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Abstract

Due to the continuous increase in copyright infringement cases of video content, the eco-
nomic losses of copyright owners continue to rise. To improve the efficiency of plagiarism
detection in video content, in this paper, we propose region-based video feature learning.
The first innovation of this paper lies in the combination of temporal positional encod-
ing and attention mechanisms to extract global features for weakly supervised model
training. Self- and cross-attention mechanisms are combined to enhance similar features
within and between videos by incorporating position coding to capture timing relation-
ships between video frames. Global classification description is embedded for capturing
global spatiotemporal information and combined with a weak supervised loss for model
training. The second innovation is the frame sequence similarity calculation, which is
composed of Chamfer similarity, coordinate attention mechanism, and residual connection,
to aggregate similarity scores between videos. Experimental results show that the pro-
posed method can achieve the mAP of 0.907 on the short video dataset from Douyin. The
proposed method outperforms frame-level and video-level features in achieving higher
detection accuracy, and further contributes to the improvement of video content plagiarism
detection performance.

Keywords: video similarity detection; feature extraction; video copyright protection;
deep learning

1. Introduction
Due to the large number of users on short video platforms and the massive daily

uploads of videos, conducting comprehensive reviews for each video has become extremely
difficult. This has led to many instances of copyright infringement going unnoticed during
the review process. As a result, research on video infringement detection has become
particularly important.

To avoid detection by plagiarism detection systems, plagiarists maliciously interfere
with the video content by modifying it. These changes potentially alter some attributes
of the work, posing challenges in detection and proof. However, similarities still exist
between the contents of the works. This provides feasibility for plagiarism detection.
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Traditional copyright protection techniques, such as digital watermarking, encryp-
tion, keyword matching, and image recognition, are not fully applicable to short video
content [1–7]. Although newer copyright verification technologies such as neural network-
based feature recognition, video fingerprinting, and blockchain have to some extent solved
the problem of watermark concealment, they still rely on content creators or users to
discover and report infringement in terms of copyright protection. Therefore, further
exploration and research are needed to improve the accuracy and robustness of detection
performance, in order to develop more comprehensive, formal, and effective technologies
and methods for making reasonable and objective judgments on the copyright of short
video works.

This study starts from the perspective of video content analysis, using deep learning
neural network models to extract key features to enhance recognition efficiency. By ana-
lyzing similarities between features, the proposed model compares the similarity between
videos, thereby making copyright determinations. This provides objective grounds for
identifying suspicious infringing works.

In this paper, we propose a method for extracting region-based features from videos
and employ a linear Transformer encoder to enhance learning ability. It combines temporal
positional encoding and attention mechanisms to extract global features for weakly su-
pervised model training. Subsequently, it uses a Convolutional Neural Network (CNN)
with coordinate attention mechanisms to aggregate feature similarity graphs. Features are
extracted from various intermediate layers of CNN to form frame-level regional feature rep-
resentations. Data augmentation is performed by randomly shuffling these representations,
simulating different variations in image content positions, to enhance model generalization
capability and performance.

A self-attention mechanism and a cross-attention mechanism are integrated into
a linear Transformer encoder. This consolidation helps handle dependencies in long
sequences. Positional encoding is employed to represent temporal information between
video frames. The approach emphasizes internal and mutual spatio-temporal relationships
among videos to enhance features. Global classification description vectors are embedded
to characterize global spatio-temporal information. These vectors are combined with
weakly supervised loss methods to supervise model training.

To match frame sequence similarity features, we employ the Chamfer similarity (CS)
calculation method. Additionally, we utilize grouped convolution with coordinate attention
mechanism and residual connections. The goal is to aggregate similarity scores between
videos. Utilizing label similarity loss information and triplet learning, we conduct end-to-
end training. This approach directly computes similarity values of input videos, evaluated
on standard benchmark datasets. Finally, we design a copyright detection method to
achieve plagiarism detection and validate its effectiveness through experiments.

The main contributions of this paper are summarized as follows: (1) Through data
augmentation and the fusion of Linear Transformer encoder, cross- and self-attention
mechanisms, the expression ability of video features has been enhanced, and the accuracy
of extracting similar content features has been improved. (2) By utilizing global spatio-
temporal information, the model training was effectively supervised and achieved detection
performance improvement. (3) By using Chamfer similarity calculation and aggregating
video similarity maps, more robust video similarity calculation results can be obtained.

