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Abstract
Large language model (LLM) web agents are
increasingly used for web navigation but re-
main far from human reliability on realistic,
long-horizon tasks. Existing evaluations fo-
cus primarily on end-to-end success, offering
limited insight into where failures arise. We
propose a hierarchical planning framework to
analyze web agents across three layers (i.e.,
high-level planning, low-level execution, and
replanning), enabling process-based evaluation
of reasoning, grounding, and recovery. Our
experiments show that structured Planning Do-
main Definition Language (PDDL) plans pro-
duce more concise and goal-directed strate-
gies than natural language (NL) plans, but low-
level execution remains the dominant bottle-
neck. These results indicate that improving
perceptual grounding and adaptive control, not
only high-level reasoning, is critical for achiev-
ing human-level reliability. This hierarchical
perspective provides a principled foundation
for diagnosing and advancing LLM web agents.

1 Introduction

Large language model (LLM) web agents have
demonstrated substantial progress on tasks involv-
ing web browsing and multi-step online work-
flows (Zhu et al., 2023; Pan et al., 2024b; Anupam
et al., 2025). These systems hold promise to auto-
mate everyday online interactions from managing
e-commerce transactions to navigating corporate
portals. However, despite steady improvements
in reasoning and instruction-following capabilities
(Wei et al., 2022; Chen et al., 2023; OpenAI, 2024),
current agents fall far short of human reliability on
real, dynamic websites (Pan et al., 2024b; Mialon
et al., 2023; Zhou et al., 2023; Xue et al., 2025).

A central limitation of existing work is its
reliance on coarse, end-to-end success metrics.
While these metrics quantify overall performance,
they reveal little about where failures originate: in-
correct task interpretation, flawed high-level strat-

egy, poor grounding of plans into concrete UI ac-
tions, or inadequate recovery when the environment
diverges from expectations.

To address this gap, we study approaches to sys-
tematically perform fine-grained analysis of LLM-
based web agents. Current LLM-based web agents
are designed under a variety of frameworks, e.g.,
with customized components (Cai et al., 2025;
Chae et al., 2025) or through direct prompting
(Yang et al., 2025b). However, regardless of their
specific framework architecture, these agents all
demand three core capabilities from the backend
LLMs, including: (1) high-level planning, i.e., the
capability for LLMs to decompose a long-trajectory
task into multiple subgoals (e.g., “filter by price,
sort results, then select the top item”), (2) low-level
execution, i.e., the capability of LLMs to realize
the high-level subgoal through a sequence of exe-
cutable actions (e.g. UI-level clicks and scrolls),
and (3) replanning, i.e., the capability of LLMs to
adapt their approach when the environment does
not align with their expectations (e.g. pages load
unexpectedly or search results differ from expecta-
tions). We discuss existing research improving web
agents along these capabilities in Section 7. This
three-layer capability structure is not only consid-
ered fundamental in automated planning (Ghallab
et al., 2004; Erol et al., 1994; Nau et al., 2003;
Kaelbling and Lozano-Pérez, 2011) but also closely
mirrors human reasoning (Correa et al., 2025; Bal-
aguer et al., 2016; Eckstein and Collins, 2021).
Accordingly, in this work, we focus on analyzing
these three capabilities of state-of-the-art LLMs,
grounded in web agent tasks. Specifically, we
propose a hierarchical planning-based evaluation
framework, which naturally structures an LLM-
based web agent into these three layers and is thus
able to scrutinize LLMs along these capability di-
mensions in web agent applications.

To enable this analysis, we extend the
Mind2Web-Live benchmark (Pan et al., 2024b)
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PDDL Plan

PDDL Domain File

Postcondition Checker LLM

High-level Planner LLM

Low-level Planner LLM

1. google_search "Gamestop store locator near 90028"

Postcondition is not yet satistified because google search was
performed but no results have been accessed yet.

Replanner LLM
 
  Is Plan Original Salvageable? Yes

  Revised Plan:
  1. Identify the closest store from the 90028 search   
  results and open its details page to view hours.

  2. On the selected store's details page, click Save as 
  Home Store to designate it as your home store.

Low-level Planner LLM

Postcondition Checker LLM

PDDL High-level Plan ExampleReplanning High level planning and low-level execution

Web 
Environment

Search for stores with zip code 90028 and select top result as home store 1. (locate_stores_by_zip "90028" "Gamestop")
2. (select_nearest_store)
3. (retrieve_store_hours_and_address)
4. (set_home_store "selected_store")

(:action locate_stores_by_zip 
:parameters (?zip - string 

      ?brand - string 
               ?store_list - string) 
:precondition (on-homepage) 
:effect (stores-located ?zip ?brand ?store_list)
                   ...

Figure 1: Overview of the hierarchical planning evaluation framework we propose. The pipeline consists of 3 stages: 1)
High-level Planning: The LLM proposes high-level subgoals, 2) Low-level Execution: each high-level subgoal is translated
into a set of low-level actions, a postcondition checker verifies whether the low-level actions lead to successful completion of
the subgoal. If the subgoal fails after multiple iterations, then 3) Replanning is triggered. In addition to natural language, we
explore a structured representation (PDDL) for high-level planning.

with human-aligned high-level plans derived from
expert key-node annotations. Using this enriched
benchmark, we conduct a systematic decompo-
sition of LLM web agent performance across
all three identified layers of hierarchical plan-
ning on three base models, including gpt-5-nano
(OpenAI, 2025), claude-haiku-4.5 (Anthropic,
2025), and gemini-flash-2.5 (Google, 2025).

Our analysis reveals three key findings: (1)
LLMs generate more effective high-level plans
when prompted using Planning Domain Definition
Language (PDDL); (2) LLM performance is lim-
ited by perceptual grounding and control, highlight-
ing current weaknesses in LLM-driven low-level
execution; and (3) a single round of replanning
informed by exploratory feedback substantially im-
proves both subgoal completion and overall task
success, demonstrating that replanning is an ef-
fective mechanism for improving LLM reliability.
These findings are shared by all three LLMs experi-
mented in our work, although gpt-5-nano exhibits
superior performance than the other two models
and gemini-flash-2.5 particularly struggles with
low-level execution. We release our evaluation
framework and data for future research.1

2 Preliminaries: Hierarchical
Planning-based Web Agents

Figure 1 presents an overview of the hierarchical
planning framework for LLM-based web agents,
which we use for LLM evaluation in Section 5. We
describe each component in this section.

1https://github.com/Ziyu-Yao-NLP-Lab/
llm-hierarchical-web-agents

2.1 High-level Planning

At the top level, the agent must derive a sequence of
high-level subgoals from a natural language instruc-
tion I . These subgoals represent abstract, meaning-
ful steps that collectively describe how to achieve
the overall objective. We denote this high-level
plan as P = [g1, g2, . . . , gn], where each gi is a
subgoal that can be grounded into a sequence of
low-level executable actions.

2.2 Low-level Execution

Given a high-level plan P = [g1, . . . , gn], the agent
must instantiate each subgoal gi into an actionable
sequence of low-level web interactions. Each low-
level step corresponds to choosing an action at ∈ A
based on the current observation ot ∈ O, produc-
ing a trajectory τi = (ot, at, ot+1, . . . , ot+k) that
attempts to satisfy gi. Actions are drawn from a dis-
crete space defined by the web environment (e.g.,
clicking elements, performing google search, etc.).

2.3 Postcondition Checking

For the agent to determine whether a subgoal gi
has been successfully achieved, it must evaluate
the outcome of its executed actions against the in-
tended postconditions of the subgoal. This pro-
cess serves as the feedback signal that determines
whether to proceed to the next subgoal, retry the
current one, or trigger replanning. After execut-
ing a trajectory τi associated with subgoal gi, the
agent observes a state s′ (and τi) and produces the
evaluation Φ where Φ(gi, s′) = 1 if and only if the
effects of gi are satisfied in s′. We implement post-
condition checking using an LLM-as-judge, which
assesses whether the agent’s recent actions have
accomplished the intended intermediate goal.
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2.4 Replanning

Realistic web environments are noisy and unpre-
dictable, and prior assumptions about the dynam-
ics and structure of websites may prove invalid.
Therefore, hierarchical agents must incorporate a
replanning mechanism to detect and recover from
failures. If a subgoal fails or leads to a dead end,
the agent can revise its plan in one of two ways:
(1) Local adjustment: continue planning from the
last successful subgoal in the plan, and (2) Global
replanning: discard the existing plan and generate
a new sequence of subgoals conditioned on the cur-
rent context. In order to achieve this, the LLM is
prompted to first choose whether the original high-
level plan is salvageable based on the current state
and history; if the agent decides that the plan is
not recoverable, then it proposes a new plan from
scratch, otherwise it proposes the next high-level
subgoals to take from the current state. Analysis in
this work is limited to one replanning round.

