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Abstract

In recent years, human-Al cognitive consistency has emerged
as a crucial perspective for evaluating the perceptual qual-
ity and interpretability of AIGC (Artificial Intelligence Gen-
erated Content). This paper proposes a biologically inspired
saliency prediction framework that models six core regions of
the human visual system—namely V1, V2, V4, MT, LIP, and
FEF—using liquid neurons to capture the dynamic saliency
features aligned with human gaze behavior. To enable ef-
fective alignment between AIGC models and human cogni-
tive mechanisms, we introduce a cross-domain dual-teacher
distillation strategy and construct a large-scale multimodal
dataset comprising natural images, eye-tracking data, AIGC-
generated images, and their corresponding cross-attention
maps. Furthermore, we propose HAMCI (Human-AI Mutual
Cognitive Index), a novel metric designed to quantitatively
assess the spatial and semantic alignment between predicted
saliency maps and model attention distributions. The pro-
posed method demonstrates promising performance across
various saliency prediction and cognitive alignment tasks,
with results comparable to or surpassing recent state-of-the-
art methods in several benchmarks. The code and dataset will
be released upon acceptance to facilitate future research on
cognitively aligned AIGC evaluation.

Introduction

With the rapid advancement of AIGC technologies, im-
age generation models are increasingly applied in cre-
ative design, virtual reality, and human-computer interac-
tion (Ramesh et al. 2021; Dhariwal and Nichol 2021; Esser,
Rombach, and Ommer 2021). Unlike traditional computer
vision tasks, AIGC images often lack paired reference coun-
terparts, making their quality assessment more dependent on
human visual and cognitive priors (Fang et al. 2024). This
challenge has motivated a new line of research toward evalu-
ation frameworks that integrate semantic understanding and
attention modeling (Li et al. 2019; Pan et al. 2021; Yang,
Zhao, and Sun 2023).

To evaluate the perceptual quality of AIGC content
without reference images, various image quality assess-
ment (IQA) methods have been explored. Among them,
distribution-based metrics such as FID (Heusel et al. 2017)
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and KID (Binkowski et al. 2018) are widely adopted. These
reference-free approaches compare statistical distributions
between generated and real image sets, offering a practical
and scalable solution for generative model evaluation. Com-
plementing global fidelity estimation, emerging methods in-
corporate spatial semantics and perceptual attention to better
align with human visual perception.

Recent efforts have introduced human visual priors,
particularly attention mechanisms, into IQA frameworks.
Saliency-guided approaches (Wang, Liu, and Liu 2019;
Zhang, Zhang, and Mou 2020), for instance, leverage pre-
dicted attention maps to highlight perceptually important re-
gions, thereby enhancing consistency with human viewing
behavior. In parallel, cognitively inspired models (Li et al.
2019; Pan et al. 2021; Yang, Zhao, and Sun 2023) integrate
semantic reasoning and attention modeling to bridge low-
level fidelity with high-level human cognition.

Despite these advancements, most existing approaches fo-
cus on natural scenes and rely solely on human gaze data,
while overlooking internal attention mechanisms within
AIGC models. Notably, diffusion-based generators such as
Stable Diffusion (Rombach et al. 2022), DALL-E 3 (Ramesh
et al. 2022), and Imagen (Saharia et al. 2022) inherently
produce cross-attention maps that encode fine-grained corre-
spondences between textual and visual features during syn-
thesis. These attention maps reflect the model’s internal fo-
cus across modalities and offer a rich yet underexplored sig-
nal for evaluation. Aligning model-derived attention with
human gaze opens a promising direction toward cognitively
consistent and interpretable AIGC assessment.

To address the gap in cognitively grounded evaluation for
AIGC, we propose an integrated framework inspired by both
neuroscience and deep learning. By bridging low-level hu-
man perception with high-level generative attention, our ap-
proach enables interpretable, consistent, and human-aligned
saliency prediction across both real and generated content.
Central to our design are biologically plausible brain-region
modeling, cross-modal knowledge transfer, and a new met-
ric for quantifying human-Al consistency. Together, these
innovations lay the foundation for cognitively aligned eval-
uation of AIGC content.

