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Abstract

Digital Adoption Platforms (DAPs) provide
web-based overlays that deliver operational
guidance and contextual hints to help users
navigate complex websites. Although modern
DAP tools enable non-experts to author such
guidance, maintaining guides remains labor-
intensive because website layouts and func-
tionalities evolve continuously. In this work,
we introduce GuideWeb, a human-verified
benchmark for automatic in-app guide pro-
posal on real-world web Uls. GuideWeb for-
mulates the task as selecting guide target el-
ements grounded in the webpage and gener-
ating concise guide text aligned with user in-
tent. We make the target audience and guide-
worthiness criteria explicit, and construct anno-
tations through LLM-assisted candidate discov-
ery followed by human verification, including
deletion, rewriting, grounding correction, and
addition of missed targets. We also propose an
evaluation suite that jointly measures guide tar-
get selection, DOM grounding, and generated
intent/guide-text quality. Experiments show
that our proposed GuideWeb Agent achieves
30.79% F1 in guide target prediction, while
obtaining BLEU scores of 44.94 for intent gen-
eration and 21.34 for guide-text generation.
A blinded evaluation of 590 matched predic-
tions by three graduate-level annotators finds
a higher majority-useful rate for GuideWeb
Agent than for Claude-Sonnet-4.5 (68.45% vs.
47.92%), alongside higher semantic similarity
to references. These human judgments and se-
mantic metrics complement target matching,
while reliable guide proposal remains challeng-
ing on real-world web Uls.

1 Introduction

In recent years, rapid progress in large language
models (LLMs) (OpenAl, 2025; Anthropic, 2025;

User struggles to find the next

step on an unfamiliar webpage

With DAP

L
—@ - Click "Next Steps”
to proceed with your setup!

22,

User receives clear guidance

and knows where to click

Figure 1: Illustration of a digital adoption platform
(DAP) as an in-app overlay for unfamiliar web Uls. Top:
without guidance, the user cannot confidently identify
the correct guide target element to proceed. Bottom:
with a DAP overlay, the webpage is augmented with
contextual hints and step-by-step instructions, enabling
the user to complete the action efficiently.

Comanici et al., 2025) has accelerated research
on LLLM-based agents that plan and act to achieve
user goals (Huang et al., 2024). Among them, web
agents (Ning et al., 2025) have attracted growing
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Figure 2: Overview of GUIDEWEB. Given the main page of a real-world website, an LLM-based agent identifies
guide targets, namely interactive UI elements whose usage may benefit from guidance, and generates corresponding
guide text grounded in visible on-page content. The examples on the right illustrate both correct guides and typical
failure cases, where the agent produces low-utility guidance for elements that are already self-explanatory.

attention for automating website interactions and
completing complex tasks. However, while many
benchmarks focus on action-oriented web agents,
a widely deployed form of web assistance remains
underexplored: in-app guidance for helping users
understand and operate unfamiliar web interfaces,
as commonly provided by digital adoption plat-
forms (DAPSs).

DAPs are typically browser-based overlays that
augment web services with contextual hints and
step-by-step instructions. As illustrated in Figure 1,
users often struggle to identify the correct Ul ele-
ments on unfamiliar or complex webpages, espe-
cially in enterprise systems with dense functional-
ity and limited visual cues. This increases learning
cost, reduces usage efficiency, and raises customer
support burden. By annotating key workflows di-
rectly on webpages, DAPs help users locate and
understand essential operations more efficiently.

Despite their practical importance, existing DAP
solutions rely heavily on manual authoring. Human
experts must identify guide-worthy Ul elements
and write corresponding instructional text. This
process is costly and brittle because web layouts
and functionalities evolve continuously: layout
changes require re-locating guide targets, newly in-
troduced features require additional guide creation,
and outdated guides may mislead users. We there-

fore study automatic guide proposal as a human-in-
the-loop component of DAP maintenance, where
a model suggests candidate targets and draft guide
texts while human authors remain responsible for
final deployment. This setting is complementary to
source-level instrumentation: directly embedding
native guides can be robust when developers own
the application, whereas overlay-based proposals
are applicable to legacy, third-party, or frequently
changing web services where DAP authors may not
control the underlying code.

We address this gap by introducing GUIDEWEB,
a benchmark for automatic web guide proposal
grounded in real-world web Uls, as illustrated in
Figure 2. GUIDEWEB focuses on main pages of di-
verse websites and formulates guide generation as
a two-stage task: identifying which interactive UI
elements should be guided and generating concise
guide text aligned with user intent. This formu-
lation captures a central challenge of in-app guid-
ance: not all interactive elements require explana-
tion, and effective guides must be both selective
and informative. We define guide-worthy elements
as salient interactive controls that support common
user goals, are non-trivial for first-time users, or
reduce friction in important workflows.

In addition to the benchmark, we train a
lightweight GUIDEWEB AGENT tailored to this
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task. Our contributions are: (1) a task definition for
selective, element-grounded in-app guide proposal;
(2) a 996-page benchmark with explicit annota-
tion criteria and human verification; (3) an evalu-
ation suite for target selection, grounding, lexical
and semantic text quality, and human-rated useful-
ness; and (4) an efficient agent with a determin-
istic context-shortening mechanism. Experiments
show that the trained agent substantially outper-
forms strong general-purpose baselines, while also
revealing that reliable guide proposal remains far
from solved.

2 Related Work

Web Agents and Web Interaction Benchmarks.
Recent advances in large language models have
accelerated research on web agents that au-
tonomously operate websites to accomplish user
goals. Early benchmarks emphasize controlled
and templated environments, such as Liu et al.
(2018), which enables reproducible evaluation on
synthetic web interfaces. More recent benchmarks
improve realism and scale: Yao et al. (2022) intro-
duces shopping tasks grounded in structured prod-
uct pages, Deng et al. (2023) collects real-world
trajectories across diverse websites and user intents,
and Zhou et al. (2023) hosts interactive websites
requiring multi-step reasoning and form-based in-
teractions. Multimodal extensions such as Koh et al.
(2024) further incorporate visual perception to bet-
ter model real browsing behavior. These bench-
marks mainly study how agents perceive webpages
and execute actions to complete tasks. In contrast,
our work addresses a complementary problem: gen-
erating in-app guidance artifacts that help end users
understand how to operate unfamiliar web inter-
faces.

