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Abstract

In this paper, we propose a framework for learning fea-
ture representations for Image Quality Assessment (IQA)
using contrastive learning. To account for the absence of
large-scale IQA dataset, we pretrain an image encoder to
cluster images based on the image quality using synthetically
distorted versions of pristine unlabeled images. Images of
similar quality are grouped closer in embedding space, while
simultaneously pushing apart images of dissimilar quality.
In addition we show that, augmenting the contrastive learn-
ing task with downstream aware joint supervision results
in feature representations that are more suitable and easily
transferable for IQA specific tasks. We study the effective-
ness of the learnt representations in downstream task of
image quality prediction and show that our model achieves
superior performance on both synthetically and authenti-
cally distorted IQA datasets when compared to other deep
feature-based IQA methods.

1. Introduction

With the advent of low-cost and fast image capture mech-
anisms, images have become ubiquitous and abundant in
quantity. However, the quality of images vary drastically
depending on the process of image capture, storage and
transfer. Image quality is a significant factor that determines
the usefulness of captured images for various applications
and quality requirements remain application specific. Con-
ventionally, practitioners have resorted to using subjective
user ratings as a direct measure of visual quality of images
[1]. The quality ratings are obtained through user studies
conducted in controlled lab setting with multiple groups of
human participants, resulting in a process which is time-
consuming, expensive and not real-time applicable.

Image Quality Assessment (IQA) [2]] is a computer vision
technique to estimate the perceptual quality of images ob-
jectively, i.e by predicting the Mean Opinion Scores (MOS)
using computational models. Depending on the availability
of reference high quality images, objective IQA methods can
be broadly classified into: Full-Reference IQA (FR-IQA)
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and Blind IQA (BIQA). The latter is more challenging and
is practically suitable for many applications due to the lack
of reference images in general. BIQA is used in applications
such as image enhancement [3]], image retrieval [4], image
ranking [5] and evaluating image capture pipelines.

Due to the wide success of Convolutional Neural Net-
works (CNNs) in vision domain [6, 7} 18]], recent BIQA works
have adopted CNN architectures to their solutions resulting
in better performance than conventional methods. A com-
mon setting in most of these approaches include a CNN
encoder for feature extraction, followed by Multi Layer Per-
ceptron (MLP) regressor to predict quality score i.e. MOS.
However, the unavailability of large-scale IQA dataset with
quality ratings restricts the generalization capability of these
CNN based models. The largest IQA dataset till date con-
tains only 10,073 quality scored images [9]. Transfer learn-
ing from image classification domain (ImageNet pretrained
CNN encoder and fine-tuning) is not suitable as the feature
representations of an ImageNet pretrained encoder are invari-
ant to common image transformations such as color-jitter,
blur, resize, noise, etc. that degrades image quality.

A common practice in such low-data regimes is to pre-
train the network in a task-specific way with unlabeled data
using self-supervised objective, followed by supervised fine-
tuning with labeled data. Unlike in image classification
domain, designing a pretext task to learn features suitable
for image quality prediction (a regression task) is non-trivial.
Distortion classification i.e predicting the type and sever-
ity of synthetic distortion applied to an image is a recently
adopted auxiliary task to learn features, but without much
success in the downstream IQA regression task. Prior re-
search works [10] [[11] have shown that pretraining does not
work well when the downstream task is very different. Due
to this inherent mismatch between pretrain and downstream
tasks, complex transfer learning strategies that does not dis-
tort the pretrained features are necessary to achieve good
performance on out-of-distribution datasets. In this work, we
demonstrate a semi-supervised learning setup that employs
joint-training with self-supervised and supervised objectives
to help resolve the mismatch between pretrain and down-
stream tasks. To this end, we train an image encoder on two



sub-tasks jointly: (i) contrastive representation learning task
on unlabeled data that aims to group images based on their
distortion type and severity (ii) regression task on labeled
data to predict image quality score. Our main findings and
contributions are summarized as follows:

* A novel self-supervised contrastive learning framework
for learning representations for IQA using stochastic
synthetic distortions of pristine images.

* Our empirical results suggest that the semi-supervised
pretraining scheme learns suitable feature representa-
tions that generalizes well to downstream IQA tasks on
both in-distribution and out-of-distribution datasets.

* An in-depth analysis of effectiveness of the learnt rep-
resentations on downstream IQA task under different
evaluation modes.

