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Abstract
When facing a new Graphical User Interface (GUI), users compare

it with familiar interface and try to transfer knowledge between

interfaces. However, existing methods for computing interface

similarity often rely on black-box models or structural heuristics,

limiting their interpretability and generalizability. In this paper,

we introduce a user-centered approach for computing perceptual

interface distance, leveraging key dimensions such as layout, se-

mantics, and spatial relationships. Our method achieves greater

transparency while maintaining accuracy, as demonstrated through

benchmarking against CNN-based and structure-driven similarity

models. These findings contribute to HCI research by providing a

systematic, explainable framework for assessing interface similar-

ity, supporting knowledge transfer across interfaces and software

and UI design consistency.

Résumé
Lorsqu’ils sont confrontés à une nouvelle interface utilisateur gra-

phique, les utilisateurs la comparent à des interfaces familières

afin d’estimer leur degré de similitude pour déterminer les connais-

sances qui peuvent être transférées. Le développement de méthodes

qui reflètent cette similarité perçue pourrait aider à prédire dans

quelle mesure des connaissances sont transférables d’une interface

à l’autre. Cependant, les méthodes existantes de calcul de simila-

rité des interfaces reposent souvent sur des modèles de boîte noire

ou des heuristiques structurelles, ce qui limite à la fois leur inter-

prétabilité et leur généralisation. Nous proposons une approche

centrée utilisateur pour estimer la distance perceptuelle entre inter-

faces, en exploitant disposition, sémantique et relations spatiales

des éléments. Notre méthode assure transparence et précision, et

offre un framework explicable pour évaluer la similarité des inter-

faces et améliorer le transfert de connaissances et la cohérence de

conception.
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1 Introduction
Graphical User Interfaces (GUIs) vary significantly across software,

differing in layout, structure, metaphor, terminology, and visual

representations. As a result, upon launching an unfamiliar software,

users must interpret its GUI to interact with it efficiently [20, 34]

by infering the behavior of the interface, the purpose of avaible

features, their interactions from her prior knowledge [26, 57]. To do

so, users assess both similarities and differences between new and

familiar interfaces to determine the knowledge they can effectively

transfer [44, 54] and reason adequatly about the interface. The

differences that may arise between the familiar interface and the

unfamiliar one impact how easily users transfer knowledge from

one interface to another.

This process of estimating the perceptual gap between two in-

terfaces, which we refer to as interface distance in this work, poses

a cognitive challenge for users as it requires drawing parallels be-

tween their mental models [3, 54], relocate feature across interfaces

[6], translate vocabulary incoherences [39]. Indeed, spatial mis-

matches can hinder user’s ability to transfer knowledge effectively

[50], as well as vocabulary inconsistency across software which

results in different terminologies for similar tools [51]. When facing

different interfaces, users perform technical reasoning to infer the

purpose of features from existing knowledge [55]. This process aim

to assess the similarity of a new tool to familiar ones, applying

conceptual knowledge gained from prior experience to infer how

the new tool should be used [42]. For example, the “free space”

principle of Figma is also shared with multiple others software such

as Miro, which allow an experienced Figma user to infer how to

navigate in the Miro workspace, drawing similarity between these

two software while having different purpose.

Estimating how users perceive interface distance is crucial for
designing consistent interfaces when migrating software or devel-

oping new tools with shared functionalities. Understanding this

distance helps predict how users will navigate unfamiliar designs
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based on prior knowledge and assess how usability updates in

GUIs impact users’ perception of change. Existing computational

methods for interface similarity have key limitations. The main

approach in HCI has been to leverage neural networks with fine-

tuning to compute interface similarity [7, 8, 17, 18, 21], as they

can capture complex features, including human perceptual simi-

larity [65]. However, these models often function as "black boxes"

[49], making their results difficult to replicate and interpret for

decision-making. Other approaches focus on structural similarity

[11, 15, 16, 23, 64], particularly in web interfaces, where structural

and hierarchical data is more readily accessible rather than focus-

ing on what users actually perceive, making them less effective in

predicting knowledge transfer. To bridge this gap, we propose a

refinement of existing metrics that incorporates user perception for

computing interface distance, offering a more transparent, general-

izable, and interpretable method for computing interface distance.