The main contributions of this work are summarized as
follows:

* We propose a saliency prediction framework that mod-



els six key brain regions using liquid neural modules. To
the best of our knowledge, this is the first work to incor-
porate liquid neuron-based dynamic modules into brain-
inspired saliency modeling for visual cognition.

We design a cross-domain dual-teacher distillation mech-
anism guided by both human gaze heatmaps and AIGC
model cross-attention maps. Additionally, we introduce
the HAMCI metric to quantitatively evaluate human-Al
attention consistency from both spatial and semantic per-
spectives.

We construct a multimodal dataset and perform exper-
iments to evaluate the proposed framework. The re-
sults indicate promising generalization ability and cogni-
tive consistency across saliency and attention alignment
benchmarks.

Related Work
Brain-Inspired Saliency Modeling

Visual saliency prediction aims to estimate the spatial distri-
bution of human attention when observing images, serving
as a key bridge between computer vision and human percep-
tual behavior (Cheng et al. 2015). Early models, such as the
classical approach by Itti et al.(Itti, Koch, and Niebur 1998),
rely on the integration of low-level visual features. With the
rise of deep learning, models like DeepGaze II(Kiimmerer,
Wallis, and Bethge 2016) and SALICON (Huang et al. 2015)
leverage deep convolutional architectures and large-scale
gaze datasets. More recently, Transformer-based architec-
tures such as TransSalNet (Liu et al. 2021a) and TASED-
Net (Linardos, Evangelopoulos, and Potamianos 2021) con-
tinue to enhance the expressive capacity of saliency models.

In parallel, several studies have sought to enhance the
biological plausibility of saliency models by incorporating
principles from neuroscience (Wang, Li, and Chen 2021;
Li, Chen, and Yu 2018). For instance, NeuroSaliency (Pan
et al. 2022) simulates the response patterns of cortical re-
gions such as V1 and IT to improve spatial selectivity.
BioViNet (Zhang et al. 2022) further models temporal dy-
namics inspired by biological vision systems to support dy-
namic saliency prediction in videos. While these biologi-
cally driven models offer cognitive insights into attention
mechanisms, they primarily focus on natural scenes and
have not explored the connection between saliency predic-
tion and the internal attention mechanisms of AIGC models.

Quality Assessment of AI-Generated Content

With the rapid advancement of image generation mod-
els, particularly diffusion-based architectures such as Sta-
ble Diffusion (Rombach et al. 2022), DALL-E (Ramesh
et al. 2022), and Imagen (Saharia et al. 2022), evaluating
the perceptual quality of AIGC-generated images has be-
come an increasingly critical research problem. Conven-
tional metrics such as PSNR and SSIM primarily assess low-
level pixel-wise differences, but often fail to reflect seman-
tic consistency or structural plausibility in generative out-
puts. To address these limitations, perceptual metrics such
as LPIPS (Zhang et al. 2018a) and FID (Heusel et al. 2017)
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have been proposed, which evaluate feature-level similar-
ity and distributional alignment within learned embedding
spaces.

Beyond these, recent studies have explored leveraging at-
tention information from generative models for quality as-
sessment. For example, GazeGAN (Liu et al. 2020) guides
the generation process using human gaze heatmaps to en-
hance perceptual focus, while AttentionDistill (Xu et al.
2022) incorporates cross-attention maps during generation
to improve the discriminative capacity of quality evalua-
tors. These works highlight the potential of internal atten-
tion maps as informative signals for perceptual evaluation,
but an integrated framework for aligning human gaze with
model attention remains underdeveloped.

Cross-Domain Knowledge Distillation

Knowledge distillation (KD) has become a widely adopted
technique for model compression and transfer, especially
in classification and detection tasks. The seminal work by
Hinton et al. (Zhang et al. 2018b; Gupta et al. 2021; Shen
et al. 2021) pioneered cross-modal distillation (Gupta et al.
2021), aiming to fuse complementary knowledge across do-
mains and modalities. In saliency modeling, preliminary at-
tempts to enhance model robustness have incorporated dual-
source distillation; for example, SaliencyDistill (Jiang et al.
2022) proposes such a strategy. However, integrating biolog-
ically inspired attention mechanisms with internal attention
maps of generative models as dual teachers for cross-domain
alignment remains an unexplored direction. Building upon
this motivation, our work proposes a cognitively inspired
distillation strategy that unifies human gaze and AIGC at-
tention patterns to enable human-Al cognitive consistency
evaluation.

