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Abstract
Image complexity assessment (ICA) is a challenging task in perceptual evaluation

due to the subjective nature of human perception and the inherent semantic diversity
in real-world images. Existing ICA methods predominantly rely on hand-crafted or
shallow convolutional neural network-based features of a single visual modality, which
are insufficient to fully capture the perceived representations closely related to image
complexity. Recently, cross-modal scene semantic information has been shown to play
a crucial role in various computer vision tasks, particularly those involving percep-
tual understanding. However, the exploration of cross-modal scene semantic informa-
tion in the context of ICA remains unaddressed. Therefore, in this paper, we pro-
pose a novel ICA method called Cross-Modal Scene Semantic Alignment (CM-SSA),
which leverages scene semantic alignment from a cross-modal perspective to enhance
ICA performance, enabling complexity predictions to be more consistent with subjec-
tive human perception. Specifically, the proposed CM-SSA consists of a complexity
regression branch and a scene semantic alignment branch. The complexity regression

© 2025. The copyright of this document resides with its authors.
It may be distributed unchanged freely in print or electronic forms.
* denotes the co-first author. B denotes the corresponding author.



2 YUQING LUO, YIXIAO LI, ET AL.: CM-SSA

An American flag hanging from 
a light pole in front of a building 
with colorful decorations on its 

facade and flowers in the window 
boxes.

A young boy 
swinging a 

baseball bat at a 
ball on a field.

0.4850.463 0.408

0.5440.538 0.530

The girls are dressed 
up in yellow and 

orange outfits for a 
joyful parade.

0.6180.634 0.661

Mini gap Larger gap

Images Texts with rich scene semantics

Complexity 
prediction with 

alignment
MOS

Complexity 
prediction w/o 

alignment

Motion,

Culture,

Mood,

Position,

Quantity,

……

Scene 
semantics

Scene semantic alignment

Figure 1: Examples of image complexity predictions with and without the guidance of our
proposed cross-modal scene semantic alignment. Here, we adopt scene semantic information
such as motion, culture, mood, spatial position, and quantity, which capture the relationships
among the key visual entities (e.g., people, objects) within an image. The scatter plot visu-
alizes the predictions of complexity scores on the IC9600 test set.

branch estimates image complexity levels under the guidance of the scene semantic align-
ment branch, while the scene semantic alignment branch is used to align images with
corresponding text prompts that convey rich scene semantic information by pair-wise
learning. Extensive experiments on several ICA datasets demonstrate that the proposed
CM-SSA significantly outperforms state-of-the-art approaches. Codes are available at
https://github.com/XQ2K/First-Cross-Model-ICA.

1 Introduction
The study of image complexity is particularly relevant to psychology and computer vision
research [25, 34]. In psychology, image complexity plays a critical role in shaping visual
aesthetics and influencing emotional responses [30, 45], while in computer vision, it serves
as a fundamental attribute across various tasks. Automating image complexity assessment
(ICA) has been proven beneficial for applications that include fire detection [24], image
steganography [15], visual quality assessment [51], aesthetic image classification [35], and
image enhancement [7]. However, the definition of image complexity remains a complex
challenge. Subjectively, it represents the cognitive challenge that a human observer faces in
interpreting or describing an image, factoring in global patterns and localized details, such as
textures or fine structures [13, 32]. Objectively, image complexity encompasses the amount
of detail, diversity, and structural variety [31].

In the literature, existing ICA methods can be broadly categorized into hand-crafted
feature-based and deep learning-based methods. Among hand-crafted feature-based ICA
approaches, early studies conceptualized complexity through statistical analysis of certain
attributes of images. For example, multidimensional attributes such as object count, clutter,
openness, symmetry, and color variety [31] are considered. Subsequent works employed
machine learning models like gradient-boosted trees to regress complexity features [43], and
aligned computational measures with subjective human perception [32]. Other studies ex-
plored spatial information and compression-based metrics [49], eye movement analysis [8],
detailed feature designs capturing global, local, as well as salient characteristics [16], com-
pression errors [29], and entropy [36, 41]. However, these methods have limited generaliza-