In-App Guidance and Ul-Level Assistance.
Beyond action execution, prior research in human-
computer interaction and intelligent assistance has
explored contextual guidance over existing inter-
faces. Systems such as Zhong et al. (2021) gen-
erate visual tutorials aligned with UI states, while
approaches like Li et al. (2017) infer task proce-
dures from user demonstrations and UI signals.
Other studies examine interactive walkthroughs,
tooltips, and overlay-based explanations for reduc-
ing the learning cost of complex software. How-
ever, these works typically focus on mobile appli-
cations, scripted tutorials, or automation by demon-
stration, rather than web-scale guide generation as

a benchmarked learning task. Existing web agent
benchmarks also do not evaluate whether an agent
can identify which UI elements require guidance
or generate useful element-grounded explanations.
GUIDEWESB fills this gap by introducing a real-
world web UI benchmark that decomposes auto-
matic guide generation into guide target identifica-
tion and guide text generation, with an evaluation
protocol for both stages.

3 GuideWeb: A Benchmark for
Automatic In-App Guide Generation on
Real-World Web Uls

We introduce GUIDEWEB, a benchmark designed
to study automatic in-app guide proposal on real-
world web user interfaces. GUIDEWEB focuses
on the main pages of diverse websites and aims to
evaluate whether an agent can identify interaction
points that require guidance and generate appropri-
ate guide text grounded in visible on-page content.
Unlike prior web agent benchmarks that emphasize
long-horizon task completion, GUIDEWEB targets
a complementary but practically important prob-
lem: assisting users in understanding and operating
unfamiliar web interfaces through lightweight, con-
textual guidance.

3.1 Task Definition and Output Schema

Target user and task scope. GUIDEWEB targets
first-time or novice users who understand the gen-
eral domain of a website but are unfamiliar with
the specific interface. The goal is not to annotate
every clickable object, but to propose a compact set
of useful guide overlays for salient interactive ele-
ments. We treat an element as guide-worthy when
it satisfies at least one of the following criteria: (i)
it supports a common user goal such as search, lo-
gin, signup, checkout, pricing, or support; (ii) its
function is important but not fully self-explanatory
from visible text, icon, layout, or surrounding con-
text; or (iii) it serves as an entry point to a workflow
where brief contextual guidance can reduce user
uncertainty. Purely decorative links, redundant nav-
igation items, and controls whose purpose is imme-
diately obvious are excluded. The same criteria are
used in the annotation prompt, the human verifica-
tion protocol, and baseline inference prompts; full
guidelines are summarized in Appendix E.

Input Representation. Given the main page of a
website, we represent the input as the raw HTML
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source
T e X, (D

from which we construct a DOM tree and extract a
set of interactive elements

E(x) ={e1,e2,...,en}. 2)

Each element e € £(x) is associated with observ-
able attributes

¢(e) = (tag(e), visible_text(e), xpath(e)).

3)
The released task is therefore DOM-grounded: sys-
tems must return concrete webpage elements rather
than only free-form page descriptions. During
dataset construction, however, human reviewers
inspect the browser-rendered page together with
the DOM index, so final labels are not accepted
from HTML-only LLM outputs without visual and
structural checking.

Output and Task. The goal is to generate a struc-
tured guide annotation

y=(g9,A), 4)

where g € {0, 1} indicates whether the page re-
quires any guidance, and A is a set of element-
grounded guide annotations.

Formally, a GUIDEWEB system is a mapping

[ X =A0,1} <Y, f(z)=(9,4). )

Stage 1: Guide Target Identification. Condi-
tioned on the page z and its interactive set £(x),
the model selects a subset of elements that require
guidance:

Et =5S(x) C E(x). (6)

Elements in £ are referred to as guide targets. If
the model predicts g = 0, we define £T = () and

A=0.

Stage 2: Element-Grounded Guide Generation.
For each guide target e € £, the model generates
a structured annotation

a(e) - (i(e>7 t(e)v 8(6)7 ¢(e>)7 (7

where i(e) is a natural-language intent, ¢(e) is
an action type (e.g., search, navigation, selection),
and s(e) is the guide text describing how to use the
element. The tuple explicitly carries ¢(e) so that
the annotation is grounded in the original page .

The final output set is
A={ale) |ec &t} (8)

This formulation jointly captures where guid-
ance is needed (target selection via S(z)) and what
guidance should be provided (element-conditioned
generation of a(e)), while grounding all outputs
in the input webpage through xpath and visible
content.

Output Schema. Each annotated webpage in
GUIDEWESB is stored in a structured JSON for-
mat. The schema consists of page-level fields and
a list of guide-level annotations, summarized in
Appendix Table 11. Each webpage is stored in a
dedicated subdirectory containing the raw HTML
file and a JSON annotation file. At the page level,
the JSON records whether the webpage requires
guidance and includes a coarse page category. At
the guide level, each annotation stores an intent, ac-
tion type, guide text, HTML tag, visible text when
available, and XPath. The grounding fields enable
downstream DAP systems to attach overlays to
concrete DOM nodes, including icon-only controls
whose function must be inferred from structure or
nearby context. The intent field makes explicit why
a guide is needed and what user goal it supports.

{

“intent”: “How do | log in to my account?”,

“action_type”: “login”,

“guide_text”: “Choose “Login” to go to the sign-in
page.”,

“tag”: “a”,

“visible_text”: “Login”,

“xpath”: “/{a[@href="https://app.benevity.com/
login']”
}

Figure 3: A single guide annotation in GUIDEWEB,
containing intent, action type, guide text, and DOM
grounding fields.

