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Redefining 360◦ Video Navigation: A Novel
Benchmark for Enhanced Immersive and

Automated Exploration
Xinyu Liu†, Mengke Song†, Ziming Wang, Chenglizhao Chen∗, Aimin Hao, Shuai Li∗, Hong Qin

Abstract—360◦ video navigation aims to model users’ viewing behavior in immersive videos through continuous viewpoint selection. This
task is challenging because human viewing is not driven by instantaneous responses to local saliency, but by continuous decisions that
evolve with semantic events over time, involving attention shifts across events and long-term viewpoint changes. However, progress
remains limited, mainly due to the lack of a well-established benchmark, resulting in limitations in data, annotation, and evaluation.
Current datasets are limited in scale and diversity, and mostly consist of short or single-event videos, making cross-event viewing
behavior underrepresented. Existing annotation methods rely on frame-level or short-term clustering, which emphasizes local consistency
but fails to capture temporal continuity and the rationality of viewpoint selection during event transitions. Existing metrics focus on spatial
overlap or path consistency, ignoring motion-direction agreement between predicted and ground-truth viewport trajectories. As a result,
spatially accurate predictions may still follow incorrect motion directions, leading to unreliable evaluation of viewing behavior. To address
these issues, we construct a new benchmark for 360◦ video navigation in multi-event scenarios, with a standardized data and annotation
pipeline and a more discriminative evaluation protocol. We further develop an event-level model to capture cross-event viewing behavior
and long-term viewpoint evolution. Extensive experiments show that the proposed benchmark provides more reliable evaluation, and the
proposed model achieves superior performance to existing methods.

Index Terms—Virtual Reality, Automatic Viewport Selection, Global Semantic Awareness, 360◦ Video Navigation

✦

1 INTRODUCTION

With the rapid advancement of virtual reality (VR) tech-
nologies and related devices, 360◦ videos have emerged as
a promising medium for immersive experiences through
omnidirectional content capture. However, existing viewing
paradigms still suffer from fundamental limitations, prevent-
ing smooth and comfortable viewing in practice.

Currently, three primary approaches exist for viewing
360◦ videos. Head-mounted displays (HMDs) [1], [2] provide
the most immersive experience, enabling viewpoint explo-
ration via head or body movements, but require continuous
interaction and can cause fatigue. Equirectangular projection
(ERP) [3], [4] maps the full 360◦ content onto a 2D plane,
offering a global view but introducing severe distortion near
the poles, degrading visual quality. Normal field-of-view
(NFOV) projection [5], [6], widely used on platforms such
as YouTube and Facebook, allows viewpoint adjustment via
dragging or swiping. Although it reduces distortion, it relies
on frequent manual interaction, which may distract attention
and cause important content to be missed.
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A. 360o Salient Object Ranking

A car approaches and 
comes to a stop.

How should the viewpoint evolve?

NFOV Rank: 3

NFOV Rank: 1

NFOV Rank: 4

NFOV Rank: 2

B. 360o Video Navigation

The boy arrives at the 
house and enters.

The boy walks toward 
the house.

Saliency Rank: 2

Saliency Rank: 4 Saliency Rank: 1

Saliency Rank: 3

Which region is most visually salient?

 Single-event Perception  Short-term Optimization  Saliency-based Ranking

 Cross-event Modeling  Continuous Decision  Event-driven Navigation

Fig. 1. Comparison between 360◦ salient object ranking and 360◦ video
navigation. 360◦ salient object ranking A ranks objects by saliency to find
those likely to draw attention. 360◦ video navigation B adjusts viewpoints
to guide immersive exploration based on narrative flow.

To reduce the operational burden on users during video
consumption, automated 360◦ video navigation has been pro-
posed [7]–[9], aiming to select and recommend informative
viewpoints in panoramic environments [10]–[13]. However,
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Limitation of Existing Annotation MethodsB
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2. Frame-wise Clustering 3. Resulting Trajectory

Limitation of Existing DatasetsA

Event 1

00:00 00:20

Video
Timeline

 Short Clips  Single-event Focus  Limited Scene Transitions

Existing Datasets are dominated by short or single-event videos.

Event 2 Event 3

Limitation of Existing Evaluation MetricsC

 Ignore Motion  Misaligned Attention  Short-term Bias  

High Overlap but Wrong Motion

Prediction Ground Truth

Low Overlap but Correct Motion

Prediction Ground Truth

Limitation of Existing MethodsD

A Biased Datasets

Training Data

C Inadequate Metrics

Optimization Target

Existing Methods

B Noisy Annotations

Supervision Signal

Model Behavior Output Trajectory

 Existing Methods Lack Narrative Context and Cross-event Coherence

IoU = 0.82 IoU = 0.43

Fig. 2. Limitations of existing 360◦ video navigation. A Biased datasets lack cross-event coverage. B Noisy annotations yield fragmented trajectories.
C Overlap metrics ignore motion dynamics. D These jointly bias models toward short-term decisions, hindering cross-event coherence.

from a holistic perspective, existing studies largely over-
simplify this task as short-term viewpoint selection driven
by local visual cues, i.e., 360◦ salient object ranking [14]–
[17] (Fig. 1). This bias is not incidental, but arises from the
combined effects of data, annotation, and evaluation [18]–
[22], as illustrated in Fig. 2. At the data level, current datasets
are dominated by single-event or short clips, lacking cov-
erage of cross-event viewing behavior, preventing learning
continuous decision patterns. At the annotation level, the
absence of unified protocols and reliance on subjective
labeling or local aggregation make it difficult to consistently
capture complete viewing processes. At the evaluation level,
existing metrics are primarily based on spatial overlap and
fail to characterize dynamic viewing behavior, encouraging
models to optimize local alignment. Together, these factors
reinforce a local, short-term modeling paradigm and weaken
cross-event continuous viewing behavior.

Therefore, without a unified framework across data, an-
notation, and evaluation to capture event-driven continuous
viewing behavior, existing approaches remain confined to
local, short-term decision paradigms and fail to represent
cross-event dynamics in realistic scenarios. For example, in
multi-event videos, models typically select locally salient
regions within the field of view but fail to adjust viewpoints
during event transitions, leading to missed key content or
delayed attention shifts. As a result, even when predictions
are spatially close to annotations, they may not reflect the un-
derlying logic of continuous viewing, limiting performance
gains and undermining reliability. This highlights the need
for a unified modeling and evaluation framework, which
remains a critical challenge in 360◦ video navigation.

To address these issues, we propose an event-level
benchmark for 360◦ video navigation that jointly models
data, annotation, and evaluation. Aligning these components
with continuous viewing behavior establishes a consistent
framework for supervision and evaluation.

For data and annotation, we adopt a standardized,

perception-guided protocol representing viewing behavior
at the event level, mitigating fragmentation of frame-level
annotations. Based on this, we construct a multi-event dataset
to capture cross-event viewing patterns. For evaluation, we
propose a Motion-Adjusted Overlap (MAO) metric, which
augments spatial overlap with motion consistency to assess
spatial alignment and motion-direction agreement between
predicted and ground-truth viewport trajectories.

Building upon this benchmark, we propose an event-level
navigation model that fuses local visual information with
global event semantics. By modeling cross-event dynamics
and long-term viewpoint evolution, the model produces
coherent and semantically consistent viewpoint transitions
aligned with content progression.

Our framework lays a solid foundation for future research
and advances more natural and seamless 360◦ video navi-
gation, further enhancing immersive viewing experiences.
Code and dataset are publicly available online.1 The main
contributions of this work are summarized as follows:

• We provide the first in-depth review of 360◦ video
navigation, covering datasets, evaluation metrics, and
models, and highlighting key challenges.

• We propose a standardized dataset annotation approach
for 360◦ video navigation, introduce a dataset of 182
360◦ videos with diverse navigation patterns, and
present a motion-consistency metric to assess navigation
fluidity and alignment with video narratives.

• We develop a model that seamlessly integrates local
saliency with global narrative context, thereby ensuring
coherent and context-aware navigation paths.

• We present a comprehensive work encompassing a data
annotation method, a dataset, an evaluation metric, and
a network. The methodologies, discoveries, detailed
analysis, and conclusions collectively provide valuable
contributions to the research community.

1https://github.com/liuxy1005/PVN-Benchmark
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TABLE 1
Comparison of existing 360◦ video navigation datasets. Attributes include collection equipment, ground-truth format, trajectory diversity, trajectory
check, trajectory aesthetic evaluation, number of categories, videos, annotators, total duration, frames, and open-source availability. Compared to
existing datasets, the proposed dataset (Ours) demonstrates clear advantages in trajectory diversity, trajectory aesthetic evaluation, and the

number and variety of video categories. It provides more realistic and richer user interaction scenarios, making the navigation results more aligned
with natural human behavior, thereby better supporting dynamic viewpoint adjustment and path optimization in 360◦ video navigation.

Datasets Collection Equipment Ground-truth Trajectory 
Diversity

Trajectory 
Check

Aesthetic 
Evaluation Categories Videos Annotators Duration(h) Frames Open-source

Pano2Vid [2016] Keyboard & Mouse Viewport Coordinates ✘ ✘ 4 86 3 7.3 -

Sports360 [2017] Keyboard & Mouse Viewport Coordinates ✘ ✘ 5 342 5 - 180K

YouTube/Vimeo [2018] - - ✘ ✘ ✘ 2 115 1 72 - ✘

Lee et al. [2018] - - ✘ ✘ ✘ 5 285 1 92 - ✘

PVS-HM [2019] Head-Mounted Display Head Movement/Eye Fixation ✘ ✘ ✘ 8 76 58 0.57 -

Wu et al. [2017] Head-Mounted Display Head Movement ✘ ✘ ✘ 5 18 48 1.5 -

Nasrabadi et al. [2019] Head-Mounted Display Head Movement/Eye Fixation ✘ ✘ ✘ 15 28 60 - -

Ours Keyboard & Mouse Viewport Coordinates 8 182 12 1.63 176K

2 REVIEW OF EXISTING DATASETS, MODELS AND
METRICS

2.1 Existing Datasets

360◦ video navigation datasets are crucial for training and
evaluating algorithms for navigating panoramic environ-
ments. These datasets typically include omnidirectional
videos with continuously changing perspectives. However,
due to the high cost of manual annotation, many rely on a
single annotator, limiting data diversity and the ability to
train robust models. Below, we summarize several widely
used 360◦ video navigation datasets, as shown in Table 1.

