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Abstract

Purpose Existing multimodal spiking Transformers lack a dedicated input-
dependent mechanism for explicitly regulating information flow within cross-
modal attention. Because the benefit of gating can depend on both its insertion
point and driving signal, this study investigates explicit information-flow reg-
ulation, gating-position sensitivity, and driving-signal selection in multimodal
Spiking Neural Networks (SNNs).
Methods We propose the Gated Spiking Cross-Attention Network (GSCANet),
a unified audiovisual learning framework built on dual-stream Spikingformer-
style encoding and bidirectional cross-modal interaction. Its core Gated Spiking
Cross-Attention (GSCA) module introduces input-dependent regulation into
the fusion process. Within this framework, we compare six gating placements
spanning the Query, Key, and Value projections, attention output, feature con-
catenation, and block output, together with Q-only, V-only, and JointQV driving
signals. The default configuration applies a head-specific multilayer perceptron
(MLP) bottleneck gate to the attention output immediately before spike firing
and drives it with the joint Query–Value representation.
Results Gating exhibits position sensitivity. Attention-output gating (G4)
achieves 78.49% and 81.75% accuracy on CREMA-D and RAVDESS, improv-
ing over the No-Gate baseline by 2.15 and 1.05 percentage points, respectively.
JointQV outperforms Q-only and V-only on all four datasets, indicating that
effective modulation benefits from jointly representing interaction demand and
transferred content.
Conclusion GSCANet provides a unified framework for explicitly regulated
spiking audiovisual learning. Experiments within this framework show that
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GSCA is position- and signal-dependent, supporting attention-output regulation
before spike firing with JointQV as the driving signal.

Keywords: Spiking neural networks, multimodal audiovisual learning,
information-flow regulation, gating placement, driving-signal selection, spiking
Transformers

1 Introduction

Multimodal audiovisual learning exploits the complementarity of audio and visual
information and has been widely studied for emotion recognition, event recognition,
and natural human–computer interaction [2, 19, 33]. Cross-modal complementarity
allows one modality to compensate for weaknesses in the other, such as visual occlusion
or degraded auditory cues [23, 37]. Spiking Neural Networks (SNNs) [20], with their
event-driven computation and sparse activation, provide a promising computational
paradigm for energy-conscious multimodal perception [5, 10, 42]. Recent multimodal
SNNs have progressed from low-level neuronal fusion [13, 17, 18] to attention-based
global interaction [7, 10], enabling different modalities to exchange information in a
shared spiking representation space.

Despite this progress, existing studies primarily emphasize encoder architectures,
cross-modal topologies, and temporal modeling, while providing limited explicit con-
trol over how information is transferred inside cross-modal attention. In a typical
spiking cross-attention block, Query, Key, and Value features are projected and aggre-
gated before the resulting representation is passed to a spiking neuron. This interaction
path contains no dedicated input-dependent mechanism for determining how strongly
the current cross-modal representation should influence the subsequent spike response.
This gap motivates a unified spiking audiovisual framework that supports cross-
modal interaction while making information-flow regulation an explicit and testable
component.

A direct approach to explicit information-flow regulation is to introduce multi-
plicative gating into the cross-attention pipeline [1, 11]. However, its effectiveness
depends on two coupled design choices: where the gate is inserted and what informa-
tion drives it. Candidate placements regulate different representations and determine
whether modulation acts on continuous membrane-domain features or discretized spike
responses. Meanwhile, a Query-only driver captures the interaction demand but not
the supplied content, whereas a Value-only driver describes the transferred content
without fully representing what the primary modality requires. Effective gating should
therefore jointly consider its position relative to spike firing and a driving signal that
represents both “what is needed” and “what is available.”

Based on these considerations, we propose the Gated Spiking Cross-Attention
Network (GSCANet), a unified framework that combines dual-stream Spikingformer-
style encoding with stacked bidirectional cross-modal interaction. Its core GSCA
module explicitly regulates cross-modal information flow through input-dependent
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Fig. 1 Head-specific MLP bottleneck gating placements (G1–G6) in spiking cross-modal attention.
The Wq , Wk, Wv , and Wo operators are kernel-1 ConvBN projections, and attention uses SDDPA
without Softmax. Placements span Q/K/V projections (G1–G3), attention output (G4), concatena-
tion (G5), and block output (G6); G4 is the default

multiplicative gating. Within this framework, we evaluate six head-specific multi-
layer perceptron (MLP) bottleneck placements spanning the Query, Key, and Value
projections, attention output, feature concatenation, and block output (Fig. 1). The
default G4 configuration modulates the per-head attention output immediately before
spike firing, preserving the completed cross-modal interaction while enabling continu-
ous regulation before discretization. For gate generation, we compare Q-only, V-only,
and JointQV signals; JointQV combines the interaction demand represented by the
Query with the transferred content represented by the Value. Rather than modifying
Query–Key matching, GSCA uses this signal to rescale the aggregated cross-modal
representation before spike generation.

Experiments on the emotion benchmarks Crowd-sourced Emotional Multimodal
Actors Dataset (CREMA-D) [2] and Ryerson Audio-Visual Database of Emotional
Speech and Song (RAVDESS) [19], as well as the general audio–visual benchmarks
UrbanSound8K-AV and CIFAR10-AV [7, 26], reveal clear performance differences
among gating placements. At the default time setting, G4 improves over the No-
Gate baseline by 2.15 and 1.05 percentage points on CREMA-D and RAVDESS,
respectively, whereas some later placements do not yield comparable benefits. This
result indicates that gating effectiveness depends on its position in the interaction
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pipeline. The driving-signal ablation further shows that JointQV outperforms Q-only
and V-only on all four datasets, supporting the use of both interaction demand and
transferred content for modulation. Importantly, gating does not improve every place-
ment or input condition, which further motivates the study of position sensitivity and
driving-signal selection.