3 Hierarchical Evaluation of LLMs for
Web Agent Applications

Leveraging the hierarchical planning-based agent
framework, we evaluate LLMs on three fundamen-
tal skills, i.e., high-level planning, low-level execu-
tion, and replanning, that enable them to eventually
support web agent applications.

3.1 Why Evaluating via a Hierarchical
Planning Perspective?

A structured basis for analysis. Long-horizon
tasks naturally decompose into high-level goals,
low-level actions, and replanning when progress
diverges from expectations. This makes high-level
planning, low-level execution and replanning three
fundamental skills for web agents. By explicitly
scrutinizing web agents along these three capabil-
ity dimensions, hierarchical decomposition enables
analysis beyond task success, revealing how design
choices affect LLM performance across each of
these skills. Additionally, outcome-based evalua-
tion alone is insufficient, as aggregate success rates
obscure the sources of agent failure by conflating
planning errors, execution mistakes, and ineffective
feedback use; a hierarchical evaluation framework
makes these failure modes explicit, enabling attri-
bution of errors to specific core capabilities.
Human-aligned reasoning. Humans solve com-
plex tasks hierarchically, forming abstract strate-
gies, executing concrete actions, and revising plans

when necessary (Balaguer et al., 2016; Eckstein
and Collins, 2021; Correa et al., 2025). Evaluating
web agents through a similar structure aligns it with
models of human problem-solving and supports
comparisons between human and agent reasoning.

In our analysis, we aim to highlight a set of
our research questions with respect to each of the
dimensions described in Section 2.

3.2 High-level Planning
3.2.1 Research Questions
RQ1: Do LLM agents generate high-level plans
that align with human-authored subgoals? We an-
alyze the alignment between the human-annotated
high-level plans and the LLM-generated ones.
Namely, we evaluate the degree to which LLM-
generated plans reflect the structure and intent of
human-authored high-level plans.
RQ2: Do structured representations (e.g., PDDL)
improve alignment with human high-level plans
compared to natural language? We look into
whether inducing structure and symbolic reason-
ing through formal representations such as PDDL
yields better alignment with human plans.
RQ3: How executable are the high-level goals
produced by each representation? Finally, we
compare goals produced by NL as well as PDDL
against a human oracle in terms of executability.
In other words, we compare how well a low-level
executor LLM is able to perform each of the high-
level subgoals on the environment.

3.2.2 Evaluation Metrics
We measure alignment between LLM-generated
and human-annotated high-level plans using the
metrics illustrated in Figure 5 (Appendix A.4). (1)
Perfect Match is the proportion of human-authored
steps with a corresponding action or intent in the
LLM-generated plan. (2) Partial Rate measures
cases where an LLM step captures only part of
a human step (e.g., “select an item” vs. “select
the first item”). (3) Missing Rate denotes human
steps absent from the LLM plan, reflecting gaps in
task representation. (4) Decomposed Rate captures
instances where a single human step is split into
multiple finer-grained LLM steps. (5) Unmatched
Rate measures LLM steps with no corresponding
human step, indicating redundant or irrelevant ac-
tions. (6) The Matched Rate, measures the propor-
tion of LLM-generated steps that can be aligned
to at least one human-authored step. Example an-
notations are shown in Table 1. These metrics are
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Human Step NL (LLM-generated) Step PDDL (LLM-generated) Step

Set the search criteria to include
Audi cars made between 1992 and
2015.

Apply a year filter to restrict results to model years
before 2015 (i.e., 2014 and earlier).

(filter_by_year "before
2015")

Go to the E-Gift card purchase page. Navigate to the e-gift card section. (open_gift_card_section)

Add the highest rated activity to
your wish list.

From the results, identify the card with the highest rat-
ing and open its details by clicking on that card. Add
the identified experience to your wishlist by clicking
the Save to Wishlist (or Add to Wishlist) control on
the details page.

(select_top_result);
(add_to_wishlist)

Unmatched LLM steps (reference human plan shown below):

1. Navigate to the ’The Legend of
Zelda: Breath of the Wild’ game
page.

If no suitable walkthrough is found, perform an alter-
nate search for Breath of the Wild guides (in Nintendo
or Games sections)

(verify_walkthrough_loaded)

2. Access the walkthrough section
for ’The Legend of Zelda: Breath of
the Wild’

Table 1: Examples of annotated NL and PDDL steps with reference to human steps. Blue = Decomposed alignment, Green =
Perfect Match, Purple = Partial alignment, Gray = Unmatched or extra steps.

computed by providing an LLM with both the ora-
cle and generated plans and instructing it to assign
each oracle step to one of the first six categories.
We additionally compare executability using com-
pletion rates (Section 3.3.2).

3.3 Low-level Execution

3.3.1 Research Questions
RQ4: Given accurate high-level plans, how reli-
ably can LLM agents execute the required low-
level actions to achieve subgoals? We examine the
agent’s ability to ground the human subgoals into a
correct sequence of concrete web interactions. By
fixing the high-level plan, we isolate low-level exe-
cution and assess the agent’s execution capabilities.
RQ5: What are the main failure modes in low-
level execution, and how do they affect overall
task performance? We perform an error analysis
to categorize frequent execution failures in order
to shed light on the limits of LLMs’ in converting
high-level subgoals into low-level actions.

3.3.2 Evaluation Metrics
We evaluate low-level execution using the follow-
ing metrics: (1) Subgoal Completion Rate, defined
as the proportion of subgoals from the high-level
plan that are successfully completed. Each sub-
goal is determined by an LLM-based postcondi-
tion checker using the observed state and action
history; (2) Plan Completion Rate, which mea-
sures the fraction of high-level plans for which all
constituent subgoals are completed; (3) Plan Effi-
ciency, computed as the average number of actions
required to complete tasks, and (4) Task Success
Rate, measured by an LLM-based judge that deter-
mines whether the original instruction is satisfied

given the full action history and final webpage.

3.4 Replanning

3.4.1 Research Questions
RQ6: Does replanning improve alignment with
human-authored plans in the presence of par-
tial or incorrect initial plans? We assess how of-
ten replanning leads to alignment with the human-
annotated high-level plans.
RQ7: Can agents effectively revise their high-
level plans? To evaluate replanning capabilities,
we analyze whether the revised high-level plans
that agents produce through replanning lead to bet-
ter overall task success.

3.4.2 Evaluation Metrics
We assess replanning by looking at how the perfor-
mance is affected after replanning, both in terms
of planning and execution. Mainly, we look at
the alignment metrics of the high-level plans after
replanning as well as the overall success rate.

3.5 LLM-as-Judge Evaluation

As argued by previous work (Xue et al., 2025;
Zhang et al., 2023; Pan et al., 2024a; He et al.,
2024; Yu, 2025; Gou et al., 2025), LLM-as-Judge
approaches, where a language model serves as an
automatic evaluator by assessing trajectories or fi-
nal webpage states relative to the task instruction
can leverage the model’s semantic understanding to
provide flexible, context-aware judgments. This is
the approach we adopt in our work as well for both
postcondition checking and overall evaluation. We
assess the reliability of this evaluation by conduct-
ing manual verification for a subset of the outputs,
which can be found in Appendix A.3.
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4 Experimental Setup

We provide additional details about the experimen-
tal setup, including prompts and more detailed ex-
amples in Appendix A.

4.1 Dataset Construction

In this work, we use the test set of the Mind2Web-
Live benchmark (Pan et al., 2024b), which consists
of 104 instances of web tasks performed on live
websites. It provides expert-annotated key nodes,
corresponding to intermediate subgoals identified
as essential for completing a web task. We treat
these annotations as gold-standard high-level sub-
goals. We prompt gpt-5-nano (OpenAI, 2025) to
convert the JSON key-node representation into a
coherent sequence of abstract actions, yielding a
human-readable high-level plan that captures the
expert’s intended task progression without low-
level details. We manually verify the generated
plans for (1) correctness, ensuring fidelity to the
original key nodes without omissions, hallucina-
tions, or semantic reordering, and (2) clarity and
granularity, ensuring each step is a clear, mean-
ingful high-level subgoal. We find that while step
content is generally correct, some steps are poorly
phrased (e.g. framed as an evaluation rather than a
step), incomplete (e.g. part of the requirements is
missing), or overly specific (e.g. directly navigat-
ing to a link); we manually correct these issues.

