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ABSTRACT

Video summarization is a challenging task that will automati-
cally generate a representative and attractive highlight movie
from the source video. Previous works explicitly exploit the
hierarchical structure of video to train a summarizer. However,
their method sometimes uses fixed-length segmentation, which
breaks the video structure or requires additional training data
to train the segmentation model. In this paper, we propose an
Anchor-Based Attention RNN (ABA-RNN) for solving the
video summarization problem. ABA-RNN provides two con-
tributions. One is that we attain the frame-level and clip-level
features by the anchor-based approach, and the model only
needs one layer of RNN by introducing subtraction manner
used in minus-LSTM. We also use multi-head attention to let
the model select suitable lengths of segments. Another contri-
bution is that we do not need any extra video preprocessing
to determine shot boundaries and our architecture is end-to-
end training. In experiments, we follow the standard datasets
SumMe and TVSum and achieve competitive performance
against the state-of-the-art results.

Index Terms— Video summarization, multi-head atten-
tion, anchors, deep learning

1. INTRODUCTION

In recent years, video data are increasing dramatically due to
the popularity of video-sharing platforms and video-capturing
equipment. Due to this reason, efficiently processing consider-
able daily videos becomes significant. Video summarization
is one of the approaches to achieve this goal by retrieving the
shorter edited video without losing important information.
Based on the continuous breakthroughs in deep learning
research as well as the improvement of computational power,
deep learning also has great success in video summarization.
Zhang et al. use Bidirectional Long Short Term Memory (bi-
LSTM), which can capture temporal information, to process
the video sequences [1]. Mahasseni et al. combine Varia-
tional Autoencoders (VAE, [2]) and Generative Adversarial
Networks (GAN, [3]) to learn robust summaries [4]. VAE
learns to encode the video to a representative summary. GAN
enhances the representativeness of the summary by introducing
a discriminator, which tries to distinguish the whole video and
the summary. [5] produces summaries that can maximize the
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Fig. 1: Illustration of our anchors and attention mechanism.
There are multiple anchors with different lengths, and the input
frames use the attention mechanism to select the anchors with
suitable lengths.

designed diversity-representativeness reward by reinforcement
learning.

It’s well known that a video is composed of several shots',
and a shot is composed of consecutive frames and [6, 7] lever-
age this hierarchical structure to enhance the Recurrent Neural
Network (RNN) models. [6] groups the input to shots every
k frames, and exploits hierarchical RNN as the summarizer.
The first RNN is used to capture the local information within
shots while the second RNN forms a global view by tem-
porally processing the local information. The drawback of
their approach is that the shot is generated by fixed-length
segmentation, so they might not capture the accurate structure
information [7] deals with this issue by using a sliding hierar-
chical RNN to both segments and summarize the video. By
accurately segmenting the shot boundaries, the performance
of their approach is better than previous work. However, one
has to prepare additional data containing shot boundary labels,
which are lacking in most video summarization dataset, to
train the segmentation model.

Some existing works also introduce an attention mecha-
nism to video summarization. The attention mechanism can
assign importance weights to different shots/frames of the in-
put instead of equally treating all the input ones. Therefore,
it provides the inherent relations between the input video se-

I'Shot/Clip/Segment is a sequence of images which contain similar con-
tents, while information between shots/clips/segments should be distinct. We
will alternatively use shot, clip and segment in this paper.



quence and the output. [8] build the attention from the decoder
(summarizer) to the encoder and attained promising results. [9]
leverages multi-head attention maps to enhance performance.

We were inspired by [10] to propose multiple sizes of an-
chors to bound the object. In this work, we form the various
segmentation by multiple anchors with different lengths to
solve fixed-length segmentation issues and the need for ad-
ditional data. Moreover, unlike [10] using post-processing
techniques to suppress non-optimal anchors, in our framework,
each frame in the video will deploy multi-head attention mech-
anisms to attends the important anchors. The main idea is
depicted in Fig. 1. Moreover, since the sequential nature
in RNN, it suffers the speed issue when the input sequence
is long. To ameliorate this, we apply the similar concept of
LSTM-Minus [11] to extract the clip features. In this manner,
we only need one layer RNN and the training and inference
time is reduced.

2. OUR METHOD

2.1. Problem formulation

Given a video containing frames X = (z;)7 (n is the length
of the video), the goal aims to predict the importance score
of each frame, just like the demonstration in Fig. 2. In this
stage, the model should give high scores for those represen-
tative and diverse frames. Afterward, several post-processing
techniques are used, such as the knapsack algorithm, to form
the final summaries whose lengths are less than 15% of which
of original videos.

2.2. Hierarchical Gated Recurrent Unit

RNN can capture the temporal information from inputs, so it
is often used in sequential inputs. In this work, we use Gated
Recurrent Unit (GRU) [12] as our base RNN data since its
good performance on a smaller dataset and memory efficiency.

