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Figure 1: SituationAdapt is an optimization-based adaptive UI system that reconciles Mixed Reality layouts with shared

real-world spaces. Previous layout adaptations do not consider the situational context, such as (a) if a shared display is on/off

or (b) if a classmate is facing the user. Our computational pipeline identifies these and other characteristics and adapts Mixed

Reality layouts with situational awareness, such that here (c) UIs stay clear of the video playback and (d) the talking classmate.

ABSTRACT

Mixed Reality is increasingly used in mobile settings beyond con-

trolled home and office spaces. This mobility introduces the need

for user interface layouts that adapt to varying contexts. However,

existing adaptive systems are designed only for static environments.

In this paper, we introduce SituationAdapt, a system that adjusts

Mixed Reality UIs to real-world surroundings by considering envi-

ronmental and social cues in shared settings. Our system consists of

perception, reasoning, and optimization modules for UI adaptation.

Our perceptionmodule identifies objects and individuals around the

user, while our reasoning module leverages a Vision-and-Language

Model to assess the placement of interactive UI elements. This en-

sures that adapted layouts do not obstruct relevant environmental

cues or interfere with social norms. Our optimization module then

generates Mixed Reality interfaces that account for these consid-

erations as well as temporal constraints. For evaluation, we first

validate our reasoning module’s capability of assessing UI contexts

in comparison to human expert users. In an online user study, we

then establish SituationAdapt’s capability of producing context-

aware layouts for Mixed Reality, where it outperformed previous

adaptive layout methods. We conclude with a series of applications

and scenarios to demonstrate SituationAdapt’s versatility.
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1 INTRODUCTION

Mixed Reality (MR) devices are becoming increasingly more mobile,

which indicates a future where they will be commonplace and

can be used in shared public and private spaces. These can range

from shared airplane [31] or train compartments, offices, and coffee

shops to living rooms, kitchen areas, entire buildings [7] or public

spaces [62]—similar to the environments where we commonly use

smartphones, tablets, and laptops today.

Unlike user interfaces (UIs) on traditional screen devices, how-

ever, MR UIs transcend device boundaries; they can seamlessly

blend into the user’s physical surroundings and overlay parts of the

real world. Adapting and reconciling virtual layouts with physical

surroundings forMR use is a challenging task. Previous research has

optimized MR UIs for proximity with semantically similar physical

objects [8] or leveraged physical affordances of the user’s surround-

ings to facilitate efficient interaction [9]. These adaptations have

https://doi.org/10.1145/3654777.3676470
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so far focused on the real-world objects and surfaces within the

user’s reach inside their (personal) workspace, often assuming static

environments during use.

In shared spaces, social norms becomemeaningful during interac-

tion. Therefore, MR layouts must additionally conform to the social

situations and dynamic environmental conditions that can take

place in such environments. Previous studies highlight this need in

their investigation of MR use in shared spaces (e.g., [21, 38, 44, 60]).

The results of these studies indicate that users find it crucial for

MR UI layouts to consider factors such as the functionality of ob-

jects in their surroundings, the social appropriateness of element

placement, the effects of UI positioning on health & safety, and

maintaining the visual appeal of the physical environment.

In this paper, we propose SituationAdapt, a system that optimizes

MR layouts for situational social and environmental factors. Our

system consists of perception, reasoning, and optimization modules

to reconcile adapted MR UIs with real-world environments and

conform to social norms and dynamic conditions.

Adapting UIs to Shared Real-World Settings

Figure 1 illustrates the challenge of situation-aware UI adaptation

at using a lecture scenario. While a UI element can be suitably

positioned in front of a classmate as he faces away from theMR user

(Figure 1c), placing the same widget in front of his face as he faces or

even interacts with the MR user is intrusive, as it not just impedes

personal communication but also renders direct interaction with

the MR UI inappropriate (Figure 1b). Likewise, UI elements may be

placed in front of a physical screen, since they do not obstruct any

information (Figure 1d). When the screen comes on, however, the

virtual element occludes potentially meaningful content (Figure 1a).

SituationAdapt reconciles the layout of virtual UI elements with

real-world conditions to ensure appropriate placement using the

three modules of our system. This avoids intrusiveness and main-

tains considerate functionality in dynamic environments.

Our perception module identifies objects and people in the physi-

cal environment through a real-time object detection network while

simultaneously reconstructing a 3D map of the user’s surroundings.

The module then segments identified objects and people from the

3D map to extract them as input into our optimization scheme.

Our reasoning module leverages a Vision-and-Language Model

(VLM) to evaluate the potential placement of UI elements within a

shared social space. Based on prior research, we designed a prompt

to consider factors such as functionality, aesthetics, social accept-

ability, and health & safety. Because observing a UI element that

occludes part of a shared space has different implications for these

factors than a user’s direct interactions with that UI element, we

separately query the VLM for overlay suitability and interaction
suitability. From the VLM response, we extract ratings to inform a

goodness function for UI element placement that considers relevant

environmental cues as well as social norms.

Finally, our optimization module processes the 3D bounding

boxes of objects and people in the physical environment and the

associated suitability ratings for overlaying content for display or

interaction. From these inputs, the module generates layouts of MR

UIs that account for environmental and social aspects of shared

spaces. We propose two novel optimization terms for interactive

MR adaptation that model the suitability for overlaying and interac-

tion. Integrated into our real-time system, these terms optimize MR

UIs for suitable viewing and interaction given the current shared

physical environment.

We evaluate the efficacy of SituationAdapt in two studies: an

online survey to evaluate our reasoning module and an in-situ user

evaluation to evaluate our end-to-end system. In the online survey,

we validate if the underlying VLM of our reasoning module judges

the context of shared spaces similar to pre-screened, experienced

MR users. We collected ratings from 42 participants and 42 VLM

instances, evaluating 64 areas of interest within 18 diverse scenarios.

The results of the survey indicate that, across scenarios, VLMs

achieved comparable ratings to participants for both, overlay and

interaction suitability.

We then conducted a user study to compare SituationAdapt’s op-

timized layouts with those of two representative baseline methods

that do not account for shared spaces. Participants perceived Situa-

tionAdapt’s MR layouts to more suitably overlay UI elements onto

the physical environment and position themmore appropriately for

interaction within the context of a shared social space. Participants

also expressed a strong preference for the layouts generated by

SituationAdapt compared to those from baseline methods. Finally,

we demonstrate SituationAdapt’s applicability across two scenarios

within diverse shared spaces.

Contributions

We make the following contributions in this paper.

