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Abstract

No-Reference Image Quality Assessment (NR-IQA) focuses
on designing methods to measure image quality in align-
ment with human perception when a high-quality reference
image is unavailable. Most state-of-the-art NR-IQA ap-
proaches are opinion-aware, i.e. they require human anno-
tations for training. This dependency limits their scalability
and broad applicability. To overcome this limitation, we
propose QualiCLIP (Quality-aware CLIP), a CLIP-based
self-supervised opinion-unaware approach that does not re-
quire human opinions. In particular, we introduce a quality-
aware image-text alignment strategy to make CLIP generate
quality-aware image representations. Starting from pristine
images, we synthetically degrade them with increasing lev-
els of intensity. Then, we train CLIP to rank these degraded
images based on their similarity to quality-related antonym
text prompts. At the same time, we force CLIP to generate
consistent representations for images with similar content
and the same level of degradation. Our experiments show
that the proposed method improves over existing opinion-
unaware approaches across multiple datasets with diverse
distortion types. Moreover, despite not requiring human
annotations, QualiCLIP achieves excellent performance
against supervised opinion-aware methods in cross-dataset
experiments, thus demonstrating remarkable generalization
capabilities. The code and the model are publicly available
at https://github.com/miccunifi/QualiCLIP.

1. Introduction

Image Quality Assessment (IQA) aims to automatically
evaluate the quality of images in accordance with human
judgments represented by a Mean Opinion Score (MOS).
Specifically, No-Reference IQA (NR-IQA) focuses on de-
veloping methods that do not require a high-quality ref-
erence image and that are consequently more easily ap-
plicable in real-world scenarios. NR-IQA plays a critical
role in diverse industries and research domains. For exam-

Figure 1. Comparison between the image quality scores predicted
by CLIP-IQA [47] and the proposed QualiCLIP for increasing dis-
tortion intensities of different types of synthetic degradation. We
average the results of 1000 randomly sampled images from the
KonIQ-10k [11] dataset. Our method corresponds to a stronger
inverse correlation between the predicted quality scores and the
severity of the degradation. The distortion intensities are scaled
between 0 and 1 for clearer visualization.

ple, given the large number of photos that are captured and
shared daily on social media platforms, it is imperative to
design approaches that can measure image quality objec-
tively to store and process these images effectively.

Most NR-IQA methods are opinion-aware, i.e. they re-
quire human-labeled MOS as supervision during the train-
ing process [35, 42, 58, 60]. Some approaches, such as Hy-
perIQA [42] or LIQE [58], directly train the model param-
eters on IQA datasets. Other methods, namely QPT [60]
or Re-IQA [35], pre-train an encoder on unlabeled data via
self-supervised learning and then either fine-tune the en-
coder weights or train a linear regressor using MOS. How-
ever, annotating IQA datasets is expensive and resource-
intensive, as several human ratings are needed for each im-
age for its MOS to be reliable. For example, the FLIVE
dataset [53], which contains 40K real-world images, re-
quired about 4M ratings, up to 50 for a single image. The
need for human annotations significantly hinders the scala-
bility of opinion-aware approaches. In addition, these meth-
ods show limited generalization capabilities and thus ap-
plicability to scenarios where labeled data is unavailable,
as their performance considerably deteriorates on unseen
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datasets. To remove the requirement for expensive MOS,
several opinion-unaware approaches have been proposed
[3, 9, 25]. For instance, CL-MI [3] introduces a two-stage
self-supervised approach that employs two different train-
ing strategies for synthetically and authentically degraded
images. Nevertheless, existing opinion-unaware methods
achieve significantly lower performance than opinion-aware
approaches in cross-dataset experiments, thus exhibiting
limited applicability.

In this context, we propose to leverage recent advance-
ments in Vision-Language Models (VLMs) by presenting a
self-supervised opinion-unaware approach based on CLIP
[32]. Recently, CLIP-based methods achieved promising
performance in NR-IQA [41, 47, 58]. For example, CLIP-
IQA [47] proposes to compute the quality score by mea-
suring the similarity between an image and two quality-
related antonym prompts without any task-specific training.
However, off-the-shelf CLIP models struggle to generate
quality-aware image representations [16, 58], as they focus
more on high-level semantics than low-level image charac-
teristics, such as noise and blur. To highlight this issue, we
randomly sample 1000 images from the KonIQ-10k dataset
[11] and synthetically degrade them with several distortions
using increasing levels of intensity. Then, we compute the
quality score of each image through CLIP-IQA and average
the results. We expect the more degraded versions of the im-
ages to correspond to lower quality scores. However, Fig. 1
shows that CLIP-IQA exhibits a low correlation between
the predicted quality and the degree of distortion. This find-
ing indicates that CLIP is not intrinsically quality-aware.

To address this issue, we propose a quality-aware image-
text alignment strategy that relies on self-supervised learn-
ing to remove the need for human annotations. We start
by synthetically degrading pairs of pristine images using
increasing levels of intensity. Then, we measure the sim-
ilarity between each image and antonym prompts related
to image quality, such as “Good photo” and “Bad photo”.
We refer to these prompts as positive and negative prompts,
respectively. Finally, we employ a training strategy based
on a margin ranking loss [16, 19] that allows us to achieve
two objectives. First, we want CLIP to generate consis-
tent representations for images having similar content and
comparable quality, i.e. exhibiting the same amount of dis-
tortion. Second, the similarity between the positive (nega-
tive) prompt and the increasingly degraded versions of the
images must correlate inversely (directly) with the inten-
sity of the distortion. Our approach, named QualiCLIP
(Quality-aware CLIP), is both self-supervised and opinion-
unaware, as we do not rely on any form of supervision – es-
pecially MOS – at any step of the training process. Thanks
to our training strategy, the image-text alignment in CLIP’s
embedding space prioritizes low-level image characteristics
over high-level semantics. Consequently, QualiCLIP gener-

ates image representations whose similarity to the antonym
prompts correlates with the inherent quality of the images,
as illustrated in Fig. 1.

The experiments demonstrate that the proposed approach
improves over existing opinion-unaware methods across
multiple datasets encompassing various degradations. Fur-
thermore, QualiCLIP is the only opinion-unaware approach
that consistently obtains remarkable results even when com-
pared against supervised opinion-aware techniques in the
cross-dataset setting. The strong and robust performance
of our model across different datasets highlights its com-
mendable generalization capabilities and suitability for real-
world applications.

We summarize our contributions as follows:
• We propose QualiCLIP, a CLIP-based self-supervised

opinion-unaware approach for NR-IQA that does not re-
quire any type of supervision, especially MOS;

• We introduce a quality-aware image-text alignment strat-
egy based on ranking increasingly degraded pairs of
images according to their similarity to quality-related
antonym prompts. After training, QualiCLIP generates
quality-aware image representations;

• Our method improves on existing opinion-unaware ap-
proaches across multiple datasets and achieves excellent
results even when compared to supervised opinion-aware
techniques in cross-dataset experiments.

2. Related Work
No-Reference Image Quality Assessment Due to its wide
range of applications in real-world scenarios, in recent
years research on NR-IQA has gained significant momen-
tum [1, 3, 26, 29, 42]. Traditional methods [28, 29, 55]
rely on extracting hand-crafted image features to derive
quality scores. Such approaches achieve promising per-
formance on synthetic datasets but struggle on images
with authentic distortions. More recently, several meth-
ods relying on supervised learning have been introduced
[1, 7, 26, 35, 38, 42, 52]. Some approaches directly em-
ploy MOS during model training [7, 42, 52]. For example,
HyperIQA [42] proposes a self-adaptive hypernetwork that
separates content understanding from quality prediction.
Another research direction involves pre-training an encoder
on unlabeled images via self-supervised learning. Then, the
image representations are mapped to quality scores by fine-
tuning the encoder weights [60] or training a linear regres-
sor [1, 26, 35] on human annotations. For instance, QPT
[60] and Re-IQA [35] use a contrastive loss to train the
encoder to separate between images degraded with differ-
ent types and degrees of distortion. Despite their impres-
sive performance, the scalability and applicability of su-
pervised methods are limited by their need for costly hu-
man annotations. This requirement is removed by opinion-
unaware approaches [3, 25, 29, 30, 40, 55]. Some of
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them, such as NIQE [29], are based on natural scene statis-
tics [29, 55], while others employ self-supervised learning
[3, 9, 25, 40]. For example, CL-MI [3] pre-trains an en-
coder on synthetic data and then fine-tunes it on authentic
images via a mutual information-based loss. Nevertheless,
existing opinion-unaware approaches fall behind supervised
methods in cross-dataset experiments. In contrast, despite
not requiring MOS, our method achieves remarkable perfor-
mance on unseen datasets even when considering opinion-
aware techniques.