Pano2Vid [8] is a widely used dataset consisting of 86
360◦ panoramic videos sourced from YouTube across four
categories: soccer, mountain climbing, parades, and hiking. It
also includes 343 hours of NFOV YouTube videos for training
classifiers. Among the panoramic videos, 40 were annotated
by three human editors, yielding 480 navigation trajectories
with a total duration of approximately 717.2 minutes.

The Sports-360 dataset [7] comprises 342 360◦ videos
from YouTube, covering five dynamic sports: basketball,
parkour, BMX, skateboarding, and dance. These videos were
selected based on the presence of identifiable human objects
and dynamic activities, ensuring clear viewing angles for
navigation. Five human annotators marked the most salient
objects in each video, with annotations verified by multiple
raters. The dataset includes annotated video segments with
ground truth viewing angles for model training and testing.

The YouTube/Vimeo dataset [23] is designed for high-
light detection in 360◦ videos. It contains 115 360◦ videos,
primarily from wedding and music video genres. Videos are
subdivided into multiple segments, with manual annotations
marking important moments or “highlights” for processing.
This dataset is valuable for researchers working on highlight
detection and content analysis in immersive environments.

Lee et al. [24] collected a dataset of 285 360◦ videos,
covering scenarios such as weddings, parades, boating,
scuba diving, and hot air ballooning. The total duration
is approximately 92 hours. Each video is accompanied by
human-generated summaries, marking key events crucial to
the narrative. This dataset is used for evaluating temporal
summarization models and story-based video analysis.

PVS-HM database [25] is designed to study head move-
ment and attention distribution in 360◦ videos. It contains 76

A. Viewport Prediction and Behavior Modeling-based 
[30]: proposes trajectory-based viewport prediction;
[32]: propose a clustering-based and quaternion extrapolation method; 
[34]: the combination of the vMFMM model and Bayesian networks.

Ideas

unsupervised limited accuracy

low-resource demands difficult to handle dynamic variations
limited by the scale of data

Strengths Weaknesses

B. Spatiotemporal Feature Extraction and Path Optimization

[38]: introduce a dynamic FOV control and a coarse-to-fine optimization approach;
[23]: introduce a CVS model for efficient 360° video summarization using spherical score 
maps;
[24]: combines memory networks and view selection for story-based temporal 
summarization;
[39]: incorporate panoramic saliency detection and user head movement history;
[28]: utilize the MDN model to model the probability distribution of future viewports;
[40]: combine spherical convolutional networks with personalized federated learning 
algorithm;
[41]: Proposed an automatic view mode decision-making mechanism based on 
Convergence Value of Viewer Preferences (CVVP).

Ideas

unsupervised sensitive to lighting and texture changes
sensitive to noise

C. User Behavior-based

[7]: use object detection and RNN to select the main object in real-time; 
[45]: utilize spatiotemporal alignment and attention modeling between different 
viewports; 
[43]: integrate camera motion detection, saliency analysis, and saliency perception.

Ideas

Strengths Weaknesses
short-term memory
processes sequential data

✘ high computational cost

excellent spatial performance
fast computation speed

requires a large amount of data
handles only local features

Strengths Weaknesses

D. Dynamic Decision-making Optimization-based

[48]: the earliest use of deep reinforcement learning technique;
[46]: presents an attention-driven deep reinforcement learning approach.

Ideas

Strengths Weaknesses
unsupervised
long-term reward optimization

long training time
instability

suitable for dynamic environments sensitive to reward functions

unsupervised sensitive to lighting and texture changes
sensitive to noise

E. Long-term Dependency Modeling-based

[49]: use transformer to predict long-term viewport positions in 360° video. 
Ideas

Strengths Weaknesses
captures long-range dependencies
high parallelization ability

high computational cost
requires large datasets

Fig. 3. The overall summary of existing automatic methods.

video sequences along with head movement (HM) data from
58 participants, who wore eye-tracking devices while watch-
ing the videos. The dataset records the trajectory of head
movements and gaze points, providing valuable insights into
user attention patterns in immersive environments.
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A. Content-aware Navigation-based

multi-task learning high computational cost

easy to extend complex training

high precision slow inference speed
high data annotation cost

[52]: propose a content-aware joint optimization algorithm;
[53]: use Mask R-CNN and DeepLab v3+ for instance and semantic segmentation.

Ideas

Strengths Weaknesses

B. Motion-based 

[51]: utilize saliency maps and optical flow analysis features to achieve shot redirection; 
[55]: integrate optical flow estimation, saliency detection, and adaptive camera path 
planning.

Ideas

Strengths Weaknesses

high-precision motion estimation
unsupervised

high computational cost
sensitive to lighting and texture changes
sensitive to noise

C. Path Optimization-based 

[57]: using dynamic programming algorithm, accumulate importance values from back to 
front based on time dimension, and generate the optimal guidance path covering 
important areas; 

Ideas

Strengths Weaknesses

D. Event Summarization and Shot Extraction-based 

[58]: propose a hybrid automated and interactive RFOV extraction method that efficiently 
extracts static and moving camera shots from 360° video, following design guidelines for 
creating event photography summaries; 

Ideas

Strengths Weaknesses

global optimality
applicable to various segmented 
decision-making problems

✘ need to conduct precise modeling
✘ high computational cost
✘ not suitable for online processing

excellent spatial performance
processes sequence data

requires a large amount of data
handles only local features

Fig. 4. The overall summary of existing interactive methods.

The dataset by Wu et al. [26] explores user behavior in
spherical videos using HTC Vive headsets. It includes 18
videos spanning categories such as basketball and skiing,
with participants’ head movements and other data recorded
during playback. The dataset provides metadata, including
timestamps, head orientations, and HMD positions, helping
researchers analyze user behavior in virtual environments.

Nasrabadi et al. [27] developed a dataset that combines
gaze tracking data with responses from questionnaires filled
out by participants watching 360◦ videos. The dataset in-
cludes gaze heatmaps and video samples, enabling in-depth
analysis of viewer behavior and experiences. It also serves
as a foundation for developing gaze prediction algorithms.

The PanoUCF101 dataset [28] adapts the UCF101 action
recognition dataset [29] to 360◦ videos. It consists of 101
action categories, with each video clip projected into a 360◦

viewport. The dataset is divided into training, validation,
and test sets, providing a standardized benchmark for 360◦

video navigation and action recognition tasks.
Summary. While these datasets have advanced 360◦

video navigation research, they have notable limitations.
Most rely on a small number of annotators, which limits
diversity and generalizability. Annotation methods are often
subjective and inconsistent, making cross-study comparisons
difficult. Additionally, many datasets are narrow in scope
and fail to capture the full range of real-world user behaviors.
These challenges emphasize the need for larger, more diverse,
and standardized datasets to develop robust 360◦ video
navigation systems. A summary of widely used 360◦ video
navigation datasets is presented in Table 1.

2.2 Existing Models

The use of 360o video navigation systems has led to the de-
velopment of two key approaches: automatic and interactive
methods. These approaches address the challenges of the
“Pano2Vid” problem, which involves converting panoramic
footage to conventional video formats. This section explores
both methodologies, analyzing their strengths, limitations,
and practical applications. It aims to provide a comprehen-
sive overview of current “Pano2Vid” solutions and offer
insights into future developments in the field.

2.2.1 Automatic

Automated 360o video navigation methods use intelligent al-
gorithms to optimize video perspectives for a smoother, more
personalized viewing experience. These methods include
viewport prediction, user behavior modeling, spatiotemporal
feature extraction, path optimization, and personalized
viewpoint adjustments based on historical data and user
interactions. They can be categorized into five approaches.

Firstly, viewport prediction and behavior modeling
methods [30]–[36] analyze users’ past viewing trajectories
to predict future positions, ensuring key content remains
in the viewport. By learning from head movements and
historical patterns, these algorithms preload relevant areas
to prevent delays (Fig. 3-A). Recent work has also explored
audio-visual saliency prediction in 360o videos to model
viewer attention over omnidirectional content [37], providing
complementary perceptual cues for identifying attention-
worthy regions. Secondly, spatiotemporal feature extraction
and path optimization methods [23], [24], [28], [38]–[41]
(Fig. 3-B) analyze 360o videos to create optimal viewing
paths based on dynamic objects, movement trajectories, and
attention shifts. These methods adapt in real time to ensure
important content is always visible, preventing users from
missing significant moments. Thirdly, user behavior-based
viewpoint prediction methods [7], [30], [42], [43] (Fig. 3-C)
adjust perspectives in real time based on users’ viewing
habits and historical data. By modeling viewpoint-switching
patterns, these methods automatically offer the most relevant
views, enhancing the viewing experience and eliminating
manual adjustments [44], [45]. Fourthly, dynamic decision-
making optimization methods [25], [46], [47] (Fig. 3-D), using
reinforcement learning [48], refine the viewing path based
on user feedback. These methods continuously adapt the
viewpoint, ensuring the user always sees the most relevant
content in real time. Finally, long-term dependency modeling
methods [49], [50] (Fig. 3-E) use self-attention mechanisms to
capture long-term patterns in viewpoint changes, ensuring
consistent and coherent navigation during extended sessions.

Summary. Although automated 360o video navigation
methods offer advantages in simplifying user interaction and
enhancing the viewing experience, they still have some draw-
backs. Firstly, these methods demand high computational
resources, especially for real-time prediction and dynamic op-
timization, which can lead to latency and increased hardware
requirements. Secondly, they struggle with tracking accuracy
when handling fast-moving or complex scenes, particularly
in dynamic content. Further, personalized recommendations
are limited by the diversity and quality of the data, making
it difficult to meet the needs of different users. Finally, over-
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TABLE 2
Comparison of evaluation metrics for 360o video navigation, highlighting their abbreviations, descriptions, formulas, advantages, and limitations.
These metrics assess viewport accuracy, trajectory dynamics, saliency-map consistency, and motion direction. Each metric captures different
aspects of predicted and ground-truth navigation paths. The proposed Motion-Adjusted Overlap (MAO) combines spatial overlap and motion

consistency, enabling a more comprehensive evaluation of spatial and temporal trajectory alignment.

