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Abstract

Color temperature, as a crucial attribute influencing image
color, plays a critical role in Image Aesthetics Assessment
(IAA). Yet, within the existing IAA field, little light has been
shed on assessing the aesthetic quality of image color tem-
perature. To bridge this gap, we introduce a new task: Image
Color Temperature Aesthetics Assessment (ICTAA). How-
ever, this task poses the following challenges: 1) Perceptual
Sensitivity: humans exhibit high sensitivity to subtle shifts
in color temperature, necessitating a model to enable fine-
grained discrimination; 2) Spectral Continuity: The theoret-
ical modeling of color temperature aesthetics requires con-
tinuous labels; however, the just-noticeable-difference prop-
erty of human perception makes continuous labeling infea-
sible, necessitating a well-designed labeling strategy. To ad-
dress the aforementioned challenges, we make the following
efforts. First, we propose a multi-modal contrastive learning
framework, ICTA2Net, that models color temperature differ-
ences between image pairs while strictly controlling other vi-
sual attributes. Second, leveraging color temperature transi-
tivity, we design a weakly supervised strategy that discretely
samples images based on anchor images and human per-
ception to build contrastive relations across color tempera-
tures, enabling learning from discrete labels. Thirdly, we con-
struct a color temperature aesthetics dataset, [CTAA240K,
and a benchmark for validation. Additionally, we propose a
new metric, Information Entropy-weighted Accuracy (IEA),
which weights accuracy by the degree of annotation disagree-
ment to reflect model performance across varying sample dif-
ficulties, complementing existing evaluation metrics. Experi-
ments show our method outperforms existing state-of-the-art
IAA methods on ICTAA240K, thereby setting an effective
roadmap for ICTAA.

Code — https://github.com/chasecjg/ICTA2Net

1 Introduction

With the proliferation of social media and the rapid advance-
ment of intelligent imaging devices, images have become a
critical medium for information transmission. The attention
of users to images has gradually extended from basic im-
age quality to include higher-level aesthetic quality. Among
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Figure 1: Ilustration of the proposed ICTAA task. With re-
spect to the overarching challenges of this task, perceptual
sensitivity, and spectral continuity, we propose a contrastive
learning framework that is guided by a weakly supervised
strategy based on anchor images and enables the ranking of
image color temperature aesthetics. The performance of the
model is subsequently evaluated using the IEA metric.

many attributes that affect image aesthetics, color temper-
ature, as one of the most direct and fundamental attributes
influencing color perception, has been widely shown to be
closely related to human aesthetic perception (Valdez and
Mehrabian 1994; Ou et al. 2004; Li et al. 2021; Jiang et al.
2022), playing a significant role in the aesthetic performance
of images (Leder et al. 2022; DXOMARK 2024).

In recent years, rapid advances in computer vision have
driven substantial progress in the field of computational
Image Aesthetics Assessment (IAA), spawning a series of
excellent algorithms, such as NIMA (Talebi and Milanfar
2018), TANet (He et al. 2022), and BAID (Yi et al. 2023).
Although these methods have achieved promising results,
they remain inadequate for assessing images with varying
color temperatures. This limitation stems primarily from the
following challenges:

* Perceptual Sensitivity: Human vision exhibits sensitiv-
ity to shifts in color temperature, where even subtle shifts
can lead to noticeable aesthetic perception changes. This


https://github.com/chasecjg/ICTA2Net

necessitates models capable of fine-grained discrimina-
tion of color temperature differences (Liu et al. 2024).
However, most of the IAA methods perform aesthetic as-
sessments based on general attributes, failing to elimi-
nate perception interference from other attributes (such
as composition, exposure, and contrast) on image color
temperature, thus making it difficult to focus solely on
perceiving changes in image color temperature.

* Spectral Continuity: Color temperature, as a continuous
physical quantity, theoretically requires modeling subtle
aesthetic variations based on continuous supervisory la-
bels. However, the Just-Noticeable-Difference (JND) na-
ture of human perception makes continuous labeling in-
feasible (MacAdam 1942; Jiang et al. 2024). Existing
IAA methods rely on heterogeneous images with specific
attribute values to learn aesthetic representations, making
it difficult for models to capture how aesthetic qualities
vary with other visual attributes under controlled con-
tent, especially for continuously varying attributes like
color temperature, which is also another vital cause for
the model to remain insensitive to image color tempera-
ture variation.