• an optimization-based end-to-end system that considers aspects

of MR use in shared spaces in the optimization of MR layouts

through an VLM-based reasoning component. Our approach can

adapt UI element placements while taking into account their

impact on, for instance, occluding real-world objects’ functions,

social appropriateness, health & safety, and the aesthetic appeal

of the surroundings.

• a crowd-sourced survey study (𝑁 = 42) that demonstrated that

our VLM-based reasoning module judges the context of shared

spaces not different than experienced MR users.

• an empirical study that compared SituationAdapt to two baseline

approaches (𝑁 = 12), showing that our approach generated

layouts that participants preferred and rated more appropriate

for shared spaces than the baseline layouts.

• two proof-of-concept scenarios that integrate our system to adapt

MR layouts to the situational context of a shared space.

2 RELATEDWORK

SituationAdapt is related to Mixed Reality usage in shared settings,

adaptive layout systems for Mixed Reality, and the use of large

language models in HCI.

2.1 Mixed Reality in shared spaces

Researchers have been exploring the effect of environmental and

social dynamics of shared spaces on the use of MR devices [21]

and interaction in MR. Transportation settings have been studied

in depth [35, 41, 42], where shared surroundings demand socially

acceptable and safe interaction [60], especially given the lack of

space for expansive input [31]. Medeiros et al. studied the layout
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of MR interfaces in shared transit contexts, including vehicles and

trains, and identified important aspects for using VR in shared

spaces: social etiquette, spatial affordance, and safety [44].

Other works have considered multiple users and bystanders

within shared environments, such as for collaboration scenarios

with multiple MR users [38] or individual MR users and projected

augmented reality [22]. O’Hagan et al. explored the MR interac-

tions with bystanders, reporting the need for socially intelligent

bystander awareness systems [48].

While there aremultiple factors influencing the experience ofMR

users and bystanders in shared spaces, it is hard to comprehensively

model them in a computational manner. Our work leverages the

reasoning capabilities of modern VLMs to understand the context

of shared spaces and integrate inferred contextual information into

an optimization scheme.

2.2 Adaptive Mixed Reality Interfaces

Prior research has explored adapting MR interfaces to various con-

textual factors including the user or their state, the task, as well as

the physical environment.

One essential focus ofMR adaptive user interfaces is environment-

driven adaptation [15, 25, 26, 47]. Employing geometry-based ap-

proaches, researchers have suggested aligning virtual contents

with the physical surroundings (e.g., Flare [18], Optispace [16],

TapID [45], TapLight [54]). Lages and Bowman dynamically adapted

virtual elements to physical windows and walls when the user was

walking [34]. Qian et al.’s decision tree-based strategy adapted AR

interfaces to new environments while keeping the semantic rela-

tionships between virtual and physical elements from the previous

layout [50]. Kari et al.’s TransforMR method detected people and

dynamic elements in MR scenes and substituting them with alter-

native avatars or objects through diminishing, thereby imbuing

the physically plausible behavior of the original objects onto the

synthetic replacements [30]. Asynchronous Reality dynamically di-

minished real-world objects to preserve the impression of the user’s

surroundings at one point in time when their state changed [17].

SemanticAdapt included the semantic relationship between vir-

tual and physical objects with other factors such as temporal con-

sistency, occlusion, and proposed an integer-programming-based

optimization approach to obtain the adaptive interface [8]. Our

previous UI adaptation method InteractionAdapt [9] additionally

focused layout optimization on situated affordances such as physi-

cal surfaces and obstacles with empirically quantified benefits for

interaction [10, 39] to provide passive haptic feedback and rest for

optimized MR interaction during prolonged tasks between within-

reach and far-away objects while accounting for physical obstacles

that prevent input.

Other approaches investigated the adaptation of MR interfaces

to the user’s state [3, 37, 57]. Gebhardt et al. learned to display

labels of virtual elements based on users’ gaze interactions with the

VR environment [19]. Lindlbauer et al. optimized virtual elements’

visibility, level of detail and placement based on the estimation

of users’ cognitive load from pupil dilation [36]. Evangelista Belo

et al. [14] and Montano Murillo et al. [46] further optimized virtual

interfaces for ergonomics with rule-based estimation [40].

Newer work proposed a Pareto-optimal method to achieve a

balance between competing objectives for MR UI adaptation [28]

or introduced a tool to help researchers design new MR interfaces

in various contexts based on previously collected MR UIs [11].

While research on adaptive MR interfaces explored numerous

factors and settings, we are the first to adapt MR layouts to shared

spaces considering factors such as ’social acceptability’ and ’health

& safety’. Our end-to-end system recognizes relevant cues in shared

social settings and can optimize a MR UI accordingly.

2.3 LLMs in HCI

Recent advancements in Large Language Models (LLMs) have cre-

ated widespread excitement across research disciplines, exploring

their potential application to various tasks. In HCI, research has

explored LLMs for tasks such as writing [12, 20], learning [4, 33],

and programming [6, 49, 56]. Other works explored using LLMs

to facilitate information retrieval [27], manage information with

multilevel abstraction [55] and synthesize scholarly literature [29].

Most similar to our work, is research that uses LLMs to simu-

late participants of a user study. Hämäläinen et al. utilized GPT3

to generate open-ended responses about video game experiences

and found that the LLM produced answers comparable to those of

human participants [24]. Schmidt et al. found out that one might

obtain artificial answers when using LLMs to simulate survey par-

ticipants, but also highlight that LLMs give unanticipated responses

that offer new insights and help to discover pitfalls in the survey

design [53]. To validate LLM responses, they suggest to combine

small-scale user studies with large-scale user simulation.

Following their suggestion, we validate the feasibility of our

approach of utilizing a VLM to rate the suitability of placing virtual

elements in shared social spaces with an online survey. In this

evaluation, we compared VLM responses to those of experienced

MR users in terms of understanding the context of shared spaces.

3 ADAPTIVE MR FOR SHARED SPACES

We define the factors to consider when developing adaptive MR

layout approaches for shared spaces. By reviewing the aspects that

previous studies consistently highlighted as crucial, we derive the

following four key factors.

F Functionality: UI elements hinder the functionality of a phys-

ical object (e.g., cup, laptop, display) [38, 44].

A Aesthetics: UI elements impair the visual appeal of the physi-

cal surroundings [44].

S Social acceptability: looking at or directly interacting with UI

elements is considered socially inappropriate by bystanders [21,

43, 44, 60].

