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Abstract

Vision Transformers (ViTs) in human activity recognition tasks suffer from inadequate
spatial modeling through conventional position embeddings, leading to over-reliance on
fixed positional information. This paper proposes Shuffled Positional Embedding (SPE),
a mechanism that randomly disrupts the order of positional encoding during each forward
propagation, reducing model dependence on position embedding and encouraging explo-
ration of intrinsic spatial relationships. While SPE enhances general spatial awareness,
it lacks targeted guidance for human-centric modeling. To address this limitation, Local
Shuffled Skeleton Position Embedding (LSSPE) is developed, which leverages 2D skeleton
data to provide human body structure-aware spatial representation. LSSPE computes at-
tention weights based on spatial distances between image patches and skeleton keypoints,
incorporating joint motion amplitudes for enhanced modeling. To further utilize skele-
ton data, a dual-stream architecture is designed combining TimeSFormer with LSSPE
(LSSPE-TimeSFormer) for RGB processing and SkateFormer for skeleton processing. The
proposed dual-stream model achieves outstanding performance of 95.8% and 98.7% accu-
racy on NTU RGB+D cross-subject and cross-view settings, establishing the effectiveness
of skeleton-aware position embedding for human activity recognition.

Keywords: Shuffled position embedding, Vision transformer, Human activity recognition.

1. Introduction

Human Activity Recognition (HAR) has emerged as a fundamental task in computer vi-
sion, with applications spanning security surveillance, human-computer interaction, and
medical monitoring (Karim et al., 2024). Recent advances in Vision Transformers (ViTs)
have demonstrated superior performance in capturing long-range dependencies through self-
attention mechanisms (Dosovitskiy et al., 2020). However, their application to HAR reveals
fundamental limitations in spatial modeling capabilities.

A critical bottleneck lies in the positional embedding layer, which compensates for the
permutation invariance of self-attention operations. Conventional approaches employ abso-
lute or relative position coding, assuming fixed grid-like arrangements—an assumption that
proves suboptimal for dynamic human activities. These general-purpose position embed-
dings demonstrate three key limitations in HAR: (1) lack of explicit human body structure
modeling, (2) requirement for substantial datasets due to their generic nature, and (3) fail-
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ure to capture hierarchical articulated relationships in human body parts (Souza Leite et al.,
2024).

Through systematic experimentation, we discovered a counterintuitive phenomenon:
Shuffled Position Embedding (SPE) during training consistently outperforms standard po-
sition embeddings on activity recognition benchmarks. This performance enhancement be-
comes more pronounced with smaller training datasets, suggesting that conventional embed-
dings may create harmful inductive biases that limit generalization across diverse human
poses.

Motivated by these findings, we propose Local Shuffled Skeleton Position Embedding
(LSSPE), which leverages two-dimensional skeleton information to compute attention weights
for image patches based on their proximity to skeletal joints. Unlike previous approaches
that treat skeleton data as auxiliary information, LSSPE fundamentally reimagines posi-
tion embedding as an explicit data fusion mechanism, directly incorporating human body
structure into spatial representation learning.

To fully exploit the complementary nature of RGB and skeleton data, we design a dual-
stream architecture combining TimeSFormer with LSSPE for RGB processing and Skate-
Former for skeleton processing.

The main contributions of this work are as follows:

1. Discovery and analysis of the counterintuitive benefits of shuffled position embeddings
in transformer-based activity recognition.

2. Introduction of LSSPE, a novel position embedding mechanism that integrates skeletal
structure and motion information, serving as an explicit data fusion tool.

3. Design of a dual-stream architecture achieving state-of-the-art performance on multiple
HAR benchmarks.

2. Related work

This section reviews the relevant literature across two key areas that inform the proposed
approach. The review first examines the evolution of human activity recognition methods,
covering RGB-based approaches, skeleton-based methods, and multimodal fusion strategies
that combine both modalities. The analysis then focuses on position embedding techniques
in Vision Transformers, with particular attention to their limitations in human-centric tasks
and recent advances in HAR-specific position embeddings.