To address the above challenges, we introduce a new task,
Image Color Temperature Aesthetics Assessment (ICTAA),
which aims to quantify the aesthetic performance of an im-
age under varying color temperature shifts, grounded in hu-
man perception as shown in Fig. 1. Specifically, ICTA2Net
is elaborately designed with the following aspects.

For the first issue, to finely perceive changes in image
color temperature, we propose to use contrastive learning to
focus only on the changes in color temperature by strictly
controlling other visual attributes. And we simulate the hu-
man cognitive process in ICTAA, namely, first perceiving
color temperature, and then making a multi-dimensional
and comprehensive aesthetic comparison based on the im-
age color temperature and content, constructed a modu-
lar aesthetic assessment framework for image color tem-
perature based on multi-modal contrastive learning, named
ICTA2Net. Furthermore, to enhance cross-modal semantic
alignment, we also design an inter-group loss. For the sec-
ond issue, our thinking is grounded in two key observations.
First, although the light spectrum is continuous, human per-
ception of color change operates under the principle of JND,
that is to say, which allows for reasonable discretization at
the perceptual level. Second, we observed that when the
color temperature of an image changes in a consistent di-
rection, its aesthetic perception exhibits a certain degree of
transitivity, and this transitive characteristic was validated
through a subjective experiment. Based on the two observa-
tions, we introduce an anchor image as a constraint reference
and perform discrete sampling of images with color temper-
ature shifts in the same direction, guided by human visual
perceptibility. Then, we construct image pairs with an an-
chor image as a constraint for the sampled images. Based on
these, we design a structured weakly supervised strategy.

To train our model, we construct a large-scale color tem-
perature aesthetics dataset for the ICTAA task, containing
over 240K images and corresponding text information. Ad-
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ditionally, we also propose a new metric, termed Informa-
tion Entropy-weighted Accuracy (IEA), which weights ac-
curacy based on the degree of annotation disagreement (de-
rived from label distribution) to reflect model performance
across samples of varying difficulty. The contributions of
this paper are summarized as follows:

* To the best of our knowledge, this paper introduces the
ICTAA task for the first time and discloses its key chal-
lenges: Perceptual Sensitivity and Spectral Continu-
ity.

* To address the challenges, we propose a pairwise-based
multi-modal contrastive learning framework, ICTA2Net,
which models image color temperature aesthetics via im-
age pairs contrastive learning by strictly controlling other
attributes. In addition, we design a structured weakly su-
pervised strategy rooted in anchor images and human
visual perceptibility, which leverages intrinsic structural
priors to construct supervisory sample pairs. We also
construct a large-scale multimodal dataset, [CTAA240K,
containing over 240,000 images under varying color tem-
perature, with high-quality text descriptions. Addition-
ally, we also introduce a new evaluation metric, IEA, to
reflect model performance across samples of varying dif-
ficulty, complementing existing evaluation metrics.

e Based on the ICTAA240K dataset, we benchmark 10
representative methods, demonstrating that our proposed
method achieves the state-of-the-art (SOTA) and pro-
vides a strong foundation for future research in ICTAA.

2 Related Works

As discussed in the previous section, the ICTAA task is
novel, and to our knowledge, there is no directly related prior
work. Nevertheless, two research areas are closely related to
our work: White Balance and Related Evaluation and IAA.

2.1 White Balance and Related Evaluation

White balance plays a critical role in image color correction,
aiming to eliminate color casts caused by variations in the
color temperature of light sources, thereby restoring images
to their visual appearance under standard white light illu-
mination (Liu, Chan, and Chen 1995). Early methods often
relied on simplified statistical assumptions such as the Gray
World and Perfect Reflector hypotheses (Lam 2005), which
struggle to handle the complexity and diversity of real-world
scenes. With the advancement of deep learning, an increas-
ing number of methods leverage neural networks to learn
color correction parameters directly from images (Barron
2015; Bianco and Cusano 2019; Li et al. 2023; Li, Kang,
and Ming 2023). Recently, some studies have attempted to
incorporate image style factors to assist with white balance
adjustment or to use user preferences as learning objectives
(Kinli et al. 2023; Afifi et al. 2025).

