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Abstract
This Paper introduces transformAR, a lightweight
transformer-based model for objective quality assessment
in AR applications. This approach utilizes pre-trained vi-
sion transformer-based encoders to capture image content
information, computes distance vectors for quantifying
distortions, and employs cross-attention-based decoders
to model perceptual quality features. The model integrates
adapted regularization techniques and label smoothing
to mitigate overfitting. Experimental results demonstrate
the effectiveness of transformAR, surpassing existing
state-of-the-art methods.
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1 Introduction
Augmented Reality (AR) overlays computer-generated in-
formation onto the real world via devices like smart-
phones and head-mounted displays, enhancing experiences
in fields such as navigation, education, entertainment, and
healthcare [1]. Ensuring high Quality of Experience (QoE)
requires objective quality assessment methods that ac-
count for various factors impacting visual perception [2, 3].
Image quality is crucial for QoE [4], typically measured
through complex and time-consuming psychophysical ex-
periments, resulting in scarce subjective datasets for AR
Image Quality Assessment (AR-IQA).
As most previous studies addressed geometric and textural
degradation in 3D meshes and point clouds [5, 6]. Howe-
ver, Duan et al. [7] introduced CFIQA (Confusing Image
Quality Assessment) and ARIQA datasets to simulate AR
scenarios. They demonstrated that classical 2D metrics like
PSNR, SSIM [8], and VIF [9] are ineffective for AR, neces-
sitating advanced metrics. They explored LPIPS [10] using
CNN-based feature extractors like SqueezeNet [11], Alex-
Net [12], and VGG [13]. Duan et al. also proposed CFIQA,
a CNN-based model using VGG and ResNet [14]. This
model processes features from reference and superimposed
images at each convolution layer, generating distance fea-

ture maps that are refined by channel and spatial attention
mechanisms to predict quality scores. The ARIQA model
extends this approach with two superimposed images from
the same reference but different quality scores. ARIQA+
incorporates edge detection features. However, CNN-based
models face limitations due to local connectivity and trans-
lation invariance, restricting their ability to capture global
patterns [15].
To address these limitations, we propose a transformer-
based AR quality assessment metric, therefore, our contri-
butions include :

— Adapting a lightweight encoder-decoder transfor-
mer framework to capture global quality features
with minimal data.

— Introducing label smoothing for quality scores to
reduce model overconfidence.

— We account for perceptual confusion by feeding the
model with background and foreground images in
addition to the fused content.

This approach mimics human observers by considering
both global and localized regions for accurate quality per-
ception [16].

2 Proposed Method
Our approach, transformAR, adapts the Vision Transfor-
mer (ViT) architecture [17, 18] for AR quality assessment.
It comprises content-aware encoders, quality-aware deco-
ders, and regressors. Below, we provide an overview of
each component.
2.1 Content-aware Encoders :
We use three frozen ViT encoders with self-supervised pre-
trained weights via a method called, DINO [19]. These en-
coders capture global content information from both refe-
rence and distorted images. ViT divides an input image into
non-overlapping patches, which are then processed into
vectors. Using self-attention, ViT focuses on different parts
of the image, enhancing feature extraction [18].
Due to data scarcity, using the full 12 transformer blocks
in DINO led to overfitting. We found that using only the
first two blocks was sufficient to map the input image into
useful representations for quality assessment. The dataset



FIGURE 1 – Illustrates our proposed architecture, showing all components.

includes three input images : the superimposed image IS
or the distorted image, the background image IB , and the
AR image IA or the foreground. IS is calculated by :

IS = λ ◦D(IA) + (1− λ) ◦ IB , (1)

where D(·) denotes distortions and λ is the mixing value.
Each encoder F (·) generates vectors f∗ = {f∗i

}Ni=0 for
each image, with ∗ = {S,A,B}. We use the l1 distance to
compute the sequence of distance vectors between super-
imposed and reference vectors :{

dSAi
= |fSi

− fAi
|

dSBi
= |fSi

− fBi
| (2)

Here, dSA and dSB denote the distances between the re-
presentations of IS and IA, and IS and IB , respectively,
which serve as inputs to the decoders described in the next
section.
2.2 Quality-aware Decoders
We adapt a transformer decoder [17] without the masked
self-attention mechanism. Instead, cross-attention (CA) is
used, where queries come from the reference vectors and
keys/values from the distance vectors. Decoders GSA(·)
and GSB(·) use CA :

CA(QfA ,KdSA
, VdSA

) = softmax
(

QfA
KT

dSA√
dk

)
VdSA

CA(QfB ,KdSB
, VdSB

) = softmax
(

QfB
KT

dSB√
dk

)
VdSB

(3)

where QfA and QfB are queries from fA and fB . Keys/-
values are from dSA and dSB , and dk is the key vector
dimension. The output embeddings are normalized, follo-
wed by a skip connection and projected via a multi-layer

perceptron, producing vectors gSA = GSA(fA, dSA) and
gSB = GSB(fB , dSB). This captures long-range quality
information based on the distortions and visual confusion
information that come from the distance vectors.
2.3 Regressors
Two regression modules RSA(·) and RSB(·) produce qua-
lity scores for each patch xi from IS : hSA = RSA(gSA)
and hSB = RSB(gSB). Scores are aggregated using a li-
near layer with parameters WSA and WSB , resulting in fi-
nal scores SSA and SSB . The predicted MOS (pMOS) is
then computed as :

pMOS = ζSSA + (1− ζ)SSB , (4)

where ζ is set to 0.51 based on iterative experimentation.
2.4 Training Procedure
Our training procedure includes key aspects such as loss
function choice and addressing overfitting with regulariza-
tion techniques. We selected the Huber loss [20] for its ba-
lance between robustness to outliers and sensitivity to small
errors :