Metrics Abbr. Description Formula Advantages Disadvantages

Mean Overlap MO Measures overlap between predicted and actual 
viewports. MO =

1
T
 
t=1

T

IoU (lt, lt
gt) Directly measures viewport accuracy; size-

independent.
Ignores viewport direction and 
temporal continuity.

Mean Velocity Difference MVD Measures the curvature and smoothness of the 
predicted viewing-angle trajectory. MVD =

1
T − 2
 
t=3

T

∥ vt − vt−1 ∥2
Captures trajectory curvature and 
transition smoothness.

Ignores spatial accuracy and ground-
truth alignment.

Mean Cosine Similarity MCS Assesses trajectory accuracy via cosine similarity of key 
viewpoints. MCS =

1
N
 
i=1

N
vi ⋅ ui
∥ vi ∥∥ ui ∥

Direct similarity measurement. Ignores the temporal aspect.

Normalized Scanpath Saliency NSS Measures the average normalized saliency value at 
human fixation locations. NSS(P, Q) =

1
N
∑
i

�� − ��
σ�
× ��

Standardized and directly evaluates fixation 
alignment.

Requires fixation annotations and 
ignores temporal order.

Pearson’s Correlation Coefficient CC Evaluates correlation between predicted significance 
maps and user fixation heatmaps. CC(X, Y) =

cov(X, Y)
σ(X) ⋅ σ(Y)

Sensitive to symmetry and direction; 
evaluates global consistency. Lacks local detail sensitivity.

Kullback-Leibler divergence KL Measures the divergence between predicted and 
ground-truth saliency distributions. KL(P ∥ Q) = ∑

i
P(i)log (

P(i)
Q(i)
) Quantifies distributional mismatch 

between saliency maps.
Asymmetric and sensitive to zero 
probabilities.

Great Circle Distance GCD Measures the angular distance between two viewport 
centers on a sphere.

GCD = arccos(sin(ϕ1) ⋅ sin(ϕ2) +
cos(ϕ1) ⋅ cos(ϕ2) ⋅ cos(λ1 − λ2))

Provides accurate spherical measurements; 
handles edge cases on the sphere.

Ignores time and only measures 
distance, not directional differences.

Motion Consistency MC Measures consistency between predicted and actual 
trajectory motion directions at adjacent points.

MCt→t+1 = Cos(�t→t+1, �t→t+1)
Considers motion direction and avoids false 
high scores for incorrect directions.

Complex calculation; needs 
combination with overlap metrics.

Motion-Adjusted Overlap MAO Combines viewport overlap with motion consistency 
to evaluate navigation quality in dynamic 360o videos.

MAO =
1
T − 1 

t=1

T−1

Soverlap  ⋅norm(MCt→t+1)
Evaluates both spatial and motion 
alignment.

Computationally more complex and 
sensitive to motion tracking errors.

reliance on historical data may result in a lack of flexibility,
failing to adapt to real-time shifts in user interests.

2.2.2 Interactive
Interactive 360o video navigation [51] allows users to engage
actively with content by adjusting their viewpoint, field
of view (FoV), and perspective during playback. Through
interactions such as mouse dragging, touchscreen swiping,
or specialized controllers, users can explore immersive video
environments and tailor the experience to their preferences.
Some systems even enable users to influence video content
directly. This method can be divided into four categories.

Firstly, the content-aware navigation [52]–[54] relies on
image segmentation to identify important areas in the video,
such as people or objects. It dynamically adjusts the view in
response to user inputs, ensuring key content remains promi-
nent (Fig.4-A). This approach enhances personalization and
optimizes viewing paths but demands significant computa-
tional resources for accurate segmentation and path planning.
Secondly, motion-based adjustment [51], [55], using optical
flow [56], analyzes motion between consecutive frames to dy-
namically shift viewpoints. By tracking motion changes, such
as object displacement or human movement, it ensures users
stay focused on dynamic elements (Fig. 4-B). Effective for
fast-changing scenes like sports, it efficiently handles motion
but can struggle with low-resolution, complex backgrounds,
or lighting changes. Thirdly, path optimization for seamless
navigation [57] calculates optimal viewing paths to smoothly
transition between viewpoints while focusing on important
content (Fig.4-C). Using global path planning and visual
saliency, this method enhances the navigation experience but
requires intensive computational resources, making real-time
implementation challenging. Lastly, event summarization
and shot extraction [58] identifies key events or segments
within videos using computer vision, summarizing them
into short, navigable shots (Fig.4-D). This approach is ideal
for lengthy or content-rich videos, reducing viewing time

and simplifying navigation. However, it may struggle with
capturing full context or handling complex dynamic scenes.

Summary. The four methods of interactive 360o video
navigation each offer unique advantages but share common
challenges. They often require high computational resources,
which can lead to delays or lags, affecting the user experience.
Additionally, content-aware and motion-adjustment methods
may struggle with complex scenes, low-quality videos, or
environmental factors like lighting changes, causing inaccura-
cies in viewpoint adjustments. Path optimization and event-
extraction methods, while providing smooth navigation and
simplified content, may miss important details or context,
potentially impacting the overall viewing experience.

2.3 Existing Evaluation Metrics
Evaluation metrics are crucial for assessing algorithm perfor-
mance, especially in tasks like 360◦ video navigation, where
user experience and content effectiveness are paramount.
This section introduces commonly used metrics for 360◦

video navigation, as summarized in Table 2.
The Mean Overlap (MO) is a key metric for evaluating

predicted viewport accuracy in 360◦ video navigation [8].
It measures overlap between predicted and ground truth
viewports for each frame, with the final score as the average.
Higher MO values (closer to 1) indicate better accuracy,
providing a useful measure of prediction quality.

The Mean Velocity Difference (MVD) evaluates the
smoothness of a predicted trajectory by measuring changes
between consecutive viewing-angle velocities [7]. A lower
MVD indicates smoother viewpoint transitions, whereas a
higher value reflects sharper trajectory curvature.

The Mean Cosine Similarity (MCS) measures similarity
between the model’s predicted trajectory and the manually
annotated trajectory. It computes cosine similarity between
key segments of both trajectories, with higher values indi-
cating better alignment. MCS is valuable for evaluating how
closely the model’s path follows the human-annotated path.
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The Normalized Scanpath Saliency (NSS) [59] evaluates a
standardized saliency map at fixation locations. It averages
the normalized saliency values at fixated pixels, with higher
scores indicating better fixation alignment.

Pearson’s Correlation Coefficient (CC) [60] quantifies the
linear relationship between the predicted saliency map and
the ground truth user fixation heatmap. A high CC suggests
predicted and actual gaze patterns are closely related, which
is useful for evaluating saliency prediction models.

Kullback-Leibler (KL) divergence measures the discrep-
ancy between predicted and ground-truth saliency distribu-
tions. A lower KL divergence indicates closer agreement.

Great Circle Distance (GCD) [61] measures the shortest
angular distance between predicted and ground-truth view-
port centers on the unit sphere. A smaller GCD indicates
more accurate viewport localization.

Summary. Previous studies have shown that different
evaluation metrics may emphasize different aspects of predic-
tion quality and consequently lead to different assessments
of model performance [62]. While these metrics are widely
used, they have limitations in the context of 360◦ video
navigation. Most focus on accuracy, such as overlap or
similarity, but fail to capture user experience or the dynamic
nature of navigation. For instance, MO and MVD respectively
characterize spatial overlap and trajectory smoothness, but
neither fully captures semantic coherence, motion alignment,
or immersion. Additionally, saliency-based metrics (e.g., NSS,
CC, and KL) rely on gaze tracking data, which can be noisy
or incomplete. The dependence on a single ground truth
(often human-annotated) can also introduce bias, as different
annotators may interpret paths or saliency differently. These
limitations highlight the need for more comprehensive
evaluation frameworks that better capture the complexities
of 360◦ video navigation and user interaction.

3 MAIN COURSE

3.1 Event-level Annotation Framework for 360o Video
Navigation
3.1.1 Why Do We Need This New Annotation Approach?
Existing annotation approaches fail to capture the event-
driven and continuous nature of human viewing behavior in
360◦ videos. Most existing datasets and protocols are built
upon frame-level or short-term observations, assuming that
viewing decisions are dominated by local visual cues. How-
ever, this assumption contradicts immersive viewing, where
attention evolves across semantic events and involves long-
term viewpoint transitions. From a modeling perspective,
current annotation strategies suffer from three key limita-
tions. First, annotations collected via head-mounted displays
(HMDs) are constrained by limited field of view, restricting
global perception and leading to incomplete observation
of event transitions. Second, the absence of standardized
protocols introduces variability across datasets, resulting in
inconsistent and incomparable annotations. Third, frame-
wise aggregation produces fragmented trajectories that lack
narrative coherence and fail to reflect the underlying decision
process of continuous viewing behavior.

These issues reveal a fundamental misalignment between
existing annotation schemes and event-driven viewing dy-
namics. To address this gap, we propose a new annota-
tion framework that explicitly models event structure and

enforces coherent trajectory representation. As illustrated
in Fig. 5, the framework consists of two stages: event-
aware perception-guided decoupling and consensus-driven
trajectory integration.

3.1.2 Perception-Guided Decoupling
We reformulate 360◦ video annotation as a behavior recon-
struction problem, where continuous viewing decisions are
decomposed into event-level semantics and local perceptual
evidence. The perception-guided decoupling stage (Fig. 5-A)
operationalizes this formulation by separating what to attend
from how attention evolves. Instead of directly annotating
frame-wise trajectories, which entangle short-term visual
responses with long-term decision dynamics, this design
improves controllability, consistency, and interpretability.

Specifically, the pipeline first extracts keyframes via
low-level visual difference detection, and then constructs
event-level units through semantic grouping, ensuring both
sensitivity to dynamic changes and preservation of narra-
tive structure. Based on this event-aware representation,
annotators perform region-of-interest (RoI) selection within
each event, followed by a quality evaluation procedure
to ensure annotation reliability. By integrating perception-
driven cues with structured constraints, this stage establishes
a standardized and robust annotation space for subsequent
coherent and consistent trajectory modeling.

Annotation Preparation. To balance immersion and
annotation reliability, we adopt a desktop-based visualiza-
tion system rather than relying solely on HMD devices,
thereby avoiding the limited field-of-view and physiological
discomfort inherent to immersive setups. Annotators interact
with ERP-formatted 360◦ videos using a customized PyQt5
interface [63], which supports synchronized audio-visual
perception for improved identification of salient regions.
Prior to annotation, all annotators are required to review
the full video to ensure a consistent understanding of the
underlying content and event structure.