2.1. Human Activity Recognition
2.1.1. RGB-BASED METHODS

Deep learning approaches for RGB-based HAR have evolved from 2D Convolutional Neural
Networks (CNNs) (Karpathy et al., 2014) to 3D CNNs (Tran et al., 2015), which incor-
porate temporal dimensions but significantly increase computational costs (Carreira and
Zisserman, 2017). Two-stream networks (Simonyan and Zisserman, 2014) processed spatial
and temporal features separately but relied on computationally intensive optical flow (Fe-
ichtenhofer et al., 2016). Recurrent Neural Networks (RNNs) and Long Short-term Memory
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Networks (LSTMs) improved temporal modeling but struggled with vanishing gradients in
long sequences (Donahue et al., 2015; Yue-Hei Ng et al., 2015).

Recently, transformer architectures have shown remarkable promise in HAR through self-
attention mechanisms. TimeSFormer (Bertasius et al., 2021) introduced divided space-time
attention for video understanding, while Video Swin Transformer (Liu et al., 2022) achieved
superior performance through hierarchical feature learning. However, these approaches pri-
marily focus on temporal modeling while treating spatial relationships through conventional
position embeddings, limiting their effectiveness for human-centric tasks.

2.1.2. SKELETON-BASED METHODS

Skeleton data provides a structured representation of human pose that directly reflects ac-
tivity patterns and can be obtained from RGB videos, depth maps, or motion capture
devices (Sarker et al., 2021). Traditional approaches utilized hand-crafted features and con-
ventional machine learning techniques, but recent transformer-based methods have demon-
strated significant improvements. Notable approaches include attention-enhanced methods
using MMPose-extracted skeletons (Qin et al., 2024), DualMotion combining skeletons from
RGB and motion capture devices (Xu et al., 2021), and graph transformer architectures for
enhanced spatial-temporal modeling (Zhang et al., 2023).

2.1.3. MuLTiIMODAL FUSION METHODS

Fusion methods combine RGB and skeleton modalities to leverage their complementary
strengths. Early approaches employed feature-level or late fusion strategies due to signifi-
cant distribution differences between modalities (Zhao et al., 2017; Zolfaghari et al., 2017).
More sophisticated methods include Video Pose Networks (Das et al., 2020, 2021) and mul-
timodal networks (Bruce et al., 2022) that perform feature-level fusion. Recent transformer-
based fusion approaches include 3D deformable transformers (Kim et al., 2023), dual-stream
transformers (Shi et al., 2023), and STAR-Transformer (Ahn et al., 2023). However, these
methods typically treat fusion as a post-processing step rather than integrating multimodal
information at the fundamental representation level.

2.2. Position Embedding in Vision Transformers

Position embedding serves as a crucial component in transformer architectures, compensat-
ing for the permutation invariance of self-attention mechanisms. Early approaches in NLP
employed sinusoidal encodings (Vaswani et al., 2017), while vision transformers typically
utilize learnable absolute position embeddings (Dosovitskiy et al., 2020). Relative position
encoding methods (Shaw et al., 2018; Dai et al., 2019) have shown advantages in certain
scenarios by modeling pairwise relationships between positions.

For video understanding, specialized position embedding strategies have been developed.
TimeSFormer (Bertasius et al., 2021) employs separate spatial and temporal position em-
beddings with divided attention mechanisms. Video Swin Transformer (Liu et al., 2022)
extends relative position bias to three dimensions, incorporating both spatial and temporal
relationships. However, these general-purpose approaches do not account for the specific
structural properties of human activities.
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Recent work has begun exploring domain-specific position embeddings for human activ-
ity recognition. Souza Leite et al. (2024) demonstrated that relative position embeddings
do not always outperform absolute encodings in HAR tasks, highlighting the need for task-
specific designs. Zhou et al. (2024) explored concatenation-based position embedding meth-
ods as alternatives to additive approaches. However, these works primarily focus on general
improvements rather than incorporating human body structure information.

The integration of pose information into video transformers has gained attention recently.
Duan et al. (2022) proposed pose-guided attention mechanisms for action recognition, while
other works have explored skeleton-aware feature learning (Qin et al., 2024). These ap-
proaches typically treat pose information as auxiliary features rather than fundamental
components of spatial representation.

Unlike existing approaches that treat position embedding and multimodal fusion as sep-
arate problems, our LSSPE method uniquely combines skeletal information with local shuf-
fling strategies to create a unified solution. LSSPE serves as both an improved position
embedding mechanism and an explicit data fusion tool, directly addressing the limitations
of conventional spatial encoding in human activity recognition while providing a principled
approach to RGB-skeleton integration at the representation level.

