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Abstract. Assessing Al-generated images remains a significant chal-
lenge because both visual quality and prompt-image alignment are vital.
Existing metrics prioritize visual quality, but the exploration of semantic
alignment with user prompts remains limited. To address this issue, we
propose a novel cyclic mutual information maximization framework for
Al-generated image quality assessment (CMIM-AIGIQA). Unlike exist-
ing methods, our framework focuses on promoting effective multimodal
information fusion in the deep feature domain, which has cyclic mutual
information maximization phases. In the forward phase, we maximize the
mutual information between text and image features to generate refined,
cross-aware representations. The refined features are then integrated
through a fusion network. In the backward phase, the mutual information
between the joint embedding and every single modality is maximized to
ensure that the joint embedding retains critical semantic and visual cues.
Experiments on three datasets demonstrate that our method effectively
bridges the gap between visual quality and prompt-image alignment. The
code is available at https://github.com/Buka-Xing/CMIM-AIGIQA.

Keywords: AIGC - Image quality assessment - Mutual Information
Maximization

1 Introduction

The explosion of generative AI has changed the creation of digital content. By
inputting simple prompts, the generative models can synthesize images with var-
ious contents [3}|15]. However, two urgent issues hinder the practical application
of generative AI [10]: (1) the occurrence of unappealing artifacts, which severely
affects the visual quality of Al-generated images (AIGI), and (2) the lack of con-
trollability, where generation models often fail to reflect the semantic constraints
specified in user prompts. Manually evaluating AIGIs in terms of both the vi-
sual quality and the prompt-image alignment dimension is time-consuming and
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Fig.1: (a) Spearman-rank order correlation coefficient (SRCC) radar chart on three
AIGIQA datasets. (b) and (c), The quality and alignment scatter plots (left) and the
fitted linear function prediction results (right). (d) and (e), Two image samples from
the AGIQA-3k and the AIGCIQA2023 . The left panels display the AIGIs with
their prompts and subjective scores. The unaligned prompts are highlighted in red. The
right panels provide text-to-image cross-attention visualizations via Grad-CAM on
the pretrained CLIP .

labor-intensive. Therefore, developing objective Al-generated image quality as-
sessment (AIGIQA) methods to evaluate both visual quality and prompt-image

alignment is urgently needed [31}/32].

Current AIGIQA research focuses mainly on evaluating visual quality, yet
joint models of visual quality and prompt-image alignment remain limited. These
quality-sensitive AIGIQA methods cannot directly adapt to alignment evalu-
ations. We retrain prevailing AIGIQA methods on the alighment dimensions
with their open-source settings in Fig. a). Although these metrics demonstrate
strong correlations with human-perceived visual quality on the AGIQA-3k ,
AIGCIQA2023 [34], and PKU-AIGIQA-4k datasets [39], their SRCC for align-
ment consistently falls below 0.80 across the three datasets. We identify two
potential reasons for inferior alignment evaluations. First, the relationship be-
tween visual quality and prompt-image alignment is complex, where superior
visual quality does not guarantee high prompt alignment, and vice versa. This is
shown in scatter plots of AGIQA-3k and AIGCIQA2023 in Fig.[1(b) and
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(c). Despite the positive SRCC between the quality and alignment dimensions
(0.7419 for AGIQA-3k [13] and 0.7011 for AIGCIQA2023 [34]), we find significant
local dispersion. As highlighted by the vertical dashed lines, images with high
quality scores (e.g., 3.0 for AGIQA-3k [13] and 2.75 for AIGCIQA2023 [34)])
exhibit disparate alignment levels, spanning nearly the entire y-axis. A simi-
lar issue also occurs along the horizontal dashed lines. We employ a linear re-
gression analysis to model the relationship between the visual quality and the
prompt-image alignment in Fig. (b) and (c), where the quality score is used
to predict the alignment score as “Alignment = a x Quality + b”, and a and
b are linear function parameters. Nevertheless, low coefficients of determination
(R?<0.7) are obtained across both AIGIQA datasets, which explains why direct
retraining of existing quality-sensitive methods yields degraded performance in
alignment evaluations. Second, the visual and textual features extracted from
pretrained visual-language models (VLMs) often suffer from inherent “modality
noise”, hindering effective prompt-image alignment. We use Grad-CAM [26] on
the pretrained CLIP [25] network to visualize the text-to-image cross-attention,
and the results are depicted in Fig. [I[d) and (e). We find that the AIGI vi-
sual content typically contains dense details not specified in the sparse textual
prompts. During the evaluation of prompt-image alignment, such extra visual
information becomes the “modality noise™ in Fig. (d), the “older man” prompts
cause the visual model to focus on image contents that are apart from the human
portrait; in Fig. e), the model pays attention to visual contents that are not
related to the “banana” prompt. Notably, this “attention drift” widely exists in
the AGIQA-3k [13] and AIGCIQA2023 |34] datasets, especially in low-alignment
samples, which constitute nearly 50% of the total images in the two datasets.
Nevertheless, prevailing methods typically utilize pretrained CLIP |25] but con-
fine their network design to peripheral stages, such as input-level preprocessing or
output-level score pooling. The exploration of visual-textual feature refinement
and fusion strategies remains underexplored. In conclusion, a more advanced de-
sign paradigm is indispensable for developing advanced AIGIQA methods that
excel at both visual quality and prompt-image alignment evaluations.