Vision-Language Models for NR-IQA VLMs, such as
CLIP [32], have achieved impressive performance in several
low-level vision tasks, including image and video restora-
tion [2, 16, 21] and quality assessment [41, 47–51, 58].
CLIP-IQA [47] studies the capabilities of CLIP in assess-
ing the quality and abstract perception of images with-
out task-specific training. In addition, the authors train a
model named CLIP-IQA+ based on learning two antonym
prompts using MOS. LIQE [58] fine-tunes CLIP in a su-
pervised way with a multi-task learning approach exploit-
ing scene and distortion-type information. Recently, sev-
eral methods based on Multimodal Large Language Mod-
els (MLLMs) have been proposed [50, 51, 54]. While
these approaches achieve impressive results, they require
significant computational resources due to the high de-
mands of MLLMs. Among VLM-based methods for NR-
IQA, the most similar to our work is GRepQ [41], which
trains a low-level and a high-level CLIP-based encoder via
self-supervised learning. CLIP is fine-tuned by separating
higher and lower-quality groups of images within the same
batch with a contrastive loss depending on their predicted
quality, obtained by measuring their similarity to antonym
prompts. GRepQ predicts the final quality score by com-
bining the features of the two encoders and feeding them
as input to a linear regressor, which is trained on IQA
datasets using MOS. In contrast, we present a CLIP-only
self-supervised approach that removes the need for a low-
level encoder. We propose to synthetically degrade pairs
of images with increasing levels of intensity and make our
model learn to rank them through a ranking loss according
to their degree of distortion. The ranking is based directly
on the similarity between the text features and each of the
antonym prompts, instead of relying on the predicted qual-
ity as GRepQ. Also, differently from GRepQ, we do not
require any form of supervision at any step of our approach.

Learning to rank Learning to rank images has proven to
be an effective technique for image quality and aesthetics
assessment [7, 13, 19, 25, 34, 44]. For instance, VILA [13]
tackles image aesthetics assessment by training a learnable
residual projection on top of CLIP to rank the quality of
a single pair of images according to their MOS. Another
example is RankIQA [19], which involves synthetically de-
grading images with varying degrees using dataset-specific

distortions. Then, for each IQA dataset, the authors first
pre-train a Siamese network by ranking the images based
on their level of degradation and then fine-tune it with the
MOS. In our work, we employ a given set of distortions to
degrade pairs of crops with increasing levels of intensity.
Then, we leverage the information provided by their im-
plicit quality ranking to train a model to rank them accord-
ing to their similarity to antonym prompts. In this way, our
method does not require fine-tuning on ground-truth labels.

3. Proposed Approach

We propose a quality-aware image-text alignment strategy
to make CLIP generate quality-aware image representa-
tions. First, we synthetically degrade pairs of crops with in-
creasing levels of intensity. Then, we fine-tune CLIP’s im-
age encoder by ranking the similarity between two antonym
prompts and the progressively distorted image pairs based
on their degree of degradation, while guaranteeing consis-
tent representations for each pair of crops. We keep CLIP’s
text encoder fixed. We use a ResNet50 [10] as the back-
bone for CLIP. We do not employ any supervision – partic-
ularly MOS – at any step of the training process. Due to
space limitations, we provide the implementation details in
the supplementary material.

3.1. CLIP Preliminaries
CLIP (Contrastive Language-Image Pre-training) [32] is a
vision-language model trained on a large-scale dataset to
semantically align images and corresponding text captions
in a shared embedding space. The authors employ a con-
trastive loss that maximizes the similarity between paired
image-text samples while minimizing the similarity with
all the other samples within a batch. CLIP comprises an
image encoder ψI and a text encoder ψT . Given an im-
age I , the image encoder extracts its feature representation
x = ψI(I) ∈ Rd, where d is the dimension of CLIP’s
embedding space. For a given text caption T , each tok-
enized word is mapped to the token embedding space W
through a word embedding layer Ew. Then, the text en-
coder ψT is used to generate the textual feature represen-
tation y = ψT (Ew(T )) ∈ Rd from the token embeddings.
Thanks to its training strategy, CLIP generates similar rep-
resentations within the common embedding space for im-
ages and text expressing the same concepts.

3.2. Synthetic Degradation with Increasing Levels
of Intensity

Although authentic distortions cannot be perfectly repli-
cated synthetically, prior studies have shown that synthetic
distortions remain effective for training self-supervised NR-
IQA models that generalize well to real-world images
[1, 26, 35, 60]. Following these works, we synthetically
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Figure 2. Examples of synthetic degradations for five increasing
levels of intensity.

degrade unlabeled pristine images using progressively in-
creasing levels of intensity. In this way, we can train our
model in a self-supervised way to rank the different versions
of each image according to the severity of their degradation.
Following [1], we consider 24 distinct degradation types
spanning the 7 distortion groups defined by the KADID-
10k dataset [18]: 1) Brightness change; 2) Blur; 3) Spatial
distortions; 4) Noise; 5) Color distortions; 6) Compression;
7) Sharpness & contrast. Each distortion has L=5 levels of
intensity. See the supplementary material for more details
on the specific degradation types. Fig. 2 shows some exam-
ples of degraded images for varying degrees of intensity.

We start from the 140K pristine images of the KADIS-
700k dataset [18]. For each image, we extract a pair of ran-
dom overlapping crops. Then, we randomly sample D=1
distortion groups and a degradation within each group. We
apply the D distortions to both crops using L = 5 distinct
levels of intensity, resulting in L pairs of equally degraded
crops, one for each level. Contrary to RankIQA [19], we
obtain two images for each degree of distortion, as depicted
in the leftmost part of Fig. 3. Given two such pairs of crops,
we can infer which has a higher quality based on the corre-
sponding level of degradation. We leverage this information
to train our model with a ranking loss.

3.3. Quality-Aware Image-Text Alignment
As Fig. 1 shows, CLIP struggles to generate accurate
quality-aware image representations that reflect the sever-
ity of the degradation. To address this issue, we propose
a quality-aware image-text alignment strategy to fine-tune
CLIP’s image encoder. The idea of our approach is that
given two degraded versions of the same image, a positive
prompt referring to high image quality – such as “Good
photo” – should be more similar to the less degraded ver-
sion. The opposite consideration applies considering a neg-
ative prompt related to low image quality, such as “Bad
photo”. At the same time, two images with overlapping

content and equal degree of degradation should have com-
parable similarities to such a pair of quality-related antonym
prompts. Note that, given two unlabeled images with com-
pletely different content, we can not make any assumptions
about their relative quality [4], or, in other words, their sim-
ilarity to the prompts. Our training strategy leverages mul-
tiple pairs of increasingly degraded images to achieve two
objectives: O1): we want CLIP to generate consistent repre-
sentations for images with similar content and comparable
quality, i.e. showing the same amount of distortion; O2):
the similarity between the positive (negative) prompt and
the distinct versions of the images must correlate inversely
(directly) with the corresponding level of degradation.

Let I1i and I2i be the i-th pair of increasingly degraded
crops obtained as detailed in Sec. 3.2, where i ∈ {1, . . . , L}
and L = 5 is the number of considered distortion levels.
For i, j ∈ {1, . . . , L} with j > i, the j-th pair of crops is
more degraded than the i-th one. Given each pair of crops,
we extract the corresponding features through CLIP’s image
encoder ψI , resulting in x1i = ψI(I

1
i ) and x2i = ψI(I

2
i ).

Similarly to [47], we remove the positional embedding to
relax CLIP’s requirement of fixed-size inputs. Let Tp and
Tn be a pair of antonym prompts related to image quality,
such as “Good photo” and “Bad photo”. We refer to Tp
and Tn as positive and negative prompts, respectively. In
practice, we use multiple pairs of antonym prompts, similar
to [48, 49]. We use CLIP’s text encoder ψT to extract the
text features associated with the prompts, obtaining tp =
ψT (Tp) and tn = ψT (Tn). We normalize both the image
and text features to have a unit L2-norm.

