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Three-Dimensional Attention-Based Deep Ranking
Model for Video Highlight Detection
Yifan Jiao, Zhetao Li , Member, IEEE, Shucheng Huang, Xiaoshan Yang, Bin Liu,
and Tianzhu Zhang , Member, IEEE

Abstract—The video highlight detection task is to localize key
elements (moments of user’s major or special interest) in a video.
Most of existing highlight detection approaches extract features
from the video segment as a whole without considering the
difference of local features both temporally and spatially. Due to
the complexity of video content, this kind of mixed features will
impact the final highlight prediction. In temporal extent, not all
frames are worth watching because some of them only contain the
background of the environment without human or other moving
objects. In spatial extent, it is similar that not all regions in each
frame are highlights especially when there are lots of clutters in
the background. To solve the above problem, we propose a novel
three-dimensional (3-D) (spatial+temporal) attention model that
can automatically localize the key elements in a video without any
extra supervised annotations. Specifically, the proposed attention
model produces attention weights of local regions along both the
spatial and temporal dimensions of the video segment. The regions
of key elements in the video will be strengthened with large weights.
Thus, the more effective feature of the video segment is obtained to
predict the highlight score. The proposed 3-D attention scheme can
be easily integrated into a conventional end-to-end deep ranking
model that aims to learn a deep neural network to compute the
highlight score of each video segment. Extensive experimental
results on the YouTube and SumMe datasets demonstrate that the
proposed approach achieves significant improvement over stateof-the-art methods. With the proposed 3-D attention model, video
highlights can be accurately retrieved in spatial and temporal
dimensions without human supervision in several domains, such
as gymnastics, parkour, skating, skiing, surfing, and dog activities,
on the public datasets.
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I. INTRODUCTION
ITH the enormous growth of wearable devices, social
media websites (e.g., Flickr, YouTube, Facebook, and
Google News) have been rapidly developed in recent years.
On YouTube alone, 6000 minutes of videos are uploaded and
2 million minutes of videos are browsed per minute, which narrows the distance among people and makes them know everything around the world without leaving home. However, most of
the existing videos on the Internet are user-generated. People upload original videos in a variety of time and places for different
purposes, which makes most of the videos vary in length from
a few minutes to a few hours and be full of noise (e.g., severe
camera motion, varied illumination conditions, cluttered background). It is a time-consuming and laborious job to browse, edit
and index these redundant videos. Therefore, highlight detection, which automatically produces the most informative parts
of a full-length video [1]–[12], has been becoming increasingly
important to alleviate this burden.
In recent years, because of its practical value, highlight detection has been extensively studied including two main directions. (1) The rule-based approaches [13]–[22]. This kind of
approach generally utilizes heuristic rules to select a collection of frames. Some of them detect highlight by making full
use of clear shot boundaries [18]–[23]. Other methods take
advantage of the well defined structure of specific videos in
comparison to other egocentric videos [13]–[17]. A long video
can be divided into several components and only a few of them
contain certain well defined highlights, such as the score event
in soccer games and the hit moment in baseball games. Though
the above methods are effective for highlight detection in specific videos (e.g., sports video), they may not generalize well
to generic and unstructured videos. (2) The ranking-based approaches [1], [24]–[26]. This kind of method treats the highlight
detection as scoring each video segment in terms of visual importance and interestingness. The segments with higher scores
will be selected as video highlights. Recently, Sun et al. [1]
propose a ranking SVM model which outperforms the former
approaches. More recently, the landscape of computer vision
has been drastically altered and pushed forward through the
adoption of a fast, scalable, end-to-end learning framework, the
Convolutional Neural Network (CNN), which makes us see a
cornucopia of CNN-based models achieving state-of-the-art re-
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sults in classification, localization, semantic segmentation and
action recognition tasks. Based on the Convolutional Neural
Network, Yao et al. [25] propose a novel deep ranking model
that employs deep learning techniques to learn the relationship between highlight and non-highlight video segments. The
highlights are moments of users major or special interest (i.e.,
highlights) in a video. Here, the relationship of video segments
can characterize the relative preferences of all segments within
a video and benefit video highlight detection.
The critical step of video highlight detection is understanding
the key actors, objects and their interaction in the video segment.
This is difficult because of the large number of semantic categories which exhibit a high inter-class variability. Objects may
be of different sizes, shapes and colors, or only partially visible.
Most of the previous rule-based and ranking-based approaches
extract the feature from the video segment as a whole without
considering the difference of local features both temporally and
spatially. Due to the complexity of the videos, this kind of mixed
features will have an impact on the final highlight prediction.
In temporal extent, not all frames are worth watching because
some of them only contain background without human or other
moving objects. In spatial extent, not all regions in each frame
are useful especially when there are lots of background clutters. Thus the previous methods cannot find the most important
features for highlight prediction.
To solve the above problem, we propose a novel 3D attention model to automatically localize the key elements in a video
without any extra supervised annotations. Specifically, the proposed attention model produces attention weights of local regions along both the spatial and temporal dimensions of the
video segment. The regions of key elements in the video will be
strengthened with large weights. Thus we can obtain more accurate feature representations of the video segment to effectively
predict the highlight score. The proposed 3D attention scheme
can be easily integrated into the conventional deep ranking
model. Our method utilizes a two-stream pairwise end-to-end
neural network, which aims to learn a function that can denote
the highlight score of each video segment for highlight detection. The higher the score, the more highlighted the segment.
Segments with higher scores can be selected as video highlights.
Fig. 1 shows a simple example to describe the core idea of
the proposed highlight detection method. Given a long video
about surfing, it is divided into several short segments and each
of them consists of an equal number of frames. We choose one
of the segments as the input of the proposed method. We can see
that the first three frames all present a man surfing on a surfboard
in the waves, while there is only a surfboard and background in
the fourth frame. Obviously, the regions including the man and
surfboard are more significant than the others. The proposed
attention scheme outputs a 3D attention weight tensor which reflects the importance of regions in all frames. In both spatial and
temporal extents, the lighter the region, the higher the attention
weight of the corresponding region. By combining the attention
weight tensor and the extracted frame features, the local features of the key elements in the surfing video can be strengthened. Thus it is more effective for the following highlight
prediction.
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Fig. 1. The 3D attention based highlight detection. The raw video is divided
into several segments, each of which consists of many frames. The 3D attention
module computes the weights of local regions in a video segment along the spatial and temporal dimensions simultaneously, and helps to obtain more effective
feature representations for accurate highlight detection.