Event-level Keyframe Construction. As illustrated in
Fig. 5-C, we first construct an event-level keyframe repre-
sentation to bridge low-level temporal dynamics and high-
level semantic structure. Specifically, keyframes are extracted
based on pixel-level differences between adjacent frames [64]–
[66], ensuring that local temporal variations are preserved.
However, such low-level representations alone fail to capture
the semantic transitions that govern human attention.

To address this limitation, we introduce an event-level
grouping mechanism. Semantic features are extracted using a
pre-trained vision-language model, and temporally adjacent
keyframes with high similarity are grouped into the same
event unit. This design establishes a dual structure: smooth,
coherent perception within events, and flexible viewpoint
transitions across events, thereby aligning the annotation
structure with the natural evolution of viewing behavior.

Local Annotation. Given the event-level structure, an-
notators perform region-of-interest (RoI) selection on each
keyframe, as illustrated in Fig. 5-D. Instead of making
isolated frame-level decisions, annotations are guided within
an event-aware context, reducing ambiguity in viewpoint
selection. The viewport is defined with a fixed configuration
(79.2◦ horizontal FoV and 16:9 aspect ratio), consistent with
mainstream 360◦ platforms, ensuring comparability across
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validation. Stage B merges local annotations into trajectories via clustering, aesthetic selection, and probabilistic consensus. Finally, spatial spherical
interpolation and temporal trapezoidal profiling ensure trajectory continuity, naturalness, and reproducibility.

samples. Annotators can freely adjust viewing direction and
iteratively refine their selections, grounding annotations in
both local perception and event-level semantics.

Annotation Quality Evaluation. To ensure annotation
reliability, we adopt a multi-criteria evaluation protocol
(Fig. 5-E). An expert panel evaluates annotations using a
five-point Likert scale [67], [68] along three dimensions: (i)
coverage, measuring the completeness of captured content; (ii)
fluency, assessing the smoothness of viewpoint transitions;
and (iii) narrative, reflecting alignment with visual semantics
and storytelling. The final score S is computed as the average
of these criteria. Annotations with S below a predefined
threshold are discarded and re-annotated, ensuring con-
sistency and high-quality supervision. The choice of St is
empirically validated in Sec. 4.2.5.

This design restores the event-driven structure of human
viewing behavior lost in conventional frame-level annota-
tion, effectively bridging annotation design and continuous
behavior modeling.

3.1.3 Consensus Constrained Combining
Reconstructing a behaviorally valid viewing trajectory is
essential for faithfully modeling continuous human decision
processes. To this end, the consensus-constrained combining
stage (Fig. 5-B) transforms dispersed local annotations into a
coherent trajectory grounded in real observations. Existing
frame-by-frame aggregation or clustering strategies often
produce fragmented results and may yield fictitious paths
that do not correspond to actual viewing behavior, thereby
lacking narrative coherence and interpretability. To address

this issue, we introduce consensus constraints to guide
trajectory construction, ensuring that the final result reflects
collective viewing preferences while remaining consistent
with human observations.

Viewport Clustering. Annotations from different annota-
tors are inherently dispersed, and directly using them intro-
duces noise. To address this, we cluster all annotations such
that each cluster corresponds to a set of highly consistent
viewport selections (Fig. 5-F).

Notably, cluster centers are not directly adopted, as
they do not correspond to actual annotations and may
lead to perceptually implausible results. Instead, within
each cluster, candidate viewports are evaluated using an
aesthetic model (e.g., [69]), and the real annotation with
the highest score is selected as the representative viewport,
denoted as Cij (i: keyframe index, j: cluster index). This
ensures that all representative viewports originate from real
observations while maintaining perceptual quality, thereby
avoiding artifacts introduced by virtual cluster centers.

The complete trajectory of each annotator can then be
expressed as:

T = {C1j1 , C2j2 , . . . , Ciji , . . . , Cnjn}, (1)
where T denotes the trajectory sequence. This representa-
tion enables comparison across annotators and provides a
structured foundation for subsequent event-level modeling.

Trajectory Selection. 360◦ video navigation requires
not only comprehensive coverage of critical information but
also the avoidance of fictitious paths. Such paths arise when
frame-by-frame aggregation produces sequences that do not
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correspond to any real trajectory, thereby lacking behavioral
validity and interpretability.

To address this issue, we propose an event-level trajectory
selection strategy based on probabilistic consensus (Fig. 5-G).
Within each event unit, the consensus probability of each
viewport cluster is computed as the normalized proportion
of annotations assigned to that cluster, capturing group-level
preferences. Each annotator’s trajectory is then mapped to
a sequence of cluster probabilities, and a global trajectory
score is accumulated across the event sequence using a log-
sum formulation. The trajectory with the highest global score
is selected as the final output, ensuring that the resulting
path corresponds to a real observation sequence while best
reflecting collective preferences.

Annotation Integration. To ensure smooth and behav-
iorally plausible transitions between keyframes, we design a
trajectory refinement strategy from both spatial and temporal
perspectives (Fig. 5-H).

At the spatial level, adjacent keyframes have fixed posi-
tions but uneven temporal intervals. As a result, simple linear
interpolation often produces irregular viewpoint motion,
with abrupt accelerations and decelerations that deviate from
natural gaze patterns. To address this issue, we employ time-
normalized spherical interpolation, ensuring smooth angular
transitions and avoiding discontinuities near the poles or
across longitudinal boundaries.

At the temporal level, to suppress abrupt speed variations,
we adopt a trapezoidal angular velocity profile (“acceleration-
uniform-deceleration”) to regulate motion along the time axis.
The acceleration stage is defined as:

Θ(t) = 1
2amaxt

2, 0 ≤ t ≤ ta, (2)
where amax denotes the maximum angular acceleration and
ta = ωmax/amax is the acceleration duration. Following
physiological studies on eye and head movements [70], [71],
we set ωmax = 100◦/s and amax = 300◦/s2, ensuring that
the generated trajectories align with natural gaze dynamics.

After the acceleration phase, the trajectory proceeds at the
maximum velocity ωmax, and then symmetrically decelerates
to zero as it approaches the target keyframe. For short
angular distances, the profile degenerates into a symmetric
triangular velocity curve. When the segment duration is
insufficient to support a complete trapezoid, feasibility is
maintained by reducing the maximum angular velocity or
redistributing the angular displacement across neighboring
segments. This ensures that the final trajectory is not only
smooth, but also consistent with the dynamics of human
viewing behavior.

3.2 The Proposed New Dataset
3.2.1 Why Should We Build This New Dataset?
Existing 360◦ video navigation datasets are largely composed
of short or single-event clips, which fail to capture cross-event
viewing behavior and long-term viewpoint transitions. As a
result, models trained on such data tend to learn short-term,
locally driven strategies rather than continuous decision
processes aligned with semantic event evolution.

Moreover, the lack of unified annotation and evaluation
standards often leads to inconsistent results across datasets,
hindering fair comparison and progress in the field. To
address these issues, we construct a new multi-event 360◦
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Fig. 6. Hierarchical category distribution of our dataset. The 182 videos
are organized into four super-categories and eight major categories,
with the outer ring showing fine-grained content labels. The percentages
indicate the proportions of videos in the four super-categories.

video navigation dataset under a standardized annotation
framework. With multi-annotator annotations under con-
sistent protocols, the dataset improves both diversity and
reliability, providing a more suitable foundation for modeling
and evaluating event-driven navigation. This dataset is
specifically designed to align with the proposed annotation
protocol and evaluation metric, forming a unified benchmark
for modeling event-driven viewing behavior.

3.2.2 360o Video Clip Collection and Annotation
To construct the dataset, we initially collected 300 360◦ video
clips from YouTube and discarded 118 low-quality samples
(e.g., low resolution or severe visual distortion), resulting in
182 high-quality videos. Unlike existing datasets dominated
by short or single-event clips, the selected videos primarily
contain multi-event sequences, enabling the modeling of
cross-event viewing behavior. The dataset covers four super-
categories and eight major categories, with representative
fine-grained content labels illustrated in Fig. 6 and key
statistics summarized in Table 1.

Using the proposed standardized annotation protocol, we
recruited 20 annotators (13 females, 7 males, aged 18–28),
among whom 12 performed annotation and 8 conducted
quality evaluation. The HMD-free annotation process was
carried out on PCs with a resolution of 2560×1440. Each
annotator spent approximately 30 minutes per video and
was allowed to take breaks to mitigate fatigue and ensure
annotation quality.

3.2.3 Advantage Discussions
The proposed dataset addresses key limitations of existing
360◦ video navigation benchmarks, particularly limited
cross-event coverage, inconsistent annotation protocols, and
fragmented trajectory construction. Its main advantages are
summarized as follows:
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Fig. 7. Comparison of existing and proposed evaluation metrics for
360◦ video navigation tasks. Subfigure A shows the limitation of Mean
Overlap, where the viewport regions overlap but directions differ, failing to
capture motion consistency. Subfigure B illustrates the limitation of Motion
Consistency alone, where viewports share direction but lack overlap,
potentially missing key content. The proposed metric addresses these
issues by combining viewport overlap with motion direction consistency,
providing a more comprehensive evaluation of navigation quality.

• Multi-event Coverage: Unlike datasets dominated by
short or single-event clips, ours consists of multi-event
sequences, enabling modeling of cross-event viewing
behavior and long-term viewpoint transitions.

• Diverse and Reliable Annotations: Each keyframe is
annotated by 12 annotators and assessed by eight qual-
ity evaluators. Quality screening, viewport clustering,
and consensus-based trajectory selection reduce bias
and improve annotation agreement, as confirmed by
component and consistency analyses.

• Coherent Trajectory Construction: The event-level strat-
egy selects complete trajectories from real annotations
rather than aggregating frames independently. Spherical
interpolation and trapezoidal velocity profiling further
smooth keyframe transitions, producing more behav-
iorally plausible navigation paths.

• Efficient and Controllable Annotation: The keyframe-
based pipeline reduces frame-wise annotation by fo-
cusing on representative content changes. The desktop
interface, quality screening, and re-annotation ensure
controllable and reliable trajectory construction.