Citation
Citation
{Li} 2000

Citation
Citation
{Raman, Raman, and Mertan} 2014

Citation
Citation
{McCormack and Lomas} 2020

Citation
Citation
{Tuch, Bargas-Avila, Opwis, and Wilhelm} 2009

Citation
Citation
{Li, Yang, Zhao, and Zhang} 2021

Citation
Citation
{Grover, Yadav, Chauhan, and Kamya} 2018

Citation
Citation
{Zhou, Amirpour, Timmerer, Zhai, Callet, and Bovik} 2025

Citation
Citation
{Romero, Machado, Carballal, and Santos} 2012

Citation
Citation
{Cheng, Wang, and Mi} 2016

Citation
Citation
{Forsythe} 2008

Citation
Citation
{Purchase, Freeman, and Hamer} 2012

Citation
Citation
{Oliva, Mack, Shrestha, and Peeper} 2004

Citation
Citation
{Oliva, Mack, Shrestha, and Peeper} 2004

Citation
Citation
{Sun, Yamasaki, and Aizawa} 2014

Citation
Citation
{Purchase, Freeman, and Hamer} 2012

Citation
Citation
{Yu and Winkler} 2013

Citation
Citation
{Daprotect unhbox voidb@x protect penalty @M  {}Silva, Courboulay, and Estraillier} 2011

Citation
Citation
{Guo, Qian, Li, and Asano} 2018

Citation
Citation
{Machado, Romero, Nadal, Santos, Correia, and Carballal} 2015

Citation
Citation
{Rosenholtz, Li, and Nakano} 2007

Citation
Citation
{Stamps} 2002

https://github.com/XQ2K/First-Cross-Model-ICA


YUQING LUO, YIXIAO LI, ET AL.: CM-SSA 3

tion for the ICA task compared to deep learning-based approaches.
In recent years, deep learning-based ICA methods have leveraged neural networks to

capture richer representations. Early works used the convolutional neural network (CNN)
to extract features from texture and salient regions for complexity prediction [1, 6, 17, 38].
However, the limited dataset size constrained the evaluation of their effectiveness and gen-
eralization ability. To address this, the IC9600 dataset [12] was introduced, providing 9,600
labeled images along with a dual-branch CNN model, i.e., ICNet. To further reduce the an-
notation costs of constructing a large-scale dataset, Liu et al. [27] employed unsupervised
contrastive learning based on MoCo v2 [5] for complexity representation learning. And
attention-based models are further explored [3, 26, 28].

Hayes et al. [18] demonstrated through subjective perceptual experiments that scene se-
mantic information involuntarily guides visual attention during search tasks. Thus, such
information is closely linked to the subjective perception of images. Despite the above-
mentioned advancements, existing ICA models, whether based on hand-crafted or CNN-
derived features, have largely overlooked the exploration of scene semantic information. In
particular, aspects such as object motion, cultural context, mood, spatial position, and quan-
tity—factors that critically reflect the interrelationships among image key visual entities, as
illustrated in Fig. 1—have not been effectively integrated into the current ICA modeling
frameworks.

However, the significance of scene semantic information has been extensively demon-
strated in various computer vision tasks. Specifically, Delaitre et al. [10] leveraged scene se-
mantics by incorporating the distributional patterns of object-related super-pixels over time,
capturing how people interact with objects, thereby improving pose estimation and semantic
labeling tasks. Wu et al. [48] incorporated object and scene semantics, extracted via pre-
trained detectors, into the video understanding pipeline, subsequently fusing these semantic
cues to improve large-scale video understanding. Wei et al. [47] integrated textual scene se-
mantic topic words into image captioning to enable the model to generate more accurate and
scene-specific captions. Siahaan et al. [40] improved no-reference image quality assessment
by using image semantic information (i.e., scene and object categories).

Inspired by the crucial role of scene semantic information in many other visual tasks,
we aim to enhance the ICA task by explicitly exploring such information. Although such
semantics could theoretically be extracted through pre-trained tasks like image classification
or semantic segmentation, the ICA datasets [2, 12, 39] often lack the corresponding ground
truth labels for these specific tasks. Thus, the absence of explicit semantic labels makes it
challenging to directly incorporate scene semantic information into the complexity assess-
ment process.

