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Abstract

This paper presents a novel semi-supervised deep
learning algorithm for retrieving similar 2D and
3D videos based on visual content. The pro-
posed approach combines the power of deep con-
volutional and recurrent neural networks with
dynamic time warping as a similarity measure.
The proposed algorithm is designed to handle
large video datasets and retrieve the most related
videos to a given inquiry video clip based on its
graphical frames and contents. We split both
the candidate and the inquiry videos into a se-
quence of clips and convert each clip to a rep-
resentation vector using an autoencoder-backed
deep neural network. We then calculate a simi-
larity measure between the sequences of embed-
ding vectors using a bi-directional dynamic time-
warping method. This approach is tested on multi-
ple public datasets, including CC_.WEB_VIDEO,
Youtube-8m, S3DIS, and Synthia, and showed
good results compared to state-of-the-art. The
algorithm effectively solves video retrieval tasks
and outperforms the benchmarked state-of-the-art
deep learning model.

Keywords: 3D Video Information Retrieval,
Video Similarity Search, Unsupervised Learn-
ing, Semi-supervised Learning, Convolutional
and Recurrent Neural Networks, End-to-end auto-
encoder

1. Introduction

In recent years, the exponential growth in online video data
has made efficient retrieval of visually similar videos in-
creasingly challenging. To address this, we propose a novel
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Figure 1. The proposed video representation learning pipeline first
splits videos into short clips at a fixed number of frames. Then the
proposed method converts clips to embedded feature vectors by a
deep neural network encoder. Finally, we store all feature vectors in
a database and use a bi-directional dynamic time-warping method
to retrieve a list of candidates.

semi-supervised deep learning framework for retrieving sim-
ilar 2D and 3D videos.

Our video retrieval approach represents videos as sequences
of embedding vectors generated by a deep neural network
encoder. It begins by splitting both candidate and query
videos into fixed-length consecutive clips. Each clip is fed
into the encoder to produce a representation vector. The
sequence of embedding vectors for the full video is then
compared to candidate videos using a bidirectional dynamic
time warping similarity measure. By transforming videos
into informative embedding sequences, and leveraging deep
neural networks with dynamic time warping, our framework
can effectively retrieve visually similar 2D and 3D videos.

A video embedding is created through the use of deep convo-
lutional and recurrent neural networks, which are designed
to extract rich and discriminative features from video clips.
To optimize the video retrieval performance, we adopt a
two-stage training approach. First, we pre-train the model
unsupervised on a larger and relevant video dataset. Sec-
ond, we fine-tune the model with a triplet loss function in a
supervised manner, further enhancing its ability to perform
video retrieval.

Finally, we compute the similarity between the sequences
of embedding vectors between the query video and candi-
date videos using a variant of the dynamic time warping
method. The bi-directional Dynamic Time Warping (Bi-
DTW) method has been employed as a means to address the
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limitations of the standard Dynamic Time Warping (DTW)
in video embedding matching. The standard DTW algo-
rithm, although effective at time series alignment, operates
only in a single, forward direction. This unidirectional char-
acteristic can potentially limit the accuracy of its matching
results, particularly in applications such as video retrieval
where the temporal structure of the data is complex and
multidimensional. To mitigate these limitations, Bi-DTW
was developed, with a distinguishing feature being its capac-
ity to facilitate matching from both forward and backward
directions. The rationale for this approach is rooted in the
intuition that different portions of a video may align more
effectively when approached from various temporal perspec-
tives. Therefore, by integrating both forward and backward
alignments, Bi-DTW improves the accuracy of video re-
trieval by ensuring a more robust, comprehensive tempo-
ral match. It presents a significant improvement over the
conventional DTW, especially in complex, time-structured
applications like video retrieval where the objective is to
maximize the accuracy of the matching results. This allows
us to determine the degree of similarity between the two
videos, and effectively rank the candidate videos based on
their relevance to the query video.

We evaluate the proposed method on several publicly avail-
able datasets, including CC_WEB_VIDEO, Youtube-8m,
S3DIS, and Synthia, and show good results in comparison
to state-of-the-art.

1.1. Contributions

We present a cutting-edge approach to video information re-
trieval by introducing a bi-directional dynamic time-warping
method for determining the similarity between video in-
quiries. This innovative technique effectively tackles the
temporal dimension of videos, resulting in improved accu-
racy and efficiency of the retrieval process.

Furthermore, this research encompasses the handling of 3D
video inquiry, introducing both a novel 3D network archi-
tecture that expands upon 2D video information retrieval
models and a method to incorporate 3D video data as an ad-
ditional depth layer. This comprehensive framework offers
a more robust solution for retrieving 3D video data.

We also introduce a sample retraining method that effec-
tively addresses the challenge of handling difficult video
pairs during the training phase. This method increases the
number of previously under-studied data points, ultimately
leading to improved performance and accuracy.

The proposed method in this paper demonstrates a remark-
able advancement in video information retrieval, offering
the potential to significantly enhance video search and re-
trieval systems across a wide range of applications. Our
findings make video search more accessible and valuable to

a broad range of users.