2. Related Work
2.1. Blind Image Quality Assessment

Blind image quality assessment have been studied exten-
sively and is a long-standing research problem [12]. Tra-
ditional BIQA methods [13} [14] focused on hand crafted
features by domain experts that convert raw image into a
representative vector and learn a non-linear mapping to qual-
ity scores. Alternatively, few works [15} [16} [17] focused
on Natural Scene Statistics (NSS) to estimate image quality.
Due to absence of large dataset, deep learning based methods
[L8, 119, 5] use transfer learning of pretrained models on IQA
dataset. In [20] [21]], the authors train a CNN from scratch
by using 32x32 image patches, assuming that the sampled
patches have same quality score as the original image. To
address the limited IQA dataset, recent works propose us-
ing different pretraining strategies [22} 23} 24]. RankIQA
[22] used a Siamese Network to rank image pairs that are
artificially distorted. DeepFL-IQA [23]] proposed a weakly
supervised feature learning approach that utilizes FR-IQA
scores of artificially distorted images as proxy scores to train
on a large unlabeled dataset in supervised manner. MEON
[24] is pretrained for distortion identification task. CON-
TRIQUE [25] discusses a contrastive learning approach to
learn representations with distortion classification as auxil-
lary task. Unlike the recent works, our method simultane-
ously solves a contrastive learning task and a regression task
in a semi-supervised setup to learn representations that are
more suitable and generalizes well to downstream IQA tasks
without complex fine-tuning strategies.

2.2. Contrastive Representation Learning

Self-supervised methods for visual representation learn-
ing can be broadly categorized into two types: generative
and discriminative. Generative methods tries to model the

distribution over pixels in the input space [26]], while discrim-
inative methods design pretext tasks using pseudo labels to
learn representations from unlabeled dataset. These pretext
tasks include predicting image rotations [27]], relative posi-
tion of image patches [28]], solving jigsaw puzzles [29], etc
that have shown to learn good representations. Contrastive
learning is a discriminative approach that learns an embed-
ding space where data points from same class are closer to
each other while data points from different classes are far
apart. Recent approaches introduce modified frameworks
casting the pretext task differently such as cluster assign-
ment [30], dynamic dictionary look-up [31], maximizing
mutual information across augmented views [32], etc. In
SimCLR [33] [34], the authors proposed a simple frame-
work that learns representations by maximizing agreement
between differently augmented views of the same sample.
Structurally our contrastive learning task is similar to [34],
but differs conceptually as we aim to maximize agreement
between images of similar quality and learns representations
suitable for IQA.

3. Method

Our method learns feature representations for IQA by uti-
lizing a combination of labeled and unlabeled samples in a
semi-supervised setting. The setup uses a joint training strat-
egy that comprises of (i) self-supervised contrastive learning
task for unlabeled samples and (ii) supervised regression

task using labeled samples. [Figure 1]illustrates our proposed
method.

3.1. Contrastive Representation Learning

The task is to maximize agreement between images of
same distortion class. The image distortion module trans-
forms the unlabeled input pristine image (") into a cor-
rupted version (%) by randomly choosing a distortion type
(dy) and severity (ds). We use the imgaug [35] library to
generate artificial distortions by applying a combination of
color and geometric transformations: blur, noise, pixelate,
color-jitter, jpeg compression, etc. (for details, refer [Figure 3|
in Appendix). We employ 25 distortion types with 5 severity
degrees, thus resulting in 125 classes. The image distortion
types and degradation levels are configured and chosen de-
pending on the downstream task. These distortions capture
most of the real world image distortions that occur naturally
during image capture, storing and transfer.

An encoder network fy, (.) extracts the feature represen-
tations of two augmented views (¢, z¢) of the distorted
image (z%). Here, we use transforms that do not affect the
image quality to generate two different views of the image.
In particular, we use random crop, horizontal and vertical
flip augmenters. A shallow MLP network gs, (.) projects the
feature representations to a lower dimensional space before
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Figure 1: Semi-supervised pretraining pipeline to learn feature representations for Image Quality Assessment (IQA). (a) For
unlabeled pristine images, we randomly apply distortions (¢ ~ 7') with different severity levels and generate two augmented
views (v, v’ ~ V) of resulting distorted images. An encoder transforms the image pairs to latent representations and the
contrastive loss is computed over their lower dimensional projections. (b) For quality scored images, the shared image encoder
Fy, followed by MLP network predicts quality score and regression loss is computed. The final loss term is a weighted

combination of L¢°™ and L.

applying the contrastive loss L™,

where sim(a, b) is the cosine similarity between two pro-
jected vectors, T denotes the temperature parameter, Ny is

28 = fo, (z) (D the number of unlabeled images in the batch, 1 is the indica-
z;i = fo, (x?) ) tor function, P (%) is a set of indices of all positive samples

4 4 belonging to same distortion class as p¢ in the batch and
pi = 9o,(27) 3) |P(7)] is its cardinality. The final loss L™ is the average
p? = go, (z]d) “) of [°°™* computed for all classes in the batch.