To achieve objective O1, we propose to employ a consis-
tency loss term to guarantee that the similarity between the
features of the prompts and those of each of the two images
composing each degraded pair is comparable. We assume
that two overlapping crops extracted from the same image
have a comparable quality, analogously to [35, 60]. We rely
on a margin ranking loss [7, 16, 19] defined as:

Lcons =

L∑
i=1

[
max(0,

∣∣c(x1i , tp)− c(x2i , tp)
∣∣−mcons)

+ max(0,
∣∣c(x1i , tn)− c(x2i , tn)

∣∣−mcons) ] , (1)

where c(·) stands for the cosine similarity and the margin
mcons is a hyperparameter. Intuitively,mcons must be small
enough to force the similarities between the prompts and
each of the two crops to be comparable. With CLIP, the co-
sine similarity between each image-prompt pair is in [0, 1].

Given the i-th level of synthetic degradation, with i ∈
{1, . . . , L}, we assume that the quality of the two distorted
crops of the i-th pair is higher than that of the two im-
ages composing the (i+ 1)-th one, analogously to [19, 34].
Thus, we enforce that the similarity between the features of
the positive prompt and those of two crops is higher than
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Figure 3. Overview of the proposed quality-aware image-text alignment strategy. Starting from a pair of two random overlapping crops
from a pristine image, we synthetically degrade them with L increasing levels of intensity, resulting in L pairs. Then, given two quality-
related antonym prompts Tp and Tn, we fine-tune CLIP’s image encoder with three margin ranking losses (Lcons, Lpos, Lneg) by con-
sidering the similarity between the prompts and the degraded crops. Specifically, we use Lcons to force CLIP to generate consistent
representations for the crops belonging to each pair, since they exhibit similar content and the same degree of distortion. At the same time,
we make the similarity between the prompt Tp (or Tn) and the increasingly degraded versions of the crops correlate inversely (or directly)
with the intensity of the distortion through Lpos (or Lneg).

when considering more degraded versions of the two crops.
Specifically, we define a margin ranking loss as:

Lpos =
L−1∑
i=1

L∑
j=i+1

2∑
k=1

[
max(0, c(xkj , tp)− c(x1i , tp) +mrank)

+ max(0, c(xkj , tp)− c(x2i , tp) +mrank) ] ,
(2)

where the margin mrank is a hyperparameter. The oppo-
site of the consideration made above applies when we take
into account the negative prompt. Therefore, we add a loss
term to impose that the similarity between the features of
the negative prompt and those of two crops is lower than
when considering more degraded versions of the two crops:

Lneg =
L−1∑
i=1

L∑
j=i+1

2∑
k=1

[
max(0, c(x1i , tn)− c(xkj , tn) +mrank)

+ max(0, c(x2i , tn)− c(xkj , tn) +mrank) ] .
(3)

Intuitively, mrank must be large enough to make the simi-
larities between the prompts and the increasingly degraded
versions of the two crops noticeably different. Using the
combination of Lpos and Lneg achieves objective O2.

The final training loss is given by:

L = λconsLcons + λposLpos + λnegLneg, (4)

where λcons, λpos, and λneg represent the loss weights.
Fig. 3 shows an overview of our training strategy. Given
that we do not employ any MOS, our approach is both
self-supervised and opinion-unaware. Thanks to the pro-
posed training strategy, CLIP learns to align images and
texts based more on low-level characteristics, such as noise
and blur, rather than high-level semantics. As a result, the

similarity between the antonym prompts and the image rep-
resentations obtained by QualiCLIP correlates with the in-
herent quality of the images, as shown in Fig. 1.

At inference time, given an image I , we extract its fea-
tures x using CLIP’s image encoder. Then, we compute the
cosine similarity between x and the features tp and tn of the
antonym prompts, resulting in sp and sn. Finally, we obtain
the final quality score q∈ [0, 1] as:

q =
e(sp/τ)

e(sp/τ) + e(sn/τ)
, (5)

where τ is a temperature hyperparameter. Note that, since
we keep CLIP’s text encoder weights frozen, we need to
compute the text features of the antonym prompts only
once, and we can use them both for training and inference.
Therefore, at inference time, the computational cost of our
method is the same as that of an image-encoder-only model
with the same backbone.
Discussion Our quality-aware image-text alignment strat-
egy stems from the inherent limitations of applying com-
mon self-supervised NR-IQA training techniques to CLIP.
Prior methods, such as QPT [60] and Re-IQA [35], train an
encoder using a contrastive loss that maximizes the similar-
ity between the representations of crops from the same de-
graded image, while minimizing the similarity with the rep-
resentations of crops coming from different images within
the same batch. While this strategy proved its effectiveness
for image-encoder-only models, applying it to CLIP’s im-
age encoder would introduce a significant mismatch with
CLIP’s training process [32]. Indeed, CLIP is trained us-
ing an inter-modal (i.e. image-text) objective, aligning the
features – extracted with the image and text encoders – of
corresponding images and texts within a common embed-
ding space. Consequently, fine-tuning CLIP’s image en-
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Authentic Datasets Image Restoration Datasets AIGC Datasets

KonIQ-10k CLIVE FLIVE SPAQ CVIU PIPAL AGIQA-1K AGIQA-3K
Method OU SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC

CONTRIQUE [26] ✗ 0.874 0.882 0.806 0.838 0.596 0.648 0.910 0.912 0.912 0.916 0.581 0.611 0.799 0.855 0.817 0.879
Re-IQA [35] ✗ 0.883 0.887 0.783 0.797 0.623 0.685 0.909 0.912 0.887 0.895 0.568 0.587 0.783 0.84 0.811 0.874
ARNIQA [1] ✗ 0.869 0.883 0.797 0.823 0.595 0.670 0.904 0.909 0.919 0.926 0.634 0.666 0.768 0.849 0.803 0.881
CLIP-IQA+ [47] ✗ 0.873 0.890 0.815 0.849 0.602 0.662 0.901 0.904 0.925 0.918 0.552 0.558 0.817 0.855 0.844 0.894
GRepQ [41] ✗ 0.882 0.883 0.793 0.813 0.576 0.611 0.902 0.903 0.882 0.857 0.554 0.568 0.740 0.797 0.807 0.858

NIQE [29] ✓ 0.527 0.532 0.446 0.469 0.203 0.262 0.700 0.712 0.685 0.696 0.167 0.181 0.623 0.721 0.510 0.526
IL-NIQE [55] ✓ 0.511 0.532 0.427 0.481 0.234 0.286 0.713 0.724 0.595 0.668 0.231 0.220 0.645 0.757 0.528 0.544
CL-MI [3] ✓ 0.664 0.653 0.494 0.480 0.290 0.322 0.701 0.701 0.433 0.481 0.281 0.282 0.474 0.621 0.591 0.665
MDFS [30] ✓ 0.739 0.746 0.427 0.467 0.360 0.407 0.805 0.812 0.702 0.742 0.255 0.262 0.734 0.818 0.697 0.723
CONTRIQUE-OU [26] ✓ 0.651 0.637 0.348 0.364 0.321 0.341 0.677 0.685 0.610 0.715 0.225 0.218 0.644 0.717 0.465 0.489
Re-IQA-OU [35] ✓ 0.580 0.568 0.379 0.388 0.350 0.341 0.613 0.616 0.648 0.662 0.152 0.151 0.644 0.764 0.366 0.430
ARNIQA-OU [1] ✓ 0.746 0.762 0.468 0.557 0.428 0.468 0.788 0.797 0.673 0.712 0.327 0.331 0.667 0.786 0.614 0.679
CLIP-IQA [47] ✓ 0.695 0.730 0.656 0.670 0.344 0.473 0.733 0.734 0.613 0.642 0.274 0.279 0.498 0.651 0.638 0.711
GRepQ-OU [41] ✓ 0.776 0.798 0.722 0.766 0.289 0.423 0.802 0.805 0.748 0.785 0.434 0.419 0.161 0.530 0.613 0.734

QualiCLIP ✓ 0.817 0.838 0.725 0.802 0.442 0.556 0.841 0.851 0.840 0.852 0.410 0.424 0.736 0.805 0.667 0.735

Table 1. Quantitative results of the zero-shot evaluation setting. OU stands for Opinion-Unaware. Best and second-best scores for OU
methods are highlighted in bold and underlined, respectively. The suffix “-OU” indicates approaches modified to be opinion-unaware (see
Sec. 4.1). For reference, we report the performance of supervised methods (i.e. OU=✗) trained on the training split of each testing dataset.

coder by considering only intra-modal (i.e. image-image)
similarities without exploiting its alignment with the text
encoder contradicts its design [27, 45]. For this reason, we
propose to train our model by employing image-text simi-
larities to leverage CLIP’s inherent inter-modal alignment.
Additionally, using a contrastive loss to maximize (or min-
imize) the similarity of the antonym prompts with multiple
different training samples within the same batch would cor-
respond to making assumptions on the relative quality of
unlabeled images with completely different content, which
is unfeasible [60]. Instead, by relying on a ranking loss that
only considers progressively degraded versions of the same
image, we can leverage their inherent quality ranking as su-
pervision to train our model in an effective way.