Since capturing scene semantic information from the vision-language framework is an
efficient way [47]. To address the above gap and enhance the model’s focus on scene se-
mantic information, we propose a new ICA method called Cross-Modal Scene Semantic
Alignment (CM-SSA). Our proposed CM-SSA adopts a dual-branch framework that refines
visual features through image-text alignment guided by scene semantics. The complexity
regression branch predicts complexity levels directly using image-prompt pair-wise learn-
ing based on complexity categories such as “high complexity” and “moderate complexity”.
Meanwhile, the scene semantic alignment branch refines image features by aligning them
with scene descriptions automatically generated by instruction-tuned vision-language mod-
els such as InstructBLIP [9]. As shown in Fig. 1, incorporating the proposed cross-modal
scene semantic alignment leads to complexity predictions that are more consistent with hu-
man perception.
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Figure 2: The framework of the proposed Cross-Modal Scene Semantic Alignment (CM-
SSA). The hyperparameters α and β control the relative weights of the complexity regres-
sion branch and scene semantic alignment branch. The alignment loss LA encourages the
image features to align with the scene semantic text features, using a ground truth of a vec-
tor of all ones (i.e., galign) to ensure maximum alignment. The complexity loss LC predicts
image complexity levels, where the ground truth gcomplexity corresponds to the MOS (Mean
Opinion Score) of image complexity.

In summary, the main contributions of this paper are as follows:

1. We propose the first cross-modal metric, namely Cross-Modal Scene Semantic Align-
ment (CM-SSA), for image complexity assessment.

2. We introduce a dual-branch framework, including the complexity regression branch
and the scene semantic alignment branch, for exploiting cross-modal scene semantic
information to assist the complexity prediction.

3. Experiments on several ICA datasets, including IC9600, VISC-C, and SAVOIAS,
demonstrate that our proposed CM-SSA outperforms state-of-the-art methods. Ab-
lation studies further validate the effectiveness of each proposed key component.

2 Related Work
Existing ICA methods can be broadly categorized into hand-crafted feature-based and deep
learning-based approaches. Among the hand-crafted approaches, Oliva et al. [31] conceptu-
alized visual complexity as a multidimensional representation involving factors such as the
number of objects, clutter, openness, symmetry, organization, and variety of colors. Sun et
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al. [43] adopted gradient-boosted trees to regress image complexity features like composi-
tion, statistical properties, and distribution. Purchase et al. [32] quantified visual complexity
by aligning it with participants’ subjective perception, concluding that while the subjective
concept of “complexity” is consistent across individuals and groups, it is not easily corre-
lated with straightforward computational metrics. Yu et al. [49] found a strong association
between spatial information metrics and compression-based complexity measures. Silva
et al. [8] investigated the relationship between human eye movements and various computa-
tional attention models in the context of ICA. Guo et al. [16] considered how global and local
characteristics in paintings influence overall impressions and detailed perceptions. Penousal
et al. [29] used edge detection techniques, as well as metrics based on image compression
errors, to estimate visual complexity. Additionally, entropy-based ICA methods have also
been actively explored. Stamps et al. [41] investigated the relationship between visual di-
versity and statistical entropy. Ruth et al. [36] proposed three visual clutter metrics (feature
congestion, subband entropy, and edge density), which improved the generalization of visual
search models and highlighted the crucial role of color diversity in visual clutter estimation.
However, these methods rely on predefined features and prior assumptions, limiting their
adaptability and semantic understanding.

Recently, deep learning-based ICA methods have exploited neural networks for richer
representations. For example, Chen et al. [6] used networks to analyze texture and salient
regions, while Abdelwahab et al. [1] and Saraee et al. [38] employed the CNN with SVM or
ridge regression to predict the visual complexity. Ivanovici et al. [20] explored the CNN for
modeling fractal image complexity using modified ResNet-18. However, the effectiveness
and generalization of these models are limited due to the lack of large-scale ICA datasets.
Therefore, the IC9600 dataset [12] was introduced as the first large-scale ICA dataset, con-
taining 9,600 images. To avoid the high annotation cost of constructing the large-scale
IC9600 dataset, Liu et al. [27] then utilized unsupervised learning based on the MoCo v2 [5]
for the representation learning of image complexity. However, these methods often use shal-
low networks and single-image modality as input, failing to capture high-level semantics and
multi-modal cues.

3 Proposed CM-SSA Method
In this section, we introduce our proposed ICA metric, namely the Cross-modal Scene
Semantic Alignment (CM-SSA), designed to guide the image encoder in extracting more
complexity-related scene semantic information through cross-modal alignment between im-
ages and corresponding scene semantic descriptions. Fig. 2 shows the overall framework of
the proposed CM-SSA, which consists of two branches: the complexity regression branch
and the scene semantic alignment branch. Both branches utilize a cross-modal pair-wise
learning between images and texts to fine-tune the contrastive language-image pretraining
(CLIP) model. We begin by briefly introducing the image and text encoders of the CLIP
model, followed by a detailed explanation of the proposed CM-SSA framework.