In this work, fy, (.) is the standard ResNet-50 architec-
ture 7], z{, 2§ € R are outputs of its average pooling layer,
gg,(.) is a 2-layer MLP network (with 2048 ) to project
the representation to a 128-dimensional latent space and
pd, p;l € R¥(d' < d) are the projected vectors. We employ
the supervised version of the normalized temperature-scaled
cross entropy loss (NT-Xent) [34] as the contrastive loss
function. The contrastive loss function [°°" (61, 6) is de-
fined as

Loy exp(sim(p{’, p§)/7)
PO GG S0 Tieexp(sim(pf, pf) /)

(&)

3.2. Semi Supervised Learning

The regression network shares the ResNet-50 encoder
fo, (), followed by a 2-layer MLP network (with 512 hidden
units) h(.) and outputs a single scalar value indicating the
perceptual image quality (usually MOS). Let {z;, y;}4
denote the labeled samples in the training batch where z; is
the input image and y; is the ground truth quality score. We
use the Mean Squared Error (MSE) as loss function for the



regression sub-task.

Ui = hy(fo, (1)) (6)
L
L7(01,0) = - >_(vi = 5:)° (7)

Let N be the training mini-batch size, including both la-
beled Ny, and unlabeled samples Ny;. We define the semi-
supervised objective function of the form:

L(6y,02,¢) = aL™ + (1 — a)L" (8)

where « is a chosen hyperparameter for differential weight-
ing of the two loss terms.

4. Experimental Results

In this section, we enclose the details of the datasets,
experimental setups and evaluate the effectiveness of the
learnt representations in downstream tasks: BIQA and image
quality verification for RLR.

4.1. Datasets

For the semi-supervised pretraining setup, we use KADIS
dataset [23] that contains 140,000 unlabeled pristine images
(80% train and 20% validation set) and KADID-10k dataset
[36]] that contains 10,125 artificially distorted images with
subjective quality scores (60% train, 20% validation and 20%
test set). The raw source images for both datasets exhibit
similar distribution of images.

For downstream BIQA, we use KADID-10k [36]
(in-distribution) and KonIQ-10k [9] (out-of-distribution)
datasets. KonlQ-10k contain 10,073 images with authentic
distortions and their Mean Opinion Scores (MOS). MOS are
scaled to a standard range of [1, 10], where higher scores
corresponds to better quality. For easier comparison to exist-
ing BIQA methods, we follow the split strategy used in [23]:
training (60%), validation (20%) and test (20%) sets.

4.2. Setup

Representation Learning For the joint training using la-
beled and unlabeled dataset, we use PyTorch Lightning’s
[37] CombinedLoader () that helps to combine the two
dataloaders and allows sampling in parallel for training. We
use mini-batch sizes of 1000 for KADIS dataset and 32 for
KADID-10k dataset. We train for 100 epochs using LARS
optimizer [38]] with a initial learning rate of 10~* for re-
gression MLP network and 10~2 for the image encoder and
projector networks. A weight decay of 10~ is used. Based
on hyper parameters search, we found 7 = 0.5 and o = 0.9
works well. Learning rate is dynamically reduced by a decay
factor of 10! whenever learning stagnates by monitoring
the validation loss. We employ early stopping mechanism
to avoid over-fitting. Input images are randomly cropped to

standard 224 x224 x 3 and subject to random horizontal and
vertical flipping augmentation.

BIQA For BIQA, we resort to CNN based image encoder
stacked with 2-layer MLP regressor network (with 512 hid-
den units). To analyze the effectiveness of learnt representa-
tions, we use the pretrained image encoder + MLP regressor
in three evaluation modes:

1. Linear Probing (LP) - updating only the MLP network

2. Fine Tuning (FT) - updating both encoder and MLP
networks

3. Linear Probing + Fine Tuning (LP-FT) - linear probing
followed by fine-tuning

The network is trained for 50 epochs at mini-batch size of
32 using MSE loss function. We use Adam optimizer [39]
with learning rate of 107>, We evaluate the IQA models
using two metrics: the Spearman Rank Order Correlation
Coefficient (SROCC) and the Pearson Linear Correlation Co-
efficient (PLCC), computed between predicted and ground
truth MOS.