As illustrated in Figure 3, all of the above in-
formation is unified within a single JSON file, al-
lowing models to generate, store, and consume
annotations in a consistent and structured format.

3.2 Dataset Construction Pipeline

During dataset construction, we adopt a hybrid
strategy that uses LLMs only for candidate discov-
ery and humans to determine the final gold labels.
The overall pipeline is illustrated in Figure 4. This
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Figure 4: Overview of the GUIDEWEB construction pipeline with LLM-assisted annotation and human verification.

design scales annotation over many interactive ele-
ments while avoiding treating raw LLM outputs as
benchmark ground truth.

The websites in GUIDEWEB are sampled from
the Cisco Umbrella Popularity List,! which ranks
domains using aggregated passive DNS usage
across Umbrella’s global network. Unlike browser-
centric rankings such as Alexa, the Umbrella list
reflects Internet-wide activity across diverse pro-
tocols and applications, making it suitable for col-
lecting a broad set of real-world web services. We
begin with the Top 1M domains® and randomly
sample candidates. For each domain, we use an
automated browser to crawl and snapshot its main
landing page, retaining only pages with sufficient
interactive elements such as clickable controls, in-
put fields, and forms. After filtering, we obtain
1,000 real-world websites spanning e-commerce
platforms, enterprise systems, and general service
websites.

For each website, the main page serves as the
annotation target. We store the HTML snapshot,
render the page in a browser, and parse the DOM to
identify interactive elements. The crawler records
page complexity statistics such as links, buttons,
inputs, forms, scripts, and text length; pages that

"https://umbrella-static.s3-us-west-1.
amazonaws.com/index.html

2http://sB—us—west—1.amazonaws.com/
umbrella-static/top-1m.csv.zip

fail to load or expose too few meaningful controls
are excluded before annotation. Each retained el-
ement is indexed in a unified elements index,
which records its raw HTML tag (tag), visible
text (visible_text), and XPath (xpath) for local-
ization. Icon-only elements without visible text
are indexed using structural attributes and nearby
context. This index grounds all subsequent guide
annotations to concrete DOM nodes.

The processed page is then provided to an LLM
for candidate annotation. The LLM first pro-
poses whether the page contains interaction points
that may merit guidance and assigns a coarse-
grained category. It then proposes candidate guide
targets, intents, action types, and guide texts in
the predefined JSON schema. The prompt fol-
lows the same target-user assumption and inclu-
sion/exclusion criteria given to human reviewers:
prioritize high-utility workflow entry points and
avoid self-explanatory, decorative, or redundant
controls. A prompt template is provided in Ap-
pendix F.

The guide text serves as an answer-like explana-
tion, while the intent captures the implicit question
a user may have when interacting with the page. If
the model output does not conform to the required
format, an automatic regeneration and repair loop is
triggered until a valid structured output is obtained.

Human verification is then applied to the candi-
date JSON as the final annotation stage. Review-
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Statistic Value Statistic Value
Total crawled websites 1,000 Websites removed after verification 4
Valid annotated websites 996 Websites requiring guides (needs_guides=true) 980
Websites without guides 16  Ratio requiring guides 98.4%

Average guides per page  3.09

Pages reaching guide cap (5 guides)

546 (54.8%)

Table 1: Overall statistics of the GUIDEWEB benchmark (guide-level annotations only).

ers inspect the browser-rendered webpage, indexed
DOM fields, and candidate annotations under the
same operational criteria. They perform four op-
erations: (1) validate correct guide targets and
texts, (2) delete candidates attached to decorative,
redundant, or self-explanatory elements, (3) revise
intents, action types, guide texts, and grounding
fields when the target is useful but the wording or
XPath is inaccurate, and (4) add missing guide-
worthy elements not proposed by the LLM. This
add operation explicitly checks for LLM omissions
rather than assuming the candidate pool is com-
plete. The five-guide cap should therefore be in-
terpreted as a top-k authoring budget for the most
useful guides, not as a claim that no additional use-
ful guides could exist. Pages with severe structural
errors, degenerate element indices, or unresolved
ambiguity are removed. Through verification, we
remove four pages and obtain 996 valid annotated
webpages, which are split into training and test sets
with a 7.5:2.5 ratio used across all experiments.

3.3 Dataset Statistics

Table 1 reports high-level benchmark statistics.
Starting from 1,000 crawled domains, we ob-
tain 996 validated main-page snapshots after hu-
man verification. Most pages are guide-worthy
(needs_guides=true), reflecting that real-world
homepages typically expose multiple interactive
entry points that benefit from lightweight guid-
ance. Each page contains 3.09 guide annotations
on average, and over half reach the five-guide bud-
get. We introduce this cap to approximate prac-
tical DAP design, where excessive overlays can
harm usability and visual clarity; annotators there-
fore prioritize valuable, frequent, and user-critical
interactions. The cap also makes GUIDEWEB a
top-k guide-authoring benchmark: predictions out-
side the capped gold set may still be useful but are
counted as false positives, a limitation discussed
in Section 8. Appendix C reports page-category
statistics, showing variation in guide density and
necessity across categories.

Table 2 summarizes the distribution of guide

Action type # Guides
search 728
navigate 520
login 412
contact_support 307
other (incl. <50 types) 296
signup 199
subscribe_newsletter 112
start_trial 107
checkout 93
pricing 86
filter_sort 79
download_install 75
settings_profile 64

Table 2: Distribution of guide annotations by action
type (guide-level counts). Rare types with fewer than
50 guides are merged into other.

annotations by action type. The benchmark is dom-
inated by information-seeking and navigation be-
haviors such as search and navigate, followed
by account and support workflows such as login,
signup, and contact_support. Long-tail cate-
gories are aggregated into other to stabilize anal-
ysis and avoid over-interpreting sparse types. A
detailed breakdown of page categories and guide
necessity is provided in Appendix C.

