
CyberGATE: Multiscale State-Space
Fusion for Ocular and Vestibular
Cybersickness Forecasting
Jianing Zhang1,*
1Brunel London School, North China University of Technology, Beijing, China

Corresponding author: Jianing Zhang (email: 2379536@brunel.ac.uk).

ABSTRACT Cybersickness is still a major usability and safety issue for virtual reality because discomfort
may emerge gradually during exposure or appear suddenly when scene motion changes. Questionnaire-
based evaluation is difficult to use as a continuous monitoring tool. This study presents CyberGATE,
a multimodal time-series framework that estimates cybersickness from eye-tracking and head-motion
signals collected by an HMD. The framework separates long-context representation and short-event
modeling into two coordinated branches. The global branch uses multi-view embedding, Mamba sequence
modeling, and KAN-based sparse experts to learn persistent temporal patterns, whereas the local branch
applies decomposition-aware patch encoding and window attention to detect transient disturbances.
Experiments on two public datasets show that CyberGATE reduces prediction error compared with
recurrent, Transformer, and existing multimodal baselines. Component removal and sensitivity analyses
further confirm that global dynamics, local responses, and adaptive routing all improve performance. These
results indicate that ordinary HMD behavioral signals can support objective, real-time, and individualized
cybersickness warning in practical VR applications.

INDEX TERMS Cybersickness, Virtual Reality, Multimodal Sequence Modeling, Mamba, Local
Attention, Gated Fusion

I. INTRODUCTION
Cybersickness remains one of the key barriers to comfort-
able immersive interaction. With VR systems moving into
entertainment, training, education, medical rehabilitation,
and industrial simulation, the system must be able to recog-
nize discomfort early and respond before the user experience
deteriorates. Conventional assessment relies heavily on post-
exposure questionnaires such as the SSQ [1]. These scales
are valuable for clinical and experimental reporting, but they
are delayed, subjective, and unsuitable for online monitoring
in dynamic virtual scenes.

Eye trackers and inertial sensors embedded in modern
head-mounted displays provide a more direct source of
behavioral evidence. Gaze behavior and head movement
describe different parts of the ocular-vestibular response.
Existing methods often concatenate them immediately or
handle them as interchangeable feature channels [2]. Such
processing may blur useful modality differences. Rapid gaze
events, fixation instability, and saccade changes usually
reflect near-instant visual discomfort, while head kinematics
contain broader information about navigation, posture, and
motion inconsistency.

A second problem is the limited temporal flexibility
of many prediction models [3]. A single encoder, simple

pooling, or fixed fusion can represent the overall sequence
trend, but may be insensitive to abrupt local fluctuations.
In adaptive VR, symptoms can change within a short time
window, so a useful model should represent both slowly
accumulated exposure effects and brief signal disturbances.

Recent studies have introduced behavioral and physio-
logical signals to reduce dependence on subjective scales.
Eye movement, head trajectory, EEG, ECG, EDA, and other
measurements have been used to infer symptom severity,
while deep fusion and Transformer-based models have im-
proved time-series representation [2,4-8]. Even so, many
methods still emphasize either whole-sequence aggregation
or local variation alone. In addition, their fusion weights
are commonly fixed after training. This makes it hard to
distinguish gradual discomfort accumulation from sudden
visual-vestibular conflict across different users, scenes, and
interaction modes.

This work proposes CyberGATE to address these limita-
tions. The model is an adaptive gated framework for multi-
scale cybersickness prediction. Its global branch combines
multi-view embedding, Mamba state-space modeling [9],
and KAN-based mixture-of-experts learning to capture long-
range modality-aware patterns [10]. Its local branch uses
decomposition-guided patch transformers and local attention
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to capture short-lived disturbances [11]. A routing module
then assigns sample-dependent weights to the two branches,
allowing the model to adjust the relative importance of
global context and local dynamics.

The main contributions are as follows:
First, CyberGATE introduces a dual-branch temporal ar-

chitecture that couples a Mamba-MoE global encoder with
a local-attention patch branch for continuous cybersickness
estimation.

Second, the model keeps eye and head information in
complementary long-range and short-range pathways, so
modality-specific cues and multiscale temporal evidence are
retained before final fusion.

Third, comparative experiments, ablation tests, and pa-
rameter analyses on two public datasets verify the effec-
tiveness of the proposed design.

