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Figure 1: Conceptual overview of the ReLay probe system. ReLay operationalizes three adaptation dimensions: information
hierarchy (reordering detail-page sections such as reviews and images), information granularity (adjusting the amount of
visible detail within catalog cards), and session-based ordering (repositioning or marking previously viewed or clicked items).

Abstract
Online browsing often requires balancing open-ended exploration

with focused comparison, yet most interfaces remain static regard-

less of user focus. Adaptive interfaces offer a way to better align

interface presentation with browsing needs, but how such adap-

tations should be triggered, designed, and controlled in practice

remains unclear. We investigate adaptive browsing interfaces that
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modify information hierarchy, information granularity, and session-

based ordering in response to inferred browsing intent. Drawing

from a conceptual framework of five adaptation dimensions, we

implement ReLay, a browser-based probe that applies lightweight,

in-situ adaptations automatically while allowing user overrides. In

a two-phase study (n = 10), participants welcomed adaptive changes

when they were transparent, consistent, and easily reversible. Users

approached control as calibration rather than error correction, veri-

fying system behavior before relying on it. These findings illustrate

how intent-responsive, controllable adaptation can support brows-

ing without diminishing user agency. Our work contributes (1) a

conceptual framework for adaptive interface behaviors in online

browsing, (2) an instantiation of the framework through three se-

lected dimensions, and (3) empirical insights into user acceptance,

control, and design implications for adaptive browsing systems.
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1 Introduction
Online browsing is both ubiquitous and cognitively demanding [74].

From shopping for clothes on e-commerce platforms to booking

hotels on travel sites, people are constantly facedwith large volumes

of information spread across browsing interfaces. Unlike narrow

information retrieval tasks, browsing is not merely about retrieving

a correct answer, but about the process by which users form and

refine preferences. A shopper may start broadly (“What styles are
trending this season?”) and gradually narrow down to specifics (“a
black jacket under $150, in my size”). Supporting these workflows
is difficult because browsing combines subjective sensemaking,

open-ended exploration, and goal-driven filtering [31, 79].

Prior approaches address parts of this challenge but leave key

aspects of browsing workflows underexplored. Recommender sys-

tems [67, 131] often streamline the browsing process by predict-

ing a small set of items to show. While useful for personalization,

this ignores the iterative and reflective nature of browsing, where

users actively explore and learn what they want. Comparison and

choice-support tools [63, 70] provide specialized views—such as

side-by-side comparisons or attribute-driven rankings—that help

with specific decision steps. However, these tools do not cover

the full browsing journey and often require users to leave or re-

place their everyday workflows. Recent work on malleable and

customizable interfaces [26, 78] allows users to reconfigure layouts

or filters directly through prompts or modular components, en-

abling user-driven redesign. Yet such customization often relies on

users having a clear sense of what to change, a condition that may

not hold during open-ended browsing, when goals are evolving.

In these moments, adaptive systems offer an opportunity to proac-

tively adjust visual emphasis, hierarchy, or information density to

better align with users’ evolving browsing focus.

Browsing often alternates between diversive and specificmodes [101],

which differ in the level of information detail, structure, and compar-

ison involved. For example, in a fashion catalog, diversive browsing

might benefit from large images with minimal text, broad category

filters, and suppression of already-seen items to encourage novelty.

In contrast, specific browsing might highlight textual cues such

as price, brand, and review count, surface fine-grained filters, and

re-emphasize previously viewed items for comparison. These dif-

ferences motivate adaptive interface behaviors—such as changes

in emphasis, hierarchy, density, navigation, and interaction-based

organizing.

However, fundamental questions remain about the desirability

and effectiveness of automatic adaptations in practice. Do users

accept interfaces that change automatically, or do such transforma-

tions feel intrusive or disorienting? Which types of adaptations can

help reduce cognitive effort? What balance of automation and con-

trol do users expect when interfaces adapt dynamically? Where do

users draw the boundary between helpful automatic restructuring

and personal control? Without understanding these experiential

and perceptual dimensions first, adaptive systems risk solving prob-

lems users do not recognize—or introducing unwanted complexity

into familiar workflows. In this work, we focus on three factors that

shape these experiences: inferred browsing intent as a trigger for

adaptation, the design dimensions through which interfaces adapt,

and the degree of user control over automated changes.

To investigate these questions, we propose a conceptual frame-

work of five UI adaptation dimensions applicable to common brows-

ing interfaces: representation emphasis, information hierarchy, ex-

ploration scope, information granularity, and session-based order-

ing. We develop ReLay as a technology probe that implements

three of these dimensions, where an LLM-based pipeline applies

these adaptations in response to inferred browsing intent, while a

lightweight control panel allows users to override decisions and

save preferences.

We deployed the probe in a studywith 10 participants completing

everyday browsing tasks across three domains. Our investigation

centered on three research questions:

• RQ1 (User Experience and Acceptance): How do users

perceive and accept adaptive changes during browsing?

• RQ2 (Perceived Cognitive Effort): How do different adap-

tation types influence browsing effort and flow?

• RQ3 (Future Control and Customization): How do users

envision customizing or extending adaptive browsing inter-

faces in the future?

Our findings show that users generally welcomed adaptive be-

havior when it was consistent, transparent, and easy to override,

but emphasized the importance of lightweight control and contex-

tual sensitivity. Automatic adaptations reduced perceived workload

yet required clear boundaries for acceptance and understanding.

In summary, this work makes three contributions:

• A conceptual framework of five adaptive interface dimen-

sions describing how everyday browsing layouts can flex to

different browsing focuses.

• An instantiation of the framework through a technology

probe, ReLay, that demonstrates the feasibility of in-situ

adaptive interface behaviors and enables examination of

how users experience and negotiate automated adaptations.

• Empirical insights into how users perceive, accept, and con-

trol adaptive browsing interfaces, revealing design implica-

tions for balancing automation with agency.

https://doi.org/10.1145/3742413.3789092
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2 Related Work
2.1 Online Sensemaking and Browsing Support

Systems
Human-computer interaction (HCI) and information retrieval (IR)

research has explored tools for online sensemaking and exploratory

browsing. Early systems such as Unakite [68], Crystalline [69],

and Mesh [18] supported structured decision-making by letting

users capture, organize, and compare options through tabular or

structured views. Others, like Fuse [63], emphasized lightweight

collection within the browser, while Sensecape [102] enabled multi-

level sensemaking through conversational interactions. Despite

these advances, existing tools separate foraging from structuring,

disrupting users’ natural transitions between these activities during

browsing.

Parallel work has examined how personalization and intelli-

gent assistance can guide exploratory search. Early approaches

focused on user-defined preference models: SearchLens [20] intro-

duced lenses to articulate and reapply exploratory interests, while

FeedLens [59] extended this to knowledge graphs, allowing prefer-

ence models to be repurposed across heterogeneous entity types.

More recent work has leveraged large language models (LLMs) to

provide richer scaffolding: ChoiceMates [86] uses multi-agent con-

versations to support decision-making in unfamiliar domains, Se-

lenite [70] generates comprehensive overviews to address the “cold

start” problem, and Marco [40] integrates document-, notebook-,

and table-level views with LLM-powered assistance for knowledge

workers. These systems demonstrate the evolution from explicit

preference modeling to AI-assisted sensemaking, through primarily

creating new interfaces.

Despite these advances, two notable gaps remain. First, prior

systems largely focus on building new exploratory interfaces rather

than adapting the familiar browsing structures that users already

navigate daily. Second, existing work often supports isolated phases

of browsing—exploration or evaluation—without accounting for

how users transition between these modes. As a result, support is

fragmented, and users must bridge the gap themselves when switch-

ing between broad exploration and detailed inspection. Addressing

this limitation requires approaches that adapt existing browsing

interfaces in-situ, dynamically adjusting to users’ shifting intents

rather than replacing their familiar workflows.

2.2 Interface Adaptation and Customization
Recentwork on interface adaptation has explored various approaches

to help users modify interfaces for their needs, from surface-level

styling to structural customization and AI-generated interfaces.

One line of research focused on enabling end-users to customize

visual appearance and layout. Systems have explored natural language-

based styling of websites [61], allowing users to express aesthetic

preferences. More sophisticated approaches enable structural cus-

tomization, allowing users to modify how information is orga-

nized, what content is displayed, and how different views are com-

posed [78]. For instance, in overview-detail interfaces common to

browsing tasks, users might customize which attributes appear in

overviews versus details, or transform between different layout

configurations. Tools like FrameKit [118] provide authoring envi-

ronments for adaptive UIs, enabling developers to create interfaces

that respond to context changes. These approaches democratize

interface customization but assume users recognize when and how

modifications would benefit their tasks.

The rise of LLMs has enabled more ambitious generative inter-

face approaches. Rather than modifying existing interfaces, these

systems generate entirely new UIs from user specifications [22,

26, 120]. Some approaches use task-driven data models as inter-

mediate representations, which allows users to iteratively refine

generated interfaces through both natural language and direct ma-

nipulation [12]. Entire browsing environments can also become

malleable, with AI helping users orchestrate and compose web con-

tent [57]. While these generative approaches offer unprecedented

flexibility, they require users to actively direct the customization

process through prompts or explicit interactions.

Across all these approaches lies a fundamental assumption: users

must initiate customization, whether through direct manipula-

tion, natural language commands, or iterative refinement. This

works well when users have clear goals and understand their needs.

