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Abstract

Long-term viewport prediction is a key technique for improving
the users’ quality of experience of 360° video. However, existing
methods suffer from two major limitations. First, they overlook
the mismatch between saliency-based visual priors and user atten-
tion mechanisms, thus deriving saliency maps that align poorly
with real user viewport movements. Meanwhile, they lack effec-
tive modeling of the correlation between head and eye behaviors,
and fail to produce accurate viewport predictions. To address these
issues, this paper proposes BAT-VP, a novel behavior-modulated
long-term viewport prediction system for 360° videos. First, we
propose a visual graph encoding module to extract prototypes of
users’ historical visual preferences. Then, we introduce a behavior-
modulated visual attention module that dynamically generates user-
level saliency maps. Meanwhile, we design a head & eye soft align-
ment module to model the collaborative behavior between head
and eye-movements. Finally, these multimodal outputs are passed
through a novel Temporal & Visual Fusion module that enables
adaptive collaborative prediction across time horizons. Through
comprehensive evaluation on two datasets, BAT-VP outperforms
five representative baselines, improving overall and long-term IoU
by at least 4.9% and 7.6%, respectively, while maintaining low com-
putational overhead.
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« Information systems — Multimedia information systems;
« Human-centered computing — Human computer interac-
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1 INTRODUCTION

Virtual reality technology, as an important bridge connecting hu-
mans and virtual worlds, has in recent years been driving the evo-
lution of video consumption from traditional flat viewing toward
360° panoramic immersive experiences, owing to its strong sense
of immersion, high interactivity, and powerful scene reproduction
capability. It has consequently become an important development
direction for next-generation streaming systems [37, 43, 50]. How-
ever, compared with conventional 2D video, 360° panoramic video
usually requires several times higher data rates to render and trans-
mit the entire scene content [17, 43], while users in practice only
attend to a local viewport at any given moment. This not only
causes substantial bandwidth and computational waste, but may
also lead to video stalling, degrade user experience, and even induce
motion sickness or cybersickness [5, 11]. Therefore, viewport pre-
diction for 360° videos has become a key technique for improving
transmission efficiency and perceptual quality, and its accuracy
directly determines the effectiveness of system resource allocation
and the quality of user experience [17, 43, 45].

To improve viewport prediction performance, prior methods
initially relied on purely temporal modeling, leveraging users’ his-
torical head trajectories or viewport sequences for short-term pre-
diction [8, 34, 36]. However, in long-term prediction, user view-
ports are increasingly guided by video content and deviate from
short-term inertial trajectories. Based on this observation, subse-
quent studies began to incorporate visual priors such as saliency
maps, object semantics, and visual features to improve long-term
prediction performance [17, 22, 26, 47]. However, directly adopt-
ing off-the-shelf saliency maps remains insufficient, since such
priors reflect general visual importance rather than user-specific
attention [30, 51]. Users in the same scene may attend to different
regions, even with low saliency, due to heterogeneous historical
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viewing trajectories, current positions, and motion states [30, 51].
Therefore, the model must not only perceive where is salient, but
also determine its relevance to the current user, thus transform-
ing video-centric saliency priors into dynamic, personalized visual
guidance [17, 26]. However, establishing such user-centric visual
guidance imposes an essential challenge, as user preferences are im-
plicitly embedded in a long historical viewport sequence and mixed
with short-term noise, redundant content, and temporally imbal-
anced information. Directly modeling all historical visual features
is computationally expensive and may introduce redundancy.

Beyond visual priors, behavioral signals also provide important
cues for future viewport changes. Prior studies have shown that
the two signals are correlated but non-equivalent [14, 33], with eye-
movements often revealing attention shifts and exploratory behav-
ior earlier than head-movements [33, 40]. However, their correlation
and contributions are variable over time. Existing methods typically
encode the two modalities separately and fuse them directly, failing
to model this dynamic relationship or exploit early eye-movement
cues, thereby limiting prediction performance [33, 40, 47].