However, despite significant progress in physical accu-
racy achieved by these learning-based methods, their evalu-
ation still primarily relies on objective physical metrics such
as color difference A £2000 and angular error (Sharma, Wu,
and Dalal 2005), etc. These focus mainly on the numerical
proximity between corrected images and “reference ground



truth”, namely, color accuracy. Therefore, they do not fully
reflect the fact that human preferences for color temperature
are subjective and vary across different scenarios. As men-
tioned above, recently, some studies have considered user
preferences as learning objectives (Afifi et al. 2025). Yet,
few studies specifically model or explore the subjective aes-
thetic impact of color temperature variations, resulting in a
disconnect between the physical objectives of color correc-
tion and the aesthetic quality of visual perception.

2.2 Image Aesthetics Assessment

IAA aims to quantify human subjective perception of the
aesthetic quality of images. According to the assessment ap-
proach, existing research can be broadly categorized into
two types: holistic IAA and multi-attribute IAA (Kong et al.
2016; Jin et al. 2019; Xie et al. 2024).

Holistic TAA focuses on predicting a holistic score
through the holistic aesthetic quality of images. For exam-
ple, Talebi et al. proposed the NIMA model, which pre-
dicts aesthetic score distributions to model subjectivity in
aesthetic perception and remains a widely used benchmark
(Talebi and Milanfar 2018). Recently, some methods attempt
to improve holistic IAA via attention-based patch aggrega-
tion (Sheng et al. 2018), resolution-adaptive architectures
(Hosu, Goldlucke, and Saupe 2019), and multimodal vision-
language alignment (Wu et al. 2024), etc. However, this
holistic IAA modeling paradigm suffers from limited inter-
pretability, making it difficult to understand the influence of
specific attributes on image aesthetics. Consequently, some
researchers have begun exploring multi-attribute aesthetic
assessment approaches.

Multi-attribute TAA focuses on the influence of multi-
ple aesthetic attributes on the aesthetic quality of images,
such as composition, color, contrast, clarity, and style. These
methods are designed to model and assess the contribu-
tion of different visual attributes to image aesthetic quality.
For example, Kong et al. constructed a large-scale dataset,
AADB, which includes multiple aesthetic attribute anno-
tations (e.g., rule of thirds, color harmony, etc.), and in-
troduced a pairwise ranking loss to learn relative aesthetic
preferences (Kong et al. 2016). In contrast to holistic IAA,
these approaches provide more interpretable feedback by as-
sessing specific visual attributes of images. In this line of
work, several studies try to explicitly model visual attributes
to provide more interpretable and fine-grained aesthetic as-
sessment. For instance, Liu et al. proposed a composition-
aware aesthetic assessment network, RGNet, which mod-
els the influence of composition on aesthetic perception by
integrating image structure and regional contrast relation-
ships (Liu et al. 2020). He ef al. constructed a color aes-
thetics dataset, I[CAA17K, and designed a color aesthetic as-
sessment method based on interest points (He et al. 2023a,
2025a).

* Although existing IAA methods are categorized as holis-
tic or multi-attribute, they are essentially similar, with the
main differences lying in data-level design. Most of them
are learning-based methods. We also draw on their design
ideas and include them in our comparison experiments.
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* Although existing IAA methods can be applied to the IC-
TAA task, they typically assume aesthetic attributes are
discrete and rely on heterogeneous images with fixed at-
tribute values for learning, making them insensitive to
continuously varying attributes such as color temperature
and unable to reflect how aesthetic quality changes with
other visual attributes under controlled content.

* To address the aforementioned issues, we propose IC-
TAA, the task designed to assess the aesthetic influence
of color temperature variations.

3 Methods

The proposed method involves two key components: ap-
proach and strategy. At the approach level, we design a
multi-modal contrastive learning network, as shown in Fig.
2, that compares image pairs with different color tempera-
tures by strictly controlling other attributes and incorporates
textual features to predict aesthetic rankings. At the strategy
level, we leverage color temperature transitivity, designing
a weakly supervised strategy that samples images with dif-
ferent color temperature shifts rooted in anchor images and
human perceptivity, establishes cross color temperature con-
trastive relations, and enables model learning from discrete
labels. Additionally, we propose a new metric, IEA, to eval-
uate model performance across samples of varying difficulty
as a complement to existing evaluation metrics.