3. Proposed methods

This section presents the proposed methods for improving human activity recognition through
novel position embedding strategies. First, SPE is introduced to address the over-reliance
on fixed positional information in standard Vision Transformers. Building upon the insights
from SPE, LSSPE is developed, which incorporates human body structure information to
provide more targeted spatial representations. Finally, a dual-stream architecture is pre-
sented that combines the strengths of both RGB and skeleton modalities to achieve compre-
hensive human activity recognition. The progression from general position embedding im-
provements to human-specific enhancements and finally to multimodal fusion demonstrates
a systematic approach to addressing the limitations of current methods.

3.1. Shuffled position embedding

Position embedding is a key component used to obtain position information in ViT. The
mechanisms of position embedding and the comparative effectiveness of different embedding
types remain active research topics. Relative position embedding is, to some extent, a
human-assisted inductive bias on position information, which should be able to help the
model converge faster. However, this is not always the case (Souza Leite et al., 2024). Some
work has pointed out that relative position embedding is sometimes not more effective than
absolute position coding. Therefore, the potential of position embedding warrants further
exploration.

A Shuffled Positional Embedding (SPE) mechanism is introduced to improve the stan-
dard Vision Transformer (ViT) model. Unlike the fixed-order learnable positional encoding
in ViT, to enhance the robustness of the model to spatial position variations, SPE employs
a learnable positional embedding but randomly permutes its order during each forward
propagation as shown in (1):
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Figure 1: Proposed distance-based skeleton attention

Zp = [Xclass§ X}];E; XIQJE; T ;XéVE] + Egosv (1)

where z represents the input representation after adding positional encoding, Xcj.ss is the
classification token , X; is the i-th image patch , E is the patch embedding matrix , Ef  is
the position encoding matrix after random permutation 7 , 7 € Sy is a random permutation
of {1,2,...,N}.

We suggest that artificially shuffling the position embedding prevents the model from
over-relying on the position information provided by the position embedding. This can
motivate the model to explore the positional connections that exist within each patch.
Wang et al. (2024) proposed a similar shuffled position embedding, but primarily for knee
osteoarthritis.

3.2. Local Shuffled Skeleton Position Embedding

The local shuffle skeleton position embedding (LSSPE) was developed from the findings in
Section 3.1. Position embedding has more potential than previously recognized, motivating
the fusion of additional information for ViT embedding. For human activity recognition, the
skeleton is a very intuitive and important modality. It is typically represented as coordinate
data (e.g., joint positions), which is significantly more lightweight than RGB frames and
well-suited for computational embedding.

To enhance robustness while preserving structural information, a local shuffling mecha-
nism that randomly permutes joint positions within each body part is introduced. Unlike
global shuffling, which would destroy anatomical structure, LSSPE maintains the overall
body configuration while creating variations that help the model generalize better. Specif-
ically, the skeleton is divided into anatomically significant parts (e.g. arms, legs, torso,
head) and performs random permutations only within these local regions. This preserves
the relative positioning between body parts while introducing beneficial noise at the joint
level. Experiments show that this controlled shuffling significantly improves model perfor-
mance compared to both standard position embeddings and completely random shuffling
approaches.

The LSSPE mechanism consists of two main components: motion amplitude calculation
and spatial attention calculation, as illustrated in Figure 1.
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Motion Amplitude Calculation: The motion amplitude for each skeleton joint is first
computed by measuring the displacement between consecutive frames. This captures the
temporal dynamics of human movement and helps the model focus on more active body
parts. The motion amplitude for joint j, m;, is calculated as (2):

, (2)

T-1
mj =Y |pjer1 — pjs
t=1

where p;; represents the position of joint j at time t, and T is the sequence length. The
motion amplitudes are then normalized to ensure balanced contribution across different
joints.

Spatial Attention Calculation: A distance-based skeleton attention mechanism is pro-
posed that allocates attention weights by computing spatial distances between image patches
(geometric centre) and skeleton keypoints. The core idea is to use a Gaussian kernel function
to assign higher attention weights to image patches that are closer to skeleton joints. The
attention weight between patch i and joint j, w;;, and the normalized attention weights w;;
are calculated as (3):

Wi = exp dy o Wi (i + 0.2) — min; (w};) 5
1) 20—2 ) Y1) max](w'lLJ> — n’lll’l](w;j) 1€ )

where d;; is the Euclidean distance from image patch i to skeleton joint j, and o is an
adaptive parameter that adjusts based on both skeleton size and input image dimensions
to ensure appropriate attention spread. The attention weights are then refined by incor-
porating motion amplitude information, giving higher priority to more active joints. After
normalization to prevent dominance by any single joint, the skeleton embedding features
are processed through a Fourier feature mapping function and combined with positional
information to generate the final skeleton embedding.