To model complex relationships and promote effective multimodal feature
fusion, we propose the cyclic mutual information maximization framework for
Al-generated image quality assessment (CMIM-AIGIQA), the first paradigm to
treat multimodal fusion in the AIGIQA task as an information-theoretic op-
timization process. Specifically, a forward-backward mutual information maxi-
mization (MIM) framework is developed. In the forward phase, we explicitly re-
fine the visual and textual features by maximizing the MI between them. These
refined features are then integrated through a multimodal fusion network to
generate a joint embedding. Second, in the backward phase, we implicitly maxi-
mize the statistical dependency between the joint embedding and the two refined
modality features, ensuring that the joint embedding preserves essential infor-
mation from both visual and semantic cues. The forward phase aims to extract
“cross-aware” information that enjoys the shared semantic core and filter out
modality noise. The backward phase aims to impose a semantic preservation
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constraint to prevent high-density visual features from overwhelming sparse tex-
tual features. By maximizing the dependency between the joint embedding and
its constituent modalities, we ensure that the fused representation serves as a
sufficient statistic for both modalities. Consequently, CMIM-AIGIQA achieves a
balanced, robust evaluation of both perceptual quality and semantic alignment.
Our key contributions are summarized as follows.

— We propose CMIM-AIGIQA, the first model that introduces the MIM frame-
work into the AIGIQA task. Moving beyond input-level data preprocessing
and output-level score pooling, our framework treats visual-textual feature
fusion as an MIM process to balance evaluations of both visual quality and
prompt-image alignment.

— We introduce a cyclic mutual information maximization framework. The
forward phase processes refined, cross-aware features by filtering modality-
specific noise, whereas the backward phase ensures that the joint multimodal
embedding preserves the essential semantic and visual information of both
inputs, effectively bridging the gap between visual quality and prompt align-
ment. Such a cyclic pathway, especially the backward constraints, is novel in
the AIGIQA task.

— Extensive experiments on the AGIQA-3k [13], AIGCIQA2023 [34], and PKU-
AIGIQA-4k [39] validate the superiority of our model. The results show
that CMIM-AIGIQA achieves robust performance across both quality and
alignment dimensions, demonstrating that the CMIM framework effectively
captures the nonlinear relationships between modalities for comprehensive
AIGIQA evaluations.

2 Related works

2.1 IQA: From Natural Images to AIGI

Objective IQA models are classified into full-reference, reduced-reference, and
non-reference (NR-IQA) models based on reference availability. NR-IQA is most
related to the AIGIQA task, as text-to-image generation typically lacks a ground-
truth reference. Early NR-IQA methods, such as NIQE [19] and BRISQUE [1§],
utilized natural scene statistics (NSS) [36] to quantify visual quality as the devia-
tion from the natural image manifold in the spatial or frequency domains [17./40].
With the rise of deep learning, the IQA transitioned to data-driven approaches.
These IQA models tend to utilize CNNs [4}[27,[41], transformers [23], or hy-
brid models [§] to capture both local distortions and long-range dependencies.
More recently, driven by vision-language models (VLMs) such as CLIP [25]
and BLIP [14], the current NR-IQA paradigm has emphasized multimodal in-
formation processing. For instance, CLIP-IQA [33] introduced quality-related
textual templates in visual quality evaluations, which is a strategy now cen-
tral to AIGIQA frameworks such as IPCE 22|, AMFF-IQA [44], CIA-Net [43],
and CLIP-AGIQA [29]. Additionally, preference-aware models such as ImageRe-
ward [37] and MoE-AGIQA [38] utilize reward modelling on web-scale data to



CMIM-AIGIQA 5

better align with subjective human preferences. Recently, Sun et al. [28] also
proposed a PICC for prompt-image-caption consistency for the AIGIQA task,
which takes an initial exploration in alignment evaluations. Despite these ad-
vancements, jointly optimizing visual quality and prompt-image alignment re-
mains a significant challenge. Prevailing strategies, such as handcrafted textual
templates [43] or multiscale inputs [21}/44], primarily enhance visual quality eval-
uation but overlook the deep multimodal fusion essential for prompt-image align-
ment. Therefore, we reframe AIGIQA from an information-theoretic perspective,
explicitly modelling cross-modal interactions via a CMIM process in the deep
feature domain. This approach enables effective feature integration and achieves
superior alignment performance across diverse AIGIQA datasets.