This approach enables designers to identify and interpret key di-

mensions of interface similarity, guiding more informed design

decisions.

In this paper, we introduce a method for computing the per-

ception of interface distance using human assessments, ensuring

transparency and reproducibility across software interfaces. We

then benchmark it against existing methods, and discuss the results.

Our findings aim to inform the design of GUIs that better support

knowledge transfer across software by providing a computational

method to estimate how users will perceive the distance between
two interfaces.

2 Related work on computing interface
similarity

When encountering a new GUI, users interpret on-screen elements

by inferring tool functions based on their prior knowledge of famil-

iar interfaces and the similarities they recognize between the new

and known systems. This section reviews various approaches for

estimating how users perceive interface similarity.

2.1 Quantifying the distance between images of
interfaces

Computer vision has long explored techniques for recognizing sim-

ilarity between images, particularly for object detection and scene

matching. Early approaches relied on visual features to detect and

compare visual patterns, such as Scale-Invariant Feature Transform

(SIFT) [33], edge based orientation algorithms [47], low dimen-

sional representation of a scene [41] and color histograms [56].

Later, deep learning became the standard approach in computer

vision, enabling models to automatically learn high-level features

that are more robust to variations in lighting, scale, and perspective

[48]. Inspired by these advances, HCI research has applied simi-

lar methods to compare graphical user interfaces (GUIs), aiming

to quantify interface similarity based on visual and structural at-

tributes. Building on the established fact that deep features seems

to be very accurate to assess the visual similarity between the im-

ages of two interfaces [65], standard state-of-the-art techniques in

computer vision uses CNN (Convolutional Neural Network) [17]

or GCN [36] (Graph Convolutional Network) to get objective mea-

surements from GUIs [15, 21] usable to compute interface distance.

However, these models suffer from a fundamental limitation: they

operate as “black boxes” [49] which make it difficult to interpret

the features they learn. In practice, they can provide a numerical

similarity score, but without insight into the underlying dimensions

of comparison. This lack of transparency makes it challenging to

use these models for actionable UI improvements or to explain why

two interfaces are considered similar or different. Moreover, repro-

ducibility is a major issue: many deep learning models require large,

proprietary training datasets, which are often unavailable or in-

consistent across studies, making independent verification difficult.

Finally, these methods rely solely on system-inferred similarities,

without incorporating user perception, meaning they assess what

an algorithm deems similar, not necessarily what users actually

perceive as similar. On the other hand, some studies have attempted

to correlate users’ affective judgments with low-level image statis-

tics extracted from website layout structures, demonstrating that

these metrics can approximate participants’ perception of visual

complexity [68]. This approach was followed up by Reinecke et al.

who addressed the lack of perceptual models by proposing a model

that assess the visual complexity and colorfulness to predict the

judgment of website aesthetics [52, 53].

2.2 Computing interface distance using models
that support GUI matching

2.2.1 From app hierarchy. Prior research in this area have relied

on app metadata or app hierarchies to assess interface similarityat

the application or screen level. NEAR uses the DOM tree in the web

context to detect near-duplicate pages on the web [64]. Zhang et

al. [67] used a set of screen equivalency heuristics based on GUI

identifiers and semantic structures found in Android screen hierar-

chies to determine screen equivalences for accessibility annotation.

These heuristics leverage toolkit metadata, developer-provided in-

dicators, and UI element properties to reliably identify screens

that match predefined template screens. Multiple works have been

using models to produce semantic representation of UI elements

[13, 18, 31, 32, 36] enabling screen similarity computation using

underlying view hierarchy information.

These methods are applied across various domains and serve

different purposes; however, they lack the fine-grained precision

needed to address the perception of similarity explored in this study,

as they rely solely on structural descriptions of the interface rather

than on how users actually perceive it.