Method
Overview of the Framework

This work proposes a saliency prediction framework based
on six brain-region liquid neuron modules as shown in
Fig. 1, aiming to simulate the multi-stage dynamic process-
ing mechanism of the human visual cortex and construct
a biologically inspired human attention proxy model. The
model first extracts multi-scale spatial and semantic features
via a Transformer backbone visual encoder, serving as the
perceptual basis for subsequent neuron modeling. The core
components are six liquid neuron modules corresponding to
key visual areas V1, V2, V4, MT, LIP, and FEF. Each mod-
ule employs continuous-time dynamic modeling to simu-
late functional characteristics of these brain regions, includ-
ing edge detection, boundary integration, color and shape
recognition, motion direction perception, sparse attention al-
location, and task modulation. The FEF module integrates
higher-level features and behavioral control, acting as the
key output stage for generating saliency maps.

Neuro-Inspired Visual Transformer

To effectively extract multi-scale spatial representations and
capture high-level semantics from AIGC-generated images,
we adopt a lightweight Transformer-based visual encoder as



Anatomical basis of the six brain-inspired modules (V1, V2, V4, MT, LIP,
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Figure 1: Overview of the saliency prediction pipeline with brain-inspired liquid neuron modules. Transformer-based encoders
first extract visual features, which are then processed in parallel by six liquid neuron modules simulating cortical areas (V1, V2,
V4, MT, LIP, FEF), each modeling distinct functional dynamics. The outputs are fused via a gated mechanism and upsampled
to generate a biologically plausible saliency map aligned with human cognition.

the backbone of our perception module. Compared to con-
volutional networks, Transformers offer enhanced capac-
ity for modeling long-range dependencies via global self-
attention (Dosovitskiy et al. 2021; Touvron et al. 2021; Liu
et al. 2021b), which is essential for understanding complex
visual contexts in multimodal generation.

Given an input image I € R3*7*W we first apply patch
embedding and positional encoding to transform it into a
token sequence Xg. This sequence is then passed through
L stacked Transformer encoder layers, each composed of a
multi-head self-attention (MSA) block and a feed-forward
network (FFN):

X, = MSA(X_1) + Xo_1, (1)
X, = FFN(X)) + X,. )
This process yields hierarchical features {X;i,...,X},

which are subsequently routed into brain-inspired modules
to simulate perceptual attention at varying cognitive depths.

To further enhance dynamic attention modeling, we incor-
porate Liquid Neural Networks (LNNs) (Hasani et al. 2021;
Grigsby, Hasani, and Rus 2023; Rus et al. 2023) into the sys-
tem. LNNs are a class of neural models based on continuous-
time dynamical systems, where each neuron evolves accord-
ing to a parameterized differential equation. Unlike tradi-
tional static neurons, LNN units maintain internal states, en-
abling state-dependent and history-aware behavior.

This biologically plausible mechanism is particularly suit-
able for mimicking the temporal integration characteristics
of human vision. LNNs naturally capture context-dependent
attention shifts over time and exhibit strong robustness and
generalization, especially under distributional shifts (Hasani

17798

et al. 2022). These properties make them a compelling
choice for cognitively aligned saliency and attention mod-
eling in generative settings.

Six Brain-Region Liquid Neuron Modules

Liquid Neuron Dynamic Modeling Foundation To sim-
ulate the temporal dynamics of the human neural system,
we introduce the design concept of Liquid Time-Constant
Networks (LTC) (Hasani et al. 2021), which models neu-
ron state evolution using input-driven continuous-time dif-
ferential equations. Unlike traditional neurons (RNN, GRU,
LSTM), LTC neurons learn time constants as dynamic gates,
better reflecting biological neuron memory and response
mechanisms.