3.1 CLIP Model
The CLIP model [33] maps images and text into a shared high-dimensional embedding space
for cross-modal alignment. The image encoder, typically based on a Vision Transformer [11]
or ResNet [19], processes an input image X Img by tokenizing it into M patches. Each patch
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is embedded into a dv-dimensional latent vector, resulting in a patch matrix P0 ∈ RM×dv .
A learnable class token c0 ∈ Rdv is then added to P0, and the sequence [c0,P0] is fed into
the initial transformer block fimg(·)0. The process is recursively repeated K −1 times across
subsequent blocks:

[ci,Pi] = fimg([ci−1,Pi−1])i, i = 1, . . . ,K. (1)

The final image representation ZImg ∈ RD is obtained by projecting the last class token cK
into a D-dimensional latent space. fimg(·) denotes the overall image encoder. Similarly, the
text encoder ftext(·), based on a transformer architecture, tokenizes and embeds the input
textual prompt XText into a sequence of L words, each mapped into a dl-dimensional embed-
ding. The initial word embedding matrix W0 = [w1

0, . . . ,w
L
0 ] ∈ RL×dl is then passed through

K transformer layers as follows:

[Wi] = ftext(Wi−1)i, i = 1, . . . ,K. (2)

The final text representation ZText ∈ RD is obtained by projecting the last token wL
K into the

same latent space as the image representation.

3.2 Cross-Modal Scene Semantic Alignment for ICA
We aim to align images and their corresponding scene semantic information in a shared
embedding space, enabling the rich scene semantics in the text to guide the learning of
complexity-related features in the image embedding. A straightforward implementation in-
volves fine-tuning the CLIP model by inputting the image and its corresponding scene se-
mantic textual description to directly regress to complexity levels.

Since the IC9600 dataset [12] for the ICA task does not contain scene semantic textual
descriptions, we first generate such descriptions XScene for each input image X Img using the
InstructBLIP [9]. Examples of these descriptions include phrases such as “An American flag
hanging from a light pole in front of a building with colorful decorations on its facade and
flowers in the window boxes”, as shown in Fig. 2.

Subsequently, we input the image-text pair [X Img,XScene] into the CLIP model’s image
encoder and text encoder, respectively, obtaining the corresponding embeddings [ZImg,ZScene].
These embeddings are aligned in a shared high-dimensional embedding space through image-
text pair-wise learning. Specifically, let the input image set be {X Img

i , i = 1,2, . . . ,N}, where
N denotes the number of input images in a batch, and let the corresponding textual descrip-
tion set be {XScene

i , i = 1,2, . . . ,N}. The embeddings obtained through the image and text
encoders can be expressed as:

[ZImg
i ,ZScene

i ] = [ fimg(X
Img
i ), ftext(XScene

i )], i = 1,2, . . . ,N. (3)

Inspired by AGIQA [14], we utilized additional learnable prompts for better learning
capability, as shown in Fig. 2. The cosine similarity between the image and text embeddings
is then computed to facilitate alignment:

scomplexity
i =

ZImg
i ⊙ZScene

j

∥ZImg
i ∥ ·

∥∥∥ZScene
j

∥∥∥ , i, j ∈ {1,2, . . . ,N}, (4)

and the result is regressed to predict the complexity score:

qcomplexity
i =

escomplexity
i

∑
N
j=1 escomplexity

j

, i ∈ 1,2, . . . ,N. (5)
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However, the experimental results of this direct approach reveal a significant gap
from the dual-branch framework illustrated in the ablation study in Table 3. We believe
this is because scene semantic textual descriptions, while reflecting the scene content of
images, do not explicitly align with specific complexity levels. Consequently, aligning scene
semantic text with complexity predictions is less effective. To address this, we propose the
CM-SSA framework consisting of both a complexity regression branch (i.e., BranchC) and
a scene semantic alignment branch (i.e., BranchA).