Compared with existing methods, the contributions of this
paper can be concluded as follows.
1) We propose a novel 3D attention scheme to localize the
key elements in a video both spatially and temporally
without any extra supervised annotations.
2) We propose an end-to-end highlight detection framework
by integrating the 3D attention scheme into a deep ranking
model as an attention module.
3) Extensive experimental results demonstrate that the proposed 3D attention-based deep ranking model consistently
and significantly outperforms existing methods.
The rest of the paper is organized as follows: Section II describes the related work. We present the architecture of our
end-to-end deep convolutional neural network, and introduce
the optimization of the proposed model in Section III, while
Section IV describes the procedure and results of experiments.
Finally, conclusion is followed in Section V.
II. RELATED WORK
In this section, we discuss the methods closely related to this
work in terms of highlight detection and attention model for
video analysis [19], [27]–[33].
Highlight Detection: The early video highlight detection
is mainly achieved by using keyframes extracted from raw
videos [34]–[37]. Many methods concentrate on dividing a video
into shots, and then finding a fixed number of keyframes for each
shot. Static key frame methods compute motion stability from
optical flow [38] or global scene color differences [39] to select
the frames as video highlights. Mundur et al. [19] propose a
technique which automatically gathers the frames of interest in
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a video for purposes of highlight detection. In [20], a keyframe
extraction approach is proposed for video highlight detection
based on unsupervised learning. The approach uses shot boundary detection to segment the video into shots, which are then
clustered with the k-means algorithm to obtain the keyframes.
In a semi-automatic method [34], irrelevant video frames are
removed by detecting the main object of interest given a few
user-annotated training frames. In [21], keyframes are determined with the calculation of image entropy of every frame in
HSV color space by considering video characteristics for highlight detection.
Most of the aforementioned methods focus on selecting key
frames or shots and segments independently, ignoring the relationship between them, and treat highlight detection as a binary classification task, where each part of a training video is
labeled as a true highlight or not. Recently, structure-driven approach exploits video structure for highlight detection. Some
special types of videos have well defined rules and structure and
normally exist in the videos, such as the shooting moment in
soccer games, cheering parts from the audience or the “bucket”
event in basketball games. Rui et al. [13] focuses on detecting
highlight using audio-track features alone without relying on
expensive-to-compute video-track features and uses a combination of generic sports features and baseball-specific features to
obtain results. A highlight scene detection function is proposed
by using only audio features and a browsing function is realized
for the recorder that enables completely automatic detection of
sports highlights in [15]. In [16], an advanced highlight analysis
system is presented for sports video browsing, where highlight
evaluation and ranking are concerned besides highlight detection. First, they use replay detection to effectively localize the
highlights. Then, they adopt several significant cues to evaluate the importance degree of the highlights with support vector
regression incorporating with domain-specific knowledge. Finally, the highlights are ranked with descending order according
to the importance value.
Though it is effective for specific kinds of videos, the above
structure-driven techniques may not generalize well to generic,
unstructured videos [40]–[43]. More recently, Gygli et al. [44]
and Potapov et al. [45] treat the highlight detection as scoring
each video segment in terms of visual importance and interestingness, respectively. Then the highlights are produced by
selecting the segments with higher scores. Inspired by them,
the ranking approach appears gradually. Yang et al. [46] propose a new semi-supervised algorithm called ranking with Local Regression and Global Alignment (LRGA) to learn a robust
Laplacian matrix for data ranking. In LRGA, for each data point,
a local linear regression model is used to predict the ranking
scores of its neighboring points. A unified objective function is
then proposed to globally align the local models from all the
data points so that an optimal ranking score can be assigned to
each data point. The scope of highlight detection is expanded to
a broad range of videos in [1], where a latent linear SVM model
is proposed to rank highlight segments ahead of less interesting
parts through supervised learning. Lin et al. propose a contextbased highlight detection method [24] that immediately detects
highlight segments without watching the whole video sequence.