However, during exploratory browsing, users’ intents shift fluidly—

sometimes seeking broad inspiration, other times requiring detailed

comparison—without conscious recognition of these transitions.

We address this gap by automatically detecting shifts in browsing

intent and applying appropriate adaptations proactively, reducing

the need for users to both recognize adaptation opportunities and

specify desired changes.

2.3 LLMs for Interface Interpretation and
Contextual Inference

Large language models (LLMs) have been recently used to interpret

user interfaces and contextualize interaction in support of intelli-

gent systems. One line of work focuses on systems that use LLMs

to analyze graphical user interfaces (GUIs), combining structured

representations such as DOM trees or screenshots with language-

based reasoning to identify interface elements, infer their func-

tional roles, and operate across web, desktop, and mobile environ-

ments [103, 125]. A growing set of frameworks and benchmarks

have demonstrated that these approaches can generalize across

different applications and interaction contexts [21, 56, 121].

Other work has explored how LLMs can contextualize observable

interaction signals and interface state to provide adaptive support.

Some systems construct explicit user models from computer-use

traces to inform downstream assistance [97], while others analyze

visible interface context to generate just-in-time support that aug-

ment ongoing interaction [64]. Together, these approaches demon-

strate that LLMs can leverage observable interface state and inter-

action data to produce context-aware support without requiring

explicit user specification.

We build on these uses of LLMs for interface interpretation

and contextual inference by applying them to adaptive interface

behaviors within existing browsing environments.

3 Design Goals and Framework
In this section, we introduce the design goals and framework thatwe

built our adaptive browsing interface on. We chose browsing intent
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inferred through interaction patterns as a trigger for adaptations,
enabling dynamic but interpretable transformations of familiar web

interfaces.

3.1 Design Goals
Online browsing presents a persistent challenge: users oscillate be-

tween diversive and specificmodes, yet interfaces remain static [101].

We explore lightweight, in-situ interface adaptations that respond

to the user’s browsing context—using inferred intent as a trigger—

while preserving familiar interaction patterns. Based on gaps in

prior work and common challenges in browsing, we identify three

design goals for adaptive interface behaviors:

• DG1: In-situ adaptation. Adaptations should operate di-

rectly within existing browsing pages rather than redirecting

users to separate dashboards or views. Browsing is inherently

contextual—users interpret and compare items within the

visual and structural environment of the site itself [96, 126].

Keeping adaptations in-situ preserves workflow continuity

and minimizes cognitive switching costs, allowing users to

stay focused on the browsing task [33, 91].

• DG2: Mode-responsive adaptation. Adaptations should
reflect the natural shifts between diversive and specific brows-

ing modes. These modes highlight distinct informational

needs: diversive browsing emphasizes variety and visual

inspiration [25, 104], while specific browsing emphasizes an-

alytic comparison and detail [90]. Adaptations should there-

fore respond flexibly to these transitions—using inferred in-

tent as a trigger—rather than enforcing a single static model

of “optimal” usability [28, 106].

• DG3: Lightweight and generalizable transformations.
Adaptations shouldmanifest as direct, visible transformations—

such as emphasis, ordering, or density adjustments—rather

than opaque algorithmic changes [118, 124]. Their logic

should remain legible and reversible, enabling users to per-

ceive and adjust them easily. At the same time, these trans-

formations should be defined at a conceptual level that gen-

eralizes across browsing domains, ensuring reusability and

cross-site applicability [34, 84].

3.2 Operationalizing Browsing Modes for
Adaptation

Browsing is an iterative process of sensemaking in which users

continuously form, refine, and compare preferences across many

alternatives. Prior research on exploratory search and consumer

decision-making shows that users rarely follow a linear path; in-

stead, they oscillate between broad exploration and focused specifi-

cation depending on evolving goals and task constraints [74, 95, 112–

114]. We build on this literature to conceptualize two recurring

browsing modes—diversive browsing and specific browsing—that
serve as anchors for triggering adaptive interface behaviors.

3.2.1 Diversive Browsing. Diversive browsing is an open-ended,

novelty-driven activity where users explore broadly to surface pos-

sibilities rather than make final choices [44, 74, 95, 113, 114, 129].

Users typically arrive without rigid criteria, relying on broad cat-

egories and visual cues for inspiration [62, 96], and exhibit fast,

lightweight interactions such as rapid scrolling and brief dwell

times [92, 95, 116, 129]. Adaptations should therefore emphasize

large imagery, minimal text, and suppression of previously viewed

items to sustain momentum and novelty.

3.2.2 Specific Browsing. Specific browsing arises when users form

clearer goals and shift toward evaluation and comparison [74, 95,

112, 114]. Interaction becomes slower and more deliberate, with

longer dwell times and revisits to previously seen items for verifi-

cation [23, 66]. Adaptations should foreground detailed attributes,

reviews, and comparison sections to support precision, reassurance,

and confidence-building.

3.3 Adaptation Framework
We define a UI adaptation as a lightweight change that:

• Does not introduce new interactive components

• Does not create entirely new views

• Operates on existing interface elements by reordering, em-

phasizing, suppressing, or adjusting the salience

This definition situates our work among interface-level adapta-

tion approaches: rather than introducing new interface components

or generating new content, we adapt the presentation and orga-

nization of information already available to the user. This scope

ensures that adaptations remain in-situ (DG1), respond to browsing

mode (DG2), and apply generalizable transformations (DG3).

We organize adaptive behaviors into two complementary cate-

gories. Structural adaptations reshape how information is pre-

sented at a given moment by modifying layout, hierarchy, emphasis,

or information density. Interaction-Contextual adaptations re-
flects signals from users’ prior interactions through visible interface

changes, such as resurfacing previously viewed items or suppress-

ing already-seen content. Together, these categories capture both

synchronic (within-page) and diachronic (across-session) aspects

of mode-responsive browsing.

Our framework targets two common page types in online brows-

ing: catalog pages, which display collections of items—search re-

sults, product grids, or listing feeds—where users scan, filter, and

compare alternatives; and detail pages, which present a single item

in depth, typically including images, specifications, reviews, and

related recommendations. While our adaptation dimensions may

apply to other browsing structures, we use these two page types

as a lens for examining how interfaces can flex to support shifting

browsing focus.

We conceptualize adaptive browsing interfaces through a set of

design dimensions that span different levers of information archi-

tecture and interaction-level adaptation. These dimensions describe

how information can be structured, ordered, emphasized, and con-

textualized during browsing, articulating complementary ways in

which interfaces can adapt to users’ evolving browsing focus.

3.3.1 Structural Adaptations. Structural adaptations concern how

information is arranged and emphasized within a single catalog

or detail page at a given browsing moment. We identify four sub-

dimensions that capture distinct ways the interface can be adjusted:

representation emphasis, information hierarchy, exploration scope,

and information granularity.
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Figure 2: Conceptual Overview of Design Framework for Adaptation

Representation Emphasis. Browsing interfaces present informa-

tion throughmultiplemodalities—visual (images, thumbnails, icons),

textual (descriptions, specifications), and numerical (ratings, prices,

review counts) [73, 117, 130]. The relative spatial weight of these

modalities determines which information receives visual promi-

nence, shaping initial attention and information processing [7, 9,

11, 15, 100, 132].

The effectiveness of each modality depends on browsing mode,

which motivates representation-emphasis adaptations. In diversive

browsing, users rely on rapid visual scanning to form broad impres-

sions across alternatives; accordingly, on catalog pages diversive

favors prominent, larger images and condensed text, and on detail

pages it prioritizes contextual or lifestyle imagery [11, 49, 73, 74,

119]. In specific browsing, users slow down to compare concrete

attributes; accordingly, on catalog pages specific emphasizes inline

specifications and ratings, and on detail pages it foregrounds prod-

uct details or technical views [9, 100, 123, 132]. Studies of interface

perception confirm that shifts in visual prominence strongly influ-

ence perceived relevance and quality [7, 15, 105, 117], supporting

the value of calibrating visual–textual balance to user focus and

depth of processing (DG2) [29, 83].

Information Hierarchy. Detail pages are composed of multiple

container sections that organize different aspects of an item. In

e-commerce, these typically include product images, specifications,

reviews, and recommendations; in real estate, property photos, floor

plans, neighborhood details, and contact options. Across domains,

such sections form a semantic hierarchy that determines which con-

tent users encounter first. This ordering strongly affects attention

and efficiency, as users naturally treat higher-positioned sections

as more important [24, 89, 98, 109, 128].

The relative importance of sections varies with browsing mode.

In diversive, users seek breadth and inspiration, making recommen-

dations or related-item modules more salient because they enable

rapid scanning and serendipitous discovery [3, 13, 74, 75, 114]. In

specific, users focus on verification and comparison, giving priority

to specifications, detailed descriptions, and reviews [19, 24, 88, 89].

Adjusting section hierarchy to highlight mode-relevant information

can therefore reduce unnecessary scrolling and align presentation

with users’ current focus [89, 98, 109, 128].

Recent adaptive-interface systems have explored such dynamic

reordering, surfacing or collapsing sections to match user atten-

tion [24, 57, 78, 89, 98]. These approaches build on focus–context

representation [41, 74] and information-foraging theory, which

shows that users allocate attention to regions with the highest ex-

pected informational value [88, 114]. Treating section hierarchy

as an adaptable design dimension thus enables interfaces to align

structure with evolving browsing depth.