4. Experimental Results
4.1. Quantitative Results
We conduct several experiments to compare the perfor-
mance of QualiCLIP with existing opinion-unaware and
opinion-aware methods. In the supplementary material, we
also study the robustness and explainability of our model.
Evaluation protocol We evaluate the performance us-
ing Spearman’s Rank-order Correlation Coefficient (SRCC)
and Pearson’s Linear Correlation Coefficient (PLCC),
which measure prediction monotonicity and accuracy, re-
spectively. Higher values of SRCC and PLCC correspond
to better results. Following [8], we pass the quality predic-
tions through a four-parameter logistic non-linearity before
computing PLCC.

We evaluate our method on several IQA datasets, each
containing images annotated with human judgments of pic-
ture quality in the form of MOS. These datasets feature im-
ages with various types of distortions, including authentic

degradations, artifacts from image restoration methods, and
AI-generated content. Specifically, we consider four au-
thentic datasets: KonIQ-10k [11], CLIVE [6], FLIVE [53],
and SPAQ [5]; two image restoration datasets: CVIU [22]
and PIPAL [12]; and two AIGC datasets: AGIQA-1K [59]
and AGIQA-3K [15]. Additional details on the datasets are
provided in the supplementary material, where we also re-
port experiments on images with synthetic distortions. Fol-
lowing [1, 26, 35], we randomly split the datasets into 70%
for training, 10% for validation, and 20% for testing. For
datasets that include reference images, namely the image
restoration and synthetic datasets, we ensure that splits are
made based on reference images to prevent content overlap.
To mitigate selection bias in the training set, we repeat the
training/testing process 10 times and report the median re-
sults. Due to its large size, for FLIVE, we follow [1, 26, 35]
and use only the official train-validation-test split [53].

We compare our approach to state-of-the-art methods in
two settings: zero-shot and cross-dataset. Our method re-
mains consistent across both settings; the only variation lies
in the competing methods. For a fair comparison, we com-
pute the results of the baselines using our evaluation proto-
col. For each baseline, we employ the official pre-trained
model when available, or, otherwise, train the model fol-
lowing the procedure described in the original paper. In
the zero-shot setting, we compare with existing opinion-
unaware methods. In addition, following [3], we consider
opinion-aware approaches that can be modified to function
without requiring MOS (indicated with the suffix “-OU”).
In particular, for GRepQ [41], we follow the zero-shot strat-
egy detailed in the original paper. For methods based on
an image encoder and a linear regressor, such as CON-
TRIQUE [26], we extract the image features via the pre-
trained encoder and then employ a NIQE-style framework
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Authentic Datasets Image Restoration Datasets AIGC Datasets

KonIQ-10k CLIVE SPAQ CVIU PIPAL AGIQA-1K AGIQA-3K
Method OU SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC

HyperIQA [42] ✗ 0.738 0.735 0.699 0.722 0.649 0.650 0.361 0.400 0.289 0.95 0.403 0.582 0.490 0.570
DBCNN [57] ✗ 0.804 0.823 0.660 0.698 0.808 0.817 0.786 0.803 0.356 0.374 0.525 0.726 0.510 0.657
TReS [7] ✗ 0.759 0.758 0.696 0.727 0.739 0.735 0.466 0.510 0.326 0.328 0.392 0.585 0.515 0.569
LIQE [58] ✗ 0.813 0.801 0.743 0.756 0.713 0.712 0.560 0.625 0.349 0.393 0.450 0.663 0.563 0.633
QCN [39] ✗ 0.728 0.789 0.653 0.731 0.815 0.819 0.753 0.757 0.370 0.382 0.458 0.705 0.518 0.595
CONTRIQUE [26] ✗ 0.777 0.777 0.734 0.766 0.820 0.827 0.616 0.681 0.357 0.390 0.485 0.663 0.464 0.540
Re-IQA [35] ✗ 0.796 0.827 0.690 0.761 0.825 0.830 0.714 0.741 0.306 0.302 0.406 0.675 0.554 0.625
ARNIQA [1] ✗ 0.798 0.810 0.699 0.765 0.837 0.846 0.632 0.673 0.351 0.361 0.437 0.682 0.487 0.585
CLIP-IQA+ [47] ✗ 0.783 0.798 0.694 0.741 0.755 0.754 0.747 0.770 0.319 0.332 0.502 0.595 0.505 0.518
GRepQ [41] ✗ 0.810 0.818 0.751 0.772 0.829 0.838 0.799 0.816 0.448 0.460 0.321 0.610 0.581 0.697

QualiCLIP ✓ 0.817 0.838 0.725 0.802 0.841 0.851 0.840 0.852 0.410 0.424 0.736 0.805 0.667 0.735

Table 2. Quantitative results of the cross-dataset evaluation setting. We employ the FLIVE [53] dataset to train the supervised methods.
OU stands for Opinion-Unaware. Best and second-best scores are highlighted in bold and underlined, respectively.

to predict the quality scores, similar to [3]. In the cross-
dataset setting, we evaluate the generalization capabilities
of our model by comparing it with supervised opinion-
aware methods on testing datasets different from the train-
ing one. Due to its large scale, we employ FLIVE as the
training dataset for the baselines. Additionally, we report
results using CLIVE and PIPAL in the supplementary ma-
terial. For a fair comparison, we train LIQE [58] using
a ResNet50 backbone and restrict our analysis to methods
that do not rely on an MLLM, as these models entail sub-
stantial computational demands.

Zero-shot setting We report the results for the zero-shot
setting in Tab. 1. Our approach achieves the best perfor-
mance on 13 out of 16 evaluation metrics and ranks sec-
ond on the remaining 3, with SRCC improvements over the
best-performing baseline of up to 9.2%, observed on the
CVIU dataset. Notably, QualiCLIP sets the new state of the
art for opinion-unaware approaches on authentic and image
restoration datasets, proving the effectiveness of our train-
ing strategy. The improvement over CLIP-IQA highlights
that our model generates more accurate quality-aware im-
age representations than off-the-shelf CLIP models. Com-
pared to GRepQ-OU, which is the strongest existing ap-
proach in most scenarios, the proposed method obtains
better results on all the testing datasets excluding PIPAL.
Moreover, while GRepQ-OU combines a low-level encoder
with a high-level fine-tuned CLIP-based encoder, Quali-
CLIP relies solely on CLIP, making it more straightforward
and efficient. For reference, Tab. 1 also includes the per-
formance of supervised opinion-aware methods trained on
the training split of each testing dataset. We observe that all
opinion-unaware methods fall behind supervised opinion-
aware approaches when a training set is available, showing
that there is still room for improving the performance of
opinion-unaware models.

Cross-dataset setting Tab. 2 shows the results for the cross-

Ablation KonIQ-10k CLIVE FLIVE SPAQ

D = 2 0.815 0.718 0.437 0.834
L = 3 0.808 0.719 0.382 0.788
quality-based 0.745 0.708 0.396 0.756

QualiCLIP 0.817 0.725 0.442 0.841

Table 3. Ablation study on the training strategy. Best and second-
best scores are highlighted in bold and underlined, respectively.

dataset setting. Despite not requiring MOS, QualiCLIP out-
performs the baselines on 11 out of 14 evaluation metrics.
Specifically, our method achieves excellent performance
across datasets with various types of distortions, demon-
strating its robustness. This makes our model well-suited
for real-world applications where a training set is unavail-
able. Moreover, comparing Tabs. 1 and 2 reveals two key
observations. First, the performance of supervised opinion-
aware models significantly decreases when tested on un-
seen datasets (e.g. GRepQ on AIGC datasets), highlight-
ing their limited generalization capabilities. Second, Qual-
iCLIP stands out as the only opinion-unaware approach to
consistently obtain remarkable results even against super-
vised opinion-aware methods.