Motivated by the above issues, this paper first analyzes through
preliminary studies the characteristics of saliency variation under
behavioral constraints and the relationship between head and eye
behaviors. Then, this paper proposes BAT-VP, a novel behavior-
modulated long-term viewport prediction system for 360° videos.
BAT-VP consists of multiple design modules to jointly improve the
long-term viewport prediction performance. First, it introduces a
novel Visual Graph Encoder (VGE) that innovatively models users’
historical viewport contents as a graph to extract their historical
visual preferences. Next, it proposes a Behavior-Modulated Visual
Attention module (BMVA) to produce a user-level saliency map that
matches the current user state by jointly considering historical view-
ing behavior, motion trends, and spatial constraints. Furthermore,
to provide more sensitive behavioral intention cues, we design a
head & eye soft alignment module (SAM) that adaptively aligns and
interacts head & eye behavioral representations. Finally, a Temporal
& Visual Fusion strategy is proposed to adaptively fuse multimodal
features and improve prediction stability. The main contributions
of this paper are summarized as follows:

o We study and verify the effectiveness of historical behavior
modulation in improving the individualized visual saliency
priors. We further quantitatively reveal the head & eye cou-
pling relationship during 360° video viewing and the predic-
tive role of eye-movements for future viewport changes.

e Based on our observations, we propose BAT-VP, a novel user
behavior-modulated long-term viewport prediction system,
and empower it with multiple novel modules such as VGE,
BMVA, SAM, and a Temporal & Visual Fusion strategy, to
enhance short-term and long-term prediction performance.

e We conduct a comprehensive evaluation of the proposed
BAT-VP system on two representative datasets. The results
show that BAT-VP outperforms mainstream solutions in
short-term, long-term, and overall viewport prediction while
maintaining low computational overhead.
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2 RELATED WORK
2.1 Viewport Prediction in 360° Videos

Viewport prediction has been extensively studied as a key technique
for improving quality of experience in 360° video [17, 43]. Early
studies mainly relied on users’ short-term motion inertia such as
historical head-movements or viewport trajectories for short-term
viewport prediction. These methods can be broadly categorized into
trajectory-based prediction [3, 29], clustering-based prediction [8,
25], and sequential prediction [34, 42]. However, as the prediction
horizon enlarges, users gradually deviate from inertial motion and
are increasingly attracted by video content, resulting in large long-
term prediction errors [8, 17, 42].

To address this, subsequent studies incorporated visual content
into viewport prediction. Feng et al. [16] first proposed hybrid
motion tracking that jointly models user behavior and video content.
Later work further improved long-term prediction by addressing
projection distortion [22, 39], mobile efficiency [46], and tiling
design [1]. Building on these advances, recent methods explore
multi-scale trajectory modeling, content-aware fusion, multimodal
Transformers, and spatiotemporal alignment [12, 17, 18, 32, 47, 49].

Meanwhile, correlations between head and eye-movements have
been investigated and modeled for tasks such as eye-movement
prediction and behavioral pattern analysis [20, 33, 40], supported by
several public datasets [4, 14, 41]. On this basis, recent studies have
integrated eye-movements to assist viewport prediction [7, 47].

Despite these advances, existing methods treat eye-movements
merely as an additional modality, overlooking head & eye coordi-
nation and historical visual preferences. To address this gap, this
paper first performs a behavioral study, then enhances viewport
prediction by harnessing these two features.

2.2 Saliency-Guided Viewport Prediction

Video saliency models estimate visually attractive regions that
approximate human attention and are widely used in immersive
streaming, tile selection, and compression optimization [2, 13, 24,
27]. To further enhance long-term viewport prediction, researchers
have incorporated salient visual features from 360° videos [17, 22,
26, 47] via various saliency prediction methods [44, 48, 51].

However, these methods simply take the saliency features pre-
dicted by the above models as visual priors; such saliency, reflecting
population-level visual attraction, does not consider the personal-
ized attention priors of the current user. To bridge this gap, Qiao
et al. [30] proposed a novel saliency model, which adapts saliency
prediction to users’ viewport heterogeneity. Yet, its output remains
a group-level saliency map based on visual features without consid-
ering user-level features. In this work, we propose to dynamically
generate saliency maps for the current user at the current moment
based on users’ historical behaviors.

3 PRELIMINARY STUDY

3.1 Behavior-Aware Saliency Prior Analysis

Traditional saliency models primarily reflects population-level con-
tent attractiveness; in practice, user attention is jointly constrained
by previously viewed regions, current motion trends, and spatial
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Figure 3: Comparison of saliency peaks with ground-truths.

reachability [35, 51]. This suggests necessity of constructing user-
level saliency maps for viewport prediction.