4.2 Models

We use gpt-5-nano (OpenAI, 2025) as the pri-
mary model for all stages of our pipeline, in-
cluding action generation and evaluation, due
to its strong balance between performance and
computational efficiency. To assess general-
ity, we additionally evaluate two other models
that are similar in terms of cost and perfor-
mance gemini-flash-2.5 (Google, 2025) and
claude-haiku-4.5 (Anthropic, 2025). We note
that evaluation is still done using gpt-5-nano even
for these other models to ensure stability.

Across all experiments, agents observe the en-
vironment through a text-based DOM represen-
tation of the current web page, including visi-
ble elements, their attributes, and structural re-
lationships. We evaluate three action settings
that differ in both the action space and the rep-
resentation of actions. In the Expanded setting,
adapted from Pan et al. (2024b), the agent operates
over an expressive action space including actions

Before Replanning After Replanning
NL PDDL NL PDDL

Perfect Match 60.6 67.7 56.1 59.0
Partial 5.7 7.4 6.1 6.9
Missing 4.2 2.2 4.0 14.5
Decomposed 29.5 22.7 33.8 19.6

Unmatched 29.4 15.4 35.0 15.4
Matched 70.6 84.6 65.0 84.6

Table 2: Alignment (%) between human and LLM-generated
high-level plans.

such as google_search, goto, click, fill_form,
and get_final_answer, which abstracts over low-
level UI interactions and is more expressive than
the primitive Mind2Web action set (Deng et al.,
2023). We contrast this with a restricted primitive
action space consisting only of low-level UI ac-
tions (click, type, select, and hover), evaluated
under two different representations. In the Action
Object setting, the model generates the full action
specification, including the action type and the tar-
get element. In the Action ID setting, the model
instead selects from a predefined list of valid low-
level actions enumerated for the current page and
outputs only the corresponding action identifier.

4.3 High-level Representations

The choice of high-level representation is critical in
hierarchical planning. Natural language is flexible
but lacks explicit planning structure, often produc-
ing (as we demonstrate below) underspecified plans
(e.g., missing implicit requirements) or overspec-
ified plans (e.g., low-level assumptions that may
not hold), and provides no mechanism to enforce
plan structure. These limitations motivate the use
of structured formal representations such as PDDL.
Accordingly, we study two high-level planning rep-
resentations. These include 1) Natural Language
(NL): The LLM directly produces subgoals as free-
form text, and 2) PDDL (Ghallab et al., 1998),
where subgoals are expressed in a structured form
that enforces explicit preconditions and effects.

5 Results and Analysis

We discuss the results for gpt-5-nano in this sec-
tion. We present further analyses of additional
models and more examples in Appendix B.

5.1 High-level Planning

RQ1: Do LLM agents generate high-level plans
that align with human-authored subgoals? Ta-
ble 2 shows the alignment results of the LLM high-
level plans with the human ones. LLM-generated

32161



Human NL PDDL

# High-level subgoals 3.04 5.51 4.39
# Low-level actions 7.08 11.94 8.89

Table 3: Avg. length of high-level plans and low-level
actions for each representation.

plans exhibit only partial alignment with human-
authored subgoals. As shown in Table 2, 60.6% of
steps in natural language (NL) plans and 67.7% in
PDDL-based plans correspond directly to human-
annotated ones, suggesting that while LLMs cap-
ture the overall task structure, they often fail to
match the abstraction level of human reasoning.
Most deviations arise from over-specification rather
than omission: 29.5% of NL steps are decomposed
compared to only 4.2% missing, meaning models
tend to expand single human steps into multiple
finer-grained subgoals. In addition, 29.4% of NL
and 15.4% of PDDL steps are unmatched to any
human subgoal, revealing redundant or spurious
actions. These findings show that LLMs generally
understand task intent but generate overly detailed,
noisy plans that diverge from human abstractions.

RQ2: Does the structured PDDL representa-
tion improve alignment with human plans com-
pared to natural language? The PDDL repre-
sentation yields more concise, goal-directed plans.
Compared to NL plans, PDDL-based plans achieve
higher step existence (67.7% vs. 60.6%) and lower
missing rates (2.2% vs. 4.2%), while also reduc-
ing decomposed (22.7% vs. 29.5%) and unmatched
(15.4% vs. 29.4%) steps. This suggests that sym-
bolic constraints encourage clearer, more efficient
planning by reducing verbosity and irrelevant elab-
orations. Consequently, the higher matched rate
(84.6% vs. 70.6%) demonstrates that structured
formulations better capture the core logic of hu-
man high-level reasoning and provide a more sta-
ble foundation for subsequent execution. We also
observe from Table 3 that using PDDL yields more
compact plans and shorter low-level sequences.

RQ3: How executable are the high-level goals
produced by each representation? Human-
authored plans are more effective than NL plans
when executed by LLM web agents using the
expanded action space (Figure 2). PDDL plans
largely bridge this gap, performing only slightly
worse than humans. Additionally, while 68% (NL)
and 73% (PDDL) of decompositions render previ-
ously non-executable subgoals executable, decom-
posing compact subgoals can hurt executability.

Metric Action Object Action ID Expanded

Hallucination Rate 34.0 2.0 3.0

Table 4: Hallucination (invalid action) rates across different
action representations (%).

Human NL PDDL
0

20

40

60

80 69.7%
63.2%

70.3%

Subgoal Completion

Human NL PDDL

38.5% 34.6% 37.5%

Plan Completion

Human NL PDDL

36.4% 32.1% 35.6%

Success Rate

Figure 2: Execution results of different representations

5.2 Low-level Execution

RQ4: Given accurate high-level plans, how reli-
ably can LLM agents execute the required low-
level actions to achieve subgoals? Figure 2 shows
that even when provided with human-authored high-
level plans, LLM-based executors struggle to con-
sistently translate subgoals into correct low-level
actions.The executor LLM achieves only a 38.5%
plan completion rate and a 36.4% final success rate.
This suggests that the model struggles to ground
abstract subgoals into executable actions, making
low-level execution a key bottleneck in web tasks.
RQ5: What are the main failure modes in low-
level execution, and how do they affect overall
task performance? In addition to the metrics com-
puted in section 3.3.2, we also compute the follow-
ing metrics to quantify observed errors; (1) Action
Validity, defined as the proportion of proposed ac-
tions that target valid DOM elements, with invalid
or hallucinated actions indicating perception fail-
ures; (2) Hallucinated Links, measured as the per-
centage of actions that lead to invalid links, judged
by gpt-5-nano based on whether any information
is displayed on the page; (3) Action Repetition Rate,
which tracks the proportion of failures due to stag-
nant repetition; (4) Redundancy Rate, defined as
the rate of valid actions that do not produce any
state changes, indicating poor understanding of ac-
tion effects and dynamics.

Different action spaces fail for different reasons.
As shown in Table 4, invalid actions are common
with full action-object prediction and much lower
with action-ID selection and the expanded action
space. Full action objects prompt invented actions
under uncertainty, while ID selection defaults to
arbitrary choices, and expanded actions often fall
back to google_search or goto when stuck. Al-
though this can escape local dead ends, it frequently
causes off-task behavior: direct links may not exist,
and google_search can redirect outside the target
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Failure Mode Rate (%) Base Category

Repetitions 10.4 of failures
Hallucinated links 32.0 of goto actions
Redundant actions 34.2 of all actions
Out-of-domain links 16.7 of all actions

Table 5: Failure modes across different categories. Each rate
is computed relative to its own base set. Illustrated examples
of these failures can be found in Appendix B.3.

NL
Before

NL
After

PDDL
Before

PDDL
After

0

20

40

60

80

100

63.2%

84.0%

70.3%

93.3%
Subgoal Completion

NL
Before

NL
After

PDDL
Before

PDDL
After

34.6%

67.3%

37.5%

81.4%

Plan Completion

NL
Before

NL
After

PDDL
Before

PDDL
After

32.1%
41.4% 36.4%

45.1%

Success Rate

Figure 3: Performance with and without replanning

site (e.g., retrieving the information from a differ-
ent website). As can be observed in Table 5, over
16% of actions occur outside the required domain,
and 32% of goto actions lead to non-existent links.
LLM executors frequently get stuck in repetitive or
redundant behaviors. We observe that low-level
executors frequently repeat failed actions despite
environmental feedback. 10.4% of failures arise
from the agent executing the same action multiple
times (more than 3 times), and 34% of actions pro-
duce no change in the DOM. This suggests limited
state understanding even after exploration.