Our main contributions are summarized as follows:

• We propose GSCANet, a unified spiking audiovisual learning framework that
integrates dual-stream Spikingformer-style encoding with stacked bidirectional
cross-modal interaction.

• We design GSCA as the framework’s core fusion module, introducing head-specific,
input-dependent modulation to explicitly regulate cross-modal information flow
before subsequent spike responses.

• Within the unified framework, we systematically evaluate six gating placements and
three driving signals across four datasets. The results reveal position sensitivity,
identify the pre-spike attention-output stage G4 as an effective placement for the
emotion tasks, and show the advantage of JointQV over single-source alternatives.

2 Related Work

2.1 Multimodal Audiovisual Classification with SNNs

Spiking Neural Networks (SNNs) exhibit strong spatio-temporal modeling potential
in audio-visual classification (AVC) tasks. Existing literature broadly evolves across
distinct paradigms based on the depth of cross-modal fusion. Early endeavors predom-
inantly focused on low-level fusion at the neuronal and current levels, simulating bio-
logical information integration within neuronal dynamics or synaptic connections. For
instance, spike-timing-dependent plasticity (STDP)-based methods [25, 39] explore
unsupervised cross-modal associations, while CMCI [13] implements current-level inte-
gration. Recently, MISNet [18] introduced MLIF neurons to address audio-visual
synchronization within a single neuron, establishing a hardware-friendly foundation for
multimodal SNNs. Beyond audiovisual classification, spiking architectures have also
been applied to multimodal emotion recognition, including NeuCube-based Fusion-
Sense [31], adversarially robust spiking Transformers (SPSNCVT) [3], and label-guided
interactive networks (SMILE) [8].

Beyond these foundational low-level integrations, recent research has transitioned
toward attention-based spiking architectures to capture global dependencies. Driven
by the successful application of spiking self-attention (SSA) [42], frameworks such as
the spiking multimodal Transformer (SMMT) [7], the event-based attention frame-
work [17], and semantic-alignment and cross-modal residual learning (S-CMRL) [10]
extend Transformer-style interaction to multimodal spiking representations. Within
this progression, our work combines multi-frame visual input with a head-specific gate
driven by concatenated Query and Value features. Unlike methods that modify atten-
tion scores, the default gate acts on the accumulated attention output immediately
before spike firing.
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Parallel to these structural enhancements, another prominent line of research
addresses modal imbalance and temporal misalignment via temporal adaptive fusion.
Han et al. [9] proposed balanced multimodal SNNs with online loss adjustment
and convolutional time alignment, while Zhou et al. [41] introduced cross-modality
attention for event–frame spatiotemporal fusion. A notable example is temporal
attention-guided adaptive fusion (TAAF) [29], which dynamically scales weights along
the temporal axis to stabilize multimodal learning. In artificial neural network (ANN)-
based multimodal learning, related imbalance issues have been tackled by on-the-fly
gradient modulation (OGM-GE) [23], adaptive gradient modulation (AGM) [15],
modality-specific learning rates (MSLR) [36], and prototypical modal rebalancing
(PMR) [6]. These methods are widely used as ANN baselines on CREMA-D (Table 1).
While macro-level weight adaptation offers a valuable perspective, our work bridges
the gap by exploring micro-level regulation within the attention mechanism itself. By
embedding gating units within individual attention heads, we examine whether this
fine-grained filtering can complement macro-adaptive strategies to provide a more
stable spike integration environment for highly dynamic audio-visual streams.

2.2 Gating Mechanisms in Transformers

Gating mechanisms are widely used to regulate information flow and introduce mul-
tiplicative non-linearity in Transformer architectures. Historically, the utilization of
gating began with feature filtering and non-linear modulation to substitute or aug-
ment traditional activation functions. For example, Gated Linear Units (GLU) [4]
demonstrate that multiplicative interactions between twin linear paths yield supe-
rior modeling over single non-linear activations, while the Forgetting Transformer [16]
selectively preserves temporal information by gating attention scores. Subsequent work
systematizes GLU-style gating in Transformer feed-forward blocks, with SwiGLU and
related variants [28] underpinning many large-scale language and vision–language
backbones. These works motivate the use of multiplicative modulation, but they do
not determine where an input-dependent gate should act in a softmax-free spiking
cross-attention block.

As networks deepened, the research focus shifted from basic feature filtering toward
positional and structural gating optimization within the attention pipeline. The gated
attention unit (GAU) [11] shows that coupling gating with single-head attention rivals
or outperforms multi-head attention. Similarly, recent studies on gated attention in
large language models [24] reveal through systematic ablation that head-specific gat-
ing post-Scaled Dot-Product Attention (SDPA) alleviates training instability and
enhances accuracy. Complementing these placement-centric studies, analyses of atten-
tion sinks show that normalization and aggregation choices can strongly shape
softmax-attention behavior [34]. Because our spiking block omits Softmax, however,
the appropriate gating stage must be validated separately. Meanwhile, data-dependent
gates have been integrated into efficient attention alternatives such as gated linear
attention [35], illustrating that gating is not limited to softmax SDPA pipelines. These
explorations of gating positions and parameter granularities in ANNs motivate our
systematic comparison at the projection, attention-output, concatenation, and block-
output stages (G1–G6) within a spiking Transformer. Our comparison focuses on
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placement-dependent accuracy and learned gate behavior rather than assuming that
conclusions from softmax-based ANN attention transfer directly to spiking attention.

