
TDSNNs: Competitive Topographic Deep Spiking Neural Networks for Visual
Cortex Modeling

Deming Zhou1*, Yuetong Fang1*, Zhaorui Wang1, Renjing Xu1†

1The Hong Kong University of Science and Technology (Guangzhou)
{dzhou704, yfang870, zwang408}@connect.hkust-gz.edu.cn, renjingxu@hkust-gz.edu.cn

Abstract
The primate visual cortex exhibits topographic organization,
where functionally similar neurons are spatially clustered, a
structure widely believed to enhance neural processing effi-
ciency. While prior works have demonstrated that conven-
tional deep ANNs can develop topographic representations,
these models largely neglect crucial temporal dynamics. This
oversight often leads to significant performance degradation
in tasks like object recognition and compromises their bio-
logical fidelity. To address this, we leverage spiking neural
networks (SNNs), which inherently capture spike-based tem-
poral dynamics and offer enhanced biological plausibility.
We propose a novel Spatio-Temporal Constraints (STC) loss
function for topographic deep spiking neural networks (TD-
SNNs), successfully replicating the hierarchical spatial func-
tional organization observed in the primate visual cortex from
low-level sensory input to high-level abstract representations.
Our results show that STC effectively generates representa-
tive topographic features across simulated visual cortical ar-
eas. While introducing topography typically leads to signifi-
cant performance degradation in ANNs, our spiking architec-
ture exhibits a remarkably small performance drop (No drop
in ImageNet top-1 accuracy, compared to a 3% drop observed
in TopoNet, which is the best-performing topographic ANN
so far) and outperforms topographic ANNs in brain-likeness.
We also reveal that topographic organization facilitates effi-
cient and stable temporal information processing via the spike
mechanism in TDSNNs, contributing to model robustness.
These findings suggest that TDSNNs offer a compelling bal-
ance between computational performance and brain-like fea-
tures, providing not only a framework for interpreting neural
science phenomena but also novel insights for designing more
efficient and robust deep learning models.

Extended version — https://arxiv.org/abs/2508.04270

Introduction
The primate visual cortex processes information hierarchi-
cally, with the ventral stream comprising a series of cortical
areas that facilitate visual recognition. This pathway begins
in the primary visual cortex (V1) and progresses through in-
termediate regions, such as V4 (midtier visual cortical area),
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Figure 1: TDSNNs leverage temporal information. (Left)
Spike train entropy shifts across layers reveal topography-
dependent temporal dynamics with various inference
timesteps. (Entropy is derived from the neurons’ firing prob-
abilities). (Right) TDSNNs’ spiking mechanisms inherently
solve topographic ANNs’ persistent recognition degradation
by leveraging these temporal patterns.

culminating in high-level areas such as the inferior tempo-
ral (IT) cortex in macaques (Rolls 2000; Livingstone and
Hubel 1984). Across different cortical areas, neurons that
perform similar functions tend to be spatially grouped to-
gether, forming distinct neural clusters (Hubel and Wiesel
1962). This topographic organization results in primary re-
gion neurons being tuned to orientation, spatial frequency,
and color (Ringach, Shapley, and Hawken 2002; De Val-
ois, Albrecht, and Thorell 1982; Zeki 1983). Specifically,
higher-level areas like IT feature neurons can further cap-
ture category-specific responses (e.g., faces, bodies) (Tsao
et al. 2006; Downing et al. 2001).

In neuroscience, deep learning (LeCun, Bengio et al.
1995) facilitates the modeling of neural responses and
the elucidation of underlying brain mechanisms (Dobs
et al. 2022; Achterberg et al. 2023; Yamins and DiCarlo
2016). Topographic organization is one of the most signifi-
cant aspects. Existing topographic artificial neural networks
(ANNs) have successfully modeled hierarchical organiza-
tion within visual pathways, from V1 to IT, encompassing
regions beyond primary sensory cortex (Jacobs and Jordan
1992; Margalit et al. 2024; Qian et al. 2024; Deb, Deb, and
Murty 2025). The temporal processing capability is a funda-
mental feature of biological brains (Mauk and Buonomano
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2004). However, existing topographic ANNs largely over-
look the full spatiotemporal dimension inherent in visual
systems. This oversight, particularly the insufficient inte-
gration of temporal processing, demonstrably compromises
their performance (Fig. 1(a)(b)).