2.2 Mutual information in deep learning

Mutual information is a concept from information theory that estimates the
dependency between two random variables and is defined as follows [7]:

TGY) = Entey) [log p(x)p(y) @

where X and Y are two random variables. p(x, y) is their joint probability density
function with the marginal probability density functions p(x) and p(y). When
X and Y are independent, p(x,y) = p(z)p(y), and I(X;Y) = 0. The MIM has
emerged as a powerful paradigm for self-supervised representation learning and
multimodal information analysis. Early foundational works, such as Deep Info-
Max [12], introduce the idea of maximizing the mutual information between local
and global feature maps to learn robust visual representations. This concept was
further extended by contrastive multiview coding [30], which maximizes the MI
across different views of the same data to capture view-invariant features. In mul-
timodal analysis and integration, the MINE [2] provides a foundation for estimat-
ing the MI in continuous high-dimensional spaces and has been widely adopted
in cross-modal tasks. Moreover, modality-invariant and modality-specific repre-
sentations (MISAs) [11] are learned by disentangling multimodal features into
shared deep feature spaces, achieving superior performance in multimodal sen-
timent analysis. Furthermore, the MIM has been successfully applied to gener-
ative tasks, such as in InfoGAN [5]. Compared with these methods, our CMIM-
ATIGIQA is the first model to introduce the MIM into the ATGIQA task. Unlike
existing works that rely on one-way MIM for representation learning, we propose
a cyclic architecture specifically tailored for AIGIQA. The forward phase refines
“cross-aware” interactions between dense visual features and sparse prompt fea-
tures, whereas the backward phase ensures that sparse textual constraints are
not overwhelmed by dense visual features in the joint embedding. By explicitly
balancing these modalities, our framework effectively addresses the challenge of
evaluating both visual quality and prompt-image alignment.



6 Xingran Liao et al.

ion forward

x Backward MI
! | painted portrait
i o of goblin man,

Maximization
anime style

Contrastive !
predictive coding
]

Multivariate
Gaussian

[

User prompts —
. {Text featuref

Jopowt
= oBvensue-ensip
pHompau

predictive coding

£E

Visual featurc]]

(i) Feature extraction

o || Likelibood |~
computation lm '
- || Entropy H(Y) 1
computation i

| Visual
! feature

Fusion network

Fig. 2: (a) Overall Framework of our proposed CMIM-AIGIQA. (b) and (c) Details of
the forward MIM module and the backward MIM module.

3 Methodology

3.1 Problem formulation

Given the generated image I and the corresponding text prompts P, the AIGI
model should include three main components: (1) the multimodal feature en-
coding network (E:(-), Fy(+)); (2) the multimodal feature fusion network &(-, -);
and (3) the task-specific score predictor f(-). With these notations, the AIGIQA
task can be formulated as follows:

argmax  Corr(f(¢(Ey(P), E,(I))), MOS), (2)
{(E+,Eyv),0,f}

where E,(P) € R% and E,(I) € R% are textual and visual features with di-
mensions d; and d,, respectively. MOS are the mean opinion scores and can
be chosen as either visual quality or prompt-image alignment scores. Corr(,-)
is the correlation coefficient index and is usually chosen as the Pearson linear
correlation coefficient (PLCC) or SRCC. Our research focuses on fine-tuning the
multimodal encoding network (F;(-), E,(:)) and designing an effective feature
fusion network ¢(-,-) by using the CMIM framework.

3.2 Overall framework

The architecture of our proposed CMIM-AIGIQA is depicted in Fig. a), which
consists of three stages: (i) multimodal feature extraction, (ii) feature processing
and integration, and (iii) quality score prediction. For feature extraction, given
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an Al-generated image I and its corresponding user prompt P, we first employ
a pretrained VLM as a backbone to extract the visual features E,(I) and tex-
tual features E;(P). Unlike existing approaches that incorporate auxiliary visual
transformers, we employ only a VLM backbone with partially trainable weights.
For feature processing and integration, the CMIM framework collaboratively
refines features at the forward and backward phases, where the forward phase
computes mainly the MI lower bound between single modality features E,(I)
and E;(P), and the backward phase maximizes the MI between the fused feature
Z and {E,(I), E;(P)}. During training, the MI from both phases is backprop-
agated to jointly fine-tune the pretrained VLM in an end-to-end manner. Z is
fused as follows:

Z = Concat(Ey(I), CSA(E,(I), Ey(I), E,(P))), (3)

where Concat(-,-) is the concatenation operation and CSA(-,-,-) is the cross-
attention function defined as CSA(Q, K,V) = softmaa:(%)V. Finally, the
joint embedding is fed into a simple regression head to output a final quality
score. The entire framework is trained end-to-end in a two-stage process, where
the first stage mainly updates weights in the forward MIM module with other
weights fixed, and the second stage updates the entire set of weights in the whole
network.