Beyond single-stream architectures, gating mechanisms have also been widely
extended to cross-modal interaction and selection to coordinate multi-modal contri-
butions. For instance, the gated multimodal unit (GMU) [1] utilizes internal neuronal
gating units for dynamic inter-modal gain adjustment to mitigate modal conflicts,
emphasizing gating as a “modal switch.” Beyond static fusion units, recurrent multi-
modal designs employ gated recurrent unit (GRU)-style fusion to sequentially update
a shared context, enabling explicit retain–overwrite control when new modalities
arrive [30]. Inspired by this paradigm, our focus shifts from the mere presence of gat-
ing to the origin of the gating signal. Distinct from approaches driven by a single
feature source, we test whether concatenating the Query (Q) and Value (V ) provides
a more informative basis for modulation by representing both interaction demand and
transferred content.

3 Methods

3.1 Problem Definition and Preliminaries

We study multimodal audio-visual classification, including speech-emotion recognition
(CREMA-D, RAVDESS) and general audio-visual categorization (UrbanSound8K-
AV, CIFAR10-AV); the overall dual-stream architecture is shown in Fig. 2. Each
sample contains paired audio and visual inputs: CREMA-D and RAVDESS provide
synchronized recordings, whereas UrbanSound8K-AV and CIFAR10-AV use category-
level audio–image pairings. Given a dataset D = {(xa

i ,x
v
i , yi)}

nt

i=1, where x
a
i ∈ X a and

xv
i ∈ X v denote the audio and visual inputs and yi ∈ Y is the class label, the goal is

to learn fθ : X
a ×X v → Y with reliable cross-modal fusion:

ŷ = fθ (x
a,xv) . (1)

To capture spatiotemporal dynamics in an event-driven manner, we build our
method upon Spiking Neural Networks (SNNs) and adopt the Leaky Integrate-and-
Fire (LIF) neuron as the basic computational unit. Following Spikingformer [40],
the membrane potential dynamics and spike generation at discrete time step t are
formulated as

Ht = Vt−1 +
1

τm
(It − (Vt−1 − Vreset)) , (2)

St = Θ(Ht − Vth) , St ∈ {0, 1}, (3)

Vt = Ht (1− St) + VresetSt, (4)

where It is the synaptic input current, Ht and Vt denote the membrane potential
before and after reset, respectively, τm is the membrane time constant, Vth is the firing
threshold, and Vreset is the reset potential. Θ(·) is the Heaviside step function. For
stable end-to-end training, gradients through the reset operation are detached, and
Θ(·) is differentiated with a surrogate gradient.
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3.2 Spikingformer-Style Spiking Patch Splitting and Unified

Feature Representation

In SNNs, the temporal dimension T is fundamental to information encoding. To fully
exploit the spatiotemporal dynamics of spike streams, we retain a Spiking Patch Split-
ting (SPS) encoder for the image-like visual frames and audio spectrograms, while
updating its internal operations according to the pre-activation design of Spiking-
former [40]. SPS maps heterogeneous inputs into a shared tensor space R

T×B×N×D

while ensuring that, except for the first encoding layer, each learnable projection
receives binary spikes.

For video-based datasets (e.g., CREMA-D), each frame is encoded into spiking
patches via SPS, and the video frame sequence is directly aligned with the SNN sim-
ulation time steps t ∈ {1, . . . , T}. This allows the model to capture the true temporal
evolution and spatiotemporal continuity of physical events. For the audio modality,
spectrograms are encoded into the same tensor format.

For datasets with static images or static spectrograms (e.g., UrbanSound8K-AV
and CIFAR10-AV), single-frame features are replicated across all T time steps (Fig. 3).
This design allows LIF neurons to accumulate membrane evidence from static inputs
while maintaining the same temporal tensor interface used for dynamic tasks.

For modality m ∈ {a, v}, the j-th SPS stage is written as

Fm
j = ConvBNm

j

(
Pj

(
SNm

j

(
Fm

j−1

)))
, (5)

where every ConvBNm
j comprises a 3×3 two-dimensional convolution with stride 1 and

padding 1, followed by batch normalization. For a downsampling stage, Pj is a 3× 3
max-pooling layer with stride 2 and padding 1; otherwise, it is the identity mapping.
The first SPS layer directly encodes the non-spiking input with a 3 × 3 ConvBN
layer and therefore omits the leading SN operation. Subsequent stages progressively
increase the channel dimension to D. After the final stage, the feature map is flattened
into N tokens and transposed to obtain Xa,Xv ∈ R

T×B×N×D. This SN–pooling–
ConvBN ordering follows the pre-activation design of Spikingformer and differs from
the ConvBN–SN ordering used in the previous backbone.

3.3 Gated Spiking Cross-Attention

Cross-modal interaction can benefit from an explicit mechanism that adjusts how
strongly the aggregated representation contributes to the next spike response. We
therefore introduce an input-dependent multiplicative gate and test whether its
placement and driving signal affect information-flow regulation under a controlled
architecture.