Exploration Scope. Exploration scope concerns how broadly or

narrowly the interface invites users to traverse the item space. In

practice, this manifests through filtering and navigation controls:

e-commerce sites offer filters for categories, prices, brands, sizes,

and colors; restaurant platforms for cuisine, price, distance, and

dietary options; and accommodation sites for location, amenities,

and capacity. These controls range from broad categorical filters

to fine-grained attribute selectors, shaping how users explore and

constrain the search space [47].

The usefulness of different filtering granularities depends on the

browsing mode. In diversive, users benefit from broad, high-level

facets (e.g., “jackets,” “neighborhoods,” “Italian cuisine”) that sup-

port wide traversal and serendipitous discovery [4, 38, 74, 107, 115].

In specific, users prefer precise tools—fine-grained filters (e.g., color,

size, amenities) and sorting options—that allow efficient narrowing

based on known criteria [1, 48, 85].

Adaptations along this dimension adjust which controls are fore-

grounded according to browsing mode. In diversive, broad cate-

gorical filters and exploratory navigation options are emphasized,

while detailed filters remain accessible but secondary [48, 83, 99]. In

specific, precise filters and sorting tools move to primary positions,

enabling efficient, goal-directed narrowing [1, 85].
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This dimension builds on research in faceted search and ex-

ploratory navigation [13, 47, 52, 74, 85, 114, 122], showing that filter

granularity influences both discovery and precision. Adjusting filter

prominence by browsing mode thus supports both breadth-first

exploration and constraint-based refinement (DG2) within existing

catalog structures (DG1).

Information Granularity. Browsing interfaces differ in howmuch

detail they reveal at each level of interaction. A product card may

show only essential attributes (title, price) or include richer specifi-

cations (brand, materials, dimensions, review count, availability).

Similarly, review sections may present brief summaries or expand

into full testimonials. This degree of visible detail—what we term

information granularity—shapes the cognitive effort required to

evaluate each item [37, 88].

The appropriate level of detail depends on browsing mode. In

diversive, users scan quickly across many options, so minimal detail

reduces cognitive load and sustains exploration momentum [74, 83].

In specific, users engage in close comparison and verification, ben-

efiting from full attribute visibility without additional navigation

[46, 58, 87].

Information-granularity adaptations adjust detail density accord-

ing to browsing mode [83]. On catalog pages, diversive displays

only key attributes (e.g., title, price, main image), whereas specific

expands cards to include comprehensive specifications and ratings

[46, 87]. On detail pages, diversive summarizes sections (e.g., “4.5

from 847 reviews”), while specific reveals full review content and

specification tables [30, 80].

This dimension builds on research in information scent and cog-

nitive load [27, 37, 71, 110], which shows that aligning information

depth with task demands improves efficiency. Adjusting granu-

larity by browsing mode thus helps maintain cognitive balance—

lightweight for exploration, rich for decision-making (DG2).

3.3.2 Interaction-Contextual Adaptation. Interaction-Contextual
adaptations extend beyond a single page view to reflect how the

interface incorporates a user’s past interactions. They determine

how previously seen or engaged items are represented—for instance,

suppressing already-viewed products to promote novelty during

exploratory browsing, or highlighting them to support comparison

during focused evaluation. In this sense, Interaction-Contextual

adaptations are inherently temporal, linking past interactions to

present presentation.

Session-based Ordering. Diversive browsing emphasizes novelty,

which in a provenance dimension translates to managing whether

an item has already been encountered. Prior systems have opera-

tionalized this by promoting unseen content: recommender diver-

sification techniques [16, 43, 55, 65, 111, 127, 131] and exploratory

search interfaces [32, 49, 50, 113, 115] explicitly prioritize novelty

to sustain engagement. Suppressing or visually downplaying pre-

viously viewed items can similarly help users maintain a broad

exploration path.

Conversely, specific browsing benefits from resurfacing previ-

ously encountered items, especially during comparison or decision

refinement. Studies on re-finding and revisitation [14, 32] show

that users frequently return to seen pages when narrowing choices,

while consumer decision-making work highlights shortlists and re-

cently viewed modules as aids for comparison [42, 94]. Provenance-

aware visualization systems [81, 82] likewise demonstrate how

surfacing interaction history can improve sensemaking and reduce

cognitive load.

Session-based ordering adaptations thus adjust how existing

items are displayed rather thanwhat is recommended. They reweigh

previously seen content in the catalog view—for example, moving

viewed items lower in diversive, or highlighting them in a sepa-

rate strip during specific. This distinction ensures that provenance

adaptations remain independent of recommendation quality: they

alter presentation, not content selection.

4 The ReLay Probe
To investigate how users experience automatic adaptive browsing

interfaces (RQ1), whether such adaptations influence perceived cog-

nitive effort (RQ2), and what controls and future adaptations users

envision (RQ3), we developed ReLay as a technology probe. Fol-

lowing the technology probe approach [6, 54], our implementation

was designed to elicit reflections on how users interpret and re-

spond to adaptive interface behaviors in realistic browsing contexts.

From our five-dimensional framework, we selectively implemented

a subset of three adaptation dimensions—information hierarchy,

session-based ordering, and information granularity—chosen for

their visual salience and conceptual contrast, enabling the probe to

surface diverse user reactions to in-situ changes.

ReLay is an LLM-based browser extension that automatically

adapts online browsing interfaces based on detected user intent.

The system (1) infers whether the user is currently in diversive or

specific browsing mode from interaction traces, (2) analyzes the

structure of catalog or detail pages to identify adaptable compo-

nents, and (3) applies adaptations while respecting saved user pref-

erences. Unlike prior approaches that create separate exploratory

views or replace existing workflows, ReLay operates in-situ within

familiar browsing interfaces.

We present the probe in three parts. First, we describe an en-

visioned user scenario illustrating how ReLay functions across

domains. Second, we detail the probe components: intent detection,

interface adaptation, and user control modules. Finally, we discuss

implementation details and scope decisions inherent to the probe

methodology.

4.1 Envisioned User Scenario
Sarah is planning a trip to Cyprus and needs to select three things:

an accommodation, a restaurant for the first evening, and clothing to

bring. She installs ReLay and opens her browser to begin browsing.

First, Sarah visits Airbnb to explore accommodations in Cyprus.

With flexible preferences and budget, she rapidly switches between

catalog and detail pages, skimming listings without dwelling. Re-

Lay detects this as diversive and adapts accordingly: previously

viewed listings are subtly de-emphasized, product cards simplify

to highlight price and location, and detail pages foreground neigh-

borhood photos before full specifications. When Sarah moves to

Agoda, ReLay recognizes the shared travel domain and maintains

the same diversive adaptations across sites.



In-Situ Adaptive Interfaces for Online Browsing IUI ’26, March 23–26, 2026, Paphos, Cyprus

Next, Sarah shops for a black dress on Amazon. Her slower

scrolling and repeated comparisons indicate specific intent. ReLay

expands catalog cards to show reviews and material details, pins

recently viewed items for side-by-side comparison, and reorders

detail pages to surface specifications earlier. Preferring to keep

styling suggestions visible, Sarah overrides this layout through the

control panel, and ReLay remembers her choice for future fashion

browsing.

Across domains, ReLay adapts to Sarah’s shifting intent while

providing lightweight controls that let her shape how adaptations

apply to her personal browsing style.

4.2 System Components
The ReLay probe comprises three main components (Figure 3): an

Intent Detection Module that infers browsing mode from user

behavior, an Interface Adaptation Module that applies trans-

formations to page structure based on detected intent, and a User
Control Module that allows users to override adaptations and

save preferences.

4.2.1 Intent DetectionModule. This component classifies the user’s

current browsing mode. ReLay supports two primary browsing in-

tents: diversive browsing, where users seek novelty and breadth

across items, and specific browsing, where users narrow in on a

set of candidates for close comparison. To detect these modes, Re-

Lay combines page structure analysis with multi-modal behavioral

tracking.

When a user visits a page, the system first determines whether

the site and page type are suitable for adaptation. It analyzes the

page’s domain name and a minimized DOM representation [93] to

classify both the browsing domain (e.g., e-commerce, accommoda-

tion, dining) and page type (catalog, detail, or other).

If a page is identified as a catalog or detail page, ReLay begins

tracking behavioral signals. Building on prior models of exploratory

search [79, 101], the system infers factors from scroll, click, dwell

patterns and visible elements on the screen are captured with Om-

niParser [72].

Every two minutes, accumulated behavioral signals and visual

context are passed to an LLM-based classifier. The prompt describes

diversive and specific intent patterns based on established browsing

behavior characteristics [31], providing indicators such as filter

usage intensity, search query specificity, browsing breadth, and

engagement depth. The LLM returns a classification (diversive or

specific) with a confidence score and structured reasoning, which

was used to inform adaptations. Examples of the prompt template

are provided in Appendix A.

To avoid over-fragmentation, intent detection is maintained at

the browsing domain level. When a user browses across multiple

sites within the same domain (e.g., from Airbnb to Agoda), the

system persists the current intent until behavioral evidence sug-

gests a shift. However, when the user moves to a new browsing

domain (e.g., from accommodation to e-commerce), intent detection

restarts, enabling domain-specific adaptation without cross-domain

interference. Once intent is classified, the intent detection module

signals the interface adaptation module to apply corresponding

transformations.

4.2.2 Interface Adaptation Module. We use this module to examine

how users interpret and evaluate different adaptations, and whether

these transformations feel helpful or effort-reducing during brows-

ing.