Spiking neural networks (SNNs) (Maass 1997) represent
a further step towards biologically plausible ANNs, where
each fundamental computing unit is modeled as a neuron.
SNNs’ neural dynamics enable intrinsic temporal process-
ing, unlike ANNs, which rely on network architecture for
extrinsic time handling. It is a straightforward idea to capture
brain-like representations (Brette et al. 2007) and predict
neural responses (Huang et al. 2023, 2024) by employing
SNNs. However, existing works often overlook the emer-
gence of topographic organization especially for deep SNN
architectures (Zhong et al. 2024).

In this paper, we present topographic deep spiking neu-
ral networks (TDSNNs). We address the critical limitations
of current topographic models: the absence of temporal dy-
namics in multi-layered topographic ANNs and the confine-
ment of topographic SNNs to primary encoding layers. By
integrating hierarchical depth and spatiotemporal process-
ing, TDSNNs enable the first systematic investigation into
the emergence and functional implications of hierarchical
topographic organization within a spatiotemporal context.
We demonstrate that TDSNNs not only replicate biologi-
cally observed topographic features but also achieve high
task performance, shedding light on the underlying mecha-
nisms of efficient information processing and enhanced ro-
bustness, providing a potential framework to understand the
spatiotemporal dynamics of visual cortical function.

Related Works
Topographic Vision Models Prior works have explored
the topographic organization in neural network models,
demonstrating how lateral interactions can self-organize
orientation selectivity (Von der Malsburg 1973; Willshaw
and Von Der Malsburg 1976). To incorporate topogra-
phy into deep neural networks, several studies have intro-
duced auxiliary objectives, inspired by biological constraints
(e.g., wiring cost minimization) (Jacobs and Jordan 1992;
Koulakov and Chklovskii 2001), to reduce the spatial dis-
tance between neighboring units mapped onto a cortical
sheet (Margalit et al. 2024; Blauch, Behrmann, and Plaut
2022). However, these models often overlook critical bio-
logical mechanisms (e.g., recurrent connections) and suf-
fer from degraded performance in classification tasks. Re-
cent advancements have further refined deep topographic
models by integrating insights from a connectionist per-
spective. Specifically, (Dehghani et al. 2024) redesigned
self-organizing maps with top-down learning mechanisms,
significantly reducing performance trade-offs. (Qian et al.
2024) demonstrates that local lateral connectivity alone
is sufficient to drive topographic organization. Further-
more, (Deb, Deb, and Murty 2025) proposes a neural prun-
ing method to balance layer-wise topography and task per-
formance, with demonstrated efficacy across various archi-
tectures, including transformers. However, none of these ap-
proaches fully incorporate the temporal dimension or ex-

plores spatiotemporal topographic organization. (Blauch,
Behrmann, and Plaut 2022) attempts to bridge this gap with
interactive topographic networks (ITNs) using recurrent ar-
chitectures, but their scope is confined to high-level visual
regions.

Spiking Neural Networks Spiking Neural Networks
(SNNs) leverage bio-inspired computational units (e.g., LIF,
HH models) (Maass 1997; Gerstner and Kistler 2002)
to integrate temporal dynamics absent in conventional
ANNs (Tavanaei et al. 2019). This temporal capability en-
dows SNNs with high computational efficiency (Pei et al.
2019) and robust temporal processing that enhances noise
resilience (Ding et al. 2023), making them suitable for ap-
plications including object recognition (Hu et al. 2023), im-
age segmentation (Patel et al. 2021), and generative mod-
els (Cao et al. 2024). Their biological plausibility renders
SNNs valuable for neuroscience research, complementing
RNNs in neural circuit modeling (Basu et al. 2022) and brain
data analysis (Kasabov 2014). Recent work demonstrates
SNNs’ superior representational similarity to the visual cor-
tex over ANNs, highlighting their promise as biologically
grounded computational models (Huang et al. 2023, 2024).