4.3. Performance Evaluation

We compare the performance of three image encoders:
(i) SL(ImageNet) that uses the pretrained encoder trained
using supervised learning for ImageNet classification task,
(ii) CL which uses pretrained weights trained using the con-
trastive learning approach only (refer Section[3.1)) and (iii)
SSL that uses pretrained weights trained using the semi-
supervised learning (refer Section [3.2) approach. The CL
and SSL encoders are trained seperately. shows
the t-SNE visualization of the 2048-dimensional embed-
dings of randomly distorted KADIS validation images from
these encoders. Firstly, we observe that the hidden vectors
from ImageNet pretrained encoder fails to distinguish im-
ages based on their quality. The representations learnt using
our contrastive learning setting forms distinct clusters of
different distortion classes and shows superior performance.
The features from our proposed semi-supervised learning
scheme not only form clusters of distortion types but also
groups images of similar quality closer. This is very evident
in[Figure 3| where we visualize the feature vectors on KonIQ
dataset color-mapped with ground truth MOS. We notice
that the encoder trained with semi-supervised objective is
able to group images with similar quality scores (gradually
increasing from top to bottom).

In we analyze the effectiveness of learnt repre-
sentations on different transfer learning strategies. We note
that LP-FT performs better than LP and FT in most cases.
We find that the IQA specific pretraining helps the models
to perform better than naive transfer learning from object



(a) SL(ImageNet)

(b) CL

(c) SSL

Figure 2: t-SNE visualizations of representations learned using different pretraining schemes. The data points comprises of
randomly distorted images from KADIS validation set. The learnt representations via contrastive and semi-supervised learning
schemes form vivid distinct clusters, while the representations from ImageNet pretrained encoder fails to distinguish different
distortion types. Note that each distortion type has 5 different severity levels leading to multiple clusters of the same color.

(a) SL(ImageNet)

(b) CL

(c) SSL

Figure 3: t-SNE visualizations of latent features from different pretrained encoders on KonlQ dataset color-mapped with their
ground truth quality scores. The encoder trained in semi-supervised manner is better at grouping images with similar quality

SCOres.

classification domain. SSL shows superior performance on
all modes which largely benefits from downstream consis-
tent semi-supervised pretraining. Our model improves the
SROCC over the SL(ImageNet) baseline by 0.06 and 0.13
on both datasets respectively. Further, we probe the per-
formance of IQA models on predicting the quality scores
on four commonly observed real-world distortion types In
(Table 2|

We compare the performance of our fine-tuned IQA
model SSL with state-of-the-art BIQA methods in [Ta]
For conventional BIQA methods including BIQI
[15], BLIINDS-II [17], BRISQUE [40], CORNIA [41]], DI-
IVINE [16] and HOSA [42], we report the experimental
results published in [23]. As reported in [23]], a Support
Vector Regressor (SVR) was trained to predict quality scores
from the extracted handcrafted features from the above meth-
ods. Among the conventional BIQA methods, CORNIA and
HOSA shows good improvement by using local features to

predict quality scores in comparison to methods based on
global features. For recent deep learning based methods,
we reimplemented RankIQA [22], MEON [24] and Kon-
Cept224 [9]]. To ensure fair comparison, for RankIQA and
MEON we follow their pretraining procedure on KADIS
dataset using our synthetic distortion module (refer Section
[B-I). Overall performance of deep learning based methods
are significantly better compared to conventional methods.
KonCept512 [9] achieves the best performance on KonIQ-
10k dataset suggesting the usage larger resolution images
(512x384) helps the IQA models. However, using high
resolution input images is computationally expensive for
CNN models and leads to poor generalization capabilities.
KonCept224 is another model version from [9] that uses
downscaled input images (224 x224) similar to our setting.
The weak supervision using FR-IQA model scores on un-
labeled dataset helps DeepFL-IQA method to achieve
best performance on KADID-10k dataset. CONTRIQUE (as