5.3 Replanning

RQ6: Does replanning improve alignment
with task goals in the presence of partial or in-
correct initial plans? As can be seen in Table 2, re-
planning slightly worsens alignment for NL plans:
perfect matches drop from 60.6% to 56.1%, and
added steps increase fragmentation, reducing the
matched proportion from 79.6% to 65.0%. Rather
than refining plans, NL representations drift toward
over-elaboration after exploration. PDDL plans
also degrade, but differently. Missing steps rise
sharply (2.2% to 14.5%) and perfect matches fall
(67.7% to 59.0%), while unmatched steps remain
stable and over-decomposition slightly decreases.
Nevertheless, PDDL is more stable than NL, with
a fixed unmatched rate (15.4% vs. 35.0%) and a
higher matched rate (84.6% vs. 65.0%).

RQ7: Can agents effectively revise their high-
level plans? Figure 3 shows the overall success
rate and subgoal completion rate before and after
replanning for both NL and PDDL; we can see
that the models can improve substantially after one
round of replanning. The high-level subgoals pro-

duced upon replanning, while less aligned with
humans, yield a significantly higher subgoal com-
pletion rate, implying that planning after exploring
the environments leads to more executable plans.

5.4 How Do Different LLMs Perform?

With our evaluation framework, we are able to
compare different LLMs along the three core ca-
pabilities in web agent tasks. We present results
for two other models, claude-haiku-4.5 and
gemini-flash-2.5, in Appendix B.4, and high-
light our main observations in this section.
gpt-5-nano exhibits superior perfor-
mance. Both models perform significantly
worse than gpt-5-nano (29.2% success
rate for claude-haiku-4.5 and 17.3% for
gemini-flash-2.5 with human plans vs 36.4%
with gpt-5-nano).
gemini-flash-2.5 yields more compact plans
but struggles with executing them The high-level
plans produced by gemini-flash-2.5 are signif-
icantly more compact than the ones produced by
other models. However, it exhibits the strongest
limitations in low-level execution, achieving the
lowest subgoal completion, plan completion, and
success rates. It also shows the highest rate of re-
dundant actions (41.2% of all actions, compared
to claude-haiku-4.5’s 25.6% and gpt-5-nano’s
34.2%), indicating a poor understanding of the en-
vironment. This limitation is further reflected in
the model’s minimal gains from replanning.
claude-haiku-4.5 does not rely on link nav-
igation as much as the other two models
claude-haiku-4.5 does not instantiate goto and
google_search actions as often as the other mod-
els. It also achieves the lowest rate of hallucinated
links. However, it achieves the highest rate of repe-
titions, indicating a lower ability to use feedback.

6 Recommendations for Web Agent
Design from a Hierarchical Perspective

Our framework highlights a few directions for im-
proving web agents from a hierarchical perspective.
1. Treat planning and execution as separate,
complementary skills. The discrepancy in per-
formance between high-level planning and low-
level execution that we observe suggest that plan-
ning and execution require distinct capabilities and
evaluation schemes, (e.g. evaluating how well ab-
stracted a high-level plan is vs. how well a low-
level executor responds to observations). We, thus,
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advocate for agents that explicitly separate these
components: high-level modules that produce well-
abstracted subgoals, and low-level controllers for
robust grounding. Structured representations such
as PDDL are well-suited for the former, while spe-
cialized tools may be required for the latter.
2. Design better methods for perceptual ground-
ing. Our error analysis in Section 5.2 shows that
mis-grounding (e.g., hallucinated or visually simi-
lar elements) and poor state tracking (e.g., repeated
actions and redundant navigation) are primary fail-
ure modes. Addressing these issues will require
richer grounding and state representations that help
models track progress and use feedback effectively.
3. Design action spaces that respect uncertainty
in the world model. Different action represen-
tations induce different failure modes: predicting
full action–object pairs encourages hallucinated UI
operations, while action-ID or expanded actions re-
duce invalid actions but often reflect uncertainty as
random errors. We argue that action spaces should
allow the executor to explicitly signal uncertainty
or world-model mismatch (e.g., clarification or re-
planning actions) rather than forcing a concrete UI
action at every step, better aligning execution with
the planner’s internal world model.
4. Make fine-grained process-based evaluation
a standard. Beyond end-to-end success rates,
process-based evaluation across planning, execu-
tion, and replanning enables more precise diagnosis
of agent failures and targeted comparison across
architectures. Complementary tools such as mech-
anistic interpretability (Rai et al., 2025) can further
reveal how models represent their environments
and decisions, informing systematic improvement.

7 Related Work

Evaluation of LLM Web Agents. Evaluating
LLM-based web agents on realistic, live websites
remains challenging. Early benchmarks in offline
settings rely on exact trajectory matching against
ground-truth demonstrations (Deng et al., 2023),
which does not scale to dynamic web environments.
As a result, recent work has explored alternative
strategies, including manual human assessment on
live sites (Zheng et al., 2024a), rule-based success
criteria (Pan et al., 2024b; Zhu et al., 2023), and
LLM-as-Judge approaches that assess trajectories
or final states relative to the task instruction (Xue
et al., 2025; Zhang et al., 2023; Pan et al., 2024a;
He et al., 2024; Yu, 2025; Gou et al., 2025). Our

work advocates evaluation that disentangles high-
level planning, low-level execution, and replanning
to understand why web agents fail.
High-level Planning with LLMs Recent work
shows that LLMs can generate high-level plans.
Many approaches prompt LLMs to produce struc-
tured representations (e.g. PDDL domains or tem-
poral logic specifications) that classical planners
can consume (Silver et al., 2022; Xie et al., 2023;
Guan et al., 2023; Chen et al., 2024; Xu et al.,
2024). In the web domain, LLM-based systems
decompose user instructions into abstract subgoals
that guide execution (Kim et al., 2024; Erdogan
et al., 2025; Yang et al., 2025c). Our work ex-
tends this line by evaluating NL and PDDL. To
our knowledge, this is the first work to incorporate
formal planning representations into web agents.
Improving LLMs’ Low-level Execution Ground-
ing high-level skills into low-level actions is a key
milestone for web agents (Zheng et al., 2024b).
Several work thus aims to improve the reliabil-
ity of LLM-based executors in web environments.
One common approach simplifies webpage obser-
vations to better align with LLM representations
(Zhu et al., 2023; Yang et al., 2025b). Other
methods abstract low-level UI interactions into
website-specific tools, improving robustness by
avoiding fragile element-level manipulation (Kim
et al., 2024; Prabhu et al., 2025). In contrast, some
approaches rely on training to learn actions directly
from trajectories (Qi et al., 2025; Chae et al., 2025).
We propose metrics that evaluate low-level execu-
tion with respect to explicit high-level goals while
maintaining a separation between the two.
Replanning and Self-Refinement Early agent
prompting frameworks interleave reasoning with
actions in a loop adapting to new observations at
each step (Yao et al., 2023; Shinn et al., 2023),
showing the potential of LLM planning in partially
observed environments. This inspired several ap-
proaches that leverage environment feedback to per-
form replanning for web agent applications (Yang
et al., 2025a; Erdogan et al., 2025; Zhang et al.,
2025; Patel et al., 2024; Yang et al., 2025c).

8 Conclusion

We evaluated LLMs on web agent tasks from a hier-
archical planning perspective, analyzing high-level
planning, low-level execution, and replanning. We
compared NL and PDDL representations and found
that structured plans can be helpful, while execu-
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tion remains the main bottleneck. This evaluation
framework offers a principled basis for diagnosing
web agent failures and guiding future research.

Limitations

While our hierarchical evaluation framework aims
to evaluate LLMs on the three distinct levels in
generality, we only experiment with a limited set of
high-level representations, action spaces, and agent
configurations, and do not consider multimodal set-
tings. These directions are promising avenues for
future work. However, our focus in this paper is on
establishing the feasibility and diagnostic value of
hierarchical evaluation for long-horizon web-based
tasks. Additionally, the high-level plan evaluation
requires an annotated set of reference plans for
each task, making it less flexible. In this work, we
assume the availability of the reference plans and
focus on providing metrics that can be used for
evaluating high-level plans against them. Future
work can extend our work by exploring efficient an-
notation approaches to minimize the human effort
needed.
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A Experimental Setup

A.1 Prompts

This section outlines the prompts used for the dif-
ferent stages of the planning pipeline we use.