3.3 The forward MIM

Denote X = E,(I) and Y = E;(P); then, the I(X;Y) between X and Y is
defined by Eq. . Notably, I(X;Y) = 0 denotes the situation in which the
image generation is completely independent of the prompt. In the forward phase,
the goal of maximizing I(X;Y) is to preserve the modality-invariant semantic
content and filter out the modality-specific noise. Directly computing I(X;Y) is
intractable because the joint distribution of p(z, y) is unknown. Following Barber
and Agakov [1], we compute a tractable lower bound for the MIM. Specifically, we
approximate the conditional distribution p(y|z) with a variational counterpart
qo(y|z), and the MI lower bound can be derived as follows:

[(X;Y) = Epo) [log qjjf’y'ﬂ FE KLl @), (@)
> Eyoplog ao(yle)] + H(Y), (5)

where Eq. to Eq. is because the KL-divergence is nonnegative. H(Y")
denotes the differential entropy of the textual features. In our implementation,
we treat the image feature as the condition and the textual feature as the target
for gg(y|z). This is motivated by our observation that the images enjoy denser
information than the textual prompts do. Predicting relatively sparse textual in-
formation from information-compact visual features is logical; otherwise, the pre-
diction becomes ill-posed. To compute E,(, ,)[log go(y|z)], we model gg(y|z) as a
multivariate Gaussian distribution, which is a typical choice in MI research [6].
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Specifically, go(y|z) = N (y|ug(z),03(x)I), where py and oy are predicted by

two independent multilayer perceptrons (MLPs) with feature sample = as the
input. Consequently, maximizing E,, ,)[log g¢(y|z)] is equivalent to maximizing
the log-likelihood of the target modality, which is defined as follows:

N
1
le = _N Z IOg QG(yi‘xi)a (6)

i=1

where N is the batch size and {y;, z;} represents the prompt-image feature sam-
ples. For H(Y), we also assume that the marginal distribution of the textual
features follows a multivariate Gaussian distribution, i.e., p(y) ~ N (uy, Xy).
The differential entropy can be computed in a closed-form expression:

HY)= %m ((2me)* det(2y)), (7)

where %k denotes the dimension of the textual feature space and X, is the co-
variance matrix. During the training process, the mean p, and the covariance
matrix Y, are estimated from each mini-batch of textual features.

We assume that the marginal distribution of Y is Gaussian for two reasons.
First, the Gaussian assumption yields a closed-form expression Eq. , which
ensures a stable and smooth optimization of the mutual information lower bound
during end-to-end training. Second, H(Y') acts as a structural regularizer for
the textual feature space. The Gaussian prior is a conservative estimate of the
topological structure for such a space: the textual representation should be evenly
distributed on the surface of a sphere such that the model can preserve an
informative semantic space [6,[35]. Without H(Y), the model may converge to
a trivial solution where the textual features Y collapse into a narrow region
to maximize the likelihood L;, but lose semantic information of the textual
prompts. The validity of the Gaussian assumption on the textual features is
further checked in the supplementary. Finally, the total loss for the forward
phase 18 L ¢orward = —Lim — H(Y).

3.4 The backward MIM

In the backward phase, we expect the fusion result Z = ¢(X,Y’) to retain suffi-
cient information to inversely “predict” the essential information of X and Y. We
combine contrastive predictive coding (CPC) [20] with the noise-contrastive esti-
mation (NCE) framework [9], resulting in a method that does not need to explic-
itly assume the distribution shape. Specifically, we employ a score function based
on the cosine similarity [20] between the fused embedding and the individual
modality features. For each modality M € {X,Y}, we use a projection network
Gy (), asmall MLP with network parameter v, to project Z into the same modal-
ity space. The correlation between the projected feature and the ground-truth
feature is defined as a normalized score function s(M, Z) = exp(M o Gy (Z)),
where M = M/||M||s, Gy(Z) = Gy(2)/||Gy(Z)||2, and exp(:) is the expo-
nential function. The score function is further used in the NCE framework [9],
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which provides a parameter-free method to maximize the statistical dependency
by discriminating the positive pair from a set of negative samples. Specifically,
for a given modality feature M; in a batch By = {M;, ..., My}, we treat M; as
the positive sample and the remaining N — 1 representations in the same batch
as the negative samples. The NCE loss [9] is subsequently calculated as follows:

S(Z, Mz)
ZMJ'EB]\,I 8(Z7 M]) .