2.2.2 From pixels. Malisa et al. [35] trained a model to compare a

reference screen to the currently displayed screen to identify visual

cues that are likely to be omitted by human viewer. In a similar

fashion, Feiz et al. [18] proposed a screen similarity model able

to recognize instances of a same screen by comparing a reference

screen to a collection of screen. Screen Recognition [66] detects UI

elements on iOS screens from on-screen pixels. While this work

does not attempt to identify similar screens, it can provide data

for screen similarity detection. Screen Parsing [62] and VINS [11]

detect UI elements from pixels and infer their hierarchy for UI

similarity search, primarily across different apps. These methods

retrieve layout information from GUI screenshots but omit visual

appearance cues that are essential for user’s estimation of interface
distance.
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Computation method Explainable Reproductible Estimate u.p.1 Use h.a.2

Deep networks × × ✓ ×
Mixed (EMD + tree-edit distance) ✓ ✓ × ×
Layout-based ✓ ✓ × ×
User-centered interface distance ✓ ✓ ✓ ✓

Table 1: Comparison between our user-centered approach for estimating user’s perception of interface distance and related
works.
1 Estimate user perception. 2 Use human assessments for understanding of the underlying concepts of the interface (visual
representation of features, expected behavior of the interface, vocabulary and semantic groupings).

Pixel-based approaches therefore analyse the same stimulus that

a user perceives when confronted with a new interface for the first

time and tries to find similarities with familiar interfaces, but do

not attempt to model the way in which the user will identify these

similarities and estimate a distance between two interfaces.

3 A user-centered approach on estimating
perceived interface similarity

To compute interface distance, we chose to follow prior approaches

which decomposed the studied concept into multiple underlying

dimensions [37]. This section discusses the selected dimensions

of interface distance based on the literature and the approach to

compute a score of distance between two interfaces.

3.1 Perceiving interface similarity: a
user-centered approach beyond deep visual
representations

The effectiveness of deep features in assessing perceptual similarity

between images [65] could be debatable for interfaces, as GUIs

combine static visuals with reconfigurable elements and interactive

potential [43], particularly in feature-rich software [28]. We argue

that a more fine-grained approach, incorporating user-centered

perceptual metrics, can better estimate the distance users perceive
between two interfaces (Table 1 summarize the pros and cons of

existing methods). To our knowledge, no research has explicitly

examined users’ perception of interface distance between GUIs,

particularly at first exposure. Addressing this gap is crucial for

estimating how users’ will perceive a new interface as familiar and

be able to transfer knowledge.

In parallel problems, such as visual complexity, researchers have

often decomposed the concept into multiple underlying dimen-

sions [4, 37]. Similarly, since interface comparison relies on the

memorization of visuo-spatial information [10], prior research on

visuo-spatial working memory (VSWM) can help identify key com-

ponents of interface distance. Uddin and Gutwin [61] highlighted

four crucial aspects that users rely on for memorizing and com-

paring interfaces: (1) interface layout (the arrangement of screen

regions), (2) command groups (clusters of thematically related com-

mands), (3) icon visual appearance (which convey tool functionality),
and (4) the relative positioning of UI elements based on spatial land-

marks such as corners and edges. These findings align with VSWM

research, which suggests that applying Gestalt principles of group-

ing (connectedness, similarity, and proximity) [45] enhances inter-

face memorization. Indeed, users tend to organize information into

spatially structured chunks [25, 45] rather than processing GUIs

feature by feature, enabling comparisons that are either holistic or

focused on a chunk-by-chunk basis.

In the case of GUIs, image similarity computation alone is insuffi-

cient to capture how users perceive interface similarity. Instead, we

should identify the key dimensions of interface distance that users
rely on to recognize similarities and differences between interfaces,

to better estimate user’s capabilities to transfer knowledge from

familiar to new interfaces.

3.2 Dimensions of interface distance
Our selection of dimensions as components of interface distance
is grounded in prior research on visuo-spatial working memory

(VSWM) and knowledge transfer across GUIs. Users primarily rely

on structured spatial memory to compare interfaces, leveraging

key visual and structural attributes to recognize similarities and

differences [61]. The layout arrangement and the clustering of

commands are fundamental, as users organize information into spa-

tial chunks rather than analyzing individual elements in isolation

[25, 45]. Spatial positioning of UI elements serves as a critical

navigational aid, reinforcing recognition and recall of interface

elements [61].