2. Related Works

The field of video information retrieval has been the subject
of extensive research in recent years, due to the growing de-
mand for effective and efficient methods for searching and
retrieving video content. A wide range of techniques and
approaches have been proposed to address the challenges as-
sociated with video retrieval, including traditional methods
based on feature extraction and machine learning, as well
as more recent deep learning-based methods. The literature
in this area is vast, encompassing a wide range of topics,
including the representation and encoding of video data,
the development of effective similarity measures, and the
handling of temporal and 3D information in video data. In
this literature review, we provide an overview of the current
state-of-the-art in video information retrieval, highlighting
key contributions and developments in the field, and point-
ing to similarities and differences with our work.

The foundation of seq2seq models is simple neural network
encoder and decoder recurrent models, such as LSTMs (Sri-
vastava et al., 2015) and GRUs (Cho et al., 2014). Studies
on the hierarchy for these encoders show that the better
encoder networks in the model should lead to better results
(Zhang et al., 2016). The proposed model builds upon this
foundation, further advancing the encoder networks to en-
hance the overall performance. Consequently, in this work,
we improve the state-of-the-art in this area by developing a
deep convolutional and recurrent model using recent devel-
opments in the related areas.

Transformer architecture has been increasingly popular
in recent years. It was applied to understand video data
and perform video retrieval. The transformer, initially pro-
posed for language understanding tasks, is a powerful ar-
chitecture capable of capturing long-range dependencies
and handling sequential data. One of the key features of
the transformer is the self-attention mechanism, which al-
lows the model to weigh the importance of different parts
of the input data when making predictions. Several stud-
ies have applied transformer-based architectures to video
understanding tasks such as action recognition, video cap-
tioning, and video retrieval. For example, (Girdhar et al.,
2019) proposes a transformer-based architecture for video
action recognition. Similarly, (Im & Choi, 2022) propose
a transformer-based model for video captioning. The trans-
former has proven to be particularly useful in video under-
standing tasks, where the model needs to understand the
relationships between different frames in a video. Our pro-
posed method builds on the strengths of the transformer and
further improves upon it by utilizing bi-directional dynamic
time-warping to enhance the accuracy of video retrieval.
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Video Retrieval. There is a variety of retrieval tasks and
definitions in the multimedia community concerning the
video retrieval problem. These vary with respect to the
degree of similarity that determines whether a pair of videos
are considered related and range from Near-Duplicate Video
Retrieval (NDVR) with a very narrow scope where only
almost identical videos are considered positive pairs (Wu
etal., 2007), to very broad where videos from the same event
(Revaud et al., 2013) in Event Video Retrieval (EVR) or
with the same semantics (Basharat et al., 2008) are labeled
as related. In the copy detection problem, given a query
video, only videos containing nearly identical copies of it
should be retrieved. Similar videos from the same incident
should be considered irrelevant in such a scenario. On the
other hand, problems such as news-oriented retrieval have
radically different needs. Deep learning methods have been
applied to certain applications such as face video retrieval
(Choi & Kil, 2021) or as a general method (Kordopatis-Zilos
et al., 2017). As an extension to the 3D case, (Deng et al.,
2022) have proposed a pipeline to handle the 3D video data
for retrieval purposes. However, there does not seem to
be a strong consensus among researchers about the cases
where the videos are all unlabeled, and the task is to retrieve
videos sharing scenarios and semantic meanings. While
there are a variety of retrieval tasks and definitions in the
multimedia community, the proposed approach is a unified
framework that can handle both 2D and 3D cases, therefore
we focus on maximizing accuracy in video retrieval tasks
where the temporal structure of the data is complex and
multidimensional.

Convolutional Neural Networks (CNN’s). CNNs (Karpa-
thy et al., 2014) have been successfully applied to many
tasks related to similarity video search (Zou et al., 2012;
Bazzani et al., 2011; Mobabhi et al., 2009). Unlike Deep
Neural Networks, CNNs effectively exploit the structural
locality in the spectral feature space. CNNs use filters with
shared weights and pooling to give the model better spectral
and temporal invariance properties. It typically generates
more stable features compared to DNNs. The recent deep
CNNs also show their superiority in image-related tasks
compared to previous CNNs. Deep CNNSs have been used
for many tasks relating to video, such as predicting the next
frame (Palm, 2012), learning invariant features from video
(Chen et al., 2010; Srivastava et al., 2015) or video classi-
fication (Karpathy et al., 2014). Many training and mod-
eling tricks, such as Residual Network (Kim et al., 2017),
have been developed to enable training for such deep net-
works. While CNN’s (Karpathy et al., 2014) have been
applied to many tasks related to similarity video search, the
proposed model takes advantage of bi-directional dynamic
time-warping and recurrent neural network to better capture
the temproal nature of the videos and improve the retrieval
process.