In visual perception tasks, LTC effectively models dy-
namic responses to blurred edges, texture transitions, and
latent motion trends in static images by adapting across
multiple time scales, alleviating response delays or forget-
ting. Thus, we build neural modules simulating multi-brain-
region temporal dynamics based on LTC. The state change
of each brain region module r follows:

dh,(t) 1

dt 7 (%,(1))
where h,.(¢) denotes the hidden state of region r at time ¢;
x,(t) is the input features to region r from the encoder or
other modules; 7,(x,-(t)) is the input-dependent dynamic
time constant controlling response speed and forgetting;
f»(+) is a nonlinear update function involving convolution,
gating, and activation.

h,.(t) + fr(x-(¢),h:(2)), (3



This structure is discretized by numerical integration for
forward propagation, enabling dynamic evolution of neuron
states, enhancing perception of blurred areas, complex tex-
tures, and latent dynamics in images, consistent with contin-
uous and dynamic human attention characteristics.

V1 Module: Early Edge Detection V1, the first visual
cortex stage, handles local edge detection, orientation selec-
tivity, and spatial frequency encoding, with fast neuron re-
sponses and small time constants sensitive to high-frequency
information. Fixed small-time-constant liquid neurons are
incorporated to emulate the rapid response and sparse ac-
tivation behavior characteristic of V1:

dh‘cfli;(t) — —ih\/l(t) + tanh(Wy #x(t)),

V1
where x(t) € RCn*H*W is the initial feature map from the
Transformer backbone; Wy € RCout*xCinxkxk ig g con-
volution kernel simulating simple cell filters; 71 is fixed
small to represent rapid response; tanh(-) ensures nonlin-
earity and suppresses excessive responses.

This module rapidly captures local edges and details,
serving as the foundation for saliency detection, ensuring
spatial resolution and detail accuracy.

“

V2 Module: Boundary and Blur Integration V2 inte-
grates edges from V1, strengthening boundary perception
and processing blurry and gradient regions. We design input-
dependent learnable time constants enabling dynamic re-
sponse rate adjustment to image complexity:

Tva(x,hye) = Softplus(WT xx+ U, x hVQ),
1

dhys(t)
V2 _77V2(X,hv2)h‘/2 (t)
—|—0(W *x(t) + U % hvg(t))

dt
where W ., U modulate the time constants, W, U are con-
volution kernels, and o(-) is an activation function (e.g.,
ReLU or sigmoid).

Dynamic response adjustment helps V2 naturally pro-
cess blurred boundaries and gradients, reducing artifacts and
fragments in saliency maps, enhancing visual continuity and
structural plausibility.

V4 Module: Color and Shape Integration V4 is a high-
level visual area responsive to color, shape, and region
grouping, exhibiting multi-frequency oscillations. We sim-
ulate multi-frequency processing via parallel multi-time-
constant mechanisms, dynamically weighting multiple fre-
quency branches:

&)

(6)

K
hyy(t) = Zgi(x(t)) -ODESolve,,(fi,x(t)), (1)

where K is the number of frequency branches; 7; are dis-
tinct time constants representing oscillation bands; g;(x) are
softmax-normalized weights dynamically adjusting branch
influence; ODESolve,, is the state update corresponding
to 7;.

This mechanism enables concurrent focus on large-scale
color regions and shape groups, improving regional coher-
ence and semantic consistency in saliency maps.
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MT Module: Motion Direction and Latent Trend MT
is primarily responsible for processing motion direction
and speed, exhibiting high sensitivity to visual motion
cues (Born and Bradley 2005; Newsome and Pare 1989).
While MT mainly responds to dynamic stimuli, in the con-
text of static images, it can leverage SE modules (Hu, Shen,
and Sun 2018) to capture latent directional and flow infor-
mation, thereby enriching the spatial attention mechanism.

thT(t) _
dt TMT

where SE(-) dynamically weights channels, 7y,7 is fixed,
and ©® denotes channel-wise product.

This improves sensitivity to perspective lines and guiding
arrangements, enriching spatial directionality and flow per-
ception in saliency maps.

LIP Module: Sparse Attention Resource Allocation We
employ a Top-K masking mechanism to enforce sparse focus
on salient locations, filtering irrelevant information:

hyr(8)+SE(x(1) ©(Wsx(t)), (8)

myp(t) = TopK Mask(x(t), k), )
dh%tp(t) = _ﬁmlzfp(t) © (W xx(t)) (10)
+hrrp(t)

where k controls selected salient points, and my,;p(t) is the
corresponding binary sparse mask.