We combine CPC |20] with the NCE [9] framework in the backward phase for
two reasons. First, CPC allows Z to inversely predict features across modalities,
ensuring that modality-invariant information is effectively passed to the final
embedding. Second, the NCE prevents the “modality dominance” issue. By en-
forcing a discriminative correlation between Z and its corresponding prompt in
the batch, the framework forces the model to retain critical textual constraints.
We do not use the same MIM framework as the forward phase does because the
Gaussian likelihood-based approach leads to feature oversmoothing for Z, which
is not good for fine-grained prompt-image alignment evaluations. Moreover, com-
puting H(X) is also nontrivial because X is usually very high-dimensional, and
computing the log-determinant of the covariance matrix of X easily leads to
numerical instability even with the Gaussian assumption. Finally, the total loss
for the backward phase is given by the sum of the NCE losses for both the visual

o X,z Y,Z
and textual modalities Lygckward = Lyagp + LNOR:

Lnce(Z,By) = —En |log (8)

4 Experiments

4.1 Training and implementation details

The training for CMIM-AIGIQA has two stages. In the first stage, only the
weights of the two MLPs in the forward phase are trained to approximate the
conditional distribution p(y|z) with go(y|x). The loss function is to minimize the
negative log-likelihood formulated in Eq. @ In the second stage, the weights of
the whole network are trained, including partially trainable VLM weights, two
MLP weights in the forward phase, the fusion network weights, the projection
weights in the backward phase, and the quality prediction network weights. Upon
the final prediction § to the ground truth y, the mean square error (MSE) is
computed as the task loss. Consequently, the total loss for this stage is formulated
as a weighted summation:

L= Etask + aﬁforward + Bﬁbackward; (9)

where @ = 0.1 and 8 = 0.1 are hyperparameters that control the impact of the
MIM and are selected via a grid search where «, 8 € {0.05,0.1,0.2,0.3,0.4,0.5}
on the AGIQA-3k [13] dataset. We set «, 5 < 0.5 as the upper bound to maintain
the regression loss as the primary objective, which balances the MI constraints
to provide sufficient guidance for feature alignment without overwhelming the
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Table 1: Brief summary of the used AGI quality assessment databases.

Published Evaluation No. of text No. of Score

Datasets year dimensions prompts images range
Quality

AGIQA-3K 2023 Alignment 300 2982 [0,5]
Quality

AIGCIQA2023 2023 Alignment 100 2400 [0,5]

PKU-AIGIQA-4k Quality

(Text-to-image part) 2025 Alignment 200 2400 [0,5]

main loss. We also set «, 5 > 0.05 to ensure that the cyclic MIM is not too weak
to provide sufficient constraints. For the VLM, we use the BLIP [14] network
architecture and fix the shallow-layer weights of both the image and the text
encoders and fine-tune the remaining half of the deep-layer weights, the same
settings as in the MoE-AGIQA [38]. The AIGIs are resized to 224 x 224 as the
image input, and the text inputs are the raw prompts without any delicately
designed template. The batch size is set to 5 for reproducibility on memory-
limited GPUs. We adopt the AdamW optimizer [16] with the default settings
to train our model. We set momentum coefficients 5; = 0.9 and S5 = 0.999
to ensure stable adaptive optimization and enough momentum to escape local
minima. We also set € = 1 x 107® and a weight decay of 0.001 to maintain
numerical stability and mitigate overfitting. The initial learning rate is set to
Ir =1 x 10~°, which is decayed by a factor of 0.5 every 4 epochs over a total
of 20 training epochs. We adopt a conservative initial learning rate to ensure
a stable training process, and decaying every 4 epochs also ensures progressive
convergence. A total of 20 epochs is chosen because the scale of existing AIGIQA
datasets is relatively small. For all the evaluation benchmarks, we employ a
random split of 80% for training and 20% for testing. This process is repeated
10 times, and the average SRCC and PLCC values are reported. All training is
conducted on NVIDIA RTX 3090 GPUs.

4.2 Experimental settings

We evaluate our method on three AIGIQA datasets: AGIQA-3k [13]|, AIG-
CIQA2023 [34], and the text-to-image part of the PKU-AIGIQA-4k [39]. The
details are presented in Table[Il We compare our models with several blind IQA
milestones, including the BRISQUE [18], the NIQE [19], the BMPRI [17], the
DBCNN [41], the HyperIQA [27], and the WaDIQaM-NR [4] and several SOTA
AIGIQA methods, including the IP-IQA [24], IPCE [22], CLIP-AGIQA [29],
AMFF-IQA [44], MoE-AGIQA [38], and the CIA-Net [43]. We employ the PLCC
and the SRCC to quantify the agreement between the model predictions and
ground-truth subjective scores. The definitions of these metrics are detailed
in [36].
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Table 2: Quantitative results between different IQA methods on three AIGI datasets.
Red, green, and blue denote the first, second, and third highest scores in each column.

