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Abstract
This work explores the potential of entropy-based metrics to en-
hance the prediction of user navigation in Virtual Reality (VR).
Specifically, we consider three entropy-based metrics: entropy of
trajectories, which measures the overall variability and predictabil-
ity of user behaviour; instantaneous entropy, which provides real-
time assessments ofmovement predictability; and entropy of saliency
maps, which offers insights into content-driven attention patterns.
Through an exploratory behavioural analysis, we show that users
with low entropy exhibit consistent and predictable navigation
patterns, while high-entropy users pose greater challenges for pre-
diction models. Building on these findings, we introduce three novel
entropy-based solutions for VR trajectory prediction: a position-
only baseline augmented with entropy information, an LSTM-based
architecture with an entropy-based adaptive attention layer (E-
AALSTM), and a multi-head attention-based architecture with adap-
tive attention (AMH). The proposed models performs as good as
state-of-the-art methods, while improving stability and robustness
in specific scenarios. This work highlights the importance of having
an holistic metric to characterise the user behaviour in VR, and
thus enhance trajectory prediction frameworks.

CCS Concepts
• Human-centered computing→ Virtual reality; User models;
• Computing methodologies → Neural networks; Artificial
intelligence; • Information systems → Data streaming.
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1 Introduction
Virtual Reality (VR) has significant growth in recent years, driven
by advancements in computing technologies and its ability to create
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new and highly interactive digital experiences. Unlike traditional
media, VR immerses individuals in a fully interactive virtual world,
typically represented by a 360◦ or spherical video. This novel inter-
activity enhances users sense of presence and immersion [18, 24],
making VR a valuable tool in diverse domains, including enter-
tainment healthcare, engineering and education [14]. However,
technical constraints, such as bandwidth limitations, computational
demands, and latency pose significant challenges to delivering high-
quality and immersive VR experiences. A promising solution is
predicting users navigation trajectories (i.e., user behaviour) within
the virtual space, enabling systems to mitigate latency, optimize
resource allocation, and ensure seamless interactions [6, 9].

Trajectory prediction in VR has evolved significantly, from early
regression models [5, 8, 21] to more advanced deep learning solu-
tions.While sophisticated architecture, such as clustering [2, 17, 19],
LSTM-based [1, 23], transformer-based methods [4, 12] and meta-
learning approaches [13, 16], captures complex patterns and long-
term dependencies, they overlook the role of behavioural insights
derived from comprehensive data exploration. In fact, a growing at-
tention has been recently put on the analysis and understanding of
navigation trajectories in VR, highlighting key behavioural factors
that play a crucial role in navigation patters. Content attributes can
significantly affect fixation patterns and exploratory behaviours
[11, 20, 25, 29]. For example, high spatial and low temporal com-
plexity often result in more focused user attention, while content
with no clear focus encourage slow exploratory head movements
[30]. Individual preferences play also a role, with some users having
a tendency to be more static or scattered independently by the con-
tent [26, 27]. A key insight from these behavioural analysis is the
role of entropy-based metrics in quantifying and characterizing the
predictability of human trajectories, resulting to be appealing for
improving the accuracy of VR navigation movement predictions.

In this context, three entropy-based metrics emerge as key tools
to analyse and model user navigation patterns. First, the entropy
of trajectory quantifies the overall variability in user movement,
distinguish between highly predictable trajectories and those char-
acterized by randomness or unpredictability [26, 28]. Second, in-
stantaneous entropy measures the evolving predictability of user
movements in real-time, offering a finer temporal granularity [3].
Lastly, entropy of saliency maps evaluates the distribution of salient
regions within a scene, capturing the relation between content-
driven attention and navigation behaviour. These metrics, summa-
rized in Table 1, form the basis of our approach aimed at exploring
the potential of entropy metrics to capture and incorporate unpre-
dictability into user navigation trajectories prediction.
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Metric (Notation) Definition Description