3.1 Multimodal Contrastive Learning Framework

As shown in Fig. 2, the proposed framework consists of
four components: a Color Temperature Encoder (CTE) for
extracting color temperature features, a Contextual Aware
Module (CAM) for contextual perception, a Cross-Modal
Fusion Module (CFM) for multimodal interaction, and a
Prediction and Ranking Predictor (PRP) for predicting the
color temperature aesthetic ranking results.

Color Temperature Encoder. Considering the training
cost, we froze the backbone of DINO and CLIP. To effec-
tively extract image color temperature features, we design
a CTE extraly, as shown in Fig. 2. The input image pair is
first processed through convolutional blocks to extract low-
level visual features, providing foundational information for
color temperature analysis (Cheng et al. 2023). Considering
that low-level features contain substantial noise unrelated to
color temperature, we additionally introduce a lightweight
attention module to enhance the robustness and relevance of
the extracted color temperature features (Woo et al. 2018).
Subsequently, the feature maps are processed by two sets
of convolutional and normalization layers to further refine
informative features related to color temperature. Finally,
global average pooling is applied to aggregate the feature
maps, generating an overall perceptual feature of color tem-
perature F. that serves as a fundamental support for subse-
quent aesthetic evaluation.

Contextual Awareness Module To enhance model under-
standing of image content and themes, the CAM is designed
to integrate both visual and textual information. As shown
in Fig. 2, the module consists of three components: a Visual
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Figure 2: Overall framework of ICTA2Net, comprising four components: a Color Temperature Encoder for capturing color
temperature variations; a Contextual Awareness Module (including Visual Encoder, Text Encoder, and Text Denoise Model); a
Cross-Modal Fusion Module for visual-textual integration; and a Pairwise Ranking Predictor for aesthetic preference estimation.

Encoder (VE), a Text Encoder (TE), and a Text Denoising
Module (TDM).

For visual encoding, we adopt the DINOv2, pretrained on
ViT-B/14 (Oquab et al. 2023) as the VE. Given an image pair
I;, i € {1,2}, combined with textual prompts, we extract
hierarchical visual features from different layers, selecting
two intermediate layers and the final output to construct the

visual representation set of the image, denoted as F/;, where
1 € {1, 2} represents the two input images and j € {1,2,3}
indicates the feature layer index.

For text encoding, we use the CLIP, based on the Trans-
former architecture and pre-trained on large-scale image-
text pairs as TE, to extract word-level features F), and
sentence-level features F (Radford et al. 2021). Consider-
ing that textual inputs generally contain redundant or noisy
information, we introduce a lightweight TDM to refine the
text features. As shown in Fig. 2, the TDM takes F, and F
as input, models their contextual dependencies via a multi-
head self-attention mechanism, and fuses them through lin-
ear transformation and element-wise multiplication to obtain
denoised features F and F.. This module effectively sup-
presses semantically irrelevant noise while preserving core
semantic information. Finally, the denoised text features are
fed into the VE to enable more accurate cross-modal se-
mantic alignment. The effectiveness of this design is demon-
strated in the ablation study, as shown in Table 4.

Cross-modal Fusion Module. To enhance model under-
standing of the relationship between image color tempera-
ture and contextual semantics, we propose a CFM, as illus-
trated in Fig. 2. Specifically, the multi-level visual features
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F?}. extracted from the VE and the sentence-level feature F
extracted from the TDM are first projected into a unified
feature space through convolution and linear transformation,
respectively. Then, the sentence-level feature is added with
the three layers of visual features to produce the initially
fused multimodal features F;, i € {1,2}. To further model
semantic dependencies across modalities, we introduce a
multi-layer attention interaction structure, which consists of
alternately stacked Multi-Head Self-Attention (MHSA) and
Multi-Head Cross-Attention (MHCA) blocks to strengthen
intra-modal and inter-modal feature interactions. Specifi-
cally, each F; first passes through MHSA to capture both
local and global dependencies within itself. Then, using the
visual feature as the query and the word-level text features
F/ as the key and value, MHCA enables semantic alignment
and complementary fusion across modalities. The final out-
put is the fused feature representation F,,,;, i € {1,2}.