AGIQA-3K [13] AIGCIQA2023 [34] PKU-AIGIQA-4k |39]

Method Quality Alignment Quality Alignment Quality Alignment

PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC
BRISQUE 0.6210 0.5657 0.5683 0.4794 0.6389 0.6239 0.4280 0.4219 0.4832 0.4441 0.3431 0.3268
NIQE 0.5171 0.5623 0.5216 0.4369 0.5218 0.5060 0.3485 0.3659 0.5169 0.4765 0.2895 0.2959
BMPRI 0.7912 0.6794 0.6565 0.5794 0.7492 0.6732 0.4346 0.3946 0.5525 0.4961 0.3307 0.3168
DBCNN 0.8759 0.8207 0.7823 0.6329 0.8577 0.8339 0.6787 0.6837 0.5970 0.5975 0.5925 0.6083
HyperIQA 0.8903 0.8355 0.8087 0.6276 0.8689 0.8483 0.7439 0.7541 0.6955 0.6849 0.7062 0.7239
WaDIQaM-NR 0.3930 0.2190 0.3589 0.2568 0.4996 0.4447 0.2810 0.3027 0.6347 0.6231 0.6456 0.6480
IP-IQA 0.9116 0.8634 0.8544 0.7578 0.8794 0.8589 0.7772 0.7583 0.7439 0.7368 0.7743 0.7565
IPCE 0.9246 0.8841 0.8725 0.7697 0.8788 0.8640 0.7887 0.7979 0.8452 0.8391 0.8173 0.7900

CLIP-AGIQA  0.8978 0.8618 0.8554 0.7434 0.8302 0.8140 0.7678 0.7655 0.7388 0.7298 0.7549 0.7213
AMFF-IQA 0.9050 0.8565 0.8476 0.7513 0.8537 0.8409 0.7638 0.7782 0.8312 0.8268 0.8025 0.7809
MoE-AGIQA  0.9282 0.8746 0.8916 0.8238 0.8904 0.8751 0.7832 0.7899 0.8433 0.8387 0.7860 0.7458
CIA-Net 0.9134 0.8709 0.8687 0.7797 0.8756 0.8557 0.7800 0.7977 0.8967 0.8638 0.8466 0.7978
CMIM-AIGIQA 0.9161 0.8755 0.9181 0.8546 0.8898 0.8679 0.8158 0.8263 0.8786 0.8586 0.8930 0.8223

4.3 Experimental results and analysis

The evaluation results for the three datasets are presented in Table [2| There are
two key observations. First, our CMIM-AIGIQA consistently achieves the high-
est alignment performance (marked in red) across all three datasets in both the
PLCC and the SRCC. On the AGIQA-3K [13] dataset, CMIM-AIGIQA achieves
an SRCC of 0.8546, outperforming the second-best model (MoE-AGIQA |[38])
by a substantial margin of 3.74% (0.8546 vs. 0.8238). Similar trends are also ob-
served for AIGCIQA2023 [34] and PKU-AIGIQA-4k [39]. These results strongly
demonstrate that our framework captures the core information between visual
and textual modalities to achieve superior performance in prompt-image align-
ment evaluations. Second, our CMIM-AIGIQA also shows competitive perfor-
mance in terms of the visual quality dimensions, which consistently maintains the
top 3 best methods. Specifically, on AIGCIQA2023, we achieve a PLCC of 0.8898
(2nd) and an SRCC of 0.8679 (2nd) in the visual quality dimensions, whereas our
alignment SRCC is significantly better than the second-best method (IPCE [22]),
with an enhancement of 3.56% (0.8263 vs. 0.7979). These results demonstrate
that our framework balances the modality information vital for visual quality
assessment. In contrast, the performance of the MoE-AGIQA [38] is imbalanced
between the two evaluation dimensions. It delivers superior visual quality SR-
CCs but significantly degraded alignment SRCCs on AIGCIQA2023 [34] (qual-
ity 0.8751 vs. alignment 0.7899) and PKU-AIGIQA-4k [39] (quality 0.8387 vs.
alignment 0.7458). Notably, the MoE-AGIQA [38] also adopts the same BLIP
architecture as ours but shows imbalanced performance, demonstrating that our
mutual information framework is indispensable in bridging the gap between vi-
sual quality and semantic alignment.
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Table 3: Cross-dataset evaluation results of different AIGIQA methods. “AGIQA-3k
— AIGCIQA2023” denotes training models on the AGIQA-3k dataset and testing on
AIGCIQA2023. Red denotes the highest score in each column.

