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Abstract. Interface aesthetics is considered subjective in nature. Most
existing approaches to aesthetic prediction generally rely on centralized
data collection and use average ratings, often ignoring individual user
choices. To address this, we propose a Federated Learning-based model.
To construct the base model, we considered EfficientNet-B0, ResNet-
50, and Vision Transformer (ViT-B/16). To test these three models,
we developed a dataset of 100 website interfaces (50 mobile and 50
desktop/laptop) and had 100 users rate them using the Latin Square
Method. It was observed that EfficientNet-B0 outperformed the others.
Consequently, we considered EfficientNet-B0 as the base model. In the
empirical study, we found that users can be grouped into five types based
on their gender and occupation. Accordingly, five clients were considered
for our Federated Learning algorithm. The Federated Average (FedAvg)
algorithm achieved a promising MSE of only 0.0534.

Keywords: Federated Learning, User Interface, UI Aesthetics, Deep-
learning, EfficientNet-B0, Personalised Aesthetic Prediction.

1 Introduction

The visual aesthetics in user interfaces (UI) play an important role in determin-
ing users’ satisfaction, engagement, and how they perceive a product overall [1].
Users decide whether they like an interface in the first 50 milliseconds [2]. These
initial impressions can be a major factor in their decision to keep using the app
or throw it away. Since mobile and web applications are becoming more and
more widespread, the creators and builders need to come up with UIs that are
not only effective but also nice to look at.

Nevertheless, assessing aesthetics is a profoundly subjective activity because
of human nature [3]. People may have different choices due to their cultural
backgrounds, ages, and genders. Nowadays, most of the methods used to measure
the aesthetic quality of a user interface (UI) are human-based, such as conducting
surveys, hiring experts to review, or conducting heuristic evaluations [4]. These
methods are useful; however, they are not only time-consuming but also very
limited in their ability to be scaled. Additionally, they may even be influenced
by the individual’s bias, which consequently makes them unusable in cases where
the number of designs is very large.
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Machine learning [5–7] and deep learning [8] have the potential to become
the tools for automating aesthetic evaluation. Convolutional Neural Networks
(CNNs) [9] are known for their ability to capture high-level visual character-
istics of images, and they have also been used successfully in image aesthetic
assessment. However, the majority of the current models come up with only one
average aesthetic score that indicates the preference of the general population,
thereby disregarding the fact that aesthetic perception varies from one individual
to another.

In this work, we address this gap by proposing a personalized aesthetic score
prediction system for user interfaces using Federated Learning. Rather than
learning a single global aesthetic model. The adoption of Federated Learning
in this work is motivated not solely by privacy considerations, but by a set of
deeper technical and architectural reasons rooted in aesthetic data itself. Hu-
man aesthetic perception is very personal and very different from one person to
another. As a result, rating distributions among users are very non-IID (Non-
Independent and Identically Distributed). Federated Learning is therefore an
ideal approach for addressing such challenges. By enabling each client to learn
and preserve local preferences while simultaneously contributing to the global
model, the framework supports personalization at scale and reduces the bias in-
troduced by globally averaged patterns. Moreover, it facilitates continuous adap-
tation to evolving user preferences without requiring centralized data collection
or pooling.

Besides that, Federated Learning fits very well with the idea of running sys-
tems at the edge, and that is why the proposed method is suitable for on-device
personalization in browsers, mobile apps, as well as design assistant tools. The
framework also ensures that the raw user data is never transferred from the
local device, which not only safeguards the user’s privacy but also avoids the
centralization of sensitive rating data. In this work, we considered the web in-
terfaces of the fifty websites. For each interface, two versions—mobile and desk-
top/laptop—are considered. The base model of esthetics was designed using
EfficientNet-B0. Following this, the federated average algorithm was used. Ex-
perimental results show that the proposed approach may be a potential candidate
for aesthetics computation.

2 Related Work

Over the years, researchers have tried to measure the subjective property of in-
terface usability. It was observed that there is significant scope to improve the
interface’s usability [10]. Usability is generally measured by five parameters: effi-
ciency, learnability, memorability, error rate, and visual appearance (aesthetics).
Existing works attempt to model aesthetics of an interface as image aesthet-
ics [11, 12]. On the contrary, there are others where interface aesthetics is mea-
sured by the components’ (text [13], image [5], short animation [14]) aesthetics
of an interface and their geometrical properties [15]. In the following, we list
some relevant works related to our study.
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The AVA dataset [16] is considered a comprehensive dataset for image aes-
thetic research. The dataset contains more than 2,50,000 images and their rat-
ings on a 10-point Likert scale. The existing computational models of aesthetics
can be classified broadly into two types - Machine Learning-based and Deep
Learning-based approaches. A brief review of them is reported in the following.