Given membrane-domain primary and auxiliary features X,Y ∈ R
T×B×N×D,

GSCA first applies the Spikingformer pre-activation and then generates spiking query,

7



z

Output

Spiking Patch 

Splitting
PE

Cross Module Enhancement Module

Q

K&V

Q
GSCA

GSCA

K&V

PE

M
L

P

G
A

P

M
L

P

G
A

P

Concat

S
o

ftm
a

x

Audio-Mel-spectrogram

Fusion Layer

Visual Frame

Q

Input

Spiking Neural 

MP MaxPooling

Spiking Position 

Embedding

GAP
Global Average 

Pooling

Elements Add 
Conv BN

Conv BN

Conv BN

Q

K

V

S
p
ik

e
-d

riv
e
n
 D

o
t 

P
ro

d
u
c
t

Gate

C
o

n
c
a

t

C
o

n
v

Audio 

Features

Visual 

Features

B
N

S
o

ftM
a

x

L
in

e
a

r

R
e

lu

L
in

e
a

r

Scalar Mult

Spiking-Gated-CrossAttention

C
o

n
v

M
P

C
o

n
v

B
N

B
N

×4

C
o

n
v

M
P

C
o

n
v

B
N

B
N

×4

Conv

BN Conv+BNBN BatchNorm

Fig. 2 Overview of GSCANet. Spikingformer-style Spiking Patch Splitting encoders process audio
and visual inputs, followed by stacked bidirectional GSCA blocks with membrane-shortcut residual
learning. The default G4 gate uses JointQV to modulate attention outputs before spike firing; modal-
ity features are then pooled and concatenated for classification. Illustrative inputs are drawn from
CREMA-D [2] and RAVDESS [19]

key, and value embeddings through pointwise ConvBN projections:

X = SNx(X), Y = SNy(Y ),

Q = SNq

(
ConvBNq(X)

)
,

K = SNk

(
ConvBNk(Y )

)
, V = SNv

(
ConvBNv(Y )

)
,

(6)

For these token projections, the feature layout is internally transposed to R
T×B×D×N ,

and each ConvBNq/k/v is implemented by a one-dimensional convolution with ker-
nel size 1 and stride 1, followed by one-dimensional batch normalization. Thus, the
convolution performs a token-wise channel projection without changing the number
of tokens. The features are then partitioned into H heads with d = D/H. Unlike
conventional scaled dot-product attention, Spikingformer pre-activation spiking self-
attention (PSSA) does not normalize QK⊤ with Softmax. We refer to this operation
as Spike-Driven Dot-Product Accumulation (SDDPA). The operation uses conven-
tional matrix products algebraically, but its Q, K, and V operands are binary spike
tensors emitted by the preceding spiking neurons; “spike-driven” therefore refers to
the representation being accumulated rather than to a different multiplication rule.
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For head h, SDDPA is formulated as

Uh = s
(
QhK

⊤

h

)
V h, (7)

where s is a constant scaling coefficient that can be absorbed into the threshold of
the following spiking neuron. For the default G4 placement, the gate modulates this
pre-spike accumulation:

Gh = σ (g ([Qh;V h])) , Ũh = Uh ⊙Gh, Zh = SNa

(
Ũh

)
, (8)

where [· ; ·] denotes feature concatenation, σ(·) is the Sigmoid function, and ⊙ denotes
element-wise multiplication. Thus, Gh changes the membrane-domain SDDPA output
before SNa emits a binary head output. The lightweight head-specific mapping is

g(ξ) = W 2 δ (W 1ξ + b1) + b2, (9)

where W 1 ∈ R
(d/r)×2d, W 2 ∈ R

d×(d/r), δ(·) is the rectified linear unit (ReLU), and r
is the reduction ratio.

The binary outputs from all heads are concatenated and projected to the membrane
domain by the output ConvBN layer:

Zgsca = ConvBNo (Concat (Z1, . . . ,ZH)) , (10)

where ConvBNo uses the same kernel-1, stride-1 one-dimensional projection and
Zgsca ∈ R

T×B×N×D. Following membrane-shortcut (MS) residual learning, no spiking
activation is placed after this projection and before residual addition:

X ′ = X +Zgsca. (11)

The next GSCA or MLP projection receives SN(X ′), so its learnable weights operate
on binary spikes even though the shortcut state remains membrane-valued.

3.4 Systematic Exploration of Gating Configuration

To identify an effective integration path for gating within the cross-modal spiking
Transformer, we conduct systematic ablations on gating placement topology and input
driving sources under a unified formal framework.

3.4.1 Input Source Variants

To compare candidate driving signals, we define the gate input Ig as: (i) query-driven
gating, Ig = Qh, representing the primary modality’s interaction demand; (ii) content-
driven gating, Ig = V h, representing the auxiliary content to be transferred; or (iii)
joint-driven gating, Ig = [Qh;V h] (JointQV), which exposes both sources to the
gate generator. The comparison tests whether this combined representation is more
effective than either single-source alternative at the pre-firing modulation point.
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3.4.2 Placement Variants

Given the selected driving source, we evaluate gating at four pipeline stages (Fig. 1):
projection (G1–G3), attention-output (G4), concatenation (G5), and block-output

(G6). Unless noted otherwise, subsequent sections refer to placements by stage name
and Gk index.

(1) Projection gating (G1, G2, G3): filtering the pre-spike ConvBN responses and
then regenerating binary Q/K/V embeddings:

G1 : Q̃h = SNq (P
q
h ⊙Gh) ,

G2 : K̃h = SNk

(
P k

h ⊙Gh

)
,

G3 : Ṽ h = SNv (P
v
h ⊙Gh) ,

(12)

where P q, P k, and P v are the corresponding ConvBN responses before their Q/K/V
spiking neurons.

(2) Attention-output gating (G4): modulating each head’s membrane-domain
SDDPA output Uh immediately before SNa, as defined in Eq. (8).

(3) Concatenation gating (G5): modulation after concatenating outputs Zh from
all attention heads and before the output ConvBN projection, focusing on cross-head
channel selection:

Z̃cat = Concat (Z1, . . . ,ZH)⊙ σ (g (Iglobal)) , (13)

where Iglobal = MeanPoolh([Qh;V h]) pools JointQV features across heads before
gating the concatenated SDDPA head outputs.