4 GuideWeb Agent

In addition to the benchmark, we train a lightweight
GUIDEWEB AGENT on the training set for au-
tomatic in-app guide proposal. The agent uses
Qwen3-8B as the backbone and is supervised to
generate the same structured JSON schema as
the benchmark annotations. Unlike a browser-
operating web agent, it does not click, browse,
call tools, or access external webpages at infer-
ence time; it receives a fixed preprocessed page
representation and emits JSON guide proposals.
To handle long and noisy webpages, we apply
a deterministic Shorter mechanism before infer-
ence. Shorter removes scripts, styles, boilerplate,
and long non-interactive regions; normalizes visi-
ble text; keeps page-level excerpts and headings;
extracts candidate interactive elements from na-
tive controls, links, forms, ARIA roles, and click
handlers; and preserves visible text plus XPath-
based grounding cues for each candidate. Detailed
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Figure 5: Overview of the GUIDEWEB AGENT with
the Shorter mechanism. The agent is trained on the
GUIDEWEB benchmark to perform automatic in-app
guide proposal. During inference, the Shorter module
reduces input length by removing irrelevant content,
truncating long text, and compressing headers, enabling
faster inference and reduced computational cost while
preserving guide-relevant information.

budgets and truncation rules are provided in Ap-
pendix H. This reduces input length and compu-
tational cost while preserving information needed
for guide target identification and guide text gener-
ation.

Empirical results in Section 6 show that Shorter
does not degrade performance and can improve
it. These findings suggest that guide-relevant in-
formation is concentrated in interactive elements,
visible texts, and nearby contextual descriptions,
while much raw webpage text and auxiliary HTML
structure contributes little. This supports compact,
interaction-focused representations for efficient in-
app guide generation.

5 Experiments

5.1 Evaluation Metrics

We evaluate GUIDEWEB from four complemen-
tary aspects: (1) guide target selection, i.e., which
UI elements should be annotated; (2) text gen-
eration quality, covering intent and guide text;
(3) structured grounding accuracy, measured by
field-level exact matches; and (4) human-rated
usefulness on reference-matched predictions. Al-
though the underlying measures are standard, we
tailor their targets to the GUIDEWEB setting.

Guide target selection (P/R/F1). For each page,
let G be the set of gold guide targets and G the
predicted set, where each target corresponds to a
unique DOM element. We report precision, re-
call, and F1 over set overlap (definitions in Ap-

pendix G). Precision measures the fraction of pre-
dictions matching the capped reference targets, re-
call measures how many gold targets are recov-
ered, and F1 summarizes the trade-off. This metric
evaluates selective guide authoring relative to the
reference budget; unmatched predictions are not
necessarily useless.

Intent and guide-text generation (BLEU,
ROUGE-L). For matched guide targets, we com-
pare generated intents and guide texts against refer-
ences using BLEU and ROUGE-L. These metrics
quantify lexical overlap and sequence-level similar-
ity, reflecting whether the agent produces concise,
faithful descriptions aligned with the intended in-
teraction. Since multiple semantically valid guide
texts may exist for the same element, we treat text-
overlap metrics as diagnostic rather than complete
measures of user-perceived guide quality.

Semantic text quality. For the matched predic-
tions of Claude-Sonnet-4.5 and GuideWeb Agent,
we additionally compute BERTScore-F1 (Zhang
et al., 2020) using RoBERTa-large (English, with
rescale_with_baseline) and cosine similarity
between text-embedding-3-large embeddings.
Both metrics compare generated guide text and in-
tent with the corresponding reference. We report
item-level means and standard deviations, rather
than scores across repeated model runs.

Structured field correctness (Exact-match F1).
We further evaluate grounding by computing exact-
match F1 for key fields: action_type, tag,
visible_text, and xpath. A field value is correct
only if it exactly matches the reference. This pro-
vides fine-grained diagnostics: xpath tests precise
localization, while tag and visible_text reflect
structural and surface alignment.

5.2 Baselines

We evaluate GUIDEWEB with representative large
language models covering both proprietary and
open-source systems. We include GPT-5 (OpenAl,
2025), Claude Sonnet 4.5 (Anthropic, 2025), and
Gemini 2.5 Pro (Comanici et al., 2025) as strong
closed-source baselines, and Qwen3-8B (Yang
et al., 2025) and LLaMA 3.1-8B (Grattafiori et al.,
2024) as open-source counterparts.

All baselines are prompted to perform guide tar-
get identification and guide text generation directly
from webpage content using a unified prompt tem-
plate, without task-specific fine-tuning. This re-
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Table 3: Main results on GuideWeb. Left: guide target element selection. Right: intent and guide-text generation

quality.
(a) Guide target element selection (b) Text generation quality
Model | R F1 Match/Pred. Intent BLEU Intent ROUGE-L Guide BLEU Guide ROUGE-L
GPT-5 1529 54.69 23.90 356/2328 13.84 24.99 4.30 11.69
Claude-Sonnet-4.5 15.99 5899 25.16 384/2402 15.88 25.99 1.48 8.98
Gemini-2.5-Pro 1443 54.84 22.85 357/2474 16.53 30.54 2.53 13.43
Qwen3-8B 9.11 1233 1048 72/790 3.69 11.54 1.93 11.47
LLaMA3.1-8B 1098 277 442 18/164 4.13 13.57 2.05 11.45
GuideWeb Agent 29.99 31.64 30.79 206/687 44.94 52.89 21.34 28.44

flects a realistic zero-shot or instruction-following
deployment setting and isolates the inherent ca-
pability of general-purpose LLMs on GUIDEWEB.
Since no prior benchmark defines the same element-
grounded guide proposal task, these baselines are
not exhaustive future modeling choices; rather, they
establish how strong generalist systems perform be-
fore task-specific supervision. We view retrieval
baselines, accessibility-tree variants, and super-
vised element-selection-only models as important
future comparisons once the task is adopted more
broadly.