II. RELATED WORK
Cybersickness refers to discomfort caused by immersive
virtual environments. Nausea, dizziness, disorientation, pos-
tural instability, visual fatigue, and headache are commonly
reported symptoms [12]. The mechanism is not fully settled.
Sensory conflict theory explains the problem as inconsis-
tency between visual and vestibular inputs [13], while postu-
ral instability theory highlights the difficulty of maintaining
a stable body state during exposure [14]. Individual dif-
ferences are also important. Age, gender, previous motion-
sickness experience, and familiarity with VR can change
susceptibility [15]. Among subjective assessment tools, the
Simulator Sickness Questionnaire remains one of the most
widely used instruments [1].

Hardware and content conditions further influence dis-
comfort. Display latency, refresh rate, field of view, optical
flow, camera movement, and locomotion strategy can all
change sickness intensity. Early mitigation work emphasized
lower latency and higher frame rate [16], and later stud-
ies compared navigation modes such as teleportation and
continuous movement. Accurate symptom measurement is
therefore the basis for risk analysis, model training, and
real-time intervention.

Subjective scales were the earliest and most common
measurement approach. The SSQ uses self-reported ratings
to summarize discomfort [1], and the VIMSSQ extends this
idea for visually induced motion sickness by combining
related questionnaire tools [17]. These methods are conve-
nient, but they depend on user memory and cooperation.
They also cannot provide dense labels throughout a VR
session.

Objective physiological sensing has been explored to
overcome these limits. EGG, ECG, EEG, heart-rate vari-
ation, and blink-related features have been examined as
discomfort indicators [4,18]. However, cybersickness is dy-
namic and user-dependent, so a single signal type often
cannot describe the full process or generalize reliably across
experimental conditions.

Recent work therefore turns toward multimodal temporal
modeling, especially the combination of gaze and head-
motion features. Prior physiological studies provided use-
ful ideas for dynamic representation [19]. MS-STTN used
Transformer modules to model spatiotemporal patterns from
eye and head data [2,20], improving prediction accuracy
but still relying on synchronized collection and relatively
sparse labels. Adaptive cross-modal attention used in other
domains also suggests that learnable modality weighting can
be beneficial [5]. The joint modeling of long-context trends
and short transient responses, however, remains insufficient.

More broadly, cybersickness prediction is moving toward
HMD-compatible behavioral sensing. Some methods com-
bine body movement with machine learning but do not ex-
plicitly represent long-range dynamics [3]. Others improve
cross-scene robustness through self-supervised learning but
do not fully exploit the temporal complementarity between
gaze and head motion [21].

In summary, the research trajectory has shifted from ques-
tionnaire scoring to physiological measurement, multimodal
learning, deep temporal modeling, and cross-user adapta-
tion. The remaining gaps lie in early modality interaction,
unified global-local modeling, and flexible fusion.

Real-time deployment studies further require a balance
among accuracy, interpretability, computational cost, and
early-warning ability [22-26]. These requirements motivate
the lightweight but adaptive structure developed in this
paper.

III. METHODOLOGY
CyberGATE predicts cybersickness by extracting comple-
mentary temporal information from synchronized eye and
head signals. Figure 1 presents the overall structure. One
branch focuses on long-range sequence context, and the
other focuses on local short-duration responses. This design
is based on the fact that cybersickness can be produced
by both cumulative exposure and brief sensory disturbances
[6,7]. The global branch learns modality-aware temporal de-
pendencies through multi-view embedding, Mamba encod-
ing, and KAN-based expert routing. The local branch pro-
cesses decomposed patches to identify short-term variations.
Finally, a fusion router combines the two representations for
sample-specific prediction.

The input stage adopts a dual-path cross-attention em-
bedding module to allow eye and head features to interact
before deeper encoding. Each modality is first projected into
a latent representation. The paired modality then provides
complementary keys and values for cross-attention, so visual
and vestibular information can be aligned at an early stage.
Equation (1) defines the cross-modal attention computation
used by the embedding module.

A = Softmax

(
QKT

dk

)
, Xcross = A · V (1)

Equation (2) gives the updated token representation after the
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FIGURE 1. Overview of CyberGATE.