H Health & Safety: UI elements occlude safety critical informa-

tion or lead to sanitation issues during interaction [60, 61].

Furthermore, we respect that whether a user is soly observing

a UI element or directly interacting with it can impact the FASH

factors differently. For instance, while it may be socially acceptable

for a user to glance at the map widget in Figure 1, direct interaction

with it could be inappropriate, as it might distract other students

attending the lecture. Similarly, placing a widget above the back of

a passenger’s head on a bus is suitable for observation but may be

socially inappropriate for interaction, as it could lead to physical

contact with the person’s head. Therefore, we model suitability us-

ing two distinct scores: one for when a UI widget is being observed
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Figure 2: Schematic overview of SituationAdapt’s system. Our perception module recognizes 2D areas of interest in the

environment and computes 3D bounding boxes of the respective objects. Our reasoning module takes the areas as input and

leverages a VLM to rate their overlay- and interaction suitability. Unity then assigns these ratings to the respective 3D bounding

boxes and our optimization module adapts MR UIs accordingly.

(overlay suitability) and another for when it is being interacted

with (interaction suitability).

To address these differences, we define Overlay suitability as the

cumulative appropriateness of the FASH factors when a UI widget

is being looked at and Interaction suitability as the cumulative

appropriateness of the FASH factors when a UI widget is interacted

with. We use these scores define the output of the VLM. With

this formulation, the VLM can balance the impact of potentially

conflicting FASH factors on placement suitability. This approach is

more robust than treating each FASH factor as a separate objective

term in an optimization scheme and relying on weight tuning to

balance conflicting factors.

4 METHOD

SituationAdapt adjusts MR UIs to real-world conditions by consid-

ering social cues in shared settings. Figure 2 provides an overview

of our system: a perception module recognizes objects and people

around the user and fits 3D bounding boxes around them. Our

reasoning module leverages a VLM to evaluate the suitability of

scene locations to accommodate UI elements for display and/or

interaction, ensuring that widgets do not obstruct relevant real-

world cues or interfere with social norms. Our optimization scheme

then uses these ratings as well as the 3D bounding boxes of the

respective objects and people as input and generates MR interfaces

that account for these aspects.

Below, we explain the operation of our modules. First, we discuss

the functionalities and mechanisms of the perception module and

the reasoning module. Finally, we detail the formulation of our

optimization scheme.

4.1 Perception of surroundings

The perception module receives RGBD frames as input and provides

semantically annotated 2D- and 3D bounding boxes of areas of

interest as output. Areas of interest characterize the objects and

people that were found in the real-world surroundings of the MR

user, defined by the typical categories recognized by real-time object

detection networks.

Modern MR headsets, such as Meta Quest 3, posses sophisticated

inside-out tracking capabilities that can track the physical envi-

ronment and even the dynamic user body. Recent developments

indicate that these headsets will soon also have the capability to

understand the 3D space around the user [52]. While these ad-

vancements already exist or are within reach, SDKs of current MR

headsets do not make them available for developers. For this pur-

pose, we developed a custom perception module (Section 5.1).

4.2 Reasoning about placement suitability

The reasoning module takes RGB images annotated with the areas

of interest as input (Figure 4 illustrates examples of such images).

For these images, we then query a VLM to rate the overlay- and in-

teraction suitability for hypothetical UI elements positioned within

box on a scale from from 1 (’unsuitable’) to 5 (’suitable’). We start

this evaluation by setting the context of the VLM, explaining what

we mean with overlay- and interaction suitability of Mixed Reality

UIs. We further prime it with the factors we derived to be important

in the context of using Mixed Reality in shared spaces (Section 3).

The comprehensive context prompt is detailed in Appendix A.

As initial tests revealed discrepancies between the VLM’s ratings

and user ratings, we have incorporated previously user-rated im-

ages and their respective ratings into the context of the VLM. More

precisely, for each designated area within one of the user-rated

images, we prompt the VLM with the median and the standard

deviation of the ratings of a group of users. Using this context, we

then query the VLM to rate overlay- and interaction suitability of

a previously unseen image. Our tests have shown that this pro-

cess increases the model’s understanding of how users would rate

situations and helps the VLM to align its ratings with those of users.

Finally, we query overlay- and interaction suitability for the ar-

eas of an unseen image with the following prompt: "Please rate the

suitability of overlaying/directly interacting with a virtual UI ele-

ment on each area in this image. The acquired ratings are forwarded

to Unity and the optimization module.

4.3 Optimizing the MR UI layout

We base our optimization module on the AUIT toolkit [15]. The

general form of the objective function of AUIT is defined as

𝑄 =

𝑉∑︁
𝑖=1

𝑂∑︁
𝑗=1

𝑤𝑖 𝑗𝑐𝑖 𝑗 (x) (1)
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where 𝑉 is the set of virtual elements and 𝑂 is the set of objectives,

both accompanied by corresponding weights𝑤 and cost functions 𝑐 .

x is the decision vector comprising configuration parameters for all

UI elements, optimized to minimize 𝑄 . In our optimization scheme,

we utilize five pre-defined objective terms of AUIT: Occlusion, Look

towards, Distance, Field of view, Constant view size (for details see

the original paper).

To generate MR layouts that are sensitive to situations in shared

spaces, we propose two new terms to model overlaying suitability
and interaction suitability. Both terms take the detected 3D bound-

ing boxes and the normalized 5-point suitability ratings (scaled

between 0 and 1) as input. In contrast to the occlusion term in

AUIT, which models the appropriateness of UI widgets being oc-

cluded by other UI widgets or physical objects, our terms consider

the occlusion of real-world objects and people by virtual content

during display and interaction, enabling situation-aware MR UIs.

To compute the overlaying suitability cost function, we rasterize

each virtual element at an equal interval and cast a set of rays 𝑅

from the users’ point of view to each point within the grid. For

each ray 𝑟 , we then obtain a set of hit points 𝐻 (𝑟 ) that constitutes
the positions where the ray hit a 3D bounding box. Based on these

sets, we can now compute the cost function 𝑐𝑣,𝑜𝑣𝑒𝑟 for overlaying

a virtual element 𝑣 as,

𝑐𝑣,𝑜𝑣𝑒𝑟 =

𝑅∑︁
𝑟

𝐻 (𝑟 )∑︁
ℎ

𝑝𝑏𝑒
−5𝑑ℎ , (2)

𝑑ℎ =
| |ℎ − 𝑐𝑏 | |
0.5𝑑𝑏

where ℎ is a hit point, 𝑐𝑏 the center of the bounding box it hit, 𝑑𝑏
the length of the box’s diagonal, and 𝑑ℎ the respective normalized

distance. We employ an exponential function to implement a higher

penalty when the hit point is close to the center of the bounding

box. The term 𝑝𝑏 is the penalty of overlaying a bounding box 𝑏 and

is calculated as,

𝑝𝑏 =

{
0.5 − 𝑜𝑏 , 𝑜𝑏 ≤ 0.5

0, otherwise

(3)

where 𝑜𝑏 is the suitability score for overlaying the bounding box

𝑏. The term penalizes unsuitable boxes (𝑜𝑏 ≤ 0.5), considering all

others as suitable by default.