2695

In particular, they develop a joint approach that simultaneously
optimizes the context and highlight models in a unified learning
framework to automatically predict the contexts of each video
segment. In [47], the formulation of video highlight detection
is an unsupervised learning problem that takes advantage of
the abundance of short-form video on the web, and models
video highlight structure through a recurrent auto-encoder with
a shrinking exponential loss function and bidirectional LSTM
cells. Yao et al. employ deep learning techniques to learn the relationship between highlight and non-highlight video segments
with a pairwise deep ranking model by combining the whole information in all regions of each frame spatially and all frames of
each segment temporally [25]. Different from the above methods which ignore the difference of frames in a video segment
and the contributions of regions in each frame, the proposed 3D
attention-based model is able to not only select the key frame,
but also localize the key local regions of the key frame.
Attention Model: The concept of attention model comes from
cognitive psychology. It has been used in natural language processing recently. The temporal attention mechanism is based on
a recently proposed soft-alignment method [48] which is used
successfully in the context of machine translation. A deep recurrent neural network proposed by Ba et al. [49] is trained with
reinforcement learning to attend to the most relevant regions of
the input image. The model is to localize and recognize multiple objects despite being given only class labels during training.
Alexander et al. utilize a local attention-based model which
generates each word of the summary conditioned on the input
sentence and shows great improvement compared with several
baseline methods in [50]. Tim et al. [51] present a qualitative
analysis of attention weights produced by a neural model that
reads two sentences to determine entailment using long shortterm memory units.
There are many applications in the computer vision field as
well. Xu et al. introduce an attention-based model that can
learn to describe the content of images automatically in [52].
A temporal attention mechanism which allows to go beyond
local temporal modeling and learns to select the most relevant
temporal segments given the text-generating RNN is designed
by Yao et al. [53]. These attention based models are all designed
for image or video captioning. To the best of our knowledge, the
proposed method is the first to utilize attention model for video
highlight detection.
III. THE PROPOSED METHOD
In this section, we first show the formulation of the highlight
detection problem, and then introduce the architecture of our
end-to-end deep convolutional neural network including feature
module, attention module and ranking module. Finally, we give
the details of the optimization of the proposed model.
A. Problem Formulation
Suppose we have a set of pairs Q, in which each pair (pi , ni )
consists of a highlight video segment pi and a non-highlight
segment ni . The video segment is comprised of N frames from
a raw video. Our goal is to learn a function f (·) which can
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Fig. 2. The flowchart of the proposed end-to-end 3D attention-based deep ranking neural network including three parts: feature module, attention module and
ranking module. The input is a raw video segment consists of N frames. The function of attention module is to select the important local regions along spatial and
temporal dimensions simultaneously. Then the ranking module predicts the highlight score. By assigning a highlight score to each segment, a highlight curve can
be obtained for the full-length video. Next to each layer is the exact size of the output used in our implementation based on Caffe [54].

transform a video segment to the highlight score. This function
needs to meet the requirement that the score of highlight segment
is higher than the score of the non-highlight segment:
f (pi ) > f (ni ),∀(pi , ni )∈Q

(1)

In this work, the function f (·) is practically a deep neural network which will be illustrated in Section III-B.
To achieve the above goal, we learn the function f (·) by
minimizing the following loss function:

1
LQ (pi , ni ) + λ||Θ||2F
(2)
L=
|Q|
(p i ,n i )∈Q

LQ (pi , ni ) = max(0, 1 − f (pi ) + f (ni )), (pi , ni )∈Q.