Note: The framework uses a FusionRouter to combine global state-space features and local patch-attention features. The major blocks include multi-view embedding,
KAN-MoE experts, decomposition-aware encoding, and local window attention.

cross-modal interaction.

X = Xtoken +Xcross (2)

This embedding design preserves modality-specific informa-
tion while allowing the two channels to exchange evidence.
Such early interaction helps represent visual-vestibular in-
consistency, which is closely related to cybersickness [27].

For long-horizon temporal modeling, Mamba is used as
the backbone of the global branch [9]. Unlike recurrent
models that update hidden states sequentially and are less
parallelizable [28], the state-space formulation can process
wearable signal sequences efficiently. Its state update is
expressed as

h(t) = Ah(t− 1) +Bx(t),

y(t) = Ch(t).
(3)

In this expression, h(t) is the hidden state, x(t) is the input
at time t, and A, B, and C are trainable parameters. Global
average pooling then converts the encoded sequence into a
fixed-length vector that summarizes the whole observation
window.

The model also includes a sparse expert module to
handle large differences among users and motion patterns.
The experts are implemented with Kolmogorov-Arnold Net-
works rather than ordinary MLPs [10]. Their spline-based
functions are suitable for smooth continuous trajectories and
provide better interpretability for behavioral signals [29]. A

router selects the top-k experts for each sample and assigns
normalized weights to their outputs.

fglobal =
∑

i∈Top-k
wi · fi(z) (4)

Because only a subset of experts is activated, different
experts can specialize in different response patterns while
the whole model still keeps generalization ability.

The local branch is introduced to capture short events that
may disappear after global pooling. It uses a Decomposition-
Aware Patch Transformer. A learnable decomposer separates
the input sequence into a low-frequency trend and a high-
frequency residual [11]. These two components are pro-
cessed by independent patch encoders. With patch size p
and stride s, the trend component is segmented as follows.

Xpatch = Unfold(T ) ∈ RB×C×p×N (5)

The patch number depends on the sequence length, patch
size, and stride. After segmentation, patches are flattened,
projected into D-dimensional tokens, and enhanced with
learnable positional encodings, as shown in Figure 1(c). Lo-
cal attention is then applied to the patch tokens. Compared
with full-sequence attention, windowed attention reduces
computation and focuses more directly on abrupt temporal
changes [8,30,31]. Its local self-attention is formulated as
[11]

Attention(Qw,Kw, Vw) = softmax

(
QwK

T
w

dk

)
Vw (6)
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Here, the query, key, and value are limited to the current
window. The attention-enhanced trend and residual outputs
are added and then pooled in two stages.

Hlocal = AvgPoolchannel
(
AvgPoolp (Ttrend + Tresidual)

)
(7)

The pooled local vector compactly represents short-range
temporal behavior. The two branches are integrated by an
adaptive fusion module. Eye and head features are first
combined inside each branch. A lightweight router then
generates two weights for the global and local outputs,
with the weights constrained to sum to one. The final
representation is

Hfinal = αglobal ·Hglobal + αlocal ·Hlocal (8)

With this routing strategy, the network can rely more on
long-term context or on local fluctuations depending on the
observed signal pattern. The fused vector is fed into a linear
regression head to produce the cybersickness score.

ŷ = Wfffinal + b (9)

The regression head contains a learnable weight and bias.
The main optimization target is mean squared error,

LMSE =
1

B

B∑
i=1

(ŷi − yi)
2 (10)

and a KAN regularization item is added to improve smooth-
ness and control complexity,

LKAN =

NKAN∑
i=1

R
(i)
KAN (11)

so the total training loss is obtained by combining the two
parts.

Ltotal = LMSE + λ · LKAN (12)

The coefficient of the regularization term is set to 1e-3 in
the experiments.

IV. EXPERIMENTS AND RESULTS
A. DATASETS
Two public datasets are used in the experiments: MSCVR
from the PRE-CYSE project and the VR Cybersickness
dataset from ETH Zurich [2,32]. They differ in task setting,
label design, and available signals, but both were collected
with the HTC VIVE Pro Eye device. To make the com-
parison consistent, this study keeps only the common eye-
tracking and head-motion features and excludes EEG, EDA,
BVP, and other physiological channels. This setting tests the
predictive ability of HMD-native measurements.

