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Abstract

The rapid growth of tag-free user-generated videos (on the Internet), surgical recorded videos, and surveillance videos has
necessitated the need for effective content-based video retrieval systems. Earlier methods for video representations are
based on hand-crafted, which hardly performed well on the video retrieval tasks. Subsequently, deep learning methods
have successfully demonstrated their effectiveness in both image and video-related tasks, but at the cost of creating
massively labeled datasets. Thus, the economic solution is to use freely available unlabeled web videos for representation
learning. In this regard, most of the recently developed methods are based on solving a single pretext task using 2D or 3D
convolutional network. However, this paper designs and studies a 3D convolutional autoencoder (3D-CAE) for video
representation learning (since it does not require labels). Further, this paper proposes a new unsupervised video feature
learning method based on joint learning of past and future prediction using 3D-CAE with temporal contrastive learning.
The experiments are conducted on UCF-101 and HMDB-51 datasets, where the proposed approach achieves better
retrieval performance than state-of-the-art. In the ablation study, the action recognition task is performed by fine-tuning the
unsupervised pre-trained model where it outperforms other methods, which further confirms the superiority of our method
in learning underlying features. Such an unsupervised representation learning approach could also benefit the medical
domain, where it is expensive to create large label datasets.

Keywords- Contrastive learning, Convolutional autoencoder, Content-based search, Deep learning, Video retrieval,
Future prediction, Unsupervised learning.

1. Introduction

Since the inception of the Internet, the number of videos produced, uploaded, and downloaded
from the World Wide Web has been expanding constantly. Latest technologies have enabled
users to upload video data to the internet (mostly social sites) recorded via cameras or
smartphones. The YouTube statistics states that every minute, more than 2,000 hours of video are
uploaded. Also, roughly 11 million videos are posted on Twitter daily. Most of these videos are
unlabeled or semantic less tagged, making video analysis and searching a difficult task. These
falsely semantically tagged clips or misrepresented short videos are also created to entice or
mislead consumers by posing as fake news (Cao et al., 2020). In addition, other sources such as
news agencies and surveillance networks have emerged in large quantities of video recording,
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requiring effective and efficient techniques for its management, indexing, and searching
(Muhammad et al., 2021; Muhling et al., 2019; Subudhi et al., 2019). Furthermore, in the medical
field, surgeries are often recorded in the hospital and stored due to law enforcement in some
countries. Hence, there is the requirement for effective content-based analysis techniques for
applications like surgeon skills assessment, for education purposes, surgical error analysis, etc
(Kumar et al., 2021b). In addition, in the entertainment domain, watching several past movie
scenes can be useful for the director to make an effective and original scene. With content-based
search techniques, he/she can retrieve several other similar scenes in less time than manually
searching for scenes in all previous movies (Deldjoo et al., 2018). Also, humans are prone to
errors, and as a result, manual video search results could be erroneous and it is also a laborious
and time-consuming task. Hence there is a need for very effective content-based analysis
techniques. Importantly, it is required because most of these videos frequently lack semantic tags
or labels. So, content-based video retrieval (CBVR) is a technique to video retrieval problems,
that is, the problem of retrieving similar videos to a given query video. The term “content-based”
means that the search is done by means of its visual features extracted from it (sometimes
embedded audio may also be used). This requires an effective and robust spatiotemporal feature
extraction method for video representation.