(3)

Here, Θ contains all parameters of the function f (·). The λ is
used to control the regularization item. LQ (pi , ni ) denotes the
contrastive constraint for each pair (pi , ni ). |Q| is the number
of pairs.
B. Network Architecture
The deep neural network f (·) introduced in Section III-A
contains three main parts which are feature module, attention
module and ranking module as shown in Fig. 2. The network
can output the highlight score for any input video segment
comprised of N frames. Firstly, the visual feature tensor with

size W × H × C will be extracted by the feature module for
each of the frames in the segment. Then, all the N feature tensors (blue color in Fig. 2) will be input to the attention module
which can produce the N attention weight tensors (red color
in Fig. 2) which have the same size as the feature tensors. By
employing weighted aggregation between the visual feature tensor and attention weight tensor, the more effective C-dimension
visual feature representation (green color in Fig. 2) is obtained.
Finally, the ranking module will output the highlight value. Details of the feature module, the attention module and the ranking
module will be illustrated as follows.
1) Feature Module: This module is comprised of 5 convolution layers and several pooling layers. The exact size of each
layer is also shown in Fig. 2. For the jth convolution layer,
we denote its output as hj = s(wj ∗ hj −1 + bj ), j∈{1, ..., 5}.
Here, ∗ denotes the convolutional operation, wj and bj are
the convolutional kernel and bias. s(·) = max(0, ·) denotes
the non-saturating nonlinearity activation function which is
also used as the rectified linear units (ReLU) in [55]. We use
a ∈ RW ×H ×C ×N to denote the final output of the feature module for all N frames in the input video segment.
2) Attention Module: This is the core module of our network which is a new and complicated 3D attention scheme we
designed. As we all know, given a raw video, not all regions in
each frame are useful for highlight detection in spatial extent
especially when there are lots of clutters in the background.
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It is similar in a temporal extent that not all frames are worth
watching because some frames just contain background of the
environment without humans or other moving objects. Considering the aforementioned circumstance, the attention module
aims to learn an attention function which can output positive
attention weights of local regions along both the spatial and
temporal dimensions of the video segment simultaneously.
This module mainly consists of two reshape layers, one fully
connected layer, one copy layer and one aggregation layer which
will be illustrated as follows.
r Reshape1: The output feature of the feature module is denoted as a ∈ RW ×H ×C ×N which contains the C feature
maps with size W × H for each of the N frames in the
video segment. Since the convolution layer retains the spatial information of the raw input frames and the feature map
is always much smaller than the frame image, each element
in the feature map corresponds to a specific local region
in the original frame. All frame images can be implicitly
divided into W × H regions and each of them corresponds
to a specific C-dimensional feature vector in a. We can decide whether a local region in the video frames is important
for the highlight detection according to the corresponding
C-dimensional visual feature.
To compute the attention weight based on the Cdimensional visual feature, we first need to transform the
feature tensor a into a matrix so that the following computing of the attention weight can be easily carried out.
Reshape1 layer is used to change the size of the feature
tensor a from W × H × C × N to C × W × H × N first
and then to a matrix R ∈ RC ×(W H N ) . More explicitly,
we also can rewrite the matrix R as the following column
vectors:
R = [r 1 , ..., r 2 , ..., r W H N ], r i ∈RC
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W × H × C × N by making C copies of the weight for
each of the W H local regions. This means that, for each of
the frames in the video segment, the attention weight tensor
is comprised of C identical attention weight matrices of
the size W × H.
r Aggregation: After obtaining the attention weight α of the
video segment, we adopt the Aggregation layer to compute the C-dimensional output feature z of the attention
module as
zk =

N 
H 
W


aij k l αij k l , k = 1, ..., C

(6)

l=1 j =1 i=1


The two inner
operations
are the weighted aggregation

spatially and the outer is the weighted aggregation temporally. It is worth noting that we also
compute the output
of the attention module
by
replacing
in (6) with max.

In the experiment,
operation is simply implemented by
average pooling while the max operation is implemented
by max-pooling.
Through the attention weight α, the more important local
regions in the video segment for highlight detection will be paid
more attentions in the following ranking module.
3) Ranking Module: This module mainly consists of three
fully connected layers (denoted by F with the number of neurons) which are F256 − F100 − F1. For the kth fully connected layer, we denote the output as hk = s(wk hk −1 + bk ),
k∈{1, ..., 3}. Here, wk and bk are the weight matrix and bias,
respectively. For the activation function, the same rectified linear
units s(·) = max(0, ·) as in the convolution layer of the feature
module is adopted. The final output of the ranking module will
be taken as the highlight score.