From our five-dimension framework, we implement three adap-

tations: information hierarchy, session-based ordering, and infor-

mation granularity. We selected these dimensions because they

represent distinct intervention points that provoke different user

responses. Information hierarchy offers a high-visibility structural

change that users can easily perceive and critique, making it valu-

able for probing acceptance of automatic hierarchy manipulation.

Session-based ordering creates an explicit tension between novelty-

seeking and comparison behaviors, allowing us to investigate how

users value redundancy differently across modes. Information gran-

ularity adjusts detail density within interface elements, making it

well-suited for probing cognitive load effects.Together, these three

adaptations are visually salient, domain-general, and lightweight

enough to integrate with existing workflows without introducing

major disruptions.

Each adaptation follows a common technical approach: the sys-

tem classifies page type, uses LLMs to identify structural elements,

and generates transformation instructions applied by manipulating

existing containers. While ReLay can perform this full pipeline

on supported websites, structural parsing for the sites used in the

probe study were pre-configured to eliminate latency during user

interactions.

Information Hierarchy. Information hierarchy addresses the fixed

sequencing of information on detail pages. These pages typically

contain multiple container sections such as product specifications,

reviews, recommendations, and image galleries. In many sites, this

order is static, forcing all users into the same information path

regardless of their browsing mode. ReLay adapts the ordering of

these sections to better match intent: in diversive browsing, breadth-

oriented modules such as related items or lifestyle imagery are

surfaced earlier, while in specific browsing, fine-grained sections

such as specifications and reviews are prioritized.

Once a page is classified as a detail page, the reduced DOM is

analyzed by an LLM to detect and semantically label major sec-

tions (e.g., “reviews”, “specifications”, “recommendations”). A sec-

ond LLM call then generates a revised section ordering based on

general intent principles for that mode, and any saved user prefer-

ences. For example, if a user previously specified they always want

recommendations surfaced first in e-commerce browsing, this pref-

erence is incorporated into the prompt. The system then reorders

the identified container elements in the DOM in the proposed se-

quence, dynamically foregrounding intent-relevant content while

preserving all existing functionality.

Session-based Ordering. Session-based ordering addresses the

reordering of the items in the catalog page based on the user’s intent.

Static catalog orderings force users to re-encounter the same items

regardless of whether they seek novelty or wish to compare known

options. In diversive mode, repeatedly seeing already-viewed items

feels redundant and reduces perceived variety. In specific mode,

users benefit from easily relocating previously considered items for

comparison.
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Interface Adaptation

E-commerce / Catalog

Browsing Domain & Page Type

Classification

Session-based Ordering

Observe and save 
Find product container

{ 

  intent: specific, 

  reasoning....

}

Intent Detection

User Override Interface Adaptations

Control Panel

Browsing Interface

Find and understand sections
Determine hierarchy

Information Hierarchy

Information Granularity
Find and understand container
Determine granularity

Actionable

 Interface 

Adaptations

Figure 3: Overview of the ReLay technical pipeline. The system comprises three modules: (1) Intent Detection observes user
behavior and classifies browsing intent at regular intervals, (2) Interface Adaptation analyzes page structure and applies
appropriate adaptations when intent is detected, (3) User Control allows users to override adaptations or adjust preferences
through a control panel. Users interact with adaptations directly in the browsing site, while controls are accessible via the
panel.

ReLay tracks which items users have scrolled past and which

they have clicked on. The system uses an LLM to identify product

card selectors and extract item identifiers from the HTML structure,

then monitors user interactions throughout the session, maintain-

ing a per-site record of viewed and clicked items. When a user

navigates to a new catalog page and an intent has been detected, Re-

Lay applies mode-appropriate transformations: in diversive mode,

previously viewed items are moved lower in the grid and marked

with colored borders and a semi-transparent overlay to signal their

prior appearance; in specific mode, clicked items are moved toward

the top to facilitate comparison. These transformations apply only

when users land on a new catalog page, not during active scrolling

within a page, preventing disorienting mid-scroll reorderings while

still providing session-aware organization.

Information granularity. Information granularity controls the

granularity of textual and visual information displayed within indi-

vidual product cards on catalog pages. In diversive browsing modes,

users can be overwhelmed by excessive textual detail when they

primarily seek broad impressions and exploration-suitable cues like

price or review ratings rather than lengthy item descriptions. In

specific browsing, users need comprehensive information but with

emphasis on details necessary for comparison and narrowing down,

such as restaurant type, thorough item explanations, or hotel atmo-

sphere indicators. ReLay applies this kind of emphasizing, reducing,

or eliminating of information based on the detected intent across

product catalog cards.

The system uses LLMs to identify product card selectors, an-

alyze sample card HTML to create a semantic understanding of

the card’s information hierarchy—mapping elements to categories

like price, ratings, descriptions, vibes, and detailed features—and

then determine which elements should be shown, expanded, en-

hanced, simplified, truncated, or hidden based on detected intent,

browsing domain, and user preferences. For the probe study, we

pre-configured the structural analysis (selector identification and

semantic mapping) for commonly-used sites to ensure responsive

interactions.

In diversive mode, cards typically display large images with min-

imal text, foregrounding price and review ratings while truncating

or hiding detailed descriptions and specifications. In specific mode,

cards expand to surface all available information, including full

specifications, review counts, material details, and categorical at-

tributes relevant to the domain. The frontend extension applies

these transformation instructions to all visible product cards, dy-

namically adjusting information density to match the user’s current

browsing mode.

4.2.3 User Control Module. By observing which controls users

engage with and what preferences they save, we can understand

the desired balance between automation and agency in intent-aware

systems.

After ReLay automatically applies adaptations, users can adjust

how adaptations behave in the future through a control panel acces-

sible via a browser sidebar. The panel provides adaptation-specific

controls that allow users to undo the current page’s adaptations, tog-

gle adaptation features on or off, and save preferences that persist

across future browsing sessions within the same domain.

For information hierarchy, users see a visual representation of

how sections were reordered, displaying section names in their new

sequence. Users can drag and drop these blocks to specify their pre-

ferred ordering, and save this arrangement as a preference for that

browsing domain. For example, if ReLay moved “Recommended

Items” lower on a detail page in specific mode, but the user prefers

seeing recommendations first regardless of intent, they can reorder

the blocks and save this preference for all future e-commerce brows-

ing. For session-based ordering, users can independently toggle two

features: visual indicators (colored borders and semi-transparent

overlays) and item reordering (moving viewed/clicked items up or

down in the catalog). For information granularity, the panel displays

common product card elements—Images, Descriptions, Reviews,
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Price—and allows users to override the system’s intent-based deci-

sions. For each element, users can specify:“go with intent” (default

adaptive behavior),“always show” (display regardless of browsing

mode), or “always hide” (suppress regardless of mode).

All preferences are saved per browsing domain (e-commerce, ac-

commodation, dining) and encoded as natural language constraints

appended to adaptation prompts. These preferences apply to future

page loads within the same domain but do not affect other brows-

ing domains, allowing users to maintain different customization

profiles across contexts. Users can also reset preferences to restore

default adaptive behavior. A detailed illustration of the control

panel is provided in Appendix B.

4.3 Technical Overview
4.3.1 Implementation Details. ReLay is implemented as a Chrome

extension with a FastAPI
1
Python backend. The frontend uses Re-

act and JavaScript to manipulate the DOM. For intent classifica-

tion and adaptation generation, we use gpt-4o-2024-08-06 and
gpt-4.1-2025-04-14 models.

4.3.2 Constraints and Limitations. ReLay targets desktopweb pages
and applies interface transformations by directly modifying the

page DOM, assuming it is accessible and relatively stable. It sup-

ports pages rendered by common frameworks (e.g., React, Svelte,

Next.js) but not Shadow DOM.

ReLay tolerates low-frequency DOM restructuring: occasional

changes can be handled via repeated LLM calls, but rapid structural

updates are infeasible if their frequency exceeds the LLM call la-

tency. We did not observe such high volatility in our study, but it

remains a limitation for in-the-wild deployment.

Furthermore, ReLay cannot operate on mobile pages and pages

that block or revert DOM edits (e.g., anti-tampering/anti-bot pro-

tections). It also does not support non-DOM-rendered or embedded

surfaces, including Canvas/WebGL UIs (e.g., maps), browser-native

viewers (e.g., PDFs), iframes, and HTML5 video.

For transformation planning, the page HTML must fit within the

LLM context window. ReLay therefore compresses the HTML to a

structural skeleton, discarding any elements that do not contribute

to the DOM hierarchy (header/footer tags, script tags, etc.) and

stripping all attributes from elements that are not LLM selection

targets (elements that can not have child elements), to keep inputs

within token limits.

5 Evaluation
To investigate how users experience adaptive browsing interfaces,

we conducted a qualitative probe study focused on understanding

user perceptions of different adaptation types.

5.1 Task and Participants
We recruited 10 participants (6 female, 4 male; age 21–32) through

an online screening survey targeting frequent online browsers. To

ensure familiarity with diverse domains, we selected participants

who reported browsing at least three categories regularly (e.g.,

fashion, travel, dining) and shopping online more than three times

per week.