Traditional Image Retrieval has been extensively explored
as query by example or near-duplicate detection with high
potential for the medical community (Rui et al., 1999; Riten-
dra et al., 2008). In literature, many research publications
in image retrieval are based on non-deep learning meth-
ods. A competition for image-based retrieval was organized
between 2004 and 2013. This case differs from the one
addressed in this work because they were defined with 1-7
sample images accompanied by text. In the 2013 edition
(Garcia Seco De Herrera et al., 2014), the best textual run by
(Herrera et al., 2015) achieved the same performance as the
best technique using both textual and visual features. As in
previous years, visual-only approaches achieved much lower
performance than textual and multimodal techniques. The
best visual-based solution (Ozturkmenoglu et al., 2013) is
based on the Color and Edge Directivity Descriptor (CEDD),
a fuzzy color and texture histogram, and a Color Layout
Descriptor. Content-based image retrieval in the medical
domain has been addressed from low-level wavelet-based
visual signatures (Quellec et al., 2010) to high-level con-
cept detectors (Rahman et al., 2011). (Kalpathy-Cramer &
Hersh, 2010) exploit using visual features to generate auto-
matic text descriptors with computer vision algorithms and
use these labels to support text-based queries. In contrast to
most works above, we address the problem of video retrieval
instead of still images. This venue has been previously ex-
plored in the literature. Moreover, (Quellec et al., 2011)
presents a framework to retrieve short videos in real-time
by modeling the motion content with a polynomial model.
However, these methods are designed explicitly with spe-
cific domain knowledge. The proposed model extends these
techniques to the video retrieval problem and further en-
hances them with bi-directional dynamic time-warping.

Auto-encoder has a long history of pre-training artificial
neural networks (Ballard, 1987) and is widely used in recent
models (Yoshua et al., 2009). Although this concept is rarely
used by other deep learning models in this area, we found
it to be fundamentally important for our semi-supervised
learning purpose. In the proposed approach, we leverage
this concept for semi-supervised learning in video retrieval
tasks.

Representation Learning. Much of computer vision is
about learning the representation, such as learning high-
level image classification (Russakovsky et al., 2015), object
relationships (Meister et al., 2018), or point-wise correspon-
dences (Bansal et al., 2018; Kanazawa et al., 2016; Ce et al.,
2010). However, there has been relatively little work on
learning representation for aligning the content of differ-
ent videos. In this work, we identify similar videos in the
dataset, which is essentially aligning the content of two
videos in a self-supervised manner, and do the automatic
alignment of the visual data without any additional supervi-
sion. Although much of computer vision involves learning
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representation, we extend this notion to align the content 08.1. 2D Seqg2seq Autoencoder
different videos in a self-supervised manner, thanks to th

proposed bi-directional dynamic time-warping method. This paper proposes a 2D sequence-to-sequence autoen-

coder for similar video retrieval. We rst de ne several
ConvLSTM. (Shi et al., 2015) introduce convolutional basic neural network modules as blocks to simplify the
LSTM (ConvLSTM) as an extension to the original LSTM, explanations. Block R, shown in Figure 2a, consists of a
where the inner product is replaced by convolution operatiorconvolutional long short-term memory (ConvLSTM) layer

in both input-to-state and state-to-state transitions. Convlwith a residual connection and a LeakyRelLU activation
STM effectively maintains the structural representations infunction. The LRBP block, de ned in 2b, connects a block
the output and cell state. It has been shown to be a bett@ with a pooling layer and a batch normalization layer. The
tool than a fully connected LSTM layer for maintaining encoder uses this block to compress the input into a lower
structural locality and more prone to over tting. Besides,dimension. The URB block, de ned in 2c, connects an up-
it reduces the number of parameters within the layer andampling layer with block R and a batch normalization layer.
enables potential more computations for better generalizghe decoder uses this block to restore the embedding to a
tion. The ConvLSTM introduced by (Shi et al., 2015) hashigher dimension. There is no residual connection between
been a substantial tool in maintaining structural locality andthe layers of the encoder and decoder, which ensures the
preventing over tting. However, in the research, we utilize embedding vector after the encoder is a representation of the
the bi-directional dynamic time-warping approach, offeringinput video. To improve the generalization of the proposed
a more comprehensive temporal match and enhancing thodel and enhance training speed, we include a residual
video retrieval accuracy. connection within each block of LRBP and URB.

In addition to the URB block, we propose two other types

3. Model of blocks to support the decoder: the UQB block and the
. . . : : TB block. These blocks are used to handle the extra
This paper unveils a different deep learning model talloreG(LjJimensionaIity in the 3D case. The UQB block replaces

for both 2D and 3D similar video retrieval, marking advance-

ments in the eld. Our model is founded on a customized auEhe ConvLSTM layer in the URB block with a Quasi 4D

toencoder structure, uniquely incorporating Convolutionallc'\'l\lNr \I/aiﬁg t?ng tfh?mu-lr_? bl(?Ck replaces the ConvLSTM
LSTM (ConvLSTM), residual connections, and transformer aye anstormer fayer.

blocks to form an ef cient 2D sequence-to-sequence autoen-

coder.