6 Results

As shown in Table 3, we evaluate all baseline
models and the proposed GuideWeb Agent using
the metric suite introduced in Section 5.1. We
first focus on guide target element selection. The
GuideWeb Agent achieves the highest F1 score
among all models, indicating a substantially better
balance between precision and recall. We intention-
ally report precision/recall/F1 rather than a single
“accuracy” number because the task is a capped
top-k selection problem: useful guide candidates
can exist outside the reference set, but deployed
DAP overlays must remain selective. Although
several baseline models exhibit much higher recall
than the trained GuideWeb Agent, this does not
imply superior performance. Instead, these mod-
els achieve high recall by producing a significantly
larger number of predictions, effectively relying on
over-generation to increase the chance of matching
gold guide targets.

The Match/Predicted statistics make this trade-
off explicit. =~ The proprietary baselines pro-
duce 2,328-2,474 targets, compared with 687 for
GuideWeb Agent, obtaining 356-384 matches com-
pared with 206. Thus, they recover more reference
targets but yield a lower proportion of matches. Be-
cause the references are capped at five guides per

page, this difference does not establish that every
unmatched proposal is unhelpful.

GuideWeb Agent also obtains higher BLEU and
ROUGE-L scores for intent and guide text, indi-
cating closer reference wording under task-specific
training. Sections 6.1 and 6.2 supplement these
lexical diagnostics with usefulness judgments and
semantic similarity.

Error patterns. Manual inspection of predic-
tions reveals four common failure modes. First,
models often over-annotate self-explanatory con-
trols such as ordinary menu links. Second,
they sometimes generate semantically plausible
guides for elements outside the capped reference
set, which are penalized by exact target match-
ing. Third, text generation may be useful but
lexically different from the reference, lowering
BLEU/ROUGE. Finally, grounding errors occur
when the generated explanation matches the in-
tended function but the XPath points to a nearby
parent, icon, or container rather than the precise in-
teractive node. These patterns motivate evaluating
both selection and grounding rather than treating
the task as ordinary UI captioning.

Shorter ablation. Appendix B reports an abla-
tion of the Shorter mechanism. It improves Qwen3-
8B guide-target F1 from 10.48 to 14.42 without
changing model capacity or training objectives,
supporting interaction-focused context reduction
for this task.

6.1 Human Evaluation of Guide Usefulness

We evaluate all 590 matched predictions from
Claude-Sonnet-4.5 (384 items), the strongest
proprietary baseline by target-selection F1, and
GuideWeb Agent (206 items). Three graduate-level
annotators independently rate every item under a
fixed, blinded protocol. Predictions are pooled and
presented in the same seed-controlled random or-
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Metric Claude GuideWeb
Matched predictions 384 206
Majority useful 47.92% 68.45%
Majority uncertain / tie  25.26% 23.30%
Majority not useful 26.82% 8.25%
Mean usefulness 0.5955 0.7783
Complete agreement 44.53% 60.68%
Fleiss’ & 0.3589 0.4116
Useful true positives 184 141
Useful precision (%) 7.66 20.52
Useful recall (%) 28.26 21.66
Useful F1 (%) 12.05 21.08

Table 4: Three-annotator human evaluation of all
matched predictions from Claude-Sonnet-4.5 and
GuideWeb Agent. Each of three graduate-level annota-
tors independently rates every item with system identity
hidden. Useful P/R/F1 additionally require a majority-
useful rating for a matched prediction.

der, with the producing system’s identity hidden.
A local annotation interface displays the generated
annotation, target metadata, archived webpage con-
text, and the highlighted target when available. Use-
ful, Uncertain, and Not useful map to 1, 0.5, and
0. Majority voting determines the label, assigning
three-way ties to Uncertain; mean usefulness aver-
ages all ratings. Appendix A details the protocol
and per-annotator results.

As shown in Table 4, GuideWeb Agent has a
20.53 percentage-point higher majority-useful rate
and an 18.57 point lower majority-not-useful rate.
Every annotator assigns GuideWeb Agent a higher
mean score. Complete agreement and Fleiss’ « are
also higher for GuideWeb Agent, indicating more
consistent judgments across the three annotators.

To connect these ratings with target selection,
we count only majority-useful matched predictions
as useful true positives U, retaining the original
prediction and gold-target denominators. Useful
precision, recall, and F1 are U/Npred, U/Ngold,
and 2U/(Npred + Ngold), respectively. With
Ngola = 651, GuideWeb Agent achieves useful
F1 of 21.08%, compared with 12.05% for Claude-
Sonnet-4.5. Claude still recovers more useful
matches in absolute terms (184 vs. 141), whereas
GuideWeb Agent yields a higher proportion among
its 687 predictions (vs. 2,402 for Claude).

On a 100-site test subset, the same three anno-
tators yields majority-useful rates of 68.37% for
GuideWeb Agent and 45.95% for Claude-Sonnet-
4.5, with mean scores of 0.7891 and 0.5649. This
subset analysis is consistent with the full-set trend,
but is not an independent replication. All useful-

Metric Claude GuideWeb
Guide-text BERTScore-F1 0.2477 0.5009
Intent BERTScore-F1 0.4749 0.7666
Guide-text embedding cosine  0.6159 0.7342
Intent embedding cosine 0.6767 0.7880

Table 5: Mean semantic similarity on each system’s
matched predictions: Claude-Sonnet-4.5 (n = 384)
and GuideWeb Agent (n = 206). BERTScore uses
RoBERTa-large with baseline rescaling; embedding co-
sine uses text-embedding-3-large.

ness results concern reference-matched predictions;
unmatched proposals may still be useful under the
five-guide cap and were not rated. These human
judgments complement target matching and text
similarity, but do not replace a deployment-scale
user study.

