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摘要 Recent advancements in the field of No-Reference Image Quality
Assessment (NR-IQA) using deep learning techniques demonstrate high
performance across multiple open-source datasets. However, such models
are typically very large and complex making them not so suitable for real-
world deployment, especially on resource- and battery-constrained mo-
bile devices. To address this limitation, we propose a compact, lightweight
NR-IQA model that achieves state-of-the-art (SOTA) performance on
ECCV AIM UHD-IQA challenge validation and test datasets while be-
ing also nearly 5.7 times faster than the fastest SOTA model. Our model
features a dual-branch architecture, with each branch separately trained
on synthetically and authentically distorted images which enhances the
model’s generalizability across different distortion types. To improve
robustness under diverse real-world visual conditions, we additionally
incorporate multiple color spaces during the training process. We also
demonstrate the higher accuracy of recently proposed Kolmogorov-Arnold
Networks (KANs) for final quality regression as compared to the con-
ventional Multi-Layer Perceptrons (MLPs). Our evaluation considering
various open-source datasets highlights the practical, high-accuracy, and
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robust performance of our proposed lightweight model. Code: https:
//github.com/nasimjamshidi/LAR-IQA.

近年来，基于深度学习的无参考图像质量评价（No-Reference Image
Quality Assessment，NR-IQA）在多个开源数据集上取得了很高的性能。
然而，这类模型通常体量庞大、结构复杂，难以在真实场景中部署，在资
源和电量都受限的移动设备上尤其如此。为突破这一局限，我们提出一个
结构紧凑的轻量 NR-IQA 模型：它在 ECCV AIM UHD-IQA 挑战赛的验
证集和测试集上达到当前最优（state-of-the-art，SOTA）性能，同时比最
快的 SOTA 模型还快近 5.7 倍。该模型采用双分支架构，两个分支分别在
合成失真图像和真实失真图像上单独训练，从而增强模型对不同失真类型
的泛化能力。为提升模型在多样的真实视觉条件下的鲁棒性，我们在训练
过程中进一步引入多种色彩空间。我们还表明，用于最终质量回归时，新
近提出的 Kolmogorov-Arnold 网络（KAN）比传统的多层感知机（MLP）
更准确。在多个开源数据集上的评测凸显了所提轻量模型实用、高精度且
鲁棒的表现。代码：https://github.com/nasimjamshidi/LAR-IQA。

Keywords: 质量评价 · IQA · 无参考 IQA · BIQA · 实时 · 轻量

1 引言 / Introduction

The Image Quality Assessment (IQA) task of measuring the quality of images as per-
ceived by humans remains one of the most interesting and challenging fields in com-
puter vision. No-Reference IQA (NR-IQA), also known as Blind IQA (BIQA), focuses
on estimating the quality of degraded images when there is no high-quality reference
image available for comparison. This task is particularly challenging given the wide
range of possible distortions (compression, blur, noise, etc.) that might be present in
an image. NR-IQA plays a critical role across multiple industries and applications, such
as photography, surveillance, healthcare, automotive, social media, and user-generated
content platforms. Millions of user-generated content (UGC) images are uploaded daily
and shared across numerous social media platforms such as Instagram, X, and Flickr.
In the wild, user-captured images can suffer from distortions such as blurriness, noise
(from the camera sensor), color distortions, compression artifacts (blockiness), or a
combination of these issues. Automatically detecting low-quality or inappropriate im-
ages and guiding the necessary pre- and post-processing steps (quality enhancement,
compression factor, deblurring, etc.) is critical for enhancing user experience and the
success of such companies.

https://github.com/nasimjamshidi/LAR-IQA
https://github.com/nasimjamshidi/LAR-IQA
https://github.com/nasimjamshidi/LAR-IQA
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图像质量评价（Image Quality Assessment，IQA）任务要衡量人眼所感知
的图像质量，它至今仍是计算机视觉中最有意思也最具挑战性的方向之一。无
参考 IQA（NR-IQA），又称盲 IQA（BIQA），关注的是在没有高质量参考图像
可供比对的情况下，估计退化图像的质量。图像中可能出现的失真种类繁多（压
缩、模糊、噪声等），这让该任务尤为困难。NR-IQA 在摄影、监控、医疗、汽
车、社交媒体、用户生成内容平台等诸多行业和应用中都举足轻重。每天都有数
以百万计的用户生成内容（user-generated content，UGC）图像被上传，并在
Instagram、X、Flickr 等大量社交平台上传播。在真实场景中，用户拍摄的图像
可能带有模糊、噪声（来自相机传感器）、色彩失真、压缩伪影（块效应），或这
些问题的组合。自动检测低质量或不合适的图像，并据此指导必要的前处理与后
处理（质量增强、压缩系数选择、去模糊等），对提升用户体验乃至这些公司的
成败都至关重要。

One of the major challenges in NR-IQA is developing smaller, faster and more
efficient methods suitable for real-time quality assessment. Traditional NR-IQA models
are generally fast and less complex but often lack accuracy [20,27–30,33,44,45,47,49].
On the other hand, traditional DNN-based models, while more accurate, typically have
higher complexity and are computationally intensive [3,5,11,35,39,46,48]. Recent IQA
models based on large multi-modal models utilize sophisticated architectures such as
transformers for both vision and text encoders [43,51] resulting in large model size and
complexity, making them unsuitable for most real-time evaluation tasks.

NR-IQA 的一大挑战，是设计出更小、更快、更高效、适合实时质量评价
的方法。传统 NR-IQA 模型通常速度快、复杂度低，但精度往往不足 [20, 27–
30, 33, 44, 45, 47, 49]。另一方面，传统的基于深度神经网络（DNN）的模型精度
更高，却普遍复杂度更高、计算开销大 [3, 5, 11, 35, 39, 46, 48]。近来基于大型多
模态模型的 IQA 方法，在视觉和文本编码器上都采用了 Transformer 等复杂架
构 [43, 51]，导致模型体量和复杂度都很大，难以胜任大多数实时评价任务。

Some more recent NR-IQA methods use Transformers as their backbone net-
work [11, 46, 48] since Transformers have been shown to provide better features for
NR-IQA, resulting in more accurate and robust results. However, Transformer-based
models consists of a large number of parameters and require significant computational
resources, both for training and inference, thus restricting their applicability for deploy-
ment on low-power devices. Recently, Vision Language Models (VLMs), particularly
CLIP [32], have achieved significant success in NR-IQA. When fine-tuned for NR-IQA
tasks [2,12,39], CLIP demonstrates good accuracy, robustness, and generalization com-
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pared to existing methods, effectively capturing a wide range of diverse distortions in
large datasets. However, we do not utilize VLM-based pre-trained networks and in-
stead focus on developing an accurate and robust model that is more computationally
efficient, specifically in terms of the number of Multiply-Accumulate (MAC) operations
required for a forward pass with an input image size of 3840 × 2160 pixels.

一些更新的 NR-IQA 方法以 Transformer 作为骨干网络 [11,46,48]，因为已
有研究表明 Transformer 能为 NR-IQA 提供更好的特征，从而带来更准确、更
鲁棒的结果。然而，基于 Transformer 的模型参数量庞大，训练和推理都需要
可观的计算资源，这限制了它们在低功耗设备上的部署。近来，视觉语言模型
（Vision Language Model，VLM），尤其是 CLIP [32]，在 NR-IQA 上取得了显
著成功。经 NR-IQA 任务微调后 [2, 12, 39]，CLIP 相比已有方法展现出良好的
精度、鲁棒性和泛化能力，能有效捕捉大规模数据集中形形色色的失真。不过，
我们并不采用基于 VLM 的预训练网络，而是着力于打造一个更省算力的准确
且鲁棒的模型——具体而言，以输入图像尺寸为 3840×2160 像素时一次前向传
播所需的乘累加（Multiply-Accumulate，MAC）运算次数来衡量算力。

1.1 贡献 / Contributions

This paper makes several contributions for low complexity, generalizablity and robust-
ness which is discussed next.