(4)

r Fully Connected: This layer in the attention module is C. Optimization
designed to compute the attention weights of local regions
along both the spatial and temporal dimensions of the video
segment simultaneously. We denote the output of the Fully
Connected layer as a vector α ∈ RH W N which can be
computed as follows.
α = σ(w
α R + bα )
C

(5)

Here, wα ∈ R and bα are the weight matrix and bias.
R denotes the output from Reshape1 layer. σ(·) is the
sigmoid function which is used to control the value of
attention weight ranging from 0 to 1.
r Reshape2: In the Reshape1 layer, we transform the feature tensor a of the video segment into the matrix R for
the convenience of computing attention weight. Here, to
match the attention weight vector α with a spatially and
temporally, we transform it back into a tensor with size
W × H × N.
r Copy: In the previous Reshape2 layer, the attention weight
α is transformed into a tensor with size W × H × N which
is still different from the size of the feature a. In order to
make them exactly the same, we adopt the Copy layer
which transformations the size of α from W × H × N to

In the training phase, the inputs are a set of highlight and
non-highlight segment pairs. The two segments in each pair
are fed respectively into two sides of the siamese network with
shared architecture and parameters shown in Fig. 3. The loss
function restricts the relative relationship between highlight and
non-highlight segments. In the test phase, the single network
with the learned parameters is used to predict the ranking score
of each video segment.
We use stochastic gradient descent method [56] to train the
parameters of feature module, attention module and ranking
module by minimizing the ranking loss in (2). The kernels in the
convolution layers and the weights in the fully connected layers
are updated through the forward and backward propagations.
In the forward propagation of the training phase, two types
of segments of highlight and non-highlight are fed into two
sides of the siamese network respectively. Different outputs
of the two segments in each layer are computed by the same
operation. In the backward propagation, the partial gradients of
the loss function in (2) are firstly computed. Then the errors
will be propagated backward to the remaining layers, and the
parameters in each layer will be updated. Though the errors will
be propagated backward in two sides separately, the changes of
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Fig. 3. The flowchart of the proposed 3D attention-based highlight detection method. In the training phase, the input is a set of highlight and non-highlight
segment pairs. They are fed into a two-stream siamese network with shared architecture and parameters. The loss function restricts the relative relationship between
highlight and non-highlight segments. Next to each layer is the exact size of the output used in our implementation based on Caffe [54]

the parameters in each layer will be accumulated from all input
pairs and made synchronized for the two sides.
Partial gradients in the relative loss function: If we denote
sign(·) as a binary sign function, the partial gradients of the loss
function in (2) with regard to f (·) can be computed as:
1
∂L
=−
sign (1 − f (pi ) + f (ni )), ∀(pi , ni )∈Q (7)
∂f (pi )
|Q|
∂L
1
=
sign (1 − f (pi ) + f (ni )), ∀(pi , ni )∈Q
∂f (ni )
|Q|

(8)

Partial gradients in the fully connected layer: For simplicity,
we denote f (·) = hM (·) = s(WM hM −1 (·) + bM ) as the output
of the last fully connected layer. The partial gradients of the loss
function in (2) with regard to the weights WM of the M th fully
connected layer can be computed as:
∂L
=
∂WM




(p i ,n i )∈Q

∂L(pi ) ∂L(ni )
+
∂WM
∂WM


+ λWM

(9)


(p i ,n i )∈Q



∂L(pi ) ∂L(ni )
+
∂bM
∂bM

∂L(pi )
∂L(pi ) ∂f (pi )
=
∂WM
∂f (pi ) ∂WM
= −

1
∂f (pi )
sign(1 − f (pi ) + f (ni ))
|Q|
∂WM

(11)

∂L(ni )
∂L(ni ) ∂f (ni )
=
∂WM
∂f (ni ) ∂WM
=

1
∂f (ni )
sign(1 − f (pi ) + f (ni ))
|Q|
∂WM

(12)

Here, the partial gradients of f (·) are computed as
∂f (·)
= s (WM hM −1 (·) + bM )(hM −1 (·))T
∂WM

(13)

Similarly, the contributions to the gradients with regard to bM
of segments pi and ni are ∂ ∂Lb(pM i ) and ∂ ∂Lb(nM i ) .
∂L(pi )
∂L(pi ) ∂f (pi )
=
∂bM
∂f (pi ) ∂bM

The partial gradients with regard to the bias is:
∂L
=
∂bM

denotes the contribution of segment ni .