Pairwise Ranking Predictor. After obtaining the color
temperature perception features . and the visual-text fused
features F,,;, we employ the PRP to perform relative aes-
thetic comparison between the image pair, as illustrated in
Fig. 2. Specifically, for each image, the color temperature
feature F. and the semantic fusion feature F,,; are respec-
tively processed via global pooling and dimensionality re-
duction. The resulting features are then concatenated and
passed through a linear transformation followed by a resid-
ual connection to obtain the enhanced feature representation
F;. Finally, a linear mapping followed by a Sigmoid is ap-
plied to produce a relative aesthetic score.



3.2 Weakly Supervised Strategy

As discussed in the Introduction, the human visual system
exhibits the JND characteristic to changes in image color,
When the color temperature shifts in a consistent direction,
the corresponding aesthetic perception of image demon-
strates a degree of transitivity, the observation was vali-
dated through a subjective experiment (please refer to Ap-
pendix A.1). Based on these thinking, we propose a struc-
tured weakly supervised strategy. Specifically, taking an an-
chor image (GT) as a reference, each group of images is
discretely sampled in both the cool-shift and warm-shift di-
rections based on the perceptual sensitivity of human vision.
Then, the sampled images are paired with the anchor image
as well as with other sampled images having the same color
temperature shift direction, to construct contrastive relation-
ships among images with different color temperature shifts,
and effective supervision signals can be provided without
massive, precise annotations. For further details, please re-
fer to Appendix A.2.

3.3 IEA Metric

Human preferences for color temperature exhibit a certain
degree of subjectivity, so the labeling results of color tem-
perature usually present a preference distribution. Since IC-
TAA ultimately makes decisions based on preferences, the
evaluation metric should take into account the intensity of
such preferences. To this end, we propose the IEA, which
weights the accuracy rate according to the confidence level
of human preferences to reflect the model’s performance un-
der different sample difficulty levels, thereby supplementing
the existing evaluation metrics.

IEA Definition. Given an image pair A and B, let Vote 4
and Votep denote the number of expert preference votes
received by images A and B, respectively. We first define
the probability of the majority preference as:
max(Votea, Voteg) !

Votey + Votep M
Subsequently, the uncertainty of a sample is quantified based
on the information entropy of the voting distribution:

P =

ifp=1,
if0.5<p<l.

@)
Accordingly, after normalization, the sample confidence is
computed as:

1,
H(p) {*p -logy(p) — (1 —p) - logy(1 — p),

c=1-0.5-H(P). 3)
The confidence score ¢ represents the preference consistency
of annotators, with higher values indicating greater consis-
tency. The introduced IEA can better reflect the model’s ac-
curacy across samples of varying difficulty,

IEA:ZiCz'H[yz—yz]’ (4)
2 Ci
where y; denotes the ground truth label determined by ma-
jority voting of experts for the i-th sample, ¢; represents the
model prediction, ¢; is the corresponding confidence of the
sample, I[] is an indicator function, returning 1 if the condi-
tion holds true, and O otherwise.
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3.4 Loss Functions

Inter-group Contrastive Loss. To improve model per-
formance in cross-modal semantic alignment, we introduce
an inter-group contrastive loss. Specifically, positive sam-
ples are constructed within the same group, while negative
samples are constructed within different groups. Contrastive
learning is then applied to pull intra-group positives closer
and push inter-group negatives farther apart. The loss is de-
fined as follows:

2B

1 N;
= -1 d 5
L 232 0g<Di+€>, ©)
2B ~T3
v t;
Ni:ZH[gi:gj]'eXp< ZTJ),
j=1
J#i (6)

2B ~AT3
Tt.
D; = g exp (VZT '7)
=1

Here, B denotes the batch size, v; represents the i-th nor-
malized visual feature vector, and fi denotes the j-th nor-
malized textual feature vector. 7 is the temperature scaling
parameter. g; indicates the group label of the i-th sample. I[']
is an indicator function that returns 1 when the condition is
true and O otherwise, and the ¢ is a small constant added for
numerical stability.

Total Loss. To simultaneously improve perceptual accu-
racy in color temperature aesthetics, relative ranking capa-
bility, and contextual discriminability of the model, we em-
ploy a total of three loss functions: the mean squared error
(MSE) loss, the ranking loss (Kong et al. 2016), and inter-
group loss. The overall training loss is defined as follows:

(7

Among them, A\, Ao, and A3 are weighting coefficients used
to balance the contributions of each loss function.