A.1.1 High-level Planning
NL Prompt

You are an intelligent assistant helping a user
complete a task on a web page.
First, reflect step-by-step:
1. What is the user trying to accomplish?
2. What subgoals must be achieved?
3. Can each subgoal be broken into
lower-level actions (click, type, etc.)?
4. Are these steps reusable and modular
across different pages?

Then output your response in this strict
format:

Explanation:
Your reasoning for proposing the high-level
plan in 2-3 sentences.

Proposed high-level plan:
1. Step one
2. Step two
...
Rules:
- Do NOT use markdown formatting.
- Assume the user is on the homepage of the
website. Do not propose navigating to the
homepage as your first action.
- Make sure each step is atomic, reusable,
and task-driven.
- Focus on clarity, reusability, and structure.
- Make sure each step is a high-level skill
that can be decomposed into low-level
actions and this used to achieve a subgoal
needed to achieve the task.
- Do not use dummy credentials to log in.
Unless explicitly asked to do so as part of
the task, and credentials are provided, then
you should not propose to sign in.
- Do not use dummy inputs. If you do not
know the inputs, then you need to find a
new action.
- You are not allowed to make up specific
links.
- Make sure each action is atomic and
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reusable.
- Keep the actions at a high level. Do not
make up any details about the parameters
when you instantiate actions (i.e. if you
expect that search results are to be displayed,
do not “imagine” an item in the search
results and use that as input. Similarly do
not make up links, etc.).

Here is an example of a bad high-level plan
for Task: “Find the cheapest red t-shirt".

High level plan:

Login with example uname and password
Select "Nike Red T-Shirt 330"
Why this is a bad plan:
- This attempts to log in despite the task not
asking for it.
- The search result is too specific and is
hallucinated.
- If the value is unknown, the action should
be abstracted or omitted.

A good example of a high-level plan for the
same task is:

High level plan:
Search for "red t-shirt" Filter by price "low"
Select top result
Task: {task}
Webpage: {web_page}

PDDL Plan Generation

You are a planning assistant generating a
high-level plan for a user completing a task
on a web page.
You need to propose a high level plan for
the task. The high level plan should be a list
of PDDL actions that can be performed on
the website to achieve the task.
Only Output the reasoning followed by
the high level plan, and nothing else.
Please follow the format of the example
exactly. Each line should be a PDDL action
instantiation.

Explanation:
- Why each action is needed along with a

step by step explanation of how the subgoals
contribute to achieving the task.
- Clarify what each action does.
- Comment on reusability across pages.
- Mention any assumptions made about the
DOM or user context.
- Do not use markdown formatting.

High Level Plan:
1. (search_product "iphone")
2. (filter_by_price "low")
...

Rules: You cannot break any of the
following rules.
- Your plan should be consistent, and
complete. It should be a high-level set of
steps that if executed, will achieve the task.
- Do not use markdown formatting.
- Do not use dummy credentials to log in.
Unless explicitly asked to do so as part of
the task, and credentials are provided, then
you should not propose to sign in.
- Do not use dummy inputs. If you do not
know the inputs, then you need to find a
new action.
- You are also not allowed to instantiate
actions with unknown inputs (for example,
(login ?username ?password) or (search
?query) are not allowed as high-level steps
in the high-level plan).
- You are not allowed to use links as inputs
to actions.
- Assume the user is on the homepage of the
website. Do not propose navigating to the
homepage as your first action. on-homepage
is a precondition that is true at the initial
state of the task. - Make sure each action is
atomic and reusable.
- Make sure each step is a high-level skill
that can be decomposed into low-level
actions and thus used to achieve a subgoal
needed to achieve the task.
- Keep the actions at a high level. Do not
make up any details about the parameters
when you instantiate actions (i.e. if you
expect that search results are to be displayed,
do not “imagine” an item in the search
results and use that as input. Similarly do
not make up links, etc.).
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Here is an example of a bad high-level
plan for Task: “Find the cheapest red t-shirt”

High level plan:

1. (login “example uname”, “example psswd”)
2. (select “Nike Red T-Shirt 330”)

Why this is a bad plan:
- This attempts to log in despite the task not
asking for it.
- The search result is too specific and is
hallucinated.
- If the value is unknown, the action should
be abstracted or omitted.

A good example of a high-level plan for the
same task is:

High level plan:

1. (search "red t-shirt")
2. (filter_by_price "low")
3. (select_top_result)

Below is the task to be accomplished and
the web page content:
Task: {task}
Web page content: {web_page}

PDDL Domain Generation

You are given a high level plan in PDDL-
like format. Generate a domain file for
the high level plan. You need to generate
a domain file for the high level plan. The
domain file should be a list of PDDL action
templates that describe the proposed plan.

The task is: {task}
The high level plan is: { high_level_plan }

The domain file should be a list of PDDL
action templates that describe the instantia-
tions in the high level plan.

Your output should follow the format below
exactly. The explanation should come
before the answer, and you should use it to
explain your reasoning before generating
the domain file.

Explanation:
- Why you chose the preconditions and
effects for each action.
- Why you chose the parameters for each
action.
- What each action does.

Domain File:

(:action login
:parameters (?u - username ?p - password)
:precondition (and (on-login-page)
(not (logged-in)))
:effect (and (logged-in))

(:action search_product
:parameters (?query - string)
:precondition (and (logged-in))
:effect (and (search-results-visible))

. . .

RULES: You cannot break any of the
following rules:

- You cannot use markdown formatting.
- The domain file should ensure that the high
level plan is consistent. The domain file
should be written so that no action in the
high level plan is called before its precondi-
tions are met. You should make sure that the
high level plan is consistent.
- Executing an action satisfies its effects.
- The initial state of the high level plan is
the initial state of the webpage. which is
described as "on-homepage" in the domain
file.
- The action names should be the same as
the action names in the high level plan.

A.1.2 Low-level Planning
low-level planning with action selection

You are given a task to perform on a
webpage. Propose the next step that is
helpful towards achieving the task.

You should output only an action that is
most likely to help achieve the subgoal.
Each action is a dictionary with the follow-
ing keys:

{ "INDEX": "action index", "ACTION":
"CLICK" | "HOVER" | "TYPE" | "SE-
LECT", "SELECTOR": "text=’NEWS’" |
"button:nth-of-type(3)" | "css=div.menu »
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text=’Super Bowl’" | ..., "VALUE": "if any
(You may need to provide a value for the
action, e.g. for TYPE action)", "TEXT":
"the text that is visible on the element",
"EXPLANATION": "a short explanation of
why this action is useful" }
Below is the simplified representation of the
current state of the webpage:
{web_page}

History of steps so far: {history}
Below is the domain file, defining the
precondition and postcondition (i.e. the
desired outcome) of the high-level goals:
{domain_file}
Below is the the list of subgoals that have
been accomplished so far:
{subgoals_accomplished}
Below is the next high-level step (subgoal)
to be accomplished:
Step: {subgoal}
Below is the list of available actions. Do
not output any actions that are not in the
list of available actions. The only field you
are allowed to modify is the “value” (if a
TYPE or SELECT action) and “explanation”
fields. You are not allowed to modify any
other fields.

It is very important that your output contains
only the action, and nothing else, that is
directly parsable as a JSON object.
Available Actions:
{available_actions}

low-level planning with action selection

You are an assistant who not only helps to
browse and operate web pages to achieve
certain goals, but also needs to explore
the information on the page to answer the
questions raised by the target task. Please
answer the following questions as much as
possible.
There are key information you will get:
**Key Information**:
- Previous trace: all thoughts, actions and
reflections you have made historically.
- Accessibility tree: characteristic expres-
sion of the current web page.

**Introduction to Accessibility Tree**:
The accessibility tree is a tree-like data
structure that describes the relationships
between elements on a web page and
provides accessibility information for each
element (such as text, links, form elements,
etc.).
- **Accessibility Tree Example**:
Here is an example of an accessibility tree:
“‘ current web tab name is ’Google’ [40] link
’About’ [41] link ’Store’ [186] link ’Gmail’
[187] link ’Images’ [163] textarea ’Search’
[236] button ’See more’ “‘ In this example,
each row represents the characteristic
representation of a web page element. It
has three attributes: ’[40]’ for the element’s
element_id, ’link’ indicates the element is
a link, and ’About’ for the content of the
element. Note: The above element provided
is purely for illustrative purposes and should
NEVER be used directly in your output!