=−
(10)

Here, ∂∂LW(pMi ) denotes the contribution of segment pi to the partial

gradients of the whole loss with regard to WM , and

∂ L (n i )
∂WM

1
∂f (pi )
sign(1 − f (pi ) + f (ni ))
|Q|
∂bM

(14)

∂L(ni )
∂L(ni ) ∂f (ni )
=
∂bM
∂f (ni ) ∂bM
=

1
∂f (ni )
sign(1 − f (pi ) + f (ni ))
|Q|
∂bM

(15)
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scale: 1-highlight; -1-non-highlight. On this dataset, we define
25 tasks for training and test. In each of these tasks, we use 24
videos for training while the remaining ones for the test.
B. Baselines

Fig. 4. Some representative frames selected from two public datasets:
(a) YouTube dataset. (b) SumMe dataset.

Here, the partial gradients of f (·) are computed as
∂f (·)
= s (WM hM −1 (·) + bM )
∂bM

(16)

IV. EXPERIMENTS
In this section, we evaluate the performance of the proposed
3D attention-based deep ranking model against several state-ofthe-art methods on two public datasets [1], [57].
A. Dataset
We evaluate the proposed algorithm on two public datasets in
which some representative frames are shown in Fig. 4. Details
of these two datasets are illustrated as follows.
YouTube dataset [1]: This dataset contains six normal activities: “gymnastics”, “parkour”, “skating”, “skiing”, “surfing”
and “dog”. Except “skiing” and “surfing” which include near 90
videos, for each domain, there are about 50 videos with various
durations. The total time is about 1430 minutes, which is similar
to the state-of-the-art large scale action recognition dataset [58].
This dataset is divided into training and test sets, and each of
them covers the half of the videos. A raw video contains several
segments and each segment is annotated on a three point ordinal scale: 1-highlight; 0-normal; -1-non-highlight. At the same
time, each segment includes approximately 100 frames.
SumMe dataset [57]: This dataset consists of 25 videos with
different events (e.g., Air Force One, Base jumping, Bike Polo
and Cooking) and each of the videos is annotated by at least
15 people. These annotators will mark some frames when they
consider them interesting or significant, and the rest frames
are viewed as non-highlight one, which means each frame is
marked 15 times and has an evaluation score (e.g., If 6 annotators
think the frame important, its score is 0.4.). We define that each
segment contains 50 frames and it is considered to be a highlight
segment only if the average evaluation score is more than 0.4 (It
can also be understood as that the segment is marked by at least
6 annotators on average). Not like the aforementioned YouTube
dataset, each segment is annotated on only two-point ordinal

We compare three variants of our method with three state-ofthe-art baseline methods:
1) LR, which is short for latent ranking [1]. This is a latent linear ranking SVM model which is trained with the
harvested noisy data by introducing latent variables to accommodate variation of highlight selection. They use the
EM-like self-paced model selection procedure to train the
model effectively.
2) DCNN-A, which stands for deep convolution neural network model [25]. This method uses a convolutional network to extract features and detect highlight by a ranking
network. The extractor produces N vectors of a video
segment consisting of N frames, each of which is a Ddimensional representation corresponding to one frame.
For comparison, we use the average-pooling for the CNN
feature representation before feeding into the ranking network with dimension from D × N to D × 1 similar to
the Aggregation layer in the attention module described
in Section III-B.
3) DCNN-M, which is short for deep convolution neural
network model [25]. The max-pooling operation similar to
the Aggregation layer in the attention module described in
Section III-B is applied to the features of a video segment.
4) Att-F-A is our method with a fully connected layer to
learn the 3D attention weights and average-pooling operation for the features of a video segment both spatially
and temporally in the attention module as described in
Section III-B.
5) Att-C-M is our method with a convolution layer which
just replaces the fully connected layer in the attention
module described in Section III-B and shown in Fig. 2
to learn the 3D attention weights and max-pooling operation for the features of a video segment both spatially
and temporally in the attention module as described in
Section III-B.
6) Att-F-M is our method with a fully connected layer to
learn the 3D attention weights and max-pooling operation for the features of a video segment both spatially
and temporally in the attention module as described in
Section III-B.
The DCNN-A and DCNN-M methods are almost the same
except the pooling operation before feeding into the ranking
network. DCNN-A employs the average-pooling for the CNN
feature extracted from the convolutional network while DCNNM utilizes the max-pooling. The difference between Att-F-A
and Att-C-M or Att-F-M is that Att-C-M or Att-F-M utilizes
the max-pooling in the Aggregation layer in the attention module, while Att-F-A employs the average-pooling. In order to
be more compact, two ways including convolution layer (AttC-M) and fully connected layer (Att-F-M) based on the same
algorithm and processing are both implemented to learn the 3D
attention weights in the attention module.
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TABLE I
VIDEO HIGHLIGHT DETECTION COMPARISON ON THE YOUTUBE DATASET [1]
VideoName