To verify this, we first take the raw saliency maps as the ba-
sis and introduce three Behavior-Aware modulation mechanisms,
namely inhibition of return, directional enhancement, and spatial
decay, which respectively suppress previously viewed regions, en-
hance candidate regions aligned with the current motion tendency,
and attenuate distant irrelevant areas. The constructed user-level
saliency maps are then evaluated by two metrics: Normalized Scan-
path Saliency (NSS), which measures saliency responses at ground-
truth fixation locations, and Correlation Coefficient (CC), i.e., the
overall spatial similarity to the ground-truth. As shown in Fig. 1,
after behavior modulation, the saliency maps achieve consistent
improvements in NSS and CC across all prediction horizons.

Fig. 2 visualizes that traditional saliency maps often contain
multiple hotspots and fail to accurately correspond to the user’s
ground-truth current and future attention (top left). In contrast, the
user-level saliency distribution becomes more concentrated and
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Figure 4: Statistical analysis of head & eye behavioral pat-
terns. (a) Head & eye temporal shift. (b) Head & eye deviation.
(c) Head & eye correlation.

better aligned with the user’s ground-truth attention (top right).
This can be explained by the suppression in previously viewed
hotspots (bottom left), the enhancement in regions along the future
motion tendency (bottom middle), and the decay of peripheral
irrelevant regions (bottom right). Fig. 3 further demonstrates lower
error of the behavior-modulated saliency map compared to the
original one across both short and long prediction horizons.
These findings indicate that user attention is dynamically shaped
by behavioral history and motion state, suggesting the need to
move from video-centric toward user-centric saliency. Therefore,
we incorporate behavioral constraints into visual saliency modeling
and dynamically construct personalized visual priors (§4.2-4.3).

3.2 Head & Eye Behavioral Pattern Analysis

Beyond visual priors, the coordination between head and eye-
movements also serves as an important behavioral cue affecting
viewport transitions. To validate this, we further conduct a statisti-
cal analysis of head & eye relationships over large-scale viewing
sequences.

We make several observations from our experiment results. First,
as shown in Fig. 4a, eye-movements generally exhibit a dynamic
temporal shift from head-movements. Second, Fig. 4b illustrates
that a higher head & eye deviation typically suggests a larger subse-
quent viewpoint change. Third, Fig. 4c indicates strong correlation
between the eye-offset direction and future head motion direction
over short term ranges, which gradually weakens as the prediction
horizon increases.

These observations suggest that eye-movements contain impor-
tant cues that can predict users’ viewport dynamics; however, such
cues exhibit dynamic temporal shifts. In correspondence, we design
a head & eye soft alignment mechanism to adaptively extract and
exploit collaborative information between the two signals (§4.4).

4 SYSTEM DESIGN
4.1 System Overview

To address the aforementioned challenges in long-term viewport
prediction, we propose Behavior-Aware Temporal-Visual Viewport
Prediction (BAT-VP). Fig. 5 illustrates the overall framework. It con-
sists of four components: the Head & Eye Soft Alignment Module
(SAM), Visual Graph Encoder (VGE), Behavior-Modulated Visual
Attention (BMVA), and Temporal & Visual Fusion.

When a user starts watching a video, the system collects histor-
ical head and eye trajectories. To address the dynamic temporal
offsets between eye and head-movements, SAM processes these
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signals within a local temporal window and produces a unified
motion representation for near-future prediction. Subsequently,
VGE extracts local visual features from historical viewport contents
and compresses them into a time-invariant user preference proto-
type, which is broadcast across all future prediction steps. BMVA
combines future saliency information with head-motion-derived
behavioral priors to generate user-level saliency representations,
thereby complementing SAM with visual guidance as motion iner-
tia weakens over longer horizons. Finally, the outputs of SAM, VGE,
and BMVA are mapped into a shared feature space and assigned
horizon-specific weights by the Temporal & Visual Fusion module,
which gradually shifts prediction reliance from motion cues toward
preference and visual cues to produce the final viewport prediction.