This improves focus in saliency maps, avoids atten-
tion diffusion, and aligns attention distribution with human
sparse cognitive patterns.

FEF Module: Task-Oriented Fusion FEF integrates vi-
sual information from multiple brain regions and task in-
structions, controlling attention, focus, and behavior deci-
sions. It fuses the five regional states with a task semantic
vector, dynamically modulating final attention:

HAMCT =y - ToU (X student, S°)

+v2 - KL(Xstudent || Sta) (11D
+’Y3 : H(Xstudent) - H(sca)‘
Xhuman = Upsample(hFEF(t))a (12)

where 7,5 1s the task semantic embedding, and GatedFu-
sion uses gating to weight brain region responses.

This closes the perception-to-action feedback loop, gen-
erating high-quality task-consistent saliency maps.

Cross-Domain Dual-Teacher Distillation

To bridge the cognitive gap between real and AIGC images,
we propose a cross-domain dual-teacher distillation strategy
that aligns attention in the student model across domains.
Two complementary supervisory signals—one from human
gaze heatmaps and the other from cross-attention maps
of AIGC models—guide the student to learn human-like
saliency perception while maintaining compatibility with
generative attention patterns:

* Teacher 1: Trained on real images and fixation maps
with six-region liquid neuron architecture, outputs highly
consistent human attention X7; supervising “human-
like attention” learning;



* Teacher 2: Independently trained on AIGC images and
their Cross-Attention maps, extracts internal generative
attention features, outputting X2 guiding “generation
attention structure” alignment.

The complete training framework is illustrated in Fig. 2.
The student takes AIGC images as input and aligns with
the output from both teachers, preserving biologically in-
spired attention while adapting to AIGC structure prefer-
ences, thereby enabling cross-domain cognitive consistency
modeling. The overall training process optimizes the joint
loss:

(T1)

Liotat = Layn + P1Lg; 55 + 625512231'”’ (13)
where each term is defined as:
¢ Liquid Neuron Dynamics Regularization:
T-1
Lagn =Y |hE+1)=h@)ll;, (4
t=1

constraining the temporal smoothness of neuron states
across brain regions;

¢ Teacher 1 Distillation Loss:
Et(ifslt)i” =KL (Xstudent ” X—Tl)a (15)

Maintaining a biologically inspired human attention
structure;

¢ Teacher 2 Distillation Loss:
. 2
£(T2) = HXstudent - )(TZH2 5

distill
aligning with the spatial attention patterns of the genera-
tive model.

(16)

Hyperparameters «, 31, 82 balance losses and are tuned
on validation data. This distillation enhances attention adap-
tation on real and generated images, providing an integrated
prediction baseline for cognitive consistency evaluation.

Human-AI Consistency Index (HAMCI)

To quantify the cognitive matching between the predicted
human attention map Xstudem from the student model
and the internal Cross-Attention map S°® from the AIGC
model, we propose the Human-AI Mutual Consistency In-
dex (HAMCI). HAMCI systematically evaluates attention
alignment on AIGC content by considering spatial overlap,
distribution consistency, and sparsity differences:

HAMCI = v - IoU (Xstudent, S°)

+72 : KL(Xstudent ” Sca)

+7s X

(17)
’ H (Xstudent ) -H (Sca)

where [oU measures spatial intersection of salient regions;
K L measures distributional difference; H(-) is Shannon en-
tropy; ; are weighting parameters determined by cross-
validation.

Compared with traditional saliency metrics, HAMCI re-
quires no manual annotation, directly comparing generated
attention maps with AIGC internal mechanisms, thus pro-
viding a integrated evaluation of model interpretability and
cognitive rationality.
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Experiments
Datasets and Evaluation Metrics

To fully reflect human visual attention and the AIGC gen-
eration mechanism, two subdomain datasets are constructed
and used:

* REAL-EYE (Real Image Domain): This dataset
is sourced from SALICON (Jiang et al. 2015),
MIT1003 (Judd et al. 2009), and CAT2000 (Borji, Sihite,
and Itti 2015), comprising approximately 12,000 natu-
ral scene images and corresponding human eye-tracking
heatmaps. The dataset is split into 8,000 training images
and 4,000 testing images. It is used to train a teacher
model based on real gaze data (Teacher 1), providing the
student model with authentic visual attention supervision
signals.