Topographic Vision Models with Spiking Mechanism
In computational neuroscience, Spike mechanism have been
successfully applied to model early visual cortical areas,
particularly the primary visual cortex (V1), incorporating
both topographic organization and abundant neural princi-
ples (Antolı́k et al. 2024; Billeh et al. 2020). However, their
neurobiological fidelity often precludes end-to-end train-
ing, limiting investigations into the developmental emer-
gence of interareal topographic organization. Despite ad-
vances in large-scale SNN training (e.g., ANN-SNN con-
version (Hu et al. 2023), STBP (Wu et al. 2018)), the inte-
gration of topographic organization into deep and trainable
SNNs remains underexplored. A notable exception is the
Self-Evolving Spiking Neural Network (SESNN) (Zhong
et al. 2024), which replicates orientation preference maps in
V1, marking an initial step toward topographic SNNs. How-
ever, the network is designed with just two layers. In contrast
to SESNN that lose topographic organization in deeper lay-
ers, TDSNNs preserve spatial relationships across all visual
hierarchy levels (from V1 to IT).

Approach
Mapping SNN Layer to a Virtual Physical Space
The first step in constructing a topographic SNN is creating
a hierarchical spatial structure modeled after the ventral vi-
sual cortex. We adopt a cortical sheet design similar to that
of (Margalit et al. 2024), facilitating biologically plausible
retinotopic organization in our SNN model with LIF neurons
(See Appendix). Specifically, given a layer with a dimension
(C,H,W ) in the SNN (suppose there are C channels and
the size of each feature map is H ×W ), we non-uniformly
embed these units into a cortical sheet (Fig. 2(a)). Let USNN

be the set of all units in the SNN layer:

USNN = {(c, h′, w′) | 1 ≤ c ≤ C, 1 ≤ h′ ≤ H, 1 ≤ w′ ≤ W}.
(1)
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Figure 2: Overview of the methodology for inducing visual cortex-like neural organization in SNN architectures. (a)
Illustration of the virtual 2D cortical sheet assigned to each layer of the SNN. Each scatter represents a neuron. (b) Spatio-
Temporal Constraints (STC) is designed to promote similar response patterns in spatially nearby neurons across both long-time
and short-time scales. (c) Schematic of the Training Pipeline for TDSNNs.

Each unit uc,h′,w′ ∈ USNN is assigned a unique two-
dimensional coordinate (x, y) on the cortical sheet of size
h × w (where h and w are predefined dimensions of the
cortical sheet, in millimeters). This non-uniform embedding
can be formally expressed as an injective mapping:

M : USNN → [0, h]× [0, w], (2)
where for each unit uc,h′,w′ , its assigned coordinate is
(xc,h′,w′ , yc,h′,w′) = M(c, h′, w′).

Neuronal Positions Pre-optimization
To achieve topographic organization from randomly as-
signed 2D unit coordinates, pre-optimization of unit posi-
tions is necessary (Margalit et al., 2024). (1) Pre-train an
auxiliary SNN on a task objective using Back-propagation
Through Time (BPTT) with surrogate gradient (Neftci,
Mostafa, and Zenke 2019). (2) Stochastically swap unit posi-
tions based on the pre-trained SNN’s firing rates in response
to sine grating stimuli, to promote similar response patterns
in adjacent units. (3) All cortical sheets remain fixed for sub-
sequent loss calculation. (Details including the necessity of
pre-optimization are provided in the Appendix).