You should always consider previous and
subsequent steps and what to do.
**Thought Space**:
- What action do you think is needed now to
complete the task? - What’s the reason of
taking that action?
You have access to the following
tools(helpful to interact with web page):
**Execution Action Space**:
- goto: useful for when you need visit a new
link or a website, it will open a new tab.
- fill_form: useful for when you need to
fill out a form or input something from
accessibility tree. Input should be a string.
- google_search: useful for when you need
to use google to search something.
- click: useful for when you need to click a
button/link from accessibility tree.
- select_option: useful for when you need
to select a drop-down box value. When
you get (select and option) tags from the
accessibility tree, you need to select the
serial number(element_id) corresponding
to the select tag, not the option, and select
the most likely content corresponding to the
option as Input.
- go_back: useful when you find the current
web page encounter some network error or
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you think the last step is not helpful.
- cache_data: useful when you need to
extract information from the page that you
think is extremely valuable for completing
the target task. It is not a direct answer to
the target task, but it is extremely relevant
to the target task. Subsequent actions may
refer to this part of the information and
return this information as input
- get_final_answer: useful for when you
think it is the answer to the target task and
no other operations are required, Input
should be a answer content.

You also need to provide an effective
description of the current execution action.
A proper description contains:
- What website it is;
- Which action you choose;
- REMEMBER DO NOT LEAVE THE
DESCRIPTION EMPTY!

You have to follow the instructions or notes:
**Important Notes**:
- Under the following conditions, you are
restricted to using the ‘google_search‘ or
‘goto‘ tools exclusively:
1. In the initial step of a process or when
there’s no preceding interaction history (i.e.,
the previous trace is empty).
2. In situations where the accessibility tree
is absent or not provided.
- Your action should not be the same as last
step’s action.
- The ‘element_id‘ should be an integer
accurately representing the element’s ID in
the accessibility tree.
- AVOID using the provided example’s
element_id as your output.
- The output JSON blob must be valid;
otherwise, it cannot be recognized.

**Special Circumstances Guidelines**:
- When performing a search on a website,
if you find the search results do not display
sufficient content, consider simplifying or
modifying your search query. Reducing the
complexity of your search query or altering
keywords may yield more comprehensive
results.

Please ensure the accuracy of your output,
as we will execute subsequent steps
based on the ‘action‘, ‘action_input‘ and
‘element_id‘ you provide.

**Output Requirements**:
- Ensure your output strictly adheres to the
JSON blob format outlined below:
{ "thought": "ACTUAL_THOUGHT",
"action": "ACTUAL_TOOLS",
"action_input": "ACTUAL_INPUT",
"element_id": "ACTUAL_ELEMENT_ID",
"description": "ACTUAL_DESCRIPTION"
}
- A VALID JSON BLOB EXAMPLE AS
FOLLOWS:
{ "thought": "In order to complete this task,I
need to go to the Google home page",
"action": "click",
"action_input": "button",
"element_id": "236",
"description": "Now I’m on Google’s main
page. I’m now clicking the button with el-
ement_id [236] to see more information."
}
Current Task Context: - Subgoal: {subgoal}
- Previous trace: {history} - Accessibility
tree: {web_page}

A.1.3 Postcondition Checking
Postcondition Checking with Action-ID

You are given a high-level step and a web
page. Check if the expected effects of the
executed action have been achieved.
Below is the history of actions performed
so far, including the action that was just
executed.
Each of the actions is a dictionary with the
following keys. Think about the effects of
each action and what they do to the state of
the webpage before deciding.

"INDEX": "action index",
"ACTION": "CLICK"|"HOVER"|"TYPE"|"SELECT",
"SELECTOR": "text='NEWS'"

| "button:nth-of-type(3)" | ...",
"VALUE": "if any",
"TEXT": "the text visible on the element",

Each action is also followed by whether it
was successful and an observation of the
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webpage state after the action was executed.

Your task:
1. Understand and reason about what the
executed effects of the high-level step
should be.
2. Check if the postconditions/effects of the
executed action have been achieved based
on the history of actions performed so far
and the current state of the webpage.
3. Check if the current web page does
satisfy the postconditions/effects of the
executed action.
4. Output an answer to the question: "Have
the postconditions/effects of the executed
action been achieved?"

Your output should ONLY be a json object
with the following keys:
{
"explanation": "a short explanation of why
the postconditions were achieved or not, ref-
erencing specific elements or changes in the
web page"
"answer": "YES" | "NO"
}
Output only The JSON object, and nothing
else. Do not use Markdown formatting.
Below is the task: {task}
Below is the high-level step that we would
like to check whether it was successfully
achieved: {executed_action}
[In the case of PDDL]
Domain File: {domain_file}
Below is the simplified representation of the
current state of the web page: {web_page}

Here is the history of actions performed so
far:
{history}

Post-condition checking with expanded ac-
tion space

You are given a high-level step and a web
page. Check if the expected effects of the
executed action have been achieved.

Below is the history of actions performed
so far, including the action that was just
executed.

Each of the actions is a dictionary with the
following keys. Think about the effects of
each action and what they do to the state of
the webpage before deciding.

"thought": "The reasoning behind taking
this action",

"action": "The action type (goto, click,
fill_form, select_option,

google_search, go_back, cache_data,
get_final_answer)",

"action_input": "The input value for
the action (e.g. text to fill,
URL to navigate to,
option to select, etc.)",

"element_id": "The ID of the element
to interact with",

"description": "A description of what
the action does"

Each action is also followed by whether it
was successful and an observation of the
webpage state after the action was executed.

Your task:
1. Understand and reason about what the
executed effects of the high-level step
should be.
2. Check if the postconditions/effects of the
executed action have been achieved based
on the history of actions performed so far
and the current state of the webpage.
3. Check if the current web page does
satisfy the postconditions/effects of the
executed action.
4. Output an answer to the question: "Have
the postconditions/effects of the executed
action been achieved?"

Your output should ONLY be a json object
with the following keys:

{
"explanation": "a short explanation of why
the postconditions were achieved or not, ref-
erencing specific elements or changes in the
web page"
"answer": "YES" | "NO"
}
Output only The JSON object, and nothing
else. Do not use Markdown formatting.
Below is the task: {task}
Below is the high-level step that we would
like to check whether it was successfully
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achieved: {executed_action}
[In the case of PDDL]
Domain File: {domain_file}
Below is the simplified representation of the
current state of the web page: {web_page}

Here is the history of actions performed so
far:
{history}

A.1.4 Replanning

Replanning

You are an intelligent assistant helping a
user complete a task on a web page.

IMPORTANT: The user has already
attempted this task with a previous plan that
did not succeed. You need to propose a
NEW high-level plan.

You have TWO options:
1. **Start over completely**: Propose
a completely new high-level plan from
scratch, ignoring the previous attempt.
2. **Continue from last successful ac-
tion**: Build upon the actions that were
successfully completed, and propose a new
plan that continues from where the last
successful action left off.

{plan_context}
{history_text}
{failure_context}

Based on the history above, decide whether
to:
- Start over with a completely new approach,
OR
- Continue from the last successful action

Then propose a high-level plan accordingly.

First, reflect step-by-step:
1. What is the user trying to accomplish?
2. What subgoals must be achieved?
3. Should I start over or continue from the
last successful action? Why?
4. Can each subgoal be broken into
lower-level actions (click, type, etc.)?

5. Are these steps reusable and modular
across different pages?

Then output your response in this **strict
format**. You have to output the plan sal-
vageability assessment and the explanation
first, then the proposed high-level plan.

Plan Salvageability Assessment:
- Is the original plan salvageable? Answer:
"YES" or "NO"
- Reasoning: Explain why the plan is or
is not salvageable. If salvageable, explain
which parts can be reused and which steps
were already completed. If not salvageable,
explain why starting over is necessary.

Explanation:
- Your reasoning for proposing the high-level
plan in 2-3 sentences.
- If salvageable, clearly state which steps
were already completed and which steps
remain.

Proposed high-level plan:
1. Step one
2. Step two
...
IMPORTANT REMINDER: If you an-
swered "YES" (plan is salvageable), you
MUST ONLY include the REMAINING
steps that still need to be completed in your
high-level plan. Do NOT repeat steps that
were already successfully completed. If you
answered "NO" (plan is not salvageable), in-
clude ALL steps needed to complete the task
from scratch.
Rules:
- Do NOT use markdown formatting.
- Make sure each step is atomic, reusable,
and task-driven.
- Focus on clarity, reusability, and structure.
- Make sure each step is a high-level skill
that can be decomposed into low-level
actions and this used to achieve a subgoal
needed to achieve the task.
- Do not use dummy credentials to log in.
Unless explicitly asked to do so as part of
the task, and credentials are provided, then
you should not propose to sign in.
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- Do not use dummy inputs. If you do not
know the inputs, then you need to find a
new action.
- You are not allowed to make up specific
links.
- Make sure each action is atomic and
reusable.
- Keep the actions at a high level. Do not
make up any details about the parameters
when you instantiate actions.