6.2 Semantic Text Quality

Table 5 complements lexical-overlap evaluation
with semantic similarity. GuideWeb Agent ob-
tains higher scores for both guide text and intent:
guide-text BERTScore-F1 increases from 0.2477
to 0.5009, and embedding cosine increases from
0.6159 to 0.7342. These results indicate closer se-
mantic alignment with the references on matched
targets. Because each system selects its own tar-
gets, this comparison is conditional on different
matched-item sets, rather than a paired comparison
of wording on identical targets. Semantic similarity
remains a diagnostic and does not establish user
benefit by itself. Appendix A provides score disper-
sion and the association with usefulness ratings.

7 Conclusion and Future Work

We introduce GUIDEWEB, a human-verified bench-
mark for selecting guide-worthy interactive ele-
ments and generating concise, element-grounded
guide text on real-world web Uls. General-purpose
LLMs tend to over-generate targets, while task-
specific training enables more selective and infor-
mative proposals. Additional semantic metrics
and a three-annotator human evaluation support
higher quality on matched predictions: GuideWeb
Agent achieves useful F1 of 21.08%, versus 12.05%
for Claude-Sonnet-4.5. Future work includes
deployment-scale user studies, multi-step work-
flows, user feedback, and integration with human-
in-the-loop DAP authoring systems.
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8 Limitations

GuideWeb focuses on DOM-grounded guide pro-
posal for individual main pages; it does not cover
multi-step or stateful workflows. Human verifi-
cation reduces bias from LL.M-assisted candidate
discovery, but guide-worthiness remains dependent
on the target-user assumption and annotation bud-
get. In particular, the five-guide cap makes the
reference set non-exhaustive, so useful proposals
outside it can be counted as false positives.

The human usefulness evaluation involves three
graduate-level annotators and only reference-
matched predictions from two systems. Although
the protocol is blinded and all annotators indepen-
dently rate every item, the findings may not gener-
alize to broader user populations or unmatched pro-
posals. The systems also have different matched-
item sets, and the 100-site analysis reuses full-
set ratings. Deployment studies measuring down-
stream task completion are needed to establish user
benefit in practice.
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A Additional Evaluation Details

Participants and blinded protocol. We re-
cruited three graduate-level annotators to evalu-
ate all 590 matched predictions independently. A
lightweight local web interface, implemented using
the Python standard library, pools predictions from
both systems and presents them in a fixed, seed-
controlled random order. All annotators see the
same item order. The producing system is hidden
in the interface and recorded only for subsequent
aggregation.

Annotation interface and rubric. For each item,
the interface shows the generated intent, action
type, and guide text, together with target-element
metadata including visible text, tag, aria-label, and
XPath. It provides webpage context and renders

the locally archived webpage snapshot in an em-
bedded frame. When possible, the interface locates
the target by XPath, scrolls it into view, and high-
lights it, allowing annotators to judge the guide
against the rendered Ul context. Annotators select
Useful, Uncertain, or Not useful. Useful means
correct, action-oriented, grounded guidance that
helps a first-time visitor understand a function or
reduce workflow uncertainty. Not useful covers
misleading, vague, promotional, unsupported, or
merely repetitive text. Uncertain covers borderline
cases or insufficient context. The interface supports
keyboard shortcuts and auto-advance, and records
judgments with timestamps in a separate JSONL
file for each annotator.

Aggregation and agreement. There are three
valid ratings for each of the 590 items, totaling
1,770 judgments. A strict majority determines the
item label; a three-way tie is assigned to Uncertain.
The mean score first averages the three numeri-
cal ratings per item and then averages over items.
Complete agreement requires all three ratings to
be identical. Pairwise agreement is the proportion
of identical labels for an annotator pair. Fleiss’
uses three annotators and three categories. These
statistics measure agreement on the usefulness of
generated guides. They are distinct from agreement
on the original benchmark target annotations.

100-site subset. The subset uses the same three
annotators’ ratings on 283 matched predictions
from 100 test sites: 185 Claude-Sonnet-4.5 pre-
dictions and 98 GuideWeb Agent predictions. Of
these, 85 and 67, respectively, are majority-useful,
yielding 45.95% and 68.37%. Mean usefulness is
0.5649 and 0.7891. The subset reuses ratings from
the full evaluation and is a descriptive robustness
check; it does not measure performance on newly
collected websites or constitute an additional inde-
pendent experiment.

Semantic metrics and usefulness. BERTScore-
F1 uses English RoBERTa-large with baseline
rescaling. Embedding similarity is cosine simi-
larity using text-embedding-3-large. Across
all 590 matched items, guide-text BERTScore-F1
has a positive but modest Spearman association
with the mean human usefulness score (p = 0.214,
p = 1.6 x 10~7); embedding cosine has p = 0.161
(p = 8.5 x 107°). Guide-text BERTScore-F1 rises
from 0.2421 for majority-Not-useful items (n =
120), to 0.3076 for Uncertain/tied items (n = 145),
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System Annotator  Useful Uncertain Not useful Mean score
Claude-Sonnet-4.5  Annotator 1 171 56 157 0.5182
(n = 384) Annotator 2 219 56 109 0.6432

Annotator 3 173 134 77 0.6250
GuideWeb Agent Annotator 1 148 28 30 0.7864
(n = 206) Annotator 2 139 33 34 0.7549

Annotator 3 137 53 16 0.7937

Table 6: Per-annotator human usefulness ratings. All three graduate-level annotators independently rate every item;
each assigns GuideWeb Agent a higher mean usefulness score.

Statistic Claude GuideWeb
Majority useful 184 141
Majority uncertain / tie 97 48
Majority not useful 103 17
Unanimously useful 113 111
Unanimously uncertain 8 6
Unanimously not useful 50 8
Annotator 1 vs. Annotator 2 61.72% 69.42%
Annotator 1 vs. Annotator 3  56.25% 72.82%
Annotator 2 vs. Annotator 3 61.46% 73.30%

Table 7: Aggregate counts and pairwise agreement for
Claude-Sonnet-4.5 and GuideWeb Agent. Annotator
order follows Table 6.

to 0.3836 for Useful items (n = 325). The cor-
responding cosine means are 0.6257, 0.6374, and
0.6777. These associations indicate alignment with
human judgments, but do not establish causation.