Spatio-Temporal Constraints Loss
We propose the Spatio-Temporal Constraints (STC) loss to
promote topographic organization in SNNs. This is moti-
vated by the biological principle that neural networks evolve

under competing pressures: minimizing metabolic costs
of physical connectivity while maximizing information-
theoretic efficiency (Bullmore and Sporns 2009). Build-
ing on this, prior studies have demonstrated that balancing
task performance with metabolic (spatial) constraints, of-
ten through auxiliary wiring cost functions, can induce vi-
sual cortex-like features or small-world topologies (Orlov,
Makin, and Zohary 2010; Achterberg et al. 2023). Further-
more, biological systems like the macaque visual cortex
exhibit both long-timescale (firing rate-based) and short-
timescale (synchrony-based) representations (Kohn and
Smith 2005), with millisecond-scale neuronal synchroniza-
tion being a ubiquitous and computationally fundamental
feature (Lestienne 2001; Sharma et al. 2022). Inspired by
these combined spatial and temporal insights, our auxiliary
STC loss, coupled with a task-specific loss, fosters spatial
and temporal similarity among adjacent neurons.

The STC method enhances response similarity among
neighboring neurons in SNNs by jointly optimizing both
long-timescale firing rates and short-timescale spike tim-
ing synchrony (see Fig. 2(b)). Here we consider a set of
N neurons in a single layer of SNNs, where the spiking
activity of a neuron at time t is represented by S(t) with
T time steps in total, taking the value 1 if the neuron fires
and 0 otherwise. To quantify long-timescale correlations be-
tween neurons, we first compute each neuron’s mean fir-
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ing rate vector across B trials (where B corresponds to
the batch size in SNN training). For neuron i, the firing
rate vector is Si = (⟨S1

i ⟩T , ..., ⟨SB
i ⟩T ), where ⟨Sb

i ⟩T =

T−1
∑T

t=1 S
b
i (t). Here, Sb

i (t) denotes the spike train of neu-
ron i in trial b at time t, and ⟨·⟩T represents temporal aver-
aging over the simulation window T . For each of the

(
N
2

)
neuron pairs (i, j), we calculate the Pearson correlation co-
efficient, r = PearsonCorr(Si,Sj), yielding a correlation
vector r. Additionally, leveraging the predefined coordinates
of neurons in the cortical sheet, we compute the pairwise
Euclidean distances to form an inverse distance vector d.
To further directly model the relationship between similarity
and spatial proximity, we construct a loss function following
the approach of (Margalit et al. 2024):

LL =
1

2
(1− P (r,d)) , (3)

where P(·) denotes Pearson’s r. The Long-timescale loss
term LL decreases as the firing rates of spatially adjacent
neurons in the cortical sheet become more similar, and in-
creases otherwise. To capture information encoded in short-
timescale spike timing, we incorporate the spike train cross-
correlogram (CCG) (Cutts and Eglen 2014) to measure tem-
poral synchrony between neuron pairs:

CCG(i, j) =

W∑
τ=−W

[
1

Bλ(τ, T )

B∑
b=1

T−|τ |∑
t=1

Sb
i (t)S

b
j (t+ τ)

]
,

λ(τ, T ) = max (0, T − |τ |) .
(4)

The CCG employs a specified time window size W , with
varying shift indices τ ∈ [−W,W ] to capture the short-
timescale synchrony of neuron i’s firing events relative to
neuron j. The normalization factor λ(·) compensates for the
reduction in available spike train data due to time lags. Ad-
ditionally, the CCG requires autocorrelation normalization:

rCCG(i, j) =
CCG(i, j)√

ACG(i) · ACG(j)
, i ̸= j (5)

The autocorrelograms (ACG) in Eq. 5 are calculated simi-
larly to the CCG, except that each spike train of a neuron is
compared with itself, such that ACG(i) = CCG(i, i). When
i = j, rCCG equals to 1. Notably, through normalization, the
range of rCCG is constrained to [0, 1]. Values closer to 1 indi-
cate higher synchronization of neuronal responses, and vice
versa. Thus, we design a loss function LS that reflects re-
sponse similarity and spatial proximity on a short timescale:

LS =
1

2
(1− P (rCCG,d)) . (6)

Training for the Emergence of Topography
The final step involves training a SNN model from scratch
to obtain the TDSNN (refer to Fig. 2(c)). Following weights
initialization, SNNs are optimized by minimizing a total
loss function comprising a task-specific loss (Ltask, e.g.,
cross-entropy) and the STC loss terms. In practice, for com-
putational efficiency, the STC loss terms LL and LS are
computed by randomly sampling small clusters of neurons

within each layer and averaging their contributions as indi-
cated by (Margalit et al. 2024). Given K layers, M random
selected neuron clusters in a layer, the final loss is:

L = Ltask +
1

M

K∑
k=1

M∑
m=1

[αLL(k,m) + βLS(k,m)], (7)

where α and β are weighting factors to control the STC
loss term. As shown in Fig. 2(c), in each training itera-
tion, the STC loss, computed for each appointed SNN layer
and summed, forms an additional objective optimized jointly
with the primary task loss using BPTT with surrogate gradi-
ent. (Training details are provided in the Appendix).

Results and Analysis
Experimental Settings
As primary TDSNNs architectures, we employ the feed-
forward Spiking ResNet-18 (SResnet18) (Hu, Tang, and Pan
2021) and Spikformer (Zhou et al. 2022), alongside Spiking
CORnet-RT (SCornet) (Kubilius et al. 2019), a spiking re-
current network featuring inter-layer self-connections. We
refer to their topographic versions as TSResNet18, TSpik-
former and TSCornet. For SResnet18, we construct a 2D
cortical sheet (see Fig. 2(c)) with specified height and width
for the feature map of the final layer in each residual block.
A similar approach is applied to SCornet and Spikformer,
with the distinction that, for Spikformer, the cortical sheet is
constructed for the linear layer following the attention mod-
ule. To streamline experimental analysis, we set the num-
ber of time steps to 4 for feedforward SNNs SResnet18 and
Spikformer, and to 10 for SCornet. All networks employed
LIF neurons with a membrane time constant of 2.0. We set
weighting factors of STC loss as 50.0 (i.e., α and β in Eq. 7).
To reduce computational load, neuron clusters for comput-
ing STC loss in each SNN layer are confined to fixed-size
square regions, with multiple clusters randomly sampled.
All SNN and TDSNN models are trained on the ImageNet
dataset (Deng et al. 2009) directly using BPTT with surro-
gate gradient, unless specified (Details in Appendix).

TDSNNs Exhibit V1-like Topography
Neurons in the primate V1 demonstrate a well-organized to-
pographic structure, featuring systematic maps of preferred
stimulus orientation, spatial frequency, and color (Living-
stone and Hubel 1984; Hubel and Wiesel 1962), with those
sharing similar response properties grouped into vertically
oriented ”columns” relative to the cortical surface. We em-
ployed four distinct models as baselines: TSResnet18 and
TSCornet, which were trained with the proposed STC loss
combined with a task objective to induce topography (Eq. 7),
and SResnet18 and SCornet, trained solely with the task
loss. To assess whether these models exhibited V1-like to-
pographic organization, we adopted the methodology estab-
lished in (Margalit et al. 2024; Dehghani et al. 2024). Our
analysis focused on characterizing neuronal preferences for
orientation, spatial frequency, and color (Fig. 3(a)).