3.3 The Proposed New Evaluation Metric
3.3.1 Why Should We Propose This New Metric?
Current evaluations of 360◦ video navigation rely on metrics
such as mean overlap, which measure alignment between
predicted and ground-truth viewports based solely on spatial
overlap. However, such formulations are insufficient for dy-
namic scenarios. Specifically, mean overlap neglects motion
dynamics, which play a critical role in immersive viewing.
In practice, user attention is strongly influenced by moving
objects [72]–[74], requiring a navigation system to model
not only where users look, but also how viewpoints evolve
over time. As a result, predictions with high spatial overlap
may still deviate from true viewing behavior when motion
direction is inconsistent with the ground truth (Fig. 7-A),
leading to unreliable evaluation.

More importantly, this spatial-only evaluation paradigm
implicitly biases models toward short-term alignment, rather
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Fig. 8. Conceptual diagram of the proposed evaluation metric for 360◦
video navigation. Points A and B represent viewport centers at times t

and t+ 1, respectively, with
→
m indicating the viewport’s motion direction

at time t. Viewport projection on the spherical coordinate system shows
how motion consistency is evaluated based on the alignment of predicted
and ground-truth viewport motion paths.

than event-level continuous decision making. To address
these limitations, we propose a new evaluation metric,
termed Motion-Adjusted Overlap (MAO), which jointly
captures spatial alignment and motion consistency.

3.3.2 Motion-Adjusted Overlap

Motion-Adjusted Overlap (MAO) is designed to address the
limitations of spatial-only metrics in dynamic 360◦ video
scenarios. In addition to measuring viewport overlap, MAO
evaluates motion-direction consistency between predicted
and ground-truth viewport trajectories, enabling a more
accurate characterization of spatiotemporal alignment.

As shown in Fig. 8, we denote the viewport center at
time t as A(θ1, ϕ1) and at time t+ 1 as B(θ2, ϕ2) in spherical
coordinates. For computational convenience, these points are
mapped to a 3D Cartesian space:

A(θ1, ϕ1) → A(x1, y1, z1) =


x1 = r · cosϕ1 · cos θ1
y1 = r · cosϕ1 · sin θ1
z1 = r · sinϕ1

B(θ2, ϕ2) → B(x2, y2, z2) =


x2 = r · cosϕ2 · cos θ2
y2 = r · cosϕ2 · sin θ2
z2 = r · sinϕ2

,

(3)
where r is the unit sphere radius, while θ and ϕ denote
longitude and latitude, respectively.

The ground-truth motion direction is obtained by project-
ing the chord A⃗B onto the tangent plane at A:

m⃗g = (I − aa⊤)(b− a), a = A
∥A∥ , b = B

∥B∥ , (4)

where I is the identity matrix. The predicted motion vector
m⃗p is computed analogously.

We define Motion Consistency (MC) as the cosine simi-
larity between motion directions:

MCt→t+1 =
m⃗g · m⃗p

∥m⃗g∥ ∥m⃗p∥
, t = 1, . . . , T − 1. (5)

It is then normalized to [0, 1] as:

M̃Ct→t+1 =
MCt→t+1 + 1

2
. (6)

For completeness, when both ground-truth and predicted
viewports remain stationary, we define gMCt→t+1 = 1; when
only one remains stationary, we set it to 0. Otherwise, the
score is computed using Eqs. 5 and 6.

While MC captures motion consistency, it does not
guarantee spatial alignment with salient regions. To jointly
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          Generate visually striking viewports, but lack narrative coherence between each other’s content      Generate smooth narrative thread to link key viewports, ensuring a coherent viewing experience

Fig. 9. Comparison of viewports generated by existing 360◦ video navigation methods and the proposed method. Existing methods (yellow) produce
visually striking but disjointed viewports, lacking narrative coherence. In contrast, the proposed method (red) generates a smooth narrative thread
linking key viewports, ensuring a coherent and engaging viewing experience.

model spatial and temporal agreement, we weight viewport
overlap by motion consistency:

MAO =
1

T − 1

T−1X
t=1

Soverlap
t→t+1

⇓
· M̃Ct→t+1,z }| {

1

2

h
IoU

(
lpt , l

gt
t

)
+ IoU

(
lpt+1, l

gt
t+1

)i
.

(7)

where Soverlap
t→t+1 denotes the average viewport IoU at the

two endpoints of the transition, and lpt and lgtt denote the
predicted and ground-truth viewports at time t, respectively.
This formulation ensures that accurate predictions are both
spatially aligned and motion-consistent, providing a more
faithful evaluation of navigation quality.

3.4 The Proposed New Network
3.4.1 Why Should We Develop This New Network?
The goal of 360◦ video navigation is to guide viewers through
immersive content by dynamically selecting informative
viewpoints. However, existing methods [7], [8] are predom-
inantly designed under a local and short-term paradigm,
relying on saliency cues to highlight prominent regions.
While effective in capturing striking elements, such designs
largely overlook the underlying semantic structure of videos,
leading to fragmented navigation that prioritizes secondary
details over key narrative content (Fig. 9).

More importantly, these methods lack the ability to model
cross-event dependencies and long-term viewpoint evolution.
As a result, they often produce locally plausible yet globally
inconsistent trajectories, failing to adapt to event transitions
and continuous viewing behavior. Furthermore, treating
saliency and semantic information as independent cues
neglects their interaction, which may bias the model toward
visually salient but semantically irrelevant regions.

These limitations are fundamentally inconsistent with the
event-level annotation, multi-event data distribution, and
motion-aware evaluation introduced in this work. To address
this gap, we propose a new network that jointly models local
saliency, temporal dynamics, and global event semantics. By
integrating content-aware temporal segmentation, adaptive
spatial modeling, and semantic consistency optimization, the
proposed framework generates coherent and behaviorally
aligned navigation trajectories.

3.4.2 Network Overview

As illustrated in Fig. 10, the proposed framework consists of
three components: (A) Content-aware Temporal Segmenta-
tion, (B) Adaptive Spatial Segmentation, and (C) Semantic
Consistency Optimization.

Given ERP video frames as input, the model first per-
forms content-aware temporal segmentation to partition the
video into semantically coherent segments by detecting event
boundaries and content transitions, thereby capturing the
underlying event structure (Sec. 3.4.3). For each temporal
segment, adaptive spatial segmentation is then applied to
identify and prioritize salient regions. By jointly leveraging
object cues and saliency information, the model selects rep-
resentative viewports and projects them into cube maps for
improved spatial representation (Sec. 3.4.4). Finally, semantic
consistency optimization enforces alignment between local
viewpoint selection and global narrative context, ensuring
that the generated trajectories are both temporally coherent
and semantically consistent (Sec. 3.4.5).

3.4.3 Content-aware Temporal Segmentation

Technical Rationale. In 360◦ video navigation, human
attention evolves across semantic events rather than isolated
frames. However, most existing methods operate on frame-
wise or uniformly segmented inputs, implicitly assuming
short-term independence. This prevents models from cap-
turing event transitions and long-term viewpoint evolution,
resulting in fragmented navigation that fails to align with
the underlying narrative.

To address this limitation, it is necessary to explicitly
model event structure by segmenting videos according to
content dynamics. We therefore propose a content-aware
temporal segmentation strategy (Fig. 10-A), which partitions
the video into semantically coherent segments based on
content changes instead of uniform intervals. This design
ensures that each segment corresponds to a meaningful event
unit, enabling consistent viewpoint modeling within events
while preserving flexibility across event transitions. Fur-
thermore, adjacent segments with similar semantic content
are merged to reduce redundancy and improve temporal
coherence, providing a stable foundation for subsequent
spatial modeling and trajectory generation.
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Fig. 10. Overview of the proposed 360o video navigation model, comprising three main components: A Content-aware Temporal Segmentation
(Sec. 3.4.3) divides the video into event-based segments by detecting key transitions, capturing essential narrative moments. Building on these
temporal segments, B Adaptive Spatial Segmentation (Sec. 3.4.4) highlights and centers visually relevant regions within each segment, using object
and saliency detection to guide viewer attention. C Semantic Consistency Optimization (Sec. 3.4.5) aligns these viewports with the global narrative,
ensuring thematic coherence. Together, these steps create a smooth navigation path that enhances engagement and narrative comprehension.

Keyframe Extraction. To detect major transitions, we
compute pixel-wise differences between consecutive frames
{F1, F2, . . . , FN}, where Fi denotes the i-th frame. The
difference between Fi and Fi−1 is defined as:

Di =
HX

x=1

WX
y=1

CX
c=1

|Fi(x, y, c) − Fi−1(x, y, c)| , (8)

where H,W,C denote the frame height, width, and number
of channels. This measure captures global content variation
for identifying candidate keyframes.

To suppress noise caused by minor changes (e.g., illumi-
nation variations or small motions), we smooth the sequence
{Di} using a normalized Hann window of length L = 2h+1,
yielding {Si}:

Si =
hX

j=−h

1 + cos
(
πj
h

)
Ph

ℓ=−h

[
1 + cos

(
πℓ
h

)] ·Di+j . (9)

where h denotes half the window length. The normalization
ensures that the window weights sum to one, suppressing
high-frequency noise while preserving major transitions.

Keyframes are then detected as local maxima in {Si}:
Si > Si−1 and Si > Si+1. (10)

These points correspond to significant content changes and
serve as boundaries for temporal segmentation, forming the
basis of event-level units.

Event Segmentation. The detected keyframes define tem-
poral boundaries that partition the video into M segments
{v1, v2, . . . , vM}, each corresponding to a semantically coher-
ent event unit. This content-aware segmentation aligns with
the natural evolution of video content, enabling consistent

modeling of viewpoint behavior within each event.
However, direct segmentation based on keyframes may

lead to over-fragmentation, producing redundant or weakly
separated segments. To address this issue, we further refine
the segmentation via semantic-based merging, grouping
adjacent segments with similar content into unified event
units. This step reduces redundancy and ensures more stable
and coherent event-level representations.

Similar Event Merging. Although the initial segmen-
tation captures fine-grained transitions, it may introduce
over-fragmentation when adjacent segments are semantically
similar. To obtain more stable event units, we further perform
semantic-based merging.

Specifically, we extract semantic features for each segment
using a vision-language model, resulting in a sequence
{s1, s2, . . . , sM}. The semantic similarity between adjacent
segments is computed via a pre-trained sentence-transformer
model. If the similarity Sim(si, si+1) exceeds a threshold ω,
the corresponding segments are merged:

vi, vi+1 → vi ∪ vi+1, if Sim(si, si+1) ≥ ω, (11)
where i = 1, . . . ,M − 1.