AGIQA-3k — AIGCIQA2023 AGIQA-3K — PKU-AIGIQA-4k

Method Quality Alignment Quality Alignment
PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC
AMFF-IQA 0.6685 0.6776 0.5485 0.8461 0.4557 0.4168 0.4009 0.3431
CIA-Net 0.7141 0.6816 0.7443 0.6506 0.4765 0.4006 0.4861 0.3952
MoE-AGIQA 0.7547 0.7619 0.6474 0.6499 0.3218 0.2676 0.6146 0.5058
CMIM-AIGIQA 0.7743 0.7632 0.6750 0.6795 0.5547 0.4855 0.6484 0.5532

AIGCIQA2023 — AGIQA-3k AIGCIQA2023 — PKU-AIGIQA-4k

Method Quality Alignment Quality Alignment
PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC
AMFF-IQA 0.6951 0.6542 0.6240 0.5537 0.3516 0.2877 0.3148 0.2229
CIA-Net 0.6528 0.6600 0.5498 0.5287 0.3764 0.2968 0.3539 0.2687
MoE-AGIQA 0.8163 0.7500 0.8217 0.7530 0.2821 0.2459 0.4054 0.2612
CMIM-AIGIQA 0.7841 0.7573 0.8177 0.7441 0.4894 0.4853 0.5767 0.4794

PKU-AIGIQA-4k — AGIQA-3k PKU-AIGIQA-4k — AIGCIQA2023

Method Quality Alignment Quality Alignment
PLCC SRCC PLCC SRCC PLCC SRCC PLCC SRCC
AMFF-IQA 0.5216 0.4222 0.6855 0.6158 0.2987 0.2946 0.2734 0.2655
CIA-Net 0.5658 0.4697 0.7278 0.6456 0.3438 0.3336 0.2661 0.2548
MoE-AGIQA 0.6714 0.6502 0.8127 0.7349 0.4962 0.4903 0.5666 0.5646
CMIM-AIGIQA 0.7488 0.7382 0.8047 0.7412 0.5400 0.5436 0.6249 0.6305

4.4 Cross-dataset evaluations

We conduct cross-dataset evaluations to verify the generalization ability of our
proposed CMIM-AIGIQA in Table [3] All the models are trained on the source
dataset and directly tested on the unseen target dataset. There are two key
observations. First, CMIM-AIGIQA demonstrates superior cross-dataset perfor-
mance, achieving the highest alignment scores in most of the evaluation pairs.
When trained on the PKU-AIGIQA-4k [39] and tested on the AIGCIQA2023 [34],
the CMIM-AIGIQA outperforms the second-best model (MoE-AGIQA [38])
by a margin of 11.67% in the alignment SRCC (0.6305 vs. 0.5646). Even in
the “AIGCIQA2023—AGIQA-3k” pair, where MoE-AGIQA [38] shows strong
alignment results, CMIM-AIGIQA remains competitive and achieves a second-
best alignment SRCC of 0.7441. These results demonstrate that our model has
successfully captured the intrinsic, dataset-invariant features of Al-generated
content. Second, our CMIM-AIGIQA delivers robust prediction performance
across different training—testing pairs, without a significant decrease in perfor-
mance. Existing AIGIQA methods usually undergo a sharp performance decline
when they encounter a domain shift from the AGIQA-3k [13] and the AIG-
CIQA2023 [34] to the PKU-AIGIQA-4k [39]. For instance, the MoE-AGIQA [38]
performs well in the “AIGCIQA2023 — AGIQA-3k” pairs, but its quality and
alignment SRCCs decrease significantly to 0.2459 and 0.2612 in “ATIGCIQA2023—
PKU-AIGIQA-4k”. Similar trends are also shown for the CIA-Net [43] and the
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Table 4: Results of ablation studies on three AIGI datasets. We report mainly the
SRCC results. Red denotes the highest score in each column.

Method AGIQA-3K AIGCIQA2023 PKU-AIGIQA-4k
Quality Alignment Quality Alignment Quality Alignment
Baseline 0.8124 0.7731 0.8015 0.7428  0.7756 0.7204

w/o Forward MIM  0.8432 0.8415 0.8329 0.8110 0.8104 0.8058
w/o Backward MIM 0.8567 0.7984 0.8412 0.7655  0.8321 0.7512

w/o H(Y) 0.8654 0.8502 0.8496  0.8187  0.8412 0.8094
Lynce — LusE 0.8512  0.8156  0.8533  0.7892  0.8445 0.7936
w/o CSA 0.8610  0.8327 0.8422  0.8045  0.8207 0.7984
w/CLIP 0.8931  0.8214 0.8498  0.8103  0.8683 0.8101

CMIM-AIGIQA 0.8755 0.8546  0.8679  0.8263  0.8586 0.8223

AMFF-IQA . In contrast, our CMIM-AIGIQA maintains stable and high
performance in the two pairs. We attribute this robustness to our CMIM frame-
work. By explicitly maximizing the mutual information in both forward and
backward paths, the model is forced to learn the essential semantic-visual cues
rather than overfitting to the specific score.