2. Related Works
Video watermarking technology embeds secret information into the video content

to substantiate copyright ownership. The commonly used watermarking techniques are
transform domain-based methods, modifying coefficients in that domain to embed water-
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marks and subsequently generating watermarked videos through inverse transformation.
Deep learning-based watermarking techniques utilize CNNs such as StegaStamp model
proposed in [1]. These techniques capture camera distortions and model original trans-
formations like color changes, blurs, and perspective distortions. A two-stage separable
blind watermarking based on deep learning framework was proposed in [2] for enhancing
robustness against attacks. In [3], CNN-based watermarking was proposed by using ad-
versarial training to replace designated attack training. A CNN-based end-to-end residual
watermarking framework called RedMark was proposed in [4] to achieve real-time blind
watermark extraction. In [5], a stable video zero-watermarking method leveraged CNN
feature extraction capabilities. Three-dimensional CNN-based video watermarking was
proposed in [6] to exploit spatial and temporal correlations in videos. It employed multi-
scale embedding techniques across multiple spatio-temporal scales for end-to-end network
training. In [7], a video tracing solution based on Ethereum smart contract was proposed
to track the origin and history of even multiply replicated video content. However, these
technologies cannot detect plagiarized contents with some changes.

Content-based video fingerprinting technology transforms digital video content into
unique identifiers to achieve video content identification and recognition. With this technol-
ogy, we can achieve an effective video copyright protection and management. This method
covers the extraction of video feature fingerprints across multiple dimensions. These
features include color space features, temporal features, spatial features, spatio-temporal
features, and deep neural network features. The method additionally establishes a video
fingerprint database. By combining nearest neighbor search and re-ranking strategy for
feature matching, it calculates the similarity between fingerprints to generate detection
results. A compact representation method for videos based on sparse coding and CNNs
was proposed in [8]. This method utilized CNNs to extract deep features from video
frames and transformed them into fixed-length vectors through sparse coding. In [9], a
video fingerprinting method was proposed by combining CNN-based deep features with
manually designed visual features. Video frame sequences are encoded through parallel
and hierarchical processing. This process aims to extract binary video fingerprints. In [10],
spatial similarity, temporal similarity and local alignment information are combined for
detecting and locating partial video duplications. The similarity matrix of video frames can
be transmitted into CNN for training. It calculates corner-cutting similarity scores between
videos. This process aims to obtain temporal similarity of frame sequence matching.

With the advancement of deep neural network technology, deep features have demon-
strated superior performance over traditional handcrafted features. This superiority is
evident in various fields such as video feature extraction and similarity detection. This
advancement effectively promotes research progress in content-based video retrieval and
locating duplicated video segments, while also driving the development of technologies
for short video copyright protection. Video features can be classified into frame-level
and video-level categories: Frame-level features assess the similarity between frames or
construct similarity graphs to evaluate the similarity score of the entire video. Video-
level features aggregate multiple frame-level features into a single representation, such as
global vectors, content-related segments, hash codes and bag-of-words, used for similarity
measurement [11–14]. A self-supervised network that utilizes segment-level features and
hash codes to achieve efficient performance was proposed in [13]. Metric learning was
used to capture global feature similarity in [14]. In [15], a region-based content retrieval
method was proposed using maximum activation of convolutions (RMAC). This method
uses multiple regional features to represent video contents. In [16,17], a Chamfer similarity
computation was combined with CNN structures to capture spatio-temporal similarities
between videos. Subsequent work in this field involves knowledge distillation and self-
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supervised learning to train network models. In [18], supervised contrastive learning
and Transformer were proposed to aggregate contextual information. An object detection
task was employed to locate duplicate video segments within video-to-video similarity
graphs in [19]. It optimized evaluation metrics and used feature enhancement with flexible
supervision methods for end-to-end model training. Techniques such as dynamic pro-
gramming [20] and graph-based temporal network structures [21] have also been used to
optimize the matching of similar video segments. However, further research and optimiza-
tion are needed for robust feature extraction, model training optimization and similarity
computation methods. These efforts aim to advance copyright protection and strengthen
the protection of rights for original content creators.

3. The Proposed Video Feature Learning Method
3.1. Overview of the Proposed Framework

This section introduces the region-based feature similarity learning for video copyright
detection. First, the module for extracting regional features of videos is discussed. The
first module receives positive, negative, and anchor videos, and then obtains frame-level
features through CNN, pooling, PCA and normalization. Next, linear Transformer encoder
and temporal positional encoding are incorporated to better capture temporal information
in video content. Then, a global spatiotemporal feature extraction is proposed based on
self-attention and cross-attention. Finally, the design of similarity calculation and multiple
loss functions is discussed. Figure 1 depicts the overall framework diagram of the model.

 

Figure 1. The flowchart for training model (pink represents FA, blue represents FR, and green
represents global feature.).