1) MSCVR Dataset
MSCVR contains 2,700 labeled samples collected from 45
participants between 20 and 36 years old. The mean age is
24.4 years, with 24 male and 21 female participants. The
average MSSQ score is 10.0, and the standard deviation is

TABLE 1. Modalities and extracted features

Modality Extracted features

Eye movement [From each of the left and right eyes] eye openness;
gaze direction (x, y, z); gaze origin (x, y, z); pupil
diameter

Head transform Head position (x, y, z); head rotation (yaw, pitch,
roll)

8.71, indicating a normal range of cybersickness suscep-
tibility. Participants watched twenty 45-second panoramic
VR videos from ten themes. Eye and head signals were
recorded during viewing, and Fast Motion Sickness scores
were reported every 15 seconds. Therefore, each video
produced three labeled segments.

2) VR Cybersickness Dataset
The VR Cybersickness dataset includes 16 participants aged
from 26 to 37 years, including 10 males and 6 females. Dur-
ing a VR cycling task, participants continuously indicated
discomfort with a joystick. Although EEG is emphasized in
the original dataset, this paper extracts the same 22 eye and
head features for a unified input format. All participants had
prior VR experience and no severe motion-sickness history.

The two datasets together provide stable, high-frequency
HMD measurements that cover gaze movement and head-
pose variation. A shared feature and preprocessing scheme
makes it possible to evaluate one model under comparable
conditions.

B. PREPROCESSING
The two datasets were first handled independently and then
converted to the same sampling rate, feature dimension,
and target scale. The MSCVR processing procedure served
as the reference. For MSCVR, the 90 Hz recordings were
resampled to 25 Hz to remove redundancy and reduce
noise. Duplicate records were discarded. Each 45-second
video was split into three 15-second windows, so each
sample contained 375 time steps. The input contained 22
features, including 16 gaze-related features and 6 head-
motion features, as listed in Table 1. Min-Max normalization
scaled all features to [0,1], and FMS scores on the 0-20
range were used as labels.

For the VR Cybersickness dataset, the same 22-
dimensional feature set was retained and resampled to 25
Hz. Joystick labels originally ranging from 0 to 1 were
linearly mapped to the 1-20 interval to match the MSCVR
label range. After these steps, both datasets shared consistent
input and output formats, allowing the same training and
testing pipeline to be applied.

C. EXPERIMENTAL SETTINGS
Training was performed with Adam. The initial learning rate
was 1e-4, and cosine annealing was used for 128 epochs.
Each iteration cleared gradients, executed the forward pass,
calculated the loss, and updated parameters. The loss con-
tained the regression term and the KAN regularization term
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in Eq. (12). Gradient accumulation was used when the mini-
batch was smaller than the target batch size. To reduce target
imbalance, samples were weighted by the inverse frequency
of their label bins. The model with the best validation score
was saved.

The final architecture integrates Multi-View Embedding,
MambaMoE, KAN experts, and DAPatchTrans. This com-
bination is intended to capture both global context and short
local changes. The evaluation protocol follows the original
dataset designs: five-fold cross-validation for MSCVR and
leave-one-subject-out testing for VR Cybersickness. These
settings provide a fair comparison and examine cross-subject
robustness.

D. MODEL COMPLEXITY AND EFFICIENCY ANALYSIS
Computational feasibility is important for online cybersick-
ness warning. Therefore, CyberGATE is compared with
LSTM, Bi-LSTM, and Transformer baselines under identi-
cal input shapes: 128 x 16 for eye features and 128 x 6 for
head features, with a batch size of 128. The comparison uses
trainable parameter count, FLOPs, and inference latency on
CPU and GPU.

As shown in Figure 2, Transformer has the largest
model size, with 1.13M trainable parameters. This is much
larger than LSTM and Bi-LSTM, mainly because multi-
head attention and feed-forward layers introduce substantial
capacity. Transformer also reaches 2.25M FLOPs, far above
the recurrent baselines. The main reason is the quadratic
dependence of self-attention on sequence length.

Latency follows a similar pattern. On CPU, LSTM
achieves the shortest batch latency, while Transformer is
the slowest. Bi-LSTM lies between them because the bidi-
rectional structure increases recurrent computation. GPU
acceleration reduces absolute latency for all models, but the
ranking remains similar. Thus, the architecture itself remains
a key factor in real-time efficiency.