4.5 Ablation studies

The CMIM framework. To verify the efficacy of CMIM, we evaluated three
variants: 1. The baseline model contains only multimodal feature fusion and is
trained with MSE loss; 2. w/o forward MIM; and 3. w/o backward MIM. The
results are shown in Table [4 We have three observations. First, the full frame-
work significantly outperforms the baseline across all the datasets, with the most
notable gains observed in the alignment dimension (e.g., 0.8546 vs. 0.7731 SRCC
on AGIQA-3K ) Second, removing the forward MIM leads to degradations
in both visual quality and prompt-image alignment. On AGIQA-3K , the
quality of the SRCC decreases from 0.8755 to 0.8432, and the alignment of the
SRCC decreases from 0.8546 to 0.8415. This confirms that the forward phase
effectively filters out modality-specific noise and refines cross-modal features to
achieve superior quality and alignment SRCCs. Third, the absence of the back-
ward MIM leads to mild degradation in quality but significant degradation in
alignment. On AIGCIQA2023 , the alignment SRCC decreases from 0.8263
to 0.7655, demonstrating that without the backward phase, the dense visual fea-
tures tend to dominate the fused embedding, causing the sparse textual prompt
cues to be marginalized. In conclusion, both the forward and backward phases
are indispensable for bridging the gap between visual quality and prompt-image
alignment evaluations.

The loss function analysis. We investigate the effectiveness of the textual
entropy H(Y) and the NCE loss Lycg. As shown in Table [4] removing H(Y)
(variant w/o H(Y")) leads to a consistent decrease in performance across all the
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benchmarks. For instance, the alignment SRCC decreases from 0.8546 to 0.8502
for the AGIQA-3K [13], 0.8263 to 0.8187 for the AIGCIQA2023 [34], and 0.8223
t0 0.8094 for the PKU-AIGIQA-4k [39]. We suspect that the reason is that with-
out the entropy term as the regularization term, the model learns that the textual
features collapse to a restricted region to maximize the likelihood L;,, but reduce
the overall discriminative capacity of the semantic space. On the other hand, the
NCE framework is pivotal in our backward phase. To verify its effectiveness, we
replace Lycg with the MSE loss Ly s (variant Lyog — Lasg). Such a strat-
egy forces the projected fused feature Gy (Z) to match the two single embeddings
M e {X.,Y}, ie, Lyuse(Z, M) = ||Gy(Z) — M||2. Nevertheless, we observe a
significant decrease in alignment scores, which decreases from 0.8546 to 0.8156
on AGIQA-3k [13], 0.8263 to 0.7892 on AIGCIQA2023 [34], and 0.8223 to 0.7936
on PKU-AIGIQA-4k [39]. We assume that the reason is that MSE focuses on
minimizing pixelwise distances, which often leads to “oversmoothed, averaged”
representations that ignore fine-grained semantic cues [42]. In contrast, Lyc g in-
troduces discriminative constraints through negative sampling, forcing the joint
embedding Z to retain the unique “identity” of its corresponding prompt.

The fusion network & VLM backbone. We investigate the efficacy of the
CSA module and the VLM backbone in Table ] Removing the CSA module
(variant “w/o CSA”) and directly concatenating the visual and textual features
leads to performance degradation across all benchmarks. On PKU-AIGIQA-
4k [39], the alignment SRCC decreases from 0.8223 to 0.7984, indicating that
the CSA for visual-textual semantic alignment is necessary. When our VLM
backbone is substituted with a standard CLIP [25] (ViT-L/14), we find that the
performance on the quality dimensions is enhanced, but the alignment dimen-
sions decrease, as shown in Table [ Specifically, while it achieves competitive
visual quality SRCC on AGIQA-3K [13] and PKU-AIGIQA-4k [39], its align-
ment performance is inferior to that of our default model (e.g., alignment SRCC
0.8214 vs. 0.8546 on AGIQA-3K). We suspect that this explains why existing
CLIP-based methods often show high sensitivity to visual quality but fail to
evaluate prompt-image alignment. We also need to note that, even with the
CLIP [25], our method still outperforms existing CLIP-based AIGIQA methods
in alignment evaluations. As shown in Table [d] the CLIP variant of our model
consistently surpasses the 0.80 SRCC threshold in alignment—a performance
level unattained by existing CLIP-based methods, demonstrating the effective-
ness of our CMIM framework.

5 Conclusion

In this paper, we address a critical challenge in the AIGIQA task: balancing
visual quality and prompt-image alignment evaluations. We propose the CMIM-
AIGIQA framework, which addresses multimodal assessment as an information-
theoretic optimization problem. By introducing a cyclic mutual information max-
imization process, our model effectively addresses the issue of “modality noise"
and prevents the loss of sparse textual constraints during fusion. Extensive exper-
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iments on three large-scale AIGIQA benchmarks demonstrate that our method
significantly outperforms existing SOTA metrics, particularly in the alignment
dimension, while maintaining highly competitive visual quality evaluation. Our
findings demonstrate that maximizing the mutual information for both modali-
ties is essential for bridging perceptual quality and semantic alignment. We be-
lieve that our work provides a robust foundation for the comprehensive AIGIQA
task, ultimately contributing to the development of more controllable and high-
fidelity Al-generated content.
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