AIGC-EYE (Generated Image Domain): Collected
from Stable Diffusion 2.1 (Rombach et al. 2022),
DALL-E 3 (Ramesh et al. 2022), and Midjourney
v5.2 (Midjourney 2023), this dataset contains 6,000 high-
quality generated images and their corresponding Cross-
Attention Maps. It includes two typical scene categories:
central single-object and multi-object complex scenes.
The training set and test set contain 4,200 and 1,800 im-
ages, respectively. This dataset trains a teacher model
based on the generative model’s attention mechanism
(Teacher 2) to capture the internal focus patterns of gen-
erated content.

We evaluate performance using standard saliency metrics
(NSS (Peters et al. 2005), SIM (Judd, Durand, and Torralba
2012), and CC (Riche et al. 2013)) and introduce HAMCI
to measure the spatial and semantic consistency between
predicted saliency and cross-attention maps. Lower HAMCI
scores indicate better human—model alignment and higher
cognitive consistency.

Experimental Setup

The model is implemented with PyTorch 1.13.1, and both
training and testing are conducted on a workstation equipped
with an AMD Ryzen 7 7800X3D CPU and an NVIDIA RTX
3090 GPU (24GB VRAM). Training uses the AdamW op-
timizer with an initial learning rate of 1 x 10~%, combined
with a learning rate scheduling strategy for gradual decay.
The batch size is set to 24, and the dropout rate is 0.1. The
liquid neuron modules adopt the fourth-order Runge-Kutta
numerical integration method to ensure the accuracy and sta-
bility of temporal dynamics computation. The total training
epochs are 200, with early stopping based on validation per-
formance to prevent overfitting.

Model Comparison Experiments

To evaluate the effectiveness of our model, we compare
it with six representative saliency prediction methods, in-
cluding weakly supervised, CNN-based, and Transformer-
based approaches. UNISAL (Kiimmerer, Wallis, and
Bethge 2020), representing weak supervision; DeepGaze
II (Kiimmerer, Wallis, and Bethge 2016) and SALI-
CON (Huang et al. 2015) as CNN-based models; EML-
NET (Jia and Bruce 2020) which fuses multiple CNN
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Model NSS 1 SIM + CCt HAMCI |
Ours 2.650+0.001 0.710+0.002 0.670+£0.000 0.290+0.001
UNISAL (Kiimmerer, Wallis, and Bethge 2020) 2.100+0.003 0.640+0.002 0.570+£0.004 0.430+0.003
DeepGaze II (Kiimmerer, Wallis, and Bethge 2016) 2.290+0.002 0.660+0.003 0.600£0.002 0.390+0.004
SALICON (Huang et al. 2015) 2.240+0.001 0.650+0.004 0.590+0.003 0.410+0.003
TASED-Net (Min and Korhonen 2019) 2.33040.002 0.67040.001 0.620+0.003 0.38040.002
EML-NET (Jia and Bruce 2020) 2.390+0.001 0.680+0.003 0.630+0.002 0.370+0.004
TransSalNet (Liu et al. 2021a) 2.460+0.004 0.690+0.002 0.640+0.001 0.350+0.003

Table 1: Comparison of saliency models on the AIGC-EYE dataset. All values are reported with 4 standard deviation. Metrics
include NSS, SIM, CC, and HAMCI. The best results are highlighted in bold.

features; and TASED-Net (Min and Korhonen 2019) and
TransSalNet (Liu et al. 2021a) as Transformer-based ap-
proaches. All models are tested on the AIGC-EYE dataset
to assess their performance in modeling human-Al cognitive
consistency.