(4) Block-output gating (G6): calibrating the projected GSCA residual branch
immediately before MS residual addition:

X ′

G6
= X +Zgsca ⊙ σ (g (Ig)) . (14)

Across the evaluated configurations, attention-output gating (G4) with the Join-
tQV source provides the most effective default for the two emotion benchmarks while
remaining competitive on the two general audiovisual benchmarks.

3.5 Overall Framework and Loss Function

Our overall framework adopts a dual-branch Spikingformer backbone that encodes
audio and video inputs into token sequences (Fig. 2). Each modality is first processed
by the Spikingformer-style SPS encoder to obtain Xa,Xv ∈ R

T×B×N×D. Stacked
audio-visual blocks perform bidirectional cross-modal interaction via GSCA (video
queries audio and audio queries video in alternating blocks). For either modality, the
l-th block follows the Spikingformer MS-residual order

X ′

l = X l−1 +GSCA (X l−1,Y l−1) ,

X l = X ′

l +ConvBN2

(
SN2

(
ConvBN1

(
SN1

(
X ′

l

))))
.

(15)
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Fig. 3 Unified spiking encoding for heterogeneous audiovisual data. Left: video frames from
CREMA-D [2] and RAVDESS [19] are aligned with simulation steps T . Right: static images from
UrbanSound8K-AV and CIFAR10-AV [7] are replicated across T steps for temporal processing

Here, ConvBN1 and ConvBN2 form the Spikingformer MLP and are implemented
as 1 × 1 two-dimensional convolutions with stride 1 on the reshaped spatial feature
map (equivalently, token-wise channel projections). The first projection expands the
channel dimension from D to 4D, and the second restores it to D. The opposite branch
is obtained by exchanging X and Y . Spatial aggregation then reduces the token
dimension, and temporal aggregation yields sample-level features for classification.

For optimization, all GSCANet variants are trained with the standard cross-
entropy objective:

L = Lce = CE(o, y), (16)

where o denotes the classification logits and y is the ground-truth class label.

4 Experiments

We first introduce the benchmark datasets and experimental configurations, then
compare GSCANet with representative SNN and ANN methods. Experiments report
clean-set accuracy, inference-time modality-failure behavior, and ablation results for
each component.

4.1 Datasets

CREMA-D [2] is an audiovisual dataset for speech emotion recognition, containing
7442 video clips (2–3 seconds each) from 91 actors, covering six emotions: anger,
happiness, sadness, neutrality, disgust, and fear. Following the preprocessing protocol
in Guo et al. [7], we randomly partition the dataset with a 9:1 train/test ratio, yielding
6698 training samples and 744 test samples.

RAVDESS [19] (Ryerson Audio-Visual Database of Emotional Speech and Song)
is a North American English corpus of acted emotional speech and song from 24
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professional actors. Following common practice in multimodal emotion recognition, we
use the speech full audio-visual subset (1440 synchronized clips, eight emotions) and
randomly partition it with a 7:3 train/test ratio (1008 training, 432 test samples).

UrbanSound8K-AV [7] combines the UrbanSound8K audio corpus [26] with its
corresponding image dataset, totaling 8732 audio-visual samples. Each sample consists
of one high-resolution color image and a 4-second audio track. We follow Guo et al. [7]
and randomly split the dataset into training and test sets with a 7:3 ratio.

CIFAR10-AV [7] pairs CIFAR-10 images with category-matched audio clips. Start-
ing from 60,000 images and 10,000 audio segments, we obtain 10,000 audio-visual
samples via one-to-one class pairing. Each sample contains one 32 × 32 color image
and a 5-second audio signal across 10 object categories. We follow Guo et al. [7] and
randomly split the dataset into training and test sets with a 7:3 ratio.

4.2 Experimental Settings

We follow the experimental protocol of prior work [7] and summarize it here for
completeness. For the visual modality, static images are encoded by direct replica-
tion across SNN time steps. For CREMA-D, RAVDESS, UrbanSound8K-AV, and
CIFAR10-AV, frames are resized to 128×128 pixels with random cropping for augmen-
tation. Audio waveforms are normalized and resampled to 22,050 Hz, then transformed
into 2D spectrograms via the short-time Fourier transform (STFT) with window length
512 and hop length 353. Amplitude spectrograms are log-scaled after adding a 10−7 off-
set and resized to match the image branch for dimensional consistency. CIFAR10-AV
uses the same preprocessing and training configuration as UrbanSound8K-AV.

We follow the backbone design of Spikingformer [40] and adapt it to a dual-stream
audio–visual architecture equipped with GSCA. All experiments are implemented
using the Brain-Cog framework [38] on a single NVIDIA A100 graphics processing
unit (GPU). We use the Adam optimizer [14] with an initial learning rate of 5×10−3,
training for 100 epochs with batch size 128. LIF neurons are initialized with membrane
potential 0, firing threshold 1, and simulation time steps T = 4 for GSCANet unless
noted otherwise. Surrogate gradients use a Sigmoid function σ(x) = 1/ (1 + exp(−αx))
with α = 4 for end-to-end backpropagation through spiking layers. Unless stated oth-
erwise, GSCANet, the No-Gate baseline, all gating ablations, and modality-failure
tests use the same cross-entropy objective in Eq. (16), so comparisons among our vari-
ants isolate the effect of the GSCA design. Competing SNN methods in Table 1 retain
their original training objectives. Following [7, 10], each configuration is trained once
per split without multi-seed ensembling; margins below 1 percentage point on static
benchmarks should be interpreted accordingly.
Use of generative AI. During preparation of this manuscript, the authors used
OpenAI Codex to assist with structural and language revision and LATEX edit-
ing. All AI-assisted output was reviewed and revised by the authors, who take full
responsibility for the final manuscript.
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4.3 Comparison with Representative Methods

Table 1 compares GSCANet with representative audio-visual SNNs and contextual
ANN references. For brevity, we denote the cross-attention fusion method with deep
metric learning proposed in [21] as AVCA-DML. We re-implement SNN baselines
under the same preprocessing and dataset splits when public implementations are
unavailable. An asterisk identifies a value taken from the cited paper; such values
provide context but are not treated as protocol-matched results.