本文围绕低复杂度、泛化能力和鲁棒性做出若干贡献，下面逐一展开。

更低的复杂度。 / Lower Complexity Due to the ability of DNN-based methods to
capture intricate patterns and non-linear distortions for higher accuracy and robust-
ness, we use the lightweight MobileNetV3 [16] as the baseline network. Compared to
other DNN-based NR-IQA methods [2, 3, 35, 39], our network has fewer parameters,
resulting in lower complexity.

DNN 类方法能够捕捉复杂的模式和非线性失真，从而获得更高的精度和鲁
棒性；有鉴于此，我们选用轻量的 MobileNetV3 [16] 作为基线网络。与其他基
于 DNN 的 NR-IQA 方法 [2,3,35,39] 相比，我们的网络参数更少，复杂度更低。

泛化能力。 / Generalizability One of the main challenges in training a generalizable
NR-IQA model is that synthetic datasets lack the diverse distortions found in real-
world scenarios. Several methods have attempted to address this gap using pre-training,
self-supervision, and novel loss functions [2, 3, 11, 39]. Self-supervised learning with
contrastive loss or pre-training on unlabeled data [3, 24] is effective for handling both
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synthetic and authentic types of degradation. However, we address the problem of
lack of comprehensive datasets by training two separate models —one on dataset with
synthetic distortions and another on authentic distortion datasets. Both individually
trained models are then combined to create a more generalized model.

训练一个可泛化的 NR-IQA 模型，主要难点之一在于合成数据集缺乏真实
场景中那种多样的失真。已有若干方法尝试用预训练、自监督和新型损失函数来
弥合这一差距 [2, 3, 11, 39]。用对比损失做自监督学习、或在无标注数据上预训
练 [3,24]，对处理合成与真实两类退化都行之有效。而我们应对数据集不够全面
这一问题的做法，是训练两个独立的模型——一个在合成失真数据集上训练，另
一个在真实失真数据集上训练，再把两个单独训练好的模型组合起来，得到一个
泛化性更强的模型。

Such multiple branch architectures have been proposed previously. For example,
authors in [12] used three branches: semantic, aesthetic, and technical, the prediction
scores from which are then fused together to obtain the final quality score. In contrast,
ours is the first work to propose a dual-branch architecture to tackle two different types
of distortions, synthetic and authentic. Given the need for real-time applications, we
focus on making our NR-IQA model both lightweight and fast by focusing exclusively
on MobileNet [16,22,38,50] as the backbone image encoder for our model.

这类多分支架构此前已有人提出。例如，[12] 使用了语义、美学、技术三个
分支，再把它们的预测分数融合，得到最终质量分。相比之下，我们是首个提出
双分支架构、专门应对合成与真实两类不同失真的工作。考虑到实时应用的需
求，我们只采用 MobileNet [16, 22, 38, 50] 作为模型的骨干图像编码器，力求让
NR-IQA 模型既轻量又快速。

鲁棒性与精度。 / Robustness and Accuracy To enhance our lightweight model’s ro-
bustness and accuracy, we incorporate several strategies: separate dual branch training
(synthetic and authentic distortions), using KAN [21] as the regression head, and using
a color space loss function.

为提升轻量模型的鲁棒性和精度，我们综合采用几项策略：双分支分别训练
（分别对应合成失真和真实失真）、以 KAN [21] 作为回归头、以及使用色彩空间
损失函数。

In summary, this paper introduces a novel approach and model for low-complexity
NR-IQA, leveraging both authentic and synthetic distortions for robust and accurate
evaluations. Our key contributions are:
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总之，本文提出了一种面向低复杂度 NR-IQA 的新方法和新模型，同时利
用真实与合成失真来实现鲁棒且准确的评价。我们的主要贡献如下：

– We propose combining authentic and synthetic IQA branches, each trained on

different datasets, to enhance the model’s robustness and generalizability across

various distortions.

我们提出将真实与合成两个 IQA 分支相结合，各自在不同的数据集上训练，
以增强模型在各类失真上的鲁棒性和泛化能力。

– We compare different backbone architectures tailored for the synthetic and au-

thentic branches, facilitating optimal design choices.

我们比较了为合成分支和真实分支量身选择的不同骨干架构，为最优设计选
型提供依据。

– We conduct an ablation study comparing KANs and MLPs for the quality regres-

sion module. To the best of our knowledge, this is the first study to investigate

and compare the efficacy of KANs against MLPs in this context.

我们做了一项消融实验，就质量回归模块对比 KAN 与 MLP。据我们所知，
这是首个在该场景下考察并比较 KAN 与 MLP 效果的研究。

– We propose a novel loss function addressing variations in different color spaces to

improve the robustness of the IQA models.

我们提出一种新的损失函数，针对不同色彩空间之间的差异，以提升 IQA
模型的鲁棒性。

Our approach results in a lightweight model that surpasses state-of-the-art perfor-
mance [13] on the validation and test datasets of the ECCV AIM UHD-IQA challenge
while maintaining efficiency for practical applications.

我们的方法得到一个轻量模型，在 ECCV AIM UHD-IQA 挑战赛3 的验证集和
测试集上超越了当前最优性能 [13]，同时保持了实际应用所需的高效率。

The rest of the paper is organized as follows: In Section 2, we discuss prior work
related to No-Reference Image Quality Assessment and the integration of synthetic and
authentic data. In Section 3, we provide a detailed description of our model architecture
and the comparative analysis of different backbones, heads, and loss functions. Section 4
presents the results of our ablation study and the evaluation of our proposed model
versus SOTA. Finally, Section 5 concludes this paper by highlighting the implications
of our findings.

3 https://codalab.lisn.upsaclay.fr/competitions/19335

https://codalab.lisn.upsaclay.fr/competitions/19335


LAR-IQA 7

本文其余部分组织如下：第 2 节讨论无参考图像质量评价、以及合成与真
实数据融合的相关前期工作；第 3 节详细描述我们的模型架构，并对不同骨干、
回归头和损失函数做对比分析；第 4 节给出消融实验结果，以及所提模型与
SOTA 的对比评测；最后，第 5 节总结全文，强调本研究发现的意义。

2 相关工作 / Related Work

2.1 无参考图像质量评价 / No-Reference Image Quality Assessment

Over the years, many NR-IQA models have been proposed, from initial traditional
approaches based on Natural Scene Statistics (NSS) and hand-crafted features to deep-
learning based approaches to more recently, models based on Vision-Language Models
(VLMs). Traditional NR-IQA approaches relied on the detection and measurement of
specific distortions such as blockiness, blur, banding, and noise, among others. Such
methods leveraged hand-crafted natural scene statistics (NSS) features to assess image
quality [20,27–30,33,40,44,45,47,49]. However, these distortion-specific models based on
hand-crafted features do not generalize well to images with multiple types of distortions.

