis result as output, we directly output the
analysis result. When writing the analysis code, if
there is an error of executing the code, the agent
will incorporate the error information and previous

Table 3: Case studies of dynamic re-planning in WEB-
DART.

Case Field Content
Original Calculate avg. product price in Diet & Sports Nutrition.
Navigate to the category and iterate all pages.
Elements Products-per-page selector menu.
Replan Change items/page from 12 to 36 before scraping.
Original Count submissions by user thebelsnickle1991 in each forum.
Traverse forums alphabetically, causing endless exploration.
Elements Button to submission listing under the user profile page.
Replan Extract directly from the profile page and aggregate submis-
sions by forum.
Original Count unique users among top-600 hottest submissions in
nyc.
Keyword search “nyc” returns unrelated articles.
Elements Direct link to the nyc forum and its sorting options.
Replan Bypass search and go directly to the forum page before

collecting data.

code to refine its response to generate another re-
sponse. In the other case where the analysis results
will be further used to complete web operations
(e.g., post a submission in Reddit), WEBDART
will follow a similar mechanism as navigation, but
with the analysis result in the context.

A.3 Case study

We further present case study to visualize how
dynamic re-planning enhances WEBDART in Ta-
ble 3. In the first example, the agent initially plans
to traverse every page in a product category, but
upon detecting a drop-down menu that adjusts the
number of displayed products, the plan is revised
to greatly reduce navigation steps. This shows
how re-planning exploits newly discovered web
elements to improve efficiency. In the second case,
the agent’s initial decomposition requires visiting
all forums to collect a user’s submissions, which
is infeasible. Once it identifies that the user profile
page already lists submissions with a direct link,
the plan and the navigation objective is updated
to extract information more directly, correcting a
flawed decomposition. Finally, in the third case,
the agent relies on keyword search that produces
irrelevant results. Dynamic re-planning detects the
mismatch and redirects the strategy to the actual
forum page, enabling the agent to recover from
misleading navigation. Together, these examples
demonstrate that dynamic re-planning allows the
agent to correct initial mistakes and maintain ro-
bustness in complex web environments.

A.4 Ablation Study

Since we already conducted ablation study on dy-
namic re-planning module in Section 4.3, we in-
clude two more ablation studies on decomposition
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strategy and information extraction method here.

A.4.1 Decomposition Strategy

Decomposition Strategy Shopping Admin Reddit GitLab Overall
Conservative 18.8 129 19.8 94 15.2
Constraint-aware 12.8 10.6 154 8.7 11.9

Table 4: Ablation study comparing conservative and
constraint-aware decomposition strategies using GPT-
4o as the backbone model. Conservative decomposition
consistently outperforms the constraint-aware variant
across all domains by deferring task constraints from
navigation to analysis.

To study the design choice of conservative de-
composition, we conduct an ablation comparing
it with a constraint-aware decomposition strategy
that tightly couples task constraints with navigation
objectives.

The conservative decomposition is motivated by
a systematic capability mismatch in current LLM-
based web agents. Empirically, LLMs are substan-
tially stronger at information extraction and data
analytics than at fine-grained web navigation. This
gap has been observed across multiple benchmarks,
where modern LL.Ms achieve near-saturated per-
formance on tasks such as code generation and
multi-hop QA, but remain significantly weaker on
interactive web navigation. Moreover, real-world
web environments often expose complex Ul ele-
ments (e.g., nested filters and sorters), which fur-
ther amplify navigation difficulty when constraints
are enforced directly during exploration.

To empirically validate this design, we imple-
ment a constraint-aware variant of our method,
where task constraints are explicitly included in
the navigation objective. For example, given a
shopping task that requires identifying products sat-
isfying rating, review count, and price constraints,
the constraint-aware decomposition instructs the
agent to apply these constraints during navigation,
rather than deferring them to the analysis stage.

Table 4 compares the performance of conserva-
tive and constraint-aware decompositions across
multiple domains using GPT-40 as the backbone
model.

Across all domains, conservative decomposition
consistently outperforms the constraint-aware vari-
ant. The constraint-aware strategy forces the agent
to manipulate filters, sorting controls, and other
Ul elements during navigation, which frequently
leads to brittle interactions and navigation failures.
In contrast, conservative decomposition simplifies

navigation by deferring constraints to the analysis
stage, where LLMs operate more reliably.

A.4.2 Information Extraction Strategy

We conduct an ablation study to compare
prompting-based information extraction with an
LLM-generated coding (parser) approach, focus-
ing on reliability and generalizability.

Reliability. In practice, we observe that
prompting-based extraction is substantially more
reliable than coding-based extraction.  The
coding-based approach requires the LLM to
generate executable parsing code over accessibility
trees, whose structures vary significantly across
real-world webpages. This structural hetero-
geneity frequently leads to incorrect or brittle
code generation, resulting in unstable extraction
pipelines.

To quantify extraction reliability, we sample
1,000 webpages from the WebArena environment
and define a page-specific extraction objective for
each. Both extraction strategies are evaluated under
identical objectives. An extraction is considered
valid if the returned JSON object is non-empty. The
validity comparison is shown in Table 5.

Extraction Strategy Validity (%)
Coding-based 94.4
Prompting-based 99.0

Table 5: Validity comparison of different information ex-
traction strategies on 1,000 webpages from WebArena.
Prompting-based extraction achieves consistently higher
reliability.

Generalizability. Beyond improved reliability,
prompting-based extraction also provides stronger
generalizability. While our current agent operates
on text-based accessibility trees, future extensions
may incorporate webpage screenshots or other mul-
timodal inputs. In such settings, coding-based ex-
traction becomes infeasible, whereas prompting-
based extraction naturally extends to multimodal
representations. This makes prompting-based ex-
traction a more robust and extensible design choice.

A.5 LLM Usage

We used LLMs only to assist with minor proofread-
ing and language polishing of the manuscript. All
technical content, experimental design, results, and
conclusions were developed by the authors, and the
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use of Al did not affect the scientific contributions
of this work.

11715