Entropy of trajectories (𝐻𝑡𝑟𝑎 𝑗 ) 𝐻𝑡𝑟𝑎 𝑗 (P) ≈ ( 1
𝑇

∑𝑇
𝑡=1 𝜆𝑡 )−1 log2 (𝑇 ) Measures the predictability of an entire

navigation trajectory.
Instantaneous entropy of trajectories
(𝐻 𝐼

𝑡𝑟𝑎 𝑗
)

𝐻 𝐼
𝑡𝑟𝑎 𝑗

(P𝑡 ) ≈ ( 1𝑡
∑𝑡
𝑘=1 𝜆𝑘 )

−1 log2 (𝑡) Based the entropy of trajectories but
offering temporal granularity.

Entropy of saliency maps (𝐻𝑠𝑎𝑙 ) 𝐻𝑠𝑎𝑙 (S) = −∑𝑁
𝑖=1 𝑠

2
𝑖
𝑙𝑜𝑔(𝑠2

𝑖
) Quantifies the alignment of head position

across users in a frame.
Table 1: Key features of entropy-based metrics.

In this work, we begin with an exploratory analysis to investi-
gate how content and individual differences influence navigation
trajectories using entropy-based metrics. Our results confirm previ-
ous studies [27] showing that users with low entropy, who exhibit
consistent and focused navigation patterns, are more predictable
and bring lower prediction errors; conversely, users with high en-
tropy, characterized by more erratic or exploratory behaviour, pose
greater challenges for prediction models. Given these observations,
we propose and evaluate three novel entropy-based solutions that
dynamically allocate higher attention to more predictable and stable
segments of users trajectory. We present a position-only baseline
augmented with entropy information (pos_augmented), where en-
tropy is directly appended as an input feature, together with two
adaptive attention models, an LSTM-based architecture with an
entropy-based adaptive attention layer (E-AALSTM), and a multi-
head attention-based architecture (AMH ). While the entropy-based
models perform similarly to state-of-the-art methods, they enhance
the stability and robustness of head pose prediction in specific sce-
narios. In summary, this work addresses the question: “how can
behavioural metrics, such as entropy-based ones, improve the pre-
dictability and robustness of VR navigation trajectory models?”. By
emphasizing the importance of data exploration, this work high-
lights the role of entropy metrics as a bridge between algorithmic
advancements and holistic user modelling in VR, with potential ap-
plications beyond trajectory prediction, including user-user-centric
personalization and adaptive system design.

2 Methodology
We now introduce key elements of our study. Specifically, we define
the entropy-based metrics (Table 1) used for our explorative analy-
sis and in the proposed prediction mechanisms. We also outline the
baseline models and navigation datasets employed in this study.
To ensure clarity and consistency, we now introduce the follow-
ing notation. VR dataset collects navigation trajectories of a set
of user who displayed a set of 360◦ videos. Viewers are provided
by a VR device – typically a head-mounted display (HMD), that
allows changing viewport according to their viewing direction. The
sequence over time of user’s viewing direction represents the nav-
igation within the immersive content [24]. Thus, a VR trajectory
of a given user can be denoted as P = [p1, p2, . . . , p𝑇 ], where pt de-
notes the head position at time 𝑡 and can be represented in different
formats, e.g., Quaternion, Euler angles or Cartesian coordinates.

2.1 Entropy-Based Metrics
Entropy-based metrics quantify the variability of user navigation
patterns, offering deeper insights into how users interact with im-
mersive content [27]. Specifically, the entropy of trajectories 𝐻𝑡𝑟𝑎 𝑗

measures the overall predictability of a user’s trajectory by assess-
ing the probability of repeated movement subsequences [31]. In
our case, we discretize the spherical space of the 360◦ video, repre-
senting a trajectory P as a sequence of spatial blocks 𝐵. Thus, the
trajectory at time 𝑡 is defined as 𝑃𝑡 = [𝑏𝑡 , 𝑏𝑡+1, ..., 𝑏𝑡−1+𝜆𝑡 ], where
𝜆𝑡 is the length of the shortest subsequence starting at 𝑡 that does
not appear earlier in 𝑃 . Since true probabilities cannot be obtained
in real-world scenarios, we estimate the entropy of the trajectories
using the Lempel-Ziv compression algorithm [34]:

𝐻𝑡𝑟𝑎 𝑗 (P) ≈ ( 1
𝑇

𝑇∑︁
𝑡=1

𝜆𝑡 )−1 log2 (𝑇 ) (1)

where 𝑇 is the total trajectory length. Higher values of 𝐻𝑡𝑟𝑎 𝑗 indi-
cate more unpredictable user navigation, while lower values reflect
regular and repetitive patterns [27].
While 𝐻𝑡𝑟𝑎 𝑗 provides a holistic measure over an entire trajectory, it
does not capture temporal dynamics. To address this, we introduce
the instantaneous entropy 𝐻 𝐼

𝑡𝑟𝑎 𝑗
, which offers a real-time perspec-

tive by quantifying the predictability of user movements at any
given moment [3]. At time 𝑡 , it is derived from the cumulative
entropy 𝐻𝑡𝑟𝑎 𝑗 up to that point:

𝐻 𝐼
𝑡𝑟𝑎 𝑗 (P𝑡 ) ≈ ( 1

𝑡

𝑡∑︁
𝑘=1

𝜆𝑘 )−1 log2 (𝑡) (2)

where 𝜆𝑘 is the shortest unseen subsequence in P𝑡 . This approach
dynamically captures the evolving predictability of user behaviour
in real-time, making it suitable for adaptive prediction algorithms.
While 𝐻𝑡𝑟𝑎 𝑗 and 𝐻 𝐼

𝑡𝑟𝑎 𝑗
focus on trajectories of the same individual,

the entropy of saliency maps 𝐻𝑠𝑎𝑙 quantifies the alignment of head
position across users for a given frame [30]. More formally, given a
single saliency map 𝑆 of 𝑁 pixels, 𝐻𝑠𝑎𝑙 is computed as the Shannon
entropy of the frame:

𝐻𝑠𝑎𝑙 (𝑆) = −
𝑁∑︁
𝑖=1

𝑠2𝑖 𝑙𝑜𝑔(𝑠
2
𝑖 ) (3)

where 𝑠𝑖 is a pixel bellowing to 𝑆 . In this case, a low 𝐻𝑠𝑎𝑙 indicates
that user focus is highly concentrated in specific regions, while a
high 𝐻𝑠𝑎𝑙 suggests dispersed fixations across the scene, reflecting
more varied attention patterns [30].

2.2 Baselines for Trajectory Prediction
In our study, we selected the following baselines based on their
performance, uniqueness of approach, and availability of code:

• Pos-only [23] is a baseline LSTM based model that uses the
seq2seq encoder-decoder architecture. As input, it only takes
the user’s head position over the input window;
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• TRACK [23] is a variant of the seq2seq encoder-decoder
model that processes content saliency maps with an RNN
before merging it with head data. This approach ensures
that the content information is attenuated in the short term
while still considering its impact in later steps through the
recurrent network’s representation;

• DVMS [10] also uses a seq2seq decoder architecture, but
it utilizes a latent variable, 𝑧, to generate multiple predic-
tions. This introduces a degree of uncertainty in the head
trajectories and allows to train the model based on the best
prediction for each timestep. Specifically, we evaluate two
versions: DVMS_2 and DVMS_5 trained to generate and 5
predictions per input, respectively, following [10];

• VPT360 [4] utilizes a transformer-based architecture with
multi-head attention, predicting the user’s trajectory over
the entire output horizon in a single step.

These baselines are included in the unified collection presented
in [22]. However, the original framework performs the train-test
split at video level by selecting a fraction of videos and training
models on all user trajectories for the selected videos. This approach
can lead to data contamination, as user trajectories from the same
users might appear in both the training and test sets, albeit on
different videos. This overlap could cause information leakage and
affect performance metrics. To address this issue, in this work we
randomly selected 60% of the videos and 60% of the users for the
training set, leaving the remaining user-video pairs for testing.
This approach ensures that the models are evaluated on previously
unseen user-video pairs, allowing for a more accurate comparisons.