HLδ(y, ŷ) =

{
1
2 (y − ŷ)2 if |y − ŷ| ≤ δ,

δ|y − ŷ| − 1
2δ

2 otherwise.
(5)

To mitigate overfitting, we use elastic net regularization
[21], which combines Lasso and Ridge methods. The ove-
rall loss function is :

L(y, ŷ, β) = HLδ(y, ŷ)+λ(α∥β∥1+(1−α)∥β∥22), (6)

where β represents the learnable weights, λ controls the
penalty terms, and α balances l1 and l2 penalties.
We also apply label smoothing, a technique traditionally
used in classification to reduce model overconfidence,



(a) AR image IA (b) Distorted image IS (c) Background image IB

FIGURE 2 – Illustration of reference and superimposed (distorted) images from the used dataset [7].

adapted here to regression. Given data scarcity and the
overconfidence in predicting MOS, we introduce small ran-
dom noises to the MOS :

yϵ = y + λnϵ, (7)

where λn is a uniform random value between [-1, 1], and
ϵ is a normal distribution random number. This approach
reduces overfitting and slightly improves performance.
For the implementation, we trained the model using the
AdamW optimizer [22] with a learning rate of 1e−4, a
batch size of 32 images, and for 150 epochs. A learning
rate scheduler reduced the rate if no improvement was seen
in 10 epochs. The implementation in PyTorch was run on
an NVIDIA Tesla V100S-PCIE-32GB GPU.

3 EXPERIMENTAL RESULTS
We evaluated our approach on the ARIQA dataset (Fi-
gure 2), containing 560 superimposed images with asso-
ciated MOS. Following [7], we divided the dataset into 50
folds, splitting each fold into 280 training and 280 testing
samples without scene repetition, as detailed in Equations
8 and 9.

D = {[IAi , IBi , ISi ,MOSi]}560i=1 (8)

X = {(Ti,Si) | Ti ∩ Si = ∅}50j=1where
50⋃
j=1

Sj = D (9)

3.1 Dataset
The ARIQA dataset includes 20 background images (10
indoor, 10 outdoor) and 20 AR images (web pages, na-
tural images, and graphical representations). Each AR
image has six degraded levels using JPEG compres-
sion, scaling, and contrast adjustment. Visual confusion
is considered a distortion [7] with mixing thresholds λ ∈
[0.26, 0.42, 0.58, 0.74], resulting in 560 stimuli. 23 partici-
pants evaluated the images using HTC VIVE Pro Eye VR
headsets.
3.2 Comparison to State-of-the-Art
Table 1 compares our method to state-of-the-art ap-
proaches. Averaging metrics across 50 folds, our method
outperforms others, including ARIQA+, with fewer para-
meters (15.32M).

TABLEAU 1 – Comparison with state-of-the-art perfor-
mance.

Model SRCC↑ KRCC↑ PLCC↑ # params

LPIPS [10] 0.7624 0.5756 0.7591 20.02 M
CFIQA [7] 0.7787 0.5863 0.7695 20.12 M
ARIQA [7] 0.7902 0.5967 0.7824 20.12 M

ARIQA+ [7] 0.8124 0.6184 0.8136 35.02 M
TransformAR (ours) 0.8267 0.6359 0.8251 15.32 M

3.3 Ablation Study
An ablation study using five folds from X evaluated the im-
pact of removing components like the decoder, l1-distance,
label smoothing, elastic net, and Huber loss. Each com-
ponent significantly impacted the model’s performance
(Table 2).

TABLEAU 2 – Ablation study results on 5 folds.

Model \ Criteria SRCC↑ KRCC↑ PLCC↑

w/o decoder 0.6161 0.4408 0.6242
w/o l1-distance 0.4365 0.4443 0.2960
w/o label smoothing 0.8269 0.6361 0.8221
w/o elastic net 0.8427 0.6567 0.8471
w/o Huber loss 0.8374 0.6525 0.8443
all combined 0.8461 0.6582 0.8481

4 CONCLUSION
This paper introduces an efficient and lightweight objec-
tive quality assessment metric for AR scenarios based on
the transformer architecture. To address data scarcity, we
simplified the model using two encoder blocks and one de-
coder block. Elastic net regularization and label smoothing
were employed to enhance model robustness. Our propo-
sed method surpassed widely used metrics like LPIPS and
existing ARIQA metrics, achieving superior performance
with significantly fewer parameters. The emerging field of
AR quality assessment presents opportunities for advance-
ment. Future research will focus on transformer-based ap-
proaches in realistic AR scenarios and developing speciali-
zed AR-IQA datasets to enhance objective quality metrics.
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