For Mamba-based models, the FLOPs reported by the
thop profiler should be interpreted as approximate lower
bounds because custom selective state-space kernels are not
fully traced. The reported value mainly reflects operations in
ordinary linear layers. Even under this limitation, the results
show that Transformer models can be computationally ex-
pensive for latency-sensitive VR scenarios. CyberGATE is
designed to reduce this pressure by combining linear-time
state-space modeling with localized attention.

E. EVALUATION METRICS
Two regression metrics are used: MAE and RMSE. MAE
measures the average absolute prediction error. RMSE gives
larger penalties to large deviations and is therefore more
sensitive to outlier predictions.

F. COMPARISON WITH CURRENT METHODS
Ten representative methods are selected for comparison. For
reproducible baselines, all models use the same bimodal
input, including 16 eye features and 6 head-motion features.

TABLE 2. Performance comparison on the MSCVR dataset

Work Method MAE RMSE

DeepLSTM [33] LSTM 0.79 1.26
Informer [34] Transformer 0.68 1.14
Mamba [9] State-space model 0.65 1.15
PhysioDNN [35] CNN-LSTM 0.54 0.38
HMDPrediction [36] CNN-LSTM 0.20 0.62
MAC [37] CNN-LSTM 0.17 0.28
MS-STTN [2] Transformer 0.12 0.25
AutoDetectionCS [38] cGAN-LSTM 0.56 1.05
CyberGATE (ours) Mamba-Transformer 0.08 0.19

Preprocessing, splitting, and evaluation are kept consistent
as far as possible.

1) DeepLSTM [33]: a ten-layer LSTM autoencoder with
encoder-decoder stacking, dropout, and a fully con-
nected reconstruction head.

2) Informer [34]: a long-sequence Transformer variant
that uses ProbSparse attention, distillation, and gener-
ative decoding.

3) Mamba [9]: a state-space baseline that processes pro-
jected features in separate modules and concatenates
their outputs for final prediction.

4) PhysioDNN [35]: a CNN-LSTM network combining
time-distributed convolution, bidirectional recurrent
modeling, and a dense output layer.

5) HMDPrediction [36]: a 3D-CNN and temporal CNN-
LSTM model for spatiotemporal feature extraction
and sickness-score estimation.

6) MAC [37]: a multimodal attention model using
convolution-attention and Bi-LSTM-attention mod-
ules.

7) MS-STTN [2]: a dual-stream Transformer with sepa-
rate spatial and temporal encoders for eye and head
modalities.

8) AutoDetectionCS [38]: a Bi-LSTM model supported
by conditional-GAN augmentation and temporal con-
volution.

9) KinematicModel [39]: a deep network integrating
physiological encoding, LSTM temporal processing,
and a linear prediction head.

10) BeyondSubjectivity [32]: a compact two-stream model
that fuses multiscale spatiotemporal information for
symptom grading.

Tables 2 and 3 summarize the results on MSCVR and
VR Cybersickness. Reproduced methods are tested under
the same conditions, while non-reproduced results follow
the original reports. On MSCVR, CyberGATE achieves the
lowest MAE and RMSE. It outperforms strong baselines
such as MS-STTN and AutoDetectionCS. Paired t-tests and
Wilcoxon signed-rank tests confirm significant improve-
ments over representative competitors at p < 0.01.

On the VR Cybersickness dataset, CyberGATE also ob-
tains the best MAE and a competitive RMSE. It improves
over Mamba and AutoDetectionCS in the main comparison.
Although BeyondSubjectivity and KinematicModel report
lower RMSE values, their MAE values are much larger,
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FIGURE 2. Comparison of model size, computational cost, and inference
latency.

Note: The panels compare parameters, FLOPs, and CPU latency using the same batch size. Transformer requires more computation than recurrent baselines.

TABLE 3. Performance comparison on the VR Cybersickness dataset

Work Method MAE RMSE

DeepLSTM [33] LSTM 0.80 1.10
Informer [34] Transformer 0.95 1.31
Mamba [9] State-space model 0.70 1.07
KinematicModel [39] Conv-LSTM 0.86 0.40
BeyondSubjectivity [32] Conv-LSTM 0.96 0.44
AutoDetectionCS [38] cGAN-LSTM 0.61 0.97
CyberGATE (ours) Mamba-Transformer 0.52 0.79

showing weaker overall regression stability. Statistical test-
ing again supports significant improvement over the princi-
pal baselines.