Machine Learning-based approaches use handcrafted features to develop the
computational model for aesthetics prediction. It was reported that an inter-
face is generally composed of objects. Their geometrical positions - wire-frame
geometry are responsible parameters for aesthetics prediction [6,15,17]. The ge-
ometrical parameters used here are - Balance, Cohesion, Density, Equilibrium,
Economy, Homogeneity, Proportion, Regularity, Rhythm, Sequence, Simplicity,
and Symmetry. Except for the wireframe-based approaches, researchers consid-
ered the contents of an interface as a key to measuring its aesthetics. Datta et
al. [18] work on image aesthetics assessment can be considered as one of the early
works in this direction. Following this, several works reported modeling interface
aesthetics as image aesthetics [5]. The list of the features used in these studies is
mainly contrast, hue, saturation, value, smoothness, aspect ratio, unique color,
sharpness, and the rule of thirds.

Machine learning-based approaches are also used to model the aesthetics of
the text components present in an interface [13]. Different handcrafted text fea-
tures - Font Size, Line Height, Chromatic Contrast, Luminance Contrast, Word
Spacing, Letter Spacing were used in this study. In all the existing works, dif-
ferent machine learning techniques - non-linear regression [13], Support Vector
Machine classification [6], Support Vector Regression [1] were used. Unlike struc-
tured data (in the form of feature values), deep learning techniques can effec-
tively figure out the implicit features from unstructured data - image, audio,
and text [19]. Over the years, several deep learning models have been proposed
to measure aesthetics. Most of these existing works were carried out to measure
image aesthetics [20, 21]. A brief review of them is reported in [8]. Even though
there has been a lot of progress in machine learning and deep learning, there
are still scopes to address the following:- Research on the aesthetic evaluation
of GUI is limited, particularly regarding differences between desktop and mobile
interfaces. Assessing user interface (UI) aesthetics is inherently subjective, and
there are no rigorously validated computational models that reliably evaluate
aesthetics while accounting for individual differences among users. Most contem-
porary models of aesthetic prediction rely on ground-truth labels derived from
mean ratings aggregated at the population level, thereby disregarding substan-
tial inter-individual variability in aesthetic experience that arises from factors
such as age, gender, and educational background.

3 Data Collection

To address the issues above, we note that there is no comprehensive dataset of
webpage aesthetics available. Consequently, a dataset using one hundred web-
pages was developed.
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3.1 Website Selections

A total of one hundred UI screenshots were collected, consisting of 50 desk-
top versions, and 50 mobile versions of the same interfaces. The interfaces were
selected from ten different domains - Government official websites, Sports plat-
forms, Job portals, News websites, OTT platforms, Courier services, Educational
platforms, Travel websites, Environmental platforms, and Shopping applications
to ensure diversity in visual design and usability characteristics. In Figure 1, a
sample - desktop and mobile version of the Sewa Setu website1 is shown. Screen-
shots taken of desktop applications were at a resolution of 1920 (horizontal) ×
1080 (vertical) pixels (full-HD), and those for mobile devices were at 640 (hori-
zontal) × 1136 (vertical) pixels (standard smartphone).

(a) Desktop Version
(b) Mobile Ver-
sion

Fig. 1: Screenshot of Sewa Setu -(a) Desktop/Laptop (b) Mobile version.

3.2 Empirical Data Collection

In this study, one hundred participants were used to rate the one hundred images
(within group) on a ten-point Likert scale. Subjects consisted of: 32 individuals
aged between 6 - 17 years, 51 individuals aged between 18 to 30 years, and 17
individuals over the age of 31 years. The breakdown of occupation consisted
of: working, non-working, and students. A sample table consisted of both males
and females, where male = 0, female =1, and non-working users : 0, students: 1,
working users: 2 is reported in Table ??. All the participants rated one hundred
images using the Latin Square method. This was done to avoid any biases that
may arise during the empirical study. Altogether one lakh data (one hundred
interfaces rated by one hundred users) was collected. We were interested in

1 https://sewasetu.assam.gov.in/
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checking whether aesthetics scores vary from mobile interfaces to non-mobile
interfaces. In the following, a statistical analysis of the empirical data is reported.