多年来，学界提出了许多 NR-IQA模型：从最初基于自然场景统计（Natural
Scene Statistics，NSS）和手工特征的传统方法，到基于深度学习的方法，再到
近来基于视觉语言模型（VLM）的模型。传统 NR-IQA 方法依赖于对特定失真
的检测和度量，如块效应、模糊、条带、噪声等。这类方法利用手工设计的自然
场景统计（NSS）特征来评价图像质量 [20,27–30,33,40,44,45,47,49]。然而，这
些针对特定失真、基于手工特征的模型，对含有多种失真类型的图像泛化能力不
佳。

Recently, driven by the success of deep neural networks (DNNs) in computer vi-
sion, several NR-IQA methods have been proposed that generalize better without the
need for explicitly designing features. DNN-based approaches achieve high accuracy
across various datasets by learning complex patterns and accounting for multiple distor-
tions in images [3,5,46,48]. However, due to the limited size of available datasets, they
often tend to overfit on training data and cannot generalize well to newer distortions
(not present in the training data), which are evident when performing cross-dataset
evaluation as discussed in [11].

近来，受深度神经网络（DNN）在计算机视觉中成功的推动，学界提出了
多种无需显式设计特征、泛化能力更好的 NR-IQA 方法。基于 DNN 的方法通
过学习复杂模式并兼顾图像中的多种失真，在各类数据集上都取得了很高的精
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度 [3,5,46,48]。然而，受限于可用数据集规模有限，它们往往在训练数据上过拟
合，难以泛化到（训练数据中未出现的）新型失真；这一点在做跨数据集评价时
表现得很明显，正如 [11] 所讨论的。

More recently, Vision-Language Models (VLMs) have found success in the field
of IQA, combining both visual and textual information to assess the image qual-
ity [39]. Since VLMs have been trained on very large-scale datasets that combine
vision and language modalities, they have a more nuanced understanding of the im-
age content using its context. A combination of semantic information and textual
descriptions/captions allows them to better understand the quality, often resembling
human ratings. Similarly, large multi-modality models (MLLM) have been developed
for the IQA task [43,51] and are more accurate than traditional DNN-based methods.
However, their complex training setups and large scale make VLM and MLLM-based
models computationally expensive.

更近一些，视觉语言模型（VLM）在 IQA 领域也取得了成功，它结合视觉
与文本信息来评价图像质量 [39]。由于 VLM 在融合视觉与语言两种模态的超大
规模数据集上训练过，它们能借助上下文对图像内容有更细腻的理解。语义信息
与文本描述/字幕相结合，使它们能更好地理解质量，其判断往往与人类评分相
近。类似地，面向 IQA 任务也发展出了大型多模态模型（MLLM） [43,51]，其
精度高于传统的基于 DNN 的方法。不过，复杂的训练配置和庞大的规模，使基
于 VLM 和 MLLM 的模型计算开销高昂。

2.2 跨多样数据集的泛化 / Generalization Across Diverse Datasets

Training large Vision Transformer (ViT) or CNN backbone networks requires exten-
sive datasets for pre-training to ensure generalization to new datasets. While some
approaches utilize contrastive learning for pre-training [3,24], others attempt to merge
multiple image datasets with available subjective scores [26]. However, merging datasets
is challenging due to inherent subjective biases within each dataset. As described in [26],
these biases include rating noise, subjective test order effects, varying distributions of
quality scores across datasets, and long-term dependencies in subjective experiments.
Additional biases, especially when crowdsourcing is used, arise from less controlled en-
vironments, such as differences in monitor distances, display sizes, and settings (e.g.,
gamma and luminance variations). These biases complicate the straightforward merg-
ing of subjective scores from different tests.
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训练大型视觉 Transformer（ViT）或 CNN 骨干网络，需要大量数据做预
训练，才能保证对新数据集的泛化。有些方法用对比学习做预训练 [3, 24]，另一
些则尝试把多个带有主观评分的图像数据集合并起来 [26]。然而，由于每个数据
集内部固有的主观偏差，合并数据集颇具挑战。正如 [26] 所述，这些偏差包括
评分噪声、主观测试的顺序效应、各数据集质量分数分布的差异，以及主观实验
中的长期依赖。此外还有一些偏差——尤其在使用众包时——源于不够受控的环
境，例如显示器观看距离、显示尺寸和设置（如伽马和亮度）的差异。这些偏差
使得直接合并来自不同测试的主观评分变得复杂。

To address these challenges, various alternative methods have been proposed, such
as integrating subjective biases into the loss function [26], and using ranking loss instead
of Mean Squared Error (MSE) loss, based on the assumption that subjective biases do
not affect the ranking of MOS within a dataset [11]. We on the other hand, train each
branch of our model using multiple authentic and synthetic datasets by employing a
multi-task training approach. For each branch, each dataset is considered as a separate
task with a unique head. This allows each branch to effectively learn the subjective
biases present in respective individual datasets leading to a better generalization of the
image encoder. In the final model, we remove these individual heads, and instead use
a single KAN head for each of the two branches as a down-sampler, and then fuse the
resulting embeddings with a larger KAN head.

为应对这些挑战，学界提出了各种替代方法，例如把主观偏差纳入损失函
数 [26]，或改用排序损失代替均方误差（MSE）损失——其依据是假设主观偏差
不会影响同一数据集内 MOS 的排序 [11]。而我们的做法是，用多任务训练的方
式，让模型的每个分支在多个真实和合成数据集上训练。对每个分支而言，每个
数据集都被当作一个带有独立回归头的单独任务。这样每个分支就能有效学到
各个数据集各自的主观偏差，使图像编码器获得更好的泛化。在最终模型中，我
们去掉这些独立的回归头，转而为两个分支各配一个 KAN 头作为下采样器，再
用一个更大的 KAN 头把得到的嵌入融合起来。

2.3 Kolmogorov-Arnold 网络（KAN） / Kolmogorov-Arnold Networks

(KAN)

While typically fully-connected MLPs have been used as regression heads [7, 12], re-
cently, KANs [21] have been introduced as an alternative to MLPs. Unlike MLPs,
which multiply the input by weights, KANs process the input through learnable B-
spline functions [5]. In the intermediate layers, while MLPs use a fixed activation
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function as σ in σ(w.x + b), KANs employ learnable activation functions based on
parameterized B-spline functions, formulated as ϕ(x) = silu(x) +

∑
i ciBi(x), where

B is the basis function and c is the trainable control point parameter. In this combi-
nation, the non-trainable component silu(x) is added to the trainable spline compo-
nent, transforming ϕ(x) into a residual activation function. Therefore, KAN consists of
spline-based univariate functions along the network edges, designed as learnable acti-
vation functions. These features enhance both the accuracy and interpretability of the
network. In our work, replacing the MLP head with KAN also enhances the accuracy
of our model, as presented later in Section 4.2.

以往通常用全连接的 MLP 作为回归头 [7,12]，而近来 KAN [21] 作为 MLP
的一种替代被提了出来。MLP 是把输入与权重相乘，KAN 则不同，它让输入
经过可学习的 B 样条函数处理 [5]。在中间层，MLP 使用固定的激活函数，即
σ(w.x+ b) 中的 σ；KAN 则采用基于参数化 B 样条函数的可学习激活函数，形
式为 ϕ(x) = silu(x)+

∑
i ciBi(x)，其中 B 是基函数，c 是可训练的控制点参数。

在这一组合中，不可训练的 silu(x) 分量与可训练的样条分量相加，使 ϕ(x) 成
为一个残差式激活函数。因此，KAN 由分布在网络各条边上的、基于样条的一
元函数构成，这些函数被设计成可学习的激活函数。这些特性同时提升了网络
的精度和可解释性。在我们的工作中，用 KAN 替换 MLP 头同样提升了模型精
度，详见后文第 4.2 节。

3 所提方法 / Proposed Method

In this paper, we aim to develop a lightweight model, focusing on both Multiply-
Accumulate Operations (MACs) and the number of parameters. To achieve this, we
utilize mobile architectures [22] in our image encoder. We propose a dual-branch ar-
chitecture, comprising Authentic and Synthetic branches, as shown in Figure 1. Each
branch includes a pre-processing module and a mobile-based image encoder. We use
a KAN quality regression module to merge features from both branches and predict
the final quality score. Initially, the two branches are treated as separate models and
trained on authentic and synthetic datasets, respectively. Each branch employs a KAN
regression head to independently predict image quality. After training the branches on
their respective datasets, the image encoders from both the Authentic and Synthetic
branches are integrated into the dual-branch model.