Within the presented architecture for 2D video retrieval, it
is imperative to discern between the established methodolo-
gies and novel introductions that are part of our research
contribution. Starting off, Block R, which utilizes the Con-
VLSTM layer, is a traditional approach and is not new. In
contrast, we are the rst one to propose the LRBP block.
The rationale behind adopting a bi-directional version of
the ConvLSTM in the LRBP block is to adeptly capture
the temporal dynamics in video data, especially those that
might possess a reversible nature. Our empirical ndings
corroborate that the LRBP block manifests a superior perfor-
mance relative to its non bi-directional counterpart, which
is epitomized by the URB block. While the URB and UQB
blocks remain a typical technigque in employing ConvL-
STM for video data, we introduce the amalgamation of the
Quasi 4D CNN within an autoencoder structure through the
UQB block. This innovation holds promising potential in (d) Block UQB () Block UTB

transforming how visual temporal structures are perceived.

Meanwhile, the UTB block, which leverages the transformerFigure 2.These gures show the model components for the 2D

for embedding processing, does not offer a fresh perspegases. (a) Shows the structure of block R. It contains a residual
tive within our framework \'Ne are the rst to combine the connected ConvLSTM layer and LeakyReLU activation function.
blocks LRBP and UQB in.this form (b) Shows the structure of block LRBP. (c) Shows the structure of

block URB. (d) Shows the structure of block UQB. (e) Shows the
structure of block UTB.

() Block R (b) Block LRBP (c) Block URB
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(a) The encoder

(b) The decoder

We trained the autoencoder to recover the original video
and used the following loss function during training. In the
autoencoder architecture, we have used a combination of
the LRBP block in the encoder and the URB block in the
decoder, as shown in Figure 3. Moreover, Figure 4 illustrates
the comprehensive function of the proposed autoencoder
architecture

Lautoencoder L (Vi ht (fq (V) (1)

wherev is an input video,fq () is the encoderty () is

the decoder antl ( ;) represents a loss function. Hence
ht (fq(v)) is the recovered video generated by the autoen-
coder.

In our 2D video retrieval architecture, the LRBP and UQB
blocks stand out as our primary contributions. The LRBP
block employs an advanced bi-directional ConvLSTM,
adeptly capturing intricate video dynamics. In contrast,

Figure 3.(a) Shows the encoder architecture. (b) Shows the dethe UQB block, incorporating its Quasi 4D CNN, brings
coder architecture. The input video has three frames and thgyrward a unique representation technique. This UQB in-

representation has three vectors.

novation is not limited to 2D but will be expanded upon in
3D contexts. Collectively, these innovations signi cantly
enhance video embedding, optimizing the retrieval process.

3.2. 3D Seq2seq Autoencoder

We also propose a 3D sequence-to-sequence autoencoder,
an extension of the 2D sequence-to-sequence autoencoder
model, which can be trained unsupervised for pretraining
and ne-tuning with a supervised dataset. We are going to
de ne three different variants for the proposed 3D model,
namely M1-3D, M2-3D, and M3-3D.

In Table 1, we describe the 2D and 3D architectural differ-
ences among the six proposed 2D and 3D models. This
block-based framework allows exibility in the architecture
and enables us to experiment with different combinations
of blocks to achieve the best performance for similar video
retrieval. The major difference between these models is: M1
is the 2D baseline model, M2 adds a Quasi 4D CNN layer
in the decoder, M3 adds a transformer unit in the decoder;
M1-3D is the 3D baseline model using a 3D ConvLSTM
cell in the autoencoder's encoder and decoder parts. This
allows the model to effectively extract the important features

Figure 4.lllustrates how the encoder and decoder work togetheffOM the 3D video data and convert them into a compact

as an autoencoder, using LRBP and URB blocks as examplednd informative embedding for similar video retrieval. The
The number of LRBP and URB blocks can be adjusted for bettesecond variant, M2-3D, replaces the 3D ConvLSTM cell

performance.

with a Quasi 4D CNN layer for handling the 3D video re-
construction. The last variant, M3-3D, uses a transformer
unit in the decoder.

For the 3D models, a series of unique building blocks are
employed: L3RBP, R3BP, and U4DB. The L3RBP is our sig-
nature contribution, introducing a bi-directional connection
to the 3D ConvLSTM. This innovative structure is tailored
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demonstrate robustness in handling higher-dimensional data.
M2-3D substitutes the 3D ConvLSTM cell with a Quasi 4D
CNN layer, introducing a novel way to manage 3D video
reconstruction. The M3-3D model introduces a transformer
unit in the decoder, a signi cant leap that helps model long-
range temporal dependencies, offering superior performance
in similarity retrieval tasks.