3.3. Dual stream HAR model based on RGB frames and skeleton data

To fully leverage the advantages of skeleton data, a dual-stream architecture is designed
that combines SkateFormer (Do and Kim, 2024), which processes 3D skeleton data with
LSSPE-TimeSFormer (Bertasius et al., 2021). This model has the ability to capture the
complementary strengths of both modalities, improving the accuracy and robustness of
human activity recognition. The architecture can be seen in Figure 2.

In the current stage of human activity recognition research, skeleton data remains an
extremely effective modality for capturing relative relationships between major body parts
(Yue et al., 2022). However, for fine-grained recognition scenarios such as facial expression
changes, finger movements, or interactions with small objects, skeleton data alone may not
provide sufficient detail (Song et al., 2023). RGB data offers crucial complementary infor-
mation, including texture, colour, and subtle changes that skeleton data cannot capture.
Therefore, it is believed that fusing these complementary modalities is necessary to simulta-
neously leverage the structured representation of skeleton data and the rich details of RGB
data, achieving more comprehensive and accurate human activity recognition.
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Figure 2: Proposed dual-stream architecture for human activity recognition, combining
RGB frames with LSSPE and 3D skeleton data.

4. Experiments

In this section, comprehensive experiments are presented to evaluate the effectiveness of
the proposed methods. The experimental setup, including datasets, implementation details,
and evaluation metrics will be introduced. Then, proposed methods are compared with
state-of-the-art approaches and conduct ablation studies to analyse the contribution of each

component.

4.1. Experiments Setup
4.1.1. DATASETS
Experiments are conducted on three widely used human activity recognition datasets:

e UCF101 (Soomro et al., 2012): A dataset containing 13,320 videos across 101 action
categories, primarily focused on sports and daily activities.

¢ HMDB51 (Kuehne et al., 2011): A smaller dataset with 6,766 video clips from 51
action categories, featuring greater diversity in camera viewpoints and backgrounds.

e NTU RGB+D (Shahroudy et al., 2016): A large-scale dataset containing 56,880
action samples in 60 action classes, captured using Kinect v2 sensors. This dataset
provides synchronised RGB videos and 3D skeleton data, making it ideal for evaluating
our dual-stream architecture.

For NTU RGB+D, the experiments follow the standard evaluation protocols: Cross-
Subject (CS) setting, where subjects in training and testing sets are different, and Cross-
View (CV) setting, where camera views in training and testing sets are different.
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4.1.2. IMPLEMENTATION DETAILS

All experiments are conducted on an Intel Core 19-10980XE processor with an NVIDIA
A6000 GPU. For the Shuffled Position Embedding ViT, it is validated on the UCF101 and
HMDBb51 datasets. For the dual-stream model and its component branches, training and
evaluation are performed on the NTU RGB+D dataset.

For the LSSPE-TimeSFormer, the model is initialised with weights pre-trained on Something-
Something V2 (Goyal et al., 2017). The patch size is setted to 16x16 pixels and hidden
dimension is 768. The model was trained for 30 epochs using the AdamW optimiser with a
learning rate of 10~ and weight decay of 0.05. For the SkateFormer branch, all the settings
are based on config files offered on their official website.

The dual-stream model combined both branches with a feature fusion module followed
by a classification head. During training, a two-stage strategy is employed: first, pre-training
each branch independently, then fine-tuning the entire model end-to-end.

4.1.3. EVALUATION METRICS

For the shuffled position embedding ViT on the UCF101 and HMDB51 datasets, proposed
methods are evaluated through standard classification metrics: accuracy (Acc), precision,
recall, and F1 score. For the LSSPE-TimeSFormer and the dual stream model on the NTU
RGB+D dataset, the results are reported under official Cross-Subject (CS) and Cross-View
(CV) settings to assess the generalisation capability of our models.