1
https://fastapi.tiangolo.com/

To evaluate both the usefulness of individual adaptations and the

overall usability of the adaptive system, we conducted a two-phase

qualitative probe study. Participants first selected two cities they

were not familiar with, ensuring that the browsing process reflected

natural exploration rather than prior knowledge or pre-planned

choices. In Phase 1, participants experienced each adaptation in-

dividually across three domains—clothing shopping, restaurant

finding, and hotel searching—to understand how each adaptation

influenced browsing behavior. They were given the following sce-

nario: “You are planning a three-day trip to [city] you are not famil-
iar with. You will need to find one or more hotels, restaurants, and
outfits for your trip by browsing online.” In Phase 2, participants

used all adaptations together in a fixed task focused on clothing

browsing, allowing them to experience how multiple adaptations

interact within a single session. To maintain the open-ended nature

of browsing while providing clear goals, participants were asked to

create a shortlist of one to three items that they would realistically

consider choosing.

The study received ethics approval from the authors’ institu-

tional review board, with all participants providing informed con-

sent.

5.2 Study Procedure
We conducted 90-minute remote sessions with each participant via

Zoom. Participants used their own laptops with Chrome installed

to ensure a familiar browsing environment. For those unable to

install the system on their own devices, we provided remote access

to a laptop with the ReLay extension installed. Throughout the

session, participants shared their screens, enabling the researchers

to observe on-screen activity.

5.2.1 Pre-task and Tutorial (20min). Before the main sessions, par-

ticipants completed a 20-minute pre-task tutorial. Because the sys-

tem was implemented as a Chrome extension, we first guided par-

ticipants through the installation process and verified that it func-

tioned properly on their devices. We then introduced the overall

goal of the study and briefly explained the concept of adaptive inter-

faces, including the three adaptation types featured in our system:

information granularity, information hierarchy, and session-based

ordering. Participants were instructed on the browsing tasks they

would perform and were reminded that the study would follow

a think-aloud protocol [39], encouraging them to verbalize their

thoughts, expectations, and reactions as they interacted with Re-

Lay. After the tutorial, participants proceeded directly to Phase 1,

beginning with one of the three adaptation conditions randomly

assigned to them.

5.2.2 Phase 1: Exploring Individual Adaptations (30min). In Phase 1,

participants explored each adaptation individually to understand its

distinct effect on browsing. Each participant completed three brows-

ing sessions, each focusing on one adaptation type: Information

Granularity on Agoda
2
for hotel browsing, Information Hierarchy

on Yelp
3
for restaurant browsing, and session-based ordering on

Amazon
4
for clothing browsing. These domain–adaptation pairings

2
https://www.agoda.com

3
https://www.yelp.com

4
https://www.amazon.com
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were selected because they represented the most visually salient

and conceptually distinct transformations, allowing participants to

easily perceive how different forms of adaptation reshaped their

browsing process. The order of the three adaptation conditions was

randomized across participants. For participants unfamiliar with

a given site, an additional two-minute familiarization period with

the unmodified site was provided before each task.

Each session lasted approximately 10 minutes, during which

participants engaged in a think-aloud procedure. After each session,

participants completed NASA-TLX and short Likert-scale items on

ease, clarity, and overload (Appendix C.2).

5.2.3 Phase 2: Browsing with Combined Adaptations (20 min). In
Phase 2, participants experienced how multiple adaptive behaviors

interact in realistic browsing. This phase focused on fashion brows-

ing using 29cm
5
, a widely used Korean e-commerce platform that

most participants were already familiar with. The site was chosen

for its stable performance and rich visual layout, which made it

well-suited for testing the combined adaptations in an ecologically

valid context.

Participants were asked to browse for clothing suitable for one of

the unfamiliar travel destinations they had selected earlier. The task

prompt was: “You are preparing for a three-day trip to [city]. Please
browse for one to three outfits you would actually consider wearing on
that trip.” This framing encouraged open-ended yet goal-oriented

exploration, allowing participants to form and refine preferences

naturally rather than completing a fixed decision task. Throughout

both phases, the system continuously logged interaction events for

analysis. Each browsing session recorded the page type (catalog or

detail), the adaptation types applied, the user’s detected browsing

mode, and any interactions with the control panel.

After each session, participants completed a questionnaire con-

sisting of the NASA-TLX workload inventory [45] and the System

Usability Scale (SUS) [10] to evaluate both perceived cognitive ef-

fort and usability. Additional seven-point Likert items captured

perceptions of adaptation alignment, acceptance, and control and

transparency (Appendix C.3).

5.2.4 Semi-structured Interview (20 min). Following the question-

naire, a 20-minute semi-structured interview was conducted with

each participant. Interview questions explored participants’ reflec-

tions on (1) how well the adaptive interface supported exploration

and comparison (RQ1), (2) how it affected perceived cognitive load

and task flow (RQ2), and (3) what kinds of additional adaptations

or controls they would want in future systems (RQ3). The inter-

views primarily focused on participants’ qualitative insights about

desirable adaptation granularity, control mechanisms, and future

customization possibilities in adaptive browsing systems.

6 Results
We report findings from our probe study investigating how users

experienced and evaluated adaptive interface behaviors during

online browsing tasks. Results combine quantitative measures of

usability and workload with qualitative insights from post-task

interviews and behavior logs.

5
https://www.29cm.co.kr/

6.1 User Acceptance and Override Patterns
Across 362 logged adaptation events, participants accepted most of

the system’s automatic adjustments while exercising selective con-

trol when needed. Overall, 312 adaptations (86.2%) were accepted

and 50 (13.8%) overridden, indicating strong alignment between

system behavior and user expectations. Acceptance rates differed

by adaptation type (Figure 5): Information Granularity was most ac-

cepted (91.9%, 147/160), followed by Session-based Ordering (85.7%,

126/147), and Information Hierarchy (70.9%, 39/55). This 21-point

gap suggests users were more comfortable with visual adjustments

that simplified presentation more readily than structural reordering,

which they tended to personalize before accepting.

Survey responses mirrored the behavioral data (Figure 4). Par-

ticipants reported the highest desire for control in Information
Hierarchy (M = 5.5 ± 1.3), consistent with its lower acceptance rate,

while Information Granularity and Session-based Ordering elicited

weaker control demands (M = 5.0 ± 1.8, 4.8 ± 1.9). Most interventions

occurred early in sessions as participants explored and calibrated

the interface, after which acceptance stabilized. Participants valued

the availability of control more than its use—rating “I could over-

ride behavior when needed” highest among all features (M = 6.2

/ 7)—underscoring that visible, lightweight adjustability fostered

confidence in the system even when rarely used.

6.1.1 Overrides Do Not Signal Failure. Despite moderate override

activity, participants’ subjective ratings reflected positive experi-

ences. Notably, P9 overrode 26% of adaptations (17/65 instances)—

the highest rate among all participants—yet reported an Excellent
usability score (SUS = 82.5), well above the group average of 71.8 (SD

= 10.8). Similarly, P1 intervened in 30 % of cases but still rated the

system as Good (SUS = 75.0). This pattern challenges the common

assumption that user interventions indicate failure. Instead, over-

rides served as expressions of agency, moments when participants

verified, refined, or personalized the system’s choices. Rather than

reducing satisfaction, the ability to step in when needed enhanced

confidence that the system was working on their behalf.

6.1.2 Differential Satisfaction Across Adaptation Types. Satisfac-
tion ratings revealed complementary strengths across adaptation

types rather than a simple performance hierarchy. Information Hi-
erarchy produced the highest ratings for “made browsing easier,”

(Figure 4) even though it had the lowest acceptance rate. Partici-

pants explained that because reordering controls were direct and

easily reversible, they felt confident experimenting: once they ap-

plied their own preferred order, the interface felt “exactly right”

(P6). In contrast, Information Granularity was broadly accepted but

divided opinion. Some valued the simplified layouts as “less tiring”

(P1) and “visually relaxing,” (P3) while others felt that hiding de-

scriptions or details misaligned with how they evaluated products

(P2, P6, P7, P8). When these users overrode the system to restore

details, they described the result as “finally balanced,” showing that

satisfaction stemmed not from automation accuracy alone but from

the ability to correct misalignments easily. Together, these patterns

suggest that users valued the ability to adjust adaptations as much

as the adaptations themselves.

6.1.3 Conditional Acceptance and Interpretability. Participants de-
scribed the interface as “quietly following along” (P4), describing



In-Situ Adaptive Interfaces for Online Browsing IUI ’26, March 23–26, 2026, Paphos, Cyprus

Figure 4: Evaluation results for each adaptation condition and the overall system.

Figure 5: Acceptance rates by adaptation type and participant

it as reactive yet unobtrusive. Automation was welcomed when

its actions were predictable and reversible. One participant said, “I

trusted it more because it reacted immediately to my clicks” (P8),

capturing how responsive feedback fostered confidence. Several

emphasized that this acceptance was conditional: they were com-

fortable with adaptive behavior only when they could confirm or

undo it.

6.2 Temporal and Individual Differences
Beyond overall acceptance patterns, participants’ behavior revealed

when and how they interacted with the system during browsing.

Two trends emerged: an initial burst of exploratory overrides that

rapidly declined over time, and distinct individual differences that

reflected varying acceptance and control strategies.

6.2.1 Early Calibration and Later Stability. Temporal analysis of

interaction logs showed that 56% of all overrides (28/50) occurred

within the first five minutes of a session. The mean time to first

override was 15.6 s (SD = 24.1), indicating that users engaged with

control functions almost immediately upon encountering the first

adaptation. Participants explained that these early actions were

not rejections but trials of alignment—“I wanted to see if it would

follow my pattern” (P4)—signaling deliberate calibration rather

than frustration. Once preferences were confirmed, most partic-

ipants relied on the system with minimal further input. Several

noted that the system became “predictable after I tested it once

or twice,” reflecting a transition from active tuning to passive ac-

ceptance. This calibrate–then–accept rhythm was consistent across

most participants.