Conclusively, these enhancements furnish our 3D models
with the capability to set pioneering standards for similar

i video retrieval. Their robust architecture and performance
Figure 5.These gures show the model components for the 3Dn0t only outshine the 2D models but also rmly position

cases. (a) Shows the structure of block L3RBP. (b) Shows th o
structure of block R3BP. (c) Shows the structure of block U4DB. ?E?rrreegggzrgrefmm’ rivaling other contemporary methods

(a) Block L3RBP  (b) Block R3BP  (c) Block U4DB

Table 1.The blocks used in the encoder and decoder of all testeq]_ Algorithm
models )

This section presents the problem setting of our video em-

MODELNO.  2D/3D  ENCODER  DECODER  DIfrf bedding learning problem. We de ne a distance metric for
WL °D _ 3LRBP _ 3URP 2D BSELINE video embeddings that a triplet loss can train. \We then pro-
M2 2D 3LRBP  3UQP + @AsI 4D CNN pose the bi-directional dynamic time warping algorithm to
M3 2D 3LRBP 3UTP * RANSFORMER _ convert the embedding into a distance metric.

M1-3D 3D 3 L3RBP 3 R3BP 3D BSELINE

M2-3D 3D 3 L3RBP 3 U4DB + @AsI 4D CNN

M3-3D 3D 3L3RBP  3UTP + RANSFORMER 4.1. Problem Setting

We begin with addressing the problem of learning a pair-
exp||c|t|y for video inquiry, and it stands as a natural 3D wise Slmllarlty function for similar video retrieval from the
progression of the LRBP block that we pioneered for 2D scetelative information of pair/triplet-wise video relations. For
narios within this paper. On the other hand, the R3BP blocl@ given query video and a set of candidate videos, the goal
harnesses the 3D ConvLSTM layer in a manner that aligné to compute the similarity between the query and every
more with conventional techniques of video data processingandidate video and use it for ranking the entire set of candi-
The U4DB block, conceptualized as the 3D iteration of thedates in the hope that similar videos are retrieved at the top
UQB block, primarily hinges on the 4D CNN layer. While ranks. To formulate this process, we de ne the similarity
the underpinning 4D CNN mechanism has been explore@€tween two arbitrary video clipgand p as the squared
by others in the realm of video data, our approach offerg=uclidean distance in the video embedding space.

a unigue blend that synergizes seamlessly with our overar-
ching model architecture. We are the rst to combine the

block L3RBP in such a form. D(fq(Q); fq(p)) = kfq(@) fq(P)K3 2)

In the realm of 3D video retrieval, the new models intro-

duce innovative adaptations that advance the eld in twowherefq( ) is the embedding function that maps a video to a
signi cant ways. Firstly, compared to 2D models, the 3D point in a Euclidean space, andare the system parameters.
models harness the added depth dimension of videos t&dditionally, we de ne a pairwise indicator functidr ; ),
provide richer and more accurate representations of thespecifying whether a pair of videos is near-duplicated. For-
content. This is achieved via a novel incorporation of 3Dmally, I(q; p) = 1if g; p are NDVs (near-duplicate videos)
Convolutional LSTM cells, 3D CNN and Quasi 4D CNN and 0 otherwise.

layers into the autoencoder's encoder and decoder structu
The adaptation captures temporal correlations across fram
more ef ciently, leading to a more informative embedding
for video similarity retrieval.

The proposed model's objective is to learn an embedding
&S cii . i L :
unction fq () that assigns smaller distances to similar video
pairs compared to non-similar ones. Given a video with
feature vectow, a similar video withv+ and a dissimilar
The second innovation is a distinct approach in dealing withvideo withv , the embedding functiofy () should map
the challenges posed by other state-of-the-art 3D video reideo representations to a common spBtewhered is the
trieval methods. While many existing techniques struggledimension of the feature embedding, in which the distance
to maintain performance with increasing video dimensionbetween query and positivev+ is always smaller than the
ality, the proposed models, especially M2-3D and M3-3Ddistance between the quenand negativer :
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Algorithm 1 Training process for proposed model
D(fq(v); fq (v)) < D( fq(v); fq(v )); 3) Input: Training datd viji 2 Xg
1: Pre-train the autoencoder large video dataset from
scratch with autoencoder loss (1) owji 2 Xg.
2: Train the autoencoder with triplet-loss (5) on the train-
ing setf (vi;Vi";v; )ji 2 Xcg, wherev; andv;” are from
We use triplet loss to train the model and learn the above the same classes amd is from a different class. Here
distance mapping function as a neural network. We de ne  Xc is @ multiset with respect . N
a collection ofN training instances in the form of triplets  3: Compute the similarity measure (2) for the training set.
T=f(vi;Vv' ;v );i = 1;::;Ng wherevi; i ; v, are feature For each sample2 X;, nd the top 20% training sam-
vectors of a video, a similar positive video clip, and a nega-  Ples with highestq(vi;v ;v; ) values. Let us denote
tive video clip. A triplet expresses a relative similarity order ~ these challenging samplesfa(_yi;v? Vi )i 2 Xeg. _
among the three videos. We de ne the following hinge loss 4: Fine tune the autoencoder with triplet-loss (5) and train

wherel(v;v")= 1andi(v,v )= 0forallv,v* andv .