Earlier methods for video representation are built upon handcrafted features (Asha & Sreeraj,
2013; Araujo et al., 2017; Brindha & Visalakshi, 2017; Ram et al., 2020; Zhu et al., 2016), which
are not good at effectively representing video dynamics. Later, deep learning has emerged as
successful and powerful in computer vision tasks that include classification (Karpathy et al.,
2014; Krizhevsky et al., 2012), segmentation (Shelhamer et al., 2017), gesture recognition (Jain et
al., 2020a, 2020b), object detection (Ren et al., 2016) and retrieval (Babenko et al., 2014). The
key to this success is the use of massively labeled data and effective deep learning models.
However, collecting a labeled dataset of videos on such a large scale can be costly. Therefore,
taking advantage of unlabeled videos, which are freely available on the Internet, can be an
economical alternative. Hence, the big challenge in artificial intelligence is to teach the computer
useful representations without any supervision. Unsupervised learning is also essential for the
tasks like anomaly detection (Pang et al., 2021), surgical video analysis (Paysan et al., 2021; Wu
et al., 2021) etc., due to the lack of labeled data. As for unsupervised learning of video
representations, a lot of work has been proposed in this direction in recent times which is based
on self-supervised learning. However, most of these methods are built over a single predefined
pretext task (Benaim et al., 2020; Cho et al., 2021; Jing et al., 2018; Kim et al., 2019; Wang et al.,
2020), which usually transforms video and train the network to predict the transformation.
Instead, this research investigates 3D convolutional autoencoder (3D-CAE) as an unsupervised
learning approach to learn video representations. In addition, this paper also explores a
contrastive learning approach to further enhance representation learning.

The main contributions of this research work are as follows:

e This paper explores a 3D-CAE network in learning video representations for the task of
video retrieval.

¢ In addition, a new unsupervised video representation learning method is proposed that
learns representations by joint learning of past and future prediction, constraint by
temporal coherence aware contrastive 10ss.

e For smooth training and efficient learning, a 3D-CAE network based on a C3D network
has been designed.
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e And finally, the proposed approach was tested on the UCF-101 and HMDB-51 datasets,
where the proposed approach yields better results compared to state-of-the-art.

The remaining part of this work is divided as: related works are discussed in Section 2, where we
explored previous studies for representing videos with a current research focus. In Section 3, the
proposed method is elaborated, where the components of the proposed work along with the
backbone neural network are discussed first and then the proposed method. Then, experiments
with results are discussed in Section 4, where two datasets are chosen to validate the proposed
approach. And finally, Section 5 concludes the paper.

2. Related Work

Since the 1990s (Rui et al., 1988), considerable research has been done in image retrieval (Zhou et
al., 2017), but CBVR has been ignored in the multimedia community. Due to recent advancements
in technologies, there is a need for CBVR. Most of the earlier methods rely on hand-designed
descriptors. For example, in Jiang et al. (2007) and Wang et al. (2012), bag-of-words model-based
methods are proposed for video representation. In Asha and Sreeraj (2013), the SURF features-based
video retrieval method is proposed. In addition, SIFT-based methods are also proposed in Zhu et al.
(2016). Additionally, Brindha and Visalakshi (2017) combined low-level features such as texture,
colour and shape with a higher-level representation such as a motion to reduce the gap between
them. In Araujo et al. (2017), the bloom filter-based query image video retrieval method is
proposed. Ram et al. (2020) proposed the histogram-based similarity measure for the collation of
HOG descriptor encoded video frames. The main limitation of all methods is that, while these
features are useful for representing video at the static frame level, they are ineffective at
representing video sequences. Furthermore, since these methods are designed based on hand-crafted
features, any further improvements will depend on effective feature engineering.

