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ABSTRACT

Representational and Dynamical Modeling of Visual Neural

Population Activity

Liwei Huang (Computer Applied Technology)
Supervised by Prof. Yonghong Tian

ABSTRACT

The visual cortex serves as a core hub for brain perception and cognition, and the compu-
tational mechanisms of its neural population activity have always been a research focus within
the computational neuroscience community. In the computational modeling of visual neural
population activity, representation and dynamics constitute two complementary dimensions:
‘representation’ defines the encoding patterns mapped from visual stimuli to neural activity,
while ’dynamics’ characterizes the evolutionary laws of neural activity over time. With ad-
vancements in neural recording technologies, the acquired data of visual neural activity have
become increasingly large-scale and highly nonlinear. To address such complex data, deep
neural networks, empowered by their superior feature extraction and nonlinear fitting capa-
bilities, have demonstrated distinct advantages in modeling both neural representations and
dynamics. They have progressively superseded traditional models reliant on manual priors,
emerging as a dominant tool in the field. However, current deep neural networks still face
challenges regarding biological plausibility in their architectures and mechanisms, leading to
limitations in the accuracy of representational simulation and the interpretability of neural dy-
namics for complex visual activities. Centering on the core scientific question of “uncovering
the patterns and mechanisms underlying the representational encoding and dynamical evolu-
tion of visual neural activity”, this thesis merges the advantages of deep neural networks with
biologically inspired structures and mechanisms. By pursuing a dual pathway of 'represen-
tational modeling’ and ’dynamical modeling,” a series of novel algorithms are proposed and
validated, and a systematic benchmarking and analysis framework for neural modeling is estab-
lished. This thesis provides more biologically interpretable insights into the population-level
computational mechanisms of the visual cortex. The primary contributions are as follows:

First, to overcome the limitations of traditional artificial neural networks (ANNSs) in bio-
logical plausibility, this work pioneers the use of deep Spiking Neural Networks (SNNs) for

modeling biological neural representations and conducts large-scale cross-species represen-
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tational similarity evaluation experiments. By integrating diverse neural datasets and met-
rics, this work comprehensively compares the representational similarity performance of deep
SNNs against traditional Convolutional Neural Networks (CNNs) and Vision Transformers
(ViTs). The results demonstrate that, by incorporating spiking neurons that simulate mem-
brane potential integration and threshold-firing mechanisms, deep SNNs significantly outper-
form traditional ANNs in cross-species neural representation modeling. Under the condition
of identical overall architecture and network depth, SNNs achieve a 6.6% increase in represen-
tational similarity scores. Furthermore, analysis based on representational similarity reveals
distinct differences in functional hierarchy and information processing between macaques and
mice: the macaque visual cortex exhibits a clear progressive deep hierarchy with specialized
processing for heterogeneous stimuli, whereas the mouse visual cortex displays flatter organi-

zational features with parallel processing streams.

Second, given that current modeling of visual cortex representations predominantly fo-
cuses on static image stimuli, the understanding of neural spatio-temporal integration mech-
anisms under natural dynamic stimuli remains limited. To address this, this work proposes
the Long-Range Feedback Spiking Network (LoRaFB-SNet). This model integrates spiking
dynamics with feedback connections to achieve effective simulation and quantitative analy-
sis of dynamic neural representations. Building upon the advantages of spiking dynamics
in static representation modeling established by the aforementioned work, this work incor-
porates a long-range feedback structure to mimic top-down recurrent mechanisms, creating a
more biologically plausible deep neural network. To evaluate dynamic representations with in-
herent temporal dependencies, a Time-Series Representational Similarity Analysis (TSRSA)
method is developed. Experimental results demonstrate that LoRaFB-SNet exhibits superior
spatiotemporal feature integration capabilities when processing natural movie stimuli, reveal-
ing a synergistic effect between long-range feedback connections and video pre-training tasks.
Importantly, its representational similarity advantage significantly scales as the stimulus du-
ration increases, achieving a 26.8% performance gain over mainstream bio-inspired models
under long-duration stimulus conditions. Through directional stimulus perturbation experi-
ments, this work further deciphers the differential impacts of dynamic and static information
on representational similarity. These findings indicate that neural population coding in the vi-
sual cortex exhibits significant context-dependence under dynamic stimuli, while providing a
potential computational explanation for the functional stability of biological visual systems in

complex environments.