本文的目标是开发一个轻量模型，同时兼顾乘累加运算（MAC）次数和参
数量。为此，我们在图像编码器中采用移动端架构 [22]。我们提出一个双分支架
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图1: Proposed model architecture. The image quality is evaluated using two branches:
Authentic and Synthetic. In both branches, MobileNetV3 [16] serves as the lightweight
image encoder. The features extracted from these branches are concatenated and then
used as input to KAN, the quality regression module, which outputs the final predicted
image quality score. 所提模型架构。图像质量由两个分支评价：真实（Authentic）分支
和合成（Synthetic）分支。两个分支都以 MobileNetV3 [16] 作为轻量图像编码器。从两
个分支提取的特征拼接后，作为质量回归模块 KAN 的输入，由其输出最终预测的图像
质量分数。

构，由真实分支和合成分支组成，如图 1 所示。每个分支都包含一个预处理模块
和一个基于移动端的图像编码器。我们用一个 KAN 质量回归模块来融合两个分
支的特征并预测最终质量分。起初，两个分支被当作独立的模型，分别在真实和
合成数据集上训练，每个分支各用一个 KAN 回归头独立预测图像质量。在各自
数据集上训练完成后，真实分支和合成分支的图像编码器被整合进双分支模型。

3.1 数据集与评价指标 / Datasets and Evaluation Metrics

In this work, we use seven publicly available IQA datasets: two with synthetic dis-
tortions (KADID-10K [19], TID2013 [31]), four with authentic distortions (KonIQ-
10k [15], SPAQ [9], BID [8], and UHD-IQA [13]), the PIPAL [18] with both synthetic
and algorithmic distortions. A summary of the datasets used in our experiments is
provided in Table 1.

本工作使用了七个公开的 IQA数据集：两个含合成失真（KADID-10K [19]、
TID2013 [31]），四个含真实失真（KonIQ-10k [15]、SPAQ [9]、BID [8]、UHD-
IQA [13]），以及同时含合成与算法失真的 PIPAL [18]。实验所用数据集的概况
见表 1。

To evaluate the model’s performance, we use three common criteria: Spearman
Rank Order Correlation Coefficient (SRCC) for prediction monotonicity, Pearson Lin-
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表 1: Summary of IQA datasets used in this work. 本工作所用 IQA 数据集概况。

数据库 源图像
数量

失真
类型

失真图像
数量

失真类型
数量

图像
分辨率

KONIQ-10K [15] 10,073 真实 10,073 – 1024×768px
SPAQ [9] 11,125 真实 11,125 – 可变
BID [8] – 真实 585 – 1280×960px to 2272×1704px
UHD-IQA [13] 6,073 真实 – – 多为 3840×2160px
KADID-10k [19] 81 合成 10,125 25 512×384px
TID2013 [31] 25 合成 3,000 24 512×384px
PIPAL [18] 250 合成 + 算法 29,000 40 可变

ear Correlation Coefficient (PLCC) and Kendall Rank Correlation Coefficient (KRCC)
for rank consistency.

为评价模型性能，我们采用三种常用准则：衡量预测单调性的斯皮尔曼秩相
关系数（SRCC），以及衡量排序一致性的皮尔逊线性相关系数（PLCC）和肯德
尔秩相关系数（KRCC）。

3.2 数据预处理 / Data Pre-processing

For each branch of our model, we applied distinct pre-processing methods during the
training phase. In the Authentic branch, images were downscaled to 224x224 pixels
for pretraining and 384x384 for UHD-IQA challenge, while in the Synthetic branch,
images were kept at their original size, and only the cropping operation was applied.
The rationale for downscaling in the Authentic branch is that the quality of Authentic
datasets is intrinsically linked to their content (e.g., captured objects, image composi-
tion), and changes in image size do not impact perceived quality [36, 42]. However, in
the Synthetic branch, downscaling can cause the loss of high-frequency details, which
negatively impacts the predicted quality for images with synthetic distortions. There-
fore, we only downscale images in the Authentic branch. For the Synthetic branch, we
trained our model using cropped images of 224 sizes.

在训练阶段，我们对模型的每个分支采用了不同的预处理方法。真实分支
中，图像在预训练时被缩小到 224×224 像素、在 UHD-IQA 挑战赛中缩小到
384×384；而合成分支中，图像保持原始尺寸，只做裁剪操作。真实分支之所以
缩小图像，是因为真实数据集的质量与其内容本身（如拍摄的物体、图像构图）
密切相关，改变图像尺寸并不影响感知质量 [36, 42]。然而在合成分支中，缩小
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图像会造成高频细节丢失，进而损害合成失真图像的质量预测。因此，我们只在
真实分支中缩小图像。对于合成分支，我们用 224 尺寸的裁剪图像来训练模型。

3.3 质量回归模块 / Quality Regression Module

For quality regression head we explore both MLPs and KANs. For KAN, we use the
implementation provided by [1]. To ensure a fair comparison between the MLPs and
KANs, we conducted two sets of comparisons. First, both models were evaluated using
an identical architecture, consisting of two fully connected (FC) layers: the first layer
reduced 1000 features to 128, followed by a second layer that reduced 128 features to
1. Given that KAN uses a higher number of parameters and FLOPs, we also adjusted
the MLP model’s complexity to roughly match KAN’s FLOPs by adding an additional
layer with 1125 neurons before the 128-neuron layer, using ReLU activation. The evalu-
ations are conducted under two scenarios: within-dataset evaluation and cross-dataset
evaluation, with further details discussed in Section 4.2.

对于质量回归头，我们同时考察 MLP 和 KAN。KAN 采用 [1] 提供的实现。
为保证 MLP 与 KAN 的比较公平，我们做了两组对比。第一组中，两个模型采
用完全相同的架构，由两个全连接（FC）层构成：第一层把 1000 维特征降到
128 维，第二层再把 128 维降到 1 维。考虑到 KAN 的参数量和 FLOPs 更高，
我们还调整了 MLP 的复杂度以大致匹配 KAN 的 FLOPs——在 128 神经元层
之前再加一层 1125 个神经元、采用 ReLU 激活的层。评价在两种场景下进行：
数据集内评价和跨数据集评价，更多细节在第 4.2 节讨论。

3.4 图像编码器模块 / Image Encoder Module

For image encoder module, we explore two lightweight CNN-based architectures and
two ViT architectures. As demonstrated in [22], MobileNetV2 [34] and MobileNetV3 [16]
are excellent choices for mobile CNN-based networks due to their reduced number of
parameters and low computational complexity. Additionally, we consider the recent
mobile ViT model, MobileCLIP-S2 [38], and MobileViT-S [25] known for its lightweight
characteristics. It is important to note that although MobileCLIP-S2 is a VLM, in Sec-
tion 4.3, we only utilize its vision encoder architecture, and our model does not follow
a VLM training approach.