ﬁtotul = Alﬁmse + )\Q‘CT‘GTLk + /\3£inter-

4 Dataset Construction
4.1 Image Collection and Generation

To train our model, we require numerous images with real-
istic cool and warm color shifts and their corresponding aes-
thetic ground truths. To this end, we construct the dataset,
ICTAA240K, which is built upon two high-quality public
RAW image datasets, MIT-Adobe FiveK (Bychkovsky et al.
2011) and PPR10K (Liang et al. 2021), both of which were
rendered by expert photographers. From these datasets, we
selected a total of 5,748 images covering diverse subjects,
photographic styles, and common color temperature ranges.
For each RAW image, we use the Adobe Camera Raw SDK
(Adobe Inc. 2024) to simulate camera-applied color tem-
peratures, which accurately emulate the nonlinear rendering
process based on metadata embedded in each DNG file (Afifi
et al. 2019; Ronneberger, Fischer, and Brox 2015). We ren-
der each RAW RGB image with a different color tempera-
ture to mimic a real color temperature shift.



Specifically, for each image, the color temperature is ad-
justed in 200K steps from 2000K to 10000K, accounting for
human perceptual sensitivity. The ground-truth (GT) images
are photographs manually retouched by professional pho-
tographers (Expert C in (Bychkovsky et al. 2011) and Ex-
pert A in (Liang et al. 2021)), which serve as high-quality
aesthetic references. In total, we generate 241,416 sRGB im-
ages covering a representative spectrum from cool to warm
tones (mean color difference A Foq99 = 0.69, which is less
than 1, indicating an extremely small color variation). To
further support multimodal learning and aesthetic preference
modeling, we provide textual descriptions for each image,
covering three key dimensions: theme, content, and photo-
graphic category. The textual annotations are generated us-
ing GPT-40 (Hurst et al. 2024), and refined through human
feedback to ensure accuracy. The details for dataset con-
struction pipeline, color temperature distribution, and color
difference analysis are illustrated in Appendix A.3.

4.2 Test Dataset Construction

To evaluate the model’s ability to capture aesthetic prefer-
ences for image color temperature, 20% of the FiveK dataset
and all portrait images from the PPR10K dataset are used for
testing. Considering manual costs, we sample 8 representa-
tive images from each group based on the perceptual sensi-
tivity of human vision and the color difference between each
shift image and the anchor image (GT), covering typical
color temperature deviations ranging from noticeably cool
to warm. Then, the selected images are divided into general
scene images and portrait scene images. We ultimately con-
struct four test datasets, as shown in Table 1. 1) ICTAA-GP
/ ICTAA-HP: Constructed for general and portrait scenes,
respectively. Each image pair consists of a cool-shift and a
warm-shift version and is annotated with pairwise prefer-
ence labels by 10 annotators with backgrounds in aesthetic
research. The preference confidence scores are then com-
puted based on the annotators’ voting results. 2) ICTAA-GF
/ ICTAA-HF: Extend the above test datasets by introduc-
ing an anchor image (GT) for each pair, enabling evaluation
of whether the model can learn aesthetic trends relative to
the anchor image. During annotation, we strictly control for
confounding variables other than color temperature, ensur-
ing that preference judgments are solely influenced by color
temperature differences. The annotation process and quality
control mechanisms are detailed in Appendix A.3.

Subset Name | Number | Type \ Scene
ICTAA-GP 1,142 Cvs. W General Scenes
ICTAA-HP 1,592 Cvs. W Portrait Scenes
ICTAA-GF 4,628 Cvs. W, C/W vs GT | General Scenes
ICTAA-HF 6,905 Cvs. W, C/W vs GT | Portrait Scenes

Table 1. Details of ICTAA Dataset Subsets. It contains four
subsets, where C represents Cool-shift, W represents Warm-
shift, and GT represents images adjusted by experts.