Overall, the results show that CyberGATE provides a
strong balance between accuracy and generalization across
the two datasets.

G. VISUALIZATION OF ADAPTIVE FUSION AND EXPERT
ROUTING
The results in Section 4.6 show the overall advantage of Cy-
berGATE, but they do not reveal which internal mechanisms
are responsible. The model is based on two assumptions.
First, a learnable gate should select different proportions of
global state-space information and local spectral-temporal
information for different samples. Second, sparse expert

routing should allow heterogeneous eye and head patterns
to be modeled without forcing every sample through one
shared mapping. To test these assumptions, a one-factor-at-
a-time sensitivity study is conducted on five hyperparame-
ters of the fusion gate and MoE router.

All other settings follow Section 4.3. Each variant is
trained and evaluated with the same data split, so the
comparison is less affected by random partitioning. Table 4
lists the sensitivity results, and Figure 3–Figure 5 visualize
routing and fusion behavior.

Figure 3 analyzes the MoE router. Validation accuracy
first rises when the number of experts increases from two
to four, then declines at six experts and partially recovers
at eight. This suggests that the router needs enough experts
for specialization but also enough samples per expert for
stable fitting. If there are too few experts, heterogeneous
gaze and head patterns are mixed into the same function.
If there are too many, each expert receives limited data and
KAN spline fitting becomes less reliable. The top-k results
change only slightly, but sparse routing performs marginally
better, indicating that the experts are not simply redundant.

Figure 4 examines the adaptive fusion gate. The window
size of the local SST-LWT branch barely changes perfor-
mance across tested values, which indicates that the router
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TABLE 4. Sensitivity analysis of adaptive fusion and expert routing in CyberGATE. Bold values denote the default setting, and delta indicates the sweep range in
percentage points

Module Hyper-parameter Value Val. Acc. (%) Val. macro-F1 (%)

Expert routing Ne (∆ = 0.60/0.73) 2 98.88 98.63
Expert routing Ne (∆ = 0.60/0.73) 4 99.24 99.08
Expert routing Ne (∆ = 0.60/0.73) 6 98.65 98.35
Expert routing Ne (∆ = 0.60/0.73) 8 98.83 98.57
Top-k sparsity k (∆ = 0.15/0.18) 1 99.42 99.30
Top-k sparsity k (∆ = 0.15/0.18) 2 99.41 99.28
Top-k sparsity k (∆ = 0.15/0.18) 3 99.37 99.23
Top-k sparsity k (∆ = 0.15/0.18) 4 99.28 99.12
SSM state dim. dstate (∆ = 0.64/0.79) 4 99.30 99.15
SSM state dim. dstate (∆ = 0.64/0.79) 8 99.28 99.12
SSM state dim. dstate (∆ = 0.64/0.79) 16 99.37 99.23
SSM state dim. dstate (∆ = 0.64/0.79) 32 98.73 98.45
Local window wℓ (∆ = 0.02/0.03) 3 99.39 99.25
Local window wℓ (∆ = 0.02/0.03) 5 99.37 99.23
Local window wℓ (∆ = 0.02/0.03) 7 99.37 99.23
Local window wℓ (∆ = 0.02/0.03) 9 99.39 99.26
Local window wℓ (∆ = 0.02/0.03) 11 99.37 99.24
Backbone width dmodel (∆ = 2.70/3.31) 128 96.62 95.86
Backbone width dmodel (∆ = 2.70/3.31) 256 99.32 99.17
Backbone width dmodel (∆ = 2.70/3.31) 512 99.03 98.82

FIGURE 3. Expert-routing landscape.

Note: The expert-count curve shows an inverted-U pattern, while denser top-k
routing slightly reduces validation performance, implying that expert specialization
is beneficial.

FIGURE 4. Asymmetric sensitivity of the adaptive fusion gate.

Note: Local-window size has little effect, whereas too small a backbone width
clearly hurts performance. FusionRouter can absorb local-window uncertainty but
cannot compensate for insufficient global representation.

can rescale local evidence and reduce dependence on a
precise receptive-field setting. Backbone width behaves dif-
ferently. When the width is reduced, accuracy drops sharply,
revealing a representation bottleneck. A larger width brings

FIGURE 5. Capacity-generalization elbow of the SSM state dimension.