First, the region feature extraction module plays a crucial role in extracting features
from various regions of a video. These features capture local information such as texture
and color. They are used to analyze video content at a fine-grained level. The feature
transformation module utilizes mechanisms of self-attention and cross-attention. Self-
attention dynamically assigns more weight to different regions to highlight important
features. Cross-attention captures correlations between different regions, thereby improving
the understanding of the overall structure and semantic information in a video. The global
features of an entire video are extracted to provide higher-level semantic information.
These features enable the model to effectively capture the overall content and style of the
video during training. Additionally, these global features serve as supervision to guide
network learning and optimization. In the region feature similarity calculation module,
CS calculation is employed to assess the similarity between different regions in the video,
aiding in precise comparison of video content and copyright detection. Finally, the loss
functions play a role in supervision and optimization. By providing positive and negative
sample pairs to the model, triplet loss and label supervision loss are introduced to constrain
the model to learn more discriminative and distinguishable feature representations and
enhance the generalization and robustness.
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3.2. Region Feature Extraction

The quality of image features in video frames directly impacts the accuracy of sim-
ilarity calculations. Typically, the feature maps extracted from the last layer are used to
represent the entire image feature. However, images often contain multiple objects or
scenes, with each region potentially having distinct features. This approach may lose
some local fine-grained information, resulting in features that are less specific and discrim-
inative. Additionally, the feature dimensions may become excessively large, containing
redundant information.

Regional features capture details and characteristics of different areas within an image,
and better distinguish between various objects, scenes, or styles. They include positional
information which is important for tasks requiring context representation [22]. Integrating
multi-scale features from different layers of a network model is crucial. Rather than relying
solely on the final layer’s feature map, this approach allows for the extraction of features
from different sizes, and achieves better fine-grained detection results.

To fully model the multi-scale regional feature content, we adopt the RMAC across
different layers. The approach involves applying max pooling operations with kernels of
varying sizes and strides to different feature channels across different convolutional layers.
This ensures that each convolutional layer obtains the same pooled result, specifically a
3 × 3 feature map size, to create regional features. The regional features are concatenated
along the channel dimension to form a frame feature representation.

Due to concatenating all feature maps of the model, the resulting feature becomes
high-dimensional. Neighboring dimensions may show minimal variation and contain a
significant amount of redundant information. Therefore, PCA-whitening [23] is applied
along each channel dimension. This method achieves a balance between preserving fine-
tuned spatial information and achieving low feature dimensions.

Compared to encoding the entire image into a single feature representation, calculating
similarity based on fine-grained feature vectors of region content can more accurately assess
the similarity between similar contents. However, since the extracted regional features
represent the content of different regions, in different positions of an image, there exists
temporal sequence information. That is, the same features in different orders may represent
different content of the image. A simple combination of the multi-head attention (MHA)
mechanism results in different attention heads focusing only on fixed temporal positions of
3 × 3 features, neglecting weights for other positions. To address this, data augmentation is
used during model training by randomly shuffling the order of region features within frame
images, as shown in Figure 2. This approach allows each attention head a chance to focus
on different region features. It improves the generalization ability, prevents overfitting, and
better adapts to various content variations and noise.

Figure 2. Schematic diagram of data augmentation.
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In Figure 2, frame images undergo feature extraction to generate a region feature map,
which is then arranged sequentially from left to right and top to bottom. β represents the
probability controlling the feature data augmentation. During the training, if the value
generated by a random probability seed is less than β, data augmentation is applied. This
shuffles the order of region feature vectors in each frame image, mapping each feature
vector to different attention heads for attention calculation. If the value is greater than or
equal to β, the original data order is maintained. This approach effectively increases the
diversity of training samples.

3.3. Linear Encoder Combined with Temporal Positional Encoding

Transformer encoder can be used to capture dependencies in video frame sequences.
However, the computational complexity for n input video frames is O

(
n2). Additionally,

training the model requires batching multiple videos, which increases computational and
storage demands. Linear optimization can be used to reduce the model complexity to O(n).
In [24], a linear computation variant of the dot-product attention layer was used to optimize
the Transformer’s computational complexity from O

(
n2) to O(n). This achieved good

performance in visual tasks such as image feature localization, validating the effectiveness
of linear optimization. Similarly, this paper adopts the linear optimization approach
with linear Transformer’s encoder structure. This structure models long-term temporal
dependencies in extracted video region features. The structure of linear Transformer
encoder and linear attention mechanism is shown in Figure 3.

 

Figure 3. The flowcharts of linear Transformer encoder (a) and linear attention mechanism (b).