4.2. Comparison with State-of-the-Art Methods

Models with similar or larger parameters are selected to compare with proposed SPE-ViT.
The comparison results can be seen in the Table 1. All the reported performance of other
models are gotten from their papers. As reported, on the UCF101 dataset, proposed SPE-
ViT performs second only to VideoMAE v2 (Wang et al., 2023a), and is comparable to BIKE
ViT-L/14 (Wu et al., 2023), both achieving 98.8%, but with significantly fewer parameters.
On the HMDB51 dataset, SPE-ViT outperforms all other comparison models, achieving an
accuracy of 90.3%.

Table 2 presents the comparison of our methods with state-of-the-art approaches on
the NTU RGB+D dataset under both CS and CV settings. Proposed dual-stream model
with LSSPE achieves superior performance compared to existing methods, demonstrating
the effectiveness of our approach. It is worth mentioning that pi-vit (Reilly and Das, 2024)
using RGB and Skeleton modalities slightly outperforms the dual-stream model in cross-
subject and cross-view, and these two models use the same baseline TimeSFormer. This is
because pi-vit uses 16 frames of tracks of human-centred crops (Das et al., 2020) as input and
achieved 93% and 97.2% performance in training the baseline model, which is better than
87.2% and 91.5% using 8 frames of random cropping. And pi-vit also uses the Hyperformer
(Zhou et al., 2022) to preprocess the skeleton data. While this paper focuses on exploring
the potential of position embedding, mainly concentrated on the performance gains brought
about by LSSPE; therefore, we did not train the model with same frames crop and Frame
extraction strategy settings to compare performance.
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Table 1: Comparison with reported state-of-the-art methods on HMDB51&UCF101 dataset.

Method | Params UCF101(%) HMDB51(%)
MVD-L (Wang et al., 2023b) 87TM 97.5 79.7
VideoMAE (Tong et al., 2022) 8TM 96.1 73.3
VideoMAE V2 (Wang et al., 2023a) 1050M 99.6 88.1
UniFormerV2-B/16 (Li et al., 2022) 115M 96.8 80.0
FTP-UniFormerV2-B/16 (Lu et al., 2024) | 136M 98.7 83.9
BIKE ViT-L/14 (Wu et al., 2023) 230M 98.8 82.2
MMVFAC (Alayrac et al., 2020) 94M 95.2 75.0
SPE-ViT (Ours) | 83M 98.8 90.3

The best scores for each dataset are bolded, and the second-best scores are highlighted in blue.

Table 2: Comparison with reported state-of-the-art methods on NTU RGB+D dataset.

Method | Architecture Modalities CS (%) CV (%)
m-ViT (Reilly and Das, 2024) ViT RGB+Skeleton 96.3 99.0
m-ViT (Reilly and Das, 2024) ViT RGB only 94.0 97.9
STAR-Transformer (Ahn et al., 2023) ViT RGB+Skeleton 92.0 96.5
3DA (Kim et al., 2023) ViT RGB+Skeleton 94.3 97.2
UMDR (Zhou et al., 2023) Transformer RGB-D 96.2 98.0
MaskCLR (Abdelfattah et al., 2024) Transformer Skeleton 93.9 97.3
JPFormer (Cui and Hayama, 2024) Transformer Skeleton 93.2 96.9
ProtoGCN (Liu et al., 2025) GCN Skeleton 93.8 97.8
DSTSA-GCN (Cui et al., 2025) GCN Skeleton 92.8 97.0
IPP-Net (Ding et al., 2023) \ Parsing+Skeleton ~ 93.8 97.1
PoseC3D[3D Heatmap| (Duan et al., 2022) \ Skeleton 94.1 97.1
VPN (Das et al., 2020) \ RGB+Skeleton 95.5 98.0
DVANet (Siddiqui et al., 2024) \ RGB 93.4 98.1
Dual-Stream Model (Ours) | ViT RGB+Skeleton 95.8 98.7

The best scores for each dataset are bolded, the second-best scores are highlighted in blue and the third-best scores
are highlighted in red.

4.3. Ablation Studies
4.3.1. EFFECT OF DIFFERENT POSITION EMBEDDING METHODS

To validate the effectiveness of proposed LSSPE, experiments with different position embed-
ding methods are conducted on the NTU RGB+D 60 datasets. Table 3 shows the results,
demonstrating that LSSPE consistently outperforms other position embedding methods.
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Table 3: Comparison of different position embedding methods.