Similarly, we adopt the same grid-based ray casting procedure

to compute the cost function for interaction suitability as

𝑐𝑣,𝑖𝑛𝑡𝑒𝑟 =

𝑅∑︁
𝑟

𝐻 (𝑟 )∑︁
ℎ

𝑓𝑣 (0.5 − 𝑖𝑏 )𝑒−5𝑑ℎ (4)

where 𝑖𝑏 is the interaction suitability score of bounding box 𝑏.

𝑓𝑣 represents how frequently a virtual element 𝑣 is interacted with

and hence needs to be penalized more in the context of this cost

term (similar to respective terms in [8, 9, 36]). Intuitively, this term

encourages placing virtual element over physical bounding boxes

which are suitable for interaction by introducing a negative penalty

when 𝑖𝑏 is larger than 0.5.

color frame

depth frame

YOLOv3

3D
mapping

point cloud &
camera pose 

2D bounding
boxes 

perception

3D box
segmentation

keyboard

Figure 3: Our implementation of the perception module.

Based on color- and depth frames of an RGBD camera, a

3D mapping stage reconstructs the camera position and the

surroundings of the user as point cloud. An object detection

node computes semantically annotated 2D bounding boxes.

The last stage segments 3D bounding boxes based on the 2D

ares, the point cloud and the camera position.

5 IMPLEMENTATION

We now outline the implementation of each of SituationAdapt’s

modules. Websockets facilitate the communication between them.

Our entire pipeline runs on an Intel Core i7-12700K with a NVIDIA

GeForce GTX 1050 Ti and 32 GB of RAM.

5.1 Perception module

The perception module aims to identify areas of interest as 2D-

and 3D bounding boxes, serving as input for the reasoning- and

optimization module. Our system utilizes the headset’s inside-out

tracking to maintain accurate positioning within the MR environ-

ment. We transform bounding boxes from our perception module

to Unity using a manually specified transformation matrix. As our

system adapts MR UI layouts at a situational change of a shared

space, the perception module is manually triggered when such a

change happens. We implemented the module within the Robot

Operating System (ROS) where we ran separate ROS nodes for

its three stages: 3D mapping, object detection, and 3D bounding

box segmentation (see Figure 3 for an overview). Depth and color

frames of an Intel RealSense D435 RGB-depth camera serve as input

to the module. In the following, each stage is briefly explained.

5.1.1 3D mapping. We utilize the RTAB-Map implementation of

the Simultaneous Localization And Mapping (SLAM) algorithm

[2] to fuse RGB- and depth frames into a global 3D map of the

surroundings. The resulting point cloud and camera position are

forwarded to the 3D bounding box segmentation stage.

5.1.2 Object detection. We use YOLOv3 [51] to detect objects and

people in the scene. It takes the color image as input and outputs a

category, confidence, and bounding box for each detected object

or person. The annotated 2D bounding boxes are forwarded to the

reasoning module as well as the 3D bounding box segmentation.

5.1.3 3D bounding box segmentation. In this stage, we reproject

the corners of the annotated 2D bounding boxes into the mapped

3D scene to create a frustum. This frustum is then transformed

from camera to world coordinates, and its signed distance function

is computed for point selection within it. Points not visible due to
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occlusion are removed using the hidden point removal algorithm

[32]. Finally, the DBSCAN algorithm [13] clusters the frustum’s

point cloud, a bounding box is built around the largest cluster,

and points from other clusters are eliminated. Should a previously

identified bounding box closely match the new one, it is replaced

by the updated version. Conversely, if no similar bounding boxes

are found, the new detection is incorporated into the scene as a

separate entity. For each frame, all recognized bounding boxes

are transmitted to Unity where a transformation is performed to

convert them into Unity’s coordinate system.

5.2 Reasoning module

We utilize the GPT4 Vision 2024-02-15-Preview model of Azure

OpenAI as our VLM and access it via its Python API. As Azure

AI Services lack the capability to fine-tune models through direct

training on image data, we employ few-shot learning to provide

our VLM with information about previously rated scenarios. This

involves integrating example images and corresponding ratings, as

described in Section 4.2, into its context prompt (see Appendix A

for the specific prompt). We prompt the VLM to provide its answer

in the format: Area <area index>: <score>, <reason>. The acquired

ratings are transferred into Unity and assigned as properties to the

respective 3D bounding boxes.

5.3 Unity & optimization module

We implement our system for the Meta Quest 3 using Unity 2021. To

implement ourMRUI optimizationmodule, we leveragedAUIT [15],

a toolkit to create adaptive Mixed-Reality applications. The toolkit

interacts directly with Unity, utilizing Unity GameObjects and prop-

erties as input to its optimization.

6 REASONING VALIDATION

Our pipeline is built on the hypothesis that SituationAdapt can

adequately understand the situational context of a shared space.

To evaluate this assumption, we conducted an online survey to

compare the judgment of different situations in shared social spaces

of SituationAdapt with those of experienced MR users.

6.1 Survey design

Our survey sought to learn how SituationAdapt and experienced

MR users judge the suitability of overlaying and directly interacting

with virtual UIs in various scenarios and shared social spaces. In

instances where parts of these scenes were deemed unsuitable for

either, we further tried to discern which of factors we identified

as critical (FASH) underlies the judgment. Thus, prior to starting

the survey, we explained the suitability terms and the factors to

participants. In addition, we showed two videos displaying the first-

person view of a MR user in a share space. After the introduction,

participants continued answering demographic questions before

starting with the main part of the survey.