4.2. Triplet Loss

function for a given triplet: with 50% of samples from the challenging sample sets
Xc and 50% of samples from the general training sets
Xe=Xe.
|—q(Vi§ViJr V)=

max 0;D(fq(wi); fq(v))  D(fq(vi); fa(v )+ tg (4) 4.3, Training Scheme

wheret is a margin parameter to ensure a suf ciently large The proposed retrieval method assumes that an embedding
difference between the positive and negative distances. Thiom different domains is distant from each other in the
margin parameter also affects how the model is penalize@mbedded space. Figure 7 shows how the trained encoder
if there is a violation for the desired triplet distance prop-can map queries to embeddings from different content into
erty. Finally, we use batch gradient descent to optimize théeparate neighborhoods in a T-SNE plot.

objective function described as triplet loss We assume we have a training set of vidéasi 2 Xg to-

gether with object classi cation already performed on a
N . ) subseX; X. To this end, eachviji 2 X.g has the corre-
ming Lq(Vi;Vi 5V )+ | kaks (5)  sponding class.
i=1
As described in Algorithm 1, we use a four-step train-

wherel is a regularization parameter to prevent over- tting ing scheme to optimize the performance of the proposed
of the model, andN is the total size of a triplet mini-batch. autoencoder-based video retrieval model. In step 2, a single
This triplet loss is also visualized in Figure 6. Minimizing samplei 2 X; can yield multiple triplets and thus the need
this loss should narrow the query-positive distance whilgfor Xc. Step 4 intentionally increases the sample number of
widening the query-negative distance, and thus lead to Hnder-studied data to encourage the model to learn better on
representation satisfying the desirable ranking order. Wittihe dif cult part of the dataset. The output of the algorithm
an appropriate triplet generation strategy in place, the modés the semi-supervised trained encoder.

should eventually learn a video representation that improves

the effectiveness of the relevant video retrieval solution.  4.4. Video Similarity Search

Note that each video is represented as a sequence of frames
or clips. We denote a video as and each frame ag,
wherei 2 M andM is the number of frames in the video.
Alternatively, we can represent a video as a sequence of
clips, denoted ag;, wherei 2 Ny andNy = b%c. The clips

can be formed in two ways: disjoint consecutive frames or
overlapping consecutive frames.

We then compute an embedded representation vedtor,
for each clip of videor by mapping it to a vector using the
encoder. We use a dynamic time-warping (DTW) method
Figure 6.lllustration of a triplet loss in the proposed framework. to measure similarity between two videos. This method
is commonly used in time series analysis to measure the
similarity between two temporal sequences. The DTW dis-
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5. Numerical Experiments

In this section, we present experimental results, which
demonstrate the effectiveness of the proposed method in
terms of retrieval accuracy and computational ef ciency
when compared to the state-of-the-art methods.

5.1. Datasets

We have conducted numerical experiments on four different
public datasets to evaluate the performance of the proposed
model.

The four datasets used in the experiments are CCWebVideo,
YouTube-8M-sub, s3DIS and Synthia-SF. The CCWebVideo
dataset includes 12,790 videos and 27% near-duplicates.
The YouTube-8M dataset is a large-scale video dataset
which includes more than 7 million videos with 4,716
classes. The YouTube-8m-sub dataset we use is a random
Figure 7.T-SNE plot that shows the trained encoder from modelgypset of YouTube-8m with around 100 videos from each
M3 maps embeddings of 6 random classes fromWEB.VIDEO  (|ass of YouTube-8m datasets. The Stanford 3D Indoor
dataset into separate neighborhoods. Scene (S3DIS) dataset contains 6 large-scale indoor areas
with 271 rooms. Each point in the scene point cloud is
annotated with one of the 13 semantic classes. The Synthia
dataset is a synthetic dataset that consists of 9,400 multi-
) ) ] . viewpoint photo-realistic frames rendered from a virtual
tance between video clipg andv, is solved as a dynamic i and comes with pixel-level semantic annotations for 13
programming problem, with the core state transfer formulgg|asses. Synthia-SF is a subset of Synthia that only covers
being San Francisco. Table 2 summarizes the number of samples
in each dataset. For the 3D datasets, we concatenate the
depth information as an additional input dimension to the
proposed 3D video auto-encoder.
Di;j = kVIl V12k§+ min(D; 1;j;Di;j 1;Dj 1j 1) (6)

Table 2.Descriptions for all four datasets.

In order to provide a comprehensive solution to the video 5 : No.oF  No.oF AVG.
embedding matching problem, we expand on the traditional """ YR CLASSES  VIDROS N
dynamic time warping (DTW) algorithm by proposing COWEBVIDED b o 33 Py

the bi-directional dynamic time warping (Bi-DTW) YouTuge-8M-sue 2D 1000 100 3008
algorithm. Bi-DTW is distinguished by its ability to execute oIS e 3 O
matching from both forward and backward directions,

leading to an enhancement in the accuracy of the video

retrieval system. The Bi-DTW algorithm computes 5.2. Implementation

both DTW(vy;v2) and DTW(reversgvl); reversév2))
where revers¢v) is the sequence of clips in the re-
verse order. The output of Bi-DTW algorithm is
min(DTW(v1;v2); DTW(reversévl); reversév?))).