2.3 User Navigation Datasets
We consider 4 publicly available datasets which collect user naviga-
tion data during immersive VR experiences, specifically:

• NOSSDAV17 [8] is composed of 10 videos of duration 60
seconds and bellowing to three types of video content: Fast
pace, computer generated, Fast pace, natural image, and Slow
pace, natural image. The trajectories of 30 participants have
been collected and saliency maps are also available;

• MMSys18 [7] consists of 57 navigation trajectories collected
on 19 videos in indoor and outdoor settings in rural and
urban environments. Each video is 20 seconds long and the
dataset also contains saliency maps for each video;

• PAMI18 [33] is composed of head-motion trajectories col-
lected by 58 viewers in 76 different VR content. The videos
range from 10 to 80 seconds long and include computer ani-
mation, acting, sports, driving and scenery content;

• MM22 [11] consists of trajectories collected over a diverse
collection based on video quality, amount of camera move-
ment, and dispersion of regions of interest. Data is collected
from 100 users in 27 videos, 20 seconds long.

3 Entropy-based Behavioural Analysis
As first step of our exploratory analysis, we investigate the re-
lation between entropy of trajectories 𝐻𝑡𝑟𝑎 𝑗 and saliency maps
𝐻𝑠𝑎𝑙 across the different datasets. As described in Section 2.1, the
first quantifies the predictability of an entire user’s trajectory, with
higher values indicating more erratic and less structured movement

Figure 1: Mean 𝐻𝑡𝑟𝑎 𝑗 vs Mean 𝐻𝑠𝑎𝑙 for videos across selected
datasets (i.e., NOSSDAV17, MM22, PAMI18, MMSys18)

(a) VRBasketball (b) VRBasketball: average X-coordinate

(c) Mario (d) Mario: average X-coordinate

Figure 2: Representative scenes from VRBasketball (a) and
Mario (c). Along with the average X coordinate of user trajec-
tories over the course of VRBasketball (b) and Mario (d).

patterns [27]. In contrast, entropy of saliency maps captures the
distribution of user alignment within a given frame, where lower
values indicate a strong consensus [30]. Specifically, each dot in
Figure 1 represents mean value of 𝐻𝑡𝑟𝑎 𝑗 and 𝐻𝑠𝑎𝑙 in a video per
each datasets described in Section 2.3. We can observe a consis-
tent negative correlation between the entropy of trajectories and
saliency maps across all four datasets. This suggests that as the
average 𝐻𝑠𝑎𝑙 of a video decreases, user trajectories become more
unpredictable, potentially due to heightened engagement levels
where viewers exhibit faster movements that involve following a
strong center of focus. There is also considerable variation in both
𝐻𝑡𝑟𝑎 𝑗 and 𝐻𝑠𝑎𝑙 across the datasets, reflecting the diversity of user
behaviours and video content. This negative correlation may seem
unexpected, but as observed in [30], viewers tend to navigate scenes
with very defined salient areas (low 𝐻𝑠𝑎𝑙 ) more quickly, jumping
form one focus to another. This rapid navigation results in highly
random navigation patterns (high 𝐻𝑡𝑟𝑎 𝑗 ).
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(a) Orthodromic Distance Loss per video (b) Orthodromic distance vs IE

Figure 3: (a) Performance of DVMS_5 on each video in MM22;
(b) Orthodromic distance vs 𝐻 𝐼

𝑡𝑟𝑎 𝑗
in video_23 (Chariot)

Formore fine-gained exploration, we analyse two selected videos:
VRBasketball andMario, from PAMI18 [33] and MM22 [11] datasets,
respectively. VRBasketball, characterised by a high mean 𝐻𝑡𝑟𝑎 𝑗