6.2.2 Control as Confidence. Evenwhen users intervened frequently
in the early phase, satisfaction remained high. The item “I could

override behavior when needed” received the highest rating across

all Likert measures (M = 6.2/7, SD = 0.9), underscoring that per-

ceived controllability was central to user confidence. Participants

described how the availability of quick, reversible actions encour-

aged experimentation: “It was easier to try things because I could

always switch back” (P2). Rather than viewing overrides as correc-

tions, users saw them as reassurance that the system respected their

agency. This pattern suggests that control visibility and reversibility

can foster confidence even when automation accuracy is imperfect.

Exploratory clustering of acceptance rates suggested three recur-

ring adaptation tendencies. Acceptors (n = 6; P2, P3, P5, P6, P8, P10)

accepted 92% of adaptations with minimal intervention, reflecting

comfort with seamless automation. Selective Adapters (n = 2; P4, P7)

embraced view-level adjustments but often overrode structural re-

ordering (42.5% acceptance), indicating nuanced control preferences.

Customizers (n = 2; P1, P9) showed the most frequent overrides (30%
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and 26%) yet reported high satisfaction (SUS = 75.0, 82.5), demon-

strating that frequent tuning can coexist with confidence in the

system when control is fluid and predictable.

6.3 Subjective Usability and Workload
Post-session questionnaires and NASA-TLX scores revealed con-

sistently positive perceptions of usability and cognitive comfort.

Participants described the adaptive interface as “quietly following

along” and “lighter to think through,” emphasizing that automation

simplified routine actions while keeping browsing smooth and self-

directed. Across all adaptations, perceived workload remained low

and usability high (Table 1), suggesting that users experienced the

system as both effective and cognitively efficient.

6.3.1 System-Level Usability. Participants rated overall usability

positively (mean SUS = 71.75), placing the system within the “Good”

range. Two participants who intervened most frequently—P1 (30 %

overrides) and P9 (26 %)—still rated the system as “Good” (75.0) and

“Excellent” (82.5) respectively, reinforcing that frequent overrides

did not correspond to poor experiences. Instead, the ability to adjust

and recover changes contributed to satisfaction. As one participant

noted, “Even when I changed things, it didn’t mean I didn’t trust it—

it just helped me shape it” (P2). This pattern aligns with the patterns

observed in the semi-structured interviews: usability remained high

even for highly interactive users, demonstrating that controllable

automation can sustain engagement.

6.3.2 Workload and Cognitive Flow. NASA-TLX scores (Table 1)

showed low mental demand (M = 2.5–2.9) and minimal frustration

(M = 1.6–2.5) across all conditions. Participants reported that adap-

tations reduced redundant actions—such as re-scanning content

or recalling previously seen items—allowing smoother attentional

flow. Post-study ratings (Phase 2; Figure 6) confirmed that users

perceived the adaptive interface as accurate and controllable (all

M > 5 on 7-point scale). Participants rated intent alignment highly

(M = 5.1 ± 1.1) and acceptance in adaptation (M = 5.5 ± 1.1), con-

sistent with low workload and high usability. Although “I could

override behavior when needed” scored slightly lower (M = 4.8 ±

1.3), qualitative feedback indicated that this reflected infrequent

need rather than missing functionality. Several remarked that the

system “kept things organized so I could focus on deciding, not

clicking,” and that tasks felt “less tiring overall.” These low-effort

ratings align with behavioral patterns of sustained acceptance and

limited mid-session interventions.

6.3.3 Perceived Experience with Individual Adaptations.

Information Granularity: Low Effort, Mixed Satisfaction. Consis-
tent with its 92% acceptance rate, Information Granularity produced

the lowest mental demand (2.5 ± 1.08) and frustration (1.6 ± 0.70).

However, it also showed the greatest variance in perceived help-

fulness (5.2 ± 1.55) and goal alignment (5.0 ± 1.70). Participants

diverged on whether simplification enhanced or hindered brows-

ing: some found it “visually relaxing” and efficient, while others

felt it “deleted things I actually needed.” The result implies that

there was reduced cognitive load but occasional loss of confidence

when key cues were hidden. Satisfaction peaked immediately af-

ter manual adjustment, when users re-enabled preferred elements,

suggesting that simplification works best when coupled with fine-

grained control.

This mixed response reflected the abstraction of the control

itself. The system toggled broad categories (e.g., showing or hiding

descriptions) but not finer distinctions participants wanted. Several

wished to keep specific cues—such as negative remarks in reviews

or price-before-discount information—visible even when other text

was hidden. Others wanted gradual emphasis rather than binary

visibility, implying that “granularity” is not a fixed density level but

a flexible spectrum of cues to preserve or suppress.

Information Hierarchy: Slightly Higher Effort, Highest Payoff. In-
formation Hierarchy involved greater cognitive involvement (men-

tal = 2.9 ± 1.37; frustration = 2.5 ± 0.97) but achieved the highest

perceived helpfulness (5.8 ± 1.14) and strong intent alignment (5.0

± 1.33). Participants described it as “effortful but rewarding”, re-

quiring attention but leading to smoother, more meaningful flow

once they verified that reordering matched their priorities. Many

attributed their satisfaction to the transparency and controllability

of this adaptation: seeing the logic of reordering and being able

to reverse or modify it built confidence. Users reported that they

“enjoyed” the interaction precisely because they could understand

and influence it, suggesting that light cognitive effort can reinforce

confidence when paired with visible, interpretable automation.

Session-based Ordering: Cognitive Continuity. Session-based or-
dering produced the most seamless experience, with low workload

(mental = 2.6 ± 1.17; frustration = 1.9 ± 0.88) and high usefulness

(5.6 ± 0.84). Participants emphasized how it preserved orientation

without demanding attention: “I didn’t have to remember what

I’d seen—it remembered for me” (P1, P3, P4, P7). The highlight-

ing of previously viewed items reduced repetition and supported

comparison, allowing focus to remain on unvisited options. Rather

than adding effort, this feature acted as a cognitive extension that

sustained flow across pages and sessions.

Several described it as a form of embedded working memory—a

lightweight record of exploration integrated directly into the visual

field. Unlike external “Liked” or “Saved” lists that require switching

contexts, session-based ordering maintained decision traces within

the browsing view itself, enabling instant recall and comparison.

Participants valued this embedding for keeping both context and

progress visible: “Likes take me away from the page, but here I

can see what I’ve already considered” (P6). This in-situ memory

reinforced continuity of thought, transforming the interface into a

workspace that externalized short-term intention without breaking

the browsing rhythm.

6.4 User Reflections and Future Adaptation
Expectations

Participants described preferences for how future adaptive systems

should behave. Common themes included: starting with sensible de-

faults, providing easy ways to adjust or undo, and keeping changes

visible. The system should act first, but users wanted to step in

when needed.

6.4.1 “Initialize, then I’ll tweak”: Defaults First, Lightweight Control
Next. Participants were comfortable with the system automatically
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Figure 6: Phase 2 survey results showing participants’ ratings of adaptation accuracy, intent alignment, acceptance, and control
& transparency (7-point Likert scale).

Table 1: NASA-TLX subscale scores (mean ± SD) for each adaptation condition and the overall system. Lower values indicate
lower workload.

Condition Mental Physical Temporal Performance Effort Frustration

A. Information Granularity 2.5 ± 1.08 2.3 ± 1.16 2.1 ± 1.20 5.2 ± 0.92 2.8 ± 0.79 1.6 ± 0.70

B. Information Hierarchy 2.9 ± 1.37 2.7 ± 1.34 1.8 ± 0.79 4.8 ± 1.40 3.1 ± 1.60 2.5 ± 0.97

C. Session-based Ordering 2.6 ± 1.17 2.6 ± 1.35 1.8 ± 0.79 5.6 ± 0.84 2.6 ± 0.84 1.9 ± 0.88

Overall System (Phase 2) 2.4 ± 0.70 2.6 ± 0.70 1.7 ± 0.67 5.4 ± 0.52 3.1 ± 0.99 1.9 ± 0.74

initializing adaptations as long as modifications were easily re-

versible and visible. They preferred a rhythm where the interface

began with a sensible default and users intervened only when goals

or contexts changed. As one explained, “It would be good if the

user can adjust things later; I think the default setting can stay as

is. Even if information is hidden at first, it’s fine as long as I can

expand it when I need more details” (P1). Another emphasized the

value of dependable defaults: “There should be a default. If I had

to filter every element myself, I could just use the regular site. The

point is to improve browsing with better defaults, but there should

be a back button” (P2). Rather than constant tuning, participants

envisioned occasional, quick adjustments: “The default should work

well enough, and then I could step in for special needs” (P2), with

context-sensitive priorities (“It depends on the situation, what de-

serves priority changes,” P3). Some suggested lightweight intent

confirmations (“If it asks, ‘Are you currently looking for windbreak-

ers?’ and I just press Yes or No, that would be perfect,” P6), while

others wanted a manual mode switch (“If I could simply switch

between ‘broad’ and ‘specific’ modes myself, that’d be nice,” P3).

Together, these reflections depict a preferred model of collaboration

where the system acts first, but the human remains the easy final

arbiter through transparent, low-friction controls.