KonIQ-10k KADID-10k KonIQ-10k KADID-10k
Method SROCC PLCC SROCC PLCC Method SROCCQ PLCC SROCC PLCC
LP: BIQI [15] 0.68 070  0.42 0.44
SL(ImageNet) 0.77 073  0.70 0.73 BLIINDS-II [7] 0.60 061 053 0.55
CL 0.79 080  0.84 0.85 BRISQUE [40] 0.70 071 052 0.56
SSL 0.84 0.83  0.88 0.87 CORNIA [41]) 0.75 077 051 0.55
FT- DIIVINE [16] 0.70 071 047 0.52
SL(ImageNet) 082 080 0.5 0.76 HOSA [42] 079 080 06l 0.65
CL 0.81 082  0.83 0.83 RankIQA [22] 0.81 083  0.79 0.81
SSL 0.91 0.89  0.90 0.89 MEON [24] 0.87 089  0.87 0.85
LPFT. DeepFL-IQA [23] 0.87 088 093 0.93
SL(ImageNet) 0.84 083 078 0.79 KonCept224 [9] 0.86 088  0.80 0.81
CL 0.86 086  0.84 0.83 KonCept512 [9] 0.91 092  0.84 0.85
SS1. 0.90 089  0.91 0.90 CONTRIQUE [25] 0.89 090 093 0.93

CONTRIQUE-syn [25]  0.85 - - -

SL(ImageNet) 0.84 083  0.78 0.79
Table 1: Performance comparison of BIQA models in differ- CL 0.86 0.86 0.84 0.83
ent evaluation modes SSL 0.90 089 091 0.90

Table 3: Performance comparison with existing BIQA mod-
els on two public datasets

Gaussian JPEG JPEG White
Method Blur 2000 Noise
SL(ImageNet) 0.79 082 079 0.78 5. Summary
CL 0.84 083 084 0.85 . i . .
SSL 0.88 086 090 0.87 In this work, we introduced a semi-supervised representa-

tion learning framework for IQA to address the limitations
due to absence of large-scale IQA dataset. We use a joint
training strategy that uses both unlabeled and labeled im-
ages. We apply stochastic image distortions over unlabeled
pristine images to generate multiple positive and negative
examples of different distortion classes in an online fash-
ion and define a contrastive predictive task to group images
based on their distortion type and severity. The joint regres-

Table 2: Performance evaluation (SROCC) on KADID-10k
dataset on commonly observed distortions types

reported in [25]) shows promising results on both datasets,
however the authors use multiple input data transformations
(multiscale features, color and patch transforms) increasing
the complexity. Moreover, their pre-training uses both sy-
thetically and authentically distorted images comprising of
1.3 million images (9x higher than our training data). For
fair comparison, CONTRIQUE-syn [25] that uses only sy-
thetically distorted images in its pretraining regime performs
worse than our CL baseline model. Our model SSL achieves
second-best performance on both datasets, showing the effec-
tiveness of joint training strategy for pretraining. Our model
exhibits consistently good performance on both artificially
and authentically distorted IQA datasets, unlike the other
IQA models. Since the performance of batch contrastive
learning is highly effective with larger batch sizes, we stick
to standard resolution images for computation reasons.
shows the MOS model predictions on a few exemplary
images, ranked based on the predicted quality scores.

sion sub task over labeled images guides the pretraining to
learn downstream aware feature representations. We show
that the representations learnt via our pretraining scheme
is more suitable and effective for IQA-specific downstream
tasks in comparison to other methodologies. Our best IQA
model achieves consistent superior performance on both arti-
ficially and authentically distorted IQA datasets compared to
existing state-of-the-art methods. The broader impact of this
research work can be realized by integrating our proposed
model to existing/new image capture, upload and verification
pipelines where image quality is absolutely critical, thereby
reducing manual intervention and process time.

A. Synthetic Image Distortions

We use 25 distortion types that simulate real world quality
defects in images during image capture, storage and trans-
fer. These include the following: Gaussian blur, Lens blur,
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Figure 4: Example images from KonIQ-10k test set with predicted (and ground truth) scores shown below each image.

Motion blur, Color diffusion, Color shift, Color quantization,
Color saturation 1, Color saturation 2, JPEG2000, JPEG,
White noise, White noise in color component, Impulse noise,
Multiplicative noise, Denoise, Brighten, Darken, Mean shift,
Jitter, Non-eccentricity patch, Pixelate, Quantization, Color
block, High sharpen and Contrast change. Each distortion
type is applied at random on input raw pristine image with
one of the 5 severity levels.
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