GSCANet obtains 78.49% on CREMA-D and 81.75% on RAVDESS. On CREMA-
D, adding GSCA to the same backbone raises accuracy from 76.34% to 78.49%,
giving a controlled gain of 2.15 percentage points over No-Gate. GSCANet also leads
the listed SNN methods on both emotion benchmarks. Its CREMA-D margin over
TAAF-SNNs is 0.94 points, although the two models use different time steps, and its
RAVDESS margin over S-CMRL is 1.75 points. The higher AVCA-DML results follow
a separate experimental protocol and are included only as external reference values.

On UrbanSound8K-AV and CIFAR10-AV, GSCANet reaches 98.47% and 99.00%,
respectively, trailing MISNET-XL by only 0.49 and 0.26 points. Given the single-run
setting, these sub-point gaps do not support a definitive ranking. The clearest benefit
therefore appears on the naturally synchronized emotion datasets, where instance-level
temporal correspondence may give the gate more meaningful cross-modal structure
to regulate. The smaller margins on category-paired benchmarks are consistent with
this interpretation, but do not establish it independently of dataset difficulty and
composition.

4.4 Robustness under Modality Failure

We evaluate inference-time sensor loss by zero-masking either the audio or visual
stream, following prior multimodal SNN studies [7, 10]. This diagnostic changes only
the test input; the models are not retrained for missing modalities.

Table 2 shows an asymmetric response to sensor loss. When audio is masked, GSCA
raises video-only accuracy by 2.69 percentage points on CREMA-D and 2.60 points
on UrbanSound8K-AV. When vision is masked, the change is smaller and dataset-
dependent: audio-only accuracy rises by 0.69 points on UrbanSound8K-AV but falls
by 1.08 points on CREMA-D. GSCA therefore improves several failure conditions
without providing symmetric or universal missing-modality robustness [10, 23].

RAVDESS provides a stricter counterexample. Under the same protocol, GSCA
reduces video-only accuracy by 0.35 points and audio-only accuracy by 2.80 points,
despite its strong clean-set result. A likely explanation is that the zeroed stream still
enters cross-attention, moving the JointQV gate outside the input distribution learned
with complete modality pairs. The gate should thus be interpreted as representation-
level modulation rather than an explicit missing-modality recovery mechanism; its
behavior depends on the dataset and on which sensor fails.
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Table 1 Comparison of GSCANet with representative SNN and ANN methods on
four datasets. Results marked with (*) are taken from reference papers; bold entries
denote the best SNN accuracy per dataset under our evaluation protocols.

Dataset Paradigm Methods Modality Year T Accuracy (%)

CREMA-D

ANN

OGM-GE [23] Multimodal 2022 – 62.20*
MSLR [36] Multimodal 2022 – 64.42*
PMR [6] Multimodal 2023 – 65.30*
AGM [15] Multimodal 2023 – 70.16*
AVCA-DML [21] Multimodal 2023 – 84.57*

SNN

SMMT [7] Multimodal 2023 4 66.53
S-CMRL [10] Multimodal 2025 4 73.25
MISNET-XL [18] Multimodal 2025 4 77.14
TAAF-SNNs [29] Multimodal 2025 3 77.55
GSCANet Multimodal – 4 78.49

RAVDESS
ANN

Deep CNN [12] Unimodal 2020 – 71.61*
QCNN [22] Unimodal 2021 – 77.87*
MHCT [32] Unimodal 2023 – 82.31*
AVCA-DML [21] Multimodal 2023 – 89.25*

SNN
S-CMRL [10] Multimodal 2025 4 80.00
GSCANet Multimodal – 4 81.75

UrbanSound8K-AV SNN

SMMT [7] Multimodal 2023 4 96.85
S-CMRL [10] Multimodal 2025 4 98.13
MISNET-XL [18] Multimodal 2025 4 98.96
GSCANet Multimodal – 4 98.47

CIFAR10-AV SNN

SMMT [7] Multimodal 2023 4 97.01
S-CMRL [10] Multimodal 2025 4 97.58
MISNET-XL [18] Multimodal 2025 4 99.26
GSCANet Multimodal – 4 99.00

Table 2 Inference-time modality failure on CREMA-D and
UrbanSound8K-AV. Audio zero and video zero denote the stream
masked at test time.

Dataset Method Audio zero Video zero

CREMA-D
No-Gate 62.63 47.98
GSCANet 65.32 46.90

UrbanSound8K-AV
No-Gate 84.42 82.97
GSCANet 87.02 83.66

4.5 Ablation Studies

4.5.1 Impact of Gating Placement

As shown in Table 3 and Fig. 4, gating placement clearly affects performance.
Attention-output gating (G4) achieves the best accuracy on CREMA-D and
RAVDESS (2.15 and 1.05 percentage points above No-Gate, respectively) and remains
competitive on UrbanSound8K-AV and CIFAR10-AV. Placement differences on the
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Table 3 Ablation experiments on gating placement (G1–G6). Bold entries mark the best
accuracy per dataset.