Since CNNs have recently seen tremendous success in the computer vision field, particularly with
the task of image classification, object detection, segmentation, and retrieval, CNNs are rapidly
increasing in popularity. This has also led to research into video and image retrieval. For
example, the CNN-based work is proposed by Babenko et al. (2014) where they investigated the
deep descriptors for image search. Further, a fine-grain image retrieval method is proposed in
Kumar et al. (2020), where they proposed CNN based framework for fine-grained image search.
This progress also resulted in video retrieval, for instance, CNN features-based video retrieval
method is proposed in Podlesnaya and Podlesnyy (2016) and Lou et al. (2017). In Markatopoulou
et al. (2017) multiple pre-trained CNN models are first used to detect key objects and scenes in
video frames, and complex linguistic rules are designed for video representation. Moreover, in
Ueki et al. (2017) concept-based method is proposed, where they extract pre-trained CNN
features from each frame and then perform element-wise max pooling. Then they used SVM to
build concept scores to use for searching. In addition, Miihling et al. (2017, 2019) and Kumar et
al. (2022) also exploited CNN features for video retrieval problems. In the direction of video
classification, more specifically action recognition task, approaches such as Simonyan and
Zisserman (2014), Karpathy et al. (2014) used 2D CNN to represent and analyze video contents.
Further, this is improved by exploring 3D CNN (Tran et al., 2015, 2018). However, all the above
methods are based on models that are trained on a large-scale labeled dataset of images or videos.
Any further improvement in recognition or retrieval accuracy will require training on either a
large-scale dataset or effective network designing. However, collecting a large-scale labeled
video dataset is an expensive task compared to a labeled dataset of images. Thus, the economical
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alternative is to learn video representations using freely available web videos, which is recently
emerged as a major research site in computer vision. In this regard, most of the work recently
proposed is based on self-supervised learning.

Self-supervised learning is a method of learning representations without using labels, where a
task is usually generated as a "pretext task™ by some transformation function applied to the
dataset. For example, in Misra et al. (2016), a frames order verification task using a CNN as a
backbone is proposed. In Lee et al. (2017), a frames sorting pretext task is designed to learn self-
supervised features. Moreover, Fernando et al. (2017) proposed an odd-one-function. In Buchler
et al. (2018), the author designed a sample permutation policy and applied deep reinforcement
learning for frames order prediction problems. Most of these techniques used 2D CNN, which
seems to be lacking when it comes to motion capture. In order to deal with this, a combination of
3D CNN and pretext tasks can be the most effective option. In this direction, Jing et al. (2018)
proposed a 3D CNN-based feature learning approach by utilizing a video rotation prediction task.
In addition, using 3D CNN, a space-time Cubik puzzle-solving task is proposed for video
representation learning in Kim et al. (2019). Also, Xu et al. (2019) proposed 3D CNN-based clip
order prediction task by extending the frame order prediction task (Lee et al., 2017). Further,
some work based on speed-based pretext task (Wang et al., 2020; Benaim et al., 2020; Cho et al.,
2021) was proposed, which also uses 3D CNN as a backbone network. When it comes to learning
representations using unlabeled data, it is clear that the usefulness of a learned representation for
downstream tasks depends on the pretext task.

In contrast, this paper explores a 3D convolutional auto-encoder to learn video representations. In
addition, a multi-pretext task is designed to predict future frames and past frames using 3D-CAE.
In Table 1, we highlighted the key references related to the proposed work.

Table 1. Key related papers and their comparison.

Author Network | Methodology (Self-Supervised Pretext Task) Limitation

Noroozi and

Favaro (2016) Prediction of shuffled space Jigsaw puzzles .

Only applicable to a CNN that
accepts one or two frames as input

Lee et al. (2017) Alexnet | Sorting the Sequences

. Not suitable for Spatio-temporal

lé%‘i'gfr etal. Reinforcement learning + sorting sequences representation.

e  Applicable to a 3DCNN that
Benaim et al. _— - accepts 32 or 64 frames as input
(2020) S3D-G Prediction of the speed of video play e Used Single pretext task

. Based on Single Spatial
transformation pretext task.
e Avoids temporal information.

Jing et al. (2018) R18-3D Prediction of video rotation

Luo et al. (2020) Video cloze procedure e  Based on a Single pretext task

Xu et al. (2019) Prediction of Video clip order

C3D Multi-pretext task (Future prediction + Past . Limitation can be in
Proposed L AN I
approach predlctlc_)n + Tem_poral coherence aware computations involving in
contrastive learning) 3DCNN
3. Method

Consider the set V = [Vl,Vz,...,Vq] of q unlabeled training videos and V € R™™“F where F

denotes the number of frames and M xNxC is frame’s spatial resolution size in which C refers
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to the color channel. The objective is to learn visual representations of videos V using an
unsupervised learning approach. In this regard, a 3D-CAE is designed and explores its power in
learning video representations. In addition, a multitask learning method based on 3D-CAE is
proposed to strengthen the representation. An overview of the proposed method is depicted in
Figure 1, where the multitask objective in the form of past and future frame prediction is jointly
implemented with a temporal contrastive learning module on the top of the shared encoder. Next,
we discuss the vanilla autoencoder and convolutional autoencoder first and then 3D-CAE with
the proposed approach.