Third, addressing the fact that existing latent variable models for neural dynamics are
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predominantly restricted to motor cortex and insufficient for parsing complex visual neural
dynamics, this work introduces the Time-Evolving Visual Dynamical System (TE-ViDS).
This model is designed to unearth the dynamical evolution of visual neural activity and ex-
tract stimulus-related components. While the previous two studies focused on bio-inspired
structural modeling for static and dynamic representations, this work delves deeper into the
underlying dynamics driving the temporal evolution of these representations. While process-
ing high-dimensional external visual inputs, the visual cortex is simultaneously modulated
by fluctuations in internal states such as arousal and attention. The nonlinear coupling of
these multi-source signals manifests as the complex evolutionary laws of visual neural dy-
namics. To this end, through explicit temporal structures and specialized latent disentangling
strategies, TE-ViDS successfully captures the synergistic evolution of neural population activ-
ity driven by external stimuli and internal state fluctuations. Validated on both synthetic and
real mouse neural data, TE-ViDS shows exceptional performance in latent reconstruction and
cross-subject visual decoding tasks, achieving an average 16.1% improvement in decoding ac-
curacy over existing high-performance models. Experiments further confirm that the extracted
latent variables by TE-ViDS are highly biologically significant, enabling the identification of
representational sensitivity differences across stimulus categories, the analysis of sources of
inter-individual variability, and the capturing of neural adaptation features under long-term
stimulation. These results demonstrate that TE-ViDS not only extracts features highly corre-
lated with visual inputs but also provides crucial insights into the underlying dynamical laws

of visual neural population coding.

Fourth, addressing the lack of integrated tools in the field of visual cortical neural popula-
tion activity modeling, this work constructs a standardized benchmarking and analysis frame-
work. This framework is designed to systematically measure the modeling efficacy of both
neural representations and dynamics, thereby deciphering the information processing mech-
anisms of the visual cortex. By deeply integrating the modeling algorithms and analytical
paradigms established in the three aforementioned works, this work constructs an automated
evaluation system and a user-friendly interactive interface, significantly enhancing the ana-
lytical efficiency and practical utility of neural population activity modeling. By employing
a hierarchical architecture encompassing data integration, core metrics, and interactive visu-
alization, the framework enables an automated, end-to-end workflow from standardized data
access and multi-dimensional metric calculation to interactive visual analysis. Application ex-
amples demonstrate that the framework supports the quantitative evaluation of custom datasets

and diverse model architectures, effectively accelerating the iteration efficiency of modeling
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research on complex visual neural datasets and providing essential methodological support for
analyzing the computational mechanisms of the visual cortex.

In summary, this thesis conducts a systematic study of neural population activity model-
ing, encompassing both neural representation simulation and neural dynamics deconstruction.
By extensive validation on multi-paradigm neural data, this thesis not only proves the signifi-
cant advantages of bio-inspired deep networks over traditional deep networks but also success-
fully reveals the mechanisms of population representation and dynamical evolution in visual
neural activity. These findings deepen the scientific understanding of functional hierarchy,
temporal integration, and population activity dynamics, while providing high-performance
modeling tools and a standardized framework for the analysis of high-dimension visual neu-
ral data. By exploring the intersection of deep learning and computational neuroscience, this
thesis offers valuable support for the development of highly biologically plausible visual com-

puting models.

KEY WORDS: Visual Cortex, Neural Representations, Neural Dynamics, Task-Driven Com-
putational Models, Latent Variable Models
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