3.3 Paired t-test

A paired t-test is often used to check the statistical difference between the means
of two related groups. In this work, the two groups are the desktop ratings
and the mobile ratings of aesthetic. Accordingly, we formed the following null
hypothesis -

µdesktop aesthetics = µmobile aesthetics (1)

µdesktop aesthetics, µmobile aesthetics denotes the mean of desktop and mobile
aesthetics, respectively. The paired t-test was conducted using IBM SPSS. The
following result was noted -

t-test Result

µdesktop aesthetics=6.039 µmobile aesthetics=6.084

Pvalue = 0.267, Pvalue > 0.05

From the above-mentioned results, it may be noted that the observed Pvalue =
0.267 is greater than the 95% significance level ( 0.05). Hence, we can claim that
there is no significant difference in aesthetics between the desktop and the mo-
bile version. Using the collected data of one lakh, we planned to develop our
proposed model of Federated Learning (FL). To develop an FL model, there is
a need to develop a centralized base model. In the following, we discussed it.

4 Model Development

4.1 Base Model Development

We considered EfficientNet-B0 [22] as our base model. It is considered to be a
fast model having fewer parameters and lower computational resources, while it
maintains scalability and transfer learning capabilities. We used the pre-trained
weights of ImageNet-1K, and replaced its final classifier layer with a single lin-
ear unit to adapt it for regression (as we were intersted to predict aestheics
as a continuous quantity). The model was trained using the AdamW optimiser
with a learning rate of 1 × 10−4 and a batch size of 16. A ReduceLROnPlateau
scheduler was used to reduce the learning rate by a factor of 0.5 when valida-
tion performance stopped improving for 3 consecutive epochs. Automatic Mixed
Precision (AMP) accelerated GPU computations and lowered memory usage.
The training ran for up to fifty epochs with early stopping triggered when the
validation loss failed to improve for 10 consecutive epochs. All losses are re-
ported on the 0 to 1 normalised rating scale (personalised and min-max scaled).
As shown in Figure 2, the training loss dropped sharply from approximately
0.098 at epoch 1 to around 0.064 by epoch 5, then gradually settled near 0.061
by epoch 20. The validation loss decreased quickly in the first few epochs and
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thereafter remained stable around 0.054, closely tracking the training curve. The
narrow gap between training and validation loss indicates good generalisation
without significant overfitting. The mild, persistent divergence may reflect the
lightweight design of EfficientNet-B0, which occasionally leaves a small amount
of the aesthetic variance unexplained, though it still delivers strong and reliable
predictions. This combination of smooth convergence, low memory footprint, and
robust validation performance made EfficientNet-B0 the preferred backbone for
the subsequent federated learning experiments. Following this, we proposed our
FL-based architecture as reported below.

Fig. 2: Training and Validation Loss of EfficientNet

4.2 Federated Model Architecture

This section details the preprocessing pipelines, the neural network architecture,
and the training setup that constitute the final model used in the federated
learning framework. The chosen backbone is considered EfficientNet-B0.

Pre-processing of Structured Data

Rating Normalization and Personalization A key contribution of this work
is the incorporation of a personalized rating transformation procedure that ac-
counts for individual differences in rating behaviour. Since aesthetic judgments
are inherently subjective, different participants may systematically use different
portions of the rating scale. To mitigate this bias while preserving relative pref-
erences, a user-specific normalization strategy is applied before model training.
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Per-User Mean Computation For each participant u, the mean rating across
all evaluated interfaces (desktop and mobile) is computed as

µu =
1

Nu

Nu∑

i=1

ru,i, (2)

where Nu denotes the number of ratings provided by user u.

Global Mean Computation The overall mean rating across all users and
interfaces is calculated as

µg =
1

N

∑

u

∑

i

ru,i, (3)

where N is the total number of ratings in the dataset.

User-Bias Correction Each raw rating rraw is adjusted by removing the user’s
average rating tendency and re-centering it around the global mean:

rcentered = rraw − µu + µg. (4)

This transformation compensates for user-specific rating biases while main-
taining the overall rating distribution.

Min-Max Normalization The bias-corrected rating is mapped to the interval
[0, 1] using min-max scaling:

rnorm =
rcentered − 1

10− 1
=

rcentered − 1

9
. (5)

Under this transformation, the lowest possible rating (1) corresponds to 0,
while the highest possible rating (10) corresponds to 1. Unless otherwise stated,
all reported loss values, evaluation metrics, and model predictions in this study
are expressed on the normalized [0, 1] scale.