Past Frames Prediction

Input Video Clips  Transformation

s & MSE Loss
) V"L%‘ Vie Fico Fica
-—.—-4 —n pr—-
p— —-
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| ‘ I [14x14x256%4] Vi,cz

*‘ [56%56128%8 [112x112x3x8]
121

Vicz

Data
Transform. [7%7%256x2]

\ [4x4x256x1]
14142564

[28x28x128x4]
[56:56764%8]

Contrastive Loss

B

[1=1>1%512]

<
8

[7x7x256% =¥ MSE Loss

2
.

L oL
Fica Fica

F
Vi,CZ

[112x1123x8]

[112x112x3x8] (14x14x2564]

[56x36128%8]
[112x112%64x8]

Future Frames Prediction

Figure 1. Overview of proposed Approach. (The red arrow indicates repulsion and the green arrow
indicates attraction.)

3.1 Preliminaries

3.1.1 Autoencoder

An autoencoder is a special type of feed-forward network consisting of an encoder-decoder
architecture. The idea of autoencoder was first mentioned in Rumelhart et al. (1985) to use
backpropagation without supervision. It is then used in training deeper networks like in Hinton et
al. (2006) and Bengio et al. (2007). The basic autoencoder consists of 3 layers: input layer, hidden
layer and output layer as shown in Figure 2 (a). All the connections between layers of encoder
and decoder are fully connected i.e. from the previous layer, all the units are connected to the
following layer. The objective of this network is to learn low-dimensional encoding in an
unsupervised way i.e. without requiring input labels from the system. The network uses a back-
propagation algorithm for training. Autoencoders are generally used as dimensionality reduction
technique because it learns low embedding which can be used as a feature representation.
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The general autoencoder involves two process: encoding and decoding. Consider the input
x € R", in encoding phase, the hidden layer h is obtain by the encoding function h = En(x).

The encoding function En(x) is defined as:
h =En(x) =0 (Wx +Db) @

Where, W, € R™" is weight matrix, b € R™ is biasand ¢ is the activation function.

In decoding phase, the output layer y is obtain by the decoding function y =De(h). The
decoding function De(x) is defined as:

y =De(h) =6(W;h +Db) )
Where, W, € R™™ is weight matrix, b € R" is bias.

Then the autoencoder is trained to make output y to be as close as possible to input x. This is
achieved by minimizing mse loss function (3), which is typically used in these networks.

L(x,y)=|x-y|’ 3)

E n coder
} Input Layer Dutput Layer i
I Hidden Layer I
Decoder
----------------------------------- Input D Reconstructed
Image Convolution Transpose  Reshape Fully Image
(a) Layer Convolution  Layer Connected Layer
Layer

(b)

Figure 2. (a) General Autoencoder architecture. (b) General Convolutional Autoencoder architecture.

3.1.2 Convolutional Autoencoder (2D-CAE)

Image features can also learn via vanilla autoencoder. However vanilla autoencoder learn features
globally since it is fully connected in nature. Because of this, important local features in the
images are lost. The solution to this problem is to take advantage of convolutional layers in both
the encoder and the decoder to extract local features. In addition, multiple convolutional layers
can be added to the encoder to encode different types of features. 2D-CAEs, thus, have
convolutional encoding layers and transpose convolutional decoding layers. The convolutional
layers are for extracting local image features while maintaining its spatial structure whereas
transpose convolutional layers are for restoring spatial structure back to original form. The
general architecture is shown in Figure 2 (b). For reducing spatial structure in encoder and for
upscaling spatial structure in decoder can be done by employing maxpooling and unpooling
layers (where unpooling operation is done by using the locations stored during the maxpooling
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operation). However, this can also be achieved by the stride factor in convolutional kernels when
performing the convolution operation. The encoding operation can be computed as:

he =En (1) = &, (I* Wee +b) )
Where, | is a matrix (image), W € R*%is a kernel (weighted filter), b’ is bias and o, is
activation function (commonly used is RELU) and * denotes convolutional operation.