4.2. Ablation Studies
We conduct ablation studies to analyze the impact of differ-
ent components of our training strategy, the importance of
each loss term, and the contribution of each of the antonym
prompts in the quality score computation. For simplicity,
we only report the SRCC results on the authentic datasets.

Training strategy We evaluate the performance achieved
by modified versions of our approach: 1) D=2: we apply
two sequential degradations to each crop in Sec. 3.2 instead
of just one; 2) L=3: we consider only three levels of degra-
dation in Secs. 3.2 and 3.3 instead of five; 3) we compute the
ranking loss using the predicted quality scores – obtained
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Lcons Lpos Lneg KonIQ-10k CLIVE FLIVE SPAQ

✓ ✗ ✗ 0.733 0.668 0.368 0.703
✗ ✓ ✗ 0.764 0.532 0.410 0.769
✗ ✗ ✓ 0.805 0.714 0.420 0.812
✓ ✓ ✗ 0.771 0.550 0.404 0.791
✓ ✗ ✓ 0.800 0.715 0.427 0.820
✗ ✓ ✓ 0.811 0.710 0.434 0.837

✓ ✓ ✓ 0.817 0.725 0.442 0.841

Table 4. Ablation study on the loss terms. Best and second-best
scores are highlighted in bold and underlined, respectively.

with Eq. (5) – associated to each degraded crop instead of
its similarity to the antonym prompts; Tab. 3 shows the re-
sults. First, we notice that employing more than one dis-
tortion leads to slightly worse performance. We argue that
this result stems from the synthetic degradation becoming
too severe independently of the level of intensity, making
it overly challenging for the model to rank the crops effec-
tively. Moreover, considering only L = 3 levels of degra-
dation provides less information to the model during train-
ing compared to using five different levels and thus signif-
icantly worsens the results. Then, we observe that directly
employing the predicted quality scores in the ranking loss
instead of the similarity to the prompts achieves poor per-
formance. We attribute this outcome to an increased dis-
crepancy between CLIP’s training and fine-tuning process.
Indeed, while the predicted quality scores originate from
two prompts (see Eq. (5)), the proposed strategy considers
multiple pairs of single images and texts, which we argue is
more similar to the technique used for training CLIP [32].
Loss terms We study the importance of each loss term in
Eq. (4) and report the results in Tab. 4. First, we notice
that using only Lcons leads to a significant performance de-
crease, as Lcons does not exploit the information provided
by the intrinsic ranking of the increasingly degraded crops.
Nevertheless, Lcons consistently yields a positive impact
when combined with any of the other loss terms. Then, we
observe that, while Lpos and Lneg differ only for the type of
prompt they consider, Lneg proves to be significantly more
critical for the training process. Nevertheless, Tab. 4 shows
that combining the three loss terms achieves the best results,
proving that they are all crucial for training CLIP to gener-
ate accurate quality-aware image representations.
Individual prompt contributions The results of the abla-
tion studies on the training loss terms show that Lneg is
more critical than Lpos for the training process. We recall
that Lpos and Lneg involve the alignment between the im-
ages and the positive and negative prompts, respectively.
This suggests that the similarity between the image and
the negative prompt has a greater influence than that with
the positive prompt on the quality score computation (as in
Eq. (5)). To support this hypothesis, we study the individual

Tp Tn KonIQ-10k CLIVE FLIVE SPAQ

✓ ✗ 0.230 0.063 0.064 0.059
✗ ✓ 0.661 0.686 0.332 0.818

✓ ✓ 0.817 0.725 0.442 0.841

Table 5. Analysis of the individual prompt contributions in the
quality score computation. Best and second-best scores are high-
lighted in bold and underlined, respectively.

prompt contributions in obtaining the final quality scores.
We conduct an experiment where we directly use the

similarity between the image and each of the antonym
prompts as the quality score. This is possible because both
the similarities and the quality scores range between 0 and
1. Tab. 5 shows the results. We observe that the similarity
between the negative prompt and the image provides signif-
icantly more information about its inherent quality than the
positive prompt. This result supports our hypothesis and is
consistent with the greater importance of Lneg in our train-
ing strategy. Nonetheless, Tab. 5 also indicates that both
prompts are essential for the quality score computation, as
their combination results in the best performance.

We carry out an additional experiment to determine
whether the discrepancy in the contributions of the positive
and negative prompts arises from our training strategy or is
inherent to CLIP itself. Specifically, we follow the exper-
imental setting described above to evaluate the individual
contributions of the prompts in the quality score computa-
tion of CLIP-IQA [47]. We recall that CLIP-IQA employs
an off-the-shelf CLIP model and computes the final qual-
ity scores using a strategy similar to Eq. (5). Our experi-
ment reveals that using Tp and Tn individually results in a
SRCC of 0.010 and 0.571, respectively, on the KonIQ-10k
dataset. This outcome leads us to conclude that the sim-
ilarity with the negative prompt inherently provides more
meaningful information about image quality compared to
using the positive prompt. We will investigate this finding
more thoroughly in future work.

5. Conclusion
In this work, we propose QualiCLIP, a self-supervised
opinion-unaware approach that enhances CLIP’s ability to
produce accurate quality-aware image representations. In
particular, we design a quality-aware image-text alignment
strategy that trains CLIP to rank increasingly synthetically
degraded images based on their similarity with antonym
prompts, while ensuring consistent representations for im-
ages with similar content and comparable quality. Com-
pared to existing opinion-unaware methods, QualiCLIP
shows significant performance improvements across several
datasets. Moreover, it is the only opinion-unaware approach
that, in most cases, outperforms opinion-aware methods in
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cross-dataset experiments. Thus, we believe that QualiCLIP
could serve as a strong baseline for evaluating the general-
ization capabilities of future NR-IQA approaches.
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Quality-Aware Image-Text Alignment
for Opinion-Unaware Image Quality Assessment

Supplementary Material

Overview

In this document, we present additional details and extended
experimental analyses to complement the main paper. The
supplementary material is organized as follows:
S1. Datasets: we report the details of the datasets employed

in the experiments;
S2. Additional Experimental Results:

S2.1. Quantitative Results: we provide the zero-shot
results on synthetic datasets and the cross-
dataset performance using the CLIVE and PI-
PAL datasets for training the baselines;

S2.2. Ablation Studies: we analyze the impact on the
performance of the backbone of CLIP’s image
encoder;

S2.3. gMAD Competition: we conduct the gMAD
competition against GRepQ and CLIP-IQA;

S2.4. t-SNE Visualization: we visualize the image rep-
resentations of QualiCLIP with t-SNE;

S2.5. Supervised QualiCLIP: we extend our approach
to leverage human annotations;

S2.6. Inference Time: we evaluate the inference time
of our model;

S3. Implementation Details: we provide the implementa-
tion details of the training strategy, the prompts, and
the synthetic distortions.

S4. Limitations: we discuss the limitations of the proposed
approach.