In the complexity regression branch, textual prompts of complexity levels XComplexity
k ,k =

1,2,3,4,5 (i.e., Simple Complexity, Little Complexity, Moderate Complexity, Very Com-
plexity, High Complexity) are utilized. Following the calculation processes of Eq. (3, 4, 5),
the complexity predictions are calculated as follows:

[ZImg
i ,ZComplexity

k ] = [ fimg(X
Img
i ), ftext(X

Complexity
k )],

scomplexity
ik =

ZImg
i ⊙ZComplexity

k

∥ZImg
i ∥ ·

∥∥∥ZComplexity
k

∥∥∥ ,
qcomplexity

i =
escomplexity

i1

∑
5
k=1 escomplexity

ik

, i ∈ {1,2, . . . ,N},k ∈ {1,2,3,4,5}.

(6)

The complexity loss is calculated by the MSE loss:

LC =
1
N

N

∑
i=1

∥∥∥qcomplexity
i −gcomplexity

i

∥∥∥2

2
, (7)

where gcomplexity is the MOS of image complexity.
Furthermore, to involve the scene semantic information in refining the image feature

learning, we conceive the scene semantic alignment branch that fully aligns images with
corresponding scene semantic textual descriptions.

The input to this branch is the image-scene semantic description pair [X Img
i ,XScene

i ], i =
1,2, . . . ,N. The cosine similarity and alignment level between the image and scene semantic
text are computed as:

sscene
i =

ZImg
i ⊙ZScene

j

∥ZImg
i ∥ ·

∥∥∥ZScene
j

∥∥∥ ,
qalign

i =
esscene

i

∑
N
j=1 esscene

j
, i, j ∈ {1,2, . . . ,N}.

(8)

To ensure full alignment of the image with the high-level scene semantic information, we
set the ground truth alignment levels galign to be 1. This follows the image-text alignment
dataset [23], where the alignment score is scaled from 0 to 1. Thus, we set the maximum
alignment level as 1.

LA =
1
N

N

∑
i=1

∥∥∥qalign
i −galign

i

∥∥∥2

2
, (9)

The above loss calculation assumes that the textual descriptions generated by Instruct-
BLIP perfectly align with the corresponding images. The final loss is calculated as follows:

L = αLA +βLC, (10)

where α and β are the weight hyperparameters that determine the proportion of two branches,
which are empirically set to 0.1 and 0.9, respectively.
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Table 1: Performance comparisons on the IC9600, VISC-C, and Savoias datasets. The best-
performing results are highlighted in bold. The calculation of model Flops is based on the
input image shape 3× 512× 512, and the inference speed is taken from an average of 100
inferences. * The CLICv2 is pretrained on IC1M dataset and obtained by linear probing on
the IC9600. * The Savoias results of DINO-v2 are pretrained on IC9600.

Dataset IC9600 VISC-C Savoias Complexity
Model SRCC↑ PLCC↑ RMSE↓ SRCC↑ PLCC↑ RMSE↓ SRCC↑ PLCC↑ RMSE↓ Params/M Flops/G Speed/ms

CR [29] 0.314 0.228 0.196 - - - 0.305 0.271 0.257 - - -
ED [16] 0.491 0.569 0.226 - - - 0.449 0.467 0.273 - - -

DBCNN [50] 0.871 0.879 0.071 0.779 0.783 0.086 0.768 0.770 0.147 15.31 86.22 23.69
NIMA [44] 0.838 0.555 0.194 0.810 0.803 0.125 0.781 0.771 0.210 54.32 13.18 25.00

HyperIQA [42] 0.926 0.933 0.204 0.734 0.739 0.181 0.801 0.798 0.293 27.38 107.83 29.64
CLIPIQA [46] 0.897 0.898 0.078 0.781 0.796 0.122 0.779 0.794 0.101 - 61.07 21.76

TOPIQ [4] 0.938 0.944 0.049 0.803 0.811 0.079 0.838 0.832 0.123 45.20 37.26 14.43
CNet [21] 0.870 0.873 - - 0.716 - - - - - - -

*CLICv2 [28] 0.927 0.933 - - - - - - - - -
*DINO-v2 [3] 0.847 0.851 0.086 - - 0.675 0.689 - - - -
ICCORN [17] 0.951 0.954 0.048 0.766 0.784 0.332 - - - - - -

ICNet [12] 0.937 0.946 0.049 0.818 0.814 0.079 0.865 0.849 0.121 20.33 28.40 4.56
CM-SSA 0.958 0.961 0.009 0.823 0.805 0.018 0.883 0.875 0.026 205.45 52.66 35.43

4 Experiments

4.1 Dataset and Evaluation Metric

We conduct experiments on three publicly available image complexity assessment datasets:
IC9600 [12], VISC-C [22], and Savoias [37]. IC9600 is the first large-scale ICA dataset,
containing 9,600 images across eight semantic categories, each annotated by 17 trained an-
notators. VISC-C includes 800 images with corresponding human-rated complexity scores.
Savoias comprises over 1,400 images from seven categories, covering a broad range of low-
and high-level visual features.