Similarly, the decoding operation can be computed as:

I"=De, (h,)=6,((En (1)) *Wg, +b") (5)

Where, I' is a reconstructed matrix (image), W, € R%%is a kernel (weighted filter), b" is bias.

The loss to minimize is given as

L(1, 1) =1 -1 ©)

Table 2. 3D-CAE network configuration.

Layer Output Size
Input 112x112x3x8
Conv-1 112x112x64%8
MaxPool-1 56x56x64x8
Conv-2 56x56x128x8
_ag MaxPool-2 28x28x128x4
8 Conv-3 28x28x256x4
i MaxPool-3 14x14x256x4
Conv-4 14x14x256%4
MaxPool-4 TXT%256%2
Conv-5 TX7x256%2
MaxPool-5 4x4x256x1
Tconv-1 TX7%x256%2
5 Tconv-2 14x14x256%x4
3 Tconv-3 28x28x256x4
] Tconv-4 56x56x128x8
Q Tconv-5 112x112x64x8
Conv-F 112x112x3%8

3.2 Network Architecture

The 2D-CAE is generally good at capturing visual information. However, the most important
information in video is motion which cannot be captured by 2D-CAE. Recently, 3D convolution
based networks (Tran et al., 2015, 2018) have been shown to be effective in capturing temporal
dynamics in the video. Therefore, to learn Spatio-temporal features, we designed a 3D-CAE
following C3D architecture (Tran et al., 2015). The architecture details of 3D-CAE is depicted in
Table 2. We follow the small variant of C3D to design the encoder. Instead of 16 frames, a clip of
8 frames (skipped every second frame) is sampled from the video and input to the network. The
convolutional kernel size is set to 3x3x3 throughout the network. The convolution operation is
performed with 1x1x1 stride and the transpose convolution is performed according to the
required stride. For downsampling the spatial resolution, max pooling is deployed after each
convolutional layer. In total, the encoder contains 5 convolutional layers and 5 maxpooling
layers. Whereas, the decoder employs the encoder's inverse structure, substituting transposed
convolutional layers instead of Conv-pool blocks. Appropriate zero-padding is applied to the
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convolution and max pooling layer (where applicable) to ensure that the dimensions of all inputs
and outputs of the convolution operation are consistent.

3.3 Multi-task Learning (MTL) based on 3D-CAE

MTL has been found to generate more efficient models than single-task learning (Caruana, 1997).
MTL aims to improve learning efficiency and accuracy by concurrently optimizing multiple
objectives while using shared representations (Huang et al., 2014; Jian et al., 2020a, 2000b; Yao
et al., 2020). In line with this idea, to further improve the video representation power, we propose
to explore past and future frames prediction pretext tasks using 3D-CAE in a multi-task learning
setting.

Let V,; denotes the j™ video clip sampled from the i" video of the training set, where j = {1, 2,

3} (Here, we consider the three clips representing current V, ,, past V, ., and future V, ., clips

sampled from random locations in the video.) For past frames prediction (PP) task, the loss can
be given as:

L, (\/i,Cli\/i',)CZ) = H\/i,Cl _Vif)cz Hz (7)

Where, Vfcz is the generated past video frames.

Similarly, for future frames prediction (FP) task, the loss can be given as:
2
L (\/i,C3’ Vi,Fcz) = Hvi,cs _\/i',:CZH 8

Where, Vfcz is the generated future video frames.