对于图像编码器模块，我们考察了两种轻量的 CNN 架构和两种 ViT 架构。
正如 [22] 所示，MobileNetV2 [34] 和 MobileNetV3 [16] 参数更少、计算复杂度
低，是移动端 CNN 网络的绝佳选择。此外，我们还考虑了新近的移动端 ViT
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模型 MobileCLIP-S2 [38]，以及以轻量著称的 MobileViT-S [25]。需要说明的是，
尽管 MobileCLIP-S2 是一个 VLM，但在第 4.3 节中我们只使用它的视觉编码器
架构，我们的模型并不采用 VLM 的训练方式。

3.5 损失函数 / Loss Functions

MSE 与 PLCC 损失（Lacc）。 / MSE and PLCC Distance-based losses, such as
MAE and MSE, minimize the absolute difference between predicted scores and ground
truth labels, ensuring accuracy in score prediction. In contrast, correlation-based losses
like PLCC preserve the relative correlation of image quality, aligning better with human
perception [6]. In this work, we enhance model accuracy by incorporating both distance-
based (MSE) and correlation-based (PLCC) objectives as a combined loss function in
all our experiments.

基于距离的损失（如 MAE 和 MSE）最小化预测分数与真值标签之间的绝
对差异，保证分数预测的准确性。相比之下，基于相关性的损失（如 PLCC）保
持图像质量的相对相关关系，与人类感知更契合 [6]。在本工作的所有实验中，
我们把基于距离的（MSE）和基于相关性的（PLCC）两种目标组合成一个损失
函数，以提升模型精度。

Lacc = α ·MSE + β · PLCC (1)

色彩空间鲁棒性（Lrob）。 / Color Space Robustness As shown in traditional
NSS-based models [4, 10, 23, 37], analyzing images in different color spaces improves
the accuracy of visual quality assessments by providing deeper insights into perceptual
attributes that affect image quality. The multi-color space approach captures diverse
aspects of image quality that may not be covered by a single color space. Therefore, we
propose a color space loss that evaluates image quality in the RGB, YUV, and LAB
color spaces, resulting in more accurate and robust assessments. Our color space loss
(Lrob) is defined as

正如传统的基于 NSS的模型所展示的 [4,10,23,37]，在不同色彩空间中分析
图像，能更深入地揭示影响图像质量的感知属性，从而提升视觉质量评价的准确
性。多色彩空间方法能捕捉单一色彩空间可能覆盖不到的图像质量的多个方面。
因此，我们提出一种色彩空间损失，在 RGB、YUV 和 LAB 色彩空间中评价图
像质量，从而获得更准确、更鲁棒的评价。我们的色彩空间损失（Lrob）定义为

M̂OScolor-space = Fϕ(Icolor-space) (2)
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∑
color-space

1

N
(M̂OScolor-space −MOS)2 (3)

where color-space ∈ {RGB,YUV,LAB}, and Icolor-space represents the input image in
the specified color space. Using our trained model F with parameters ϕ, we predict
the MOS for Icolor-space, denoted by M̂OScolor-space. To compute the loss we calculate
the mean squared error with the ground-truth MOS. By minimizing this color space
loss, the model learns to align its output feature across various color-space represen-
tations. This approach enhances the model’s ability to predict image quality consis-
tently, regardless of the color space used. It improves the model’s sensitivity to different
distortions and ensures that assessments closely match human visual perception (see
Section 4.4).

其中 color-space ∈ {RGB,YUV,LAB}，Icolor-space 表示指定色彩空间下的输入
图像。我们用参数为 ϕ 的训练好的模型 F，为 Icolor-space 预测 MOS，记作
M̂OScolor-space。计算损失时，我们求它与真值 MOS 之间的均方误差。通过最
小化这个色彩空间损失，模型学会在各种色彩空间表示之间对齐其输出特征。这
一做法使模型无论使用哪种色彩空间，都能一致地预测图像质量，提升了模型对
不同失真的敏感度，并确保评价与人类视觉感知高度吻合（见第 4.4 节）。

4 评价方法与结果 / Evaluation Methodology and Results

In Section 4.1, we first discuss the implementation details of our model. We present
the initial results of the Synthetic and Authentic models in Section 4.2 and explore
replacing the MLP regression head with KAN. In Section 4.3, we experiment with
different backbone networks as the image encoder for our Synthetic and Authentic
models while keeping the regression head fixed as KAN. To enhance robustness, we
investigate various loss functions in Section 4.4. Finally, we combine insights from
these experiments and discuss the setup and integration of the Synthetic and Authentic
branches in Section 4.5. In Section 4.6, we compare the performance of our final model
against state-of-the-art methods based on accuracy metrics (SRCC, PLCC, KRCC,
RMSE, and MAE) and computational complexity (MACs).

第 4.1 节先讨论模型的实现细节。第 4.2 节给出合成模型和真实模型的初步
结果，并探索用 KAN 替换 MLP 回归头。第 4.3 节在固定回归头为 KAN 的前
提下，为合成模型和真实模型试验不同的骨干网络作为图像编码器。为增强鲁
棒性，第 4.4 节考察多种损失函数。最后，第 4.5 节综合上述实验的结论，讨
论合成分支与真实分支的配置与整合。第 4.6 节则从精度指标（SRCC、PLCC、
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KRCC、RMSE、MAE）和计算复杂度（MAC）两方面，将最终模型与当前最
优方法作比较。

4.1 实现细节 / Implementation Details

The model training and testing is done on Pytorch on a single Nvidia A100 GPU. The
models are trained for 100 epochs using the AdamW optimizer, starting with a learning
rate of 5×10−5 and a weight decay of 1×10−4. We use a custom scheduler, that includes
a linear warmup phase followed by a cosine annealing schedule. The input image size
varies depending on the branch: original size for the synthetic branch and resized
224x224 pixels for the authentic branch. For the UHD-IQA dataset, due to the large
image resolutions, we resized images to 384x384 for the authentic branch and applied
1280x1280 center crops for the synthetic branch. The image encoder module in our final
proposed model utilizes MobileNetV3, which is consistent across both branches. For
the quality regression modules, we incorporate the KAN model to reduce the feature
dimension and predict image quality, respectively.

模型的训练和测试在 PyTorch 上、单张 Nvidia A100 GPU 上完成。模型
使用 AdamW 优化器训练 100 个 epoch，初始学习率为 5 × 10−5，权重衰减为
1 × 10−4。我们使用自定义调度器，先线性预热，再进入余弦退火调度。输入
图像尺寸因分支而异：合成分支用原始尺寸，真实分支缩放到 224×224 像素。
对于 UHD-IQA 数据集，由于图像分辨率很高，真实分支缩放到 384×384，合
成分支则采用 1280×1280 的中心裁剪。最终所提模型的图像编码器模块采用
MobileNetV3，两个分支保持一致。质量回归模块方面，我们引入 KAN 模型，
分别用于降低特征维度和预测图像质量。

4.2 质量回归模块：MLP 对比 KAN / Quality Regression Module: MLP versus

KAN

In this experiment, we employed MobileNetV2 for training and utilized a standard
loss function, which is a weighted combination of MSE and PLCC loss, measured
between images in the batch. All other settings, such as the learning rate, remained
constant. For the within-dataset evaluation, each dataset, KADID-10K and PIPAL,
were individually used for both training and testing using 10-fold cross-validation. The
performance metrics are reported based on the average of the 10-fold cross-validation
results. For the cross-dataset evaluation, we used two train/test pairs: KADID-10K /
TID2013 for the Synthetic model and KONIQ-10K / BID for the Authentic model.