Scenarios. The main part of our survey consisted of 18 scenarios

participants had to judge. Each scenario is a photo taken from first-

person view of a hypothetical MR user. In each photo, we manually

designed bounding boxes to create challenging scenarios for the

VLM to analyze, following this rule: Placing a widget within the

bounding box must affect one or more FASH factors (e.g., occluding

or being near a person the user is talking to, blocking an important

safety-related sign). Participants had to rate these areas for their

overlay- and interaction suitability. We selected these scenarios

to capture a wide variety of situations , including typical shared

spaces (restaurant, airplane, home, office), social contexts (alone,

with friends, strangers) and tasks (recreation, work). Figure 4 shows

three scenarios presented in our survey with the respective areas

(illustrated through bounding boxes) participants had to judge.

Questions. For each of the highlighted areas of a scenario, partici-

pants had to answer four questions. First, they were asked to rate

the suitability of overlaying a virtual UI element on each area (QO:
“Please rate the suitability of overlaying a virtual UI element on

each area in a Mixed Reality experience”). Second, they should rate

the suitability of directly interacting with envisioned virtual UI ele-

ments that were to be positioned in each area (QI: “Please rate the
suitability of directly interacting with virtual UI elements displayed

in each area. Note: All virtual elements are positioned within your

arm’s reach. If a virtual element covers a physical object, interacting

with it means physically touching that object.”). Responses to both

questions were recorded using a 5-point Likert scale, with options

ranging from “Unsuitable” to “Suitable” (1: “Unsuitable”, 2: “Some-

what unsuitable”, 3: “Neutral”, 4: “Somewhat suitable”, 5: “Suitable”).

If participants selected ‘unsuitable’ or ‘somewhat unsuitable’ for an

area in either question, they were asked to provide the reason (QR-
O/I: “If you selected ‘unsuitable’ or ‘somewhat unsuitable’, please

select the primary reason for your choice.”). The response options

corresponded to the underlying factors outlined in the survey’s

introduction (Functionality, Social Acceptability, Health & Safety,

Aesthetics, Other with a text field to specify it).

6.2 Participants

We recruited 50 participants (16 female, 34 male), ages 22–50 (M=32,

SD=9.1) from an online crowd-sourcing platform. To guarantee a

certain level of VR experience among participants, we screened

them to ensure they used a VR device at least 6 times a month.

Of those, 13 participants reported using VR more than 15 times

a month, 7 participants used it 11–15 times, and the remaining

participants used it more than 6 times per month. Participants also

reported their frequency of using direct touch to interact in Mixed

Reality: 3 participants reported daily use, 13 mentioned using it

several times aweek, 18 indicated they used it several times amonth,

and the remaining participants used it less frequently. Participants

completed the survey in 45min and received £6 as a gratuity.

We excluded participants that answered one third of our control

questions wrong (more than 6 out of 20 control questions) as well

as participants that gave extreme extreme median responses (1:

“Unsuitable” or 5: “Suitable”) with a standard deviation lower than

one across all areas and images. Consequently, the data from 42

participants (ptps) were used in the analysis.

6.3 Generated suitability ratings

To generate results with SituationAdapt, we employed the identical

scenarios and areas as for participants, and used the requests out-

lined in Section 4.2 to generate results with our perception module.

To ensure a matching sample size, we produced ratings from 42
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Figure 4: Our survey covered these and other scenarios. Participants rated the overlay and interaction suitability for each area.

distinct VLM instances, aligning the quantity of ratings between

participants and SituationAdapt. We split the scenarios in training-

and test set and add the training set (9 out of 18) to the context

of VLM instances following the process described in Section 4.2.

We then generated ratings for each question across the unseen

scenarios, resulting in ratings from 42 VLM instances (vlms) across

9 scenarios with 3 or 4 areas each. For our analysis, this yielded a

total of 1,344 ratings per condition (vlms and ptps).

6.4 Results

The goal of our analysis was to determine if SituationAdapt assesses

overlay and interaction suitability of social scenarios similar to

the population of experienced MR users. Hence, we postulate the

following null hypothesis:

𝐻0 Instances of vlms provide overlay/interaction suitability ratings

that deviate more extreme than those provided by individual

ptps in comparison to their broader population.

To analyze QO and QI, we employ bootstrap hypothesis testing [1,

23]. For each ptp and vlm, we assess if their ratings significantly

deviate from the rest of ptps for every scenario and area (using

the Mann-Whitney U test). Across all 1764 bootstrap iterations,

we count the percentage of instances where the ratings of an vlm

diverge more often than those of a ptp and normalize this count

with the number of total comparisons, which determines the p-

value [23]. For both questions, we can reject 𝐻0 (QO: 𝑝 < 0.04; QI:
𝑝 = 0.0), indicating that vlms rate scenarios not significantly more
different to all ptps than any individual ptp.

Analyzing the distributions of vlms and ptps across areas and

scenarios reveals that the standard deviation of ptp responses is

consistently larger than that of vlm responses (QO: ptps 𝑆𝐷 = 1.72,

vlms 𝑆𝐷 = 1.18; QI: ptps 𝑆𝐷 = 1.74, vlms 𝑆𝐷 = 1.11). This can

also be seen in the area ratings of the subway scenario (Figure 4,

middle). Its boxbplots exemplify that medians of both conditions

frequently overlap (Figure 5, 5c, 5e, 5f). For areas where they do

not, ptps often exhibit an even higher standard deviation in their

ratings (Figure 5).

In addition, we explored whether vlms and ptps provided the

same reason when an area was deemed unsuitable, i.e., when the

median rating for both groups fell below 3 - ’Neutral’ (0.28 of areas

of both QO and QI). Specifically, we compared the fraction when the

mode of responses for questions QR-O/I was consistent across both
groups. The mode for QR-O was identical between ptps and vlms

in 50% of ratings (chance would be 20%). For QR-I, this similarity

was observed in 25% of ratings.

6.5 Discussion

Our findings suggest that SituationAdapt’s reasoning module is

capable of assessing situations in shared social spaces not different

than experienced MR users. When evaluating both the suitability

of overlays and the appropriateness of interactions, instances of

vlms did not assign more extreme ratings to situations than ptps.