Position Embedding Type Cross-sub(%) Cross-view (%)
Learnable Absolute 87.2 91.5
Relative (Ma and Wang, 2024) 87.8 92.8
SPE (Ours) 87.5 93.6
Skeleton embedding 87.3 93.2
LSSPE (Ours) 89.8 93.7

The best scores are bolded.

4.3.2. CONTRIBUTION OF SKELETON EMBEDDING AND DUAL-STREAM ARCHITECTURE

To further analysis the contribution of proposed LSSPE and the dual-stream architecture
on the NTU RGB+D dataset. Ablation study of different components are necessary. Table
4 presents the results, showing that both components significantly improve the performance,
and their combination yields the best results.

Table 4: Ablation study on the contribution of different components.

Method CS (%) CV (%)
TimeSFormer (Baseline) 87.2 91.5
+ LSSPE 89.8 93.7
+ Skeleton Branch 94.9 98.0

+ LSSPE + Skeleton Branch 95.8 98.7

The best scores are bolded.

4.4. Generalisation Performance on Small Datasets

To evaluate the generalisation capability of proposed SPE-ViT, experiments with limited
training data are conducted on the HMDB51 & UCF101 dataset. Table 5 and Table 6
illustrate the performance of SPE-ViT with varying percentages of training data. From
these two tables, it can be noticed that shuffled position embedding seems to be viewed as a
kind of data augmentation, with shuffled position embedding delivering a somewhat larger
performance gain as the dataset decreases. However, when the proportion of data used is
lower than that, the model performance improvement again decreases instead.

4.5. Visualisation Analysis of Skeleton Embedding

To provide insights into how LSSPE method improves the model’s attention mechanism,
the attention maps of different models are visualised. Figure 3 shows the comparison of
attention maps between the baseline TimeSFormer and LSSPE-TimeSFormer. The visu-
alisation demonstrates that LSSPE enables the model to focus more accurately on human
motion-related regions, leading to better recognition performance.
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Table 5: SPE ablation experiments on different training set sizes of UCF101

Training Data Embedding Type Acc. Precision Recall F1

80% SPE 0.9883 0.9866 0.9858 0.9861
Standard 0.9876 09865 0.9845 0.9854
0% SPE 0.9865 0.9853 0.9844 0.9847
Standard 0.9843 0.9820 0.9805 0.9810
60% SPE 0.9855 0.9829 0.9812 0.9818
Standard 0.9808 09771  0.9760 0.9764
50% SPE 0.9816 09793  0.9767 0.9777

Standard 0.9786  0.9747  0.9737 0.9739

Table 6: SPE ablation experiments on different training set sizes of HMDB51
Training Data Embedding Type Acc. Precision Recall F1

80% SPE 0.9032 0.9086  0.8849 0.8939
Standard 0.8997 0.8950 0.8884 0.8893
0% SPE 0.8890 0.8834 0.8740 0.8755
Standard 0.8838 0.8823  0.8699 0.8734
60% SPE 0.8762 0.8703  0.8591 0.8617
Standard 0.8712 0.8684  0.8547 0.8559
50% SPE 0.8407 0.8451 0.8158 0.8225

Standard 0.8381  0.8418  0.8160 0.8179

Original Frame 0 Attention: Layer 11, Frame 0 LSSPE Attention: Layer 11, Frame 0 Attention Weight
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Figure 3: Visualisation of attention maps

5. Conclusion

In this work, we propose Shuffled Position Embedding (SPE) and its enhanced variant, Local
Shuffled Skeleton Position Embedding (LSSPE), as novel position embedding methods for
human activity recognition. These approaches innovatively explore shuffling mechanisms
while incorporating skeletal structural information. Extensive experiments on UCF101,
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HMDB51, and NTU RGB+D datasets demonstrate that both SPE and LSSPE significantly
outperform conventional position embedding techniques. Furthermore, our results estab-
lish position embedding as an effective modality fusion strategy. The proposed dual-stream
architecture successfully integrates RGB and skeleton modalities, achieving outstanding per-
formance on NTU RGB+D dataset with 95.8% (cross-subject) and 98.7% (cross-view) accu-
racy. Future work will investigate the applicability of shuffled position embedding to broader
video understanding tasks and explore its generalization capabilities.
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