6.4.2 Recomposition, Not Reduction: Structuring How Information
Appears. When asked about deeper customization through gen-

erated summaries or AI-curated responses, participants consis-

tently rejected the idea. They preferred to recompose the interface

themselves—removing irrelevant sections, reordering useful ones,

and blending filtering with layout adjustments. Section-level ma-

nipulation emerged as a clear expectation: “I’m never interested

in recommendations; I’d rather just remove them” (P2). Another

echoed, “I don’t look at that section, so I’d like a function to delete

it” (P6). Many saw reordering and deletion as complementary: “I’d

move reviews to the top and merge that with information granular-

ity adjustments” (P2, P6).
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Participants also emphasized speed and persistence in these

structural changes. They wanted to toggle between adapted and

original layouts effortlessly—“If switching between the changed

and original version were quick, I could turn it off at the end just

to double-check before booking” (P2)—and to retain customized

layouts across sessions (“If I move the detailed images to the top

once, will that order stay for other items too?” P1). Customization,

in other words, was expected to be lightweight, reversible, and

accumulative.

Most participants preferred explicit UI controls to natural-language

input. “Clicking a button is faster than typing” (P2), one explained,

while others described textual commands as uncertain or unreliable:

“It feels more reliable when the options are given visually” (P3). La-

bel clarity further shaped confidence—ambiguous terms like “visual

indicator” reduced confidence, whereas straightforward phrasing

such as “show previously viewed items” encouraged interaction.

The control panel was often described as a “bridge” that made adap-

tation legible; clear terminology and visible structure made that

bridge feel stable and reliable.

Together, these reflections suggest users wanted adaptation to

feel like rearranging a layout—visible, reversible, and persistent

across sessions.

6.4.3 Human–AI Division of Labor: “You Adjust, I Decide”. Par-
ticipants consistently differentiated between structural assistance

(layout changes, highlighting, filtering) and semantic manipulation

(summarization, rewriting). They embraced the former as cognitive

scaffolding but felt the latter to be intrusive or “joy-reducing.” “I

don’t like it when AI shows through,” said P6. “Shopping is sup-

posed to be enjoyable, and summaries don’t help—it even makes me

doubt the content. Reviews written by people feel more trustwor-

thy.” One participant likened transparent adaptation to an “open

kitchen”: visible processes build confidence, while invisible automa-

tion weakens it. “Removing or adding sections is something I do

myself,” explained P6. “With an LLM, the process is hidden inside a

network I can’t see. It’s like preferring an open kitchen—you trust

it more when you can see the steps.”

Others expressed a more conditional openness to AI reasoning.

As P8 explained, they felt no aversion to AI “capturing what people

do consciously or unconsciously,” but preferred when adaptation

guided them indirectly rather than providing explicit answers. “It’s

less uncomfortable when the system narrows or rearranges options

so that I can decide, rather than telling me the right one,” they noted.

They described this as preserving a sense of autonomy—“It still feels

like my own choice.” This preference for indirect, structure-level

mediation rather than direct outcome prediction highlights how

participants wanted AI to assist judgment without replacing it.

Participants further situated adaptation within familiar interface

primitives such as filters and lists. “When I said I wanted something

removed, it wasn’t filtering—it was just clutter that hurt readability”

(P3). Another clarified, “Good filtering at the start makes browsing

easier; then the adaptation helps with the actual decision” (P3).

Across accounts, participants defined a clear boundary of agency:

the system should reorganize, clarify, and surface useful structure,

while the human retains judgment and meaning-making. They val-

ued adaptation not as invisible authorship but as visible scaffolding

for exploration.

7 Discussion
7.1 Acceptance and Control Through Visible,

Reversible Defaults
Participants’ acceptance in automation depended less on whether

the interface adapted and more on how those adaptations unfolded.

They consistently preferred systems that initialized changes confi-

dently by default but remained immediately adjustable. This prefer-

ence mirrored the behavioral calibration pattern observed, where

56% of overrides occurred in the first five minutes and dropped

to near-zero thereafter (Appendix C.4). Participants described this

process as “the system starts, and I tweak”, positioning the system

as a collaborator establishing a provisional baseline.

These findings align with prior work on adaptive transparency

and adjustable autonomy [8, 35] showing that users are most com-

fortable when automation initiates action but keeps the boundaries

of control legible. In our study, satisfaction derived not from the

absence of intervention but from the assurance that intervention

was always possible. Even participants who frequently overrode

adaptations (e.g., P9 with 26% override rate) reported high usabil-

ity (SUS = 82.5), indicating that control availability mattered more

than control frequency. Post-study ratings further supported this:

“I could override or adjust behavior when needed” received the

highest feature score (M = 6.2/7), despite interventions occurring

in only 14% of total adaptations.

Participants valued visible reversibility over detailed explana-

tion. They described wanting a “back button,” “toggle,” or “undo”

more than transparency text or system rationale. This preference

resonates with findings in explainable AI literature [36, 77] suggest-

ing that users often prefer manipulable feedback over verbalized

reasoning when interacting with adaptive systems.

Design-wise, these results suggest that adaptive interfaces should

act first but make reversal obvious and immediate. Users wanted

a ’back button’ at the moment of change—not buried in settings

or explained in help text. As prior mixed-initiative research has

argued [2, 53], automation that users can see and interrupt earns

trust more effectively than automation that’s merely accurate.

7.2 Adaptation as Co-Composition
Participants repeatedly described adaptation not as something the

system does for them, but as something they wanted to shape with

it. Rather than expecting AI to decide what mattered, they sought

flexible ways to recompose the interface—removing irrelevant sec-

tions, rearranging useful ones, or merging features like filtering

and reordering into a single, controllable structure. This orientation

reframes adaptation as a collaborative act of composition. As P2

remarked, “There should be a default, but I want to move or delete

parts depending on what I care about,” while P6 emphasized, “I’d

move reviews to the top and merge that with filtering.” Partici-

pants thus viewed adaptive structure as a manipulable layer of the

interface, not an opaque algorithmic behavior.

Empirically, this pattern aligns with the mixed acceptance rates

observed across adaptation types (Figure 5). Information Hierar-

chy, which allowed direct section-level manipulation, achieved

the highest subjective helpfulness (M = 5.8 ± 1.14) despite gen-

erating the most overrides (33%), while Information Granularity,
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which offered fewer compositional controls, showed higher accep-

tance (92%) but greater disagreement about usefulness (SD = 1.55).

Participants appeared most satisfied when they could intervene

meaningfully—even if that meant rejecting an adaptation—rather

than when automation remained entirely invisible. This supports

prior findings that highlight user agency and direct manipulation

as essential for maintaining engagement and ownership in adaptive

systems [60, 76, 108].

Taken together, these patterns suggest participants approached

adaptive interfaces as collaborative tools—expecting to shape struc-

ture alongside the system. Several noted that adaptation felt ’trust-

worthy when it worked like editing a layout’ but ’distracting when

it felt like a black box.’ This echoes research on shared control and

co-adaptive systems [42], where agency emerges from negotiation

rather than strict role separation.

Design-wise, this suggests adaptive interfaces should make struc-

ture directly manipulable. Rather than hiding reordering logic, inter-

faces could offer drag-and-drop surfaces or editable zones for users

to refine layouts themselves. Persisting these configurations across

sessions would let users shape the system over time—automation

proposes, users arrange, and the system learns from those arrange-

ments.

7.3 Designing for Personal–Context–Aware
Reflection

Participants envisioned adaptive interfaces that not only adjusted

to immediate goals but also evolved with their individual browsing

styles. They expected systems to differentiate across domains—

recognizing, for instance, that hotel decisions rely on reviews while

fashion browsing emphasizes imagery—yet to remember recur-

ring personal heuristics such as “I always check ratings first.” This

aspiration points toward personal–context–aware adaptation: sys-

tems that generalize a user’s decision logic without flattening the

nuances of each domain.

Empirically, this desire for evolving personalization echoed the

temporal calibration pattern observed. Users’ interventions clus-

tered early, then stabilized, suggesting that initial overrides acted

as a form of self-configuration. Several participants described want-

ing these calibrated preferences to persist: “If I move the detailed

images to the top once, will that order stay for other items too?”

(P1). Such statements reveal an appetite for continuity—a wish for

adaptive systems that learn not only task context but the user’s

reasoning rhythm. This aligns with prior work on longitudinal co-

adaptation and adaptive scaffolding [51], which emphasizes that

personalization should evolve through reciprocal learning between

user and system.

Participants also described adaptation as a mirror that revealed

their own thinking. Seeing sections dynamically reordered helped

them recognize implicit criteria they used to judge quality, such

as realizing they consistently prioritized “short coats” or “highly

rated hotels.” Adaptation thus functioned as a form of reflective

infrastructure, externalizing decision patterns that typically remain

tacit. These moments of recognition transformed automation from a

convenience feature into a tool for self-understanding—a way of ob-

serving one’s evolving priorities through interface change. This res-

onates with research on reflective sensemaking and metacognitive

interfaces [5, 17], where visibility of one’s own choices enhances

both control and confidence.

Designing for personal–context–aware reflection therefore re-

quires balancing adaptability with interpretability. Systems should

maintain domain sensitivity—respecting that the relevance of vi-

sual, textual, or review-based cues differs across contexts—while

preserving personal continuity through memory of structural pref-

erences. At the same time, adaptive transformations should remain

visible enough to serve as cognitive feedback loops, helping users

see how their interactions shape the interface. Future adaptive sys-

tems might thus visualize not only content changes but also the

evolution of those changes over time, allowing users to trace how

their browsing logic refines through use. In this way, adaptation

supports not just efficient browsing, but reflective sensemaking: a

dynamic conversation between the interface’s reorganizing logic

and the user’s evolving intent.