(2.89) and a relatively low mean 𝐻𝑠𝑎𝑙 (55.56), is composed by two
static basketball players passing a ball to each other, creating a
dynamic center of focus (Figure 2 (a)). This dynamic object explains
the relatively low value of 𝐻𝑠𝑎𝑙 . The high 𝐻𝑡𝑟𝑎 𝑗 is, instead, due to
the unpredictable and rapid movements of the basketball across
the scene, which lead to more variable head movements as viewers
track the ball. Since most of the movements occur on the horizon-
tal plane, we plot the average X-coordinate of all the users’ head
positions in VRBasketball in Figure 2 (b). Users show rapid move-
ments when the players pass the ball to each other (at timestamps
3 seconds, 6 seconds, and 16 seconds) or perform some tricks. For
instance, at 10 seconds, one player performs dribbling tricks while
moving with the ball. This suggests that a dynamic center of focus
with unpredictable movements negatively influence the predictabil-
ity of navigation trajectories. In contrast, Mario, with the lowest
mean𝐻𝑡𝑟𝑎 𝑗 (0.37), and a high mean𝐻𝑠𝑎𝑙 (118.18), has a static center
of focus at the center of the frame, as shown in Figure 2 (c). The
average X-coordinate over time, presented in Figure 2 (d), reveals
a very stable trajectory, with the average X-coordinate being rela-
tively unchanged with values between -0.98 and -0.86. This stability
explain the low 𝐻𝑡𝑟𝑎 𝑗 , as users exhibit slower and more consistent
movements while viewing the video. This comparison highlights
that videos with dynamic focal points, such as VRBasketball, lead
to more unpredictable head movements as viewers actively track
moving objects. In contrast, videos with static centers of attention,
like Mario, result in slower and more predictable head movements
due to the absence of significant visual stimuli.

To gain deeper insights into how entropy metrics reflect the pre-
dictability of users trajectories, and building on the work presented
in [27], we compare the complexity of the navigation trajectories
(measured by the entropy of trajectories) with their ability to be
predicted. Specifically, we evaluate prediction performance in terms
of orthodromic loss of the latest baseline in Section 2.2, DVMS_5,
on each video in the MM22 dataset. Figure 3 (a) shows this loss
with a 5 seconds prediction window, with videos ID ordered in the
legend from the highest to the lowest mean 𝐻𝑡𝑟𝑎 𝑗 (top to bottom).
The results indicate that the model’s accuracy tends to decrease for
videos where users exhibit high entropy. Specifically, videos with
the highest mean 𝐻𝑡𝑟𝑎 𝑗 such as video_21, video_27, video_17 also
exhibit higher loss values. This aligns with findings in [27], confirm-
ing that trajectories with higher entropies are more challenging to
predict due to the increased variability and unpredictability in user

(a) Entropy-Adaptive Scaled
dot-product attention

(b) Multi-Head Entropy-Adaptive At-
tention

Figure 4: Entropy-attention layers [32].

movements. For example, Figure 3 (b) shows the average prediction
loss for DVMS_5 over time in the video Chariot, along with its
𝐻 𝐼
𝑡𝑟𝑎 𝑗

highlighting a positive correlation between them.
In conclusion, our exploratory analysis highlights the diversity of
360◦ video content in the selected datasets, offering a broad spec-
trum of user behaviours and entropy values. This diversity is crucial
for ensuring that trajectory prediction models generalize effectively
across different content types. Additionally, our analysis of entropy
correlations offers valuable insights: a negative correlation between
𝐻𝑡𝑟𝑎 𝑗 and 𝐻𝑠𝑎𝑙 and a positive correlation between prediction error
and 𝐻 𝐼

𝑡𝑟𝑎 𝑗
. These findings suggest that integrating entropy metrics

into prediction models could enhance their performance.

4 Entropy-Based Solutions
Given the previous observations, we propose three entropy-based
models that leverage entropy as a measure of user behaviour pre-
dictability to enhance head pose prediction in VR.