5 Experiments

5.1 Implementation Details

We implemented ICTA2Net using the PyTorch framework
and trained the model with the Adam optimizer. During
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training, the batch size was set to 24, with an input im-
age resolution of 224 x 224 pixels. The initial learning rate
was set to 2 x 107° and dynamically adjusted using a co-
sine annealing schedule. The training process was conducted
for 10 epochs. All experiments were performed on a single
NVIDIA GeForce RTX 3090 GPU.

5.2 Benchmark Datasets and Models

The model was trained on the ICTAA240K training dataset
and evaluated on four designated test subsets: ICTAA-GP,
ICTAA-GF, ICTAA-HP, and ICTAA-HF.

To the best of our knowledge, there are no existing meth-
ods specifically designed for ICTAA. Therefore, we selected
ten related representative IAA models- NIMA (Talebi and
Milanfar 2018), BLG-PIAA (Zhu et al. 2020), HGCN (She
et al. 2021), MaxViT (Tu et al. 2022), TANet (He et al.
2022), EAT (He et al. 2023b), DeT (He et al. 2023a), BAID
(Yi et al. 2023), EAMBNet (Chen et al. 2024), and Prompt-
DeT (He et al. 2025b). All of these models are selected based
on the following two criteria: 1) availability of public imple-
mentation code; 2) proven representativeness or strong per-
formance in aesthetic quality assessment tasks. To ensure a
fair comparison, these models were retrained in our dataset
using their publicly available training configurations. Fur-
thermore, to align with the contrastive learning framework
proposed in this study, the baseline models were integrated
into our contrastive learning training pipeline without alter-
ing their original network architectures. The specific process
is detailed in Appendix A.4.

5.3 Experimental Results and Analysis

Quantitative Analysis. To comprehensively evaluate the
preference of the proposed method, we adopt two metrics,
IEA and ACC, comparing our methods against ten SOTA
models. As shown in Table 2, ICTA2Net achieves highly
competitive performance across two metrics of four test
datasets, demonstrating its effectiveness and superiority in
the ICTAA task. Notably, on the ICTAA-HP test dataset,
ICTA2Net significantly outperforms all baseline methods,
improving by 9.3% and 8.2%, respectively, compared with
the second place in the two metrics of ACC and IEA, indicat-
ing its stronger generalization ability and robustness when
facing unseen samples.

Visualization Analysis. Fig. 11 shows the t-SNE visual-
ization of the output features from ICTA2Net (please refer
to Appendix A.5), which verifies that the proposed model
can effectively extract color temperature and semantic infor-
mation. Figs. 13, 14, 15, and 16 show the ranking results of
image color temperature aesthetics by our proposed method,
which are well consistent with human perception. Please re-
fer to Appendix A.6.

5.4 IEA Validity Verification

Table 5 shows that for all baselines, the Spearman (SRCC)
and Pearson (PLCC) correlation coefficients between ACC
and IEA exceed 0.98, indicating highly consistent evaluation
trends, confirming the reliability of the proposed IEA met-
ric. To further verify its effectiveness, samples are divided



Model Year | Publish ICTAA-GP ICTAA-GF ICTAA 1P ICTAA-HF
ACCT IEAT | ACCT IEAT | ACCT IEAT | ACCT  IEAT
NIMA 2018 | TIP 0630  0.687 | 0774 0795 | 0569 0582 | 0754  0.776
BLG-PIAA 2020 | TCYB 0.659  0.706 | 0.846 0.616  0.656 | 0.822  0.847
HGCN 2021 | CVPR 0673 0726 | 0.806  0.828 | 0.658  0.705 | 0799  0.819
MaxViT 2022 | ECCV 0.733 0.880
TANet 2022 | TCAI 0.683 0.828  0.854 | 0634 0679 | 0813  0.832
EAT 2023 | ACM MM 0.696 0746 | 0.832 0852 | 0.653 0703 | 0.823  0.845
DeT 2023 | ICCV 0483 0467 | 0533 0543 | 0438 0457 | 0501  0.508
BAID 2023 | CVPR 0664 0710 | 0.839  0.863 | 0.631 0.674 | 0.821 0.845
EAMBNet 2024 | TMM 0.646  0.684 | 0741 0764 | 0533 0563 | 0773  0.793
Prompt DeT | 2025 | INF.FUSION | 0.652  0.698 | 0.836 0861 | 0.647  0.687 | 0828  0.85I
Ours | 0700 0746 | 0.870  0.894 | 0726  0.776 | 0875  0.896

Table 2. Comparisons of 10 models on our ICTAA240K dataset. To ensure the fairness of the comparison, all models adopted
a unified experimental paradigm: they were strictly retrained and tested on this dataset following the parameters recommended
in their original papers. 1 indicates that the larger the corresponding metric value, the better.

into high- and low-divergence groups to assess model per-
formance under varying difficulty (please see Appendix A.7
for more detail).