Figure 3a represents the encoder structure, FA denotes frame-level features extracted
from anchor videos, and FR ∈

(
FP, FN)

refers to frame-level features from positive and
negative sample videos. The model first encodes positional and temporal information of
input features, then passes through MHA, layer normalization, and feed-forward network
layers. Figure 3b illustrates the linear attention mechanism used in the multi-head attention
layer. ∅(·) and R(·) denote the replacement functions and rotational positional encoding
methods. Specifically, ∅(·) = elu(·) + 1 in [24] and R(·) denotes rotary matrix in [22]. This
transformation enhances model training efficiency by focusing on complexity in terms of
feature dimensions.
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The input video is divided into three categories. Anchor refers to the target query
video. Positive is similar in content to the anchor video. Negative is completely different
from the anchor video. Anchor samples define the benchmark. Positive samples attract the
training model to make same-category samples closer in feature space. Negative samples
push the training model to make different-category samples more dispersed in feature space.
During model training, the similarity between anchor and positive pairs is maximized.
Simultaneously, the similarity between anchor and negative pairs is minimized.

The extracted video features undergo further feature reshaping, where a 2D feature
matrix of dimensions 9 × d is concatenated along the feature dimension to form a single
9 × d feature vector representing the feature vector of a frame, where d represents the
feature dimension of a frame, in this study, we set it to 512. This process yields the frame-
level feature representation. To embed positional information into the frame-level feature
vectors, positional encoding based on the sine and cosine functions is utilized.

To obtain a global feature vector representing the entire video, a learnable feature
is embedded at the beginning of each video’s frame-level feature sequence. When the
model converges, this value serves as the spatiotemporal global feature of the given video.
Specifically, the input features for attention calculation are as follows:

FA, P, N
input =

[
fA, P, N
0 , fA, P, N

1 , . . . , fA, P, N
n

]
+ ftemp (1)

The fA
n , fP

n and fN
n respectively serve as spatiotemporal global learnable feature rep-

resentations embedded for anchor, positive sample and negative sample videos, where
n indicates the number of frames. The ftemp = PE(f) is obtained by the sine and cosine
function PE as proposed in [25]. F ∈ (F A

input, FP
input, FN

input) simplifies the input video fea-
ture used for computing the attention mechanism. Next, learnable parameter matrices
WQ, WK, WV are used to transform the input video features F through three different
linear transformations into Query Q, Key K and Value V as follows:

Q = FTWQ

K = FTWK

V = FTWV
(2)

The self-attention layer focuses solely on dynamic changes within individual se-
quences of video frames, where the input variables Q, K and V are derived from the same
feature sequence. In contrast, for the cross-attention module, the K and V remain consistent
but differ from the Q. This module is used to learn the interdependencies or similarities
between different sequences of video features. Additionally, similar to the MHA in Trans-
former for parallel computation, this paper employs nine attention heads. These heads
redistribute concatenated features into nine distinct feature subspaces, corresponding to
extracted features from nine regions. This calculates feature weight relationships across
different regions.

When calculating the feature similarity between frames in a video, it is important to
consider the varying importance of features across different regions within a frame. This
study focuses on nine regions within each frame. To simulate the contribution of these
different regions to overall similarity, a weighted approach is adopted. A trainable fully
connected layer and a linear layer are employed to generate corresponding weight values.
These weights are used to adjust the significance of each region’s feature. This approach
effectively captures the similarity in content between different region features, thereby
more accurately assessing the similarity between frames.
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Global spatiotemporal features are subjected to ℓ2 normalization and a multi-layer percep-
tron classifier with a single hidden layer to obtain predicted overall video similarity pAR.

This paper adopts a serial stacking of self-attention and cross-attention layers once
each. In this mode, the self-attention layer first captures intra-frame similarities within
input videos. This is followed by cross-attention, which computes inter-frame features
across different videos.

3.4. Similarity Calculation and Loss Function Design

In this paper, the CS is used to compute frame-level similarity of videos and integrating
it with CNN models, and we effectively derive similarity scores between videos. This
approach efficiently utilizes region feature information to capture temporal similarity
patterns between matched frame sequences. For two given videos with frame feature
sequences represented as x = [x0, x1, . . . , xm−1]

T and y = [y0, y1, . . . , ym−1]
T , where

n, m correspond to the number of frames, and the similarity can be achieved as follows:

CS(x, y) =
1

nm

n−1

∑
i=0

m−1

∑
j=0

max
j∈[1,m]

xiyT
j (3)

It uses CS to compute the average similarity of each element in video sequence x
with the most similar item in video sequence y. We calculate similarity scores between
frames within videos and between different videos with region features. A Convolutional
Attention Neural Network (CANN), which incorporates coordinate attention (CA), is
employed to aggregate these similarity values, as illustrated in Figure 4.