Image Pre-processing To ensure consistency across samples and compatibil-
ity with the pretrained backbone network, all user interface (UI) screenshots
were subjected to a standardized preprocessing pipeline. Separate transforma-
tion strategies were employed for the training and validation datasets. During
training, the following transformations were applied sequentially:

1. Resize the image to 224 × 224 pixels, corresponding to the default input
resolution of EfficientNet-B0.

2. Apply random horizontal flipping with a probability of 0.5.
3. Apply random rotation within a range of ±5◦.
4. Apply color jitter with brightness and contrast variation factors of 0.1.
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5. Convert the image to a tensor representation.
6. Normalize pixel values using the ImageNet statistics:

The augmentation strategy was intentionally kept mild to preserve the struc-
tural integrity of UI layouts while exposing the model to minor visual variations
that may arise in real-world screenshots, such as rendering differences and slight
orientation changes. Furthermore, ImageNet normalization ensures compatibil-
ity with the pretrained EfficientNet-B0 weights and facilitates effective transfer
learning.

4.3 Federated Learning Architecture

The model uses the standard EfficientNet-B0 architecture from torchvision, which
uses MBConv (Mobile Inverted Bottleneck Convolution) blocks with squeeze and
excitation optimization as its main building blocks.

– Backbone: The complete EfficientNet-B0 convolutional base (including all
MBConv layers and the final conv layer) is loaded with ImageNet-1K pre-
trained weights. All backbone parameters are fine-tunable.

– Regression head: The original 1000-class classification head is removed. In
its place, a single fully-connected layer maps the 1280-dimensional feature
vector (the output of the backbone’s global average pooling) to one scalar
value. No activation function is applied to the output.

– Output interpretation: The scalar output represents the predicted aes-
thetic score on the normalised [0,1] scale. During inference, the prediction
is reverse-mapped back to the 1-10 range using the per-group (or per-user)
mean and global mean.

The model contains approximately 5.3 million parameters in total. This makes
it lightweight, so it’s easy to deploy on devices with limited resources, perfect
for a federated learning setting. The architecture is shown in Figure 3.

The training process for each local client (and for the centralised baseline
experiments) uses the following, as reported in Table 1.

The same configuration was used for both centralised architecture compar-
ison and federated learning experiments. For the federated scenario, the same
setup is replicated on each client, with the global model being grouped via Fed-
erated Averaging (FedAvg) after every communication round. 3.2.3 Federated
Learning Process The federated training framework runs on the Federated Av-
eraging (FedAvg) algorithm, with one central server and 5 clients. Each client
represents a different demographic group formed by the intersection of gender
and occupational status: femalenonworking, femalestudent, femaleworking,
malestudent, and maleworking. At the beginning of the process, the server ini-
tialises a global EfficientNet-B0 model with ImageNet-1K pretrained weights.
The training proceeds in a series of communication rounds, each comprising
three distinct phases: Model Distribution – The server sends the current global
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Fig. 3: EfficientNet-B0 Regression Model – Preprocessing, Architecture, and In-
ference Pipeline
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Table 1: Training Configuration and Federated Learning Hyperparameters
Component Specification

Optimizer AdamW
Learning Rate 1× 10−4 (applied uniformly to all parameters)
Batch Size 16
Loss Function Mean Squared Error (MSE)
Scheduler ReduceLROnPlateau (mode=min, factor=0.5, patience=3 epochs)
Mixed Precision Automatic Mixed Precision (AMP) with gradient scaling
Early Stopping halts if validation loss does not improve for 10 rounds
Number of Communication Rounds Up to 50
Local Epochs 1 epoch per client per round
Client Weighting Aggregation weights proportional to the number of training samples per client

model weights to every participating client. Local Training – Each client loads
the received global model and trains it on its own local dataset for exactly one
epoch. The local training uses the same configuration as the centralised base-
line: AdamW optimiser with a learning rate of 1 × 10−4, batch size 16, MSE
loss, and Automatic Mixed Precision. After training, the client sends back its
updated model weights to the server, and the count of training samples used.
The raw data never leaves the client. Aggregation (FedAvg) – The server collects
all the updated weights and computes a weighted average, where each client’s
contribution is weighted proportionally to its number of training samples. This
produces a new global model that learns the shared visual knowledge from all
demographic groups while handling the uneven data distribution across clients.
After aggregation, the updated global model is evaluated on the combined val-
idation sets of all five clients. The validation loss is monitored across rounds,
and the learning rate is reduced if no improvement is observed for three con-
secutive rounds. Training continues for up to 50 rounds, but early stopping is
triggered if there is no improvement in validation loss for 10 consecutive rounds.
It is important to note that personalisation in this framework is not achieved by
maintaining separate local models; rather, it is embedded in the rating transfor-
mation. The global model learns to predict a normalised score in the [0,1] range
that represents the centered preference of any user. During testing, the score is
converted back to the original 1-10 scale using the average rating pattern of a
target demographic group (or of a specific user). This design, as shown in Figure
4, allows a single global model to serve diverse users without additional local
fine-tuning, keeping the federated system lightweight and easy to deploy.