S1. Datasets

To carry out the experiments, we employ several types of
datasets, namely authentic, image restoration, AIGC, and
synthetic datasets. We rely on four authentic datasets:
KonIQ-10k [11], CLIVE [6], FLIVE [53], and SPAQ
[5]. KonIQ-10k contains 10K images sampled from the
YFCC100M [43] database. CLIVE consists of 1162 im-
ages captured with a wide range of mobile devices. FLIVE
is the largest existing dataset for NR-IQA and is composed
of about 40K real-world images. SPAQ comprises 11K
high-resolution photos taken with several smartphones. Fol-
lowing [5], we resize the SPAQ images so that the shorter
side is 512 pixels. We use two image restoration datasets:
CVIU [22] and PIPAL [12]. CVIU stems from 30 refer-
ence images distorted with 9 super-resolution methods, re-
sulting in 1620 images. PIPAL comprises 23200 images
degraded with 40 distortion types, including GAN-based
super-resolution methods, and originates from 250 refer-

ence images. We employ two AIGC datasets: AGIQA-1K
[59] and AGIQA-3K [15]. AGIQA-1K includes 1080 im-
ages generated with 2 diffusion models. AGIQA-3K con-
sists of 2982 images generated via 6 generative models, in-
cluding auto-regressive and diffusion ones. We consider
four synthetic datasets: LIVE [37], CSIQ [14], TID2013
[31], and KADID-10k [18]. LIVE comprises 779 images
degraded with 5 different distortion types at 5 levels of in-
tensity, with 29 reference images as the base. CSIQ origi-
nates from 30 reference images, each distorted with 6 dis-
tinct degradations at 5 intensity levels, resulting in 866 im-
ages. TID2013 and KADID-10k comprise 3000 and 10125
images degraded using 24 and 25 types of distortion across
5 different degrees of intensity, originating from 25 and 81
reference images, respectively.

S2. Additional Experimental Results
S2.1. Quantitative Results
Zero-shot setting In Tab. S1, we compare the performance
of our model with existing opinion-unaware approaches on
synthetic datasets. We observe that our method achieves
competitive performance, obtaining the most consistent re-
sults among the considered approaches. However, as also
observed in Sec. 4.1, supervised opinion-aware meth-
ods achieve better performance than opinion-unaware ones
when a training set is available.

Cross-dataset setting Tabs. S2 and S3 present the results
of the cross-dataset setting when employing CLIVE [6] and
PIPAL [12], respectively, to train the supervised baselines.
Note that we do not report the performance of TReS [7]
with PIPAL as the training dataset as there is no public pre-
trained model available. The results show that QualiCLIP
achieves excellent performance regardless of the dataset
used to train the baselines. Moreover, we observe that the
opinion-aware approaches generally perform worse when
trained on PIPAL compared to CLIVE. We attribute this
outcome to the nature of the degradation types included in
PIPAL, which are different from those in the other testing
datasets. This result highlights the sensitivity of the super-
vised opinion-aware methods to the training data, and fur-
ther confirms their limited generalization capabilities.

S2.2. Ablation Studies
Backbone of CLIP’s image encoder Following [47], we
evaluate the impact of the backbone architecture of CLIP’s
image encoder on performance. Specifically, we examine

12



LIVE CSIQ TID2013 KADID-10k
Method OU SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC

CONTRIQUE [26] ✗ 0.962 0.967 0.946 0.960 0.821 0.843 0.927 0.928
Re-IQA [35] ✗ 0.954 0.956 0.946 0.954 0.873 0.895 0.867 0.865
ARNIQA [1] ✗ 0.965 0.970 0.961 0.969 0.874 0.896 0.905 0.908
CLIP-IQA+ [47] ✗ 0.950 0.946 0.862 0.882 0.804 0.834 0.818 0.822
GRepQ [41] ✗ 0.926 0.931 0.844 0.871 0.668 0.681 0.808 0.797

NIQE [29] ✓ 0.903 0.906 0.642 0.727 0.308 0.419 0.380 0.442
IL-NIQE [55] ✓ 0.878 0.884 0.848 0.883 0.504 0.636 0.557 0.599
CL-MI [3] ✓ 0.749 0.731 0.619 0.615 0.249 0.317 0.518 0.529
MDFS [30] ✓ 0.926 0.930 0.797 0.829 0.554 0.657 0.608 0.634
CONTRIQUE-OU [26] ✓ 0.841 0.840 0.684 0.700 0.321 0.344 0.552 0.564
Re-IQA-OU [35] ✓ 0.781 0.779 0.713 0.725 0.284 0.339 0.516 0.534
ARNIQA-OU [1] ✓ 0.853 0.852 0.832 0.810 0.467 0.527 0.632 0.638
CLIP-IQA [47] ✓ 0.626 0.651 0.748 0.805 0.525 0.632 0.465 0.473
GRepQ-OU [41] ✓ 0.714 0.698 0.740 0.742 0.423 0.565 0.416 0.463

QualiCLIP ✓ 0.898 0.885 0.804 0.842 0.651 0.732 0.654 0.664

Table S1. Quantitative results of the zero-shot evaluation setting using synthetic datasets. OU stands for Opinion-Unaware. Best and
second-best scores for OU methods are highlighted in bold and underlined, respectively. The suffix “-OU” indicates approaches modified
to be opinion-unaware (see Sec. 4.1). For reference, we report the performance of supervised methods (i.e. OU=✗) trained on the training
split of each testing dataset.

Authentic Datasets Image Restoration Datasets AIGC Datasets

KonIQ-10k FLIVE SPAQ CVIU PIPAL AGIQA-1K AGIQA-3K
Method OU SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC

HyperIQA [42] ✗ 0.734 0.773 0.328 0.483 0.771 0.796 0.632 0.642 0.361 0.384 0.183 0.351 0.594 0.686
DBCNN [57] ✗ 0.703 0.755 0.299 0.435 0.806 0.816 0.728 0.748 0.332 0.341 0.445 0.693 0.448 0.558
TReS [7] ✗ 0.727 0.756 0.359 0.494 0.858 0.863 0.713 0.739 0.397 0.453 0.364 0.643 0.549 0.666
LIQE [58] ✗ 0.810 0.787 0.277 0.271 0.830 0.840 0.704 0.717 0.446 0.445 0.417 0.609 0.653 0.732
QCN [39] ✗ 0.762 0.835 0.428 0.537 0.860 0.867 0.765 0.770 0.393 0.413 0.337 0.677 0.584 0.729
CONTRIQUE [26] ✗ 0.736 0.749 0.399 0.527 0.834 0.842 0.583 0.601 0.310 0.370 0.256 0.393 0.503 0.597
Re-IQA [35] ✗ 0.600 0.618 0.252 0.341 0.820 0.829 0.576 0.685 0.360 0.386 0.330 0.548 0.431 0.516
ARNIQA [1] ✗ 0.745 0.775 0.434 0.526 0.861 0.871 0.610 0.643 0.369 0.382 0.320 0.629 0.526 0.649
CLIP-IQA+ [47] ✗ 0.769 0.808 0.410 0.547 0.846 0.854 0.837 0.851 0.369 0.385 0.395 0.584 0.637 0.712
GRepQ [41] ✗ 0.742 0.750 0.391 0.464 0.855 0.865 0.701 0.717 0.368 0.385 0.346 0.589 0.616 0.730

QualiCLIP ✓ 0.817 0.838 0.442 0.556 0.841 0.851 0.840 0.852 0.412 0.422 0.736 0.805 0.667 0.735

Table S2. Quantitative results of the cross-dataset evaluation setting. We employ the CLIVE [6] dataset to train the supervised methods.
OU stands for Opinion-Unaware. Best and second-best scores are highlighted in bold and underlined, respectively.

the ResNet50 and ViT-B/32 backbones. In Tab. S4 we com-
pare the results of QualiCLIP with CLIP-IQA [47], which
leverages an off-the-shelf CLIP model. As also observed
by Wang et al. [47], relying on the ViT-B/32 significantly
hinders the performance over the ResNet50. This outcome
stems from the stronger inductive bias of convolutional net-
works compared to transformers, which are more sensitive
to the removal of the positional embedding. Nevertheless,
for both backbones, we observe that QualiCLIP outper-
forms CLIP-IQA.