Figure 4. Structure of similarity aggregation network.

Convolutional operations are performed on the similarity score maps between input
videos. To better capture both sharply peaked high values and smoothly varying continuous
values in the similarity maps, a group convolution [26] incorporating CA is used. This
technique is applied between the third and fourth layers of regular convolutions. This
approach reduces parameter sharing among convolution kernels and focuses more on the
range of receptive fields to enhance the robustness of similarity aggregation. Subsequently,
Switchable Normalization (SwNorm) [27] and the Htanh activation function are employed
with residual connections to optimize model training, facilitating improved modeling of
temporal video similarity.

Use L1 loss function to calculate the global loss value denoted as Lglob in Equation (4)
using the labeled values 1 and −1 for weakly supervised training with the global similarity



Electronics 2025, 14, 4011 9 of 17

score pAR ∈
(

pAP, pAN)
. The 1 and −1 are used to represent positive (P) and negative

(N) samples. Due to the response truncation range of the Htanh activation function, it
responds to changes within the input domain [−1, 1]. A constrained loss Llim is used to
aggregate and sum the inputs of the activation function Mxy

v . These inputs are aggregated
through the convolutional network. This process computes similar values that fall outside
the truncation range. The goal is to map the entire model’s calculation of video feature
similarity scores to within [−1, 1]. This aligns with the common cosine similarity calculation
method which outputs values within [−1, 1].

Lglob = L1(1 − pAP) + L1(( − 1)− pAN) (4)

Llim = ∑N/4
i=1 ∑M/4

j=1

∣∣max
{

0,Mxy
v (i, j)− 1

}∣∣
+
∣∣min

{
0,Mxy

v (i, j) + 1
}∣∣ (5)

For the input positive samples, negative samples and anchor videos, we employ a
triplet loss function Ltrp to compute the difference in similarity loss between the frame-level
features of positive sample pairs and negative sample pairs. Through model training, the
similarity G

(
FA, FP) of positive sample pairs is increased and the similarity G

(
FA, FN)

of
negative sample pairs is decreased, thereby minimizing the distance for videos with similar
content and increasing it for videos with dissimilar content. The parameter γ adjusts the
model for effective training.

Ltrp = max
{

0,G(FA, FP)− G(FA, FN)+γ)
}

(6)

Lreg = Smooth − L1

{
G(FA, FR),G label(FA, FR)

}
(7)

Triplet loss calculation requires effective construction of positive and negative sample
pairs for efficient model training. To optimize the network, higher similarity calculations
are assigned to positive video pairs and lower similarity to negative pairs. Pre-obtained
similarity values between videos serve as supervision labels G label(FA, FR), used for com-
puting region feature similarity loss information, represented as Lreg with FR ∈

(
FP, FN)

.

A Smooth − L1(x) =

{
0.5x2, i f |x| < 1

|x| − 0.5, otherwise
function is chosen as the loss function for stable

loss computation, ensuring smoother curves within [−1, 1] compared to the L1 loss function.
The total loss function is expressed as below, where r is a parameter controlling the impact
of similarity penalty loss on the total loss.

L = Lglob + Ltrp + Lreg + r ∗ Llim (8)

After the model converges, the parameters are saved for video copyright detection.
First, the input video pairs are preprocessed by extracting video frame sequences, padding
frame counts for consistency and cropping frame images to the same resolution. Then,
video region features are extracted. Next, the model calculates the similarity between
different video features. It compares the obtained similarity score with a preset plagiarism
similarity threshold. Finally, the model outputs a result indicating whether the video
contains plagiarized content.

4. Experimental Results and Analysis
4.1. Experimental Environment and Dataset

Firstly, let us introduce the data used in this study. The video datasets used for training
and evaluation are listed in Table 1. The video content in the datasets simulates real-life
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video edits involving copyright issues such as video clipping, rotation, image fusion and
color adjustment. Therefore, the content of the retrieval video set is considered a type of
copyright detection dataset. The CC_WEB_VIDEO dataset is used for the near-duplicate
video retrieval task. It contains 24 query video sets and 13,112 related videos. These video
samples were obtained by submitting 24 popular text queries to popular video services
like YouTube. The EVVE dataset is designed for the event video retrieval task. It contains
2375 related videos and 620 query videos. The main retrieval goal is to capture all videos
depicting the event described in the query video. The dataset was collected by using
13 major events as queries provided to YouTube. The VCDB dataset is also sourced from
popular video service platforms like YouTube. It serves as a benchmark dataset for partial
video copy detection. It contains two subsets: the core subset and the distractor subset.
The core subset contains 28 categories with 528 videos, including over 9000 pairs of copied
segments. The distractor subset consists of about 100,000 randomly collected videos used
as background noise.