Entropy Enhanced Baseline (pos_augmented)
This model is a sequence-to-sequence (seq2seq) encoder-decoder
model extends the position-only baseline [23] by appending the
instantaneous entropy 𝐻 𝐼

𝑡𝑟𝑎 𝑗
up to the current time as an addi-

tional input feature. By incorporating entropy, the model gains a
deeper understanding of the predictability of the user’s movements,
enhancing its predictions. While it does not employ an explicit
attention mechanism, the integration of entropy allows the model
to adapt its predictions based on the variability of user behaviour.

Entropy-based Adaptive Attention LSTM (E-AALSTM)
We propose an LSTM-based adaptive attention architecture en-
hanced with entropy information, E-AALSTM, designed to address
the challenges posed by variability in user navigation behaviour.
Built on the standard seq2seq encoder-decoder with attention layer
[32], E-AALSTM introduces a novel entropy-based adaptive atten-
tion mechanism which prioritises parts of the trajectory where
predictability is higher, corresponding to lower values of instan-
taneous entropy 𝐻 𝐼

𝑡𝑟𝑎 𝑗
. Specifically, we integrate a novel entropy-

based modulating factor in the scaled dot-product attention layer
[32] as shown in Figure 4 (a). This factor dynamically adjusts the
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attention scores based on 𝐻 𝐼
𝑡𝑟𝑎 𝑗

of the user’s trajectory 𝑃 at each
time-step. More formally, the modulating factor M𝑡 is defined as:

M𝑡 = exp(−Ws · 𝐻 𝐼
𝑡𝑟𝑎 𝑗 (𝑃𝑡 )) (4)

where𝑊𝑠 are learnable weights that control the influence of the
entropy on the attentionmechanism, and 𝑃𝑡 is the user trajectory up
to time 𝑡 . The modulating factorM𝑡 is then applied to the traditional
attention mechanism by scaling the attention scores. The modified
attention weights 𝐴𝑊𝑎𝑑𝑝𝑡 are computed as:

𝐴𝑊𝑎𝑑𝑝𝑡 = M𝑡 · softmax(QK⊤/√︁𝑑𝑘 ) (5)
where Q, K and 𝑑𝑘 are the query, key, and the dimensionality of the
key vectors, respectively. Finally, the context vector, which captures
the weighted representation of the input sequence adjusted by the
entropy-based modulating factor, is then computed as:

𝑐
adaptive
𝑡 = 𝐴𝑊𝑎𝑑𝑝𝑡 · V (6)

where V represents the value matrix. Finally, the context vector is
passed to linear layers to generate the final prediction.

Multi-head Adaptive Attention (AMH)
We propose a transformer-based adaptive attention model, AMH,
inspired by the VPT360 architecture [4]. AMH leverages an entropy-
based modulation factor defined in Equation 4 to adjust attention
scores dynamically, as evaluated by multi-head entropy-adaptive
attention module shown in Figure 4 (b). Unlike E-AALSTM, which
iteratively adapts predictions based on entropy values, AMH uses
entropy values from the input window to modulate attention scores
for the entire sequence in parallel. This fixed, entropy-informed
modulation makes AMH computationally more efficient while still
incorporating the benefits of entropy-based adaptability. First, the
input sequence P is transformed into embeddings, incorporating
positional information as in [32]. These embeddings, eP, serve as
the input to the multi-head entropy-adaptive attention mechanism.
For each attention head ℎ ∈ {1, ..., 𝐻 }, the query, key, and value
matrices are computed from the input embeddings as follows:

Qℎ = W𝑞

ℎ
eP + b𝑞

ℎ
, Kℎ = W𝑘

ℎ
eP + b𝑘

ℎ
, Vℎ = W𝑣

ℎ
eP + b𝑣

ℎ
(7)

where e𝑃 is the input embedding, and𝑊 𝑞

ℎ
,𝑊 𝑘

ℎ
and𝑊 𝑣

ℎ
are learnable

projection matrices specific to head ℎ. The entropy-based modu-
lation factorM𝑡 (as defined in Equation 4) is applied to adjust the
attention scores for each head:

Aadapt
ℎ

= M𝑡 · softmax
(
QℎK

⊤
ℎ

/√︁
𝑑𝑘

)
(8)

The modulated attention weights are then used to compute the
context vector for each head:

Cℎ = Aadapt
ℎ

· Vℎ . (9)

The outputs from all heads are concatenated and projected using a
linear transformation to obtain the final attention output:

CAMH = Concat(C1, . . . ,C𝐻 )W𝑂 (10)

whereW𝑂 is a learnable output projection matrix. Finally, CAMH,
which represents the entropy-modulated multi-head attention con-
text, is passed through additional feed-forward and linear layers to
generate the final head trajectory predictions.

(a) NOSSDAV17 (b) MMsys18

(c) PAMI18 (d) MM22

Figure 5: Performance comparisons on selected datasets

5 Evaluation and Performance Analysis
Experimental Setup
To evaluate the performance of our proposed models, we compare
them with the baselines described in Section 2.2. To ensure that
performance differences are solely due to architectural differences,
we standardized hyperparameter configurations across all models.
Specifically, the learning rate was set to 0.0001, and the AdamW
optimizer [15] with a weight decay of 0.01 was used. Training was
conducted for a maximum of 500 epochs with early stopping if the
loss did not improve for 25 consecutive epochs, and a batch size of
128 was chosen to balance computational efficiency and training
stability. In our proposed entropy modulation factor, weights were
initialized randomly using a normal distribution, N(0, 0.12).
We evaluate our proposed models on the four datasets discussed in
Section 2.3, and we follow the same train-test splitting approach
utilized for our exploratory analysis. Specifically, we perform a
stratified split based on the mean entropy of saliency maps and the
mean actual entropy of user trajectories, ensuring both training
and testing data represented the overall dataset. Videos and users
were split into a 60-40 ratio, ensuring that the models are evaluated
on data excluded from the training process for both categories. Per-
formance is measured in terms of orthodromic distance between
the predicted head position, 𝑃𝑡 , and the true position, 𝑃𝑡 .

Results
Given the above settings, we compare the performance of our pro-
posed models (i.e., pos_augmented, E-AALSTM and AMH) with the
baseline (i.e., pos-only, TRACK, VPT360 and DVMS) described in
Section 2.2. Figure 5 shows the average performance across videos
in the selected datasets at each timestep up to the 5-second pre-
diction horizon. Among the evaluated models, DVMS_5 achieves
the lowest orthodromic distance, outperforming both the baselines
and our proposed models. This shows the effectiveness of the mul-
tiple prediction training approach of DVMS, enabling it at better
capturing head trajectory dynamics. Focusing on our proposed
models, pos-augmented demonstrates promising results, slightly
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(a) MM22 (b) MMsys18

Figure 6: Violin plots of Orthodromic distance for selected
models on (a) MM22, and (b) MMSys18 datasets