4.2 Visual Graph Encoder

To address the difficulty of capturing structured user preferences
from raw historical sequences, we propose the Visual Graph En-
coder (VGE), which models historical viewport contents as a user’s
visual preference graph. For a history of length L, viewport re-
gions are sampled along the user’s head trajectory. We employ
ResNet50 [19] as the backbone network to extract a sequence of
local visual features Fy.; = {ft},L:l where f; denotes the visual
representation of the viewport region at time step t. To capture
the structural relationships among historical viewport series, we
organize this feature sequence as a graph structure for modeling.
Specifically, each historical feature is treated as a graph node, and
edges are derived based on cosine similarities, a widely adopted
in visual representation similarity modeling [38], between nodes:
Sij = % To suppress noisy correlations introduced by long-
range temporal connections, we impose a temporal neighborhood
constraint such that candidate edges are only established within
a local window &, and a similarity threshold ¢ to eliminate low-
similarity pairs, and construct the adjacency matrix:

1

_JL Sij>eand|i-j| <6,
Y 0, otherwise.

We add self-connections to keep nodes” own features: A = A + L.

Then, we employ PageRank [28] on the constructed graph to
estimate the centrality scores of historical nodes [23], thereby mea-
suring the relative importance of each viewport segment within
the overall viewing trajectory. Since later observations are typically
more informative for future prediction, we introduce a temporal
weight vector 7 and combine it with the graph centrality scores r
to obtain the final fusion weights wy.; = {w;}:

w = Softmax(fr + log(7)), 2)

where f is a scaling coefficient. The resulting user visual preference
prototype is given by XV°F = Zle wy £

4.3 Behavior-Modulated Visual Attention

As aforementioned, existing saliency-based approaches rely on
generic saliency models that fail to incorporate personalized at-
tention priors. To bridge this gap, inspired by insights from prior
studies [6, 9, 21, 35], we propose Behavior-Modulated Visual At-
tention (BMVA), which dynamically generates user-level saliency
maps for future frames based on historical motion behaviors.

Peiyang Chen et al.

Let the future prediction horizon be P. For each future time step
t €{1,..., P}, asaliency map is precomputed as S, € RF*W_ Given
the historical head trajectory Hy.r, BMVA injects three complemen-
tary behavior priors as detailed below.

Inhibition of Return (IoR). To characterize the behavioral phenom-
enon that previously explored regions are temporarily suppressed,
we construct a soft cumulative exploration map on the spherical
grid based on the historical trajectory and apply Gaussian diffusion
to obtain a normalized exploration intensity map E. Then, the IOR
factor is defined as

MR = 1 _ A1 RE, (3

where AR is a learnable coefficient. This term redistributes at-
tention weights from recently visited regions to areas that are
more likely to attract attention under the current behavioral con-
text. Meanwhile, it enhances the saliency of previously unobserved
hotspots while preserving residual influence from historical hotspots.

Directional Enhancement. Viewport movements usually exhibit
strong motion continuity. To capture the directional characteris-
tics of future attention transitions, we further compute directional
consistency between each spherical grid location and the current
motion direction, and construct a directional enhancement term

MPE =14 Apg - maX(O, cos 9), (4)

where 6 denotes the angle between the grid direction and the cur-
rent motion direction, and Apg is a learnable coefficient. This term
assigns higher gains to regions aligned with the current motion di-
rection and potential turning trend, enabling the model to consider
which regions are more likely to become the next viewing targets.

Spatial & Temporal Decay. In reality, users tend to attend more
to salient regions closer to the current viewport to reduce efforts
of head-movements. Meanwhile, the impact of historical behaviors
on long-term attention distribution weakens as the prediction step
increases. To reflect these phenomena, we first define the spatial
decay d as the distance from the current viewport and a temporal
decay o; that exponentially decreases over time. Then, we propose
the following term

dz
M = exp(——z) : (5)
207

Behavior-modulated saliency. By combining the above behavioral
priors, the behavior-modulated saliency map at future step t is
formulated as

Se =S - MR- MPP - METP (6)

Feature encoding. Finally, S, is normalized and mapped into a
unified semantic feature space via a convolutional encoder genn (-):

X?MVA = gcnn(Norm(S,)) e RP. (7)

XBM VA

The resulting sequence serves as the behavior-modulated

visual input to the subsequent multi-source fusion module.