Table 1. The video datasets used for training and evaluation.

Dataset CC_WEB
VIDEO [28] EVVE [29] VCDB [30] FIVR-200K [31] SVD [32] DnS-100K [16]

Query 24 620 528 100 1206 21,997
Videos 12,790 102,375 100,528 225,960 562,013 115,792

Average
Seconds 151.02 194.67 72.77 113.12 17.33 /

The FIVR-200K dataset is used as a benchmark for Fine-Grained Incident Video Retrieval
(FIVR). It includes 225,960 videos collected based on 4687 events and 100 video queries.
This dataset contains video-level annotation tags involving near-duplicate, duplicate
scene, complementary scene and incident scene. The SVD dataset is used for short-video
duplicate-content retrieval tasks. It includes 562,013 short videos obtained from a large
short-video-sharing platform named Douyin. This dataset includes 1206 query videos,
34,020 tagged video pairs, and 526,787 untagged videos. The average length of the
videos is 17.33 s, and the video content is closer to real-life scenarios. This dataset
DnS-100K comprises 115,792 videos collected similarly to FIVR-200K but with a shorter
time range. FIVR-5K [11] was used as an evaluation dataset to validate model similarity
detection performance. It is a subset of FIVR-200K consisting of 50 query videos and
5000 reference videos, divided into three subtasks: DSVR, CSVR, ISVR.

All video feature sequences are truncated to a maximum length of 300 frames. Addition-
ally, they are truncated to a minimum length of 5 frames. All frames within the same batch are
aligned to the longest video frame count, with zero-padding applied to shorter sequences to
ensure consistency in capturing temporal structure within the similarity matrix. The backbone
feature extraction network is ResNet50. The parameter settings for the experiment are shown
in Table 2. The specific experimental environment configuration is shown in Table 3.

Table 2. Experimental configuration parameters.

Parameter Symbol Parameter Values

Batch Size B 32
Frame Size H/W 224

Frame Number N 300
Learning Rate learning rate 0.0001

Optimizer optimizer Adam
Weight Decay decay 0.0001
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Table 2. Cont.

Parameter Symbol Parameter Values

Loss Function Parameters γ 1
Loss Function Weight r 0.1

Data Augmentation Parameters β 0.5
Similarity Threshold θ 0.5

Training Rounds epoch 300

Table 3. Experimental environment configuration.

Configuration Parameter

Kernel Ubuntu 5.15.0-52-generic

Processor 12th Gen Intel(R) Core(TM) i9-12900KF (Intel,
Santa Clara, CA, USA)

Memory 32 GB

Graphics Card NVIDIA A6000 48 GB (NVIDIA, Santa Clara,
CA, USA)

Development Platform Miniconda3
Programming Language Python 3.10

Deep Learning Framework PyTorch 1.13.1

4.2. Analysis for Training and Similarity Calculation

Figure 5 illustrates the loss function curve on the training dataset DnS-100K and the
mAP curve for Duplicate Scene Video Retrieval (DSVR) task on the FIVR-5K validation
dataset. As training progresses, the model gradually learns better feature representations.
This process leads to a gradual decrease in the loss function. The loss function exhibits
fluctuations, but overall, it shows a decreasing trend. After a certain number of training
iterations, the loss function stabilizes. This indicates that further training may result in only
marginal improvements. If the loss function continues to decrease on the training set but
accuracy on the validation set starts to decline, it may indicate overfitting. However, no
such phenomenon is observed in the curve, indicating that the model fits well to the video
feature and achieves good convergence. Once the model reaches a certain level of training,
accuracy stabilizes at a relatively high level. This indicates that the model fits well with
new data for accurate computation.

Figure 5. Training loss and mAP of validation sets.

Figure 6 illustrates the similarity matrices, aggregating frame-to-frame similarity
graphs of query videos using coordinate attention mechanism. Figure 6a shows the heatmap
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of frame-to-frame similarity before convolution. A total of 64 frames form a 64 × 64
similarity matrix. Higher scores are indicated by redder colors. This suggests higher
content similarity between the corresponding frames. The entire matrix exhibits a red
diagonal representing matching content. There are also areas with lower similarity values
around it. They influence the final score. After convolution, the size of the similarity matrix
is reduced to one-fourth of its original size. This reduction forms a new heatmap Figure 6b.
Through convolution, areas with lower similarity values are filtered out. These areas are
represented by deeper blue colors. This process concentrates more similarity calculations
along the diagonal. This enhances the accuracy in similarity computation. It focuses more
on similar content.