The pooled correlation also combines systems
with different matched sets and score distributions.
Within Claude-Sonnet-4.5, the BERTScore associa-
tion is weaker (p = 0.081, p = 0.11), while within
GuideWeb Agent it is p = 0.207 (p = 0.0028).
Thus, the pooled association should not be inter-
preted as a strong or universal proxy for usefulness.
Broader human evaluation and deployment-scale
user studies remain necessary.

B Ablation of the Shorter Mechanism

Table 9 reports an ablation study on the pro-
posed Shorter mechanism using Qwen3-8B as
the backbone model. Without Shorter, the model
processes raw webpage inputs with substantially
longer HTML context, resulting in limited recall
and F1. After enabling Shorter, which preserves
interactive elements and nearby informative text,
recall improves from 12.33 to 29.67 and F1 im-
proves from 10.48 to 14.42. This gain is achieved
without increasing model capacity or modifying
training objectives, indicating that long-form raw
HTML can hinder accurate guide prediction when

much of the task-relevant signal is concentrated
around interactive elements.

C Page Category Analysis

This appendix provides additional quantitative anal-
yses of page categories in the GUIDEWEB bench-
mark. Table 10 and Figure 6 present the distribution
of page categories, highlighting the dominance of
landing pages alongside a diverse set of real-world
entry points. Figure 7 further breaks down each
category by whether pages require in-app guides,
showing that only a small fraction of pages are la-
beled as not guide-worthy, and that such cases are
concentrated in a few content-oriented categories.
These statistics suggest that page categories differ
in guide density, but the present work uses a single
shared model rather than category-specific agents.

D Output Schema

Table 11 lists the page-level metadata and element-
grounded guide fields in the structured JSON out-
put.

E Annotation Guidelines and Human
Verification

Table 12 summarizes the operational criteria used
to decide whether an element should receive a
guide. Human reviewers were instructed to treat
LLM outputs as candidates rather than gold la-
bels. They checked the rendered page, the visi-
ble text, and the XPath grounding, and then val-
idated, deleted, revised, or added annotations ac-
cording to these criteria. For each page, reviewers
followed the same target-user assumption as the
model prompt: a first-time user who understands
the website domain but not the local interface. Ver-
ification proceeded in three passes: first removing
candidates that were decorative, duplicated, or un-
supported; then correcting useful candidates whose
intent, guide text, action type, or XPath was wrong;
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BERTScore-F1 Embedding cosine

System Guide text Intent Guide text Intent

Claude-Sonnet-4.5  0.2477 £0.2324  0.4749£0.3260 0.6159 +£0.1294 0.6767 £ 0.1889
GuideWeb Agent 0.5009 +£0.3024 0.7666 £ 0.1919 0.7342+0.1716  0.7880 £ 0.1813

Table 8: Semantic similarity, reported as mean 4 population standard deviation across matched items (384 for
Claude-Sonnet-4.5; 206 for GuideWeb Agent), not uncertainty across repeated runs.

Page Category Distribution

»
5

Page category
landing (580, 58.2%)
product (115, 11.5%)
content (90, 9.0%)
search_results (59, 5.9%)
support (54, 5.4%)
auth (31, 3.1%)
adult (21, 2.1%)
pricing (21, 2.1%)
dashboard (12, 1.2%)
docs (5, 0.5%)
other (8, 0.8%)

Figure 6: Page category distribution in GUIDEWEB.
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Figure 7: Page category by whether in-app guides are needed in GUIDEWEB.

and finally scanning the rendered page and element  retained the five highest-priority workflow entry
index for missing high-utility targets. The final  points, following the practical overlay budget used
pass is used to reduce LLM-candidate bias. When  in DAP authoring. We do not claim this protocol
more than five elements were useful, reviewers  provides blind inter-annotator agreement; instead,
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Table 9: Ablation of the Shorter mechanism.

Qwen3-8B
Setting P R F1 Match/Pred.
w/o Shorter 9.11 12.33 10.48 72/790
Shorter 9.52 29.67 14.42 181/1901

it produces a human-verified top-k benchmark, and
larger independent annotation studies are left for
future versions.

F Prompt Templates

For reproducibility, all LLM-based annotation and
baseline inference use a structured prompt with the
same output schema. Below we show its essential
instruction template.

You are given a webpage represented by indexed
interactive elements, visible text, headings, and
DOM grounding fields. The target user is a
first-time visitor who understands the website do-
main but is unfamiliar with this interface. Decide
whether the page needs in-app guides. Select at
most five high-utility guide targets. Prefer ele-
ments that support common user goals or impor-
tant workflows, especially when the function is
not obvious from visible text, icon, layout, or
surrounding context. Avoid self-explanatory, dec-
orative, legal/footer, social-media, duplicated, or
unsupported elements. For each selected target,
output a JSON object with intent, action_type,
guide_text, tag, visible_text, and xpath.
Use only elements present in the input; do not
invent new Ul elements. The output must be valid
JSON and end with </JSON>.

G Metric Definitions

Guide target selection. For a given webpage,
let G be the set of gold guide targets and G the
predicted targets, where each target corresponds
to a unique DOM element. We define precision,
recall, and F1 as follows:

Precision = M )]
G|
IGNG|
Recall = ——— (10)
G|
Fl — 2 Precision Recall (11

Precision 4+ Recall’

Field-level exact-match F1. For each structured
field (e.g., action_type, tag, visible_text,
xpath), we compute exact-match precision, recall,
and F1 over field values aggregated across anno-
tations. Let S denote the (multi)set of gold field

values and S the (multi)set of predicted values.?
We define:

Precision = w (12)
5|
1SN S|
Recall = ——— (13)
S|
2 Precisi 11
Pl — recision Reca (14)

Precision + Recall”
H Implementation Details

Baseline Inference Settings. All baseline mod-
els are evaluated in an inference-only setting with-
out any task-specific fine-tuning. We use the origi-
nal model parameters and default decoding config-
urations provided by each model implementation.
To ensure fair comparison across models and to
cover the majority of real-world webpages, we set
the maximum input length to 130K tokens for all
baselines. This context window is sufficient to ac-
commodate full HTML source code for most main
pages in the GUIDEWEB benchmark after prepro-
cessing, avoiding aggressive truncation that may
remove critical interactive elements. All baselines
are prompted using a unified instruction template
and generate guide target predictions and guide text
in a single forward pass.