LR

DCNN-A

Att-F-A

DCNN-M

Att-C-M

Att-F-M

gymnastics
parkour
skating
skiing
surfing
dog
mAP

0.40
0.61
0.62
0.36
0.61
0.60
0.53

0.75
0.54
0.66
0.60
0.65
0.58
0.63

0.77
0.56
0.68
0.62
0.67
0.61
0.65

0.52
0.71
0.64
0.61
0.73
0.69
0.65

0.55
0.75
0.66
0.65
0.77
0.68
0.67

0.56
0.75
0.68
0.64
0.78
0.72
0.68

Note: We show the performance results of our method and several baseline approaches on
a public highlight dataset [1]. Overall, the proposed models show much better performance
than the existing methods.

C. Implementation Details
Feature Representation: We initialize the parameters of
the feature module in the proposed method according to
AlexNet [55], and allow the parameters being fine-tuned. For
each frame in an input video segment, the size of the output by
the feature module is 6 × 6 × 256. By employing a weighted aggregation between the visual feature tensor and attention weight
tensor, the more effective feature representation is obtained for
a video. Note that, the feature extraction strategy in [59] can
also be applied.
Evaluation Metrics: The pairwise accuracy Accv for the vth
video is defined as

[f (pi ) > f (ni )]
Accv =

(p i ,n i )∈Q

|Q|

(17)

Where [·] is the Iverson bracket notation. f (pi ) represents the
final output score of a highlight segment, and f (ni ) is the value
of a non-highlight one. As described in Section III-A, Q is the set
of pairwise constraints for the vth video, and |Q| is the number
of pairs. The accuracy Accv is a normalized value ranging from
0 to 1. The higher the value, the more accurate the detection.
We calculate the average precision of highlight detection for
comparison with baseline methods.
Training Process: Since the data annotation on YouTube
dataset [1] is not completely accurate in some videos, which
means the segment annotated as highlight may be not correct in
fact, it is a weak supervision dataset. We select a set of latent best
highlighted segments iteratively using the EM-like approach as
described in [1] to train the baseline methods. Since all annotations of videos are accurate on the SumMe dataset [57], we use
the normal training method.
D. Performance Comparison
Youtube dataset: Table I summarizes the overall highlight
detection results for different methods on YouTube dataset [1],
and shows that our proposed approach significantly outperforms
the state-of-the-art methods in all six domains on the public
dataset based on the same evaluation metrics. In particular, the
precision of “parkour” and “surfing” can achieve 0.75 and 0.78,
which makes the considerable improvement over the compared
methods, as they do not consider the region information in a

TABLE II
VIDEO HIGHLIGHT DETECTION COMPARISON ON THE SUMME DATASET [57]
VideoName
Air Force One
Base jumping
Bearpark climbing
Bike Polo
Bus in Rock Tunnel
car over camera
Car railcrossing
Cockpit Landing
Cooking
Eiffel Tower
Excavators river crossing
Fire Domino
Jumps
Kids playing in leaves
Notre Dame
Paintball
paluma jump
playing ball
Playing on water slide
Saving dolphines
Scuba
St Maarten Landing
Statue of Liberty
Uncut Evening Flight
Valparaiso Downhill
mAP

DCNN-A Att-F-A DCNN-M Att-C-M Att-F-M
0.68
0.64
0.73
0.59
0.57
0.55
0.54
0.51
0.37
0.28
0.65
0.67
0.32
0.30
0.68
0.63
0.49
0.52
0.01
0.46
0.75
0.78
0.65
0.49
0.40
0.53

0.66
0.67
0.86
0.60
0.44
0.67
0.64
0.62
0.51
0.21
0.6
0.43
0.58
0.40
0.79
0.64
0.49
0.64
0.04
0.5
0.84
0.83
0.20
0.50
0.60
0.56

0.74
0.68
0.36
0.65
0.47
0.86
0.30
0.60
0.47
0.48
0.50
0.68
0.45
0.36
0.46
0.82
0.50
0.65
0.77
0.12
0.72
0.87
0.23
0.68
0.87
0.57

0.66
0.68
0.63
0.70
0.71
0.95
0.41
0.73
0.40
0.54
0.54
0.61
0.49
0.10
0.45
0.71
0.66
0.60
0.83
0.12
0.93
0.82
0.28
0.81
0.90
0.61

0.67
0.68
0.68
0.70
0.65
0.95
0.40
0.74
0.38
0.54
0.55
0.69
0.50
0.12
0.47
0.72
0.66
0.60
0.91
0.12
0.95
0.82
0.26
0.83
0.94
0.62