5 Experimental Results

The Federated Averaging (FedAvg) process was run for up to 50 commu-
nication rounds, with each of the five demographic clients performing one local
epoch per round. The global model was evaluated after every round on the com-
bined validation sets of all clients. Figure 5 shows the global validation MSE
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Fig. 4: Federated Learning model for personalized UI aesthetics prediction

as a function of the communication round. The model learned rapidly in the
early rounds: the MSE dropped from 0.0702 at round 1 to 0.0583 by round 5,
and continued to decrease more slowly thereafter. The lowest validation MSE of
0.0534 was reached at round 33. Because the validation loss did not improve for
ten consecutive rounds after round 23, the early-stopping mechanism terminated
the process after round 33, and the best checkpoint (round 33) was saved. The
final global model therefore achieved MSE = 0.0534, RMSE = 0.2312, and MAE
= 0.1837 on the 0 to 1 normalised scale.

The final validation MSE of the global model on each client’s local vali-
dation set, taken from the last completed round (round 33). The model per-
formed best on the female nonworking group (MSE = 0.0169) and worst on
female working (MSE = 0.0890) as reported in Table 2. This variation is ex-
pected: smaller, more homogeneous groups yield lower error, while groups with
broader internal preference diversity - such as female working show higher er-
ror.

A complementary view is provided by the per-client Mean Absolute Error
(MAE) bar chart below. After loading the best global model, the MAE was
computed directly on each client’s validation set. The ranking mirrors the MSE
table: female nonworking achieves the lowest MAE, while female working and
male working show slightly higher MAE, consistent with their larger internal
rating variance.

The error distribution histogram further supports this observation, as shown
in Figure 6. The errors (predicted minus true) are approximately normally dis-
tributed around zero, with no significant skew. The majority of errors fall within
±0.15 on the normalised scale, which corresponds to roughly ±1.35 rating points
on the original 1–10 scale.
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Fig. 5: Convergence Graph

Table 2: Client-wise Validation MAE and User Distribution
Client Users per Client Ratio Val MAE

(per 100 users)

female nonworking 4 0.0169
female student 50 0.0551
female working 4 0.0890
male student 35 0.0535
male working 7 0.0783

Fig. 6: Error distribution histogram
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6 Conclusion and Future Scope

This work presented a privacy-preserving framework for personalized UI aes-
thetic prediction that combines Federated Averaging (FedAvg) with an Effi-
cientNet - B0 backbone and a novel user-adaptive rating normalisation. Instead
of centralising sensitive user ratings, the system distributes the learning process
across five demographic client groups. Each client trains the shared model locally
on its own data, and only the updated model weights are sent to a central server
for aggregation. The raw ratings never leave the local device. Federated Aver-
aging reached its goal in 33 rounds of communication, ending up with a global
validation MSE of 0.0534 on the normalized scale. So, no loss in accuracy com-
pared to the centralized baseline where everything’s pooled together. Even with
everyone’s preferences scattered and unique, the system combined them without
sharing anyone’s raw ratings. Personalisation was realised through a user-mean
centering and min-max scaling pipeline. By removing individual rating biases
before training and re-injecting them via the corresponding demographic group
mean at inference, a single global model was able to serve users from diverse
backgrounds. The per-client analysis confirmed that the model adapts to differ-
ent demographic groups, with MAE varying in line with the internal homogeneity
of each group.

The most prominent limitation is the global model’s inclination to predict
scores concentrated around the dataset’s average (approximately 0.5 - 0.6 on
the normalised 0-to-1 scale). The current system deploys a single shared global
model to all clients. Personalisation is achieved exclusively through the rating
transformation pipeline (user-mean centering and demographic group bias). No
client-specific fine-tuning or local head personalisation is performed after the
federated training.
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