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Overview of the proposed unsupervised video continual learning based on the Kernel Density Estimation (uVCL-KDE).

Abstract

Prior studies have focused on supervised continual learning, relying on the knowledge of labels
and task boundaries [1, 2], while having labelled data is costly and not practical.
To address this gap, we propose a realistic scenario for unsupervised video continual learning

(uVCL), where neither task boundaries nor labels are provided when learning a succession of
tasks.

We proposed an approach to use Kernel Density Estimation (KDE) of deep embedded video
features extract by unsupervised video transformer networks as a non-parametric probabilistic
representation of the data.

We introduce a novelty detection criterion for the incoming new task data, dynamically
enabling the expansion of memory clusters, aiming to capture new knowledge when learning a
succession of tasks.

To prevent catastrophic forgetting problems, we leverage the use of transfer learning from the
previous task as initial state for the knowledge transfer to the current learning task.

Our proposed model is evaluated on three standard video action recognition datasets including
UCF101, HMDB51, and Something-to-Something V2 without using any labels or class
boundaries.

Methodology

Problem setup

We study unsupervised video continual learning, aiming to learn and structure a data space H,
given a sequence of Ktask. We consider the challenging situation as following:

The data learnt at The number of class

We consider storing
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previously learned
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continual learning
process, reflecting
the non-stationary
nature of the real-
world data.

categorization
in the video
data.

associated with
each clusterto
tackle catastrophic
forgetting.

Architecture

The overview of our proposed pipeline is
Illustrated in the figure above.

First the video feature will use to do the
clustering using Kernel Density Estimation (KDE)

by the mean-shift algorithm with Gaussian
kernel. The mean-shift is iteratively used to
update the peak as u;.

After finding the peaks p4, the video data are
associated with minimum distance to the peaks
will be assigned into the same same pseudo-
labels y.

For uVCL-KDE, we will freeze the u; and keep it as
the cluster centre for the future learning task.
Moreover, the 6; for novelty detector will be
define by the maximum distance from the video
feature in the first task to the u;.

For uVCL-KDE-RBF, the video data along with
their pseudo-labels y; will use to training the
multi-class classification Radial Basis Function
(RBF) model. The 6, for novelty detector will
setup at 0.3 in this study.

Initially, the input video data in
each task will feed into a video
transformer auto-encoder model
to do the feature extraction.

After complete training uVCL-KDE-RBF, the
limited number ’N=20" of video feature
associated with y; will stored in the memory
buffer ‘M’ for feature learning task.

All video data that cannot assigned into the
existing cluster will pool together and then do
the KDE cluster for finding a new peaks y; and
do the cluster augmentation.

The video data associated with p; will assigned
into pseudo-labels Y, for training uVCL-KDE-
RBF.

Task K> 1, all video data will feed
into feature extractor module first,
then each video feature will use for
novelty detector to assigned itinto
an existing cluster by compared

with 6, or 6,.

Thus, for uVCL-KDE, u; = yr—1 U Ui , whereas

uVCL-KDE-RBF the y;, = yi—1 U Vg

For uVCL-KDE-RBF, the video feature associated
with ¥y will added into the memory buffer with
the maximum example ’N=20’ for future learning
task.

The continual learning process will repeat until

the end of learning task.

Evaluation metrics

We evaluate the cluster accuracy (CAcc), first we employ the Hungarian matching algorithm [3] to
associate each pseudo-label with the ground truth label, where the label use for testing only.

v Then we evaluate the average unsupervised continual learning accuracy (ACAcc) [1, 4].

v’ After that, we evaluate the Forward forgetting (FWF) [1, 4]. A large positive Forward Forgetting
Is also known as catastrophic forgetting.

v’ Lastly, we evaluate the Backward Forgetting (BWF) [1, 4]. A large negative backward forgetting

Is also known as catastrophic forgetting.

Results
The performance on UCF101, HMDB51, and SSv2.
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The progressive performance UCF101, HMDB51, and SSv2
considering the first fold data. Inside the brackets for each
method is the bandwidth h for the mean-shift clustering.
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d) No. of clusters on UCF101. e) No. of clusters on HMDBS51. f) No. of clusters on SSv2.
We visualize the laten space in the memory for each cluster
after learning all tasks by using t-SNE for feature reduction to
2-Dimensions with perplexity of 40. + represents the cluster
centre, and a number represents the cluster ID.
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v We propose a realistic yet effective framework for the Unsupervised Video Continual
Learning (uVCL), which relies on dynamic kernel density estimation (KDE)
representations for the features extracted by video auto-encoder transformers.

v We proposed two different approaches, one based on the mean-shift algorithm for
representing KDE and extracting clusters of video data, the other use a linear layer on top
of the clusters as in the Radial Basis Function (RBF).

v The key to sustaining the performance is to use memory buffers, storing the video feature
of some associated with each cluster

4 Our experiments highlight that our prosed methods can reduce computation
requirements and training time and effectively preserves pass knowledge.

v Future work, we will employ a dynamic novelty detector criterion for deciding when learn

new information and define new clusters.
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