Beyond spatial organization, feature recognition is facilitated

by the visual appearance of icons and their text labels, which convey

tool functionality through familiar cues. Similarity between icons

can further support “technical reasoning”, enabling users to infer a

tool’s purpose. [54]. Interface modularity (i.e., the freedom to man-

ually rearrange UI elements) has been shown to play a role [14, 61],

as it can alter perceived complexity and hinder knowledge transfer

by disrupting learned spatial relationships [59]. Language influ-

ences perception by affecting users’ ability to understand interface

labels and efficiently transfer knowledge across interfaces [40, 63].

Finally, as our focus is on the first exposure to a new interface, we

also included color scheme as prior research has demonstrated its

usefulness to assess first impressions similarity [53, 56].

By considering these seven dimensions, we move beyond purely

visual similarity to a user-centered approach that accounts for how

individuals perceive interface similarities and differences to trigger

adequate knowledge.

4 Computing an interface distance metric (Δ)
We quantify the difference between two GUIs, 𝑖1 and 𝑖2 as a multi-

dimensional vector over characteristics identified in prior work.

As a running example throughout this section, we illustrate the

computations on five desktop GUIs: Affinity Designer as reference,
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Figure 1: Plot of the color’s distribution as fraction of the X-axis for each interface, inspired by [9]

and Photoshop, Excel, TouchDesigner, and Blender as targets (see

Figure 4).

4.1 Computation methods per characteristic
Considering a pair of different GUIs 𝑖1 and 𝑖2, we model the dif-

ference between these two GUI in a multi-dimensional vector cal-

culated from the different characteristics we identified from the

literature. Building on existing methods used in the literature, we

propose computational approaches for each dimension of inter-
face distance: ColorScheme, Spatialization, Modularity, Read-

ingFlow, Clustering, FeatureRecognition, Context, OS, and

Language. The approach combines automated and manual assess-

ments, normalizing all scores to a consistent 0 (maximally similar)

to 1 (maximally dissimilar) scale for comparability.

4.1.1 Color scheme. Differences in color schemes can be evaluated

using the HSV histograms of a screen capture of each interface and

the Earth Mover’s Distance to quantify the difference between the

two distributions [56]. The score is normalized using the following

formula:

Δ𝐶𝑜𝑙𝑜𝑟𝑆𝑐ℎ𝑒𝑚𝑒 =
EMD

𝑚𝑎𝑥 (EMD) (1)

where𝑚𝑎𝑥 (𝐸𝑀𝐷) =
√︁
(ℎ

bins
− 1)2 + (𝑠

bins
− 1)2 using both (ℎ)

hue and (𝑠) saturation chanels.

4.1.2 Spatialization. The spatialization difference is calculated us-

ing the approximate mean size-weighted absolute Euclidean dis-

tance (𝑑) [16] between the positions of all remappable components

of an interface 𝑖1 to a 𝑖2 interface (components of similar semantic

value [30] (e.g., toolbars, workspace, panels...) or similar features

such as font size, color picker...), normalized by the maximum diag-

onal length of the biggest screen𝑚𝑎𝑥 (𝐷𝑖𝑎𝑔𝑜𝑛𝑎𝑙) (between 𝑖1 and

𝑖2):

Δ𝑆𝑝𝑎𝑡𝑖𝑎𝑙𝑖𝑧𝑎𝑡𝑖𝑜𝑛 =

1

𝑁

∑𝑁
𝑐=1

(
Area of component 𝑐

Total area of all components in 𝑖1
· 𝑑𝑐

)
max(𝐷𝑖𝑎𝑔𝑜𝑛𝑎𝑙) (2)

where 𝑁 is the total number of remappable components and 𝑑𝑐
the Euclidean distance between the component 𝑐 in 𝑖1 and 𝑖2.