Note: Accuracy saturates at moderate state dimensions and then drops at the largest
setting, suggesting a transition from useful capacity to noise fitting.

only a slight regression, likely because the fixed training
budget cannot fully support the increased capacity. This
contrast shows that adaptive fusion handles local uncertainty
but cannot recover information that the upstream encoder
never extracts.

The last sweep considers the SSM state dimension. Per-
formance stays almost unchanged at moderate dimensions
and decreases when the dimension is increased to 32. This
pattern implies that the hidden state only needs enough
capacity to capture the intrinsic temporal structure of cy-
bersickness. Beyond that point, extra dimensions may model
noise rather than signal. The selected dimension therefore
corresponds to a capacity-generalization elbow.

Three observations can be drawn from these visualiza-
tions. Router hyperparameters and SSM state dimension
show limited variation, indicating that CyberGATE is not
highly fragile to tuning. The local-window parameter is
almost inactive, consistent with the expected compensatory
role of adaptive gating. Backbone width is the only clearly
sensitive factor, because later reweighting cannot replace
missing upstream representation. These results support the
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robustness of CyberGATE along the dimensions that adap-
tive fusion is designed to handle.

H. ABLATION STUDY

TABLE 5. Ablation study results on the MSCVR and VR Cybersickness

datasets

Model variants MSCVR MAE MSCVR RMSE VR Cybersickness MAE VR Cybersickness RMSE

w/o Head features 0.33 0.90 0.74 1.10
w/o Eye features 0.89 1.38 0.80 1.15
w/o Multi-view embedding 1.02 1.18 1.13 1.28
w/o Mamba backbone 0.17 0.29 0.63 0.98
w/o KAN experts 0.37 0.84 0.87 1.28
w/o Global path 1.21 1.53 1.21 1.57
w/o Local path 0.18 0.37 0.90 1.26
w/o Adaptive fusion 0.52 1.05 0.71 1.09
Full CyberGATE 0.08 0.19 0.52 0.79

Table 5 gives the ablation results on both datasets. Each
major component contributes to the final performance, since
removing any module increases prediction error.

The global branch has the strongest effect on long-range
temporal modeling. Without it, MAE and RMSE increase
noticeably. Removing Multi-View Embedding or Mamba
also weakens performance, showing that early modality
interaction and global sequence encoding are necessary for
describing cybersickness trends.

The local branch improves sensitivity to short distur-
bances. This is especially clear for the VR Cybersickness
dataset, where visual and vestibular changes can be abrupt.
On MSCVR, removing the local branch or Mamba causes a
smaller decline, probably because the video content is more
stable and global patterns dominate.

The ablation results demonstrate that the two branches
provide different but complementary information. Their
integration enables the model to describe both persistent
discomfort trends and transient response changes.

V. CONCLUSION
This paper develops CyberGATE, a multimodal cybersick-
ness prediction model based on adaptive multiscale gated
fusion. The model uses eye and head signals to estimate
symptom intensity continuously. The global branch learns
long-range temporal patterns through multi-view embedding
and Mamba-MoE modeling, while the local branch captures
short changes with decomposition-aware patch encoding
and local attention. Experiments on MSCVR and VR Cy-
bersickness show that CyberGATE performs better than
representative baselines in most evaluation settings. Ablation
and LOSO analyses further confirm the importance of both
branches and indicate good cross-subject generalization.
These findings suggest that CyberGATE can serve as an
effective technical basis for real-time cybersickness moni-
toring in immersive VR.

The study also has limitations. The two datasets contain
limited participant diversity, so further tests are needed
across broader ages, devices, interaction styles, and VR
contents. Eye and head features are convenient for HMD
deployment, but excluding physiological sensors may miss
some hidden discomfort states. In addition, the present
method is trained offline, whereas practical VR systems may

face distribution drift and personalized symptom thresholds.
Future work will explore personal calibration, uncertainty-
aware prediction, and online updating for long-term use.
Lightweight physiological sensing, real-time scene descrip-
tors, and adaptive intervention policies can also be integrated
so that prediction results directly support dynamic content
adjustment and user comfort optimization.
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