To further regularize the learning process, we also propose to leverage contrastive learning (Chen
et al., 2020) as an additional objective. Generally, the purpose of contrastive learning is to learn
representations by separating positive pairs from the negative ones in the latent space. As in Chen
et al. (2020), different transformations of same sample are considered positives while
transformations of other samples are treated as negatives. We extend this idea to the video
domain by exploiting temporal coherence in the video. Since the video clips at different time
steps of the same long video have different temporal information, their representations should be
different. Thus, clips sampled from different time steps of the same video can be considered as
negatives while positives can be created by data transformation.

Let Tr(.) be the transformation function (such as rotation, cropping, flipping) which transform
Vg to \7i,q- The positive pairs formed are {(VLCJ.,\A/LCJ.)} and the negative pairs are

{(\/i,cj7\/i,ck)}’j¢ k. Let Fand IA:ile be the L2 normalized embeddings of V,

i,Cj

and \7i,Cj
encoded by the deep network (here, encoder of 3D-CAE followed by fully-connected layer of 512
units; see Figure 1). Then positive pairs of feature vector are {(Fi,q, IA:LCJ. )} and negative pairs are

{(Fi,Cj’Fi,Ck )},j:& k. The objective is to make positive pairs {(Fiycj,lﬂ:iycj)} closer and negative

pairs farther apart in the embedding space. In other words, in terms of cosine similarity (CosSim),
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the constraint to be apply is COSSIm(F F )>CosS|m(FICJ,FICk) k=] , where

i,Cj?' i,Cj

CosSim (Fi,q, E,Ck) is F o' +F. ¢ which is the dot product between two feature vectors.

Given a K minibatch of videos, the temporal coherence aware contrastive learning loss (TCCL)
can be given as:

L ZZ A(CosS|m - oF)l7) o
K| 4 Zexp(CosSm(E F o)/ )+ exp(CosSim(F ,F )/ 7)
k k]
The total loss for joint learning of multi-tasks is:
L=L, +ALe+ ALt (10)

3.4 Implementation Details

We implement our proposed approach in MATLAB 2019b with NVIDIA tesla k40c GPU
enabled Xeon E5 system. During training, K videos are sampled from the training set. Then 3
clips are extracted from each video from different temporal locations. Each video clip is resized
to 128x170x3x8, then 112x112x3x8 crop is randomly sampled from it. After that, each clip
undergoes data transformation, and both the augmented and original clips are fed to the network
for feature learning. The minibatch size is set to K = K;*3*2 = 30. For data transformation, we
use random cropping, rotation, channel replication and horizontal flipping. Adam optimization is
used and the initial learning rate is set to 1e-3 and decrease by 1/10 every 7k iterations. The
embedding size is chosen to 512 neurons for a contrastive learning tasks, i.e. a fully connected
layer (512 units) is added on top of the encoder part of the 3D-CAE. The implementation details
are summarized in Table 3.

Table 3. Implementation details.

Tool Used MATLAB 2019b
GPU Used NVIDIA Tesla k40c GPU
CPU Used Xeon E5 system
Minibatch Size (K) 30
Sampled Video Size 128x170x3x8
Input Video Size 112x112x3x8
Learning Rate 1e-3 decrease by 1/10 every 7Kk iterations
Optimizer Adam
Embedding Size For Contrastive Learning 512
. Random Cropping, Random Rotation,
Data Transformation Channel Rep?i?:atigon and Horizontal Flipping

4. Experiments

4.1 Dataset and Evaluation Setting

UCF-101 (Soomro et al., 2012) and HMDB-51 (Kuehne et al., 2011) datasets are selected to
conduct the experiments. UCF-101 consists of 13k video clips sampled from various sources such
as sports videos, daily lifelog videos, etc. It is divided into 101 human actions. HMDB-51 is
another dataset consisting of 7k video clips sampled from different movies and YouTube. It is
divided into 51 human actions. For unsupervised pre-training, the UCF-101 training split-1
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without labels is used. And, then testing is done for both the datasets such that the testing split-1
is considered as query set and training split-1 as retrieval set.