Webpage: {web_page}
Task: {task}

A.1.5 End-to-end Evaluation

End-to-end Evaluation

You have a task and an action history. Your
goal is to evaluate if the action history
and the current web page meet the task
requirements. You should reason about
the action history that got us to the current
web page to determine if they meet the task
requirements.

{action_format_description}

Your answer should be a json object with
the following format:

{
"explanation": "Your explanation here",
"answer": "YES" or "NO",
}
IT IS VERY IMPORTANT THAT YOUR
OUTPUT IS A JSON object, AND NOTH-
ING ELSE. THE OUTPUT SHOULD
BE DIRECTLY PARSABLE AS A JSON
OBJECT.

Answer the following question: Does the
action sequence meet the task requirements?

**Task**: {task}
**Action History**: {action_history}
**Current Web Page**: {web_page}

A.1.6 High-level Evaluation

Replanning

You are an expert evaluator comparing
a human-authored plan and an LLM-
generated plan for the same web navigation
task.
TASK: {task}
HUMAN PLAN: {human_plan}
LLM PLAN: {llm_plan}
For each human step:
- Identify which step(s) in the LLM plan
correspond to it, if any. Note, that LLM
plans might be written in a different syntax
or representation of the same step.
- Classify its alignment status as one of:
- "aligned": the same intent or action
appears in the LLM plan. This means that
the step could be matched exactly to one
step in the LLM plan. If a step is matched
to multiple steps in the LLM plan, then it
is decomposed. The step from the LLM
plan that is matched to the human step
should also not violate or assume additional
temporal dependencies that are not present
in the human plan.
- "partial": part of the step’s intent appears,
but it is missing part of the step’s intent.
- "missing": the action is completely omitted
from the LLM plan.
- "decomposed": the human step is split into
multiple smaller LLM steps. This means
that the step is matched to multiple steps in
the LLM plan.
- "unmatched": If there exists a step in
the LLM plan that are not matched to any
human step, annotate it as "unmatched".
Report all unmatched steps in one entry,
with a "null" in the human_step field
and a list of all unmatched steps in the
matched_llm_steps field.

If decomposed:
- Determine whether this decomposition is
"useful" (adds clarity or logical substruc-
ture) or "harmful" (introduces redundant or
overly detailed low-level steps that assumes
preconditions that might not hold true (e.g.
if a step requires the existence of a certain
button that has not been seen yet)).
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Return a JSON object of this form:
{
"steps": [
{
"reasoning": "<brief explanation why the
step is aligned, partial, missing, or decom-
posed and why the steps are matched>",
"human_step": "<text>"|null(if reporting
unmatched steps), "matched_llm_steps":
["<matching step(s)>, give the step
numbers (1-indexed)"], "status":
"aligned"|"partial"|"missing"|"decomposed"
|"unmatched", }
] }
Note that every step in the LLM plan must
be matched to a human step or be annotated
as "unmatched".
Output JSON only, nothing else.

A.2 Examples of Key Node Annotation

The Mind2Web-Live Benchmark (Pan et al., 2024a)
provides a set of manually annotated “key nodes”
that are used to evaluate task completion; these are
assumed by the authors to be necessary subgoals
that have to be visited in order for the task to be
completed. We prompt an LLM to produce high-
level steps based on these evaluation objects. Ex-
amples of the outputs and the issues we encounter
are presented in Figure 4.

A.3 The Reliability of LLM-as-Judge

LLM-as-Judge evaluation is becoming increasingly
popular across many agentic applications (Xue
et al., 2025; Gou et al., 2025). This is because
of the convenience of LLMs’ ability to leverage
its language understanding and the knowledge ac-
quired during training to understand, interpret and
reason about open-ended requirements and unstruc-
tured data. This was the motivation for using LLM-
as-Judge for both postcondition-checking and fi-
nal evaluation. To establish the reliability of these
methods, we sample 50 examples of postcondition
checks and final evaluations and perform manual
annotation, then compare the outcomes. We find
that we agree with the postcondition checks in 41
out 50 instances (82%) and with the final evalua-
tion in 43 out of 50 instances (86%), indicating that
using LLM-as-Judge can be effective as it exhibits
a high agreement rate with human evaluation.

A.4 High-level Alignment Evaluation Trees

Figure 5 presents two decision trees used to evalu-
ate alignment between human-authored plans and
LLM-generated plans at the high level.

The first tree shown in Figure 5a examines
whether each human-authored step is captured by
the LLM-generated plan. It first checks for a one-
to-one correspondence between a human step and a
generated step, which is labeled as a Perfect Match.
If no such correspondence exists, the tree deter-
mines whether the generated step only partially sat-
isfies the human step, resulting in a Partial Match.
If not partial, it then checks whether the human step
is split into multiple finer-grained generated steps,
labeled as Decomposed. If none of these conditions
are met, the human step is classified as Missing, in-
dicating it is absent from the LLM-generated plan.
The second tree in Figure 4b evaluates the rele-
vance of the LLM-generated steps to the human
plan. Each generated step is checked to see whether
it maps to any human-authored step under any of
the categories from the first tree. Generated steps
that align with a human step are labeled Matched,
while those that do not correspond to any human
step are labeled Unmatched, reflecting redundant
or irrelevant actions.

Yes No

Is there a 1-to-1 mapping between the the
human step and a generated step?

Perfect Match

No

Is there a step where only part of the
action requirements satisfied?

Partial Match

Yes

Yes No

Is the action split into
multiple generated actions?

Decomposed Missing

(a) Are the human steps captured by the LLM-generated plan?

Is the LLM action mapped to any
human action (under any categorization)? Yes

Matched

Unmatched
No

(b) Are the LLM-generated steps relevant to the human plan?

Figure 5: Evaluation trees for high-level alignment.

A.5 Example of NL and PDDL plans

In Figure 5, we present motivating example high-
lighting the importance of high-level representation.
NL plans can be overly specific and makes assump-
tions about the environment that may not hold true.
Some of the steps can also not easily be translated
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into a sequence of actions. PDDL alleviates this by
providing better abstraction of the same high-level
plan.

1. CLICK on the Men category to access men's apparel and
outerwear.
2. CLICK into the coats/outerwear subsection within Men to
view winter coat options.
3. SELECT size filter and set to Large to restrict results to
coats available in Large.
4. SELECT a clearance filter to show only items that are on
clearance.
5. SELECT a winter or cold-weather category/filter if
available to focus on winter coats.
6. REVIEW the filtered results to identify coats labeled as
winter coats and marked on clearance.
7. CLICK on a candidate product to view details; VERIFY it is
a winter coat, available in size Large
8. If no qualifying items are found, ADJUST filters (e.g.,
broaden size or remove winter filter) and REPEAT steps 6-7.

NL Plan

Plan
1. (browse_category "Men's Winter Coats")
2. (filter_by_size "Large")"
3. (filter_by_status "Clearance")"
4. (display_results)
5. (select_first_result)

Domain File
(:action browse_category 

 :parameters (?cat - category) 
 :precondition (on-homepage) 
 :effect (and (on-category-page ?cat) 

(results-present ?cat)))
...

PDDL

Figure 6: Motivating example highlighting the impor-
tance of high-level representation.

B Additional Analysis

B.1 Full Hierarchical Planning Example

Figure 13 shows a running examples of the hier-
archical planning framework we evaluate in this
work.

B.2 Distribution of low-level Actions Selected

The frequency of each of the actions from the ex-
panded being selected by each model is shown in
Figure 7.
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(c) gemini-flash-4.5

Figure 7: Distribution of actions in the expanded action
space across different LLMs.

LLM-based executors perfer clicks and di-
rect navigation, as shown in Figure 7, they heav-
ily favor click, goto, and google_search actions.
While this can help escape local dead ends, it often
leads to off-task behavior; direct links can lead to
non-existent pages, and google_search actions fre-
quently redirect the agent outside the target site
(e.g., retrieving information from Wikipedia in-
stead of ESPN as shown in Figure 8). Table 5
shows that over 16% of actions are performed out-
side the required website domain, and 32% of goto
actions lead to non-existing links.
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B.3 Examples of low-level failures

Figure 8 shows examples of some of the most com-
mon errors encountered by the model.
Low-level executors can misinterpret subgoals or
confuse visually similar elements, for example, fil-
tering for the “Safety department” but selecting a
button labeled “Safety” instead, which leads to a
page on the safety practices of the company. Mod-
els also make incorrect assumptions about task
completion, such as entering a ZIP code without
validating the search result.