We implemented the model using the Tensor ow 1.15 frame-
work, and trained it on NVIDIA 3070 GPUs or equivalents.
The model was trained with minibatch sizes of 32 and 8
Hence, Bi-DTW, with its dual-directional operation, not _cllps for the 2D and 3D datasets respectively, using 4 GPUs
in parallel. We employed the softmax loss function for

only enables us to determine the degree of similarity, . o
: : the auto-encoder and applied L2 regularization of penalty
between two videos more effectively, but also enhances

. : . . _Tatio of 0.001 to the model's trainable parameters. These
the ranking process of candidate videos. By comparin C . T
- rameters were initialized using Xavier initialization.
relevance from both the original and reverse sequences

the query video, it ensures a more comprehensive matchinghe model was optimized using stochastic gradient descent
thereby providing a superior and more versatile solution foSGD) with an initial learning rate of 0.001 which decayed
the video retrieval task. by 10 times every 10 epochs. Training ran for 50 epochs
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with early stopping after 5 epochs of no improvement. L2For the 3D video retrieval experiments, we use an autoen-
regularization of 0.001 and momentum of 0.9 were used. coder as the benchmark model, with 3D CNN layers as

. .__..the encoder and decoder. This 3D autoencoder is a deep
For the seq2seq auto-encoder, sequence-wise normalization~ ™. . )

X ; : I earning-based model that effectively extracts important fea-
was applied across multiple video sequences within eac

o . .. tures from the 3D video data and converts it into a compact
mini-batch. We computed the mean and variance statistics_ = . : e . .
. IR and informative embedding for similar video retrieval. The
across all timesteps within this mini-batch for each output . : R
o . architecture of this 3D autoencoder is similar to the pro-
channel. Activation functions are ReLU. . T .
posed 3D models, with the main difference being the use
For the encoder, it contains 3 LRBP layers and a dense layaf 3D CNN layers as opposed to the 3D ConvLSTM cell,
Each LRBP block took an input tensor of size 256x256x3Quasi 4D CNN layer, or transformer unit used in the pro-
The BidirectionalConvLSTM layer employed a 3x3 kernel,posed models.
a stride of 1, and had 64 hidden states. The subsequent
ResConvLSTM used the same kernel size, padding, ang.4. Evaluation Metrics

stride but contained 32 hidden states. The output tensor af- ) o
ter the residual connection was of size 256x256x96, whicH ©F €valuation, we use Mean Average Precision (MAP) to

was then reduced to 128x128x16 after pooling. The outl€asure the quality of the' retrieva! rgsglts. Meqsure mAP is
put tensor was further reduced to 32x32x16 after the third* commonly used evaluation _m_etnc in mformaﬂon retrieval.
LRBP block. This tensor was mapped to a 4000-entry eml cz_ilculates the average precision _of the retrieved results for
bedding vector by a dense layer. In the Quasi 4D CNN, wed given query and is based on a binary relevance scale of 0
used a 3x3x3 kernel. The transformer was applied to th&0n-relevant) or 1 (relevant).

embedding vectors, and consisted of 5 self-attention layershe mean average precision we used is de ned as in (Wu
each with 3 attention heads. The transformer's hidden size 1 i

[ = —gh —
was 512, and its intermediate size was 2048. et al., 2007) and is formally stated awAP= n&i=op

. . wheren is the number of relevant videos to the query \I/ideo,
For the URB decoder, it contains three URB layers. The

) andr; is the rank of theth retrieved relevant video.
embedding vector was rst transformed by a dense layer to

32x32x16 before entering the rst URB block. Each URB In order to evaluate the effectiveness of the proposed video
block's ResConvLSTM utilized a 3x3 kernel, a stride of 1, retrieval methods, we carefully constructed a test set by
and had 32 hidden states. The nal ConvLSTM layer inrandomly cropping the original training videos and con-
the decoder had 3 Iters, producing an output tensor of sizecatenating the new clips. The test queries were formed
256x256x3. by randomly selecting a set of frames from a video in the

. _— , training set, with the original video serving as the query's
The raw videos varied in length and resolution. We normal- g g 9 query

. . . _ round truth. To ensure that the test queries differed from
ized them to 30 FPS, resized to 256 height keeping aspe%e database records, we designed the test set generation pro-

ratio, cropped the ceqter 256x256 region to get square RG%.ess to include consecutive frames and gaps between frames
fra’.“es’ and standardged the va!ues o have_ 0 mean and Ui the queries. This method of test set generation allows
varlance across f”‘” videos. This standardized the da}ta s to simulate real-world scenarios where the input query
ter_ms of frame Size, rate, and value ranges to Ef-fec'"\'e'\(nay be similar but not identical to the database records.
train deep learning models on the dataset. The evaluation criteria include successful retrieval by clip

and class, with the latter being a more stringent measure of
5.3. Benchmarks performance.