This research follows the setting of Xu et al. (2019) for evaluation of retrieval performance,
where 10 clips per video are sampled and centered cropped. Pool5’s activations are used to
represent each clip. Cosine distance is used for video clip similarity measurement and top-k
retrieval accuracy is computed such that a query clip is said to be correctly predicted if the label
of the query clip is found in the top-k clips retrieved from the training split-1.

4.2 Results

4.2.1 Influence of Joint Learning of Multi-task on Retrieval Performance

First, we see the effect of joint learning in our method on video retrieval performance. We
perform this experiment on the UCF-101 dataset, and the results are reported in Table 4. We can
see that video representations learned through 3D-CAE are capable of performing well compared
to random initialization features. With future frames prediction task and past frames prediction
task, the features learned on top of 3D-CAE show further improvement which is reflected in
retrieval accuracy. Then jointly learning of future frames prediction task and past frames
prediction task with temporal coherence aware contrastive learning (FP + PP + TCCL) further
improves the retrieval performance.

Table 4. Impact of multi-task learning on retrieval performance (Clip Level).

Methods k=1 k=5 k=10 k=20 k=50
Random 20.23 27.26 31.21 36.17 44.46
3D-CAE 22.87 31.04 36.15 42.37 51.48
Future Prediction (FP) 24.47 33.11 38.24 44.41 54.93
Past Prediction (PP) 24.41 32.26 37.92 44.69 55.13
FP + PP 24.52 33.18 38.65 45.73 56.98
FP + PP + TCCL 28.13 37.15 44.09 53.78 66.44

Table 5. (Clip Level) Top-k retrieval accuracy (%).

Network Methods UCF-101 HMDB-51
k=1 k=5 k=10 k=20 k=50 k=1 | k=5 k=10 k=20 k=50
C3D Random 20.23 | 27.26 | 31.21 | 36.17 | 44.46 | 7.2 13.5 21.9 30.65 | 41.72
Jigsaw (Noroozi & Favaro, 197 | 285 | 335 | 400 | 494 |- ) )
Alexnet 2016) . : : . '
OPN (Lee etal., 2017) 19.9 28.7 34.0 40.6 51.6 - - -
Buchler et al. (2018) 25.7 36.2 42.2 49.2 59.5 - - -
S3D-G gggg;’“et (Benaimetal, 130 | 281 | 375 |495 |es50 |- |- ;
VCP (Luo et al., 2020) 17.3 315 42.0 52.6 67.7 7.4 22.6 34.4 48.5 70.1
c3D Clip Order (Xu et al., 2019) 12,5 29.0 39.0 50.6 66.9 7.8 23.8 35.5 49.3 71.6
Kumar et al. (2021a) 28.17 | 37.92 | 43.24 | 51.41 | 6293 | 7.5 215 32.62 | 46.23 | 68.19
Proposed (FP + PP + TCCL) 28.13 | 37.15 | 44.09 | 53.78 | 66.44 | 7.6 24,23 | 35.62 | 51.42 | 72.18

4.2.2 Comparison to State-of-the-arts

In Table 5, we compare our approach with other methods, where we can see that our approach
able to outperform other methods on both datasets. On UCF-101, the proposed method achieve
28.13% top-1, 37.15% top-5, 44.09% top-10, 53.78% top-20 and 66.44% top-50 retrieval
accuracy. On closer analysis, we can see that the proposed method has advantages over 2D-CNN
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based methods and also outperforms 3D-CNN based methods like Xu et al. (2019) and Luo et al.
(2020). It is also slightly better than the recent method of Kumar et al. (2021a). On HMDB-51,
the proposed method also performs well with 24.23% top-5, 35.62% top-10, 51.42% top-20 and
72.18% top-50 retrieval accuracy. This further confirms with multi-task learning, the network
learns more generic features. We also evaluate the retrieval performance at the video level. For
this, we average the features of the 10 extracted clips to represent the video. As depicted in Figure
3, with the proposed method, the video level retrieval accuracy is increased compared to that of
the randomly initialized network and other methods.