We initially constructed tuning curves for individual neu-
rons in the model’s V1 layer. The preferred stimuli from
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Figure 3: Analysis of V1-like topography of TDSNNs. (a)
Sine grating stimuli used to probe neural responses, as de-
scribed in (Margalit et al. 2024). (b) Preference maps for
orientation, spatial frequency, and color in Layer 2.0. Top
row: non-topographic SResNet18. Bottom row: topographic
TSResNet18. Orientation preference maps were generated
via vector summation of angle-specific response data (Bosk-
ing et al. 1997). (c) Smoothness analysis of orientation, spa-
tial frequency, and color preferences. Higher smoothness de-
note greater similarity in responses among closely located
neurons, indicating smoother transitions in preference maps.
(See Appendix for details; error bars: SEM). (d) Pairwise
firing rate correlation as a function of spatial distance for
orientation preference (with 95% confidence intervals).

these curves were visualized as 2D preference maps, e.g.,
the orientation preference map in Fig. 3(b). Prominent pin-
wheel patterns, typical of biological V1, were consistently
observed in TDSNNs. For quantitative analysis, we exam-
ined the relationship between neuronal firing similarity and
spatial distance. Fig. 3(d) illustrates that the pairwise corre-
lation of orientation preferences between neurons decreases
as spatial separation increases, showing an inverse relation-
ship between preference similarity and distance. The pair-
wise correlation between nearby neurons is higher in TD-
SNNs than in non-topological SNNs. Additionally, the to-
pographic organization in TDSNNs led to noticeably higher

smoothness in spatial and color variation of neuronal prefer-
ences than in non-topographic counterparts (Fig. 3(c)). (See
more experimental results in Appendix).

IT-Analogous Category Selectivity in Deep Layers
The functional organization of IT/VTC is characterized by
the spatial clustering of neurons tuned to ecologically rele-
vant categories (e.g., faces, places, limbs, visual wordforms)
into distinct patches, exhibiting specific sizes, numbers, and
inter-patch spacing (Grill-Spector and Weiner 2014). Stud-
ies have demonstrated that under the combined influence
of spatial constraints and task objectives, category selec-
tivity emerges in deeper layers of ANNs (Margalit et al.
2024; Deb, Deb, and Murty 2025). Extending this, we ex-
amine if SNNs, influenced by STC, develop IT-like or-
ganization characterized by category selectivity. We em-
ployed three stimulus datasets: the fLoc dataset (Stigliani,
Weiner, and Grill-Spector 2015), Big-small (Konkle and
Oliva 2012), and Origin-Texform (Long, Yu, and Konkle
2018) (Fig. 4(a)), to characterize the selectivity profiles
of neural responses and construct corresponding selectiv-
ity maps. Relative to non-topo SNNs, the last layer of TD-
SNNs exhibited a more pronounced spatial clustering of re-
sponses, forming spatially contiguous ”continent-like” pat-
terns (Fig. 4(a)). Neurons in close proximity demonstrate
greater selectivity similarity compared to a random spa-
tial arrangement (Fig. 4(b)). Furthermore, the category se-
lectivity of adjacent LIF neurons in TDSNNs varied more
smoothly across the layer (Fig. 4(c)). Concurrently, we ob-
served that selectivity for faces and bodies was spatially
co-localized (overlap correlation comparison: 0.63/TSRes-
net18 vs 0.15/SResnet18). Conversely, selectivity for char-
acters and places was spatially segregated (overlap corre-
lation comparison: 0.16/TSResnet18 vs 0.47/SResnet18).
(More details in Appendix).

TDSNNs Achieve High Task Performance and
Brain-likeness
Applying topographic architecture to ANNs involves a
trade-off between model performance (task performace
and brain-likeness score) and the extent of topography.
To evaluate this trade-off in topographic SNNs, we used
two methods: prediction accuracy degradation and Brain-
Score (Schrimpf et al. 2018).

Object Recognition Task Performance To date, topo-
graphic vision ANNs have largely adopted the ResNet18
architecture. For comparative purposes, TSResNet18 is uti-
lized. As reported by previous work, the performance degra-
dation on the ImageNet dataset between topographic and
non-topographic models typically ranges from 3% (To-
poNet) to 16.57% (LLCNN-G) (Fig. 5(a)). We observe no
performance degradation in our TDSNN.