4.4 Head & Eye Soft Alignment Module

As revealed in the §3.2, eye-movements precede head-movements
with a dynamic temporal offset. To excavate their collaborative
information without introducing noise or information redundancy,
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Figure 5: Overall architecture of BAT-VP.

we propose the Head & Eye Soft Alignment Module (SAM), which
dynamically aligns head & eye movement representations within a
local temporal window. Taking head motion as the dominant signal,
SAM selectively injects informative eye-movements cues from the
aligned eye-movements sequence, thereby forming a unified and
temporally consistent motion representation.

Let the historical head and eye trajectories be denoted as H;.; and
E,.., respectively, as three-dimensional unit vectors on the sphere.
First, a linear projection followed by positional encoding is applied
to map the two trajectories into a shared temporal feature space.
Then, to characterize the dynamic temporal offset between head
(xi’) and eye signals (x{), we generate multiple eye-shift candidates
within a limited local temporal window and compute alignment

scores that optimize the offset value a;; = falign([xi’; xfs) t]). Then,
the matching weight is defined as

exp(as,)
Wet = o—————~ ®
° Yses exp(ay,t)
Accordingly, the aligned eye-movements representation is
K= ) wox,), ©)
seS

Considering that head trajectories dominate the overall motion
trend of the viewport, we employ head features as queries and
the aligned eye features as keys and values, introducing a cross-
attention mechanism for conditional interaction.

This representation is subsequently processed by a Transformer-
based encoder—decoder for temporal modeling, which generates
the final motion representation XM,

4.5 Temporal & Visual Fusion

Lastly, we unify representations from the three aforementioned
modalities, i.e., XVOE, XBMVA and X54M into the long-term view-
port prediction. As they pose varying importance on the prediction
horizon, we design a gating fusion module based on temporal in-
formation to adaptively adjust their contributions.

For the t-th future step, the per-modality gating weight is

o = o(f(1XE 5D).

where o(+) is the Sigmoid activation function and f(-) is a light-
weight feed-forward mapping. Then, the three gating coefficients
are normalized as

k € {SAM,VGE,BMVA}  (10)

k
(k) 9; )

9t = “SAM , VGE , BMVA _
9 Y9t te

where ¢ is a small constant for numerical stability.
Accordingly, the fused representation at step ¢ is defined as

k € {SAM, VGE, BMVA} (11)

~SAM<rSAM |, AVGEyVGE , ~BMVA<,BMV.
Ft:g? X? +9tG XtG +9; Xy A (12)

4.6 Loss Function Design

To ensure stable optimization of the proposed framework, we con-
struct the objective function from the following perspectives:

Spherical Geometric Error. Since viewport directions lie on the
unit sphere S?, we adopt the Orthodromic Distance (OD) as the
fundamental geometric supervision £; = }l, Zle arccos (3, y:)

which penalizes the spherical angular deviation between the
predicted direction y; and the ground-truth direction y;.
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Motion Consistency Constraint. To preserve temporal continu-
ity of the predicted trajectory, we further introduce first-order
and second-order difference consistency losses, defined as £, =
|Ay — Ay||Z and £3 = ||A2§/ - A2y||§, respectively.

Long-term Reinforcement. Considering that prediction errors
tend to accumulate over longer horizons, we introduce an additional
angular loss beyond ), defined as £, = }%[0 Sy, arccos (7 ye)

Temporal Gating Prior Regularization. To encourage temporal
decay of the SAM’s impact as the prediction horizon increases,
we impose a soft prior on the temporal gating weights, defined as
Ls = “gA?AM -(1- ar,)“i, where r; = t/P.

Overall Objective. The final loss function is defined as
.C = ).1.[:1 + Az[g + A3.£3 + }.4[4 + A5£5. (13)

5 EVALUATION
5.1 Experimental Setup

5.1.1 Datasets. To evaluate the generalization ability and robust-
ness of BAT-VP, we conduct experiments on two public datasets con-
taining head & eye behavioral signals. Specifically, MMSys18 [14]
is a widely used benchmark for long-term 360° viewport prediction,
comprising 19 ERP videos of approximately 20 seconds viewed by
57 subjects under free-viewing conditions. Meanwhile, DSAV360 [4]
is a larger-scale dataset containing 85 omnidirectional videos and
4,609 head & eye scanpaths from 87 subjects, with diverse content,
complex scene dynamics, and substantial inter-subject variability.
Moreover, to prevent user-level information leakage, we split users
into training (60%), validation (10%), and test (30%) sets.