Note: We show the performance results of our method and several baseline approaches on
SumMe dataset [57]. Overall, the proposed models show better performance.

frame spatially and the importance of each frame temporally.
Instead, our approach outputs the 3D attention weights to find
the important regions and frames, which helps us obtain more
accurate feature representation of videos for effective highlight
detection. On average, the mean average precision of our 3D
attention-based model with Att-F-M can achieve 0.68, which
makes the improvement over LR, DCNN-A and DCNN-M by
15%, 5% and 3% respectively.
In general, the result of max-pooling (DCNN-M, Att-C-M,
Att-F-M) is better than that of average-pooling (DCNN-A, AttF-A) in Table I. The main reason may be that, compared with
the average-pooling, the max-pooling is more likely to retain
the feature of the most important local regions. This conclusion
is also suitable for the average-pooling and max-pooling based
methods on the SumMe dataset.
SumMe dataset: Table II shows the evaluation results on the
SumMe dataset. We only compare with Yao et al. [25] because
that the source code is not provided in paper [1], and it is clear
that the results of Yao’s and ours are much better than that of
Sun’s [1] in the aforementioned experiment. Table II shows the
performance of all 25 videos with cross validation. It is easy to
see that our proposed method outperforms [25] in most videos
especially in Bearpark climbing, Bus in Rock Tunnel, paluma
jump, Scuba and Uncut Evening Flight. On average, the mean
average precisions of our Att-C-M and Att-F-M are about 0.61
and 0.62, which makes the improvement over DCNN-M by 4%
and 5%.
From Tables I and II, the performance of 3D attention-based
model with convolution layer (Att-C-M) to learn attention
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Fig. 5. Attention scores of each region of a frame in different video domains in [1]. We sample 8 frames from each raw video segment, and draw the heat map
of attention weight in detail. The lighter the color, the bigger the weight. In particular, the regions that white color corresponds to are the most significant ones for
highlight detection.

weights is almost the same as that of the model with fully
connected layer (Att-F-M). In the convolution layer, 256 parameters are learned to obtain attention weights of each frame
by 256 filters whose kernel size is 1 × 1. Meanwhile, the 256 parameters are learned as well in the fully connected layer. We use
the same C-dimensional feature vector of each region to learn
3D attention weight, which is the reason why they have the similar performance. In general, the result will be completely the
same between networks made up of convolution layer and fully
connected layer under enough iterations. However, the number of iterations which is just about 80,000 may be a little less
in this experiment. Thus, the performance of our proposed 3D
attention-based model with fully connected layer (Att-F-M) is

a bit better than that of the model with the convolution layer
(Att-C-M).
E. Visualization
Fig. 5 shows several raw frames sampled in a segment and
the corresponding heat maps of attention weight from YouTube
dataset. The lighter the color, the bigger the weight. Therefore,
the white regions in the heat map reflect that the corresponding
regions in video frame contribute more for highlight detection
than other regions. For instance, in the first eight frames selected
from a segment of the parkour domain in Fig. 5, the boy is ready
to run and another man is looking at him in the first frame, so
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Fig. 6. Attention scores of each region of a frame in different video domains in [57]. We sample 8 frames from raw video segments, and draw the heat map of
attention weight in detail. The lighter the color, the bigger the weight. In particular, the regions that white color corresponds to are the most significant ones for
highlight detection.

the two white square regions in first heat map approximately
describe the location of them, which means these regions are
more important for highlight detection. When he runs approach
to the tree, the white regions are moving as well in the second
frame. He is jumping in the third frame, the white regions are
also changing according to the location of the boy. It is similar for
the rest five frames that the white regions corresponding to the
boy’s movement are important for highlight detection spatially.
The lightness of the eight heat maps are nearly the same, which
means they are all important frames in this segment temporally.

The heat maps of the first and second frames in the third group
are lighter than the rest, which means they are more important
than the other frames in the segment for highlight detection.
Fig. 6 shows several raw frames sampled in a segment and the
corresponding heat maps of attention weight from the SumMe
dataset. Compared with other video types, such as personal life
videos, sports videos have well defined structure and rules. For
instance, common highlights are the score event in soccer games,
and the “bucket” event in basketball games. There are a lot of
sports videos in YouTube dataset whose highlight can be easily
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approaches on two public datasets. In the future, we would like to
develop a highlight-driven video summarization system based
on our proposed 3D attention-based model, and will explore
more comprehensive attention scheme to incorporate other useful information. We also consider trying to use cross-media
model for video analysis [60].
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