For the 2D video retrieval experiments, we compare the
proposed models with a non-deep learning-based base-5. Process

line method, which uses Scale Invariant Feat“Te Tra_nsfraining contains four steps, as described in Algorithm

form (SIFT) to e>§tre_10t _features from each fr_ame In a C“pl, which optimizes an autoencoder-based video retrieval
and measures similarity between query chp_s. ke Candlﬁodel‘s performance. This schema includes pre-training
date clips using a bag of words method. Additionally, Weihe autoencoder on a large video dataset, training with a
also compare the proposed models to.the St""te'of'the'atrr]iplet—loss on a multiset derived from the training set, com-

deep learning-based benchmark algorithm, I\lDVR'DN”‘puting the similarity measure, and nally, ne-tuning with a

(_Kordopatis-ZiIos etal., 2017), which L_Jtilizes a ConVOIU'second round of triplet-loss training on a mix of challenging
tional Neural Network and a Deep Metric Learning (DML) and general training sets

framework to generate discriminative global video represen-
tations and approximates an embedding function for acclFor inference, the dataset is split 70/15/15 into train, vali-
rate distance calculation between near-duplicate videos. dation and test sets. Model ef cacy is evaluated under two
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scenarios: by class and by clip. For class-level evaluatiorally similar despite different semantic classes. This implies
validation clips are encoded into embeddings and comparethe encoder failed to suf ciently differentiate some inter-
against train embeddings. If retrieved training videos matcltlass nuances. Introducing the bidirectional dynamic time
the class of the query, precision is 1. For clip-level, preciwarping (Bi-DTW) method signi cantly boosted retrieval
sion is 1 only if the matched video contains the exact queryaccuracy for certain classes. Animation clips improved from
clip. This matching process is repeated for all validation se©2% to 98% class-level mAP, owing to Bi-DTW better han-
videos and compared to the training set to compute metricdling symmetric motions of characters, as exempli ed in
like mean average precision. Fig 10.

Overall, the analysis indicates room for improvement in
6. Results handling inter-class visual similarities. Bi-DTW conferred
notable gains for select classes by leveraging bidirectional

In this section, we delve into the experimental results of Ourtemporal matching. Eurther inspection of embedding projec-

proposed models applleo_l to 2D gnd 3D datasets, companng,ns and retrieval results could provide additional insight
their performances against various benchmarks. We use L ) .
! - rto model limitations. Targeted sampling and training tech-
the metric of mean Average Precision to assess the model'r% ues may help differentiate challenging inter-class pairs
effectiveness in video clip retrieval both by clip and class. q y help ging pairs.
Furthermore, a series of ablation studies help us understand
the impact of different training techniques, loss functions,
and the dynamic time warping method on the performance

of our proposed models.
prop Figure 8.Clip of Comedy class from CCWebVideo that is matched

to Music class.
6.1. Results for 2D Datasets

We report the numerical results as mAP for the 2D datasets
in Table 3. It shows that the proposed model has superior
performance on the 2D datasets regarding the video clip

. . Figure 9.Typical clip from CCWebVideo Music class.
retrieval accuracy by clip and by class. g P P

Table 3.mAP results for 2D datasets

MODEL CCWEBVIDEO YOUTUBE-8M-SUB Figure 10 Example clip of Animation class from CCWebVideo.
BY CLASS BY CLIP BY CLASS BY CLIP

SIFT 58.8% 64.7% 27.9% 38.9% 6.2. Results for 3D Datasets

NDVR-DML 84.4% 91.7%  64.8% 75.2%

M1 79.6% 85.3% 62.3% 71.8%

M2 81.7%  90.4%  854%  74.9% We report the numerical results as mAP for the 3D datasets
M3 85.2%  92.1%  64.8%  76.8% in Table 4. It shows that the proposed model has supe-
rior performance on both 3D datasets about the video clip
ietrieval accuracy by clip and class.

From Table 3, it can be seen that the proposed models M
M2, and M3 all perform better than the non-deep learningAccording to Table 4, the performance of the proposed
based SIFT baseline model, with M3 achieving the highesmodels varies across the two datasets and the different levels
mean average precision across both datasets and both afaggregation. For example, on the S3DIS dataset, M1-3D
gregation methods. Additionally, the models outperformand M3 perform similarly well in class-level mAP, with
the deep learning-based NDVR-DML benchmark model61.4% and 61.1%, respectively, while M3 performs slightly
with M3 achieving comparable or better results on all metbetter in terms of clip-level mAP with 78.1%. On the other
rics. Overall, these results demonstrate the effectivenedsand, on the Synthia-SF dataset, M3 performs slightly better
of the proposed video retrieval models and their ability tothan the other proposed models in both class-level mAP and
achieve high levels of performance on various datasets anclip-level mAP.

evaluation metrics. The proposed models have not consistently outperformed

For the CCWebVideo dataset using model M3, 14.8% of valthe 3D autoencoder, except the model M3 is always better
idation samples failed class-level retrieval. Upon inspectionor on par with the baseline model. In addition, the table
around 32% of these failures retrieved videos of the wrongshows that the performance of the models is different when
class but with visual similarity. For example, Fig 8 showsevaluated by class level or clip level. Figure 11 shows
a comedy clip incorrectly matched to the music class. Aghe training loss when we train the model with the triplet
evident in Figure 9, comedy and music clips can appear visuess on the Synthia dataset. Based on these results, we