Following ICNet [12], we evaluate model performance using four metrics: Pearson Lin-
ear Correlation Coefficient (PLCC), Spearman Rank-Order Correlation Coefficient (SRCC),
Root Mean Squared Error (RMSE), and Root Mean Absolute Error (RMAE). PLCC and
SRCC assess correlation with subjective scores, while RMSE and RMAE quantify predic-
tion errors. Together, these metrics offer a comprehensive evaluation of prediction accuracy
and consistency.

4.2 Implement Details

We adopt a CLIP model based on ViT-B/32, setting the length of the learnable prompts
to 8. The datasets are randomly divided into training and testing sets with an 8:2 ratio.
During training, the batch size per iteration is 64, and the model is optimized using the Adam
algorithm with a learning rate of 10−4 over 50 epochs. In the testing phase, complexity scores
are predicted using a patch-based evaluation method [14]. All experiments are implemented
in PyTorch on a V100 GPU.

4.3 Performance Comparisons

Following the protocols of the ICNet [12], we conduct a performance comparison of the pro-
posed CM-SSA with two hand-crafted feature-based ICA methods, two deep learning-based
ICA methods, and five advanced image quality assessment (IQA) models: The ICA base-
lines include compression ratio (CR) [29], edge density (ED) [16], CNet [21], CLICv2 [28],
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Table 2: Cross-dataset validation. The best performances are highlighted in bold.
Train IC9600 VISC-C Savoias
Test VISC-C Savoias IC9600 Savoias IC9600 VISC-C

Model SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC
DBCNN 0.685 0.674 0.606 0.626 0.742 0.750 0.525 0.538 0.773 0.787 0.644 0.652
NIMA 0.566 0.297 0.603 0.240 0.714 0.390 0.575 0.540 0.818 0.725 0.630 0.588

HyperIQA 0.711 0.688 0.669 0.669 0.668 0.668 0.550 0.554 0.761 0.748 0.643 0.629
CLIPIQA 0.702 0.686 0.600 0.608 0.406 0.399 0.487 0.481 0.789 0.775 0.550 0.568

TOPIQ 0.759 0.730 0.659 0.648 0.695 0.700 0.594 0.597 0.806 0.804 0.674 0.685
ICNet 0.753 0.712 0.728 0.716 0.718 0.739 0.664 0.660 0.805 0.807 0.712 0.709

CM-SSA 0.760 0.740 0.710 0.712 0.577 0.556 0.541 0.486 0.838 0.828 0.702 0.681

Table 3: Performance comparison of dif-
ferent branch configurations. The text
prompts are coarse-grained complexity
prompts when the single complexity re-
gression branch BranchC is utilized, and
the text prompts are fine-grained tex-
tual prompts when the single text-driven
scene semantic branch BranchA is uti-
lized. The best results are highlighted in
bold.

BranchC BranchA SRCC ↑ PLCC ↑ RMSE↓ RMAE↓
✓ × 0.947 0.951 0.010 0.008
× ✓ 0.915 0.922 0.013 0.010
✓ ✓ 0.958 0.961 0.009 0.007

Table 4: Ablation study on the prompt
levels in BranchC. 3 levels refer to [“Sim-
ple Complexity, Moderate Complexity,
High Complexity”], while 7 levels re-
fer to [“Very Low Complexity, Fairly
Low Complexity, Slightly Low Complex-
ity, Moderate Level Complexity, Slightly
High Complexity, Fairly High Complex-
ity, Very High Complexity”].

Class Name SRCC ↑ PLCC↑ RMSE↓ RMAE ↓
3 levels 0.951 0.954 0.010 0.008
5 levels 0.958 0.961 0.009 0.007
7 levels 0.955 0.960 0.009 0.007

DINO-v2 [3], ICCORN [17], and ICNet [12]. The IQA baselines include DBCNN [50],
NIMA [44], HyperIQA [42], CLIPIQA [46], and TOPIQ [4].