th &
th th

Top-k Accuracy (%)
o
h

Top-k Accuracy (%)
e
i

ol
th th

5

20 50 1 5 10 20 50
== @ Random ==& Clip Order (Xu et al., 2019) == @ Random o Clip Order (Xu et al,, 2019)
Kumar et al. (2021a) —&— Proposed Kumar et al. (2021a) —&— Proposed
(a) UCF-101 (b) HMDB-51

Figure 3. Video retrieval results (top-k accuracy %) on UCF-101 and HMDB-51.

4.2.3 Visualization

In Figure 4, using the method of Zagoruyko and Komodakis (2016) we visualize the activations of
conv 5 layers of the pre-trained model, where we can see the model learned to pay attention to the
object motion’s areas. Here we used 5 random videos sampled from the UCF-101 for attention
visualization. And it can be seen that the neurons are highly active on the object motions region
which is highlighted with red.

Figure 4. Attention visualization on random video samples (UCF-101) based on an unsupervised pre-
trained model. (For each column, the first row represents input video and the second row represents its
neural activations.)
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4.2.4 Ablation Study (Action Recognition)

We also conduct an ablation study in form of an action recognition task, where we want to see if
convolutional kernels” weight initialized with unsupervised pre-training improves action
recognition task compared to randomly initialized weights. Following the action recognition
evaluation protocol (Xu et al., 2019), we fine-tuned the model and test the accuracy on both
datasets. The results are reported in Table 6 along with a comparison to other methods, where we
achieve 67.62% on UCF-101 and 31.22% on HMDB-51. This further confirms that with the
proposed approach the network is able to learn the initial level features which are reflected in the
initialization of the network. Compared to other methods, the proposed approach is able to
outperform others on UCF-101, and most of the methods on HMDB-51. The methods Benaim et
al. (2020) and Jing et al. (2018) achieves better results on HMDB51 than the proposal. The reason
is that they trained the network on much larger dataset and also utilized heavy 3D-CNN networks
than this work.

Table 6. Action recognition results.

Method Network UCF-101 HMDB-51
Jigsaw (Noroozi & Favaro, 2016) Alexnet 51.5 -
Shuffle&Learn (Misra et al., 2016) Alexnet 50.9

OPN (Lee et al., 2017) Alexnet 56.3

Buchler et al. (2018) Alexnet 58.6 -
CubicPuzzle (Kim et al., 2019) C3D 60.6 28.3
3D RotNet (Jing et al., 2018) 3D-ResNet18 66.0 37.1
Speednet (Benaim et al., 2020) 13D 66.7 43.7
Clip Order (Xu et al., 2019) C3D 65.6 28.4
Kumar et al. (2021a) C3D 66.8 25.6
Proposed (FP + PP + TCCL) C3D 67.62 31.22
5. Conclusion

In this paper, a novel unsupervised video representation learning technique is proposed, where
video features are learned via joint learning of future frames and past frames prediction pretext
task. This learning further regularized by temporal coherence aware contrastive learning, which
helps the model to learn more generic features. For the future frames and past frames prediction
pretext task, the 3D-CAE network is designed based on C3D network structure. The learned
features are validated on the UCF-101 and HMDB-51 datasets, where the proposed approach
outperforms previous methods on both datasets. An ablation study was also conducted with
respect of action recognition task, where better accuracy was achieved on both datasets compared
to state-of-the-arts. The limitation of our approach may be computation, as it is based on 3D-
CNN and it is costlier than 2D-CNN. For future work, further research is needed to explore more
self-supervised learning methods as well as exploration of deep and efficient networks for video
representation learning, and also to explore contrastive learning as it is showing as a strong self-
supervised learning approach. In addition, future work also includes testing and developing new
methods for other domains, like medical, where creating labeled dataset is expensive.
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