4.1.3 Modularity. The modularity score considers the difference

of the degree of independence of interface components. A user’s

perception of an interface’s modularity directly influences their

reliance on spatial memory and layout landmarks when comparing

interfaces [44]. As modularity increases, users are more likely to

assess interfaces based on their customizability and adaptability to

individual workflows [61]. The modularity score of each interface

must thus first be calculated, so that they can be subtracted from

each other to obtain a modularity difference score. Users assess the

possibility of rearranging the interface by moving/resizing/hiding

components independently. So for each interface set of components

(C), components are classified as independent (𝑐𝑖 ) (can be freely

moved or resized inside or outside themainwindow of the software),

semi-independent (𝑐𝑠 ) (can be rearranged with constraints (e.g.,

dockable panels)), or fixed (𝑐 𝑓 ) (cannot be moved or resized) based

on their ability to be moved or resized. The modularity score is

scaled from 0 (fixed interface) to 1 (fully modular interface):

Δ𝑀𝑜𝑑𝑢𝑙𝑎𝑟𝑖𝑡𝑦 =
(0 · |𝑐 𝑓 |) + (0.5 · |𝑐𝑠 |) + (1 · |𝑐𝑖 |)

|C| (3)

4.1.4 Layout arrangement. We approximate layout structure with

a grid decomposition [2], partitioning each interface into a grid de-

tailled enough to capture how users will interpret different regions

of the interface. As example, we defined 12x8 grids for our interfaces

sized of 2048x1168 px. Cells are indexed in scan order to reflect typ-

ical visual scanning patterns. This could be done using eye tracking

systems as we did to plot Figure 3 using a sequence analysis or

manually rating by informants, or, failing that, relying on expected

order of viewing based on tailored eye scan patterns (e.g., F-pattern

for text-heavy and content-dense interfaces [? ], Z-pattern other-

wise [5], Guttenberg diagram for asymmetrical layouts [22]). We

compute sequence alignment using the Needleman-Wunsch algo-

rithm [38] evaluates the similarity of the two patterns using a basic

scoring system (+1 for match, -1 for mismatch, insertion or deletion)

and normalize the output:

Δ𝐿𝑎𝑦𝑜𝑢𝑡𝐴𝑟𝑟𝑎𝑛𝑔𝑒𝑚𝑒𝑛𝑡 =
𝛿

16

(4)

4.1.5 Clustering. Clusters of interface components are defined

by spatial proximity and functional similarity, grouping together

elements that serve related or complementary purposes (e.g., text-

editing tools or color-selection controls). To assess whether such

clusters are preserved across interfaces, we collect sets of matched

features and groups between 𝑖1 and 𝑖2, evaluate both their over-

lap and the hierarchical organization in which these elements are

embedded. While interface hierarchies can sometimes be extracted

from software accessibility APIs [19], these descriptions are often

incomplete or inconsistently populated. As a result, manual de-

composition can be more reliable (see Figure 4). The outcome of

this process is a named tree representation, in which groups and

individual elements such as features, tools, parameters, and buttons

are denoted, with each leaf explicitly labeled. Similarly to clustering

analysis used for text datasets [60], we use the Jaccard community

coefficient [24], which measures the overlap of clusters between

two interfaces 𝑖1 and 𝑖2 is defined as the size of the intersection
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Figure 2: An example of Spatialization difference computation between the Adobe Photoshop (on the left) and the Affinity
Designer (on the right) interfaces. Remappable elements include similar 1) panels and menu (in blue), 2) feature groups (in red),
3) parameters (in yellow) and 4) tools that produce similar outcomes (in green). For clarity, toolbars were visually extracted and
highlighted separately.

Figure 3: Left-to-right: mean gaze-sequencemaps (average visit order per grid cell) for Excel, TouchDesigner, Blender, Photoshop,
and Affinity Designer. Lower ranks indicate earlier fixations. This sequence maps are used to compute the layout arrangement
delta.

divided by the size of the union of the sets:

Δ𝐶𝑙𝑢𝑠𝑡𝑒𝑟𝑖𝑛𝑔 =
|𝑖1 ∩ 𝑖2 |
|𝑖1 ∪ 𝑖2 |

=
|𝑖1 ∩ 𝑖2 |

|𝑖1 | + |𝑖2 | − |𝑖1 ∩ 𝑖2 |
(5)

4.1.6 Feature Recognition. This dimension requires to name every

visual feature (icon, image or graphical item) and convert labels

into vector representations using a word embeddings technique.