Our analysis also revealed that vlms consistently assigned high

ratings for overlay suitability to areas featuring any type of display

(𝑀𝐷 = 5, 𝑆𝐷 = 0.72), regardless of the context or the display’s status

(on or off). In comparison, ptps’ assessments of display overlay

suitability varied (𝑀𝐷 = 4, 𝑆𝐷 = 1.62), showing that participants

(a) (b) (c)

(d) (e) (f)

Figure 5: Boxplots of the overlay (a–c) and interaction (d–f)

suitability ratings of participants (ptps) and VLM (vlms) for

the subway scenario (Figure 4, middle). For both questions,

it can be seen that the standard deviation of ptp responses is

consistently larger than that of vlm responses. The boxplots

further show that medians of both conditions frequently

overlap (b, c, e, f). For areas where they do not, ptps often

exhibit a high standard deviation in their ratings (a).
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Figure 6: Our study setup replicated a university seminar

room, where the participant was sitting in the last row and

another attendee was seated in the row ahead.

took contextual factors, such as whether the display was active,

into account. To mitigate the influence of this bias from vlms on

our findings, we removed all areas with displays from our analysis

(affecting three areas in total). Furthermore, we implemented a

refinement in the context prompt provided to the VLM (added the

sentence: “When a monitor displays content, overlaying a virtual

element on top of it is unsuitable.”).We used the new context prompt

to generate results for the MR layout study and the applications.

While our statistical analysis showed that vlms did not assign

more extreme ratings than ptps, their reasoning about the un-

suitability of certain areas for UI element placement differs (with

50%- [QR-O] and 25% overlap [QR-I], respectively, by a 20% coinci-

dence rate). It is important to mention that we did not specifically

fine-tune vlms for reasoning responses, as our system is mainly

concerned about suitability ratings. Consequently, we anticipate

that the reasoning alignment between vlms and ptps would also

increase through a fine-tuning process.

7 EVALUATION OF MR LAYOUT ADAPTATION

To evaluate if our approach generates MR layouts that better adapt

to situations in shared spaces, we compared it with two baseline

adaptation methods. Our study thus investigated the impact of our

approach on the positioning of UI elements within shared spaces,

taking into account their (1) overlay in the physical environment

and (2) assessing the ease of direct interaction with them.

7.1 Study design

We used a within-subject design with two variables: task (2 levels:

listening comprehension, discussion), and method type (3 levels:

UserCentric, SurfaceAdapt, SituationAdapt). For each displayed UI

element, we collected participants rating for its overlay- and inter-
action suitability. Thus, we slightly adjusted the questions of the

survey (overlay suitability: "Please rate the suitability of displaying

the [UI element] where it was in this room."; interaction suitability:

"Please rate how acceptable you found the direct interaction with

the [UI element] given your surroundings and the people and ob-

jects in it."). Responses were recorded using a 5-point Likert scale,

listening comprehension discussiona b

Figure 7: Participants’ perspective of the adapted MR UI dur-

ing the (a) listening comprehension and (b) discussion task.

with options ranging from 1 - "Unsuitable" to 5 - "Perfectly Suit-

able". Participants were asked to score the suitability considering

the FASH factors of the user interface. Therefore, they were intro-

duced to these factors at the beginning of the study. The task order

was fixed while method type orders were fully counterbalanced.

Environment. Mimicking a shared social space, we ran the study in a

seminar room of a university (Figure 6). The participant was seated

in the last row. In the row before them the experimenter acted

as another person attending the lecture. Depending on the task,

they either watched the lecture or engaged with the participant.

The lecture was played on a large screen before both of them. This

environment included several FASH-relevant features, including

functionality (display on/off), social acceptability (person facing to-

wards/away), and health & safety considerations (a drink that could

be spilled if occluded). These factors were the most frequently cited

in our first study and are common in other real-world scenarios.

Tasks. The study involved two tasks typical of a lecture setting and

purposely designed to alter the context within the seminar room.

Participants first performed a listening comprehension task, which

involved watching a geography lecture on a state of Switzerland

and answering simple questions (e.g., number of inhabitants of a

state) by typing the answers into a notepad widget of the MR UI

(Figure 7a). In this task, participant and the experimenter were

focusing on the video lecture playing on the large screen.

Subsequently, participants performed the discussion task. Thus,

the experimenter turned around and engaged in a conversationwith

the participant. They asked the participant two questions about

the geography of the state (i.e., highest point of elevation, number

of lakes). The participant could answer the question by scrolling

through a Wikipedia page or looking at the map of Switzerland.

Both were provided as widgets in the MR UI (Figure 7b).

Methods. We compared UserCentric, SurfaceAdapt, and Situation-
Adapt. All conditions were implemented using AUIT [15]. To ensure

a fair comparison, all conditions were made aware of the objects

(TV screens, paper cup, desk), the available free spaces, and the

person present in the participant’s surroundings. Thus, we manu-

ally aligned the virtual and physical environments and represented

objects as 3D bounding boxes within the AUIT optimization space.

UserCentric places elements in a sphere around the user using the

distance, field of view, look at, occlusion terms, constant view size of

AUIT. In addition, we set a physical anchor for the keyboard to align
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with the desk. The weights assigned to the various factors are as

follows: occlusion is weighted at 0.3, look at at 0.1, distance at 0.15,

field of view at 0.3, and constant view size at 0.15. It is comparable to

how virtual environments are displayed on commercial platforms

such as Meta Quest or Apple Vision Pro.

SurfaceAdapt uses the same terms as UserCentric, and further

incorporates the interaction term described in Equation 4. To prior-

itize placement of elements on surfaces, the interaction suitability

score 𝑖𝑏 was empirically set. The interaction frequency 𝑓𝑣 of each

virtual element was designed to fit its functionality. The weights

assigned to the various factors are as follows: occlusion is weighted

at 0.2, look at at 0.1, distance at 0.1, field of view at 0.2, constant view

size at 0.1, and interaction suitability at 0.3. The condition serves as

a representative baseline for methods aligning MR UI layouts with

physical surfaces, as it has demonstrated usability benefits [9].

SituationAdapt represents our system’s output. To ensure a stable

environment across conditions, we also use the predefined physical

environment with it. To attain ratings from our reasoning module,

we captured a photo from the position of participants with a camera

and manually annotate the 2D bounding boxes for each object of

the defined physical environment. To simulate a realistic setting, we

ran a separate VLM query for each participant and used the attained

ratings in the MR UI optimization. . The training data split of the

online survey was again added as context to the VLM. We used the

same values for interaction frequency 𝑓𝑣 than in SurfaceAdapt. The
weights assigned to the various factors are as follows: occlusion

is weighted at 0.2, look at at 0.05, distance at 0.1, field of view at

0.2, constant view size at 0.1, overlaying suitability at 0.15 and

interaction suitability at 0.2.

7.2 Procedure

Participants started the study by completing a consent form and a

demographic questionnaire. They then performed a training trial

in which they familiarized themselves with the available UI ele-

ments and practiced interaction. During training, participants were

introduced to the FASH factors and how they influence MR UI

layouts in shared spaces. Afterwards, participants completed the

conditions of the study, performing lecture and discussion tasks

for each of the three adaptation methods (completing six trials in

total). Participants completed a questionnaire after each trial. Fi-

nally, participants ranked the three adaptation methods according

to preference. They completed sessions in under 30 minutes.