Method CREMA-D RAVDESS UrbanSound8K-AV CIFAR10-AV

No-Gate 76.34 80.70 98.66 96.76
Query (G1) 77.15 80.35 98.62 98.37
Key (G2) 78.09 77.89 98.70 98.77
Value (G3) 77.28 80.35 98.62 98.37
Attn (G4) 78.49 81.75 98.47 99.00
Concat (G5) 77.95 80.70 98.67 98.26
Output (G6) 75.26 76.14 98.91 99.21

latter two benchmarks are small (< 0.5 percentage points among the top configu-
rations). Considering accuracy across all four datasets together with the placement-
dependent gate behavior analyzed in Sec. 4.6, we adopt G4 as the default GSCANet
configuration. Although block-output gating (G6) attains marginally higher accuracy
on UrbanSound8K-AV and CIFAR10-AV (Table 3), the gap is below 0.5 percentage
points, while G6 collapses to a constant coefficient in the RAVDESS diagnostic and
G4 remains non-collapsed; we therefore use a single cross-benchmark default rather
than dataset-specific placement tuning.

G4 operates at the SDDPA output, after cross-modal dot-product accumulation
and immediately before spike firing, enabling selective modulation of the completed
cross-modal interaction rather than premature intervention.

An additional fixed-scale control clarifies the apparently favorable G6 results on the
two static benchmarks. On both UrbanSound8K-AV and CIFAR10-AV, the learned G6

coefficients collapse to 0.5, and replacing the learned gate with a fixed coefficient of 0.5
reproduces the same accuracies (98.91% and 99.21%, respectively). Under Eq. (14), G6

therefore reduces to X ′ = X+0.5Zgsca rather than performing input-dependent mod-
ulation. Its gains on these benchmarks should consequently be attributed to constant
attenuation of the projected cross-modal residual branch, not to successful adaptive
gating.

A plausible explanation is that the static, category-level audio–image pairings
in UrbanSound8K-AV and CIFAR10-AV [7] can contain substantial redundant class
evidence. Fixed attenuation may therefore improve the balance between the cross-
modal residual and identity branches and reduce unnecessary downstream threshold
crossings. By contrast, CREMA-D and RAVDESS contain synchronized, time-varying
facial and vocal evidence [2, 19], for which uniform half-scaling can suppress useful
instance-dependent interactions; this interpretation is consistent with the lower G6

accuracies on both emotion benchmarks. Downstream spiking may also make the loss
locally insensitive to changes in G6 when the residual membrane state lies far from
the firing threshold, weakening the gate gradient and leaving the Sigmoid output near
σ(0) = 0.5. We treat this last point as a plausible optimization mechanism rather than
a directly verified causal explanation.
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Fig. 4 Accuracy comparison of different gating placements on CREMA-D and RAVDESS. The com-
pact labels Attn and Output denote attention-output (G4) and block-output (G6) gating, respectively.
Attention-output gating achieves the best performance on these synchronized audiovisual emotion
benchmarks

Table 4 Ablation experiments on gating input sources (Q-only, V-only, and
JointQV).

Method CREMA-D RAVDESS UrbanSound8K-AV CIFAR10-AV

Q-only 75.13 78.94 98.15 97.68
V-only 76.74 78.94 98.27 97.41
JointQV 78.49 81.75 98.47 99.00

Table 5 Ablation experiments on single-frame versus multi-frame
visual input on CREMA-D and RAVDESS.

Input Type Methods CREMA-D RAVDESS

Single-frame
No-Gate 72.58 76.14
GSCANet (G4) 75.26 78.94

Multi-frame
No-Gate 76.34 80.70
GSCANet (G4) 78.49 81.75

4.5.2 Impact of Gating Input Sources

Table 4 compares Q-only, V-only, and JointQV drivers. JointQV is best on all four
datasets; on CREMA-D it improves by 3.36 percentage points over Q-only. Under the
evaluated settings, exposing both query intent and value content to the gate generator
is more effective than using either source alone.

4.5.3 Impact of Temporal Resolution

Single-frame vs. multi-frame. As shown in Table 5 and Fig. 5, multi-frame input
raises the No-Gate baseline from 72.58% to 76.34% (+3.76 percentage points) on
CREMA-D under the evaluated split. GSCA yields gains in both settings (+2.68
percentage points for single-frame input and +2.15 for multi-frame input); jointly,
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Table 6 Ablation experiments on spiking simulation time steps
(T ) on CREMA-D and RAVDESS.

Time Step Methods CREMA-D RAVDESS

2
No-Gate 71.80 74.38
GSCANet (G4) 72.78 76.14

4
No-Gate 76.34 80.70
GSCANet (G4) 78.49 81.75

6
No-Gate 76.54 80.70
GSCANet (G4) 78.98 82.80
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Fig. 5 Effect of single-frame vs. multi-frame visual input on CREMA-D and RAVDESS. Multi-frame
input improves the baseline and synergizes with GSCA gating

multi-frame input and gating reach 78.49%. Thus, explicit modulation remains
complementary to temporal input rather than replacing it.

Effect of temporal context length. With T ∈ {2, 4, 6} aligned to input frames,
Table 6 shows improving accuracy as context grows (e.g., CREMA-D No-Gate: 71.80%
→ 76.54%). GSCA remains effective at all evaluated lengths (+0.98, +2.15, and +2.44
percentage points on CREMA-D; +1.76, +1.05, and +2.10 on RAVDESS), with larger
gaps at T = 6. These results show that the gate remains compatible with longer
temporal context under the evaluated settings.