As shown in Table 1, our model consistently outper-
forms six mainstream state-of-the-art methods across all
metrics. Compared to the strongest baseline, TransSalNet,
it achieves an NSS improvement of 0.19, with SIM and
CC increasing by 0.02 and 0.03, respectively, indicating
enhanced spatial precision and structural alignment. The
HAMCI score decreases by 0.06, reflecting improved align-
ment with the cross-attention patterns of AIGC models and
stronger human-AlI cognitive consistency.

Visualization results in Fig. 3 further demonstrate the su-
periority of our model across diverse scenarios. In complex

multi-object scenes, traditional models often produce scat-
tered or blurry saliency maps, whereas our model accurately
localizes key objects with clear structural saliency. In cen-
tral single-object scenes, it effectively avoids excessive cen-
ter bias and preserves object boundaries, exhibiting closer
alignment with human gaze. These results underscore the
robustness, perceptual accuracy, and cross-domain general-
ization capability of our approach.

Ablation Study on Brain Modules

To systematically evaluate the independent contributions of
the six brain-region liquid neuron modules (V1, V2, V4,
MT, LIP, FEF) to model performance, ablation experiments
progressively introducing these modules are designed. The
results are as follows:

As shown in Table 2, the progressive integration of
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Figure 3: Visual Comparison of Saliency Prediction and Human-AI Consistency.

Configuration NSS1 SIM{t CC1T HAMCI| Strategy NSS1t SIMt CCt HAMCI|
- 2.01 0.60  0.55 0.46 NoDist 243 0.67 0.61 0.37
+V1+V2 2.26 0.64 0.59 0.40 Teacherl 2.53 0.69 0.63 0.32
+V4 2.38 0.67 0.61 0.36 Teacher2 2.49 0.68 0.62 0.34
+MT 2.47 0.68  0.63 0.34 DT-Fuse 2.65 0.71 0.67 0.29
+LIP 2.54 0.69  0.65 0.31
+FEF (Ours) 2.65 071 0.67 0.29 Table 3: Distillation strategies comparison.

Table 2: Performance evaluation with progressive addition

of brain modules. and CC scores. Teacher 1 better captures human-like at-

tention, while Teacher 2 improves adaptation to generative
structures. The dual-teacher strategy (DT-Fuse) combines
their strengths and achieves the best overall performance,
including the lowest HAMCI score, indicating superior cog-
nitive consistency and cross-domain generalization.

six brain-region liquid neuron modules (V1, V2, V4, MT,
LIP, FEF) consistently improves saliency prediction perfor-
mance. Early modules (V1, V2) significantly enhance spa-
tial accuracy and distribution alignment (NSS1 from 2.01 to
2.26; HAMCI] to 0.40). V4 improves structural modeling
(CC1 t0 0.61), while MT captures motion-related cues. LIP .
further sharpens spatial focus and target selection. With FEF Conclusion
integrated, the model achieves optimal results across all met-
rics, with HAMCI reaching 0.29, demonstrating the effec-
tiveness of multi-region collaboration in modeling human-
Al cognitive consistency.

This study presents a brain-inspired saliency prediction
framework that combines functional modeling of six visual
cortical areas with a dual-teacher distillation strategy. The
model integrates neural dynamics to simulate hierarchical

Dual-Teacher Distillation Experiment Analysis visual processing and aligns human gaze with AIGC model

To evaluate the impact of the distillation mechanism on attention for cognitively consistent saliency prediction. Ex-
model performance and human-Al cognitive alignment, we tensive experiments on cross-domain datasets demonstrate
compare four training strategies: NoDist (no distillation), superior performance across standard saliency metrics and
Teacher 1 (real gaze only), Teacher 2 (AIGC attention only), the proposed HAMCI index, validating the effectiveness of
and DT-Fuse (dual-teacher fusion). Results are shown in Ta- the framework in aligning human and Al attention. Future
ble 3. work will extend this framework to dynamic scenes involv-
Experimental results confirm the effectiveness of distilla- ing temporal saliency and attentional shifts, and explore
tion strategies in improving both saliency performance and its applicability to broader tasks such as generative content
human-Al cognitive alignment. Compared to NoDist, both evaluation and cognitive health analysis, aiming to promote
Teacher 1 and Teacher 2 significantly enhance NSS, SIM, more interpretable and human-aligned AIGC systems.
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