5.1.2  Compared Methods. We compare BAT-VP with five represen-
tative long-term viewport prediction baselines covering trajectory-
only, content-aware, and multimodal fusion approaches. CVPR18-
Improved [40] and TRACK [32] combine historical trajectories
with visual saliency; EMD-ML [49] models multi-scale historical
trajectories without visual content; MFTR [47] incorporates eye-
movements through multimodal Transformer fusion; and STAR-
VP [17] employs space-aligned and time-varying fusion.

To ensure fair and comparable evaluation, all experiments follow
the unified evaluation framework introduced in [31]. All meth-
ods are reproduced or re-implemented with the same sampling
frequency, history/future window setting, preprocessing pipeline,
and evaluation metrics. Head and eye trajectories are uniformly
resampled at 5 Hz and represented as 3D unit vectors on S2. Video
saliency priors are generated offline using the official PAVER [44]
implementation as a shared visual prior extraction pipeline.

5.1.3  Evaluation Metrics. We adopt two widely used metrics to
evaluate prediction accuracy:

Orthodromic Distance (OD). The angular error at time step t
between predicted viewport directions §; € $? and ground-truth
y: € S? is defined as OD, = arccos(clip(§; yr, -1, 1)) .

Tile-based intersection-over-union (IoU). Let 7 (-) be the set of

tiles covered by the viewport. The IoU at time step t is defined as:
loU, = L7G0NT ()]
ETITEOVT ol
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Lower OD and higher IoU suggest better performance. In ad-
dition to overall performance, we further divide the prediction
horizon into short-term (0-2 s) and long-term (2-5 s) and analyze
performance accordingly.

5.1.4 Implementation Details. We adopt a 6-second historical win-
dow to predict the subsequent 5 seconds, following typical settings
in prior works [17, 32, 47]. Under 5Hz sampling, the historical
length is L = 30 and the prediction length is P = 25. The historical
visual branch takes viewport-level local features as input, where
each time step is represented by a 2048-dimensional feature vec-
tor. These features are extracted using a ResNet50 backbone [19]
pretrained on ImageNet [15]; the final global average pooling and
fully connected layers are removed, retaining convolutional feature
maps only. The features are further projected onto a 9x 16 spherical
grid via adaptive pooling.

Video saliency priors are generated offline using the official
PAVER implementation with publicly released pretrained weights.
The original network structure is preserved. The predicted heatmaps
are mapped to the same 9 X 16 grid and stored as compressed files
for efficient loading during training. The saliency maps serve as
fixed content priors and are not updated through backpropagation.

We adopt the following architectural hyperparameters: hidden
dimension D = 256, # Transformer layers = 2, # attention heads = 2,
and dropout rate = 0.25. Training is performed using the AdamW
optimizer with an initial learning rate of 2 x 10~* and weight decay
of 0.05. A cosine annealing schedule is applied, with a minimum
learning rate of 1 X 107%. The batch size is set to 32, and the model is
trained for 30 epochs. Early stopping is adopted based on validation
performance with a patience of 6 epochs. The loss weights are set as
A1 =1.0,4; =0.1, 43 = 0.05, 44 = 0.5, and A5 = 0.1. The loss weights
and module-specific hyperparameters were selected based on vali-
dation performance, while one-at-a-time perturbations around their
default values caused only limited IoU variations, indicating low
parameter sensitivity. All experiments are implemented in PyTorch
and conducted on a single NVIDIA RTX 6000 Pro GPU.

5.2 Overall Performance

To intuitively illustrate the performance of BAT-VP, we visualize
three representative sequences in Fig. 6. Specifically, the ground-
truth and predicted viewport directions, represented as 3D unit
vectors on the sphere, are projected onto the ERP frame. A fixed
field-of-view (FoV) is used to indicate the viewport region, and the
corresponding OD is reported.

It can be observed from Fig. 6 (left) that during short-term pre-
diction (t = 1s), the predicted viewport highly overlaps with the
ground-truth with a small OD. Although the error increases with
the prediction horizon, the prediction remains spatially continuous
and largely aligned with the true region of interest, demonstrating
stable and geometrically plausible long-term prediction.