Analysis of LL and LS in STC Experiments with TSRes-
net18 on Imagenet reveal that the short-timescale loss term
(LS, controlled by β) is crucial for promoting temporal cod-
ing. When β = 0 (i.e., no LS term), the network primarily
induces topography in a rate-coded manner, akin to ANNs.
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Figure 4: Analysis of IT-like topography of TDSNNs.
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shown for SResNet18 (non-topo) and TSResNet18 (topo).
The topographic organization in TSResNet18 exhibits a
more clustered ”continent” form, indicating larger neural
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However, LS functions as a spike timing regulator, signif-
icantly enhancing temporal coding, as evidenced by im-
proved smoothness (0.7674 for α50 − β50 vs. 0.755 for
α50−β0) and classification accuracy (58.34% for α50−β50
vs. 58.21% for α50 − β0). Similar improvements were ob-
served for the α10− β10 vs. α10− β90 comparison.

Topographic Organization Extent and Task Perfor-
mance Following (Deb, Deb, and Murty 2025), we inves-
tigated the relationship between topographic organization
(quantified by V1-like layer smoothness in orientation pref-
erence maps) and model performance. By adjusting hyper-
parameters α and β in Eq. 7 that control the nontopographic-
to-topographic transition, We observed that TSResnet18’s
prediction accuracy even increased, reaching a maximum of
58.72%, when α and β were set to 10.0 and 90.0 (trained on
Imagenet), respectively. Meanwhile V1-like layer smooth-
ness significantly improved (0.57 to 0.76). Notably, on CI-
FAR100 (Krizhevsky, Hinton et al. 2009), topographic or-
ganization formation also improved TSResnet18’s accu-
racy (see Fig. 5(b), non-topographic SResnet18: 73.01% vs.
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Figure 5: Performance comparisons between TDSNNs
and topographic ANNs. (a) TDSNN has no top-1 acurracy
drop in ImageNet compared to topographic ANNs (Deb,
Deb, and Murty 2025; Qian et al. 2024; Dehghani et al.
2024; Margalit et al. 2024). (b) TDSNN maintains competi-
tive prediction accuracy on CIFAR100 across varying topo-
graphic organization strengths.

Model V1 V2 V4 IT

TopoNet∗ 0.7116 0.3038 0.2923 0.5723
TDANN∗ 0.6932 0.1775 0.2792 0.4259

ANN∗ 0.6913 0.3038 0.2346 0.5953
SNN 0.6823 0.3079 0.3970 0.7102

TDSNN (ours) 0.6845 0.3021 0.3886 0.7127

Table 1: BrainScore results (* denotes ANN architecture)

TSResnet18 with α and β set to 0.5: 73.97%). We also
introduce topography into non-CNN architectures, specifi-
cally Spikformer, and observe no drop in prediction accu-
racy. TDSNNs not only achieve robust prediction perfor-
mance but also concurrently exhibit desirable topographic
organization. (See more details in Appendix).

Brain-likeness BrainScore employs benchmarks and var-
ious evaluation metrics (e.g., neural data prediction) to
quantify the extent to which neural network models repli-
cate brain mechanisms for core object recognition. For fair
comparison, brain-likeness evaluation is conducted by us-
ing the benchmark selection of (Deb, Deb, and Murty
2025) and the same structure (Resnet18). SNNs exhibit
greater brain-likeness and better V2, V4, IT performance
over ANNs, highlighting the importance of temporal infor-
mation (Tab. 1). Our TDSNNs, nearly matching SNNs in
V2/V4 (0.3021/0.3079, 0.3886/0.3970) while outperform-
ing them in V1/IT (+0.22%, +0.25%), proving the additional
topology constraint contributes to brain-likeness.