B.4 Performance of Other Models

B.4.1 claude-haiku-4.5

The performance of claude-haiku-4.5 across
each of the three levels is illustrated below. Table 6
illustrates the peformance on high-level alignment
metrics. Table 7 summarizes the efficiency of the
model in terms of number of actions and subgoals.
Figure 9 showcases execution results for this model.
Failure mode statistics are summarized in Table 8,
while replanning results are summarized in Figure
10.

NL PDDL

Perfect Match 54.9 66.7
Partial 6.8 4.8
Missing 7.5 7.3
Decomposed 30.8 21.2

Unmatched 17.4 10.1
Matched 83.6 89.9

Table 6: Alignment (%) between human and LLM-
generated high-level plans: claude-haiku-4.5.

NL PDDL

# High-level steps 4.89 3.70
# Low-level actions 11.0 10.6

Table 7: Avg. Length of High-level and Low-level plans
for each representation for claude-haiku-4.5

Human NL PDDL
0
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80
66.5%

42.6%

58.5%

Subgoal Completion

Human NL PDDL

28.3%
15.2% 16.3%

Plan Completion
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29.2%
15.2% 16.3%

Success Rate

Figure 9: Execution Results using different high-level
representations using claude-haiku-4.5

Failure Mode Rate (%) Base Category

Repetitions 16.7 of failures
Hallucinated links 25.3 of goto actions
Redundant 23.6 of all actions
Out-of-domain links 16.9 of all states

Table 8: Failure modes across different categories.
Each rate is computed relative to its own base set.
claude-haiku-4.5
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Figure 10: Replanning results claude-haiku-4.5

B.4.2 gemini-flash-2.5

The performance of gemini-flash-2.5 across
each of the three levels is illustrated below. Ta-
ble 9 illustrates the peformance on high-level align-
ment metrics. Table 7 summarizes the efficiency
of the model in terms of number of actions and
subgoals. Figure 11 showcases execution results
for this model. Failure mode statistics are sum-
marized in Table 10, while replanning results are
summarized in Figure 12.

NL PDDL

Perfect Match 61.4 64.3
Partial 8.5 7.2
Missing 11.6 12.4
Decomposed 18.5 16.1

Unmatched 21.6 18.3
Matched 78.4 81.7

Table 9: Alignment (%) between human and LLM-
generated high-level plans: gemini-flash-2.5.
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Figure 11: Execution Results using different high-level
representations using gemini-flash-2.5
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Failure Mode Rate (%) Base Category

Repetitions 6.70 of failures
Hallucinated links 31.2 of goto actions
Redundant 41.2 of all actions
Out-of-domain links 14.7 of all actions

Table 10: Failure modes across different categories.
Each rate is computed relative to its own base set.
gemini-flash-2.5

NL PDDL

# High-level steps 3.63 3.19
# Low-level actions 8.55 8.25

Table 11: Avg. Length of High-level and Low-level
plans for each representation for gemini-flash-2.5
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Figure 12: Replanning results gemini-flash-2.5
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gpt-5-nano

{
 "content": {
    "key": "",
    "netloc": null,
    "path": null,
    "reference_answer": "/browse/tv_series_browse/sort:popular",
    "url": "https://www.rottentomatoes.com/browse/tv_series_browse/sort:popular"
    },
 "match_function_name": "url_included_match",
 "method": null
}

Human 
Verification

Navigate to the Most Popular TV section by going to 

https://www.rottentomatoes.com/browse/tv_series_browse/sort:popular

Navigate to the Most Popular TV shows section

(a) The step proposed by the model is overly specific. Indicating to directly navigate to the specific link.

gpt-5-nano

{
 "content": {
    "key": "q",
    "netloc": null,
    "path": null,
    "reference_answer": "Decide whether are searching for playstation 

5 digital edition",
    "url": "https://www.rottentomatoes.com/browse/tv_series_browse/sort:popular"
    },
 "match_function_name": "url_included_match",
 "method": null
}

Human 
Verification

Decide whether you are searching forthe PlayStation 5
digital edition.

Search for PlayStation 5 digital edition 

(b) The step proposed by the model is framed as an evaluation, not a step.

Figure 4: Examples of the high-level step annotation process We begin by prompting gpt-5-nano to produce a high-level
step based on the evaluation key-node object and correct issues such overspecification and steps framed as evaluation functions
manually.

      Subgoal: Navigate to the page for used Audi cars.
   Action: goto https://www.kbb.com/used-cars/audi/ 

Hallucinated Links
Task: Find the statistics of the player Cristiano Ronaldo for the national team of 
Portugal in all the world cups in espn.com.
Subgoal: Access the statistics for Cristiano Ronaldo's 
national team performances.

Action 1: google_search "Cristiano Ronaldo Portugal 
statistics" 

Action 2: click "Cristiano Ronaldo"

Out-of domain navigation

Irrelevant Actions
Task : View the latest job openings in safety with a salary above 100k per annum, 
check the details, and apply on mbta.
Subgoal: Filter job openings for the Safety department.

Redundant Actions

Action: goto https://www.flightaware.com/
Current URL: https://www.flightaware.com/

Subgoal: Navigate to the discussions section of 
flightaware

Figure 8: Examples of some of the most common errors encountered by the model (gpt-5-nano)
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Example hierarchical web planning instance

Task. “Find me the deals available for the Great escape park on sixflags”

Initial page shown to the agent (homepage of Six Flags).

High-level planning
Human plan
1. Navigate to the Great Escape park
page.
2. Go to the ticket store section for the
Great Escape park.

LLM NL plan
1. SELECT the Great Escape park as
the active park using the Park of Pref-
erence control.
2. Locate the Deals or Promotions
section for the Great Escape park and
CLICK it if present.
3. If a Deals/Promotions section exists,
READ and RECORD all current deals
offered for Great Escape.
4. If no Deals/Promotions section is
found, CLICK into Tickets or Prices
sections and SCAN for any current
promotions or bundled offers, then
RECORD any found promos.
5. Compile and present a concise re-
port listing all deals, including name,
discount, eligibility, and how to re-
deem, and note if no deals are avail-
able with suggested next steps.

LLM PDDL plan

1. (open_deals_section)
2. (select_park "Great Escape Park")
3. (extract_deals)

Low-level planning (LLM) [Excerpt for subgoal: (select_park "Great Escape Park")]
Action: google_search "Six Flags deals site:sixflags.com" Observation: SUCCESS — Google search executed.
Action: click "Deals & Offers - Six Flags Great Adventure" Observation: SUCCESS — link clicked.
Action: goto "https://www.sixflags.com/national-sites" Observation: SUCCESS — navigated to National Sites page.
Action: select_option "Great Escape Park" Observation: FAILED — could not select option.
Action: click "Select a Park" combobox Observation: SUCCESS — combobox clicked.
Action: select_option "Great Escape Park" Observation: FAILED — could not select option.
Action: click "Select a Park" combobox Observation: SUCCESS — combobox clicked.
Action: select_option "Great Escape Park" Observation: FAILED — could not select option.

Postcondition checking for subgoal (select_park “Great Escape Park”)
Postconditions not met for action: 2. (select_park "Great Escape Park"). The postconditions of select_park(’Great
Escape Park’) were not achieved. The park was never successfully selected from the park selector. Multiple attempts to
select ’Great Escape Park’ failed with ’Could not select ’Great Escape Park”, so neither park-selected Great Escape
Park nor deals-loaded-for Great Escape Park were achieved.

Final Evaluation (PDDL trace)
Answer: No
Explanation: The action history shows that the user has attempted to find the deals for Great Escape Park on the Six
Flags website by performing several actions, including navigating to the National Sites page and trying to select Great
Escape Park from the park selector. However, the actions to select the park have failed multiple times, and the current
web page is still the homepage of Six Flags, not the deals page for Great Escape Park. Therefore, the task requirements
are not met as no deals have been found yet.

Figure 13: Example of our hierarchical evaluation pipeline for a single task, showing high-level planning (Human
vs. NL vs. PDDL), low-level execution behavior, postcondition checking, and the resulting evaluation signal
(gpt-5-nano).
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