7.3 Participants

We recruited 12 participants (4 female, 8 male), ages 22–29 (M=26,

SD=2.1) from a local university. They reported their frequency of

using a VR/AR headset and using direct touch for MR interaction.

For both questions, two participants mentioned using it several

times a week, while eight indicated usage several times a month,

and the remaining two participants reported less frequent usage.

7.4 Results

We analyzed the effect of method type across the different tasks

on overlay suitability, interaction suitability, and method prefer-
ence. Due to the ordinal nature of our dependent variables, we

assessed differences with a two-factor Aligned Rank Transform

Figure 8: Mean and 95% confidence interval of participant

ratings per condition for overlaying- (left) and interaction

suitability (right) over all UI elements and tasks.

(ART) ANOVA. Post-hoc comparisons were then performed using

the ART-C algorithm and Bonferroni correction.

We found a significant effect of method type on overlay suitabil-
ity across tasks [𝐹2,66 = 67.35, 𝑝 < .0001]. Post-hoc tests have shown

that SituationAdapt caused participants to perceive UI elements to

be placed at more suitable locations in a shared space compared

to UserCentric and SurfaceAdapt (𝑝 < .0001 for both, Figure 8 left).

Other differences were non-significant.

Similarly, a main effect of method type on interaction suitability
across tasks was found [𝐹2,66 = 68.93, 𝑝 < .0001]. Post-hoc analyses

revealed that participants perceived UI elements as being positioned

in more interaction-friendly locations within shared social spaces

when using SituationAdapt compared to either UserCentric or Sur-
faceAdapt (𝑝 < .0001 for both, Figure 8 right). No other significant

differences were observed.

We found a main effect of method type on participants’ pref-

erence rankings [𝐹2,66 = 143, 𝑝 < .0001]. Participants ranked Situa-
tionAdapt (𝑀 = 1.0, 𝑆𝐷 = 0.0) significantly higher than both Sur-
faceAdapt (𝑀 = 2.25, 𝑆𝐷 = 0.44) and UserCentric (𝑀 = 2.75, 𝑆𝐷 =

0.44; 𝑝 < .0001 for both). We also found a statistically signifi-

cant difference in ranking between SurfaceAdapt and UserCentric
(𝑝 < .0001). No other significant differences were identified.

7.5 Discussion

Participants reported perceiving layouts produced by Situation-
Adapt to place UI elements at locations that are more suitable in

terms of overlaying a shared space. They also perceived UI ele-

ments as being positioned in interaction-friendly locations that are

suitable given the context of a shared space. Participants explained

their ratings, noting that SurfaceAdapt aligns widgets with desks,

making them harder to see compared to mid-air placements, and

UserCentric often ignores the real-world context, frequently ar-

ranging widgets in ways that obstruct the TV or a classmate’s face.

In contrast, SituationAdapt avoids occluding important real-world

areas, places interactive widgets on tables, and positions informa-

tional widgets in mid-air. These results suggest that SituationAdapt
can generate MR layouts that consider the situation of the shared

space surrounding the user. Moreover, the results indicate a pref-

erence for layouts generated by our method over UserCentric and
SurfaceAdapt, highlighting the positive impact of adapting to the

user’s shared surroundings on layout preference.
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8 SCENARIOS

We demonstrate SituationAdapt’s ability in comprehending the

context within a shared space and accordingly optimizing the place-

ment of virtual elements across two distinct scenarios.

8.1 Discussion over lunch

We demonstrate SituationAdapt within a cafeteria setting. In this

context, the user takes a break fromwork and is having lunch.While

eating, the user watches sports videos through a virtual browser,

surrounded by various virtual widgets such as sports news and

messaging apps (Figure 9a). According to this initial context, all

virtual elements are placed around the user, optimizing their visi-

bility and spatial distribution. After a while, the user’s colleague

comes to the table, activates the laptop and starts a chat with the

user. Our perception module detects the colleague and the laptop

and fits the respective 3D bounding boxes (Figure 9b). The reason-

ing module detects that the colleague faces the user and that the

laptop is turned on and provides suitability ratings. Based on these

ratings, our optimization module dynamically adjusts the layout of

virtual elements. All virtual elements are re-positioned away from

the colleague and prevented from overlaying the laptop, ensur-

ing the content under discussion remains unobstructed (Figure 9c).

This scenario demonstrates how SituationAdapt adapts an MR UI

according to the factors of ’Functionality’ and ’Social acceptability’.

8.2 Preparing a meal

We demonstrate SituationAdapt in the context of a food preparation

scenario. While this scenario does not feature other people, we

chose it to demonstrate the usefulness of our system’s adapted

layouts in single-user workspaces. Within this context, the user

first browses groceries, online recipes, and cooking videos in their

office, where all virtual elements are placed on surfaces optimized

for touch interaction. Once the user arrives in the kitchen and puts

the headset on, the widgets adhere to physical surfaces according

to their initial objective of facilitating interaction. As a result, the

virtual elements occlude important physical objects in the kitchen,

including plate and knife on the counter as well as a warning sign on

the wall (Figure 9d). Our perceptual module identifies the respective

objects in the environment, and extracts their 3D bounding boxes

(Figure 9e). Subsequently, the reasoning module detects the best

locations for placing virtual elements in the environment. Based

on the ratings, our optimization module dynamically changes the

layout to keep the virtual elements visible and prevent occlusion of

warning sign, knife and plate (Figure 9f). This scenario exemplifies

how SituationAdapt considers the factors of ’Health&Safety’ and

’Functionality’ when adapting MR user interfaces.

9 DISCUSSION & FUTUREWORK

We developed SituationAdapt to enable immersive interfaces to

adapt to the situational context in shared spaces. In the follow-

ing, we discuss limitations of our work as well as remaining open

questions related to the research direction in general.

Perception of surroundings. While the implementation of our per-

ception module is a means to an end, we still want to discuss its lim-

itations. With RTAB-Map [2], we build on top of a traditional SLAM

approach that was designed to map and navigate static environ-

ments without considering moving objects. To overcome this limi-

tation, we manually re-initialized it with each contextual change,

allowing us to retain a new 3D map per situation. Future research

should use Dynamic- [58] or Semantic SLAM approaches [5] to

track moving objects and people in the environment.