Topography-Driven Information Hierarchy
The topographic organization in the brain is believed to en-
hance the efficiency of neural processing (Karbasforoushan,
Tian, and Baker 2022). Studies (Margalit et al. 2024; Deb,
Deb, and Murty 2025; Qian et al. 2024; Zhong et al. 2024)
exhibit that topographic networks (leveraging lateral con-
nections and spike timing) are more parameter efficient
than non-topographic counterparts, achieving higher accu-
racy after L1 pruning and demonstrating robustness to mild
noise. Building on these findings, we explore the functional
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specific differences in neural connections (modes A or B) between topographic and non-topographic SNNs. (c) Analysis of
Fisher information across visual regions during network inference. (See Appendix for the results of TSResnet18)

changes induced by topographic organization in SResnet18
and SCornet (TDSNNs vs SNNs as comparison experi-
ments). We used the following computational metric:

• Fisher information: Fisher information (FI) offers an
intuitive means to elucidate the temporal significance
of a model’s internal parameters, thereby revealing the
concentration of functionally critical neural connections
within the network (Fisher 1925; Achille, Rovere, and
Soatto 2018). Specifically, for SNNs, FI across the time
domain is computed as:

It =
1

N

N∑
n=1

∥∥∇θ log fθ
(
y | xn

i≤t

)∥∥2 . (8)

fθ(y | x) represents the posterior probability distribution
of the SNN parameterized by model weights (neural
connection strength) θ, with output y ∼ fθ(y | x). Given
N training samples, the FI of the model at a specific
time t is characterized by It (see Appendix for details).
Increased FI signifies a neural connection’s higher
importance to incoming input features. While beneficial
for precise processing, this sensitivity simultaneously
makes the connection less robust against substantial
input signal perturbations (Kim et al. 2023).

We first visualized the internal network activity across layer
of TDSNNs and found a stronger tendency for neighboring
neurons to fire synchronously compared to SNNs (Fig. 6(a)
and Appendix). Furthermore, to understand how topography
influences temporal information processing by altering neu-
ronal firing patterns, we analyzed the Shannon entropy (i.e.,
information capacity of spike trains) across each layer of
both TDSNNs and SNNs. We observed a significant shift
in information capacity between SNNs and TDSNNs, with
variations from early to late layers (Appendix and Fig. 1(a)).
Next, we investigate changes in neural connectivity across
visual regions (Fig. 6(b), topo vs non-topo). As shown in

Fig. 6(c), these results reveal a dynamic hierarchical pro-
gression: starting with early layers (V1 and V2) that pre-
serve raw signal fidelity (stable FI); transitioning through
V4, which critically amplifies discriminative features (mode
A, increased FI in across all inference timesteps); and culmi-
nating in IT’s stabilized, noise-resistant encoding (mode B,
decreased FI in throughout inference). The formation of to-
pography significantly reshapes temporal function, evident
in the alterations of inter-layer synaptic connections, with
this reshaping mainly occurring in the deeper layers.

Robustness We conducted four types of attacks: Gaus-
sian noise, FGSM, PGD, and random pixel masking at each
timestep (Appendix for more details). With (α,β)=10.0,
TSResnet18 consistently outperformed non-topo SResnet18
in robustness (25.8% vs 24.5%, 24.4% vs 23.6%, 10.7%
vs 9.97%, 21.0% vs 20.8%) despite similar clean accuracy
( 58.5%). This suggests topographic connections enhance
the robustness of decision making in recognition task.

Conclusions
We present Topographic Deep Spiking Neural Networks
(TDSNNs), overcoming key limitations in existing topo-
graphic models by unifying hierarchical depth with spa-
tiotemporal processing. TDSNNs successfully replicate bi-
ologically observed topographic features and achieve high
performance, revealing the fundamental mechanism under-
lying efficient processing and enhanced robustness. Our
work provides a novel perspective for understanding the
evolution of biological neural systems by developing large-
scale, trainable deep learning models that incorporate bio-
logically plausible elements (e.g., long-range connections,
distinct populations of excitatory and inhibitory neurons).
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