S2.3. gMAD Competition

To assess the robustness of our model, we carry out the
group maximum differentiation (gMAD) competition [24].
In particular, we compare QualiCLIP against GRepQ and
CLIP-IQA using the Waterloo Exploration Database [23]
dataset, which comprises 95K synthetically degraded im-
ages without MOS annotations. In this evaluation, one
model is fixed to function as a defender, and its quality
predictions are grouped into two distinct levels. The other
model assumes the role of the attacker, tasked with identi-
fying image pairs within each level that exhibit the greatest
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Authentic Datasets IR Dataset AIGC Datasets

KonIQ-10k CLIVE FLIVE SPAQ CVIU AGIQA-1K AGIQA-3K
Method OU SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC

HyperIQA [42] ✗ 0.570 0.564 0.560 0.642 0.246 0.310 0.752 0.762 0.821 0.835 0.493 0.486 0.497 0.535
DBCNN [57] ✗ 0.718 0.744 0.570 0.638 0.267 0.378 0.779 0.795 0.803 0.814 0.427 0.651 0.516 0.601
LIQE [58] ✗ 0.681 0.696 0.657 0.691 0.138 0.178 0.692 0.690 0.797 0.810 0.413 0.465 0.560 0.621
QCN [39] ✗ 0.584 0.663 0.463 0.559 0.292 0.408 0.785 0.797 0.766 0.767 0.484 0.679 0.563 0.650
CONTRIQUE [26] ✗ 0.445 0.460 0.342 0.408 0.228 0.308 0.596 0.600 0.719 0.723 0.311 0.535 0.344 0.392
Re-IQA [35] ✗ 0.351 0.376 0.297 0.358 0.206 0.273 0.633 0.641 0.670 0.692 0.291 0.410 0.317 0.375
ARNIQA [1] ✗ 0.246 0.325 0.389 0.486 0.224 0.252 0.614 0.644 0.757 0.768 0.173 0.564 0.557 0.629
CLIP-IQA+ [47] ✗ 0.568 0.586 0.551 0.597 0.231 0.313 0.758 0.766 0.748 0.764 0.442 0.560 0.679 0.720
GRepQ [41] ✗ 0.679 0.682 0.536 0.583 0.285 0.345 0.754 0.765 0.792 0.820 0.174 0.591 0.573 0.679

QualiCLIP ✓ 0.817 0.838 0.725 0.802 0.442 0.556 0.841 0.851 0.840 0.852 0.736 0.805 0.667 0.735

Table S3. Quantitative results of the cross-dataset evaluation setting. We employ the PIPAL [12] dataset to train the supervised methods.
OU stands for Opinion-Unaware. IR signifies Image Restoration. Best and second-best scores are highlighted in bold and underlined,
respectively.

Method KonIQ-10k CLIVE FLIVE SPAQ

R
N

50 CLIP-IQA 0.695 0.656 0.344 0.733
QualiCLIP 0.817 0.725 0.442 0.841

B
/3

2 CLIP-IQA 0.390 0.328 0.211 0.608
QualiCLIP 0.626 0.334 0.217 0.782

Table S4. Ablation study on the CLIP backbone. RN50 and B/32
stand for ResNet50 and ViT-B/32, respectively. Best SRCC scores
for each backbone are highlighted in bold.

quality difference. For a model to demonstrate robustness,
the selected image pairs should show comparable quality
when acting as the defender while exhibiting a notable qual-
ity disparity when assuming the role of the attacker. We
observe that when we fix QualiCLIP at a low-quality level
(Fig. S1a top), GRepQ fails to find picture pairs with an ob-
vious quality difference. When considering a high-quality
level (Fig. S1a bottom), the image pair identified by GRepQ
shows a slight quality gap. However, when assuming the
role of the attacker (Fig. S1b), QualiCLIP successfully ex-
poses the failures of GRepQ, as it pinpoints image pairs dis-
playing a significant quality disparity. Fig. S2 shows that
the same considerations can be drawn when analyzing the
results of the gMAD competition between QualiCLIP and
CLIP-IQA. Hence, our approach demonstrates greater ro-
bustness than GRepQ and CLIP-IQA.

S2.4. gradCAM visualization
We evaluate the explainability of our model and CLIP-IQA
via a gradCAM [36] visualization. gradCAM is a visualiza-
tion technique aimed at understanding which regions of an
input image are most influential for a model’s decision by
studying the gradients of a given layer. We employ grad-
CAM to produce a heatmap of the regions of the image that
activate the most for each of the antonym prompts. We em-

Worst GRepQ Best GRepQ

Fixed
QualiCLIP

Fixed
QualiCLIP

(a)

Worst QualiCLIP Best QualiCLIP

Fixed
GRepQ

Fixed
GRepQ

(b)

Figure S1. gMAD competition results between QualiCLIP and
GRepQ [41]. (a): Fixed QualiCLIP at a low- (top) and high-
quality (bottom) level, respectively. (b): Fixed GRepQ at a low-
(top) and high-quality (bottom) level, respectively.

Worst CLIP-IQA Best CLIP-IQA

Fixed
QualiCLIP

Fixed
QualiCLIP

(a)

Fixed
CLIP-IQA

Worst QualiCLIP Best QualiCLIP

Fixed
CLIP-IQA

(b)

Figure S2. gMAD [24] competition results between QualiCLIP
and CLIP-IQA [47]. (a): Fixed QualiCLIP at a low- (top) and
high-quality (bottom) level, respectively. (b): Fixed CLIP-IQA at
a low- (top) and high-quality (bottom) level, respectively.

ploy “Good photo” and “Bad photo” as the positive and neg-
ative prompts, respectively. Following [36], we consider the
last convolutional layer of the ResNet50 backbone. Fig. S3a
shows the result for the positive prompt. We observe that,
compared to CLIP-IQA, our model leads to a better align-
ment with high-quality areas of the image, such as the head
of the horse. Similarly, Fig. S3b illustrates that QualiCLIP
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(a) Positive prompt
Image CLIP-IQA QualiCLIP

(b) Negative prompt

Figure S3. gradCAM visualization of the most important regions
of the input image for each of the antonym prompts.

focuses on the most degraded parts of the images when con-
sidering the negative prompt, in contrast with CLIP-IQA.
The improved alignment between the antonym prompts and
the corresponding regions of the images makes QualiCLIP
more easily explainable than CLIP-IQA.

S2.5. t-SNE Visualization
We compare the image representations generated by Qual-
iCLIP and CLIP-IQA via a t-SNE [46] visualization. Fol-
lowing [41], we consider images from the CLIVE dataset
with very high or very low quality. In particular, we take
into account images with a labeled MOS greater than 75
and lower than 25, respectively. Fig. S4 shows the results.
We observe that the representations of high- and low-quality
images obtained by the proposed approach (Fig. S4b) cor-
respond to more easily separable clusters compared to those
of CLIP-IQA (Fig. S4a), which are more intertwined. This
result confirms that QualiCLIP generates more accurate
quality-aware representations.

S2.6. Supervised QualiCLIP
Although our approach is designed to remove the require-
ment for human annotations, it can easily be extended to
leverage ground-truth labels. Similar to CLIP-IQA+ [47],
we exploit the MOS to fine-tune the antonym prompts with
an MSE loss via standard backpropagation, while keep-
ing the network weights fixed. We refer to this supervised
opinion-aware variant of our approach as QualiCLIP+. We
train QualiCLIP+ on the training split of each of the testing
datasets and report the performance in Tab. S5. For a fair
comparison, we only consider supervised baselines that do
not fine-tune the network weights but instead train a smaller
set of parameters, such as a linear regressor or the antonym
prompts. We observe that QualiCLIP+ achieves competi-

(a)

(b)

Figure S4. Comparison of the t-SNE visualizations related to the
image representations of the CLIVE dataset generated by CLIP-
IQA (a) and QualiCLIP (b), respectively. Good and bad points
refer to images with a MOS greater than 75 and lower than 25,
respectively.

tive performance also in this evaluation setting, outperform-
ing the baselines on most metrics. This outcome shows that
the proposed method can also be applied in scenarios where
human annotations are available.

S2.7. Inference Time
As detailed in Sec. 3.3, we do not finetune CLIP’s text
encoder. Consequently, we need to compute the text fea-
tures of the antonym prompts only once, and we can employ
them both for training and inference. Therefore, at infer-
ence time, QualiCLIP has the same computational cost as
an image-encoder-only model with a ResNet50 backbone.