 

Figure 6. Visualization of similarity plots between frames. Subfigures (a,b) indicate heatmaps of
frame-to-frame similarity before and after convolution.

4.3. Comparative Experiment

The mAP values are compared as shown in Table 4. For the DML model, its aggrega-
tion of video features into a single feature vector loses a substantial amount of fine-grained
feature information. It exhibits relatively lower accuracy performance on the three metrics
of the FIVR-5K dataset. Similarly, the TCAc, TCAv and DnSc models, which use video-level
features, employ Transformer models based on long sequence modeling networks to fuse
feature vectors of video frames. They consider the temporal information from video frames.
These models achieve significantly better detection results than the DML model. This
validates the effectiveness of using Transformer networks for handling long sequence tasks
like short video analysis. The SRA model performs relatively well across the three tasks. It
integrates video retrieval and duplicate fragment localization methods. All tasks achieve
results above 0.7. Compared to the aforementioned models, the TCA f and ViSiL f methods
use features of video frame images. They also use local features of frame image regions to
compute similarity. These methods effectively consider the temporal variations in videos.
They also consider the fine-grained features of various image regions. As a result, they
further improve detection accuracy. They achieve a performance gain of over 10 percentage
points. These results on the dataset fully illustrate that calculating similarity based on video
frame-level features can better detect similar content between videos.

The proposed model in this paper utilizes frame region features as video representa-
tions. It achieves detection results of 0.889, 0.878, and 0.801. The DnS f involves distillation
training on the ViSiLv. The S2VS employs self-supervised learning. Compared to meth-
ods like TCAv and DnSc that require feature aggregation as input to Transformers, the
proposed method can directly use region features as input, combining self-attention and
cross-attention for feature enhancement, and extracting global spatiotemporal features to
supervise model training. It increases training flexibility.
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Table 4. Comparative results of different models on multiple datasets using mAP metric. The best
and the second best values are represented in bold and underlined. For the detection of short videos,
the proposed method has the best performance.

Method
FIVR-5K CC WEB

VIDEO
EVVE SVD

DSVR CSVR ISVR

DML [14] 0.391 0.399 0.380 0.979 0.531 0.785
TCAc [18] 0.609 0.617 0.578 0.983 0.598 /
DnSc [16] 0.634 0.647 0.608 0.980 0.636 0.868
SRA [12] 0.700 0.719 0.705 / / /
S2VS [17] 0.881 0.875 0.786 0.996 0.659 0.892
TCAv [18] 0.726 0.735 0.701 / / /
TCA f [18] 0.844 0.834 0.763 0.994 0.603 /
DnS f [16] 0.891 0.880 0.802 0.995 0.651 0.902

ViSiL f [11] 0.856 0.848 0.768 0.993 0.589 0.878
ViSiLv [11] 0.880 0.869 0.777 0.996 0.658 0.881

Ours 0.889 0.878 0.801 0.995 0.656 0.907

For the CC_WEB_VIDEO dataset, our method achieves similar results as previous
methods. For the EVVE and SVD datasets, the detection results are 0.656 and 0.907. The
proposed method achieves the best detection result on the real-life short video dataset,
demonstrating the effectiveness and generalizability in detecting similarity in videos. This
lays the foundation for subsequent video copyright detection with threshold integration.
The following sections will verify the necessity and roles of each module used in our
method through various ablation experiments.

4.4. Ablation Experiment

The proposed model can be divided into four parts: feature extraction, linear Trans-
former feature enhancement, similarity computation and loss function design. The feature
extraction module, combined with data augmentation and CNN-based similarity aggrega-
tion using four-layer convolutions, along with the triplet loss function Ltrp and similarity
penalty loss function Llim. The feature enhancement module based on attention mecha-
nism, temporal information encoding for video frames, global feature supervision loss
Lglob, similarity label loss Lreg, and group convolution CANN with coordinate attention
mechanism and residual connections are used as the ablation targets. The DSVR from
the FIVR-5K dataset is used as a validation dataset, with mAP as the evaluation metric.
Ablation results are obtained by adding or removing corresponding modules, as detailed
in Table 5.

Table 5. Ablation experiment results on different modules.