Our implementation of the perception model is also limited by

the set of objects that YOLOv3 can recognize, which furthermore

do not include large surfaces like walls. Future work should rely on

objects detection methods that span a vast set of categories [63] and

fuse these informationwith real-time segmentation approaches [59]

to also gain an understanding of the surfaces in the scene.

In our current implementation, the user themselves communi-

cates a contextual change via button press to the perception module.

Future research should investigate how such a change could auto-

matically and reliably be detected. One possible strategy could be

to leverage positions and confidence values of a Semantic SLAM to

discern when an object becomes relevant to the user’s context.

Furthermore, SDKs of future MR headsets should grant devel-

opers access to environment reconstruction and understanding

features, facilitating the creation of context-aware applications

without needing external hardware or redeveloping localization,

mapping, and semantic understanding functionalities.

User study. We evaluated SituationAdapt in a single scenario, in

which the context in a simulated lecture changed from watching a

video to discussion with a classmate. However, the context of real-

world shared spaces is typically more dynamic, including multiple

individuals who may be strangers or friends. In addition, our user

study only manipulated the shared space considering ’Health &

Safety’, ’Function’ and ’Social acceptability’ of the FASH factors.

Future research should explore the functionality of our system in

real-world shared spaces and also investigate how users perceive

UI adaptations caused by all of the FASH factors.

VLMs for UI adaptation. In our reasoning module, VLMs utilize

users’ field of view as input alongside pre-designed prompts to

attain human-like suitability ratings. However, users may have

additional information beyond the current field of view when as-

sessing the suitability of placing virtual elements in a shared space.

For instance, users might prioritize overlaying virtual elements

over strangers in public spaces while preferring to keep friends

unobstructed. Inferring these relationships solely from images is

unfeasible. We believe that prompting VLMs with user-specific

historical data and information could help construct a context for

each user and thus facilitate personalized adaptive user interfaces.

As current MR devices are designed mostly for indoor use, all

scenarios in our survey were focusing on indoor environments.

Initial tests in outdoor settings revealed that the VLM frequently

took into account factors human evaluators considered as insignifi-

cant. Future research should investigate how VLMs comprehend

shared outdoor environments and explore methods to improve their

ability to accurately assess these settings. With AR glasses soon

to become a mainstream consumer device, this would enable MR

layout adaptation to shared outdoor spaces.

In the broader context of general HCI, we believe that our re-

search sheds light on whether AI models are able to simulate user
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(a) (b) (c) (d) (e) (f)

Figure 9: We demonstrate SituationAdapt’s versatility in six use-cases: (a) the user browses sports news while having food,

(b) debug output of the perception module showing the point cloud and the detected bounding boxes for the colleague (blue)

and the laptop (green), (c) the virtual interface is adapted to keep the colleague and laptop unobstructed, (d) the user puts

the headset on finding virtual elements to occlude the plate and the warning sign, (e) debug output of the perception module

illustrating the point cloud and the bounding boxes for the sink (purple), plate (green), and warning sign (glue), (f) the virtual

elements are adapted to keep the plate, sink and warning sign unobstructed.

behavior, contributing to the discourse on AI versus human reason-

ing. In our study, we found an interesting dichotomy in that the

VLM was capable to provide ratings not different than experienced

MR users, however, it struggled to provide reasoning that aligned

with the rationale of these users. This aligns with findings from

other studies indicating that LLMs can produce artificial responses

to open-ended survey questions [53]. Future research should dive

deeper into validating if AI models can simulate human partici-

pants in the context of user evaluations and further investigate the

differences between human and AI reasoning.

10 CONCLUSION

We have presented SituationAdapt, an end-to-end system that con-

siders social and environmental factors in optimizing UIs for Mixed

Reality in shared spaces. SituationAdapt perceives the physical en-

vironment with real-time object detection and 3D mapping, then

reasons about the suitability of placing virtual elements with a

VLM, and optimizes the MR interface accordingly.

To validate our approach, we conducted an online survey where

we compared VLM responses to those of experienced MR users in

terms of understanding the context of shared spaces. Results suggest

that the VLM judged the situations not different than participants.

We then evaluated the suitability of the MR layouts generated by

SituationAdapt during a lecture scenario and compared it with two

baseline approaches. We found that participants rated Situation-

Adapt’s layouts as more suitable and fitting within the situated

context of the shared space.

We believe that our approach contributes an important step

towards truly context- and situation-aware MR systems, enabling

their adaptation to the nuances of shared social settings. We argue

that this will be key to enabling MR device use in mobile settings

beyond controlled home and office spaces.
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In ECCV.

A CONTEXT PROMPT OF LLM

We utilized the following prompt to establish the context for the

Large Language Model (LLM). This example focuses on setting the

context for overlay suitability, whereas the prompt for interaction

suitability was similar.

"You will mimic a participant of a survey in which participants

had to rate the suitability of Mixed Reality layouts that overlay

User Interfaces onto parts of the real world. Thus, you will rate

the suitability of directly interacting with virtual UI elements that

you imagine be placed on each highlighted area of an image.All

virtual elements would only be visible to you, not to other people

in the image. All virtual elements would not obstruct the view

of other people or light. The people you can see in the image

are someone else, not yourself. You will rate the suitability of

each area on a score that ranges from 1 to 5 where 1 means

’unsuitable’, 2 means ’somewhat unsuitable’, 3 means ’neutral’, 4

means ’somewhat suitable’ and 5 means ’suitable’.

You will be asked to give the primary reason for your choice of

suitability. Optional reasons are: functionality, social, health &

safety, aesthetics, and other. Functionality means: the UI element

hinders the functionality of the physical object. Social acceptabil-

ity means: looking at or interacting with the UI element would be

socially inappropriate. Health & Safety means: the UI element oc-

cludes safety critical information or may lead to sanitation issues

during interaction. Aesthetics means: the UI element impairs the

visual appeal of the physical surroundings. Other means: your

primary reason is not covered in the list above.

To improve your ability to imitate a participant, youwill be shown

images they have evaluated and receive information about the

median and standard deviation of their ratings for the highlighted

areas of these images. Please take these ratings into account when

judging new images."

The following prompt was utilized to provide the LLM with an

understanding of how a group of users evaluated specific areas of

a certain image (the numerical data is illustrative).

’Participants of a survey provided the followingmedian responses

along with standard deviations for the direct interaction suit-

ability of the areas in this image: area 1: median 2.0, standard

deviation 1.74; area 2: median 1.0, standard deviation 1.52; area

3: median 4.0, standard deviation 1.78;’
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