LAR-IQA 17

表 2: Within-dataset evaluation results for different regression heads, MLP and KAN.
The synthetic model is trained on KADID-10K and PIPAL datasets and evaluated
using 10-fold cross-validation. Results indicate better performance of KAN compared
to MLP on both datasets. MLP 与 KAN 两种回归头的数据集内评价结果。合成模型在
KADID-10K 和 PIPAL 数据集上训练，并用 10 折交叉验证评价。结果表明，在两个数
据集上 KAN 均优于 MLP。

数据集 KADID-10K PIPAL

回归头 PLCC SRCC KRCC PLCC SRCC KRCC

MLP 0.961 0.946 0.825 0.868 0.845 0.680
KAN 0.965 0.941 0.857 0.887 0.860 0.692

The results of the within-dataset evaluation on KADID-10K and PIPAL are presented
in Table 2. These results indicate that incorporating KAN as the regression head yields
improvements over MLP. As previously discussed, we used two MLP regression heads:
one with the same architecture and another with the same number of FLOPs. In
the second experiment, we included the FLOPs for each MLP model and compared
them to KAN. Table 3 presents the results of the cross-dataset evaluation, showing
an improvement when using KAN compared to MLP, highlighting KAN’s superior
generalizability. Hence, for the rest of the experiments, we only use KAN for quality
regression task. It is important to note that making a fair comparison between KAN
and MLP is challenging due to the differences in network topology and activation
function choices, which significantly impact MLP performance. Similarly, for KAN,
factors such as the order of the spline and the number of spline intervals affect the
results. Nevertheless, this paper demonstrates that incorporating KAN as part of the
regression head can be as effective as using an MLP head.

在本实验中，我们用 MobileNetV2 训练，并采用标准损失函数——即在一
个 batch 内图像之间计算的 MSE 与 PLCC 损失的加权组合。学习率等其他设
置保持不变。数据集内评价时，KADID-10K 和 PIPAL 各自单独用于训练和测
试，采用 10 折交叉验证，性能指标按 10 折交叉验证结果的平均值报告。跨数
据集评价时，我们使用两组训练/测试对：合成模型用 KADID-10K / TID2013，
真实模型用 KONIQ-10K / BID。KADID-10K 和 PIPAL 上的数据集内评价结
果见表 2。这些结果表明，用 KAN 作回归头比 MLP 有所提升。如前所述，我
们用了两种 MLP 回归头：一种架构相同，另一种 FLOPs 相同。第二个实验中，
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表 3: Cross-dataset evaluation results for MLP and KAN as regression heads. Synthetic
model is trained on the KADID-10K dataset and tested on the TID2013 dataset.
Similarly, the Authentic model is trained on KONIQ-10K dataset and tested on BID
dataset. Results indicate significantly better performance of KAN compared to MLP.
MLP 与 KAN 作为回归头的跨数据集评价结果。合成模型在 KADID-10K 上训练、在
TID2013 上测试；同样地，真实模型在 KONIQ-10K 上训练、在 BID 上测试。结果表
明 KAN 显著优于 MLP。

模型 回归头
PLCC SRCC KRCC

MLP KAN FLOPs

KADID-10K / TID2013

合成
✓ 0.26M 0.64 0.59 0.45
✓ 2.60M 0.67 0.63 0.48

✓ 2.31M 0.71 0.66 0.50

KONIQ-10K / BID

真实
✓ 0.26M 0.716 0.673 0.495
✓ 2.60M 0.726 0.673 0.501

✓ 2.31M 0.736 0.680 0.505

我们列出了每个 MLP 模型的 FLOPs，并与 KAN 对比。表 3 给出跨数据集评
价结果，显示 KAN 相比 MLP 有所提升，凸显了 KAN 更强的泛化能力。因此，
在后续实验中我们只用 KAN 来完成质量回归任务。需要说明的是，公平比较
KAN 与 MLP 颇具难度：网络拓扑和激活函数选择的差异会显著影响 MLP 的
性能；同样地，对 KAN 来说，样条的阶数、样条区间数等因素也会影响结果。
尽管如此，本文表明，将 KAN 作为回归头的一部分，其效果可以与使用 MLP
头相当。

4.3 图像编码器的比较 / Comparing Image Encoders

Using KAN as the regression head, we now compare different image encoders as the
backbone network for our model. Similar to previous experiments, the Synthetic model
is trained on KADID-10K and tested on TID2013, while the Authentic model is trained
on KONIQ-10K and tested on BID. The performance metrics, including, PLCC, SRCC,
and KRCC, are detailed in Table 4. The results show that both CNN-based models
outperform the Mobile ViT models. The decreased performance of MobileCLIP-S2 can
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表 4: Comparing the performance of different image encoders. Among the evaluated
encoders, MobileNetV3 consistently outperforms the others across all metrics. 不同图
像编码器的性能比较。在所考察的编码器中，MobileNetV3 在所有指标上都稳定优于其
他编码器。

模型 骨干 参数量 PLCC SRCC KRCC

KADID-10K / TID2013

合成

MobileViT-S 5.6M 0.61 0.59 0.42
MobileCLIP-S2 [38] 35.5M 0.69 0.65 0.46
MobileNetV2 [34] 3.5M 0.71 0.66 0.50
MobileNetV3 [16] 7.1M 0.72 0.68 0.50

KONIQ-10K / BID

真实

MobileViT-S 5.6M 0.71 0.65 0.47
MobileCLIP-S2 35.5M 0.78 0.75 0.57
MobileNetV2 3.5M 0.74 0.68 0.51
MobileNetV3 7.1M 0.79 0.78 0.60

be attributed to the limited training data, as ViT-based models typically require large
datasets to effectively learn the extensive network parameters. However, as reported
in the next section, we observe that MobileCLIP-S2 helps in better generalization
when using multiple color spaces. As expected, MobileNetV3 performs better than
MobileNetV2; therefore, MobileNetV3 is used for the rest of our model design.

以 KAN 作为回归头，我们现在比较作为模型骨干网络的不同图像编码器。
与前面的实验类似，合成模型在 KADID-10K 上训练、在 TID2013 上测试，真
实模型在 KONIQ-10K 上训练、在 BID 上测试。PLCC、SRCC、KRCC 等性
能指标详见表 4。结果表明，两种基于 CNN 的模型都优于移动端 ViT 模型。
MobileCLIP-S2 性能下降可归因于训练数据有限，因为基于 ViT 的模型通常需
要大数据集才能有效学习其庞大的网络参数。不过，正如下一节所报告的，我
们发现使用多种色彩空间时 MobileCLIP-S2 有助于获得更好的泛化。不出所料，
MobileNetV3 的表现优于 MobileNetV2；因此，我们在后续的模型设计中采用
MobileNetV3。

4.4 各种损失函数的比较 / Comparing Various Loss Functions
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表 5: Performance comparison of various loss functions considering different color
spaces. Best performing model is shown in Bold. 在不同色彩空间下，各种损失函数的
性能比较。性能最佳的模型以粗体标出。

模型 损失 骨干 RGB YUV LAB

Lacc Lrob PLCC SRCC KRCC PLCC SRCC KRCC PLCC SRCC KRCC

KADID-10K / TID2013

合成 ✓ Mobile-
NetV3

0.72 0.68 0.50 0.41 0.34 0.25 0.47 0.39 0.28
✓ ✓ 0.73 0.70 0.53 0.49 0.47 0.35 0.55 0.52 0.37

合成 ✓ Mobile
CLIP-S2

0.69 0.65 0.46 0.44 0.38 0.29 0.46 0.40 0.29
✓ ✓ 0.69 0.66 0.48 0.58 0.54 0.39 0.59 0.55 0.40

KONIQ-10K / BID

真实 ✓ Mobile-
NetV3

0.79 0.78 0.60 0.59 0.58 0.42 0.59 0.57 0.42
✓ ✓ 0.82 0.79 0.61 0.69 0.68 0.51 0.76 0.74 0.56

真实 ✓ Mobile-
CLIP-S2

0.78 0.74 0.56 0.65 0.62 0.46 0.67 0.62 0.46
✓ ✓ 0.78 0.77 0.58 0.74 0.72 0.53 0.74 0.73 0.54

Table 5 presents the performance of various loss functions considering different color
spaces (RGB, YUV and LAB). The results indicate that incorporating both MSE+PLCC
loss (Lacc) and the color space loss (Lrob) improves the model’s performance. While
the improvement in the RGB color space was not significant, major improvements
were observed in the performance metrics for the YUV and LAB color spaces. The
MobileCLIP-S2 [38] model, which uses the ViT architecture, is more robust and shows
better performance across different color spaces. This could be attributed to the nature
of ViT models, which normalize pixel values multiple times during processing.

