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Abstract With the increasing popularity of wearable devices and intelligent storage technology,
the usage of egocentric view videos is experiencing rapid growth. Segmenting such videos into
independent video segments to extract key content information has become an important research
direction in the field of video understanding. These videos exhibit characteristics of large scale,
high dimensionality, and diverse content, posing challenges for Euclidean-based feature learning
methods to effectively handle complex high-dimensional video data. Existing temporal
segmentation algorithms struggle to address the issue of frame information loss in long egocentric
videos due to hand occlusion and motion blur. To address these challenges, this paper proposes a
self-supervised Manifold Structure algorithm (SSMS) for egocentric temporal segmentation.
Inspired by the similar semantic clustering phenomenon of high-dimensional video data in low-

dimensional manifold space, the algorithm embeds frames containing temporal information into a
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low-dimensional manner, mapping semantically similar frames to nearby positions in the manifold

space. Firstly, an improved local manifold structure feature learning method is introduced to extract

local manifold structures from frames. Secondly, the SSMS algorithm constructs a dynamic

temporal network to obtain invariant feature representation based on the maximum similarity

relationship. Then, the manifold structure features of the frame data are used as supervised signals

for self-supervised learning. Through iterative optimization, high-quality low-dimensional features

of frame data are obtained. Finally, unsupervised temporal segmentation of egocentric videos is

achieved through a clustering process, avoiding the limitations and costs associated with annotated

data. Compared to existing unsupervised temporal segmentation algorithms, the accuracy of our

method has improved by an average of 3. 37% on five egocentric datasets.
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Background

Recently, with the new generation of artificial intelligence
shifting from perceptual to cognitive intelligence. First Person
View (FPV) video analysis has also entered the development stage
of intelligence. FPV videos record the scene being interacted with
from the viewpoint of the wearer/observer, which is closer to
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and challenging task in the FPV video analysis field. The existing
FPV unsupervised temporal segmentation still has the problem of
feature representation.

Previous unsupervised temporal segmentation methods fall
into two groups: (1) based on detecting the boundaries and (2)
in conjunction with some clustering methods based on frame

level. However, there is not much work that combines temporal
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information and manifold features. Temporal information
acquisition is achieved by constructing a pretext task in self-
supervised learning, while manifold features are acquired
through a local manifold embedding algorithm. Temporal
information is an important clue to further improving the
performance of the algorithm. In addition, manifold learning is
also a powerful approach to feature representation. In the end,
this paper is based on manifold learning and self-supervised

learning, which has achieved good performance. Firstly, a

sliding window approach is proposed to obtain the local manifold

information of the frame level. Second, a dynamic temporal
auto-encoder network is constructed to obtain the maximized
nearest neighbor temporal information. Then, a pretext task in
self-supervised learning is designed to fuse the manifold
information of data as well as the nearest neighbor temporal
information in the same objective function. Finally, the obtained
high-level features are clustered and analyzed using the K-
Means algorithm.
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