As shown in Table 1, hand-crafted feature-based ICA methods (CR, ED) underperform
significantly across all datasets due to their limited capacity to model high-level semantics.
While several IQA methods (e.g., DBCNN, NIMA, and HyperIQA) show moderate perfor-
mance, they fall short on ICA tasks as they are not specifically designed for complexity
perception. In contrast, deep ICA models (ICCORN, ICNet, and CM-SSA) achieve consis-
tently superior results, highlighting the importance of task-specific learning. Notably, our
proposed CM-SSA outperforms all other methods across datasets, demonstrating state-of-
the-art performance with competitive computational efficiency.

4.4 Cross-Dataset Evaluation

Table 2 presents cross-dataset validation results, evaluating the generalization capability of
various models when trained and tested on different datasets. The proposed model consis-
tently demonstrates stronger robustness across most cross-dataset scenarios. For example,
when trained on IC9600 and tested on VISC-C, our model achieves the highest SRCC and
PLCC values of 0.760 and 0.740, respectively. However, CM-SSA exhibits reduced gener-
alization performance when trained on VISC-C and tested on other datasets. This may be
due to the limited scale and diversity of the VISC-C dataset, especially given the relatively
large number of parameters in CM-SSA that make it more susceptible to generalizing from
a small dataset to larger ones. These results confirm that the proposed method generalizes
competitively across diverse datasets with varying characteristics.
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Table 5: Ablation study on the prompt
models and lengths on IC9600 dataset.

Prompt SRCC ↑ PLCC↑ RMSE↓ RMAE ↓
BLIP 0.947 0.955 0.009 0.007

BLIP2 0.952 0.957 0.010 0.007
InstructBLIP-Short 0.952 0.956 0.010 0.008

InstructBLIP-Medium 0.958 0.961 0.009 0.007
InstructBLIP-Long 0.953 0.957 0.010 0.008

Table 6: Ablation study on the hyper-
parameters α and β on IC9600 dataset.

α β SRCC ↑ PLCC ↑ RMSE ↓ RMAE ↓
0.1 0.9 0.958 0.961 0.009 0.007
0.3 0.7 0.952 0.956 0.010 0.008
0.5 0.5 0.952 0.955 0.010 0.008
0.7 0.3 0.951 0.954 0.010 0.008
0.9 0.1 0.950 0.954 0.010 0.008

4.5 Ablation Tests
• Validity on branches. Table 3 presents a performance comparison between the two

branch configurations for image complexity assessment. Using only the complexity
regression branch yields relatively high performance, indicating its significant role.
In contrast, relying solely on the scene semantic alignment branch results in lower
performance, highlighting limited standalone effectiveness. Meanwhile, combining
both branches yields the best results, emphasizing the complementary nature of the
two branches. This confirms that although scene semantic information is less effective
for direct complexity regression, it plays a crucial role in refining image features to be
more perceptually relevant to scene semantic information.

• Validity on prompt level in BranchC. Table 4 displays the ablation on prompt lev-
els. The results reveal that a finer level of text prompt in BranchC can lead to better
complexity prediction.

• Validity on prompt length in BranchA. Table 5 compares different prompt lengths
and models. InstructBLIP outperforms BLIP and BLIP2, likely because BLIP-based
models generate shorter prompts. Regarding prompt length, both short and long
prompts underperform the medium ones, possibly due to insufficient information in
short prompts and hallucinations in long prompts.

• Validity on hyperparameters. Table 6 presents the ablation results on the hyperpa-
rameters (i.e., α,β in eq. 10). The results illustrate that the BranchC contributed most
to the final complexity regression, while increasing the proportion of α may result in
a slight performance drop.

5 Conclusion
In this paper, we present the Cross-Modal Scene Semantic Alignment (CM-SSA), the first
cross-modal ICA framework. The proposed CM-SSA addresses the shortcomings of existing
ICA metrics, which largely depend on hand-crafted and deep learning-based features limited
to single-modality visual information. Specifically, our proposed CM-SSA is a dual-branch
architecture. The complexity regression branch leverages pair-wise learning between images
and their corresponding complexity level prompts to predict complexity scores. To further
enhance the model’s understanding of scene semantic information, the scene semantic align-
ment branch is designed to align image features with scene semantic descriptions. This
alignment refines visual prompts with high-level text-driven scene semantics, enriching the
complexity assessment process. Experimental results on several ICA datasets demonstrate
that the proposed CM-SSA outperforms state-of-the-art methods. Ablation studies further
validate the contributions of each branch and the generalization performance across datasets.
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