First, we transform frames to deep features ¢(x;), i =
1, ..., n, by Convolutional Neural Networks (CNN), ¢. Then
we feed the transformed input to bidirectional GRU (bi-GRU)
to extract the temporal information of forward and backward
orders,

hi hi, .. hl = GRU (21, 2y,...,2)

(1)
Ry, RS, ... kY = GRU (21,22, ..., )

And we denote h; = [(h{)T; (h?)T]T as the it" frame
feature. After we have the forward and backward outputs after
(1), we are going to construct the clip features by “feature
subtraction” and ‘““anchors”.

2.3. Simulated clip features by subtraction and anchors

Using Kernel Temporal Segmentation (KTS) and other shot
boundary detection methods such as [6, 7] have some short-

comings. The hyperparameters in KTS are hard to tune and
are usually not the same across different videos. The other two
methods also have their drawbacks, just like what we describe
in the previous part. We use the difference of the hidden state
in GRU to learn the hierarchical structure without explicit shot
segmentation to simulate the clip features.

Inspired by [11], we apply the similar concept of LSTM-
Minus to extract the frame features to obtain clip features and
the illustration is shown in Fig. 2. For the forwarding pass
of the GRU, let the hidden state of the timestep k; and ko
(ko > ki) are h'}; and h'};, we can use h£2 - h'}; to represent
the segment feature between the time step k1 and ko. The
intuition behind this idea is that h£2 (hil) is the accumulated
embedding from time 1 to ko (k7). Therefore, the residual
between h£2 and h£1 are the features from time k; to k9. Note
that we can utilize similar idea to the backwarding pass, but in
reversed order. For brevity, we let Sub(d, k1, k2) to represent
hi —hi , whered € {b,f} and 1 <= ki < ky <= n.
One can combine the forwarding and backwarding segment
features as BiSub(ky, ko) = [Sub(f, k1, k2); Sub(b, k1, k2)]-

More specifically, we define the clip features with length
21 of i*" time step as

&(1) = BiSub(i — 1,i + 1)

o @
Ci(ll)ci(l2)"'ci(lNL)

where [ € S, and it denotes the temporal range of the segment.
Sr, ={l1,la,...,In, } is the set containing N, choices of the
length of the segments, namely, the lengths of anchors. It
means that we use the segment, whose center is at ith frame,
to be one of the clip features candidates for the i*" frame. C;
is the stacked clip features of all possible lengths, and it will
be used in the next part. Then, we are going to construct the
final clip feature of i’ frame c; by all the candidates C;.

Ci =

2.4. Clip-guided attention mechanism

An attention function can be described as mapping a query and
a set of key-value pairs to an output, where the query, keys,
values, and output are all vectors. The output is computed as a
weighted sum of the values, where the weight assigned to each
value is computed by a compatibility function of the query
with the corresponding key.

We apply the attention mechanism to combine the frame
features and clip features. Attention is a function mapping a
query(q) and a set of key-value (k and v) pairs to an output. A
pair of similarities (distances) is first computed as the weight,
and the output is the weighted sum of the values, namely,

Similarity(q, K)

Viq

Attention(q, K, V') = VT x Softmax( )

3)
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Fig. 2: Illustration of our model. Stage-1 is composed of bi-GRU to extract local information. Then, we exploit subtraction to
obtained clip features with different lengths in Stage-2. In the end, each frame selects the clip features with suitable lengths by

attention mechanism.

where ¢ is vector and K, V' are matrices, which forms by
stacking all k£ and v, respectively, and the similarity function
we use is the dot product between query and keys [13], that is
K x q. The scaling factor \/d,, where d, is the dimension of
g, is for preventing the large values of the dot product. Note
that after g, k, v be feeding to the attention module, they are
first transformed by additional linear projected layers. One can
stack multiple attention modules by different linear projected
layers to form so-called “multi-head attention” modules, and
Fig. 3 depicts this idea.

In this work, we set queries are the frame features h;, as
keys and values are both stacked clip features of different
lengths C;. We also employ a residual connection between the
output and queries. Therefore, the output of our clip-guided
attention module is h;+Attention(h;, C;, C;). The “Similarity”
module computes the weights between the frame and all the
candidates while “Attention” outputs the weighted summation
of ¢;(1), and we treat it as the final clip features ¢;. As the
attention mechanism produces the clip features, the residual
connection reserves the frame contents. And we feed the final
output features to the linear classifier and sigmoid function to
predict the probability of the frame being selected, namely,

p(hs, C;) = Sigmoid(linear(h; + Attention(h;, C;, C;)))
“

2.5. Training

We train our model in an end-to-end manner. Let (X, Y)?, is
pairs frames-label data of j"* video, while Y = (y;)}” denotes
whether the frame is keyframe or not. Therefore we can train
our model as a sequential binary classification problem:
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Fig. 3: Multi-attention module. It stacks N attention modules
with different N linear projected layers.
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where n; is the length of the video, N is the total number
of videos and p(h;, C;) is obtained through feeding X into
(1), (2) and (4) sequentially. We name our whole model as
Anchor-Based Attention RNN (ABA-RNN).