Metric \ Dataset

| ICTAA-GP | ICTAA-GF | ICTAA-HP | ICTAA-HF
SRCC 0.98 0.99 1.00 0.98
PLCC 0.99 0.99 0.99 0.99

Table 3. IEA Validation Results.

5.5 Ablation Study

To assess the contribution of each component to the overall
performance of ICTA2Net, we conducted ablation studies by
retraining the model with specific modules removed or re-
placed. The results on the ICTAA-GP, ICTAA-GF, ICTAA-
HP, and ICTAA-HF datasets are shown in Table 4.

4 | Ablation | TEA T
| Model "GP | GF | HP | HF

1 | wio.Loss | 0.744 | 0.891 | 0.761 | 0.892
2 | wilo.Text | 0.746 | 0.891 | 0.759 | 0.892
3 | wo.CTE | 0712 | 0.885 | 0.649 | 0.874
4 | w/o.TDM | 0751 | 0.892 | 0.744 | 0.891
5 | wo.CFM | 0.754 | 0.896 | 0.710 | 0.875
6 | CTA?Net | 0.746 | 0.894 | 0.776 | 0.896

Table 4. Ablation Study Results. (GP: ICTAA-GP, GF:
ICTAA-GF, HP: ICTAA-HP, HF: ICTAA-HF)

From the presented results, we have several observa-
tions. 1) Comparison between #1 and #6 shows that remov-
ing the inter-group contrastive loss leads to performance
degradation on all datasets, especially on the ICTAA-HP
dataset. This highlights the effectiveness of the inter-group
loss in promoting cross-modal semantic alignment, thereby
improving its aesthetic computation capability. 2) Compar-
ison between #2 and #6 shows that without textual infor-
mation, results in a certain degree of performance degrada-
tion, which is particularly evident on the ICTAA-HP dataset.
This indicates that combining textual and visual informa-
tion enables a more accurate understanding of color temper-
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ature aesthetic expression. 3) Comparison between #3 and
#6 shows a significant performance drop across all datasets,
highlighting the important role of CTE in capturing the re-
lationship between color temperature variation and aesthetic
perception. Moreover, 4) Replacing the TDM with a simple
linear connection (comparison between #4 and #6) results
in a noticeable performance drop on ICTAA-HP and fluctu-
ations on other datasets. This indicates that the TDM con-
tributes to noise suppression and feature enhancement. 5)
Replacing the CFM module with a simple concatenation op-
eration (comparison between #5 and #6) leads to substantial
performance drops on both ICTAA-HP and ICTAA-HF, val-
idating the importance of our proposed CFM in effectively
aligning textual and visual information.

In summary, the experimental results demonstrate the ne-
cessity of all proposed components for the ICTAA task, with
the inter-group contrastive loss, CTN, and CFM playing par-
ticularly critical roles. Furthermore, the significant perfor-
mance degradation observed on the ICTAA-HP dataset after
removing any component further confirms the indispensable
importance of these modules in improving cross-modal se-
mantic alignment of the model.

6 Conclusion

In this work, we first propose and define the ICTAA task. To
address its key challenges, perception sensitivity and spec-
tral continuity, we develop the pairwise contrastive learning
framework ICTA2Net with a structured weakly supervised
strategy guided by anchor samples. Furthermore, we intro-
duce an [EA accuracy metric based on information entropy-
weighted, and construct a large-scale dataset. Our bench-
mark validation confirms the superiority of the method.
However, this work has several limitations. First, by fo-
cusing solely on color temperature, the evaluation of white
balance effects remains incomplete. Second, the weakly su-
pervised strategy adopted to avoid the constraints of spectral
continuity is not an optimal solution. Future work will ex-
pand the assessment framework to include multidimensional
attributes such as hue and saturation, and to refine the super-
vision mechanism in pursuit of more effective solutions.
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