We recommend to use a model that handles subword information

and Out-of-Vocabulary situations such as FastText [1] trained on

a GUI related dataset [27]. For each vector of the smaller set, find

the closest corresponding vector in the other set using the cosine

similarity 𝑐𝑜𝑠 (𝜃 ). The median cosine similarity will represent the

FeatureRecognition score.

Δ𝐹𝑒𝑎𝑡𝑢𝑟𝑒𝑅𝑒𝑐𝑜𝑔𝑛𝑖𝑡𝑖𝑜𝑛 = 1 − 𝑐𝑜𝑠 (𝜃 )𝑀𝑒𝑑𝑖𝑎𝑛 + 1

2

(6)

4.1.7 Language. Multilingual studies proposed several methods

to measure a linguistic distance based on the proficiency to learn

another language but we will be focusing on a method based on

a Levenstein measure [29], which seems to be one of the most ro-

bust for general language classification without language family

a priori [12]. We adopt the approach of Wichmann et al. [46] to

compute normalized Levenshtein distances. First, retrieve the re-

lated labels and text content from the two interfaces and organize

them as paired sequences of related terms (e.g., "Brush", "Eraser",

"Circle" and "Cepillo", "Borrador", "Círculo"). The linguistic distance

is then calculated using Levenshtein distance (LD), normalized by

the length of the longer of the two sequences (LDN), ensuring

comparability across sequences of varying lengths. To account for

accidental similarities arising from shared random features (e.g.,

common labels such as "Close" in unrelated interface components),

we compute the background similarity score, Γ, as the average

LDN between randomly paired, unrelated text content across the

two interfaces. The final linguistic distance between the interfaces,

Δ𝐿𝑎𝑛𝑔𝑢𝑎𝑔𝑒 , is then computed as the LDN between conceptually

matched components divided by Γ:

Δ𝐿𝑎𝑛𝑔𝑢𝑎𝑔𝑒 =
𝐿𝐷𝑁

Γ
=

1

𝑛

∑𝑛
𝑖=1 𝐿𝐷 (𝑠1,𝑦 ,𝑠2,𝑦 )

max(𝑙𝑒𝑛 (𝑠1,𝑦 ),𝑙𝑒𝑛 (𝑠2,𝑦 ) )
Γ

(7)

Here, 𝑠1,𝑦 and 𝑠2,𝑦 represent the 𝑖-th paired sequences from the two

interfaces, 𝑛 is the total number of paired sequences, and 𝑙𝑒𝑛(𝑠)
indicates the length of a sequence 𝑠 .

4.2 Towards a unified scalar representation of
interface distance

The perceptual interface distance between interfaces can be aggre-

gated into a single scalar value by computing the mean across all

dimensions. However, we recognize that a simple mean may not

accurately capture the relative importance of each dimension in

user perception. Determining appropriate weighting coefficients

for each dimension remains an open challenge, which we leave

to future work. A more refined approach could involve empirical

studies to establish optimal weightings that better align with users’

perception of interface similarity. The distance (Δ) between two

interfaces can be represented as:

Δ =

℧∑︁
𝑓

𝑊𝑑 · 𝑆𝑑 (8)
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Figure 4: Left-to-right: decomposition trees used to define the clusters for Excel, TouchDesigner, Blender, Photoshop, and
Affinity Designer. Groups are denoted in blue, individual elements in red.

where𝑊 indicates the weight of the 𝑑 dimension (so𝑊𝑑 = 1

|𝑑 | =
1

7
) and 𝑆 the value obtained for this dimension according to the

methodology declined in the following section.

Figure 5 summarizes per-dimension differences and the over-

all interface distance for the four targets relative to Affinity De-

signer. As expected, Spatialization andModularity yield smaller

distances for Photoshop than for the other interfaces, reflecting

its shared domain as a graphics editor with the reference inter-

face (Affinity Designer focuses on vector graphics, while Photo-

shop is primarily bitmap-based) and their reliance on compara-

ble workspace configurations. In contrast, the proportion of fea-

tures recognizable through visual cues remains relatively stable

across all interfaces, as indicated by the similar values obtained

on FeatureRecognition. All interfaces display large deltas on

Clustering, underscoring substantial differences in how functions

are hierarchized and grouped. These patterns illustrate why a multi-

dimensional approach is needed: structural similarity alone would

miss salient visual and lexical differences, and vice versa.