Ablation Object
√

Represents Usage

Backbone
√ √ √ √ √ √ √

FT
√ √ √ √ √

TE
√ √ √ √

CANN
√ √ √ √

GF
√ √

SM
√

DSVR 0.765 0.778 0.789 0.771 0.799 0.808 0.889

For the base backbone network, the lack of curated triplet training video pairs with
distinct discriminative features led to a predictably low evaluation score of 0.765. Then,
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feature enhancement transformations (FT) combined with temporal positional encoding
(TE) was used, and score improvements of 0.013 and 0.024 were achieved. Incorporating
coordinate attention mechanism into similarity convolution aggregation resulted in a
performance improvement of 0.006, indicating that introducing residual connections and
attention can aggregate similarity values to some extent while enhancing robustness. The
linear Transformer combines self-attention and cross-attention mechanisms. It facilitates
interactive information exchange among video features. This enhancement improved the
model, enabling it to distinguish similar content videos by 0.034. Finally, integrating global
feature (GF) and region similarity measurement (SM) significantly improved accuracy,
achieving the highest detection effect of 0.889. Supervised training through weak labels
for global features yielded a precision improvement of 0.009, validating the effectiveness
of global feature extraction supervision. Using the similarity measurement resulted in a
noticeable improvement of 0.081 in accuracy.

We further verified the authenticity of the accuracy improvement brought by the loss
functions, as shown in Table 6. The basic backbone network and other module parameters
remained unchanged. The similarity values were trained by triplet method. The triplet
method carries supervised information. Its purpose is to distinguish positive and negative
sample pairs. This allows the model to optimize training with supervised information
from another perspective. Higher detection accuracy was achieved in the final detection
result. The design of loss function focuses on learning similarity among regional features
of videos.

Table 6. Ablation experiment results on different loss functions.

Ablation Object
√

Represents Usage

Llim
√ √ √ √

Ltrp
√ √ √

Lglob
√ √ √

Lreg
√ √

DSVR 0.799 0.808 0.889 0.861

4.5. Video Copyright Detection Experiment

The proposed model uses a similarity threshold for copyright comparison judgments.
Scores above the threshold indicate videos containing plagiarized content, while scores
below indicate non-plagiarized content. F1-score and accuracy (Acc) are used as key metrics
to comprehensively assess the effectiveness of the detection performance.

The datasets were used to simulate plagiarism using various methods, including
geometric transformations like rotation and scaling of video frame images, content overlays,
video acceleration, and varying video storage formats. For the CC_WEB_VIDEO and VCDB
datasets, this study selects videos closest in category and annotation as original detection
videos and considers related videos as replicated content videos, with unrelated videos
as non-replicated videos. The FIVR dataset uses ISVR annotations of each query video as
indices for replicated videos. EVVE and SVD datasets categorize positive sample videos as
replicated videos based on video annotations. Due to different distributions of duplicate
content across datasets, an empirical similarity detection threshold θ = 0.5 is set. The
results of copyright detection are shown in Table 7.

The proposed model exhibits outstanding performance for the CC_WEB_VIDEO
dataset. It achieves a precision of 0.879. The recall and F1 score are both above 0.86.
Additionally, the accuracy is 0.931. This indicates the proposed model can efficiently
distinguish between plagiarized and non-plagiarized videos. For the FIVR and EVVE
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datasets, the performance has decreased a little. For the SVD and VCDB datasets, the
proposed model shows stable performance.

Table 7. Copyright detection results on multiple datasets using precision, recall, F1 and accuracy. The
best and the second best values are represented in bold and underlined.

Dataset Precision Recall F1 Acc

CC WEB 0.879 0.861 0.875 0.931
FIVR 0.710 0.728 0.718 0.774
EVVE 0.582 0.724 0.652 0.729
SVD 0.765 0.890 0.824 0.889

VCDB 0.751 0.816 0.781 0.847

Average 0.737 0.804 0.770 0.834

5. Conclusions
This study proposes a video copyright detection method with region-based feature

learning, which computes similarity between videos to determine the presence of copyright
infringement. It outperforms frame-level and video-level features in achieving higher
detection accuracy. The linear Transformer encoder integrates cross and self-attention
mechanisms. This integration enhances feature representation capabilities. The global
features effectively supervise model training using global spatio-temporal information.
This yields significant improvements in detection performance. By employing Chamfer
similarity calculation and aggregating video similarity graphs, we can achieve robust video
similarity calculation. Comparative results show that the proposed method achieves the
best mAP detection accuracy of 0.907 on the short video dataset SVD. This indicates that
the proposed method has certain advantages in detecting real-life short video similarity.
Furthermore, combining copyright detection experiments with threshold discrimination,
it achieves an average detection precision of 0.737, recall rate of 0.804, F1 value of 0.77,
and accuracy of 0.834. Experimental results in video copyright detection demonstrate the
effectiveness across multiple datasets in detecting plagiarized videos, affirming its utility
and efficacy for practical environment.
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