To validate this, we compare the average inference time
of our model with that of the supervised baselines on the
KonIQ-10k dataset [11], which comprises 10K 1024 ×
768px images. We conduct the experiments on an NVIDIA
RTX 2080Ti GPU. We report the results in Tab. S6. As
expected, QualiCLIP has a similar inference time to mod-
els based solely on ResNet50, such as CLIP-IQA+, LIQE,
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Authentic Datasets Image Restoration Datasets AIGC Datasets

KonIQ-10k CLIVE FLIVE SPAQ CVIU PIPAL AGIQA-1K AGIQA-3K
Method OU SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC

CONTRIQUE [26] ✗ 0.874 0.882 0.806 0.838 0.596 0.648 0.910 0.912 0.912 0.916 0.581 0.611 0.799 0.855 0.817 0.879
Re-IQA [35] ✗ 0.883 0.887 0.783 0.797 0.623 0.685 0.909 0.912 0.887 0.895 0.568 0.587 0.783 0.840 0.811 0.874
ARNIQA [1] ✗ 0.869 0.883 0.797 0.823 0.595 0.670 0.904 0.909 0.919 0.926 0.634 0.666 0.768 0.849 0.803 0.881
CLIP-IQA+ [47] ✗ 0.873 0.890 0.815 0.849 0.602 0.662 0.901 0.904 0.925 0.918 0.552 0.558 0.817 0.854 0.844 0.894
GRepQ [41] ✗ 0.882 0.883 0.793 0.813 0.576 0.611 0.902 0.903 0.882 0.857 0.554 0.568 0.740 0.797 0.807 0.858

QualiCLIP+ ✗ 0.889 0.898 0.821 0.867 0.618 0.665 0.911 0.914 0.936 0.936 0.586 0.590 0.826 0.871 0.860 0.903

Table S5. Comparison between QualiCLIP+ and supervised approaches. OU stands for Opinion-Unaware. Best and second-best scores
methods are highlighted in bold and underlined, respectively.

Method Inference Time (ms)

HyperIQA [42] 16 ± 3
DBCNN [57] 25 ± 3
TReS [7] 103 ± 5
LIQE [58] 13 ± 2
QCN [39] 101 ± 6
CONTRIQUE [26] 15 ± 3
Re-IQA [35] 42 ± 4
ARNIQA [1] 15 ± 3
CLIP-IQA+ [47] 13 ± 2
GRepQ [41] 27 ± 3

QualiCLIP 13 ± 2

Table S6. Comparison of the average inference time between
QualiCLIP and supervised methods on the KonIQ-10k [11]
dataset.

CONTRIQUE, and ARNIQA. Note that CONTRIQUE and
ARNIQA employ the full- and half-scale versions of the in-
put image to compute the final quality score, and thus are
more computationally expensive. Moreover, our model is
faster than methods based on two encoders, namely GRepQ
and Re-IQA. This outcome demonstrates the efficiency and
applicability of QualiCLIP in real-world scenarios.

S3. Implementation Details

Training details We rely on a ResNet50 [10] as the back-
bone for CLIP’s image encoder. Similar to [47], we re-
move the positional embedding from the encoder to make
our model capable of taking images of any resolution as in-
put. The dimension d of CLIP’s embedding space is 1024.
Differently from [41], we do not train a projector head on
top of CLIP’s image encoder. We keep CLIP’s text encoder
frozen. We train our model for 10 epochs. We employ an
AdamW [20] optimizer with a weight decay and a learning
rate of 1e−2 and 1e−9, respectively. During training, we
use a patch size of 224 and a batch size of 16. We set the
marginsmcons in Eq. 1 andmrank in Eq. 2 and 3 to 2.5e−3

and 6.75e−2, respectively. The loss weights λcons, λpos and
λneg in Eq. 4 are all equal to 1. We set the temperature hy-
perparameter τ in Eq. 5 to 2. At inference time, our model
takes the whole image as input.
Prompts Following [48, 49], we employ multiple pairs
of antonym prompts during training and inference. In
particular, we use: 1) “Good/Bad photo”; 2) “Good/Bad
picture”; 3) “High-resolution/Low-resolution image”; 4)
“High-quality/Low-quality image”; 5) “Sharp/Blurry im-
age”; 6) “Sharp/Blurry edges”; 7) “Noise-free/Noisy im-
age”. We average the similarities between the images and
the pairs of prompts.
Synthetic distortions As detailed in Sec. 3.2, during train-
ing we synthetically degrade pristine images with increas-
ing intensity levels. Specifically, similar to [1], we con-
sider 24 distinct distortion types divided into the 7 degrada-
tion groups defined by the KADID-10k [18] dataset. Each
degradation has 5 degrees of progressively higher intensity.
We report an example for all the intensity levels of each
type of degradation in Figs. S5 to S11. Each distortion is
described as follows:
1. Brightness change:

• Brighten: applies a sequence of color space transfor-
mations, curve adjustments, and blending operations
to increase the brightness of the image;

• Darken: similar to the brighten operation, but reduces
the brightness instead of increasing it;

• Mean shift: adjusts the average intensity of image pix-
els by adding a constant value to all pixel values. Then,
it constrains the resulting values to stay within the
original image range;

2. Blur:
• Gaussian blur: applies a Gaussian kernel filter to each

image pixel;
• Lens blur: applies a circular kernel filter to each image

pixel;
• Motion blur: applies a linear motion blur kernel to

each image pixel, simulating the effect of either a mov-
ing camera or a moving object in the scene. This re-
sults in the image appearing blurred in the direction of
the motion;
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3. Spatial distortions:
• Jitter: randomly displaces image data by applying

small offsets to warp each pixel;
• Non-eccentricity patch: randomly selects patches

from the image and places them in random neighbor-
ing positions;

• Pixelate: employs a combination of downscaling and
upscaling operations using nearest-neighbor interpola-
tion;

• Quantization: quantizes the image intoN uniform lev-
els. The quantization thresholds are dynamically com-
puted using Multi-Otsu’s method [17];

• Color block: randomly superimposes uniformly col-
ored square patches onto the image;

4. Noise:
• White noise: adds Gaussian white noise to the image;
• White noise in color component: transforms the im-

age to the YCbCr color space and then adds Gaussian
white noise to each channel;

• Impulse noise: adds salt and pepper noise to the image;
• Multiplicative noise: adds speckle noise to the image;

5. Color distortions:
• Color diffusion: transforms the image to the LAB

color space and then applies Gaussian blur to each
channel;

• Color shift: randomly shifts the green channel and
then blends it into the original image, masking it with
the normalized gradient magnitude of the original im-
age;

• Color saturation 1: transforms the image to the HSV
color space and then scales the saturation channel by a
factor;

• Color saturation 2: transforms the image to the LAB
color space and then scales each color channel by a
factor;

6. Compression:
• JPEG2000: applies the standard JPEG2000 compres-

sion to the image;
• JPEG: applies the standard JPEG compression to the

image;
7. Sharpness & contrast:

• High sharpen: applies unsharp masking to sharpen the
image in the LAB color space;

• Nonlinear contrast change: applies a nonlinear tone
mapping operation to adjust the contrast of the image;

• Linear contrast change: applies a linear tone mapping
operation to adjust the contrast of the image;

S4. Limitations
The proposed approach leverages the intrinsic quality rank-
ing of progressively degraded images as supervision to train
a model in a self-supervised way. This involves defining a
method to synthetically generate an inherent ranking from

unlabeled images, which, in our work, is represented by
the application of synthetic degradations. While we find
this strategy beneficial for assessing technical image qual-
ity, it is not directly applicable to abstract perception (e.g.
happiness or naturalness) [47] or aesthetic quality assess-
ment. Indeed, generating an inherent image ranking for
such abstract or aesthetic quantities without employing an-
notations requires more sophisticated strategies compared
to the straightforward yet effective application of low-level
degradations. Future work could focus on developing such
strategies, for example by exploiting the capabilities of text-
to-image generation models [33, 56] to directly synthesize
intrinsically ranked images.

17



Level 1 Level 2 Level 3 Level 4 Level 5

Brighten

Darken

Mean shift

Figure S5. Visualization of the distortion types belonging to the Brightness change group for increasing intensity levels.

Level 1 Level 2 Level 3 Level 4 Level 5

Gaussian blur

Lens blur

Motion blur

Figure S6. Visualization of the distortion types belonging to the Blur group for increasing intensity levels.
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Figure S7. Visualization of the distortion types belonging to the Spatial distortions group for increasing intensity levels.
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Figure S8. Visualization of the distortion types belonging to the Noise group for increasing intensity levels.
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Color
saturation 1
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Figure S9. Visualization of the distortion types belonging to the Color distortions group for increasing intensity levels.
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Figure S10. Visualization of the distortion types belonging to the Compression group for increasing intensity levels.
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Figure S11. Visualization of the distortion types belonging to the Sharpness & contrast group for increasing intensity levels.
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