7.4 Limitations and Future Work
This work investigates in-situ adaptive interfaces through a tech-

nology probe that operationalizes three adaptive design dimen-

sions. While the proposed framework articulates five adaptation

dimensions, the probe selectively instantiates a subset of these di-

mensions. As a result, our findings reflect users’ experiences with

specific types of adaptive changes rather than an exhaustive eval-

uation of the full design space. Future work could explore how

additional dimensions—or combinations of multiple dimensions—

interact when implemented together, and how such interactions

shape users’ experiences of adaptive browsing.

Our user study was designed as a formative, probe-based eval-

uation intended to surface how users experience, interpret, and

negotiate adaptive interface changes as they occur. Accordingly,

the study did not incorporate a controlled baseline condition or aim

to measure performance improvements relative to an unmodified

interface. Instead, our findings characterize users’ subjective ex-

periences with adaptive behaviors, rather than establishing causal

effects on cognitive workload or efficiency. Future research could

build on this work by identifying appropriate baseline conditions

for adaptive browsing systems, including task scenarios or stages of

browsing where comparisons between adaptive and non-adaptive

interfaces are both meaningful and ecologically valid.

Technically, scaling adaptive interfaces across diverse websites

remains challenging. Our prototype relied on a multi-step LLM

pipeline for HTML parsing and structural manipulation, which

worked reliably for pre-configured pages but sometimes showed

inconsistent behavior on dynamically rendered or complex DOM

structures. These limitations point to a broader systems gap: cur-

rent GUI-automation and DOM-reduction methods are optimized

for targeting elements, not for preserving the hierarchical rela-

tionships required for structural reordering and adaptive layout

changes. Advancing adaptive interfaces thus requires robust DOM

representations designed for in-situ reconfiguration—maintaining

container hierarchy, sibling order, and layout stability across dy-

namic pages. Addressing this challenge would enable generalizable,

cross-site adaptive overlays that support rich interface transforma-

tions within existing ecosystems.
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8 Conclusion
Through ReLay, an LLM-powered adaptive browsing probe, we

examined how users experience and respond to automatic interface

adaptations during realistic browsing tasks. We contribute a con-

ceptual framework of five adaptation dimensions—representation

emphasis, information hierarchy, exploration scope, information

granularity, and session-based ordering—that describe how brows-

ing interfaces can flex to support shifting user focus. Our probe

implemented three of these dimensions, allowing us to investigate

user acceptance, control, and perceived effort. Users accepted most

adaptations but wanted control over structural changes. Early over-

rides served as calibration rather than rejection. Confidence grew

when adaptations were visible and reversible; participants described

wanting to "tweak" and "teach" the system rather than delegate to

it entirely. These findings suggest that effective adaptive interfaces

should act first but keep reversal easy, treat user adjustments as

input rather than error, and expose structure as something users

can shape over time.
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A ReLay Prompts
We include representative prompts used in ReLay for intent clas-

sification and interface adaptation. Below, we show the prompts

used for the Information Granularity adaptation.

A.1 DOM Analysis Prompt
Task: Given an e-commerce item-card HTML snippet, extract reliable

CSS selectors for content-density control.

Categories:
- essential_elements: image, title, current price, primary CTA
- secondary_elements: extra metadata (specs, shipping, badges,

ratings details)
- expandable_elements: sections suitable for collapse (reviews,

variants/spec tables, policies)
- text_elements: long text suitable for truncation (title,

description, feature list)

Return JSON:
{
"container_selector": ".item",
"essential_elements": [".img", ".price", ".title", "..."],
"secondary_elements": [".meta", "..."],
"expandable_elements": [".reviews", "..."],
"text_elements": [".title", ".desc"]

}

Guidelines: use specific class/data-* selectors; group related
elements.

A.2 Adaptation Prompt
Condition: DIVERSIVE intent / catalog page / LOW density.
Goal: maximize scanning speed and reduce cognitive load.

Rules:
- Hide secondary/metadata elements (e.g., specs, shipping details,

SKU, review counts, variant/stock info; keep only key badges
like Sale/New).

- Truncate text aggressively (title: 1 line; description: <=2
lines).

- Simplify ratings (stars only; hide numeric ratings and counts).
- Compact layout (reduce spacing and optionally font sizes).

Allowed actions:
hide | truncate (config: {"max_lines": 1-3}) | reduce_spacing

(config: {"padding": "...", "gap": "..."})
reduce_font_size (config: {"font_size": "..."}) | collapse

Return JSON with "density_actions": [{"action": ..., "selectors":
[...], "config": ..., "reason": "..."}].

Example:
{
"density_actions": [

{"action":"hide","selectors":[".specs",".shipping",
"..."],"config":null,"reason":"..."}

]
}

A.3 Intent Detection Prompt
Task: Classify a user's browsing session intent as DIVERSIVE

(exploratory) or SPECIFIC (goal-oriented) using three inputs:
(1) ACTION LOGS (click/search/navigation), (2) BEHAVIOR METRICS

(e.g., dwell time, scroll velocity), and (3) ITEM TRACKING
(scrolledItems, clickedItems).

Intent definitions:
- DIVERSIVE: broad exploration across items/categories with shallow

engagement.
- SPECIFIC: focused search/comparison within a category with deeper

engagement.

Derive the following indicators from the inputs:
1) filter_usage (none/low/moderate/high): clicks on UI controls

such as filter/sort, size/color/brand selectors, or price
sliders.

2) search_specificity (general/moderate/specific): broad queries
(e.g., "shoes") vs specific queries including
brands/models/attributes.

3) browsing_breadth (narrow/moderate/wide): category diversity
across scrolledItems/clickedItems and navigation transitions.

4) engagement_depth (shallow/moderate/deep): combine avgDwellTime
and avgScrollVelocity; repeated clicks on the same/similar
items indicate deeper comparison.

5) price_focus (true/false): interaction with price filters/sort,
or clicked items within a narrow price range.

Return ONLY a valid JSON object:
{
"intent": "diversive" | "specific",
"confidence": 0.0-1.0,
"reasoning": "...",
"indicators": {

"filter_usage": "...",
"search_specificity": "...",
"browsing_breadth": "...",
"engagement_depth": "...",
"price_focus": true|false

}
}
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B ReLay Interface

Figure 7: ReLay interface demonstrating adaptive behaviors across browsing modes and dimensions. Each row illustrates
one adaptation dimension, while columns compare diversive (left) and specific (right) browsing modes. The right side of
each screenshot shows the adaptive control panel, where users can view or adjust parameters for information hierarchy,
granularity, and session-based ordering (session memory). The top row shows session-based ordering adaptations, where
previously viewed or clicked items are visually marked or repositioned to emphasize novelty versus familiarity. The middle row
depicts information granularity, adjusting how much detail appears in catalog listings (e.g., minimal attributes for exploration
vs. full specifications for focused comparison). The bottom row illustrates information hierarchy on detail pages, reordering
sections such as specifications and recommendations to reflect changing browsing focus. Together, these examples show how
ReLay applies lightweight, in-situ adaptations on real websites across domains such as shopping and dining.
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C User Study Details
C.1 Standard Questionnaires

Table 2: NASA-TLX items (1–7 Likert) administered after each
condition in Phase 1 and after the overall system in Phase 2.

Item Question text

1 How mentally demanding was the task?

2 How physically demanding was the task?

3 How hurried or rushed was the pace of the task?

4 How successful were you in accomplishing what you set out to

do?

5 How hard did you have to work to accomplish your level of

performance?

6 How insecure, discouraged, irritated, stressed, and annoyed were

you?

Table 3: System Usability Scale (SUS) items (1–7 Likert) ad-
ministered after Phase 2.

Item Question text

1 I think that I would like to use this system frequently.

2 I found the system unnecessarily complex.

3 I thought the system was easy to use.

4 I think that I would need the support of a technical person to be

able to use this system.

5 I found the various functions in this system were well integrated.

6 I thought there was too much inconsistency in this system.

7 I would imagine that most people would learn to use this system

very quickly.

8 I found the system very cumbersome to use.

9 I felt very confident using the system.

10 I needed to learn a lot of things before I could get going with this

system.

C.2 Phase 1 Additional Post-condition Items

Table 4: Phase 1 additional post-condition items (1–7 Likert).

Item Question text

1 This adaptation made browsing easier.

2 This adaptation matched what I was trying to do.

3 I wanted more control over this adaptation.

C.3 Phase 2 Additional Post-system Items

Table 5: Phase 2 post-system adaptation perception items
(1–7 Likert). Items are grouped by conceptual category.

No. Category Question text

1 Adaptation Accuracy The system detected my browsing intent ac-

curately.

2 Adaptation Accuracy When my goals changed, the interface

adapted quickly.

3 Intent Alignment The interface matched my current browsing

goal.

4 Intent Alignment It was easy to explore broadly when I wanted.

5 Intent Alignment It was easy to compare and narrow down

when I wanted.

6 Acceptance The interface changes were helpful overall.

7 Acceptance I would use this interface regularly for similar

tasks.

8 Acceptance I trusted the interface to adapt appropriately.

9 Control & Trans-

parency

I could override or adjust behavior when

needed.

10 Control & Trans-

parency

The interface changes were predictable and

understandable.
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C.4 Timeline of Phase 2 Study

Figure 8: Adaptation application and intervention sequence for each participant in Phase 2.
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