We also visualize the predicted trajectories vs ground-truth di-
rections from three coordinates in Fig. 6 (right). We can observe
that our predictions closely align with the ground-truth in the
short-term interval and only slightly deviate in longer horizons.
These results indicate that our system maintains high and robust
performance across prediction horizons.
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Figure 6: Qualitative visualization. Left: ERP overlays and the corresponding OD. Right: predicted and ground-truth trajectories.

Table 1: Performance comparison on the MMSys18 dataset.
O = overall, S = short-term, L = long-term.

System IoU-O IoU-S IoU-L OD-O OD-S OD-L
CVPR18-Imp. 40.63  56.06 30.35 4859 2894 61.68
TRACK 42.76  59.11 31.86 47.74 2747 61.25
EMD-ML 41.61 58.68 2991 4818 27.11 60.89
MFTR 41.57 56.61 3155 5199 3134 65.76
STAR-VP 4296  59.03 3225 4532 26.13 57.93
BAT-VP (Ours) 45.06 60.95 34.70 45.11 2641 57.76

Table 2: Performance comparison on the DSAV360 dataset. O
= overall, S = short-term, L = long-term.

System IoU-O IoU-S IoU-L OD-O OD-S OD-L
CVPR18-Imp. 4887 6380 3891 4193 2444 53.59
TRACK 5045 66.26 39.92 40.81 2298 52.69
EMD-ML 48.58  66.90 3736 41.72 2289 53.61
MFTR 4798 61.89 38.71 48.24 29.32  60.85
STAR-VP 47.55 59.44 39.62 4093  26.20 50.75
BAT-VP (Ours) 54.17 68.13 44.85 38.03 21.84 48.83

5.3 Comparison Experiments

We compare the performance of BAT-VP against five baselines on
two datasets mentioned in 5.1.2. First, we measure their prediction
performance using IoU and OD over three temporal intervals: over-
all, short-term (0-2 s), and long-term (2-5 s). To assess statistical
reliability, we further report 95% confidence intervals (95% CI) and
p-values (p).

As shown in Tables 1-2 , BAT-VP achieves the best overall per-
formance on both datasets. On MMSys18, BAT-VP improves the
overall IoU by 5.4%, 8.4%, and 8.3% over TRACK, MFTR, and EMD-
ML, respectively. The advantage is more pronounced for long-term
prediction, where BAT-VP reaches an IoU of 34.70, outperforming
STAR-VP, the second best candidate, by 7.6%. This gain is statisti-
cally significant, with a 95% CI of 34.53-34.87 and p = 1.75 X 10721,

Table 3: Overhead comparison. Params (M): model param-
eters; GPU-/CPU-Lat (ms): GPU/CPU latency; Mem (MB):
memory at batch size 32; FLOPs (G): floating-point opera-
tions per second.

System Params GPU-Lat Mem CPU-Lat FLOPs
CVPR18-Imp. 22.95 63.59 618.9 140.10 1.07
TRACK 172.57 226.46 2046.7 481.20 0.85
EMD-ML 3.10 4.47 53.3 8.35 0.18
MFTR 13.81 55.63 2386.4 72.18 2.60
STAR-VP 12.30 8.49 3268.2 53.05 3.25
BAT-VP (Ours) 6.24 9.10 74.3 9.15 0.50

Meanwhile, BAT-VP achieves OD comparable to STAR-VP across
all intervals, indicating that improved viewport overlap does not
increase geometric error.

On DSAV360, where user behaviors and video content are more
diverse, the performance gaps are further enlarged. BAT-VP achieves
an overall IoU of 54.17, outperforming TRACK by 7.4%. Its long-
term IoU reaches 44.85, improving upon TRACK by 12.4%. More-
over, BAT-VP obtains the best overall and long-term OD of 38.03°
(95% CI, 37.23°~38.83°) and 48.83° (95% CI, 47.91°~49.95°), respec-
tively. Moreover, the improvements over STAR-VP are statistically
significant, with p = 7.65 x 107!% and p = 2.31 X 107!?, respec-
tively. Overall, BAT-VP shows slower performance degradation
over longer horizons while preserving short-term accuracy.

This improvement can be attributed to the complementary com-
ponents of BAT-VP, which jointly improve user-adaptive visual
guidance and behavioral motion modeling for long-term prediction.
Compared with these baselines, BAT-VP better exploits head & eye
behavioral cues through SAM, provides more user-adaptive visual
guidance, and achieves stable user preference modeling.