表 5 给出了在不同色彩空间（RGB、YUV、LAB）下各种损失函数的性能。
结果表明，同时使用 MSE+PLCC 损失（Lacc）和色彩空间损失（Lrob）能提升
模型性能。虽然在 RGB 色彩空间下提升不明显，但在 YUV 和 LAB 色彩空间
下，各项性能指标都有大幅提升。采用 ViT 架构的 MobileCLIP-S2 [38] 更为鲁
棒，在不同色彩空间下都有更好的表现。这或许可归因于 ViT 模型的特性——
它在处理过程中会对像素值做多次归一化。

Figure 2 shows the MOS predictions of the Synthetic model with MobileNetV3,
trained on KADID-10K and tested on sample images from the TID2013 dataset. De-
spite the differences between the predicted MOS and ground truth values caused by
varying scales and types of distortion in the two datasets, training with color space loss
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RG
B

LA
B

YU
V

5.68 à 5.84 4.38 à 4.01 5.49 à	5.86 5.68 à	5.17

4.38 à 5.74 5.68 à	3.99 4.61 à	5.83 4.68 à	5.14

4.01 à 5.91 5.68 à	4.07 4.68 à	5.99 4.28 à	5.24

𝑀𝑂𝑆: 6.05 𝑀𝑂𝑆: 4.25 𝑀𝑂𝑆: 5.63 𝑀𝑂𝑆: 5.87

图2: MOS predictions of the Synthetic model using MobileNetV3, trained on KADID-
10K and tested on sample images from the TID2013 dataset across different color
spaces. Actual MOS scores are highlighted above in the pink colored bar. The change
in predicted MOS scores before and after pre-training with color space loss (Lrob) across
various color spaces is shown in the blue colored bar. One can note that the predicted
MOS scores for various images across different color spaces converge, indicating the
robustness of the metric to different color spaces. 使用 MobileNetV3 的合成模型的
MOS 预测：该模型在 KADID-10K 上训练，并在 TID2013 数据集的样例图像上、跨不
同色彩空间测试。真实 MOS 分数以上方的粉色条突出显示。在使用色彩空间损失（Lrob）
预训练前后、跨各色彩空间预测 MOS 分数的变化，以蓝色条显示。可以注意到，各图像
在不同色彩空间下的预测 MOS 分数趋于收敛，表明该指标对不同色彩空间具有鲁棒性。

(Lrob) enhances robusntess and helps the model generalizes better by ensuring that the
results remain consistent across different color spaces.

图 2展示了采用MobileNetV3的合成模型的MOS预测，该模型在 KADID-
10K 上训练、在 TID2013 数据集的样例图像上测试。尽管两个数据集在失真的
尺度和类型上存在差异，导致预测 MOS 与真值之间有出入，但用色彩空间损失
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表 6: Performance comparison of different training settings for LAR-IQA model on the
validation set of the UHD-IQA dataset. LAR-IQA 模型在 UHD-IQA 数据集验证集上、
不同训练设置的性能比较。

分支 微调 KAN 神
经元 PLCC SRCC KRCC

合成 真实

✓ 128 0.492 0.463 0.333
✓ 128 0.512 0.496 0.348

✓ ✓ 128 0.726 0.722 0.532
✓ ✓ 512 0.744 0.734 0.545
✓ ✓ ✓ 512 0.809 0.803 0.611

（Lrob）训练能增强鲁棒性，通过确保结果在不同色彩空间下保持一致，帮助模
型获得更好的泛化。

4.5 整合合成分支与真实分支 / Integrating Synthetic and Authentic Branches

In the previous section, we outlined the training process of the Synthetic branch using
the KADID-10K dataset and the Authentic branch with the KONIQ-10K dataset. How-
ever, these datasets are limited in terms of number of images and distortions types.
To enhance our model’s performance, we extended our training to include multiple
datasets for each branch following a multi-task training process. Specifically, the Syn-
thetic branch was trained on the KADID-10K, TID2013, and PIPAL datasets, while the
Authentic branch was trained on the KONIQ-10K, BID, and SPAQ datasets. As out-
lined in Section 2.2, we mitigated subjective biases by integrating two branches trained
on different distortion types, each with a distinct regression head for the respective
datasets. We held out a random 10% of each dataset during the training process for
the validation set and model selection per branch. We refer the reader to our previous
paper [17], which details the multi-task training process for the IQA task.

上一节中，我们概述了合成分支用 KADID-10K 数据集、真实分支用
KONIQ-10K 数据集的训练过程。然而，这些数据集在图像数量和失真类型上都
比较有限。为提升模型性能，我们按照多任务训练的方式，为每个分支扩充了多
个数据集。具体来说，合成分支在 KADID-10K、TID2013、PIPAL 数据集上训
练，真实分支在 KONIQ-10K、BID、SPAQ 数据集上训练。正如第 2.2 节所述，
我们通过整合两个在不同失真类型上训练的分支来缓解主观偏差，每个分支针
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对各自的数据集各配一个独立的回归头。训练过程中，我们从每个数据集随机留
出 10% 作为验证集，用于各分支的模型选择。关于 IQA 任务多任务训练过程的
细节，请读者参阅我们此前的论文 [17]。

The pretrained models are merged after removing the regression heads and adding
new KAN heads. These new heads first downsample the embeddings of each branch,
then concatenate the two branches, and finally add a regression head, as illustrated in
Figure 1.

预训练好的模型在去掉原回归头、加上新的 KAN 头之后被合并。如图 1 所
示，这些新头先对每个分支的嵌入下采样，再把两个分支拼接起来，最后接一个
回归头。

Training on UHD-IQA Dataset: We trained our two-branch model on UHD-
IQA training dataset in three steps. First, we froze the two pre-trained branches (au-
thentic and synthetic) and trained the KAN heads that reduced the output from 1000
to 256 (128 per branch) and then to a single output neuron. Second, we employed
a larger KAN head with a 1000-dimensional embedding mapped to 512 per branch
(1024 in total) and then to one neuron for the regression task. Finally, we fine-tuned
the model using the pre-trained weights of the authentic and synthetic branches along
with the larger KAN head on the new dataset.

在 UHD-IQA 数据集上训练：我们分三步在 UHD-IQA 训练集上训练双
分支模型。第一步，冻结两个预训练分支（真实和合成），训练 KAN 头，将输
出从 1000 维降到 256 维（每个分支 128 维），再降到单个输出神经元。第二步，
改用一个更大的 KAN 头，把 1000 维嵌入映射为每个分支 512 维（共 1024 维），
再映射到一个神经元来完成回归任务。最后，我们在新数据集上，用真实分支和
合成分支的预训练权重连同这个更大的 KAN 头一起微调模型。

Table 6 presents the results of various training strategies on the UHD-IQA dataset [13]
used in the ECCV AIM challenge. The model is trained using the training set and tested
on the validation set. As observed, the model with the larger regression head, consist-
ing of 512 layers, delivers improved performance. Furthermore, fine-tuning the model
significantly improves the results, achieving a PLCC of approximately 0.81. Overall,
the outcomes are promising. It is important to note that for the Authentic branch,
we resized the images to 224x224x3, whereas for the Synthetic branch, we used the
full-size image.