This merging process groups semantically consistent
segments into unified event units, reducing redundancy
and preventing over-segmentation. As a result, the temporal
segments better reflect coherent event structures, providing
a more reliable basis for subsequent viewpoint selection.

3.4.4 Adaptive Spatial Segmentation

Technical Rationale. While temporal segmentation captures
the event structure of a video, it does not resolve spatial
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ambiguity within each event. In 360◦ videos, salient content
is distributed across panoramic space, and a single event
may contain multiple competing regions of interest, causing
viewpoint selection to be biased toward locally prominent
yet semantically irrelevant areas without spatial modeling.

To address this issue, we introduce adaptive spatial
segmentation, which identifies and prioritizes candidate
regions within each event. By jointly modeling visual saliency
and semantic relevance, this module enables more precise
viewpoint selection, ensuring that the selected viewports are
both informative and aligned with the event context, thereby
maintaining consistency with both local visual cues and the
global narrative structure.

Candidate Object Localization. For each temporal seg-
ment, we perform object localization on a representative
frame using the pre-trained YOLO-World detector [75], iden-
tifying candidate regions with high semantic relevance. The
detected objects are represented by their center coordinates,
forming an initial set of candidate viewports.

To refine these candidates, we incorporate saliency fil-
tering using the pre-trained CSMA-Net saliency model [76].
The resulting saliency maps emphasize prominent regions,
allowing the model to prioritize candidates that are both
semantically meaningful and perceptually salient.

Key Object Filtering. We combine object detection results
with saliency information to select the top-k candidates (with
k = 3). For each object j, a fused score is defined as:

Fj = σ · Sj
⇓

+ (1 − σ) · Cj ,z }| {
Sj =

1

|Aj |
X

(x,y)∈Aj

S(x, y)
(12)

where Aj denotes the pixel set within the bounding box of
object j, S(x, y) is the saliency value at location (x, y), and
Cj is the detection confidence.

This formulation jointly considers semantic confidence
and visual saliency, enabling robust candidate selection. The
top-k objects are retained as key candidates and re-centered
within each frame to guide subsequent viewpoint generation.

Cube Map Reprojection based on Key Objects. For each
selected object, its center coordinates are used as a reference
to reproject the frame sequence, ensuring that the object
remains within the primary field of view. This step preserves
spatial integrity by avoiding the splitting of salient regions
across projection boundaries.

After re-centering key objects, we apply Cube Map
projection to transform the spherical 360◦ video into six
perspective planes: front, back, left, right, top, and bottom.
Each plane provides a localized view, capturing spatial
information within the panoramic scene. This representation
facilitates consistent viewpoint generation by maintaining
the prominence of key objects across viewing directions.

3.4.5 Semantic Consistency Optimization

Technical Rationale. While temporal and spatial segmenta-
tion guide viewpoint selection at the event and local levels,
they do not enforce global semantic coherence across the
entire video. Without such a constraint, the model may
focus on visually salient yet semantically inconsistent regions,
leading to discontinuous or unstable viewing trajectories.

To address this issue, we introduce Semantic Consistency
Optimization, which incorporates global semantic context to
regularize viewpoint selection. By measuring the alignment
between local viewport features and the overall video
semantics, this module enforces consistency across events
and ensures that the generated trajectories remain coherent
over time. As a result, the navigation process better reflects
both local relevance and global narrative structure.

Local and Global Semantic Description. Given 6×k×M
candidate sequences (where 6 denotes Cube Map faces, k
the number of key objects, and M temporal segments), we
extract semantic features for each sequence Vq,i using Video-
LLaVA [77], yielding local representations Elocal(Vq,i).

To capture global context, we compute a video-level
semantic representation Eglobal from the entire 360◦ video,
which encodes the overall narrative and high-level semantics.
This global feature serves as a reference for evaluating the
relevance of each local candidate.

Semantic Consistency Calculation. For each temporal
segment q, we define the semantic consistency score of
candidate sequence Vq,i as:

Sq,i = Sim (Elocal(Vq,i), Eglobal) , i = 1, . . . , 6k, (13)
where Sim(·) denotes the semantic similarity function and
q = 1, . . . ,M indexes the temporal segments. This score mea-
sures the alignment between each locally selected candidate
and the global video semantics.

Optimal Viewport Selection. For each temporal segment,
the 6k candidates are ranked according to their semantic
consistency scores. The optimal candidate index and corre-
sponding viewport sequence are determined as:

V ∗
q = Vq,i∗q

⇓

, q = 1, . . . ,M,z }| {
i∗q = arg max

i∈{1,...,6k}
Sq,i .

(14)

This selection maintains global semantic alignment while
preserving locally relevant content. To generate a temporally
coherent navigation trajectory, we map the selected viewport
centers onto the unit sphere and apply time-normalized
spherical interpolation between adjacent keyframes. Their
frame indices serve as temporal anchors, while a trapezoidal
angular-velocity profile regulates transition speed. This
design preserves spherical geometry, handles longitudinal
wrap-around, and avoids abrupt viewpoint changes. The
resulting formulation jointly optimizes spatial selection and
temporal coherence under global semantic constraints.

Overall, the proposed network is tightly coupled with
the event-level annotation, multi-event dataset, and motion-
aware evaluation, forming a unified framework for modeling
continuous viewing behavior.

4 EXPERIMENTS

4.1 Experiments of Annotation Approach and Collected
Dataset

4.1.1 Effectiveness of Our Annotation Approach
Ablation Study of Our Annotation Approach. The proposed
annotation approach enhances diversity, consistency, and
quality through multiple annotators and an evaluation
procedure. To assess the contribution of each component,
we conducted a component-wise user study involving 40
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TABLE 3
Quantitative component studies for proposed annotation method (See

Sec. 4.1.1).

1 5.41 5.28 5.37
2 5.24 4.86 4.96
3 5.58 5.47 5.54
4 5.44 5.63 5.62
5 5.86 5.84 5.83
6 6.17 6.20 6.02
7 6.22 6.29 6.38

Average Viewpoint Position of original viewport 

 Annotation Quality Evaluation (Sec. 3.1.2-E)
Viewport Clustering (Sec. 3.1.3-F)
Trajectory Selection (Sec. 3.1.3-G)
Annotation Integration (Sec. 3.1.3-H)

Baseline (each video annotated by one person) 

Three Questions Used to Evaluate Scores

participants, who were divided into four groups of ten to
reduce fatigue. An annotation set comprised a subset of
evaluation videos with the navigation trajectories generated
by all seven configurations in Table 3. Each group reviewed
two annotation sets, and each set was assigned to at least
two groups, ensuring that it was evaluated by at least 20
participants. All participants passed a color-vision screening
test before the study. For each video, participants watched
the original panoramic content to understand its events and
narrative and then evaluated the trajectories generated by
the seven configurations. The questionnaire included three
questions: QM

1 : Does the video navigation focus on key visual
targets? QM

2 : Is the navigation aesthetically composed? QM
3 :

Do you like this navigation result? Each question was rated
on a 7-point Likert scale. For each configuration, valid ratings
were averaged across participants and evaluation videos to
obtain the final scores reported in Table 3.

Table 3 presents the results. Simple coordinate averaging
(row 2) degraded the scores relative to the baseline (row 1),
indicating that averaging viewport coordinates is ineffective.
Annotation Quality Evaluation (row 3) and Viewport Cluster-
ing (row 4) improved performance, while their combination
(row 5) achieved the best results among the first five
configurations, increasing QM

1 , QM
2 , and QM

3 by 0.45, 0.56,
and 0.46, respectively. Replacing frame-wise selection with
event-level Trajectory Selection (row 6) further improved
these scores by 0.31, 0.36, and 0.19. Finally, Annotation Inte-
gration (row 7) increased QM

3 by an additional 0.36 through
spherical interpolation and trapezoidal velocity profiling,
demonstrating its effectiveness in producing smoother and
more coherent navigation trajectories.

Overall, the proposed annotation approach produces
more consistent, coherent, and perceptually preferred trajec-
tories that better align with natural human viewing behavior.

Our Method Reduces Subjectivity Bias in Annota-
tions. Our method effectively reduces subjectivity bias in
annotations by alleviating inconsistencies caused by limited
annotator diversity in existing approaches. To evaluate its ef-
fectiveness, we conduct an experiment where video segments
in the test set are divided into five groups, each annotated
by 12 annotators. Consistency is assessed using two metrics:
“Trajectory Coverage” and “Trajectory Maximum Similarity”.

For “Trajectory Coverage”, each annotator’s trajectory
is treated as the baseline, and its coverage is computed
with respect to others by measuring the proportion of
its viewports appearing in their trajectories. This reflects
the degree of agreement among annotators. The average
coverage across segments yields the overall “Trajectory
Coverage” score. For “Trajectory Maximum Similarity”, we
measure the overlap of viewports at keyframes between each
trajectory and others. The highest overlap with the baseline
trajectory is taken as its maximum similarity, and averaging

(a) Viewport Coverage Ratio (b) Trajectory Maximum Similarity Ratio

Fig. 11. Comparison of “Trajectory Coverage” and “Trajectory Maximum
Similarity” shows that our method achieves higher scores on both metrics
across all video groups than traditional methods, indicating reduced
subjectivity bias and more consistent annotations.
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Fig. 12. User study to validate the rationality and effectiveness of
the annotated navigation trajectories in our VideoNav360 dataset by
comparing them with existing datasets Pano2Vid (a) and Sports360 (b).

these values across trajectories and segments yields the
overall “Trajectory Maximum Similarity” score.

The results in Fig. 11 show that our method consistently
outperforms traditional approaches on both metrics. The
baseline, which relies on independent annotations from
12 annotators and evaluations from 8 raters, does not
incorporate the proposed trajectory selection and integration
steps. Our method improves inter-annotator consistency,
increases coverage of key regions, and reduces subjectivity
bias, resulting in more reliable and consistent annotations for
downstream navigation and visual saliency tasks.