Finally, we compare system overhead and deployability. As re-
ported in Table 3, BAT-VP requires only 6.24M parameters, 74.3 MB
batch memory, 9.15 ms CPU latency, and 0.50G FLOPs, while re-
taining a GPU latency of 9.10 ms for real-time inference. Although
EMD-ML achieves the lowest overhead using only historical tra-
jectories, its accuracy is substantially lower than BAT-VP across
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all intervals. By contrast, TRACK and MFTR incur higher latency
due to heavier temporal modeling and multimodal Transformer fu-
sion, respectively. Although STAR-VP achieves slightly lower GPU
latency, its visual branch requires substantially more parameters,
memory, and FLOPs.

This efficiency advantage is primarily attributed to two design
choices: (i) a lightweight temporal modeling backbone that avoids
parameter growth typical of heavier architectures, and (ii) behavior-
modulated saliency cues that remain spatially concentrated, en-
abling feature fusion at a compact 9x16 resolution. As a result,
BAT-VP does not require high-resolution saliency inputs, which
reduces computational overhead and simplifies visual integration.

5.4 Ablation Study

54.1 Module Ablation. To study the contribution of each key com-
ponent, we conduct a module ablation study by removing each
module from BAT-VP. The results are shown in Fig. 7.

By removing BMVA, we observe a performance drop of 4.7% in
overall IoU and 6.8% in long-term IoU, accompanied by a noticeable
increase in OD. Replacing the BMVA-modulated saliency map with a
raw saliency map also leads to significant performance degradation.
This indicates that generic visual saliency is insufficient for long-
term prediction, as it fails to capture personalized viewing behaviors.
In contrast, BMVA provides Behavior-Aware visual cues that better
align with user attention, thereby improving prediction stability.

When removing the SAM module, the IoU decrease by 0.6-0.71,
with correspondingly increasing OD. This is because SAM explicitly
reduces the mismatch between eye and head-movements, allowing
eye-movements to provide more reliable cues for future viewpoint
changes and thus reducing error accumulation over time.

Finally, removing the VGE module also leads to performance
degradation. This suggests that long-term prediction benefits from
graph-based modeling of historical visual features to capture user-
specific viewing preferences. The resulting personalized visual prior
helps reduce prediction drift and improve long-term consistency.

5.4.2  Gate Analysis. We further analyze how the Temporal & Vi-
sual fusion module behaves across horizons. We analyze the evo-
lution of the three fusion gate weights in Fig. 8. The three curves
represent the mean normalized weights of the branches, and the
shaded regions denote their standard deviations. It can be observed
that SAM dominates during short-term prediction and gradually de-
creases as time progresses. In contrast, the weights of the VGE and
BMVA steadily increase, indicating that the model progressively
shifts from short-term motion reliance to stronger dependence on
user preference and behavior-modulated visual cues in long-term
prediction. Overall, this result provides intuitive evidence for the
time-adaptive property of the proposed fusion mechanism.

5.4.3 Saliency Robustness. To evaluate dependence on the PAVER
backbone, we further test BAT-VP under saliency perturbations
and backbone replacement. Under a one-cell spatial shift of PAVER-
generated saliency maps, long-term IoU remains 34.46 on MMSys18
and 44.01 on DSAV360, close to the clean results of 34.70 and 44.85.
Replacing PAVER with CubePad [10] also maintains overall IoU at
44.86 and 53.51 on MMSys18 and DSAV360, indicating BAT-VP’s
robustness across the initial saliency backbones.
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6 CONCLUSION

This paper proposes BAT-VP, a novel long-term viewport predic-
tion system that jointly models visual preferences, personalized
saliency, and head & eye behaviors. Specifically, VGE captures users’
historical visual preferences through lightweight graph-based mod-
eling, BMVA modulates generic saliency with historical behaviors
to generate user-specific attention cues, and SAM softly aligns head
and eye-movements to exploit their dynamic correlation. A time-
aware multimodal gating strategy further balances temporal and
visual cues across prediction horizons, improving long-term sta-
bility while preserving short-term accuracy. Evaluations on two
public datasets show that BAT-VP consistently outperforms five
mainstream baselines, achieving at least 4.9% and 7.6% gains in
overall and long-term IoU, respectively. These gains are achieved
with only 6.24 M parameters and 9.10 ms GPU latency, indicating
practical deployability.
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