24 Jamshidi Avanaki et al.

表 7: Evaluation of the performance of the baselines on the validation set of UHD-
IQA. ↑ means that higher values are better, ↓ means that lower values are better. Best
and second-best scores are highlighted in bold and underlined, respectively. 各方法在
UHD-IQA 验证集上的性能评价。↑ 表示越高越好，↓ 表示越低越好。最优和次优分数分
别以粗体和下划线标出。

方法 PLCC↑ SRCC↑ KRCC↑ RMSE↓ MAE↓ 参数量 ↓ MACs↓

HyperIQA [35] 0.182 0.524 0.359 0.087 0.055 27.3M 211G
Effnet-2C-MLSP [41] 0.627 0.615 0.445 0.060 0.050 - 345G
CONTRIQUE [24] 0.712 0.716 0.521 0.049 0.038 27.9M 855G
ARNIQA [3] 0.717 0.718 0.523 0.050 0.039 27.9M 855G
CLIP-IQA+ [39] 0.732 0.743 0.546 0.108 0.087 102M 895G
QualiCLIP [2] 0.752 0.757 0.557 0.079 0.064 102M 901G

LAR-IQA (MLP head) 0.797 0.791 0.601 0.042 0.033 21.2M ≤37G
LAR-IQA (KAN head) 0.809 0.803 0.611 0.040 0.031 21.1M ≤37G

表 6 给出了在 ECCV AIM 挑战赛4 所用 UHD-IQA 数据集 [13] 上、各种
训练策略的结果。模型用训练集训练、在验证集上测试。可以看到，采用更大回
归头（512 维）的模型性能更好。此外，对模型做微调能显著改善结果，PLCC
达到约 0.81。总体而言，这些结果很有前景。需要说明的是，真实分支中我们把
图像缩放到 224×224×3，而合成分支中则使用全尺寸图像。

We present next the comparative evaluation of our proposed model compared to
the baselines as evaluated on the validation and test set. The results for the baseline
models are obtained from the original publication in [13].

接下来，我们给出所提模型与各基线在验证集和测试集上的对比评价。基线
模型的结果取自原始文献 [13]。

4.6 与当前最优方法的比较 / Comparisons with the State-of-the-art

Table 7 and Table 8 presents a comparative evaluation result of our proposed model
(LAR-IQA) compared to the SOTA models on the AIM UHD-IQA validation and test
set respectively. It can be observed that our model LAR-IQA outperforms existing IQA
models on both validation and test dataset in terms of all performance measures as
well complexity measures. The proposed model is approx. ×5.7 faster than the fastest

4 https://codalab.lisn.upsaclay.fr/competitions/19335

https://codalab.lisn.upsaclay.fr/competitions/19335
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表 8: Evaluation of the performance of the baselines on the test set of UHD-IQA. ↑
means that higher values are better, ↓ means that lower values are better. Best and
second-best scores are highlighted in bold and underlined, respectively.各方法在 UHD-
IQA 测试集上的性能评价。↑ 表示越高越好，↓ 表示越低越好。最优和次优分数分别以
粗体和下划线标出。

方法 PLCC↑ SRCC↑ KRCC↑ RMSE↓ MAE↓ MACs(G)↓

HyperIQA [35] 0.103 0.553 0.389 0.118 0.070 211
Effnet-2C-MLSP [41] 0.641 0.675 0.491 0.074 0.059 345
CONTRIQUE [24] 0.678 0.732 0.532 0.073 0.052 855
ARNIQA [3] 0.694 0.739 0.544 0.074 0.052 855
CLIP-IQA+ [39] 0.709 0.747 0.551 0.111 0.089 895
QualiCLIP [2] 0.725 0.770 0.570 0.083 0.066 901

LAR-IQA (MLP head) 0.774 0.809 0.616 0.058 0.042 ≤37
LAR-IQA (KAN head) 0.787 0.836 0.642 0.061 0.041 ≤37

SOTA model, HyperIQA. Furthermore, both branches together have around 21 million
parameters, making it suitable for power and resource constrained mobile devices.

表 7和表 8分别给出了所提模型（LAR-IQA）与 SOTA模型在 AIM UHD-
IQA 验证集和测试集上的对比评价结果。可以看出，无论在验证集还是测试集
上，我们的 LAR-IQA 在所有性能指标和复杂度指标上都优于现有 IQA 模型。
所提模型比最快的 SOTA 模型 HyperIQA 还快约 5.7 倍。此外，两个分支合计
约 2100 万参数，适合在功耗和资源受限的移动设备上使用。

It should be noted that in both tables, the term “MLP head” refers to the MLP
head with similar FLOPs to the KAN head. This aims to provide the reader with a
performance comparison between KAN and MLP on the UHD-IQA dataset.

需要注意的是，两张表中的“MLP head”均指与 KAN 头 FLOPs 相近的
MLP 头。这样做是为了给读者提供在 UHD-IQA 数据集上 KAN 与 MLP 的性
能对比。

Additionally, we refer the reader to the UHD-IQA challenge [14], which compares
various lightweight models proposed for UHD-IQA tasks. In the challenge rankings,
LAR-IQA achieved second place. To ensure a fair comparison, we adhered to the chal-
lenge’s rules and dataset split.
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此外，我们建议读者参阅 UHD-IQA 挑战赛 [14]，其中比较了为 UHD-IQA
任务提出的各种轻量模型。在挑战赛排名中，LAR-IQA 获得第二名。为保证比
较公平，我们遵循了挑战赛的规则和数据集划分。

5 结论 / Conclusion

To address the lack of low complexity, high accuracy and robust NR-IQA metric,
we proposed in this work a lightweight NR-IQA model that surpases the accuracy of
current SOTA models while being more suitable for deployment on mobile devices. Our
model proposes a dual-branch architecture that processes both authentic and synthetic
distortions individually making it more robust to varied distortions as compared to
models trained solely on single distortion types. Furthermore, we observe that training
separately on multiple datasets helps to mitigate subjective biases inherent in individual
datasets, thus improving further the model’s overall generalizability.

针对缺乏兼具低复杂度、高精度和鲁棒性的 NR-IQA 指标这一问题，本工
作提出了一个轻量 NR-IQA 模型，它在精度上超越当前 SOTA 模型，同时更适
合在移动设备上部署。我们的模型采用双分支架构，分别处理真实失真和合成失
真，因而相比只在单一失真类型上训练的模型，对各类失真更为鲁棒。此外，我
们观察到，在多个数据集上分别训练有助于缓解各数据集固有的主观偏差，从而
进一步提升模型的整体泛化能力。

To ensure our model’s robustness across various color spaces, we incorporated
RGB, YUV, and LAB into the training process. Furthermore, we explored KANs for
the quality regression module instead of the commonly used MLPs. Our empirical
results show that our proposed model not only surpasses SOTA NR-IQA models in
accuracy but is also of much lower complexity, making it well-suited for real-world
applications.

为确保模型在各种色彩空间下的鲁棒性，我们在训练过程中引入了 RGB、
YUV和 LAB。此外，我们在质量回归模块中探索了 KAN，以替代常用的 MLP。
实验结果表明，所提模型不仅在精度上超越 SOTA 的 NR-IQA 模型，复杂度也
低得多，非常适合真实世界的应用。
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