outperforming E-AALSTM and AMH across most datasets except
for NOSSDAV17 (Figure 5 (a)). It achieves competitive short-term
predictions, outperforming TRACK up to 3 seconds on PAMI18 in
Figure 5 (c) and both VPT360 and TRACK on the MM22 dataset in
Figure 5 (d). We also note that all models tend to perform worse
on MMSys18 dataset, as the losses exceed 0.6 shortly after the
first second, likely due to its shorter videos. Indeed, users tend
to have higher trajectory entropy due to their rapidly exploring
movements at the beginning of the immersive experience. These
findings confirm that higher trajectory entropy introduce greater
unpredictability, posing challenges for accurate prediction. Given
these observation, we select the pos-augmented model as the most
robust among our proposed solutions. To evaluate model stabil-
ity, we computed violin plots of the errors across the prediction
steps (5 seconds into the future), shown in Figure 6 in two selected
datasets, MM22 and MMsys18. DVMS_2 was excluded, as its dis-
tribution is similar to DVMS_5 with a slightly higher mean error.
As expected, DVMS_5 exhibited the most stable distributions, con-
sistently skewed towards lower error values. In the MM22 dataset
(Figure 6 (a)), both VPT360 and pos-only exhibit a prominent main
cluster of errors centred around 0.08, with a secondary band visi-
ble above this range. In contrast, pos-augmented and TRACK lack
this secondary band, as their distributions taper off more smoothly
from their respective modes at 0.06 for pos-augmented and 0.13 for
TRACK.While TRACK lacks the secondary band, its main error clus-
ter is situated higher, reflecting a broader spread of errors compared
to the other models. Similarly, for the MMSys18 dataset (Figure
6 (b)), we observe that the loss distribution for VPT360 is skewed
towards higher losses, with its mode at 1.59, indicating a larger
proportion of higher error values. In contrast, the TRACK model’s
distribution is skewed towards lower losses, but its central tendency
occurs at higher error levels, with a mode of 1.17, compared to the
pos-augmented model, which has a mode of 0.55. This suggests
that, while the TRACK model has a tendency towards lower losses
than VPT360, its errors still tend to be more concentrated in the
higher error range compared to the pos-augmented model, which
demonstrates the most favourable distribution with its mode of
0.34. Finally, we compare the position-only and the pos-augmented
models by analysing the average orthodromic distance between the
predicted head pose and the true head pose. Specifically, Figure 7
shows the averaged prediction error, for each time step across all
test videos in the MM22, and MMSys18 datasets. We also include
the standard deviation at each time-step to study the stability of
the models. In MM22 (Figure 7 (a)), the performance of the two
models are quite similar, even if pos-augmented model showed a

(a) MM22 (b) MMsys18

Figure 7: Average prediction loss at each timestep for pos-
only, and pos-augmented on (a) MM22, and (b) MMSys18.

slightly better average error (0.49 vs. 0.53). More interestingly, for
MMSys18 (Figure 7 (b)), the pos-augmented model outperforms
the baseline, with greater accuracy, particularly in the first half
of videos where users exhibit more exploratory behaviour. This
highlights the value of instantaneous entropy early in sessions for
handling more unpredictable behaviour. We also calculate the co-
efficient of variation (CV) for MM22, which normalizes variance
relative to the mean. The pos-augmented model achieved a CV
of 15.4%, compared to 23.4% for the baseline, demonstrating more
stable and reliable predictions. This consistency is likely due to
the incorporation of entropy-based features, enabling the model to
better handle variability in user behaviour.
To conclude, these findings highlight the potential of integrating
trajectory entropy into head pose prediction models to enhance
their performance, especially in scenarios characterized by highly
unpredictable user behaviours. Among the proposed approaches,
the pos-augmented emerges showing meaningful improvements,
demonstrating enhanced stability and accuracy under high-entropy
conditions. However, it is important to acknowledge the current lim-
itations regarding real-time applicability. At present, for sequences
of 60 seconds, the entropy calculation introduces an additional 5–6
seconds per batch, making real-time implementation infeasible. Fu-
ture efforts should focus on reducing computational overhead to
enable deployment on real-time VR systems.

6 Conclusion
This work explored the role of trajectory entropy in improving
trajectory prediction models for VR navigation. Through extensive
evaluation across multiple datasets, we demonstrated that inte-
grating entropy-based features enhances prediction performance,
particularly under conditions of high user behaviour variability.
Among the proposed solutions, the pos-augmented model exhibited
the best balance of accuracy and stability, performing similarly to
baseline approaches and achieving robust results across diverse sce-
narios. While these results highlight the potential of entropy-based
features, real-time applicability remains a challenge. Currently, en-
tropy computation introduces a processing overhead, requiring
further optimization. Some failure cases were observed in highly
dynamic settings, suggesting the need for adaptive mechanisms
to handle extreme unpredictability. Addressing these aspects in
future work could further improve the feasibility and robustness of
entropy-based trajectory prediction opening avenues for personal-
ized VR experiences.
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