While we present comparisons to a single reference interface

for conciseness, this computation does not capture how the target

interfaces relate to one another. An avenue for future work would

be to derive a similarity space from the difference scores, since each

score reflects only relative distances to a reference. Such a repre-

sentation could support cross-comparisons and provide a deeper

understanding of the similarities within a set of interfaces.

5 Discussion and future works
This work proposes a set of perceptually grounded metrics for com-

puting interface distance, derived from dimensions identified in

prior literature. The method offers a transparent and interpretable

framework for assessing perceived differences between interfaces,

providing actionable insights for the design of GUIs. Building on the

premise that interface comparison inherently relies on the mem-

orization of one interface to facilitate comparison with another,

we identified key interface characteristics from the visuo-spatial

working memory (VSWM) literature that aid users in memoriza-

tion and, consequently, in comparison. These characteristics are:

ColorScheme, Layout Arrangement, Modularity, Spatial Po-

sitioning of UI elements, Language, and Icon Appearance. They

form the core dimensions of perceptual interface distance from a

user-centered perspective.

While these dimensions are theoretically motivated and imple-

mented using interpretable computations, the method currently

assumes equal importance across all dimensions. At this stage, we

do not propose a validated weighting scheme, as determining the

relative contribution of each dimension remains an open question.

A next step is to empirically assess how users perceive these dif-

ferences and whether certain dimensions should be given greater

weight depending on context or task. Such work would require

dedicated user studies to validate these metrics by comparing com-

puted distance scores with ground truth derived from participants’

explicit judgments of interface similarity.

Our approach offers a transparent alternative to existing deep

learning-based models that are know to compute effectively simi-

larity using a black-box representation, producing undifferentiated

scalar scores that lack interpretability. A benchmark comparing our

method to state-of-the-art models such as CNNs would help clarify

the value of our multidimensional, discriminative representation.

This comparison would be particularly valuable in the context of

software interfaces, where variability across dimensions is likely

more pronounced. Most existing CNN-based models and datasets

focus on web interfaces, which may limit the relevance of such

comparisons due to the growing homogenization of web design

over time, as shown by Goree et al [21]. To our knowledge, no

publicly available dataset currently exists for desktop software in-

terfaces, making this step more challenging but also potentially

more informative for evaluating perceptual interface distance in

more diverse and heterogeneous environments. In parallel, future

work could derive a similarity space from the difference scores,

analogous to a model’s latent space, allowing cross-comparisons

between multiple interfaces and revealing the broader structure of

their relationships.

Finally, a possible next step would be to extend this work beyond

static interfaces to account for the inherently interactive nature of

GUIs, which evolve in response to user input. This could involve

computing perceptual distance between workflows, for instance by

analyzing and comparing command sequences [58]. Alternatively,

this line of work could be extended at a more abstract level by

investigating knowledge transfer across software through system-

wide tasks and functionalities, as a way to model users’ evolving

mental representations of software interfaces [26].

Beyond the technical evaluation, this work raises broader ques-

tions for the HCI community. Understanding how users perceive

differences between interfaces could support adaptive interfaces by

providing a quantifiable estimate of the cognitive effort required for

users to adapt to changes. It may also contribute to the building of

behavioral models of knowledge transfer across software tools and

the study of learning across software tools. Furthermore, interface

distance metrics could inform the design of interface updates by

identifying elements likely to disrupt users’ expectations or work-

flows. Similarly, designers working across a product suite (such as

those from Adobe, Microsoft, Affinity, Autodesk, etc) may benefit
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Figure 5: Results for all distance metrics and the overall interface distancescore, comparing Photoshop, Excel, TouchDesigner,
and Blender against Affinity Designer. Scores are normalized to [0,1]; larger scores denote larger deviations from the Affinity
interface.

from tools that estimate perceptual consistency between newly

designed and existing interfaces.

Taken together, this work outlines a methodological foundation

for computing interface similarity in a perceptually transparent

and explainable way. It opens avenues for empirical validation and

raises conceptual questions on the role of similarity in adaptation,

learning, and interface consistency. These directions would benefit

from further discussion within the HCI community.
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