GuideWeb Agent Training. The GUIDEWEB
AGENT is trained using the GUIDEWEB train-
ing split with full-parameter fine-tuning. Train-
ing is conducted on an NVIDIA GB10 GPU with
120 GB of memory, which allows stable optimiza-
tion with long-context inputs and structured out-
put constraints. We adopt a supervised fine-tuning
(SFT) paradigm, where the model is trained to
jointly predict guide targets and corresponding
guide text conditioned on preprocessed webpage
representations.

To reduce unnecessary computation caused by
redundant or non-informative HTML content, we
employ a Shorter mechanism that deterministically
constructs the model input. Shorter first removes
scripts, styles, comments, tracking code, hidden
nodes, and long repeated boilerplate. It then keeps
a compact global page excerpt, title/headings, and
indexed interactive candidates from links, buttons,
inputs, selects, textareas, forms, ARIA button-like
roles, and click handlers. For each candidate, it

30ur implementation handles duplicates consistently be-
tween S and S.
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Page category # Pages # Needs guides Needs ratio Avg. guides
landing 580 579 99.8% 3.20
product 115 115 100.0% 3.15
content 90 78 86.7% 2.64
search_results 59 59 100.0% 3.12
support 54 54 100.0% 2.93
auth 31 30 96.8% 2.52
adult 21 21 100.0% 3.10
pricing 21 21 100.0% 3.10
dashboard 12 12 100.0% 3.25
docs 5 4 80.0% 2.60
blocked 3 2 66.7% 1.67
other 3 3 100.0% 3.00
checkout 2 2 100.0% 3.00

Table 10: Page-category statistics in GUIDEWEB. Average guides are computed over task-level guide annotations

per page.
Field Description
site Unique identifier of the website.
html_file Raw HTML of the main page (page.html).
needs_guides Boolean indicating whether the page requires guidance.
page_category Coarse category of the webpage (e.g., landing, listing).
annotations List of guide annotations for selected guide targets.
intent Natural language description of user intent.
action_type High-level action type (e.g., search, navigation).
guide_text Generated textual guidance for the target element.
tag HTML tag of the target element.
visible_text Visible text associated with the element (if any).
xpath XPath locating the target element in the DOM.
Table 11: Simplified output schema of GUIDEWEB annotations.

Decision Include as guide target Exclude from guide target

User utility Supports common goals such as search, Decorative, legal, social-media, footer, or
signup, login, pricing, checkout, support, duplicated navigation links with little op-
download, filtering, or configuration. erational value.

Clarity Important function is not obvious from Purpose is immediately self-explanatory
visible text, icon, layout, or surrounding and adding a guide would repeat the label.
context.

Workflow role Acts as an entry point to a meaningful Element only triggers trivial page move-
workflow or reduces uncertainty for first- ment or duplicates another selected guide
time users. target.

Grounding XPath points to the concrete interactive XPath refers to an overly broad sec-
node or the smallest stable clickable con- tion, unrelated parent container, or non-
tainer. interactive text node.

Guide text Concise, action-oriented, and grounded in  Vague, promotional, hallucinated, or un-

visible page content.

supported by the page.

Table 12: Operational annotation guidelines for selecting guide-worthy elements and validating guide annotations.

preserves the tag, visible text, selected attributes,
nearby text context, and a stable XPath when avail-
able. This mechanism shortens the effective input
length while preserving task-relevant information,
resulting in faster training and inference without
degrading accuracy, as confirmed by our experi-
mental results.

Training Hyperparameters. We fine-tune the
GUIDEWEB AGENT with full-parameter super-

vised learning using AdamW. We train for 3 epochs
with a learning rate of 1 x 10~°, warmup ratio 0.03,
and weight decay 0.0. The per-device batch size is
1 with gradient accumulation of 4 (effective batch
size 4). We log every 10 steps and save checkpoints
every 2000 steps. For numerical stability and mem-
ory efficiency, we load the base model in FP16 and
train with BF16 mixed precision, enabling gradi-
ent checkpointing. We set the maximum prompt
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length to 3950 tokens and the maximum genera-
tion length to 2000 tokens, resulting in a maximum
sequence length of 6014 tokens (including a small
buffer). All runs use a fixed random seed (13).

Input Construction and Shorter Configuration.
We render each webpage using a fixed viewport of
1280 720. For visible text, we keep up to 800 text
blocks, truncating each block to at most 400 charac-
ters. We additionally include a short global excerpt
of the full-page text using an excerpt ratio of 0.02,
bounded to [100, 200] characters. For structural
cues, we keep headings (enabled) with at most 20
headings and at most 40 characters per heading.
For interactive candidates, we extract up to 2000
interactive elements, truncate each element’s visi-
ble text to 120 characters, and enforce an overall
interactive-text budget of 6500 characters. To rep-
resent targets robustly, we provide XPaths using
the stable_then_abs mode, limiting XPath tex-
tual fields to 80 characters and attribute fields to
200 characters. Model outputs are required to end
with a fixed end marker (</JSON>).

Filtering Long Samples. To avoid near-limit
truncation and unstable supervision, we filter overly
long samples during training. Specifically, we
drop samples whose estimated total tokens exceed
5200, or whose prompt/output lengths are within
98% of the configured maximums. Dropped in-
stances are recorded in dropped_samples. jsonl
for traceability.
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