4.1.2 User Study on Annotated Navigation Paths
We conducted a user study to compare the navigation paths
annotated by our method with those from two existing
methods: Sports360 and Pano2Vid. For this experiment, we
randomly selected 40 clips from the Sports360 dataset and
11 from Pano2Vid, annotating the videos using our method
while using the existing navigation paths from the other
two datasets. Ten users were recruited to evaluate the anno-
tated paths using a questionnaire from Sec. 4.1.1. Effective
navigation paths, which enhance the viewing experience,
generally received higher scores. The results in Fig. 12 show
that our method achieves consistently higher average scores
than Pano2Vid (a) and Sports360 (b), indicating that the
generated navigation paths better align with user preferences
and improve the viewing experience.

4.1.3 Effectiveness of Our VideoNav360 Dataset
This experiment aims to evaluate whether the proposed
VideoNav360 dataset can improve the performance of exist-
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TABLE 4
Cross-dataset quantitative evaluation between VideoNav360 and

Sports360. See Sec. 4.1.3 for details.

Dataset
Train on VideoNav360 (Ours) Train on Sports360

       Test on Ours       Test on Sports360         Test on Ours        Test on Sports360

Metric MO↑ MVD↓ MAO↑ MO↑ MVD↓ MAO↑ MO↑ MVD↓ MAO↑ MO↑ MVD↓ MAO↑
Deep360 0.630 7.130 0.555 0.651 7.293 0.547 0.630 7.589 0.480 0.677 7.216 0.639

A-DRL 0.629 6.675 0.524 0.619 6.595 0.513 0.574 6.989 0.479 0.596 7.167 0.481
S2CNet 0.592 8.030 0.481 0.602 7.425 0.486 0.542 7.594 0.435 0.577 8.022 0.453
DCNet 0.458 6.121 0.349 0.521 5.400 0.518 0.487 5.870 0.498 0.443 3.973 0.336
LESOD 0.622 7.844 0.504 0.640 7.488 0.515 0.621 7.785 0.479 0.611 7.692 0.496

TABLE 5
Quantitative comparison of PanoNavNet with other SOTA methods on

Pano2Vid, Sports360, and VideoNav360 datasets.

Dataset Pano2Vid Sports360 VideoNav360
Methods MO↑ MVD↓ MAO↑ MO↑ MVD↓ MAO↑ MO↑ MVD↓ MAO↑

Deep360[2017] 0.604 14.730 0.544 0.670 6.892 0.623 0.635 7.384 0.571
A-DRL[2020] 0.588 14.102 0.498 0.603 6.975 0.493 0.612 6.984 0.510
IRSR[2021] 0.315 21.852 0.211 0.341 12.075 0.232 0.328 11.535 0.223
PSR[2023] 0.397 16.878 0.297 0.402 7.194 0.302 0.415 7.386 0.315

ASSRE[2024] 0.301 18.648 0.199 0.345 10.929 0.240 0.330 10.086 0.228
QAGNet[2024] 0.330 14.280 0.226 0.350 9.684 0.263 0.356 9.123 0.263
S2CNet[2024] 0.552 15.930 0.442 0.576 7.684 0.461 0.584 7.746 0.472
DCNet[2025] 0.422 15.726 0.317 0.442 3.822 0.345 0.455 7.060 0.355
LESOD[2026] 0.598 15.210 0.487 0.623 7.617 0.501 0.635 7.684 0.514

Ours 0.715 14.560 0.636 0.710 6.974 0.653 0.736 6.743 0.671

ing 360◦ video navigation models. The dataset is constructed
based on our annotation pipeline, with the goal of providing
higher-quality and more consistent navigation trajectories.
Considering that existing 360◦ navigation models are rel-
atively limited and some are not publicly available, we
select Deep 360 Pilot [7] (Deep360), A-DRL [46], S2CNet [78],
DCNet [22], and LESOD [79] as representative models for
evaluation. Our hypothesis is that if the proposed dataset pro-
vides higher-quality navigation trajectories, models trained
on it should achieve better performance.

To verify this hypothesis, we randomly select 50 videos
for training and 30 videos for testing from each of
VideoNav360 and Sports360. We repeat this random split five
times and report the average results. Each model is trained
on one dataset and evaluated on both datasets.

The results in Table 4 show that training on VideoNav360
improves cross-dataset performance, although gains vary
across models and metrics. On the Sports360 test set,
VideoNav360 training improves all three metrics for A-DRL,
S2CNet, and LESOD, while improving MO and MAO for
DCNet. On the VideoNav360 test set, it provides gains for
A-DRL and improves most metrics for Deep360, S2CNet, and
LESOD. These results suggest that VideoNav360 provides
useful supervision for learning transferable event-level navi-
gation patterns, although model-specific differences remain.

4.2 Experiments of PanoNavNet and Metric MAO
4.2.1 Implementation Details, Datasets and Metrics
All experiments were conducted on a workstation equipped
with an NVIDIA GeForce RTX 4090 GPU with 24 GB
memory and 16 GB RAM. Each ERP video frame was
resized to 960 × 480. PanoNavNet does not require end-
to-end training; instead, it integrates publicly available pre-
trained models to improve deployment flexibility and avoid
overfitting on limited navigation data. Specifically, we use
YOLO-World [75] for object detection, CSMA-Net for 360◦

saliency estimation, and Video-LLaVA [77] for local and
global semantic description. Cosine similarity is used for

semantic consistency calculation. The number of retained
key objects is set to k = 3, while the balancing factor, event-
merging threshold, and annotation-quality threshold are set
to σ = 0.75, ω = 0.73, and St = 4.0, respectively. These
settings are fixed across all experiments.

We evaluate the proposed method on the publicly avail-
able Pano2Vid and Sports360 datasets and our newly con-
structed VideoNav360 dataset. For Pano2Vid and Sports360,
only videos that remained publicly accessible were included
because several original download links were invalid. We
adopt Mean Overlap (MO), Mean Velocity Difference (MVD),
and the proposed Motion-Adjusted Overlap (MAO) for
evaluation. MO measures spatial overlap between predicted
and ground-truth viewports, while MVD evaluates trajec-
tory smoothness, with lower values indicating smoother
transitions. MAO jointly measures spatial alignment and
motion-direction consistency, providing a complementary
evaluation of dynamic navigation quality.

4.2.2 Evaluations with SOTA Methods
Since most existing 360◦ video navigation models are not
publicly available, we adopt Deep 360 Pilot [7] (Deep360)
and A-DRL as representative methods for comparison.
In addition, we include an aesthetic cropping model,
S2CNet [78], and six saliency ranking models, including
IRSR [80], ASSRE [81], PSR [82], QAGNet [83], DCNet [22],
and LESOD [79]. All models are retrained to ensure fair
comparison. It is important to note that saliency ranking and
cropping models differ from 360◦ video navigation models
in their objectives. The former focus on identifying visually
important or aesthetically appealing regions, while the latter
aim to model dynamic viewport selection and continuous
navigation over global content. To ensure comparability,
we adapt these methods by selecting the most salient
region as the initial viewport and using its centroid as the
final coordinate, thereby establishing a consistent basis for
comparison across methods.

Quantitative Evaluation. The results in Table 5 show that
our method achieves the best MO and MAO on all three
datasets while remaining competitive in MVD. The gains are
particularly pronounced in MAO, demonstrating the ability
to jointly model spatial alignment and motion consistency.
Although several competing methods obtain lower MVD
on Pano2Vid and Sports360, their substantially lower MO
and MAO indicate that trajectory smoothness alone does
not guarantee accurate or motion-aligned navigation. These
results confirm that our approach effectively captures event-
level temporal dynamics and continuous viewing behavior
rather than relying solely on local saliency cues. Unlike
saliency-ranking methods that prioritize visually prominent
regions without considering temporal coherence, our model
integrates local saliency with global narrative context.

Qualitative Evaluation. To further validate the effective-
ness of our approach in modeling continuous viewing behav-
ior, we present qualitative comparisons with representative
SOTA methods in Fig. 13. In Scene A, the video depicts a
cyclist in red passing by a group of people in a park at night.
Several competing methods tend to focus on locally salient
but less event-relevant regions, such as static pedestrians,
background structures, or illumination changes, resulting
in viewpoint deviations from the main moving subject. In
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The video shows a man wearing red clothes riding a bike at night while being filmed by a 
camera. The camera captures the man's movements as he rides around a park, passing by a 

group of people sitting on a bench.  
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The video shows a person water skiing behind a boat while being pulled by a rope. The person 
is seen performing various tricks and flips while being pulled by the boat. 
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Fig. 13. Qualitative comparisons between PanoNavNet and several representative state-of-the-art methods on the VideoNav360 dataset. All trainable
competing methods were retrained on the VideoNav360 training set and evaluated on the corresponding test set, whereas PanoNavNet employed
fixed pre-trained components without end-to-end training. See Sec. 4.2.2 for details.
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Fig. 14. User study of the proposed metric MAO (see Sec. 4.2.3) shows
that in videos with viewport shifts, MAO exhibits trends more consistent
with user ratings than MO. In contrast, for videos without viewport shifts,
MAO, MO, and user ratings exhibit similar trends. These findings suggest
that MAO is more consistent with the user’s viewing experience.

contrast, our method consistently attends to the cyclist and
the surrounding human interaction context, which better
reflects the progression of the scene. This demonstrates the
benefit of incorporating global semantic cues for viewpoint
selection. In Scene B, the main event is a water skier being
pulled by a boat and performing dynamic movements on
the water. Existing methods are easily attracted by visually
dominant regions such as the boat, water splashes, wake
patterns, or strong reflections, which may cause unstable
viewpoint shifts across time. Our method maintains attention
on the skier and the action-relevant region, producing
viewpoints that are more consistent with the ground truth.
This highlights the ability of our model to suppress short-
term visual distractions and preserve temporal coherence.
Overall, these examples show that our method prioritizes
event-relevant regions over transient or locally salient stimuli,
resulting in more coherent and stable navigation trajectories.

4.2.3 Effectiveness Evaluation of Metric MAO
To evaluate the effectiveness of the proposed Motion-
Adjusted Overlap (MAO) metric, we conduct a user study.
From three datasets (ours, Sports360, and Pano2Vid), we
select 20 viewpoint-shift videos per dataset, where the
predicted viewport trajectory deviates from the ground-truth
viewport motion direction, yielding 60 samples. Additionally,
we select 10 non-viewpoint-shift videos per dataset, resulting
in 30 samples.