3. EXPERIMENTAL RESULTS

3.1. Dataset

Two benchmark datasets, SumMe [14] and TVSum [15] are
mainly used to evaluate our approach. SumMe consists of 25
videos which cover holiday, event and sports. Their lengths
range from about 1 to 6 minutes, and each video has 15 ~
18 frame-level importance scores. Besides, TVSum dataset
contains 50 videos covering 10 different categories (5 videos
per category). The duration of the videos is from 2 to 10



minutes. Apart from these two datasets, we also exploit Open
Video Project (OVP) and Youtube [16], which has 50 and 39
videos, as auxiliary datasets to augment the training data.

3.2. Implementation Detail

For every frame of a video, we use the output of the penulti-
mate layer of GoogLeNet [17] as its representation and use the
representation as the input of GRU, whose dimension of the
hidden state is set as 200. Training is stopped while it reaches
50 epochs, and the learning rate and the parameter of weight
decay are 1072 and 104, respectively. The number of heads
in the multi-head attention module sets to 3.

3.3. Evaluation

Let GG be the generated machine summary, and U be the user
summary. We compute precision (P) and recall (R) against the
user summary, further exploiting F-measure (F) to evaluate
generated summaries. P and R can be computed according to
the temporal overlap between G and U, that is,

_ the overlap of G and U
~ thelengthof G’

_ the overlap of G and U
~ thelength of U

and the F-measure is the harmonic mean of P and R,

_2XPXxR

F = 1
PIR x 100%

Following previous works, we validate our method under
three variants of settings: canonical (C), augmented (A), and
transfer (T). In canonical setting, we use the 5-fold cross-
validation on SumMe and TVSum datasets (80 % of videos
for training and the rest for testing). In augmented settings, we
still use the 5-fold validation, but we utilize additional training
data with OVP and YouTube. In the transfer setting, we are
going to test the transferability of our model. We choose one
of the benchmark datasets (SumMe or TVSum) as a testing set
and use the other three datasets to train the model.

Table 1: Ablation study on different lengths choices. The
experiments are conducted in canonical setting.

| SumMe | TVSum

(1). [1,4,16] 479 60.0
). [1,8,64] 48.1 60.2
3). [4,16,64] | 52.1 60.4

3.4. Results

In this section, we are going to discuss how S, influences our
method. We explore the multiple lengths in Sz, in SumMe and
TVSum. Table 1 is the ablation results when the size of Sy, is
fixed to be three while the different lengths in Sy, capture the
different temporal relationships of a video. We figure out that
S, = [4, 16, 64] got the best results for both datasets. Compar-
ing (1) and (2), we can figure out that long term dependency is

favorable for processing the videos between 1 and 10 minutes.
We also observe that the smallest segment length can be larger
from (1) and (2). Since the hidden states of two close frames
are similar, the subtraction of them is nearly a zero embedding
and becomes useless.

In Table 2, we show that ABA-RNN is comparable with
other state-of-the-art methods. Note that ours does not use an
additional complicate module such as VAE and GAN, and it
might gain improvements by further integrating them into it.
Table 2 also demonstrates the difference between our method
with HRNN and HSA-RNN. The flexibility of anchors, ABA-
RNN outperforms HRNN and is comparable with HSA-RNN,
but without using additional shot-boundary labeled data. As
illustrated in Fig. 4, ABA-RNN can precisely choose the key-
frames in the video #12 in TVSum, even when the target
scores are rugged.

Table 2: Comparison with other methods on the SumMe and
TvSum datasets in three experimental settings. * denotes that
GAN is used to enhance the models.

‘ SumMe ‘ TVSum

Method | C A T | C A T
DPP-LSTM [1] | 38.6 429 418 | 547 59.6 587

GAN;‘Llp [4] 41.7 43.6 - 56.3 61.2 -
DR-DSNy,, [5] | 42.1 439 426 | 58.1 59.8 58.9

HRNN [6] - 41.1 - - 57.7 -

HSA-RNN [18] - 44.1 - - 59.8 -
CSNetg, [19] 48.6 48.7 44.1 | 585 57.1 574
H-MAN* [9] 51.8 525 481 | 604 61.0 595
ABA-RNN ‘ 52.1 493 452 ‘ 60.4 61.0 56.7
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Fig. 4: Qualitative results of video #12 in TVSum. The blue
bars represent the key-frames.

4. CONCLUSIONS

In this paper, we proposed to use anchors to capture multiple
lengths of segment features, and also exploit the multi-head
attention mechanism to let each frame to select the segment
feature with suitable lengths. The experiments demonstrate
that our method is competitive with other methods.
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