4.6 Diagnostic and Qualitative Analysis

We analyze the learned model along two complementary axes: (1) bidirectional
descriptive statistics of the sigmoid gate coefficients across placements (Fig. 6), and
(2) gradient-weighted class activation mapping (Grad-CAM) [27] visualization of
discriminative regions (Fig. 7).

4.6.1 Placement-Dependent Gate Behavior

Fig. 6 summarizes the gate coefficients of all six placements (G1–G6) on the RAVDESS
test set in both cross-modal directions. Panel (a) reports the directional means and
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standard deviations, whereas panel (b) reports the absolute difference between the
two directional means. The sigmoid outputs are bounded in [0, 1] and are reported
without renormalization.

Query
(G1)

Key
(G2)

Value
(G3)

Attn
(G4)

Concat
(G5)

Output
(G6)

0.0

0.2

0.4

0.6

0.8

1.0

M
ea

n 
ga

te
 c

oe
ffi

ci
en

t
(a) Bidirectional gate statistics

Visual→Audio Audio→Visual Mean ± SD

0.00 0.04 0.08 0.12 0.16
Directional mean gap |Δμ|

Query (G1)

Key (G2)

Value (G3)

Attn (G4)

Concat (G5)

Output (G6)

0.033

0.033

0.059

0.144

0.096

0.000 (collapsed)

(b) Directional gate differentiation

Fig. 6 Bidirectional gate statistics for G1–G6 on RAVDESS. (a) Mean sigmoid coefficients for
visual-to-audio and audio-to-visual modulation; whiskers show one standard deviation. (b) Absolute
directional mean gap |∆µ| = |µV→A − µA→V|. G4 shows the largest gap, whereas G6 collapses to
0.5; these values are descriptive diagnostics

As shown in Fig. 6(a), G1–G5 retain nonzero coefficient dispersion, with standard
deviations of approximately 0.22–0.25. The directional ordering also changes with
placement: visual-to-audio means are slightly higher at G1 and G2, whereas audio-to-
visual means are higher at G3–G5. Thus, gate placement affects both the operating
level and directional response of the learned modulation.

At G4, the mean coefficients are 0.691 for visual-to-audio modulation and 0.835
for audio-to-visual modulation, giving the largest directional mean gap (0.144) among
the six placements, as highlighted in Fig. 6(b). The corresponding standard deviations
remain nonzero (0.243 and 0.234). Because G4 acts on the aggregated membrane-
domain evidence before spike firing, this direction-sensitive behavior is consistent with
head-specific regulation after cross-modal interaction. G5 also retains nonzero disper-
sion and directional sensitivity, with a mean gap of 0.096. These statistics should
therefore be interpreted as behavioral diagnostics rather than standalone evidence of
superiority.

At G6, both directions collapse to a constant coefficient of 0.5 (std. = 0), perform-
ing fixed half-scaling rather than adaptive modulation on RAVDESS. Its RAVDESS
accuracy is 76.14%, below the 80.70% No-Gate baseline. Under the MS-residual formu-
lation in Eq. (14), the block-output gate therefore degenerates into constant rescaling
of the projected residual branch in this diagnostic.

Taken together, Fig. 6(a) and (b) show that gate placement changes the learned
modulation behavior: G4 combines non-collapsed coefficient variation with the
strongest directional differentiation, whereas G6 collapses on RAVDESS. Combined
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Fig. 7 Grad-CAM visualizations on selected RAVDESS samples [19] for four emotions: happiness
(HAP), sadness (SAD), anger (ANG), and fear (FEA). Rows show the input frame with ground
truth, No-Gate activations, and G4-gated activations. On these examples, the G4 variant produces
more localized activation maps over facial regions

with the placement ablation in Table 3—rather than the coefficient statistics alone—
these observations support G4 as an effective cross-benchmark default, not as a
universally optimal placement.

4.6.2 Grad-CAM Visualization

We apply Grad-CAM [27] to intermediate features in the GSCA-based cross-modal
interaction block (not the final classifier layer) to highlight spatial regions associated
with the predicted class via gradient-based localization; maps are therefore indicative
rather than exact spatial-attention explanations. Fig. 7 compares the No-Gate baseline
and GSCANet with G4 on representative RAVDESS samples.

We select representative classes (HAP, SAD, ANG, FEA) where No-Gate fails
but GSCANet with G4 succeeds. In these selected examples, No-Gate activations are
comparatively diffuse (e.g., HAP is misclassified as surprise (SUR), with a strong
response around the eyes/eyebrows), whereas the G4 variant produces more localized
responses around the mouth or eye regions. Because G4 modulates channels rather
than explicit spatial attention, these maps are qualitative illustrations of changed
feature use and should not be interpreted as a causal explanation of the accuracy gain.
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5 Conclusion

This paper presents GSCANet, a unified framework for multimodal audiovisual learn-
ing with SNNs. Built on dual-stream Spikingformer-style encoding, it maps audio
and visual inputs into compatible spiking representations and performs bidirectional
interaction through GSCA. As the framework’s core fusion module, GSCA intro-
duces head-specific, input-dependent modulation into cross-modal attention, allowing
aggregated information to be regulated before subsequent spike firing.

Within this framework, we systematically study six gating placements and three
driving signals. The results reveal clear position sensitivity: attention-output gating
at G4 provides the strongest gated results on CREMA-D and RAVDESS under the
default setting, while later placements may lose adaptive behavior. JointQV also out-
performs Q-only and V-only across four datasets by combining interaction demand
with transferred content. These findings demonstrate the feasibility of GSCANet for
audiovisual classification and show that GSCA should be configured according to both
the interaction stage and the information available to the gate.
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