We compare two 360◦ navigation methods: Deep 360
Pilot [7] (Deep360) and our PanoNavNet, under both con-

ditions. Ten evaluators, who previously participated in the
dataset study (Sec. 4.1.1), rate the predicted trajectories via
a standardized questionnaire. For each trajectory, we record
(1) subjective scores, (2) MAO, and (3) MO. All 1–7 ratings
are normalized to [0,1] for consistency.

As shown in Fig. 14, in viewpoint-shift cases, both user
scores and MAO are low, indicating motion misalignment,
while MO remains high, exposing its limitation in dynamic
scenarios. In non-viewpoint-shift cases, user scores, MAO,
and MO exhibit similarly high trends, indicating that both
metrics are reliable when motion is consistent. Overall, our
method achieves higher user satisfaction and MAO, with
improved MO. MAO exhibits trends more consistent with
human ratings than MO in dynamic scenes, suggesting that
jointly modeling spatial overlap and motion consistency
provides a more representative measure of navigation qual-
ity. This validates MAO as a strong complement to MO,
especially for motion-intensive 360◦ content.

4.2.4 Effectiveness Evaluation on Different Components

To assess the contribution of each component, we construct a
baseline and progressively introduce modules. The baseline
performs equidistant sampling of video clips (A), applies
random Cube Map projection (E), and uses plain ranking (G)
for navigation. As shown in Table 6, this baseline achieves an
MO of 0.656, MVD of 7.153, and MAO of 0.572, and serves
as the reference for comparisons. Processing time per 600
frames (FPS = 25) is also reported.

Effectiveness of Content-Aware Temporal Segmentation.
Adding keyframe extraction (B) (row 2 vs. row 1) improves
MO and MAO to 0.679 and 0.602, respectively, indicating
that informative frames are more effectively captured. This
improves alignment with key events, although MVD slightly
increases due to stronger viewpoint transitions. Further
incorporating Similar Event Merging (C) (row 3 vs. row
2) reduces MVD from 7.314 to 7.104 and processing time
from 9293 to 5629 ms, corresponding to a 39.4% reduction.
Meanwhile, MO and MAO decrease moderately from 0.679
and 0.602 to 0.658 and 0.576, respectively. These results show
that semantic merging removes redundant segments and im-
proves computational efficiency and trajectory smoothness,
with a modest trade-off in navigation accuracy.
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TABLE 6
Quantitative component studies for PanoNavNet (See Sec. 4.2.4).

The unit of time is milliseconds (ms).

1 0.656 7.153 0.572 9285
2 0.679 7.314 0.602 9293
3 0.658 7.104 0.576 5629
4 0.676 7.306 0.599 5637
5 0.709 6.940 0.634 5787
6 0.673 7.241 0.596 2393
7 0.714 6.821 0.645 2455
8 0.736 6.743 0.671 2573

Equidistant Sampling of Video Clips
Keyframe Extraction (Eqs. 8-10 in Sec. 3.4.3)
Similar Event Merging (Eq. 11 in Sec. 3.4.3)

Random Projection of Cube Maps
Key Object Filtering (Eq. 12 in Sec. 3.4.4)

Cube Map Reprojection based on Key Object (Sec. 
3.4.4)
Plain Ranking
Semantic Consistency Calculation (Eqs. 13-14 
in Sec. 3.4.5)

TABLE 7
Ablation study on the threshold St

in annotation quality evaluation
(Sec. 3.1.2).
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TABLE 8
Ablation study on the semantic

similarity in similar event merging
(Eq. 11).

MO MVD MAO Time
0.53 0.473 3.758 0.341 1682
0.63 0.592 4.660 0.503 2248
0.73 0.736 6.743 0.671 2573
0.83 0.734 6.774 0.668 3786

�

TABLE 9
Ablation study on the balancing

factor for key object filtering
(Eq. 12).

MO MVD MAO
0.55 0.694 7.083 0.620
0.65 0.713 7.042 0.643
0.75 0.736 6.743 0.671
0.85 0.720 6.820 0.655

�

TABLE 10
Ablation study on different choices

of video caption methods in
semantic consistency calculation

(Sec. 3.4.5).
Video Caption MO MVD MAO

BMT 0.732 6.748 0.664
MDVC 0.731 6.739 0.674
PDVC 0.734 6.747 0.669

Video-LLaVA 0.736 6.743 0.671

Effectiveness of Adaptive Spatial Segmentation. We
next examine spatial modules D–F. Key object filtering (D)
(line 6 vs. line 4) reduces processing time from 5637 to 2393
ms while maintaining comparable performance, indicating
that removing irrelevant regions improves efficiency. Intro-
ducing Cube Map reprojection based on key objects (F) (line
7 vs. line 6) leads to clear improvements, increasing MO to
0.714 and MAO to 0.645, while reducing MVD to 6.821. This
demonstrates that centering key objects strengthens spatial
coherence and aligns the viewport with user attention.

Effectiveness of Semantic Consistency Optimization.
Semantic consistency calculation (H) (line 8 vs. line 7) further
improves all metrics, achieving MO = 0.736, MVD = 6.743,
and MAO = 0.671. By ranking candidates by semantic
relevance, the model prioritizes event-consistent regions and
avoids locally salient yet contextually irrelevant selections.

These results show that each component addresses a
distinct aspect of the problem. Temporal segmentation
captures event structure, spatial segmentation ensures focus
on key regions, and semantic consistency enforces alignment
with global context. Together, they enable stable, coherent,
and event-driven navigation trajectories.

4.2.5 Ablation Study

Effect of the Threshold St in Annotation Quality Evalua-
tion. We conduct an ablation study on the score threshold
St, which determines whether annotations are re-collected
(Sec. 3.1.2). Four thresholds (3.5, 4.0, 4.5, and 5.0) are
evaluated to balance data quality and annotation cost. As
shown in Table 7, setting St = 4.0 effectively filters out
low-quality annotations, leading to improved trajectory
coverage and similarity without introducing excessive re-
annotation overhead. In contrast, higher thresholds yield
marginal gains while increasing re-annotation overhead.

Where to focus?

Multi-focal results in viewport jumps 
and discontinuities.

(b) Multi-focus dynamic scene (a) A scene with no obvious focus

Fig. 15. The limitations of the proposed annotation approach and
PanoNavNet are discussed in Sec. 4.3 for more details.

These results indicate that St = 4.0 achieves the best trade-
off between data quality and annotation efficiency, ensuring
both consistency and stability.

Semantic Similarity in Similar Event Merging. We
study the effect of the threshold ω in Similar Event Merging
(Eq. 11), which determines whether adjacent segments are
merged based on their semantic similarity. We evaluate four
settings, ω ∈ {0.53, 0.63, 0.73, 0.83}. As shown in Table 8,
increasing ω from 0.53 to 0.73 substantially improves MO
and MAO, indicating more accurate event separation and
better navigation alignment. Meanwhile, MVD increases
from 3.758 to 6.743, reflecting a trade-off between content
alignment and trajectory smoothness as stricter merging
preserves more event transitions. Further increasing ω to 0.83
slightly decreases MO and MAO, further increases MVD, and
raises the processing time by 47.1%. These results indicate
that ω = 0.73 achieves the best trade-off among spatial
alignment, motion consistency, trajectory smoothness, and
computational efficiency.

Balancing Factor for Key Object Filtering. In Eq. 12, the
parameter σ controls the trade-off between saliency and
detection confidence when estimating object importance.
A larger σ emphasizes salient regions, while a smaller
value preserves detection confidence. As shown in Table 9,
increasing σ from 0.55 to 0.75 improves performance, with
MAO rising from 0.620 to 0.671, indicating more accurate
identification of key regions. However, further increasing σ
to 0.85 leads to a performance drop, suggesting that over-
reliance on saliency suppresses detection confidence and
causes less salient yet semantically important objects to be
overlooked. These results indicate that σ = 0.75 achieves
the best balance, effectively integrating visual saliency and
semantic relevance for robust object selection.

Different Choices of Video Caption Methods. We
evaluate the impact of different vision-language models used
for semantic representation in Sec. 3.4.5. Specifically, we
compare four video captioning models, including BMT [84],
MDVC [85], PDVC [86], and Video-LLaVa [77], which differ
in their feature extraction strategies. As shown in Table 10,
performance remains stable across all choices, with only
marginal variations in MO, MVD, and MAO. This indicates
that the proposed Semantic Consistency Optimization is
robust to the choice of captioning model and does not rely on
a specific architecture. These results suggest that our method
effectively leverages high-level semantic cues in a model-
agnostic manner, enabling consistent alignment between
viewer attention and event-level narrative structure.

4.3 Limitations
Despite the effectiveness of our annotation method in ad-
dressing subjectivity issues, there are two key limitations.
First, our approach struggles in scenes lacking a clear focal
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point, as shown in Fig. 15-a. In such scenes, where there
is no obvious narrative focus, the system has difficulty
prioritizing a viewport area, leading to dispersed attention
and inconsistent viewer guidance. Second, in dynamic scenes
with multiple focal points (Fig. 15-b), where several narrative
areas coexist, our navigation path may frequently switch
between focus points. This results in scattered viewport
transitions and a less stable trajectory, which can impact
the smoothness and coherence of the viewing experience.
These examples demonstrate how attention dispersion across
multiple areas can fragment navigation and reduce the
overall viewing experience.

5 CONCLUSION

This paper addresses a fundamental challenge in 360◦ video
navigation: the lack of a unified framework for modeling
consistent, event-driven viewing behavior, which leads to
subjective annotations and unreliable evaluation. To address
this issue, we propose a comprehensive benchmark that
jointly improves data construction, annotation, evaluation,
and modeling. We introduce an event-level annotation
framework that integrates user feedback with structured
evaluation criteria, enabling the collection of high-quality
and behaviorally consistent navigation trajectories. We fur-
ther present the Motion-Adjusted Overlap (MAO) metric,
which incorporates motion consistency to capture dynamic
alignment between predicted and ground-truth trajectories,
overcoming the limitations of purely spatial evaluation. We
also develop a navigation model that integrates content-
aware temporal segmentation, adaptive spatial modeling,
and semantic consistency optimization. By jointly leverag-
ing local saliency and global semantic context, the model
produces coherent and narrative-aligned navigation paths.
This work establishes a unified and principled foundation
for 360◦ video navigation, advancing event-level modeling
of continuous viewing behavior and enabling more reliable
and semantically consistent immersive experiences.
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